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Dear Cognitive Scientists,
Welcome to Madison for the 40th Annual Conference of the Cognitive Science
Society! Our meeting brings together some of the most innovative and exciting
research in cognitive science. The program features exceptional plenary talks
by three leading international experts: Michael Kearns (University of
Pennsylvania), Matthew Botvinick (DeepMind), and Susan Gelman (University of
Michigan). It also includes two invited symposia aimed at showcasing the theme
for this year: Changing Minds.
CogSci 2018 received 947 submissions, including 692 full papers, 212 member
abstracts, 13 publication-based short papers, as well as 16 proposals for a
symposium, 9 for a workshop, and 6 for a tutorial. After a rigorous review process,
we selected 213 papers for oral presentation (23%), 280 papers for poster
presentation (30%), 199 member abstracts for poster presentation, 13
publication-based talks, 12 symposia, 6 workshops, and 4 tutorials.
We hope that you enjoy the program this year and the vibrant city of Madison,
the original 30 (now 77) square miles surrounded by reality. We invite you to take
advantage of this time away from your daily lives to catch up on the latest
developments in the field and to deepen your appreciation of the amazing
research being done in Cognitive Science. We also invite you to consider how
our work may be a force for positive change back in the real world. We hope
you will take us up on these invitations, not just in the conference hall but also at
the Union Terrace, at the Saturday farmer’s market on the square, and at the
many fine eating and drinking establishments nearby.

Your Program Co-Chairs,
Chuck Kalish (University of Wisconsin, Madison),
Marina Rau (University of Wisconsin, Madison),
Jerry Zhu (University of Wisconsin, Madison),
Tim Rogers (University of Wisconsin, Madison)
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the members of last year’s Cogsci conference committee for their helpful
advice and insights; our many Committee Chairs, listed below, who
enthusiastically took care of their various responsibilities; the student volunteers,
listed below, who keep the conference running smoothly on site; and
importantly our conference sponsors, listed below, whose generous support
enabled us to focus more on the program and less on the finances.
We are also thankful for the support of the Cognitive Science community. We
are sure that the suggestions and contributions we received from this
community helped us to make it a more lively, engaging and fun meeting for all.
Enjoy!

- Chuck Kalish, Marina Rau, Jerry Zhu, and Tim Rogers Program Co-Chairs,
Cognitive Science 2018

xliv

Sponsors
The Robert J. Glushko and Pamela Samuelson Foundation
DeepMind Technologies
Greater Madison Convention and Visitors Bureau
Wiley
Cognitive Science Society

Thank you again for your support!

How to Cite Your Paper
APA formatted citation for a 6-page paper:
Author A. & Author B. (2018). This is the title of the paper. In T.T. Rogers, M. Rau, X.
Zhu, & C. W. Kalish (Eds.), Proceedings of the 40th Annual Conference of the
Cognitive Science Society (pp. PAGES). Austin, TX: Cognitive Science Society.

APA formatted citation for a published abstract:
Author A. & Author B. (2018). This is the title of the abstract [Abstract]. In T.T.
Rogers, M. Rau, X. Zhu, & C. W. Kalish (Eds.), Proceedings of the 40th Annual
Conference of the Cognitive Science Society (p. NUMBER). Austin TX: Cognitive
Science Society.

APA formatted citation for a talk/poster presentation:
Author A. & Author B. (2018, July). This is the title of the talk or poster. Paper (or
Poster) presented at the 40th Annual Conference of the Cognitive Science
Society. Madison, Wisconsin, USA.

xlv

Conference Awards
Robert J. Glushko Dissertation Prizes
The Cognitive Science Society and the Glushko-Samuelson Foundation award
up to five outstanding dissertation prizes in cognitive science each year. The
goals of these prizes are to increase the prominence of cognitive science and
encourage students to engage in interdisciplinary efforts to understand minds
and intelligent systems. The hope is that the prizes will recognize and honor
young researchers conducting ground-breaking research in cognitive science.
The eventual goal is to aid in efforts to bridge between the areas of cognitive
science and create theories of general interest to the multiple fields concerned
with scientifically understanding the nature of minds and intelligent systems.
Promoting a unified cognitive science is consistent with the belief that
understanding how minds work will require the synthesis of many different
empirical methods, formal tools, and analytic theories. 2011 was the inaugural
year of this prize, and a new competition is held annually.
The 2018 recipients of the Robert J. Glushko Prizes for Outstanding Doctoral
Dissertations / Theses in Cognitive Science are listed below:
Melody Dye – 2017 PhD thesis “Bridging Levels of Analysis: Learning, Information
Theory, and the Lexicon” from Indiana University
Chaz Firestone – 2017 PhD thesis “Cognition Does Not Affect Perception” from
Yale University
Sagi Jaffe-Dax – 2016 PhD thesis “Neural Basis and Computational Account for
Dyslexia” from Hebrew University of Jerusalem
Eric Schulz – 2017 PhD thesis “Towards a Unifying Theory of Generalization” from
University College London
Michelle Spierings – 2016 PhD thesis “The Music of Language: Exploring
Grammar, Prosody and Rhythm Perception” from Leiden University
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Marr Prize
The Marr Prize, named in honor of the late David Marr, is awarded to the best
student paper at the conference. All student first authors were eligible for the
Marr Prize for the best student paper. The Marr Prize includes an honorarium of
$1000 and is sponsored by The Cognitive Science Society. The winner of the 2018
Marr Prize for the Best Student Paper is:
Meilin Zhan, Massachusetts Institute of Technology
Comparing Theories of Speaker Choice Using Classifier Production in
Mandarin Chinese

Computational Modeling Prizes
Four prizes worth $1000 each are awarded for the best full paper submissions to
CogSci 2018 that involve computational cognitive modeling. The four prizes
represent the best modeling work in the areas of perception/action, language,
higher-level cognition, and applied cognition. These prizes are sponsored by The
Cognitive Science Society. The winners of the 2018 Computational Modeling
Prizes are listed below.

Perception & Action:
Eleanor Brower, Indiana University
Bias in the Self-Knowledge of Global Communities

Language:
Noga Zaslavsky, Hebrew University of Jerusalem
Color naming reflects both perceptual structure and communicative need

Higher-Level Cognition:
Yotam Sagiv, Princeton
Efficiency of learning vs. processing: Towards a normative theory of
multitasking

Applied Cognition:
Ulrike Hahn, University of London
How Communication Can Make Voters Choose Less Well
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Student Travel Awards
The Robert J. Glushko and Pamela Samuelson Foundation generously sponsored
$10,000 for student travel awards. Travel awards have been provided to students
whose submissions were accepted as full papers, received high rankings, and
who indicated a need for travel funding. This year’s travel awards went to:
Avery, Johnathan
Behrooz, Morteza
Bourgin, David
Dasgupta, Ishita
Davis, Zach
Jennings, Jay
Kleiman-Weiner, Max
Liquin, Emily
Mistry, Percy
Newman, Phillip
Rabkina, Irina
Roszko, Maximilian
Saban, William
Semizer, Yelda
Tessler, Michael
Yousif, Sami
Zhao, Wenjia Joyce
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Dor Abrahamson
Cengiz Acarturk
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Engin Arik
Mike Barley
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Sven Bertel
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Solveig Bosse
Henry Brighton
Tad Brunye
Daphna Buchsbaum
Michele Burigo
Bruce Burns
Martin Butz
Angelo Cangelosi
Peter Carruthers
Daniel Casasanto
Tim Clausner
Rick Cooper
Garrison Cottrell
Seana Coulson
Scotty Craig
Jennifer Culbertson
Fred Cummins
David Danks
Judith Danovitch
Jim Davies
Virginia De Sa
Gedeon Deak
Morteza Dehghani
Catharine Echols
Susan Epstein
Caitlin Fausey
Michele Feist
Jozsef Fiser
Anna Fisher
Ken Forbus
Stefan Frank
Christian Freksa
Wai-Tat Fu
Alexia Galati

Susan Gelman
Dedre Gentner
Samuel Gershman
Kevin Gluck
Ashok Goel
Laura Gonnerman
Cleotilde Gonzalez
Tom Griffiths
Maurice Grinberg
Elizabeth Gunderson
Glenn Gunzelmann
Todd Gureckis
Hyowon Gweon
Robert Hartsuiker
Mary Hegarty
Kevin Holmes
Janet Hsiao
Edward Hubbard
Ion Juvina
Irene Kan
Irvin Katz
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Heidi Kloos
Pia Knoeferle
Alistair Knott
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Stefan Kopp
Michael Lee
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Stefan Münzer
Nora Newcombe
Padraig O'Seaghdha
Marta Olivetti
John Pani
Anna Papafragou
Sturt Patrick
David Peebles
Amy Perfors
Hugh Rabagliati
Marco Ragni
Gisela Redeker
Lance Rips
Timothy Rogers
Ute Schmid
Rose Scott
Chris Sims
Jennifer Spenader
Michael Spranger
Mahesh Srinivasan
Keith Stenning
Niels Taatgen
Heike Tappe
Josh Tenenbaum
Greg Trafton
Barbara Tversky
Paul Warren
Christopher Was
Christoph Weidemann
Katherine White
Andy Wills
Phillip Wolff
Fei Xu
Charles Yang
Jeffrey Zacks

Student Volunteers
Jie Wan (University of Groningen/visiting student at the University of Cambridge)
Bella Do (Yonsei University)
Rachel Jansen (UC Berkeley)
Pulkit Singhal (IIIT)
Yunan “Charles” Wu (Carnegie Mellon University)
Guilherme Sanches de Oliveria (University of Cincinnati)
Tanay Paes (University of Cambridge)
Mariel Goddu (UC Berkeley)
Kiran Kumar (Indina University)
Deepti Wadhera (City University of New York)
Jie Jian (Simon Fraser University)
Olivia Zhao (UW-Madison)
Chris Endemann (UW-Madison)
Desia Bacon (UW-Madison)
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Invited Presentations
Rumelhart Prize Lecture
Michael Tanenhaus, University of Rochester
The paradox of real-time language comprehension: signal, noise and
context
Friday July 27, 17:10-18:10, Exhibit Hall B

Thursday’s Keynote
Michael Kearns, University of Pennsylvania
Models and Algorithms for Fair Machine Learning
Thursday, July 26, 9:00-10:00, Exhibit Hall B

Friday’s Keynote
Matthew Botvinick, DeepMind
Nature vs Nurture in Artificial Intelligence
Friday, July 27, 9:00-10:00, Exhibit Hall B

Saturday’s Keynote
Susan Gelman, University of Michigan
Kinds, essences, and moral reasoning
Saturday, July 28, 9:00-10:00, Exhibit Hall B
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Invited Symposia
Thursday, July 26, 17:00-18:30, Exhibit Hall B
Persuasion, Politics, and Propaganda
•
•
•
•

David Rand, Yale University
Ulrike Hahn, Birkbeck- U of London
Colleen Seifert, University of Michigan
Dan Kahan, Yale University

Friday July 27, 10:30-12:10, Exhibit Hall B
Rumelhart Prize Symposium in honor of Michael Tanenhaus
•
•
•

•

Dana Ballard, University of Texas
“On the role of the body in visual cognition”
Herb Clark, Stanford University
“Language anchored and unanchored"
Laura Dilley, Michigan State University
“The puzzle of prosody: Language, speech, music, and Bayesian
inference”
Jesse Snedeker, Harvard University
“Pragmatic inference in the Visual World Paradigm: Simple
mechanistic accounts of messy rich processes”

Saturday July 28, 13:20-14:50, Exhibit Hall B
Big Data Goes to School
•
•
•
•

Burr Settles, Duolingo
Art Graesser, University of Memphis
Steve Ritter, Carnegie Learning
Marcia Linn, UC-Berkeley

Saturday July 28, 19:30-21:30, Wisconsin Institute for Discovery, 330 N Orchard St
Public-facing event: Minds, Machines, and Society,
•
•
•

Matt Botvinick, DeepMind, University College London
Ulrike Hahn, Birkbeck- U of London
Bob Mankoff, Humorist
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Workshop Proposal: Contemporary Cognitive Approaches to Decision-Making
Daniel Bartels (daniel.bartels@chicagobooth.edu) and Oleg Urminsky (oleg.urminsky@chicagobooth.edu)
University of Chicago, 5807 S. Woodlawn Ave, Chicago, IL 60637 USA

Todd Gureckis (todd.gureckis@nyu.edu)
New York University, 6 Washington Place, 859, New York, NY 10003

Jennifer Trueblood (jennifer.s.trueblood@vanderbilt.edu)
Vanderbilt University, 2301 Vanderbilt Place, Nashville, TN 37240-7817
Keywords: Judgment and decision making; cognitive process,
computational models.

Daniel Bartels will discuss how anchors and target
values differ, and how they relate to credit card payments. Reference points serve as targets, with motivational
properties, whereas anchors act as neutral starting points for
subsequent judgments. This distinction can lead to meaningful differences in interpretation and generalization of results.
Through several experiments and examination of a large
credit card data set, we investigate this difference and find
that values on credit card statements can serve as motivating
target values that can be effective at increasing monthly
payments when constructed wisely. We find that credit card
users are able to select effective goals for themselves.
Sudeep Bhatia (University of Pennsylvania, Psychology)
will discuss a project on the structure of decision models.
We take more than 50 models of risky choice and more than
50 models of intertemporal choice, and computationally
measure model mimicry between each model pair in each
domain (2000+ computational tests, each with 100+ model
fits). With this we are able to uncover a metatheoretical structure for the universe of risky and intertemporal decision models, with discrete model clusters as well as complex model
hierarchies. The project is still underway but has already revealed a number of interesting results. It is also a commentary
on the current state of decision modelling, and suggests a
number of new directions for the field.
Oleg Urminsky will discuss what factors make decisions
seem more similar or different. While academic researchers
categorize decisions into literatures, less is known about how
lay people view types of decisions. We develop a framework
to predict when people will see decisions as similar or different. Participants rate decisions on attributes identified in an
initial exploratory study as reasons for perceiving decisions as
different. Relating these attributes to perceived similarity of
decisions, we identify the key factors that make decisions
seem similar or different. We develop a framework for thinking empirically about generalizability in research, and discuss
the implications for people’s choices of decision strategies.
Falk Lieder (UC Berkeley, Psychology) will discuss an
integrative framework for modeling and improving people’s decision strategies. A substantial literature has demonstrated systematic violations of expected utility theory, but the
underlying cognitive mechanisms are not well understood. I
present a theoretical framework that integrates the psychological realism of heuristics and biases with the unifying power
and mathematical precision of normative principles. The assumption that decision-makers should make optimal use of
their finite time and limited cognitive resources (resource-

Overview and significance
The study of how people make judgments and decisions
began in cognitive science (the primary JDM conference literally was founded as a workshop at the Psychonomics conference). However, over time the area of judgment and decision-making (JDM) has moved apart from its cognitive roots,
despite the high overlap in underlying research questions.
However, greater interaction between cognitive and JDM
research could yield benefits to both from cross-pollination
(Bartels and Johnson 2015), including in terms of methods,
types of relevant data and underlying questions. This workshop is designed to foster such interaction. The talks will explore some productive areas of overlap between cognitive
research and judgment and decision-making research.
Workshop structure. We plan a one-day workshop comprising 12 talks, each approximately 25 minutes. We also
plan to have a one-hour panel discussion with all speakers on
opportunities for leveraging cognitive and computational approaches to make new advances on long-standing questions in
judgment and decision making.

Organizers and Presenters
Daniel Bartels (Organizer) is Associate Professor of Marketing at the University of Chicago.
Todd Gureckis (Organizer) is Associate Professor of Psychology at New York Univeristy.
Jennifer Trueblood (Organizer) is Assistant Professor of
Psychology at Vanderbilt Univeristy.
Oleg Urminsky (Organizer) is Professor of Marketing at
the University of Chicago.

Presentations
Neil Stewart (Warwick Business School, Behavioral Science) will discuss how machine-recorded data can be used
to study cognitive questions. One project uses transactions
from 180,000 individuals on a stockbroking platform, to show
that people frame outcomes at the level of individual days,
splitting new investments 1/N over purchased stocks. Despite
1/N purchasing, the 1/N pattern is obscured by aggregation at
the portfolio-level frame---revealing that the frame is the individual purchase and not the portfolio. Another project uses
supermarket purchase history from millions of customers to
explore the attraction, similarity, and compromise effects in
real, every day purchases, and the implications for process
models of multi-alternative choice.
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rationality) yields an automatic method for deriving rational
heuristics from first principles. Combining this method with
process tracing allows us to answer descriptive, normative,
and prescriptive questions about people’s strategies for multialternative risky choice and planning. I illustrate its utility for
characterizing and quantifying the irrationality of decision
strategies relative to a realistic normative standard. Preliminary results suggest that deriving and teaching rational heuristics is promising for improving decision-making.
Paula Parpart (University College London, Computational Decision Making) will reinterpret heuristics as
Bayesian inference. Simple heuristics are typically regarded
as tractable decision strategies because they ignore a great
deal of information in the input data. One puzzle has been
why simple heuristics can outperform more complex fullinformation models, such as linear regression. I will demonstrate that these less-is-more effects do not portray any inherent advantages of ignoring information, but rather that discarding information is never optimal (at the computational
level). I place heuristics into a Bayesian inference framework,
where popular heuristics are equivalent to Bayesian inference
under the limit of infinitely strong priors. Interestingly, downweighting information with the appropriate prior is always
preferable to entirely ignoring it. I will discuss recent work on
the idea that high covariance environments may be responsible for the success of many heuristics.
Jennifer Trueblood will present work on computational models of dual process theory. Many phenomena in judgment and decision-making are often attributed
to the interaction of two systems of reasoning. While
these so-called dual process theories can explain many
types of behavior, they are rarely formalized as mathematical or computational models. Rather, dual process
models are typically verbal theories, which are difficult
to conclusively evaluate or test. We present a dynamic
dual process model framework of risky decision-making
that provides an account of the timing and interaction of
the two systems and can explain both choice and response time data.
Jared Hotaling (University of New South Wales, Psychology) will discuss the effects of outcome information
during sampling on decisions from experience. We investigated the roles of attention and memory in decisions from
experience by comparing decision procedures where monetary value information is (a) present during sampling versus
(b) revealed after sampling. In three experiments participants made a series of choices between pairs of risky gambles represented as urns containing different mixtures of
blue and red balls, starting with a sample task before making
a consequential decision, and varying visual and auditory
salience. Individuals placed greater weight on rare events
when outcome values were absent during sampling. Highlighting a rare reward increased its salience when outcome
values were present, but not when they were absent. Parameter estimates from a hierarchical Bayesian prospect theory
model supported the conclusion that value-absent choices
involved greater overweighting of rare events.

Nick Reinholtz (University of Colorado Boulder, Marketing) will discuss reasoning about numeric distributions. To make optimal decisions, people often need to
know aspects of a numerical distribution beyond its central
tendency. For example, optimal stopping requires understanding the dispersion of potential payoffs. I discuss how
people learn (or don’t learn) and use (or don’t use) distributional information in simple tasks. We find that participants
learn the central tendencies of two simultaneously encountered distributions with high accuracy, but show predictable
biases in learning about dispersion. This suggests a puzzle
about how people represent distributional information.
Stephen Spiller (UCLA, Marketing) will discuss the distinction between beliefs about quality and preferences.
Two individuals considering the same set of alternatives often
hold discrepant beliefs about whether one alternative is objectively better than the other as a matter of fact (an objective
value comparison), or whether the difference reflects a matter
of personal preference (a subjective value comparison). I examine how these beliefs relate to the attribute structure of the
underlying alternatives. This helps to address when choices
requiring tradeoffs may be regarded as objective value comparisons, which alternative comparisons are likely to covary,
and suggests individual differences that may account for
common judgments across attributes.
Abby Sussman (University of Chicago, Marketing) will
present work on causal scope and judgment. Often, we
must make decisions about how to bring about a desired outcome. Making these decisions, we frequently have information about how broad a range of potential outcomes that
particular action could cause (e.g., a cold could cause sneezing while the flu could cause sneezing, headache and fever).
We find that beliefs about which action will lead to a stronger
outcome varies predictably based on the action’s intentionality and valence. People believe the narrow scope action is
more powerful when it is intentional (vs. unintentional) and
when it is a cure (vs. a cause), and there is no interaction between the two. This research opens a line of inquiry into how
the scope of a cause can influence judgments and decisions.
Hang Zhang (Peking University, Psychology) will present a decision-theoretic model for the temporal dynamics
of visual priming effects. In visual priming tasks, participants respond to the identity of a visual target following a
prime. Three priming effects—positive priming, negative
priming, and oscillated priming—were observed and considered by previous theories as consequences of automatic sensorimotor processes. Here we developed a decision-theoretic
model for the response time of visual priming tasks. The basic
idea is that the brain has a constantly updated, probabilistic
expectation for the arrival time and identity of the incoming
target, which determines the motor preparing rate at each
moment and thus the response time in an adaptive way. The
model could quantitatively predict all three priming effects
and how they vary with the temporal structure of the environment. It also offers new insights to a range of related phenomena.
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Cognitive Science Society Workshop:
Understanding Exploration-Exploitation Trade-offs
Elizabeth Bonawitz (lbaraff@gmail.com)
Department of Psychology, Rutgers University – Newark
101 Warren Street; Newark, NJ 07102

Alison Gopnik (gopnik@berkeley.edu)
Department of Psychology, University of California, Berkeley
3317 Tolman Hall; Berkeley, CA 94720

Celeste Kidd (celestekidd@gmail.com)
Department of Brain & Cognitive Sciences, University of Rochester
Meliora Hall, 500 Joseph C. Wilson Blvd., Rochester, NY 14627

systems might be adapted to incentivize new information as
well as more standard types of reward, and have tried to
characterize the neural bases of information-seeking and
curiosity. In evolutionary biology researchers have used
explore-exploit contrasts to characterize and explain
differences among species, such as differences in life
histories or differences in reliance on learning versus innate
computations. And in cognitive development researchers
have increasingly focused on children’s “active learning”
the ways that they actively seek information in the
environment. In particular, computational approaches
quantifying information gain turn out to provide an
interesting characterization of children’s exploratory
behavior. Children are also characteristically exploratory –
as evidenced in their play, for example, and childhood itself
may be seen as a solution to explore-exploit trade-offs.
The classic examples of information-seeking involve
extracting information from the external world, as in
curiosity-driven exploration. However, exploration can take
place internally as well as externally. Learners have to
trade-off internal forms of exploration, such as those
involved in mental simulations, or in exploring the range of
possible hypotheses to explain a pattern of data. Activities
like pretend play, hypothetical or counterfactual thinking,
simulation, and even fiction can be understood as forms of
this kind of internal exploration. These more internal forms
of exploration also come with substantial computational
costs, which must be traded off against the benefits of more
accurate actions.
Questions about exploration and exploitation are also
interestingly related to questions about variability and
randomness. Exploration often involves the production of
apparently random variability in behaviors or hypotheses.
But different types of exploration may be more or less
strategic or more or less random. At one extreme, a learner
may carefully calculate exactly which actions are most

Keywords: explore-exploit, information seeking, reward,
curiosity, reinforcement learning

Workshop summary
All cognitive systems, almost by definition, both gather
information and use that information to make decisions
–they explore and exploit. But there is an intrinsic tension
between these two aspects of cognition. Exploration is
costly – the resources that go towards information-seeking
are not available for action. Moreover, actions have to be
taken before all the relevant information is available. When
should a cognitive system seek new information and when
should it stop seeking information and simply decide how to
act? How do people and other organisms resolve this tension
between exploration and exploitation? Is there an optimal
way of doing so? And how can systems be motivated to
seek information when that pursuit is costly and the
immediate utility of the information may not be apparent?
Recently, a wide range of researchers from very
different disciplines and traditions have begun to address
these questions, and in particular, have used computational
methods to characterize explore/exploit tensions. This
workshop brings together an interdisciplinary group of
researchers, with expertise in neuroscience, computation,
robotics, evolutionary biology, and developmental
psychology to attempt to connect these separate literatures,
draw some general conclusions, and forge a research path
for the future.
In reinforcement learning, researchers have used
“multi-armed bandit” tasks to determine when learners
switch from a more rewarding action to a less rewarding one
in search of more information, and which switching
techniques are optimal, and have also explored neural
realizations of these procedures. In neuroscience and
robotics, researchers have explored the way that reward
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likely to lead to an increase in information and evaluate
whether that information will be useful or relevant for a
particular decision. At the other extreme, a learner may
simply become bored or habituated and randomly pursue
new policies or test new hypotheses and observe the
consequences. Again there may be interesting trade-offs
between these strategies, and between the computational
work that is required for strategic exploration and its
benefits. It also appears plausible that children become more
strategic over development. But the relation between these
two types of exploration and their costs and benefits have
yet to be explored.
By bringing together researchers who would normally
belong to different communities we hope to begin to answer
this foundational set of questions about the nature of
cognition.

12:00-12:20: Poster teasers
12:20-1:30: Lunch
1:30-2:00: Poster viewing
2:00-3:30 Explore-exploit in Reinforcement
Learning and the Brain
Cate Hartley: “The value of variability: Dynamic changes
in reinforcement learning from childhood to adulthood”
Robert Wilson: “The role of information and
randomization in exploration and exploitation”
Ben Hayden: “Explore-exploit tradeoffs as a driver of risky
choice and learning in rhesus macaques”

3:30-3:45: Coffee break

Workshop structure

3:45-5:15: Explore-exploit in the Mind

The workshop will feature well-known experts from
different fields. The workshop will also invite poster
submissions from the broader cognitive science community,
with “poster teasers” flash talks and an opportunity to view
new
studies
investigating
exploration-exploitation.
Additionally, the schedule has built in ample time for
questions for mini-panels of each sub-area of
exploration-exploitation, ensuring maximum opportunity for
audience engagement.

Thomas Griffiths: “Exploring on the inside: Rational
models of the uses of cognitive resources”
Marcelo Mattar: “Prioritized exploration of mental
simulations”
Alison Gopnik: “Childhood as a solution to explore-exploit
tensions; changes in exploration and hypothesis search
across life history”

5:15-5:30: Closing remarks

Proposed schedule
9:00-9:15: Opening Remarks

Acknowledgments

9:15-10:45: Curiosity and Information-Seeking in
Development

The organizers would like to thank the Cognitive Science
Society, the Jacobs Foundation (EB & CK), as well as
NSF-SES 1627971 (EB).

Celeste Kidd: “The role of information gaps and learning
rate on exploration”
Elizabeth Bonawitz: “Drivers of exploration: information,
expectation, and affect”
Rista Plate: “How social information influences
exploration and exploitation: Implications for learning”

10:45-11:00: Coffee break
11:00-12:00: Evolutionary Perspectives on
Explore-Exploit
Emilie Snell-Rood: “Exploration in development: common
principles from gene expression to neurons”
Willem Frankenhuis: “Balancing sampling and
specialization: Adaptationist models of incremental
cognitive development”
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Learning as program induction
Neil R. Bramley1 , Eric Schulz2 , Fei Xu3 & Joshua B. Tenenbaum4
of Psychology and Center for Data Science, New York University
2 Department of Psychology, Harvard University
3 Department of Psychology, University of California, Berkeley
4 Department of Brain and Cognitive Sciences, Massachusetts Institute of Technology
1 Department

Keywords: program induction; hypothesis generation; discovery; concept learning; generalization; problem solving

with the world. We have invited leading researchers from
cognitive science, linguistics, and artificial intelligence interested in the computational foundations of reasoning.
In particular, our goal is to bring together researchers working on broad range of topics related to program induction so
as to facilitate discussion and help this nascent but exciting
research area mature into a powerful and general theory of
learning. Key topics of discussion will include (but are not
limited to):

Introduction
This workshop will cover new work that casts human learning
as program induction — i.e. learning of programs from data.
The notion that the mind approximates rational (Bayesian)
inference has had a strong influence on thinking in psychology since the 1950s. In constrained scenarios, typical of psychology experiments, people often behave in ways that approximate the dictates of probability theory. However, natural learning contexts are typically much more open-ended —
there are often no clear limits on what is possible, and initial
proposals often prove inadequate. This means that coming
up with the right hypotheses and theories in the first place
is often much harder than ruling among them. How do people, and how can machines, expand their hypothesis spaces
to generate wholly new ideas, plans and solutions? Recent
work has begun to shed light on this problem via the idea that
many aspects of learning can be better understood through
the mathematics of program induction (Chater & Oaksford,
2013; Lake, Salakhutdinov, & Tenenbaum, 2015).
People are demonstrably able to compose hypotheses from
parts (Goodman, Tenenbaum, Feldman, & Griffiths, 2008;
Piantadosi, Tenenbaum, & Goodman, 2016; Schulz, Tenenbaum, Duvenaud, Speekenbrink, & Gershman, 2017) and incrementally grow and adapt their models of the world (Bramley, Dayan, Griffiths, & Lagnado, 2017). A number of recent studies has formalized these abilities as program induction, using algorithms that mix stochastic recombination
of primitives with memoization and compression to explain
data (Dechter, Malmaud, Adams, & Tenenbaum, 2013; Ellis, Dechter, & Tenenbaum, 2015; Romano, Salles, Amalric,
Dehaene, Sigman, & Figueria, 2017), ask informative questions (Rothe, Lake, & Gureckis, 2017), and support one- and
few-shot-inferences (Lake et al., 2015). Program induction is
also proving to be an important notion for understanding development and learning through play (Sim & Xu, 2017) and
the formation of geometric understanding about the physical
world (Amalric, Wang, Pica, Figueira, Sigman, & Dehaene,
2017).

• How should we formalize and test different theories of program induction in human cognition?
• What is a good framework and what are good domains in
which to benchmark progress in program induction in machine learning, and as a general theory of learning?
• What can diverse fields such as linguistics, symbolic systems, computational logic, contribute to one another’s individual projects and the overarching theory?
• What are the necessary ingredients for a compositional theory of cognition? I.e., what primitives do people have?
What modes of composition? Methods of compression?
Learning-to-learn ability?
• What experiments will help separate the unique predictions
of program induction from those of traditional accounts of
compositionality and conceptual change (cf. Bruner, Goodnow, & Austin, 1956)?

Target audience
This workshop dovetails neatly with this year’s focus on
“change, learning, growth, and adaptation”. These key elements of cognition are precisely those that have resisted
Bayesian accounts, and those which learning as program induction theories purport to explain. Our target audience is
almost as broad as the conference as a whole — we expect
this workshop to be of interest to psychologists, linguists,
philosophers and machine learning researchers alike. Moreover, we feel that the interdisciplinary nature of our workshop will facilitate interactions between the diverse strands
of research presented at CogSci that might otherwise remain
bunkered in parallel sessions. Workshop page can be found
at: https://programinduction.github.io

Goal and scope

Organizers and presenters

The aim of our workshop is thus to bring together scientists
who have a joint interest in how intelligent systems (humans
or machines) can learn rich representations and action plans
(expressable as programs) through observing and interacting

The following presenters have confirmed their attendance:
Neil R. Bramley (Organizer) is a Postdoc at NYU working
in Todd Gureckis’ Computation and Cognition lab and the
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Center for Data Science. Neil’s work explores how people
actively learn, represent, and reason about the physical world.
Eric Schulz (Organizer) is a Data Science Postdoctoral Fellow at Harvard University working in Samuel J. Gershman’s
Computational Cognitive Neuroscience lab. Eric studies generalization as function learning with a particular focus on
compositionality and reinforcement learning.
Fei Xu (Organizer) is a Professor of Developmental Psychology at UC Berkeley. Fei’s lab focuses on cognitive and
linguistic development. In particular the acquisition of new
concepts, words and number representations.
Joshua B. Tenenbaum (Organizer) is Professor of Cognitive Science at MIT. Josh’s lab sits at the intersection of cognitive science and machine learning, with a focus on hallmarks of human intelligence; in particular, the ability to learn
rapidly and flexibly from limited data.
Noah D. Goodman is an Associate Professor of Psychology, Computer Science, and Linguistics at Stanford University. Noah’s lab focuses on probabilistic programming, natural language semantics and pragmatics, intuitive theories and
social cognition.
Laura Schulz is an Associate Professor of Cognitive Science
at MIT. Laura’s lab works on early childhood development of
cognition, causal inference, discovery, and learning.
Steven T. Piantadosi is an Assistant Professor of Psychology
at the University of Rochester. Steven’s research uses formal
computational methods and behavioral experiments to study
how people learn language and create conceptual systems.
Marie Amalric is a Postdoctoral fellow advised by Jessica
Cantlon at the University of Rochester. Marie studies the
brain mechanisms involved in the learning of abstract mathematical concepts.
Anselm Rothe is a graduate student advised by Todd
Gureckis and Brenden Lake at New York University. Anselm
studies how humans and machines generate informative natural language questions.
Kevin Ellis is a graduate student advised by Josh Tenenbaum
and Armando Solar-Lezama at MIT. Kevin’s work examines
how AI systems learn programs from data.
Ishita Dasgupta is a graduate student in Sam Gershman’s
Computational Cognitive Neuroscience lab. Ishita works on
resource rational inference strategies in the domains of hypothesis generation, intuitive physics, and language.
Joshua Rule is a graduate student advised by Josh Tenenbaum at MIT. Josh uses computational models and behavioral
experiments to study the development of conceptual systems.
Lucas E. Morales is a graduate student advised by Josh
Tenenbaum at MIT. His work focuses on concept learning via
program induction.

induction in cognitive science.
The morning session will consist of the following talks:
Presenter
Bramley & Schulz
Josh Tenenbaum
Marie Amalric
Lucas Morales
Joshua Rule
Neil Bramley
Fei Xu

Topic
Introductory remarks
Cognition as program induction
A language of geometry
An architecture for program learning
Learning conceptual systems
Active data-driven concept learning
Learning generalizations through play

The afternoon session will consist of the following talks:
Presenter
Steven Piantadosi
Eric Schulz
Ishita Dasgupta
Kevin Ellis
Anselm Rothe
Laura Schulz
Noah Goodman

Topic
Language of thought
Learning list functions
Compositionality in sentence embeddings
Learning to learn programs
Question asking as program induction
Discovery learning in childhood
Probabilistic program induction

The final 45 minutes will be a panel discussion led by the
organizers with ample opportunity for audience participation.

References
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Formalizing Neurath’s ship: Approximate algorithms for online
causal learning. Psychological Review, 124(3), 301.
Bruner, J., Goodnow, J. J., & Austin, G. (1956). A study of thinking.
Chater, N., & Oaksford, M. (2013). Programs as causal models: Speculations on mental programs and mental representation.
Cognitive Science, 37(6), 1171–1191.
Dechter, E., Malmaud, J., Adams, R. P., & Tenenbaum, J. B. (2013).
Bootstrap learning via modular concept discovery. In IJCAI, (pp.
1302–1309).
Ellis, K., Dechter, E., & Tenenbaum, J. B. (2015). Dimensionality
reduction via program induction. In 2015 AAAI Spring Symposium Series.
Goodman, N. D., Tenenbaum, J. B., Feldman, J., & Griffiths, T. L.
(2008). A rational analysis of rule-based concept learning. Cognitive Science, 32(1), 108–154.
Lake, B. M., Salakhutdinov, R., & Tenenbaum, J. B. (2015). Humanlevel concept learning through probabilistic program induction.
Science, 350(6266), 1332–1338.
Piantadosi, S. T., Tenenbaum, J. B., & Goodman, N. D. (2016). The
logical primitives of thought: Empirical foundations for compositional cognitive models. Psychological Review, 123(4), 392.
Romano, S., Salles, A., Amalric, M., Dehaene, S., Sigman, M., &
Figueria, S. (2017). Bayesian selection of grammar productions
for the language of thought. bioRxiv, (p. 141358).
Rothe, A., Lake, B. M., & Gureckis, T. (2017). Question asking as
program generation. In Advances in Neural Information Processing Systems, (pp. 1046–1055).
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Workshop structure
We propose a full-day workshop consisting of 3 parts. The
first two parts (morning and afternoon session) will be a series
of 20–30 minute talks. The final part will be a panel discussion about the limits, open questions, and future of program
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Conceptual Foundations in Dynamic Field Theory: Applications in Cognitive and
Developmental Science
Aaron T. Buss (abuss@utk.edu)
Department of Psychology, University of Tennessee, 1404 Circle Dr., Knoxville, TN 37918 USA

Sammy Perone (sammy.perone@wsu.edu)
Department of Human Development, Washington State University, 515 Johnson Tower, Pullman, Washington, 99164

Ajaz A. Bhat (a.bhat@uea.ac.uk)
School of Psychology, University of East Anglia, Norwich NR4 7TJ, United Kingdom

developmental sciences. Thus, the mathematical and
technical skills required to make these concepts operational
are not part of the standard repertoire of cognitive scientists.
The goal of this tutorial is to provide the training and tools
to overcome this obstacle. We will provide a systematic
introduction to the central concepts of DFT and their
grounding in both Dynamical Systems concepts and
neurophysiology. We will discuss the concrete mathematical
implementation of these concepts in Dynamic Neural Field
models, giving all needed background and providing
participants with some hands-on experience using
interactive simulators in MATLAB. Finally, we will take
participants through selected, exemplary case studies in
which the concepts and associated models have been used to
ask questions about elementary forms of embodied
cognition and their development.
A newly published book on Dynamic Neural Field
modeling, Dynamic Thinking: A Primer on Dynamic Field
Theory, covers these topics and more, with interactive
simulators available to give hands-on experience to readers.
In this workshop, we will provide participants with the
background needed to think about cognition and
development from the perspective of DFT. Additionally, we
will take participants through the process of building and
simulating to provide the foundation to begin applying
concepts from DFT to their own research.

Keywords: computational model; dynamic systems; neural
field model

Objectives and Scope
Dynamical Systems thinking has been influential in the
ways psychologists, cognitive scientists, and neuroscientists
think about cognition and development. Growing out of an
initial emphasis on motor behavior, dynamic field theory
(DFT) has applied the concept of dynamic activation fields
to address fundamental questions relating to cognition. Over
the last two decades, DFT has been applied to a range of
domains from basic processes of visual working memory
and the planning of eye movements, to more complex
cognitive processes such as word learning and executive
function. DFT provides important tools for linking cognition
with sensori-motor processes, linking timescales from inthe-moment behavior to learning and development, and
linking levels of analysis between neural and behavioral
data.
Dynamic neural fields are formalizations of how neural
populations represent the continuous dimensions that
characterize perceptual features, movements, and cognitive
decisions. Neural fields evolve dynamically under the
influence of inputs and neuronal interaction, generating
elementary forms of cognition through dynamical
instabilities. DFT has served as a useful tool for not only
interpreting and predicting quantitative aspects of behavior,
but also interpreting and predicting quantitative aspects of
neural activation data. In this way, DFT explains how neural
dynamics give rise to cognition over multiple timescales.
The concepts of DFT establish links between brain and
behavior, helping to provide traction in the dialogue
between experimental paradigms and theory development.
Behavioral paradigms can be modeled with Dynamic Neural
Fields, deriving testable predictions that can be tested
against behavioral and neural data.
One obstacle for researchers wishing to use DFT has been
that the foundational concepts of DFT are distinct from the
standard way of thinking about cognition as comprised of
static components. The computational foundations of DFT
are also distinct from many traditional computational
frameworks that are popular in the fields of cognitive and

Suggested Readings
(see Online Resources below)
1. Schöner, G. & Spencer, J.P. (2015). Introduction.
[Chapter 1] In G. Schöner, J. P. Spencer, & the DFT
Research Group (Eds.), Dynamic Thinking: A Primer on
Dynamic Field Theory. New York, NY: Oxford
University Press.
2. Schöner, G., Reimann, H., & Lins, J. (2015). Neural
Dynamics. [Chapter 2] In G. Schöner, J. P. Spencer, &
the DFT Research Group (Eds.), Dynamic Thinking: A
Primer on Dynamic Field Theory. New York, NY:
Oxford University Press.
3. Schöner, G. & Schutte, A.R. (2015). Dynamic Field
Theory: Foundations. [Chapter 3] In G. Schöner, J. P.
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Spencer, & the DFT Research Group (Eds.), Dynamic
Thinking: A Primer on Dynamic Field Theory. New York,
NY: Oxford University Press.
4. Johnson, J.S. & Simmering, V.R. (2015). Integrating
perception and working memory in a three-layer dynamic
field architecture. [Chapter 6] In G. Schöner, J. P.
Spencer, & the DFT Research Group (Eds.), Dynamic
Thinking: A Primer on Dynamic Field Theory. New York,
NY: Oxford University Press.
5. Perone, S. & Ambrose, J. P. (2015). A process view of
learning and development in an autonomous exploratory
system [Chapter 11] In G. Schöner, J. P. Spencer, & the
DFT Research Group (Eds.), Dynamic Thinking: A
Primer on Dynamic Field Theory. New York, NY:
Oxford University Press.
6. Buss, A. T., Wifall, T., & Hazeltine, E. (2015). The
emergence of higher-level cognitive flexibility: Dynamic
field theory and executive function [Chapter 13] In G.
Schöner, J. P. Spencer, & the DFT Research Group
(Eds.), Dynamic Thinking: A Primer on Dynamic Field
Theory. New York, NY: Oxford University Press.

timescales from learning and development – 90 minutes:
visual and spatial working memory in infants, children,
and adults; spatial precision hypothesis as a
developmental mechanism of visuospatial cognition
5. Case study using DFT to understand higher cognition –
90 minutes: integrating location and feature information
to form working memory representations of visual scenes;
linking spatial language to visual perception

Lecturers
Aaron T. Buss is an Assistant Professor of Psychology at
the University of Tennessee in Knoxville, TN. Prior to
arriving at the University of Tennessee, he received a B.S.
with Honors from North Central College (Naperville, IL) in
2007 and a Ph.D. in Psychology from University of Iowa in
2013. He is the recipient of the D. C. Spriestersbach
Dissertation Award from the University of Iowa. His
research examines the development of executive function,
dimensional attention, and dimensional labels, with an
emphasis on dynamical systems and neural network models
of cognition and action. He will lecture on the topics 1-3
above.
Sammy Perone is an Assistant Professor of Human
Development at Washington State University. He received
his Ph.D. in Psychology from the University of Iowa and
recently completed a NICHD postdoctoral fellowship at the
Institute of Child Development at the University of
Minnesota. He has used DFT to help understand
experiential sources of developmental change in several
domains, including infant memory, executive function, and
word learning. He will lecture on topic 4 above.
Ajaz Bhat is a Senior Research Associate in Psychology
Department at the University of East Anglia, UK. His
received his PhD in Cognitive Robotics from the Italian
Institute of Technology, Genova for his work on braininspired
constructive
semantic-episodic
memories,
reasoning, causal learning, spatial planning, motor control,
skill learning and tool use in robots. His current work
employs dynamical systems modelling to understand the
developmental processes underlying language acquisition
and the role of visual attention and working memory in
word learning. Dr. Bhat will lecture on topic 5 above.

Target Audience
This workshop will not require prior knowledge of the
mathematics of programming language used to simulate
dynamic systems models or neural networks. The
mathematical and conceptual foundations of DFT will be
provided during the tutorial. We expect this workshop to
appeal to a wide range of individuals interested in
computational approaches to cognition and neuroscience.

Schedule of Material Covered in the Tutorial
1. Conceptual foundations of Dynamical Systems Thinking
and Dynamical Field Theory (DFT) – 30 minutes:
embodied and situated cognition; stability as a necessary
property of embodied cognitive processes; distributions of
population representation as the basis of spatially and
temporally continuous neural representations.
2. Dynamical Systems and Dynamic Field Theory Tutorial –
90 minutes: concept of a dynamical system; attractors and
stability; input tracking; detection, selection, and memory
instabilities in discrete neuronal dynamics; Dynamical
Fields and the basic instabilities: detection, selection,
memory, boost-driven detection; learning dynamics;
categorical vs. graded mode of operation; practical
implementation of DFT in simulators; interactive
simulation; illustration of the ideas through robotic
implementations.
3. Case study using DFT to understand brain-behavior
relations in humans with functional neuroimaging – 60
minutes: mapping of neural activation patterns in dynamic
neural fields to the hemodynamic response measured with
fMRI and fNIRS; case study on the neural processes that
underlie executive function in children and adults.
4. Case study using DFT to understand the integration of

Computer Use
Participants who bring laptops with Matlab installed
(student version is sufficient) will be able to follow
demonstrations by actively working with the simulator
during lectures.

Online Resources
We will use simulators from the free Matlab toolbox
Cosivina for demonstrations. Installation instructions and
documentation for the toolbox, as well as related
publications, lecture material, and interactive simulators can
be found at http://www.dynamicfieldtheory.org/.
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Massive Online Experiments in Cognitive Science
Joshua Hartshorne (joshua.hartshorne@bc.edu)
Department of Psychology, Boston College

Joshua R. de Leeuw (jdeleeuw@vassar.edu)
Department of Cognitive Science, Vassar College

Laura Germine (laura@manybrains.net)
Department of Psychiatry, Harvard Medical School
Institute for Technology in Psychiatry, McLean Hospital

Katharina Reinecke (reinecke@cs.washington.edu)
Paul G. Allen School of Computer Science and Engineering, University of Washington

Mariela Jennings (marielajennings@gmail.com)
Department of Psychology, Boston College

Keywords: online
methodology

experiments,

experimental

Moreover, large samples allow researchers to test the
generalizability of findings across different theoreticallyrelevant parameters by running dozens of experimental
variations simultaneously. When MOEs are combined with
modern statistical analyses such as multi-level modeling,
researchers can study generalization across large numbers of
subjects and items simultaneously (Baribault et al., 2017).

design,

Overview
This full-day workshop focuses on Massive Online
Experiments (MOEs). MOEs have transformative potential,
as they effectively allow researchers to run hundreds of
experiments simultaneously (cf. Hartshorne & Germine,
2015; Reinecke & Gajos, 2014). The goal of the workshop
is to help a broad cross-section of cognitive scientists begin
to incorporate MOEs into their research.

The Challenges of Massive Online Experiments. There
are two major challenges to MOE adoption. First,
researchers are trained to think about experiments under the
constraints of the traditional laboratory approach. The
benefits of MOEs are only realized in full if the
experimental design is tailored to the format. Considerations
include both constraints — such as designing studies that
subjects are intrinsically motivated to complete — and also
the extraordinary opportunities that MOEs provide.

What are Massive Online Experiments? Massive Online
Experiments use samples of tens or hundreds of thousands
of volunteer subjects. Unlike standard online experiments
that recruit subjects through online labor markets like
Amazon Mechanical Turk or Prolific, MOEs are usually run
through
researcher-developed
websites
like
gameswithwords.org, testmybrain.org, and labinthewild.org.
Subjects are unpaid volunteers who choose to participate
because the experiments are intrinsically motivating.
Experiments often take the form of a game or of a ”brain
test” that allows subjects to learn about themselves.
Durations are typically short (under 15 minutes), though
longer and/or longitudinal studies are possible.

The second set of challenges are technical. MOEs present an
additional layer of technical demands beyond a standard
online experiment. Researchers must host an entire virtual
laboratory to attract subjects. Studies may go viral, causing
substantial traffic spikes. Assignment of items or conditions
to subjects must be carefully done when there are tens of
thousands of items, since random assignment at that volume
will inevitably over- and under-sample some items.

Why use Massive Online Experiments? The large,
demographically diverse set of volunteers that participate in
MOEs allow researchers to design experiments that are not
feasible in the traditional laboratory or online labor market
model. MOEs enable statistically powerful comparisons
across demographic variables like age, culture, and
education level. Previous MOEs have simultaneously
probed cross-cultural differences in domains such as moral
reasoning, personality, and aesthetic preferences (Bleidorn
et al., 2016; Gebauer et al., 2014; Reinecke & Gajos, 2014).

Workshop Format
The workshop will be divided into four sessions. The first
session will provide a motivational overview: What are
MOEs, how do they work, and what are they good for? This
will consist of three talks:
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Massive Online Experiments: Challenges, history, and
prospects, Presenter: Joshua Hartshorne

The two afternoon sessions will introduce participants to
technology for MOEs. The third session will focus on
jsPsych, a JavaScript framework for creating online studies
(de Leeuw, 2015). It can be used for both traditional online
and laboratory studies, as well as MOEs. Josh de Leeuw
will provide a tutorial overview of how to use jsPsych for
online studies broadly.

This talk will present the motivation for conducting MOEs
and how they can be used to address common limitations
and frustrations of in-lab experiments. I review and address
common concerns, such as limitations in available methods
and data quality. I also address the barriers to a more
widespread implementation of MOEs and preview some of
the emerging solutions, which will be covered in more detail
in the afternoon.

The fourth session will cover Pushkin. While jsPsych
addresses many basic needs for running experiments online,
Pushkin address the additional challenges of MOEs, such as
handling massive traffic fluctuations and efficiently
distributing large numbers of items across large numbers of
subjects. Pushkin provides many additional resources for
maintaining an Internet laboratory: a website template, an
interactive forum, social media integration, and the ability
for subjects to create an account (useful for longitudinal
studies, etc.). Mariela Jennings will provide a demonstration
and tutorial.

Massive Online Experiments towards Population-level
Cognitive Science, Presenter: Laura Germine
For this talk, I approach the applicability of MOEs for
addressing some of the biggest challenges in public health
research. First, MOEs help address issues such as power,
generalizability, and rapid translation that are critical
bottlenecks for health research. Second, MOEs open the
door to a new population-level science of cognition, which
seeks to understand and characterize cognitive functioning
from the perspective of population-level individual
differences. Finally, I will argue that MOEs are not a
convenience for researchers, but rather an ethical imperative
towards building a robust and representative science of
cognition.

The workshop will conclude with open discussion of the
challenges and benefits of adopting MOEs. The aim of this
discussion is to help attendees consider ways in which
MOEs could augment their own research, and help the
presenters better understand the needs of the cognitive
science community to guide future development efforts on
MOE technology and training.
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In this talk, I will show how MOEs can help overcome the
replicability crisis in cognitive science and related fields by
studying larger and more diverse populations than possible
in laboratory studies or in studies conducted on online labor
markets. I will discuss how offering participants
personalized feedback at the end of the study attracts people
with varying motivations for participating in such
experiments. The talk will also show how MOEs can be
mutually beneficial to both participants and researchers by
providing learning opportunities for participants as well as
reliable data quality for researchers.
The second session will explore recent examples of MOEs
across a range of disciplines. This will include presentations
of work by Drs. Hartshorne, Germine, and Reinecke,
covering the fields of psycholinguistics, clinical psychology,
and human-computer interaction, respectively. Additional
presentations will be selected from an open call. Depending
on the number of presentations, they will take the form of
either a series of rapid oral presentations or a poster session.
The second session will conclude with an open panel
discussion and Q&A focused on the uses of MOEs.
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Computational Methods and Systems
for the Cognitive Modelling and Support
of Creativity and Creative Problem Solving
Ana-Maria Olteţeanu (ana-maria.olteteanu@fu-berlin.de)
Human-Centered Computing, Freie Universität Berlin,
Germany
(iv) to what extent computational methods must get closer to
simulating or modeling cognitive process to make cognitive support possible.

Keywords: creative cognition; creative problem solving; computational modelling; computational creativity; methods; intelligent systems; assistive systems

Workshop Proposal

Workshop Duration and Organization

Computational creativity and human creativity [Finke et al.,
We propose a half-day workshop for the presentation, discus1992, Boden, 2003] are fields modelled with different prosion and elaboration of new computational methods and syscesses, and evaluated with different methods. To bridge this
tems aimed to cognitively support creative problem solving
interdisciplinary divide, we need to (i) disseminate and reand other creative processes.
fine existing computational methods for modelling cognitive
The workshop will involve three elements:
processes, (ii) aim to implement more cognitive processes in
computational creativity systems and (iii) set benchmarks of
(i) Four invited speakers will present existing methods and
comparative evaluation between cognitive human and comsystems (details below).
putational systems [Olteţeanu et al., 2016, Pease et al., 2001].
Various computational methods might lend themselves bet- (ii) Short presentations of papers and posters will be accepted
ter to modelling cognitive processes - for example semantic
on the topic.
networks might help model associativity processes, case base
reasoning [Aamodt and Plaza, 1994] might help model cog- (iii) The workshop will end with a panel discussion, focused
on establishing future directions for methods and systems
nitive structured representations which admit variations, etc.
aimed at supporting creativity and problem solving.
Furthermore, various (a) computational models of cognitive
process or (b) systems aiming at replicating cognitive proFinancial support: The organizer has obtained funds from
cess results do exist: e.g. for analogy [Gentner, 1983, Falkenthe German Science Foundation (DFG) for the organization
hainer et al., 1989], metaphor, concept blending [Confalonieri
of this workshop, via the grant Creative Cognitive Systems
et al., 2016a, Fauconnier and Turner, 1998] and concept in(CreaCogs – OL 518/1-1). These funds will be used to
vention [Confalonieri et al., 2016b, Ontañón et al., 2012], inpartially support the travel or registration costs of the main
sight [Hélie and Sun, 2010] etc. Also, various systems exist
speakers.
that can perform well in human creativity tests, like the RePublication: The papers submitted for this workshop will
mote Associates Test [Mednick, 1962,Olteţeanu and Falomir,
be published as a CEUR-WS volume. If enough high qual2015] and the Alternative Uses test [Guilford, 1967,Olteţeanu
ity papers are received, a Special Issue will be proposed by
and Falomir, 2016]. Other such computational cognitive systhe organizer to the Cognitive Systems Research journal, or a
tems show new possibilities in the improving control over
topic proposal will be made to TopiCS in Cognitive Science.
current experimental design [Olteţeanu et al., 2017,Olteţeanu
Topics for this workshop will be centered around, but not
and Schultheis, 2017].
limited to:
In this workshop we will discuss existing computational
methods, systems and models, focusing on questions like the
• Cognitive methods and Computational methods
following:
• Creative problem solving
•
•
•
•
•
•
•
•
•
•

(i) what computational methods are more suitable for
implementing computational models of creativity and
problem solving, and computational systems supporting
creativity and problem solving;
(ii) what types of support can natural cognitive systems
benefit from when performing creative problem solving
and other creative acts;
(iii) what kind of computational support has been offered so
far, what kind of computational support can be offered
with the existing techniques and approaches;
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Computational Creativity
Associativity and Conceptual Spaces
Semantic networks and semantic graphs
Case based reasoning
Ill structured problem solving
Structured representations
Knowledge discovery
Creative cognition
Creativity tests
Evaluation of natural and computational cognitive systems

• Neural networks

2017-2018 – Guest editor of the Cognitive Systems Research
journal, for the special issue on Problem-solving, Creativity and
Spatial Reasoning in Cognitive Systems (with Zoe Falomir).
2017 – Editor of the Proceedings of the 2nd Symposium on
Problem-solving, Creativity and Spatial Reasoning in Cognitive Systems, CEUR-Ws vol. 1869 (with Zoe Falomir).
2017 – Co-organized the ProSocrates - Problem solving, creativity and spatial reasoning in cognitive systems Symposium, at the
Hanse Wissenschafts-Kolleg, Delmenhorst, Germany.
2016 – Co-organized the ProSocrates - Problem solving, creativity and spatial reasoning in cognitive systems Symposium, at the
German Cognitive Science Society conference - Space for Cognition, Bremen (Germany).
2016 - Local Chair for the Language session, KogWis 2016, Bremen (Germany).

• Evolutionary algorithms
• Analogy
• Metaphor
• Creative assistive systems
• Modelling of creativity and problem solving

Speakers
• Sebastien Helie – Associate Professor of Psychological
Sciences, Purdue University. Talk topic: cognitive architectures and creativity.

References

• Ashok Goel – Professor of Computer Science and Cognitive Science in the School of Interactive Computing at
Georgia Institute of Technology. Talk topic: computational
creativity.
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• Yoed Kenett – University of Pennsylvania. Talk topic: network science and creativity.
• Kai Wang – Assistant Professor of Management, School
of Management and Marketing, Kean University Talk
topic: creativity support systems.

Organizer - Short biography
Ana-Maria Olteţeanu is the Principal Investigator of the
Creative problem solving in cognitive systems (CreaCogs)
project funded by the German Research Foundation (DFG)
at the Freie Universitat Berlin, Germany.
Ana-Maria has a cross-disciplinary background: she holds
a PhD in Musicology (2011) and a summa cum laude Doctorate in Cognitive Systems and Artificial Intelligence (2016).
Her thesis got nominated for the EurAI Dissertation Prize,
the Cognitive Science Society Glushko prize and won the 1st
Prize by the OLB for the best Doctoral Dissertation in Science in NW Germany in the last two years (2017).
Ana-Maria authored more than 30 journal articles, papers
and book chapters on the topic of creative problem solving. Her book Cogs in the Creative Machine is currently being peer reviewed. She has reviewed more than 40 papers
for over 20 international conferences and journals. Dr. Dr.
Olteţeanu has been a program committee member of 9 workshops and conferences in the field. She organized and chaired
3 Symposia/conference tracks, and is the editor of four volumes/special issues on creativity related topics. Ana-Maria’s
interests are related to cognitive systems, creative problem
solving, cognitive modeling, knowledge discovery and spatial reasoning.
Recent Organizing and Editorial Experience
2018 – Guest Associate Editor for Frontiers in PsychologyCognitive Science and Frontiers in Artificial Intelligence and
Robotics, for the Topic Creativity from Multiple Cognitive Science
Perspectives (with Bipin Indurkhya).
2018 – Guest Associate Editor for Frontiers in PsychologyCognitive Science and Frontiers in Artificial Intelligence and
Robotics, for the Topic Creativity from Multiple Cognitive Science
Perspectives (with Bipin Indurkhya).
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Full Day Tutorial on Quantum Models of Cognition and Decision
Peter Bruza (p.bruza@qut.edu.au)
School of Information Systems, Queensland University of Technology, Brisbane, Australia
Jerome R. Busemeyer (jbusemey@indiana.edu)
Cognitive Science, Indiana University, Bloomington, IN 47405 USA
Peter D. Kvam (kvam.peter@gmail.com)
Department of Psychology, Indiana University, Bloomington, IN 47405 USA
Zheng (Joyce) Wang (wang.1243@osu.edu)
School of Communications, Center for Cognitive and Brain Sciences
The Ohio State University, Columbus, OH 43210 USA

Keywords: classical information processing; quantum
information processing; logic and mathematical
foundation; Bayesian probability; quantum probability;
Markov and quantum processes; decision making;
quantum contextuality; memory.

scientists on this promising new theoretical and modeling
approach.
Presenters
Peter Bruza is Professor of Information Systems at
Queensland University of Technology. He is a computer
scientist who is researching quantum cognition with the
goal of providing a robust and comprehensive formal
framework for providing user models of human
information behavior. Jerome Busemeyer is Distinguished
Professor of Cognitive Science at Indiana University and
fellow of the Cognitive Science Society. He is author with
Peter Bruza of the book Quantum models of Cognition
and Decision. Zheng (Joyce) Wang is a Professor
professor at The Ohio State University. She was CoEditor for a special issue on quantum cognition that
appeared in Topics in Cognitive Science (2013), Vol. 5
(4)). Peter Kvam is a post doctoral researcher at Indiana
University who has published many articles on quantum
cognition including in top journals such as PNAS.

General Purpose
This full day tutorial is an exposition of a rapidly
growing new alternative approach to building
computational models of cognition and decision based on
quantum theory. The cognitive revolution that occurred in
the 1960s was based on classical computational logic, and
the connectionist/neural network movements of the 1970s
were based on classical dynamical systems. These classical
assumptions remain at the heart of both cognitive
architecture and neural network theories, and they are so
commonly and widely applied that we take them for
granted and presume them to be true. What are these
critical but hidden assumptions upon which all traditional
theories rely? Quantum theory provides a fundamentally
different approach to logic, reasoning, probabilistic
inference, and dynamical systems. For example, quantum
logic does not follow the distributive axiom of Boolean
logic; quantum probabilities do not obey the disjunctive
axiom of Kolmogorov probability; quantum reasoning does
not obey the principle of monotonic reasoning. It turns out
that humans do not obey these restrictions either, which is
why we consider a quantum approach. In addition, quantum
contextuality has important and little known consequences
for the development of probabilistic models of cognitive
phenomena.
This tutorial will provide an exposition of the basic
assumptions of classical versus quantum theories. These
basic assumptions will be examined, side-by-side, in a
parallel and elementary manner. We will show that
quantum theory provides a unified and powerful
explanation for a wide variety of paradoxes found in
human cognition and decision ranging from attitude,
inference, causal reasoning, judgment and decision, and
memory. This tutorial introduces and trains cognitive

Previous Tutorials and Symposia
The tutorial has been presented at the Cognitive Science
meetings in Nashville (2007), Washington DC (2008),
Amsterdam (2009), Sopporo (2012), Berlin (2013),
Quebec City (2014), Pasadena (2015), and Philadelphia
(2016) with about 30 to 50 participants each time. The
ratings from participants after the tutorial were all very
positive. Last year, 2017, we held a workshop on quantum
cognition supported by the Estes Foundation to 60
participants at joint meeting of the the Society for
Mathematical
Psychology
and
the
International
Conference on Cognitive Modeling at University of
Warwick, UK. Also, this tutorial follows a symposium on
quantum cognition at the Cognitive Science meeting 2011
whose papers appeared as a special issue in Topics in
Cognitive Science (2013).
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Participants Background
This tutorial will introduce participants to an entirely
new area and no previous experience or background with
quantum theory will be assumed. No background in
physics is required. In fact, except for a few simple
examples to motivate the idea, little or no reference to
physics will be made during main part of the tutorial. What
is required is an elementary background in classical logic
and probability.
Material to be Covered
1. Introduction and background (2 hours). First, we
will examine major differences between classical versus
quantum theories of probability. The concept of
superposition is introduced and distinguished from
classical probability mixtures. The important issue of
measurement in classical and quantum systems will be
compared and examined. We will include several dramatic
empirical examples illustrating empirical violations of the
classical laws of probability (e.g., conjunction, disjunction,
and total probability) and the parsimonious explanation of
all these violations by quantum theory.
2. Quantum dynamics (2 hours).
Next, we will
examine the differences between classical and quantum
dynamical systems. The basic idea of Markov processes will
be introduced and compared with quantum processes. A
parallel development of Markov and quantum cognitive
models will be shown and applied to a concrete empirical
example. In doing so, we will distinguish between classical
and quantum representations of a state and compare the
effects of measurement on these states for Markov and
quantum systems. A key goal is to show when and how
quantum processes depart from Markov processes, and
how we can empirically test whether a system is best
represented by a Markov or quantum framework.

3. Quantum heuristics (2 hours) We introduce quantum
logic and show that it addresses many of the issues
arising in models based on classical logic. In particular,
we will demonstrate how several fast and frugal
heuristics can be reconstructed by integrating them with a
quantum logic structure. As part of this, we will introduce
the concepts of qubits, U-gates, and state evaluation a n d
h o w t h e y c a n b e u s e d to model information
p r o c e s s i n g t h a t g o e s o n when these strategies
are executed. This approach opens a number of new
questions and predictions, which we a d d r e s s b y
reviewing existing literature on expertise, game theory,
recognition memory, decision making under uncertainty,
and the hindsight bias. The results suggest that
integrating heuristics with a quantum logic structure can
enhance the empirical accuracy of heuristics as well as
ground quantum logic in psychological theory by giving it
specific processing rules to implement.

Quantum contextuality (1 hour) Models of a
phenomenon are often developed by examining it under different
experimental conditions, or measurement contexts. The resultant

probabilistic models assume that the underlying random variables,
which define a measurable set of outcomes, can be defined
independent of the measurement context. The phenomenon is
deemed contextual when this assumption fails. Contextuality is an
important issue in quantum physics.
However, there has been growing speculation that it manifests
outside the quantum realm with human cognition being a particularly
prominent area of investigation. This section of the tutorial aims to
first deliver a conceptual understanding of contextuality as well as
why it is relevant for cognitive scientists. Secondly, hypergraphs will
be introduced as a flexible, underlying theoretical framework which
allows experiments to modelled in modular way as well as
determining whether the phenomenon being examined is contextual.
The theory will be illustrated with some simple examples expressed
in a probabilistic programming language which can be mapped to
hypergraphs. The section will conclude with some speculation on the
implications of contextuality for probabilistic modelling in cognitive
science.

See the references and the website below for some of the
material to be covered and relevant background material:
http://mypage.iu.edu/~jbusemey/quantum/Quantum
Cognition Notes.htm
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Half Day Tutorial on Measuring Mindfulness Behaviorally: Onsite and Online Data
Collection with jsPsych
Samuel A. Nordli (snordli@indiana.edu)

Department of Psychological and Brain Sciences, 1101 E. 10th Street
Bloomington, IN 47405 USA

Thomas E. Gorman (tegorman@iu.edu)

Department of Psychological and Brain Sciences, 1101 E. 10th Street
Bloomington, IN 47405 USA
whether subjects have recorded their participation honestly
or accurately (Vettese et al., 2009), and (2) as mindfulness is
primarily an introspective task, individual differences in
practice session quality have historically been difficult to
measure.

Keywords: mindfulness; mind wandering; meta-awareness;
attention; breath counting

General Purpose
This half day tutorial will introduce participants to breath
counting, a recent innovation in mindfulness research
methodology that offers the first opportunity to collect a
relatively direct behavioral measure of mindfulness
(Levinson et al., 2014). This tutorial will review the basics
of mindfulness practice before providing attendees with the
knowledge, skills, and tools required to implement breath
counting procedures in their own research. The widespread
adoption of this quantitative measure could positively
impact the field by offering a more straightforward and
transparent methodology that would improve the overall
consistency of mindfulness research across studies and
between investigators.

Measuring Mindfulness with Breath Counting
Breath counting is a simple technique that has been
recommended for centuries as a tool to help beginners
practice mindfulness effectively. The process typically
entails practitioners being given the basic instructions for
practicing mindfulness: to focus and attempt to hold their
attention on their breath, and then to return their attention to
the breath when they realize that their mind has wandered.
Although simple to explain, noticing that one’s attention has
wandered can be surprisingly difficult, as a striking amount
of time can pass between becoming distracted and becoming
aware of that fact. Counting one’s breaths facilitates the
recognition of mind-wandering episodes: beginners continue
paying attention to their breath, while also counting their
exhalations (in their heads) in cycles of 10; the tendency to
count consecutively occurs automatically when one is
distracted, and “hearing” numbers greater than 10 serves as
an easily-noticeable cue indicating that the mind has
wandered (at which point they redirect focus back to the
breath and begin a new count cycle). By slightly modifying
this breath-counting task—specifically by externalizing the
count in some form—mindfulness researchers can easily
record the frequency, duration, and approximate quality of
practice sessions for all subjects.

Mindfulness Research: Technical Challenges
Although the quality of research has steadily improved,
perspectives on mindfulness may remain skewed among
scientists with exposure to past research of questionable
quality (see Ospina et al., 2007). Misgivings aside, the
scientific, clinical, and popular interest surrounding
mindfulness research remains strong, as an extensive list of
beneficial effects have been reported. Meta-analyses
focusing on more recent research suggest that some of these
effects may include: stress reduction; reductions in
symptoms and relapse rates of anxiety and depression;
improved physical functioning and quality of life (Gotink et
al., 2015); improved selective, sustained, and executive
attention capacities; enhanced working memory and
executive functioning (Chiesa, Calati, & Serretti, 2011);
reductions in anger, hostility, negative affect, and substance
use in prison populations (Shonin, Gordon, Slade, &
Griffiths 2013); and mitigation of age-related cognitive
decline (Gard, Hölzel, & Lazar, 2014). Although the authors
of these reviews are cautiously optimistic about the potential
benefits associated with practicing mindfulness, they
nevertheless raise methodological concerns about the
research, and are careful to report findings as preliminary.
Even the most well-designed and well-executed
investigations of mindfulness are typically dogged by two
major methodological hurdles: (1) data on the duration and
frequency of practice sessions are typically taken from selfreport measures, thus making it difficult to determine

Presenters
Samuel Nordli and Thomas Gorman are doctoral students
working under Dr. Peter Todd and Dr. Robert Goldstone
(respectively) in the Department of Psychological and Brain
Sciences and the Cognitive Science Program at Indiana
University, Bloomington. Both presenters have years of
collective experience practicing and teaching mindfulness,
and have each conducted mindfulness experiments
specifically using the breath counting technique (e.g.,
Gorman & Green, 2016; Nordli & Todd, in prep.).

Participant Background
This tutorial will not assume any specific prior knowledge,
so no personal or professional background in mindfulness
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is required. The tutorial will feature the breath-counting
technique implemented in JavaScript (to facilitate online
data collection); prior experience with programming or
JavaScript is recommended but not required.

Levinson, D. B., Stoll, E. L., Kindy, S. D., Merry, H. L., &
Davidson, R. J. (2014). A mind you can count on:
Validating breath counting as a behavioral measure of
mindfulness. Frontiers in Psychology, 5(1202), 1-10.
Ospina, M. B., Bond, K., Karkhaneh, M., Tjosvold, L.,
Vandermeer, B., Liang, Y., Bialy, L., Hooton, N.,
Buscemi, N., Dryden, D. M., & Klassen, T. P. (2007).
Meditation practices for health: State of the research
(Evidence Rep./Tech. Assessment No. 155; AHRQ Pub
No. 07-E010). Rockville, MD: Agency for Healthcare
Research and Quality.
Shonin, E., Gordon, W. V., Slade, K., & Griffiths, M. D.
(2013). Mindfulness and other Buddhist-derived
interventions in correctional settings: A systematic review.
Aggression and Violent Behavior, 18, 365-372.
Vettese, L. C., Toneatto, T., Stea, J. N., Nguyen, L., &
Wang, J. J. (2009). Do mindfulness meditation
participants do their homework? And does it make a
difference? A review of the empirical evidence. Journal of
Cognitive Psychotherapy: An International Quarterly,
23(3), 198-225.

Material to be Covered
1. The first section will introduce the practical and
conceptual fundamentals of practicing mindfulness. The
presenters will briefly cover their personal backgrounds/
experiences with mindfulness in an attempt to convey
what they consider makes the practice compelling and
worthwhile, aside from the kinds of general effects that
are typically studied and reported in the literature (such as
stress reduction). Please note: although the practice of
mindfulness has its roots in the Buddhist tradition, the
entirety of this tutorial will reflect the completely secular
and scientific perspectives of the presenters. (20 min).
2. Next we will discuss the technique of breath counting,
briefly reviewing its history and its rough practical
equivalence to mindfulness practice, before moving on to
explore how cognitive scientists can use a version of this
technique in order to easily gather a set of objective
behavioral measures that would otherwise be nearly
impossible to collect. (40 min).
3. The tutorial will conclude with a hands-on demonstration
of the breath counting methodology, exploring and
manipulating a basic experimental design created with
jsPsych, a JavaScript library for creating web browserbased behavioral experiments (de Leeuw, 2015).
Participants will be given the opportunity to adjust
experimental parameters and then observe the effects of
those adjustments (e.g., varying the number of breaths per
cycle, or the presence or absence of feedback or mindwandering probes). Finally, we will cover several
different methods of analyzing the breath counting data,
and discuss the pros and cons of the different metrics that
can be extracted from the data. (2 hr).
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Tutorial: Mixed Models in R – An Applied Introduction
Henrik Singmann (singmann@gmail.com)
Department of Psychology, University of Zürich
Binzmühlestrasse 14/22, 8050 Zurich, Switzerland
every researcher. The goal of the workshop is to change this
and to introduce mixed models in such a way that they can be
effectively used and the results communicated.

Keywords: statistical analyses; repeated-measures; mixed
model; multilevel model; hierarchical model

Significance of the topic

Structure of the workshop

In order to increase statistical power and precision, many
data sets in cognitive science contain more than one data
point from each unit of observation (e.g., participant), often across different experimental conditions. Such repeatedmeasures pose a problem to most standard statistical procedures such as ordinary least-squares regression, (betweensubjects) ANOVA, or generalized linear models (e.g., logistic
regression) as these procedures assume that the data points
are independent and identically distributed. In case of repeated measures, the independence assumption is expected to
be violated. For example, observations coming from the same
participant are usually correlated – they are more likely to be
similar to each other than two observations coming from two
different participants.
The goal of this tutorial is to introduce a class of statistical models that is able to account for most of the cases of
non-independence that are typically encountered in cognitive
science – linear mixed-effects models (Baayen, Davidson, &
Bates, 2008), or mixed models for short. Mixed models are a
generalization of ordinary regression that explicitly capture
the dependency among data points via random-effects parameters. Compared to traditional analyses approaches that
ignore these dependencies, mixed models provide more accurate (and generalizable) estimates of the effects, improved
statistical power, and non-inflated Type I errors (e.g., Barr,
Levy, Scheepers, & Tily, 2013; Aarts, Verhage, Veenvliet,
Dolan, & van der Sluis, 2014).
In recent years, mixed models have become increasingly
popular. One of the main reason for this is that a number of
software packages have appeared that allow to estimate large
classes of mixed models in a relatively convenient manner.
The tutorial will focus on lme4 (Bates, Mchler, Bolker, &
Walker, 2015), the gold standard for estimating mixed models
in R (R Core Team, 2017). In addition, it will introduce the
functionality of afex (Singmann, Bolker, Westfall, & Aust,
2017), which simplifies many aspects of using lme4, such
as the calculation of p-values for mixed models. afex was
specifically developed with a focus on factorial designs that
are common in cognitive science.
Despite a number of high impact publications that introduce mixed models to a wide variety of audiences (e.g.,
Baayen et al., 2008; Judd, Westfall, & Kenny, 2012) the application of mixed models in practice is far from trivial. Applying mixed models requires a number of steps and decisions
that are not necessarily part of the methodological arsenal of

The workshop is split into two parts main parts and one interlude. The focus of the first part is not on mixed models, but on
the basic knowledge in statistical modeling with R that necessary for competently using mixed models. The second part
focuses exclusively on mixed models. It introduces the key
concepts and simultaneously shows how to fit mixed models
of increasing complexity. Each part will take approximately
2 hours and 45 minutes (not including breaks). The time
between the two parts will be used to provide a short introduction to the tidyverse (Wickham & Grolemund, 2017), a
modern set of tools for data science in R that are especially
useful in this context. A full overview over the topics in each
part is given next.
Versions of this workshop have already been presented,
once at UC Berkeley (as part of the “Data on the Mind” workshop)1 and once in Zurich (for graduate students and postdocs). Therefore, preliminary versions of the workshop material are already publicly available.2 These previous iterations
have also shown that a full day is an appropriate duration that
will allow participants to reach a level after which they can
apply mixed models.
Statistical Modeling The first part is intended to provide
a general introduction to statistical modeling in R in terms
of linear or generalized linear models. Specifically, the first
part will provide a practical overview over the steps necessary to perform a complete statistical analysis using ordinary
regression or similar standard statistical models. The following steps will be introduced:
1. Identifying the appropriate probability distribution of ones’
data. For example, normal model versus binomial model
(e.g., for accuracy data).
2. The difference between dealing with continuous and categorical covariates (especially in interactions), different factor coding schemes, and how to set up model formulas.
3. Estimating models.
4. Hypothesis tests of model terms (i.e., main effects and interactions).
5. Follow-up/post-hoc tests and custom contrasts. This section will focus on the emmeans package (Lenth, 2018).
The first part will end with a discussion on the limitations
of most standard statistical models when repeated measures
1 http://www.dataonthemind.org/2017-workshop
2 https://github.com/singmann/mixed
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are involved. This will set the stage to introduce the three
basic approaches for handling repeated measures (e.g., Gelman & Hill, 2007): complete pooling, no pooling, and partial
pooling. The first two pooling approaches are the traditional
methods for dealing with repeated-measures. Complete pooling ignores variability coming from sampling multiple units
of observation (e.g., data is simply aggregated across participants and thereby individual variability ignored), whereas
no pooling ignores all similarity across units of observation
(e.g., a separate model is estimated for to the data of each
participant). Partial pooling is the hierarchical approach implemented in mixed models which takes both variability as
well as similarity across units of observation into account.

He is also the author of a number of R packages
such as MPTinR (for estimating multinomial processing
tree models), rtdists (for evidence accumulation models),
or bridgesampling (for estimating marginal likelihoods).
Most importantly, he is also the main developer behind afex,
a package for the convenient analysis of factorial experiments
that offers a user-friendly interface for the analysis of mixed
models. The workshop is loosely based on his recent introductory chapter to mixed models (Singmann & Kellen, in
press).
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Singmann, H., & Kellen, D. (in press). An introduction to linear mixed modeling in experimental psychology. In New
methods in neuroscience and cognitive psychology. Psychology Press.
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Interlude The interlude will introduce the tidyverse
(Wickham & Grolemund, 2017), specifically packages
tidyr, dplyr, ggplot2, and broom. Those will be used to
perform a no pooling analyses of a repeated measures data set
introduced at the end of part 1.
Mixed Models The goal of the second part if to introduce
the concepts necessary to specify and estimate mixed models.
The following topics will be discussed:
1. Partial pooling and the distinction between fixed-effects
and random-effects.
2. How to specify the correct random-effects structure. Here
we will first introduce the notion of the maximal randomeffects structure (Barr et al., 2013). Then we will discuss alternative views suggesting model selection for this
goal (e.g., Matuschek, Kliegl, Vasishth, Baayen, & Bates,
2017).
3. How to deal with convergence problems.
4. Different methods for testing terms in mixed models:
Kenward-Roger approximation, Satterthwaite approximation, likelihood-ratio tests, and parametric bootstrap.
5. Mixed-models with alternative distributional assumptions
(e.g., binomial models).
If time permits, part 2 will also provide an overview of
different ways of visualizing mixed models and discuss the
problem of calculating effect sizes or pseudo effect sizes for
mixed models. Pointers to R packages that allow the estimation of mixed models within a Bayesian statistical framework
are also provided.
Participation Requirements Attendees are expected to
have a basic knowledge of R. For example, attendees should
be able to load their data into R, calculate some summary
statistics, estimate a linear regression on their data, and create some basic plots. For a basic R tutorial see for example:
www.cyclismo.org/tutorial/R/

Credentials of the Organizer
Henrik Singmann is a postdoc at the University of Zurich in
the lab of Klaus Oberauer and interested in cognitive and statistical models for cognitive science and related disciplines.
Most of his substantive work is on aspects of higher-level
cognition such as reasoning or memory.
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Statistics as Pottery: Bayesian Data Analysis using Probabilistic Programs
(Tutorial)
Michael Henry Tessler (mhtessler@stanford.edu), Noah D. Goodman (ngoodman@stanford.edu)
Department of Psychology, Stanford University
Abstract

and fit Bayesian models. No longer: Probabilistic programming languages (PPLs) abstract away nuisance details and
allow one to build models from scratch in few lines of code;
they further provide black-box inference algorithms that can
be used with little expertise. PPLs are programming languages have special operators for representing probabilities
and randomness. Crucially, they provide an abstraction barrier between model specification (what we wish to compute)
and the algorithm for returning the result (how we try to compute it), analogous to how the function lm() (in the programming language R) runs a linear model: The user simply specifies the functional form of the regression model (e.g., additive, interactive,...) and, under the hood, computation is done
to return the answer. The PPL approach enhances the transparency of a model, which in turn allows the scientist to reason through and revise the model more easily.

Probability theory is the “logic of science” (Jaynes, 2003) and
Bayesian data analysis (BDA) is the glue that brings that logic
to data. BDA is a general, flexible alternative to standard statistical approaches (e.g., NHST) that provides the scientist with
clarity and ease to address their personal scientific questions.
Doing BDA in a probabilistic programming language (PPL) affords several additional advantages: a compositional approach
to writing models, separation of model specification from algorithmic implementation (a la lm() in R), and continuity from
articulating data analytic models to Bayesian cognitive models. Furthermore, specifying one’s model and data analysis
in a PPL allows you to search for “optimal experiments” for
free. This tutorial will walk the participant through the basics
of BDA to state-of-the-art applications, using an interactive online web-book and tools for integrating BDA into their existing
workflow.
Keywords: bayesian data analysis; bayesian cognitive
modeling; probabilistic programming

PPLs are more than just a single model, however, they are
full-blown programming languages that allow you to build
any model you might need. Strange data types or experiment
designs that violate assumptions of classical tests are no problem; all you have to do is be explicit about how you believe
the data were generated (e.g., in the simplest case, that two
experimental conditions gave rise to potentially different distributions of responses). If your hypothesis can be made more
precise, PPLs provide an avenue to formalize it in a cognitive
model. Have a cognitive model in hand but can’t think of
a way to precisely integrate it with the raw behavioral data?
You could build a simple regression model to take your predictors (predictions of the cognitive model) into the appropriate data space. All of this can be achieved without leaving the
same language. This kind of open-ended model specification
cannot be achieved using probabilistic libraries or restricted
probabilistic languages (e.g, STAN, BUGS).

Significance
Learning statistics is like learning pottery. With pottery, you
can learn how to make different shapes (e.g., a bowl, a vase,
a spoon) without understanding general principles. Another
way is to learn the basic strokes of forming pottery (e.g., how
to mold a curved surface, a flat surface, long pointy things). In
this course, we are going to learn the basic strokes of statistics by building generative models of data. We’ll compose
these strokes to make shapes you’ve seen before (e.g., a linear
model), some shapes you’ve probably never seen before (e.g.,
a single model of a two-alternative forced-choice task and a
three-alternative task), and explore how you would make new
shapes if you needed to. We won’t learn what tests apply to
what data types but instead foster the ability to reason through
data analysis. We will do this through the lens of Bayesian
statistics, though the basic ideas will aid your understanding
of classical (frequentist) statistics as well.
Bayesian data analysis (BDA) is a general-purpose, flexible data analytic approach for drawing inferences about hypotheses from data. Recent years have elucidated the shortcomings of the “classical” statistical framework—Null Hypothesis Significance Testing (NHST). NHST is opaque and
rife with assumptions the scientist is often forced to adopt,
which is partially credited for the reproducibility crises in
psychology and related fields. BDA provides a principled alternative to NHST: Intuitive conclusions are drawn from intuitive, explicit assumptions. Major journals have made public
their openness to alternatives to NHST (e.g., Lindsay, 2015),
and Bayesian techniques are precisely that alternative.
For many years, BDA was a specialist’s methodology because it required advanced computational skills to implement

State-of-the-art data analytic technologies are to be found
in PPLs. For example, with a formal model in hand, one can
automatically search for good experiments to run (i.e., experiments that, regardless of their outcome, strongly update your
beliefs about a scientific question) using “optimal experiment
design” (OED). OED searches from a space of possible experiments for those that distinguish a scientist’s alternatives
models. OED has been implemented in the PPL that this
course will use (Ouyang, Tessler, Ly, & Goodman, 2016), and
we will introduce the system at the end of the course.
This tutorial will be of broad interest to the Cognitive Science community because it touches upon a variety of distinct
but related topics in the empirical disciplines. Foremost, it
is a tutorial in modern data analysis and modeling, assuming no background knowledge of either Bayesian statistics or
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– Theory: Representing multiple hypotheses as models
– Practical: Running webppl-oed on models

probabilistic programming. By learning how to create simple Bayesian models in a PPL, participants will more easily
grasp the relationship between the generative process of the
data and the inferences drawn from observed data. Second,
we draw the connection between simple data-analytic models (e.g., regression models) and Bayesian cognitive models, fostering an integrative theoretical view of data analysis
and modeling. Finally, we demonstrate the power of explicit
data modeling by showing how Optimal Experiment Design
comes for free once a Bayesian data analysis has been chosen. Throughout, we show participants how to incorporate
this kind of modeling into their everyday scientific workflow.
By the end of the tutorial, participants will be able to

Each participant will need a laptop but no additional materials are required for this tutorial.

Organizer Credentials
Tessler and Goodman are experts in Bayesian cognitive modeling and use BDA extensively in their own research. Tessler
is a 5th year PhD student (expected graduation June 2018)
who has designed and taught a 10-week graduate-level course
on Bayesian Data Analysis at Stanford,2 1- to 2-week courses
on Bayesian Data Analysis and probabilistic programming at
the European Summer School for Logic, Language, and Information (ESSLLI), the Fall School for Computational Linguistics (German Linguistics Society), the Probabilistic Programming and Machine Learning Summer School (PPAML),
and has been invited to teach a one-week course on these topics at ESSLLI in 2018.3 He has co-authored an interactive
web-book for probabilistic modeling of language (Scontras
& Tessler, 2017), a chapter on Bayesian Data Analysis,4 and
an R package for interfacing with WebPPL.
Goodman is an Associate Professor in the Departments of
Psychology and Computer Science at Stanford. He has taught
Bayesian modeling for roughly a decade and co-authored
probmods.org, a highly accessible interactive web-book, now
in its 2nd edition, that is used for teaching Bayesian modeling at universities and institutes around the world (Goodman
& Tenenbaum, 2016). Goodman developed the probabilistic
programming language WebPPL, as well as two other PPLs:
Church (Goodman, Mansinghka, Roy, Bonawitz, & Tenenbaum, 2008) and Pyro.

1. Build Bayesian statistical models for simple and complex
problems using a probabilistic programming language
2. Interpret the various components of such a model in terms
of one’s scientific hypotheses
3. Relate Bayesian models to more orthodox statistical models (e.g., a linear model)
4. Defend a particular model specification (priors, likelihood)
in a way that other cognitive scientists will understand

Structure
This one-day hands-on tutorial will introduce participants to
Bayesian Data Analysis, providing a set of tools and techniques that will allow researchers to conduct BDA on their
own. We will use the probabilistic programming language
WebPPL (Goodman & Stuhlmüller, 2015), which is freely
available to run in the web browser or on the command
line, as well as via the programming language R,1 to examine data sets from behavioral experiments. The course
will be taught from interactive course notes that will be
posted on the web. A schematic website can be found at
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https://mhtess.github.io/bdappl/

• Introduction to probabilistic programming
– Theory: Basics of probability, conditional probability
– Introduction to WebPPL / RWebPPL,
– Building generative models with programs
• Simple Bayesian data analysis
– Theory: Bayes’ rule
– Bayesian inference in WebPPL
– Highest posterior density intervals
– Model comparison (e.g., Bayes Factors)
• Joint inference models
– Modeling data contamination
– Building custom regression models from scratch
– Hierarchical modeling / participant-level parameters
• Analyzing cognitive models
– Theory: Cognitive models as model of a hypothesis
– Learning about the parameters of a cognitive model
• Optimal Experiment Design

2 https://web.stanford.edu/class/psych201s/
3 http://stanford.edu/%7Emtessler/short-courses/2017-computational-pragmatics/

1 https://github.com/mhtess/rwebppl

4 https://probmods.org/chapters/14-bayesian-data-analysis.html
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This symposium on Event-Predictive Cognition (EPCog) will
scrutinize the apparent strong linkage between events and
predictions. Events, characterized as “a segment of time at
a given location that is conceived by an observer to have a
beginning and an end” (p.3, Zacks & Tversky, 2001), seem to
be predictively encoded in our minds, linking and temporarily
binding the essential aspects that constitute an event. However, in different disciplines the concept of an event as well as
of predictions and predictive encodings has been treated from
different perspectives and by means of different paradigms.
The EPCog symposium brings together cognitive scientists, who are experts in developmental, cognitive, and neurocomputational psychology, linguistics, machine learning, and
neuroscience. The overall goal is to foster an interdisciplinary
knowledge exchange about the connections between predictions, event processing, event encodings, including their development, as well as closely related computational modeling
approaches. Questions addressed to varying extents from different (inter)disciplinary perspectives in all talks are:
• Is there a common principled encoding of events?
• How do predictions unfold while processing events?
• Are predictions critical for developing event encodings and
hierarchical encodings thereof?
• How do non-linguistic event encodings interact with language?
• How are predictive event encodings related to working and
long-term memory?
• How do predictive event encodings interact with anticipatory behavior and cognition?
Event-related cognitive science questions, such as how humans apprehend, perceive, encode, and process events as well
how events interact with behavior and cognition, have been
addressed by cognitive scientists for decades. The perception of simple behavioral events, such as walking, grasping, or throwing, has been studied with biological motion
perception paradigms beginning in the 1970s, if not earlier
(Johansson, 1973). Similarly, linguistics has acknowledged
from early on a close relation of sentences as event descriptors – with agents and patients constituting the main involved
entities and the verb describing an event progression or an
event situation (cf. e.g. Jackendoff, 2002). In fact, it appears

that language is closely related to how we structure events
cognitively (Papafragou, 2015). Language abilities seem to
be grounded in and develop from pre-linguistic, conceptual
structures of events, including implicit knowledge about our
own body, our own behavioral abilities, physics and particularly objects, the abilities of others, and social behavior.
Somewhat more recently, these conceptual analyses have
developed into deeper theoretical analyses and cognitive theories. Two influential theories in cognitive psychology have
focused on the behavioral and perceptual relevance of events.
Closely related to the ideomotor principle, which dates back
to the 19th century, the theory of event coding (Hommel,
Müsseler, Aschersleben, & Prinz, 2001) postulates that our
mind tends to develop common codes between motor activities and their contingent sensory effects. These event codes
then enable the goal-directed motor activation when desiring
the associated sensory effects – essentially developing compact sensorimotor event codes. Focusing more on the perceptual side, event segmentation theory postulates that humans encoded events compactly in memory and somewhat
differentiate event encodings from event transition encodings, which link events to each other over time (Zacks, Speer,
Swallow, Braver, & Reynolds, 2007). Over the last two
decades, these two theories have intensively studied, verifying the high adaptability and flexibility of event codes as well
as its relevance with respect to memorization and prediction.
Concurrently, the predictive mind, predictive encodings,
and anticipatory behavior have been studied as key concepts
for the development and pursuance of higher level cognitive
abilities, including action and language (cf. e.g. Butz & Kutter, 2017; Cooper, 2010; Engel, Friston, & Kragic, 2016).
This predictive mind perspective essentially suggests that we
develop abstract thoughts and language from systematically
and actively exploring and processing continuous sensory and
sensorimotor streams of information. Moreover, we do so
in an active, anticipatory manner, in that desired anticipated
future states selectively invoke those actions and (believed)
consequences, where “desired” refers to both, a motivational
desire towards internal homeostasis as well as an informationtheoretic desire towards improved world knowledge (cf e.g.
Friston, 2009).

21

References

It remains unclear, however, how our mind properly abstracts these streams of information into symbolizable, conceptual units of cognition. How are these units encoded to enable their recombination in compositionally meaningful manners? Contemporary models of action selection that consider
event knowledge for invoking control (e.g. Cooper, Ruh, &
Mareschal, 2014; Gumbsch, Otte, & Butz, 2017) only provide limited solutions. Yet understanding the involved abstraction processes, the resulting abstract encodings, and their
compositional recombination is critical when aiming to understand the human mind.
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Putting this together, event-predictive cognition (EPCog)
may be a key to develop compositionally recombinable conceptual structures as well as to understand the development
of the human mind from a functional and computational
perspective (Butz, 2016; Butz & Kutter, 2017). Eventpredictive encodings may enable higher-level cognition, such
as episodic memory and language, integrating various percepts, dynamics, and actions into consistent wholes. EPCog
may explain how a continuous sensorimotor stream can be
transformed into discrete, high-level, conceptual representations, which are compositionally recombinable.
Our four renowned contributing speakers will set the stage
for a highly interesting and productive knowledge exchange
and discussion on events, predictions, and cognition as well
as their close interrelations.
• Rick Cooper will apply a neurocomputational modeling
approach to address the challenge of abstracting conceptual event structures from sensorimotor information. He
will argue that a fundamental purpose of such event structures is to preempt errors of action, and will demonstrate
how abstracted event structures may be used by cognitive
monitoring processes to trigger proactive control and replanning, thereby avoiding error.
• Jeff Elman has studied language processing and modeled it
with recurrent neural networks for several decades. In his
presentation with Ken McRae (based on Elman & McRae,
2017) he will focus on the temporal structure of events representations, its potentially hierarchical nature, and underlying common encodings using modeling and large-scale
norming studies of event protocols.
• Anna Papafragou focuses on cognitive and linguistic aspects of event representations, as well as on the development of event perception and processing in children. She
will address the nature of event representations while processing particular events as well as while producing linguistic event descriptions.
• Jeff Zacks relates the perception and processing of events
directly to prediction error processing, episodic memory,
and action planning (Richmond & Zacks, 2017). An event
is viewed as a currently active (predictive) code in working memory, which is updated when error spikes are detected. Moreover, he addresses the potential for applying
the gained theoretical insights for treating memory disorders.
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The cognitive systems of visual and multimodal narratives
Neil Cohn (neilcohn@visuallanguagelab.com)
Department of Communication and Cognition, Tilburg University, The Netherlands

Emily Coderre (emily.coderre@med.uvm.edu) & Elizabeth O’Donnell
Department of Psychology, University of Vermont, USA

Aidan Osterby (aidan.osterby@gmail.com) & Lester C. Loschky (loschky@ksu.edu)
Department of Psychology, Kansas State University, USA
memory at event boundaries and attentional breadth. During
the first two seconds of picture viewing, viewers make long
saccades and short fixations (ambient mode), but by 4-6
seconds, they make short saccades and long fixations (focal
mode). Viewers’ average saccade length measures the extent
of their overt visual attention. Integrating these findings,
SPECT proposes that visual attention broadens at event
boundaries and then narrows in the middles. We tested this
hypothesis in two lines of research. First, we used picture
stories similar to comics, except one views the narrative
sequence one picture at a time. One group of viewers
segmented 6 picture stories, and another group viewed them
while we tracked their eyes (overt attention). Viewers
remained in the ambient mode longer while viewing pictures
at normative event boundaries than middles. Second, we had
participants view videos of everyday events while
performing the gaze-contingent useful field of view visual
discrimination task to measure their covert attentional
breadth at normative event boundaries and middles. Around
event boundaries, viewers’ attention expanded, then
narrowed toward the middles, consistent with SPECT’s
hypothesis. Thus, using both overt and covert attention
measures, in picture stories and everyday event videos, we
supported SPECT’s hypothesis in visual narratives.

Keywords: visual narrative; visual language; event
perception; scene perception; attention; comics; autism

Introduction
Cognitive research on visual and multimodal narratives has
been burgeoning in the last decade. An increasing number of
researchers in the psychological sciences have turned to
examining sequential images from a variety of
subdisciplines, particularly those from fields of linguistics
(Cohn, 2013a), discourse studies (Magliano, Larson, Higgs,
& Loschky, 2015), the perceptual sciences (Foulsham,
Wybrow, & Cohn, 2016; Loschky, Hutson, Smith, Smith, &
Magliano, In press), and the cognitive neurosciences (Cohn,
Paczynski, Jackendoff, Holcomb, & Kuperberg, 2012).
This broad coverage by different subfields of the cognitive
sciences is testament to how complex sequential images can
be, especially when they combine in multimodal interactions,
such as with text. Indeed, visual narratives have proven to be
a good testing-ground for many facets of basic cognition.
The presentations in this symposium highlight several
emerging lines of research on visual narratives in the
cognitive sciences, spanning across the subfields of
psycholinguistics, scene perception, cognitive neuroscience,
and clinical psychology.

Complexity in Visual Narrative Grammar

Changes in attentional breadth while viewing
visual narratives: A test of the Scene
Perception & Event Comprehension Theory
(SPECT)

Recent work by Neil Cohn on visual narrative has posited
that sequential images draw on a Visual Narrative Grammar
(VNG) that uses similar principles to linguistic syntax, only
at a discourse level of semantics (Cohn, 2013b). Early
empirical work on VNG sought to establish the validity of
basic constructs such as distributionality of narrative
categories, constituent structure, and the independence of
narrative structure from semantics. In addition, studies of the
electrophysiology of the brain using event-related potentials
have implicated similar neural responses to the manipulation
of narrative and semantics as to syntax (P600, LAN) and
semantics (N400) in sentence processing (Cohn, Jackendoff,
Holcomb, & Kuperberg, 2014; Cohn et al., 2012). Here, we
focus on a new stage of research which looks at additional
hallmarks of syntactic structure in narrative grammar:
relationships of units and constituents across distance
dependencies, such as those where the same content may be
rearranged to yield a different structure. Such work shows

The first presentation by Lester C. Loschky, Ryan V.
Ringer, Maverick E. Smith, John P. Hutson, Heather R.
Bailey, Jeffrey M. Zacks, and Joseph P. Magliano
examines visual narratives from the perspective of scene
perception and event cognition. We tested a novel hypothesis
of the Scene Perception & Event Comprehension Theory
(SPECT) (Loschky, et al., In press) regarding the relationship
between front-end processes, which operate during single eye
fixations (e.g., attentional selection), and back-end processes,
which occur across fixations in memory (e.g., shifting to
build a new event model), while viewing visual narratives.
Event perception research has shown better memory for
objects fixated at event boundaries than event middles. Scene
perception research suggests a potential connection between
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further that sequential image comprehension extends beyond
juxtaposed semantic relationships between images, and
highlights the “syntactic” nature of narrative grammar.

with ASD and typically-developing (TD) adults. Stimuli
consist of normal sequences (containing both structure and
meaning); semantic-only sequences (containing meaning
between panels but no narrative structure); structural-only
sequences (containing a narrative structure but no semantic
relatedness); and scrambled sequences (randomly-ordered
panels with neither semantic relatedness nor narrative
structure). Semantic processing is evaluated by comparing
the effect of sequence type on the N400 component of the
event-related potential (ERP), while structural processing is
evaluated via the left anterior negativity (LAN) effect.
Preliminary results will be discussed with respect to patterns
of semantic and structural processing both within and
between groups. This work offers a novel insight into
mechanisms of narrative comprehension in ASD.

The online processing of multimodal narratives
While there is a large body of work on traditional text
narratives, and growing work on wordless visual narratives,
there is relatively little on the comprehension of multimodal
narratives, where text and images combine. This presentation
by Aidan Osterby, Neil Cohn, Lester C. Loschky, and
Joseph P. Magliano examines the interaction between
sequential images and text. Cohn (2016) proposed a
framework in which multimodal relationships are classified
based on whether one or both modalities convey the primary
meaning, and whether one or both modalities contain a
necessary structural ordering, or grammar. The current study
explores “co-assertive” cases—when both modalities balance
their expression of meaning, and both use a grammatical
structure. Here, we present two experiments which examine
the self-paced viewing times to participants who were shown
comics strips that modulate their structural contributions of
text and images—via deletion and reordering of neither, one,
or both modalities. Our findings support that text-image
interactions balance relationships beyond meaning alone, and
such work provides initial support for examining these
complex multimodal interactions in systematic ways.
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The roles of semantic relatedness and narrative
structure in narrative comprehension in
individuals with ASD
The final presentation by Elizabeth O’Donnell, Neil
Cohn, and Emily Coderre examines visual narratives from
a different perspective, by examining the comprehension
abilities of a different population. Individuals with autism
spectrum disorders (ASD) often struggle with narrative
comprehension. Such difficulties could arise from impaired
semantic processing and/or impaired grammatical
processing, both of which have been documented in this
population. Most studies investigating semantic processing
and grammatical comprehension have used written or spoken
sentences or narratives; yet language deficits are also
documented in ASD, which may confound results. This
makes visual narratives an ideal venue for investigating more
global aspects of narrative comprehension in this population.
In previous work we have shown that semantic processing is
impaired for both linguistic and visual narratives in ASD
(Coderre et al., Under Review). It remains to be seen,
however, whether narrative comprehension difficulties might
also stem from impairments in structural sequencing abilities
that are required for narrative comprehension. We investigate
semantic and structural (grammatical) processing in nonlinguistic narrative comprehension to determine the relative
contributions of each to the purported impairments in
narrative comprehension in individuals with ASD. To do so
we replicate a previous study of sequential image
comprehension (Cohn et al., 2012) in a population of adults
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Thus, a basic problem is discovering the acoustic
dimensions that allow for speech decoding. In particular, the
listener must track parameters of speech-relevant acoustic
dimensions, so that the information they provide for speech
decoding can be appropriately weighted. This information
includes 1) a dimension's validity (how strong is the mapping
between variability across an auditory dimension, and sound
identity or category?); 2) its availability (how often is that
dimension encountered); 3) its redundancy (how much
informational overlap is there between this dimension and
others?); 4) its salience (to what degree do the basic acoustics
of the dimension attract exogenous attention); and 5) its cost
(how difficult is it to perceive the dimension, or extract its
underlying statistics?).
Crucially, the values of these parameters vary widely as a
function of acoustic and linguistic context. For example,
whereas the pitch of some speech segments is a secondary
cue to in quiet environments, its role is much greater in noise.
Therefore, the listener must dynamically reweight the
informative acoustic dimensions, taking into account the
context-specific modulation of these parameters to maximize
the likelihood of recovering the talker's intended message.
Viewed this way, speech and non-speech auditory
recognition and categorization can be thought to involve
dynamic perceptual reweighting of multiple auditory
dimensions across different timescales (Francis & Nusbaum,
2002; Heald & Nusbaum, 2014; Idemaru & Holt, 2014). By
extension, proficient speech comprehension can be modelled
- at least in part - as becoming skilled in modulating the
attentional gain to specific auditory dimensions, and doing so
in a context-sensitive way. This theoretical approach takes
advantage of advances in understanding the acquisition of
expert visual skills, and also relies on the decades of research
in both human and non-human animals that listeners adjust

Keywords: attention; learning; computational modeling;
speech communication.

Background
The acoustic world is variable and messy. Signals that
allow listeners to identify and/or disambiguate important
auditory objects (an unusual rustle of leaves in a darkening
forest, your winning bingo number) will likely share many
acoustic characteristics with other sounds in the environment.
What is more, the most diagnostic auditory dimensions for
detecting the ominously rustling leaves or categorizing a
crucial syllable may be obscured, distorted, or missing. Just
as often, the diagnostic acoustic dimensions may change
completely across contexts.
These challenges are ubiquitous in speech comprehension.
People talk with different accents, different speaking rates,
different vocal tracts, and often at the same time. A talker
may turn away from you in the middle of a conversation, and
then decide to whisper the most intriguing part of their
sentence, so as not to be overheard by the person they are
talking about. Or, worse yet, the talker may imitate the very
different and distinct voice of the object of conversation.
Each of these cases dramatically changes the character,
usefulness, and significance of the acoustic dimensions
available for speech comprehension.
This variability and context-dependence in the mapping
between acoustic dimensions and the identity or significance
of a sound segment means that an 'acoustical fingerprint'
computational approach that has been so successful in
recognizing recorded music even in degraded recordings and
noisy backgrounds (Wang, 2003) may not be very successful
for humans or machines trying to perceive and understand
natural speech in everyday environments.
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their reliance on different dimensions on a moment-bymoment basis (Shamma & Fritz, 2014). It is also
complementary to, and informed by, a number of theoretical
models (functionalist, probabilistic, Bayesian, cueintegration) that emphasize the dynamic and probabilistic
nature of language processing and speech perception (e.g.,
Bates & MacWhinney, 1989; Kleinschmidt & Jaeger, 2015;
McClelland & Elman, 1986; McMurray & Jongman, 2011;
In this symposium, we sketch out a framework for
approaching speech perception as a process of dimensionbased auditory attention.
First, Lori Holt reviews the evidence for the ubiquity of
context-informed perceptual reweighting in multiple speech
domains, showing that listeners are not only sensitive to the
validity, availability, redundancy, salience, and cost of
auditory dimensions that are diagnostic for sound identity or
category, but that they adjust their use of these dimensions
based on multiple, dimension-specific contextual cues on a
moment-to-moment basis.
Second, Howard Nusbaum discusses how the acquisition
of perceptual expertise is shaped by context and cognitive
mechanisms of working memory and attention. To this point,
conceptually framing auditory processing as a skill rather
than a native ability (as speech perception is often
characterized) opens the way to investigate how feedback
from the environment about success in achieving perceptual
goals can work to shape attention dynamically in and for
different contexts.
Third, Fred Dick reviews ongoing behavioral and
neuroimaging research from our laboratories that examines
both associative and causal relationships between general
auditory attentional and speech comprehension skills. In
particular, he focuses on what candidate mechanisms might
be involved at different stages of learning and transfer
between non-speech and speech, and how short- or long-term
shifts in the informational parameters of a given dimension
(in particular validity and salience) might drive
representational change.
Fourth, Neeraj Sharma reports on how current machine
perception models for speech recognition reweight acoustic
dimensions, whether they use similar strategies as reported
for humans, and what mechanisms or metaphors machine and
human perceptual approaches might profitably borrow from
each other.
Finally, Barbara Shinn-Cunningham lays out key
similarities and differences in the way that object- and
dimension-selective attention appear to play out in audition
and vision.
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that people frequently fail to spontaneously retrieve highly
relevant analogous content from memory even under
optimal conditions for transfer. Such access failure is
usually attributed to a retrieval bias favoring superficially
similar matches even when structural (relational) similarity
determines the utility of the knowledge. The category status
hypothesis is that encoding examples that have common
relational content in the form of a psychological category
protects against inert knowledge. This hypothesis motivates
new instructional techniques. Evidence from both laboratory
and naturalistic (7th grade science) investigations of a
category construction sorting task have produced impressive
rates of spontaneous transfer within and across domains.
Category building (using supports such as category labels,
category summarization, and explicit framing of study
materials as categories) has been found to increase access to
analogous content. Our studies utilize approaches such as
comparison, labeling, and use of multiple examples along
with direct category-building techniques as potential paths
to promoting category status. We present evidence on how
established and emerging approaches serve to improve
knowledge access under the conditions of high-relational,
low-superficial match.

Keywords: relational concepts; category learning and
generalization;
abstraction;
analogical
processing;
comparison; computational modeling; cognitive development;
education

Research on categories has historically focused on
categories whose members share intrinsic properties, such
as eagle and flute. But recent work has investigated a
different kind of nominal category—relational categories
(Gentner, 2005; Gentner & Kurtz, 2005; Goldwater &
Markman, 2011; Markman & Stilwell, 2001). By relational
category we mean a category whose membership is
determined by common relational structure, rather than by
common intrinsic properties. For instance, for X to be a
bridge, X must connect two other entities or points; for X to
be a carnivore, X must eat animals. Relational categories
contrast with entity categories like eagle, whose members
share many intrinsic properties. Relational categories (or
concepts, if we want to think about their intension) are
important in cognitive life, especially in higher-order
cognition. They vastly increase our capacity to
communicate and reason about complex ideas and are
critical to acquiring expertise in mathematical and scientific
domains (Goldwater & Schalk, 2016; Richland & Simms,
2015). Thus, an understanding of how such categories are
learned and used is imperative.
The symposium presents talks integrating methodologies
and perspectives from psychology, education, human
development, and artificial intelligence. They explore how
relational categories are learned, what we can do with them,
and how they integrate with other cognitive factors (e.g.,
language). Together, these talks reveal both the challenge
and the utility of acquiring relational categories, and
highlight the need for continued examination of their role in
cognition and education.

Labeled Relational Categories Combat
Children’s Object Bias in Relational Reasoning
Gentner & Simms
Higher-order reasoning relies on relational structure; yet
early in learning, children are often distracted from relations
by irrelevant or conflicting objects. In ongoing studies, we
are testing (1) whether learning relational categories can
help children overcome this object bias and (2) whether
labeling these category matters (Simms & Gentner, 2013).
5- and 6-year-olds played a computerized pattern-matching
game, in which they saw groups of three shapes in a
particular pattern (e.g., ABA), and had to select the
alternative with the same pattern (XYX) over one with a
different pattern (WWZ). On Neutral trials, the correct
relational match was pitted against a non-match, as in the
above example. On Conflict trials, the correct match was
pitted against an incorrect object match (e.g., XYX vs.

Promoting Knowledge Transfer via Relational
Categories
Kurtz, Honke, & Snoddy
Accessing prior knowledge is critical to successful
learning and thinking. The problem of inert knowledge is
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AAB). Prior to this task, children were divided into 3
groups. One group was taught to sort items by color (red,
green or blue). The other 2 groups were taught to sort by
spatial relational categories (AAB, ABA, or BAA); these
two differed in that for one group, the relational categories
were labeled (e.g., “Lefties go in this box”), while for the
other, they were not (“This kind goes in this box”). As
expected, in the matching task, among children who had
learned color categories, performance was disrupted by
conflicting object matches. However, children who had
learned spatial relational categories showed no object bias—
they were equally accurate with or without conflicting
object matches. Further, children who had learned labels
were significantly better than those who had not. These
findings suggest that learning relational categories supports
children’s relational reasoning, especially if those categories
are labeled. More broadly, these results suggest that the shift
from object focus to relational focus is driven by learning,
not simply by maturation.

simple ratio problems that require a lower order solution.
We tested two strategies drawn from research on analogical
development: 1) increasing/ activating prior knowledge
representations, and 2) reducing EF load. Worked examples
of division on non-ratio problems were used to activate
prior knowledge, and visible visual representations and
gesture were used to reduce EF load. Results with 218 5th
grade students (58% Females, 87% Underrepresented
Minority), reveal that (a) integrating these approaches was
the most effective at both increasing higher order strategies
and reducing lower order strategies, and (b) reducing EF
had a main effect on performance, though increasing/
reminding of prior knowledge did not.
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Simulating relational category learning via
analogical generalization
Forbus
How might relational categories be learned? People do
not need millions or even hundreds of examples to begin
appreciating relational categories.
The Sequential
Analogical Generalization Engine (SAGE) is a structuremapping model for learning relational categories. Given a
stream of examples, SAGE incrementally builds up a set of
generalizations and outliers that reflects the common
structure of what it has seen. Generalizations capture
important common relational structure. Furthermore, each
fact in a generalization has a probability based on frequency
of occurrence for aligned statements, thereby providing a
basis for probabilistic reasoning, including Bayesian
reasoning. This talk will describe some experiments using
SAGE to learn relational categories, showing that it is dataefficient in doing so.

Prior Knowledge and Worked Examples in
Learning the Concept of Proportionality
Richland, Matlen, Lyons & Klostermann
The concept of proportionality is critical to logical and
mathematical reasoning. Proportionality is a higher-order
relational concept, in that to recognize that two proportions
are equal requires perceiving a relation between relations
(e.g., perceiving that the relation between 1 and 2 is the
same as the relation between 3 and 6). Not surprisingly,
reasoning about proportionality is highly difficult for middle
school learners (Fuson & Abrahamson, 2005). Our goal in
this research was to is improve children’s ability to
categorize proportional word problems as having higher
order relational structure—thus requiring solutions that take
this structure into account—rather than categorizing them as
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applications to advancing both scientific understanding and
our understanding of science. Common themes addressed
by the talks include: bottom-up and top-down processes for
detecting patterns, exploring new hypotheses versus testing
existing hypotheses, scientific practice as a multi-level
search process, perception and the postulation of hidden
variables, and the relation between laboratory experiments
and scientific reasoning “in the wild.”

Keywords: scientific discovery; computational modeling;
philosophy of science; reasoning; simulations; cognitive
development

Introduction
The scientific understanding of scientific understanding has
been a long-standing goal of cognitive science. A satisfying
formal model of human scientific discovery would be a
major intellectual achievement, requiring solutions to core
problems in cognitive science: the creation and use of apt
mental models, the prediction of the behavior of complex
systems involving interactions between multiple classes of
elements, high-level perception of noisy and multiply
interpretable environments, and the active interrogation of a
system through strategic interventions on it – namely, via
experiments. Over the past decades there have been
numerous attempts to build formal models that capture what
Perkins (1981) calls some of the “mind’s best work” –
scientific explanations for how the natural world works by
systematic observation, prediction, and testing. Early work
by Hebert Simon and his colleagues (Langley, Simon,
Bradshaw, & Zytkow, 1987) developed production rule
systems employing heuristics to tame extremely large
conjoint search spaces of experiments to run and hypotheses
to test. Qualitative physics approaches seek to understand
physical phenomena by building non-numeric, relational
models of the phenomena (Forbus, 1984). Some early
connectionist models interpreted scientific explanation in
terms of emerging patterns of strongly activated hypotheses
that mutually support one another (Thagard, 1992).

Computational Models of Mental Models of
Computational Models of the World
Robert L. Goldstone, Francisco Lara-Dammer, Douglas R.
Hofstadter
In classroom and laboratory observations of students
interacting with computer simulations to learn systems
principles, we have observed systematic misinterpretations
of these simulations.
Students (and scientists) often
discover erroneous patterns in the simulations, and construct
underlying rules for the interactions among simulation parts
that diverge substantially from the actual rules underlying
the simulations. At the same time, students can also
sometimes learn a considerable amount about the causal
mechanisms underlying a simulation by interacting with it.
To understand both the successes and failures of students’
interpretative efforts, we have developed a computational
model of the process by which human learners discover
patterns in natural phenomena. Our approach to modeling
how people learn about a system by interacting with it
follows three core design principles: 1) perceptual
grounding, 2) experimental intervention, and 3) cognitively
plausible heuristics for determining relations between
simulation elements. In contrast to the vast majority of
existing models of scientific discovery in which inputs are

The last few years have seen rapid and exciting progress on
modeling scientific understanding. The purpose of this
symposium is to present some promising recent examples of
models of scientific discovery, and describe their
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presented as symbolic, often numerically quantified,
structured representations, our model takes as input
perceptually grounded, spatio-temporal movies of simulated
natural phenomena. Given this relatively raw visual
representation,
instilling
plausible
(per/con)ceptual
constraints is key to building apt and efficient relation
detectors. We will consider the recognition of relations
such as: collide, attract, repel, change state, transfer state,
excite, and inhibit. An application of the model to the
discovery of ideal gas laws will be described.

rules, the CRISPR case displays the importance of concepts,
images, analogies, emotions, and social interactions.

Discovery Generative Programs and
Approximations in Learning from Dynamical
Scenes
Tomer Ullman, Andreas Stuhlmüller, Noah D. Goodman,
and Joshua B. Tenenbaum
Scientific theory formation and intuitive concept discovery
is often phrased over explicit logical rules, such as "if A is a
magnet and B is a magnet, then A and B will interact".
However, this formulation does not track the fine-grained
nature of mental simulation necessary for physical
reasoning. We describe a hierarchical generative model for
reasoning about intuitive physics, using a probabilistic
program for going from abstract concepts of force and
properties down to perceptual simulation. Within such a
program, simple learning corresponds to inferences about
lower-lever parameters such as the particular mass or
friction of an object, while more radical learning
corresponds to inferences about higher-level definitions. We
consider the application of this model for a relatively simple
2D domain involving attraction, repulsion, friction, and
global forces. Even within such a limited domain, there is a
vast number of possible theories, in the sense of a vast
number of settings of the program that can potentially
generate the data. We propose that efficient search of the
space of possible theories, whether as a scientist or a naive
adult, relies on an approximation to ideal reasoning, in the
form of lower-level perceptual features trained by
simulation. These features do not remove the need for a
generative simulation, but they allow a reasonable learner to
start with a reasonable guess of the correct theory, and to
conduct a short(ish) search of the nearby mental space.

Paradigm Shifts, Hierarchical Bayesian Models
and High-Temperature Search
Alison Gopnik, Thomas L. Griffiths, Christopher G. Lucas
One of the classic problems in philosophy of science
involves the relationship between belief revision in
everyday life and the broader changes in scientific theory
formation, particularly the changes in “framework theories”
leading to paradigm shifts. We articulate this relationship in
terms of hierarchical Bayesian models. Higher-order beliefs
constrain beliefs at the lower level, but higher-order beliefs
can also be revised when evidence accumulates at a lower
level. The basic mechanisms for both kinds of belief change
are similar, but changes at the higher-level will appear to be
more radical and “framework theory”-like than those at the
lower level. We show that very young children can make
inferences at the higher-level as well as the lower-level and
that they are actually more willing to consider high-level
changes than typical adults are. This difference may be
explained in terms of different search strategies – a lowtemperature narrow, “exploit” search that respects the
constraints
of
higher-order
beliefs
and
seeks
accommodation to evidence through changes in lower-level
beliefs versus a broader “high-temperature” “explore”
search that moves further from current beliefs and considers
both higher and lower level changes. Science may proceed
by encouraging broad high-temperature search even in
adulthood, and by providing conditions in which incentives
for exploration outweigh those for exploitation.
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Scientific discoveries concern not just new concepts and
hypotheses, but also new methods, including: naturalistic
explanation, experimentation, mathematical techniques such
as calculus and statistical inference, instruments such as the
telescope and spectroscopy, and taxonomy. All of these
methods can be represented by rules, some of them
multimodal. These rules can be generated by a cognitive
process of procedural generalization. The important new
biological method for gene editing, CRISPR/Cas9,
illustrates the mental representations and processes that
produce procedural scientific discoveries. In addition to
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resources. DeCaro reports on two experiments revealing that
trait mindfulness can reduce the impacts of pressure and
anxiety on test performance. Finally, Shah and Ibraham
demonstrate that individuals with high math anxiety or low
knowledge may select low demand study techniques but may
learn the most from high demand techniques.
In total, this symposium integrates across a wide range of
talks to develop new insights into the relationships between
EFs, pressure/ anxiety, and mathematics learning. The
symposium will clarify how these mechanisms are
interrelated, and the moderator, Richland, will draw the
audience into a discussion of future directions for the field
and leverage points for education, time permitting.

Keywords: Executive Functions; Mathematics; Anxiety;
Pressure; Stereotype threat; Mindfulness

Introduction
This symposium integrates findings across studies
conducted in both laboratory and classroom contexts to
draw attention to the relationships between Executive
Functions (EFs) and feelings of anxiety in a context with
educational consequences: Mathematics. EFs, the cognitive
resources including working memory and inhibitory control
that enable attentional control, manipulation of mental
representations, and task switching (Miyake et al, 2000),
powerfully predict mathematics achievement (Bull & Lee,
2014). Mathematics is also a domain in which anxiety and
performance pressure are often heightened, which can result
in worry ideation and load to EF resources (Foley et al,
2017; Schmader & Beilock, 2012). However, despite these
relationships, mathematics cognition under pressure remains
under-considered.

Effects of Domain-general and Domainspecific Training on Numerical Cognition
(Jaeggi)
Providing children with a strong foundation in mathematics
is of critical importance since early number knowledge is
highly predictive for later scholastic achievement. In this talk,
I will report the results of several experiments in which we
trained kindergartners on an intervention that targeted either
their working memory or their understanding of numerical
magnitudes. Our data show that both interventions improve
children’s numerical magnitude knowledge, providing
evidence for the theory that both domain-specific and
domain-general skills contribute to the development of
children’s numerical knowledge. Furthermore, our data also
suggest that individual differences in executive functions
predict training outcomes, and as such, targeting those
functions directly could leverage learning outcomes across a
broad range of domains including math.

Session Overview
In this symposium, panelists each examine relations between
mathematical thinking and EFs, and/or anxiety. The overall
aims of the symposium are to both better clarify the
mechanisms underpinning complex mathematical thinking,
as well as to identify leverage-points for using individual
difference data to develop intervention strategies to optimize
mathematics instruction. Participants engage with this
question from a diversity of approaches, examining basic
number concepts, mathematics, and engineering content
domains, in child, adolescent, and adult populations- in both
classroom and laboratory study contexts.
Jaeggi reports experiments using an EF and number
training design to clarify the relationships between number
magnitude skills (a foundation of early mathematics), EFs (a
domain general mechanism) and early numerical skills
(domain-specific), finding that both trainings improve
numerical cognition. Lyons and Richland report on
experimental manipulations of stereotype threat and pressure,
revealing that these stressors can reduce cognitive
engagement in a mathematics lesson, likely by loading EF

Impacts of Stereotype Threat and Pressure on
Math Learning (Lyons & Richland)
Stereotype threat and pressure can lead to intrusive thoughts
and worries that tax EF resources (Schmader & Beilock,
2012) and are well-known to harm test performance. In this
talk, we describe results from two studies examining how
experiencing stereotype threat or pressure during a
cognitively demanding conceptual math lesson impacts
initial learning.
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In both studies, students viewed a videotaped lesson on
ratio, with stereotype threat or pressure manipulated before
instruction. In Study 1, 135 predominantly minority 5th grade
students (83% African American, 17% LatinX; 71 girls) were
randomly assigned to provide either their race or the date
before the lesson. Students who gave their race retained less
learning when measured at a 1-week delay, with the greatest
detrimental impact seen among students with high baseline
EF resources who otherwise learn the most from this lesson.
Participants in Study 2 were 178 diverse 5th grade students
(33%African American, 27%White, 26% LatinX, 13%
Biracial; 88 girls). Before the lesson, half the participants
were told that they would later be taking a test on the lesson’s
content and their entire class would receive a desired
incentive (or not) based on how well they performed. The
pressure manipulation did not impact boy’s learning, but girls
assigned to the pressure condition retained less learning over
time. This pattern of findings suggests that engagement of EF
resources in worry ideation about performance or being
judged stereotypically may interfere with students’ ability to
engage deeply with conceptual math instruction in ways that
promote enduring conceptual math understanding.

1) gain a better understanding of the factors that shape
student’s likelihood of using cognitively demanding study
strategies, and 2) determine if individual differences in
working memory (WM) capacity, math skill or math anxiety
shape the effectiveness of high vs low demand study
strategies. In study 1, 293 undergraduate students completed
measures of math anxiety and study strategies. We found that
high math anxious individuals were more likely to use low
demand study strategies such as rereading and less likely to
use high demand study strategies such as elaboration. In
study 2, 194 college students were taught base number
conversions and randomly assigned to study the computation
either using worked out examples (lower WM demand) or
actively problem solving (high WM demand). After a fiveminute break, individuals completed a final test consisting of
eight novel base number conversion problems. Studying
worked examples was less effective for individuals with low
math skills, who also had lower WM capacity and higher
math anxiety. Together, results from studies 1 and 2 suggest
that math anxious students, who tend to have lower math
achievement, are selecting to use study strategies that are low
in “desirable difficulty” and WM demand, though they might
benefit the most from the more demanding, active problem
solving.

Mindfulness and Test Anxiety in
Undergraduate Engineering Mathematics
(DeCaro, Bellinger &Ralston)
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High-stakes testing environments can lead to worries and
negative ruminations that co-opt working memory resources,
reducing mathematics performance. For example, students in
undergraduate engineering mathematics courses frequently
report test anxiety, which is associated with lower grades. We
examined whether dispositional mindfulness may serve as a
buffer to the effects of test anxiety by improving emotion
regulation in stressful test settings. In Study 1, we examined
mathematics performance in a high-pressure laboratory
setting. Mindfulness indirectly benefited mathematics
performance by reducing the experience of state anxiety. This
benefit occurred selectively for problems that required
greater working memory resources. Study 2 extended these
findings to a calculus course taken by undergraduate
engineering majors.
Mindfulness indirectly benefited students’ performance on
high-stakes quizzes and exams by reducing their cognitive
test anxiety. Mindfulness did not impact performance on
lower-stakes homework assignments. These findings reveal
an important mechanism by which mindfulness benefits
mathematics performance: mindfulness may reduce the
negative impact of anxiety about performance, enabling
students to more fully devote working memory resources to
the test.

The role of individual differences when
studying mathematics (Shah & Ibrahim)
Decades of research demonstrate that cognitively demanding
study strategies can act as “desirable difficulties” facilitating
long-term retention (Bjork, 1994). In two studies, we aim to
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frequency and content of such auditory percepts. Finally,
Artin Arshamian presents new research into the crosscultural perception of olfaction. As with other sensory
modalities, there is a presumption of universality in this
domain: the claim is that the chemical structure of a molecule
determines its pleasantness. Arshamian presents results from
a larger-scale cross-cultural investigation that broadly
supports the contention of universality in this domain.
Together these talks demonstrate both where our theories
of perception and conception are supported by the crosscultural data, and where we must reconsider the facts; and as
such find a more robust path to understanding both the
commonality and diversity of the human mind.

Keywords: perception; culture; language; color; sound; smell;
sense of being

Overview
The cognitive sciences have been in a long-standing
dispute—is perception uniform and universal (Fodor, 1983;
Firestone & Scholl, 2016), or could our beliefs, thoughts, and
experiences affect our percepts (Bruner, Goodnow, & Austin,
1956; Goldstone, de Leeuw, & Landy, 2015)? Laboratorybased experiments have shed crucial light on when and how
perception and conception interact, but the diversity of
human cultures worldwide provides a different type of insight
into the nature of mind—“a natural laboratory of variation”
(Evans & Levinson, 2009: 432) which can be exploited to test
how similar or different aspects of perception and conception
are in their varied ecological niches.
This symposium uniquely brings together leading and
emerging scholars investigating a broad swathe of perceptual
notions across cultures. To date, the cognitive sciences have
taken as their model perceptual system vision, and hundreds
of studies have focused on color categorization and
perception across cultures. In this session, we revisit the field
of color categorization with a state-of-the-art talk from
Edward Gibson on what accounts for the variation we find
cross-culturally. But we also move beyond vision to the
lesser-studied senses of audition and olfaction too. Josh
McDermott will present recent cross-cultural findings
regarding auditory perception, in particular with respect to
music, and show while some notions developed in the west
do generalize well cross-culturally, other notions are not as
well-supported (e.g., the preference for canonically
consonant pitch combinations). Tanya Luhrmann continues
on the topic of sound, and presents thought-provoking
research on experiences of auditory perception that appear
without an auditory stimulus—i.e., the perception of “hearing
voices”. She shows that cultural models affect both the

Color Categories Across Languages
Reflect Color Use
Edward Gibson, Richard Futrell, Julian Jara-Ettinger,
Kyle Mahowald, Leon Bergen, Sivalogeswaran
Ratnasingam, Mitchell Gibson, Steven T. Piantadosi,
and Bevil R. Conway
The number of color terms varies drastically across
languages. Yet despite these differences, certain terms (e.g.,
red) are prevalent, which has been attributed to perceptual
salience. This work provides evidence for an alternative
hypothesis: The use of color terms depends on
communicative needs. Across languages, from the huntergatherer Tsimane’ people of the Amazon to students in
Boston, warm colors are communicated more efficiently than
cool colors. This cross-linguistic pattern reflects the color
statistics of the world: Objects (what we talk about) are
typically warm-colored, and backgrounds are cool-colored.
Communicative needs also explain why the number of color
terms varies across languages: Cultures vary in how useful
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Are the Same Odors Universally (Un-)Pleasant?

color is. Industrialization, which creates objects
distinguishable solely based on color, increases color
usefulness.

Artin Arshamian
In olfaction odor pleasantness is believed to be the primary
axis of odor perception, and recent studies have claimed that
odor pleasantness is a predefined property of an odorants’
chemical structure (e.g., Khan et al., 2007). However, these
discoveries are based on experimental work from
industrialized and mainly Western cultures which limits
claims of universality since it has been shown that olfactory
cognition varies strongly across cultures. For example,
whereas industrialized cultures find odor naming hard some
hunter-gatherer groups find odors easy to name (Majid &
Burenhult, 2014; Majid & Kruspe, 2018). Thus we set out to
study the claim that chemical structure determines odor
pleasantness by collecting data across different non-Western
cultures including several hunter-gatherer groups. The results
indicate there may indeed by universal aspects to judgments
of odor pleasantness. This suggests variable olfactory
cognition has to interface with shared olfactory percepts.

Cross-Cultural Insights into Music Perception
Josh McDermott
Most of what we know about music and auditory perception
derives from experiments conducted on members of
developed Western societies. Yet many additional insights
can be gained by studying other cultures. Phenomena that
are consistent across cultures likely reflect biological
constraints on perception, whereas those that vary crossculturally could represent effects of culture-specific
experience. I will describe our experiments assessing
aspects of music-related audition in remote populations in
rural Bolivia. We observe significant cross-cultural variation
in aspects of perception that have been long presumed to be
universal, such as the preference for canonically consonant
pitch combinations. However, we also find strong
consistencies in other music perceptual phenomena, such as
the assumption of a logarithmic scale for pitch intervals,
despite highly divergent musical experience among the
studied cultures. The results provide new insights into
universal features of perception and the likely role of culture
in shaping how we hear and evaluate music.
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The Voices of God and The Voices of Psychosis
in the US, Ghana, and India
Tanya Luhrmann
This talk examines the phenomenological features of voicehearing among many different kinds of people. I draw from
hundreds of interviews with people who do, and do not,
meet criteria for serious psychotic disorder, and who have
experiences of hearing voices, as well as from research that
sought to train non-clinical subjects to have more sensory
experiences of God. I found that specific practices—inner
sense cultivation, or the practice of attending to inner
sensory experience—increased the likelihood that people in
the non-clinical population would report that they had a
sensory or quasi-sensory experience of God. I also found
that local models of mind affected the frequency with which
the nonclinical religious population reported hearing God’s
auditory voice, and the content of voices heard by the
clinical population. This suggests that perceptual
experiences can be altered to some degree by culture.
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cognitive science is a guiding theme for this symposium,
which also serves as an introduction of data visualization as
a fruitful research topic for the Cognitive Science Society in
its 40th Meeting, themed “Changing Minds.”

Keywords: translational cognitive science; vision; learning;
development; evidence-based decision making; data
visualization; visual reasoning

How people are able to turn information in the environment
into meaning is a critical question for cognitive science. That
environment is increasingly data-driven. Using data to inform
decisions and improve understanding of the world is a
valuable component of critical thinking, and serves as the
foundation of evidence-based decision making.
Designing graphical representations can make those data
more accessible, such that users may engage the visual
system and capacity for visual pattern recognition to discern
regularities and properties of data. We ultimately want to
understand the connection between the initial perception of
data visualizations and conceptual understanding of
information. Data visualizations, broadly, are the
representation of recorded values in visual form, including
scientific visualizations such as brain scans, or live
visualizations such as stock market monitoring; the work
discussed through this symposium is of the type used in
science, business, and medical settings to display data
abstractly.
Lessons from cognitive science have been used to improve
data visualization designs. However, the relationship
between cognitive science and data visualization is hardly
one-sided. Data visualizations can be used to learn more
about cognition itself (Fisher, Green, Arias-Hernandez,
2009). For example, a study about the memorability of data
visualizations shows that text and visual semantic
redundancy improve recall and recognition (Borkin et al.,
2015). Similarly, studies of visual routines for reading data
displays reveal that individuals show idiosyncratic feature
preferences, such as attentional biases for larger or smaller
objects, that guide visual perception (Michal & Franconeri,
2017). The reciprocity between data visualization and

Samples of Research Areas in Cognition
In this symposium we discuss lessons for cognitive science
from data visualizations spanning lower level processes
through to higher level cognition, namely
●
●
●

Perception
Attention
Cognitive development

Using data visualization as a guiding domain is valuable as
it can be queried from multiple levels of analysis; it is also
practically valuable because data visualizations support
actual decisions. Knowing how those visualizations work
has immediate practical consequences and cumulative
theoretical value.
Using such a domain -- practically useful and theoretically
extensible -- offers an opportunity for unifying presently
disjointed research areas in cognitive science.

Robert Goldstone: The mutual
visualizations and perception

shaping

of

One of the most promising ways to teach and learn difficult
concepts is to take advantage of the millions of years of
"evolutionary research and development" that has gone into
the development of human perceptual systems. Our
laboratory’s research illustrates some of the pitfalls and peaks
of using visualizations to learn about challenging concepts in
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systems thinking, algebra, neuroscience, and statistics (e.g.
Marghetis, Landy & Goldstone, 2016).
One of the important messages from this research is that
visualizations should be shaped in a way that takes into
account that people implicitly and strategically shape their
own perceptual systems to better fit the requirements of
visualizations.

graphs; the inclusion of extraneous perceptual information
hindered children’s learning and performance. These
findings underscore the importance of designing instructional
material in which visual information helps communicate the
defining relational structure of the mathematics while
minimizing extraneous detail.

Karen Schloss: Color inference and its role in visual
communication

Conclusion
The practical purpose for a data visualization is to support
decision making or offer insights. We will discuss open
problems for in an applied/translational space, including how
to instruct students to use data visualizations.
Conceptually, our panel shows how considerations spanning
perception through education/instruction are all invaluable
for understanding the connection between comprehending
visualizations and decision making or insight generation.

When people interpret data visualizations, they are faced
with a task of visual reasoning –making conceptual
inferences from visual information. People are more effective
at this task when the encoded mappings between concepts
and visual features match their predicted mappings, but the
question is, what determines their predicted mappings? We
addressed this question by studying how people interpret
color-coding systems in information visualizations. We were
specifically interested in cases where there are extensive oneto-many and many-to-one mappings in the color-concept
associations (i.e., one color is associated with many concepts,
and many colors are associated with the same concept).
Evidence suggests people resolve these conflicts by
performing assignment inference, analogous to solving an
assignment problem in optimization, to determine how colors
map onto concepts (Schloss et al., 2018).

Jessica
Hullman:
Expectations

Prior

Knowledge
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and

We are rethinking the role of prior knowledge and
expectations in visualization interaction by examining how
comprehension of data changes when a person can directly
visualize their expectations alongside data (Hullman et al.,
2018). For example, we've studied how predicting data and
then seeing the actual data alongside your prediction impacts
one's ability to remember the data a short while later as well
as to make predictions about similar future scenarios. We've
compared the impacts of eliciting and representing
predictions in a visualization to a text format to better
understand what affordances visualizations may bring for
allowing a person to repair gaps in their existing "mental
models" of a phenomena. In the process we've explored how
to most naturally elicit people's expectations given different
sets of graphical encodings, including lines and distribution
plots.

Jennifer Kaminski: Visualization and Symbols for
Math Learning
We are studying how visual representations of
mathematical concepts influence student learning, and
students’ ability to apply knowledge (Kaminsky & Sloutsky,
2013).
In several experiments, elementary school children were
taught and tested on mathematics topic such as reading bar
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We start with the following questions: (1) What can Cognitive Neuroscience tell us about the oldest of modern theories of skill acquisition? [Posner] (2) How does the latest
neurocognitive research tie in with reinforcement learning
models and theories to shed new light on remediation of effects due to schizophrenia or aging? [Vinogradov] (3) Are
there overlooked but important phenomenon in learning or
transfer? [Gray & Berry] (4) How do we instruct students on
complex emergent processes as opposed to simpler sequential ones? [Chi] Each of our panelists brings us a snapshot
of questions and issues on one or more of these questions
for what we hope is an interesting and informative ramble
through contemporary issues in learning.

suggest a parallel model of the stages of skill.
For humans, we found that 2-4 wk of meditation practice improved connectivity in pathways surrounding the anterior cingulate. This increased connectivity may provide a
mechanism for producing the automatic stage of processing.
This hypothesis was tested and supported by mouse models
suggesting that changes in connectivity begin at the start of
practice.
Practice generally leads to faster reaction time; however,
this is not always true for children or those with low levels of
motivation. We have found a polymorphism in a gene related
to sustained attention that is associated with increases in reaction time after high levels of practice. We now believe that
practice, as suggested long ago by Clark Hull, has both facilitatory and inhibitory effects on the speed of responding, the
balance between these tendencies yields the function relating
reaction time to practice.
These findings suggest important modifications in our
view of skill learning to account for both the behavioral outcomes and the brain mechanisms that underlie improvements
in skill.

Michael Posner – Skill Learning in the Light of Developments in Cognitive Neuroscience
In 1967, Fitts and Posner proposed that skill acquisition
consists of three serial stages (the cognitive, associative, and
automatic) and that a power function related response time to
practice. In this talk, we update this view of skill acquisition
by (1) relating cognitive operations to brain areas, (2) emphasizing parallel operations of different brain networks, and
(3) relating genetic polymorphisms to individual differences
in behavior.
The three part approach remains. However, the cognitive
stage is now represented by a network of brain areas which
allows complex cognitive goals to access the motor output.
The hippocampus is crucial to the associative stage by developing links between past and present learning. In the automatic stage practice influences the connectivity between
brain areas by changing the brain’s white matter.
By deactivating the key nodes in mouse model networks
by laser light, we found that deactivating the Executive Network disrupts performance at all levels of skill. Disrupting
the hippocampus interferes with learned behavior and results
in reinstating habits prior to new learning. These findings

Sophia Vinogradov – Basic Cognitive Operations, GoalDirected Learning, and Plasticity
In this talk, we (1) review key studies that use computational models to demonstrate the relationship between performance on measures of basic cognitive operations and successful engagement in goal-directed reinforcement learning,
(2) present new and old data demonstrating that these operations can be enhanced by cognitive training, and (3) discuss new methods to measure these operations in an efficient,
scalable, interpretable, and actionable manner.
Goal-directed learning and decision-making engage a set
of neural substrates which show the computational characteristics of model-based reinforcement learning. Such modelbased systems rely on constructing and searching a range of
possible future states and outcomes and selecting the one that
is most adaptive (i.e., allows for achievement of the current
goal). These processes have been matched to aspects of intelligence and learning ability.

Organized by Ray Perez and Wayne D. Gray. Address all correspondence to Wayne Gray <wayne.gray.cogsci@gmail.com>.
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Our work and others has shown that performance in basic
cognitive operations such as attention, processing speed, and
cognitive control can be improved and that this improvement
has meaningful implications for both learning and real-world
functioning. For example, in older adults, attention training
significantly enhances performance in several measures of
executive function, and significantly improves skill acquisition in a speed of processing learning task, with the largest
benefits shown in the most challenging components of the
learning task (Van Vleet et al., 2016). In a longitudinal study
of older adults, training processing speed resulted in a 70%
reduction of driving cessation over a 10-year period (Ross,
Freed, Edwards, Phillips, & Ball, 2017). In people with
schizophrenia, impaired performance on auditory processing speed correlated with lower cognitive function; whereas
auditory processing speed was significantly improved with
targeted cognitive training, and the degree of improvement
predicted gains in verbal learning and general cognition (Biagianti, Fisher, Neilands, Loewy, & Vinogradov, 2016).
Unfortunately, at there is no reliable instrument that can
be used to assess these operations in real-world settings in
a manner that delivers a report that is both meaningful and
actionable to the measured individual.

did back in 1913, to situations in which a reasonable person
would not be bothered enough to put in the effort to perform
better. However, it seems odd that, rather than being “exceptions” that there should be an entire category of people who
are motivated and smart enough to become first officers but
are not motivated or smart enough to become full pilots! That
this population of expert performers (i.e., helicopter pilots),
also suffers from TetLag suggests the wide-spread but largely
hidden prevalence of both phenomena.
Michelene T. H. Chi – Learning the Underlying Structures of Causal and Acausal Processes
For decades, research has shown that students across all
grades have difficulty learning science processes such as diffusion and natural selection. Such difficulties are revealed
by misconceptions that persist even with the best instruction.
However, in learning other processes such as the circulatory
system or the ecosystem of an aquarium, students generally
excel. This is the conundrum that we seek to understand.
Our new framework analyzes all processes taught in classroom learning into four components; the pattern, the agents,
the agents’ interactions, and the causal mechanisms relating
the agents’ interactions to the patterns.
Applying this framework to the processes that students
easily understand and to those they have difficulty making
sense of, suggests that prior work has missed an inter-level
causal mechanism that distinguishes between two types of
process models and predicts that students will have problems
acquiring one type of model but not the other. We characterize this distinction and name these processes as Sequential
or Emergent processes and identify the students’ problem as
one of understanding Emergent processes.
Students face three challenges to understanding Emergent
processes: (1) they are ignorant of Emergent kinds of processes and their causal mechanisms; (2) due to this lack of
knowledge, they attribute explanations appropriate for Sequential processes to Emergent ones; (3) they cannot discriminate the two kinds of processes, since the perceptual
patterns of the two kinds of processes are often similar (e.g.,
the V-pattern manifested by geese and pilots as opposed to
the linear pattern manifested by wolves chasing a prey and
ants marching toward a food source).
In essence, we find that many of the processes students
have to learn in their science curricula are of the Emergent
kind. However, classroom instruction does not distinguish
between the easy to understand Sequential processes and the
hard to understand Emergent ones. We are testing our framework by developing an online instructional module intended
to teach students to distinguish the two types of processes
and, thereby, acquire understanding of the Emergent ones.

Wayne Gray & Jacquelyn Berry – Limits to Training and
Expertise in Helicopter Pilots and Tetris Players
We describe two phenomena, one old and one new. Both
seem as if they should be surmountable but both give every indication of being irritatingly persistent. Neither seems
like it should be an individual difference factor but both, apparently, are. The old one is stable suboptimal performance
which refers to the paradox that besets people who perform
the same task daily, weekly, or monthly and somehow puts a
cap, for some people, on human performance. The new phenomenon is TetLag – a name given by the Tetris Community
to refer to the period of time a player should wait in switching
between two versions of Tetris so that one’s fingers “do not
become confused.”
TetLag would be a small, but intriguing, problem if limited to the Tetris but it seems to include helicopter pilots,
firemen, and riders of backwards bicycles. It applies to situations in which two or more similar but not identical tasks are
well-learned – such a flying similar models of helicopters or
steering your family car and then steering the “tiller” of a fire
company’s ladder truck.
Stable suboptimal performance is well-named as it can be
annoyingly stable. As one informant says, “there are people who will never be full pilots, they are only going to be
first officers. It’s frustrating for me as an instructor because
I want to get them to the next level but I can’t and I don’t
know why.” It is easy to attribute these limits, as Thorndike
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Overview
Human cognition is not thought to be a monolithic entity, but
instead is often considered to include a range of strategies
and representations that can be applied selectively in different
domains. For instance, we are thought to have both intuitive
and deliberative processes for decision making (Kahneman,
2011) and both approximate and precise representations of
numeracy (Feigenson, Dehaene, & Spelke, 2004). But how
do these different strategies and representations develop, and
how do we select which ones to use?
In this symposium, we will discuss this question in the domain of physical inference. We use this domain because it has
been well studied across many branches of cognitive science
– including development, perception, neuroscience, and artificial intelligence – and researchers from across these fields
have proposed a wide range of strategies and representations
that support this ability. Some suggest that our physical inferences are based on simulating possible outcomes using mental models of the world (Battaglia, Hamrick, & Tenenbaum,
2013; Shepard & Metzler, 1971; Smith & Vul, 2013). Others
suggest that we apply logical reasoning to discover what is
entailed from the relationships between objects (Davis, Marcus, & Chen, 2013; Forbus, 1983). And yet others suggest
that we can extract physical information from a scene using bottom-up perceptual processes (Biederman, Mezzanotte,
& Rabinowitz, 1982; Firestone & Keil, 2016; Firestone &
Scholl, 2017).
This symposium brings together experts in physical inference with backgrounds in developmental psychology, psychophysics, and machine learning for the goal of understanding the different strategies and representations the mind uses
for physical scene understanding. These speakers will discuss
questions such as how different representations develop in infancy (Anderson), how we can distinguish between cognitive
mechanisms for physical inference (Firestone), how we combine different strategies in our physical judgments (Smith),
and how we allocate cognitive resources to those strategies
(Hamrick). In a concluding panel, the speakers will discuss
how to build a theory of physical inference that combines
these different strategies and representations.

Erin Anderson, Susan Hespos, & Lance Rips
To understand the basis of our physical inferences, we can
study infants’ reactions to possible and to utterly impossible events. These reactions lay the foundation for how humans represent everyday entities and substances. Decades of
research on infant cognition have shown a puzzling imbalance: infants expect principled behavior from solid objects
but seem to have no expectations (or highly undependable
ones) for non-solid substances like sand (Chiang & Wynn,
2000; Huntley-Fenner, Carey, & Solimando, 2002).
In this talk, we will discuss work that confirms that infants do represent both solid objects and nonsolid substances
like liquids or sand. First, we present experiments that show
that 5-month-old infants expect objects and substances to behave in different ways (Hespos, Ferry, & Rips, 2009; Hespos, Ferry, Anderson, Hollenbeck, & Rips, 2016). We further
demonstrate that infants have expectations specific to substances when the outcomes are not contrasted with object behavior (Anderson, Hespos, & Rips, 2018). Together, these
studies provide evidence that the guiding principles for substances and solids develop in parallel over the first year, and
they raise questions about when and how infants co-ordinate
reasoning across these domains.

Doing physics by eye and by hand
Chaz Firestone
When we appreciate that a stack of dishes will collapse or
a tower of blocks will topple, we interpret observable events
in terms of unobservable physical forces. How? Classic and
contemporary work on this question typically treats such inferences as species of higher-level cognition, akin to solving
physics riddles by reasoning and calculation. Here I explore
a very different possibility: that such inferences are rooted
in automatic visual processing. I discuss evidence that, just
like visual processing of color or motion, physical inferences
are (a) spontaneous, (b) fast, (c) attention-grabbing, and (d)
phenomenologically distinctive (Firestone & Scholl, 2016,
2017). I extend this work to show that such inferences are
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also (e) reflexive, and surprisingly intransigent to explicit beliefs or instructions. Recent work suggests that physical inferences flexibly incorporate new information about a scene,
such as an instruction to treat gray blocks in a tower as 10x
heavier than green blocks (Battaglia et al., 2013). However,
I show that when observers evaluate such scenes by making continuous mouse movements (Freeman, Dale, & Farmer,
2011), their response trajectories reveal otherwise: even observers who successfully update their considered judgments
about a scene are nevertheless ‘pulled’ toward initial judgments that resist this new information. I suggest that physical understanding may not be a single process, but rather one
with dissociable stages: a fast, reflexive, “perceptual” stage,
and a slower, flexible “cognitive” stage.

framework for strategy selection, which involves choosing
the strategy which is expected to best satisfy a speed/accuracy
tradeoff (Lieder et al., 2014). Here, I will argue that metareasoning can be applied to physical reasoning strategies as
well, and will describe a system that learns through experience which strategies to use and how much computation to
allocate to each strategy (Hamrick et al., 2017). I will also
suggest that people may learn new strategies both through
experience as well as through mental simulation (Callaway,
Hamrick, & Griffiths, 2017).
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Integrating logical rules and simulation
Kevin A Smith & Joshua B Tenenbaum
If we have multiple strategies for performing physical inference tasks, then how do we know which strategy to apply to
which task? Do we simply pick a single cognitive strategy,
or do we flexibly blend different strategies to solve our problems? I will discuss this choice of strategies in the case of
judging whether and how a balance beam will tip – a task that
has often been considered to be solved by rule-based decision
trees (Siegler, 1976), but shares many features with a task
that has been used to demonstrate simulation-based inference
(Battaglia et al., 2013). By asking for judgments about how
beams stacked with objects of a variety of shapes and materials behave, I demonstrate that people’s judgments cannot be
explained by traditional rule-based accounts, but neither can
they be explained by simulation alone. Instead, people use a
combination of rules and simulation to make inferences about
balance beam stability. I further show the mixture of strategies applied to this problem is consistent with a framework
in which people rationally trade off between the costs and expected benefits of each strategy to choose how to approach
this problem of physical inference.

Meta-reasoning for adaptive physical strategy
selection and control
Jessica B Hamrick
One of the most powerful and flexible aspects of cognition
is that of mental simulation, which is the mind’s ability to
imagine seeing, interacting with, and manipulating objects
and scenes, almost as if they were real. While research has
shown how the mind is able to use mental simulation to reason about a wide range of physical domains (Battaglia et al.,
2013), other research suggests that mental simulation is not
always the most efficient strategy and that people do indeed
learn alternate strategies and switch between them (Schwartz
& Black, 1996). How do people know what strategy will be
appropriate for which situation, without actually executing
the strategy? And, how do people learn different strategies
in the first place? Research on how people choose between
strategies more broadly has suggested meta-reasoning as a

40

Generalizations, from representation to transmission
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Because any object or situation experienced by an individual is unlikely to recur in exactly the same form and
context, psychology’s first general law should, I suggest,
be a law of generalization. – Roger Shepard, 1987

with a panel discussion on some of these issues, led by Noah
Goodman and Marjorie Rhodes.

Overview

David Danks
Concepts provide one key mechanism by which people
generalize: understanding an object as a DOG, for example,
enables a number of inferences about the object on the basis
of it belonging to this type. Similarly, use of a single word
by a speaker can prompt generalizations and inferences by
a hearer, particularly when the word is (appropriately) connected with the hearer’s concepts. However, just as our cognitive representations are richer than isolated concepts, language enables the transmission (in some sense) of much more
complex information than can be conveyed with single words
or terms. The generalizations and inferences supported by a
full sentence extend far beyond the generalizations supported
by each term in the sentence.
In this talk, I will first argue that many of our concepts
can be fruitfully understood as graphical models, and the associated generalizations and inferences understood as operations on those representations. I will then show how to integrate these representations (as graphical models) into a unified model of linguistic content that incorporates both “conceptual content” and “structural content”, as well as complex
interactions between the two. Throughout, I will focus on the
linguistic phenomenon of bridging, as the generalizations and
inferences in those instances depend crucially on both types
of content, and so require an integrated model.

Generalizations from the integration of concepts &
(linguistic) structure

Generalizable knowledge is crucial to thrive in our openended, dynamic world. We organize this knowledge with
concepts: Learning that an entity is a DOG affords inferences
about its properties and behaviors. But not all generalizations
are straightforward to acquire through direct experience: Relevant observations may be costly (e.g., learning that a plant is
poisonous) or rare (e.g., understanding that lightning strikes
tall objects). It thus is important that language allow us to
communicate such generalizations to each other.
Thirty years after Shepard’s insightful proclamation, the
cognitive science of generalization is an expansive topic, covering representational questions concerning the format and
organization of concepts to how generalizable knowledge is
transmitted from one intelligent creature to the next. This
set of issues cuts across interests of many different areas of
cognitive science: from linguists concerned with the truthconditions of utterances conveying generalization to developmental psychologists studying how children learn generalizable knowledge to computer scientists attempting to build
machines that think and talk like people. The aim of this symposium is to gather and integrate several distinct empirical
and theoretical perspectives on the study of generalization,
with a particular focus on the transmission using language.
The symposium will consist of four talks by experts representing philosophy, linguistics, computational modeling, and
developmental psychology. Danks will argue for a particular representation of generalizations (operations on graphical
models) and describe how language interfaces with this representation. Tessler presents a probabilistic, cognitive model of
understanding language that conveys generalization: generic
language or generics. Foster-Hanson demonstrates in young
children how generic language implicitly conveys category
information even when the generic statement is contradicted.
Carlson investigates the nature of exceptions to generic statements (i.e., entities that do not conform to the generalization),
and their implications for theories of generics. We will close

The language of generalization, in computational
terms
Michael Henry Tessler
Language provides simple ways to convey generalizations
in the form of generic language, or generics (e.g., “Birds
fly”). Generics are ubiquitous in everyday discourse and
child-directed speech, yet the meaning of these expressions
is philosophically puzzling (e.g., not all birds fly) and has resisted precise formalization. The major issue in formalizing
generic language is determining which statements are true,
which are false, and how to interpret them in context.
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Using a probabilistic model of language understanding, I
explore the hypothesis that the meaning of these linguistic expressions is simple but underspecified, and that general communicative principles can be used to establish a more precise meaning in context. This theory predicts that background
knowledge—in the form of prior beliefs about the prevalence
of the feature in different categories—is the connective tissue between the flexible endorsements and interpretations of
generic sentences. To test this theory, we examine generics
about novel causal domains while manipulating background
knowledge about the causal systems. We find that both interpretations and endorsements are sensitive to background
knowledge in the ways predicted by the probabilistic model.
These results suggest that the context-sensitivity of generalizations in language emerges from the interaction of an underspecified meaning with diverse beliefs about properties.

non-monotonic reasoning, near-universal quantification, attributions to the “metaphysical”, among others—but the intuition is that, say, a cat that doesn’t chase mice (even when
presented with the opportunity) does not conform to canonical cat-behavior. However, I first argue that generics can be
regarded as true even when only minority or even a few of
the instances seem to conform to the canonical behavior or
property expressed. These cases go far beyond the instances
previously emphasized (e.g., “Mosquitos carry the West Nile
virus”), and in such instances the notion of non-conforming
individuals being regarded as “exceptions” seems attenuated
if not absent altogether.
Why might exceptionality appear relevant in some generics and not in others? It could be a direct function of pervasiveness and a purely graded intuition. For example, strong
intuitions of exceptionality are generated if the ratio of conforming to nonconforming individuals is sufficiently high,
and intuitions weaken monotonically as the ratio decreases.
I will present some observations stemming from recent work
by Leslie (2017). The other option attributes the intuition
to a fundamental semantic source: It could be that there are
really two or more notions that are conflated under the the
label “generic” to be untangled. Both cross-linguistic work
by myself and the work of Prasada, Khemlani, Leslie, and
Glucksberg (2013) provide bases for considering this possibility. Roughly speaking, the more attributable the regularity
to something like inherent structure (a notion to be unpacked),
the more likely exceptionality is to arise for the nonconforming instances.

Speaking of kinds: How generics convey
information about category structure
Emily Foster-Hanson, Marjorie Rhodes, Sarah-Jane Leslie
Generic language (e.g., “Boys play baseball”, “Boys like
blue”) leads children to assume that particular categories
(BOYS) contain members that are united by deep, intrinsic causal mechanisms (Gelman, Ware, & Kleinberg, 2010;
Rhodes, Leslie, & Tworek, 2012). The present studies (N
= 120, 5-year-old children) examined why this might be the
case. We investigated the hypothesis that children expect
adults to use generics systematically to refer to categories that
are objectively meaningful and reflect natural causal structure
(cf., Gelman & Raman, 2003; Jaswal & Markman, 2007) A
unique feature of this account is that subsequently falsified
generics could change how children think about categories.
In these studies, children were exposed to generic sentences about novel categories (e.g., “Zarpies have striped
hair”), which were later contradicted in various ways. Some
of these contradictions maintained the generic scope of the
sentence (e.g., “Zarpies don’t have striped hair”; “No, that’s
not right about Zarpies”), whereas others affirmed the property but contradicted the generic scope (e.g., “No, this Zarpie
has striped hair”). We found that children held stronger beliefs that members of the category shared intrinsic causal
mechanisms upon hearing contradictions that maintained the
generic scope than when they heard statements that challenged the generic scope. These studies provide evidence that
generics influence conceptual development not only through
the content they convey, but also because children understand
them to refer to meaningful causal clusters in the world.
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Is exceptionality something to be taken seriously?
We will try.
Greg Carlson
The initial instinct with generics, such as “Cats chase
mice”, is to treat these as expressing a universal truth (in this
case, about CATS), allowing for some exceptions. Exactly
how these “exceptions” are dealt with formally may vary—
e.g., by invoking a notion of “normality”, circumscription,
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1. The smell lexicon (Asifa Majid, Radboud
University)

Human languages evolve over time, manifested in changes in
phonology, morphology, syntax, and word meaning. Compared to other components of language where there are rich
formal characterizations of change, evolution of word meaning remains poorly understood. How do semantic systems in
specific domains such as color or number evolve over time?
Further, are there overarching principles that emerge across
domains and that underlie the evolution of the lexicon at
large? And can we advance the characterization and evaluation of these principles by exploiting emerging resources,
e.g., those from the digital humanities, using formal methodologies, e.g., those from the computational disciplines? The
goal of this symposium is to address these questions.
We explore these questions by bringing together researchers from cognitive and developmental psychology, linguistic semantics and evolutionary linguistics, cultural anthropology, and computer science. The presentations will
draw on state-of-the-art progress and perspectives on empirical and computational approaches to lexical evolution, with
an emphasis on the evolution of word meanings. They consider influences on lexical evolution ranging from human perceptual and cognitive capacities to cultural needs, communicative pressures, and the fact that an evolving system at time
t must derive from what was present at time t − 1 (e.g., Evans
& Levinson, 2009; Malt & Majid, 2013). The talks will stimulate discussion of future opportunities and challenges and
promote cross-disciplinary collaborations at the intersection
of lexical evolution, cognition, and computation.
The symposium will address these issues at two different
scales. The first set of talks will examine how individual semantic systems have evolved over time. Two of these will
focus on semantic domains of perceptual experience: smell
(Asifa Majid) and color (Susanne Vejdemo). The third will
address number, a domain that contributes uniquely to human
culture and is driven less by sensory input and more by cultural needs (Andrea Bender and Sieghard Beller). The second
set of talks examines evolution of the lexicon more broadly.
One presentation will take a computational approach to understanding how recurring patterns of polysemy arise across
languages (Yang Xu, Barbara Malt, and Mahesh Srinivasan).
The other will use computational phylogenetic approaches to
illuminate semantic change (Michael Dunn).

It has long been presupposed that language just cannot express our olfactory experiences. Plato himself said: “the varieties of smell have no name, ... but they are distinguished
only as painful and pleasant”. Recent crosscultural investigation shows this generalization is not true. For example, the
hunter-gatherer Jahai who reside in the tropical rainforests of
the Malay Peninsula have around a dozen terms to refer to different types of odor qualities, and are able to talk about smells
with the same ease as colors (Majid & Burenhult, 2014). The
Jahai are not the only ones to have an elaborate lexicon for
smell. This observation raises new questions about what factors might give rise to olfactory language. In this talk, I review recent work that shows that subsistence (e.g., being a
hunter-gatherer; Majid & Kruspe, 2018), as well as ecology
(O’Meara, Smythe Kung, & Majid, under review) shape olfactory language, and its use. Together this work points to
the importance of marrying studies of the lexicon to those of
culture and use.

2. Color words (Susanne Vejdemo, University of
Stockholm)
The proposal (Berlin & Kay, 1969) that there is a largely predictable evolutionary sequence according to which languages
partition and name color space has engendered fruitful and
contentious discussion for half a century. What motivates the
universal tendencies in color naming? Computational analysis of large amount of experiment data from hundreds of
languages have shown that the naming and categorization of
color space occurs according to optimum perceptual partitions (e.g., Regier, Kay, & Khetarpal 2007). Psychophysical constraints are thus one factor in why this semantic system often develops the way it does in languages, but far from
the only explanatory factor. Large computational studies are
best married to smaller, detail-oriented studies that investigate
how the change actually proceeds in the system, and how lexical competition works in small time-scale perspectives of a
few generations. This reveals additional constraints and tendencies in the domain. I will discuss experimental results
from seven Germanic languages (Vejdemo et al., 2015) and
from two generations of Swedish speakers involved in an ongoing lexical and semantic replacement process in the color
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domain (Vejdemo, 2017), as well as new data from an elicitation study on the stabilization of color word vocabulary in
children and young adults.

in the meaning of individual terms. Larger scale studies of
organization of semantic domains and the lexicon in turn
tend to neglect the temporal dimension. But the quantitative phylogenetic analysis of language has come of age, and
there is now available a well-equipped toolbox of so-called
‘phylogenetic comparative methods’, a family of quantitative
methods which use evolutionary models of historical relatedness to interrogate processes of change in structure. While
these methods were developed with biological questions in
mind they have been used in anthropology and linguistics as
well. Phylogenetic comparative methods have been developed for many purposes, including the reconstruction of ancestral states, the detection of functional dependencies, and
for testing hypotheses about evolutionary pathways, amongst
others. I will show how the combination of the phylogenetic
approach with semantic typology promises make tractable the
study of large scale change in semantic systems, and shed
new light on questions of universals, directionality of change,
and the functional motivation of lexical-semantic organization. A proof of concept will be shown, demonstrating how
cognitive biases in semantic representation can be shown to
have a cumulative effect on the structure of the entire IndoEuropean language family.

3. Numeral systems (Andrea Bender & Sieghard
Beller, University of Bergen)
Counting is central to human cognition, based on mathematical principles that abstract regularities from concrete instances. Still, the way in which these are expressed is culturally variable and changes over time. A case in point are
the numeral systems that are part of almost every language.
While the present-day systems within a family of related languages typically originate from a common ancestor (i.e., the
number system in the ancestor language), they exhibit striking diversity. Based on an overview on what is already known
about the evolution of numeral systems and which questions
have remained open, in this talk, we intend to retrace how
present-day peculiarities may have emerged and evolved out
of single systems by highlighting the mathematical principles
behind the changes, their cognitive underpinnings, and the
cultural conditions that may have triggered them.

Evolution of the lexicon
4. Polysemy (Yang Xu, University of Toronto;
Barbara C. Malt, Lehigh University; Mahesh
Srinivasan, University of California, Berkeley)
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Human language relies on a finite lexicon to express a potentially infinite set of ideas. A key result of this tension is that
words become polysemous over time: A single word can be
extended to express multiple different senses, e.g., face may
refer to “body part”, “expression”, or “surface of an object”.
Certain patterns of polysemy tend to recur across languages;
that is, the same set of senses is labeled by a single word
form, despite variations in language genealogy, geography,
climate, and culture. We ask how it is that, over time, languages come to share many patterns of co-lexification. Building on recent work on the evolution of polysemy (Ramiro,
Srinivasan, Malt, & Xu, in press), we examine the perspective that the cross-linguistic frequency distribution of shared
polysemy reflects a historical drive toward efficiency in communicating and learning meanings. We test our hypothesis
computationally using a large database of digitized lexicons
from the world’s languages. Results indicate that semantic
associativity predicts the frequency with which senses are colexified across languages, and it does so better than several alternative variables. This outcome is consistent with the view
that cross-linguistically recurring patterns of co-lexification
arise from a historical process of word sense extension that
tends to minimize cognitive effort.

5. Language phylogenies (Michael Dunn, Uppsala
University)
The study of semantic change has focused on relatively constrained areas of the lexicon, and it is rare to find investigations of processes of semantic change broader than change
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2015) considers what goes wrong when incorrect responses
are given to false-belief tasks.
Hybrid modal logic is an appropriate tool to analyse the
reasoning in these false-belief tasks since it can explicitly represent perspectives (perspectives can be named), and moreover, the natural deduction system we use can explicitly represent shifts between different perspectives (it is dealt with by
a specific proof-rule).

Introduction
In this note we describe an interdisciplinary research project
that uses logic to investigate psychological reasoning tests
called false-belief tasks. Logical proofs, built according to
the rules of a precisely defined proof-system, have been used
for over a century to represent—describe the structure of—
mathematical reasoning; nowadays there is increasing interest in using them to analyze reasoning in everyday human
practice. The goal of our project is to analyze and give logical formalizations of false-belief tasks using a range of modal
proof-systems, and moreover, to use such logical analyses as
a basis for empirical studies of how children with Autism
Spectrum Disorder (ASD) reason in false-belief tasks.
A well known example of a false-belief task is the SallyAnne test:

Second-order false-belief tasks
The papers mentioned above dealt with first-order false-belief
tasks; they are psychological tests where the experimental
subject must ascribe a false-belief to another person. Handling first-order false-beliefs correctly is viewed as a milestone in the acquisition of ToM, one typically reached at the
age of four. The mastery of second-order false-beliefs is
a later milestone in ToM acquisition, one typically reached
at age six or seven. In a second-order false-belief task, the
subject must keep track of a second person’s belief about a
third person’s belief—it thus requires understanding of the
recursive character of mental states. Second-order falsebelief reasoning has been found to correlate with a number
of other abilities necessary for complex social interaction: idiom understanding, irony and sarcasm understanding and understanding of social emotions such as embarrassment; see
the book (Miller, 2012) for an overview. The recent paper
(Grueneisen, Wyman, & Tomasello, 2015) also shows correlation with peer coordination.
Much less is known about second-order false-belief understanding than its first-order cousin, in particular when it
comes to children with ASD; see (Miller, 2012). We have
published formalizations of second-order false-belief tasks
in the papers (Braüner, Blackburn, & Polyanskaya, 2016a,
2016b). The latter paper includes a logical comparison of the
four well known second-order false-belief tasks that can be
found in the literature, showing that they are logically distinct
and can be classified across two dimensions of variation.
These formalizations also highlights the importance of
recursion: they show that second-order reasoning can be
viewed as the recursive embedding of first-order reasoning
about different agents—but as recursive logics of belief are
more complex than those required to analyze first-order falsebelief tasks, processing issues are also relevant and should be
experimentally investigated.

A child is shown a scene with two doll protagonists, Sally
and Anne, having respectively a basket and a box. Sally
first places a marble into her basket. Then Sally leaves
the scene, and in her absence, Anne moves the marble
and puts it in her box. Then Sally returns, and the child
is asked: “Where will Sally look for her marble?”
Children above the age of four typically give a correct response to this task: they say that Sally will look in the basket, which is where Sally (falsely) believes the marble to be.
Younger children, on the other hand, say that Sally will look
in the box: this is indeed where the marble is, but this information is not available to Sally and hence the response is incorrect. For children with ASD, the shift to correct responses
usually occurs at a later age.
Passing the Sally-Anne test involves taking the perspective of another agent, namely Sally, and reasoning about what
she believes. So to speak, you have to put yourself in Sally’s
shoes to get the answer right. Since the ability to take a different perspective is a precondition for figuring out the correct
answer to the Sally-Anne (and other) false-belief tasks, the
fact that children with ASD have a higher cutoff age is taken
by some researchers to support the hypothesis that ASD may
be due to a limited or delayed Theory of Mind (ToM), the
ability to ascribe mental states, for example beliefs, to other
people. The book (Baron-Cohen, 1995) is the classic statement of this view.
The Sally-Anne task given above, and another false-belief
task called the Smarties task, were formalized in (Braüner,
2013, 2014) using a natural deduction proof-system for hybrid modal logic taken from the book (Braüner, 2011), and
tracing back to (Seligman, 1997). The later paper (Braüner,

Empirical study: Second-order social reasoning
in children with ASD
Our empirical line of work centers around the notion of
recursion. We have carried out a correlation and training study of second-order social reasoning competency in
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high-functioning children with ASD, the hypothesis being
that training in linguistic recursion (in particular, handling
of sentential complements) will improve their social cognition skills, as measured by second-order false-belief tasks.
More precisely, we measure the second-order reasoning capacity using a composite score involving all four reasoning
patterns singled out by our logical analysis; see (Braüner et
al., 2016b). Our study involves 62 Danish-speaking children
with ASD. Results are in press; see (Polyanskaya, Braüner,
& Blackburn, 2018). See also (Polyanskaya, Blackburn, &
Braüner, 2017) for a more detailed discussion of the background ideas.

of the European conference on social intelligence (ECSI2014) (pp. 87–107). IRIT-CNRS, Toulouse University.
Braüner, T. (2011). Hybrid logic and its proof-theory
(Vol. 37). Springer.
Braüner, T. (2013). Hybrid-logical reasoning in falsebelief tasks. In Proceedings of fourteenth conference on
theoretical aspects of rationality and knowledge (TARK)
(pp. 186–195). (ISBN 978-0-615-74716-3, available at
http://tark.org)
Braüner, T. (2014). Hybrid-logical reasoning in the Smarties
and Sally-Anne tasks. Journal of Logic, Language and Information, 23, 415–439. (Revised and extended version of
(Braüner, 2013))
Braüner, T. (2015). Hybrid-logical reasoning in the Smarties
and Sally-Anne tasks: What goes wrong when incorrect responses are given? In Proceedings of the 37th annual meeting of the cognitive science society (pp. 273–278). Cognitive Science Society.
Braüner, T., Blackburn, P., & Polyanskaya, I. (2016a). Recursive belief manipulation and second-order false-beliefs.
In Proceedings of the 38th annual meeting of the cognitive
science society (pp. 2579–2584). Cognitive Science Society.
Braüner, T., Blackburn, P., & Polyanskaya, I. (2016b).
Second-order false-belief tasks: Analysis and formalization. In Proceedings of Workshop on Logic, Language,
Information and Computation (WoLLIC 2016) (Vol. 9803,
pp. 125–144). Springer-Verlag.
Grueneisen, S., Wyman, E., & Tomasello, M. (2015). “I know
you don’t know i know...” Children use second-order falsebelief reasoning for peer coordination. Child Development,
86(1), 287–293.
Miller, S. (2012). Theory of mind: Beyond the preschool
years. Psychology Press.
Polyanskaya, I., Blackburn, P., & Braüner, T. (2017). Theory
of Mind, linguistic recursion and autism spectrum disorder.
Beyond Philology, 14/1, 69–95.
Polyanskaya, I., Braüner, T., & Blackburn, P. (2018). Secondorder false beliefs and recursive complements in children
with Autism Spectrum Disorder. In BUCLD 42: Proceedings of the 42nd annual Boston University Conference on
Language Development. Cascadilla Press. (In press)
Seligman, J. (1997). The logic of correct description. In Advances in intensional logic (Vol. 7, pp. 107 – 135). Kluwer.
Stenning, K., & van Lambalgen, M. (2008). Human reasoning and cognitive science. MIT Press.
Szymanik, J., Meijering, B., & Verbrugge, R. (2013). Using
intrinsic complexity of turn-taking games to predict participants’ reaction times. In Proceedings of the 35th annual conference of the cognitive science society (pp. 1426–
1432). Cognitive Science Society.
Verbrugge, R. (2009). Logic and social cognition - the facts
matter, and so do computational models. Journal of Philosophical Logic, 38, 649–680.

Comparison to other work
There have been few previous applications of logical methods
to false-belief tasks. The pioneering work is due to Stenning
and Van Lambalgen, who analyse the Sally-Anne and other
first-order false-belief tasks in terms of non-monotonic closed
world reasoning as used in logic programming; see their book
(Stenning & van Lambalgen, 2008). The paper (Arkoudas
& Bringsjord, 2008) describe how reasoning in the firstorder Sally-Anne test have been implemented in an interactive theorem prover using axioms and proof-rules formulated
in a many-sorted first-order modal logic. Unlike our hybridlogical analyses, the proof-rules employed in (Stenning & van
Lambalgen, 2008) and (Arkoudas & Bringsjord, 2008) do not
explicitly formalize the perspective shift required to pass the
Sally-Anne test.
Applications of logical models to second-order false-belief
tasks are even rarer: a clear example is the use of Dynamic
Epistemic Logic in (Bolander, 2014), its main feature being
that reasoning is modeled with Kripke structures characterizing the uncertainty of agents. This line of work models the
reasoning from a global perspective, that is, from the perspective of the modeler—see Section 5 of the paper (Verbrugge,
2009) for a general discussion of the problems with epistemic
logic as a model for human social cognition. It is also relevant to mention the use of game theory in (Szymanik, Meijering, & Verbrugge, 2013) to investigate performance in higherorder social reasoning.
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t1 for the choice-confidence condition), should be the same
between the two conditions at time t2 . According to the quantum model, the choice at time t1 produces a collapse that introduces interference such that the marginal distribution of
confidence for the choice-confidence condition at time t2 differs from the confidence-only condition. The results strongly
favored the quantum model predictions.
The current paper presents another new test of the Markov
versus quantum models for the dynamics of confidence. Once
again participants monitored evidence until a confidence
judgment was requested. In this experiment, two confidence
ratings were made at a pair of time points. The experiment
included three main conditions: (1) requests for confidence
ratings at times t1 and t2 , (2) requests for ratings at times t2
and t3 , and (3) requests for ratings at times t1 and t3 . Interference was tested by comparing the second rating at t2 for condition 1 with the first rating at t2 for condition 2. Once again
the Markov model predicts no interference effect, whereas
the the quantum model predicts an effect. For a proof, see
Busemeyer & Bruza (2012), Chapter 8.

Keywords: Markov dynamics; quantum dynamics; confidence rating; evidence accumulation

Introduction
While monitoring evidence, a decision maker’s confidence
for each hypothesis changes across time. What are the fundamental dynamics that underlie these changes in confidence
during evidence accumulation? There are two fundamentally
different ways to understand the dynamics of confidence.
The “classical” way is to assume that the dynamics follow a Markov process, such as drift diffusion model (Pleskac
& Busemeyer, 2010). According to this view, the decision
maker’s confidence state at any single moment is located at
a specific point on some implicit strength of evidence scale.
This confidence state changes moment by moment from one
location to another, sketching out a trajectory like a random
walk (with drift in the direction of the evidence). At the time
point that an experimenter requests a judgment, the decision
maker simply reads off and reports the pre-existing location
of the state on the evidence scale.
A very different way is to assume that the dynamics follow
a quantum type of process (Busemeyer et al., 2006). According to this view, the decision maker’s confidence state at a
moment is not located at any specific point on the evidence
scale. Instead, at any moment, the state is represented by
a wave dispersed across the scale. This wave of confidence
flows across time as directed by the evidence. At the time
point that an experimenter requests a judgment, the decision
maker’s indefinite state of confidence must be resolved, and
the wave needs to “collapse” down into a specific location.
Previously, we empirically compared and tested these two
models using an interference test (Kvam et al., 2015). In a
choice-confidence condition, participants monitored evidence
until making a choice at time t1 and then they continued
monitoring evidence until time t2 at which point they rated
confidence. In a confidence-only condition, participants did
not make any choice at time t1 (instead they pushed a prespecified button), and they only made a confidence rating at
time t2 . According to a Markov model, the marginal distribution of confidence at time t2 (pooled across choices at time

Method
A total of 11 (8 female) students from Michigan State University participated, who completed 2-3 sessions each, for
about 800-1400 data points per person. Participants were paid
$10 per session plus a bonus depending on performance. On
each trial, a random dot motion display was presented, and
the participant had to infer the direction of motion from the
jiggling display of dots (Ball & Sekuler, 1987). The coherence (proportion of dots systematically moving in one direction, e.g., right, rather than randomly) was .02, .04, .08, or
.16. Confidence ratings were taken at 0.5 seconds and 1.5
seconds for condition 1, 1.5 and 2.5 seconds for condition 2,
and .5 and 2.5 seconds for condition 3. Participants had to
respond by moving the cursor (via joystick) across the edge
of a semi-circular scale to rate the probability of moving from
0 (certain moving left) to 100 (certain moving right). Ratings
for right-moving dots were used directly; but ratings favoring
left-moving dots were rescored as (100 - rating).
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Interference test results

tions out across time. We used a generalization test criterion
to compare the models (Busemeyer & Wang, 2000).
The models were fit to conditions 1 and 2 and the these
same parameters were used to make predictions for condition 3. After categorizing the confidence ratings into low,
medium, and high, each condition produces a 3 × 3 joint frequency table. First we conducted statistical tests to check
whether the joint distribution for condition 3 differed significantly from conditions 1 and 2 (pooled across confidence
levels). The chi-square tests produced a χ2 statistic equal to
117, p < .02 for condition 1 versus 3, and a χ2 statistic equal
to 192, p < .001 for condition 2 versus 3.
The two parameters were fit separately for each participant
and for each coherence level to conditions 1 and 2. Then these
same parameters were used to predict the joint distribution for
condition 3. The χ2 difference in deviation (Markov - quantum) for each model and each confidence level are shown in
Table 1. Positive differences favor the quantum model over
the Markov model. In conclusion, the quantum model produced better quantitative predictions on generalization than
the Markov model for all coherence levels except the highest.

Figure 1 shows a comparison of the distribution of confidence
ratings, pooled across participants, at the lowest coherence
level. Confidence decreased in the lowest range and increased
in the higher ranges for the second confidence compared to
first. This interference effect agrees with our previous finding
Kvam et al. (2015). Although the interference effect appears
small (because it is smeared across 100 levels), chi square
tests of distribution differences (using 10 categories) indicated statistically significant differences at all coherence levels except the highest level (χ2 statistic equals 227, p < .001;
200, p < .001, 168, p < .001; 111, p = .43 for coherence levels .02, .04,. 08, and .16 respectively).

Table 1: Generalization Test Results.
Coherence
.02
.04
.08
.16
Figure 1: Results for lowest coherence level. Top panel shows
the distribution of first rating at t1 = 1.5s for condition 2; middle panel shows the distribution of second rating at t2 = 1.5
for condition 1; bottom panel shows the top minus middle.

Chi Diff
207
156
166
-114
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Note also that the confidence ratings tend to cluster around
low, medium, and high values with little use of other intermediate scale values. For this reason, we categorized the 101
point scale into three confidence levels (0-33 = low), (34 - 66
= medium), (67-100 = high) for the subsequent modeling.
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Model comparison test results
A small but significant interference effect was observed,
which is qualitatively consistent with the predictions of the
quantum and inconsistent with the Markov model. However,
it remains an open question whether the quantum versus the
Markov model is better for quantitatively predicting the observed changes in confidence across time intervals. To evaluate quantitative predictions, both models were formed using
101 confidence states, which were then categorized into low,
medium, high in the same manner as the data. Both models
entail two free parameters to generate the predicted changes
in confidence states across time: one corresponds to a mean
“drift” rate that moves the distributions to the left or right depending on the sign and magnitude of the coherence, and the
second is a “diffusion” parameter that spreads the distribu-
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this process, our cognitive systems prioritize which features
to encode at a local temporal level, by taking into account the
potential information value of each feature compared to the
corresponding feature of the previous item. This proposal is
consistent with both behavioral (Jones & Sieck, 2003) and
brain imaging data (Schlichting & Preston, 2015;
Zeithamova, Schlichting, & Preston, 2012).
Importantly, the process described by SAT results in
different information being encoded when learning unfolds
in different ways. Blocked and interleaved sequences change
which type of transition is more frequent. Blocked study
includes a larger number of transitions between related items,
whereas interleaved study includes a larger number of
transitions between unrelated items. In this way, over time
different properties will be highlighted and stored in memory,
changing the aggregated information in potentially
significant ways. In brief, blocked study encourages
encoding local similarities among related items; whereas
interleaved study encourages encoding local differences
between unrelated items.
SAT and the novel understanding of learning and its
temporal dynamics would not be possible without studying
interactions between different learning sequences and
context. For example, interleaved sequences improve
learning of high similarity categories – when finding
differences between categories is harder. Conversely,
blocked sequences improve learning of low similarity
categories – when finding similarities among items of the
same category is harder (Carvalho & Goldstone, 2014b,
2014a).
Similarly, we showed that when learners engaged in
learning activities that emphasize discrimination such as
being asked to guess the category before getting feedback,
they learned better if an interleaved sequence was used
(Carvalho & Goldstone 2015). Conversely, when learners
were engaged in a task that emphasizes finding similarities,
they learned better when a blocked sequence was used
instead. This pattern of results was similar for both high and
low similarity categories but was reversed when using
categories with more sparse structures (Kost, Carvalho, &
Goldstone, 2015), which might also influence whether
discrimination or assimilation processes are more relevant.
A further set of interaction-based studies more directly
demonstrated that learners attend to, encode, and remember
similarities across sequential items better in blocked
sequences, but differences between successive items in
interleaved sequences (Carvalho & Goldstone, 2017b; see
also Carvalho & Albuquerque, 2012). Finally, a model in
which attention and encoding are updated from trial to trial
results in local encoding of sequential similarities and
differences, but also category-level relevant differences and

generalization;

Motivation and Background
Most models and theories of learning envision general
learning mechanisms that work similarly across most, if not
all, learning contexts. However, the reality of the learning
dynamics seems to be very different. Learning is not
independent of the learning context, instead, the learning
process is changed by the learning context. For example,
different learning outcomes result from similar learning
experiences with different content or learner characteristics.
Moreover, because studying the learning process is closely
interconnected with studying how to improve learning
outcomes, most proposals of how to improve learning follow
the same context-independent principles. Although general
proposals about how to improve learning outcomes have the
benefit of simplicity, they have the potential drawback of
failing to live up to their promise.
In this paper, I argue for the power of studying interactions
between learning conditions and contextual factors. I use my
research to exemplify the power of this approach not only to
understand the dynamics of learning and how a learning
mechanism works across multiple contexts but also to
uncover robust ways to improve learning outcomes.

Interactions as a way to study learning process
Studying how the learning process is affected by different
contexts can help uncover the mechanisms of learning. For
example, studying the interactions between the sequence in
which information is studied and what that information is, has
led to a better understanding of how learning unfolds in time.
One recent focus has been on the differences between
interleaved and blocked sequences. A blocked sequence is
characterized by infrequent alternation between unrelated
items. An interleaved sequence, on the other hand, is
characterized by frequent alternation between unrelated items
(Carvalho & Goldstone, 2014a).
Both sequences have been shown to boost learning. Thus,
a complete understanding of the learning process and how it
unfolds in time must account for the benefits of one sequence
over the other in different contexts. Put another way,
understanding how learning takes place in time requires
understanding how different sequences interact with different
contexts to influence learning outcomes.
The Sequential Attention Theory (SAT; Carvalho &
Goldstone, 2015, 2017b) harnesses these interactions to
explain the learning process. SAT proposes that learning in
time is, at least in part, a process of sequential comparison
between the information available now and information
available in the immediately preceding experience. Through
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similarities, can account for most of the interactions
described (Carvalho & Goldstone, 2018).
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Ways to improve learning outcomes
In the previous section I highlighted how the study of
context-dependencies in the learning process through
studying interactions can improve understanding of the
learning process and how it unfolds in time. Investigating
context-dependencies also helps uncover robust ways to
improve learning outcomes, namely in educational contexts.
If what we learn depends on the interaction of how learning
takes place and what is being learned, best learning practices
should specify these dependencies.
For example, a common assumption is that the same
learning mechanisms underlie both supervised and
unsupervised learning. Thus, if one sequence results in
improved learning outcomes in supervised learning contexts
the same is expected in unsupervised learning contexts. In
one classroom study, Carvalho et al. (2016) found that
students who decided to repeatedly study the same topic
showed higher gains in subsequent tests than students who
decided to alternate topics. Importantly, this difference is
tightly connected to the students’ decisions, because when
another group of students was presented yoked sequences no
difference was found.
Similarly, the best sequence of study depends not only on
what is being learned but also on how it is being tested. When
the test requires knowing the similarities among items of the
same category, blocked study results in improved learning
(Carvalho & Goldstone, 2017a). As a final example, the
benefits for transfer to new items of simultaneously studying
several items of the same category depend on the type of
category being studied and the type of test used (Meagher,
Carvalho, Goldstone, & Nosofsky, 2017).
In sum, learning is sensitive to content and different
learning is achieved with similar practices in different
contexts. Thus, when making suggestions for practice, it is
important – even critical – to understand and describe these
boundary conditions. As described above, a good learning
strategy is not good across all contexts.

Interactions in the wild
My recent work explores how learning in educational
contexts, both in person and online, is influenced by context
(Carvalho, McLaughlin, & Koedinger, 2017). What
contextual changes influence learning from different
practices in real-world settings? This type of research has the
potential to contribute to a better understanding of learning in
its natural environment, and to better evidence-based
practices that take context-dependencies into account.

Relevant Publications
My publications most relevant to this presentation are:
Carvalho and Goldstone (2014a; 2014b; 2015a; 2015b;
2017b), Carvalho et al. (2016; 2017), Carvalho and
Albuquerque (2012), Meagher et al. (2017).
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ICAP is a theory of how students engage with instructional
materials, often referred to as “active learning.” Engagement
has been explored mostly as a motivation construct or
assessed by large grain-sized behavioral outcomes, such as
the frequency of students’ class attendance, or the frequency
that they do their homework, and so on. ICAP takes a
cognitive approach, and defines cognitive engagement by
smaller grain-sized behavioral measures in the context of
students’ interactions with instructional materials that can be
presented either as text passages, teacher lectures, videos of
materials, exercises or problems to solve, and other
classroom activities. That is, ICAP assumes that the small
grain-sized behavioral measures can serve as indicators of
cognitive engagement, resulting in differentiated learning
outcomes as a function of students’ level of engagement.
ICAP consists of three components: First, it defines a
taxonomy of four behavioral ways/modes that students can
engage: Passive, Active, Constructive and Interactive. In the
Passive mode, students can be passively receiving
instructional information by paying attention to it, but not
doing anything else. In the Active mode, students can be
actively manipulating the instructional materials without
adding any new information, such as underlining certain text
sentences or copying teachers’ power point slides. In the
Constructive mode, students can be constructively interacting
with the instructional materials by generating inferences and
other elaborations, such as providing explanations or
justifications. Finally, in the Interactive mode, students can
learn the materials interactively by collaborating with
another student.
Some behaviors do not discriminate between engaging in
the Constructive and the Active mode. For example, if a
student is taking notes, one cannot tell which mode she is
engaging in unless her notes are analyzed. However, we can
determine that constructive generation has occurred by
comparing whether the generated knowledge contains new
information that was not presented in the instructional
materials. If there is no new information added, such as when
the student just repeated the instructional materials, then her
note-taking behavior is considered participating actively
only, and not constructively. Thus, the operational definition
of each mode is to first look at the small grain-sized behavior
of how students interact with instructional materials, and then
if the behavior is not definitive in determining a mode,
students’ products can be analyzed to confirm which mode
students are in fact engaging.
The second component of ICAP is the postulated
underlying cognitive processes associated with each
behavioral mode. As an exercise, suppose at least one of these
four elementary knowledge-change processes occur when
students engage with instructional materials: “store” new

information, “activate” prior knowledge, “link” new
information with activated or newly stored knowledge, and
“infer” new knowledge from activated knowledge or from
newly linked knowledge. We can assume which of these four
elementary “knowledge-change” processes occur in the four
modes of engagement. For example, in the Passive mode, we
might assume that when students do nothing other than
paying attention and receiving instructional information, no
prior knowledge was “activated,” so new information may be
“stored” in an isolated way, resulting in inert knowledge. On
the other hand, being Active means that students are
manipulating some aspects of the instructional materials, and
such manipulations can “activate” prior knowledge relevant
to what was being manipulated. Thus, for the Active mode,
because prior knowledge was “activated,” new information
can be “stored” by “linking” it with prior knowledge. The
Constructive mode means students are generating a piece of
knowledge that was not presented, and this suggests that the
“infer” process is occurring, in addition to “storing,”
“activating,” and “linking.” Inferring allows the learner to
have a richer representation. For the Interactive mode, not
only is the “infer” process occurring, but inferring can be
based on the articulated inferred knowledge of one’s partner.
This suggests that novel knowledge can be created that
neither partner could have generated alone.
Based on these four knowledge-change processes, it
appears that the richness of students’ knowledge
representation depends on which of the four behavioral
modes
students
engage
in,
such
that
the
Interactive/collaborative mode enhances learning more than
the Constructive/generative mode, which is superior to the
Active/manipulative mode, with the Passive/attentive mode
as the least effect way to learn; that is, I>C>A>P. The
constraint of this hypothesis is that the Interactive mode is
better for learning than the Constructive mode only if both
the students of a dyad in the Interactive mode is generative
individually. Moreover, they must each be generative in a
way that responds to the partner’s contributions. That is, they
must collaborate in a mutually-and-reciprocally generative
way that is responsive to each other’s contributions. Thus, the
third component of ICAP is a hypothesis that predicts
decreasing learning outcomes or other performance measures
in this I>C>A>P direction.
This hypothesis can be tested by various existing studies in
the literature for which the conditions of the studies can be
interpreted to map onto a specific ICAP mode. For example,
in a study of 5-year-old children, Legare and Lombrozo
(2014) found that children who were asked to explain how a
crank works while watching the experimenter turns the crank,
performed significantly better later when they were asked to
explain the causal mechanism, than children who merely
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watched the experimenter turned the crank, for the same
amount of time with no feedback in either conditions. Such
results support ICAP’s prediction in that the children in the
watch condition were engaging Passively, whereas the
children in the explain condition were engaging
Constructively. Overall, there are hundreds of published
results in the literature that support ICAP’s predictions
(summarized in Chi, 2009; Chi & Wylie, 2014). In addition,
we have manipulated activities across all four modes for
college students in learning engineering concepts. We found
that students’ learning to decrease significantly from mode to
mode, in the predicted direction.
In this talk I will present some of the results from our fiveyear project, in which we attempted to translate ICAP into
practice by teaching 13 middle school teachers about ICAP
using an online module. We measured the success of our
translation in five ways: (a) teachers’ understanding of ICAP
after completing the module, (b) their successes at designing
lesson plans using different ICAP modes, (c) fidelity of
teachers’ classroom implementation, (d) level of students’
enacted behaviors, and (e) students’ learning outcomes.
Although students’ learning was significantly better when
teachers designed activities requiring generative engagement,
teachers had difficulty designing their lesson activities in the
Constructive mode. Instead they ended up designing their
lesson activities in the Active mode even though they
intended them to be in the Constructive mode. This difficulty
was detected across teachers, across various content domains
they taught, and grade level, by analyzing the verb segments
they used in their instruction or directives given for the
activities they had designed. This finding is shown in Fig. 1.
The x-axis of Fig. 1 indicates whether an activity is
intended to be an Active, Constructive, or an Interactive one.
The numbers in the parentheses indicate the number of
segments available for scoring in that intended mode. The yaxis indicates the proportion of mode-appropriate verb
segments for activities intended for each of the three modes.

the directive would be considered a generative verb segment
since the explanation would be new information not already
presented in the instructional materials. Fig. 1 shows that for
activities intended to be Active, teachers did design about
80% of them to be manipulative. Complete accuracy would
be 100%, as shown by the dotted lines. However, for
activities intended to be Constructive, only a little over 50%
of the activities were designed to be generative. And for
Interactive activities, less than 10% were designed to be
collaborative. Thus, teachers’ accuracy in their design was
the best for manipulative activities, least for collaborative
activities, and mediocre for generative activities.
Interactive engagement was the most difficult for teachers
to design in part because our instruction to teachers were
inadequate in providing detailed explanation for how they
can guide students to collaborate in an optimal mutually-andreciprocally generative way.
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Fig. 1: Proportion of verb segments in the written
directives for activities designed by the teachers.
For example, a verb such as “Connect the two concepts”
would be considered a manipulative verb segment since the
two concepts are already provided in a concept map. On the
other hand, a verb segment such as “Explain your choice” in
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opened the door a little’ (Croft, Pešková, & Regan, 2017).
Semelfactives, as in The mouse squeaked, were analyzed in
Croft (2012) as cyclic achievements—transitions ending in a
point state. However, semelfactives may be better analyzed as
punctual endeavors—transitions that terminate immediately.
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Introduction
This presentation reviews current work in a project to develop event structure representations for all of the verb
classes in VerbNet (verbs.colorado.edu/verbnet) based
on the “three-dimensional” representations introduced in
Croft (2009a, 2012, 2015). The three dimensions include
continuous dimensions of time (t) and (change in) qualitative state (q) for aspect, and a third “dimension” representing
a causal chain of force dynamic interactions between participants. The event expressed by a verb is decomposed into a
separate subevent for each participant; each participant has
an aspectual contour representing what it does/what happens
to it over time, and each participant’s subevent is in a force
dynamic relationship with the other participants’ subevents,
forming the causal chain. An example is given in Figure 1.

Force Dynamics and Incremental Theme Types
By far the most important development in the project is the
enrichment of the force dynamic analysis presented in Croft
(2012). That work is based on Talmy (1976, 1988) and my
earlier publications (Croft, 1991, 1993, 1998a, 1998b, 2009a,
2009b; Croft, Taoka, & Wood, 2001). However, this work is
unable to capture the common categories of event types found
in the recent verbal semantics literature, such as directed motion, placing/application, removal, creation, change of state,
transfer of possession and so on. These categories are more
specific than the more general force dynamic relations described in Talmy’s and my earlier work.
The additional semantic information that yields the generally recognized categories of event types is the type of incremental theme change that the theme participant undergoes
in the event (Dowty, 1991; Hay, Kennedy, & Levin, 1999;
Croft, Pešková, & Regan, 2016). For example, the difference
between spraying paint on the wall (application) and pushing
the table against the wall (caused motion) is in what changes
incrementally in the process. The incremental change described by spraying is that the theme, the paint, ends up on
the wall drop by drop (mereologically). In contrast, the incremental change described by pushing is movement of the table
incrementally on a path towards the wall. The incremental
change is a feature of the qualitative dimension (the types of
intermediate states in the process).
We have identified five distinct types of changes that the
theme participant may undergo. A mereological change
refers to part-by-part change. A property change refers to
change in degree of a property of the entity as a whole. A
design change refers to a change in the identity of the object. A path change refers to change along a spatial path of
the object. Finally, an internal change refers to a dynamic
change internal to the object (e.g. unfolding). These types of
changes account for physical event types. Our current work
on mental and social event types indicates that the same types
of change are found in mental events, although in some cases
it represents a metaphor (e.g. transfer of possession is construed as mereological, but involves ownership, not spatial
co-location).
Our current work also indicates that mental and social

Figure 1: A representation of an aspectual and causal event
decomposition for Jane mowed the lawn (Croft, 2012).

Aspect
Aspect—how events unfold over time–is analyzed using a
phasal model including the following phases: states (single
point on q, but may be of different extents on t); transitions
(changes on q construed as instantaneous on t); incremental
change (monotonic on q), and nonincremental change (nonmonotonic on q). This analysis allows for the representation
of the aspectual types of verbs in simple tense-aspect constructions found in the semantics literature (Croft, 2012).
We have revised the analysis in order to include a fifth
Venderlian aspect type, endeavors: events that terminate
without completion (unlike accomplshments). Certain Russian perfective prefixes express undirected endeavors (terminated nonincremental changes), as in On po-spal posle obeda
‘He had a sleep after dinner’, and directed endeavors (terminated incremental changes), as in On pri-otkryl dver’ ‘He
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events involve a wider range of force dynamic relations than
those proposed by Talmy (1976). In addition to Talmy’s affective causation for mental events, there is also attending to
a stimulus and an experiential stative relation (Croft, 1993).
In addition to Talmy’s asymmetric inducive causation relation
between two agents carrying out an action, a more symmetric
mutual relation between agents is also systematically distinguished grammatically (e.g. with a comitative adposition, or
a sociative causative construction). There is also a transfer relation for at least possession and communication, expressed
by a distinct double object construction in many languages.
The revised analysis of aspect, force dynamics and theme
type has been formalized for commonsense reasoning in
Croft et al. (2017), using temporal interval calculus (Allen,
1984) and a recent formalization of commonsense psychology (Gordon & Hobbs, 2017). An annotation scheme for
computational linguistic applications is being developed.
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Mental Spaces and Unrealized Subevents
Events denoted by the complement clauses of verbs such
as want or modals such as might are unrealized. However,
subevents of verbal events may also be unrealized: in Keri
baked Sandy a cake, Keri intends Sandy to receive the cake
but Sandy might not actually receive it (Goldberg, 1995;
Croft, 2003); and in He had risked two of his submarines
by sending them to the edge of the American beaches, the
subevent of sending the submarines is actual but the harm
to the submarines is only potential (Croft & Vigus, 2017).
Hence a full event structure representation must allow for differing modal status of verbal subevents.
Unrealized subevents are being modeled in terms of mental spaces (Fauconnier, 1985). Each subevent is situated in
a mental space. A mental space is linked to its parent space
by a stance relation (full or partial positive, neutral or full or
partial negative). Mental space types required include epistemic spaces (real and hypothetical), tense spaces, “futureoriented” spaces (including deontic), generic spaces (including dynamic) and fictional spaces.
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While we follow a complementary-learning systems
approach to learning theory (McClelland et al., 1995), most
of our research to date has explored relatively short-term
changes in beliefs resulting from brief perceptual experience
in the laboratory. In recent work, we have documented that
this type of learning is characterized by a great importance
of surprise (Kapatsinski, in press, a; Olejarczuk &
Kapatsinski, Submitted; Olejarczuk et al., in press). While
many learning models following Rescorla and Wagner
(1972) have suggested that surprise is crucial for learning,
the precise way in which surprise is utilized varies across
alternative models. Our research investigates some of the
ways surprise is used in language learning.
Kapatsinski (in press, a; pp.103-107) and Olejarczuk and
Kapatsinski (Submitted) argue that learners temporarily
downweigh their beliefs when they are clearly contradicted
by recent experience. This effectively increases the learning
rate for unexpected patterns, allowing the learner to rapidly
learn the contingencies of the current environment. As a
result, when learning is measured as a change from pretest
to post-test, unexpected patterns engender more learning
than expected ones (e.g. Figure 1). Computational
simulations show that the differences between expected and
unexpected patterns in our study are greater than one would
expect from a Bayesian model. In particular, we see rapid
downweighting of previously predictive cues to stress
location when the cue-outcome mappings are reversed from
the participants’ native language experience. In contrast,
upweighting of such cues beyond their original levels
appears to be comparatively more difficult. The rapid
learning of surprising patterns may help explain a persistent
mystery in language change: how it is that novel patterns
can overtake their entrenched predecessors despite their
initially low input frequency. For example, the past tense
suffix –ed successfully overtook all competing strong verb
patterns of old English, despite its initially low frequency in
the language.
Harmon et al. (in preparation; see also Kapatsinski, in
press a, pp.140-143) show that surprise alone appears to be
insufficient to engender downweighting of a predictive cue.
In this study, we made use of the fact that phonological
contrasts are highly multidimensional, but characterized by
one dimension serving as the primary cue (e.g. Kapatsinski
et al., 2017). Voicing, the difference between beer and pier
is cued by as many as 16 cues, with VOT serving as primary
cue for English speakers. We showed that random pairing of
VOT with voicing feedback engenders no downweighting
of this primary cue. Instead, it engenders upweighting of a

Keywords: associative learning; error-driven; language
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For a long time after Chomsky (1959), mainstream
linguistic theory denied the possibility that language could
be acquired using domain-general learning mechanisms.
This consensus began to shift in the 1980s, with the reemergence of connectionism and the development of usagebased cognitive/functionalist approaches to linguistic
theory. The ensuing debate generated a great deal of interest
in learning mechanisms for language acquisition (see
Kapatsinski, in press b, for a review). While domainspecific mechanisms have been proposed (e.g. Gibson &
Wexler, 1994), further research has generally abandoned
them due to robustness issues and converged (back) on
domain-general mechanisms familiar from other domains.
For example, phonologists have turned back from strict
ranking of constraints to gradient weighting using domaingeneral weight updating algorithms (Hayes & Wilson, 2008;
Kapatsinski, 2013). At this point, there is no theoretical
position that denies the applicability of domain-general
learning mechanisms to language.
Many studies have demonstrated the power of domaingeneral mechanisms in acquiring specific aspects of
language and making surprising and surprisingly correct
predictions. In particular, much recent research has shown
that various phenomena in language acquisition are
consistent with the Rescorla-Wagner (1972) model (Ellis,
2006; Kapatsinski, in press a; Olejarczuk et al., in press;
Ramscar et al., 2013). This research suggests that language
acquisition is learning.
However, the literature on domain-general learning theory
is not characterized by consensus around the RescorlaWagner model or some alternative to it (e.g. Kruschke,
1992; Miller, 1995; Sutton & Barto, 1998). Alternative
learning mechanisms assume different types of experience
to be critical for learning a particular aspect of language,
and learn different things from the same experience.
Despite calls for a learning-theoretic linguistics (Hayes &
Wilson, 2008), relatively little work has explicitly compared
the predictions of alternative learning mechanisms for
language acquisition or explored the ways in which they
may work together in driving language acquisition and
constraining language change. This is the aim of research
summarized in Changing minds changing tools
(Kapatsinski, in press, a; see also Harmon et al., in prep;
Harmon & Kapatsinski, 2017; Kapatsinski, 2009, 2010,
2013; Kapatsinski & Harmon, 2017; Olejarczuk et al., in
press; Olejarczuk & Kapatsinski, submitted).
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secondary cue (F0 at the onset of the following vowel), but
only if attending to the secondary cue allows the learner to
improve the accuracy of their predictions during training. If
the secondary cue is constant during training, no learning
occurs (a null hypothesis confirmed by Bayes Factor
analysis), despite the fact that training provides positive
evidence that the primary cue is non-predictive.
Computational simulations show that this result contradicts
the predictions of the Rescorla-Wagner model, which
suggests that random cue-outcome pairings should produce
rapid downweighting of a predictive cue. Instead, the results
are captured by reinforcement learning models (Sutton &
Barto, 1998), with two assumptions: 1) participants rapidly
divert attention away from non-predictive cues (Kruschke,
1992), and 2) attention to a cue increases the learning rate
for associations involving that cue (Rescorla & Wagner,
1972, et seq). Assuming this, diverting attention away from
a cue that is no longer predictive facilitates rapid learning
about other cues whereas knowledge about the meaning of
the primary cue remains unaffected. As argued by Kruschke
(1992), this may allow the learner to maintain stable longterm beliefs while rapidly adjusting to the changing
environment; in this case, linguistic environment. For
example, whereas English speakers use VOT as the main
cue to voicing, Korean speakers use F0. Learning to
understand a Korean speaker of English therefore requires
rapid upweighting of F0. Shifting attention to F0 when VOT
is unpredictive allows the listener to adapt while
maintaining knowledge about VOT.
Overall, these results challenge single-mechanism
theories of learning. Surprise appears to reduce the learner’s
confidence in their beliefs. In this sense surprise does more
than is usually assumed. However, surprise may not by
itself be sufficient to lead to a change in behavior, including
covert behavior, such as the allocation of attention. Rather,
the learner should have evidence that the change will lead to
more rewarding behavior. In this sense, surprise is less
powerful than often assumed. Behavioral changes in
language acquisition may need to be shaped (Goldstein et
al., 2003; Skinner, 1981). Developing a learning-theoretic
account of language acquisition will require elucidating how
several domain-general learning mechanisms work together
in driving behavioral changes.
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between encoding and retrieval contexts ameliorates the
transfer deficit (Choi et al., in press; Zack, Barr,
Gerhardstein, Dickerson, & Meltzoff, 2009).
Learning across multiple trials may be particularly
difficult, insofar as children must ignore outdated
information while updating mental representations from one
trial to the next (Munakata, 2001). Proactive interference
from outdated representations can result in perseveration
(Troseth, 2010). For instance, my students and I have shown
that during object-retrieval tasks, toddlers often fail to find a
hidden object on later search trials because they perseverate
to a previously correct location (Choi & Kirkorian, 2016;
Kirkorian, Lavigne, et al., 2016). My students and I also
showed that reducing perceptual mismatch between
encoding and retrieval contexts, while helpful on a single
learning trial, may hinder transfer across multiple learning
trials: Two-year-olds were more likely to perseverate when
perceptual mismatch was low, presumably because it was
more difficult to separate outdated representations from
current ones (Choi et al., in press).

Keywords: transfer deficit; video deficit; development; early
childhood; symbol use; spatial memory; object search

Motivation and Background
Imagine a toddler who is video-chatting with their
grandparent. The grandparent holds up an object and labels
it. To learn from this symbol-mediated experience, the
toddler must understand that while they cannot reach out
and hold the object, the object and grandparent do exist in
the real world, and the label they just heard applies to the
real object as well – not just the image on the computer
screen. This ability to generalize knowledge and skills from
one context to another is a fundamental component of
learning, yet toddlers exhibit a transfer deficit whereby they
are less likely to transfer information across contexts (e.g.,
from video images to real objects) than within the same
context (Barr, 2013; Kirkorian, Pempek, & Choi, 2017;
Troseth, 2010). For instance, 24-month-olds are more likely
to find a sticker on a felt board if they watched an
experimenter hide the sticker in person than if they watched
the same demonstration via closed-circuit video (Kirkorian,
Lavigne, Hanson, Troseth, Demers, & Anderson, 2016). We
argue that this transfer deficit is due in part to the extent to
which a particular learning task exceeds the cognitive
resources of a particular child. Thus, although the transfer
deficit is typically observed in toddlers 15-30 months of
age, I have demonstrated individual differences in toddlers’
transfer from video, strategies to ameliorate the transfer
deficit at this younger age, and tasks that elicit a transfer
deficit among older children.

The Impact of Contingency on Transfer
Contingency (e.g., via video chat or touchscreen apps)
appears to support learning and ameliorate the video deficit.
For instance, toddlers were more successful on an objectretrieval task when they learned from an on-screen actor
who provided contingent social feedback than a prerecorded
actor who did not respond to the child (Troseth, Saylor, &
Archer, 2006). My students and I found a similar effect
when we added touchscreen contingency to word-learning
(Kirkorian, Choi, & Pempek, 2016) and object-retrieval
tasks (Choi & Kirkorian, 2016), but only when contingency
drew attention to the to-be-learned information (i.e.,
location of an object as it was being hidden or labeled). This
finding is counterintuitive insofar as the act of interacting
with the screen should create additional cognitive load
compared to simply viewing non-interactive video. Perhaps
contingency increases attention and arousal during the
encoding event, leading to a stronger memory trace, lower
likelihood of perseveration, and more transfer. Additionally,
contingency may reduce the perceived differences between
the encoding and retrieval contexts, insofar as children can
interact with apps and video chat in ways similar (albeit not
identical) to real-life people and objects.

The Cognitive Demands of Transfer
Successful transfer across different contexts requires
learners to overcome the perceptual mismatch between
encoding and retrieval contexts (Barr, 2013). Consistent
with the hypothesis that such transfer is cognitively
demanding, I found that prior experience (Kirkorian &
Choi, 2016) and working memory capacity (Choi,
Kirkorian, & Pempek, in press) predicted 2-year-olds’
transfer from screens in an object-retrieval task (e.g.,
searching for a real object after watching it being hidden on
video). Moreover, I found that greater visual attention
(measured by eye movements) during encoding events
predicted 2-year-olds’ transfer from screens but not from
real-life events (Kirkorian, Lavigne, et al., 2016), consistent
with the hypothesis that screen-based learning tasks require
greater cognitive effort and more encoding time. Finally, I
(and others) found that reducing the perceptual mismatch

A More Sensitive Transfer Task
In order to more directly evaluate the cognitive processes
involved in transfer across contexts, such as that from
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screens to real-life stimuli, researchers must adopt more
sensitive measures than those used in previous studies.
Additionally, while the early literature suggested that the
transfer deficit peaks between 15-30 months of age (Barr,
2013; Kirkorian et al., 2017; Troseth, 2010), some studies
with older children suggest that the transfer deficit can be
protracted when children are tested using more difficult
tasks or more sensitive measures (Dickerson, Gerhardstein,
Zack, & Barr, 2013; Moser, Zimmermann, Dickerson,
Grenell, Barr, & Gerhardstein, 2015).
In the current study, my coauthor Vanessa Simmering and
I sought to test for transfer deficits in older children using a
spatial memory task. In this task, children watch a toy being
hidden in a long sandbox and then, after a brief delay, point
to the area in the sand where they think the toy was hidden.
This task has been used with children between the ages of 2
and 11 years (for review, see Simmering & Schutte 2015),
and is sensitive enough to reveal small errors along a
continuous task space. Spencer, Schutte, and colleagues
have shown age-related decreases in both constant error
(i.e., mean displacement from the target to search) and
variable error (i.e., standard deviation across repeated trials
to the same target location; see Simmering & Schutte,
2015). They have also adapted the task to an A-not-B
version, with the toy hidden first in one location (A) six
times, then in a second nearby (B) location. Children’s
searches to the B location show systematic biases toward the
A location, which can be used to assess the strength of
memory representations.
We used an A-not-B sandbox task with 4- to 5-year-old
children to test whether errors would show systematic
differences when children viewed the hiding events through
a window versus real-time closed-circuit video that had the
same view (e.g., distance, angle) as the window. Our
preliminary analyses suggest that both constant and variable
errors may be larger in the screen condition than in the
window condition, with more evidence of an influence of A
on video-mediated (vs. in-person) B trials. If this is in fact
the case, then our results would reveal a transfer deficit at
least as old as 5 years of age, and they would be consistent
with the hypothesis that viewing video-mediated hiding
events produces weaker memory representations than
viewing identical events through a window.
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cognitively penetrable (at least in organisms with
mammalian behavioral repertoires). The second half will
provide examples of demonstrable effects of cognitive states
affecting what we perceive. For example, verbal cues can
make otherwise invisible percepts, visible (Lupyan &
Spivey, 2010a; Lupyan & Ward, 2013), and participants’
knowledge that pumpkins are orange but that cars come in a
variety of colors causes people to experience more vivid
color afterimages of pumpkins than of pumpkin-colored cars
(Lupyan, 2015c).
I will end by issuing several challenges to remaining
skeptics of the idea that what we know routinely influences
what we perceive.

penetrability,

What determines the contents of our perception? A century
and a half of psychophysics research has focused on the
process by which objectively measurable stimuli are
represented by the brain. This paradigm has focused on
discovering lawful relationships by which we form veridical
representations of the external world and has classically
viewed perception as a one-way mapping from the world to
the mind. At the same time, perception researchers have
long understood that perceptual systems have been honed by
evolution to transform energy (electromagnetic waves,
mechanical vibrations, aromatic molecules) into forms
useful for guiding our actions (Marr, 1982). To be
maximally useful, the same input should be represented
differently depending on current task demands. This idea
conflicts with the traditional emphasis on veridicality (e.g.,
Hoffman, Singh, & Prakash, 2015; cf. Lupyan, 2015b). If
true, then rather than focusing on the world as a determinant
of what we perceive, the best approach for understanding
the contents of our perception may be to emphasize the
needs, goals, and expectations of the organism as they relate
to the world (a line of thinking diversely represented in e.g.,
Clark, 1997; Gibson, 1979; Noe, 2004).
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(verbal versus nonverbal) moderated the variability in effect
sizes. Lehtonen, Soveri, Laine, Järvenpääl, de Bruin, &
Antfolk (2018) also examined the WM domain and their
meta-analysis of 243 effect sizes yielded a mean effect size
of g = +0.07 [0.00, +0.13] that shifted to a disadvantage
when corrected for bias, g = -0.07 [-0.17, +0.03]. The
Lehtonen et al. meta-analysis reinforces the conclusion of
von Bastian et al. that the findings “challenge executiveattention accounts of bilingual advantages”.

attention,

Introduction
During both comprehension and production there is
overwhelming evidence that when bilinguals are conversing
in one language, lexical entries in the other language are
coactivated. This point of consensus diverges to contentious
debates whether general inhibitory control is recruited to
resolve competition from the nontarget lexicon and if so, is
this ubiqutious practice sufficient to enhance general
executive functioning (EF) and to transfer to nonverbal
tasks where interference effects will be smaller in bilinguals
compared to monolinguals. On the basis of a bibliometric
analysis Sanchez-Azana, López-Penadés, Buil-Legaz,
Aguilar-Mediavilla, & Androver-Roig (2017) identified
Paap and Greenberg’s (2013) Cognitive Psychology article
as a “turning point” toward skepticism regarding the
bilingual advantage in EF hypothesis. Nonetheless, there
were still many proponents among the 22 commentaries
when Paap, Johnson, and Sawi (2015, 2016) laid out a full
indictment of the bilingual advantage hypothesis in a target
article for a Cortex forum. Furthermore, in an extensive
counterarguement Bialystok (2017) reiterated her strong
belief in the bilingual advantage hypothesis, but shifted its
locus from EF to "selective attention" (SE). This revised
hypothesis was supported by bilingual advantages in
conjunctive visual search (Friesen, Larman, Calvo, &
Bialystok, 2014) and an ambiguous figures task (Chung-FatYim, Sorge, & Biallystok, 2017).

Interference Control
Two recent meta-analyses converge on the conclusion
that significant bilingual advantages in inhibitory control are
relatively rare (15% of all comparisons), that the average
effect sizes are small, and that there is evidence for
publication bias, which when taken into account, appears to
completely eliminate the effect.
In Paap (2019) the mean advantage across all 146
comparisons was +4.4 ms. If the 146 effect sizes are treated
as a single sample the Bayes Factor (using the JZS prior and
Rouder’s calculator) favoring the alternative is 2.87, an odds
ratio that according to Jeffrey’s (1961) guidelines is “barely
worth mentioning”.
Lehtonen, et al. (2018) used a wider definition of
inhibitory control tasks
and identified a more
heterogeneous set of 212 effect sizes compared to Paap
(2019). Furthermore, Lehtonen et al. only included datasets
that were both independent and allowed standardized effect
sizes. However, the Lehtonen et al. meta-analysis was
restricted to studies using participants 18 years and older,
whereas the Paap meta-analysis includes participants 6 years
and older. The mean effect size for inhibitory control in
Lehtonen et al. was Hedge’s g = +0.11 [+0.05, +0.18], but
when corrected by the PET-PEESE method the mean was
no longer significant, g = -0.02 [-0.12, +0.08]. Because the
two meta-analyses accepted different trade-offs, they are
complementary. They converge on the same outcome and
the most straightforward conclusion is that they provide no
compelling evidence that bilingualism enhances inhibitory
control.

Meta-Analyses of EF
Recent meta-analyses of studies testing for bilingual
advantages in EF reveal meager support for the phenomena.

Working Memory
Bialystok (2017) asserts that working memory (WM)
capacity, conceptualized not as storage space, but as the
extent to which resources are available to control attention
“…is compatible with the evidence found across the life
span for bilinguaism-dependent plasticity” p. 249. A recent
meta-analysis by von Bastian, de Simoni, Kane, Carruth,
and Miyake (2017) evaluated this conceptualization of EF
for bilingual advantages. A set of 88 studies with 108
independent comparisons were included. The average effect
size was g = +0.11 [+0.03, +0.19]. Considering the Bayes
Factor associated with each effect size there was a high
degree of heterogeneity, mostly null effects, and little
evidence for the alternative hypothesis. Neither age
(children, younger adults, older adults) nor task mode

Switching
In a seminal study Prior and MacWhinney (2010) were
the first to report a bilingual advantage in switching cost.
The advantage in switching costs looked like one that
should easily replicate given that the estimated effect size
was d = .52 (with 44 participants in each group) and that the
estimated power for a one-tailed test with an alpha equal to
.05 was .78. However, Paap’s (2019) update of the metaanalysis first reported by Paap, Myuz, Anders, Bockelman,
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Selective Attention
The revised hypothesis that bilingual language control
recruits and enhances selective attention thereby producing
far transfer to the visual search and ambiguous figures was
retested in our lab by Anders-Jefferson (2018). Although
the construction of the search displays closely followed the
descriptions provided in Friesen et al. and produced overall
mean search times almost identical to the original study,
there were no significant differences between the language
groups in the critical low-discriminability, conjuctive-search
condition, F(1,115) = .034, p=.854, partial η2 = .0003.
Likewise, although we used the set of ambiguous figures
provide by Chung-Fat-Yim et al. in their supplementary
materials and the overall mean transition point was the same
in both studies, there were no significant differences
between the bilinguals and monolinguals, t(131) = -0.58,
p=.563, BF=3.9.
Consistent with our previous studies
using EF tasks (Paap, Johnson, & Sawi, 2014) performance
on the SE tasks were unrelated to the L2/L1 ratio, L2 age of
acquisition, percentage of L2 use, frequency of daily
switching, frequency of switching within utterances. number
of languages used per context, and language similarity.

Why Doesn’t Bilingualism Enhance EF or SE?
The impetus for predictions of bilingual advantages in
cognitive control rest on the assumption that bilingual
language control recruits general domain-free control
processes and that the ubiquitous practice afforded by using
two languages enhances the control processes of bilinguals
relative to monolinguals. There are three plausible reasons
why there may be a break in this chain of events: (1)
Normally functioning individuals engaged in everyday life
may receive sufficient “practice” to reach their genetically
determined upper limit of ability without special
experiences such as bilingualism. (2) As a corollary,
bilingual language control may not require sufficiently
greater levels of control beyond those required by speaking
a single language. (3) Complex cognitive skills such as
coordinating two languages may require effortful control in
early stages, but then give way to automatic processes that
exploit domain-specific learning (Paap, 2018).
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In this talk, I’ll provide an overview of some of the ideas about the principle of parsimony that I
develop in Sober (2015), focusing on material from Chapter 4 of that book that is about the cognitive science
problem of figuring out whether chimpanzees are “mind-readers,” meaning that they form beliefs about the
mental states of others.
I call the book “Ockham’s Razors” because I think there are at least three “parsimony paradigms”
that show how parsimony considerations can be epistemically relevant. Parsimony isn’t always a mere
aesthetic frill; it often is a guide to deciding what the world is like.
The first paradigm (the “likelihood paradigm”) concerns the circumstances in which a more
parsimonious theory is better supported by the evidence than a more complex theory is. Here I use the law
of likelihood, which says that evidence E favors hypothesis H1 over hypothesis H2 precisely when Pr(E|H1)
> Pr(E|H2). I identify assumptions that suffice for a common cause explanation to have a higher likelihood
than a separate cause explanation. I also describe different assumptions that have the opposite implication.
Thus, whether the simpler theory (the common cause explanation) has the higher likelihood depends on
empirical assumptions.
The second parsimony paradigm (the “model selection paradigm”) connects Ockham’s razor with
an idea from statistics. AIC (the Akaike Information Criterion) is based on a mathematical theorem that
shows why the complexity of a model (as measured by the number of adjustable parameters it contains) is
relevant to estimating the model’s predictive accuracy – that is, its ability to accurately predict new data
when fitted to old.
The third parsimony paradigm seeks to show that parsimony is relevant to deciding which
hypotheses have higher posterior probabilities and which have lower. If this paradigm is distinct from the
first paradigm, the idea must be that simpler theories have higher prior probabilities. I don’t think much of
this idea; at best, it plays third fiddle to the other two. However, there is a special case in which it
uncontroversial. Suppose one theory asserts that A is true, while another asserts that A&B is true. The first
is simpler, and it cannot be less probable than the second, no matter what your evidence is. If there is
evidence for A but none for B, you may want to apply the “razor of silence,” which tells you to be agnostic
about whether B is true. This is unproblematic, but the “razor of denial” is not; that version of Ockham’s
razor tells you to deny that B is true.
De Waal (1991, 1999) argues that anthropomorphic hypotheses about the mental characteristics of
chimpanzees are more parsimonious than hypotheses that embrace anthropodenial (his term). He also
claims that this difference suffices for the former hypotheses to be more probable than the latter. De Waal
is right that anthropomorphism is more parsimonious if parsimony means cladistic parsimony (the idea in
evolutionary biology that the best phylogenetic hypothesis is the one that requires the fewest evolutionary
changes in characteristics to explain the data). However, when De Waal’s claim about probability is viewed
through the lens of the law of likelihood, it turns out to be dubious. What is true is something more modest:
the fact that humans have trait T raises the probability that chimpanzees do too.
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More recent experimental work on whether chimpanzees are mind-readers has also included
appeals to parsimony. Tomasello and Call (2006) argue that mind-reading hypotheses are justified because
they unify a diverse set of observations. Povinelli and Vonk (2003) argue that mind-reading hypotheses
are unparsimonious because the observed correlations of environment to behavior can be explained without
postulating beliefs about the mental states of others. If unifying theories are simpler than disunifying
theories, then both these articles are using Ockham’s razor, though they draw opposite conclusions from
that common starting point.

(1) S

Ib

Im

R

(2) S

Ib

R

(3) S

R1
(4) S

R

R1

I

(5) S
R2

R2

To disentangle these issues, it helps to consider the rationale for postulating intervening variables.
The five causal models in the accompanying figure all describe the relationship of a stimulus to one or more
responses, but only some of them postulate intervening variables. Model (1) postulates a behavior readingintervening variable Ib and a mind-reading intervening variable Im. Model (2) postulates Ib alone. Model
(3) postulates no intervening variable at all. If you have frequency data concerning the relation of stimuli
of type S and responses of type R, those observations will not discriminate among models (1), (2), and (3).
However, if you observe the relationship of stimulus S to two responses (R1 and R2), your data may be able
to discriminate between models (4) and (5). Causal chains and causal forks are different. Parsimony
considerations may lead you to snip away intervening variables in (1)-(3), but the data may or may not
endorse this move with respect to (4) and (5). In Chapter 4, I use two experiments from Melis et al. (2006)
to construct a single experiment and formulate a mind-reading hypothesis corresponding to (4) and a
behavior-reading hypothesis corresponding to (5); these hypotheses make different predictions about what
you should observe in the frequency relationships of S, R1, and R2.
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2014; for a review, see Vlach, 2014). In these studies,
categories are presented to children on two schedules: a
spaced schedule or a massed schedule. In both schedules,
novel objects are presented sequentially so that children can
only visually inspect one exemplar at a time. In massed
presentations, the novel object presentations are presented in
immediate succession. In spaced presentations, the novel
object presentations are separated by intervals of time, in
which children participate in an unrelated activity. After a
retention interval, learners are asked to generalize to a novel
exemplar. The consistent finding in this work is that
presenting learners with instances of a category on a spaced
schedule promotes generalization to a greater degree than
presenting the same number of instances on a massed
schedule.
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Introduction
Categorization is a fundamental process in cognition,
development, and education. Beginning early in life, infants
and children learn categories of objects, people, and more,
creating a conceptual framework for understanding the
world. When entering formal schooling contexts, teachers
present students with multiple examples of educational
concepts with the hope that students will generalize these
examples beyond the classroom. To later generalize
knowledge, children must abstract the similarities and
differences across examples of a category or concept. For
instance, when children learn the category of “cat,” children
must abstract across the examples of “cat” that they have
experienced to notice the similarities (e.g., body shape) and
differences (e.g., color). This knowledge will allow children
to classify and generalize characteristics of “cat” to new cats.
Given the central role that categorization plays in
cognition, researchers have sought to determine the
characteristics of the learning environment that promote
children’s ability to generalize knowledge. This work has
shown that the timing of learning affects children’s
categorization. One line of work has demonstrated that
viewing multiple instances of a category simultaneously
facilitates category acquisition and generalization (e.g.,
Ankowski, Vlach, & Sandhofer, 2013; Gentner, 1983; Gick
& Holyoak, 1983; Oakes & Ribar, 2005; Vlach, Ankowski,
& Sandhofer, 2012). In a typical paradigm, children are
presented with multiple novel objects that are labeled with
the same novel linguistic label (e.g., “This is a wug!”). The
novel objects are presented on two schedules: simultaneous
or massed. In simultaneous presentations, novel objects are
presented at the same time so that children can visually
inspect all of the exemplars together during learning. In
massed presentations, novel objects are presented
sequentially so that children can only visually inspect one
exemplar at a time. At an immediate test, learners are asked
to generalize to a novel exemplar of the category (e.g.,
identify a new “wug”). This research has consistently shown
that visually comparing multiple instances of the same
category promotes generalization to a greater degree than
viewing the same number of instances presented in
immediate succession (i.e., massed presentations).
Another line of research has come to a different
conclusion.
Many studies on spaced learning have
demonstrated that viewing multiple instances of a category
across time facilitates category acquisition and generalization
(e.g., Carvalho & Goldstone, 2014; Gluckman, Vlach, &

At the Same Time or Apart in Time?
These two lines of research present a seemingly
paradoxical set of results: How is it that comparison, the
presentation of instances at the same time, and spaced
learning, the presentation of instances apart in time, both
facilitate children’s categorization? In my work, we have
begun to resolve this paradox by directly comparing
children’s performance on multiple schedules in a novel noun
generalization task. In two experiments (Vlach et al., 2012),
children were randomly assigned to learn about object
categories on a simultaneous, massed, or spaced schedule.
Children’s generalization was tested at an immediate test,
consistent with comparison paradigms, or after delay,
consistent with spaced learning paradigms. The results
revealed that the testing timescale led to very different
results. Children had stronger performance in the
simultaneous condition at the immediate test. In contrast,
children had stronger performance in the spaced condition at
the delayed test. Thus, we concluded that timescale at which
children are required to generalize knowledge is a
determining factor in whether comparison and spaced
learning are advantageous for learning.
Why does timescale matter? In line with structure
mapping theories of comparison (Gentner, 1983), I have
proposed that simultaneous presentations reduce demands on
visual attention and short-term memory, allowing children to
spend more cognitive effort mentally comparing exemplars
(Vlach et al., 2012). Consequently, children have higher
performance on simultaneous schedules at an immediate test.
However, this easy encoding comes at a cost; children do not
get practice retrieving from memory what they have learned.
In line with forgetting-as-abstraction theory (Vlach, 2014), I
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have proposed that spaced learning leads to higher
performance at a delayed test because spaced schedules (a)
provide children with practice retrieving knowledge from
memory and (b) allow irrelevant information (e.g., irrelevant
features) to be forgotten over time. In brief, I have proposed
that comparison and spaced learning support different
information-processing components, and thus support
learning at different timescales.
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Is There a Best of Both Worlds?
The talk will focus on emerging research in my lab that
addresses the question: Can simultaneous and spaced
presentations be combined to optimize children’s
generalization? I have long hypothesized that, because
simultaneous and spaced presentations support differing
information-processing components (i.e., visual attention and
short-term memory vs. long-term memory), a learning
schedule that combines the two presentation methods should
be optimal. That is, a combined schedule may promote
children’s generalization to a greater degree than a
simultaneous or spaced schedule.
My lab is examining this research question across several
experiments, with different age groups (e.g., younger vs.
older children vs. adults), different stimuli (e.g., object
categories and science concepts), and different timescales
(e.g., ISIs of seconds vs. days). In some experiments, the
combined condition is a clumped condition, in which two
category exemplars are presented in immediate succession,
but spaced in time with other exemplars (e.g., two exemplars
in immediate succession on a Monday and two exemplars in
immediate succession on a Tuesday). In other experiments,
the combined condition is a distributed pairs condition, in
which two exemplars are presented simultaneously, but
spaced in time with other exemplars (e.g., two exemplars
presented simultaneously on a Monday and two exemplars
presented simultaneously on a Tuesday). Children’s ability to
generalize categories is measured at a delayed post-test.
Across experiments, the preliminary results are
consistent: the answer to this research question is likely ‘no’.
That is, on the group level, clumped and distributed pairs
presentations do not lead to stronger performance than
simultaneous or spaced presentations. However, a sub-set of
the sample does benefit from a combined schedule. This
finding suggests that future research will need to take an
individual differences approach to understanding why some
children benefit from a combined schedule whereas other
children benefit from a simultaneous or spaced schedule. For
instance, children with low long-term memory abilities may
need as much spacing as possible to support this cognitive
domain. The talk will end with a discussion of what these
results mean for theories of categorization, such as structure
mapping theory and forgetting-as-abstraction theory.
Importantly, these results will be connected to real-world
teaching practices, in which educators must decide whether
to present concepts simultaneously, across time, or some
combination of the two presentation methods.
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Incremental and global updating are not mutually
exclusive. One theory that includes both mechanisms is
Gernsbacher’s Structure Building Framework (Gernsbacher,
1990). In this theory, new information is mapped into an
event model as a comprehender encounters the information—
incremental updating. However, if the discrepancy between
new information and the current model is too great, the
current model is abandoned and a new model is
constructed—global updating.
Surprisingly, there is been almost no empirical research
directly testing for incremental and global event model
updating in text comprehension. Movie viewing studies
indicate that viewers perceive event boundaries more often
when more situational features are changing (Huff, Meitz, &
Papenmeier, 2014; Magliano, Miller, & Zwaan, 2001).
However, this could reflect a shift in the probability of global
updating rather than incremental updating.
Do global and incremental updating both routinely occur
during reading? Do some groups lean more on one than the
other? Here, we will review a recent line of research that
begins to answer these questions for the comprehension of
written narratives. The data come from functional
neuroimaging, think-aloud protocols, and response time
measures of working memory accessibility. The results
support both incremental and global updating mechanisms,
consistent with the Structure Building Framework.

Keywords: discourse, narrative, event cognition, working
memory

Event Models in Comprehension
People spend an impressive amount of time exchanging
stories—written fiction, spoken anecdotes, instructions,
explanations of scientific processes, and news reports. Stories
come in written and spoken language, and also in movies and
picture stories. The comprehension of narrative structure is
important for coordinating behavior, for teaching and
learning, and for entertainment.
A central feature of narrative comprehension is that
readers, listeners and viewers construct and update internal
representations of the events depicted or described in the
story; these have been called situation models or event models
(Zwaan & Radvansky, 1998). A crucial question for theories
of narrative comprehension is: How are event models
updated?
One potential updating mechanism is incremental. In
incremental updating, new features are mapped into a
currently-maintained event model as the comprehender
experiences changes in the narrative situation. Information
that conflicts with the new features is susceptible to updating
but representations of other aspects of the situation are not
affected. For example, if one reads about a new character
being introduced (“Lucy strolled onto the field.”),
incremental updating of this character information could
affect the representations of other characters in the event
model but should not affect the representation of the spatial
layout or the objects in the scene. Theories such as the Event
Indexing model propose an incremental updating mechanism
(Zwaan, Langston, & Graesser, 1995).
An alternative updating mechanism is global. In global
updating, a current event model is abandoned and replaced
by a new event model when new features are introduced. If
reading that Lucy strolled onto the field led to globally
updating of an event model, this could affect not only the
representation of other characters, but also the representation
of other dimensions of the situation. Event Segmentation
Theory, a comprehension model that we have proposed,
includes only global updating (Zacks, Speer, Swallow,
Braver, & Reynolds, 2007).

Neurophysiological Evidence
Our first hint that both incremental and global updating figure
importantly in discourse comprehension came from a
functional MRI study of reading (Yarkoni, Speer, & Zacks,
2008). In this experiment, participants read paragraphs that
either described coherent narratives, or paragraphs composed
by scrambling sentences from multiple narrative into one
paragraph. We analyzed activation in brain regions whose
time-course was different for the intact and scrambled
paragraphs. Regions in the posterior parietal cortex showed a
pattern of activity that was consistent with global updating:
During intact paragraphs, activation in these regions initially
rose but then quickly declined until the end of the paragraph,
consistent with a role in establishing a new event model.
During scrambled paragraphs, activation rose and remained
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high across sentences, consistent with having to establish a
new model for each new sentence because the information
could not be integrated into a common model. Regions in the
right superior temporal sulcus and temporal pole showed a
pattern consistent with incremental updating: During intact
paragraphs their activity rose steadily, consistent with
mapping new information into a common model. However,
during scrambled paragraphs, for which incremental
mapping was not possible, they showed little increase.

Whereas all of the studies described so far focused on
younger adults, a final study compared performance between
younger and older adults. As before, younger adults showed
a mix of incremental and global updating. However, older
adults’ responses to memory probes were consistent with
purely global updating. One possibility is that this reflects an
unconscious strategy shift to compensate for reduced ability
to manipulate information in working memory.

Conclusion

Think-aloud Protocol Evidence

These results establish roles for both incremental and global
updating during narrative comprehension. Going forward, a
challenge is to work out the computational mechanisms by
which event models are represented and updated.

Direct evidence for global updating came from a think-aloud
study, in which participants read narratives one clause at a
time and then described what they were thinking about after
each narrative (Kurby & Zacks, 2012). In such a paradigm,
one would expect that readers would mention features of the
activity when changes in those features were described in the
narrative. This could reflect global updating, but it also could
reflect incremental updating. However, if readers mentioned
dimensions of the situation that had not changed and were not
recently mentioned, this would be evidence for global
updating. To test these proposals, we asked readers to
complete the think-aloud protocol, and then to segment each
narrative into meaningful events. We hypothesized that
global updating would be more likely at event boundaries,
consistent with Event Segmentation Theory (Zacks et al.,
2007). Trained coders then recorded which of five narrative
dimensions were mentioned in each entry of the think-aloud
protocols. (The dimensions were cause, character, objects,
space, and time.) As expected, readers mentioned dimensions
more when they changed. Further, they were more likely to
mention unchanged dimensions of the situation at event
boundaries. The pattern was consistent with both incremental
and global updating occurring, with incremental updating
occurring when new information was introduced within an
event and global updating occurring at event boundaries.
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Memory Probe Evidence
In the final series of studies, we used speeded memory probes
to assay the consequences of updating (Bailey, Kurby,
Sargent, & Zacks, 2017; Bailey & Zacks, 2015). In these
studies, participants read stories that included changes in
characters or spatial location. A first experiment confirmed
that the readers perceived these changes as event boundaries.
Further, the impact of the changes was modulated by
orienting instructions: When participants were encouraged to
focus on space, by being told that they would have to draw a
map of the story environment, they were more likely to mark
spatial changes as event boundaries. (Instructions to focus on
characters had little effect on segmentation suggesting that
readers were already tracking this dimension of the situation.)
In a second experiment, we asked participants to recognize
recently-presented phrases describing a character or a spatial
location throughout the stories. Recognition of phrases was
slower after a shift. Probes of the shifted dimension were
slowed more than probes related to the unshifted dimension,
consistent with a mix of incremental and global updating.
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sults suggest that a drive for information-theoretic efficiency
may shape color naming systems across languages. This principle is not specific to color, and so it may also apply to crosslanguage variation in other semantic domains.

A major question in semantic typology is how to account for
semantic universals and variation in a principled and unified
way. One approach to this question proposes that word meanings may reflect adaptation to pressure for efficient communication. Color is a semantic domain that has been approached
in this spirit. Recent work has relied on the notion of the ‘informativeness’ of word meaning, has often cast that notion in
terms borrowed from information theory, and has accounted
for several aspects of color naming across languages on that
basis (e.g. Jameson & D’Andrade, 1997; Regier et al., 2007;
Baddeley & Attewell, 2009; Regier et al., 2015).
However, two fundamental issues have been left largely
unaddressed. First, little is known about how a drive for efficiency may relate to present accounts of color term evolution. Second, while previous accounts of color naming invoked the general idea of efficiency (e.g. Regier et al., 2015),
they did not ground their argument comprehensively in independently motivated formal concepts of efficiency from information theory. Thus, it is not yet clear to what extent variation
in color naming can be explained in terms of informationtheoretic efficiency, and whether doing so can explain aspects
of color naming previously left unexplained.
In this work we examine this open question. We argue that
languages efficiently compress ideas into words by optimizing the tradeoff between the complexity and accuracy of the
lexicon according to the Information Bottleneck (IB) principle (Tishby et al., 1999), a formal principle with broad scope
which is closely related (Harremoës & Tishby, 2007) to Shannon’s rate distortion theory. We support this claim by showing
that: (1) color naming systems across languages lie near the
information-theoretic limit of efficiency; (2) small changes in
a single tradeoff parameter account to a large extent for observed cross-language variation; (3) efficient IB color naming systems exhibit soft rather than hard category boundaries,
and often leave large regions of color space inconsistently
named, both of which phenomena are found empirically; and
(4) these IB systems evolve through a sequence of structural
phase transitions, in a process that captures key ideas from
Berlin and Kay’s theory (Berlin & Kay, 1969), as well as
ideas associated with more continuous accounts (MacLaury,
1997; Levinson, 2000) of color category evolution. These re-
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Abstract

errors during a simple teaching task (Ronfard & Corriveau,
2016; Strauss, Ziv & Stein, 2002). Children also gauge the
utility of different pieces of information in the context of
learners’ goals and costs, and choose to share the utilitymaximizing information (Bridgers, Jara-Ettinger, & Gweon,
2016).
Puzzlingly, adults do not always teach as proficiently as
one might expect, given children’s early pedagogical
successes. Most of us can probably recall failing to get a
point across despite our best intentions, and many studies
have documented that adults often fail to teach effectively in
unconstrained interactions (Chi, Siler, Jeong, Yamauchi &
Hausmann 2001; Chi, Siler & Jeong, 2004; see VanLehn,
2011 for review).
If children already possess intuitions about successful
teaching during the first few years of life, why does adult
teaching so often break down in naturalistic tasks? Tasks
where adults fail are often more complex than those where
children and adults succeed. As such, there are many more
pieces of information a teacher could choose to provide.
Perhaps when teachers are confronted with so many options,
they struggle to decide what information to share. Under
this account, teachers may fail to teach effectively because
they cannot distinguish helpful from unhelpful information.
Alternatively, teachers may struggle to represent the specific
hypotheses their learners consider plausible, especially in
complex domains. Under this account, teachers succeed in
simple tasks because they can represent learners’ hypothesis
spaces easily, but fail in more complex tasks because they
do not grasp the additional hypotheses learners consider.
Naturally, both types of difficulties likely affect
performance in complex tasks. Unfortunately, identifying
the role that these limitations play has historically been
challenging. Naturalistic tasks that elicit adult teaching
failures are too complex to analyze formally. For example,
Chi et al. (2004) asked college students to tutor 8th graders
about the human circulatory system. These tutoring sessions
lasted between 1.5 – 2 hours, with dialogue and questions
encouraged. Despite the ability to query their learners and
correct misunderstandings, Chi et al. (2004) found that after
the tutoring session concluded, tutors tended to overestimate
how much their students knew. And over the course of the
tutoring session, tutors sometimes failed to detect, diagnose,
and correct misconceptions. Because these tutoring sessions

Although we possess intuitions about pedagogy from early in
life, adults commonly fail to teach effectively in real-world
situations. Why might adults struggle in more complex
teaching tasks? Here we develop a simple teaching task where
adults fail to teach naïve learners, despite reporting high
confidence that they taught effectively. Using a formal model
of a rational teacher, we analyze the sources of our adult
teachers’ failures. Our model-based analyses reveal that
teachers successfully provided high-quality examples, but
failed to address hypotheses that naïve learners find plausible.
We validate these results in a second experiment, where we
find that constraining learners’ hypothesis space increases
their performance in the task. Our findings help bridge the
gap between children’s teaching proficiency in constrained
tasks, and adults’ teaching failures in more naturalistic tasks.
Keywords: social cognition; theory of mind; pedagogy;
computational modeling.

Introduction
Our propensity to share what we know with others allows
our species to compile extensive bodies of knowledge over
time, ameliorating the need for each generation to acquire
information firsthand. But despite the ubiquity of our
species’ pedagogical interactions, the act of sharing what we
know is far from straightforward. Explaining too much is
tedious and inefficient; explaining too little is ineffective.
To teach well, we must decide what and how much to share.
And to avoid providing the wrong amount of information,
we must take into account what learners already know. But
in choosing what to share, we face an epistemic problem:
we cannot see other people’s knowledge. Thus, to teach
well, we must infer what others know, and rely on these
inferences to decide what and how much information to
share.
Impressively, children seem to solve this challenging
problem from early on. Young children can reason about
others’ beliefs even when those beliefs are incorrect
(Wellman, Cross & Watson, 2001), and they are sensitive to
features of teaching that make for a successful pedagogical
interaction (i.e., whether teachers provide data that matches
their learners’ needs; Gweon & Asaba, 2017; Gweon,
Shafto & Schulz, 2014). Toddlers will point to share
information with ignorant (but not knowledgeable) adults
(Liszkowski, Carpenter & Tomasello, 2008), and by the late
preschool years, children can identify and address learners’
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were so long and unconstrained, it is difficult to identify the
sources of teachers’ failures.
Conversely, tasks that are susceptible to analysis are
generally simpler, and teachers tend to succeed. Therefore,
they do not reveal the sources of teachers’ difficulties. For
example, Shafto, Goodman and Griffiths (2014) asked
teachers to indicate the location and size of a rectangle by
placing two markers on a screen. Learners would see only
the markers, and would have to guess the location and size
of the rectangle. Teachers in this task perform incredibly
well, almost always placing markers in the two opposing
corners of the rectangle (enabling learners to infer both
relevant dimensions: size and location). In sum, tasks where
teachers succeed tend to be simple and constrained. Tasks
where teachers fail are more complex, and this complexity
makes it difficult to identify the sources of teachers’
failures.
In this paper, we bridge this divide by developing a
teaching task complex enough to elicit teaching failures, but
also simple enough to identify the causes of teachers’
difficulties. Relying on a standard model of pedagogy that
explains how teachers and learners communicate
successfully, we show that participants’ failures to teach
cannot be explained by the quality of the examples they
provide. Instead, our formal analyses suggest that teachers
fail because learners’ hypothesis spaces are substantially
larger than teachers assume. We validate our model
conclusions through a second experiment, where we find
that constraining learners’ hypothesis space increases their
quantitative performance on their learning task. Altogether,
our results are consistent with literature suggesting that
pedagogy is impaired by a “curse of knowledge” (wherein
participants’ ability to reason about naïve minds is impaired
by their own privileged knowledge; Camerer, Loewenstein
& Weber, 1989; Hinds, 1999; Nickerson, 1999). Our
findings begin to shed light on how this curse arises.

hypothesis, and that rational learners infer this hypothesis
by reasoning about why the teacher chose the data they did.
The learner’s success in recovering the right hypothesis
(Eq. 2) depends on two factors: the teacher’s data, and the
learner’s hypothesis space. Here, our main interest is in
using the model to evaluate teachers’ data. Thus,
𝒑𝒕𝒆𝒂𝒄𝒉𝒆𝒓 (𝑫|𝑯) is obtained from Study 1, and this data is
evaluated using Equation 2. To gauge the quality of the
data, we designed a set of hypothesis spaces that
sequentially increase in size, by combining basic primitive
hypotheses using two logical operators: AND (&), and OR
(|). In our study, primitive hypotheses correspond to beliefs
that a specific block must be on top of a machine for it to
activate (see Study 1 methods for details). In the simplest
hypothesis space, hypotheses consist of up to two primitive
hypotheses combined by one logical operator (e.g. E; A&C;
B|D).1 These hypotheses correspond to simple beliefs
participants might hold about the machine (e.g., that block E
makes the machine go; that blocks A and C together are
required to make the machine go; that either block B or
block D is required to make the machine go).
This hypothesis space can be expanded by increasing the
number of primitive hypotheses that can be combined
(called the ceiling), and it can be modified depending on
whether primitive hypotheses can only be combined by a
single logical primitive (called single-primitive space; e.g.
A&B&C; A|B|C), or by more than one primitive (called
dual-primitive space; e.g., A&(B|C); (A&B)|C).

Study 1
Study 1 consisted of a teaching task and a learning task (run
across participants). Participants in the teaching task learned
how to activate a machine, and were then asked to generate
examples that would show a naïve participant how the
machine works. Participants in the learning task saw a set of
these examples, and then were asked to infer how the
machine works. Teachers’ performance was assessed based
on the proportion of naïve participants who uncovered how
the machine worked. The sources of any failures were
analyzed by feeding teacher-selected data to our model.

Computational framework
Our computational framework is based on previous research
investigating how people share information (Shafto et al.,
2014). Teachers can be formalized as generating data, given
their knowledge of the correct hypothesis, and learners can
be formalized as inferring the correct hypothesis, given the
data that they receive. The process of teachers tailoring their
data to learners, and learners reasoning about why the
teacher provided that particular data, can be formalized
through a pair of recursive equations:
(1)
𝑝!"#$!!" (𝐷|𝐻) ∝ 𝑝!"#$%"$ (𝐻|𝐷)
and
(2)
𝑝!"#$%"$ (𝐻|𝐷) ∝ 𝑝!"#$!!" (𝐷|𝐻),

Methods
Participants 220 participants were recruited from
Amazon’s Mechanical Turk platform. The first 20
participants (mean age = 35.4; range = 21-70) were assigned
to the teacher condition, and the last 200 participants (mean
age = 34.4; range = 19-68) were assigned to the learner
condition. Five additional participants were recruited but not
included in the study because they failed an inclusion
question (teacher n = 2; learner n = 2) or because they did
not follow task instructions (n = 1).
Stimuli Stimuli consisted of images of a machine with a
triangle on the front, and of 5 blocks. The color of the

where 𝒑𝒕𝒆𝒂𝒄𝒉𝒆𝒓 (𝑫|𝑯) is the probability that the teacher will
generate certain data, D, given the true hypothesis H, and
𝒑𝒍𝒆𝒂𝒓𝒏𝒆𝒓 (𝑯|𝑫) is the probability that the learner will infer
the correct hypothesis given the data that they observe.
These equations formalize the idea that rational teachers
select data that will allow rational learners to infer the right

1

We do not consider the hypothesis space that consists only of
hypotheses with no logical primitives (A, B, C, D, E), because it does not
contain the true hypothesis (B&E) used in our task.
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triangle signaled whether the machine was on or off (see
Figure 1). When two particular blocks (B and E) were
placed on top of the machine together, it activated
(henceforth referred to as the “B&E” rule). The presence or
absence of other blocks did not affect the outcome.
Procedure Teachers. Participants assigned to the teacher
condition were told how the machine worked, and asked to
generate between 3 and 20 unique examples that would
teach a naïve learner the B&E rule. After generating their
examples, teachers were asked to rate their confidence (on a
Likert scale) that a naïve learner would learn the B&E rule
from their examples. Critically, teachers were explicitly told
that learners would know nothing about how the machine
worked, but that their understanding of the machine would
be tested after they saw teachers’ examples.
Learners. Participants assigned to the learner condition
were first familiarized with the machine, and taught how to
distinguish between an inactive and an active machine.
Unlike participants in the teacher condition, however,
learners were not told how the machine works. Instead,
learners were shown the examples that one of the teachers
generated (with ten learners assigned to each of the twenty
teachers) and they were asked to infer the underlying
activation rule. Understanding was assessed in two ways: In
the quantitative task, participants were shown every possible
combination of block(s) on the machine, and indicated
whether each combination would activate the machine or
not (31 possible combinations). In the qualitative task,
participants were asked to explain how the machine worked.

the remaining 50% of participants showed evidence that
they had partially learned how the machine worked. On
average, these participants predicted whether the machine
would be on or off correctly in 70.6% of trials, performing
significantly above chance (n = 100; t(99) = 17.58; p <
.001). Although it is possible that learner performance
reflects only differences in motivation, a Monte-Carlo
permutation test revealed this is not the case. Learners’
performance is significantly predicted by the teacher they
were assigned to learn from (p = 0.03, 10,000 samples).
To uncover the sources of learners’ difficulties, we next
examined their qualitative explanations. 52% (n = 104) of
learners correctly described how to activate the machine
(answers independently coded by the first and second
authors; Cohen’s κ = 0.85; p < .001). These learners were
largely the ones who performed well on the quantitative task
(86 performed perfectly, 6 made one error). Nine learners
gave uninformative explanations (e.g., “When the machine
is on, the triangle turns to the yellow color”) and were
excluded from analyses.
The remaining 43.5% of explanations most naturally fell
into one of two categories: either referencing the right kinds
of hypotheses, or the wrong kinds of hypotheses.
Participants who provided the right kinds of explanations
understood that the machine was activated by placing a
certain combination of blocks on top, but didn’t quite figure
out which ones (n = 42). Participants who provided the
wrong kinds of explanations did not identify the relevant
features of the task, producing explanations that referenced
incorrect activation mechanisms (for example, believing that
the distance between the blocks determined whether it
would be activated or not, or that the blocks needed to form
an English word for the machine to go; n = 45).

Model-based Analysis
To formally evaluate whether learners erred because
teachers failed to infer their complete hypothesis space, we
next analyzed teachers’ examples through our
computational model. Given teachers’ examples, our model
computes what learners should conclude from these
examples, as a function of the hypotheses they are
considering. If learners struggled in our task because
teachers provided bad or confusing data, then our model
should be unable to infer how the machine works, even
under constrained hypothesis spaces. However, if learners
struggled in our task because teachers provided helpful data
that simply did not target their beliefs, then our model
should find this data to be sufficient to infer how the
machine works under constrained hypothesis spaces.
We first evaluated the data using the simplest hypothesis
space: a single-primitive hypothesis space with ceiling = 2
(see Computational Framework for explanation of the
ceiling and single/dual primitive parameters). Hypotheses in
this space could be single blocks (e.g., B), and two blocks,
combined with an AND or an OR operator, (e.g., B&E, or
B|E; 30 hypotheses total). The model inferred the correct
rule for 75% of teachers (n = 15), placing over 95% of the

Figure 1: Stimuli used in the study. The far right panel shows the
activation rule teachers had to communicate (blocks B and E
together made the machine turn on).

Results
Although participants in the teacher condition only had to
produce a minimum of three examples, they produced an
average of 8.2 examples (range = 3-20; SD = 4.4), with only
two participants providing the minimum three unique
examples. On the post-task confidence rating, teachers were
confident that a naïve participant would successfully learn
from their examples, with a mean confidence rating of 6.05
on a 7-point scale (range = 5-7; SD = 0.76).
Despite teachers’ confidence, not all participants in the
learner condition succeeded in learning how the machine
worked. Only 50% (n = 100) of participants performed at or
near ceiling in the quantitative task, correctly identifying
which block combinations activated the machine with one
mistake or less (n = 88 performing perfectly). Nonetheless,
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posterior probability mass on the correct hypothesis (these
results are identical when the mass threshold is decreased to
50%). For the remaining 5 participants, the model continued
to place the highest posterior probability on the correct
hypothesis (B&E; on average 12%), but similar hypotheses
were rated as equally plausible, preventing the right
hypothesis from accruing a probability mass above 50%."
Next, the hypothesis space was sequentially increased to
identify the first space where the model usually failed to
infer the underlying activation rule. The model continued to
succeed for the same 75% of teachers in all single-primitive
hypothesis spaces, for all ceiling values. By contrast, in the
dual-primitive hypothesis spaces, the model concluded that
participants should fail to learn the activation rule with a
ceiling as low as 2. This hypothesis space contained
hypotheses built from up to two primitive units, and
combined with both types of logical primitives (e.g.,
(B&(E|C)); 120 hypotheses total). For this hypothesis space,
the model inferred the activation rule for 25% of teachers (n
= 5). The examples from the remaining teachers did not
sufficiently narrow down the posterior hypothesis space.
While no other hypotheses were ever rated as more likely
than the B&E rule, there continued to be too many
hypotheses left that were consistent with teachers’ data.
Our results demonstrate that teachers provided examples
informative enough for a rational learner model to infer the
correct activation rule under constrained hypothesis spaces.
This model assumed that examples were chosen by a teacher
attempting to maximize the learner’s belief in the right
hypothesis (Equation 2). Past work has established that,
when learning from minimal data, this pedagogical
assumption is critical (Shafto et al., 2014). To evaluate if
this assumption was also critical in our analyses, we
reanalyzed the data using an impaired model that did not
treat the data pedagogically. In contrast to our main model,
the impaired non-pedagogical model computed the posterior
probability of the hypothesis space based on whether each
hypothesis was consistent with the observed data (without
any assumptions about how this data was selected).
Intuitively, this corresponds to an assumption that the
examples were randomly generated, rather than selected by
a knowledgeable teacher.
At the 50% probability mass threshold, the impaired
model produced identical results, but it was less successful
at the 95% probability mass threshold. For all singleprimitive hypothesis spaces, this model only placed over
95% of the posterior probability mass on the correct
hypothesis for 65% of teachers (n = 13). And for the dualprimitive hypothesis space with a ceiling of 2, the impaired
model only placed over 95% of the posterior probability
mass on the correct hypothesis for 10% of teachers (n = 2).
Additionally, the impaired model “learned” more slowly
than the full pedagogical model. To succeed in placing over
95% of the posterior probability mass on the true
hypothesis, this model needed to observe 1 more example
than the pedagogical model on average.

In sum, given single-primitive hypothesis spaces, both
models successfully learned the correct activation rule from
the majority of teachers’ examples (with the impaired model
performing more weakly at the 95% threshold). And given a
larger, more complex dual-primitive hypothesis space, both
models failed (even at the lowest possible ceiling of 2). That
is, under some circumstances, both models found most
teachers’ data to be sufficient. The fact that teachers’
examples were informative in the single-primitive
hypothesis spaces (even at a conservative 95% probability
mass threshold) suggests that teachers did not generate poor
examples. Instead, this suggests that participants may have
failed to teach well because they did not consider the entire
space of learner hypotheses.

Discussion
Although teachers were confident they provided good data,
many learners struggled to infer the activation rule. While
these failures could arise from a lack of teacher motivation,
teachers generally provided more examples than they
needed to. Furthermore, our model-based analyses suggest
that teachers’ data was informative, but only useful under
narrow hypothesis spaces: because teachers failed to
represent the breadth of learners’ beliefs, they failed to teach
effectively. If this is the case, then learners whose beliefs
are constrained to match teachers’ representations should be
able to learn more effectively from this data.

Study 2
Learners were presented with the examples obtained from
the teacher condition in Study 1. First, however, learners
were shown the activation rules of similar machines, thus
constraining their hypothesis space. By demonstrating that
similar machines are always activated by one or more
blocks, learners should now only consider hypotheses that
consist of block combinations - independent of irrelevant
features such as their spatial arrangement. Consequently, we
predict that learner performance will improve, even given
the same examples as learners in Study 1.

Methods
Participants 200 participants were recruited from Amazon
Mechanical Turk (mean age = 34.4; range = 18 - 66).
Stimuli We created images of two additional light-up
machines (of a different size and color), each with a
corresponding set of blocks).
Procedure First, we constrained learners’ beliefs by
introducing them to two other light-up machines. One
machine was introduced with three blocks (one of which
made it go), and the other with six blocks (three of which
were needed to make it go). After learning the activation
rules of these two machines, participants were introduced to
the target machine from Study 1. The experiment then
proceeded identically to the learner condition in Study 1.
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of hypotheses). These results also dovetail with those of our
model-based analysis, providing strong evidence that
teachers in Study 1 indeed chose helpful data, but misjudged
learners’ initial hypothesis spaces.

Results
Quantitatively, learners in Study 2 performed significantly
better than learners in Study 1 (mean = 92%, SD = 16; p <
.001, permutation test with 10,000 samples; Figure 2).
Average learner scores (calculated by teacher) improved the
most drastically for teachers whose learners had produced
the most wrong kind explanations in Study 1: the difference
between average learner performance in Study 1 and Study
2 is marginally predicted by the number of wrong kind
explanations learners gave in Study 1 (β = 0.7724; p = .064).
As in Study 1, the first and second authors independently
coded qualitative explanations (Cohen’s κ = 0.94; p < .001).
Four participants provided uninformative explanations (e.g.,
“The machine turns on by the yellow triangle”) and were
therefore excluded from qualitative analyses. As predicted,
the number of correct qualitative explanations was
significantly higher than in Study 1 (75% of participants
giving the right activation rule; Fisher’s exact test, p <
.001). Furthermore, while participants produced only 3
fewer right kind explanations in contrast to Study 1 (n = 39),
they produced 38 fewer wrong kind explanations (n = 7).

General Discussion & Conclusion
Despite the ubiquity of teaching interactions, we often
struggle to share information effectively (e.g., Chi et al.,
2004). Two types of teaching deficits could explain these
suboptimal outcomes: perhaps teachers cannot decide what
information will be helpful to share when they have many
options. Or, perhaps teachers inaccurately represent the
possibilities that learners are considering, and therefore
provide good data that isn’t matched to learners’ beliefs.
To distinguish between these two accounts, participants in
our first study were assigned to a teaching or learning task.
Although teachers in this task were confident they had
taught well, naïve participants struggled to learn from their
data. A formal analysis indicated that teachers chose
informative data, but misrepresented the breadth of learners’
potential beliefs (and thus failed to address possibilities
learners found likely). In Study 2, we validated these results
with an additional behavioral experiment, finding that when
learners’ hypothesis spaces are constrained, all teachers’
examples become quite effective. Although these
participants saw the exact same data as learners in Study 1,
they performed significantly better on both our qualitative
and quantitative measures. These findings indicate that,
broadly, teachers did not struggle to choose informative
data. Rather, they failed to infer the breadth of hypotheses
learners were considering, and thus did not produce enough
data to provide evidence against many of these possibilities.
Although these findings are an exciting step towards
better understanding pedagogy (and its boundaries), there
are several limitations. First, in our formal analysis, our
modeled ‘learners’ began by considering a particular
hypothesis space, which became constrained as they
observed teachers’ examples. But intuitively, real learners
probably don’t start off with a large array of hypotheses
they are considering. Rather, learners likely come up with a
space of possibilities over time. Although this is a point
where our model is likely incongruent with real learners’
reasoning, our model is not intended to capture the
algorithms people use to build hypothesis spaces. It instead
provides a computational-level analysis (Marr, 1982) of
how teacher-provided data constrains hypothesis spaces of
different sizes. Future work will investigate how learners
generate hypotheses as a function of the examples they see.
Second, the experiments reported in this paper were
conducted on Amazon’s Mechanical Turk platform.
Although teaching failures are often found in lab-based
samples (e.g. Chi et al., 2004), it is possible that participants
online performed poorly because they were unmotivated, or
due to task-based constraints on their ability to generate
examples for learners. Overall, it appears unlikely that
teachers were unmotivated: most teachers provided more
examples than required (even those the model failed to learn
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Figure 2: Learner performance across studies. Each point
represents average learner performance in Study 1 (x-axis) and
Study 2 (y-axis) for a given teacher’s examples. Points above the
diagonal indicate that learners with a constrained hypothesis space
(Study 2) performed better than learners with an unconstrained
hypothesis space (Study 1).

Discussion
Although learners in Study 2 saw the same examples as
learners in Study 1, participants performed better on both
the qualitative and quantitative measures. Moreover,
performance improved the most for teachers whose
examples had produced the most wrong kinds of
explanations in Study 1. We investigated the mechanism
behind this improvement, and found that learners in Study 2
provided significantly fewer explanations that focused on
the wrong kinds of hypotheses. These results indicate that
we succeeded in constraining learners’ hypothesis spaces
(because they were no longer considering the wrong kinds

74

References

from). And even learners who struggled usually performed
far above chance. However, it is possible that the online
format prevented teachers from producing certain types of
examples, and thus teaching to their fullest capacity. Future
work will address both of these possibilities by replicating
Study 1 with an in-lab sample of teachers (with a real
machine and blocks that they can use for demonstrations).
Our findings also introduce some important future
directions. For example, do teachers struggle to generate the
types of hypotheses learners might be considering? Or do
they generate an appropriate range of possibilities, but fail
to evaluate which ones learners still find likely? Future work
will address this question by providing teachers with
different hypotheses a learner might consider on this task.
Teachers will only have to rate the probability that a learner
might consider each hypothesis. These judgments will be
contrasted to those obtained from actual learners.
It is also unclear exactly why teachers might have an
overly narrow representation of learner’s hypothesis spaces.
While our findings are certainly consistent with proposals
that the curse of knowledge may affect our pedagogical
abilities (Hinds, 1999; Camerer, 1992), there have been few
formal investigations into how the curse of knowledge
arises. How do agents with privileged information decide
what the hypothesis space of a naïve agent looks like? One
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considered when they had been naïve. If this is the case, it
would suggest that the more recently a participant has
become knowledgeable, the better they will teach, because
they will have better access to the range of hypotheses they
were considering (e.g., Hinds, 1999). A different method
might be to simply independently generate sets of plausible
(but incorrect) alternatives to the truth. Future work should
distinguish between these possibilities. By further clarifying
the mechanism underlying teachers’ difficulties, this work
could also help us understand how to ameliorate them.
We began by noting an apparent inconsistency in the
pedagogical literature: teachers appear to excel in
constrained teaching tasks (e.g. Shafto et al., 2014), but fail
in more naturalistic tasks (e.g. Chi et al., 2004). Across two
studies, we find that when knowledgeable adults teach, they
often fail to consider the breadth of hypotheses a naïve
learner may be considering. Although these teachers provide
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naïve participants to learn from. Our results unify prior
findings, suggesting that teachers should succeed in tasks
where the kinds of hypotheses learners can consider are
relatively constrained – but fail in more naturalistic tasks,
where learners are considering many possibilities. Because
most real-world teaching occurs in naturalistic,
unconstrained settings, these findings suggest that teachers
would benefit from putting more effort into gauging
learners’ beliefs – or constraining them.
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Abstract

objects before providing conflicting labels for a novel
object. An informant who labels common objects correctly
is likely knowledgeable and trustworthy; an informant who
labels them incorrectly is probably not.
Nonetheless, the relation between accuracy and
knowledge is not straightforward. Agents can be inaccurate
because they lack attention, motivation, or competence, and
they can be accurate for the wrong reasons (e.g., due to
luck). Consider, for example, a lifelong Californian who can
name their state capital only after consulting a map.
Although this agent may be accurate, her knowledge
appears newly acquired. Thus, her accuracy is not evidence
for any further geographical knowledge.
If accuracy alone does not reliably reveal knowledge, how
do we attribute knowledge to others? Perhaps children
equate knowledge with performance: being successful or
correct implies that an agent is knowledgeable, whereas
being unsuccessful or wrong implies that an agent is
ignorant. Thus children may equate ignorance with failure
(Ruffman, 1996) and knowledge with success.
Alternatively, young children may use accuracy as a cue
to knowledge because it is generally useful. But they might
still have an intuitive theory that distinguishes between
knowledge and accuracy. Although many studies have
examined the cues that children rely on when endorsing
testimony (see Harris, 2012 for review), these studies do not
reveal why children rely on these cues. Children may rely
on simple cues such as familiarity (Corriveau et al., 2009;
Corriveau & Harris, 2009), accent (Kinzler, Corriveau, &
Harris, 2011), and accuracy (Koenig et al., 2004), because
they have not yet developed a nuanced understanding of the
relationship between belief and action. Or children may rely
on these cues because they generally allow for accurate
inferences, without requiring the additional (costly) work of
explicit representation and reasoning about beliefs (see
Begus, Gliga, & Southgate, 2017).
Here, we investigate whether children can distinguish
between different degrees of knowledge when two agents
are equally accurate. Specifically, we ask whether children
are sensitive to the distinction between accurate predictions
vs. accurate observations, and we investigate children’s
intuitions about how these types of knowledge generalize.
In Experiment 1, we investigate whether children prefer to
attribute knowledge to an agent who can accurately predict
an outcome, rather than an agent who correctly describes an
outcome they have observed. In Experiment 2, we ask

Much research has investigated how children track and reason
about accuracy when deciding who to trust. The majority of
this work assumes a static link between accuracy and
knowledge; that is, children are expected to attribute greater
knowledge to accurate agents. But while accuracy often
reveals knowledge, the two are not deterministically related.
Ignorant agents can be accurate (for example, one could take
a lucky guess), and knowledgeable agents can be inaccurate
(for example, one could accidentally err). Given this, how do
children reason about the relation between knowledge and
accuracy? Across three experiments, we show that four- and
five-year-olds are sensitive to the distinction between
knowledge and accuracy. Specifically, children judge that an
agent who accurately predicts an outcome is knowledgeable,
but an agent who merely observes and then accurately
describes the same outcome is not. Our findings show that
when children gauge agents’ knowledge, they do not rely on
accuracy alone; they infer knowledge only when an agent is
right in the right kind of way.
Keywords: Testimony; Social Learning; Knowledge

Background
The ability to learn from others is one of the most powerful
features of human cognition. Acquiring information for
oneself can be costly. By relying on others, we can learn
that the stove will burn us without testing it out; that other
countries exist without having seen them; or that pangolins
have four legs without going to the trouble of finding one. In
the span of minutes, we can learn about phenomena that
took humankind centuries to uncover.
Although this feature of testimony is perhaps its greatest
advantage, it may simultaneously be its greatest limitation.
If we are told rather than shown, how can we know whether
the information we’re learning is true? Agents can be
misinformed, unreliable, or even malicious. Thus, while the
ability to learn from testimony ameliorates the cost of
acquiring knowledge firsthand, it imposes a different
challenge: deciding whether informants are knowledgeable.
One obvious way to determine what others know is by
tracking whether they have been right about similar things
in the past. Indeed, there is extensive evidence that children
track accuracy over time (Corriveau, Meints, & Harris,
2009; Pasquini et al., 2007), and trust accurate over
inaccurate informants (Koenig Clément, & Harris, 2004;
Koenig & Harris, 2005). The bulk of this research has used
a labeling paradigm, where two informants label common
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whether children generalize knowledge rationally. And in
Experiment 3, we test whether children’s intuitions about
the relation between belief and action hold spontaneously,
when endorsing testimony.

second cup to ask the puppets about, and each puppet
played his role again.
Children’s understanding was evaluated via two test
questions. Children were asked which puppet had peeked
underneath all the cups before the beginning of the game.
And children were asked which puppet would know what
was under the third cup (which neither of the agents had
interacted with). Question order was counterbalanced across
participants. Finally, to ensure that they remembered each
puppet’s role, children answered a memory check question:
Children were asked which puppet had told them what was
under the cup before he looked, and which puppet had told
them what was under the cup after he looked. Only children
who answered both parts of the question correctly were
scored as having given the right answer. Because pilot work
suggested that the check question was more linguistically
demanding than the test questions, this question was not
pre-registered as an inclusion measure. It was instead
included as a potential variable of interest.

Experiment 1
In Experiment 1, children were introduced to two puppets:
one who accurately predicted what was underneath two
cups, and one who accurately stated what was underneath
the same cups after revealing their contents (see Figure 1).
Children were asked to infer which puppet had already
known what was under the cups, and which puppet knew
what was underneath a third cup (that neither puppet had
interacted with). If children understand that only a
knowledgeable agent could have told them what was under
each cup without looking, they should select the predicting
agent in response to both questions. But if children attribute
knowledge only on the basis of accuracy, they should show
no preference between the two puppets.

Method
Participants 32 four- and five-year-olds (mean age: 5.0
years, range: 4.1 – 6.0 years; n = 16 participants per age
group) were recruited at a local children’s museum. Five
additional participants were recruited but not included in the
study, as decided by two blind coders (see Results).
Stimuli Stimuli consisted of two male puppets (named Sam
and Max), three paper cups (red, blue and yellow), and three
small animal figurines (a fox, a hippo, and a deer).

Figure 1: Procedure in Experiments 1-3. The “predictor” puppet
first stated the contents of the cup, and then revealed them. The
“observer” puppet first revealed the contents of the same cup, and
then stated them.

Procedure The procedure, predictions, and analyses were
†
pre-registered, unless marked with a superscript . Children
were first presented with three inverted cups, and were
shown that a toy animal was hidden underneath each cup.
The experimenter then introduced two puppets (Sam and
Max), explaining that one of them had peeked under the
cups (knowledgeable agent) and one had not (ignorant
agent). Children were told that the goal of the experiment
was to figure out which puppet had peeked under the cups,
by asking each puppet what was underneath.
Children were allowed to choose which puppet they
wanted to hear from first, and which cup they wanted to ask
the puppet about (the role of each puppet was predetermined, to counterbalance the order in which the agents
were introduced). The knowledgeable agent stated what was
under the cup the child selected, and then lifted the cup,
revealing its contents (e.g. saying ‘a hippo’ and then
revealing a toy hippo). By contrast, the ignorant agent first
lifted the cup, revealing its contents, and then stated what
animal was underneath (e.g. revealing a toy hippo and then
saying ‘a hippo’). Thus, both puppets performed identical
actions, but in the opposite order: the knowledgeable puppet
predicted what was under the cup and then looked; the
ignorant puppet checked what was under the cup and then
described it. Each puppet predicted or observed the contents
of the first cup the child chose. Then, children chose a

Results and Discussion
Two coders who had not been involved in data collection
determined exclusions. The first coder, blind to children’s
final answers, determined whether the experiment was run
correctly. The second coder, blind to condition, coded
children’s answers. Five participants were excluded from
the study because: the child did not attend to the task (n =
1), did not want to continue (n = 1), did not answer the test
questions within 30 seconds (n = 1), interfered with the
study by revealing the contents of the cups to the puppets (n
= 1), or due to experimenter error (n = 1).
Overall, 23 out of the 32 participants identified the
predicting puppet as the one who had peeked under the cups
(71.9%; 95% CI: 56.3 - 87.5). The same qualitative pattern
appeared in both age groups, with 62.5% of four-year olds
responding correctly (n = 10 of 16; 95% CI: 38 - 88) and
81.3% of five-year olds responding correctly (n = 13 of 16;
95% CI: 62.5 - 100). Although only five-year-olds were
reliably above chance, a logistic regression predicting
performance based on age did not reveal any significant
†
difference (β = 0.54, p = .47) , and the two age groups did
not perform reliably different from each other (95% CI on
performance difference: -50 - 13).
Consistent with children’s judgments about the predicting
puppet’s knowledge, 84% of participants also inferred that
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this puppet knew the contents of the last remaining cup
(95% CI: 72 - 97). This preference was reliable in both age
groups, with 81.2% of four-year olds (n = 13 of 16, 95% CI:
63 - 100) and 87.5% of five-year olds (n = 14 of 16, 95%
CI: 75 - 100) giving the predicted answer.
Finally, 68.8% of participants answered the memory
check question correctly (95% CI: 53.1 – 84.4), with
children in both age groups displaying a weak but consistent
effect (both four- and five-year-olds: n = 11 of 16, 95% CI:
50 - 94). Because performance was weaker on the memory
check question than on the test questions, this implies that
some participants responded to the test questions correctly
but failed the memory check questions. Note, however, that
these check questions (“Who told us what was under the
cups before he looked? And who told us what was under the
cups after he looked?”) were linguistically complex relative
to the test questions (“which one peeked?” and “which one
knows what’s under this cup?”), and used time words,
which four- and five-year-olds have not yet mastered
(Trosborg, 1981; Piaget 1969).
Although the knowledge manipulation in our task was
subtle (both puppets performed the exact same actions, just
in the opposite order), four- and five-year-olds did not
attribute knowledge on the basis of mere accuracy. Instead,
children recognized that correct predictions (and not
observations) mark knowledge. But how nuanced is
children’s representation of these agents’ knowledge states,
and how do children decide whether this knowledge should
generalize? Perhaps children rationally infer that the puppet
who peeked also knows about the contents of the third cup
(precisely because he peeked under all the cups).
Alternatively, children may blindly assume that an agent
who makes predictions has more overall knowledge,
without a nuanced understanding of the source of this
knowledge.

Stimuli Materials were identical to those of Study 1, with
the addition of a small box containing six animal figurines:
a cat, a duck, a penguin, a parakeet, a rabbit, and an ostrich.
Procedure The procedure was nearly identical to that of
Study 1. The two puppets again predicted or observed the
contents of the first two cups the child chose. However,
right before the test questions, the puppets were briefly put
away, and the experimenter removed the animal that was
under the last remaining cup. She asked children to choose a
new animal (from the box of animals) to put under this cup.
The puppets were then brought back, and children were
asked the same test questions (Who peeked? Who knows
what’s under the last cup?; order counterbalanced) and
memory check questions (Who told us what was under the
cup before/after he looked?; order counterbalanced). As
before, children always needed to select one of the two
puppets in response to each question.

Results and Discussion
Results were coded in the same way as Experiment 1. Eight
children were excluded from analyses and replaced because:
the child interfered with the study by revealing the contents
of the cups to the puppets (n = 4), due to experimenter error
(n = 2), because the child was developmentally delayed (n =
1), or because the child was distracted (n = 1).
Overall, 24 of the 32 participants identified the predicting
puppet as the one who had peeked under the cups (75%;
95% CI: 59.4 – 91). This preference was reliably above
chance, and identical in both age groups (both four- and
five-year-olds: 12 of 16, 95% CI: 56.3 - 100).
As predicted, children did not reliably judge that the
predictor knew the contents of the third cup. Only 20 of the
32 participants selected the predictor as the one who would
know what was under this cup (62.5%, 95% CI: 47 – 78.1).
However, children’s responses varied across age groups.
75% of four-year-olds judged that the predicting puppet
would know what was under the third cup (12 of 16, 95%
CI: 56.3 – 100), but only 50% of five-year-olds selected the
predicting puppet in response to the same question (8 of 16;
95% CI: 25 – 75). Although only four-year-olds responded
reliably above chance, a logistic regression predicting
performance based on age did not reveal any significant
†
difference (β = -1.04, p = .12) , and the two age groups did
not perform reliably differently (95% CI on performance
difference: -5.0 - 56.3).
Finally, 65.6% of participants answered the memory
check question correctly (95% CI: 50 - 81.3), with 68.8% of
four-year olds (n = 11 of 16, 95% CI: 50 - 93.8) and 62.5%
of five-year olds (n = 10 of 16, 95% CI: 37.5 - 87.5)
appropriately matching puppets with their actions.
As in Experiment 1, children in both age groups attributed
prior knowledge only to agents who made correct
predictions (and not correct observations). However, we
found an age difference when asking children to reason
about the boundaries of the predictor’s knowledge. In this
experiment, both puppets were ignorant of the contents of

Experiment 2
In Experiment 2, children were introduced to the same
predicting and observing agents. But before the test
questions were asked, the contents of the third cup were
switched without either puppet’s knowledge. If children
have a nuanced representation of puppets’ knowledge states,
they should still infer that the predictor was the one who
peeked – but they should not judge that he will know what
is under the third cup. But if children assume that a
knowledgeable agent should know everything, they may
still select the predictor in response to this question.

Method
Participants 32 four- and five-year-olds (mean age: 5.0
years, range: 4.0 – 6.0 years; n = 16 participants per age
group) participated at a local children’s museum. Eight
additional participants were recruited but not included in the
study, as decided by two blind coders (see Results).
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the last remaining cup – because those contents had been
switched out. Only five-year-olds demonstrated the
expected pattern of behavior. Four-year-olds persisted in
selecting the predictor in response to this question, perhaps
not yet sensitive to the boundaries of this agent’s
knowledge.
Together, Experiments 1-2 suggest that by age five,
children distinguish between knowledge and accuracy, and
generalize
knowledge
rationally.
However,
both
experiments explicitly prompted children to reason about
knowledge. In more naturalistic scenarios, children are
rarely asked to reason about others’ knowledge. Instead,
they must decide whom to trust on their own, which
requires children to not only spontaneously reason about
others’ knowledge, but also to use these inferences to decide
whom to trust. Do children both infer knowledge from
accurate predictions spontaneously, and also apply this
belief when deciding whose testimony to endorse?

24 of the 32 participants endorsed the testimony of the
predicting agent (75%; 95% CI: 59.4 – 90.6). The same
qualitative pattern appeared in both age groups, with 68.8%
of four-year olds responding correctly (n = 11 of 16; 95%
CI: 50 – 93.8) and 81.3% of five-year olds responding
correctly (n = 13 of 16; 95% CI: 62.5 – 100). Although only
five-year-olds were reliably above chance, a logistic
regression predicting performance based on age did not
†
reveal any significant difference (β = 0.50, p = .48) , and the
two age groups did not perform reliably different (95% CI
on performance difference: -43.8 – 18.8).
59.4% of participants answered the memory check
question correctly (95% CI: 43.8 – 78.1), with 68.8% of
four-year olds (n = 11 of 16, 95% CI: 50 – 93.8) and 50% of
five-year olds (n = 8 of 16, 95% CI: 25 – 75) matching
puppets with their actions appropriately. A logistic
regression predicting performance based on age did not
†
reveal any significant difference (β = -0.38, p = .54) ,
In Experiments 1 and 2, when children were prompted to
reason about agents’ knowledge states explicitly, they
attributed prior knowledge only to the agent who made
accurate predictions. In the current study, we find that
children will also spontaneously attribute prior knowledge
to the predicting agent, and will furthermore apply these
beliefs when reasoning about possible states of the world
(e.g., when deciding which animal is under the cup). This
finding provides even stronger evidence that children pay
attention to the source of agents’ knowledge (that is, the
root causes of their accuracy) when selecting informants.

Experiment 3
In Experiment 3, children observed the same procedure as in
Experiment 1. However, children were never explicitly
asked to reason about agents’ knowledge. Instead, at the end
of the task, the two puppets provided conflicting testimony
about the contents of the third cup. Children were asked to
decide what animal was actually under that cup, thus
indirectly probing their inferences about the puppets’
knowledge. If children spontaneously infer knowledge from
agents’ behavior, they should respond consistently with
their explicit knowledge judgments in Study 1.

Method
Participants 32 four- and five-year-olds (mean age: 5.0
years, range: 4.1 – 6.0 years; n = 16 participants per age
group) participated at a local children’s museum. Seven
additional participants were recruited but not included in the
study, as decided by two blind coders (see Results).
Stimuli Materials were identical to those of Experiment 1.
Procedure The procedure was nearly identical to that of
Experiment 1. However, children were not shown the
contents of the cups at the beginning. Children watched the
puppets predicting and observing the contents of the first
two cups the child chose. Then, the puppets provided
conflicting testimony about the contents of the least
remaining cup. Children were asked what animal was under
this cup. Last, children were asked the standard memory
check questions (“Who told us what was under the cups
before/after he looked?”).

Figure 2: Results from all three experiments. The error bars are
bootstrapped 95% confidence intervals, and the dotted line
indicates chance performance (50%). Error bars that do not cross
chance indicate performance that is reliably above chance.

General Discussion

Results and Discussion

While accuracy and knowledge are tightly linked, one does
not necessarily imply the other. Across three studies, we
find that young children are sensitive to this distinction,
judging that an accurate prediction reveals prior knowledge,
but an accurate observation does not. In Experiment 1, four-

Results were coded in the same way as Experiments 1-2.
Seven participants were excluded from analyses and
replaced because: the child did not provide an answer to the
test question (n = 5), the child’s first language was not
English (n = 1), or due to experimenter error (n = 1).
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and five-year-olds selectively attributed prior knowledge to
an agent who made accurate predictions, and not to an agent
who made accurate observations. This ability seems to
develop with age (with five-year-olds performing more
robustly). In Experiment 2, five-year-olds (but not fouryear-olds) both inferred that the predicting agent was more
knowledgeable, and were simultaneously sensitive to the
boundaries of this agent’s knowledge. And in Experiment 3,
four- and five-year-olds (again, five-year-olds more
robustly) attributed knowledge even without explicit
prompting to do so. Children spontaneously inferred that the
predicting agent was knowledgeable, using that knowledge
to evaluate informants’ claims and reason about states of the
world. These results are especially striking given prior
findings that children sometimes succeed in reasoning about
knowledge explicitly, but fail to apply the same insights
spontaneously (e.g., Lutz & Keil, 2002; Landrum, Mills &
Johnston 2013).
Four-year-olds’ weaker preferences for the predicting
agent suggest that sensitivity to the distinction between
predictions and observations (and perhaps to the distinction
between knowledge and accuracy) may develop with age.
However, it is also possible that four-year-olds struggled not
from any confusion about the boundaries of the predictor’s
knowledge, but due to task demands (as with related explicit
social cognition tasks; e.g., Wellman, Cross & Watson,
2001). Alternatively, four-year-olds may have also struggled
with the pragmatics of our tasks. In Experiment 2, for
instance, children were explicitly asked which puppet knew
the contents of the third cup, when in reality neither knew.
Because the question presupposed that one of the puppets
was knowledgeable, children may have thus preferred the
previously knowledgeable agent. Future work will test
whether children undergo a conceptual change in their
ability to represent the limits of others’ knowledge between
the ages of four and five – or whether four-year-olds simply
struggled due to task demands.
In addition, although our pre-registered sample in each
experiment was substantial (n = 32 per study), analyzing
children’s responses within each age group resulted in
reduced power (n = 16 per age group). However, it is
important to note that each one of our experiments is in
some way a direct or conceptual replication of the same
fundamental question. In future work we will perform a
meta-analysis to obtain better estimates of our effect sizes.
Our results are consistent with related work showing that
children track informants’ abilities to produce knowledge
independently. When two agents successfully label common
animals, but one needs help producing the answers, children
prefer to learn novel labels from the agent who answered
without help (Einav & Robinson, 2011). While this suggests
that children reason about accuracy and knowledge
separately, it is also possible that children in that task
ascribed both knowledge and accuracy to the helper, rather
than to the agent who received help. Moreover, in this
study, the ignorant agent gave additional cues to ignorance:
she was initially silent when asked for the object’s name,

and she explicitly said that she wanted help when it was
offered. Thus, children may have endorsed the
knowledgeable agent without a robust distinction between
knowledge and accuracy (see also Lucas & Lewis, 2010, for
a critique of the classic Koenig Clément, & Harris, 2004
labeling paradigm). By contrast, in our tasks children did
not have additional cues to knowledge or ignorance, as both
puppets produced identical actions (differing only in the
order with which they were performed). Thus, our work
provides evidence that children reason about accuracy and
knowledge separately.
Our work stands in contrast to related work suggesting
that young children equate ignorance with error, relying on
an “ignorance = getting it wrong” heuristic (Ruffman,
1996). Although it is possible that children have an
asymmetry in their intuitions about knowledge and
accuracy, as well as ignorance and error, recent work
suggests that the “ignorance = getting it wrong” heuristic is
either limited in its scope, or non-existent (Friedman &
Leslie, 2004a, 2004b; Friedman & Petrashek, 2009; German
& Leslie, 2001; Jara-Ettinger et al., 2017).
Several further questions remain. First, were children
succeeding in our task (and past tasks) by using simple, yet
generally accurate heuristics? Or do children have a naïve
theory of knowledge that enables them to reason
appropriately in situations where knowledge and accuracy
do not dovetail?
While accuracy does not necessarily imply knowledge,
the two generally go together. By the age of four, children
have probably encountered very few accurate (but ignorant)
agents. Therefore, it is unlikely that children could have
learned a rule through experience that allows them to
determine the relationship between accuracy and
knowledge. The fact that children nonetheless reason in a
sophisticated way about this relationship provides support
for the naïve theory account. The combination of our
findings with those from Einav & Robinson (2011) lends
further weight to the naïve theory account.
Our work focused on one particular distinction between
accuracy and knowledge. However, there are many ways a
person can be right without being knowledgeable, or wrong
without being ignorant. For example, one can take a lucky
guess, or accidentally choose the correct response. On the
other hand, one can forget or confuse a specific piece of
information while still being generally quite knowledgeable.
Future work will explore whether children are sensitive to
such distinctions.
A second open question is the extent to which children’s
intuitive theory of knowledge consists of expectations about
how knowledgeable agents act, expectations about how
ignorant agents act, or combined expectations about both
types of agents. In our task, children could have succeeded
by identifying the knowledgeable agent (and inferring that
the other agent was ignorant through mutual exclusivity), by
identifying the ignorant agent (and inferring that the other
agent was knowledgeable), or by identifying both. Thus,
while our studies show that children can distinguish
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between knowledge and ignorance, they do not reveal how
children infer who is knowledgeable and who is ignorant.
Future work will investigate this.
Overall, across three separate experiments, we find that
accuracy alone is not enough for four- and five-year-olds to
attribute knowledge. For knowledge to be attributed,
accuracy must be accompanied by the right kinds of
behaviors. For example, knowledgeable agents should not
need to observe a possible outcome in order to describe it –
they should already know the answer. Although children’s
ability to license knowledge from accurate predictions (but
not observations) develops with age, even four-year-olds
generally preferred to attribute knowledge to the predicting
agent. In conclusion, our findings suggest that simply being
accurate is not enough for children to impute knowledge;
truly knowledgeable agents need to be right in the right kind
of way.
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Abstract

professionals: the CA relationship is assumed to be both
positive and strong (Roediger III & DeSoto, 2014). Indeed,
the Supreme Court even ruled in Neil vs Biggers (1972) that
highly confident eyewitness testimony is more likely to be
accurate. The disconnect between the existing empirical
data and the practices of applied fields signals a need for a
more thorough investigation of the predictors of confidence
and the factors that moderate the CA relationship.
Identifying the cognitive mechanisms that underlie
confidence judgments has been a central mission of
confidence researchers. One theory suggests that confidence
judgments are inferential in nature and are based on
feedback gathered during cognitive processes (Koriat,
1993). Indeed, research has identified several inferential
cues for confidence. For example, the strength (Koriat,
1993) and vividness (Brewer, Sampaio, & Barlow, 2005) of
a retrieved memory have been shown to be positively
related to confidence judgments. In addition, responselatency, or task response time (RT), has been shown to have
an inverse relationship with confidence (Weber & Brewer,
2006). It has been proposed that these internal cues
contribute to an unconscious feeling-of-knowing which is
then translated into a confidence judgment (Koriat, 2000).
In this study, we sought to investigate how manipulations of
internal cues might affect how people render confidence
estimations. Specifically, we sought to identify how withintask changes in RT affect the CA relationship.
Although RT has been shown to predict confidence, the
validity of RT as an internal cue for confidence is dependent
upon the degree to which it also predicts accuracy
(Ackerman & Zalmanov, 2012). Generally, RT is negatively
associated with accuracy (Koriat, 2008). There are,
however, some situations where RT and accuracy are

Past research has found that interruptions change the
relationship between confidence and accuracy. However, it is
unclear how interruptions affect confidence-accuracy
calibration. In this study, we used a rule-based procedural
task called UNRAVEL and compared confidence-accuracy
calibration between interrupted and uninterrupted trials.
Results showed that participants were better calibrated in the
interruption condition than in the no interruption condition.
We interpret this novel effect as a result of changes in the
validity of internal cues for confidence between conditions.
Specifically, we explore response time as one potential
mediating factor.
Keywords: Interruptions, Response Time, Confidence,
Accuracy, Calibration

Introduction
The utility of confidence as a valid indicator of memory
accuracy has long been a topic of interest to cognitive
scientists and forensic professionals. Historically, research
conducted on the confidence-accuracy (CA) relationship has
yielded mixed results. Earlier studies, for example,
concluded that only a modest correlation exists between
confidence and accuracy (Sporer 1993; Bothwell,
Deffenbacher, & Brigham, 1987). Later research, however,
suggested that the weak CA relationship found in earlier
studies may be misleading (Juslin, Olsson, & Winman,
1996). Indeed, recent studies using calibration analyses
instead of point-biserial correlations have found stronger
relationships between confidence and accuracy (Brewer,
Keast, & Rishworth, 2002).
While there exist conflicting evidence on the strength of
confidence as an indicator of accuracy, there seems to be
more consensus on the topic among lay people and
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positively correlated (e.g. successful tip of the tongue
memory), leading to a more mixed relationship.
A common task manipulation that has been shown to
affect RTs are task interruptions. Research has shown that
interruptions often lead to slower RTs on trials immediately
following the interruption (Altmann & Trafton, 2007). The
time it takes to generate a task-related response at the end of
an interruption is called a resumption lag (Trafton, Altmann,
Brock, & Mintz, 2003). Memory for Goals (MFG), an
activation-based model, provides an explanation for why
interruptions lead to slower RTs on trials immediately
following an interruption. As implemented in the ACT-R
cognitive architecture, when a memory retrieval is made, the
memory item that is most active at that time is returned
(Anderson, 1982; Altmann & Trafton, 2002). However,
activation is subject to decay over time. Therefore,
interruptions are disruptive because they lead to the decay of
memory items. Activation decay in turn leads to more
retrieval failures and longer RTs.
Because interruptions affect RT and RT has been shown
to be a cue for confidence, it is reasonable to predict that
interruptions may lead to changes in the CA relationship.
Indeed, past research has shown that interruptions affect the
CA relationship by decreasing accuracy at the highest level
of confidence (Zish, Hassanzadeh, McMurry, & Trafton,
2015; Aguiar, Zish, McCurry, & Trafton, 2016). Although
interruptions have been shown to change the relationship
between confidence and accuracy, it is unclear how
interruptions affect confidence-accuracy calibration.
Calibration can be defined as the degree to which
confidence ratings match objective probabilities. For
example, a person is deemed to be perfectly calibrated when
their responses with 100% confidence are 100% accurate,
their responses with 90% confidence are 90% accurate, and
so forth. A strong CA relationship is characterized by strong
calibration.
In confidence research, calibration is the preferred
measure for studying the CA relationship (e.g. Bjorkman,
1994; Luna & Martín‐Luengo, 2012; Brewer, Keast,
Rishworth, & Ackerman, 2002; Baranski & Petrusic, 1994).
Calibration is most often described using three measures:
the calibration statistic (C), calibration curves, and
over/underconfidence (O/U). The calibration statistic ranges
from 0 to 1 and is calculated as the weighted square
difference between accuracy and confidence at each level of
confidence. Perfect calibration is achieved when C equals 0,
thus the lower the C statistic, the better the calibration. A
calibration curve is a visual representation of calibration and
is created by plotting accuracy across each level of
confidence. Over/ underconfidence is calculated simply by
taking the difference between mean confidence and mean
accuracy. A positive result is interpreted as overconfidence,
a negative result as underconfidence, and perfect calibration
is achieved when O/U equals zero (for a review of these
measures, see Baranski and Petrusic (1994)).
The purpose of this study was twofold: to describe how
interruptions affect calibration and to investigate RT as a

potential internal cue for confidence. We hypothesized that
confidence would be negatively correlated with RT
regardless of whether an interruption occurs. However, we
expected that calibration would be best in the condition that
yielded the strongest relationship between accuracy and RT.

Methods
Participants
We report how we determined our sample size, all data
exclusions, all manipulations, and all measures in the study.
Sixty-three George Mason University undergraduate
psychology students participated for course credit. After
analyzing the first 50 participants, we added an additional
13 participants. Of the 63 participants, one was excluded
due to an outlying accuracy score. An outlying accuracy
score was defined as one differing by more than 3.5
standard deviations from the mean accuracy across all
participants over at least two of the four blocks of the task.
An accuracy score differing by more than 3.5 standard
deviations from the mean was deemed to be signal that the
participant either misunderstood or disengaged from the
task.
Primary Task Calibration analyses require a large number
of observations per participant. As such, the primary task
needed to result in a high volume of trials over a single
session. The chosen primary task (adapted from Altmann,
Trafton, & Hambrick, 2015) is defined by the acronym
UNRAVEL and yields a substantial number of trials per
session.
Each letter of UNRAVEL represents a step in a cyclical
procedure. The letters indicate the order in which steps
should be performed. For example, the U step is to be
completed first, followed by the N step, then the R step and
so on. Once the participant completes the L step he or she
returns to the U step and continues the sequence. The goal
of the task is to correctly complete each step of the task in
the prescribed order and avoid skipping or repeating steps.
A trial was defined as the completion single step of the
UNRAVEL task.
The task rules and candidate responses are illustrated in
Figure 1. Participants could access the choice rules for the
UNRAVEL task any time the stimulus was present by
holding down a prescribed keyboard shortcut.
Each stimulus includes two characters: a digit and a letter.
Each character possesses unique characteristics. For
example, one character is colored red or yellow, one is
either underlined or italicized, and one is located either
above or below the gray box.
Each letter of UNRAVEL mnemonically relates to the
choice rule for that step and each step requires a twoalternative forced choice related to one characteristic of the
stimulus. For example, the U step asks whether the character
is underlined or in italics, the N step whether the letter is
near to or far from the start of the alphabet, and so forth.
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After the completion of each step, a new stimulus would
appear.

Figure 2. A screenshot of the code output box screen
Confidence Question Occasionally after the completion of
an UNRAVEL step, participants would be prompted to rate
their confidence in the accuracy of the last step they
performed. Specifically, they were presented the prompt:
“How confident were you that you just chose the correct
step during the UNRAVEL task? Enter your choice on a
scale from 1 to 6, with 1 being least confident, and 6 being
most confident.” Participants indicated their level of
confidence by typing their response into a text field. During
this time, the UNRAVEL stimulus was masked. After
submitting their response, the mask would be removed and
the UNRAVEL stimulus would be visible again.
Participants would then pick up on the next UNRAVEL step
from where they left off before the appearance of a
confidence question.

Figure 1. (a) two stimuli from the UNRAVEL task. (b)
choice rules and candidate responses for the unravel task.
Secondary Task To increase cognitive workload during the
UNRAVEL task, participants were also required to retain a
two or four-letter code in memory. Codes were presented at
the beginning of each block and immediately following the
output of a previous code. The codes were random, nonrepeating permutations of the consonants in the candidate
responses of the UNRAVEL task (i.e. “F”, “R”, “Y”, “B”,
“V”, “C”, “L”, and “M”).
The procedure was as follows: occasionally after the
completion of a step, the UNRAVEL stimulus would be
masked by a screen containing an output box and
instructions to enter the most recently presented two or fourletter code. After entering the code and pressing the return
key, a new two or four-letter code would appear on the
screen for four seconds before disappearing and revealing
the UNRAVEL stimulus.
After returning to the UNRAVEL stimulus, participants
would attempt to resume the UNRAVEL sequence from
where they left off before the presentation of the output box
screen. Because the output box screen and the new code
presentation masked the UNRAVEL stimulus, this sequence
was considered an interruption. Thus, the UNRAVEL step
immediately following the interruption was considered the
interruption trial. The frequency of interruptions was
randomized with an average of six steps between each
interruption. Half of the interruptions required outputting a
two-letter code and the other half a four-letter code.
Thus, in addition to completing the steps of the
UNRAVEL task, participants also needed to maintain the
new code in memory until prompted to output the code
several steps later. Pilot testing with a different interruption
task had revealed a ceiling effect; thus, the purpose of the
code memorization task was to increase participants’ mental
workload during the UNRAVEL task and decrease accuracy
in the no interruption condition.

Procedure
Practice Each session began with an introduction to the
UNRAVEL task. Participants were given a step-by-step
walkthrough of the UNRAVEL sequence and each choice
rule was reviewed. Screenshots were used to explain the
task and participants were encouraged to ask questions to
ensure the participant understood all components of the
task.
Each participant was required to successfully complete a
practice session before beginning the main task. During the
practice session, the participant was exposed to all aspects
of the task. The experimenter was present during the
practice session to ensure the participant understood all
aspects of the task and to help if necessary. After the
completion of the practice session the participant was then
instructed to begin the main task as soon as the researcher
left the room. When all trials of the main task were
completed, the participant was debriefed and thanked.
Blocks The task was composed of four blocks. Each block
contained fifteen confidence questions for a total of sixty
confidence questions per study session. Confidence
questions were presented in three situations: immediately
following the first UNRAVEL step after the output of a
two-letter code (short interruption condition), immediately
following the first UNRAVEL step after the output of a
four-letter code (long interruption condition), and
occasionally after UNRAVEL steps not preceded by an
interruption (no interruption condition). In total, each
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participant answered twenty confidence questions in each
condition (i.e. short interruption, long interruption, no
interruption).

Confidence-Accuracy Calibration
Due to its strong presence in the confidence and decisionmaking literature, our analysis focused primarily on
calibration measures. To assess calibration, we first
converted the six-point confidence scale to probabilities.
Thus, a confidence response of 1 was converted to 1/6 = .16
or a 16%, a response of 2 was converted to 2/6 or .33 or
33%, and so on.
To measure calibration and assess the difference between
the interruption and no interruption condition, we computed
three calibration assessments: the calibration curve, the
calibration statistic (C), and over/underconfidence (O/U).
The calibration curve is plotted in Figure 3 and shows
accuracy across confidence levels for interruption and no
interruption trials. Calibration curves are used to visualize
calibration across confidence levels. The dashed line
represents perfect calibration; thus, the nearer points are to
the dashed line, the better the calibration. Here, the
interruption condition appears to more closely track the
perfect calibration line than the no interruption condition.
The C statistic represents overall calibration with a score
of 0 representing perfect calibration and a score of 1
representing the worst possible calibration. Two C scores
were calculated for each participant, one for interruption
trials and one for no interruption trials. A one way repeatedmeasures ANOVA was conducted to assess the difference
between C statistic scores for interruption and no
interruption trials. Results indicated that participants were
better calibrated on interruption trials (M = .05), F(1,60) =
6.28, MSE =.005, p < .05, η2 = .04. than on no interruption
trials (M = .09) (Table 1).

Feedback After the completion of each block, participants
were presented with feedback on their performance over
that block. Accuracy was computed as the percentage of
UNRAVEL trials during which the response and step were
both answered correctly. To prevent condition-specific
adjustments, participants were provided a single accuracy
score averaged across all trials. If the score was above 90%,
the participant was asked to go faster. If the score was
below 70%, the participant was asked to be more accurate.
The 90% and 70% thresholds were based on those used in
Altmann, Trafton, and Hambrick (2015) and were used to
deter participants from adopting a bias toward accuracy over
speed or vice versa.
Participants were also presented with feedback on their
performance on the secondary task. Secondary task
feedback was computed as the percentage of typed codes
that correctly matched the most recently presented code.
Like the primary task feedback, participants were given a
single accuracy score averaged across all interruption trials.
Participants were encouraged to maximize accuracy on both
the UNRAVEL task and the secondary code memorization
task.

Measures
Behavioral data and confidence ratings were analyzed in
this study. Behavior was measured as accuracy and response
time on UNRAVEL steps.

Results
From 62 participants, 21,699 UNRAVEL trials were
completed and 3,566 confidence responses were collected.
Of the 21,699 UNRAVEL trials, 308 trials (about 1% of
total trials) were excluded due to outlying RT scores. An
outlying RT score was determined to be any RT score that
exceeded 3.5 standard deviations from the mean RT. RTs
that exceeded 3.5 standard deviations from the mean were
deemed to be indicative of temporary task disengagement.
The remaining 21,391 UNRAVEL trials were analyzed.
No significant difference in accuracy was found between
short (two-letter codes) and long interruptions (four-letter
codes). As such, the two interruption types were combined
into a single interruption condition in the following
analyses.
To assess the effect of interruptions on performance, a
one way repeated-measures ANOVA was conducted to
compare the effect of condition (interruption/no
interruption) on response accuracy. As expected,
participants were less accurate on trials immediately
following an interruption (M = 60.42%) than on noninterrupted trials (M = 96.42%), F(1,60) = 459.80, MSE
=.01, p < .05, η2 = .75. The high accuracy observed in the
no interruption condition suggests that participants knew the
task well.

Figure 3. Accuracy for interruption and no interruption trials
across each level of confidence. Dashed line represents
perfect calibration. Error bars are 95% confidence intervals.
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were better calibrated after an interruption than on
uninterrupted trials. When participants were not interrupted,
they tended to be more accurate but less calibrated. As
evident in the negative O/U value, when uninterrupted,
participants tended to exhibit a clear bias towards
underconfidence.
Notably, our results replicate the previous finding that
interruptions lead to reduced accuracy at the highest level of
confidence. When participants indicated that they were
entirely confident in their choice, they were significantly
more likely to have made an error after an interruption than
when they were not interrupted. This is particularly
concerning considering that highly confident eyewitness
testimony is often considered more trustworthy (e.g. Cutler,
Penrod, & Dexter, 1990).
To our knowledge, this is the first study to show that
interruptions lead to improved CA calibration. We
hypothesized that the difference in calibration between
interruption conditions is due to changes in the validity of
internal cues for confidence. As suggested by Koriat (2000)
internal cues manifest as an unconscious feeling-of-knowing
which is then used to render a confidence judgment. Here,
we investigated RT as one potential internal cue. We
proposed that a portion of confidence judgments is
determined by the amount of time it takes to retrieve an
answer from memory, or in this case, the amount of time it
took participants to determine where they left off on the
UNRAVEL sequence. This hypothesis is supported by past
research identifying RT as a predictor of confidence (e.g.
Ackerman & Zalmanov; Weber & Brewer, 2006). Indeed,
our results show a modest relationship between RT and
confidence in both conditions. However, the effectiveness of
RT as an inferential cue for confidence is dependent upon
the degree to which it also predicts accuracy. Although the
correlation between RT and accuracy was not significantly
different between conditions, our results indicate a trend
toward significance. The small effect size, however, leaves
open the possibility that there may be other factors that
account for some of the remaining variance between
conditions. Future research should be conducted to identify
other mediating factors in addition to RT.
In conclusion, our results replicate previous findings
suggesting that interruptions change the relationship
between confidence and accuracy. We extend upon previous
research by showing that the change in the CA relationship
after an interruption is characterized by better calibration. In
all, our findings suggest that even momentary interruptions
can impact the way in which confidence judgments are
rendered.

The final calibration measure calculated was
over/underconfidence. Like the C statistic, an O/U score of
0 represents perfect calibration. However, unlike the C
statistic O/U scores range from -1 to 1 with -1 indicating
total underconfidence and 1 indicating total overconfidence.
Two O/U scores were calculated for each participant, one
for interruption trials and one for no interruption trials.
Results from a one way repeated-measures ANOVA showed
that participants were better calibrated during the
interruption condition (M = -.01), F(1,60) = 47.78, MSE
=.01, p < .05, η2 = .17 than the no interruption condition (M
= -.16). The negative O/U value observed in no interruption
trials indicates that participants were biased toward
underconfidence when they were not interrupted (Table 1).
Table 1: Calibration (C) and Over/Underconfidence (O/U)
Condition
No Interruption
Interruption

C
.09
.05

O/U
-.16
-.01

Response Time
To measure the relationship between RT and confidence,
we calculated two point-biserial correlations for each
participant, one for each condition. The mean correlation
between RT and confidence across all participants in the
interruption condition was -.28. A mean correlation of -.21
was found in the no interruption condition. A one way
repeated-measures ANOVA revealed no significant
difference in the strength of the confidence-RT relationship
between conditions (Table 1).
A similar procedure was performed to assess the
relationship between RT and accuracy. After calculating a
point-biserial correlation for each condition across all
participants, we conducted a one way repeated-measures
ANOVA to compare mean correlations between the
interruption and no interruption conditions. Results showed
a non-significant, marginally stronger correlation between
RT and accuracy in the interruption condition (M = -.17),
F(1,60) = 3.53, MSE = .03, p = .065, η2 = .03 than in the no
interruption condition (M = -.11) (Table 2).
Table 2: Response Time Correlations
Condition
No Interruption
Interruption

RT: Accuracy
- .11
- .17

RT: Confidence
-.21
-.28
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The purpose of this study was to investigate the effect of
interruptions on CA calibration and to assess how changes
in task RT affect the validity of RT as an internal cue for
confidence. Although interruptions were associated with
lower accuracy overall, results indicated that participants

86

memory: assessing positive and negative correlations. Memory,
22(1), 76–91.
Sporer, S., & Schmitt, N. (1993). Eyewitness Identification
Accuracy, Confidence, and Decision Times in Simultaneous and
Sequential Lineups. Journal of Applied Psychology, 78(1), 22
33.
Trafton, Altmann, Brock, & Mintz. (2003). Preparing to resume an
interrupted task: Effects of prospective goal encoding and
retrospective rehearsal. International Journal of Human –
Computer Studies, 58(5), 583-603.
Zish, K., Hassanzadeh, S., McMurry, J. M., & Trafton J. G. (2015,
September). Interruptions can Change the Perceived
Relationship between Accuracy and Confidence. In Proceedings
of the Human Factors and Ergonomics Society Annual
Meeting, 59(1), 230-234. SAGE Publications.

References
Ackerman, R., & Zalmanov, H. (2012). The persistence of the
fluency–confidence association in problem solving.
Psychonomic Bulletin & Review, 19(6), 1187-1192.
Aguiar, N., Zish, K., McCurry, JM., & Trafton, JG. (2016).
Interruptions Reduce Performance across All Levels of Signal
Detection When Estimations of Confidence are Highest. In
Proceedings of the Human Factors and Ergonomics Society
Annual Meeting, 60, 254-258.
Altmann, E. M., & Trafton, J. G. (2002). Memory for goals: An
activation-based model. Cognitive Science, 26(1), 39
83
Altmann, E., & Trafton, M. (2007). Timecourse of recovery
from task interruption: Data and a model. Psychonomic Bulletin
& Review, 14(6), 1079-1084.
Altmann, E. M., Trafton, J. G., & Hambrick, D. Z. (2014).
Momentary interruptions can derail the train of thought. Journal
of Experimental Psychology: General, 143, 215–226. doi:
10.1037/a0030986
Anderson, J. R. (1982). Acquisition of cognitive skill.
Psychological Review, 89(4), 369.
Baranski, J., & Petrusic, V. (1994). The calibration and resolution
of confidence in perceptual judgments. Perception &
Psychophysics, 55(4), 412-428.
Bjorkman, Mats. (1994). Internal cue theory: Calibration and
resolution of confidence in general knowledge. Organizational
Behavior & Human Decision Processes, 58(3), 386.
Bothwell, R., Deffenbacher, K., Brigham, J., & Guion, R. (1987).
Correlation of Eyewitness Accuracy and Confidence: Optimality
Hypothesis Revisited. Journal of Applied Psychology, 72(4),
691-695.
Brewer, N., Caon, A., Todd, C., Weber, N., & Wiener, Richard L.
(2006). Eyewitness Identification Accuracy and Response
Latency. Law and Human Behavior, 30(1), 31-50.
Brewer, N., Keast, A., Rishworth, A., & Ackerman, Phillip L.
(2002). The Confidence-Accuracy Relationship in Eyewitness
Identification: The Effects of Reflection and Disconfirmation on
Correlation and Calibration. Journal of Experimental
Psychology: Applied, 8(1), 44-56.
Brewer, Sampaio, & Barlow. (2005). Confidence and accuracy in
the recall of deceptive and nondeceptive sentences. Journal of
Memory and Language, 52(4), 618-627.
Cutler, B. L., Penrod, S. D., & Dexter, H. R. (1990). Juror
sensitivity to eyewitness identification evidence. Law and
Human Behavior, 14, 185–191. doi: 10.1007/BF01062972
Juslin, Olsson, & Winman. (1998). The Calibration Issue:
Theoretical Comments on Suantak, Bolger, and Ferrell
(1996). Organizational Behavior and Human Decision
Processes, 73(1), 3-26.
Koriat, Asher. (1993). How Do We Know That We Know? The
Accessibility Model of the Feeling of Knowing. Psychological
Review, 100(4), 609-39.
Koriat, A. (2000). The Feeling of Knowing: Some Metatheoretical
Implications for Consciousness and Control. Consciousness and
Cognition, 9(2), 149-171.
Koriat, Asher. (2008). Subjective Confidence in One's Answers:
The Consensuality Principle. Journal of Experimental
Psychology: Learning, Memory, and Cognition, 34(4), 945-959.
Luna, K., & Martín‐Luengo, B. (2012). Confidence–Accuracy
Calibration with General Knowledge and Eyewitness Memory
Cued Recall Questions. Applied Cognitive Psychology, 26(2),
289-295.
Roediger III, H. L., & DeSoto, K. A. (2014). Confidence and

87

It’s Complicated: Children Identify Relevant Information About Causal Complexity
Richard E. Ahl (richard.ahl@yale.edu)1
Erika DeAngelis (edeangelis19@amherst.edu)2
Auburn Stephenson (stepheau@bc.edu)3
Sehrang Joo (sehrang.joo@yale.edu)1
Frank C. Keil (Frank.Keil@yale.edu)1
1

2

3

Department of Psychology, Yale University, Box 208205
New Haven, CT 06520 USA

16 Barrett Hill Dr., Amherst College, AC #0877, Keefe Campus Center
Amherst, MA 01002 USA

Department of Psychology, Boston College, McGuinn 300, 140 Commonwealth Ave
Chestnut Hill, MA, 02467 USA
Abstract

Simple artifacts generally lack internal mechanisms. The
connections between form, function, and mechanism are
rather close for simple artifacts (e.g., a knife’s sharpness
allows it to cut; Bloom, 1998), and may be discernable
through casual inspection, even by infants (Baldwin,
Markman, & Melartin, 1993). In contrast, complex artifacts
have opaque, numerous, diverse, and internal mechanisms
that interact to enable functioning (Kominsky et al., 2018;
Gelman, 1988; Simon, 1962). Unlike with many simple
artifacts, the observable form of complex artifacts may yield
few cues to their functions and mechanisms (Keil, Greif, &
Kerner, 2007). Thus, many aspects of the specialized, earlyemerging cognitive systems humans possess for
understanding the simple artifacts that once comprised our
entire material culture (Hernik & Csibra, 2009), which rest
on close connections between form, function, and
mechanism, may be ill-equipped to handle the new kinds of
complex objects that have only recently become common.
Complexity can be overwhelming. Even well-educated
adults fail to grasp the mechanistic details of everyday
objects, let alone those of advanced technologies (Rozenblit
& Keil, 2002). Yet, knowing that an entity is complex can
motivate further explorations and questions (see Cook,
Goodman, & Schulz, 2011; Legare, Sobel, & Callanan, 2017)
that yield mechanistic details as well as basic facts about how
to make the entity work. Even without comprehensive
knowledge regarding the specific entity in question, abstract
theories about causal complexity can lead one to seek useful
information about relevant features (Wilson & Keil, 1998).
Given the ubiquity of complex objects in the industrialized
world, the ability to contend with complexity is important in
both daily life and academic settings (Fourez, 1997).
Inferences about mechanistic complexity also relate to the
understanding of causal relations, one of the most
fundamental topics in cognitive science. Imagine that a
reasonable adult is trying to determine if an object is
mechanistically complex. Such a person would know that
complexity emerges from how the object works, rather than
features such as its color, cost, or size, and would seek
information about causally-relevant properties. The question

Mechanistic complexity is an important property that affects
how we interact with and learn from artifacts. Previous
research finds that children successfully detect complexity
contrasts when given information about the functions of simple
and complex objects. However, do children spontaneously
favor relevant information about an object’s causal
mechanisms and functions when trying to determine an
object’s complexity? In Study 1, 7–9-year-olds and adults, but
not 5–6-year-olds, favored relevant information (e.g., the
difficulty in fixing an object) over irrelevant information (e.g.,
the difficulty in spelling an object’s name) for making
determinations of mechanistic complexity. Only in Study 2, in
which the relevance contrasts were extreme, did the youngest
age group favor relevant over irrelevant information. These
results suggest that the ability to detect which object properties
imply complexity emerges in the early school years; young
children may be misled by features that are not truly diagnostic
of mechanistic complexity.
Keywords: causal complexity; relevance; intuitive theories

Introduction
Our daily lives are filled with artifacts of great mechanistic
complexity. Such artifacts include entirely new categories of
objects that have only recently been invented (e.g.,
smartphones), as well as older objects whose complexity has
increased through new technological innovation (e.g., hybrid
engines in cars). The property of artifact complexity was
almost wholly absent throughout most of human history but
has become far more common in the past several decades
(Arbesman, 2016). Now, it meaningfully shapes how we
learn from, interact with, and make inductive inferences
about the objects we encounter.
For example, adults view complex artifacts as harder to
use, and especially harder to repair, than simpler artifacts
(Kominsky, Zamm & Keil, 2018). Complexity intuitions
influence practical judgments regarding how much there is to
learn about a given object and whose expertise to seek if help
is needed, enabling us to efficiently gather knowledge and
allocate labor. Such intuitions also reflect deep distinctions
between the causal structures of simple vs. complex artifacts.
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we explore here is whether children also know which features
are relevant to an object’s complexity.
Young children possess the basic cognitive abilities and
intuitive theories that would support preferences for relevant,
mechanistic information when making complexity
judgments. By the preschool years, children prefer causal to
non-causal information (Alvarez & Booth, 2015) and seek
unobserved causes for certain physical events (Muentener &
Schulz, 2014). Thus, to the extent that children can identify
certain features as causal, even if they are not easily
observable, children should be motivated to seek information
about such features. Children’s privileging of internal
properties supports the claim that children possess the ability
to consider deep, unseen mechanistic features. Preschoolers
view an entity’s internal properties as more essential to its
category membership and functional ability than its external
properties, and therefore appreciate the causal significance of
non-visible features (Gelman & Wellman, 1991). Thus,
children can favor relevant, causally-central features over
surface-level features, even if the latter may be more readily
observable.
A new and growing body of literature reveals children’s
general capacity to reason about how complex artifacts may
differ from simpler artifacts. This literature indicates that
children, like adults, do use functional information to reason
about artifacts’ complexity. In the preschool and early
elementary-school years, children use a machine’s
variability, diversity, and number of functions to infer its
level of internal complexity (Ahl & Keil, 2017; Erb,
Buchanan, & Sobel, 2013). Elementary schoolers’ ratings of
the difficulty in fixing and using real-world objects strongly
correlate with their complexity ratings of such objects,
suggesting that children value such features when judging
complexity (Kominsky et al., 2018). Additionally, learning
mechanistic information about an entity causes elementary
schoolers to change their complexity judgments more than
learning non-mechanistic information, which further shows
that children use mechanistic information when evaluating
complexity (Trouche, Chuey, Lockhart, & Keil, 2017).
However, while previous research suggests that children
view functional and mechanistic information as relevant to
complexity, it does not show that children view it as more
relevant than other kinds of information. Will children
privilege relevant information in the midst of irrelevant
distractors? In a complex and noisy real-world environment,
information about objects is not constrained to relevant
functional contrasts. Rather, it includes a range of observable
and unobservable properties. Only some of these properties
are actually relevant to complexity, while others (e.g., date of
invention) may be correlated with relevant properties but are
not relevant by themselves. Compounding these issues is the
causal opacity of many complex artifacts, which muddles
reasoning about what specific features make them
complicated. Children also face general limitations on their
ability to distinguish relevant from irrelevant information;
those under the age of 7 particularly struggle to do so (Bauer
& Larkina, 2017; Johnston & Keil, under revision).

Our current studies investigate children’s ability to
distinguish relevant from irrelevant information about artifact
complexity, with the goal of determining the kinds of
information children may seek out or evaluate favorably
when making complexity judgments. One naturalistic
method of determining what information children seek
involves encouraging children to ask questions about an
entity (e.g., Greif, Kemler-Nelson, Keil, & Gutierrez, 2006).
For example, if you wanted to figure out if something is
complicated, what would you want to know about it?
However, since formulating questions can be difficult for
young children, our current studies instead ask children to
evaluate the utility of the information provided by
experimenters. This method reduces the cognitive load of
generating questions and also allows us to closely control the
relevance of the information we present.
In Study 1, we present participants with information about
properties one can learn through acting upon an object and
ask whether a given property is indicative of the object’s
mechanistic complexity. Some information is relevant to
causal mechanisms (e.g., how hard an object is to fix) while
other information is related to other object properties but
largely irrelevant to causal mechanisms (e.g., how hard an
object’s name is to spell). Knowing what kinds of
information are useful for diagnosing complexity may be a
precondition for effective and selective inquiry about
complex objects. We predicted that older children and adults
would distinguish relevant from irrelevant information but
younger children would struggle to do so.

Study 1
Method
Participants Our final sample of children included thirty 5and 6-year-olds (Mage = 73.13 months, SD = 6.77), referred
to as “younger children,” and thirty 7-, 8- and 9-year-olds (M
= 101.50, SD = 10.78), referred to as “older children,” tested
in museums (n = 50) and our lab (n = 10). An additional 13
children were excluded for final scale check failure (n = 11;
10 were in the younger age group) or other difficulties with
comprehension or attention (n = 2). Our final adult sample
included thirty participants (Mage = 38.27 years, SD = 12.50)
who were recruited and tested online via Amazon’s
Mechanical Turk and Qualtrics. For brevity’s sake, only the
methods for children will be described; methods for adults
were similar except for minor changes to allow for online
administration. Six additional adults were excluded for short
study durations (n = 3) or comprehension failures (n = 3).
Scale introduction Participants were shown five blue circles,
oriented horizontally, whose coloring ranged from almost
empty (“really bad,” the leftmost circle, labeled with a 1) to
completely full (“really good,” the rightmost circle, labeled
with a 5). The experimenter moved from left to right and
pointed to the appropriate circle while explaining that the
circles indicated information that was “really bad,” “bad,”
“just okay,” “good,” or “really good” for helping them
understand something (see Mills, Danovitch, Rowles, &
Campbell, 2017). As a comprehension check, participants
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were asked to point to the “really bad,” “just okay,” and
“really good” circles. The experimenter explained that “some
objects are complicated in terms of how they work”; we
defined “complicated” as meaning that “it’s really hard to
learn how [they] work.” We included this definition primarily
for the benefit of children who may not know the term, but
for the sake of consistency, all children and adults heard it.1
To find out “the best way to learn if an object is complicated,”
the experimenter asked different people for answers. The
participants’ task was to use the circles to indicate whether
each answer (i.e., piece of information) “helps us decide” an
object’s level of complexity.

this task, three versions of the task were created (e.g., “build”
was paired with “cover” in version 1, “spell” in version 2,
etc.). Version assignment was counter-balanced with respect
to age and gender for children and randomized for adults. For
each trial, participants were given a 1 or a 0 for choosing the
relevant or irrelevant item as helpful, respectively; total
scores could range from 0 to 3.
Final scale comprehension check A final check tested
whether participants had a general ability to distinguish
relevant from irrelevant information and use our scale
properly. Participants were told about two characters who
were eating apples, with presentation order randomized. One
character said they decided to eat an apple because apples are
their favorite food (relevant), and the other said they decided
to eat an apple because their friend likes wearing sneakers
(irrelevant). For each character, participants used the circle
scale to rate whether the response helped them learn why the
character decided to eat an apple. Only participants who
assigned a higher rating to the relevant than irrelevant
response were included in the final sample.

Scale rating task Participants separately rated six different
items, which are shown in Table 1. Three items were intended
as relevant2 to mechanistic complexity (henceforth labeled
“relevant”), warranting high ratings, while the other three
items (“irrelevant”) were intended as irrelevant, warranting
low ratings. The items were read aloud in a new randomized
order for each participant using Qualtrics, with relevant and
irrelevant items interspersed. As each item was introduced,
the experimenter stated, “one person said that the best way to
tell if an object is complicated is to learn if it’s hard to [item;
e.g., build, to make it or put it together]. Does knowing if an
object is hard to [build] help us decide if it’s complicated in
terms of how it works?” Participants then pointed to the circle
scale to rate each item.

Results
Scale ratings We predicted that the older age groups would
assign higher overall ratings to relevant than irrelevant items
but had no item-specific predictions. We generally found
similar ratings for all items of a given category for each age
group (see Figure 1); in no case would our main conclusions
be altered by removing a single higher- or lower-scoring
item. Thus, our main analyses compared the mean ratings of
irrelevant vs. relevant items, which were computed for each
type by averaging the ratings given to its three items.

Table 1: Relevant and irrelevant items for each study.
______________________________________________
Relevant items
Irrelevant items
Study 1
Use (as it should be used)
Destroy (to break it)
Fix (if it’s broken)
Spell its name (using letters)
Build (make it, or put it together) Cover (w/ a sheet to keep it clean)

5

Mean Rating

4

Study 2
Use (as it should be used)
Put a piece of tape on it
Fix (if it’s broken)
See it at night
Build (make it, or put it together) Sing a song close to it

3
2
1
Use

Forced-choice task Next, participants completed three trials
of forced-choice judgments. Items from the scale rating task
were discussed again. Each trial paired a relevant item with
an irrelevant item. The participants’ task was to decide which
item in each pair would be most helpful for figuring out an
object’s complexity (e.g., finding out how hard an object is
to build vs. how hard an object is to spell). The pairs’
presentation order and which item per pair was mentioned
first was randomized for each participant. To ensure that a
given participant encountered all items exactly once during

Fix

Build

Mean
Destroy
Relevant

Younger

Older

Spell

Cover

Mean
Irrelevant

Adults

Figure 1: Mean ratings for Study 1 items and item types.
Error bars indicate ± 1 SEM, for this and all other figures.
A mixed-design analysis of variance (ANOVA) was
conducted for the children’s data, with child age as the
between-subjects factor, item type as the within-subjects
factor, and rating as the dependent measure. There were

1

2

Our working definition emphasized mechanism (“how it
works”) and was used because piloting found that some children do
not know what “complicated” means. How children would have
scored if “complicated” had not been defined (see Kominsky et al.,
2018), or if just our definition (without mentioning “complicated”)
had been given, is an open question, but we believed providing both
the term and a definition was superior to providing only one of them.

The difficulty in using an object is less diagnostic of mechanistic
complexity than the difficulty in fixing or building it (particularly
for complex technologies, which are often designed with ease of use
in mind) but is still relevant to mechanistic complexity (see
Kominsky et al., 2018), and certainly more relevant than the
information conveyed in the irrelevant items.

90

Mean Difference Score

significant main effects for item type, F(1,58) = 17.12, p <
.001, p = .23, and age, F(1,58) = 8.88, p = .004, p = .13,
which were qualified by a significant interaction between
item type and age, F(1,58) = 14.90, p < .001, p = .20.
Due to our a priori analysis plan and the significant
interaction, planned paired-samples t tests were conducted to
compare the mean ratings given to relevant vs. irrelevant
items for each age group separately, with Bonferroni
corrections resulting in an a of p < .025. The mean ratings for
relevant items minus the mean ratings for irrelevant items
(i.e., the difference scores) are shown in Figure 2. In Study
1, younger children assigned similar ratings to relevant and
irrelevant items, Mdifference = .04, SD = 1.08, t(29) = .27, p =
.82, Cohen’s d = .04. However, the difference between the
two item types was significant for older children, who
assigned higher ratings to relevant items, t(29) = 5.08, p <
.001, d = .93. (Adults also assigned higher ratings to relevant
items, t(29) = 14.37, p < .001, d = 2.62.)

complexity, while younger children did not do so. Younger
children succeeded in assigning high ratings to relevant
information but, unlike the older age groups, they failed to
assign low ratings to irrelevant information, and therefore
rated both item types similarly. Thus, younger children were
persuaded by irrelevant items that older children dismissed as
unhelpful. Younger children’s scores were better in the
forced-choice task but were still only marginally above
chance. The high number of final scale check failures, which
is one limitation of our study, indicates that many children
struggle with broader relevance judgments. However, since
data from such children were excluded, the poor scores of
included children are not easily explainable by difficulties
with relevance judgments in general but rather difficulties
with relevance judgments regarding complexity specifically.
In Study 1, the irrelevant items were deemed quite
unhelpful by the older age groups but still bore some relation
to other object properties, including those that may be
deemed relevant to complexity. For instance, the difficulty in
covering an object with a sheet is influenced by the property
of size, which may be viewed as correlated with complexity.
The way in which the irrelevant Study 1 actions are
performed is somewhat dependent on the identities of their
target objects (e.g., an object’s size affects how one covers
it). Thus, in Study 2, we created a new set of more irrelevant
items. We chose actions that are performed in essentially the
same way regardless of the identities of their target objects.
Perhaps younger children will only assign lower ratings to
irrelevant items when the contrasts are extreme. If, however,
younger children have entrenched difficulties identifying
irrelevant information about complexity, or other surface
features of the study script are problematic for this age range
(e.g., the high verbal load, which is one limitation of our
study, or the use of the term “complicated,” which children
may struggle with even though we provided a definition),
their performance should not improve in Study 2.

3
2.5
2
1.5
1
0.5
0
Younger

Older
Stu dy 1

Adults

Stu dy 2

Figure 2: Mean difference score (relevant rating minus
irrelevant rating) for each age group and study.
Forced choice task One-sample t tests compared each age
group’s mean forced-choice score to the chance score of 1.5.
As shown in Figure 3, younger children scored marginally
better than chance in Study 1, t(29) = 1.92, p = .06, d = .35.
Older children, t(29) = 5.33, p < .001, d = .97, and adults,
t(29) = 44.00, p < .001, d = 8.03, scored significantly better
than chance.

Study 2
Piloting
To test whether the irrelevant items intended for Study 2 were
rated as less helpful and less relevant than the irrelevant items
in Study 1, we ran pilots on two separate and new groups of
adult participants. We doubled our sample size to 60
participants per study a priori because our key comparisons
were between two sets of irrelevant and presumably lowscoring items; we expected floor effects to reduce statistical
power. We briefly describe our piloting here.
In Pilot Study 1, our procedure was similar to that of Study
1 except that we added the Study 2 items and used a 100point scale instead of a 5-point scale, to allow for a greater
range in responses. A repeated-measures ANOVA with a
Greenhouse-Geisser correction compared average scores of
relevant, Study 1 irrelevant, and Study 2 irrelevant items. The
effect of item type was significant, F(1.77,104.43) = 823.61,
p < .001, p = .93. Follow-up planned comparisons (with
Bonferroni corrections resulting in an a of p < .025) found

Mean Number Correct

3
2.5
2
1.5
1
0.5
0
Younger

Older
Study 1

Adults
Study 2

Figure 3: Mean number of correct forced-choice answers for
each age group and study. Scores could range from 0 to 3.

Discussion
We found that older children and adults robustly
distinguished relevant and irrelevant information regarding
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that the Study 2 irrelevant items received lower ratings than
the relevant items (p < .001) and, crucially, than the Study 1
irrelevant items (p < .001).
In Pilot Study 2, we tested whether participants viewed the
Study 2 irrelevant items as less diagnostic of object properties
than the other items. We asked participants to imagine that
they did not know the identity of an object; would finding out
a given piece of information help one figure out other
properties of the object? Participants rated the helpfulness of
each item on a 100-point scale. A repeated-measures
ANOVA with a Greenhouse-Geisser correction compared
average scores for the three item types. The effect of item
type was significant, F(1.64, 96.50) = 22.15, p < .001, p =
.27. Follow-up planned comparisons (with Bonferroni
corrections resulting in an a of p < .025) found that the Study
2 irrelevant items received lower ratings than the relevant
items (p < .001) and, crucially, than the Study 1 irrelevant
items (p = .003).
Our piloting found that the Study 2 irrelevant items were
deemed less helpful, and also less related to other object
properties, than the Study 1 irrelevant items, and were thus
suitable for subsequent testing.

Figure 2. The younger children assigned significantly higher
ratings to relevant items, t(29) = 4.84, p < .001, d = .88, as
did older children, t(29) = 5.18, p < .001, d = .94. (Adults also
did so, t(29) = 22.77, p < .001, d = 4.13.)
Forced choice As shown in Figure 3, both younger children,
t(29) = 2.66, p = .013, d = .49, and older children, t(29) =
5.70, p < .001, d = 1.04, scored significantly better than
chance. All adults received perfect scores of 3.0.
5
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Figure 4: Mean ratings for Study 2 items and item types.

General Discussion

Method

Study 2 replicated the success of the older age groups seen
in Study 1; again, older children and adults gave higher
ratings to relevant information and also preferred such
information in the forced-choice trials. Given the greater
relevance contrasts in Study 2, it may seem surprising that
older children did not more strongly differentiate the two item
types in Study 2, or come closer to converging with adults’
scores, relative to Study 1. This pattern may be attributable to
floor and ceiling effects in children’s use of the scale (e.g., a
reluctance to use scale endpoints). Our findings suggest that,
starting around age 7, children know the kinds of information
that do and do not imply mechanistic complexity. Such
knowledge likely reflects greater experience with complex
systems and a broader understanding of causal relations. It
can be utilized to efficiently investigate complex entities,
which are important targets for mechanistic learning.
Unlike in Study 1, younger children succeeded at
privileging relevant information in Study 2; they assigned
lower ratings to irrelevant items and also avoided such items
in the forced-choice trials. Their performance indicates that
young children can dismiss completely irrelevant
information, specifically regarding actions that are not
diagnostic of meaningful object properties, as unhelpful for
determining complexity. However, their difficulty in Study 1
indicates that young children are easily misled by irrelevant
information that bears some relation to object properties but
is not actually diagnostic of complexity.
Do 5- and 6-year-olds simply not value information about
causal mechanisms? This conclusion is too extreme,
particularly given an extensive body of literature indicating
that young children do value such information, and given
their high ratings of information relevant to causal
mechanisms in current studies. Rather, their difficulty may

Participants and procedure Our final sample of children
included thirty 5- and 6-year-olds (Mage = 73.20 months, SD
= 6.65) and thirty 7-, 8- and 9-year-olds (M = 103.47, SD
=11.01), tested in museums (n = 55) and our lab (n = 5). An
additional 21 participants were excluded due to final scale
check failure (n = 15; 13 were in the younger age group) or
other comprehension, attention, or administration difficulties
(n = 6). Our final adult sample included 30 participants (Mage
= 35.63 years, SD = 10.80), recruited as described previously.
Eleven additional participants were excluded for short study
durations (n = 6) or comprehension failures (n = 5). The
procedure was identical to Study 1 except that we used a new
set of irrelevant items, as described previously and displayed
in Table 1 and Figure 4.

Results
Scale ratings As shown in Figure 4, we generally found
similar scores for all items of a given type for each age group.
A two-way mixed-design ANOVA for the children’s data
found a significant main effect for item type, F(1,58) = 50.12,
p < .001, p = .46, with lower ratings for irrelevant items,
and a significant main effect for age, F(1,58) = 7.93, p = .007,
p = .12, with the older children assigning lower ratings than
the younger children. Unlike in Study 1, the interaction
between item type and age was not significant, F(1,58) = .61,
p =.44, p = .01.
Despite the lack of a significant interaction, we conducted
planned paired-samples t tests comparing mean ratings for
relevant vs. irrelevant items for each age group separately
(recall that the younger age group assigned similar ratings to
the two item types in Study 1), with Bonferroni corrections
resulting in an a of p < .025. Mean ratings for relevant items
minus the mean ratings for irrelevant items are shown in
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stem from a failure to conclude that something is unrelated
to causal mechanisms. Perhaps young children are too
reluctant to view true but irrelevant information as unhelpful.
Given the difficulties of learning about complex causal
mechanisms, which arise through numerous and diverse
properties that are often mysterious even to adults, young
children may grasp at any potential entries to acquiring such
information, even those that are dead-ends.
Does this mean that children do not know which real-world
objects are complicated? Not necessarily; children frequently
do well at identifying complex objects as such (Kominsky et
al., 2018), but this phenomenon may be because relevant
information about objects’ functions and mechanisms is often
selected for pedagogical demonstration by adults and then
quickly learned by children (e.g., Butler & Markman, 2014).
Young children may falter when learning new object features
(which may be causally irrelevant) and integrating them into
broader complexity judgments, particularly when such
learning is not closely guided by adults. A key challenge for
young children appears to be knowing when not to care about
a new piece of information. Only by limiting informational
search to relevant factors can children and adults effectively
make sense of a complicated world.
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Abstract

deed dependent on the referential context provided by a copresent visual display.

A word’s predictability or surprisal, as determined by cloze
probabilities or language models (e.g. Frank, Otten, Galli, &
Vigliocco, 2015) is related to processing effort, in that less expected words take more effort to process (e.g. Hale, 2001). A
words surprisal, however, may also be influenced by the nonlinguistic context, such as visual cues: In the visual world
paradigm (VWP), for example, anticipatory eye movements
suggest that comprehenders exploit the scene to predict what
will be mentioned next (Altmann & Kamide, 1999). How visual context affects word surprisal and processing effort, however, remains unclear. Here, we present evidence that visuallydetermined probabilistic expectations for a spoken target word
predict graded processing effort for that word, in both pupillometric (ICA) and ERP (N400) measures. These findings
demonstrate that the non-linguistic context can immediately
influence both lexical expectations, and surprisal-based processing effort.

Surprisal in the Visual World Paradigm Manipulating or
even just establishing a comprehender’s knowledge and expectations as she attempts to comprehend and interpret an utterance is indeed very difficult. The Visual World Paradigm
(VWP) has provided a powerful tool to overcome these difficulties. Multimodal information can be presented in such
a way that it allows both 1) the introduction of situational
aspects to language processing and 2) the control and monitoring over referential uncertainty and predictability of a referent noun. That is, listeners’ anticipatory eye movements
reliably indicate what and when objects are considered as potential verb arguments (Altmann & Kamide, 1999). It seems
likely that the anticipation of objects affects the surprisal
and therefore the processing effort for a corresponding noun
(cf. Tourtouri, Delogu, & Crocker, 2017; Sekicki & Staudte,
2017, for related work), or, that anticipation itself, reflecting lower or greater referential uncertainty prior to the noun,
might affect processing effort for the verb.
We employed the VWP with sentences containing transitive verbs and depicted verb arguments (as in Altmann &
Kamide, 1999). We further assessed processing effort during
anticipation and during reference resolution (verb and object
noun regions) using the Index of Cognitive Activity (ICA),
which reliably indexes processing effort despite eye movements. An additional EEG experiment tested the effects of
visual world information on word processing as reflected in
the N400.

Keywords: N400; Language processing; EEG; Index of Cognitive Activity; Prediction; Eye-tracking

Introduction
The use of information-theoretic concepts of surprisal (Hale,
2001; Levy, 2008) and entropy (Shannon, 1949) to describe
the predictability of information content have gained much
attention in recent psycholinguistic research since they correlate with measures of processing effort (Smith & Levy, 2013;
Frank et al., 2015) and allow for quantitative predictions in
language processing. One recent approach is to derive surprisal from language models or cloze probabilities in order to
quantify the amount of information conveyed by each word.
The surprisal values are then typically used as a predictor of
processing effort experienced by the comprehender upon encountering these words. This approach to computing and assessing information content, however, inherently neglects the
listener and the situation at a particular point in time. After
all, seeing an object in the immediate surroundings can make
the corresponding noun less surprising and more predictable
than it would be according to the linguistic context. Comprehenders could predict the target word in a probabilistic way,
based additionally on all copresent target objects. Processing would then be facilitated proportional to its probability in
the multimodal context. Alternatively, target word processing
could be equally hard, depending only on the linguistic experience and context, but not on the exact number of co-present
alternatives in the visual context.
We assess this question, using two different measures of effort (a pupillometric measure (ICA) and ERPs), and present
evidence that the processing effort induced by a word is in-

The Index of Cognitive Activity (ICA) The ICA was deployed for light-insensitive online assessment of processing
effort while participants could move their eyes freely. That is,
the measure has been shown to be robust with respect to eye
movements and changes in luminocity (Demberg & Sayeed,
2016). In addition to the already established connection between pupil dilations and cognitive effort with respect to language processing (Engelhardt, Ferreira, & Patsenko, 2009),
the ICA distinguishes task evoked dilations from contractions
caused by light reflex. This is based on the assumption that
the eye’s circular muscles contract when reacting to light,
while radial muscles are activated, when reacting to mental effort (S. P. Marshall, 2000). Effort related dilations are
hence tiny, very short and abrupt movements of less than 0.5
mm in extent (Beatty, 1982), which are also less likely to be
affected by artefacts due to gaze position in relation to the
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tracker lense. In order to get the ICA, larger light induced
oscillations are discarded while abrupt discontinuities in the
pupil signal remain, referred to as ICA events (for a description, see S. Marshall, 2002). The Index then returns the times
at which such events occur during trials with a resolution of
only 100 ms. For analysis, the number of those events is then
counted within a time period of interest.
Originally introduced as a measure of cognitive load in
interactions with a visual display, the ICA has recently
been proven to be reliable and responsive to cognitive effort induced by processing of language in different contexts
(Sekicki & Staudte, 2017). Generally, high ICA values (i.e.,
more ICA events in a given time window) reflect higher cognitive effort, while low ICA values suggest comparatively less
effort. In order to obtain ICA events, we used binocular eyetracking at 250 Hz on an Eye-Link II tracker. The calculation
of rapid small dilations from the tracker data was conducted
in the EyeWorks Workload Module software (Version 3.12).

0

1

3

4

Figure 1: Example for a visual display as used in Experiment 2
in all four conditions. Experiment 1 used a similar type of set up.
From left to right and top to bottom: 0, 1, 3 and 4 possible targets,
given the sentence The man spills soon the water in the kitchen.

Experiment 1 - Multimodal surprisal in the
Index of Cognitive Activity
Predictions We sought to replicate patterns of anticipatory
eye movements towards possible target referents (Kamide,
Altmann, & Haywood, 2003). Simultaneously, the ICA assessed processing effort on the verb where anticipatory eye
movements typically occur as well as on the referent noun.
Anticipatory eye movements may reflect the decision of excluding objects, that do not match the verbal restrictions, from
a mental set of potentially upcoming referents – or vice versa,
they may indicate which and how many objects still are considered to be named next. Thus, a greater reduction in uncertainty about upcoming referent nouns could, for instance,
induce increased processing effort (more ICA events) on the
verb. If the combination of visual and linguistic information
affects surprisal, we expected higher processing effort on the
target word in conditions where it was less predictable, i.e.
more surprising due to more competitors (i.e. “spillable” objects) displayed and highest effort when no spillable objects
was shown.

Design This experiment was an eye-tracking study in the
VWP, designed to observe the effect of visual context on word
surprisal and processing effort as reflected by a pupillometric
measure. It featured a 1x4 design in which the same utterance
was presented in four different visual contexts where either
0, 1, 3, or 4 objects matched the verb (“spillable” objects).
Target word surprisal hence only differed when visual information was processed in combination with the sentence, as
the linguistic surprisal itself was identical across conditions.
All sentences were presented auditorily and always simultaneously with the visual displays.
Visual Materials All scenes presented consisted of four
simple pieces of clip art, arranged around the screen center.
Among those four objects, we manipulated the number of objects matching the verb constraints, such that either 0, 1, 3, or
all 4 objects could be potential target referents (see Fig. 1,
from left to right and top to bottom). The scenes were counterbalanced between two items in such a way that for example
a 0 target condition picture for one item served as a 4 target
condition in another item. Positions of targets, competitors
and distractors in the scenes were rotated. None of the clip
art items in a scene depicted the highest-cloze noun of the
matching sentence. Filler trials introduced variation in terms
of the number of categories displayed (i.e., edible, wearable,
or driveable objects, etc.). A pre-test assessed whether the
clip art used was indeed matched with the verb.
Linguistic Materials All linguistic stimuli were plausible
German sentences such as Der Mann verschüttet gleich das
Wasser (the man spills soon the water). The sentences were
constant across all conditions, while only the simultaneously
presented visual contexts differed. The plausibility of all linguistic stimuli was validated offline, prior to the studies.

Methods
40 item sentences were combined with 160 different visual
displays and parted into four lists, using latin square design.
This way, each participant saw each item in only one condition. Additional 40 filler sentence-display combinations, followed by yes/no comprehension questions (such as: “Did the
man spill the lemonade?”) were added to keep participants
focused. Visual displays were presented from 1000 ms before sentence onset and during the whole sentence in order
to avoid (visual) memory effects. ICA events were extracted
from the eye-movement data. 32 native speakers of German
(all students of Saarland University), aged between 18 to 32
years (M = 24.56) were tested and monetarily reimbursed.
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Probability
of New Inspections to Target
New inspections on the Target (mentioned)

Distribution of new inspections on mentioned Target Objects across conditions

in length, starting from the middle of the critical word’s duration, as previously established for this measure (see e.g.,
Sekicki & Staudte, 2017, Demberg & Sayeed, 2016). Fig. 4
shows how the number of effort related pupil changes (ICA
events) on the verb is similar, while differences between conditions appear on the noun, in reaction to our manipulation.
That is, noun processing was facilitated when fewer competitors were displayed, making the noun less surprising.
Since the dependent variables of ICA events obtained
within the two time windows were count variables, generalised mixed effects models of Poisson type were used. Contrast coded differences between the conditions (e.g., 0 versus 3 possible target objects displayed) were entered into the
model as fixed factors and the maximal converging random
structure was included (Barr, Levy, Scheepers, & Tily, 2013).
In line with the plot, analysis of the verb window revealed no significant differences between the conditions. This
even holds for the linguistic - visual mismatch condition 0,
suggesting that anticipatory eye movements, although verbdriven, do not elicit differences in surprisal and processing
effort on the verb itself 3 .
For the noun window, models revealed a significant processing facilitation (fewer ICA events) when three possible
targets were shown (M = 19.37, SD = 8.17), compared to
the unhelpful condition 0 (M = 20.90, SD = 8.12) (β =
−.08, SE = .03, z = −2.40, p < .05). Further, a significant
facilitation occured when only one possible target was shown
(M = 17.40, SD = 7.79), compared to three targets (β =
−.11, SE = .04, z = −2.57, p < .05). Differences in processing effort between condition 3 and 4 (M = 20.13, SD = 8.45)
did not reach significance. This shows a direct effect of multimodal information on target word surprisal and, linked to
that, on the effort needed to process the noun.

1
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3
4
0.15

target_condition
1
3
4
0.10

0.05

0.00

1

3

Conditions

4

Conditions (Number of possible Targets in Scene)

Figure 2: Probability of verb-driven new inspections of target object before target word onset in all possible conditions of E1.

Results
Eye-movement Data All analyses were conducted using
the R statistical programming environment (RCoreTeam,
2013). For presentation purposes, the overall fixation distribution across an averaged trial in all conditions is plotted in
Fig. 3. They reveal an increase in fixations towards objects
matching the verb from the onset of the verb onwards (left
dashed line) when the visual scene allowed for anticipation
of potential target nouns. In conditions 1 and 3, this indicates a discrimination between those objects who matched
the verb and those who did not. No increase in fixations was
found when the contexts did not allow for further discrimination (conditions 0 and 4).
Statistical significance was assessed by analysing differences in new inspections (i.e., the first in a series of fixations
towards a region during the time periods of interest) between
conditions. That is, for the verb time window, we compared
probabilities of verb-driven (i.e., occurring between verb start
and article start) attention shifts towards the actual target object. New inspections of the different objects in a visual scene
were encoded as a binary dependent variable and were analysed using generalised mixed effects models with a Poisson
distribution.
Analogous to the fixation distribution, Fig. 2 shows how
new inspections to the target object increase upon hearing the
verb in condition 1 (M = 0.21, SD = 0.41), compared to 3 (M =
0.17, SD = 0.38) (β = −.221, SE = .099, z = −2.21, p < .05)
and to 4 (M = 0.16, SD = 0.36) (β = −.293, SE = .099, z =
−2.97, p < .01). In the noun region, comprehenders were
significantly more likely to inspect the mentioned object compared to any other object.
Theses results are in line with previous VWP findings
(Kamide et al., 2003). We could replicate verb-driven anticipatory eye movements in our set up, even when more than
one possible target object was displayed. This hints at more
(one matching object) or less (three matching objects) strong
anticipation of the target noun. Whether these anticipations
alter surprisal and processing effort for either the verb or the
target noun, was simultaneously assessed by the ICA.

Discussion
We replicated previous findings of verb-driven anticipatory
eye movements towards matching objects (Kamide et al.,
2003), also in conditions with more than one possible target
object. This suggests that comprehenders exploit the visual
information in combination with the verb in order to anticipate the noun with more or less certainty.
Although eye movements showed clear patterns of anticipation during the verb, the ICA did not show effects on the
word’s processing effort. Thus, comprehenders shifted attention towards possible target objects based on the verb information, but possibly refrained from ultimately excluding distractors. Alternatively, a reduction of referential uncertainty
(as reflected by the eye movement patterns) does not induce
any additional effort. Lastly, the ICA might not be sensitive
towards this sort of effort.
Obtained ICA events on the referent noun, however, differed between conditions 0, 3 and 1, showing that visual con3 We

additionally analysed a 600 ms time window starting from
trial onset, in order to examine whether possible effects of grouping
of the displayed objects could be seen prior to hearing the verb. No
significant differences were found in this region.

ICA Event counts, that is, the number of abrupt changes in
pupil size within a time window, were analysed. Both time
windows for ICA analysis were non-overlapping and 600 ms
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tas, & Sereno, 1996, for example, presented participants with
written sentences either ending with normal words, or with
line drawings instead of the word and found that words and
drawings can elicit a similar N400. If the combined information, gained from integrating language and additional (as
opposed to substituting) visual context also affects the N400,
we expected similar differences in the target noun’s amplitude
as previously found in the ICA. If it is more sensitive to effort
induced by anticipation or uncertainty reduction – a higher
amplitude was expected on the verb as more distractors can
be excluded as possible targets.
In order to keep results comparable, Experiment 2 used
the same manipulation and type of stimuli as Experiment 1.
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Figure 4: ICA results separated by the experimental conditions.
Error bars reflect 95% confidence intervals (CI).

Methods

text information directly affected the surprisal and processing
effort on the target word. Conditions 3 and 4 did not differ
significantly from each other.
These results can be interpreted as being probabilistic, that
is, analogous to the probability of a target object in the visual
display to correspond to the actual target word coming up:
The noun was least surprising and easiest to process if the
displayed object would correspond to the noun with 100%
certainty (1) and more surprising when this correspondence
was only 33% certain (3). Differences between conditions 3
and 4 not reaching significance might then be attributable to
either a lack of power, or three and four being too similar to
result in measurable differences. A follow-up EEG experiment (Experiment 2) aimed to assess the sensitivity explanation in the verb window and tested whether differences on the
noun between 3 and 4 occur in the N400.

96 stimuli of the same type as described in Experiment 1
were used along with the same amount of fillers, parted and
randomized as before. Conditions and task were identical to
the ones used in Experiment 1. The only differences were
the written presentation of the sentences, and the now quadrangular arrangement of the four pieces of clip art with an
added sepia filter, in order to tone down salient colours.
36 right-handed native speakers of German (M age: 25,22;
Age range: [19, 34]; SD: 3.47; Male: 7; Female: 29) with
normal or corrected-to-normal vision took part in the ERP
experiment. All Participants gave informed consent and were
monetarily reimbursed for their participation.
Visual displays were again presented with a 1000 ms preview time, in which participants were allowed to move their
eyes around in order to identify and inspect the objects. As
soon as the fixation cross appeared for a jittered duration in
the center of the display, participants were asked to keep their
eyes focused on the phrases presented subsequently. They
were further instructed to prevent blinking throughout the
sentence. Sentences were presented in phrases and in the centre of the screen with a presentation period of 400 ms and a
100 ms ISI. The visual displays stayed on the screen for the
entire trial time. Questions were presented after each trial and
either concerned the visual (e.g.Was the milk on the right?),
or the linguistic content (Did the man spill the milk?). Subjects were asked to answer on a button press. The distance
between the participant and the screen was always 103 cm
in order to keep all of the objects in a 5◦ visual angle from

Experiment 2 - Multimodal surprisal in the
EEG
Experiment 2 used event-related potentials (ERPs), not only
to validate the ICA method used in the previous experiment,
but also to examine whether any differences in processing effort for the verb occur in a potentially more sensitive method,
and to extend current (language-centric) ERP finding regarding surprisal: The ERP component N400 has been associated
with surprisal on the word level (Frank et al., 2015) as well
as to predictability effects in different modalities. Ganis, Ku-
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the center of the screen in order to minimize eye movements
throughout the experiment.

The model assesses statistical significance of these effects,
revealing a main effect for condition (F(3, 81) = 8, 18, p <
0.05, η2 = 0, 06) on the verb. Follow-up pairwise comparisons showed that significantly larger negativity was elicited
by condition 0 (M= −1.34 µV), compared to the baseline
condition 1 (M= −0.69 µV) (F(1, 27) = 8, 49, p < 0.05, η2 =
0, 06). Negativity was widespread across frontal, central and
parietal regions, while being largest in the latter. However,
conditions 3 (M= −0.75 µV) and 4 (M= −0.4 µV) did not
yield significant differences in the N400 component, compared to 1, suggesting a binary evaluation of whether the visual display matched the verb, rather then more detailed distinctions of the displayed options.
On the noun window, a modulation of the (surprisal) effect was found. Namely, further analysis of the significant
main effect of condition (F(3, 81) = 7.74, p < 0.05, η2 =
0.13) revealed that condition 1, in which the noun was
most predictable, resulted in the lowest N400 amplitude (M=
0.07 µV). Conditions 3 (M= −0.8 µV) and 4 (M= −0.79 µV),
where the target noun could be expected with 33% and
25% certainty, resulted in a significantly higher amplitude
(three: F(1, 19) = 13.3, p < 0.05, η2 = 0.16, four: F(1, 19) =
7.03, p < 0.05, η2 = 0.13). Condition 0 (M= −1.3 µV), where
none of the clip art items in the visual display could be used
to predict the target noun, yielded the highest difference in
the N400 amplitude, compared to 1 (F(1, 19) = 18.9, p <
0.05, η2 = 0.26).

Electroencephalographic recording and processing parameters The EEG was recorded by 24 Ag/AgCl scalp
electrodes embedded in a cap (acti-CAP, BrainProducts)
and amplified with a BrainAmp (Brain-Vision) amplifier.
Electrodes were placed according to the 10-20 system
(Sharbrough et al., 1995) and referenced online to the reference electrode (FCz) as well as re-referenced offline to the
average of both mastoid electrodes. The ground electrode
was located at AFz. Horizontal eye movements were monitored via bipolar recording of the electrooculogram (EOG)
with an electrode on the outer canthus of the left and right
eye. Blinks (Vertical EOG) were monitored with electrodes
over the supraorbital and the infraorbital ridge of the left eye,
referenced to the left mastoid. Electrode impedances were
kept below 5 kΩ. The signal was sampled at 500 Hz, using an
anti-aliasing low-pass filter of 250 Hz online during recording. Data were later band pass filtered offline at 0.01-40 Hz
(Luck, 2014). All records were semi-automatically examined
and marked offline for EOG and other artefactual contamination such as electrode drifts, amplifier blocking and excessive
muscle activity. Artefactual trials were excluded with a rejection threshold of 20% per condition for participant rejection,
resulting in the exclusion of 8 participants from the analysis.

Results
Single-participant data were averaged for each of the four
experimental conditions within 800 ms windows from the
onset of the verb and the target noun. The segments were
aligned to a 200 ms pre-critical baseline and data sets for
both critical time windows were then exported from the averaged ERP data, using BrainVision Analyzer’s (Version 2.1)
Area-Information export function. The grand average of all
participants was then analyzed, time-locked to the onset of
the critical words. Analyses were done using the ez package in R to perform repeated measures analysis of variance
(ANOVA) with Greenhouse-Geisser corrected p-values. In
addition, F-values, as well as η2 (generalised eta-squared,
see Bakeman, 2005) values are reported as a measure of effect size. ANOVAs were performed on data sets including all
electrodes, with ROIs for frontal (F3, Fz, F4), central (C3,
Cz, C4) and posterior (P3, Pz, P4) distributions. We analyzed a typical N400 time window between 300 and 500
ms after onset of the verb and noun. Main effects were
assessed by running omnibus ANOVAs with electrode site
(frontal/central/parietal) and experimental condition (number
of competitors matching the verb) as within factors.
Fig. 5 shows how only the mismatch condition 0 elicited an
increased negativity at 400 ms after verb onset. On the noun
region, all four conditions elicited a modulated ERP response
to the more or less predictable target word. That is, the N400,
peaking at 400 ms after onset of the critical word, differed in
amplitude between conditions, although the linguistic context
never changed and only the visual display varied.

Figure 5: ERP time-locked to the verb (left) and noun (right) onset,
separated by the experimental conditions. The reported region is
highlighted. The data shows only the Cz electrode (unfiltered).

Discussion
We investigated whether the N400 (1) validated the ICA
method, (2) is sensitive towards visually influenced surprisal
of target words and, (3) reflects possible differences in processing effort for the verb, where visual uncertainty could be
reduced.
Data on the verb additionally revealed an effect in the case
of the mismatch condition 0, compared to all three other conditions, which in Experiment 1 had not elicited any effect in
the ICA. The other three conditions did again not differ from
each other.
Results on the noun validated the differences previously
found in the ICA and proved that the N400 is also sensitive
towards multimodal surprisal. Condition 0 elicited a highly
increased N400 amplitude on the noun, although the mismatch between the sentence and the scene had already been
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detected on the verb. The target noun’s amplitude further
showed a modulation according to our manipulation, namely
it was lowest for condition 1, where the target was most predictable, higher for 3 and 4, while both again did not differ
from each other, and highest for 0. We interpret the effects
to index participants’ detection of a mismatch and a modulated predictability and surprisal of the target noun, acquired
by integrating visual and linguistic information. Differences
in the target noun’s N400 reliably indexed the discrimination
between one, many and no objects being possible target options, showing that the N400 is not only sensitive towards
linguistic surprisal as shown by Frank et al., 2015, but also to
multimodally derived surprisal.
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General Discussion
In two experiments, deploying different measures, we sought
to examine the effect of visual context on word surprisal
(Hale, 2001) as well as on the processing effort for that word.
By manipulating multimodal surprisal of referent nouns
while keeping linguistic surprisal constant across conditions,
we ensured that any observed effects could be attributed to the
influence of visual context specifics on surprisal. Apart from
replicating anticipatory eye movements in the VWP Experiment 1, we observed that, although anticipation of the target
noun did not elicit differences in surprisal and processing effort directly on the verb, it resulted in significant differences
on the noun. The N400 in Experiment 2 did not reveal additional effects of possible uncertainty reduction at the verb
(apart from an increased amplitude in the case of the mismatch condition 0). A reasonable conclusion might be that
eye movements in anticipation of the noun(s) reflect comprehender’s shift in attention to possible targets but do not lead
to a decision for an exclusion of distractors based on the verb
constraint. As the the ICA before, the N400 was further found
to be sensitive to surprisal when visual and linguistic context
information has to be actively combined.
The noun effect found in both studies can be interpreted
as being attributable to participants only roughly deciding
whether one, more than one, or none of the objects match
the verb. Alternatively, results may reflect graded differences
with respect to the specifics of the visual context, i.e. the
probability profile of the different scene-sentence combinations. In this case, the null result between 3 and 4 could be
attributed to a lack of power, or, simply to the fact that the difference between three and four objects was too small to elicit
significant effects on processing effort.
In sum, we have demonstrated that the multimodal surprisal of a word – as modulated by the visual referential
context – predicts both pupillometric (ICA) and ERP (N400)
measures on online processing effort. These findings provide
strong evidence that surprisal, and its associated processing
effort, is not determined by the linguistic signal alone but
rather reflects expectations derived online (at least) from the
relevant visual environment in which language is used.
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Abstract
We propose a computer-based testing environment, Reading
Skill Test, to measure the effects of various types of systematic
reading support systems. We prove its validity, reliability and
one-dimensionality using 31,000 subjects. The effects of
furigana system on the 5th to 8th grade students are analyzed
using this environment. Furigana is a widely used Japanese
reading support system that has been believed to be beneficial
especially for pupils. Despite our expectation, we have to
conclude that furigana failed to improve pupils’ reading
significantly, and discuss why it did so.

Figure 1: Furigana-attached text
textbooks. As such, the effect of furiganas on reading
comprehension is of great interest both from the viewpoint of
cognitive science of reading (i.e., phonetic coding and
reading) and educational psychology.
We conducted an experiment in which 198 subjects (5th to
8th grade students) participated. Half of them answered six
kinds of reading skill test questions provided in furiganaattached format and the rest answered the same questions
without furigana. The results were analyzed utilizing the
statistics about the same test questions that we previously
collected from more than 31,000 subjects.
Our main findings are summarized as follows:
・ The response time (RT) of the 8th grade students was
longer on the furigana-attached test but there was no
difference in the RT of lower grade students, which
indicates, contrary to common expectations, the lower
graders do not utilize furiganas.
・ No positive effect of furigana was found on the test
scores across all grades and all component skill types.
The rest of the paper is organized as follows. Section 2
provides an overview of the Japanese writing system and a
review on reading support systems. Section 3 describes the
design of the reading skill test and demonstrates its validity
and reliability. Section 4 summarizes the hypothesis verified
in the experiment. Section 5 describes the test material used
in the current study and the experimental procedure. Section
6 presents the experimental results and Section 7 discusses
the results. Section 8 concludes the paper.

Keywords: reading comprehension, reading support systems,
item response theory

1. Introduction
Refinement of typesetting styles and improvement of
fundamental writing systems have been investigated for
enhancing the legibility and readability of text for adult
readers as well as providing an aid for children and dyslexic
people. Most notably, the effect of typesetting parameters
(e.g., font type, character size, and line spacing) on the
reading speed of adult readers has been extensively studied
since the 19th century (Roethlein, 1912; Tinker, 1963).
Electronic text allows a more radical enhancement of the text
presentation style. Among others, the effect of hyperlinking
on text comprehension attracted much attention during the
1990s (DeStefano & LeFevre, 2007).
In most studies, the effect of these text presentation styles
was measured either by a simple metric such as reading speed
or a very high-level metric such as the score of a posttest. A
more fine-grained and highly replicable metric is desirable
for both the evaluation of the practical utility of a text
presentation style and the cognitive science of reading using
the enhanced text presentation as a research material.
In the current paper, we take up furigana-attached text as
the research material and investigated its effect on short-text
comprehension utilizing the results of our past study on a
large-scale language skill test (Arai et al., 2017). Furiganaattached text is a style of Japanese text presentation, in which
the pronunciation of Chinese characters (kanji) in the text is
provided in the hiragana characters (syllabic letters) that are
rendered in parallel with the kanji characters (Fig. 1). It is
considered effective for educational purposes and is
commonly used in texts for children including primary school

2. Background
This section provides an overview of the Japanese writing
system, the furigana-attached text presentation style, and its
relation to phonological coding. A short review on other
kinds of reading support systems is also provided.

2-1. Japanese Writing System
Three kinds of character are used in the Japanese writing
system: kanji (Chinese characters), hiragana, and katakana.
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Kanji characters are logographic. The 2,000 most frequent
kanji characters account for approximately 99% of kanji in
Japanese. Primary school students learn 1,000 kanji
characters in six years. Hiragana and katakana are syllabic
characters. Hiragana characters are used for conjugative
suffixes and postpositions. Katakana characters are used for
loan and foreign words.
More than 70% of kanji characters have two or more
pronunciations. One can guess some of these pronunciations
from a component of the character but other pronunciations,
especially ones based on traditional Japanese words, are
difficult to guess without knowing them in advance.
Due to the irregular correspondence of kanji characters and
their pronunciations, it has often been assumed that the
meaning of a word written in kanji is accessed directly by its
orthography rather than through a phonological code. In fact,
there is an experimental result that suggests it (Kimura, 1984)
but there are also results indicating parallel access through
both orthographic and phonological representations (Wydell
et al., 1993; Sakuma et al., 1998).
Furigana-attached style is a way to compensate for the
irregularity of the kanji pronunciations. In furigana-attached
style, the pronunciation of each kanji character in a sentence
is provided with small hiaragana characters (furiganas) on top
of the kanji. Because there is a one-to-one correspondence
between hiragana symbols and sounds, the reader knows the
pronunciation of the kanji by the small hiragana without
ambiguities. Similar methods are used in Taiwanese
Mandarin (bopomofo) and Arabic (harakat).
Furigana-attached style is commonly used in reading
materials for children, including textbooks. They are hence
accustomed to it. Furigana-attached text naturally encourages
phonological coding or subvocalization. Therefore, its effect
on reading comprehension is of great interest from the
viewpoint of the psychology of reading, especially about the
role of sound in silent reading.

Hypertext is a versatile text presentation system, on which
the reader can traverse across a document through clickable
links that connect semantically related sections. There has
been an expectation that hypertext is an effective media for
education materials by virtue of its interactive nature. Its
effect on document comprehension has hence been
investigated by many researchers. These studies are however
mostly based on tests that only check overall understanding
of the document (e.g., Plass et al., 2003; Eveland et al., 2004)
or the efficiency of information retrieval (e.g., McDonald &
Stevenson, 1996; Lin, 2004). While it was observed across
these studies that text comprehension is impaired by too
many hyperlinks (DeStefano & LeFevre, 2007), it is not
entirely clear what aspect of the document processing is
hindered by them.
It is highly desirable to examine the effect of all these
reading support systems on the basis of a fine-grained and
replicable test framework. Consideration of such effect
would be especially mandatory when a system is introduced
to primary education classrooms. Our reading skill test offers
such an environment by providing a suite of test questions
organized along a hierarchical reading skill model and
statistics about the test collected across different age groups
with a wide range of scholastic ability.

3. Design of RST and its Reliability
3.1 Six Component Skills and their Measurement
We defined six component skills relevant to reading and
designed a Reading Skill Test (RST) in (Arai et al, 2017).
1. Dependency Analysis (DEP): The skill of recognizing
the dependency relation between words and phrases in a
given sentence.
2. Anaphora Resolution (ANA): The skill of anaphora
resolution. ANA is comprised of two elements, which are
Demonstrative Anaphora Recognition (DANA) and Zero
Anaphora Restoration (ZANA).
3. Paraphrasing (PARA): The skill of recognizing that a
sentence is the same as another one. PARA is comprised of
three elements: Structural Paraphrasing (PARA1), Lexical
Paraphrasing (PARA2) and Logical Paraphrasing (PARA3).
4. Logical inference (INF): The skill of reading a sentence
and determining what can be inferred from the sentence, what
conflicts with it, and what does not relate to it.
5. Representation (REP): The skill to represent an image
(figure or table) by comprehending a sentence of the textbook.
6. Instantiation (INST): The skill of understanding how to
use a term correctly according to a given definition of the
term. INST is comprised of two elements, INST1 (definitions
taken from dictionary) and INST2 (definitions taken from
mathematics and science).
In short, DEP and ANA assess a person's skill in
recognizing the syntactic and the semantic structure of
sentences. PARA and INF check the ability of recognizing
the logical relation between sentences. REP and INST
require "deeper" semantic processing. Furigana-attached
tests may have different effects on the results because of the

2-2. Systematic Reading Support through
Improved Text Presentation
Furigana is a systematic way to help readers’ comprehension
through a special form of text presentation. Depending on the
language and the presentation media, various other forms of
systematic reading assistance are conceivable.
At a more fundamental level, there have been a vast
number of studies pursuing the ideal style of typesetting for
text legibility, through the choice and tuning of the
parameters such as font type, font size, line spacing, and line
width. The primary metric of the goodness of these
parameters has been reading speed. Many studies have also
tested readers’ understanding of text, but the tests mostly
concerned recall of content by the readers (e.g., Dyson &
Haselgrove, 2001; Gasser et al., 2005). It is not
straightforward to identify what aspect of the text processing
is most affected by the typesetting factors only through
coarse-grained metrics such as reading speed or high-level
tests on the content of the text.
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over 0.35. This shows the one-dimensionality of each test,
which is required in IRT (Yong & Pearce, 2013).
Unlike in the US or EU countries, one has to pass an
entrance exam to enter even a public high school in Japan.
Examinees' scholastic abilities are examined by their
performance on paper tests and GPA. Each school is
weighted by T-Score, ranging from 20 to 80, which
represents the difficulty to enter the school. Two major cram
schools (Hensachi.net and Kateikyoshi-no-Torai (Torai)) put
the list of T-scores of high schools on the Internet. We
calculated the correlations between the T-Scores of high
schools and the means of the seven θs of the students. Table
2 shows the results. The correlation coefficients range from
0.799 to 0.999, which are extremely high. It shows that how
well an examinee does in our reading test is closely related
his/her comprehensive scholastic ability. This also shows that
our test has enough validity.

Figure 2. A sample item of DEP, of which text taken from a
junior high school textbook
difference of the skills tested in them. We verify this
possibility through the experiment.
RST is a computer-based test in a multiple choice style.
We created all of the items on the basis of dictionaries, and
textbooks that have been approved by the Ministry of
Education, Culture, Sports, Science and Technology and are
being used in Japanese elementary schools and high and
junior high schools. It is designed so that each question (item)
is shown on one screen without any scrolling (Figure 2). Each
examinee answers items randomly chosen from the item pool
one after another within a time limit: one examinee may
respond to only 10 items while another responds to 40. Item
Response Theory is used to determine an item j's difficulty
parameter, denoted by bj, and simultaneously an examinee i's
characteristics denoted by θi as described in (Arai et al, 2017).
We do not take the number of items an examinee i responded
to into consideration in calculating θi. Note that bj is only
estimated after at least 1,000 examinees have solved it.

3.2 Psychometric Properties of RST
To examine the validity, reliability, and one-dimensionality
of each test, correlations between the θ’s, reliability
coefficients based on average item information functions and
number of responses, and average factor loadings in
categorical factor analysis were estimated using responses
from more than 31,000 examinees, which are from
elementary-school students to adults. Table 1 shows the
results. The correlation coefficients of θs of all the types are
positive, and range from 0.398 to 0.660, which shows that
they are all closely related, but measure different aspects of
reading skills. It shows the validity of our reading skill test.
Note that it turned out that INST1 and INST2 measure
different aspects of reading skills, because their correlation
coefficient is only 0.419. This is interesting since both ask if
an examinee understood the given definitions. Although all
reliability coefficients (ρ) are below 0.7, RST is scheduled to
be a computerized adaptive testing (CAT). In CAT,
appropriate items for each examinee will be selected from the
item pool and CAT will increase measurement precisions of
each participant’s θs (van der Linden, 2010). Therefore, this
means that RST has a practically sufficient level of reliability
(Nunnally, 1978). The means of the factor loadings (λ) are

Table 1. Correlations, reliability coefficients, and means of
the factor loadings
Type

ANA

DEP

INF

INST1

INST2

PARA

REP

ANA

1.00

.660
1.00

.529
.486
1.00

.567
.471
.398
1.00

.533
.461
.416
.419
1.00

.610
.575
.467
.465
.504
1.00

.650
.547

.603
.576

.503
.359

.553
.521

.494
.579

.583
.408

.569
.523
.502
.488
.568
.572
1.00
.639
.512

DEP
INF
INST1
INST2
PARA
REP

ρ
λ

Table 2. Correlations between seven θs and T-Scores
Type
H-net
Torai

ANA

DEP

INF

INST1

INST2

PARA

REP

.869
.866

.857
.846

.882
.866

.836
.839

.799
.803

.986
.999

.863
.865

4. Hypothesis
There are two possible effects of furigana. Firstly, it aids
silent reading by facilitating subvocalization. Secondly, the
pronunciations provided in furiganas help the subjects
identify a word that they know by sound but not by the
orthography in kanji. In other words, the second effect takes
place when a student, especially of lower grades, does not
recognize a word written in kanji but she/he actually knows
the word and recognizes it in hiragana-format.
Our main interest was whether the two effects of furigana
improve reading performance. In addition, as a prerequisite,
we needed to verify whether the subjects actually used
furiganas. We thus wanted to see:
A) Whether the students actually use furiganas,
B) Whether the effect of assisting phonological,
processing of text improves reading performance, and
C) Whether the word identification assisted by furiganas
improves reading comprehension performance.
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Table 3: Test times of each section
5-6th grade
7-8th grade
DEP
180 sec.
372 sec.
PARA
180 sec.
317 sec.
REP
180 sec.
392 sec.
(break)
ANA
180 sec.
377 sec.
INST
180 sec.
412 sec.
INF
180 sec.
325 sec.
1080 sec.
2195 sec.
Total
(18 min.)
(37 min.)
Table 4: Number of students participated in the test
Test \ Grade
5th
6th
7th
8th
Furigana-attached 22
27
23
24
Normal
23
33
23
23

Figure 3: Box Plots of the Subjects’ 𝜃
・ The topics of the questions (i.e., natural or social science)
were evenly distributed.
We then made the furigana-attached version of the same
questions.
Experiments were conducted at a public school attended
mostly by children living in the area. Thus, the subjects could
be regarded as unbiased samples. 198 students, from 5th
graders to 8th graders, took the test: half of the students of
each grade solved the furigana-attached test, and the other
half solved the test without furiganas.
The students were instructed to answer the questions as
accurately and quickly as possible. A sample question was
provided at the beginning of each section. Table 3
summarizes the test times of each section and Table 4 shows
the number of students who participated in the test.

However, it is difficult to verify A to C as is. As for A),
there is no direct way to check whether the subjects use
furiganas. As for B), it is difficult to observe phonological
processing directly. As for C), there is no way to check
whether a subject knows a word in the test question (by sound
and/or orthography) without interfering the test itself.
We reinterpret A to C as verifiable hypotheses as follows.
In the case of A, if a subject uses furiganas, he/she has to
process more information and hence the reading speed must
be slower than when he/she doesn't use furiganas. Therefore,
the response time of the subject who takes the furiganaattached test must be longer than the average of the rest of the
subjects, and the difference must be larger for lower grade
students who are supposed to use furiganas more frequently.
Both B and C should result in higher scores on the furiganaattached version of the test. A possible difference between the
results of B and C is as follows: If C is correct, the positive
effect of the furiganas is more prominent on the text including
difficult kanji, which is likely to be unknown in the kanjiformat but possibly known by sound. Accordingly, B and C
were rewritten as c) and d) as follows.
a. The response time of the subjects who took the furiganaattached test is longer than that of the subjects who took
the test without furiganas
b. The difference in the response time is larger in the lower
grade students than in the higher grade students
c. The subjects who took the furigana-attached test get
higher scores
d. The positive effect of the furiganas on the test score is
more prominent on the questions including difficult kanji
By using RST, we verified a)-d) to see whether furiganas
have educational effects; and if so, for which age group.

6. Results
First, we measured the characteristics, θs, of the subjects who
participated in this experiment and compared them with those
of the 31,000 subjects collected previously. Figure 3 shows
the result. The horizontal axis stands for the characteristics,
where 0 is the mean of all the 31,000 subjects. Red plot boxes
represent the θs of the subjects in each grade of this
experiment whereas black ones are those of all the subjects
of the corresponding grades. It indicates that the θs of all the
six skill types of the subjects in this experiment are lower than
the others. This is appropriate, as furigana is expected to be
more useful for students with lower reading skill. Blue plot
boxes show the θs of all the examinees across age groups.
To investigate hypotheses (a) and (b), we used a linear
mixed-effect model with the formula,
ln 𝑅𝑇

= 𝛽 +𝑢 +𝑢 +𝛽 ∗𝑥

+𝑒

(1)

where 𝑅𝑇 is the response time of subject i to item j. We
included a dummy variable, indicating whether furigana is
attached, as the fixed effect. In addition, we included random
intercepts of subject i (𝑢 ) and item j (𝑢 ).
We concluded that there is no consistent difference
regarding the response time between the presence and
absence of furigana across the grades.

5. Method
Six component skills are measured separately in the RST. We
selected 10 questions for each skill such that:
・ The difficulty of the questions was evenly distributed.
・ The questions included relatively difficult kanji.
・ The statements of the questions were not too short.
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Table 5: Fixed Effect Estimates (𝛽 ) in Linear Mixed-Effect
Model

We scrutinized the effects in each grade and found that all of
the coefficients are significant in the 8th grade. By contrast,
there is no significant coefficient in lower (5-7th) grades. This
is surprising because furigana is meant to support lowergrade pupils. However, the result showed that only the
highest-grade students in the experiment used furigana.
Next, we tested hypothesis (c) with a mixed-effect logistic
regression. The model formula was
𝑝
ln(
)= 𝛽 +𝑢 +𝑢 +𝛽 ∗𝑥
1−𝑝

+𝑒

difference in the effectiveness of furigana considering the
number of difficult kanji.

7. Discussion
Our finding in the experiment is summarized as follows:
a. The response time increased significantly in the furiganaattached test only in the 8th grade.
b. The response time did not increase with the use of
furigana in the lower grades.
c. The presence or absence of furiganas did not make
significant difference in the score of RST.
d. Even on the questions including difficult kanji, no
positive effect of furiganas was found in the score of RST.
Therefore, hypothesis (a) was supported only partially and
(b), (c), and (d) were rejected. We discuss these results,
focusing on the use of furiganas (hypothesis (a) and (b)) and
the effect of furiganas (hypothesis (c) and (d)).
First, we discuss the results on the use of furiganas. The
reason why only the 8th grade students used furiganas is
unknown. Furigana is believed to assist reading
comprehension, and it is widely practiced in Japan.
Nonetheless, we revealed for the first time that elementary
school students do not use furiganas as we expected. Further
investigation is necessary to clarify who use furigana on what
kind of text. We shall experiment with different conditions
and test environments for it.
Next, we discuss the effect of furiganas. Why did the
presence of furiganas make no significant difference in the
score of the test? As explained in Section 4, we expected that
the score of the RST would increase by the furigana's effect
on phonological processing and/or word identification. The
experimental results suggest our basic premise on the effect
of furigana was wrong. We consider two explanations:
c-1. Furigana does not assist phonological processing.
c-2. Furigana does not assist word identification.
Regarding c-1, firstly, there is a possibility that the
assistance of phonological processing indeed helps reading
comprehension, but furigana is not a right way to do it. For
example, screen readers (i.e., reading while hearing) may
assist phonological processing more directly through sound
instead of letters, through it would incur additional cognitive
load due to the multimodality. We need another experiment
comparing different assistance methods. Secondly, there is a
possibility that the subjects had no custom to subvocalize
while silent reading.

(2)

where 𝑝 is the probability of subject i answering correct for
item j. We used the same predictor as Eq. (1).
Table 6: Fixed Effect estimates (𝛽 ) in Mixed-Effect
Logistic Regression

Table 6 summarizes the estimates of 𝛽 in Eq. (2). There is
no consistent difference between the results on the test with
and without furigana in the 5-7th grades. This is plausible
from the previous result showing that they seemed not to use
furigana. Then, how about 8th grade students who seemed to
use furigana? It is surprising that no significant estimates are
found even in the 8th grade. This result clearly shows that the
presence of furigana does not make any significant difference
in reading comprehension, even if they use it.
Finally, we checked hypothesis (d) with the formula,
𝑝
ln(
)= 𝛽+𝑢 +𝑢 +𝛽 ∗𝑥
1−𝑝
+𝛽 ∗𝑥

+𝛽 ∗𝑥
∗𝑥

+𝑒

Table 7: Coefficient estimates of kanji (𝛽 ),
furigana (𝛽 ), and interaction term (𝛽 )

(3)

In this analysis, we added the number of difficult kanji
(centered at the grand mean) and an interaction term of kanji
and furigana. We counted the kanji characters that are not
taught in primary school as “difficult.”
Hypothesis (d) will be supported if the interaction term is
positively significant. However, only one estimate (INST2)
was significant; the other estimates were very small or even
negative. From the results, we concluded there is no
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There are several possibilities for c-2. First of all, note that
there are four types of words in relation to a subject' auditory
and visual vocabulary, which is determined by whether or not
a subject knows a word by sound and by its kanji notation.
Four scenarios are thus conceivable:
Case 1-1. If there are many words that the subjects know by
sounds but not by spelling, furiganas would be most
effective.
Case 1-2. If there are only a few words known by sounds but
not by spelling, furiganas would not be effective.
Case 2. If there are a large number of words that the subjects
know by spelling, furiganas would not be effective
whether or not the words are known by sound.
Case 3. If there are many words that the subjects do not know
by either sounds or spelling, furiganas would not be
effective.
That is, furiganas have no effect on word identification in the
three scenarios except for Case 1-1.
Since the subjects were 5-8th graders, it is not plausible to
assume that most subjects knew the majority of the words by
spelling, including those spelled with difficult kanji. Case 2
is hence rejected. Meanwhile, Case 1-2 should be held as a
possibility since it is difficult to directly examine how many
words are known only by sound.
Case 3 is plausible enough: even if the pronunciation of an
unknown word is provided, one cannot understand the word.
Regarding Case 3, we plan to introduce a vocabulary quantity
test as an additional experiment and to match the result with
the result of the furigana experiment.
Finally, there is a possibility that the role of phonological
processing and word identification was relatively small in the
whole process of "reading comprehension," which is
comprised of complicated steps; if it is the case, it is not
surprising that the subjects' ability parameter θs did not
increase significantly with furiganas.
We will continue to examine the effectiveness of various
text presentation methods using the RST as the metric.
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8. Conclusion
We proposed a computer-based testing environment,
Reading Skill Test, to measure the effects of various types of
systematic reading support systems. We proved its validity,
reliability, and one-dimensionality using 31,000 subjects.
The effects of a major Japanese systematic reading support
system, furigana, on the 5th to 8th grade students are analyzed
using this environment. Despite our expectation, the 5th to 7th
grade students did not seem to enhance their reading with the
support of furiganas. The 8th grade students seemed to utilize
furigana in reading in vain: their characteristics 𝜃𝑠 did not
increase significantly. We discussed several possibilities why
furigana system, which is widely used in Japanese society,
does not seem to improve students’ reading. Further studies
are needed because of the number of samples is small.
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your friend has already gone home! Even though you now
know that you can operate the machine, you might reasonably infer that she still thinks that you cannot; she was not
there to observe your final success. Therefore, the next time
you see her, you might proudly show her that you can activate
the machine such that she would revise her beliefs about your
competence. This intuition, while seemingly simple, requires
more than the motivation to appear competent; it also requires
the inferential capacity to reason about others’ beliefs about
the self from their prior observations and understand how new
information about the self could revise these beliefs.

We not only care about what others think of the world, but
also about what others think of us. The ability to understand
what others think of one’s competence is especially important
for young children, as they are beginning to learn about themselves and form new relationships with others. Here we ask
whether young children can use others’ observations of their
own failures and successes to infer others’ beliefs about the
self’s competence, and would even forego an opportunity to
teach new information in order to demonstrate their competence. In Exp. 1 (3, 4, & 5-year-olds), when a confederate had
observed the child initially fail but eventually succeed at operating a toy, children chose to teach her a new toy; however,
when the confederate had observed the initial failures but not
the final success, more children chose to show the familiar toy
again to demonstrate their competence. In Exp. 2 (3- & 4year-olds), we replicate this finding. Even in preschool years,
children can reason about what others of their own competence
and strategically decide whether to communicate information
about the self or the world; these results are discussed in light
of prior work on reputation management and Theory of Mind.
Keywords: cognitive development, social cognition, Theory
of Mind, the self, reputation management

A large body of work in Theory of Mind (ToM) have
revealed young children’s sophisticated abilities to reason
about others’ minds and how they develop in early childhood (Wellman, Cross, & Watson, 2001). The vast majority of ToM tasks has focused on children’s understanding of
a particular class of beliefs: beliefs about physical states of
the world such as locations, contents, or identities of objects
(Wimmer & Perner, 1983; Astington & Gopnik, 1988). During the preschool years, children show rapid improvement in
tasks that probe their understanding of others’ beliefs about
the world (Wellman et al., 2001), starting to show signs of
success around or even before age 3 in some cases (Setoh,
Scott, & Baillargeon, 2016; Baker, Leslie, Gallistel, & Hood,
2016). Recent work suggests that children also understand
how agents might update their beliefs given their prior beliefs, observed data, and how the data were sampled (Magid,
Yan, Siegel, Tenenbaum, & Schulz, 2017).

Introduction
We cannot directly access the minds of other people, yet we
are deeply curious about them. Among the unobservable contents of others minds, there is one suite of beliefs that we care
extraordinarily about: others’ beliefs about us.
Others’ beliefs about who we are – especially our traits and
qualities such as how nice, competent, or generous we are –
have vast implications for our everyday lives. They inform
our decisions about how to learn, improve, and change ourselves for the better. These beliefs also help us interpret others’ behaviors towards us and influence the ways we interact
with them. Thus, the ability to reason about others’ beliefs
about the self is especially important for young children as
they face the challenge of learning about the world and building healthy relationships with others, while also constructing a coherent sense of who they are and what they can (or
cannot) do. While abundant research on public displays of
generosity (Nowak & Sigmund, 2005) suggests that humans
care about their reputation, we still understand little about the
cognitive capacities that underlie these behaviors, and how
they support the management of various aspects of self-image
beyond generosity. How do we reason about others’ beliefs
about us, and what are the developmental roots of this capacity? Here we investigate preschool-aged children’s ability to
infer others’ beliefs about their own competence and selectively communicate information to revise these beliefs.
Imagine you are trying to operate a new machine as your
friend is watching you repeatedly fail. After a while you finally figure out the trick and successfully make it work, but

Children not only understand others’ beliefs about the
world, but also actively communicate information to change
or revise these beliefs. Even 12-month-olds point out novel
information (e.g., locations of objects) when others are ignorant (Liszkowski, Carpenter, & Tomasello, 2008), and
children’s understanding of informing and teaching as a
way to change others’ beliefs continues to develop throughout preschool years (Rhodes, Bonawitz, Shafto, Chen, &
Caglar, 2015; Sobel & Letourneau, 2016); children selectively demonstrate causal evidence that is necessary for an
observer by considering her goal or competence (Gweon
& Schulz, 2018). Collectively, these findings suggest that
preschool-aged children have an abstract understanding of
how evidence (e.g., perceptual experience) influences others’
beliefs about the physical world, and actively communicate
or teach others to change or revise these beliefs. Thus it is
possible that even preschool-aged children have the requisite
inferential and communicative capacities to infer what others
think of themselves (e.g., one’s own competence) and communicate information to revise others’ beliefs about the self.
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Yet, reasoning about others’ beliefs about one’s own competence might be more challenging than reasoning about others’ beliefs about the physical world. First, although beliefs
about observable physical states can be easily evaluated as
“true” or “false” by their correspondence to reality (Russell,
1906), beliefs about qualities of the self often lack clear
ground truths. In the absence of a verifiable correspondence
between belief states and reality, children might have difficulty representing what others think of them. Second, qualities of the self are often associated with a valence, making
some qualities more desirable than others (e.g., being competent is more desirable than being incompetent). Indeed,
children tend to hold positive beliefs about their own competence (Schneider, 1998) and even assert that they have performed well when they have not (Hembacher & Ghetti, 2014).
Thus, the desirablity of certain qualities and children’s positivity bias in self-evaluation might interfere with their ability
to rationally reason about what others think of them.

the agent wrongly thinks the child is incompetent. Given 3year-olds’ difficulty with standard ToM tasks (Wellman et al.,
2001) and the complexity of verbally describing others’ beliefs about one’s own competence, we designed a behavioral
task that can tap into this capacity with minimal verbal demands. While our main measure concerns what information
children choose to communicate, this decision critically relies
on their ability to spontaneously track and reason about others’ beliefs about the self, and an understanding of how their
demonstration would revise others’ beliefs about the self.

Experiment 1
Methods
Participants Ninety-two children (MAge (SD) = 4.5(6.8),
range: 3.3 - 5.9; 49 girls) were recruited from a university
preschool and randomly assigned to the Present (N=44) or
the Absent (N=48) condition. An additional 8 children were
recruited but excluded due to not finishing the study (N=3),
refusing to choose a toy (N=2), or technical errors (N=3).

Importantly, even if children can reason about others’ beliefs about the self, this ability might not manifest in their
communicative decisions if they do not care about what others think of them. Prior work suggests that preschool-aged
children are motivated to promote and protect their selfimage; they cheat less and share more when others are watching (e.g., Engelmann, Herrmann, & Tomasello, 2012), and
they and actively attempt to maintain others’ positive evaluations of them (Zhao, Heyman, Chen, & Lee, 2017). However,
it remains unclear whether children can use others’ prior observations to infer what others think of the self and actively
communicate to change these beliefs.

Materials We constructed two novel causal toys, a red music toy and a green light-up toy. Each toy was approximately
7” x 7” x 3” and had a distinct mechanism that activated its
causal effect. The red toy had two buttons, both of which
had to be pressed simultaneously to play a musical tune. The
green toy had two levers, both of which had to be pulled
simultaneously to activate the lights. In reality, the experimenter controlled the activation of the toys with a remote
switch on the floor (hidden from the child’s view) to manipulate the child’s success and failure on the toys. Children were
also shown a 3” x 5” photo of the confederate.

Prior literature suggests an early-emerging appreciation of
the relationship between agents’ behaviors and their unobservable traits or qualities. Even infants distinguish nice and
mean agents based on whether they help or hinder others
(Hamlin, 2013) and use patterns of successes and failures to
infer whether agents (they themselves or others) are capable
or not (Gweon & Schulz, 2011); older children readily infer
others’ competence based on whether they forego a rewarding treat given the high cost to attain it (Jara-Ettinger, Gweon,
Schulz, & Tenenbaum, 2016). To the extent that children consider action outcomes and choices as indicative of the actor’s
underlying qualities (e.g., success on a task indicates competence), they might also be able to infer what others think
the self based on others’ observations of their own failures or
successes. While prior work on reputation management has
focused on whether reputational concerns give rise to specific
behaviors that promote their self-image (e.g., sharing, cheating), we focus on children’s choice between informing others
about the world or about the self (both of which would reflect
well on their self-image) based on others’ past observations.

Procedure Participants were tested in a quiet room inside
of the preschool. The experimenter placed the two toys on the
table and said that her friend “Anne” (a confederate) would
watch them play. The confederate then entered the room and
sat next to the experimenter (facing the child) and said, “Wow,
these toys are really cool! I’ve never seen these toys before.
I don’t know anything about them!” The experimenter said
that they were first going to play with one of the toys (henceforth Observed Toy) and removed the other toy (henceforth
Unobserved Toy). Toy type (red/green) was counterbalanced.
In the Observed Toy Phase, the confederate (Anne)
watched as the child and the experimenter played with the
Observed Toy. First, the experimenter successfully activated
the toy by pressing both buttons simultaneously (red toy) or
pushing both levers (green toy), and the confederate acknowledged the success by saying: “Cool! I really like this music!”
(red toy) or “Cool! I really like these lights!” (green toy).
Then, the child attempted but failed to activate the toy, and the
confederate acknowledged the failure with a neutral “Hm”.
This procedure was repeated such that the experimenter succeeded twice and the child failed twice. The experimenter
then instructed the child how to activate the toy by saying:
“On this toy, you have to push this button and this button at
the exact same time” (red toy) or “...you have to push this

The current study investigates whether children strategically forego an opportunity to provide new information about
the world to a naı̈ve agent (i.e., demonstrate how to activate a novel toy) in order to show off their own competence
(e.g., demonstrate their success on a familiar toy) only when
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Figure 1: (A) Procedures for Experiments 1 and 2. (B) Child demonstrating toy to confederate (on rightmost side of image).
strate their success on the Observed Toy instead. Because the
desire to show the Unobserved Toy was present in both conditions, our main prediction was a difference in children’s toy
choice across conditions, likely driven by a clear preference
for the Unobserved Toy in the Present Condition.
As predicted, children were more likely to show the Observed Toy to the confederate in the Absent Condition than
in the Present Condition (% choice for Observed Toy: 63%
(Absent) vs. 27% (Present), p < .001; Fisher’s Exact Test).
Children in the Present Condition showed a strong preference to show the Unobserved Toy (73%, p = .004, Binomial
Test), but children in the Absent Condition did not show a
clear preference for either toy (p = .111, Binomial Test), suggesting that they were split between teaching new information and demonstrating their competence. Logistic regression
with age as a continuous predictor revealed no effect of age
(Toy choice ˜ Age in Months; Absent: B = -.272, z = .593, p = .553; Present: B = .506, z = 1.00, p = .316).
Notably, the same pattern of results was present not only in
children who passed the memory check question (% choice
for Observed Toy: 55% (Absent, N=38) vs. 28% (Present,
N=32), p = .030, Fisher’s Exact Test) but also those who
failed (90% (Absent, N=10) vs. 25% (Present, N=12). As
the task involved tracking two toys and the presence or the
absence of a confederate, this question was initially designed
to identify children who were confused by these events. However, the results suggest that giving an inaccurate response to
this question does not necessarily indicate being confused or
failing to track what others observed. Given that 24% of participants failed the memory check, we include all children in
the main analyses while separately reporting results from just
those who passed the memory check.
These results provide initial support for the hypothesis
that preschool-aged children can reason about others’ beliefs
about their own competence and strategically decide whether
to provide novel information about the world or demonstrate
their success. All children failed twice and succeeded once
on both toys, and their experience with the toys as well as
the confederate’s knowledge of the toys were identical across
conditions; the only difference was whether the confederate
was present or absent during the child’s final success on the

lever and this lever at the exact same time” (green toy). Then
the child was given a third chance and successfully activated
the toy. The critical manipulation between conditions was
when the confederate left the room during this phase. In the
Present Condition, the confederate stayed in the room and observed the child’s final success. In the Absent Condition, the
confederate left immediately after the experimenter’s instruction and did not observe this final success.
In the Unobserved Toy Phase, the confederate was absent
throughout. The experimenter put away the Observed Toy
and placed the Unobserved Toy on the table. The sequence of
experimenter’s successes and the child’s failures was identical to the Observed Toy Phase; after the child failed twice, the
experimenter instructed the child how to activate the toy and
the child succeeded on the third attempt. The experimenter
then placed both toys on the table and asked children to activate each toy twice more, ensuring that children learned how
to operate both toys and were confident about their success.
In the Choice Phase, the experimenter placed the two toys
equidistant from the child and placed a photo of the confederate in front of the child. She asked, “Now you can show Anne
one of these toys. Which toy do you want to show her?” Children responded by touching or pointing to one of the toys. To
assess their explicit memory of the confederate’s observation,
children were then asked whether they were playing with the
Observed Toy or Unobserved Toy while Anne was watching.
Finally, the confederate came back into the room and children
demonstrated the toy that they had chosen.

Results and Discussion
In both conditions, the confederate had not seen the Unobserved Toy; by choosing this toy, children could provide new
information by showing how it works. Critically, however,
while the confederate in the Present Condition had observed
the child’s initial failures and the final success on the Observed Toy, the confederate in the Absent Condition had only
observed the failures (but not the final success); she would
wrongly believe that the child cannot activate this toy. Thus
we predicted that children in the Absent Condition would be
more likely than children in the Present Condition to forego
the opportunity to show her the Unobserved Toy and demon-
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Observed Toy. Nevertheless, children made different decisions across conditions. Their preference for the Unobserved
Toy in the Present Condition suggests that children are motivated to show a toy that is novel to the confederate; however,
when she was absent during the final success, children were
more likely to override this desire to choose the Observed Toy
to demonstrate their success, even though she already knew
how it worked.

Experiment 2
As an initial investigation, participants in Exp. 1 were recruited from a relatively broad age range. In Exp. 2, we recruited 3- and 4-year-olds to replicate the results in younger
children and explore potential developmental change.

Methods

Figure 2: Results for Exp. 1 and 2 (*** p < .001, ** p < .01).
Error bars are 95 percent confidence intervals.

Participants A total of 131 children (MAge (SD) = 4.1(0.5),
range: 3.2 - 4.9) were recruited from a university preschool
and randomly assigned to the Present (N=64) or Absent
(N=67) condition. Power analysis using data from Exp. 1
suggested N=66 (33 per condition) achieves 80% power; we
thus conducted exploratory analyses within each age bin. An
additional 19 children were recruited but excluded for technical errors (N=5) or not completing the task (N=14).

in each age group suggested that the difference in children’s
toy choice across conditions is clear in 4 year-olds (% choice
for Observed Toy: 60% (Absent) vs. 24% (Present), p = .003,
Fisher’s Exact Test) but not in 3 year-olds (47% (Absent) vs.
37% (Present), p = .451).
In sum, our findings from Exp. 2 replicate the results in
Exp. 1 in a younger age group; as young as four years of age,
children strategically decide whether to communicate information about a novel toy or demonstrate their own success on
a familiar toy depending on others’ observations of their own
successes and failures. Even though age did not predict children’s choices, separate analyses in 3- and 4-year-olds suggested a potential developmental change.

Materials The same toys as in Exp. 1 were used, but the red
toy’s causal effect (music) was replaced with lights to make
the two toys equally desirable 1 .
Procedure

The procedures were identical to Exp. 1.

Results and Discussion
Our critical question was whether children’s toy choice differed across conditions. As predicted, children in the Absent
Condition were more likely to choose the Observed Toy than
children in the Present Condition (% choice for Observed
Toy: 54% (Absent) vs. 30% (Present), p = .008, Fisher’s
Exact Test). In the Present Condition, only 30% of children
chose the Observed Toy (p = .002, Binomial Test), suggesting that they were motivated to show the toy that was new to
the confederate. In the Absent Condition, however, children
did not show a clear preference for either toy (Observed Toy:
54%, p = .625, Binomial Test).
Other aspects of the results also mirrored Exp.1. First, excluding the 32 children who failed the memory check did not
change the results (N=99, % choice for Observed Toy: 53%
(Absent) vs. 29% (Present), p = .024)2 . Second, logistic regression with age as a continuous predictor did not reveal an
effect of age (Absent: B = -.648, z = -1.146, p = .252; Present:
B = .587, z = .960, p = .337). However, exploratory analyses

General Discussion
Across two experiments, we find that preschool-aged children
readily demonstrate a toy that an adult had not observed before, but selectively override this desire to demonstrate their
competence about a familiar toy when the adult thinks that
they cannot activate it. Exp.1 (3-5 year-olds) shows that when
a confederate observed children succeed on a toy (Present
Condition), children highly preferred to provide information
about a new toy to her; however, when the confederate only
observed them fail (Absent Condition), children were more
likely to show their competence on the already familiar toy.
Exp.2 replicated these findings in a younger age group.
Note that the experimenter never asked the child to monitor what the confederate believed about the toys or the child’s
abilities. Nevertheless, children chose to show different toys
depending on what the confederate observed and thought
about their ability to active the Observed toy. These results
suggest an early-emerging ability to reason about what others
think about one’s own competence, given others’ prior observations of one’s failures and successes, and selectively choose
whether to communicate information about the world (e.g.,
how a toy works) or the self (e.g., what “I” can do).

1 Although the toys were fully counterbalanced in Exp.1, posthoc analyses revealed a global preference for the green light-up toy
over the red music toy (63%, p = .016, Binomial Test); matching
the causal effect of the two toys eliminated this preference in Exp.2
(43% chose the green toy, p = .111, Binomial Test).
2 The pattern of results were similar among children who failed
the memory check; 56% (Absent, N=16) vs. 31% (Present, N=16).
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One might wonder why children would ever choose to
show the Observed Toy; by showing the novel toy, children
could provide information about how it works as well as their
ability to activate it. Note however that although the confederate had little information about the child’s ability to activate
the Unobserved Toy, she had clear evidence that the child can
or cannot activate the Observed Toy. Thus, even though there
was a reason to show her the Unobserved Toy in both conditions, children selectively overrode this desire depending on
the confederate’s observation of their final success.

is competent at activating a particular toy. However, it is
also possible that the child merely represents the confederate’s knowledge, understanding that the confederate is either
knowledgeable or ignorant of the child’s prior success. While
children’s explanation could provide useful insights, many
children were unable to verbalize the reasons behind their
choices, and when they did, almost none referred to the confederate’s observations or her mental states3 . Relatedly, even
children who failed the memory check showed the predicted
pattern of choices, suggesting that children’s toy choices are
not necessarily supported by their ability to explicitly recall
past events; it is also possible that these responses were influenced by the main question which immediately preceded this
memory check and also involved a choice between the two
toys. Regardless of the exact nature of the representations
that support children’s decisions, our results do suggest that
preschool-aged children understand how one’s observations
of their own actions and outcomes can influence her knowledge or belief about them.
These results are consistent with recent work on reputation
management in early childhood (e.g., Engelmann et al., 2012;
Zhao et al., 2017). Whereas these studies primarily focus on
changes in the frequency of children’s moral or prosocial behaviors for the promotion or maintenance of a reputation, our
study asked whether children naturally track others’ beliefs
given her previous observations and strategically communicate information when she might be wrong about their competence. Further, our experiments harnessed children’s motivation to communicate their competence to others to reveal
underlying inferential capacities; how children communicate
about the self, however, likely depends on their cultural context, norms, and values. Future work should investigate how
different reputational concerns or cultural contexts might inform how we track and represent others’ beliefs, as well as
what we decide to communicate about the self.
Beliefs about the self can be evaluated with respect to their
accuracy (how consistent they are with reality) and desirability (how desirable the belief is). Here, we intentionally created a context in which the confederate’s belief about children’s competence was both accurate and desirable (Present)
or inaccurate and undesirable (Absent). Children in the Absent Condition might have been motivated to change the confederate’s belief to be more accurate, desirable, or both. An
interesting question for future work is how we decide what to
communicate when these dimensions are not aligned with one
another: For instance, others can hold desirable but inaccurate
beliefs or undesirable, yet accurate beliefs about us. Further,
we may have different goals for how we want others to understand us: Sometimes, we may only care about desirability
(e.g., during a first date), omitting our flaws and failures, but

As a group, children in the Absent Condition were split between showing the Observed Toy and Unobserved Toy. While
children might be genuinely torn between providing information about the world and providing information about the self,
children may vary in how much they care about what others think of them; thus this split could reflect individual differences in how they weight their goal to teach vs. appear
competent. However, it is also possible that children did not
consider the confederate’s beliefs about their competence and
simply wanted to show a success on either toy. One way to
address this concern is to examine children’s choices when
the confederate knows how both toys work but does not observe the child’s final success on the Observed Toy; without
a reason to “teach” either toy, children might show a stronger
tendency to demonstrate their success on the Observed Toy.
Exp.2 provided a robust replication of results from Exp.1.
However, we did not find a clear pattern when 3-year-olds
were analyzed separately. While this might suggest a potentially interesting developmental difference, we remain cautious about interpreting the absence of a condition difference
in this age group, especially because age as a continuous
predictor did not predict children’s choices in either condition. Given that the power analysis was based on older children, these exploratory analyses might also be underpowered.
However, there are also reasons to expect differences between
age groups. First, younger children may have more difficulty tracking the confederate’s observations and understanding how those observations relate to the confederate’s beliefs
about their competence; thus our results might reflect children’s developing Theory of Mind abilities between ages 3
to 5. Second, this task requires children to learn the causal
mechanisms of two different toys while tracking the confederate’s observations to decide what to communicate; the complexity of the task may have masked younger children’s ability to infer others’ beliefs about the self. Given that even
3-year-olds are motivated to appear “smart” to others (Zhao
et al., 2017), it is possible that a task with reduced demands
can reveal their ability to reason about others’ beliefs about
the self and demonstrate their competence accordingly.
So far we have described the confederate’s representation
of the child’s competence as a belief. However, it is unclear
exactly how children are representing what the confederate
thinks about them. One possibility is that children are inferring a full-fledged representation of her belief that the child
can or cannot make a particular toy work, or that the child

3 Across Exp.1-2, in the Present Condition, 24 of 77 (31%) children who chose the Unobserved Toy referred to the confederate’s
prior observations (or lack of them) of the toys. Somewhat strikingly, in the Absent Condition, only 1 of 66 children who chose the
Observed Toy mentioned her lack of observation of their success
(“because she can’t know that I’m doing it”).
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other times, we may care primarily about accuracy (e.g., during long-term relationships or pedagogical interactions) and
openly disclose our weaknesses. One interesting question is
how different social contexts might guide the nature of the
information we provide about ourselves.
Inferences about one’s competence involve more than tabulating past successes and failures on a task. Indeed, the
amount of evidence (e.g., number of successes), nature of task
(e.g., succeeding on an easy or difficult task), or the source of
information (e.g., direct observation or hearsay) collectively
influence these evaluations. Given an early-emerging understanding of task difficulty (Gweon, Asaba, & Bennett-Pierre,
2017) and sensitivity to the source of information about others’ behaviors (Haux, Engelmann, Herrmann, & Tomasello,
2017), children might also consider these factors in deciding
when (or to whom) to demonstrate their competence; future
studies might explore how these different factors influence
children’s reasoning about others’ beliefs about the self.
The ability to communicate information about the self is
fundamental to building strong, healthy relationships with
others. We often face competing motivations to display ourselves in the best light or disclose our shortcomings, and sensitivity to others’ beliefs about the self is critical for balancing
these motivations and making appropriate communicative decisions depending on the context. Our initial results suggest
that even young children care about what others think of their
competence and flexibly decide what information to communicate depending on the context.
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Abstract

Researchers have proposed that the perceived sincerity of
praise may influence its meaning. When praise is regarded
as unjustified or inconsistent with reality, people might infer
that the evaluator is merely being “polite” rather than sincere
(Brophy, 1981; Delin & Baumeister, 1994). Recent computational work has formalized adults’ interpretation of polite speech as inferences about the speaker’s communicative
goals: an epistemic goal to provide accurate information and
a social goal to make the listener feel good (Yoon, Tessler,
Goodman, & Frank, 2016). When the two goals are at odds
(e.g., telling the truth can hurt the listener’s feelings), adults
readily infer that someone who praises poor-quality work is
driven by the social goal than the epistemic goal (i.e., wants
to be “nice” rather than “honest”). Similarly, given explicit
information about the speaker’s communicative goal, adults
can use praise to infer the actual quality of the work.
In many real-world contexts, however, the meaning of others’ feedback can be more ambiguous. When a child seeks
feedback on the quality of his drawings, he might be uncertain about his true performance as well as the evaluator’s
communicative goals. Prior observations of others’ praise can
help, however. If the learner’s past experience suggests that
the evaluator’s praise has been congruent with the perceived
quality of the work being evaluated (e.g., selective praise for
high-quality work), he may expect that the evaluator’s current feedback is also likely to reflect the true quality of his
work. By contrast, if the evaluator’s praise has been independent of the quality (e.g., indiscriminate praise for both highand low-quality work), it suggests that her current praise is
also likely nice but uninformative. While opportunities to observe others’ praise may be sparse, even minimal covariation
information can be sufficient to quickly form a model of the
evaluator’s praise. Given that even preverbal infants readily
draw causal inferences from the statistical dependence between agents and event outcomes (Gweon & Schulz, 2011;
Seiver, Gopnik, & Goodman, 2013), such statistical sensitivity might also be recruited for learning about the informativeness of others’ evaluative feedback.
It is also possible, however, that young children have difficulty inferring the informativness of others’ praise, especially
because they might have trouble differentiating informativeness from niceness. Preschool-aged children attribute knowledge to “nice” informants and endorse their testimony even
when they lack critical perceptual access (Lane, Wellman, &
Gelman, 2013). Children also trust domain-specific information from a nice non-expert over a mean expert (Landrum,
Mills, & Johnston, 2013). Even school-aged children are
biased to judge positive assessments of others’ work (e.g.,
music or drawings) as more accurate than negative assess-

Praise is not only rewarding but also informative. It allows
us to learn about our skills and competence even when we
are uncertain or unable to judge for ourselves. Not all praise
is equally meaningful, however: Praise from someone who
praises indiscriminately is less informative than from someone who praises selectively. Here we ask whether young children infer the informativeness of others’ praise based on the
statistical dependence between praise and the quality of work.
Exp. 1 shows that adults and 4-5 year-olds were more likely to
trust praise from a teacher whose previous praise covaried with
the quality of work (i.e., selective praise) than praise from a
teacher who indiscriminately praised independent of the quality of work (i.e., overpraise). Exp. 2 addressed the possibility
that participants simply prefer a teacher who praises less often.
Even for young children, praise is more than something nice.
Rather, they can track the informativeness of others’ evaluative feedback and use it to learn about the quality of their own
work.
Keywords: social cognition, praise, statistical reasoning, selective trust

Evaluative feedback from others is an important source of
information for learning about ourselves. In the face of uncertainty about our abilities or performance on a task, feedback from others serves as a useful indicator of quality or
success. For instance, a colleague’s enthusiastic praise after
your big presentation at work (e.g., “that was a great talk!”)
can be taken as evidence that your talk was indeed good. Not
all praise is equally meaningful, however. If your colleague
is known to be overgenerous in her evaluation of talks, you
might still remain uncertain about how it really went. This is
because as adults, we naturally interpret evaluative feedback
in the context of the evaluator, considering her expertise, personality, or communicative goals.
Praise is commonly used in parenting and early educational practices across many societies. Although praise is
believed to foster intrinsic motivation, it can have negative
consequences when it is directed at one’s ability or intelligence rather than one’s effort (Mueller & Dweck, 1998;
Henderlong Corpus & Lepper, 2007). The differential effect of praise depending on what is being evaluated suggests
that even young children appreciate praise as more than just
positive reinforcement (Delin & Baumeister, 1994). Despite
abundant work on the effects of praise in early childhood,
however, little empirical work has directly investigated how
children reason about the informativeness of others’ praise
and the cognitive capacities that underlie this ability. To begin
addressing these questions, here we explore the idea that even
the same praise can be differentially informative depending
on who is giving praise; we ask whether children and adults
can use minimal covariation information to infer the informativeness of others’ praise and preferentially endorse feedback
that is more likely to reflect the true quality of the work.
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Experiment 1A: Adults

ments (Boseovski, Marble, & Hughes, 2017). In these studies, children received no information that would allow them
to evaluate the quality of others’ testimony; this might have
led children to rely heavily on information that was explicitly provided in the task, such as informants’ niceness or the
valence of their feedback. Given clear covariation information about praise and the quality of the work being evaluated,
children might be able to distinguish informative from uninformative praise depending on whether it is consistent with
the perceived quality of the work.
Further support for this hypothesis comes from prior literature on epistemic trust, which suggests that 3-5 year-old
children readily track the informativeness of teachers in pedagogical contexts given clear grounds to evaluate the quality
of information provided. Children preferentially learn from
teachers who previously provided correct (versus incorrect)
labels of familiar objects (e.g., see Sobel & Kushnir, 2013
for a review) and update their evaluations of others’ trustworthiness across multiple interactions (Ronfard & Lane, 2017).
Beyond tracking inaccuracies, children also recognize more
subtle forms of misinformation; when a teacher demonstrates
only one of four functions of a toy, children appropriately
penalize the teacher for being under-informative (Gweon &
Asaba, 2017) and are less likely to trust the teacher in learning
about a new toy (Gweon, Pelton, Konopka, & Schulz, 2014).
These results suggest that even young children are sensitive
to others’ informativeness and selectively endorse subsequent
information from those who are expected to be informative.
Thus, children might demonstrate similar sensitivity to the
informativeness of others’ praise, especially when there is a
ground truth for evaluating the quality of praise.
To test this hypothesis, we investigate adults’ and young
children’s abilities to track the informativeness of others’
praise given minimal covariation information. We use an activity with which preschool-aged children are familiar and
motivated to improve on: tracing shapes. Given prior work
on the effects of person- vs. effort-directed praise (Mueller &
Dweck, 1998), here we focus on praise directed at the quality
of the tracing (i.e., performance praise). Given a goal to identify which tracing is better, participants’ choice to endorse the
praise from one of two agents can be used as a proxy for their
evaluation of these praisers.

Methods
Participants Eighty-six adults (38 female, MAge (SD) =
36.6(11.9), range: 21-71) were recruited from Amazon’s Mechanical Turk. An additional 14 subjects were excluded for
failing one or both memory check questions.
Stimuli Images of “good” and “bad” tracings (i.e., a marker
tracing that was reasonably aligned or clearly misaligned with
the template shape, see Fig.1A) were used in the Warmup Phase and in two videos of teacher-child interactions
(Fig.1B). In the video, six tracings were placed in a row on
the table, 3 good and 3 bad tracings in alternating order. In
both videos, the same child (“Johnny”) asked a teacher about
the tracings; one video featured “Teacher Jane” who wore a
green shirt, and the other featured “Teacher Susan” who wore
a red shirt. Different drawings were used for each video.
Procedure In the Warm-up Phase, participants were shown
two tracings that clearly differed in quality (Fig.1A) and were
asked to indicate which one was better; participants who answered incorrectly were excluded from analyses.
In the Teacher Introduction Phase, participants watched
two videos. In both videos, Johnny first told the teacher that
he made the tracings and really wanted to know which of his
tracings were good. The teacher then evaluated the tracings
one at a time from right to left. In the Overpraise Teacher
video, the teacher provided positive, undifferentiated feedback (“Wow, that’s great!”) for all six tracings and placed
a star sticker on each of them (see Fig.1B). In the Selective
Teacher video, the teacher provided positive feedback on the
good tracings (“Wow, that’s great!”) and put stickers on them,
while giving neutral feedback (“Hm, this one’s okay!”) for
the three bad tracings without giving stickers. Johnny did not
receive the stickers himself; they were used to help participants remember which tracings received praise, rather than
as an external reward. Both teachers maintained a positive
tone for both types of feedback; teacher identity (Jane or Susan), pattern of praise (Selective or Overpraise), and order of
presentation were counterbalanced. After each video, participants were asked how many tracings the teacher said were
great. Subjects who failed to correctly answer these memory
check questions (“3” for the Selective Teacher and “6” for the
Overpraise Teacher) were excluded.
Finally, in the Test Question Phase, participants were
shown a picture of another student (Kristen), and two envelopes, each of which contained one of two tracings she
made. Participants were told that the Selective Teacher saw
only the tracing in one of the envelopes and praised it (e.g.,
“Teacher Susan said this tracing is great”), and the Overpraise Teacher saw only the tracing in the other envelope and
praised it (“Teacher Jane said this tracing is great”). Participants never saw Kristen’s actual tracings, only the envelopes
with stickers that indicated which teacher praised the tracing.
Participants were asked: “Kristen is going to bring one of her
tracings to a contest. Which tracing should she bring?” Addi-

Experiment 1: Selective vs. Overpraise
Adults are sensitive to politeness concerns in communicative
contexts (Yoon et al., 2016), but their ability to use minimal
statistical information to distinguish informative praise from
merely polite comments has not been studied. In Exp.1A, we
first verify that adults track others’ informativeness and selectively endorse praise from a teacher who had given praise
only to the high-quality tracings (Selective Teacher) over
a teacher who had given indiscriminate praise (Overpraise
Teacher), while choosing the Overpraise Teacher as the one
who is trying to be “nice”. Exp.1B extends this study to
preschool-aged children.
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tionally, participants were asked: “One of the teachers wanted
to be nice. Who was trying to be nice?”

was working on his tracings earlier and wanted help figuring
out which of his tracings were good, because he wanted to
show them to his class later. Children then watched the same
Selective Teacher and Overpraise Teacher videos as in Exp.
1A. After each video, children saw a still frame of the video
(with no stars on the tracings) and were asked which tracings
the teacher said were great. If children missed a tracing or
incorrectly pointed to a tracing that was not praised by the
teacher, they watched the video again and the experimenter
asked the same memory check question. Those who failed
the memory check even after watching the video again were
excluded from analyses.
The only difference between the Tracing and Niceness
Conditions was the following Test Question Phase. In
the Tracing Condition, the experimenter told the child that
Teacher Jane and Teacher Susan were nearby and could give
feedback on the child’s tracings from earlier. The experimenter left the room with the envelopes containing the child’s
tracings and returned after 15 seconds with stickers attached
to the envelopes. The experimenter pointed to the envelope
with a green sticker and placed a photo of Teacher Jane next
to it, and said: “Teacher Jane looked at this tracing and said
that this one is great.” She then pointed to the other envelope (with a red sticker and Teacher Susan’s photo) and said:
“Teacher Susan looked at this tracing and said that this one
is great” (teacher order and identity counterbalanced). Finally, with the tracings still in the envelopes, the experimenter
said: “Now you can bring back your best tracing to show your
teacher! Which one do you think is the best?” Children responded by pointing to one of the envelopes.
In the Niceness Condition, children were not provided
feedback on their tracings from the teachers. Instead, they
were asked: “Which teacher was trying to be nice?” Children
responded by pointing to one of the two teacher photos.

Results and Discussion
Our primary question was whether adults use teachers’ prior
patterns of praise to evaluate the informativeness of subsequent praise. As predicted, participants overwhelmingly
chose the tracing praised by the Selective Teacher (87.2%,
p < .001, Binomial Test). Additionally, a majority of participants chose the Overpraise Teacher as the one who was trying
to be nice (93.0%, p < 0.001, Binomial Test). These results
suggest that adults readily detect the differences in the informativeness of evaluative feedback from minimal covariation
data, and use it to inform their decisions about the quality of
hidden products. Furthermore, they inferred the Overpraise
Teacher’s communicative goal to be “nice”.

Experiment 1B: 4-5 year-olds
Next, we investigated whether 4- and 5-year-old children are
also sensitive to the informativeness of others’ praise. Children were either asked about which of their own tracings was
better (Tracing Condition) or which teacher was trying to be
nice (Niceness Condition).

Methods
Participants Eighty 4-5 year-olds were recruited from a
university preschool. Children were either in the Tracing
Condition (N=40, 19 female, MAge (SD) = 4.9(0.4), range
= 4.1 - 5.9)1 or the Niceness Condition (N=40, 21 female,
MAge (SD) = 4.9(0.4), range = 4.1 - 5.7). An additional 8 children were tested but excluded due to failure on the warm-up
or memory questions.
Stimuli Teacher videos were the same as those from Exp.
1. Additionally, two 8.5”x11” tracing templates (a circle and
either an overlapping triangle or rectangle) were used for children to make their own tracings. The tracings in the Warmup Phase were presented on laminated sheets of paper, and
videos were presented on a 13“ Macbook Pro laptop. We also
used printed pictures of the teachers and Johnny, two manila
envelopes, and star-shaped red and green stickers.

Results and Discussion
Our main question was whether children in the Tracing condition preferentially endorsed the Selective Teacher’s praise
(i.e., choose the tracing she praised as the best); additionally, we asked whether children in the Niceness condition
would choose the Overpraise Teacher as trying to be nice. As
predicted, children were significantly more likely to choose
the tracing praised by the Selective Teacher (72.5%, p =
0.006, Binomial Test, Fig.1D). To investigate whether children’s age predicted their choice, we fit a logistic regression model: Tracing choice ˜ Age in Months + (1 |
Subject). Children’s age did not predict their choice of tracing (B = 0.30, z = 0.34, p = 0.73). When asked which teacher
was trying to be nice, children overwhelmingly selected the
Overpraise Teacher (82.5%, p < .001, Binomial Test).2
These results suggest that children are more likely to trust

Procedure Children were tested in a private room in a
preschool. In the Warm-up Phase, the experimenter first explained what tracing is: “The goal of tracing is to stay as close
to the lines as possible” and demonstrated tracing a rectangle.
Then, the child traced two templates, and the experimenter
put each tracing away into an envelope such that the child
could not see them for the remainder of the session. Then,
children saw two pairs of tracings (similar in quality to those
in the Warm-up of Exp. 1A) and were asked to indicate which
one was better. Only children who passed both trials were included in the analyses.
In the Teacher Introduction Phase, children were shown
a picture of a student, Johnny. They were told that Johnny

2 As an exploratory measure, children in the Tracing Condition
were also asked this question at the end; they did not show a preference for either teacher (55% chose the Selective Teacher, p = 0.64)
as trying to be nice, suggesting that these responses may have been
influenced by their selection of tracing.

1 Planned sample size, exclusion criteria, and analysis plan preregistered at https://aspredicted.org/4r9dh.pdf.
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Figure 1: (A) Examples of good and bad tracings for the warm-up questions and teacher videos. (B) Final frames of teacher
videos. (C) Set-up and critical question for Exp. 1B & 2B. (D) Results for test question in 4-5 year-olds (* p < .05, ** p < .01,
*** p < .001). Error bars are 95% confidence intervals.

Experiment 2A: Adults

the praise given by a teacher who had previously provided
selective praise that covaried with the actual quality of the
tracings over the praise given by a teacher who had indiscriminately praised all tracings. These results were not driven by
a global preference for the Selective Teacher; when asked to
choose who was trying to be nice, they appropriately selected
the Overpraise Teacher.
The critical difference between the teachers was that the
pattern of their feedback appropriately co-varied with the actual quality of the tracings (Selective Teacher) or was indiscriminately positive independent of quality (Overpraise
Teacher). Note however that the two teachers’ praise also differed in the frequency of praise; the Selective Teacher praised
only 3 of the 6 tracings while the Overpraise teacher praised
all 6. Thus, it is possible that children and adults have a simple heuristic that praise from an infrequent praiser is more
informative. We addressed this alternative explanation in Experiment 2 with adults (Exp. 2A) and 4 year-olds (Exp. 2B).

Methods
Participants Ninety-one adults (37 female, MAge (SD) =
34.7(10.3), range: 19-65) were recruited from Amazon’s Mechanical Turk. An additional 19 subjects were excluded for
failing one or both memory check questions, or not completing the task.
Materials Stimuli were identical to Exp.1A except that the
Overpraise Teacher video was replaced with the SelectiveIncongruent Teacher video.
The Selective-Incongruent
Teacher was similar to the Selective Teacher but provided
praise in the opposite way: She praised the bad tracings and
gave a neutral response to the good tracings.
Procedure

The procedure was identical to Exp. 1A.

Results and Discussion
As predicted, participants chose the tracing praised by the
Selective Teacher (90.1%, p < .001, Binomial Test). When
asked which teacher was trying to be nice, the majority of
participants chose the Selective-Incongruent Teacher (72.5%,
p < .001, Binomial Test). These results suggest that adults
specifically use the congruency of the teacher’s praise with
the quality of the tracing to evaluate which of two hidden
products was likely to be better.

Experiment 2
In Exp. 2, we asked whether participants distinguish between
teachers who appropriately provided selective feedback (positive to the good tracings and neutral to the bad tracings; Selective Teacher in Exp.1) from a teacher who provided the
reverse (positive to the bad tracings and neutral to the good
ones; Selective-Incongruent Teacher). Because the frequency
and the valence of their feedback was matched, the critical
difference was whether their feedback was congruent or incongruent with the actual quality of the drawings. If participants track the covariance between the content of feedback and the quality of the tracings rather than the frequency
of praise, they would trust the Selective Teacher over the
Selective-Incongruent Teacher. Given the absence of an age
trend in Exp. 1B, we limited our recruitment to 4-year-olds.

Experiment 2B: 4-5 year-olds
Methods
Participants Twenty-four 4-year-olds (15 female,
MAge (SD) = 4.6(0.3), range = 4.0 - 4.9) were recruited
from a university preschool. An additional 5 subjects were
tested but excluded due to failure on the warm-up or memory
check questions.
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Stimuli and Design Stimuli were similar to Exp. 1B,
except the videos of the Selective Teacher and SelectiveIncongruent (as in Exp. 2A) were used.
Procedure

sensitivity to statistical information (Gweon & Schulz, 2011)
might also support inferences about others’ informativeness.
Just as prior knowledge is critical to evaluate others’ testimony about the external world, the ability to independently
assess the quality of work was critical for success in our task;
if you do not know how good a tracing is, you cannot tell
whether a teacher’s feedback is appropriate. We used clearly
good or bad tracings and used a warm-up task to ensure that
all children could accurately assess their quality. Yet, even
adults rarely have absolute certainty about the quality of their
own work. When do children rely on their own evaluations
to infer others’ informativeness, and when do they rely on
others’ evaluative feedback to inform their own evaluations?
The current work is a first step towards understanding how
children integrate their own certainty with others’ informativeness to jointly learn about themselves (i.e., did I do well?)
and others (i.e., is this person informative?).
In the current study, children observed repeated instances
of praise from two teachers whose praise was clearly aligned
or misaligned with the quality of someone else’s tracings. In
order to ensure well-controlled presentation of two teachers
who varied only in their pattern of praise, children watched
videos of teachers instead of seeing real teachers praise their
own work. Prior work suggests that children tend to be optimistic about their own competence, judging that they have
performed well when they have not (Hembacher & Ghetti,
2014), and predicting that they will perform better in the future than they are able to (Schneider, 1998). Thus, an open
question is whether this bias would influence their ability to
infer the informativeness of others’ praise from evaluations
directed at their own work (rather than another student). Nevertheless, our initial results do show that such optimism did
not completely overpower their ability to use others’ feedback to assess their own work; faced with uncertainty about
which one of their own tracings is better, children relied on
the teacher whose praise is more likely to be informative.
In real life, however, children’s observations of evaluative
feedback is often noisier, and unfolds in a complex social environment where both the evaluators and the students must
navigate multiple competing goals. While our results suggest
an early-emerging sensitivity to the informativeness of praise,
further work is needed to better understand how such sensitivity might manifest in real-world contexts. Furthermore,
children’s experience with praise might vary significantly depending on their culture, educational context, and family environment. Our participants were from a university preschool
where children come from various cultural backgrounds yet
receive ample social support from adults. Thus an important
question is how our findings might generalize to a broader
population of young children who might experience varying
levels of praise, encouragement, and support.
Note that the current study focused on how children infer the informativeness of feedback on one’s performance.
In this context, “informative” feedback meant that it appropriately reflected the quality of the work. However, “infor-

The procedure was identical to Exp. 1B.

Results and Discussion
Our main question was whether children would endorse the
praise from the teacher who had previously given more informative praise even when the overall valence and the relative
frequency of the two teachers’ praise was matched. Indeed,
children were more likely to choose the tracing praised by
the Selective Teacher than the one praised by the SelectiveIncongruent Teacher (75%, p = 0.02, Binomial Test). The
same logistic regression model as in Exp. 1B (Tracing
choice ˜ Age in Months + (1 | Subject) revealed an
effect of age (B = -6.36, z = -2.11, p = 0.04).
These results suggest that children are not simply responding to the relative frequency of praise; they are sensitive to
whether the teacher provides feedback that appropriately covaries with the actual quality of tracings. Unlike Exp. 1B
(and despite the narrower age range), we did find a small but
significant effect of age. Given the absence of an age effect
in Exp. 1B, further work is needed to better understand how
this capacity develops throughout the early childhood years.

General Discussion
Praise is a useful source of information for learning about our
skills and abilities; determining whose praise to trust or discount is critical for effectively learning about the self. Across
two experiments, we examined whether adults and children
infer the informativeness of others’ praise and use it to evaluate their own or others’ work when they themselves are unable to judge. Exp. 1A verified that adults reliably distinguish
a teacher who selectively praised from a teacher who indiscriminately overpraised. Exp. 1B provided support for our
main hypothesis that even 4-5 year-old children distinguish
between these two teachers and use their relative informativeness to evaluate the quality of their own work. Exp. 2
addressed the alternative explanation that these results were
driven by the simple heuristic that people who rarely praise
are more informative; when the frequency and the overall valence of praise were matched, adults and 4-year-olds still endorsed the praise from the teacher whose feedback was both
selective and congruent with reality.
These results are consistent with a growing body of literature that suggests that children reason about others’ informativeness based on the information they provide (Sobel &
Kushnir, 2013; Gweon & Asaba, 2017). Going beyond using facts about the physical world (e.g., labels of objects,
causal functions of artifacts), children also used information
about the quality of work (e.g., quality of tracings) to decide
whether or not to trust someone’s evaluative feedback. More
specifically, children’s inferences were based on the statistical dependence between the pattern of praise and the quality
of the work being praised. Thus, children’s early-emerging
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mative” feedback may not always be beneficial. Prior work
suggests that praise directed at children’s abilities or intelligence (i.e., person-praise) is detrimental when it leads them
to take their performance as an indicator of underlying competence and strengthens their belief that competence is static
and unchangeable. Thus, it is possible that the negative consequences of person-directed praise are heightened when it
comes from a teacher who praises selectively (e.g., a teacher
who selectively tells a few students that they are really smart).
Finally, our study emphasized the learner’s goal to seek
informative feedback: They had to choose a tracing to enter into a contest (Adults) or show their teacher (4-5 yearolds). Yet, just as evaluators may have competing social goals
to be informative or nice (Yoon et al., 2016), learners may
have diverse goals in approaching others for feedback; they
might want honest, informative evaluation of their performance, or warm, encouraging affirmation to feel better. An
open question is whether young children differentially weight
praise based on their own goals, and how this tendency might
change with age. It is possible that younger children generally seek more affirmation than evaluation, but their goal
might also vary depending on their competence in the domain
and the relative difficulty of the task. For instance, learners
might prefer encouragement when they are struggling on new
or difficult tasks. The kind of feedback children seek might
also depend on their relationship to the evaluator, desiring
more affirmation from parents and expecting more objective
evaluations from teachers. Future work might ask how children actively choose which teacher to approach depending on
their goals (e.g., informativeness versus affirmation).
Constructive feedback provides insights into learners’
strengths and weaknesses, and guides their future learning
to maximize opportunities for growth. Our results suggest
that the ability to seek constructive feedback might start early
in life. Even for young children, praise is more than something nice; they track the informativeness of others’ evaluative feedback and use it to infer the quality of their own work.
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to applied domains that attempt to use SFT data for detection
of early stage dementias (Johns et al., 2017).
Responses in SFT typically occur in temporal bursts of
related items, with time lags between clusters thought to
involve the search time required to navigate to a new cluster
(e.g., {farm animals}  {fish}). Hills, Jones, and Todd
(2012) made the observation that the temporal pattern of
items produced in SFT exhibited statistical signatures that are
characteristic of animals foraging for food in physical space
(optimal foraging theory: Charnov, 1976), suggesting that
our memory search mechanisms may have been exapted from
primitive mechanisms that evolved to search for food
resources in the physical environment.
The argument in favor of optimal foraging in SFT relies
on three components. First, there is a decrease in semantic
similarity when transitioning between patches. A change in
similarity denotes switching between local and global cues.
Second, transitions between patches occur when a patch has
been sufficiently depleted. Third, cluster transitions can be
predicted by the marginal value theorem (MVT; Charnov,
1976). The MVT predicts that patch switching in spatial
foraging occurs when the time spent searching locally
exceeds the average transition time between foraging events
across the environment (the marginal value).
Hills et al. tested a variety of search models applied to a
semantic space simulated by a corpus-based distributional
model of semantic representation, BEAGLE (Jones &
Mewhort, 2007). The specific search model that best
explained the human data was a two-stage model that used
local similarity to generate items until no other proximal item
was found, and then switched to a global frequency cue to
select the next item (and search by local similarity resumed).
The fact that the global-local switch model was the best
explanation of the human data was theoretically significant
for two reasons: 1) it produces patterns of optimal foraging,
and 2) the process it uses mirrors the best accounts of how
animals make exploration-exploitation decisions in when
foraging for food. Just as a honey bee must decide when to
give up on a local patch of flowers and accept the costs that
accompany the search for a new unknown patch, humans
show the same pattern in memory search when deciding when
to give up on the farm animals and search for a new resourcerich patch to exploit.
However, there is disagreement whether behavioral
patterns of optimal foraging truly require a cognitive
mechanism based on spatial search for food resources.

Abstract
Hills, Jones, and Todd (2012) observed that response patterns
during the semantic fluency task (e.g., “name all the animals
you can in a minute”) display statistical signatures of memory
search that mirror optimal foraging in physical space. They
proposed a model of memory search based on explorationexploitation tradeoffs known to produce optimal foraging
patterns when animals search for food resources, applied to a
spatial model of semantic memory. However, Abbott,
Austerweil, and Griffiths (2015) demonstrated that optimal
foraging behavior could also naturally emerge from a random
walk applied to a network representation of semantic memory,
without reliance on a foraging process. Since then, this has
been a very active are of debate in the literature, but core
confounds have prevented any clear conclusions between the
random walk and cue switching model. We control confounds
here by using a fixed training corpus and learning model to
create both spatial and network representations, and evaluate
the ability of the cue switching model and several variants of
the random walk model to produce the behavioral
characteristics seen in human data. Further, we use BIC to
quantitatively compare the models’ ability to fit the human
data, an obvious comparison that has never before been
undertaken. The results suggest a clear superiority of the Hills
et al. cue switching model. The mechanism used to search
memory in the fluency task is likely to have been exapted from
mechanisms evolved for foraging in spatial environments.
Keywords: Semantic memory; memory search; model.

Introduction
Free recall from memory has been one of the most active
areas of Cognitive Science since the field’s inception,
allowing the study of encoding, memory organization, and
the processes with which humans search for and retrieve
stored information. One of the most commonly used tasks to
study retrieval from semantic memory is the semantic fluency
task (SFT). In SFT, the participant is presented with a natural
category label (e.g., “animals”) and is required to produce as
many exemplars of the category as possible within a fixed
amount of time (e.g., “dog, cat, llama, …).
The task is commonly used in experimental psychology
(Raajmakers & Shiffrin, 1981; Romney, Brewer, &
Bachelder, 1993), but is also widely used in
neuropsychological batteries, and is known to be sensitive to
clinical group diagnoses (e.g., Alzheimer’s and Parkinson’s;
Troyer et al., 1998). Given the ubiquity of the task and the
fact that it taps general mechanisms of memory search, a
formal model is greatly needed to understand the underlying
nature of the mechanism that drives SFT not only for our
basic understanding of cognition, but for transfer of models
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The Debate

Table 1. There is a lack of consistency between the studies
examining models of semantic retrieval. Discrepancies between
studies prevent a direct comparison between results and offer no
solid ground on which to draw conclusions.
HJT
AAG
NMS
Wikipedia
USF FA
CHILDES
Learning
Environment
Word
Learning
BEAGLE
Human
Learner
Model

While the Hills et al. (2012) account of SFT as exapation
of evolved mechanisms makes for a good story, we strive for
parsimony in science and need to carefully consider issues
of model mimicry. Abbott, Austerweil, and Griffiths (2015)
demonstrated that the behavioral patterns in the Hills et al.
data that appear to indicate an optimal foraging mechanism
could also be produced by a simple random walk mechanism
applied to a network representation of semantic memory.
This observation began a lengthy debate over the interaction
between memory representations and the retrieval
mechanisms that operate on them.
In a rebuttal, Jones, Hills and Todd (2015) noted that the
semantic network used by Abbott et al. (2015) was
constructed by human free association norms, a task
remarkably similar to the SFT data they were fitting to. The
concern was that a simple retrieval process seemed to suffice
in the Abbott et al. work because much of the requisite
complexity to simulate the data was hidden in the process
used to construct the network. Jones et al. referred to this as
the representational Turk problem in cognitive modeling: A
simple account of the process required to explain human
behavior could be achieved if human behavior was used to
construct the representation, but then we have sacrificed
explanation as behavior is used to predict behavior. As a
reductio ad absurdum, they proposed a perfectly fitting zeroparameter model of SFT could be achieved if we simply
made the assumption that SFT data were used to construct the
memory space. In contrast, the original Hills et al. (2012)
representational space was built by a theoretical model of
human semantic learning applied to statistical redundancies
in our linguistic data. Jones et al. suggested that to fairly
evaluate search models they must be applied to the same
memory representation.
In response, Nematzadeh, Miscevic, and Stevenson (2016)
attempted to address the representational Turk problem by
using the WordLearner algorithm (Faizly, Alishahi, &
Stevenson, 2010) to construct a semantic network from a
corpus of child-directed speech, the CHILDES corpus
(MacWhinney, 2000). They replicated the basic phenomena
suggestive of optimal foraging when a random walk
algorithm was applied to this constructed network.
Importantly, the network was constructed with a learning
model applied to natural language rather than human
behavioral data, which sidesteps the representational Turk
problem. While this is a step in the right direction, it is still
impossible to compare the pure processes of random walking
to optimal foraging because a different corpus, register,
vocabulary, and learning model were used to create the
network from those used to create the spatial representation
used in the original Hills et al. (2012) work. A random walk
must be applied to a network, and the cue switching model
may be applied to a spatial representation or a network. But
it is important to carefully equate the construction of the
space and the network if conclusions about the retrieval
mechanisms are to be made, and there remain several

Representation

Space

Network

Network

Search Model

Foraging

RW

RW

confounds in the literature that preclude comparison of the
core retrieval mechanisms.
Table 1 summarizes the dimensions along which the
studies differ in their attempts to explain behavior on the SFT.
It is evident that at no level can a direct comparison be made
between the cue switching and the random walk models in
any of the studies. In order for such a theoretical comparison
to be made (the final row), the factors in the above three rows
must be held constant. As noted previously, the cue switching
model requires a spatial representation and the random walk
requires a network representation, but for a fair comparison
these representations must be constructed with the same
learning model on the same learning environment.
The goal of this paper is threefold. Firstly, we construct
a semantic matrix using the learning environment
(Wikipedia) and learning model (BEAGLE) that
accompanies the original Hills et al. (2012) data. We use this
spatial matrix for the cue switching model, and apply a
thresholding algorithm to the same matrix to build an
equivalent network representation for the random walk
model. Secondly, we perform both qualitative and
quantitative model comparisons (Busemeyer & Diederich,
2010). In our qualitative model comparison, the models are
evaluated on their ability to correctly produce the qualitative
phenomena that have been used as evidence of optimal
foraging; note that only qualitative comparisons have been
used in this debate so far—the novel contribution here being
a clear deconfounding of learning model and environment to
determine if both the random walk and cue switching model
can produce the characteristic phenomena. In addition, we
also conduct quantitative model comparisons: Using
maximum likelihood and BIC, we evaluate which search
model most closely approximates the human data from the
original Hills et al. study. If all models can duplicate the
signature patterns of optimal foraging in the human data, the
next step is to evaluate which model gives the most accurate
account of the production patterns. Thirdly, we also
implement and evaluate newer versions of the random walk
model suggested by Zemla and Austerweil (2017).
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ε < 0.38. When ε ≥ 0.38, there are nodes that can only be
reached via edges derived from word frequency.
To summarize, the same cosine similarity matrix was used
as the base representation for both the foraging and random
walk model. The similarity matrix learned from the BEAGLE
model trained on the Wikipedia corpus from the original Hills
et al. (2012) paper was used to create a network
representation for both the cue switching model and the
random walk model, and performance across levels of the
threshold parameter was evaluated. Hence, the spatial and
network representations are based on the same learning
environment and the same learning model, holding constant
the previous confounds in the literature that were the first two
rows of Table 1.

Equating Spatial and Network Representations
It is an error to think of spatial and network representations
as fundamentally different. If both are defined by similarity
data, a space and a network are both fundamentally matrices
and are isomorphic. A fully connected network with edge
weights determined by BEAGLE similarity is the exact same
matrix as a BEAGLE similarity space—describing it as a
space or network simply adds confusion because they are the
same matrix. If a thresholding rule is applied to the spatial
similarity matrix, it becomes equivalent to a partially
connected network with the same threshold. If the threshold
rule applied to the spatial similarity matrix is binarized (nodes
are connected or not), then this becomes isomorphic to an
unweighted network. If the same learning model and learning
environment are used to create the similarity matrix, then it
may be described as either a network or space. For simplicity
here, we will talk of a network, and will compare both the
foraging and random walk processes when applied to the
same network representation.
Steyvers and Tenenbaum (2005) generated a semantic
network by applying a threshold epsilon to a cosine similarity
matrix of terms. Using this technique, we generated 101
networks from the BEAGLE space matrix used in the original
Hills et al. (2012) study, using equally spaced epsilon values
ranging from 0 ≤ ε ≤ 1. Similarity-derived edge weights
were updated at the varying levels of 𝜀 as:
0
𝑊𝑖𝑗 = {𝑊
𝑖𝑗

𝑊𝑖𝑗 < 𝜀
𝑊𝑖𝑗 ≥ 𝜀

The Cue Switching Model
Foraging behavior entails a strategic tradeoff between local
exploitation and global exploration. Optimal foraging in
semantic memory instantiates this tradeoff as switching
between local and global cues. The cues are independent and
attended to separately. Within this model, these are
operationalized as a similarity cue and a frequency cue,
respectively. The cue switching model is a dynamic model
where the cues are attended to differently between the
different processes. When searching locally in memory, both
the local similarity cue and the global frequency cue are being
taken into account, resulting in a strategic behavior where the
yield of a local search is weighed against the yield of another
semantic patch. When making cluster switches, the global
frequency cue alone is taken into account, resulting in a
strategic behavior that seeks an underexploited semantic
cluster.
We implemented the cue switching model of Hills et al.
(2012), which incorporates multiple cues dynamically within
a Luce choice rule (cf. architectures from SAM and ACT-R):

(1)

A network generated from an epsilon = 0 is a complete
graph, while a network generated from epsilon = 1 is a graph
without edges between nodes. Nodes within the network
represent the full set of animal words produced by
participants in the original Hills et al. (2012) study.
An additional node for the cue ‘animal’ was added to the
network. Both foraging and random walk models require a
global cue. Hills et al. (2012) used word frequency as the
secondary cue within their cue-switching model, whereas
Abbott et al. (2015) used free association norms to connect
the node ‘animal’ to other nodes. Word frequency was used
to establish the edge weight between the node ‘animal’,
where
𝑓(𝑡𝑎𝑟𝑔𝑒𝑡)
𝑤(′𝑎𝑛𝑖𝑚𝑎𝑙′, 𝑋) =
∑𝑖 𝑓(𝑡𝑎𝑟𝑔𝑒𝑡_𝑖)

𝑃(𝑋𝑛+1 |𝑄1 , 𝑄2 , 𝑋𝑛 ) =

(2)

𝑊(𝑋𝑛+1 , 𝑋𝑛 )𝛽/ × 𝑊(𝑋𝑛+1 , "𝑎𝑛𝑖𝑚𝑎𝑙")𝛽𝑔
𝛽/
𝛽𝑔
∑𝑁
𝑘=1 𝑊(𝑋𝑘 , 𝑋𝑛 ) × 𝑊(𝑋𝑘 , "𝑎𝑛𝑖𝑚𝑎𝑙")
where W(A,B) is the weight of the edge (based on BEAGLE
cosines) between the nodes A and B. The cue switching
model of Hills et al. (2012) is a two-parameter model, where
𝛽 is a free parameter to simulate the saliency of a given cue.
Given the word produced in position n, equation 2 defines the
probability of next producing word n+1 as a function of local
or global cues. To maintain consistency with the random
walk, our global cue here is the word “animal” in space.

Frequency counts were taken from the Wikipedia corpus used
in the original Hills et al. study. This yields weights such that
words with higher frequency have stronger weights
connecting them to the node ‘animal’. The threshold 𝜀 was
not applied to edge weights derived from word frequency.
Removing this step for these edge weights ensures that the
network is connected at every value of 𝜀. There are no
semantically isolated nodes within the network at a threshold
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The Random Walk Model
In contrast to the cue switching model, the random walk
model does not strategically switch between cues.
Presupposing a network structure of representation, the
activation of nodes occurs based on two cues as well. The
original model of Abbott et al. (2015) performs a local
traversal of the network by randomly visiting nodes based on
the edge weights of directed connections. The model also
contains a parameter that can perform random jumps back to
the global node “animal” and continues to traverse the
network randomly. Hence, the random walk can also predict
the probability for a sequence of items produced in SFT:
𝑃(𝑋𝑛+1 |𝑄1 , 𝑄2 , 𝑋𝑛 ) =
𝜌𝑃(𝑋𝑛+1 |𝑄2 ) + (1 − 𝜌)𝑃(𝑋𝑛+1 |𝑄1 (𝑋𝑛+1 , 𝑋𝑛 ))

(3)
Figure 1. The item IRT relative to position in patch, where ‘1’
corresponds to the first item in a patch, and ‘-1’ corresponds to
the last item in the previous patch. As predicted by the
marginal value theorem, a patch switch is predicted to occur
when the IRT exceeds the mean IRT.

where 𝜌 is a free parameter that captures the degree to which
retrieval is prone to jumping to another part of the network.
The likelihood of moving to another node is governed by the
edge weight between that node and the node ‘animal’. This is
marked by the strength of the connection weight, given by
𝑊(𝑎, 𝑏) in

𝑃(𝑎|𝑄) =

𝑊(𝑎,𝑄)
∑𝑁
𝑘=1 𝑊(𝑎𝑘 ,"𝑎𝑛𝑖𝑚𝑎𝑙")

participant and calculated the negative log likelihood of those
parameters.
For each participant’s best fitting parameters, we derived
the Bayesian Information Criterion (BIC) to evaluate the
model’s performance according to:

(4)

Qualitative Model Comparisons

𝐵𝐼𝐶 = 2𝑁𝐿𝐿 + 𝑝 × 𝑙𝑜𝑔(𝑁)

We first evaluate the ability of the original random walk
model from Abbott et al. (2015) to produce the core
qualitative phenomena indicative of optimal foraging that
were seen in the original Hills et al. (2012) study. Namely,
switching between semantic patches must be predicted by the
marginal value theorem. We attempted to recreate these
results by implementing the different search mechanisms on
complete semantic network. Figure 1 illustrates that for both
models, patch switches occur at the point predicted by the
marginal value theorem for both the random walk and cue
switching models. Though the effect is small for both models,
the key element is that the qualitative pattern of the marginal
value theorem holds for both models.
Both models are able to reproduce behavior that is
consistent with the MVT. This demonstrates how particular
statistical signatures may be achieved via very different
avenues. Two possibilities are left – either both accounts of
behavior in recall are given participation points and the
matter is dropped, or we dig deeper to determine which model
provides a better account of human behavior.

where 𝑝 is the number of parameters for the given model. The
BIC penalizes models for their complexity, where models
with more parameters receive a higher BIC. Models with
lower BIC are considered to better depict the data, since they
produce a better balance of parsimony and accuracy.
Performance on a particular network of threshold epsilon was
aggregated by taking the median BIC for a participant for a
retrieval model. BIC was calculated for both models as well
as for how well a base model that included only word
frequency fit the data.

Weighted Networks
Figure 1 depicts the median BIC for the three models at the
varying thresholds. Optimal performance occurs at different
levels of epsilon between the two models. The cue switching
model performs best on a complete network, whereas the
random walk model performs best on a connected but not
complete network. More specifically, the random walk model
performs best at a threshold where certain nodes become
isolated from one another via connections derived
semantically. Recall that, in the absence of edge weights
derived from frequency, nodes become isolated semantically
at 𝜀 = 0.38. In the instance of a semantically isolated node,
the model may still reach the node via the frequency-derived
connections. The random walk model demonstrates a marked

Quantitative Model Comparisons
Under qualitative analysis, neither model produced results
that could demonstrate its preeminence as the best account of
human behavior. In order to determine which model is a
better account, we found the best fitting parameters for each
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– though brief - increase in performance at 𝜀 > 0.38. This
performance confirms suspicions raised by Abbott et al.
(2015) when considering the effectiveness of a random walk
model.
When the network is at 𝜀 = 1, the random walk model is
relying solely on frequency information. This results in a
larger BIC because of the penalty for additional parameters
in the model. Notably, there is no crossover interaction
between model fit at any epsilon threshold. This indicates the
primacy of the cue switching model in accounting for the
data.

434.70, and 𝜀 = 0.44 with a BIC = 432.37 for the cue

Figure 3. Performance of the models of retrieval on
unweighted semantic networks at increasing thresholds 𝜀.

switching model.

The Extended Random Walk Models of Zemla and
Austerweil (2017)
Insofar as the mathematical formulations for the foraging
and random walk models reflect the theories of behavior at
large, it is evident that the cue switching model more
accurately accounts for the behavior of memory retrieval on
the semantic fluency task.
In order to test whether the difference in performance is
merely due to the mathematical formulation of a random walk
model, we investigated different instantiations of random
walk models. The alternative random walk models were
suggested by Zemla & Austerweil (2017). These models
ranged in complexity from zero to two free parameters. They
were intended to provide a new take on the debate between
random walk models and cue switching models, tending
toward being implementations of the random walk models.
Node degree search. This is a zero free parameter model.
The probability of subsequent nodes is based on number of
connections between nodes. When at a given node, the most
probable subsequent node is the node with the most
connections. For a node degree search, edge weights are
irrelevant.
Cluster depth first search. This is a zero free parameter
model. A cluster depth first search searches all connected
nodes to a given node before moving to the next node to
search through its connected nodes.
Random Walk with Random Jumps. This is a two free
parameter model. This model is a modification of the random
walk model examined previously. The second parameter is
the degree to which the random walk will move to a random
node within the network.
Figure 4 depicts the BIC performance of the best fitting
parameters for the additional models. Additionally, Figure 4
includes the performance of the random walk model
previously displayed in Figure 2 as a baseline of comparison.
The cluster depth first search was not included in Figure 4
because its minimum BIC = 611.55 at 𝜀 = 0.64. Notably,

Figure 2. Performance of the models of retrieval on weighted
semantic networks at increasing thresholds 𝜀.

Unweighted Networks
Nematzedah et al. (2017) suggested there may be a
difference in model performance given an unweighted
network. In order to test this, all weighted networks were
converted to unweighted networks, such that:
𝑊𝑖𝑗 = {

0
1

𝑊𝑖𝑗 = 0
𝑊𝑖𝑗 > 0

(5)

Both edge weights derived from semantic similarity as
well as frequency were updated. In this way, some semantic
information is preserved in the form of an edge, but nuanced
information about similarity and frequency in the edge
weights was eliminated.
On both the weighted and unweighted networks, the
random walk model performs optimally at some intermediary
value of 𝜀. Notably, the cue switching model performed best
on a complete weighted network, whereas on an unweighted
network it performs best on some
intermediary threshold of 𝜀.
Both the random walk and cue switching models perform
worse on an unweighted network. On the weighted network,
the best BIC for the random walk model is at 𝜀 = 0.51 with
a BIC = 421.16, and 𝜀 = 0.1 with a BIC = 357.26 for the cue
switching model. On the unweighted network, the best BIC
for the random walk model is at 𝜀 = 0.51 with a BIC =
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none of the other suggested random walk models performed
better than the original suggested by AAG. The zero free
parameter models performed very poorly. Where other
models increase in performance at intermediary thresholds 𝜀,
the node degree search and cluster depth first search decrease
in performance.
The best fitting model of the alternative implementations is
the random walk model with a random jumping parameter.
However, adding a parameter that allows the model to
randomly jump to a node does not account for the behavior
better than assuming that a participant is attending to two
cues separately.

(2012) greatly outperforms the random walk model
according to this BIC. Other instantiations of a random walk
were also evaluated, all of which performed more poorly than
the original random walk model. In this respect, the current
study supports Hills et al.’s original cue switching model over
the random walk model as a better explanation of human
behavior in SFT.
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Figure 4. The performance of alternative implementations
of a random walk model of retrieval across at increasing
thresholds 𝜀.

Discussion
This study offers a comparison between different accounts
of human performance on semantic fluency task. A cue
switching model describes recall as a tradeoff between local
and global cues. A random walk model posits that recall is a
random process that occurs on some well-structured semantic
representation.
A random walk model offers the simplest explanation of
behavior. The model requires fewer free parameters that
operate within a less complex mechanism. Conversely, the
cue switching model argues that lower level mechanisms
involved in spatial foraging were exapted into higher level
cognitive processes over the course of evolutionary history.
Where the random walk model offers a simple mechanism on
its own, the cue switching model argues for fewer behavioral
mechanisms overall.
Both models create statistical signatures indicative of
foraging behavior. Therefore, the models can’t be evaluated
on this qualitative aspect alone. We evaluated each model by
the amount of error it produced by maximizing fit to the
individual set of items produced by participants in the Hills
et al. (2012) experiment. Although both models were able to
generate the qualitative pattern of behavior that is consistent
with MVT, the original cue switching model of Hills et al.
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Abstract

in which listeners identify upcoming patients upon hearing
the verb in a sentence where there is indeterminacy about the
identity of the agent. In addition, we explore how anticipatory
processing in this context might vary as a function of listener
age. This comparison is motivated by past claims that older
adults are less efficient at using combinatorial information in
predictive processing (Federmeier & Kutas, 2005).

In the course of sentence processing, comprehenders must
identify relationships between sentence elements in accordance with the sentence’s syntactic structure. However, lowlevel associative processes, which may yield interpretations incompatible with global sentence context, have also been suggested to be at play in the early moments of processing. In two
experiments, we examine the influence of low-level associative cues alongside combinatorial information in sentences of
varying complexity. Verb-driven predictions are used as means
to explore the use of these information sources in the earliest
moments of processing. In addition, we explore effects of listener age on processing, given past claims that older adults’
predictions are more shallow. However, results showed similar
patterns across age groups, although we did find clear ways in
which associative cues overshadowed combinatorial computations when these cues occurred very close to the verb.

Theoretical background
Associative and combinatorial processes During sentence
comprehension, syntactic and semantic processes are normally understood to operate in parallel (Townsend & Bever,
2001; Kuperberg, 2007). However, whereas syntactic processes seek to achieve a ‘compositional’ analysis of a sentence by identifying links among constituents using syntactic
and morpho-syntactic constraints (e.g., subject - verb agreement, case marking, etc.), semantic processes can in some
cases proceed by means of simple processing heuristics that
use surface cues to derive a rapid and shallow preliminary
conceptual representation. Although semantic and syntactic processes are intended to act in concert to yield a coherent sentence representation, the more impulsive and unconstrained nature of semantic processing can create links between sentence elements that are incompatible with syntactically legitimate interpretations, resulting in temporarily competing representations (Kuperberg, 2007). One source of evidence involves sentences like “The coach smiled at the player
tossed a frisbee” which is read more slowly than a control
sentence like “The coach smiled at the player who was tossed
a frisbee”. This is because the words in italics in the former
sentence can form a locally coherent clause that is nonetheless incompatible with the global syntactic structure (Tabor
et al., 2004; see also Konieczny, 2005; Bicknell, Demberg,
& Levy, 2008). Similarly, Duffy et al. (1989) found that
the activation level of sentence-final words does not always
respect the full syntactic structure, but can reflect the influence of earlier words that do not have an appropriate syntactic connection with them. For example, reading times are
speeded for the final word in a sentence such as “While she
talked to him the barber trimmed the . . . mustache”, reflecting the legitimate combinatorial connections between barber
+ trim + mustache. However, the same amount of facilitation is observed in “While talking to the barber she trimmed
the . . . mustache”, where these connections are absent or indeterminate. The association-driven effects can, however, be
modulated to some degree by the syntactic relationships in
the preceding context (Morris, 1994). For example:

Keywords: verb-driven predictions; associative cues; combinatorial semantics; visual world paradigm; aging; spoken language processing

Introduction
“The clown grumbled at the criminal and blew up the balloon”. At first glance, there seems to be nothing extraordinary about this sentence (if you accept clowns can be badtempered) and it is relatively straightforward to understand:
a clown complains to an individual and inflates a balloon.
However, the string “the criminal and blew up the” is itself
almost a plausible agent-verb pairing if one ignores the conjunction. Does the presence of this substring have any effect
on how comprehenders link the verb with the intended agent
(the clown) during incremental processing?
Although all theories of sentence processing assume that
the syntax of the sentence is ultimately used to constrain the
interpretation of incoming information, real-time incremental processing has been thought to also reflect the operation
of low-level associative processes, which may yield interpretations incompatible with the global sentence context. For
example, Townsend and Bever (2001) propose initial interpretations of partial input are computed in part from associative information (see also Kuperberg, 2007). Similarly,
“merely local” links between sentence elements can be momentarily computed despite inconsistency with global syntactic information (e.g., Duffy, Henderson, & Morris, 1989;
Tabor, Galantucci, & Richardson, 2004; Levy, Bicknell, Slattery, & Rayner, 2009). In this study, we describe two eyetracking experiments using the ‘visual-world’ paradigm that
examine how (associative) lexical cues compete with combinatorial information, and how this guides eye movements in
the context of predictive processing. One focus is the manner
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(1) The gardener talked as the barber trimmed the . . .

minish as the sentence continues to unfold. The current study
provides a means to directly explore effects of this type.

(2) The gardener talked to the barber and trimmed the . . .

Prediction and aging In addition, we test the claim made
in past work that older adults are less efficient at aspects
of predictive language processing (e.g., Federmeier & Kutas, 2005). On this account, seniors may show smaller and
delayed effects of anticipation with more complex sentence
types, reflecting Federmeier and Kutas’ assertion that combinatorial cues in particular are not used efficiently by this age
group in generating predictions. There is, however, research
suggesting that age doesn’t have a strong negative impact of
predictive processing, and might have a small and positive effect (Huettig & Janse, 2016). There are, however, a number
of important differences between these studies. For example, whereas Huettig and Janse’s spoken language eyetracking study focused on the anticipation of nouns on the basis of
a gender-marked article within the noun phrase, Federmeier
and Kutas’s ERP study focused on combinatorial aspects of
meaning, which build up over the course of the sentence.
These differences motivate our strategy of exploring older
and younger listeners’ performance on a range of sentence
types within a single experiment.

Because barbers typically trim hair and gardeners typically
trim plants, the information preceding the sentence-final word
mustache in (1) is fully consistent with this word and speeds
its reading in real time. In (2), however, this word is incompatible with the “legitimate” analysis of the sentence and fixation times on the final word are longer.
To date, most evidence for associative and combinatorial
factors has been based on reading paradigms, which are best
suited to detect integrative processing, namely the process of
integrating a new element into the existing hypothesis space
for the sentence’s representation. In this study, we instead
explore predictive processes in spoken language as a way to
understand how associative and combinatorial factors operate in earliest moments of language processing. As background, linguistic prediction is understood to occur when information about upcoming structure or meaning is activated
in advance of downstream language. A substantial body of
research has shown that predictive processing reflects combinatorial processes. For example, in a context containing
a motorcycle and a carousel, listeners anticipate reference
to the motorcycle when hearing the verb ride in “The man
will ride the . . . ”, but to the carousel when given the sentence “The girl will ride the . . . ” (Kamide, Altmann, & Haywood, 2003). In this case anticipatory eye movements reflect a combination of three elements: the verb, the nature
of the agent and a compatible object referent. Additional
studies have shown ways in which predictive eye movements
can also be triggered by a combination of broader information types (case–marking, gender cues, probability distributions for syntactic structures, past events, and affordances,
e.g., Kako & Trueswell, 2000; Chambers & San Juan, 2008;
Kamide, Scheepers, & Altmann, 2003; Demberg, Keller, &
Koller, 2013). However, in addition to this ”sophisticated”
combinatorial processing, there is also evidence suggesting
predictions sometimes reflect the influence of low-level lexical associations (e.g., Kuperberg, 2007; Bicknell, Elman,
Hare, McRae, & Kutas, 2010; Kukona, Fang, Aicher, Chen,
& Magnuson, 2011). For example, Kukona et al. (2011) presented listeners with sentences of the type “Toby arrests the
crook” where, upon hearing “arrests”, anticipatory eye movements should in principle be directed toward an individual
who could serve as the patient for the verb (e.g., a crook).
However, listeners were also likely to consider a candidate
that was implausible as a patient but was nonetheless highly
associated with the verb (e.g., a policeman). This associative effect was reduced when listeners were provided with
additional syntactic cues, as in passive sentences like “Toby
was arrested by the policeman”. Although the salient syntactic cue in the passive sentence may account for this difference, the authors also speculated that the additional time that
elapsed between the verb and the object noun slot may help in
overcoming associative effects. Links between sentence elements that are triggered by associative cues might rapidly di-

The current study
In this study, we examined how older and younger listeners
use lexical and combinatorial information to generate predictions in sentences of varying complexity. We take as a
baseline an analogue of the sentence materials in Kamide,
Altmann, and Haywood (2003)’s Experiment 2. In view of
Kamide, Scheepers, and Altmann (2003)’s findings, we expect eye movements to reflect the anticipation of a correct
patient (e.g., balloons) using a combination of information
conveyed by the agent and the verb in the unfolding sentence (“The clown blew up the . . . ”). We compare this to
a situation in which another mentioned character serves as
a ‘lexical lure’, occurring either just before the target verb
(local lure, “The clown grumbled at the criminal and blew
up the balloons”) or earlier in the sentence (distal lure, “The
criminal grumbled as the clown blew up the balloons”). On
the assumption that early semantic-associative processes operate independently of syntactic constraints, the addition of
this character creates another potential agent that could be
linked with the verb. Thus, we predict that upon hearing the
verb (“blew up”), the lures might reduce anticipatory looks to
the intended patient image in the display (balloons, see Figure 1) and increase looks to a competitor image (bank). This
is because the competitor’s relevance as a patient would be
boosted if the lure character were misconstrued as the agent
for the verb. This misconstrual is possible given the independent association between CRIMINAL and BLOW UP (albeit
with a different verb meaning). Moreover, this effect might
be influenced by the lure’s position in the sentence. For example, when occurring just before the verb, the lure might be
more likely to be temporarily misconstrued as the agent. This
may be because it is closer to providing an uninterrupted sub-
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string or because there is less time for the effect of low level
association to fade before the verb is encountered.
Finally, as noted above, older adults have been argued to
be less efficient at generating predictions using combinatorial
cues (Federmeier & Kutas, 2005). The variety of sentences in
the current study can provide a fine-grained approach for exploring these ideas in greater detail. For example, older adults
might show the same anticipatory patterns as younger adults
in the more simple baseline condition, but may be slower in
the lure conditions, where the chance to misconstrue the lure
character as the agent is higher (especially in the local lure
condition). Another possibility is that older adults will show
a uniform delay across conditions (including the baseline),
given that all of these cases involve some degree of combinatorial processing.

These were recorded at a normal speaking rate and were
then slightly adjusted using speech processing software so
that the duration of the verb and the following determiner was
equal across the four versions. The other eight experimental
displays were accompanied by sentences in a separate control
condition in which the verb information could not be used to
predict the target object (e.g., Control: “The man touched the
kettle”, display objects: kettle, umbrella, sofa, table; display
not shown due to space limitations). The materials were pretested by having a different group (N = 25 Mechanical Turk)
click on one of the four clipart objects that best completed
sentences with missing patient information. The sentences
were created by pairing each character mentioned in the lure
conditions with the main verb e.g., “the clown blew up . . . ”
and “the criminal blew up . . . ”. We chose only those agentpatient pairs on which raters agreed over 95% of the time.
In addition to the critical displays, the materials contained
32 filler displays accompanied by sentences with a range of
syntactic structures, different emotional intonations (sad and
happy), and in which the verb information was compatible
with two, three or four objects in the display.

Experiment 1 - Younger Adults
Method
Participants Twenty-four participants took part in the
study in exchange for course credit (mean age: 18 years
and 6 months). Participants were English native or nearnative speakers who acquired English before the age of five.
All participants gave written informed consent and were debriefed upon completion of the experiment.

Procedure Participants were tested individually. They
were first seated in front of a 27” computer monitor that
displayed the images at a resolution of 2560 x 1440 pixels.
After a short calibration phase (EyeLink 1000 operating at
a sampling rate of 500Hz), participants were told that they
would have to click on the last object mentioned in each sentence. No instructions were provided regarding the speed
with which they should respond. The pairing of displays to
conditions was cycled across lists so that each participant saw
a given display once, yet across participants the display occurred with all sentence types. Participants were given time
to preview the visual objects before the onset of the spoken instruction. The preview time was adjusted such that there was
an equal amount of time across conditions before the onset of
the verb in the accompanying sentence. Between each trial,
participants were shown a centrally located fixation point for
drift correction, and an extra recalibration procedure was carried out halfway through the experiment. Two practice trials
preceded the 80 experimental trials. The entire session lasted
approximately 40 min.

Materials Forty critical displays were created, each containing four clipart objects (see Saryazdi, Bannon, Rodrigues,
Klammer, & Chambers, 2018). Figure 1 provides an example containing the target patient (e.g., balloons), a competitor
(e.g., bank) and two unrelated objects (e.g., a lipstick and nail
polish). The position of each object type was counterbalanced
across trials. Out of the 32 critical displays, 24 were accompanied by three sentence versions as follows:
• Baseline: The clown blew up the balloons.
• Local Lure: The clown grumbled at the criminal and blew
up the balloons.
• Distal Lure: The criminal grumbled as the clown blew up
the balloons.

Results
This study manipulated Sentence Type across three levels
(Baseline, Local Lure, Distal Lure) with the Control condition providing an additional point of comparison. Figure 2
shows the mean likelihood of generating an anticipatory fixation to the target object in the critical time window, an interval that extended from the mean offset of the verb to 200 ms
following the onset of the noun (total duration = 1000 ms).
The onset of the patient noun, centred across critical trials, is
marked with a horizontal dashed line.
To evaluate the observed patterns statistically, we calculated the probability of fixating the target (target fixations divided by the sum of all fixations to the four objects) in the

Figure 1: Example of an experimental display.
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seem to depend strongly on the proximity of the verb and
the lure: the likelihood of anticipatory fixations in the Baseline condition was significantly greater than in the Local Lure
condition, but not from the Distal Lure condition.
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Participants Twenty-four participants took part in this experiment and received payment for participation (mean age
72 years and 3 months). Participants were English native or
near-native speakers who acquired English before the age of
five. Upon completion of the experiment, vision and hearing
sensitivity were assessed; all participants had normal hearing
and normal or corrected-to-normal vision.
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Materials and Procedure As in Experiment 1.
Figure 2: Average probability of anticipatory target fixations.

Results
As before, the design included the Sentence Type manipulation 3 levels and the accompanying Control condition. The
results showed a significant effect of Sentence Type. Posthoc tests revealed multiple significant differences between
Baseline (M = 0.38, SD = .30) and Distal Lure (M = 0.37,
SD = 0.28)relative to the Control condition (M = 0.26, SD =
.25) and Local Lure (M = 0.17, SD = .22) (see Table 2).
There were no significant differences between Local Lure vs.
Control (p > .05) and Baseline vs. Distal Lure conditions
(p > .05). Further analysis showed a stronger preference to
anticipate the competitor only in the Local Lure condition
(M = .47, SD = .32) relative to all other conditions (see Figure 2, right panel; Baseline, M = .25, SD = .25, β = −0.107,
SE = .03, p < .001; Distal M = .18, SD = .19, β = −0.279,
SE = .05, p < .001; Control M = .26, SD = .25, β = −0.206,
SE = .06, p < .001.

critical time window. This score was evaluated using linear
mixed effect models with Sentence Type as a fixed effect. The
random effects structure of the converging model had intercepts for participants and displays, and corresponding slope
terms for Sentence Type by participants.
The results showed a significant main effect of Sentence
Type. Post–hoc tests revealed a reliably stronger preference
to anticipate the target object in the Baseline (M = .42, SD =
.28) and the Distal Lure conditions (M = 0.45, SD = .30)
relative to the Local Lure (M = .14, SD = .22) and Control
conditions (M = .15, SD = .22), where anticipation was minimal. There were no significant differences between Local
Lure vs. Control (p > .05) and Baseline vs. Distal Lure
(p > .05). Further analysis showed a stronger preference
to anticipate the competitor only in the Local Lure condition (M = .49, SD = .35) relative to all other conditions, as
seen in Figure 2, left panel (Baseline, M = .24, SD = .28,
β = −0.128, SE = 0.03, p < .001; Distal M = .23, SD = .26,
β = −0.269, SE = 0.05, p < .001; Control M = .15, SD =
.25, β = −0.339, SE = 0.08, p < .001.

Age Comparison

These results reflect an influence of combinatorial factors,
which led to increased anticipatory target patient fixations
in the Baseline condition compared to the Control condition.
Associative factors also influenced incremental interpretation
such that mention of the ‘lure’ character reduced anticipatory
eye movements to target patients. These associative effects

For a more fine-grained analysis of the effect of sentence
type on predictive behaviour across lifespan (see Figure 3),
the data from the two experiments were analyzed together
using growth curve analysis (Mirman, Dixon, & Magnuson,
2008). The models tested for intercept, linear and quadratic
effects of time on the probability of anticipatory fixations to
the target. The baseline condition was systematically compared against each of the other conditions of interest; and Age
(2 levels: younger adults, older adults) and Time (2 levels:
linear, quadratic) were included as fixed effects. The random
effects structure of the converging models had intercepts for

Table 1: Significant contrasts for young adult data.

Table 2: Significant contrasts for older adult data.

Discussion

Contrasts
β
Baseline – Control
−0.137
Baseline – Local Lure
−0.284
Distal Lure – Control
−0.300
Distal Lure – Local Lure 0.311

SE
0.02
0.04
0.05
0.04

Contrasts
β
Baseline – Control
−0.063
Baseline – Local Lure
−0.211
Distal Lure – Control
−0.115
Distal Lure – Local Lure 1.995

p-value
<0.001
<0.001
<0.001
<0.001
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SE
0.02
0.04
0.05
0.04

p-value
<0.050
<0.001
0.050
<0.001

verb + deteterminer

ject and instead towards the competitor objects, with stronger
effects occuring with a more ’nearby’ lure. We also conducted a comparison across age groups (older vs. younger
adults) to evaluate possible differences in anticipatory processing across adult lifespan.
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Figure 3: Average probability of fixating the target object
across time and split by age groups.
participants and displays, and corresponding slope terms for
Time by participants and by displays.
Model 1: Baseline vs. Distal Lure. There were no main
effects of Sentence Type or Age (p < .05). A main effect
of the two time terms indicates an increased consideration of
the target over time as well as a “plateauing” of the anticipatory effect (Linear β = 0.721, SE = .08, t(46) = −9.295,
p < .001; Quadratic β = −0.310, SE = .06, t(35) = −5.268,
p < .001). There were no interactions between the factors.
Model 2: Baseline vs. Local Lure. There was a main effect for the Linear Term, reflecting increasing fixations to the
target across time (β = 0.460, SE = .07, t(53) = 7.122, p <
.001); a main effect of Sentence Type, suggesting stronger
target anticipation in the Baseline vs. the Local Lure condition (β = −0.265, SE = .008, t(8221) = −30.858, p < .001)
and a main effect of Age (β = −0.0348, SE = .01, t(52) =
−2.561, p < .05). The main effects were qualified by a threeway interaction involving the Linear Term, suggesting that
older adults (surprisingly) showed stronger target anticipation in the Local Lure condition in the later part of the analysis window (e.g., less influence of the misleading local lure,
β = −0.150, SE = .038, t(7773) = −3.947, p < .001). Older
adults also showed some advantage in the baseline condition,
which diminished over time.

The results clarified how associative and combinatorial factors jointly influence incremental interpretation. An effect of
combinatorial processing was apparent in the finding that listeners combined the agent and verb information in the Baseline condition to correctly anticipate the target referent (an
effect that was absent in the Control condition, where no information could not be used to generate predictions). An associative effect was also observed, but interestingly this was
only the case in the local lure condition, (“The clown grumbled at the criminal and blew up . . . ”), where listeners were
notably less likely to anticipate the target object upon hearing the verb. We conducted a follow-up analysis confirming
this result occurred largely because listeners were instead fixating the competitor in this condition, consistent with temporary misconstrual of the correct agent-verb pairing. One
possible explanation for the proximity effect is that, by placing the lure farther from the verb, its influence decayed over
time, enabling the parsing mechanism to establish the correct syntactic relations. Alternatively, it is possible that the
weak prosodic nature of the conjunction allows the “criminal
and blew up” substring to be temporarily encoded as a legitimate syntactic parse. Regardless, this pattern is in line with
modelling work suggesting that temporal proximity is an important factor in attempting syntactic links between sentence
constituents (e.g., Stevenson, 1994). In a similar vein, Levy
et al. (2009) proposed that comprehenders maintain uncertainty beliefs about previously read words, thus processing
multiple similar variants of the sentence read thus far. On
this account, the Local Lure condition presents a higher level
of uncertainty, and alternative interpretations (e.g., “[. . . ] the
criminal that blew up the balloons”) might be held active for
a longer period of time.
One especially notable result was the absence of a combinatorial ”deficit” for older adults. As noted earlier, previous research using ERP methodologies had argued that older
adults show greater difficulty in coordinating combinataorial cues during anticipatory processing. The current results,
however, show no evidence of this, with both groups showing
similar performance across conditions. In fact, older adults
seemed to be less affected by the local lure. Future research is
clearly necessary to resolve these discrepancies. One explanation for older adults’ reasonably impressive performance
may involve older adults’ greater linguistic knowledge. In relation to this, more skilled language users have been shown
to better inhibit eye movements to implausible referents (e.g.,
Kukona et al., 2016; Borovsky, Elman, & Fernald, 2012) and
modelling work suggests that competition effects diminish
over time with training (Kukona, Cho, Magnuson, & Tabor,
2014). Moreover, if susceptibility to the local lure can be understood a type of “shallow processing”, it is relevant to note

Discussion and Conclusions
Under some circumstances the human language processing
system may intitially build interpretations that are not consistent with the global sentence context. The purpose of the
present study was to further explore the interplay between associative and combinatorial influences on processing by measuring verb-driven predictions across two age groups. Listeners were presented with sentences that in some cases included
an associative ‘lure’ character, which occurred just before the
target verb, or at an earlier point. We predicted that lexical associations could influence anticipatory eye movements
by driving eye movements away from the correct patient ob-
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that the solid performance of older adults in the current case
is similar to results from reading studies. Daneman, Hannon,
and Burton (2006) showed that older and younger readers
misinterpreted misleading elements of text at the same rate,
yet an analysis of eye movements showed that the older readers detected these anomalies sooner than younger readers.
To conclude, the current study investigated associative and
combinatorial information that could influence the predictive
processing of sentence information. In addition, age differenceswere tested. Results suggest that associative effects are
subject to factors of proximity, and that aging is not itself a
strong determinant of predictive processing ability.
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Abstract

In cases of this type, what determines the values that
come to mind? One obvious hypothesis would be that the
distribution of the amounts that enter people’s conscious
awareness should mirror people's perception of the
corresponding statistical frequencies in the population. On
this hypothesis, people should have a high probability of
thinking of the amounts they perceive as frequent, and a low
probability of thinking of the amounts they perceive as
infrequent. The mean of the amounts that came to mind
would then converge to the amount people regarded as the
actual population mean.
But there is also another factor that might play a role here.
In the context of decision-making, it is often helpful to be
guided by prescriptive considerations. In other words, when
other things are equal, it is often helpful for people to have a
high probability of thinking of options they perceive to be
genuinely good, and a low probability of considering
options they perceive to be bad.
These two kinds of considerations — statistical and
prescriptive — may at first seem to be almost entirely
unrelated. However, recent research suggests that there is
actually a close connection between the two. People appear
to be capable of using a single, undifferentiated
representation that mixes together the statistical and the
prescriptive (Bear & Knobe, 2017; Icard, Kominsky, &
Knobe, 2017; Phillips & Cushman, 2017; Wysocki, 2018).
For example, when participants are asked whether a given
amount is ‘normal,' their answers are influenced both by
statistical judgments and by prescriptive judgments. The
perceived 'normal amount of TV to watch in a day' is
therefore intermediate between the perceived average and
the perceived ideal (Bear & Knobe, 2017). Similar results
have been obtained across numerous other domains
(Wysocki, 2018).
The present paper tests the hypothesis that the distribution
of the amounts that enter people's conscious awareness
shows this same mix of statistical and prescriptive
considerations. On this hypothesis, people are sampling
from a distribution that is shaped both by perceived
frequency and by perceived goodness.
We consider three basic types of models. First, the
probability of thinking of a given possibility might be
determined (i) entirely by statistical considerations.
Alternatively, it might also be determined by prescriptive
considerations. If it is determined by both, it might be that
(ii) these two kinds of considerations affect the probability
of considering the possibility in a purely additive way (i.e.,
both considerations independently make things more likely
to enter conscious awareness); or (iii) the two kinds of

People can consciously think about only a few things at a
time. But what determines the kind of things that come to
mind, among a potentially infinite set of possibilities? Two
experiments explored whether the things that come to mind
are sampled from a probability distribution that combines
what people think is statistically likely and what they think is
prescriptively good. Experiment 1 found that when people are
asked about the first quantities that come to mind for
everyday behaviors and events (e.g., hours of TV that a
person could watch in a day), they think of values that are
proportional to, and intermediate between, what they think is
average and what they think is ideal. Experiment 2
quantitatively manipulated distributions of times people
devoted to engaging in a novel hobby (“flubbing”) and the
corresponding distributions of goodness of doing this hobby
for various amounts of time. The distribution of values that
came to mind resembled the mathematical product of the
statistical and prescriptive distributions we presented
participants, suggesting that something must be both common
and good to enter conscious awareness. These results provide
insight into the algorithmic process generating people’s
conscious thoughts and invite new questions about the
adaptive value of thinking about things that are both common
and good.
Keywords: sampling; consciousness;
computation

moral cognition;

Introduction
Think of an amount of TV that a person could watch in a
day. You might think of one hour, two hours, perhaps even
five or six hours. There are no right or wrong answers to
this question — it is just a matter of which amount first
comes to mind.
This exercise is a contrived example of a computation that
the mind performs all the time: selecting samples out of a
broad array of possibilities. There are infinitely many
possible amounts of TV a person could think about at any
given time, but clearly, some amounts are much more likely
to come to mind than others. For example, a person will be
much more likely to think of three hours than 17.5 hours.
Existing research has explored the ways in which people
use sampling algorithms to complete specific aims, such as
prediction and decision-making (Stewart, Chater, & Brown,
2006; Vul & Pashler, 2008; Vul, Goodman, Griffiths, &
Tenenbaum, 2014). Importantly, however, people also have
a capacity to select samples in cases in which they are not
explicitly aiming at achieving a specific goal. Even in the
absence of a well-defined goal, certain possibilities naturally
come to mind while others do not.
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considerations actually interact in determining the
probability of thinking of a possibility. Specifically, the kind
of things that most readily come to mind may be things that
are both statistically likely and prescriptively good, and that
neither one of these properties is, on its own, sufficient to
bring something to mind.
We explored this question both in a relatively naturalistic
setting (Experiment 1) and in an artificial setting in which
we could more precisely model people's responses
(Experiment 2). We found support for model (iii) from
above: what comes to mind is an interaction of what people
think is likely and what people think is good.

Results
Participants’ responses in each condition were averaged for
each of our 40 domains (Table 1). Responses from
participants who failed an attention check or that were 3
standard deviations away from the mean answer for a given
question were excluded.
Since our questions asked about very different kinds of
quantities (hours, calories, etc.), assumptions of normality
were violated. To address this problem, mean responses for
each measure were converted to log scale.
To examine how judgments of averages and ideals affect
sampling judgments, we compared a regression model in
which only average judgments predict sampling judgments
to a model in which both average and ideal judgments
predict these judgments. The latter model reveals that both
judged averages, b = .77, SE = .05, p < .001, and judged
ideals, b = .18, SE = .04, p < .001, significantly predict
sampling judgments. Moreover, the corrected Akaike
Information Criterion (AICc) for this model (17.75) is
markedly lower than that for a model in which only judged
averages predict normality judgments (30.88), suggesting
that it is a more appropriate model of the observed data.
Following Wagenmakers & Farrell (2004), the strength of
evidence in favor of the more complex model can be
quantified with an evidence ratio. This ratio was 709,
indicating a highly favorable fit for the model that includes
ideal judgments as a predictor.
We also conducted non-parametric analyses to explore
whether people’s samples were intermediate between
judged averages and ideals. For a given sample to be
intermediate, it must be both on the ideal side of the average
and the average side of the ideal. For the 40 domains, 29
were on the ideal side of average (binomial p = .006), and
37 were on the average side of ideal (binomial p < .001).
Further, 26 out of 40 of the sample values met both of these
criteria — i.e., they were intermediate between average and
ideal judgments. Thus, although many sample values were
not intermediate, the proportion that were intermediate was
considerably greater than what would be expected by
chance (binomial p < .001 with a null hypothesis of 1/3,
since there are two possible ways that an item can be nonintermediate).

Experiment 1
In this experiment, we examined how people’s intuitions
about average and ideal amounts of various ordinary
behaviors or events relate to what values spontaneously
come to mind. We developed a list of 40 such behaviors or
events, 20 of which were borrowed from a similar design
from Bear & Knobe (2017). We hypothesized that the
values that come to mind would be influenced not only by
what was considered average, but also what was considered
ideal.

Method
The study proceeded in two parts on Amazon’s Mechanical
Turk. One set of 100 participants was randomly assigned to
judge either the average or ideal value of a set of 20
randomly chosen behaviors or activities, which were
randomly selected from the total set of 40. These 20 items
were presented in random order to participants. Thus, for 20
of the 40 domains, approximately 50 participants were
asked to fill in values like “Average number of hours of TV
that a person watches in a day”, and approximately 50 other
participants were asked to fill in values like “Ideal number
of hours of TV for a person to watch in a day”. To avoid
demand characteristics, participants were only always asked
about either averages or ideals, never both in the same
session.
A separate group of 100 subjects participated in the
sampling part of the experiment, in which they gave values
that first came to mind. Participants were instructed to
simply “enter the first number that comes to mind” when
reading the presented phrase, and it was emphasized that
there was no “correct” answer. In order to encourage
participants to give a spontaneous judgment, we instructed
them to try to give each response in under 5 seconds.
However, responses were still solicited after this time delay.
After completing two practice trials, the participants were
presented with a random 20 out of 40 domains, presented in
random order. Each page simply displayed a phrase like
“NUMBER OF HOURS OF TV FOR A PERSON TO
WATCH IN A DAY” and a timer counting down from 5
seconds, along with a box for subjects to give their
response.

Discussion
In this experiment, the values that spontaneously came to
people’s minds, like hours of television watching, were best
explained by considering both statistical reasoning (what is
considered average) and prescriptive judgments (what is
considered ideal). However, this result does not tell us about
the computational process that generated these judgments.
In the next experiment, we explore this question in more
detail.

Experiment 2
Experiment 1 found that what comes to mind depends on
both statistical and prescriptive kinds of information. But
because people’s statistical and prescriptive beliefs were
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collapsed into single judgments of average and ideal,
respectively, we could not get a detailed understanding of
how this information was being used to produce people’s
sample judgments.
In Experiment 2, we moved away from simple point
values of “average” and “ideal” to a more controlled setting,
in which the entire distributions of statistical and
prescriptive information that participants were exposed to
were varied, so we could explore how these full
distributions were functionally combined to produce
samples that came to mind. In particular, we could compare
models in which the samples were a function of a weighted
sum of statistical frequency and prescriptive goodness to
models in which the samples were a function of the product
of these two types of information.

1, they were told that there was no need to deliberate about
this and that we were not looking for a particular correct
answer. Participants were also asked afterwards what they
thought the average amount was.

Computational Framework
To investigate how prescriptive information influences
participants’ sample judgments, we consider several models
that combine statistical and prescriptive information to
produce a probability distribution of possible samples. On a
simple account, people might simply draw samples from the
statistical distribution that generated the data, ignoring
information about goodness. Thus, participants’ samples
may be guided by
Control(x;C) = Stat(x) + C,

Method
Four-hundred participants from Amazon’s Mechanical Turk
were randomly assigned into one of four conditions in a 2 x
2 design. We orthogonally manipulated the statistical
distribution of values presented to participants (unimodal vs.
bimodal) and whether our fictional hobby was healthy or
unhealthy (high ideal vs. low ideal).
Participants were first presented with a description of the
fictional hobby of “flubbing”. In the low ideal condition,
participants were told that “although it is safe to flub for a
few minutes every week, doctors warn that there are serious
health risks associated with flubbing for longer periods of
time.” The high ideal condition, in contrast, stated that
“doctors advise their patients to flub as much as possible”
and that the more people flub, the healthier they are.
Participants were then told that they would be presented
with amounts of time (in minutes) that 100 people flubbed
in the past week (one at a time, on separate pages), along
with health grades, ranging from A+ to D-, that indicated
the healthiness of flubbing for each of these amounts of
time.
Grades were calculated in the following way. In the high
ideal condition, all amounts of flubbing greater than 80
minutes were given an A+, and all amounts less than 20
were given a D-. The opposite was the case in the low ideal
condition. Then, within the 20–80 range, grades were
spaced linearly in intervals of 5, such that 75–80
corresponded to A+, 70–75 A-, and so on for the high ideal
condition, and the reverse for the low ideal condition.
The amounts of flubbing were sampled from a normal
distribution with µ = 45 and σ = 15 in the unimodal
condition and a sum of normal distributions with µ = 35 and
75, and σ = 5, in the bimodal condition. These values were
rounded to the nearest integer. Within each of these
conditions, all participants were given the exact same 100
values (i.e., we only sampled from these distributions once
per condition), presented in a different random order for
each participant.
After viewing all 100 values of flubbing, participants
were asked, without forewarning, what was the first number
of minutes of flubbing that came to mind. As in Experiment

(1)

where C is constant term to account for any uniform
baseline probability of sampling. In contrast, there are
several ways in which prescriptive information could
combine with statistical information to play a role in
predicting what comes to mind. (To save space, we ignore
the obviously false model in which only prescriptive
considerations influence samples.)
We focus on two sets of possible models. First, what
comes to mind may be a weighted combination, or sum, of
statistical and prescriptive information, such that amounts
that are more common are more likely to be sampled, and
amounts that are more desirable are also more likely to be
sampled, but the interaction between these two pieces of
information does not play any role. In other words,
statistical frequency and normative goodness may simply be
two independent factors that contribute to a value’s
probability of coming to mind. If so, then participants’
judgments should follow a distribution of the form
Add(x;c,b,w1,w2,C) = w1*Stat(x) + w2*Ideal(x;c,b) +
C,

(2)

where w1 and w2 are weighting parameters.
Alternatively, values may only (or primarily) come to
mind when they are both statistically frequent and
normatively good. That is, the probability of sampling may
be proportional to the product of frequency and goodness. If
so, participant judgments should follow a distribution fit by
Mult(x;c,b,C) = Stat(x)*Ideal(x;c,b) + C.

(3)

In the additive and multiplicative models (Eqs 2 and 3,
respectively), we consider two potentially relevant factors in
mapping the letter grades we presented participants to the
Ideal function: baseline goodness (parameter b) and
convexity (parameter c). At baseline, bad amounts of
flubbing (e.g., 10 minutes in the high ideal condition) might
be given an ideal value of 0 or might be given a value that is
only slightly worse than good amounts of flubbing (e.g., 90
minutes in the high ideal condition). The baseline goodness
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parameter, therefore, tracks how bad people think it is to
flub an amount that deviates greatly from the highest
possible grade.
The convexity of the function tracks the relative drop-off
in goodness as values move away from the highest possible
grade. For example, people may think that a B grade is
much worse than an A grade, but a D grade is only slightly
worse than a C grade, indicating a highly convex function.
In contrast, convexity of 0 would correspond to a
completely linear function, in which the difference in
goodness between A and B is the same as that between C
and D. (We ignore the possibility of concavity here, as our
data strongly suggests that goodness takes a convex form.)
Putting this all together and assuming that goodness
cannot get higher than 1, we model goodness in the high
ideal condition as

Figure 1 presents histograms of the sample values across
the four conditions, along with model fits (black lines) from
the best-fitting multiplicative model, with c = 0.084, b =
0.047, and C = 0.0005. The green lines indicate the ideal
function for each of these conditions with the fitted
parameters, and the gray lines displays the statistical
distributions. It is clear from visual inspection that the
multiplicative model does a fairly good job of characterizing
participants’ sample judgments, particularly in the bimodal
conditions. In the unimodal conditions, it spreads out the
probability mass across less ideal values slightly more than
observed, but still captures the general shape.
Unimodal Low Ideal
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when x < 80 and 1 otherwise. The low ideal condition
simply flips the function, such that x – 80 becomes 20 – x
for values of x > 20, with Ideal(x) = 1 when x < 20.
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We first explored whether participants’ sample judgments
of what comes to mind were influenced by the goodness of
the hobby (i.e., whether it was healthy or unhealthy). This
was confirmed: participants’ samples averaged 33.78 across
low ideal conditions and 60.47 across high ideal conditions,
t(394) = 15.13, p < .001. (Note that a few observations were
lost by participants who did not give numerical responses to
our sample question, explaining the 4 missing observations.)
Moreover, these judgments deviated significantly more in
the direction of the ideal than participants’ estimations of
the average amount of flubbing they saw: judgments of
average were 40.77 and 49.48 in the low and high ideal
conditions, respectively (t(198) = 5.93, p < .001 and t(195)
= 4.83, p < .001 comparing average and sample judgments
in each condition).
Next, we fit each class of model to our observed data
using maximum likelihood estimation, implemented with
MATLAB’s fmincon function. All parameters were
constrained to be between 0 and 1, and all models fit to the
entire dataset (i.e., one set of parameters were fit to all
conditions together).
Despite the additive model’s two extra free parameters,
the multiplicative model outperformed it: the best-fitting
multiplicative model had a negative log likelihood (NLL) of
1,567, while the best-fitting additive model had a NLL of
1,642. Moreover, a comparison of AIC values suggests that
the multiplicative model is definitively more likely to
minimize information loss (evidence ratio > 1032). As
expected, the control model performed much worse than
both of these models, with a NLL of 1,674, and had a much
worse AIC than the best-fitting multiplicative model
(evidence ratio in favor of multiplicative model > 1044).
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Figure 1: Data and model fits from Experiment 2. Vertical
bars show proportion of values sampled by participants.
Gray and green lines show the statistical information and
prescriptive information (fit through Eq. 4) that participants
saw, and the black lines show the predictions of the best
multiplicative model (Eq. 3).

Control Experiment
Experiment 2 confirmed that the normative information
presented to participants strongly influenced what came to
mind. However, it is possible that any information that we
would give to participants other than statistical frequency
could have a similar effect. If so, our data would not provide
evidence that goodness, in particular, exerts an influence on
sample judgments, but just any extraneous information.
To address this worry, we conducted a (N = 101) followup experiment on Mechanical Turk, based on the
distribution and ideal values from the unimodal, low ideal
condition above. In the experimental condition, participants
were told (as above) that too much flubbing was bad for
their health. However, instead of presenting health grades,
we presented descriptions of “Very Good,” “Somewhat
Good,” “Somewhat Bad,” and “Very Bad” to indicate the
healthiness of the flubbing amounts, which corresponded to
grades in A-range, B-range, C-range, and D-range,
respectively.

133

In the control condition, we instead told participants that
flubbing is a hobby that people “like to do at various
altitudes” and that people tend to flub for longer amounts of
time at lower altitudes, but the altitudes do not influence
how enjoyable flubbing is. Then, using the same values
from the other condition, we presented participants with
descriptions of the altitudes at which different people
flubbed (“Very High,” “Somewhat High,” “Somewhat
Low,” and “Very Low”), which corresponded exactly to the
mapping of labels from the other condition.
Our results confirmed that the prescriptive information
from the experimental condition exerted a larger influence
on people’s sample judgments (µ = 34.59) than the
irrelevant altitude information (µ = 41.16), t(99) = 2.11, p =
.038, suggesting that prescriptive information plays a
specific role in biasing what comes to mind. Moreover,
participants’ sample judgments in the altitude condition
were not significantly different from their judgments of the
average (µ = 45.06), t(49) = 1.43, p = .160.

In this experiment, we manipulated the distributions of
statistical and prescriptive information we presented to
participants to more quantitatively measure the extent to
which this information influences what comes to people’s
minds. Consistent with Experiment 1, we found that
goodness exerts a strong influence on people’s sample
judgments — and this is not true for other irrelevant
information. More importantly, we found that people
sample proportional to the product of statistical frequency
and prescriptive goodness, suggesting that, in general,
something needs to be both common and desirable for it to
come to mind.

likely to find themselves in situations in which someone
else is performing one of those actions. Then, unrelatedly,
perhaps it is adaptive for people to think about actions they
regard as good because they will need to consider those
actions in their own planning or deliberation. This type of
hypothesis is certainly a plausible one, but it faces at least
some difficulty in explaining why people specifically tend
to think about possibilities that are both frequent and good.
A second strategy would be to develop a more unified
account that explains why it might be adaptive to think
about possibilities in this hybrid way. For example, of all of
the infinitely many things you might choose to do in your
life, which would be worthy of further conscious
consideration this afternoon? Given that you could not
feasibly consider all candidate actions, a useful heuristic
might be to consider, from among the reasonably common
actions, those that seem relatively good. Thus, one would
not consider options that are extremely infrequent (e.g.,
traveling to the moon) or options that seem extremely bad
(e.g., robbing a bank) but only options that seem to be both
reasonably frequent and also relatively good. On this
hypothesis, statistical and prescriptive considerations are
relevant for the same reason, namely, that they help in
identifying options that might be worth considering in
deliberation.
In sum, the present work offers a first step in describing
the informational and computational factors that contribute
to a largely unexplored psychological phenomenon:
thoughts entering conscious awareness. The results suggest
that this process involves a surprisingly systematic blend of
statistical and prescriptive considerations. Further work
should continue to explore the nature of this blending and its
role in downstream cognitive processes.

General Discussion
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Table 1: Mean Average (A), Ideal (I), and Sample (S) Judgments across Domains from Experiment 1
Domain

A

I

S

Hours TV/day

3.38

1.63

2.87

Sugary drinks/wk

9.17

2.41

5.91

Hours
Exercise/wk

4.00

5.58

6.33

2225.91

1900.00

1859.24

40.00

94.96

39.16

Lies told/wk

9.57

1.17

8.44

Mins late for
appointment

14.22

3.04

13.60

Books read/yr

7.22

17.40

8.45

6.09

5.77

8.06

Parking tickets/yr

11.67

1.36

4.15

Times car
wash/yr

437.45

82.00

350.32

33.00

2.17

28.57

Cals
consumed/day
Servings fruits &
veggies/month

Romantic
partners in life
Country’s
international
conflicts/decade
$ cheated on
taxes
% students cheat
on HS exam
Times checking
phone/day
Mins waiting on
phone for
customer service
Times called
parents/month
Times clean
home/month
Times computer
crash/wk
% HS dropouts
% middle
schoolers bullied
Hrs slept/night

Domain
Drinks frat bro
consumes/wkend
Times honk at
drivers/wk
Mins on social
media/day
Times parent
punishes
child/month

A

I

S

11.12

6.63

15.64

2.67

0.72

2.53

60.57

35.40

59.10

6.58

2.28

3.25

9.79

12.96

9.96

11.30

1.23

9.45

1.52

0.00

1.73

2.13

0.76

1.98

1.67

0.04

1.37

10.77

12.85

11.31

Cups coffee/day

2.21

1.84

2.72

19.50

Desserts/wk

3.85

2.92

4.04

7.68

16.57

Loads of
laundry/wk

3.42

2.70

3.75

20.21

3.88

13.29

% smokers

22.81

6.16

20.79

5.00

5.50

7.04

35.81

13.71

32.96

5.78

4.35

6.24

50.56

13.40

47.20

3.07

0.12

1.14

62.43

16.13

33.23

10.67

1.29

11.49

27.18

12.88

18.10

17.59

0.81

19.46

2.60

0.56

2.20

6.69

7.84

7.32

8.69

5.88

11.26

Miles walked/wk
% people drive
drunk
Times cheat on
partner in life
Times snooze
alarm/day

% HS students
underage drink
% lie on dating
website
Servings
carbs/day
Txt msgs sent/day
Times lose
temper/wk
Times
swearing/day
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Abstract

Interestingness has been a classic area of research in psychology. Berlyne’s theory of interestingness (D. E. Berlyne,
1960, 1970), which was developed in experimentation with
visual patterns, art and music, focuses on perceptual situational interest. Berlyne considered interest to be a monotonic
function of collative variables, such as novelty, complexity,
uncertainty and conflict. Later, Schank made one of the
earliest attempts (Schank, 1979) in identifying the sources
of story interestingness. With a goal of controlling inference
sequences in a story understanding system, he counted the unexpectedness of story events, a measure of “personal relatedness” (events about those close to us), and a class of “absolute
interests” (e.g., death, sex), to be the major causes of story
interestingness. Absolute interests were also corroborated by
other researchers under various name, such as “generically
important topics” (Freebody & Anderson, 1986), or “human
dramatic situations” (Wilensky, 1983).

Interactive intelligent agents use cognitive models to anticipate and simulate human behavior, and a fundamental pillar of human cognition and interaction is narrative. As a
result, agents need to understand human comprehension of
various types of narratives. A key component of modeling
comprehension is the perception of interestingness of constituent actions and events in the narrative. In this paper, we
briefly review previous theories of interestingness, drawn from
cognitive psychology and narratology. We propose expanded
computationally amenable theory of interest which takes into
account both cognitive and experiential aspects of perceived
interest. To empirically validate the theory, we present a
narrative generator for abstract animations inspired by Heider
and Simmel’s experiments (Heider & Simmel, 1944). The
generated animations are parameterized along the dimensions
of our proposed theory. We present the results of a user study
with this generative system and report on the effects of visual
narrative parameters on perceived interest.
Keywords: story interest; cognitive interest; visual narrative

Introduction

Categorizations of Interest

What makes a story interesting? Attempts to answer this
question have enjoyed periodic focus of researchers over
decades, to the extent that story interestingness has been
regarded as a neglected variable (Hidi & Baird, 1986). The
benefit in finding the nature of interest is clear; in learning sciences, for instance, a better understanding of interestingness
can result in an improved education (Silvia, 2006). Many
areas of artificial intelligence, such as storytelling, games and
interactive agents, heavily depend on the perceived interestingness of their narratives as well. But the question looms:
which stories have a better chance of being perceived as more
interesting to an audience?
Is there an intrinsic difference in the perception of interest
when it comes to comparing various mediums of visual narrative, such as animations or games (Pereira Santos, Khan,
& Markopoulos, 2016)? In this paper, we survey a number
of theories of story interestingness and highlight gaps in research on this topic. We then introduce an expanded theory
of interest, one that complements the dominant direction of
investigation which is of cognitive interest based on one’s experiences. Finally, we attempt to evaluate the role of various
types of interest in a generated abstract visual narrative that
is based on the classic experiments by Heider and Simmel’s
(Heider & Simmel, 1944).

In attempts to improve this theory, categorizing various types
of interests was central to the research efforts that followed.
A popular starting point in such categorization was the source
of interest: is one interested in a stimulus because of an
objective property of the stimulus, or because of predispositions in one’s self? Based on attempts to answer this
question, researchers have introduced categorizations such as
individual and situational interests (Hidi & Baird, 1986), or
interestedness and interestingness (Frick, 1992). Beyond the
question of source, Kintsch (Kintsch, 1980) proposed two
types of story interestingness: “emotional” and “cognitive”.
Emotional interest is created through the arousal function of
certain events, and hence includes Schank’s absolute interests. Cognitive interest, on the other hand, is mostly caused
by the relationship between the incoming information and
background knowledge.
These categorizations led to an almost exclusive focus
on cognitive interest, given the assumptions that cognitive
interest is a more universal measure and that it can more
predictably attract readers and listeners to a story, regardless
of the context. As a side effect, other possible sources of
interest were neglected even more, and were often categorized broadly as “emotional” (Kintsch, 1980; Kim, 1999), or
“topic” (Campion, Martins, & Wilhelm, 2009) interests.
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Cognitive Interest

link with interest, is at the center of this research. Notably,
building up expectations, is assumed to be a key part of how
visual narratives function in comics and movies (Foulsham,
Wybrow, & Cohn, 2016). This building up of expectations
is conceptually very close to some of theories of cognitive
interest in narrative discussed above, especially predictive
inference. The parallel between these lines of research could
indicate an emerging theory of visual narrative comprehension that can further and better ground a variety of lines
of research on narrative, including narrative generation for
entertainment and interactive agents.

Background knowledge, as previously mentioned, was introduced by Kintsch (Kintsch, 1980), along with the degree of
generated uncertainty, and “postdictability” (how well the information can be meaningfully related to other sections of the
text). This view shapes an inverted-U function of knowledge
and uncertainty for cognitive interest (where fully-known or
perfectly unknown domains are both unlikely to generate interest). However, other researchers disputed the existence of
a direct causal link between background knowledge and cognitive interest. For instance, Frick (Frick, 1992), conducted
experiments that showed background knowledge to have no
direct effects on cognitive interest; and instead, he concluded
a change in one’s beliefs to be the cause of cognitive interest.
Defined as the disruption of active expectations, Mandler
(Mandler, 1982) believed incongruity to be the cause of
cognitive interest. Under this theory, readers may implicitly
assume particular schemata in every story (Bower, Black, &
Turner, 1979), and hence, information that is incongruent
with an assumed schema is considered to be a source of
cognitive interest. It is worth noting that this view seems to
be particularly close to Schank’s unexpectedness, especially
given his notion of story scripts (Schank & Abelson, 2013).
Conceptually close to the idea of postdictability by
Kintsch, a successful resolution of incongruity, through a
process called reconceptualization, was believed by IranNejad (Iran-Nejad, 1987) to be the cause of cognitive interest.
Iran-Nejad also associated cognitive interest with “extra cognitive operations”, but this view was later deemed to be too
broad by others (Kim, 1999).
Kim considered the generation of inference, which happens as a result of incongruity, to be more directly responsible for cognitive interest. Kim experimented with breaks
in causal chains of stories to form “implicit” and “explicit”
variants. As Kim points out, this theory is close to Kintsch’s
and Iran-Nejad’s notions of postdictability and reconceptualization, but it does not require additional information in
subsequent parts of the story.
Campion et al. later disputed Kim’s theory in (Campion
et al., 2009), and suggested that the causal breaks used in
his experiments may have been a source of unexpectedness,
which in turn could have caused cognitive interest. Inspired
by Berlyne’s notion of epistemic curiosity (D. Berlyne, 1962),
Campion et al. focused on cognitive interest as a “motivation to know more”. Through a series of experiments,
they showed that cognitive interest is caused by uncertainty,
which is in turn caused by the generation of predictive inference. Predictive inference, as opposed to inductive inference,
involves a presumption about what will happen next in a story.

Interest as an Emotion
Based on appraisal theories of emotion (Lazarus, 1991),
Silvia points out that interest is an emotion (Silvia, 2008).
He suggests that interest comes from two appraisals (Silvia,
2005, 2006). First, is an evaluation of novelty-complexity,
which can support previously proposed properties such as
unexpectedness. Second, is an evaluation of comprehensibility or coping-potential; which involves one’s belief in one’s
self to have the knowledge and resources to “deal with” an
event (e.g. understand a complex or unexpected concept).
It is worth noting that Campion et al. consider their theory
to be compatible with the appraisal-based views of interest,
and count the appraisal of coping-potential as a necessary
condition for cognitive interest. They assert that uncertainty
must both have a clear source, and be considered solvable by
the audience, in order to cause cognitive interest (Campion et
al., 2009).
Interests Interact. Studying interest in various stimuli is
greatly affected by the context in which a given stimulus
exists, much like day-to-day stories people tell, which are
very situated and do not happen in a vacuum of our choosing.
When a story is about violence (e.g., Will the hero survive
a bomb?) interests are generally higher, regardless of the
particular properties in any entailed event or object. This is in
line with Schank’s idea of absolute interests discussed earlier.
Furthermore, and as another example, people’s predispositions about particular common themes of life can generate or
guide various kinds of interests as well (e.g., Will someone
cheating win or lose a race?). This ideas is communicated
by other researchers as well (Rapp & Gerrig, 2006). And
yet, to the best of our knowledge, there has not been a theory attempting to formally connect such experienced-based
interests to the generation of cognitive interest in the comprehension of narrative.

Experiential interest
Given the blended nature of comprehension discussed above,
one’s prior experiences and biases seem to have a significant
role in perceiving a narrative, or a stimulus inside a narrative,
as interesting. Hence, recognizing these experiential interests better, and studying them in conjunction with cognitive
interest, may help further our understanding of the topic and
perhaps facilitate a better computational generation of interest

Visual Narrative Comprehension
In recent years, research in cognitive sciences has turned its
attention towards visual narrative, such as those found in
comics and films (Cohn, Foulsham, Smith, & Zacks, 2017).
The concept of “visual attention”, which establishes a strong
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in stories.
We attempt to define experiential interests as follows; a
type of interest one may hold in an external stimulus (e.g.,
a story) that can only be realized in the context of an audience’s natural properties, identity and preferences, prior
experiences and interactions. We believe that experiential
interests will play a central role in generating narrative for
social and situated storytelling applications, especially in
situated settings where memories and prior experiences are
accessible. We will introduce a taxonomy for various types of
experiential interests. These types outline a decreasing range
of universality, such that type 1 is the most universal (least
individualized) and type 5 is the least.

For instance, a premise in type 4 is the subjective significance
of memories, and hence, Schank’s example of cutting child’s
toenails (Schank, 1979) fits well here.

Heider and Simmel Experiments
In a classic 1944 study (Heider & Simmel, 1944) by Fritz
Heider and Marianne Simmel, participants were shown an animation involving three moving geometrical figures, Fig. 11 .
The study consisted of three experiments, in which participants were asked to describe or answer questions about the
animations. Nearly all of the participants of the three experiments interpreted the pictures in terms of actions of animated
beings, typically people, who faced challenges, defended
their loves, and helped the needy, among other things. Heider
and Simmel’s study highlighted the phenomenon of apparent
behavior for the first time (to the best of our knowledge).

Taxonomy of Experiential Interest
Below, is one taxonomy for the Experiential Interest.
Type 1. Instinctive Interests: called “absolute interests”
by Schank (Schank, 1979), instinctive interests have roots
in our nature. Examples: death, danger, power, sex, etc.
Type 2. Common Themes: these interests are common
personal or interpersonal themes of life that happen to many
individuals, and their existence and the usual circumstance
around them is known by most. They might vary from
culture to culture, and from generation to generation, but
there also exists a great deal of consistency about many of
them, across cultures and generations. Examples: being an
underdog, growing up poor, being bullied in school, etc.

Figure 1: A still image of the animation used in (Heider &
Simmel, 1944). The shapes moved around, while the “house”
was stationary, with the exception of its “door”.
This experiment has motivated and informed researchers
in many areas of study, such as social psychology (Abrams
& Hogg, 2006; Burr, 2015; Kelley, 1973), the psychology of
art (Arnheim, 1956) and the psychology of narrative (Sarbin,
1986), among many others. Although storytelling was not the
main focus of Heider and Simmel, this study reveals the primacy of our narrative-based world view. Participants created
stories about love, revenge and bullying, and deduced actions,
goals, intentions, and personalities, from simple movements
of abstract shapes. The principle of attributing mental states
to highly abstract stimuli has been corroborated in other studies, such as in (Dik & Aarts, 2007).

Type 3. Topic Interests: we use “topic interests” (in
contrast to (Campion et al., 2009)) to specifically refer to
subjects that constitute areas of general interest for individuals. Topic interest are a part of each individual’s slowly
developing identity and personality. Examples: geography,
sci-fi movies, fireworks, etc.
Type 4. Reminiscence: stories that are, intentionally or
unintentionally, and directly or indirectly, reminiscent of
one’s past, are often of significant subjective interest. Reminiscence may occur about memories of shared experiences
as well. There is a growing body of research in cognitive
and social psychology that has underlined the importance of
such storytelling in self-development (McLean, Pasupathi,
& Pals, 2007), social relationships (Alea & Bluck, 2003).
Examples: first dates, a road trip with an old friend.

Why Study Interest in Abstract Visual Cues? Understanding interest and comprehension when it comes to abstract visual narrative has direct links to visual narrative
comprehension (as discussed earlier), and hence may help
in developing more engaging visual narratives. Moreover,
studying interest in an abstract stimulus may help our understanding of it to be free of potential nuances of various
mediums and complex stimuli (e.g., games or elaborated interactions).

Type 5. Implicit Familiarity: as the most personal kind of
experiential interest, this type represents experiences such
as déjà vu, in which a meaningful but not necessarily fully
recognized connection between stimuli and personal memories is established (Brown, 2003). Memories causing this
type of interest in an stimulus are likely to be abstract and
affected by emotional states. Example: a red rose reminding
one of a personal experience.

A Simple Generator
In order to study the effects of various types of interestingness
in abstract visual narrative, and to explore the possibility of

Personal Relatedness We believe that Schank’s idea of
personal relatedness is embedded into different types of experiential interest, given their range in being individualized.

1 To watch the animation shown to participants of
the study in (Heider & Simmel, 1944), please refer to
https://www.youtube.com/watch?v=n9TWwG4SFWQ
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a controlled process for the generation of interest in such
setting, we designed a new system. Using the Unity engine,
and based on some input values, our generator creates new
animations similar to the one used in Heider and Simmel’s
study (Heider & Simmel, 1944).
Our input involves two numeric values in (0, 1) range,
representing a relative but quantified measure of cognitive
and experiential interests. As seen in Fig. 2 2 , the generated
animation was consisted of 3 geometrical shapes with fixed
size and changing locations, and a large fixed rectangle which
included an opening, resembling a “house” and its “door”.

Table 1: Associable shape behaviors in our study.
Random Movements (no intended interest association): fully
random movement is the most basic type of behavior of the system, during which, shapes move continuously at a constant speed
and on random linear lines. They do not leave the screen, cannot
cross the boundaries of the home rectangle (but can enter and exit
through its door), and do not overlap with each other.
Chase (experiential): In this behavior, the larger square will randomly select one of the smaller items, and chase it. The movements of the smaller item will be in random mode. The distant
between the two items will change periodically to suggest tension.
The chasing does not end, unless explicitly timed, or combined
with other behaviors. The chasing behavior is a case of type 2 in
experiential interests.
Corner (experiential): This behavior involves the larger square
cornering one of the smaller shapes, randomly selected, in one
of the three available inner corners of the home rectangle. The
cornering behavior is also a case of type 2 in experiential interests.
Break-wall (cognitive): This behavior can enable a shape to
ignore and cross the boundaries of the home rectangle. When
followed after a period of time where walls are respected, or when
observed that other shapes cannot do the same, this behavior is
expected to cause cognitive interest.
Teleport (cognitive): This behavior can enable a shape to jump
between any two locations of the screen, instantly, without traveling the line connecting them. When followed after a period of
time without it, or when observed that other shapes cannot do the
same, this behavior is expected to cause cognitive interest.

Figure 2: A still image of the animation used in our generative
system. The shapes changed their behavior, both independently and relative to each other, according to the generative
system’s decision, based on the input. Other than moving, the
shapes did not change in their appearance.
The generator used a behavior library, and a simple logic,
to choose various behaviors based on the pair of input values. In each instance, generating an animation involved: 1)
choosing the appropriate behaviors from the library based on
input values; 2) assigning behaviors to the shapes; and 3)
some level of randomness in the movements of shapes (while
starting and end points were pre-programmed). An overview
of the system, hence, is as seen in Fig. 3

possible combinations, along with compatible behaviors that
may be picked by the behavior selector, are shown.

A User Study
Using the generation system described before, we conducted
a user study to assess the perceived story interestingness of
the generated animation. Such evaluation depends on the
findings of Heider and Simmel (Heider & Simmel, 1944), in
that it assumes the shape movements to have a high chance of
being perceived as a story.
We generated animations for 6 conditions, which corresponded to using different input values, as seen in Table 3.
Each video was between 30 to 35 seconds long; starting with
4 seconds leading time of Random Movements for all shapes
and in all of the conditions. The study was consisted of 8
experiments, each presenting the participants with a binary
choice between two of the conditions above. The 8 experiments are seen in Table 3 below.
In a between-subject setting, we presented our participants
of each experiment with the two associated animations, in a
random order. We then asked the question “which animation
was a more interesting story?”. We recruited 60 participants
for each experiment, through Amazon Mechanical Turk.
Our hypothesis was an increased perceived interestingness
with greater sums of i and j, and crucially, with a preference
for j (experiential interest). For instance, in all experiments,
any intermediate condition would be perceived as more interesting than c1 (baseline), but less interesting than c6. Moreover, we hypothesized that c3 and c5 would be perceived as

Figure 3: An overview of the generative system.

Behavior Library
In our current implementation, our system supports a number of behaviors that are associated, based on the theories
discussed in earlier sections, with cognitive and experiential
interest. These behaviors and their descriptions are listed in
Table 1 below.

Input Values and Behavior Selection
Currently in our system, the pair of input numbers can each
take a value from the set {0, 0.5, 1}. In Table 2, a number of
2 For
an example of the animations generated by
the system (condition 6 in our study), please refer to
https://www.youtube.com/watch?v=gB2okx77YcI
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Table 2: Input value and compatible behavior combinations.
(i, j) denotes the pair of numbers representing cognitive and
experiential interests respectively. In all cases, when a particular shape is not involved in any active behavior, it shows the
Random Movements behavior.
Behaviors
(i, j)
(0, 0)

(0, 0.5)

(0, 1)

(0.5, 0)

(1, 0)

(1, 1)

Table 3: The experiments in our study, the conditions (‘c’) at
comparison in each experiment, and the input values used for
the generator. (i, j) denotes the pair of numbers representing
cognitive and experiential interests respectively.
Exp. Conditions involved Respective input values
1
c1 vs. c3
(0, 0) vs. (0, 1)
2
c1 vs. c5
(0, 0) vs. (1, 0)
3
c1 vs. c6
(0, 0) vs. (1, 1)
4
c2 vs. c3
(0, 0.5) vs. (0, 1)
5
c4 vs. c5
(0.5, 0) vs. (1, 0)
6
c3 vs. c5
(0, 1) vs. (1, 0)
7
c3 vs. c6
(0, 1) vs. (1, 1)
8
c5 vs. c6
(1, 0) vs. (1, 1)

With no desired level of cognitive or experiential interest, Random Movements behavior will
be selected for all shapes.
This input combination causes one of the behaviors associated with experiential interest
(Chase or Corner) to be randomly selected and
invoked, for an eligible shape.
This input combination causes both of the
behaviors associated with experiential interest
to be selected, and sequentially executed (simultaneous execution would require additional
shapes or altered roles). With the current behavior library, this involves a case of chasing,
followed by cornering.
This input combination causes one of the
behaviors associated with cognitive interest
(Break-wall or Teleport) to be randomly selected and invoked, for a random shape.
This input combination causes both of the available behaviors associated with cognitive interest to be selected, and sequentially or simultaneously executed for one or multiple shapes.
This maximal input combination involves Chasing, Cornering, Wall-break and Teleport. Experiential and Cognitive interest behaviors can
happen simultaneously or sequentially, depending on behavior limitations; however, sequential
combinations might cause less confusion.

Table 4: Participant preferences (approx. percentages) and
p-values from a one-tailed binomial test, for all experiments.
Exp. Preferences (out of 60) p-value
1
43 (72%) for c3
< .001
2
33 (55%) for c5
.26
3
46 (77%) for c6
 .001
4
35 (58%) for c2
.12
5
45 (75%) for c5
 .001
6
37 (62%) for c3
.046
7
43 (72%) for c6
< .001
8
52 (87%) for c6
 .001

small intended quantities, that differentiating between values
requires more elaborated animations and behaviors.
more interesting than c2 and c4 respectively, and lastly, c3 as
more interest than c5.

Conclusion and Future Work
In this paper, after an overview of the previous research on
interestingness, we attempted to further our understanding
of it by introducing an expanded theory which takes into
account both cognitive and experiential aspects of interest.
With a focus on abstract visual narrative, we then attempted
to incorporate this theory in the generation of simple animations inspired by Heider and Simmel’s classic experiments
(Heider & Simmel, 1944). We detailed the generation of
these abstract animations, and reported our results of a user
study which sought to investigate their generation of interest
in users, and validate the proposed theory.
We believe that these results can help underline our belief
that experiential and cognitive interests are not mutually exclusive, and studying the effects of various types of interest
on each other (as attempted in (Rapp & Gerrig, 2006) and
discussed in (Campion et al., 2009)) can open the door to a
better understanding of complex interest dynamics enjoyed
by various stimuli.
We plan to use these results and understandings to create
more sophisticated generative models that can engage users
in highly interesting abstract visual narratives. For instance,
using the notable work in (Roemmele, Morgens, Gordon, &
Morency, 2016), which attempts to automatically recognize

Results and Discussions
The results of the experiments are seen in Table 4. In all
experiments, except for numbers 2 and 4, the hypotheses are
confirmed with statistical significance. Experiment 6’s result
is borderline significant (p-value=0.046 with a one-tailed test,
or 0.092 with a two-tailed), and as such, experiential interests
do appear to be marginally more prominent than cognitive
interests, at least in the context of our study. But crucially,
the highest levels of interest are achieved when the two are
combined. Overall, the results show that the generative
system has been successful in creating animations (seen as
visual narratives) that are perceived as interesting, along the
dimensions of interest theories.
Comparison between various quantities for cognitive interest is confirmed (experiment 5), however, this is not the case
for experiential interest (experiment 4). We suspect that a
longer length of Chase or Corner behaviors in condition 2 was
more highlighted and perhaps dramatic, for our participants,
than the combination of the two occurring in the same amount
of time. Although, given that the null hypothesis of experiment 4 is not significantly confirmed either, it is possible
that the experiential interest has such a large effect even in

140

the abstract motions as actions, we can train models to generate unique and new animations given a particular interest
profile. By incorporating more of experiential models, along
with a situated user model, we can aim at creating subjective
and personalized interests as well.
This line of research using abstract visual narrative, not
only can be fruitful for visual interfaces, such as visual games
and interactive visual storytelling, but it can also help us
ground our language-based research on interest in better theories of cognitive psychology. Deep machine learning models
(particularly Recurrent Neural Networks), have made it rather
easy to generate new text and discourse with some levels of
coherence, but we are investigating approaches to incorporate
more psychological theories in this realm and perhaps yield a
more fruitful, more informed approach.
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extract correct word-object mappings cross-situationally
over multiple ambiguous events.
What mechanisms underlie this form of word learning?
Computational models have employed different conventions
such as rule-based compositionality (Siskind, 1996),
probabilistic inferences (Fazly, Alishahi, & Stevenson,
2010), associative matrices (Kachergis, Yu, & Shiffrin,
2012), associative connectionism (McMurray, Horst, &
Samuelson, 2012), fast mapping (Trueswell, Medina, Hafri,
& Gleitman, 2013) and others to explain the results from
various cross-situational word learning experiments. Many
of these studies are motivated by a debate over whether
learners accumulate graded statistical information of all
referents for each word (associative learning; McMurray et
al., 2012) or propose and verify only a single referent per
word (hypothesis-testing; Trueswell et al., 2013). Recent
work suggests, however, that this debate is not well formed
because these accounts reside at a ‘computational’ level and
not at the ‘algorithmic’ level (or below) where they might
shed light on the mechanisms underlying word learning
(Smith, Suanda, & Yu, 2014). Other papers recommend
further that (a) models should incorporate primary
psychological processes such as attention and memory that
are fundamental to learning words (Smith et al., 2014; Vlach
& DeBrock, 2017); and (b) explicitly capture moment-bymoment and trial-by-trial looking and learning behavior of
learners in cross-situational word-learning tasks (Yu,
Zhong, & Fricker, 2012).
Consistent with these later recommendations, the present
report describes a process-based modelling account of crosssituational word learning and validates this neurallygrounded, non-linear statistical learner in different crosssituational word learning tasks. The model uses the
framework of Dynamic Field Theory (DFT) (Schöner,
Spencer, & The DFT Research Group, 2015) to simulate the
moment-to-moment visual dynamics as the learning process
unfolds in time. In this article, we provide simulation results
of experiments from three recent empirical studies on crosssituational word learning in support of the model.

Abstract
Recent empirical studies have affirmed the fundamental role
of attention and memory processes in statistical word learning
tasks. These processes interact in complex ways to guide
spontaneous looking behaviors of learners as well as
determine their overall learning performance. On the
modelling side, studies have made it clear that computational
models must provide process-based rather than only
computational accounts of word learning, because these can
connect to the empirically observed behaviors at a momentto-moment timescale. Thus, here we present a neurallygrounded process model of word learning called WOLVES
(Word-Object Learning Via Visual Exploration in Space) that
integrates visual dynamics and word-object binding across
multiple timescales. WOLVES integrates multiple established
dynamic neural field models to allow fine-grained indexing of
component processes driving the looking-learning loop. We
report simulation results for three empirical cross-situational
word learning experiments to validate the model.
Keywords: cross-situational word learning; dynamic neural
field theory; DFT; attention and memory

Introduction
Word learning is at the core of language acquisition. A
central challenge in this domain is referential uncertainty
(Quine, 1960): a speaker’s word can refer to many possible
referents in a given visual scene, and a learner must identify
the correct referent intended by the speaker. Though making
such inferences seem impossible theoretically, children are
quite adept at resolving referential uncertainty. One possible
explanation is that children use statistical learning over
multiple experiences. That is, while a single naming
scenario may be referentially ambiguous, this ambiguity is
gradually resolved as a learner tracks the co-occurrence
statistics of words and referents across multiple naming
events in time. This is commonly called cross-situational
word learning and many recent studies, using force-choice
tests in adults (Yu & Smith, 2007; Yurovsky, Yu, & Smith,
2013) and preferential looking tasks in infants (Smith & Yu,
2008; Yu & Smith, 2011), have confirmed that learners can
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Dynamic Field Theory

fields are reciprocally coupled to visual and contrast fields,
while the contrast and WM fields are mutually inhibitory.
Figure 1 depicts a case where two stimuli are in the
visual display (see right top corner). The feature-space fields
(A, B) have formed peaks of activation for a blue square on
the left and a red circle on the right. This input causes peaks
to grow at the corresponding locations of the spatial
attention field (C) and at the corresponding feature values in
the fields along the feature pathway (D-I). The three
attention fields (C, H, I) work in a winner-take-all mode
such that the first peak to breach the interaction threshold
(red line in each field) will suppress all other inputs
currently vying for attention. Then, through reciprocal
coupling between the visual and attention fields, the model
will selectively attend to a single item on the visual field. In
Figure 1, the model is currently attending to the left object,
with a peak on the left side of the spatial attention field (C),
at the blue hue value in the color attention field (H), and at
the square shape value in the shape attention field (I).
The contrast fields (F, G) serve as novelty detectors
where novelty is defined as any feature that is not currently
being actively maintained in WM. For instance, in Figure 1,
the model has a robust WM of the circle feature (in E)
because it previously attended to the red circle. Thus, the
circle feature is not currently novel—there is no contrast
peak at the circle value in G; rather, the square feature is
novel (G). This novelty peak helps to stabilize attention to
this feature via feedback to the shape attention field (I).
Like 1D fields in the feature-pathway, the model has
three 1D fields in the spatial pathway—a spatial attention
field, (J) a spatial contrast field (K) and a spatial WM field
(L). Respectively, these serve to create spatially “bound”
representations of the attended object in an allocentric
frame, detect changes in object locations and build WMs for
the locations of objects, analogous to fields in the feature
pathway. This dichotomous information-flow at the visual
front-end of the model is guided by the functional and
anatomical separation of the mammalian visual system into
dorsal (“where”) and ventral (“what”) streams.
On the left side of the figure, the model has a 1D field—
word input (M) and multiple 2D fields—a word-color (N), a
word-shape (O), and two scene attention fields (P, Q) with
space-feature dimensionality (two additional WM fields are
not shown for simplicity). Fields are reciprocally connected
such that activation passes along the four shared
dimensions: words (N↔M↔O), space (P↔J↔Q), color
(N↔P), and shape (O↔Q). Activations related to the
attended object in the feature attention fields (H, I) are
passed on to the scene attention fields (P, Q) [see the
horizontal ‘ridges’ of activation]. Similarly, activation
related to the spatial position of the attended object (J) is
passed along the spatial dimension into the scene attention
fields [see vertical ridges of activation]. In Figure 1 panels P
and Q, these ridges cross, creating a “bound” object
representation—a pattern of peaks representing a specific
color and shape at a leftward location. Similar coupling
across the word dimension (peak in M; vertical ridge in N,

DFT proposes that cognition arises from neurocomputations
within dynamic neural fields (DNFs) that simulate the
dynamics of neural populations. Expressed using differential
equations, these fields are receptive to metric dimensions
such as color, shape, space etc. Neurons within a field
interact temporally with one another or with the incoming
input stimuli to form peaks that act as stable states of the
field. These peaks are stabilized by excitatory and inhibitory
neural interactions within the field. Self-sustaining peaks
survive even if input is removed due to strong recurrent
activations and thus act as a form of working memory to
maintain information (Amari, 1977).
A DNF architecture consists of 1- and 2-dimensional
fields (see blue rectangles in Figure 1) that interact along
shared dimensions through unidirectional or bidirectional
projections. Fields can also use a variant of Hebbian
learning at a slower timescale that allows neural populations
to learn and encode statistical information across trials. This
type of memory trace enables speciﬁc neural regions in the
ﬁeld to become more strongly activated, increasing the
likelihood that a peak will form in that region of the field.
This results in a ‘pre-shaping’ effect, facilitating recognition
of familiar inputs.
In the context of word learning, DFT offers two core
strengths. First, it has already been used to test predictions
regarding component processes such as early visual
processing, attention, spatial cognition and working
memory, at behavioral and brain levels. Second, DFT scales
up allowing integration of multiple models into large-scale
systems to explain and predict behavioral data. Exploiting
these strengths, this article integrates multiple previouslyestablished DFT models of the component processes
involved in word learning; one on word-object mapping
(Samuelson, Smith, Perry, & Spencer, 2011) and the others
on visual attention and memory (Perone & Spencer, 2013;
Schneegans, Lins, & Spencer, 2015) to provide a formal
account of cross-situational word learning.

WOLVES: The Model
Word-Object Learning via Visual Exploration in Space
(WOLVES): The WOLVES model is composed of multiple
1D and 2D neural fields as shown in Figure 1. Higher
dimensional fields are not used due to computing limits.
Going from the right side in Figure 1, the model has two 2D
visual fields (A, B) that share a visual spatial dimension
within a retinal reference frame. Note that we model only a
single spatial dimension and it encodes relative rather than
absolute spatial locations of objects. When object stimuli are
presented to the model, these two fields respond to the
detection of color and shape of objects at corresponding
locations in the visual field. These fields are coupled to a 1D
spatial attention field (C) that receives activation reflecting
object locations in the visual field. Each visual field passes
activation to three 1D fields along the feature pathway in the
model: feature-attention fields (H, I), contrast fields (F, G),
and working memory (WM) fields (D, E). Feature-attention
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O), binds a word with associated features. The 1D spatial
and feature WM fields are coupled to two 2D WM fields
(not shown). These fields have the same dimensionality as
the scene attention fields (P, Q), but they can maintain
multiple peaks.

All WM and contrast fields have memory traces that
influence the current activity in these fields according to
their histories of neural decisions (or peak formations).
These memory traces enable habituation to the locations of
objects in P & Q, becoming familiarized with visual features
in D & E and importantly,
enable trial-to-trial learning
of which objects are where
and what features go with
each word, building a
vocabulary of word-object
mappings in N & O. The bidirectional coupling between
word-feature
associations
and feature-based attention
(see green arrow from O to I;
comparable coupling would
link N and H) is key to
supporting these mappings. It
also enables word-feature
associations to bias selective
attention—a central aspect of
the model that drives looking
as the system learns wordobject mappings.
The full architecture can
shift attention back and forth
autonomously among a set of
objects, learning about their
visual features. The initial
selection of an object is
influenced by salience (via
the strength of inputs to the visual field), novelty (via peaks
in the contrast fields), and by random fluctuations (i.e.,
noise). As memory traces of object-word mappings build,
words come to drive the model’s attention to the object that
has been mapped to the current word input.

Figure 1: WOLVES model architecture. Rectangles A-R
represent component DNFs and arrows represent uni- /bidirectional (green: excitatory, red: inhibitory) connectivity
in the model. See text for figure description.

Results

Object binding is based on a winner-take-all attention
system that spans J, P, and Q. This selects objects in
allocentric space that are the focus of attention, binds the
associated features to spatial positions, and supports the
consolidation of items in WM. The transformation between
visual/retinal (C) and allocentric (J) space is handled by a
transformation system (grey diamond). For simplicity we
use a one-to-one mapping transformation between the visual
(C) and allocentric fields (J), although more rigorous DFT
variants of such transformations have been proposed before
(Schneegans & Schöner, 2012). Note that all the spatial
attention layers—attention in the visual (C) and allocentric
spatial (J) frames, and the object attention system (J, P,
Q)—are all reciprocally coupled (bi-directional green
arrows). This keeps WOLVES oriented in space as it shifts
attention between frames of reference. The Inhibition of
Return (IOR) field (R) is driven by the formation of peaks in
the object attention system: the system can release attention
once the features of the current object have been bound.

WOLVES allows in-the-moment representation and
measurement of visual attention dynamics as a task unfolds
trial by trial. This makes WOLVES well-suited for
modelling infant studies where eye-tracking and preferential
looking are used to quantify behavior. In the following, we
begin by reporting simulations of infant studies on crosssituational word learning (Simulation Study A). Studies B
and C apply the model to recent empirical experiments on
adults and older children respectively.

Simulation Study A: Smith & Yu (2008) and Yu &
Smith (2011)
Smith and Yu published two studies investigating crosssituational learning in 12- and 14-month old infants. Both
studies used the same preferential looking task to show that
infants seem to learn words by tracking co-occurrences over
time. In this task (Smith & Yu, 2008), infants saw two novel
objects on a slide that lasted for 4 seconds and heard two
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novel words, one after the other as the slide was presented.
Across a training period composed of 30 such slides, infants
were exposed to six words-object pairs in random
combinations with two pairs per slide. Immediately after
training, word-object mappings were tested via preferential
looking; two objects were presented for 8 seconds along
with a single word. Infants’ looking to the two objects was
recorded using eye-tracking. Greater looking to the object
previously paired with the heard word was taken to indicate
learning. Each mapping was tested twice.
Yu & Smith (2011), used the same task to explore the
relationship between selective attention and learning in
infants. The authors categorized infants that looked more at
target objects than distractors as Strong learners and the
other infants that looked more to distractors as Weak
learners. The authors then reported multiple measurements
of Strong/Weak infant looking dynamics and learning
behavior (see Table 1) to look for relationships.
We simulated the full cross-situational word learning
task with WOLVES using Gaussian inputs to represent the
color and shape features of objects, presented to the visual
field, and word stimuli presented to the word field. Time in
the model is scaled such that each simulation timestep
equals eight seconds of real experimental time across all
studies. The model can autonomously attend to the input
stimuli. Over time, as the model attends to the presented
objects and words, it forms working memories of visual
scenes and accumulates word-object co-occurrence statistics
over multiple presentations into memory traces. Later once
strong word-object mappings are built, this results in
selective attention to objects. These interactive dynamics in
the looking-learning loop evolve as the task unfolds.
Because we simulate the same preferential looking task
presented to infants, we can directly compare the same
behaviors across simulations and infants (see Table 1).

Overall, the model behavior is in close proximity to that
of the reported infant behavior in the task. Like the
empirical studies, the model also gives rise to Strong and
Weak learners (in some cases (e.g., Table 1) even for
parametrically same model instances). Most measures of
looking and learning from the empirical studies and the
model correlate well. A key insight from our model results
was that the individual differences in the behavior of
different model learners (or infants) did not necessitate
different parametric instantiations (or cognitive conditions)
but simply resulted from the differences in the order of
stimuli presentations, internal noise of the learning system,
and the non-linear interactions between these factors.

Simulation Study B: Yurovsky, Yu & Smith (2013)
Experiment 1.
In this study, the authors explored competitive mechanisms
involved in cross-situational word learning. The hypothesis
was that on a single presentation trial, learning multiple
referents for one word should be difficult because of the
local competition between word-object mappings. To
examine this, adult participants were exposed to six single
words (words mapped correctly to a single referent in a
trial) and six double words (words mapped to two different
referents in a trial) over a learning session of 27 randomized
trials. At test, participants heard one of the twelve words
and ranked four presented objects (by clicking on them) in
the order of their likelihood of being the referent.
Participants were credited with knowing the correct referent
for a single word, if it was their first guess (‘single’ bars in
Figure 2). Participants were credited with knowing a double
word if they selected either of the correct referents as first
guess (‘either’ bars in Figure 2). If participants selected both
the referents as first and second guesses, they were credited
with knowing both referents (‘both’ bars in Figure 2).

Table 1: Infant and Model looking and learning results

Mean # of words
learned (out of 6)
Mean looking
time to objects at
test (8s trial)
Mean looking
time at Target vs
Distractor
Mean duration
looking at objects
training (4s trial)
Mean # of
fixations per trial
Mean fixation
duration (in sec)

Smith
& Yu
(2008)
4

Yu &
Smith
(2011)
3.5

WOLVES
Model

5.85 sec

5.92

5.1

3.4
vs
2.45 sec

3.25
vs
2.67

2.9
vs
2.3

3.14 sec

Strong 2.96
Weak 3.07

2.6

Strong 2.75
Weak 3.82
Strong 1.69
Weak 1.72

2.6

NA
NA

3.6

Figure 2: Adult and model accuracy at test for each word
type. The model results closely match the empirical data.
We simulated this experiment with WOLVES using the
same procedure as in the empirical study but took our test
measurements from the model’s preferential looking
behavior during the first 1000 millisecond time window of
word presentation. The model was credited with knowing
the correct referent for a single word if it looked more to the

1.6
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target than to the three distractors. The model was credited
with knowing the correct referent for a double word if it
looked at either of the correct referents more than the other
three objects (‘either’ bars). If looking time to both the
referents was more than looking time to the two distractors,
the model was credited with knowing both the correct
referents (‘both’ bars). The model learned at rates
comparable to adult performance, within an RMSE of
0.1228 in overall correct response proportions (Figure 2).
Yurovsky et al., (2013) concluded that competition is
involved in every trial with a double word because referents
inhibit one another’s mapping to the word. They suggest
learners divide their attention between the two referents on
double word trials. WOLVES confirms that multiple
referents put strain on limited attentional resources and that
sometimes only one of the referents is well attended.
However, even if both referents get attention, the memory
trace of a word associated with object in early trials will
inhibit formation of mappings between the word and a
second referent by directing selective attention to the
previously mapped object. In this way, the model reflects
how selective attention and memory interact online to give
rise to the observed behavior of adults and indicates that the
explanation for such results may not require use of
additional processes like competition or mutual exclusivity.

(i.e. increasing cross-correlations made learning difficult,
see Figure 3).
We simulated the same experimental procedure in
WOLVES and measured preferential looking behavior at
test. If in the first 1000 milliseconds following the word
presentation at test, the model looked more to the target than
all the distractors, it was credited with knowing the correct
mapping. As Figure 3 shows, the simulation results follow
the same downward trend in mean proportion correct
response across conditions as the empirical work with
children with values within an RMSE of 0.1813.
Suanda, Mugwanya, & Namy (2014) reported that the
precise reason for why contextual diversity helps was
unclear but suggested possibilities: (a) increasing variability
of learning instances allows for more decontextualized
representations; (b) variability allows for a greater number
of potential cues at memory retrieval time; and (c)
variability initially creates ‘desirable difﬁculties’ in learning
that boosts the strength of learning in the long run.
WOLVES provides clarity by highlighting the real-time
interactions between memory trace formation and the
selective attention these memories capture. In the HCD
condition, memories for correct mappings are reinforced
after every exposure to a highly diverse context while
incorrect mappings are not. This allows the correct
mappings to selectively guide the model to attend to the
correct referent after a word is presented, leading to stronger
correct mappings and therefore better learning. In the LCD
condition, memories for both incorrect and correct
mappings are reinforced on every exposure to the less
diverse context. Thus, word-driven selective attention gets
directed to incorrect referents more often, leading to less
learning overall.

Simulation Study C: Suanda, Mugwanya & Namy
(2014) Experiment 1.
This experiment investigated how the diversity of learning
contexts (i.e., the degree of word-referent cross-correlations)
affected performance in 6-year old children. The hypothesis
was that if children employ a cross-situational learning
strategy, then they should be less successful in learning the
correct mappings in lower contextual diversity conditions
(i.e., when there are many strong word-referent crosscorrelations) than in situations with higher contextual
diversity. To explore this, children were randomly assigned
to three conditions: In a High Contextual Diversity (HCD)
condition, the other word-object pairings seen were different
in each of the four training trials (i.e. no cross-correlations
between mappings) for an object-word pair. In the Moderate
CD condition, word–picture pairings co-occurred with one
word–picture pairing on two trials and two other word–
picture pairings on the other two trials, resulting in less
diversity across trials. Finally, in the Low CD condition,
word–picture pairings co-occurred with one word–picture
pairing three times and another word–picture pairing once,
so the diversity across trials was low (many crosscorrelations). First, the children were familiarized with the
task for a separate set of words and objects. Then as per the
CD condition assigned, children saw two pictures and heard
two words corresponding to the two pictures per trial. Eight
word-object pairs were presented over a session of 16
training trials. Finally, on each force-choice test trial
children were presented with a word and asked which of
four displayed pictures the word referred to. Children’s
performance decreased with decreasing contextual diversity

Figure 3: Response accuracy of the model and children
show a comparable descending pattern across levels of
contextual diversity.

Discussion
In this article, we described the first neurally-grounded
model of word learning that incorporates visual dynamics in
the word-object learning processes and tested it in the
context of cross-situational learning scenarios. Across three
different cross-situational word-learning simulations, the
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model successfully learned novel words and showed
looking and learning behavior akin to that reported in
empirical studies on infants, children and adults. Our
simulations indicate that mechanisms including memory
trace consolidation, speed of visual processing, strength of
working memories, top-down and bottom up attentional
influences operate in non-linearly complex ways to give
rise to a diverse range of learning trajectories, although we
are still exploring the model behavior to come up with a
unified theory of the word learning phenomena
In contrast to existing computational models that focus
on corpus analyses and hence avoid direct modelling and
comparison to empirical results, the proposed model allows
moment-to-moment behavioral modelling, analysis and
prediction that we are pursuing in our ongoing work. For
instance, WOLVES allows us to examine individual
differences and to make inferences about individual learning
trajectories. Similarly, modeling studies from different age
groups will be important in drawing the developmental
trajectory of learning and looking for the component
processes that drive this development.
Our ongoing work, seeks a comprehensive modeling
account of cross-situational word learning by investigating
the role of partial knowledge (Kachergis et al., 2012),
effects of varying referential uncertainty and referent
frequency (Yu & Smith, 2007), role of different memory
subsystems (Vlach & DeBrock, 2017) and the effect of
novelty and selective attention on learning in crosssituational scenarios (Yu et al., 2012). This larger set of
simulations provides the basis to explore the parametric
space of the model and the influence of these parameters on
the model’s learning, attention and memory.
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the other hand, are more detail-oriented, contextualized, and
goal-irrelevant. Fujita et al. (2006), for example,
demonstrated that participants who first generated
superordinate category labels for 40 objects (high level)
later favored describing everyday situations, e.g., recycling,
with abstract descriptions such as “caring for the
environment.” Conversely, people who generated
subordinate category labels (low level) more often specified
concrete, low-level descriptions such as “bagging paper,
glass, and cans.”

Abstract
Three experiments investigated the role of conceptual
abstraction in category learning. We found that people in a
low-level mindset over-weighted global features in
classifying novel exemplars whereas those in a high-level
mindset did not (Experiments 1 and 3). The effect was on the
learning process, independent of perceptual response
preference (Experiment 3) and occurred despite evidence of
perceptual global dominance for all groups during learning
(Experiments 2 and 3). We conclude that abstraction can
subordinate perceptual salience to the larger goal, integrating
discrete encounters into a comprehensive representation of the
underlying structure.
Keywords: Abstraction; Category Learning;
precedence; Holistic primacy; Configural processing

Global

Introduction
While the two instruments pictured in figure 1 appear
remarkably similar, the one on top is a bass and the bottom
one is a guitar. When we view an object, perceptual salience
can lead us to focus on global or configural properties, like
shape and symmetry. But while you can sometimes
distinguish a guitar from a bass by shape alone, this isn’t
always the case. If we shift attention to the local or
component features, however, we find that the bass has four
thicker strings while the guitar has six thinner ones.
Although this rule is not perfectly predictive either, learning
the typical values on both global dimensions like shape and
local dimensions like number of strings helps us to construct
a more accurate representation of the category structure.
Sometimes, when encountering new objects in the world,
a learner needs to overcome perceptual bias in order to
comprehend the deeper category structure. How is this
accomplished in the absence of explicit instruction? One
possibility is that an abstract processing style—a high-level
mindset—might
facilitate
forming
a
bias-free,
decontextualized representation of the category structure
because abstraction identifies and retains central features
while minimizing incidental (or non-diagnostic) features
(Trope & Liberman, 2010).
Mental representations that vary in level of abstraction are
the focus of several important theories including actionidentification theory (Vallacher & Wegner, 1987) and
construal level theory (Trope & Liberman, 2010). Abstract
representations (high level) are characterized by a greater
degree of simplicity and structure; they are decontextualized
and goal-relevant. Concrete representations (low level), on

Figure 1. Despite the striking similarities in shape, the bass
(top) can be distinguished from the guitar (bottom) by
number and thickness of strings.
Copious studies have investigated the effects of
abstraction on the mental representation of individual
objects or events, but the effect on a series of meaningful
encounters is less clear. Does it matter if we approach
learning from an abstract or concrete mindset? Recent
studies suggest that abstraction can facilitate performance in
some problem-solving tasks. Schley and Fujita (2014), for
example, found that participants were more successful at
representing verbal math problems in numeric form when
they were in an abstract mindset.
We propose that an abstract mindset can overcome the
effects of perceptual salience in service of a larger
conceptual goal. Sometimes organizing and understanding
the information learned from an encounter with the world
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three large letters and three small letters. The categories
employed a family resemblance structure using the “oneaway” design popular in much category-learning research
(e.g., Hoffman & Murphy, 2006). Each exemplar had five
features typical of its category and one feature typical of the
other category. In this way, no feature was necessary or
sufficient for categorization.
There were 18 items in the test phase. Six items featured
perfectly ambiguous exemplars in which the global letters
were typical of one category and the local letters were
typical of the other. The remaining 12 trials were single
features, i.e., the smaller letters presented individually (six
trials) and the larger letters presented with the pound sign
(#) as the constituent symbol (six trials).

may require attention to concrete perceptual details, even
when the global configurations are more salient. Under
these circumstances, high-level conceptual abstraction could
reduce reliance on perceptually salient aspects.

Experiment 1
Global or configural properties like symmetry are generally
processed faster than local or component features like
texture. In the classic demonstration of global precedence,
Navon (1977) asked participants to respond to the sound of
a spoken letter name (e.g., F or H) by selecting that letter on
a keyboard while viewing a hierarchical letter (e.g., a large
F composed of smaller Hs, like the first letter in Figure 2) in
which either the global (large F) or local features (small Hs)
mismatched the auditory cue. It was found that when the
global letter in the visual stimulus was different from the
auditory cue, response latency increased. However, there
was no increase in response latency for local letter
mismatch.

Procedure

In Experiment 1, we created two categories composed of
short rows of hierarchical letters like those in Figure 2. In
these categories, the global (larger letters) and local (smaller
letters) were equally diagnostic of category membership.
We manipulated level of abstraction using a procedural
priming technique and then had participants learn the
categories. We assessed degree of bias toward global/local
features by classification of ambiguous novel exemplars in a
test phase. The global features of the ambiguous test items
suggested one category while the local features suggested
the other. Hence, they were statistically equally likely to
belong to either category, but if people gave greater weight
to one kind of feature, they would show a preference in
classification.

All instructions and responses were completed on a
computer. Conceptual abstraction (CA) was manipulated
using a word task developed by Fujita et al. (2006).
Participants were asked to name either superordinate (high
level) or subordinate (low level) category labels in response
to 40 common objects; questions were phrased, “X is an
example of what?” (high level) or “An example of X is
what?” (low level). People in the high level group were
given the example, “Singer is an example of artist”; low
level was given, “An example of singer is Taylor Swift.”
Next, people viewed the 12 exemplars one at a time in
random order and indicated whether each exemplar was a
“type 1 or type 2” by pressing the 1 or 2 keys on the
computer. A large letter typical of category 1 could be made
up of any of the three small letters typical of the category,
and vice-versa. For example, the typical letters for category
1 were L, T, S (global), h, r, v (local). Thus, a global L
could be made up of a local h, r, or v and still be typical in
both dimensions. In this way, global and local dimensions
remained independent, and memorization of global/local
letter pairings was discouraged.
Feedback immediately followed each response.
Participants performed six blocks of 12 trials each.
Following each block, the computer showed their
percentage of correct classifications for that block. After the
learning phase, participants read that they would be
performing the same task for one block without feedback.
The single-feature items were also explained. The test block
consisted of 18 trials presented in random order.

Participants and Materials

Results and Discussion

Figure 2. Hierarchical letters (exemplar from Experiment 1).

Fifty-three New York University undergraduate students
participated for course credit. After three people failed to
follow instructions in the first phase, 50 participants
remained for analysis (26 high level, 24 low level).
Two family resemblance categories were created, labeled
1 and 2, each containing six exemplars. Each exemplar was
made up of a row of three Navon letters, resulting in six
dimensions: three larger, configural letters (global) and
three smaller, constituent letters (local) as in Figure 2. Each
category had six letters that were typical of that category,

Twenty-six participants (52%) reached 100% accuracy in
one or more of the six learning blocks. As expected, a
greater proportion of high level participants achieved perfect
performance (18/26 = 69%) than did low level participants
(10/24 = 42%), χ2 (1, N = 50) = 3.85, p < .05. Given that
success in learning is likely to predict test performance, we
included it as a variable in the analysis of test data.
We calculated a global/local score for each participant by
assigning +1 for each ambiguous test exemplar categorized
according to the global features and assigning -1 for each
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learners obviously know more features), and, since all
participants completed six blocks, perfect learners had the
opportunity to continue studying the stimuli after reaching
100% accuracy. We control for this in Experiment 3 by
testing all participants immediately after reaching criterion.

exemplar categorized according to the local features.
Global/local scores were subjected to a 2 (abstraction; high,
low) X 2 (perfect performance; reached, did not reach)
analysis of variance (ANOVA). There were no main effects
of either abstraction or performance, all Fs < 1.4, ps > .24.
However, the analysis revealed a significant interaction of
abstraction by performance, F(1, 46) = 4.74, p < .04, ηp2 =
.09. Simple effects analyses comparing abstraction level by
performance indicated that, for perfect performers, there
was no difference between low abstraction (M = -.80, SD =
5.90) and high abstraction (M = 1.16), F(1, 46) = .57, p >
.45, ηp2 = .01. For participants who did not reach 100%
accuracy, however, global/local scores were reliably greater
for the low abstraction group (M = 3.14, SD = 3.57) than for
the high abstraction group (M = -1.75, SD = 4.71), F(1, 46)
= 5.03, p < .04, ηp2 = .10, suggesting that low-level
processing encouraged greater reliance on global features.

Experiment 2
In Experiment 1, the assumption of global dominance was
not directly tested. While it is a robust, replicable effect,
global dominance can be moderated by certain visual
conditions, such as duration of view and angle of exposure
(Kimchi, 2015). In Experiment 2 we sought to find out if
people showed an overall global dominance effect for the
type of Navon letter stimuli used in Experiment 1. In order
to investigate the effect of abstraction on perceptual
processing independent of the learning goal in Experiment
1, we employed a task of similar length and visual
complexity but one that did not require participants to
integrate information across trials. Following induction,
people were simply asked to “study” stimuli composed of
three hierarchical letters (as in Experiment 1). At test,
previously seen and novel stimuli were shown and people
indicated whether they had seen them before. Novel stimuli
that are similar to learned items are likely to be falsealarmed as having been previously seen. For this study, we
operationally defined global dominance as greater
sensitivity to differences in global vs. differences in local
dimensions between previously seen and novel items. That
is, memory confusions of new stimuli that differed from old
ones in terms of a single global or local feature provide a
measure of whether global or local differences are more
important.

6
High CA
Low CA

Global/local score

4

2

0

-2

-4

No

Yes

Perfect performance

Figure 3: Mean global/local score by abstraction group and
perfect performance for Experiment 1. Error bars show
standard error.

Participants and Materials
Eighty participants were recruited via Amazon Mechanical
Turk. Five people failed to follow instructions, leaving 75
participants for analysis (37 high level, 38 low level).
Stimuli were 24 exemplars based on the two family
resemblance categories used in Experiment 1. For the
exposure phase, 12 prototypes were created, six using the
global and local letters typical of category 1 and six using
the global and local letters typical of category 2. Recall that
the association of global/local letters was not held constant
in Experiment 1, i.e., any typical global letter could be made
up of any typical local letter. In this experiment, the order of
letters was rotated such that each combination of
global/local letters was used only once in the 12 prototypes.
The test phase used these 12 prototypes (previously seen
items) plus 12 new stimuli created using the same one-away
design used in the learning phase of Experiment 1 (novel
items). These stimuli were designed such that 5 of the 6
dimensions in each stimulus were typical of one category
and the remaining dimension was typical of the other
category. For half the items, this deviant feature was local,
and for the other half, it was global.

In the learning phase, there were three global and three
local dimensions and all dimensions were equally diagnostic
of category membership. Hence, a global/local score
significantly different from zero indicates a higher
weighting of global (positive) or local (negative) aspects in
classifying ambiguous exemplars during test. One-sample ttests revealed that global/local scores of low level
participants who did not reach 100% accuracy (M = 3.14)
were significantly above zero, t(13) = 3.29, p < .01, whereas
global/local scores of high level participants who did not
reach 100% accuracy (M = -1.75) did not differ significantly
from zero, t(7) = -1.05, p >.30. For perfect performers,
neither group differed from zero, low level (M = -0.80), t(9)
= -0.43, p > .60; high level (M = .67), t(17) = .53, p > .60.
The results of Experiment 1 support our proposal that
abstraction can subordinate perceptual salience to the larger
goal: For those who did not reach 100% accuracy, a
concrete conceptual mindset was associated with an
overweighting of global features in classifying novel
exemplars, while an abstract mindset was not. Why did the
effect not appear for the more successful learners? We
speculate that it is a combination of a ceiling effect (perfect
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findings beyond the canonical—and somewhat artificial—
hierarchical letters. Second, the abstraction manipulation
was given to some participants before the learning phase (as
in Experiment 1) and to others after learning but before test,
in order to find out if abstraction truly affects learning or if
it simply influences the expression of learning or response
factors.
Hierarchical letters are designed to test global and local as
levels by using the same forms in different roles, one as the
constituent of the other. That very advantage, however,
opens them up to other critiques, including that the effect
may simply be due to size: the local elements are always
smaller than the global configuration (Kimchi, 2015). In
contrast to global/local, configural or holistic properties, like
symmetry, emerge from the organization of their component
parts. Everyday scenes and objects display a wide variety of
configural properties such as symmetry, closure, and
parallelism. Much like global precedence, configural
properties have been demonstrated to show robust holistic
primacy effects (Kimchi, 2015). Holistic properties such as
symmetry and number of sides require looking at the whole
and integrating components into a configuration; in order to
judge whether one side of the figure is a mirror image of the
other, one needs to take in the whole stimulus (Shuwairi et
al., 2014). Thus, these function as global properties.
Color, on the other hand can function as a component
(Lee et al., 2016). Like the local elements in hierarchical
letters, a monochromatic color fill can be easily assessed by
viewing any small portion of the stimulus. Unlike
constituent letters, however, color fill can take up the same
area as the configuration. Importantly, even though the
shape that the color fills is a configural property, the color
remains a component. Similarly, line quality of an outline,
e.g., dots vs. dashes, describes a component property that
can be determined from a portion of the line while it
simultaneously encloses the entire figure. Thus, these
features are functionally local even while relatively large.
In Experiment 3, we manipulated abstraction level using
the same procedural priming technique employed in
Experiments 1 and 2. The pre-learning group was given the
manipulation prior to the category learning task and the
post-learning group was given the manipulation after
category learning but prior to test. As in Experiment 1, we
assessed whether greater weight was given to
configural/component features by the way people classified
ambiguous novel exemplars in a test phase following
learning. The test stimuli consisted of visually presented
exemplars and also verbally presented sets of feature pairs.
All test stimuli were constructed to be equally likely to
belong to either category. In addition, we extended the
learning to criterion.

Procedure
All instructions and responses were completed online.
Participants first completed the same abstraction induction
used in Experiment 1 in which they generated superordinate
(high level) or subordinate labels (low level) for 40 common
words. Next, they were told that they would be seeing
“computer generated figures” and were instructed to study
the figures carefully. There were 12 unique figures, each of
which was presented twice for a total of 24 randomlyordered trials in the exposure phase. Following exposure,
people saw 24 figures, 12 of which were novel and 12 of
which they had previously seen. In this test phase, the
question, “Have you seen this figure before?” appeared
below the image. People responded by clicking the “yes” or
the “no” radio button.

Results and Discussion
Each novel item differed from a previously seen exemplar
on a single dimension. If the altered dimension was
global/local, then a “yes” (false alarm) indicated that the
global/local difference was hard to detect. As a measure of
discriminability, d’ was calculated separately for global
change items and local change items for each subject. d’
scores were subjected to a 2 (global vs. local, withinsubject) X 2 (high level vs. low level) mixed design
ANOVA. As expected, d’ for global change (M = .77) was
significantly greater than d’ for local change (M = .45),
indicating that differences between novel and previously
seen items were easier to detect when the change was in a
global dimension, F(1,73) = 36.54, p < .001 ηp2 = .33.
There was a trend consistent with an advantage in overall
discriminability for high level vs. low level abstraction; d’
for high level (M = .68) was numerically greater than d’ for
low level (M = .54), F(1,73) = 2.12, p < .16, ηp2 = .03.
Importantly, there was no interaction, suggesting that
abstraction had no overall effect on global/local sensitivity
when the task did not call for integrating information across
trials, F(1,73) = .27, p > .60, ηp2 < .01.
All groups showed global dominance, regardless of
abstraction level. This is consistent with abstraction
emphasizing goal-relevant features; the stated task in
Experiment 2 was simply to study the stimuli, hence
accomplishing the goal did not require distributed learning
over the course of exposure to the exhibits as did
Experiment 1. Taken together, the results of Experiments 1
and 2 support the notion that global configurations have a
perceptual processing advantage and that when appropriate
to the task, as in Experiment 1, high level conceptual
abstraction can subordinate perceptual salience in service of
the larger goal. In addition, both experiments showed a
moderate overall task advantage for high-level mindsets.

Participants and Materials

Experiment 3

Seventy-nine New York University undergraduate
students participated for course credit. After removing five
people who failed to follow instructions, 74 participants
remained for analysis (36 high level, 38 low level; 35 pre-

In Experiment 3, we set out to extend the findings in two
ways. First, we varied the hierarchical dimensions of the
stimuli in ways that more closely approximate the
organization of everyday objects in order to extend our
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eight ambiguous pairs of features and eight single features
presented verbally on screen, e.g., symmetrical … dashed
line. Participants pressed D or K to indicate their choice,
without feedback.

learning, 39 post-learning).
Experiment 3 employed a four-dimensional family
resemblance structure. Two categories were created, called
D and K, each composed of 4 dimensions, 2 configural and
2 component. The configural features were symmetry
(symmetrical vs. asymmetrical) and number of sides (4 vs.
3). The component features were color fill (blue vs. yellow)
and line quality (dotted vs. dashed) (see Figure 4 for
prototypes.) Each exemplar had at least 3 features that were
typical of its category. All individual features were equally
diagnostic. Ten ambiguous exemplars, two visual and eight
verbal, were used at test. Two visual test exemplars were
created in which the configural features were typical of one
category and the component features were typical of the
other. Hence, these exemplars were equally likely to belong
in either category. The verbal stimuli were eight ambiguous
feature combinations, consisting of word pairs on a
computer screen. We tested word pairs because some visual
dimensions could not easily be displayed separately (e.g.,
one can’t present a 3-sided figure without also presenting its
symmetry). Because pictures have been reliably associated
with concrete processing and words with abstract
processing, this also allowed us to control for effects of
pictorial vs. verbal information (Rim et al., 2015).

D

Results and Discussion
As a measure of holistic primacy, RTs were collected for
each participant’s final learning block. Since all exemplars
have exactly one atypical and three typical features, either
the configural or the component features will be in
agreement for any given exemplar. For example, if the
number of sides (configural) is atypical for an item’s
category, then symmetry (configural), line quality
(component), and fill color (component) will have typical
values. In this case, the two component features are in
agreement (both typical) and the configural features are in
conflict. We reasoned that once the categories are known to
some degree (by the last learning block), if configural
processing is faster than component, then exemplars with
configural feature agreement (and component conflict)
should be categorized faster than those with component
feature agreement (and configural conflict).
Last learning block RTs for each participant were squareroot transformed, and means were calculated for configural
agreement and component agreement exemplars and
submitted to a 2 (feature type, configural/component;
within-subject) X 2 (induction order, pre-/post-learning) X 2
(abstraction, high/low) mixed design ANOVA. We report
the untransformed mean RTs for convenience. As expected,
there was a main effect of feature type such that configural
agreement RTs (M = 1557 ms) were reliably faster than
component agreement RTs (M = 1865 ms), suggesting
configural dominance overall, F(1, 70) = 12.25, MSE =
35.82, p < .01, ηp2 = .15. There were no significant
differences between inductions given pre- and post-learning,
or abstraction group, and no interactions were significant,
all Fs < 1, all ps > .30.
Similar to the global/local score in Experiment 1, a
configural/component score at test was calculated for each
participant by averaging responses in the test phase (coded 1 component, +1 configural). Configural/component scores
were subjected to a 2(manipulation order; pre-, postlearning) X 2(abstraction level; high, low) ANOVA. There
was no main effect of abstraction, F(1, 70) = 1.65, p > .20,
partial η2 = .02, however, there was a main effect of
manipulation order, F(1, 70) = 10.95, p < .01, ηp2 = .14, This
effect was qualified by a significant abstraction by
manipulation order interaction, F(1, 70) = 4.39, p < .05, ηp2
= .06. Simple effects analyses comparing abstraction level
by manipulation order indicated that, for participants who
received
the
manipulation
prior
to
learning,
configural/component scores were reliably greater for the
low abstraction group (M = 3.65, SD = 4.49) than for the
high abstraction group (M = .28, SD = 5.27), F(1, 70) =
5.48, p < .03, ηp2 = .07. For participants who received the
manipulation after learning, there was no difference
between low abstraction (M = 4.86, SD = 3.32) and high

K

Figure 4: Category prototypes used in Experiment 3. D
prototype: yellow color fill, 3 sides, dashed line,
asymmetric; K prototype: blue color fill, 4 sides, dotted line,
symmetric.

Procedure
The procedure was nearly identical to that of Experiment 1.
Conceptual abstraction level was induced using the same
manipulation as in the previous experiments. For the prelearning condition, the manipulation was administered prior
to the category learning task. For the post-learning
condition, the manipulation was administered after category
learning but prior to the test phase. All participants learned a
single pair of categories named D and K. Each block of
trials contained all 10 exemplars in random order. Learning
continued for a minimum of 3 blocks; thereafter, it
continued until the participant correctly classified all
exemplars within the same block or until 12 blocks had been
completed. Response times (RTs) were collected during
learning.
After reaching criterion, participants viewed two
ambiguous visual exemplars in random order followed by
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abstraction (M = 3.96), F(1, 70) = .35, p > .55, ηp2 = .01.

Configural/component score

8

6

with different content, e.g., animals in a zoo (Ross, 1984).
Establishing a broad, high-level mindset prior to learning
could contribute to a deeper understanding of a lesson.
Indeed, abstraction has been found to facilitate solving
mathematical word problems (Schley & Fujita, 2014).
Future research could apply conceptual mindset
manipulations in a more naturalistic paradigm, such as
teaching math concepts by example. The notion that
comprehension can be enhanced by a simple shift in breadth
of view is an important extension of the literature on
abstraction that can potentially lead to a deeper
understanding of how people learn best.

High CA
Low CA
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Figure 5: Configural/component score by abstraction group
and pre- or post-learning manipulation.
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Configural/component scores significantly different from
zero indicate a higher weighting of configural (positive
score) or component (negative score) aspects in classifying
ambiguous exemplars during test. Importantly, only when
high level was induced prior to learning were participants
immune to overweighting configural dimensions, as shown
in Figure 5. When the induction was given after learning,
configural/component scores of both low level (M = 4.86)
and high level participants (M = 5.67) were significantly
above zero, t(20) = 6.70, p < .001 (low level); t(17) = 6.08,
p < .001 (high level). When the induction was given before
learning, low level participants also showed configural
reliance (M = 3.65), t(16) = 3.35, p < .01. Critically,
configural/component scores of high level participants who
completed the induction prior to learning (M = .28) did not
differ significantly from zero, t(17) = .22, p > .80, consistent
with the results of Experiment 1.

General Discussion
Three experiments investigated the role of conceptual
abstraction in category learning. We found that people in a
low-level conceptual mindset over-weighted global features
in classifying novel exemplars whereas those in a high-level
conceptual mindset did not (Experiments 1 and 3). The
effect is on the learning process, not perceptual response
preference (Experiment 3). Further, this effect occurs
despite evidence of perceptual global dominance for all
groups during learning (Experiments 2 and 3). These
findings support the theory that abstraction subordinates
salience to the larger goal, integrating discrete encounters
into a comprehensive representation of the underlying
structure.
Factors that encourage comprehension of material rather
than mere rote learning are a critical concern in education. A
student, for example, may learn to translate a word problem
dealing with produce in a grocery store into its numerical
form yet not be able to apply the underlying principles to
successfully translate a structurally similar word problem
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Abstract

2009; Torney, Berdahl, & Couzin, 2011), meaning altruistic behavior, such as sharing information, can generate “byproduct” benefits that improve individual fitness without the
need for explicit reciprocation. Thus, pseudo-reciprocity in
Cliff Swallows is thought to be mainly driven by the sparse
and dynamic distribution of resources in the environment
(Brown et al., 1991), which makes individual search very difficult, although in general the mechanisms are not well understood.

Information sharing in competitive environments may seem
counterintuitive, yet it is widely observed in humans and other
animals. For instance, the open-source software movement has
led to new and valuable technologies being released publicly
to facilitate broader collaboration and further innovation. What
drives this behavior and under which conditions can it be beneficial for an individual? Using simulations in both static and
dynamic environments, we show that sharing information can
lead to individual benefits through the mechanisms of pseudoreciprocity, whereby shared information leads to by-product
benefits for an individual without the need for explicit reciprocation. Crucially, imitation with a certain level of innovation is
required to avoid a tragedy of the commons, while the mechanism of a local visibility radius allows for the coordination of
self-organizing collectives of agents. When these two mechanisms are present, we find robust evidence for the benefits of
sharing—even when others do not reciprocate.
Keywords: Collective search; information sharing; pseudoreciprocity;

Forms of Cooperation
The study of human cooperation has revealed different levels of mechanisms that can lead to altruistic behavior (Rand
& Nowak, 2013), such as direct or indirect reciprocity. Direct reciprocity requires repeated interactions and conditional
strategies (i.e., cooperate or defect), where the evolution of
cooperation depends on the likelihood of future interactions
(Axelrod, 2006; Rand & Nowak, 2013). Thus, altruistic actions are explained by the expectation of reciprocity from
peers in future interactions, conditional on one’s own behavior. Indirect reciprocity extends this expectation of future reciprocity further, through reputation-based systems,
whereby cooperative behavior is viewed as a type of social signaling to third-parties (Nowak & Roch, 2007). Thus,
maintaining a positive reputation can have “downstream” effects, making it more likely for third-parties to cooperate,
even if there have been no previous history of interactions.
Both direct and indirect reciprocity can be understood as
forms of impure altruism (Andreoni, 1989), whereby altruistic behavior is explained through the expectation of future
reciprocation within a self-interested, utility-maximization
framework, and has been applied to game theory in public
good games (Andreoni, 1990; Falk & Fischbacher, 2006;
Nowak & Sigmund, 2005), but less so to collective search
contexts. In contrast, pseudo-reciprocity, can be understood
as an investment in other individuals in order to acquire or
enhance by-product benefits, without the need for explicit reciprocation (Leimar & Connor, 2003; Čače & Bryson, 2007).
The sharing of information about the solution to a problem or
the location of resources can benefit the sharer, because it can
lead others to copy and improve on the original information,
which can aid the original sharer as a by-product benefit.
For instance, in the case of the Cliff Swallow (Brown et
al., 1991), the individual who signals for others gains byproduct benefits through the recruitment of peers, regardless

Introduction
In a competitive environment, it may seem counterintuitive
to share information about a new innovation (which could be
copied) or the location of resources (which could be stolen).
Yet unrestricted sharing of information is widely observed in
both human and animal behavior. The open-source software
movement is a prominent example of this behavior, where
rather than privately monetizing economically viable innovations, they are shared in order to foster broader collaboration and further innovation, leading to benefits for the public
good. Yet do the individuals who share also themselves benefit? What drives this behavior and how can we understand it
through the mechanisms of social cooperation and collective
search behavior?
In ecology, it has been observed that many species share
information via mass recruitment systems when foraging for
resources, whereby successful foragers send signals (e.g.,
sounds or pheromone trails) to help locate resources. For example, the American Cliff Swallow has a unique call used
only when it finds air-borne food (Brown, Brown, & Shaffer, 1991). The call is an unrestricted social signal to other
Cliff Swallows which does not only benefit kin (i.e., no kin
selection mechanisms). Rather, the individual welfare of each
Cliff Swallow is improved by the recruitment of peers towards the search effort, since the collective performs better
at tracking prey than any lone individual. More generally,
this behavior—common in different animal populations—is
known as pseudo-reciprocity (Connor, 1986; Clutton-Brock,

154

of whether or not they also signal in the future (Connor,
1995), since recruitment immediately aids in the tracking and
acquisition of food1 . Importantly, this entails that pseudoreciprocity can operate in systems without repeated interactions or reputation systems (Torney et al., 2011), which is not
the case for direct or indirect reciprocity. While both forms
of impure altruism have been greatly studied in game-theory
(Dufwenberg & Kirchsteiger, 2004; Fehr & Gächter, 2002;
Milinski, Semmann, & Krambeck, 2002; Lotem, Fishman,
& Stone, 1999; Nowak & Sigmund, 1998), there exist relatively little study of pseudo-reciprocity in human behavior
(although considerably more in animal behavior Brown et al.,
1991; Connor, 1986; Wilkinson, 1992).

monotonically decreasing function of the distance from a randomly selected global optimum. In the dynamic simulation,
the reward function is similar, but the global optimum follows
a random walk, moving on each trial.

Static Simulations
We present a mathematical framework for studying the benefits of sharing information in a competitive search context.
We use multi-agent simulations to implement this framework,
and present simulation results across a variety of different environmental structures.
The search task involves k agents searching for rewards on
an n-dimensional environment, where each dimension d in
1, 2, 3, ..., n can take any positive or negative integer value.
The task takes place over T = 100 trials, where at each time
t ∈ [1, T ], all agents individually make a decision about where
to search for rewards, and then whether or not to share that
information with other agents (see Information Sharing). Altogether, we vary the number of agents k ∈ [4, 10], the number
of dimensions of the search space n ∈ [5, 15], the innovation
rate pc ∈ {0, 0.5, 1}, the visibility radius r ∈ {0, 1, 2}, and the
mixture of sharing strategies (All sharers, No sharers, Freerider, and Free-giver).

The Role of the Environment in Collective Search
In a collective search task, one must learn to balance the exploration of yet unknown solutions, while also exploiting existing knowledge in order to yield immediate returns. This
frames the exploration-exploitation dilemma, where different environments can demand a different ratio of exploration
to exploitation (Barkoczi, Analytis, & Wu, 2016). The relative effectiveness of different search strategies can be drastically altered by changing one of many aspects of the task
environment, such as the complexity of the problem space
(Mason, Jones, & Goldstone, 2008), the connectivity of the
communication network (Barkoczi & Galesic, 2016; Lazer &
Friedman, 2007; Mason et al., 2008; Mason & Watts, 2012),
the type of social information being communicated (Wisdom,
Song, & Goldstone, 2013), and the learning strategies of each
individual agent (Barkoczi & Galesic, 2016). However, one
aspect taken for granted in these previous collective-search
paradigms, is that information is always freely given, whereas
in many real world situations agents make an explicit decision to either share or withhold information. We examine
how different task environments and behavioral mechanisms
influence the adaptiveness of freely sharing information.

Fitness function
Each search decision is represented as a vector xt =
[d1t , ..., dnt ], where the resulting payoff yt = f (xt ), is given by
the inverse Manhattan distance between the global optimum
M and xt :
f (xt ) =

2
· 100
1 + kxt − Mk1

(1)

with Laplace smoothing used to prevent division by zero and
rescaled by a factor of 100. The global maximum of the environment at time t is represented by M = [D1 , ..., Dn ], which
is drawn from a uniform distribution U (1, 10).
The competitive nature of the task is represented by splitting
earned payoffs between agents who make the same search
decision on a specific trial (i.e., subtractive resources). Let
Pt = [xt1 , ..., xtk ] represent the matrix containing all k-agents’
search decisions at time t. For each agent i, let C(xti ) be the
number of rows in Pt matching xti ,

Goals and Scope
In which environments will we find stable benefits for freely
sharing information, and where will we fail to find it? We
present multi-agent simulations of a competitive search task
in n-dimensional search spaces, with both static and dynamic reward structures. Agents are given a limited search
horizon to search for rewards, with different populations of
agents containing different mixtures of either sharers or nonsharers. We focus on four main mixtures (All sharers, No
sharers, Free-rider, and Free-giver) in order to determine for
any given agent whether or not it is better to share or to withhold information from others. We use a competitive search
context, whereby agents who choose the same location in the
search space must split the reward between them. In the static
simulation, we use a fitness landscape where the reward is a

C(xti ) = ∑ δ(xti , xt j ),

(2)

j

where δ(xti , xt j ) = 1 if xti = xt j , and 0 otherwise. Thus,
C(xti ) = 1 when xti is unique, otherwise, C(xti ) > 1. Thus,
yti
, where R(xti ) = yti
each agent earns reward R(xti ) = C(x
ti )
when no splitting of rewards occurs.

Individual Search
At trial t = 1, all agents start with a random location sampled from a uniform distribution U (1, 10). For all subsequent trials, each agent i has access to the history of previous
observations Oti , which includes both individually acquired

1 A crucial mechanism is that each Cliff Swallow has free, visual
information about the location of nearby peers, thus allowing for
localized coordination (see Visibility Radius).
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observations oti = {xli , R(xli )}t−1
l=1 and socially observed data
sti , where {xl j , R(xl j )} is contained in sti if agent i observed
agent j’s ( j 6= i) information at trial l < t (see Information
Sharing). Contingent on Oti , we use a local search strategy
where the agent selects the search decision that had previously yielded the largest reward, xti∗ = argmaxxli,l∈[1,t−1] R(xli ),
and then innovates on that solution by modifying each value
in xti∗ by a discrete value in {−1, 0, 1}.
We define the Innovation rate as the probability pc ∈
{0, 0.5, 1} with which the agent innovates on the search decision xti∗ . On each trial the agent innovates with probability
pc , where otherwise xti∗ is copied verbatim. If the agent innovates, then we draw
 from a Binomial distribution centered on
zero ctim ∼ B 2, 21 − 1 for each dimension of the search problem m = 1, ..., n. Intuitively, half of the time ctim = 0, meaning
there is no change along that dimension, while changes of
both −1 or +1 are equally likely, each with probability 0.25.
Thus, when innovation occurs, the search decision at t + 1 is
defined as:
x(t+1)i = xti∗ + [cti1 , ..., ctin ]

is smaller than the Visibility Radius r. Intuitively, Chebyshev distance is also referred as “chessboard distance”, since
it is the minimum number of moves needed by a king to go
from one square to another. If agent j is visible to agent i at
trial t, then information about the current search decision and
reward is automatically shared: {xt j , R(xt j )} ∈ s(t+1)i . The
visibility radius is an important coordination mechanism that
allows for localized transmission of information, whereas the
explicit decision to either share or withhold information operates for all distances greater than r. Crucially, given the
high dimensionality and size of the search space, it is very
unlikely for any two agents to fall within the same visibility
radius without explicit information sharing.

Results

Across each combination of environmental parameters, we
conducted 10,000 simulations and computed the mean payoff
over trials for each individual agent. In Figure 1 we show
heat maps of the simulation results, where the color of each
tile represents the net individual benefit of sharing. In Figure
1a, we compute the net benefit of sharing (when others share)
as the difference between the mean payoff for a random agent
from the All sharers condition and the mean payoff of a Freerider agent. Thus, red values indicate a net benefit of sharing,
while blue values indicate a net cost of sharing. In Figure
1b we run the same analysis, but compute the net benefit of
sharing (when others don’t share) as the difference between
the mean payoff for a Free-giver agent and a random agent
from the No sharers condition. Again, red values indicate a
net benefit of sharing, while values indicate a net cost. In
both cases (when others share and when they do not), we find
benefits for sharing information.
Benefits of sharing. Overall, we found evidence that sharing information can be a beneficial strategy, so long as peers
copy with some level of innovation and in the presence of a
visibility radius. Benefits were found both with and without
reciprocation. Interestingly, the relative benefits of sharing
when others don’t share (Free-giver vs. No sharers) were far
larger than when others also share (All sharers vs. Free-rider),
likely due to diminishing returns as the collective becomes
more saturated with social information (see Fig 2). Thus,
sharing information without explicit reciprocation leads to
the largest net benefit, whereas any potential disadvantages to
sharing when others share is entirely reversed by the mechanisms of innovation and the visibility radius.
Number of agents and size of the environment. As
long as there are innovators (pc 6= 0), we find that larger
collectives reap larger benefits of sharing when exploring
larger environments. Moreover, larger visibility increases
these benefits in larger environments. Hence, the potential
disadvantages of overcrowding are washed out by the advantages of social coordination through pseudo-reciprocity.

(3)

Information Sharing
We consider four different mixtures of sharers and nonsharers in the collective. No sharers and All sharers are cases
where there is a homogeneous mixture of strategies, with either all agents or no agents sharing information. In the Freerider and Free-giver conditions, there is a single heterodox
agent who acts in contradiction to the rest of the collective.
The Free-rider agent is one who withholds information while
all others share, and the Free-giver agent is one who shares
information, even though all others withhold information. In
all cases, sharing information broadcasts both the location xti
and the earned reward R(xti ) to all other agents.
We use differences in performance across these four conditions to examine the individual benefits of sharing when the
behaviors of all others are fixed. By comparing the performance differences between the Free-rider agent and any given
agent of the All sharer agents, we observe if there exist individual benefits of sharing when others also share. Similarly,
we can compare individual performance differences between
the Free-giver agent and any of the No sharer agents to observe the benefit of sharing when others don’t share. Environments where sharing is beneficial at both levels provide
evidence of pseudo-reciprocity, whereby sharing confers benefits without the need for explicit reciprocation.

Visibility Radius
In addition to explicitly shared information, we also implement a Visibility Radius defined as r ∈ {0, 1, 2} where localized clusters of agents have free access to information about
each other’s current solution and rewards. For any two agents
i 6= j, agent j is visible to agent i at trial t if the Chebyshev
distance between xti and xt j :
t
DChebyshev (xti , xt j ) = max |dim
− d tjm |
m

(4)
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Figure 2: Learning curves. Mean score for 10,000 replications using k = 10 agents and n = 7 dimensions, and with innovation rate
pc = 0.5. Each line is either a random agent drawn from the all
sharers or no sharers condition, or specifically the heterodox agent
in the free-rider and free-sharer conditions. Across different visibility radii, we see how the maladaptiveness of sharing (left panel)
disappears, and transforms into an adaptive benefit. With a visibility
of 1, the benefits of free-riding are reduced to zero, while the reversal
for free-giving is much more dramatic and confers much larger rewards than the counter-factual case of withholding information (i.e,.
no sharer).
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a visibility radius, being a free-giver is a maladaptive strategy, we find a stark reversal when the visibility radius is introduced, where free-giving dramatically increases individual
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the all-sharers condition. In our simulations, we find that both
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to the individual—without the need for reciprocation.

−10

10
Visibility: 2

8
6
4
5

10

15

5

10

15

5

10

15

Number of Dimensions

Figure 1: Static simulation results. We simulated 10,000 replications for each combination of environmental parameters (number of
agents, number of dimensions, innovation rate and visibility radius)
crossed with each of the four scenarios (all sharers, no sharers, freerider, and free-giver). a) Sharing when others share. The color of
each tile shows the difference in the mean agent payoffs, comparing
an agent who shares when others also share (all sharers) and an agent
who withholds information when others share (free-rider). Red values indicate a net benefit of sharing, white indicates no difference,
and blue indicates a net disadvantage. We see that all negative sideeffects of sharing disappear when both innovation and visibility are
present. b) Sharing when others don’t share. Colors show the difference in mean agent payoffs, comparing an agent who shares when no
one else shares (free-giver) and an agent who withholds information
along with everyone else (no sharers). We see that both innovation
and visibility support the benefits of sharing, although here we see
stronger benefits, with a linear relationship between the number of
agents and number of dimensions that leads to maximal benefits.

Dynamic Simulations
We adapted the static simulations so that the global maximum
changes over time. The global maximum at time t is then defined by Mt = [Dt1 , ..., Dtn ]. We define Environmental change
as the probability pe ∈ {0.25, 0.5, 0.75} with which the global
maximum changes at each time t. If the environment changes,
then each dimension Dtm is updated using:
t
Dtm = Dt−1
m + em

Innovation and visibility. Sharing information for others
to imitate can be beneficial, as long as imitation also involves
some level of innovation. Thus, Roger’s Paradox (Rendell &
Laland, 2010), whereby social information can sometimes reduce mean fitness leading to a tragedy of the commons, only
holds in our simulations when innovation is zero (Fig. 1).
Additionally, Figure 2 shows the effect of the visibility radius on trial-by-trial performance, where we fix the number
of agents (k = 10), the size of the environment (n = 7), and
set the innovation rate to pc = 0.5. Here we see that by introducing a visibility radius, the maladaptiveness of sharing
when others also share (comparing free-rider to all sharers)
becomes non-existent, creating no benefit to withholding information (i.e., free-riding). Moreover, the visibility radius
even more dramatically reverses the performance difference
between sharing while others don’t (free-giver) and when no

(5)


where etm ∼ B 2, 12 − 1, is a Binomial distribution centered
on zero. Thus, environmental change operates on the same
mechanism as used by agents in individual search.
In order to account for the decreasing validity of past observations in a dynamically changing environment, we introduce a Discount rate parameter γ ∈ {0.5, 0.6, 0.7, 0.8, 0.9} to
discount the memory of previous rewards as a function of
elapsed time, where smaller values of γ result in harsher discounting. Similar to temporal discounting, observations of
past rewards Rti are discounted by :
R̂(xti ) = γτ · R(xti )

(6)

where R̂(xti ) is the discounted reward observation and τ is the
elapsed time between the observation and the current time.
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each individual agent, identical to the static simulations.
Again, we find evidence of benefits for sharing information
(Fig 3), both with and without reciprocation. While we see
smaller benefits of sharing when others also share compared
to the static simulations (Fig 3a), we still find that any net disadvantages of sharing are reversed into either a net benefit or
a cost-free outcome when innovation and the visibility radius
are present. In the case of sharing without reciprocation (Fig
3b), we find even stronger benefits of sharing than in the static
simulations for particularly high innovation and visibility.
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Figure 4: Learning curves. Mean score for 10,000 replications using k = 10 agents and n = 7 dimensions, and with environmental
change pe = 0.25 and discount rate γ = 0.8. Each line is either a
random agent drawn from the all sharers or no sharers condition,
or specifically the heterodox agent in the free-rider and free-sharer
conditions. Innovation increases the performance, and visibility increases the benefits of free giving. With positive values for both
innovation and visibility radius, we find that there is never any disadvantage to sharing, either when others also share (all sharers vs.
free-rider) or when others don’t (free-giver vs. no sharers).
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Figure 3: Dynamic simulation results. Here we fixed the number of
agents (k = 10) and the number of dimensions (n = 7) to more freely
explore differences in the dynamic environment parameters. We
simulated 10,000 replications for each combination of the remaining environmental parameters (innovation rate, visibility radius, environmental change, and discount factor), crossed with each of the
four scenarios (all sharers, no sharers, free-rider, and free-giver). a)
Sharing when others share. Both innovation and visibility are robust to differences in rates of environmental change, and mediate
net benefits of sharing when others also share. A strong environmental change rate also generally amplifies the net benefit of sharing. b) Sharing when others don’t share. The benefits of sharing are
observed as soon as innovation and visibility are positively valued,
and are amplified by small discount rates (resulting in faster decay
rates). Moreover, with a high level of innovation (pc = 2) and visibility (r = 2), we see the strongest net benefits for sharing out of all
simulations presented.

Environmental change and discount rate. We observe the
largest benefits of sharing in slower changing environments.
Indeed, coordination of search through sharing social information is even more crucial in tracking changing rewards.
However, rapidly changing environment can quickly become
too difficult for any mixture of sharing strategies. We also
don’t see any strong relationships between the discount rate
and the rate of environmental change, suggesting that discounting past observations by itself is insufficient for adapting to a changing environment. Instead, the mechanisms of
innovation and visibility played a far larger role in shaping the
adaptiveness of either sharing or withholding information.

Thus, in the dynamic simulations the local search strategy innovates on the search decision that has the largest discounted
reward, x̂ti∗ = argmaxxli,l∈[1,t−1] R̂(xli ).
In our dynamic simulations, we fix the number of agents
and the size of the environment (k = 10; n = 7) to the combination that yielded one of the highest benefits of sharing in the
static analysis, while exploring the influence of environmental change pe and the discount rate γ, along with innovation
rate and visibility radius. Our goal is to find whether the sharing benefits observed in the static environment are robust to
temporal dynamics in a changing environment.

Innovation and visibility. We replicate the main finding
from the static simulations, showing that both innovation and
visibility are key ingredients for fostering pseudo-reciprocity.
Each ingredient has a distinct directed effect: high innovation increases the mean performance of all agents as soon as
the population contains a majority of sharers, whereas high
visibility increases the individual benefits of sharing in populations where only one agent shares (Fig. 4). In dynamic
environments, we find a larger benefit for sharing when others don’t share (see Fig. 4b) when we increase the visibility
radius from 1 to 2 This indicates a need for more dispersed
collectives of agents in changing environments, with coordination operating over larger distances. When both innovation

Results
Across each combination of environmental parameters and
each of the four mixtures of sharers, we conducted 10,000
simulations and computed the mean payoff over trials for
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General Discussion
We investigated the rationality of sharing information in
a competitive search context using agent-based modeling.
Agents searched for rewards through n-dimensional environments using a local search strategy, while information about
observations could either be shared with the collective or
withheld. The competitive context was induced by agents being forced to equally split rewards if they chose the same location. Across both static and dynamic reward environments,
we found evidence that sharing information can enhance individual performance without the need for reciprocation, operating on the as yet poorly-understood mechanisms of pseudoreciprocity. Our environmental analysis of 2,700 different environments found two essential mechanisms that facilitated
the benefits of sharing. Firstly, we found that sharing information for others to imitate can prove beneficial so long as
imitation also involves some level of innovation. Secondly,
we found that a visibility radius (allowing free information
from peers within a limited distance) acted as an essential coordination device, facilitating the creation of by-product benefits for sharing. Crucially, the unrestricted sharing of information acts as a recruitment mechanism, where the visibility
radius allows for small localized collectives to cooperatively
find better rewards.
One limitation of our study is that we only investigate environments with a single global maximum, whereas differences
in the search environments can induce different demands on
the exploration-exploitation trade-off (Barkoczi et al., 2016).
Indeed, highly rugged fitness landscapes may cause shared
information to be a burden rather than boon, misleading individuals or collectives to explore sub-optimal local maxima
of the search space. In the future, we would also look at the
influence of different types of social networks governing the
flow of shared information (Lazer & Friedman, 2007; Mason & Watts, 2012), along with a wider variety of individual
search strategies that more closely resemble human search behavior (Wu, Schulz, Speekenbrink, Nelson, & Meder, 2018).

Conclusion
While there have been many studies on collective search, they
all typically assume free access to social information, without considering the decision to either share or withhold information. In this study, we find that even in a competitive
search context, sharing information can prove beneficial, in
both static and dynamic reward environments. This is one of
the first studies to look at the environmental conditions that
support pseudo-reciprocity in a competitive search context,
whereby shared information can lead to by-product benefits
for an individual without the need for reciprocation. This
work is one of the first steps towards understanding the ecological rationality of the open source movement through the
lens of a coordination system that does not require either reputation or repeated interactions.
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people. In two well-known papers, R. R. Sinha and Swearingen (2001) and S. Sinha, Rashmi, and Sinha (2001) report
that on average users tend to prefer recommendations made
by friends to those generated by automated recommendation
systems, even if the identity of the recommender is not revealed. This general preference for human recommendations is not limited to close associates, either: Krishnan,
Narayanashetty, Nathan, Davies, and Konstan (2008) report
that even complete strangers are capable of outperforming automated recommendation systems for atypical user profiles.
Human users appear particularly sensitive to algorithmic intervention in subjective domains: Logg (2017) reports that
participants preferred recommendations of human experts to
those of algorithms for subjective decisions, regardless of the
domain. This finding is corroborated by Yeomans, Shah,
Mullainathan, and Kleinberg (2017) who found that although
automated recommendation systems often show superior empirical performance on a variety of information retrieval metrics, the majority of human users still prefer the recommendations of human experts in the domain of joke recommendation. In light of such findings, a natural question is whether
we can identify systematic ways in which human and algorithmic recommendations deviate from one another, and if
so, whether models designed to explicitly account for human
cognition can help bridge this gap.

The explosion of data generated during human interactions online presents an opportunity for cognitive scientists to evaluate
their models on popular real-world tasks outside the confines
of the laboratory. We demonstrate this approach by evaluating
two cognitive models of generalization against two machine
learning approaches to recommendation on an online dataset of
over 100K human playlist selections. Across two experiments
we demonstrate that a model from cognitive science can both
be efficiently implemented at scale and can capture generalization trends in human recommendation judgments which neither machine learning model is capable of replicating. We use
these results to illustrate the opportunity internet-scale datasets
offer to cognitive scientists, as well as to underscore the importance of using insights from cognitive modeling to supplement
the standard predictive-analytic approach taken by many existing machine learning approaches.
Keywords: cognitive modeling; recommender systems; big
data

Introduction
Every day, terabytes of behavioral data are generated as people go about their daily lives online. Although many of
these computer-mediated interactions differ from the tightlycontrolled in-laboratory experiments common in psychological research, they offer insight into many of the same cognitive phenomena, often at a scale that would make even the
most dutiful experimentalist blush. This new source of high
throughput behavioral data, already the lifeblood of machine
learning and AI researchers around the world, offers cognitive
scientists a similar opportunity to evaluate cognitive models
in the wild, at scale, with minimal investment. Moreover,
the dearth of cognitive modeling techniques in current approaches to analyzing these behavioral datasets suggests an
opportunity to re-establish the value of modeling minds as
mediating influences on behavior in a domain that has been
de facto colonized by computer science.
Product recommendation is a notable example of an applied task which can serve as a good test-bed for models
from cognitive science. Not only is recommendation a prominent example of a fundamentally psychological task which
has been translated into machine learning terms, but it also
has become near ubiquitous in our daily interactions online.
Indeed, automated approaches to recommendation have become one of the more prominent examples of the ways in
which machine learning systems augment everyday human
decision making.
Despite this enormous influence, however, studies from the
recommendation system literature indicate that users are sensitive to the differences between human and automated recommendations, often favoring recommendations from other

In the current paper, we underscore the potential online recommendation datasets have as cognitive test-beds by evaluating a version of the well-known Bayesian model of generalization (Shepard, 1987; Tenenbaum & Griffiths, 2001) on
hundreds of thousands of human judgments collected from
a popular playlist-sharing website. We further illustrate the
value that cognitive modeling techniques play in this new
world by comparing the performance of the generalization
model with that of two widely used machine learning approaches to recommendation. We conclude with a discussion
of these results in the context of reintroducing principles of
cognition into modern machine learning frameworks.
The plan for the rest of the paper is as follows. We begin by
providing a brief overview of modern approaches to recommendation in both cognitive and computer science. We then
outline a playlist completion task that will be the focus of the
paper and describe two web experiments designed to collect
fine-grained human recommendation judgments. We then examine the performance of two representative collaborative filtering models and two cognitive models on this task, evaluated using metrics from both cognitive and computer science.
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Background

are so-named because they use large amounts of data from
many individual users to collectively (collaboratively) generate predictions (filter) for items that may be of interest to a
new user. Much of the success of CF stems from its domain
generality: algorithms in this class require only a database
of users and their item preferences, distinguishing them from
content-based approaches which rely on task-specific user or
item features to augment the recommendation decision.
CF algorithms can be organized in terms of the amount
of latent structure they assume when analyzing the user-item
database. Memory-based CF algorithms operate directly on
the user-item database, making minimal assumptions about
the structure present in the data (Su & Khoshgoftaar, 2009).
Algorithms in this class predict preferences for a new item by
combining the preferences of the most similar users or items
in the database, often resulting in recommendation behavior
that is highly sensitive to the local variation in other highly
similar users or items. In contrast, model-based CF algorithms use the user-item database to learn a model of the data
which they then use to generate recommendations. Through
their reliance on a data model, approaches in this category
are often able to capture more global properties of a dataset
relating to many or all entries in the database (Bell & Koren,
2007). Popular data modeling approaches include sequential
decision models, dimensionality-reduction/latent factor models, and Bayesian networks (see Su & Khoshgoftaar (2009)
for an overview).

Research on human generalization provides a unifying psychological framework for studying automated recommendation, and, as we argue below, can be readily applied to
model human recommendation judgments. Below we offer
an overview of psychological models of generalization and
contrast these with models of recommendation from the machine learning literature.

Bayesian models of human generalization
Probabilistic models of cognition have proved successful at
capturing many high and low-level psychological processes.
One of the earliest and most prominent examples of this approach is Shepard’s (1987) Bayesian formulation of human
generalization, which was demonstrated by Tenenbaum and
Griffiths (2001) to encompass other popular set-theoretic approaches to similarity (e.g., Tversky, 1977). To study human
generalization profiles, individuals are shown examples of
previously unknown concepts (e.g., a “fep”) and are asked to
use this information to identify other items that are also likely
to be in this conceptual category. For tasks of this sort, Shepard’s model and its extensions (Tenenbaum & Griffiths, 2001)
provide a close fit to human judgments across a range of domains. In the current paper, we draw a direct correspondence
between generalization and recommendation, modeling recommendation as an instance of generalization in which the
latent category to generalize is implied by a user’s previously
rated items.
The Bayesian formulation of the generalization problem is
as follows: a person observes n examples x of a new concept
C. The generalization problem is to compute the probability that a new item y belongs to C given the observations in
x, P(y ∈ C|x). To calculate this probability, the participant
can make use of a hypothesis space, H , of potential concepts,
each consisting of a set of items. We define a prior probability
distribution over hypotheses, P(h), and a likelihood function,
P(x0 |h), indicating the probability of observing the examples
x0 under hypothesized concept h. The probability of generalizing concept C to include item y, P(y ∈ C|x) is then given by
Bayesian model averaging:
P(y ∈ C|x) =

∑

P(y ∈ C|h)P(h|x)

Figure 1: Web interface for playlist completion task.

(1)

h∈H

Experiment 1: Playlist completion task

where the probability of a hypothesized concept given the
current examples, P(h|x), is calculated via Bayes’ rule:

In this section, we outline a web-based experimental task designed to collect fine-grained human recommendation judgments on a familiar recommendation task. We set up our experimental task as a playlist completion problem: participants
are shown a trace, xtrace , from an unobserved full playlist xfull ,
where xtrace is a list of a subset of the songs that appear in xfull .
On the basis of the songs in the trace, participants are asked to
select additional songs from a music library which are likely
to also be in the playlist which contains xtrace . This task bears
a direct resemblance to many common music recommendation tasks, including the recommendation of new songs based
on listening history (e.g., Spotify’s “Discover Weekly”), and

P(x|h)P(h)
(2)
∑h0 ∈H P(x|h0 )P(h0 )
and the probability of item y being in concept C given the hypothesis h is an indicator function, P(y ∈ C|h) = 1y∈h , taking
the value 1 when y is in the set picked out by h.
P(h|x) =

Collaborative filtering and recommendation systems
Collaborative filtering (CF) approaches constitute the stateof-the-art in machine learning and computer science for generating automated recommendation. Algorithms in this class
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the construction of new playlists using seeds (e.g., Apple Music’s Genius recommendations).

function to measure the pairwise similarities between the binary song columns, x j ∈ Zn2 . This produced a symmetric matrix of similarity ratings, S ∈ Rm×m . We averaged over rows
to produce the recommendation scores for user i, ri :

Methods
A total of n = 51 participants on Amazon Mechanical Turk
completed a pretest to assess musical fluency. Upon passing the pretest, participants were shown traces from playlists
deemed to be consistent with their musical expertise. The
number of songs in each playlist trace was varied from one to
five. Additionally, the music library available on each question was constructed to always include seven “in playlist”
songs which were not in xtrace but which were in xfull , seven
“in genre” songs which were not in xfull but which were in the
same musical genre, and seven “out-of-genre” songs which
were neither in xfull nor in its musical genre. Participants received a bonus of $0.01 for every two correct selections they
made on each playlist trial.
Playlists for the experimental task were sourced from
the Art of the Mix dataset (McFee & Lanckriet, 2012).
The dataset also provided the hypothesis space for the recommendation algorithms discussed below, represented as
a sparse, binary co-occurrence matrix X of approximately
100K playlists by 120K songs. We augmented the original hypothesis space, H , to include 10 additional “genre
playlists”, where a genre playlist corresponded to the set of
all songs in X associated with a given music genre, as identified via the Discogs API.1 We refer to the set of original
playlists augmented with the genre playlists as H + .

ri =

∑ j s j 1 j∈xi
∑ j 1 j∈xi

(3)

where s j is the jth row in S and 1 j∈xi is an indicator function
which is 1 when song j is in playlist i, and 0 otherwise. In
the current experiment we found that using a cosine similarity
function to generate S and only averaging over the top-2 most
similar items resulted in the best fit to the human data.
Matrix factorization CF model In addition to the instance of memory-based CF algorithm described above, we
also evaluated a popular model-based algorithm: a dimensionality reduction approach based on nonnegative matrixfactorization (NMF) (Lee & Seung, 2001). This approach
represents the playlist-song database as a binary matrix, X ∈
where entry xi, j contains whether song j appeared in
Zn×m
2
playlist i, and identifies non-negative low rank factors, W ∈
n×k
whose product approximates X. NMF
and H ∈ Rk×m
R+
+
identifies the factor matrices W and H via coordinate descent
on the objective
1
f = ||X − WH||2Fro
2

(4)

where || · ||Fro indicates the Frobenius norm. Once W and H
have been identified, completions for playlist i, ri ∈ R j , are
generated via

Model specifications
We evaluate the performance of three computational models
of recommendation against human judgments on the above
playlist completion task. Each model was selected to provide
representative coverage of the diversity of recommendation
approaches across cognitive and computer science. Parameterizations for each model were arrived at independently via
grid-search for each evaluation metric.

ri = xi H> H

(5)

where xi ∈ Zm
2 is the binary row vector corresponding to the
current preferences for playlist i in the database. Matrix factorization approaches like NMF are one of the most commonly used versions of model-based CF, in part due to their
ease of implementation and scalability (Su & Khoshgoftaar,
2009). In the current experiment, we found that using between 50 and 100 latent factors resulted in the best model
performance.

Item-based CF model Item-based CF models are one of
the most prominent memory-based CF approaches, having
been used extensively in industrial applications, including
amongst others Amazon.com’s product recommendation engine (Sarwar, Karypis, Konstan, & Riedl, 2001; Linden,
Smith, & York, 2003). Item-based CF algorithms operate
by computing the pairwise similarities between all items in
the user-item database and combining these ratings for each
entry in a user’s preference history. These aggregated similarity scores are then used to identify the unrated items for
each user that are most similar to their previous selections. It
is of note that this formulation has a direct correspondence
with the exemplar theory of categorization from the cognitive
science literature (Medin & Schaffer, 1978; Nosofsky, 1986).
For the binary n × m playlist-song matrix used in the
playlist completion task, we employed a cosine similarity

Bayesian model of generalization In the context of the
playlist completion task, hypotheses, h, correspond to rows in
the playlist-song matrix X, observations, x, correspond to the
binary vector of songs in the partially observed playlist we
wish to complete xtrace , and C corresponds to the unknown
fully observed playlist we are attempting to reproduce.2
In the experiments below, we use a hierarchical prior over
the augmented hypothesis space H + , drawing inspiration
from Tenenbaum (1999). A fraction 1 − λg of the total probability was allocated to the original playlists in H as a group,
leaving λg to be distributed across the genre playlists. The
2 For convenience in the equations below we represent hypothesis
h as the set of nonzero column indices for the corresponding row of
the playlist-song matrix, i.e., hi = { j : xi j = 1}.

1 https://www.discogs.com/developers
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P(x|h) = (1 − ε)Psize + εPpopularity

1.0

Playlist Ground Truth

0.8
0.6
0.4
0.2
0.0

1.0

Average F1 Score

Average F1 Score

λg probability was distributed uniformly across the genre hypotheses, while the 1−λg probability was distributed over the
original playlists as a function of the playlist size according
to an Erlang distribution, p(h) ∝ (|h|/σ2 ) exp{−|h|/σ}. The
mixture parameter, λg , controlling the influence of the genre
playlists, was set to 0.1, while the Erlang parameter σ was set
to 150, favoring larger playlists. These settings were arrived
at independently via grid search for the stated objective.
The likelihood term, P(x|h) in the Bayesian generalization
model was defined as a mixture distribution with weight ε
balancing the influence of the size of the playlist under consideration with a popularity term measuring how many times
each song in the playlist occurred across the original hypothesis space H . Specifically, the likelihood was computed as

Item-Based
CF Model

NMF CF
Model

Prototype Generalization Humans
Model
Model

Human Ground Truth
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NMF CF
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Figure 2: Model F1 scores on the playlist completion task.
A. Playlist ground-truth F1 scores. This metric reflects the
ability of a model to accurately identify all positive examples
of songs in the unobserved full playlist, and none of the songs
outside of it. B. Human ground-truth F1 scores. This metric
reflects the model’s ability to select the same songs as humans
do on each playlist problem, and not to select anything else.

(6)

where

Psize =

1/|h|kxk2
0

: i ⊆ h ∀ i : xi = 1
: otherwise

metric which provides a finer-grained analysis of a model’s
capacity to reproduce human recommendation profiles.
The parameters for each model were fit separately to each
evaluation metric via grid search. The item-based CF model
performed best when averaging over the nearest 2 neighbors for both of the F1 metrics. Similarly, the NMF model
scored highest on each F1 metric using k = 100 latent factors.
The Bayesian model achieved marginally higher performance
with different settings of ε on the playlist ground-truth vs. human ground-truth metrics (ε = 1 × 10−6 and ε = 0.0001, respectively), as did the prototype model (λ p = 25 and λ p = 1).
When evaluated against the playlist ground truths from the
AOTM dataset, we found that both the matrix factorization
and the item-based CF models differed significantly from the
performance of humans and the two cognitive science models (Figure 2). Indeed, the item-based CF model showed a
strong tendency to simply reproduce the source playlist, due
in large part to its direct reliance on the raw playlist-song matrix, while the matrix factorization model showed lower overall fit due to its use of an intermediate data model (the latent
factor matrices, W and H). In contrast, both the prototype and
Bayesian generalization models showed F1 scores similar to
humans.
When we evaluated the models in terms of their ability to
reproduce human ratings, a slightly different picture emerged:
while both the prototype and matrix factorization model had
difficulty reproducing human judgments, the Bayesian generalization model and item-based CF model performed similarly (Figure 2).
To further explore the capacity of each model to fit human
judgments, we looked at model correlations with the average
human recommendation probability, stratified by recommendation level and the number of cues (Figure 3). Drawing inspiration from Xu and Tenenbaum (2007), recommendations
were broken down into in-playlist, in-genre, and out-of-genre
songs, allowing us to calculate the model’s tendency to generalize at each level. Whereas the human ground-truth F1

(7)

and
Ppopularity ∝ ∑ |{h0 ∈ H : i ∈ h0 }|.

(8)

i∈h

Prototype model Finally, we evaluate an implementation
of the prototype theory of categorization (Reed, 1972). We
define a prototypical playlist, xproto , to be a set containing
those songs that are present in the majority of playlists in the
database consistent with at least one song in the set of observations, x. Following Abbott, Austerweil, and Griffiths
(2012), the generalization score for a new song y was defined
to be

Pscore(y|x) = exp −λ p dist(y, xproto )
(9)
where dist(·, ·) is the Hamming distance between the vector
representations of its arguments and λ p is a free parameter
whose optimal value ranged between between 1 and 25 for
the experiments reported below.

Results
We evaluated each model using three different evaluation
criteria: F1 score using the fully observed playlist data as
ground-truth, F1 score using human selections as ground
truth, and model correlations with human selection probabilities across recommendation levels (in playlist, in genre, out
of genre). The F1 score is a common measure of a test’s accuracy, calculated as the harmonic mean of a test’s recall (its
ability to correctly identify all true positives) and its precision (its tendency to produce false positives). Each F1 version captures a different aspect of the recommendation performance: the playlist ground-truth F1 score is one of the
standard evaluation criteria within machine learning and information retrieval, while human ground truth F1 scores are
closer to model evaluation metrics used in cognitive science.
The correlation in recommendation probabilities is a novel
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Figure 3: Human and model recommendation probabilities as a function of song category and number of cues.
scores indicated that the item-based CF and Bayesian generalization models were equally capable of reproducing human
selection profiles, this finer-grained analysis revealed that the
relatively coarse F1 metric masks significant differences in
the two models’ generalization behavior. Qualitatively, the
item-based CF model was heavily biased towards selecting
in-playlist items at the expense of generalizing beyond the
specific playlists in the playlist-song database. The prototype model was slightly less strict in its generalizations, producing comparable amounts of in playlist and in-genre recommendations, but refusing to generalize out-of-genre. This
behavior put both models at odds with humans, who exhibited the characteristic exponential decay in generalization tendency from in-playlist to in-genre to out-of-genre. Importantly, the Bayesian generalization model did the best at reproducing this tendency, while the matrix factorization model
showed less distinction overall between the different recommendation levels. Quantitatively, the Bayesian generalization
model’s recommendation gradients showed the highest correlation with the human selection data, R = 0.9814, p < 0.001,
when compared against the other models (NMF CF: R =
0.9254, p < 0.001, Item-based CF: R = 0.8705, p < 0.001,
Prototype model: R = 0.9206, p < 0.001).

rating task. Of these participants, 18 failed to pass the music
pretest on any genre, leaving a total of n = 32 participants in
the final study. Of these 32, each participant completed an
average of six rating trials.

Results
Aggregating human ratings across cue conditions, we found
that participants significantly favored songs recommended
by the Bayesian generalization model in comparison to any
of the other models evaluated (F(3, 8396) = 113.397, p <
0.001; Figure 4). There were no interactions between the
recommendation rank and the model. Indeed, in line with
findings that users are both sensitive to differences between
human and model recommendations and favor those recommendations made by humans, our results indicate that users
also favor recommendations from models which reproduce
larger proportions of human recommendation behavior.

Discussion
Internet-scale behavioral datasets offer an opportunity to
evaluate theories of cognition at a scale rarely seen in traditional in-lab studies. We demonstrate this potential using
two experiments. We began by evaluating two representative
models from both the cognitive science and machine learning
literatures on a dataset compiled from people’s interactions
online. Notably, these data reflected people’s spontaneous interactions in their natural social environment, spanned a period of over a decade, had more than 100,000 unique observations, and was completely free. We found that that two
models from the collaborative filtering literature as well as a
popular model of categorization failed to reproduce important
aspects of human recommendation behavior, while a model of
human generalization showed a superior fit to these naturalistic human generalization patterns. In a second experiment we
found that participants significantly favored the recommendations from the generalization model over both the categorization and machine learning models, bolstering the empirical
validity of the generalization model and demonstrating the
value of taking the psychological component of these tasks
seriously.
More generally, the opportunity to reformulate standard
machine learning applications in terms of human cognition is
an exciting avenue for both machine learning researchers and
cognitive scientists. Every day, behavioral data from millions

Experiment 2: Rating model recommendations
The results of Experiment 1 indicate that, despite showing
high marks along traditional information retrieval metrics of
success, two modern collaborative filtering approaches fail to
capture important properties of human recommendation behavior in a playlist completion task. In contrast, a model
from computational cognitive science – the Bayesian model
of generalization – showed a strong fit to human recommendation profiles. A natural next question is whether users are
also sensitive to these differences.

Methods
In a second experiment we generated new “hybrid playlists”
consisting of an equal mixture of songs from two randomly
selected playlists from Experiment 1. On each trial we provided participants with two, four, or six cue songs from a hybrid playlist, and instructed them to rate each model’s top 10
recommendations in terms of how likely they were to be in the
playlist containing the observed cues. We recruited 50 participants via Amazon Mechanical Turk and ran them in this
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a.

b.

Figure 4: A. Average ratings for the top 10 recommendations produced by each model. Error bars reflect ±1 SEM. B. Top four
recommendations produced by each model on a sample problem.
of people is dutifully coded, anonymized, and stored as they
engage in a variety of online tasks. Many of these tasks engage directly with fundamental cognitive abilities like categorization, generalization, and semantic understanding. While
traditionally the data generated during these interactions has
been handled by engineers and computer scientists, the above
results indicate the potential gains that come from modeling
the psychological aspects of these tasks directly. Just as the
cognitive revolution in psychology demonstrated the necessity of incorporating mental states as mediating factors in behavior, so too can computational models of cognition revolutionize the current machine learning approaches to behavioral
modeling by explicitly engaging with the psychological origins of the data (Griffiths, 2015).
Our results offer several takeaways for cognitive scientists.
By using a web-scale recommendation dataset to fit models from cognitive science, we demonstrate how behavioral
data from the web can be used to advance theories of cognition, providing an avenue for modelers interested in testing their theories on noisier, more realistic tasks. In addition,
by showing that a cognitive model outperforms two popular
approaches from the machine learning literature on a recommendation task, we illustrate the importance of incorporating
principles from cognitive modeling in a domain that has been
de facto colonized by computer science. Finally, and perhaps
most importantly, we demonstrate how the influx of online
behavioral data can help narrow the gap between the more
theory-based approaches in cognitive science and the more
data-driven approaches in machine learning.
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Abstract

For many years, psychophysicists have also found errors in
proportion estimation in laboratory tasks. People make
similar patterns of errors when estimating how many
immigrants live in their country as they do when they
estimate the number of dots presented on a screen, or the
length of a set of lines (Hollands & Dyre, 2000; see Figure
1).There is a general consensus in the psychophysical
literature that a perfectly unbiased person, when uncertain of
the true proportion in question, displays a pattern of
responses characterized by overestimating small proportions
and underestimating large proportions.
Overestimating small proportions and underestimating
large proportions is exactly the pattern of behavior that
people display when making estimates about demographics.
For instance, US citizens at one time estimated, on average,
that about a quarter of our federal budget was allocated to
foreign aid; the true value is closer to 2% (Gilens, 2001).
People in the US and Europe massively overestimate the
proportion of immigrants (Herda, 2013), and US populations
overestimate populations of Jewish, Muslim, Asian, and
Black Americans (Gallagher, 2003; Wong, 2007), as well as
LGBT populations (Martinez, Wald, & Craig, 2008). In the
last few years, a series of studies by the Ipsos MORI group
has fleshed out this general pattern by conducting a series of
multinational surveys designed to help characterize
worldwide self-perception. They report that people
systematically misestimate a large variety of demographic
facts, ranging from the proportion of atheists, to the
proportion of people who report being happy.
Explanations from political scientists and sociologists for
why people overestimate minority populations or rare
phenomena have focused on features of the underestimated
groups themselves, and have ignored the overunderestimation pattern so familiar to psychologists. For
instance, many researchers have noticed that people tend to
perceive smaller groups as more socially threatening
(Allport, 1954; Wong, 2007), so-called “phobic
innumeracy”. Alternatively, it has been suggested that
perhaps the media treats groups—especially small or
stigmatized groups—differently, leading to biased
impressions based on media exposure (Herda, 2013). Finally,
simple misinformation might lead to misperceptions. For
instance, if people misunderstand the medical standard of
obesity, they might misclassify obese individuals as
overweight, or even as normal weight, leading to biased
perceptions (in this case, the prediction would be an
underestimate of obesity).
Recently, Landy et al. (2017) proposed that the general
misestimation in demographic proportion estimation is

A plethora of research over the past two decades has
demonstrated that citizens in countries around the world
dramatically overestimate the size of minority demographic
groups and underestimate the size of majority groups.
Researchers have concluded that this misestimation is a result
of characteristics of the group being estimated, such as level of
threat the group poses and the amount of exposure someone
has with to the group. However, explanations of this
misestimation have largely ignored theoretical models of
perception and measurement, such as those developed in
classic psychophysics. This has led to interpretations that are
at variance with modern theories of measurement. We present
a model which combines an understanding of the nature of
human estimations with a conceptualization of uncertainty,
which extends to accommodate bias. We apply this model to
three large-scale datasets collected by the Ipsos MORI research
group. Model fits from our approach suggest that to a
considerable degree, the errors people make are due to
uncertainty rather than bias. These biases are quite different in
character from those that other groups have reported. Many of
the present biases, furthermore, are shared widely across
different countries.
Keywords: demographic perception, psychophysics, bias,
uncertainty, proportional reasoning, numerical reasoning

Introduction
People inhabit large, complex, and networked communities.
Many of these groups are far too large to be directly surveyed,
and yet people have strong intuitions about their structure.
People have good macro-scale intuitions; in the US, for
instance, most people believe (correctly) that Europeandescended white Americans form the majority of the
population. However, when it comes to specific proportions
of people in one’s national or local community who match a
particular descriptor—e.g., the proportion of people who
identify as Muslim, or the proportion who report being
happy—people are consistently incorrect, and sometimes
wildly so.

Figure 1: (reprinted from Hollands & Dyre, 2000): Classic
examples of the ‘over-under’ pattern from laboratory
experiments in psychophysics.
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driven primarily by psychophysical phenomena, and not
biases such as phobia, media misrepresentation, or specific
innumeracy regarding percentage scales. Even in the absence
of any biases, people would misestimate demographic
proportions in roughly the same ways they have been found
to misestimate other proportions in laboratory settings.
Nonetheless, it is very plausible a person estimating
demographic proportions is operating under biased
information. It is very plausible, in fact, that media
misrepresentation, social fears, and innumeracy do exist, and
may impact numerical judgments. Empirically, we find
variation in how much overestimation there is. This could
certainly be due to bias. Current models of demographic
perception cannot explain the variation in overestimation.
Therefore, the current manuscript sets out to address how to
formally characterize the structured information, including
biased information, contained in the beliefs people have
about their large communities.

Models of proportions tend to take for granted that people
become more accurate when estimating very extreme
proportions. Ours is no exception. It turns out (see Landy,
Guay, & Marghetis, 2017; Petzschner, 2012) that the best
way to reconcile the fact that people both hedge intermediate
proportions and accurately estimate extreme ones is to
assume that people intuitively experience not the proportion
itself, but the logarithm of the odds. That is, if one sees 20%
black circles, one converts this into an internal scale
something like log(20/80). Not only does this model produce
sensible data fits, it actually reduces precisely to the most
common psychophysical models based on Steven’s power
laws (e.g., Hollands & Dyre, 2000).
We start from the assumption that people encode
proportions in terms of ratios representing the odds of a
random item belonging to the group. We assume that the prior
expectation for an unknown demographic proportion is 50%.
This is reasonable, since the average size of all subsets of the
population must be 50%. Our bias-free model is

Model

𝜓(𝑝) =

In their 2017 paper, Landy et al. made the connection that
psychophysics has observed the same kind of pattern—
overestimation of small values and underestimation of large
values. This paper suggests an approach to explain this
pattern which includes bias, but to be clear, we do not claim
that this is a uniquely successful conceptualization, nor the
only model that might capture the broad patterns in the data.
At its simplest, the approach we describe suggests that the
over-under pattern of errors is due to how people respond
under uncertainty. Imagine a situation in which a person had
no information at all about a proportion or regarded their
information as completely unreliable: in Bayesian terms, a
person’s belief would be uniform across the probabilities. On
average, the rational way to minimize error in such a situation
is to guess that the proportion is one half—if you have no
information and/or no certainty, guessing 50% is sensible (in
that it is the mean of the uniform values across the range). In
contrast, if a person has perfect confidence in their
information, then the sensible thing is to use that information
to formulate an estimate. This idea of guessing one half
suggests that if one has limited or imperfect information, it is
sensible to do something in the middle: to guess a number
between what is signaled by one’s information and 50%. This
exactly reduces to overestimating small values and
underestimating large ones. We will call this process hedging
one’s bets, or just hedging. The darker lines reflect more bet
hedging.
The upper left panel of Figure 2 displays results from a
simulation showing this pattern: the darkest line corresponds
to complete uncertainty, the lightest to complete certainty.
The curved lines show the results from intermediate models.
The darker lines reflect more bet hedging. This method has
been formalized many times, including by Huttenlocher and
colleagues (Huttenlocher, Hedges, & Duncan, 1991), and
more recently by Bayesian cognitive scientists (Lee &
Danilieiko, 2014).

𝑝𝛾

𝑝𝛾 + (1 − 𝑝)𝛾

Here, γ is the certainty of the responder, realized as the
relative precisions of the prior and the data and p is the
proportion of the demographic group in question. This
baseline model is incapable of accounting for misinformation
(bias), as it presumes accurate input data. In the next section,
we develop a model that accounts for one simple sort of bias.

How does bias fit in?

We also posit that the action of uncertainty on proportion
perceptions is distinct from the action of bias (Kuklinski et
al., 2000). We conceive of bias not simply as misestimation,
but as misestimation as a result of misinformation of one sort
or another. We can consider two kinds of bias:
overperception and underperception, depending on whether
one relies on misinformation that skews responses upwards
or downwards. This misinformation could be caused by
media misrepresentation, sampling errors, or internal
affective state or beliefs (e.g., threat), or by anything else.
Regardless of its origin, this bias has the effect of
transforming the typical “S-shape” curve, sometimes bending
it out of shape altogether.
Conceptually, bias in the model that occurs in the source
information is different from endogenously generated bias.
Furthermore, bias could come from many sources, and could
be highly dependent on the frequency of the source event.
Here, we consider a very simple kind of bias that assumes a
‘fixed effect’ of bias on the perceived information—that is,
we consider bias that altered the apparent frequency of a
group by a multiplier, b, while leaving all other apparent
frequencies identical.

𝜓𝑏 (𝑝, 𝑏) =

𝑏 𝛾 𝑝𝛾
𝑏𝛾 𝑝𝛾 + (1 − 𝑝)𝛾

Unfortunately, this model cannot directly distinguish bias
from uncertainty from a single data point. Intuitively, any
particular response results from a combination of adjustment
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toward the mean (λ) and biased sampling (b), and the relative
contributions cannot be uniquely distinguished. To
compensate, we ask the same question of multiple people in
different countries and treat bias and uncertainty as normally
distributed random variables.
A visualization of the impact of differing amounts of bias
on a person who is completely certain of their responses (i.e.,
who does not hedge their bets at all) can be found in the upper
right panel of Figure 2. The lightest blue line shows a person
who is radically over-perceiving, while the darkest blue line
shows a person who is radically under-perceiving. Each of
the remaining panels of Figure 2 shows predicted response
patterns under different combinations of bias and uncertainty.
Notice that in both cases of under- and over-perception,
sometimes people overestimate and sometimes people
underestimate: overestimation does not result purely from
bias, but rather from some combination of bias, ‘certainty’,
and the true value in question.

Thus, this model correctly captures the idea that people can
overestimate when very certain of the true value (Kuklinski
et al., 2000).
This model provides a very different, and very clear
interpretation of cross-national data. In particular, we
describe our interpretation the data collected by Ipsos MORI
as part of the “Perils of perception” project conducted yearly
since 2013. The model also helps clarify substantial
literatures coming from political science (Citrin & Sides,
2008; Herda, 2013; Kuklinski et al., 2000; Wong, 2007)

Analysis Plan
To estimate parameters for the data sets, we used multilevel
Bayesian model fitting. We separately estimated parameters
for each question, and for each country within each question.
We estimate means and 95% highest posterior densities. In
addition to the bias and certainty parameters, we estimated a
within-nation variability parameter, governing the precision
of responses across participants: this parameter combines
variability due to uncertainty within each individual, and
variability caused by heterogeneity between individuals
within one country. Because of the small number of items
answered by each participant, we were unable to estimate
parameters for each participant separately. See the Ipsos
MORI Perils of Perception Report 2014 for a full description
of the data set.

Bias/Uncertainty Perspective vs. Error Perspective

The perspective we present here is, we believe, standard in
psychophysics and measure theory (Hollands & Dyre, 2000;
Landy et al., 2017; Petzschner, 2012; Shepard, 1981). On the
other hand, it contrasts sharply with the interpretation of
proportion estimation data that has been dominant in the
popular press, the political science literature (Herda, 2013;
Wong, 2007), and indeed in the interpretation Ipsos MORI
has given of their own results. These interpretations have
usually relied on what we might call bias to explain the whole
pattern: for example, if people estimate a larger value for the
Muslim population than is true of their country, one would
interpret that as bias—people have some reason for
overestimating, whether it be disproportionate media
representation, threat, or something else.
On our account, this kind of bias also plays a role, but a
secondary one. In essence, we first account for systematic
errors in responses by making standard psychophysical
assumptions about responses, and then account for residual
deviations by invoking bias. As a result of this process, the
conclusions we reach often differ from those that a more
common (but, in our view, less well-founded) analysis might.
For example, it is true that people across many nations
overestimate the population of Muslims. However, with two
exceptions, the overestimation across countries is well
explained by psychophysical estimates compatible with
either no bias or a slight negative bias (i.e., under-perception
of Muslims, see Fig. 3, Left Panel).

Figure 2: Simulations of the model under different parameter
settings. Each shows the predicted response under different
kinds of certainty and bias. In the left column, the lower two
panels show the effects of bias on varying levels of
uncertainty. Bias of -0.75 shifts the pattern of responses such
that they are systematically under-perceiving the true values,
while +0.75 indicates over-perception. In the right column,
the lower two panels show the effects of uncertainty on
varying levels of bias. Reducing certainty to 0.6 shifts the
pattern of responses to have a flatter curve over the
intermediary proportions—evidence of hedging. Certainty of
0.2 shows even more hedging.
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Survey of Ipsos MORI Results
We now examine some of the Ipsos MORI data and share our
interpretation of it given our model. For ease of exposition,
we divide the Ipsos MORI data up into broad content areas,
summarizing each content area separately.
These content areas are invented by the authors as an easy
way to express the data patterns, and do not capture anything
about the ways these questions were asked on the survey, nor
do they have any direct theoretical import.

Figure 3: (Left panel) Mean estimate of the proportion of
Muslims (mean across subjects taken in log odds space)
plotted against actual proportion of Muslims in that country,
from the 2015 Ipsos MORI data set. (Right Panel) the same
analogous plot of the estimates and actual self-reported
atheists in each country.

The Ipsos MORI dataset
This data set includes three years of polling conducted across
several countries. The particular countries shifted from year
to year, as did the total number of responses. The poll was
conducted online, and in publications by Ipsos MORI was
weighted to create a representative sample. Table 1 presents
the basic descriptive statistics of the data sets themselves.
Table 1: Data from Ipsos MORI included in this data set.

Estimates of atheism show a very similar pattern:
traditional analyses show that nearly all countries
overestimate the proportion of their populations that are
atheist. Our analysis suggests that this overestimation is
primarily caused by people hedging their bets. Once this
psychophysical effect is accounted for, the residual is largely
unbiased. This unbiased strategy of estimation can be seen in
Fig. 3 (Right Panel), in which all countries reported fall very
close to the curve predicted by the psychophysical effect. One
can see that the two analytical approaches (analyzing raw
error versus our psychophysical approach) yield quite
different sets of implications: If one takes estimates as
reflecting the truth about people’s beliefs, one sees
overestimation of both Muslims and atheists. If one instead
includes psychophysical effects of responses, one sees no net
bias in either of these cases. Furthermore, on the traditional
analysis, different countries appear to differ starkly in how
much they overestimate these groups (mostly as a function of
the true prevalence). On our account, there is strong crossnational consistency in both items.
An example that reveals bias of over-perception, is
computer access. Looking at Fig. 4, we see that most countrylevel polls overestimate how many of their citizens have
regular computer access. However, even those who
underestimate do so only slightly, and this only occurs in
countries with high actual rates of computer access. This
over-perception, in turn, is consistent with the fact that the
Ipsos MORI polls are conducted online, providing a strong
case for why an over-perception bias might be present.

Year

Countries

2014
2015
2016

14
27
33

Total
N
9941
17888
19056

Total
Responses
56,160
111,684
122,528

Proportion
Estimations
7
8
9

Religion
In sharp contrast to most published reports, we do not find
strong evidence for bias about religious subgroups. Instead,
the errors made across all items were consistent with
unbiased perception, except for a perhaps a slight underperception of Christianity. Overall, estimates of atheism
tended to be slightly less certain than estimates of other
factors, but this was especially true of India. The only country
to over-perceive atheism was China.
Immigration
Research on public perceptions in political science has
focused particularly on immigration (Citrin & Sides, 2008;
Herda, 2013). Ipsos MORI asked about immigration in their
2014 and 2015 surveys. In neither case do we find that
immigration is over-perceived. Instead, although
immigration is indeed overestimated in raw numeric terms,
the pattern of observations is quite consistent with accurate
perception (2014) or indeed provides substantial evidence for
under-perception (2015). That is, people overestimate
approximately as you would expect them too if they were
uncertain how many immigrants there were, and underperceived them in the environment.
The immigration results from 2014 and 2015 are quite
divergent, possibly because the countries studied in 2015 (a
more numerous and more heterogeneous set) are different
from those studied in 2014, and these new countries more
strongly underperceive immigration. Indeed, this seems even
more plausible when we consider just the countries which
were surveyed in both years:

Figure 4: Mean estimates of the proportion of people (Left)
with computer access and (Right) who report being happy.
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Figure 5: Estimates of
the bias, degree of
certainty, and variation
between countries. Black
error bars reflect 95%
High-posterior density of
the mean value. That is,
black bars show how
certain
the
model
estimate is.
the mean 2014 and 2015 estimates from these countries
were very strongly correlated (r=0.94), and the overall mean
error is quite similar (+11% in 2014; +11.8% in 2015).
The immigration results from 2014 and 2015 are quite
divergent, possibly because the countries studied in 2015 (a
more numerous and more heterogeneous set) are different
from those studied in 2014, and these new countries more
strongly underperceive immigration. Indeed, this seems even
more plausible when we consider just the countries which
were surveyed in both years: the mean 2014 and 2015
estimates from these countries were very strongly correlated
(r=0.94), and the overall mean error is quite similar (+11% in
2014; +11.8% in 2015).

survey to be systematically unbiased in their estimates of the
rate of teen pregnancy and the elderly population. The
countries included in the 2016 survey were also found to be
unbiased in their perceptions of the immorality of abortion.

Discussion

People do not simply report their true beliefs about
numerical values. We find here that the assumptions one
makes about how people respond has a dramatic impact on
where one sees bias. The (traditional) perspective notes that
people overestimate Muslims, atheists, immigration, teen
pregnancy, and those over 65, while underestimating
happiness and Christianity, and focuses on patterns of
misestimation. The psychophysically informed perspective
explains this overestimation in terms of uncertainty and bias,
which indicates that views of Muslims, atheists, teen
pregnancy, and retirees are essentially unbiased, and people
may actually underperceive the levels of immigration and
rates of obesity (as well as happiness and Christianity).
This is important: how we interpret errors in estimation
critically informs what stands in need of explanation.
Classical efforts, noting that many minorities are
overestimated, have focused their efforts on explaining why
people over-represent or overestimate minorities:
explanations have thus been formed around the ways that
society interacts with minority groups. From this perspective,
differing amounts of overestimation are hard to interpret and
of secondary concern: the fact of overestimation indicates
bias. On the other hand, the psychophysical interpretation
takes into account properties of measurement and response
scales, and thus considers overestimation of minorities
perfectly normal behavior, requiring no special explanation.
The explanation is, in fact, in the model: people always tend
to overestimate small proportions under uncertainty.
What does stand in need of explanation is the degree of
certainty people feel about certain demographics, and the
residual bias that pushes estimates up and down relative to
the baseline of misestimation. This means that the complex
of ‘surprising’ results that stand in need of explanation is
different, and more heterogeneous. From our perspective, we
find explanations that target minorities, such as the ‘social
threat’ hypothesis, not to be very powerful—they reach
further (with less supporting data), to explain what our model
naturally takes into consideration. On the other hand, our
approach reveals phenomena that the traditional approach
misses. In finer detail, the two approaches differ vastly in
how they look at cross-national variation. Where the

Health and Lifestyle
One of the most dramatic effects in the entire data set is the
under-perception of obesity in the 2015 survey data. This
pattern is offset by substantial cross-national diversity, and
indeed a few countries show little or no under-perception. On
the whole, however, most data suggest that people in most
countries are uncertain about obesity and fail to recognize it.
One possibility is that people are unfamiliar with the medical
definition of obesity, and so classify only a subset of
medically obese people into this category.
Even more extreme than the under-perception of obesity,
however, is the under-perception of self-reported happiness
(studied in 2016, see Fig 4). Again, this under-perception is
associated with huge-cross-national variability. Examination
of the raw data may suggest that no work is being
accomplished by our model for these data at all: people may
be using different heuristics to make their happiness
estimates. Alternatively, it is not implausible to assume that
citizens of different countries simply differ quite widely in
how knowledgeable they are about the happiness of their cocitizens.
Overall, citizens tended to over-perceive the perceived
immorality of LGBT lifestyles (2016). That is, in most
countries, people underestimated how much their
compatriots accepted LGBT lifestyles as either moral or not
a moral issue. However, this slight general tendency masks
statistically significant variation, in which a few countries
significantly underperceived opposition to LGBT lifestyle.
Again, the 2016 survey data were mixed on this issue.
As mentioned above, we find that people under-perceive
opposition to premarital sex, with little exception. Despite
massive raw overestimates, we find the countries in the 2014
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traditional approach finds a very large difference between a
country that overestimates a value by 20 points and one that
is accurate, the psychophysical approach does not—so long
as both follow the same trend (e.g. the value is small in the
first country, and moderately large in the second). So, which
countries exhibit similarity or even agreement differs
strongly between the two perspectives.
Both approaches do agree on one thing: there is surprising
cross-cultural and cross-national consensus in the error
patterns. What happens in one country, is for many issues,
much like what happens in another. This degree of consensus
appears to vary for different items but is overall strongly
present. Nearly all countries in the Ipsos MORI sample
under-perceive premarital sex disapproval, despite the fact
that these countries vary vastly in their true rates of premarital
sex approval and treat premarital sex extremely differently.
Countries with Muslim populations that range from 0.1- 20%
perceive these populations in a very similar (unbiased) way,
even though their media and cultures treat Muslims
differently. These countries include Israel, India, Singapore,
Denmark, the US, and Thailand—countries with different
kinds of relationships between their majority and minority
cultures, making a broad social argument like the “phobic
innumeracy” argument less convincing. These patterns point
to a more surprising uniformity across cultures and
approaches globally (or at least in the particular sample Ipsos
MORI collected) than the traditional approach apprehended.
The current work contributes a practical approach to
psychophysics in the presence of misinformation and bias.
The generality of classical psychophysical approaches to
response measurement is limited by its focus on unbiased
perception. We find that these models have broad
applicability well beyond their classical application, and so
promise to prove quite robust as a modeling framework.
Beyond this, we advance the perspective that classic
psychophysics can naturally be accommodated within a
rational inference framework, and that doing so reconciles
two classic approaches: log scaling and Steven’s power law.
Results showing misestimation are being read, often at face
value, by lawmakers, scientists, politicians, and the public, as
well as forming a key application area and testbed for social
science theorizing. We believe that it is vitally important to
use the best available behavioral science to understand how
people respond to numerical scales: we know that people do
not in general have numerical beliefs, nor do they somehow
uniquely give numbers that correspond to those beliefs. At
the same time, people do have structured perceptions, and we
can access information about that structure. This suggests that
political scientists and pollsters would be well-served by
exploring alternative tasks that can access structure without
misleading. One alternative is to ask people to rank order
different proportions. Our lab is exploring this alternative
(Haussecker & Landy, 2018), and finding that it is often
possible to reconstruct metric properties of beliefs from rank
ordering tasks in practical contexts of general public interest.
Rank ordering may not be the best way to access metric
beliefs about proportions, but we believe it is a better one than

simply asking for estimates, since it does not provide the
convenient illusion of a direct response.
This is an exciting time to be doing behavioral science. As
we explore and collect the abundance of new data available
to us, it is important to remember the advances made by
scientists working directly in the lab. In the case of response
and measure theory, there is a real risk that a new generation
of tech-savvy and data-sophisticated scientists will fall into
errors that scientists of the past foresaw and avoided.
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Abstract

optimistic to suppose that the inputs to each process are
perfect, rather than being the noisy products of the prior
process.
Some researchers have proposed sequential models to
connect word segmentation abilities to other
downstream capacities such as word form learning and
lexical categorization (e.g., Phillips & Pearl, 2015;
Christiansen et al., 2009). Agreeing with the spirit of
these proposals, we also depart from the one-capacityat-a-time strategy by investigating three parts of the
infant’s learning problem together: word segmentation,
form-class categorization, and word-order learning. To
explore whether current notions of statistically-based
language learning could successfully scale to infants’
linguistic experiences “in the wild”, we test our model
on three different input types, ranging from entirely
idealized (orthographic words) to relatively naturalistic
(though phonologically idealized) resyllabified corpora.
Our strategy is not to engineer the most successful
possible model of the infant language learner. Rather,
we attempt to create a simple and ecologically valid
characterization of an infant using only abilities which
experimental studies have identified as apparently
available to infants and potentially useful for language
learning. In essence, we created a statistical clustering
implementation of Saffran et al. (1997), and sent its
outputs to an implementation of a “frame” based form
class tagger (Mintz, 2003) and, separately, to a simple
word-order heuristic parser (Gervain et al., 2008).
The question we pursue is how these modeled
capacities could work together when they receive the
noisy outputs of upstream word finding processes as
input, which may more closely resemble the scenario
infants face “in the wild”.

To explore whether current notions of statistically-based
language learning could successfully scale to infants’
linguistic experiences “in the wild”, we implemented a
statistical-clustering word-segmentation model (Saffran et al.,
1997) and sent its outputs to an implementation of a “frame”
based form class tagger (Mintz, 2003) and, separately, to a
simple word-order heuristic parser (Gervain et al., 2008). We
tested this pipeline model on various input types, ranging
from quite idealized (orthographic words) to more naturalistic
resyllabified corpora. We ask how these modeled capacities
work together when they receive the noisy outputs of
upstream word finding processes as input, which more closely
resembles the scenario infants face in language acquisition.
Keywords: language acquisition; distributional analysis;
word segmentation; word class acquisition, word order
acquisition

Introduction
In about one year, infants progress from knowing very little
about their native language to having learned about its
sounds, its phonotactic properties, dozens of its words, and
even certain elements of syntax (for example that nouns
tend to follow determiners and verbs tend to follow
pronouns; e.g., Shi & Melançon, 2010, Cauvet et al., 2014).
Computational models of these achievements mostly
examine each linguistic level in isolation. The researcher
conceptualizes the problem, presupposes the infant’s access
to the linguistic or perceptual elements that constitute the
problem, and (usually) attempts to find relatively simple
learning skills that infants might use to solve the problem.
Such skills might be demonstrated using experimental tests
of artificial-language learning, and then offered as an
important part of how infants acquire their native language.
This is an appropriate research strategy, but it is not
without its limits. One major limit is that although some
acquisitions might seem logically prior to others (phones
before words, words before form-class categories) infants
might learn parts of every linguistic level of description in
parallel (e.g., Frost & Monaghan, 2016). Another limit,
which we address here, is that even under the assumption of
sequential learning at each linguistic level, it is certainly too

Methods
We syllabified a dictionary-based phonological version
of the Brent & Siskind corpus (English IDS, 14
mothers’ transcribed speech; 2001) using two
strategies. The first, within-word strategy, left
monosyllables unmodified, but split polysyllabic words
into syllables according to the maximum onset principle
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(McCarthy & Prince, 1994, Prince & Smolensky, 1993).
The second, across-word strategy assigned consonants to
syllables (including across word boundaries) according to a
set of probabilities biased toward maximal onset with some
attractive influence of stress and sensitivity to sonority
ordering (Swingley, 2005, Appendix B). The syllabified
corpora were then passed through a statistical clustering
algorithm roughly similar to that of Swingley (2005), in
which adjacent units with high mutual information (MI) and
frequency were iteratively bound together into new units.
Under all parametrizations this yielded outputs of English
words, part-words (under-combinations), and non-words
(over-combinations).
The two resulting output corpora (one from each
syllabifier) and a third corpus of the orthographic words
served as inputs for two separate downstream models. The
first model, a form-class categorizer, which tracks nonadjacent patterns while grouping the word forms that
intervene, has been proposed as a potential source of
information for early syntactic categorization (e.g., Mintz,
2003, Chemla et al., 2009., Weisleder & Waxman, 2010,
Mintz et al., 2011, Moran et al., 2016, but see also Stumper,
2011). The second, word-order finding model, capitalizes
on the relative order of frequent and infrequent elements at
utterance boundaries as a potential cue to more general
word-order principles of the language (Gervain et al., 2008).
By passing two separate syllabified versions of the output
corpus to the two downstream models, we were able to
compare both models’ results across inputs which ranged
from entirely idealized to relatively naturalistic. In the
following sections, we present three illustrative input model
parameterizations varying in the word-finding clusterer’s
mutual information and frequency thresholds for assuming
wordhood (95th, 85th, and 75th percentiles) for each input
corpus (orthographic, within-word syllabification, and
across-word syllabification).

percentile-based thresholds for the word finder were
increased, accuracy improved while recall decreased,
presenting a more precise but sparse picture of wordfinding.
Frequency
& MI %ile

Accuracy

Recall

Hits

False
Alarms

Within
Word

75th

0.35

0.20

1260

2306

Within
Word

85th

0.57

0.13

812

612

Within
Word

95th

0.72

0.03

196

76

Across
Word

75th

0.23

0.21

1301

4359

Across
Word

85th

0.33

0.13

820

1643

Across
Word

95th

0.54

0.04

280

242

Corpus

Table 1: Accuracy and recall for the six input model
parameterizations presented throughout this paper.

Word Class Identification
Following Mintz (2003) we identified the 50 most
frequent frames in our corpora, considering as a frame
any sequence of ordered units, or word candidates,
which could be actual, part, or non words, with exactly
one intervening unit. For instance in the sentence “Put
the bottle on the table” all of the following sequences
are frames: [put_bottle], [the_on], [bottle_the],
[on_table]. In the resyllabified corpora, frame elements
could also include non and part words, so for instance
[put_bot] or [le_the] from the example above.

Results
Word Finding Success
Before passing the outputs of the word finder to the
downstream models, we briefly examine its ability to
identify words in the input corpora. Table 1 shows the word
finding model’s accuracy and recall for both versions of the
corpus (within-word, across word) at three frequency & MI
thresholds (75th, 85th, and 95th).
We considered the total number of correctly identified
words (hits) as well as the total number of incorrectly
identified words (false alarms). Accuracy was calculated as
hits divided by (hits + false alarms), while recall represented
the number of hits divided by all the words in the
orthographic corpus.
Despite having sampled from relatively stringent
frequency and MI criteria, the word finder’s accuracy and
recall scores varied substantially (Table 1). As the

Figure 1a: Accuracies of the 50 most frequent frames
in the Orthographic corpus. Point size represents
number of words per frame.
Here we explore the word-class identification
performance of the frequent frames. We present results
for the orthographic corpus as a gold standard (Fig 1a).
“Primary category” in the plots is our label of the
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predominant word class in each plotted frame; not all
analyses found frames of the same categories. Our accuracy
measures in this section represent the proportion of words in
each frame that shared that particular frame’s primary
category.

under 45%. Comparison with the orthographic standard,
though, showed that nonwords were not numerous
enough to corrupt the utility of frequent frames for
identifying noun and verb categories.
Across-Word Corpus Word-class identification
success declined moderately in the across-word corpus.
Here, verbs achieved the highest accuracy scores
(Ms=75.0% to 73.6% across input models), followed by
nouns (Ms=71.7% to 70.5% across input models).
Other categories performed significantly worse across
input models. See Figure 1c.
In this analysis, counting the non-words in computing
the accuracy of the frame-derived categories reduced
performance more substantially. Verbs achieved the
highest accuracy scores (Ms=61.3% to 49.2% across
input models), followed by nouns (Ms=52.6% to 45.0%
across input models), and other categories (Ms=47.9%
to 11.1% across input models). Thus, the discovered
categories were substantially impure with real words of
the wrong category, and with mis-segmented nonwords.

Figure 1b: Accuracies of the 50 most frequent frames in the
within-word corpus. The horizontal line indicates 80%
accuracy. Point size represents number of words per frame.

Corpus
Within
Word
Within
Word
Within
Word
Across
Word
Across
Word
Across
Word

Frequency
& MI %ile

Non
Words

Actual
Words

% Non
Words

75th

99

1190

0.08

85th

280

1638

0.15

95th

578

1610

0.26

75th

397

940

0.30

85th

676

1009

0.40

95th

842

1182

0.42

Table 2: The raw counts and percentage of non words
and actual words that appeared in the 50 most Frequent
Frames for each version of the corpus and input model.

Figure 1c: Accuracies of the 50 most Frequent Frames in
the Across Word Corpus. The horizontal line indicates 80%
accuracy. Point size represents number of words per frame.

Categorization Performance
Next, we assessed whether the frame-based clusters
served as decent foundations for syntactic category
learning. It is, after all, implausible that children have
as many form-class categories as frames; thus, we
explored how infants could combine the fifty framebased categories into actual syntactic categories. To this
end, we performed a post-hoc hierarchical cluster
analysis using the h-clust package in R (R Core Team,
2018).
We clustered word types according to their (binary)
vector of appearances in each of the frequent frames.
This process created a dendogram which represented all
the possible groupings of categories of the words
(ranging from one to the total number of words in the
frame-based clusters). Each dendrogram was cut to

Within-Word Corpus We found that the outputs from our
word-finder, though noisier than orthographic word input,
led to decent form-class-identification performance for
many nouns and verbs, but not other categories (Fig 1b).
Nouns achieved the highest accuracy scores (Ms=84.6% to
80.6% across input models), followed by verbs (Ms= 80.2%
to 78.9% across input models). Other categories performed
significantly worse (i.e., frame-based clusters had highly
non uniform contents) across input models.
Word-class identification declined when part-words and
non-words were included (as impurities) in the accuracy
computations shown in Figure 1b for nouns (Ms=74.4% to
66.9% across input models) and verbs (Ms= 72.4% to
61.2% across input models). All other categories, except
determiners, (M = 1, n=2 frames), showed accuracy levels
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yield five groups. Non- and part-words were excluded from
the analyses below.
This clustering process is not meant as a model of the
infant learner. But, if our analysis were able to group, say,
most of the noun word types across frames into one
coherent cluster, this sort of result would suggest that the
information that frequent frames provide could, in principle,
pave the way for syntactic category learning.
Again, we present categorization performance for the
orthographic corpus as a gold standard (Fig 2a) for
comparison, and show the best performing model for the
within-word corpus (Fig 2b), and the best model for the
across-word corpus input (Fig 2c).

Within-Word Corpus The input model which
achieved the highest categorization success required MI
scores in the 95th percentile or higher for word
segmentation (Fig 2b). Here, 52/74 verb types
identified by the frequent frame analysis clustered
together (i.e., appeared in a similar set of frames). On
the other hand, only 25/50 noun types appeared in the
same cluster, while the other 25 noun types were
scattered across three separate clusters. Categories other
than {noun, verb} did not form distinct clusters.
Across-Word Corpus For the across-word corpus, the
most successful model assumed 75th percentile threshold
or higher for word segmentation. In this analysis, both
verbs nouns and verbs tended to reliably form clusters.
Overall, 59/82 verb types and 50/71 noun types
appeared in single clusters respectively. Again, other
categories failed to form distinguishable clusters.

Word Order Identification
Next, we calculated how often frequent and infrequent
elements appeared at the utterance boundaries of each
of our three input corpora. Following Gervain et al.
(2008), an element in the corpus was considered
frequent (FW) if its relative frequency of occurrence
exceeded one of two predetermined thresholds: .01 or
.0025. All other elements were considered infrequent
(IW). Using these criteria for classifying frequent and
infrequent elements, we identified all two-“word”
sequences at the beginning and end of the utterances in
the three corpora and tagged them according to four
possible word orders: FW-IW, or frequent-first, IWFW, or frequent-last, and IW-IW or FW-FW (equal
frequency). We considered the two relative frequency
thresholds (.01, .0025) separately in our analyses. As a
reference, results for the orthographic words corpus are
shown in Figure 3a.

Figure 2a: Clusters formed in orthographic Corpus

Figure 2b: Clusters formed in within-word Corpus

Figure 3a: Relative frequencies of orthographic words
by frequency threshold
Within-Word Corpus Sequences following a frequentfirst order outnumbered frequent-last sequences in all
three input models. When the frequency threshold was
set at .01 for the word-order-finder frequent-first orders

Figure 2c: Clusters formed in across-word corpus
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were only 1.48 to 1.28 times more frequent than frequentlast orders across input models. When the relative frequency
threshold was relaxed to .0025, frequent-first orders
appeared 2.0 to 1.4 times as often as frequent-last orders
across input models (Fig 3b).

across input models. In the across-word input corpus,
the number of equal frequency sequences increased,
ranging from 73% to 49% across input models.
In our analyses we found stronger cues regarding the
relative frequencies of frequent-initial to frequent-final
sequences in the within-word corpus than in the acrossword corpus. Such cues could, in theory, help infants
derive word-order properties of their language.

Across Word Corpus Running the word-order finding
model on the probabilistically syllabified input substantially
decreased the dominance of frequent-first sequences at
utterance boundaries. For the .01 frequency threshold,
frequent-first to frequent-last ratios spanned from 1.16 to
1.06 across input models. Relaxing the frequency thresholds
slightly improved performance as the frequent-first to
frequent-last ratios increased to 1.43 to 1.25 across input
models. See Figure 3c.

Discussion
We found that noise introduced from imperfect wordfinding did not prevent the frequent-frames analysis
from achieving reasonably high accuracy in grouping
some nouns and verbs, as long as the word-finder
worked over the within-word input corpus. In this case,
word classification remained somewhat robust for these
form classes, even when non-words and part-words
entered the analysis. When the word finder worked over
a corpus of words syllabified across word boundaries,
results of our downstream frequent-frames analysis
declined. Furthermore, adding non-words and partwords to this noisier analysis greatly reduced the
apparent success of frequent frames in form-class
identification.
In our word-order identification model we still found
distinct relative frequency patterns at utterance
boundaries in the within-word syllabified corpus. But
this favorable pattern almost vanished once we
removed the assumption that infants know word
boundaries (across-word corpus). Though we cannot
specify the learning consequences of the input having
only a razor-thin advantage for the language-typical
frequency pattern, it seems unlikely that infants would
draw strong conclusions about their language’s word
order from such small margins.

Figure 3b: Relative frequencies of sequences at utterance
boundaries in the within-word corpus presented by
frequency threshold and input model.

Conclusion
Years of experiments in infant research have
demonstrated a number of cognitive capacities that
could, in principle, help perform the task of language
learning. However, it is impossible to know how far
such skills can take infants without modeling over
corpora. Models often force us to make more realistic
assumptions about the coverage that specific infant
capacities offer. Here, we used a very simple
implementation of infant capacities suggested by
experiments that clearly demonstrate these capacities
but that unquestionably underdetermine the quantitative
characteristics of these abilities. Over a range of
parameter values, though, we have shown that: (a)
“frequent frames” made up of, and enclosing, units
found by our word-finding algorithm tended to

Figure 3c: Relative frequencies of sequences at utterance
boundaries in the across-word corpus presented by
frequency threshold and input model.
Thus, using the within-word corpus input we roughly
replicated Gervain et al.’s (2008) findings in another VO
language, at least in the overall ratios of frequent-initial to
frequent-final sequences. However, while Gervain and
colleagues found that equal frequency sequences (IW-IW,
FW-FW) composed only 21% (.01 frequency threshold) and
8% (.0025 frequency threshold) of all utterance boundary
sequences, such sequences were much more frequent in our
analyses. In the within-word corpus, these equal frequency
sequences composed 59% to 49% of all boundary sequences
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correctly group together nouns and verbs, but not other
categories; (b) units found by the algorithm tended to reveal
the frequent-first, infrequent-second trend identified by
Gervain et al. (2008) as a potential cue to word order; and
(c) many of these informational gains were muddied
considerably by making probably more realistic
assumptions about the ambiguity of syllable boundaries.
Whether these results support a more or less optimistic
stance concerning the potential for statistical learning cannot
be stated conclusively, and it is to be expected that opinions
will differ on this issue. Our assessment is that the present
analyses, on balance, probably underestimate the difficulties
infants face, because true phonetic variability is more severe
than acknowledged by our input corpora. Even so, the
results suggest that while some word-finding is feasible
statistically, successful form-class identification cannot be
accomplished in this pipeline using frequent frames,
excepting a gross and still error-ridden division into
unlabeled clusters of nouns, verbs, and miscellany.
Frequency imbalances and their ordering might suggest
aspects of word order to infants, but the imbalances are
slight in our resyllabified data, so that one might question
whether they are salient enough to drive infant intuitions. In
our view, it is likely that the statistical outputs we modeled
are somewhat informative, but clearly insufficient. The
solution, we suggest, is probably not to reduce estimates of
what infants know, but rather to find ways to incorporate
knowledge of word meaning into the relevant computations.
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Abstract

Here, we address these problems by deriving planning
strategies through resource-rational analysis and introducing a process-tracing paradigm that allows us to directly observe the sequence of people’s planning operations. We use
data obtained with this paradigm to evaluate our resourcerational model of planning against previously proposed planning strategies. This enables us to distinguish between those
models even when they predict the same final decision.
Our resource-rational framework enables us to automatically discover the optimal planning strategy for any given environment. We find that people’s planning strategies are better explained by bounded-optimal planning than by classic
models of planning as search (progressive deepening, bestfirst search, depth-first search, and breadth-first search) even
when those models are augmented with the mechanisms of
satisficing (Simon, 1956) and pruning (Huys et al., 2012).
We characterize how human planning conforms to and deviates from resource-rational planning and quantify individual differences in the rationality of people’s planning strategies. Furthermore, our analysis correctly predicts how people’s planning strategies differ across environments.
This paper is structured as follows. We start by introducing the methodology of resource-rational analysis and review
previous findings on planning. Next, we introduce our new
process-tracing paradigm for the study of planning and apply resource-rational analysis to its planning problems. We
then evaluate the resource-rational model against processtracing data from people in Experiment 1. Experiment 2
tests resource-rational predictions about how people’s planning strategies should change with the structure of the environment. We close by discussing the implications of our
findings for cognitive modeling and human rationality.

People’s cognitive strategies are jointly shaped by function and
computational constraints. Resource-rational analysis leverages these constraints to derive rational models of people’s
cognitive strategies from the assumption that people make
rational use of limited cognitive resources. We present a
resource-rational analysis of planning and evaluate its predictions in a newly developed process tracing paradigm. In Experiment 1, we find that a resource-rational planning strategy
predicts the process by which people plan more accurately than
previous models of planning. Furthermore, in Experiment 2,
we find that it also captures how people’s planning strategies
adapt to the structure of the environment. In addition, our approach allows us to quantify for the first time how close people’s planning strategies are to being resource-rational and to
characterize in which ways they conform to and deviate from
optimal planning.
Keywords: bounded rationality; planning; rational analysis;
decision-making; heuristics

Introduction
Previous research has shown that many aspects of human cognition can be understood as rational adaptations to the environment and the goals people pursue in it (Anderson, 1990).
Rational analysis leverages this assumption to derive models of human behavior from the structure of the environment.
In doing so, rational analysis makes only minimal assumptions about cognitive constraints. However, it has been argued that there are many cases where the constraints imposed by cognitive limitations are substantial, and Herbert
Simon famously argued that to understand people’s cognitive
strategies we have to consider both the structure of the environment and cognitive constraints simultaneously (Simon,
1956, 1982). Resource-rational analysis (Griffiths, Lieder, &
Goodman, 2015) thus extends rational analysis to also take
into account which cognitive operations are available to people, how long they take, and how costly they are. Given that
resource-rational analysis has been successful at explaining a
wide range of cognitive biases in judgment (Lieder, Griffiths,
Huys, & Goodman, 2017) and decision-making (Lieder, Griffiths, & Hsu, 2018) by suggesting resource-efficient cognitive
mechanisms, it might also be able to shed new light on other
cognitive processes, such as planning.
Surprisingly little is known about how people plan. While
extant models of planning (De Groot, 1965; Huys et al., 2012,
2015; Newell & Simon, 1956, 1972) explain aspects of human planning, its precise mechanisms remain unclear; the
applicability of each existing model is limited; and it remains
unknown when people use which of those strategies and why.
These questions are very difficult to answer because planning
is an unobservable and highly complex cognitive process.

Background
Discovering optimal cognitive strategies
Resource-rational analysis (Griffiths et al., 2015) derives process models of how cognitive abilities are realized from a formal specification of their function and a model of the cognitive architecture available to realize them. Formally, the
resource-rational model of a cognitive mechanism is defined
as the solution to a constrained optimization problem over the
space of strategies that can be implemented on the assumed
cognitive architecture, and the objective function measures
how well the strategy would perform under the constraints of
limited time and costly computation. This problem formulation can be approximated as a meta-level Markov decision
process (Hay, Russell, Tolpin, & Shimony, 2012).
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Planning
Most research on planning has been conducted in the fields of
problem solving and artificial intelligence (Newell & Simon,
1972). The Logic Theorist (Newell & Simon, 1956) planned
its proofs using breadth-first search: it first evaluated all possible one-step plans, then proceeded to all possible two-step
plans, and so on, until it discovered a proof. By contrast,
chess programs typically use depth-first search: they evaluate one possible continuation in depth and then back up one
step at a time. When an optimal solution is not necessary (or
feasible), an inadmissible heuristic can be applied: For example, (greedy) best-first search searches in whatever direction
looks most promising at the moment.
Newell and Simon’s (1972) research on human problem
solving found that people usually plan forwards by a strategy
called progressive deepening (De Groot, 1965) which is similar to depth-first search but resumes planning from the beginning after having considered one action sequence in depth.
Furthermore, Simon (1956) argued that human decisionmaking is fundamentally constrained by limited cognitive resources and that people cope with these constraints by choosing the first option they find good enough instead of trying to
find the best option; this is known as satisficing.
More recent work has found that people often prune their
decision tree when they encounter a large loss (Huys et al.,
2012) and cache and reuse previous action sequences (Huys
et al., 2015). It has also been argued that people greedily
choose each of their planning operations so as to maximize
the immediate improvement in decision quality instead of
considering the potential benefits of sequences of planning
operations (Gabaix, Laibson, Moloche, & Weinberg, 2006).

Figure 1: Illustration of the Mouselab-MDP paradigm. Rewards are revealed by clicking, prior to selecting a path with
the arrow keys.
Clicking on a location roughly corresponds to thinking about
a potential destination, evaluating how enjoyable it would be
to go there, and adjusting one’s assessment of trips including this destination accordingly. Although this is a dramatic
simplification of the representations and computations people
employ when planning, it nevertheless retains enough of the
core structure of planning to reveal previously unobservable
aspects of human planning.

Models of planning
We model planning in the Mouselab-MDP paradigm as a metalevel Markov Decision Process (metalevel MDP; Hay et al.,
2012),
Mmeta = (B , A , T , rmeta ),
(1)
where each belief state b ∈ B encodes the joint distribution
over the rewards at each node (i.e. location) in the planning
graph. In the case of uniformly distributed rewards, the be
(t)
(t)
lief state b(t) at time t can be represented as R1 , · · · , RK

The Mouselab-MDP paradigm

(t)

where R1 is the set of possible values that the hidden reward
(t)
Xk might take such that b(t) (Xk = x) = Uniform(x; Rk ). The
metalevel actions are A = {c1 , · · · , cK , ⊥} where ck reveals
the reward at node k and ⊥ selects the path with highest expected sum of rewards according to the current belief state.
The transition probabilities Tmeta (b(t) , ck , b(t+1) ) encode that
(t+1)
performing computation ck sets Rk
to {x} with proba-

Planning, like all cognitive processes, cannot be observed directly. In previous work, researchers have inferred properties
of human planning from the decisions participants ultimately
made or asked participants to verbalize their planning process. However, many different planning strategies can lead
to the same final decision, and introspective reports can be
incomplete or inaccurate.
To address these challenges we employ a new processtracing paradigm for the study of planning that externalizes
people’s unobservable beliefs and planning operations as observable states and actions (Callaway, Lieder, Krueger, &
Griffiths, 2017). Inspired by the Mouselab paradigm (Payne,
Bettman, & Johnson, 1993) that traces how people choose between multiple risky gambles, the Mouselab-MDP paradigm
uses people’s mouse-clicking as a window into their planning.
Each trial presents a route planning problem where each
location (the gray circles in Figure 1), harbors a reward or
punishment. These potential gains and losses are initially occluded, corresponding to a highly uncertain belief state, but
the participant can reveal each location’s value by clicking on
it and paying a fee. This problem is equivalent to looking at a
map and selecting a sequence of destinations for a road trip.

(t)

bility 1/ Rk(t) for x ∈ Rk . The metalevel reward function is
rmeta (b, c) = −λ for c ∈ {c1 , · · · , cK }, and
rmeta ((R1 , · · · , RK ), ⊥) = max ∑

t∈T k∈t

1
· ∑ x,
|Rk | x∈
R

(2)

k

where T is the set of all paths t.

Models
We model people’s planning operations c as arising from a
combination of a systematic strategy M and unexplained variability according to
Pr(c|b, M, ε, τ) = (1 − ε) · σ(c;Vb,M , τ) + ε · U (c;Cb ), (3)
where the first term models the strategy’s choice of computations as a soft-max function (σ(c;Vb,M )), and the second term
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havior of the modeled strategy M. For example, the preference function for depth-first search has

models unexplained variability by a uniform distribution over
the set Cb of all clicks that have not been made yet and the termination action ⊥. The weight ε of the random process is a
free parameter that we constrain to be less than 0.25. The
probability σ(c;Vb,M ) that the strategy will choose computation c is defined as a soft-max decision rule
σ(c;Vb,M , τ) =

exp( 1τ ·Vb,M (c))
∑c0 ∈Cb exp( 1τ

·Vb,M (c0 ))

,

(
−1010
if ¬clicked(parent(c))
,
Vb,DFS (c) =
depth(c) otherwise

(5)

where the first case makes the strategy search in traversal order and the second makes it prefer to click nodes that are further from the root of the tree. Breadth-first search prefers
less distant nodes by simply negating depth(c) in Equation 5.
Best-first search prioritizes nodes on promising paths by replacing depth(c) with the expected sum of rewards along the
path on which c lies.

(4)

over its belief-dependent preferences Vb,M . The decision temperature τ interpolates between always choosing the most preferred computation and choosing computations at random.
The models presented below differ only in Vb,M (c).
Optimal planning The optimal planning strategy is the one
that always takes the metalevel action with maximal expected
long term reward. In standard MDP notation (Sutton & Barto,
1998), the expected long term reward of executing action a in
state s (and then continuing optimally) is given by Q∗ (s, a);
in a metalevel MDP, we simply replace actions a and states s
with beliefs b and computations c. Thus, our model of optimal planning has Vb,OPT (c) = Q∗ (b, c). We compute Q∗ exactly by backwards induction.

Directed cognition Finally, we considered an extension of
the directed cognition model of Gabaix et al. (2006). The directed cognition model uses macro-operators, which we define as sequences of clicks along a path. Therefore, each
macro-operator can be defined by a (p, nc )-tuple, where p is a
path and nc is the number of clicks the macro-operator makes
along that path. The nodes on the path are clicked in the order of decreasing reward variance, with ties broken at random. The directed cognition model chooses macro-operators
according to a myopic cost-benefit analysis. Concretely, the
value Vb,DC (o) of a macro-operator o is the expected utility of
terminating search immediately after executing o minus the
utility of terminating immediately and the cost of executing
o. Macro-operators are selected with noisy maximization as
in Equation 3.

Classical planning strategies To evaluate our optimal
planning strategy against extant theories, we built likelihood
models of the classical planning strategies known as depthfirst search, breadth-first search, best-first search, and progressive deepening search (Newell & Simon, 1972). We augment these classic search-based strategies with satisficing (Simon, 1956) and pruning (Huys et al., 2012) that allow the
strategy to terminate planning before clicking every node.
Thus, the preference function for each heuristic strategy is
defined piecewise by one function that determines the search
order (preferences for clicks, Vb (c)∀c ∈ Cb \ {⊥}), and another that determines the termination criterion (preference for
terminating, Vb (⊥)).
Beginning with the second piece, we assume that the
heuristic strategies terminate search by a combination of satisficing and pruning. When the expected reward for terminating search given the current belief equals or exceeds the
model’s aspiration level α, then Vb,M (⊥) = 1010 so that all
strategies strongly prefer to terminate planning; otherwise,
Vb,M (⊥) = −1010 making termination undesirable. Terminating is still possible in this case by pruning: If the expected
return of a path falls below the pruning threshold ω, then
Vb,M (c) = −1020 for all computations c that inspect any of
the nodes along that path, making clicking much less desirable than terminating even when the aspiration level has not
been met. The aspiration level α and the pruning threshold
ω are free parameters, constrained to be strictly positive and
strictly negative respectively (to exclude the degenerate case
of always preferring to terminate search).
Turning now to the search order, we define Vb,M for each
model M such that σ(c;Vb,M , τ = 10−10 ) reproduces the be-

Experiment 1: Testing models of planning
In Experiment 1, we leveraged the Mouselab-MDP paradigm
(Figure 1) to evaluate how people plan against optimal planning and classic models of planning.

Methods
Stimuli and Procedure The experiment began with a series of practice blocks that introduced the problem (one for
navigating with all rewards revealed, one for navigating with
all rewards concealed, one for inspecting nodes, and one that
introduced the cost of inspecting rewards). Participants then
took a quiz that queried participants about the range of rewards, the cost per click, and how their bonus would be calculated.
In the main part of the experiment each participant solved
30 different 3-step planning problems of the form shown in
Figure 1. There were 3 options for the first move and two options for the third move, leading to 6 paths in total. Each location’s reward was independently drawn from a discrete uniform distribution over the values {−10, −5, +5+10}, and the
cost of inspecting a node was λ = 1. This cost was deducted
directly from the participant’s earnings, or score, which was
initialized at 50. To reduce the opportunity cost of time, participants were required to spend at least 7 seconds on each
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Model
Optimal
Best First
Breadth First
Depth First
Progressive Deepening
Directed Cognition
Random

BIC

LL

R2

30625
31744
32387
32454
32476
34025
34579

-15303
-15854
-16176
-16209
-16220
-17004
-17289

0.115
0.083
0.064
0.062
0.062
0.017
0

Qualitative predictions Inspecting the click sequences of
the resource-rational strategy across 40 simulated trials suggested that it always inspects a node on a path with the highest expected return (of all paths with unclicked nodes)–like
best-first search. People follow this pattern 82.1% of the time
(p < 10−15 ). However, unlike best-first search, the optimal
strategy terminates search when the expected value of information drops below the cost of attaining it. As a result, the
optimal aspiration level decreases as more information is acquired. As shown in Figure 2a, holding the value of the best
path constant, the probability that the optimal strategy stops
planning increases with the number of clicks already made.
This pattern is noisily expressed in the human data as well:
A mixed effects logistic regression of the termination probability on the number of revealed states and the value of the
current best path revealed a significant negative interaction
(χ2 (1) = 43.319, p < 10−10 ).
However, we also found two systematic deviations of human planning from resource-rationality: First, unlike the optimal strategy, people preferred to inspect states in the order
they would traverse them. Concretely, people preferred inspecting the rewards for the first step over the rewards for
the second step (72.6% vs. 10.0%, p < .0001) even though
optimal planning is indifferent between them. Similarly, after observing a large positive reward for taking a certain action in the first step in their first click, people more often
conformed to best-first search which evaluates the immediate
next step (51.5%) than to the optimal strategy which skips
ahead to one of its final destinations (28.9% of the time;
χ2 (1) = 10.1, p < .0015). These deviations might reflect that
simulating actions in future states is more costly than simulating acting in the present. Second, following a moderately good observation on the first click, people continue to
explore paths starting with other actions 57.0% of the time
whereas the resource-rational strategy would zoom in on the
most promising paths identified by that observation.

Table 1: Model comparison: Columns are Bayesian Information
Criterion, Log Likelihood, and McFadden’s pseudo R2 .

trial; if they finished the trial in less time, a countdown appeared and they were told to wait until the remaining time
had passed.
Participants We recruited 60 participants from Amazon
Mechanical Turk. Each participant received a base pay of
$0.50 and a performance-dependent bonus that was proportional to their score in the task (average bonus: $2.16±$1.16)
for about 16.6 minutes of work on average. We excluded 9
participants (15%) because they either failed to follow the instruction to click during the training phase or answered more
than 1 of the 3 comprehension checks incorrectly.

Results
Overall, participants’ average score of 6.54 ± 0.31 points per
trial was about 70% of the average score achieved by the optimal planning strategy (9.33). The moves participants selected
were optimal relative to the information they had uncovered
during planning in 98.6% of the trials. The subsequent analyses therefore focus on people’s planning strategy.
Model Comparisons We began by evaluating how well
each model explains the aggregate data pooled across all participants. We fit each model’s free parameters by maximum
likelihood estimation. To account for the differing number
of parameters, we computed the Bayesian Information Criterion (Schwarz, 1978). As shown in Table 1, our data provided
strong evidence in favor of the optimal model in terms of the
complexity-penalized BIC and the raw likelihoods.
Modeling process-tracing data at the resolution of individual planning operations is intrinsically difficult. To get a
sense of the predictive power of each model over the random
baseline, we compute McFadden’s pseudo R2 using the ranLL(M)
dom model as the null model: R2 (M) = 1 − LL(M
. We
random )
find that all models explain a relatively modest proportion of
the variance. This is at least in part due to inherent limits to
the predictability of our data, including the symmetry in the
problem that often makes multiple clicks functionally equivalent and the individual differences documented below.
Next, we characterize in which ways people’s strategies deviated from and conformed to optimal planning.

Quantifying deviations from bounded optimality. We
found that, on average, 45.0% of our participant’s computations were sub-optimal. However, the computations people
selected did nevertheless achieve 86.8% of the highest possible value of computation (VOC(b, c) = Q?m (b, c)−Q?m (b, ⊥));
we will refer to this ratio as the rationality quotient. Next, we
characterized the ways in which people’s planning strategies
are sub-optimal. We found that people tend to plan too little. Concretely, 28.3% of people’s deviations from optimal
planning were caused by stopping too early, but only 6.3%
were caused by stopping too late. Finally, the majority of
people’s deviations from bounded optimality (i.e., 65.5%) occurred when they clicked on one node when the optimal strategy would have clicked on a different node.
Individual differences in rationality. Consistent with previous work by Stanovich and West (1998) we found considerable inter-individual differences in the extent to which peo-
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Figure 2: a) Adaptive termination threshold in optimal and human planning. Both the optimal model and humans smoothly
lower the termination threshold as more clicks are made. The next-best-fitting model does not have this characteristic. b)
Individual differences in the rationality of people’s planning strategies.
ple’s planning strategies were rational (see Figure 2b). The
average agreement between people’s planning operations and
optimal planning ranged from 0% to 80.8% (48.0%±23.3%);
and the average VOC of people’s planning operations ranged
from 0% to 98.5% of the optimal VOC (80.0% ± 26.4%).
Figure 2b suggests that the majority of participants achieved
a high level of resource-rationality; very high rationality quotients were more common than low ones, and the distribution
of people’s rationality scores might be bimodal.

during the training block or incorrectly answering more than
one of the four quiz questions. Each participant received a
base pay of $0.50 and a performance dependent bonus that
was proportional to their final score in the game (avg. bonus:
$1.84 ± 0.81) for about 16.5 minutes of work on average.

Results
Participants achieved average scores of 31.3 ± 0.7 and 25.1 ±
1.1 in the increasing and decreasing conditions respectively,
about 80.2% of the average score achieved by the optimal
planning strategy in both cases. As in Experiment 1, participants’ moves were optimal relative to the information they
had uncovered on more than 95% of trials in both conditions.

Experiment 2: Structure shapes strategies
Bounded optimality predicts that people should adapt their
planning strategy to the structure of the environment. We test
this prediction by manipulating whether future rewards are
more variable than immediate rewards or vice versa. Because
high-variance rewards have a greater effect on a path’s total value, the optimal strategy will inspect these nodes first.
Thus, it will plan forwards when reward variance decreases
with depth and backwards when reward variance increases
with depth. In Experiment 2, we test whether human planners are likewise sensitive to the structure of reward variance.

Model comparisons We found that our optimal planning
model (BIC = 21203) explained our participants’ click sequences in the two conditions substantially better than the directed cognition model (BIC = 25354), the best-first search
model (BIC = 29122), and the random model (BIC = 29313).
While the optimal model and the directed cognition model
correctly predicted forward versus backward planning, none
of the classic models of planning can capture people’s backward planning in the increasing variance condition. This
highlights the advantage of having a general theory of how
people’s cognitive strategies are shaped by the structure of
the environment and cognitive constraints.

Methods
Experiment 2 presented participants with a modified version of the three-step planning task from Experiment 1 (see
Figure 1). Each participant was randomly assigned to one
of two conditions that differed in whether the variability
of a node’s reward distribution increases or decreases with
the number of steps it takes to reach that node. Concretely, in the first condition the reward distributions were
Uniform({−4, −2, +2, +4}), Uniform({−8, −4, +4, +8}),
and Uniform({−48, −24, +24, +48}) for nodes reachable in
one, two, and three steps, respectively. In the second condition, the order of these distributions was reversed. The instructions informed participants about this reward structure.
Participants then completed 10 practice trials with fully revealed reward structures in which they could learn the statistics of the environment from experience. Next, participants
answered a quiz about the range of rewards at the first step
and the third step, the cost of clicking, and their bonus.
We recruited 69 participants on Amazon Mechanical Turk;
16 of them (23%) were excluded for either never clicking

Qualitative predictions As predicted by our resourcerational analysis, participants engaged in forward planning
when the variance of the reward distribution was decreasing and backward planning when it was increasing. Concretely, in the condition with outwardly increasing variance
the first click inspected a potential end state 95.0% of the
time compared to 0.3% in the condition with decreasing variance (χ2 (1) = 520.5, p < .0001). Conversely, in the decreasing variance condition 99.7% of the first clicks inspected one
of the immediate rewards compared to only 4.1% in the increasing variance condition (χ2 (1) = 478.3, p < .0001). Furthermore, when the variance increased outwardly, then only
13.9% of participants inspected any of the rewards at steps 1
or 2 before they had inspected all potential end states. Like-
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wise, when the variance decreased outwardly, 86.1% of participants’ second clicks also inspected an immediate reward
unless the first click observed the largest possible reward in
which case 69.3% of them stopped planning as predicted.
Like the optimal strategy, participants in the increasing variance condition stopped 81.6% of the time they discovered a
terminal state with the highest possible reward.
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Conclusion
The assumption that humans are well-adapted to their environment (Anderson, 1990) greatly constrains the space of behavioral models a scientist might consider, and has thus facilitated rapid progress in many psychological domains. However, many of the problems people face are as much a product of their own computational constraints as they are a product of the external environment (Simon, 1956). By modeling
these constraints as part of the problem humans must solve,
we can apply the rationality assumption to a wider set of psychological phenomena.
Here, we have shown that a resource-rational analysis
predicts people’s planning strategies more accurately than
previous models of planning, and captures how people’s
planning strategies depend on the structure of the external
environment. This finding is congruent with recent evidence for a metacognitive reinforcement learning mechanism
that makes people’s cognitive strategies increasingly more
resource-rational (Krueger, Lieder, & Griffiths, 2017; Lieder
& Griffiths, 2017). Follow-up experiments will investigate
whether the resource-rational planning strategies discovered
in this work can also predict human behavior in more naturalistic sequential decision problems without the artificial constraints of our process-tracing paradigm.
One limitation of the resource-rational analysis presented
here is that we have approximated bounded-optimality by rational metareasoning which assumes that the agent can determine the optimal computations at no cost (Russell, 1997). Future work replacing the optimal strategy computed by rational
metareasoning with the bounded-optimal strategy computed
by optimizing over implementable production systems might
thus be able to explain some of the apparent sub-optimalities
of human planning identified in this work.
Our study illustrates the potential of resource-rational analysis for elucidating people’s cognitive strategies and understanding why they are used. Our findings suggest that this
approach can make valuable contributions to the debate about
human rationality by enabling a quantitative assessment of
people’s cognitive strategies against realistic normative standards and a fine-grained characterization of when and how
they deviate from bounded-optimal information processing.
Extending this approach to increasingly more realistic problems, including planning tasks where cognitive operations reveal the causal structure of the environment, is an important
direction for future work.
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Abstract
The brain in conjunction with the body is able to adapt to new
environments and perform multiple behaviors through reuse of
neural resources and transfer of existing behavioral traits. Although mechanisms that underlie this ability are not well understood, they are largely attributed to neuromodulation. In
this work, we demonstrate that an agent can be multifunctional
using the same sensory and motor systems across behaviors,
in the absence of modulatory mechanisms. Further, we lay out
the different levels at which neural reuse can occur through
a dynamical filtering of the brain-body-environment system’s
operation: structural network, autonomous dynamics, and transient dynamics. Notably, transient dynamics reuse could only
be explained by studying the brain-body-environment system
as a whole and not just the brain. The multifunctional agent we
present here demonstrates neural reuse at all three levels.
Keywords: multifunctionality; neural reuse; neural networks;
dynamical systems theory; brain-body-environment systems

Figure 1: Three levels of neural reuse in multifunctional
agents: structure (blue), autonomous dynamics (green), and
transient dynamics (orange). [A] Dedicated circuits for
each behavior: non-overlapping structures, and thus nonoverlapping autonomous or transient dynamics. [B-D] Multifunctional circuits: overlapping structures (i.e., shared neural
resources for multiple behaviors). [B] Autonomous dynamics are unique to each behavior, and thus transient dynamics
are also unique (i.e., different set of attractors for each behavior). [C] Autonomous dynamics are shared across multiple
behaviors, but transient dynamics are unique to each behavior (i.e., overlapping set of attractors for multiple behaviors,
but different dynamics when coupled with the body and environment). [D] Both autonomous and transient dynamics are
shared across multiple behaviors (i.e., overlapping set of attractors and similar overall dynamics when coupled with the
body and environment for multiple behaviors).

Introduction
A crucial aspect to adaptation in cognitive beings is their ability to exploit regularities in the environment and reuse existing resources across multiple behaviors. Extensive empirical evidence shows that neural resources optimized during the course of learning one behavior are reused for others (Anderson, 2010). This multi-functional ability of neural circuits has been demonstrated in the small nervous systems of the nematode worm Caenorhabditis elegans (302
neurons) (Hobert, 2003) as well as in the macro scale of
the human brain (100 billion neurons) (Lizier et al., 2011).
The mechanisms that facilitate this phenomenon have largely
been attributed to neuromodulation and synaptic plasticity (Briggman & Kristan, 2008; Getting, 1989; Morton &
Chiel, 1994).
The goal of this work is to show a concrete example of how
the interaction between brain, body and environment enables
neural networks to perform multiple behaviors and elucidate
the dynamical aspects that lead to it. Reuse in embodied recurrent neural networks unfold over three levels: structural
network, autonomous dynamics of the neural network, and
transient dynamics of the neural network (Fig. 1). Structure
is defined by the neural circuit itself, the intrinsic parameters
of the neurons, and the synaptic strength of connectivity between them. While it is possible that an agent possesses specialized circuits for performing different behaviors (Fig. 1A),
reuse at this level involves utilizing overlapping circuits to
produce multiple behaviors (Fig. 1B,C,D). The next level,
when structure is reused, is that of the neural network’s autonomous dynamics isolated from the body. Each behavior

is associated with a set of phase-portraits corresponding to
the inputs the agent experiences while performing them. The
sets of phase-portraits (and the attractors therein) could be
overlapping (Fig. 1C,D) or could be unique to each behavior
(Fig. 1B). The set of all attractors from all phase-portraits corresponding to a behavior are also referred to as the attractor
set of the behavior in this paper. The third level of reuse is
that of ongoing transient dynamics as the agent is in continuous closed-loop interaction with the environment. When there
is attractor reuse from the previous level, it is possible that
multiple behaviors navigate different transients around those
attractors (Fig. 1C) or, they might be reused too (Fig. 1D).
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We show, for the first time to our knowledge, that reuse of
transients, namely indistinguishable neural activity, can produce starkly distinct behaviors in embodied dynamical neural
networks. We also show that this can only be observed when
the brain is studied in conjunction with the closed-loop interaction between the body and the environment. Specifically,
we optimized embodied agents with dynamical neural controllers to perform two tasks (object categorization and polebalancing). We then analyzed the best agent to reveal how
neural resources are reused across the three aforementioned
levels to perform the two tasks.

A

Agent
The agent design is identical to that introduced in earlier
work (Beer, 1996). The agent is circular with a diameter of
30 units and is equipped with 7 sensory rays radiating from
its center, equally distributed over an angle of π/6. The rays
constitute the “eye” of the agent and have a range of 265 units.
Each sensory ray feeds into a sensory neuron, and the magnitude of input is inversely proportional to the distance at which
that ray is intersected by an object (Fig. 2). The sensory neurons are stateful units that are governed by the following dynamics τs ṡi = −si + Ii where i ∈ [1, 7], τs is the time-constant,
fixed to be the same across all 7 neurons, si is the state of the
neuron, and Ii is the sensory input received from the corresponding ray. Neuron output is oi = σ(−gs (si + θs )) where
σ(x) = 1/(1 + exp(−x)) is the sigmoid function of the state
with a gain, gs , and bias θs , that are also fixed to be the
same across all sensory neurons. The sensory neurons are
fully connected to an interneuron layer, made up of a fully
recurrently connected continuous-time recurrent neural network (CTRNN). The interneurons are governed by

Object categorization
We replicated the categorization task first introduced in Beer
(1996). The task involves discriminating between the shape
of falling objects (circles and lines) by moving towards one
(circles) and away from the other (lines). The circles’ diameter and the line’s length were both set at 30 units. To
encourage generalization, each evaluation of the agent’s performance was conducted over 8 different trials for each type
of object, with the objects’ initial horizontal offset from the
agent uniformly distributed in the range [−50, 50]. The objects fall with a constant velocity of 0.3 units per second. Performance in this task was quantified by averaging over 1−|di |
for the circle trials and |di | for the line trials; where di is the
normalized distance between the center of the agent and the
center of the object when the vertical offset between the agent
and the object reaches 0 (offset of over 45 units was clipped
at 45).

7

τi ṡi = −si + ∑ w ji σ(g j (s j + θ j )) + ∑ wki ok
j=1

C

Figure 2: Agent design and task setup. [A] 7 rays of vision
feed into sensory neurons (black). These neurons are fully
connected to the recurrent interneuron layer (red), that in turn
feed the left and right motor neurons (grey). [B] Categorization task with circle and line trial. The falling object needs to
be caught if it is a circle and avoided if it is a line. [C] Polebalancing task. The pole attached to the agent’s center is expected it to keep balanced within the rays.

Methods

N

B

Pole-balancing

(1)

k=1

We adapted the original pole-balancing task (Barto et al.,
1984) such that the agent has the pole attached to its center and senses it through the same rays used for sensing the
falling objects (Vasu & Izquierdo, 2017). The sensory input,
as the pole sweeps across a ray at angle φ◦ , increased linearly from 0 at (φ − 1)◦ reaching the maximum value at φ◦
and falling back to 0 at (φ + 1)◦ and vice verse. Note that
the agent sensed the pole only when it intersected a ray but
it “disappeared” from view while passing between rays. The
pole was considered dropped if it fell beyond the rays, or if
the agent moved farther than 45 units on either side from its
starting position. Performance in this task was calculated by
averaging cosine(θ ∗ 6) at each time step of the 500s evaluation duration, where θ is the pole angle with the vertical axis.
To promote generalization of the behavior, performance was
averaged over 16 trials with the pole starting from 4 different
angles on either side of the agent in [−9◦ , 9◦ ] with angular
velocity -0.1 or 0.1.

where τi is the time-constant of interneuron i, si is its state, N
is the number of interneurons, w ji is the weight from neuron
j to neuron i, g j is the gain from incoming neuron j, s j is its
state and θ j its bias. The last term refers to the input to interneuron i defined as the weighted sum of the outputs of the
sensory neurons, ok , with the weight from the kth sensory neuron being wki . The interneurons project to two motor neurons
that take on dynamics similar to the interneurons. However,
unlike the interneurons they are not recurrently connected.
The motor neurons control the effective acceleration of the
agent, a, as follows a = gm (σ(sr + θm ) − σ(sl + θm )) where
gm refers to the gain, sr and sl are the internal state variables
for the right and left motor neurons respectively, σ is the standard sigmoidal activation function and θm is the common bias
term for both motor neurons. The agent and environment are
continuous time systems, simulated using Euler integration
with a step size of 0.1.
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Evolutionary optimization

of starting positions (Fig. 3D).
In order to address multifunctionality using these two tasks,
it is important to demonstrate that they indeed require their
own set of sensorimotor transformations. In other words, circuits that solve one task, should not be able to solve the other
task, and vice versa. To demonstrate this, all agents that were
optimized to perform one task were evaluated on the other.
Agents that were trained to balance the pole were as good as
random agents at the categorization task (Fig. 3B,E). Agents
that were trained to categorize could balance the pole only
slightly better than random controllers (Fig. 3C,E). This suggests each task requires its own unique set of sensorimotor
transformations and that ultimately solving one task does not
guarantee good performance in the other.

An evolutionary search algorithm was used to optimize
the parameters of the agent: time-constant, gain and bias
for sensory neurons (3), weights from sensory layer to Ninterneurons (N ∗ 7), recurrent weights between interneurons (N 2 ), bias and time-constant for each interneuron (2N),
weights from interneurons to motor neurons (2N) and gain,
bias and time-constant for motor neurons (3): totaling D =
3 + 7N + N 2 + 2N + 2N + 3 parameters. A search started
with a random population of 100 solutions encoded as Ddimensional genotype vectors with each element in [-1,1].
These elements were scaled and mapped on to the different
parameters to build the agent. Gains are scaled to be in [1,20],
time constants in [1,2], biases in [-4,4] and all weights were
scaled to be in [-5,5]. The fitness of agents was evaluated
based on their performance in each task. Based on fitness,
an elitist fraction of the top 4% solutions were retained while
their copies were subject to a Gaussian mutation noise with
mean 0 and variance 0.3 to produce a new population of solutions. This repeated for a fixed number of generations.
Since optimization is stochastic, 100 independent runs
were carried out for the single and multi-task scenarios. For
the individual tasks, optimization was carried out for 1000
generations in each run. In the multi-task setting, these experiments were conducted in three different task presentation paradigms: (1) evolved for both categorization and polebalancing for 2000 generations, (2) evolved only for polebalancing for the first 500 generations, and then evolved for
both tasks for 1500 generations and (3) evolved for categorization for the first 1000 generations, and then for both tasks
for another 1000. The 500 generation limit for paradigm 2
and 1000 for 3 was based on the number of generations required to acquire good performance in each task when optimized individually. Agents were reset between all trials of all
tasks. In the multifunctional cases, the product of the individual task fitnesses was used as opposed to sum or average because it guarantees good performance in both tasks, while still
keeping the fitness in [0, 1]. All three optimization paradigms
gave similar results.

Structural network reuse: Fully overlapping circuits
were used to perform both behaviors
The highest level of reuse is that of structure - an agent performing more than one behavior could acquire specialized circuitry to perform each behavior or could share neural circuits
between them. In order to test this, using the same evolutionary optimization approach described previously we evolved
networks of different sizes to perform both behaviors. Interestingly, agents with networks no larger than the ones that
could solve the individual tasks could also solve both tasks.
The best 2-interneuron multifunctional agent could perform
categorization with a fitness of 95.8% and pole-balancing
with a fitness of 95.4%. The optimization scheme that led
to this agent was composed of evolving for pole-balancing
for the first 500 generations, followed by evolving for both
tasks. This agent used the same circuit to successfully catch
circles while avoiding lines and also balance a pole (Fig. 4).
It is to be noted that the agent had no external signal indicating which task to solve. Furthermore, the agent also had
no synaptic plasticity or neuromodulatory signals that could
be responsible for re-configuring the circuit for the different
tasks. Since performing each task individually required at
least 2 interneurons, it follows that the multifunctional agent
used fully-overlapping structural networks to perform both.

Results
Minimal neural resource requirement for each task

Autonomous dynamics reuse: Overlapping sets of
attractors were used to perform both behaviors

In order to evaluate the level of reuse in the multifunctional
networks, we first systematically explored the minimal resources required to solve each task individually. 100 independent evolutionary runs were performed for networks of
different sizes for each task. The smallest network that could
perform pole-balancing had 2 interneurons. The best of these
agents achieved 98.44% fitness and was able to move the
pole to its upright position from a broad range of initial positions and keep it balanced for an extended duration of time
(Fig. 3A). The smallest network that could perform the categorization task also had 2 interneurons. The best of these
agents had a fitness of 98.5% and was able to successfully
catch all circles and avoid all lines falling from the full range

Given that the circuit is the same across the two behaviors (object categorization and pole-balancing), we wanted
to evaluate if there was reuse in the autonomous dynamics
of the neural network of this agent. In order to do this, we
first constructed the phase-portraits for several inputs across
each task. A phase-portrait for a particular input can have
one or more attractors. The set of phase-portraits associated
with a behavior (say circle catching) can be obtained by fixing
the inputs to what the agent experiences during that behavior
(circle at fixed positions relative to the agent), and allowing
the network to settle into its attractors from different initial
states. The three sets of phase-portraits corresponding to circle catching, line avoiding and pole-balancing were compared
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Figure 4: Behavior of the best multifunctional agent from 100
runs. [A] The agent was able to bring to center and balance
the pole starting from different pole angles. [B] The same
agent, using the same neural network was also able to catch
the circles (red) while avoiding lines (orange).
same across all behaviors. Thus, with same attractor composition and basins of attraction, the phase-portraits were qualitatively similar across all behaviors (i.e. no bifurcation).
These qualitatively similar phase-portraits could further be
quantitatively compared based on the location of attractors in
them. Differentiated by their location, each behavior could
have a unique set of attractors or they could overlap to different extents; the exact locations of the fixed-point attractors
on all phase-portraits of different behaviors do not have to be
the same. Upon analyzing their locations we discovered that
the multifunctional agent reused attractors identical in location between these behaviors (Fig. 5). This reuse was only
partial since each behavior also had its own set of unique attractor locations that were not shared. Reusing the same attractors means that different inputs from different behaviors
were mapped to the same phase-portrait, which suggests that
there is an inherent degeneracy between the sensory inputs
and the requisite behavioral pattern.

Figure 3: Behavior and performance on individual tasks.
[A] Best agent from 100 runs of optimizing for polebalancing alone. The agent was able to bring the pole to
the center and keep it balanced from different initial pole angles. [B] Best pole-balancer shown in A is unable to categorize circles (red) from lines (orange) and avoids both.
[C] Best agent from 100 runs evolved for categorization alone
is unable to balance the pole. [D] Best categorization agent
shown in C, demonstrating its ability to catch circles (red)
while avoiding lines (orange). [E] Optimizing for one task
results in performance similar to a random agent on the other
task. Fitness distribution from 100 runs of agents evolved
for pole-balancing (blue) in pole-balancing and categorization, and similarly that of the agents evolved for categorization only (green) in pole-balancing and categorization, and
random agents (salmon) on both tasks.

Transient dynamics reuse: Phases of the behaviors
reused the same transient dynamics
Our analysis started at the level of structural reuse and went
on to discover reuse at the level of autonomous dynamics in
the best multifunctional agent. The next level is that of ongoing dynamics as the nervous system coupled with its body and
environment performs the behaviors. Note that in the previous level, attractors were identified by fixing the relative position of the agent with the object and then allowing the dynamics of the network to settle to their attractors. However,
during behavior, both the agent and the object are in constant
movement. Therefore, at any given time, for a particular relative positioning of the agent and the object, the sensory input
might change before the network settles into the attractor associated with that fixed input. As a result, dynamics of the
network are in constant transient movement across the phaseportraits (and the attractors therein) associated with that behavior. Since attractors in the same location were partially
reused in this agent, the relevant question to explore reuse at
the next level is whether multiple behaviors have unique tran-

based on attractor composition, basins of attraction, and location of attractors to evaluate reuse.
Attractor compositions refers to the type of attractors that
were present in the set of phase-portrait for each behavior
(i.e. fixed-points, limit-cycles etc.). In this agent, all phaseportraits associated with all behaviors in the best multifunctional agent were only composed of fixed-point attractors.
Even though attractor composition is the same across behaviors, they could have different basins of attractions around
those attractors. This could lead to different behaviors operating in its own region of the phase-space. However, for this
agent, since only one fixed-point attractor existed in all phaseportraits, there exists only one basin of attraction which is the
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Figure 5: Attractor reuse. Locations of attractors from the
three sets of phase-portraits corresponding to circle-catching
(red), line-avoiding (orange) and pole-balancing (blue) tasks
are overlapped. This shows that each behavior has its own set
of unique attractors as well as shares them with other behaviors.
sients or if they could be shared.
Transient dynamics were shared partially between the
circle-catching and pole-balancing tasks in the best multifunctional agent. In order to understand the behavioral implications of this, we evaluated the entire sensorimotor loop
as this agent performed both behaviors. While in each case
there were times when their transients were different, for a
particular phase during these behaviors, the dynamics almost
exactly matched (Fig. 6A). Inputs to the interneurons, their
outputs, and motor neuron outputs were all identical. This
suggests that the agent’s nervous system does not differentiate between these phases of the two behaviors. This leads
to two interesting questions: (1) Are the two behaviors indistinguishable during this phase? (2) If not, where does the
difference come from?
Although the transient dynamics in the inter-neurons were
identical, the behaviors were different in the circle-catching
and pole-balancing tasks. In the former, the agent received
oscillatory inputs only along ray 1, meaning that the agent oriented itself so as to track the circle along ray 1 before catching
it (Fig. 6B). In contrast, the sensory inputs during the same
transient dynamics in the pole-balancer shows that the agent
maintains the pole oscillating around ray 3 bringing it across
4,5 and 6. This is an interesting outcome demonstrating that
neural activity that is completely indistinguishable can still
produce behaviors starkly different from each other. The difference arises from the parts of the behavior leading up to this
shared transient phase, where the agent has its own unique
dynamics for each behavior through its interaction with the
environment. Note that the weights to the interneurons from
sensory rays 1 and 3 are not the same. Thus, transient reuse
emerges purely from brain-body-environment interaction.

Figure 6: Transient/Driven dynamics reuse. [A] Activity of
inter-neurons for the circle-catching (red) and pole-balancing
(blue) tasks, time-shifted to show identical neural activity.
[B] Sensory inputs to the 7 rays showing that although neural
activity is indistinguishable, the agent tracks the circle along
ray 1(red) but the pole is along rays 3 and 4 (blue).
mon & Beer, 2014) by developing a computational model of
a brain-body-environment system that performs multiple behaviors using the same sensory and motor capacities. In the
work by Izquierdo et. al. (2008), the same neural network
without any changes in parameters was shown to perform two
qualitatively different behaviors while placed in two different
bodies. Williams et. al. (2013) showed that when different
motor systems are used for different tasks, the qualitative difference in environmental feedback drives the same network
differently to produce different behaviors. Agmon et. al.
(2014) presented a model where different sensory apparatus
in the agent, sensitive to different stimuli, performed different
associated behaviors using the same motor control systems.
In these models, although the neural network remained the
same, the body was changing. The model presented in this paper, used the same sensory and motor control mechanisms for
the two tasks - object categorization and pole-balancing. We
also show through dynamical analysis that reuse to the level
of transient dynamics can be observed when the brain, body,
environment and their interaction are taken into account.

Discussion

Related work

To summarize, we first evolved embodied recurrent neural
networks to perform object categorization, pole-balancing
and then both. We then systematically explored the different levels of neural reuse in the evolved circuits. We discov-

The work presented here builds on previous work using brainbody-environment computational models for multiple tasks
(Izquierdo & Buhrmann, 2008; Williams & Beer, 2013; Ag-
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ered reuse of neural circuits at the structural level, followed
by reuse of autonomous dynamics with qualitative sharing of
phase-portraits, overlapping basins of attraction and reuse of
attractors identical in the location of their fixed-points. Furthermore, we discovered partial reuse of transient dynamics
in the best multifunctional agent. The two main contributions
of our work are as follows: (1) the same neural circuit can
perform multiple behaviors using the same sensory and motor systems in the absence of explicit task identifying signals
or processes such as neuromodulation; (2) indistinguishable
neural activity, displaying reuse to the level of transient dynamics, can still produce completely different behaviors.

tentionally focused on a small neural controller and a simple
set of behavioral tasks. However, the possibilities uncovered
in this system should be available to larger neural networks
solving more complicated tasks. Ultimately, embodied neural
reuse offers a distinct perspective on several topics of interest
to understanding cognition, including modularity in brain organization, localization of cognitive functions, and more generally the mapping between brain structure and function.
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The rationale behind transient reuse in this multifunctional
agent can be explained by analyzing the environment-body
relationship and transient dynamics. The similarity in dynamics arises out of the agent’s ability to generalize between the
two behaviors by learning to align an object along a single
ray - pole along center ray and circle along corner ray (Fig. 4
and 6). Generalization requires learning to use only one ray
because the pole only intersects one ray at a time. The circle
had to be balanced along the corner ray because otherwise it
would intersect multiple rays and the pole needs to be balanced along the center ray to maximize fitness. The difference in behavior, however, arises out of the unique transient
dynamics prior to shared transient phase of the behaviors. The
unique dynamics in circle-catching orients the falling object
along the corner ray even if the circle starts from the center, whereas in pole-balancing it brings the pole to the center,
thereby setting up the system to perform generalized object
tracking along a single ray for both behaviors (Fig. 4B). This
is possible because of the structure provided by the environment and the body. Objects intersect only one ray or multiple
rays, yet the agent is required to align with the object in both
cases. Multifunctionality in this agent is made possible by
the closed-loop interaction between brain, body, and environment – a possibility that is not typically taken into consideration in the literature (Briggman & Kristan, 2008). Therefore,
our results expand the list of possible mechanisms that enable
multifunctionality in living organisms.
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Due to experimental limitations, the study of multifunctionality has been mostly concerned with motor neuron
circuits capable of generating multiple patterns of activity (Briggman & Kristan, 2008). Here we extend this framework to circuits that are behaviorally multifunctional: from
sensory input, through interneurons, to motor neurons responsible for generating actions. We demonstrate that multifunctionality can result from the closed-loop interaction between
brain, body, and environment. Therefore, our results expand
the list of mechanisms that can result in multifunctionality to
include closed-loop interactions. Ultimately, this mechanism
can coexist with previously described mechanisms, including
neuromodulation and synaptic plasticity.
The three-level framework presented is rooted in dynamical systems theory and has the potential to explain neural
reuse in any behavioral system, biological or artificial. We in-
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Abstract

and this was interpreted as changes in the learning of
automatic responses, causing changes in attention and
memory retrieval. The memory and visual search paradigms
they used were associated with large differences in
perceived effort, CM coming to seem relatively effortless
while VM remained highly effortful throughout training.
Logan (1988) emphasized the role of memory retrieval in
studies of the learning of alphabet-arithmetic, showing a
switch from effortful algorithmic calculation of answers to
relatively effortless and fast memory-based retrieval after
consistent training.
In recent years, Cao, Shiffrin and Nosofsky (2018;
Nosofsky, Cao, et al., 2014) have used VM and CM training
to explore in greater detail their role in storage and retrieval
in short-term probe-recognition tasks. In their usual
paradigm each trial involves presentation of a short list of
to-be-remembered items (usually pictures). The study list is
followed by a test probe. Subjects respond “old” if the test
probe is an item that appeared on the presented list
(“targets”); and respond “new” if the test probe is an item
that did not appear on the list (“foils”). Note that both
targets and foils may have occurred as either study items or
test probes on numerous previous lists. Consistent with
earlier findings, there were marked differences in
performance due to VM versus CM training: VM
performance did not improve with training and produced
large set size and serial position effects. CM performance
showed rapid improvement with training and any set size or
serial position effects were greatly reduced. These effects
were observed in both accuracy and response times.
To explain the findings of VM and CM training on shortterm probe recognition, Cao et al. (2018) used a variant of
the “Exemplar Based Random Walk” (EBRW) of Nosofsky
and Palmeri (1997). In their modeling approach, study and
test-probe exemplars presented on previous trials might be
retrieved along with current-list exemplars in driving
observers’ old-new recognition judgments. VM training
caused storage of previous-trial exemplars with roughly
equal numbers of old and new responses, which would lead
to interference in making old-new judgments for current-list

Shiffrin and Schneider (1977) demonstrated that highly efficient
memory- and visual-search performance could be achieved
through consistent item-to-response mapping (CM) training. It is
theorized that subjects shifted from relying on working memory to
learned item-response associations in long-term memory (Logan,
1988). The theory was tested and explored mostly through
behavioral experiments and computational modeling. In a recent
series of articles involving visual search (e.g. Woodman et al,
2013; Carlisle et al. 2011), Woodman and colleagues found that
the contralateral-delay activity (CDA) of human event-related
potentials is related to the maintenance of information in visual
working memory and that the magnitude of the CDA decreases
when target information is stored in long-term memory. We
employed the CDA and other neural measures to study the nature
of memory retrieval in CM memory search tasks. We observed a
significant reduction in the magnitude of the CDA in CM training
compared to a control condition in which item-response mappings
varied from trial to trial (VM). The results provided converging
evidence supporting the classic theoretical interpretation of the
bases for CM and VM memory search. The results also raised
interesting questions concerning the detailed interpretation of
CDA.
Keywords: Memory search; Old-new recognition; EEG;
Automatic processing; contralateral delay activity

Introduction
For many years researchers have studied the nature of
different forms of memory retrieval. Sperling (1960)
demonstrated highly accurate retrieval from a short-lived
memory termed the visual icon, with subsequent lessaccurate retrieval from longer lasting memory stores that
had lower capacity. Schneider and Shiffrin (1977) and
Shiffrin and Schneider (1977) explored the effects of
learning on memory retrieval by varying the way that
stimulus-response relations are experienced: They trained
using either varied mapping (VM) in which the binary
responses to a given stimulus varied throughout training, or
consistent mapping (CM) in which the same response was
always assigned to a given stimulus throughout training.
VM and CM produced marked differences in performance,
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items. CM training produced storage of previous-trial
exemplars with consistent responses, which would lead to
facilitation of performance. Therefore, in VM, an observer
would attempt to limit retrieval to current-list items, placing
the emphasis on short-term retrieval. But in CM, an
observer can rely on long-term memory retrieval of the
consistently mapped exemplar-response pairs established
throughout training.
Woodman and colleagues (e.g. Carlisle, Arita, Pardo &
Woodman, 2011; Woodman, Carlisle & Reinhart, 2013)
used a visual-search paradigm in conjunction with EEG
measurements to illuminate possibly different forms of
retrieval across VM and CM conditions. In their paradigm a
single display of a small number of simple visual stimuli
(Landolt C’s in various orientations) were presented on both
sides of fixation, the items to be remembered (targets) being
indicated by the color of the stimuli on one side. After the
presentation of the cue, the subject was asked to maintain
the targets during a delay period, followed by a display of a
ring of Landolt C’s, which the subject searched for the
presence of the studied targets. The researchers observed
that, during the delay period, there was a significantly
stronger activation from lateral-occipital electrodes on the
contralateral side vs. the ipsilateral side of the to-beremembered item. The difference between contralateral side
and ipsilateral side is termed contralateral delay activity
(CDA; for a recent comprehensive review of the CDA as a
neural measure of visual working memory, see Luria et al.,
2016; for early evidence, see Vogel & Machizawa, 2004).
This CDA signal is stronger when more stimuli must be
maintained on one side (e.g. one versus two Landolt C’s).
Following earlier work, Woodman et al. (2013) suggested
the CDA signal provides a measure of the active
maintenance of items in short-term visual memory and that
it is subjected to top-down attention modulation. In a VM
situation in which the to-be-remembered targets varied from
trial to trial the magnitude of the CDA remained unchanged
from trial to trial. However, in a condition in which the
same target repeated for 7 consecutive trials (a form of
“local” CM training involving a single item), the magnitude
of the CDA signal dropped at each presentation (in another
condition it disappeared when subjects searched the same
item for an entire session). Carlisle et al. (2011) suggested
that in CM long-term memory for the target item could be
used, reducing the need to maintain items in visual working
memory, thereby reducing the CDA. In VM, no learning
could occur, so working memory maintenance was required
on every trial.
These findings and interpretations occurred in a task that
differed in many ways from our short-term proberecognition studies described earlier, including the
simultaneous versus sequential presentation of the to-beremembered stimuli; the simplicity of the stimuli (Landolt
C’s versus pictures of objects); and the number of different
stimuli used in the study. For example, in Woodman’s CM
paradigm, there was only a single target that repeated
consecutively across trials, whereas in traditional CM

memory-search studies the test probe is drawn from a large
set of stimuli and the specific test probe changes across
trials. In this study we therefore returned to a variant of the
short-term probe-recognition paradigm, but collected the
EEG measures that Woodman found diagnostic in his task.
We hoped that the EEG measures could be used to help
interpret the differences between VM and CM training.
Participants were presented with short lists of to-beremembered pictorial stimuli (see Figure 1). The pictures
were presented successively on both sides of fixation, one
picture on each side. The side of each to-be-remembered
item could vary from one visual frame to the next and was
indicated by the color of an outline square. This varying
presentation-side procedure was adopted in order to reduce
subjects’ urge to move eyes from fixation, but our interest is
on the trials with target stimuli all on one side. In one
condition we used VM training for 100 trials (target and foil
pictures exchanged roles from trial to trial) and in another
condition we used CM training for 100 trials (target and foil
pictures maintained their roles over all trials). Our primary
interests were in the behavioral accuracy and response time
data, and in the CDA measures after each successive item
was presented in the study list. (As we will describe,
however, we also examined another EEG measure based on
Alpha power suppression.) The primary question was
whether the CDA signal would be stronger in VM than in
CM, providing converging evidence for the differential
reliance on STM vs. LTM across these different conditions
of memory search. In addition, we were interested in
exploring how the CDA signal might vary with memory
load in the case in which study items are presented in
sequential rather than simultaneous fashion.

Figure 1: Example of one trial in the experiment (set size 2).

Experiment
Methods
Subjects 15 Volunteers (20-36 years of age) participated in
the experiment in exchange for monetary compensation. All
participants had normal color vision, no history of
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neurological problems, and normal or corrected-to-normal
vision acuity.

were simultaneously presented with one image on the right
side and the other image on the left side of the fixation point
(the inner boarder of each image was 5cm away from the
fixation point; the visual angle to the center of the image is
6.37°). The images were distinguished with color frames
(red vs. green) and subjects were instructed to pay attention
only to images framed by the task-relevant color (fixed
across all blocks). In 50% of the trials, the study items
stayed at the same side of the fixation point across the
sequential presentation of the memory set; in the remaining
50% of trials the side of the study items was chosen
randomly on each sequential presentation. In total, roughly
67% of trials were stay trials. The images were presented for
100ms followed by 900ms with just the fixation point.
Following the presentation of the last memory set item,
there was a 1000ms delay, after which a test probe was
presented. The test probe (half the time a target) was
presented at the center of the screen with the target-color
frame. The test probe remained on the screen for 1.5 s or
until the subject clicked the mouse key to make a response.
Feedback was then provided with tunes in different pitch:
high pitch indicated a correct response; low pitch indicated
an incorrect response; a burst of three tunes indicated a slow
response.
Prior to the practice blocks, subjects were informed of the
task-relevant color (red or green, counterbalanced between
subjects) and of the nature of the memory search task
without information regarding the CM vs. VM
manipulation. After completing the practice blocks, subjects
were asked to verbally describe to the experimenter the
difference between the 2 blocks and were informed about
the CM vs. VM manipulation. After EEG net capping, each
subject was asked to perform 6 eye-blink trials and 24
horizontal eye-movements (with 4 trials for each of 2.67,
5.15 and 10.29 degrees of eye-movements to the left or right
of the center of the screen) before the start the memory
search task.

Stimuli The stimuli were drawn from a pool of 2,400
unique object images obtained from the website of Talia
Konkel and described by Bradly, Konkle, Alvarez, and
Oliva (2008). Participants viewed the stimuli at a distance
of 95 cm, displayed on a grey background with a 0.25 cm
thick square that framed each image in either green (RGB
value [0 255 0]) or red (RGB value [255 0 0]). The stimuli
were presented on a Mac with Psychtoolbox (Brainard,
1997).
Procedure Each subject completed two practice blocks (one
in the VM condition and one in the CM condition) followed
by four EEG recording blocks (two VM blocks and two CM
blocks randomly ordered). The practice blocks were meant
to familiarize subjects with the test and the CM vs. VM
manipulations. Each practice block contained 50 trials and
each EEG recording block contained 100 trials. In all
conditions, half the test probes were targets and half foils.
For each block, 16 images were sampled without
replacement. Subjects were tested on 8 of the images
(stimulus-set) and the other 8 images served as filler images
during study (filler-set). The filler images were never
selected to serve as test probes. There were no overlapping
images between blocks. On each trial in the VM condition, a
memory set of 2 or 4 items was randomly selected from the
stimulus set and the items were presented sequentially for
the subject to study. The presentation of the memory set was
followed by the presentation of a test probe. Subjects
indicated whether the test probe was “old” (a target item
that was a member of the study list) or “new” (a foil item
that was not a member of the study list) by left clicking or
right clicking, accordingly. Test probes that were targets
(“old”) were randomly chosen from the memory set; test
probes that were foils (“new”) were randomly chosen from
the remaining stimulus-set items that were not members of
the memory set on the current trial. In the CM condition, 4
items from the stimulus set were randomly selected to serve
as “target set” items and these stayed fixed across the block;
the remaining items from the stimulus set became the “foil
set” and these also stayed fixed. On each trial, a memory set
of 2 or 4 items was always randomly selected from the
target set. Just as in the VM condition, the items were
presented sequentially for the subjects to study, and this
study list was then followed by a test probe. Test probes
that were targets (“old”) were randomly chosen from the
memory set; test probes that were foils (“new”) were always
randomly chosen from the fixed foil set.
A schematic illustration of a typical trial with set size two
is presented in Figure 1. Subjects started each trial by
clicking both keys of the mouse when a letter “B” was
displayed at the center of the screen (visual angle of 0.2°).
After a 500 ms delay, the memory set items were presented
sequentially, each accompanied with a filler image that was
randomly selected from the filler set. Each image was 10cm
x 10cm in size. The memory set item and the filler image

Electroencephlogram acquisition and pre-processing
The electroencephalogram (EEG) was sampled at 32
channels at 1000hz and down sampled to 500hz. The signals
were amplified by a factor of 20,000 using Sensorium
amplifiers with an analog bandpass filter of 0.01-100HZ.
Eye-movements were monitored with electrodes 2 cm away
from the eyes to capture horizontal eye-movements and an
electrode was placed under the right eye to detect eye-blinks
and vertical eye-movements. The data was later low-pass
filtered below 50hz.
For each trial, the EEG data were collected 500ms prior to
the onset of the first study item and 1500ms after the onset
of the test probe. We used three steps to remove artifacts
from the average ERP. The horizontal EOG from the
instructed eye-movement trials were used to generate a
linear function of degrees of eye-movement; we rejected
trials with at least 4 degrees of horizontal eye-movement
during the presentation of the memory set. In addition, two
subjects were rejected for excessive eye-movement (>35%
of trials). Research assistants in the lab also rejected any
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trials with obvious artifacts. EEGlab toolbox (Delorme &
Makeig, 2004) was employed for EEG data analysis. For the
13 remaining subjects, an average of 14% trials were
removed. Independent Component Analysis (ICA) was used
to identify artifacts including eye-blinks, eye-movement,
and muscle activity. The artifacts were subtracted from the
raw EEG data prior to ERP analyses and Alpha power
analyses. Due to the relatively low frequency of error trials
(resulting in inadequate statistical power), we included only
correct trials in the EEG analyses.

between condition and test probe (Target vs. Foil)
(F(1,12)=18.21, p<0.001). The interaction reflects that RTs
increased with set size in the VM condition but not in the
CM condition.

EEG Analyses
CDA Analyses In Figures 3A and 3B we show the average
waveforms of lateral occipital-temporal electrodes (PO3/4,
O1/2, PO7/8, P7/8), collapsed based on their relative
locations to the stimuli during memory-set presentation (i.e.,
ipsilateral vs. contralateral). (Figure 3A shows the results
for the set-size-4 trials, and Figure 3B for the set-size-2
trials.) To avoid any complications arising from conflicting
CDAs due to swapping sides, we analyzed only those trials
where the target stimuli stayed at the same side of fixation.
The space between the contralateral waves and the
ipsilateral waves measures the CDA. As shown in the
figure, for both set sizes, the CDA is observed in both the
CM and VM conditions, although the magnitude of CDA is
reduced in the CM condition compared to the VM
condition. To bring out this result more clearly, in Figure
3C we plot the CDA in the CM and VM conditions for the
first and second study items, averaged across the set-size-4
and set-size-2 conditions.

Behavioral Results
In Figure 2 we plot the probability of errors and the mean
response time (RT) for correct trials as a joint function of
condition (CM vs. VM), test-probe type (target vs. foil), and
memory set size (2 vs. 4). The results are consistent with
patterns observed in many previous studies of VM and CM
memory search: RTs are much shorter and error rates are
much lower in the CM condition than in the VM condition.
Most importantly, while VM error rates and RTs increased
strongly with set size, CM performance stayed the same
across set sizes. Such results indicate that the paradigmatic
changes made in order to implement this EEG experiment
did not alter the usual pattern of behavioral results.

Figure 2. Probability of error (left panel) and mean correct
response time (right panel) as function of condition (CM,
VM), set size (2, 4) and probe type (foil, target)
Figure 3. CDA signals in the experiment. A. Grand average
waveforms from lateral occipital-temporal electrodes for set
size 4. The vertical black lines indicate onset of each study
item and the yellow shades indicate the duration of study
item presentations (same applies to B). B. Grand average
waveforms from lateral occipital-temporal electrodes for set
size 2. C. Grand average of CDA in the time period 3001000 ms post the onset of the first and second study item.

To analyze the data, we applied a 2 (CM, VM) x 2
(Target, Foil) x 2 (set size 2, 4) repeated measure ANOVA
to both the accuracy and RT data. For the accuracy data, the
effects of both condition (F(1,12)=12.25, p=0.004) and set
size (F(1,12)=39.13, p<0.001) were significant. The
interaction between condition and set size (F(1,12)=41.81,
p<0.001) was also significant, reflecting that set size had a
big impact in the VM condition but not in the CM condition.
For the RT data, the main effect of conditions was
significant (F (1,12)=10.29, p=0.008); as was the interaction

We performed a 2 (CM vs. VM) x 2 (Contralateral vs.
Ipsilateral) x 2 (set size 2 vs. 4) repeated ANOVA of the
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averaged electrodes voltage during the 300-1000ms epoch
after the onset of each study item. We found a significant
main effect of relative sides (Contralateral vs. Ipsilateral, F
(1,12)=23.2, p<0.001). Most important, the interaction
between relative sides and condition was also significant (F
(1,12)= 6.63, p=0.024), reflecting the reduced CDA in the
CM condition compared to the VM condition.

reduction in the VM condition than in the CM condition.
We averaged the change of Alpha power from baseline over
the epoch of 300-1000ms after the onset of each study item.
We performed a 2 (CM vs. VM) x 2 (set size 2 vs. 4)
repeated ANOVA for the mean change of alpha power. The
effect of condition was marginally significant (F (1,12)=3.2,
p=0.099). None of the interactions were significant.
Although the noise in these data makes any strong
conclusions difficult, the results are consistent with those
from the CDA analyses in showing greater Alpha power
suppression in VM than in CM.
Effects of increasing the short-term memory load The
VM behavioral data show a decline in performance when
load increases from two to four items to be remembered, a
universal finding in the field. There is no hint, however, of
an increase in the CDA as additional items are presented for
study. This observation is supported by statistical test: A
pairwise t-test (first vs. second study item) of average CDA
over 300-1000ms after the onset of each study item revealed
no evidence of a difference (t<1). There is also very little
evidence for an increase in alpha power suppression as
additional items are presented. Such findings suggest a
refinement of the interpretation of the meaning of the CDA
and alpha power suppression findings. We suggest they
show load effects for the amount of information that an
observer attempts to actively and simultaneously maintain in
visual working memory. Under our conditions of testing,
observers may have tried to actively maintain only the most
recently presented item, without attempts to actively
maintain the previous study items. Much future research
will be needed to test this and numerous other possibilities.

Figure 4 Alpha-power change during study. A. Grand
average waveforms from lateral occipital-temporal
electrodes for set size 4. The vertical black lines indicate
onset of each study item and the yellow shades indicate the
duration of study item presentations (same applies to B).
B. Grand average waveforms from lateral occipital-temporal
electrodes for set size 2. C. Grand average of alpha power
suppression in the time periods 300-1000 ms post the onset
of the first and second study item.

DISCUSSION
Limits on capacity of short term memories, defined by
numbers of distinct items or by persistence, have been
acknowledged and studied since the first days of
psychology. Schneider and Shiffrin (1977) and Shiffrin and
Schneider (1977) showed how consistent practice could
overcome such limits through the development of
automaticity, with a likely mechanism involving the
retrieval from long-term memory of stored instances of the
consistently mapped item-response pairs (e.g. Logan, 1988).
Both these results are seen in the behavioral results from the
present studies of probe-recognition memory search. The
VM conditions show the effects of load or capacity
limitations, with observers performing worse in cases in
which four rather than two items are held in memory. This
decline in performance was observed for both accuracy and
response time measures. By contrast, as a result of
consistent practice, the effects of memory load were greatly
reduced in the CM conditions.
Recent years have seen the discovery of neural
measurements that signify the presence of short-term
memory load and capacity limitations. A few are based on
EEG measures, including the CDA that was the focus of the
present investigation (Carlisle et al., 2011; Luria et al.,

Alpha Power Suppression Researchers have shown that
suppression of alpha power is associated with load in shortterm memory (Fukuda & Woodman, 2017). Therefore, we
decided to assess suppression of Alpha power in our study.
EEG from parieto-occipital channels (P3/4, PO3/4, O1/2,
Pz) of each trial was subjected to spectral decomposition
using EEGLAB function “newtimef” with 3 cycles per
morlet wavelet. We define the baseline as the mean Alpha
power spectrum (8-13 HZ band) during the pre-trial time
window (-500 to 0ms relative to the onset of the first study
item). The percentage change of Alpha power for the
memory set presentation relative to the baseline is then
plotted in Figure 4. The average change of Alpha power is
collapsed across electrodes from both sides of the scalp.
(We also examined the Alpha power change separately for
electrodes located contralateral vs. ipsilateral to the study
items and found no difference in the pattern of results.) As
shown in the figure, Alpha power reduced substantially after
the onset of each study item and there appears to be more
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2016; Vogel & Machizawa, 2004; Woodman et al., 2013).
The CDA is correlated with the amount of material being
held in at least one kind of short-term visual memory.
Researchers have shown not only a dependence of the CDA
upon the demands for memory maintenance, but also a
reduction of the CDA in CM practice conditions in which a
single stimulus was repeatedly mapped to the same response
(Carlisle et al., 2011; Reinhart, Carlisle, & Woodman, 2014;
Reinhart & Woodman, 2014). Recent work has also
indicated that the magnitude of alpha-band suppression can
provide a reliable neural metric of storage in visual working
memory (e.g., Fukuda, Kang, & Woodman, 2016; Fukuda &
Woodman, 2017); thus, we also quantified this activity.
Here we measured EEG while subjects were sequentially
shown a substantial number of complex pictures, and with
considerable training in both VM and CM, deviating from
previous work in these regards. Both the CDA and the
amount of alpha power suppression were measured after
each presentation of the study items. Both the magnitude of
CDA and alpha suppression were greater for VM than CM.
These results were consistent with the hypothesis derived
from behavioral and formal modeling work that practice
under the present kinds of CM conditions did indeed reduce
the demands for short term memory capacity. Furthermore,
previous demonstrations of the reduced CDA under CM
conditions involved the repetition of only a single target
item across consecutive trials. Our results generalize that
finding by showing a reduced CDA under CM conditions
involving large sets of to-be-remembered stimuli and in
which the test probes are spaced throughout the entire
training block.
One other finding, however, was not expected a priori: In
VM, as additional pictures were presented sequentially, the
size of the CDA and the amount of alpha suppression did
not increase, despite the behavioral evidence that load in
short-term memory was increasing. As noted earlier, a
number of studies using CDA have shown that an increase
in memory load increases the CDA. There are several
possible explanations for the difference in findings between
the present experiment and previous studies of the CDA.
One possibility is that the CDA measures the load
associated with attempts to actively maintain multiple items,
whereas in our probe-recognition experiments the subjects
may have tried to actively maintain only the most recently
presented item.
We plan to pursue this and other
possibilities in future research.
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Abstract

Schwartz, Chase, Oppezzo, & Chin, 2011; Shemwell, Chase,
& Schwartz, 2015).

An extensive body of work has documented the impact of
analogous cases on transfer. However, far less work has
explored the role of contrasting cases in facilitating transfer.
We designed a novel contrasting cases activity to engage
learners with center-of-mass concepts in an engineering design
task – building a cantilever using Legos. Participants in three
conditions analyzed either contrasting cases, single cases, or no
cases in the midst of an engineering design activity.
Contrasting cases facilitated near but not far transfer. However,
all conditions built equally successful cantilevers and noticed
the underlying structure of center-of-mass concepts to the same
degree. Moreover, regardless of condition, participants who
noticed the structure at a deeper level performed better on both
the engineering task and the far transfer assessment. The work
has implications for the design of science and engineering
instruction, while expanding our understanding of the
perceptual processes that underlie transfer.

Contrasting Cases and Transfer
One way to shape what learners notice is to give them
contrasting cases. Contrasting cases are examples that differ
on key deep features but share irrelevant surface features.
The systematic variation in the cases can help learners notice
deep structures (Bransford, Franks, Vye, & Sherwood, 1989;
Gibson & Gibson, 1955), and transfer them to novel
situations (Schwartz et al., 2011; Shemwell et al., 2015).
An extensive body of work has documented the positive
impact of comparing analogous cases on transfer (for a metaanalysis, see Alfieri et al., 2013). However, far less work has
explored the role of contrasting cases in facilitating transfer
(but see Gick & Paterson, 1992; Marton, 2006; RittleJohnson & Star, 2007; Schwartz & Bransford, 1998). In this
study, we aimed to contribute to this growing body of
literature by designing and testing the effects of contrasting
cases on novel content (center-of-mass concepts in physics)
and in a novel context (engineering design).

Keywords: transfer; contrasting cases; science learning;
engineering; education

Introduction
A key goal of science education is to help students transfer
their understanding of fundamental scientific principles to
novel situations. Unfortunately, transfer is notoriously
difficult to achieve, in any domain (Gick & Holyoak, 1983;
Detterman, 1993), and there is no shortage of examples of
failed transfer of science concepts (Bassok & Holyoak, 1989;
Georgihades, 2000; Vattam & Kolodner, 2008). This paper
explores the potential of contrasting cases in facilitating the
transfer of science concepts from engineering activities.

Noticing and Transfer
One reason novices fail to transfer is that they fail to notice
the deep structure of problem situations and instead, are
drawn to surface features that are specific to a given situation
(Chi, Feltovich, and Glaser, 1981; Chi & Vanlehn, 2012). For
instance, in a classic study by Gick & Holyoak (1983), few
participants spontaneously transferred across problems with
the same deep structure but different surface features.
However, when given a hint to use what came before, most
participants could correctly apply the solution from the
previous problem. So it was noticing the deep structure (not
applying it) that was difficult. Several theories and empirical
studies argue that noticing and perceptual processes play a
key role transfer (Day & Goldstone, 2012; Greeno, Smith, &
Moore, 1993; Lobato, Rhodemal & Hohensee, 2012;

Integrating Contrasting Cases and Engineering
There is a growing interest in teaching science via
engineering design activities. For instance, the Next
Generation Science Standards now include engineering
practices as a key focus of science instruction. Engineering
movements such as coding clubs, robotics, and maker labs
are now spreading to K-12 and post-secondary schools
(Martin, 2015). While highly motivating, these engineering
design activities often lead to trial-and-error tinkering rather
than careful application of underlying STEM concepts
(Holbrook & Kolodner, 2000). This creates a “design-science
gap,” whereby learners focus mostly on the procedural
aspects of building out their designs, rather than attending to
the underlying science concepts (Vattam & Kolodner, 2008).
To better integrate the noticing of scientific principles within
engineering design activities, while facilitating critical
transfer of science concepts, we sought to integrate
contrasting cases instruction into an engineering design
activity. We hoped that contrasting cases would help learners
notice deep structures in physics, both within the complex
context of a Lego-building task and in novel, nonengineering transfer situations on a paper test. Our aim was
to first test the value of contrasting cases with adult learners
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in the lab before exploring them in the messier context of K- determines the location of the cantilever’s center-of-mass.
12 classrooms.
Furthermore, a structure can balance just by resting on its
center-of-mass. Therefore, to complete the challenge, a
The Current Study
participant’s cantilever had to optimize placement of each
For the current study, we designed an authentic engineering Lego, by distributing the large Legos as far back as possible
design task and accompanying contrasting cases. The so that the center-of-mass of the structure is as far back on
Contrasting Cases (CC) condition was asked to analyze the the cantilever as possible so that it can balance while
contrasting cases in between after creating an initial design. extending 10.5 inches off the table. Figure 1 shows some
To compare the value of contrasting cases to reflection on example structures built by participants, along with the
individual cases, a common teaching technique, we created a optimal structure. This engineering activity is similar to the
Single Cases (SC) condition, in which learners analyzed only ones students receive in many engineering design curricula.
individual cases, in succession. A control condition, the No
Cases (NC) condition, never saw any cases but instead
received an extra period of Lego-building. Our hypotheses
were as follows:
(1) The CC condition should demonstrate greater
noticing of the deep structure of center-of-mass
during learning, compared to other conditions.
(2) The CC condition should demonstrate greater near
transfer than other conditions. We did not make a
prediction about far transfer, given the notorious
difficulty in achieving it (Detterman, 1993).
Figure 1: Example Lego Cantilever Structures.
(3) Across all conditions, participants’ level of noticing
should predict their transfer performance.
COM can also be thought of as a balance point – the point
We did not make a strong prediction about condition
at
which an object will balance. In the prompts given to
differences in performance on the engineering tasks. On the
one hand, if participants notice the underlying structure of the students throughout the instructional activities, “balance
concepts, they may try to apply that structure in their designs. point” is often used to denote the center-of-mass in the
On the other hand, people can often be successful in context of the Lego-building activity.
engineering design activities via trial-and-error.

Procedures and Design

Method
Participants
A brief pretest was given to all potential participants, and
anyone demonstrating little prior knowledge of center-ofmass concepts was invited to the study. Final study
participants were 63 graduate students attending a university
in Northeastern America completed the study for class credit
(40 were female). Participants were randomly assigned to one
of three conditions: Contrasting Cases (CC), Single Cases
(SC), and No Cases (NC).

Engineering Design Challenge

In all conditions, participants engaged in an iterative design
& build process, interspersed with various forms of
instructional guidance. Participants completed three periods
of designing and building a Lego cantilever. This iterative
design & build process is popular in engineering design
communities today and enabled us to incorporate measures of
student noticing as the learning activities progressed.
The initial design & build period gave students a chance to
explore the Legos and get their bearings on the task. After
this, participants in the CC condition received a contrasting
cases activity, while the SC group did an analogous activity
with individual cases only. During this time, the NC group
was given an extra plan-and-build phase. After this, all
conditions engaged in the mid-design & mid-build periods.
Another key difference between the CC group and the other
conditions, is that participants were encouraged to identify
differences between their prior structures and the ones they
planned to build next. This served as an additional type of
contrasting case prompt, whereby learners contrasted their
own successive designs. After this, all participants were
asked to read a textbook style passage, which explicitly
taught center-of-mass concepts 1 . Then all participants

The engineering challenge was to design and build a
freestanding cantilever that could hang 10.5” off a table using
Legos. The task was designed to engage participants in
exploration of the concept of center-of-mass (COM).
The COM of an object is the average position of all its
matter. COM is a weighted average. It is calculated by
multiplying each point mass within the object by the distance
that mass is from a reference point, then dividing by the total
mass of the object. Thus, an object’s center-of-mass is
determined by a complex interaction of mass and distance.
1
In this cantilever challenge, each Lego acts as a point mass,
While it may seem counter-productive to put the explicit
such that both the location and weight of each Lego instruction (the reading) at the end of the session, this mimics a
form of contrasting case instruction (Schwartz & Bransford, 1998),

197

engaged in a third design & build phase, followed by a final
reflection worksheet and then the transfer posttest.
The structure of instruction was designed to mimic good
engineering design instruction used in secondary and postsecondary education, whereby iterative cycles of design are
interspersed with instructional activities such as benchmark
lessons, experiments, and other instructional tasks.
Participants completed the study individually, in a single 1hour session in the lab.

Figure 2: Study Procedure.

invited to compare and contrast the cases, and use what they
learned from them to write their rule. Participants then
analyzed a second set of contrasting cases and wrote a
refined version of their rule. The contrasting cases are
depicted in Figure 3. Contrasting cases were designed to
contrast on the critical features of mass and distance of and to
highlight how they relate multiplicatively to affect the centerof-mass. The second set of cases addresses misconceptions
about irrelevant features, which we discovered in pilot work.
The SC group engaged in a similar activity, however they
analyzed a single case each time before writing/revising their
rule. Participants in this condition analyzed the best case
from each contrasting case set given to the CC condition (e.g.
the structure that stuck off the table the farthest). This is a
fairly typical use of examples in science education, where
learners often engage deeply with a single example or a
couple of examples in succession. The NC group did not
have a reflection activity. While the other conditions engaged
in the cases reflection activity, the NC group completed an
additional design & build period.

Instructional Materials

Single Cases

Contrasting Cases

Designs During each design phase, participants were given 3
minutes to draw what they planned to build and answer two
reflective questions. Design worksheets were kept as parallel
as possible across conditions. However, to encourage the 1st set
contrasting of successive builds, the CC group’s design
sheets asked them “How will your new structure differ from
your old structure?” while the other conditions’ prompts
asked them to focus on their current design: “What do you
like about the structure you just drew?”. The second question
on all Design worksheets asked learners to connect to
concepts explored in the preceding instructional activity.
“Based on what you learned from the activity you just 2nd set
completed, how will aspects of the structure you drew above
affect where the balance point will be in the structure?”
Builds Following each design period, participants had 6
minutes to build their cantilevers. After each build period,
Figure 3: Single Cases and Contrasting Cases
participants’ structures were broken down and participants
had to start from scratch in the next build period, using the
Reading The reading was a textbook-style passage that
same set of Legos, rather than continue revising their existing
explicitly introduced the center-of-mass concept both
cantilever. This was meant to encourage participants to think
qualitatively with illustrative, concrete examples and
innovatively and be willing to start over with a new idea.
quantitatively, demonstrating a worked example that solved
for the location of a center-of-mass of a group of objects. The
Cases Activity On the cases activity worksheet, participants
reading constrained the discussion of center-of-mass to a
were given the goal of generating a rule that would “define
single plane in the X dimension, which is relevant to the
the location of a structure’s balance point.” Participants were
Lego-building task.
guided to explore and use the cases to inform their rule. In
the CC condition, participants were shown a set of 4 physical Measures
contrasting cases, observed as the experimenter slowly
pushed each to the edge of the table to determine its balance Near and Far Transfer Test The posttest contained 2 near
point, and then were shown a picture of the 4 cases side-by- and 2 far transfer items which differed in the relative transfer
side comparing their balance points. Participants were then distance they traversed from the engineering design challenge
(Perkins & Salomon, 1992). Near transfer items asked
learners to apply explicitly taught COM concepts in novel
whereby contrasting cases provide an exploratory experience that situations that were not depicted in the design challenge. For
prepares students to learn from later, explicit instruction.
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example, in one item, participants were shown an image of
two ducks of the same mass sitting on opposite ends of a seesaw and were asked to explain how they could move the seesaw up and down. Far transfer items asked participants to go
beyond mere application by adapting and extending COM
concepts in both novel ways and novel contexts that were not
addressed in the design challenge. An example item asked
learners to explain how a sculpture could defy gravity and
still stay standing, for which they would need to consider the
relationship of the COM over a structure’s base, a novel
concept. Written explanations were coded using a 0/.5/1
coding scheme for incorrect, partially correct, and fully
correct answers. IRR across test items was acceptable,
ranging from κ = .71 to .89. Item scores were averaged to
compute near and far transfer subtest scores.

No Cases

Single Cases

Contrasting Cases

1.0

*

Average Score

0.8
0.6
0.4
0.2
0.0
Near

Far

Figure 4: Near and Far Transfer Scores (Max = 1).
Performance Performance on the engineering challenge was
measured by hang length. Hang length is how far the Building Performance
cantilever hung off the table, when pushed as far to the edge
as it could go without falling. Hang Length was measured at A repeated measures ANOVA with condition as a betweensubject factors and time as a within-subjects factor, using pre,
the end of the pre, mid, and post-build periods.
mid, and post hang lengths as outcomes found no interaction
Noticing Deep Structure We coded participants’ written effect of condition x time, p = .21. However, there was a
main effect of time, F(2, 118) = 19.68, p <
responses to worksheet prompts for evidence of noticing the large, significant
2
.001,
η
p = .25, demonstrating gradual improvement from pre
deep structure of COM while they were designing their
cantilevers and analyzing cases. The following pieces of data to mid-build, p = .001, which did not differ significantly from
were coded: responses to design worksheet questions and the post-build, p = .07 (see Figure 5).
final rules of the cases activity sheet (for SC and CC only).
Responses were coded on a 0/.5/1 scale corresponding to
low/medium/high noticing of deep structure of COM. A 0scoring response focused on a single feature (either mass or
distance); .5 both features; 1 the multiplicative relationship of
mass and distance. Inter-rater reliability was excellent on the
noticing code, κ = .91.

Hang Length

NC

Results
We tested for gender effects in all analyses and included
gender as a factor only when significant. All post-hoc
analyses use the Bonferroni correction.

CC

10
9
8
7
6
5
4
3
Pre

Near and Far Transfer Test

SC

Mid

Post

Figure 5: Performance on Lego Build Task Over Time

To test our prediction that contrasting cases would enhance
near transfer of center-of-mass concepts, we conducted a
repeated-measures ANOVA with condition and gender as
between-subjects factors, item type as a within-subjects
factor, and scores on near and far transfer subtests as
outcomes. There was an item type x condition interaction,
F(2, 59) = 3.86, p = .03, ηp2 = .12. Confirming our prediction,
post-hoc tests revealed that on the near transfer subtest, the
CC condition outperformed both SC and NC conditions, p’s
< .03, which did not differ significantly from one another, p =
.99 (see Figure 4). However, there were no differences
between conditions on far transfer performance, p’s > .15.
There was also a main effect of gender, indicating that males
outperformed females, F(1, 59) = 6.38, p = .01, ηp2 = 0.10.

Noticing Deep Structures
To test for differences in noticing COM deep structure during
designs, we conducted separate ordinal regressions using
condition to predict mid and post-design noticing scores,
while controlling for pre-design noticing. Neither regression
produced a significant model, p’s > .28, revealing that
conditions did not differ in the level of deep structure they
noticed in their cantilever designs. To test for condition
differences in noticing COM deep structure during the cases
activity (SC and CC conditions only), we conducted a similar
ordinal regression, and once again, the model was not
significant, p = .54, indicating similar levels of noticing from
the cases in SC and CC conditions.
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Figure 6: Noticing Deep COM Structures during Reflections
Surprisingly, the level of noticing did not vary much with
time, though descriptively, participants noticed at a deeper
level after the reading. Summing across all conditions, the
percent of participants who noticed the structure of center-ofmass at the deepest level was pre = 14%, mid = 14%, post =
27%, and cases = 11% (SC and CC conditions only). It is
also interesting to note the relatively low rate of noticing
during the cases activity.

Relating Noticing, Performance, and Transfer
To explore the relationship between noticing and
performance, we conducted a linear regression of final build
performance, using pre-performance and average noticing
scores (across mid and post-designs) as predictors. This
model explained 19% of the variance in performance, F(2,
60) = 7.20, p = .002, with pre-performance as a significant
predictor, β = .27, t(60) = 2.09, p = .04, and noticing as a
marginally significant predictor, β = .25, t(60) = 1.91, p =
.06. Variables for condition and their interactions were not
significant when added to the model. So, regardless of
condition, deeper noticing of center-of-mass was associated
with better performance on the engineering design task.
We also explored the relationship between noticing,
performance, and transfer outcomes. We conducted a linear
regression to predict far transfer scores, using gender, final
build performance, and average noticing score (across mid
and post-designs) as predictors. The model explained 19% of
the variance in far transfer scores, F(3, 59) = 4.68, p = .005.
Noticing was the only significant predictor, β = .28, t(59) =
2.25, p = .03. Moreover, condition and interaction variables
did not predict significant variance when added to the model.
Thus, deeper noticing of center-of-mass structure was
associated with greater transfer to far contexts, over and
above performance on the engineering task, and regardless of
condition. We ran the same analysis to predict near transfer
scores, but found no significant predictors.

This study explored the relative efficacy of contrasting cases,
single cases, and no cases in supporting the transfer of
learning from an engineering design activity to novel
contexts. In line with our predictions, participants who
reflected on contrasting cases in the midst of the engineering
design task showed greater near transfer than those who
reflected on single cases or no cases at all. However, these
group differences did not hold up on the far transfer test,
where all conditions performed similarly. Perhaps a larger
dosage of instruction over more time is necessary to invoke
transfer to remote contexts.
The cases manipulation had no impact on performance in
the engineering design challenge. Participants across all
conditions improved their performance over time. One might
interpret this result to mean that participants were not
connecting the cases to the building activity (yet another
failure of transfer!). However, our explanation of these
results is that participants were able to improve on the
engineering design activity either through trial-and-error or
by relying on the COM knowledge they were developing
from the interspersed instruction. This is consistent with prior
research, which finds that people can often tinker their way
toward building successful engineering products without
applying science content (Vattam & Kolodner, 2008).
Also, we had hypothesized that contrasting cases would
facilitate transfer by enabling learners to notice deep
scientific structures. However, we found no condition
differences in deep structure noticing. In fact, descriptively
(though not significantly) the group that reflected on single
cases showed deeper noticing. It is possible that the single
cases were treated as analogs, since the two individual cases
were fairly similar. Though single cases were presented on
two separate pages, participants may have compared them. It
is also possible that the contrasting cases require deeper and
longer processing on the part of participants. Perhaps a
combination of analogous and contrasting cases, with
prompts to engage deep processing of the cases, would be
most effective at enhancing noticing.
In line with our predictions, level of noticing predicted far
transfer. Moreover, we found a trend of noticing predicting
task performance. More generally, these findings confirm
perceptual accounts of the impact of perceptual processes on
transfer and skilled performance, and this research extends
these findings to the engineering context.
An interesting question that emerged is how the contrasting
cases group was able to demonstrate greater near transfer
without greater noticing. It may be that the contrasting cases
helped learners develop some implicit form of noticing,
which they transferred to near situations (Day & Goldstone,
2012). Future research could explore this possibility.
A main limitation of this work is the low number of
participants and accompanying issues of low statistical
power. Given this, we were only able to defect large effects.
Additional studies with larger samples and additional
populations are needed before the results can be generalized.
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Another limitation is that without a condition that does not
build, we cannot explore the contribution of the engineering
design task in facilitating transfer. In the future, it would be
interesting to conduct a 2x2 study in which learners either
analyze contrasting cases or no cases, with and without the
building activity. Future work could also attempt to replicate
these findings in a longer intervention in a classroom setting
to see (1) whether our integration of contrasting case and
engineering activities would be effective in the real world,
beyond the lab, and (2) whether a longer intervention would
invoke far transfer.
Despite the need for additional research, the current study
makes several contributions to the literatures on contrasting
cases and science and engineering education. An extensive
body of work has explored the role of comparison in
facilitating transfer. This work adds to the emerging body of
research on the role of contrasts in helping learners notice
deep structures in learning and transfer contexts. Second, this
work demonstrates an alternative route towards successful
transfer, which can be an elusive outcome. Third, this work
confirms the role of perceptual processes, such as noticing, in
supporting transfer. Fourth, our findings have implications
for the design of engineering tasks: adding contrasting cases
to an engineering design activity can enhance the transfer of
physics knowledge to novel (but near) contexts. While
engineering tasks can lead students to focus too much on
doing and not enough on relevant science content, embedding
contrasting cases in the engineering activities may help
learners recognize the science content in non-engineering
situations.
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for number, similar to those that have been used to model a
wide range of perceptual and cognitive processes, in both
cognitive science (Rogers & McClelland, 2014) and artificial
intelligence (LeCun, Bengio, & Hinton, 2015).
Recently, Stoianov & Zorzi (2012) pioneered an approach
of the kind we are pursuing, applying it to numerosity
comparison, in which a human observer views a pair of arrays
and determines which one contains the larger number of
separate items. The ability to make such comparisons appears
to be present in non-human animals, newborn infants, and
adults from primitive cultures that lack exact number words
(Pica et al., 2004). However, Stoianov and Zorzi found that
a generic deep neural network can learn to perform the
numerosity comparison task, using numerosity sensitive
representations acquired through unsupervised learning from
displays containing blobs varying in size and number. In
work leading up to our present effort, Zou, Testolin &
McClelland (in preparation) established that, prior to any
learning, the representations in such networks can support
numerosity discrimination at levels better than human
neonates, and that unsupervised learning can then tune such
representations. The gradual developmental refinement in
numerosity acuity follows the power law pattern seen in
human development (Odic et al., 2015).
Here, we focus on another important aspect of numerical
cognition: numerosity estimation. We choose this ability
because it appears to depend on experience with number:
Children’s numerosity estimates can be uncorrelated with the
actual number of presented items even for children who can
perform counting tasks correctly, and the ability to estimate
improves as children’s other number abilities improve with
experience (Davidson, Eng & Barner, 2012). Estimation, like
numerosity discrimination, is approximate, in that for
numerosities (N) larger than 3 or 4, estimates exhibit
variability. This variability increases with N, such that the
coefficient of variation (CV: ratio of the standard deviation
to the mean estimate) is approximately constant (Revkin et
al, 2008; Izard & Dehaene, 2008). Animals (Platt & Johnson,
1971) and humans (Whalen, Gallistel & Gelman, 1991) also
exhibit an approximately constant coefficient of variation in
tasks requiring the production of a target number of responses
(for humans, brief presentation and pressure to respond
quickly are used to prevent exact counting).
The present work focuses on estimation of small
numerosities in visually-presented arrays, where educated
human adults produce estimates whose mean value matches

Researchers exploring mathematical abilities have proposed
that humans and animals possess an approximate number
system (ANS) that enables them to estimate numerosities in
visual displays. Experimental data shows that estimation
responses exhibit a constant coefficient of variation (CV: ratio
of variability of the estimates to their mean) for numerosities
larger than four, and a constant CV has been taken as a
signature characteristic of the innate ANS. For numerosities up
to four, however, humans often produce error-free responses,
suggesting the presence of estimation mechanisms distinct
from the ANS specialized for this ‘subitizing range’. We
explored whether a constant CV might arise from learning in
generic neural networks using widely-used neural network
learning procedures. We find that our networks exhibit a flat
CV for numerosities larger than 4, but do not do so robustly for
smaller numerosities. Our findings are consistent with the idea
that estimation for numbers larger than 4 may not require innate
specialization for number, while also supporting the view that
a process different from the one we model may underlie
estimation responses for the smallest numbers.
Keywords: mathematical cognition; numerical cognition;
neural networks; development; learning
†
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Introduction
It is widely accepted that intuition (implicit knowledge)
plays a strong role in mathematics. Here, and in a companion
article (Fang, Zhou, Chen & McClelland, 2018) we consider
alternatives to the widely held view (Feigenson, Dehaene &
Spelke, 2004) that emphasizes innate, specialized systems as
the foundation for these intuitions. Here, we focus on one
putative system of this type, ‘the approximate number
system’ (ANS), and explore the role of experience, rather
than innate specialization, in shaping basic numerical
abilities. Our work explores this possibility using neural
network models and considers how the architecture and the
details of the materials used to train and test the networks
affect the outcome of learning and its developmental course.
Neural networks with very particular properties can arise
during pre-natal development, shaped by genetically
orchestrated processes, and it is possible to wire up a neural
network that expressly exhibits properties attributed to the
ANS (Dehaene & Changeux, 1993). We would not exclude
the possibility that specialized pre-wiring may play a role in
numerosity processing. However, it may still be worthwhile
to explore neural networks lacking any specific specialization
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numerosities, using the FF network. The consideration of
presentation frequency was motivated by findings and
proposals of Piantadosi (2016), who observed that the
frequency of occurrence of a numerosity in natural text
decreases with N approximately in accordance with the
function f(N)∝1/(N2). He further suggested that a constant
CV independent of N arises as a rational consequence of the
1/(N2) frequency distribution (the essence of the idea is that
it is better to allow more variability in estimates of numbers
that are used less frequently). We used this frequency
distribution in our training materials for experiment 1. By
comparing the outcome of training the network with the
decreasing frequency distribution to a flat frequency
distribution (f(N) the same for all N) we tested whether the
fact that our networks in Expt 1. exhibited a constant CV
depended on the use of the 1/(N2) frequency distribution.
Importantly, as we shall see, a constant CV was observed
after training with either a flat or a decreasing frequency
distribution, indicating that a decreasing frequency
distribution is not necessary to observe this signature
property in numerosity estimation.
Expt. 2 also explored the effect of varying the relationship
between N and the average area occupied by each item in the
display, both during network training and testing. In
Experiment 1, item area did not vary with N, either in training
or testing, but area does tend to decrease with N in natural
images (Zou et al, in preparation), and experimenters vary
size inversely with N in a subset of their test stimuli to ensure
numerosity estimates are not based on a simple estimate of
total occupied area. Expt. 2 therefore explored whether a
constant CV for numerosities larger than 4 would still be
observed with training and testing materials in which item
area decreased with increasing numerosity.

Figure 1. Mean response for different numerosities (Left)
and coefficient of variation (right) from the experiment of
Revkin et al (2008).
the presented numerosity N (Revkin et al, 2008; Figure
1). Their participants were virtually perfect for N up to 4, and
showed CV’s varying in a narrow range over the numbers 5
to 8 (a slight distortion in both the mean estimate and the CV
for N=8 arises from the fact that the response options were
restricted to the range from 1-8). The authors concluded that
a distinct ‘subitizing’ mechanism is responsible for responses
for N=4 or less, but that the ANS is responsible for responses
for N greater than or equal to 5.
As we shall see, we find that, with sufficient training,
neural networks with very different architectures trained and
tested with varied materials can estimate numerosity with
human level accuracy, exhibiting an approximately constant
coefficient of variation across numerosities greater than or
equal to 5. Our work supports the view that approximate
number representation and processing may not require an
innate system specialized for number; it may instead be a
robust characteristic of relatively generic neural networks
trained using generic training procedures.
Below we present two experiments. Experiment 1
explored estimation in both a complex contemporary network
architecture designed for visual search and object
identification and in a simpler, more standard, feed-forward
architecture. We chose the former, the Differentiable
Recurrent Attention Model (DRAM) of Gregor, Danihelka,
Graves, Rezende, Wierstra (2015), as a first step toward a
broader examination of number learning, including counting
(see Fang et al., 2018). The architecture has an attentional
window similar to a camera that it can learn to move and
zoom in and out, allowing it to process an input over a series
of glimpses and to produce a sequence of responses, such as
the names of the objects in the display. We chose the second,
simpler and more generic architecture called the FeedForward (FF) network because we found that the complex
features of the DRAM model (though important for counting,
see Fang et al, 2018) were not used in estimation. For
instance, the focus of attention remained constant over
glimpses, and the accuracy of estimates was almost as good
on the first as on the last glimpse. As we shall see, both
networks exhibited a constant CV after training over
numerosities greater than 4, capturing this signature feature
of human and animal numerosity estimates.
Experiment 2 explored the effects of variation in the
frequency of presentation of different numerosities during
training and in the sizes of items in displays of different

Materials and Methods
The DRAM model. We used a version of the Differentiable
Recurrent Attention Model (DRAM, Gregor et al., 2015)
implemented in TensorFlow (https://www.tensorflow.org/).
The network is a recurrent neural network that can learn to
direct its attention while attempting to estimate the number of
dots in the display over a series of nine glimpses (the
computational graph for one glimpse is shown in Figure 2A).
As in Gregor et al, the network contains a selective attention
mechanism, implemented by the read module, and a pair of
LSTM modules (an encoder and a decoder LSTM, each
containing 256 units). A linear bottleneck layer (100 units,
simplified from Gregor et al., designated as z in the figure)
lies between the two LSTMs. At each glimpse t, the output
from the decoder LSTM at glimpse t-1 specifies the center
position, spacing, and filter width of an 10x10 grid of
Gaussian filters (the initial specification at t = 0 is determined
by learned bias weights) used by the read operation, which
convolves the image with the Gaussian filters. The filtered
image is fed upward through the network as shown in Figure
2A. Each arrow corresponds to a linear mapping
(multiplication with a matrix of modifiable connection

203

Figure 2. A: One glimpse from the DRAM network. B:
the Feed-Forward Network. See text for details.

Figure 3. Examples of the stimuli used in the experiments.

weights plus biases), and corresponding weights are re-used
across glimpses. The encoder and decoder LSTMs also
receive their output at glimpse t-1 as part of their input at
glimpse t. The output of the decoder LSTM propagates
through a linear mapping and a ReLU non-linearity to another
hidden layer (256 units). Finally, the hidden layer output
passes through another linear mapping followed by a softmax
computation, producing output activations across a set of
output units corresponding to numerosity responses ranging
from 1 to 15. The unit with the largest activation at the last
glimpse is the estimate of the number of items in the image.

pixels of RGB value 255 (white). For training, each image
contained a number N of blobs ranging from 1 to 15. A new
set of 10,000 training images was generated after every 1,000
training iterations to prevent overfitting, and a new set of test
images (1,000 for each N) was generated each time a network
was tested. Networks were tested at pre-specified intervals as
training progressed. During testing, input N ranged from 1 to
9, though responses could still range from 1 to 15. This
prevented distortion of responses for larger numerosities in
the test range (1-9) since responses both above and below this
value were allowed. Gradient computations and weight
updates did not occur during testing.

The Feed-Forward Model. Our FF network has one hidden
layer and uses a simplified read operation. The read
operation performs filtering of the image based on a set of
15x15 Gaussian filters centered on the image and spaced to
cover it completely. The filtered output of the read operation
is then converted into a hidden layer (250 units) by the linear
operation followed by a ReLU. A linear operation followed
by a softmax determines the activations of the output units.
The unit with the largest activation is treated as the network’s
numerosity estimate. Source code for both models is
available at https://github.com/numberlearning/Estimation.)

Experiment 1 compared the two architectures. We used 10
independent runs of the DRAM network (trained for
2,000,000 iterations) and of the FF network (trained for
3,000,000 iterations) to assess the final estimation
performance and learning trajectory of each type of network.
Each run used different random initial weights and different
randomly generated training and testing patterns.
Blob size and numerosity specifications. The edge length
of each blob was randomly chosen from {2,3,4,5}
independently for each blob, regardless of the number of
blobs in the image. Blobs were placed randomly with the
restriction that they could not overlap or touch. The number
of images in each randomly generated set of training images
containing N blobs was 10,000/N2 rounded to the nearest
integer.
Experiment 2 investigated effects of varying aspects of the
training and testing materials in the FF network, employing
10 independent runs in each of four conditions (40 runs total).
Each condition combined one of two numerosity-frequency
distributions with one of two numerosity-area distributions.
The two numerosity frequency distributions were
f(N)∝1/(N2), in which the number of images containing N
blobs in each set of training images was (10,000/N2), rounded
to the nearest integer and f(N) constant, in which the number
of images in each training set containing N blobs was 1000.
The two types of numerosity-area distributions used

Learning. Weights were modified based on the gradient of
the cross-entropy loss computed by comparing the
activations at the output of the softmax computation to a
target pattern specifying the number of blobs in the input
image. In DRAM, the gradient is computed at every glimpse
and propagated backward through each arrow in the full 9glimpse network graph. Learning occurs over a series of
iterations. In each iteration, gradients are calculated over 100
patterns sampled with replacement from the training
environment, then weights are updated using the Adam
optimizer, with initial learning rate of .01 and epsilon =1.
Training and Test Data and Procedures. For both
experiments, training and test images were 100x100 pixels,
initialized to RGB value 0 (black). In each image, a certain
number of blobs were generated. Each blob was a square of
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decreasing average area and constant average area. For the
former, we approximated the decrease in object size with
numerosity in a natural image data set (Zou et al, in
preparation). A scale factor s(N) was chosen randomly from
the interval a(N)*[0.8,1.2] for each blob, where a(N)
decreased with N according to a(N) = 2/(N0.3154). The width
and height of each blob were determined by sampling a width
variable k1*s(N) and a height variable k2*s(N); k1 and k2 were
chosen independently from the range {2,3,4}, allowing blobs
to be rectangles of different shapes. Values were then
rounded probabilistically up or down so that the height and
width of a blob was always an integer. In the constant
average area condition, the size of each blob, independent of
N, was chosen from the interval 3*[0.8, 1.2]. This ensured
that the average blob area was approximately constant across
different N. Probabilistic rounding resulted in square blobs
whose size could range from 2x2 to 4x4.
For testing, as in Experiment 1, 1000 images were created
for each N each time a network was tested. We followed
procedures used in Revkin et al (2008) and in Izard and
Dehaene (2008) to ensure that numerosity responses were
based on the number of items in the display, rather than the
total occupied area or the average area of items in the display.
For each N, half of the test images had approximately
constant total area (CTA), and the second half had
approximately constant average area (CAA) occupied by
individual blobs. Specifically, the total area occupied by
blobs was approximately 81 for the CTA images regardless
of N (so that individual blob size decreased with N), while
the average area occupied by individual blobs was
approximately constant at 9, independently of N in the CAA
images (so that total blob area increased with N).

Experiment 1. Final performance. The final performance
of our DRAM network (D) and our FF (F) network were both
consistent with the results of Revkin et al, as shown in the top
left panels for Figure 4. For both networks, mean estimates
corresponded nearly perfectly to the true numerosity for all
N, with slopes close to 1 and intercepts close to 0 (SD=.979,
SF =.9904, ID=0.02, IF =0.0368; see Figure for confidence
intervals). The coefficient of variation (CV) for each of the
two networks was near 0 for displays with 1 blob and
increased as numerosity increased. The CV flattened for
numerosities over 4, with slopes approximately 0 in both
networks (SD =-0.0007, SF =0.0031). For displays with 5 or
more blobs, the CV for the FF network (I=0.0977), was
slightly smaller than that of the DRAM network (I=0.1469).
Development. Both the DRAM and the FF network initially
underestimated the number of items presented, and both
showed decrease in the CV over the course of training (top
right panels of Figure 4). However, the FF network learned
faster and reached a lower CV, and showed a compression of
the numerosity range, such that spacing between numbers
decreases as N increases. Such a pattern is often seen in
human estimation data, especially without calibration or
feedback (Isard & Dehaene, 2008). The CV improved much
more quickly for FF (note the factor of 10 scaling of iteration
numbers chosen for presentation). Also, DRAM initially
exhibited a linear relationship between mean estimate and N
with a slope less than 1, while the FF network initially
produced a nonlinear relationship that fit a power function
with an exponent of less than 1 better than a linear function
(for each run, R was slightly larger for the non-linear than the
linear fit).
Experiment 2. Many interesting findings emerged from this
study. We focus on three key findings.
Effect of area variation with N during testing. In all four
conditions, we found that our FF model was sensitive to
numerosity rather than a possible confounded area variable
when tested at the end of training. Mean estimates of
numerosity were completely unaffected by whether total area
(CTA) or average area (CAA) stayed constant in the test
stimuli. For example, for both the f(N)∝1/(N2) and f(N)
constant conditions, the mean estimates for CTA and CAA
test stimuli lie on top of each other (see the 3rd and 4th rows,
1st column of Figure 4). Even early in development (3rd and
4th rows, 3rd column) the difference between CTA and CAA
test stimuli makes very little difference to the mean estimates,
though there are effects on the CV, especially for N = 1 early
in development (3rd and 4th row, 4th column).
Effect of numerosity frequency distribution. To address the
role of the numerosity frequency distribution during training,
we first consider the CV slopes for numbers from 5-9.
Surprisingly, the CV was strikingly constant over the range
from 5-9 in the f(N) constant conditions (S = .0014 ± .0008)
as well as in the f(N)∝1/(N2) conditions (S = .0059 ± .001),
indicating that the CV at the end of training is nearly constant
for all four combinations of frequency distribution and area
distribution. It thus appears that a decreasing numerosity

Results
Analysis Approach. We present results averaged over the
10 runs of each condition (DRAM vs FF in Experiment 1;
training frequency and area conditions for Experiment 2). For
each condition, we sought to quantify the relationship,
displayed in Figure 4, between the true numerosity N (from
1-9) and both the mean numerosity estimate and the
coefficient of variation (CV) of these estimates. For the mean
estimates, the figure presents means and 95% confidence
intervals over the 10 networks in each condition for the slopes
(S), intercepts (I), and regression (R) of the relationship
between the mean estimate and the true value of N. Similarly,
for the relationship between the CV and the value of N,
Figure 4 displays the slope, intercept, and regression values
over values of N ranging from 5 to 9. To match the results
from Revkin et al., the slope for the mean estimates should
be 1 and the intercept should be 0; the slope for the CV over
the range 5-9 should be about 0 and the intercept
(corresponding to the constant CV) should be a small
number, close to 0.1. For experiment 2, we concentrate on
results from the training conditions in which blob area
decreased with N; results were similar when blob area during
training did not vary with N, except where noted.
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Figure 4. Results from Experiment 1 (top two rows) and from the Decreasing Average Area conditions of Expt. 2
(bottom 2 rows). Yellow bands signify range of values observed across runs. Numbers in legends for developmental
results (right panels) correspond to iteration numbers. Abbreviations: S: Slope; I: Intercept; R: Regression coefficient
(R); CTA: Constant total area test items; CAA: Constant Average Area Test items.
frequency function is not necessary to achieve a flat CV over
this range in our feed-forward neural network.
That said, the numerosity frequency distribution did have a
striking effect early in development. For the f(N)∝1/(N2)
condition (row 3, column 3), there is a strong tendency to
underestimate larger numerosities early during training, and
the estimates appear to follow a logarithmic or power
function with an exponent less than 1. On the other hand,
early in training with a constant frequency distribution (row

4, col 3 of the figure) mean estimates tend to be too high, and
increase almost linearly with N.
Effect of numerosity area distribution. The results already
described indicate that the numerosity area distribution had
little effect on the CV for numerosities greater than 4:
However, the numerosity area distribution during training
had a striking effect on the CV for small numerosities.
Indeed, for N = 1, a constant numerosity area distribution
during training (Experiment 1, top panels, and the constant
average area training condition of Experiment 2, not shown)

206

led to a CV near 0, while a decreasing average area
distribution led to a larger CV for N =1 than for any other
numerosity. A similar tendency appears for N = 2, but it
fades out for larger numerosities.

the object individuation system (Feigenson et al., 2004), in
which humans are thought to be able to hold up to three
objects in mind simultaneously. Another way these findings
might be explained would be in terms of the idea that small
numerosities give rise to distinctive emergent shapes, such as
‘point’, ‘line’, and ‘triangle’. In future work, we hope to
explore these possibilities.

Discussion
In this work, we explored whether generic neural networks
can exhibit characteristics of human number estimation
through development. We trained and evaluated two distinct
neural networks on datasets in which we manipulated
relationships between numerosity and frequency and between
numerosity and area. Our results demonstrated that generic
neural networks can learn to estimate numerosities
accurately, regardless of these factors. In particular, the fact
that they estimated well for numerosities that were relatively
infrequent in the training data (e.g., for N = 9, when
f(N)∝1/(N2)), and for the constant total area testing data, for
which successful estimation based on area is impossible,
showcased the robustness of their acquired numerical
estimation ability. After sufficient development, across all
combinations of training and testing sets, our networks’
performance on the estimation task displayed a signature
characteristic of the human approximate number system:
constant CV for numerosities over 4. Our networks’
acquisition of human-like estimations for numerosities in this
range supports the idea that human estimation abilities may
not require an innate approximate number system.
The finding that network performance eventually reached a
stage in which its CV curve displayed the same levelling off
for higher numerosities and independence from the influence
of these extraneous factors has relevance for recent theories
about the possible reason why numerosity judgments exhibit
a constant CV. For instance, in Experiment 2, later in
training, we obtained flat CV curves for higher numerosities
even for networks trained with data in which all numerosities
occurred with equal frequency. This suggests that the
proposal of Piantadosi (2016), that there is less need for
precision with less frequent numerosities, may not be the only
way to explain why variability increases with N in
numerosity estimation. In future work we hope to explore the
idea, suggested by our developmental findings, that
Piantadosi’s suggestions may be relevant to estimation early
in development, but experience may eventually level the
playing field, an effect that we hope to explore in subsequent
investigations.
It should be noted that our generic neural networks did not
capture the human data for numerosities from 1 to 4. For
these smaller numerosities, humans estimated the numerosity
almost perfectly, with a CV close to 0, whereas we only
observed such a low CV for N = 1, and then only in some
conditions. Revkin et al (2008) and others have proposed that
a distinct ‘subitizing’ mechanism, distinguished from the
ANS, is responsible for estimating these numerosities. Our
findings can be interpreted as falling in line with this
possibility.
The possible ‘subitizing’ mechanisms that could explain
human expertise in estimating smaller numerosities include
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Abstract

of her identity (e.g., her values, personality traits, and
relationships with family members) will be more likely to
vote for a Democratic candidate than a Democrat who
believes that being a Democrat is relatively unrelated to the
other features of her self-concept.

We propose a novel approach to identity-based choice that
focuses on peoples’ representations of the cause-effect
relationships that exist among features of their self-concepts.
More specifically, we propose that people who believe that a
specific aspect of identity, such as a social category, is
causally central (linked to many other features of the selfconcept) are more likely to engage in behaviors consistent
with that aspect than those who believe that the same aspect is
causally peripheral (linked to fewer other features). Across
three studies, we provide evidence for our approach to
identity-based choice. We demonstrate that among people
who belong to the same social category, those who believe
that the associated identity is more causally central are more
likely to engage in behaviors consistent with the social
category.

Identity-based Choice
A large literature has investigated the effects of identity on
choice. Much of this literature conceptualizes the selfconcept as made up of multiple identities (social categories)
with potentially conflicting norms (LaBeouf, Shafir, &
Bayuk 2010; Markus and Wurf 1987; Oyserman 2009). As
a result, increasing the salience of an identity through
priming, identity threat, or social distinctiveness (i.e.,
making members of that social category the numerical
minority in the decision context) prioritizes the norms
associated with that group.
Based on this research, much of the understanding of why
people who hold the same identity differ in how likely they
are to act identity-consistent ways lies in situational factors.
When an identity is made salient in an environment,
members of the social category are more likely to perform
behaviors consistent with the group’s norms than when the
social category is not salient (e.g., LaBeouf, et al., 2010).
While situational factors powerfully influence people’s
tendency to display identity-consistent behaviors, they
cannot explain all variance: Two people who are members
of the same social category may be confronted with the
same situational constraints and demonstrate widely
different behaviors. We propose that our understanding of
how people represent their self-concepts can clarify why, in
the same situation, people who share an identity may
nevertheless vary in how likely they are to display identityconsistent behaviors. So, unlike previous approaches to
understanding identity-based choice, we focus on internal
representations of the self rather than situational factors.

Keywords: causal reasoning, concepts and categories,
decision making, identity-based choice, self-concept

Introduction
Personal identity, the features or aspects of the self-concept
that people see as defining who they are as individuals, is an
important driver of choice. Theories in psychology and
economics hold that people are more likely to behave in
identity-consistent ways. That is, people tend to behave in
ways that are consistent with features of their self-concepts,
in particular the social categories that they belong to (e.g.,
Markus & Wurf, 1987; Akerlof & Kranton, 2010). For
example, according to these accounts, a person who
considers herself a Democrat is more likely to vote for a
Democratic candidate than a person who has not
incorporated this social category into her identity (but has
similar preferences and ideologies).
Among people who consider themselves members of a
given social category, there is, of course, variance in how
likely they are to engage in identity-consistent behaviors. In
this paper, we test whether the predictions of a recent
theoretical account of how the self-concept is represented
(Chen, Urminsky, & Bartels, 2016) describe differences in
people’s likelihood of engaging in identity-consistent
behaviors. This approach predicts that people who perceive
a feature as more causally central (linked to many other
features of the self-concept) will be more likely to act in
identity-consistent ways than those who perceive the same
feature as more causally peripheral. That is, a person who
believes that being a Democrat was caused by other features

The Causal Structure of the Self-Concept
Recent research has found that beliefs about causal
relationships are a critical part of people’s representations of
the self. Inspired by a large literature in cognitive
psychology that has found that features of a concept that are
more causally central (i.e., causally linked to many other
features of the concept) are perceived as most defining of a
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Study 1

concept (Ahn et al., 2000; Rehder & Hastie, 2001; Sloman
et al., 1998), Chen et al. (2016) examined whether such
causal beliefs also played a prominent role in the selfconcept. They had participants report the cause-effect
relationships that they believed existed between aspects of
their self-concepts and calculated the causal centrality of a
feature by summing the number of other features a given
feature was causally linked to as either a cause or an effect1
(Rehder & Hastie, 2001). The results suggested that people
perceive a feature to be important to the self-concept to the
extent that it was causally central. Participants believed that
changes to causally central features were more disruptive to
the self-concept (made them into more of a different
individual) than changes to causally peripheral features.
Further, participants believed that a feature was more
important to another person’s self-concept when that feature
was manipulated to be causally central than when the exact
same feature was manipulated to be causally peripheral.
In this paper, we explore the implications of this approach
to self-concept representation for identity-based choice. As
causally central aspects of the self-concept are perceived as
more defining or important to identity, this account predicts
that a given feature will exert more influence on behaviors
among people for whom that aspect is more causally central,
compared to people who believe the aspect is more causally
peripheral. This is consistent with theoretical accounts that
suggest that aspects of the self-concept that are more
important or central will influence behavior more (Markus
& Wurf, 1987), and with research that finds that identity
importance moderates the effects of identity salience primes
(LaBeouf et al., 2010; Reed, 2004). These explorations of
importance, however, provide little theoretical insight into
why or how an identity becomes important. Our approach
provides a psychological explanation, based on a large
literature on conceptual representation, for what it means for
an aspect of the self-concept to be important.
Further, unlike previous research on identity-based choice
that focuses on a single aspect of identity at a time, usually a
social category, we explore how an identity fits into the
broader self-concept. That is, we examine how people
believe the social categories they belong to are causally
related to the their individual-level traits such as memories,
personality traits, and moral qualities. While a broad
literature on the self-concept suggests that these individuallevel characteristics are an important part of how people
think about the self and have significant impacts on their
behavior (Bartels & Urminsky, 2011, 2015; Chen et al.,
2016; Ersner-Hershfield et al., 2009; Strohminger &
Nichols, 2014), there has been little overlap between
research on self-concept representation and research on
identity-based choice.

We conducted a two-stage study during the 2016
presidential election that explored whether voters for whom
political party was more causally central were more likely to
perform an identity-consistent behavior: vote for their
party’s Presidential candidate. All participants belonged to
the social category of Democrat or Republican and the study
took place at a time when these identities were quite salient,
so differences in voting cannot be explained simply by
differences in the salience of social norms associated with
and conveyed by membership in social categories.

Method
Participants Four hundred eleven U.S. Amazon
Mechanical Turk participants completed the first wave of a
larger study the day before the 2016 U.S. Presidential
election. Of the participants who completed the first wave,
355 participants responded to the second wave which was
launched the day after the election. Of those 355
participants, 166 reported being affiliated with the
Democratic party and 77 reported being affiliated with the
Republican party. Participants who reported being affiliated
with one of these two parties had a relevant political identity
and were therefore included in the analyses (n = 243).
Procedure In the first wave, participants first answered
questions about their demographics (gender, ethnicity,
political ideology, political party, religion, income category,
and education level). Then half the participants (the
experimenter-defined condition) answered questions about
the features of their political identity in which they reported
their positions on eight major political issues (e.g., abortion,
gun control, immigration, taxes, gay marriage, military
spending, social programs, and marijuana legalization). To
ensure that any results were not driven by our selection of
features, the other half of the participants (the self-generated
condition) listed eight different aspects of their political
identity in an open-ended question. Participants were
randomly assigned to one of these two groups (selfgenerated vs. experimenter-defined).
Participants performed the listing causal relationships task
(Chen et al., 2016) with 20 items: their political party and
the six other demographic features they reported, eight
features of their political identity, and five additional
features (found to be important in previous explorations of
personal identity; Chen et al., 2016): childhood memories,
personal life goals, friendships, personal values and
principles, and personality.
In this task, participants reported the causal relationships
between a set of features of the self-concept. Participants
completed one trial for each feature in which that feature
was the target (e.g., in Figure 1, “being a Democrat” is the
target feature). In each trial, participants were asked to
select the other features of the self-concept that they thought
were caused by the target feature. Participants saw the target
feature at the top of the screen (along with the question text)

1

This operationalization of causal centrality is used in the
current studies as Chen et al. (2016) found that it described
participants’ judgments of identity better than an alternative form
of causal centrality based on Sloman, Love, and Ahn (1998).
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and all of the other features, with check boxes, listed under
it. They also had the option, at the bottom of the list, to
select “None of these are caused by my: [target feature]”
(see Figure 1). Participants could check as many options as
they wanted (unless they checked the None option).

features of their political identity (M = 9.92) than among the
group who evaluated experimenter-defined features (M =
7.53), t(241) = 2.71, p < .001, 95% CI = [0.65, 4.12].
Similar differences were observed in the total number of
links between those evaluating self-generated features (M =
156.04) vs. experimenter-defined features (M = 111.97),
t(241) = 3.67, p < .001, 95% CI = [20.44, 67.70]. Because of
these differences, we controlled for the survey version in the
regression analyses reported below that use causal centrality
to predict voting behavior. No effects of survey version
were found.

Think about you: being a Democrat
Which of the other features of your personal iden7ty listed below,
if any, are caused by you: being a Democrat?
You may select as many or as few features as you see ﬁt. In the
below list, please select all the feature that you believe are caused
by the above feature.

Voting Behavior Our sample consisted of 77 Republicans
and 166 Democrats. The majority of these participants, who
all had a party affiliation, reported that they voted in the
election (Democrats: 92%; Republicans: 95%) and that they
voted for the candidate that their party nominated
(Democrats: 89%; Republicans: 71%). A logistic regression
predicting whether participants voted with their party based
on causal centrality of political party (the number of causal
links political party had to other features) revealed that, as
predicted, people who believed that their political party was
more causally central were more likely to vote with their
party than those who saw political party as more causally
peripheral (B = .099, Wald χ2(1) = 8.67, p < .01).
We also fit a logistic regression predicting whether
participants voted with their party based on causal centrality
of political party (the number of causal links political party
had to other features), controlling for total number of links
reported (among all features), survey version (experimenter
defined vs. self-generated features), and party (Democrat vs.
Republican). As predicted, participants who perceived their
political party as more causally central prior to the election
were then more likely to vote for their party’s candidate
(based on the post-election survey; B = .15, Wald χ2(1) =
8.95, p < .01) than those who had perceived their party to be
more causally peripheral. We also found a main effect of
party (B = -1.03, Wald χ2(1) = 7.94, p < .01) such that
Democrats were significantly more likely to vote with their
party. There was no significant relationship between voting
and either survey version or total number of links reported.
According to our account, people who believe being a
Democrat or a Republican is more causally central are more
likely to vote with their party because they perceive acting
in identity-consistent ways as more congruent with who
they are than those for whom political affiliation is causally
peripheral. However, it also possible that the causal
centrality measure is merely capturing differences in the
strength of people’s preferences for the candidates or their
ideology. To examine this, we tested whether the effect of
causal centrality was explained by differences in the
participants’ satisfaction with the candidate nominated by
their party and their political ideology. We added ideology
index and satisfaction as additional predictors in the
regression reported above. We found that, not surprisingly,
participants who reported greater satisfaction (indicated by
smaller numbers) with their party’s candidate were more

Being female
Being pro gun control
Being pro-choice
Being a college graduate

.
.
.

None of these are caused by me: being a Democrat

Figure 1: Example trial of listing causal relationships task.
From this series of questions, we calculated the causal
centrality—the number of causal relationships that a feature
is involved in as either a cause or an effect—of each feature.
More specifically, on the trial in which the feature was a
target feature, the number of selected features on that trial is
equal to the number of causal relationship in which the
target feature is the cause. The number of causal links that
the feature participated in as an effect is calculated based on
the number of times it was selected from the list of features
in all the trials in which the feature is not the target. The
sum of the number of links that feature was a cause and the
number of links the feature was an effect provides us with
the total number of causal links a feature participated in, our
measure of causal centrality.
After completing the listing causal relationships task,
participants reported which candidate they supported and
their economic and social ideology (1 = very liberal, 7 =
very conservative). We computed an ideology index by
averaging separate ratings of economic and social ideology.
The day after the election, participants reported whether
they voted in the election, which candidate they voted for,
how satisfied they were that their party nominated Clinton
or Trump, how they felt about the outcome of the election
(happy, unhappy, and afraid, hopeful), and how involved
they think they will be in future politics. The main
dependent measure of interest was whether or not
participants voted with their party. We predicted that
participants for whom being a Republican or Democrat was
causally central would be more likely to vote for their
party’s candidate than those for whom these parties were
more causally peripheral.

Results and Discussion
Preliminary Analysis Participants reported significantly
more links to political party when they self-generated the
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likely to vote with their party, (B = -.88, Wald χ2(1) = 24.88,
p < .01). More importantly, participants for whom being a
Democrat or Republican was more causally central were
more likely to vote with their party (B = .15, Wald χ2(1) =
6.99, p < .01), even controlling for satisfaction with the
party’s candidate and ideology. This result suggests that
even among people who disapproved of their party’s
candidate, people for whom political party was more
causally central were more likely to vote with their party
than those for whom party was more causally peripheral.
Total number of links reported was also a significant
predictor of voting (B = -.01, Wald χ2(1) = 3.96, p < .05).
There was no significant relationship between voting and
either survey version or ideology.
In Study 1, we found that people who believed that their
political identity was causally connected to more aspects of
their self-concept were more likely to vote with their party.
We have argued that fully understanding which members of
a social category will behave in identity-consistent ways
requires understanding how the social category fits into the
broader self-concept. These results are consistent with our
approach to identity-based choice, in which the driver of
identity-consistent behaviors is not only membership in a
social category (or possessing an aspect of identity) but also
how causally connected that aspect is to other important
features of personal identity.

they were a Denver Broncos fan, a Carolina Panthers fan, a
fan of another team (which they specified), or not interested
in football. Participants who reported not being football fans
(n = 57) were excluded from the analyses, leaving 253
participants who reported having the football fan identity.
Participants completed a shorter version of the listing
causal relationships task than in Study 1, comprised of the
ten features they self-generated as being important to their
identity and six additional aspects: being a fan of the team
they specified, childhood memories, personal life goals,
friendships, values and principles, and personality.
The task focused on two aspects, being a fan of their
favorite football team and the fifth feature that the
participant had listed. We elicited the causal centrality of the
fifth feature as a control, to account for potential differences
in the general tendency to report features of the self-concept
as causally linked. Participants completed two trials for each
of the target features: one that measured the number of other
features causing target feature (i.e., the feature’s causes) and
another that measured the number of other features caused
by the target feature (i.e., the feature’s effects). For
example, a participant who reported being a Carolina
Panthers fan would first be asked which other aspects of her
identity caused her to be a fan of the Carolina Panthers. She
would then be asked which other aspects of her identity
were caused by her being a fan of the Carolina Panthers.
The causal centrality of being a Carolina Panthers was
calculated by summing the number of features selected
across the two trials.
Participants reported how much they would be willing to
pay for a ticket to see their team play in the Super Bowl if
their team made it the following year, the dependent
measure. Participants then reported their interest in football
on a 4-point scale (1 = very interested, 4 = very
uninterested).

Studies 2A and 2B
The results of Study 1 support our hypothesis that those who
believe that an aspect of the self-concept is causally central
will be more likely to act in identity-consistent ways. In
Studies 2A and 2B, we extend this finding to a new social
category, being a fan of a football team, and a new
dependent measure, willingness to pay for an identityconsistent experience. As in Study 1, we examine this
identity during a time when it is likely to be salient, the
week of the Super Bowl.

Results
On average, participants reported that three other features
were causally linked to being a fan of their favorite team.
The average willingness to pay to see their team in the
Super Bowl was $475.77. The average interest in football
was 1.6 on a 4-point scale (1 = very interested, 4 = very
uninterested).
We regressed willingness to pay on the causal centrality
of being a football fan, controlling for the casual centrality
of the control feature. As predicted, those who perceived
being a fan of their favorite team as more causally central in
their self-concept were willing to pay significantly more
than those who perceived being a fan as causally peripheral
(B = 57.742, p < .01). On average, each additional causal
link between football fandom and another feature of the
self-concept was associated with being willing to pay an
additional $58.
As in Study 1, we examined whether the causal centrality
measure was merely capturing differences in the strength of
people’s preferences. We tested whether the effect of causal
centrality was explained by differences in the participants’

Method
Participants Three hundred sixty-six residents of the two
states that were the home of the two teams in the 2016
Super Bowl (North Carolina and Colorado) were recruited
from an online paid panel, and completed the study one to
three days after the Super Bowl. Twenty-six participants
were excluded for not providing valid answers to the focal
questions in the survey and thirty participants were excluded
for failing an attention check, yielding 310 valid cases.2
Procedure After completing an unrelated task from a
different study (on hedonic adaptation), participants listed
the ten things that most define who they are as a person (i.e.,
features of the self-concept). They then reported whether
Participants were excluded for not answering the open-ended
identity feature questions (23), providing the same answer for all
identity questions (2), or for providing a willingness to pay of
$1,000,000,000,000,000 (1).
2
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level of interest in football. We added interest in football as
an additional predictor in the regression reported above. We
also added income to examine whether our results could be
explained by differences in income between those who
believed being a football fan was causally central vs. those
who believed that it was causally peripheral. As expected,
participants who reported greater interest in football
(indicated by lower numbers) were willing to pay more to
see their team play in the Super Bowl (B = -280.58, p <
.001). More importantly, participants for whom being a fan
was more causally central were willing to pay more to see
their team in the Super Bowl (B = 39.26, p < .05), even
controlling for self-reported interest in football and income
(Table 1).

Method
Participants We recruited three hundred nine-eight
Amazon Mechanical Turk participants from throughout the
U.S. approximately 4.5 to 2.5 hours prior to the 2017 Super
Bowl. Five participants were excluded for failing an
attention check and one participant was excluded for
providing the same answer for all the features of identity,
yielding three hundred ninety-two cases.
Procedure As in Study 2A, participants were asked to list
the ten things that most define who they are as a person and
whether they would describe themselves as a fan of NFL
football. Only participants who answered yes to this
question moved on to the rest of the survey (n = 242).
Participants reported which team they considered
themselves a fan of.
Participants then reported how important (Reed, 2004)
being a fan of their favorite NFL team was to their identity.
The importance scale is composed of three items which ask
how much participants felt being a fan of a team describes
who they are, how much they identify with that group, and
how much they admire the group. Participants answer each
question on a 1 to 7 scale (7 indicates greater importance).
Participants performed the same abbreviated version of
the listing causal relationships task from Study 2A, in which
they reported the causes of and effects of being a fan of their
team (from a list of the ten self-generated features and six
additional features: being a fan of the team they specified,
childhood memories, personal life goals, friendships, values
and principles, and personality). In this study, we added an
additional feature as a control feature, “Level of Hunger,”
which was found in previous studies (Chen et al., 2016,
Experiments 1 and 2) to consistently participate in very few
causal relationships, making it a good indicator of whether
participants were inclined to report relationships merely
because that is what the task involved.
Participants then reported how much they were willing to
pay to watch their team play in the Super Bowl, how likely
they were to watch the 2017 Super Bowl, and how
interested they were in football. Participants then completed
a set of questions from an unrelated study.

Table 1: Multiple regression predicting willingness to
pay, Study 2A.
Factor

Beta

SE

t

p

Constant
914.10
242.80
3.77
<.001
Fan Causal
39.17
19.74
1.99
.048
Centrality
Control Causal
-8.47
12.02
-.71
.481
Centrality
Interest
-283.41
78.99
-3.59
<.001
Income
-.001
.004
-.25
.803
Note: Fan causal centrality and control causal centrality are the
number of causal relationships that being a football fan and the
control feature participated in. Interest was on a 1 to 4 scale where
1 indicated the greatest degree of interest.

The results of Study 2A suggest that football fans who
believe that being a fan is causally central are more willing
to spend in identity-relevant ways. We further demonstrated
that causal centrality predicts identity-consistent behavior
beyond simple measures of preference. This is consistent
with the proposal that people for whom being a football fan
is causally central act in identity-consistent ways because
they believe it is more congruent with who they are in a
broad sense, compared to those for whom fandom is
causally peripheral.

Study 2B

Results

Study 2B provides a direct replication of Study 2A, and
allows us to further explore the relationship between causal
centrality and identity importance. As previously described,
the importance of an identity has been shown to moderate
the effect of that identity’s salience on identity-relevant
choice (LaBeouf et al., 2010) and has been theorized to
predict which identities will exert more influence on
behavior (Markus & Wurf, 1987). As causally central
aspects of the self-concept are perceived to be more defining
of the self-concept, one of the consequences may be that
causally central aspects of identity seem more important.
Thus, we predict that importance will mediate the impact of
an identity’s causal centrality on identity-relevant behavior.

On average, participants reported four links to being a fan of
their favorite team and a willingness to pay to see their team
in the Super Bowl of $538.18. The average interest in
football was 1.5 on a 4-point scale (1 = very interested, 4 =
very uninterested).
We regressed willingness to pay on the causal centrality
of being a fan, controlling for the casual centrality of the
control feature. As predicted, those who perceived that
being a fan of their favorite team was more causally central
in their self-concept were willing to pay significantly more
than those who perceived that being a fan was causally
peripheral (B = 33.74, p = .027). On average, each
additional causal link between football fandom and another
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feature of the self-concept was associated with being willing
to pay an additional $34.
We added interest in football and income as additional
predictors in the regression reported above. As expected,
participants who reported greater interest in football were
willing to pay more to see their team play in the Super Bowl
(B = -208.87, p < .001). When controlling for income and
interest in football, participants for whom being a fan was
more causally central were marginally more willing to pay
more to see their team in the Super Bowl (B = 28.16, p =
.065). While we find a slight reduction in the effect of
causal centrality in this study when controlling for interest
in football, interest did not significantly mediate the effect
of causal centrality.
Next, we tested how the effects of causal centrality relate
to prior findings suggesting that identity-consistent
behaviors are influenced by identity importance (Reed
2004). We regressed willingness to pay on importance.
Importance was calculated by averaging the answers to the
questions in each scale (larger numbers indicate greater
importance). There was a significant relationship between
importance and willingness to pay (B = 95.49, p = .015).
We conducted a mediation analysis to test whether some
of the relationship between causal centrality and valuation
operates via importance of being a football-team fan. We
found a significant indirect effect of causal centrality on
willingness to pay via fan identity importance (B = 11.34,
95% Bootstrapped CI = [4.76, 20.87]). The relationship
between causal centrality and willingness to pay was
mediated by importance and no longer significant when
controlling for importance (B = 17.80, p = .198).
The results of Study 2B replicate the findings from Study
2A. Further, we found that importance of being a football
fan mediates the effect of causal centrality on willingness to
pay. These results suggest that one way causal centrality can
influence identity-consistent behavior is by making an
aspect of identity seem more important.

choice has mostly used situational factors to influence
identity-consistent behavior, our results suggest that
interventions that target the causal structure of people’s selfconcepts could provide additional ways to motivate such
behaviors.
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General Discussion
An important determinant of people’s behaviors and
choices is how an aspect of identity fits within the broader
self-concept. More specifically, we argue that beliefs about
the causal relationships between features of the self-concept
relate to how likely people are to display identity-consistent
behavior. We have provided evidence that, consistent with
our hypotheses, among people who belong to the same
social category, those for whom the social category is
perceived as more causally central are more likely to act in
identity consistent ways than those for whom the same
social category is more causally peripheral. Further, we
have provided a more nuanced understanding for what it
means for an aspect of the self-concept to be important to
one’s identity.
Our findings may also have important implications for
behavioral interventions that use identity-based appeals
(e.g., Bryan et al., 2011). While research on identity-based
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Abstract

where precise information about an object’s features are lost
during occlusion, 6-month old infants still maintain a
‘placeholder’ for the object, and are surprised if no object is
found behind the occluder (Kibbe & Leslie, 2011). To
individuate an object, and maintain its representation, the
visual system relies on a continuous spatial-temporal history
(Scholl & Leslie, 1999), and a cohesive object
boundary (Spelke, 1990; Spelke, 2000). In adults, violation
of these principles disrupts mid-level visual processing
(Mitroff, Wynn, & Scholl, 2004) and object tracking (Scholl
& Pylyshyn, 1999). In infants, when object cohesion is
violated, infants lose track of the representation - when
presented with a big cracker that is split into two small pieces,
11-month-old infants cannot represent the relative quantity of
the crackers (Cheries, Wynn, & Scholl, 2006; Cheries et al.,
2008).
Putting together, what seems to matter is how an object
becomes perceptually inaccessible. For instance, infants who
observed a ball disappear behind an occluder naturalistically
looked to the other side of the occluder more often than the
other group of infants who observed the object disappear via
‘implosion’ as it met the occluder. Apparently, the
naturalistic occlusion served as a cue that spatial-temporal
continuity was not really being violated, thereby helping
infants maintain object permanence (Bertenthal, Longo, &
Kenny, 2007). In another study where the object disappeared
via a natural (but invisible) occlusion, a neural signature
showed that 6-month-olds’ representation of the object was
maintained, yet when the object disappeared via
‘disintegration’, the neural signature indicated the
representation was lost (Kaufman, Csibra, & Johnson, 2005).
Through daily observation and experience, infants’
expectations about an object can be less superficial. Several
studies have demonstrated that infants can individuate
objects as same or different based on what they have learned
through interacting (i.e. going beyond outward appearance)
with the objects (Cacchione, Schaub, & Rakoczy, 2013;
Woods & Schuler, 2014). For example, even at 8.5-months,
once infants learn that a set of objects can change their
shapes, they no longer use shape as an individuating feature
(Woods & Schuler, 2014). Using a manual search task, 14month-old infants who were presented with a toy that can be
folded understood that a single object could appear in two
forms, yet maintain its ‘identity’ and not trigger the
expectation that a new object had appeared (Cacchione,
Schaub, & Rakoczy, 2013).

Preschool-age children show essentialism (Gelman, 2003),
ascribing an essence to an object that includes its history, and
which can determine behavior. While infants show the
precursors of essentialism, such as maintaining object
representations during naturalistic occlusion (6-month-olds;
Kaufman, Csibra, & Johnson, 2005), and resisting
individuating two disparate appearances of an object when
shown that one can change into the other (14-month-olds;
Cacchione, Schaub, & Rakoczy, 2013), the implicit precursors
of essentialist reasoning in infants have not been directly
studied. Here we tested whether young infants could use an
object’s prior history to predict its behavior, even after it had
changed into a novel shape. Critically, the object either
smoothly morphed into the novel shape (facilitating an
essentialist interpretation) or was replaced by a new shape
(discouraging essentialist interpretation). Results showed that
9-month-old infants (N = 22) in the Morph condition predicted
the novel object would have the same behavior as the pretransformation object; an essentialist interpretation. However,
in the Replace condition (N = 22), predictions for the novel
object were at chance; infants seemed to have lost the link to
the pre-transformation object. Furthermore, results from a
group of 6-month-olds (N = 15) showed that they failed to
maintain this link, even in the Morph condition (which may
indicate a failure to apply essentialist reasoning, or, more
likely, a failure to adequately remember the pre-transformation
object and/or apply the matching rule to predict posttransformation behavior).

Keywords:

object
representation;
spatial-temporal
continuity; conceptual development; essentialism; object
cognition

Introduction
Objects may undergo radical changes in appearance as they
deform, develop, or reconfigure, yet retain their identity,
history, and behavior. We know that older children appreciate
this stability (Gelman, 2004) - they are not confused as ice
cream melts or a robot hero is transformed into a car. In both
situations, perceptual features have changed, but,
functionality (edible), identity and behavior (justice seeking)
remain. What is the developmental course of this
‘essentialism’? Evidence from object permanence has shown
that 3.5-month-old infants assume an object still exists when
it is not perceptually accessible (Baillargeon & DeVos, 1991;
Wynn, 1992); similarly, infants as young as 4-months old can
keep track of an object while it undergoes a brief occlusion
(Johnson, Amso, & Slemmer, 2003). Even in situations
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Demonstrating the deeper properties/relations of an object
can induce similar robust representations. When adults
shared causal information about how a toy works (e.g.,
functionality), 11-12-month-old infants quickly pick it up and
use the information as the categorization cue (Träuble &
Pauen, 2007), since its functionality intrinsically defines the
object. Similarly, when 3-year-olds were explained why two
visually distinct artifacts share the same name, they then used
the creator’s intent to extend the naming scheme, overriding
physical similarities (Diesendruck, Markson, & Bloom,
2003). Furthermore, a recent study has shown that ostensive
communication could trigger the learning of hidden
dispositional properties, which helped 11-month-old infants
to disambiguate ‘kind’ representations of objects, and
overcome salient surface features (Kovács et al., 2017).
Taken together, there is considerable evidence that infants
and toddlers can build durable representations of objects that
go beyond perceivable characteristics. Our study is
concerned with objects’ behavior: is a transformed object
expected to maintain its behavior (e.g., does melting ice
cream stay sweet? does a robot hero still seek justice when
configured as a car?)? This has been addressed in the theory
of psychological essentialism (Gelman, 2003). While the
literature has mostly studied preschoolers and involved
language, one study examined 14-month-olds’ object
reasoning based on external and internal features (Newman
et al., 2008). They found that infants expected objects, that
exhibited self-generated motion, to behave congruently to
one another if they shared an internal feature (in their
‘stomach’) but not if they only shared an external feature (on
their ‘hat’), suggesting the emerging concept of essentialism.
Moreover, a recent study in apes has suggested that even in
the absence of language, apes show evidence of essentialist
reasoning (Cacchione et al., 2016).
Here, we tested 9-month-old infants’ ability to predict an
object’s behavior after they have seen it transform into a
novel shape (e.g., a heart, which always moves home to its
matching heart-box, and not the star-box, has now turned into
an oval: Where will it go?). This ability to maintain an
object’s representation (that includes its behavior) in spite of
changing appearance would seem a critically important
faculty for interacting with a dynamic, evolving visual scene.
We also contrasted whether the nature of the transformation
influenced infants’ prediction of how the object will move. In
our Morph condition, spatial-temporal continuity was
maintained during the object transformation. In the Replace
condition, continuity was broken.
From previous studies, we have seen evidence that
preverbal infants used objects’ internal features to
individuate and categorize an object between the ages of 8.5
and 14 months (Newman et al., 2008; Cacchione, Schaub, &
Rakoczy, 2013; Woods & Schuler, 2014; Kovács et al.,
2017). The present study primarily focused on 8- to 10-month
olds, aiming to provide evidence of the early onset of this
ability. We hence hypothesized that the more naturalistic
Morph transformation would facilitate an essentialist
interpretation of the change, promoting maintenance of the

object representation, allowing for predictions of its
behavior; while the spatiotemporal break in the Replace
condition would leave infants with a compromised basis for
predicting the behavior of the new object.

Experiment 1
Method
Participant Forty-four 8- to 10-month-old healthy, full-term
infants were recruited from Greater Boston area, and tested
at University of Massachusetts Boston. Participants were
randomly assigned to one of the two conditions: Morph (Mage
= 9.2 months, SD = 0.87) and Replace (Mage = 9.0 months,
SD = 0.76). An additional 9 infants were tested, but excluded
due to insufficient data (each infant needed to complete a
minimum of three test trials to be included in further
analyses: 4 infants in the Morph condition and 5 infants in the
Replace condition).
Stimuli Infant participants sat on their caregivers’ lap in a
dimly lit testing room and watched the experimental stimuli
on a computer screen. A Tobii T120 eye-tracker (Tobii
Technology, Stockholm, Sweden) tracked their gaze. The
caregivers were asked to wear a visor to cover their eyes, and
not to interact with their infant during the experiment. We
used the standard Tobii 5-point infant calibration. Animated
virtual objects served as experimental stimuli: a heart-shape,
a star-shape, and an oval shape. Two ‘boxes’ also appeared
on screen, one marked with a heart, and one with a star.
Procedure The experiment consisted of three phases:
familiarization, training and testing session. In the 6
familiarization trials, an object (either the heart or the star)
entered the top of the screen, then two boxes entered the
bottom of the screen, one marked with a heart and one with a
star. After that, the object moved to the center of the screen,
and then approached the box with the matching shape
(Match). Following this, a reward animation was presented at
that location (e.g. fireworks at the box’s location). In the
subsequent 6 training trials, after the object moved to the
center, it paused for 2 s, during which time we monitored
anticipatory eye movements to the two boxes (see Figure 1a).
Training was identical in both the Morph and Replace
conditions.
Following familiarization and training, 12 test trials were
presented. In test trials, the object (heart or star) first entered
from the top of the screen. Then the object underwent a
transformation. In the Morph condition, pieces of the object
sloughed off, ‘whittling’ it down to an oval-shaped object. In
the Replace condition, the object ‘disintegrated’,
disappearing completely, then, after 1 s, an oval coalesced in
its place (see Figure 1b). After the transformation interval,
the procedure was the same as the training trials: the (now,
oval) object moved to the center of the screen, paused for 2 s
(“response interval”), then moved to the ‘matching’ box. This
allowed us to measure anticipatory looks during the response
interval: would infants expect the oval to behave the same as
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Figure 1a. Typical training trial; Figure 1b. Typical test trial for Experiments 1 and 2. In the Morph condition, the
object is whittled down to an oval-shape object; in the Replace condition, the object disintegrates, and an oval-shape
coalesces in its place.
the pre-transformation object, that is, to move toward the box
that matched the pre-transformation object, and would one of
the transformations facilitate that assumption? Throughout
the block, an attention grabber appeared on the screen every
three trials to engage infants. As well, we counterbalanced,
over trials, the object type (heart or star), the side of the Match
and Non-Match box (left or right), and the reward animation
type, to avoid any side or order bias.

either the Match or the Non-Match box summed)]. If the
infant did not look at either of the boxes during the response
interval, the trial could not be analyzed and was excluded1.
Positive difference scores indicate that infants looked more
often to the Match box, while negative scores indicate that
infants looked more often to the Non-Match box. To compare
these difference scores with chance (difference score = 0), we
performed a one-sample t-test. In the Morph condition,
infants looked to the Match box significantly more often than
the Non-Match box, showing that they predicted the
(transformed, oval-shaped) object would approach the box
marked with the ‘matching’ pre-transformation shape (t(21)
= 2.38, p = 0.027, Cohen’s d = 1.04, Difference score = 0.20).
In the Replace condition, the difference score was not
different from chance (t(21) = 1.20, p > 0.05, Cohen’s d =
0.52, Difference score = - 0.10), suggesting that infants did
not make a consistent prediction.

Data analysis and Results
Objects and boxes were each bounded by a rectangular area
of interest subtending 7 x 9 deg. We calculated difference
scores over the training trials and the test trials. Difference
scores were based on which of the boxes (the Match or the
Non-Match box) received the first look during the 2 s
response interval [(number of trials with first look to the
Match box minus number of trials with first looks to the NonMatch box) divided by (number of trials with first looks to
1

On average, infants completed 6.9 valid test trials in Morph, and
7.5 valid test trials in Replace condition. There were no difference

between the number of valid test trials completed between
conditions (t(42) = 0.71, p>0.05).
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Next, we tested whether there was a learning effect over
the block of 12 trials. Splitting the block in half, we calculated
difference scores in the first half of the block of trials (trials
1-6) versus the second half of the block (trials 7-12), and
again compared difference scores to chance. The Morph
condition showed evidence of learning, with infants looking
more often to the Match box in the last six trials (t(20) = 3.14,
p = 0.03, Cohen’s d = 1.02, difference score = 0.24), but not
in the first 6 trials. In the Replace condition, the difference
score in the last half of the test trials was not above chance
(in fact, it was marginally below chance (t(20) = 1.97, p =
0.07, Cohen’s d = 0.89, difference score = -0.26) (see Figure
2).

moment of the response interval, contrasts whether the
subject was fixating the Match or the Non-match, forming a
record of the proportion of time participants spent on one
item versus the other, as the anticipation interval unfolds.
Throughout the response interval (over 1.7 s of the 2 s
interval), participants were more likely to fixate the Match
(Figure 3). A functional t-test (Jackson & Sirois, 2009;
Ramsay & Silverman, 1997) showed this difference reaching
significance approximately 1 s after the start of the
anticipation interval.

Figure 3. Proportion of looks to Match (indicated as green)
and Non-Match (indicated as red) box during response
interval in training session. Error bars indicate standard
error.

Experiment 2
Experiment 1 showed that 9-month-olds could use an object’s
perceptual history to predict its behavior, even after it had
transformed in appearance, but only when that transformation
maintained spatiotemporal continuity (Morph condition). To
investigate the age at which this ability emerges, we tested a
younger group of 6-month-olds, in the Morph condition of
Experiment 1.

Figure 2. Results of Experiment 1. The top panel shows
infants’ difference scores in the Morph and the Replace
conditions over 12 test trials. The bottom shows infants’
difference scores in first and last half block of the test trials
in Morph (indicated as dark grey) and Replace (light grey)
condition. Error bars indicate standard error.

Method
Participants Fifteen 5- to 7-month old (Mage = 6.2 months,
SD = 0.87) healthy, full-term infants were recruited from the
Greater Boston area, and tested at University of
Massachusetts Boston. One additional infant was excluded
from further data analysis due to fussiness.

We analyzed performance during training trials as well.
Since training trials preceded test trials, and were the same
for both conditions, data from the two conditions were
collapsed. Looking at difference scores, there was no
preference to look at the Match, (t(43) = 0.40, p = 0.69,
difference score = 0.02). As this was unexpected, we then
performed a time course analysis to assess looking trends
over the trial that might have been missed by the first lookbased difference scores. The time course analysis, for each

Stimuli, Procedure, and Data Analysis Stimuli, procedure,
and data analysis were identical to the Morph condition in
Experiment 1.
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Results

objects in young infants. In Experiment 1, 9-month-old
participants’ results were positive in the Morph condition,
with infants making predictions about the oval shape based
on the identity of the pre-transformation shape. Our finding
was also in line with previous evidence, suggesting that
infants’ representation of objects identity can be flexibly
updated based on experience with specific events
(Cacchione, Schaub, & Rakoczy, 2013; Woods & Schuler,
2014; Kovács et al., 2017). In contrast, we found negative
results in the Replace condition, that is, infants did not
anticipate that transformed object would behave the same as
the pre-transformation object. In fact, in the last 6 test trials,
infants’ prediction of the transformed object’s trajectory was
marginally toward the Non-Match box. Further study is
required to confirm the robustness of this trend, so here we
can only speculate, but it may indicate a ‘mutual exclusivity’
(Halberda, 2003) strategy at work. Given that there are only
two objects in this study (heart and star), if one, say, the heart,
disappears, then a rational interpretation of the proximal
(oval) object would be that it would exhibit ‘star-like’
behavior. This reasoning strategy has recently been
demonstrated in infants as young as 12 months of age
(Cesana-Arlotti et al., 2018).
6-month-old infants, in Experiment 2, failed to predict the
matching behavior of the transformed object in the Morph
condition. This may reflect a failure of essentialism, or the
processes that underlie it, such as, in our case, memory and
rule learning. It is possible that 6-month-olds could represent
the continued identity of the transformed object in our Morph
condition, but for successful performance, they also had to
remember both the identity of the original object and the rule
(“star goes to the star-box”). Since their performance in the
training trials showed that these younger infants had
difficulty learning the matching rule, that is the most likely
explanation for the negative results. Further study, with more
extensive or efficient training, is needed in order to test this
explanation definitively.
The current evidence shows not only that infants exhibit
behavior consistent with the essentialist reasoning by 9
months, but also that the persistent attribution of an object’s
behavior can be robust to radical transformations in
appearance. Here, we have argued that the nature of the
transformation matters for whether the essentialist reasoning
is encouraged or discouraged. Objects disappearing
magically (Kaufman, Csibra, & Johnson, 2005), or breaking
into pieces (violating object cohesion (Spelke, 1990; Spelke,
2000; Mitroff et al., 2004; Cheries et al., 2008), are more
likely to reflect a fundamental loss of the original object. Yet
in the natural world, infants frequently encounter enduring
objects that do not maintain a stable appearance; the
‘sloughing off’ transformation in the Morph condition alters
shape, but maintains spatiotemporal continuity, like petals
falling from a flower. This encourages the maintenance of the
representation of the object, including properties like
intention and behavior.

Our results showed that 6-month-old infants did not make any
consistent predictions about the object’s behavior after it had
undergone a transformation in appearance in our task: there
was no significant preference for the Match or the Non-Match
box (t(14) = 0.37, p > 0.05, Cohen’s d = 0.13, difference score
= - 0.05) during the test trials. When we restricted our
analyses to the last half of the test trials, in an effort to capture
potential learning effects, the results remained the same (t(14)
= 0.84, p > 0.05, Cohen’s d = 0.45, difference score = 0.13).
An analysis of the difference scores during the training
trials showed no evidence that the infants learned the
matching rule (t(14) = 0.4, p > 0.05). We again performed a
time-course analysis, but there was no time period when
infants looked significantly more toward the Match than the
Non-Match box.

General Discussion
Previous studies have shown that by 4 years of age, children
are ‘essentialists’, able to base object representations on
properties like functionality, ownership, and behavior, even
as appearance changes (Gelman, 2003; Keil, 1989).
However, little research has looked at the origins of
essentialistic reasoning in preverbal infants. In our study, we
provided evidence that - even when an object changed
appearance - 9-month-old infants were able to use spatialtemporal history to predict its behavior.
In this study, participants were familiarized with the idea
that objects had a predictable behavior: they always moved
toward a box that was marked with a symbol that matched the
object’s shape (so, the heart moved toward the box with the
heart on it, and not the box with the star on it). We were able
to assess whether infants learned this contingency by
measuring how often they made an anticipatory eye
movement toward the matching box, prior to the object’s
movement to that location. In our main manipulation, prior to
starting its trajectory toward the boxes, the object underwent
a brief, animated transformation, changing into a novel, oval
shape. In the Replace condition, during this transformation,
the object disintegrated, momentarily disappearing, and then
an oval coalesced in its place. In the Morph condition, the
animation was visually similar, but the object only
disintegrated away its outer contour, and was whittled down
to the oval shape. We hypothesized that this Morph condition
would facilitate an essentialist interpretation of the change,
with infants assuming the presence of a single object that had
just changed appearance. This would mean attributing the
behavior of the original object, for instance, the heart, to the
oval, prompting anticipatory eye movements toward the
‘matching’ heart-box. On the other hand, we hypothesized
that the Replace condition, given the violation of
spatiotemporal continuity, better supported the interpretation
that the original object had gone missing, leaving no basis for
a prediction about which box the new, oval object will
approach.
Our study is the first, to our knowledge, to provide
evidence of emerging an essentialist-like reasoning towards
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Abstract

years asked on average 76 questions per hour to acquire information during their conversation with adults (Chouinard,
2007). Children also make an effective use of questions to
gain information from others (Greif, Kemler Nelson, Keil, &
Gutierrez, 2006; Kemler Nelson, Egan, & Holt, 2004). That
is, children tailor their questions to request domain-specific
information (Callanan & Oakes, 1992; Greif et al., 2006), and
monitor the answers they received to form follow up questions (Frazier, Gelman, & Wellman, 2009; Kemler Nelson et
al., 2004). Results from these studies suggest that children actively use questions in their conversations to obtain information. However, less is known about whether children choose
particular individuals over others as the targets of their question asking.

Question asking is a prevalent aspect of children’s speech, providing a means by which young learners can rapidly gain information about the world. Although past work demonstrates that
children are sensitive to the knowledge state of potential informants (e.g., Koenig & Harris, 2005), less work has explored
whether children spontaneously direct questions to adults over
other children (who are less likely to be knowledgeable), and
in particular if adult-directed questions focus on content that
is more likely to support general learning. We recorded individual children’s spontaneous speech in 40-minute sessions
during their preschool day; for every production we coded
whether the speech was directed towards an adult, another
child, or was stated to self. Our results (N = 30, totaling 2,232
utterances) showed that questions took up a greater proportion
of children’s adult-directed speech as compared to the proportion of questions in child-directed and self-directed speech.
Furthermore, although children asked many kinds of questions
(including conversational clarifications, specific information
questions, and questions intended for general learning), children more frequently asked the questions intended for learning
when they spoke to adults than to the other groups. Analysis
revealed a developmental effect, with results strongest for the
older preschoolers. Our findings suggest that children discriminately choose ”what” and ”whom” to ask in daily conversations, and this ability improves over the course of development.
Keywords: question asking; selective, spontaneous speech

Epistemic trust and active learning
One reason to believe that even very young children may be
able to consider relevant targets for questions is that children are relatively savvy reasoners about other’s knowledge
states, intentions, and pedagogical goals. For example, children draw inferences about pedagogical goals of teachers
from available information to guide their future exploration
(Bonawitz et al., 2011; Gweon & Asaba, 2017; Gweon, Pelton, Konopka, & Schulz, 2014; Eaves & Shafto, 2012). Moreover, the large literature on epistemic trust has documented
that children make inferences about sources of information
based on the evidence provided to them (Koenig & Harris,
2005; Kushnir & Koenig, 2017; Pasquini, Corriveau, Koenig,
& Harris, 2007; Sobel & Corriveau, 2010). This line of
work has shown that children selectively learn from informants who provide accurate information or try to be helpful
(Shafto, Eaves, Navarro, & Perfors, 2012; Koenig, Clément,
& Harris, 2004; Mascaro & Sperber, 2009).
In fact, there is evidence that even young children exhibit
the ability to adjust their questions based on the information about sources (Mills, Legare, Bills, & Mejias, 2010;
Mills & Landrum, 2016; Mills, Legare, Grant, & Landrum,
2011). Mills et al. (2011) presented two puppet informants
with varied knowledge state and allowed children to freely
direct questions. Children asked more questions to knowledgeable informants over ignorant ones by age 3, suggesting that young children are equipped with a basic skill set
to direct questions to the appropriate sources of informa-

Introduction
Even young learners play an active role in their learning
(Piaget, 1930). The benefits of self-directed learning in early
childhood have been supported by a large body of literature
on exploratory play (Bruner, Jolly, & Sylva, 1976; Singer,
Golinkoff, & Hirsh-Pasek, 2006). Similarly, in cognitive psychology, active exploration has been considered as a critical component of learning, which allows interventions that
help deconfound variables (Schulz, Kushnir, & Gopnik, 2007,
2007; Schulz, 2012; Schulz, Gopnik, & Glymour, 2007).
Children’s exploration has been compared to scientific endeavors, including observation, hypothesis generation, and
intervention to understand the world around them (Carey,
1985; Gopnik, Meltzoff, & Bryant, 1997; Wellman & Gelman, 1992). Question asking provides another means by
which children can ”explore” to learn, and may provide a
particularly powerful way to quickly learn about the world
(Gopnik et al., 1997; Harris, 2012).
Question asking is prevalent in young children’s day-today conversations (Callanan & Oakes, 1992; Chouinard,
2007). According to a daily diary study, children aged 1-5
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tion. However, there were developmental differences as well.
When knowledgeable informants were contrasted with inaccurate guessers, only 5-year-olds were able to selectively direct questions to knowledgeable sources, suggesting developmental progression in children’s question-asking strategies.
Do children actively seek out better informants in naturalistic social contexts? Although several studies have explored
children’s questions depending on the knowledge state of information sources, the opportunities for asking questions in
these studies were driven by the explicit information about
the informants situated in environments that were structured
by researchers (Mills et al., 2010; Mills & Landrum, 2016;
Mills et al., 2011). Effective learners may make choices about
whom to ask prior to observing explicit evidence. Such a
learner must be able to weigh the probability of gains in the
environment, consider the opportunity for learning in the current case, and even make choices among competing opportunities for investigation.
One possibility is that children seek out information selectively, depending on the assumptions about the knowledge
state of others. That is, conversation with knowledgeable and
fully fluent adults may provide opportunities to gain information by directly asking questions. In the absence of any prior
information, preschoolers choose to learn from an adult over
a child, suggesting that preschoolers assume that adults are
better sources of information than children (Jaswal & Neely,
2006). However, it is not known how children play an active role in utilizing this understanding in their everyday inquiry. In querying others, children may use their understanding about others to evaluate potential information sources.
Children may gauge the kinds of information others could
provide depending on an informant’s expertise. Based on this
judgment, children may ask for tailored information from differently skilled others.

portunities for learning, we would expect systematic differences in children’s questions by the target of speech. Specifically, we hypothesized three main effects. First, we predict
children would be more likely to seek out information by
asking questions when speaking with knowledgeable adults
than when speaking to other (less knowledgeable) children or
when speaking aloud to themselves. Second, the relationship
of question to target should be particularly pronounced for
”learning content” questions. That is, children are expected to
direct more questions that support general learning to adults
than the other groups; however, other kinds of questions (such
as communication clarification questions or specific information questions) may not depend on the target being an adult.
Third, given that older children are likely to have more experience asking questions, we expected developmental improvements in the efficiency of directing questions to information
sources across early childhood. In other words, older children should be more proficient at directing more questions to
adults than younger children.

Methods
Participants Participants were 30 preschoolers (M = 4.3
years, SD = 0.92 years, Range = 37-76 months, 50% Female)
who participated in their respective classrooms during their
free play time. Each classroom was led by a female teacher.
The classroom size was an average of 15 children. The sample of participants spanned five classrooms all located in Essex County, NJ, which is one of the most racially and economically diverse counties in the United States1 . We intentionally recruited from these sites to ensure the diversity of
the sample. Prior to the study, consent from the sites, participating families, and the internal review board were obtained.
Procedure Participants were introduced to a clip-on microphone that attached to the child’s shirt and recorded continuously for the full 40-minute session in the child’s classroom.
During the session, an experimenter observed surreptitiously
from the corner of the classroom. Using time-stamps to align
with the audio recordings, the experimenter independently
recorded every action and speech partner the participant was
engaged with during the session. After the session ended, audio data were transcribed by another researcher. These transcriptions were linked with the written data using the synced
time-stamps. This produced a master data set which included
the transcribed utterances, contextual cues, and targets of
each speech act. Coding and analysis proceeded from the
master data set.

Study of preschooler’s spontaneous question
asking
The objective of this study was to explore naturally occurring
questions in a pedagogical setting (preschools). Of particular
interest was whether there are systematic differences in the
kinds of speech acts (e.g. questions) preschoolers engage in,
depending on the target of the conversation. In the current
study, the speech productions of children ages 3 to 6 years
were recorded while a live coder noted the contextual information and to whom each individual speech act was directed.
This extensive coding allowed us to compile a detailed record
of questions produced by children as well as the social contexts of the questions during the recording sessions.
Based on what is known about developmental changes
in epistemic trust (Mills et al., 2010; Mills & Landrum,
2016) and preschoolers’ assumptions that adults are better
information sources (Jaswal & Neely, 2006), we expect the
preschoolers in our sample to identify teachers in the classroom as more knowledgeable than other students. If children
can actively utilize this understanding to maximize their op-

Coding We coded a total of 3,341 constructions (M =
111.37 per child). Of the total constructions, 499 were excluded because of one of the following: non-words (n = 22,
sound (n = 361, and unidentified constructions (n = 116).
The remaining 2,842 constructions were coded as utterances
(M = 94.73 per child).
For every utterance, we coded whether the speech was di1 As
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measured by the Gini Index (U.S. Census Bureau, 2016)

Table 1: Examples of questions for each coding type
Question type
Learning
Question
Communication
Question
Information
Question

Example
Do you know what this is?
Is this a sponge?
How do you write F?
The boy’s table?
Wait, what you mean?
What is that again?
Can I get some water?
Is my mom gonna be here soon?
This is my nap?
Figure 1: Proportion of children’s utterances including nonquestions and questions as a function of speech partner. Children asked relatively more questions to adults than other children or themselves. Error bars donote SE.

rected towards an adult, another child, or self. Of 2,842 utterances, 610 were excluded because either the speech partner
was unidentifiable (n = 417) or child speech was directed to
a mixed group (n = 193). The remaining 2,232 utterances
were included in analyses (M = 74.4 per child).
Two independent coders coded each of the 2,232 utterances. The coders first identified whether each utterance was
a question. The interrater reliability between the two independent coders was high; Krippendorff α was .93.
Coders were also trained to identify different kinds of questions, dividing questions into one of three subcategories based
on speakers’ intention (Yu, Bonawitz, & Shafto, 2017): (a)
Learning questions can be interpreted as intended to learn,
where learning is broadly defined as acquiring general or specific knowledge about objects, people, or events, (b) Communication questions can be interpreted as intended to be
rhetorical (giving commands in the form of questions) or
simply asking for clarification by repeating what others said,
(c) Information questions can be interpreted as intended to
get situation-specific information such as seeking permission,
checking the physical status of object, or checking the physical, emotional, epistemic status of others. The examples for
each question type are included in Table 1. For the three question types, agreement was high; Cohen’s κ was .78. Discrepancies in codes were reviewed and resolved by a third coder.

groups χ2 (1) = 5.24, p = .022; χ2 (1) = 12.52, p < .001. The
error bars represent the standard error.
To examine individually calculated proportion, we conducted a mixed effect logistic regression (Level 1: Speech
Partner, Level 2: Participant) with participants as random effects and with speech partner as a fixed effect to predict the
probability of utterance being a question, using lme4 package in R (Bates, Mächler, Bolker, & Walker, 2015). Consistent with the finding based on the aggregated data, the
model showed a significant effect of speech partner: Children
directed relatively more questions to adults than their peers
(β = −.31, p = .039) or themselves (β = −.89, p < .001).
Examining the types of questions posed also revealed significant differences. Overall, of all the questions (n = 414),
the majority were classified as information questions (58%,
n = 241) compared to 28% conversation questions (n = 117)
and 14% learning questions (n = 56). Critically, we examined
the proportion of each of these types of questions by recipient. Learning questions took up a greater proportion (28%)
of children’s adult-directed questions, compared to only 5%
for other children and 4% for themselves (Fisher’s exact,
p < .001; Figure 2). In other words, children were more likely
to direct their learning questions to adults than other children (χ2 (1) = 57.32, p < .001) or themselves (χ2 (1) = 14.71,
p < .001). A mixed effect logistic regression model revealed
a consistent pattern: The probability of question intended for
learning (1 = Learning Question; 0 = Communication or Information Question) was significantly predicted by the recipient of questions. That is, children directed more learning
questions to adults than their peers (β = −2.39, p =< .001)
or themselves (β = −2.74, p = .002).

Results
Evaluating the speech partner of question asking Children’s speech was directed to other children (59%) more frequently than to adults (22%) or themselves (19%). To control
for the difference in the amount of speech by speech partner
and an uneven child to adult ratio in each classroom, we examined the proportion of questions over other possible speech
acts based on the target of speech production.
Overall, about 19% (n = 414) of the preschoolers’ total utterances (n = 2, 232) consisted of questions. Questions took
up a greater proportion (24%) of children’s adult-directed
speech, compared to only 19% towards other children and
11% towards themselves, χ2 (2) = 25.11, p < .001. As in
Figure 1, and consistent with our hypothesis, children were
more likely to direct their questions to adults than the other

Developmental changes in questioning asking Finally,
we explored the degree to which question asking strategies
might differ across the preschool years. We took a median
split of our population and compared younger preschoolers (37- to 56-month-olds, M = 48.4, SD = 6.13) to older
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Figure 2: Proportion of questions intended for learning (left),
communication (middle), and information (right) as a function of speech partner. Learning questions consisted of
greater proportion of adult-directed questions than child- or
self-directed questions. Error bars donote SE.

Figure 3: Proportion of utterances including questions as a
function of speech partner in younger age group (left) or older
age group (right). Older children asked more questions to
adults than other children or themselves. Error bars donote
SE.

preschoolers (57-month-olds to 76-month-olds, M = 67.2,
SD = 5.52). Younger and older children spent about the same
proportion of their utterances on questions (18% vs 19% respectively, χ2 (1) = 0.40, p = .528. However, older children
were more likely to direct those questions to a knowledgeable
adult than younger children (27% vs 17%, χ2 (1) = 5.42, p =
.020; Figure 3). Consistent with this finding, a separate mixed
effect model for each age group showed that the probability of utterance being a question was higher when questions
were directed to adults than children (β = −0.47, p = .011)
or themselves (β = −1.08, p < .001) only for the older group,
but not for the younger group (ps > .250). These results suggest that children’s question asking strategies improve over
the course of development.
We also compared whether the type of questions differed
by age. Replicating our main finding, in the younger age
group, children were more likely to ask learning content questions to adults (62%) than to other children (6%) or themselves (0%; Fisher’s exact, p < .001). The same pattern was
found in the older group such that older preschoolers directed
more learning content questions to adults (28%) than to the
other groups (4% and 6%; Fisher’s exact, p < .001). However, there was no significant age differences in learning questions (χ2 (1) = 0.46, p = .497). A separate mixed effect model
for each group confirmed this finding: The probability of
question intended for learning was higher for adult-directed
questions than child-directed questions (βyoung = −2.24, p =
.023; βold = −1.92, p = .003) for both age groups. This suggests that when asking learning questions, even young children can systematically direct questions to speech partners.

tion from others. Consistent with research on epistemic trust,
we found that children exhibit the sensitivity to weigh information gains from different social partners. The proportion
of questions in adult-directed speech was higher than those
in child-directed and self-directed speech. Critically, children
generated more questions with the intention of learning when
talking to adults than to the other groups. Furthermore, older
children directed more questions to adults relative to younger
children, suggesting that this ability increases with age.
Prior work has demonstrated that children can use principles such as information gain to effectively choose which
questions to ask (Ruggeri & Lombrozo, 2015). In our study,
children directed more questions to adults than other children
or themselves. In particular, adult-directed questions focused
on content that is more likely to support general learning.
These findings suggest that children are sensitive to who is
informative and likely to provide helpful feedback. This initial result provides evidence to support the claim that children
are not only being guided by these inferences about others
(Koenig & Harris, 2005; Sobel & Corriveau, 2010), but also
actively using this knowledge to decide who to seek out for
information.
In our study, older children directed relatively more questions to adults than younger children. This developmental
progression in children’s question asking coincides with the
developmental trajectory of epistemic trust (Koenig & Harris,
2005; Pasquini et al., 2007). Computational work on epistemic trust explains developmental differences as a result of
increasing understanding that not everyone is helpful (Shafto
et al., 2012; Eaves & Shafto, 2012). That is, these models
suggest that younger children have a stronger default expectation that other people are helpful. Research on infants’
pointing provides support for selective information seeking
from early on (Begus & Southgate, 2012; Franco, Perucchini,
& March, 2009). However, our finding and those of other

Discussion
Question asking is widespread in children’s spontaneous conversations. The findings of this study suggest that children
systematically direct questions to actively seek out informa-
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studies on question asking (Mills et al., 2011; Mills & Landrum, 2016) showed developmental changes in early childhood. Thus, verbally communicating intentions via questions
may require additional experiences to overcome younger children’s strong assumptions.
Our data were collected during the free play time, and there
are potential contextual factors that may have contributed to
children’s conversations. For example, the presence of adults
during free play was relatively infrequent compared to that
of children. Thus, it is not surprising that the majority of
the conversations were directed to other children. Furthermore, teachers may intentionally encourage children to communicate with other children during this period rather than
engaging with children directly. We further explored whether
speech partners provided explicit cues prompting children to
ask questions (e.g., ”Do you have any questions for me?”
”Go ask Mrs. [Teacher].”). However, only one of the 414
questions were preceded by these explicit cues. Thus, children appear to selectively orient their questions without direct
guidance. Future work could explore whether the presence
of implicit cues in the context such as pedagogical questions
(e.g., ”What are the colors of the rainbow?”) is related to the
frequency and type of questions.
It is possible that other demographic or social factors may
influence the quantity and content of questions. Regarding
socioeconomic status (SES), Kurkul and Corriveau (2018) reported that low-SES children asked only half the number of
questions to their caregivers compared to mid-SES children
despite no difference in question type. It would be an important next step to examine the extent to which socioeconomic
backgrounds contribute to children’s question asking. In addition, when choosing from whom to learn, children tend to
rely on an informant who shares the same culture or gender
(Kinzler, Corriveau, & Harris, 2011; Wood, Kendal, & Flynn,
2013). In our study, all of the teachers and researchers were
female, but children’s questioning patterns did not differ by
child’s gender. We think that future research that includes
the diverse speech partners can further explore the culture or
gender match between children and their speech partners.
We find it interesting that a relatively large portion of children’s spontaneous speech, and questions in particular, were
self-directed. When and why might children spontaneously
ask questions of themselves during play? Future work could
explore the factors surrounding this phenomenon, which
would be related to self-explanation effects (Chi, De Leeuw,
Chiu, & LaVancher, 1994; Rittle-Johnson, 2006) or working
memory and meta-cognitive monitoring (Schneider, 2008).
A contribution of this work is a database that extends beyond simple transcriptions of naturalistic speech acts to include time-linked contextual cues and partners of speech acts.
We believe this database will provide an important resource
for language and development researchers. For example, because we also coded information such as mean length of utterance (MLU) as well as conjugation errors and awkward
constructions, we believe this resource could be valuable to

linguists who may be interested in the relationship between
these production types and the speech partner.
Most prior studies on naturalistic question asking behaviors focused solely on adult-child interactions. To our knowledge, our study is one of the first attempts to quantify children’s questioning involving not only adults but also other
speech partners in a preschool setting. Children spend most
of their waking hours during the week in preschools; these
classrooms provide the potential for important pedagogical
opportunities. Thus, it remains an important area of study for
our understanding of the environmental factors influencing
early childhood development.
Children ask abundant questions in early childhood
(Callanan & Oakes, 1992; Chouinard, 2007). We observed
children’s selective information seeking even in their unstructured and spontaneous social interactions. This data provides
support for the claim that children also consider who to ask
discriminately in their day-to-day conversations.
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Abstract

or unsubstantiated claims in favor of information that is trustworthy, verified, or consistent with respect to evidence and
prior knowledge. Far fewer studies have looked at situations
in which children might (rightly) reject known information in
favor of the unknown. This study is thus a first attempt to
investigate children’s endorsement of conjectural claims.
Research suggests that children are sensitive to unresolved
questions. When they see events that conflict with their prior
knowledge, or evidence that fails to distinguish competing
hypotheses, children are motivated to explore (Buchsbaum et
al., 2012; Legare, 2012; 2014; Gweon et al., 2014; van Schijndel et al., 2015; Schulz & Bonawitz, 2007; Schulz, Standing, & Bonawitz, 2008; Stahl & Feigenson, 2015).
Children are also notorious for asking questions (asking as
many as 76 an hour; Chouinard, 2007). Moreover, children
are sensitive both to the reliability of their informants and the
quality of the answers they receive. Children as young as
three track speakers’ accuracy (Koenig et al., 2004) and prefer to learn novel information from previously accurate informants (e.g. Corriveau & Harris, 2009). With age, the preference for accuracy increases: older children are more likely to
reject confident but inaccurate sources in favor of hesitant but
accurate ones (Kominsky, Langthorne, & Keil, 2016).
Children also evaluate claims independently of their
source. Preschoolers favor claims supported by strong arguments over circular ones, and circular arguments over unsupported opinions (Mercier, Bernard, & Clement, 2014), although the preference becomes stronger over development
(e.g. Mills et al., 2017). If a respondent simply restates a
child’s question, asserts norms, describes the event, or reacts
personally instead of responding to the query, the child is
likely to repeat the question (Frazier et al., 2009). By age
five, children are sensitive to ”explanatory virtues” (Lombrozo, 2011), evaluating explanations based on how many observations they account for, how simple and internally coherent they are, and how probable they are given observed data
and prior knowledge (Bonawitz & Lombrozo, 2012; Walker,
Bonawitz, & Lombrozo, 2017).
Children also spontaneously try to generate their own explanations for surprising events (Legare, 2012; Legare, Gelman, & Wellman, 2010), often positing unobserved causes including ”invisible batteries”, hidden buttons, or hidden agents
to explain artifacts that move or change state spontaneously
or stochastically (Gelman & Gottfried, 1996; Saxe, Tenenbaum, & Carey, 2005; Schulz & Sommerville, 2006; Wu,
Muentener, & Schulz, 2016). Children also seek to explain
others’ behavior (Bartsch & Wellman, 1989; Wellman &
Banerjee, 1991) and will posit changes in others’ desires or
goals to explain why a character did something unexpected

Abundant work has looked at children’s ability to appropriately reject testimonies and unverified claims (Butler et al,
2017; Frazier, Gelman, & Wellman, 2009; Koenig, Clement,
& Harris, 2004). However, sometimes our current knowledge
is insufficient for solving a problem. In these cases, we should
reject unsatisfying facts and prefer satisfying, if speculative,
conjectures. In two studies, we gave 4-7 year-old children
(Study 1, N=66; Study 2, N=32) questions that either could
or could not be answered with available information. For each
question, children made a binary choice between a factual answer citing information from the story or a conjectural answer
that made unverified claims. Across age groups, children successfully chose the more satisfying response regardless of its
truth value: children chose facts for questions with known answers and conjectures for questions with unknown answers.
These findings suggest that children will go beyond known information to endorse unverified claims when they satisfy the
question-under-discussion.
Keywords: Cognitive Development; Explanations

Introduction
Questions with unknown answers lie at the heart of scientific
inquiry. Often we can answer our questions by advancing
hypotheses consistent with our prior knowledge and considering the evidence in their favor. Sometimes however, we do
not have sufficient evidence to establish the truth of a claim
and must entertain speculative conjectures (”Maybe there is
an ether?” ”Maybe there is dark matter?”). The value of such
speculations lies not in how certain we are of their truth but
in how certain we are that if the conjectures were true, they
would solve our problems.
When in development do we begin to value unverified hypotheses and speculations? Critically, the truth status of conjectural claims is unknown, thus they cannot be evaluated
on their accuracy. The learner must first understand that the
available information is insufficient or irrelevant to the question under discussion and that a speculative claim is warranted. Second, the learner must decide whether a given conjecture, if true, would provide a satisfying answer to the problem. Although many other considerations might factor into
the evaluation of any proposal (including its plausibility, simplicity, falsifiability, or feasibility, as well as the reputation
and credibility of its source) the pre-eminent criterion for a
good response to a query is that it provides an answer to the
question at hand.
As we review below, abundant work has looked at how
children explore and ask questions in the face of unresolved
problems, and how they evaluate both the quality of their explanations they receive and the reliability of their information
sources. However, such work has focused almost uniformly
on whether children correctly reject improbable, unreliable,
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(Wimmer & Woolley, 1990). Collectively, these studies suggest that children can and do ”go beyond the data” to make
inferences about the world. When expectations are violated,
children are willing to advance conjectures that, if true, would
satisfy their goals of maintaining their beliefs about the world
(Schulz et al., 2008).
Often however, problems and questions arise without any
violation of expectation. Absent any ambiguity or conflict
with prior beliefs, we may still face questions that require
answers we do not yet have. How might children go about
evaluating answers to questions of this nature? Although children are reliably vigilant against inaccurate information, less
is known about how children evaluate claims whose truth status is unknown. Children can clearly entertain speculative,
imaginary, hypotheses in their pretend play, and they do so in
ways that are both informed by (Harris, 2000), and arguably
informative about, events in the real world (Buchsbaum et al.,
2012; Gopnik & Walker, 2013). Nonetheless, children systematically distinguish pretense and fantasy (Flavell, Flavell,
& Green, 1987; Woolley & Ghossainy, 2013). One hypothesis therefore, is that they might systematically reject conjectural claims that contain unverified information.
Some research suggests this is the case. By age four, children are aware of the importance of verification for the validity of a claim, and prefer verified claims. For instance, when
asked to evaluate puppets’ claims regarding the content of a
set of boxes after the puppets had looked inside all, some, or
none of the boxes, 4- to 7- year old children rated fully verified claims as more acceptable than partially verified claims,
and these in turn were considered more acceptable than unverified claims (Butler, 2017). Critically, in this context, the
children themselves did not see inside any of the boxes, and
thus could not use accuracy as a means of evaluation.
However, children can also distinguish between two conjectural claims when neither of them are verified. For instance, when asked to decide which of two devices controlled
which of two effects, in the absence of any covariation data,
preschoolers expected discrete and continuous affordances
to control discrete and continuous phenomena respectively
(Magid, Sheskin, & Schulz, 2015; see also Tsividis, Tenenbaum, & Schulz, 2015). This suggests that children are sensitive to abstract features of causes and effects, and use these
features to constrain their generation and evaluation of candidate causes, in the absence of any distinguishing evidence.
Previous work leaves open the question of whether children might flexibly reject known facts and choose conjectures to answer questions with no known answer. In the current study, we tell children stories and ask questions that either can or cannot be answered by appealing to known events
in the story. We ask children to choose between factual responses that repeat information in the story, and conjectural
responses that go beyond available information. If children
systematically prefer reliable verified information to speculative conjectures, they should always choose the known facts;
if they systematically prefer fanciful, speculative conjectures

they should always pick those. However, we predict that children will flexibly select responses; choosing verified facts for
questions with known answers but preferring the unverified
conjectures for questions with no known answers. Critically,
both the factual and conjectural answers contain the same
content-bearing words used in the questions. Thus, both responses are semantically associated with the question. If children choose flexibly in response to the question, they must
do so by considering the meaning of the question as a whole
and what makes a more satisfying response. Because we often need to go beyond available facts to answer both causal
“why” questions and problem-solving “how” questions, here
we ask children both kinds of questions.

Study 1
Methods
Participants and materials Sixty-six children (M = 6.04
years, range: 48-95 months) were recruited from an urban
children’s museum. Seven additional children participated
but were excluded for either responding inaccurately on a
practice question (n = 5), not speaking English as a native
language (n = 1) or for incomplete participation (n = 1).
Participants completed six trials consisting of two training
trials and four test trials. Each trial began with an illustrated
story presented as three animated slides on a laptop computer.
Figure 1 displays the final slide for each story. After narrating
each story, the experimenter asked a question and two puppets
(Elmo and Cookie Monster) presented their answers. These
answers were pre-recorded audio clips activated by the experimenter. Elmo always provided his answer first, followed by
Cookie Monster (see Table 1 for items used).
The training trials were designed to ensure that participants
were paying attention and understood the task. These stories
depicted human characters performing common daily activities embedded in a simple narrative (e.g. riding a bike, or
eating ice cream). The training questions could always be answered using information from the story (i.e. they were factual questions). To avoid biasing children towards either puppet, Elmo and Cookie Monster each got one question correct.
The test trials involved novel creatures engaging in different activities (making a hat, sneezing from allergies, dropping a toy down a deep hole, juggling; see Figure 1). Two
question-answer pairs were developed for each story: a factual question that could be answered with information from
the story and a conjectural question for which any information from the story would be irrelevant. Elmo always provided a fact and Cookie Monster always provided a conjecture. Participants listened to all stories and answered 2 factual
and 2 conjectural questions; the question type alternated with
each trial so as to eliminate response bias. We counterbalanced two between-subjects factors: (1) item order (whether
the first test trial was a factual or conjectural question) and
(2) story-question match, resulting in four story sequences.
Thus, while all participants heard all stories and all answers,
half the participants heard each story with a factual question
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Table 1: Stories, questions, and answer choices used in both studies. See Figure 1 for illustrations.
Story
Training 1

Question
How did Tommy get to the castle?

Training 2

What is Tommy’s favorite ice cream?

Why 1

Factual: Why are the Wugs sneezing?
Conjectural: Why are the Feps furry?

Why 2

Factual: Why are the small Daxes wearing hats?
Conjectural: Why are the hat-making Blickets
bigger than the Daxes?
Factual: How did the banana eating Gazzers
learn to juggle?
Conjectural: How did the Gazzers get the bananas?
Factual: How did the Duff’s toy fall into the
deep hole?
Conjectural: How did the Duffs rescue their
toy?

How 1

How 2

Answer
Conjecture: He walked to the castle
Fact: He rode a bike to the castle
Fact: Chocolate
Conjecture: Strawberry
Fact: Because the Wugs are allergic to the Fep’s fur.
Conjecture: Because the Feps go up to the mountains and
the fur keeps the Feps warm.
Fact: Because the big Blickets made the hats for them.
Conjecture: Because the Blickets are older than the Daxes.
Fact: Because Bozo the clown taught the banana eating
Gazzers how to juggle.
Conjecture: Because the Gazzers threw their balls up into
the trees and knocked down the bananas.
Fact: Because the Duffs’ hair was in their eyes and they
couldn’t see and they tripped and dropped their toy.
Conjecture: Because the Duffs tied their long hair into a
rope and made a ladder with it and used it to climb down
and get the toy.

and half the participants heard it with a conjectural question.
Procedure Children were tested individually in a quiet
room. The experimenter began by introducing participants
to the computer display and to the two puppets (Elmo on the
left and Cookie Monster on the right). The experimenter explained the task, saying: “Every time I tell you a story, I need
you to remember what happened because I’m going to ask
a question at the end. Elmo and Cookie Monster will tell us
their answers and your job is to choose who had the better answer.” For each trial, the experimenter first narrated the story
and presented her question (“My question is,. . . ”). She then
directed the question at one puppet (e.g. “Elmo, can you tell
us, . . . ”), played its’ pre-recorded answer, and repeated (e.g.
“Elmo said because . . . ”). The experimenter then repeated
the question-answer sequence with the other puppet before
repeating the question and inviting the child to make a choice
(“Who do you think had the better answer for [question]?”).
Positive feedback was given on the practice trials (“That’s
right, Elmo had the better answer this time.”) and neutral,
encouraging feedback was given on the test trials (“Alright,
let’s see what’s next”). Children who correctly answered both
practice questions continued to complete the four test trials.

Figure 1: Illustrations of practice (A-B) and test stories (C-F).

Results and Discussion
dren (35%) chose the corresponding answer on all 4 trials,
significantly above chance (binomial p <.001). Overall performance did not differ by counterbalanced conditions so we
collapsed the responses throughout (F < 1).
We conducted a logistic mixed-effects regression with age
and question type as fixed effects, and random intercepts
for subject and story. There was no effect of age (b=0.037,

Our primary effect of interest is whether participants responded appropriately, that is, choosing facts in the stories
for questions with known answers and choosing relevant conjectures for questions with no known answers. On average, participants responded appropriately on 3.17 out of 4
test trials (SD = 0.71). This was significantly better than
chance responding (t(65)=13.3, p <.001). Twenty-three chil-
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z=1.76, n.s.), suggesting that children as young as four succeed at matching informative facts and appropriate conjectures to questions with known and unknown answers, respectively (see Figure 2). There was a main effect of question type
(b=-1.23, z=-3.5, p=<.001). Conjectural questions elicited
fewer appropriate responses (M = 1.41 of 2 trials) than factual questions (M = 1.76; t(65) = 3.86, p <.001).
Finally, recall that two stories involved “why” questions
(see Table 1) and two stories involved “how” questions.
While this contrast was designed to cover a broad range of
explanatory questions, the random effect coefficients from
the previous analysis suggested that participants were more
likely to endorse the corresponding answers on the last two
trials (involving “how” questions). Thus we conducted a
post-hoc analysis to examine how potential story effects and
interaction between story and question type on participant’s
response. We conducted a logistic mixed-effects model with
story and question type as fixed effects, and random intercepts for subject. As before, we found a significant main effect of question type (b=-2.7, z=-3.3, p <.001). Unexpectedly, there were significant story by question type interactions (c2 =16.94, p <.001). To explore these interactions, we
conducted Tukey-adjusted pairwise comparisons on the proportion of appropriate answers chosen for factual versus conjectural questions on each story. We found that while performance was similar across question type for the two “how”
questions, children chose at significantly lower rates on the
two “why” questions when the questions required choosing
the unknown, conjectural answer. Figure 2 shows the mean
proportion of appropriate answers chosen by story and question type.

children chose the appropriate conjectural answer above
chance only on the two “how” items and not the two “why”
items. Because the “why” questions always came first, children may simply have gotten better at reasoning about conjectural questions over the trials. In particular, because children
had just referred to information available in the story to answer the training questions, they may have carried over this
response to the first two test questions. We test this possibility in the next study by asking “how” questions before “why”
questions.

Study 2
Method
Thirty-two children (M = 5.03 years, range: 49-71 months)
were recruited from an urban children’s museum. Fourteen
additional children did not pass the inclusion criteria (see
Study 1 for details). Materials were the same as Experiment
1, except that the two “How” questions came before the two
“Why” questions. As in Study 1, participants were randomly
assigned to one of four counterbalanced orders.

Results and Discussion
First, we test for a replication of the overall success in Study
1. Here, participants responded appropriately on an average
of 2.84 out of 4 test trials (SD = 1.14), significantly above
chance (t(31)=4.19, p <.001). Twelve children (38%) chose
the corresponding answer on all 4 trials, significantly above
chance (binomial p <.001). Overall performance did not differ by counterbalanced conditions so we collapsed the responses for the following analyses(F <1).
Next, we conducted a logistic mixed-effects regression
with fixed effects of story type (Why vs. How) and question type (Known vs. Unknown), and random intercepts for
subject. No significant main effects were found. Replicating
Study 1, there was a significant story type by question type
interaction, (b=-2.6, z=-2.7, p=0.008). Tukey-adjusted pairwise comparisons reveal that on conjectural questions, children showed greater accuracy on ’How’ questions than ’Why’
questions (z=2.67, p= 0.038). Figure 3 shows the proportion
of children choosing appropriate explanations in Study 2.
Finally, we were interested in whether children’s weaker
performance on stories involving “why” questions in Study
1 was due to an order effect or due to differences in story
type. Thus, we pooled data for 4-5-year olds in Study 1 with
the data from Study 2 (total N = 65) and conducted a logistic mixed-effects model with study (1 or 2), story type (Why
vs. How) and question type (Known vs. Unknown) as fixed
effects, and random intercepts for subject. The only significant effect was an interaction of story type and question type
(b=-2.5, z=-2.7, p=0.008). Pairwise comparisons indicate that
across both studies, children were more likely to choose the
appropriate conjectural response to a How question than a
Why question (z=4.34, p<.001). Within ‘Why’ questions,
participants were more likely to choose appropriately on factual than conjectural questions (z=3.64, p=0.002). Figure 4

Prop. Correct

Discussion In this study, we asked four to seven-year-old
children to choose the better of two explanations. Across age
groups, children endorsed verified, true solutions for questions with known answers and unverified, but appropriate,
conjectures for questions with unknown answers. Rather than
rely on a general preference for either facts or conjectures, we
found that children are able to consider the abstract features
of the problems when evaluating possible solutions.
However, children responded somewhat differently depending on question type. For factual questions, children
were equally likely to choose the appropriate, verified fact
across all four test trials. However, for conjectural questions,
1.00
0.75
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0.50

Factual

0.25

Conjectural

0.00
Why 1

Why 2

How 1

How 2

Story
Figure 2: Study 1, Proportion of children choosing appropriate explanations. Error bars show bootstrapped 95% CIs.
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shows the mean proportion of appropriate answers chosen by
story and question type, pooled across both studies.

jectures on the conjectural “how” questions than the “why”
questions provides some grounds for believing that children
actively preferred the conjectural answers (rather than simply rejecting the factual answers). The known answers were
equally unsatisfying responses to the “how” and “why” questions but children may have had an easier time representing
the conjectural responses to how questions (i.e., imagining
how throwing balls up in a tree would knock down bananas
or climbing down a rope could let you retrieve a ball) than
calling on the less vivid background knowledge required to
answer the why questions (i.e., recalling that height correlates
with age or that fur keeps you warm). However, future research might investigate children’s evaluation of conjectural
and factual responses independently.
Here, although we pit unverified conjectures against verified facts, the conjectures did not conflict with any known information or prior beliefs. In the real world however, solving
our problems does sometimes require us to set aside previously acquired knowledge. Our data hints at children’s willingness to do so: in one conjecture, creatures descended down
a rope ladder made of their own hair in order to rescue a
toy (see Table 1, Story How 2). Children robustly endorsed
this explanation when appropriate. Future studies might look
at whether young learners will endorse explanatory speculations that contradict other information or threaten other beliefs. Additionally, although this study looked at how children might choose between competing hypotheses, we could
also ask how children generate novel hypotheses in response
to questions they can’t otherwise answer.
We suggest that when we try to answer questions or solve
problems, we are fundamentally constrained by the goal of
doing just that: we evaluate proposals based on how well they
achieve those ends before we even consider data-dependent
criteria such as accuracy, validity or the verification process.
This kind of “cognitive pragmatism” may be a critical part of
our cognitive repertoire, and a reflection of how explanatory
goals can usefully constrain hypothesis generation, problemsolving, and creativity.
The current results suggest that although young children
recognize the value of reliable information and appeal to it
when it provides a satisfying answer to their queries, they are
also willing to go beyond available data and entertain relevant conjectures. This distinctively human trait may allow

Discussion We replicated the main findings from Study 1
showing that 4-5-year-old children flexibly endorse both facts
and conjectures in response to different questions. We also
replicated the finding that children are especially likely to
accept conjectures as responses to questions about how to
achieve a goal. There are numerous potential differences between “why” and “how” questions both in our study and more
generally. For example, “how” questions may invite explanations about the manner of events, whereas “why” questions
may focus on the reason for some event. Perhaps “how”
questions may be more frequently associated with conjectural solutions, or the specific content of the stories we used
may have made conjectural solutions seem more plausible for
the “how” questions than the “why” questions. Future work
could ask why children treat “why” and “how” questions differently.

General Discussion
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Prop. Correct

Prop. Correct

Children are often faced with unresolved questions and unverified answers. The current experiment looked at whether children could go beyond known information to evaluate speculative claims, and whether these evaluations were sensitive to
the type of question under discussion. Children as young as
four chose verified, true solutions for questions with known
answers and unverified, but appropriate, conjectures for questions with unknown answers. Children did not show systematic preferences for either fact or conjectures; instead, they
chose answers that matched the question type, suggesting that
they are able to consider the abstract features of the problems,
and chose flexibly between conjectural and factual explanations depending on the type of question being asked.
In this study, we asked children to choose between facts
and conjectures in response to questions with or without
known answers. By and large, children chose successfully.
Because these were forced-choice responses, we cannot be
sure whether children preferred the factual answer for the factual questions, rejected the conjectural answer for the factual
questions, or both. Similarly, we do not know if children preferred the conjectural answers for the conjectural questions
or simply rejected the factual answers as irrelevant. However, the fact that children were more likely to opt for con-

0.00
Why 1

Why 2

How 1

How 2

1.00
0.75

Question Type

0.50

Factual

0.25

Conjectural

0.00
Why

Story

How

Story Type

Figure 3: Study 2, Proportion of children choosing appropriate explanations. Error bars show bootstrapped 95% CIs.

Figure 4: Proportion of 4-5 year olds across both studies
choosing appropriately. Error bars are bootstrapped 95% CIs.
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children to imagine solutions to problems well in advance of
their ability to test them, and perhaps, to imagine new problems that expand the bounds of human inquiry.
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Abstract

or algorithm in order to summarize performance, e.g., percent
correct (Ahissar & Hochstein, 1997), logistic psychometric
function (Schütt, Harmeling, Macke, & Wichmann, 2016), or
Drift Diffusion Model (DDM) parameters (White, Brown, &
Ratcliff, 2012; Wiecki, Sofer, & Frank, 2013). While such
aggregation has some methodological and analytic utility, in
terms of its simplification of the data and behavior, it imposes
artificial structure upon learning processes that are
theoretically independent of that structure.
Not only is it the case that the effects of interest are almost
certainly independent of block structures, but the learning
that occurs within blocks may itself be theoretically
informative. We have previously shown, by developing and
employing a time-continuous data analytic approach for
assessing visual perceptual learning task performance, that it
is possible to differentiate between two distinct forms of
learning generalization. The first type of generalization leads
to immediate benefits (i.e., is present from the very first trial
of a new task), while the second involves no immediate
changes in performance on new tasks, but instead new tasks
are learned more quickly. These distinct patterns have
enormous theoretical importance, as they are generated via
completely different mechanisms. Yet they are impossible to
differentiate via traditional data analytic techniques that
aggregate performance over large blocks of trials (Kattner,
Cochrane, Cox, Gorman, & Green, 2017).
Here we extend the general approach to modeling
performance as a continuous-function of time to an area
where the potential for learning effects are much more rarely
considered – the study of attentional control over peripheral
(i.e., non-target) processing. Indeed, the analytic techniques
utilized in this domain nearly always implicitly assume that
performance is static through time. For instance, such
aggregation-based analyses are commonly utilized as
individual difference metrics, to identify atypical populations
(e.g., ADHD; Westerberg, Hirvikoski, Forssberg, &
Klingberg, 2004), to characterize development (Rueda et al.,
2004), or to simply benchmark difficulties of a test (Edwards
et al., 2006). This is despite the fact that it is unlikely to be
the case that participants can enter a task with perfect
knowledge regarding the spatial and temporal properties of
the task-relevant (i.e., to-be-attended target) stimuli or the
spatial and temporal properties of distractors (i.e., the to-be-

All agents must constantly learn from dynamic environments
to optimize their behaviors. For instance, it is necessary in new
environments to learn how to distribute attention – i.e., which
stimuli are relevant, and thus should be selected for greater
processing, and which are irrelevant, and should be suppressed.
Despite this, many experiments implicitly assume that attentional
control is a static process (by averaging performance over large
blocks of trials). By developing and utilizing new statistical tools,
here we demonstrate that the effect of flanking items on response
times to a central item (often utilized as an index of attentional
control) is systematically and continuously influenced through
time by the statistics of the flanking items. We discuss the
implications of this finding from the perspective of examining
individual differences – where traditional data analysis
approaches may confound the rate at which attentional filtering
changes through time with the asymptotic ability to filter.
Keywords: Learning; attention; statistical inference; Bayesian
analysis

Introduction
In human, animal, and artificial cognitive architectures,
learning to utilize available information for goal-directed
behavior is a crucial ability. Critically, in nearly all
theoretical models, learning is viewed as an inherently
continuous process – with each new data point that is sampled
resulting in some concomitant change in knowledge and
behavior. One consequence of this is that, even in cases
where huge amounts of data have already been sampled (and
thus each new data point will change behavior by only a small
amount), there remain very few behaviors that would be
posited to be fully static or unchanging over time.
Despite this theoretical foundation, in practice the standard
analysis approach taken for tasks in the psychological
literature implicitly assumes that behavior is in fact static
over some period of time (if not the entirety of the task
experience). This tendency is even seen in the study of
learning – where it has traditionally been quite common to
examine performance divided into arbitrary discrete
timescales. That is, performance is typically divided into
methodologically useful units, such as blocks of training or
testing. Data within the block is analyzed under the
assumption that the same process generated the data within
the entirety of a given block. This generally takes the form of
aggregating within-block performance using some function
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ignored stimuli). Here we examine the extent to which
learning can be identified and modeled in one extremely
common index of attentional control – flanker task
performance.

distracting information. Unfortunately, this perspective
disregards another central aspect of humans' interaction with
their environments: The necessity of learning how to weight
information appropriately given past experience. While
previous research has assumed that psychology tasks (e.g.,
flanker task) index a constant ability level, we instead posit
that learning occurs to some extent (Lehle & Hübner, 2008).
This learning in peripheral attention occurs despite the fact
that participants are given explicit verbal instructions
regarding the time, place, and attributes of the to-be-attended
information.
We first demonstrate experimentally, using biased task
statistics, that block-level analyses show learning in adult
humans’ performance on a flanker task. Next, we propose a
novel analysis of flanker task response time in which
performance is modeled as a function of experience (i.e., trial
number). We note that participants were not informed of any
learning component to the study. Our analyses show that,
even this context, decomposition of performance into
parameters of continuous learning reveals the dynamics of
humans’ interactions with their environments.

Previous work
Within the study of attentional control, certain domains have
largely been understood as automatic and independent of the
associations or statistics of the environment and thus
reasonably impervious to learning (Treisman, 1985; Wolfe,
1994). However, it has also been recognized that in order for
a person to interact optimally with their environment, they
must constantly weight the utility of the information available
to them at all levels of processing. Indeed, dynamic allocation
of attention is a core aspect of human ability to interact with
the world. Flexibly adapting attention to the changing
demands of the environment allows efficient and accurate
goal-directed processing of the relevant information
available.
When searching for a target in the visual world,
distracting items become increasingly easy to suppress as
they become increasingly distinct from the target. In the
opposite case, when responses between searched-for items
and irrelevant items are opposing, a marked increase in
response times (i.e., increase in effort needed) to the relevant
items is observed. Remarkably, this occurs even when
participants are given explicit instructions regarding where
and when the relevant item will occur (as well as any
irrelevant distracting items). One paradigm in this vein is the
arrow flanker task, derived from Eriksen and Eriksen (1974).
In this task participants simply press the right keyboard arrow
when a central stimulus is a right-pointing arrow, and they
press the left keyboard arrow when the central stimulus is a
left-pointing arrow. Two other arrows appear on either side
of the central arrow pointing in either the same or opposite
direction of the central arrow. When the flanking arrows
point in the same direction as the central arrow, response
times tend to be faster and more accurate than when flankers
point in the opposite direction as the central arrow. The
differences between congruent-flanker response times and
incongruent flanker-response times are largely understood as
slowing that occurs due to processing of responseincompatible stimuli, and the magnitude of this difference is
often referred to as the "flanker effect."
The flanker effect has been explored in many settings and
interpreted in a wide variety of ways. These primarily involve
appeals to a neuropsychological executive function or
conflict-resolution mechanism (Fan, McCandliss, Sommer,
Raz, & Posner, 2002; Machizawa & Driver, 2011). Through
this lens the flanker effect has been correlated with such
measures as age (Rueda et al., 2004) and cortical thickness
(Westlye, Grydeland, Walhovd, & Fjell, 2011). In each of
these paradigms, the flanker effect is interpreted as a stable
ability within individuals; in effect, it is seen as a robust index
of one's ability to control attention and rapidly suppress

Method
Participants and procedure
Forty-seven undergraduate participants from the University
of Wisconsin-Madison completed all tasks for course credit.
One participant was excluded for missing data. The entire
study consisted of three tasks – a flanker task, a Useful Field
of View task (UFOV; Ball & Owsley, 1993), and a Multiple
Object Tracking task (MOT; Pylyshyn & Storm, 1988). Here,
for brevity, we will only consider performance on the flanker
task.
The flanker task was modeled after that utilized by Rueda
et al (2004). Stimuli were colored fish with arrows overlaid
on top pointing in either a leftward or rightward direction.
The full flanker task was divided into 5 blocks. Each flanker
block included feedback regarding response time and
incorrectness. Participants first completed a block of 50 noflanker trials, second a 250-trial block of either 20%congruent or 80%-congruent flanker trials (randomly-chosen,
with the remaining trials being incongruent), third a 250-trial
block of 50%-congruent flanker trials, fourth the biased block
that they did not already complete (i.e., 250 trials of either
20%-congruent or 80%-congruent), and fifth a 50-trial block
with no flankers. In all cases the participants’ task was the
same – to indicate the direction of the center fish/arrow as
quickly and accurately as possible. Our key questions were
whether we would see: (1) differences in performance at a
broad scale – in terms of different patterns of response times
to the congruent and incongruent trials in the different blocks;
and (2) at a continuous time-scale – indicating how such
shifts are learned through time.
We note that the other two tasks (UFOV and MOT) were
completed between the biased blocks of flanker tasks in order
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to reduce monotony and obscure the biasing of the task
statistics. For example, by including MOT after the 50%
congruent condition and before the 80% congruent condition,
we intended that participants would have less carry-over of
learning from the 50% congruent condition to the 80%
congruent condition.

By-trial analysis
After testing for block-wise differences between conditions
in the magnitude of the flanker effect, we defined a generative
process that we hypothesized would give rise to continuous
changes in the flanker effect. Fitting parameter estimates to
this process would provide hierarchical estimates of the interindividual and intra-individual variations in the adaptation of
attention to environmental statistics.
This analysis assumed two interacting processes. First, that
each individual has a stable, domain-general speed-ofprocessing (SoP) ability that indexes how fast that person can
perceive, attend to, and react to their environments (Conway,
Cowan, Bunting, Therriault, & Minkoff, 2002). In the flanker
task, this would be akin to the response time to the central
stimulus when disregarding any effect of the peripheral
stimuli. Second, there is a flanker-congruence related offset
to the baseline response time. Here that offset is modeled as
an additive shift to the baseline on a log scale, which
translates to a multiplicative shift in raw response times.
Approaches to flanker analysis that equate congruent-flanker
trials with no-flanker trials would parameterize this relation
as simply an additive component to the baseline. However, in
order to remain sensitive to the possibility of the shift adding
to the response time in the incongruent-flanker condition
while subtracting from the response time in the congruentflanker condition (i.e., speeding), here the shift is
parameterized as symmetrically adding or subtracting to a
central baseline log SoP response time ability. That is, we
maintain the possibility that participants use congruent
flankers to speed up their response times (noting though that
the high-level pattern of results with respect to learning
should not be strongly dependent on this choice).
Typical individual-differences flanker analyses utilized in
the field assume that the congruency-related shift (whether
solely positive or not) is stable across the course of the flanker
task. Indeed, in order to remain valid, the shift must even be
constant across several repetitions the task by a single person.
Here that assumption is relaxed. Rather than assume a
constant additive shift due to flanker type, the additive shift
is assumed to be learned. That is, participants update their
attention to flanking items (i.e., their additive shift)
throughout the task in response to the utility of attending to
peripheral items. Here the additive shift is parameterized as
exponential decay as a function of trial number, (a+b*c-t).
Exponential learning functions are extremely common in
many fields, and provide concise characterizations of the time
course of learning (Heathcote, Brown, & Mewhort, 2000).

Analysis
We conducted two Bayesian analyses. The first involved
fitting a hierarchical linear model to each block’s data. This
was designed to test whether, in environments with different
statistics, people alter their processing of non-relevant
information. The second fit time-evolving weighting
parameters to the flanker effect for each plot. This model was
able to distinguish which component(s) of learning differ
between conditions, as well as demonstrating a novel
estimate of continuously changing attentional allocation.
By-block analysis
As an initial demonstration that participants learn to alter
their attention in response to changing environmental
statistics, a Bayesian multilevel linear model was fit. This
model tested the effects of condition compatibility
proportion, trial flanker compatibility, and the interaction
between these two variables. Block k’s free parameters for
subject s, β(s)0k, …, β(s)3k was drawn from a participant-level
distribution, which in turn was drawn from a parent
distribution shared by all participants.
τA ~ G(.001, .001)
βi ~ N(0, 100)
τ(s)i ~ G(.001, .001)
β(1)i, …, β(S)i | βi ~ N(βi, τA)
β(s)i1, …, β(s)ik | β(s)i ~ N(β(s)i, τ(s)i)
log RT ~ N(β(s)0k
+ β(s)1k *congruence
(s)
+β 2k*percent_congruent
+β(s)3k*congruence*percent_congruent, τA)
where τA is a precision parameter for the data distribution and
τ(s)i is a precision parameter shared across blocks per subject.
This model considered only the last 200 trials in each block
in order to characterize asymptotic performance. The
predicted outcome of this model was that response times to
congruent and incongruent trials would be different from one
another (as has been seen in all previous research, with
congruent RTs being faster than incongruent RTs), but with
these differences themselves differing across varying levels
of task statistics, meaning that participants had in fact shifted
their behavior based upon the task statistics (i.e., had
learned). This response time difference should be evident
when controlling for trial congruence as well as individual
differences in overall response times. This result would
provide evidence that the following analysis, on the time
course of learning, would be justified.
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Thus, the generative process assumes the response time on
a given trial is the following:
βA ~ N(-1,.1)
βasym ~ N(.1, .01)
βrate ~ N(1.1,.1)

Limitations section below). After this trimming, the
remaining 25,064 response times were log-transformed to
better approximate normality. Given this, log-transformed
response times varied from -2.99 to 0.66 (m= -.99, sd= .237).

τA ~ G(100, .1)
βscale ~ N(.01, .1)

Convergence
Bayesian analysis appeared to converge in both models.
Visual inspection of trace plots, autocorrelation plots, and
Gelman-Rubin plots indicated convergence for the majority
of estimated parameters. Five parameters in the by-trial
analysis, all of which were block-level estimates of the rate
parameter (i.e., β(s)rate (k)), presented clearly problematic traces
and autocorrelations. We excluded the five participants with
problematic rate parameter traces from the following by-trial
analyses, leaving data from 41 participants.

β(1)SoP , …, β(s)SoP ~| βSoP N(βA, τA)
β(1)asym , …, β(s)asym | βasym ~ N(βasym, τA)T(0,2)
β(1)scale , …, β(s)scale | βscale ~ N(βscale, τA) T(0,2)
β(1)rate , …, β(s)rate | βrate ~ N(βrate, τA) T(-2,2)
β(s)asym(1), …, β(s)asym (k) | β(s)asym ~ N(β(s)asym, τA)
β(s)scale(1), …, β(s)scale(k) | β(s)scale~ N(β(s)scale, τA)
β(s)rate(1), …, β(s)rate (k) | β(s)rate~ N(β(s)rate, τA)
log RT ~ N(β(s)SoP + congruence*( β(s)asym(k) + β(s)scale(k)*
β(s)rate(k)-trial), τA )
where T(a,b) truncates a distribution to the range (a,b).
Each of the three learning parameters of interest (flanker
offset asymptote, scaling and exponent terms) were estimated
as normal distributions for each block, with the mean of this
normal being drawn from participant-level asymptote
(truncated at 0 and 2), scaling (truncated at -2 and 2), and
exponent (rate; truncated at 0 and 2) normal distributions.
Truncations were imposed at values beyond which model
behavior would be qualitatively very different than the
theoretical generative model. In particular, the entire
peripheral attention term should evaluate to less than 1 in
every instance in order to be a sensible fit to the datageneration process (i.e., the difference between incongruentflanker trials and congruent-flanker trials is never more than
2 in log-RT space).
All other prior distributions were non-truncated, with
normal priors for all mu distributions and gamma priors for
all gamma distributions and precision distributions. Given the
primary interest in comparing between-block within-subjects
variation as a function of block statistics, all variation of
interest should be caused by the data and not by prior
specification.

Figure 1. Mean response times, separated by flanker
congruence and proportion congruent flankers. Error bars
denote 95% confidence intervals across all trials for all
participants.

By-block fits
Point estimates of the parameters of interest (i.e., the means
of the level-one regression predictors) each provide support
for the hypothesis that attention changes with environmental
statistics. The 95% credible intervals of these parameters
follow the same pattern. This is the case for the effects of
flanker congruence (mean= -.081, lower= -.100 , upper = .062), proportion congruence (mean= -.052, lower= -.114,
upper = .009), and the interaction between the two (mean= .046, lower= -.091 , upper = -.002). For each of these
parameters, the vast majority of the mass of the distribution
is on one side of zero. It is evident in Figure 1 that this pattern
supports the hypothesized effects; in situations where the
participant sees mostly facilitative non-targets, they are faster
in responding to congruent-flanker trials while also being
slower on incongruent-flanker trials in these situations. In
essence, when most of the flankers are congruent, there is an
advantage in reducing the extent to which these flankers are
filtered. This produces faster RTs on congruent trials, but
then causes disproportionate slowing on incongruent trials.
Meanwhile, in conditions where most of the trials are
incongruent, there is virtue in strongly filtering all flankers.
Note a lesser facilitatory effect is then seen for the congruent

Results
Bayesian analysis using JAGS implemented in R (Plummer,
2003) was used for parameter approximation. Four chains
were burned in for 20,000 samples, then 200,000 samples
were drawn for further analysis.
All response time measures were first trimmed to exclude
values above 2 seconds and below .05 seconds (120 trials
total rejected), as response times outside these bounds are
clearly not arising from the processes of interest in this study.
In addition, all trials with incorrect responses were excluded
(8.9%); further analysis of this incorrect-trial data may be
relevant to the core questions of this study, but analysis of
this variable was outside the scope of the current paper (see
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trials, but the magnitude of the drop-off in RT on incongruent
trials is reduced.
Although we explore this in greater detail below, the data
already indicates that such behavioral shifts must be learned
over many trials. For instance, when subsets of the 50-50
condition are analyzed – either short runs in which four
congruent trials were followed by an incongruent trial, or four
incongruent trials were followed by a congruent trial
(effectively creating miniature “80-20” or “20-80”
conditions) the change in response time from the fourth to the
fifth trials is no different than the overall differences between
congruent and incongruent trials in the 50-50 condition (both
|t|<1.1). This suggests that the large-scale differences seen
across the different blocks are the result of a longer-term
learning process. The following by-trial analysis further
tested the time course of learning.

parameters in 20%-congruent condition (median = 0.051) and
80%-congruent condition (median = 0.041) was 0.010, V =
771, p<.001. These analyses provide preliminary evidence
for reliable differences in learning scale, but not the other
parameters, between conditions. Scale determines magnitude
as well as direction of learning, making it a reasonable
parameter to expect to differ between conditions if we believe
that people truly are learning to behave differently.
We next tested three frequentist multilevel models using R
packages lme4 and pbkrtest, one for linear changes in each of
the three exponential parameters due to changes in
congruency statistics.
lmer(param~propCongruent+(propCongruent|subject))
Each model used the proportion of congruent trials in a
block to predict the fit parameter value, while controlling for
participant-level random effects. The rate parameter was not
reliably predicted by task statistics, F(1,44.7)=.817, p>.35.
The asymptote likewise fell short of conventional statistical
significance, F(1,43.1)=3.97, p=.053. In contrast, but in
concurrence with the Wilcoxon test reported above, the scale
parameter was linearly predicted by varying flankercongruence proportions, F(1,44.0)=26.91, p<.001.

Limitations
These analyses have certain weaknesses and shortcomings.
For example, the apparent nonmonotonicity of fits with
regard to task statistics could be an artifact of block order
effects that indicates learning to learn. In addition, this work,
meant as a preliminary demonstration, utilizes a simplistic
measure of flanker performance. Response times for a given
trial are assumed to be additively shifted from a baseline (in
a log-transformed scale), while trials with incorrect responses
are omitted. Further work should explore continuous
learning-related changes via models that capture both
response time and accuracy (as in Drift Diffusion Models DDMs), as these are more meaningful decompositions of
performance than the only-correct log-transformed RTs
reported here. Doing so may require longer learning blocks,
as DDMs with relatively high numbers of parameters are
unlikely to recover reliable estimates of learning parameters
given a mere 250 learning trials per condition. While
hierarchical modelling would somewhat alleviate these
concerns by providing stability (i.e., lower-level parameters
could only be estimated from the distributions of higher-level
parameters), we refrained from testing these models with
high numbers of free parameters here. One direction for
future work could be to apply hierarchical DDM parameters
with covariates (Wiecki et al., 2013) to the problem of trialby-trial learning by specifying a functional form (e.g.,
exponential decay). Many other additional parameters could
be fit as well, such as changing SoP values or asymmetric
flanker effects (e.g., additive effects due to incongruent trials
being larger than subtractive effects due to congruent trials).

Figure 2. Mean by-trial half-flanker effect (i.e., the
additive component of the flanker effect, which would have
a subtractive component mirrored across y=0). Separated by
block type (percent of congruent trials).

By-trial fits
Means of evaluated fits are shown in Figure 2. The three main
parameters were asymptote, which indicated the flanker
effect size after learning, scale, which indicated the
magnitude and direction of learning, and rate, which
indicated the relative speed of learning. We conducted
preliminary frequentist nonparametric comparisons of fit
parameters in the extreme conditions via within-subjects
Wilcoxon signed-rank tests that compared the 20% congruent
to the 80% congruent conditions. The difference between the
rate parameters in 20%-congruent condition (median =
1.0517) and 80%-congruent condition (median = 1.0502) was
0.0015, V = 536, p = 0.176. The difference between the
asymptote parameters in 20%-congruent condition (median =
0.109) and 80%-congruent condition (median = 0.129) was
0.019, V = 301, p = 0.095. The difference between the scale
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Here we demonstrate that bottom-up attention is reliably
influenced by environmental statistics. That is, the degree of
filtering demonstrated by a participant is a function of some
amount of learning – rather than fully reflecting a static
ability. We provide evidence for a quantitative dissociation
between the dynamics of learning and the stable individual
differences that interact to give rise to the overall pattern of
behavior in the flanker task. The scale (indicating size and/or
direction) of learning is clearly changed by environmental
statistics. The asymptote appears to be changed as well,
although our data indicates that this change is not linear or
even monotonic (see Figure 2). While many questions remain
to be examined regarding learning in attentional tasks, this
first step provides impetus to further address how to best
quantitatively decompose behavior in single tasks into
separate processes, including a learning process.
The key implication of this work is thus that individual
differences approaches to attention, and cognition more
generally, would benefit from integrating analyses sensitive
to the effects of learning. Performance differences between
individuals due to learning may be mechanistically distinct
from individual differences arising from, for example, stable
differences in distractor suppression. Furthermore, such
considerations may shed light on other areas of the field – for
instance, in examining test-retest reliabilities. Indeed, the
test-retest reliability of flanker tasks has typically not been
found to be high. However, this may be due to failing to
account for learning from test to test. By implementing
experimental paradigms and analytical methods capable of
identifying the relative contributions of these processes,
further light may be shed on the mechanistic underpinnings
of a wide array of typical processing (e.g., fluid intelligence)
as well as atypical (e.g., ADHD, anxiety).
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and distance with our feet to measuring everything against a
universal abstraction. Some parts of this shift have
happened only recently. Over the last two centuries,
countless experiments have made possible the precision
with which our current units are now defined, and
international agreements have spread the metric system
across the globe (Alder, 2002; Crease, 2011). But long
before scientists took up the task of making units more
precise, more elegant, and more systematic, and long before
the metric system was even conceived, humans had to
develop units in the first place. Our survey suggests that
units evolved gradually; indeed, units in the modern sense
may not even have appeared in all cultures. How did they
emerge? Here, we draw on data from a variety of sources—
linguistic, ethnographic, historical, and developmental—to
try to reconstruct the evolution of units.
The foundation of our proposal is that abstract units
emerge slowly out of processes of comparison—
comparisons that are initially between physical objects.
Indeed, some have claimed that the “real essence of
measurement is comparison” (Crump 1990, p. 77). The
importance of comparison in fostering learning is now
recognized. For instance, prompting learners to compare
examples helps them arrive at new abstractions (e.g.,
Alfieri, Nokes-Malach, & Schunn, 2013; Gick & Holyoak,
1983; Kurtz, Miao, & Gentner, 2001). The importance of
comparison in the formation of knowledge is also evident
on historical timescales. Many abstract concepts started out
as novel metaphors—that is, one-off figurative
comparisons—and then became conventional (Bowdle &
Gentner, 2005). Such abstractions sometimes enter the
lexicon (Xu, Malt, & Srinivasan, 2017), allowing people to
use them without necessarily recognizing where they came
from. A similar general trajectory, we hypothesize, is
evident in the case of measurement. To preview, we
reconstruct this trajectory as involving overlapping stages.
First, people make ad hoc comparisons between a concrete
thing—a target to be measured—and another concrete
thing—a comparator (e.g., an actual foot). Second, people
come to favor certain comparators over others—in short,
conventions emerge. Third, people abstract across these
conventional comparators (e.g., many examples of feet) to
develop an idealized, standardized comparator (e.g., the
foot). Only at this stage does measurement involve anything
resembling our modern notion of a fully abstract unit. Later

Units as they exist today are highly abstract. Meters, miles,
and other modern measures have no obvious basis in concrete
phenomena and can apply to anything, anywhere. We show
here, however, that units have not always been this way.
Focusing on length, we first analyze the origins of length
units in the Oxford English Dictionary; next, we review
ethnographic observations about length measurement in 111
cultures. Our survey shows that length units have
overwhelmingly come from concrete sources—body parts,
artifacts, and other tangible phenomena—and are often tied to
particular contexts. We next propose a reconstruction of how
abstract units might have emerged gradually over cultural
time through processes of comparison. Evidence from how
children understand length and measurement provides support
for this account. The case of units offers a powerful
illustration of how some of our most important, pervasive
abstractions can arise from decidedly concrete, often
embodied origins.
Keywords: measurement; abstraction; units; comparison;
language; culture; analogy

Introduction
Poppy seeds and barley-corns, poles and bows, chain links
and goads for driving oxen. For English speakers in earlier
times, these were tools of measurement. Along with spans
of the body—including finger-widths, hand-breadths, and
arm-lengths—such objects furnished methods of
measurement that were highly concrete and often contextspecific. For centuries in Britain and across Europe, certain
units were favored for measuring cloth, others for horses,
others for land; different units were used for length, depth,
and distance; and these units often varied from one town to
the next (Kula, 1986). This stands in stark contrast to
measurement today. Our main units are now highly abstract.
That is, many have no obvious tie to concrete objects or to
the body, and they may be used for measuring anything,
anywhere. Indeed, in the International System of Units, the
measurement of length, area, and volume are all based on a
single universal unit—the meter—and its derivatives (e.g.,
millimeters, kilometers, etc.). And this lone unit is now
officially defined, not with reference to the body or any
tangible object, but in terms of the distance light travels in a
fraction of a second.
Our purpose here is to account for this shift in the nature
of measurement, from highly concrete to highly abstract—to
ask how we got from measuring cloth against our elbows
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stages also involve comparison, along with cognitive
processes such as proportional reasoning.
In reconstructing this emergence, we focus on length—
including other measures of linear extent such as height,
depth, and distance. However, our proposal should apply in
broad strokes to other basic physical dimensions, such as
weight and volume. We consider three interwoven aspects
of length measurement: what linguistic resources people
have for talking about length (e.g., unit terms,
constructions); what tools and practices people use to
measure length; and what cognitive representations people
have of length and of length units. We start by examining
the evidence that measurement concepts began as highly
concrete, not only in Europe but across the globe. This
examination lays the groundwork for important
generalizations about how measurement concepts could
have emerged. We then present our proposed reconstruction
of the critical stages in the shift from highly concrete
beginnings to our current system. Finally, we note parallels
between how units emerged over historical time and how
they emerge in child development. We begin with an
examination of the sources of unit terms in English.

‘mile,’ from the Latin for ‘thousand,’ and ‘meter,’ which
derives from a Greek word for ‘measure.’
In sum, while measurement terms in English are not
inevitably concrete in origin, they are overwhelmingly so.
The OED analysis also provides evidence for another sense
in which measurement terms are concrete: many of these
units were primarily used in specific contexts. ‘Bow’ was
confined to archery; ‘chain’ and ‘prime’ were used chiefly
in surveying; ‘furrow’ and ‘land’ were used in agriculture.
The etymology of English unit terms provides a valuable
window into the history of measurement, but it only gets us
so far. For one, it only provides that window for one culture.
Moreover, a dictionary does not always offer documentation
of the practices associated with these units. To address these
limitations, we next cast a much wider net, looking across
cultures and across historical eras at measurement terms and
practices that have been documented by ethnographers and
historians.

Length measurement across cultures
To understand the course of measurement units, we need to
go beyond world languages like English (Lupyan & Dale,
2010; Majid & Levinson, 2010) and also examine practices
in other cultures. To do this, we analyzed the Human
Relations Area Files (HRAF) database, which compiles and
topic-codes ethnographic accounts from 311 cultures, across
every geographic region (http://hraf.yale.edu/). The database
includes observations about the topic of ‘Weights and
measures’ from 193 cultures; from this set we identified 114
cultures for which observations about length measurement
were available. We supplemented this database with indepth studies of measurement within particular cultures
(e.g., Alkire, 1970; Hallowell, 1942; Pankhurst, 1969), and
with general overviews of the history of measurement (e.g.,
Alder, 2002; Crease, 2011; Kula, 1986).
A first important conclusion from this survey is that not
every culture has developed units as we understand the
term. Moreover, even where units are reported, researchers
often comment on their “semi-standardized” (Hallowell,
1942) nature, or qualify them as not being “mathematical”
(Richards, 1939) or “precise” (Best, 1919). With these
caveats in mind, we characterize trends in the units reported
for small-, medium-, and large-scale extents.
Small-scale extent. The units described for measuring
small extents are overwhelmingly based on the body (Table
1). Best (1919) describes 13 body-derived units used by the
Maori, from one equivalent to the first joint of the thumb to
one meaning ten fathoms. Alkire (1970) lists 14 bodyderived units used in the Caroline Islands, from as short as a
finger joint to as long as a fathom. The Tzeltal of Mexico
had a series of units, from the nab, the span between the
thumb-tip and end of middle finger when all fingers are
extended, to the yankabal, the distance between the armpit
and the fingertips of the opposite arm when outstretched
(Villa Rojas, 1969). Such examples of body-based units are
found worldwide. Across these systems, certain anatomical
spans predominate, particularly ones based on

Length units in English
The examples already presented give some flavor of the
concrete basis of measurement units in English. But just
how common are concrete sources for measurement units,
relative to abstract ones? To answer this question, we
examined all the linear measures in the Oxford English
Dictionary (OED) (http://www.oed.com/). The OED
includes 53 words for length measures (excluding recent
borrowings), 48 with known origins. We classified the
sources of these words into concrete and abstract, and
further subdivided the concrete sources into body-based,
artifact-based, and other. We discuss each category in turn.
Concrete (body-based). The most frequent concrete
source for length units in English is the human body,
accounting for 33% of the words (16 of 48). Beyond the
familiar ‘foot,’ these terms include the ‘fathom’ (the length
between the outstretched arms), the ‘ell’ (the full length of
one arm), and the ‘cubit’ (the span from the elbow to the
fingertips). Shorter spans include the ‘hand’ and ‘palm,’ and
terms based on both finger length and finger breadth.
Concrete (artifact-based). Length terms derived from
artifacts account for another 29% (14 of 48). These include
‘yard’ (originally a type of pole), and other terms for
similarly elongated objects, such as ‘rod,’ ‘perch,’ and
‘virgate.’ Other artifact-based terms include ‘bow,’ ‘chain,’
‘link’ (of a chain), and ‘goad,’ a tool used for driving oxen.
Concrete (other). Terms deriving from other concrete
sources account for a further 23% (11 of 48). These include
‘poppy seed,’ ‘barley-corn,’ ‘oxgang’ (based on amount of
land plowable by a team of oxen), ‘reed,’ and ‘furlong’ (a
compression of ‘furrow’ + ‘long’, based on the length of a
furrow in a field).
Abstract. The remaining 15% (7 of 48) have an abstract
origin. These include ‘inch,’ from the Latin for ‘twelfth,’
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Table 1: Concrete sources of measurement units across cultures
Source

Source type

Scale

Culture/ Region

Louse egg
Barley-corn
Finger (breadth)
Hand span (thumb to little finger)
Foot
Pace
Forearm (elbow to fingertip)
Fathom (wing-span)
Person (with arms extended above head)
Furrow (length of furrow in a field)
Hatchet throw, backwards from seated position
Hatchet throw, from seated position
Bow shot
Call (distance from which can be heard)
Distance seen from camel’s back
Day (distance covered in day of walking)

Other (natural world)
Other (natural world)
Body-based
Body-based
Body-based
Other (activity)
Body-based
Body-based
Body-based
Other (agricultural)
Other (activity)
Other (activity)
Other (activity)
Other (activity)
Other (activity)
Other (event)

Small
Small
Small
Small
Small
Small
Small
Small
Small
Medium
Medium
Medium
Medium
Medium
Large
Large

India
Anglo-Saxon
widespread
widespread
widespread
widespread
widespread
widespread
Maori
Anglo-Saxon
Hungary
Hungary
Kogi
India
Saharan Africa
widespread

salient divisions of the forelimbs. Less often reported are
examples of measures based on anything other than the
body. However, several are based on artifacts, such as a unit
of length based on a long tool for cutting banana leaves,
used by the Chagga (Africa) (Marealle, 1963).
Medium-scale extent. Traditional measures for mediumscale extents are less widely reported. They tend to involve
brief actions. Examples include ‘bow shot’ and ‘stone
throw.’ In other places, sound served as the basis, with
measures derived from the distance at which one could hear
a person calling or a bull bellowing. Elsewhere, sight served
as a basis, with measures based on the distance one could
see from a camel, in the Sahara (Kula, 1986), or the distance
at which a buffalo appears to be the size of a man, in
Vietnam (Pasquier, 1907).
Large-scale extent. At larger scales, measures are
predominantly based on temporally extended events. In
culture after culture, large distances are reckoned in terms of
days spent walking, or ‘sleeps.’ Some measured the distance
of journeys in terms of culture-specific consumption habits,
such as the number of betel nuts chewed (Karen), pipebowls smoked (Ojibwa), or young coconuts drunk
(Nicobarese). At least one culture, the Ojibwa of North
America, found an ingenious way to use the body to
measure large-scale distances. This was done by
superimposing the outstretched hand on the arc of the sun.
One ‘hand-stretch’ was considered one fourth of the arc
from sunrise to zenith, and could thus be used to estimate
how much of a day it would take to travel the target distance
(Jenness, 1935).
Many measurement practices in traditional societies are
described as confined to particular contexts (Table 2). The

Kedang of Indonesia, for instance, have a conventional set
of points on the arm used for measuring wedding gifts—
chiefly, elephant tusks and gongs (Barnes, 1982). Among
the Siwai of Papua New Guinea, a conventional system
arose for measuring the girth of pigs (Oliver, 1955). A
practice for measuring string money among the Yurok in
California sometimes involved tattooing measurement
landmarks on the arm (Kroeber, 1925).
Table 2: Context-specific measurement practices across
cultures
Target

Comparator

Culture

String money

Forearm tattoos

Yurok

Buffalo
horns

Forearm points

Toraja

Canoes

Hand points

Caroline Islands

Wedding gifts
(gongs, tusks)

Forearm points

Kedang

Pigs (girth)

Arm points

Siwai

Reconstructing the emergence of units
How could abstract units as we know them today have
emerged out of such highly concrete, often context-specific
practices? Our proposal takes off from the observation that
comparison is the basis of measurement (e.g., Crump,
1990). In a sense, the practical activity of aligning an object
against a ruler or other tool can be seen as a comparison.
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But, we argue, the role of comparison in measurement also
goes much deeper. Though the power of comparison in
learning is increasingly recognized, its power in cultural
history is less appreciated. Comparison is claimed to be
universal across cultures (Brown, 1991), and enters into
language and cognition in several ways. Only a subset of
comparisons concern physical properties like length, and
even these are very often relative and qualitative (e.g., “This
log is longer than that one”). But such comparisons are not
measurement in a strict sense (Hallowell, 1942). The
impulse to measure is an impulse to express, more or less
precisely, exactly how long a target is. We suggest that,
initially, this impulse motivates ad hoc comparisons
between particular objects—a target and another object—
and, later, comparisons between other things.

comparator of equal length (equal comparisons), such that
no further computation is involved, rather than between a
target that is shorter or larger than the comparator (unequal
comparisons).

Stage 2: Conventional comparisons
Over time, certain comparators that were initially used on an
ad hoc basis become conventional. That is, rather than reach
for a comparator simply because it is apt for present
purposes, people begin to use comparators that are
commonly used as such in their community. Such
conventionalization processes are evident in language. A
recent analysis tracked changes over time in how English
speakers have filled the construction “the size of a
[NOUN],” using the Google Ngram corpus (Morris, 2017).
In the 1800’s, the top four nouns in this construction were
pea, walnut, pinhead, and egg; in the 2000’s, the top four
have been pea, walnut, quarter, and football field. This
analysis shows that certain comparators (pea, walnut) have
stability over time, whereas others (quarter, football field)
are newly conventionalized.
Why do some length comparators become conventional,
rather than others? This could reflect factors such as
availability (i.e., how readily available the comparator is—a
barley-corn would never catch on outside of a farming
community), alignability (how readily the comparator can
be aligned with the target—the human ear is readily
available, but is not easy to align with a target), and aptness
of scale (the foot is available and alignable, but would be
impractical when measuring distance between towns)
(Crease, 2011). The universal use of body-based spans for
measuring small-scale extents is perhaps explainable in
terms of these factors: the body is always available, readily
alignable (certain spans more than others), and apt for
small-scale extents.
Conventionalization appears to be a gradual process, and
we suggest that a few changes happen as
conventionalization proceeds. For one, people become more
likely to use comparators in unequal comparisons. Unequal
comparisons are more cognitively taxing, requiring either
proportional reasoning (e.g., half the length of foot) or
counting (the length of three feet). Researchers have noted
that, in a given community, only certain comparators enter
into unequal comparisons. In describing body-based units in
the Caroline Islands, Alkire (1970) notes that, while one can
speak of “two forearm-lengths” or “two hand-spans,”
informants reject the same construction with other spans,
such as palm-width. Instead, one must say something like
“two spans of palm-width size” as such terms are only used
to describe “the exact length of an object relative to any
other” (p. 29). We interpret this as evidence that these spans
differ in their degree of conventionalization as length
comparators.

Stage 1: Ad hoc comparison
The first type of comparisons that enter into the early stages
of measurement are ad hoc. A person has some target
object—a log, fish, or house—whose length they would like
to characterize. To do so, they invoke a point of
comparison—a comparator—whose length is more
accessible contextually or is more widely known. There are
a number of contexts where such ad hoc comparisons would
have been used—and, indeed, are still used. One is when
someone is trying to characterize the properties of a nonpresent target, such as a fish that got away. Invoking this
target can be done purely in language, using a more widely
known object as a comparator, as in “It was the length of
my arm.” It can also be done by anchoring the comparison
to the present context, e.g., “It was this big,” accompanied
by a size gesture. Gesture regularly enters into such
comparisons, and gestural conventions specialized for ad
hoc comparison have been widely reported (e.g., in Nuer;
Huffman, 1931).
Another prominent context for ad hoc comparison is when
one is trying to judge which of two targets, A or B, is
longer. This can be done by eye when the difference is
marked, or by directly juxtaposing the targets when this is
possible. However, when A and B cannot be directly
juxtaposed, the judgment requires a new solution
(Hallowell, 1942). Consider the example of wanting to
know which of two spatially separated trees has a thicker
trunk. If “eyeballing” is unsatisfactory, a solution is to
introduce a comparator—a third object that can be directly
juxtaposed with each target. This comparator could be a
body part, tool, or something improvised on the spot to
match one of the two targets—for example, a twig broken
off or a cord cut to the right length. Techniques like this are
widely described in the ethnographic literature (e.g.,
Hallowell, 1942), and can be readily observed today. In the
game of bocce, for instance, when one wants to decide
which of two balls is closer to the pallino, a string is first
used to mark the distance of one ball (creating a comparator
to match one target length), and then used to compare this to
the second target length. Interestingly, the bulk of these ad
hoc comparisons seem to occur between a target and a

Stage 3: Standardized comparisons
Once comparators have become conventional, people begin
to recognize a problem: though a comparator such as the
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foot is conventional, not all instances of that comparator are
strictly equivalent. This leads to imprecision, and the
historical and ethnographic literature is full of evidence of
people recognizing—and trying to work around—this issue.
At one point in China, a distinction was made between a
‘man’s hand’ and ‘woman’s hand’ (Crease, 2011). Among
the Maori, it was common to enshrine one man’s arm span
in a wooden rod, called a rauru; such rods would be used
throughout house-building projects and would sometimes be
passed down through generations (Best, 1918, p. 31).
Elsewhere, people have taken advantage of the fundamental
imprecision of body-based measures. In Ethiopia, it was
common to bring to the market a person with “long arms” to
help one measure purchases (Pankhurst, 1969, p. 36).
A solution to the problem is to develop an idealized
version of the conventional comparator, or standard.
Though the issue of imprecision is likely widely recognized
in traditional societies (e.g., Saxe & Moylan, 1982), few
appear to have introduced standards. These emerge with
intensive commerce. Standards could be based on known
concrete lengths (e.g., a prestigious person’s arm), or they
could be devised to be representative of the class of
comparators. Often the standards nod to their concrete
origins, as when King Edward I (1239-1307) introduced the
“Iron Ulna” as a standard measure. Importantly, we suggest,
the adoption of a standard precipitates a key change in how
the comparator will come to be conceived. Decoupled from
any actual object—or even a class of objects—the
comparator becomes something significantly more abstract
and more recognizable as a unit.
Standardization may precipitate other changes, too. For
instance, we speculate that it is at this stage that the
comparator becomes especially likely to break free of its use
in particular contexts. Further, it is only at this stage that it
makes sense for people to propose new definitions of the
standard. History is full of such proposals. Once the foot
was not only an appendage but an idea, it made sense for
John Locke to propose the “philosophical foot” and for
others to introduce the “natural foot” and even the “manual
foot” (Whitehall, 2007). Moreover, once the idea of abstract
standards is in play, there is no need to simply redefine
(formerly) concrete measures; one can invent entirely new
standards, abstract form birth. The meter, first proposed in
1670, is the pre-eminent example.

for redefinition (as in the different versions of the “foot”
already mentioned), it can be redefined to allow for
hierarchical relations with other units (Kula, 1986).
Systematization of this type eventually also happens across
scales and dimensions. That is, instead of merely comparing
two different units of small-scale extent (e.g., ‘foot’ and
‘yard’), people start to compare length units at different
scales (e.g., ‘foot’ and ‘mile’); and then units of length with
units of depth, and so on. The process depends, not just on
comparison, of course, but also on proportional and
hierarchical reasoning. The end result of this process of
systematization is a compact, coherent system of units that
can be understood entirely relationally. Millions of people
today use the meter without knowing—or needing to
know—its physical basis in the speed of light.

Length measurement in child development
We have proposed that length units emerge gradually, in
stages. Do children’s ideas about length follow a similar
course? Several sources of evidence suggest this may be the
case. A first source is studies by Piaget and colleagues on
“spontaneous measurement” in young children (Piaget,
Inhelder, & Szeminska, 1960). These researchers examined
what children would do when asked to judge which of two
towers is taller but could not physically juxtapose the two.
Several stages in children’s behavior were evident. Until the
age of four or five, children were content with rough, visual
comparisons. Later they spontaneously attempted to use a
comparator—whether their own body or a stick. At first
children only considered such a stick useful if it was the
same length as one of the targets (i.e., one that afforded an
equal comparison); only later, not until the age of 7 or 8, did
they use a comparator longer or shorter than either target
(i.e., ones that afforded only unequal comparisons). Followup studies on spontaneous measurement find that children
can be induced to use a comparator at younger ages if the
inadequacy of visual comparison is more obvious (Bryant &
Kopytynska, 1976), or when the task is couched in a
particular, motivating context (Miller, 1989). Interestingly,
children induced to measure in one context will not
necessarily spontaneously measure later, in a superficially
different context (Bryant & Kopytynska, 1976). These
findings resonate with the cross-cultural and historical
evidence reviewed above that length units often emerge
within—and remain confined to—specific contexts.
Another line of research examines how children notice
and remember length. This work shows that, in infancy,
children are sensitive to relative length with a comparator
present (i.e., how long a target dowel is relative to an
adjacent dowel) (e.g., Duffy, Huttenlocher, Levine, &
Duffy, 2005), but are not sensitive to absolute length until
many years later. These researchers suggest that the ability
to encode absolute length may result from having
internalized a standard comparator that one can impose
mentally on the target (Duffy, Huttenlocher, & Levine,
2005; Vasilyeva, Duffy, & Huttenlocher, 2007). In sum,
measurement understanding is slow to emerge, both

Later stages
After the notion of a standard—and with it the idea of an
abstract unit—is established, the stage is set for further
changes, which we sketch only very briefly. Comparison is
involved in these further changes, too, but alongside other
cognitive processes. The next key change is toward
systematization. This occurs when people begin to compare
standard units to each other, abstractions to abstractions.
This may first happen within the same dimension, when
people realize the utility of having units neatly nested within
other units. This process likely overlaps with
standardization. Since an abstract unit allows wiggle room
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developmentally and culturally. On both time scales, it may
proceed through predictable stages and have to overcome
context-specificity; and, speculatively, on both time scales,
acquiring new measurement practices may scaffold new
cognitive representations.
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Conclusion
Units as we now know them—abstract, elegant, general,
systematic, relationally understood—have not always been
that way. They started out concrete, imprecise, bound to
particular places and practices. Indeed, the very idea of
abstract units, we suggest, is a cognitive and cultural
achievement. It is easy to overlook this. Educated people in
industrialized societies are so accustomed to parsing the
world in terms of units—not just for length, but also weight,
time, temperature, and many other dimensions—that we see
the idea of units as self-evident. Our account suggests that
this is likely mistaken: measurement units do not come
easily. Despite having decidedly down-to-earth origins,
measurement units—perhaps like numbers, spatial
prepositions, cardinal directions, and other concepts—have
now become so abstract and so ubiquitous that it is easy to
forget they have a history at all.
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blocks), as well as general cognitive skills (Cortesa, Jones,
Hager, Khudanpur, Shelton, & Landau, 2017; Landau &
Hoffman, 2012). For example, the builder must be able to
represent the global spatial configuration of the model, use
selective attention to segment the model into individual
blocks, and deploy working memory as building unfolds,
checking back to ensure that the copy accurately represents
the spatial relationships among the component blocks
(Ballard, Heyhoe, Pook, & Rao, 1997; Landau & Hoffman,
2012). Copying a block construction is also likely to engage
the builder’s understanding of intuitive physics, which could
guide the construction of a connected, and gravitationally
stable/balanced model. Previous research indicates that both
adults and children use intuitive physics to judge whether a
large block structure is likely to fall when it moves (Fischer,
Mikhael, Tenenbaum, & Kanwisher, 2016; Kamps, Julian,
Battaglia, Landau, Kanwisher, & Dilks, 2017). Consistent
with this approach, computational models of instructions for
how to assemble a block structure emphasize the effects of
gravity, with optimal instructions guiding the builder to build
from the bottom layer upwards, avoiding block placements
that are unsupported from below (Zhang et al., 2016).
As we mentioned, our understanding of how children
manage this complex task has been limited by the tools
available to analyze their performance. Although block
construction skills have been studied for over 85 years
(Bailey, 1933), the field has largely focused on accuracy of
the end-product. Some studies have characterized the types
and numbers of errors during a block copying task (Brosnan,
1998; Schatz, Ballantyne, & Trauner, 2000; Verdine,
Golinkoff, Hirsh-Pasek, & Newcombe, 2017), and others
examined actions of assembly and disassembly (Kamii,
Miyakawa, & Kato, 2004). However, we know of no studies

Block construction tasks are highly complex, yet even young
children engage in these tasks in both informal and formal
learning settings. In this paper, we ask whether the specific
paths through which children build a structure are unique to the
individual, or alternatively, constrained by similar principles
across individuals and over age. Our results show that although
children between 4 and 8 make frequent errors in copying
model constructions, there is a striking amount of consistency
in specific attributes of their paths of construction, and this
consistency mirrors that of adults. The build paths suggest that
although children sometimes build inefficiently, they tend to
build layer-by-layer, consistent with a role for intuitive physics
that enables the creation of stable structures.
Keywords: skilled action; spatial skills; spatial cognition;
development; block copying; intuitive physics

Introduction
Block play is an accessible activity for young children, and
has been prominent both in informal and formal educational
settings for hundreds of years (Hewitt, 2001). The relevance
of block construction as an indicator of overall cognitive
growth is well-known, as it relates to performance on other
spatial tasks, such as mental rotation (Brosnan, 1998; Caldera
et al., 1999), as well as skill in math and science (Casey,
Andrews, Schindler, Kersh, Samper, & Copley, 2008; Nath
& Szücs, 2014; Richardson, Hunt, & Richardson, 2014).
However, our understanding of the principles underlying
children's block-building skills is quite limited. In part, this is
due to both the complexity of the task, and limitations in the
measurement of block-building skill used to evaluate
children's proficiency.
Even the apparently simple task of copying an existing
structure is remarkably complex, utilizing both domain
relevant information (e.g. the spatial relationships among
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that have characterized children’s entire construction path,
from beginning to end, in a precise, quantifiable way.
In a recent study, we developed a novel representation and
annotation method that provides unprecedented detail about
the step-by-step nature of adults’ behavior on a block copying
task (Cortesa et al., 2017). In that study, a sample of 27 adults
constructed copies of block models, and their construction
behaviors were annotated utilizing a detailed step-by-step
description, in which sequential actions, or block placements,
result in intermediate assembly states, culminating in a final
state which replicates the model. One of our key findings was
that adult behavior is highly constrained, with full
construction paths remarkably similar across individuals and
target models. Despite individual variability, participants’
paths were strikingly constrained, such that only a small
portion of all possible correct actions actually were carried
out. In addition, we found that adults were highly consistent
in their approach, relying on layer-by-layer building patterns.
Relying on layered construction might allow adults to move
accurately and efficiently through the construction process.
For example, layered constructions can be executed with one
hand without relocating placed blocks, while building from
the top down requires the builder to lift previously
constructed pieces to place additions underneath.
Do children's complete build paths exhibit some of the
same characteristics as those of adults? We asked young
children to carry out block construction tasks using DuploTM
blocks to copy the same target models as we used in our study
of adults. It is possible that adults' highly selective choice of
paths, including their efficient, layered construction patterns
only emerge after years of carrying out skilled action tasks
(including block building). Moreover, given the complexity
of the task, we might expect young children to be less
efficient than adults, taking more steps to completion and
making more errors, especially given their limitations in
metacognition, executive function, and working memory,
and fewer years of formal education (Alloway, Gathercole,
Kirkwood, & Elliott, 2009; Goswami, 2008; Zelazo, 2008).
We also might expect children to utilize highly variable ad
hoc solutions, such that each child executes the block copying
task in a unique way, or they may generate homogenous
responses that are distinct from adults’, such as building from
left to right or top to bottom. On the other hand, it is also
possible that consistency across individuals is driven by
universal underlying functional knowledge such as an
understanding of intuitive physics, which emerge early in
development and persist throughout adulthood. In this case,
children's knowledge might lead them to create highly
constrained paths, selecting only a select few of all possible
correct build paths, and perhaps building layer-by-layer, as
we observed in our adult data. A large amount of overlap
between adult and child construction patterns would provide
support for this second possibility.

Method
Participants
Thirty-four children participated in this experiment, aged 4-8
years, (M = 6.72 years, SD = 1.68), 22 females. A university
ethical review board approved all study procedures, and
participants and their legal guardians provided informed
assent and consent, respectively.

Materials
Participants were asked to copy six different block models
consisting of 4, 6, or 8 blocks. Each participant copied each
of the six models in randomized order, but always began with
the two smallest models (models 1 and 2). One model of each
size was symmetrical along a vertical axis, and one was
asymmetrical (Figure 1).

Figure 1: Block models are named for the number of blocks
they contain, and their structural symmetry, S for structurally
symmetric models, and A for asymmetric models. Models 4S
and 4A contain four blocks, 6S and 6A contain six blocks,
and 8S and 8A contain 8 blocks.
We mounted a PrimeSense Carmine RGBD camera in an
overhead configuration to record participants’ behaviors as
they carried out the construction task, at a rate of 30 frames
per second. All videos were coded using our annotation
interface. The coder viewed the video recording frame-byframe on a desk-top computer.

Procedures
First, the experimenter provided a simple model of two
blocks, and children were asked to “make a tower that looks
just like mine” using another set of the same two blocks. They
were allowed to repeat the practice trial until they
successfully replicated the model. The experimenter pointed
out how the two structures were the same because the shapes
and colors were in the same locations. Next, the experimenter
presented each of the models (Fig 1), first placing it on the
table in a standardized orientation so that the greatest number
of model surfaces were visible to the participant. Then, the
experimenter placed a rectangular basket on the table which
contained the corresponding loose blocks. Participants were
asked to “make one that looks just like” the model provided.
If, after the first time the child indicated he/she had finished,
the copy was not an accurate replication of the model, the
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experimenter provided general feedback that the copy and the
model did not match, and ask the participant to try once more.

actions). Second, our observations of adults suggested that
layering was a prominent strategy. Therefore, we computed a
measure of layer-by-layer construction, the proportion of
states in a given path that were consistent with such
construction. A state was considered consistent with a layerby-layer strategy if no blocks were placed on any layer before
the preceding layer was correctly and completely
constructed. Finally, we computed the speed of copy
construction, controlling for the number of actions in a path.
To do this, we computed an average of all action durations,
measured in seconds from the point at which the participant
released the previous block until the point at which they let
go after placing (or removing) a block in their copy. These
outcome measures were assessed using Pearson’s
correlations and repeated measures ANOVAs.

Data Analysis
We followed the same procedures as in Cortesa et al. (2017)
to characterize the children’s full construction path. This
includes characterizing each block placement, the resulting
intermediate assembly states, and how they culminate in a
final state. To do this, each video was annotated using a
custom designed computer interface (described in Cortesa et
al., 2017), in which the annotator defines a series of actions,
such as placing a block onto or removing a block from the
copy. The set of ordered actions result in a series of states
which emerge over time, each of which are a specific set of
block attachments present in the copy at a single time. We
refer to the ordered sequence of actions and states over time
as a construction path, shown in Figure 2. All construction
paths begin at a null state where no blocks are connected, and
end with the final construction declared to be complete by the
participant. Video data for nine paths, from seven different
children, were lost due to camera malfunction during the
video recording, or incomplete video data (such as when
children moved the blocks out of the video recording area).
A total sample of 195 videos were analyzed from our sample
of 34 participants, annotated by four researchers, each of
whom annotated a subset of the videos.

Results
Most children successfully completed a correct copy of each
of the models, but they were not perfect (90% accuracy across
all children and models). Based on the measures of overall
copy accuracy, model 6A was the most challenging, with
only 67% of all copies completed correctly, while models 4S,
4A, and 6S were the easiest, with 97% final accuracy.
One of the benefits of our detailed coding method is that
we can examine children’s performance beyond simple
measures of overall accuracy to examine systematic patterns
of building throughout the entire block construction paths.
First, we examine the types of intermediate states created by
children compared to adults on a similar task.

Intermediate States
We examined the types and numbers of different states that
children created along their construction paths. There is a
finite enumerable number of possible correct states that
replicate a part or whole of each of the models. For example,
model 4A has 14 possible correct states that could be created
by children as they carry out their copy. In fact, when the
children in our study copied model 4A, they generated only
five unique correct states. The distribution of correct states
closely aligns with the number and type of correct states
observed in our previous studies of adult participants
(Cortesa et al., 2017). In those studies, a sample of 27 adults
also generated five correct states, with 4/5 states (80%)
overlap between the child and adult samples, shown here in
Figure 3.
This pattern holds for larger models as well. For example,
for model 6S, there are 79 possible correct states, but adults
created only 17 of 79, while children created 29 of 79. Figure
3 also shows that both children and adults follow two primary
construction paths. Nearly all participant actions started with
the bottom layer of the structure, by connecting the red and
green rectangles, and then moved to the top layer, reaching
the correct final construction. Overall, a large majority of
children followed the same few modal construction paths,
even within the limited number of observed states. To
illustrate, we examined the states in the single most common

Figure 2: Illustration of states, (images of blocks), actions
(directed arrows), and construction paths (a set of actions and
states that leads from the initial null state to the final state).
In order to assess the structure of paths for each of our six
models, we computed several outcome variables to
summarize the types of paths traversed by each participant.
First, to assess procedural efficiency of the construction
controlling for model size, we computed the number of excess
actions taken to complete a copy construction. We assume
that a procedurally efficient building process would result in
the fewest number of excess steps. Excess actions are defined
as the total number of actions in a path minus the minimum
number of actions needed to complete the model (where n is
the number of blocks in the model, and n-1 is the minimum
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construction path for each of the six models, not including the
final state which was common across builders. All of the most
common paths follow layer-by-layer construction and
represent over 56% of all the data for that model, (4S: 78.6%,
4A: 79.8%, 6S: 60.9%, 6A: 60.0%, 8S: 57.8%, 8A: 56.1%).
If children were constructing randomly, the states in any
single construction path would represent only about 15% of
the data as a conservative estimate for the smallest models. In
addition, children’s most common paths match closely with
the most common paths for adults; 25 of 30 states along the

modal paths overlap across the present study’s sample and
the adult sample from a previous study.
Figure 3 illustrates the large amount of overlap in the
construction behavior of adults and children. However, it
does not show the errors committed by either group. For
model 4A, adults generated only one incorrect state (which
was visited by only one individual), while the children
generated 10 unique incorrect states, which were visited 26
times by 11 different individuals.

Path Characteristics Across Development
Next, we characterize how path type changes across
development. We examined our three outcome variables 1)
the number of excess actions, as an indicator of procedural
efficiency, 2) the proportion of each path that follows a
bottom-up layer-by-layer construction pattern, as an indicator
of whether children seemed to rely on intuitive physics during
their construction, and 3) the average action duration of each
path, as an indicator of movement fluency and temporal
efficiency. Table 1 presents descriptive statistics for each of
our outcome variables for each model.
Table 1: Descriptive statistics for path-level outcome
variables for each of the six block models. (M (SD)).
Model
4S
4A
6S
6A
8S
8A

Excess
Actions
1.88 (4.27)
1.52 (2.29)
2.85 (5.64)
7.33 (9.90)
2.06 (3.52)
5.06 (7.96)

Layer
strategy (%)
85.54 (21.54)
87.41 (18.68)
71.63 (35.37)
53.11 (27.31)
63.61 (36.43)
64.71 (33.95)

Ave. Action
Duration (sec)
2.92 (1.38)
2.91 (1.24)
3.25 (1.33)
3.75 (1.38)
3.34 (0.96)
4.14 (1.74)

In order to assess the relationships among our outcome
variables of interest, we conducted a Pearson’s correlation
among them, reported here in Table 2. Correlations between
the path-level outcome variables show that those paths that
follow a layer-by-layer construction strategy have fewer
excess actions, and have faster actions on average. Similarly,
those paths that have fewer excess actions also tend to have
faster actions on average. Each of these outcomes may be
meaningfully related to a larger construct of construction
efficiency.
Figure 3: Correct states visited for model 4A. Panel a: Correct
states visited by 27 adults from Cortesa et al., 2017 compared
with Panel b, a sample of 33 children from the current study.
Observed states are shown as colored images. Possible correct
states that were not observed are shown in greyscale. Actions
are drawn as arrows numbered to indicate the number of
individuals who executed that action. Both adults and children
created similar sets of construction paths, representing only a
small portion of all possible correct construction paths. In both
groups, the large majority of participants tend to follow only
two primary construction paths, which follow a layer-by-layer
construction pattern.

Table 2: Correlations between path-level outcome
variables (r (p)).

Ave. Action Duration
Layer Strategy %

Excess
Actions
0.20 (.004)
-0.62 (<.001)

Ave. Action
Duration
-0.19 (.007)

Because of the high correlations among our outcome
variables of interest, we chose to examine three independent
repeated measures ANOVA models, one for each outcome of
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interest. Each ANOVA includes within-subject variables of
model size and symmetry, as well between-subjects variables
of participant age and gender.
Model 1: Excess Actions. We explored the number of
excess actions as an indicator of construction procedural
efficiency. Although most children successfully completed
the task, they took much longer construction paths, which
contain more excess actions, compared to adults. The
previous study reported that adults averaged fewer than one
excess action per construction (Cortesa et al., 2017), whereas
children in the present study executed over three excess
actions per construction (M = 3.37, SD = 6.34), when
averaged across all models and children. For children, task
6A was the most challenging, with only 30% of participants
executing this copy without committing errors, or undoing
and redoing their actions resulting in excess steps. Even for
the simplest models, 4S and 4A respectively, only 71% and
64% of children executed their copy with no excess actions.
We found that model size influenced procedural efficiency,
F(2,66) = 6.72, p = .002. The smallest 4-block models tended
to elicit paths with fewer excess actions compared to the 6block models, which had paths containing the most excess
actions, t(1,66) = -3.66, p < .001. In addition, symmetric
models showed fewer excess actions than asymmetrical
models F(1,33) = 8.47, p = .006. An interaction of model size
and symmetry, F(2,57) = 3.36, p = .042, indicated that the
larger asymmetric models, 6A and 8A, showed more excess
actions than either of the 4-block models, or the symmetric
6- and 8- block models. The larger asymmetric models,
particularly model 6A, showed the most excess actions (see
Table 1), indicating that children found this model
particularly challenging to copy correctly. In addition, we
found a main effect of age, F(1,155) = 33.60, p < .001, such
that for each additional year in age, the number of excess
actions in a path is expected to decrease by -0.87 actions. In
other words, for every additional year in age, participants
needed nearly one fewer action, on average, to successfully
copy the model. There were no effects of participant gender
on the number of excess actions in their construction paths.
Model 2: Layer Strategy. Next, we examined the
proportion of each path that follows a layering strategy. We
found that model size affected the degree to which
participants used steps consistent with layer-by-layer
constructions, F(2,66) = 15.06, p < .001, such that smaller
models tended to have greater amounts of layering patterns
compared to 6-block and 8-block models, t(1,66) = 4.93, p
<.001, and t(1,66) = 4.51, p < .001. This may be an artifact of
the more limited set of construction options available for
smaller models compared to larger ones. In addition, we
found a main effect of age, F(1,154) = 4.95, p = .028. As
children age, they increase their use of layering strategy.
Model 3: Action Duration. Finally, we examined average
action durations in order to assess participants’ temporal
efficiency. We found a main effect of model size, F(2,66) =
8.22, p < .001, such that smaller models tended to have faster
actions compared to 6-block and 8-block models, t(1,66) = 2.88, p = .005, and t(1,66) = -3.90, p < .001, respectively.

Also, a main effect of model symmetry, F(1,33) = 5.53, p =
.025, shows that symmetric models had faster average action
times than asymmetric models. A main effect of gender,
F(1,32) = 7.39, p = .011, indicates that males have faster
actions on average compared to females. There was also an
effect of age, F(1,154) = 8.09, p = .005, such that for each
additional year in age, average action timing is expected to
decrease by approximately -0.34 seconds per action. Finally,
an interaction of age and gender, F(1,154) = 4.65, p = .033
shows that the gender difference becomes smaller with
increasing age.

Discussion
Our study illustrates the constraints and developmental
changes in block construction between 4 and 8 years of age.
Overall, children were quite accurate in their final versions of
the target models. However, they also made many errors
along their construction paths; errors were most pronounced
among young children, and for the larger 6- and 8-block
asymmetric models. Even when their final result was accurate
90% of the time, children produced more than three excess
actions, on average, to reach that final correct state.
Despite these excess steps, children’s actions were highly
constrained, especially given the large number of
construction paths possible for creating correct copies of the
different models. Children’s paths mapped closely onto those
observed in adults in our previous studies (Cortesa et al.,
2017). One prominent characteristic of both children’s and
adults’ paths was the reliance on a bottom-to-top construction
pattern that generates horizontal layers in sequence. This
suggests that children and adults are both trying to create
stable structures and may be using intuitive physics concepts
such as balance and support to do so.
Although children achieved high levels of final accuracy,
they make many errors along the way, resulting in more
unique block states than a previous study found for adults
who constructed the same models. While both children and
adults build in accordance with physics principles of support
and balance by starting their construction at the base and
building upwards, children’s behaviors may be disrupted by
limitations in attention, working memory, or spatial
representation which result in errors.
We also found that age plays a significant role in the
structure of children’s construction paths, with some aspects
of block construction skills developing between the ages of 4
to 8 years. Specifically, layering strategy increased with age,
which may indicate that as children age, they develop a more
organized layer-by-layer strategy—perhaps with increased
understanding of the role that layering plays in enhancing
stability and efficiency in building, or as a result of increased
experience with construction toys like blocks. On average
children used fewer excess actions and executed actions more
quickly with age. Parents of children in the present study
indicated a wide range of experience and preferences for play
with blocks or other construction toys, but all participants had
at least some exposure to playing with blocks prior to
enrollment in the study. As layering strategy increases, that
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organization may lead to an increase in accuracy and
efficiency in their building behaviors. Future research should
examine the role of experience in children’s block
construction.
It seems clear that model complexity, including model size
and symmetry, affects the construction paths that children
create. Overall, we found that asymmetric models, especially
those larger models with 6- or 8-blocks elicited the greatest
number of excess actions in their construction paths, as well
as slower average action times, which may indicate that
children find them to be the most difficult. This finding aligns
with previous research, which indicates that children’s
performance replicating spatial patterns or constructions is
facilitated by symmetry (Richardson et al., 2014). Children’s
gender largely did not affect the accuracy and efficiency of
their construction behaviors. While we did find a gender
difference in the average speed of construction actions, this
gender difference was expected to decrease as children age.
In sum, we analyzed children’s full construction paths as
they copied block models. We found that children use only a
small subset of the possible correct construction paths
available for any given model, consistent with the same high
degree of constraint on adults’ construction paths. We also
found significant increases in accuracy and efficiency
between ages 4 and 8, reflected by fewer excess steps and
increasing use of layering as children build their models. As
children develop, their experiences may lead to greater
reliance on layered construction patterns. These findings are
consistent with the idea that construction behavior,
irrespective of age, may be constrained by some functional
strategies that reflect an understanding of intuitive physics.
We hope that our findings provide a foundation for future
explorations of the cognitive functions that support skilled
action behaviors, and their relationship to these other
important cognitive capacities, including the nuanced
contributions of individual differences.
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Table 1: Examples of study and test pairs used by Dosher (1984)
and Dosher and Rosedale (1991).

Abstract
When two events occur closely in time, an “association” exists
between memories for those events. When a pair of associated events is semantically similar, it is easier to recognize the
complete pair and easier to tell the complete pair apart from
pairs of events that did not co-occur; there is also, however, a
bias to report that similar events had co-occurred, even when
they had not. A new experiment shows that these phenomena
occur whenever two events share features, whether those features are perceptual or conceptual in nature and whether the
events themselves are verbal or non-verbal. We present a dynamic model for storage and recognition of associations that
shows how all these results can be explained by the principle that shared features lead to correlated processing of similar
events, which in turn increases capacity to process associative
information.
Keywords: Memory; associative recognition; similarity.

Introduction
When two events occur closely in time, it is often the case
that an “association” is formed between the memories for
those events. That is, not only is information about the events
themselves stored in memory (often called “item” information), so is information about the fact that they co-occurred
(often called “associative” information). The ability to store
both kinds of information underlies numerous cognitive functions, such as the ability to associate a word with its referent,
to discover analogies between similar scenarios, and to learn
causal relationships between events. However, it remains unclear what the relationship is between memory for individual
events (items) and for combinations of events (associations).
In particular, it is not clear what the content of an association is—does it depend on properties of the associated items
or is it independent? Based on a set of results regarding the
relationship between similarity and associative memory, we
present a model in which associative information is based
upon alignment of item representations. Results from a new
experiment lend support to this model.
Memory for associations can be studied using the associative recognition paradigm. In this task, participants study a
set of pairs of items such as words or images. In a subsequent
test phase, participants are asked to distinguish between pairs
of items that were studied together (“intact” pairs) from those
that were studied separately (“rearranged” pairs). Because
the items in each test pair were always studied, this task selectively measures memory for the associations formed between
items that were studied at the same time. Good associative
memory is indicated by the ability to correctly recognize intact pairs (high hit rate and/or fast correct recognition) and to
reject rearranged pairs (low false alarm rate and/or fast correct
rejection). By manipulating the kinds of item pairs used in the

Partial study list

Test pair

PRESENT—GIFT

PRESENT—GIFT (S+ E + )

CENTER—SUM
TOTAL—MIDDLE

CENTER—SUM (S− E + )

DINNER—VOW
PROMISE—SUPPER

DINNER—SUPPER (S+ E − )

SUMMIT—PERSON
CURTAIN—PATTERN

SUMMIT—PATTERN (S− Eu− )

MOVIE—FILM
MOTIVE—REASON

MOVIE—REASON (S− Er− )

study and test phases of this task, it is possible to assess what
kinds of item information lead to better associative memory
and, therefore, to learn about how the mnemonic content of
individual events (items) is related to the content of associations formed between them.
Using this task, Dosher (1984) and Dosher and Rosedale
(1991) investigated the relationship between semantic similarity and episodic memory for associations by using different
kinds of study and test pairs (Table 1). S+ E + pairs are those
that are both semantically related (S+ ) and studied together
(E + ); S− E + pairs are those that are semantically unrelated
(S− ) and studied together (E + ); S+ E − pairs were not studied together (E − ) but are semantically related (S+ ). There are
two kinds of S− E − pairs, i.e., pairs that are neither semantically related nor had been studied together: S− Eu− pairs are
formed by rearranging pairs of items that had originally been
studied with unrelated items; S− Er− pairs are formed by rearranging pairs of items that had been studied with semantically
related items. They found three critical results:
1. Correct recognition of an episodic association is improved
when pairs are semantically related (S+ E + > S− E + ).
2. False recognition of a rearranged pair is reduced when its
members were originally studied as part of semanticallyrelated pairs (S− Er− < S− Eu− ).
3. Semantically related rearranged pairs (S+ E − ) tend to be
falsely recognized as having been studied, but primarily
when responding is rapid (S+ E − ≈ S+ E + early, S+ E − ≈
S− Eu− late).
It is difficult for any single account to explain all these results: The first two results indicate that the presence of a semantic relationship between a pair of items leads to stronger
encoding of their episodic relationship, since it not only improves correct recognition, but aids correct rejection as well.
Results 1 and 3 might lead one to conclude that semantically
related pairs are more familiar by virtue of co-occurring more
often in general, but in fact such words do not tend to co-occur
(synonyms or antonyms are used in place of one another, not
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next to one another), nor would this explain result 2. Result 2
might be attributed to an encoding-specificity effect (Tulving
& Thompson, 1973), but this would not explain the other results nor why the effect is larger for pairs that were originally
studied with a related word. Result 3 could indicate that associative recognition depends initially on an overall assessment
of “relatedness”, and a second source of purely episodic information “suppresses” this initial bias (e.g., a “recall-to-reject”
mechanism). However, the suppression account does not explain why S+ E + > S− E + even for slower responses (if semantic relatedness were suppressed, this should mitigate the
advantage for S+ E + pairs) nor why it is easier to reject S− Er−
pairs than S− Eu− (unless studying a semantically related pair
also made that pair easier to recall, which could allow S+ E +
pairs to retain their advantage even for slow responses).
Recent work from our laboratory suggests these results
may be a function of interactions between item memory and
memory for associations. Cox and Shiffrin (2017) proposed a
dynamic model for item and associative recognition in which
associative recognition decisions were based on a set of features that emerged from the interrelation and/or elaboration of
the features of the component items. Because associative features can only emerge after enough item features have been
processed, this model implies a strong interaction between
item and associative retrieval. Clear evidence for such an interaction was found by Cox and Criss (2017), however they
also found that item and associative information were also
separable, in that some decisions could be made on the basis
of just one kind of information (cf. Buchler, Light, & Reder,
2008). This prior work focused on the mechanisms involved
at retrieval, rather than what happens during encoding, leaving unspecified the precise nature of the interactions involved.

4. If shared features are used to encode an item at study but
they are no longer available at test, the similarity between
the test item and memory for the studied item is reduced.
It is apparent that many of these consequences map onto the
partial explanations offered in the Introduction—the aim of
our model is to show how they all flow from the single notion
that shared features lead to correlated processing.
Representation and storage The event of encountering a
pair of items at either study or test is represented in working memory as a set of binary (0 or 1) features. There are
three types of feature, as depicted in the top row of Figure 1:
context features, which represent the time and location of the
study event; item-specific features, which represent the perceptual and conceptual aspects of each item; and associative
features which represent the co-occurrence of the two items.
There is a limited capacity to hold features in working memory. This capacity is determined by the number of unique
features across the event, such that when items are similar
less capacity is needed to represent them and more capacity is
available to represent associative features. Each item feature
has probability s of being shared between two semantically
related words. The proportion of features devoted to encoding associative information is pA for unrelated items and is
1 − (1 − pA )(1 − pA s) for related items (in other words, either
an associative feature is encoded normally with probability
pA or there is a shared feature with probability s and that capacity is used for an associative feature with probability pA ).
If the pair is presented for study, its working memory representation is stored as a trace in long-term memory1 . Storage tends to be incomplete and error-prone. Because context features are persistent in the environment, we assume that
all available context features are stored in the memory trace.
However, due to limited time and attentional resources, not
all item or associative features may be stored—we let u denote the probability that a non-context feature gets stored in
the trace. If a feature is stored, it is stored correctly with probability cS , otherwise a random value (either 0 or 1 with equal
probability) is stored instead. There is also a potential cost
that comes from encoding similar items with shared features
in that the item features stored by relying on shared features
may not match those stored without using these features, a
type of encoding-specificity (Tulving & Thompson, 1973).
Thus, while the effective amount of item features stored for
pairs of similar items is no more or less than that for unrelated
items, those features will not necessarily match the features
that would have been stored for that item as part of a different pair. For example, the probability of feature overlap
between “jam” as part of “traffic-jam” and “jam” as part of
“strawberry-jam” would be (1 − s) + s2 (either it is unique
with probability (1 − s) or is shared with both “traffic” and
“strawberry” with probability s2 ).
Following the paradigm of Dosher (1984) and Dosher and
Rosedale (1991), we model storage of 21 memory traces, one

A Dynamic Model of Associative Encoding
While it would be possible to explain the set of results just
reviewed in terms of multiple processes, we present a model
that is based on a single set of encoding and retrieval mechanisms, based on the model for item and associative recognition described by Cox and Shiffrin (2017). Although we
refer the reader to that source for additional detail, we lay out
the essential components of the model below, and show how
it helps explain the associative recognition results of Dosher
(1984) and Dosher and Rosedale (1991). The core of our
account is that encoding associative information depends on
aligning item representations, and when items are similar they
are processed in a correlated fashion that allows them to be
aligned more easily and affords greater capacity to encode
associative information. Four consequences follow directly
from this account:
1. Shared features between items at study leads to greater
storage of associative information.
2. Shared features between items at test allows extra capacity
to cue memory with associative information.
3. Correlation between channels at test leads to a bias to give
a positive response.

1 Storage certainly occurs during test as well, but is not modeled
here for simplicity.
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Figure 1: Illustration of how the two-channel memory probe evolves as different features become active (upper panels), changing the joint
activation of the two channels (lower panels; gray area indicates where a “no” response will be made, white area where a “yes” response will
be made). Each column corresponds to times denoted by the dotted vertical lines in Figure 2.

for each studied pair in the list, of which there were 7 related
pairs and 14 pairs formed by recombining related word pairs.
Note that this means some of the item features in a trace for an
unrelated pair may be shared (with probability s) with some
of the item features in a different memory trace.
Encoding dynamics Pairs are encoded in working memory according to the same dynamic process at either study or
test, and it is this dynamic process that determines the shape
of the speed-accuracy trade-off curves. At test, the working memory representation is compared to the traces stored
in long-term memory to assess whether the pair is intact or
rearranged. Initially, the two items are processed in separate channels. Each channel starts with just the features
of the present context, which tend to match the stored context features of recent events, like those from the study list.
These representations are compared, in parallel, to each of
the traces in memory, resulting in an activation level λi (t) for
each trace i that is a function of the number of features that
match (NiM (t)) or mismatch (NiN (t)) between the probe rep-

test items are related, they share features (again, with probability s), inducing a correlation between the signals from
each channel (cf. Tulving, 1981)2 . Encoding an associative feature depends on having a feature stored in the same
“slot” for both items, a process we refer to as “alignment”;
the intuition behind the need for an alignment process is that
one cannot encode an association until one knows something
about what is being associated. The effect of this is that associative features become active only after some item features
have already been encoded. Associative features enter both
channels, correlating their signals even more strongly. Once
again, the proportion of the available encoding capacity that
is devoted to associative features is pA for unrelated items
and 1 − (1 − pA )(1 − pA s) for related items. The left two panels of Figure 2 illustrate how the relative proportion of itemspecific and associative features in the probe yield different
levels of correlation, which are reflected in the joint distribution of recognition signals between the two channels (bottom
row, Figure 1).

resentation and the trace: λi (t) = (1 + cS )Ni (t) (1 − cS )Ni (t) .
Because λi (t) takes the form of a likelihood ratio (Shiffrin
& Steyvers, 1997), it increases with the number of matching
features and decreases with the number of mismatching features. As a result, a trace that has more features stored will be
more strongly activated by a matching probe, but will also be
more strongly de-activated by a mismatching probe.

Decision rule and related-pair bias In the signal-torespond paradigm, participants withhold their response until
a signal is given, at which point they make a response rapidly
(typically within 300 ms) based on whatever features they
were able to encode by the time of the signal. When the signal is given, a participant responds “yes” (the pair is intact) if
both signals are above a criterion θ, otherwise they respond
“no” (corresponding to the white “yes” and shaded “no” regions in the lower panels of Figure 1). This decision rule
makes it clear why correlated signals due to shared features
lead to a bias to give a positive response early on—by making it less likely for the signals to disagree (i.e., one above
and one below the criterion), this makes negative responses
less likely (see the lower middle panel of Figure 1). But the
fact that shared features allow for more associative features to
be encoded later on (once enough item features are encoded)

M

N

The memory strength (“familiarity”) for each probe is
the logarithm of the average level of activation over those
traces whose activation is greater than one, i.e., φ(t) =
log hλi (t)|λi (t) > 1i. Finally, recognition decisions are based
on tracking how memory strength changes from its initial
context-only level as the test pair is processed, such that the
memory signal for a given probe is x(t) = φ(t) − φ(t0 ), where
t0 is the time at which the test pair begins being processed.
As the trial proceeds, features of each test item gradually
arrive from perception (e.g., color or contour features) and
knowledge (e.g., semantic features) and join the context features already in each probe, as illustrated in Figure 1. If the

2 Context features are also shared between channels, but because
memory signals subtract the initial context-only level, they do not
result in a cross-channel correlation.
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Figure 2: The proportion of feature types active in the memory probe over time (left panel) determines the level of correlation between the
two channels (middle panel) which, in turn, determines the form of the bivariate distribution of signals in each channel which determine
the response probabilities (right panel, showing data averaged from Dosher, 1984, Exp. 1 and Dosher & Rosedale, 1991, Exp. 1). Model
parameters (see main text for definitions): u = 0.51, cS = 0.96, s = 0.45, pA = 0.40, θ = −1.2, t0 = 0.100, ρ = 0.013.

means that this early bias gets suppressed for S+ E − pairs because it is easier to detect the mis-match between the associative features at test and those stored at study. Conversely, it is
easier to detect the associative match for S+ E + pairs.

2013), distorted versions of those objects, or words, as shown
in Figure 3. The object stimuli consisted of 100 quartets,
where each quartet comprise two pictures of two objects each,
depicting each object in one of two states. There are three
ways to draw two non-overlapping pairs from a quartet, such
that there are three types of object pair: causally-related pairs
(same object in two different states); categorically-related
pairs (different objects but in the same state); and compound
causal+category pairs (different objects in different states).

Model fit For simplicity, we assumed that the maximum
number of either item, associative, or context features that
could be held in either the probe or trace was 30. Model
predictions were generated using a discrete-time approximation (Cox & Shiffrin, 2017, Appendix A), where each time
step takes ρ seconds and processing begins at a time t0 after the onset of the test pair. The complete model then has
five more free parameters: u (feature storage probability),
cS (feature storage accuracy), s (probability of related items
sharing features), pA (proportion of capacity for associative
features), and θ (response criterion). The right panel of Figure 2 shows that the model captures not only the qualitative
features of the data, but the quantitative details as well (for
average data, R2 = 0.98; over individuals, R2 ranged between
0.72 and 0.96, with median 0.91).

Distorted versions of each object quartet were created by
vertically flipping each image and then translating its pixels
according to a randomly generated Perlin fractal noise texture. Although different noise textures were used for each
quartet, within a quartet, the same noise texture was used to
distort each image. The effect was that each image in the
same quartet was subjected to the same distortion, preserving
the local pixel relationships while disrupting the global form
of the images and making them unidentifiable as objects. By
comparing normal to distorted objects, we can compare the
extent to which low-level perceptual similarity or high-level
conceptual relationships affect associative encoding.

Experiment
Our dynamic account of associative encoding says that shared
item features of any kind make it possible to encode more associative information in memory, leading to better recognition of intact pairs and better rejection of rearranged pairs, as
well as an early bias to call related pairs “old” that gets overwhelmed by the fact that such pairs contain shared item features that allow for more associative features later on. However, our account was designed to explain results using verbal stimuli and semantic similarity only. Therefore, we conducted a new associative recognition experiment to assess
whether our account remained plausible for non-verbal stimuli or non-semantic kinds of similarity.

Verbal stimuli were also designed to form quartets, where
again any pair from the quartet embodies a particular relationship (or lack thereof) between the items in the pair. There
were two kinds of verbal quartets: In one type, pair members either had no systematic relationship or could be combined to form compound words. In the other type of quartet, pair members were either synonyms, orthographic neighbors, or had no systematic relationship. The possible verbal relationships thus run the gamut from being unrelated, to
being semantically similar (synonyms), perceptually similar
(orthographic neighbors), or potentially unitized (compound
words). In all, there were 48 of each type of verbal quartet.
Design and Procedure Each participant engaged in 16
study/test blocks, 4 using normal object stimuli, 4 using distorted object stimuli, and 8 using verbal stimuli. The order of
blocks was randomized for each participant. Each study list
consisted of 24 pairs of items—2 non-overlapping pairs from
12 quartets—presented for 3 seconds each in random order
(with a 1 second inter-stimulus interval), under the constraint

Methods
Participants 79 Syracuse University undergraduate students participated in this study in exchange for course credit
in accord with local Institutional Review Board policy.
Materials Stimuli were one of three kinds: pictures of common objects (drawn from Brady, Konkle, Alvarez, & Oliva,
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Figure 3: Examples of stimulus quartets used to generate study and test pairs.

that two pairs from the same quartet would not be presented
one after the other. Which set of pairs was shown at study
was counterbalanced across quartets, e.g., for object stimuli 4 quartets were causal pairs, 4 were category pairs, and
4 were causal+category pairs. Each verbal list was comprised
of 6 sets of pairs from compound-word quartets and 6 sets
of pairs from synonym/neighbor quartets (again, the set of
pairs within a quartet that were studied was counterbalanced
across quartets within each list). At test, half of the pairs were
shown intact and half were rearranged, with assignment of intact/rearranged (and, for rearranged pairs, how they would be
rearranged) being counterbalanced across quartets within a
list. Any given item would only been seen by a participant in
a single study/test block, and if a participant encountered an
object quartet in distorted form, they would never encounter
it in its original form, and vice versa.

the onset of the next test trial.

Results
The mean proportions of positive recognition responses as a
function of both study and test relationship are shown in Figure 43 . For present purposes, we simply note a few crucial
features of the data: Among normal object stimuli, causallyrelated pairs had slightly higher hit rates and were less likely
to result in false alarms when rearranged, analogous to S+ E +
and S− Er− pairs. When comparing normal to distorted objects, however, it is clear that at least some of the advantage
for causally-related pairs is due to their shared low-level features rather than the conceptual relation—such pairs yield superior discriminability even when the objects are deprived of
semantic content by distortion.
Among words, studying an unrelated pair leads to overall
worse recognition (lower hit rates and generally higher false
alarms), but there was no substantial difference between different kinds of foils in terms of false alarm rate, in accord
with the finding above that any relatedness bias tends to occur when responses are rapid and not necessarily in free response. Although semantic relatedness lead to higher hit rates
(and lower false alarms, at least for neighbor foils), pairs of
orthographic neighbors (which are perceptually, not semantically, similar) or pairs that could form a compound word
(which may not be similar to one another, but could be processed holistically) yielded even better correct recognition as
well as lower false alarms, at least to unrelated foil pairs.

During study, the items in each pair were presented next to
one another in horizontal orientation, with left/right position
determined randomly. Prior to each study list, participants
were told to try to remember the items in the list as well as
which items appeared together at the same time (i.e., as part
of a pair). After presentation of the study list, test instructions
were shown to participants for a minimum of 15 seconds, after which they could proceed. These instructed participants
that they should give a positive response (using either the J
or F key, randomly assigned per participant) when shown an
intact pair and a negative response (using the other key) otherwise, and that they should try to make their responses as
quickly and accurately as possible. The items in each test pair
were presented on top of one another in vertical orientation,
with top/bottom position determined randomly, to preclude
any bias due to left/right item position at study. Each test trial
began with a fixation cross in the center of the screen for 500
ms, followed by presentation of the test pair which remained
on screen until the participant made their response. After responding, participants were told whether their response was
correct or incorrect; if they made a response in less than 300
milliseconds, they were also shown a message to “Please take
more time to respond” and if they responded in more than 4
seconds, they saw a message to “Please try to respond more
quickly”. Feedback was displayed for at least 1 second, and
for an additional 3 seconds if the response was under 300 ms.
A random interval between 1.25 and 1.75 seconds preceded

Discussion
Our experiment is consistent with our model in that shared
features of any kind, whether perceptual (e.g., orthographic
neighbors or similar distorted objects) or semantic (e.g., synonyms or identical undistorted objects) yield superior encoding of associative information, as evidenced in enhanced
recognition of intact similar pairs and/or enhanced rejection
of rearranged pairs that “break” similar pairs (like S− Er−
pairs). Further, this holds not just for verbal stimuli, but for
natural objects and abstract forms (the result of distorting the
normal object images). Our results are thus congruent with
3 Space constraints preclude plots of response time, however it
is generally anti-correlated with accuracy, such that high-accuracy
conditions also have faster responses on average.
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Figure 4: Mean proportion of positive recognition responses (error bars ±1 within-subject standard error about the mean).

results 1 and 2 from the Introduction. As for result 3, the
lack of a similarity-based bias in our results is consistent with
Dosher and Rosedale (1991) in finding that such biases are
usually restricted to short response deadlines.

pacity for associative features that arises from shared item
features is not solely the result of feature sharing being, itself, a type of associative feature. Instead, associative features
may represent higher-order relationships between items. And
while more work is needed to relate how associations are retrieved when all elements of the association are present (as
in recognition) versus when they are only partially presented
(as in cued recall), the strong correlation between associative
recognition and cued recall—including how item properties
affect performance in each task—suggests that similar mechanisms are involved (Cox, Hemmer, Aue, & Criss, 2018).
We do not pretend to have explored all possible models of
associative representation and retrieval, and given the overwhelming number of as-yet-untested experimental manipulations of item and associative relationship, we suspect that
any extant model—including the one we describe here—will
eventually prove insufficient. What we have done is to illustrate how a diverse set of results that have been difficult to
reconcile can be readily understood within a single dynamic
framework for memory retrieval.

Discussion
We have shown how the presence of shared features between
items—a single parameter (s)—leads to the three critical findings described in the Introduction: Shared item features leave
extra capacity for storing associative features at study, meaning that an intact related pair will more strongly activate its
corresponding study trace (result 1) but a test pair that breaks
related pairs (i.e., S− Er− ) will more strongly de-activate those
traces and is less likely to match the studied items (result 2).
At test, shared item features induce a stronger correlation between the channels devoted to processing each item, leading
to a bias to give a positive response to such pairs that is later
suppressed as shared features allow more capacity for associative features (result 3). This model also builds on the account proposed by Cox and Shiffrin (2017) to illustrate how
item and associative information interact during both encoding and retrieval (Cox & Criss, 2017).
Our experiment illustrates how any shared features,
whether perceptual or conceptual, lead to these consequences.
In addition, we can directly compare these results to pairs of
words that form a compound, that is, a single unit, which
elicited performance similar to that for pairs of orthographic
neighbors (i.e., strong perceptual similarity). While it is true
that the items in such a pair still form words in their own
right, it is likely that compound word pairs are encoded with
relatively few item-specific features and relatively more associative features. Within the context of the model, if only
associative (and context) features are active at retrieval, the
“two channels” are perfectly correlated—effectively forming
a single-item unit, i.e., a compound.
That compound word pairs can be viewed as an extreme
case of “feature sharing”, even though their component items
do not necessarily share any features, highlights how experience can alter the encoding of event memories and event associations. A feature that was once “associative”, that is, that
could only become available in the presence of combinations
of other features, can become an “item” feature as those combinations are experienced repeatedly, a phenomenon often associated with the term “unitization” (LaBerge & Samuels,
1974; Goldstone, 2000). This suggests that the additional ca-
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body, face, and the cues that may be leaked through gestures
and words (Riggio & Friedman, 1983). In other words, most
of what we know about the psychology of deception relies on
the physical observation of behavior.
Increased mobile technology and connectedness among
people and communities have moved our societies from the
physical to the cyberworld: an adversarial setting where
security is of essence. Many cyber attacks occur when
attackers take advantage of the power of deception. Cyber
attackers intentionally mislead end-users and cyber defenders
into believing that an action is “safe” in order to manipulate
humans into disclosing information or granting access to
security systems. Like magicians, cyber attackers are
learning to fool the human mind quite effectively. However,
cyber defenders can also use deceptive techniques to try to
mitigate attacks and to deter or catch attackers.
Understanding how attackers learn to adapt to deceptive
techniques is important to developing better defense systems.
In physical security systems, researchers have developed
algorithms that plan optimal allocation of limited defense
resources (Tambe, 2011; Pita et al., 2008; Shieh et al., 2012).
The challenge of security resource optimization carries over
to cybersecurity where it is important to assist human
administrators in defending networks from attacks (Gonzalez
et al., 2014). Researchers have relied on insights from
Stackelberg Security Games (SSGs) to develop strategies to
optimally allocate defense resources (Tambe, 2011). SSGs
model the interaction between a defender and an adversary as
a leader-follower game (Tambe, 2011). A defender plays a
particular defense strategy (e.g., randomized patrolling of
airport terminals) and then the adversary takes action after
observing the defender’s strategy. Recently, this research
leveraged signaling theory, where algorithms aim at finding
how to “trick” an adversary through the use of deceptive
signals in a two-stage SSG (Xu et al., 2015). While proven to
work well against perfectly rational adversaries, this research
is still in its infancy when it comes to understanding how a
human would interpret and react to deceptive signals.

Abstract
To improve cyber defense, researchers have developed
algorithms to allocate limited defense resources optimally.
Through signaling theory, we have learned that it is possible to
trick the human mind when using deceptive signals. The
present work is an initial step towards developing a
psychological theory of cyber deception. We use simulations
to investigate how humans might make decisions under various
conditions of deceptive signals in cyber-attack scenarios. We
created an Instance-Based Learning (IBL) model of the
attacker decisions using the ACT-R cognitive architecture. We
ran simulations against the optimal deceptive signaling
algorithm and against four alternative deceptive signal
schemes. Our results show that the optimal deceptive algorithm
is more effective at reducing the probability of attack and
protecting assets compared to other signaling conditions, but it
is not perfect. These results shed some light on the expected
effectiveness of deceptive signals for defense. The implications
of these findings are discussed.
Keywords: cyber deception; cognitive models; instance-based
learning; stackelberg security games

Introduction
Fooling the human eye is a skill that magicians learn to do
very effectively, and one that cognitive scientists investigate
to try to reveal answers about essential aspects of human
cognition (Ekroll & Wagemans, 2016). Within the domain of
cybersecurity, cognitive scientists try to understand the
power of deception: a form of persuasion where one
intentionally misleads an agent into a false belief, in order to
gain an advantage over the agent and to achieve one’s goals
(Rowe & Rushi, 2016).
While there is much work in the psychology of deception,
most of what is currently known consists of the use of verbal
and nonverbal cues, including appearance, gestures, and
descriptions, and the role of these attributes of social
interaction (Morgan, LeSage & Kosslyn, 2009; Bond &
DePaulo, 2008; Riggio & Friedman, 1983). For example,
most studies frame the study of deception as it relates to the
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Our research investigates how humans might learn to react
to deceptive signaling algorithms. Whereas there is previous
work in modeling human decision making in a single-stage
SSG, it has not addressed deceptive signaling (Abbasi et al.,
2016). Our methods involve pairing deception strategies,
including a known and highly regarded defense algorithm
(Xu et al., 2015), against a high-fidelity cognitive model
known for its accurate representation of human decisions
from experience. We created an Instance-Based Learning
(IBL) model of the attacker decisions (Gonzalez, Lerch &
Lebiere, 2003) using the ACT-R cognitive architecture
(Anderson & Lebiere, 1998). The security algorithms and
ACT-R model interacted in a newly created Insider Attack
Game over multiple rounds with multiple trials in each round.
We studied the adaption and learning of the IBL model
against the various defense algorithms in order to predict the
effectiveness of the deceptive signals against boundedlyrational human agents.
Our simulation results show that the probability of attack
increases when there is no warning and decreases under the
optimal deceptive signaling algorithm, almost reaching the
optimal probability of attack predicted by the algorithm.
Interestingly, the cognitive algorithm learns to attack less
often when the signal is sometimes deceptive than when the
signal is always truthful. The cumulative score per round also
demonstrates that the optimal deceptive signaling algorithm
is far better at protecting the assets than truthful warnings.
In what follows, we first describe the Stackelberg Security
Game (SSG) in the context of the Insider Attack scenario
used in our simulations, and introduce the optimal deceptive
signaling algorithm. We next describe the IBL cognitive
model and the implementation of the simulations that pair the
model against the optimal deceptive signaling algorithm, and
other defense algorithms, in a SSG. Finally, we present our
results and discuss their implications.

with each computer. On a given trial, two security analysts,
controlled by an algorithm, monitor one computer each.
From the perspective of the defenders, the game is a twostage security game. As in classic single-stage SSGs, the first
stage involves allocating defense resources. For the present
security game, the allocation of the security analysts is
optimized by computing the Strong Stackelberg Equilibrium
(SSE), which provides a probability of monitoring (m-prob)
each computer. Agents are provided this information as a
percentage of time that each computer is monitored. In the
second stage, information about whether the computer
selected by the attacker is being monitored is strategically
revealed to the attacker (Xu et al., 2015). It is in this second
stage where defenders can take advantage of deceptive
signaling techniques.
For each trial, agents first select one of the targets to attack.
They are then presented with information about whether or
not the computer is being monitored. They must then make a
decision to either continue or withdraw the attack. If an agent
attacks a computer that is monitored, then they lose a penalty
between 1 and 10 points, but if the computer is not monitored
they gain a reward between 1 and 10 points. If they choose to
withdraw the attack, they receive 0 points.
Agents perform four rounds of 25 trials each. Each round
consists of a different set of computers each with different
payoff structures, which results in a different allocation of
defense resources. In the present game, the SSE allocates
defenses across a round in such a manner that the expected
values of attacking each computer are positive and all the
same. In the current version of the game, defenses are
allocated at the start of each trial in accordance with the SSE
for the round. Table 1 shows the rewards, penalties, and mprob for each computer in each round.
In the second stage of the Insider Attack Game, the warning
signal was manipulated in different ways across different
conditions of the game to assess the effect of deception on
decision making. The baseline condition of the game is called
the DeceptiveWarning condition, which presents deceptive
warning signals according to the optimal deceptive signaling
algorithm. The key mechanism in this condition is that the
warning presented in the second stage of the game is
sometimes a lie. If a computer is being monitored, then the
attacking agent will always be given a truthful warning signal
that the computer is currently monitored. If a computer is not
being monitored, then a certain percentage of the time (which
is unknown to the agents) a deceptive warning signal is
presented claiming that the computer is monitored.

A SSG in an Insider Attack Scenario
For the present work, a SSG was developed under an Insider
Attack scenario in order to situate the cover story within the
cybersecurity domain. In this Insider Attack Game, an
adversarial agent takes the role of an employee at a company
whose goal is to maximize their score by “hacking”
computers to steal proprietary information and avoid being
caught by the security analysts (defenders) that monitor the
computers. Agents are presented with six computer targets,
each with a different payoff (reward/penalty) structure.
Agents are provided the reward and penalty values associated

Table 1: Payoff structure for each computer per round.
Round
Target 1
Target 2
Target 3
Target 4
Target 5
Target 6
Round 1
[2, -1, 0.22]
[8, -5, 0.51]
[9, -9, 0.42]
[9, -10, 0.40]
[2, -6, 0.08]
[5, -5, 0.36]
Round 2
[5, -3, 0.41]
[8, -5, 0.48]
[7, -6, 0.41]
[8, -9, 0.37]
[5, -7, 0.27]
[2, -4, 0.05]
Round 3
[3, -3, 0.30]
[9, -4, 0.60]
[6, -6, 0.40]
[5, -8, 0.29]
[3, -6, 0.20]
[2, -2, 0.20]
Round 4
[4, -3, 0.37]
[6, -3, 0.51]
[7, -7, 0.40]
[5, -10, 0.24]
[5, -9, 0.26]
[3, -4, 0.23]
Note. The first number in brackets is the reward, the second number is the penalty, and the third is the probability that the
computer is being monitored on any given trial, [payment, penalty, m-prob].
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The percent of time that a deceptive warning signal is
presented is determined by computing a conditional
probability that brings the expected value of attacking the
computer to zero, as defined by the following equation:
𝑥=

projected outcome of attacking that target by retrieving
similar past instances. In ACT-R, the retrieval of past
instances is based on the activation strength of the relevant
chunk in memory and its similarity to the current context. The
activation Ai of a chunk i is determined by this equation:
𝑛

(𝑝𝑒𝑛𝑎𝑙𝑡𝑦 × 𝑚-𝑝𝑟𝑜𝑏)⁄𝑟𝑒𝑤𝑎𝑟𝑑
1 − 𝑚-𝑝𝑟𝑜𝑏

𝐴𝑖 = ln ∑ 𝑡𝑗−𝑑 + 𝑀𝑃 ∗ ∑ 𝑆𝑖𝑚(𝑣𝑘 , 𝑐𝑘 ) + 𝜀𝑖
𝑗=1

𝑘

𝑖

The baseline DeceptiveWarning condition was compared
to four other signaling conditions:
TruthfulWarning – a warning signal is always presented
when an analyst is present, never when an analyst is absent;
only truthful signals are presented, no deception is used.
NoWarning – a warning signal is never presented
regardless of whether an analyst is present or absent; no
deception is used.
AllWarning – a warning signal is presented on every
trial regardless of actual coverage, therefore a warning is
deceptive every time the computer is not being monitored.
RandomWarning – a warning signal is presented
randomly whether an analyst is present or absent, in
accordance with the probability of a warning signal being
presented in the DeceptiveWarning condition.

The first term provides the power law of practice and
forgetting, where tj is the time since the jth occurrence of
chunk i and d is the decay rate of each occurrence which is
set to the default ACT-R value of 0.5. The second term
reflects a partial matching process, where Sim(vk,ck) is the
similarity between the actual memory value and the
corresponding context element for chunk slot k. The term εi
represents transient noise, a random value from a logistic
distribution with a mean of zero and variance parameter s of
0.25 (ACT-R default), to introduce stochasticity in retrieval.
The activation of a particular chunk determines the
probability of retrieving that chunk according to the softmax
equation, also known as the Boltzmann equation, reflecting
the ratio of chunk activation Ai and its noise level s:

Model Description

∑𝑗 𝑒 ⁄𝑠
The model uses ACT-R’s blending mechanism (Lebiere,
1999) to retrieve an expected outcome of attacking a target
based on past instances, computed by the following equation:

𝑃𝑖 =

A cognitive model of the attacker was created to make
predictions about how agents would perform against the
various defense algorithms. The cognitive model is
implemented in the ACT-R cognitive architecture (Anderson
& Lebiere, 1998; Anderson et al, 2004) and decisions are
made following the methodology of instance-based learning
(IBL) theory (Gonzalez et al., 2003). A model based on
mechanisms of the ACT-R architecture limits free parameters
and constrains assumptions of representation and processes.
IBL has been used to model decision making processes across
a number of tasks with much success, including supply chain
management (Gonzalez & Lebiere, 2005), social dilemmas
(Gonzalez et al., 2015; Lebiere, Wallach & West, 2000;
Juvina et al., 2011), two-person games (Sanner et al., 2000,
West & Lebiere, 2001), repeated binary-choice decisions
(Gonzalez & Dutt, 2011; Lebiere, Gonzalez, & Martin,
2007), and classical single-stage SSGs (Abbasi et al., 2016).
In IBL, decisions are based on past experiences, or
instances, that are similar to the current situation. Typically,
experiences are encoded as chunks in declarative memory
that contain a description of the context in which each
decision is made, the decision itself, and the outcome of that
decision. In the current model, the context slots include the
probability that a computer is being monitored (m-prob;
range 0 to 1.0), the value of the reward (range 0 to 10), the
value of the penalty (range 0 to -10), and whether or not a
warning signal was provided (present or absent). The
decision slot includes the action taken (attack or not attack
the computer). The outcome slot includes the feedback
representing the actual points received based on the action.
For each decision, the model takes the description of each
target and the action to attack as input, and produces a

𝑒

𝐴𝑖⁄
𝑠
𝐴𝑗

2

𝑉 = argmin ∑ 𝑃𝑖 × (1 − 𝑆𝑖𝑚(𝑉, 𝑉𝑖 ))
𝑖

The value V is the one that best satisfies the constraints of all
matching chunks i weighted by their probability of retrieval
Pi. Satisficing is defined as minimizing the dissimilarity
between the consensus value V and the actual answer Vi
contained in chunk i.
Figure 1 shows how the model operates on a given trial.
The first step is to select a computer to attack (left side of
Figure 1). The model loops through each of the six computers
and retrieves a projected outcome of attacking the computer
through blending, as described above. The computer with the
highest projected outcome is selected.

Figure 1: Model procedure.
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Next, the model is presented with or without a warning
signal for the selected computer. The context is augmented
with a slot representing whether a warning is present or
absent. In the second step of the decision process (right side
of Figure 1), the model retrieves a blended value representing
the updated projected outcome of attacking the computer. In
the selection step, all past instances are available for retrieval.
However, in the second step, only instances whose Warning
slot value matches the warning signal are available to be
retrieved. If the projected outcome is less than or equal to
zero then the model does not attack and the outcome slot is
updated with the value 0. If the projected outcome is greater
than zero then the model attacks and the outcome slot is
updated to reflect the ground truth outcome depending on
whether the computer was monitored or not. It is this final
chunk that is saved in declarative memory as a new instance.
The model behavior reflects its experiences. If an action
results in a positive/negative outcome, then its expectation
will be increased/lowered and the model will be more/less
likely to select and attack that computer in the future. The
impact of experiencing a specific outcome also strengthens
with frequency and weakens with time.
The model is initialized with eight instances in declarative
memory that represent the edges of the decision space. That
is, the chunks represent all the combinations of a reward slot
value of 0 or 10, a penalty slot value of 0 or -10, an m-prob
slot value of 0.0 or 1.0, an action slot value of “attack”, a
warning slot value of “neutral”, and an outcome slot value of
0, 10, or -10 depending on the given reward, penalty, and mprob. With these initial chunks, the model can make a
heuristically sound decision when starting the game. The
activation strengths of these chunks quickly decline and they
do not play a large role in subsequent decisions due to low
probabilities of retrieval.

to other conditions – particularly compared to the Truthfuland NoWarning conditions that use the SSE without
deception – but the model attacks more often than what is
specified by the OptimalDeceptive probability of attack.

Figure 3: Probability to attack on each trial across rounds.
For all conditions, the model begins by attacking a fairly
high proportion of the time, just above 75% and the pattern
of attacks adapts quickly in different directions depending on
the signaling condition. As expected, the model attacks most
often in the NoWarning condition and continues to increase
its rate throughout the game approaching but never reaching
100%. Although the expected value of attacking is positive,
the model is deterred from attacking after experiencing a loss,
but over time the model continues to attack as the gains
outnumber the losses. In the DeceptiveWarning condition the
probability of attack ultimately decreases to the lowest level
of all conditions but stays just below 0.50, well above what
is specified by the OptimalDeceptive probability. In the
TruthfulWarning condition the model stabilizes between 0.60
and 0.65 probability of attack (except in round 3), slightly
below the OptimalTruthful decision of attacking only when
the target is not covered. In the RandomWarning condition,
the model quickly stabilizes just below 0.60 probability of
attack. In the AllWarning condition, the model quickly learns
to refrain from attacking, likely due to receiving a penalty
early on when a warning is truthful and then is deterred from
attacking until those past instances decay and their activation
strength weakens. The model then begins exploring the
possibility of attacking and slowly attacks more often
throughout the rest of the game. Interestingly, Random- and
AllWarning conditions converge to roughly the same
probability of attack as the TruthfulWarning condition, even
though those signals carry no information regarding the
underlying monitoring probability.
Figure 4 shows the mean probability of attacking on a
given trial when a warning signal is present and when one is
absent. The results indicate that when warnings are always
truthful, in the TruthfulWarning condition, the model attacks
when a warning is absent but rarely attacks when a warning
is present. Interestingly, learning is slower when the warning
is present than when it is absent, and the model still
occasionally attacks in the presence of a warning, reflecting

Model Results & Discussion
For each condition, the model was run 1000 times to generate
stable estimates. The model was assessed based on
minimizing both the probability of attacking for the postwarning decisions and the number of points earned per round.
Figure 3 shows the mean probability to attack on a given
trial across rounds. In addition to the five conditions of
interest, we also plotted the optimal probability of attacking
given the positive expected value of the targets if no warnings
were presented (AlwaysAttack; attack 100% of the time
because the expected value of each target is greater than
zero), the rationally optimal probability of attacking in the
TruthfulWarning condition (OptimalTruthful; attack 66% of
the time, equal to the probability of not receiving a warning
in the TruthfulWarning condition), and the rationally optimal
probability of attacking in the DeceptiveWarning condition
(OptimalDeceptive; equal to the probability of not receiving
a warning in the DeceptiveWarning condition, assuming the
employee attacks only when warnings are absent, which is
0.35, 0.37, 0.33, and 0.30, for rounds 1-4 respectively).
The results indicate that including deceptive warning
signals can result in a lowered probability of attack compared
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uncertainty about foregone payoffs. Contrary to expectations,
when deception is added in the DeceptiveWarning condition,
the model sometimes attacks when a warning is present, at a
rate about midway between when only truthful warnings are
presented (TruthfulWarning condition) and when the
warnings carry no information of the underlying monitoring
probability (Random- and AllWarning conditions). However,
the DeceptiveWarning condition is best at mitigating attacks
when a warning is presented in the absence of an analyst.
In the RandomWarning condition, the probability of
getting a warning is about 66%, but the computer is
monitored only 33% of the time. Therefore, the probability of
winning an attack is 66% regardless of the presence of a
warning. The probability of attack of the model closely
matches this probability of winning, reflecting the wellknown probability matching bias (Erev & Barron, 2005).
Similarly, in the AllWarning condition, the model closely
matches the probability of winning an attack at about 66%.
In both conditions, the model initially falls to 50% or below,
and then slowly approaches 66% by the end of the game,
suggesting that the model displays a risk aversion behavior
reflecting an initial sampling bias, but that can be unlearned
through experience (Lebiere et al., 2007). In the
DeceptiveWarning condition, the probability of attack is just
below 33% of the time. In this condition warnings are
presented about 66% of the time, but a computer is being
monitored on only 50% of those instances. Therefore, the
model should attack 50% of the time when a warning is
present. However, that the model attacks less than 33% of the
time is indicative of another manifestation of risk aversion.

condition is the DeceptiveWarning, which is far better at
protecting against loss than the TruthfulWarning condition,
substantially minimizing the number of points obtained.
When deceptive signals are used, the model attacks less often
when a computer is not monitored, reducing the possible
number of rewards obtained. The model also attacks more
often when warnings are true, increasing the number of
penalties obtained. In the NoWarning condition, the model
obtains almost as many points as in the DeceptiveWarning
condition, indicating that a high rate of attack results in many
rewards, but also many penalties, and closely matches the
expected gain based on the mean expected value of attacking
(M = 1.43). In the Random- and AllWarning conditions, ones
in which the warning signals provide no information about
the underlying monitoring probabilities, the model obtains
the fewest points, indicating that a random warning signal
drives randomness in behavior and limits performance.
However, these two conditions are worse overall in terms of
mitigating attacks in the presence of warning signals.

Figure 5: Mean total score across rounds.

Conclusion
The DeceptiveWarning condition performs best in terms of
both reducing the probability of attack and minimizing loss.
However, the probability of attack does not reach the level
predicted by the OptimalDeceptive probability of attack.
Why does deception not reduce the probability of attack to
the OptimalDeceptive probability of attack? The algorithm
governing how often to present a deceptive warning is
designed to bring the expected value of attacking to zero.
With an expected value of zero, a perfectly rational agent
would choose to never attack in the presence of a warning
signal, preferring to receive zero points with certainty.
However, a boundedly-rational human might attack 50% of
the time because the expected value of attacking is equal to
the expected value of not attacking. In the Insider Attack
game, the model makes risky decisions and sometimes
attacks when a warning is presented, learning that it can still
win sometimes even when a warning is present. Through its
decisions from experience, the model learns to attack when a
warning is present at a rate that is still below the probability
that a warning signal is deceptive, or 50% of the time.
That the probability of attacking is just below 33% could
possibly be due to a risk aversion affect (Lebiere et al., 2007).
For example, in Lebiere et al. (2007), the IBL model initially
makes risky decisions early on, but a series of poor payoffs
results in a projected outcome that is lower than that of the

Figure 4: Probability to attack on each trial when warnings
are present or absent. The NoWarning condition only shows
a line for when warnings are absent. The AllWarning
condition only shows a line for when warnings are present.
Figure 5 shows the mean total score obtained for each
round for each condition. The model obtains a much higher
score in the TruthfulWarning condition than in any other
conditions because it suffers little loss after learning to refrain
from attacking when a warning is present in order to obtain
the best possible outcome on each trial. In other conditions,
the model sometimes attacks when a presented warning is
truthful and therefore suffers some loss. The next rewarding
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non-risky alternative. Therefore, the model avoids risky
decisions and makes the safe choice more often. Similarly, in
the present model, a series of penalties will lower the
projected outcome and the model may attack less often. A
series of non-attacks will lower the probability of attacking,
but as was seen in Lebiere et al., we can expect the probability
of attacking to increase to the OptimalDeceptive level given
more trials as the increasingly long history of instances
begins to match the probabilities of receiving a warning.
In conclusion, the allocation of optimal deceptive warning
signals reduces the probability of attacking when a computer
is not being monitored, and increases the probability of attack
when a computer is truly monitored. This latter effect is
actually good for cybersecurity because the attacker can be
caught in such situations. The optimal deceptive signaling
algorithm is effective at persuading adversarial agents to
behave in a manner that benefits the defender. Using a
cognitive model to test the assumptions predicted by the
optimal deceptive signaling algorithm has proven useful to
exploit opponent cognitive biases and in optimizing the
effectiveness of the algorithm beyond what can be projected
by assumptions of perfect rationality. Future research is
aimed at validating the model against human participants and
optimizing the defense algorithm.
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range also affect people’s estimations (Bobko & Karen,
1979; Lauer & Post, 1989).
Problems interpreting scatter plots led Doherty and
Anderson (2009) to argue for standardizing the graphical
features (e.g., axes, labels) of scatter plots in the field of
psychology. Standardization of scatter plots, however, does
not solve the problem of inaccurate estimation of
correlation. In fact, when people see only standardized
scatter plots, there is little opportunity to learn to distinguish
relevant and irrelevant features; moreover, lack of exposure
to non-standardized scatter plots may intensify observers’
perceptual biases.
Perceptual learning – experience-induced changes in the
extraction of information – is fundamental to this kind of
learning challenge (Gibson, 1969; Kellman & Massey,
2013). Research shows that perceptual learning (PL) can be
accelerated by interventions involving many short
classification episodes that expose the learner to variation
within and between learning categories. As the underlying
properties (e.g., features, relations) that drive classifications
are discovered, perceptual processes come to extract the
relevant features preferentially while other irrelevant
information may be inhibited. The preferentially selected
information comes to be picked up with lower effort or load
and ultimately automatically (Kellman, 2002).
The embodiment of perceptual learning techniques in
learning technology can be markedly enhanced by
combination with particular adaptive learning procedures in
Perceptual Adaptive Learning Modules (PALMs; Kellman,
Massey & Son, 2010; Thai, Krasne & Kellman, 2015).
PALMs systematically put learners through series of
classification trials, each dedicated to a particular perceptual
classification, which we call a learning category. These
learning categories are spaced and interleaved adaptively
using the ARTS (Adaptive Response-Time-based
Scheduling) algorithm (Mettler & Kellman, 2014; Mettler,
Massey, & Kellman, 2016), which uses the learner’s
accuracy and response time on items within a learning
category to assess learning strength and determine the
learning category’s sequencing priority. Remarkably, the
same adaptive learning concepts tend to optimize spacing in
both factual and perceptual classification domains (Mettler,
Massey & Kellman, 2016), a fact likely explained by a
general principle – the “successful effort hypothesis” – that
applies across learning domains. The key idea is that the
best time for another learning trial for a given category in

Research has shown that estimation of correlation from
scatter plots is done poorly by both novices and experts. We
tested whether proficiency in correlation estimation could be
improved by perceptual learning interventions, in the form of
perceptual-adaptive learning modules (PALMs). We also
tested learning effects of alternative category structures in
perceptual learning. We organized the same set of 252 scatter
plot displays either into a PALM that implemented spacing in
learning by shape categories or one in which the categories
were ranges of correlation strength. Both PALMs produced
markedly reduced errors, and both led trained participants to
classify near transfer items as accurately as trained items.
Differences in category organization produced modest effects
on learning; there was some indication of more consistent
reduction of absolute error when learning categories were
organized by shape, whereas average bias of judgments was
best reduced by categories organized by different numerical
ranges of correlation.
Keywords: perceptual learning;
correlation estimation; scatter plots

category

learning;

Introduction
The need to process patterns and relationships in data has
never been more prominent than it is today across many
aspects of work, citizenship, and daily living. There is
growing interest in promoting data literacy, but we are only
beginning to understand some of the learning challenges
that are involved in doing so. Correlation is one of the most
fundamental data relations used across a great variety of
contexts, but estimation of correlation from scatterplots,
which is how correlations are typically represented, is
generally poor and prone to systematic errors.
A chronic problem is observers' tendency to
underestimate (e.g., Lauer & Post, 1989; Meyer & Shinar,
1992; Strahan & Hansen, 1978) rather than overestimate
(Meyer, Taieh, & Flascher, 1997). Statistically sophisticated
observers are no better at estimating correlation than
novices, though they do give higher estimates (Meyer &
Shinar, 1992). Research on perception and estimation of
correlations from scatter plots suggests the influence of a
variety of visual features. People tend to give greater
correlation estimates when a scatter plot has a greater
density of point clouds, even when the points are the same
between graphs and only the scale ranges were manipulated
(Boynton, 2000). They also tend to give greater correlation
estimates to scatter plots with steeper slopes (Bobko &
Karen, 1979). Outliers, heteroscedasticity, and restriction of
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Figure 1. Shapes of scatter plots – manipulated independent from correlation strength. Examples were randomly selected and
have different correlations. Normal was a linear function with normally distributed errors. Diamond was a cluster of dots with
its greatest dot density in the middle and least on both ends. Outlier left corner was the normal shape but with outliers in the
left corner, as is outlier right corner but with outliers in the right corner. X bell curve was a cluster of dots with its greatest
density located from the x-axis to center and then tapering off. Y bell curve was the same but on the y-axis. Fan was a
triangular shape with the range of y-values increasing as x increases. 3 clusters was three diamond shaped clusters.
PL is the longest interval at which the learner can still
respond correctly (Mettler, Massey & Kellman, 2016).
An unsolved problem of applying perceptual-adaptive
learning to category learning is how to determine learning
categories. This has usually been done intuitively, where
categories are defined such that practice on some instances
is likely to advance learning to extract relevant structure in
other instances in that category. In some domains, such as
diagnostic categories in electrocardiography (Thai, Krasne
& Kellman, 2015), the relevant categories are fairly
obvious. In other domains, this is not the case. Here we
investigate the domain of correlation estimation, in which
there are no obvious natural categories, and we test two
different schemes of organizing categories spanning the
same set of learning instances. We developed two PALMs
with learning categories that organized scatter plots based
on overall shape or strength of correlation and manipulated
within-category and between-category similarities. The
PALMs shared the same scatter plots.
Learning categories in the Shape PALM were organized
by surface pattern – the shape of the scatter plot. Therefore,
they looked like “naturally occurring” categories (greater
perceptual similarity within categories than between
categories), but all learning categories spanned the full
correlation range (0 – 1). Thus, there was a large range of
correlations within categories that was similar between
categories. The learning categories in the Correlation
Strength PALM were different correlation ranges; within
each category, instances could appear with various shapes,
and the range of shapes was the same between categories.
The two PALMs provide different learning experiences.
Given an incorrect item, the Shape Category PALM would
set a higher priority for presenting another scatter plot from
the same shape category, while the Correlation Strength
PALM would prioritize another scatter plot with the same
correlation range. As a result, participants in the Correlation
Strength condition might reach mastery of a learning

category without seeing instances of that category in every
possible shape. Participants in the Shape Category condition
would continue getting instances of any given learning
category until mastery but would not be guaranteed to see
all ranges of correlation.
We hypothesized that if one way of organizing learning
categories was more compatible with commonalities of
perceived structure, that condition might show better
learning.

Methods
Participants
103 undergraduates from the University of California, Los
Angeles participated for course credit. Four participants
were excluded for not completing the experiment.

Materials
We created seven different shapes of scatter plots, inspired
by the visual features (e.g., dot density, outliers) that had an
influence on correlation estimation in the literature (see
Figure 1). The correlation range: 0 – 1 was divided into
seven bins (0 – 0.14, 0.15, - 0.28, 0.29 - 0.42, 0.43 – 0.56,
0.57 – 0.70, 0.71 – 0.84, and 0.85 – 0.99). Both PALMs had
the same 49 subcategories (from all 7 shapes x 7 correlation
range combinations), but subcategories were either arranged
into categories based on shape or correlation range. In order
to have transfer items at posttest, one correlation range (e.g.,
0 - 0.14) was withheld from training for each shape
category, with no correlation range omitted more than once
across the seven shape categories, and vice versa. The same
subcategories were omitted from training for both PALMs.
PALM Parameters Each category was introduced with an
initial passive trial, a scatter plot displayed with the
numerical correlation shown. Each passive trial “unlocked”
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Procedure

the learning category and initiated active trials, where
participants gave a response and received trial-by-trial
feedback, for that learning category. In other words, the
beginning of training was a combination of passive and
active trials until all learning categories were introduced,
then trials were only active. If a response was not given
within 20 seconds, the trial timed out and the numerical
correlation was presented. After every 25 trials (1 block)
participants were shown their average accuracy and
response time for previous block(s). Participants’ correlation
estimations were considered correct if they were ±.07 of the
actual correlations – chosen to be half the size of a bin
(~0.14). Categories were adaptively sequenced using the
ARTS sequencing algorithm (see Mettler & Kellman,
2014), which sets priorities for categories reappearing based
on participants’ accuracy and response time on items in
those categories. The minimum number of trials in between
items from the same category, or enforced delay, was set to
two trials. The enforced delay parameter in ARTS precludes
reappearance of the same category while recent feedback
still persists in working memory. Participants “retired” a
learning category when they met mastery criteria consisting
of 4 correct responses out of the last 5 trials of a category,
with RTs ≤ 5 seconds. Training continued until participants
graduated from all categories.

At the beginning of the PALM, participants were given the
definition of correlation and a scatter plot example of a
positive, a negative, and no correlation, without actual
correlations labeled. They were informed that all scatter
plots seen in the experiment would have the same number of
data points and the same scaled axes. Participants were
asked to give their correlation estimates to the second
decimal place and told that their progress through the
PALM depended on their speed and accuracy. Before the
pretest, participants were informed that scatter plots
presented during assessments could have negative or
positive correlations. Prior to starting training, participants
were reminded that scatter plots during training would only
have positive correlations. After training, participants
completed an immediate posttest and a survey. Participants
were asked to report demographics (age, gender), exposure
to statistics (number of courses and average grades),
familiarity with the term correlation (heard of it, can define,
can interpret, know formula) and strategy for estimating
correlation. They also rated their level of frustration,
attention, and effort on a Likert-scale from 0 to 5.

Dependent Measures
Performance was measured in several ways. The absolute
deviation measure reflected the absolute value of the
difference between the participants’ estimate and the actual
correlation. We defined mean error as average signed
deviation across responses (participant’s estimate minus
actual correlation). Negative values of mean error
represented
underestimating
and
positive
values
overestimating. We defined a binned accuracy measure
such that an estimate was scored as correct if it fell within
±0.07 of the actual correlation. Because participants learned
to mastery criteria, the amount of time spent and number of
trials completed during training varied across participants.
To account for this, we calculated learning efficiency scores
by dividing accuracy gain (posttest minus pretest) by
minutes or trials.

Scatter Plots Six unique scatter plots were created for each
subcategory used in training (total of 252). The number of
data points (100) and the scale of the scatter plot (0 – 100
for x- and y-axes) were kept constant for all scatter plots
while slope and intercepts varied. Slope was not correlated
with correlation, r = -0.17, p = 0.60. Because scatter plots
look very similar at very low correlation values, scatter plots
were considered to have different shapes if they looked
distinct at the 0.5 correlation level. Great care was made to
ensure equal representation of and no gaps in correlations
(i.e., 0.01, 0.02, 0.03, and so on through 0.99 appear at least
once in the training set). Variance in x and y values was
determined by randomly sampling from a normal
distribution with varying means and standard deviations.

Results

Assessments Pretest and posttest items were identical but
appeared in different random orders. There were four types
of items: 1) training set: 7 scatter plots drawn from the
training set to represent each feature; 2) near transfer: 7
scatter plots from each of the seven subcategories omitted
from training, 3) far transfer: 7 scatter plots with a novel
shape representing each correlation range; 4) negative: 4
negative correlation scatter plots spanning -1 to 0. Far
transfer was considered transfer of correlation estimation
skill to a novel shape that is still within the correlation range
trained on. The novel shape was selected to have similar
visual features (i.e., dot densities) to trained shapes but with
a dot distribution not seen in training (i.e., three distinct dot
clusters). Negative items were used to test for remote
transfer, as shapes and absolute value of correlation range
were the same but the data had a negative trend.

The primary results of this study are shown in Figure 2. The
left panel shows the mean absolute deviation of correlation
estimates at pretest and posttest, for both training set items
and near transfer items. Both groups showed substantial
learning. There were no differences on efficiency measures.
There is some indication that the Shape Category condition
showed more consistent learning for near transfer items.
The right panel shows mean (signed) error for estimates,
across conditions and tests. Both groups improved from
pretest to posttest, with the Correlation Strength condition
ending up, as a group, with mean posttest estimates not
much different from zero. These observations were
confirmed by the analyses, described further below.
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Figure 2. (Left) Improvements in mean absolute deviation on training set and near transfer items from pretest to posttest.
(Right) Improvements in mean error on training set and near transfer items from pretest to posttest. Error bars represent +/1 standard error.
responses. We conducted separate ANCOVAs on mean
error for each of the transfer measures, with the pretest
mean error for the corresponding transfer measure as a
covariate. Positive mean errors reflect overestimating and
negative mean errors reflect underestimating. For the
training set items, the Shape Category condition had a
positive mean error (M = .03, SD = .08) while the
Correlation Strength condition had a negative mean error
(M = -.01, SD = .09), F(1, 96) = 4.93, p = .03, ηp2 = .05.
This pattern also held for the near transfer items: the Shape
Category condition had a positive mean error (M = .02, SD
= .07) while the Correlation Strength condition had a
negative mean error (M = -.02, SD = .08), F(1,96), p =.008,
ηp2 = .07. There was no reliable effect of condition for far
transfer items.
The differences in mean error may indicate different biases
across conditions. To assess potential differences in error,
we tested all of the pretest and posttest data points for
training set items and near transfer items against the
hypothesis of zero error, using one-sample t tests. Both
conditions showed mean error reliably greater than 0 at
pretest, for both training set and near transfer items.
Posttest results suggested greater improvements in accuracy
in the Correlation Strength condition than in the Shape
Category condition. The Shape Category condition differed
reliably from zero error at posttest for training set items
t(46) = 2.17, p = .04) and for near transfer items (t(46) =
2.31, p =.03). For the Correlation Strength condition, there
was no reliable difference from the hypothesis of zero error,
either for training set items (t(51) = -.97, p =.34) or for
near transfer items (t(51) = -1.49, p = .14). In other words,
in the Correlation Strength condition, participants moved
from underestimating to unbiased estimates, while those in
the Shape Category condition shifted from underestimating
to overestimating.

Accuracy Measures
Absolute deviation. We conducted separate one-way
ANCOVAs on absolute deviation for each of the transfer
measures, with the pretest absolute deviation for the
corresponding transfer measure as a covariate. Posttest
scores for the Shape Category condition had a lower
absolute deviation for the near transfer items (M = .12, SD
= .05) than the Correlation Strength condition (M = .14, SD
= .06), F(1,96) = 5.51, p = .021, ηp2 = .05. There were no
reliable differences for training set items or far transfer
items. For negative items, there were no positive learning
effects at all; both conditions showed larger absolute
deviation scores at posttest than at pretest. There was a
marginal tendency for greater increases in deviation in the
Shape Category condition, F(1,96) = 2.88, p =.093, ηp2
= .03. We suspected that some subjects may have only
assessed the strength of correlation, which in the absence of
the negative sign, would produce even worse deviation
scores than pretest. We calculated the absolute deviation
from the magnitude of the participants’ responses and of the
correct correlations, and ran a 2 condition x 2 assessments
(pretest, posttest) repeated measures ANOVA to investigate
this possibility. Participants did in fact improve their
estimates of strength of correlation, F(1, 97) = 44.80, p
< .001, but there was no difference between conditions, F(1,
97) = 0.418, p = .52.
An important feature of these results is that near transfer
items were generally answered as accurately as training set
items. This result indicates perceptual learning of structural
characteristics rather than memorization of instances. There
was some suggestion of more consistent improvement by
the Shape Category condition across training set items and
near transfer items. An ANOVA using condition, test
phase, and item type showed a marginally reliable 3-way
interaction, F(1,97) = 3.72, p = .057, ηp2 = .04.

Accuracy Gain. We defined a separate binned accuracy
measure such that an estimate was scored as correct if it fell
with ±.07 of the actual correlation. We conducted separate
ANCOVAs on accuracy gain (posttest minus pretest) for

Mean Error. Absolute deviations sum the absolute values
of error (unsigned error) for participant responses. We label
mean error as the average signed deviation across
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each of the four transfer measures, with the pretest accuracy
for the corresponding transfer measure as a covariate.
Accuracy improvements were modest. Both conditions
improved their accuracy on training set items (M = .13, SD
=.19) and on near transfer items (M = .15, SD = .24) and
did not improve their accuracy on far transfer items (M
= .00, SD = .16) or negative items (M = .01, SD = .22),
p’s > .05.

ability to extract invariant structure in this domain.
Participants did, indeed, train on a substantial number of
unique scatter plots (252) and complete many trials (~500
on average) during a condensed time period – a learning
experience that is unusual. Although statisticians interact
with scatter plots often, they certainly would rarely see this
many in succession and certainly not in an order that
benefits learning.
Participants also estimated near transfer items as
accurately as training set items. Recall that participants
never saw scatter plots with these combinations of shape
and correlation range in training. Equivalent performance on
these items is consistent with perceptual learning of
structural characteristics as opposed to memorizing
individual instances.
Although participants in both conditions trained to
objective learning criteria, as defined by our accuracy
requirement of being ±.07 of the actual correlation, the two
PALMs yielded different learning outcomes. Participants in
the Shape Category condition were more consistent in the
amount their estimations deviated from the actual
correlation while participants in the Correlation Strength
condition were less biased in their estimations. In addition,
participants in the Shape Category condition were
significantly closer (lower absolute deviation) to the actual
correlation on near transfer items than those in the
Correlation Strength condition.
The reliable differences in bias are not large, but they may
reflect differences in learning experiences between the two
PALMs. Participants in the Shape Category condition, on
average, overestimated. Because learning categories in this
condition were not systematically organized in terms of
degree of correlation, category sequencing based on
performance may have been less impactful at addressing
bias, despite accuracy feedback. For example, an error on an
exemplar from a given shape category with a true
correlation of .75 might have been followed up soon after by
another example of that shape category, but the new
instance could have a very different degree of correlation. In
contrast, in the Correlation Strength condition, an error on a
display with correlation of .75 would be followed up within
a couple of learning trials with another category exemplar
with a correlation close to .75. Such effects of category
structuring might also occur with regard to attainment of
learning criteria. A persistent error relating to a given
correlation range would tend to delay mastery in the
Correlation Strength condition, leading to more learning
trials centered on that category. A final possible contributor
to the condition difference for bias is that overestimating
seems to be reflective of statistical sophistication (Meyer &
Shinar, 1992). We do not know why, but our data suggest a
growth of skill in both conditions, whereas only in the
Correlation Strength condition would category structure
have tended to drive adaptive learning events that might
tend to combat consistent overestimation, especially one
centered in certain parts of the range of correlations.
Perhaps some explanation along these lines explains why

Usability and Subjective Experience
The PALMs were very similar in length and subjective
experiences. There were no differences between conditions
in the number of trials completed during training or time to
reach learning criterion. Perceiving correlations is difficult.
The PALMs were equally frustrating for participants (M =
4.06, SD = 1.07), but participants paid attention just the
same (M = 3.48, SD = 0.92), n.s. Participants in the
Correlation Strength condition (M = 3.67, SD = 0.92)
reported slightly more effort than those in the Shape
Category condition (M = 3.34, SD = 0.92), t(97) = -1.80, p
= 0.08, d = 0.36.

Discussion
Learning technologies designed to improve learning in
most domains employ a category structure that mirrors
natural categories, such as species for classifying butterflies,
diagnoses for reading medical scans, or problem types for
practicing mathematics. Sequencing items in this way is
intuitive. However, we asked whether alternative category
structures could benefit learning and perhaps even yield
different learning outcomes. People estimate correlations
from scatter plots poorly, even observers seasoned in
statistics. We chose correlation estimation to see if we could
improve this skill using perceptual learning principles and to
see whether different category structures matter.
Some research on correlation estimation suggests that
various visual features influence estimation, so for one
category structure, we grouped scatter plots by their shapes,
whereas we used correlation ranges as an alternative
grouping. Both PALMs utilized the same learning items.
We predicted that perceptual learning interventions that
exposed observers to variation within and between learning
categories, involve active classification episodes, and
provide immediate feedback would increase correlation
estimation proficiency in both PALMs but that the degree
and nature of improvement might differ between them. We
hypothesized that the Shape PALM would develop a
correlation estimation skill that is more robust with respect
to variations in surface features in scatter plots. Another
possibility was that participants in the Correlation Strength
condition would get an advantage in near transfer (where
some range of correlation had been withheld from the
training set), due to getting systematic practice along the
dimension of degree of correlation.
We found that both PALMs improved proficiency in
correlation estimation - a notable result, as even years of
interaction with scatter plots do little to develop experts’
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the Correlation Strength condition showed posttest results
for both training set items and near transfer items that did
not differ reliably from zero error.
Conversely, participants in the Shape Category condition
did outperform those in the Correlation Strength condition
on near transfer items, in terms of absolute deviation. Their
improvements on near transfer items were consistent with
the amount they improved on training set items. This
difference may speak to a superior pick up of structure and
decreased attention to surface features as a result of training,
allowing these participants to estimate correlation across a
broader range of shapes.
Participants were not able to transfer their correlation
estimation skill to a novel shape, as they performed just as
poorly on far transfer items at posttest as pretest. We
suspect that our far transfer items were so difficult that
transfer would have been close to impossible. Although
participants had experienced scatter plots with dot densities
during training, they had only one cluster, not three clusters
as in the far transfer items. Performance on negative items
got worse after training, which can be explained by the
absence of the negative sign in their estimations. When only
strength of correlation was assessed, participants did in fact
improve from pretest to posttest. Participants may have
omitted the negative sign because they became less attuned
to slope, as slope varied throughout training and did not
correlate with correlations of scatterplots, so noticing this
feature was useless and therefore, disregarded. Negative,
shallow slopes would be harder to detect at posttest,
possibly leading participants to misclassify them as positive,
resulting in larger deviations. The same filtering out of
surface features that gave participants in the Shape Category
condition an advantage on near transfer items could be a
disadvantage when processing surface features becomes
relevant to the task (i.e., looking at which way the points are
pointing when slope is shallow), as in negative items.
To our knowledge, little work has compared different
ways of organizing learning categories in complex
perceptual learning. The results of this study demonstrate
that the perceptual learning intervention was successful in
improving novices’ skill in the difficult and error-prone task
of estimating correlations from scatter plots, and that
variations in how the learning categories were defined and
sequenced differentially showed some measurable effects on
absolute accuracy and bias in estimation. Our results suggest
that the type of learning outcome may depend on how
learning categories are organized and should be considered
when designing learning modules.
The role of learning category organization deserves
further study, especially in domains where learning
instances may coherently be grouped in multiple ways. Such
efforts may have both interesting theoretical import as well
as implications for the design of learning technology in
applied settings.
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Abstract

themselves—and external semantic cues from word meanings, children appear to rely disproportionately on phonological cues to class (Karmiloff-Smith, 1981; Mills, 1985;
Mariscal, 2009; Perez-Pereira, 1991; Demuth, 2000; Demuth
& Ellis, 2008; Rodina & Westergaard, 2012; Gagliardi &
Lidz, 2014). Following a classic study by Karmiloff-Smith
(1981), for example, Gagliardi and Lidz (2014) investigated
acquisition of the noun class system in Tsez by teaching children novel nouns labeling novel objects. These novel items
featured phonological and semantic cues that are relevant for
determining the class of real nouns in Tsez. By design, in
some cases the cues were conflicting: the noun ending indicated one class, but the word meaning indicated another.
They found that when Tsez-speaking children were faced
with conflicting semantic and phonological cues in a novel
noun, they tended to use the phonological information to determine class agreement. Importantly, this was the case even
though the relevant semantic cues were shown to be more reliable predictors of class in Tsez. By contrast, Tsez-speaking
adults did not show this effect, but rather tended to use the
more reliable semantic cues.

Previous research on acquisition of noun class systems, such as
grammatical gender, has shown that child learners rely disproportionately on phonological cues to class, even when competing semantic cues are more reliable. Culbertson, Gagliardi, and
Smith (2017) use artificial language learning experiments with
adults to argue that over-reliance on phonology may be due
to the fact that phonological cues are available first; learners
base early representations on surface phonological dependencies, only later integrating semantic cues from noun meanings.
Here, we show that child learners (6-7 year-olds) show this
same sensitivity to early availability. However, we also find
intriguing evidence of developmental changes in sensitivity to
semantics; when both cues are simultaneously available children are more likely to rely on a phonology cue than adults.
Our results suggest that early availability and a bias in favor
of phonological cues may both contribute to children’s overreliance on phonology in natural language acquisition.
Keywords: noun class; gender; language acquisition; artificial
language learning; category learning

Introduction
Noun class systems, like grammatical gender, are widespread
across the world’s languages, and have been extensively studied from the perspective of both linguistic typology, and language acquisition. Three main types of noun classification
system are often distinguished in the literature: grammatical
gender, noun class systems, and numeral classifier systems.
In gender and noun class systems, class is visible through
agreement either with other elements in the noun phrase or
with elements external to the noun phrase. For example,
French has a grammatical gender system in which nouns fall
into two classes, masculine and feminine; the form of the articles (e.g., le or la) varies based on noun gender; Tsez (a
Nakh-Dagestanian language) has four noun classes, and exhibits verbal agreement based on noun class as well as agreement within the noun phrase. We refer to these two types
of systems collectively as noun class systems. Numeral classifier systems typically feature a much larger set of classes,
and do not trigger agreement; for example, there are dozens
of classifiers for different types of nouns in Cantonese, and
a definite noun phrase like ‘one scarf’ is expressed as ‘one
[classifier] scarf’.
Previous research on the acquisition of noun class systems
in natural language has shown that child learners do not treat
all potential cues to class membership equally. In particular, while most noun class systems feature a combination of
noun-internal cues—i.e., phonological features of the nouns

A number of possible explanations for this surprising
cross-linguistic tendency have been proposed, including an
active bias against using external cues like semantics, when
noun-internal phonological cues are available (Gagliardi,
2012; Culbertson & Wilson, 2013; Gagliardi & Lidz, 2014;
Gagliardi, Feldman, & Lidz, 2017). In Culbertson et al.
(2017), we presented evidence from artificial language learning experiments with adults suggesting that the over-reliance
on phonology may be due instead to the fact that phonological cues are generally available earlier than semantic cues
(Carroll, 1999; Polinsky & Jackson, 1999; Demuth, 2000;
Culbertson & Wilson, 2013; Gagliardi et al., 2017); learners
acquire early representations of phonological dependencies
(e.g., between a gendered determiner and a noun) before acquiring the semantic referents of nouns. Because the system
is initially built on the basis of these phonological cues, semantic cues acquired later take time to be integrated into the
system. In our experiments, adults were exposed to a phonological cue and a semantic cue which were both equally reliable; during training the two cues were by design confounded
(e.g., both animacy and a particular noun ending determined
class membership). At test, learners had to choose the class
of new labelled objects for which the cues conflicted (e.g.,
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animacy suggested one class, but noun ending suggested the
other). This essentially mirrors the natural language experiments with Tsez and other languages. When both cues were
available, adults showed no a priori preference for attending
to phonology over semantics, rather their reliance on a given
cue depended on cue salience. For example, among the semantic cues tested animacy was highly salient but flexibility
was not; among the phonological cues tested both a suffix and
a prefix together were highly salient, but a CV ending alone
was not. By contrast, when cues were staged—so that either the phonological or the semantic cue was available first
during learning—adult learners prioritized the earlier learned
cue.
We argued that these findings suggest that children’s overreliance on phonology may not be due to an active bias
against semantics. Rather, children may start building their
classifications systems very early, when phonological information is available, but word meanings are not. However for
this explanation to hold, children’s learning behavior must
parallel that of adults. Here, we report the results of a set
of experiments investigating the effect of cue type and early
availability in child learners. Across a series of experiments,
we show that children are indeed sensitive to the early availability of a given cue type: they are more likely to use a cue
they learned earlier when determining the class of a novel
noun. However, we also find evidence that children appear to
prioritize the phonological cue, relative to adults. This suggests the possibility that children are in fact biased to attend to
noun-internal rather than external cues when acquiring noun
class systems.

C1VC2V words, 6 with the vowel /i/, and 6 with /A/, used
to label 12 simple objects, either aliens or planets. In the
phonology only condition (N=20), the cue to class came from
the phonological form of the noun alone (i.e. nouns from one
class were all of the form CiCi, nouns from the other class
were of the form CaCa, and aliens and planets were equally
frequent as referents in both classes). In the semantics only
condition (N=19), the cue to class came from the semantic
category of the noun (nouns from one class all referred to
aliens, nouns from the other class all referred to planets, and
CiCi and CaCa labels were equally frequent in both classes).
Two plural markers were drawn randomly for each participant from a set of 8 CV forms (e.g., /k2/, /Sæ]’). During exposure (96 trials), participants were shown a series of singular
and plural trials and asked to repeat what they heard (either
a word alone or a word + marker). Then they were tested
using a ‘wug’ test (Berko, 1958; Schuler, Yang, & Newport,
2016); participants were shown a singular picture, heard the
noun stem, and were asked to produce the plural form in the
language (48 trials, featuring 8 trained nouns and 4 untrained
nouns, all 12 tested 4 times each).

Experiment 1
Before we test how children treat phonological and semantic cues when both are available, we first need to identify a
set of equally-salient cues they can learn in the context of
an artificial noun class system. In Experiment 1, we therefore taught children a miniature artificial noun class system in
which class was deterministically cued by either semantic information about noun referents, or phonological information
from the form of the noun itself. Evidence for the two classes
in the language came from a plural marker which differed by
class. The semantic cue we used was animacy-based, following our own previous work showing that animacy is a highly
salient cue for adult learners in the context of artificial noun
class learning (Culbertson et al., 2017). The phonological cue
we used was the vowel sounds of the nouns, which were reduplicated in the stems. Since prior work has shown that reduplication aids word learning in children (Ota & Skarabela,
2016, 2017), both these cues are likely to be highly salient to
children.
Participants were 6-7 year old children (N=39). We chose
this age (rather than younger) because acquiring these patterns in the lab is difficult for children, and previous studies
suggest they can successfully pick up simple category systems in the lab at this age. The lexicon was comprised of 12

Figure 1: Accuracy in plural form production for old (trained)
a new (untrained) words in each condition in Experiment 1.
Colored circles represent individual participant means, bars
give mean of those by-participant means, error bars represent
95% confidence intervals.
Figure 1 shows average accuracy in plural marker production across conditions for old (trained) and new (untrained)
words. Data were analyzed using logistic mixed-effects regression models.1 Overall, children performed above chance
in this task for both trial types (as indicated by a significant model intercept; old: β = 0.85 ± 0.15, p < 0.001; new:
β = 0.79 ± 0.19, p < 0.001). To compare across conditions,
we ran a model predicting responses by trial type (old vs.
1 Unless

otherwise noted, all models reported here were run in R
(R Development Core Team, 2010) using the lme4 package (Bates,
2010), with by-participant random intercepts and by-participants
slopes for trial type. All fixed-effects were sum coded.
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new) and condition (Phonology Only vs. Semantics Only).
This model revealed no significant effect of trial type (β =
−0.01 ± 0.07, p = 0.89), condition (β = 0.12 ± 0.16, p =
0.47), or their interaction (β = 0.06 ± 0.06, p = 0.37). In
other words, no difference in behavior was found across conditions, suggesting that children are similarly sensitive to both
of these cues in isolation.

ent). Responses on conflicting trials can therefore align with
either the semantic cue or the phonological cue.

Experiment 2
Having established these two cues as learnable and equally
salient for children in the context of this task, in Experiment
2, we follow Culbertson et al. (2017) in asking whether a preference for one cue over the other will emerge when the cues
are in conflict. We do this by deliberately confounding the
cues during training, such that both animacy and the reduplicative vowel cue predict noun class equally well. We then
test learners on new items where the two cues conflict (i.e.
the semantic cue points to one marker, and the phonological
cue the other). By design, the system learners are trained on
is ambiguous as to which cue the learner should use when
they are in conflict. If the learner has a preference for the
phonological cue, then they should use this cue to determine
the class of a new item, regardless of its animacy. By contrast, if the learner has a preference for the semantic cue, they
should use animacy to determine the class of a new noun,
and disregard the form of the word itself. Given that we are
specifically interested in uncovering whether children show
a bias in favor of phonology compared to adults, in Experiment 2 we will also test adult learners under these same conditions. If both adult and child learners are equally likely to
go with the semantic or phonological cue, this would suggest
that no meaningful bias exists. This is what we might expect
for two equal salience cues based on the results reported in
Culbertson et al. (2017). By contrast, if children are significantly more likely to use the phonological cue compared to
adults in the same task, this will point to the possibility of a
bias on the part of child learners.
Participants were 6-7 year old children (N=20), and adults
(university undergraduates, N=20).The exposure phase (96
trials) was identical to Experiment 1, but objects seen during exposure have both the phonological and semantic cues
which point to one of the two markers deterministically (e.g.
all nouns from one class were of the form CiCi and had alien
referents, all nouns from the other class were of the form
CaCa and had planet referents). This was followed by a practice production phase (24 trials) with feedback, and finally the
critical testing phase involving production without feedback
(48 trials). During the testing phase, participants encountered
objects seen during exposure (aligned trials, where both the
phonological and semantic cues agree in which marker they
suggest) and new untrained objects; those untrained objects
have conflicting cues, with the phonological cue used for one
class of nouns during exposure, but the semantic cue used for
the other (i.e. returning to the example above, a conflicting
item might have a label of the form CiCi but a planet refer-

Figure 2: Average proportion of trials on which children and
adults choose the semantic cue for aligned vs. conflicting
trials in Experiment 2. For aligned trials, the semantic and
phonological cues are aligned, thus these trials indicate how
well participants have learned the language they were trained
on. Conflicting trials indicate whether participants chose the
plural marker on the basis of the semantic or phonological
cue on novel trials in which the two cues conflict. Error bars
represent 95% CIs. Colored circles represent individual participant means.
Figure 2 shows the average proportion of trials on which
children and adults chose the semantic cue for each of these
trial types. A logistic mixed-effects model was run, predicting semantic choice based on trial type (aligned vs. conflicted) and age (adults vs. children). The model revealed
a significant effect of age (β = 2.39 ± 0.36, p < 0.001), indicating that children differ from adults across both types
of trials—on aligned trials, that simply indicates that children learned the language less accurately. There was also a
significant effect of trial type (β = 1.71 ± 0.49, p < 0.001):
both age groups rely less on the semantic cue on conflicting trials compared to aligned trials. Finally, Figure 2 suggests that the difference between trial types is not the same
across age groups; rather it appears that adults strongly tend
to use the semantic cue for conflicting trials while children
are much more likely to use the phonological cue. However, the interaction term in this model was not significant
(β = −0.10 ± 0.39, p = 0.79). Although this might seem surprising at first glance, it is due to the confluence of two issues: variability in the child data, and near-ceiling scores for
adults. First, there is substantial individual variation in the
children’s data, with 5 children tending to use the semantic cue, one child alternating between the two cues, and the
remaining 14 tending to choose the phonological cue, some
very strongly. This limits the precision with which the fixed
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effects in the model can be estimated.2 Secondly, because
the adults are very close to ceiling, the relatively small difference between how often they use the semantic cue across
trial types in probability space is actually quite large in logit
space. More concretely, while the average difference between
trial types is much larger for children than adults in probability space (by a factor of 3.5), it is actually smaller in log-odds
space. Because there is no in principle reason for evaluating log-odds rather than comparing behavior in probability
space, we ran several additional analyses to investigate the
interaction further. A standard by-participants ANOVA revealed a main effect of age (F(1, 74) = 19.00, p < 0.001),
trial type (F(1, 74) = 1.20, p = 0.001), and their interaction
(F(1, 74) = 7.10, p = 0.009). We also computed a difference
score for each participant by subtracting the average proportion of semantic choices on aligned and conflicting trials. We
subjected the difference scores for each age group to a twosample t-test, which again confirmed a significant difference
between adults and children (t = −3.25, p = 0.002).
To summarize, in Experiment 1 we showed that children
were able to learn a novel noun class system based on either
a semantic cue (animacy) or a noun internal phonological cue
(vowel reduplication). In fact, these two cues were learned
equally well when they provided the only cue to class. In
Experiment 2 however, the data suggest that these cues are
not treated the same by adults and children when the are both
present and equally reliable. In particular, when the two cues
conflict, adults almost categorically use the semantic cue to
determine class (17/20 participants). By contrast, children
tend to use the semantic cue much less (5/20). While this apparent effect—which resembles the findings from acquisition
of natural language noun classes—is intriguing, the nature of
the data, and the method of analysis in this case necessitate
caution in drawing overly strong conclusions. To address this
issue, we are currently testing younger children (e.g., 4 year
olds); our data suggest a developmental effect, and in fact
most of the children in our dataset who used the semantic
cue in conflicting trials were in the older half of our sample,
therefore younger children may show a stronger effect.

ings. We trained adults on a system with confounded semantic and phonological cues of varying salience. A high salience
semantic cue (animacy) was paired with an equally salient
phonological cue (a paired noun beginning and ending similar to a prefix and suffix combination), or a lower salience
phonological cue (a noun ending only). In order to simulate the hypothesized early availability of phonology cues, an
additional exposure phase was added in which participants
were trained on nouns and class markers alone, without pictured referents (i.e. the phonological cue was available, but
not the semantic cue). We found that when the two cues were
of similar salience, adults tended to rely more on the earlier
available phonological cue in later conflicting trials. Even the
relatively weak phonological cue (noun ending only) could be
strengthened via early availability. Importantly, staging the
input such that the semantic cue was available early instead
(by training participants on pictures and markers without the
noun itself present) had a similar effect; when paired with a
phonological cue of similar salience, the early available semantic cue was used more often. In Experiment 3, we test
whether the effect of cue availability is similar in children.
One possibility, in light the findings of Experiment 2, is that
children may simply prefer to use the phonological cue regardless of its availability. Relatedly, early availability may
further strengthen the phonological cue, but not the semantic
cue. However, if cue availability and any a priori preference
for phonology are independent of one another, they we expect
to see both cues strengthened by our staging manipulation.
Participants were 6-7 year old children (N=40). Half of the
children were first exposed to the phonological information
alone, and the other half to the semantic information alone.
In the single cue exposure phase (48 trials) all trials were
plural. In the semantics-first condition, on each trial, a set
of the same objects appeared on the screen, and the plural
marker was presented auditorily (without the any label). In
the phonology-first condition, on each trial, a label and plural
marker were presented auditorily (without any picture). Following single-cue exposure, the remainder of the experiment
was identical across conditions, and the same as Experiment
2 (the second exposure phase was 48 trials total).

Experiment 3

Figure 3 shows the average proportion of trials on which
children chose the semantic cue for aligned and conflicting
trial types in each of the two staged conditions, with the results from the unstaged Experiment 2 repeated for comparison. A logistic mixed-effects model was run predicting semantic choice based on condition (Phonology First vs. Semantics First) and trial type (aligned vs. conflicted). The
model revealed a significant effect of condition (β = −0.56 ±
0.28, p = 0.05), trial type (β = −1.56 ± 0.24, p < 0.001), and
a significant interaction (β = 0.77 ± 0.23, p < 0.001). This
indicates that in both conditions, conflicting trials generated
fewer semantic choices compared to aligned trials, but as predicted the two conditions differ on how large this difference
is. In particular, in the Phonology First condition, participants were more likely to based their choice on phonology

Results from Experiment 2 suggests that when both semantic and phonological cues to class are present and conflicting,
children may rely more on phonological cues than adults. In
our final experiment, we ask whether this effect could be further amplified by the early availability of phonological cues.
Culbertson et al. (2017) hypothesized that the explanation for
children’s over-reliance on phonology might come from early
access to phonological cues, prior to learning noun mean2 It is worth noting that although children were more variable in
their responses to conflicting trials than adults, they were not responding randomly. To confirm this, we calculated how often each
child used their preferred cue type (for example, if a child chose
based on semantics in 25% of trials, then they used their preferred
cue type—the phonological cue—75% of the time). Children were
well above chance on this measure (β = 1.79 ± 0.27, p < 0.001).
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when cues conflict, while participants in the Semantics First
condition we more likely to go with semantics.
Comparing these results to those of Experiment 2, we can
see that in both cases, staging has an effect on children’s behavior in conflicting trials. Their reliance on phonology is
strengthened by having the phonological cue available first,
and weakened by having the semantic cue available first. This
is confirmed by logistic mixed-effects models comparing the
Unstaged data to the Phonology First condition (no effect of
condition: β = 0.13 ± 0.39, p = 0.74; significant effect of
trial type: β = 1.85 ± 0.11, p < 0.001; significant interaction:
β = −0.38±0.15, p = 0.01, note that this interaction is driven
by a small change in both trial types) and to the Semantic First
condition (no effect of condition: β = −1.0 ± 0.58, p = 0.10;
significant effect of trial type: β = 0.73 ± 0.10, p < 0.001;
significant interaction: β = 0.79 ± 0.14, p < 0.001).

the early availability of these different types of cues in an artificial language learning paradigm with adults, we were able
to show that even relatively low salience phonological cues
(e.g., a single syllable noun ending) were used more than semantic cues (e.g., animacy) if they were learned first. Importantly, we found that adults would also rely more on early
available semantic cues. Based on our findings, we therefore
argued that early availability rather that an active bias against
semantics (or phonology) determined adult learners’ use of
cues to noun class. However, we left open the possibility that
children might behave differently. Here we reported a series
of experiments aimed at exploring this.
In Experiment 1, we trained children on a novel noun
class system in which a class marker was perfectly predicted by either a semantic or a phonological cue. We chose
two cues—one based on animacy, and the other on vowel
reduplication—which we predicted would be highly salient
to child learners. Indeed, participants were highly accurate at
learning and generalizing both these two cues, with no significant differences in the level of learning. Having shown
that these cues were both similarly learnable for children, in
Experiment 2, we then trained both children and adults on a
system in which the cues were confounded as in Culbertson
et al. (2017). During training, class markers for a given noun
were determined by both the semantic and phonological cue.
At test, we presented learners with trials in which the cues
conflicted (i.e., the semantic cue for one class was present,
along with the phonological cue to the other class). Here,
whereas adults were highly likely to rely on the semantic cue,
children were instead more likely to rely on the phonological
cue. The analysis of this effect was complicated by the fact
that adult participants were near-ceiling in their preference
for semantic cues—while the crucial interaction was not statistically significant when analyzed using logistic regression,
analyses in probability space suggest a highly significant effect. Finally, in Experiment 3 we explored whether children
are sensitive to the early availability of a particular cue. Like
adults, we found that learning either the phonological or the
semantic cue first led child to use that cue more in trials where
the two cues conflict.

Figure 3: Average proportion of trials on which children
choose the semantic cue for aligned vs. conflicting trials
in Unstaged (Experiment 2 results, repeated from above),
Phonology First, and Semantics First conditions (Experiment
3). Error bars represent 95% CIs. Colored circles represent
individual participant means.

Discussion and conclusions
Previous research on the acquisition of noun classification
systems in natural language has found that child learners
rely disproportionately on phonological cues to class, even
in cases where competing semantic cues are more reliable
(Karmiloff-Smith, 1981; Mills, 1985; Mariscal, 2009; PerezPereira, 1991; Demuth, 2000; Demuth & Ellis, 2008; Rodina & Westergaard, 2012; Gagliardi & Lidz, 2014). In our
previous experiments with adults (Culbertson et al., 2017),
we found evidence that the early availability of phonological
cues might explain this otherwise puzzling result. We argued
that because phonological information is available to learners
before word meanings are acquired, children may begin by
building noun class systems on the basis of surface phonological cues and only later integrate semantic information. This
may lead to a developmental stage during which phonological
cues are weighted more heavily than semantics. By staging

These results provide tentative support for two proposals
put forward in the literature to explain why children acquiring noun class systems in natural language appear to overrely on phonological cues. First, there is an effect of early
availability of cues on learning which appears to hold across
development; both adult and child learners tend to rely more
on early available cues, regardless of whether the cues come
from noun-internal phonological features or word meanings.
Our findings are also consistent with the possibility that children have an active bias against semantic cues; when both a
noun-internal and external cue are available, children prefer
to use the noun-internal cue (Gagliardi, 2012; Culbertson &
Wilson, 2013; Gagliardi & Lidz, 2014; Gagliardi et al., 2017).
Why might this be the case? One possibility is that phonological cues may be preferred in this context since both the
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class marker and the noun are within the same local domain.
Indeed there is evidence from language comprehension which
points to a similar over-reliance on local or “bottom-up” information. For example, five-year-old children readily use
bottom-up cues such as lexical statistics, prosodic rhythm and
stress to resolve syntactic ambiguities, but do not use contextual cues from the global environment in an adult-like way
(Snedeker & Trueswell, 2004; Snedeker & Yuan, 2008). Similarly, compared to adults, 4-year-old children are more likely
to use local lexical statistics rather than global contextual cues
to disambiguate word senses (Rabagliati, Pylkkänen, & Marcus, 2013). If a bias to use local cues and a persistent reliance
on earlier learned cues are both at work during the acquisition
of noun classes, this would lead child learners to rely heavily on phonology, fully integrating semantic cues only later in
development.
Importantly, further work is required to show convincingly
that children have a bias to use local, noun-internal information when forming grammatical dependencies like noun class.
As mentioned above, if this bias changes across develop as
our results suggest, we predict it will be stronger in even
younger learners. Of course, here we have also restricted our
investigation to two particular cues—an animacy-based cue,
and reduplicated stem vowel cue. Given previous work suggesting the possible importance of reduplication in children’s
early word learning (Ota & Skarabela, 2016, 2017), investigating this apparent bias using alternative phonological cues
will help establish the generalizability of our findings.
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Inferring individual sound sources from the mixture of soundwaves that enters
our ear is a central problem in auditory perception, termed auditory scene
analysis (ASA). A diverse set of ASA illusions suggests general principles
underlying perceptual organization. However, most explanations for these
illusions remain intuitive or are narrowly focused, without formal models that
predict perceived sound sources from the acoustic waveform. Whether ASA
phenomena can be explained by a small set of principles is therefore unclear.
We present a Bayesian model based on simple acoustic sources, for which a
neural network is used to guide Markov chain Monte Carlo inference. Given a
sound waveform, our system infers the number of sources present, parameters
defining each source, and the sound produced by each source. This model
qualitatively accounts for perceptual judgments on a variety of classic ASA
illusions, and can in some cases infer perceptually valid sources from simple
audio recordings.
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Abstract

experiments and time spent thinking based on trial characteristics that cannot be explained solely by simple measures of
difficulty.
We then propose a model of how people combine simulation and experimentation. This model is based on the theory that just as we can learn mappings between actions and
outcomes by real-world observations, we can gain information about this mapping using simulations in place of observations (Gershman et al., 2017; Sutton, 1991). This model
uses a type of Bayesian optimization – Gaussian process entropy optimization (Hernández-Lobato et al., 2014) – that
integrates different sources of information and decides between performing noisy but cheap simulations and running
more expensive but near-deterministic experiments. It captures aspects of how many experiments people perform, how
much time they spend thinking, as well as their ultimate action choices.

People can learn about the effects of their actions either by
performing physical experiments or by running mental simulations. Physical experiments are reliable but risky; mental
simulations are unreliable but safe. We investigate how people negotiate the balance between these strategies. Participants
attempted to shoot a ball at a target, and could pay to take
practice shots (physical experiments). They could also simply
think (run mental simulations), but were incentivized to act
quickly by paying for time. We demonstrate that the amount
of thinking time and physical experiments is sensitive to trial
characteristics in a way that is consistent with a model that
integrates information across simulation and experimentation
and decides online when to perform each.
Keywords: Mental Simulation; Intuitive Physics; Sampling;
Metareasoning

Introduction
Craik (1943) famously proposed that an advanced organism
might hold “a ‘small-scale model’ of external reality and of its
own possible actions in its head... to try out various alternatives, conclude which is the best of them... [and] to react in a
much fuller, safer, and more competent manner.” These simulatable models allow us to gain information about the effect
of our actions without needing to incur the cost of performing those actions. Simulation using mental models has explained how we perform not just spatial (Kosslyn et al., 1978;
Shepard & Metzler, 1971) and physical (Battaglia et al., 2013;
Hegarty, 2004) reasoning, but has also been suggested to underlie language understanding (Bergen, 2012) and theory of
mind (Gallese & Goldman, 1998).
While simulations are cheaper, safer, and faster than acting on the world, they are not perfect substitutes. Because
any mental model only approximates the world, simulation
provides uncertain predictions of the effects of our actions
(Smith & Vul, 2013). Furthermore, simulations are less costly
than actions but are not costless – they require mental effort
and time to perform (Vul et al., 2014). Thus, when we want to
learn about the world, we need to decide how to combine relatively cheap and imprecise simulations with more costly and
accurate physical experiments. To do this rationally requires
integrating information from both simulation and action and
assessing their expected benefits and costs (Gershman et al.,
2015; Lieder & Griffiths, 2017).
We study this problem in a physical action planning task,
which serves as a suitable test bed because we have models of uncertainty in people’s physical predictions (Smith &
Vul, 2013), and because there is evidence that people make
rational trade-offs about how much simulation to use when
physical experiments are not possible (Hamrick et al., 2015).
We use a task in which participants are asked to aim a ball
at a goal, but can think about it or take practice shots beforehand (Fig. 1). We find that people modulate the number of

Experiment
We developed a physical reasoning task in which participants
choose an angle to launch a ball at a target. On each trial (see
Fig. 1), they could choose to perform physical experiments as
well as think about how to shoot the ball. Once they decided
they were ready, they had to perform an action in the exact
same scenario and earned points based on the success of their
action as well as on how much time they had spent thinking
about the task and how many experiments they had run.
Participants. We recruited 60 participants from Amazon
Mechanical Turk using the psiTurk framework (Gureckis
et al., 2016). Each participant was paid a participation fee of
$2.50 and randomly assigned to the cheap experiments condition or costly experiments condition.
Procedure. On each trial, participants observed a rectangular table of 1000 ⇥ 600 pixels on their screen. On this table
was a single blue ball, any number of black walls, and on the
edge of the table were green and red colored patches (see Fig
1). Participants were instructed that their task was to determine the angle to launch the ball so that it would touch the
green goal before touching the red area or traveling too far a
distance.
Each trial was divided into two phases: information gathering and the final action phase. In the first phase, participants
started with 100 points. They were instructed that they could
think or take practice shots, but both would cost points. The
score would decay at a rate of 6 points/second, and each practice shot would incur a cost depending on the experimental
condition: 10 points in the cheap condition and 20 points in
the costly condition.
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Figure 1: Diagram of the experimental trials. A: Participants observe a table and are asked to shoot the ball into the green goal without hitting
the red areas. Participants could aim the ball and take practice shots at a cost to the score. B: The trajectory and outcome of shots were shown.
Once participants had finished practicing and thinking, they could click the ‘Take a shot’ button and would have one chance to score. C: The
18 trials used in the experiment, ordered from least to most likely to succeed by chance.

Participants could take a practice shot by positioning their
mouse within 250px of the center of the ball and clicking.
If the mouse was within this range, a straight line would extend from the ball indicating the direction of the shot. Once a
practice shot was clicked, the ball would travel in that direction, bouncing off of any walls or table edges until it either
reached the green or red areas, or had traveled a distance of
3000px (which would take ⇠ 1.5s, though could vary based
on the participant’s computer speed). During a practice shot,
the score decay was paused.

solved by fewer than 10% of random shots, six trials would
be solved by between 10-30% of random shots, and six trials would be solved by greater than 30% of random shots.
This probability of succeeding by guessing is used as a rough
proxy for difficulty, and to assess whether participants were
adapting their practice experiments or actual shots to new information or simply guessing. Trials were labeled by number
in increasing probability of guessing.
Data exclusions. We removed data from three participants
for whom we did not record actions for all 18 trials, and from
seven additional participants who ‘timed out’ in either the information seeking or final action phase on more than half of
the trials (indicating low attention). This left 27 participants
in the cheap condition and 23 participants in the costly condition. We further excluded from analysis any trials in which
the participants timed out only for the final shot (5.7%) and
trials in which the participant minimized or browsed away
from the experimental window (0.1%).

When participants believed they knew how to shoot the
ball, they could click a button below the table to move to
the final phase. As soon as this button was clicked, the
score would stop decaying, and a yellow border would appear
around the table to indicate the final action phase. Participants
would have three seconds to take their final shot, which could
be performed in the same way as a practice shot. If this final shot hit the green goal, the participant would earn a score
equal to the number of points remaining from the information
gathering phase. If the final shot hit the red area or timed out,
the participant would lose 10 points from their total score. If
the participant did not make a shot within the three second
limit, they would also lose 10 points. Afterwards, the participant would be notified of the outcome and move on to the
next trial.

Behavioral results
Overall, participants performed well in this task and hit the
target on their final shot more frequently than would be expected under chance performance (61% accuracy versus 25%
accuracy at chance; t(17) = 5.01, p < .001, d = 2.43).
There was no good evidence that participants performed
fewer practice shots on average between the two experimental conditions (cheap: 0.68, costly: 0.48, t(47.3) = 1.08,
p = .29, d = 0.31), nor was there evidence that the average time spent thinking differed by condition (cheap: 2.5s,
costly: 2.4s, t(46.2) = 0.26, p = .79, d = 0.08). Participants
were also roughly equally accurate across the two conditions
(cheap: 63%, costly: 60%, t(40.0) = 0.82, p = .42, d = 0.26).
Because we found no difference in behavior by cost condition, we ignore this manipulation for all future analyses.
Across individuals, simulation and experimentation were
tightly linked: the average time participants spent thinking on
a trial (excluding time watching practice shots) was correlated
with the number of practice shots they took (r(48) = 0.76,
p < .001).
At the trial level, participants were sensitive to the gross
difficulty: as the probability of shooting the ball in the goal

If the score decayed to zero during the information gathering phase, the final shot phase would immediately begin
(including the yellow border notification). Participants would
then earn no points for a successful shot, but could lose points
for a miss or failure to act.
The total score was displayed in the lower right of the
screen as a motivation for participants, but did not affect compensation.
Materials. Participants performed a total of 25 trials. The
first seven trials were always presented in the same order and
were designed as introductory trials to familiarize participants
with the interface; these trials were not included in any analyses. The remaining 18 trials (see Fig. 1, right) were presented in a randomized order for each participant. These trials
were designed by hand to provide a range of difficulties for
an agent that took shots at random angles: six trials would be
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tion. Let q be the shooting angle and f (q) be the log odds
that q will lead to a target hit. People learn this function
by sampling physical paths, either through simulation or an
experiment. Simulations are derived from the probability of
hitting the target using the noisy physics model of Smith &
Vul (2013), and experimental outcomes are sampled from a
smoothed function mapping the actions to actual outcomes
according to the physics engine used in the experiment.
To capture how people generalize from sampled paths to
new paths, we assume that people learn a Gaussian process (GP) regression model of f (q) (Rasmussen & Williams,
2006), a flexible nonparametric framework for function learning that has previously been successfully applied to model
mental simulations (Hamrick & Griffiths, 2014). A GP prior
over functions is specified by a mean (typically assumed to be
0) and a covariance function, or kernel, k(q, q0 ) which governs the smoothness of the function. Given this prior, the
posterior over functions is Gaussian and can be computed in
closed form (Rasmussen & Williams, 2006).
While mental simulations are fast, they are also noisier than
physical experiments, and hence not as informative. To integrate information from both of these sources of information,
we follow the proposal put forward by Marco et al. (2017) for
a kernel that can integrate simulations and experiments:

Figure 2: Plot of trial difficulty (chance of random shot being successful) versus number of practice shots (left) and average thinking
time (right) for each trial. Points are labeled with trial indicators.
See Fig. 1 for trials by number, and Fig. 3 for results from colored
trials.

by chance increased they were more accurate (averaged over
trials, r(16) = 0.72, p < .001), performed fewer experimental
shots (r(16) = 0.52, p = .027, see Fig. 2, left), and took less
time to think (r(16) = 0.65, p = .004, see Fig. 2, right).
Participants were sensitive to trial features beyond this
gross difficulty measure. Even for trials with similar probabilities of guessing, there was a wide variation in the average
number of practice shots participants took; including trial indicators provided better predictions of the number of practice
shots participants used as compared to predictions based only
on the chance of a successful guess (c2 (16) = 115, p < .001).
This can also be observed when comparing specific trials: for
example, looking at the difference between Trial 7 (blue in
Fig. 2), and both Trial 6 (red) and Trial 18 (green). While
Trial 6 & 7 have roughly the same “chance” difficulty (9% vs
12%), participants rarely took practice shots in Trial 7 (0.18
/ participant) but used a large number of practices for Trial
6 (1.21 / participant). Conversely, while the random chance
of success are very different between Trial 7 & 18 (12% vs
84%) participants use a comparable number of practice shots
in both (0.18 / participant for Trial 7 and 0.31 / participant for
Trial 18).
We next investigated whether executing physical experiments improved participants’ performance across participants; however, we found no evidence for this. There was no
evidence that participants who performed more practice shots
were more accurate (r(48) = 0.07, p = .62), nor did they
spend less time thinking (r(48) = 0.16, p = .26). While
we would expect that experimentation would improve performance, it is possible that less skilled participants need this
additional information, while more skilled participants can
perform just as well without it.
In summary, participants modulated their simulation/experiment policy in response to trial difficulty, but not
to relative action cost. Next, we turn to a model that can
integrate information from simulation and physical actions
to explain this pattern of information seeking across trials.

k(q, q0 ) = ksim (q, q0 ) + d(q)d(q0 )kdiff (q, q0 ),

(1)

where d(q) = 1 indicates that q was used to generate an experiment, and d(q) = 0 indicates that q was used to generate
a simulation. The kernel ksim models the contribution from
simulations, and kdiff models the difference between simulation and experiment. This is similar to exemplar-based models that generalize based on the distance (similarity) to previous observations (Griffiths et al., 2009), except observations
here can be either simulations or experiments. To account
for the differences in uncertainty from these two sources, we
weight the distances to previous examples differently for each
source, with a weaker generalization for simulations (using
kernel ksim ) and a stronger one for experiments (using kernel
ksim + kdiff ). We use a radial basis function for both kernels.
In order to find the angle q⇤ that optimizes f (q), our model
has to query informative angles. When choosing angles to
query, it also has to account for a differences in costs of each
information source. This requires us to have a principled way
to quantify how valuable an observation from each of these
sources of information is, relative to its cost. One such measure is how much an observation from each source reduces
the entropy over the maxima of f (q).
An acquisition function that utilizes this metric is predictive entropy search (PES, Hernández-Lobato et al., 2014). We
adapt this acquisition function following Marco et al. (2017)
to accommodate the two information sources. The mapping
between query angle q and how much it reduces entropy over
the maxima of f (q) is given by PESsim (q) and PESexpt (q),
depending on if the query is a simulation or a physical experiment. The simulations are more noisy so PESsim (q) <

Computational model
The integration model was designed to map actions (shot angles) to outcomes (probability of hitting the goal) by combining information from both simulation and experimenta-
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Figure 3: Qualitative behavior of the model. A: Screen shots of the three different trials (see main text for logic behind selection of trials).
B: Polar plots showing the results of one run of the model, with probability of success from simulation and experiment. Dots indicate
observations with blue dots marking simulations and orange dots marking experiments. The black line indicates the final estimate from the
model (from that run) for probability of success. C: Density of final shots taken by the model, overlaid with final shots taken by participants.
D: Number of experiments and simulations as generated by our model and humans (with amount of time spent not doing an experiments
before taking the final shot as a proxy for number of simulations, with an assumption of 0.7 s/simulation, for ease of visualization) E:
Evolution of one run of the model’s prediction over simulation/action choices, from top to bottom. The black line is the model’s belief (with
grey indicating ± 1sd), the blue line is simulation probability, and the orange line is experimentation probability; dots indicate observations,
with the same corresponding colors, and circles are the most recent observation. Top: the model initially simulates which increases probability
of success in the region but is still uncertain. Middle: an experiment gives much more certainty, but it is still unclear if clockwise (right) or
anticlockwise (left) from that point is better. Bottom: the final experiment updates belief that shooting clockwise from the first experiment
would likely miss.

PESexpt (q). To account for the difference in cost, we associate an effort measure with both kinds of evaluations tsim for
the simulation and texp for the physical experiments. While
simulations are less informative, they are normally cheaper
than experiments, so tsim < texp . We then select the next angle
to evaluate, qn+1 , and whether it is a simulation or experiment, d(qn+1 ), according to arg maxq,i2{sim,exp} PESi (q)/ti .
The predictive entropy search first tries four randomly selected mental simulations, and afterwards chooses to evaluate
new points based on the PES acquisition function.

ulation noise variance relative to the experiment noise variance, and two stopping criteria for the optimization: an entropy threshold that stops if a lower bound for the relative
change in PES is reached, and a probability threshold if an upper bound for the best-so-far probability of success is reached.
We used grid search to select the parameter values that minimized the sum-squared error between the number of experiments predicted by the model and the participants.⇤

Model results
Our model closely tracked the frequency of experiments participants chose to perform across trials, r(16) = 0.68, p =
0.002 (Fig. 4, left). We then compared the number of simulations done by the model with the number of simulations
done by participants. Since the number of simulations done
by a participant is not explicitly available, a rough proxy is the
amount of time participants spent thinking. We found a moderate correlation between the predicted number of simulations and participant’s thinking time (r(16) = 0.48, p = .042;

We discretized the possible shots into 100 different angles
spanning the circle, and precomputed for each trial and angle
the following variables: (a) whether that shot would hit the
green goal according to the game physics, and (b) the probability that a simulation would hit the green goal based on
50 random simulations from the noisy physics model. These
variables are then smoothed using a Gaussian window, to account for perceptual error in distinguishing angles. We then
take the logit of these functions to transform them onto the
real line in order to carry out unconstrained Gaussian process
regression.

⇤ Our results are robust to fairly large variations in the parameter settings we searched. The only parameter that explained a large
portion (32%) of the variance in the sum of squared errors over all
parameter settings was the cost factor between experiment and simulation, with other factors explaining less than 1% of the variance.

There are four free parameters in this model: the ratio of
the cost of simulations versus experiments (texp /tsim ), the sim-
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Figure 4: Correlations between model predictions and average participant behavior for each trial. Left: number of experiments. Right:
time spent thinking (calculated based on a linear regression from
number of model simulations, in seconds).

Trials

Trial8

Fig. 4, right).
While there was a strong correlation in participants’ data
between the number of practice shots and thinking time
per trial (r(16) = 0.93, p < .001), the model predicts that
there should be no appreciable correlation between the number of experiments and simulations (r(16) = .15, p = .54).
Nonetheless, the number of simulations expected by the
model does predict part of the unexplained variance in thinking time above and beyond the number of practice shots
(F(1, 15) = 4.55, p = .05), indicating that the number of simulations predicted by the model is still reflected in the amount
of time spent thinking. Further, the correlation between simulations and thinking time (r = 0.48) is almost unchanged
when partialing out the number of observed practice shots per
trial (r part = 0.48), indicating that the model’s predicted simulations are explaining independent information to the number of practice shots.
We also see that our model is able to replicate the qualitative patterns of information seeking behavior in humans
across trials, as highlighted by Trials 6, 7 and 18 in Figure 3:
trials that are intuitively obvious and have very few practice
shots (Trials 7 & 18) are solved by the model using simulation
alone, while more difficult trials that spur participants to take
practice shots (e.g., Trial 6) also spur the integration model to
experiment.
In order to highlight the importance of integrating simulation and experiment for explaining the human data, we also
test a model that cannot simulate, and fit it to the number
of observed experiments from the data with a grid search
through the stopping criteria parameters (the other parameters
do not apply to this lesioned model). This model by definition
cannot explain thinking time, though it can predict the number of practice shots (r(16) = 0.42, p = 0.08) which is not
significantly worse than the full model (z = 0.21, p = 0.83).
However, this is because the lesioned model was fit to the
number of practice shots. Next, we investigate how the model
uses those experiments to produce a final shot. Assessing
the log-likelihood (LLH) of participants’ final shots under a
smoothed distribution of model-predicted shots, we find that
the full model (LLH f ull = 968, estimated kernel bandwidth
= 0.295 radians) predicts participants’ shots better than the
lesioned model (LLHlesion = 1, 563, estimated bandwidth =

Trial9
Trial10
Trial11
Trial12
Trial13
Trial14
Trial15
Trial16
Trial17
Trial18

Angle

Figure 5: Density of final shots taken for each trial by participants (left), the full model (middle), and the experiment-only model
(right). The green areas below the axes indicate angles that would
be successful.

2.7 radians), making each final shot 2.02 times more likely to
have occurred under the full vs. the lesioned model.
In summary, the lesioned, experiment-only model is not
an adequate account of the data, and because we did observe
practice shots, a simulation-only model could not account for
participants’ behavior either. Our integrated model provides
a good qualitative explanation for the information seeking behavior we see across trials and corresponds well to the final
shots people take. It also provides reasonably good quantitative correlations with the number of experiments humans do
across different trials, as well as the time they spent thinking.

Discussion
Using a novel experimental paradigm that requires integrating simulation and experimentation to gather information, we
found that people use both strategies, and furthermore that
people’s use of both of these strategies varies across different scenarios. We can explain much of the variation in experimentation, time spent thinking, and final decisions using
a single information gathering model that treats knowledge
gained from both simulations and experiments in a common
currency and uses an expected cost/benefit analysis to determine which strategy to use next.
This finding provides a starting framework to address the
question of how people can flexibly integrate cheap but noisy
information gathering in their heads and accurate but potentially expensive information gathering in the world. We find
that people’s behavior is roughly consistent with a rational
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process model that chooses actions based on a measure of
information gain. While this experiment focused on physical action planning, there are many domains in which people
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Limitations
There are features of this integration problem that we will
need to further investigate. For instance, according to our
model there should be relatively little correlation between experiments and simulation, yet we find a large correlation between practice shots and thinking time in the empirical data.
By assuming that thinking time is linearly related to the number of simulations, we could explain some of the variance in
thinking time across trials, but left a large part unexplained.
Future work needs to determine whether this is because our
model of thinking time is incorrect (e.g., it should include
time to set up practice shots), or if this points to an area of the
integration process that requires further consideration.
Our participants were extremely consistent in the ultimate
angle at which they shot the ball – in almost all cases choosing
almost identical or one of two directions (Fig. 5, left). The integration model could explain why there were some accurate
shots that people did not consider, but still picked out some
angles that people did not (e.g., shooting at the opposite wall
from a straight shot in Trials 7 & 18, Fig. 3). This may reflect preferences not built into the model (e.g., for shorter path
lengths) or priors on the action-outcome mapping that can be
gleaned before any simulations or actions occur.
And finally, if we assume that people are sensitive to the
costs of simulation versus action, we would expect to see
a difference in behavior when experiments were cheaper or
more costly, yet none was found here. Because this manipulation was performed across participants, perhaps people had
set different expectations for points in each condition, and so
any cost trade-offs would cancel out. This theory would be
consistent with findings that between-subject incentive manipulations can be ineffective while the same incentive manipulations are effective within-subject (Harley, 1965).

Conclusion
Mental simulation is a powerful tool that can help us plan
ahead and solve complex problems without having to perform an action. Nonetheless, complex tasks often require
both mental simulation and actual experiments. We have developed both a computational framework and reported preliminary behavioral findings that take a step towards understanding how people integrate simulation and experiments.
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Abstract

complex dynamic control in a single task makes explicit the
connection between these key components.
We begin by briefly reviewing the literature on dynamic
control tasks, highlighting where we depart from previous
studies. We then provide a formal description of the “language” we use to describe system dynamics. We next report
a novel experiment that investigates the extent to which people learn and exploit knowledge of the causal structure of a
system to maximize reward. Finally, we introduce three candidate models that, when trained to optimize performance,
generally agree on the difficulty of different environments.
We conclude that people are capable controllers, but exhibit
significant deviations from optimality that may be fruitful in
guiding future research into the strategies and limitations of
their control behavior.

Acting effectively in the world requires learning and controlling dynamic systems, that is, systems involving feedback relations among continuous variables that vary in real time. We
introduce a novel class of dynamic control environments using Ornstein-Uhlenbeck processes connected in causal Markov
graphs that allow us to systematically test people’s ability to
learn and control various dynamic systems. We find that performance varied across a range of test environments, roughly
matching with complexity defined by a set of models trained
on the task (an optimal model, a deep Reinforcement Learning
agent, and a PID controller). The testbed of dynamic environments and class of models introduced in this paper lay the
groundwork for the systematic study of people’s ability to control complex dynamic systems.
Keywords: dynamic control, causal learning, dynamic decision making, reinforcement learning, control theory

Introduction

Past research

The principles of information, computation, and control
bridge the chasm between the physical world of cause
and effect and the mental world of knowledge,
intelligence, and purpose.

Complex dynamic control (CDC) tasks have come under a variety of names. We follow Osman (2010) in grouping, under
the umbrella of CDC, tasks described as complex problemsolving tasks, dynamic decision-making tasks, and process
control tasks.

Steven Pinker (2018, p. 20)

Humans are daily met with the need to navigate and manipulate complex dynamic systems. Anyone who has been
involved in a particularly engaging conversation, or one that
escalates into a fight based on a shift in tone of voice, knows
that we regularly deal with systems that are highly sensitive
and involve complex dynamics. Our aim in this paper is to
provide tools for studying continuous goal-directed control
in complex dynamic natural environments. We do this by offering (1) a class of environments with appealing formal features, and (2) three candidate models of control behavior with
widely diverging assumptions about cognitive processes. We
hope that these environments, combined with candidate models, will aid researchers interested in this important topic in
cognitive science.
Previous studies of human control have have generally not
included an analysis of the formal properties of the dynamic
system under investigation, such as its learnability or controllability. We build on this literature by introducing a class of
dynamic systems composed of multiple components related
by an underlying causal Markov structure. The explicit definition of underlying structure has two key favorable properties. Firstly, it enables us to systematically vary the environment that subjects interact with and so build an understanding of the conditions under which people succeed or fail at
dynamic control. Secondly, as pointed out by Pinker (2018),
successful control involves learning and harnessing causality to accomplish one’s goals. Uniting causal learning and

Static control. Control of dynamic systems has been heavily studied in static contexts (i.e., those where participants
have clearly delimited trials with time to plan their next action). For example, Berry and Broadbent (1984) introduced
the sugar factory task, where participants attempted to maintain a level of production in a sugar factory by controlling
the number of workers employed. Hagmayer et al. (2010)
tested control behavior in environments defined by a simple causal structure, finding that people responded adaptively
when parts of the structure were lesioned, suggesting that
they had learned the causal model and were anticipating the
downstream effects of this intervention.
In the previous two studies, the dynamics simply involved
a decay in the variable participants were trying to control.
Other studies have introduced more complex dynamics, for
example Gureckis and Love (2009) put short- and long-term
rewards in competition in a task where the short-term choice
was had a larger immediate reward but decreased potential
future rewards. Schulz, Klenske, Bramley, and Speekenbrink
(2017) introduced a navigation task in which a ship is pushed
about in a nonlinear fashion depending on its value, finding
that people explore environments strategically, planning forward to maximize information specifically relevant to future
control actions.
We differ from these previous studies in several respects.
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First, we present variables that change value, and can be controlled, in continuous rather than discrete time. Second, while
a range of dynamics have been studied, they have all been
with respect to a single variable’s value. Our incorporation of
structure between multiple variables allows for complex behavior such as oscillations, chains of influence, and feedback
loops that have not been studied. Finally, by design, our environments are easy to model formally, allowing us to explore
learnability and controllability at the computational level.
Micro-worlds. An important alternative approach to understanding control behavior are experiments on micro-worlds,
which involve asking participants to stabilize a complex dynamic system as it unfolds in real time (for summary, see
Brehmer, 2005). Unfortunately, the high ecological validity
of their systems results in unconstrained environments where
“one cannot be sure about the demands that a given microworld makes” (Brehmer, 2005, p. 87). We hope to contribute
to this literature by having a model that can optimally infer
the underlying structure, allowing us to identify which tasks
are more difficult by their nature, and which are more difficult
due to cognitive constraints.

Method
Participants. 36 participants (20 female, mean age=33)
were recruited from Amazon Mechanical Turk using the psiTurk framework (Gureckis et al., 2016), which has been
shown to produce comparable results to lab experiments in
cognitive science (Crump, McDonnell, & Gureckis, 2013).
They were paid $3.50 for approximately 25 minutes, with additional bonus based on performance (M=$0.52). Of the 36
participants gathered, 6 were excluded because they did not
use the arrow keys on more than 25% of the phases.
Materials and procedure. See Figure 1 for illustration of
a trial1 . Each of the three variables was represented by a vertical slider constrained to be between -100 and 100. The handles of each slider presented a rounded integer value. One
slider, the “control” slider, could be intervened on with three
keys ‘o’, ‘k’, and ‘m’. As is intuitive on a QWERTY keyboard, the ‘o’ key increased the control slider (by 10), the ‘k’
key held the value steady, and the ‘m’ key decreased the control slider by 10. If the participant did not press a key, the
control slider would move according to the dynamics of the
OU system.
The other two sliders could not be directly controlled by
participants. One of these sliders, the “target” slider, had 20%
of its area colored green to indicate the reward region. For
each time step (100ms) that the target slider was in the green
region, $0.01 was added to their score (displayed at the bottom of the screen). The top of the screen presented a timer
counting down from 20 seconds, at which point the phase finished.

Ornstein-Uhlenbeck Process
An Ornstein-Uhlenbeck (OU) process is a stationary GaussMarkov process in continuous time that reverts to a stable mean (Uhlenbeck & Ornstein, 1930). It has been used
to model phenomena in physics (Lacko, 2012) and finance
(Barndorff-Nielsen & Shepard, 2001), and has also been studied in perception (Vul, Alvarez, Tenenbaum, & Black, 2009).
Because these processes are able to capture dynamic natural phenomena across a wide variety of domains, we believe
that the OU process is a reasonable formalism for modeling
causal relationships between continuous variables in continuous time.
Generative model. In our environments, ∆xt —the change
in x from time t to t+1—is defined as follows:

i
h n
∆xt = θ ∑ βY i X · yti − xt + N(0, σ)

(1)

i=1

where xt is the value of the process at time t, σ is the variance, and θ is a parameter greater than 0 that determines how
sharply the process reverts to the mean. That mean is determined by the direct causal parents of X by summing, over
each parent Y i , the product of the strength of the causal relation between Y i and X, βY i X , and Y i ’s current value, yti . In this
study, we constrain the values βY i X so as to define three types
of causal relationships: “regular” (βY i X =1), “none” (βY i X =0),
and “inverse” (βY i X =-1). For more extensive treatment of
OU processes including how to optimally infer structure, see
Davis, Bramley, and Rehder (2018).

Figure 1: Example of the interface used by participants. Participants moved the control slider while observing the effects
on the target/auxiliary slider. The goal was to exert forces
on the control slider to keep the target slider within the green
region.
1 For a demo of the experiment see
https://zach-davis.github.io/publication/dynamic control/
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In the instructions phase, participants were shown four
videos of an agent interacting with the structures to familiarize them with the interface (participants were told the structure that the agent was interacting with). They were shown
examples of (1) a network with no connections, (2) one with
a single, direct “regular” relationship between controller and
target, (3) a single “inverse” causal relationship, and (4) an
indirect connection through the auxiliary slider (with both
links being regular). Participants were then presented with
a four question comprehension check. Questions established
that participants understood that the connections, but not reward regions, stayed the same between Phase 1 and Phase
2, that the ‘o’ key moved the control slider up and the ‘m’
key moved it down, and that the reward would be a randomly
selected phase of the experiment. Participants could not continue without answering all questions correctly. The parameters used during training and the control task were θ = .1,
σ = 5, and βs were either -1, 0, or 1.
In the control task, participants initiated the trial by pressing the “Start” button and the sliders started jittering according to an OU process, with unknown β weights driving the
movement (there were no causes outside the network). The
values of the sliders updated every 100ms, and each phase
lasted for 20 seconds. At any time, participants were free to
manipulate the control slider. After the first 20 second phase
for a structure, participants received a pop-up inviting them
to begin the second phase, and were reminded that the reward region but not the connections would change. After the
second phase, the participants moved onto the next environment, repeating this process for each of the 12 structures (see
Figure 2). After controlling in all environments, participants
completed a brief questionnaire.

model section). Given some movement of slider x, and the
values of other sliders yi , the likelihood of causal strengths β
is the density of ∆x for the following PDF:
 h n
i 
β|∆xt , yt ) ∼ N θ ∑ βY i X yti − xt , σ
P(β

(2)

i=1

For each observation, we jointly estimate the full
space of beta values for possible edges.
For example, for three variables there are six possible edges, β =
{βXY , βXZ , βY X , βY Z , βZX , βZY }. Multiplying by the (initially
uniform) prior probability of each hypothesis and normalizing yields the posterior over hypotheses.
The CMBC uses its online estimate of the causal structure
of the environment to act. In particular, it imagines taking
each of the four possible choices available to it (‘o’, ‘k’, ‘m’,
or nothing). A given choice at time t will impact the controlled variable’s state at time t + 1. The CMBC then projects
forward the effects that this choice would have over time. For
this study, we project forward the impact of a choice for three
time steps from the time of the decision. Because the process
is stochastic, the impact of a choice will yield a probability
distribution over possible states of the target variable. For
each possible causal structure, it takes the integral of the expected distribution within the target range over all projected
time steps. The expected value of a choice (C) given a structure (S) is:
Z range max

EV(C|S) =
range min

N(µT , σ)dx

(3)

where µT is the mean of the target variable’s distribution. The
CMBC then weights the expected value of some choice given
a structure by the probability of that structure:

Models
EV(C, S) = EV(C|S) · P(S)

In order to guide future research, we conducted preliminary
analyses to assess the controllability of these systems by different models. Each model we consider has a different representation of the problem, from a Bayesian optimal learner
(CMBC), to a highly flexible learner of state-action reward
functions (DQN), to a limited agent that only learns whether
they are in a direct or reverse acting system (PID). The data
gathered in this paper are insufficient to distinguish between
these models, but we introduce these models as candidates
for how people approach complex systems, and in the discussion propose possible future experiments using our paradigm
to more aptly distinguish between the models.

(4)

Marginalizing over structures gives the EV(C). The CMBC
agent chooses the action that maximizes expected value.
Deep Reinforcement Learning. To compare to the CMBC,
we considered a model-free reinforcement learning agent
based on a deep-Q learning network (DQN). This model represents the state of the art for sequential decision making in
complex environments similar to those studied here. Recently
DQNs have been used to push the limits of what reinforcement learning algorithms can accomplish (e.g., learning to
play Atari at near human levels, Mnih et al., 2015).
This model is interesting to compare for a number of reasons. First, a DQN is explicitly non-causal in that it has
no direct represention of the environment and is unable to
counter-factually plan future states and actions. At the same
time, such models are powerful tools for dynamic control because they can learn forward-looking policies by approximating the solution to Bellman’s equation. Related approaches
have been used to successfully model human performance in
discrete-time control and learning problems (e.g., Gureckis &
Love, 2009).

Causal Model Based Controller. The goal of the Causal
Model Based Controller (CMBC) agent is to use its best estimate of the causal structure of the environment to act flexibly to maximize reward2 . The CMBC agent, then, must estimate the probability of there being causal connections between sliders. For the current environment, causal strengths
are defined as β weights between sliders (see the generative
2 It is important to note that the learning is all passive, reducing
uncertainty is not factored into the choice the CMBC agent makes.
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To evaluate the ability of these networks to learn in the
OU environment, we constructed a neural network in pyTorch
(Paszke et al., 2017) with three layers. The input layer was
made up of 6 inputs, representing the current location of each
of the three sliders, the upper and lower bounds of the current
reward region of the target slider, and the distance of the target slider’s value from the mid-point of the target region. A
fully connected hidden layer with 256 (rectified linear) units
was in turn fully connected to an output layer with 4 linear
units representing the estimated Q-values of moving the control slider up, down, hold it steady, or do nothing.

t

ut = KP et + KI

∑ en + KD (et − et−1 )

(5)

n=1

where ei is the error at time i and KP , KI , and KD refer to the
proportional, integral, and derivative components of the controller, respectively. The first component—K p e(t)—is known
as the “proportional” term. It is identical to the delta-rule
(Widrow & Hoff, 1960), adjusting the state some proportion
of the way towards the desired setpoint as a function of the
currently observed difference between observed and desired
states. The second component—Ki ∑tn=0 en —is known as the
“integral” term, computing a (signed) sum of previous errors.
This component corrects for the system consistently over- or
under-shooting the target. The final, “derivative” term, is
rarely used and so we set KD to 0 for our purposes.
Error is the key operator in a PID controller. The controller
is given a setpoint (the mean of the target region), and at each
time point subtracts the value of the target variable from the
setpoint to get et . This is stored in a buffer, and the desired
value for the control state (ut ) is computed as in Equation 5.
The control action (‘o’, ‘k’, or ‘m’) that moves the control
variable closest to ut is chosen as the action. Note that, because it has no capacity to project forward the OU dynamics,
the PID does not have the option to not act.
In practice, PID controllers are built with the knowledge
of whether increasing the control variable will result in an
increase or decrease in the target variable. Of course, in
our task agents must learn this relationship. For this reason we build an additional component on top, to estimate
whether the control variable is positively or negatively related to the target variable. This involves a simple timelagged
correlation between control and target variables, of the form
ρ(Controlt−1 , Targett ). The agent begins by randomly assuming a positive or negative connection, and if a correlation
is found to be significant (p<.05) then it sets the sign of KP ,
KI , and KD to be the same as the sign of the correlation coefficient.

The target objective for training was the standard “on policy” Q-learning algorithm that learns how an action might effect future states of the system as well as the value of each action at the current time (Watkins & Dayan, 1992). For the first
1000 trials of learning the the model choose actions based on
a linearly decaying epsilon-greedy choice rule, there after using softmax (Sutton & Barto, 1998). For each time step the
target slider was maintained in the target reward region the
network earned 10 units of reward. Furthermore, to punish
extreme deviations from the target the reward was the negative of the absolute value of the distance between the target slider and the center of the reward region anytime the
slider moved outside the target window. Learning was accomplished via gradient descent on the smooth l1 loss of the
difference between predicted and actual Q-values for each action. To speed learning, the network maintained a buffer of
past state-action-reward-next state transitions and randomly
sampled 64 of these each trial for use in a single batch gradient update. Specific network parameters were set as follows:
discount rate (γ = 0.98), learning rate (η = 0.001), and softmax temperature (τ = 8).
Even with these powerful learning features, the DQN is at
a disadvantage in learning the task because it comes with randomly intialized weights and can only learn the objective of
the task by experiencing certain state-action transitions paired
with reward. As a result it cannot learn to perform the task in
real-time (e.g., using the same number of time steps as human participants). However, it can still provide insight into
the relative difficulty of learning each environment. To evaluate this, we ran the DQN 200 times on each structure with a
given reward region, froze the weights, and had the network
try to maximize reward on the trained reward region as well
as a new reward region (identical to phase 1 and phase 2 for
participants).
Proportional-Integral-Derivative. The
ProportionalIntegral-Derivative (PID) controller adjusts its actions based
on a proportion of its error—the difference between desired
and observed outcomes. It has been found to be a good model
of how people generate predictions in dynamic environments
(Ritz, Nassar, Frank, & Shenhav, in press), but has yet to be
applied as a model of people’s decision-making in dynamic
control tasks. It operates by computing and storing a history
of prediction errors, and performing some simple operations
over this history. The form we use for the PID controller is:

Results
A paired-samples t-test did not reveal a significant difference in performance between phases of the study (M=4.25,
SD=14.12); t(29)=1.65, p=.11, so we collapse over phase in
figures and analyses.
To compare participant judgments to model predictions,
we had the models perform the task. Figure 2 shows the reward curves for each agent (including participants). It is important to note that the models were fit to maximize performance on the task, not to most closely match participants3 .
Also worth noting is that the reward curves for participants,
CMBC, and PID are on their first experience of a new structure, whereas the reward curve for the DQN is after extensive
training on that structure (200 play-throughs).
3 Parameters chosen to maximize task performance were γ, η, and
τ for the DQN; KP and KI for the PID; and no parameters for the
CMBC
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Figure 2: Proportion of possible reward received per-time step over the course of a trial for each agent. Green lines represent
participants; red lines the CMBC; purple lines the PID controller; and blue lines the Reinforcement Learning agent. Error bars
for participants denote 95% confidence intervals (from normal approximation to the binomial). The graphs in the corner of each
plot label the causal structure that determined the dynamics of the environment with the node at the top of the triangle mapped
to the control slider and the node on the left mapped to the target slider. Solid arrowheads denote regular connections (β = 1),
white arrowheads denote inverse connections (β = −1).
The first thing to note is the surprisingly poor performance
of the DQN. In fact, in phase 1 the DQN was at or even exceeded the performance of the CMBC. However, its performance collapsed in phase 2, suggesting that its state-action
representations were not flexible enough to accommodate
new goals. None of the CMBC, PID, or participants exhibited
such dramatic differences between phases. While interesting,
this idiosyncrasy clouds analyses of the controllability of different environments, and thus we exclude the DQN from the
following discussion on their formal properties.

relationship, a control action influences the probability distribution of an intermediate variable, which then further spreads
the distribution of the target.
Of course, the most dramatically different environments
are cells E and L. In these environments, holding the control
variable at any point trends the target toward 0, because the
control variable exhibits a direct influence on the target, but
also an indirect (and hence time-lagged) influence of the opposite sign. The mean that the control variable trends to, then,
is the function Controlt −Controlt−1 . Learning this function,
and planning far enough ahead to exploit a strategy that maximizes reward, would be an interesting problem in hierarchical
planning that we do not investigate here.

As can be seen, the models and participants generally agree
on the difficulty of different structures. For example, for participants, the CMBC, and the PID, reward curves in Cells A
and B (direct links) have higher plateaus than Cells C and
D (indirect links). This is because noise propagates through
causal links. In an environment with a direct control-target relationship, a control action has a direct influence on the probability distribution of the target. For an indirect control-target

While there are qualitative similarities in performance between the models and participants, there are also significant
departures. For example, people underperform the CMBC
and PID in cells G, H, and J. These environments all involve
exogenous influences—in the form of feedback loops and
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oscillations—interfering with intended control actions. Future models of heuristics, strategies, or processing limitations
may shed light on the reason(s) for this underperformance.
To test the extent to which the models and participants
agreed on the relative difficulty of environments, we correlated participant reward curves with the models. Participant judgments correlated with predictions from the CMBC
(r=.86, p<.001), the PID controller (r=.84, p<.001), and the
DQN agent (r=.63, p<.001). Note that these models are
highly correlated with one another, so future experiments are
needed to pull the models apart.
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In this paper, we presented a new class of environments that
can be systematically varied in order to test people’s ability
to learn and control dynamic systems. We found that people
and our models generally found the same environments easy
or difficult, although differences exist that may be informative
about people’s strategies or cognitive limitations. We expect
that this new class of environments will be useful to the field
as a test bed, and to draw links between the formal analyses in
the causal literature and the sophisticated but black-box style
learning of contemporary control tasks.
Although the data gathered in this experiment were not
sensitive enough to distinguish between the models’ ability
to predict human behavior, the incorporation of causality in
our dynamical system allows for a diverse range of future experiments to further test people’s flexibility in control. Future
experiments could test people’s sensitivity to switching reward variables, counterfactuals, or multiple target or control
variables. These studies would allow for a deeper investigation into the conditions under which people are model-based
controllers—learning the structure of the environment and using it to plan actions—or doing something more model-free
(akin to the DQN or PID agents). In a slightly different vein,
the system described in this paper could be used to study a
type of real-time ‘systems programming’, where dynamical
systems are learned individually and then linked up into a
larger structure.
Problem-solving, here operationalized as the ability to manipulate one’s environment in service of some goal, is fundamental to higher-level cognition (Newell & Simon, 1972).
Problems that we have to solve in our everyday lives do
not often come pre-packaged or with clearly delimited trials. Rather, we must deal with control problems of unknown
structure, learning through noisy feedback as we attempt to
gather rewards. Impressively, people are able learn how these
systems work, and can leverage this knowledge to be robust
and flexible in controlling complex systems.
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Abstract

From this paradigm we have learned much about how people
are able to use covariational information to infer causation
(e.g., Cheng, 1997, Griffiths & Tenenbaum, 2005), yet there
are other factors highly relevant to causation that have not
been combined in a single experiment. The factors we consider in this project are interventions, time, and continuous
variables.
First, manipulations of causal systems, or “interventions”,
can be highly informative about causal structure (Pearl,
2000). Psychological work has established that people are
somewhat adaptive in their intervention behavior, in ways
predicted by information optimal norms (Bramley, Dayan,
Griffiths, & Lagnado, 2017a; Coenen, Rehder, & Gureckis,
2015; Steyvers et al., 2003) although they also exhibit some
biases and are subject to cognitive constraints.
Second, time has long been seen as a powerful cue for causation (Hume, 2000), especially in being informative about
causal direction (i.e. people rule out backwards causation, assuming that effects cannot precede causes, Bramley, Gerstenberg, & Lagnado, 2014; Greville & Buehner, 2010). Recent
work has demonstrated that people are capable of doing inference over causal models that explicitly encode a generative
model for temporal delays between punctate events (Pacer &
Griffiths, 2015; Bramley et al., 2014).
Finally, given the ubiquity of continuous valued variables,
they have received surprisingly little attention in the study of
causal cognition. One exception–Pacer & Griffiths (2011)–
has shown that people are capable of learning individual
cause-effect relationships between continuous variables. Soo
and Rottman (2016) extended this work to discrete time, finding that people’s causal strength judgments are based on the
correlations between the changes in variables of time rather
than the variables themselves.
While most aforementioned studies investigated one of
these aspects in isolation, Bramley, Mayrhofer, Gerstenberg,
and Lagnado (2017b) combined interventions and time in a
study on people’s learning of causal structure between components that exhibited occasional events. They found that
people are sensitive to expected delays, especially when they
also expect the true delays to be reliable.
Our interest in studying the simultaneous effects of interventions, time, and continuous variables has several motives.
One is that continuous variables that vary in real time enable
the study of a broader range of realistic causal relationships,
including those that result in more interesting dynamics such
as oscillations and feedback loops (see Figure 1 for examples). Another motive is to investigate the sorts of interventions that people choose when the effects of past interven-

Interventions, time, and continuous-valued variables are all
potentially powerful cues to causation. Furthermore, when
observed over time, causal processes can contain feedback
and oscillatory dynamics that make inference hard. We
present a generative model and framework for causal inference over continuous variables in continuous time based on
Ornstein-Uhlenbeck processes. Our generative model produces a stochastic sequence of evolving variable values that
manifest many dynamical properties depending on the nature
of the causal relationships, and a learner’s interventions (manual changes to the values of variables during a trial). Our
model is also invertible, allowing us to benchmark participant
judgments against an optimal model. We find that when interacting with systems acting according to this formalism people directly compare relationships between individual variable
pairs rather than considering the full space of possible models,
in accordance with a local computations model of causal learning (e.g., Fernbach & Sloman, 2009). The formalism presented
here provides researchers in causal cognition with a powerful
framework for studying dynamic systems and presents opportunities for other areas in cognitive psychology such as control
problems.
Keywords: causal learning, continuous time, continuous variables, intervention

Introduction
As observed by Jordan and Rumelhart (1992), “in many environments the effects of actions are not punctate and instantaneous, but rather linger on and mix with the effects of other
actions”. Acting effectively in the real world requires, in
real time, learning and manipulating variables that are related
by rich functional relationships. These functional relationships may take the form of complex systems such as feedback loops, cycles, and long chains of variables that result in
unpredictable dynamics (Gleick, 2011; Rehder, 2017). For
example, most people are naturally able to adapt the pace,
volume, and pitch of their voice based on subtle social cues
in conversation.
This paper outlines a formalism for inference in this kind of
complex problem space. It then presents an experiment where
people are allowed to intervene on an idealized system with
unknown causal structure. Unlike previous research, learners
can observe the effects of their interventions in real time, as
moment-by-moment changes in the environment. We find evidence that people compare direct relationships between variables, rather than attempting to navigate the full space of possible causal models.

Past research
Research in causal cognition has focused primarily on causal
relationships between binary variables and contexts in which
temporal information is either unavailable or abstracted away.
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tions are still reverberating through the system. In contrast,
past studies of interventions on binary variables have involved
systems that reach steady state. Finally, we ask how resourcelimited learners process the vastly larger amount of information that flow from such systems.

We assume that β values and σ remain constant over time
and value of either cause or effect (although these assumptions can be loosened, e.g. Barndorff-Nielsen & Shephard
(2001)). Equation 2 defines the generative model we use for
variable Y causing X.

Inference

Ornstein-Uhlenbeck Process

When evaluating the hypothesis that Y causes X, the relevant parameter to be inferred is βY X . If βY X =0, Y and X are
causally unrelated, if βY X > 0, X tracks on to some positive
multiple of Y ’s value, and if βY X < 0, X tracks on to some
negative multiple of Y ’s value. Because we assume that β
stays constant throughout the trial, we can use multiple observations of the process over time to infer the value of β
between cause and effect.
We assume that σ and θ are known to participants and do
not need to be inferred1 . For interventions, we implement
Pearl’s (2000) notion of intervention as graph surgery. If the
effect variable X is intervened on, the likelihood of observing
its state is 1 regardless of the βs or values of its parents. The
remainder of this section, then, only deals with observations
where the effect variable is not intervened on.
In essence, inference involves comparing the observed
change in X to the expected change in X, where the expected
change in X is defined as the mean of Equation 2:

An Ornstein-Uhlenbeck (OU) process is a stationary GaussMarkov process in continuous time that reverts to a stable
mean (Uhlenbeck & Ornstein, 1930). It can be conceptualized as Brownian motion, except rather than being a martingale an OU process implements a “force” that biases expected value towards the mean of the distribution. Beyond
having convenient mathematical properties that we will outline later, OU processes have been used to model a diverse
array of phenomena, from physical systems (Lacko, 2012)
to financial systems (Barndorff-Nielsen & Shepard, 2001) to
work in perception (Vul et al., 2009) showing that people optimally allocate attention to track particles moving according
to an OU process.
While the formalism that follows will precisely define our
generative model, it may be helpful to provide a high-level
overview of the model. The generative model is novel, to our
knowledge, in that it has OU processes continuously interacting in a causal Markov graph. The Hookean spring is a
helpful visualization for this type of causation. As the cause
and effect diverge, the spring is stretched and more force is
exerted on the effect to pull back towards the cause. When
the cause and effect are near each other, the spring is compact and not much force is exerted. Causal networks are built
simply by chaining together springs, such that in the network
X → Y → Z, dragging X will first pull Y , which will subsequently pull Z.

E(∆xt ) = θ[βY X · yt − xt ]

(3)

The likelihood of βY X given some change in X and previous observation of Y , then, is a comparison of observed ∆xt
and E(∆xt ) for a given βY X :
(∆x−E(∆xt ))2
1
−
2σ2
e
P(βY X |∆xt , yt ) = √
2πσ2

(4)

Equation 4 implements the intuitive idea of comparing the
observed change in X to the expected change in X if it was
tracking Y .

Formalization
In an OU process, ∆xt —the change in x from time t to t+1—is
defined as follows:

Multiple variables
∆xt = θ[µ − xt ] + N(0, σ)

(1)

For a theory of causal learning to be successful, it must of
course be able to account for graphs with multiple variables.
This is especially important for tasks with a time component,
as timing information can be crucial for distinguishing between, say, a common cause and chain graph structure. The
generative model for a single variable with multiple potential
causes is:

where xt is the value of the process at time t, µ is the mean that
the process will revert to in asymptote, σ is the variance, and
θ is a parameter greater than 0 that determines how sharply
the process reverts to the mean.
OU processes can be generalized to track a variable that
changes over time. Rather than defining a static µ that the process reverts to, the effect variable X can be defined as trending
towards a linear function of the value of some cause Y :
∆xt = θ[βY X · yt − xt ] + N(0, σ)

h n
i
∆xt = θ ∑ βY i X · yti − xt + N(0, σ)

(5)

i=1

Simply put, the mean that the process reverts to is a sum of
the other variables Y i , multiplied by their β weights. This is
another stipulation for the current project that could easily be

(2)

where βY X is a real number multiplied by the value of the
cause Y (subscripts denote βcause effect ). While the current
project uses a linear function of the value of the cause, Equation 2 could of course be generalized to nonlinear functions.

1 Experimentally, we teach these parameters with familiarization
trials that expose them to the values of θ and σ that obtain throughout
the experiment.
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loosened (e.g. in a continuous version of noisy-or, Pacer &
Griffiths (2011)).
As in the single variable case, inference involves estimatβ bolded because we must jointly estimate
ing β weights (β
multiple β weights). The likelihood is the same as in the single variable case, with a slight modification to E(∆xt ):
h n
i
E(∆xt ) = θ ∑ βY i X yti − xt

(6)

i=1

(∆x−E(∆xt ))2
1
−
2σ2
β|∆xt , yt ) = √
e
(7)
P(β
2πσ2
Thus far, we have a formalism for estimating causal
strength (β weights) but not causal structure. To infer structure, one must have a model for how causal relationships generate β weights (e.g. a “regular” causal relationship can only
have positive β weights). The full process involves (1) defining a distribution of β weights for different types of causal
connections, (2) sampling from these distributions, and (3)
multiplying the likelihoods by prior belief in each causal relationship to yield a posterior over causal structures. In this
paper we define three types of causal relationships: “regular”
(β=1), “none” (β=0), and “inverted” (β=-1).
For each observed ∆x, we jointly estimate the full
space of beta values for possible edges.
For example, for three variables there are six possible edges, β =
{βXY , βXZ , βY X , βY Z , βZX , βZY }.

Properties
OU processes can implement many intuitively appealing features of continuously varying causal relationships. For example, a negative β weight would correspond to a decrease in
one variable driving up the value of another (e.g. decreasing interest rates is generally thought to increase inflation).
Both positive and negative feedback loops are also naturally
implemented as β weights of equal sign with absolute value
greater than 1 or absolute value less than 1, respectively. Similarly, oscillations can be implemented with β weights of mismatched signs (such as 2 and −2). These feedback loops can
be implemented between only two variables, or as part of a
cyclic causal structure with potentially many variables.
Figure 1 demonstrates some of the dynamics that can be
implemented simply by varying β parameters. Cells (A) and
(B) demonstrate regular and inverse connections for a single
cause of an effect. To show the dynamics, for both plots the
mean that the cause trends to is 0 for the first 30 observations,
and 100 for the next 70. This shows that changes in the effect
follow changes in the cause. For cell (C) we simply initiated
both variables at 0 (note that the values get so large that X
and Y are indistinguishable in this plot). To show that negative feedback trends both variables towards 0, both variables
were initiated at 100 in cell (D). For cell (E) we initiated both
variables at 0. In cell (F) for the chain network X → Y → Z,
the cause variable X spends 10 time points centered around
0, and is then intervened on to set its new value to 100. This
was done to show that changes in Y precede changes in Z.

Figure 1: Examples of the dynamical phenomena resultant
from varying β weights. (A) Regular connection, βXY = 1.
(B) Inverse connection, βXY = −1. (C) Positive feedback
loop, βXY = 2, βY X = 2. (D) Negative feedback loop, βXY =
.5, βY X = .5. (E) Oscillation, βXY = 5, βY X = −5. (F) Chain
network (X → Y → Z), βXY = 1, βY Z = 1.

Experiment: Causal Structure Learning
Method
Participants. 30 participants (13 female, mean age=37.5)
were recruited from Amazon Mechanical Turk using the psiTurk framework (Gureckis et al., 2016), which has been
shown to produce comparable results to lab experiments in
cognitive science (Crump, McDonnell, & Gureckis, 2013).
They were paid $4 for approximately 30 minutes.
Materials and procedure. Each of the three variables was
represented by a vertical slider that could be freely manipulated by clicking and dragging anywhere on the slider (see
Figure 2)2 . The top of the screen presented a timer counting
2 For
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a demo, see https://zach-davis.github.io/publication/cvct/

down from 45 seconds, at which point the trial finished. Participants responded using six additional (3-state) sliders presented beneath the trial window, one for each potential causal
relationship. Responses were constrained to be one of three
options: ‘Inverted’, ‘None’, or ‘Regular’ (corresponding to
βs = -1, 0, 1 respectively) and participants were pretrained on
these terms in the instructions.

OU process. The sliders were constrained to be between -100
and 100, and the buttons on the slider presented a rounded integer value in addition to moving up and down. Participants
were instructed to make their judgments at the end of the trial,
but were also free to make their judgments at any point after
initiating the trial (see Figure 3). No feedback was provided
at any point. After seeing a total of 25 causal structures, participants completed a brief post-test questionnaire.

Figure 2: Sliders used by participants. (A) shows that the
sliders all jitter if no interventions are made. (B) shows that
the sliders do not jitter if intervened on.

Figure 3: Judgment options for participants. Participants
were presented with a trinary choice between “inverted”,
“none”, and “regular”.

Prior to the learning task, participants were shown four
videos of an agent interacting with the structures to familiarize them with the interface. These videos informed participants of the underlying causal structure and demonstrated an
agent interacting with the system. To prevent explicit instruction of any particular strategy, the videos displayed behaviors
such as wobbling the intervened on variable, holding the variables at a constant level, and maxing out the intervened variable. They were shown examples of (1) a network with no
causal connections, (2) a single “regular” causal relationship,
(3) a single “inverse” causal relationship, and (4) a chain relationship with one “regular” and one “inverse” connection.
Participants were not allowed to proceed to the test phase until they had watched all four videos. Participants were then
presented with a five question comprehension check to ensure that they understood the task. Questions established that
participants understood the duration of each trial, the difference between a regular and inverted connection, that there
can be more than one connection per network, and that they
must provide a response for all possible connections. Participants could not continue without answering all questions correctly. The parameters used during training and the learning
task were θ = .1, σ = 5, and βs were either -1, 0, or 1.
In the learning task, participants initiated the trial by pressing the “Start” button and the sliders started jittering according to an OU process, with unknown β weights driving the
movement (there were no causes outside the network). The
values of the sliders updated every 100ms. At any time, participants were free to click, hold, or drag anywhere on the
slider. While the mouse was pressed down it fully determined
the value of the slider, and once the mouse click was released
the process would continue from that point according to the

Results
As a baseline, participants were significantly better than the
chance probability of .33 for identifying causal relationships
(M=.82, SD=.15); t(29)=17.36, p<.001. They were also
above chance (.001) in selecting the correct causal model
(M=.44, SD=.22); t(29)=10.81, p<.001.
Models. To analyze behavior in this task we will compare
two competing accounts of causal structure learning. The first
is that people are roughly normative in their structure learning behavior. Such an account would imply, for the current
task, that people update their posteriors over all hypotheses at
every time point. Importantly, learners acting in accordance
with the normative model have to take into account dependencies between the connections, judging whether associations observed between variables can be explained by other
graphs. For example, in the network X → Y → Z, the X–Z
pair have many of the hallmarks of a direct causal relationship. They are correlated, changes in X precede changes in
Z, and intervening on X later affects Z’s value (but not vice
versa). Only by understanding that Y mediates the relationship between X and Z (for example, through timing information) could a learner correctly uncover the underlying structure and avoid improperly concluding that X causes Z. There
has been much work suggesting that adults and children are
capable learners of causal structures and act roughly in accordance with the normative model, at least in sufficiently simple scenarios (Gopnik, Glymour, Schulz, Kushnir, & Danks,
2004; Griffiths & Tenenbaum, 2009).
We compare the normative model to a “local computations” (LC) model that has been advocated as a generalpurpose account of causal learning behavior. The LC model
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proposes that causal learning is structurally local, meaning
that learners evaluate individual causal links without consideration of the entire graph. In the chain example, then, learners would not infer that the illusory causation between X and
Z was mediated by Y , and draw a direct link between those
two as well as the links X → Y and Y → Z. A wide array of approaches to modeling causal structure learning have provided
converging evidence for the LC model. Fernbach and Sloman
(2009) introduced the local computations model, finding that
it correctly predicted an overabundance of causal links and
order effects in learning. Bramley et al. (2017a) extended
this work to intervention decision-making, finding that people
consider small changes to their currently held best hypothesis in both structure judgments and intervention decisions.
Together, these studies suggest that people act in accordance
with the LC model, testing and evaluating individual causal
links rather than updating the full posterior space.

against the true generative network for that trial. As may be
expected, the MAP estimate of the normative model recovered a higher proportion of the structures (.98) than the MAP
estimate for the LC model (.58).
The first measure we use is to have the models perform
the same task as participants (report the most likely structure,
i.e. the MAP estimate), and compare whether participants
and models draw the same links. In this coarse measure, the
models were roughly equal (82% of links for the normative
model, 80% for LC). The models pull apart, however, on the
more sensitive quantitative measure of the log posteriors of
participant judgments, given slider values, for each model. Of
30 participants, 10 were best fit by the normative model and
19 were best fit by the local computations model (1 participant could not be estimated due to errors in data collection).
The better quantitative fits of the LC model were strengthened by two qualitative predictions that distinguish it from
the global model. The first qualitative prediction is an
over-abundance of causal links (Fernbach & Sloman, 2009).
Eighty-two percent (SD=.17) of the errors that participants
made involved adding extraneous causal links, significantly
greater than chance3 (.59); t(29)=7.33, p<.001. The second
qualitative prediction of the LC model as defined in this paper is an inability to distinguish between direct and indirect
causes (e.g. in the network X → Y → Z, incorrectly also judging X → Z). While in general participants were correct for
eighty two percent of connections, they were dramatically
worse for indirect effects (M=.16, SD=.21), performing below chance (.33); t(29)=-4.48, p<.001.

Model Formalism. Recall that calculating the likelihood of
some β involves comparing observed and expected ∆x:
(∆x−E(∆xt ))2
1
−
2σ2
β|∆xt , yt ) = √
e
P(β
2πσ2

The normative and LC models both use this likelihood, but
have different E(∆x). Because the LC model ignores the contribution of other variables, it estimates a single β at a time:
E(∆xt ) = θ[βY X · yt − xt ]
In contrast, the normative model jointly estimates the contribution of multiple variables:

Discussion

h n
i
E(∆xt ) = θ ∑ βY i X yti − xt

This paper introduced a generative model of causal systems
relating continuous variables in continuous time that exhibits
familiar real-world dynamic phenomena such as feedback
loops, and periodic oscillation. We explored active inference
in these systems, allowing participants to freely manipulate
the variables over a continuous trial window and comparing
them to both a globally, and locally efficient inference model.
We found that active learners who were free to interact with
the system were better modeled as considering connections
between each variable in isolation than updating beliefs over
full graphs. Supporting the better quantitative fits of the local computations model, it also predicted two qualitative effects. Participants were much more likely to add extraneous
causal links than remove existing ones, a surprising finding
given the evidence for a bias for sparse causal models (Lu
et al., 2008). The local computations model also predicted
that participants would inappropriately draw connections between indirect effects. The evidence in this paper for the local computations model connects with a rich history in causal
learning that suggests that people are limited in their ability
to represent a full hypothesis space of possible models and

i=1

As mentioned, participants were exposed to familiarization
trials that showed that β values could be -1, 0, or 1. However,
because this knowledge could only be approximate, we instead model them as believing that a “regular” or “inverse”
connection is consistent with a range of βs. In particular, for
“regular” connections we sample 1,000 β values from a distribution of positive values centered at 1 (Γ(k = 5, θ = 5)),
for “inverse” we do the same but negate the values, and for
no connection we only sample β=0. Furthermore, we assume
that participants have perceptual noise and therefore set the
value of σ to 7, a higher value than the veridical 5. Note that
neither of these decisions affect the forthcoming conclusions.
Model Results. We analyze results by comparing people’s
performance to the normative and local computations (LC)
models. For both the normative and LC models, we calculate
the posteriors for each of the 36 hypotheses that constitute
every combination of the “inverted”, “none”, and “regular”
judgments that participants made.
To evaluate the models, we performed a recovery experiment by feeding them the slider values for each trial for each
participant, and evaluating the MAP estimate of each model

3 For the structures used in this experiment, a hypothetical subject
who responded “inverse”, “none”, and “positive” with equal probability would erroneously add a causal link 59% of the time.
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instead consider narrow hypotheses and make alterations to a
currently held model (Bramley et al., 2017a; Quine, Churchland, & Føllesdal, 2013). Further analysis and experimentation will be necessary to better understand the mechanisms
and representations used by people in this new class of dynamical systems.
There are a number of limitations to the current project that
could be addressed with further experiments. For one, we
heuristically incorporated perceptual noise and assumed that
people can track all three variables in real time. Extensions to
the current project would be to fit perceptual noise or to account for the possibility that people cannot attend to all three
variables simultaneously4 . Both of these problems will likely
become larger issues when more variables are added. Additionally, the presented analyses in this paper do not address
intervention decision-making, a critical component of the active learning of causal structure. Future analyses would naturally involve, as a benchmark to compare against humans,
models for selecting actions that maximize expected information gain.
Every day we must learn from and interact with systems
that shift over time. Causal cycles, feedback loops, oscillations, inverse relationships, and all manner of dynamic properties are as common as they are difficult to learn. We hope
that the formalism laid out in this paper will be helpful in
studying the mechanisms for learning and action in this important class of problems.
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Abstract

Immersive virtual reality (VR) offers important benefits over
non-immersive displays, such as increased ecological validity
and high experimental control. Studies in cognitive science
using immersive VR are however still rather limited in
number. The current paper illustrates the opportunities to
apply VR in the cognitive sciences by using an immersive
adaptation of a classic study by Godden and Baddeley (1975)
on environmental context-dependent memory (ECDM). In
this memory study, retrieval was facilitated when the context
between learning and testing matched. In line with the
literature showing small effects for context-dependent recall,
the current study indicated a marginally significant ECDM
effect for one virtual context, but when deep processing was
controlled, a significant ECDM effect was obtained. In
demonstrating the applicability and benefits of immersive VR,
this study at last opens a doorway to the large-scale
implementation of immersive VR for the cognitive sciences.
Keywords: virtual reality; immersive; learning strategies

Introduction
Due to a combination of improved fidelity and affordability
in recent years, virtual reality (VR) and related immersive
technologies have gained popularity. In academia,
prominent reasons for the use of VR include its possibilities
to investigate human emotion and behavior (Diemer, Alpers,
Peperkorn, Shiban, & Mühlberger, 2015), and for enabling
immersive training (Bowman & McMahan, 2007).
In part, these possibilities stem from VR’s ability for high
immersion, which is the fidelity produced by a VR system.
Immersion is suggested to be positively related to arousal
(Diemer et al., 2015) and learning (Meehan, Insko, Whitton,
& Frederick P. Brooks, 2002). Factors affecting immersion
include field of view, and the extent to which a VR display
physically surrounds the user (Bowman & McMahan, 2007).
A key benefit of immersive VR displays is increased
ecological validity, as opposed to the screens of small-size
and thereby less ecologically valid desktop monitors
(Loomis, Blascovich, & Beall, 1999; Parsons, 2015). VR
may therefore be of special benefit in cases where there is a
need for more ecologically valid paradigms. VR
additionally allows for fine-grained control over virtual
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environments, which can be tailored to fit specific research
needs (Mühlberger, Bülthoff, Wiedemann, & Pauli, 2007).
Importantly, the combination of VR’s benefits of
increased ecological validity and high experimental control
may enable a happy medium between true-to-life but less
controlled real situations and highly controlled but less
realistic test site settings (Loomis et al., 1999; Parsons,
2015).
In spite of its advantages as compared to more traditional
techniques, the number of studies in the cognitive sciences
which employ immersive VR is still rather limited. A
number of possible roadblocks may have impeded a more
wide adoption of immersive VR. This may include an
unsatisfactory level of fidelity and the considerable time and
skills required for creating virtual environments. Due to
technological advancements in recent years, these barriers
have been reduced.
In light of these developments, the current study aims to
exemplify how the unique affordances of state-of-the-art
immersive VR could benefit the cognitive sciences. For this
purpose, a classic study by Godden and Baddeley (1975) on
environmental context-dependent memory (ECDM) was
adapted to VR using a highly immersive 360-degree Cave
Automatic Virtual Environment (CAVE), as an example of
how traditional designs may be converted to immersive
settings.
ECDM refers to the way environmental surroundings
affect memory performance: Information retrieval is
facilitated when the environmental context during retrieval
and encoding match compared to mismatches. Due to its
reliance on contextual information, ECDM is a fitting
example for demonstrating the increased ecological validity
of immersive VR.
In the original study by Godden and Baddeley (1975),
groups of divers learned lists of words in two different
contexts, namely either on land (D: Dry) or underwater (W:
Wet). The groups were then tested for their memory of the
words either in the same context as the learning context
(DD, WW), or in a different context (DW, WD). The
number of correct, freely recalled words was found to be
higher when the learning and testing contexts matched,
indicating an ECDM effect (Godden & Baddeley, 1975).

Results of studies examining ECDM have been mixed.
Memory performance was better when tested in the same
compared to a different room (Unsworth, Spillers, &
Brewer, 2012), with the same compared to a different
background sound (Smith, 1985) and while wearing the
same compared to different clothing (Finn, Patten, &
McLachlan, 2010). Yet, other studies failed to find ECDM
effects. Presenting different classrooms (Coveney, Switzer,
Corrigan, & Redmond, 2013; Koens, Cate, & Custers, 2003;
Saufley, Otaka, & Bavaresco, 1985) did not influence
memory performance. In addition, Fernandez and Glenberg
(1985) reported eight experiments in which ECDM effects
could not be established by presenting different rooms.
The mixed results of these studies question the reliability
of ECDM effects. Yet, a meta-analysis of 75 ECDM studies
by Smith and Vela (2001) concluded that although
environmental context effects on memory are small (d =
.28), they are reliable, both for recognition and recall tasks.
In addition, Smith and Vela (2001) found that the use of
association during the time of learning played a role, as this
diverts attention away from the environment, thereby
reducing ECDM effects. In light of this, here we will
examine whether the typically small effect of ECDM can be
found when using immersive VR, and whether the effect is
strengthened when association or other learning strategies
which divert attention away from the environment at the
time of learning are taken into account.
Virtually no studies investigating context dependency
effects have employed immersive VR before. One exception
is a study by Hockley, Bancroft, and Bryant (2012) which
employed video glasses, with other studies instead focusing
on the use of non-immersive desktop monitors for virtual
stimulus presentation (e.g., Pacheco, Sánchez-Fibla, Duff, &
Verschure, 2017; Pettijohn & Radvansky, 2016). The
immersive properties of video glasses such as used in the
study of Hockley et al. (2012) are however distinct from
that of a more ecological 360-degree CAVE system as
employed in the current study. Such a system is highly
immersive by projecting virtual environments onto the walls
of a room, which thereby fully surround the user. This is the
difference of feeling to be present inside a virtual
environment, as opposed to observing it via the window of a
virtual display. The use of a CAVE system offers multiple
additional advantages, such as the possibility for more
naturalistic test taking, as participants have an unobstructed
view of their own bodies and the physical test materials
while being immersed in the virtual environments displayed
by the CAVE.
For the outcome variables of the current study, the mean
number of correctly recognized words was expected to
decrease when there is a switch of environment between
learning and testing (DW or WD), compared to when there
is no switch (DD or WW). Similarly, mean retrieval times
were expected to be longer for switching compared to not
switching environments. The current study used a
randomized between-subject design. In a meta-analysis by
Smith and Vela (2001), no significant difference in memory

performance was found between recognition and recall tests.
In light of this result, the current study therefore employed a
recognition task as this allowed the recording of retrieval
times next to correct/incorrect responses, yielding an
additional outcome measure for assessing ECDM effects.
Lastly, the current study employed a multi-step process
using latent semantic analysis (LSA) to determine the word
stimuli, whereas the original study does not provide the
specifics of the stimuli selection (Landauer & Dumais,
1997).

Method
Participants
A total of 66 persons (22 males and 44 females, age: M =
22.14, SD = 2.95, range = 18-30) participated in the study.
Participants were all from Tilburg University and received
partial course credit. Non-Dutch native speakers, persons
younger than 18 years of age, persons with a history of
epilepsy, migraine or dyslexia, and (expected) pregnant
women were excluded from the study. This study was
conducted with permission granted by the Research Ethics
Committee at Tilburg University.

Apparatus
Virtual environments were displayed on four walls of a 5.2
x 5.2 WorldViz CAVE using Unity 3D version 5.3.5,
providing a 360-degree view. Eight short-range 120 Hz
projectors provided 5.12 x 2.75 meter projection of 2580 x
800 pixels per wall. Four cluster rendering workstations:
Intel Xeon E5-1630 v3 3.70 GHz, 32 GB RAM, NVIDIA
Quadro M6000, Windows 8.1 Pro 64-bit processed the
synchronization of projections. Visual stimuli consisted of
2D panoramas of a mountainous landscape (D: Dry) and an
underwater scene (W: Wet) (see Fig. 1). The resolution of
both panoramas exceeded that of the total resolution of the
four CAVE walls and were thus displayed at the highest
possible level of visual quality.

Figure 1: Above: Crop of panorama D (Dry) condition
(adjusted from Wikimedia Commons). Below: Crop of
panorama W (Wet) condition (Google Earth, 2016).
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Materials

Table 1: Examples of Dutch word stimuli included in the
study and their English translations.

Godden and Baddeley (1975) do not provide examples of
the stimuli used in their study. Constraints applied onto the
stimuli are mentioned, however no specifics are stated.
To illustrate, it is mentioned that the stimuli consisted of
unrelated words, however no specifics are provided
regarding the method used to determine word relatedness.
The current study therefore employed new word stimuli,
which were semantically unrelated. An initial English word
list was generated using the MRC Psycholinguistic
Database (Wilson, 1988) (applied filters: syllables: 2-3;
concreteness: 450-700; imageability: 450-700), and was
thereafter translated into Dutch. LSA was applied onto these
words, using a LSA space consisting of 65 million words of
the Dutch version of Wikipedia. Words were excluded that
were (1) semantically related (e.g., commander and
lieutenant), or (2) semantically related to names of visual or
auditory elements contained in the land and underwater
scenes (e.g., island). Two 36-item word lists were compiled
from the words which remained after applying all selection
criteria. Two additional 36-item word lists were created by
separately randomizing the words of the first two. Examples
of Dutch words included in the current study and their
English equivalents are presented in Table 1. Sixteen
different audio playlists were made for each combination of
condition and word list, which were randomized between
participant groups.
Questionnaires, including a short demographic survey and
an open question about word learning strategies, as well as a
word recognition test were presented using Qualtrics survey
software (Qualtrics, Provo, UT).

Dutch
bondgenoot
commandant
flannel
mandarijn
minister
motor
muziek
noedel
onderarm
paragraaf
rabbijn
tijdschrift
zilver

participants were immersed in either the dry (D) or the wet
(W) virtual environment while twice listening to a playlist
of 36 to be memorized words.
In order to minimize the possibility that learned words
remained in short-term memory, participants subsequently
copied 15 auditorily presented numbers onto paper, and
completed a list of questions. During this time, all four
CAVE walls were white, irrespective of condition.
Next, in the testing phase, participants were either
presented with the same virtual environment (DD or WW)
or a different virtual environment (DW or WD) from the
one in the learning phase. While immersed in the virtual
environment, participants used a laptop to complete a
forced-choice word recognition test. The test contained 72
words, half of which had been presented during the learning
phase. There were two word orders in the test, which were
equally divided between the participants of each group.
After all participants finished the test, they were guided
back to the adjacent room by the experimenter. There, they
completed a post-questionnaire which contained a question
about word learning strategies. Finally, they received a
debriefing document with additional details about the
purpose of the study, concluding the session. The total
session duration was approximately 30 minutes. An
overview of the experimental procedure is provided in
Figure 2.

Procedure
A maximum of four persons participated simultaneously.
Upon entering the lab, participants first received an
information letter and signed an informed consent form.
Next, the purpose of the task was explained verbally to the
participants, and were handed a pair of wireless headphones,
used for providing pre-recorded instructions and auditory
stimuli presentation. Then, participants were seated on
chairs near the center of the CAVE, each facing one of the
four walls, and followed pre-recorded audio instructions
presented via wireless headphones. In the learning phase

Learning phase:
36 words in
context 1 (D, W)

English
ally
commander
flannel
tangerine
minister
motor
music
noodle
forearm
paragraph
rabbi
magazine
silver

Context
Switch/No switch
conditions
switch (DD,WW)
conditionsMonito
Number copying,
r/HMD
question
list
conditions

Time (approximately 30 min.)
Figure 2: Overview of experimental procedure.
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Testing phase:
72 words in
context 2 (D, W)

Postquestionnaire,
debriefing

the time it takes to remember those items. Therefore,
ECDM effects might be found on the number of correct
responses without finding any effects on retrieval times.
As stated in the introduction, ECDM effect sizes have
been found to be reliable, but small (Smith & Vela, 2001).
As such, it may be important to take factors into account
which may attenuate already minor ECDM effects. Smith
and Vela (2001) detail how deep processing of stimuli
constitutes such a factor, as cognitive capacity is finite, and
therefore happens at the expense of the encoding of
environmental information, important for ECDM. Deep
processing by way of associative learning of items is given
special mention, as it does not use contextual information of
the surroundings, which is thus encoded less (Smith & Vela,
2001). Consequently, the resultant item memory is more
resilient to changes of scenery between learning and testing,
as the memory trace contains little contextual information to
begin with, reducing ECDM effects. McDaniel, Anderson,
Einstein, and O'Halloran (1989) too have argued that

Results and Discussion
All statistical tests were conducted using analysis of
variance (ANOVA) F-tests, unless stated otherwise.
Normality and homogeneity of variance were respectively
tested with the Kolmogorov–Smirnov test and Levene’s test.
Statistical significance is reported two-tailed (α = .05). For
retrieval times, only those of correct answers on the word
recognition test were used in the analyses. There were no
retrieval times < 200 ms. Individual retrieval times of 3
standard deviations above the individual retrieval time
means were removed. Technical problems occurred for two
participants during the testing phase. Data for these
participants were therefore excluded from further analyses.
The remaining participants (Total n = 64; DD: n = 16; DW:
n = 15; WD: n = 17; WW: n = 16) were included in the
analyses.
Results confirmed that there was no statistically
significant difference in performance, neither due to the
environment of learning, F(1, 62) = .03, p = .861, p2 <
.001, nor due to the environment of testing, F(1, 62) = 1.90,
p = .174, p2 = .030. No effect of environment switch was
found between the learning and testing phases, F(1, 62) =
1.74, p = .192, p2 = .027.
However, for DD-DW an effect of environment switch
approaching statistical significance was found with a lower
mean score in the switch condition, consistent with the
pattern of ECDM in the literature of decreased performance
in the presence of a switch, Welch’s F(1, 19.77) = 3.69, p =
.069, but not for WW-WD, F(1, 31) < .01, p = .974, p2 <
.001 (DD: M = 63.5, SD = 3.06; DW: M = 60.0, SD = 6.40;
WW: M = 62.0, SD = 5.34; WD: M = 62.06, SD = 4.79).
In everyday life, one may be exposed more to
environments bearing resemblance to mountainous
landscapes as compared to underwater scenes. The absence
of an effect of switch for WW-WD may therefore have been
caused by the perception of the mountainous environment D
to be less out of the ordinary as compared to the underwater
environment W. Following this reasoning, the transition
from environment D to W induces a stronger disturbance to
the retrieval process compared to the reverse W to D order,
thereby resulting in a stronger ECDM effect.
Retrieval times for correct responses on the word
recognition test yielded no effect of environment switch,
F(1, 62) = .30, p = .586, p2 = .005. Effects of environment
switch when comparing DD-DW and WW-WD separately
were not statistically significant either, DD-DW: F(1, 29) =
1.21, p = .280, p2 = .040, WW-WD: F(1, 31) = .57, p =
.456, p2 = .018. Thus, effects of environment switch when
comparing condition DD with DW approached significance
only for the number of correct responses, and not for
retrieval times. ECDM effects for the number of correctly
recalled items without any effects on the8 speed at which
these items were recalled have been reported previously
(Unsworth et al., 2012). Unsworth and colleagues (2012)
interpret these findings by suggesting that a context switch
influences the associative strength of items and therefore the
probability that an item is remembered without influencing

Figure 2: Mean number of correct responses in the word
recognition test with environment switch and no switch
between the learning and testing phases, for shallow
processing (above) and deep processing (below) word
learning strategy groups. Error bars show standard
deviations of the mean.
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ECDM effects may be reduced when items are associated,
and additionally assert that this is also the case for relating
information to one’s own experience, or when mental
imagery techniques are employed.
In light of these findings, in the current study self–
reported participant word learning strategies were divided
into shallow processing (silent word repetition, n = 26) and
more resource intensive deep processing groups (e.g.,
associative learning, mental visualization, n = 38), as these
strategies influence the attentional demand of the word
learning task, thereby potentially modulating ECDM effects.
In the context of the current study, controlling for learning
strategies in this way is additionally warranted as word
stimuli are especially susceptible to associative learning,
one of the deep processing types of learning suggested to
affect ECDM (Smith & Vela, 2001).
For the number of correct responses on the word
recognition test, an effect of processing level was found,
Welch’s F(1, 37.70) = 10.69, p = .002. A statistically
significant effect of environment switch was present for the
shallow processing strategy group, F(1, 24) = 4.62, p = .042,
p2 = .161, however not for the deep processing group, F(1,
36) = .23, p = .637, p2 = .006 (see Fig. 2), in line with the
assertion of Smith and Vela (2001) that deep processing
which averts attention from the environment may diminish
ECDM effects. Thus, by classifying participants into
shallow and deep processing groups, an ECDM effect was
found for a word recognition test.
Regarding the retrieval times for correct responses on the
word recognition test, a Mann-Whitney test and an ANOVA
did not respectively show a statistically significant effect of
environment switch for the shallow processing strategy
group, U = 81.00, z = -.078, p = .938, r = -.02, nor for the
deep processing strategy group, F(1, 36) = .73, p = .398, p2
= .020. Therefore, no support was found for the hypothesis
that environment switch increased word recognition
retrieval times, irrespective of word learning strategy. This
is in line with the findings of Unsworth and colleagues
(2012) discussed above.
In cases where the ANOVA assumption of homogeneity
of variance was violated, the results of equivalent nonparametric tests were presented. This did not affect
statistical significance. For reasons of completeness, here
we provide the ANOVA F-tests results of these cases: Effect
of environment switch on DD-DW: ANOVA: F(1, 29) =
3.85, p = .059, p2 = .117. Effect of processing level on
performance: ANOVA: F(1, 62) = 12.74, p = .001, p2 =
.170. No effect of shallow processing on retrieval times:
ANOVA: F(1, 24) < .01, p = .995, p2 < .001.

immersive VR. We showed that word recognition
performance differences were marginally significant
between DD and DW groups, with improved scores in the
DD group, for which there was no switch of context
between learning and testing. This is consistent with the
findings in the literature, in which ECDM effects are
reliable but small on average (Smith & Vela, 2001), and
which stresses the importance of controlling for factors
potentially affecting already small ECDM effects. Deep
processing of items may be one such factor, as this may
happen at the expense of the encoding of environmental
information (Smith & Vela, 2001). After classifying
participants into shallow and deep processing groups,
ECDM effects were found to be stronger, as word
recognition performance was significantly improved in the
absence of a context switch. This supports the notion that
the effect of learning strategies should be taken into
account, which may otherwise mask ECDM effects.
For further validation of the use of immersive virtual
environments for ECDM studies, the design of the current
study may be expanded to incorporate both real, immersive
VR and desktop monitor ECDM conditions, so as to
determine how the effects thus obtained may compare.
By using the example of ECDM, the current study shed
light on the applicability and benefits of the use of
immersive VR for research topics in the field of the
cognitive sciences. As a next logical step, it would be
valuable to leverage the inherent ability of immersive VR
for increased ecological validity coupled with high
experimental control, in order to take investigations into
ECDM and other research topics in the field of the cognitive
sciences to the next level. To illustrate using the example of
ECDM, as indicated by Godden and Baddeley (1975), in
conditions in which learning and testing contexts are
required to be identical, there might still be discrepancies
when using real settings, for instance due to changes in
weather conditions, light intensity, background noise and
other factors. That such factors indeed affect ECDM has for
instance been shown for clothing (Finn et al., 2010), noise
levels (Bell et al., 1984) and background sounds (Smith,
1985). Using VR, the potentially debilitating effects of these
and other confounding variables can be effectively removed
from the study design.
As there is complete control over which type of stimuli to
use and which to exclude, VR can additionally be utilized to
investigate the degree to which individual contextual
components may contribute to ECDM effects, with a finegrained level of control unattainable when using real
environments. Similarly, a modulating effect of learning
strategies on ECDM can now be examined in detail through
direct experimental manipulation, following the example of
McDaniel et al. (1989). Importantly, using VR, this can be
done while keeping the contextual elements of the virtual
environment constant.
The benefits of immersive VR, here presented for the
particular case of ECDM, are equally applicable to a wide
range of research topics in the field of cognitive science,

General Discussion
The current study demonstrated the applicability and
benefits of VR for conducting studies in the field of
cognitive science, where immersive VR has yet to be widely
adopted. For this purpose, an immersive adaptation was
created of a classic ECDM study by Godden and Baddeley
(1975) which leveraged the increased ecological validity of
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which stand to benefit from increased ecological validity
coupled with high experimental control. In recent years, the
benefits of immersive VR have been enhanced further
through rapid technological advancements, which have
made it more realistic, immersive and intuitive to use, and
have simultaneously reduced the time- and cost associated
with the development of virtual stimuli. As a result,
immersive technologies have become more accessible, and
can be applied to an even wider range of research areas.
The current study was but one example of the way in
which conventional cognitive science study designs may be
effectively adapted to immersive settings, thereby
benefitting from the unique affordances of immersive VR.
The ECDM example of the current study thereby paves the
way to a wide adoption of immersive VR in the cognitive
sciences, opening up exciting opportunities for new avenues
of ecologically valid research.
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middle, or end portion, resulting in initial, medial, or final
windowing. It is also possible that such a scene can have a
particular portion without a window on it, backgrounded by
the lack of sentence constituents referring to it, and
accordingly may be said to have initial, medial, or final
gapping. Therefore, we can profile different portions of a
referent scene with different windowing patterns.
With regard to windowing of attention, Talmy (2000a)
examines five generic types of events: event frame of
motion, causal-chain event frame, cycle event frame,
participant action event frame, interrelationship event frame.
Specifically, event frame of motion is the most typical one
because it has the most explicit perceptual structure
(Ungerer & Schmid, 2008: 221).
In the motion event frame, path is the core schema which
represents the relationship between Figure and Ground
(Talmy 2000b). The so-conceived entirety of a path of
motion is termed a path event frame, with respect to which
the windowing process can be termed path windowing. This
windowing process can be understood with respect to three
different categories of paths, namely, open paths, closed
paths, and fictive paths (Talmy, 2000a: 265). Regarding the
nature of windowing of attention, it is apparent that when
the path element of a motion event is emphasized, the entire
path in space can be segmented as initial, medial, final part,
and in linguistic expression, we do not have to window all
the three parts of a path at the same time. Instead, we can
foreground just one phase of path, while background the
unimportant part of the path. With the context, the hearer
may infer the gapped part of path.
Talmy’s methodology for attention system is based on
introspection. He realized that the findings resulting from
introspection must be correlated with those resulting from
other methodologies. Such other methodologies include the
analysis of discourse and corpora, cross-linguistic and
diachronic analysis, the assessment of context and of
cultural structure, the observational and experimental
techniques of psycholinguistics, the impairment studies of
neuropsychology, and the instrumental probes of
neuroscience (Talmy, 2000a: 5; Talmy, 2010: xix). In doing
so, this paper adopts quantitative corpus method to address
the phenomenon of windowing of attention in Mandarin
serial verb construction (SVC) in order to justify Talmy’s
attention system. We first introduce the phenomenon of path
windowing in Mandarin serial verb construction (SVC),
then we focus on the verbs laí (come) and qù (go) in
Mandarin SVCs and explore how they represent path and
influence the patterns of path windowing in the usage-based
data.

Abstract
This paper investigates the manner in which path events are
specified in Mandarin serial verb constructions (SVCs) and
how such representations incorporate attentional processes, as
reflected in Talmy’s (1996, 2000) theory of Windowing of
Attention. Here we focus on the verbs laí (come) and qù (go).
The results show that: (1) laí and qù in SVCs mainly
represent open path, followed by fictive path and closed path
respectively; (2) laí or qù in Mandarin SVCs tends to adopt
final path windowing. Final windowing accounts for 60.3%
for SVCs with laí and 65.7% for SVCs with qù. This suggests
that Mandarin SVC with laí or qù profiles the final part of the
construction, and the information at the end is the key
information. The present study offers a new account for the
information distribution of SVCs and sheds light on the event
segmentation of SVCs.
Keywords: Attention; Path Windowing; SVC; Cognitive
Semantics

Introduction
Windowing of attention and path event frame
The notion of attention plays a key role in theories of
cognitive linguistics, from frame semantics (Fillmore, 1982)
and profiling (Langacker, 1987) to the specification of
Figure and Ground (Talmy 2000a). Talmy (2000a, 2006,
2007, 2010) constructs a schematic system for attention in
linguistics. This system establishes how one is to distribute
one’s attention over the structured scene or event from the
selected perspective point. Different strengths of attention in
this distribution can form a pattern. And patterns of different
types underlie various conceptual categories within this
schematic system, such as scope of attention, focus of
attention, level of attention, and the windowing of attention
(Talmy, 2006).
Languages can place a portion of a coherent referent
situation into the foreground of attention by the explicit
mention of that portion, while placing the remainder of that
situation into the background of attention by omitting
mention of it. Terminologically, the cognitive process at
work here is called the windowing of attention, the coherent
referent situation with respect to which the windowing must
take place is an event frame, the portions that are
foregrounded by inclusion are windowed, and the portions
that are backgrounded by exclusion are gapped
(Talmy ,1996；2000a: 257).
As for the nature of windowing of attention, Talmy
(2000a: 259) proposes that a referent scene which is
sequential in nature or sequentialized conceptually can have
a window of strongest attention placed over its beginning,
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Research on Mandarin SVC has a history of over 50 years
(e.g. Chao, 1968; Li & Thompson, 1981; Müller &
Lipenkova, 2009; Paul, 2008). While the formal, structural
and functional account of Chinese SVC is prosperous, the
cognitive approach is somehow overlooked. Hence, the
present study addresses Mandarin SVC from the perspective
of windowing of attention so as to bring new insights to the
semantic conceptualization of SVCs. The theoretical
motivation of this study is to connect the observations about
the semantic patterns of Mandarin SVCs to the information
structure and, through this, link language structure to an
attention-based infrastructure.

Mandarin serial verb construction and path
windowing
A serial verb construction (SVC) is a sequence of verbs
which act together as a single predicate, without any overt
marker of coordination, subordination, or syntactic
dependency of any other sort. Serial verb constructions are
widespread in Creole languages, in the languages of West
Africa, Southeast Asia, Amazonia, Oceania, and New
Guineasort (Aikhenvald, 2006). It is widely acknowledged
that Mandarin Chinese is a serializing language. For
example:
(1) 祥子 拉着车 走了。（The Rickshaw Boy）
Xiang zi pulled his car go away.
“Xiang zi pulled his car and go away.”

Research Questions
Resting on the interaction between SVC and path
windowing, we propose two main research questions:
1) What is the distribution tendency regarding the pattern
of open path, closed path, fictive path in SVCs?
2) What is the distribution property of different patterns
of path windowing in SVCs?

The structure of the above example can be segmented as
“NP(Xiang zi 祥子) +VP1(pull his cart 拉着车)+ VP2(go
away 走 了 )”. This serial verb construction can be
conceptualized as a single event, as implied by its
monoclausal status, as evidenced by its having the same
intonational properties as a monoverbal clause, and the
possession of just one tense, one aspect, and one polarity
value. Furthermore, VP1 and VP2 share the same argument
NP (Xiang zi 祥子); VP1 and VP2 each can occur on its
own.
The SVC has a complex event meaning, which is
composed of the meanings of the single VP components and
the extra-lexical causal relation between the subevents
(Müller & Lipenkova, 2009). As SVC entails rich motion
event frame, path windowing provides a significant
perspective in event representation and information
construal of SVC. For example:

Method
Scope of data
From a cross-linguistic point of view, Foley & Olson (1985)
schematically ranked the verbs which are most and the least
likely to occur in SVCs (from most serializable to least
serializable verbs):
Basic motion verbs (e.g. ‘come’, ‘go’) ＜ other active
intransitive verbs (‘wander’, ‘crawl’, etc.) and posture verbs
(‘sit’, ‘stand’, ‘lie’) ＜stative or process verbs ＜transitive
verbs
Based on such scheme, we investigate the basic motion
verbs laí“来”(come) and qù “去”(go) in Mandarin SVCs
which represent motion event frame, and explore how they
encode path event and impact path windowing in SVCs.
Regarding the data of motion event frame, Talmy (2000b:
27) has pointed out the usage of characteristic expression of
Motion, that is: (1) it is colloquial in style; (2) it is frequent
in occurrence in speech, rather than only occasional; (3) it is
pervasive, rather than limited. Therefore, we target spoken
data of SVCs which encode motion events as the
quantitative sample.

(2) a. 我 从南京 去北京 上大学。
I from Nanjing go to Beijing go to university.
“I go from Nanjing to Beijing to attend university.”
b. 我 去北京 上大学。
I go to Beijing go to university.
“I go to Beijing to attend a university.”
The two SVCs in (2) are typical examples of open path
event frame whose beginning point and ending point are at
different locations in space(see Talmy, 2000a: 265). (2a)
windows the beginning and ending portions of the path,
while gapping the middle portion (that is, all the geographic
territory traveled through between Nan Jing and Beijing is
not mentioned). (2b) windows the ending portion of the path
while gapping both the beginning and middle portions. (2b)
parallels Talmy’s (2000a: 266) example of “The crate that
was in the aircraft's cargo bay fell into the ocean” -- which
leaves unmentioned the fact that the crate also fell out of the
plane and through the air. In both (2a) and (2b), qù “去” is
a very important verb to profile the final part of the
conceived path in space.

Data collection and selection
SVCs were obtained from the CCL Corpus (built by Center
for Chinese Linguistics Peking University). As one of the
largest Chinese corpora, CCL consists of both written and
spoken data. The spoken sub-corpus largely contains
naturally occurred data from opera, play, drama, etc. Hence,
the spoken data is colloquial and pervasive given that it
involves various registers and situational contexts
concerning daily life and speakers from different ages. We
chose the icon “Modern Mandarin” and filled in the
keyword laí “来” (come), filtering “spoken data”. In total,
1101 instances with laí“来” (come) were extracted, and 446
of them are SVCs according to Aikenvald’s (2006) cross-
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linguistic definition of SVC. For qù“去” (go), the same
procedure was conducted and there are 639 instances in total,
among which 330 instances are SVCs. For the convenience
of comparison, we randomly selected 300 instances of
SVCs with laí “来” (come) and 300 instances of SVCs with
qù “去” (go) as the sample, and analyzed how they represent
path event and impact path windowing in SVCs. In the
coding process, three types of paths were diagnosed
according to Talmy’s (2000a: 265-269) definition, namely,
open path, closed path and fictive path. For path windowing,
the beginning (initial) point, medial point, ending (final)
point and their linking patterns were tagged for all SVCs in
term of Talmy’s (2000a: 266-269) theoretical assumptions.
To justify the reliability of the result, two linguistics
graduate students were employed to assist in the coding of
each SVC. Then, the distribution of different path categories
and windowing patterns was calculated.

Results and Discussion
Path-event of SVC with laí “来” and qù “去”
Based on the sample, the statistical analysis of the
distribution of open path, closed path, fictive path in SVCs
with laí “来” and qù “去” is shown in Table 1:
Table 1: Distribution of path-event of SVCs with laí
“来” and qù “去”
Serial verb
(Deictic path)

来 laí (come)

去 qù (go)

open path

179（59.7%）

236（78.7%）

closed path

19（6.3%）

fictive path

102（34%）

52（17.3%）

Total

300（100%）

300（100%）

“I will come to live in this house.”
b. 一会儿有人送照片儿[来]。
Soon someone send photos come.
“Someone will send the photos here soon.”
c. 这都是我同事，跟我一块儿[来]瞧您[来]了。
These are my colleagues, follow me come visit
you come.
“My colleagues have followed me to visit you.”
d. 牛大姐，一早就[来]写发言稿儿[来]了。
Sisiter Niu, very early come write reports come.
“Sister Niu has come to write reports very early.”
(4) SVCs with qù “去”
a. 我到后边打个电话[去]。
I go back make a call go.
“I go back to make a telephone call.”
b. 我们可以到外边[去]谈谈吧。
We can go outside go have a talk.
“Let’s go outside to have a talk”.
c. 你带我[去]会会这帮人[去]。
You take me go meet these guys go.
“You take me to meet these guys.”
d. 跑到卡拉 OK[去]发现新人[去]了。
Run to Karaoke go look for new stars go.
“Have gone to look for new stars in the Karaoke.”
In (3a) and (3b), laí “ 来 ” is a minor verb, which is
grammaticalized as a deictic element of the motion path.
There are two laí “来” in (3c) and (3d), the first laí “来” in
(3c) represents path, while the first laí “ 来 ” in (3d)
represents translocational motion. The second laí “来” in
(3c) and (3d) are followed by a tense-aspect marker le “了”,
which indicates the completion of the whole event. In
example (4), qù “去” in (4a) and (4b) both represent path.
There are two qù “去” in (4c), the first qù “去” encodes
translocational motion, and the second qù “去” encodes path
or direction. In (4d), the first qù “去” represents path, but
the second qù “去” in connection with the marker le “了”
indicate the tense or aspect.
The proportion of times that laí “来” and qù “去” refer to
closed paths is relatively small, at 6.3% and 4% respectively.
Closed path refers to the same kind of entity as the open
path with the exception that its beginning point and ending
point coincide at the same location in space, so that the path
constitutes a circuit (Talmy, 2000a: 268). For example:

Path-event
of SVC

12（4%）

It can be seen from Table 1, the SVCs with laí “来”
and qù “去” mainly refer to open paths. For SVCs with
laí “来”, the open path event accounts for 59.7%, and for
SVCs with qù “去”, the open path event reaches 78.7%. An
open path here refers to a path that is described by an object
physically in motion in the course of a period of time, that is
conceptualized as an entire unity thus having a beginning
and an end, and whose beginning point and ending point are
at different locations in space (Talmy, 2000a: 265). For
example:

(5) SVC with laí “来”
我们还得给自个挣。这样才能把宁宁接[来]。
We must make money can take Ningning come.
“We must make money to take Ningning back here.”
(6) SVC with qù “去”
来，你先坐。我[去]给你找老板。
Come you sit. I go find the boss.
“Come and take a seat. I will go to find the boss.”

(3) SVCs with laí “来”
a. 我会住到这样的房子里[来]。
I will live this house come.
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It is difficult to identify closed paths through the literal
meaning of the above instances because closed paths do not
usually window the entire initial, medial and final phases of
a trajectory. Therefore, it is not obvious whether the
beginning point and ending point coincide in the whole path.
In this sense, inferences in line with the context are
necessary. Take (5) as an example, ba ning ning jie lai “把
宁宁接来” can only be recognized as open path when it
comes to the literal meaning of this SVC. However, if we
consider the context in which the speaker and hearer are
talking, it can be inferred that the speaker and hearer now
are at location A, and they are talking about making more
money in order to bring a girl in location B back to A so that
they can live together. The whole conceived path in (5) is
“A—B—A”, which is closed in essence. The same is true of
wo qu gei ni zhao lao ban“我去给你找老板”in (6) given
that in actual communication, the person who goes to talk to
the boss will come back to the hearer who is waiting for
his/her feedback. Most of the closed paths require pragmatic
inferences in the real communicating context. An
exceptional case is when laí “来” and qù “去” are conflated
together in the same SVC, it is more likely to form a closed
path given their deictic opposition. For example:
(7) SVCs with laí “来”and qù “去”
a.蕾丝，来，[去]把那份儿复写纸给我拿[来]。
Lei si, come, go bring the copy paper come.
“Leisi, please go to bring the copy paper here.”
b.我[去]把她叫下[来]。
I go call her come.
“I go to call her down.”
Fictive paths take up 34% and 17.3% respectively in
SVCs with laí “来”and qù “去”. A spatial configuration that
is otherwise understood as static through time can often be
alternatively conceptualized so as to be “conceptually
sequentialized” and to include a path of “fictive motion”.
One type of such a fictive path is the “trajectory” exhibited
by a person's focus of attention shifting over a conceived
scene. A fictive path is amenable to the same windowing
patterns as is a reference to a path of physical motion
(Talmy, 2000a: 269). For instance:

Your sense of humor run where go.
“Where does your sense of humor go?”
Laí “来” and qù “去” in fictive path can encode path or
directions. However, the path represented is not the physical
path but the translocational path of the attention, or the path
of the conceptualizer’s mental scanning. Hence, it is not the
objective path, and the fictive paths in (8) and (9) are
metaphorical. Notably, the fictive paths in the sample can be
further divided into open paths and closed paths, but we did
not do this in order to avoid the repetition of statistics.

Windowing patterns of SVCs with laí “来” and qù
“去”
The statistical analysis of the windowing patterns of SVCs
with laí “来” and SVC with qù “去” is illustrated in Table 2:
Table 2: Distribution of path windowing patterns of
SVCs with laí “来” and qù “去”
Patterns of path
windowing

SVC with laí“来”
Instances
(percentage)

Initial windowing

2 (0.7%)

Medial windowing

6 (2%)

SVC with
qù“去”
Instances
(percentage)
0 (0%)
0 (0%)

Final windowing

181 (60.3%)

Initial+Medial

2 (0.7%)

9 (3%)

Initial+Final

25 (8.3%)

4 (1.3%)

Medial+ Final

75 (25%)

86 (28.7%)

9 (3%)

4 (1.3%)

Initial+ Medial +Final
Total

300 (100%)

197 (65.7%)

300 (100%)

It is worth noting that initial, medial, final windowing
refer to the foregrounding of the beginning point, the middle
point and the final point of the path event frame in the
surface forms respectively. The pattern of “Initial+Medial”
means the beginning and middle point of a path event is
windowed; the pattern of “Initial+Final” shows that the
beginning and final point of the path are profiled in attention;
the pattern of “Medial+ Final” place the middle and final
point of the path event at the foreground of attention; the
pattern of “Initial+ Medial +Final” indicates that all the
beginning, middle and final point of the path are windowed.
It can be seen from Table 2 that the most frequent
windowing pattern of SVCs with laí “来” and qù “去” is the
final windowing. Among the 300 instances of SVCs with laí
“来”, final windowing takes up 60.3%; final windowing
accounts for 65.7% with respect to the 300 instances of

(8) SVCs with laí “来”
a. 搁你拉得下这脸儿[来]吗？
You pull the face come.
Metaphorical meaning: “can you be angry?”
b. 还闹出陈世美[来]了。
Scream come a Chen Shimmei.
Metaphorical meaning: “a fickle person named Chen
Shimei have appeared”
(9) SVCs with qù “去”
a. 都俗到一快儿[去]了。
vulgarity arrive together go.
“Become vulgar together.”
b. 你的幽默感跑到哪里[去]了。
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……the beggars go my home come.
“……The beggars has come to my home.”
(11) SVCs with qù “去”
a. 你姨父到大陆做生意[去]了。
Your uncle go the mainland do business go.
“Your uncle has been to the Mainland doing
business.”
b. 我做了个噩梦，掉动物园熊山里[去]了。
I have a nightmare, fall zoo bear hill go.
“I dream of falling into the bear hill in the zoo.”
c. 这话传到人家耳朵[去]了。
These words transmit to his ears go.
“These words have been transmitted to his ears.”

SVCs with qù “去”. The second most frequent windowing
pattern for SVCs with laí “ 来 ” and qù “ 去 ” is
“Medial+Final”, which accounts for up to 25% among the
300 instances of SVCs with laí “来” and 28.7% among the
300 instances of SVCs with qù “去”. If we calculate the sum
of the windowing patters with “Final” subevent, the ratio
regarding final windowing reaches 96.6% in SVCs with laí
“来” and 97% in SVCs with qù “去”.
As there are only two basic deictic motion verbs in
Mandarin, namely, laí “ 来 ” and qù “ 去 ” , it seems
necessary to compare the windowing patterns of SVCs with
the two deictic verbs for further generalization. Hence, we
conducted a Fisher’s exact test on the frequency list in Table
2, and calculated the p-value of the difference between laí
“来” and qù “去” in SVCs regarding the windowing patters.
The result is shown in Table 3:

In the instances of (10) and (11), laí “来” and qù “去” are
both placed at the end of the SVCs with a maker le “了”; laí
“来” and qù “去” are deictic path verbs which encode the
direction of motion, and the path can be both physical and
fictive (e.g. 11c is fictive path). At the same time, le “了”,
which indicates the completion of an event, co-occurs with
laí “来” and qù “去”. This marker directs conceptualizer’s
attention to the end part of the whole conceived path, as
illustrated in Figure 1 (see Ungerer & Schmid, 2008: 222).

Table 3: P-value of significant difference regarding the
windowing patterns between SVCs with laí “来” and qù
“去”
Windowing patterns

p-value
(Fisher’s exact test)

Initial windowing
Medial windowing
Final windowing
Initial+ Medial windowing
Initial+ Final windowing
Medial+ Final windowing
Initial+ Medial+ Final windowing

0.4992
0.03047
0.2046
0.06302
7.142e-05
0.3569
0.2616

The statistical comparison in Table 3 suggests that there
is great similarity regarding the windowing patterns
between SVCs with laí “来” and qù “去”except the
pattern of “medial windowing” (p=0.03<0.05). The
variation in medial windowing consists in the fact that
Mandarin deictic verb qù “ 去 ” is a typical endpoint
marker which has the same function as the English
preposition “to”. In contrast, the deictic verb laí“来”
may demonstrate the process of going, thus can occur in
the case of medial windowing.
Notably, the overwhelmingly majority of SVCs with laí
“ 来 ” or qù “ 去 ” demonstrate the pattern of final
windowing. As shown in Table 3, there is no significant
difference between SVCs with laí “ 来 ” and qù “ 去 ”
regarding final windowing (p =0.2046 >0.05). For example:
(10) SVCs with laí “来”
a. 干什么，上这儿闹事儿[来]了。
What, come here quarrel come.
“Why have you come here to quarrel?”.
b. 你看，刚入席就让你又给弄得这儿[来]了。
Look, just sit let you bring here come.
“You have brought me here when I was seated.”
c. 这年月要饭的可没几个了，怎么就上我们家[来]
了？
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Figure 1: Windowing schema
Take (10a) as an instance, the SVC shang zhe er nao shi
er lai le “上这儿闹事儿来了” first can activate an image
schema of “source-path-goal” in the conceptualizer’s mind.
In the schema, Figure of the motion event is moving to the
final goal along a complex path, laí “来” and the tenseaspect marker le “了” direct the conceptualizer’s attention to
the goal of the complex path zhe er “这儿”， which is the
location of “final windowing” in Figure 1. Therefore, in the
event of the SVC in (10a), deictic path verb laí “来” and
marker le “了” together profile the end point of the path
frame, and make the endpoint the greatest salient portion.
The cognitive mechanism of windowing of attention in (10b)
and (10c) are similar to (10a). For SVCs with qù “去”, the
function of qù “去” is similar to the English preposition “to”.
qù “去” directs the conceptualizer’s attention to goal of a
sour-path-goal schema, namely, da lu“大陆”(the mainland),
xiong shan li “熊山”( the bear hill), er duo “耳朵”(ear) in
(11a), (11b) and (11c) respectively, thus it windows the
final part of the path event frame. Semantically, the end part
of a SVC becomes the attention focus, and the information
at the end becomes more salient. For fictive path, the path of
motion occurred in the mental dimension, and there is

iconicity between the fictive path and physical path in
profiling the final window of attention.

Conclusions
Based on corpus data, this paper has focused on the verbs
laí “ 来 ”(come) and qù“ 去 ”(go) in Mandarin SVCs and
explored how they represent path event and influence the
patterns of path windowing in SVCs. The main findings are
as follows.
First, among the 300 instances of SVCs with laí “来” and
300 instances of SVCs qù “去”, laí “来”and qù “去” mainly
represent open path, followed by fictive path and closed
path respectively. Surprisingly, when laí “来” and qù “去”
are conflated in the same SVC, it is more likely to encode a
closed path given their deictic opposition.
Second, Mandarin SVCs with laí “来” qù “去” tend to
adopt final path windowing (for SVCs with laí “来”, final
path windowing accounts for 60.3% and 65.7% for SVCs
with qù “去”), and there is no significant difference between
laí “来” and qù “去” in SVCs regarding the final windowing.
Such finding suggests that the final subevent of SVCs with
laí or qù is foregrounded and receives more attention in the
conceptualization of the event frame. This provides a clue
for the information distribution of Mandarin SVC.
This study develops Talmy’s (1996, 2000a, 2007) theory
of windowing of attention with corpus method, which is
complementary to introspection data. Moreover, the
distribution patterns of attention may have implications for
the cognitive mechanism regarding event segmentation of
SVC. However, as the definition of SVC is complicated and
the data is confined to Mandarin, the endpoint-bias
phenomenon requires more cross-linguistic data to validate
whether the cognitive mechanism of attention in SVC is
universal in human languages. Furthermore, as the
motivation of the study consists in connecting the
information structure of SVC to an attentional infrastructure,
non-linguistic experiments such as eye-tracking or ERPs
method will be the future direction to justify the current
findings.
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Abstract
Numerous theories in statistical learning assume a data set for learning and learner that are moreor-less constant. The visual systems of human infants and their motor capabilities undergo
dramatic postnatal development however. Here we used a large corpus of head camera images
(50,706) collected by infants at 1-3 and 6-8 months of age to ask whether the visual scenes
experienced by infants of different ages show bias towards information capable of being processed
by the immature visual system. Using human coders to identify sparse scenes that could reveal
whether younger infants are orienting to more visible content, we determined that the 1- to 3month-old infants’ images included more visible information. This shows, for the first time, that
very young infants visual preferences – demonstrated in the laboratory – directly influence the
kinds of scenes they experience in everyday life. The findings also show that low-level natural
scene statistics, rather than being universal, may change with development.
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Abstract

some negative social incident (e.g. a crime, an anti-social
effect or a terror attack) and news media circulate that an
incident has occurred, but the perpetrator (and therefore the
social group) is not known.

This paper investigates a problem where the solver must
firstly determine which of two possible causes are the source
of an effect where one cause has a historically higher
propensity to cause that effect. Secondly, they must update the
propensity of the two causes to produce the effect in light of
the observation. Firstly, we find an error commensurate with
the ‘double updating’ error observed within the polarisation
literature: individuals appear to first use their prior beliefs to
interpret the evidence, then use the interpreted form of the
evidence, rather than the raw form, when updating. Secondly,
we find an error where individuals convert from a
probabilistic representation of the evidence to a categorical
one and use this representation when updating. Both errors
have the effect of exaggerating the evidence in favour of the
solver’s prior belief and could lead to confirmation bias and
polarisation.
Keywords: Bayesian; Confirmation Bias; Polarisation; Belief
Updating; Base Rates

Two nations, X and Y are independently testing
new missile technology. Each has made six detonation
attempts: X has been successful twice and Y four times.
You observe another detonation on the border between X
and Y but cannot determine the source. Based only on the
provided information, what is the probability that X (or Y)
is the source of this missile? Further, what is your best
estimate of the propensity for success of X and Y after this
latest observation (i.e. the probability, for each nation, that a
future missile they launch will detonate)?
The general form of this problem is ubiquitous in
many areas of life. There are several possible causes of an
effect (the problem readily extends to more than two
causes), with one having a historically higher propensity1 to
cause that effect. The effect is then observed, but the source
is unknown. The causal responsibility must be attributed,
and the propensities updated. This latter requirement to
provide an estimate not only for the individual case, but
also a higher-level update of propensity, distinguishes this
problem from Bayesian problems studied previously, which
tend to focus only on assessing the lower level, individual
instance, and assume a stable propensity estimate.
One common manifestation of the general form of
this problem arises where two or more social groups are
perceived to have a varying historical record of causing
1

The rate of success observed by each nation in their six
attempts may be considered by participants to be derived
from an underlying ‘true’ propensity for success
(Gigerenzer, Hoffrage & Kleinbölting, 1991).
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The lower level question requires assessment of
the probability that X and Y launched the missile. This is
equivalent to many classical Bayesian word problems (e.g.
Kahneman & Tversky, 1972; Casscells, Schoenberger &
Graboys, 1978). However, in the present experiment this is
substantially simpler because the chance of the missile
being launched by either nation (before knowing of the
successful detonation) is assumed equal. If there were some
additional reason to suspect one nation more likely to have
launched the missile, this question would have very similar
properties to those classic problems, requiring integration of
unequal priors (probability of launching a missile) with a
diagnostic piece of information (the successful explosion
and differential success). There are three reasons we assume
an even prior for this element of the problem. Firstly, it
allows us to observe how individuals deal with situations
with no diagnostic information beyond that provided by the
prior propensities, which has not been studied within this
literature before. Secondly, it allows us to easily and
naturally present the evidence in words only, without the
need for including percentage values (Presenting a 50/50
chance precisely in words is considerably more
straightforward than, for example, 70/30). This reduced
need for arithmetic lessens one of the ‘ecological validity’
issues which have plagued the ‘Bayesian word problem’
literature (e.g. Cohen, 1981; Birnbaum, 1983; Welsh &
Navarro, 2012). Finally, given that we were primarily
interested in participant performance on the ‘higher level’
question, we wished to avoid unnecessary complication at
this stage.
The ‘higher level’ question requires participants to
integrate the successful detonation observation with the
prior propensities to arrive at new propensity levels for both
X and Y. This is a task which has not been studied in the
Bayesian psychological literature so far. In the classic
disease problem, it is roughly equivalent to updating the
population disease proportion after assessing the individual
patient. In the taxicab problem it is roughly equivalent to
updating the proportion of cabs in the city which are green /
blue, following assessment of the individual cab’s most
likely colour. In these problems it is either stated or
assumed that the estimate provided for these propensities is
stable. We examine a situation where this higher-level value
is based upon a small number of observations and so a
single new instance has a non-negligible impact.

Given that X and Y are exhaustive, mutually
exclusive, and equally likely to launch the next missile, the
estimation of each being the source of the missile (the
‘lower level’ question) is a relatively simple calculation. It
follows from Bayes’ theorem that the probability X was the
source is
𝑃(𝑋 𝑖𝑠 𝑠𝑜𝑢𝑟𝑐𝑒) =

𝑃(𝑋) × 0.5
1
(𝑃(𝑋) + 𝑃(𝑌))
2

=

𝑃(𝑋)
𝑃(𝑋) + 𝑃(𝑌)

where P(X) is X’s prior propensity for success and P(Y) is
Y’s prior propensity.
The second, higher-level question, is non-trivial. A
Bayesian network (BN) (see Figure 1) was constructed to
model this. A BN is a directed graph whose nodes represent
uncertain variables, and where an arc (or arrow) between
two nodes depicts a direct causal or influential relationship
(see Fenton & Neil [2012] for full details of BN’s). In
addition to the graph structure, each node has an associated
probability table which defines the prior probability
distribution for the associated variable, conditioned (where
a node has parents) on its parent variables. Any time the
state of a node is observed (e.g. the missile launch explodes
successfully) the known value is entered into the BN and a
propagation algorithm updates the probability distributions
for all unobserved nodes. The 'Bayesian' in BN’s is due to
the use of Bayes' theorem in the underlying propagation
algorithm.
The model in Figure 1 depicts the situation before
observing the detonation, but with the information about
previous missile launches. The central upper nodes give the
probability distributions for successful detonation given an
attempted missile launch by X and Y. These are updated
from uniform priors automatically by the Bayesian
propagation (in this case it simply uses the Binomial
distribution assumption) in light of the data on previous
launches (upper left and right nodes) and successful
detonations (middle left and right nodes) by X and Y. The
probability of each nation firing the next missile before we
know if it successfully detonates or not, is modelled as a
50/50 chance (lower left node) as each have made an equal
number of previous attempts. The central lower node
depicts the probability that the next missile fired will
detonate, given that we don’t know who will launch it. This
is therefore a conditional probability distribution combining
P(X) and P(Y), conditioned upon the probability of each
country firing the next missile (the lower left node).
The probability of the missile detonating is also
modelled as a Boolean variable in the lower right node,
with the ‘true’ value here simply being the mean of the
central conditional distribution. This Boolean node allows
us to make the observation in the problem that the missile
has successfully detonated. Upon observing this, the BN
automatically calculates the revised means to be 40.3% for
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P(X) and 65.1% for P(Y) (updated from 37.6% and 62.4%
respectively before the observation).
A full description of the factors which influence
the absolute change that the propensity of each nation
undergoes as a result of the detonation observation cannot
be included due to space constraints. For present purposes,
given equal variance (and allowing for a 'truncated normal
distribution' effect), the absolute change in success
propensity for each nation after observing a successful
detonation is identical i.e. as we see above, if P(X)
increases by 2.7%, P(Y) also increases by 2.7%. This is not
dependent upon the initial uniform prior assumption
adopted here but is dependent upon the 50/50 assumption
for the probability of X and Y launching the next missile.

Figure 1. Bayesian Network Model of the problem
To our knowledge this problem is novel within the
cognitive science literature. Expectations of how people
will try to solve it can be derived from related work. Work
on belief polarisation by Lord, Ross & Leper (1979), Rabin
& Schrag (1999), and Fryer, Harms & Jackson (2016) has
demonstrated that when asked to update an opinion (e.g. on
the death penalty) based upon ambiguous evidence (e.g. an
article) individuals frequently and erroneously perform a
‘double update’ where they first use their prior belief to
interpret the ambiguous information and then use the
interpreted form of the information, rather than the raw
form, when updating. The present experiment differs from
that paradigm in that we are evaluating propensities, not
opinions, and the evidence we provide is ‘objectively
ambiguous’ (there is no information other than the success
of the explosion as to which nation launched the missile)
while that paradigm uses ‘subjectively ambiguous’
evidence (an article on the topic which has no objective
interpretation but instead a distribution of interpretations
from ‘pro’ to ‘con’, with the mean being neutral). However,
if this process generalises out of that paradigm, our
participants may first interpret the evidence as being more
likely to be Y based upon the prior propensities, and then
use this interpreted form of the evidence when updating,
leading to an increase in propensity for both nations, but a
greater increase for Y.
Previous work also suggests a second erroneous
process may be taken which would lead to an even greater

exaggeration of the evidence in favour of Y. The problem
introduces two important and distinct forms of probability.
The first (each nation's prior probability of success), is
based upon a set of observed frequencies (known as
'aleatory' probability). The second (the probability of the
source of the missile explosion being X or Y) is a form of
probability known as degree of belief, 'epistemic'
probability, or 'single event' probability (Gigerenzer, 1994).
A large and extensive body of research over
several decades (Gigerenzer & Hoffrage, 1995; Cosmides
& Tooby, 1996; Macchi, 2000; Evans et al, 2000; Girotto &
Gonzalez, 2001; Sloman, Over, Slovak & Stibel, 2003;
Brase, 2008) has demonstrated consistently that many
individuals have difficulty dealing with subjective beliefs
about single events. More specifically to this context,
several authors (e.g. Brase, Cosmides & Tooby, 1998;
Cosmides & Tooby, 1996; Brase, 2008) have demonstrated
that individuals will show a strong reluctance to 'carve up' a
single indivisible unit (such as the missile explosion) into
fractions based upon subjective belief. This may be
particularly potent in this case as assessment is of a past
event, which must in actuality have been caused wholly by
either X or Y. These authors would therefore advocate
presenting this problem with multiple unknown explosions.
It is likely that solvers would ascribe some of those
successful explosions to X, but the majority to Y, and
roughly in proportion to their prior proficiencies. However,
it is fundamental to the nature of this problem that
assessment is made of a single event, and given such
circumstances occurs in real settings, is worthy of study.
If individuals do indeed represent the single
missile explosion categorically, rather than probabilistically
then it is plausible that the event will be ascribed to the
more likely cause (to Y). Relative to normative Bayesian
standards, as automatically calculated in the BN of Figure
1, this exaggerates the weight of the evidence and would
lead to increasing only P(Y), and not increasing P(X) at all.
The application of either of the above theorised
errors would increase prior beliefs out of proportion with
the weight of the evidence, acting as a form of confirmation
bias (Kunda, 1990; Nickerson, 1998; Hahn & Harris, 2014)
or, acting to polarise two individuals with different prior
beliefs (Lord, Ross & Leper, 1979, Rabin & Schrag, 1999;
Fryer, Harms & Jackson, 2015). The double update error
(the use of the probabilistic interpreted form of the
evidence) would show a lesser departure from normative
standards than the categorical error (the use of the
categorical interpreted form of the evidence).
This experiment firstly aims to empirically test
how people tackle this problem, using a version of the
scenario introduced at the start of this paper, where the
propensities of two nations for detonating missiles must be
updated upon observation of one instance of such a
detonation (and where one nation is the historically more
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common cause of detonations). We predict that at least two
specific non-normative responses will occur. Firstly, some
participants will choose to update both nations, but to
update Y more. This is commensurate with the ‘double
updating’ error observed within the polarisation literature.
Secondly, some participants will choose to update Y only.
This is based upon previous research demonstrating many
individuals’ reluctance to divide up an indivisible event
based upon subjective probability.
Secondly, this experiment aims to compare
response types between four conditions to test the cognitive
processes behind the two proposed errors. While the control
condition asked participants nothing about the new
observed explosion, the categorical condition asked
participants to choose which nation was the most likely
source and the two probabilistic conditions asked
participants to represent the probability of each nation being
the source on a single scale (condition three) and two
separate scales for each nation (condition four). In regards
to the probabilistic error, we hypothesized that the control
condition would show a lower number of these errors than
the other three conditions. This is because assessing which
nation is the cause of the explosion is not necessary to solve
the problem (both nations increase equally regardless of
who is the more likely cause). If fewer participants
therefore do this in the control condition (because they are
not prompted to), there will be less opportunity for them to
carry this interpretation through to the updating phase. In
regards to the categorical error, which is theorised based on
previous work to occur at the point the evidence is assessed
(i.e. the evidence is represented as ‘Y launched the missile’
instead of probabilistically), we hypothesize that the
categorical condition will show an increased number of
categorical errors, while the two probabilistic conditions
will show a decreased number, relative to the control.

Method
Participants
Two hundred and fifty-five participants (50.2%
female, mean age = 37.9 [SD=11.7]) were recruited from
Amazon MTurk and were compensated $6.50 per hour.
Design, Procedure & Materials
A between-subjects design was employed with
four condition. All participants were presented with the
background information including the six observations for
each nation (named ‘Oclar’ and ‘Trubia’). They were then
asked to provide an estimate of each nation’s proficiency
with missiles in percentage form on a sliding scale (one for
each nation).
All participants were then presented the
information regarding the successful missile explosion of
unknown source. Unlike the example above, participants
were given prior statistics of 1/6 for X and 4/6 for Y as
piloting showed that the use of 2/6 and 4/6 encouraged the
unwarranted assumption that there were 6 total

observations, 2 for X and 4 for Y. The only difference
between the four conditions then occurred at this point. The
control condition (N = 66) were asked no question about the
evidence. The categorical condition (N = 72) were asked to
choose which of the two nations was most likely to have
launched the missile. Participants in the first probability
condition (N = 59) were required to represent their belief of
which nation launched the missile on a single sliding scale
ranging from -5 (‘Definitely X) through zero (‘Equal
Chance’) to +5 (‘Definitely Y). The second probability
condition (N = 58) required participants to indicate on
separate sliding scales for each nation the percentage
chance that they launched the missile.
All participants were then asked to indicate
whether they would like to change their proficiency
estimate for either X or Y, based on this new information.
This response was recorded via two 7-point likert scales,
one for each nation (e.g. Increase A LOT X’s proficiency;
Increase SOME X’s proficiency; Increase A LITTLE X’s
proficiency; Make NO CHANGE to X’s Proficiency; etc).
This method was chosen rather than including another
percentage sliding scale for several reasons. Firstly, we
wanted to capture intuitive responses, rather than
encouraging a numerical approach. Secondly, many
previous experiments have had to set an arbitrary amount of
change which ‘counts’ (e.g. Krynski & Tenenbaum, 2007)
and this issue is further compounded by the fact that a
digital slider is somewhat ‘noisy’ and so participants can
struggle to get it to exactly the point they wish. Asking
directly whether the participant wish to change their
response avoids these issues. After every response
participants were asked to provide their reasoning in an
open-ended text box.
Piloting uncovered a third, non-theorised error and
prompted an additional change to the experiment design. A
substantial portion of participants chose to make no change
to either nation. To understand this response further,
participants who provided this were asked on the next page
to endorse one of three statements to explain their reasoning:
(1) An observation cannot change a fixed propensity; (2)
One observation has a negligible effect; (3) We do not know
who launched the missile.
The materials for this study and raw data have been
made available at https://osf.io/4qanj/

Results
Overall, in the control condition, 13.89% of
participants chose to increase the success propensity of both
nations equally, which is, at least qualitatively, the
normative response. However, 18.06% chose to make no
change to either estimate and endorsed the ‘We do not
know who launched the missile’ option (20.83% overall
made no change). Furthermore, 12.5% increased their
estimate of both nations, while increasing Y more
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(theorised to indicate the double update error). Finally, the
dominant response at 34.72% was to increase the estimate
of Y only, choosing ‘no change’ for X (theorised to indicate
the categorical error).
To determine the impact of the three condition
types
(1=Categorical,
2=Control,
3=Combined
Probabilistic) on those main response types, three binary
logistic regressions were run. No significant effect was seen
on the double update error (Wald 2(2) = 2.345, p=.310),
the categorical error (Wald 2(2) = 1.126, p=.570), or the no
change response (Wald 2(2) = 3.651, p=.161).
Regarding the assessment of the who launched the
missile, all but one participant in both probabilistic
conditions provided a ‘probabilistic’ representation of the
chance of it being X / Y. By this it is meant that none
represented the situation as being ‘Certainly Y’ or ‘100% Y
/ 0% X’. In fact the mean ratings in condition four (the only
condition where this assessment was possible) were very
close to the normative answer for this question (77.7% for
Y (normative 80%) and 22.1% for X (normative 20%)). In
condition one (the categorical condition), 87.88% of
individuals chose Y as the nation most likely to have
launched the missile. Within condition three, a linear
regression was run to test the relationship between
participants’ ratings on the uni-dimensional scale
representing the probability that each nation launched the
missile and later committing the categorical error (B=.780, t
= 1.727, p=0.90, two-tailed). Within condition four, two
linear regressions were performed to test the relationship
between committing the categorical error and their estimate
that Y launched the missile (B=6.890, t=1.824, p=0.73, twotailed), and secondly, their estimate that X launched the
missile (B=-10.223, t=2.274, p=.027, two-tailed).
Individuals who committed the categorical error are
represented as orange circles in the diagrams below (all
other answers as grey circles): a tendency towards a more
Y-biased representation of the situation can be seen for
those committing the categorical error.

Figure 2. Participant ratings from condition four on separate
scales for the probability that X (bottom row) and Y (top
row) launched the missile. Orange dots represent those
committing the categorical error, grey dots other answers
and the blue diamond the mean.

Figure 3. Participant ratings from condition three on a
single scale for the chance that the missile was launched by
X or Y.

The same set of regressions were run for the
double update error and showed no significant relationship
with condition three ratings (B=1.205, t=1.031, p=.307,
two-tailed), condition four Y ratings (B=6.419, t=.1205,
p=.233, two-tailed), or X ratings (B=5.549, t=.710, p=.481,
two-tailed). The no change error also showed no
relationship with condition three ratings (B=.372, t=.808,
p=.422, two-tailed), condition four Y ratings (B=-5.076, t=.1206, p=.233, two-tailed), or X ratings (B=-.129, t=-.025,
p=.980, two-tailed).
An exploration of the think aloud data for the final
posterior propensity update question (where participants are
asked to justify their response) for ‘double update’ and
‘categorical’ errors was undertaken by the first author.
Little could be discerned from the double update error data,
with only three individuals clearly indicating that a greater
probability of the missile being launched by Y was the
reason for their answer. In terms of the categorical error
however, 28 / 88 individuals committing this error showed
either a clear belief, or a ‘best guess’ that Y was the one
who launched the missile and six even stated that Y now
has five out of seven successful attempts (and by
implication that this was their reason for updating their
propensity only). These responses can be seen in the public
dataset.

Discussion
No difference was observed between the control
condition and the categorical / probabilistic conditions in
frequency of double update errors. This error is theorised to
operate by individuals first determining the probabilities of
who launched the missile based on the priors, then
integrating this interpreted form of the evidence with the
priors again to calculate the posterior propensities (i.e.
using the priors twice). The control condition did not
require participants to assess who launched the missile,
suggesting that individuals in this condition spontaneously
did this in their attempt to solve the problem, and did so in
equal numbers to those who were prompted. This may
suggest either that many participants genuinely saw this as
the correct way to approach the problem, or perhaps that
another process is responsible for the error. However, it
tentatively appears that some individuals on this problem do
commit a very similar ‘double updating’ error to that
observed in the polarisation literature (e.g. Lord, Ross &
Leper, 1979; Rabin & Schrag, 1999; Fryer, Harms &
Jackson, 2015).
The categorical was theorised to be due to
individuals being unwilling to carve up a single event based
on subjective probability (e.g. Brase, Cosmides & Tooby,
1998) and so it was theorised that encouraging them to
represent the evidence categorically would make this error
more likely (and probabilistically, less). However, the
categorical condition did not produce more categorical
errors than the control condition and the probabilistic
condition did not produce less. Furthermore, in the two
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probabilistic conditions, all but one individual represented
the evidence probabilistically, with estimates for both X and
Y being close to the normative answer. However, a large
proportion of these individuals (roughly one third) who
willingly provide a subjective probabilistic representation
of the evidence then go on to act as if they have a
categorical representation (‘Y launched the missile’) during
updating (by increasing the propensity of Y only).
Furthermore, the more certain a participant was that Y
launched the missile, the more likely they were to make the
categorical error. This finding does not fit neatly with the
proposal derived from work by Brase, Cosmides and Tooby
(1998) that individuals find parsing events in a non-holistic
manner based on subjective belief difficult. It is not clear
why, on this view, an individual would be more content to
parse the event as a 70/30 split (i.e. to update both X and Y)
without falling into categorical thinking (‘Y launched the
missile’) but would be more likely to do so with a 90/10
split.
The think aloud data for the categorical error
indicated many individuals stating a belief that Y launched
the missile but was unable to discern if individuals believed
this with certainty or were just making a ‘best guess’. Many
participants making this error however used non-certain
terms such as ‘think’, ‘believe’, ‘assume’, ‘likely’ (that Y
launched the missile) etc providing further tentative
evidence that individuals may be using some form of
rounding up heuristic. This fits with a 1973 theory by
Gettys, Kelly and Peterson who theorised that in a
multistage inference (where the output from step one (who
launched the missile?) is used in step two (what are the new
propensities?)) individuals will often round up the value
from step one (or, use their ‘best guess’) before its use in
step two. No theorised cognitive process (beyond presumed
computational simplicity) was provided by the authors.
It should be noted that the correct solution of this
problem is in fact not a multistage inference, as the
interpretation of the evidence is not needed. The use of the
interpreted form of the evidence is the theorised process
leading to the double update error. It appears therefore that
the categorical error builds upon and exaggerates this error,
by, after interpreting the evidence, rounding it up, and using
this rounded form in the final inference. Given this
connection between these two errors, an intervention to
reduce categorical errors directly by e.g. discouraging
rounding may see a corresponding increase in double
update errors.
In terms of the ‘no change’ error, the
overwhelming endorsement of the ‘We don’t know who
launched the missile’ statement provides some insight into
why this response occurs, but further research is needed to
determine why these individuals do not instead choose the
normative response of updating both nations’ propensities
(indeed ‘We don’t know who launched the missile’ could
also be considered a rationale for the normative response).

Both the double update and categorical errors
unjustifiably increase one’s prior belief based on entirely
ambiguous evidence, leading to confirmation bias, or
polarisation. Greater understanding of the cognitive
processes underlying them should therefore be an important
avenue for future study.
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Abstract

rithm can approximate Bayes-optimal inference using much
simpler computations (Collins & Frank, 2013).
The hierarchical RL model makes several predictions about
human behavior that go beyond the Bayesian model. The goal
of the current study is to test some of these predictions. Most
notably, the RL model predicts that humans select TS based
on ”TS values” (see below for details), and that these TS values influence behavior in several ways. Crucially, previous
models based on Bayesian inference do not track TS values
and thus predict no effects of TS values.

Flexibly adapting behavior to different contexts is a critical
component of human intelligence. It requires knowledge to
be structured as coherent, context-dependent action rules, or
task-sets (TS). Nevertheless, inferring optimal TS is computationally complex. This paper tests the key predictions of a
neurally-inspired model that employs hierarchically-structured
reinforcement learning (RL) to approximate optimal inference.
The model proposes that RL acts at two levels of abstraction: a high-level RL process learns context-TS values, which
guide TS selection based on context; a low-level process learns
stimulus-actions values within TS, which guide action selection in response to stimuli. In our novel task paradigm, we
found evidence that participants indeed learned values at both
levels: not only stimulus-action values, but also context-TS
values affected learning and TS reactivation, and TS values
alone determined TS generalization. This supports the claim
of two RL processes, and their importance in structuring our
interactions with the world.
Keywords: Reinforcement learning; structure learning; hierarchical representation; task sets

Introduction
Humans structure their knowledge of the world in a way
that allows them to adapt to complex, ever-changing environments. Specifically, humans create different behavioral
strategies (or ”task sets”, TS) for different contexts. For example, the TS of using the Mac operating system contains the
set of behavioral rules that can be applied to Mac computers.
More generally, contexts elicit specific TS, which in turn trigger the responses to environmental stimuli, a crucial function
of cognitive control (Miller & Cohen, 2001). The Mac TS,
for example, might be elicited by context cues such as Apple
computers.
Previous research has employed models incorporating inference of latent structure to explain human learning and generalization in complex environments. For example, (Collins
& Koechlin, 2012; Donoso, Collins, & Koechlin, 2014) used
approximate Bayesian inference to capture how humans learn
and select TS in different contexts. Human strategy selection
approximates Bayes-optimal solutions for selecting contextappropriate TS, creating TS in new contexts, and assessing
the reliability of current TS.
Nevertheless, the complexity of conducting Bayesian inference on latent variables such as TS makes it unlikely that
this model provides a mechanistic description of human cognitive processes. Collins & Frank (2012) suggested that
a hierarchically-structured reinforcement learning (RL) algorithm with a biologically plausible architecture underlies
these processes. Crucially, they showed that such an algo-

Figure 1: Schematic of the hierarchical RL model. The highlevel loop (blue) selects TS based on TS values; the low-level
loop (green) selects actions based on action values. TS values
are based on context cues and action values are based on the
selected TS and the current stimulus. TS and action values
are learned over time from a continuous feedback signal that
specifies the amount of reward obtained.
The hierarchical RL model relies on RL theory (Sutton &
Barto, 2017). One basic principle of RL is the computation
of stimulus-action values, which estimate how much cumulative future reward should be expected if an action is selected
in response to a specific stimulus. A simple but reliable RL
algorithm learns values by updating its estimates in proportion to a reward prediction error signal. Previous research has
shown that RL algorithms provide good models for human
and animal learning (Daw, Gershman, Seymour, Dayan, &
Dolan, 2011) and capture important aspects of reward-based
learning in the brain (Schultz, Dayan, & Montague, 1997),
likely implemented in cortico-striatal loops (Alexander, DeLong, & Strick, 1986). However, in their simplest form, RL
algorithms learn values independently for all stimulus-action
pairs, and thus cannot account for generalization of learned
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TS to new contexts. The hierarchical RL model tested here
aims to integrate the strengths of both approaches in order to
explain human reasoning in complex environments.
In the model, a low-level RL loop acquires associations
between stimuli and actions by learning stimulus-action values through reinforcement (Fig. 1, green loop). Crucially, action values that are acquired in the same context are grouped
into TS (coherent sets of stimulus-action mappings). Another, high-level loop learns associations between contexts
and these TS by learning context-TS values (Fig. 1, blue
loop). TS values guide the activation of TS in response to
contexts. When a new context is encountered, the agent can
either retrieve an old TS or create a new one, potentially informed by existing TS (see Collins & Koechlin, 2012, for an
example of a similar model).
Taken together, the high-level loop in the hierarchical RL
model influences the workings of the low-level loop by selecting the current TS, which determines action values. The
low-level loop uses these action values to select actions. Crucially, both loops employ the same RL algorithms to compute values, and both are assumed to be implemented in similar neural substrate, cortico-striatal loops that only differ in
their position on the anterior-posterior axis (Alexander et al.,
1986). This model is supported both by knowledge about the
brain’s structural and functional organization (Alexander et
al., 1986; Badre & Frank, 2012), and by computational models of human behavior (Frank & Badre, 2012). The model’s
key prediction is that humans perform RL at different levels
in parallel, learning values at different levels of abstraction
from a single feedback signal.
Here, we test qualitative predictions of this model. Future
work will include quantitative model simulations, fitting and
comparison; the current work focuses on behavioral analysis. First, we verify that participants create TS and flexibly reactivate them if needed. We then test whether participants acquire TS values and if these values affect behavior.
Specifically, we predict that 1) TS values affect learning, such
that higher-valued TS are acquired faster; 2) TS values influence context preferences, such that participants select highervalued contexts when asked to choose; 3) TS are selected
based on TS values, such that participants preferentially activate TS of higher values in new or unknown contexts; 4)
TS values influence generalization, such that newly created
TS are more similar to higher-valued TS. Our results support
these predictions.

underwent multiple testing phases, which aimed to test each
of our predictions.

Task details
In our novel task, participants encountered four aliens and
were asked to ”help each one grow as much as possible”.
In each trial, participants saw one of four aliens along with
three items. Participants selected one item by button press
and received feedback as to how much the alien grew in response, indicated by the length of a measuring tape (reward).
In each context, only one item led to a high reward for a given
alien (correct action), whereas the other two items had similar small effects (incorrect actions). Therefore, each TS was
specified by the correct mapping between each of the four
aliens (stimulus) with one item (response).
Participants learned a different TS for each of three contexts (hot, cold, and rainy ”seasons”; Fig. 2A), such that there
was a one-to-one mapping between contexts and TS. Participants got 52 trials for each context (13 per alien) before encountering a new context, for a total of three repetitions per
context during initial learning. The reward value associated
with each correct context-alien-item mapping was normally
distributed around a fixed mean, with standard deviation 0.5.
The mean reward values were predetermined such that TS differed in average reward (”TS value”), while aliens and items
did not (Fig. 2B). This manipulation allowed us to test participants’ sensitivity to TS values, while ruling out confounds
based on stimulus and action values.
The different phases of the alien task are described in table 1. To minimize confounds, the mappings between contexts and TS were randomized between participants, as were
the images of aliens and items.

Figure 2: TS mappings and values at all levels. A) Three contexts (top row) were associated with three TS, as explained in
the main text. B) Reward sizes differed between stimulusresponse mappings (top), leading to differences in TS values,
but not alien (stimulus) or item (action) values (bottom).

Methods
Current study
In order to test these predictions, we designed a reward-based
associative learning task, in which participants encountered
different contexts and learned the TS for each one. Contexts
specified unique mappings between stimuli, responses, and
outcomes, such that stimuli that were associated with high rewards in one context might be associated with small rewards
in others (Fig. 2). After initial learning of the TS, participants

Participants
We tested 51 participants (26 women). One participant was
excluded because the performance criterion of 50% was not
reached in the practice round. The mean age was 22.1 years
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selected the correct item for any other alien, and (2) when participants had at least once selected the correct item for another
alien. We expected that knowledge about some stimulusresponse (alien-item) mappings within a TS would facilitate
the recall of the remaining mappings, such that participants
would select the correct item more often in condition (2) than
(1). Note that this prediction is specific to models with latent
structure, such as the Bayesian model proposed by Collins &
Koechlin (2012) and our hierarchical RL model.
This was indeed the case. In condition (1), participants selected the correct item in 36.9% of trials, compared to 45.8%
in condition (2) (chance: 33.3%; Fig. 3B). The difference
was statistically significant (t(49)=2.5, p=0.014), suggesting that participants retrieved stimulus-response mappings for
unseen aliens based on knowledge about already-seen alienitem mappings within the same TS. These results were confirmed in a regression model encompassing all trials of the
hidden-context phase, rather than just the subset used above.
In this model, each trial’s accuracy was predicted from four
factors, including (1) participants’ performance in the previous trial of the same stimulus-response mapping (”ACC
same”), and (2) participants’ performance in the previous trials of the other three stimulus-response mappings combined
(”ACC other”). As expected, both factors significantly affected performance (table 2).
Similar patterns were evident in the initial-learning phase
and the two refresher periods. In these phases, the background pictures provided perfect cues for the current TS, as
opposed to the hidden-context phase. The fact that certainty
about other mappings (ACC other) still affected performance
suggests that participants used partial knowledge about TS as
a cue for the remaining mappings even when a perfect cue for
the TS was given.
Taken together, the interdependence between stimulusresponse mappings within contexts provides evidence that
participants acquired coherent, stable, consistent TS. This
replicates prior results (Collins & Frank, 2013) and is a precondition to test our novel predictions.

Table 1: Description and purpose of the task phases.
Phase
Initial
Learning
(Phase 1)

Description
Participants see one of four
aliens at a time, select one
item, and receive feedback;
trials of the same context
are presented in a block;
context order is
pseudo-randomized

Purpose
Participants
acquire different
TS in each of three
contexts, through
trial and error

Refresher
(Interleaved)

Similar to initial learning,
but fewer trials; interleaved
between testing phases

Restore TS,
alleviate
carry-over effects

Hidden
Context
(Phase 2)

Similar to initial learning,
but current context is
invisible; context changes
are signaled
Participants see two stimuli
at a time and indicate their
preferred one; two
contexts, items, aliens, or
context-alien combinations
are presented at a time
Similar to initial learning,
but in a novel context,
without feedback

Test whether
participants have
acquired TS

Comparison
(Phase 3)
Generalization
(Phase 4)

Test whether
participants learn
TS values
(high-level) and
stimulus values
(low-level)
Test whether TS
values affect
generalization

(sd: 1.5 years). Participants were recruited from the UC
Berkeley research participation pool and gave informed consent prior to participation.

TS are created and reactivated
Reactivation of TS in old contexts
We used the hidden-context phase to test whether participants learned coherent, context-specific TS, rather than nonhierarchical context-stimulus-response associations. In the
hidden-context phase, participants were presented with a
background of thick clouds instead of seeing the current context. The task still signaled when the context changed. After each context change, participants at first needed to guess
which actions were correct because the new context was unknown. After a few trials, the received feedback allowed them
to infer the context and to apply the correct TS (Collins &
Koechlin, 2012).
A TS is a coherent, interdependent assembly of stimulusresponse mappings that apply in a specific context. Because
of the interdependence between mappings, certainty about
some mappings should facilitate recall of the remaining mappings: for example, if participants successfully selected an
umbrella for the red alien, they should infer that the context
was ”hot” and select the bed for the purple alien, before having observed this association (Fig. 2).
In order to test whether participants had formed TS, we
first focused on trials in which participants saw an alien for
the first time after a context change. In this situation, participants had not yet received any information about the correct
item for this alien, i.e., they had no direct evidence about the
stimulus-response mapping. We compared two different conditions within these trials, (1) when participants had not yet

Transfer of TS to new contexts
Evidence for the reactivation of existing TS also comes from
the generalization phase of our task. In this phase, participants were presented with the same four aliens, but in a novel
context. Like before, participants were tasked with selecting
the correct item for each alien, but no feedback was given,
such that participants were continuously forced to guess.
We found that participants did not guess randomly, but
instead reactivated prior TS. Items that were correct in a
previously-learned TS were selected more often (90.5% of
valid trials) than expected from random behavior (chance
was 83.3%=10/12 because 10 out the 12 possible stimulusresponse mappings were valid in at least one TS), t(49)=4.35,
p < 0.001. This shows that when encountering novel contexts, participants reactivated old TS, rather than trying out
novel stimulus-response mappings, in accordance with prior
findings (Collins & Frank, 2013).
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Table 2: Logistic mixed-effects regression predicting trialwise accuracy from accuracy on the same (ACC same) and
other mappings (ACC other).
Task phase
Initial learning

Refresher 1

Refresher 2

Hidden context

Predictor
ACC same
ACC other
interaction
Repetition
ACC same
ACC other
interaction
Repetition
ACC same
ACC other
interaction
Repetition
ACC same
ACC other
interaction
Repetition

β
1.09
0.41
0.31
0.18
1.74
1.39
-0.65
0.02
1.91
1.79
-1.11
0.03
1.18
0.72
0.45
0.14

p
< 0.001
< 0.001
0.028
<0.001
< 0.001
< 0.001
0.020
0.74
< 0.001
< 0.001
0.005
0.64
< 0.001
< 0.001
0.027
0.013

Figure 3: A) Influence of TS and stimulus values on performance in the initial-learning phase. B) Effect of performance
in other mappings on performance in the current mapping,
within a TS. Left: No prior correct responses in other mappings; right: at least one correct response. C) Effect of TS
values on context selection. Value difference between chosen
and unchosen items (left) and TS (right).

Table 3: Logistic mixed-effects regression predicting trialwise accuracy from stimulus values, TS values, and trial index.

Sensitivity to TS values
So far, we have established that participants created TS and
flexibly reactivated them when the context was hidden or
novel. This replicates prior findings and is also predicted by
non-RL models of latent learning. We next assessed whether
and in which ways TS values affected behavior, a prediction
that is novel and specific to RL-based models.

Task phase
Initial learning

Refresher 1

TS values affect learning
To this aim, we analyzed the initial-learning phase of the task,
in which participants first learned to associate each alien with
the correct item, in each context. To test the effects of both
stimulus-action values (low-level RL loop) and context-TS
values (high-level loop), we used a regression model predicting accuracy in each trial from four factors: (1) the value of
the current stimulus (low-level), (2) the value of the current
TS (high-level), (3) the trial index, in order to account for
learning within a context block, and (4) the repetition index,
which accounts for learning across context blocks (Fig. 3A).
The model revealed a significant effect of stimulus values (table 3), as predicted by classic non-hierarchical RL models.
This shows that participants performed better when correct
responses were rewarded more. But the model also revealed
an effect of TS values, after controlling for stimulus values.
This additional influence of TS values goes beyond predictions of classic non-hierarchical RL models, but is predicted
by our model.

Refresher 2

Hidden context

Predictor
Stimulus value
TS value
Trial index
Repetition
Stimulus value
TS value
Trial index
Repetition
Stimulus value
TS value
Trial index
Repetition
Stimulus value
TS value
Trial index
Repetition

β
0.19
0.037
0.14
0.30
0.12
0.18
0.31
0.16
0.12
0.18
0.27
0.22
0.20
0.09
0.27
0.22

p
< 0.001
0.24
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
0.053
< 0.001
0.0026
< 0.001
0.019
< 0.001
0.048
< 0.001
0.0038

We calculated individual TS values for each participant,
based on individual learning history. Participants indeed
chose contexts more often that had been associated with
higher-valued TS (68.9% of trials), t(49)=5.07, p < 0.001,
resulting in a significant difference between TS values of
chosen (4.56) and unchosen contexts (3.75), t(49)=5.00, p <
0.001 (Fig. 3C). This shows that participants indeed selected
contexts based on the values of associated TS.
A similar pattern arose for action (item) values. We again
calculated individual values. (Although items did not differ
in their objective values, slight differences arose because of
participants’ individual decision histories.) Participants chose
higher-valued items more often (62.5 % of trials), t(49)=3.47,
p = 0.001, although the difference between chosen (4.14) and
unchosen items (4.09) was not significant, t(49)=1.09, p =
28, presumably because of the lack of spread in item values
(Fig. 3C). The first result still implies that participants had
learned action values in addition to TS values.

TS values affect context selection
We next assessed whether TS values influenced context selection, such that participants would prefer contexts that had
been associated with higher-valued TS to those associated
with lower-valued TS. We tested this prediction in the comparison phase of the task. Here, participants were presented
with the images of two different contexts and were asked to
select their preferred one.
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We also aimed to confirm that participants had acquired
traditional stimulus values. To test this, we asked participants
to select between two aliens in the same context. We expected
that participants would prefer the aliens that were associated
with larger rewards, as has been shown many times before
(Frank, Seeberger, & O’Reilly, 2004). Unfortunately, due to
a technical error, we were unable to confirm this here. Overall, our results imply that participants learned different sets
of values, as predicted by our model. High-level TS values
influenced TS learning and guided TS selection. Low-level
stimulus values affected stimulus-response learning and are
expected to affect stimulus selection.

Table 4: Logistic mixed-effects regression predicting intrusion errors from stimulus values and TS values.
Task phase
Initial learning

Refresher 1

Refresher 2

TS values affect generalization

Hidden context

Having shown that participants learned values for TS and that
TS values affected learning and context selection, we next
tested whether TS values also affected TS reactivation and
generalization. We tested this in three ways. First, we asked
whether higher-valued TS were reactivated more readily than
lower-valued TS in the hidden-context phase. Second, we assessed whether TS values predicted error types in the initiallearning phase and the refreshers. Third, we tested whether
higher-valued TS had a larger influence on the creation of new
TS than lower-valued ones (generalization phase).
With respect to our first question, we have shown above
that TS values influenced accuracy in the hidden-context
phase (table 3). One potential reason for this is that participants more readily reactivated higher-valued than lowervalued TS, leading to higher accuracy in higher-valued TS as
a whole. This is in accordance with our model, which predicts
that TS are selected based on TS values.
Our second assessment concerned errors, specifically intrusions from other TS. We defined intrusion as the selection
of an action that is correct in a context other than the current one. In the initial-learning phase, if participants made
errors by selecting incorrect items uniformly at random, 75%
of all errors would be intrusions (due to the specific way
TS were defined). Participants instead produced 78.4% intrusion errors, a small but significant increase, t(49)=6.69,
p < 0.001. Within these intrusions, TS values significantly
affected item selection, as shown in a logistic mixed-effects
regression model (table 4). The effect was not driven by stimulus values. This confirms that TS values influenced TS reactivation, to the point of introducing incorrect mappings from
other TS.
Lastly, we tested the influence of TS values on the creation
of new TS, hypothesizing that higher-valued TS would influence TS creation more than lower-valued TS. This should be
evident in the generalization phase of our task, in that participants would apply mappings from higher-valued TS more often than mappings from lower-valued TS. We found that participants chose actions according to TS0 (largest value), TS1
(intermediate value), and TS2 (lowest value) in an average of
30.1%, 23.9%, and 14.1% of trials, respectively, compared
to chance levels of 3/12=25%, 3/12=25%, and 2/12=16.7%
(Fig. 4). Participants chose actions that were correct in more

Predictor
Stimulus value
TS value
Trial index
Repetition
Stimulus value
TS value
Trial index
Repetition
Stimulus value
TS value
Trial index
Repetition
Stimulus value
TS value
Trial index
Repetition

β
0.01
0.05
-0.10
-0.18
0.02
0.01
-0.30
-0.16
0.008
0.13
-0.25
-0.11
0.02
0.03
-0.24
-0.12

p
0.09
0.007
<0.001
<0.001
0.32
0.68
<0.001
0.02
0.67
0.003
<0.001
0.09
0.035
0.29
<0.001
0.05

than one TS in 22.4% of trials (chance 2/12=16.7%), and actions that were not correct in any TS in 9.4% of trials (chance
2/12=16.7%).
To test for differences between TS, we analyzed the effect
of TS values on the ratio of participant-selected to chanceexpected choices, using linear regression. The effect of TS
values was significant, controlling for two potential confounds, the values of individual stimulus-response mappings
(low-level values), and participants’ performance on each TS,
a proxy for their confidence in the TS (table 5). In summary,
these results suggest that action selection in the novel context
was driven by previously-acquired TS, especially those of
high value. Crucially, participants did not select items based
on the values of individual alien-item mappings, or based on
elevated confidence with certain TS.
Table 5: Linear mixed-effects regression predicting TS
choices from stimulus values, TS values, and TS confidence.
Task phase
Generalization phase

Predictor
Stimulus value
TS value
TS confidence

β
-0.03
0.14
0.19

p
0.59
0.045
0.48

Discussion
We have shown evidence that supports a model of human
learning about latent structure proposed by Collins & Frank
(2013). In this model, complex Bayes-optimal reasoning is
approximated by a simpler, biologically plausible architecture. Two RL loops are combined hierarchically that operate
on state and action spaces at different levels of abstraction. In
our task, participants learned different behavioral strategies
(TS) in different contexts, and showed behavior consistent
with predictions derived from this model.
Participants acquired coherent interdependent TS, replicating prior findings (Collins & Koechlin, 2012; Collins &
Frank, 2013). Participants also acquired RL-like values at
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netic Resonance Imaging (fMRI) will be necessary to assess
whether the modeled processes are implemented in the predicted brain areas. Electroencephalography (EEG) could reveal whether the proposed mechanisms have their counterparts in patterns of brain activity, and shed light on the relationships between different processes.
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Figure 4: The distribution of TS choices in the generalization
phase shows an effect of TS value.

different hierarchical levels in parallel, including the levels of
stimuli (items), responses (aliens), and TS (contexts). Furthermore, TS values affected participants’ behavior in multiple ways: participants learned faster and made fewer errors in higher-valued TS; their errors tended to reflect highervalued TS; they preferred contexts that had been associated
with higher-valued TS; and participants were more likely to
generalize higher-valued TS to new contexts. Taken together,
participants’ behavior confirmed a sensitivity to TS values
that is not predicted by many models of latent learning, such
as the one proposed by Collins & Koechlin (2012). Our results are also inconsistent with flat RL models that lack context sensitivity or mechanisms to represent latent structure.
The results are, however, compatible with our hypothesis that
human learning is based on hierarchical RL mechanisms because in this model, TS selection is guided by TS values that
are learned from reinforcement.
Nevertheless, other models might be able to account for
our results as well. For example, a non-hierarchical neural
network model including multiple dynamic scales has been
shown to account for some aspects of behavioral and neural
responses during TS learning (Bouchacourt, 2016), although
it cannot capture all aspects of transfer. Non-hierarchical distributed models might account for our results if they are based
on non-trivial mechanisms, such as joint learning of several
context-stimulus-response pairs in conjunction with stochastic pattern completion of contexts. Models that are based on
such clustering principles share their basic ideas with the notion of TS. Future work is necessary to arbitrate between potential models. We will implement our proposed as well as
alternative models to quantify their competing predictions via
simulations, and to allow for formal model comparison.
Another avenue for future research pertains to the neural structures that underlie structured, feedback-based learning. Our model is explicitly modeled to accord with the neural substrates that underlie RL and abstraction in the brain
(Alexander et al., 1986). Future work needs to address these
predictions specifically. Studies employing functional Mag-
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Abstract

to be better understood as a process of gradual refinement
and repurposing rather than punctuated advances brought by
the discoveries of rare geniuses (Basalla, 1988; Solé et al.,
2013). Rapid refinement of inherited innovations has not
always been the case over the course of human history, as
demonstrated by the long periods in the archaeological record
of slow or stagnant growth in stone tool complexity (de la
Torre, 2011; Lycett and Gowlett, 2008). Since then, as humans evolved more robust ways of transmitting cultural information, future generations were able to more quickly learn
the skills honed by their ancestors, thus giving them more
time to make improvements to those technologies (Sterelny,
2012; Kaplan and Robson, 2002). On this view, human cultural evolution has been defined not by our ability to copy
the skills of our ancestors, but by the ability to exceed and
improve them.
We investigated the human propensity to exceed our ancestors in a problem solving task using a transmission chain
paradigm (Fig. 1). Previous research using this paradigm has
found that problem solving performance can accumulate over
generations (Caldwell and Millen, 2008; Wasielewski, 2014;
Zwirner and Thornton, 2015). These experiments however
typically investigate individuals’ performance about a single
problem (such as building paper airplanes or baskets). Yet,
cumulative cultural evolution allows humans to solve more
diverse and ever larger sets of problems. Larger sets of problems can only be solved when larger amounts of information are transmitted between generations, which is likely to
result in increasing acquisition costs for learners (Mesoudi,
2011). Despite its pivotal importance, the effects of increasing amount of information on learners’ performance have not
been investigated experimentally.
Here we allow future generations to inherit symbolic information (“recipes”) about how to recreate the tools that had
been discovered by an ancestor and measure the ability of
participants to recreate and exceed the tools they inherited. In
addition to asking whether participants were able to exceed

As compared to other animals, humans are particularly skilled
at using and improving tools and other solutions to problems
that were first discovered by other people. Although the human
capacity for cumulative cultural evolution is well-known, the
effectiveness of inheritance as a form of problem solving is
an area in need of further research. We report an experiment
designed to understand how effectively solutions to problems
accumulate over generations of problem solving. Using a tooldiscovery game, we found that participants were consistently
able to discover more tools in a 25 minute session than their
ancestors. Participants who inherited more tools required more
time to recreate them, but their rate of new tool discovery was
not slowed. In addition, we show that participants were able
to recreate the tools they inherited more efficiently than their
ancestors, but that inheritance did not confer any improvement
in future problem solving. We discuss the limitations of this
work, and motivate future directions.
Keywords: cultural evolution; transmission chain; iterated
learning

Introduction
Humans are effective problem solvers, having solved a wide
range of problems related to foraging, hunting, and preparing
food, while surviving predators, each other, and a large range
of terrestrial environments (Boyd, 2018; Fernández-Armesto,
2001). What has enabled our success in being able to solve
such a diverse set of problems? Some have suggested that the
answer lies more in our ability to inherit knowledge from others than our ability to make discoveries by ourselves (Richerson and Boyd, 2005; Henrich, 2015; Boyd, 2018). Humans
possess a number of advanced social learning abilities including teaching through verbal instruction and imitation that provide reliable ways of transferring problem solving knowledge
across individuals (Dean et al., 2012). If problem solving
knowledge can be acquired via social learning, then future
generations can adapt and improve it, allowing cultures to accumulate technological complexity over generations.
However, the ability to learn socially from others is not
sufficient to explain cumulative cultural evolution. Although
social learning was once thought to be rare in the animal kingdom (e.g., Thorndike, 1898), it has now been documented in a
range of species from chimps (Whiten et al., 1999) to fish (Laland and Williams, 1997) and even bees (Alem et al., 2016).
If cumulative cultural evolution depended simply on social
learning, we might expect these species to likewise show evidence of cumulative cultural evolution, yet such evidence is
notably lacking (Dean et al., 2012; Tennie et al., 2009; but
see Hunt and Gray, 2003; Sanz et al., 2009).
Humans, in contrast, have demonstrated a remarkable ability to adapt and improve the tools and other innovations discovered by others. The history of human technology is argued

Figure 1. Iterated problem solving paradigm. Participants
were assigned to generations within chains. Each participant
completed the same problem solving task for 25 minutes. Participants in generations after the first began the problem solving task with the solutions that were discovered by the previous generation.
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the total number of tools discovered by their ancestor, we
also asked whether inheritance influenced the way in which
future problems were solved. To answer this question, we
analyzed whether participants who inherited more tools from
their ancestors were more or less effective at discovering new
tools. We also analyzed the guessing strategies used by participants who benefited from inheritance as compared to first
generation participants who did not inherit from any ancestor. These analyses are used to address potential downstream
consequences to iteratively inheriting from a previous generation.

Methods
To understand how solutions to problems accumulate through
vertical transmission, we used a transmission chain paradigm
where participants were assigned to a single generation
within a four-generation chain. Each participant attempted
the same tool discovery task for 25 minutes. The recipes for
how to create the tools that each participant had discovered by
the end of the session were passed on to be inherited by a participant in the next generation of the chain. Thus, participants
assigned to generations after the first began the experiment
with information about how to create the tools inherited from
the previous generation.
Participants played the “Totem” game adapted from Derex
and Boyd (2015). Their task was to discover how to build
tools with the ultimate goal of creating “a sacred totem to appease the gods.” To build a totem, participants first needed to
construct an axe out of three independently discovered tools:
a refined stick used as a handle, a sharpened rock for the
blade, and a string wound from bark fibers for binding (Fig.
2). More advanced tools produce larger and more intricate
totems.
Participants discovered new tools by combining existing
items. Participants could refine individual items, or combine
up to four items at a time (with replacement), meaning the
initial six items could form a total of 209 combinations. Of
all possible combinations, very few resulted in new items.
For example, of all the guesses that could be formed from the
initial items, only three (1.4%) yielded new tools.
As tools are accumulated, the number of possible combinations that can be made with those tools increases exponentially such that the discovery of later tools was less likely
to happen by chance alone. Based on previous research using this task, we know that participants are far more likely
to make some guesses than others, indicating they are using
common knowledge acquired outside the lab to generate combinations. For example, once discovering an axe, participants
quickly discover that they can use the axe to chop down a tree,
regardless of the other tools they may have at the time. At the
same time, participants do not find all tools equally intuitive,
and the difference in combinatorial complexity should not be
ignored. In our results, we report performance based on both
measures.
Once a tool was discovered, the recipe for its production—

Figure 2. A sample of the solution landscape. The top row
of 6 items were available to participants at the start of the
game. Tools could be produced through the combination of
different items (more than one arrow points to the item) or the
combination of the same items (a single arrow points to the
item). The axe is required to construct the first totem pole.
a list of the items that had to be combined in order to produce the tool—was recorded in an innovation record. Participants could review their past innovations and see the recipes
for their previous discoveries. Participants assigned to generations after the first inherited the innovation record of the
previous generation participant. From the beginning of the
experiment, these participants could review the recipes for all
the innovations that had been discovered by their ancestor.
Note that the participants inherited the recipes, but not the
tools themselves. In order use these tools in further combinations, the tools and all of their constituent parts first had to be
recreated.

Participants
Participants were recruited from the UW-Madison student
body and received course credit in exchange for participation. Each participant was assigned to a single generation of
a four-generation chain. Data was collected for a total of 42
complete chains (N=168 participants).

Results
Our results are presented in three sections. First we report
the total number of tools discovered by each generation along
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chains. Second we report the number of new tools discovered
relative to the number of tools inherited (as opposed to generation). Also in the second section, we quantify the amount of
time each participant spent recreating inherited tools versus
discovering new ones, and test whether the number of tools
inherited had an impact on the rate of new tool discovery. In
the last section, we compare first generation participants who
did not inherit from anyone to participants in generations 2-4
who inherited at least some tools from an ancestor in an attempt to understand whether inheritance confers any benefit
to problem solving beyond the inherited solutions.
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We found that participants in later generations were able to
discover more tools in the same amount of time than their
ancestors (Fig. 3). To quantify these gains, we fit a hierarchical regression model to the number of tools discovered
in each generation with polynomial contrasts for generation
and random effects for chain. On average, second generation
participants were able to discover 3.3 more tools than first
generation participants, b = 3.27 (SE = 0.65), t = 5.04. This
effect decreased by -0.4 each generation for third and fourth
generation participants, b = -0.39 (SE = 0.20), t = -2.00.
It is worth noting that as tools are accumulated, the number of possible combinations that can be produced increases
exponentially. As a consequence, the discovery of later tools
was less likely to happen by chance alone. To take the size
of the combinatorial space into account, rather than scoring
each tool equally, we instead scored each tool based on the
size of the combinatorial space at the time it was discovered.
Refitting the same hierarchical regression model as above,
this time predicting the sum of tool scores discovered in each
generation, we again found that tool scores increased linearly

Figure 4. Tools by inheritance size. A. Number of tools created relative to those inherited. The dotted line is a reference
with slope=1 such that points above the line indicate future
generations exceeding their ancestors. B. Number of new
tools relative to those inherited. The same reference line is
now shown horizontally. The error range shows the model
predictions with 1 standard error.
with each generation, b = 0.04 (SE = 0.01), t = 4.92, but in
this model, the improvement in tool score was not found to
decrease for later generations, b = -0.0001 (SE = 0.0059), t =
-0.01.

Tools by inheritance size
Because there is no difference between a second generation
participant who inherits 10 tools and a fourth generation participant who inherits the same tools, we also looked at problem solving performance relative to the number of tools that
were inherited regardless of generation (Fig. 4). As the num-
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Figure 6. New tool discovery rates. Discovery time is the
amount of time out of a 25 minute session dedicated to discovering new innovations that were not discovered by an ancestor. The line shows the predictions of the hierarchical regression model with 1 standard error. The slope of this line
did not significantly vary based on the number of inherited
tools. Participants marked with X’s are the same as in Fig. 5.

Figure 5. Learning rates. Correlation between the number
of tools inherited and the time it took to recreate the inherited items. Outliers who were appear unwilling or unable to
recreate the inherited items are shown as X’s, but included in
all analyses.
ber of inherited tools increased, the number of new tools discovered decreased, b = -0.18 (SE = 0.06), t = -2.92 (Fig. 4B).
Participants who inherited more tools also required more
time to recreate those tools. Participants took on average 8.2
minutes of the 25 minute session (32.8%) to recreate the inherited tools—a portion of the experiment we refer to as the
learning period. The length of the learning period correlated
positively with the number of inherited tools, r = 0.6 (Fig. 5).
We next asked whether inheriting more tools had an impact
on the rate of new tool discovery, controlling for the length
of time spent recreating inherited tools. We fit a hierarchical regression model predicting the number of new tools discovered relative to the amount of time out of the 25 minute
session available to discover new tools (Fig. 6). The overall
discovery rate was 5.6 minutes per tool (0.18 innovations per
minute), b = 0.18 (SE = 0.04), t = 4.06. This rate was not
found to vary based on the number of inherited tools, as revealed by comparing a model predicting novel tools from discovery time alone to one predicting novel tools from the interaction between discovery time and inheritance size, c2 (2)
= 0.5430, p = 0.762.

covered. A new tool was eligible for discovery once all of the
items required to produce the new tool had been discovered.
We fit a hierarchical linear model predicting the number of
guesses per tool based on generation (Generation 1, Generations 2-4) with random effects by tool. Tools that have been
produced by Generations 2-4 were assigned to one of two
classes: those that were inherited from an ancestor, and those
that were discovered through a trial-and-error process. This
allowed us to test whether the benefit to inheritance was restricted to reducing the number of guesses for inherited items,
or whether inheritance had any effect on future guessing behaviors.
As expected, participants from generations 2-4 made fewer
guesses per tool than when the same tools were attempted
in the first generation, b = 15.36 (SE = 4.92), t = 3.12 (Fig.
7A). This effect demonstrates the benefit of inheriting from
a previous generation in providing a shortcut to discovering
these tools.
However, we did not find any evidence that inheritance had
an effect on the number of guesses per new tool, b = -3.97
(SE = 4.77), t = -0.83 (Fig. 7B). This finding suggests that
although inheritance benefits participants in recreating inherited solutions, it does not confer any benefits to future problem solving.

Guesses per tool
In this section, we compared first generation participants who
did not inherit from anyone to participants in generations 24 who inherited at least some tools from an ancestor. We
compared these two groups in terms of the number of guesses
required to discover each tool.
To count the number of guesses that were required for each
tool, we tallied all guesses made from the moment in which
a new tool was eligible for discovery until that tool was dis-

Discussion
We found that participants were consistently able to solve
more problems in a single 25 minute session than their ancestors, and thus were able to cumulatively improve upon the
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the reason is that later generation participants needed more
time to recreate the tools they inherited. Controlling for the
amount of time each participant had to discover new tools (as
opposed to recreating inherited tools) did not reveal an effect
of inheritance size on the rate of new tool discovery. Finally,
we investigated whether the benefit of inheritance in terms
of guesses per tool extended beyond the inherited tools, and
found that although inheritance clearly reduced the number
of guesses required for inherited tools, it did not confer any
benefit to future problem solving performance.
Our conclusions are limited by the design of the solution
landscape in the Totem game, and the restriction in our methods to a single problem solving strategy. The sparsity of the
solution landscape, where many combinations can be made
but very few yield new tools, indicates that in order to succeed
participants must use prior knowledge to help form combinations that are most likely to yield new tools. This challenges
the notion that the difficulty of a particular tool is directly related to its combinatorial complexity. In addition, we believe
the accumulation of problem solving knowledge over generations must be compared with the accumulation of problem
solving knowledge through other forms of problem solving
that do not involve vertical transmission.
More than any other animal, humans are particularly
skilled at inheriting and improving tools and other solutions
to problems, but whether the ability to inherit from others has
effects on problem solving beyond giving a head start to individual learning is not known. Although much work is still
needed to fully understand the human propensity for cumulative cultural evolution, we believe our research is a valuable
contribution to ongoing efforts to understand how and why
human culture is so integrally cumulative.
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Open science practices
The materials, data, and code used to support the conclusions of this paper are available via the Open Science
Framework page for this research at osf.io/vf2wk, DOI:
10.17605/OSF.IO/VF2WK.

Figure 7. Guesses per tool by participant generation. Each
line is the average number of guesses it took to discover a
particular tool. Error bars show 1 standard error of the model
predictions. A. Inherited tools. B. Discovered tools, not inherited from an ancestor.
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Abstract

Nevertheless, most models of human causal learning assume
that the hypothesis space of causal variables and causal structures is given and that inference focuses on selecting the best
causal structure to explain the observed contingency information relating causal cues to effects. It is unclear how an agent
could actively explore a completely novel situation in an online
fashion and narrow down the set of potential causal structures to
enable efficient inference.
In situations in which outcomes depend on the learner’s actions rather than simply observations, reinforcement learning
(RL) is a widely-used modeling tool. It is useful for designing
autonomous, dynamic agents capable of exploration in complex
environments. RL focuses on learning what to do by mapping
situations to actions, so as to maximize a reward signal (Sutton
& Barto, 1998). RL has historically been closely linked with associative learning theory and conceives of learning as essentially
a process of trial and error. The connection between classical
conditioning and temporal-difference learning, a central element
of RL, is widely acknowledged (Sutton & Barto, 1990). Hence,
RL could be considered as a modern version of associative learning, where learning is not only guided by prediction error but
also by other learning mechanisms, notably the estimation of the
reward function. Recent advances in RL, especially deep RL,
have demonstrated impressive success in applications involving
the design of autonomous, dynamic agents for exploration, including playing Atari and Go (Mnih et al., 2015; Van Hasselt,
Guez, & Silver, 2016; Silver et al., 2016) and learning complex
robot control policies (Levine, Finn, Darrell, & Abbeel, 2016).
With these significant developments in RL, is it possible for
modern learning models to acquire human-like causal knowledge? To address this question, we designed a novel task to examine learning of action sequences governed by different causal
structures, allowing us to determine in what situations humans
can transfer their learned causal knowledge. Our design involves two types of basic causal structures (common cause (CC)
and common effect (CE); see Figure 1). When multiple causal
chains are consolidated into a single structure, they can form
either CC or CE schemas. Previous studies using an observational paradigm have found an asymmetry in human learning
for common-cause and common-effect structures (Waldmann &
Holyoak, 1992).
To design a novel environment for humans, we developed a
virtual “escape room”. Imagine that you find yourself trapped
in an empty room where the only means of escape is through
a door that will not open. Although there is no visible keyhole on the door–nor do you see any keys lying around–there
are some conspicuous levers sticking out of the walls. Your first
instinct might be to pull the levers at random to see what happens, and given the outcome, you might revise your theory about
how lever interactions relate to the opening of the door. We refer to this underlying theory as a causal schema: i.e., a conceptual organization of events identified as cause and effect (Heider,
1958). These schemas are discovered with experience and can
potentially be transferred to novel target problems to infer their
characteristics (Kubricht, Lu, & Holyoak, 2017).

Discovery and application of causal knowledge in novel problem
contexts is a prime example of human intelligence. As new information is obtained from the environment during interactions,
people develop and refine causal schemas to establish a parsimonious explanation of underlying problem constraints. The aim
of the current study is to systematically examine human ability to discover causal schemas by exploring the environment and
transferring knowledge to new situations with greater or different structural complexity. We developed a novel OpenLock task,
in which participants explored a virtual “escape room” environment by moving levers that served as “locks” to open a door.
In each situation, the sequential movements of the levers that
opened the door formed a branching causal sequence that began
with either a common-cause (CC) or a common-effect (CE) structure. Participants in a baseline condition completed five trials
with high structural complexity (i.e., four active levers). Those
in the transfer conditions completed six training trials with low
structural complexity (i.e., three active levers) before completing
a high-complexity transfer trial. The causal schema acquired in
the transfer condition was either congruent or incongruent with
that in the transfer condition. Baseline performance under the
CC schema was superior to performance under the CE schema,
and schema congruency facilitated transfer performance when the
congruent schema was the less difficult CC schema. We compared between-subjects human performance to a deep reinforcement learning model and found that a standard deep reinforcement learning model (DDQN) is unable to capture the causal abstraction presented between trials with the same causal schema
and trials with a transfer of causal schema.
Keywords: Active causal learning; schema transfer; deep reinforcement learning

Introduction
Causality has been dubbed the “cement of the universe” (Mackie, 1974). The key research question in the
field of causal learning is how various intelligent systems,
ranging from rats to humans and machines, can acquire knowledge about cause-effect relations in novel situations. Decades
ago, a number of researchers (e.g., Shanks & Dickinson, 1988;
Shanks, 1991) suggested that causal knowledge can be acquired
by a basic learning mechanism, associative learning, that
non-human animals commonly employ in classical conditioning paradigms to learn the relationship between stimuli and
responses. A major theoretical account of associative learning
is the Rescorla-Wagner model, guided by prediction error in
updated associative weights on cue-effect links (Rescorla &
Wagner, 1972).
However, subsequent research has produced extensive evidence that human causal learning depends on more sophisticated
processes than associative learning of cue-effect links (Holyoak
& Cheng, 2011). Human learning and reasoning involves the
acquisition of abstract causal structure (Waldmann & Holyoak,
1992) and strength values for cause-effect relations (Cheng,
1997). Causal graphical models (Pearl, 2000) have been integrated with Bayesian statistical inference (Griffiths & Tenenbaum, 2005, 2009; Lu, Yuille, Liljeholm, Cheng, & Holyoak,
2008) to provide a general representational framework for human causal learning (Holyoak & Cheng, 2011).
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Figure 1: Common cause (CC) and common effect (CE) structures used in the present study. D indicates the effect of opening
the door. (a) CC3 condition, three lock cues; (b) CE3 condition, three lock cues. (c) CC4 condition, four lock cues; (d) CE4
condition, four lock cues.1
(a)

In the escape room example, one method of unlocking the
door is to induce the causal schema connecting lever interactions
to the door’s locking mechanism. However, it remains unclear
whether people are equally proficient in uncovering CC and CE
schemas in novel situations. In the current study, we first assessed whether human causal learning can be impacted by the
underlying structure, comparing learning of a CC structure with
learning of a CE structure. We then examined whether learning
one type of causal structure can facilitate subsequent learning of
a more complex version of the same schema involving a greater
number of causal variables. We compared human performance
in a range of learning situations with that of a deep RL model
to determine whether behavioral trends can be captured by an
algorithm which learns solely by reward optimization, with no
prior knowledge about causal structure.
In the remainder of the paper, we first describe the RL algorithms used for the present OpenLock task. We then describe
the design of an experiment and report human results. Next, we
describe our RL model and model results. Finally, we discuss
the implications of our findings for causal learning.

(c)

Figure 2: (a) Starting configuration of a 3-lever trial. All levers
begin pulled towards the robot arm, whose base is anchored to
the center of the display. The arm interacts with levers by either
pushing outward or pulling inward. This is achieved by clicking
either the outer or inner regions of the levers’ radial tracks, respectively. Only push actions are needed to unlock the door in
each lock situation. Light gray levers are always locked, which
is unknown to both human subjects and RL at the beginning of
training. Once the door is unlocked, the green button can be
clicked to command the arm to push the door open. The black
circle located opposite the door’s red hinge represents the door
lock indicator: present if locked, absent if unlocked. (b) Push to
open a lever. (c) Open the door by clicking the green button.
of-the-art RL methods. In this paper, we choose DDQN as the
computational model due to its straightforward implementation
and remarkable performance on various tasks.

Experiment: OpenLock Task
Participants
A total of 240 undergraduate students (170 female; mean age
= 21.2) were recruited from the University of California, Los
Angeles (UCLA) Department of Psychology subject pool and
were compensated with course credit for their participation.

Reinforcement Learning
RL focuses on learning a mapping between states and actions to
maximize some reward function (Sutton & Barto, 1998). Qlearning, a representative model-free RL technique, seeks to
learn an action-value function using expected discounted rewards (Watkins & Dayan, 1992). The optimal Q function is
defined as:


Q∗ (s, a) = max E rt + γrt+1 + γ2 rt+2 + . . . |st = s, at = a, π , (1)

Materials and Procedure
In the OpenLock task, participants were asked to “escape” from
a virtual room by opening a locked door that was controlled by
a lever mechanism (see Figure 2). The task was to figure out
what level mechanisms can open the door. Each lock situation
consisted of seven levers surrounding a robot arm and a door
which began in a locked state. The levers pertinent to the locking mechanism (i.e., active levers) were colored grey, and levers
irrelevant to the locking mechanism (i.e., inactive levers) were
colored white. Participants were not explicitly told which levers
were active or inactive but were instead required to learn the distinction through trial and error. This was not generally difficult,
however, as the inactive levers could never be moved. The order
in which the active levers needed to be moved followed either
a common cause (CC) or common effect (CE) schema (see Figure 1), and participants were given 30 attempts to discover every
solution in each situation. Participants were instructed to consider solutions as “combinations” to each lock, and discovery
of every solution/combination was required to ensure that participants understood the underlying causal schema in each situation. Participants also operated under a movement-limit constraint whereby only three movements could be used to both (1)
interact with the levers (two movements) and (2) push open the
door (one movement). If a participant tried to move an active
lever in an incorrect order, the lever would remain stationary
and a movement would be expended. Each trial reverted to its

π

where st is the state at time t, at the action, π = P(a|s) the agent’s
policy, γ ∈ [0, 1] a discount factor, and rt the reward.
A milestone of RL is the introduction of DQN (Mnih et
al., 2015), which overcomes limitations presented by previous neural-network-based RL methods. Specifically, DQN
uses experience replay (ONeill, Pleydell-Bouverie, Dupret, &
Csicsvari, 2010) to mitigate networks from over-fitting to recent
correlations in the observation sequence. DQN also introduced
a target network that is only updated every τ steps to further mitigate over-fitting. This method showed a remarkable ability to
play Atari games above human ability.
DDQN (Van Hasselt et al., 2016) expands on DQN by reducing over-estimations of the Q function. While DQN uses a
single value estimator to both select and evaluate a particular action, DDQN decouples selection and evaluation by learning two
value estimators: one for selection and another for evaluation.
DDQN shows superior performance and stability over DQN in
the vast majority of Atari games and has become one of the state1 Example solution executions for CE3 and CC3 can be viewed at
https://vimeo.com/265596602
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Figure 3: Average number of attempts needed to find all unique
solutions in the 4-lever common cause (CC4) and common effect (CE4) baseline conditions. Error bars indicate standard error of the mean.

Figure 4: Transfer trial results. Average number of attempts
needed to find all unique solutions in the 4-lever common cause
(CC4; left) and common effect (CE4; right) conditions. Light
and dark grey bars indicate CC3 and CE3 training, respectively.
Error bars indicate standard error of the mean.

initial state once the three movements were expended, and the
experiment automatically proceeded to the next trial after 30 attempts. The number of remaining solutions and attempts were
provided in a console window located on the same screen as the
OpenLock application.
In the environment, users commanded the movement of a simulated robot arm by clicking on desired elements in a 2D display.
Levers could either be pushed or pulled by clicking on their inner or outer tracks, although pulling on a lever was never required to unlock the door. There were either 3 or 4 active levers
in each lock situation. We refer to the 3- and 4-lever common
cause situations as CC3 and CC4 (Figure 1a, 1c), respectively,
and the 3- and 4-lever common effect situations as CE3 and CE4
(Figure 1b, 1d), respectively. Note that these numbers correspond with the number of active levers. The status of the door
(i.e., either locked or unlocked) was indicated by the presence
or absence of a black circle located opposite the door’s hinge.
Once the door was unlocked and the black circle disappeared,
participants could command the robot arm to push the door open
by clicking on a green push button. The robot arm consisted
of five segments that were free to rotate such that all elements
in the display were easily reached by the arm’s free end; the
arm position control was implemented using inverse kinematics.
Box2D (Catto, 2011) was used to handle collision, and the underlying simulation environment uses OpenAI Gym (Brockman
et al., 2016) as the virtual playground to train agents and enforce
causal schemas through a finite state machine.
Participants were randomly assigned to one of six conditions
in a between-subjects experimental design (40 participants per
condition) and began the experiment by viewing a set of instructions outlining important components and details in the lock environment2 . Fifteen additional participants were recruited but
subsequently removed from the analysis due to their inability
to complete any trial in the allotted number of attempts. The
first two experimental conditions were baselines that contained
five different lock situations comprised of either CC4 or CE4
trials, exclusively. These baseline conditions for the two control groups, denoted as CC4 and CE4, were included to assess
whether human causal learning can be impacted by the underlying structure, comparing learning of a common-cause structure
with learning of a common-effect structure. For the remaining four conditions, we examined whether learning one type
of causal structure can facilitate subsequent learning of a more
complex version of the same schema involving a greater number

of causal variables (i.e., active levers). The four conditions contained six training trials with 3-lever situations, followed by one
transfer trial with a 4-lever situation. The schema underlying
the 3- and 4-lever situations was either congruent (CC3-CC4,
CE3-CE4) or incongruent (CC3-CE4, CE3-CC4) and always remained the same throughout the 3-lever training trials. Participants required approximately 17.4 min to complete the baseline
trials and 17.3 min to complete the training and transfer trials.

Human Results
We first compared performance across the two baseline conditions where participants only completed the CC4 and CE4 trials.
The average number of attempts to solve a 4-lever task in each
of the baseline trials is shown in Figure 3. Participants showed a
clear learning effect as fewer attempts were needed for later trials, F(4, 75) = 40.16, p < .001. The main effect of causal structure was trending towards significance, F(1, 78) = 3.63, p = .06,
and results from a two-sample t-test at the final trial (i.e., Trial
5) indicate that the task with the CE structure took significantly
more attempts to solve than the CC structure, t(78) = 2.00,
p < .05. This result suggests that when a situation involved relatively high structural complexity, the CE structure was more
difficult to discern than the CC structure.
Next, we examined the training performance in the four
groups who completed both the training trials with 3-levers
and the transfer trial with 4-levers. A clear learning improvement was found, indicated by a significant main effect of training trials, F(5, 152) = 56.02, p < .001. There was no difference in training performance between the CC3 and CE3 groups,
F(1, 158) = 0.11. Compared with the two control groups in the
four-lever situations, participants showed similar performance
in the three-lever situations, suggesting that structural complexity impacts the comparative difficulty between CC and CE trials.
For simple structures with fewer causal variables, people appear
to learn different types of causal structures equally well. However, as complexity increases, some causal structures appear easier to learn than others. To further investigate whether the four
training groups achieved the same level of learning, we compared the performance at the final training trial in the three-lever
task. There were no differences in performance between the
CC3-CC4 and CC3-CE4 groups, t(78) = 0.87, or the CE3-CC4
and CE3-CE4 groups, t(78) = 0.48. This suggests that participants in each training group had approximately the same level
of understanding of the underlying causal schema before moving to their respective transfer trials.

2 The instructional video can be viewed at https://vimeo.com/
265302423
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Finally, we examined participants’ transfer performance. The
average number of attempts needed to solve the transfer trials
are depicted in Figure 4. A two-way ANOVA revealed a significant interaction effect between the training structure and the
testing structure, F(1, 156) = 24.94, p < .001, indicating superior transfer when the same type of causal structures were used
in the training and transfer trials. The resulting plot shows that
participants trained under a CC3 structure performed better in
the CC4 condition than those trained under a CE3 causal structure, t(78) = 2.62, p = .01. Similarly, participants trained under
a CE3 structure performed better in the CE4 test trials than did
those who trained under a CC3 structure, t(78) = 4.27, p < .001.
Consistent with the baseline groups, there was also a significant main effect of causal structure in the transfer test, as the
CE4 condition required more attempts than the CC4 condition,
F(1, 158) = 17.14, p < .001.
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Figure 5: Neural network architecture of DDQN. Input consists of a 16-dimensional state vector. All hidden layers are 128dimensional and densely connected with ReLU activation. The
output layer is 15-dimensional with linear activation.

Model Details
The state space of the lock environment consists of 16 binary dimensions: 7 for the state of each lever (pushed or pulled), 7 dimensions for the color of each lock (grey or white), 1 dimension
for the state of the lock (locked or unlocked), and 1 dimension
for the state of the door (closed or open). The action space consists of 15 dimensions: each of the 7 levers has 2 actions (push
and pull), and the door has one action (push).
DDQN is used as the underlying Q-learning algorithm. The
neural network is set to consist of 4 hidden layers (Figure 5):
a 16-dimensional state space input vector, densely connected to
4 layers with 128 nodes, each of which using a ReLU activation function, leading to an output layer with 15 dimensions
and a linear activation. During policy evaluation, the action
with the highest output is chosen as the next action to take,
at∗ = argmax P(a|s).

an alternative mechanism to encode the importance of finding
multiple solutions rather than a single solution.

Model Results
We tested the RL’s ability to solve the OpenLock task by starting with reward conditions and parameter values as close to human participants as possible. The unique solutions reward function only gives rewards for successful action sequences, which is
equivalent to the information human participants received from
the console window. However, this reward function results in an
agent incapable of meaningfully interacting with the environment. During DDQN’s experience replay, the same state-action
pair can yield different reward values if the agent executes the
same successful action sequence more than once (reward is only
given on the first execution). The agent may experience the same
state, take the same action, and receive a different reward. Even
worse, the agent will receive the reward only once per solution
per trial, making the probability of correctly updating networks
weights during experience replay low.
We empirically evaluated combinations of the other reward
functions. We found that the best DDQN performance can be
achieved by using the negative immovable, partial action sequence, and solution multiplier reward functions. This combination has a number of properties that make it conducive to learning because it: (1) penalizes the agent for performing meaningless actions, (2) encodes a reward for finding multiple solutions,
and (3) creates a smoother reward function by giving rewards
for performing the correct first action.
Specifically, the optimal agent uses the following DDQN parameters: discount factor, γ = 0.8; starting epsilon, ε = 1; minimum epsilon, εmin = 0.01; learning rate, α = 0.001; epsilon decay, εdecay = 0.995 (refer to Van Hasselt et al., 2016 for more
information on these parameters). At the end of each trial, ε was
set to 0.5 to encourage more exploration and to prevent the agent
from adopting a policy specific to the previous trial.
For baseline cases with only CC4 and CE4 conditions, the
RL agent was given 300 attempts per trial and looped over all
4-lever trials 10 times. For transfer conditions, the agent was
given 300 attempts per trial (in contrast to 30 attempts per trial
for human subjects) and looped over the training trials 100 times
(in contrast to only once for human subjects) during training. In
the testing, the agent was given 300 attempts per trial and looped
over the testing trials 10 times. This is different from the human
experiments, however, when the agent trained with one iteration
over the trials (with a higher number of attempts per trial), the
agent performed extremely poorly after the first trial. Although

a

Reward Functions are perhaps the most critical part of RL. The
purpose of a reward function is to signal the agent when an action helps or hurts achieving the goal (Sutton & Barto, 1998).
The agent’s goal is to maximize the accumulated reward over its
experience in the environment. We design a multitude of reward
functions to encode information about the environment:
• Basic A reward of 10 is given if the door is unlocked, 50 is
given if the door is opened, and otherwise 0.
• State change Builds on the basic reward function but adds
a reward of 0.5 if the agent’s action changes the observation
vector in any way.
• Unique solutions Builds on the basic reward function, but
only gives rewards if the successful action sequence has not
previously been executed.
• Negative immovable Builds on the basic reward function,
but also gives a reward of -0.5 if the agent interacts with a
lever that is immovable.
• Negative repeat Builds on the basic reward function but adds
a penalty of -0.25 for repeated actions to minimize the chance
that the agent repeats the same action.
• Partial action sequence Builds on the basic reward function
and state change. Awards a reward of 1 if the first action taken
is part of a solution. This allows for a smoother reward function and is equivalent to awarding a state change reward for
the first move only.
• Solution multiplier Builds on the base reward function but
adds a reward multiplier for each successive solution found.
For example, if the multiplier is set to 1.5x, the first solution
found has a reward of 1 for opening the door, then the second
solution has a reward of 1.5, and the third 2.25. The order in
which solutions are found does not matter. Intuitively, this is

327

Frequency (log10)

Transfer, CC3/CE3 Training
else

unlock

open 1

open 2

open 3

15
10
5
0

CC3-CC4

CE3-CC4

CC3-CE4

CE3-CE4

Figure 7: Transfer trial results of RL. The frequency of each
reward category is plotted in log-scale; the number of attempts
are the same in each transfer case. Note that CC3-CC4 and CE3CC4 have nearly the same proportions while CC3-CE4 appears
more difficult and CE3-CE4 is easier.

Figure 6: Baseline trial results of RL agent. The frequency of
each reward category is plotted in log-scale; the number of attempts is the same in each group. The decreasing height of the
bars indicates that one reward category is dominating; specifically the else category. The agent’s performance decreases as
the number of attempts increases, meaning that the agent is getting worse at the task during training.

fully, in the baseline results, we would expect to see the relative
proportion of the else category to decrease while the relative
proportion of the unlock, open 1, open 2, and open 3 increased.
In the human results, we see a monotonically decreasing number of attempts (thereby monotonically increasing performance
on the OpenLock task). In contrast, we see the RL model monotonically increasing the number of unsuccessful of attempts during baseline training (thereby monotonically decreasing performance). This result suggests that our DDQN agent is incapable
of forming the abstract causal structure humans are implicitly or
explicitly encoding. If our RL model was learning an encoding
of the common causal structure between trials, we would expect
the performance to increase over time.
These results suggest our DDQN agent is not forming the
causal abstractions humans form. The different configurations
of the levers only switch the location of each lever in the casual
structure; once the position of each lever in the causal structure
has been identified, an optimal agent can solve the task in two
attempts in the 3-lever case or three attempts in the 4-lever case.
In our experiments, DDQN is incapable of forming a policy that
encodes this casual structure.

these differences in the experimental setup make a quantitative
comparison to human results difficult, general qualitative assessments can be made to judge the overall performance of DDQN
in this task.
First, we examine the performance of the baseline over time
(Figure 6). The categories represent how close the agent was
to a solution when the attempt ended (i.e., when the agent had
executed three actions). The categories correspond to various
values of the reward accumulated over an attempt: (1) a category
for finding each possible solution (60 for the first, 90 for the
second, and 135 for the third using a solution multiplier of 1.5x),
(2) a category for unlocking the door, and (3) a category for
everything else (a reward lower than the other categories). We
aggregate the counts of each category to examine how the agent
learns over time.
For baseline conditions with only CC4 and CE4 trials, the RL
model shows that it is able to find all 3 solutions, evidenced by
the proportion of attempts in the open 3 category. However, the
proportion of attempts in the open 3 category is lower than in
open 2 and open 1 (the same is true for open 2 and open 1).
This indicates that the agent has a difficult time finding the second and third solution after finding the first, despite the higher
reward of the second and third solution. Even worse, the agent
finds fewer solutions as the agent trains more. Figure 6 shows
the else category increasing as the attempt number increases,
meaning that the agent is performing attempts that result in little
to no reward more often in later training than in earlier training.
Figure 7 shows the results of the transfer trial from training on the 3-levers and transferring to the 4-levers. Models for
both CE3-CC4 and CC3-CC4 executed solutions approximately
30% of all attempts. We note that the CE3-CE4 transfer case
is slightly easier than the other cases; a solution was executed
42% of all attempts. CC3-CE4 transfer is harder than the other
cases; a solution was executed only 16% of all attempts. In contrast, CE3-CE4 was the second hardest transfer case for humans;
however, CC3-CE4 was also the most difficult case for humans.
Overall, it appears the asymmetry between transfer cases is less
pronounced in the RL’s model compared to human performance.
These results suggest that while the RL model is able to uncover some knowledge about the mechanics behind the OpenLock task, the agent fails to form a useful abstraction between
trials, both when the agent is transferring between congruent
causal schema and incongruent causal schema. If the RL model
was learning an abstract causal schema and applying it success-

Discussion
Why is CE more difficult than CC? Human results show that
the CE condition required a greater number of attempts in all
cases. One potential explanation of this phenomenon relies on
the ambiguity from environmental feedback after executing the
first action. In the CC situation, the environment only changes if
the first action is correct (i.e., the agent pushes on the L0 lever).
After pushing on L0 in the first action, the agent can then push
either of the remaining active levers to unlock the door. Once the
agent receives positive environmental feedback, it is less likely
to make a mistake.
In contrast, if the first action is correct in the CE situation
(pushing on L1 or L2), pushing on one of the remaining active levers is not guaranteed to unlock the door (e.g. if L2 is
pushed after L1, the door remains locked). This introduces additional ambiguity to the agent after executing the correct first
action. However, CE has two correct first actions in contrast to
CC’s single correct first action. While this makes the first action easier, we speculate that CC contains less ambiguity from
the agent’s planning perspective. Even though it is more difficult to select the correct first action, the environmental feedback
from the CC’s first action (i.e., L1 and L2 not moving) provides
more guidance than the environmental feedback from CE’s second action. Additional experiments are needed to verify this
hypothesis and will be conducted as future work.
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Why is this task difficult for DDQN? The OpenLock environment presented here presents many challenges to traditional RL.
First, the variation of the lever configurations of trials requires
learning abstractions between configurations; each trial can be
thought of as a different “game” with the same causal schema.
DDQN was designed to learn singular games at a time rather
than transfer knowledge between different games (Van Hasselt
et al., 2016).
Second, the environment’s state and action spaces are low dimensional and discrete. This results in a discrete and sparse
reward function, which makes gradient descent difficult for
DDQN. In contrast to most Atari games where random actions
typically move the player (or perform another typically inconsequential action), exploratory mistakes in OpenLock are very
common and almost always result in failing to open the door.
Third, state changes modify the underlying mechanics of the
environment; e.g., for CC trials, pushing on L0 unlocks L1 and
L2. This is unlike traditional Atari games where the visual dynamics of the environment directly influence the reward function. While this maintains the Markov property assumed in Qlearning, it requires reasoning about the latent state space of the
causal schema, which is not present in most Atari games.
Fourth, humans using an optimal policy must remember their
previous solutions; i.e., an optimal policy is non-Markovian. If
humans were using a Markovian policy, their attempts to find
the second and/or third solutions should be evenly distributed
with the first solution found. However, many participants find
all solutions within 2-3 attempts (finding two solutions in two
attempts requires a lucky guess on the first attempt).
RL assumes the problem is Markovian and is therefore unable
to remember the solutions already found. We relaxed this constraint by allowing the state space to be semi-Markovian; the
number of solutions found was appended to the state space as
a binary vector. However, empirically, this made no difference
in performance to the fully-Markovian RL results. In fact, using any combination of the unique solutions reward function resulted in essentially no learning; after the agent finds a solution
and takes the exact same action sequence again, they are given
no reward. This means the agent only has one positive example
per trial per solution, making it difficult to learn a meaningful
policy during experience replay and gradient descent. However,
future work should include an exploration into RL agents explicitly equipped with memory, such as a recurrent neural network
(RNN). These agents may be better equipped to handle the longterm temporal constraints of finding all solutions.
What DDQN parameters can be learned from human participants? We fit an exponential decay model to human performance during the 6 training trials; this exponential decay is
used to control the exploration vs. exploitation of DQN/DDQN
agents. This regression shows humans are learning with a decay
rate of 0.548 and 0.743 for the median and mean, respectively.
Epsilon decay parameters of 0.548 and 0.743 are extremely
low; for the higher of the two settings, 0.743, the RL agent’s
exploration rate is less than one percent within 16 steps of
the simulation. Typical RL epsilon decay settings are above
0.99 to allow exploration for thousands of simulation steps.
These human-extracted parameter settings result in no meaningful learning for the RL agent. Instead, the RL agent adopts an
uninformed, meaningless policy quickly and does not effectively
explore the environment.
Future work should include a more thorough exploration of
fitting a RL model to human performance data. Fitting such a
model might yield additional insights into the differences between RL and human causal learning. Additional work should

also include directly integrating causal models into RL. DDQN
uniformly samples over the action space during exploration, regardless of prior experience. A Bayesian network could be
learned simultaneously to the RL model and used to select more
optimal explorations (i.e., explorations that aid the most in identifying or refuting causal links in the Bayesian network). This
could drastically improve the exploration process of DDQN.
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Abstract

matical knowledge will heavily influence their interpretation
of a particular visualization.
We hypothesize that long-term visual memory also plays
an important role in data visualization. When scientists learn
their domain, they often learn about important data relationships by looking at figures. To what extent do the visual properties of these figures stay with scientists later in their career?
Not all figures are likely to be remembered in perfect detail,
but probably every economist can quickly draw the same supply and demand curves, and probably every astronomer can
produce a rough sketch of the Hertzsprung-Russell diagram.
If an astronomer is later looking at any other plot of spectral
star classifications, might it be that they are not only performing semantic comparisons but also visual comparisons?
Studying these kinds of questions in people is a tall order.
Another approach is to try to build computational models that
enact similar types of memory, reasoning, and visualization
processes. Such models can then be studied to learn more
about the task of data visualization itself and about what kinds
of representations and reasoning processes might be sufficient
for supporting certain levels or kinds of performance.
We are currently in the process of designing and implementing a computational cognitive system that combines perception, memory, attention, and domain-specific semantic
knowledge to perform data visualization tasks. While this
work is still in early stages, we report here on one subset
of this larger project that involves building a “visual long
term memory” for the system. To constrain the problem,
we assume a domain of astronomy, and we focus exclusively
on scatterplot visualizations which, while a relatively simple
form of visualization, are still very widely used in virtually
all data-related domains.
In essence, we want our cognitive system to have access
to “visual memories” of many of the same scatterplots that
human astronomers might remember from their education.
We are also interested in how humans perceive and remember these plots, e.g., which plot properties are remembered,
which might be forgotten or even mis-remembered, etc.
In this paper, we present three of our initial steps along this
path. First, we collected and analyzed a catalog of 74 scatterplots from real astronomy sources (papers, books, etc.),
which we consider to be typical data visualizations that astronomers would frequently encounter during their education.
Second, we asked a team of human raters to rate all 74 scatterplots along nine dimensions describing shape categories,

We are currently in the process of designing and implementing a computational cognitive system that combines perception, memory, attention, and domain-specific semantic knowledge to perform data visualization tasks. While this work is
still in early stages, we report here on one subset of this larger
project that involves building a “visual long term memory” for
the system. To constrain the problem, we assume a domain
of astronomy, and we focus exclusively on scatterplot visualizations. In this paper, we present three of our initial steps
along this path. First, we collected and analyzed a catalog of
74 scatterplots from real astronomy sources (papers, books,
etc.), which we consider to be typical data visualizations that
astronomers would frequently encounter during their education. Second, we asked a team of human raters to rate all
74 scatterplots along nine dimensions describing shape categories, taken from a computational approach originally suggested by John and Paul Tukey called scagnostics. Third, we
calculated computer-based scagnostics for a subset of the scatterplots. We measured inter-rater agreements among the human raters and between the calculated and human ratings.
Keywords: astronomy; data visualization; scagnostics.

Introduction
As observational astronomy, among other research fields, has
encountered increasingly large datasets, rigorous analysis by
experts has become increasingly time-consuming and difficult (Abello, Pardalos, & Resende, 2013). Computational
tools including interactive visualization software (Burger et
al., 2013) and other cognitive supports (Honavar, Hill, &
Yelick, 2016) are in high demand to address the need to visualize large, multivariate datasets and aid researchers in isolating plots or other data views of interest. Crucial to the
design of such systems is a rigorous understanding of the human cognitive processes that are at work during different data
visualization tasks, from exploration to interpretation.
One of the big-picture research questions that drives our
work is: What is the role played by memory in data visualization and interpretation? Many studies look at immediate
perceptual properties of visualizations, but the field of information visualization as a whole emphasizes that data visualization is an interactive process that unfolds over time. Within
the context of a single data visualization episode, studies have
looked at systems that provide histories or bookmarks to previously seen plots, to aid the human user in remembering their
prior interactions later in the episode (Callahan et al., 2006).
In addition to this kind of within-episode short term memory, long-term memory must also play crucial roles in data
visualization. For example, a scientist’s semantic and mathe-
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Figure 1: Number of variables represented in each scatterplot by publication year of source. Two variables correspond to each
axis, and additional variables are represented by extra axes, color scales, text labels, and point-glyph sizes and shapes.

representative collection of the types of scatterplots that astronomers are likely to find engaging and familiar. Thus, the
work we present here on these scatterplots should be considered more like a case study than a generalizable sampling.
To that end, scatterplots were sourced using two ad-hoc
methods: First, ’visually interesting’ scatterplots were solicited by email from faculty of the Vanderbilt University Department of Physics and Astronomy. Special requests were
made for series of scatterplots which show a visual progression through a larger dataset.
Second, scatterplots within Binney and Merrifield’s definitive Galactic Astronomy textbook were collected (Binney
& Merrifield, 1998). Galactic Astronomy was chosen as a
canonical textbook with which astronomers are likely to be
familiar. We collected a total of 74 scatterplots from both
collection methods.

taken from an computational approach for obtaining scatterplot quality metrics originally suggested by John and Paul
Tukey called scagnostics (Wilkinson, Anand, & Grossman,
2005). Third, we calculated computer-based scagnostics for a
subset of the scatterplots. We then measured inter-rater agreements among the human raters and between the calculated
and human ratings.

Related Work
Several studies have categorized and provided guidelines
for implementing various scatterplot visualization techniques
(Etemadpour, Linsen, Paiva, Crick, & Forbes, 2015; Sarikaya
& Gleicher, 2018). These techniques address certain visualization goals guiding the presentation of large, multivariate datasets on traditional 2D or 3D scatterplots. Other
studies have examined differences between human visual
impressions of scatterplots according to scagnostics shape
categories and computed scagnostics (Lehmann, Hundt, &
Theisel, 2015; Sedlmair & Aupetit, 2015). Unlike these,
which typically focus on visualizations of real or synthetic
high-dimensional datasets, we focus on scatterplots that have
been published. Published scatterplots differ from “datasetgenerated” scatterplots because presumably someone, somewhere, has specifically adjusted the visual properties of these
scatterplots using certain visualization techniques with specific communication goals in mind. Underlying our work is
our desire to understand how people perceive, interpret, and
remember these “intentional” types of scatterplots.

Results
Scatterplots in the catalog range from simple bivariate scatterplots to complex multivariate scatterplots. Of 31 total
sources, 15 sources yielded one scatterplot each, five sources
yielded two and three scatterplots each, and two sources
yielded four, six, and seven scatterplots.
Point-glyph refers to a unique class of visual mark with
a certain size, color, shape, and fill. Thirty-four scatterplots
use one point-glyph, 17 use two different point-glyphs, six
scatterplots use three and four point-glyphs, four scatterplots
use five and six different point-glyphs, two scatterplots use
seven different point-glyphs, and one scatterplot uses fifteen
different point-glyphs.
Continuous variables are most often represented visually
with perpendicular axes, a gradient color scheme, or variable

Part 1: Scatterplot Dataset
This collection of scatterplots is not intended to represent a
systematic sampling of the astronomy literature, but rather a
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Figure 2: Human ratings for the 24 scatterplots in Set 1.

oped uniformly across the graph
• Clumpy: Degree that points are gathered in condense area
with no excess points around
• Dense: Degree that points are heavily dispersed1
• Striated: Degree that points align into a low frequency
wave with parallel lines
• Convex: Degree that points form the perimeter of a circle
• Skinny: Degree that plot resembled a concise/tight convex
hyperbola
• Stringy: Degree that points align to a concise wave that has
a positive slope
• Monotonic: Degree that plot only increases or decreases
and is densest along that path
Note that these descriptions are quite loose, and likely do
not match the “true” computational interpretations of each
scagnostics measure. Because the raters were untrained in
visual quality measures, the ratings obtained are based on interpretations of this single set of instructions and raters’ visual
perception rather than previous knowledge of scagnostics or
related quality measures. Unlike professional astronomers,
raters were unlikely to recognize any scatterplots from the
catalog, avoiding bias from previously-formed impressions.
For each scatterplot, raters were instructed to assign a rating from one to ten for each of the scagnostics measures.
The scatterplot catalog was split into three sets of scatterplots, with Set 1 containing 24 scatterplots and Sets 2 and 3
containing 25 scatterplots each. Sets 1 and 2 received rat-

point-glyph size. Categorical variables are most often represented with discrete coloring schemes, different point-glyphs,
and text labels.
Figure 1 shows the distribution of number of variables represented in each scatterplot as a function of publication year.
The total height of each bar represents the total number of
scatterplots collected from publications in that year. The colored sections divide the bar into the number of scatterplots
containing two variables (grey), three variables (yellow), or
four variables (blue). As we collected these scatterplots, we
wondered if scatterplots published in earlier years might have
less visual complexity than later scatterplots due to the increases in ease of plotting, graphics, printing, etc. We constructed this figure to qualitatively inspect for this kind of
trend. Sure enough, many of the newer scatterplots have
four variables, while hardly any of the earlier scatterplots
do. (Note again that this result is specific to our scatterplot dataset; drawing general conclusions about scatterplots
in general, or even astronomy-specific scatterplots, would require a larger and more systematic review of published scatterplots.)

Part 2: Scagnostics by Human Raters
Nine undergraduate students took part in a scatterplot-rating
study. Raters received a document containing brief instructions and 24 or 25 scatterplots selected from the catalog. The
instructions included a scagnostics diagram from (Dang &
Wilkinson, 2014b), as well as the following descriptions of
each scagnostics measure:
• Outlying: Degree that a small number of points are separated away from a dense majority of points
• Skewed: Degree that the relative density of points is devel-

1 Eight measures are consistently identified throughout scagnostics publications. One other measure is identified either as Straight
(Wilkinson et al., 2005), Sparse (Wilkinson & Wills, 2008; Dang,
Anand, & Wilkinson, 2013; Dang & Wilkinson, 2014a), or Dense
(Dang & Wilkinson, 2014b) The Dense measure was chosen for this
study as the most visually indicative to human raters.
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ings from four raters each, and Set 3 received ratings from
three raters. Rater 1, the experimenter who organized this
part of the study, rated all three sets of scatterplots. This
experimenter-rater was included as a practical means of acquiring one individual’s rating of all 74 plots in this preliminary study and would be excluded from a larger, systematic
study.

Figure 2 shows histograms with the proportions of particular
ratings (i.e., 1-10) given by different raters. We just show this
histogram for Set 1; results for Sets 2 and 3 are similar.
It is clear that absolute ratings vary greatly for each individual. Rater 4 in particular seemed to assign primarily low
ratings, while several distributions for each of the other raters
show a roughly bimodal distribution. These strategies can be
seen in the Clumpy results for each rater. The bottom row
of Figure 2 shows that the ratings compiled from all raters
are uniformly distributed across the 1-10 scoring scale for all
scagnostics measures except for Striated and Stringy, which
show a marked preference for lower scores. This roughly
uniform rating distribution for most measures may reflect
the raters’ expectation of a full range of each measure to be
present within the set of scatterplots shown to them.
Several raters, including Rater 1, used ratings of zero
though they were not instructed to do so. These raters evaluated scagnostics measures on an 11-point scale rather than
the expected 10-point scale, but their unmodified results were
still considered in comparisons to other human raters and calculated scores.
We then computed Kendall’s rank correlation coefficient
for ratings within each scagnostic category (Kendall, 1938),
using R (McLeod, 2011).
Here, despite the differences in absolute rating ranges, almost all raters showed positive agreement with one another
for each scagnostics measure, as shown in Figure 3. Notably,
raters tended to show the most disagreement in the Skewed
measure and the most agreement in the Monotonic measure.
Overall, no raters consistently agreed or disagreed with one
another across all scagnostics measures.

Part 3: Human vs. Calculated Scagnostics
Because the scatterplots in our catalog were obtained as images directly from a wide range of sources, the datasets used
to construct them were unavailable. We used the image
processing package Fiji to facilitate the generation of twodimensional point location values for a subset of scatterplot
images from the catalog (Schindelin et al., 2012; Rueden et
al., 2017).
Scagnostics values for these point location values were
calculated using a scagnostics package for R (Wilkinson &
Anand, 2012). The locations of point-glyphs which overlap
one another could not be determined using this method, so
the criterion for inclusion in the subset for scagnostics measure calculation was that no point-glyphs overlap. Twenty-six
scatterplots met this criterion: eight from Set 1, six from Set
2, and twelve from Set 3. Point location values were determined for all 26 plots.
Overlapping point-glyphs present a challenge to human visual analysis not captured by quality metrics calculated on
their data values. There exist methods to represent to human viewers point-glyphs which would otherwise be hidden
by overlapping, but these methods do not affect calculated
quality metrics (Mayorga & Gleicher, 2013). Comparison be-

Figure 3: Kendall’s rank correlation coefficient across ratings
given by different raters in sets 1, 2, and 3. The coefficient
was calculated over the ordered lists of each scagnostics rating given to each set of plots.

Results
To look at overall rating patterns, we first examined distributions of the ratings themselves, without regard to agreement.
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Figure 4: Calculated and human ratings for the 26 plots in the set of scatterplots with non-overlapping point-glyphs.

tween human-rated and calculated scagnostics values in this
study is restricted to scatterplots without overlapping pointglyphs to avoid discrepancy in the visual information available to human raters and the data used for calculation.
The aforementioned R package calculated a value for the
Sparse scagnostics measure, the opposite of the Dense measure used for human ratings (see Footnote 1 above). Values
of the calculated scagnostics measure Sparse were subtracted
from 1 to transform them into values of the Dense measure
for comparison to human ratings. In order to directly compare calculated values on the range [0,1] and human ratings
on the range [0,10], the calculated values for all measures
were multiplied by 10.

Calculated scores were much less evenly distributed than
human ratings. While agreement between human raters and
calculated values can be seen in the Striated and Clumpy
measures, overall it appears that human ratings of scagnostics measures is poorly matched by the calculated scagnostics values. Nonetheless, calculated and human ratings for all
measures combined seem to agree on a skew towards lower
values.
We then computed Kendall’s rank correlation coefficient
for ratings within each scagnostic category, as before, with
results shown in Figure 5.
Positive agreement was seen overall between Rater 1 and
calculated scagnostics values. Similar to between individual
human raters, it appears agreement between the calculated
and Rater 1’s scagnostics ratings is strongest for the Monotonic measure. While Rater 1 and the calculated values had
similar distributions of ratings for the Clumpy measure visible in Figure 4, it appears that it yielded the most disagreement of any measure when comparing individual scatterplots.

Results
As we did in Part 2, we first examined distributions of the
ratings themselves, without regard to agreement. Figure 4
shows histograms with the proportions of particular ratings
(i.e., 1-10) given by the computer-based scagnostics calculations (top), Rater 1 (middle), and over all raters (bottom), just
to give a flavor of the comparisons.

Contributions and Next Steps
We have conducted an open-ended exploration of the visual
properties of a set of 74 published astronomy scatterplots.
Contributions of this work include:
• Creation of a dataset of 74 real-world, non-synthetic scatterplots used in astronomy
• Characterization of individual variations in the visual perception of scagnostics quality measures in scatterplots
• Comparison of human interpretations and calculated values
of scagnostics measures in non-synthetic astronomy scatterplots
This exploratory study suggests quantifiable trends in human
perception of visual qualities of real-world scatterplots which
should be considered in the development of calculated visual
quality metrics such as scagnostics.
Continued work will build on the results presented here
to investigate how the visual properties of scatterplots held
in long-term memory, as part of semantic, domain-specific
knowledge, can help a computational cognitive system per-

Figure 5: Kendall’s rank correlation coefficient across calculated ratings and those of Rater 1. The coefficient was calculated over the ordered lists of each scagnostics rating given to
the set of plots for which the data was able to be digitized.
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form data visualization tasks. Future work will address this
study’s small sample size and unsystematic plot collection
process to produce more robust, generalizable results. We
expect that in the long term, findings from this work will not
only help to uncover the cognitive processes that people use
during data visualization but also will inform the design of innovative interactive data visualization systems and other cognitive support tools.
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Abstract

for the development of literacy skills is the inclusion of
entertaining but unnecessary illustrations. Extraneous
details—also known as seductive details—are irrelevant
additions to educational materials, and are often included to
increase motivation and foster situational interest (Harp &
Mayer, 1998). Entertaining visuals in children’s educational
materials have enormous potential to engage children—but if
they are unrelated to the story text—these additional visuals
might be counterproductive if they distract children from the
primary task (i.e., comprehending the story text). Attention
regulation skills are still developing during the time when
children begin formal schooling (Fisher & Kloos, 2016),
therefore it is important to evaluate the possibility that
enhancements to the educational materials intended to
motivate children might do so at the cost of reducing learning
and performance (cf. Kaminski & Sloutsky, 2012; ParishMorris, Mahajan, Hirsh-Pasek, Golinkoff, & Collins, 2013;
Petersen & McNeil 2013; Tare, Chiong, Ganea, & DeLoache,
2010). There is a substantial body of research on the role of
extraneous details in educational materials for adult learners.
For instance, Cognitive Load Theory suggests that
unnecessary extraneous material may increase cognitive load
on learners by reducing the amount of cognitive resources
available for learning, and have been found to decrease
learning performance (McCrudden & Corkill, 2010;
Torcasio, & Sweller, 2010). In contrast to the large body of
research on the design of educational materials for adult
learners reading to learn, few studies have examined this
issue in children learning to read. Conceivably, the
detrimental effect of extraneous details on emerging literacy
skills may be more pronounced in beginning readers in whom
reading has not yet become an automatized skill. It is
important to understand how the design of reading materials
may affect children’s emerging literacy skills because this
factor is substantially more malleable than factors intrinsic to

Reading is a critical skill as it provides a gateway for other
learning within and outside of school. Many children struggle
to acquire this fundamental skill. Suboptimal design of books
for beginning readers may be one factor that contributes to the
difficulties children experience. Specifically, extraneous
details in illustrations (i.e., interesting but irrelevant to the story
elements) could promote attentional competition and hamper
emerging literacy skills. We used eye-tracking technology to
examine this possibility. The results of this study indicated that
excluding extraneous details from illustrations in a book for
beginning readers reduced attentional competition (indexed by
gaze shifts away from text) and improved children’s reading
comprehension. This study suggests that design of reading
materials for children learning to read can be optimized to
promote literacy development in children.
Keywords: attention; reading; reading comprehension;
illustrations; eye tracking; book design

Introduction
Learning to read is a critical skill because reading provides a
gateway for other learning within and outside of school.
However, one-third of U.S. elementary students are not
reading at grade level, and many children struggle to acquire
the fundamental skill of learning to read (Perie, Grigg, &
Donahue, 2005). Many different factors contribute to
children’s difficulty in learning to read, including (but not
limited) to neurodevelopmental disorders, lagging prereading skills (e.g., phonological awareness), and
vulnerabilities in general cognitive functioning (e.g.,
Dykman, & Ackerman, 1991; Jacobson et al., 2011; MelbyLervåg, Lyster, Hulme, 2012). The current research focuses
on one other potential factor that has received relatively little
attention in the literature, namely the design of reading
materials for beginning readers. One way in which the design
of reading materials for beginning readers can be suboptimal
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the child, and thus can be leveraged to improve learning
outcomes.
The intermixing of extraneous details with relevant
illustrations and text (which is common in reading materials
designed for beginning readers, see Figure 1-a below) may
create a split-attention effect: the learner’s visual attention is
split between viewing the various illustrations and reading
the text (Kalyuga, Chandler, & Sweller, 1999). Only a subset
of the information being received concurrently can be
selected for further processing in visual working memory.
The constraints on processing capacity force children to make
decisions about which pieces of incoming information to pay
attention to and the degree to which they should build
connections among the selected pieces of information
(Mayer, 2002). Thus, beginning readers may find it difficult
to build a strong understanding of the story if while reading
children are less likely to attend to the text and relevant
illustrations and instead focus their attention on extraneous
details. Consistent with this possibility, there is evidence that
children’s attentional control is a significant predictor of
reading comprehension (Conners, 2009; Wittrock, 1989).
Multiple stimuli present in the visual field compete for
processing, and dividing attention between more information
almost always results in poorer performance than focusing
attention on less information (Desimone & Duncan, 1995).
When text, relevant illustrations, and extraneous visual
details are presented on the same page, the stimuluscompetition is high. The inclusion of numerous extraneous
details may therefore induce attentional competition and
hinder learning.
Eye-tracking technology utilizes eye movement measures
to investigate the relation of eye movements and cognitive
processes (Zagermann, Pfeil, & Reiterer, 2016). Researchers
have employed eye-tracking to explore cognitive and
information processing with respect to different components
of educational material to reveal how students spend their
cognitive resources while learning from text and illustrations
(Van Gog & Scheiter, 2010). Incorporating physiological
measures such as eye-tracking into assessments while
reading may identify subtle changes that precede or underlie
changes in attention while reading. In this study, we focused
on average eye gaze shifts away from the text, to measure
children’s ability to read accurately without getting
distracted.
We examined whether the removal of extraneous details in
an educational book designed for beginning readers would
reduce gaze shifts away from text and thereby increase
reading comprehension.

tested individually by hypothesis-blind trained research
assistants and given a small prize for their participation.

Design and Procedure
The Storybook To maintain a high level of ecological
validity, children read a commercially available book
designed for beginning readers from the Hooked on Phonics
Learn to Read series entitled Good Job Dennis written by
Amy Kraft. Children read the story aloud. The type of book
layout was manipulated within-subjects: Half of the book was
presented to children in a commercially available “Standard”
layout condition, and in the other half of the book the
extraneous details in illustrations were removed
(“Streamlined” layout condition). The order of the layout
conditions (Standard first vs. Streamlined first) was
counterbalanced across participants. Children were randomly
assigned to read either Version 1, in which the first half of the
book was presented in the Standard layout and the second
half of the book was presented in the Streamlined layout; or
Version 2, in which the presentation order was reversed.
There were a total of 12 pages in the book (with six pages per
condition). The average number of words per page in the first
half of the book was 43.0; the average number of words per
page in the second half of the book was 42.3. The book was
presented on a laptop computer. Reading was self-paced;
participants advanced to the next screen by pressing a button
on the keyboard. After reading the story, children’s reading
comprehension was assessed (see the details below). Each
testing session was videotaped with a Logitech C920 HD Pro
Webcam.
The Classification of Extraneous Details A calibration
study with undergraduate fluent readers (n = 15) was
conducted to determine which illustrations were extraneous.
Participants were presented with a copy of the Standard
layout of Good Job Dennis and instructed to outline in red
marker the details in illustrations they believed were relevant
to the story content. The details that participants reached over
90% agreement on were included in the Streamlined layout
condition (see Figure 1 a-b below).

Method
Participants
The sample consisted of thirty 2nd-grade students (Mage=7.93
years, SD = 0.52 years, 12 females, 11 males, and 7 children
whose sex was not reported). Participants were recruited from
schools in and around Pittsburgh, PA. Signed consent was
obtained from the parents of participants. Children were

Figure 1-a: Sample page of the Standard layout condition
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correct responses (out of 7 possible points). The story
questions were scored twice by hypothesis-blind research
assistants who were blind to the story version assignment.
Inter-rater reliability using Cohen's kappa (Cohen, 1960) was
.86, indicating substantial coder consistency.
Verbal Fluency Measure The Word Recognition in
Isolation Test (WRI; Morris, 2013) was administered to
children prior to reading the story. The WRI measures the
ability to recognize and decode words on lists that are graded
in difficulty. Scores were calculated as the number of words
read accurately in 90 seconds out of 100 total possible words.
The WRI is a valid predictor of contextual and oral reading
levels (Frye & Gosky, 2012; Morris et al., 2011). The
experimenter also recorded the child’s decoding accuracy for
each word in the story (Running Record; Clay, 1972) and the
percentage of correct responses was then calculated.

Figure 1-b: Sample page of the Streamlined layout condition

Measure of Attention
Gaze Shifts Eye gaze is a common measure of attention in a
variety of settings and is a particularly appropriate measure
in the context of reading (Rayner, Ardoin, & Binder, 2013).
SMI RED250 mobile eye tracker (SensoMotoric Instruments,
Inc.) was used to measure children’s eye movements while
reading. On each page of the book, text, illustration, and
white space Areas Of Interest (AOI’s) were created. SMI
BeGaze Eyetracking Analysis Software was then used to
calculate gaze shifts away from the text AOI’s and the
average number of gaze shifts per page was then calculated.

Results
There were no significant differences in total time reading in
the Standard layout condition (M = 127.20 s; SD = 39.55 s)
compared to the Streamlined layout condition (M = 124.51 s;
SD = 35.32 s), paired-sample t(26) = .121, p = .91.
Reading Comprehension Children’s comprehension scores
were significantly higher in the Streamlined layout condition
(M = 79.89%) than in the Standard layout condition (M =
47.09%), paired-sample t(29) = 6.91, p < .001 (see Figure 2);
this effect was large, Cohen’s d = 1.80. Independent samples
t-tests were used and there were no order effects (all ts < 1.05,
all ps > .49). There were also no significant differences in
participants’ Running Record while reading in the Standard
layout (M = 96.60%; SD = 1.91%) compared to the
Streamlined layout (M = 96.68%; SD = 3.39%), pairedsample t(29) = .121, p = .91. The results indicate that reading
from the streamlined layout resulted in higher comprehension
compared to reading from the Standard layout, regardless of
the quantity of words a child accurately read aloud and the
order in which the layout was presented.

Reading Comprehension Measure
Story Questions To preserve ecological validity, children
were asked the six open-ended comprehension questions
provided by the book manufacturer that probed their memory
for story details. Recordings were used to archive the data in
case it was necessary to validate the recorded responses of a
participant. There were three questions for each half of the
book (two 2-point questions, and one 3-point question) for a
total of 14 points. Questions were linked to content presented
on specific pages, making it possible to clearly distinguish
events from the first or second half of the book. For example,
in the first half of the book the job of the main character,
Dennis, is described; these story details are not part of the
content in the second half of the book. For the 2-point story
question, children were asked, “What is Dennis’ job?”
Children received full credit if they identified that Dennis
directs traffic and helps children cross the street, 1 point for
a partial answer (e.g., he helps children), and 0 points if they
failed to recall Dennis’ job or provided an incorrect response.
In the second half of the book, various animals escape from
a pet shop including cats, dogs, birds, rabbits, and frogs; these
story details are not part of the content in the first half of the
book. For the 3-point question, children were asked, “What
animals get out of the pet shop?” Children received full credit
if they correctly identified all of the animals that escaped, 2
points if they identified at least 3 animals, 1 point if they
identified only 2 animals, and 0 points if they failed to recall
the animals that escaped or provided an incorrect response.
Story comprehension was measured as the percentage of

Figure 2: Percentage of correct answers on the story
questions as a function of book layout. ***p < .001).
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Gaze Shifts Data from 3 children were not included in the
analyses due to tracking ratios <50%. On average, children
switched their point of fixation away from the text 7.43 times
per page (SD = 2.39) in the Standard condition compared to
3.53 times in the Streamlined condition (SD = 1.20), pairedsample t(23) = 6.44, p = <.001. This effect was large, Cohen’s
d = 2.06. Children looked away from the text almost twice as
much in the Standard layout condition than they did in the
Streamlined layout condition (See Figure 3).

Figure 4: Association between gaze shifts and
comprehension gains.
Unique Contribution of Gaze Shifts to Comprehension
Gains To ensure that the findings were not entirely due to
variance shared with verbal ability, children completed the
WRI test prior to the reading session to assess participants’
verbal ability (M = 77.81, SD = 14.31). Table 1 presents a
summary of a multiple linear regression predicting
Comprehension Gains scores with the predictors: Gaze
Shifts, Age, WRI Scores, and Running Record scores. The
coefficients present estimates of the unique effect of each
variable on the outcome adjusted for all other terms in the
model. Results indicated that gaze shifts away from the text
make a significant contribution to Comprehension Gains.
Table 1: Relation of Gaze Shifts to Comprehension Gains

Eye Gaze Shifts
WRI Score
Age
Running Record
2
R
F

Figure 3: Average gaze shifts away from the text per page
as a function of book layout. ***p < .001).

β
3.37***
0.18
4.11
-1.82
0.50
5.51

SE
0.86
0.25
5.85
1.41

t
3.93
0.72
0.70
-1.29

*** p < 0.001

The Role of Individual Differences Next we examined
whether the Streamlined condition might be especially
beneficial for children who often shift their attention away
from the text. A difference score for each child was calculated
by subtracting the Standard comprehension score from the
Streamlined comprehension score to create the variable:
Comprehension Gains. Difference scores ranged from
14.29% to 71.43%, with a mean of 40.21% (SD =18.17%). A
score of 0 indicates a participant had the same score on the
comprehension assessment in each condition. Children’s
gaze shifts in the Standard layout condition were positively
associated with Comprehension Gain scores (r = .65, p
<.001), as shown in Figure 4. Thus, the Streamlined layout
was especially helpful for children who frequently shifted
their gaze while reading: the more children looked away from
the text, the more their comprehension benefited from
reading the book in the condition in which extraneous details
were removed.

The present results suggest that gaze shifts away from the text
while reading are positively associated with comprehension
gains, and also account for unique variance in comprehension
gains independent of both measures of overall reading
fluency and age.
A question that remains is whether these findings
generalize to children in different grade levels. We are
currently replicating this experiment with first graders (n =
15). Preliminary analyses reveal similar results from the
sample of second graders: children’s comprehension scores
were significantly higher in the Streamlined layout condition
(M = 85.75%; SD = 15.82) than in the Standard layout
condition (M = 55.09%; SD = 14.57), paired-sample t(14) =
7.81, p < .001.

Discussion
The results of this study provide the first systematic analysis
of whether excluding extraneous details from reading
materials for beginning readers could improve story
comprehension. We found significant differences in
comprehension, with nearly all children exhibiting higher
comprehension scores when reading in the Streamlined
layout condition compared to the Standard layout condition.
Similar to the effects on learning with adults and other
educational materials such as textbooks and lectures (e.g.,
Rowland et al., 2008; Sanchez & Wiley, 2006), when
extraneous details were removed, children showed better
understanding of the story.
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We hypothesized that children who frequently shift their
gaze while reading (i.e., less developed attentional control)
would have greater gains in comprehension reading in the
Streamlined layout condition compared to children who do
not frequently look away from the text while reading (i.e.,
children with more developed attentional control). Our
findings supported this hypothesis: the Streamlined layout
was especially useful for children who were more easily
distracted and who frequently shifted their gaze away from
the text. Importantly, the associations between eye gaze shifts
away from the text and comprehension gains were not
entirely due to variance shared with overall reading fluency
(a potential indicator of reading proficiency).
Frequent switching between two different tasks—reading
the text to understand the story on one hand and exploring
engaging illustrations on the other hand—might place too
much extraneous load on young children’s working memory
resulting in decreased story comprehension (Mayer &
Moreno, 2003). Because illustrations matched the story text
in the Streamlined layout condition, children did not have to
visually explore and encode the details of the illustrations that
were not relevant to the text; instead, in the Streamlined
layout condition the visuals helped children integrate
nonverbal information and language to develop a better
representation of the story.
The inclusion of only story-related illustrations may be
beneficial to children who frequently look away from the text
because these children’s ability to selectively attend to
relevant information while suppressing irrelevant, extraneous
information is less efficient. Researchers have found that
children’s attentional control and ability to focus are
significant predictors of reading achievement not only when
they enter formal schooling, but continue to predict reading
achievement until several years later in development (Guo,
Connor, Tompkins, & Morrison, 2011; McClelland, Acock,
& Morrison, 2006). Attentional control—a foundational
component linked to school readiness and reading
achievement—should be taken into account when designing
educational materials not only for fluent readers who are
reading to learn, but also for beginning readers who are
learning to read.
One limitation of this study is that it remains unclear
whether children shifted their gaze away from the text
frequently in the Standard condition because of less
developed attentional control, or if they were consistently
searching for relevant illustrations to help build an
understanding of the story. We are currently pursuing this
outstanding question by defining the AOIs for relevant text
and relevant illustrations on each page of the book, as well as
the irrelevant details in the illustrations. After this procedure,
we will be able to determine the sequence of children’s eyegaze patterns (e.g. are they reading “dogs” and then looking
at illustrations of dogs, or are they reading “dogs” and then
looking at illustrations of cars?), and also examine whether
children are frequently shifting their gaze away from the text
in the Standard layout because they are looking at extraneous
details, or relevant content in the illustrations. We

hypothesize that children are shifting their gaze away from
the text because at this age, children’s attention regulation is
still developing and children can be easily distracted by the
irrelevant elements of the illustrations. However, it has also
been found that children’s selective attention to salient
features congruent with verbal content predicts
comprehension (Calvert, Huston, Watkins, & Wright, 1982;
Grassmann and Tomasello, 2010; Scofield, Miller, & Hartin,
2011).
Another limitation of this study is that it remains unclear
whether these findings generalize to children from different
backgrounds than participants in this study (e.g., children for
whom English is not their first or only language), and to
reading materials other than the book selected for this study.
We intend to pursue these questions in future research
through collaborations with a number of community partners.
If the findings of this study are replicated with other reading
materials and across a broad range of students, this research
can point to a malleable, cost-effective, and easy to scale
general principle for more optimal design of reading
materials for beginning readers.
Not all beginning reader storybooks are the same, and
content drives both the experience and the outcomes.
Illustration choice and layout are important to the educational
potential for children learning-to-read, not just students
reading-to-learn. These findings highlight the importance of
establishing a new industry standard. Enhancements to
storybooks should serve a clear purpose to engage the child
with the appropriate story content ensuring that motivational
enhancements do not interfere with learning and
performance. The consideration of potential costs from
motivational enhancements may be especially important for
children with less developed attentional control. When welldeployed and designed, illustrations in books for beginning
readers have the potential to enrich, not hinder learning
experiences for children.
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Abstract

during shared book reading predict better reading and
language outcomes (Landry, & Smith, 2007). The role of
contingency is especially important during shared book
reading because children are given the opportunity for
conversational turns that lay the groundwork for literacy
skills: children practice vocalizing the story text, and adults
facilitate children’s understanding of the story by pointing
to relevant story content such as pictures and text that match
the pronounced words (Ezell, Justice, & Parsons, 2000;
Hargrave & Sénéchal, 2000). For example, consider the
following: a caregiver is reading a book to a child and after
the caregiver reads, “car” the child practices saying the
word aloud. Responding contingently to the child’s
vocalization, the caregiver points to the text “car,” along
with the car illustration. By providing these referential cues,
the caregiver indicates to the child that the pronounced word
“car” is related to the car text and picture. This nonverbal
feedback may facilitate children to internalize features
(congruent text and pictures) of the pronounced words, and
enables them to later reproduce an understanding about the
words in relation to the story (Mason, 1990).
Children’s earliest experiences with books are no longer
limited to paper, and books are now accessible in the form
of digital books through computers, apps, and tablets.
Researchers have explored the issues related to young
children’s experiences with digital books and have found
that interactive features often negatively affect learning
(Krcmar & Cingel, 2014; Parish-Morris et al., 2013). One
likely reason that current designs of interactive books lead
to worse learning outcomes is because the interactive
features do not provide the contingent nonverbal feedback
adults provide to children that promotes story
comprehension.
Although contingent responsiveness is easily achieved in
face-to-face interactions, imbuing contingency in child-todigital device interactions is a challenge and the effects on
learning are understudied. The goal of the current study was
to investigate whether contingent responsiveness in an
interactive book would enhance preschool-aged children’s
story comprehension. More recently, digital devices are

Experiences of contingent interactions like referential cues
(e.g., caregivers pointing to relevant text and pictures) during
shared book reading predict better reading and language
outcomes (Landry, & Smith, 2007). However, it is unclear
whether contingent responsiveness in a digital book could
provide similar support for children in the absence of
contingent feedback from an adult. The effects on story
comprehension using an interactive book with content-related
animations that activated contingent on children’s
vocalizations were investigated, with a focus on whether the
interactive book might be especially useful for children with
less developed attentional control. The present study used a
within-subject design with data from 69 preschool-aged
children. The use of the interactive book exhibited
significantly increased comprehension, and was also found to
be especially useful for children with less attentional control.
Importantly, the associations between attention and
comprehension gains were not entirely due to variance shared
with verbal ability.
Keywords: attention; reading; individual differences; reading
comprehension; books, technology, learning

Introduction
A critical determinant of establishing a communicative
relation between an adult and child is the presence of
contingency—that is—the feedback the child receives is
dependent upon their behavior (Bornstein, Tamis-LeMonda,
Hahn, & Haynes, 2008). In the context of spoken language,
a contingent interaction is when an adult responds
specifically, immediately and appropriately to a child’s
vocalizations. Contingent responsiveness to children and
following their lead allows children to feel in control,
maintains their focus, and encourages them to continue the
interaction when each of their vocalizations is met with an
immediate response (Hirsh-Pasek et al., 2015). Contingent
caregiver behavior complements and extends children’s
capacities, and is positively associated with emerging
cognitive and language competence (Sohr-Preston &
Scaramella, 2006).
A common activity that promotes contingent interaction is
shared book reading. Experiences of contingent interactions
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capable of contingent interactions by responding to the
actions of people through speech. Speech recognition
technology is a core element of user interface design in the
field of human-computer interaction, and can be used as a
tool to improve literacy (Kalil, 2012).
We examined whether the addition of content-related text
and pictures that animate contingent on child vocalizations
(i.e., animations activate only when the child says a word
from the story aloud: child says, “car” and both a picture of
a car and the word car animates by popping off the page),
would increase story comprehension compared to a board
book and a book without interactive features (static digital
book). We hypothesized that the addition of contingent
interactivity modeled from high quality human interactions
would increase learning outcomes. We also examined if this
type of interactivity in books might be especially useful for
children with less developed attentional control. While prior
research has found that interactive features are distracting
and detract from learning, caregiver behavior characterized
by high levels of responsiveness has been found to buffer
poor attention regulation in children (Graziano, Calkins, &
Keane, 2011). Therefore, we hypothesized that the addition
of story-related pictures and text that animate contingent on
children’s vocalizations would be especially beneficial for
children who are easily distracted. That is, because of these
children’s limited ability to focus on relevant material while
suppressing extraneous information, they are the ones who
might benefit the most from referential cues to story-related
text and pictures that match their vocalizations.

After each story, children were asked ten questions to assess
story comprehension. An independent measure of attention
was administered to children prior to the second book
reading. During subsequent lab visits, a measure of verbal
ability was administered. Additional details regarding each
measure are provided below.
All sessions took place in the same testing room that
allowed for detailed audio and video recordings. The reader
in the reader-child dyads was a trained hypothesis-blind
research assistant that was instructed to solely read the
books aloud to participants, and to refrain from prompting,
scaffolding, or otherwise interacting with the children
during the book reading portion of the procedure (unless the
child indicated a desire to quit, which none did). For both
book presentations, the reader started each session by
reading the first line of the story, and then said “Now it’s
your turn!” to the child. This way—for both conditions—
children were given the exact same directions before each
book presentation.
The interactive digital book was presented to children on
an Apple iPad (9.4 in x 6.6 in). The interactive and board
book versions were identical in pictures and text, but were
displayed on different platforms. In the interactive digital
version, the text grew in size simultaneously with a short
(500 ms) animation when words from the narrative were
vocalized by the child. Immediately after the child
pronounced words from the narrative, the animation stopped
and the text shrunk back to its original size. The interactive
book responded only to the child’s vocalizations, not the
reader’s. Animations represented the meaning of verbs and
nouns in the text (see Table 1). For example, when children
vocalized the text from Zoom City “fix the headlight,” the
animation of a wrench turning generated when the word
“fix,” was vocalized and the animation of the car’s headlight
flashing on and off generated when the word “headlight”
was vocalized. These interactive features were modeled
based on how adults contingently respond to children during
shared book reading by pointing to the related text and
illustrations contingent on the child’s vocalizations (Justice
& Kaderavek, 2002).

Experiment 1
Method
Participants The study used a within-subject design with
data from 35 children (16 boys, 19 girls) ages 4 to 5-yearsold (M = 4.94 years, SD = 8 months). All participants were
recruited from the same laboratory school on the campus of
a private university in Pittsburgh, Pennsylvania. Children
were tested individually by trained research assistants. An
additional child was tested but excluded due to equipment
failure (n = 1).

Table 1: Average animated nouns and verbs per page

Design and Procedure
Book
Zoom City
Cat’s Pajamas

Book Selection To maintain a high level of ecological
validity, children were read commercially available books
designed for beginner readers written and illustrated by
Thacher Hurd: Cat’s Pajamas and Zoom City. Children
were read each story in the presentation of a board book or
interactive digital book. Order (interactive book; board
book) and story (Cat’s Pajamas; Zoom City) were
randomized and counterbalanced. The board book versions
of the stories were converted into digital copies with the
addition of contingent interactive features. The features of
the interactive book were content-related animations that
activated contingent on the child’s vocalizations.
Hypotheses-blind research assistants listened to session
recordings and coded story comprehension performance.

Pages
14
14

Nouns
M = 3.83
M = 4.14

Verbs
M = 3.00
M = 3.29

Story Comprehension Measure At the end of each book
presentation children were asked questions that probed their
memory for details about the story. Children were asked 10
questions for a total of 15 points for each story about the
setting, main characters, plot, theme, and resolution. There
were eight 1-point questions, two 2-point questions and one
3-point question. For example, in Zoom City the main
character fixes the bumper, headlight, and engine on a car.
For the 3-point question, children were asked to recall
which parts on the car were fixed. Children could receive
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full credit if in their response they identified the 3 car parts
that were fixed, 2 points if they identified 2 parts, 1 point if
they identified 1 part, and 0 points if they failed to recall the
parts that were fixed or provided an incorrect response.
Similarly for scoring, in Cat’s Pajamas the main characters
make music using drums, cans, and a horn. For the 3-point
question, children were asked to recall which instruments
were played. Children could receive full credit if in their
response they identified the 3 instruments that were played,
2 points if they identified 2 instruments, 1 point if they
identified 1 instrument, and 0 points if they failed to recall
the instruments that were played or provided an incorrect
response. Story comprehension was measured as the
percentage of correct responses (out of 15 possible points).

(all ts<=1.4, all ps>.79). Taken together, these results
indicate children were better able to answer questions
assessing comprehension after being read to from the
interactive book compared to the board book, regardless of
the story or order in which the books were presented.

Attention Measure Between the reading sessions, children
participated in a visual cancellation task in which they were
asked to maintain selective attention and focus on targets
with speed and accuracy among other objects (distractors).
In this modified version of the NEPSY subtest (Cuevas &
Bell, 2014), children were asked to click on target stimulus
among distractors as quickly as possible in 180 seconds.
Performance on the attention task was calculated using the
number of distractors relative to total responses and the total
amount of search time to complete the task to measure
children’s ability to stay on task without getting distracted,
and fluently with speed. Engagement was measured as the
percentage of time children spent looking at the book
presentation out of total reading time. Paired samples t-tests
indicated that there were no significant differences in the
amount of time children spent looking at the interactive
book compared to the board book or static book (all ts<1.62,
all ps>.12). Therefore, the primary measure of attention for
subsequent analyses was the independent measure of
attention, not total looking time at book presentation.

Figure 1: Percentage of correct answers on the story
questions as a function of book presentation. ***p < .001).
The role of individual differences in attention and book
presentation We examined whether the use of the
interactive book might be especially useful for participants
with less developed attentional control. For this analysis, we
examined the relation between attentional control and
comprehension gains using the interactive book. A
difference score for each child was calculated by subtracting
the board book comprehension score from the interactive
book comprehension score to create the variable:
Comprehension Gains. Difference scores ranged from
-28.57% to 85.71%, with a mean of 28.46% (SD=24.86%).
Proportion of incorrect responses and search time from the
attention task were standardized using Z-scores and
averaged together to create the composite variable:
Distractibility (M=.13 SD=.82). A score of 0 indicated a
score equal to the overall mean (an average performer on
the attention task), and higher scores indicated higher
distractibility. Children’s distractibility was positively
associated with improvement in comprehension using the
interactive book (r(35)=.62, p<.0001) as shown in Figure 2.
As children’s measure of distractibility increased, they
showed more benefit in comprehension from using the
interactive book.

Verbal Ability Measure The Peabody Picture Vocabulary
Test (PPVT-IV; Dunn & Dunn, 2007) is a nationally
standardized instrument and was administered during a
subsequent session within 3 weeks of the initial lab visit.

Results
Effect of book presentation on Story Comprehension
Performance on the story questions was scored twice by
hypothesis-blind research assistants who received extensive
training using the audio recordings of each session. Audio
recordings were used to ensure coders were blind to the
book presentation the child was exposed to when answering
the questions. Inter-rater reliability using Cohen's kappa
(Cohen, 1960) was .86, indicating substantial coder
consistency. Children’s comprehension scores were
significantly higher in the interactive book condition
(M=55.81%) than in the board book condition (M=44.00%),
paired-sample t(34)= 5.67, p<.001 (Figure 1); this effect
was large, Cohen’s d = 0.97. Independent samples t-tests
were used to ensure the differences in story comprehension
were not biased by book presentation order and/or storylines
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Results

Figure 2: Association between distractibility and
comprehension gains. Pearson’s r =.63.

Effect of book presentation on Story Comprehension
Children’s comprehension scores were significantly higher
in the interactive book condition (M=61.76%) than in the
static book condition (M=41.96%), paired-sample t(33)=
8.26, p<.001 (Figure 3); this effect was large, Cohen’s d=
1.42. Inter-rater reliability was k = .82, indicating substantial
coder consistency of performance on the story questions.
Independent samples t-tests indicated there were no order
effects (all ts<.69, all ps>.53). The use of the interactive
book resulted in higher story comprehension, consistent
with the results of Experiment 1.

Unique relation of attentional control to comprehension
gains To ensure that the findings were not entirely due to
variance shared with verbal ability, 26 participants returned
to the laboratory and were administered the PPVT-IV to
assess participants’ verbal ability (M=117.65, SD =12.83).
Table 2 presents the results of separate regression equations
predicting comprehension gains using the interactive book
with the predictors distractibility, age, sex, and verbal
ability. The equations present estimates of the unique effect
of each variable on the outcome adjusted for all other terms
in the model. Results indicated that distractibility makes a
significant contribution to comprehension gains using the
interactive book.
Table 2: Relation of Attention to Comprehension Gains

Distractibility
Verbal Ability
Age
Sex
2
R
F

β
SE
t
8.65***
1.88
4.59
0.02
0.08
0.30
3.56
3.71
0.96
-0.16
3.36
-0.04
0.53
7.98
*** p < 0.001, ** p < 0.01

Figure 3: Percentage of correct answers on the story
questions as a function of book presentation. ***p < .001).

Experiment 2

The role of individual differences in attention and book
presentation With the goal of replicating results from
Experiment 1, we examined whether the use of the
interactive book might be especially useful for participants
with less developed attentional control. We applied the same
calculations from Experiment 1 to compute Distractibility
(M=.07 SD=.87), and Comprehension Gains by subtracting
the static book comprehension score from the interactive
book comprehension score for each child. Difference scores
ranged from 0.00% to 53.33%, with a mean of 19.80% (SD
=13.97%). Replicating results from Experiment 1,
children’s distractibility was positively associated with
improvement in comprehension using the interactive book
(r(34)=.63, p<.0001), as shown in Figure 4.

The goal of this study was to ensure the results from
Experiment 1 were not solely because exposure to a book on
a digital platform is superior to a board book, perhaps due to
a novelty effect. To assess this possibility, in Experiment 2
we present both an interactive and a non-interactive story
via the iPad.

Method
Participants The study used a within-subject design with
data from 34 children (21 boys, 13 girls) ages 4 to 5-yearsold (M = 4.52 years, SD = 6 months). All participants were
recruited from the same laboratory school in Pittsburgh,
Pennsylvania and none participated in Experiment 1.

Design and Procedure
Book Selection The procedure and measures were identical
to Experiment 1, except the control condition was a static
digital book presentation: the pictures and text remained
motionless and did not animate contingent on children’s
vocalizations. Both versions were identical in pictures, text,
and platforms (Apple iPad 9.4 in x 6.6 in), but the
interactive book had the additional contingent features
described in Experiment 1. Order (interactive book; static
book) and story (Zoom City; Cat’s Pajamas) were
randomized and counterbalanced.
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comprehension, with the use of the interactive book
compared to a board book. Our findings were strengthened
when these results were replicated in a second experiment
comparing the use of the interactive book with a static
digital book, discarding the possibility that exposure to the
interactive book was superior to the board book due to a
novelty effect. Furthermore, it was shown that the
animations were not driving the effect in a follow-up control
experiment comparing the use of the interactive book with
an animated digital book. Similar to the effects contingent
responsiveness from adults have on children during shared
book reading, when each of the children’s vocalizations was
met with the immediate feedback of corresponding text and
picture animations, this enabled them to later reproduce a
better understanding about the story.
Our findings indicate that the interactive contingent
features were especially useful for children with poor
attentional control. Importantly, our analyses indicated that
distractibility is positively associated with comprehension
gains, and also accounts for the unique variance in
comprehension gains independent of verbal ability for both
experiments. Children’s attentional control and ability to
focus are significant predictors of reading achievement not
only when they enter formal schooling, but continue to
predict reading achievement until several years later in
development (Guo, Connor, Tompkins, & Morrison, 2011;
McClelland, Acock, & Morrison, 2006). Attention—a
foundational component linked to school readiness and
reading achievement—should be taken into account when
designing digital tools intended to foster learning. Findings
from this study highlight the importance of examining
individual differences in attention and shifts the study from
characterizing group means to characterizing individual
differences and predicting outcomes.
The current design of interactive digital books may create
the constant switching between two different tasks:
understanding the story on one hand and exploring
entertaining features on the other. This might place too
much extraneous load on the working memory of young
children and result in decreased story comprehension
(Mayer & Moreno, 2003; Takacs, Swart, & Bus, 2015).
Because
animations
matched
the
simultaneously
pronounced story text in the interactive book, children were
not forced to constantly switch between the animations and
narrative and instead the visuals helped integrate nonverbal
information and language.
A future direction to pursue is gaining a thorough
understanding of the effects of the interactive contingent
features for different groups of at-risk children like low
SES; second language learner immigrants; children with
learning disabilities, and developmental delays. Early-in-life
inequalities point to the need for substantial interventions to
reduce them. Digital books—with well-controlled studies on
the effectiveness of their features—can potentially be used
as intervention tools so that children arrive in kindergarten
ready to learn and are not at a disadvantage compared to
other students.

Figure 4: Association between distractibility and
comprehension gains. Pearson’s r =.68.
Unique relation of attentional control to comprehension
gains Thirty-one participants returned to the laboratory and
were administered the PPVT-IV to assess participants’
verbal ability (M=117.90, SD =15.54). Table 3 presents the
results of separate regression equations predicting
comprehension gains using the interactive book with the
predictors distractibility, age, sex, and verbal ability. Results
indicated that distractibility makes a significant contribution
to comprehension gains using the interactive book.
Table 3: Relation of Attention to Comprehension Gains

Distractibility
Verbal Ability
Age
Sex
2
R
F

β
SE
t
11.43***
2.07
5.52
0.05
0.07
0.87
4.65
2.99
1.55
3.28
3.79
0.87
0.45
7.81
*** p < 0.001, ** p < 0.01

The results replicated findings from Experiment 1 and
indicate that distractibility is positively associated with
comprehension gains, and accounts for the unique variance
in comprehension gains independent of verbal ability.
Manipulation check We investigated whether children’s
story comprehension benefited from the contingency of the
interactive features, or the congruent animations that
matched the story narrative. We replicated Experiment 1
and 2 with the control condition of an animated digital book
presentation with another group of children from the same
laboratory school (n = 21). The experimental condition was
the interactive book with the contingent features identical to
those described in Experiment 1 and 2. The animated digital
versions of Zoom City and Cat’s Pajamas were the digital
versions of the books, without the addition of contingency:
the picture and text animations were deployed for each
page, but did not animate contingent on the vocalizations of
the child. Children’s comprehension scores were
significantly higher in the interactive book condition (M =
53.97%) than in the animated book condition (M = 39.37%),
paired-sample t(20)=9.74, p<.001. Additionally, children’s
distractibility was positively associated with improvement
in comprehension using the interactive book (r(21) = .44, p
<.0001). Results indicate that the addition of the contingent
interactive features benefited children’s comprehension
beyond just animations.

Discussion
These data provide the first systematic analysis of whether
contingent nonverbal feedback from a digital book could
provide supportive referential cues for children and improve
story comprehension. There were significant differences in
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The present findings extend our understanding of
effective interactive features in digital books that will
optimize these formats and content on preschool children’s
learning. This is especially crucial for this age group
because 72% of top-selling paid apps in the Education
category of the iTunes Store target preschool-aged children,
and apps for the preschool age category have exhibited the
greatest growth compared to all other age groups (Shuler,
Levine, & Lee, 2012). Thus, there has been substantial
interest in the development and effectiveness of digital
devices designed to improve emergent literacy skills during
early childhood.
Media use by preschool children may not be by itself the
critical concern; however, poorly designed educational
devices might be. If a caregiver were reading a book to a
child, it would seem obvious that stopping the child in the
middle of the page to play a game or make an irrelevant
noise would interrupt the flow of the story and distract the
child from understanding the narrative. Yet, this is how
many interactive digital books are designed: with amusing
sound effects and animations activated spontaneously on the
story pages (Guernsey, Levine, Chiong, & Severns, 2012).
When well-deployed and designed, interactive features in
digital devices have the potential to enrich, not hinder
learning experiences for children.
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Abstract

contradictory evidence (Brewer and Chinn, 1991; Kuhn et
al., 1989; Kunda, 1990). However, difficulties can also arise
in cases of rapidly formed beliefs, even from relatively
sparse data. For instance, Schulz et al., (2008) found that
preschool-aged children infer abstract physical causal laws
from minimal evidence, and maintain these newly inferred
laws when confronted with anomalous observations. Schulz
and colleagues note that this ability to learn robust abstract
principles from sparse data is part of what makes learning so
powerful and efficient, even in early childhood. However,
this response to new data may also make detecting and
responding to informative anomalies more difficult, leading
to inflexibility when confronted with counterevidence
(Koslowski, 1996; Kuhn, 1989; Kuhn, Amsel, &
O’Laughlin, 1988; Schauble, 1990). That is, after a learner’s
initial exposure to even a small amount of data, all
subsequent casual judgments reflect these data as prior
knowledge, influencing their interpretation of additional
observations. The salience of these newly formed prior
beliefs can thus slow the process of hypothesis revision,
leading initial beliefs to become rapidly entrenched.
Another factor that has been proposed to impede anomaly
detection, which can operate simultaneously or
independently of prior knowledge, is cognitive load. For
example, Koerber, Osterhaus and Sodian (2017) suggest that
children may fail to engage in belief revision because a task
is too complex or insufficiently salient. To illustrate this
point, they demonstrated that when data was presented in
the context of bar graphs, second-graders were more likely
to revise their initial beliefs in light of available
counterevidence. They proposed, therefore, that providing
external representations of the data might serve to decrease
cognitive demands, making information more accessible.
Other types of scaffolding have instead focused on
manipulating the learner’s internal representations of the
data (Walker, Lombrozo, Williams, Rafferty, & Gopnik,
2016; Williams & Lombrozo, 2010). For example, Walker
and colleagues (2016) found that prompts to explain led
preschoolers to process anomalous data more effectively,
and successfully revise their beliefs in light of new
evidence. In this study, children observed patterns of data
suggesting two different causal properties: one that
accounted for 100% of their observations and one that
accounted for only 75%. Results demonstrated that the
majority of 5-year-olds in the control condition ignored the

Here we explore whether drawing upon preschooler’s
intuitive causal reasoning abilities may bolster their attention
to the presence of conflicting data. Specifically, we examine
whether prompting children to think counterfactually about
alternative outcomes facilitates their anomaly detection in a
causal reasoning task. The current task assesses whether
children in two conditions successfully differentiate between
potential causes: one that accounts for 100% of the data (no
anomalies), and one that accounts for 75% of the data
(anomalies observed). Results indicate that counterfactual
prompts lead 5-year-olds to privilege the hypothesis that
accounts for more of their observations, and also support
transfer of this hypothesis to inform their inferences about
novel cases. Findings suggest that counterfactual scaffolds
may be beneficial in promoting causal reasoning in children.
Keywords: cognitive development; causal learning;
counterfactuals; scientific reasoning; anomaly detection

Detecting Anomalous Data
As learners, we frequently encounter evidence that is
incompatible with our existing theories (Carey, 2009; Chinn
& Brewer, 1998; Zimmerman, 2007). Although the presence
of anomalous data plays a key role in overturning incorrect
hypotheses, errors at the stages of observation,
interpretation, generalization, or retention could prevent
belief revision (Chinn & Brewer, 1998). In particular, a
learner might ignore, reject, or exclude anomalous data to
maintain an existing theory. They could also choose to keep
the anomalous data in abeyance, or even reinterpret the
conflicting data to force alignment.
Despite these challenges, decades of empirical work have
demonstrated that even preschool-aged children intuitively
draw causal inferences from observed patterns of covariation (e.g., Gopnik, Sobel, & Schulz, 2001), selectively
explore unexpected evidence (Legare, Gelman, & Wellman,
2010), and readily update prior hypotheses in light of new
data (e.g., Gopnik & Wellman, 2012; Schulz, Bonawitz, &
Griffiths, 2007). Given this early competence, why do much
older children often struggle to revise existing hypotheses in
light of anomalous evidence (e.g., Penner & Klahr, 1996)?
One well-established factor that makes it difficult to
process anomalous data is the effect of biases that result
from prior knowledge: both children and adults have
difficulty setting aside their prior knowledge in light of
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presence of anomalous data associated with the 75% cause,
thereby failing to differentiate between the two candidate
causes when asked to generalize to a novel set. When
prompted to explain however, children were significantly
more likely to generalize according to the 100% cause. The
authors argue that the process of generating an explanation
leads even very young learners to privilege those hypotheses
with greater “scope” (i.e., those that account for the greatest
proportion of the data). Similar results have also been found
in adult learners (e.g., Williams & Lombrozo, 2010).

Bridgers, Weisberg, & Gopnik, 2012; Harris, 1996; Riggs
& Peterson, 2000), and the development of anomaly
detection (Chinn & Malhotra, 2002; Chinn & Brewer, 1998;
Zimmerman, 2007), as well as prior theoretical work
drawing similarities between the two (Bauchsbaum et al.,
2012; Gopnik &Walker, 2013; Walker & Gopnik, 2013a;
Wenzlheumer, 2009), there are no empirical studies to date
that directly examine the link between these abilities in
children. In fact, to our knowledge, there is only one study
that has examined the relationship between scientific
reasoning and counterfactuals (Galinsky & Moskowitz,
2000). Results of this study indicate that adult participants
who were primed to think about counterfactuals were more
likely to consider alternative hypotheses, prompting them to
seek hypothesis-disconfirming evidence.
The current study uses a version of the causal learning
paradigm described above (Walker et al., 2016) to examine
the role of counterfactuals (if any) in differentiating between
two candidate causes: one that accounts for all of the
observed data (i.e., no anomalies), and one that accounts for
most, but not all, of the observed data (i.e., anomalies
observed). Using this paradigm, we will assess whether
strategically placed counterfactual prompts foster anomaly
detection and hypothesis revision in 5-year-olds. To avoid
some of the difficulties associated with processing
anomalies described above (i.e., the effects of prior
knowledge and cognitive load), children were introduced to
a novel causal system that does not rely upon prior
knowledge, and were not required to maintain the
information that they observed in working memory.
We predict that counterfactual prompts will facilitate
children’s ability to detect anomalies, leading them to (1)
privilege the hypothesis that accounts for a greater
proportion of the data, and (2) generalize this newly learned
rule to novel cases. The ability to generalize would indicate
that counterfactuals not only help children to notice
anomalies and revise their hypotheses in the specific setting
in which they were observed, but also to apply newly
learned causal relations to novel situations, which is a
hallmark of scientific reasoning.

Counterfactuals as scaffolds for anomaly detection
We hypothesize that because children’s early learning
mechanisms resemble the basic inductive process
underlying scientific theory change, it may be possible to
harness children’s intuitive causal reasoning to bolster
anomaly detection, facilitating belief revision in light of
counter-evidence. In particular, we explore the use of
explicit counterfactual prompts in highlighting the presence
of anomalies in a novel data set.
The central distinguishing feature of causal knowledge is
the fact that causal relations have the additional requirement
of counterfactual dependence (i.e., the statement X causes Y
implies the counterfactual that a change to X would lead to
a change in Y) (Pearl, 2000; Woodward, 2003).
Counterfactuals therefore act as input to causal judgments
(Lewis, 1986; Mackie, 1974), and previous work suggests
that encouraging children to think counterfactually leads
them to engage in more sophisticated forms of causal
inference (e.g., McCormack, Simms, McGourty, & Beckers,
2013).
In addition to prompting reflection about the potential
outcomes of specific interventions, counterfactual questions
may also enable consideration of multiple, alternative
hypotheses in order to select the one that is most consistent
with the data observed. While we do not usually engage in
conscious tracking of these implied counterfactuals
(Sloman, 2005), the process of reasoning about anomalies
should theoretically invoke counterfactual reasoning. That
is, if a learner holding theory A observes incompatible
evidence X, they should infer that if theory A were true,
evidence X would not have occurred, thereby promoting
belief revision. Despite this link, previous research indicates
that children often fail to spontaneously consider this pattern
of causal contingency (Chinn & Malhotra, 2002; Chinn &
Brewer, 1998).
One possible explanation for this failure may be that
children have difficulty interpreting the relevance of the
anomalous data they observe if they fail to generate highquality alternative hypotheses (Chinn & Brewer, 1993). By
explicitly prompting a learner to consider a counterfactual
possibility, it may not only serve to highlight the availability
of plausible alternatives, but also lead them to simulate
whether the existing evidence would hold if some
alternative hypothesis were true (Hirt & Markman, 1995).
While there has been prior empirical work examining the
development of counterfactual thinking (Buchsbaum,

Methods
Participants
Forty-eight 5-year-olds (M=64.6 months, SD=3.67
months, range=58.8-71.4; 19 females) were included in the
study. Children were randomly assigned to control (n=24)
or counterfactual (n=24) conditions, with no significant
difference in age between conditions, p=.955. An additional
6 children were tested, but excluded due to inattention (4) or
experimenter error (2). Children were recruited from local
preschools, museums, and a university subject pool.

Materials
Machine. The machine used in the training phase was a
“blicket detector” (Gopnik & Sobel, 2000), which consisted
of a black (5 x 5 x 4 ¾) wooden box containing a light that
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was surreptitiously controlled by a remote. Certain blocks
were said to cause the toy to light up when placed on top.
Training and observation blocks. A total of 8 1.5-inch
painted wooden cube blocks were used (4 causal and 4
inert) in the training phase (2 blocks) and observation phase
(6 blocks) (see Figure 1). Only the causal blocks “activated”
the toy, causing it to light up. Each block had two painted
sides of different colors (red, white, blue, yellow). One of
the two colors represented the 100% hypothesis, and the
other color represented the 75% hypothesis. During the 8
observations, one color would always cause the machine to
light up, and the other color would only cause the machine
to light up 75% of the time.
For example, consistent with the 100% hypothesis, all
four causal blocks might have a red top, and all four inert
blocks might have a blue top. Consistent with the 75%
hypothesis, three out of the four causal blocks would have a
white front, and one would have a yellow front, and three
out of the four inert blocks would have a yellow front, and
one would have a white front. The placement of the colors
and the color representing the 100% cause were
counterbalanced.
Two memory cards were used to help children remember
which blocks were causal and which were inert, minimizing
cognitive load. The causal blocks were placed next to a card
with a picture of the toy with the light on. The inert blocks
were placed next to a second card with a picture of the toy
with the light off.
Test blocks. Two novel blocks were used to test for
generalization. One block included the 100% causal color
(e.g., red) plus a novel color (purple), and the other block
included the 75% causal color (e.g., white) plus another
novel color (green).

of the toy. After each demonstration, the child was asked
two questions. The first question was the same, regardless
of condition: “Let’s try this one!” Then, after the
demonstration they were asked, “Did this red/white one
make my toy light up or not light up?” This was to ensure
children were paying attention and answering correctly. If
they did not answer correctly, the experimenter repeated the
demonstration.
The second question differed by condition. For instance,
in the control condition, if the child observed a red/white
block causing the toy to light up, the child was asked, “Now
I want you to remind me what happened. What happened
when I put this red/white one on top of my toy? Did my toy
light up or not light up?” In the counterfactual condition,
the experimenter asked, “Now I want you to imagine
something different.
What if this block had been
blue/yellow? What would have happened to my toy? Would
my toy have lit up or not lit up?” The counterfactual
prompt served to explicitly call attention to an alternative
scenario (i.e., the maximally opposite color combination).
The presentation of the six blocks in the observation
phase was pseudorandom (see Figure 1): Children first
observed two blocks that followed the same pattern as the
two blocks in the training phase (e.g., one block with a red
top and white front activating the toy [causal] and another
block with a blue top and yellow front failing to activate the
toy [inert]). Next, this rule was challenged by the
presentation of anomalous data. Children observed two
anomalies: e.g., 1 block with a red top and yellow front
activating the toy (causal), and 1 block with a blue top and
white front not activating the toy (inert). Critically, this
evidence violated the hypothesis that blocks with a white
front are causal (75% hypothesis), but not the hypothesis
that blocks with a red top are causal (100% hypothesis).
Children would therefore have to recognize this violation in
order to correctly infer that red (but not white) is the causal
property that accounts for all of the data. Finally, children
observed two blocks that were again consistent with the
original pattern. All blocks remained sorted and in full view
throughout the remainder of the experiment.

Procedure
Training Phase. The training phase served to familiarize
children to the experiment by introducing the materials and
the novel causal system. The experimenter brought out the
machine and said, “This is my toy. When I put some things
on top of my toy, my toy will light up. When I put other
things on top of my toy, it will not light up. Let’s try to find
out what things will make my toy light up.”
The experimenter then brought out the first block and said
“Let’s try this one,” and placed it on the toy. The first block
was always causal (e.g., red top, white front), and the toy lit
up. After the child observed what happened, the
experimenter asked, “Did this one make my toy light up or
not light up?” After providing a verbal response, children
were asked to sort the block in front of the appropriate
memory card (causal or inert). This process was then
repeated for an inert block (e.g., blue top, yellow front).
Here, the second block was consistent with the rule that
blocks with a blue top and yellow front are inert.
Observation Phase. During the observation phase,
participants were randomly assigned to control or
counterfactual conditions. Children observed six trials in
which the experimenter placed the remaining blocks on top

Figure 1: Schematic of the experimental paradigm
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Generalization Phase. During the generalization phase,
the experimenter said, “Now that you’ve seen how my toy
works, I need your help finding more things that will make
my toy light up. I have some more blocks inside of this bag.
I’m going to tell you about some of these blocks and ask
you some questions about them.”
The experimenter then looked inside an opaque bag (the
contents of which were not visible to the participant) and
asked two no-conflict questions (100% no-conflict and 75%
no-conflict), followed by two conflict questions (verbal
conflict and transfer conflict).
In all no-conflict questions, the causal feature
corresponding to each hypothesis (100% or 75%) was pitted
against the inert feature corresponding to that same
hypothesis. For example, in the 100% no-conflict question,
red was pit against blue, because red always activated the
toy (i.e., 100% of the time), and blue always failed to
activate the toy (i.e., 100% of the time). The experimenter
said, “When I look inside this bag, I see one with a red part
and I see one with the blue part. Which one will make my
toy light up?” The order of presentation was
counterbalanced. Participants were never shown the
contents of the bag, and were asked to make an inference on
the basis of this verbal description alone. These no-conflict
questions were included to ensure that children in both
conditions inferred the co-variation pattern between block
color and activation of the machine.
For all conflict questions, the 100% causal color (e.g.,
red) was pit against the 75% causal color (e.g., white) to
assess which (if any) hypothesis would be favored. The
procedure for the verbal conflict question was identical to
the no-conflict questions: The experimenter looked inside
the bag and described features of the two blocks. However,
in this case, the features were both associated with the
effect, with varying probability (e.g., 100% red and 75%
white).
Finally, in the transfer conflict question, the
experimenter placed two novel blocks on the table in front
of the child. The first block was composed of the 100%
causal color (e.g., red), paired with a novel color (e.g.,
purple). The second block was composed of the 75% causal
color (e.g., white), also paired with a different novel color
(e.g., green). The experimenter said, “I have two new
blocks. Which one will make my toy light up? The one
with the red/purple part or the one with the green/white
part?” This question similarly served to pit the two
hypotheses against one another, but also required that
children generalize the privileged hypothesis to a novel set
of blocks. In order to answer both types of conflict questions
correctly, it was necessary for children to notice the
anomaly to the 75% causal color, and to use this information
to inform their inference.

and hypothesis revision? and (3) Do counterfactual prompts
help children to generalize a newly learned causal rule to a
novel case?
Average proportions of responses for all question types in
each condition appear in Figure 2. As predicted, children in
both the control and counterfactual conditions performed
above chance on the 100% no-conflict questions (control:
M=.96, SD=.20; counterfactual: M=.96, SD=.20), p<.001
(exact binomial test), and the 75% no-conflict questions
(control: M=.79, SD=.41; counterfactual: M=.79, SD=.41),
p<.01 (exact binomial test). These results indicate that, as
predicted, children in both conditions successfully learned
the novel causal structure, with no difference between
conditions, p=1.
We next analyzed performance on both the verbal and
transfer conflict questions. In contrast to our prediction,
children in both the control (M=.79, SD=.41) and
counterfactual (M=.75, SD=.44) conditions responded in
line with the 100% hypothesis (p<.01 and p<.05,
respectively) on the verbal conflict question with no
significant difference between conditions, X2(1)=.73, p=.50
(one-tailed), ϕ=.05 (Fishers exact).1
However, in response to the transfer conflict question,
children in the counterfactual condition (M=.83, SD=.38)
privileged the 100% hypothesis, p<.01 (exact binomial test),
while those in the control condition (M=.54, SD=.51)
selected between the two options at chance, p=.31. There
was also a significant difference between conditions, with
children in the counterfactual condition more likely to
privilege the 100% color at transfer, X2(1)=4.75, p=.02 (onetailed), ϕ=.31.

Discussion
The current study investigated the effects of strategically
placed counterfactual prompts in facilitating anomaly
detection in children as young as 5 years of age. Results
indicate that counterfactual prompts helped young learners
to privilege the hypothesis that accounted for a greater
proportion of their observations when predicting a novel
causal outcome. Most importantly, children who were
prompted to think counterfactually were more likely to
transfer this newly learned causal rule to inform their
judgments about a set of novel objects. These findings
indicate that counterfactual prompts offer an effective
means of constraining some of the key processes underlying
causal reasoning, including anomaly detection, belief
revision, and the generalization of causal knowledge.
Surprisingly, however, when the 100% causal color was
verbally contrasted with the 75% causal color, children in
the control condition performed equally well, even in the
absence of additional scaffolding. This result contrasts with
children’s baseline performance in previous findings, in
which they selected between the two hypotheses at

Results
Analysis considered three questions: (1) Did all children
learn the 75% and 100% causal hypotheses? (2) Do
counterfactual prompts facilitate early anomaly detection

1

One-tailed tests reflect the directional nature of our hypothesis
(i.e., that counterfactual prompts would improve performance).
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Figure 2: Mean proportion of correct responses for No-Conflict and Conflict Items in control and counterfactual conditions.
chance (Walker et al., 2016). It is possible that a feature of
the current control condition may have inadvertently
boosted performance, leading to this inconsistent result. In
particular, unlike in the previous research (Walker et al.,
2016), the experimenter in the current study both verbalized
and highlighted the specific features of the blocks in the
scaffolding phase (e.g., “Did this red/white one make my
toy light up or not light up?), and repeated this prompt twice
for each observation. We believe that this may have
reinforced a verbal representation of the specific causal
rules.
Of course, this pattern of data is also compatible with the
possibility that the control prompt served to hinder
children’s performance on the transfer conflict question.
Although the current data cannot definitively rule out this
alternative, this interpretation is unlikely when considered in
conjunction with Walker and colleagues prior work. That
said, ongoing research is aimed at reassessing performance
across conditions using picture cards to bypass verbal
repetition of the block features.
Future work will also consider cases in which anomalous
observations challenge more entrenched prior knowledge,
and will examine the specific effects of different types of
scaffolds (e.g., explanation vs. counterfactuals) on the
efficiency of belief revision. In this case, counterfactual
prompts produced similar effects on children’s inferences as
prompts to explain (Walker et al., 2016), although we
expect that the underlying mechanisms are likely quite
different. Finally, additional work is required to investigate
the robustness of these findings across contexts, and to
consider the nature of the particular counterfactual question
that is posed.
In sum, there are clear benefits to successfully
identifying simple prompts that engage particular cognitive
processes since they are relatively easy to incorporate into
any learning environment, with few resources and little
teacher training (Williams et al., 2016). The current findings
provide evidence supporting the use of counterfactual
scaffolds in facilitating anomaly detection and fostering
belief revision. These scaffolds not only facilitate the
detection of anomalous data, but also help children to

generalize and transfer newly learned causal rules to novel
contexts, which is an essential component of scientific
reasoning.
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decisions, which can lead to more beneficial social
behaviors and relationships. Thus, understanding how social
values are learned and associated with other people is
important for promoting social well being at an individual
level, as well as creating environments conducive to social
learning.
Former studies on social value learning have largely
focused on the computations involved in value learning and
value-related decision-making. This work has found
evidence that suggests social value information is learned
via similar mechanisms as reward-based learning (e.g.,
Behrens, Hunt, Woolrich, & Rushworth, 2008). Moreover, a
recent study found that when making decisions in a social
game, social value (generosity) information was weighed
more heavily than reward value (point) information, even
though these sources of information were orthogonal to one
another and it would have been more beneficial to focus on
reward values (Hackel, Doll, & Amodio, 2015).
Additionally, social value learning has been shown to
involve the same neural systems as reward value learning.
For instance, areas of the prefrontal cortex and ventral
striatum are recruited during social valuation and social
exchange (Behrens et al., 2008; Hackel, Doll & Amodio,
2015; Izuma, Saito, & Sadato, 2008; for review, see Lee,
2008). Together this work has shed light on the behavioral
and neural implications of social value processing.
Although such research has elucidated the underlying
computations and neural systems involved in social value
learning, it has yet to be studied how values become
associated with the specific people to which they belong.
Importantly, interacting with another person involves both
recognizing the person based on their physical appearance,
namely their face, as well as remembering information
associated with them from former social interactions. From
an encoding perspective, a person-level representation that
incorporates both perceptual (facial identity) and social
information would facilitate efficient recognition and
decision performance.
Some studies have shown that learning information
associated with faces modulates perceptual responses to
those faces. Electrophysiological studies have shown how
neural responses to faces are modulated by learned
information. For instance, electroencephalography (EEG)
studies have established a specific event-related potential
(ERP) response in occipito-temporal areas to face stimuli
that likely corresponds to identity processing, the N170
repetition effect, however this effect is only found for
unfamiliar, and not familiar, faces. Two studies have found
evidence that this familiarity difference is due to person-

Values drive our behavioral choices. Ample research has
explored the cognitive and neural underpinnings of valuebased computations related to decision-making. However,
behaviorally relevant values that we associate with real-world
objects are often not monetary. For instance, social values
associated with specific people are crucial for social
behaviors and interactions. Moreover, understanding and
attributing social values allows for proper evaluations of
potential interactions with others, and can lead to more
beneficial social behaviors and relationships. Learning social
values has been shown to recruit the same systems as reward
values, however how they become associated with specific
people remains to be established. The present study examined
social value learning of other people using naturalistic face
images. We found that before learning, distances between the
faces in conceptual similarity spaces were organized
corresponding to their perceptual similarity. However, after
learning, faces were shifted in a manner that reflected
similarity of their associated social values (generosity).
Furthermore, distances were positively correlated with a postlearning index of preference to interact with a person in a
future cooperative game. In other words, learned social values
of the faces seemed to influence their representations in
conceptual space, and such representational changes were
related to propensities in future behavior.
Keywords: value learning, face perception, social decisionmaking

Introduction
Humans possess the remarkable ability to learn about
hundreds of other people and objects. One important piece
of information about encountered items is their value, which
comes to be associated through positive and negative
experiences. Remembering and comparing values of
alternate choices is crucial to making decisions. While
values of items can be monetary, they are often more
abstract in nature. Arguably one of the most biologically
relevant values are social values that are associated with
other people, such as personality traits that inform social
behavior. Computing and encoding social values from
interactions with others is essential for social behavior
across different environmental situations.
Understanding social information is an important skill, as
social interactions are prevalent in behavior. Learning social
values has implications for both the individual as well as the
wider community. For instance, understanding the
personality traits of other people that are relevant to social
behavior allow for knowledge of social norms and realistic
evaluations of the consequences of future interactions with
other people. This in turn helps to guide choices in social
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specific information associated with the familiar faces,
suggesting that perceptual processing of faces is changed
with associations of semantic (e.g. biographical
information) or in-depth social information (Heisz &
Shedden, 2009; Herzmann & Sommer, 2010). While such
studies have shown perceptual processing of facial identity
to be modulated by learned information about a person, it
remains to be established how underlying perceptual
representations of faces are modulated by such learned
information. In other words, behavioral and neuroimaging
studies have indicated differences in face processing
depending on acquired knowledge about a person, however
a crucial gap remains in our understanding of how different
information about a person becomes associated.
While face processing and social value learning have been
widely studied in isolation, the mechanisms allowing for
association of social value information with faces remain
unclear. In the present study, we examine whether learned
social
values
(generosity)
influence
conceptual
representations of facial identity. We found that distances
between faces in a conceptual similarity space were related
to social values after learning, and such representational
changes were related to a measure of preference for future
interactions. The results of this study suggest that
conceptual representations of facial identities are integrated
with learned social value information, which becomes
associated after value learning, and this conceptual reorganization is related to future expectations of social
behavior.

trial, participants chose to ‘play’ with one of two players,
presented side by side on a computer screen. To make a
choice, participants pressed one of two keys to indicate the
player on the left (F-key) or the player on the right (J-key);
they had 2 seconds to respond before the next trial
commenced (inter-trial-interval of 3 seconds). Upon
choosing, they were presented with feedback for 3 seconds
about how many points that player gave them and the point
pool the player was allocated on that trial (Figure 1). If no
choice was made, no feedback was presented.
…

2&s&(max.)

3&s

3&s

Time

Figure 1. Example of one trial in the learning task. In this
case, the participant would have chosen the left player.
Participants were instructed to maximize their accrued
points, as the total number of points they earn amounted to a
bonus. Moreover, they were told that some players were
given more points on average to allocate, and some gave
more points on average, so they would have to learn about
both sources of information over the course of training in
order to maximize their total points.
On average, players shared 20, 50, or 80% of their point
pool and were assigned 15, 45, or 75 points. On a given
trial, noise was added to these values by randomly selecting
a value from a normal distribution centered on zero
(standard deviation of 5; constraint of minimum 1 for
generosity noise and 2 for reward noise) and adding it to the
average value for that face. Point pools for that trial were
calculated by dividing the rounded point value by the
generosity value for that trial. Participants completed an
hour of training each day (288 trials per session), for four
days, and were shown their accrued number of points at the
end of each session.
Social (generosity) and reward (point) values were
assigned to the faces as follows. Pairwise differences in
perceptual similarity were calculated (described below), and
combinations of social and reward values were assigned to
the faces such that they were orthogonal to perceptual
similarity, and orthogonal to one another (Fig. 2).

Materials & Methods
Participants
Twenty participants (five males, ages 18-36) were recruited
from the University of Pennsylvania and received course
credit or financial compensation for their time.

Stimuli
Nine face images were chosen from the Psychological
Image Collection at Stirling database (pics.stir.ac.uk), such
that they depicted people who were of the same race and
gender and of similar ages. These images were cropped with
an oval mask and matched in mean luminance using the
SHINE Toolbox (Willenbockel et al., 2010).

Behavioral Similarity Measures

Value Learning Task

Conceptual Similarity A free sorting task was used to
quantify conceptual similarity spaces. Participants were
shown the nine face images on a white background and
were instructed to organize the images in a spatial manner
that reflected their similarity. The closer together the images
were in space, the more similar the people depicted were,
and the farther apart, the more dissimilar. There were no
time constraints on the completion of the task. Participants
performed the task once before and once after completing
the value learning task.

A modified version of the task used in Hackel, Doll, &
Amodio (2015) was conducted online using PsyToolkit
(Stoet, 2017). Participants were recruited under the
impression that they would be randomly assigned to either a
social choice or a social learning role, however all were
assigned to a social learning role. After this assignment,
participants were told that during training, they would learn
about the actions of other ‘players’ assigned to the social
choice role, who allocated a pool of points between
themselves and a future player (the participant). On a given
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Perceptual Similarity A separate group of 20 participants
performed the same free sorting task for course credit,
however they were specifically instructed to organize the
images in a manner that reflected the perceptual, or
physical, similarity of the faces.

Generosity
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with the higher average point value, and if they had the
same average point value then choosing the face with the
higher average generosity. Accuracy (percent correct) was
computed across trials within a session. If no response was
made during a trial, that trial was not included in the
analysis (2% excluded trials, across participants and
sessions).
Overall, accuracy improved over the four days of
learning, as indicated by an increase in the average accuracy
across days (Day 1: M = 61%, SEM = 2%; Day 4: M = 74%,
SEM = 1%; Fig. 3). A one-way repeated-measures analysis
of variance (ANOVA) revealed a significant effect of
session (F(1.9, 36.1) = 23.84, p < 0.001; GreenhouseGeisser corrected). A paired two-tailed t-test between
accuracies on first and last days of learning confirmed a
significant increase in accuracy (t(19) = 5.56; p < 0.001),
and an additional t-test showed accuracies on the last day to
be significantly greater than chance-performance (50%;
t(19) = 7.46 p < 0.001). This established that our value
learning manipulation was successful.

Figure 2: Experimental parameters for learning task.
Average generosity (percentage of point pool shared), point
values, and point pools assigned to each of the nine face
images. Generosity values, point values, and perceptual
similarity were orthogonal to one another.

Post-Learning Ratings

Accuracy (% correct)

After the last learning session, participants completed the
following ratings, conducted using Qualtrics.
Social Preference Participants were told they may be
invited back for an additional study involving a cooperative
non-economic task, and were asked to indicate their
preference to be paired with the other players on that task.
For each player, participants rated on a scale of 1-7 how
much they preferred to be paired with that player (1 = not at
all; 7 = definitely yes).
Social Value Ranking Participants were instructed to rank
the players in order of their overall generosity in the social
choice role.
Point Value Ranking Participants were instructed to rank
the players in order of their overall points in the social
choice role (i.e. how many points the players were allocated
on average).

100.0
80.0
60.0
40.0
20.0
0.0
1

2
3
Session

4

Figure 3. Average accuracy across participants for value
learning task. Error bars represent +/- SEM.

Conceptual Space Organization
First, we examined which sources of information were
related to the organization of faces in similarity space.
Distances between each pair of faces were calculated
(pixels), separately for the pre- and post-learning spaces, for
each participant separately. Next, differences between the
post-learning rankings of each pair of players were

Results
Accuracy
A correct response on a given trial was choosing the player

Figure 4. Correlations between perceptual similarity distances and pre-learning distances (left), and post-learning
distances (right). Pairwise distances between faces were related to perceptual similarity (distances derived from a
separate group of participants) before value learning, but not after. One data point represents one pair of faces.
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Figure 5. Correlations between post-learning distances and generosity ranking differences (left), and point
ranking differences (right). After value learning, pairwise distances between faces were related to pairwise
differences in generosity ranking, but not point ranking. One data point represents one pair of faces.
calculated for each ranking (social value and reward value)
0.001), but not with the pre-learning distances (R = 0.18, p
separately. For instance, if one player was listed as the third
= 0.282), and the difference between these correlations was
most generous player, and another was the seventh most
significant (Z = 2.62, p = 0.009), indicating that after
generous player, their pairwise generosity difference would
learning, social value similarity influenced the organization
be four. Resulting values were averaged across participants,
of faces in conceptual similarity space.
for each pair of faces separately, and correlated with the
Reward Value Similarity Reward similarity, or differences
average pairwise distances, separately for the pre- and postin the post-learning point value rankings of face pairs, did
learning similarity spaces.
not correlate with the post-learning distances (Fig. 5; R =
Perceptual Similarity Perceptual similarity was defined as
0.17, p = 0.322), or the pre-learning distances (R = 0.06, p =
the average pairwise distances between faces in the
0.746). This indicates that reward value similarity is not
perceptual similarity spaces across participants (from a
likely related to distances between faces in similarity space.
separate group), for each pair of faces. Pre-learning
Together, these results confirm that before learning, the
distances correlated positively with perceptual similarity
spatial organization was related to perceptual similarity,
distances (Fig. 4; Pearson R = 0.59, p < 0.001). After
while after value learning, social values were related to the
learning, distances between faces did not correlate with
organization of faces in similarity space.
perceptual similarity (R = 0.03, p = 0.853), and the
difference between these correlations was significant (Z =
Relationship Between Conceptual Similarity and
2.94, p = 0.003). This suggests that perceptual similarity
Prospective Social Behavior
drives initial organization of the facial identities in
In order to compare the post-learning measure of future
conceptual space, however this influence is attenuated after
social preferences with similarity space organization, we
more information about the person is learned.
calculated pairwise differences between the preference
Social Value Similarity Differences in post-learning social
ratings and then correlated these results with the pairwise
value ranking of face pairs correlated positively with the
distances between faces. This analysis showed that before
pairwise post-learning distances (Fig. 5; R = 0.65, p <
learning, spatial organization was not related to preferences

Figure 6. Correlations between preference rating differences and post-learning distances (left), generosity ranking differences
(middle), and point ranking differences (right). After value learning, pairwise differences in future preference ratings were
related to pairwise distances between faces and pairwise differences in generosity and point ranking. One data points
represents one pair of faces.
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(R = 0.13, p = 0.466), however after learning the preference
ratings correlated positively with distance in similarity
space (Fig. 6; R = 0.79, p < 0.001). Moreover, preference
rating differences correlated with generosity ranking (R =
0.71, p < 0.001) and point ranking (R = 0.39, p = 0.018)
differences. Preference ratings were not related to
perceptual similarity (R = 0.03, p = 0.865).
These results confirm that after value learning, both social
values and reward values were related to propensities in
future social behavior, even in a non-economic setting. As
both value types seemed to influence preferences for social
interactions, we sought to further test whether there were
individual differences between participants in tendencies to
use either or both sources of value information.

Figure 7. Sensitivity to generosity (+) or point (-)
information in the future preference ratings (differential
sensitivity) as a function of reliance on generosity (+) or
point (-) information in choices on the last day of learning
(choice ratio). Participants differentially weighed learned
generosity and point values, but did so consistently across
tasks. One point represents one participant.

Relationship Between Individual Choices and
Prospective Social Behavior
To examine individual differences in reliance on social
and/or reward values, we looked for a relationship between
choices made in the learning task and the future preference
ratings. Specifically, we examined whether participants
tended to use different ratios of value information, and
whether these tendencies generalized across tasks. To derive
a measure of individual sensitivity to generosity and point
information in the preference ratings, we performed the
following for each participant separately. Following Hackel,
Doll, & Amodio (2015), we computed generosity sensitivity
as the difference between average ratings for high
generosity players and average ratings for low generosity
players. Then, we computed reward sensitivity as the
difference between the average ratings for high reward
targets and low reward targets. Differential sensitivity was
calculated as the reward sensitivity subtracted by the
generosity sensitivity.
Next, we examined individual differences in choices
made during the last session of the learning task. The
number of trials in which a participant chose the player with
a higher average generosity value was divided by the
number of trials in which the participant chose the player
with the higher average reward value, and then log
transformed. This resulted in a choice ratio that quantified a
participant’s tendency to choose players based on generosity
or point information.
The differential sensitivity and choice ratio measures
correlated positively (Fig. 7; R = 0.64, p = 0.002), indicating
that the extent to which a participant used social and/or
reward value information in making their choices during the
learning task was related to their sensitivity to social and
reward values in their future preference ratings. This finding
confirms that people differentially weighed learned social
and reward values to guide decisions, and did so
consistently across different social contexts.

Discussion
In this study, we examined how learned social values
influence conceptual representations of facial identities.
While previous studies had established that knowledge
about specific people influenced neural processing of their
faces, it remained to be established how exactly this learned
information
influences
underlying
perceptual
representations, and how such changes are related to
behavior.
We had participants learn social (generosity) and reward
(point) values associated with different people, and perform
a free sorting task before and after learning in order to
quantify conceptual similarity. We found that before
learning, organization of the similarity spaces was related to
the perceptual similarity of the faces, such that faces that
were more perceptually similar were closer together. After
value learning, social values influenced the spatial
organization, such that faces of more similar generosities
were closer together. These results show how learned social
information about a person is integrated with
representations of their facial identity.
It could be argued that the similarity space of the faces
has not been reorganized, but rather that participants are
accessing another representation of the social value of the
faces in response to the demands of the experimental task.
We believe this is unlikely, as if our results were primarily
driven by features of the task, post-learning spaces would
incorporate both social and reward values, especially given
that people were sensitive to both sources of information in
choices on the last day of learning and in the post-learning
preference ratings. However, the possibility that the
experimental context is influencing similarity judgements
cannot be ruled out based on these data.
Importantly, the re-organization of similarity space was
related to prospective social behavior. Specifically,
distances between faces correlated positively with future
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preferences of interacting with each person, as well as with
perceived generosity. In other words, faces with higher
social values (more generous people) were more preferred
than those with lower values, and this was reflected in the
spatial organization of post-learning similarity spaces. This
suggests that such spatial re-organization operates in a
manner that can guide expectations of future behavior based
on acquired knowledge, at least in a social context.
Moreover, participants’ tendencies to rely on generosity
and/or point information during the later stages of value
learning were related to their sensitivity to this information
in future social preferences. For example, participants who
chose players with higher social values more often than
those with higher reward values during the learning task
preferred to be paired with the high social value, low reward
players more than the low social value, high reward players.
This shows how individual differences in weighing of social
and reward value information to make choices in an
economic task generalizes to prospective social behavior in
a non-economic setting.
Presumably, the integration of social value and facial
identity information allows for rapid and successful
recognition of faces, and can be used to guide future social
behaviors and decisions. It remains to be established
whether associating information with people, such as social
values, influences recognition performance or sensitivity to
such information on other social decision tasks.
Another open question is where the neural correlates of
such representational changes are located.
Facial
information is processed in the fusiform face area (FFA),
occipital face area (OFA), and the posterior superior
temporal sulcus (pSTS). It is possible that activity in the
FFA and OFA related to facial identity processing (GrillSpector, Knouf, & Kanwisher, 2004) is modulated by
learned information about a person. That being said, areas of
the ventral anterior temporal lobe (ATL) have been found to
contain neurons that encode paired associations between
facial identity and abstract semantic knowledge (Eifuku,
Nakata, Sugimori, Ono, & Tamura, 2010), thus the ATL
may integrate facial identity with person-specific conceptual
knowledge (Olsen, McCoy, Klobusicky, & Ross, 2013). No
work to our knowledge has examined representational
changes of faces in such areas as a result of learned
associations.
While the present study establishes an influence of
learned social information associated with different facial
identities on conceptual representations, more work is
needed to further establish the behavioral consequences of
such conceptual space changes, as well as the underlying
cognitive and neural mechanisms of such representational
re-organization.
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Abstract

other tests thought to reflect what it means to understand the
cardinal principle (see also Izard et al, 2008). Thus, it is
possible that true understanding of the natural numbers may
not be required to succeed in counting tasks, in spite of the
belief (espoused by the German number theorist Kronacker)
that God made the natural numbers (Weber, 1893).

We explore a recurrent neural network model of counting
based on the differentiable recurrent attentional model of
Gregor et al. (2015). Our results reveal that the model can
learn to count the number of items in a display, pointing to each
of the items in turn and producing the next item in the count
sequence at each step, then saying ‘done’ when there are no
more blobs to count. The model thus demonstrates that the
ability to learn to count does not depend on special knowledge
relevant to the counting task. We find that the model’s ability
to count depends on how well it has learned to point to each
successive item in the array, underscoring the importance of
coordination of the visuospatial act of pointing with the
recitation of the count list. The model learns to count items in
a display more quickly if it has previously learned to touch all
the items in such a display correctly, capturing the relationship
between touching and counting noted by Alibali and DiRusso.
In such cases it achieves performance sometimes thought to
result from a semantic induction of the ‘cardinality principle’.
Yet the errors that it makes have similarities with the patterns
seen in human children’s counting errors, consistent with idea
that children rely on graded and somewhat variable
mechanisms similar to our neural networks.

The work we report here explores how a system could learn
to carry out the ‘how many’ or (as we shall call it, the ‘count
the blobs’ task) as a stepping-stone toward a more complete
understanding of natural number. This task may be one of
the first exact number tasks mastered by young children when
they are learning to count. Our goal is to explore these
questions:
Competence: Can a recurrent neural network architecture
that can move its center of attention across a series of
‘glimpses’ learn to count the number of items in a display?
Development: Does this architecture allow us to capture
features of the developmental progression of performance
seen in children as they learn to count?

Keywords: mathematical cognition; numerical cognition;
neural networks; development; learning; transfer learning.

In addition to these questions, our work is guided by the
intention to explore two aspects of the nature of the setting in
which learning to count takes place.

Introduction
Until recently it was often supposed that an understanding
of the natural or counting numbers is an inalienable feature
of mind, but most researchers no longer hold this view. The
finding that some cultures lack exact numbers and that adult
members of these cultures cannot establish exact numerical
correspondence (Gordon, 2004) has led to reconsideration of
this position. Several works (e.g. Izard et al. 2008) see
counting drawing on pre-requisite ‘core knowledge’ systems,
but still see learning to count as also depending on some sort
of learning process. One view is that this process involves
the ‘semantic induction’ (Sarnecka & Carey, 2008) of a
principle (the cardinal principle), which then supports the
ability to carry out specific number-related tasks. Yet another
perspective (Davidson, Eng and Barner, 2012) holds that
induction of a principle may not be required to achieve
success in counting. Support for this perspective comes from
these authors’ and others’ findings, showing that children
who can succeed at what is often called the ‘how many’ task
or even the somewhat harder ‘give N’ task may fail many

Teacher guided learning. A central guiding principle of our
project is the view that learning to count consists, at least
in part, of a process that occurs while a learner is engaged
a learning setting with a teacher. This perspective differs
sharply from that of many researchers, who see
mathematics learning as a self-directed discovery process.
While we agree that discovery based learning is important
throughout development, we would argue that quite a lot of
what we learn is shaped in part by the instructional
interactions we have with those around us.
Cumulative and concurrent multi-task learning Often
learning to perform a task is considered in isolation, and
that has often been true in neural network research. But in
reality, we learn to count within a setting where we are also
learning many other tasks. Our work aims to allow us to
exploit obvious commonalities between tasks in the
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The Differentiable Recurrent Attentional Counting Model

Figure 1. The differentiable recurrent attentional counting (DRAC) model, shown processing an input containing two
blobs to count, along with the teaching signals specifying there to look/point and what to say when counting each blob
in the display. Red arrows indicate where look/point and count-word teaching signals are injected during learning in the
count-the-blobs task. Black arrows indicate linear mappings (each considering of a weight matrix and vector of bias
weights) subject to modification during learning. Gold arrows specify unmodifiable pathways associated with managing
the model’s point of fixation on the input. The task box and associated grey arrow indicate how task information is
provided to the network. This module is only present in the task-controlled version of the model (DRACtc). The base
version of the model only learns to perform the count-the-blobs task. The task-controlled version also learns the countto-nine’ task and the touch-the-blobs task. In the count-to-nine task, the input is always blank (no blobs present), and
there is no look/point teaching signal. In the touch-the-blobs task, the input is an array of blobs as in the count-the-blobs
task, but no count-word target is provided.
number domain, to understand how prior or concurrent
learning of one task can support learning of another task.

The Network and its Situation in its Environment
Our network is adapted from the DRAM architecture
introduced by Gregor et al (2015). It is a recurrent neural
network consisting of a ‘read’ module, similar to a retina, that
shifts its point of focus in response to the output of a ‘point’
module. In our case, the network specifies the location of the
next point relative to its current point of fixation, whereas
DRAM specifies its next fixation point relative to an external
reference point, such as the lower left hand corner of the
display. We chose to specify the next point in relative terms
for two reasons: First, visual targets are arrayed on the retina
at positions relative to the point of fixation, and eye and
movements are also specified relative to their current
position. Second, it may simplify the task of learning to shift
one’s point to the next item to the right, an ability especially
useful in counting. If one specified where to point in external
coordinates, each item in an external array would be at its
own unique position. If the next point is specified in relative
coordinates, and if objects are laid out in a culturally
conventionalized way (such as a linear array running from
left to right) then the next object to count will tend to fall in

Description of the Focal Task
The main task we set our network might best be called the
‘count the blobs’ task. On each trial of the task, a display is
presented containing from 1 to 15 blobs (see Figure 1) in a
50x150 pixel window. One of the network’s outputs is a point
position, consisting of an (x,y) coordinate pair which we treat
both as the center of its gaze and as the location it is touching
to in the display. (In Figure 1, this is represented by the index
finger of a hand, although no indication of the point position
actually appears in the display.) The network starts each trial
pointing to the middle of the left edge of the display area. Its
task is to point successively to each of the blobs from left to
right, outputting the current count as it points to the each
successive blob, until there are no more blobs. Upon
reaching the last blob the network should produce an ‘I’m
done’ or ‘that’s the answer’ response, and should maintain its
point on the last blob.
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LSTM. It receives the output of the point module and its own
prior state (also initialized to all 0’s at the beginning of each
trial), and produces a pattern of activation propagated through
another layer of connection weights to an output layer
consisting of 16 units, one corresponding to each of the
numerals from 1 through 15 and one corresponding to the
‘I’m done’ output. The output of this layer is normalized
using the softmax function so that the sum of the activations
across these units is always equal to 1, and the response of
the network is taken to correspond to the unit with the highest
activation.
Training Regime
As an initial exploration of guided learning, we treat
learning as occurring in two modes, both involving a student
and a teacher. In the first of these modes, teacher guided
learning, the network learner L attempts to anticipate the
counting and pointing actions of a teacher T while T
demonstrates how to perform the task. T’s demonstration is
made available to L, not act actual visual or auditory inputs,
but as targets for the next count word (or ‘I’m done’ signal)
and for the next point location. In addition, L’s point of
attention for the next step is forced to correspond to T’s, so
that the teacher’s point guides where the learner is actually
looking. In the other mode, monitored performance with
feedback, L attempts to carry out the task with feedback from
T. In this mode, L is thought to overtly produce counts and
points, allowing T to evaluate L’s performance and provide
feedback (Alibali & DiRusso, 1999). In the simulations, we
assume this feedback is provided in the form of a teaching
signal or target for the correct count and point at each step in
a counting sequence, as if T provided a correct demonstration
right after L’s attempt, but without forcing L’s point at each
step in the counting and touching sequence.
To implement these stated principles of learning, we
alternate teacher guided and monitored performance trials
during training. To recap, during a teacher guided learning
trial, the network attempts to predict the teacher’s count
output and next point action at each step in processing the
current input; the teacher’s actual words and points serve as
teaching signals to the learner, and its next point is forced to
the correct location. During a monitored performance with
feedback trial, the feedback signals are the same, but the
learner’s own point output, and not the teacher’s, is used to
determine the next point of fixation.
During training, the blobs were squares with sides of length
4, 5, or 6. The x position of the center of the next blob was 7
to 10 pixels to the right of the previous x position, and the y
coordinate was chosen uniformly within the constraint that
the whole blob remained within 10± pixels of the vertical
midline of the display.
Frequency of training with arrays containing different
numbers of blobs. Researchers have long observed that we
encounter displays with a small number of items more
frequently that displays with larger numbers of items.
Accordingly, during training the frequency of a display
containing N items was proportional to 1/N2. This means that

Figure 2. Examples of the stimuli used in the experiments.
Top: locations of the centers of the Gaussian filters (blue:
retina array; orange: periphery) while the network is
fixated on the first blob in an example test display (left)
and training display (right). Bottom: output of the filter
arrays for the case shown in the top right panel.
a similar range of relative positions, so the stimulus for the
action, and the action itself, would be very similar, when
counting each successive item.
The output of the read module is a set of 2 arrays, one
approximating a fovea (with relatively high resolution) and
one approximating peripheral vision (with relatively low
resolution) as indicated in Fig. 2. The contents of these arrays
are the convolution of the input, relative to the current point
of fixation, through a set of 13 x 13 evenly spaced Gaussian
filters. The two arrays use a different spacing parameter s,
set to 3 pixels for the fovea array and 10 pixels for the
peripheral array. The centers of the filters are spaced s pixels
apart in both the x and y directions, with the central filter
centered on the current point of fixation, and the width
parameter of each filter is ½ s. The positions of these filters
when the point is centered on the leftmost blob in a display
are superimposed on the display image; the outputs of these
filters are shown in Figure 2b and c.
The ‘point’ module consists of an LSTM (Graves, 2013)
which receives the output of the read module as well as its
own prior state (initialized to all 0’s at the beginning of each
trial). It produces two outputs, one that is passed on to the
count module and another passed through an additional layer
of connection weights to produce the Dx and Dy values
specifying the position of the next point, as shown in Figure
1. At the beginning of each trial, the prior state of the point
module is set to all zeros, and the starting location of the point
is placed in the middle of the left edge of the display area.
The network also contains a count module, whose task is
to produce the appropriate count word, or the ‘done’ output
for each glimpse. The count module also consists of an
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the network encounters displays containing just 1 item 100
times more frequently than it encountered a display
containing 10 items. Although we tested the network’s
performance on arrays containing 1 to 9 blobs (see below),
the displays used in training contained up to 15 blobs. This
prevented the network from learning that counting stops at a
particular point within the range encompassed during testing.

Touch the Blobs Task. This task teaches the network to
touch all the blobs in a canonical order, from left to right. On
each trial of the task, a display is presented containing from
1 to 15 blobs with frequency decreasing with N as in the count
the blobs task. The network starts each trial with its point of
fixation in the middle of the left edge of the display area. Its
task is to direct its focus of attention successively to each of
the blobs until there are no more blobs. Upon reaching the
last blob the network should maintain its point of fixation on
the last blob.

Testing Regime
We evaluated the network’s performance during testing
sessions interspersed at different time points during
learning. During each test, we assessed performance on 500
randomly generated trials of each N from 1 to 9. Test trials
are like monitored performance learning trials, but without
any teaching signal provided. The network simply steps
through a sequence of glimpses, and the results are recorded
as they would be in an experimental setting where a child’s
counting behavior is observed over a sequence of trials, while
the experimenter provides neutral encouragement after each
test item is presented. Our testing protocol followed the
approach many developmental psychologists have used,
making the conditions of testing as easy as possible, to give
the network the greatest chance of demonstrating its mastery
of the counting task (Alibali & DiRusso, 1999). Accordingly,
during testing, the blobs were always 5x5 pixels, and the blob
spacing was varied only by ±1 pixel in both the x and the y
directions. Informal testing with less uniform sizes and
positions does result in more errors, as also seen in young
children (Gelman & Gallistel, 1986).

Comparison of Three Learning Conditions
The results we present below come from two multi-task
learning conditions, and a baseline, one task learning
condition.
One-task condition (1T). In this condition, the network
simply learns to perform the count the blobs task.
Three-task condition (3T). In this condition, the network
receives interleaved trials on all three tasks.
Touch only then three-task condition (TF+3T). In this
condition, the network learned the touch the blobs task alone
until it reached a stringent performance criterion (maximum
per trial point error with 10 blobs must average less than 2.5
pixels over 100 trials in each of three successive tests
separated by 500 training iterations). The network then
proceeded to the three-task condition, receiving interleaved
training in all three tasks.

Cumulative and Concurrent Multi-Task Learning

For each condition, we trained and analyzed three
independent runs of the DRAC network. For each run, after
network initialization, training began. In each training
iteration, the network processed a single training example
from each of the tasks included in the condition. After each
training trial, gradients for learning were calculated, and the
connection weights were updated. Testing occurred after
every 500 training iterations, as described above. In the
TF+3T condition, the iteration counter was reset to 0 after
reaching criterion on the touch the blobs task.

The final element of our investigation is the exploration of
how the learning of a focal task can be supported by previous
and/or concurrent learning of related component tasks. Our
focal, count the blobs task can be considered to involve the
coordination of two simpler tasks: Touching each of the
blobs in the array, and reciting items in order from the count
list. The required coordination involves ensuring that there
is one and only one count for each blob, so that the count
stops when there are no more blobs. To explore these issues,
we introduced a count to 15 task and a touch the blobs task.
As in the count the blobs task, teacher guided learning and
monitored performance with feedback trials alternated in
both of these tasks, so that the networks’ point of fixation was
forced to the correct position at each step on ½ of the training
trials in each task.

Results
Competence after Learning
We assessed the counting competence at each test point. To
do so, we determined whether the network produced a correct
count sequence and a correct point sequence on each test trial.
For a count sequence to be correct, the count response had to
progress through the correct count sequence from 1 to N and
then end with the ‘I’m done’ response. For a point sequence
to be correct, the point had to fall within a window of ±3
pixels vertically and horizontally around each successive
blob center; after correctly touching each blob once, the
network had to touch the last blob a second time for the
sequence to be scored correct. Using these measures, we

Count to 15 Task. This task provides the network with a way
to learn the count list, without the additional demands of
coordinating this process with successively touching each of
the items in an array. In this task, the network was shown a
blank display for 16 glimpses on each trial. The network was
asked to produce a count word according to the count list
from 1 to 15 for the first 15 glimpses and say ‘I’m done’ at
the last glimpse.
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Figure 4. Count performance on displays with different
numbers of blobs in the network trained to touch each
blob before proceeding to the three-task training phase.
Top: Results averaged across the three networks and
smoothed to reduce variability. Bottom: Performance
of one of the three networks, showing rapid initial
learning, followed by occasional backsliding on
displays containing larger numbers of items.

Figure 3. Left: highest count achieved at different test
points. Right: Highest number of blobs touched
correctly during counting.
could then define a criterion for perfect test performance on
the count the blobs task. For performance to be perfect, both
the count sequence and the point sequence had to be correct
on all trials at all values of N – no error of either kind on any
trial.
Applying the criterion above, we found that all three
networks in each of the three learning conditions achieved
perfect performance in well under 30,000 trials, but then
made errors on some later test points. By about 30,000 trials,
all networks stopped making any errors, maintaining perfect
performance thereafter. It is striking that an approximate,
graded, gradient-based learning system can achieve such a
high standard of accuracy in this task.

highest number of blobs each network could count correctly,
defining ‘count correctly’ for a given N as achieving a score
of 90% correct count sequences on the 500 test items
containing N blobs. We plot the results in Figure 3 for each
training condition separately, with the mean over the three
runs shown as a solid black line and the range of highest count
scores indicated by the yellow bands around the mean
performance. We stress that all three networks had the same
amount of training in counting blobs.
The figure reveals that learning to count occurred most
quickly in the TF+3T condition. Average highest count for
the networks in this condition reached 6 by iteration 1,000,
and each of the three networks first achieved a perfect
counting score after at most 5500 training examples, though
there was some slippage in counting to 8 or 9 thereafter. In
contrast, the first perfect count score did not occur until much
later in the 3T condition or the 1T condition.
The left panels of the figure allow us to explore how the
ability to count relates to the ability to point. As expected,
learning to point is slowest in networks trained to do only one
task; is somewhat faster in the networks trained on all three
tasks concurrently; and is near-perfect from early on in
networks trained to touch before three-task training. (The
networks trained to touch first show a transient disruption at
the start of the three task phase, then recovers to near-perfect
performance very quickly.) In summary, more experience,

Relation between Learning to Touch and Learning
to Count
We next considered whether cumulative and concurrent
learning can lead to cross-task transfer in our network,
focusing on counting performance per se. Here we drew
inspiration from the work of Alibali and DiRusso (1999) who
found that children who were better able to correctly touch a
sequence of objects also succeeded better at counting them.
In Alibali and DiRusso’s study, only the count was
considered in determining if a child performed correctly in
their counting task. We adopted a similar approach, scoring
whether the network’s count sequence was correct, regardless
of its pointing performance, then considering the relationship
between counting performance measured in this way and
pointing performance. For this assessment, we measured the
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and earlier ability, in pointing are associated with mastering
the count the blobs task more quickly.

special mechanism designed to acquire the counting
principles; instead it may depend on the reliance of a
powerful, yet general purpose learning system, coupled with
an environment that provides teacher-guided learning
activities, like the ones we provide for our network.
Our findings also demonstrate a great deal of crossinfluence between the ability to count and touch all the blobs
in a display. In the networks that had already master the
touch-the-blobs task, the ability to count up to 6 blobs
correctly could be acquired in only about 2,000 training trials
counting displays containing from 1 to 15 items.
The question of whether we should believe that learning to
count involves a semantic induction has been a subject of
controversy in the literature. While some have argued that it
is (Le Corre et al, 2006; Sarneca & Carey, 2008), others have
argued against this position (Davidson et al, 2012), based on
the finding that performance in a wide range of tasks exhibits
graded, rather than all-or-nothing acquisition. The pattern of
errors in Alibali and DiRusso (1999) likewise attests to
counting as a graded ability, one that varies in its success with
the degree of support provided by allowing children to point
to, or better yet to actually touch, the objects they are
counting, and with size of the set of objects to be counted.
Our current effort will certainly not fully resolve this issue,
but we hope it will encourage further exploration of
approaches that attempt to capture both the achievements and
the limitations of human counting, viewed as a learned skill
acquired gradually in a supportive learning environment.

Transitions in Performance and Error Patterns
Two final issues we consider are the developmental course of
mastering the ability to count larger and larger numbers of
things, and the nature of the network’s counting errors.
Several authors (e.g., Le Corre, Van de Walle, Brannon, and
Carey, 2006) have argued for a categorical divide, separating
children into those who can succeed at counting only very
small numbers of things (up to 3 or possibly 4) and those who
can count things up to the limit of the length of their count
list, called ‘cardinal principle’ or CP knowers. Given this, we
wondered whether our models might divide into the same two
categories, and whether, at some point in development,
individual networks would make sudden transitions from the
former to the latter group.
We were able to explore this in the data from the networks
in the touch first then 3-task condition. The networks learn
the count-to-fifteen task, corresponding to reciting the count
list within the first 1,000 training iterations, and all already
know how to point to all the blobs before they begin to learn
to count them. In the top panel of Figure 4, we show the
results indicating the average performance in counting blobs
for these networks, smoothed to make the trends in learning
different values of N more apparent. Very quickly, these
networks master counting up to 3, then shortly thereafter,
they master the ability to count to 4, 5, and 6, with 7 lagging
only slightly behind. For comparison, in Le Corre et al, a
child is counted as a CP knower if they can give 6 objects
correctly 2/3 of the time. While counting N things is easier
than giving N things, the networks in the top panel of Figure
4 would meet this criterion after only 2000 training trials.
Prior to this, they would have scored as subset knowers by
this criterion. It is also noteworthy that children make more
errors when counting larger arrays (Alibali & DiRusso,
1999), similar to our networks.
We also scored the errors made in counting from 1 to 9
items in the same networks. After the first test point when
each network counted perfectly (3500 iterations in the
network shown in the bottom panel of Figure 4). All of the
errors were well-formed counts of either one or two more or
one less than the correct number of items. For example, the
errors made by the network shown in the bottom panel of
Figure 4 were always over- or under-counts of exactly 1.

References
Alibali, M. W., & DiRusso, A. A. (1999). The function of
gesture in learning to count: More than keeping track.
Cognitive development, 14, 37-56.
Davidson, K., Eng, K. & Barner, D. (2012). Does learning to
count involve a semantic induction? Cognition, 123, 162173.
Gelman, R., & Gallistel, C. R. (1986). The child's
understanding of number. Harvard University Press.
Gordon, P. (2004). Numerical cognition without words:
Evidence from Amazonia. Science, 306(5695), 496-499.
Graves, A. (2013). Generating sequences with recurrent
neural networks. arXiv preprint. arXiv:1308.0850.
Gregor, K., Danihelka, I., Graves, A., Rezende, D. J., &
Wierstra, D. (2015). DRAW: A recurrent neural network
for image generation. arXiv preprint arXiv:1502.04623.
Izard, V., & Dehaene, S. (2008). Calibrating the mental
number line. Cognition, 106(3), 1221-1247.
Le Corre, M., Van de Walle, G., Brannon, E. M., & Carey, S.
(2006). Re-visiting the competence/performance debate in
the acquisition of the counting principles. Cognitive
psychology, 52(2), 130-169.S
Sarnecka, B. W., & Carey, S. (2008). How counting
represents number: What children must learn and when
they learn it. Cognition, 108(3), 662-674.
Weber, H. (1893), Leopold Kronecker. Mathematische
Annalen, 43: 1–25, doi:10.1007/BF01446613.

Discussion
We began our exploration of the DRAC network with a
question: Can a recurrent neural network learn to count
things? Our findings clearly support a yes answer to this
question. In all three of the learning conditions, all networks
mastered the ability to reliably proceed through all of the
items in an array, touching each one in turn while producing
the next number word in the count list. These findings
support the view that learning to count may not require a
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Abstract

(Griffiths, Steyvers, & Firl, 2007): Say the first word that
comes to mind starting with a specific letter. Different processes were assumed to capture human performance in the
two different tasks, but they used the same semantic network.
Researchers using spatial representations for semantic
memory model different tasks by changing the process used
on a single representation. For example, Landauer, Foltz, and
Laham (1998) estimated a spatial representation for semantic
memory by applying latent semantic analysis to a representative sample of texts read by students. They used that representation with a simple retrieval process (return word with
smallest cosine distance to the target) to capture human performance on the synonym portion of the TOEFL exam, a test
of English proficiency. Using the same representation, but
changing the retrieval process, other researchers captured human performance on the remote association task, which is a
complex, constrained semantic search task (Smith, Huber, &
Vul, 2013). Different representations are sometimes examined, but typically it is to argue either that other reasonable
representations have comparable results (Smith et al., 2013),
or that one representation captures how people encode knowledge in semantic memory better than another representation
(Jones & Mewhort, 2007). Across all of these studies, the semantic representations do not depend on the context or task.
In this paper, we investigate a method for deriving context and task specific computational models of human performance in a constrained semantic memory task. To do so,
we assume that memory retrieval can only use a simple process, a random walk. We describe a method for constructing context- and task-specific networks from human performance. We find that our network estimation technique with a
random walk process is able to capture human success rates
in a constrained semantic search task.

We investigate a method for formulating context- and taskspecific computational models of human performance in a constrained semantic memory task. In particular, we assume that
memory retrieval can only use a simple process – a random
walk – and examine whether the effect of context and task
specifications can be captured via a straightforward network
estimation method that is sensitive to context and task. We find
that a random walk model on the context-specific networks
mimics aggregate human performance.
Keywords: Network analysis; Semantic search; Spreading activation; Semantic memory; Random walks

Introduction
What concepts and facts are relevant in a given context? The
type of knowledge that is likely to be important in a given situation is dependent on a large number of contextual factors.
For example, consider an astronomy professor discussing the
motion of planets in the solar system. The relevant facts depend heavily on contextual factors: Is she talking to a graduate student in her laboratory, adults from her community,
or her four year old daughter? Is she trying to discuss why
Mercury’s orbit is more elliptical than would be expected assuming Newtonian physics, or instead trying to explain why
the sun is so bright? Her knowledge of the cosmos is an extremely rich and interconnected set of concepts and facts. The
concepts and facts relevant to her given situation are likely
dependent on a host of contextual factors, ranging from communicative goals to the content of task at hand. How does
memory facilitate the retrieval of the appropriate set of concepts and facts adapted to a given context?
Although people recall different facts given different tasks
and contexts, most work in retrieval from semantic memory
(people’s memory for facts and concepts) attempts to mitigate
any effects of context or task, rather than account for them.
For example, Abbott, Austerweil, and Griffiths (2015) used
human performance in a previous study (Nelson, McEvoy, &
Schreiber, 2004) of the free association task (e.g., “say the
first word that comes to mind when you hear ‘dog”’) to estimate a network representation for semantic memory. This
model was then used to capture human performance in a different task: human retrieval of members of a specified category (e.g., ”name all of the animals you can in 3 minutes”),
which is a semantic fluency task. Previous work had used the
same network representation as the above to capture human
performance in a different constrained memory search task

Prior work
One method for formalizing human retrieval from semantic memory is to model retrieval as a search problem over
an associative semantic network (Collins & Loftus, 1975;
Lehmann, 1992; Richens, 1956). In these semantic networks,
words represent nodes, and edges represent the corresponding words are associated in some manner. Edges can be defined based on a variety of linguistic or cognitive features
including synonyms, hierarchical relations, co-occurrence,
free-association or shared features. In addition, the edges
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can further have weights to encode the association strength
of the words. Network representations are increasingly used
to study and model the interaction of cognition and language.
See Baronchelli, Ferrer-i Cancho, Pastor-Satorras, Chater,
and Christiansen (2013); Beckage and Colunga (2016) for reviews on the contribution of network science to the study of
language and human cognition.

Whichever word was chosen would become the new ”source”
word, and this repeated until participants reached the target
word. They found that human performance cannot be explained via random guessing or choosing the strongest free
associate to the current source word. This suggests that people utilize information present in the network to get closer to
the target word. One aspect that was not considered in their
analysis is the role of task and context on participant performance — for example, often the current word would be one
that the participant observed in a previous round.
We examine whether creating a context- and task-specific
network based on a participant’s previous choices and experience can be used to explain their performance in future trials.
In other words, can we change the network representation in
a systematic way such that a random walk process performs
better than in a standard network representation? To examine this question, we analyze how people navigate from a start
word to a specific target word via forced choice between pairs
of very associated words. We model this as navigation on a
directed network by assuming that edges exist between words
that are part of the choice set for a specific word. Our hope is
that adapting a network representation to the context and task
will capture human performance on the task. If so, this provides a novel avenue for investigating how the mind searches
semantic memory in different contexts and for different tasks:
Assume a single process, but adapt the representation in a
manner sensible to the current context and task.

Recent analysis of semantic retrieval tasks, such as verbal
fluency where individuals list words from a particular category, suggest that some types of search through semantic
memory can be well explained by random walks on a network Abbott et al. (2015); Griffiths et al. (2007). They did
so by deriving a network from a large data set of free association results (Nelson et al., 2004). Every cue and associate
was a node in the network and an edge was created from node
A to node B if the word corresponding to B was said as a response when a participant was given the word corresponding
to A as a cue. Edges can be given weights by assigning them
to be the number of times that cue-associate pair was produced by a participant. However, it is unclear whether a random walk process can capture how people solve other related
tasks. For example, can a random walk on the same semantic network capture how people connect loosely related words
through pairs of associated words? Here we test whether this
type of directed search, with a specific goal in mind (a target
word), can also be captured by a random walk process. To explore this question, we consider a semantic word game where
individuals must make a sequence of decisions for navigation.

Behavioral Experiment: The Mindpaths Game

Previous work has illustrated that even rich human performance in some memory tasks can be modeled using a random walk process. For example, when recalling animals from
memory, animals tend to be listed in clusters (e.g., four farm
animals followed by two pets). Further, the retrieval of animals is consistent with optimal foraging theory (Hills, Jones,
& Todd, 2012). People switch clusters when the time to retrieve a subsequent animal is larger than the overall average
time between animal retrievals. To capture this behavior, previous work modeled the production of the list of animals as a
random walk on a standard semantic network that emits animals whenever the walk visits a previously unvisited animal
node. The animals in the list produced by this process are
clustered and the random walk retrieval behavior is also consistent with optimal foraging theory (Abbott et al., 2015). In
our work we use a random walk model over a semantic network to capture human performance in semantic navigation
task where people connect a source word to a target word.
The random walk model is not intended as a full model of human retrieval in this task, but serves as a baseline to compare
different possible representations and inspire future work.

Mindpaths is a semantic word game based on the experimental setup of Beckage, Steyvers and Butts 2012. We
derived a network from the USF free association norms
(Nelson et al., 2004) using the method described above,
but trimming the network to include only words with a
minimum in-degree of 3 and a maximum out-degree of
12.
In the online version of the game, available at
socientize.eu/pybossa/app/Semantics/, semi-random
start and target words are presented. Individuals are then
asked to navigate from the start word to the target word via
forced choice. The options presented are words that were
directly connected to the current word in the network. An
example of the game is shown in Fig 1.

Previous work explored a semantic navigation problem
where people were given a source and target word that were
loosely related (Beckage, Steyvers, & Butts, 2012). Their
task was for participants to get from the source to the target word by selecting a word to move to from a set of
words strongly associated to the source (or current) word.

Figure 1: A screenshot of the Mindpaths game.
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Fig 1 provides an example where the start word is Virus
and the target word is Weather. Players then choose from the
given options, including sick, ill, and disease. After a choice
is made, the chosen word replaces the start word and the chosen word’s associates are listed. The current dataset analyzed
in this paper is publicly available via the game website. To
date, the dataset contains 141 different start and target word
pairs. We call each unique start and target pair a game. Each
play of a game we call a trial.
In total 141 games were played 11,698 times, with an average of 83 trials per game, with a range of between 2 and 469
trials or plays for each game. The underlying network contained 1,972 different words, and the number of words visited
across all tasks is 1,852. The game automatically terminated
if the player had not found the target word after 25 choices
(these games were not recorded). Players could click the reset button to bring them back to the start word (the number
of steps they have taken so far does not reset). Finally, there
was a time limit that refreshes on each move and the response
time is also recorded. If a player takes over a minute to respond, the trial is not recorded and the page refreshes with a
new game.
The players can be identified by their accounts or, if they
do not have accounts, by their IP address. To date, there are
365 registered users with 9,237 trials, and 2,461 trials from
unregistered users. Based on the data collection mechanism,
only successful games are recorded. So, we do not know how
often individuals did not solve different games.

weighted version, we normalize the original free association
network such that the total probability transitioning out of any
node sums to 1.
Traffic Network We define here a novel method for adapting networks to a specific task and context. We call the resulting network a traffic network. Traffic networks have the
same nodes as the free association network above, but we define the edges based on people’s choices in the game. So, if
any player chose a move from cold to weather, there will be
an edge from cold to weather in the traffic network. We consider both weighted and unweighted versions of this traffic
network. In the case of a weighted traffic network, the frequency at which a game is played will influence how likely it
is that a particular cue word is seen and thus the probability of
transitioning between a particular cue and response. To estimate a weighted traffic network, we normalize by the number
of times a game was played.
Do Traffic networks differ from the Nelson network? One
way to investigate this question is to examine whether the degree of words in each network are comparable. The upper
triangle of Fig 2 presents the correlations of the word degrees
of Traffic and Nelson networks (via a nonparametric measure, Kendall’s tau (τ)) in the upper triangle. The strongest
τ (0.72) is between the weighted and unweighted traffic networks. While the minimal correlation, τ = 0.4, is not unsubstantial, it is quite lower, suggesting the same words have
substantially different degrees in the different networks. The
lower triangle of Fig 2 displays the Person correlation of the
network edge weights. The unweighted Traffic and Nelson
networks have a high correlation. This suggests that the Traffic network captures much of the connectivity pattern of the
Nelson network. However, we find that the correlation between the weighted Traffic network and the weighted Nelson network is small (0.16) suggesting that free association
responses are different than choices in the Mindpath game.
This provides strong support that context- and task- specific
representations are important to completing the game.

Computational Methods
We test whether random walks can account for human performance. Previous work used random walks to capture human
performance when listing all the animals they know (Abbott
et al., 2015). It is unclear if this will explain participant behavior in this task, as it is a directed search in which individuals have a specific target they must reach. Via comparison to
search by random walks, we can quantify the extent to which
individuals are making non-random choices (i.e., using additional information or strategies to help them succeed in this
game). To summarize random walk performance, we explore
different networks derived from the underlying game network
and player performance with the aim of capturing human performance.

Random Walkers
We simulated random walks on four network representations
(weighted/unweighted × Nelson/Traffic) to see which network representations can accurately capture human performance on the Mindpath game (specifically, their rate of success). The difference in performance of the random walks
over the networks enables us to evaluate the role of context on
human navigation behavior because each network representation includes a different amount of context and task information. Our random walkers are likely not a perfect model of
participants’ semantic search. They provide an interpretable
baseline for evaluating the extent to which human performance can be explained as restricted random guessing over
different network representations.
For robustness and to quantify differences between games,
we use two approaches to analyze the performance of our random walkers. In all cases we perform k-fold cross validation.

Nelson Network The free association network, collected
by Nelson and colleagues 2004, provides the underlying network used in the game. In this network, words are nodes in
the graph. Edges are directed and weighted. The weights
encode the frequency at which a given response was said to
a specific cue in the free association study. For example, if
the cue word dog is said, cat is the free association response
with probability 0.78. Note that MindPaths has trimmed the
network based on in-degree and out-degree to make the game
more playable. In our simulations, we consider random walkers that are walking on both a weighted and unweighted version of the trimmed Nelson network representation. In the
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Table 1: Percent success of solving various word games in the minimum number (geodesic) steps. Standard deviation across
folds in terms of percentage is also reported.
all games
human perf
unw. Nelson
w. Nelson
unw. Traffic
w. Traffic

overall
11810
32.6 (0.8)
10.7 (0.5)
7.87 (0.7)
10.1 (0.3)
24.1 (0.9)

geodesic 1
2.93
87.0 (2.8)
42.0 (5.5)
33.3 (2.8)
35.0 (5.4)
65.3 (5.8)

geo. 2
29.30
25.4 (1.4)
13.8 (1.4)
9.46 (1.6)
15.8 (2.8)
25.9 (2.7)

geo. 3
45.17
36.5 (1.1)
10.0 (0.4)
7.09 (1.4)
12.2 (0.9)
33.1 (1.3)

geo. 4
19.59
28.6 (0.6)
4.24 (0.8)
4.45 (1.3)
8.08 (2.1)
25.8 (1.7)

geo. 5
3.01
19.5 (3.5)
2.21 (2.1)
2.11 (1.8)
6.16 (2.6)
15.3 (5.6)

network, we found 3 games with no path between start and
end words. We take this as evidence that there are some game
specific contextual information that individuals are using to
navigate.

Results & Discussions
Our goal is to build a random walk model that captures human
performance, defined as the distribution of choices made by
participants for each game. Optimal performance solves the
task using the fewest number of transitions in the game network. For example, virus to weather can be solved optimally,
or geodesically, by transitioning from virus to cold to weather.
An example of a suboptimal path is moving from virus to ill to
cold. Because the players are navigating a network, we can
compute the optimal, or geodesic, path distance. Note that
this geodesic distance can only be computed if the whole underlying graph is known, an unlikely situation for our human
players. Because participants probably cannot directly access
the full graph structure, performance that is close to optimal
suggests participants are using information other than their
original semantic network (e.g., adapting the network based
on previously played games).
To analyze human performance, we consider games that
can be optimally completed in between 3 and 8 steps. Out
of 11,698 trials, 35% of trials were solved with the minimum
number of steps, and 71% of the trials were solved within
two steps of optimal. This shows that human are quite good
at navigating the semantic space, despite not having global
knowledge of the semantic space. Table 1 summarizes estimated geodesic performance based on 5-fold cross validation.
Table 1 shows that humans outperform random walks at
finding the geodesic path, regardless of the underlying network representation. Note that the data set is subject to selection bias: We cannot tell how many individuals started the
game and did not finish. We attempted to match this bias by
conditioning on a successful path being found within 25 steps
for both human and random walks. Though humans are still
more accurate, when we exclude games where the target word
is in the first option set (i.e., games whose optimal solution
distance is one), we see comparable performance between the
weighted Traffic network and human performance. This suggests that the weighted Traffic network may have captured
aspects of the task and context in a manner such that a ran-

Figure 2: Correlation analysis of the various network representations. The upper diagonal captures Kendall’s tau rank
correlation of node degrees across networks. The lower diagonal captures the Pearson correlation between edge weights
across the network representations.

In the first approach, we define a fold as 20% of the total trial
data. Thus the model must extend to unseen trials but not necessarily unseen games. We call this the trial variant. In the
second approach, we assign 20% of the total unique games
to each fold (e.g. 20% of 141 games). We call this the game
variant. We predict that these two variants will have minimal
effect in the performance and evaluation of the Nelson network. However, there is potentially a large performance difference in the case of the Traffic networks if these networks
capture how an individual’s search is influenced by the given
target word. If the target word plays a role in the choices
individuals make, the game variant using the traffic network
should capture human performance with significantly less accuracy as compared to the trial variant.
For cross-validation, we build unweighted and weighted
Traffic networks based on the training set (e.g. all folds except the testing fold). The maximum path length for our random walk simulation is 25 (as it was for human participants).
We run simulations until we have as many successes as we
see in our human game play data. In the game variant traffic
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dom walk process can succeed on the task. In future analyses,
we plan to examine whether the actual solutions found by the
random walks are comparable to those made by participants
(and not just being of comparable length). Regardless, this
result suggests that the context- and task-specific semantic
representation use by people may be similar to our weighted
Traffic networks. The failure of the Nelson network suggests
that semantic networks need to be adapted to task and context,
or a different search process needs to be used.

the resulting representation is specific to the context of MindPaths, but not a specific game (target and source word). This
suggests that individual differences may be minimal in this
task and an aggregate contextual network contains much of
the needed information for a random walk process to complete this task successfully.
In the game variant simulations, we examine how the performance of past players affects the models’ success rates on
unseen games. We first find that some of the games were
not solvable using the Traffic networks. When selecting random games, we find that the resulting traffic network is a disconnected graph with some start and target words in different components making it impossible for the Traffic random
walker to find a path between nodes. On average (from the 5
folds), 3 of 28 unseen games in each test set were unsolvable.
Fig 4 compares participant success rate to our random
walks across unseen games, conditioning on those games that
are solvable by a random walk over a Traffic network. Now
the weighted traffic network has successful paths that are similar in frequency to the random walks on the various network
representations. Human players are much more successful
at solving the task efficiently than any of our random walker
models. Thus, further work is needed to capture human performance in this case. Random walks over the Nelson and
Traffic semantic networks are insufficient.

Figure 3: Performance of human players (grey bars) and random walk models in the trial variant, conditioned on successful paths and excluding games with geodesic one. The x-axis
is the number of steps taken beyond the geodesic distance.
We now consider whether random walks on our various
network representations can reproduce the rate of successful
games completed in a specific number of steps. This includes
not only geodesic path lengths but the exact number of steps
it took individuals to find the target word. Because our results
above suggest that games with a geodesic of one (e.g. the target is in the first option set) are unique from the other games,
we consider only games with geodesic distances greater than
one. Fig 3 depicts human performance (bar chart) as compared to the Nelson networks and Traffic networks (colored
lines). Along the x-axis are the number of steps taken beyond
the geodesic distance.
Fig 3 shows that the distribution of successful path lengths
on the weighted Traffic network is similar to the frequency
of successful path lengths made by human players. This suggests that the frequency by which a previous player traversed
a particular edge contains enough information so that the success rates of search by random transitions is qualitatively similar to human success rates.It is important to note that this is
not simply overfitting – the evaluation is on different trials
in a test set. The ability of the weighted Traffic network to
model participant behavior is significant especially given the
fact that the traffic network aggregates across all games, thus

Figure 4: Performance of human players compared to game
variant random walk models, conditioned on successful paths
and excluding games with geodesic one.
We next consider if the structure of a word in the network
influences the probability of success for our random walkers.
We correlate the betweenness centrality of a word with the
success probabilities. We examined betweenness centrality
in particular because it captures the amount of information
flowing through a node. If this type of information flow is
useful for succeeding in this task, we expect high correlations
of betweenness centrality and success probability by our ran-
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Table 2: Correlation between success probability and betweenness centrality; geodesic probability and betweenness centrality
for each network and each simulation variant.
Success x Start
Success x End Geodesic x Start Geodesic x End
Trial
Game
Trial
Game Trial
Game
Trial
Game
unw. Nelson 0.077
0.112
0.818 0.799
-0.018 0.131
-0.025 0.128
w. Nelson
-0.012 0.0982 0.604 0.693
0.027
0.04
0.026
0.211
0.0996 0.784 0.798
0.033
0.215
0.015
0.314
unw. Traffic 0.002
w. Traffic
0.215
0.0627 0.370 0.608
0.262
0.125
0.185
0.217

dom walkers. We correlate betweenness centrality of start and
end words with a) the success probability and b) the probability of navigating successfully in geodesic length. Table 2
shows these correlations for trial variant and game variant.
The first and second columns in each block shows the correlation between the success probability and the betweenness
centrality of the start word and the end word, respectively.
Table 2 suggests that there is small to no correlation between
a start words’ betweenness centrality and success probability
in both the trial variant and game variant cases. This suggests that betweenness centrality of the start word may not be
all that important for solving the task. However, the correlations with end words are particularly high on these networks,
except for the weighted Traffic network. This suggests that
the more central the target words are, the greater the chance
for the random walk to succeed on these networks.
The pattern of target word correlations with the weighted
Traffic network is interestingly different. The correlation is
low for the trial variant test, but high for the game variant
test. This suggests that the centrality of the target word is not
as important as the random walk gets closer in qualitative fit
to human players. This may be because in trial variant tests,
the weighted Traffic network captures contextual information
(arising from the edge weights and the network structure) in
MindPaths game that the other random walkers cannot. Thus,
the weighted Traffic network random walker may not need to
rely on the centrality of the target words to navigate successfully in trial variant tests. But, it still relies on centrality for
game variant tests.

extremely rich, containing both human choices and their decision times. While we evaluated the ability of the random
walks to successfully navigate to the target word conditioned
on the number of steps, we did not attempt to compare the
paths taken by the walkers and by people. Through these
analyses, we hope to understand how the current context affects human semantic search across different tasks.
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Conclusion and future work
We described a technique for constructing a context-specific
semantic network, which we call a weighted Traffic network.
We showed that random walkers on a weighted Traffic network are able to capture much of the relevant contextual information in the trial variant with performance that qualitatively mimics human success rates. We also found that a set
of games produces a unique context that is specific to each
game and does not necessarily allow the model to succeed at
unseen games with performance matching human players.
Our results provide promise for examining constrained semantic search within a semantic network framework. We plan
to adapt random walks to include structural information of the
network (e.g., betweenness centrality). Further, the data set is
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Abstract

of metaphor in everyday speech suggests that people
conceptualize abstract subjects metaphorically.
In support of this view, experiments have shown that
framing a discussion of an abstract or complex issue in terms
of a particular metaphor can shape how people think and
reason about it in a metaphor-congruent fashion (e.g. Elmore
& Luna-Lucero, 2017; Flusberg, Matlock, & Thibodeau,
2017; Keefer et al., 2014; Sopory & Dillard, 2002;
Thibodeau, 2016; Thibodeau & Boroditsky, 2011;
Thibodeau, Crow, & Flusberg, 2016; Thibodeau & Flusberg,
2017; Thibodeau et al., 2017). To take three recent examples:
(1) participants who read that depression is a state of being
down are more likely to recommend a medication called
“Liftix”, while those who read that depression comprises a
dark period are more likely to suggest a medication called
“Illuminex” (Kiefer et al., 2014); (2) if the federal budget is
metaphorically compared to a household budget, people are
more likely to say they would vote for a presidential
candidate who had grown their own wealth (Thibodeau &
Flusberg, 2017); and (3) when participants read that crime is
a beast (as opposed to a virus) ravaging a city, they are more
like to recommend initiatives for addressing the crime
problem that are enforcement-oriented, consistent with how
people would resolve a literal beast problem (Thibodeau &
Boroditsky, 2011).
This line of work also finds that the effects of metaphor
framing are strongest (a) when the metaphor appears at the
beginning of the stimulus vignette (as opposed to the end;
Sopory & Dillard, 2002; Thibodeau & Boroditsky, 2011), (b)
when the metaphor is extended in the phrasing of a
conceptually congruent response option (Thibodeau, 2016),
and (c) when the observer knows (and cares) about the source
domain but does not have a strong prior commitment about
how to address the target problem (Ottati, Rhoads, &
Graessar, 1999; Thibodeau & Flusberg, 2017). These
findings suggest that metaphor framing works in part by
activating a conceptual schema associated with the source
domain that guides how people build up a representation of,
and then draw inferences about, the target domain
(Thibodeau et al., 2017).
One critical limitation of the research on metaphorical
framing is that it has relied almost exclusively on written
materials; in each of the studies described above, participants
had to read a brief paragraph that included the metaphorical
frame before responding to a target question. This is notable
because, in the real world, people encounter linguistic

Metaphors can shape how people reason about complex issues,
but most studies of metaphor framing rely exclusively on
written materials. This is a significant limitation, as people
regularly encounter linguistic metaphors in a variety of
different communicative settings (e.g., read in the newspaper,
heard on the radio, or viewed on television). Because research
finds that variations in communication modality can influence
message comprehension, retention, and persuasiveness, we
explored the relative power of metaphor framing in different
communication modalities. Across two experiments,
participants read, heard, or watched a person describe four
different metaphorically framed issues. They had to answer a
target question about each issue by selecting from two response
options, one of which was congruent with the metaphor frame.
Results revealed a significant, similarly-sized effect of
metaphor framing in every communication modality,
suggesting that communication modality does not moderate the
efficacy of metaphor framing.
Keywords: Metaphor framing,
communication modality

reasoning,

persuasion,

Introduction
For better or worse, the hangover is a universal feature of
human life: drink too much and suffer the consequences. A
hangover is also a popular metaphor for describing how
people sometimes feel in the aftermath of engaging with
significant sociopolitical events. For example, in the wake of
the June 2016 UK referendum to withdraw from the
European Union, many journalists described the public as
suffering from a “Brexit Hangover” –– characterized by
feelings of remorse or regret (Logan, 2016), driven especially
by renewed economic concerns (Dempsey, 2016; Porter,
2016; Roubini, 2016).
That so many pundits converged on the same basic,
evocative metaphor underscores the key role that metaphor
plays in communication, public discourse, and cognition
(Flusberg, Matlock, & Thibodeau, 2018; Lakoff, 2008).
Metaphors allow speakers to describe novel, complex, or
abstract issues in terms of a relatively simple and more
familiar domain, which helps to establish common ground
and efficiently communicate a range of structured attitudes
and beliefs. Over the past few decades, many scholars ––
most notably Lakoff and Johnson (1980) –– have argued that
metaphors should not be understood simply as auxiliary
linguistic devices; rather, the pervasive, systematic patterns
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metaphors in a variety of different communicative settings.
In addition to reading metaphors printed in newspapers and
in articles online (written format), we listen to people using
them on the radio and in podcasts (auditory format), and we
see and hear politicians and broadcasters using them in
televised speeches and newscasts (audiovisual format). Are
metaphors equally effective at shaping attitudes and beliefs
in each of these different communication modalities?
Though this question has not been directly addressed in the
literature, research has found that, in general, communication
modality does influence how people process a message,
which can have downstream consequences for
comprehension, retention, and persuasion (Chaiken & Eagly,
1976; 1983; Furnham, & Gunter, 1989; Sparks et al., 1998).
For example, likeable communicators are more persuasive in
auditory and audiovisual modes of presentation, while
unlikeable communicators are more persuasive in print
(Chaiken & Eagly, 1983). This seems to result from the fact
that communicator cues are more salient –– and therefore
play a larger role in attitude change –– in recordings as
compared to writing.
Some research has also found that people remember
information better when it is presented in print than when it
is presented in a recording (Furnham & Gunter, 1989;
Furnham, Gunter, & Green, 1990). This may be because
written information can be processed at the observer’s own
preferred pace and without the distraction of supplementary
communicator cues. However, this picture is complicated by
the observation that factors like age and message content
moderate the effects of communication modality on memory.
In one study, for instance, people recalled health warning
messages equally well in written and auditory formats,
though both of these conditions yielded better recall than an
audiovisual one (Corston & Colman, 1997). Another study
found that 11- and 13-year-old children remembered more
content from a news story when it was presented on television
than in print, though adults showed no such bias (Furnham,
De Siena, & Gunter, 2002).
Taken together, this literature generates competing
predictions about the ways in which communication modality
might interact with metaphor framing. On the one hand, since
printed messages often result in better comprehension and
retention compared to recordings, metaphor framing might be
most effective for written materials, allowing for deeper
processing of the metaphor frame itself. On the other hand,
printed messages do not always yield enhanced recall,
especially for younger individuals, which adds uncertainty to
the proposition that metaphors will always be processed more
deeply in writing. Since metaphor framing can be thought of
as a form of persuasive communication, it could actually be
the case that a (relatively likeable) speaker will produce a
larger metaphor framing effect in an auditory or audiovisual
mode of presentation compared to print. Finally,
communication modality might not moderate metaphor

framing effects much at all as long as participants are able to
perceive and process the metaphor frame in context.
We directly addressed these divergent predictions across
two experiments by exposing participants to a series of
metaphorically framed messages either in a written, auditory,
or audiovisual format. After each vignette, participants
selected from two response options for addressing a target
question about the issue, one of which was congruent with
the initial metaphor frame. Results reveal the relative efficacy
of metaphor framing in different communication modalities.

Experiment 1
Methods
Participants We recruited 610 participants (42% female)
from Amazon’s Mechanical Turk (Buhrmester, Kwang, &
Gosling, 2011), using the TurkPrime platform (Litman,
Robinson, & Abberbock, 2017). We aimed for a sample size
of 200 individuals per condition to be consistent with past
research on metaphor framing. All participants were at least
18 years of age (M = 34.3, SD = 10.2), lived in the US, and
had a good performance record on previous tasks (minimum
85% approval rating).
Materials & Procedure The experiment was created using
Qualtrics online survey software and consisted of four
metaphor framing trials drawn from Thibodeau (2016),
presented in a randomized order. Each trial consisted of a
paragraph describing an issue framed using one of two
metaphors. For example, in one vignette crime was framed as
either a virus plaguing or a beast preying on a city. The three
other vignettes described politics (as theater or war), research
(as working on a puzzle or climbing a mountain), and sport (a
billiards player was framed as an assassin or detective). Each
of these vignettes elicited a reliable metaphor framing effect
in prior work (Thibodeau, 2016; see Appendix for paragraphs
and response options). The particular metaphor a given
participant was exposed on each trial was randomly selected
from the two possible options.
We used a between-subjects design, as participants were
randomly assigned to one of three communication modality
conditions: (1) a Written condition, where they read the
vignettes on the screen, (2) an Audiovisual condition, where
they watched and listened to videos of a relatively likeable1,
30-something Caucasian male with glasses (the first author)
read the vignettes, or (3) an Auditory condition, where they
listened to the audio portion of these recordings but did not
view the accompanying video. The videos were filmed using
an Android smartphone and depicted the speaker from the
shoulders up against a black backdrop wearing a blue buttondown shirt and green corduroy blazer. Audiovisual stimuli
can be viewed at https://www.youtube.com/channel/
UC9LUbXADRIPAXAyUHfLGwpA.
After reading, watching, or listening to each
metaphorically framed vignette, participants were asked to

1

Likeability was indexed by past student teaching evaluations as
well as RateMyProfessor.com scores.
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respond to a target question about the issue by selecting from
one of two response options. Each response option was
designed to be congruent with one of the two metaphor
frames and included phrasing that extended the metaphor (see
Thibodeau, 2016). For example, on the Crime trial,
participants were asked, “Which of the following crime
reducing options do you think would be more likely to reduce
crime?” The response options included (1) “Treat the
problem by reforming educational practices and creating
after school programs” (congruent with the virus metaphor),
and (2) “Attack the problem by increasing street patrols that
look for criminals” (congruent with the beast metaphor). The
response screen was presented in a written format for all
participants.
After responding to all four metaphor framing trials,
participants completed a basic demographics questionnaire
and were thanked for their participation.

observing differences across conditions. However, by
presenting the extended metaphor in writing for all
participants, we may have inadvertently obscured the very
differences between the conditions that we had hoped to
engender (since all participants read a printed metaphor in
these responses). A related concern is that by extending the
metaphor into the response options, the observed effects may
have had more to do with lexical priming than metaphor
processing (Thibodeau & Boroditsky, 2011). In other words,
participants may have been drawn to a response option not
because it was conceptually congruent with a metaphorical
representation of the target issue, but because a keyword in
the response (e.g. “treat”) was processed more fluidly due to
lexical priming. Thus, the methodological decision to extend
the metaphor frame into the phrasing of the response options
represents a potential confound for interpreting our results.
In order to address this issue, we replicated this basic study
in Experiment 2 using response options for the target
questions that did not extend the metaphor frames (see
Appendix and Thibodeau, 2016). The design and hypotheses
for Experiment 2 were pre-registered on the Open Science
Framework: osf.io/gb9mx.

Results

Mean Prop. Metaphor-Congruent Responding

We calculated the proportion of times each participant
responded in a metaphor-congruent manner across the four
framing trials. Because there were only two response options,
the mean congruence score expected due to chance was 0.5.
Consistent with previous research, a single sample t-test
comparing mean proportion metaphor-congruent responding
to chance levels revealed a reliable, small-to-medium-sized
effect of metaphor framing, as participants responded in a
metaphor-congruent fashion 56.7% of the time overall, t(609)
= 6.63, p < 0.001, d = 0.272. A one-way ANOVA revealed
that this effect did not differ by condition, F(2, 607) = .62, p
= 0.54. In other words, the magnitude of the metaphor
framing effect did not significantly differ across
communication modalities. See Figure 1.

Discussion
In Experiment 1, we asked whether metaphor framing
effects differ across different communication modalities.
Participants read, heard, or watched videos of a man describe
four different issues, each of which was framed using one of
two unique metaphors. After each vignette, participants had
to answer a target question by selecting from between two
response options, one of which was congruent with the
metaphor frame they had been exposed to. Results revealed a
reliable metaphor framing effect that was consistent with the
results of previous studies (Thibodeau, 2016) but that did not
differ across conditions. This suggests that communication
modality does not significantly moderate the effect of
metaphor framing, at least for some communicators.
One noteworthy methodological issue in this study is that
the metaphor frames were extended into the phrasing of the
response options (which were always presented in print on
the screen). We chose to extend the metaphors in order to
maximize the size of the metaphor framing effect
(Thibodeau, 2016) and so we would have a greater chance of
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Figure 1. Mean proportion of metaphor congruent responses
overall and by condition for Experiments 1 and 2. Dotted line
represents chance level responding, while error bars represent
standard errors.

Experiment 2
Methods
Participants We recruited 603 new participants (48%
female) via mTurk. All participants were at least 18 years of
age (M = 35.3, SD = 11.1), lived in the US, and had a good
performance record on previous tasks (minimum 85%
approval rating).

2

We report the parametric statistical tests for clarity; nonparametric tests yield consistent results
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responding in the two experiments was similar across
communication modalities (F’s < 1.65, p’s > 0.19).
Item Analysis. Finally, we used a series of mixed-effect
logistic regression models to test for differences by item
(Jaeger, 2008). Of note, this approach also confirmed the
main effect of Experiment, χ2(1) = 3.96, p = .047: participants
were more likely to give a congruent response in Experiment
1 than in Experiment 2; this approach also confirmed that
responses did not differ by modality, χ2(2) = 3.23, p = .199;
nor was there an interaction between Experiment and
modality in the logistic regression model, χ2(2) = 2.04, p =
.361.
Including a predictor for domain (sport, crime, politics,
research) yielded a significant main effect, χ2(3) = 29.72, p <
.001. As shown in Figure 2, participants were less likely to
respond to the crime story with a metaphor-congruent
suggestion compared to the other issues. This may be due to
the fact that the crime vignette was slightly longer and
instantiated the metaphor frame less frequently than the other
paragraphs. That said, one goal of future work will be to
explore potential reasons for the variability across
domains/metaphors. The model did not reveal interactions
between item, Experiment, and communication modality,
χ2(15) = 18.38, p = .243.
Mean Prop. Metaphor-Congruent Responding

Materials & Procedure Experiment 2 was identical to
Experiment 1 with one critical exception: the phrasing of the
response options on each trial did not extend the metaphor
frames associated with the vignettes. For example, whereas
in Experiment 1 the response options on the Crime trial read
(1) “Treat the problem by reforming educational practices
and creating after school programs” and (2) “Attack the
problem by increasing street patrols that look for criminals,”
in Experiment 2 the response options on this trial read (1)
“Reform educational practices and create after school
programs” and (2) “Increase street patrols that look for
criminals.” Note that these response options are still
conceptually congruent with each of the two metaphor frames
(virus and beast, respectively), even though they no longer
extend the metaphorical language (see Appendix and
Thibodeau, 2016).
The only other change in Experiment 2 was that after
participants completed the metaphor framing trials we probed
their memory for the metaphors. We did this by presenting
the first sentence of each vignette in a written format on the
screen with a blank where the metaphorical phrasing would
go (e.g. “Crime is a [ ] the city of Addison"). Participants
had to type what they remembered about the sentence they
had observed into a box below each prompt. Initial analyses
of the memory data were inconclusive; in the interest of
clarity and space we do not consider these data further.

Results
As in Experiment 1, we calculated the proportion of times
each participant responded in a metaphor-congruent manner
across the four framing trials. Because there were only two
response options, the mean congruence score expected due to
chance was again 0.5.
Consistent with what we observed in Experiment 1, a
single sample t-test comparing mean metaphor-congruent
responding to chance levels revealed a small but significant
effect of metaphor framing, as participants responded in a
metaphor-congruent fashion 53.9% of the time overall, t(602)
= 3.81, p < 0.001, d = 0.16. A one-way ANOVA revealed that
this effect did not differ by condition, F(2, 600) = 2.05, p =
0.13. In other words, as in Experiment 1, the magnitude of
the metaphor framing effect did not significantly differ across
communication modalities. See Figure 1.
Combined Analysis. We also ran a 2 (Experiment: 1 vs. 2)
X 3 (Communication Modality: Written vs. Audiovisual vs.
Auditory) factorial ANOVA with proportion metaphorcongruent responding as the dependent variable. This
analysis replicated the results of Thibodeau (2016), showing
that participants were more likely to be influenced by the
metaphor frame when the metaphor was extended into the
language of the response options. That is, there was a
significant main effect of Experiment, as participants had a
higher proportion of metaphor-congruent responding in
Experiment 1 compared to Experiment 2, F(1, 1207) = 4.01,
p = 0.045. Neither the main effect of Condition, nor the
interaction between Experiment and Condition were
statistically significant, suggesting that the overall pattern of

0.7

0.6

Written (n = 418)
Audiovisual (n = 394)
Auditory (n = 400)

0.5

0.4

0.3

Billiards

Crime

Politics

Research

Metaphor Framing Issue

Figure 2. Mean proportion of metaphor congruent responses
by metaphor framing issue for each communication modality
condition, collapsed across Experiments 1 and 2. Dotted line
represents chance level responding.

Discussion
The results of Experiment 2 replicated what we observed
in Experiment 1, as we found a reliable metaphor framing
effect that did not significantly differ across communication
modalities. Since the response options in Experiment 2 did
not extend the metaphor frames we used in the vignettes, this
particular methodological concern cannot account for the
results of our two studies. This provides stronger evidence
that the efficacy of metaphor framing does not much differ
across communication modalities.
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We also replicated the results of Thibodeau (2016), who
showed that metaphor framing effects are stronger when the
metaphor frame is extended into the language of the response
options. In this case, the proportion of metaphor-congruent
responding was significantly higher in Experiment 1
(56.7%), where the metaphors were extended, than in
Experiment 2 (53.9%), where they were not.

yet high-quality, data? Perspectives on psychological
science, 6(1), 3-5.
Chaiken, S., & Eagly, A.H. (1976). Communication modality
as a determinant of message persuasiveness and message
comprehensibility. Journal of personality and social
psychology, 34, 605-614.
Chaiken, S., & Eagly, A.H. (1983). Communication modality
as a determinant of persuasion: the role of communicator
salience. Journal of personality and social psychology,
41, 241- 256.
Corston, R., & Colman, A. M. (1997). Modality of
communication and recall of health-related information.
Journal of Health Psychology, 2, 185-194.
Dempsey, J. (2016, June 27). Brexit’s hangover. Retrieved
from:
http://carnegieeurope.eu/strategiceurope/?fa=63915
Elmore, K. C., & Luna-Lucero, M. (2017). Light Bulbs or
Seeds? How Metaphors for Ideas Influence Judgments
About Genius. Social Psychological and Personality
Science, 8(2), 200-208.
Flusberg, S. J., Matlock, T., & Thibodeau, P. H. (2017).
Metaphors for the war (or race) against climate
change. Environmental Communication, 1-15.
Flusberg, S. J., Matlock, T., & Thibodeau, P. H. (2018). War
metaphors in public discourse. Metaphor & Symbol,
33(1), 1-18.
Furnham, A., & Gunter, B. (1989). The primacy of print:
Immediate cued recall of news as a function of the
channel of communication. The Journal of general
psychology, 116(3), 305-310.
Furnham, A., De Siena, S., & Gunter, B. (2002). Children's
and adults' recall of children's news stories in both print
and audio-visual presentation modalities. Applied
Cognitive Psychology, 16(2), 191-210
Furnham, A., Gunter, B., & Green, A. (1990). Remembering
science: The recall of factual information as a function
of the presentation mode. Applied Cognitive
Psychology, 4(3), 203-212.
Jaeger, T. F. (2008). Categorical data analysis: Away from
ANOVAs (transformation or not) and towards logit
mixed models. Journal of Memory and Language, 59(4),
434-446.
Keefer, L.A., Landau, M.J., Sullivan, D., & Rothschild, C.K.
(2014). Embodied metaphor and abstract problem
solving: testing a metaphoric fit hypothesis in the health
domain. Journal of Experimental Social Psychology, 55,
12-20.
Lakoff, G. (2008). The political mind. New York:
Viking, 176, 93-98.
Lakoff, G, & Johnson, M. (1980). Metaphors we live by.
Chicago, IL; University of Chicago press.
Litman, L., Robinson, J., & Abberbock, T. (2017).
TurkPrime.com: A versatile crowdsourcing data
acquisition
platform
for
the
behavioral
sciences. Behavior research methods, 49(2), 433-442.
Logan, N. (2016, June 24). Brexit hangover: Some leave
voters rethinking what they did. Retrieved from:

General Discussion
When a journalist describes the aftermath of the Brexit
decision as a public hangover, it calls to mind a world where
many people have negative, remorseful feelings towards the
leave decision. Research on metaphor processing suggests
that people who read an article that frames the issue in this
way would be automatically inclined to draw inferences
based on this construal, affecting everything from their own
attitudes towards Brexit to their desire for another
referendum (Flusberg et al., 2018; Thibodeau et al., 2017).
One significant limitation in the experimental literature on
metaphor framing is the fact that these studies have relied
almost exclusively on written materials. This is notable, as
people regularly encounter metaphors in a variety of different
communication modalities, which has been shown to affect
message processing and persuasiveness (e.g., Chaiken &
Eagly, 1976; 1983; Furnham, & Gunter, 1989; Sparks et al.,
1998). In the present study, we addressed this issue by
implementing a basic metaphor framing task in different
communication formats.
Across two experiments, participants read, heard, or
watched a person describe four different issues framed with
one of two unique metaphors. After each vignette, they had
to select from two response options to address a target
question, one of which was congruent with the metaphor
frame they had observed. Results revealed a significant,
similarly-sized effect of metaphor framing in all conditions,
suggesting that communication modality does not moderate
the efficacy of metaphor framing. This was true whether the
metaphor frame was extended in the language of the response
options (Experiment 1), or not (Experiment 2), suggesting
that neither lexical priming nor reading metaphorical
language is sufficient to explain our results. However, we did
replicate the finding that extending the metaphor leads to
enhanced metaphor framing overall (Thibodeau 2016).
The current studies also suggest several avenues for future
research. For example, metaphors may be more persuasive in
an auditory or audiovisual format when spoken by a more
likable person, or by a person with higher social status. In
future work, we plan to manipulate features of the
communicators to explore such possibilities. We also hope to
explore why some metaphors and domains are more likely to
elicit metaphor framing effects than others. And we are
interested in testing whether certain people are more likely to
be influenced by metaphors than others.
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2. Increase street patrols that look for criminals (congruent
with beast)
Politics. The Democrats and Republicans have been {playing
political theater / fighting a battle} with each other in which
both parties seem more interested in {performing dramatic
monologues / attacking their opponent} than engaging with
difficult policy questions. Congress has passed roughly 80%
fewer bills in recent terms than it did in the ‘70s and ‘80s.
Which of the following do you think would be more likely to
change the culture in Washington?
Experiment 1 Response Options
1. Close the curtain on the saga by ending the 24-hour
media coverage of politicians (congruent with theater)
2. Bring a truce to the war by forcing politicians to
acknowledge their common obligation (congruent with
battle)
Experiment 2 Response Options
1. End
the
24-hour
media
coverage
of
politicians (congruent with theater)
2. Force politicians to acknowledge their common
obligations (congruent with battle)
Research. Dr. Roy is a cancer researcher. When she does her
work, she imagines herself {working on a puzzle—pondering
how to make the pieces fit together / scaling a mountain—
slowly but surely planting one foot in front of the other}. She
seeks to make a positive impact on the scientific
community—to extend our understanding of the disease and
methods for treatment. Which of the following would you
predict of the researcher?
Experiment 1 Response Options
1. Looks for connections by testing completely novel
theories (congruent with puzzle)
2. Gains ground by using methods that are simple to follow
(congruent with mountain)
Experiment 2 Response Options
1. Tests completely novel theories (congruent with puzzle)
2. Uses methods that are simple to follow (congruent with
mountain)

Appendix: Experimental Stimuli
Crime. Crime is a {virus plaguing / beast preying on} the
city of Addison. Five years ago Addison was in good shape,
with no obvious vulnerabilities. Unfortunately, in the past
five years the city's defense systems have weakened, and the
city has succumbed to crime. Today, there are more than
55,000 criminal incidents a year—up by more than 10,000
per year. There is a worry that if the city does not regain its
strength soon, even more serious problems may start to
develop. The city's officials know that they have to change
certain policies in response to the problem, but they aren't
sure which policies to change or how much to change them.
Which of the following crime reducing options do you think
would be more likely to reduce crime?
Experiment 1 Response Options
1. Treat the problem by reforming educational practices
and creating after school programs (congruent with
virus)
2. Attack the problem by increasing street patrols that look
for criminals (congruent with beast)
Experiment 2 Response Options
1. Reform educational practices and create after school
programs (congruent with virus)

Sport. Aaron is the {detective / sniper} of the billiards world.
He feels like he can {be a sleuth uncovering clues to unlock
a game / eye the table like an assassin targeting a line of
shots}. He can often sink several balls in a row, winning
before their opponent has any real chance to take a shot of
their own. What do you think the player is more likely to focus
on when he’s playing?
Experiment 1 Response Options
1. Deciphering a sequence of several shots (congruent with
detective)
2. Locking the current shot in his crosshairs (congruent
with sniper)
Experiment 2 Response Options
1. Setting up a sequence of several shots (congruent with
detective)
2. Making the current shot (congruent with sniper)
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Abstract

Canadians who viewed a graph where Whites were estimated
to eventually comprise less than 50% of the national
Canadian population expressed more anger and fear of racial
minorities compared to respondents who viewed a graph
depicting a projected future White majority (Outten et al.,
2012). Similarly, Craig and Richeson (2014a, 2014b) found
that exposure to changing racial demographics in the US led
to greater explicit and implicit racial bias, as well as a
conservative shift in White Americans’ social and political
attitudes. This literature has now demonstrated that a broad
range of threatening circumstances––including group status
threat, threats to the stability of the social system, terrorism,
rising immigration, and death anxiety––are all associated
with various manifestations of political conservatism (e.g.
Jost, et al., 2003; Major, et al., 2016).
Theories of legitimacy in the social and political sciences
argue that anti-minority attitudes and a shift toward
conservatism are reactions to a perceived challenge that racial
diversity represents to White Americans’ position and power
in the current system (Jost, Glaser, Kruglanski, & Sulloway,
2003). This possibility is supported by the observation that
telling White Americans that impending demographic
changes will not impact the existing power structure amongst
racial groups in the US eliminates the conservative shift in
these studies (Craig and Richeson, 2014).
Interestingly, one recent study suggests that impending
demographic changes in the US are only perceived as a threat
by Americans who identify strongly with their White
ethnicity (Major et al., 2016). Specifically, for Whites high in
ethnic identification, exposure to information on the
imminent increase in US diversity predicted increased
support for Donald Trump and anti-immigrant policies and
caused more concern for the future of Whites in America. For
Whites low in ethnic identification, on the other hand,
exposure to data on impending demographic changes had, if
anything, the opposite effect––causing a decrease in support
for Trump. This reveals that demographic changes are not
threatening in and of themselves to White Americans, even if
they do signal a loss in majority position and power. Rather,
the perceived threat depends in a principled way on how
White Americans conceptualize their own ethnic identity.
In a parallel fashion, we hypothesized that the perceived
threat of demographic changes should also depend on how
people conceptualize the economy. In his 2016 campaign for
president, Donald Trump painted a bleak picture of society,
where limited resources are being taken away by immigrants,
damaging the lives of hard-working Americans. This reflects
a competitive, zero-sum conception for how the economy

Folk theories guide behavior and shape how people make sense of
their environment. We investigated whether folk economic beliefs
would moderate the widely publicized finding that people show a
conservative shift in their politics when their majority status in
society is threatened. Across three experiments, participants read
about either projected demographic changes (threat) or changes in
online dating (control), indicated whether they viewed the economy
as a zero- or non-zero-sum system, and responded to measures of
sociopolitical attitudes. Compared to controls, participants in the
threat condition who conceptualized the economy in zero-sum terms
supported more conservative policies. However, those who
conceptualized the economy in non-zero-sum terms actually
endorsed more liberal positions in this condition. These effects
obtained only when participants expressed their economic views
before their political attitudes. This suggests folk economic beliefs
shape how people respond to threats to their majority status,
provided those beliefs are first made explicit.
Keywords: folk theories; folk economics; zero-sum bias; group
threat; demographics shifts; political attitudes; metaphor

Introduction
Cloistered academics aren’t the only ones who contemplate
complex subjects like physics, biology, economics, and
psychology (despite what the lonely feelings aroused by
lecturing to a hall of disinterested undergraduates seem to
suggest). As we go about our daily lives, we all develop
intuitive folk (or lay) theories (i.e., organized conceptual
schemas) for how the world works that guide behavior and
organize how we make sense of, respond to, and learn from
our environments (Furnham, 1988). Folk theories are often
markedly different from formal scientific theories and they
can vary across individuals and groups, though research
suggests their structure is constrained by well-understood
cognitive, developmental, and evolutionary mechanisms
(Boyer & Peterson, 2017; Gelman & Legare, 2011).
While a great deal of work has focused on illuminating the
origins and nature of folk theories in a variety of domains
(e.g. biology, physics, psychology, etc.), relatively little
attention has been paid to the role that individual folk theories
play in shaping how people respond to social information.
Consider the important and widely publicized finding that
members of majority groups tend to show a conservative shift
in their politics and an increase in racial hostility when they
are exposed to information that threatens their majority group
status (e.g. Craig & Richeson, 2014a; 2014b; Danbold &
Huo, 2015; Major, Blodorn, & Blascovich, 2016; Outten,
Schmitt, Miller, & Garcia, 2012). For example, White
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works, which is an especially common folk economic belief
(Pascal & Boyer, 2017; Rubin, 2003). In contrast, in his final
address to the public as President, Barack Obama argued that
the changing demographic landscape could be viewed as an
economic opportunity that would lead to a prosperous future.
This reflects a more cooperative, non-zero-sum conception of
the economy.
In the run up to the 2016 general election, we reasoned that
the impending increase in ethnic diversity in the US would
only feel threatening to those who, like Trump, view the
economy as a competitive, zero-sum game. For others,
following Obama, the idea of a more diverse America might
signal the advent of new ideas, growth, and prosperity. In
other words, we hypothesized that the effect of exposure to
impending demographic shifts on social and political
attitudes may depend on people’s folk economic beliefs, and
on whether they view the economy as a competitive or
cooperative system.
We tested this possibility across three experiments.
Following Craig and Richeson (2014a; see also Major et al.,
2016), White Americans read about either projected racial
demographic changes (threat condition) or changes in online
dating statistics (control condition) before responding to a
series of measures of social and political attitudes. They also
indicated whether they saw the US economy as a competitive,
zero-sum system or a more cooperative, non-zero-sum
system by selecting between two metaphors for thinking
about the current state of the economy. Our results offer new
insights into the relationship between folk beliefs and the
perception of threat associated with challenges to majority
status. Data and materials for all three experiments are
available on the Open Science Framework (osf.io/d5fpn/).

either impending changes to the demographic profile of the
United States (threat condition) or recent changes to the
demographic profile of online daters (control condition).
Specifically, the threatening report described an increase in
the U.S. population by 2050 and attributed it largely to
immigrants and their descendants, leaving Whites with a
majority-minority share of the U.S. population. The report on
online dating was selected from the Pew Research Center’s
website to serve as a neutral contrast to the threatening report.
It was edited to parallel the threatening report in overall
structure and described a recent increase in the number of
Americans using online dating websites and apps.
Experiment 1b only differed from Experiment 1a with
respect to the details of the control report, which was
modified to better match the threatening report. Specifically,
all numbers were changed to match those in the threatening
report, the text was altered to describe expected future
changes to the demographic profile of online daters, and the
increase in online daters amongst 18-24-year-olds was
described as happening at the expense of the other group (2554-year olds) to mirror the tradeoff in population share
between Hispanics and non-Hispanic Whites in the threat
condition.
After reading the report, participants in Experiment 1a
filled in the values of some of the key changes described in
the report. These comprehension questions were modified in
Experiment 1b for both conditions in order to encourage
people to read the reports. In contrast to Experiment 1a,
participants in Experiment 1b did not have access to the
report when answering the questions. Instead, they had to
answer from memory and were asked broadly about the
direction of expected changes as opposed to their magnitude.
Folk Economic Beliefs To efficiently capture folk beliefs
about the economy, participants then chose which of two
metaphors they believed best describes (1) the current nature
of the U.S. economy, and (2) the ideal nature of the U.S.
economy1. People often use metaphors to communicate and
think about complex and abstract subjects because they
leverage structured knowledge of a familiar source domain to
guide reasoning about a target domain (Lakoff & Johnson,
1980). Importantly, recent work suggests that the metaphors
people endorse for a specific topic (e.g. whether police
officers are guardians or warriors of a community) can
reliably predict a host of structured attitudes and beliefs
(Thibodeau, Crow, & Flusberg, 2016).
In the present study, participants chose either (1) a
competitive, zero-sum metaphor, which likened the economy
to a pie of fixed size (“The US economy can be thought of as
a giant pie. Everyone is competing for the same set of jobs or
the same pot of money, and not everyone will come away with
their slice”), or (2) a more cooperative, non-zero-sum
metaphor, which likened the economy to a boundless forest
(“The US economy can be thought of as a forest wilderness.
The more diverse the ecosystem (that is, the more unique

Experiments 1a & 1b
Methods
Participants We recruited 400 people for each Experiment
through Amazon’s Mechanical Turk in exchange for
payment. Participants who identified as White were
submitted to all analyses (300 in Experiment 1a and 303 in
Experiment 1b). See Table 1 for a summary of demographic
information for all experiments.
Table 1: Demographic information for each experiment
Sampled
Analyzed
Female
Mean Age
Democrats
Independents

Expt 1a
400
300
44%
37.5
40%
37%

Expt 1b
400
303
51%
34.5
44%
36%

Expt 2
400
279
48%
34.9
38%
40%

Stimuli & Procedures In Experiment 1a, participants first
read one of two Pew Research Center reports that described
1
Participants overwhelmingly chose the non-competitive forest
metaphor to represent the ideal economy across our three
experiments (>82% in each study). Because our primary concerns

related to folk beliefs about the current economy, we do not consider
these data further in our analyses.
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animals and plants there are), the lusher it will grow and the
faster it will spread to new areas”).
A norming study confirmed our intuitions about the
relative competitiveness of the two metaphors. A separate set
of 50 subjects rated each metaphor on a 1 (extremely
competitive) to 7 (extremely cooperative) scale. People
thought the pie metaphor was more competitive than not
(Mpie=2.10, SDpie=1.66; t(49)=-8.11, p<.001, d=1.15, 95%
CI=[1.63, 2.57]), whereas the forest metaphor was more
cooperative than not (Mforest=5.42, SDforest=1.70; t(49)=5.90,
p < .001, d = 1.42, 95%CI=[4.94, 5.90), and these ratings
differed reliably from one another (Mdiff=-3.32, t(49)=-8.11,
p<.001, d=1.15, 95%CI=[-4.14, -2.50]).
Dependent Measures Next, participants completed a
series of three questionnaires asking about their support for
political policies, outlook for the future welfare of different
groups, and nationalism. The policy questions were adapted
from Craig and Richeson (2014b). Participants indicated the
degree to which U.S. policies related to immigration,
diversity, the economy, and social issues should be changed
on a 1 (decreased) to 5 (increased) scale. Our norming study
confirmed that people believe that increased immigration,
diversity, federal assistance to the poor, and liberal social
reforms have better implications for Americans under a nonzero-sum “forest” economy than under a zero-sum “pie”
economy. The future outlook measure was adapted from a
Pew Research Center poll (2014); participants used a fivepoint scale to rate whether they expected the next generation
of specific groups of Americans to be much worse off (1) or
much better off (5) than their parents. We adapted the
nationalism measure from the 2013 International Social
Survey Program (ISSP). Participants were asked to consider
what it meant to be “truly American” across seven items.
Participants rated how important each item was to them on a
1 (not important at all) to 5 (extremely important) scale.
Finally, participants completed a series of demographics
questions: age, race, gender, employment status, political
ideology (continuous measure on a -5=strongly liberal to
5=strongly conservative scale), political affiliation,
educational background, and economic well-being.

that people who preferred the forest metaphor (i.e., those who
hold non-zero-sum folk beliefs about the economy) held a
brighter outlook for the welfare of future generations of
Americans (Mforest=3.14, SDforest=0.73, 95% CI=[3.02, 3.26];
Mpie=2.92, SDpie=0.70, 95%CI=[2.79, 3.05]; F(1,296) =8.09,
p=.005, hp2=.027), and expressed less nationalism
(Mforest=3.25, SDforest=0.88, 95%CI=[3.11, 3.39]; Mpie=3.51,
SDpie=0.76, 95%CI=[3.39, 3.63]; F(1,296)=6.76, p=.010,
hp2=.022) than did people who preferred the pie metaphor
(i.e., those who hold zero-sum folk beliefs about the
economy). People’s views of the economy did not influence
their political policy positions in this experiment (Mforest=
3.44, SDforest=0.79, 95%CI=[3.31, 3.57]; Mpie=3.34,
SDpie=0.79, 95%CI=[3.21, 3.47]; F(1,296)=0.82, p=.365,
hp2=.003).
Although the results of the overall MANOVA do not
license further tests of the interaction between condition and
metaphor, we include them here as exploratory analyses and
to facilitate comparisons between patterns in the data from
Experiment 1a and the results of Experiment 1b. It appears
that the marginally significant interaction in the overall
model was largely driven by the political policy positions
measure; the conservative shift in political policy positions as
a function of threat depended on one’s view of the economy,
F(1,296)=7.00, p=.009, hp2=.023. This relationship was not
statistically significant for future outlook (F(1,296)=0.95,
p=.331, hp2=.003) or nationalism (F(1,296)=2.98, p=.086,
hp2=.010). Descriptive statistics from all experiments are
shown in Figure 1.
Analysis of 1b We submitted all the data to a 2(condition:
threat vs. control) x 2(metaphor preference: pie vs. forest)
factorial MANOVA with all three dependent measures as
outcome variables. The overall model revealed a significant
main effect of metaphor, F(3,298)=16.13, p<.001, hp2=.140.
The main effect of condition did not reach significance
(F(3,297)=1.14, p=.332, hp2=.011). Importantly, there was a
significant interaction between condition and metaphor,
F(3,297)=5.63, p=.001, hp2=.054.
Separate ANOVAs for each DV revealed that people who
preferred the non-competitive (forest) metaphor for the U.S.
economy were more liberal in their political policy position
(Mforest=3.61, SDforest=0.63, 95% CI=[3.51, 3.71]; Mpie=3.30,
SDpie=0.70, 95%CI=[3.19, 3.41]; F(1,299)=17.11, p<.001,
hp2=.054), held a brighter outlook for the welfare of future
generations of Americans (Mforest=3.26, SDforest=0.68,
95%CI=[3.15, 3.37]; Mpie=2.94, SDpie=0.69, 95%CI=[2.83,
3.05]; F(1,299)=16.59, p<.001, hp2=.053), and expressed less
nationalism (Mforest=3.26, SDforest=0.64, 95%CI=[3.16, 3.37];
Mpie=3.67, SDpie=0.78, 95%CI=[3.55, 3.79]; F(1,299)=25.46,
p<.001, hp2=.078) than did people who preferred the
competitive, zero-sum (pie) metaphor.
An ANOVA revealed that there was a significant
interaction between condition and economic metaphor
preference on people’s political policy positions (F(1,299)=
11.51, p=.001, hp2=.037) and on their outlook for the
wellbeing of future generations of Americans (F(1,299)=
7.61, p=.006, hp2=.025). Specifically, people who preferred

Results
Analysis of 1a Our primary goal was to examine whether
the consequences of threatening a person’s group status
depends on how they conceptualize the economy. To test our
hypotheses on the political policy, future outlook, and
nationalism measures simultaneously, we submitted the data
to a 2(condition: threat vs. control) x 2(economy metaphor:
pie vs. forest) factorial MANOVA with all three dependent
measures as outcome variables. The overall MANOVA
revealed a significant main effect of economic metaphor
preference, F(3,294)=5.14, p=.002, hp2=.050. The main
effect of condition did not reach statistical significance
(F(3,294)=2.59, p=.053, hp2=.026), nor did the interaction
between metaphor and condition, F(3,294)=2.62, p=.051,
hp2=.026.
Separate ANOVAs for each dependent measure revealed
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the pie metaphor for the U.S. economy showed a conservative
shift in their political policy positions in the threat condition
relative to the control condition, t(158)= 3.12, p=.002,
d=0.50, 95%CIdiff=[-0.55, -0.12]. Similarly, people who
preferred the pie metaphor for the U.S. economy had a
bleaker future outlook for the country in the threat condition
relative to the control condition, t(158)=2.25, p=.026,
d=0.36, 95%CIdiff=[-0.46, -0.03]. In contrast, people who
preferred the forest metaphor were, if anything, slightly more
liberal in their political policy positions in the threat condition
relative to the control condition, though this difference did
not reach significance, t(141)=1.68, p=.094, d=0.28,
95%CIdiff=[-0.03, 0.38]. And people who preferred the forest
metaphor had, if anything, a slightly brighter (though not
significantly so) future outlook for the country in the threat
condition relative to the control condition, t(141)=1.67,
p=.097, d=0.28, 95%CIdiff=[-0.03, 0.41]. There was no
interaction between condition and metaphor for the
nationalism measure, F(1,299)=0.97, =.326, hp2=.003.
Combined analysis of Experiments 1a and 1b We
conducted three 3-way ANOVAs, one for each dependent
measure, to test whether the interaction between condition
and metaphor differed between Experiments 1a and 1b (i.e.,
we tested for three-way interactions between condition,
metaphor, and experiment for each dependent measure). The
interaction between condition and metaphor did not
significantly differ between Experiments 1a and 1b on any
measure (all p’s>.250). Therefore, we combined the data
from Experiments 1a and 1b and analyzed the resulting
pooled dataset. This analysis included the full factorial
MANOVA structure from previous analyses.
As before, the overall model revealed a significant main
effect of metaphor (F(1,593)=3.32, p=.019, hp2=.017), and a
significant interaction between metaphor and condition
(F(1,593)=3.31, p=.020, hp2=.016), both of which we
examined further. There was no main effect of condition,
F(1,593)=1.02, p=.383, hp2=.005.
Only on the nationalism measure did people’s overall
responses depend on the metaphor they chose for the U.S.
economy. People who chose the pie metaphor (Mpie=3.59,
SDpie=0.77, 95%CI=[3.50, 3.68]) endorsed more nationalistic
views than people who chose the forest metaphor
(Mforest=3.25,
SDforest=0.77,
95%CI=[3.16,
3.34]),
F(1,595)=4.70, p=.031, hp2=.008. Once again, the
conservative shift in the threat condition relative to the
control condition depended on which metaphor participants
preferred for the U.S. economy on both the political policies
measure (F(1,595)=5.52, p=.019, hp2=.009) and the future
outlook measure (F(1,595)=5.30, p=.022, hp2=.009).
Further analyses revealed that people who preferred the pie
metaphor were more conservative in their political policy
positions in the threat condition (M=3.16, SD=0.72) relative
to the control condition (M=3.49, SD=0.73), t(305) =3.94,
p<.001, d=0.45, 95%CIdiff=[-0.49, -0.16]. In contrast, people
who preferred the forest metaphor were significantly more
liberal in their political policy positions in the threat
condition (M=3.61, SD=0.75) relative to the control condition

(M=3.44, SD=0.68), t(294)=2.13, p=.034, d=0.25,
95%CIdiff=[0.14, 0.34]. On the future outlook measure,
however, people who preferred the pie metaphor had a
similar (though slightly more conservative) future outlook for
the country in the threat condition (M=2.90, SD=0.69)
relative to the control condition (M=2.97, SD=0.73),
t(305)=0.89, p=.373, d=0.10, 95%CIdiff=[-0.23, 0.09]. In
contrast, people who preferred the forest metaphor had a
significantly brighter future outlook for the country in the
threat condition (M=3.32, SD=0.67) relative to the control
condition (M=3.08, SD = 0.72), t(294)=3.02, p=.003, d=0.35,
95%CIdiff=[0.08, 0.40]. The interaction between threat
condition and metaphor did not depend on political ideology,
and threat condition did not reliably influence metaphor
preference in any experiment.

Figure 1: (A) Degree to which participants supported an
increase in liberal political policies across experiments. (B)
Degree to which participants thought the next generation of
Americans would be better off than their parents. (C) Degree
to which participants endorsed nationalistic views. Error bars
represent 95% confidence intervals.

Discussion
We reasoned that exposure to changing demographics in
the US would cause White Americans who conceptualize the
economy as a zero-sum, competitive system to become more
conservative in their sociopolitical attitudes. The results of
two nearly identical experiments supported this hypothesis,
showing that participants who read about changing
demographics endorsed more conservative policies than
reading about changes in a more benign social domain (online
dating). In addition, we found some evidence that
demographic threat may also lead to a bleaker outlook for the
welfare of future generations of Americans.
However, the thought of changing demographics does not
cause all White Americans to feel threatened. Consistent with
our hypothesis, only people who endorsed a zero-sum folk
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economic theory in our combined analysis (i.e., those who
selected the pie metaphor as more representative of how the
economy works) showed a conservative shift in the threat
condition relative to the control condition. In fact, reading
about changing demographics resulted in a liberal shift in
political policy positions for people who saw the economy as
a non-competitive system (i.e., those who selected the forest
metaphor). And those same people also had a brighter
outlook for the future of the country in the threat condition
relative to the control condition. It appears that White
Americans with a competitive view of the economy see their
share of the pie shrinking as the proportion of minorities in
the US increases and therefore endorse policies that protect
their group status. Indeed, our analysis revealed that
perceiving the economy as a competitive system was
associated with greater nationalism across both conditions.
Conversely, White Americans with a non-competitive view
of the economy see economic opportunity in a rising minority
share of the US population and endorse policies that promote
greater diversity.
One notable feature of the design of Experiments 1a and
1b is that we always asked the metaphor preference questions
before gauging participants’ political attitudes. It is possible,
therefore, that the interaction we observed between threat
condition and folk economic beliefs only obtained because
people were actively thinking about how they viewed the
economy before they responded to our dependent measures.
To address this possibility, in Experiment 2 participants
answered the economic metaphor questions after completing
the political policy, future outlook, and nationalism
measures.
If one’s view of the economy must be active in mind in
order to modulate the effects of demographic threat, then
there should be no interaction between condition and
metaphor in this version of the experiment. On the other
hand, if the results of Experiment 2 study mirror the results
of our first two experiments, then this would suggest that folk
economic beliefs may shape responses to social information
in a more pervasive and implicit fashion. This pattern of
results would also be consistent with the possibility that some
persistent trait of the individual, like competitiveness,
accounts for the interaction between condition and metaphor
that we observed in Experiments 1a and 1b (rather than folk
economic beliefs per se). If the metaphor questions capture
something stable about the individual, then there should still
be modulation of the threat effect as a function of economic
metaphor preference regardless of the order in which these
tasks are administered.

Stimuli and Procedure The stimuli and procedure for
Experiment 2 were identical to Experiment 1b, except that the
questions asking participants to choose which metaphor best
describes the economy were presented after participants
completed the political policy, future outlook, and
nationalism questionnaires. These data were collected
simultaneously with the data for Experiment 1b.

Results
We submitted all the data to a 2(condition: threat vs.
control) x 2(metaphor: pie vs. forest) factorial MANOVA
with all three dependent measures as outcome variables. The
overall model revealed a significant main effect of metaphor,
F(3,273)=4.36, p=.005, hp2=.046. The main effect of
condition did not reach significance, F(3,273)= 0.71, p=.546,
hp2=.008. Nor did the interaction between condition and
metaphor, F(3,273)=1.15, p=.328, hp2=.013. The effect of
metaphor was only significant on the nationalism measure,
F(1,275)=10.88, p=.001, hp2=.038. People who selected the
pie metaphor expressed more nationalistic views (M=3.50,
SD=0.80, 95%CI=[3.36, 3.64]) than did people who selected
the forest metaphor (M=3.18, SD=0.76, 95%CI=[3.06,
3.30]).
To the extent that one’s views of the economy must have
been recently considered in order to interfere with the threat
effect, the patterns in Experiment 2 should differ reliably
from Experiments 1a and 1b. To test this, we conducted three
3-way ANOVAs (one for each dependent measure) that
included the full structure of the models described previously,
plus a factor comparing Experiment 2 with the data from
Experiments 1a and 1b (collapsed). The three-way interaction
was significant for the political policy positions measure
(F(1,874)=4.12, p=.043, hp2=.005), but not for the future
outlook measure (F(1,874)=0.17, p=.681, hp2=.000) or
nationalism measure (F(1,874)=0.00, p=.962, hp2=.000).

Discussion
We found no evidence of an overall effect of reading the
threatening report relative to the neutral report, nor did we
find evidence of such an effect in either subgroup of people
who saw the economy as a zero- or non-zero-sum system.
Furthermore, the results differed reliably from the results
from Experiments 1a and 1b on the political policy positions
measure. It appears that one’s view of the economy does not
modulate the effect of reading a majority status threatening
paragraph on political attitudes unless it has been recently
explicitly considered.
Together, the results suggest that the question about how
one conceptualizes the economy is not capturing some type
of trait, like competitiveness, that spontaneously and
automatically influences people’s political and social
attitudes. Rather, the results are consistent with the idea that
activating one’s existing schema for how the US economy
works modulates the degree to which demographic changes
seem threatening in schema-consistent ways.

Experiment 2
Methods
Participants We recruited 400 people through mTurk in
exchange for payment. We used the same inclusion criteria
as in Experiments 1a and 1b, which left data from 279
participants for analysis.
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change how people think the economy works, and, as a result,
how threatening the shifting demographic landscape feels to
White Americans. Rubin (2003) suggests training in
economics may be necessary to achieve this goal. Our work
offers perhaps more efficient avenues for modulating the
effects of folk theories on a range of social and political issues
via metaphor framing (cf., Thibodeau et al., 2016). To the
extent that we can sharpen folk economic intuitions and
encourage people to conceive of society in cooperative terms,
as a boundless forest, it may be possible to enable more
constructive engagement between diverse groups.

General Discussion
The 2016 US presidential election raised important
questions about the social forces that shape political attitudes
(and voting behavior). As people have sought to explain
Donald Trump’s victory, pundits, journalists, and scholars
have pointed to the threat that White Americans may feel in
response to increasing ethnic diversity (and the
accompanying campaign rhetoric), and how this could drive
them towards conservative candidates. This possibility has
been borne out in recent empirical work, which suggests that
simply exposing White Americans to information about the
changing demographic landscape can lead to a conservative
attitude shift (Craig & Richeson, 2014b).
However, we hypothesized that this effect might depend on
people’s folk theories of the economy. In particular, a shift in
demographics should only feel threatening to people who
conceptualize the economy as a zero-sum system. Our results
were largely consistent with this hypothesis. White
Americans who read about the impending increase in the
minority share of the population expressed more support for
conservative policies and, if anything, felt that people would
be worse off in the future – but only if they conceptualized
the US economy as a competitive, zero-sum system (a
metaphorical pie). For participants who conceptualized the
economy in cooperative, non-zero-sum terms (as a
metaphorical wild forest), reading about a shift in racial
demographics had, if anything, the opposite effect.
Importantly, these effects, could not be explained by
participants’ preexisting political affiliations and they were
only reliable when participants indicated their folk economic
beliefs before reporting their political attitudes. This suggests
that the perceived threat of issues like immigration and
demographic changes interacts with folk economic beliefs,
provided these beliefs are first made explicit.
One concern is whether the two metaphors we used to
gauge folk economic beliefs are necessarily mutually
exclusive, and how this might affect how we interpret our
results. For instance, a pie need not be of fixed size, and
people may have more nuanced beliefs about how some
sectors of the economy are more competitive and resourcelimited than others. Although a fair point, we feel that, if
anything, this may have caused us to underestimate the
observed effects by preventing us from identifying people
who think both views of the economy have their place.
More broadly, our findings provide encouraging evidence
that impending demographic changes need not feel
threatening to all White Americans, as their impact depends
on people’s conceptual representations of the economy. More
notably, our study is the first to illustrate a liberal shift in
attitudes when participants regard such racial demographic
changes as occurring within the context of a non-cooperative
economic system. That is, White Americans with a
cooperative, non-zero-sum view of the world see opportunity
in a rising minority share of the US and as a consequence
endorse policies that promote diversity.
Of particular interest to researchers, policy makers, and
political actors may be the prospect of figuring out how to
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Abstract
Children tend to produce words earlier when they are connected to
a variety of other words along both the phonological and semantic
dimensions. Though this connectivity effect has been extensively
documented, little is known about the underlying developmental
mechanism. One view suggests that learning is primarily driven
by a network growth model where highly connected words in the
child’s early lexicon attract similar words. Another view suggests
that learning is driven by highly connected words in the external
learning environment instead of highly connected words in the early
internal lexicon. The present study tests both scenarios systematically in both the phonological and semantic domains, and across
8 languages. We show that external connectivity in the learning
environment drives growth in both the semantic and the phonological networks, and that this pattern is consistent cross-linguistically.
The findings suggest a word learning mechanism where children
harness their statistical learning abilities to (indirectly) detect and
learn highly connected words in the learning environment.
Keywords: semantic network, phonological network, network
growth, mechanism of word learning

Introduction
What factors shape vocabulary learning over the course of
early childhood? To investigate this question, scientists have
adopted multiple research strategies, from conducting controlled
laboratory experiments (e.g. Markman, 1990) to analyzing
dense corpora capturing language learning in context (e.g., B.
C. Roy, Frank, DeCamp, Miller, & Roy, 2015). One strategy
consists in documenting the timeline of words’ acquisition, and
studying the properties that make words easy or hard to learn. For
example, within a lexical category, words that are more frequent
in child-directed speech are acquired earlier (J. C. Goodman,
Dale, & Li, 2008). Other factors include word length, the mean
length of utterances in which the word occurs, and concreteness
(see Braginsky, Yurovsky, Marchman, & Frank, 2016).
Besides these word-level properties, the lexical structure
(that is, how words relate to each other) also influences the
age of acquisition of words. The lexical structure is best
characterized in terms of a network where each node represents
a word in the vocabulary, and each link between two nodes
represents a relationship between the corresponding pair of words.
Previous studies have investigated early vocabulary structure by
constructing networks using a variety of word-word relations
including shared semantic features, target-cue relationships in free
association norms, co-occurrence in child directed speech, and
phonological similarity. These studies have found that children
tend to produce words that have higher neighborhood density (i.e.,
high connectivity in the network) earlier, both at the phonological
and the semantic level (Engelthaler & Hills, 2017; Hills, Maouene,
Riordan, & Smith, 2010; Hills, Maouene, Maouene, Sheya, &
Smith, 2009; Stella, Beckage, & Brede, 2017; Storkel, 2009).
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While most studies have focused on the static properties of
the lexical network, a few have investigated the underlying
developmental process. In particular, Steyvers & Tenenbaum
(2005) suggested that the observed effects of connectivity are
the consequence of how the lexical network gets constructed
in the child’s mind. According to this explanation, known as
Preferential Attachment (PAT), highly connected words in the
child’s lexicon tend to “attract” more words over time, in a
rich-get-richer scenario (Barabasi & Albert, 1999). In other
words, what predicts word learning is the internal connectivity in
the child’s early lexicon. In contrast, Hills et al. (2009) suggested
that what biases the learning is not the connectivity in the child’s
internal lexicon but, rather, external connectivity in the learning
environment. They called this alternative explanation Preferential
Acquisition (PAC). Figure 1 shows an illustration of both growth
scenarios with the same simplified network. These two proposals
represent two divergent ideas about the role of lexical networks
in acquisition. On the PAT proposal, network structure is a causal
factor in early word learning; in contrast, on the PAC approach,
network structure is not internally represented and, therefore,
might be an epiphenomenon of the statistics of the linguistic input.

Figure 1: Illustration of the growth scenarios. Filled circles (I1-I4)
represent known words (internal), and empty circles (E1 and E2)
represent words that have not been learned yet (external). Black
lines represent links that are relevant in each growth scenario,
and gray lines represent links that are irrelevant. For PAT, the
utility of a candidate, external node is the average degree (i.e.,
number of links) of the internal nodes that it would attach to.
Thus, according to PAT, the node E1 is more likely to enter the
lexicon first. For PAC, the utility of a candidate node is its degree
in the entire network. According to PAC, the node E2 is more
likely to enter the lexicon first.
Studies that investigate lexical network growth have focused
on semantic networks using English data (Hills et al., 2010, 2009;
Steyvers & Tenenbaum, 2005). The novelty of the current study
is threefold: First, it investigates whether phonological networks,

like semantic networks, grow by PAC, or if they rather grow by
PAT. Second, it provides a systematic comparison of both network
growth scenarios in the phonological and the semantic domains
and assesses their relative contribution to the learning process.
Third, it tests the generality of the findings across eight languages.

Networks
Data
We used data from Wordbank (Frank, Braginsky, Yurovsky,
& Marchman, 2017), an open repository aggregating crosslinguistic language developmental data of the MacArthur-Bates
Communicative Development Inventory (CDI), a parent report
vocabulary checklist. Parent report is a reliable and valid
measure of children’s vocabulary that allows for the cost-effective
collection of datasets large enough to test network-based models
of acquisition (Fenson et al., 1994). We used the Words and
Sentences version of the CDI which contains the productive
vocabulary of toddlers (age varied between 16 to 36 months).
Following previous studies (Hills et al., 2009; Storkel, 2009), we
restricted our analysis to nouns. We defined the age of acquisition
of a given word by the month at which this word was produced
by at least 50% of children (J. C. Goodman et al., 2008), and
we excluded nouns that have not been learned (according to this
criterion) by the last month for which we have CDI data.
We obtained these nouns in eight languages: Croatian, Danish,
English, Italian, Norwegian, Russian, Spanish, and Turkish.
We used the subset of nouns that had entries in the Florida
Association Norms (see below). Since these norms are available
only in English, we used the hand-checked translation equivalents
provided by Braginsky et al. (2016), allowing us to use the
English association norms across languages. Table 1 gives an
overview of the data used. Translation equivalents were originally
constructed for a subset of words appearing on the toddler CDI
form, and so not all words are currently available. Note, however,
that all languages have at least 60% of nouns translated.
1
2
3
4
5
6
7
8

language
Croatian
Danish
English
Italian
Norwegian
Russian
Spanish
Turkish

total
253
295
296
311
305
311
240
293

translated
177
198
296
203
193
311
173
175

relatedness the Florida Free Association Norms (Nelson, McEvoy,
& Schreiber, 1998). This dataset was collected by giving adult
participants a word (the cue), and asking them to write the first
word that comes to mind (the target). For example, when given
the word “ball”, they might answer with the word “game”. A pair
of nodes were connected by a directed link from the cue to the
target if there was a cue-target relationship between these nodes
in the association norms. The connectivity of a given node was
characterized by its indegree: the number of links for which the
word was the target. To model growth from month to month,
we constructed a different network at each month, based on the
words that have been acquired by that month.

Phonological networks
We generated approximate International Phonetic Alphabet
(IPA) transcriptions from the orthographic transcription, across
languages, using the open source text-to-speech software Espeak.
We used the Levenshtein distance (also known as edit distance) as
a measure of phonological relatedness between two nodes. The
measure counts the minimum number of operations (insertions,
deletions, substitutions) required to change one string into another.
In previous studies, two nodes were linked if they had an edit
distance of 1 (e.g., Storkel, 2009). However, in these previous
studies the network was built using an adult vocabulary. In the
current study, however, network growth models are based on
the children’s early vocabulary which contains very few word
pairs with an edit distance of 1. When using this threshold, the
resulting networks were too sparse and uninformative. Thus,
we increased the threshold from 1 to 2, that is, two nodes were
related if their edit distance was equal to 1 or 2. The connectivity
of a given node was characterized with its degree: the number
of links it shares with other words.

Analysis
Static properties of the global network
We start by analyzing word connectivity in the global (static) network. We constructed this network using nouns learned by the
oldest age for which we have CDI data (e.g., in English this corresponds to the network by 30 months). This global network is the
end-state towards which both PAT and PAC should converge by
the last month of learning. Moreover, following Hills et al. (2009),
we used this end-state network as a proxy for the external connectivity in the learning environment. Below we analyze properties
of this global networks that are relevant to PAC and/or PAT.

normed
170
187
274
194
186
285
163
164

Connectivity predicts the age of acquisition Connectivity in
the global network is directly related to PAC as it represents the
explicit criterion PAC uses to determine what words should be
learned first (Figure 1). Therefore, a direct consequence of a
PAC-like growth scenario is a correlation between connectivity
in the global network and the age of acquisition.1 Figure 2 shows

Table 1: Total number of nouns produced by toddlers in the CDI
(left). We included in our study the subset of these nouns that had
available English translations (middle). The final set consisted
of nouns that had both available translations as well entries in
the Free Association Norms (right).

1 This correlation is also compatible with PAT, although the causality
is reversed. Indeed, from the perspective of this growth scenario, higher
connectivity in the global network is caused by earlier learning, not the
other way around. Some words end up being highly connected in the
global network precisely because they happen to be acquired earlier and,

Semantic networks
We constructed semantic networks following the procedure
outlined in Hills et al. (2009). We used as an index of semantic
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r=−0.23

r=−0.27

r=−0.3

Phono.

r=−0.3

r=−0.24

r=−0.27

r=−0.24

r=−0.24

r=−0.03

r=−0.4
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Figure 2: Age of acquisition in the global network as predicted by the degree in this network. Results are shown in each language
for phonological and semantic networks. Each point is a word, with lines indicating linear model fits.
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0.01
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1
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1
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1
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1
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1
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1

10

1

10

1

10

degree

Figure 3: Log-log plot of the cumulative degree distribution function for the global phonological and semantic networks across
languages. A perfect power-law distribution should appear as a straight line in this graph.
how the age of acquisition for each word varies as a function of
its degree (or indegree for the semantic network). For ease of visual comparison, the predictor (i.e., the degree) was centered and
scaled across languages. The plots show, overall, a negative correlation between the month of acquisition and the degree, indicating
that nouns with higher degrees are generally learned earlier.
Power-law degree distribution? We also analyzed the global
network’s degree distribution. The shape of this distribution is
particularly relevant to PAT as this growth scenario is known
to generate networks with a power-law degree distribution (i.e.,
a distribution of the form p(k) µ k1a , Barabasi & Albert, 1999).
If the network displays this property, this fact would suggest a
PAT-like generative process. Conversely, if the degree distribution
does not follow a power law, this fact would weaken the case for
PAT. The log-log plots are shown in Figure 3. We fit a power law
to each empirical degree distribution following the procedure outlined in Clauset, Shalizi, & Newman (2009) and using the related
R package (poweRlaw, Gillespie, 2015). In brief, the analysis
consisted in two steps. First, we derived the optimal cut-off, kmin,
above which the distribution is more likely to follow a power
law,2 and we estimate the corresponding scaling parameter a.
Second we calculated the goodness-to-fit, which resulted in a
p-value quantifying the plausibility of the model. Overall, we
could not reject the null hypothesis of a power-law distribution:
the p-value was generally above 0.1, except for the Italian
phonological network where we obtained p < 0.05, suggesting
that the power law can be ruled out in this particular case.
In sum, the static properties of the global network are a priori
therefore, have a higher chance of accumulating more links over time.
2 In natural phenomena, it is often the case that the power law applies
only for values above a certain minimum.
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compatible with both PAT and PAC. In order to decide between
these two developmental scenarios, we need to fit explicit growth
models to the data.

Network growth models
How does each growth scenario predict noun development?
To test the network growth scenarios, we fit different growth
models to the data. We calculated the probability that a word wi,
with a growth value di would enter the lexicon at a given month,
using a softmax function:
p(wi)=

ebdi
Â j ebd j

(1)

where b is a fitted parameter that captures the magnitude of the
relationship between network parameters and growth (analogous
to a regression coefficient). A positive value of b means that
words with higher growth values di are acquired first, and a
negative value means that words with lower growth values are
acquired first (see Figure 1 for an illustration of how growth
values di are defined in each growth scenario). The normalization
includes all words that could be learned at that month.
We estimated the parameter b using a Bayesian approach. The
inference was performed using the probabilistic programming
language WebPPL (N. Goodman & Stuhlmuller, 2014). We
defined a uniform prior over b, and at each month, we computed
the likelihood function over words that could possibly enter the
lexicon at that month, fit to the words that have been learned
at that month (using formula 1). Markov Chain Monte Carlo
sampling resulted in a posterior distribution over b, which we
summarized in Figure 4.

model

Croatian

Danish

English

Italian

semPAT
semPAC
phonoPAT
phonoPAC

Test
Norwegian

Russian

Spanish

Turkish

Combined
Individual

semPAT
semPAC
phonoPAT
phonoPAC
−0.25 0.00 0.25 0.50 −0.25 0.00 0.25 0.50 −0.25 0.00 0.25 0.50 −0.25 0.00 0.25 0.50

mean
Figure 4: Evaluation of network growth scenarios both individually (dotted), and when combined in the same growth model (solid).
Each dot represents the mean of the posterior distribution of the corresponding growth parameter, with ranges representing 95% credible
intervals (computed using the highest density intervals). Positive values mean that learning proceeds according to the predictions of
the growth scenario. Negative values mean that learning proceeds in opposition to the predictions of the growth scenario.
For the semantic networks, the results replicate Hills et al.’s
finding in English, which is that the semantic network grows by
PAC, not by PAT. Moreover, this finding holds in seven of the
eight languages we examined.3 The PAC model also fits better
than PAT for phonological networks. We note however that PAT,
though weaker, fares better for the phonological networks (where
it predicts part of the growth process in some languages such as
Croatian, English, Norwegian and Russian) than it does for the
semantic networks (where it is rather universally unpredictive).
What is the relative contribution of each growth model?
Above we evaluated the network growth scenarios individually.
As a next step, we analyzed their relative contribution to the learning process. This was done through adding more fitted parameters
to the model, that is, by substituting bdi in formula (1) with:
b1di,1 +b2di,2 +b3di,3 +b4di,4
where the indices represent the 4 networks: semPAT, semPAC,
phonoPAT and PhonoPAC. Using the same fitting technique, we
obtained the values shown in Figure 4. PAC dominates the learning. Both phonological and semantic networks contribute to lexical growth, but the phonological network appears to be stronger
and more consistent across languages. In summary, the findings
show that both semantic and phonological networks contribute to
the learning process, and that they both grow primarily by PAC,
relying on the external connectivity in the learning environment,
rather than the internal connectivity in the acquired lexicon.

Comparison to other predictors of age of acquisition
We saw that the way semantic and phonological information is
structured in the learning environment (i.e., PAC) contributes to
noun learning across languages. However, we know that other
factors influence learning as well (e.g., Braginsky et al., 2016).
Next we investigated how semantic and phonological connectivity
interact with two other factors. The first one is word frequency, a
well studied factor shown to predict the age of acquisition in a reliable fashion (e.g. J. C. Goodman et al., 2008). The second factor
is word length, which correlates with phonological connectivity.
Since PAT was uninformative, we dropped it from this analysis,
keeping only PAC. This simplified the model because we no
longer needed to fit growth month-by-month.4 A more direct way
to assess and compare the contribution of PAC in relation to other
word-level factors is through conducting linear regressions, where
connectivity in the learning environment, frequency and length
predict the age of acquisition.
We used the frequency estimates from Braginsky et al. (2016)
where unigram counts were derived based on CHILDES corpora
in each language.5 For each word, counts included words that
shared the same stem (e.g., “cats” counts as “cat”), or words that
were synonymous (e.g. “father” counts as “daddy”). For word
length, we counted the number of phonemes in our generated
IPA transcription.
We conducted two analyses. We fit a linear regression for
each language, and we fit a linear mixed-effect model to all the
data pooled across languages, with language as a random effect.
Figure 5 shows the coefficient estimate for each predictor in each
4 This was a requirement only for PAT where the words’ utilities
varied from month to month, depending on how connectivity changed
in the growing internal network.
5 Note that these frequency counts are based on transcripts from
independent sets of children and represent a general estimate of
environmental frequency across children.

3 One

could imagine that the fact of using English free association
norms cross-linguistically would decrease the effect of non-English
semantic networks because of possible cultural differences. However,
our findings do not support this assumption as the effects were generally
similar in magnitude cross-linguistically.
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Croatian

Danish

English

Italian

Norwegian

Russian

Spanish

Turkish
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semPAC
length
frequency
−2 −1

0

1

−2 −1

0

1

−2 −1

0

1

−2 −1

0

1

estimate
Figure 5: Estimates of predictor coefficients by language, with ranges indicating 95% confidence intervals. Positive values indicate
a positive relationship (e.g. longer words tend to have a higher AoA), while negative values indicate a negative relationship (e.g. words
with higher frequency tend to have a lower AoA).

Discussion
The present study provided a comprehensive analysis of how
lexical connectivity influences the age of acquisition of nouns
in toddlers. We compared two network growth scenarios and
assessed their relative contributions across eight languages. One
scenario, PAT, described a rich-get-richer network growth model
in which the structure of the learner’s internal network determines
future growth; the other, PAC, described a model in which the
external, global environmental network structure determines
learners’ growth patterns. Our findings largely replicate the results
obtained by Hills et al. (2009): Semantic networks grow by

preferential acquisition, not by preferential attachment. A novel
finding is that phonological networks also grow primarily by preferential acquisition. Moreover, both semantic and phonological
connectivity in the learning environment predict growth. These
findings generalize well across languages. When pitted against
other known predictors of age of acquisition (word frequency and
length), the effect of word connectivity shows a cross-linguistic
variation, predicting learning in some languages, but not in others.
Nevertheless, this cross-linguistic variability is to be taken with a
grain of salt as it might be exaggerated in our study by the limited
and partially-overlapping sample of nouns for each language. In
fact, both phonological and semantic connectivity are significant
predictors when data are pooled across languages.

phonoPAC

predictor

language, and Figure 6 shows the coefficient estimates for all
languages combined (all predictors were centered and scaled).
The findings were as follows. Overall, frequency is the largest
and most consistent predictor of age of acquisition, replicating
results for nouns across a variety of analyses (Braginsky et al.,
2016; J. C. Goodman et al., 2008; B. C. Roy et al., 2015). Word
length predicts learning in some languages such as Croatian and
Norwegian, but not in others (including English). It remains,
however, a significant predictor in the global model. As for the
factors of interest, i.e., semantic and phonological connectivity,
we also found cross-linguistic differences. Phonological
connectivity contributes to learning in languages such as Croatian,
English and Russian, whereas semantic connectivity contributes
to learning in Turkish, Spanish and to some extent in Croatian,
but not in English.6 Despite these cross-linguistic differences,
both phonological and semantic connectivity are significant
predictors in the combined model.

semPAC
length
frequency
−1.0

−0.5

0.0

0.5

estimate

6 Semantic connectivity does not explain variance in English data
beyond that explained by phonological connectivity, frequency and
length. This contrasts with the original finding in Hills et al. 2009.
However, in this previous study, semantic connectivity was not tested in
a model that included frequency, length and phonological connectivity as
covariates. Another important difference is the number of words tested:
Our study uses a larger set of nouns.
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Figure 6: Estimates of predictor coefficients in the combined
mixed-effect model with language as a random effect. Ranges
indicate 95% confidence intervals. Lighter points indicate
estimates of PAC predictors in a model that does not include
frequency and length as covariates.
Children start by learning words that have high semantic and
phonological similarity to a variety of other words in the learning
environment, not in the child’s available lexicon. This result
suggests that children are sensitive to connectivity even without

having first acquired the connected words. How can children
indirectly detect highly connected words, and why would such
words be more readily learned?
In the semantic case, the networks are based on free association
norms. These associations can be (partly) derived from the
patterns of word-word co-occurrence (e.g., Griffiths, Steyvers,
& Tenenbaum, 2007), i.e., two words are associated if they
co-occur in many different contexts. In a network structure,
highly connected words would be the words that co-occur with
many other words in various contexts. Why would such words be
easier to learn? One possibility, suggested by Hills et al. (2010),
is that the referents of these words are more easily disambiguated
from other potential referents because their presence in multiple
contexts provides more cross-situational, disambiguating statistics
about their true referents (Smith & Yu, 2008).
In the phonological case, connectivity is inherently correlated
with phonotactic probability (Vitevitch, Luce, Pisoni, & Auer,
1999). That is, highly connected words tend to be made of
frequent sound sequences. Even infants show a sensitivity for high
frequency sound sequences in the ambient language (Jusczyk,
Luce, & Charles-Luce, 1994). Moreover, phonotactic probability
facilitates learning and recognition (e.g., Storkel, 2001). In other
words, children’s sensitivity to local phonotactic regularities
might lead them to learn higher-probability words more easily.
This learning effect, in turn, would lead to an observed pattern of
growth that would appear to follow the PAC growth model even
though learners themselves would only be tracking local statistics.
Finally, while validating previous results using network growth
models, our study suggests that these correlational patterns may
emerge from the operation of simpler mechanisms in both the
semantic and phonological domains. One question for future
experimental work is whether such patterns of growth can be
produced in controlled behavioral experiments.
All data and code for these analyses are available
at https://github.com/afourtassi/networks
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Abstract

them to accommodate to the inferred language abilities of the
non-native speaker, adjusting their linguistic output to match
(their beliefs about) their partner’s linguistic system (Giles,
Coupland, & Coupland, 1991).
Asymmetric interactions of this type result in linguistic registers such as Child-Directed Speech and Foreigner
Talk (Snow & Ferguson, 1977; Ferguson, 1975). Rather than
modelling these registers for their own sake, our motivation
for studying this scenario arises from our interest in the effects of interaction on the complexity of linguistic systems.
Natural languages differ in the amount of complexity they
encode within a domain (e.g. number of case markings, noun
classes; size of phoneme inventories). Various authors have
suggested that this kind of variation in complexity may reflect systematic differences in the size or composition of the
populations in which those languages are spoken (e.g. Wray
& Grace, 2007; Lupyan & Dale, 2010; Trudgill, 2011; Bentz
& Winter, 2013). In the example of case, Bentz and Winter (2013) show across a sample of 66 languages that languages with more non-native speakers tend to have fewer distinct cases, and all languages with more than 50% non-native
speakers have no case system at all; Lupyan and Dale (2010)
suggest a similar link between the prevalence of non-native
speakers and morphological simplicity more broadly.
Why would languages with more non-native speakers be
simpler? Bentz and Winter (2013) speculate that native
speaker accommodation to non-native interlocutors might act
as a crucial linking mechanism: if non-native speakers tend
to imperfectly acquire the language’s case system (e.g. due to
insufficient exposure), native speaker accommodation to this
feature of non-native speech will result in such simplifications
being more widely used, more frequent in the input available
to language learners, and ultimately leading to a change in the
language’s grammar.
There is some experimental evidence that accommodation
during interaction between individuals with asymmetric linguistic knowledge can lead to this kind of simplification. For
instance, Atkinson, Smith, and Kirby (submitted) show that
when two experimental participants trained on artificial languages which differ in their complexity (e.g. where one participant is trained on the full language, and their partner is
trained on a simpler language which lacks irregulars) then
the pair preferentially align on the simpler language: the first
participant is willing to move away from their own language
to accommodate the other.
While this experimental evidence is consistent with the hypothesis (investigated in this paper) that accommodation can
result in simplification, which might then spread through a
population, the mechanisms at play are at present unclear:

Language complexity seems to be influenced by population
characteristics such as the proportion of adult learners. One
potential explanation for this link is that native speakers accommodate to non-native speakers, simplifying their language
use during such interactions: learners may then acquire a less
complex language. We model accommodation in interaction in
a Bayesian framework, where in order to accommodate appropriately, an agent must first infer their interlocutor’s linguistic
abilities. We find that when the agent consistently accommodates, learners end up with a simplified language, due to a reinforcing effect between an initially underinformed learner and
an accommodating native speaker.
Keywords: language evolution; language complexity;
Bayesian models; interaction models

Introduction
Linguistic communication requires a shared language. However, no two speakers have had exactly the same linguistic experiences and thus no two speakers will have exactly the same
language: they may differ at all linguistic levels, e.g. in their
pronunciation, in the words they know, and in the grammatical constructions they use. Interaction between individuals
therefore involves making inferences about the linguistic system of one’s interlocutor, since knowledge of an interlocutor’s
linguistic system is required in order to accurately understand
their intended meaning.
Listeners construct such a speaker model of their interlocutor, for example, to to correctly interpret UK/US ambiguous words (flat, pants) depending on the accent in which the
words are spoken (Cai et al., 2017; Martin, Garcia, Potter,
Melinger, & Costa, 2015); or to interpret entrained/dialoguespecific words in a speaker-specific way (Brown-Schmidt,
2009). More generally, interaction requires us to make potentially complex inferences based on the nested and interlocking linguistic and social groups our interlocutors belong
to (e.g. cognitive scientist, Scot, English speaker, poor French
speaker), because those affiliations determine how our interlocutors use and understand language (Clark, 1996, 1998).
We construct a Bayesian model of linguistic interaction between two individuals capable of making these sorts of inferences about their interlocutors’ likely linguistic knowledge.
We focus on a particularly asymmetric scenario, namely a
conversation between two individuals with vastly different
language experience, as would arise in an interaction between
a native- and a non-native speaker. In this scenario, the native speaker is aware of having greater experience with the
language than the non-native speaker, and is consequently
aware that their interlocutor may have a different linguistic
system; the native speaker builds a model of the likely linguistic system of their non-native interlocutor, which allows
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inferences about a partner’s linguistic knowledge, but also reciprocal priming between interlocutors and feedback-based
reinforcement learning may all be involved. The model we
present here allows us to explore the role of inferences about
a partner’s linguistic knowledge in a targeted way, in order to
identify whether and when it results in linguistic simplification. Consistent with the accounts offered above, we demonstrate that accommodation by native speakers can lead to simplification during interaction, which in turn results in nonnative speakers learning a language that is more regular than
the original native speaker’s language, and therefore can result in a net loss in linguistic complexity.

measured by the entropy of the language, H(L):
K

H(L) = − ∑ P(xi ) log2 P(xi )

(1)

i=1

Languages in which all K variants have the same probability
have the maximum entropy, H = log2 K. Languages with a
highly likely variant have lower entropy, and the entropy of a
single-variant language (where P(xi ) = 1 and P(x j6=i ) = 0) is
zero. The process of regularisation in a language can thus be
captured as decreasing entropy.

Learning
Agents are modeled as rational learners who have internal
representations of a language that they update based on what
they hear, corresponding to learning.
Agents learn a distribution over possible languages using Bayes’ rule to combine a prior, in the form of a distribution over possible languages indicating their prior beliefs P(L), with the likelihood of the observed data P(D|L):
P(L|D) ∝ P(L)P(D|L). The specific prior used in this model
corresponds to the agent’s prior beliefs about the regularity of
the language, i.e. the extent to which a single variant will have
nearly all the probability mass, or whether multiple variants
will have high probability. This takes the form of a symmetric
Dirichlet distribution (hyper-)parameterised by a0 ; if a0 > 1,
learners expect to hear all variants often (a flat distribution),
whereas with a prior with a0 < 1, they expect a more regular
language with a dominant variant (a peaked distribution). In
all our experiments, we set a0 = 0.01. Note that the prior does
not reveal which variant will be dominant, only that there is
no expectation of multiple frequent variants.
The likelihood function is Categorical (i.e. the probability
distribution over seen variants), for which the Dirichlet prior
is conjugate, leading to a posterior distribution that is also a
Dirichlet distribution, with hyperparameters updated by the
seen counts. At the first update, the counts break the symmetry of the Dirichlet prior: the parameterisation of the posterior
Dirichlet is now a vector a , where ai = a0 + ci , i.e. the previous prior value for the category i (in this case, a0 ) plus the
number of i-category items seen. In the interaction setting,
learning is iterative, with agents updating after every utterance they hear. The predictive posterior probability of a word
of category i is the normalised value of the updated hyperparameter, p(x = i) = ∑aia j .
j
In this paper, we denote an agent’s language as LA (indexed to speaker-agent A); this corresponds to their current
posterior distribution over variants in the language, encoded
by their updated hyperparameter a vector and based on their
data exposure DA . Agents speak by drawing samples from
their language distribution x ∼ P(LA |DA , a0 ).
All speakers have the same prior; consequently, differences
in speakers’ (distributions over) languages arise solely from
exposure to different data. An agent who has not seen much
data will be influenced more by the prior. Given a prior that
prefers regular languages (a0 < 1), an agent that has only seen

Model Framework
Our model and interactive setup is related to Bayesian models of pragmatics (Franke & Jäger, 2016), such as the Rational Speech Act model (Frank & Goodman, 2012), in which
agents construct (probabilistic) representations of the beliefs
of others about the world based on those agent’s utterances.
Our methodology also follows modelling work on language
evolution, e.g. Reali and Griffiths (2009); Smith et al. (2017)
where a simple language model is used to illustrate the process of regularisation, in which variation in a linguistic system is reduced, through learning, transmission or interaction,
resulting in a simplification the system. The Bayesian agents
in the above models behave like our basic learner agent, inferring a language in interaction with other agents. We add internal speaker-modelling of the other agents, i.e. agents possess a meta-level ‘theory of language’ (analogous to ‘theory
of mind’) of their interlocutors’ linguistic abilities.
In our model, two agents (named A and B) interact using
a common language L. Prior to interaction, A and B have
learned L from different exposures, leading to variation in
their individual languages. As A and B see more data, they
will, in the long run, converge to the common language. In
the shorter term, however, divergence between the agents can
be severe. In the scenario investigated here, A is the ‘native’
speaker, who has seen enough data to learn the language accurately. We designate B as the ‘non-native’ speaker who has
had only limited exposure to L before their interaction with
A; we show how this will lead to B having a language that
is more regular, with a more peaked distribution towards a
single variant. In conversation with B, as a rational interlocutor A should take B’s linguistic abilities into account, despite
not having direct access to B’s internal language. Instead, A
infers a speaker model over B’s presumptive language.
The language that the agents are learning is represented as
a probability distribution over variants, e.g. a set of ways to
refer to an object’s syntactic role, such as case marking or
lexical strategies. Agents learn the language by inferring the
parameters for the distribution (i.e. the probability of each
variant) from the data they’re exposed to, and speak by drawing a variant from their inferred distribution.
The regularity of a language L = [p(x0 ), p(x1 ), . . . p(xK )] is
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Data size = 5

exactly. Instead, in our model, A guesses at B’s possible past
exposure; to limit the risk of guessing wrongly, A computes a
mixture over several guesses Z and their corresponding posteriors:

Data size = 20

Posterior a1

Data size = 1

Speaker-model entropy
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PA (LB ) = ∑ ωz P(Lz |Dz , a0 )

(2)

z
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Each component of this mixture corresponds to a hypothetical learner who has been exposed to hypothesised dataset Dz .
Figure 1 (top) shows the languages these hypothetical learners might have: as with the real learners, hypothetical learners with little exposure (small Dz ) are likely to have a skewed
estimate of the language. The size of each guessed dataset
is drawn from a Poisson distribution that has a Gamma(γ, 1)
prior; the ensuing datasets will have a mean size of γ and
variance of 2γ. We set γ to different values in our experiments, representing A’s different prior beliefs over B’s likely
data exposure. The hypothetical datasets are then generated
by sampling from A’s language (PA (L)) until they are the desired size. Note that A must trust their own language to be
representative: they do not have access to the true language.
The weights ωz are initialised uniformly.
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Figure 1: Speaker model inferences based on assumed learner
dataset sizes. Top: (Hypothetical) learners who have seen little data have an extreme posterior, while with more data, the
posteriors converge to the true value (L∗ = [0.8, 0.2], posterior
probability of the first variant is plotted, equivalent to Betabinomial). Below: Speaker-model entropy (calculated as the
average entropy of the set of hypothetical learners) at different values of the size of the hypothetical learners’ datasets.
Speaker-modelling agents expect learners with little data exposure to have highly regular, low-entropy languages.
a few datapoints will infer a language that is highly skewed
towards the seen variants. Additionally, the few datapoints
are likely to over-represent the high-probability variants and
under-represent the low-probability variants, a phenomenon
known as minority undersampling (Hertwig, Barron, Weber,
& Erev, 2004; Hahn, 2014). Together, this means that an
agent with little experience (corresponding to the non-native
speaker in our scenario) will initially have an overly-regular
language, compared to the language data they are learning
from. However, as they are exposed to more data, they will
converge to the true (data-generating) language, in essence
becoming a native speaker.

Updating the Speaker Model during interaction The
agent must update their speaker model of their interlocutor
as they interact with them, since the utterances in the conversation will provide two different kinds of information relevant
to the speaker model:
1. Utterances heard by B (produced by A) will result in updates to B’s language, which in turn need to be reflected in
A’s model of B.
2. Utterances produced by B provide evidence for B’s language, which in turn is evidence about B’s prior language
exposure DB .
The first kind of information (A’s utterances) are added
to the data heard by B and incorporated into B’s posterior.
Within A’s internal speaker model, each hypothetical learner
is also updated with the new datapoints.
The second kind of information (B’s utterances) result in
Bayesian updates of the speaker model, which amount to updating the weights over possible languages (posteriors given
hypothesised historical language data). The new weight for
a specific hypothetical learner, ω0z , after hearing B produce
the variant x is the old weight updated by the probability of
the word under the language inferred from the hypothesised
dataset Dz .

An Agent’s Speaker Model
An agent constructs an internal speaker model of their interlocutor representing their inferences about their interlocutor’s internal language (note that this is separate from their
own language model). In our scenario of native- and nonnative speaker interaction, the native speaker (A) constructs
a speaker model of the non-native speaker (B), in order to
accommodate to their language use.
To construct this speaker model, A assumes B is a learner
of the same Bayesian form and with the same prior parameterisation a0 . A’s aim is to discover B’s posterior language
LB , which (given a known shared prior a0 ) is dependent only
on the data that B has seen, DB . However, A does not know
B’s past history or exposure DB , and thus cannot calculate LB

ω0z = ωz + p(x = i|Lz )
azi
= ωz +
∑ j az j

(3)
(4)

Figure 2 shows how A’s speaker model weights are updated
as A hears utterances produced by B.
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Figure 2: Two examples (top and bottom) of how successive
utterances from B lead to updates in the speaker model. B
speaks by uttering either ‘y’ or ‘n’ (shown on the x axes); values of the speaker model are shown after updating with this
utterance. The speaker model consists of six hypothesised
learners (coloured lines), each having seen a dataset of size 5,
where ‘4y1n’ corresponds to the learner having seen four ‘y’s
and one ‘n’. The hypothetical learners do not alter their posterior probabilities (the first column shows each learner has
the same probability of ‘y’/‘n’ throughout) but their weights
get updated (second column), leading to changes in weighted
probabilities (third column) and a re-estimated mixture posterior (third column, red dotted line). The top graph shows
that as B produces more ‘n’, the components with a history
of more ‘n’ (‘0y5n’, ‘1y4n’) get weighted increasingly heavily, until B produces a ‘y’, at which point the all-‘n’ history
gets completely down-weighted. The bottom graph shows the
same process with a different sequence of B utterances, leading to different posteriors.
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Figure 3: Two learners converge on the original language
L∗ = [0.7, 0.2, 0.1]. Learner A has seen 100 items from L∗
prior to interaction while learner B has seen only 5. During
interaction (from timestep 0 onwards), both learners update
from each other’s utterances. Despite the distance between
the languages at the start of interaction, B converges to A’s
language, instead of both finding a middle ground, because
of A’s more informed posterior. Shaded regions depict the
95% confidence interval over 10 samples.

the non-native speaker vs. 1000 for the native speaker).
The native speaker also has a speaker model over the nonnative speaker. We set the hyperparameter γ controlling the
size of the speaker model’s hypothesised datasets to be the
size of the non-native speaker’s pre-interaction exposure; this
implies that the native speaker can accurately gauge the nonnative speakers’ prior experience.
It would be theoretically possible to also have the nonnative speaker modelling the native speaker. However, the
non-native speaker does not have a sufficiently accurate language model to generate plausible datasets for the nativespeaker; in effect, the non-native’s speaker model of the native speaker would recapitulate (and possibly exaggerate) the
errors/bias of the non-native speaker’s own language. We assume the non-native speaker is aware of this and thus chooses
to use the native-speaker only as a trusted source for learning.

Sampling from the speaker model involves first sampling a
hypothetical learner’s language P(Lz ) from a distribution parameterised by ωz , and then sampling a word from that language as in the language learner model.
Similarly, the entropy of the speaker model is measured
as the (weighted) average over the entropies of Lz . Figure 1
(bottom) shows how the speaker model can capture the expectation that with smaller datasets, the (hypothesised) speaker
will produce lower-entropy languages.

During interaction, both individuals update their models
based on what they hear from the other. For a non-native
speaker, this constitutes a large percentage of their total exposure to the language. On the other hand, the native speaker
will already have a very sharp posterior as their language distribution, and a few low-likelihood utterances from the nonnative speaker will not strongly alter this posterior. Figure 3
shows how this interaction, in the absence of accommodation
by the native speaker (modelled below) leads the interacting
pair to converge on the true language, L∗ .

Interaction
A native- and non-native speaker interact in a dialogue, where
each agent speaks in turn (drawing a single sample from their
language) and the other listening and updating their posterior
and speaker model as appropriate. As described above, the
difference between the two types of speakers is in the amount
of data they have been exposed to: the native speaker has
seen 2–3 orders of magnitude more data (1–20 instances for
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Figure 4: Learner language entropy (y-axis) during interaction (x-axis) with a native speaker accommodating at different levels
(left to right). The learner has seen more (bottom) or less (top) data prior to interaction. The lines show different 25 interaction
runs with the same parameters (100 timesteps, Z=25, a0 =0.01). The percentage shows the proportion of runs that resulted
in a non-native speaker language with lower entropy than the initial language (L∗ = [0.7, 0.2, 0.1], H(L∗ ) = 1.16). Higher
accommodation levels lead to the learner learning more variable languages and frequently regularising.

Accommodation during interaction

which in turn confirm the native speaker’s belief than the nonnative speaks a regularised version of the language.
Figure 4 also shows the relationship between prior experience of the learner (size of their initial dataset D) and accommodation. In general, more experienced non-native speakers require higher accommodation levels, which is unsurprising: the accommodating native speaker has to outweigh the
learner’s initial exposure to the language. In a populationlevel model, learners who are only ever exposed to accommodated language (similar to our small-D learners) may require lower levels of accommodation in order to produce a
regularised version of the language.
Finally, characteristics of the original language affect
learner regularisation, as shown in Figure 5. Languages with
initial high entropy undergo more consistent regularisation.
The pattern is less clear with less variable, low-entropy languages, indicating that this model will not capture the extinction of variants (a general issue with parametric probabilistic
models), or at least not in a single bout of interaction. Languages with lower complexity, in the form of fewer variants,
are somewhat less susceptible to regularisation. More complex, higher entropy languages are more likely to lead to extreme (regularised) variants early in learning, in which one
or more variants are unseen; when the native speaker accommodates to this initial regularisation, the non-native speaker’s
language therefore remains highly regularised.

In order to be understood, the native speaker may speak in a
way that conforms less to their own language and more to
the language they believe their (non-native) interlocutor to
have: they may accommodate their partner. Accommodation happens in the model when the native speaker uses their
speaker model of the non-native speaker’s language to speak,
rather than their own language. The non-native speaker updates their language based on what they hear from the native
speaker (accommodated or not), as before; likewise the native
speaker updates both their own language and their speaker
model from the non-native speaker’s utterances.
The degree of accommodation is set by a fixed parameter
that indicates the probability of the native speaker generating utterances from their speaker model of their interlocutor’s language versus their own language. A speaker with an
accommodation level of 0.75 uses their own native language
25% of the time and their speaker model 75% of the time.
Figures 4 and 5 show how the non-native speaker’s language develops in interactions with varying degrees of accommodation. Without accommodation (left-most column of
Fig. 4), the learner ends up with a language close to the original language, L∗ . With more accommodation, the learner’s
final language is further from the original language and likely
to be regularised, with lower entropy compared to the original
language. This is due to a reinforcing positive feedback loop
between accommodation by the native speaker and regularisation by the non-native speaker: the native speaker’s expectation that the non-native speaker will use a regularised form
of the language leads them to produce more regular data; this
regular data leads the non-native speaker to infer a more regularsed language, and produce relatively regular utterances

Conclusion
The goal of the model was to test a mechanism whereby language simplification can happen as a result of interaction between agents with different levels of linguistic ability. Our account involves agents that not only infer their own language,
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Figure 5: Learner language entropy (y-axis) during interaction (x-axis), varying the initial language L∗ (shown in subplot title). Accommodation levels are set throughout at 0.75;
the non-native’s initial dataset size is 5, other parameters set
as in Fig 4. From left to right, the language includes more
variants (is higher-dimensional), while from top to bottom the
language decreases in initial entropy. Languages with more
variants are more likely to regularise, along with languages
with high initial entropy. The languages are: first column, K = 2:
[.55, .45] (H=0.99), [.75, .25] (H=0.81), [.95, .05] (H=0.29); second
column, K = 3: [.4, .3, .3] (H=1.57), [.5, .3, .2] (H=1.49), [.9, .05,
.05] (H=0.57), third column, K = 5: [.3, .15, .15, .15, .15] (H=2.25),
[.5, .2, .15, .1, .05] (H=1.92), [.8, .05, .05, .05, .05] (H=1.12).

but also make inferences about the language of others. Native speaker agents who act cooperatively by accommodating
their interlocutor’s language skills lead their non-native interlocutors to learn simplified languages, due to not having
exposure to the true language. The more complex the initial
language is, the stronger the drive towards regularisation.
We plan to extend the current dialogue model to the population level. Within a population, native speakers could also
end up with a simplified language, either due to sufficient exposure to regularised non-native speaker languages, or as a result of generational turnover and initial learning from a mixture of native and non-native languages. This setting will also
allow us to explore the potential differences between accommodation in two types of asymmetric interactions, i.e., the
native–non-native interactions explored here as well as adult–
child learner interactions.
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Abstract

improving learning and performance (e.g., Bangert-Drowns,
Kulik, Kulik, & Morgan, 1991; Hattie & Yates, 2014;
Kluger & DeNisi, 1996; Shute, 2008). For example, one of
the more comprehensive meta-analyses that incorporated
607 effect sizes and over 20,000 observations indicated that
feedback had a significant positive effect (d = .41) relative
to no feedback (Kluger & DeNisi, 1996). More recent
research supports these conclusions as well. For example, in
a series of experiments investigating the use of cognitive
science principles in education, Kornell and Metcalfe (2014)
found large benefits of corrective feedback for both adults
and children learning target vocabulary words.
However, the benefits of feedback are not universal.
Although feedback may have positive effects on average,
there is large variability in these effects (e.g., Kluger &
DeNisi, 1996). In fact, in a substantial minority of cases,
feedback is not merely ineffective; rather, it hinders learning
relative to a no-feedback control (e.g., Fyfe & Brown, 2017;
Kluger & DeNisi, 1996; Pashler, Cepeda, Wixted, &
Rohrer, 2005). Thus, research is needed to better understand
what causes the effects of feedback to differ. This type of
research will help inform theories of learning and also have
practical implications for when to administer feedback.
Previous research has identified several factors related to
the learning context that help explain some of these harmful
effects (see Mory, 2004). For example, classic research in
psychology suggests feedback can have hindering effects
when it is available before or during the target response
(e.g., correct answers in the back of the book) as it can lead
to mindless processing of the material (Anderson, Kulhavy,
& Andre, 1971). More recent research has focused more
explicitly on factors related to the learner. For example,
Cianci and colleagues (2010) found that negative feedback
facilitated learning for individuals whose goal was to learn,
but not for individuals whose goal was to demonstrate their
abilities. Similarly, Fyfe and colleagues (2012) found that
corrective feedback was beneficial for learners with low
prior knowledge in the target domain, but detrimental for
those with high prior knowledge. In addition to the learner’s
goals and prior knowledge, we speculate that the learner’s
expectations may influence learning from feedback.

The effects of feedback often depend on individual learner
characteristics. In the current study, we experimentally tested
whether an individual’s task expectations influence learning
from feedback on mathematics problems. Specifically, we
manipulated undergraduate students’ beliefs about the
difficulty of the task to influence their expectations for
success. Students (N = 160) were randomly assigned to one of
four learning conditions based on a crossing of two factors:
task expectations (easy or hard) and feedback during problem
solving (yes or no). On a final transfer test, feedback led to
higher scores than no feedback for those who expected the
task to be easy. But, feedback led to marginally lower scores
for those who expected the task to be hard. Results suggest
that expecting the task to be hard and to experience failure
can lead to a self-fulfilling prophecy. When learning from
feedback, students should set their expectations for success.
Keywords: feedback; problem solving; task expectations;
individual differences; mathematics learning

Introduction
The role of feedback is central to many theories of learning.
Even basic feedback can help reinforce accurate responses
and correct inaccurate responses (see Mory, 2004).
However, the effects of feedback are far from uniform.
Based on a review of research, Hattie and Gan (2011)
conclude that “feedback effects are among the most variable
in their influence” (p. 249). Some of this variability is due to
individual learner characteristics (e.g., Cianci, Schaubroeck,
& McGill, 2010; Fyfe, Rittle-Johnson, & DeCaro, 2012). In
the current study, we focused on individuals’ task
expectations and the efficacy of feedback during problem
solving. Specifically, we manipulated students’ expectations
for success on the task to experimentally evaluate whether
these expectations influence learning from feedback.

The Effects of Feedback
Feedback is a broad construct that can encompass many
different types of information presented to a learner
including grades, praise, and written or oral comments. In
the current study, we focus on basic corrective feedback
which provides targeted information about the accuracy of
the learner’s performance that can be used to confirm,
reject, or modify prior knowledge of the target task (see
Mory, 2004). Meta-analyses and reviews continue to show
that this type of corrective feedback is often beneficial for

Task Expectations
As with feedback, task expectations can take a variety of
forms. In this study, we focus on expectations about success
or failure on a target task. There are competing hypotheses
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as to how these expectations may interact with the presence
of feedback to influence learning. On the one hand, some
lines of research suggest that expecting to fail may facilitate
learning from feedback. Expecting to fail can be viewed as a
self-preservation strategy called defensive pessimism
(Norem & Cantor, 1986). The goal is to set one’s
expectations low to avoid any possible disappointment. In
this case, the learner who expects to fail may not have an
emotional response to negative feedback and therefore may
have the cognitive resources to learn from it. Indeed,
feedback intervention theory suggests that avoiding
emotional, self-involved responses to feedback should
increase the benefits of feedback (Kluger & DeNisi, 1996).
Additionally, the learner who expects to fail but receives
positive feedback may have heightened attention to the
problems, an effect that has been shown in the memory
literature (e.g., Fazio & Marsh, 2009).
Under this account, expecting to succeed carries the risk
of disappointment. In this case, the negative feedback may
be interpreted as a reflection of one’s abilities that
demotivates learning (e.g., Kluger & DeNisi, 1998).
On the other hand, different lines of research suggest that
expecting to fail may hinder learning from feedback.
Expecting to fail can be viewed as a type of threat situation
that produces a self-fulfilling prophecy (e.g., Meron, 1948).
Individuals who expect to do poorly may act in ways that
confirm this expectation. For example, they may discount
positive feedback and view negative feedback as a
confirmation of their expectation. This is consistent with the
behavior of individuals who expect to fail due to stereotype
threat (e.g., Steele, 1997). Individuals in a threat condition
often dismiss positive feedback and attend more to negative
feedback (see Rydell & Boucher, 2017). Further, research
suggests this attention to negative feedback is associated
with poorer learning outcomes (Mangels et al., 2012).
Under this account, expecting to succeed may facilitate
learning from feedback by empowering the learner. Rather
than ruminating on the fact that the feedback was negative,
individuals who expect success may try harder to learn from
the available feedback, knowing they are capable. Indeed, in
non-threat conditions, responses to negative feedback do not
have the same hindering effects as they do in threat
conditions when failure is expected (Mangels et al., 2012).

Undergraduate students participated in a single one-on-one
learning session in a laboratory setting. They completed a
paper-and-pencil packet with target math problems. We
manipulated their expectations before they solved the target
problems and we manipulated the presence of feedback
while they solved the target problems. The packet contained
posterior probability problems, which can be used to
calculate the prevalence of a condition (e.g., the likelihood
that a person has this condition) and the predictive value of
a test (e.g., the likelihood that a person who tested positive
for this condition actually has this condition). See Figure 1.

Figure 1: Example problems.

Participants
Participants were 160 undergraduate students from the
University of Wisconsin-Madison. They received extra
credit in their introductory psychology course in exchange
for participation. Based on self-report, their average age was
19.3 years (SD = 1.5) and there were 107 females (67% of
sample). Many students reported their ethnicity as White
(67%) and the remaining students reported their ethnicity as
Asian (19%), Hispanic or Latino (4%), Black or African
American (2%), Native American (1%), or multiracial (7%).

Design and Procedure
Students were randomly assigned to one of four betweensubjects conditions based on a crossing of two factors:
(expectations: easy or hard) and (feedback: yes or no).
During a one-on-one session, they completed a paper-andpencil packet with four primary sections: (1) expectation
manipulation and manipulation check problems, (2) target
problems with or without feedback, (3) worked example
lesson, and (4) posttest problems.
At the beginning of the one-on-one session, the
experimenter explained that the researchers were interested
in the strategies people use to solve math problems. Then,
she manipulated task expectations. Students in the expecthard condition were told the problems would be very
difficult (e.g., “One of the reasons we are studying these
problems is because they are extremely difficult. The vast

The Current Study
The goal of the present study was to evaluate these
competing rationales by testing the effectiveness of
feedback for individuals who expect to succeed versus
individuals who expect to fail. We manipulated students’
beliefs about the difficulty of a mathematics task to
influence their expectations for success (see Swanson &
Tricomi, 2014 for a similar technique). Then, we had them
solve problems with or without corrective feedback on a
trial-by-trial basis. Finally, students studied an instructional
example and completed a posttest. Our primary goal was to
assess whether students learned from the feedback
differentially as a function of their expectations.
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majority of people solve these problems incorrectly and we
expect these problems to be difficult for you as well.”).
Students in the expect-easy condition were told the
problems would be very easy (e.g., “One of the reasons we
are studying these problems is because they are extremely
easy. The vast majority of people solve these problems
correctly and we expect these problems will be easy for you
as well.”). To check that the manipulation worked, students
then solved two posterior probability problems and rated
their confidence on each problem using a scale from 1 (very
unsure) to 9 (very sure). If the manipulation worked, then
students in the expect-hard condition should have lower
confidence in their success than students in the expect-easy
condition. However, their performance should be similar.
Students then proceeded to solve four target problems.
Students in the feedback condition received verification
feedback on their strategy and answer after each problem. If
they solved it incorrectly, the experimenter said, “Actually,
that is not a correct strategy to solve this problem.” If they
solved it correctly, the experimenter said, “Great! You used
a correct strategy to solve that problem and you got the
correct answer.” After the feedback, students moved on to
the next problem. Students in the no feedback condition
received no input after each problem. Rather, the
experimenter asked them to move on to the next problem.
After solving the target problems, students were
instructed to study a worked example that provided a stepby-step solution for solving posterior probability problems.
The example introduced students to a novel scenario and
included a data table similar in structure to the data tables
provided in previous problems. The example made explicit
connections between the values in the written scenario and
the values in the table, and demonstrated the solution.
The final section of the packet contained seven posttest
problems to assess learning from the example lesson. The
first two problems were isomorphic to the problems
presented in the target feedback problems section and in the
example lesson. We refer to these two problems as learning
problems. The remaining five problems used different
scenarios and table structures to assess transfer to novel
problems. For example, several problems included data
tables with four rows instead of two, which required
students to generalize to a more complex set of numbers.
We refer to these five problems as transfer problems.
At the end of the session, students completed an optional
demographic survey and then they were debriefed. The
experimenter explained the study, including the deception
regarding the difficulty of the problems.

99% of manipulation check problems, 98% of feedback
problems, and 94% of posttest problems.

Results
First, we report on the initial manipulation check problems
to ensure the expectation manipulation worked. Then, we
report primary analyses on students’ performance on the
posttest. We analyze learning problems and transfer
problems as separate outcomes. For our primary analyses,
we use analysis of variance (ANCOVA) to examine
condition differences and we report partial eta squared
values as a measure of effect size. According to Cohen
(1988), values of .01, .06, and .14 can be interpreted
respectively as small, medium, and large effects. We
included two covariates: performance on the manipulation
check items to control for baseline knowledge and total time
on task given condition differences, F(3, 155), = 3.63, p =
.01, ηp2 = .07, with students in the expect-hard condition
taking longer than students in the expect-easy condition.

Manipulation Check Problems
We predicted that the expectation manipulation would
change students’ confidence in their baseline performance,
but not their actual performance. That is what we found.
Performance on the two manipulation check items was
low. The average score was 0.6 out of 2.0 (SD = 0.8).
Conditions were well-matched in baseline performance. A 2
(feedback: yes or no) by 2 (expectations: easy or hard)
ANOVA with number correct as the dependent variable
revealed no significant effects, p > .05. See Table 1.
Table 1: Baseline performance and confidence ratings.

Expect Hard + No FB
Expect Hard + FB
Expect Easy + No FB
Expect Easy + FB

Scores
(out of 2)
0.8 (0.9)
0.5 (0.6)
0.6 (0.7)
0.5 (0.8)

Ratings
(out of 9)
4.3 (2.5)
4.3 (2.0)
5.4 (2.6)
5.1 (2.7)

Average confidence ratings were in the middle of the
scale (M = 4.8, SD = 2.5, range = 1 – 9). As expected,
confidence ratings differed by condition. We ran a 2
(feedback: yes or no) by 2 (expectations: easy or hard)
ANCOVA with average confidence ratings as the dependent
variable and baseline performance as a covariate. There was
a significant main effect of expectation condition, F(1, 155)
= 12.46, p = .001, ηp2 = .07. Students who expected the task
to be hard had lower confidence ratings (M = 4.2, SD = 2.3)
than students who expected the task to be easy (M = 5.2, SD
= 2.6). There was not a significant main effect of feedback
or a feedback by expectation interaction, Fs < 1.0, ps > .05.
Overall, students were fairly good at monitoring their
performance. Students who answered the items correctly
tended to be more confident in their answers. For example,
students who solved both baseline problems correctly had
significantly higher confidence ratings (M = 6.3, SD = 2.2)

Scoring
We were primarily interested in participants’ strategy use,
rather than their ability to perform the arithmetic steps; thus,
we selected correct strategy use as our dependent measure.
One researcher scored all participants’ written work for
strategy correctness. A second researcher scored 25% of the
items. The two coders agreed on strategy correctness for
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Posttest Transfer Problems

than students who solved zero or one problems correctly (M
= 3.6, SD = 2.1), F(1, 158) = 59.16, p < .001, ηp2 = .27.
Similarly, among the 41 students who answered one item
correctly and one item incorrectly, their confidence ratings
were higher on the correct item (M = 6.3, SD = 2.4) than on
the incorrect item (M = 5.6, SD = 2.3), t(40) = 2.70, p = .01.
The accuracy of monitoring performance did not appear to
differ by condition. For example, within all four conditions,
students who solved both baseline problems correctly had
significantly higher confidence ratings than students who
solved zero or one problems correctly, ps < .05.
Thus, students had somewhat low performance on the
baseline problems and their confidence in that performance
varied. Importantly, the expectation manipulation was
successful; students who expected the task to be hard had
lower confidence than students who expected the task to be
easy. Otherwise, conditions were well-matched.

Performance on the five transfer problems at posttest was
low to moderate (M = 2.1, SD = 1.1), which was expected
given the novelty of the problems.
To examine condition differences, we conducted a 2
(expectations: easy or hard) by 2 (feedback: yes or no)
ANCOVA with transfer scores (out of 5) as the dependent
variable. We included baseline performance and total time
on task as covariates. There were not main effects of
expectation condition or feedback condition, Fs < 1, ps >
.05. Rather, there was a significant expectation-by-feedback
interaction, F(1, 153) = 6.10, p = .015, ηp2 = .04. To follow
up the interaction, we examined the main effect of feedback
within each expectation group. For students in the expecteasy condition, there was a significant positive effect of
feedback, F(1, 153) = 4.20, p = .04, ηp2 = .03. As shown in
Figure 3, students who received feedback had higher
transfer scores (M = 2.4, SE = 0.2) than students who did
not (M = 1.9, SE = 0.2). However, for students in the
expect-hard condition, there was a marginal negative effect
of feedback, F(1, 153) = 3.55, p = .06, ηp2 = .02. As shown
in Figure 3, students who received feedback had lower
transfer scores (M = 1.8, SE = 0.2) than students who did
not (M = 2.3, SE = 0.2).
Thus, feedback influenced students’ posttest performance,
but the effect depended on students’ expectations.

Posttest Learning Problems
Performance on the two learning problems at posttest was
high (M = 1.4, SD = 0.7), and was significantly better than
performance on the two baseline manipulation check
problems, paired samples t(159) = 13.05, p < .001 Thus, in
general, the problem solving and example lesson promoted
learning of the target material within the sample as a whole.
To examine condition differences, we conducted a 2
(expectations: easy or hard) by 2 (feedback: yes or no)
ANCOVA with learning scores (out of 2) as the dependent
variable. We included baseline performance and total time
on task as covariates. There was not a main effect of
expectation condition or an expectation-by-feedback
interaction, Fs < 2, ps > .05. Rather, there was a significant
main effect of feedback, F(1, 153) = 4.33, p = .04, ηp2 = .03.
As shown in Figure 2, students who received feedback had
higher learning scores (M = 1.5, SE = 0.1) than students who
did not (M = 1.2, SE = 0.1), regardless of task expectations.

Posttest Performance: Transfer Items

Number Correct (out of 5)

5

Posttest Performance: Learning Items

Number Correct (out of 2)

2

Feedback
No Feedback

Feedback
No Feedback

4
3
2
1
0

1.5

Expect-Easy

Expect-Hard

Figure 3: Posttest transfer scores by condition.

1

Discussion
In the current study, we experimentally tested whether one’s
task expectations influence learning from feedback on target
math problems. We manipulated undergraduate students’
beliefs about the difficulty of the task and their expectations
for success. Then, we had them solve target problems with
or without corrective feedback. Students across conditions
exhibited some learning from feedback and the instructional
example. On the posttest learning items, there was a
significant positive effect of feedback relative to no
feedback. But, task expectations influenced students’ ability

0.5

0
Expect-Easy

Expect-Hard

Figure 2: Posttest learning scores by condition.
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to learn from feedback in a deep way that resulted in
transfer. For students who expected to succeed, feedback
had a positive effect on their posttest transfer scores relative
to no feedback. In contrast, for students who expected to
fail, feedback had a marginally negative effect on their
transfer scores relative to no feedback. The current study
provides causal evidence that feedback can have different,
though small effects depending on one’s expectations.
The present findings contribute to the literature on
feedback in several key ways. First, they are consistent with
the conclusion that feedback has highly variable effects
(e.g., Hattie & Gan, 2011; Kluger & DeNisi, 1996). That is,
sometimes providing feedback promotes learning and
performance, but sometimes providing feedback reduces
learning relative to a no-feedback control. Importantly, the
pattern of mixed effects in the current study suggest that
even when feedback provides useful information, it can
have mixed consequences. That is, the current results
suggest there was not a deficiency in the type of feedback
provided per se (e.g., the feedback was effective for some
outcomes and some learners); rather, what mattered was the
learners’ interpretations of the feedback message in light of
their expectations.
Thus, a second contribution to the feedback literature is to
support the notion that learner characteristics are at least as
important as characteristics of the feedback itself. Indeed, a
growing number of studies have demonstrated that the
influence of feedback depends on a variety of learner
characteristics including prior knowledge (e.g., Nihalani
Mayrath, & Robinson, 2011), learning goals (e.g., Cianci et
al., 2010), and working memory (e.g., Fyfe, DeCaro, &
Rittle-Johnson, 2015). The present findings suggest that
differences in task expectations may also play a key role.
Students in the expect-easy condition who expected to
succeed benefitted from feedback on the transfer posttest.
However, students in the expect-hard condition who
expected to fail were somewhat hindered by feedback on the
transfer posttest. One key question for consideration
concerns the mechanisms behind these differential effects.
One possibility is that expecting to fail produces a selffulfilling prophecy (Merton, 1948) that inhibits learning
from feedback. Expecting to fail can lead one to dismiss
positive feedback and to view negative feedback as a
confirmation that the task is unachievable (e.g., Rydell &
Boucher, 2017). This, in turn, may demoralize students and
lead them to abandon subsequent attempts at learning. In
this case, problem solving without feedback may produce
more desirable learning outcomes.
A second possibility is that students in the current study
benefitted more from surprising feedback (see Fazio &
Marsh, 2009). In this study, students in the expect-easy
condition may have been more surprised when they received
negative feedback relative to students in the expect-hard
condition. This element of surprise may have spurred
heightened task-relevant attention to the feedback in a way
that promoted subsequent learning and transfer. Future
research is needed to tease apart these various explanations.

Several limitations of this study suggest additional
directions for future research. For example, future research
should assess students’ existing, authentic task expectations
and how they influence learning from feedback. In the
current study, we used a paradigm from prior research (e.g.,
Cianci et al., 2010; Swanson & Tricomi, 2014) in which we
manipulated students’ beliefs about task difficulty to
influence their expectations for success. Although evidence
suggests our manipulation worked (e.g., students who were
told that the task would be easy had higher confidence
ratings relative to students who were told that the task
would be hard), assessing the effects of feedback in relation
to students’ deep-seated or longstanding expectations about
a meaningful task would increase the validity of the results.
Additional studies should also consider using different
types of feedback. In the current study, we employed
verification feedback. Prior research suggests that very basic
verification feedback can be effective, but not as effective as
other types (e.g., Fazio, Huelser, Johnson, & Marsh, 2010).
We did use feedback that focused both on students’ solution
strategies and their answers. Further, we included an
instructional worked example as well as to assess how
feedback prepares students to learn from additional material.
However, future research should include variations in the
type and timing of feedback in relation to task expectations.
In may be that task expectations influence students’
interpretations of verification feedback differently than
other forms of feedback.
Finally, future research should replicate the current study
using different tasks and topics, particularly given the fact
that the effect sizes were small. We selected base rate
probability problems because they rely on mathematics
reasoning and are critical for interpreting information in
real-world scenarios (e.g., Hoffrage et al., 2005), yet people
often struggle to solve them correctly. Further, we wanted to
assess the effects of feedback on a problem-solving task in
which generating and executing strategies is critical for
success. However, to better understand the interactions
between task expectations and the efficacy of feedback, it
will be necessary to assess their effects on different types of
knowledge using a variety of different outcomes.
Despite these limitations, the current study has important
implications for the role of feedback in formal and informal
learning settings. For example, the present evidence
suggests that there are situations in which basic verification
feedback can benefit learning. Thus, it is not the case that
expansive feedback is always necessary to promote positive
outcomes. The present evidence also suggests that when
learning from feedback, students should set their
expectations for success. Intuitively, there may be some
concern that setting students’ expectations too high may
result in disappointment and demotivation when those
expectations are not met. That was not the case here. In fact,
it was the students who expected to fail who did not benefit
from the feedback. Telling students that the problems were
easy and that they should succeed may have shielded them
from the disappointment that arises from receiving feedback
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on one’s errors, thereby making them more resilient. In
general, learning from feedback during problem solving is
effective when students set their expectations for success.
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Abstract

One reason it has been challenging to establish the
mechanism(s) of phonetic category acquisition is that it is
difficult, if not impossible, to control the distributional detail
of listeners’ speech experience. Even neonates have had
prenatal speech experience that shapes perception (DeCasper
& Spence, 1986). Over the last decade, research has
circumvented this difficulty by examining acquisition of
novel non-linguistic auditory categories composed of
artificial nonspeech sounds to understand the general
mechanisms available to phonetic acquisition (e.g.,
Goudbeek, Swingley, & Smits, 2009; Holt & Lotto, 2006;
Holt, Lotto, & Diehl, 2004; Mirman, Holt, & McClelland,
2004). A benefit of this approach is that experience can be
tightly controlled to investigate specific mechanistic
hypotheses, as has been the case in the long-standing and
productive research literature on visual perceptual category
learning (e.g., Maddox & Ashby, 2004).

A wealth of evidence indicates the existence of a consolidation
phase, triggered by and following a practice session, wherein new
memory traces relevant to task performance are transformed and
honed to represent new knowledge. But, the role of consolidation is
not well-understood in category learning and has not been studied at
all under incidental category learning conditions. Here, we
examined the acquisition, consolidation and retention phases in a
visuomotor task wherein auditory category information was
available, but not required, to guide detection of an above-threshold
visual target across one of four spatial locations. We compared two
training conditions: (1) Constant, whereby repeated instances of one
exemplar from an auditory category preceded a visual target,
predicting its upcoming location; (2) Variable, whereby five distinct
category exemplars predicted the visual target. Visual detection
speed and accuracy, as well as the performance cost of randomizing
the association of auditory category to visual target location, were
assessed during online performance, again after a 24-hour delay to
assess the expression of delayed gains, and after 10 days to assess
retention. Results revealed delayed gains associated with incidental
auditory category learning and retention effects for both training
conditions. Offline processes can be triggered even for incidental
auditory input and lead to category learning; variability of input can
enhance the generation of incidental auditory category learning.

Incidental Auditory Category Learning
As in visual category learning, most non-linguistic auditory
category learning studies have used explicit tasks in which
listeners are aware of the existence of categories and
explicitly search for category-diagnostic dimensions by
making overt decisions to maximize experimenter-provided
feedback. This work has yielded insights that have translated
directly to a better understanding of the mechanisms
available to phonetic category acquisition (Lim & Holt,
2011). Yet, this work does not model learning conditions in
which phonetic categories are acquired that are neither
wholly passive, nor explicit and dependent upon overt
feedback (Lim et al., 2014). Category learning often occurs
under more incidental conditions in which listeners are
actively engaged in environments in which auditory
categories are associated with rich multimodal cues and
behaviorally-relevant outcomes.
In an attempt to model these learning contexts in the
laboratory, researchers have developed several incidental
learning paradigms that, while computer-based and
consistent with tight experimental control, better capture task
demands involved in building complex perceptual categories

Keywords: Category learning, auditory, incidental learning,
memory consolidation, speech, statistical learning

Introduction
Although a rich literature documents early phonetic
category acquisition (Werker, Yeung, & Yoshida, 2012) and
there is increasing evidence for continued phonetic
development in later childhood (Zevin, 2012) quite little is
understood about the learning mechanisms involved.
Distributional learning, by which listeners are sensitive to the
statistical regularities across speech categories, is widely
believed to be significant (Maye, Werker, & Gerken, 2002;
Thiessen, 2007). However, there are also concerns about
whether laboratory demonstrations of distributional learning
may ‘scale’ to real speech input (Lim, Lacerda, & Holt, 2015;
Pierrehumbert, 2003). Moreover, distributional learning does
not itself implicate a specific learning mechanism (Lim, Fiez,
& Holt, 2014).
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without awareness of the categorization task, overt category
decisions, or experimenter-provided feedback about
categorization (Gabay, Dick, Zevin, & Holt, 2015; Wade &
Holt, 2005). Results from this research indicate that listeners
can acquire complex auditory (Gabay et al., 2015; Leech,
Holt, Devlin, & Dick, 2009; Liu & Holt, 2011; Roark & Holt,
2015; Wade & Holt, 2005) and phonetic (Lim et al., 2015;
Lim & Holt, 2011) categories via incidental learning.
Learning generalizes to novel category instances. Moreover,
adult listeners who incidentally acquire complex non-native
phonetic categories show transfer of the learning that
scaffolds word learning in the non-native language (Liu &
Holt, 2015a). Additionally, incidental learning of nonlinguistic sound categories designed to model some of the
perceptual dimensions defining difficult non-native phonetic
categories generalizes to support subsequent non-native
speech categorization (Liu & Holt, 2015b).
Altogether, these data indicate that the processes
underlying incidental learning of non-linguistic sound
categories inform those available to phonetic category
acquisition. The distinction of incidental training versus
passive or explicit training is important because there is
growing evidence that these learning paradigms draw upon
neural substrates with distinctive computational specialties
(Doya, 1999; Maddox & Ashby, 2004; Seger & Miller,
2010). Emerging evidence suggests that incidental auditory
category learning engages the procedural learning system
(striatum of basal ganglia, Lim et al., 2014; Lim, Fiez,
Wheeler, & Holt, 2013) and recruits putatively speechselective cortex for processing newly-acquired non-linguistic
auditory categories (left posterior superior temporal sulcus,
pSTS; Leech et al., 2009). Significantly, striatal activation is
correlated with behavioral incidental learning performance
and exhibits functional connectivity with the left pSTS region
sensitive to category learning mentioned above (Lim et al.,
2013). In all, these results demonstrate that both speech and
nonspeech signals may draw on cortical networks once
thought to be speech-selective as a function of category
expertise. This further substantiates the use of non-linguistic
auditory categories as a test-bed for mechanisms available to
phonetic acquisition, points to procedural auditory category
learning (Yi, Maddox, Mumford, & Chandrasekaran, 2016),
and establishes incidental learning as a valuable approach to
understanding mechanisms available to phonetic acquisition.

Tanne, Rubenstein, Askenasy, & Sagi, 1994), and are
accompanied by measurable neural signatures (Ungerleider,
Doyon, & Karni, 2002). Consolidation is considered a key
feature of effective skill learning and the attainment of
fluency (automaticity), central for the establishment of
procedural memory (Atienza, Cantero, & Stickgold, 2004;
Dudai et al., 2015). There is considerable evidence for slow
learning phases reflecting memory consolidation in the motor
domain (Dudai et al., 2015) and research demonstrates slow
learning changes associated with consolidation in language
domain (Davis, Di Betta, Macdonald, & Gaskell, 2009; Earle
& Myers, 2015; Fenn, Nusbaum, & Margoliash, 2003)
Although these studies examine consolidation of learning
across speech signals, the learning was evoked by explicit,
rather than incidental, training.
In other domains the behavioral expression of memory
consolidation is considered a key signature indicating
establishment of robust, automatic and efficient
representations (Karni & Bertini, 1997). Therefore,
investigating incidental auditory category learning across
several time points will be critical in revealing how memory
consolidation processes affect procedural auditory category
learning and phonetic acquisition.

The Present Study
The current study is designed to examine the expression of
consolidation phase gains and retention of incidental auditory
category learning. These measures afford the construction of
theoretical bridges to neurobehavioral evidence and
mechanisms of plasticity (Dorfberger, Adi-Japha, & Karni,
2007) that putatively underlie auditory category learning.
The second issue examined in the present studies concerns
variability. Research in speech category learning has
emphasized the importance of experiencing high acousticphonetic variability in training. Experience with multiple
speakers, phonetic contexts, and exemplars seems to promote
non-native speech category learning and generalization
among adult learners (Bradlow, Pisoni, Akahane-Yamada, &
Tohkura, 1997; Iverson, Hazan, & Bannister, 2005; Jamieson
& Morosan, 1989; Wang, Spence, Jongman, & Sereno,
1999). As such, the issue of variability in training has been
influential in empirical and theoretical approaches to speech
category learning. However, it has arisen from studies of
extensive training across multiple training sessions spanning
days or weeks that have examined learning via explicit,
feedback-driven tasks in which listeners actively search for
category-diagnostic information. In this way, it has not been
investigated in a manner to assess consolidation of learning
gains, or incidental learning. In a previous study of incidental
auditory category learning, we observed enhanced learning
when within-category acoustic variability was experienced
within trials, as compared to across trials (Gabay et al. 2015)
even when global variability was held constant. The present
study extends this work to examine the influence of withincategory acoustic variability on consolidation and retention
of auditory categories.

Learning Stages in Procedural Skill Acquisition
In a parallel literature, a growing body of research indicates
that skill learning is a multi-stage, dynamic process of
performance and knowledge changes across time (see Karni
& Korman, 2011). In addition to performance gains that
occur concurrently with a learning task (online, fast
learning), delayed performance gains may also evolve in the
absence of additional practice (offline, slow learning). These
latter changes involve consolidation processes whereby new
memory traces become less susceptible to interference, but
also are transformed and honed to represent new knowledge
(Dudai, Karni, & Born, 2015), may require sleep (Karni,
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auditory categories perfectly predict the location of the
upcoming visual detection target and the corresponding
response button to be pressed. Thus, learning to treat the
acoustically variable sounds as functionally equivalent in
predicting the upcoming location of a visual target may
facilitate visual detection without requiring overt sound
categorization decisions or even awareness of category
structure. The SMART task makes it possible to investigate
whether participants learn auditory categories incidentally,
during a largely visuomotor task.
Participants completed 8 practice trials to acquaint them
with the visual detection response. Sounds preceded visual
targets in these practice trials, but there was no category-tolocation correlation. Immediately thereafter there were 6
training blocks (96 trials, 4 sound categories x 6 exemplars x
4 repetitions) for which there was a perfect correlation
between auditory sound category and visual target location
(Figure 1d). In the seventh block (B7, 48 trials), any sound
exemplar could precede presentation of the visual target in
any position; sound category no longer predicts the position
in which the visual target would appear. A final B8 training
block restored the relationship between sound category and
the location of the upcoming visual target.
Twenty-four hours later on Day 2, participants completed
a training block (B9) and a shorter (48 trial) random-mapping
block (B10) and a final training block (B11) to restore the
mapping. On Day 10, participants completed B12, B13, and
B14, with a structure identical to the Day 2 blocks.
Subsequently on Day 10, there was an explicit labeling task
in which novel sound exemplars drawn from one of the 4
auditory categories were presented on each of 96 trials and
participants selected the expected visual target location; no
target appeared.
Testing took place in a sound-attenuated chamber with
participants seated directly in front of a computer monitor.
Sounds were presented dichotically over headphones (Beyer,
DT-150).
Experiments 1 and 2 were identical, except for the manner
by which within-category exemplar variability was
experienced. As noted above, five sound exemplars preceded
the visual target on each trial. In Experiment 1, a single
category exemplar was randomly chosen and presented five
times such that within-category exemplar variability was
experienced across but not within trials. In Experiment 2,
five unique exemplars drawn from a category preceded the
visual target. Across experiments, the categories perfectly
predicted the upcoming target location and, across trials, the
within-category variability experienced by participants was
equivalent. However, in Experiment 2 the within-category
variability was more tightly coupled with the visuomotor
associations we hypothesize to promote incidental category
learning. Gabay et al. (2015) hypothesized that the SMART
task visumotor associations provide ‘representational glue’
with which to bind acoustically variable category exemplars.
By this view, experiencing within-trial acoustic variability
will result in more robust learning via the tighter coupling of
category variability with visualmotor task demands. Here, we

Methods
Participants
In each experiment, young adult participants were recruited
from the University of Haifa community. They received
payment or course credit, had normal or corrected-to-normal
vision, and reported normal hearing. 24 participants were
tested in Experiment 1 and 22 were tested in Experiment 2.

Procedure
Nonspeech stimuli. Figure1a illustrates four auditory
categories, drawn from prior research (e.g., Wade & Holt,
2005; Leech et al., 2009; Liu & Holt, 2011; Gabay & Holt,
2015; Gabay et al., 2015). These sounds have some of the
spectrotemporal complexity of speech but are unequivocally
nonspeech owing to their noise and square wave sources
(Wade & Holt, 2005). Each category has 6 exemplars used in
training and 5 exemplars withheld to test generalization (not
shown in Figure 1). Two categories are defined by a
unidimensional acoustic cue (up- or down-sweep in
frequency of a higher-frequency component). The other two
categories are defined in a more complex, multidimensional
perceptual space (no one acoustic cue uniquely defines
category membership, see Wade & Holt, 2005).

Figure 1. Overview of SMART Paradigm. (A) Four
nonspeech auditory categories are defined by multiple
exemplars. (B) Each category is associated with a
particular visual location, thereby predicting the
upcoming appearance of a visual target 'X.' (C)
Participants indicate the target location with a key
press. (D) Blocks include a Test Block in which the
category-to-location association is destroyed, and an
Systematic Multi-modal Association Time (SMART) Task.
In the SMART task (Figure 1), participants rapidly detect the
appearance of a visual target in one of four possible screen
locations and report its position by pressing a key
corresponding to the visual location. The primary task is
visual detection. However, a brief sequence of sounds
precedes each visual target. Unknown to participants, the
sounds are drawn from one of four distinct sound categories.
There is a multimodal (auditory category to visual location)
correspondence that relates variable sound category
exemplars to a consistent visual target location and response.
This mapping is many-to-one, such that multiple,
acoustically-variable sound category exemplars are
associated with a single visual location. Likewise, sound
categories are predictive of the action required to complete
the primary visual detection task; in the SMART task,
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seek to examine how this prediction relates to consolidation
and retention of incidental category learning.

4.56, p=.038 and in Day 10 compared with Day 1, F (1, 44)
= 5.09, p=.029. There were no differences in RT Cost
magnitude between Day 10 and Day 2, F=.234 p=.630. For
the variable training condition, RT Costs were significant in
all sessions and there were no differences in RT Cost
magnitude across sessions.

Figure 2. Reaction time (RT) to detect the visual target
as a function of training block (1-14) and training type
(variable vs. constant) and session (Day 1, 2 and 10).

Results

Figure 3. Overt category labeling post-test accuracy as a
function of training condition and uni- versus
multidimensional categories.
Posttest categorization. As an overt measure of category
learning, we used participants’ accuracy in explicitly
matching novel sound exemplars with the visual location
consistent with the category-location relationship
encountered in training. The exemplars tested in the overt
categorization task were not previously encountered. Thus,
generalization of category learning was required for accurate
matching. Results are shown in Figure 3.
Participants undergoing both constant and variable
incidental training exhibited above-chance overt category
labeling of novel exemplars (all p's=<.05), (Variable:
Unidim, t(21)=3.77, p=.001; Multidim, t(21)=2.52, p=.0019;
Constant: Unidim, t(23)=2.89, p=.008; Multidim,
t(23)=3.104, p=.005). A repeated measures ANOVA with
category type (Uni- vs. Multi-dimensional categories) as a
within subject variable on mean accuracy and training type
(constant vs. variable) as a between subject factor, showed a
main effect of category type F (3, 132) = 9.63, p=.003, ηp² =
.12 such that unidimensional categories were better learned
than multidimensional categories. There was also a
significant interaction between category type and training F
(1, 44) =5.45, p=.024, ηp² = .1 such that unidimensional
categories were learned better than multidimensional
categories with variable training, F (1, 44) =14.17, p=.0004,
whereas no such difference was observed for the constant
training condition (F<1).

Reaction Time (RT) Cost. Following the approach of Gabay
et al. (2015), we predict that if participants incidentally learn
sound categories across training blocks then visual detection
will be slower in the test block relative to the training block
that preceded it (RT Cost) because the category-to-location
assignment is randomized in the test block. This covert
measure of category learning does not require overt auditory
categorization decisions or explicit labeling.
Results are presented in Figure 2. Trials for which there
was a visual detection error (M=2%) or response time (RT)
longer than 1500 ms or shorter than 100 ms (M=2%) were
excluded from analyses. A repeated-measures analysis of
variance (ANOVA) was conducted with RT Cost (repeated
vs. random block) and Day (1, 2, and 10) as within-subjects
variables and Training Type (constant vs. variable training)
as a between-subjects variable and mean reaction time to
detect the visual target as the dependent variable. The main
effect of training type was marginally significant, F(1,
44)=3.71, p=.07, ηp² = .07 suggesting that in general
participants were somewhat faster in the variable condition
compared with the constant training condition. There was
significant main effect of session F(2, 88) = 13.324,
p=.00001, ηp² = .23, such that participants became faster in
later sessions (Days 2, 10) compared with the first session
(Day 1), F(1, 44) =20.49, p=.00004. No significant difference
was observed between the second and third sessions (Day
10), F<1, p=.595. The RT Cost main effect was also
significant, F(1, 44) = 12.5, p=.00097, ηp² = .22 indicating
that participants on average were faster to detect the visual
target during the training blocks compared with the test
blocks. This indicates that participants were sensitive to the
relationship between sound category and visual target. The
three-way interaction of session, RT Cost and training type
was significant, F (2, 88) = 3.43, p=.037, ηp² = .07. Further
analysis revealed that there was a significant increase in RT
Cost magnitude in later sessions compared with the initial
session for the constant training condition. Greater RT costs
were observed in Day 2 compared with Day 1, F (1, 44) =

Discussion
The present study tested consolidation phase gains and
retention in incidental auditory category learning. Building
from prior research (Gabay et al., 2015), we employed the
SMART task in which four novel auditory categories are
consistently predict the upcoming location of a visual target
to which participants respond with a keypress to indicate
target location. Participants were not informed about the
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consistent mapping between audio and visual inputs and
could potentially perform the task perfectly without relying
on the auditory input. In the context of this largely visuomotor task, participants incidentally learned the auditory
categories, and generalized this learning to novel categoryconsistent exemplars.
Here, training occurred across three sessions to assess
acquisition, consolidation and retention of the incidentally
learned auditory category knowledge. Furthermore, the
nature of the training experience was manipulated to examine
the influence of variability on each one of these processes.
Consistent with prior results examining learning within a
single training session (Gabay et al., 2015), participants
became reliant on auditory categories to guide visual
detection, as evident in the RT Cost to visual detection
reaction time upon the elimination of the consistent categoryto-location mapping. Notably, however, a significant RT cost
was observed only for the variable training condition by the
end of the first session. This differs from the observations of
Gabay et al., who observed a RT Cost in a single session of
SMART training with no within-trial exemplar variability
(although this effect was less robust than that observed with
exemplar variability).
Nonetheless, by Day 2, learning was evident for both
conditions across the delay period as a reduction in RT in
Block 9 relative to Block 8 and an exaggerated RT Cost to
randomization in Block 10. This pattern of results suggests
that the association of the auditory categories with specific
visuomotor contingencies underwent a consolidation phase
and was strengthened over the delay. These results are
consistent with the wealth research in motor and visual
perceptual domains indicating the existence of a
consolidation phase in the development of skill. Consistent
with prior reports of consolidation phase 'offline' gains for
category knowledge (Djonlagic et al., 2009), the present
results are the first to report consolidation effects for
incidental learning, and for nonspeech auditory category
learning.
Although both types of training, constant or variable,
elicited offline gains, a reliance on auditory categories to
guide visual detection (manifested as a RT Cost) developed
already in the 1st session in the variable condition. This was
well-maintained over the 24-hour delay. In contrast, there
were no RT Costs for the constant training condition in the
initial session. Yet, category acquisition must have been
underway, as the RT Costs were apparent at 24-hour posttraining. This notion is consistent with a previous report
(Gabay et al., 2015) of RT Costs under constant training
already during the initial session, although the costs were
significantly smaller than those observed under variable
training. Cohort differences (the mean RT was somewhat
slower in the present studies compared to the Gabay et al.
study) or even biases from native language (English vs.
Hebrew, in the prior and current studies, respectively) may
potentially have played a role.
The current results underscore the notion that details of
training influence the evolution of category acquisition over

time, perhaps influencing the ultimate learned
representations. As an important control, future work will
need to establish the extent to which there are offline gains
associated with the visual target detection task itself,
independent of auditory category learning. This will help to
establish the origins of the increased speed of responses
observed on Day 2 for both conditions.
Despite brief, incidental training with entirely novel sound
categories, the learning gains attained by Day 2 were robustly
retained 10 days after initial training, as evident by robust RT
Costs as well as by the above-chance overt labeling of novel
category-consistent exemplars.
Taken together these results suggest that 'offline' processes
resulting in performance gains can be triggered for incidental
auditory experience associated with but not necessary for a
visuomotor task. The present study establishes a framework
for studying the evolution of category representations as they
emerge over time.
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1 Computational

Abstract
Meaning depends on context. This applies both in obvious
cases like deictics or sarcasm as well as more subtle situations
like framing or persuasion. One key characteristic of context is
the identity of the participants in an interaction. Our interpretation of an utterance depends on a variety of factors such as
our personal history, background knowledge, and our relationship to the source. While demographics allow us to capture
some of this variance, the relevance of specific demographic
factors varies across contexts. To address these challenges, we
introduce a method for combining demographics and context
into situated demographic embeddings—mapping representations onto a continuous space appropriate for the given domain.
We further demonstrate how to make use of related external
resources so as to apply this approach in low-resource situations. We show the resulting representations to be interpretable
and consider domain-specific similarity. Finally, we show how
these representations can be incorporated to improve modeling
of a real-world natural language understanding task.
Keywords: demographic representation; continuous representations; moral reasoning
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What happened? Reconstructing the past through vision and sound
Tobias Gerstenberg, Max H. Siegel & Joshua B. Tenenbaum
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Massachusetts Institute of Technology
Abstract
We introduce a novel experimental paradigm for studying multi-modal integration in causal inference. Our experiments feature a physically realistic Plinko machine in which a ball is dropped
through one of three holes and comes to rest at the bottom after colliding with a number of obstacles. We develop a hypothetical simulation model which postulates that people figure out what
happened by integrating visual and auditory evidence through mental simulation. We test the
model in a series of three experiments. In Experiment 1, participants only receive visual information and either predict where the ball will land, or infer in what hole it was dropped based on
where it landed. In Experiment 2, participants receive both visual and auditory information – they
hear what sounds the dropped ball makes. We find that participants are capable of integrating
both sources of information, and that the sounds help them figure out what happened. In Experiment 3, we show strong cue integration: even when vision and sound are individually completely
non-diagnostic, participants succeed by combining both sources of evidence.
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Abstract

Godwin, Dickerson, & Fisher, 2015). For example, the
Continuous performance task or CPT is a standard
performance-based measure of attention in which
participants are asked to respond to a target but withhold a
response for non-targets. The long duration of the task and
unfamiliar stimuli (e.g., letters and numbers) makes it
developmentally inappropriate for use with young children.
Child friendly versions have been created but have only met
with limited success as its been estimated that 50% of
children under 4.5 years of age fail to meet the minimum
performance criteria (see Fisher & Kloos, 2016).
Consequently, there is a lot of lost or unusable data.
In addition to performance-based measures of selective
sustained attention, behavioral measures of attention are
also quite common both inside and outside the laboratory.
One of the most widely used behavioral measures is eye
gaze. Eye gaze is a common and reasonable measure of
selective sustained attention (for reviews see Henderson &
Ferreira, 2004; Just & Carpenter, 1976); however, it is
admittedly not a perfect measure. Observational data often
suffers from poor reliability due to its subjective nature
(e.g., Poppe, Van Der Zee, Heylen & Taylor, 2013; Scherer
& Ekman, 1982). Despite employing extensive coding
protocols, coding behavior is difficult because there are
inevitably ambiguous cases where coders must use their
own judgment. These situations pose a challenge for
establishing good inter-rater reliability.
Because all measures are imperfect it is also important to
utilize converging measures. However, for researchers
interested in the development of attention, this is
challenging due to the aforementioned shortage of
developmentally appropriate measures. Consequently, we
are interested in using technology to enhance measurement
design in order to address some of the common issues that
make behavioral data collection so challenging while also
developing a converging measure of attention that could be
utilized to better predict children’s learning outcomes.
The present study aims to address these limitations by
developing and testing the Wiggleometer, a novel measure
of selective sustained attention. The Wiggleometer provides
an automated and objective approach to measuring
attention. The Wiggleometer is a custom chair that covertly
measures children’s extraneous body movements as an
index of selective sustained attention. Justification for the
use of movement as an indicator of attention and additional
details regarding the Wiggleometer are provided below.

Understanding the nuanced relationship between attention and
learning in young children is difficult due to the lack of
developmentally appropriate measures of attention. Young
children are in a measurement gap - they are too old for
measures typically employed with infants and toddlers and
often too young to produce useful data from more traditional
measures used with older children and adults. Due to the
paucity of developmentally appropriate measures it is
challenging to employ best practices and utilize converging
measures of attention. Additionally, existing behavioral
observation methods are time consuming and can suffer from
poor reliability due to their subjective nature. The present
study aims to address these limitations by leveraging
affordable technology to create a novel measure of attention,
the Wiggleometer. The Wiggleometer is a custom chair that
covertly measures body movement as an index of attention.
The preliminary results help establish the concurrent validity
of the measure and suggest the Wiggleometer can be
employed to better predict children’s learning outcomes.
Keywords: attention;
measurement; learning

selective

sustained

attention;

Introduction
One student factor widely believed to be important for
learning is selective sustained attention, or the ability to
modulate attention and ignore extraneous information.
Indeed, a commonly held assumption in education is that the
more time children attend to something, the better they
should learn the material (e.g., Carroll, 1963). Thus,
inattention is presumed to reduce learning opportunities and
is therefore hypothesized to be detrimental to learning.
However, understanding the nuanced relationship between
selective sustained attention and learning is difficult due to
the lack of developmentally appropriate and ecologically
valid measures of attention.
Measuring attention in young children is challenging –
primarily because preschool and primary grade children are
in a measurement gap - they are too old for selective
sustained attention measures typically employed with
infants and toddlers and often too young to produce useful
data from more traditional attention measures used with
older children and adults (Fisher & Kloos, 2016; Godwin,
Lomas, Koedinger, & Fisher, 2015; Fisher, Thiessen,
Godwin, Kloos, & Dickerson, 2013; Erickson, Thiessen,
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Extraneous Movement: Wiggleometer
Although eye gaze is a common and reasonable measure of
selective sustained attention, it is admittedly not a perfect
measure. Consequently, we sought to incorporate a
physiological index of selective sustained attention that
could be utilized as a converging measure of attention; thus
helping to resolve the task impurity problem (Miyake, et al.,
2000). Several physiological signatures of selective
sustained attention have been noted in the prior literature
including: specific facial expressions (e.g., pursed lips,
furrowed brow), body position (e.g., leaning forward,
encircling the object), and movement (see Choudhury &
Gorman, 2000; Ruff & Capozzoli, 2003; Ruff & Rothbart,
1996; Tellinghuisen, Oakes, & Tjebkes, 1999).
Utilizing physiological measures to infer cognitive states
is a common practice. For example, prior research has
documented that changes in posture can reflect changes in
levels of engagement. For instance, when adults completed
a task on a computer tutor, leaning back (marked by
increased pressure on the back of a chair and more rapid
changes in pressure) was associated with boredom, while
leaning forward (marked by increased pressure on the seat
of a chair) was associated with engagement (D’Mello,
Chipman, & Grasser, 2007; D’Mello & Grasser, 2010).
Similar work has also been pursued with children (Mota &
Picard, 2003; Dragon, Arroyo, Park Woolf, & Burleson,
2008).
In the present work, extraneous movement was selected
as a converging physiological measure of attention as prior
research has documented that extraneous movements
decrease during episodes of selective sustained attention
(see Ruff & Rothbart, 1996; Ruff & Lawson, 1990; Lawson
& Ruff, 2004). For instance, Milich (1984) assessed 6 to 12
year-old boys’ attention and activity level during a
structured play activity (i.e., the children were told they
could play with specified toys at a table). Milich found that
on-task behavior increased with age, while extraneous gross
motor movements (i.e., getting out of one’s seat, entering
other areas of the play room, etc.) and fine motor
movements (i.e., fidgeting) declined with age - presumably
due to age related improvements in executive function.
Recent studies with adults have also found an inverse
relationship between extraneous movement and attention.
For example, Seli et al. (2014) gave adults an arbitrary
behavioral response task in which participants were asked to
press a button in synchrony with a metronome. Seli et al.
found that extraneous movements (i.e., fidgeting) decreased
when participants reported being on-task compared to
periods when participants reported being off-task (or what
the authors refer to as mind wandering). However, questions
regarding social desirability effects and in turn reporting
accuracy should be noted as a potential cause for concern
due to the use of self-report. Nevertheless, these studies
highlight the relationship between motor activity and
attention, and point to movement as another behavioral
measure that can be collected as an index of selective
sustained attention.

The Wiggleometer provides an automated approach to
behavioral data collection which has several important
advantages compared to traditional behavioral observational
methods. As mentioned previously, observational data often
suffers from poor reliability due to its subjective nature
(e.g., Poppe, Van Der Zee, Heylen & Taylor, 2013; Scherer
& Ekman, 1982). The Wiggleometer reduces subjectivity by
utilizing modern and affordable technology to automate
behavioral data collection. Second, traditional behavioral
observational methods can be cumbersome and time
consuming. Increasing advancements and ease of access to
technology allow one to automatize the data collection
process, which makes it feasible to collect larger quantities
of data from more subjects with more precision. Therefore,
if successful, the Wiggleometer will help to resolve both of
these issues while providing a converging measure of
selective sustained attention. The present study begins to
test the feasibility and concurrent validity of the
Wiggleometer, a novel converging measure of attention, by
(1) examining whether extraneous body movements indexed
by the Wiggleometer are correlated with an existing measure
of attention (time spent off-task) and (2) determining
whether statistical models incorporating the Wiggleometer
successfully predict children’s learning outcomes over and
above models using time off-task alone.

Method
Participants
The sample consisted of 23 kindergarten children (Mage =
5.00 years, SD = 0.24 years, Range: 4.72 years to 5.63
years, 18 females, 5 males). All participants attended a
laboratory school at a private university in Pennsylvania.
Children were tested individually in a quiet room adjacent to
their classroom by the first author of this paper and by
trained research assistants.

Design
In the present study children completed paired associates
learning tasks. The amount of time children spent off-task
was calculated as a measure of children’s selective sustained
attention. Additionally, the Wiggleometer, which measured
children’s extraneous body movements, was employed as a
converging measure of children’s selective sustained
attention. The dependent variable was children’s accuracy
on the learning task (i.e., proportion of correct responses).

Procedure
Children participated in five sessions. In session 1, children
completed the pre-test. In sessions 2-5, children completed
the paired associates learning tasks (comprised of a learning
phase and a post-test). Extraneous movement (indexed by
the Wiggleometer) and time off-task (based on eye gaze)
were utilized as measures of selective sustained attention.
Additional details for each measure are provided below.
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Learning Measures
Pre-test A pre-test was administered to ensure the test items
were in fact novel to young children. The pre-test was
presented on a laptop computer. Children were asked to
identify the object labeled by the experimenter from 3
pictorial response options. The pre-test included 72 trials: 54
novel test items and 18 familiar items, which served as
fillers. The test items were derived from 6 natural kind
domains: Fish, Plants and Flowers, Fruit, Butterflies, Land
Animals, and Exotic Mammals. Two presentation orders of
the pre-test were created. In Order 1 the test items were
randomized with the constraint that the pre-test began and
ended with a familiar item. For Order 2, the presentation
order was simply reversed. The inclusion of familiar items
and the order constraint were employed to prevent children
from becoming discouraged on the pre-test since we were
anticipating that the test trials would be novel to most
children of this age group.
Based on the pre-test results, 4 natural kind domains were
selected for inclusion in the experiment: Fish, Plants and
Flowers, Butterflies, and Land Animals. Accuracy for these
domains (novel items only) ranged from 24% to 28%
indicating that the content was novel to the children. Indeed
children’s pre-test performance was either not significantly
different from chance (i.e., 33%; Plants & Flowers: single
sample t = 1.94, p = 0.07) or significantly below chance (all
other domains: single sample ts ≥ 2.11, ps ≤ 0.05).

within each block. For Order 2, the blocking sequence was
held constant (Block 1: recognition questions, Block 2:
recall questions) and the presentation order of items within
each block was reversed.
(A)

(B)

Q) “Point to the Aster”

Q) “What was the
name of this flower?”

Figure 1. Sample assessment items from the Plants and Flowers
PAL task. Panel A provides a recognition test item and Panel B
provides a recall test item.

Measures of Attention
Time Off Task PAL sessions were videotaped for coding
purposes. For each trial, children’s behavior was coded at
the second-by-second level in order to calculate the
proportion of time children spent off-task. Coders were
taught to classify the child’s behavior as on- or off-task. Ontask behavior was operationalized as engagement with the
learning materials (i.e., the computer). Engagement was
determined by the direction of children’s gaze. For each
instance of off-task behavior, the coders marked the timing
of its onset and cessation.
All coders were trained by the first author of this paper.
Training consisted of extensive practice coding videotapes.
A subset of the data (25%) was re-coded to ensure good
inter-rater reliability (Cohen’s (1960) Kappa = 0.78). All
coders were hypothesis-blind.

Learning Task In each testing session, children completed
a computerized Paired Associates Learning (PAL) task. In
the PAL task children are presented with pictures of nine
novel natural kinds and taught the corresponding label for
each object. The PAL task consisted of 27 trials. Two
presentation orders were created. For Order 1 the items were
blocked and randomized within each block. Blocking was
employed to create a relatively even presentation
distribution: each item was presented once within each
block. For Order 2 the presentation order utilized in Order 1
was simply reversed.
The learning phase of the PAL task was designed to
approximate ‘seat-work,’ an independent learning activity
common in elementary schools. Consequently, the
experimenter stood in the hallway behind a one-way mirror
while the child completed the learning phase independently.
Thus, if the child engaged in off-task behavior, the
experimenter did not redirect the child.

Wiggleometer Extraneous body movements were
quantified using a Wiggleometer. The Wiggleometer is a
custom chair that was designed to measure changes in force.
The hardware components of the chair include an Arduino
Uno – R3 (primary microcontroller) and 4 interlink
Electronics Force Sensing Resistors (Part # 406), which are
sensitive to a range of 100g to 10kg. The Arduino analog to
digital converter has a 10bit resolution from 0 volts to 5
volts. The voltage is linearly converted on a scale from 0 to
1023 where 0 indicates a minimal force detected by the
sensor (i.e., less than 100g). Data is pulled from the sensors
approximately 5 to 6 times per 100 milliseconds. The data is
sent over serial to the computer where the Python software
records the values in a csv file. The data from the
Wiggleometer is then used to determine the size of
movements children made.

Post Test The post-test included 18 items and was
composed of recognition and recall test items (9 questions
each); see Figure 1. The post-test was administered on a
laptop computer. For recognition items, children were asked
to point to the item labeled by the experimenter from 3
pictorial response options. For recall items, children were
shown a picture of an item and asked to recall the item
name. Two presentation orders were created. For Order 1
question type was blocked (Block 1: recognition questions,
Block 2: recall questions) and the items were randomized
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Results

Converging Measure of Attention
Recall that the Wiggleometer was included in the present
experiment to provide a converging measure of selective
sustained attention that could be employed to better predict
children’s learning outcomes. The goal of generating a
converging measure of attention is based on the limitations
of the primary measure of attention – eye gaze – which
although it is a reasonable measure of attention, it is neither
perfect nor free from subjectivity. Thus, the Wiggleometer
was designed to provide a more sensitive and unbiased
measure of children’s selective sustained attention.
To this end, a correlation analysis was conducted to
ascertain whether the total proportion of time spent off-task
(based on eye gaze) was positively related to children’s
movement size (indexed by the Wiggleometer). Children’s
movement size was found to be significantly correlated with
time off-task (r = 0.44, p = 0.037); See Figure 2. Thus,
children who spent more time off-task tended to engage in
larger extraneous movements.

Learning Measures
Recall that the PAL content was purposely selected to be
novel to young children. As discussed above, children’s pretest scores were either at chance or significantly below
chance confirming that the content was novel to
participants. Despite the novelty of the items and minimal
exposure to the items (27 trials per domain) children did
show evidence of learning: Children’s mean total learning
score was .39 (SD = .11). Children’s recognition
performance was significantly above chance (single sample
t(22) = 9.58, p<.0001).
Children exhibited stronger
recognition performance (M = .61, SD = .14) than recall
performance (M = .17, SD = .10).
Selective Sustained Attention
Off-Task Behavior In line with prior research examining
on and off-task behavior, in the present study children were
largely on task (e.g., Godwin et al. 2016): Across the PAL
tasks, children spent 21% (SD = 15%) of their time off-task
(TOT).1

Wiggleometer
(Movement Size)

Extraneous Movement From the Wiggleometer an index of
the size of children’s movements was calculated2. The mean
size of children’s movements was determined by calculating
the absolute difference in force at each sensor reading. This
process was repeated for each sensor and the mean was
calculated. Larger difference scores signify greater changes
in force, indicating bigger movements, whereas smaller
values reflect small changes in force or minimal movement.
Children’s mean movement size was 1.72 (SD = 0.83).
The Wiggleometer was calibrated by running 10 test trials
in which data was collected without a child in the chair to
determine how much noise is present in the data. The mean
movement size was 0.21 (SD = 0.01). The calibration data
was then compared to the data obtained in the experiment.
The movement size obtained in the experiment was
significantly greater than the mean obtained in the
calibration (single sample t(22)=8.72, p ≤ 0.0001)
suggesting that the Wiggleometer is detecting more than
noise. Furthermore, the low variability across individual
calibration trials is taken to suggest that although some level
of noise is present in the data, the instrument is reliable.

4.00
3.50
3.00
2.50
2.00
1.50
1.00
0.50
0.00
0.00

r = 0.44, p = 0.037

0.20

0.40

0.60

0.80

Proportion of Time Spent Off-Task
Figure 2. Association between movement size (indexed by the
Wiggleometer) and the proportion of time spent off-task.

Predicting Learning
The variables total proportion of time spent off-task and
children’s movement size were converted into Z-scores and
averaged together to create an attention composite. Two
linear regressions were performed in which the attention
composite was entered as the sole predictor of children’s
learning scores (recognition and recall scores) on the PAL
post-test; see Table 1.
For recognition scores the model was statistically
significant (F(1, 21) = 14.54 , p = 0.001). The attention
composite (standardized β = -0.64) accounted for 41% of
the variance in children’s recognition scores (adjusted R2 =
0.38). For recall scores, the model was also statistically
significant (F(1, 21) = 8.39, p = 0.009). The attention
composite (standardized β = -0.534) accounted for 29% of
the variance in children’s recall scores (adjusted R2 = 0.25).

1
For 3 children, the mean proportion of TOT is based on 3 (out
of 4) PAL sessions. The missing data is due to experimenter error,
technical difficulties, or failure to comply with the experimenter’s
instructions.
2
Due to experimenter error, for 1 child, data from 1 PAL
session could not be obtained. Their mean score is based on 3 (out
of 4) testing sessions. Due to technical difficulties for 36% of the
sessions (33 out of 91 sessions) there is a small portion of missing
data. On average the missing data accounts for less than 1% of the
data within a session.
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Is the attention composite a better predictor than TOT?
The same linear regression models were run with time offtask as the sole predictor of children’s learning scores
(recognition and recall scores) on the PAL post-test; see
Table 1. Time off-task (standardized β =-0.53) was a
significant predictor of children’s recognition scores; F(1,
21) = 8.19, p = 0.01. Time off-task (standardized β =-0.437)
was also a significant predictor of children’s recall scores
F(1, 21) = 4.95 , p = 0.04. However, time off-task accounted
for a numerically smaller proportion of the variability in
children’s learning outcomes compared to the attention
composite (R2: 41% vs. 28% and 29% vs. 19% for
recognition and recall respectively).

first step in establishing the concurrent validity of the
measure. Lastly, by combining the data from the
Wiggleometer with the proportion of time children spend
off-task we were able to create a composite variable of
attention that proved to be a better predictor of children’s
learning outcomes than time off-task alone. Thus, the
Wiggleometer helps attenuate the task impurity problem
(Miyake, et al., 2000) as it provides a converging measure
of selective sustained attention. This is a particularly
valuable contribution to the field due to the paucity of
developmental appropriate measures available for use with
young children (Fisher & Kloos, 2016).
This research is ongoing and we are currently working to
make a number of modifications to the Wiggleometer to
improve its validity and utility for research. Specifically, the
Wiggleometer requires further refinement in order to: (1)
increase the age range with which the measure can be
utilized, (2) increase the accuracy of the digital signals
thereby reducing measurement error, and (3) increase the
features of the Wiggleometer and its compatibility with
other data collection tools. To this end, we are currently
developing a new prototype of the Wiggleometer that will
have the following features: (1) increased weight capacity
so the Wiggleometer can be utilized with older children; (2)
improved accuracy of digital signals by incorporating signal
processing approaches and improving sensor hardware to
reduce noise and focus on recording only those extraneous
movements that are hypothesized to be relevant to selective
sustained attention; and (3) synchronization of
Wiggleometer data to video frames. Connecting children’s
movements to the video data will have great utility so that
researchers are able to directly link periods of greater
movement (i.e., inattention) to specific learning episodes.
In conclusion, the initial results from the Wiggleometer
provide an interesting test case where affordable technology
is leveraged to increase the precision of behavioral data
collection. The tool also makes it possible to collect larger
quantities of data and to obtain a continuous measure of
attention leading to a very rich data set that is not possible
with some of the current behavioral measures. With more
refinement of the prototype, the Wiggleometer will
ultimately add to future researchers’ toolbox as an
additional measure of attention that can be used to
triangulate and thereby better predict children’s learning
outcomes. The Wiggleometer provides a promising new
converging measure of selective sustained attention that can
be used in the lab but may also be scaled up for measuring
attention in genuine learning settings (e.g., classrooms,
museums, and home settings).

Table 1: Variability (R2) Accounted for by the attention
composite and Time off-Task (TOT)
Attention
Composite

TOT

(Wiggleometer +TOT)

Recognition

41%

28%

Recall

29%

19%

For both recognition and recall performance the more
optimal models, based on the Bayesian Information
Criterion (BIC), were the models in which the attention
composite variable was used as the predictor rather than
time off-task; see Table 2. Taken together, the results of the
analyses suggest that the attention composite variable (total
proportion of time spent off-task and children’s movement
size) served as a better predictor of children’s learning
outcomes than total time off-task alone. Thus, the
Wiggleometer successfully provided an index of children’s
selective sustained attention that could be employed as a
converging measure of children’s attention to better predict
their learning outcomes.
Table 2: Comparison of Models (BIC)
Predictor

Outcome
Recognition

Recall

Attention Composite
(Wiggleometer + TOT)

-29.33

-39.65

TOT

-24.80

-36.79

Discussion
The results from the Wiggleometer are promising. First,
this work shows that it is possible to create an automated
measure of selective sustained attention. This is a significant
contribution as the Wiggleometer allows for data collection
that is automated and thereby reduces the subjectivity of
traditional observational approaches. Second, the significant
correlation between children’s movement and time off-task
support the use of this measure of attention and serves as a
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Abstract

had that virus. The statistics now suggested that the
correlation between B and C was due entirely to A; that is
when A was present, B and C were also likely to be, and
when A was not present, B and C were likely not to be (see
Figure 1, bottom). That is, A was the common cause of both
B and C. Although subjects saw the causal power of A, this
did not change their view about B. They thought A could
cause B and C, but also that B caused C. On the other hand,
if subjects saw the patient files that included A from the
beginning, they readily inferred that A caused B and C, and
that B did not cause C. Across four experiments Taylor and
Ahn ruled out several simple hypotheses about why people
failed to revise their beliefs about B, for example not
properly recognizing the relationship between the two sets
of observations. Rejecting these alternative explanations,
they concluded the causal power of B was imprinted on the
subjects’ minds. What could help change this belief?

Causal judgments are stubborn. If people learn about two
correlated variables B and C, and judge that B causes C, they
typically stick to that judgment even when contradictory
evidence comes to light. One form of contradictory evidence
is that a third variable A causes both B and C, explaining the
correlation. This paper extends prior work showing that
simply presenting statistical evidence that A is the common
cause of both B and C does not lead to belief change about B.
However, if first subjects learn to categorize phenomena by
their underlying causal relationships (i.e., as exemplars of a
common cause category), then they can transfer their category
knowledge to properly interpret the evidence. They recognize
that A is the common cause of B and C and revise their belief
about B. These results suggest that teaching abstract causal
categories is a promising strategy to help revise false beliefs.
Keywords: belief revision; categories and concepts; analogy;
causal learning

Introduction
False beliefs are pervasive, leading to many harmful
decisions. For example, Steve Jobs famously delayed
surgery for his cancer, and instead chose naturopathic
treatments that have no supporting scientific evidence for
their efficacy. While it is hard to be certain, there is
evidence that decision led to his death (e.g., see Walton,
2011 https://tinyurl.com/ybbc3jnk). A more common
example is attributing the fast recovery from a cold to an
herbal supplement when in reality recovery would have
been just as fast without taking it. Large sample public
surveys and laboratory experiments reinforce the notion that
false beliefs are at once easily formed, and resistant to
change (see Lewandowsky et al., 2012; and Hornsey &
Fielding, 2017 for review).
Taylor and Ahn (2012) developed a laboratory paradigm
to investigate the mechanisms underlying the real-world
problem of stubborn false beliefs. In their paradigm, they
demonstrated the phenomenon of “causal imprinting”
wherein once a causal judgment was made, it was resistant
to change despite new contradictory evidence. They used an
observational learning method wherein subjects considered
a series of patient medical files to determine if B (the
“Burlosis condition”) caused C (the “Caprix condition”). In
the twenty medical files, the two conditions were highly
correlated (see Figure 1, top), and so most subjects endorsed
that yes, B does cause C. Then the subjects were told that a
new potential cause, A (the “Ablique virus”) had been
discovered and they should look over the medical files
again, now with information about whether or not patients

Figure 1: Co-occurrence statistics across twenty
observational learning trials. Each number refers to the
number of trials where some combination of variables was
present or not. Negatives refer to “not present.” In the
contingency table with all three variables, the column labels
refer to combinations of A’s and C’s presence. This shows
how the correlation above is explained by A.
Rottman, Gentner, and Goldwater (2012) showed that
science novices are not particularly perceptive of when
phenomena share underlying causal relations. The novices
were given descriptions of phenomena from a number of
domains to sort into categories (e.g., economics, biology),
and decided to sort them based on domain, regardless of any
differences in their underlying causal structure. On the other
hand, science experts saw past the domains, and sorted
phenomena via their causal structure. For example, they
sorted descriptions of biological and economic phenomena
together that each showed a common cause structure
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wherein A (an allergic reaction; high unemployment,
respectively) caused both B (rash; increased crime) and C
(coughing; lower GDP) independently. Another causal
category that guided science experts’ sorting was a causal
chain wherein A (increased oil prices) caused B (increased
transportations costs) which in turn directly caused C
(increased price of consumer goods). Building on this work,
Goldwater and Gentner (2015) taught novices the causal
system categories by scaffolding their comparison of
phenomena from different domains that shared causal
structure. After the comparisons, subjects sorted novel
phenomena descriptions via their causal structures in a
manner similar to the science experts in Rottman et al.
(2012).
The current work examined whether learning the causal
system categories as in Goldwater and Gentner (2015) can
aid subjects in either preventing or undoing causal
imprinting. If subjects had a more general understanding of
common causes, they could potentially use that
understanding to recognize when they had falsely believed
that B caused C, and instead attribute the cause of both B
and C to A. In terms of Taylor and Ahn (2012) if they
recognized that the relationships among the Ablique Virus
and the Burlosis and Caprix conditions was actually an
exemplar of a common cause category, they could use their
knowledge of the category to help them interpret the
statistical pattern in the medical files. To investigate
whether this method can aid belief revision, the current
work simply combined the category learning task of
Goldwater and Gentner (2015) with the observational
learning task of Taylor and Ahn (2012).
In Experiment 1, all subjects reviewed patient files with
information about the Ablique Virus from the beginning,
when prior work showed they could properly infer that A
was the common cause of B and C. Before reviewing the
patient files some of the subjects received the causal system
category training, and some did not. Here, we predicted that
the training would have no effect. Our working hypothesis
was that learning the causal categories would specifically
support belief revision, and when subjects learn about A, B,
and C from the start, there will be no need to revise beliefs.
This established a baseline for the efficacy of the category
training shown in the next two experiments.
In Experiment 2, all subjects first learned about B and C,
and then reviewed the files again with information about A.
This was the condition from Taylor and Ahn (2012) that
showed causal imprinting. Subjects received causal category
training, and were given a second opportunity to consider
the patient files with information about A, B, and C. Here
we expected the causal system category training to reduce
the size of the causal imprinting effect. In Experiment 3, we
compared the causal category training to a control condition
to ensure that the effects of Experiment 2 were not simply
due to having an additional opportunity to consider the
statistical evidence.
Because the pattern is complex, we briefly summarize the
overall rationale for the series of experiments before

describing them. We predicted that learning the common
cause structure as a category should specifically help belief
revision (as in E2 and E3), but have no effect when no
revision is needed (when the statistics support a common
cause inference from the start in E1). In E2, we contrasted
whether category training could prevent causal imprinting
with its potential to help undo imprinting. In E3, we
compared how the category training helps to undo
imprinting to a control condition.

Experiment 1
This experiment had a simple design of two conditions
manipulated between-subjects.
All subjects reviewed
patient files containing information about A, B, and C from
the start. Some of the subjects received the causal system
category training before reviewing the patient files. Some
received no category training.

Methods
Subjects. Sixty-two subjects were recruited from an
introductory psychology class at the University of Sydney,
and received course credit for their participation.
Materials and Procedure. Thirty-nine of the subjects
(randomly assigned) started with the causal system category
training task adapted from Goldwater and Gentner (2015).
The training focussed on two causal systems such that any
application of the category training to the observational
learning phase would have to be selective of which category
was relevant, and contrasting two categories improves
learning of each (e.g., Rohrer & Pashler, 2010). The training
task presented two examples each of common cause and
causal chain systems along with clear explications of their
respective causal structures. Participants were asked why
examples of these systems belonged to their respective
categories and to identify the elements of one example that
corresponded to elements of another example of the same
causal system (See Figure 2). Subsequently, participants
were provided with four novel examples (two commoncause and two causal chain) and asked which category they
belong to and why. Finally, participants were asked to
respond to the question: “What are the key differences
between common cause systems and causal chain systems?”
Example of common cause phenomena description :
Policies often have many consequences, some planned and some unintended. No
Child Left Behind has increased the national averages of 4th and 8th grade Math scores.
However, in order to boost the number of children who pass the test, there has been
particular focus on children who score just below passing (children on the “bubble”),
while students way below passing get ignored. And unfortunately, there has been
evidence of teachers changing students’ answers.

Figure 2. Example phenomena description from category
training task (top), and correspondence task to scaffold a
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structural comparison (bottom; see Goldwater & Gentner
2015 for complete description and evidence of
effectiveness).

comparison between A’s perceived causal strength (the true
cause), and B’s (the false cause). The two A ratings never
significantly differed from each other across the three
experiments.
To simplify the statistical analyses for all three
experiments, we subtract the B causal strength rating from
the average A rating. A value of zero means they see A and
B as equally causally strong. A positive value means A is
seen as stronger than B. A negative value means B is seen as
stronger than A. We note the higher the positive value, the
more consistent the ratings are with a common cause
relationship among the variables.

All subjects completed the observational learning task,
which started with a practice round based on Dennis and
Ahn (2001; also used by Taylor & Ahn, 2012) For space we
have cut out detail here, but to summarize: Subjects were
asked to determine whether ingesting an exotic plant causes
people to become sick by observing several cases describing
whether or not an exotic plant was ingested and whether or
not that person became sick. After two blocks, one
suggesting a causal relationship, and one that did not,
participants were provided with a summary of the cases and
an explanation demonstrating how to infer the strength of
the causal relationship between events based on the cooccurrence statistics and how to score the strength of the
causal relationship on a scale from 0-100. They were given
four examples to calibrate their use of the scale (again based
on Taylor & Ahn 2012). 0 was labelled “not a cause” and
the example given was “the degree to which one rain drop
causes a rise in the stock market.” 30 was labelled “a weak
cause” and the example was “the degree to which getting
wet causes a cold.” 70 was labelled “a strong cause” and the
example was “the degree to which being exposed to a virus
causes a cold.” 100 was labelled “a very strong cause” and
the example was “the degree to which rain causes the
ground to be wet.” Subjects could refer to these guidelines
for each rating they made throughout the experiment.
Next all subjects moved onto the primary observational
learning task wherein subjects were told:
“Now, imagine that you are a research assistant at the
Garvan institute of medical research. Scientists have
recently discovered three new medical conditions and are
trying to understand if there is a relationship between them.
Blood was taken from 20 patients and it was found that
three events were common among the samples. These
events were
1. “Has Burlosis condition” or “No Burlosis condition”
2. “Has Caprix Condition” or “No Caprix condition.”
3. “Has Ablique virus” or “No Ablique virus.”
…From the preliminary research scientists have
discovered that the ‘Caprix’ condition can NOT cause the
‘Burlosis’ condition or the ‘Ablique’ virus. For this reason,
your job as a research assistant will be to observe 20
patients to determine whether:
1. The ‘Burlosis’ condition causes the ‘Caprix’ condition
2. The ‘Ablique’ virus causes the ‘Burlosis’ condition
3. The ‘Ablique’ virus causes the ‘Caprix’ condition”
Then the subjects reviewed the 20 patient files at their
own pace, and after completion they rated the three potential
causal relationships from 0 to 100.

Figure 3. Mean (and standard error) causal strength ratings
for Experiment 1.
There was no difference between the two conditions, as
the subjects who received the category training (M = 25.97)
and the subjects who did not (M = 33.50) both rated A as
having greater causal strength than B, t (60) = .68, p =.50.
Consistent with predictions, and replicating Taylor and Ahn
(2012), when all three variables are introduced together,
subjects can clearly infer that A is the common cause of B
and C, and B is not a direct cause of C.

Experiment 2
The second experiment now tested whether causal system
category learning could prevent or undo causal imprinting.
Here, the observational learning task induced causal
imprinting in the same manner as Taylor & Ahn (2012) by
first having subjects review patient files with information
only about B and C (the BC block), and then following up
with the block with information about A, B, and C (ABC
block) from Experiment 1. This experiment added a second
ABC block identical to the first to give subjects a second
time to reflect on the statistical pattern and potentially
change their causal strength ratings. This order of BC block,
then ABC block, then another ABC block was identical for
all subjects.
In addition, all subjects received the causal system
category learning task from Experiment 1, however the
timing of the causal system category learning task was
manipulated between-subjects (see Figure 4). Subjects either

Results
Figure 3 shows the causal strength ratings for B causes C,
and the average of A causes B and A causes C. Using the
average of both A ratings allows for an easier visual
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received the category training right from the start, or
received it in between the two ABC blocks. If there were
differences between the two conditions’ causal strength
ratings after the first ABC block, this would suggest that the
causal category training could mitigate the size of causal
imprinting from the start. If the second ABC rating differed
from the first, this would suggest that the causal category
training could aid belief revision and undo some of the
effects of causal imprinting. We predicted that the category
training would elicit an effect of increasing A’s causal
strength rating relative to B’s, but we were agnostic to an
effect of when this occurred.

while the other subjects (n=75) received the training in
between the two ABC block (randomly assigned; Figure 4).

Results
Figure 5 shows the full pattern of causal strength ratings.
Subjects viewed B’s causal strength as quite close to A’s on
the first rating, replicating Taylor and Ahn’s (2012) causal
imprinting effect. The second rating however shows belief
revision, with a reduction in B relative to A.

Figure 4. Task sequence for Experiment 2

Methods
Subjects. 151 subjects were recruited from an introductory
psychology class at the University of Sydney, and received
course credit for their participation.
Materials and Procedure. The materials and procedure
were largely identical to Experiment 1. The primary
difference is that at the start of the primary observational
learning task, the instructions only mentioned the Burlosis
and Caprix conditions. Similar to the previous instructions,
the subjects were told that the earlier research ruled out that
the Caprix condition could cause the Burlosis condition, but
they were to consider whether Burlosis could cause Caprix.
They then reviewed the twenty medical files without any
information about the Ablique virues. To be consistent with
Taylor and Ahn (2012), subjects did not rate the strength of
B causes C after the BC block (their pilot work showed that
rating B’s causal strength before the ABC block has no
effect on the causal imprinting shown after the ABC block).
After the BC block, the instructions told the subjects that
a new discovery had been made, the Ablique Virus, and that
they were to re-examine the same patient files now with
information about who had or did not have the Ablique
Virus. From there, the instructions proceeded identically to
the ABC block from Experiment 1. Another novel part of
the procedure was the second ABC block wherein subjects
were instructed to consider the ABC block one more time
and were then given a second opportunity to rate the causal
strength of the three candidate causal relationships.
The final novel aspect of the procedure was that
approximately half (n=76) of the subjects received the
category training task before the observational learning task,

Figure 5. Mean (and standard error) causal strength ratings
for Experiment 2.
For the statistical analyses we again use the summary
strength score that subtracts B’s causal strength rating from
the average of both of A’s ratings. Recall high positive
scores show subjects recognized that A is the greater cause
of B and C than B is the cause of C. However scores close
to or below 0 show causal imprinting. They view B’s causal
strength as similar or greater to A’s.
We analyzed the data with a 2 (Early Category Training
vs. Late Category Training; between-subjects) X 2 (1st
causal strength rating vs. 2nd causal strength rating; withinsubjects) mixed-measures ANOVA. There was no main
effect of the timing of category training, as both the first
rating (Early Training, M = 6.40; Late Training, M = 0.81),
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and the second rating (Early Training, M = 19.49; Late
Training, M = 12.85), showed similar scores between the
two conditions, F(1,149) = 1.46, p = .23, η2p = .010.
However there was a main effect of rating, as subjects’
rating at the second rating were higher in both training
timing conditions than at the first, F(1,149) = 16.58, p <
.001, η2p = .100. There was no interaction between the two
variables as both the subjects in the Early Training
condition (Rating Change M = 13.09) and Late Training
(Rating Change M = 12.05) increased their ratings to similar
degrees, F(1,149) = 0.03, p = .86, η2p < .001.

equally); this is most likely because E1 and E2 recruited
undergraduates while E3 recruited from MechTurk. What is
more important however are condition differences, not how
the scale is used on average. Crucially, the second rating
shows a reduction of B’s strength relative to A’s for the
Late Training condition, while the Control condition shows
no such reduction. Again, summary ratings scores are
analyzed. Higher scores reflect a greater recognition of A as
the common cause of B and C, while lower scores shows a
greater effect of causal imprinting wherein B is seen as
having causal strength comparable to or greater than A’s.

Experiment 3
There were several important findings from Experiment 2.
First is that we replicated the causal imprinting effect from
Taylor and Ahn (2012) in the first set of causal strength
ratings. B was seen as equally strong as A. Second is that
the second set of ratings showed belief revision wherein the
ratings moved towards the pattern from Experiment 1 when
A was seen as the common cause of B and C, and B was not
seen as a strong cause of C. Interestingly, the timing of the
category training did not seem to have an effect on this
pattern. It still required two considerations of the ABC data
for the subjects who had the category training from the
beginning.1
The results of experiment 2 suggested that the category
training provided a tool to foster belief revision if the
subjects are given multiple chances to consider the
statistical pattern. However, we cannot yet reject another
plausible hypotheses- that having a second chance to
consider the statistical pattern in the ABC block is sufficient
to change the causal strength ratings, and that the category
training had no effect. In Experiment 3, we replicate the
Late Training condition of Experiment 2, but add a control
task in between the first and second ABC block.

Methods
Subjects. Sixty-five subjects were recruited from Amazon’s
Mechanical Turk and were compensated $8 US for their
participation.
Materials and Procedure. The materials and procedure for
thirty-five of the subjects (randomly assigned) were that of
Experiment 2’s Late Training condition. The observational
learning task was identical here for the Control condition,
but instead of the category training between the two ABC
blocks, the subjects read a passage about the logic of
randomized control trials for medical research and then
answered comprehension questions about that passage.

Figure 6: Mean (and standard error) causal strength ratings
for Experiment 3.
We conducted a 2 (Late Training vs. Control; betweensubjects) X 2 (1st Rating vs. 2nd Rating; within-subjects)
mixed-measures ANOVA. There was no statistically
significant main effect comparing the Late Training
condition (1st Rating M = -4.29; 2nd Rating M = 5.70) to the
Control condition (1st Rating M = -11.15; 2nd Rating = ------16.05), F(1, 63) = 3.62, p = .06, η2p = .054. Nor was there a
significant difference between the first and second rating,
F(1, 63) = 0.62, p = .43, η2p = .010. Critically there was an
interaction between the two variables, F(1, 63) = 5.30, p <
.05, η2p = .078 because the Late Training condition’s ratings
increased from the first to the second (Rating Change M =
9.99), while the Control condition’s rating actually

Results
Figure 6 shows the full pattern of results. Compared to
Experiment 2, ratings across the board were higher, and B
was actually seen as a stronger cause than A in the first
rating (unlike in Experiment 2 when they were rated almost
1

The Early Training condition had a slightly higher summary
score, but this was indistinguishable from random error.
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decreased (Rating Change M = ---4.90). The Category
Training condition’s increase was statistically significant,
t(34) = 2.15, p < .05; the Control condition’s decrease was
not t(29) = 1.11, p = .28.
These results replicate the key finding of Experiment 2,
that when following the category training, a second chance
to consider the statistical pattern amongst the A, B, and C
variables reduces the causal imprinting effect. While
Experiment 3 seemed to show a larger causal imprinting
effect overall than Experiment 2, the ratings change across
the two experiments were similar (Experiment 2 Late
Training M = 12.85; Experiment 3 Late Training M = 9.99).

a common cause structure, not a causal chain structure. The
latter would have seen no decrease in B’s strength to cause
C, but may have seen a decrease in the direct link from A to
C. It is possible that by teaching them two causal system
categories we made the revision task harder than the prior
work on false beliefs (reviewed by Lewandowsky and
colleagues, 2012). In that work, the original (false) causal
explanation was explicitly refuted, and sometimes
(depending on the study) an alternative explanation was
given and stated as the true explanation. Here we were less
direct, simply providing conceptual tools to the learner, and
many were able to use them appropriately.
Of course, we recognize that the success was not total.
Comparing Experiments 2 and 3 to Experiment 1 shows that
the category training did not make the ratings as consistent
with a common cause structure as if causal imprinting was
never induced. Still, given how stubborn false beliefs can
be, any success in revising them is quite promising. The
next steps in our research will examine whether this form of
training can help change subjects’ pre-existing beliefs.

General Discussion
Across three experiments a clear pattern emerged. When
two correlated variables were observed together, subjects
inferred that one caused the other. This inference became
imprinted on the subjects’ minds. New statistical evidence
showing that a third variable was in fact the common cause
of the two original variables (which have no direct causal
link) was not alone sufficient to change their minds.
However, learning that the common cause relation was a
more general causal structure that many phenomena shared,
supported changing the interpretation of the statistical
evidence. When subjects considered the statistical evidence
for a second time, they (on average) applied their causal
category knowledge and shifted their understanding in the
direction of the true causal structure. That Experiment 2
showed no effect of category training at the first rating, and
that in Experiment 3 only the category training condition
elicited a significant difference between the first and second
ratings suggests that both category training and having a
second chance to interpret the evidence are necessary for
belief revision.
We suggest that causal system category training supports
belief revision by offering a conceptual tool to make sense
of statistical evidence. Many models of causal learning
suggest that with each new piece of evidence, multiple
causal structure hypotheses are evaluated (e.g., Tenenbaum,
Griffiths, & Kemp, 2006). The current work is consistent
with prior findings that explicit training in specific causal
structures is sometimes necessary for those causal structures
to be directly evaluated (Fernbach & Sloman, 2009). Here,
learning about the common cause relation at a general,
categorical level was necessary to revise beliefs to be more
consistent with a common cause structure. In contrast,
Experiment 1 showed category training was not necessary to
infer a common cause structure when all relevant variables
were considered from the beginning.
In the category training task, subjects learned about
common cause structures (relevant to the observational
learning task) and causal chain structures (irrelevant to the
observational learning task). Learning two categories
suggests that subjects’ knowledge transfer from the category
training task to the observational learning task was
selective. In Experiments 2 and 3, category training elicited
changes to causal strength ratings to be more consistent with
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Abstract

suffer not from a lack of knowledge of adult preferences,
but rather from difficulty engaging in episodic future thinking and, specifically, a limited ability to take the perspective
of their future selves.
In the present experiment, we seek to better understand
these age-related difficulties and improvements in preschoolers’ ability to envisage the future by comparing judgments
about their own future possessions and preferences. In other
words, we ask whether preschoolers find it easier to reason
about what they will have as compared to what they will like.
Addressing this question may shed light on why preschoolers
struggle to acknowledge what they will prefer as adults, and
may also be informative about differences in how children
reason about ownership and preferences.

The ability to anticipate the future improves markedly across
the preschool years. One major area of improvement is in children’s ability to consider their future preferences. Whereas
5-year-olds understand they will prefer adult items in the future, 3-year-olds indicate they will continue to prefer child
items. In the present research, we show that preschoolers
(N=120) show an ownership-advantage in their future-oriented
thinking—they are better able to indicate which objects they
will own as adults than to indicate what they will like. These
findings are informative about the basis for children’s difficulty
anticipating their future preferences, and also reveal differences between how children think about ownership and preferences.
Keywords: episodic-future thinking; preferences; ownership;
cognitive development; preschool-aged children

Introduction

Ownership and Preferences

People think about the future often and use such simulations
to guide their decisions in the present (Atance & O’Neill,
2001; Szpunar, Spreng, & Schacter, 2014). For example, if
you are absolutely confident that Taylor Swift will continue
to be your favorite singer in 20 years, you might feel it would
be reasonable to have her face tattooed on your back. However, if you can anticipate that your taste in pop stars may
change in the coming years, you might decide against the tattoo. Correctly anticipating the future is difficult, though, and
one reason for this is that people often fail to anticipate the
extent to which they will change in the future (Quoidbach,
Gilbert, & Wilson, 2013).
Anticipating future change is especially difficult for young
children, though their ability to do this improves markedly
across the preschool years (Atance & Caza, 2018; Bélanger,
Atance, Varghese, Nguyen, & Vendetti, 2014; Lee & Atance,
2016). For example, in Bélanger et al. (2014), preschoolers
were asked to indicate objects they would prefer as adults,
and could respond by choosing items that were either appropriate for children or for adults. At age 3, preschoolers
predominantly chose the child item, but by age 5, their difficulty diminished and children succeeded in acknowledging
they will like the adult item in the future. When asked instead about the current preferences of an adult, though, even
the younger children’s performance was significantly above
chance. These findings suggest that younger preschoolers

The prediction that children might show an ownershipadvantage in imagining their futures may be surprising as
owning and liking are similar in some ways, and also often
co-occur. People often like the things they own: They typically decide which possessions to acquire, and therefore often
have things they like (see Noles & Gelman, 2014). The act
of choosing to acquire a possession also increases regard for
it (e.g., Brehm, 1956). Finally, when a person is given an object, this also increases the extent to which they like and value
it (e.g., Beggan, 1992; Kahneman, Knetsch, & Thaler, 1991).
Given this correlation between preferences and ownership,
why might preschoolers reason differently about their future
ownership and future liking? One reason is that for children,
ownership and preferences are not so closely related. Unlike adults, preschoolers and young children do not consistently prefer their possessions over other objects. Some studies find they do have such preferences (Gelman, Manczak,
& Noles, 2012; Harbaugh, Krause, & Vesterlund, 2001), but
other studies find children do not (Hood, Weltzien, Marsh, &
Kanngiesser, 2016; Lucas, Wagner, & Chow, 2008).1 Moreover, preschoolers do not anticipate that other people like
1 Children do consistently prefer certain possessions (e.g., stuffed

animals, and attachment objects) over potential replacements
(Gelman & Davidson, 2016; Hood & Bloom, 2008). However, such
objects only form a small subset of the objects children own.
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their own possessions over other objects (Gelman et al., 2012;
Pesowski & Friedman, 2018), and they readily acknowledge
that people can own things they dislike (Noles & Gelman,
2014). Finally, we might also expect differences in children’s
judgments about future ownership and liking because children draw on different cues and principles when inferring
ownership and preferences (e.g., Malcolm, Defeyter, & Friedman, 2014; Verkuyten, Sierksma, & Thijs, 2015; Verkuyten,
Sierksma, & Martinovic, 2015) and when explaining them
(Nancekivell & Friedman, 2014).

should therefore require significantly less conflict inhibition
than indicating preferences, which may allow children to better engage in future-oriented reasoning.
In sum, children could find it easier to anticipate their futures if asked about what they will own as adults than if asked
about what they will like and prefer. We investigated this possibility in an experiment on children aged three to five years.

Experiment
Methods

These previous findings suggest children think about ownership and liking in quite different ways, and so they could
have different expectations about what they will own as adults
and what they will like and prefer. But why might children
find it easier to acknowledge their future ownership? One
reason is that preferring and liking an object is something we
feel, but ownership is not. We crave desired objects, and may
be stung with disappointment when we fail to obtain them.
Ownership is different. Although it can be accompanied by
feelings like possessiveness or ”psychological ownership”, it
is not strictly tied to such feelings; people do not always feel
possessive about things they own, and sometimes feel possessive of things they do not actually own (e.g., Kamleitner & Feuchtl, 2015; Kirk, Peck, & Swain, in press; Peck
& Shu, 2009; Pierce, Kostova, & Dirks, 2003). Moreover,
as reviewed above, there is little evidence that children generally have special feelings or regard for their possessions,
outside of attachment objects and stuffed animals (Gelman
& Davidson, 2016). Together, this suggests that compared
with reasoning about preferences, children may reason about
ownership in a more distanced manner. As such, considering
future ownership may sidestep the need to imagine oneself
as having different mental states in the future. Instead, children may draw on their semantic knowledge of which kinds
of objects are typically owned by adults, and engage in more
script-based responding.

Participants We tested 120 children in the main experiment: 40 3-year-olds (mean age = 3;5 [years; months], range
= 3;0-3;11, 20 girls), 40 4-year-olds (mean age = 4;6, range
= 4;0-4;11, 22 girls), and 40 5-year-olds (mean age = 5;6,
range = 5;0-5;11, 15 girls). An additional three children gave
fewer than four responses across the six test trials, and were
therefore replaced. We also tested a different group of 40 3and 4-year-olds (Mean age = 3;11, range = 3;1-4;10, 22 girls)
in a preliminary study conducted to select appropriate stimuli
for the main experiment. Children were individually tested in
daycares and preschools in the Waterloo Region.
Materials All stimuli were shown in a slideshow. The first
slide showed a picture of a group of children; the second slide
showed a picture of a group of adults; and the next slide was
blank. The remaining 6 slides each showed a pair of thematically matched images of a child object and an adult object. The pairs appeared in the following fixed order (left side,
right side): piggy-bank, wallet; newspaper, book; saxophone,
xylophone; child bicycle, adult bicycle; sippy cup, mug; mechanical pencils, crayons. In all pairs, the images were set
against white backgrounds. In a preliminary study, we confirmed that preschoolers mostly preferred the child item over
the adult item in each of these 6 items pairs (all ps ≤ .003,
binomial sign tests).
Procedure Children were tested in one of two betweensubjects conditions, ownership or preference; assignment to
condition was random, with equal numbers of children at
each age assigned to each condition. In each condition, children viewed the slideshow on a laptop computer. They first
saw the picture of the group of children as the experimenter
introduced the idea of different people having (ownership
condition) or liking (preference condition) different things.
The experimenter then pointed to the picture and said, ”Right
now you’re a kid, but one day you’ll be all grown up like
these people”, at which point the slide changed to the picture of adults. Children were told that they would see some
items, and then completed a series of six test trials. In each
trial, children saw a slide showing an adult object and a child
object, and they were either asked to indicate which item
they would have when they grow up (ownership condition)
or which item they would like when they grow up (preference condition). If a response was ambiguous (e.g., if a child
said ”bike” when presented with a child and adult bicycle),
children were asked to point at their selection.

Second, inferring future ownership may impose less executive demands than inferring future preferences. When
children are shown child and adult items, they are likely to
generally prefer the child items, and they can spontaneously
form preferences for child items they have never seen before. As such, anticipating their future preferences likely requires them to consider conflicting desires (i.e., present versus future). Previous research suggests this can be difficult
for younger preschoolers (e.g., Wright Cassidy et al., 2005;
Moore et al., 1995), and that considering conflicting desires
makes executive demands when children’s own desires are
involved in the conflict (Fizke, Barthel, Peters, & Rakoczy,
2014). However, children are unlikely to own all of the child
items in a set of stimuli. A child may indeed own a children’s
bicycle, but it is doubtful that they will own the very same
bicycle chosen for inclusion in an experiment. So, while children must almost always inhibit the present to indicate their
future preferences, it is less likely that they need to do this
when indicating their future ownership. Indicating ownership

423

Results
We entered children’s responses into a generalized estimating
equations (GEE) model (binary logistic) with the predictors
condition (ownership, preference), item type, and age (3, 4,
or 5 years; entered as a covariate, and transformed to correspond with the values 0, 1, and 2); see Table 1. This revealed
a main effect of condition, Wald χ2 (1) = 4.69, p = .030, in
which children were more likely to select adult items when
judging future ownership than future preferences. There was
a main effect of item type, Wald χ2 (5) = 24.28, p < .001, as
children were more likely to select adult items for some item
pairings. There was also a main effect of age, Wald χ2 (1) =
46.71, p < .001, in which older children were overall more
likely than younger children to indicate adult items. All interactions were non-significant, ps ≥ .259, except the interaction between item type and age was marginally significant, p
= .053.

Figure 1: Mean proportion of trials where children chose the
adult item over the child item; vertical lines show ±1 standard
error of the mean.

Table 1: Mean proportion of adult items chosen with SDs in
brackets.
Age
3 years

4 years

5 years

Item
wallet
newspaper
saxophone
adult bicycle
mug
mechanical pencils
wallet
newspaper
saxophone
adult bicycle
mug
mechanical pencils
wallet
newspaper
saxophone
adult bicycle
mug
mechanical pencils

Ownership
0.37 (0.50)
0.40 (0.50)
0.63 (0.50)
0.63 (0.50)
0.75 (0.44)
0.50 (0.51)
0.68 (0.48)
0.79 (0.42)
0.70 (0.47)
0.80 (0.41)
0.85 (0.37)
0.90 (0.31)
1.00 (0.00)
0.90 (0.31)
0.85 (0.37)
0.95 (0.22)
1.00 (0.00)
1.00 (0.00)

performed more poorly when anticipating which items they
would like as adults. Although the ownership-advantage was
not limited to one age group, its effect was particularly notable in 3-year-olds. Children aged 4 and 5 mostly indicated they would both prefer and own adult items in the future. However, 3-year-olds mostly indicated they would prefer child items in the future, but indicated future ownership of
adult and child items equally often.
Our findings build on previous studies in revealing a novel
way in which children’s understanding of ownership differs
from their understanding of preferences. Moreover, our findings provide insight into the reasons that preschoolers often
have difficulty imagining their future preferences. This difficulty does not stem from a failure to anticipate their future as adults—after all, even the youngest children showed
some ability to anticipate what they would own in the future.
As such, the findings suggest that children’s difficulty shows
some specificity to predicting their future preferences.
The ownership advantage we detected is consistent with
both explanations put forth in our Introduction. First, thinking about what we will own in the future may draw predominantly on our semantic knowledge about the world, thus circumventing the need to mentally project oneself into the future. This is consistent with Bélanger et al.’s (2014) finding
that preschoolers could more readily predict what an adult
liked now than what they, themselves, would like in the future. Presumably, in both of these facilitative contexts, children need only draw on their semantic knowledge of adulthood. In contrast, thinking about one’s own future preferences may require children to engage in ”mental time travel”,
an ability that develops markedly during the preschool years
(Atance, 2015).
Second, our results are consistent with the claim that the
ownership-advantage might be explained by differential executive demands between considering future preferences and
ownership. When inferring future preferences, children likely

Preference
0.15 (0.37)
0.25 (0.44)
0.58 (0.51)
0.20 (0.41)
0.45 (0.51)
0.40 (0.50)
0.30 (0.47)
0.55 (0.51)
0.75 (0.44)
0.85 (0.37)
0.70 (0.47)
0.85 (0.37)
0.72 (0.46)
0.75 (0.44)
0.85 (0.37)
0.90 (0.31)
0.95 (0.22)
0.90 (0.31)

We also examined whether children in each age group
and condition mostly chose adult items (GEE, intercept-only
model); see Figure 1. When judging what they will own in
the future, children mostly chose the adult items at ages 4 and
5, ps ≤ .001, while 3-year-olds chose adult items at chance
rates, p = .527. When judging what they will like in the future, children mostly chose the adult items at ages 4 and 5, ps
≤ .017, while 3-year-olds mostly chose child items, p = .001.

Discussion
We found that preschoolers are better able to predict which
objects they will own and have as adults than to predict which
objects they will prefer. Children often succeeded in anticipating they would own age-appropriate items as adults, but
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inhibitory and excitatory coupling among feature encoding
units leads to grouping effects that explain how search for
feature conjunctions can occur pre-attentively (Humphreys,
2016). The model contains, however, elements of information
processing not grounded in neural terms. Neurally mechanistic accounts for visual search (Deco & Rolls, 2004) are far
from capturing the behavioral features of conjunctive search
and are thus difficult to compare. A probabilistic graphical model of visual attention (Chikkerur, Serre, Tan, & Poggio, 2010) provides an integrated formal account for feature
binding in terms of probabilistic inference. The deployment
of spatial attention to specific locations remains outside the
Bayesian framework, however.
Our goal is to provide a neural processing account for feature binding through space that autonomously organizes visual search as a sequence of neural operations. We build on
earlier work (Schneegans, Spencer, & Schöner, 2015) within
Dynamic Field Theory (Schöner, Spencer, & DFT Research
Group, 2015), a theoretical framework for understanding cognition grounded in neural population activity. In the model,
neural activation patterns evolve continuously in time. Decisions emerge from dynamic instabilities, in which peaks of
activation arise. Sequences of such events emerge from the
interactions within the neural architecture. Thus, the neural
dynamics fundamentally evolves in parallel across the entire
architecture, but sequential processing steps emerge under appropriate conditions. Items are not a concept in this framework (Hulleman & Olivers, 2015), but dependencies on the
size of activated regions may reflect similar dependencies.
Earlier we showed that this model can account for classical signatures of binding through space in change detection
paradigms (Schneegans et al., 2015). Here we show that the
theory can generate conjunctive visual searches. In this brief
paper we only demonstrate the emergence of the processes
of searching for a target object in the presence of distractor
items. The particular scenario involves looking at a visual
scene to which a target object is added at some point. The task
is to find a visually matching object (Malcolm & Henderson,
2009). All processing steps emerge from the time-continuous
dynamics of the neural architecture.

The goal of conjunctive visual search is to attentionally select
a location at which the visual array matches a set of cued feature values. Here we present a neural dynamic architecture
in which all neural processes operate in parallel in continuous time, but in which discrete sequences of processing steps
emerge from dynamic instabilities. When biased competition
selects an object location at which not all conjunctive feature
values match the cue, the neural representation of a condition
of dissatisfaction is activated and induces an attentional shift.
Successful match activates the neural representation of a condition of satisfaction that ends the search. The search takes
place in the current visual array but takes into account an autonomously acquired feature-space scene memory.
Keywords: neural dynamic architecture; visual search; binding; visual working memory;

Introduction
Bringing an object into the attentional foreground through visual search is a critical first step in almost all actions that are
directed at the outer world (Tatler & Land, 2016). The search
may be based on a set of visual features that we are familiar with (for example, search for a large, blueish, vertically
aligned shape when looking for a bottle of Skyy vodka). A
large literature in visual cognition addresses many aspects of
visual search (Wolfe, 2015). Since Anne Treisman’s seminal work on feature integration theory (Treisman, 1998), the
organization of visual search guided by the combination of
multiple feature dimensions (or conjunctions) into a parallel
and a serial stream has been a dominant theme. How the time
needed to find a searched item scales with the number of distractors, but also with the metric differences between targets
and distractors, is used to diagnose the organization of the
underlying processes.
In its most recent variant, the guided search hypothesis accounts for a wealth of data by postulating that an early parallel stage of search is followed by a serial examination of
candidate items (Wolfe, 2007). At the core of this theory
is an information processing algorithm that starts diffusion
races for each examined item to determine the match to the
search criteria. Competitive guided search (Moran, Zehetleitner, Muller, & Usher, 2013) puts a stronger emphasis on neural mechanisms by introducing inhibition into the selection
processes, but retains the information processing core.
An alternative is attentional engagement theory which recognizes that metric differences among distractors and between targets and distractors matter (Duncan.J & Humphrey,
1989). This account has been implemented in a connectionist architecture (Humphreys & Müller, 1993), in which

Dynamic Field Theory
Dynamic Field Theory (DFT) (Schöner et al., 2015) is a theoretical framework for understanding perception, motor behavior, and cognition based on neural principles. The activity
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in neural populations is modeled by activation fields, u(x,t),
whose metric dimensions, x,are defined by the input or output
connectivity of the fields to sensory or motor surfaces. The
neural dynamics of the activation fields,
τu̇(x,t) = −u(x,t) + h + s(x,t) +

Z

thus still be understood in terms of the dynamic instabilities
in each component field.
The coupling among activation field is may be structured
by connection kernels that weigh the output of one field as
it provides input to any location of the receiving field. Such
projections may preserve the dimensionality of the fields, or
may expand or contract the field dimensionality (Zibner &
Faubel, 2016). Dimensionality expansions may take the form
of ridges (or tubes, or slices), in which input along one or
several of the receiving field’s dimension is constant. Dimensionality contractions typically entail integrating along a contracted dimension or a relevant subspace.
Peak detectors are a limit case of contractions in which a
dynamic neural node receives input from the integrated output of an entire field so that the node becomes activated only
if at least one supra-threshold peak of activation is present
in its source field. Dynamic neural nodes that project onto
a field by expansion are called boost nodes. They may induce detection instabilities or their reverse in the target field.
Within architectures, such boost nodes may effectively modulate the flow of activation by enabling or disabling particular
branches of an architecture to create units of representation.

ω(x − x0 )σ(u(x0 ,t))dx

neural
activation

generates the time-continuous evolution of neural activation
patterns on the time scale τ. Two classes of stable solutions exist (Amari, 1977). Activation patterns that remain
below the threshold of a sigmoidal nonlinearity, σ(u) =
1/(1 + exp[−βu]), are stable as long as localized inputs,
s(x,t), remain weak relative to the resting level, h < 0, so
that intra-field interaction is not significantly engaged. Such
sub-threshold activation patterns may still be structured along
the field’s dimension, x. Supra-threshold peaks of activation
are self-stabilized by the neural interaction, whose kernel,
ω(x − x0 ) is locally excitatory and inhibitory over longer distances, x − x0 (see figure 1). Self-stabilized activation peaks
local excitation
peak

global inhibition

...

s(x)

σ(u(x))

u(x)

x

Intention
CoD

CoS

represented
value

Figure 1: Dynamic neural field

no match
response

are the units of representation in DFT. Their stability enables
continuous online coupling to time-varying sensory and motor signals.
Peaks emerge when the sub-threshold solution becomes
unstable in the detection instability. Time-continuous, graded
changes of input may thus induce events at discrete moments
in time at which neural interaction engages. This is how
sequences of neural activation patterns emerge from the underlying time-continuous neural dynamics in DFT. Peaks become unstable in the reverse detection instability which occurs at lower levels of input activation, leading to the hysteretic stabilization of detection decisions.
Fields may be selective when inhibitory interaction allows
only a single peak to form within a field, or they may support
multiple self-stabilized peaks. Peaks may be sustained once
localized input is removed, forming the basis for working
memory. Multi-dimensional fields may represent conjunctions of feature dimensions, for example, the conjunction of
color and space. Zero-dimensional fields are dynamic neural
nodes (DNN), that represent categorical states.

match
response

peak detector

Attended Feature
feature space

scene input

peak detector

Change Detection
feature space

feature is
specified

peak detector

Expected Feature
feature space

memory input

Figure 2: The Change Detection Module connected to an Elementary Control Unit (ECU). Feature values in the visual
array and the scene memory are compared in parallel along
each feature dimension. The change detection field and connected peak detector nodes signals a mismatch if the attended,
the expected, and the change detector fields all carry a peak.
A match is signaled if both the attended and the expected field
carry peaks, but the change detector field does not. A single
mismatch is sufficient to activate the CoD. The CoS is activated only when a match is detected along each of the specified dimensions.
Match and change detection The representational content
of two fields may be compared by projecting onto a third field
or node. In match detection, a peak in the third field is only
formed when the peak locations in the two source fields overlap sufficiently. Change detection is the opposite relationship,

Field Architectures
The stability of the two classes of activation patterns makes it
possible to couple fields while retaining their dynamic properties. The dynamics of the resulting neural architectures may
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in which a peak is formed in the third field only when the
peak locations in the source fields differ sufficiently (Johnson,
Spencer, Luck, & Schöner, 2009). This is based on a combination of inhibitory and excitatory input as illustrated in the
bottom three fields of Figure 2.

these three functional modes as the neural nodes organized
into three ECUs shown on the right become active. By boosting a portion of the architecture, each node enables relevant
activation fields to form peaks (illustrated by matching colors
in Figure 3). The switches among the three functional modes
are mediated by the change detection module described in
Figure 2 that signals when matching feature values are written in the scene memory (memorize,explore) or when locations have been found at which visual features match the cue
(visual search). The architecture is implemented in cedar,
a software framework for neural dynamic systems that enables real-time numerical simulation (Lomp, Richter, Zibner,
& Schöner, 2016).

Process organization In dynamic field architectures, sequences of activation states are organized through substructures of dynamic fields and dynamic nodes illustrated
in Figure 2. Each such Elementary Control Unit (ECU)
(Richter, Sandamirskaya, & Schöner, 2012) represents a particular processing step by an intention node that activates a
subset of the architecture. Its intended outcome is detected
by a peak detector that represents the Condition of Satisfaction (CoS). Failure to achieve this outcome may lead to activating a node that represents the Condition of Dissatisfaction
(CoD) (for example, via a change detector that picks up the
mismatch between the intended and the achieved representational state). Typically, both CoS and CoD nodes inhibit the
intention node. CoS nodes are often self-excitatory so that
they remain activated and prevent reactivation of the intention
node, while CoD nodes are not self-excitatory, allowing for
renewed attempts at the same process. Different such ECUs
may be coupled to organize more complex tasks.

Visual input is obtained from a camera that points down
onto a table surface, on which colored rectangles of varying orientation, width and length are placed. Figure 4 illustrates the four feature channels. Color is extracted by transforming RGB values into hue-space. Orientation is obtained
from four elongated center-surround filters that are applied to
the thresholded saturation of the camera stream. Width and
length are extracted using a pyramid of center-surround filters of increasing size and implementing a one-way inhibition
along this dimension.
Exploration is the process of sequentially attending to
salient locations in the visual array. This process is driven
by a “dorsal” channel, the Spatial Salience map in retinal coordinates that receives weighted input from the Space/Feature
(S/F) Bottom-Up feature channels. The Spatial Salience map
projects through a semi-linear threshold function into the
Spatial Salience Attention field that selects a single location

Neural dynamic architecture
The dynamic neural architecture illustrated in Figure 3 is capable of autonomously exploring the visual array by attentionally selecting locations, memorizing feature values associated with those locations, and visually searching for cued
feature conjunctions. The neural dynamics switches between
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Figure 3: Scene representation architecture. Each field stack represents four fields, one for each feature dimension: color,
orientation, width, and length. Connections between different field stacks couple the corresponding feature fields. Fields and
nodes highlighted in color receive a boost when the intention-node highlighted in the same color is activated. They are below
the activation threshold when that node is not activated.
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Figure 4: The camera image and the four extracted 3D maps
(2D visual space vs. 1D feature dimension plotted along the
vertical axis).
by forming a peak at the most salient position. That location
is selected in the S/F Bottom-up Attention field and the feature
values at that location are then extracted in the F Bottom-up
Attention field.
This separation of feature and location is critical when
the coordinate transform from the retinal to a fixed, scenecentered frame is taken into account. That coordinate transform needs to operate only on the output of the Spatial
Salience Attention field, which is then recombined with the
extracted Bottom-up Feature attention to form the S/F Memory defined over allo-centric space.
Match between the feature value in the bottom-up and the
memory attention fields signals the condition of satisfaction
of the explore node, which inhibits the associated intention
node leading to a de-boosting of the Spatial Salience Attention and a destabilization of all peaks in all attention fields,
while peaks in the S/F Memory field is sustained. The explore may be reactivated if it is not inhibited by the other
modes, leading to renewed attentional selection of a salient
location. The inhibition of return memory trace associated
with the Spatial Salience Attention field steers attentional selection towards locations that have not recently been selected.
Attentional selection is also influenced by a two-layer transient detector that excites spatial locations, which are subject
to rapid change in saliency, potentially overriding the current
focus of attention ((see (Berger, Faubel, Norman, Hock, &
Schöner, 2012) for details)).

Figure 5: Influence of a cued feature value (top-right) on the
Spatial Salience field (bottom). The three locations matching
the orientation cue are boosted in salience. Two of these locations are already in visual memory (third row, right column).
Their salience is slightly elevated.
intention node enables the induction of a peak representing
the cued feature values based on input from the F Reference
field.
The cued feature provides slice input to the F/S Memory
Cue and the Bottom-up Cue fields. As a result, the F/S Memory Cue represents locations at which scene memory represents matching feature values. The F/S Bottom-Up Cue represents locations at which the current visual array signals
matching feature values. The two fields provide top-down
input to the Spatial Salience field that biases attentional selection toward locations matching the cue (figure 5).
Once a location has been selected, the associated feature
values are extracted along the bottom-up path and matched to
the search cue. A match activates the condition of satisfaction
of visual search, a mismatch activates the condition of dissatisfaction. The threshold for match detection is tuned to signal
match only when all specified feature dimensions contribute
and it is that conjunction of match conditions that effectively
“binds” the feature values in visual search.

Memorizing involves representing feature values in a reference field to use, in this architecture, as a cue to visual search.
By boosting the F Reference Gate, the memorize intention
node forwards the currently attended feature values to the F
Reference Memory field, inducing formation of sustained activation peaks. The match between the feature values in the F
Reference Memory with the feature values in the F Memory
Attention field activates the condition of satisfaction of the
memorize node. This releases the intention node of the visual
search mode from inhibition.

Visual Search using a Reference Object
Figure 6 demonstrates how sequences of neural events
emerge from the time-continuous neural dynamics as the two
functional modes of memorize and visual search are combined to perform a conjunctive search based on feature values
extracted from a cued visual location. In this demonstration
we add a new object to a visual scene that has been previously
explored and committed to scene memory. The changed location is detected in a field of transient detectors that provides

Visual Search brings those locations into the attentional
foreground at which feature values matching the cue are detected. Boosting the F Search Cue field, the visual search
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Figure 6: Time course of a visual search based on a reference object. The top row shows time courses of activation of relevant
dynamic neural nodes. Activation snapshots at selected points in time (indicated by grey lines) are shown in the next two rows.
The Spatial Salience and the Spatial Salience Attention field are shown across retinal space. The thresholded activation level is
color coded (blue indicates low, red indicates high levels). In the three bottom rows, 1D-fields across orientation are illustrated
(input in cyan, activation in blue, thresholded activation in red).
localized excitatory input to the Spatial Salience Attention
field. This transient detector serves as an activation trigger
for the overall task activating the memorize and visual search
processing modes. The time courses of relevant dynamical
neural node activation levels as well as activation snapshots
of the relevant activation fields are depicted in Figure 6.

Top-down influence along the four feature dimensions biases the Spatial Salience field (analogously to figure 5). Note
that the new object’s position is inhibited by the inhibition of
return memory trace (not depicted). Peak generation along
different feature dimensions may take different amounts of
time as a function of stimulus metrics, so that spatial selection
in the Spatial Attention field may lead to a less than complete
feature overlap with the cue. Here, the orientation change detection field forms a peak, sufficient to activate the CoD node
(fifth column). That change response deboosts the Spatial
Salience Attention field and enables the attentional selection
of a second item, which, in this case, fits the cue along all
feature dimensions. This activates the match mode and then
the CoS node of the visual search mode. That concludes the
visual search with the sought location and the associated feature values in the attentional foreground (sixth column).

At the beginning of the demonstration (first column of Figure 6), the architecture is scanning the visual scene in explore
mode with one object in the attentional foreground while
other objects are already represented by activation peaks in
the S/F Memory fields. Once the new object is added to the
visual scene (second column), it is attentionally selected due
to localized input from the array of transient detectors, overwriting the previously attended location. Feature values at
this location are extracted analogously as in the explore behavior.
The active memorize mode helps forward this feature vector to the F reference field (third column). A matching peak
in that field terminates the memorize mode by activating its
CoS, which disinhibits the visual search mode and starts a
cued visual search.

Conclusion
We have shown how a sequence of activation patterns
emerges in a neural dynamic architecture that represents four
different feature-space conjunctions and is linked to on-line
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visual input. The organization of that sequence enables the
system to autonomously build a representation of the visual
scene and to detect changes to the scene. Defining an added
visual element as the target object, we showed how the architecture autonomously searches the scene for matching elements, both within its internal scene representation as well as
based on the current visual input. That search is fundamentally based on parallel activation dynamics, but sequential examination of candidate regions of the visual array emerges.
Autonomously generating the entire sequence of processes
required to find a cued object is the key innovation here, compared to related work within the same theoretical framework
of neural dynamics (Fix, Rougier, & Alexandre, 2011) and
within a Bayesian probabilistic framework (Chikkerur et al.,
2010).
The present architecture does not address gaze shifts,
although we have done so in earlier work (Schneegans,
Spencer, Schöner, Hwang, & Hollingworth, 2014). The coordinate transforms involved in linking current retinal information to the scene representation are the route cause of the processing bottleneck that leads to the emergence of a sequential
phase in the visual search demonstrated here.
Among tasks for future work is the need to link to the rich
literature on how search times depend on the complexity of
the search array (Wolfe, 2015). Preliminary results show that
when the correct item is selected first, search time increases
linearly with the number of distractors due to global inhibition in the saliency field.
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Abstract

Mitchell, & Goldin-Meadow, 2008), and encourages
flexible, generalizable learning (Novack, Congdon, HemaniLopez, & Goldin-Meadow, 2014).
Although the behavioral benefits of gesture for learning
have been well documented over the past several decades
(see Goldin-Meadow, 2016), the mechanisms by which
gesture facilitates learning are not fully understood. Recent
work has investigated one possible mechanism: that gesture
may help children learn by guiding visual attention to
important instructional elements (Wakefield, Novack,
Congdon, Franconeri, & Goldin-Meadow, in press).
Wakefield and colleagues asked children who had no
understanding of the concept of mathematical equivalence
(i.e., they answered 0 questions correctly on a pretest) to
watch instructional videos on an eye tracker in one of two
conditions, speech alone or speech+gesture instruction.
Replicating previous behavioral results, children in the
speech+gesture condition performed significantly better on
a posttest than children in the speech alone condition. Eye
tracking data revealed that gesture also affected visual
attention patterns: if taught with gesture, children looked
more to the problem, less to the instructor, and were better
able to synchronize their visual attention with spoken
instruction. Additionally, children who saw gesture spent a
much greater proportion of time fixating on the gesture
itself than in previous eye tracking studies, which have
investigated how people process gesture during face-to-face
communication, such as story-telling (e.g., Gullberg &
Holmqvist, 2006; Gullberg & Kita, 2009). Interestingly,
only one aspect of visual attention during instruction was
found to predict behavioral learning outcomes: children who
were better able to synchronize their visual attention with
speech performed better at posttest, but this was only true

Inclusion of gesture – meaningful movements of the hands –
during mathematics instruction is beneficial for teaching
naïve learners novel concepts, and it can affect a learner’s
allocation of visual attention. Yet, it is unknown how children
with pre-existing knowledge of a math concept approach
instruction that includes gesture. Here, we examine how
children’s prior knowledge and either the presence or absence
of gesture during instruction drive patterns in visual attention
during a lesson. We find that prior knowledge does determine
visual attention patterns, independent of type of instruction
(i.e. with or without gesture). These findings further our
understanding of the attentional mechanisms of gesture and
have implications for real-world classrooms, where levels of
prior knowledge are often mixed.
Keywords: gesture; eye tracking; mathematical equivalence;
visual attention

Introduction
Gestures, movements of the hands that represent
information through their form and movement trajectory
(McNeill, 1992), play a fundamental role in education.
Teachers naturally employ gesture as a teaching tool in the
classroom (Alibali et al., 2014; Flevares & Perry, 2001), and
verbal instruction incorporating gesture facilitates learning
above-and-beyond verbal instruction alone (e.g., Congdon
et al., 2017; Singer & Goldin-Meadow, 2005; Valenzeno,
Alibali, & Klatzy, 2003). In particular, much research has
focused on the benefits of gesture for teaching children the
concept of mathematical equivalence – that two sides of an
equation are equal. When used to teach children how to
solve problems like 3+4+5=__+5, instruction with gesture
has both short-term (e.g., Goldin-Meadow, Cook, &
Mitchell, 2009) and long-term benefits (e.g., Cook,
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answered 0 of 6 pretest problems.1 Classification based on
prior knowledge occurred after the experiment had been
completed. Prior to coming in for the study, participants
were randomly assigned to condition. Of children classified
as knowers, 15 had been randomly assigned to the speech
alone condition and 13 had been randomly assigned to the
speech+gesture condition. Of the children classified as nonknowers, 19 had been randomly assigned to the speech
alone condition and 24 had randomly been assigned to the
speech+gesture condition. Consent was obtained from
parents. Children gave assent and received a small prize and
$10 for participating.

for children in the speech+gesture condition; there was no
relation between ability to follow along with spoken
instruction and learning outcomes for children in the speech
alone condition. Based on these results, Wakefield et al.
argue that gesture may facilitate learning by helping
children identify the referents of a teacher’s spoken
instruction. However, because the previous study included
only naïve learners, it is unclear whether the effects of
gesture on visual attention are specific to children seeking to
understand a concept, or may be indicative of how all
children attend differently when gesture is used during
instruction. Prior eye-tracking work with adults has shown
that having knowledge in a domain changes what features of
a task are attended to, and increases attention to taskrelevant features during active problem solving (Kim &
Rehder, 2011). A meta-analysis suggests that adult experts
have shorter fixations, more fixations to task relevant areas,
and fewer fixations on task redundant areas as compared to
novices (Gegenfurtner et al., 2011). Therefore, adults
change their visual attention patterns based on their degree
of pre-existing knowledge. Yet it is an open question (1)
whether expertise influences attention the same way in
young children, (2) how prior knowledge might interact
with instruction type, and (3) whether expertise may
influence attention in a learning context.
In the present study, we compare patterns of visual
attention during math instruction in two populations:
children who already know how to solve math equivalence
problems and children who do not. This allows us to
determine whether the differences in looking during
instruction in the previous study were specific to naïve
learners, or whether adding gesture to instruction would
similarly affect looking patterns in children with prior
knowledge. We can also consider whether these factors
(prior knowledge and instruction type) work independently
to drive visual attention patterns, or whether they interact.
We draw on the same data set used by Wakefield et al. (in
press) and Novack, Wakefield, Congdon, Franconeri, and
Goldin-Meadow, (2016), but also consider a sample of
children with prior knowledge (those who correctly
answered 5 or 6 pretest problems) in addition to the children
included in the original study (those who correctly answered
0 out of 6 problems).

Materials
Pretest. Children completed a pretest prior to training that
consisted of 6 missing addend equivalence problems (3
problems with the form a+b+=__+c; 3 problems with the
form p+q+r=p+__). Children also completed a posttest of
the same format. Only data collected during training are
considered here, thus, posttest results will not be discussed.2
Eye Tracker. Eye tracking data were collected via corneal
reflection using a Tobii 1750 eye tracker with a 17-inch
monitor and a native sampling frequency is 50 Hz. Tobii
software was used to perform a 5-point calibration
procedure using standard animation blue dots. This step was
followed by the collection and integration of gaze data with
the presented instructional videos (described below) using
Tobii Studio (Tobii Technology, Sweden). Data were
extracted on the level of individual fixations as defined by
the Tobii Studio software. After extraction, fixations were
subsequently separated into 50 msec bins, functionally
allowing for downsampling of the original 50 Hz file
without sampling the middle of a saccade.
Instructional videos. Instructional videos (6 for the speech
alone condition; 6 for the speech+gesture condition; 25 sec
each) were created to teach children how to solve missing
addend math problems (e.g., 5+6+3=__+3). Videos showed
a woman standing on the left side of a problem, written in
black marker on a white board. At the beginning of each
video, the woman said, “Pay attention to how I solve this
problem”, and wrote the correct answer in the blank (e.g.,
writing 11 in the previous example). Next, she described
how to solve the problem, explaining the idea of
equivalence: “I want to make one side equal to the other
side. 5 plus 6 plus 3 is 14, and 11 plus 3 is 14, so one side is
equal to the other side.” During spoken instruction, the
woman kept her gaze on the problem. In the speech+gesture
videos, the woman accompanied her speech with a gesture
strategy. When she said “I want to make one side…”, she

Methods
Participants
Data from 71 children between the ages of 8 and 10 were
analyzed for the present study (M = 8.8 years, 28 females).
Participants were recruited through a database maintained
by the University of Chicago Department of Psychology,
and tested individually in a quiet, laboratory setting. Based
on a pretest assessing children’s ability to solve
mathematical equivalence problems (e.g., 3+4+5=__+5), 28
children were classified as ‘knowers’ – children who
correctly answered 5 or 6 (of 6) pretest problems, and 43
were classified as ‘non-knowers’ – children who correctly

1
An additional 17 children participated in the study, but were
not included in analyses because they correctly answered between
1 and 4 pretest problems (n = 10) or did not have usable eye
tracking data (n = 7).
2
For analyses considering the relation between looking patterns
and learning outcomes, see Wakefield et al. (in press).
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simultaneously produced a V-point with her index and
middle figure to the first two addends, then, as she said
“…the other side” she moved her hand across the problem,
bringing her fingers together to point to the answer with her
index finger, showing a ‘grouping’ strategy. She produced
no gestures in the speech alone videos. Speech was identical
across the two training conditions: the actress recorded a
single audio track for each problem.

Procedure

Figure 1. Still shot during a gesture strategy segment, with
AOIs overlaid.

Children completed a written pretest containing 6 missing
addend math problems. Children’s performance on this
pretest was used to classify them as knowers (those who
answered 5 or 6 problems correctly) and non-knowers
(those who answered 0 problems correctly) after the study
concluded. The experimenter then wrote children’s answers
on a white board and they explained their solutions.
Next, children were seated approximately 18 inches from
an eye tracking monitor, and told they would watch
instructional videos to help them understand the math
problems they had just solved. After undergoing calibration,
they watched the first of the 6 instructional videos (speech
alone, or speech+gesture, depending on the assigned
training condition). After each instructional video, children
were asked to solve a new missing addend problem on a
small, hand-held whiteboard, and were given feedback on
whether or not their answer was correct (e.g., “that’s right,
10 is the correct answer” or “no, actually 10 is the correct
answer”). A new, 6-question paper-and pencil posttest was
administered following the instructional session.

(2) Data were extracted and processed so that the AOI a
participant fixated could be determined at 50 msec intervals
across the entire length of each problem. (3) Time segments
of interest during which a particular event was happening in
the videos, were defined. Specifically, the strategy segment
encompassed the two times when the instructor stated the
equalizer strategy: I want to make one side, equal to the
other side. During these segments, spoken instruction was
identical across conditions, but children in the
speech+gesture condition also saw co-speech instructional
gestures. The explanation segment encompassed time
when the instructor elaborated on the strategy, highlighting
the particular addends in the problems (e.g., “5 plus 6 plus 3
is 14, and 11 plus 3 is 14”). This segment was identical
across the experimental groups. (4) For each child, both
following scores (how well the child fixated on elements
mentioned in speech) and proportion of gaze in each AOI
were calculated separately for each time segment. For gaze
duration, the total gaze duration in each AOI (e.g., 1000
msec) was divided by total gaze duration for all AOIs
during the segment to create a proportion of time spent in
each AOI. To calculate following scores4, we considered
whether children’s visual attention mapped onto referents as
they were mentioned in speech. During the strategy
segment, when the instructor stated the equalizer strategy “I
want to make one side equal to the other side,” following
was defined as visually attending to one side of the problem
when the instructor said “one side” and switching attention
to the other side of the problem when the instructor said
“other side”. Children received a ‘1’ if they looked from one
side of the problem to the other during each of the two
instances the equalizer strategy was spoken, a ‘0.5’ if they
looked from one side to the other during one of the
instances, and a ‘0’ if they did not look between the two
sides of the problem during either presentation of the
equalizer strategy. To calculate following during
explanation segment, when the instructor explained the
problem, “5 plus 6 plus 3 equals 14, and 11, plus 3, equals
14,” following was defined as visually attending to each
addend in the problem as it was mentioned in speech.
Children received a score between 0 and 1 based on the
proportion of addends they correctly attended to. For

Results
In order to compare looking patterns of children from each
of the two groups (knowers and non-knowers), only eye
tracking data collected while children watched the first
instructional video were analyzed. Restricting analyses to
the first training video, presumably before much learning
had occurred, ensured the cleanest possible comparison
between those with prior knowledge and those without.3
Additionally, children with prior knowledge were liable to
become bored over the course of the training, but it was
assumed that the initial video would be novel enough to be
of interest to all children.
A multistep process was used to extract data and prepare
it for analysis: (1) Areas of interest (AOIs) were generated
for the instructor, problem, and gesture space (see Figure 1)
using Tobii Studio. The problem space was further
separated to consider attention to specific addends, as well
as the two sides of the problem. The remaining spaces
outside of these AOIs were collapsed into an “other” AOI.
3
Here, only eye tracking measures from the first instructional
video was analyzed, whereas in Novack et al. (2016) all problems
were considered, and in Wakefield et al. (in press) problems before
a child’s learning moment - the point at which the child began
answering problems correctly and continued to answer correctly on
subsequent problems – were considered.

4

For more details about calculation of following scores, see
Wakefield et al. (in press).
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example, a child who attended to three of the 5 addends as
they were mentioned in speech received a following score of
0.6 for the explanation segment.

100%

A.

B.

% Time Spent in AOIs

90%

Allocation of visual attention
Fixation during strategy segment. Figure 2 shows the
proportion of time children spent looking to the instructor,
problem, gesture space, and ‘other’ space during the
strategy segment collapsed by knower status (Figure 2A)
and condition (Figure 2B). Collapsing across condition,
children categorized as non-knowers spent a greater
proportion of time looking to the problem space as
compared to children categorized as knowers (63% versus
50%) (β=0.13, SE=0.04, t=3.11, p<.05). In contrast, nonknowers allocated significantly less visual attention to the
instructor than knowers (25% versus 39%) (β=0.14,
SE=0.04, t=3.89, p<.001). Finally, there was no significant
difference between the two groups in their proportion of
time looking to either the gesture space (18% versus 18%)
(β=0.00, SE=0.04, t=0.13, p=.90)5 or the space classified as
‘other’ (2% versus 1%) (β=0.01, SE=0.01, t=0.44, p=.90).
The fact that both groups rarely allocated attention to space
classified as ‘other’ suggests that children were equally
attentive to relevant instructional elements overall, but
divided their attention differently among these elements,
based on prior knowledge.
Collapsing across knower-status, differences in fixation
to the AOIs were also found when comparing children who
received speech+gesture training and speech alone training.
On average, children in the speech+gesture condition spent
a greater proportion of time looking to the problem space
(63% versus 49%) (β=0.13, SE=0.04, t=3.25, p<.05) and
looking to the gesture space (18% versus 1%) (β=0.17,
SE=0.02, t=7.81, p<.001) than children in the speech alone
condition. In contrast, children in the speech+gesture
condition allocated significantly less visual attention to the
instructor than children in the speech alone condition (18%
versus 48%) (β=0.30, SE=0.04, t=8.50, p<.001). Finally,
children did not differ in the time looking to ‘other’ by
condition (1% versus 2%) (β=0.00, SE=0.01, t=0.04, p=.97).
There were no significant interactions between knowerstatus and condition for attention to any AOIs (ps >.39); but,
this could have been due to a lack of power, given the
relatively small knower group sample. To explore this
possibility, additional analyses were conducted among just
the knower group. All significant patterns seen at the whole
group level were also seen when considering condition
differences in just the knower group.
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Figure 2. Fixation to AOIs during strategy segment by (a)
knower-status and (b) condition.
the explanation segment collapsed by knower status (Figure
3A) and condition (Figure 3B). Similar to looking patterns
during the strategy segment, collapsed across condition,
children categorized as non-knowers spent a greater
proportion of their time looking to the problem space than
children categorized as knowers (70% versus 59%) (β=0.10,
SE=0.05, t=2.00, p<.05) and allocated marginally less visual
attention to the instructor than knowers (28% versus 37%)
(β=0.09, SE=0.05, t=1.82, p=.07). As gesture was not used
during the explanation segment, it is unsurprising that
children allocated very little attention to this AOI (<1%
versus 2%) (β=0.01, SE=0.01, t=1.44, p=.15). Children also
spent very little time visually focused outside of the
instructional elements in the ‘other’ AOI, (1% versus 2%)
(β=0.00, SE=0.02, t=0.15, p=.88), suggesting that they were
paying attention to the content in the instructional video.
Collapsing across knower status, proportion of looking to
each AOI did not differ by condition during the explanation
segment. Additionally, there were no significant interactions
between knower-status and condition for attention to any
AOIs (ps >.20). As in strategy segment fixation analyses,
additional analyses revealed that the patterns seen at the
whole group level were also seen when considering
condition effects in just the knower group.
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Fixation during explanation segment. Figure 3 shows the
proportion of time children spent looking to the instructor,
problem, gesture space, and ‘other’ space during
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Figure 3. Fixation to AOIs during explanation segment by
(a) knower-status and (b) condition.

5

In this comparison, only children in the speech+gesture
condition were considered, as children in the speech alone
condition would have no reason to look to the gesture space.
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were also less likely to follow along with speech, compared
to children with no prior knowledge. Additionally, we found
independent effects of condition, as expected based on
similar analyses (Novack et al., 2016; Wakefield et al., in
press). Specifically, children who saw instruction with
gesture were more likely to look at the problem, less likely
to look at the instructor, and more likely to follow along
with speech, compared to children in the speech alone
condition. Below, we consider the implications of these
findings.

Following along with Speech
Following during strategy segment. Figure 4 shows
children’s ability to follow along with spoken instruction
during the strategy segment, collapsed by knower status
(Figure 4a) and condition (Figure 4b). Collapsing across
condition, children categorized as non-knowers (M = 0.80,
SD = 0.22) were more likely to following along with verbal
instruction than children categorized as knowers (M = 0.63,
SD = 0.29) (β=0.15, SE=0.06, t=2.72, p<.05). Collapsing
across knower-status, children in the speech+gesture
condition were more likely to successfully follow along
with verbal instruction (M = 0.83, SD = 0.23) than children
in the speech alone condition (M = 0.63, SD = 0.25)
(β=0.19, SE=0.05, t=3.41, p<.05). The interaction between
knower status and condition did not reach significance
(β=0.01, SE=0.11, t=0.07, p=0.95). And again, additional
analyses revealed that the patterns seen at the whole group
level were also seen when considering condition effects in
just the knower group.

Mean Speech Following Score

1.0
0.9

A.

Fixation to instructional elements
During both the strategy and explanation segments, children
without prior knowledge of mathematical equivalence
looked less to the instructor and more to the problem than
children who knew how to solve the problem. The presence
of gesture also drove children to look towards the problem,
irrespective of prior knowledge group. These results suggest
that children play an active role in how they focus visual
attention during instruction, based on what they need to gain
from instruction: children who already knew how to solve
these problems may have been more interested in how the
instructor explained the problem, and not needed to refer to
the problem directly, because they were already familiar
with its form. In contrast, children who did not yet know
how to solve the problems, and were therefore actively
learning, were more likely to focus on problem, which
would likely be more useful than the instructor’s face.
These results can also be considered in relation to prior
adult work, that suggests individuals with knowledge in a
domain are more likely to focus on task-relevant features
than novices (Gegenfurtner et al., 2011; Kim & Rehder,
2011). In contrast, our results show that knowers (our
version of ‘experts’) looked less to the task-relevant features
(i.e., the problem). However, it should be noted that our
study differs from the previous work in that prior work
considered experts versus novices while solving problems,
rather than attending to instruction. Therefore, the
differences might be indicative of the context in which eye
tracking occurred, a question that should be addressed with
future research.
Interestingly, we found that non-knowers and knowers in
the gesture condition allocated the same amount of visual
attention (18%) to the gesture space when gesture was
present during the strategy segment. This diverges from
research on how adults attend to gesture in communicative
contexts. Prior work has found that adults rarely fixate on an
interlocutor’s gestures (<5%), spending much of their time
focused on an interlocutor’s face (e.g., Gullberg & Kita,
2009; Gullberg & Homqvist, 2006). Our findings suggest
that children in the current study focused their attention
much more on gesture than in previous narrative work
precisely because of the context in which gesture was used –
gesture was presented ‘front-and-center’ to children. This
eliminates the alternative possibility raised by Wakefield et
al., that the increased attention to gesture itself was due to
naïve learners choosing to allocate attention on the gesture
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Figure 4. Following scores during the strategy segment by
(a) knower-status and (b) condition.
Following during explanation segment. There were no
differences between non-knowers and knowers, or those
children in the speech+gesture or speech alone conditions,
in regards to ability to follow along with verbal instruction.

Discussion
Prior work indicates that seeing gesture during math
equivalence instruction influences how students allocate
their visual attention (Wakefield et al., in press). In the
present study, we asked whether these effects were driven,
in part, by the children themselves. That is, we considered
whether the impact of gesture on visual attention might
differ based on children’s prior knowledge of the domain of
mathematical equivalence. Our results suggest that a child’s
prior knowledge state does impact his or her allocation of
visual attention during instruction, but that these effects are
independent from the effect of training condition. We found
that children with prior knowledge spent less time looking
to the problem and more time looking to the instructor, and
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to help them gain an understanding of mathematical
equivalence.

in math instruction supports generalization and retention.
Learning and Instruction.
Cook, S. W., Mitchell, Z., & Goldin-Meadow, S. (2008).
Gesturing makes learning last. Cognition, 106, 1047–
1058.
Flevares, L. M., & Perry, M. (2001). How many do you
see? The use of nonspoken representations in first-grade
mathematics lessons. Journal of Educational Psychology,
93, 330–345.
Gegenfurtner, A., Lehtinen, E., & Säljö, R. (2011).
Expertise differences in the comprehension of
visualizations: A meta-analysis of eye-tracking research
in professional domains. Educational Psychology Review,
23, 523–552.
Goldin-Meadow, S., Cook, S. W., & Mitchell, Z. A. (2009).
Gesturing gives children new ideas about math.
Psychological Science, 20, 267–272.
Goldin-Meadow, S. (2016). Using our hands to change our
minds. Wiley Interdisciplinary Reviews: Cognitive
Science.
Gullberg, M., & Holmqvist, K. (2006). What speakers do
and what addressees look at: Visual attention to gestures
in human interaction live and on video. Pragmatics &
Cognition, 14, 53–82.
Gullberg, M., & Kita, S. (2009). Attention to speech
accompanying gestures: Eye movements and information
uptake. Journal of Nonverbal Behavior, 33, 251–277.
Kim, S., & Rehder, B. (2011). How prior knowledge affects
selective attention during category learning: An
eyetracking study. Memory and Cognition, 39, 649–665.
McNeill, D. (1992). Hand and mind: What gestures reveal
about thought. Chicago: University of Chicago Press.
Novack, M. A, Congdon, E. L., Hemani-Lopez, N., &
Goldin-Meadow, S. (2014). From action to abstraction:
Using the hands to learn math. Psychological Science, 25,
903–10.
Novack, M. A., Wakefield, E. M., Congdon, E. L.,
Franconeri, S., & Goldin-meadow, S. (2016). There is
more to gesture than meets the eye: Visual attention to
gesture’s referents cannot account for its facilitative
effects during math instruction. Proceedings of the 37th
Annual Meeting of the Cognitive Science Society, 1,
2141–2146.
Rohlfing, K. J., Longo, M. R., & Bertenthal, B. I. (2012).
Dynamic pointing triggers shifts of visual attention in
young infants. Developmental Science, 15, 426–435.
Singer, M. A., & Goldin-Meadow, S. (2005). Children learn
when their teachers’ gesture and speech differ.
Psychological Science, 16, 85–89.
Wakefield, E. M., Novack, M. A., Congdon, E. L.,
Franconeri, S., & Goldin-Meadow, S. (in press). Gesture
helps learners learn, but not merely by guiding their visual
attention. Developmental Science.
Valenzeno, L., Alibali, M. W., & Klatzky, R. (2003).
Teachers’ gestures facilitate students’ learning: A lesson
in symmetry. Contemporary Educational Psychology, 28,
187–204.

Ability to follow along with spoken instruction
Similar to fixation duration results, both prior knowledge of
mathematical equivalence and training condition affect
children’s ability to follow along with instruction. Both
children without prior knowledge (across both conditions)
and those learning from gesture (across knowledge-states)
follow along better with spoken instruction during the
strategy segment. Why might that be?
First, the presence of gesture boosted children’s
likelihood to follow along with instruction. This may be
because regardless of whether a child needs to gain an
understanding of how to solve the problem on the board, the
presence of a gesture, has a profound ability to direct visual
attention.
Second, we report a novel finding: that prior knowledge
also affects how well children attend to the referents of the
instructor’s speech – children with less prior knowledge are
more likely to follow along, suggesting that they are taking
an active role in their learning. Children who already know
how to solve these problems may find it less important to
closely link the instructor’s speech to referents within the
problem.
Through this work, we have established that not only does
gesture use by an instructor affect visual attention during
math equivalence learning, but visual attention patterns are
also influenced independently by degree of pre-existing
knowledge on a topic. This work allows us to further
understand how children’s individual differences may play a
role in the classroom and influence what they glean from
instruction. This work, and future work in this field, can
begin to inform practical instructional techniques by helping
educators design instruction that reaches diverse classrooms
of learners.
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Abstract
Infants are experts at playing, with an amazing ability to generate novel structured behaviors in unstructured environments
that lack clear extrinsic reward signals. We seek to replicate
some of these abilities with a neural network that implements
curiosity-driven intrinsic motivation. Using a simple but ecologically naturalistic simulated environment in which the agent can
move and interact with objects it sees, the agent learns a world
model predicting the dynamic consequences of its actions. Simultaneously, the agent learns to take actions that adversarially
challenge the developing world model, pushing the agent to
explore novel and informative interactions with its environment.
We demonstrate that this policy leads to the self-supervised
emergence of a spectrum of complex behaviors, including ego
motion prediction, object attention, and object gathering. Moreover, the world model that the agent learns supports improved
performance on object dynamics prediction and localization
tasks. Our results are a proof-of-principle that computational
models of intrinsic motivation might account for key features
of developmental visuomotor learning in infants. Keywords:
Development learning, Curiosity, Neural Network Models

Figure 1: Problem setting. How do agents learn from object
interactions while moving around in the physical world?

Introduction
Within the first year of life, humans exhibit a wide range of
interesting, apparently spontaneous, visuomotor behaviors —
including navigating their environment, seeking out and attending to objects, and engaging physically with these objects
in novel and surprising ways (Fantz, 1964; Twomey & Westermann, 2017; Hurley et al., 2010; Hurley & Oakes, 2015;
Goupil et al., 2016; Begus et al., 2014; Gopnik et al., 2009). In
short, young children are excellent at playing, and their ability to make sense of and (re)structure their environments sets
them apart from even the most advanced autonomous robots.
Play capacity in this period likely interacts with infants’ powerful abilities to understand and model their environment. By
six months of age or younger, infants can orient themselves
in a complex environment, account for the presence, number
and visual properties of objects they interact with, and have a
sense of how these objects behave dynamically Spelke (1985);
Stahl & Feigenson (2015); Baillargeon (2007).
But how exactly do such young children know how to
play? And how do such behaviors relate to their world model
building abilities? One natural idea is that infants’ world
modeling capacities are the result of built-in core systems,
including those for e.g. object attention and permanence, selflocalization, number sense, and intuitive physics (Spelke &
Kinzler, 2007). Once operational, such systems would naturally give the infant a basis on which to make judgments about
which sequences of actions would be interesting to perform.
A related but alternative idea is that the intrinsic motivation of curiosity can itself drive the development of world
model making (Schmidhuber, 2010). This idea relies on a
virtuous cycle in which, by seeking out novel but replicable
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interactions, the child pushes the boundaries of what its world
model-prediction systems can achieve, giving itself useful data
on which to improve and develop these systems. As world
modeling capacity improves, what used to be novel becomes
old hat, and the cycle starts again. Related to the conception of
the “scientist in the crib” (Gopnik et al., 2009), in this account,
aside from being fun, play behaviors may be extremely useful
and highly structured, driving the self-supervised learning of
a variety of representations underlying sensory judgments and
motor planning capacities (Mitash et al., 2017).
Building on recent work in artificial intelligence (Schmidhuber, 2010; Pathak et al., 2017; Kulkarni et al., 2016; Jaderberg
et al., 2016; Oudeyer et al., 2007) we make a computational
model of an agent driven by curiosity-based intrinsic motivation — an agent acting to maximize an intrinsic reward
derived from a measure of what its internal model of the world
finds, by some operationalization, interesting, rather than an
extrinsic reward. Related are approaches that attempt to learn
“options” useful for exploration (Machado et al., 2017) and
those that learn a predictive coding amidst random goal setting
and imitation (Najnin & Banerjee, 2017). We present a simple
simulated interactive environment in which an agent can move
around and physically act on objects it sees (Fig. 1). In this
world, interesting interactions are sparse unless actively sought
after. We then describe a neural network architecture through
which the agent learns a world model that seeks to predict
the consequences of its own actions. In addition, as the agent
optimizes the accuracy of its world model, a separate neural network simultaneously learns an agent action policy that
seeks to take actions that adversarially challenge the current
state of its world model. We demonstrate that this architecture
stably engages in the virtuous reinforcement learning cycle
described above, spontaneously learning to understand selfgenerated ego motion and to selectively pay attention to, localize, and interact with objects, without having to have any of

these concepts built in. This learning occurs through emergent
self-curricularization in which new capacities arise at distinct
“developmental milestones”. Unlike previous work, we show
the learned representation transfers to improved performance
on analogs of real-world visual tasks such as object localization and detection. To our knowledge, a self-supervised setup
in which an explicitly self-modeling agent uses intrinsic motivation to learn about and restructure its environment has not
been explored prior to this work.

Agent Architecture and Environment
We place an agent in a physically realistic simulated environment built in the Unity 3D simulation framework. The agent
consists of a world model and a loss model. The world model
is tasked to learn dynamics from visuomotor inputs. The loss
model tries to estimate the world model’s losses several time
steps into the future to choose actions that antagonize the
world model’s learning. Our self-supervised curiosity system
is depicted in Figure 2. We emphasize that we do not initialize our model with pretrained weights so as to explore what
world representation and behaviors emerge from this simple
antagonistic setup in a physically embodied environment.

Interaction environment
Our environment consists of a simple square room in which
an agent and several objects are initially placed randomly. The
agent is modeled as an invisible sphere that can move around
and, in discrete time steps, receives an RGB image from its
forward-facing camera. In order to model interaction with
objects requiring some attention and proximity, the agent can
apply forces and torques in all three dimensions to objects that
are both in view and within a fixed distance δ. We refer to a
state in which the agent can act on the object as a play state,
and the object as in play. Although the remaining environment
is static, the agent and objects can collide with every part.
We define a state in the state space st ∈ S to consist of the
images captured at times t and t −1 by the agent. In state st , the
agent specifies an action at ∈ A, which leads to the next state
st+1 . The action space A ∈ R2+6N is continuous. The first 2
dimensions specify ego motion, restricting agent movement to
forward/backward motion v f wd and horizontal planar rotation
vθ . The remaining 6N dimensions specify the forces fx , fy , fz
and torques τx , τy τz applied to N objects sorted from the lowerleftmost to the upper-rightmost object relative to the agent’s
field of view. This representation is unambiguous as objects
can only be acted on when in view, and if k < N objects are
in play, the environment accepts all 2 + 6N-tuples but only
applies the leftmost k force-torque pairs. All coordinates are
bounded by constants and normalized to 1.

World model
Given a slice of history ht = (st−kb , at−kb . . . st+k f , at+k f ) ∈ H,
we can describe a generalized dynamical problem by an input map ξ : H → X and a true-value map η : H → Y and
require the world model (blue in Figure 2) map ξ(h) to
η(h) — regardless of whether this is well-defined. Let ω
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denote this world model, so that ω(ξ(h)) ∈ Y . For each prediction, a loss Lwm (ω(ξ(h)), η(h)) is incurred. Note that
both the input and true-value maps are determined exclusively by the agent’s experience and require no outside processing or labels. In practice, we find inverse dynamical
prediction useful — filling in a missing action, instead of
predicting the future — and concretely in our case, H =
{(at−2 , st−1 , at−1 , st , at , st+1 , at+1 , st+2 )} with ξ(h) excluding
at and η(h) = ζ(at ). Here ζ zeros out the force and torque
components not corresponding to objects in play, as they have
no observable effect, and bins the action into classes, with Lwm
the softmax cross-entropy loss. We bin each dimension by
x < −0.1, −0.1 ≤ x ≤ 0.1, and x > 0.1.
We train a convolutional neural network ωθ for this task
from scratch with stochastic gradient descent, with randomly
initialized parameters θ. We use twelve convolutional layers,
with two-stride max pools every other layer and one hidden
layer to encode states into a latent space with shared weights.
The latent states {λt+i } concatenated with the given actions
{at+ j } are then input to a two-layer MLP to predict at .

Loss model
The agent’s goal is to antagonize the world model, so if it
could predict the loss incurred at future time steps as a function of its options, a policy could be made. In practice, we
do this explicitly, except predicting only a discretization of
the loss for ease of training. Given st and a proposed next
action a, the loss model predicts, for u = 1 . . . T timesteps into
the future, probability distributions pu (c|st , a) over discrete
(via thresholding) classes of loss c ∈ Cl . It is penalized with
softmax cross-entropy loss, averaged over timesteps. We use
a separate convolutional neural network Λψ with parameters
ψ, with twelve convolutional layers with two-stride max pools
every other layer and one hidden layer to encode the state
which is then concatenated with the proposed at . This representation is then used as input to a two-hidden-layer MLP to
infer the prediction. All future losses aside from the first one
depend not only on the state of the world model but also on
future actions taken. The loss model hence needs to predict
in expectation over future policy. The loss predictions are
usefully interpreted as loss prediction maps Λst (a) on action
space given a current state st as depicted in Figure 4.

Action policy
Given the loss prediction model, the agent can use a simple
mechanism to choose its actions. Given a real-valued function
σ of these T probability distributions, we can define our policy
π(a|st ) as a distribution
π(a|st ) ∼ exp(βσ(p1 , . . . pT )(a, st )),

(1)

with hyperparameter β. We take σ to be a sum over expectation values in loss class σ(a)[st ] = ∑i ∑c∈C cpi (c|a, st ), though
other methods (Feigelis et al., 2018) have proven useful in
some contexts. We evaluate σ for K = 1000 uniform random samples in A. We then sample from a K-way discrete
distribution with probabilities proportional to equation (1).
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Figure 2: Self-supervised curiosity model. We train a dynamical world model (blue), while simultaneously learning a loss model
(red) that predicts the world model’s loss to choose actions that lead to novel and surprising events in the environment (black).
Models both consist of convolutional neural networks and are fed one or more states consisting of two successive images from
the agent’s camera.

Experiments

Emergence of object attention
As the LW/CP-40 loss increases after the initial ego motion
dip the agent starts to attend to objects which is reflected in an
increase of object interactions as shown in Figure 3 (b). At the
final stage, the agent interacts with the object about 60% of the
time which indicates that it learns to localize and attend to the
object (Table 1). At the same time, the increasing world model
loss shows that these object interactions are much harder to
predict than ego motion. The baselines almost never interact
with the object and thus experience lower ego motion losses.

We randomly situate the agent and up to two objects in a square
10x10 unit room with play distance δ = 2. The agent trains
on 16 blue objects with different shapes, i.e. cones, cylinders,
cuboids, pyramids, and spheres of varied aspect ratios. We
reinitialize the play scene every 8, 000 to 30, 000 steps.
We first place the agent with one object in the room and
show that it learns to predict ego motion, and attend, localize
and navigate towards objects by evaluating the world model’s
training loss, the agent’s play state frequency, and the inverse
dynamics prediction performance on a fixed validation set. In
a second experiment we increase the number of objects to two,
and demonstrate that the agent learns to gather both objects
and further prefers to play with two objects over one object
by looking at the frequency of 1 and 2 object play states and
object-agent distances. These behaviors emerge in a specific
order akin to developmental milestones.
We compare our learned world model with curious policy
with T = 40 (LW/CP-40) against a baseline with a world
model with fixed random weights following a random policy
(RW/RP) and a baseline where the world model weights are
learned with a random policy (LW/RP).

Improved inverse dynamics prediction

Ego motion learning
Figure 3 (a) shows the training loss curves of LW/CP-40 and
the baselines. RW/RP does not learn well since most of its
weights are fixed to be random. LW/RP quickly converges to
a low value as it learns from a constant random distribution
without an antagonistic policy. The LW/CP-40 loss dips before increasing as the loss model first needs to learn which
actions lead to higher loss before being able to antagonize the
world model effectively. This first dip in loss corresponds to
the world model learning ego motion. The ego motion error
reported in Table 1 is close to the error reached at this point.
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We evaluate the inverse dynamics prediction performance on
a held out validation set gathered from the environment while
following a random action policy. To measure the models’
performance on predicting ego motion and object actions separately, we divide the validation set into two sets. The first
set contains all examples in which the agent is in a play state.
The second set consists of all remaining examples. As we can
see in Figure 3 (c) and in Table 1, LW/CP-40 and LW/RP perform well on predicting ego motion as no antagonistic policy
is necessary to encounter ego motion. However, our policy
outperforms the baselines on predicting object interactions
by a significant margin showing that focusing on object interactions does indeed improve inverse dynamics prediction
performance as seen in Figure 3 (d) and Table 1.

Improved object detection and localization
To quantify the world model’s object presence and localization
performance, we train a linear regression/logistic regression
with elastic net regularization on features from various world
model layers on a dataset generated by gathering data online while following a random action policy. Half of object
presence training data contains an object. For localization,
the second image is guaranteed to contain the object. Both

Ego motion learning

*

Emergence of object attention

object interaction learning

°

(a) World model training loss

*

°

°

*

(b) 1 object play frequencies

(c) Ego motion validation loss

(d) 1 object interaction validation loss

Figure 3: 1 object experiments. Learned world model with curious policy (LW/CP-40) is compared against learning a world
model following a random policy (LW/RP) and a world model with random weights with a random policy (RW/RP). (a) World
model cross-entropy loss during training. (b) Object play state frequency in %. (c) Ego motion prediction cross-entropy loss on
held out validation set. (d) 1 object interaction prediction cross-entropy loss on held out validation set.
steps our loss model predicts. The loss maps show the agent
predicting a higher loss (red) for actions moving it towards the
object to reach a play state. Consequently, our curious policy
will take actions that navigate the agent closer to the object.

Table 1: Performance comparison. Learned world model with
a curious policy (LW/CP-40) is compared against learned
world model with random policy (LW/RP) and random world
model with random policy (RW/RP). Ego motion (v f wd , vθ )
and interaction ( f , τ) accuracy in % is compared for play and
non-play states. Object frequency and presence are measured
in % and localization in mean pixel error.
Task

RW/RP

LW/RP

LW/CP-40

Play v f wd accuracy
Play vθ accuracy
Play f , τ accuracy
Non-play v f wd accuracy
Non-play vθ accuracy
Object frequency

61.8
78.8
20.8
59.2
75.0
0.2

84.5
95.2
39.8
94.2
97.9
0.4

93.6
97.9
44.4
92.3
97.9
59.0

Presence error
Localization error [px]

3.9
15.14

1.2
5.99

0.6
4.80

Emergence of multi-object interactions

training datasets consists of 16,000 image pairs labeled with
the object’s presence or pixel-wise 2d position of its centroid
respectively. The respective validation and test sets comprise
8,000 image pairs each. As can be seen in Table 1 our model
outperforms the baselines on the object presence and localization task, indicating that it learns better visual features.

Navigation and planning
In addition to object localization, the agent also exhibits navigation and planning abilities. In Figure 4 we give visualizations of loss maps projected onto the agent’s position at the
respective time. The loss prediction maps are generated by
uniformly sampling 1000 actions a from the action space A,
evaluating Λst (a) and applying a postprocessing smoothing
algorithm. We truncate the figure at five out of the 40 time
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At the beginning of the training of the 2 object experiment we
observe similar stages as for the 1 object experiment (Figure 5
(a)). The loss dips as the agent learns to predict its ego motion
and rises when its attention shifts towards objects which it
then interacts with. This is followed by a another loss increase
which corresponds to the agent gathering and playing with
both objects simultaneously. This is reflected in an increase
in 2 object play time (Figure 5 (c)) over 1 object play time
(Figure 5 (b)). Consequently, the average distance between
the agent and the objects decreases over time as seen in Figure
5 (c). It drops to about 2 units, the maximum interaction
distance. The LW/RP baseline quickly drops and flattens out.
LW/CP-20 with T = 20 instead of T = 40 learns to interact
with one object but not with two objects simultaneously.

Discussion and Future Work
We observe that a simple and general intrinsic motivation
mechanism based on adversarially antagonizing the loss of a
dynamically constructed model of the world allows an agent to
stably generate a spectrum of emergent naturalistic behaviors.
Through self-curricularization in an active learning Settles
(2011) process the agent achieves several “developmental milestones” of suitably increasing complexity as it learns to “play”.
Starting with random actions, it quickly learns the dynamics
of its own ego motion. Then, without being given an explicit

t

t+1

t+2

t+3

t+4

Figure 4: Navigation and planning behavior. The loss model predicts higher loss if the agent turns towards the object. Red colors
correspond to high and blue colors to low loss predictions. The center of the heat map corresponds to the agents position.
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Figure 5: 2 object experiments. Learned world model with curious policy (LW/CP-40) is compared against the same setup but
with T = 20 (LW/CP-20) and a learned world model following a random policy (LW/RP). (a) World model cross-entropy loss
during training. (b) Object play state frequency for 1 object in %. (c) Object play state frequency for 2 objects in %. (d) Average
distance between agent and objects in Unity units.
supervision signal as to the presence or location of an object,
it discards ego motion prediction as boring and begins to focus
its attention on objects, which are more interesting. Lastly,
when multiple objects are available, it gathers the objects so as
to interact with both. This policy leads to performance gains
in object dynamics prediction as well as other tasks which the
system was not explicitly learning.
This occurs without any pretrained visual backbone — the
visual system world model was intentionally not initialized
with filter weights pretrained on (e.g.) ImageNet classification.
This constitutes partial progress in replacing the training of
a visual backbone through a task such as large-scale image
classification with an interactive self-supervised task and is
a proof-of-concept that more complex milestones can be potentially reached while developing an understanding of object
categories and physical relations.
This combination of spontaneous behavior leading to an
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improved world model is well suited to designing agents that
must act effectively in the many real-world reinforcement
learning scenarios in which rewards are sparse or potentially
unknown. Here, we ultimately seek to develop algorithms
that will control autonomous robots that learn to operate in
complex unpredictable environments. From a cognitive science perspective, these results suggest a route toward using
intrinsically motivated learning systems to model emergence
of spontaneous behavior in young children. In this domain, we
seek to make computational models that describe key aspects
of real infant learning.
In order to have “developmental milestones” that may be
mapped onto real child development, a variety of limitations
will need to be overcome. First, to make the connection to
cognitive science more realistic, our environment and agent
need to be more realistic. Better graphics and physics, with
more interesting visual objects, will be important to allow

better transfer the learned behavior to real-world visuomotor
interactions. It will also be important to create a properly embodied agent with visible arms and tactile feedback, allowing
for more realistic interactions. In our current work, we fail
to address the fact that infants have severely limited mobility
and motor control. A realistic model of this is critical to make
realistic predictions for actual infant development. Including
other animate agents would lead to more complex interactions
and the possibility of learning through imitation.
Second, our current approach suffers from degeneracy: that
a well-behaved enough map from inputs X to outputs Y may
not exist. The inverse dynamical prediction problem exhibits
this: when given an image sequence in which an object rests
on the ground, action is under-determined: the agent could
have been pushing down on the object, or not. Extending
beyond our environment and to other dynamical problems,
the existence of unpredictable stimuli, referred to as the white
noise problem Schmidhuber (2010), further contributes to degeneracy, and our method can easily break down in this setting
as the agent seeks out experience it cannot learn from. Several
approaches to address this have been proposed Schmidhuber
(2010); Pathak et al. (2017), and TODO cite Oudeyer Pathak
et al. (2017) have demonstrated some success, it remains to
be seen whether such methods lead to gains in environments
that approach ecological realism. Taking these next steps will
not only help us to understand how infants learn, but also to
develop AI systems that learn without human supervision.
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Abstract

retrieval is central to these models, it has never been the
direct object of study, instead its role has been limited to
providing a conceptual framework to empirical studies of
experiment context (Judd, Drake, Downing, & Krosnick,
1991; Tourangeau & Rasinski, 1988) with some exceptions (Bhatia, 2017; Lenton, Sedikides, & Bruder, 2009).
We suggest that semantic memory is likely the source of
the considerations and therefore we should expect that
di↵erences in semantic memory retrieval will predict differences in the resulting summary and expressed attitudes. In particular, if constructive attitude models are
correct, the valences associated with the retrieved assocations should explain much of the variance in expressed
attitudes.
In this paper we identify di↵erences in representations
in a novel domain that we argue is well suited to explore
the e↵ect of these di↵erences on attitude judgments: politics. In doing so we also showcase a new method to
systematically explore di↵erences in representations between groups by estimating semantic representations directly from semantic fluency data.
For the purposes of this paper, we define a subject’s
semantic representation as an object that constrains the
likelihood of concepts or considerations being retrieved
from memory. While we focus on semantic network representations in this paper, we leave generalizing our results to alternate models, such as a semantic space model
(Landauer & Dumais, 1997) or topic model (Griffiths,
Steyvers, & Tenenbaum, 2007), to future work. In the
paper, we often refer to a representation for a particular
concept c by which we mean the particular region of the
semantic representation in the neighborhood of c that is
typically retrieved in a task.

We outline a new method to explore di↵erences in semantic representations between groups and apply it to
a novel domain where we might expect to find such differences: politics. We hypothesize and find confirmatory evidence that individuals of opposite partisanship,
as measured by party identification, have di↵erent semantic representations. We further evaluate whether
di↵erences in representations are predictive of attitude
judgments as long suggested by constructivist theories
of attitudes from social psychology. We find di↵erences
are indeed predictive of attitudes even after controlling
for other strongly predictive covariates (party identification and ideology). In discussing our results we sketch
out a broader theory of the role of semantic memory in
attitude judgments.
Keywords: semantic memory; individual di↵erences;
attitudes; politics; concepts; modeling

Introduction
A growing body of research in the semantic memory literature has identified individual di↵erences in semantic
memory organization. What was thought to be largely
static and “shared” (Ochsner, Kosslyn, Yee, Chrysikou,
& Thompson-Schill, 2013) has been found to vary as
function of expertise (Beilock, Lyons, Mattarella-Micke,
Nusbaum, & Small, 2008), culture (Medin et al., 2006;
Ji, Zhang, & Nisbett, 2004), native versus second language (Borodkin, Kenett, Faust, & Mashal, 2016), sensorimotor experience (Yee, 2017), development stage
(Markman, 1994) and bodily di↵erences (ThompsonSchill, Kan, & Oliver, 2006) among others. Individual
di↵erences in semantic memory are likely to have implications for downstream cognitive processes. We suggest
that making attitude judgments is one such downstream
process.
According to constructive models of attitudes from
social psychology, making attitude judgments involves
sampling (consciously or subconsciously) a limited number of relevant associated concepts (or associations) from
memory and computing a summary of the valence of the
retrieved associations (Tourangeau, 1992; Zaller & Feldman, 1992; Lord & Lepper, 1999). Although memory

Why Politics?
We test two hypotheses about the relationship between
semantic memory and (political) attitudes:
1. Individuals of opposite partisanship (here defined by
party identification) have di↵erent semantic representations for politically charged concepts.
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2. An individual’s semantic representation for a particular political concept will be predictive of that individual’s expressed attitude judgments on topics related
to that concept.

Instead, we build on a literature that estimates semantic representations from the semantic fluency task
whereby participants are provided a category label as a
cue (e.g. animals, food) and are asked to list as many
examples of that category as they can think of within
a given time limit and without repetition (Bousfield &
Sedgewick, 1944). The semantic fluency task is ideal for
our purposes for several reasons: First, in contrast to
corpora, semantic fluency lists can be targeted to specific sub-populations of interest, better capturing group
idiosyncrasies. Second, it allows us to quickly collect lots
of data per subject that is relevant for the given category without the need for priors on which words to use to
explore that category. Third, in addition to data on associations, it gives us data on the semantic memory search
process which we hypothesize is relevant to predicting
attitudes. Fourth, it has been shown to produce better models of semantic representations than single word
associations (De Deyne, Navarro, & Storms, 2013).
We collected semantic fluency data from 1056 MTurk
subjects. As cues we selected words that are politically
relevant: welfare, government, American values, Republican and Democrat. For each cue, subjects were required to respond with associated words without repetitions.1 Subjects also answered a series of demographic
and political attitudes questions, including party identification and ideology.2 We apply some basic preprocessing to the lists including spelling check, lower
casing and singularizing basic plurals (e.g. “patriots”
becomes “patriot”). Table 1 provides summary statistics
of the resulting lists segregating by party identification.

There are good reasons to expect individual di↵erences in semantic representations as function of partisanship. Political scientists have identified consistent
di↵erences in the vocabulary used by political elites
(Gentzkow, Shapiro, & Taddy, 2016) and media organizations (Morris, 2007) as a function of political affiliation. Moreover, voters’ media consumption habits
have also been found to show a preference for media
outlets perceived to be aligned with currently held political views (Mitchell, Gottfried, Kiley, & Matsa, 2014).
Together these findings suggest two individuals of opposite partisanship are likely to have very di↵erent linguistic experiences. A fundamental prediction of linguistic
based theories of concept acquisition is that di↵erences
in linguistic experience will produce di↵erent representations (Vigliocco, Meteyard, Andrews, & Kousta, 2009;
Steyvers, Griffiths, & Dennis, 2006).
Di↵erences in linguistic experience need not be the
only source of representational di↵erences in political
concepts. Recent work highlights the role of emotions
or a↵ect as another type of experiential information relevant in forming semantic representations (Vigliocco et
al., 2009; Ponari, Norbury, & Vigliocco, 2017), particularly for abstract concepts such as those we are likely to
find in politics (e.g. “freedom”, “peace” etc.). To the extent that individuals experience di↵erent emotions when
partaking in political activities or encountering political content (Westbury, Keith, Briesemeister, Hofmann,
& Jacobs, 2015), we should again expect di↵erences in
representations to emerge and, more to the point, differences that are likely to be highly relevant for attitude
judgments.

Method
To estimate partisan di↵erences in representations, we
propose a new method that can be used to identify differences in group representations in general. We first estimate separate representations for Democrats and Republicans from their respective semantic fluency lists.
Next, we compare the likelihoods of a set of heldout
lists under each estimated representation. If there are
partisan di↵erences and individuals of the same partisanship overlap more in their representations than individuals of opposing partisanship, then the likelihood of
Republican (Democrat) heldout lists should be larger under the Republican (Democrat) representation (withinparty) than under the Democrat (Republican) representation (across-party).
We here assume that a semantic representation is a

Data
To evaluate these hypotheses, we need to estimate the
semantic representations of political concepts for various partisan groups. In the semantic memory literature,
semantic spaces are often estimated from large text corpora (Lund & Burgess, 1996; Landauer & Dumais, 1997)
or a large set of word associations (Austerweil, Abbott, &
Griffiths, 2012; De Deyne, Navarro, Perfors, & Storms,
2016). These methods are undesirable for our setting
since we want to estimate the semantic representations of
various sub-populations (members of political parties),
something that would be difficult to do with large text
corpora since it is unclear how to select a corpus for each
sub-population and topic of interest. In addition, we are
interested in topics where we have very weak priors on
the extent of the semantic space (relative to more common topics like ”fruits”) so collecting word associations
would require extensive and expensive piloting.

1
Although not a typical category fluency task, the task
can be framed as one with the category defined as “words
you associate with the cue”.
2
Possible answers to party identification included: “Republican”, “Democrat”, “Independent”, “no preference” and
“Other party (please specify)”. Ideology was measured on
a seven-point Likert scale from “Extremely liberal” to “Extremely conservative” with the option of choosing “Haven’t
thought much about this”.
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Table 1: summary statistics for concepts lists by party identification after pre-processing.
Welfare
Government
American Values
Democrat
Republican
D
R
D
R
D
R
D
R
D
R
# of unique tokens
1291
912
1552
1085
1507
966
1347
1116
1513
992
Prop. overlap
0.277
0.367
0.305
0.370
0.313
0.339
0.281
0.416
0.303
0.352
14.105 12.848 15.194 14.561 14.354
14.251
14.266 13.696 14.677
14.133
Mean list length
(4.499) (4.665) (4.384) (4.322) (4.432) (4.558) (4.294) (4.544) (4.254)
(4.352)
Notes: D = Democrats and R = Republicans. Prop. overlap corresponds to the ratio of unique tokens to total tokens listed.
Numbers in parentheses denote standard deviations of mean list length.

Individual Di↵erences

network that is parametererized by an initial probability vector ⇡ which contains the probabilities of jumping
from the cue word (e.g. “animal”) to a given node (e.g.
“dog”) and a transition matrix P where each element of
the matrix Pij represents the probability of transitioning from word i to word j (e.g. from “dog” to “cat”) in
one step on the network. For a given ⇡ and P, we can
compute the likelihood of each list in our dataset and
use maximum likelihood or Bayesian inference to infer
the parameters of our semantic network. In the past,
estimating representations in this way was not possible
because the requirement that no word be repeated makes
the likelihood of a true generative model non-trivial to
compute. Previous models were either non-generative
(e.g. Goñi et al. (2011)) and could not give likelihoods
or were biased in their estimation process (Millsap &
Meredith, 1987). Only recently has a generative model
been proposed which could give likelihoods of producing semantic fluency lists under a set of estimated parameters (which determine the semantic representation).
Jun, Zhu, Rogers, and Yang (2015) show that by assuming a particular model for the search process, they
can estimate the semantic representation of a group that
predicts new lists better than previous biased methods.
Building on Austerweil et al. (2012), Jun et al. propose
a model, called INVITE, whereby retrieval consists of a
random walk through the semantic network with words
being added to the semantic fluency list every time it
reaches a new node. However, due to the constraints
of the task, a word that has already been said cannot
be repeated so if the random walk reaches a node that
corresponds to a repeated word, no word is emitted.
By using the same generative model for both groups,
Democrats and Republicans, we are assuming that there
are no systematic di↵erences in the search algorithm
employed to retrieve associations. We argue that the
search algorithm is likely to be a more fundamental cognitive process independent of individual di↵erences in
party identification. In Halpern and Rodriguez (2018)
we tested this assumption by comparing the performance
of several di↵erent models estimated separately on the
two groups. The ranking of models according to the loglikelihood of held-out lists was the same for both groups,
lending support to our assumption. 3
3

We divide up our data into 10 folds, stratifying on party
identity. Estimation of the networks is easier and more
reliable if it is limited to words that were included in
several subjects’ lists. Given the spread of words that
subjects used, we restrict our estimation to the top
30 tokens said for each topic. We estimated a maximum likelihood “population semantic network” for selfidentifying Democrats and Republicans (using LBFGS
in rStan (Carpenter et al., 2016)) on a training set of
9 of the folds and then evaluated the log-likelihood of
the heldout fold under each of these two semantic networks. Figure 2 plots an example of an estimated Democrat semantic representation for the concept Republican.
Across all ten heldout folds, for all concepts and both
parties we find that the within-party log-likelihood is
significantly higher than across-party log-likelihood. As
a measure of how well our model is able to di↵erentiate
parties, we can treat our model as a Bayesian classifier
and assign the party with the higher log-likelihood to
each list. Figure 1 plots the average accuracy of this
classifier by concept. In all cases, the classifier is able
to perform significantly better than chance 4 . The accuracy score in this case has a theoretically substantive interpretation: the larger the representational di↵erences
between groups, the easier it is for a classifier to distinguish between a Republican and Democrat resulting in
a larger accuracy score, for political scientists this can
be understood as a measure of “polarization” (Peterson
& Spirling, n.d.). To further benchmark our results we
applied our method to estimate semantic representations
by gender rather than by party.5 Figure 1 also plots the
accuracy scores by gender for each concept. Except for
the concept “Republican”, our results suggest no significant gender di↵erences in representations for our set of
cues. Overall finding is evidence that Democrats and
Republicans do indeed strongly di↵er in their represenbetter results than many simpler models (including a simple bag-of-words). Since it provides a good description of
semantic memory retrieval and has been shown to have nice
statistical properties (Jun et al., 2015), we focus on INVITE
for our analyses here.
4
Since our sample is stratified by party, chance is an accuracy score of 0.5.
5
Gender has also been previously identified as a potential
source of di↵erences in semantic representations (Capitani,
Laiacona, & Barbarotto, 1999).

In this model comparison, we found that INVITE yields
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tations for these concepts.

Table 2: Subjects’ attitudes towards welfare as a function of partisanship of welfare concept representation
and average valence of the subjects’ retrieved lists
Dependent variable:

accuracy

0.7

Welfare Attitude
Concept Partisanship

grouping
gender
party

0.6

(1)

(2)

0.335⇤⇤⇤
(0.023)

0.097⇤⇤⇤
(0.028)

Average Valence
Party (Republican = 1)

Constant

0.123⇤
(0.070)

0.242
(0.283)
0.487⇤⇤⇤
(0.063)
0.094
(0.152)

Observations
R2
Adjusted R2

575
0.270
0.269

573
0.453
0.450

Ideology

welfare

republican

government

democrat

american_values

0.5

(3)

(4)

0.662⇤⇤⇤
(0.069)

2.952⇤⇤⇤
(0.347)

0.307⇤⇤⇤
(0.058)
0.522⇤⇤
(0.261)
0.451⇤⇤⇤
(0.063)
1.233⇤⇤⇤
(0.319)

591
0.136
0.134

589
0.449
0.446

Notes: Ideology ranges from -3 (extremely liberal) to 3 (extremely conservative).

ply using the average valence of the retrieved lists to predict attitude judgments. This requires we first attach a
valence to the retrieved words which we do using a set
of 13, 915 valence norms from Warriner, Kuperman, and
Brysbaert (2013). These valence norms range from a low
of 1 (“unhappy”) to a high of 9 (“happy”) and subjects
are instructed to respond how a word makes them feel.
We emphasize this is an imperfect measure of valence to
the extent that the valence of a word may change as a
function of context and party affiliation yet it provides
for an acceptable first approximation. Our results confirm that average valence of the retrieved lists is a significant predictor of expressed attitudes consistent with
constructive models of attitudes (Table 2).
Previous studies using semantic fluency tasks have observed that subjects produce items in bursts of semantically related words (Troyer, Moscovitch, & Winocur,
1997), consistent with semantic memory being organized
in clusters of semantically related concepts. Given we
found average valence of retrieved lists to be predictive
of attitudes, we wondered whether valence serves as an
organizing principle of semantic memory alongside semantic similarity (Osgood, Suci, & Tannenbaum, 1978;
Westbury et al., 2015). One way of testing this hypothesis is to first assess whether clusters are present in our estimated representations and, given clusters are present,
whether nodes within clusters tend to align according
to valence. To evaluate the presence of clusters in our
estimated representations we applied the Walktrap algorithm (Steinhaeuser & Chawla, 2010). Intuitively this
algorithm identifies as clusters the densely connected regions of a graph in which simulated random walks tend to
get “trapped”.7 Figure 2 plots the estimated Democrat
semantic representation for the concept Republican with
di↵erent colors representing di↵erent clusters. Walktrap
algorithm identifies three distinct clusters. We draw the

Figure 1: Accuracy of the model in discriminating between
Democrat and Republican heldout subjects

Individual Di↵erences and Attitudes
To explore whether retrieved semantic associations are
predictive of attitude judgments we also collected data
on general attitudes toward the government’s role in providing services (related to the concept government) and
its role in guaranteeing a minimum standard of living (related to the concept welfare). Both attitude questions
were on a seven-point Likert scale and were recoded to
range from -3 (extremely liberal position) to 3 (extremely
conservative position).6 We hypothesized the di↵erence
in the log-likelihoods of an individual’s category fluency
data under the Republican (LLR ) and Democrat (LLD )
models, a quantity we term concept partisanship, should
be predictive of that individual’s attitude judgments (using the representations for welfare for the question on
welfare and government for the question on government
services). The more negative (positive) the concept partisanship for subject i for concept c, the better that subject’s fluency list approximates the Democrat’s (Republican’s) estimated representation. Table 2 reports our results of including concept partisanship as a regressor of
expressed attitudes. Concept partisanship is significant
even after controlling for party affiliation and ideology
suggesting our representations are capturing more than
group affiliation.
According to constructive models of attitudes, when
responding to a survey question on attitudes individual’s sample from memory, compute a statistic (e.g. an
average) of the valences of the sampled information and
respond accordingly. Building on this intuition we next
asked how much predictive leverage can we get from sim6
Both attitude questions were taken from the American
National Elections Studies (ANES) Survey.

7
The algorithm works best with small step sizes. We limit
our random walk to 3 steps.
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firmatory evidence of this hypothesis. Finally we also
found evidence consistent with valence playing an important role, alongside semantic similarity, in the organization of semantic memory.
We began by arguing that partisan di↵erences in representations are likely to have emerged as a result of
di↵erences in the linguistic and emotional experiences
of Democrats and Republicans. We now proceed to
sketch out a more general theory of the relationship
between semantic memory and attitudes. We hypothesize, that there might be a computational reason for
these di↵erences that further constrains how representations develop and change. The organization of semantic memory is thought to be optimized for making efficient and accurate knowledge-based inferences and predictions (e.g. top-down perception (Biederman, Kubovy,
& Pomerantz, 1981) and linguistic prediction (Steyvers
et al., 2006). This is consistent with the fact that semantic memory has been found to be organized according to similarity in sensorimotor experiential data and
language-based distributional data (Andrews, Vigliocco,
& Vinson, 2009). However, many studies have suggested
valence as another important dimension of semantic organization (Osgood et al., 1978; Westbury et al., 2015),
potentially resulting from co-occurrence statistics of affective experience (Vigliocco et al., 2009).The fact that
many of our most discriminating tokens are valenced and
that similarly valenced nodes seem to cluster together is
consistent this theory. This begs the questions: what use
is valence as an organizing principle? We hypothesize
that semantic memory is also optimized for efficient and
consistent evaluative judgments under limited resources.
If evaluative judgments do indeed follow a sampling like
process then it makes sense for valence to play an organizing role lest individuals produce an endless stream
of conflicting evaluations. We see this as a line research
meriting greater attention and believe politics as a domain is ideally suited to this task. More generally we
hope the method outlined above provides a basic framework to begin to quantitatively explore the relationship
between semantic memory and attitudes and that our
promising results serve to highlight the potential returns
to cognitive science of branching into less traditional domains.

Table 3: Mean valence by cluster in Figure 2

mean
valence

yellow
5.62
(1.0250)

blue
5.77
(1.390)

green
2.68
(0.567)

reader’s attention to the highly negatively valenced green
cluster vis-a-vis the other relatively more neutral clusters. Using the same valence norms we used in the regressions above, we can estimate mean valence by cluster (see Table 3). The green cluster (consisting of the
words “corrupt”, “greedy”, “ignorant”, “liar”, “racist”,
“selfish” and “uncaring”) is significantly more negatively
valenced than the other two clusters. We see this as suggestive evidence of valence serving as an important organizing dimension of semantic memory, a result meriting
further research.

Figure 2: Democrat network for the concept ”Republican.”

Clusters of concepts as estimated by the Walktrap algorithm
are indicated by color

Discussion
We have outlined a method to explore di↵erences in semantic representations between groups and applied it to
a novel domain: politics. We hypothesized that individuals of opposite partisanship have di↵erent semantic
representations for political relevant concepts. In our
data, we find evidence of di↵erences across several political concepts although the magnitude of the di↵erence is
found to vary by concept, with concepts related to selfidentity (Democrat and Republican) showing the largest
di↵erences. We also hypothesized that an individual’s
semantic representation of a politically relevant concept
is predictive of that individual’s attitudes toward topics
related with that concept. Again, we find strong con-
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Abstract

important recent finding is that adversarial stimuli targeting
one ML model can be successfully transferred to target a
different model due to the shared adversarial stimuli space
(Szegedy et al., 2013; Liu, Chen, Liu, & Song, 2016). Recently, the argument has been made that such transfer is
also possible between machines and humans (Elsayed et al.,
2018). There is, however, limited evidence for this claim
given that it is based on a single task with stimulus presentation times around 70ms. Thus, it is unclear whether these effects will generalize to other cognitive tasks and longer deliberation times. The question of whether humans can recognize
a stimulus as adversarial is critical to security of automation
systems as it may be possible to allow humans to intervene
on predictions made by a compromised ML model in critical
situations. Hence, it is critical to test the effect of different
adversarial examples generated from different algorithms on
human perception and decisions.
This research extends the comparison of human performance on adversarial samples to a wider range of cognitive
tasks than has been studied previously. In Experiment 1, we
test adversarial samples generated using JSMA (Jacobianbased Saliency Map Attack), a targeted approach proposed
by (Papernot et al., 2016); in Experiment 2 we test adversarial samples generated using FGSM (Fast Gradient Sign
Method), a non-targeted approach proposed by (Goodfellow
et al., 2014). Each experiment involved human classification, discrimination, and similarity decisions with targeted
and non-targeted adversarial samples. In the Discussion, we
compare and discuss the results from the two experiments and
their implications for the transferability between machine and
human systems.

In a world that relies increasingly on large amounts of data
and on powerful Machine Learning (ML) models, the veracity
of decisions made by these systems is essential. Adversarial
samples are inputs that have been perturbed to mislead the interpretation of the ML and are a dangerous vulnerability. Our
research takes a first step into what can be an important innovation in cognitive science: we analyzed human’s judgments and
decisions when confronted with targeted (inputs constructed
to make a ML model purposely misclassify an input as something else) and non-targeted (a noisy perturbed input that tries
to trick the ML model) adversarial samples. Our findings suggest that although ML models that produce non-targeted adversarial samples can be more efficient than targeted samples they
result in more incorrect human classifications than those of targeted samples. In other words, non-targeted samples interfered
more with human perception and categorization decisions than
targeted samples.
Keywords: Adversarial Machine Learning; Human Decision
Making; Adversarial Samples.

Introduction
Machine Learning (ML) models are changing our world: they
are part of search engines, recommendation systems, social
media sites and new forms of social exchange. Autonomous
cars use sensors to “see” the road and use ML models to
make accurate decisions. These models learn discriminative
features of road signs (e.g., a STOP sign) to select appropriate actions. Although very powerful, ML and particularly
deep neural network (DNN) models are also severely vulnerable to adversarial samples: inputs crafted with the intention
of causing misclassification. The consequence is that slight
alterations of the “transfer stimuli” (e.g., a STOP sign with
some noise) can readily result in incorrect recognition.
There are two broad approaches to developing adversarial
stimuli that are capable of misleading ML and DNN models:
targeted and non-targeted. In targeted attacks, minimal modifications are made to the input stimuli (e.g., images) such
that they will be misclassified by the ML models as another
specific target class (e.g., modify a STOP sign in such a way
that the ML model in an autonomous vehicle interprets it as
a YIELD sign instead). In non-targeted attacks, modifications are made to the input stimuli but there is no specific
class intended; the goal is to make the model misclassify the
perturbed input to any class/output, different from the actual
class.
Researchers focused on understanding Adversarial Machine Learning attempt to deal with the fundamental tradeoff of designing algorithms that are computationally efficient while at the same time resist adversarial perturbations
(Goodfellow, Shlens, & Szegedy, 2014; Huang, Joseph, Nelson, Rubinstein, & Tygar, 2011; Papernot et al., 2016). An

Machine Learning Models and Adversarial
Samples of Handwritten Digits
The FGSM and JSMA models models were developed and
tested to attack a feedforward neural network model that was
trained on the MNIST dataset containing images of handwritten digits (Yann, Corinna, & Christopher, 1998). These images are represented as vectors of 784 features (one for each
of the 28x28 = 784 pixels), and each feature corresponding to
a pixel intensity normalized to values between 0 and 1. The
hidden layer neurons in the network each use logistic sigmoid
function as their activation function. Let J(θ, x, y) represent
the loss function used to train the neural network in both algorithms where θ represents the neural network model, x represents the input and y represents the label/class for x. We
will use these notations to describe the two algorithms.
The Fast Gradient Sign Method (FGSM) used a simple
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and efficient method for finding perturbations where, given
a source image x, each of the 784 features representing the
input is perturbed in the direction of the gradient by magnitude of ε. ε represents the magnitude of the perturbation.
The strength of perturbation at every feature is limited by the
same constant parameter ε and the resultant is a adversarial
stimuli x̃ of the original input x. With even small ε it is possible to mislead such Deep Neural Networks (DNN) with a
high success rate. Due to the nature of gradient descent on
the loss function, it is not possible for the model to anticipate
the outcome and therefore, the goal is to misclassify adversarial input x̃ as any other class than its correct class (y). Hence,
it is a non-targeted form of attack.
Papernot et al (2016) proposed the Jacobian-based
Saliency Map Attack (JSMA) to generate adversarial samples to mislead neural network model. This model used an
iterative approach to modify a limited and specific set of features (among the 784 features) of the input image (x) for
targeted misclassification. In this approach, an adversarial
saliency map is calculated for the input image which contains the scores for each pixel that reflect how the pixel can
help in achieving the intended target class (ỹ) while reducing
the probability of achieving any other class. Pixels with high
saliency scores are perturbed by ε repeatedly until the model
misclassifies the input as the intended target class. Papernot
et al. (2016) found that a deep neural network can be fooled
with high success (97%) while only requiring small modifications (4.02%) of the input features of a sample; while humans identified 97.4% of the adversarial samples correctly
and classified 95.3% of the adversarial samples correctly.

similar at all”) to 10 (“identical”) using a sliding bar. Each
trial included a brief instruction reminder, the stimulus image(s), and a response field. Trials were not time constrained,
and responses were recorded when the participant indicated
they were ready to move to the next trial by clicking a red
arrow button.
In the tasks requiring a comparison between two images
(discrimination, similarity), there were three types of stimuli. In Source-Source pairs, an unperturbed MNIST image
was paired against itself, which served as a control condition. The remaining comparisons paired images from different digit classes (0-9) with one another in two ways. In
Source-Adversarial pairs, an unperturbed MNIST digit was
paired with an adversarially modified version of itself. Finally, in Target-Adversarial pairs, an adversarial image was
compared against an unmodified image from a different class.
In the case of stimuli generated by JSMA, this was the class
that was targeted by the algorithm; for FGSM stimuli, the algorithm operates without targeting a specific output class, so
the comparison image chosen was digit class which the DNN
reported when classifying the adversarial image. Examples
of the three stimulus pairs can be seen in Figure 2.
In the classification task, only a single image was presented, and it was either an unperturbed MNIST digit (taken
from Source-Source pairs), or an adversarial image (from
Source-Adversarial and Target-Adversarial pairs).
For each task type, participants completed 70 trials for a
total of 210 trials. All participants finished the task within 15
and 30 minutes.

Adversarial Image Generation We quantified the amount
of perturbation introduced by each algorithm by computing
the L1-norm, or pixel-wise (i, j) difference between the unperturbed and adversarial image, which more robust to outliers than a common alternative, the L2-norm, and directly
represents the total change in luminance between the images:
Dx,x̃ = ∑ ∑ |xi j − x̃i j |

(1)

i=1 j=1

General Method
In two experiments, we tested the effect of adversarial images from two algorithms (JSMA: Experiment 1; FGSM: Experiment 2) on human performance within classification, discrimination, and similarity tasks. The general procedure is
outlined below, followed by specific details about the participants and stimuli for each experiment individually.
Procedure Participants were told they would view “images
of numbers” and be asked to complete three perceptual tasks,
which alternated from trial-to-trial (see Figure 1). In the classification task, participants freely reported the identity of a
single digit; in the discrimination task, they responded by indicating whether two images showed the “same” or “different” digits by clicking a corresponding button; finally, in the
similarity task, participants rated two images, from 0 (“not

Figure 1: Example images demonstrating the three tasks performed by the subjects in both experiments: the classification
task (top row), the discrimination task (middle row) and the
similarity task (bottom row)
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adversarial images from categories ‘2’, ‘3’, and ‘9’, while
Group 2 compared against ‘4’, ‘5’, and ‘9’, and Group 3
saw ‘1’, ‘6’, and ‘7’. Each of these non-matching pairs was
tested twice, once as a Source-Adversarial pair and once as a
Adversarial-Target pair.

Experiment 2
In order to contextualize the results of Experiment 1 within
the larger adversarial domain, we measured human judgments
on images generated using a different algorithm, “the fast gradient sign method (FGSM)” proposed by Goodfellow et al.
(2014).

Method
Participants We recruited a new sample of participants (n
= 300; 135 female; mean age = 34.72 years) using the same
process as Experiment 1. Average bonus pay was $2.71.

Figure 2: Examples of the image pairs shown in Experiments 1 (left columns) and Experiment 2 (right columns).
In ‘Source-Source’ pairs, an MNIST digit was compared
with itself; ‘Source-Adversarial’ pairs pitted an unperturbed
MNIST digit against an adversarially-modified version of itself; finally ‘Target-Adversarial’ pairs compared an adversarial digit with an MNIST digit from the incorrect class produced by the DNN when classifying the adversarial image.

Stimuli We chose images from FGSM with the largest adversarial distance. The range of distances among tested stimuli was more limited than in Experiment 1, (mean = 296.1,
min = 78.4, max = 313.6). Due to the non-targeted nature
of the FGSM algorithm, there were few digit classes that,
when perturbed never generated adversarial images that were
misclassified as certain other digits. For example, adversarial
modifications to images portraying the digit, “1”, were never
misclassified as “0”, and the same was true for the pairs,
1/6, 4/1, 5/1, 7/6. In order to prevent biases arising from
participants noticing the absence of these comparisons, we
substituted these missing pairs with least perturbed images
from the JSMA algorithm, and removed responses to these
stimuli from all analyses (a total of 5% of the total trials).

Experiment 1
In Experiment 1, we tested human classification, discrimination, and similarity judgments over images generated using
the JSMA algorithm (targeted attack).

Method
Participants We recruited participants via Amazon’s Mechanical Turk, and collected data using Qualtrics (with IRB
approval from Carnegie Mellon University). Participants (n =
300; 113 females; mean age = 34.25 years) first provided informed consent and confirmed normal or corrected-to-normal
vision. Monetary compensation was based on performance
(base pay rate $4, average bonus: $2.71).

Design We divided the 10×10 stimuli in the same manner
as in Experiment 1, though the exact distribution of stimulus pairs was randomized, such that e.g. Group 1 performed
comparisons of digit, ‘1’ against ‘2’, ‘4’, and ‘6’. As before,
each group was tested on self-comparisons for all digits and
against three non-self comparisons.

Stimuli The image pairs used in Experiment 1 were produced by the JSMA algorithm, which were selected from a
larger database of image pairs provided by the authors of Papernot et al.(2016). For each Source-Adversarial and TargetAdversarial comparison, we selected images with the largest
adversarial distance (see Equation 1). The average distance
for stimuli generated by the JSMA algorithm, among those
tested in this study was 54 pixels (min = 14; max = 100).

Results
We first examined participants’ accuracy in the classification
task. In Experiment 1, participants correctly reported the presented digit on 95.5% of classification trials. In Experiment
2, the average accuracy decreased to 90.2% (see Table 1). A
generalized linear, mixed effects model predicting the number of errors 1 between unperturbed (Source) and adversarial (Adversarial, Target) images, and across experiments, revealed a significant main effect of Perturbation, F(1,1796) =
290.21, p <.001, as well as a significant main effect of Experiment, F(1,1796) = 25.574, p < .001. These results are consistent with the human performance data reported in Papernot
et al. (2016), which showed that human classification of adversarial stimuli remains near ceiling, and we generalize this

Design Due to the large number of comparisons, we created three non-overlapping stimulus sets and randomly assigned participants to one of three groups. Within each group,
the same stimulus set was used in all three tasks (classification, discrimination, and similarity). All three stimulus sets included Source-Source comparisons for every digit
(0/0, 1/1, ..., 9/9). The nine remaining, non-matching comparisons for each digit (e.g. 0/1, 0/2, ...9/8) were divided
between the three participant groups. For example, Group 1
judged pairs of images comparing an unperturbed ‘0’ against

1 binomial model, link = logit; models fit using MATLAB function, fitglme, using the Laplacian fitting method
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pairs remained lower than the other comparisons, the additional noise introduced by FGSM seems to have made the
adversarial image appear more similar to the intended target
category than the procedure adopted by JSMA.
One possible explanation for this finding is that the distance between adversarial and source images was larger for
FGSM than JSMA, so we followed up by examining the
impact of adversarial distance on similarity rating. Due to
the limited range of distances of tested stimuli created using the FGSM algorithm, we focused the analysis on SourceAdversarial pairs generated by JSMA. Adversarial Distance
(see equation 1) for Source-Adversarial image pairs did not
significantly predict human performance on the classification
or discrimination tasks, (both F’s < 3.5, p’s > .05), but there
was a significant negative relationship, β = −.021(.002), in
the similarity task, F(1,88) = 86.382, p < .001 (see Figure 3).
Participants rated images with more distortions as less similar than those with fewer. The JSMA algorithm was designed
to find the minimal perturbations necessary to produce misclassifications by the deep neural network model (DNN), and
thus remain relatively undetected by human observers. This
finding is critical because it demonstrates that, while performance on classification would appear to suggest that human
observers fail to detect the adversarial changes, these explicit
ratings of similarity reveals that, not only do observers notice
the changes, their responses are tightly mapped to the amount
of change introduced by the algorithm. This more sensitive
measure likely provides a better means of evaluating the efficacy of adversarial models in evading human detection.

finding to a novel adversarial algorithm. The difference in accuracy when comparing across the two algorithms suggests
that FGSM was more successful in confusing human judgments, perhaps due to the larger amount of perturbation, or
the more global pattern of pixel changes.
Table 1: Classification Accuracy
Unperturbed
Adversarial
Total

Experiment 1
96.8%
94.2%
95.5%

Experiment 2
97.8%
82.7%
90.2%

We next examined whether participants would correctly
identify pairs of images showing the ‘same’ or ‘different’
digits, in spite of the adversarial modifications, in the Discrimination task. Overall accuracy was at 99.1% in Experiment 1, and 96.6% in Experiment 2 (see Table 2). A generalized, linear mixed-effects model over Trial Type (SourceSource, Source-Adversarial, Target-Adversarial) and Experiment (Experiment 1, Experiment 2) showed a significant
main effects of Trial Type, F(2,1794) = 71.937, p < .001.
There was also a main effect of Experiment, F(1,1794)
= 17.76, p < .001, and a significant 2-way interaction,
F(2,1794) = 43.818, p < .001. These results were driven
primarily by better performance for the adversarial comparisons (Source-Adversarial, Target-Adversarial) in Experiment 1 than in Experiment 2, with no difference in SourceSource trials. This is consistent with the pattern of results
found in the classification task, which showed that performance on images produced by the FGSM algorithm tended
to be worse than over those generated by JSMA; furthermore,
this is a novel demonstration that adversarial images can perturb human judgments in tasks other than Classification.
Table 2: Discrimination Accuracy
Source-Source
Source-Adversarial
Target-Adversarial
Total

Experiment 1
99.9%
97.9%
99.7%
99.1%

Experiment 2
99.9%
95.0%
94.8%
96.6%

In the similarity task, we examined whether there were
differences across the Experiments or image Type, using a
linear mixed-effects model. Similarity ratings were significantly different across Trial Types; F(2,1794) = 13,881, p <
.001. This difference was mostly in the Source-Adversarial
and Target-Adversarial comparisons (see Figure 4). There
was not a significant main effect of Experiment, F(1,1794)
= .712, p > .05, but the interaction between Trial Type and
Experiment was significant, F(2,1794) = 46.627, p < .001.
This latter effect was due to the reversal in the two adversarial comparisons: while the ratings in Target-Adversarial

Figure 3: The amount of perturbation (Adversarial Distance)
was significantly related to participants’ similarity ratings
over Source-Adversarial image pairs in Experiment 1
Finally, in order to assess whether performance on one task
(e.g. similarity) could be used to predict performance in the
other tasks, we correlated performance across the three tasks
within each experiment. In Experiment 1, individual performance in the classification and discrimination tasks was significantly correlated, r(298) = 0.511, p < .001. Due to the
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ing ML models with incorrect classifications hovering between 97% and 99.9% (Papernot et al., 2016; Goodfellow et
al., 2014), human performance reveals much greater variation
depending on task (classification, discrimination, similarity)
and model (FGSM, JSMA). The key question emerging from
these results is how to interpret this performance.
Our main point is that lack of sensitivity to adversarial
stimuli does not necessarily imply that humans are unable
to detect these perturbations. Similarity judgments between
stimuli revealed significant differences between unperturbed
and perturbed images (source-adversarial, adversarial-target)
and the magnitude of these differences was scaled to the calculated distance between the stimuli. Likewise, participants
were very good at discriminating the image of a digit from
its adversarial target, even though the adversarial target was
classified by humans as representing the same number as the
unperturbed image.
Presumably, machine learning models would also discriminate between adversarial and unperturbed stimuli, but this
is because they would classify the two stimuli as different
numbers (i.e., source and adversarial target). By contrast, humans discriminate the stimuli not because they classify them
differently, but because they detect featural differences corresponding to texture density or contrast or discontinuities in
the contour, to name just a few candidates. It is often risky
to draw parallels between ML models, such as DNNs and
human information processing because we still know so little
about how neural networks work. These adversarial examples
simply demonstrate the fragility of these ML models. This
is why drawing direct comparisons between human cognition and neural networks and anthropomorphizing them may
be unfair (Gershman, Horvitz, & Tenenbaum, 2015; Chollet,
2017).
It is noteworthy that we observed a significant difference
between the two forms of attack (targeted vs non-targeted)
in terms of their ability to produce human recognizable adversarial images. We found that humans are less accurate in
classifying adversarial images generated by FGSM, a nontargeted form of attack, compared to human performance on
the same task with images generated by JSMA, a targeted
form of attack. In other words, non-targeted perturbation
of pixel intensities interfered more with human perception
and classification decisions. This performance difference was
significantly reduced when participants made judgments on
adversarial images during the discrimination task. As such,
these results demonstrate that the more effective adversarial
model results in poorer classification and discrimination by
humans, which represents a disadvantage when trying to detect adversarial stimuli.
Of course, it is premature to generalize from these preliminary findings that the FGSM algorithm is more effective in
fooling machines than humans, because the conclusions depend to a large extent on the specific information processing
task administered to humans. Although our results revealed
that performance in some of these tasks is correlated, the cor-

stark differences in ratings as a function of trial type in the
similarity task, we ran separate correlations for each stimulus
type: Source-Adversarial similarity scores were significantly
correlated with classification performance, r(298) = .152, p <
.01, and marginally related to discrimination, r(298) = .112,
p = .053. Target-Adversarial performance was likewise correlated between similarity, r(298) = -.129, p < .05, and discrimination, r(298) = -.131, p < .05. Finally, Source-Source
similarity judgments were only related to discrimination performance, r(298) = .272, p < .001.
In Experiment 2, individual performance in the classification and discrimination tasks was significantly correlated,
r(298) = 0.839, p < .001. Separate correlations by stimulus type in the similarity task showed that Target-Adversarial
judgments were significantly negatively correlated with classification performance, r(298) = -.328, p < .001, and related to discrimination, r(298) = -.471, p < .001. SourceAdversarial performance was correlated between similarity,
r(298) and discrimination, r(298) = .129, p < .05.
Together, these results suggest that the different tasks rely
on similar perceptual representations, and that individuals’
performance on one task could be used to predict their abilities in the other domains. If, for example, a subject rates
adversarial images as particularly dissimiliar to their unperturbed counterparts, they may be less prone to incorrectly
classify the image, and therefore be less vulnerable to these
types of perturbations, making the collection of explicit similarity ratings an important tool for assessing the risk posed by
adversarial images.

Figure 4: Mean similarity ratings across Experiments 1 (blue)
and 2 (red), separated by the image pair shown to subjects.

General Discussion
Current research on AML claims that humans are insensitive to the perturbations introduced in adversarial samples;
however, these claims are not based on evidence from empirical research. This study represents the systematic attempt
to test humans susceptibility to adversarial stimuli, and the
results suggest that previous claims may have been overstated. Although adversarial stimuli are very effective in fool-
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relations were generally very small accounting for no more
than 25% of the variance and in most cases much less. We
thus conclude that a complete testing of human performance
with adversarial stimuli will require a broad range of tasks
assessing different perceptual and cognitive skills.
It should also be noted that these adversarial stimuli were
generated with the primary goal of making ML and DNN
models to misclassify and do not take into account the human in the loop (yet). Does integrating human feedback with
ML solve the problem of adversarial perturbations? This is
a question for future research. While humans may not be
highly susceptible to these specific adversarial samples they
may be susceptible to attacks that exploit gaps and limitations
in human cognition. For example, we are easily fooled by optical illusions and easily fooled by spear phishing emails. Recent work by Elsayed and colleagues have produced a small
set of adversarial examples that fool ML and humans alike
(Elsayed et al., 2018). However, the limitation of their study
is that they restricted exposure time to 70ms followed by a
mask, which inhibits much of the higher-level processing that
is typically available to humans. Moreover, this study did not
explicitly test whether humans would correctly classify the
stimuli when the decision space was much greater. Such attacks that fool both ML and humans alike can have more severe repercussions. Hence it is critical to study the effect of
adversarial algorithms on both ML and humans.
Much work still needs to be done in studying the interaction between human and machine intelligence. Our current
work is limited to simple, black and white images, in a domain where we all have significant knowledge of the stimuli (i.e., hand-written numbers). We know, however, that
adversarial attacks are considerably more difficult to conduct in practice. Images are more naturalistic (color, shape,
sizes), distance and movement change the visual view considerably, and information may be presented in different modes
(e.g.vision, voice). Furthermore, context information is available in practice. Although current AML research is only in its
infancy, the speed at which this is advancing suggests that we
need to try to keep pace with malicious applications of this
technology in order to understand how to protect our systems
from possible attacks. As we continue to progress toward the
future, it is safe to assume that the ML models, for example,
those used in autonomous cars, will become more sophisticated and robust than the ones currently available to protect
against adversaries. Thus, it is important to best understand
the vulnerability of these algorithms as well as how humans
can defend against them, because we have observed that even
the most sophisticated algorithms can be fooled even with
small perturbations. It is equally important to understand the
extent to which humans can be fooled with adversarial samples before we advocate for supervised learning by humans
(Veeramachaneni, Arnaldo, Korrapati, Bassias, & Li, 2016).
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preference within the course of each trial (Diederich & Oswald, 2014). When responses are made under time pressure,
choices made with only partial information may be reversed
when given sufficient time to sample all relevant features
(Lamberts, 1995; Cohen & Nosofsky, 2003). Such feature
sampling may also account for response reversals in associative recognition, as initially context-based retrieval is bolstered by item, and finally associative features over time (Cox
& Criss, 2017).
Less work, however, has focused on capturing how external changes in stimuli affect the decision process. Lamberts
and Freeman (1999) asked participants to categorize items
comprised of several discrete features; on some trials, the entire item was shown, while other trials presented single features in isolation. They found that responses to individual features could be used to predict those made to the entire object,
suggesting that categorization decisions are made, in part, by
integrating information across constituent parts. In another
study, Holmes, Trueblood, and Heathcote (2016) changed the
direction of coherent motion of a cloud of randomly moving
dots, before a left/right motion discrimination response was
made. Using a version of the LBA model with two distinct
rates of processing the authors found evidence that participants noticed the change after a short delay and adjusted their
decision process in light of the new information. Together,
these studies highlight the novel insights provided by dynamically modifying stimuli during the course of an ongoing decision decision.
We present here an alternative dynamic model for object perception and categorization, based on a paradigm that
changes the timing and order of the arrival of features of varying diagnosticity during a single decision. The data modeled
are a subset of a larger experiment (other conditions are reported in Cousineau and Shiffrin (2004) and in Cousineau,
Donkin, and Dumesnil (2015)). The task is one of visual
search for well practiced targets and foils that do not change
roles over 58 sessions of training. Some conditions in the
study presented objects sequentially and others presented features of those objects sequentially. We apply our model to
accuracy and reaction time data for three subjects who provided sufficient data in the feature sequential conditions that
presented a single target or foil for a binary target-foil decision.
The model is an extension of one recently proposed to account for recognition decisions via perceptual sampling of
features during storage and retrieval (Cox & Shiffrin, 2017).
The present model compares the relative evidence in favor of

We report a model for object identification based on an experiment that varies the arrival times of different features of the
objects. A single object, a circle with four spokes extending
in different directions, is presented and must be classified as
either one of four well trained target stimuli, or one of four
well trained foil stimuli. The features (spokes) are presented
either simultaneously or successively at intervals of 16, 33, or
50 ms., with target diagnostic features arriving first or last. All
durations are short enough that the display appears simultaneous. The data show that individual decisions vary with both
timing and diagnosticity. We apply a dynamic model based on
one reported in (Cox & Shiffrin, 2017) for episodic recognition
memory. Our model assumes features are perceived at varying times following presentation, possibly in error. At each
moment the current features are compared to the well learned
memory representations of the eight stimuli, producing a likelihood ratio for target vs foil. A decision is made when the log
likelihood first exceeds a target decision boundary or falls below a foil decision boundary. The model implements a form of
Bayesian optimal decision making given the assumptions concerning feature perception. It predicts the key findings quite
well.
Keywords: response time modeling; dynamic stimuli; visual
search; object recognition; feature sampling

Introduction
The time course and outcome of recognition decisions are
frequently used to inform our understanding of perceptual,
memory, and preference judgments. Many successful models of classification and recognition treat the choice and its
time as the outcome of a dynamic process that samples and
integrates stimulus information over time. For example, the
drift diffusion (Ratcliff & Rouder, 1998) and Linear Ballistic
Accumulator (LBA) (Brown & Heathcote, 2008) models successfully capture response patterns to static stimuli by continually sampling evidence at a constant rate, throughout the
time that a single decision is being made. It is of considerable theoretical interest to explore the way these kinds of decisions vary when stimuli change over the course of a single
trial, but few studies have explored this domain. In this report
we model data from a study that manipulates the timing and
amount of evidence available within each decision trial.
A wealth of existing models have explored how decision
processes vary over time according to the influences of internal factors. For example primacy and recency effects in
perceptual and preference judgments are thought to arise due
to lateral inhibition between response options (Usher & McClelland, 2001) or by applying differential weight to evidence
arriving early versus late during deliberation (Busemeyer
& Townsend, 1993). Shifting attention to consider different aspects of response alternatives can lead to reversals in
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either response, at each moment, derived from matching the
perceptually sampled features against well-learned representations of the eight objects stored in memory. The response
given, and its time, are determined by the point in time at
which the evidence passes one of two decision boundaries.

tending outward from four out of eight potential locations per
object (see Figure 1). There were four ‘target’ objects, and
four ‘foil’ objects. No single feature distinguished targets
from foils, but a particular two features could identify two of
the targets uniquely, and a different set of two features could
identify the other two targets uniquely. Generally, feature
combinations differed in the degree to which they provided
diagnostic evidence concerning a target versus foil decision.

Method
The three participants carried out visual search for 58 sessions
approximately an hour in length, over several weeks. Four
stimuli were defined as ‘targets’, four others were defined as
’foils’ and the stimuli maintained these roles over the course
of the experiment. Following the terminology of (Schneider
& Shiffrin, 1977; Shiffrin & Schneider, 1977) such training
is termed consistent mapping, or CM. Each trial in the conditions we model presented a single stimulus to be classified
as a ‘target’ or ‘foil’. The four features of this test object appeared simultaneously, or sequentially with 16, 33, or 50 ms
between each onset. This timing was chosen because even
the slowest presentation rate was fast enough that the displays appeared simultaneous (albeit a bit ‘flickery’) making
it unlikely that strategies would differ with presentation rate.
Finally, the order of the sequentially presented features varied
in diagnosticity, with the most diagnostic features presented
either first or last (this is described in more detail below).

Procedure
Displays alternated between 1, 2, and 4 objects on any given
trial, but the interest here is in the single object test displays,
which occurred on a random one third of the trials. At each
of the three sequential presentation rates, the order in which
features appeared varied by diagnosticity: for targets the two
diagnostic features appeared either first or last; for foils, only
one of the target-diagnostic features was shown, and it was
either the first or the last to appear. Each trial began with the
presentation of a fixation cursor in the center of the screen for
1000ms, which was followed by the appearance of a featureless circle for 500ms in the location of the subsequent test object. The features were then added one-by-one and remained
visible until the subject made a response.

Results

Participants

The results of the experiment are broken down by accuracy
and median response time in Figures 2 and 3. Of primary
interest are the patterns of results when using sequential presentation of features, when compared to the simultaneous presentation condition (the data shown as grey squares).

The three participants gave informed consent in accord with
the Indiana University IRB. Monetary compensation was provided, and the participants were instructed to respond as
quickly as possible without exceeding 5% error rate.

Accuracy
When a target object was shown, accuracy stayed near ceiling
if early-arriving features were strongly diagnostic of targets
(diagnostic-first); however, when the first two features were
instead diagnostic of foils, subjects were less likely to identify the object as a target. This pattern was reversed when
the presented object was a foil: if the first feature to appear
was highly-diagnostic of a target, participants tended to report
that it was a target, while a late-appearing target feature did
little to decrease performance1 . Use of a generalized linear,
mixed-effects model showed a significant two-way interaction that indicated that the number of correct responses was
significantly related to the order of target-diagnostic feature
presentation (first versus last) and the identity of the object
(target versus foil), F(1,2148) = 138.600, p < .0012 .
The amount of delay between features played a role only
when early features provided deleterious information, as the
presence of early, useful information did little to improve the
already near-ceiling performance. This was revealed via a 3way interaction of including delay, object identity, and feature

Figure 1: (a) Stimuli used throughout the course of the experiment were drawn from this set of eight objects, which
were consistently mapped (CM) to either the “Target” or
“Foil” category. (b) Each object was formed with four features (spokes) extending radially from a central black circle.
Target-diagnostic features are highlighted; these pairs of objects only ever appeared, together, on items in the “Target”
category.

1 Note that foil objects only included one target-diagnostic feature.
2 Binomial (link = logit) model, fit using MATLAB function, fitglme with Fixed Effects for Order (First, Last), ISI (16, 33, 50ms)
and Object Identity (Target, Foil), and Random Effects for Subject.

Stimuli
A set of 8 novel objects was employed throughout the experiment. Stimuli were black circles with lines (spokes) ex-
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Figure 2: Mean accuracy data (shapes) and qualitative model fits (lines) for subjects (S1-S3) separated into ‘Hits’ (respond
“Target” to targets; top row) ‘and Correct Rejections’ (respond “Foil” to foils; bottom row). Accuracy in the simultaneous
condition is shown for reference (grey square), and each of the delay conditions is presented in the colored shapes (dark-tolight: 16ms, 33ms, 50ms). Target-diagnostic features appeared were the first (triangles) or last (circles) to appear.
order, F(2,2148) = 3.4716, p < .05. These results suggest that
subjects began to accumulate evidence towards a decision before all of the features were presented, and that later-arriving
features did not entirely mitigate this effect.

these patterns suggest that the decision process operated continuously as features were sampled, and that early-arriving
features tended to bias the eventual response. We therefore
turn to a dynamic process model to account for both response
times and accuracy as they vary with timing and order of appearance of diagnostic features.

Response Times
Median response times were analyzed using a similar generalized linear mixed-effects model. Overall, response times
were slowed when the features arrived sequentially. This
makes sense, given that the amount of information available
to the decision process was limited by the number of available features; this was supported by a significant main effect
of ISI, F(2,2148) = 42.015, p < .001. The order of feature
appearance was also important: response times were faster
when early-arriving features aligned with the eventual object identity. For example, target-diagnostic features arriving
first on a target object led to faster “target” responses than
when these crucial features were the last to appear. Again,
this pattern was reversed for foil objects. The 2-way interaction between stimulus and order was significant, F(1,2148) =
36.982, p < .001.
It is difficult to draw strong conclusions from the accuracy and response time data when analyzed separately, but

The Model
The proposed model is based on one proposed to account for
accuracy and response data in episodic recognition memory
and reported in (Cox & Shiffrin, 2017). The model captures
variability in response times and response proportions via
a feature-sampling process that unfolds stochastically over
time: as time passes following presentation of the test stimulus, the subject extracts features, which are entered into a
probe and used to search long-term memory. At each moment this comparison yields a relative likelihood that the test
stimulus matches objects from ‘target’ and ‘’foil’ categories.
A response is generated when the relative likelihood exceeds
a “target” response criterion or drops below a “foil” response
criterion. A key to the model’s predictions is the differential
arrival times of different feature types into the probe.
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Figure 3: Median empirical (shapes) and predicted (lines) response times for correct responses made to Targets (top row) and
Foils (bottom row). Responses were longer when the amount of delay between features was increased (timing conditions: 16,
33, or 50ms). When informative information appeared early (Targets, diagnostic-first; Foils, diagnostic-last), responses were
faster than when this information was withheld until later in the trial. Error bars show the 25th and 75th quantile of the response
time distributions.

Feature Sampling

The diffusion process operates by integrating perceptual
information about the stimulus over time. When a feature
is absent, the mean rate of accumulation is controlled by the
mean drift rate, µAbsent ; similarly, when a feature is added to
the display, the rate of accumulation switches to a different
rate, µPresent . Unlike the standard diffusion process, which
terminates as soon as the evidence crosses a decision threshold, we utilize non-absorbing boundaries, which allows the
process to continue monitoring for changes in the visible features. A delayed feature that is identified as “Absent” early in
the trial can therefore be recognized as “Present,” with sufficient information. The parameter that controls how much evidence is needed to move out of the “Unknown” state is governed by a parameter θ, which is a proportion of the total distance from the starting point of the process (assumed to be 0)
to either non-absorbing boundary: smaller values correspond
to more conservative identification. Regardless of timing of
presentation, different features are perceived independently;
the joint probability of any combination of ‘Present/Absent’
judgments, φ(t), is the product of the individual probabilities.

The present model treats stimuli as comprised of discrete features, assumed to be the eight spokes of the stimuli. The features are not perceived immediately upon presentation, but
are sampled probabilistically over time. Note that both the
presence and absence of features provide information about
the identity of the object: the presence of single diagnostic
feature merely suggests a “Target” response. When paired
with a second diagnostic feature, the two provide definitive
evidence; the absence of this second feature conversely identifies the item as a foil. At each moment, the current belief
about each feature is in one of three possible states: ‘Present’,
‘Absent’, or ‘Unknown’. Each of the 8 features begins in the
‘Unknown’ state, and beliefs are updated via the accumulation of noisy perceptual evidence, modeled using a diffusion
process (Ratcliff & Rouder, 1998), approximated via the matrix method given in Diederich and Busemeyer (2003). This
feature sampling process is notably different than that proposed by Lamberts (1995), which assumes features are absent
until sampled; our ternary framing is necessary when missing
features actively contribute to the decision.
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Memory Retrieval

the boundary: Pr(r = R) = Φ(BR , µ(t), σ(t)). Because feature sampling is independent across time, the Gaussians representing the distribution of evidence over time are also independent; the probability of first-passage time is thus given
by the probability of having not yet crossed either boundary
by time, t, times the immediate probability of crossing. The
duration of the decision process is then added to a residual
non-decision component, which is estimated separately for
Target and Foil responses, allowing for e.g. greater response
inhibition for Foils (NDTT , NDTF ).

At each moment in time the currently beliefs about the features, φ(t), are compared to the well-learned object representations stored in long-term memory. The probability that
the presented object is a “target” is given by dividing the
number of matching traces from the target class by the total
number of retrieved items from either class, each count being augmented by a small constant to add some noise to the
+ε
comparison process. Pr(Target|φ) = nTnT
+nF+ε . This framing highlights the role of feature diagnosticity; if a pair of
target-diagnostic features have been perceived and sampled
into φ(t), only traces from the target class will be retrieved
from long-term memory, the small amount of noise excepted
nT
= 1.
and thus Pr(Target|φ) = nT

Model Fitting
There are three parameters associated with this perceptual
feature sampling process: the two drift rates (µPresent , µAbsent ),
and the proportion of the decision space that corresponds to
being in the ‘Unknown’ state (determined by θ). The decision process yielded an additional four parameters, the initial
starting bias (b), the distance to the response boundaries (A),
and the two non-decision components (NDTT , NDTF ).
In spite of the relatively small number of parameters in
the model, we were able to produce a high degree of match
between the empirical data across three subjects providing
somewhat heterogeneous data. Bayesian posterior estimates
for the parameters were found using Differential Evolution
(Turner & Sederberg, 2012). We fit, jointly, the response proportions and the complete response time distributions for correct responses, but only the response proportions for incorrect
choices, as there were insufficient trials to estimate the shape
of the response time distribution. Table 1 shows the priors for
each parameter, as well as the posterior mode for each subject
(across the columns).
The model successfully captured the patterns of all three
subjects, with the minor exception of predicting too-few Correct Rejections for Subject 3. The parameters associated
with feature sampling show the expected result, namely that
visible features provide more evidence for a feature being
‘Present’ than when they were not yet visible in the display (µPresent > µAbsent ). For subject 1, missing features provided evidence against its being in the stimulus, as expected;
however, for subjects 2 and 3, missing features provided
weak, positive evidence, though this was offset by requiring
more evidence before deciding whether a feature was present
(smaller θ values). One possible interpretation is that this
‘head-start’ allows for more rapid detection of new features
when added to the display, which was consistent with their
overall faster responding.
For all participants, the non-decision component associated
with “Target” responses was lower than for “Foil” responses,
which is justified within the context of the visual search task
from which these conditions were drawn, in that rejecting a
display and indicating that a target was “Absent” likely requires greater evidence than finding a target and responding
“Present.”

Decision
In this framing, evidence is grounded in relative, rather than
absolute terms (Cox & Shiffrin, 2012), and can be tracked
using a log-likelihood ratio. Two decision boundaries are established such that decisions occur when the log-likelihood
favoring one of the responses first crosses one of the boundaries. We generate a log-likelihood for each collection of features, which expresses the relative evidence in favor of the
current object being a target versus a foil:
"
#
Pr(Target|φ)
βTarget (φ) = log
(1)
Pr(Foil|φ)
These log-likelihoods do not depend directly on time, only
on the collection of features in short-term memory, φ, which
changes as time passes. In order to find the distribution of
evidence over time, βTarget (t) we compute a weighted sum
of log-likelihoods from each collection, according to the corresponding probability of having each such collection at that
time. We utilize the method presented in Cox and Shiffrin
(2017), to approximate this distribution as Gaussian, with
mean and variance given by3 :
µ(t) = log(β)Pr(φ,t)

(2)

σ(t) = log(β)T Σ(t)log(β)

(3)

Responses are generated when the log-odds sufficiently favor one result, which is instantiated by tracking the process
until it crosses one of two response boundaries. The two
boundaries, are estimated to lie at a distance (A/2) away from
the starting point (b), and correspond to target and foil responses (BTarget , BFoil ). Computing the probability of crossing either boundary at time, t, is easily accomplished using
the standard normal cumulative density function, evaluated at
3 The approximation utilizes the fact that the distribution over
feature combinations, φ(t) is a multinomial distribution that must
sum to 1. Multiplying by a weight vector (here, the βs for each
state), projects the distribution onto a univariate subspace of familiarity, which is approximately normal for large N.
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Name
µPresent
µAbsent
θ
b
A
NDTT
NDTF

Prior Distribution
∼ N(0, 5)
∼ N(0, 5)
∼ U(0, 0.5)
∼ U(0, 0.5)
∼ N(20, 10)
∼ U(0, 300)
∼ U(0, 300)

Posterior Mode
1.96
3.22 3.76
-0.82 0.77 0.99
0.3
0.08 0.04
0.51
0.52 0.52
10.3 10.05 9.98
123
3
40
187
44
58
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Table 1: Prior distributions and posterior modes (columns
corresponding to individual subjects) of model parameters.

Discussion
Aside from technical details the model we employ is conceptually simple and coherent: features are sampled and accumulate as time passes. At each moment the collection of current
features is matched to the well learned set of eight stimuli.
The matching process produces a likelihood that the current
collection matches one of the targets versus one of the foils.
When this likelihood exceeds a target boundary or falls below
a foil boundary a corresponding response is made.
It is clear from the data that a model like this is needed,
because the timing and diagnosticity of features changes the
pattern of results, for both accuracy and response time. We
plan to pursue comparisons of our proposed model with existing approaches aimed at similar problems, such as EGCMVS (Guest et al., 2017) and EBRW-PE (Cohen & Nosofsky,
2003), as well as extending the model to the conditions in
which objects but not features arrive sequentially.

References
Brown, S. D., & Heathcote, A. (2008). The simplest complete model of choice response time: Linear ballistic accumulation. Cognitive Psychology, 57(3), 153–178. doi:
10.1016/j.cogpsych.2007.12.002
Busemeyer, J. R., & Townsend, J. T. (1993). Decision field
theory: A dynamic-cognitive approach to decision making in an uncertain environment. Psychological Review,
100(3), 432–459. doi: 10.1037/0033-295X.100.3.432
Cohen, A. L., & Nosofsky, R. M. (2003). An extension
of the exemplar-based random-walk model to separabledimension stimuli. Journal of Mathematical Psychology,
47(2), 150–165. doi: 10.1016/S0022-2496(02)00031-7
Cousineau, D., Donkin, C., & Dumesnil, E. (2015). Unitization of features following extended training in a visual
search task. Cognitive Modeling in Perception and Memory: a Festschrift for Richard M. Shiffrin, 3–15.
Cousineau, D., & Shiffrin, R. M. (2004). Termination of a
visual search with large display size effects. Spatial Vision,
17(4-5), 327–352.
doi: 10.1163/1568568041920104
Cox, G. E., & Criss, A. H. (2017). Parallel interactive
retrieval of item and associative information from event
memory. Cognitive Psychology, 97, 31–61.
doi: 10.1016/j.cogpsych.2017.05.004

462

Emerging abstractions: Lexical conventions are shaped by communicative context
Robert X.D. Hawkins 1 , Michael Franke2 , Kenny Smith3 , Noah D. Goodman1
1 Department

of Psychology, Stanford University ({rxdh,ngoodman}@stanford.edu)
of Linguistics, University of Tübingen (mchfranke@gmail.com)
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Abstract

cause there are fewer occasions that require distinguishing between the two (Regier, Carstensen, & Kemp, 2016).
Still, there are several limitations to the current evidence
for this hypothesis. First, much of the relevant evidence is observational, aggregated at the level of overall language statistics, not by directly manipulating the contextual conditions
of individual language users. Second, previous experimental studies have largely focused on the functional outcomes
of an iterated learning process, but have not grounded the results of this process in a cognitive, mechanistic account of
lexical adaptation and convention-formation among individual agents. Finally, the phenomenon of reference taxonomies
poses a further theoretical challenge: why do languages have
hierarchies of terms instead of flatly partitioning the space
into category labels as previous work has assumed?
While globally shared conventions of a language are
shaped over the multi-generational timescales of cultural evolution, contextual pressures operate on the shorter timescales
of dyadic interaction. In a matter of minutes, communication partners coordinate on efficient but informative local conventions, or conceptual pacts, for the task at hand (Clark &
Wilkes-Gibbs, 1986; Hawkins, Frank, & Goodman, 2017).
To understand how languages are globally shaped by communicative constraints, it may therefore be valuable to understand the local conventions rapidly formed by adaptive agents
over extended interactions.
Under the logic of a local efficiency/informativity tradeoff, we make two predictions about the emergence of abstractions in dyads. First, we expect that communicative pressures
for informativity should lead to the lexicalization of specific
names when fine distinctions must be drawn. Second, abstractions should become lexicalized precisely when the relevant distinctions are at coarser levels of the conceptual hierarchy. For example, we are often called upon to make fine
distinctions between people in our social circles, hence lexicalizing efficient names for each individual; when referring
to green beans or paper towels, however, we can get away
without such specific terms – we are rarely called upon to
disambiguate between entities.
Here, we develop an experimental paradigm and analytic
approach to examine the causal factors driving the emergence
of lexical conventions in real-time. We manipulated context
in a repeated reference game where pairs of participants interactively coordinated on an artificial language from scratch.
Even though a complete communication system containing
a distinct word for each object is feasible and sufficient for
all contexts, we find that abstractions begin to emerge when
fine-grained distinctions are not necessary.

Words exist for referring at many levels of specificity: from
the broadest (thing) to the most specific (Fido). What drives
the emergence of these taxonomies of reference? Recent computational theories of language evolution suggest that communicative demands of the environment may play a deciding role.
Here, we investigate local pragmatic mechanisms of lexical
adaptation that may undergird global emergence by manipulating context in a repeated reference game where pairs of participants interactively coordinate on an artificial communication
system. We hypothesize that pairs should converge on specific
names (e.g. Fido) when the context requires frequently making fine distinctions between entities; conversely, they should
converge on a more compressed system of conventions for abstract categories (e.g. dog) in coarser contexts, even if a finer
mapping would be sufficient. We show differences in the levels of abstraction that emerged in different environments and
introduce a statistical approach to probe the dynamics of emergence.
Keywords: conventions; pragmatics; communication; interaction

Introduction
Natural languages provide speakers with remarkable flexibility in the labels they may use to refer to things (Brown, 1958).
On top of an abundance of expressions made available by
syntactic combination and semantic compositionality (Partee,
1995), we have a number of overlapping and nested terms in
our lexicon. Fido, Dalmatian, dog, and animal can all reasonably be used to talk about the same entity at different levels
of abstraction. How these overlapping meanings are learned,
and why speakers choose different levels of specificity in
different contexts, is increasingly well-understood (e.g. Xu
& Tenenbaum, 2007; Graf, Degen, Hawkins, & Goodman,
2016) but there remains a more fundamental question about
the structure of our lexicon: why and how do different levels
of abstraction become lexicalized in the first place?
One functional answer is suggested by recent computational approaches to language evolution, which have argued
that the lexical conventions of languages balance simplicity,
or learnability, with the communicative needs of their users.
This optimal expressivity hypothesis accounts well for the
lexical distributions found in natural languages across semantic domains like color words and kinship categories (Regier,
Kemp, & Kay, 2015; Gibson et al., 2017), as well as the compositional systems that emerge under iterated learning with
communication in the lab (Winters, Kirby, & Smith, 2014;
Kirby, Tamariz, Cornish, & Smith, 2015). A key prediction
is that the lexicon of a group should be sensitive to the pragmatic demands of their environment. For example, languages
in warm regions ought to be more likely to collapse the distinction between ice and snow into a single word, simply be-
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Figure 1: (A) Example of fine context where one of the distractors belongs to the same fine-grained branch of the hierarchy as
the target (i.e. another striped circle), so any abstract label would be insufficient to disambiguate them. The target is highlighted
for the speaker with a black square. (B) Drag-and-drop chat box interface. (C) Hierarchical organization of stimuli.

Experiment: Repeated reference game

low the potential for full expressibility) were randomly generated for each pair (and held constant across trials) by stringing
together consonant-vowel pairs into pronounceable 2-syllable
words (see Fig. 1B).
Critically, we manipulated the statistics of the context in
a between-subjects design to test the effect of communicative relevance on lexicalization. In the pure fine and coarse
conditions, all targets appeared in fine or coarse contexts,
respectively; in the mixed condition, the two context types
were equally likelySequences of trials were constructed by
randomly shuffling targets and trial types within blocks and
ensuring no target appeared more than once in a row.
In addition to behavioral responses collected over the
course of the game, we designed a post-test to explicitly probe
players’ final lexica. For all sixteen words, we asked players
to select all objects that a word can refer to (if any), and for
each object, we asked players to select all words that can refer to it (if any). Using a bidirectional measure allows us to
check the internal validity of the lexica reported.

Participants We recruited 278 participants from Amazon
Mechanical Turk to play an interactive, multi-player game using the framework described in Hawkins (2015). Pairs were
randomly assigned to one of three different conditions, yielding between n = 36 and n = 53 dyads per condition, after
excluding participants who disconnected before completion.1
Procedure & Stimuli Participants were paired over the
web and placed in a shared environment containing an array of objects (Fig. 1A) and a ‘chatbox’ to send messages
from a randomly generated vocabulary (Fig. 1B). On each of
96 trials, one player (the ‘speaker’) was privately shown a
highlighted target object and allowed to send a single word
to communicate the identity of this object to their partner (the
‘listener’), who subsequently made a selection from the array.
Players were given full feedback, swapped roles each trial,
and both received bonus payment for each correct response.
The objects that served as referents were designed to cluster in a fixed three-level hierarchy with shape at the topmost level, color/texture at the intermediate levels, and frequency/intensity at the finest levels (see Fig. 1C). Each communicative context contained four objects. Distractors could
differ from the target at various level of the hierarchy, creating different types of contexts defined by the finest distinction
that had to be drawn. We focus on two: fine trials, where the
closest distractor belongs to the same fine-grained subordinate category (e.g. another striped circle; see Fig. 1A), and
coarse trials, where the closest distractor belongs to a coarser
level of the conceptual hierarchy (e.g. dotted circle instead of
striped circle).2 Fixed arrays of 16 utterances (enough to al-

Results
Partners successfully learn to communicate Although
participants in all conditions began with no common basis for
label meanings, performing near chance on the first trial (proportion correct = 0.19, 95% CI = [0.13, 0.27]), most pairs
were nonetheless able to coordinate on a successful communication system over repeated interaction (see Fig. 2). A
mixed-effects logistic regression on listener responses with
trial number as a fixed effect, and including by-pair random
slopes and intercepts, showed a significant improvement in
accuracy overall, z = 14.4, p < 0.001. Accuracy also differed
significantly across conditions (Fig. 2): adding an additional
main effect of condition to our logistic model provided a significantly better fit, χ2 (2) = 10.8, p = 0.004. Qualitatively,
the coarse condition was easiest for participants, the fine condition was hardest, and the mixed condition was roughly in

1 All materials and data are available at https://github.com/
hawkrobe/conventionalizing hierarchies; planned sample
sizes, exclusion criteria, and behavioral analysis plan were preregistered at https://osf.io/2hkjc/.
2 Even coarser trials with super-ordinate distractors (e.g. a circle
target among three square distractors) were logically possible but
would have introduced several experimental confounds; we opted to
leave these trial types out of our design and conduct the minimal

manipulation.
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Contextual pressures shape the lexicon We predicted that
in contexts regularly requiring speakers to make fine distinctions among objects at subordinate levels of the hierarchy,
we would find lexicalization of specific terms for each object
(indeed, a one-to-one mapping may be the most obvious solution in a task with only 8 objects). Conversely, when no such
distinctions were required, we expected participants to adaptively lexicalize more abstract terms. One coarse signature of
this prediction lies in the efficiency of the resulting lexicon:
lexicalizing abstract terms should require participants to use
fewer terms overall.
To test this prediction, we counted the number of words in
each participant’s reported lexicon (i.e. the words for which
they marked at least one object in the post-test). We found
that participants in the coarse condition reported significantly
smaller, more efficient lexica (m = 4.9 words) than participants in the mixed and fine conditions (m = 7.4,t = 10.3, p <
0.001 and m = 7.6,t = 9.5, p < 0.001, respectively; see Fig.
3A). At the same time, the smaller lexicon provided equivalent coverage of objects: the median number of objects where
participants agreed on the same word or words was 7, 6.5, and
7, respectively.
If participants in the coarse condition can get away with
fewer words in their lexicon, what are the meanings of the
words they do have? We counted the numbers of ‘specific’
terms (e.g. words that refer to only one object) and ‘abstract’
terms (e.g. words that refer to two objects) in the post-test. We
found that the likelihood of lexicalizing abstractions differed
systematically across conditions (see Fig. 3A). Participants in
the fine condition reported lexica containing exclusively specific terms, while participants in the coarse condition reported
significantly more abstract terms (m = 2.5, p < 0.001).
These data also reveal an interesting asymmetry in lexicon content across conditions: while abstractions are entirely
absent from the fine condition, participants in the other conditions often reported a mixture of terms (see Fig. 3B). In the
coarse condition, for instance, participants could in principle
perform optimally with only four abstract terms and no specific terms. While this was the modal system that emerged
(reported in the post-test by nearly 1/3 of participants), the
average proportion of abstract (vs. specific) terms within each
participant’s lexicon in the coarse condition (m = 0.56) was
significantly higher than in the other conditions (p < 0.001,
exploratory).

coarse
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Figure 2: Players learn to coordinate on a successful communication system. Each point is the mean proportion of correct
responses by listeners; curves are nonparametric fits.
between. Finally, the (log) response time taken by the speaker
to choose an utterance also decreased significantly over the
course of the game, t = −19.7, p < 0.001, indicating that lexical mappings became increasingly established or accessible.
Partners converge on similar lexica Another indicator of
successful learning is convergence or alignment of lexica
across partners in a dyad. Before using post-test responses
to compute similarity across partners, however, we examine the internal consistency within an individual’s post-test
responses. For each participant, we counted the number of
mismatches between the two directions of the lexicon question (e.g. if they clicked the word ‘mawa’ when we showed
them one of the blue squares, but failed to click that same
blue square when we showed ‘mawa’). In general, participants were quite consistent: out of 128 cells in the lexicon
matrix (16 words × 8 objects), the median number of mismatches was 2 (98% agreement), though the distribution has
a long tail (mean = 7.3). We therefore conservatively take a
participant’s final lexicon to be the intersection of their wordto-object and object-to-word responses.
Using these estimates of each participant’s lexicon, we
compute the overlap between partners. For most pairs, partners aligned strongly by the end, with a median post-test overlap of 97.6% (125 out of 128 entries). Because these matrices were extremely sparse, however, just a a few mismatches
could have a large impact on performance. Overall accuracy
in the game is strongly correlated with alignment: partners
who reported more similar lexica at the end tended to perform better at the task (r = 0.77).

Model-based Analysis
Our post-test provides some insight into the end-result of lexicalization under different communicative contexts, but understanding the dynamics of lexicalization requires a more
detailed analysis of behavioral trajectories. How do lexica
shift and develop over the course of interaction?
In this section, we present a statistical model of this progression. We assume that on any given trial, speakers and
listeners are rationally producing and interpreting utterances
given some internal lexicon, and we use a Bayesian statis-

Despite these markers of success at the group level, individual performance was bimodal: a subpopulation of 29
games (11% of coarse games, 18% of mixed, and 39% of
fine) still showed relatively poor performance, sometimes at
chance, by the end of the game. For the subsequent analyses
focusing on the content of the lexicon, we exclude games with
fourth-quartile accuracy below the pre-registered criterion of
75% to ensure we are examining only successful lexica.
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Figure 3: Pragmatic demands of context shape the formation of abstractions. (A) Mean number of words participants reported
with specific meanings (applying to 1 object) or abstract meanings (applying to 2 objects). (B) Diversity of terms within
reported lexica: many participants in the coarse condition reported a mixture of abstract and specific terms.
tical model to infer their lexicon from their behavior. First,
this analysis validates our post-test measures of lexical meaning against actual behavioral usage — if participant reports
are internally consistent, the model’s posterior near the end
of the game should predict their post-test responses. Second,
we can examine the time-course of lexical emergence by inspecting lexica inferred from early behavior in the game.

we sample lexical entries from independent Gaussian priors:
`ko,w ∼ N (0, 5)
This prior is intended to regularize lexicon entries to be relatively close to 0, inducing a bias toward sparsity.
We approximate the posterior of this model separately
for each pair using mean-field variational inference, implemented in the probabilistic programming language WebPPL
(Goodman & Stuhlmüller, electronic; Ritchie, Horsfall, &
Goodman, 2016). The approximating family for each random variable is Gaussian. We approximate the joint posterior
over all lexical entries used in each epoch by each participant.

Generative model
We begin with a generative model of how agents use their
underlying lexicon to produce and interpret language. This
model provides a linking function assigning a likelihood to
the speaker utterances and listener choices we observe on
each trial, given any latent lexicon. We adopt the probabilistic Rational Speech Act (RSA) framework, which has been
successful in recent years at capturing a broad array of pragmatic phenomena in language use (Goodman & Frank, 2016;
Franke & Jäger, 2016). This framework captures the Gricean
assumption of cooperativity: a pragmatic speaker S1 attempts
to be informative in context while a pragmatic listener L1 inverts their model of the speaker to infer the intended target.
The chain of recursive social reasoning grounds out in a literal listener L0 , which directly soft-maximizes its lexicon,
L t (w, o), to interpret a given utterance. This model can be
formally specified as follows:

Validating post-test responses
We begin by showing that the lexical entries we infer for each
participant accurately predict their post-test responses. We
constructed a logistic classifier from our posterior on each
epoch: for each object-word pair (o, w) in the post-test response matrix, we computed the marginal posterior probability P(`o,w > 0.5|θo,w ), where θo,w are the corresponding
variational parameters (i.e. the mean and variance of the approximating Gaussian). This gives the posterior probability
that word w applies to object o. We evaluated the performance of this classifier by constructing an ROC curve that
shows the tradeoff between hits and false alarms as the discrimination criterion is varied. We found that the classifier
based on the final epoch predicts post-test responses with excellent accuracy (AUC: 0.98; see Fig. 4A). This indicates that
the post-test lexicon is indeed linked to behavior as predicted
by RSA, validating both the post-test measure and the results
of our Bayesian analysis.
Furthermore, we found that the corresponding posterior
predictives from earlier epochs predicted final post-test responses less well, even though they were learned from the
same number and type of behavioral observations (Fig. 4A).
Still, even the classifier based on the earliest epoch performs
above chance, indicating that some information about the final lexicon is available from the earliest trials. These patterns
are suggestive of a path-dependent process where the lexicon
gradually coalesces from initially arbitrary associations over

L0 (oi |w, L t ) ∝ exp{L t (w, oi )}
S1 (w|oi , L t ) ∝ exp{ln L0 (oi |w, L t )}
L1 (oi |w, L t ) ∝ S1 (w|oi , L t )P(oi )
where oi is a chosen object and w an uttered word.
We use these pragmatic speaker and listener likelihood
functions to link latent lexica, represented as a matrix of real
values `tw,o ∈ R, to behavior. This allows us to then use
Bayesian inference to back out each participant’s effective
lexicon from their trial-by-trial behavior. Because each trial
has only a single choice for each player, we pool statistics
within k epochs of the data (we choose k = 6 such that each
target appears exactly twice in each epoch). For each epoch,
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Figure 4: Model-based results. (A) A logistic classifier based on inferred lexical entries accurately predicts post-test responses.
(B) Entropy of posterior word extensions show coalescence across epochs for each condition. (C) Mean change in entropy at
the word level from trial to trial (error bars are ±1 SE)
zero), indicating that meanings gradually stabilized. There
are also differences across conditions: words in the mixed
and fine condition began with high entropy reduction (becoming more specific) which continued through the final epochs,
while words in the coarse condition actually seemed to increase in entropy across the game on average.
These preliminary results, then, may reflect a combination
of narrowing and broadening depending on condition. Unknown words can initially refer to any of the objects and only
acquire more informative meanings as agents learn through
interaction. Yet in the coarse condition where agents are
quick to adopt meanings, the rest of the game may be spent
paring down the lexicon instead.

the course of interaction. We next turn to the earliest stages
of this process.

Examining early time course
One advantage of the statistical approach we develop here is
the ability to make descriptive inferences about the meanings
being used in settings where we don’t ask participants for explicit judgements—in particular, in early trials of our games.
Our primary measure of interest is the entropy of the extension of words over the eight objects. The entropy of a
particular word is near zero when its meaning is peaked on a
single object, and is maximized when could apply equally to
all objects (e.g. for a novel word that has not yet been used).
We expect abstract terms to lie in between these extremes. We
obtain the extension distribution for each word by running it
through our L0 model, essentially asking how likely it is to
refer to each of the eight objects.3 We use the MAP estimate
of the lexicon. The resulting distribution of estimated word
entropies, aggregated for each epoch and condition, is shown
in Fig. 4B. Abstract terms begin to form early (epoch 2) in
the coarse condition, and remain stable throughout the game.
In contrast, specific terms are relatively slow-forming (epoch
4-5) in the other two conditions. The peak near an entropy of
3 reflects the inferred ambiguity of words that were not used
or used randomly.
Because these distributions are aggregated across words,
however, they leave open the possibility that lexica are not
stabilizing or coalescing but simply cycling through different
words each epoch. We address these dynamics more thoroughly at the word level by computing the difference in each
word’s entropy from epoch to epoch (Fig. 4C). For all conditions, we found that the entropy of individual words changed
less over later epochs (i.e. the difference scores approached

Discussion
How and why do abstractions emerge in local interactions?
We hypothesized that although communicative contexts requiring fine distinctions would favor one-to-one object-word
mappings, pressures for efficiency would allow abstractions
to emerge in coarser contexts. By manipulating context statistics in a real-time experiment, we found evidence for these
pragmatic influences on interactive convention formation.
Our results may help to illuminate the relationship between
our concepts and words, which are often treated interchangeably. While our mental taxonomies are adaptive to the natural
perceptual structure of the world (Mervis & Rosch, 1981) it
is far from inevitable that all levels of these conceptual hierarchies become conventionalized as lexical items. There are
many perfectly natural concepts that are not represented by
distinct words in the English language: for instance, we do
not have words for each tree in our yards, or for ad-hoc concepts (Barsalou, 1983). Indeed, English speakers are often
fascinated by foreign words like the Danish “hygge” (a specific notion of coziness) or Scottish “tartle” (hesitating when
introducing someone because you’ve forgotten their name)
that are difficult to express in English. Our results highlight
communicative needs to distinguish, in context, as a force be-

3 Using

L0 , rather than L1 or L , gives us a notion of word extension that is close to the underlying lexicon while influenced by nonidentifiability of parameters. For instance, L has an overall scaling
per row that doesn’t influence behavior.
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Designing a Pedagogical Conversational
Agent(PCA) for learner-learner collaboration

Abstract
This study focuses on collaborative learning involving a
knowledge integration activity, whereby learner dyads explain
each other’s expert knowledge. It was hypothesized that learning gain can be determined by the degree to which learners synchronize their gaze (gaze recurrence) and use overlapping language (information overlap) during their interaction.
Thirty-four learners participated in a laboratory-based eyetracking experiment, wherein learners’ gazes and oral dialogs
were analyzed. Multiple regression analysis was conducted,
wherein learning performance was regressed on the two independent variables. Then, a simulation was conducted to view
how the model predicts performance based on the collaborative process. The results showed that both gaze recurrence and
lexical overlap significantly predicted learning performance in
the current task. Furthermore, the suggested model successfully predicted learning performance in the simulation. These
results indicate that the two variables might be useful for developing detection modules that enable a better understanding
of learner-learner collaborative learning.

In the past several decades, numerous studies have been conducted with the aim of developing learning support systems
in the field of intelligent tutoring systems (Koedinger, Anderson, Hadley, & Mark, 1997; Leelawong & Biswas, 2008).
These investigations have illuminated how tutoring systems
can be used to facilitate cognitive processes such as selfexplanations (Aleven & Koedinger, 2002) and self-regulated
learning (Graesser & McNamara, 2010). Some studies have
examined how efficiently cognitive tutors can facilitate learning (Koedinger & Aleven, 2007) and investigations involving practical use of these systems have determine the types
of knowledge that these systems best support (Koedinger,
Booth, & Klahr, 2013).

Keywords: Collaborative Learning; Pedagogical Conversational Agent; Information Overlap; Gaze Recurrence

Introduction
Inspired by the social-constructive approach by Vygotsky
(1980), numerous studies in the fields of cognitive science
and learning science have investigated the mechanisms of
how learners gain knowledge through social interactions with
collaborative partners. In those studies, “knowledge integration” through constructive interactions, especially with partners who have different knowledge, provides opportunities
for individuals to explain to others while reflectively considering their own perspectives (Aronson & Patnoe, 1997). Studies have pointed out that such learning helps in externalizing
knowledge (Shirouzu, Miyake, & Masukawa, 2002; Miyake,
1986), facilitates meta-cognition during explanations (Chi,
Leeuw, Chiu, & Lavancher, 1994) and perspective change
(Hayashi, 2018).
Based on this prior literature, I focus on collaborative
learning during a simple knowledge intergeneration task,
wherein learners’ task is to explain certain content to another
learner with a different perspective on the topic. Particularly,
I wanted to experimentally investigate the cognitive process
of this interaction and develop a predictive model of learning performance. The ultimate goal is to apply such a model
to develop automated learning support systems that can detect learners’ activity and facilitate better peer collaborative
learning.

469

Recently, an application called a Pedagogical Conversational Agent (PCA) has been introduced to tutoring systems,
the result of rapid advances in artificial intelligence and network technology (Heidig & Clarebout, 2011). According to
research on the development of such systems, learners can
directly interact with virtual and autonomous tutors though
a computer screen, providing learning prompts and metacognitive suggestions much like human tutors. PCAs have
been demonstrated to be effective in the area of collaborative
problem solving, such as for prompting achievement goals
(Holmes, 2007) and providing periodic initiation opportunities (Kumar & Rose, 2011). A number of studies investigating the influence of PCA functional design have been conducted as well, focusing mainly on knowledge explanation
tasks (Hayashi, 2012, 2014, 2016a, in press).
Despite the emerging body of literature on the design and
development of PCAs for collaborative learning, a number
of problems in this area remain unresolved, particularly the
issue of how to detect learners’ cognitive state and provide
adequate feedback based on it. Investigations based on the
methods used in cognitive science, such as modeling the cognitive states and interactions of collaborative learners, might
be of use for designing efficient intelligent tutoring systems.
Accordingly, the current study modeled the interactive process of learners during collaborative learning, with the aim
of using the results to predict learners’ cognitive states and
incorporating this into PCA for automatic facilitation.

Capturing cognitive interaction using gaze
recurrence and information overlap
Collaborative learning requires a communicative process
such as establishment of a common ground (Clark & WilkesGibbs, 1986), which plays an important role during explanation activities (Miyake, 1986). Taking this into account, I
focus on two particular cognitive processes related to communication: learners’ gaze behavior and language use.
Gaze Recurrence During conversations between speakers,
it is important that the conversing parties refer to the same
spatial referents (Schober, 1993) and use the same syntactic
structures (Branigan, Pickering, Pearson, McLean, & Brown,
2011); it is also often important for them to physically synchronize in terms of gestures (Condon & Ogston, 1971) and
simultaneously refer to the same referents (Richardson &
Dale, 2005). Previous studies, such as (Richardson & Dale,
2005), have suggested that the degree of gaze recurrence between dyads (i.e., speaker-listener) is correlated with collaborative performance such as understanding and establishing
common ground. They investigated how pairs engage in conversation through looking at a shared picture presented on
a computer monitor. The researchers discovered that during these conversations, both speaker and listener physically
gazed at the same area on the monitor. Moreover, using a
technique called “cross recurrence analysis,” they found that
the gaze patterns of the dyad members synchronized over
time. They also showed that the degree of synchronization
correlates with comprehension tests such as memory retrieval
and understanding. Studies on computer-supported collaborative learning (CSCL) involving gaze recurrence and techniques such as real-time mutual gaze perception have shown
that gaze synchronization helps produce better collaborative
learning (Schneider & Pea, 2014). The present study therefore focuses on gaze recurrence as one of the predictors of
learners’ performance because it aids learners in establishing
common ground and making more efficient explanations during a collaborative task.
Information Overlap in Conversation Sociology research
has conceived several basic principles for successful collaboration essentially, speakers should act cooperatively and mutually accept one another to be understood (Grice, 1975). In
conversation, speakers implicitly adopt the same language as
others in order to establish common ground, a process called
lexical entrainment. This helps reduce ambiguity and ensure
maximum clarity of reference between speaker and listener.
The precise ways in which speakers agree on how a referent
is conceptualized are called “conceptual packs” (Brennan &
Clark, 1996). Taken together, these past studies have shown
that to develop successful understanding through interaction,
it is important for speakers to share the same knowledge. In
fact, research has shown that speakers select common words
when they believe that the others to whom they are speaking
share their knowledge. Branigan et al. (2011) used a simple referential naming game, and found that speakers tend
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to try to align with each other even when interacting with a
computer. However, another study investigating information
overlap between speakers revealed that the more information
people share, they less fluently they may communicate (Wu
& Keysar, 2007). In any case, to successfully understand
each other, speakers must exchange information on what they
know and use that same knowledge to communicate. Therefore, in this study, when speakers refer to the same knowledge
during their explanations, I considered them to be taking the
other’s perspective and trying to effectively coordinate with
each other.

Goal and Hypothesis
The goal of this study was to understand the collaborative
learning process of learner-learner dyads in order to automatically detect how successfully learners interact in a knowledge integration task by utilizing a PCA. To this end, I will
focus on two indicators considered important for understanding communication in cognitive science: gaze recurrence and
information overlap. First, I hypothesized that the learning
process during a knowledge explanation task can be captured
by the degree to which learners’ attend to the same physical content (gaze recurrence) and their rate of overlapping
knowledge (information overlap) during conversation. Second, I hypothesized that the efficiency of knowledge explanation (i.e., learning performance) can be predicted by a model
of interaction that includes these two indices. To test these
hypotheses, I conducted an experiment involving a learnerlearner collaborative explanation task and analyzed the collected gaze and verbal data.

Method
Participants and conditions
Thirty-four (female: 15, male: 19, Mage: 20.79, SD: 1.84)
Japanese university students majoring in psychology participated in this study for course credit. This study was conducted only after ethical review and approval from the ethical
review committee of the author’s university.

Procedure
Upon participants’ arrival to the experiment room, the experimenter thanked them for their participation and introduced
them to their partner. The experimenter gave instructions on
the task, which they were told was a scientific explanation
task using technical concepts to explain human mental processes. Before the main task, they began with a free recall
test about the concepts to check if they did not know any of
the concepts that would be referred to in the task. Subsequently, they completed the main explanation task in about
10 minutes. After the main task, they completed another free
recall test. Upon completing the entire experiment, they were
debriefed.

Task
For the task, the dyad had to explain a topic in cognitive
science (e.g., human information processing on language

perception) using two technical concepts (e.g., “top-down
processing” or “bottom-up processing”). As in the jigsaw
method, which is often studied in the field of learning science and is a popular method of knowledge building in classrooms, I set up a situation wherein the learners did not know
each other’s concepts. In other words, the experimenter provided only one of the concepts to each learner. Thus, to be
able to sufficiently explain the topic using the two concepts,
they would have to exchange knowledge by explaining the
concepts to each other.
First, the learners had to explain each concept given to
them to their partner. Information on this concept was provided to each learner before the task began. On starting the
task, they were asked to first read the description and then
explain what it meant to their partner. Learners were free
to ask questions and discuss the concept with their partners.
When one learner had finished explaining the concept, they
switched roles and the other learner explained the given concept. The dyads were also instructed before the task that they
would have to explain each other’s concept so that they could
explain the topic using both technical concepts at the end of
the task.

Experimental System
A redeveloped version of the system designed in a previous
study was used(Hayashi, 2012, 2014, 2016a). Learners sat
in front of a computer display and communicated with each
other orally. The experimental system was developed in the
Java language and worked on an in-house server-client network platform. The two learners’ computers were connected
through a local area network, and task execution was controlled by a program on the server. Our version of the system
also featured a PCA that provided meta-cognitive suggestions
to facilitate their explanations.
During the task, the learners were not able to see each
other and were instructed to look at the computer display
while conversing with their partner. A brief explanation on
the learner’s assigned concept was presented on each screen;
their partner’s concept was covered so that they could not
simply read and proceed individually. Accordingly, I expected that while one partner explained their concept by looking at the related screen area (Learner B), the listener (Learner
A) would look at the same area. Two eye-trackers (Tobii X230) were used to collect gaze data. Furthermore, a microphone was placed next to each learner to record his/her voice
through a two-channel mixer. All these audio data were transcribed manually.
An embodied PCA was presented in the center of the
screen, which physically moved when it spoke. Below the
PCA, there was a text box that showed messages. The experimenter sat aside in the experiment room and manually
signaled the PCA to provide meta-cognitive suggestions. The
timing of the suggestions was based on the following criteria:
(1) whenever there was a gap in conversation, and (2) only
once per minute. Five types of meta-cognitive suggestions
are used, such as reminding learners to achieve the task goal
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(Azevedo & Cromley, 2004) and facilitating metacognition
(Hayashi, 2014).

Masseurs
Performance The results of the pre- and post-task free recall test, wherein participants explained the topic using the
two concepts, were used as the main performance data in this
study. I coded the collected data according to how well the
learners were able to explain their own concept as a result of
successful coordination. The coding system was as follows:
0 = wrong, 1 = naive but correct explanation, 2 = concrete
explanation based on presented materials, and 3 = concrete
explanation based on the presented materials and using examples and metacognitive interpretations. While I also analyzed
the partner’s explanation and the integrated explanation of the
two concepts, these results will be mentioned in a later paper
due to the length restrictions of this one.
(1) Gaze recurrence: Gaze recurrent analysis Gaze synchronization is important for successful communication. In
the current task, the more the learners looked at the same area
on their screen, the more attention they were considered to
pay to each other (joint-attention). This can thus be interpreted as an index of perspective taking during the collaboration process.
Using the gaze data, I investigated the degree that each
learner looked at the same area on the screen. The area
was categorized according to the areas of interest, where the
(1) area 1 = left frame box(self/other concept), (2) area 2 =
right frame box(self/other concept), (3) area 3 = middle frame
box(PCA), and (4) other. I labeled the fixation coordinates
from each participant’s gaze log files from the eye tracking
system corresponding to these areas.
Next, based on Richardson and Dale (2005), learners’ labelled data were analyzed using recurrence analysis, to capture the proportion of fixations at the same location for both
learners in a typical time state. The analysis was conducted
using R. The recurrence of phi observed between the two
time-series (Learners A and B) is calculated for a specific
time k. The phi(k) coefficient increases with the frequency
of matching recurrence at the same time (k; k) and decreases
with the frequency of mismatching. Based on the procedure
used by Richardson and Dale (2005), I adopted a time lag of 3
s. For each pair, I calculated the recurrence during each time
lag, used the maximum value as the representative index for
each learner and for further statistical analysis.
(2) Information overlap: Adopting an epistemic network analysis In the experimental task, learners must explain their own concept and try to understand their partner’s
through conversation. Therefore, the more they use the same
types of words during conversation, the more likely the learners are to be taking their partner’s perspectives to facilitate understanding. To analyze this, I used epistemic network analysis, a method of understanding the relations between coded
data by representing them in a dynamic network. I have pre-

viously used this method to analyze the frequent use of important words during dyadic conversations (Hayashi, 2016b).
The advantage of using epistemic network analysis in conversational analysis is that it can standardize the complexity
of word types and enables comparison of word relations between speakers. For comparison, I calculated the similarity
of word networks among learners and investigated to what
extent they used the same words during the task.
(a) Development of a dictionary database The first stage
of the analysis involved developing a dictionary database
and collecting frequent words used during learners’ conversations. I conducted a morphological analysis using the Rmecab package of R, extracting all nouns used more than twice.
There were a total of 13,565 morphemes. Non-technical
words (e.g., “I”, “you”) were deleted from the list manually.
Next, I developed a dictionary database of the extracted
keywords for each dyad (Learner A and B). The average
number of keywords for each pair was 34.70. An example dictionary was “processing,” “perception,” “knowledge,” “experience,” “instinct,” “top-down,” “bottom-up,”
“language,” “friends,” “relationship,” “information,” “explanation,” “problem,” “objective,” “important,” “occasionally,”
“elements,” “current,” “cognition,” “input,” “event.” Subsequently, I generated a bipartite graph for each learner based
on dictionary database of that pair, and calculated the degree
of knowledge (i.e., word) overlap between the learners in the
network.
(b) Network analysis For each learner, I developed a network based on the bipartite graph (i.e., n key words for X
each learner’s n utterances). Each node represents the lexical
category of a keyword frequently used in each participant’s
explanation. The target of this analysis is to capture this degree of overlap and understand to what extent each dyad used
the same knowledge during the task.
(c) Calculating the knowledge overlap In the next phase,
I calculated the degree of knowledge overlap between the two
networks. For this, I used the matching rate k, where l indicates the number of nodes used in both networks (Learner A
and Learner B) and n stands for all the nodes in the network.
l
(1)
n
The closer the value of k is to 1, the greater the proportion
of the same words used by learners during their conversation.
This calculation was conducted for all pairs and used as an
index of information overlap in the statistical analysis.
k=

Results
Regression analysis of human data
Figure 2 shows the results of the Pearson’s correlation analysis between each learner’s performance (horizontal-axis)
and the two main variables phi and k (vertical-axis). There
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was a significant correlation between performance and gaze
recurrence phi (r=.385, p=.012) and a marginally significant correlation with information overlap k (r=.235, p=.090).
Next, I conducted a multiple regression analysis where learning performance (dependent variable) was regressed on phi
and k (independent variables). The regression coefficient
R2 was .439 and the F-value from an analysis of variance
(ANOVA) was 3.709, indicating significance for both variables (p=.036). Thus, the two independent variables predicted
learning performance(y). The regression equation is shown
below:

Figure 1: Relation between learning performance and each
independent variable and phi and k.

y = −0.071 + (2.235 ∗ phii ) + (5.395 ∗ ki )

(2)

Using this model, I next wanted to see if it was possible
to predict the learning performance of human learners via a
simulation.

Predicting learning performance using suggested
model
Next, using phi and k as parameters, I ran a simulation to
see if the model can predict learning performance. This was
conducted to see how accurately the system would detect
the learning performance if the suggested model was implemented in the current experiment. Figure 2 shows the results
of this simulation.

Discussion
To investigate the first hypothesis, learning process was captured through analysis of gaze recurrence and information
overlap (phi and k). I found that learning performance was
significantly predicted by using these two variables, thus supporting our first hypothesis. These findings suggest that the
predictive regression model could function as a model of the
learning process. However, the correlation between learning
performance and k has rather weak (r=.235, p=.090). It therefore might be necessary to use a better lexical network analysis method, such as natural language processing techniques
(e.g., correspondence analysis).
A weakness of this study relates to the collaborative learning setting, particularly, learners’ lack of gaze awareness of

actual learner’s performance. I discussed how these methods
can be used for developing PCAs that can detect learners’
cognitive interactive behavior and provide adequate facilitation prompts based on an evaluation of the system. This study
might contribute to research on collaborative learning in cognitive science and has methodological implications on the design of PCAs for collaborative learning.
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Abstract

complex-- psychological assumptions about explicit biases in
the judgment or decision process unnecessary.
In this paper we provide a formal characterization and
analysis of the role of noise in intertemporal choice, that is,
choice between payoffs occurring at different points in time.
Our approach is motivated by the recent theoretical claims of
Bhatia and Loomes (2017), who suggest that there are two
key sources of noise in the preferential choice process. The
first involves noise in response generation, with decision
makers occasionally making mistakes in translating their
preferences into choices. The second involves noise in the
preferences themselves, with the parameters that characterize
these preferences fluctuating from trial to trial. Bhatia and
Loomes (2017) apply both sources of noise within a
“rational” expected utility theory framework in a set of risky
choice tasks, and show that the resulting model can predict
(seemingly irrational) violations of EUT, such as choice
patterns commonly seen to support Prospect Theory accounts
of risk taking.
In intertemporal choice, it is exponential discounting that
is considered to be the rational or normative model. In this
paper, we propose an exponential discounting model that
allows for trial-to-trial variability in discount factors, as well
as random mistakes in generating responses, and then
examine the properties of this model with both simulations
and experiments. Our analysis tests the descriptive
boundaries of the exponential discounting model and
evaluates when it is and is not necessary to deviate from this
rational theory to describe irrational patterns in intertemporal
choice data. By performing these tests, we hope to obtain a
deeper understanding of the effects of noise in intertemporal
choice, complementing the rich existing theoretical literature
on variability in cognition and behavior.

People’s desire to be patient or impatient can fluctuate from
moment to moment, yet little is known about the effects of
variability in time preference on intertemporal choice
behavior. We examine this issue through the lens of an
exponential discounting model with noisy discount factors. We
show that such a model can generate decreasing patience over
time, accounting for behavioral patterns typically attributed to
hyperbolic discounting, while also making reasonable
predictions regarding violations of intertemporal dominance.
Additionally, two experiments reveal that many participants do
display noise in their discount factors, and that a noisy discount
factor model outperforms hyperbolic models in terms of
quantitative fit. Ultimately the majority of participants are best
described by some type of exponential discounting model
(with or without noisy discount factors). These results indicate
that it may not be necessary to assume alternate forms of nonexponential discounting, as long as the discount factors in an
exponential model are permitted to vary at random. These
results also highlight the importance of allowing for different
sources of noise in choice modeling.
Keywords: decision making; intertemporal choice; noise;
variability; computational modeling

Introduction
Random noise plays a central theoretical role in
psychological research on high-level cognition. The
assumption of noise not only explains variability in
individuals’ responses across multiple identical trials; When
allowed to interact with attention, memory, and valuation,
unsystematic noise is also capable of generating a systematic
effect on behavior. In recent years, this type of unsystematic
noise has been shown to account for error and response time
patterns in perceptual and lexical choice, biases in probability
judgment and social judgment, paradoxes in risky decision
making, and the appearance of inconsistent or intransitive
preferences (Bhatia & Loomes, 2017; Brown & Heathcote,
2008; Costello & Watts, 2014; Denrell, 2015; Erev, Wallsten
& Budescu, 1994; Hilbert, 2012; Howes et al., 2016; Ratcliff
& Rouder, 1998; Regenwetter, Dana & Davis-Stober, 2011;
Tsetsos et al., 2016). In many of these cases unsystematic
noise is enough, by itself, to provide a full account of
observed behavioral patterns, making additional --more

Intertemporal Discounting
The simplest intertemporal choice task requires a decision
maker to evaluate an option X offering a payoff x with a time
delay of t. Discounting models of intertemporal choice
assume that these evaluations involve the calculation of a
discounted utility, which weighs the payoff based on the
magnitude of the time delay. Thus, for a discount function
d(·), the utility of X is given by: 1

1

In a choice set consisting of many different payoffs with different time
delays, the payoff with the highest discounted utility, according to Equation
1, is the one that is chosen. When each option offers multiple payoffs (each
with a different time delay), the payoffs are individually discounted based
on their time delay, and aggregated into a single utility measure. Note that it

is sometimes assumed that payoffs are transformed non-linearly according
to a value function, prior to being discounted. However, for expositional
clarity, we will avoid this assumption for the purposes of this paper. Our
results should not vary with more complex assumptions regarding payoff
valuation.
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𝑈(𝑋) = 𝑑(𝑡) ∙ 𝑥
(1)
Exponential discounting, initially introduced by Samuelson
(1937), involves a particularly parsimonious discount
function. For a discount factor δ, it assumes that the
discounted weight on the payoff value is simply given by:
𝑑 𝑡 = 𝛿,

There is also, however, another source of randomness in
choice: preference noise. The parameters of utility-based
models often provide a formal representation of decision
makers’ preferences. These preferences may not be constant
over the time course of an experiment; that is, they may
themselves fluctuate in a noisy manner (Becker, DeGroot &
Marschak, 1963; Loomes & Sugden, 1995; Regenwetter &
Marley, 2001). Within an exponential discounting model, this
type of variability would correspond a distribution of
discount factors described by a probability density function
f(δ). δ varies from trial to trial, according to f, causing the
discount function and thus the option utilities to vary from
trial to trial. In a given trial, the option with the higher utility
contingent on the sampled δ would be chosen. In a choice
between option X offering payoff x with delay t, and option Y
offering payoff y with delay s, the probability of choosing X
is given by:

(2)

where 0 ≤ δ ≤ 1. Smaller values of δ correspond to increased
discounting and lead to smaller weights on later payoffs
relative to sooner payoffs. δ = 1 corresponds to a complete
absence of discounting of delayed payoffs. This one
parameter discount function is the most commonly used
discounting function in economics, as well in various
applications in psychology, such as reinforcement learning.
Exponential discounting is, however, limited from a
descriptive perspective. Notably it is unable to account for
observed patterns of decreasing impatience for intertemporal
choices. Consider, for example, a choice between an option
XP offering $5 immediately and option YP offering $10 in one
month (proximal choice), as well as between option XR
offering $5 in one month and option YR offering $10 in two
months (remote choice). As both the payoffs and the
difference in time delays are the same for the proximal and
remote choice, exponential discounting, with a fixed discount
factor δ, predicts that participants should either select the
sooner payoff in both choices or the later payoff in both
choices. However, some studies suggest that participants
typically select the sooner payoff in the proximal choice, but
the later payoff in the remote choice (Green, Fristoe, &
Myerson, 1994; Kirby & Herrnstein, 1995; Thaler, 1981; see
Frederick, Loewenstein, & O’Donoghue, 2002 for a review).
In response to such violations, researchers have suggested
that the shape of the discounting function is not exponential
but hyperbolic (e.g., Laibson, 1997; Loewenstein & Prelec,
1992; Mazur, 1987; see Table 1 for a representative list of
hyperbolic models).

Pr 𝑋 chosen =

𝑔 𝑋, 𝑌 𝛿 =

One critical issue with the above models is their inability
to account for stochasticity inherent in human behavior. In
order to use discounting models to describe stochastic choice
data, discounting models need to be recast in probabilistic
terms. Exponential discounting is generally modelled
alongside some assumption of response noise, typically in the
form of a logistic choice rule that transforms discounted
utilities into choice probabilities (McFadden, 1973). Here, for
options X and Y offering payoffs x and y with time delays t
and s respectively, the probability of selecting X over Y is
given by:
7
78 9:; {=> ? , ∙@ = ?(A)∙B }

1
𝑖𝑓 𝛿 , 𝑥 > 𝛿 A 𝑦
0.5 𝑖𝑓 𝛿 , 𝑥 = 𝛿 A 𝑦
0
𝑖𝑓 𝛿 , 𝑥 < 𝛿 A 𝑦

(4)

In such a formulation, E[δ] is the expected discount factor,
and can be seen as characterizing the decision makers’
underlying time preference. Although this underlying time
preference is stable, trial-to-trial variability in δ could alters
decision makers’ utilities when they are exposed to the same
decision problems repeatedly, thus leading to occasional
mistakes in choice.
Although both response and preference noise do generate
stochastic behavior, they are unable, by themselves, to
account for violations of exponential discounting, such as
decreasing impatience. This is because both types of noise,
when applied individually, generate modal choice predictions
that are in the direction of the prediction of the corresponding
noiseless exponential model.
Of course both preference and response noise can influence
intertemporal choice simultaneously. In this setting we would
have both variability in discount factors for generating
utilities, as well as variability in translating utilities into
choice. Choice probabilities with such a model can be
obtained by integrating Pr[X chosen] as defined in Equation
3, over the range of feasible values of δ, weighted by their
respective probabilities. Thus, in a choice between option X
offering payoff x with delay t, and option Y offering payoff y
with delay s, the probability of choosing X when both types
of noise are present would be given by:

Noise in Intertemporal Choice

Pr[𝑋 chosen] =

𝑔 𝑋, 𝑌 𝛿 𝑓 𝛿 𝑑𝛿

Pr 𝑋 chosen =

(3)

where θ ≥ 0 is a parameter that determines the extent of noise
in the choice process. Smaller values of θ correspond to
noisier choices, with θ = 0 generating completely random
choice (i.e. X and Y equally likely to be chosen, regardless of
underlying payoffs and time delays).

𝑔 𝑋, 𝑌 𝛿 𝑓 𝛿 𝑑𝛿

𝑔 𝑋, 𝑌 𝛿 =

7
78 9:; {=> P Q ∙@ = P R ∙B }

(5)

These choice probabilities can deviate from the predictions
of the corresponding deterministic exponential model (with
discount factor of E[δ]). The reason for this is that the utility
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difference between X and Y, δt·x – δs·y is non-linear in δ. This
means that variability in δ distorts the expected differences in
utility between the two options, so that the expectation of the
utility difference between X and Y, E[U(X) – U(Y)], is not the
same as the utility difference of these options, U(X) – U(Y)
for E[δ]. When preference noise is applied by itself (as in
Equation 4), this distortion does not alter modal choice, as the
choice rule is based only on whether δt·x > δs·y or δt·x < δs·y,
and not on the magnitude of δt·x – δs·y. However, when these
utility differences are combined with response noise (as in
Equation 5) the distorted expected utility differences leads to
distorted choice probabilities. Note that this can happen even
if the distribution δ is symmetric around E[δ].

well as another choice between option X, and option YD
offering $7.50 immediately (dominance choice). For a
decision maker with δ = 0.5 we have U(X) - U(YND) = U(X) U(YD) = 2.50. As the difference in utilities is the same
between X and YND and between X and YD¸ an exponential
choice model with only response noise (as in Equation 3)
would predict the same choice probability of X in both cases.
In other words, the decision maker would be equally likely to
make a mistake and select the less desirable option in the nondominance choice as in the dominance choice.
In reality decision makers can detect dominance. Although
they do occasionally choose dominated options, the
likelihood of doing so is much lower than that typically
predicted by models equipped with only response noise (e.g.,
Busemeyer & Townsend, 1993; Loomes & Sugden, 1998).
In order to provide an adequate account of intertemporal
dominance, we once again need both response and preference
noise. For example, if we allow for θ = 1, as well as δ ~
Uniform[δ* - 0.25, δ* + 0.25], with δ* = 0.5, we obtain Pr[X
chosen] = 80.0% in the non-dominance choice, but Pr[X
chosen] = 92.4% in the dominance choice. Thus even though
the difference in utilities between X and YND and between X
and YD is the same under E[δ] = δ*, the probability of choosing
X is higher when it dominates its competitor.
The intuition for the above choice patterns is
straightforward: Response noise generates mistakes based on
the utility differences between options, implying that
dominance is violated too frequently when response noise is
applied by itself. Preference noise, in contrast, never violates
dominance. When a given δ is applied to the two options in a
dominance trial, the utility for the dominating option is
always greater than that for the dominated option, leading to
a choice probability of 0% for the dominated option. The
combination of response and preference noise results in an
averaging of these two extreme predictions. Thus, in a model
with both response and preference noise, it is possible to
choose a dominated option, but the probability of this is
smaller than the probability of choosing an equally desirable
non-dominated option.

Properties
The exponential discounting model, with both response and
preference noise, can account for violations of exponential
discounting, such as decreasing impatience. As an illustration
of this, consider again the proximal and remote choices in the
decreasing impatience example above. If we only allowed for
the response noise, and set θ = 1 in Equation 3, we would
obtain Pr[XP chosen] < 0.5 in the proximal choice and Pr[XR
chosen] < 0.5 in the remote choice for all values of δ < 0.5,
and Pr[XP chosen] > 0.5 in the proximal choice and Pr[XR
chosen] > 0.5 in the remote choice for all values of δ > 0.5.
This is shown in Figure 1a.

Figure 1: The probability of X chosen as a function of
(mean) discount factor in proximal and remote choices. (a)
Only response noise (θ = 1) is assumed. (b) Both response
(θ = 1) and preference noise (η = 0.25) are assumed.

Experiments
We ran two experiments to further test the explanatory score
of the exponential model with both response and preference
noise.

Now consider adding preference noise to this formulation,
with δ ~ Uniform[δ* - 0.25, δ* + 0.25]. Note that E[δ] = δ*. In
this setting, we find that Pr[XP chosen] < 0.5 in the proximal
choice and Pr[XR chosen] < 0.5 in the remote choice for δ* <
0.457, and Pr[XP chosen] > 0.5 in the proximal choice and
Pr[XR chosen] > 0.5 in the remote choice for δ* > 0.50. For δ*
in the range (0.457,0.500) we obtain both Pr[XP chosen] < 0.5
and Pr[XR chosen] > 0.5, consistent with the finding of
decreasing impatience. Note that this asymmetry emerges
despite preference noise being unsystematic (i.e. δ distributed
symmetrically around δ*). This is shown in Figure 1b.
A combination of response and preference noise is also
necessary for making reasonable predictions for
intertemporal dominance. Consider, for example, a choice
between an option X offering $10 immediately and option
YND offering $15 in one month (non-dominance choice), as

Methods and Materials
A total of 89 undergraduate students from a university in
United States participated in our two experiments: 44
participants (31 female; aged 20.26 ± 1.25) in Experiment 1
and 45 participants (25 female; aged 19.84 ± 1.49) in
Experiment 2.
Experiment 1 involved hypothetical binary choices
between an option X offering a payoff of x after a time delay
t, and an option Y offering a payoff of y after a time delay s =
t + k. We set x = $100 in all trials and chose t from the set
{today, 3 months, 6 months, 9 months} and k from the set {3
months, 6 months, 9 months}. y was determined by applying
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annual interest rate from the set {-50%, 50%, 100%, 500%,
1000%} to the corresponding time delays. This generated a
total of 60 unique choice pairs. Note that the use of a negative
interest rate implied that 12 of these choice pairs involved a
dominated option (offering a smaller reward with a larger
time delay than its competitor).
As shown below, Experiment 1 involved fairly high choice
probabilities for the delayed option Y. Although this should
not alter our key conclusions, we wished to replicate our tests
with stimuli generating roughly equivalent choice
probabilities for X and Y. Thus we ran a second experiment,
with stimuli generated using the methods above, but with
annual interest rates in the set {-25%, 25%, 75%, 125%,
175%}. By using smaller interest rates we obtained smaller
values of y for corresponding values of t and k, leading to
higher choice proportions for X.
We excluded data from five participants in Experiment 1
and three participants in Experiment 2 because they
constantly chose either X or Y in all the non-dominance
choices. This left 39 participants in Experiment 1 and 42
participants in Experiment 2 for our analysis.

within the logistic choice function (Equation 4) to allow for
response noise.

Results
Summary of Choice Data Among the non-dominance
choices, we found that option Y was chosen 66.9% of the time
in Experiment 1, and 48.6 % of the time in Experiment 2. The
frequency of choosing the dominated options was
comparable across the two experiments: Participants in
Experiment 1 and Experiment 2 chose the dominated option
(option Y offering both the smaller and the more delayed
reward) 3.9% of the time and 4.7% of the time respectively.
We also tested for decreasing impatience in the two
experiments. In the non-dominance trials of Experiment 1,
participants chose option Y (offering the payoff with the
larger delay) 65.9% when t = 0 months, 66.0% when t = 3
months, 67.7% when t = 6 months, and 67.8% when t = 9
months. Formally, the probability of choosing Y in the nondominance trials increased with t in a mixed-effect logistic
regression model with random intercepts for participants
intervals between options and the implied interest rates in the
trial (β = 0.028, z = 2.397, p = .017). A similar test applied
individually to each participant found that the effect of t on
the choice probability of Y was positive and significant (p <
0.05) for six participants, positive and non-significant (p >
0.05) for 13 participants, negative and significant for one
participant, and negative and non-significant for 19
participants. These results provide some evidence of
decreasing impatience on the aggregate level, but also
suggest substantial heterogeneity in this choice pattern across
participants, with roughly half the sample showing
significant or non-significant decreasing impatience, and the
other half showing significant or non-significant increasing
impatience.
We obtained more ambiguous results in Experiment 2. In
this experiment we observed a choice frequency for option Y
of 47.6% when t = 0 months, 49.0% when t = 3 months, and
48.9% when t = 6 months, and 49.1% when t = 9 months.
Although this choice frequency is increasing in t, it did not
reach statistical significance in a mixed-effect model (β =
0.015, z = 1.447, p = 0.148). On the individual level, the effect
of t on the choice probability of Y was positive and significant
for three participants, positive and non-significant for 21
participants, negative and significant for one participant, and
negative and non-significant for 17 participants. This time, a
little bit more than half sample showed significant or nonsignificant decreasing impatience, and the other half showed
significant or non-significant increasing impatience.
Overall, the findings of Experiments 1 and 2 suggest that
decreasing impatience is not as robust as is widely held, but
is consistent with some recent experiments with similar
inconclusive effects for decreasing impatience (e.g., Kable &
Glimcher, 2010; Read, 2001).

Model Fitting
The main goal of the two experiments was to test whether the
exponential discounting model with both response and
preference noise is able to provide a good quantitative
account of choice data. For this purpose, we fit the core
exponential discounting model embedded in a logistic choice
rule for response noise, with a variable discount factor δ ~
Uniform[δ* - η, δ* + η] (Equation 5), with δ* - η ≥ 0 and δ* +
η ≤ 1. We refer to this model as the noisy exponential model
for the remainder of this paper.
Table 1: Alternate hyperbolic discounting functions.
Function Name
Mazur-1 hyperbolic
Mazur-2 hyperbolic
LP hyperbolic
Quasi-hyperbolic

Function Form
𝑑 𝑡 = 1 + 𝛼𝑡 =7
𝑑 𝑡 = 1 + 𝛼𝑡 U =7
𝑑 𝑡 = 1 + 𝛼𝑡 =V W
1, when 𝑡 = 0
𝑑 𝑡 =
𝛽𝛿 , , when 𝑡 > 0

Domain
α>0
α, τ > 0
α, β > 0
0≤β≤1
0≤δ≤1

We also wished to contrast the predictions of the noisy
exponential model with the various hyperbolic models
proposed in prior work. We considered the one parameter
hyperbolic discounting model proposed by Mazur (1987),
which we refer to as Mazur-1 hyperbolic, as well as the two
parameter hyperbolic model proposed by Mazur (1987),
which we refer to as Mazur-2 hyperbolic. We also considered
the two-parameter generalized hyperbolic discounting model
proposed by Lowenstein and Prelec 1992), which we refer to
as the LP hyperbolic. Finally, we considered the quasihyperbolic model proposed by Laibson (1997). All these
hyperbolic discounting models are presented in Table 1. We
also tested the predictive power of the baseline exponential
model (Equation 2). All hyperbolic discounting models and
the baseline exponential discounting model were embedded

Best-fit Parameters. Of key interest to the tests in this paper
is the preference noise η in the noisy exponential model.
Figure 2 shows the individual-level and group-level estimates
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of η, as well as the estimates of δ* from the noisy exponential
model. As the baseline exponential model is nested in the
noisy exponential model and η is the additional specification,
we can evaluate the statistical significance of η using the
likelihood ratio test. The variable being evaluated here is the
ratio between the maximum likelihood values of the two
models. This ratio has a chi-square distribution with a degree
of freedom of 1. The likelihood ratio test reveals that the
noisy exponential model has a significantly higher likelihood
than the baseline exponential model (implying that restricting
η = 0 results in significantly worse fits) on the group level
(χ2(1) > 3.84, p < .05) as well as for 46% participants for
Experiment 1, and for 42.9% of participants for Experiment
2.

model with the quasi-hyperbolic and LP hyperbolic models,
as these models are not nested within each other. To perform
such a test, we thus need to use the Bayes Information
Criterion, calculated as BIC = -2 ln(L) + k × ln(n), where L is
the maximum likelihood value, k is the number of free
parameters and n is the number of data points. Lower values
of BIC indicate better fits, controlling for model flexibility
(quantified by the total number of free parameters). Table 2
shows the BIC values for the models fit to the group-level
data in Experiments 1 and 2. Group-level fits impose the
same parameters to all participants, not allowing for
individual differences. It also shows aggregate BIC values for
individual-level fits. As can be seen in Table 2, the best
performing model according to the group-level BIC and the
aggregate individual-level BIC, for both experiments, is the
noisy exponential model. We can also examine the proportion
of participants best fit by each of the models when all models
are compared simultaneously. Here we find that the best
performing model is the baseline exponential model, which
has the lowest BIC values for 41.0% and 46.5% of
participants in Experiments 1 and 2. This is followed by the
noisy exponential model, which provides the lowest BIC
values for 30.8% and 23.3% of participants in the two
experiments. Thus, around 70% of the participants in our two
experiments are best fit by either the baseline exponential or
the noisy exponential model, according to BIC.

Figure 2: Distributions of individual-level (black dots) and
group-level (blue triangles) estimates of η and δ* from the
noisy exponential model. (a) Estimates of Experiment 1.(b)
Estimates of Experiment 2.

Summary and Discussion
This paper has examined the role of noise in intertemporal
decision making through the lens of the exponential
discounting model. We propose a modification to this model
that allows for time preference to vary from moment to
moment. Formally, this involves distribution over the
discount factors that quantify time preference. We have
shown how this noisy exponential model can be used to
predict seemingly irrational patterns of behavior, such as
decreasing impatience. A noisy exponential model also
provides a better account of violations of intertemporal
dominance.
Empirically, we have tested the quantitative properties of
our proposed model and the model fitting exercise has
revealed a number of novel insights regarding the effect of
noise in intertemporal discounting. Firstly, an examination of
best fitting parameters has shown that the level of noise in

We can also perform a similar set of tests for the quasihyperbolic model and the LP hyperbolic model, both of
which embed the baseline exponential discounting model.
However, on an individual level only 17.9% of participants
in Experiment 1 and 19.0% of participants in Experiment 2
are better fit by the quasi-hyperbolic model than the
exponential model. These proportions are 15.4% and 38.1%
for LP hyperbolic model in Experiments 1 and 2 respectively.
Model Comparisons The likelihood ratio tests shown above
suggest that the noisy exponential model does better than the
quasi-hyperbolic and LP hyperbolic models, as it provides a
greater improvement over the baseline exponential model
both on the group and on the individual level. However this
test cannot be used to directly compare the noisy exponential

Table 2: Summary of model fit in Experiments 1 and 2.
Model Name

Group-level BIC

Aggregate Individuallevel BIC
Exp 1
Exp 2
6425
7357

Mazur-1 hyperbolic

Exp 1
9423

Exp 2
11633

Mazur-2 hyperbolic

9410

11560

6118

LP hyperbolic

9408

11546

6043

Quasi-hyperbolic

9413

11547

Exponential

9414

Noisy exponential

8996

Percentage of Best Fits
Exp 1
17.9%

Exp 2
20.9%

6772

2.6%

2.3%

6690

5.1%

0.0%

6068

6706

2.6%

7.0%

11556

5973

6610

41.0%

46.5%

11382

5867

6587

30.8%

23.3%
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discount factors, on the group level, is significantly greater
than zero. This is also the case on the individual level for
more than 40% of our participants, across the two
experiments (we observe positive noise for most the
remaining participants, but this does not reach statistical
significance). We also find that the noisy exponential model
outperforms the four hyperbolic models considered in this
paper, in terms of quantitative fit. This emerges on both on
the individual and the group level, for both the experiments.
Conversely, on the individual level, hyperbolic discounting
models do not provide better fits even relative to the baseline
exponential model, although the data provide some evidence
for decreasing impatience. This suggests that hyperbolic
discounting models either over predict decreasing impatience
or, if flexible enough to reduce to exponential discounting,
the premium in model fits does not overcome the penalty of
model complexity in model selection.
The results of this paper indicate that a rational model of
intertemporal decision making that permits (unsystematic)
variability in the degree of time preference has tremendous
explanatory power. By doing so, it complements a rich
existing literature in psychology on the descriptive role of
random noise in cognition and behavior. Noise is not just
useful only for accommodating observed variability in
peoples’ behavior. Rather, it occupies a central theoretical
position of our understanding of this behavior.
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simultaneously consider their own (egocentric) perspective
and their addressee’s perspective (see Heller, Parisien &
Stevenson, 2016, for a similar proposal about the
comprehension of referring expressions).
The simultaneity approach has an interesting property
where it does not encode a global consideration of referential
success. Because in this approach referring expressions are
evaluated relative to each of the perspectives separately, and
a referring expression is selected based on “mixing”
perspectives, the referring expression selected is not directly
evaluated as to whether it would allow the addressee to
identify the intended object. This aspect of the simultaneity
approach seems non-intuitive given that the goal of referring
is to get the addressee to identify a certain object.
Referential success has been seen as a central goal for
referring expressions at least since philosopher Keith
Donnellan (1966) who coined the term referential for those
uses of descriptions where the goal is for the addressee to
choose an object intended by the speaker. Indeed,
considerations of referential success have led Clark and
Marshall (1981) to propose that referring expressions are
tailored relative to shared knowledge. Even approaches that
argue that referring expressions are tailored to the egocentric
perspective alone (e.g., Horton & Keysar, 1996) include a
second step of “monitoring-and-adjustment” that checks
whether the resulting referring expression would allow the
addressee to identify the intended object. Thus, the
simultaneity approach contrasts with other approaches to the
production of referring expression.
The goal of the current paper is to test this aspect of the
simultaneity approach by modelling production data from
Vanlangendonck, Willems, Menenti and Hagoort (2016). We
chose to model this study because it contains an explicit
manipulation that tests the role of referential success, namely,
a case of audience design where egocentricity could possibly
lead to referential failure, and a second case of audience
design where egocentricity is unlikely to be harmful to
referential success. Modelling these conditions allows us to
test this aspect of the simultaneity model directly, as well as
test its generality beyond the original set of data for which it
was developed.

Abstract
When a speaker produces a referring expression, their
overarching goal is to get the addressee to identify a particular
object in the context. This goal leads to the expectation that
speakers will use a referring expression tailored to the
perspective of the addressee. While research in
psycholinguistics has indeed found that speakers tailor their
referring expressions to the addressee’s perspective, they also
find egocentric tendencies; namely, a sensitivity to the
speaker’s own perspective. Mozuraitis, Stevenson and Heller
(2018) make the novel proposal that “mixing” perspectives is
a design feature of the production system, modelling data from
an experiment where knowledge mismatch concerned object
function. Here we further test this model on the more common
knowledge mismatch of visual perspective, modelling data
from Vanlangendonck, Willems, Menenti and Hagoort (2016).
The modelling results shed new light on concept of “referential
success” that has been assumed to guide reference production.
Keywords: language production; reference; pragmatics;
audience design; computational modeling; common ground;
perspective-taking; probabilistic models.

Introduction
Audience design refers to the phenomenon where speakers
design their linguistic utterances to fit their audience, based
on their assessment of their addressee. It seems intuitively
necessary for speakers to engage in audience design if the
goal of communication is for the addressee to recover the
message they encode in their utterance. But psycholinguistic
research on audience design, which focuses mainly on the
forms of referring expressions, has produced mixed results.
While much research indeed demonstrates that speakers
adapt to their addressee in choosing the form of their
utterances (Nadig & Sedivy, 2002; Heller, Gorman &
Tanenhaus, 2012; Yoon, Koh, & Brown-Schmidt, 2012;
Gorman, Gegg-Harrison, Marsh & Tanenhaus, 2013), other
work argues that speakers are egocentric, tailoring linguistic
forms to their own perspective (Brown & Dell, 1987; Horton
& Keysar, 1996; Wardlow Lane & Ferreira, 2008).
A closer look at the referring expressions produced across
the different studies suggests that speakers’ behavior might
be better characterized as a “mixture” of two perspectives,
namely some adaptation to the addressee, along with some
egocentric tendencies. Indeed, Mozuraitis, Stevenson and
Heller (2018) were the first to propose that “mixing” is a
design feature of the system. Specifically, they propose that
in the tailoring of referring expressions, speakers

The Vanlangendonck et al. (2016) study
Vanlangendonck et al. (2016) (henceforth VWMH) examine
the production of referring expression in a dialogue situation,
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where one participant acts as the speaker and a second
participant acts as the addressee. The speaker and the
addressee each saw an array of objects on their screens, as if
they were sitting on the two sides of a vertical shelving unit
– see Figure 1. The most important aspect of this setup is that
it allows creating knowledge mismatch. Specifically, some
objects were visible to both participants (the objects with the
white background), while other objects were visible only to
the speaker and hidden from the view of the addressee (the
objects with the dark background) – see Figure 2. Thus, as in
many other studies on audience design (e.g., Horton &
Keysar, 1996; Nadig & Sedivy, 2002; Wardlow Lane et al.,
2006; Wardlow Lane & Ferreria, 2008; Yoon et al., 2012)
knowledge mismatch was established by visual co-presence.

In the ADVISABLE condition (top-left display in Figure 2),
the target objet (marked in red) is a candle, but, crucially, the
speaker also sees a second, bigger candle that is not visible to
the addressee. If the speaker tailors the referring expression
to the perspective of the addressee, they should use an
unmodified expression (e.g., the candle). If, however, they
tailor the referring expression based on their own perspective,
they will produce a modified referring expression (e.g., the
small candle). VWMH label this condition “advisable”
because adaptation can be seen as advisable rather than
necessary, as the use of a modified expression would
nevertheless allow the addressee to choose the intended
object and thus lead to referential success. This critical
condition of audience design was accompanied by two
control conditions: linguistic control with one candle (topmiddle display in Figure 2), and visual control with two
candles (top-right display in Figure 2).
Because the research question concerns adaptation to the
addressee’s perspective, the results in this condition focus on
the proportion of trials where speakers produced a bare noun
(e.g., the candle), the expression expected from the
addressee’s perspective; the results are summarized in Figure
3. First, speakers behaved as expected in the control
conditions. In the linguistic control condition, which is
parallel to the addressee’s perspective in the audience design
condition, speakers mostly produced bare nouns (87.6%),
whereas in the visual control condition, which is parallel to
the speaker’s perspective in the audience design condition,
they produced a bare noun very rarely (1%). In the critical
case of audience design, speakers mostly produced bare
nouns (79.8%), exhibiting adaptation to the addressee.
Crucially, however, the adaptation is not complete, because
this proportion is significantly lower than the one in the
linguistic control condition. In this case, the lack of complete
adaptation might be due to the fact that not adapting would
not have a harmful effect on referential success.
Turning to the OBLIGATORY condition (bottom-left display
in Figure 2), the target objet is a candle and there is a second,
bigger candle visible to both conversational partners, but,
crucially, the speaker can also see a third, smaller candle that
is not visible to the addressee. Here. if the speaker tailors the
referring expression to the addressee’s perspective, they
would say the small candle, whereas if they tailor the
referring expression to their own perspective, they will say
the medium candle (importantly, VWMH used objects in four
different sizes, meaning that the expected size adjective could
not be determined by the absolute size of the object). The
OBLIGATORY condition is different from the ADVISABLE
condition in that the two perspectives lead to incompatible
referring expressions. Thus, if the speaker fails to adapt to the
addressee in this case, the addressee might not be able to
identify the correct referent, leading to referential failure.
This condition was also accompanied by the two control
conditions: Linguistic control (bottom-middle display in
Figure 2) which is parallel to the addressee’s perspective in
the audience design condition (i.e., two candles), and visual
control (bottom-right display in Figure 2), parallel to the

Figure 1: the experimental setup in VWMH
The critical conditions of VWMH required audience
design: these are situations where the most appropriate
referring expression is different when it is tailored relative to
the speaker’s perspective versus when it is tailored relative to
the addressee’s perspective. VWMH tested two such case: in
the ADVISABLE condition, even if the referring expression is
tailored relative the speaker’s perspective, the addressee is
likely to identify the correct object despite the fact that this is
not the ideal referring expression from their own perspective.
In the OBLIGATORY condition, in contrast, if the referring
expression is tailored to the speaker’s perspective, the
addressee may not be able to identify the intended referent,
leading to referential failure. Let us consider these in order.

Figure 2: VWMH conditions
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speaker’s perspective in the audience design condition (i.e.,
three candles).
Here adaptation would lead to using the adjective small (or
large), and hence the results are presented in term of the
proportion of trials on which speakers produced these
adjectives (e.g., the small candle) – see Figure 3. The control
conditions showed the expected pattern: in the linguistic
control (parallel to addressee’s perspective), speakers mostly
produced the small candle (97.3%), and in the visual control
condition (parallel to the speaker’s perspective) they rarely
produced such modifier (1.4%). In the critical audience
design conditions, speakers again showed adaptation to the
addressee, mostly producing the small candle (89.9%). Here
again, adaptation was not complete, as this value is
significantly lower than in the linguistic control condition.
But in this case the lack of complete adaption is surprising,
because the lack of adaptation could potentially threaten
referential success.
One of modelling this pattern using the simultaneity
approach is to test whether the patterns observed here arise
from the same “mixing” behavior.

domain, P(RE|obj,d), and also the probability of the domain
itself, P(d). In a situation of knowledge mismatch between
the conversational partners, the different perspectives of the
partners constitute two relevant domains of reference: d=s is
the perspective of the speaker and d=a is the perspective of
the addressee. In this situation, where D={s, a}, we can
rewrite (1) as:
P(RE|obj) = P(RE|obj,d=s)P(d=s)
+ P(RE|obj,d=a)P(d=a)
(2)
Thus, in the simultaneity approach a speaker doesn’t choose
between their own (egocentric) perspective and their
partner’s perspective, but instead uses both simultaneously,
combining the contributions of the two perspectives. While it
has been previously proposed that perspective information is
probabilistic (e.g. Hanna, Tanenhaus & Trueswell, 2003),
Mozuraitis et al., (2018) are the first to propose “mixing”.
We use this approach to predict the behavior in VWMH
where there is knowledge mismatch, namely in the audience
design conditions (top- and bottom-left displays in Figure 2).
P(RE|target, d). The first step is to estimate the probabilities
of referring expressions in the addressee’s perspective,
P(RE|target,d=a), and in the speaker’s perspective,
P(RE|target,d=s).
Recall that VWMH’s Linguistic control conditions (topand bottom-middle displays in Figure 2) are equivalent to the
addressee’s perspective in the Audience Design displays.
Therefore, we use the production patterns in this condition to
estimate P(RE|target,d=a); see also Figure 3.
Recall, further, that VWMH’s Visual control conditions
(top- and bottom-right displays in Figure 2) are equivalent to
the speaker’s perspective in the Audience Design displays.
Therefore, we use the production patterns in this condition to
estimate P(RE|target,d=s); see also the relevant columns in
Figure 3.
We follow VWMH’s analysis, and use as the dependent
variable that form which would be the adaptive behavior in
the audience design condition: for the advisable condition, it
is the N, and for the obligatory condition, it is the small N –
see again Figure 3.

Figure 3: VWMH experimental results. The dependent
variable plotted is the proportion of that behavior which is
adaptive in the audience design condition: a bare noun in
ADVISABLE and the small N in OBLIGATORY.

Modelling the production data
The Mozuraitis et al. (2018) simultaneity proposal is
operationalized in a computational model as:
P(RE|obj) = dD P(RE|obj,d)P(d)

P(d). Since the weighting of the two perspectives is not
directly observable (cf. Mozuraitis et al., 2018), our approach
is to determine the value, or range of values, for the weight
that yields a fit to the behavioral data. The resulting P(d)
indicates the degree to which speakers engage in audience
design. Because we assume that d can only take on the values
speaker and addressee (see Mozuraitis et al., 2018 for
discussion), the two values exhaust the probability space, and
so P(d=s)+P(d=a)=1, or P(d=a)=1–P(d=s). In other words,
there is only one parameter to consider here, P(d=a), as the
other value can be derived from it; we therefore refer to the
parameter as P(a).
We evaluate our modelling results by looking at what the
P(a) we obtain tells us about three issue: (1) how different
types of knowledge mismatch affect the weight P(a), (2) the
consistency of the weight for individuals; and (3) the
consistency of this weight across referring situations.

(1)

This formula encodes the observation that a referring
expression depends not just on the referent object alone (i.e.,
obj) but also on the domain of reference (d), which is the set
of contextually-relevant objects from which the referent
needs to be distinguished in the current context. (Note that
the right hand side of Eqn. 1 is not an application of Bayes
rule.) This captures the fact that the same object may be
called the small vase if it appears with a bigger vase, but will
instead be called the big vase if it appears with a smaller vase.
The referring expression to be produced, P(RE|obj),
requires summing across the possible domains of reference in
the context: for each domain, it takes into account the
probability of referring expressions for the object in that
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addressees, a level I Theory of Mind mismatch, whereas the
Mozuraitis et al. (2018) setup requires speakers to attribute to
the addressee different knowledge, a level II Theory of Mind
mismatch. As the latter is more complex, it stands to reason
that it will lead to less weight on the addressee’s perspective.
Modelling, Because the experimental manipulation of
perspectives in Mozuraitis et al. (2018) was betweenparticipants, the production patterns in the two perspectives
came from different participants than the pattern predicted by
the model. In other words, these results were population-level
modelling. Thus, for the VWMH data, we used the overall
means from the Visual control conditions as the speaker’s
perspective, the overall means from the Linguistic controls
conditions as the addressee’s perspective, and combine them
to achieve the means in the Audience Design conditions. We
then find, based on both sets of control condition, a single
value of P(a) that best predicts the Audience Design behavior
in both conditions.
Results. The best fit is obtained with P(a) = 0.916, and the
model yields values in the ranges consistent with the 95%
confidence intervals for the two Audience Design conditions
at 0.908 < P(a) < 0.924. This result matches our prediction
that P(a) in VWMH will be higher than the P(a) obtained in
Mozuraitis et al. (2018), where the upper end of their range
was 0.64.
That is, these modelling results demonstrate that the
addressee’s perspective is weighed far more in the situation
in VWMH in which the cues to the addressee’s perspective
are more salient. This is the first piece of evidence that the
weighing of perspectives depends on situational cues.

Question 1: Comparing across situations with
different cues to the mismatched information
The first question we address in modelling VWMH is
whether situations with different cues to shared versus
mismatched information lead to different weighing of the two
perspectives, as has been proposed in Heller et al. (2016) and
Mozuraitis et al. (2018). Specifically, in production, the idea
is that the more salient the addressee’s perspective is, the
more influence it will have (i.e., P(a) will be higher), and the
less salient it is, the less influence it will have (i.e., P(a) will
be higher).
Mozuraitis et al. (2018) created situations in which the
knowledge mismatch between interlocutors concerned
objects’ function. To this end, they used visually-misleading
objects: objects whose function is not consistent with their
appearance, such as a crayon that is shaped like a Lego brick.
The mismatched situation they modeled was such that the
speaker knew the unexpected function of the object (this
function was demonstrated to them by the experimenter), but
the addressee did not (they turned their back to the
experimenter during the demonstration). The modelling
results showed, first, that the pattern of referring expression
used is not consistent with the speaker using only their own
perspective, or only the addressee’s perspective, even when
taking into account reasonable amount of noise in the data.
Instead, this data was successfully accounted for by “mixing”
the two perspectives. The best fit to the human data was
achieved when the two perspectives were weighed about
equally: P(a) =0.48 and P(s)=0.52. (Again, these sum to 1, so
in what follows we only report P(a)). When considering the
95% confidence intervals of the means for the modelled
condition, the range is 0.26 ≤ P(a) ≤ 0.64.
Our goal here is to model the VWMH data, and compare
the P(a) we obtain from that data to Mozuraitis et al.’s
modelling results. What is the prediction with respect to how
these should compare? We predict that in VWMH in
VWMH, where the cues to mismatch information are visual,
the addressee’s perspective will be weighed more than in
Mozuraitis et al. (2018), where the knowledge mismatch
concerned object function. This is because, first, the visual
mismatch in VWMH has a constant perceptual correlate:
objects that are not visible to the addressee have a
background with a different color, whereas in Mozuraitis et
al. (2018) speakers need to rely on their memory of the
experimenter demonstrating the function of the object.
Second, the visual setup in VWMH makes it highly unlikely
that the addressee would nonetheless know what the hidden
objects are. In Mozuiraitis et al. (2018), in contrast, speakers
may notice that the visually-misleading object has some
properties that are not consistent with their appearance (e.g.,
noticing that the Lego-crayon is not made of plastic), and may
therefore entertain the possibility that the addressee could
also notice these properties and figure out the that what looks
like a Lego is really a crayon. In other words, this is a
situation where there is more uncertainty about the
addressee’s perspective. Finally, the VWMH setup requires
speakers to attribute absence of knowledge to their

Question 2: Comparing across individuals
The claim of the simultaneity approach is that a speaker
weighs the probability of each potential referring expression
in the context of both their own and their addressee’s
perspectives in order to determine the form of the referring
expression to be produced. Above we modelled the data at
the population level. Our second goal is to examine whether
each speaker can be modeled individually as using a single
P(a) across all the trials. Because of the within-participant
design of VWMH, where each participant contributed to both
the Linguistic and Visual control conditions and to the
Audience Design conditions, we can model these data at the
individual level (this was not possible in Mozuraitis et al.,
because the type of knowledge mismatch they employed
drove them to employ a between-participants design).
Modelling. In modelling the subject-level human data from
VWMH, we model data from eighteen participants. Two
additional participants were excluded, because they made
corrections or edited their initial referring expression (e.g., by
adding or correcting the adjective) on more than 40% of the
trials (The remaining 18 participants made such corrections
on 15% of the trials or less).
We split the trials for each speaker, across all six
conditions, into two equal-sized groups. To avoid order
effects, we took every other trial for each of the six
conditions; for ease of reference we’ll call these half1 and
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half2. We then fit P(a) to the Audience Design conditions of
half1 based on the two perspectives, which were derived from
the Linguistic and Visual control conditions for half1. Next,
we combine the two perspectives in half2 (derived from the
Linguistic and Visual control conditions of half2) using the
weight P(a) we got from half1, to predict the pattern of
production in the Audience Design conditions in half2. To
ensure that there is no bias in one half, we also did the reverse:
derive P(a) from half2 and use it to predict half1.
Results. To examine our model, we examine how well the
predicted response rates correlate with the observed response
rates for each subject in VWMH, for each half of the data.
When predicting half2 based on half1, we find a very high
correlations of r=0.931 (95% CI: 0.819, 0.974) – see Figure
4. We also find a very high correlation when predicting half1
based on half2: r=0.919 (95% CI: 0.791, 0.969) (for space
considerations, this is not plotted here). The fact that the P(a)
that was fit from each half of the data can be combined with
the behavior in the control conditions of the other half to
predict the behavior in that Audience Design condition of that
other half demonstrates that each participant is using a
consistent weighing of P(a) throughout the experiment.

success. In the Advisable condition, lack of adaptation (i.e.,
being egocentric and saying the small vase) should
nevertheless allow the addressee to pick the correct object (as
the addressee can see only one vase). But in the obligatory
condition, lack of adaptation (i.e., being egocentric and
saying the medium vase) could possibly confuse the
addressee who can only see two vases, and may therefore lead
to referential failure (recall that VWMH used four different
absolute sizes, and thus the adjective medium did not
correspond to a specific size of objects in their experiment).
A different sensitivity to the consideration of referential
success would be reflected in the simultaneity model as a
different setting of P(a), with a higher P(a) when there is a
risk of referential failure. This would be similar to having a
global consideration of referential success, as has been
widely assumed in the literature. The simultaneity approach
does not encode a global consideration of referential success.
Instead, the relative weighing is hypothesized to be affected
by general aspects of the situational context and possibly the
individuals.
Modelling. To test the model with respect to the potential
influence of referential success, we again fit the model’s
value for P(a) on half the data, and use that setting to combine
the data from the two control conditions in the other half and
predict the values in the Audience Design condition. But here
we split the data into the Advisable and Obligatory
conditions. This enables us to test directly whether subjects
are using a consistent setting of P(a) across the entire
experiment, or whether they instead adapt their weighing of
the addressee’s perspective depending on factors specific to
each of the referring conditions, namely based on their
consideration of which situation will lead to referential
success and which may lead to referential failure. The
simultaneity approach, in contrast, posits that the same P(a)
should fit the data either direction, as the weighing is chosen
for a particular situation.
Results. We fit P(a) based on the control conditions (Visual
control → speaker’s perspective; linguistic control →
addressee’s perspective) in the Obligatory trials for each
subject, and use that P(a), along with the control conditions
for the Advisable condition, to predict the Audience Design
response rate for that subject in the Advisable trials. In other
words, we use the weighing of perspectives derived from the
Obligatory data to predict the Advisable data. In this case, we
find a very high correlation between the predicted values and
the human data: r=.985 (95% confidence interval: .959 to
.994); this is plotted in Figure 5, top panel.
We also did the reverse, namely, fitting P(a) based on
Advisable conditions, and then using the fit P(a) value, as
well as the Obligatory control conditions, to predict the rates
in the Audience Design condition for that subject in the
Obligatory trials. Here again we find a very high correlation
to the human data: r=.932 (95% CI: .823, .975); see Figure 5,
bottom panel. Using P(a) fit from each condition of the data
achieves an excellent fit to the other condition, supporting the
view that each participant is using a consistent weighing of
P(a) for both the Obligatory and Advisable trials.

Figure 4: the correlation between observed behavior in
half2 and those predicted by the model.
More generally, this successful individual-level modelling
provides strong support for the claim of the simultaneity
approach that speakers combine their own perspective with
the addressee’s perspective in tailoring referring expressions.

Question 3: Comparing across referential
situations
In the modelling above, we show that each participant can be
seen as using a consistent setting of P(a) across all their trials
in the experiment. Note that this result was achieved when
using both Advisable and Obligatory conditions to fit P(a)
and then predicting both the Advisable and Obligatory
conditions. however, those results do not indicate whether
speakers use the same setting of P(a) across the two referring
conditions, or whether they use one setting of P(a) in the
Advisable condition, and a different setting of P(a) in the
Obligatory condition.
Recall that the two referring conditions differ in how lack
of adaptation to the addressee would affect referential
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determined by cues in the situational context, and possibly
cues related to the individual speakers.
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Figure 5: the correlation between observed values and
those predicted by the model. Top: values in ADVISABLE
predicted based on P(a) fit from the OBLIGATORY condition.
Bottom: values in OBLIGATORY predicted based on P(a) fit
from the ADVISABLE condition.

Discussion
We used the probabilistic model of Mozuraitis et al., (2018)
to model human data from the production experiment of
VWMH. First, the within-participants design of VWMH
allowed for individual-level modelling, demonstrating the
generality of the simultaneity approach and providing
stronger support for it.
More interestingly, this allowed modelling under a
different knowledge mismatch than Mozuraitis et al., (2018).
Modelling results reveal that speakers in VWMH weighed
the perspective of the addressee more than speakers in the
Mozuraitis study. We attribute this difference to the cues to
the mismatched knowledge available in each of the two
situations: with visual co-presence, this information is
perceptually available, is associated with less uncertainty,
and is a Level I Theory of Mind knowledge mismatch that is
easier to attribute to one’s partner.
Finally, modelling the two referential situations reveals
that speakers are not sensitive to a global consideration of
referential success in determining the weighing of
perspectives. This is a surprising result as the literature on
reference has generally assumed that such a global
consideration plays a crucial role in the production of
referring expressions. This finding is, however, predicted by
the simultaneity approach which assumes the weighing to be
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Fischer-Baum and Rapp (2014) describe a patient who produced more geminate additions in non-geminate words (e.g.,
MARK → MARRK) after spelling a geminate word (e.g.,
BROOM) than a non-geminate word (e.g., BROAD). The
perseveration of the gemination independently of the letter
identity implies the existence of a special geminate feature
(see also Caramazza & Miceli, 1990). Other models, e.g.,
McCloskey et al. (1994), also propose a special mechanism
for gemination, but without proposing a geminate feature.
The majority of the data on which models of gemination
are based come from case studies of individuals with selective damage to O-WM. These individuals produce errors
across spelling modalities (writing, typing, and spelling out
loud) which increase in frequency as a function of word
length. While extremely valuable in principle, the utility of
neuropsychological data can be limited by the relatively
small number of errors of interest, as well as individuals’
idiosyncrasies. This is perhaps the reason why, despite several elegant proposals, no consensus has been reached on
this topic. In this study, we have created a large corpus of
geminate errors from 100 neurotypical adults each typing
400 geminate words on two occasions. Using this corpus,
we test current theories of gemination and demonstrate that
none of them is sufficient to explain all of the findings. We
then propose an enhanced model which accounts for both
current and previous findings on geminate errors.

Abstract
Geminates (or double letters) are a feature of many languages,
including English. Studies of the spelling errors produced by
individuals with orthographic working memory deficits have
provided evidence that geminates are not produced as two independent instances of the same letter. Instead, there must be
a special mechanism in the orthographic system that produces
geminates. Several theories have attempted to model such
mechanisms. However, in most cases, the predictions of such
theories have been tested using data from single-case neuropsychological studies. In the current study, we re-evaluate
these theories using the largest corpus of geminate errors in
typing collected to date, and show that no theory can explain
all the findings. We then propose an enhanced model of gemination that can.
Keywords: double letters; geminates; typing; orthographic
working memory; graphemic buffer

Introduction
To type a word (e.g., broom) to dictation, a sequence of
phonemes (/bɹum/) must be converted into a sequence of
letters (B-R-O-O-M). In neurotypical adults, this can be
accomplished by either serially mapping phonemes to
graphemes using the sublexical route, or by retrieving the
whole letter sequence in parallel from long-term memory
(LTM) using the lexical route. In the lexical route, hearing a
word activates its representation in phonological LTM,
which activates the word meaning in the lexical semantic
system. This, in turn, activates the word spelling (BROOM)
in orthographic LTM (O-LTM). Orthographic information is
then processed by orthographic working memory (O-WM,
often referred to as the graphemic buffer), responsible for
maintaining the orthographic representation and selecting its
letters in sequential order to pass them on to effectorspecific motor plans, e.g., sequences of key presses in typing.
In many languages, including English, spellings sometimes contain double letters or geminates (e.g., O in
BROOM). Findings from neuropsychological studies of
spelling disorders suggest that gemination is more than just
two independent instances of the same letter. For example,

Theoretical Accounts of Gemination
Any model of gemination must accommodate two basic
assumptions: (a) It must include a representation of letter
order in addition to letter identity; otherwise, words such as
DOG and GOD would be indistinguishable. A full review of
models of segment sequencing in language production is
beyond the scope of this paper, but it is important to note
that chaining models and their variations do not provide a
satisfactory explanation of O-WM errors. (b) It must have a
special mechanism for geminate production, beyond treating
geminates as two independent instances of the same letter.
Generally speaking, two classes of models have been proposed: geminate feature models (Caramazza & Miceli,
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1990; Fischer-Baum & Rapp, 2014) which represent the
geminate as an independent feature, and geminate links
models (McCloskey et al., 1994) which represent the geminate by linking two adjacent slots in the positional frame to
the same letter identity.
In the current paper, we pick two models that meet both
of the criteria above and are each representative of one class
of gemination models. The first model, McCloskey et al.
(1994), henceforth referred to as M1994, is mentioned
above. The second model, Glasspool and Houghton (2005),
henceforth referred to as G&H2005, combines a geminate
feature model with a competitive queuing mechanism for
sequencing segments. This mechanism uses Initiate and End
nodes to dynamically establish a gradient of activation such
that activation is highest for the letter in the current position
and progressively lower for subsequent letters. This gradient
is implemented in an Item layer akin to a positional frame 1
separate from, but connected to, the letter identity representations. Letters are selected by a competitive winner-take-all
process (implemented in the model as a competitive filter),
and the produced letter is temporarily inhibited to prevent
perseveration. The geminate feature is represented by a
separate node, which, like the letter identity nodes, receives
activation from a single slot in the Item layer (i.e., the starting geminate position; e.g., 3 in BROOM). If the geminate
feature’s activation passes a threshold, it sends a signal to
output production processes to repeat the production of the
last segment, after which it is inhibited just like letter identity representations.
We test the predictions of these two models on our geminate error corpus to evaluate whether either, or both, can
account for all the findings.

study, with the exception of Splits (e.g., BOROM; discussed
in the Error Categories section) have also been reported in
handwriting studies, making it unlikely that we are looking
at typing-specific errors. Moreover, both the length effect
(more errors on longer words) and the position effect (more
errors in the middle positions) that are typical of O-WM
deficits were evident in our data; 𝑡𝑡 = −51.07, 𝑝𝑝 < .001 for
the length effect, and 𝑡𝑡 = −4.03, 𝑝𝑝 < .001 for the position
effect. We can thus conclude with reasonable confidence
that the errors in our corpus are representative of the same
cognitive processes that have been investigated by previous
studies of gemination.

Error Categories
Table 1 presents the error types of interest, their definitions,
and examples.
Geminate Deletions. M1994 explains these errors by assuming that one of the geminate links has been lost and a
repair process has removed the corresponding slot in the
positional frame. G&H2005 explains them by assuming that
the geminate feature has failed to reach the activation
threshold. Thus both accounts explain basic deletions. However, a closer look at the data show that the probability of a
geminate deletion is much higher if the target geminate
letter appears in the wrong position than if any other letter
appears in the wrong position. In the set of 1,283 errors
containing letter movements but no letter additions, deletions (other than the deletion of a single copy of the geminate letter), or substitutions, 34.62% of responses (36 out of
104) with the target letter in the wrong position had geminate deletions, compared to only 11.37% (134 out of 1,179)
with a non-target letter in the wrong position, 𝜒𝜒 2 = 42.94,
𝑝𝑝 < .001. This finding, which implies interdependence
between the letter identity and the gemination process, is not
expected from either account.

Methods
One hundred native English speakers (56 females, Mage =
34, age range: 18–67 years), who had passed spelling and
typing proficiency pretests, participated for payment
through Amazon Mechanical Turk. Participants completed
two sessions of a timed typing to dictation task. The stimuli
were 600 words, 5-16 letters long, comprising 400 experimental words with a single geminate and 200 filler words
without a geminate. All 600 words were presented auditorily
in each session in randomized order, and participants typed
them before a deadline (300 ms + 180 ms per letter) with an
ITI of 1000 ms, with breaks after every 50 trials.

Geminate Additions. M1994 accounts for additions
through “reloading”, a mechanism by which a degraded
representation can be refreshed by retrieving it again from
O-LTM. If the degraded and the newly-loaded representations have geminates in different positions, the result is an
addition. According to G&H2005, additions happen when
the geminate feature reaches the activation threshold in
more than one position. We report three empirical findings
regarding geminate additions and evaluate the two models
in light of each. The first is the distribution of geminate
additions around the target geminate position. Figure 1a
plots this distribution for 568 geminate additions in the
current dataset. The probability of geminate additions drops
quickly the farther the position gets from the target position.
In fact, the only position where the rate of geminate addition
is higher than chance is position −1, with 263 errors observed compared to 107.49 expected, 𝜒𝜒 2 = 95.38, 𝑝𝑝 < .001.
Since the process for geminate additions proposed by
M1994 involves a geminate shift, it can account for the
increased likelihood of additions closer to the target position

Results
No response was produced on 78 experimental trials. Of the
remaining 79,922 responses, 18,865 (23.60%) contained at
least one error. Of those, 3,894 (20.64%) consisted of a
single error affecting the geminate. This “clean” set was
used in the analyses. All the error types obtained in this
1 G&H2005 view this layer as also coding some information
about abstract letter identities, although the nature of such information has not been clearly specified.
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Table 1: Error categories, definitions, and examples with their respective error counts.
Error type
Geminate deletions
Geminate additions
Geminate shifts
Substitutions
Exchanges
Pseudosubstitutions
Splits

Definition
Only one copy of the geminate letter has been produced.
Both the original geminate letter and another letter in the target spelling have been doubled.
Another letter in the target spelling was doubled instead of the
original geminate letter.
The geminate has been substituted by two copies of a different
letter, either from within the sequence or from outside.
The original geminate letter has swapped positions with another letter. The response contains a double letter, which may
or may not be the same as the geminate letter in the target.
One of the two copies of the geminate letter has been replaced
by another letter, either from within the sequence or from
outside.
One of the two copies of the geminate letter has exchanged
with an adjacent letter, splitting the geminate.

using the same mechanism (see below). G&H2005 predict
that geminate additions should be most likely in positions
adjacent to the target position because, due to the gradient of
activation across positions, adjacent positions have the next
highest activation after the target position, so they activate
the geminate feature more strongly than other non-target
positions. Thus both accounts predict that geminate additions should occur more often in positions closest to the
target geminate position.
The second finding is related to the first one: while the
probability of a geminate addition at position −1 is significantly higher than chance, the same probability at position
+1 is significantly lower than chance, with 33 errors observed compared to 88.47 expected, 𝜒𝜒 2 = 27.34, 𝑝𝑝 < .001.
M1994 does not have a mechanism to account for this. In
G&H2005, the geminate feature gets inhibited after it has
affected production. In order to be activated again, it needs
to overcome this suppression. When the first production
occurs before the target position, the chance of recovering
from inhibition at the target position is still good, because
that position has a link to the geminate feature that can directly activate it. However, if the first production occurred
at the target position, it is unlikely that the noise alone can
overcome the inhibition enough to produce the geminate
feature again in the next (i.e., +1) position. G&H2005 can
thus account for this finding.
Finally, the data suggest that, in words with an additional
copy of the target geminate letter (e.g., COCOON), geminate additions are much more likely on that additional copy
than on any other letter, e.g., p(COCOON → COOCOON)
> p(COCOON → COCOONN). In the 267 geminate addition errors in which there was another copy of the target
letter, 79 (29.59%) of the additions occurred on that additional copy compared to 51.07 expected by chance, 𝜒𝜒 2 =
7.37, 𝑝𝑝 = .007. This finding, which suggests a link between
the letter identity and the geminate feature, is especially
intriguing because second copies of the target letter must, by

Example
BROOM → BROM
BROOM → BRROOM

Count
1,853
568

BROOM → BRROM

846

BROOM → BRBBM
BROOM → BRXXM
BROOM → BORRM
BROOM → BOORM

38

BROOM → BROBM
BROOM → BROXM

390

BROOM → BOROM

180

19

definition, be more than one position away from the target
geminate position. Thus the propensity for geminate additions to occur on the same letter identity seems to override
the strong tendency for additions to occur close to the target
position. Since neither M1994 nor G&H2005 have any
mechanisms to bind the geminate feature to letter identity,
neither model can account for this finding.
% of Additions

a

50%
40%
30%
20%
10%
0%
-9 -8 -7 -6 -5 -4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10 11

Distance

% of Shifts

b
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-9 -8 -7 -6 -5 -4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10 11 12 13

Distance

Figure 1. Distributions of geminate (a) additions and (b)
shifts. Solid lines are observed proportions and dashed lines
are proportions expected by chance. Error bars are 95% CIs.
Geminate Shifts. According to M1994, these errors occur
when at least one of the two geminate links is detached and
a repair process reconnects the broken links to the wrong
letter. In G&H2005, shifts are caused by the activation of
the geminate feature in the wrong position. We examine the
same three patterns we reported above for geminate additions, this time for geminate shifts. Figure 1b plots the distribution of the 846 geminate shifts in the current dataset.
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Similar to additions, the probability of geminate shifts drops
quickly the farther the position gets from the target position.
Only positions −1 and +1 around the target geminate show
significantly higher than chance probability of a geminate
shift; position −1: 364 observed vs. 159.33 expected, 𝜒𝜒 2 =
114.76, 𝑝𝑝 < .001; position +1: 215 observed vs. 137.69
expected, 𝜒𝜒 2 = 20.86, 𝑝𝑝 < .001. M1994 predicts this pattern, because more distant movements require more links to
be broken and reattached. G&H2005 also predicts this finding because the gradient of activation across positions causes adjacent positions (and thus the contents of those positions) to have more activation than distant positions.
The strong asymmetry between −1 and +1 positions observed in geminate additions is not visible here. Both positions show higher than chance probability of shifts, a finding that both M1994 and G&H2005 can account for (see the
explanation of the same finding for geminate additions).
Finally, in words with an additional copy of the target geminate letter (e.g., COCOON), we examined whether a geminate is more likely to shift to that additional copy than to
any other letter, e.g., p(COCOON → COOCON) >
p(COCOON → COCONN). Unlike geminate additions, this
comparison did not reveal a special status for the additional
copy of the target geminate in geminate shifts. In the 358
geminate shift errors in which there was another copy of the
target letter, 49 (13.69%) occurred on that additional copy
compared to 65.49 expected by chance, 𝜒𝜒 2 = 2.49, 𝑝𝑝 =
.943. Thus, both M1994 and G&H2005 can explain these
findings.

tween the target geminate and a non-geminate letter has
happened, but this time, the geminate has remained attached
to the target geminate letter rather than to its target position
(e.g., BROOM → BOORM). Our corpus contains 65 exchanges without additional letter insertions, deletions, or
substitutions. In this set, both patterns occur more often than
expected by chance: 23 position-preserving errors compared
to 10.51 expected by chance, 𝜒𝜒 2 = 5.31, 𝑝𝑝 = .011, and 35
identity-preserving errors compared to 12.69 expected,
𝜒𝜒 2 = 15.04, 𝑝𝑝 < .001. Moreover, identity-preserving errors
were significantly more common than position-preserving
errors, 𝜒𝜒 2 = 3.77, 𝑝𝑝 = .026. The propensity for exchanges
to preserve geminate position is predicted by both M1994
and G&H2005, because the representation of the geminate
is connected to position in both of these models. However,
neither model would predict higher than chance probability
of identity-preserving errors or its greater probability than
position-preserving errors, because there is no mechanism
for binding the geminate representation directly to letter
identities in either model.
Pseudosubstitutions. In M1994, pseudosubstitutions occur
when one of the two links to the target geminate letter is
broken and a repair process fills the empty position with a
different letter. G&H2005, or any theory that proposes a
single slot for the geminate letter in the positional frame,
can only explain pseudosubstitutions as a combination of
two independent errors: a geminate deletion and a letter
insertion adjacent to the geminate. If that were the case,
pseudosubstitutions should be less common than either of
those errors individually. However, there are significantly
more pseudosubstitutions (390) than single-letter insertions
adjacent to the geminate (258) in our set of 18,865 incorrect
geminate word spellings, 𝜒𝜒 2 = 26.95, 𝑝𝑝 < .001, ruling out
the double-error explanation.

Substitutions. Substitutions happen when a letter is replaced by another letter from either within or outside the
target sequence. This is easily explained by both M1994 and
G&H2005 (and any other theory that views letter representations as separate from positions). A closer examination of
the data revealed that the target geminate letter is much less
likely to participate in substitutions than any other letter in
the word: out of the 1,204 responses in which the only error
was a substitution, only 3.16% (38 out of 1,204) affected the
target geminate letter, despite geminates accounting for
13.43% (1,204 out of 8,963) of the opportunities for these
errors, 𝜒𝜒 2 = 103.58, 𝑝𝑝 < .0012. In M1994, the double links
between adjacent positions and the letter identity could
provide a mechanism for binding the letter more tightly to
its position. In G&H2005, on the other hand, there is no
mechanism to account for this pattern.

Splits. These errors (N = 180) made up 4.52% of all the
geminate errors in our corpus, which is more than any studies of handwriting. We thus suspect that splits might be
specific to typing. In keeping with this assumption, splits
happened more often when the target geminate and the
intruding letter were typed with different hands than the
same hand, both for anticipations (e.g., BROOM → BROMO) 𝜒𝜒 2 = 23.19, 𝑝𝑝 < .001, and perseverations (e.g.,
BROOM → BOROM) 𝜒𝜒 2 = 12.05, 𝑝𝑝 < .001. We thus
conclude that these errors most likely arise during motor
programming specific to the typed modality, which is outside of the scope of theories discussed in this study.

Exchanges. Two distinct patterns of exchanges are of particular interest to us: position-preserving errors, in which
the target geminate letter has been exchanged (i.e., swapped
positions) with another letter, but the original position of the
geminate has been preserved (e.g., BROOM → BORRM)
and identity-preserving errors, in which a similar swap be-

Table 2 provides a summary of the empirical results reported for each error category and indicates whether M1994
and/or G&H2005 can account for that finding. The two
models successfully explain a wide range of empirical findings on geminate errors, but neither model in its current
form can account for all of the empirical findings. Three
classes of issues can be identified: (a) Cases that can be
accounted for by M1994, but not G&H2005. The common

The effect of gemination is reliable even after position is taken
into account.
2
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Table 2: Comparison of empirical findings to predictions of previous models.
Finding
1. Basic geminate deletions
a- Higher probability of geminate deletions when target geminate letter moves
2. Basic geminate additions
a- Positional distribution
b- Suppression in +1 position
c- Higher probability of gemination of another copy of the target geminate letter
3. Basic geminate shifts
a- Positional distribution
b- Significantly more geminate shifts in both −1 and +1 positions
c- No increased probability of gemination of another copy of the target geminate letter
4. Basic substitutions
a- Lower probability of substitutions affecting the target geminate than other letters
5. Basic exchanges
a- Higher than chance probability of position-preserving errors
b- Higher than chance probability of identity-preserving errors
c- Higher probability of identity-preserving than position-preserving errors
6. Basic pseudosubstitutions
origin of these is the fact that M1994 proposes two slots for
the geminate letter in the positional frame, but G&H2005
proposes only one. (b) Cases that can be accounted for by
G&H2005, but not by M1994. The single instance of this
(2b in Table 2) stems from the presence of an inhibition
mechanism on the geminate in G&H2005 after the geminate
feature affects production, which is absent in M1994. (c)
Finally, there are cases where both models fail to explain the
finding. The common feature of these cases is that they
suggest an interdependence between the letter identity and
the gemination process that is absent in both M1994 and
G&H2005. In the next section, we propose a model that
integrates these three features into the basic framework of
G&H2005, and show that the enhanced model can account
for all the empirical findings reported here.

M1994


















G&H2005


















letter in the geminate position is reached, e.g., the first O in
BROOM, a signal is sent to the output processes to repeat
the production of the O. The geminate feature must then be
suppressed, otherwise more copies of O will be produced.
As acknowledged by the authors, this suppression makes it
hard for the model to account for double geminates, e.g.,
BALLOON, as well as the many adjacent geminate addition
errors, e.g., BRROOM, observed in our data. The enhanced
model, on the other hand, has no problem with double geminates. When the first L in BALLOON is produced, the
geminate feature inhibits the L’s self-inhibition, thus keeping it activated for re-selection in the next position (i.e., the
second L). The geminate feature is inhibited for the next
selection step so that extra copies of L are not produced, but
it is released from that inhibition afterwards, allowing it to
repeat the process when the first copy of O is selected. Because there are no words in English with three consecutive
identical letters (e.g., BROOOM), this simple rule of “inhibit the geminate feature for one step after it has exerted its
effect” can account for all gemination patterns in English.
Finally, (3) the enhanced model differs from G&H2005 in
that it proposes a link between the target geminate letter and
the geminate feature, such that the letter can activate the
geminate feature directly (feature 3 in Figure 2).
When BROOM is to be produced, the operation of the
system is similar to G&H2005 until the third positional slot
is reached. Unlike G&H2005, not only the slot, but also the
target geminate letter O sends activation to the geminate
feature. This double source of activation ensures that the
geminate feature passes the threshold in most cases where
gemination is required. When O wins the competition
among the letters, it is produced in the third position. Normally, it would be immediately inhibited after production,
but the activated geminate feature inhibits this inhibition
process, whereby allowing O to win the competition again

The Enhanced Geminate Model
We maintain the general architecture of G&H2005 (Figure 2), with three modifications: (1) The positional frame
contains two slots instead of one for the geminate letter,
similar to M1994 (feature 1 in Figure 2). (2) While in the
original G&H2005 model the geminate feature affects output processes (e.g., repeating the motor program for producing the last letter), the enhanced model proposes that the
main function of the geminate feature is to block the inhibition of letters after their production (feature 2 in Figure 2).
As can be seen in the figure, a single geminate node sends
an inhibitory signal to all the self-inhibitory connections to
letter identities; however, only the letter that has been just
produced would have an activated self-inhibitory connection. Thus the geminate feature has a focal effect on that
particular letter. The novel mechanism we have proposed
here for the operation of the geminate feature has an important advantage over G&H2005: in that model, when the
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when it receives activation from the fourth positional slot.
The geminate feature itself undergoes inhibition once it has
exerted its influence. Thus, under normal circumstances, it
would not pass the activation threshold again, even though
the newly activated O in the fourth position tries to reactivate it (this would lead to BROOOM-like errors). Since the
geminate feature is unlikely to pass the threshold here, O
will undergo post-production inhibition and the next letter in
the sequence will win the competition for the next slot.
Because the enhanced model preserves all the important
basic features of G&H2005, it is expected to account for all
the findings that that model accounts for. These are explained earlier in the paper and we will not reiterate them
here. 3 Instead, we focus on the findings that were not explained by one or both models. Findings 4a and 6 in Table 2
were accounted for M1994, but not G&H2005, whereas 2b
was only explained by G&H2005. The enhanced model can
account for 4a and 6, because it adopts M1994’s assumption
of double slots for the geminate, as well as 2b by virtue of
the post-production inhibition mechanism from G&H2005.
Table 2 shows four additional cases where neither M1994
nor G&H2005 could account for the data (1a, 2c, 5b and
5c). All of these cases point to a connection between the
target geminate letter and the geminate feature, which is
specified in the enhanced model’s new feature 3. Since
these findings and the specific feature in the model that is
proposed to account for them are new, we unpack the mechanism for each one below.

feature over the threshold, compared to when it is receiving
no activation from the letter representations.
Higher probability of identity-preserving exchanges compared to chance (5b) and compared to position-preserving
exchanges (5c). Both of these findings also point to the fact
that the target geminate letter directly activates the geminate
feature, even when it appears in the wrong position.
Start

End

Positional
Frame
Identity

1
B

R

O

Gem

3
M

2

Competitive Filter
Output

Figure 2: The enhanced geminate model.

Conclusions
The enhanced model proposed in this paper integrates key
insights from previous gemination models, but views the
gemination process as primarily consisting of inhibiting the
self-inhibition of the most recently produced letter. This
function, together with a direct link between the target geminate letter and the geminate feature, allows the model to
account for all of the empirical data that, to our knowledge,
have been reported on geminate errors.

Higher probability of geminate deletion when the target
geminate letter moves than when non-target letters move
(1a). In the enhanced model, in the absence of noise, the
geminate feature can only pass the threshold of activation
necessary for its operation if its input is the summed activation of both the positional slot and the target letter. When
the target letter is activated in the wrong position, the geminate feature no longer receives the summed activation,
which causes a geminate deletion. During the movement of
non-target letters, the geminate feature still receives the
summed activation, making deletions less likely. It is important to note that under noisy circumstances, activation of
either the letter identity or the positional slot may be enough
to push the geminate feature above the threshold, just not as
robustly as when the summed input is received.

References
Caramazza, A., & Miceli, G. (1990). The structure of graphemic representations. Cognition, 37(3), 243–297.
Fischer-Baum, S., & Rapp, B. (2014). The analysis of perseverations in acquired dysgraphia reveals the internal
structure of orthographic representations. Cognitive Neuropsychology, 31(3), 237–265.
Glasspool, D. W., & Houghton, G. (2005). Serial order and
consonant–vowel structure in a graphemic output buffer
model. Brain and language, 94(3), 304-330.
McCloskey, M., Badecker, W., Goodman-Schulman, R. A.,
& Aliminosa, D. (1994). The structure of graphemic representations in spelling: Evidence from a case of acquired
dysgraphia. Cognitive Neuropsychology, 11(3), 341–392.

Higher probability of a geminate addition on another copy
of the target geminate letter than on any other letter (2c).
Since the enhanced model includes a connection from the
target letter identity to the geminate feature, the geminate
feature will receive activation from the letter whenever it is
selected, even in the non-target position. It would thus be
more likely for noise to push the activation of the geminate
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the discussion to cases not accounted for by other models.
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than just the quantity. For example, instead of probing
memory for colors with a choice between a limited set of discrete values (e.g., prototypical red, orange, yellow, etc.) and
scoring the response as either correct or incorrect, allowing
participants to select any hue on a continuous color wheel and
measuring the distance between that hue and the target. The
question remains: are resources divided the same way in the
verbal domain? This paper investigates this issue. Specifically, we examine whether a resource model is appropriate
for phonological working memory.

Abstract
The classic Baddeley and Hitch (1974) model divides working
memory into domain-specific subsystems and a shared, domain-general central executive, which plays a role in allocating
resources to items stored in the subsystems. The nature of this
resource—in particular, its quantization (discrete vs. continuous) and the flexibility of its allocation—has been studied extensively in the visual domain, with evidence from experiments
using continuous response measures providing support for
models with flexibly and continuously divisible resources. It
remains unclear, however, whether similar mechanisms mediate the division of resources in phonological working memory.
In this paper, we show that, despite representational differences
between visual and auditory processing, continuous measures
can also be employed for studying phonological working
memory. Using such measures, we demonstrate that the principles of resource division in visual and phonological processing are indeed similar, providing evidence for a domaingeneral mechanism for allocating working memory resources.

Division of Resources
Generally speaking, two classes of model have been proposed
for the division of resources: discrete and continuous. Slot
models (e.g., Cowan, 2001) propose that working memory resources are discrete, divided up into a fixed number of slots.
Each slot can store exactly one item. When set size is less
than or equal to the number of slots, all items receive slots
and can be recalled with little or no error. However, when set
size exceeds the number of slots, some items do not receive
slots, and probing one of these items will result in a random
response. Slot models thus make identical predictions for
both error rates and the deviation of responses as a function
of set size: minimal until set size exceeds the number of slots,
then rising steeply. Resource models (e.g., Ma et al., 2014),
on the other hand, propose that resources are continuous and
can be divided between any number of items. The quality of
a stored representation is dependent on the amount of these
resources it receives: items receiving more resources can be
recalled with greater precision, i.e., less deviation from the
target response. Any increase in set size, even from 1 to 2
items (well below the capacity of any slot model), would
stretch the resources a little thinner and thus reduce the quality of the stored representations. Binary accuracy measures
may not be sensitive enough to detect this difference when
the set sizes are small (e.g., 1 vs. 2 items), since the quality
of the stored representations may still be sufficient to select
the correct response. This makes binary accuracy measures
a suboptimal tool for distinguishing between slot and resource models. However, a continuous measure of the deviation of the response from the target (i.e., the quality or precision of the response) can provide the necessary sensitivity.
Using such measures, Ma et al. (2014) showed that, in line
with the predictions of a resource model, the deviation between the target color and participants’ responses on a color

Keywords: phonological working memory; cognitive resources; central executive; domain-generality; resource models; slot models

Introduction
In the classic model proposed by Baddeley and Hitch (1974),
working memory has both domain-specific and domain-general components: separate subsystems for verbal and visual
information (the phonological loop and visuospatial
sketchpad, respectively), with a shared central executive.
While the domain-specific properties of verbal and visual
working memory have been studied extensively, the function
of the central executive has remained obscure. There is some
consensus that the central executive plays a role in allocating
working memory resources to items stored in the domainspecific subsystems; however, the exact nature of this operation has been hotly debated: Are resources discrete or continuous? Is there an upper limit on the number of items to
which resources can be allocated? Are resources divided
equally between items, or can higher-priority items receive a
larger share? These questions have been investigated extensively in visual working memory, leading to significant support for models with flexibly and continuously divisible resources (i.e., resource models) in the visual domain (Ma, Husain, & Bays, 2014). The evidence has come from experiments in which, instead of binary accuracy, the deviation of
responses from the target has been measured, allowing the
quality of the stored representations to be investigated rather
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wheel increased monotonically as a function of the number
of colors to be remembered.
Within the framework of a resource model, the allocation
of resources may be either fixed, meaning that resources are
divided equally between all items to be remembered, or flexible, meaning that one or more items may receive a larger
share of resources than the others, e.g., due to manipulation
of top-down attention. In keeping with the prediction of a
flexible resource model, experiments in which attentional
cues were manipulated (e.g., Gorgoraptis, Catalao, Bays, &
Husain, 2011) have shown that deviation scores are significantly lower for prioritized items, and significantly higher for
those that have been deprioritized, compared to a neutral
baseline.
In summary, evidence from the visual domain supports a
flexible version of the resource model.

models of resource division must be proposed. In Experiment 1, we manipulated the number of syllables presented in
each trial to determine the relationship between set size and
the deviation of responses. In Experiment 2, we manipulated
attentional cues while maintaining a constant set size in order
to determine the flexibility of resource allocation in phonological working memory.

Experiment 1
Participants
Forty-eight native speakers of American English (31 females,
Mage = 43.2, age range: 24-65 years) participated in an online
experiment developed using jsPsych (de Leeuw, 2015) for
payment through Amazon Mechanical Turk (AMT;
https://www.mturk.com).

Visual and Verbal Representations

Stimuli and Procedures

In the previous section, we explained why distinguishing between slot and resource models requires a continuous measure of the deviation of a response from the target. This is easy
to obtain in the visual domain, since many of the features associated with visual representations can take any value on a
continuum, rather than a small set of discrete values. Importantly, observers can often imagine “in-between” values
rather easily. For example, people can imagine a variety of
greenish-blues and bluish-greens between the prototypical
colors blue and green. Similarly, people can imagine different orientations between vertical and horizontal. Consequently, the deviation of a response from the target can be
measured as the distance between the corresponding points
on the continuum.
The task of identifying similar continua in the phonological
domain is more complex. Though the acoustic properties of
speech sounds also vary continuously, only variation that
crosses category boundaries is relevant to distinguishing between phonemes. For this reason, people tend to hear a /k/ish /ɡ/ as either a /k/ or a /ɡ/, but not as something in between
(i.e., categorical perception; Liberman, Harris, Hoffman, &
Griffith, 1957). This tendency is not absolute, though. If
asked to rate a /k/-ish /ɡ/ on a continuous scale between /k/
and /ɡ/, participants are capable of doing so (Massaro & Cohen, 1983). This finding suggests that, despite surface differences in how people perceive visual and auditory information, both information types are perceived in enough detail
to allow for fine-grained measurements of the deviation of a
response from the target.

Stimuli were 28 syllables, seven from each of four acoustic
continua: /bɑ/–/dɑ/, /kɑ/–/ɡɑ/, /ɹɑ/–/lɑ/, and /sɑ/–/ʃɑ/. The
syllables at the ends of the continua were recordings of a native speaker of American English. The five intermediate syllables on each continuum were created by progressively
changing the acoustic properties of the initial consonant to
create five equally-spaced consonants between the two recorded syllables while leaving the vowel unchanged. To minimize interference, a different distinctive feature was manipulated in each continuum: [−coronal] vs. [+coronal], [−voice]
vs. [+voice], [−lateral] vs. [+lateral], and [+anterior] vs. [−anterior], respectively. Each participant completed two sessions 24–72 hours apart with the same structure but a different trial order. Each session consisted of two phases: a baseline phase and a working memory phase.
Baseline Phase The baseline phase was divided into four
blocks, one for each acoustic continuum. In each block, participants first completed an orientation in which all seven syllables along the continuum were played in order. As each
syllable was played, its position was shown on a slider visually representing the range between the most extreme syllables on the continuum (e.g., between the most /bɑ/-like syllable at the left end, labelled “B”, and the most /dɑ/-like syllable at the right end, labelled “D”). This orientation procedure
was repeated four times to give participants enough opportunities to learn the relationship between the syllables on the
acoustic continuum and the corresponding positions on the
visual slider.
Once the orientation was over, participants were tested on
their ability to rate syllables (baseline test). They listened to
the same syllables, presented in a random order, and indicated
the position of each one on the continuum using the slider.
Although there were only seven syllables in each continuum,
participants could adjust the slider continuously. Once participants had adjusted the slider to their satisfaction, they
pressed a “submit” button and the position was recorded on a
scale from 1 to 100. Participants did not receive any feedback
on their responses. Only one syllable was played in each trial

The Current Study
In the current study, we used the syllable rating task from
Massaro and Cohen (1983) to obtain measurements of deviation in phonological working memory. Using this paradigm
allowed us to test whether the results in support of resource
models in the visual domain can be extended to auditory perception. If so, we can conclude that the same domain-general
principles are at work in both visual and verbal domains at
the level of the central executive. If not, domain-specific
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Results

and there was no deadline for responding. The baseline test
in each block consisted of 14 practice trials (two per syllable)
followed by 56 experimental trials (eight per syllable). Thus,
across the two sessions, participants completed a total of 448
experimental baseline test trials (16 for each of the seven syllables in each of the four continua).

Baseline Test Figure 1 shows the distributions of participants’ ratings for the syllables in the /kɑ/–/ɡɑ/ continuum in
the baseline phase; the rating distributions for the other continua were similar. To determine whether participants had
been able to rate the syllables continuously, rather than categorically, we analyzed the ratings using uninformed mixture
modelling by means of the mclust package (version 5.3; Fraley & Raftery, 2002) in R. If participants were rating the syllables continuously, the overall distribution of the ratings
should be a mixture of seven distributions centered on or near
the “correct” rating for each syllable. The differences between the means of the model distributions and the correct
ratings were small: the root-mean-square deviation (RMSD)
was only 4.27. To formally test whether seven distributions
provided a better model for the data than two distributions
near the ends of the rating scale (as would be expected if participants were rating categorically), we also fitted a model
with only two distributions and compared the fit of the two
models using the Bayesian information criterion (BIC),
which penalizes for additional parameters. The BIC for the
seven-distribution model (196,329) was much lower than the
BIC for the two-distribution model (201,838; a difference of
5,509), providing very strong evidence against the two-distribution model. These results indicate that the participants
were able to perceive and rate the syllables continuously.
Next, we tested the effect of set size on ratings for the same
syllables in the working memory phase.

Working Memory Phase This phase tested the effect of set
size on the deviation of responses from the target. On each
trial, participants were presented with a sequence of one, two,
or four syllables from different acoustic continua played at 1
s intervals. One second after the final syllable was played,
the slider appeared, and participants rated the relevant syllable on the slider. As in the baseline test, there was no deadline for responding. Since two syllables from the same continuum were never played during the same trial, the labels on
the slider unambiguously indicated which syllable to rate. In
each session, there were 15 practice trials, followed by 12
blocks of 28 experimental trials with pseudorandomized order, such that no more than two consecutive trials had the
same set size. Across the two sessions, participants completed a total of 672 experimental working memory trials
(224 for each of the three set sizes). The design was fully
counterbalanced, so each syllable was probed the same number of times (eight) in each set size for each participant.
Within each set size, each syllable appeared the same number
of times in each position.

Statistical Analyses
Dependent Variable To measure the magnitude of the error
in the responses (and thus the precision), we obtained a “Deviation Score” for each response made in the working
memory phase in three steps: (1) We calculated the median
of the participant’s 16 ratings for the same syllable in the
baseline phase. (2) We then subtracted this baseline median
from the response. If, for example, the median of the participant’s ratings was 30, the results for the responses 33 and 29
in the working memory phase would be 33 − 30 = 3 and 29 −
30 = −1, respectively. (3) Finally, we took the absolute value
of the number from (2) to get a Deviation Score for each response. These Deviation Scores were the dependent variable
in both experiments.
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Figure 1: Distribution of ratings for syllables in the /kɑ/–
/ɡɑ/ continuum in the baseline test phase of Experiment 1.

Statistical Models The main analyses in this study were carried out with linear mixed-effects modeling (LMEM) using
the lme4 package (version 1.1-14; Bates, Mächler, Bolker, &
Walker, 2015) in R (version 3.4.2; R Core Team, 2017). We
strove to include the maximal random effects structure tolerated by the model. All numeric variables were centered and
scaled, and the dependent variable (the Deviation Score) was
log-transformed to approximate a normal distribution. The
p-values were calculated based on Satterthwaite approximations using the lmerTest package (version 2.0-33; Kuznetsova, Brockhoff, & Christensen, 2016).

Working Memory Figure 2 shows the relationship between
set size and the Deviation Score at each position. Before analyzing the effect of set size on deviation scores, we first established that the bow-shaped serial position effect characteristic of working memory performance was present in our
data: better performance at the beginning (primacy effect)
and end (recency effect) of the sequence compared to the
middle. We fitted a model to data from trials with set size
four (set sizes one and two are too small to allow for clear
testing of position effects) to test (a) whether the canonical
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position effects were obtained, and (b) which covariates
needed to be included in subsequent models to control for the
effects of nuisance variables.
This model included position as a set of polynomial contrasts, with separate fixed effects for linear and quadratic (i.e.,
bow-shaped) serial position effects, along with random
slopes for each of these by subject and item. The model also
included fixed effects for several nuisance variables: (a)
baseline median, which was the absolute value of the distance
between the participant’s baseline rating for the syllable and
the center of the rating scale, to account for the reduction in
variability at the ends of the scale (see the ratings for syllables
1 and 7 vs. syllable 4 in Figure 1); (b) baseline variability,
which was the standard deviation of the participant’s baseline
rating for the syllable; and (c) session, which was coded as a
contrast between the first and second sessions. We also included random intercepts for participants and items, i.e., syllables. Critically, there was a significant linear effect of position (t = −2.70, p = .012), indicating a decrease in Deviation
Score for more recent syllables, and a significant quadratic
effect of position (t = −4.46, p < .001), indicating higher Deviation Scores in the middle of the sequence than at the ends.
There were also main effects of baseline median (t = −10.33,
p < .001), corresponding to a decrease in the Deviation Scores
closer to the ends of the rating scale, and baseline variability
(t = 10.17, p < .001), but not session (t = −0.66, p = .509).
These findings suggest that (a) Deviation Scores do indeed
reflect working memory performance, and (b) both baseline
median and baseline variability have significant influence on
Deviation Scores. We thus included these covariates in all
subsequent analyses. We also included serial position and its
interaction with set size because serial position alone could
potentially have created spurious set size effects.
The main prediction of the resource model investigated in
this experiment—that the Deviation Score would increase as
a function of set size—was tested using an LMEM with fixed
effects for set size, serial position, and the interaction between the two, along with the baseline median and baseline
variability as covariates. The random effect structure included random intercepts for participants and syllables and
random slopes for set size, position, and the interaction between the two by participant and syllable. The model revealed a significant main effect of set size (t = 5.32, p < .001),
with the Deviation Score increasing as a function of set size.
There was no interaction between set size and position;
however, to confirm that the effect of set size was robust
across positions, we conducted additional post-hoc analyses.
Four post-hoc tests compared: (a) the initial positions of set
sizes one and two, (b) the final positions of set sizes one and
two, (c) the initial positions of set sizes two and four, and (d)
the final positions of set sizes two and four. For each test, we
compared the mean difference in Deviation Scores between
the two set sizes across participants to the distribution generated by a Monte Carlo simulation with 1,000,000 permutations, resampling within participants. After Bonferroni correction for multiple comparisons, the set size effect was significant in all cases: (a) M = 0.76, 95% CI = [0.35, 1.18], p <

.001, (b) M = 0.57, 95% CI = [0.18, 0.97], p = .009, (c) M =
1.68, 95% CI = [1.05, 2.31], p < .001 and (d) M = 0.80, 95%
CI = [0.19, 1.44], p = .018.
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Figure 2: Deviation Score as a function of set size and serial
position in Experiment 1. Error bars are 95% CIs.

Discussion
Analysis of the baseline phase confirmed that participants
were able to perceive and rate the syllables continuously, as
previously reported by Massaro and Cohen (1983). This
finding makes these materials appropriate for testing the predictions of a resource model. If such a model is appropriate
for phonological working memory, then the Deviation Scores
of the syllable ratings should increase as set size increases.
This increase in the Deviation Scores should be visible for
any increase in set size, even from one to two syllables, which
is well below the capacity limit proposed by any slot model.
The results of Experiment 1 confirmed this prediction. Deviation Scores increased significantly as a function of set size.
This effect was robust in post-hoc analyses which took primacy and recency effects into account by restricting comparisons between set sizes to matching positions. Thus, despite
the clear differences between visual and verbal stimuli, the
results of Experiment 1 closely resembled those found in the
visual domain (e.g., Bays, Catalao, & Husain, 2009; Wilken
& Ma, 2004), and were in full accord with the predictions of
a resource model. Experiment 2 tested whether a fixed or a
flexible version of the resource model is more appropriate for
phonological working memory.

Experiment 2
Participants
Forty-eight native speakers of American English (27 females,
Mage = 36.6, age range: 21–58 years) participated for payment
through AMT.

Materials and Procedures
The materials were the same as Experiment 1. The same twosession design as Experiment 1 was used, with a similar session structure. The baseline phase was unchanged. In the
working memory phase, the presence (or absence) and validity of cues appearing before the presentation of the syllables
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−4.52, p < .001). Interestingly, there was also a reliable interaction between the valid-cue condition and position (t =
2.14, p = .037), but no such interaction between the invalidcue condition and position (t = −0.35, p = .729).
To further explore the influence of cueing on serial position
effects, we fitted separate models for the valid-cue and nocue conditions with polynomial position contrasts for position to test for both linear and quadratic (bow-shaped) serial
position effects. In the no-cue model, there were both significant linear (t = −5.02, p < .001) and quadratic (t = −2.38, p =
.023) effects of position, whereas only the linear effect was
significant (t = −3.34, p = .001) in the valid-cue model.

was manipulated. A fixed set size of four was used in all
trials. In one third of the trials, no cue was presented. These
no-cue trials were identical to the trials with set size four in
Experiment 1. On the other two thirds of the trials, a cue (a
number between 1 and 4) was presented at the beginning of
the trial. This cue indicated that the syllable in the corresponding position (1 through 4) had a 50% chance of being
probed (one third of all trials; valid-cue trials). The other
syllables each has a 16.7% chance of being probed (one third
of all trials; invalid-cue trials).
On cued trials, the cue appeared for 1 s, after which the four
syllables were presented and one of them was probed in the
same way as in Experiment 1. Participants completed three
blocks of trials in the working memory phase: one block with
no-cue trials and two blocks with a mixture of valid- and invalid-cue trials, in counterbalanced order. Each block consisted of 14 practice trials and 112 experimental trials, with
breaks between sets of 28 trials, for a total of 224 trials in
each cue condition (no cue, valid-cue, and invalid-cue) across
both sessions. Each syllable was probed exactly once in each
position in each block, resulting in a total of 8 samples for
each syllable in each cue condition from each participant.

Discussion
The results of Experiment 2 closely mirrored those reported
in visual working memory (Gorgoraptis et al., 2011). Manipulation of attention led to a significant decrease in Deviation
Scores for valid-cue trials (i.e., cued syllables), with a corresponding decrease in precision for invalid-cue trials (i.e., the
uncued syllables presented in the same sequence as a cued
syllable), relative to no-cue trials. Cueing also reduced the
effect of serial position on recall, as evidenced by the significant interaction between the valid-cue condition and both
linear and quadratic effects of position. In particular, the prototypical decrease in accuracy (or in this case precision) for
items in the middle of a list, which was present in the no-cue
condition for this experiment, was eliminated by cueing. In
summary, the results of Experiment 2 showed that the distribution of resources is flexible and can be influenced by attention.

Results
Deviation Scores were calculated in the same manner as before. Figure 3 shows the Deviation Scores as a function of
attentional cueing.

Deviation Score

19
17

General Discussion

Condition

In the visual domain, evidence from experiments measuring
the deviation of responses from the target instead of binary
accuracy has provided support for a resource model of working memory. Moreover, the division of such resources has
been shown to be flexible and subject to regulation through
top-down attention. Through the use of similar continuous
measures in a phonological working memory task, we were
able to (a) verify the predictions of a resource model for phonological materials, and (b) to show that, as in the visual domain, resources can be flexibly allocated, such that items prioritized by top-down attentional cues will receive more resources at the cost of those that are deprioritized. These results are consistent with a flexible resource model of phonological working memory and, more generally, with a domaingeneral mechanism of resource allocation operating on both
visual and verbal domains, as proposed in Baddeley and
Hitch’s (1974) central executive.
A key advantage of a resource model is its biological plausibility: it has been proposed that the quality of the representations stored in working memory is proportional to the gain
(amplitude of neural activity) of the populations of neurons
encoding those representations (van den Berg, Shin, Chou,
George, & Ma, 2012). Due to the energy cost of maintaining
high gain, there is an upper bound on the total activation
across populations. Given these constraints, the optimal
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Figure 3: Deviation Score as a function of cue condition and
serial position in Experiment 2. Error bars are 95% CIs.
To test for effects of cue condition, we used an LMEM with
fixed effects for cue condition (contrast-coded as valid-cue
vs. no-cue and invalid-cue vs. no-cue), position, the interaction between cue condition and position, and the same covariates as Experiment 1. The random effect structure included
random intercepts for participants and syllables, along with
random slopes for cue condition, position, and the interaction
between the two by participant and syllable. Valid-cue trials
had significantly lower Deviation Scores (t = −3.34, p = .002)
and invalid-cue trials had significantly higher Deviation
Scores (t = 2.76, p = 0.008) compared to no-cue trials. There
was also a significant main effect of serial position, with Deviation Scores decreasing for more recent syllables (t =
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strategy for a resource allocation mechanism is to divide the
available gain between items in proportion to their relative
importance (e.g., based on attentional cues)—which would
produce precisely the pattern of performance observed in the
experiments described in this paper and previous experiments
in the visual domain. The identification of working memory
resources with neural gain also provides a natural explanation
for the relationship between working memory and attention,
in that attention has been shown to modulate neural gain (e.g.,
McAdams & Maunsell, 1999). This is consistent with the
claim that working memory is the subset of long-term
memory currently within the focus of attention (e.g., Cowan,
2001).
One might object that the manipulation employed in the
current study does not reflect how people process language
in everyday life. While it is certainly true that the processing
of phonemes in the context of words and sentences involves
additional operations, the main point that these experiments
make is that similar principles can explain the division of resources in clearly separate domains of vision and auditory
verbal processing. Moreover, we have demonstrated that, as
in the visual domain, a continuous deviation score can be obtained and used to measure the performance of phonological
working memory. Future work can take advantage of these
results and further explore the degree to which low-level information is retained in phonological vs. visual working
memory during processing of larger units like words and sentences.
Finally, while the current results do not speak directly to
another critical debate regarding the effect of temporal delay
vs. interference on working memory performance (e.g.,
Oberauer & Lewandowsky, 2008), the paradigm used in this
study easily lends itself to manipulations of time delay and
the similarity between stimuli that can help distinguish between decay and interference models.
In conclusion, the results of this work shed light on the nature of the central executive proposed by Baddeley and Hitch
(1974) by specifying a clearly defined, empirically falsifiable, and biologically plausible mechanism for its operation:
the central executive divides resources continuously between
domain-specific representations that need to be held in working memory, and, in both visual and verbal domains, the partitioning of these resources is determined by the prioritization
of items in the attentional space.
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Abstract
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Infants learn the sound categories of their language and adults
successfully process the sounds they hear, even though sound
categories often overlap in their acoustics. Most researchers
agree that listeners use context to disambiguate overlapping categories. However, they differ in their ideas about how context
is used. One idea is that listeners normalize out the systematic
effects of context from the acoustics of a sound. Another idea
is that contextual information may itself be an informative cue
to category membership, due to patterns in the types of contexts
that particular sounds occur in. We directly contrast these two
ways of using context by applying each one to the test case of
Japanese vowel length. We find that normalizing out contextual
variability from the acoustics does not improve categorization,
but using context in a top-down fashion does so substantially.
This reveals a limitation of normalization in phonetic acquisition and processing and suggests that approaches that make use
of top-down contextual information are promising to pursue.

Log Duration

Figure 1: Acoustic distribution of Japanese vowel duration in
spontaneously produced infant-directed speech. Data are from
the R-JMIC corpus, as described in the Data section.

Keywords: speech perception; phonetic category acquisition

One of the first tasks infants face when acquiring their native
language is learning what its sound categories are, a task that
involves grouping sounds that vary continuously into discrete
categories. Even once people have learned their language
and its sound categories, they still need to be able to map
a particular acoustic pronunciation they hear to one of those
categories, in order to process speech effectively. These can be
difficult tasks because there is often a lot of overlap between
categories in terms of how they are acoustically realized (Bion,
Miyazawa, Kikuchi, & Mazuka, 2013), and this overlap can
mask which sounds should be grouped together.
A prime example of this is Japanese vowel length, the test
case we consider in this paper. In Japanese, vowel length
is contrastive: whether a vowel is phonologically short or
long can change the meaning of a word (e.g. /biru/ means
building, but /bi:ru/ means beer). Short and long vowels are
separate sound categories, yet analyses have shown that they
overlap substantially in their durations.1 That is, a particular
production of a phonologically short vowel can be longer
than a particular production of a phonologically long vowel.
In fact, because only 9% of Japanese vowels are long, the
combined distribution of vowels is unimodal (Figure 1). Cases
like this one are problematic for classic distributional learning
approaches, which posit that listeners make use of clusters
1 We

use vowel length to refer to the phonological status of a
vowel and vowel duration to refer to the physical acoustic property of
a vowel (i.e. how long the speaker took to produce that sound). It is
thought that vowel duration is the main acoustic cue to vowel length.
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or peaks in the acoustic data they hear to learn and process
sounds (Maye, Werker, & Gerken, 2002; Bion et al., 2013).
How do infants learn the sound categories of their language
and how do adults process the sounds of their language when
there is so much overlap in the speech they hear? A large body
of work has argued that listeners use context to disambiguate
sound categories, but researchers differ in their ideas about
how context is used. One idea is that the context a sound
occurs in systematically affects how that sound is produced
and causes overlap in sound categories. Listeners then factor
out the effect of context from the acoustics (‘normalization’
or ‘adaptation’) (e.g. McMurray & Jongman, 2011; Dillon,
Dunbar, & Idsardi, 2013; Kleinschmidt & Jaeger, 2015). Another idea, which is not mutually exclusive from the first, is
that sound categories differ in the types of contexts or environments they are likely to occur in for phonotactic, lexical, and
other reasons. Listeners use this top-down information about
which sound is most likely to occur in the context they heard
to supplement acoustic cues (e.g. Ganong, 1980; Feldman,
Griffiths, Goldwater, & Morgan, 2013). These ideas have been
studied extensively; however, we have limited knowledge of
the extent to which each one is effective on realistic data.
In this work, we directly contrast these two ways of using
context by testing their relative efficacy in separating overlapping vowel length categories in Japanese. We show that
factoring out context from the acoustic cues does not improve
category separability, while using context as a direct cue parallel to acoustic cues does - and substantially. This result
reveals limitations in the efficacy of factoring out systematic
variability, and suggests that approaches that make use of topdown contextual information are promising to pursue in future
research.

Context in Phonetic Perception
This paper contrasts two ideas for how context could be used in
the acquisition and processing of overlapping sound categories.
The first is based on the idea that contextual factors (broadly
construed to include speaker, neighboring sounds, speech rate,
etc.) systematically and predictably affect the acoustic realization of particular sounds, causing the observed overlap
between different categories. The idea is that context can be
“factored out” of the acoustics, in order to reduce category overlap. Listeners might do this either by learning the structure of
the variability and undoing its effect (‘normalization’), or by
building a separate model of the mapping between acoustics
and categories for each context a sound occurs in (‘adaptation’). Both normalization and adaptation have considerable
scientific support. A body of experimental work has convincingly shown that listeners’ perception of a particular sound
can be changed by modifying the speaker (Nearey, 1978), the
neighboring sounds (Mann & Repp, 1980), or the speech rate
(Fujisaki, Nakamura, & Imoto, 1975) of the surrounding utterance. This set of findings has generally been interpreted as
support for the idea that listeners take into account systematic
variability when making categorization decisions - at least on
controlled lab or synthetic speech. These findings have been
supplemented by computational work, which has found that
models that take into account systematic variability achieve
better matches with human performance than models that
do not, both in adult categorization (McMurray & Jongman,
2011) and sound category acquisition (Dillon et al., 2013).
The second idea, which is not mutually exclusive from the
first, is that sound categories differ in the types of contexts or
environments they are likely to occur in for phonotactic, lexical, historical and other reasons. Just knowing the context of a
target sound, then, could be informative about what category it
is likely to be. Listeners might supplement bottom-up acoustic
cues with this type of top-down contextual information, when
learning and categorizing the sounds they hear. Indeed, experimental work has shown that participants in speech perception
experiments are biased to choose sound categorizations that
result in words over non-words (Ganong, 1980), as well as
phonotactically legal sequences over sequences that violate
phonotactic constraints (Brown & Hildum, 1956). Feldman
et al. (2013) showed that a computational model that used
information about the word frames that sounds occurred in
resulted in an improvement in sound category learning over
models that did not incorporate lexical information.
The literature on these two ideas is extensive, but is not
conclusive on what role each of these strategies plays in acquisition and processing. Many of the studies that are cited
as classical evidence for factoring out systematic variability
are consistent with using top-down linguistic information, and
vice versa. As an example, Port and Dalby (1982) showed that
whether participants perceived a particular stimulus as being
the word rapid or rabid changed depending on the duration of
the vowel that preceded the /p/ or /b/. This finding was originally taken as evidence that participants were normalizing the
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acoustics for speech rate. However, it was later considered
evidence that participants were using the duration of the vowel
as a direct cue to determining the identify of the consonant
(Toscano & McMurray, 2012). Because these ideas have been
somewhat conflated in the literature, it is hard to evaluate their
relative contribution to acquisition and processing. In addition, because most of the evidence for these ideas comes from
work on synthetic or controlled lab speech, we have limited
knowledge about whether they are also effective on more naturalistic speech. This paper isolates the two ideas and tests
their relative efficacy in separating overlapping categories, by
applying them to the Japanese vowel length contrast.
Japanese vowel length is an ideal test case because there
is evidence that both of these strategies could be helpful in
overcoming the overlap between short and long vowels. On
the one hand, research has shown that factors such as vowel
quality (Hirata, 2004; Bion et al., 2013), speech rate (Hirata,
2004), prosodic position (Martin, Igarashi, Jincho, & Mazuka,
2016), and neighboring sounds (Hirata & Whiton, 2005) all
affect the duration of Japanese vowels. It is possible that these
factors could cause overlap between short and long vowels,
in which case factoring out the effect of context would be
effective. On the other hand, there is also evidence that there
are systematic differences between short and long vowels in
the types of contexts and environments that they occur in. For
example, different vowel qualities (a, e, i, o, u) have different
relative proportions of short and long vowels, short and long
vowels differ in the types of sounds they co-occur with (Hirata,
2004), and long vowels are less likely to occur phrase-finally
in some strata of the Japanese lexicon (Moreton & Amano,
1999). Listeners could exploit these contextual patterns in a
top-down process to better process and learn the contrast.
In what follows, we compare the relative efficacy of these
two strategies in separating overlapping categories by testing
how well each of them categorizes Japanese vowels as short
or long. Analysis 1 tests whether normalization improves categorization performance. Following Cole, Linebaugh, Munson,
and McMurray (2010) and McMurray and Jongman (2011),
and Nearey (1990), we implement the idea of factoring out
systematic variability by regressing out contextual variability
from acoustic cues. We then test whether a logistic regression
categorization model that uses normalized cues outperforms
ones that use unnormalized cues. Analysis 2 tests whether using top-down contextual information improves categorization
performance, by comparing a logistic regression that only uses
acoustic cues to ones that also use contextual factors as direct
predictors of category membership.
We choose to implement factoring out systematic variability
as normalization rather than adaptation because normalization
allows us to isolate the two ways of using context in a way
that adaptation does not.2
2 Adaptation

builds separate models for each context a sound
occurs in, allowing it to make use of top-down information about
how likely each category is to occur in a particular context, in addition
to factoring out systematic acoustic variability.

Data
The data we use come from the RIKEN Japanese MotherInfant Conversational Corpus (Mazuka, Igarashi, & Nishikawa,
2006). The data were originally collected by recording the
speech of 22 mothers who visited the lab with their 18- to
24-month old children. The mothers first played with their
child with picture books. They then played with their child
with toys. Speech by the mother in these two sessions was
labelled as infant-directed. In the final session, the mothers
talked to a female experimenter and the mother’s speech in
this session was labelled as adult-directed. The corpus consists
of about 14 total hours of speech, and is hand-labelled for both
phonetic and prosodic information.
We extracted information about each of the vowels produced
by the mothers, but excluded singing, coughing, devoiced
vowels, diphthongs, and any segments that the researchers
could not transcribe. This left 92003 total vowels, 30035 of
which were in the adult-directed section of the corpus and
61968 of which were in the infant-directed section of the
corpus. All of the analyses we report were run on the infantdirected part of the corpus, plotted in Figure 1.3

in its AP, the next three its position in its IP, and the last
three its position in the utterance. Unlike the previous two
variables, this one marked the position of the vowel itself
rather than its containing word.
• Speech rate: We extracted the average syllable duration of
both the word and utterance the vowel was in (pauses were
excluded in calculations). We also extracted the duration
of the previous (and following) sound. For vowels without
immediately preceding (or following) sounds, we used the
overall average previous (and following) duration.
• Neighboring sound: We extracted the quality of the previous and following sounds, as well as whether or not they
were geminate consonants.
• Part-of-speech: We coded whether each vowel was in a
function or a content word based on part-of-speech annotations in the corpus.

Analysis 1: Removing Systematic Variability
In this section, we test to what extent normalizing out systematic variability from acoustics can help disambiguate short and
long vowels.

Acoustic cues

Methods

We extracted acoustic information about each vowel:
• Duration: We extracted vowel duration in seconds.
• Formants: Although, up to this point, we have only discussed duration, previous work has shown that spectral information can improve categorization performance (Hirata,
2004). As a result, we used the first three formants at the
vowel midpoint which were automatically extracted using
Praat (Boersma, 2001) by Antetomaso et al. (2017).

We compare categorization models that make use of normalized acoustic cues to ones that make use of unnormalized
acoustic cues. The unnormalized cues are the duration and
formants taken directly from corpus annotations. To obtain the
normalized acoustic cues, we train a linear regression model
to predict each vowel’s acoustic cues (duration and formants)
from its context (speech rate, neighboring sounds, etc., as
listed under Contextual Information). The model’s prediction represents what we expect the vowel’s acoustic cues to be
based on its context. Once we have these predictions, we calculate each vowel’s normalized acoustic cues by subtracting that
vowel’s predicted acoustic cues from its actual acoustic cues
(i.e. by taking the residuals). This step effectively subtracts
out the influence the context had on each vowel’s acoustic
cues. We vary whether or not we factor out the effect of partof-speech from the acoustics. We want our analyses to apply
to both acquisition and adult speech perception and because
infants probably do not have access to part-of-speech information when learning about vowel length, we test how effective
normalization is both with and without part-of-speech.
Once we have the normalized cues, we train logistic regression models to predict each vowel’s length either from its
unnormalized or its normalized acoustic cues. These logistic
regressions take the input acoustic cues and output the relative
probability that the vowel is short or long. The vowel is categorized as belonging to the category with higher probability.
To train the linear and logistic regressions, the data are
divided into a training set (90% of the data) and a test set (10%
of the data), keeping the relative proportion of short and long
vowels constant across the sets. For normalization, the linear
regression equation is estimated on the training set, but is used
to normalize the acoustic cues in both the training and test set.
The logistic regression is trained on the same training set as

Contextual information
We also extracted a set of contextual factors about each vowel:
• Vowel quality: This was a categorical variable that took
one of five values: /a/, /e/, /i/, /o/, /u/.
• Speaker: This was a categorical variable with one of 22
different possible values.
• Accented?: This was a binary variable that took a value of
1 if the vowel was accented and 0 if it was not.
• Condition: This variable indicated whether the mother
uttered the vowel to their child while they were playing
with books or with toys.
• Prosodic position: We extracted a categorical variable that
indicated whether the word that the vowel occurred in was
at the end of an accentual phrase (AP), at the end of an
intonational phrase (IP), at the end of an utterance, or none
of the above. We extracted a second categorical variable,
which indicated whether the word that the vowel was in was
AP-initial, IP-initial, utterance-initial, or none of the above.
Finally, we extracted a vector of binary variables, of which
the first three elements indicated the position of the vowel
in the word (initial, medial, final), the next three its position
3 We also ran these analyses on the adult-directed part of the
corpus and found comparable results.
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Model
Model 1: Unnormalized baseline
Model 2a: Normalized (no part-of-speech)
Model 2b: Normalized (with part-of-speech)
Model 3a: Top-down information (no part-of-speech)
Model 3b: Top-down information (with part-of-speech)

Accuracy
91.0
91.0
91.0
95.1
95.3

Short Accuracy
98.8
99.5
99.5
99.0
99.0

Long Accuracy
13.4
6.1
5.8
60.0
61.6

BIC
28698
31552
31644
17784
16760

Table 1: Summary of results from Analysis 1 and 2. Analysis 1 compared the Unnormalized/Baseline model to the two
Normalized models. Analysis 2 compared the Unnormalized/Baseline model to the two Top-down information models.
the linear regression (except that the acoustic cues are now
normalized). In order to make sure that the models performed
consistently, we randomly split the data into training and test
sets 10 separate times, ran each model ten times, and averaged
performance across these ten runs.
We report two types of evaluation metrics for each model
we present. First, we report overall categorization accuracy on
the unseen test set, which is the percentage of all vowels in
the test set that the model categorized correctly, as well as the
accuracy on just short vowels and just long vowels. Second,
we report the Bayesian Information Criterion (BIC) for each
model, which is a common metric used to select between
different models. It has the property that it prefers simpler
models, all else being equal, and lower values are better.

did not support this hypothesis. Our main finding was that
normalization did not increase separability between short and
long vowels, as evidenced by no improvement in categorization. Given how prevalent this hypothesis has been in the
literature, the results are surprisingly bad and suggest that
normalization in the duration and formant cues may not be the
solution to the Japanese vowel length contrast problem. We
return to the question of why we observed these results in the
General Discussion.

Analysis 2: Using Top-down Information
In this section, we test to what extent making use of top-down
contextual information, in addition to bottom-up acoustics,
could help in the acquisition and processing of Japanese vowel
length. In this analysis, context is used to directly predict the
identity of a vowel, rather than to predict its acoustics, as was
done in Analysis 1.

Results
A summary of the results is presented in Table 1.
Unnormalized Model (Model 1) The baseline model used
unnormalized duration and formants as predictors of category
membership, without regressing out the effects of context.
This logistic regression model reached an overall accuracy
of 91.0%. It got 98.8% of short vowels correct and 13.4%
of long vowels correct. It had a BIC of 28698. While the
overall accuracy and the accuracy on short vowels seem quite
impressive, a model could get 90.9% accuracy just by guessing
‘short’ for every vowel token.
Normalized Models (Models 2a-2b) These two models
both used normalized duration and formants as predictors of
categorical membership, but we varied whether we regressed
out part-of-speech. Without regressing out part-of-speech, the
model reached an overall accuracy of 91.0%. It got 99.5%
of the short vowels correct, and 6.1% of the long vowels correct. It had a BIC of 31552. With part-of-speech regressed
out, the model reached an overall accuracy of 91.0%, getting
99.5% of the short vowels correct, and 5.8% of the long vowels correct. It had a BIC of 31644. Both models showed worse
performance compared to the unnormalized model, with lower
accuracy on long vowels and an increase in BIC. Normalizing
out the effect of part-of-speech resulted in worse performance
than ignoring its effect.

Discussion
Previous work suggests that factoring out systematic variability could be helpful in the acquisition and processing of the
Japanese vowel length contrast; however, our current results
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Methods
As in the previous analysis, we use logistic regression models
as our categorization models, but in this analysis, we do not
run any linear regressions to regress out context from acoustics.
The baseline model was identical to Model 1 in Analysis 1.
This was compared against two logistic regression models
that predicted vowel length from unnormalized acoustic cues,
plus the contextual factors described in the Data section. As
before, we varied whether part-of-speech was included. The
models were again evaluated using overall, short vowel, and
long vowel accuracies, as well as BIC.

Results
The results are summarized in Table 1.
Baseline Model (Model 1) The baseline model was identical to the unnormalized model in Analysis 1 (see Table 1).
Top-Down Information Models (Models 3a-b) In these
two models, in addition to using unnormalized duration and
formants to predict vowel length, we also used contextual factors as direct predictors of vowel length. When we did not
include part-of-speech, the model achieved 95.1% accuracy
overall, getting 99% of short vowels right, and 60% of long
vowels right. It had a BIC of 17784. With part-of-speech,
the model had 95.3% overall accuracy, getting 99% of short
vowels right and 61.6% of long vowels right. It had a BIC
of 16760. Both of these models substantially outperformed
the baseline model, while adding part-of-speech as a predictor

additionally improved performance, lowering BIC and increasing long vowel and overall accuracy.

Discussion
We investigated to what extent using contextual information
as a direct cue to vowel length, in addition to acoustic cues,
helped in categorization. We found that this strategy drastically
improved accuracy and lowered BIC scores, suggesting that
this method separates short and long vowels quite well. Given
the relatively small set of factors we used, it is quite impressive
that we achieved this level of performance, and it suggests that
this is a promising strategy to pursue in future work.

General Discussion
This paper applied two ideas about how listeners might use
context in overcoming the overlapping category problem to
the test case of Japanese vowel length. Results showed that
normalizing the effect of context out of the acoustic cues did
not improve short and long vowel separability. On the other
hand, using contextual information as a direct cue to category membership resulted in much better separability between
categories, as evidenced by an improvement in categorization.
The fact that normalization was not helpful was surprising,
given how well-established this idea is in the field. The models we tested were supervised, and were given information
on what the vowel categories and relevant contextual factors
were, yet were still unable to separate short and long vowels.
The problem would be even greater in acquisition, where the
learner would need to simultaneously learn what the categories
are and how to factor out context from the acoustics.
Previous work using the same normalization techniques that
we employ here found improvements in accuracy. Although
it is difficult to directly compare improvement based on accuracy, two past studies reported increases of performance from
28.63% to 54% (Cole et al., 2010) and from 83.3% to 92.9%
(McMurray & Jongman, 2011). There are a few reasons why
we may have found different normalization performance.
First, in our case, there were many more short vowels than
long vowels, whereas in previous work, the categories were
more balanced. Binary classifiers can perform poorly on imbalanced data (He & Garcia, 2009), so it is possible that the bad
performance we observe is not due to normalization, but rather
to the categorization model. Although this is a legitimate concern, the categorization model in Analysis 2 achieves much
better categorization, which makes this explanation unlikely.
What is more likely is that imbalances in the proportion of long
and short vowels differed across contexts, and this affected
the results. Imbalances in a particular context - precisely the
signal that top-down models use - can impede normalization
by artificially shortening or lengthening the mean duration of
vowels in a context.
Second, it is possible that we are not factoring out the right
set of contextual factors for the Japanese vowel length case.
We only considered a small number of contextual factors, and
many of the factors we included were quite basic compared
to the complicated processes they represent. For example, we
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reduced all of the complexity of pitch accent to a single binary
variable. It is possible that representing the full complexity
of all of the relevant factors would improve results. However,
the fact that we were unable to include more sophisticated
factors does not explain the lack of improvement from what
was included. The model had access to many factors that
have been shown to systematically affect vowel duration in
Japanese, yet factoring them out did not improve results.
Third, it is possible that there was a problem with the particular implementation of normalization we used. While this
implementation has been effective in other cases (Cole et al.,
2010; McMurray & Jongman, 2011), it has not been applied to
spontaneous speech before, and it may be unable to capture the
structure of the contextual variability. We did not include interaction terms between factors in the linear regression as this
was computationally difficult, yet research has revealed that
these interactions exist. For example, vowels are lengthened
more in slow speech than in fast speech. Linear regression
models also assume that particular contextual factors add or
subtract a fixed duration, but it is possible that these factors affect duration in a different way (e.g. in a multiplicative fashion
by, for example, doubling the duration of the vowel). A more
complex normalization model might be more successful, by
better capturing the relationship between context and acoustics
However, as before, the fact that a more complex model could
improve performance fails to explain why normalization did
not help here. Previous work has shown that individual factors such as vowel quality, speech rate, and prosodic position
each have systematic effects on acoustics that are evident even
when variability in other factors is not controlled for. Our
model can normalize out these individual effects, but doing so
did not improve performance.
Fourth, it is possible that factoring out systematic variability
is not a strategy that would work for the particular case of
the Japanese vowel length contrast. For instance, it may be
the case that top-down information is sufficient to distinguish
most long/short minimal pairs without attending to the acoustic
duration at all, so that in conversational speech, the durational
contrast is mostly neutralized. Under this account, factoring
out systematic variability would work for contrasts with high
functional load, where speakers must produce a perceptible
contrast in order to be understood, but might be ineffective for
contrasts with low functional load, where speakers might not
produce an acoustic contrast all the time. Further research is
needed on what cues adult listeners use to distinguish Japanese
long and short vowels, and in general, what sorts of problems
can be solved by factoring out variability.
Finally, it is possible that factoring out systematic variability
is not effective for spontaneously produced speech. Although
a body of work has argued that listeners do factor out systematic variability from the acoustics (McMurray & Jongman,
2011; Mann & Repp, 1980), most of this work has studied
carefully controlled laboratory speech or synthetic speech, instead of spontaneous speech, and typically manipulated the
influence of one contextual factor at a time. It is possible

that in spontaneous speech, which has been shown to be quite
different than laboratory speech (Wagner, Trouvain, & Zimmerer, 2015), there are so many individual factors involved
and interacting with one another that normalization becomes
ineffective. However, this idea is difficult to reconcile with
the automatic speech recognition literature, where speaker and
speech rate are taken into account in many systems, and are
often used when dealing with real, messy speech. Pursuing
this possibility would require revisiting some previous work
that showed improvements from normalization.
Overall, we do not yet have enough evidence to make a
strong claim about which of these (and other) possibilities is
correct. In ongoing and future work, we will test the efficacy of
normalization in other test cases of overlapping categories, on
Japanese laboratory speech, with more and more sophisticated
contextual factors, and we will use neural networks to implement more sophisticated normalization techniques. This will
allow us to better understand the pattern of results observed
here, as well as allow us better delineate when factoring out
systematic variability is helpful and when it is not.
In Analysis 2, we showed that an alternative hypothesis
where the factors were used as independent predictors of vowel
length resulted in improved categorization performance. Given
the small set of factors we included, it is quite impressive that
we are able to correctly classify around 99% of the short
vowels, as well as over 60% of the long vowels, given just
how much they overlap along the duration dimension. At
minimum, this should be taken as evidence that it is possible to
improve categorization performance substantially, even when
the base categorization rate is over 90% due to a high rate
of short vowels. More strongly, this suggests a promising
alternative to consider in future work. Although our use of
supervised models means we cannot draw strong conclusions
about acquisition, these results show that there is signal in
the data that could be exploited. Ultimately, if we can show
that short vowels have quite different distributions than long
vowels when we include non-acoustic information, then we
can start to study unsupervised versions of this model.
In this paper, we contrasted two ways of using context to
overcome the overlapping categories problem: factoring out
systematic variability arising from the context and using contextual information as a direct cue to category membership
in a top-down fashion. Our intention is not to imply that the
true solution is one or the other, but rather to study the relative contribution of each of these hypotheses separately. Our
results call into question the idea of factoring out systematic
variability on its own. It may still be useful when combined
with other ideas, and future research should consider strategies,
like adaptation, that integrate both ideas.
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Abstract

ture of folk pedagogy and cultural learning (Tomasello et al.,
2005; Boyd, Richerson, & Henrich, 2011).
We examine learning from demonstration from the perspective of Theory of Mind (Dennett, 1987; Baker, Saxe,
& Tenenbaum, 2009) and communication via recursive social reasoning (Sperber & Wilson, 1986; Shafto, Goodman,
& Griffiths, 2014). Theory of Mind is the capacity to reason about one’s own or others’ mental states (such as beliefs, desires, and intentions) and interpret behavior in light
of these mental states. Previous work focuses on how observers reason about agents that are simply doing activities
such as pursuing goals (Gergely, Nádasdy, Csibra, & Bı́ró,
1995) or interacting with others besides the observer (Heider
& Simmel, 1944; Hamlin, Ullman, Tenenbaum, Goodman,
& Baker, 2013). However, people often intentionally teach
(Csibra & Gergely, 2009) and demonstrators who are showing how to do a task behave in ways that differ systematically
from those simply doing a task (Ho, Littman, MacGlashan,
Cushman, & Austerweil, 2016).
Here, we present a new framework for modeling how people teach by and learn from demonstrations that combines elements of planning (Puterman, 1994; Sutton & Barto, 1998)
and cognitive hierarchy (Camerer, Ho, & Chong, 2004). This
has several theoretical advantages and can capture new aspects of data originally reported in Ho et al. (2016). We develop a model of sophisticated observers who not only reason about another agent doing a task, but also reason differently about a demonstrator’s communicative versus noncommunicative goals, thus learning more effectively than a
naı̈ve observer who is insensitive to this distinction. Finally,
we present the results of an experiment in which participants
observed the behavior of another agent doing or showing how
to do a task, and participants were told either that they were
or were not produced with communicative intent. The model
shows a correspondence to peoples’ judgments, providing
further support for this framework for modeling teaching with
and learning from demonstration.

When observing others’ behavior, people use Theory of Mind
to infer unobservable beliefs, desires, and intentions. And
when showing what activity one is doing, people will modify
their behavior in order to facilitate more accurate interpretation
and learning by an observer. Here, we present a novel model of
how demonstrators act and observers interpret demonstrations
corresponding to different levels of recursive social reasoning
(i.e. a cognitive hierarchy) grounded in Theory of Mind. Our
model can explain how demonstrators show others how to perform a task and makes predictions about how sophisticated observers can reason about communicative intentions. Additionally, we report an experiment that tests (1) how well an observer can learn from demonstrations that were produced with
the intent to communicate, and (2) how an observer’s interpretation of demonstrations influences their judgments.
Keywords: Theory of Mind; Communicative Intent; Cognitive Hierarchy; Reinforcement Learning; Bayesian Pedagogy

Introduction
People often learn by observing others’ demonstrations. Consider learning how to tie your shoes. It would be difficult
to learn shoe tying through trial-and-error, which is why we
usually learn how to do it from others. However, by itself,
being in the presence of social others who are adept at tying shoes is insufficient: imagine trying to learn to tie your
shoes by only examining finished knots or briefly watching
as someone ties their shoes before rushing out the door. That
would be difficult. Instead, people often engage in teaching
interactions in which a demonstrator intentionally communicates the structure of a task or skill while an observer intently
watches, aware of the demonstrator’s pedagogical aims. The
demonstrator, to better teach, might modify their behavior to
better disambiguate a task, while the observer, to properly
learn, might interpret actions in light of these teaching goals
to draw better inferences. This form of interaction supports
learning in a variety of domains, from learning everyday tasks
like shoe tying to complex technical skills to nuanced social
norms. Understanding the cognitive processes that support
this capacity is thus critical for a painting a complete pic-
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Modeling Teaching with and Learning from
Demonstration
To model demonstrator behavior and observer inferences, we
draw on two approaches. Aspects of Theory of Mind have
been modeled as inverse planning (Baker et al., 2009). Meanwhile, recursive social reasoning has been modeled as a cognitive hierarchy (Camerer et al., 2004), where inferences and
actions result from Bayesian agents modeling one another.
This has been applied to domains such as pragmatics (Frank
& Goodman, 2012) and strategic games (Wunder, Kaisers,
Yaros, & Littman, 2011). Building on these approaches, we
introduce a new model of showing as planning in observer
belief space and a model of learning from showing.
Figure 1: Cognitive hierarchy levels and model notation.

Theory of Mind as Inverse Planning
update their beliefs in accordance with Bayesian inference:
Markov Decision Processes (MDPs) (Puterman, 1994) can
be used to model intentional action (that is, doing a task)
and serve as the generative model for Theory of Mind inference (Baker et al., 2009). A ground MDP, Mi 2 M is
a tuple < S , A , Ti , Ri , g >: a set of ground states S ; a set
of actions A ; a transition function that maps states and actions to distributions over next states, Ti : S ⇥ A ! P(S ); a
reward function that maps state/action/next-state transitions
to scalar rewards, Ri : S ⇥ A ⇥ S ! R; and a discount factor g 2 [0, 1) that captures a preference for earlier rewards
or completing a task quickly. Associated with each MDP
is an optimal value function, Q⇤i : S ⇥ A ! R. Intuitively,
this corresponds to the maximum expected cumulative discounted reward (i.e. the value) that an agent could expect
to receive when taking an action a from a state s and acting optimally from then on. Formally, it is uniquely determined by the fixed-pointhof the recursive Bellman equations
i
Q⇤i (s, a) = Âs0 Ti (s0 | s, a) Ri (s, a, s0 ) + g maxa0 Q⇤i (s0 , a0 ) , for
each state s and action a. Q⇤i represents the value for a perfectly optimal agent. To account for deviations from this, we
assume each ”doing” agent uses a soft-max policy, which is
defined as:
pDo
i (at | st ) =

exp{Q⇤i (st , at )/tDo }
,
Âa0 2A (st ) exp{Q⇤i (st , a0 )/tDo }

Obs
bt+1
(Mi ) = P(Mi | st , at , st+1 )

µ P(at , st+1 | st , Mi )P(Mi )

= P(at | st , Mi )P(st+1 | st , at , Mi )P(Mi )

(2)

Obs
= pDo
i (at | st )Ti (st+1 | st , at )bt (Mi ).

That is, at each timestep, an observer’s beliefs is updated
based on the prior belief from the previous timestep, btObs ,
the likelihood of the observed state-action transition as given
by the optimal policy, pDo
i , and the transition dynamics, Ti ,
under the MDP Mi . For notational convenience, we define
a belief update function BU(st , at , st+1 , btObs ). The output of
Obs , the observer’s belief that the demonstrathis function is bt+1
tor is in each MDP given a state-action transition and previous
beliefs btObs .

Showing as Planning in Observer Belief Space
An observer can interpret a demonstrator’s behavior as doing
a task using Theory of Mind. But what if the demonstrator
is aware that they are being observed and motivated to show
what task they are performing? Then they may reason not
only about how their actions cause transitions and rewards
in the ground state-space, S , but also in the observer’s belief space, DM . We formulate a showing demonstrator, then,
as representing an Observer Belief MDP (OBMDP), MiShow ,
defined by the tuple < B , A , TiShow , RShow
, gShow >: a joint
i
belief-ground state-space, B = S ⇥ DM ; the original ground
actions, A ; a belief-ground state transition function, TiShow :
B ⇥ A ! B ; a showing reward function, RShow
: B ⇥ B ! R;
i
and a showing discount rate, gShow 2 [0, 1). (Note from now
on we will refer to the doing discount as gDo to explicitly distinguish it from gShow .)
We draw attention to two key components of our model of
showing as planning in observer belief space: the showing
reward function, RShow
, and the showing transition function,
i
TiShow . They are both influenced by the environment and observer’s belief state. When cooperatively showing what they

(1)

where tDo > 0 is a temperature parameter.
Given a generative model of a demonstrator’s actions as
produced from possible desires (i.e. reward functions), environment knowledge (i.e. states and transitions), and approximate rationality (i.e. acting to soft-maximize value), an
observing agent can perform Bayesian inference over worlds
(i.e. MDPs). Suppose, at time t, an observer has an initial belief over possible MDPs, btObs (Mi ). As they observe a demonstrator take an action and transition to a new state, they will
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Figure 2: (a) Example of behavior in doing versus showing demonstration conditions from Ho et al. (2016) and the instructions
for each condition. (b) Space of eight possible reward functions with different assignments of safe (0 points) and dangerous (-2
points) to each of the three colors. Labels like “ooo” are used later in this paper to reference specific reward functions. Note
that participants never directly saw the reward function and inferred them from instructions on a trial.
are doing or how to do a task, a demonstrator wants the observer to increase their belief in the true ground MDP, Mi .
However, they are still constrained by the rewards in the environment, determined by Ri . That is, they must plan actions with both communicative and non-communicative rewards in mind. Thus, we formulate RShow
as a combination
i
of ground rewards and weighted observer belief changes in
the true ground MDP, Mi :

reasons about showing demonstrators. Analogous to Equation 2, a sophisticated observer updates a distribution over
OBMDPs by reasoning about possible showing agents:
S-Obs
bt+1
(Mi )

µ pShow
(at | st , btObs )Ti (st+1 | st , at )btS-Obs (Mi ).
i

A sophisticated observer recognizes that actions are, in part,
pedagogically motivated. For instance, when teaching a child
how to tie their shoes, a parent might fold the laces to clearly
resemble “bunny ears”. A naı̈ve observer would only be
able to attribute those particular actions to task-related goals,
whereas a sophisticated observer could also reason about
them in relation to communicative goals.

Obs
RShow
(st , btObs , at , st+1 , bt+1
)
i
Obs
= Ri (st , at , st+1 ) + k(bt+1
(Mi )

btObs (Mi )),

(3)

where k controls the degree of a demonstrator’s motivation
to show. The showing transition function is similarly determined by the ground dynamics, Ti , as well as how an observer’s beliefs change in response to observed actions:
Obs
TiShow (st+1 , bt+1
| st , btObs , at )
(
Obs = BU(s , a , s
Obs
Ti (st+1 | st , at ), if bt+1
t t t+1 , bt )
=
0,
otherwise.

(5)

Summary
Here, we have developed a framework for modeling demonstrator behavior and observer interpretations of behavior
based on recursive social reasoning and Theory of Mind.
Different types of demonstrators and observers correspond
to different “levels” in a cognitive hierarchy, as illustrated
in Figure 1, allowing us to simultaneously model actions
and inferences about possible tasks as they unfold over time.
An implementation of the different models is available at
https://github.com/markkho/demonstration-teach-learn.

(4)

A showing demonstrator can then be modeled by calculating the solution to an OBMDP.1 That is, for MiShow , we can
calculate a value function and softmax policy that defines
actions to take in different world-belief states: pShow
(at |
i
st , btObs ) µ exp{QShow
(st , btObs , at )/tShow }, where tShow is a
i
showing temperature parameter.

Modeling Showing as Planning in Observer
Belief Space

Learning from Showing

Task

Just as a showing demonstrator has a nested model of an observing agent, we can define a sophisticated observer who

In Ho et al. (2016), we compared how people show a task to
how they do a task. Participants were given the gridworld in
Figure 2a, where they could move the blue agent up, down,
left, or right. Each round began in the same location and
ended upon reaching the yellow goal, worth 10 points. Also,
on each round, the reward for stepping on the remaining color
tiles (orange, purple, and cyan) changed. Each color could be

1 Although both plan over beliefs, an OBMDP is not equivalent to
a Partially Observable Markov Decision Process (POMDP) with the
true MDP as the hidden state. Due to Equation 4, an OBMDP value
function is not necessarily piecewise, linear, and convex, which is a
key property of a POMDP (Kaelbling, Littman, & Cassandra, 1998).
We approximate the OBMDP value function using value iteration
(Sutton & Barto, 1998) over a discretization of the belief space.
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Figure 4: Left: Participant demonstrations in doing condition
when only orange is dangerous. Right: Showing demonstrations with an example of extended behavior captured by the
model of planning in observer belief space in red.

Figure 3: Tests for Ho et al. (2016) data. See Figure 2 for
reward function codes. ⇤ p < .05, ⇤⇤ p < .01, ⇤⇤⇤ p < .001.

Markov in the world state-space, but Markov in the observer
belief space. For example, Figure 4 illustrates a person’s
showing demonstration from a single round in which specific
transitions are revisited and emphasized in a particular sequence. We can also compute teaching policies when the environment involves stochastic transitions (Ho, Littman, Cushman, & Austerweil, in prep), which cannot be modeled by selecting a deterministic trajectory. Finally, by (approximately)
computing a compact representation for showing policies,
pShow
, i = 1, 2, ..., n, we can compute the belief states of a
i
sophisticated observer who reasons about a demonstrator’s
communicative intentions (bS-Obs ). In the next section, we
present an experiment designed to compare the predictions of
a naı̈ve observer and this sophisticated observer model.

either safe (no points) or dangerous (-2 points), resulting in
eight distinct reward functions (Figure 2b).
In the test phase, participants were given a round with each
of the eight reward functions and were assigned to the doing or showing condition. Those in the doing condition were
simply told the reward values of each color. Those in the
showing condition were told the reward values, but they were
also told that their behavior would be shown to another participant. Critically, this other participant would need to know
which colors were safe and dangerous for a separate experiment. Additional experimental details can be found in Ho et
al. (2016).

Analysis of Ho et al. (2016) Results

Experiment: Learning from Showing

Does the current model explain showing? In an OBMDP, the
value of showing comes from the rewards associated with
transitions in an observer’s belief space. Thus, a model of
doing the task is a subset of showing the task, and we can
use a likelihood-ratio test to determine if showing explains
behavior. We fit the current model to individual participants
and rounds, varying gDo , tDo , gShow , and tShow . Since an OBMDP collapses into the original world MDP when actions
are uninformative, we used tDo = 1000 as the null model in
a likelihood-ratio test. Using this test on the original data,
we found that for the showing condition, seven out of eight
reward functions rejected the null model, while in the doing
condition, only one out of eight rejected it (all c2 (29) > 42.5,
p < .05, Figure 3).
The model of showing as planning in observer belief space
thus provides an account of how peoples’ showing demonstrations unfold over time. This represents several advances
over previous accounts such as that presented in Ho et al.
(2016). First, it directly integrates non-communicative rewards, such as losing points for being on certain tile colors, and communicative goals through RShow (Equation 3).
This allows us to model how people balance these motivations. Second, we can arbitrarily approximate the entire value
function and policy over observer belief space, rather than be
constrained to enumerated trajectories. In doing so, we can
directly model extended, repetitive behaviors that are non-

Given that the model accounts for demonstrator behavior,
we can investigate how demonstrator intentions and an observer’s interpretation influence what is ultimately learned.
To answer this question, we presented the empirical demonstrations obtained from the doing and showing demonstrator
conditions originally reported in Ho et al. (2016) to a new set
of participants. These participants were additionally placed
in either a doing or showing observer condition in which the
interpretation of a demonstration (whether it was originally
produced with the intent to show) was manipulated. Testing
both sets of demonstrations as well as both possible interpretations as separate factors enables us to understand how they
interact and each influence learning from demonstration.

Materials and Design
The stimuli used were the state/action/next-state tuples from
the original study. These were generated from the eight
main trials from the 29 participants in the doing and showing
demonstrator conditions, for a total of 464 demonstrations.
Each participant was told they would observe a single demonstration from a partner. They were also assigned to a doing
or showing observer condition. In the showing observer condition, but not the doing one, they were told that their partner “knows that you are watching and is trying to show you
which colors are safe and dangerous”. Next, they were shown
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Figure 5: (a) Probability on the correct answer produced by the model. (b) Accuracy of human judgments. (c) Reported
confidence of human judgments on a 0-100 scale. Error bars are bootstrap-estimated 95% confidence intervals.
a page with the animated demonstration and answered, for
each of the three colors (orange, purple, and cyan), whether
they thought it was safe or dangerous and their confidence on
a continuous scale (0 to 100). Each participant received a base
pay of 10¢ and starting from a bonus of 15¢ won/lost 5¢ for
each correct/incorrect answer. Two MTurkers were assigned
to each demonstration and observer instruction combination
using psiTurk (Gureckis et al., 2016).

observer instructions as fixed effects. We found significant variance across reward function intercepts (SD = 0.92,
c2 (1) = 760.26, p < .0001) and demonstrator (SD = 0.33,
c2 (1) = 63.10, p < .0001). The most complex model with a
significant increase in fit was one with the demonstrator and
observer instruction conditions as main effects, but without
their interaction. In the final model, there was a main effect
of demonstrator instructions (b = 0.40, SE = 0.11, z = 3.63,
p < .001), corresponding to showing demonstrations increasing accuracy by 1.5 times, holding other factors at fixed values. There was also a main effect of observer instructions
(b = 0.13, SE = 0.07, z = 1.97, p < .05), corresponding
to observers’ interpretation of demonstrations as intentional
showing increasing accuracy by 1.14 times.
We similarly analyzed the confidence judgments provided
by participants using a mixed-effects linear regression model.
Confidence on a 0 to 100 scale was the outcome variable,
while reward function, demonstrator, and observer were random effects, and demonstrator and observer instructions were
fixed effects. We found significant variance across reward
function intercepts (SD = 3.65, c2 (1) = 91.97, p < .0001),
demonstrator (SD = 1.20, c2 (1) = 23.72, p < .0001), and
observer (SD = 14.14, c2 (1) = 454.31, p < .0001). In the
final model, which did not include the interaction between
demonstrator and observer instructions, there was a main
effect of demonstrator instructions (b = 3.34, SE = 0.93,
t(57.2) = 3.59, p < .001) and observer instructions (b = 3.57,
SE = 0.87, t(1790.8) = 4.08, p < .001). In short, across both
measures (accuracy and confidence), we found main effects
of demonstrator and observer instructions (Figure 5bc).

Models
We implemented four models for the gridworld task: the doing agent, the showing agent, the naı̈ve observer, and the
sophisticated observer. The doing agent was parameterized
with gDo = .99 and tDo = .08, while the showing model with
a nested doing model was parameterized with gDo = .99,
tDo = 3.0, gShow = .9, and tShow = 1.0. These values were
chosen to produce trajectories that were qualitatively comparable to human demonstrations. For each reward function and
demonstrator type, one hundred trajectories were generated,
which were then fed to either a naı̈ve observer who performed
inference over possible models of doing (using the nested doing parameters) or a sophisticated observer who performed
inference over possible showing models. At the end of each
observation of a trajectory, we converted the final probability vector over possible MDPs to probabilities that each color
was safe/dangerous. For each reward function, these were
then converted to a corresponding probability on the true reward of the color that the demonstration was generated from.
As shown in Figure 5a, both model showing demonstrations
and sophisticated observing led to greater probability mass
assigned to the correct option.

Discussion

Experimental Results

We presented a computational framework for modeling
demonstrator behavior and observer interpretation based on
Theory of Mind (Baker et al., 2009) and recursive social reasoning (Camerer et al., 2004). In our models, the meaning
of actions is grounded in what an agent performing a task
would do, and a showing demonstrator is modeled as planning in the belief space of a naı̈ve observer using Theory of

For both accuracy of which colors were safe/dangerous and
confidence, we found main effects of both the demonstrator
and observer instructions. For judgment accuracy, we used a
repeated-measures logistic regression with correct/incorrect
as the outcome variable, reward function and demonstrator as random effects, and demonstrator instructions and
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Mind. A sophisticated observer is then one who also reasons
about the communicative goals of a showing demonstrator to
draw stronger inferences about what they are being shown.
This model has a number of advantages over one originally
presented in Ho et al. (2016), and we found that it captures
new aspects of the data in that study. Further, we can model
the inferences of a sophisticated observer. In an experiment
that used previously collected demonstrations, we found that,
consistent with our models, both the observer’s interpretation
of behavior as showing and demonstrator’s communicative
intent to show positively influence learning.
Our approach draws on a number of existing ideas and relates to several other lines of research. Related formalisms
have been explored in the context of making robot actions
legible (Dragan, Lee, & Srinivasa, 2013) and from a “value
alignment” perspective (Hadfield-Menell, Russell, Abbeel, &
Dragan, 2016). Within cognitive science, this work builds on
models of concept teaching by example (Shafto et al., 2014)
and sequences of teacher interventions (Rafferty, Brunskill,
Griffiths, & Shafto, 2016) as recursive reasoning and partially observable planning, respectively. Additionally, similar models have been used to study how people generate and
interpret pragmatics in language (Frank & Goodman, 2012).
This work can be seen as a direct extension of the work in
pragmatics to forms of non-verbal communication where the
“semantics” of communicative behaviors are determined by
world-directed intentional action (i.e. doing tasks).
There are several directions to explore with these models.
For instance, they make predictions about the time course of
naı̈ve versus sophisticated observer inferences, but our experiment did not test these directly. Important differences might
arise in more complex domains with longer time horizons.
Also, we model belief space transitions as deterministic and
known with certainty, but in reality this is rarely the case.
“Uncertainty in the observer’s uncertainty” could have an influence on demonstrator behavior that cannot be explained by
the current model. Finally, some work in linguistics explores
the back-and-forth of conversations from the perspective of
recursive social reasoning (Hawkins, Stuhlmüller, Deegan, &
Goodman, 2015). This work could be extended to model situations in which both the teacher and learner can take actions
while observing and reasoning about one another. Future
work will need to explore these questions to provide a clearer
picture of everyday teaching, social learning, and communication.
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words tend to be easier to learn. Researchers hypothesize that
concrete words have richer representations in memory, and
this richer representation provides more opportunities for the
learner to associate the L2 word with the L12 word. Another
predictor of learning ease is whether the L2 wordform is a
cognate (largely shares form and meaning) of the L1 form
(e.g., ‘actor’ in English and Spanish). Studies have
manipulated word frequency (both L1 frequency and L2
exposure), but this predictor does not have a simple robust
effect (De Groot & Keijzer, 2000). Finally, there is a body of
work on translation ambiguity, showing that if a word in one
language has two distinct translations into another language,
it will be harder to learn (Bracken, Degani, Eddington &
Tokowicz, 2017).
Other potentially interesting factors that could matter for
L2 word learning have been proposed but not yet studied (De
Groot & Van Hell, 2005). Because L2 word learning studies
are typically conducted in small classrooms or laboratories, it
has been difficult to study word level factors at scale. There
have been several recent calls in the L2 literature to move
beyond small classroom studies and towards more
quantitatively robust analyses (e.g. Milin, Divjak,
Dimitrijevic, & Baayen, 2016; Norris & Ortega, 2000). One
larger scale study successfully assessed some factors that
predict L2 word recognition in fluent bilinguals (Lemhöfer et
al, 2008). Furthermore, there has been a broader call in the
cognitive sciences to use big and natural datasets to shed light
on the questions that the field has been struggling to answer
with experimental studies (Paxton & Griffiths, 2017).
Here, we analyze a big and naturally occurring dataset to
analyze word level factors that may affect word-learning
performance of L2 English learners. The dataset we use
contains a total of 36,799 people using the program Duolingo
to learn English (Settles & Meeder, 2016).

What makes some words harder to learn than others in a second
language? Although some robust factors have been identified
based on small scale experimental studies, many relevant
factors are difficult to study in such experiments due to the
amount of data necessary to test them. Here, we investigate
what factors affect the ease of learning of a word in a second
language using a large data set of users learning English as a
second language through the Duolingo mobile app. In a
regression analysis, we test and confirm the well-studied effect
of cognate status on word learning accuracy. Furthermore, we
find significant effects for both cross-linguistic semantic
alignment and English semantic density, two novel predictors
derived from large scale distributional models of lexical
semantics. Finally, we provide data on several other
psycholinguistically plausible word level predictors. We
conclude with a discussion of the limits, benefits and future
research potential of using big data for investigating second
language learning.
Keywords: second language learning; vocabulary; big data;
corpus analysis; distributional semantics;

Introduction
Spanish speakers learning English on Duolingo are more than
twice as likely to err with the word ‘blue’ than with the word
‘gray’. They are also about 1.5 times more likely to make a
mistake with the word ‘blue’ than Italian speaking learners
are.1 What explains such differences in word learning? In this
paper we investigate these questions by examining which
word level factors predict accurate word learning in a large,
naturalistic dataset of Spanish, Italian, and Portuguese
speakers learning English.
The second language (L2) literature has identified several
word level factors that predict how easy a new word in L2
will be to remember (De Groot & Keijzer, 2000). The
strongest predictor is concreteness. All else equal, concrete
1

2

Example data-points based on the dataset used in this paper,
described in more detail in the methods section.

L1 = first language; We assume that for most users, the user
interface language in Duolingo is their native language.
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Method3
Duolingo dataset manipulation
The English learning part of the Duolingo dataset (Settles &
Meeder, 2016) as originally released contains 5.01 million
instances of data. Each instance contains accuracy data for a
single user during a single Duolingo session on a single
lexeme, though that lexeme may have been seen multiple
times during that session. A lexeme is a word with specified
morphological form. For example, ‘girl’ and ‘girls’ are
separate lexemes, as one is singular and the other plural.
While the Duolingo dataset has separate entries for different
lexemes that correspond to the same word (e.g. the lexemes
‘cat’ and ‘cats’ both correspond to the lemma ‘cat’), most of
the other corpora that we used to obtain word-level predictors
did not. Thus, we aggregated the Duolingo dataset by word,
collapsing from 2983 different lexemes to 1412 different
words, with data on each word originating from 1-21
different lexemes.
The Duolingo dataset contained data collected over two
consecutive weeks, resulting in several (sometimes
thousands of) instances for a given learner being presented
with a given word. In addition to accuracy data for the current
session, the data instance also included a timestamp and
aggregated accuracy data on all previous encounters that the
learner had with that word. Since we are not interested here
in the time course of learning, we aggregated accuracy data
to get a single datapoint per learner per word that detailed
how often the learner had seen the word in total and how often
they had been correct on that word. This aggregated dataset
contained 1.86 million user-word data points taken from
English courses with three different user interface languages:
Portuguese, Spanish and Italian.
Because the order and frequency with which words are
presented to a learner are not random in Duolingo, we used
two user level measures as control predictors. The first, which
we call word experience, is the total number of times that a
user saw a given word in Duolingo. The second, user
experience, is the sum of word experience for all words a user
has practiced. Both of these predictors were log-scaled since
their distributions were highly skewed, with many words
practiced only a few times and some words practiced many
times, and many users practicing English only a little and
some users practicing it a lot.
We expect that user experience is predictive of word
learning accuracy, with more experienced users doing better
than less experienced users. For word experience, the naive
prediction would be that the more experience a user has with
a certain word, the better they should do on it. However,
Duolingo will present a word more often after a user has
made a mistake on it, meaning that words that a user has more
difficulty on will be practiced more often. Due to this biased
sampling procedure, average accuracy will be lower for
words that have been practiced more often.

Figure 1: Screenshots from the Duolingo user interface.
(a) Progress bars wrapped around each skill encourage users
to do learning sessions that contain weak words.
(b) Example trial where the user translates a sentence from
L1 Spanish into L2 English by choosing words from a word
bank. In this example, the user has already translated the
sentence. Note that in this example, several words are
embedded in a longer phrase, as is typical in Duolingo.
Duolingo is a popular free online program that gamifies
second language learning. It combines several best practices
from learning research in its design including explanations,
implicit instruction and mastery learning (see Fig. 1 and
Settles & Meeder). In the app, a user does practice sessions
revolving around a skill (e.g. ‘food’ or ‘animals’, Fig. 1a). A
practice session consists of multiple trials, often involving
several words embedded in larger phrases (Fig. 1b). Different
trials embed different language learning tasks —written
translation, fill in the gap sentences, multiple choice,
matching tasks — in both the L2 to L1 and the L1 to L2
direction. Duolingo applies a carefully constructed
curriculum, so different skills are learned in a specified order
with the goal of aiding learning. To do so, Duolingo’s
algorithm predicts when words are becoming weak in
memory and should be studied again by the user (Fig. 1a).
We focus our analyses on two types of word-level
predictors. The first is orthographic similarity between the L1
and L2 wordform — a measure that can be viewed as a
continuous estimate of cognate status. We expect words with
similar L1/L2 forms to be learned more easily. The second is
a novel measure of semantic similarity. For each pair of
words that are translation-equivalents, we compute semantic
similarity based on distributional semantics of L1 and L2.
This measure — described in more detail below — allows us
to ask whether words whose meanings are more alignable in
L1 and L2 are learned more easily.

3

An OSF archive containing all data and analysis scripts for this
paper will be made publicly available at osf.io/uwdcm
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calculated total structural alignment by computing the rank
correlation statistic (Spearman’s rho) between these aligned
target-neighbor cosine similarities6. If the similarity structure
is closely aligned between the semantic spaces of the two
languages near the translation pair, rho will approach 1, and
words with a large rho should be easier to learn. If the
similarity structure were inverted between languages (i.e. the
closest common neighbor in English is the most distant
common neighbor Spanish), rho would approach -1; such
words should be harder to learn.
Thus, while our new measure semantic alignment is
conceptually related to translation ambiguity, it is calculated
in an automated way that does not rely on human similarity
judgments, making it easier to calculate for a wide variety of
words between different language pairs. Our prediction that
words that are less semantically aligned should be harder to
learn corresponds to experimental findings that words that are
more translation ambiguous are harder to learn (Bracken et
al., 2017).
In addition to semantic alignment, we also recorded the
mean edit (Levenshtein) distance between the target English
word and its N = 40 closest neighbors in English semantic
space. This measure identifies, for example, whether a word
has many morphological variants, which are close in
orthographic and semantic space. We call this variable
English morphological density.
The third semantic predictor is English semantic density (a
measure distinct from phonological or orthographic density
used in some past studies). By identifying the N nearestneighbors of a target English word, we can obtain a measure
of how concentrated the region of semantic space the word
occupies. Some words are surrounded by many other words
with similar or related meanings, while others occupy
isolated territory with few close associations. This aspect of
a word can be quantified by the mean cosine distance to its
closest 40 neighbors (in this dataset), and can be understood
as a close analog of local clustering coefficients used in
network analysis (how many words connected to a target
word are connected to each other). An English word from a
dense semantic neighborhood may be more confusable with
its neighbors and thus harder to learn.
Besides our three measures of core interest (translation
distance, semantic alignment and semantic density), we
added several other exploratory word level predictors7. We
added English word recognition, a z-scored Reaction Time
measure for native English speakers in a lexical decision task
as a predictor (Balota et al, 2007). We added this measure
from the English Lexicon Project to see if and how native
speaker ease of processing of a word might be related to early
L2 English word learning accuracy.

Word level predictors
We used Google Translate to obtain word translations of the
English words into three different user interface languages,
since the dataset released by Duolingo did not include the L1
translation equivalents used in the app. We then calculated
the minimum edit4 (Levenshtein) distance between the
English word and its translation equivalent as a continuous
measure of cognate status, which we refer to as translation
distance. Earlier L2 studies have mainly used cognate status
as a binary predictor, comparing perfect cognates to noncognates. Our prediction for this measure of cognate status
goes in the same direction: the smaller the translation distance
between the two words in a translation pair is, the easier it
should be to learn the word.
We focus on two main semantic predictors5, both derived
from large scale distributional models of lexical semantics.
The first, which we call semantic alignment, measures one
aspect of how similarly a word is situated in the semantic
representations of two languages. In intuitive terms, this
captures the quality of a translation pair from a distributional
perspective: If a translation pair keep similar semantic
associations in two languages, then their meanings can be
understood to be more aligned, and perhaps easier to learn.
To compute semantic alignment (denoted rho), we obtained
distributional models of lexical semantics for English,
Spanish, Portuguese, and Italian. These networks were
recently released by Facebook Artificial Intelligence
Research (Bojanowski et al., 2017). Each model encodes the
vocabulary of its language as points (or vectors) in an abstract
semantic space. The configuration of these points is estimated
by training a neural network to predict the words that appear
often with a word in a large dataset of text derived from
Wikipedia, and using this neural network to assign vectors to
words. Close proximity in this vector space, as measured by
cosine distance, implies a close semantic relationship
between words.
To compute the semantic alignment of a translation pair, we
found the semantic neighborhood of each word - the N
closest words within their respective semantic spaces (here N
= 40). We only included in each space those words from the
Duolingo dataset for which we were able to translate between
the two languages using Google Translate. We then
compared the cosine similarity of the words in the semantic
neighborhoods of the translation pair. To do so, we first
identified common neighbors, i.e, words which are in the
semantic neighborhood of the target in English, and whose
translation equivalent appears in the semantic neighborhood
of the target in the other language. For each of these common
neighbors, we calculated the cosine similarity between the
target and the neighbor, in both semantic spaces. We
4

6

Minimum number of edits needed to change one word into
another. For example, the Levenshtein distance between ‘cat’ and
‘gato’ is 2: the ‘c’ needs to become a ‘g’ and an ‘o’ needs to be
added.
5
The method for calculating the new semantic predictors
mentioned in this section is described in more detail in Thompson,
Roberts & Lupyan (2018).

Neighbor overlap and semantic alignment are correlated
statistics; in ongoing work, we are exploring this relationship
further.
7
Our dataset includes additional predictors, e.g. measures of
phonological neighborhood density; predictors that didn’t
significantly contribute to model fit in initial analyses were left out
of later analyses.
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We used a multilingual WordNet (Bond & Paik, 2012) to
obtain a measure for the number of distinct meanings a word
has. We added concreteness (Brysbaert et al., 2014) as a
predictor because the L2 word learning literature identifies
this as the most robust predictor for early L2 word learning
accuracy, with more concrete words easier to learn.
We also add user interface language word frequency (Cuetos,
Glez-Nosti, Barbón, & Brysbaert, 2012). Some, but not all
previous studies investigating early L2 word learning
accuracy find that more frequent words are easier to learn.
Since users’ frequency of exposure to a word in English is
already captured by our word experience variable, we opted
to use frequency estimates based on the user’s L1.
Finally, to control for part of speech, we included the
dominant part of speech based on a parse of SUBTLEX-US
in our dataset (Brysbaert et al, 2012). Since most closed part

of speech categories (e.g. articles) only consist of a handful
of words in our dataset, we collapsed this into 4 big open
categories (noun, verb, adjective, adverb) and a 5th
miscellaneous category containing all other word types.

Final corpus descriptives
Combining all word level predictors with the Duolingo
dataset, we were able to collect a measure of each predictor
on 1064 different English words. We removed data from
users who completed less than 41 data instances (15% of total
users). We also excluded words for individual users that had
been practiced fewer than three times (2.6 % of user-word
data points). Table 1 shows, Mean, SD, and range for all
predictors in our final corpus.

Table 1. Descriptive statistics (Mean, Standard Deviation and Range) for the predictors in data sets for the three different user
interface languages.
Language of dataset
Mean (SD)
Range
na
Spanish
5.59 (1.15)
3.71 to 12.69
26628
Portuguese
5.6 (1.13)
3.71 to 10.3
7329
Italian
5.72 (1.17)
3.71 to 10.17
2843
word experience
Spanish
2.3 (0.82)
1.1 to 9.51
1007092
Portuguese
2.3 (0.79)
1.1 to 8.51
258609
Italian
2.23 (0.79)
1.1 to 7.14
124471
translation distance
Spanish
3.99 (2.23)
0 to 12
979
Portuguese
4.1 (2.11)
0 to 12
952
Italian
4.3 (2.37)
0 to 13
956
semantic alignment
Spanish
0.37 (0.3)
-0.86 to 0.94
979
Portuguese
0.36 (0.29)
-0.75 to 1
952
Italian
0.35 (0.3)
-0.77 to 0.96
956
English morphological density
Spanish
5.91 (1.28)
3.4 to 11.32
979
Portuguese
5.94 (1.29)
3.4 to 11.32
952
Italian
5.91 (1.27)
3.4 to 11
956
English semantic density
Spanish
0.42 (0.07)
0.25 to 0.68
979
Portuguese
0.42 (0.07)
0.25 to 0.71
952
Italian
0.42 (0.08)
0.25 to 0.71
956
English word recognition
Spanish
-0.59 (0.19)
-1 to 0.17
979
Portuguese
-0.59 (0.19)
-1 to 0.17
952
Italian
-0.59 (0.18)
-1 to 0.17
956
distinct meanings
Spanish
1.48 (0.82)
0 to 3.56
911
Portuguese
1.46 (0.69)
0 to 3.5
896
Italian
1.41 (0.65)
0 to 3.66
892
concreteness
Spanish
3.32 (1.11)
1.12 to 5
979
Portuguese
3.32 (1.11)
1.12 to 5
952
Italian
3.31 (1.12)
1.12 to 5
956
word frequency
Spanish
7.86 (1.75)
0.69 to 14.16
911
Portuguese
8.25 (1.75)
0.69 to 14.38
896
Italian
8.54 (1.8)
0 to 14.67
892
a
The number of data points n used to estimate the reported statistics of each predictor are different due to properties of the
data set. For example, user experience is determined based on the number of users in a dataset, concreteness is determined
based on the number of English words in a dataset, and word experience is based on unique user-word data-points. Finally,
since there were many more Spanish users, some words had enough users to make it into the Spanish but not the Portuguese
or Italian datasets.
Predictor
user experience
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experience for Portuguese users leads to .12 SD increase in
overall accuracy. Corresponding p-values can be inferred
from the displayed 95% CIs.
Controlling for both user and word experience, we find that
translation distance between L1 and English is negatively
associated with accuracy. This relationship is significant for
Spanish-English, Italian-English and is marginal for
Portuguese-English. Accuracy in all three languages is
associated positively with semantic alignment. The larger the
semantic alignment between L1 and English for a given
translation-pair, the more likely people are to be accurate
(controlling for all other factors in the model). Accuracy in
all three L1s models is associated negatively with the density
of the English word’s semantic neighborhood. Words having
high density neighborhoods such as “something”, “anything”
and “anybody” pose greater learning challenges (controlling
for other factors) compared to words such as “register”,
“profile”, and “special”, which reside in neighborhoods with
lower semantic density.
Aside from these three predictors, we found some other
effects which we did not explicitly predict and which should
be interpreted with caution. Words being learned with larger
English morphological density were associated with larger
accuracy for Portuguese-English users, but this was not a
significant predictor in the Italian and Spanish datasets.
Concreteness is not reliably associated with accuracy when
we take part of speech into account. Puzzlingly, more
concrete words were associated with marginally lower
accuracy for Portuguese-English users. Finally, longer lexical
decision times from native-English speakers (Balota et al.,
2007) were associated with numerically lower accuracy.
However, this predictor was only significant for the
Portuguese-English users.

Results
Overall accuracy was 90% and was remarkably similar for
the three L1 languages in the dataset: Italian (90.9%), Spanish
(90.0%), Portuguese (89.9%). Not surprisingly, performance
was better for users who used Duolingo more, b=.10, 95% CI
= [0.094, 0.104], t=41.2. Despite the robustness of user
experience as a predictor of performance, absolute
differences in performance were quite small. Users at the
lowest quartile of usage had 90.5% accuracy, while users at
the highest quartile of usage had 91.3% accuracy. This highly
restricted range of accuracies speaks to the adaptive nature of
Duolingo’s platform. When users make mistakes, they are
more likely to practice the words later, keeping overall
accuracy high and relatively constant. Accordingly,
controlling for overall user experience, greater experience
with a given word is associated with lower accuracy b=-.04,
95% CI=[-0.052, -0.047], t=-36.8, most likely because users
get increased exposure to a word because they made mistakes
with it. This adaptive-sampling property of Duolingo makes
it difficult to predict accuracy from word-level properties, but
as we describe below, we can nevertheless account for what
makes some words more difficult than others.
We modeled accuracy for each user-word datapoint with
mixed-effects regression, running separate models for each
of three user interface languages (Italian, Spanish, and
Portuguese). This model included a random intercept for user
(since each user had seen multiple words), English word
(since each word was seen by multiple users) and major part
of speech (to ensure that some predictors like concreteness
are not confounded by differences between parts of speech).
We show standardized coefficients and 95% CIs for each L1
language model in Fig. 2. For example, a 1SD increase in user

Figure 2: Regression results for accuracy. Standardized coefficients and 95% CIs are plotted for the predictors in each L1
language model. Standardized coefficients are interpreted as in the following example: a 1SD increase in user experience
for Portuguese users leads to .12 SD increase in overall accuracy.
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We predicted accuracy of learning English words by
Italian, Spanish, and Portuguese users of Duolingo as
measured in a large naturally collected dataset. We found
evidence for several novel factors for L2 word learning. As
predicted, English words having smaller orthographic
distances to their translation-equivalents were easier to
learn. In addition to orthographic similarity, semantic
similarity (obtained by cross-linguistic alignment of word
embeddings derived from distributional semantics) was
also associated with higher accuracy. Finally, words
residing in dense English semantic neighborhoods were
harder to learn than words residing in less dense semantic
neighborhoods, when controlling for all other predictors.
We also examined several other predictors that might be of
interest to researchers investigating L2 word learning (Fig.
2).
These results can form the basis for future experimental
studies. Since classroom and experimental studies are often
necessarily limited in the number of words they test,
predictors could first be investigated in this or similar big
data, so that items for controlled studies can be strategically
chosen.

Limitations
There are several aspects of this naturally occurring dataset
that, despite its size, limit its usefulness for answering
theoretically interesting questions about L2 learning. The
Duolingo curriculum is constructed to maximize accuracy.
This leads to a much smaller range of accuracy scores than
is usually seen in experimental studies of word-learning.
Furthermore, highly biased sampling of words produces a
non-random ordering that affects several of our word level
predictors. This may be why we do not find effects for
certain predictors that are typically strong in experimental
studies. Relatedly, Duolingo’s algorithm presents a word
sooner for repeated study after the user gets it wrong on a
trial. Finally, we have very little information about the
users. In experimental studies, a participant’s language
background and other demographics that might influence
learning abilities can be measured in questionnaires,
whereas for this dataset even a user’s native language is
only inferred. Such limitations in using big and naturally
occurring datasets should not, however, preclude their use
in cognitive science (Paxton & Griffiths, 2017).
On the positive side, these data provide certain ecological
validity absent from lab studies, and allow us to look at a
longer slice of learning time compared to typical lab
studies. Duolingo users are self-motivated to learn a second
language, which is not necessarily true for learners in
school classrooms who might just be meeting a curriculum
requirement and participants in experimental studies.
Furthermore, the size of this dataset allowed us to
investigate many more word level predictors than can
easily be manipulated in any one classroom study.
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Abstract

to simulate. We can then ask which way of selecting options
at the time of off-line simulation leads to the best actions at
the time of actual decision-making.

People often engage in “offline simulation”, considering what
would happen if they performed certain actions in the future,
or had performed different actions in the past. Prior research
shows that these simulations are biased towards actions a person considers to be good—i.e., likely to pay off. We ask
whether, and why, this bias might be adaptive. Through computational experiments we compare five agents who differ only
in the way they engage in offline simulation, across a variety
of different environment types. Broadly speaking, our experiments reveal that simulating actions one already regards as
good does in fact confer an advantage in downstream decision
making, although this general pattern interacts with features
of the environment in important ways. We contrast this bias
with alternatives such as simulating actions whose outcomes
are instead uncertain.

How to Improve Action by Thinking Ahead If the function of simulation is to improve future action then, broadly
speaking, it must work by correcting errors in people’s current assumption about the values of various actions. Such
errors could take two forms: The value could be set too high
(in which case the person would choose the action too often)
or the value could be set too low (in which case the person
might overlook the action too often). Moreover, if an error of
either type exists and can be corrected merely through simulation, then the error existed because the individual had not
yet devoted enough attention to simulating the action. This
analysis suggests three broad heuristic strategies to allocating
limited cognitive resources to simulation:

Introduction
People spend a remarkable amount of time asking “what
if?”—considering things they could have done but didn’t
(“counterfactuals”), or might do but haven’t yet (“hypotheticals”). Specifically, they tend to simulate options that they
regard as good (Kahneman and Miller, 1986; McCloy and
Byrne, 2000; Phillips and Cushman, 2017; Icard et al., 2017).
Suppose we observe a person saying something insulting and
thereby getting into a terrible argument. We might immediately find ourselves thinking: “What if he had instead said
something more tactful? What would have happened then?”
But we would not normally show the opposite tendency. If we
observe an individual saying something completely reasonable and tactful, we would not spontaneously begin thinking:
“What if he had instead said something insulting?”
Here, we ask whether this tendency is an adaptive one. To
answer this question, we conduct a series of computational
experiments. These compare the performance of agents who
show a tendency to consider options they regard as good with
agents of several alternative designs. Is the “good action bias”
advantageous, and when?
At the core of our approach is the idea that hypothetical simulation might prove helpful in subsequent decisionmaking. In our computational simulations, each agent faces
a decision among a range of options. At the time of the decision, the agent is not able to reflect on all of these options,
and it therefore has to make the decision in a way that involves only limited reflection. However, in the time prior to
the actual decision, the agent can engage in off-line simulation of some options. The more the agent simulates a specific
option, the more accurate its representation of this option becomes. The key difference between the various agents is that
each one uses a different method to determine which options

1. Focus on actions that you haven’t considered. If you
have already considered an action a large number of times,
you are unlikely to learn a lot more by considering that
same action again. Focus instead on considering those actions that you have thus far considered the least.
2. Focus on actions you currently think are low value. If
you now regard certain actions as having low value, focus
on simulating them and thereby learning more about them.
3. Focus on actions you currently think are high value. If
you now regard certain actions as having high value, focus
on simulating them and thereby learning more about them.
Of these three strategies, the first does the best job of maximizing the overall accuracy of the agent’s representations of
the expected value of each action. Thus, if the agent follows
one of the other two strategies, the overall accuracy of its representations will be lower than it would have been if it had
simply followed the first strategy. But, of course, the aim is
not necessarily to have maximally accurate representations,
but rather to have representations that are optimal for guiding action. It is therefore possible that one of the other two
strategies will be more adaptive in the relevant sense.
The second strategy will tend to generate especially accurate representations of the lowest-value actions. Thus, to
return to our original example, suppose that there are a number of different ways of making insulting comments (insulting
the person’s weight, insulting the person’s family, etc.). This
strategy allows the agent to develop a highly accurate representation of which of these actions would be the absolute
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worst, which would be somewhat less bad, and so forth. By
contrast, the third strategy will tend to leave the agent with
relatively inaccurate representations of the worst actions but
highly accurate representations of the best ones. An agent
who followed this strategy would tend to be inaccurate about
which specific insulting comment was the absolute worst.
However, it would tend to be highly accurate about which
specific tactful comment was the absolute best, which was
only second best, and so on.
There is reason to expect that this third strategy might be
especially adaptive. After all, the task at the time of decisionmaking is to pick out the best of the available actions. Given
this task, it is far more important to be able to accurately distinguish the best from the second-best than it is to accurately
distinguish the worst from the second-worst.
Within existing research in computer science, reinforcement learning, and planning, there is a sizable literature on
questions related to ours. Some of this research goes under
the heading of “pure exploration” (e.g., Bubeck et al. 2011),
where an agent may test the effects of various actions without facing any concrete consequences. In this context, and
in other contexts related to planning, one popular approach
blends the first and third possibilities sketched above. That
is, simulation is devoted to actions (or sequences of actions,
e.g., chess plays) that are assumed to be good, but also relatively unexplored (see Browne et al. 2012 for an overview).
Below, we explore the performance of agents showing (1)
a bias towards good actions, or (2) a bias towards bad actions,
(3) a bias towards unexplored actions, (4) a blend of good and
unexplored actions, following the current state of the art in
computer science, as well as (5) a baseline of random action
selection. Options 1, 3, 4 and 5 give us something approximating a factorial design, crossing the factors of whether the
agent shows a tendency to focus on actions regarded as good
and whether the agent shows a tendency to focus on actions
that have not been considered. This design thereby gives us
a number of different opportunities to explore the impact of
a tendency to focus on actions regarded as good. We can ask
whether it is better to focus on actions regarded as good than
simply to select actions at random (comparing 1 to 5). We can
ask whether it is better to focus on actions regarded as good
than to focus on actions that have not yet been considered
(comparing 1 to 3). Finally, we can ask whether it is better
to adopt a blend of focusing on actions that have not yet been
considered and focusing on actions regarded as good than it
is to focus only on actions that have not yet been considered
(comparing 4 to 3). We now elaborate on the details of our
setting and each of the five algorithms.

chance of gaining a reward, choosing the action with highest estimated reward, v(A), based on observations made so
far. But the hypothetical simulations can be determined in
any number of ways. We study five agent types representing
different simulation strategies. Three of these use v(A) itself.
1. Softmax: Stochastically chooses an action with probability proportional to estimated success probability—that is,
choose A with probability ∝ exp(v(A)/τ). Throughout we
set the “temperature” parameter τ to 0.1.
2. Softmin: Stochastically chooses an action with probability proportional to estimated failure probability—just like
softmax, but 1 − v(A) is used in place of v(A).
3. Infomax: Deterministically chooses the action that will
maximize expected information gain. If action A has been
observed to succeed s times and fail f times, the expected

s+1
information gain for A is s+s f H( s+s f ) − H( s+1+
f) +

f
s
s
s+ f H( s+ f ) − H( s+ f +1 ) , where H(p) is entropy of p.
4. Upper Confidence Bound (UCB): Deterministically
chooses an action that balances estimated goodness
q with

expected information gain by maximizing v(A) + c 2LlnAL ,
where L is the total number of observations, and LA is the
number of times A has been observed (Browne et al., 2012).

5. Random: Chooses an action uniformly at random.
When making a concrete decision, all agents softmax-select
an action using the currently estimated success probabilities.
There are three key parameters in our scenario that are
worth highlighting. The first is the number N of possible actions that the agent might consider. The second is the distribution of rewards among these actions. For instance, do we
expect there to be many good actions or only relatively few?
The third parameter of interest is the number R of actions that
the agent is able to retrieve for deliberation at decision time.
We assume that online deliberation reveals the true expected
value of an action to an agent, and thus the practical constraint
on optimal decision-making is that the agent cannot deliberate about all actions—i.e., R < N. Thus, as R approaches N,
the importance of prior simulations decreases.
Before going into the details of our experiments, here is a
summary of the most important general patterns we observe:

Computational Experiments

1. When comparing two agents that differ only in whether
they incorporate a bias toward the good actions (Random
vs. Softmax, or Infomax vs. UCB), the agent that focuses
on good actions almost always performs better.

Consider a simple scenario in which some agent will be facing some future decision problem, but before this has the opportunity to perform a number of hypothetical simulations,
punctuated by occasional concrete actions and observation of
their consequences. These concrete actions we assume are
chosen by the agent itself in such a way as to give the highest

2. Even an agent biased toward good actions who ignores
uncertainty altogether (Softmax) generally outperforms an
agent who minimizes uncertainty without focusing on good
actions (Infomax). While this result appears to hold “on
average,” there are scenarios where we see the opposite.
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Figure 1: Performance of different agent types over 80 learning trials (x-axis), with N = 10, 25, and 100 actions. The color key
is as follows: yellow=Omniscient, orange=Softmax, red=Softmin, blue=Infomax, green=UCB, purple=Random.

Varying the Distribution on Success Probabilities

3. Whereas good-seeking and information-seeking tendencies are both generally helpful, the helpfulness of a goodseeking bias (unlike that of the information-seeking bias)
seems to depend on the idea that the number (R) of actions
we can retrieve at decision time is relatively small.

An obvious question is whether these results depend on the
distribution of success probabilities being uniform. What if
the distribution were instead highly skewed toward good or
bad actions? Or what if most actions were intermediate with
only a few very good or very bad actions?
To investigate this question it is convenient to think of
success distributions as themselves drawn from a beta prior,
Beta(α, β), giving a distribution over Bernoulli success probabilities. The two parameters α and β have the following sigα
nificance: α+β
gives the mean of the distribution, while α + β
determines the shape of the distribution. For instance, if one
of α or β is much higher than the other, this will result in a
highly skewed distribution. The uniform distribution considered above is the simple case of Beta(1, 1).
Two other familiar distributions on Bernoulli probabilities
are the so called Jeffreys distribution (which is equivalent to
Beta(0.5, 0.5)) and a standard bell-shaped distribution (we
take Beta(2, 2) as a representative example). These are both
symmetric distributions, meaning that there are typically as
many good actions as bad actions. However, they differ from
the uniform distribution in that success probabilities are more
concentrated either around 0.5 (bell-shaped) or closer to the
extremes, 0 and 1 (Jeffreys). The results for these two environments, with N = 25 actions, are not appreciably different
from the uniform case, as shown in Fig. 2
A somewhat different pattern is revealed in environments
with highly skewed success probabilities. Again in Fig. 2 we
show the results for two distributions that are skewed toward
either very low or very high success probabilities (specifically
these are Beta(.05, .5) and Beta(.5, .05), respectively). In
these scenarios the advantage of good-seeking is either modest or not present at all. What might explain this pattern?
Consider the extremely positive skewed case (that is,
Beta(.05, .5)). In this setting, the initial expectation for every action is quite low (< .1), but there is a small set of actions that outperform this expectation significantly (typically
at least one > 0.8). When it stumbles upon just one of these
outliers in simulation, a Softmax agent will perseverate on
it, to the exclusion of discovering one of the few others (at
least one of which is likely to be quite superior). In contrast, the Infomax agent will gradually survey the full set of

These results thus demonstrate the sense in which the empirical tendency we observe may indeed be adaptive. The results
also raise a number of subtle empirical and theoretical questions, which we will discuss further below.

Initial Experiment: Actions Uniformly Distributed
Let us begin by assuming that at decision time each agent
will merely (softmax) retrieve a single action (i.e., R = 1).
Intuitively, these are scenarios that allow no time for deliberation, and decision making thus depends entirely on the agent’s
view of the various actions as established through prior simulation and observation. Suppose each of the N actions has
some “success” probability, and as a very simple first assumption, suppose that these success probabilities are drawn uniformly from the unit interval (0, 1).
Fig. 1 shows the results. A learning trial involves observing of an action outcome (success/fail), where this action is
chosen according to one of the strategies above, or (every fifth
trial) by softmax selecting an action using current value estimates. The latter is intended to simulate observations of actual (not just hypothetical or counterfactual) choices. At the
end of L trials (x-axis) we assess each of the five agents according to how well they perform by using their currently estimated action values. (Success probabilities are drawn independently 5,000 times for each value of L, ensuring no correlation.) We include results for an “omniscient” agent (R = N),
revealing the average maximal success probabilities.
The most striking pattern here is that a bias toward good
actions is helpful no matter whether there are 10, 25, or 100
actions. That is (as a first illustration of point 1 above), the
Softmax Agent, who biases simulation toward good actions,
is significantly better than the Random agent; and the UCB
agent, who mixes uncertainty minimization with a bias toward good actions, drastically outperforms the pure Infomax
agent. Moreover (in line with point 2 above), the Softmax
agent has a significant advantage over the Infomax agent,
whose performance is even slightly worse than Random.
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Jeffreys

Bell-shaped

Skew-positive (extreme)

Skew-negative (extreme)

Figure 2: Performance graphs for other distributions on action success probabilities. All simulations are with N = 25 actions.
options and eventually discover the true optimal action. In
other words, the positively skewed case presents the Softmax
agent with “distractors” that capture simulation because they
easily outperform the default expectation, while significantly
underperforming the optimal action.
These observations suggest at least two further questions.
First, how “typical” are these environments? Second, does
the pattern depend at all on the number (N) of actions?
Turning briefly to this second question, suppose that the
distribution on actions is the same, but that there are many
more possible actions, say 100. Intuitively, the relative advantage of Infomax should be reduced in this setting as the
number of candidate actions increases. This is because the
Infomax approach of exhaustive, balanced search becomes
especially inefficient as the space of actions grows. Fig. 3
shows that this intuition is indeed borne out with 100 actions.

in Fig. 1). This suggests that the advantage of informationseeking in this scenario may not be particularly robust. This
naturally leads us to the first question: what happens “on average” as we consider the entire parameter space?
As an illustration, let us return to the setting of only 25
actions. The example distributions so far have been cherrypicked based on specifically notable characteristics (flat, bellshaped, skewed). But what happens when we average over
the environment parameters, α and β? To investigate this
question we present the results of a large-scale experiment in
which parameters are drawn from a hyper-prior. A relatively
neutral hyper-prior, used often in cognitive science (see, e.g.,
Griffiths et al. 2008), defines reasonably “unbiased” distribuα
tions on the mean ( α+β
) and the shape (α+β), which together
uniquely determine α and β. Specifically, we draw the mean
from the uniform distribution on (0, 1), while the shape is
drawn from an exponential distribution with rate parameter 1
(meaning that the density function is simply e−x ). The results
in this broader setting are shown in Fig. 4.

Figure 3: N = 100 actions, Skew-positive (extreme).
Figure 4: N = 25, averaged over environmental settings.

In fact, with this scenario we see no apparent advantage of Infomax even over the Random agent (similar to what we saw
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This reveals that, even in the scenario of 25 possible actions
where we know the Infomax agent occasionally outperforms
the Softmax agent, this makes up a relatively low-probability
portion of the space. On average, Infomax performs only
slightly better than a Random agent. But most importantly
(and again, in line with point 1 above), both good-seeking
agents (Softmax and UCB) have a clear advantage over the
agents without this bias (Random and Infomax).

Adding Reflective Deliberation
Up to this point we have been assuming that each agent has
the capacity to consider only one possible action at decision
time. This means the quality of decision is dependent entirely
on how well previous observations and simulations have biased better actions to come to mind. We now turn to scenarios
in which an agent may have the capacity to deliberate over
several possible actions and then choose whichever of these
looks best upon reflection. In this kind of scenario, the aim of
prior hypothetical simulation is somewhat broader. A strategy is effective to the extent that the set of R actions brought
to mind in a decision context will likely include at least one
very good action (for this particular context).
One straightforward way to formalize this type of scenario
is to associate each action, not with a specific Bernoulli success probability, but with a distribution over such probabilities. The intended interpretation is that actions may be good
or bad overall, but that the agent has the capability to figure
out the actual success probability in a given circumstance,
which might be quite different from what one would expect
on average. Thus, in these simulations we again test how well
different agents perform after learning, but decision making
is assumed to work in a more sophisticated way. Instead of
sampling an action in proportion to its expected goodness,
each agent (softmax-)selects some number R of actions and
then deterministically chooses whichever of these R actions
turns out to be best in the given situation, reaping that reward.
Intuitively, as R increases the learning problem becomes significantly easier, since it is easier to find oneself with good
options to consider at decision time.
The setting we are now studying is similar to the scenario
studied earlier (and presented in Fig 4), except that in the
present case each action is associated with its own beta distribution. Specifically, the distribution for each action is drawn
from a hyper-prior with α + β ∼ Exp(1). Suppose first that
α
are drawn uniformly. In Fig. 5 we report on
the means α+β
the case of N = 25 actions with only 25 learning trials. We
show the results with R = 1, . . . , 10.
As is evident from the figure, the differences among algorithms is relatively pronounced at R = 1 and is still noticeable
at R = 4. That is to say, even if an agent has the capability
to retrieve and reflectively deliberate over 4 actions at decision time, simulating better actions may still have an appreciably positive effect on an agent’s success. However, closer
to R = 10 (just less than half the total) all differences vanish.
Once again, we can ask the question of whether this pattern
depends on the specific assumption that the (average) success

Figure 5: Uniform distribution on success probability means.
R actions retrieved at decision time.
probabilities are uniformly distributed, i.e., that we expect the
same number of actions for any particular range of success
probabilities. As one would expect, when the distribution of
means is at all favorable toward (generally) good actions, the
differences among algorithms disappears even more rapidly:
it is simply too easy to find at least one rewarding action.
Other symmetric distributions with mean 0.5 show the
same pattern as in the uniform case. In Fig. 6 are two examples, where the means themselves are drawn from Jeffreys
and bell-shaped priors (again, Beta(.5, .5) and Beta(2, 2)).
Also presented in Fig. 6 is the scenario where means are
drawn from a highly (positively) skewed prior.1 In such a
scenario almost all of the actions are almost always very bad,
but there are a few that are typically very good. As discussed above, the aim of simulation is figure out which actions should be included among the R to retrieve at decision
time. If there is only one “needle in the haystack,” then an
agent will perform better the more likely it is to identify that
uniquely good option.
Notice that the x-axis on this third graph in Fig. 6 goes
all the way to R = 20. Remarkably, the advantage of infoseeking is still apparent even when the agent can retrieve and
deliberate over 20 of the 25 possible actions. Also remarkable is the observation that, while the Softmax agent clearly
outperforms the Random agent, the UCB agent’s attention to
goodness does not effect any significant gains over Infomax.
A reasonable conclusion from this study is that, in such a scenario, efficient and exhaustive pure search is hard to beat.
This last case study uncovers an important caveat to the
general finding that a bias toward good actions in hypothetical
thinking is adaptive. In contrast to biases toward uncertaintyminimization, the advantage of the good-seeking bias depends on the assumption that the number (R) of actions that
a person can consider in deliberation is small relative to the
number (N) of possible actions that one could conceivably
consider. A worthy hypothesis is that this is exactly the kind
of situation people typically face.
1 We do not show the graph for the negatively skewed prior. In the
present setting such a distribution results in too many good actions,
and there are no observable distinctions among agents.
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Figure 6: Distribution of means drawn from Jeffreys, bell-shaped, and positively skewed priors.

Discussion

then show a tendency to think about A more than about B,
for example, when imagining counterfactual scenarios? We
leave this as an intriguing open question.
Finally, the third result mentioned above—that the bias toward good actions is only effective when the number R of
actions retrieved is relatively small—may point toward an
important fact about the kinds of problems that cognition is
adapted to solve. It seems evident that in any given decision
making context, people can only bring to mind and deliberative over a very small number of options—certainly quite
small relative to the number of conceivable actions. As our
agent experiments show, these are precisely the cases where
such a bias is advantageous. Perhaps this pervasive feature
of our cognitive predicament explains a great deal about the
nature of hypothetical and counterfactual thought.

We demonstrate three basic patterns in the way that a “good
action bias” during offline simulation later improves online
decision-making. First, we find that a good action bias improves performance whether or not there is an additional
bias to reduce uncertainty. Second, although an uncertaintyreduction bias typically improves performance, its effect is
usually smaller than the good action bias. Though we occasionally see the opposite pattern—particularly in environments with just one or two very good actions and many
quite poor actions (“needle in a haystack” problems)—the
trend is robust when averaging over environmental parameter settings. Third, the benefit of a good action bias depends
strongly on the assumption that the agent is unable to retrieve
and deliberate over a large number of actions at decision time.
By contrast, the benefit that minimizing uncertainty confers
(in those cases where the benefit is especially apparent) does
not seem to depend on this assumption.
These results strongly confirm our hypothesis that the bias
people empirically show toward thinking about actions they
deem good is adaptive. But the results also raise several new
theoretical and empirical questions and possibilities.
While our focus has been on the bias people show toward
good actions, our results also confirm a hypothesis that hypothetical and counterfactual simulation aimed at minimizing uncertainty would be quite helpful. We saw several instances in which Infomax outperformed Softmax. But more
strikingly, the UCB agent, who employs a blend of the two
approaches, seeking out good as well as informative actions,
outperforms every other agent in virtually every context. Indeed, this is one of the reasons UCB-type agents have been so
heavily studied in computer science, including in the setting
of offline planning. Moreover, it is easy to imagine that in
many domains that have this “needle in a haystack” character
(in areas of science, for example), thinking more about less
explored possibilities could be especially rewarding.
Empirical research has clearly demonstrated the first type
of bias, toward good actions. An obvious question is whether
people also show a bias toward simulating more informative
actions. That is, in a case where actions A and B appear
equally good, but where the person simply has less information or experience revealing how A might turn out, would she
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Arithmetic Sense Predicts Children’s Mathematical Achievement
Better Than Arithmetic Fluency
Soo-hyun Im (imxxx045@umn.edu)
Sashank Varma (sashank@umn.edu)
Department of Educational Psychology, 56 East River Road
Minneapolis, MN 55455 USA

Abstract
Research on arithmetic competence has emphasized the importance of arithmetic fluency – the use of
efficient direct strategies when solving simple, conventional problems. Comparatively little attention has
been focused on arithmetic sense, which we define as the adaptive use of direct and indirect strategies
when solving complex, novel problems. The current study evaluates the new construct of arithmetic
sense and investigates its predictive relationship to mathematical achievement. 302 students in 6th grade
completed a battery of tests of their cognitive and numerical abilities, arithmetic fluency, arithmetic
sense, mathematics achievement, and pre-algebra skills. The central finding is that arithmetic sense is
the best single predictor of mathematical achievement. In particular, it is better than arithmetic fluency.
These findings open a new pathway for improving school-aged students’ algebraic thinking and
mathematical achievement.
Keywords: arithmetic fluency; arithmetic sense; mathematics achievement; pre-algebra

523

Do social media messages incorporated into television programming impact
learning? The effects of disposition to critical thinking
Miwa Inuzuka (minuzuka@u-gakugei.ac.jp)
Department of Education, Tokyo Gakugei University
4-1-1 Nukui-kita-machi, Koganei, Tokyo, 184-8501 Japan

Yuko Tanaka (tanaka.yuko@nitec.ac.jp)
Graduate School of Engineering, Nagoya Institute of Technology
Gokiso-cho, Showa-uk, Nagoya, 466-8555 Japan

Mio Tsubakimoto (mio@fye.c.u-tokyo.ac.jp)
Division of First-Year Education, Komaba Organization for Educational Excellence,
Graduate School of Arts and Sciences, College of Arts and Sciences, The University of Tokyo
3-8-1 Komaba, Meguro-ku, Tokyo, 153-8902 Japan

Abstract
The present study explores the impact on memory and attitude
change of social media messages that are incorporated into
television programs, and the interaction of such messages with
the viewer’s disposition to critical thinking. Sixty university
students were allocated to one of two experimental conditions
and viewed television content: social media messages were
included in only one condition. The results showed a
significant interaction between participants’ disposition
(Objectiveness) and the experimental condition: participants
with higher Objectiveness scores exhibited larger changes in
their attitudes. An analysis of 10 participants’ eye fixations
suggested participants’ tendency to change their allocation of
attention to different types of message over time. Additionally,
there was a significant correlation between the tendency to
focus on these messages and scores for disposition to critical
thinking (Objectiveness and Logical thinking). We discuss the
possible conclusions on the impact of showing social media
messages and the limitations of this study.
Keywords: critical thinking; attitudes; mass media; social
media messages; thinking disposition.

Introduction
Learning from television programs and inclusion of
social media messages
People learn not only in classrooms, but also from various
media sources. Among many, television programs serve as
one of the primary resources for everyday learning. Some
people even warn that television has gained the power to
control education (Postman, 1985). Although times have
changed and various new media have appeared, television
remains a major source of information.
In the investigation of everyday learning, it is important to
consider changes in attitudes as the results of learning as well
as memory of the contents. While this topic is less widely
considered in the literature on learning, attitude constitute one
of the essential results of learning from the perspective of
critical thinking. To think critically is “to make reasonable
decisions about what to believe and what to do” (Ennis, 1996).
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The goal of learning is not only to remember content, but also
to form an appropriate attitude that leads to reasonable
decisions based on the information obtained. The idea of
critical thinking in learning is especially important for
learning from television programs, since the issues tackled in
television programs are often relevant to viewers’ lives and
require them to decide what to believe and what to do.
The ways television programs are produced have changed
over time, and new features are being used. For example, one
new feature is a real-time display of social media feeds. (See
Figure 1 for an example of how this feed may be presented.)
The inclusion of social media posts in television content is
not an issue limited to specific countries and regions since
we can find various examples of these television programs
(Inuzuka, Tanaka, & Tsubakimoto, 2017; Barra & Scaglioni,
2014) and accessing social media while watching television
is widely popular (Maruyama, Robertson, Douglas, Semaan,
& Fucett,2014; Maruyama, Robertson, Douglas, & Raine,
2017).
Learning appropriately from television programs requires
viewers to integrate information from multiple media and to
examine information critically. These requirements become
even more important when television content includes social
media messages. Social media messages that mainly consist
of text, such as posts on Twitter, are more likely to be
incorporated into television programs and can show various
types of information: useful facts, critical opinions, and
unrelated comments. How do viewers read the messages, and
how do the messages impact their learning? How do viewers
pay attention to these messages? The present study focuses
on these questions.

Learning from multimedia
Learning from multimedia has been studied in educational
psychology and learning science. Mayer (2009) suggested the
“coherence principle”: learners understand the topic better
when irrelevant and seductive elements are removed from the
learning materials. The coherence principle can be explained
by the split-attention effect theory. Sweller and Chandler

(1996) pointed out that a multimedia resource results in less
learning when it splits learners' attention. This attention split
is more likely to occur when the resource contains
information that shares the same modality and is incoherent
with the other information presented (Mayer, 2009; Mayer &
Moreno, 1998).
The effect of incorporation of social media messages is
thus to violate the coherence principle; therefore, doing so
may cause the split-attention effect. Inuzuka et al. (2017)
investigated the impact of social media message presentation
using a fake television program. Participants were tested on
the content of the video after watching it, and the longer they
spent paying attention to the accompanying social media
messages, the fewer questions they answered correctly. Thus,
we expected the damaging effects on learning of presentation
of social media messages to be replicated in the present study.

with a disposition to critical thinking would react more
appropriately to the presentation of social media messages.
Additionally, we can assume that differences in participants’
disposition will also affect the viewing process, such as how
they distribute attention when the messages are presented.

Aim of the study
The present study focused on how the incorporation of social
media into television programs affects learning. More
specifically, we examine the effects of presenting balanced
social media messages including supportive, opposing, and
neutral opinions. We hypothesized:
(1) The direct impact of message presentation would be
seen in retention and attitude changes. The presentation of
messages would cause less memory retention by participants
because their attention would be disturbed. Participants
would change their attitudes based on how they regarded the
social media messages. Thus, we expected that participants
would develop a more positive attitude when they regarded
the messages as supporting, and would become more cautious
when they perceived the messages as opposing the program’s
claims.
(2) The impact of message presentation would be
moderated by viewers’ disposition to critical thinking,
because viewers with a strong disposition to critical thinking
would process the messages more appropriately than those
with a weaker disposition to critical thinking. In accordance
with this hypothesis, we expected interaction effects between
the presentation of messages and the learner’s disposition to
critical thinking. Additionally, participants’ eye gaze patterns
would differ depending on their level of disposition to critical
thinking.

Attitude formation in learning from television
programming with social media messages
The direct effects of presentations of social media messages
on attitudes were not clear. Maruyama et al. (2017) revealed
that viewers’ attitudes were different in the direction of the
social media messages. However, it was not clear if the
presentation of social messages itself may influence the
viewers’ attitudes, since Maruyama et al. (2017) did not
investigate the condition without social media messages.
Although Maruyama et al. (2014) implied that only observing
social media messages would not affect viewers’ attitudes, a
controlled investigation is necessary to clarify the process of
viewing and the effects of messages on attitude changes.
While Maruyama et al. (2014) suggested that the viewers
would not change their attitudes owing to the unbiased
messages, a different prediction is possible. Since people may
perceive information differently even when they see the same
message, it is highly possible that the viewers may analyze
the opinion of the social media messages differently from
each other. Thus, the viewers would develop a more positive
attitude when they see the presented messages support the
claims of the television program. Likewise, viewers would be
expected to adopt a more cautious stance when they think the
social media messages suggest opposing ideas.
Furthermore, the inclusion of social media messages may
impact the learner’s attitude indirectly via their disposition to
critical thinking. Critical thinking has affective as well as
cognitive aspects. Disposition is included in the affective
aspect and represents attitude and tendency in thought. The
existence and influence of varying dispositions to critical
thinking have been demonstrated in several studies
(Hirayama & Kusumi, 2004; Stanovich & West, 1997). West,
Toplak, and Stanovich (2008) revealed that people’s
disposition to thinking, such as their Open-minded thinking
and Need for cognition, explain performance in reasoning
independently of cognitive ability. Participants with a strong
disposition to thinking tend to make less heuristics-based
judgments and to be less affected by their own bias (West et
al., 2008). According to these studies, we expect that a viewer

Method
Participants
Sixty undergraduates from two different universities
participated in this study after providing informed consent.
As a reward for their participation, they received a 1000
Japanese yen (approximately $9.50) cash voucher.

Figure 1. A frame from the video material used in the present
study (condition with social media messages). This material
imitates a television program displaying a social media feed
saying, “It's nice to have microbes clean the river.”
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Part
1
2
3

4

5

Table 1. Contents of each part of the fake television program and the number of messages presented
Time (s)
Summary of the content
Number of fake messages
Supportive
Opposing Neutral
0–374
Introduction: host welcomes the scientists and Scientist A
1
1
21
begins to introduce their work.
375–554
Scientist A explains what “EM” is and how it works. Scientist
5
4
12
B poses questions.
3
3
10
555–775
Discussion continues. Scientist B tries to dispute Scientist A’s
claims by pointing out the possibility that EM may cause
further water pollution.
776–914
Discussion continues. Scientist A tries to rebut Scientist B’s
2
3
16
claims, and Scientist B claims that EM lacks rationale and
evidence.
915–1084 Concluding remarks: both scientists summarize their opinion
1
1
4
of “EM.” Host makes closing comments.

“I am confident in thinking things through accurately”),
Evidence-based judgment (e.g., “When I draw conclusions, I
place importance on the existence of evidence”),
Objectiveness (e.g., “I keep an objective attitude when I make
a decision”), and Inquiring mind (e.g., “I am interested in
people with different ways of thinking”).

Materials
Fake television program The video material used by
Inuzuka et al. (2017) was also used in this study (Figure 1).
The video was produced to mimic a scientific talk show. In
the video, a host and two scientists (actually actors) discuss
whether “Effective Microorganisms” (EM) are effective for
improving water quality. “EM” is a pseudoscience based on
the idea that a particular collection of microorganisms can
solve virtually all health and environmental problems. We
chose the topic because it is relevant to participants’ lives and
yet unfamiliar to them.
The video was approximately 18 minutes long. We divided
the video into six parts of roughly the same duration (Table
1). We analyzed participants’ eye fixations during the parts
in which more than two supportive and opposing messages
were presented (parts 2 to 4).
We presented fake social media messages that simulated
Twitter posts. The messages consisted of text, with each
containing one or two short sentences. We designed messages
to agree or disagree with a particular argument made by either
character (Scientist A or Scientist B). Messages were either
supportive (of the effectiveness of EM) or opposing. For
example, a supportive message could be one that agreed with
a clear and supportive statement on EM made by scientist A.
The rest of the messages were designed to be neutral to the
discussion. All the messages were inserted approximately
five seconds after the appearance of the relevant topic or
incident. As a result of this manipulation scheme, 66 fake
social messages (12 supportive, 12 opposing, 42 neutral)
were selected and inserted into the video. These messages
were placed at the bottom of the screen (Figure 1).

Attitude questionnaire We measured participants’ attitudes
toward the topic (the effectiveness of EM) before and after
watching the fake television program. The attitude
questionnaire contained two subscales with three items each:
positive attitude (e.g., “I think EM will somehow do some
good”) and careful attitude (e.g., “We need more
investigation on the effectiveness of EM”).
Retention test A retention test with six quiz items (e.g.,
“What was the name of the river that Scientist A claimed that
EM cleaned up?”) was developed and administered after
participants had watched the video.

Apparatus
We collected eye-tracking data using the Tobii X2-60 eyetracker for half of the participants and the Tobii Pro TX300
for the other half. We used different devices because the
experiment was conducted in two different locations. The
present paper reports the analysis for the latter half of the eyetracking data. Because of the differences between the two
experimental settings, we judged that it would be
inappropriate to combine the data from the two different
experimental setups. The eye-tracker for the latter half of the
participants was paired with a 24" LCD monitor that was set
at a resolution of 1920×1080. The eye-tracker sampled the
position of participants’ eyes at a rate of 300 Hz and with an
accuracy of 0.4°. The video was shown at a size of 1280×720
pixels. The Tobii Studio software package logged gaze data.
We performed a 5-point calibration for each participant
before he or she watched the video. The area of interest was
set to the screen area where the fake social-media messages

Critical thinking disposition scale The critical thinking
disposition scale by Hirayama and Kusumi (2004) was
administered to participants. On the basis of factor analysis
by Hirayama and Kusumi (2004), we selected four items for
each of four subscales: Awareness of logical thinking (e.g.,
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subscale scores. The results showed no significant effects of
experimental condition or individual differences on retention
test score and change in careful attitude. In contrast, the
analysis of change in positive attitude reached the level of
significance (pseudo R2 = .26), indicating that the effect of
message presentation was marginally significant, and that the
presentation of messages facilitated a decrease in positive
attitude (ß= –0.21; 95% CI= [–0.43, –0.01). Additionally, the
interaction between message presentation and Objectiveness
subscale score was significant (ß= –0.32; 95% CI = [–0.60, –
0.04]). Objectiveness subscale score affected attitude change
only when the participants allocated to the condition with
social media messages (Figure 2).

were presented in order to measure eye-fixation duration on
the messages. The corresponding part of the screen was set as
the area of interest for the participants who did not see the
social media.

Procedures
Each participant was tested individually in a laboratory at one
of two different universities. Each session lasted
approximately 45 minutes. After participants had signed a
consent form, the experimenter asked them to complete the
critical thinking disposition scale and the attitude
questionnaire. Subsequently, the experimenter demonstrated
the apparatus to measure eye fixations, and participants were
told to keep their head position as stable as possible. After
completing the calibration, the experimenter instructed the
participant to watch the television show and learn from it.
Each participant was randomly assigned to a video with or
without social media messages. No instruction regarding the
social media messages was given, so the participants were not
aware of the difference between the conditions. After
watching the video, participants responded to the retention
test and attitude questionnaire. There was no time limit for
completing questionnaires, but participants did so within 10–
15 minutes.

Table 2. Average scores on the retention test, change in
attitude, and critical thinking disposition scales for each
experimental condition.
Mean score (SD) Mean score (SD)
with messages without messages
3.90
4.28
Retention test
(1.32)
(1.07)
Positive attitude
–0.64
–0.30
change
(0.71)
(0.69)
Careful attitude
0.76
0.67
change
(0.50)
(0.56)

Results

Critical thinking disposition score
Awareness of
logical thinking
Evidence-based
judgment

Scoring
Retention test scores were calculated as the total number of
correct answers to the test. Scores for change in both positive
and careful attitudes were defined as the difference between
the participant’s scores on the questionnaires taken before
and after the video (pre-test score minus post-test score).
Scores for each subscale of critical thinking disposition were
calculated based on Hirayama and Kusumi (2004). The
average scores and SDs are shown in Table 2.

Objectiveness
Inquiring mind

2.90
(0.76)
3.92
(0.79)
3.77
(0.70)
4.21
(0.70)

Without messages

The effects of message presentation and individual
differences

2.97
(0.63)
3.86
(0.60)
3.66
(0.59)
4.25
(0.53)
With messages

0.00
Change in positive attitude

Participants allocated to the condition with social media
messages rated on an 11-point scale to what extent the social
media messages favored the person claiming that EM was
effective (1) or the person who rebutted this view (11). The
mean score on this scale was 7.33 (SD = 2.02). The
correlation between the rating of social media messages and
attitude change was negative. It was also significant for
positive attitude change (r = -.365, p < .05) but not significant
for careful attitude change (r = .234).
Next, the impact of message presentation and disposition
to critical thinking were analyzed. A generalized linear model
was constructed for each of the three dependent variables:
retention test score and change in both careful and positive
attitude scores. The maximum likelihood method was used to
determine parameters. We included a parameter for the
interaction between experimental condition (with or without
message presentation) and critical thinking disposition

-0.50

-1.00
Objectiveness score
Low High

-1.50
Figure 2. Change in positive attitude as a function of message
presentation and Objectiveness score. Participants were
divided by the median and shown into high and low groups.
Error bars represent standardized errors.
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were excluded because of insufficient sampling (below
85%); thus, the gaze data of the remaining 10 participants
were analyzed in the following. The number of fixations
within the area of interest (frequency) and duration of these
fixations between parts 2 and 4 of the video, during which
multiple tweets of each message type were shown, were
entered into this analysis. Fixations on the messages varied
among the participants in both frequency (M = 610.90, SD =
204.96), and total fixation duration (M = 149.04 s, SD =
58.19). Correlations in both frequency and duration of
fixations between different types of message (supportive,
opposing, and neutral) were significant and strong (rs > .80).

Table 3. Correlation between gaze fixation and critical
thinking disposition scores
Gaze data
Supportive Opposing
Neutral
messages
messages
messages
Awareness
of
logical thinking
Evidence-based
judgment
Objectiveness

–.612†
–.697*
–.002
–.099
.628†
.638*
.201
.325

–.564†
–.654*
.098
–.074
.609†
.603†
Inquiring mind
.238
.386
*p < .05; †p < .10
Note: Upper figures represent correlations with fixation
frequency, and lower figures represent correlations with
fixation duration.
neutral

–.581†
–.668*
–.040
–.084
.577†
.605†
.058
.194

opposing

Correlation between fixations on messages and
disposition to critical thinking The correlations between
fixation measures for each type of message and critical
thinking disposition scores are presented in Table 3. The
correlations between awareness of logical thinking score and
fixation were negative and significant or marginally
significant. On the other hand, correlations between
objectiveness score and fixation (both frequency and
duration) were positive and marginally significant.

supportive

Adjusted frequency of fixations

14
12

Changes in gaze over time To further investigate gaze
patterns, we compared gaze data from each part (2 to 4) of
the video. Since the number of messages presented differed
for each part, the frequency and the duration were divided by
the number of messages to calculate the average frequency
and duration. One-way analyses of variance on eye gaze data,
with part of the video as the independent variable, reached a
significant level for each message type and for each
dependent variable (Fs(2,16) > 4.00, ps < .05). The results
showed a decreasing tendency over time to fixate on neutral
messages, and an increasing tendency to fixate on opposing
and supportive messages (Figure 3). There was no difference
between the groups with high and low thinking disposition
scores, based on the size of the standard deviations.

10
8
6
4
2
0
Part3752

Part
3
555-

Part 4
735-

Adjusted duration of fixations (s)

3.5
3.0

Discussion

2.5

The present study investigated the effects of including social
media messages in television programming and of
participants’ disposition to critical thinking. The results
partly supported our hypothesis that the presentation of social
media messages would directly affect learning. The retention
scores and the changes in attitude were not significantly
different between conditions. However, we found that the
participants who regarded the social media messages as being
more supporting developed more positive attitudes.
The results also show a significant interaction between
message presentation and disposition to critical thinking, as
we hypothesized. In the experimental condition where social
media messages were presented, participants with higher
objectiveness scores tended to show a decrease in positive
attitude toward the topic at issue, while there was no such
variation by objectiveness score in the condition without
social media messages on the screen. This result suggests that
when the viewers are aware of the importance of treating

2.0
1.5
1.0
0.5
0.0

Part
2
375-

Part
555-3

Part
735-4

Figure 3. The time course of participants’ frequency of
fixations and duration in the area of interest.

Analysis of gaze data
Frequency and duration of fixations The gaze data of
participants allocated to the condition without social media
messages were not analyzed here, since they rarely fixated
their gaze within the area of interest. From the participants
allocated to the condition with social media messages, five
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information in an objective manner, the presence of social
media messages may possibly foster the formation of
appropriate attitudes in learning from television.
Since the claims about the effectiveness of EM in the video
material lack reliable evidence, and this was pointed out by
the other scientist, it is appropriate for the viewers to become
more skeptical of EM after watching the video. Thus, in the
present study, participants with higher objectiveness scores
were more successful in forming an appropriate attitude with
the help of the social media messages.
The present study makes meaningful contributions toward
understanding how we learn from a new type of media. The
first contribution is an expanded understanding of how social
media messages affect individuals. The study investigated the
direct and indirect effects of social media messages
incorporated into television programs. The results suggested
that the ways that viewers consider the content of messages
rather than the kind of opinions the messages contain
influence their attitude changes. Additionally, it was shown
that individual differences affect the viewing process. More
specifically, a disposition toward critical thinking affects how
a viewer locates his or her attention.
The second contribution is the suggestion that seemingly
subtle editing nevertheless affects the viewers’ attitude
formation. As far as we know, there is no evidence on the
effects of editing television programs by adding text except
that presented by Sasamoto, O’Hagan, & Doherty (2016).
Sasamoto et al. (2016) revealed that the text of “Telop”,
colorful text subtitles that emphasize the performers’
comments and circumstances, reflects the intentions of the
program’s producers, and that viewers pay a great deal of
attention to it and are influenced by it. In line with Sasamoto
et al. (2016), the present study adds new evidence showing
that this type of editing impacts viewers’ learning.
The present study has several limitations, primarily the
small number of participants whose eye gaze data were
collected and analyzed. Although studies of eye gaze data do
not generally include large numbers of participants, a
correlational analysis requires a larger sample. We should
also stress that the facilitative effects on attitude formation of
presenting social media messages may be limited to the kind
of video and messages used in the present study. For example,
the effects may be different when the television program does
not include both sides of the topic or when it presents biased
messages. To understand how the new type of media affects
our daily learning, further investigation is needed.
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Abstract

To address this problem, we focus on the role that
dimension-specific similarity may play in contributing to
similarity judgments regarding whole objects. We start with
the observation that most existing models used to predict
similarity judgments between objects (‘How similar are
these two objects?’ e.g., Ashby & Lee, 1991; Osherson et
al., 1991) from feature ratings of individual objects (e.g.,
‘How small/large is this object?’) have used what appears to
be a two-step procedure: a) collect empirical feature ratings
for each object; b) represent each object as a vector of those
feature ratings and use an element-wise operation to
compute the distance between them as a prediction of their
similarity. Whereas some models have differentially
weighted separate dimensions when computing distance, in
all cases the similarity of two objects within a given
dimension has been assumed to be directly proportional to
the overall distance between the two objects along that
dimension. To the best of our knowledge, the validity of
this assumption has not been empirically tested. That is, the
similarity of complex real-world objects along a given
dimension predicted by feature ratings has never been
compared with direct (empirical) similarity judgments along
that dimension (e.g., ‘How similar are these two objects in
terms of their size?’). We sought to address this gap by
comparing estimates of dimension-specific similarities
generated from feature ratings with empirically acquired
dimension-specific similarity ratings. To the extent that
these differed, we predicted that using the latter would
improve prediction of object-level similarity ratings.
Most previous models have treated all distances within a
dimension equivalently (e.g., two small objects are just as
similar to each other as two big objects). However, the
theory of structural alignment of cognitive representations
(Gentner & Markman, 1994) provides evidence that this
may not be the case. This is also suggested by work across
multiple domains showing that psychological quantities
often thought to be continuous or uniform are, in fact, better
described by non-homogeneous, and even discrete scales
(e.g., latent cause inference, Gershman & Niv, 2010; topic
models, Blei, 2012; anchoring effects, Tversky &
Kahneman, 1974; discrete representation of space in
hippocampal place cell maps, Epstein, Patai, Julian, &
Spiers, 2017). We explored whether this phenomenon may
extend to the domain of feature representation and/or
similarity judgment. One specific way in which behaviorally
reported similarity along a particular dimension could differ
from its computation based on feature ratings is the
(potentially differential and/or non-monotonic) weight

Predicting semantic similarity judgments is often modeled as
a three-step process: collecting feature ratings along multiple
dimensions (e.g., size, shape, color), computing similarities
along each dimension, and combining the latter into an
aggregate measure (Nosofsky, 1985). However, such models
fail to account for over half of the variance in similarity
judgments pertaining to complex, real-world objects (e.g.,
elephant and bear), even when taking into account their
description along dozens of dimensions. To help explain this
prediction gap, we propose a two-fold approach. First, we
provide the first empirical evidence of a mismatch between
similarity predicted by feature ratings and that reported by
participants directly along individual dimensions. Second, we
show that, surprisingly, separate sub-domains within directly
reported dimension-specific similarities carry different
amounts of information for predicting object-level similarity
judgments. Accordingly, we show that differentially
weighting directly reported dimension-specific similarity subdomains significantly improves prediction of free (i.e.,
unconstrained) semantic similarity judgments.
Keywords: similarity judgments; semantics; representation;
feature; dimension; object; category.

Introduction
Similarity judgments play a fundamental role in perception
and reasoning, helping us to learn how new stimuli relate to
previously learned categories, and to generalize this learning
to novel situations. More specifically, similarity provides a
metric for cognitive processes such as categorization,
identification, and prediction (Ashby & Lee, 1991; Lambon
Ralph, Jefferies, Paterson, & Rogers, 2017; Nosofsky, 1991;
Rogers & McClelland, 2004; Tversky, 1977).
Similarity judgment has often been described as a
mathematical function operating on descriptions of
individual concepts along various dimensions; that is, in
terms of their features, parts, and/or functions (Biederman,
1987; Greene, Baldassano, Esteva, Beck, & Fei-Fei, 2016;
Osherson, Stern, Wilkie, Stob, & Smith, 1991; Rogers &
McClelland, 2004; Tversky & Hemenway, 1984). However,
a consensus on the details of this function has remained
elusive. More importantly, a major shortcoming of current
theories of similarity is their inability to accurately predict
the degree to which two complex real-world objects (e.g.,
two animals) are judged to be similar. For example, even if
features along numerous dimensions (e.g., size, shape,
color) are used to describe a collection of objects and
compute the similarities among them, current models fail to
capture more than half of the variance in directly reported
similarity judgments (e.g., Osherson et al., 1991).

530

placed on specific values along that dimension. Specifically,
we tested the hypothesis that similarities along individual
dimensions may be best characterized by nonhomogeneously weighted quanta, and that incorporating this
insight into aggregate measures of similarity will improve
predictions of object-level similarity judgements.

of 1 to 5 (1 = low feature value, e.g. ‘small’; 5 = high
feature value, e.g. ‘large’). In each trial, they were shown
three randomly selected videos from that category side by
side and were given unlimited time to report a rating. Each
participant saw each video at most once and the order of
videos and categories was randomized across participants.
Nineteen participants were excluded from the final analysis
due to non-compliance with the instructions (e.g., RT below
200 ms for each trial, equal responses for all categories). We
obtained average feature ratings for each animal by
aggregating the ratings of the remaining participants (256:
19-26 per dimension).

Materials and Methods
To test our hypotheses, we selected ten basic-level animals
(Rosch, Mervis, Gray, Johnson, & Boyes-Braem, 1976) and
twelve feature dimensions and collected feature ratings for
each animal on each dimension (Experiment 1), as well as
unconstrained
object-level
similarity
judgments
(Experiment 2) and dimension-specific similarity judgments
(Experiment 3) for each pair of animals.

Experiment 2: Object-Level Similarity
50 participants were recruited through Amazon Mechanical
Turk in return for $2.00 payment. Participants were asked to
report the similarity of each pair of animals (‘How similar
are these two animals?’; forty-five trials total) on a discrete
scale of 1 to 5 (1 = not similar; 5 = very similar). In each
trial, they were shown two randomly selected videos from
different categories side by side and were given unlimited
time to report a rating. Each participant saw each video at
most once and the order of videos and categories was
randomized across participants. Eight participants were
excluded from the final analysis due to non-compliance with
the instructions. We obtained an average object-level
similarity for all animal pairs by aggregating the ratings of
the remaining participants (42).

Stimulus Set
We constructed a stimulus set comprising ten basic-level
animals (bear, cat, deer, duck, parrot, seal, snake, tiger,
turtle, whale) and twelve explanatory features (six objective
features: size, domesticity, predacity, speed, furriness,
aquatic-ness; six subjective features: dangerousness,
edibility, intelligence, humanness, cuteness, interestingness). The objective features comprised a reasonable subset
of features used throughout prior work on explaining
similarity judgments (e.g., Osherson et al., 1991). However,
little data has been collected how well subjective (and
potentially more abstract or relational; Gentner, 1988;
Medin, Goldstone, & Gentner, 1993) features can predict
similarity judgments between pairs of real-world objects.
Given that prior work has struggled to identify a subset of
objective (and potentially more concrete) features that fully
explain reported similarity judgments, we hypothesized that
such subjective features may hold some of the missing
variance and thus also help narrow the prediction gap
illustrated in prior work.
For each of our ten animal categories, we selected nine 3second videos showcasing the animal in its natural habitat.
All videos were in color, contained the target animal as the
largest and most prominent object in the scene, and were
cropped to a size of 400x400 pixels from documentaries
freely available online of minimum 720p quality (Fig. 1).

Experiment 3: Dimension-Specific Similarity
500 participants were recruited through Amazon
Mechanical Turk in return for $2.00 payment. Participants
were asked to report the similarity of each pair of animals
(e.g., ‘How similar are these two animals in terms of their
size?’) on a randomly chosen dimension (forty-five trials
total) on a scale of 1 to 5 (1 = not similar; 5 = very similar).
In each trial, they were shown two randomly selected videos
from different categories side by side and were given
unlimited time to report a rating. Each participant saw each
video at most once and the order of videos and categories
was randomized across participants. Thirty-three
participants were excluded from the final analysis due to
non-compliance with the instructions. We obtained average
dimension-cued similarity measures for our animal pairs by
aggregating the ratings of the remaining participants (467:
30-43 per dimension).

Results

Figure 1. Examples of animal videos from the stimulus set.

From Feature Ratings to Object-Level Similarity

Experiment 1: Feature Ratings

In Experiment 1, we collected a twelve-feature description
for each animal in our stimulus set and we generated twelve
rating-based dimension-specific similarity measures by
computing the Euclidean distance between the ratings of
each pair of animals on each dimension. Subsequently, we
used a standard linear regression model where similarities

275 participants were recruited through Amazon
Mechanical Turk in return for $0.50 payment. Participants
were asked to rate each animal category (ten trials total, one
animal shown per trial) on a randomly chosen dimension
(e.g., ‘How small/large is this animal?’) on a discrete scale
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Figure 2. Experimental design and main variance explained results.
computed from feature ratings along each dimension were
treated as separate predictors to test how well feature ratings
were able to collectively explain object-level similarity
ratings recorded in Experiment 2.
Consistent with prior work (Osherson et al., 1991), we
found that by generating distances between animals from
the feature ratings collected in Experiment 1 and
subsequently optimally combining them into an aggregate
measure (by weighting each dimension separately), we
could predict object-level similarity collected in Experiment
2 reasonably well (r2=0.42, p<0.01). By contrast, a similar
procedure that combined each dimension equally had lower
predictive power for object-level similarity (r2=0.12,
p<0.05) and each dimension individually did not usually
predict object-level similarity above chance (Fig. 2, top;
size: r2=0.03, p=0.30; domesticity r2<0.01, p=0.98;
predacity: r2<0.01, p=0.80; speed r2=0.07, p=0.08; furriness:
r2=0.19,
p<0.01;
aquatic-ness
r2=0.09,
p=0.04;
2
dangerousness: r <0.01, p=0.77; edibility r2<0.01, p=0.92;
intelligence: r2=0.04, p=0.20; humanness r2<0.01, p=0.53;
cuteness: r2<0.01, p=0.61; interesting-ness r2=0.04, p=0.19).
Given the diversity of features tested, this suggests that
similarity computed from feature ratings along individual
dimensions cannot directly explain reported object-level
similarity, unless combined into an aggregate measure. Even
then, despite an over-representation of dimensions
compared to objects being compared (twelve dimensions
and ten animals), more than half of the variance in objectlevel similarity remains unexplained.

Empirical Dimension-Specific Similarity
To address this prediction gap, we hypothesized that a
mismatch may exist between the similarity computed from
feature ratings along various dimensions (e.g., using
Euclidean distance) and the empirical dimension-specific
similarity that participants would report if asked directly. To
test this, in Experiment 3, we collected empirical
dimension-specific similarity judgments for all pairs of
animals (i.e., ‘How similar are these two animals in terms of
their size?’) and used these judgments (instead of building a
dimension-specific similarity measure from feature ratings
along those dimensions) to predict object-level similarity.
We found that reported dimension-specific similarity was
highly predictive of object-level similarity, not only at the
aggregate level (r2=0.94, p<0.01), but also significantly for
most individual dimensions (Fig. 2, bottom right; size:
r2=0.30, p<0.01; domesticity r2=0.32, p<0.01; predacity:
r2=0.28, p<0.01; speed r2=0.61, p<0.01; furriness: r2=0.76,
p<0.01; aquatic-ness r2=0.35, p<0.01; dangerousness:
r2=0.10, p=0.04; edibility r2=0.60, p<0.01; intelligence:
r2=0.85, p<0.01; humanness r2=0.86, p<0.01; cuteness:
r2=0.67, p<0.01; interesting-ness r2=0.91, p<0.01).
Furthermore, we observed a dichotomy between objective
and subjective dimensions: the former contained less
overlapping information about object-level similarity
compared to the latter and, simultaneously, subjective
dimensions were much more predictive of object-level
similarity compared to objective dimensions (Fig. 2, bottom
right; Fig. 3; ANOVA main effect of subjectivity, p<0.01).

532

Figure 3. Variance explained by empirical dimension-specific similarity.
This suggests that the potential disconnect between
similarity given by feature ratings along individual
dimensions and reported object-level similarity may be due
to limitations in building an accurate dimension-specific
similarity measure from the feature ratings themselves. To
test this possibility further, we measured how well empirical
dimension-specific similarity could be predicted from the
similarity generated from feature ratings along that
dimension. There was high agreement between the two
similarity measures (computed and empirical) for most
dimensions considered in our experiments (Fig. 2, bottom
left; size: r2=0.62, p<0.01; domesticity r2=0.51, p<0.01;
predacity: r2=0.38, p<0.01; speed r2=0.40, p<0.01; furriness:
r2=0.40,
p<0.01;
aquatic-ness
r2=0.82,
p<0.01;
2
dangerousness: r =0.85, p<0.01; edibility r2=0.18, p<0.01;
intelligence: r2=0.12, p=0.02; humanness r2=0.01, p=0.49;
cuteness: r2=0.26, p<0.01; interesting-ness r2=0.06, p=0.11).
Furthermore, we found that feature ratings for objective
dimensions were much more predictive of empirical
dimension-specific similarity compared to subjective ones
(ANOVA main effect of subjectivity, p<0.01), an effect
directly opposite to the one between empirical dimensionspecific similarity and object-level similarity (ANOVA
interaction effect objective/subjective dimension x
computed/empirical dimension-specific similarity, p<0.01).
Taken together, our results suggest that a significant
portion of the missing explanatory power between similarity
given by feature ratings and empirical object-level similarity
judgments may lie in the intermediate step of constructing
dimension-specific similarity. Moreover, this suggests the
possibility that not all features are created equal in terms of
how they relate both to the dimension-specific similarity
they induce, and to how those intermediate dimensionspecific similarity measures are subsequently combined to
generate object-level similarity (as evidenced by the
interaction effect we observed).

from feature ratings and explicit similarity judgments
between pairs of objects may arise from challenging the
long held assumption that similarity information is
uniformly distributed within each dimension. More
specifically, consistent with the predictions of structural
alignment theory (Gentner & Markman, 1994), it is possible
that less similar (or conversely, highly similar) pairs of
objects within a dimension may hold disproportionally more
relevant information for computing overall similarity
between those objects (for example, the fact that a mouse
and a gerbil are almost identical in size may be much more
informative for how similar they are judged, than the fact
that a mouse and a rabbit have different sizes).
To test this hypothesis, we partitioned the similarity
computed for each dimension based on feature ratings
(Experiment 1) into a ‘low similarity’ half and ‘high
similarity’ half and used each of these halves separately to
predict empirical dimension-specific similarity judgments
(Experiment 3). Across dimensions, we found that the two
similarity halves behaved in an unsurprising manner: both
low and high similarity were useful for predicting empirical
dimension-specific similarity (Fig. 4, left; dimensions with
significant prediction, Wilcoxon sign-rank test: predict
empirical dimension-specific similarity, high vs. low,
p=0.76).
We applied an analogous split-half analysis to the
empirical
dimension-specific
similarity
judgments
(Experiment 3) to predict reported object-level similarity
(Experiment 2). Here, we found strong evidence of withindimension non-homogeneity: when predicting object-level
similarity, the high similarity half of empirical dimensionspecific similarity contained much more useful information
than the lower similarity half (Fig. 4, right; dimensions with
significant prediction Wilcoxon sign-rank test: predict all
object-level similarity, high>low, p<0.01).
The observation that high and low empirical dimensionspecific similarity contained differing amounts of
information relevant to predicting object-level similarity
suggests that it may be possible to improve the prediction of
object-level similarity if the sub-domains of each dimension

Non-Homogenous Within-Dimension Information
An alternative (or potentially complementary) explanation
for the mismatch we observed between similarity derived
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Figure 4. Non-homogenous information distribution within empirically reported dimension-specific similarity.
are weighted differently. Indeed, we found that using
independent weights for each half of the empirical
dimension-specific similarity explained more variance in
object-level similarity (full < half dimensions, p=0.007;
adjusted for the number of predictors). However, the same
was not true for similarity computed from feature ratings
along each dimension (full < half dimensions, p=0.250;
adjusted for the number of predictors).
Taken together, these results suggest that separate subdomains within each feature similarity continuum may
contribute differently to how that particular feature explains
similarity between the objects it describes. Furthermore, this
provides further evidence for an important dichotomy
between the two steps of the process of first building
dimension-level similarity from feature ratings and
subsequently combining this intermediate measure into a
unified similarity judgment.

correlated with object-level similarity than objective,
potentially more primitive features (e.g., size). In our work,
however, we found that this relationship held only when
using empirical dimension-specific similarity to predict
object-level similarity, whereas the opposite was true when
using similarity computed from feature ratings to predict its
empirically observed counterpart. This dichotomy invites
future work that investigates how similarity judgments
differ across feature taxonomies in the context of empirical
vs. computed dimension-specific similarities.
In most previous similarity models, usually a single
weight was learned or posited for each object feature or
dimension (e.g., Nosofsky, 1991; Osherson et al., 1991;
Rogers & McClelland, 2004). However, we found that
information within most features we examined was
asymmetrically contained in distinct points along a putative
continuum of representations (Fig. 4, right: high empirical
dimension-specific similarity was an overwhelmingly better
predictor of object-level similarity across a majority of
dimensions, compared to low empirical dimension-specific
similarity). This finding is consistent with the predictions of
structural alignment theory applied to similarity between
object pairs (Gentner & Markman, 1994) and, interestingly,
this effect manifested most strongly when combining
empirical dimension-specific similarities into an aggregate
measure of object-level similarity, but less so when
similarity was computed from feature ratings along those
same dimensions. This suggests that participants may
perform a systematic discounting of low similarity only
after it has been already identified as such at the dimension
level, and furthermore, that classical measures of
dimension-specific similarity fail to take into account this
effect. Alternatively, participants may be subject to an
anchoring effect (Tversky & Kahneman, 1974) due to our
experimental question emphasizing similarity over
dissimilarity (‘How similar are these two animals?’). While
this account would still not fully explain the asymmetry of

Discussion
The findings we report provide evidence that some of the
missing explanatory power between feature ratings of
individual objects and reported similarity between pairs of
objects rests within the intermediate step of constructing an
accurate dimension-specific similarity. Our design was the
first, to our knowledge, to empirically measure the
intermediate step of dimension-specific similarity for the
purpose of quantifying its explanatory power for objectlevel semantic similarity judgments, compared to building
models directly relating feature ratings to object-level
similarity.
Furthermore, we showed that fine-grained distinctions
between types of features (objective vs. subjective) interact
across this intermediate computational step to diminish a
direct predictive path from feature ratings to reported
similarity. From prior observations (e.g., Gentner, 1988;
Medin et al., 1993), we expect subjective, or potentially
more relational features (e.g., humanness), to be more
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the effect across computed vs. empirical dimension-specific
similarities, it may nevertheless be tested in future work by
re-running the current experiments with the opposite prompt
(‘How different are these two animals?’). In any event, our
findings suggest that – whether induced by local attentional
effects, such as anchoring, or more stable representational
factors – inhomogeneity in the influence of different points
along a putatively continuous dimension may be an
important factor in predicting object-level similarity.
Our results were derived under the assumption that
Euclidean distance represents a reasonable measure for
computing a dimension-specific similarity function from
feature ratings. In a pilot version of our experiment, we
additionally tested an exponential decay distance function
(Shepard, 1988), a Gaussian similarity function (Nosofsky,
1985), and a city-block distance measure (Attneave, 1950;
Garner, 1974). We chose Euclidean distance for our main
experiment since all measures evinced qualitatively similar
results, but Euclidean distance provided the highest average
predictive power of all metrics we tested. Additionally, we
did not observe any asymmetric similarity or comparison
order effects (Medin et al., 1993; Nosofsky, 1991)
pertaining to the sequential presentation of our stimuli
during Experiments 2 and 3. A separate pilot experiment
confirmed that the order of presentation for each animal
within each trial/pair did not have any significant effect on
the similarity ratings reported for that trial/pair).
One potential limitation of our study is the possibility that
overall object-level similarity may exert a covert influence
on dimension-specific similarity judgments collected in
Experiment 3. Depending on the difficulty and unusualness
of performing some dimension-level tasks (e.g., asking
participants to actively consider ‘humanness’ of animals),
participants may default to using object-level similarity as a
prior and/or reporting a mixture of object-level and
dimension-specific similarity as their overall judgment.
Another potential limitation is a disparity between the
Experiment 1 task (judgments involving single animals) and
those of Experiments 2 and 3 (comparisons between two
animals), which may affect the ability of similarity derived
from the former to explain empirical similarity reported in
the latter. We employed a design geared towards
minimizing such effects (e.g., animals were presented
sequentially in Experiments 2 and 3). However, the
possibility remains that contextual effects and/or a metaeffect of actively performing a comparison versus a
individual ratings may artificially increase the agreement
between patterns of judgments in Experiments 2 and 3,
compared to Experiment 1. Such complex effects should be
further assessed in future experiments.
Given recent neuroimaging work suggesting an
interaction between cognitive control (anterior cingulate
cortex, ACC) and infero-temporal cortical regions in
computing similarity judgments (Keung, Cohen, &
Osherson, 2016; Lambon Ralph et al., 2017), our results
provide an interesting hypothesis for elucidating the neural
underpinnings of similarity judgments and their

susceptibility to attention and other sources of bias. More
specifically, the computations of dimension-specific
similarities may be a precursor for computing object-level
similarity, and thus the successful decomposition of the
latter into a collection of the former may be measurable at
the neural level as attention-induced perturbations in the
representations of objects or semantic concepts (Çukur,
Nishimoto, Huth, & Gallant, 2013). Furthermore, by
showing evidence for discretization of information across
multiple dimensions of similarity judgment, our work opens
the possibility that semantic space may be internally
represented as a cognitive map akin to ones theorized and
investigated for spatial navigation in the hippocampus
(Epstein et al., 2017). An interesting avenue for future work
would be to test such a cognitive map model for computing
similarity, potentially based on a semantic place cell
analogy, where similarity judgments would operate as
(potentially non-linear) transformations on distances
between discrete points in dimension-specific feature maps.
Acknowledgements Funding: John Templeton Foundation.
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and that over time, structure is discovered in these observations and subsequently incorporated into a powerful statistical learning system (McClelland, McNaughton, & O’Reilly,
1995).
The CLS framework has undergone some revision in recent
years. In particular, the REMERGE model suggests that recurrency enables activation of multiple episodic memories at
once, allowing some degree of generalization through the retrieval of associated memories in the medial temporal lobe
(Kumaran & McClelland, 2012). More recent versions of
the theory also allow the hippocampus to manipulate natural statistics in its representations in a goal-dependent fashion
(Kumaran, Hassabis, & McClelland, 2016).

Abstract
We introduce a computational model capturing the high-level
features of the complementary learning systems (CLS) framework. In particular, we model the integration of episodic memory with statistical learning in an end-to-end trainable neural
network architecture. We model episodic memory with a nonparametric module which can retrieve past observations in response to a given observation, and statistical learning with a
parametric module which performs inference on the given observation. We demonstrate on vision and control tasks that our
model is able to leverage the respective advantages of nonparametric and parametric learning strategies, and that its behavior
aligns with a variety of behavioral and neural data. In particular, our model performs consistently with results indicating
that episodic memory systems in the hippocampus aid early
learning and transfer generalization. We also find qualitative
results consistent with findings that neural traces of memories
of similar events converge over time. Furthermore, without
explicit instruction or incentive, the behavior of our model naturally aligns with results suggesting that the usage of episodic
systems wanes over the course of learning. These results suggest that key features of the CLS framework emerge in a taskoptimized model containing statistical and episodic learning
components, supporting several hypotheses of the framework.

Modeling Approach & Aims
We constructed a computational model of complementary
learning systems by integrating a model of episodic memory
with a model of statistical learning in an end-to-end trainable neural network architecture. We model episodic memory with a nearest neighbors-based memory module that can
retrieve past observations, and statistical learning with a parametric module that can perform inference on a given observation. We call this hybrid a “semiparametric” model. Crucially, we do not constrain our model to leverage these components in a particular way, allowing us to explore the role of
each over the course of learning.
To our knowledge, our approach is the first computational
model to integrate both parametric and nonparametric learning components into a single end-to-end trainable model.
Such an approach provides new avenues for modeling the
CLS framework.
We sought to compare our model’s behavior to relevant behavioral and neural results. We begin by outlining these results. Hippocampal lesions are known to impede new learning and induce temporally graded retrograde amnesia for recent experiences (Winocur, 1990; Squire, 1992; J. J. Kim &
Fanselow, 1992). Other work suggests that damage to the
hippocampus hinders ability to generalize and transfer knowledge across tasks, while basal ganglia lesions are detrimental
to overall learning performance (Myers et al., 2003). Clinical
studies on patients with Parkinson Disease reveal a similar
functional separations between learning and transfer generalization capabilities (Herzallah, Moustafa, & Misk, 2010). Experiments with lidocaine injections in the hippocampus in rats
support the hypothesis that it is crucial to useful situational

Introduction & Motivation
Complementary Learning Systems Framework
The complementary learning systems (CLS) framework hypothesizes that learning in the brain requires the integration of
an episodic memory system and a statistical learning system.
The CLS framework suggests that statistical learning primarily takes place in the neocortex and is necessary for powerful
inference, while an episodic memory system is present in the
hippocampus and is necessary for incorporating new observations quickly and robustly.
The CLS framework accounts for numerous observations
about hippocampal and neocortical function, which it unifies into a single theoretical structure. The CLS framework
also offers a resolution to a weakness in connectionist models of learning: that such models have difficulty incorporating observations from new domains quickly without interfering with previously acquired knowledge, a phenomenon
known as catastrophic interference (McCloskey & Cohen,
1989). The CLS framework suggests that episodic memory
allows for fast storage of new observations without disrupting
existing knowledge (Burgess, Maguire, & O’Keefe, 2002),
∗
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Methods

generalization (Packard & McGaugh, 1996). Hippocampal
lesions also prove detrimental to early learning, consistent
with the notion that the hippocampus underlies the recognition of novel patterns (S. M. Kim & Frank, 2009).
Recent evidence has challenged a strict dichotomy between a purely episodic hippocampus and slowly adjusting
statistical neocortex. Several experiments indicate a capacity
to link related, recently experienced memories (Zeithamova,
Schlichting, & Preston, 2012; Preston, Shrager, Dudukovic,
& Gabrieli, 2004; Dusek & Eichenbaum, 1997). Though neural traces of episodic memories are initially quite distinct, as
in the traditional view of the hippocampus, fMRI data indicate that traces of memories with shared features show overlap after one week (Tompary & Davachi, 2017). Detailed
models of the hippocampus indeed suggest that some regularities in memories may be uncovered by the hippocampus
itself, contradicting the most uncompromising theories of its
role as housing uncorrelated episodic traces (Schapiro, TurkBrowne, & Botvinick, 2017).
Data show a decreasing dependence on episodic hippocampal representations as learning progresses. For instance, the
behavior of rats on a water maze task reflects instance-based
learned representations initially and neocortical parametric
representations after a month of learning (Richards et al.,
2014). Behavior consistent with this account is also observed
in the aforementioned lidocaine experiment (Packard & McGaugh, 1996).
In light of CLS theory and the experimental literature outlined above, we set out to devise a computational model with
the following high-level characteristics:

Modeling CLS for Visual Recognition Tasks
We constructed a hybrid parametric and non-parametric deep
learning model designed to perform image classification.
This model consists of 1) a neural network that maps input to an embedding space 2) a fully differentiable nearestneighbors-based classifier that operates on this embedding
space and 3) a classifier network that operates on both the
nearest-neighbors results and embedding space representation of an input image. This model architecture is diagrammed in Figure 1 and detailed in Algorithm 1.
To make our model end-to-end trainable, we use a differentiable nearest-neighbors calculation that operates on datalabel pairs of the current batch during training. Given the
embedding vi of example i, we compute its squared distance di j = (vi − v j )2 to the embedding of each example j,
j 6= i, in the current batch. From these, we compute weights
wi j = di−τ
j where τ is a hyperparameter that modulates the
emphasis on tight clustering in embedding space (we used
τ = 2). The calculation outputs (unnormalized) class probabilities Pa (ci = a) = ∑ j6=i wi j 1[c j = a]. These probabilities are
concatenated with the embedding vi of the current example to
form the input to the final classifier network.
We trained our semiparametric model on the standard
MNIST and CIFAR-10 datasets for image classification. We
compared against a parametric baseline, identical to the semiparametric model but without the nearest-neighbor component, and a nonparametric baseline which does not include
the parametric classifier network.

1. the model contains parallel episodic/nonparametric and
statistical/parametric components,
2. the parametric component uses representations in the nonparametric component to form its own representations,
3. the episodic component may retrieve multiple related
memories in response to a relevant stimulus,
4. the behavior of the episodic component may be learned to
benefit task performance rather than directly reflect natural
statistics.
We test our model’s consistency with the following claims:
1. an episodic/nonparametric system aids in domain transfer
generalization,
2. an episodic/nonparametric system aids in rapid learning
from few examples,

Figure 1: Architecture of our neural network model of complementary learning systems. Our model is designed to generate a prediction given an input query and labeled example
queries. Out model incorporates nonparametric learning by
performing nearest neighbor-based retrieval in a learned embedding space, and parametric learning by simultaneously incorporating inferences made on the embedding of the current
input. Gradients flow through the entire architecture. Our
model differs slightly when applied to control tasks, which is
elaborated in-text.

3. a statistical/parametric system is important for attaining
good performance on difficult vision and reinforcement
learning tasks,
4. a model containing complementary learning systems will,
with learning, exhibit increasing representational overlap
for similar inputs,
5. such a model will rely increasingly on its statistical, parametric component as learning progresses.
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Algorithm 1 Semiparametric Model of CLS
1: B: batch size.
2: (xi , ci ): (example, label) pairs
3: c̃: one-hot encoding of class c
4: τ: cluster separation hyperparameter (set to 2)
5: for each batch do
6:
for i = 1, 2, . . . , B do
7:
Map example xi into embedding vi .
8:
end for
9:
for i = 1, 2, . . . , B do
10:
for j = 1, 2, . . . , B, j 6= i do
11:
di j ← (vi − v j )2
12:
wi j ← (di j )−τ
13:
end for
14:
Estimate c̃i 0 = ∑ j6=i wi j c j
15:
Concatenate vi and c̃i 0 , map to prediction c̃ˆi
16:
Train predicted label c̃ˆi on actual label ci
17:
end for
18: end for

The retrieval-based Q-value estimate is computed as in the
classification setting, but using only these nearest neighbors
for computational efficiency.
We apply a fully parametric Q-value prediction network to
the current observation. In the reinforcement learning setting
we interpret it as a correction to the output of the nonparametric component; we find empirically that this better incorporates the nonparametric computation and improves performance.
We trained our model on the Atari games Venture, Bowling, H.E.R.O., and Enduro (Bellemare, Naddaf, Veness, &
Bowling, 2013). We also trained it on a simple Unity-based
ball-rolling task (in which the objective is to collect twelve
fixed tokens in a square field under a time constraint) in order to observe the algorithm’s behavior all the way through
convergence on a task, given our resource constraints.

Results & Discussion
Visual Recognition Tasks
We first observed that the semiparametric model matches
the final performance of the parametric baseline model on
MNIST and CIFAR-10.
Next, we tested each model on a domain adaptation problem. We trained to convergence on a subset of MNIST containing half the available classes. Then we trained on n examples of unseen classes (”new domain”), varying n. We
found (Figure 2) that the nonparametric model gave good
performance most quickly on the new domain and that the
semiparametric model captured some of this advantage. The
same results hold when we include all classes in the second
(”expanded”) domain, demonstrating that the semiparametric model can adapt without catastrophic interference. On a
more challenging dataset, CIFAR-10, we performed a similar
adaptation experiment but allowing multiple iterations over
the training data in the second domain. We find that the semiparametric model adapts quickly. On CIFAR-10, the parametric baseline fails to learn on the expanded domain even
after 500 epochs, indicating that it struggles to learn new categories without interfering with existing knowledge.
We experimented with training all models on 1000-image
subsets of MNIST and CIFAR-10. As shown in Figure 4A,

Modeling CLS for Control Tasks
We also constructed a hybrid parametric and non-parametric
deep learning model for reinforcement learning tasks. The
model is similar in most regards to our model for visual
recognition, with minor changes made to suit the setting and
improve performance. In particular, as in deep Q learning (Mnih et al., 2015), the model learns to estimate values
of state-actions pairs (termed Q-values in the reinforcement
learning literature). Our memory embedding space stores Qvalues as well—in essence, these replace the role of class
probabilities in the image classification setting.
As in the classification setting, our model begins with a
trainable embedding network which maps raw inputs to an
embedding space. Our episodic memory module and differentiable approximation to nearest neighbor-based classification takes after (Pritzel, Uria, Srinivasan, & Puigdomènech,
2017). Throughout training, we store N-step approximations
to Q-values of observed state-action pairs in a dictionary,
along with their embeddings at observation time. We subsequently find a specified number (fixed at K = 50 in our experiments) of neighbors with embeddings and stored Q-values.

Figure 2: Model validation accuracy after exposure to training examples from a new domain (unseen classes) or expanded
domain (unseen and previously seen classes).

538

Figure 3: (A) Image classification accuracies on MNIST and CIFAR-10 validation sets. (B) The model’s relative dependence
on nearest-neighbors-based information, as measured by the ratio of gradient magnitudes with respect to the model’s nearestneighbor and parametric components. (C) T-SNE and Isomap plots of the embedding space of each model after training,
color-coded by class.
Control model (NEC) (Pritzel et al., 2017) and Double DQN
with rank-based prioritized experience replay (which we will
refer to as DDQN+) (Schaul, Quan, Antonoglou, & Silver,
2015). As the parametric baseline model trains slowly, we
took asymptotic performance figures from published results
and indicated them with dashed lines in Figure 3.

the nonparametric baseline learns quickly, but not asympotically well; the parametric model has asymptotically better
performance but initially requires more training time to learn.
Our semiparametric model, on the other hand, learns both
quickly and asymptotically well.
Our empirical results show that the semiparametric model
mimics advantageous properties of the nonparametric model
early in training but gradually converges toward the performance of the parametric model. We show directly that this
phenomenon is due to initial reliance on the nonparametric
component of the model which wanes over time. To measure this reliance, we compute the magnitude of the gradient
of the model’s output with respect to the embedding space,
as a fraction of the magnitude of the gradient with respect to
the nearest-neighbors step. This metric serves as a first-order
approximation to the model’s relative dependence on nearestneighbors retrieval. Figure 4B provides empirical evidence
that this dependence increases over time, consistent with the
analogy to the psychological theory of CLS.
We analyzed the learned representations of each model,
employing the low-dimensional embedding techniques t-SNE
and Isomap. (Figure 4C). The embeddings for each trained
model map examples of the same class into local clusters.
However, it appears that the nonparametric model exhibits the
tightest clustering, followed by the semiparametric model.

In early learning stages on the models tested, the semiparametric model matched or exceeded the baselines. We
conclude that the semiparametric model captures and sometimes enhances the early-learning advantage of nonparametric methods. This result is reasonable, as the decision in
the nonparametric baseline to weight neighbors according to
inverse distance in embedding space from the current stateaction is rather arbitrary. A more complex function of these
distances, or one dependent on the current state embedding,
might more accurately estimate the Q-function. Our method
appears to provide this functionality.
We found that semiparametric learning matches or exceeds
the asymptotic performance of NEC (Figure 4A). This result extended to games in which nonparametric learning gave
poor results even in early stages. On Enduro, for instance,
where NEC fails to learn, semiparametric learning did not
suffer the same issue. The semiparametric model exhibited
the same advantage on the Roll-a-ball task (Figure 4B).
We investigated our model’s dependence on nearestneighbors data relative to parametric learning over the course
of learning. We quantified this dependency with two approaches: 1) calculating the magnitude of the correction to
the nearest neighbors output over the course of training, and
2) by measuring a gradient magnitude ratio as in the classification setting. In all tasks measured, including the Roll-a-ball

Control Tasks
As our method was designed to capture the benefits of a nonparametric nearest neighbors-based approach as well as those
of traditional powerful deep parametric models, we compare
our model to high-performing models in either category as
baselines: a nonparametric variant of the Neural Episodic
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Figure 4: Reinforcement learning results on (A) Atari games and (B) the Roll-a-ball task. (C) The model’s relative dependence
on its parametric component during training on Roll-a-ball, as measured by the magnitude of corrections to the nonparametric
Q-value estimates (left) and the ratio of gradient magnitudes with respect to the model’s parametric and nearest-neighbor
components (right).
task (Figure 4C), semiparametric learning appears to rely increasingly on its parametric corrections to the nearest neighbor results, as in the image classification setting. This is consistent with the paradigm that purely nonparametric, nearest
neighbor-based methods become less advantageous as training progresses.

vations to be manipulated to optimize task performance, as
in modern CLS theory. Crucially, we make few assumptions
about how and when our model incorporates parametric versus nonparametric computations during learning by allowing
the details of this process to be learned by a neural network.
We have demonstrated that a model with these computational components exhibits properties consistent with neural
and behavioral data. We find, for instance, that the model’s
nonparametric component is crucial to its ability to generalize
across domain transfer and to learn rapidly from few observations, while its parametric component provides long-term
learning power. These results mirror observations of animal
and human subjects with impairments in the relevant brain regions. Moreover, our model learns to depend increasingly on

Conclusion
We introduced a neural network model of complementary
learning systems. Our model integrates nonparametric and
parametric learning computations, reflecting the broad roles
in the CLS framework of episodic memory in the hippocampus and statistical learning in the neocortex. Our model is
end-to-end differentiable, allowing the embeddings of obser-
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parametric representations as learning progresses, consisting
with behavioral studies and with the principles of CLS theory.
We also observe, even in the nonparametric module, increasing representational overlap between qualitatively similar observations with learning, as has been observed in neural data.
We believe that analysis of such models can provide insight
into the role between statistical and episodic learning systems. One might, for instance, examine which episodes are
evoked by the memory retrieval process in response to a given
input and examine how they are incorporated into decisionmaking. The model’s graceful performance in response to
domain transfer permits investigation into how observations
from an unseen distribution can be incorporated in a connectionist model without catastrophic interference. Furthermore,
our model’s performance in comparison to traditional parametric and nonparametric models may make it of interest to
the machine learning community. Future work might update
our model to more concretely reflect neuroscientific understanding of memory consolidation.
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Abstract

classic notion that “you shall know a word by the company
it keeps” (Firth, 1957). However, the notion of building a
single prototypical center of tendency is in stark contrast to
the current state-of-the-art in related fields, such as
categorization and episodic memory. The categorization
literature, for example, has long recognized the importance
of instance-based models for understanding category
knowledge and the contextual disambiguation of meaning;
especially given that prototype theories of categorization are
simply unable to explain human behavior when dealing with
category structures that have non-linearly separated
structure, such as in classic XOR.
Jones (2018) has recently suggested that current
abstraction-at-learning DSMs suffer from the same issues as
prototype theories in categorization. All current models
collapse the many contexts that a word occurs in to a single
best-fitting representation, but that process discards
idiosyncratic regularities that are important to word
meaning. Homonymous words present an ideal evaluation
case. It has long been known that spatial DSMs collapse the
multiple senses of a homonym into a single representation,
often averaging over very distinct context patterns to a
center of tendency that represents the average meaning. A
word such as bank will be positioned in space as a
frequency weighted average of its distinct senses.
Griffiths, Steyvers, and Tenenbaum (2007) have suggested
that homonyms and polysemes pose a core challenge to
spatial DSMs that they cannot adequately explain, arguing
instead for probabilistic topic models. In addition,
homonyms and polysemes are hardly rare in language:
Over half of all words in English have multiple senses, and
the frequency distribution of senses for a word tends to be
positively skewed. DSMs lose the tail when collapsing to a
prototype, but humans can regularly comprehend the
multiple (less frequent) meanings that are averaged out in
DSMs. Hence, DSMs have great difficulty with the nondominant sense of homonyms (e.g., the river sense of bank
is dominated by the financial institution sense in the
prototype representation). Homonyms may be a key
falsification criterion for DSMs that posit abstraction at
learning.
In this paper we present a different notion of abstraction.
Building on successful instance-based memory models, we

Abstraction to a single prototypical representation is a core
principle of Distributional Semantic Models (DSMs) that
learn semantic representations for words by applying
dimension reduction to statistical redundancies in language.
While the learning mechanisms for semantic abstraction vary
widely across the many DSMs in the literature, they are
essentially all prototype models in that they create a single
abstract representation for a word’s meaning. The prototype
method stands in stark contrast to work in the field of
categorization that has converged on the importance of
instance models. In comparison to the prototype method,
instance-based models assume only an episodic store and,
rather than applying abstraction mechanisms at learning,
argue that meaning emerges in the act of retrieval. We cash
this idea out by presenting and evaluating an instance theory
of distributional semantics, and by demonstrating that it can
explain diverging patterns of homonymous words that classic
“abstraction-at-learning” models simply cannot as a
consequence of their architectural assumptions.
Keywords: Semantic memory; Instance theory; Latent
Semantic Analysis

Introduction
Distributional semantic models (DSMs) such as
BEAGLE, HAL, LSA, and Word2Vec represent a major
advance in the field of semantic memory (Jones &
Mewhort, 2007; Lund & Burgess, 1996; Landauer &
Dumais, 1997; Mikolov, et al., 2013). DSMs attempt to
explain how humans transform first-order statistical
experience with language into deep knowledge
representations of word meaning. The mechanisms they
posit for this transformation vary widely, ranging from
simple co-occurrence counting to reinforcement learning
(see Jones, Willits, & Dennis, 2015 for a review). But
virtually all DSMs share one commonality: They are
prototype models. This shared feature may represent a
significant architectural flaw in DSMs, leading the field to
assume that abstraction is a learning rather than retrieval
mechanism.
All current spatial DSMs use the co-occurrence
regularities of words across contexts in language, and
attempt to build a single vector representation that best
represents the word’s aggregate meaning, formalizing the
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posit that semantic abstraction may be a consequence of
retrieval from episodic memory rather than a learning
mechanism. We present an instance-based theory of
semantics (ITS) that stores word contexts as multiple
instances in episodic memory. When a word is presented to
the model, a simple retrieval mechanism is applied that
generates an ad hoc semantic representation of the word. In
contrast to abstraction-at-learning DSMs, ITS is able to
have non-linear activation of encoded instances, which
allows it to easily access the non-dominant sense of a word
when provided the appropriate context.

where ai is the activation of trace i, pkj is feature j of word k
in the probe, Mij is feature j of document i in memory, n is
the dimensionality of a word representations, and h is the
number of words in the probe. Cubing the cosine similarity
between probe and trace forces a more selective retrieval of
traces that are most similar to the probe. Activation ranges
between -1 and +1: when the trace and probe are identical a
= 1, when the trace and probe are orthogonal a = 0, and
when the trace and probe are opposite a = -1.
As should be obvious, the product rule in the activation
function supports a selective activation of traces that include
all h words in the probe more strongly than traces that
include a subset of the h words in the probe. This feature of
the model will be critical for supporting contextual
disambiguation of word meaning.
In step two, an aggregate of the activated traces is
retrieved that is a vector called the echo. The contribution of
each trace to the echo is in proportion to its activation,

Instance-Based Theory of Semantics
ITS is rooted in Hintzman’s (1986) MINERVA 2
instance-based model of human memory (see Johns &
Jones, 2015, and Kwantes, 2005, for related approaches).
In the theory, every letter string (i.e., word or non-word) is
represented by a unique n dimensional vector, w, where
each dimension takes a randomly sampled value from a
normal distribution with mean zero and standard deviation
. Vectors constructed in this manner are orthonormal
in expectation and, thus, the model begins from a state in
which words have no similarity to one another.
Memory of a conversation, a document, is encoded as an
instance di, equal to the sum of the j = 1…h words in the
document,

where cj is feature j in the echo, m is the number of traces
in memory, ai is the activation of trace i, and Mij is the value
of feature j in trace i in memory. The echo is the
corresponding semantic representation retrieved for the
probe.
Finally, the semantic resemblance, r, between two probes
(e.g., two words), p1 and p2, is computed as the cosine
similarity between their corresponding echoes,

where h is the number of words in document i, wj is word j
in the document, and di is the sum of the words in document
i. To illustrate, the document, “the dog bit the mailman” is
stored as wdog + wbit + wmailman (consistent with standard
practice, we excluded a list of stop words).
Memory proper is a collection of document
representations in which each document i, di, is stored to a
corresponding row in a memory matrix, M,

where c1 is the echo retrieved by p1 and c2 is the echo
retrieved by p2. Thus, words that retrieve similar echoes are
judged similar in meaning.
In summary, the theory assumes that people remember
their language experiences and that word meaning is
constructed during retrieval.
We now turn to a
demonstration of the theory using a simple artificial
language.

To retrieve a word’s meaning, a word vector is presented
to memory as a probe and a corresponding semantic vector,
c, is retrieved that is called the echo.
Retrieving the echo is a two-step process. In step one, the
probe, p, composed of h words activates all traces in
memory, M, in parallel,

Artificial Language Simulations
Natural language is a complex structure and, therefore,
is hard to assess cleanly. To finesse the problem, we
developed a small artificial language.
Our toy language is presented in Figure 1. It was
inspired by languages from Lee (1962) and Elman (1990).
Our toy language included seven different word classes,
with each word class represented by two words. For
example, the class NOUN_HUMAN was represented by the
words man and woman whereas the class VERB_VEHICLE
was represented by stop and break.
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The language also included three sentence frames that
can be re-written as sentences permissible in the language.
A permissible sentence is generated by selecting a
sentence frame and then rewriting the word classes with
words from that class.
For example, the template
NOUN_HUMAN,
VERB_DINNERWARE,
NOUN_DINNERWARE can produce “man smash plate”,
“man break plate”, “man smash glass”, “man break glass”,
“woman smash plate”, “woman break plate”, “woman
smash glass”, and “woman break glass” by applying the
following rewrite rules: (a) NOUN_HUMAN ® {man,
woman}, (b) VERB_DINNERWARE ® {smash, break},
and NOUN_DINNERWARE ® {plate, glass}. The full list
of 24 sentences (8 per sentence frame) defines the language.
Categories of lexical items:
Categories
NOUN_HUMAN
NOUN_VEHICLE
NOUN_DINNERWARE
NOUN_NEWS
VERB_VEHICLE
VERB_DINNERWARE
VERB_NEWS

Examples
man, woman
car, truck
plate, glass
story, news
stop, break
smash, break
report, break

Figure 2. Toy language simulations with balanced sentence
frequency. Results with ITS are presented in the top row.
Results with LSA are presented in the bottom row.
The top right panel of Figure 2 shows ITS’s ability to
disambiguate the meaning of break depending on the
context in which it is presented. As shown, presenting ITS
with break in isolation retrieves an echo that is equally
similar to all three of its potential meanings (i.e., stop,
smash, and report).
However, presenting break in
conjunction with car retrieves an echo that is more similar
to stop than to either smash or report, presenting break in
conjunction with story retrieves an echo that is most similar
to report, and presenting break in conjunction with plate
retrieves an echo that is most similar to smash.
For comparison, we conducted corresponding
simulations with LSA (Landauer & Dumais, 1997). In those
simulations, we derived the word-by-document matrix from
the same corpus, weighted the matrix by the standard
entropy calculation, derived a solution by dimension
reduction, computed the cosine similarity between words in
each of the reduced spaces, and computed the similarity
between the word vectors. Two-word probes were presented
as the sum of the corresponding vectors.
The bottom row in Figure 2 presents the corresponding
results with LSA. As shown, LSA and ITS arrive to very
similar solutions.
In summary, when sentence frequency is balanced, both
ITS and LSA (a) recover the structure of a small artificial
language, (b) recognize homonymy, and (c) disambiguate
the intended meaning of a contextually-signaled
homonymous word (i.e., break).

Sentence frames:
NOUN_HUMAN; VERB_VEHICLE; NOUN_VEHICLE
NOUN_HUMAN; VERB_DINNERWARE; NOUN_DINNERWARE
NOUN_HUMAN; VERB_NEWS; NOUN_NEWS

Figure 1: The toy language.
Critical for our analysis, the word break is included as a
word in all three verb classes. This makes break a homonym
with three different senses. In the vehicle sense, it is related
to stop. In the dinnerware sense, it is related to smash. In the
news sense, it is related to report.

Simulations with balanced sentence frequency
We conducted simulations with ITS for a corpus of
sentences from our toy language. In a first set of
simulations, every sentence was equiprobable in the corpus.
For each simulation, we generated a corpus of 20,000
sentences, where each sentence was sampled with equal
probability. Then, we applied our model to retrieve a
semantic vector (i.e., the echo) for (a) each individual word
in the language (i.e., man, woman, car truck, plate, glass,
news, story, stop, smash, report, break) and (b) each pair of
words in the language (e.g., man/car, man/truck, and so on).
The single-word similarities are summarized in the top
left panel in Figure 2, with the semantic structure of word
meaning drawn as a two-dimensional MDS plot (Shepard,
1980).
As shown, ITS captured the structure of word meaning.
Firstly, words belonging to the same topic are clustered
together. Secondly, words belonging to different topics are
separated. Thirdly, the homonym (i.e., break) is equidistant
to the vehicle, dinnerware, and news clusters.

Simulations with unbalanced sentence frequency
Our toy language differs from natural language in
important ways. For example, the homonymous word break
has no dominant sense: it is as likely to mean stop, smash,
or report. In this simulation, we evaluate both ITS and LSA
against a corpus constructed so that break has a dominant
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sense.
To give break a dominant sense, we constructed a new
corpus composed of more sentences from the vehicle topic
(p = 4/6) than from the dinnerware (p = 1/6) and news (p =
1/6) topics. Thus, break appeared more often in the stop
sense than the smash and report senses. Otherwise, the
simulation was identical to the one already presented.
Results are presented in Figure 3. ITS’s behaviour is
shown in the top row; LSA’s in the bottom row.

context. However, solving a toy problem does not guarantee
a solution to the problem at scale. Thus, we applied ITS at
scale to a record of natural language experience.

Taxonomic structure

As shown, ITS’s behaviour was affected by the
manipulation, but in sensible ways. The model recognizes
that break presented in isolation has a dominant sense; but,
it also retrieves the contextually appropriate sense of break
when presented in conjunction with a disambiguating noun
(e.g., break is more similar to smash when presented in
conjunction with plate). In contrast, LSA’s behavior was
strongly and adversely affected by the manipulation. The
meaning of break presented in isolation contradicts the
word’s dominant sense (i.e., break is more similar to smash
and report than it is to stop). More importantly, the model
fails to disambiguate between the subordinate meanings of
break when it is presented in combination with a noun
associated with one of its subordinate meanings. The
demonstration confirms that a prototype model of semantics
fails to disambiguate word meaning and, thus, offer a
compromised descriptive account of semantic knowledge.
More central to our argument, it also shows that an instancebased approach to semantics solves the problem.
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Figure 3. Toy language simulations with unbalanced
sentence frequency. Results with ITS are presented in the
top row. Results with LSA are presented in the bottom row.
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A benchmark requirement of semantic theories is that
they can organize words into coherent taxonomic categories.
For example, a competent theory of semantics should
recognize that items from the category of animals are more
similar to one another than they are to items from the
category of vehicles.
We evaluated ITS against that criterion by storing a
record of language experience from the Touchstone Applied
Science Associates (TASA) corpus and retrieving echoes for
words from the well-defined taxonomic categories used in
previous work with BEAGLE (Jones & Mewhort, 2007,
Figure 3) and HAL (Lund & Burgess, 1996, Figure 2).
The top row in Figure 4 presents ITS’s organization of
words from three taxonomic categories (i.e., finance,
science, and sports) on the left and its organization of words
from three other taxonomic categories (i.e., animal names,
body parts, and geographic locations) on the right.
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Figure 4. Taxonomic categories. Results with ITS are
presented in the top row. Results with LSA are presented in
the bottom row.
As shown, ITS does an excellent job of grouping words
in the same category and distinguishing words from
different categories.
To confirm the visual impressions given by the MDS
solutions, we computed the intracategory and intercategory
similarities between words. For the Jones and Mewhort
graph, the mean intracategory item-to-item cosine similarity
(M = .27, SD = .11) was, by a conservative estimate, 1.82
standard deviations greater than the mean intercategory

Natural Language Simulations
The simulations presented so far give a good picture of
our instance-based model of semantics and how it
disambiguates the meaning of a homonym presented in
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item-to-item similarity (M = .07, SD = .04). The same is true
for the Lund and Burgess graph: the mean intracategory
item-to-item cosine similarity (M = .18, SD = .10) was, by a
conservative estimate, a still strong 1 standard deviations
greater than the mean intercategory item-to-item similarity
(M = .08, SD = .05).
Results with LSA are presented in the bottom row of
Figure 4. Although LSA accomplished the discriminations,
it did not perform as well as ITS. For the Jones and
Mewhort (2007) set, the mean intracategory item-to-item
cosine similarity (M = .42, SD = .28) was 1.50 standard
deviations greater than the mean intercategory item-to-item
similarity (M = .00, SD = .03). For the Lund and Burgess
(1996) set, the mean intracategory item-to-item cosine
similarity (M = .14, SD = .19) was 0.68 standard deviations
greater than the mean intercategory item-to-item similarity
(M = .01, SD = .05).
In summary, the results serve proof of concept that an
instance model of semantics can perform taxonomic
classification. The results also show that it can perform the
discrimination in the same quantitative range as an
established prototype model of semantics.

Cued

Miscued

Stimulus condition

Cued

Miscued

Stimulus condition

Figure 5. Disambiguation of homonyms. Results with ITS
are presented in the top row. Results with LSA are
presented in the bottom row.
As shown in Figure 5, both ITS and LSA anticipate the
cued versus miscued difference, with the mean similarity of
echoes retrieved by the primes (i.e., words one and two in
conjunction) and probes (i.e., the third word) greater for
cued than miscued trials.
At first blush, the results suggest that both a prototype
and instance-based model can disambiguate the meaning of
a homonymous word. But, the analysis does not distinguish
performance depending on whether a homonym does or
does not have a dominant meaning.
To examine that problem, we used empirical norms from
Armstrong, Tokowicz, and Plaut (2012) to identify items in
Schvaneveldt et al.’s (1976) stimulus set that do and do not
have dominant meanings. Then, we re-calculated
performance as a function of that distinction.
The centre and right columns in Figure 5 show results
for the six most and six least dominant homonyms,
respectively. Consistent with our earlier analysis using the
toy language, ITS succeeded at understanding the cued
meaning of both a dominant and subdominant homonym.
But, LSA did not. In fact, LSA produced a qualitatively
different pattern that indicates an outright failure to retrieve
the subordinate word sense.

Disambiguation of word meaning
ITS can group words that have related meanings, but
that doesn’t mean that it can disambiguate the meaning of a
homonym conditional on context. To evaluate the problem,
we applied ITS to the disambiguation of homonyms from a
lexical decision study by Schvaneveldt, Meyer, and Becker
(1976).
On each trial in the experiment, participants were
presented with three successive letter-strings (e.g., savebank-money or save-bank-boat) and required to identify
each one as a word or nonword. On cued trials, the first two
strings cued the appropriate meaning of the third string (e.g.,
river/bank cued boat). On miscued trials, the first two
words miscued the appropriate meaning (e.g., river/bank
miscued money). The critical result (or at least the one
relevant here) was that people were faster to identify the
third word on cued compared to miscued trials.
To evaluate ITS, we conducted a simulation using
Schvaneveldt et al.’s (1976) materials (see their Table 2, p.
248). On each trial, an echo was retrieved for the joint probe
composed of the first and second words (e.g., river/bank),
an echo was retrieved for the third word (e.g., money), and
the two echoes were compared.
If ITS solves the problem, the similarity between the
echo retrieved by words one and two and the echo retrieved
by word three will be greater on cued than miscued trials.
We conducted a full set of 432 comparisons to match the
original experiment: all 144 cued trials and 288 miscued
trials. To summarize performance, we computed a mean and
variance for the cosines from all 144 of the cued trials and
from all 244 of the miscued trials. We also computed
corresponding simulations with LSA.
Results are presented in the left column of Figure 5;
whiskers show the standard error of the mean.

Discussion
Prototype models of semantics represent a sophisticated
leap forward for understanding the acquisition and
representation of word meaning. However, they have
difficulty understanding the intended meaning of ambiguous
words, and this may signal an architectural flaw with the
notion of abstraction at learning.
To test the notion of abstraction at retrieval, we
developed an instance-based approach to the retrieval of
knowledge. In contrast to prototype theories that encode
word meaning prospectively, our approach assumes that
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word meaning is constructed retrospectively, as a
consequence of retrieval from a decentralized and episodic
record of language experience. Our simulations join with a
small body of positive evidence for an instance-based
approach to semantics (Johns et al., 2015; Kwantes, 2005).
However, it joins a large body of positive evidence that
instance theories outperform prototype theories in the
domain of knowledge and categorization.
One reason for the predominance of prototype-based
theories may be due in part to Chomskian presumptions in
linguistics: that the job of the cognitive mechanism is to
induct and abstract the rules of a grammar from instances.
This abstractionist presumption may have implicitly guided
architectural decisions in preceding prototype accounts,
even as work in related domains (e.g., artificial grammar
learning) has accumulated evidence in favour of an
instance- over prototype-based explanation of behavior
(e.g., Jamieson & Mewhort, 2009).
A second reason is cognitive economy. When Rosch and
Mervis (1975) developed their prototype and hierarchical
methods for knowledge representation, a guiding principle
for semantics was cognitive economy. However, our
instance-based approach coupled with recent work on
usage-based theories of linguistics force a reconsideration of
economy as a forcible constraint on theory development
(e.g., Tomasello, 2003).
A third reason is that the computational economy of the
prototype approach fits better with the speed/accuracy
tradeoff for application development. In the prototype
method, the vectors are derived and then applied
consistently thereafter. In the instance method, semantic
vectors must be retrieved on-the-fly and, thus, requires a
continuous derivation of semantics. For researchers
developing search engines, the speed of retrieval matters
and, so, the benefits of instance-based approach might be
outweighed by the need to present a record of documents
quickly to the user. Moving forward, we will consider the
ITS’s instance-based solution to word-sense disambiguation
against the solutions developed in extended prototype
accounts that encode multiple prototypes to encode the
different senses of a word (e.g., Erk & Pado, 2008;
Reisinger & Mooney, 2010).
In some ways, it is tempting to see instance-based DSMs
as “cheating”. If the model stores all data, then it can
compute an accurate semantic representation whenever one
is needed. But the theoretical claim is profound in its
proposal: we may not have semantic memory in the way
that theorists have typically conceived of semantic memory.
In place of the standard view, an instance-based
approach to semantics proposes that a person’s
interpretation of the words they are reading is constructed
during retrieval and on-the-fly such that our phenomenology
of meaning is continuously constructed by the interaction of
stimuli and experience (Kintsch & Mangalath, 2011). But
the instance-based approach should also put us at ease
because it provides converging evidence that performance
across multiple cognitive domains (e.g., categorization,

memory, semantics) might be explicable from the same core
cognitive principles.
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Abstract

and Moore (2007) developed a formal model to contrast expected outcomes based on the type of self-assessments measured, specifically comparing overestimation of score and
overplacement in comparison to others.
In this paper, we take the approach of modeling how a rational agent would self-assess as a starting point for modeling people. We specifically model absolute self-assessment
(where participants guess their total score after an assessment) and introduce parameters to adjust perceived prior ability in a domain, difficulty of the assessment, and competence
at accurately concluding whether an individual problem was
solved correctly or not. This allows us to tease apart the factors that contribute to self-assessments of ability.
In the next section, we begin by defining a rational model
which offers multiple predictions about how self-assessment
will play out under different circumstances and demonstrates
a form of regression to the mean. Following this, we test the
model predictions in one of the domains originally studied
by Kruger and Dunning (1999): logical reasoning. We then
present a more complex version of the model that allows ability and calibration to depend on one another and use a larger
sample of data to compare between the simple and complex
models. We find only weak evidence for the more complex
model.

Self-assessment, or the evaluation of one’s ability on a task, is
widely perceived as a fundamental skill, yet in most studies,
people are found to be poorly calibrated to their own abilities.
Some results seem to show poorer calibration for low performers than for high performers. This effect has been explained
in multiple ways: it could indicate worse metacognitive ability among the low performers (the “Dunning-Kruger” effect),
or simply regression to the mean. To tease apart these explanations we develop a Bayesian model of self-assessment and
evaluate its predictions in two experiments. Our results suggest
that poor self-assessment is caused by the influence of prior beliefs and imperfect skill at determining whether a problem was
solved correctly or not, and offer only weak support for of a
relationship between metacognitive ability and performance.
Keywords: self-assessment; logical reasoning; metacognition; Bayesian modeling

Introduction
It has generally been found that people are miscalibrated in
their ability to judge their own performance across many domains (e.g., Dunning, Heath, & Suls, 2004). Yet the potential
causes of this phenomenon are not often agreed upon. In early
work, Kruger and Dunning (1999) found that poorer performers tended to be less well-calibrated in their ability to judge
their performance than higher performers. They interpreted
poor perceived performance by the lowest-scoring individuals as a metacognitive deficit: the worst performers lacked
the skills needed to correctly do the task and also to judge
their performance on the task. Krueger and Mueller (2002)
disagreed with this conclusion, claiming the cause to be mere
regression to the mean. Kruger and Dunning (2002) argued
that this explanation still did not explain their original results.
Resolving this debate requires designing a formal account
of self-assessment that makes it possible to evaluate the need
for a dependence between ability and calibration. Taking a
computational modeling approach makes it possible to directly compare theories about how performance and self assessment are related to experimental results. So far, computational models of self-evaluation have had other goals.
Fleming and Daw (2017), for example, set up a model that
takes into account confidence and error detection in order to
unify different methods of measuring self-evaluation. Healy

Modeling Self-Assessment
We assume that people’s inferences about their ability are
based on the correctness of their responses, their beliefs about
their own ability, and the difficulty of the task they are performing. Because we are interested in modeling what a rational agent would do, it is natural to use a Bayesian formulation
(e.g., Griffiths, Chater, Kemp, Perfors, & Tenenbaum, 2010),
where we model someone’s posterior beliefs about their performance following an assessment as a function of their beliefs about their ability before the assessment and the difficulty of that assessment (the priors) and their performance
on each individual problem (the likelihood).
The likelihood is dependent on the response of person p
to item i (X pi ), the difficulty of item i (βi ), and the perceived
ability of person p (θ p ), where their response is either cor-
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rect (X pi = 1) or incorrect (X pi = 0). Following the educational psychometrics literature, we assume this can be captured by a 1-parameter Item Response Theory (IRT) model
known as a Rasch model (see Embretson and Reise (2013)
for an overview):
P(X pi = 1|θ p , βi ) =

1
1 + e−(θ p

.
−β )
i

µθ , σθ

βi

θp

(1)

Equation 1 assumes that people have perfect knowledge
about whether they have answered a problem correctly, but in
reality, learners may not know the correctness of each of their
responses with certainty. To account for this fact, we include
a parameter ε that corresponds to the probability of being mistaken about whether one is correct on a given problem. Thus
the probability of believing one responded correctly is:
1
1 + e−(θ p −βi )
1
.
+ε·
(θ
1 + e p −βi )

µβ , σβ

ε

X pi
i

p

Figure 1: Graphical representation of the model: each observed response X pi is influenced by latent variables βi (drawn
from the difficulty prior) and θ p (perceived ability prior) as
well as a constant ε (likelihood). βi is drawn from a normal
distribution with mean µβ and standard deviation σβ and θ p
is normal with mean µθ and standard deviation σθ .

P(X pi = 1|θ p , βi , ε) = (1 − ε) ·

(2)

The priors are defined over the difficulty of an item i (βi )
and the perceived ability of person p (θ p ). Here, we assume
the priors are normally distributed, although the model can
use any prior distribution, which would allow for making
more complex predictions. Varying the skew of the prior distribution over perceived ability, θ p , for example, would capture differing interpretations of successes and failures such as
learners being more likely to attribute a failure to a lack of
ability rather than the task being difficult or vice versa.
A graphical model depicting the dependencies among the
variables is shown in Figure 1. To model people’s beliefs
about their abilities given both their prior beliefs and their
judgment of correctness, we use Bayes’ rule:

the low end tend to overestimate their performance while the
highest performers slightly underestimate their score, consistent with the pattern of results demonstrated in Kruger and
Dunning (1999). These model predictions demonstrate that
self-assessment ability need not be dependent on people’s actual ability to get this pattern, consistent with the regression
to the mean interpretation proposed by Krueger and Mueller
(2002).
Our rational model makes it straightforward to evaluate the
consequences of changing people’s prior expectations about
their ability (the prior on θ p ) or their skill at recognizing
whether they are correct on each problem (ε). Changing these
aspects of the model has direct consequences for the form of
the function relating estimated ability to true score.

P(θ p , βi |X pi = 1) ∝ P(X pi = 1|θ p , βi , ε) · P(θ p ) · P(βi ). (3)

Model Predictions

Changes in the prior Varying the prior via the mean, µθ ,
of θ p changes the overall assessment of ability. As shown in
Figure 2b, when the mean on θ p , the ability parameter, is high
(µθ = 0.5), there is much more overestimation. But when the
mean is lowered (µθ = −0.5), we see the manifestation of
the opposite pattern: except for all but lowest performers, the
model predicts under-estimation rather than over-estimation.2

Using Markov chain Monte Carlo to sample from the posterior over perceived ability θ p for different scores on an assessment, we retrieve a pattern of somewhat inaccurate estimation of performance (see Figure 2a). For each possible score
out of ten, we sample perceived ability θ p and a vector of
βi s, and then integrate out β to obtain a marginal distribution
over θ p . We then convert each simulated ability parameter θ p
into the probability of a correct response on a new item j via
Equation 1 (assuming β j = 0). To obtain expected total score,
we multiply by the maximum score (in this example, 10) and
take the mean of all predicted values.1 In Figure 2a, we set ε
equal to zero (as though participants have perfect assumptions
about their performance on each problem), and we assume θ p
and each βi are distributed normally with µθ , µβ equal to 0
and σθ , σβ equal to 1. Simulated participants performing on

Changes in the likelihood While changes to the prior affected the intercept of the line, changing ε affects the slope.
As shown in Figure 2c, as ε increases, the slope of the line decreases. As inferences about correctness become more similar to guessing randomly (captured by ε = 0.5), inferences
about ability are predicted to become more and more similar
to one another regardless of actual performance.3
2 Similar patterns of results will be produced by manipulating the
parameters over βi , but we leave this for future work.
3 Similar patterns of results will be produced by manipulating the

1 We run this with 10,000 iterations and remove the first 1,000 for

burn-in before taking the mean predicted score estimate.
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Figure 2: Model predictions for (a) the baseline model (µθ , µβ = 0, σθ , σβ = 1, and ε = 0), (b) when the mean on ability (θ p ) is
adjusted (µθ = 0.5 or −0.5), and (c) when the parameter ε is adjusted (ε = 0.2 or 0.4).
Table 1: Mean scores and perceived scores by condition
(standard deviations in parentheses).

Experiment 1: Testing the Model
Our rational model predicts that people will inaccurately estimate their performance due to a combination of the effect of
prior beliefs about their ability and imperfect skill at guessing their performance on each individual problem. To see
how well models with differing parameters capture reality,
we set up an experiment similar to those done by earlier researchers. One condition replicates the approach taken in previous work. In the other condition, participants were given
immediate feedback after each problem. In our model, this
can be interpreted as reducing the ε parameter – if people
know whether they were right or wrong, ε should be effectively 0. As shown in Figure 2c, our model predicts this
should attenuate the magnitude of the Dunning-Kruger effect.

No Feedback
With Feedback

Actual
Score
10.24 (3.77)
9.57 (4.00)

Estimated
Score
8.80 (4.05)
8.27 (3.96)

difficulty for others. To analyze self-assessment, we focus
on ratings of absolute ability. At the conclusion of the study,
participants were directed to a short demographics questionnaire. The “no feedback” condition was a direct reproduction
of the design used in previous studies. In the “feedback” condition, participants additionally received immediate feedback
after each problem they solved, which consisted simply of
learning whether or not their answer was correct.
One participant was eliminated from analyses for attending law school and an additional six for spending under 10
minutes on the task.

Methods
Participants A total of 100 participants (50 per condition)
were recruited on Amazon’s Mechanical Turk (MTurk) and
were each paid $3 for their time. To compensate for the fact
that these are MTurk participants, some of whom were trying to complete the task as quickly as possible to obtain the
payment, we eliminated those who spent under 10 minutes on
the task. Additionally, since the population from Kruger and
Dunning (1999) were undergraduates, we decided to exclude
anyone who indicated that they had attended law school or
taken the LSAT.

Results
Out of the 93 participants included in analyses (55 male, 35
female, 2 other, and 1 unspecified; mean age = 33.33 years),
the average completion time was 38 minutes. On average,
participants answered 9.90 problems correctly out of 20 (sd
= 3.88) and the mean perceived score was 8.54 (sd = 3.99).
The difference between actual score and perceived score was
deemed significant by a paired-samples t-test (t(92) = 4.13,
p < .001). Table 1 shows that this pattern of underestimation
held for both conditions. The overconfidence of the worst performers was limited, presumably given that this test of logical
reasoning (from the 2007 LSAT) was significantly more difficult from the logical reasoning test used by of Kruger and
Dunning (1999) from the 1993 LSAT. Thus we do not observe the classic Dunning-Kruger effect (overestimation by
the worst participants).
Pre- and post- self-assessments were correlated with one

Procedure All participants completed 20 logical reasoning
problems adapted from the 2007 LSAT (Law School Admissions Test).4 This domain was selected because it was one of
the domains initially studied by Kruger and Dunning (1999).
All participants rated their absolute ability (“how many of
the 20 logical reasoning problems will/did you answer correctly?”), their relative ability (“compared to other participants in this study, how well do you think you will do/did
you do?”), the difficulty of the task for themselves, and the
standard deviation of the mean on θ p , σθ .
4 Link
to problems: www.lsac.org/docs/default-source/jddocs/sampleptjune.pdf
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(a)

another in the no feedback condition, but not in the feedback
condition. In both conditions self-assessments became better correlated with actual performance after completing the
assessment (see Table 2), though there was still a pattern of
underestimation in the data.
The difference in self-assessment calibration between the
conditions was deemed significant by a Fisher r-to-z transformation between the Pearson r values (z = 4.43, two-tailed
p < .001), meaning those in the feedback condition, as anticipated, were much more accurate in estimating their score
after the task than those in the no feedback condition.
In a linear model predicting estimated score from true score
and condition, a significant regression equation was found
(F(3, 89) = 28.62, p < .001 with an R2 of .48). Specifically,
there was no effect of true score, but there were statistically
significant effects of condition (β = −4.16, p = .014) and the
interaction of true score with condition (β = .41, p = .010),
demonstrating that the effect of score on perceived score also
depends on the condition, as predicted by our rational model.
To fit the model to the data, we compare model predictions
to participants’ estimates of their scores relative to their true
score. Results from studies of self-assessment have typically
organized their data by quartile of performance, as in Figure 3. However, this portrayal of the data eliminates much of
its nuance. In the no feedback condition, grouping the selfassessments by true score instead of by quartiles shows more
variability (see Figure 4a).
To find the best-fitting parameters for the model given the
data, we perform a grid search over µθ and ε where we consider values of µθ ∈ [−1, 1] and ε ∈ [0, 0.5], taking steps of
0.05. Baseline values were used for the other parameters
(σθ = σβ = 1; µβ = 0). The best-fitting model is that with
the lowest sum of squared-errors (SSE) between each individual’s estimate and the model’s prediction. For the no feedback
condition, the best fitting model was parametrized by ε = 0.4
and µθ = −0.1 (SSE = 591.60), as shown in Figure 4a. Thus
participants in the no feedback condition were characterized
by low prior perceived ability as well as inaccuracy at estimating their performance on each problem. For the condition
with feedback, the best fit model was parametrized by ε = 0
and µθ = −0.35 (SSE = 145.25), as seen in Figure 4b. The
results from the feedback condition were thus best captured
by a model with a low prior on ability and seemingly perfect
accuracy guessing performance on each problem, as should

20
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Figure 3: Mean estimates of score (out of 20) by quartile of
actual performance in (a) no feedback and (b) with feedback
conditions of Experiment 1. Error bars show 95% confidence
intervals.
be expected given that self-assessments are heavily impacted
by people’s ‘self-concepts’ (Ehrlinger & Dunning, 2003).

Evaluating Explanations for Dunning-Kruger
The results from the no feedback condition of Experiment 1
were consistent with what was originally found by Kruger
and Dunning (1999) and this effect was appropriately attenuated by feedback. However, so far our model has assumed
that everyone is equally adept at knowing whether their responses were correct or incorrect, consistent with the regression to the mean hypothesis proposed by Krueger and
Mueller (2002). The idea that poor performers are metacognitively impaired in comparison to high performers put forth
by Kruger and Dunning (1999) can be captured by extending
the model so that there is an ε p that may differ across individuals in relation to their true ability. Varying ε in relation to
true ability expresses the dependence originally asserted by
Kruger and Dunning (1999) and allows it to be differentiable
from perceived ability θ p . We make ε p linearly dependent on
person p’s score (which serves as a proxy for true ability),
with:

Table 2: Pearson correlations between pre- and post- selfassessments and between self-assessments and actual score
in both conditions.

ε p = ε0 − α ·

Pre/Post Pre/Score Post/Score
No Feedback
.67***
.32*
.44**
With Feedback .03
-.20
.89***
*p < 0.05; **p < 0.01; ***p < 0.001

∑i xi
,
n

(4)

with slope −α, intercept ε0 , number of problems n, and ∑ni xi
representing the person’s scaled score. In the example in Figure 5, we vary ε p gradually according to Equation 4 with
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Figure 5: Simulations for the dependent model.
20.0

Identity Line
Data
Model predictions

17.5

Procedure The procedure was identical to the no feedback
condition from Experiment 1. A total of 18 participants were
eliminated for spending under 10 minutes and six more for indicating that they had attended law school or taken the LSAT.

Estimated score

15.0

12.5

10.0

7.5

Results

5.0

Of the 226 participants included in analyses (118 male, 106
female, 1 other, and 1 unspecified; mean age = 36.11 years),
the mean completion time was 37 minutes. On average, participants solved 9.39 problems correctly out of 20 (sd = 4.41)
and the mean perceived score was 8.10 (sd = 3.89).
Consistent with Experiment 1, pre- and post- selfassessments were correlated with one another (r = .53, p <
.001) and self-assessments became better correlated with actual score after completing the problems (pre: r = .18, p <
.01; post: r = .56, p < .001). There was also a general pattern of underestimation (see Figure 6).
The version of the original model that minimized the
SSE was parametrized by ε = 0.4 and µθ = −0.15 (SSE =
2313.14), which are very similar to the parameter estimates
from the no feedback condition of Experiment 1. Figure 6
depicts the mean self-assessments at each achieved score as
compared to this model’s predictions for each possible score.
There is an increase in overestimation at the low end of the
true scores, but this is paralleled by an increase in the variability of the means as relatively few participants performed
very poorly. As a consequence the model predictions still fall
within the confidence interval for the mean.
We also fit the data to a model with ε dependent on score.
The model with the lowest SSE had parameters µθ = −0.2,
intercept ε0 = 0.45, and slope α = 0.1 (SSE = 2256.68). The
corresponding plot can be seen in Figure 6. As should be
expected as a result of having an additional free parameter,
this model gives a closer match to the observed means.
To compare these competing models, we calculated their
Bayesian information criteria (BIC). The BIC for the model
with ε dependent on score (BIC = 1282.26) was somewhat
lower than that of the model with constant ε (BIC = 1281.60).

2.5

0.0
0.0
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7.5
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15.0

17.5
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Figure 4: Participants’ estimates of score (out of 20) by true
score as compared to the best model predictions in (a) no
feedback and (b) with feedback conditions of Experiment 1.

ε0 = 0.5, α = 0.1 and then with ε0 = 0.4, α = 0.3 (n = 10
in this toy example). This produces greater overestimation
at lower true scores, consistent with the pattern Kruger and
Dunning (1999) suggested holds for people.

Experiment 2: Comparing Models
We saw in Experiment 1 that our model can capture the typically observed patterns of behavior seen in studies of selfassessment. But to properly evaluate the hypothesis put forth
by Kruger and Dunning (1999) that people’s self-assessment
ability actually varies based on their true ability, we need a
high-resolution estimate of the form of the function relating
true score to estimated score. We replicated the no feedback
condition of Experiment 1 with a much larger sample of participants to help determine whether the more complex model
is justified by the data.

Methods
Participants A total of 250 participants were recruited on
MTurk and were each compensated $3 for their time.
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20.0

solute predictions presented above.
A second avenue to explore is how self-assessments differ across domains. In recent work, Jansen, Rafferty, and
Griffiths (2017) found that participants were very accurate in
their ability to self-assess after solving algebraic equations.
Is this a product of learners generally having more awareness of their ability in math, or is this related to the way in
which problems were presented? More awareness of mathematics abilities would be expressed in the model as more accurate priors on ability (µθ ), while better assessments due to
problem presentations would be expressed by low ε, meaning
judgments of correctness were more accurate.
Finally, we aim to refine the model by adding complexity and to account for other factors. A lingering question in
this literature is whether self-assessment is indeed a cognitive construct. Sitzmann, Ely, Brown, and Bauer (2010) reveal through a meta-analysis that self-assessment measures
are more highly correlated with affective outcomes than cognitive outcomes. Of interest in future work will be to explore
how affective variables impact results and whether they can
be incorporated in a rational model.
We see our results as a first step towards providing a nuanced formalization of how people judge their ability on different types of tasks in a variety of domains. We hope that as
our understanding grows we will also develop a better sense
of what we do and do not know.
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Figure 6: Means of estimated score at each true score in Experiment 2 as compared to best model with constant ε (independent model) where ε = 0.4 and µθ = −0.15 and best
dependent model where ε0 = 0.45, α = 0.1, and µθ = −0.2.
Error bars show 95% confidence intervals.
Because these models are nested, we also performed a likelihood ratio test yielding χ2 (1) = 6.18, p < .05, which is significant. Though this provides evidence to prefer the more
complex model, we acknowledge that there is a very limited
amount of data in the tails which is necessary for making a
strong conclusion in one direction or the other.
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Discussion
We created a formal model to compare competing hypotheses about what causes inaccurate self-assessment of ability.
Our model suggests that inaccurate self-assessment is a result of using prior knowledge about one’s ability and mistakenly estimating whether one’s response was correct or not.
We presented two versions of this model: one where participants were equal in their ability to guess whether they solved
a problem correctly and one where this skill varied with true
ability. Both of these models serve as good approximations
of the data (as seen in Figure 6) and comparing these models
revealed only weak evidence to prefer the complex model.
Future work will explore versions of the model with more
possible model parameters (including adjusting the form of
the distributions over both θ p and βi ), which will likely yield
more precise parameter estimates. Further studies with larger
samples will allow for fully evaluating whether the metacognitive deficit proposed by Kruger and Dunning (1999) can be
supported, due to the need for substantial numbers of participants performing at the very low and very high ends.
There are three primary directions for future work. The
first is to distinguish between types of self-assessment. For
example, the studies presented here also asked participants
for their relative self-assessments, which is simple enough to
apply this model to: rather than converting ability parameter simulations into scores, we can place them relative to one
another and observe how these predictions differ from the ab-
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Abstract
At first glance, children’s word learning appears to be mostly
a problem of learning words like dog and run. However, it
is small words like and and or that enable the construction of
complex combinatorial language. How do children learn the
meaning of these function words? Using transcripts of parentchild interactions, we investigate the cues in child-directed
speech that can inform the interpretation and acquisition of the
connective or which has a particularly challenging semantics.
Study 1 finds that, despite its low overall frequency, children
can use or close to parents’ rate by age 4, in some speech acts.
Study 2 uses annotations of a subset of parent-child interactions to show that disjunctions in child-directed speech are accompanied by reliable cues to the correct interpretation (exclusive vs. inclusive). We present a decision-tree model that
learns from a handful of annotated examples to correctly predict the interpretation of a disjunction. These studies suggest
that conceptual and prosodic cues in child-directed speech can
provide information for the acquisition of functional categories
like disjunction.
Keywords: language acquisition; word learning; function
words; logical words; disjunction; conjunction.

Figure 1: Inclusive disjunction (A∨B) is true in situations
where A, B, or both AB are true. Exclusive disjunction
(A⊕B) is true in situations where only A or only B is true.

disjunction such as “A ⊕ B” is true only when A or B is true,
but not both. The linguistic connective or appears to be ambiguous between an inclusive interpretation like “A ∨ B” and
an exclusive one like “A ⊕ B”. For example, a waiter may
ask if you would like something to eat or drink, not excluding
the possibility that you would like both. However, the waiter
may later ask if you would like to see the dessert menu or
have the check, suggesting that you should choose one or the
other, and not both.
Closer examinations suggest that the exclusive interpretation of or can be derived from an underlyingly inclusive
meaning by ruling out the situation where both options are
true using pragmatic reasoning (Grice, 1975), inconsistent
options (Geurts, 2006), or a rise-fall intonation (Pruitt &
Roelofsen, 2013). Grice (1975) argued that upon hearing “A
or B,” we may exclude the possibility that both A and B are
true because we reason that in that case, the speaker could
have used the connective and instead of or. Therefore, the exclusive interpretation is the result of this pragmatic reasoning
on the speaker’s connective choice. Geurts (2006) argued that
in many cases, exclusive interpretations stem from the inconsistent meaning of the options themselves. For example, “to
be or not to be” is exclusive simply because one cannot both
be and not be! In an experimental study, Pruitt & Roelofsen
(2013) showed that in questions, exclusive interpretations are
the result of a rise-fall intonation on the disjunction. These
studies suggest that the exclusive interpretation of or may be
the result of modifying or’s underlyingly inclusive semantics
by external factors.
Given these complexities in the interpretation of disjunction, how can children learn an underlyingly inclusive semantics for or? A previous investigation has suggested that children rarely hear the word or; and when they do, they hear the

Introduction
Word learning is the process of isolating a word form, selecting a meaning from a set of potential meanings, and mapping
the word to the selected meaning (Clark, 1995). For example, a father holding a baby may point to a squirrel and say
“look at the squirrel!” The baby – already familiar with the
phrase “look at the” – should recognize the novel word squirrel, consider some potential referents (e.g tree, squirrel, chair,
etc.) and select the right referent using the available cues, in
this case the father’s pointing. While there has been a lot of
research on cues that help children’s acquisition of content
words such as squirrel, red, and run, we know little about
cues that can assist children in learning the meaning of function words such as and, the, of, and or. This is partly due
to the nature of these two categories. There are thousands of
content words and their meanings are often tangible, referring to observable objects, events, and properties. In contrast,
there are few function words and they denote highly abstract
meanings. They act as the impalpable glue that holds content words together to form complete sentences and thoughts.
These properties make function words challenging for theories of word learning. In this study, we discuss the cues that
may assist children’s acquisition of function words, by examining the disjunction word or in parent-child interactions.
The word or has been a case study for linguistic semantics
due to its apparent ambiguity between an inclusive and an exclusive interpretation. An inclusive disjunction such as “A ∨
B” is true when either A, B, or both are true. An exclusive
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exclusive interpretation. Morris (2008) investigated instances
of and and or in parents’ and children’s speech using 240
transcripts in the CHILDES database (MacWhinney, 2000).
He found that compared to and, or is extremely rare in childdirected speech and that children start to produce and earlier than or. He showed that for and, children matched their
parents’ level of production at age 3, while for or, they did
not have comparable frequencies to their parents even at age
5. Furthermore, the majority of or examples children heard
(75-80%) and produced (90%) had exclusive interpretations.
Based on these findings, he concluded that children’s early
meaning for or is exclusive disjunction and that they learn the
inclusive meaning in later stages of development (possibly at
age 6 or 7).
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Contrary to Morris (2008)’s conclusion, a series of experimental studies found that children between the ages of 3
and 5 interpret or as inclusive disjunction (Chierchia, Crain,
Guasti, Gualmini, & Meroni, 2001; Crain, 2012; Jasbi &
Frank, 2016). Given Morris (2008)’s finding that the majority
of or examples children hear are exclusive, how can children
learn to interpret or as inclusive? Crain (2012) considered it
unlikely that children learn the meaning of or from the examples they hear in adult usage. Instead, he argued that children
rely on an innate knowledge that the meaning of a disjunction word must be inclusive. In other words, upon hearing a
connective word, children consider inclusive disjunction (A
∨ B) as a viable candidate for its meaning but not exclusive
disjunction (A ⊕ B).
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Figure 2: Relative frequency of and/or in parents’ (green) and
children’s (blue) speech between ages 1-6 years.
clusive interpretations were either conceptually inconsistent
or carried a distinct rise-fall intonation. We show that setting
aside these cases, the interpretation of a disjunction is most
often inclusive. We build a learning model that uses intonation and conceptual consistency to predict the interpretation
of a disjunction with high accuracy even given relatively few
examples. These results suggest that children can rely on cues
present in child-directed speech to tease apart the exclusive
vs. inclusive interpretation of disjunction and map the meaning of or accordingly.

Here we present two studies, investigating the role of input in children’s acquisition of disjunction. In Study 1, we
used a larger corpus (9,097 transcripts in CHILDES) than that
of Morris (2008) to investigate the frequencies of and/or in
parent-child interactions. First we replicated Morris (2008)‘s
results. We found that and is at least 10 times more frequent
than or in child-directed speech, and that children start producing and slightly earlier than or on average. We also found
that for and, children reach their parents’ level of production
around 3 years of age. For or, however, children’s production increased between 2.5 and 4 years and stayed constant
afterward, but it did not reach parents’ level. We argue that
this may be due to an asymmetry in the speech acts produced
by parents and children. Overall, parents ask more questions
from children than vice versa. Since or is more frequent in
questions than declaratives, children’s lower production of
questions than parents may result in lower productions of or
as well. We show that when we split children’s productions
by speech act, children’s production of or in declaratives (but
not questions) is comparable to that of parents. In Study 2,
we conducted an annotation study to check the frequencies
of or’s exclusive and inclusive interpretations as well as conceptual and prosodic cues that accompany it. We replicated
Morris (2008)’s finding that the majority of or examples in
child-directed speech have an exclusive interpretation. However, we also show that these exclusive interpretations correlate systematically with conceptual and prosodic cues. Ex-

Study 1: Corpus Study
First, we conducted a large-scale exploratory investigation of
and and or productions in parents’ and children’s speech. The
goal of the study was to find out when children start producing these words and what is their frequency of usage.

Methods
We accessed the Child Language Data Exchange System
(CHILDES; MacWhinney, 2000) via the online platform
childes-db and its associated R package (Sanchez et al., in
prep). We extracted all instances of and and or in the English
corpora (ENG-NA and ENG-UK), with information on the
child’s age at the time of the utterance as well as the utterance
type. Utterances were coded as “declarative”, “question”,
“imperative”, or “other” according to the CHILDES CHAT
trascription format. Since utterance types “imperatives” and
“other” constituted a very small portion of utterances, we did
not include them in our analysis. We used utterance types as
a proxy for speech acts in this study (Austin, 1975). We limited our analysis to the data between the ages 1 and 6 because
there was limited data outside this age range. We computed
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Figure 3: Relative frequency of and/or in parents’/childern’s speech between the ages of one and six years.
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the relative frequency of connective production by dividing
the total number of and and or tokens in the speech of fathers, mothers, and children at a particular age by the total
number of words spoken by them at that age. We present the
relative frequency as parts per thousand.

Results
In Figure 2, we show the relative frequencies of and and or in
the speech of parents and children between the ages of 1 and
6 years. In the speech of parents, and was produced around
20 times per thousand words, while or was only produced
around 2 times per thousand words. These results confirm
previous findings that or is much less frequent than and in
child directed speech.
The relative frequencies of and and or in children’s speech
show different developmental trajectories. The production of
and starts between 12-18 months (1-1.5 years) and increases
until it reaches parents’ level around 30 months (2.5 years).
The production of or, on the other hand, starts slightly later
between 18-30 months (1.5-2.5 years). It increases between
30-42 months (2.5-3.5 years) and stays at a constant rate –
one or per thousand words – between 42-72 months (3.5-6
years). These results replicate Morris (2008)‘s findings that
or is produced later than and, and that it reaches parents’ rate
of production later as well. While Morris (2008) discusses
input frequency and conceptual complexity as possible reasons for the differences in children’s production of and/or,
we here consider the role of speech acts. Similar to Morris (2008), we found more examples of and in declaratives
(71%) while examples of or were as common in declaratives
and questions (46% vs. 48%). In addition, children produced
fewer questions than parents and increased their productions
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Figure 4: Proportion of questions (vs. declaratives) in the
speech of parents (green) and children (blue) by age.

as they aged, but they never reached parents’ level (Figure
4). These results suggest that the production of or in children may be affected by the frequency and the developmental
trend of questions in children’s speech.
We therefore computed the relative frequency of and/or
across questions and declaratives separately. Relative frequency was computed as freq(target) / total–tokens, where
both are computed within the utterances of a particular
speaker (father, mother, child) in a particular speech act
(questions, declaratives). Overall, we found that the relative
frequency of and is higher in declaratives than in questions
(18.75 vs. 12.27 words per thousand). The relative frequency
of or, however, is higher in questions (0.9 vs. 2.2 words per
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thousand). Figure 3 shows the developmental trend of these
relative frequencies, split by speech act. Adults and children
show close levels of productions for both connectives in decleratives and for and in questions. However, children show a
slow increase in the production of or in questions which was
only close to parents’ level at age 6. These results suggest
that children’s lower overall production of or may be due to
their lower rate of asking questions from parents. Overall, the
study shows that children’s productions are not at odds with
comprehension studies that suggest an adult-like understanding of and/or in declarative sentences around the age four
(Crain, 2012; Jasbi & Frank, 2016).

are inconsistent. Our annotators used the following diagnostic to decide the consistency of the disjuncts: Two disjuncts
were marked as inconsistent if replacing the word or with and
produced a contradiction. For example, changing “the ball is
in my room or your room” to “the ball is in my room and your
room” produces a contradiction because the propositions cannot be both true at the same time.
It is important to note here that this criterion is quite strict.
In many cases, the possibility of both propositions being true
is ruled out based on prior knowledge and expectations of
the situation. For example, when asking people whether they
would like tea or coffee, it is often assumed and expected that
people choose one or the other. However, wanting to drink
both tea and coffee is not conceptually inconsistent. It is just
very unlikely. Our annotations of consistency are very conservative in that they consider such unlikely cases as consistent. In future research, relaxing this definition to allow for
exclusion based on prior expectations may allow us to capture
more exclusive interpretations of disjunction.
Finally, to test inter-rater reliability, the two raters annotated the same 240 instances of disjunction. The inter-rater reliability was calculated over 8 iterations of 30 examples each.
Training only completed after 3 consecutive iterations had
substantial agreement between the raters (Cohen’s κ > 0.7)
for all categories.

Study 2: Annotation Study
Study 1 showed that even though or is not frequent in childdirected speech, children can produce it by the age 4. In Study
2, we conducted an annotation study of or productions in
child-directed speech. The goal of this study was to discover
features of child-directed speech that may help the acquisition
of or’s meaning from infrequent data.

Methods
We accessed the Providence corpus (Demuth, Culbertson, &
Alter, 2006) via the phonbank section of the TalkBank system. We extracted all instances of or along with the two utterances before and after to provide context using the CLAN
software. We annotated the examples for three major categories: disjunction interpretation, intonation, and conceptual
consistency. Table 1 shows these categories along with their
subcategories and an example for each subcategory.

Results
First, similar to Morris (2008), we found that the majority
of or examples in CDS receive an exclusive interpretation
(∼%65). Figure 5 shows this difference in distribution. However, the rate of exclusive interpretations change systematically when we break the data down by intonation and consistency (Figure 6). Given a rise-fall intonation contour, a
disjunction is almost always interpreted as exclusive. Similarly, if the propositions are inconsistent, the disjunction is
most likely interpreted as exclusive. When either of these
two features are absent, a disjunction is more likely to receive
an inclusive interpretation.
We fit a mixed-effects binomial logistic regression using
the package {lme4} (Bates, Maechler, Bolker, Walker, & others, 2014) in R with fixed effects of intonation and consistency as well as random intercepts for children. Both in-

Disjunction Interpretation This category was our dependent measure. Annotators listened to a disjunction like “A or
B” and decided whether the speaker intended to imply “A or
B but not both” (exclusive disjunction) or “A or B, and possibly both (inclusive disjunction).
Intonation For this category annotators listened to the utterances containing disjunction and decided whether the intonation contour on the disjunction is rise-fall, rise, or flat.
Table 1 includes examples that are prototypically read aloud
with the intonation contour they are subcategorized as.

Category
Interpretation
Intonation

Consistency

Subcategory
Exclusive
Inclusive
Flat
Rise
Rise-Fall
Consistent
Inconsistent

Proportion

Consistency For conceptual consistency, annotators decided whether the propositions that make up the disjunction
Examples
Wanna stay or go?
Anything to eat or drink?
I’ll get tea or coffee.
Anything to eat or drink?
Wanna stay or go?
I’ll get tea or coffee.
Wanna stay or go?

0.6
0.4
0.2
0.0
EX

IN

Figure 5: Proportion of exclusive and inclusive interpretations of disjunction in child-directed speech. Error bars represent bootstrapped 95% confidence intervals.

Table 1: Annotation categories and examples.
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1.00

Inconsistent
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0.00
EX

IN
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Figure 6: Exclusive and inclusive interpretations broken
down by intonation (flat, rise, rise-fall) and consistency. Error
bars represent bootstrapped 95% confidence intervals.

Figure 8: Decision Tree Accuracy as a function of number of
examples seen. Tested on a constant 300 examples. Dashed
line marks 80% accuracy threshold.

remarkably, the tree achieved an average of 80% accuracy
after training on only 20 examples (Figure 8). The control
flow of the average decision tree on a single example is as
follows. If or has neither rise-fall nor inconsistent disjuncts,
it is marked inclusive. Otherwise, exclusive (Figure 7). The
success of such a simple decision-tree indicates that children
could use a simple model to rapidly learn the exclusive interpretation of or from infrequent data.

Summary
Figure 7: Optimal decision tree training on 100 datapoints.
Provides series of two binary decisions to decide exlcusivity interpretation. Intonation > 1.5 are rise-fall while intonation < 1.5 are flat or rising. Consistency > 0.5 are consistent
while consistency < 0.5 are inconsistent.

In Study 2, we confirm Morris (2008)’s finding that exclusive interpretations of or are far more common than inclusive
interpretations. However, we also show that the majority of
these exclusive interpretations coincide with systematic indicators. Disjunctions that are accompanied by rise-fall intonation or inconsistent disjuncts are far more likely to be exclusive. Disjunctions that do not bear these features are more
likely to be inclusive. Accounting for these external factors, a
simple decision tree can rapidly learn to predict the exclusive
interpretation of the disjunction.

tonation and consistency were significant predictors of exclusivity. Disjunctions were more likely to be interpreted
as exclusive if they received a rise-fall intonation (β=-3.75,
z=-8.49, p < 0.001) or if they were inconsistent (β=-2.17,
z=-8, p < 0.001). Disjunctions were more likely to be interpreted as inclusive if they were consistent and received a
rising (β=0.67, z=2.44, p < 0.001) or flat intonation (β=0.71,
z=3.44, p < 0.001).

General Discussion
We addressed two puzzles in children’s acquisition of disjunction. First, previous comprehension and production studies provided different accounts for the acquisition of and and
or. Comprehension studies suggested that children learn the
meaning of both and and or early and show an adult-like understanding of them by the age 4. However, production studies suggested that and reaches the parents’ rate of production
by the age 3 while or does not even at age 5. Study 1 showed
that when we control for parent’s and children’s production of
speech acts, children around age 4 produce and/or with relative frequencies comparable to those of their parents. This
observation unifies the picture from comprehension and production studies: Children’s acquisition of and and or appears
to take place between the ages of 2 and 4.

Classification Model The preceding analysis suggests that
intonation and consistency are related to the interpretation of
disjunction. To investigate how informative these patterns
were more quantitatively, we built a model to predict the interpretation of a disjunction after training on examples annotated for intonation and consistency. To more easily understand the rules governing exclusivity, we fit a decision
tree model using Sci-kit Learn’s Decision Tree Module (Pedregosa et al., 2011). We randomly sampled 100 examples
for training and 300 examples for testing. Averaged over 100
trials, the average accuracy of a binary tree was 83%. More
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The second puzzle that this paper addressed was the problem of learning an inclusive semantics for or from the majority exclusive instances in children’s input. Previous studies
showed that most or examples children hear receive an exclusive interpretation, yet in comprehension tasks they interpret
or as inclusive. We suggest that other independent cues in the
input may allow children to solve this problem. In Study 2,
we replicated the pattern that most interpretations of or were
exclusive. But most of these exclusive interpretations were
either constituted of two conceptually inconsistent disjuncts
or accompanied by a distinctive rise-fall intonation. Disjunctions that did not show either of these two cues were typically inclusive. If children track these cues, then they could
tease apart the semantic contribution of or from the interpretive contribution of the cues that accompany it.
We implemented this cue-based account in a decision-tree
model, which learned to predict the interpretation of a disjunction with high accuracy after observing only a few examples. This model describes the statistical properties of the
data available to children, rather than describing their learning process. Nevertheless, the success of this model suggests
that the systematicity of children’s linguistic input might allow them to decide correctly between exclusive and inclusive
semantics for disjunction. Such a learning account would obviate the need for a principle that directly blocks exclusive
disjunction as a possible connective meaning. or may not be
assigned an exclusive meaning simply because such a mapping is not supported by the language children hear.
The findings here do not bear on other components of the
logical nativist account. A learning account still needs to address whether candidate semantic representations – inclusive
and exclusive or, as well as candidates for other connectives
– are innate or discovered during development. Moreover,
while conceptual consistency is likely a reliable cue crosslinguistically, intonation may be a more language-dependent
cue and should be investigated further. Other pragmatic and
contextual effects that we did not examine might also bear
on children’s interpretation of disjunction, and we expect that
exclusive interpretations not captured by our model might be
captured by these factors.
Form-meaning mapping in child language acquisition is often construed as the task of associating a novel, isolated form
such as gavagai to a well-delimited concept such as rabbit.
The case of disjunction is more complicated. or cannot be
isolated from either the conceptual properties of the words
and phrases that it combines with or the prosodic contour
of the utterance as a whole. Learning or and other function
words requires a fuller consideration of the formal and conceptual contexts in which they occur; our models must take
these into account.
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Abstract

there are two opportunities for self explanation. One comes
in the context of the example: a student can self explain the
example solution by making inferences over and beyond the
example solution steps. A type of inference that is highly correlated with learning relates to induction of the domain rule
that generated the solution step(s) of interest (Chi & VanLehn, 1991). In particular, because worked examples show
the solution steps but not the rules that generated them, students who self explain in this manner can subsequently apply
the rule not only to the present problem but also subsequent
problems (without the help of the example). Self explanation
is a beneficial strategy because it requires active processing of
the materials (Chi, 2009). To date, to the best of our knowledge only one study has directly measured self-explanation
from examples in a context that makes them and the problem available at the same time (Muldner & Conati, 2010).
A second opportunity for self explanation comes in the context of the problem: a student may encounter an impasse, and
overcome it by inferring the rule from the problem (without
referring to the example), for instance by relying on commonsense or overly-general reasoning (VanLehn, 1999). As is the
case with self explanation from the example, self explanation from the problem fosters learning (Aleven & Koedinger,
2002; Loibl, Roll, & Rummel, 2017).
While learning can in theory happen as a by-product of
copying, students who copy do not tend to also learn the underlying domain rules (Chi et al., 1989; Reed, Dempster, &
Ettinger, 1985; VanLehn, 1999). Copying is more likely to
happen when the problem-example differences are easy for
students to resolve, such as differences in variable names between the problem and example solution (Muldner & Conati,
2010; Reed, 2012). This type of difference is illustrated in the
Problem-Example1 pair in Table 1. This problem-example
difference can be resolved by generating a mapping between
the variables appearing in the problem and example specifications (Reed, 2012), and using the mapping to replace the
example constants by ones needed for the problem solution.
This process results in a correct problem solution without requiring learning of the domain principle that generated the
copied step.
It is established that highly similar examples facilitate shallow copying without encouraging learning (Lee, Betts, &
Anderson, 2015; Muldner & Conati, 2010; VanLehn, 1998).
However, examples that are too different are also not helpful
(Reed, Ackinclose, & Voss, 1990; Ross, 1987). In particular, not surprisingly, if the example solution does not involve
overlapping knowledge (rules) with the problem, the exam-

When students solve problems with access to examples showing worked out solutions, they often resort to shallow methods
like copying that do not result in learning. An open question
is therefore how to encourage deeper processing in this type of
instructional context. To address this question, in the present
study, we investigate the impact of manipulating problemexample similarity over the course of a problem-solving session in several ways, including faded assistance (high to low
similarity), reverse faded assistance (low to high similarity),
and a control group with high, constant assistance. We found
that the reverse faded assistance condition resulted in the greatest learning gains. We analyzed the gaze behaviours to shed
light on this finding and found that participants in this condition focused significantly more on the problem solution, suggesting more cognitive processing during problem solving than
in the other conditions.
Keywords: worked examples, faded assistance, learning, eyetracking

Introduction
When students are solving problems in a domain like math
or physics and encounter an impasse because they are missing the domain knowledge to generate the problem solution,
they often turn to examples for assistance (i.e., problems that
show not just the final answer but its step by step derivation).
What students learn from this activity, however, depends on
whether they engage in deep processing that fosters learning
(Muldner & Conati, 2010; VanLehn, 1998). Unfortunately
many students miss learning opportunities because they engage in shallow strategies (VanLehn, 1999), as we now describe.

Impact of problem-example similarity on cognitive
strategies
When students refer to an example as they are solving a
problem, they are faced with a choice: they can copy from
the example, or they can try to learn from it. Copying involves transferring the example solution over to the problem. Since there are often superficial differences between the
problem and example corresponding to, for instance, variable names, copying may require replacing example constants with ones needed for the problem solution (Reed, 2012;
VanLehn, 1998). In contrast, learning involves inferring the
underlying domain principles required for the generation of
the solution.
An established cognitive strategy that fosters learning from
examples is self explanation, namely the process of explaining instructional materials to oneself (Chi, Bassok, Lewis,
Reimann, & Glaser, 1989). In our target instructional context,
i.e., one involving a problem to be solved and an example,
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Table 1: A problem and two examples (similarity of problem-example1 pair is high; similarity of problem-example2 pair is low)
Problem
Solve for a:
b = (ad)/c
bc = ad
(bc)/d = a

[MULTIPLY]
[DIVIDE]

Example1
Solve for x:
y = (xw)/z
yz = xw
(yz)/w = x

[MULTIPLY]
[DIVIDE]

ple will not help the student to either correctly copy or to
learn the underlying principles. Thus, traditionally, problemexample differences have been avoided in situations that involve problem solving in the presence of examples (Weber,
1996). However, more recently, there has been renewed interest in investigating the potential benefits of problem-example
differences.
Muldner and Conati (2010) showed that certain differences between the problem and example encouraged selfexplanation and learning during problem solving where students had access to an example for each problem they had
to solve. The differences, corresponding to problem-example
constants, were systematically introduced using a computer
tutor to block superficial copying (and thus encourage selfexplanation). Similarly, Lee et al. (2015) found that superficial differences between problem-example pairs that blocked
shallow transfer of the example solution improved subsequent performance on tests where the example was no longer
present.
Both Muldner and Conati (2010) and Lee et al. (2015)
found that differences between problems and examples made
students work a little harder (e.g., Muldner and Conati (2010)
showed that differences increased time on task and self explanation), and subsequently fostered learning. However, forcing students to deal with differences may impose a high cognitive load. To address this issue, here we investigate the impact of transitioning the level of similarity between problemexample pairs over the course of a problem solving session.
One way we operationalize this transition is by having the
initial problem-example pairs be highly similar, but gradually introducing some problem-example pairs that include
differences between them. This type of ‘faded assistance’
has been shown to be beneficial in other instructional contexts (Atkinson, Renkl, & Merrill, 2003; Tullis, Goldstone,
& Hanson, 2015). An alternative way of manipulating the
problem-example similarity that we also investigate involves
first presenting problem-example pairs that include certain
differences, and gradually introducing some highly similar
problem-example pairs. While this may initially impose a
high cognitive load, the productive failure paradigm provides
some precedent for this order of presentation (from harder
to easier, given that problem-example pairs that include differences are harder for students to process than ones that are
highly similar). The productive failure paradigm involves stu-

Example2
Solve for x:
y = w (x/z)
y/w = x/z
z (y/w) = x

[DIVIDE]
[MULTIPLY]

dents first working on a novel problem without instructional
support, and subsequently providing them with the canonical solution to the problem - it turns out that struggling initially can be highly beneficial, more so than just receiving the
canonical solution (Kapur, 2014; Schalk, Schumacher, Barth,
& Stern, 2017).

Method
Materials: Problem-Example Pairs. Our study involved
problems and examples in the domain of algebra1 . Each problem was presented alongside one example showing a step by
step solution. We manipulated the similarity between a given
problem-example pair to be either high if the only difference
between the problem and example corresponded to different
variable names in their specifications and solutions, and as
low if the example solution was generated by applying a sequence of algebraic operations (i.e., rules) in an order different from that required for the problem solution. To illustrate
these concepts, we will use the problem and the two examples
in Table 1. The solutions for all three require the application
of two rules embodying two algebraic operations (eliminate
variable by multiplying both sides by it, and eliminate variable by dividing both sides by it, labelled MULTIPLY and
DIVIDE in Table 1, respectively). The similarity between the
problem and example1 pair is high because the only difference between them corresponds to variable names. In contrast, the similarity between the problem and example2 pair
is low, because example2 pair’s solution involves a different order of rule applications than required for the problem.
Critically, however, the problem requires the same knowledge (rules) for its solution as example2 pair, and so it affords
the opportunity to infer the two rules from its solution (e.g.,
via self explanation of the example), and subsequently apply
them to the problem solution.
We generated three sets of 12 problem-examples pairs
(each set requiring the application of three to four rules for
their solutions, held constant across the sets, see Table 2). In
each set, within a given problem-example pair, the respective
solutions involved the same rules and number of rules, meaning that the examples provided the opportunity to learn the
necessary rules and apply them to the problem’s solution.
1 Algebra was chosen as it allowed rigorous control of both superficial and structural similarity between the problem-example pairs.
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We manipulated the similarity through the type of assistance the examples provided, as follows: (1) high, constant assistance, where the similarity between all 12 of the
problem-example pairs was high (variable name differences
only - this was essentially our control condition); (2) faded
assistance (high to low), where the similarity between the
initial problem-example pairs was high, but faded to low
by the last few problems; (3) reverse-faded assistance (low
to high), where the similarity between the initial problemexample pairs was low, but faded to high by the last few
problems. Note that as shown in Table 2, both the faded and
reverse-faded sets contained some low similarity and some
high similarity problem-example pairs (in contrast to the high
assistance set, which only contained high similarity pairs). As
mentioned above, because in a given problem-example pair
the respective solutions involved the same set of rules, the examples provided the opportunity to learn the necessary rules
and apply them to the problem’s solution. Thus, the key differences between the three sets of problem-example pairs are
whether they facilitated copying (the case for the high constant assistance set), and the nature of the fading mechanism
(faded vs. reverse faded assistance).

Figure 1: The interface used to solve problems and refer to
examples. The boxes illustrate the areas of interest (AOI)
used for the analysis and were not visible to participants.
Participants. The participants were undergraduate students
(N = 60, 34 female) who had not taken mathematics in university. Participants were given the option to participate either
for bonus course credit or for monetary compensation ($20).

Materials: Pretest and Posttest. We used a pre and
posttest to assess learning gains (each had the same eleven algebra problems, but the pretest had different variable names
as compared to the posttest; examples were not included in
either test, because we wanted to measure students’ ability to
solve problems in the absence of assistance). Each question
was graded based on the number of rule applications needed
(this is a more sensitive measure than just assigning a grade
of 0 based on one mistake early on in the solution).

Design and Procedure. We used a between subjects design
with three conditions:
• high assistance (n = 20), involving only high similarity
problem-example pairs that provided constant assistance
(see Table 2, first row)
• faded assistance (n = 21), involving initially high similarity
problem-example pairs, faded to low similarity pairs by the
last three problems (see Table 2, second row)

Apparatus and Problem Solving Interface. An SR Research Eye Link 1000 eye tracker was used to capture gaze
and fixation data during the problem solving phase of the
study. To solve problems and refer to examples, participants
used a Java-based application we created, shown in Figure
1. Because eye tracking data was collected that was sensitive
to movement, to minimize head movement, the interface included a virtual keyboard. Participants used this virtual keyboard (bottom of Figure 1) to enter solutions and perform
related actions (e.g., move on to the next problem, erase an
entry).

• reverse-faded assistance (n = 19), involving initially low
similarity problem-example pairs, transitioning to high
similarity pairs by the last three problems (see Table 2,
third row).

Table 2: Sequencing of problem-example pairs based on similarity and the number of rules required for the solutions. Legend: Sim = similarity; H = high similarity, L = low similarity
High
Faded
Reverse

Sim
#rules
Sim
rules
Sim
rules

H
3
H
3
L
3

H
3
H
3
L
3

H
4
H
4
L
4

H
3
L
3
H
3

H
4
H
4
L
4

H
4
L
4
H
4

H
3
H
3
L
3

H
3
L
3
H
3

H
4
H
4
L
4

H
3
L
3
H
3

H
4
L
4
H
4

H
4
L
4
H
4

The participants were randomly assigned to a given condition. After 20 participants were run, we began a stratified
random sampling procedure based on pretest performance to
equalize a priori knowledge between the conditions2 .
The procedure for the three conditions was the same. Each
session was conducted individually in a quiet room. Participants completed a paper and pencil pretest (up to 20 minutes),
were introduced to the problem solving interface and given a
training problem (5 minutes), and then were calibrated on the
eye tracker. The experimental phase then began. Prior to
starting, participants were told that ”...the goal isn’t to be fast
but rather to treat this as if you were practising solving problems to prepare for a test, so do what you would normally
do when studying”. Participants used the problem-solving
interface (Figure 1) to work on the 12 problems in their respective condition (as noted above, each problem included a
2 pretest performance was measured by grading the pretest before
proceeding with the eye-tracking portion of the experiment.
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corresponding example). No feedback for correctness was
provided and participants worked at their own pace. After
finishing the problem solving phase, participants completed a
paper and pencil posttest (up to 20 minutes).

Results
Our analysis was guided by the following research questions:
1. Does the type of assistance (high, faded, reverse faded) influence learning?
2. Does the type of assistance impact where participants devote attention (e.g., to the example vs. the problem)?
3. Does the type of assistance impact attentional patterns that
could be indicative of copying and self explanation?

Figure 2: Learning gains (Post % - Pre %) for each condition
(faded assistance, high assistance, reverse-faded assistance).
Error Bars: +/- 1 Standard Error.

To answer these questions, we used between subjects
ANOVAs with type of assistance (high, faded, reverse faded)
as the independent variable, and the analysis-specific dependent variable (e.g., learning gains, see below). Post hoc tests
were done using Tukey’s HSD test. Prior to the analysis, we
created boxplots for all dependent variables on a per condition basis and SPSS-flagged outliers were removed.

looking at the problem area, F(2, 54) = 9.58, p < .001, ηp 2 =
.26. As shown in Figure 3, participants spent significantly less
time looking at the problem in the high assistance condition
than in (1) the faded assistance condition, p = .012, and (2)
the reverse faded assistance condition, p < .001.
For the sake of completeness, we also present the results
related to total time spent, which mirror the pattern we found
above (note that the total time will be slightly longer than
time spent on the problem or example, because the latter does
not include time spent looking at other areas, like the virtual
key board or away from the screen). In general, the high assistance group devoted the least amount of total time during
the experimental phase (on average, 10.2 minutes), as compared to the faded and reverse faded groups (on average, 13.1
and 14.2 minutes, respectively). The overall effect of assistance on time was significant, F(2, 54) = 5.84, p = .005,
ηp 2 = .18, with the high assistance group spending significantly less time than the reverse faded assistance group, p
= .004, and marginally less than the faded assistance group,
p < .055. The examples were highly similar to their corresponding problems in the high assistance condition, and this
reduced the total amount of time participants devoted.

Which type of assistance fosters learning the most?
We first verified that the pretest scores were equalized across
conditions prior to the experimental phase and this was indeed the case, F(2, 57) = .24, p = .790, ηp 2 = .01. We used the
standard method to operationalize learning, by calculating the
difference between posttest and pretest to obtain the learning
gain for each participant, i.e., Post % - Pre %. The mean gains
for each condition are shown in Figure 2. The reverse faded
assistance group obtained the greatest gains, and, in contrast
to our expectations, the faded assistance group obtained the
lowest learning gains, with the high assistance participants
falling in the middle.
An ANOVA with learning gain as the dependent variable
found a significant effect of type of assistance, F(2, 56)
= 3.46, p = .038, ηp 2 = .11, with post hoc tests indicating
that participants in the reverse-faded assistance condition had
significantly higher learning gains than the faded assistance
group, p = .029. No other differences were significant.

Does assistance impact sequences of fixations?

Does assistance impact attention to example vs.
problem?
To determine if the type of assistance influenced where participants were devoting their attention (e.g., to the example
vs. the problem), we extracted the total time each participant
spent looking at the example area and at the problem area,
respectively (see dashed line in Figure 1 indicating these two
areas of interest, AOIs).
As far as the example, as shown in Figure 3, left, there
was little difference between the three conditions in terms of
the total time participants spent looking at the example (and
indeed the effect of assistance was not significant, F(2, 56) =
.38, p = .686, ηp 2 = .01). In contrast, the type of assistance did
have a significant effect on the total time participants spent

In the context of problem solving with access to an example, sequences of fixations between the areas of interest (e.g.,
between the problem and example solution steps) can provide an indication regarding the type of cognitive processing
participants are engaging in (e.g., copying, self explanation).
Here, we focus on four types of fixation sequences:
1. example-problem (Ex-Pro) sequences involve a fixation on
an example solution step (any of the AOIs in the example
area in Figure 1) and a subsequent fixation on a problem
solution step (any of the AOIs in the problem area in Figure
1, see arrow 1 in Figure 1 for an example), indicating a shift
in attention from the example over to the problem. Such
sequences could be indicative of copying (since copying
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Figure 3: Total time spent looking at the example and the problem (left) and total number of each type of sequence (right), for
each condition (high assistance, faded assistance, reverse-faded assistance), prior to the removal of outliers. Error Bars: +/- 1
Standard Error.
2015; Muldner & Conati, 2010; Weitnauer, Carvalho, Goldstone, & Ritter, 2014). In the present study, we investigated
the impact of problem-example differences in a novel context, by manipulating differences over the course of a problem solving session. Our key finding was that a reverse faded
assistance method, one that initially presented low similarity problem-example pairs but transitioned to high similarity
pairs, resulted in the highest pre to post test gains. The learning results were corroborated with our eye tracking analysis,
which also shed light on where participants were devoting attention in the three conditions.
Why did participants benefit the most from a ‘reverse
faded’ assistance paradigm? In contrast to the other two conditions, the reverse faded assistance group was immediately
faced with problem-example pairs that superficially looked
different. However, the knowledge (i.e., rules) needed to generate both the problem and the example was isomorphic - the
only thing that we varied in the present study was the order of
the rule applications in the respective solutions. This difference in the initial problem-example pairs may have encouraged participants to engage in deeper processing in general we have some evidence of this occurring, since participants
in the reverse faded assistance condition devoted more time
overall and more time to the problem in particular.
What were participants doing that increased their time on
task in the reverse faded condition? While we do not have
verbal protocols, it may be that the problem-example differences in the reverse faded assistance condition encouraged self-explanation of the problem solution, once participants realized that superficial copying was infeasible. The reverse faded assistance condition also eventually provided the
canonical solution by providing highly similar examples later
on in the problem session, after participants may have initially
struggled to resolve differences, and thus critical feedback,
which in general aids learning (Schalk et al., 2017).
An unexpected result was that the high assistance condition resulted in larger learning gains than the faded assistance

requires looking at the example and then back over to the
problem).
2. example-example (Ex-Ex) sequences involve a fixation on
an example solution step and a subsequent fixation on any
other example solution step (a shift between any of the
AOIs in the example area in Figure 1, see arrow 2 in Figure
1 for an example), indicating a shift in attention from one
example solution step to another. Such sequences could be
indicative of self explanation of the example (since self explanation can involve studying the example solution steps).
3. problem-problem (Pro-Pro) sequences involve a gaze shift
from one problem step to another, here taken to be indicative of self explanation of the problem (see arrow 3 in Figure 1 for an example).
4. problem-example (Pro-Ex) sequences involve a fixation on
a problem solution step and a subsequent fixation on an example solution step (see arrow 4 in Figure 1 for an example), indicating a shift in attention from the problem over to
the example. Such sequences could be indicative of checking one’s solution against the example.
The type of assistance had a significant effect on one of the
sequences, namely problem-problem (see Figure 3, right, F(2,
50) = 15.09, p < .001, ηp 2 = .38). Post hoc analysis confirmed
that the reverse faded assistance group had more attentional
shifts between the problem’s solution lines as compared to
the constant assistance condition, p < .001, and the faded
assistance condition, p < .003. The constant assistance group
also had significantly fewer problem-problem sequences than
the faded assistance group, p = .041.

Discussion and future work
When students encounter examples highly similar to the problem they are solving, they tend to copy without learning.
Thus, several recent studies have investigated the potential
benefits of problem-example differences in terms of discouraging superficial copying and fostering learning (Lee et al.,
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condition - while this difference was not significant, this trend
was surprising given the prior work showing the benefits of
faded assistance (Tullis et al., 2015), albeit in contexts that do
not involve mathematical domains of the type targeted here.
A potential explanation as to why the faded assistance condition obtained the lowest learning gains is that this condition
started with examples that were easily applied to the problem
with minimal alteration, facilitating copying and discouraging self explanation. After the initial highly similar problemexample pairs provided high assistance by the virtue of the
high problem-example similarity, participants were presented
with a lower-similarity problem-example pair, meant to transition them over to a situation where they would have to invest
more effort in transferring the example solution. However,
participants in this condition may have failed to recognize that
the example at this stage blocked copying and proceeded to
copy incorrectly. A complementary explanation is that participants in this condition may have superficially copied the
first few example solutions, and then arrived at the examples
that blocked copying - at this stage they had fewer opportunities to view the canonical solutions, in essence receiving less
feedback from the examples.
The present study and analysis opens up avenues for future
work. A key one relates to more fine grained eye tracking
analysis than presently done. In particular, to date we have
not looked at how attention, as measured by eye tracking,
differs between individual problem-example pairs in a given
session, nor how attention patterns change over time. As for
the latter, it would be interesting to investigate if patterns of
attention change at different rates over time during a problem solving session (e.g., whether participants in the reverse
faded condition paid less attention to the example initially
but reversed that attention pattern when confronted with similar examples). Another avenue of future work relates to scan
path analysis to investigate how participants shifted their gaze
over time (e.g., Anderson, Anderson, Kingstone, and Bischof
(2015)), such as looking between lines of the example and
then looking at one line of the problem, indicating study of
the example as well as potential application to the problem.
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Abstract

Despite this consensus among experts, it seems that
many people do not appreciate the mutually beneficial
nature of exchange. Politicians who promote populist,
anti-trade policies enjoy enormous popularity. The casual
observer of American politics often hears talk of “losing”
at trade, as though the price signals associated with
foreign goods are somehow misleading American
consumers into zero-sum exchanges at their own expense.
Just as ideologically opposite economists agree on the
benefits of trade, ideologically opposite politicians agree
on its hazards, with populist, anti-trade candidates
prominent on both sides of the political spectrum.
Yet, these battles have been fought before—not only by
current economists, but also by their predecessors. Smith
was writing in opposition to the zero-sum mercantilist
philosophy of his day—a now-debunked theory that
conceptualized wealth as the accumulation of gold, rather
than goods and services. Even though economists have
been convinced by Smith’s arguments, battles against
mercantilism and trade-protectionism must be fought
anew each generation, as Ricardo (2004/1817), Marshall
(1949/1879), Friedman (1962), and Krugman (1996) have
done in turn. This need to re-learn basic economics anew
each generation encourages the hypothesis that zero-sum
thinking is psychologically natural, and positive-sum
thinking is not—a hypothesis endorsed explicitly by some
economists (e.g., Bastiat, 2007/1845; Sowell, 2008).
Our primary question here is when, and to what extent,
people believe that one or the other party in an exchange
was not made better off. Our two experiments examine
three possible mechanisms underlying such beliefs.
First, some evolutionary psychologists (Boyer &
Petersen, 2018; Cosmides & Tooby, 1992; Pinker, 2003)
and anthropologists (Fiske, 1992) have argued that
humans are evolutionarily adapted for like-kind
exchanges such as barter. However, because modern
exchanges are denominated in currency with no intrinsic
value rather than goods, people may have difficulty using
their adapted intuitions about exchange when
contemplating monetary transactions. In this case, we
would expect people to more readily identify positivesum transactions for barters than for monetary exchanges.
Second, zero-sum beliefs could originate in how people
conceptualize value. Economists since Smith (1999/1776)
have labored, with limited success, against mercantilist
theories of wealth and trade. Such theories equate wealth
with money, neglecting the insight that money is valuable
only because it can be used to purchase valuable things. If
people are intuitive mercantilists who confuse wealth and

A core proposition in economics is that voluntary
exchanges benefit both parties. We show that people often
deny the mutually beneficial nature of exchange, instead
using zero-sum thinking. Participants read about simple
exchanges of goods and services, judging whether each
party to the transaction was better off or worse off
afterwards. These studies revealed that zero-sum beliefs are
pervasive. These beliefs seem to arise in part due to
intuitive mercantilist beliefs that money has value overand-above what it can purchase, since buyers are seen as
less likely to benefit than sellers, and barters are often seen
as failing to benefit either party (Study 1). Zero-sum beliefs
are greatly reduced by giving reasons for the exchange
(Study 2), suggesting that a second mechanism underlying
zero-sum thinking is a failure to spontaneously take the
perspective of the buyer. Implications for politics and
business are discussed.
Keywords: Intuitive theories; folk psychology; judgment
& decision-making; behavioral economics.

Introduction
If economics has a Fundamental Theorem, it is this: There
are gains from trade—voluntary transactions benefit both
parties. This has been recognized since Adam Smith, who
wrote in The Wealth of Nations (1999/1776):
[A man] will be far more likely to prevail if he can
interest their self-love in his favour, and show them
that it is for their own advantage to do for him what
he requires of them. Whoever offers to another a
bargain of any kind, proposes to do this. Give me that
which I want, and you shall have this which you
want, is the meaning of every such offer (p. 118–9).
That is, buyers do not buy unless they value the good
more than its price, and sellers do not sell unless they
value it less. People may not be rational, but nor are they
fools—people do not voluntarily give up what they value
highly for what they value less. Thus, barring deception
or coercion, both parties benefit from exchange.
The notion that trade is positive-sum is endorsed by
economists across the political spectrum, from Paul
Krugman (1996) to Milton Friedman (1962). The
principle of mutually beneficial exchange is an older idea
than natural selection, and fully as accepted by experts in
the field (Caplan, 2006). For example, 95% of the
participants in Chicago Booth’s panel of ideologically
diverse economists agreed with the statement, “Freer
trade improves productive efficiency and offers
consumers better choices, and in the long run these gains
are much larger than any effects on employment.”
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money, then they may view sellers as better off than
buyers, because the seller always gains currency while the
buyer gives up currency. Barters, meanwhile, would be
seen as failing to benefit either party since money does
not change hands. Studies 1 and 2 contrast the predictions
made by the misadaptation and mercantilism accounts.
Third, people may fail to spontaneously consider the
mental states of the transaction parties. The Fundamental
Theorem states that trades are positive-sum because they
are voluntary, and people do not choose to exchange at a
loss. If people do not spontaneously consider the buyers’
and sellers’ perspectives, they may fail to realize that
buyers and sellers would not choose to exchange if they
would be made worse-off. On this hypothesis, people
should be more likely to appreciate the benefits of
exchange given contexts that facilitate perspective-taking.
Study 2 tests this possibility.

The transactions were of three types—monetary
purchases of goods, monetary purchases of services, and
barters of goods. Four items of each type were used, and
the 12 items were presented in a random order.
For the monetary purchases of goods, participants read
about transactions, such as, “Sally goes to Tony’s clothing
store. She pays Tony $30 for a shirt.” (Other goods
included olive oil, a car, and a chocolate bar.) Participants
were then asked to rate the welfare of the buyer and seller,
relative to before the transaction (e.g., “How well off do
you think Sally now is?” and “How well off do you think
Tony now is?”) on a scale anchored at –5 (“Worse than
before”), 0 (“Same as before”), and 5 (“Better than
before”). Buyer and seller welfare were rated in a random
order for each item. Monetary purchases of services were
phrased in a parallel way (e.g., “Eric goes to Paul’s barber
shop. Eric pays Paul $15 for a haircut.”).
For the barters of goods, participants read about two
individuals exchanging goods, such as “Vivian goes to
her colleague Tommy’s office. She trades her Burger
King hamburger for Tommy’s McDonald’s hamburger”
or “Mark goes to his neighbor Fred. Mark trades his bottle
of soy sauce for Fred’s bottle of vinegar.” The welfare of
each trader was rated on the same scale.

Study 1
Our first experiment directly tested the prevalence of
zero-sum thinking. Participants read about simple,
everyday transactions, including monetary purchases of
goods (e.g., a shirt, a car), monetary purchases of services
(e.g., a haircut, a plumber), and barters of goods (e.g., a
McDonald’s sandwich for a Burger King sandwich, or
soy sauce for vinegar). Participants then rated the welfare
of the buyer and seller (or traders, in the case of barter),
relative to their welfare before the transaction.
If people understand the underlying principles of
economics, they should indicate that both buyer and seller
are better off after each transaction, because the
transactions are voluntary. On the other hand, if people
engage in zero-sum thinking, then they may believe that
either the buyer or seller failed to be bettered by the
transaction, or even was worse off after the transaction.
The particular pattern of perceived gains and losses is
especially useful for testing the underlying mechanisms.
If zero-sum thinking occurs primarily due to an
evolutionary misadaptation, then barters should be seen as
positive-sum more often than monetary transactions.
Conversely, if it occurs due to mercantilist thinking—
valuing money over-and-above what it can purchase—
then zero-sum beliefs should be prevalent for both types
of transactions. For monetary purchases, sellers should be
seen as gaining more often than buyers (since sellers gain
money and buyers give money). For barters, the traders
would be likely seen as neither better nor worse off than
before (since money does not change hands).

Results and Discussion
Zero-sum thinking—that is, the belief that one or the
other party in a transaction was not bettered by the
transaction—was endemic among participants, with 88%
of participants indicating that at least one of the twelve
transactions was zero- or negative-sum.
Zero-sum transactions. We first calculated the number
of non-positive-sum interactions for each participant, by
adding the perceived welfare of the buyer and seller for
each of the 12 transactions. Participants claimed an
average of 0.90 (SD = 1.11) of 4 monetary purchases of
goods and 0.62 (SD = 1.04) of 4 monetary purchases of
services to be non-positive-sum. Overall, 60.5% of
participants indicated that at least one of these eight
transactions was non-positive-sum, with somewhat more
zero- (or negative-) sum thinking for goods than for
services, t(85) = 2.58, p = .011, d = 0.26.
However, zero-sum thinking was more pervasive yet
for barters. Participants claimed an average of 2.13 (SD =
1.50) of 4 barters to be non-positive-sum, with 79.1% of
participants indicating that at least one was non-positivesum. Consequently, barters were much more likely to be
considered non-positive-sum than purchases of goods,
t(85) = 7.46, p < .001, d = 0.94. This particular pessimism
about barters will be explored more fully below.
Buyer and seller welfare. In economics, the idea that
voluntary transactions are positive-sum relies on a more
basic idea: neither party agrees to a transaction unless it is
beneficial. That is, transactions are positive-sum because
they are win–win. Our next analysis looked at whether
participants believed that individual buyers, sellers, and
traders were better-off after transactions (see Table 1).

Method
We recruited 100 participants from Mechanical Turk.
Fourteen participants were excluded from analysis due to
incorrect answers to check questions.
Participants read about a series of 12 transactions and
were instructed: “For each transaction, you will be asked
whether each participant is better off, worse off, or the
same, relative to how they were before the transaction.”
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Indeed, almost every participant (94.2%) believed that at
least one individual in one of the twelve transactions
failed to gain from the transaction (M = 8.49 out of 24).
Although this stark result may be due in part to
participants’ desire to use the entire scale range, a look at
the pattern of scale use below reveals that nonpositive
scores were far from randomly distributed.

party benefited in some cases (e.g., Mark needed soy
sauce for a recipe but Fred was indifferent to the trade),
the idea that neither party benefited is nonsensical.
Discussion. Three results arose consistently. First,
virtually all participants believed that some of the
individuals failed to gain from their transactions. This is
consistent with our suggestion that zero-sum thinking is a
natural psychological tendency, supporting claims (e.g.,
Caplan, 2006; Rubin, 2003) that zero-sum thinking
accounts for at least a part of the difference between
economists’ and laypeople’s reasoning about markets.
Second, within monetary transactions, sellers were
almost always seen as beneficiaries, whereas buyers were
often seen as losers. This way of thinking seems bizarre,
because it implies that consumers believe themselves to
be acting irrationally when making purchases—if
purchases are often net losses, why do consumers make
them? Yet, this pattern is consistent with mercantilist
theories that equate money and wealth: Apparently Smith
(1999/1776) did not fully convince the public.
Third, participants were even likelier to view barters as
zero-sum, compared to monetary transactions, because
traders were seen as neither gaining nor losing from their
barters. This undercuts the idea that zero-sum thinking is
due to evolved instincts about exchange: To the extent
that our evolutionary ancestors engaged in explicit trades,
these would have resembled barters rather than monetary
exchanges. On this hypothesis, barters should be less
often be seen as zero-sum, when we found the opposite.
One possible concern is that participants interpreted the
phrases “better off” and “worse off” as referring
specifically to monetary health. While it is plausible that
this accounts for the particularly high rates of nonbeneficiary buyers and traders, this cannot account for all
of it. In a follow-up experiment, we phrased the question
in terms of whether parties “benefited” from the
transaction, finding a similar pattern (more losses for
buyers than sellers, few beneficiaries for trades), albeit
with higher levels of positivity overall.
An observer of Table 1 might note that many trades
were actually seen as positive-sum. This is encouraging.
Nonetheless, chance may not be the most appropriate
comparison—after all, economic theory tells us that all
voluntary transactions are positive-sum. For present
purposes, we are most interested in establishing the
mechanisms underlying zero-sum thinking, to whatever
extent it exists. Regardless of the overall level, the pattern
of zero-sum beliefs strongly indicts mercantilism as a key
factor. Next, we look at a second possible factor.

Table 1: Results of Study 1
Total
Buyers

8

Sellers

8

Traders

8

Total

24

Positive

Zero

Negative

4.88
(2.72)
7.07
(1.56)
3.56
(2.67)
15.51
(4.29)

0.58
(1.35)
0.44
(1.14)
3.29
(2.98)
4.31
(4.18)

2.54
(2.47)
0.49
(0.86)
1.15
(1.36)
4.17
(3.33)

Note. Entries are the number of times that transaction partners
were seen as made better off (positive), no better off (zero), or
worse off (negative) after each transaction. SDs in parentheses.

The idea of mercantilism predicts that buyers should
often be seen as losing and sellers should often be seen as
gaining. This is confirmed by Table 1, where buyers were
seen as losing (M = 2.54 out of 8) more than 5 times more
often than sellers (M = 0.49 out of 8), t(85) = 7.54, p <
.001, d = 1.11. This asymmetry held up for both goods
and services but was especially pronounced for goods,
since consumers were seen as more likely to experience a
net loss from purchases of goods rather than services (M =
1.48 vs. 1.06 out of 4), t(85) = 3.20, p = .002, d = 0.30,
perhaps because participants believed there was a higher
risk of information asymmetry for the goods (see Akerlof,
1970). Results are similar if the continuous scale is
analyzed, rather than the trichotomized recoding.
A second prediction of the mercantilism account is that,
while both monetary transactions and barters would often
be perceived as zero-sum, the specific pattern would
differ. Whereas buyers would be seen as losing and sellers
as gaining, neither trader in a barter would be seen as
gaining. Consistent with this prediction, Table 1 reveals
that traders were often seen as experiencing neither gain
nor loss from their trades (M = 3.29 out of 8), and this
perception was nearly 6 times more common for traders
than for buyers (M = 0.58 out of 8), t(85) = 8.59, p < .001,
d = 1.17. In fact, this tendency was so common that
traders were even more likely than buyers to be seen as
non-beneficiaries from their exchanges (i.e., either zero or
negative gain), t(85) = 3.98, p < .001, d = 0.49, explaining
why more barters were seen as non-positive-sum,
compared to monetary transactions. Barters are seemingly
construed as arbitrary exchanges of goods rather than
goal-directed methods of obtaining goods for mutual
benefit. Although perhaps it is plausible that only one

Study 2
Transactions are win–win specifically because they are
voluntary, and people do not generally make purchases
without believing it to be beneficial. Economists do not
need to be reminded of this, but laypeople might. If
people do not spontaneously take the buyer’s perspective,
they may fail to realize that the transaction is unlikely to
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harm either party. Thus, Study 2 tested whether giving
reasons for buyers’ choices would reduce zero-sum
thinking by making salient the transactions’ voluntariness.
Consumers have many reasons for their purchases. We
explored two broad types. Study 2A provided “content
reasons”—the sort of reason that might persuade the
participant or anyone else to engage in the transaction.
For example, a haircut might be welfare-inducing because
of the pleasant environment of the location, or a chocolate
bar might be worth consuming because the buyer is very
hungry. Conversely, Study 2B provided “empty
reasons”—merely indicating that the buyer “wanted” the
good or service being purchased. These reasons are
empty, from an economic perspective, because it is true of
every consumer decision that the consumer wanted to
purchase the product. Yet these reasons may not be
psychologically empty, if they induce the participant to
take the perspective of the buyer as a voluntary agent who
would not choose to make a purchase at a loss.

t(85) = 4.95, p < .001, d = 0.73. This was also the case for
Study 2B (M = 1.06 vs. 0.24), t(86) = 4.08, p < .001, d =
0.56. Thus, as in Study 1, judgments of loss flowed with
money: Buyers, who gave up money (but gained a good),
were seen as losing more often than sellers, who gained
money (but gave up a good). To the extent that monetary
transactions are seen as zero-sum, it is because sellers are
seen as gaining at buyers’ expense.
Second, traders in Study 2A were seen as failing to gain
(M = 0.84 out of 8) more often than buyers (M = 0.45 out
of 8), t(85) = 2.01, p = .048, d = 0.25. This was also the
case for Study 2B (M = 1.40 vs. 0.31), t(86) = 3.79, p <
.001, d = 0.57. As in Study 1, trades of goods were seen
somewhat often as failing to benefit either party, whereas
this was rarely the case for buyers. This is consistent with
the prediction of folk mercantilism that transactions not
associated with money should be seen as zero-sum, not
because one party is benefitting at the expense of the
other, but because neither party’s welfare is affected.

Method

Table 2: Comparison of Studies 1 and 2

We recruited 100 participants for Study 2A, and another
99 participants for Study 2B (N = 26 excluded in total).
The procedure was the same as Study 1, except that
after describing each transaction, a reason was given that
the buyer (for monetary transactions) or both traders (for
barters) engaged in the transaction.
Study 2A gave reasons with content. For example, for
Sally’s purchase, participants read that “Sally purchased
the shirt because Taylor Swift once wore this kind of shirt
at her concert, and Sally loves Taylor Swift very much.”
For Mark’s and Fred’s barter, “Mark traded because he
needed vinegar for a recipe, and Fred traded because he
happened to run out of soy sauce.”
Study 2B, in contrast, gave empty reasons, which stated
merely that the buyer or traders “wanted” the good or
service being exchanged. For example, “Sally made the
purchase because she wanted the shirt” and “Mark made
the trade because he wanted vinegar and Fred made the
trade because he wanted soy sauce.”

Total
Buyers

8

Sellers

8

Traders

8

Total

24

Exp. 1

Exp. 2A

Exp. 2B

3.12
(2.72)
0.93
(1.56)
4.44
(2.67)
8.49
(5.14)

1.37
(1.80)
0.73
(1.47)
1.15
(1.94)
3.26
(4.12)

1.37
(2.23)
0.48
(1.00)
1.77
(2.75)
3.62
(4.72)

Note. Entries are the number of times that transaction partners
were seen as failing to benefit (either worse off or no better off)
after each transaction, across experiments. SDs in parentheses.

Between-experiment comparisons. The above
analyses show that mercantilism accounts for much of the
zero-sum thinking in Study 2, just as in Study 1. But
might the overall incidence of zero-sum thinking be lower
due to our perspective-taking manipulations?
Table 2 compares the number of times that individuals
in each type of transaction are seen as failing to benefit
(i.e., either zero or negative gain). Both interventions
(content reasons in Study 2A and empty reasons in Study
2B) were about equally effective in reducing zero-sum
thinking, with far fewer trades perceived as non-beneficial
compared to the unexplained transactions in Study 1.
To explore these effects quantitatively, we compared
the number of non-beneficiary buyers and sellers (in
monetary transactions) and traders (in barters) across
experiments. Studies 2A and 2B produced similar results,
despite the different sorts of reasons given. The rates of
perceived non-benefit were virtually identical for buyers,
t(171) = 0.01, p = .99, d < 0.01, and the rates of perceived
non-benefit were, if anything, even lower for sellers in
Study 2B (with empty reasons) than in Study 2A (with

Results and Discussion
Whereas in Study 1, most participants (88%) believed that
at least one of the transactions was non-positive-sum, this
proportion was far lower in Studies 2A (41%) and 2B
(39%). Likewise, whereas nearly all participants in Study
1 (94%) believed that at least one individual in one of the
transactions failed to benefit, this proportion was more
modest in Studies 2A (65%) and 2B (60%). Thus,
perspective-taking interventions did not eliminate zerosum thinking, but did dramatically lower its incidence.
Within-experiment comparisons. Study 1 revealed
asymmetries between buyers and sellers and between
buyers and traders, which we take to support mercantilist
thinking. Both effects were also robust in Study 2.
First, buyers in Study 2A were seen as losing (M = 0.92
out of 8) far more often than sellers (M = 0.13 out of 8),
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content reasons), although this trend was not significant,
t(171) = 1.31, p = .19, d = 0.20. The only difference
approaching significance was a tendency for barters to be
seen as less beneficial in Study 2B, t(171) = 1.71, p =
.090, d = 0.26. Because these differences were modest, we
collapse across studies for comparison with Study 1.
As shown in Table 2, buyers were far less likely to be
seen as non-beneficiaries in Study 2 compared to Study 1,
t(257) = 5.81, p < .001, d = 0.77, as were traders, t(257) =
9.06, p < .001, d = 1.20. Even sellers were seen as
somewhat less likely to be non-beneficiaries when the
buyer’s motivation was given in Study 2, t(257) = 1.80, p
= .074, d = 0.24, although this trend was modest given
that sellers were near the floor. This latter result suggests
that taking the perspective of the buyer may amplify the
realization that sellers too benefit from exchange.
Thus, despite the similar patterns of results within
Studies 1 and 2, the absolute rates of perceived nonbenefit were far lower in Study 2, when an explanation
was given for the transaction—even for explanations as
minimal as that the buyer “wanted” the product.
This suggests that zero-sum thinking can be
understood, in part, as a perspective-taking error—people
do not spontaneously think of voluntary transactions as
goal-directed. Thus, emphasizing that the buyer had a
reason for the transaction—was making the purchase as a
means of attaining some goal—is sufficient to lower
perceived rates of non-benefit to less than half.

1999/1776), this sort of thinking may be so cognitively
natural that it rises from the ashes each generation.
Second, zero-sum thinking seems to be driven largely
by an error in perspective-taking. Merely reminding
people that the buyers and traders have reasons for their
choices reduced the incidence of zero-sum thinking by a
factor of more than half (Study 2). These results suggest
that people do not spontaneously reflect on the fact that
parties to exchanges have reasons for their behavior,
leading them to discount their potential gain.
Folk economics. Since the beginning of scientific
economics, its practitioners have complained about the
public’s economic ignorance. Recent survey data
comparing the views of economists and laypeople
suggests that little progress has been made since the time
of Adam Smith—even though the science of economics
has advanced greatly, our intuitive theories seem to be
stuck in time (Caplan, 2006).
We view the current studies as a step toward a
systematic study of people’s intuitive theories of
economics (see also Boyer & Petersen, 2018; cf. Johnson,
2018). This endeavor has precedents in opinion polls of
laypeople (e.g., Caplan, 2006), studies of opinions on
issues such as unemployment and poverty (e.g., Lewis,
Webley, & Furnham, 1995), and studies of lay decision
theory (Johnson & Rips, 2015). Yet, psychology is only
now seeking a systematic understanding of folk
economics, in the same way that we have a sophisticated
grasp of folk psychology (Apperly, 2010), physics (Carey,
2009), and statistics (Kahneman, 2011).
Although zero-sum thinking may be economists’
favorite fallacy to pick on (e.g., Rubin, 2003; Sowell,
2008), it has good company. For instance, people may
have a “physical fallacy” (Sowell, 1980)—the idea that
goods have precisely one value at a given time, when of
course goods have different values to different
individuals. People may suffer from “counterfactual
neglect”—a focus on the effects of a chosen policy,
without considering what would have arisen in its
absence. And people may be guilty of “bottom-up
inversion”—the confusion of emergent market constraints
with the intentions of individual market participants. Our
ongoing work studies these misconceptions empirically.
Implications for politics. Democracy involves a tradeoff—political leaders must be responsive to people’s
expressed interests, limiting the range of potential selfinterested choices they can make. But the policies we get
in place of dictatorship will not be effective if people do
not in fact know what is in their interest (Caplan, 2006).
Thus, if democracy is to be effective in maximizing
everyone’s well-being, it is critical that voters be
informed not only about the narrow issues of the day, but
perhaps more importantly about the fundamental
principles governing the economy.
No one knows what our political leaders really think
about trade. Perhaps they do not really believe that it is
zero-sum. But they surely say so, and the current research

General Discussion
Voluntary transactions benefit both parties—this is a truth
universally acknowledged among economists. Here, we
showed that people are far more pessimistic about gains
from trade. When evaluating the relative welfare of
buyers and sellers (in monetary exchanges) and of traders
(in barters), people frequently claimed that some parties
to the transactions were worse off afterwards—in
violation of elementary economics. Buyers were more
likely to be seen as non-benefitting than sellers, purchases
of goods were more likely to be seen as non-benefitting
than purchases of services, and barters were more likely
to be seen as non-beneficial than monetary purchases.
Almost all participants claimed that at least some of the
parties did not benefit from one or more exchanges.
We also examined the mechanisms underlying this
zero-sum mentality. Since zero-sum beliefs were
especially acute for barters, this undermines the idea that
zero-sum thinking results from our minds’ evolutionary
misadaptation to barter rather than exchange economies.
However, we found evidence for two other
mechanisms. First, buyers were consistently seen as less
likely to benefit from exchange than sellers. This is
consistent with intuitive mercantilism—the idea that a
person’s welfare is determined by their monetary wealth,
not by their command of useful goods and services.
Despite perennial attempts to conquer mercantilist
thinking by economists (e.g., Bastiat, 2007/1845, Smith,
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shows, regrettably, that they have good game-theoretic
reasons for it: Zero-sum thinking is a pervasive element in
human psychology. Politicians’ ability to harness this
populist sentiment is surely one source of their political
power, with all the policy consequences that it entails.
We may not know how to solve public policy, but at
least we now have a good idea about why many people
oppose free trade and open immigration: Not only do
trade and immigration harness in-group bias (see Caplan,
2006; Boyer & Petersen, 2018), but they also violate the
logic of a zero-sum game—if Americans allow China and
Mexico to get part of the pie, then the part left for
Americans will be smaller. Perhaps the moderating
factors uncovered here—interventions that emphasize the
mental states and reasonableness of parties to
transactions—can be harnessed to attenuate zero-sum
thinking in the classroom and in the political arena.
Implications for business. Do consumers mope around
the mall, feeling as though they are being constantly
worsened by each transaction they undertake? Although
this caricature seems unlikely, zero-sum thinking may
lead consumers to adopt a resentful attitude toward
sellers, at least some of the time. Indeed, we find in some
of our ongoing research that consumers often feel they are
made worse-off by their transactions—a kind of theorydriven buyers’ remorse. Interventions that underscore the
harmony between the interests of buyers and sellers may
be effective in improving consumers’ experience and
lessening regret over past purchases.
Zero-sum thinking may be especially problematic when
purchasing goods from abroad, because the transaction is
a double-loss—not only may the consumer see himself or
herself as failing to benefit, but the consumer’s nation
may also be seen as suffering a loss. Studying consumers’
views of the benefits, or lack thereof, of purchasing
foreign goods would contribute toward understanding bias
against international transactions. Such an understanding
would be helpful for improving the welfare of both
consumers as well as foreign sellers.
Business books often invoke the language of “win–
win” transactions. Now we understand why this concept
requires so much emphasis. But we also understand how
perspective-taking may play a vital role in successfully
communicating the positivity of exchange, whether
between consumer and seller, between manager and
employee, or between parties to a negotiation. If your
gain is my loss, then I had better minimize your gain. Of
course, that perfectly ensures that no one is better off.
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Abstract

experiences in mathematics are merely a by-product of
the social practices of scientists and mathematicians.
Might it nonetheless be possible that novices share the
aesthetic perception of career mathematicians? Previous
research suggests that people do have intuitions about the
acceptability of simple mathematical explanations
(Johnson, Johnston, Koven, & Keil, 2017) and that such
intuitions broadly track principles derived from
philosophy of mathematics (e.g., Bolzano, 1817; Kitcher,
1975). But little is known about the intuitive aesthetics of
such explanations, despite longstanding philosophical
interest in the aesthetics (Lipton, 2004) and
phenomenology (Gopnik, 1998) of explanation.
We report two behavioral studies of laypersons’
aesthetic perception of mathematical arguments.
Specifically, participants examined simple mathematical
arguments and rated their similarity to various pieces of
art—either music (in Study 1) or paintings (Study 2). This
approach assumes that people can track broad aesthetic
similarities across domains. Indeed, there is evidence for
this broad capacity. Laypeople can detect which piece of
music inspired which artwork (Ranjan, Gabora, &
O’Connor, 2013), and students of painting can detect
which of their peers created particular non-painting art
(e.g., poetry; Gabora, O’Connor, & Ranjan, 2012). Our
question is whether such abstract cross-domain aesthetic
correspondences could also be detected for mathematics.
We seek answers to three broad questions: Are
participants’ responses internally consistent? Does
education in higher mathematics alter this pattern? And to
what extent are these layperson judgments consistent with
those of professional mathematicians?

Mathematicians often describe arguments as “beautiful” or
“dull,” and famous scientists have claimed that
mathematical beauty is a guide toward the truth. Do
laypeople, like mathematicians and scientists, perceive
mathematics through an aesthetic lens? We show here that
they do. Two studies asked people to rate the similarity of
simple mathematical arguments to pieces of classical piano
music (Study 1) or to landscape paintings (Study 2). In
both cases, there was internal consensus about the pairings
of arguments and artworks at greater than chance levels,
particularly for visual art. There was also some evidence
for correspondence to the aesthetic ratings of
undergraduate mathematics students (Study 1) and of
professional mathematicians (Studies 1 and 2).
Keywords: Psychology of mathematics; Explanation;
Aesthetics; Reasoning; STEM education

Introduction
Explanations in science and mathematics are often
imbued with aesthetic qualities. They can be “elegant” or
“beautiful”; they can be “dull” or “trivial.” Moreover, many
scientists appear to adopt John Keats’ maxim that “beauty
is truth, truth beauty.” Albert Einstein “was quite
convinced that beauty was a guiding principle in the
search for important results in theoretical physics” (Zee,
1999), while the physicist Paul Dirac (1963) even claimed
that “it is more important to have beauty in one’s
equations than to have them fit experiment.”
Is there a deep psychological reality underlying the
perception that certain mathematical arguments are
beautiful? One affirmative piece of evidence comes from
a neuroimaging study (Zeki, Romaya, Benincasa, &
Atiyah, 2014), in which professional mathematicians’
brains were scanned while contemplating either
“beautiful” or “ugly” mathematical equations. Individual
judgments of mathematical beauty were correlated with
activity in the same region of the medial orbito-frontal
cortex that is known to track aesthetic judgments in other
domains such as visual art and music (Ishizu & Zeki,
2011). This suggests that the underlying experience of
mathematical beauty, at least for mathematicians, has a
kinship with other forms of aesthetic experience.
However, it is plausible that these aesthetic experiences
are unique to professional mathematicians. Indeed, in
Zeki et al.’s (2014) study, the effort to scan layperson
participants’ brains was abandoned after an initial
behavioral study failed to find any equations that
participants found beautiful. Perhaps, then, the aesthetic

Study 1
Commentators have long noted an affinity between
mathematics and music (Fauvel, Flood, & Wilson, 2006).
Music has a mathematical structure, and the Greek
mathematician Pythagoras worked out aspects of Western
theory that persist to this day. Study 1 tests whether, in
keeping with this affinity, the aesthetics of specific
mathematical arguments intuitively correspond to
different pieces of music.

Method
Participants were recruited from the online crowdsourcing
platform Amazon Mechanical Turk (N = 299) and were
from the United States. A subset of these participants (N =
90) had taken a university-level math course above the
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level of calculus, while a larger subset reported not having
taken such coursework (N = 207). Given the lack of
previous work on this topic, the sample size was chosen
arbitrarily such that it was reasonably large (target N =
300); the same sample size was used in Study 2 to prevent
experimenter degrees of freedom
Participants each read four mathematical arguments
(see Table 1). For each argument, they were asked to first
read and reflect on the argument. Then, on subsequent
pages, participants rated the similarity of the argument to
four different 20-second clips of classical music (see
Table 2) on a scale from 0 (“not at all similar”) to 10
(“very similar”). The arguments were presented in a
random order, as were the musical clips, with each clip on
a separate page.

Linear Algebra, Abstract Algebra, and Probability
Theory. Second, a sample of professional mathematicians
(N = 4) was recruited from the first author’s professional
network. For these samples, participants were contacted
by email and we included all participants who completed
the principal measures.

Results and Discussion
The rankings of the pieces of music were not random:
They reflected a degree of consensus which was shared to
some extent across samples. This suggests that people
have stable intuitions about the aesthetics of mathematics.
The mean ratings and consensus ranks assigned to each
piece of music, separated by argument, are given in Table
A1 (left side). These are computed for the Mechanical
Turk sample as a whole, separately for the portions of the
sample with and without higher mathematics coursework,
for the sample of Yale undergraduates, and for the
professional mathematicians. For statistical tests, we
focus on the larger Mechanical Turk sample.
Did participants give similar ratings to one another?
We tested this question in two ways. First, we calculated
for each participant the correlation between that
participant’s ratings of the 16 items (i.e., 4 arguments x 4
pieces of music) and the mean ratings across the sample
(leaving out that participant from the mean). These
correlations were positive significantly more often than
they were negative [145 out of 219 were positive; p <
.001, sign test; 95% CI[.59, .72] on the proportion of
positive correlations]. This was also true if we repeat the
analysis separately on the participants who had taken
higher mathematics [45 out of 68; p = .010; 95% CI[.54,
.77]] and those who had not [93 out of 149; p < .001; 95%
CI[.54, .70]] or if Spearman correlations are used instead.
A second way of testing this question is to compute
Cronbach’s alpha, treating each of the 16 ratings as an
observation and each participant as a scale component.
(This is similar to calculating the average correlation
between each participant’s scores and every other
participant’s scores.) These scores were fairly high (a =
.72), indicating consistency across participants.
Did participants come to the same consensus as the
experts? We tested this question too in two ways. First,
similar to our above analysis, we computed for each
participant the correlation between that participant’s
ratings of the 16 items and the mean rating for the other
groups (expert mathematicians and students). The
Mechanical Turk sample as a whole did not significantly
agree with the mathematicians at greater than chance
levels [120 out of 219 correlations were positive; p = .18;
95% CI[.48, .62]]. However, there was a marginally
significant tendency for agreement among the highermath sample [42 out of 68; p = .068; 95% CI[.49,.73]] but
not the non-higher-math sample [76 out of 149, p = .87,
95% CI[.43,.59]]. The results were similar, albeit more
statistically robust, for agreement with the student
consensus. These correlations were positive significantly

Table 1: Arguments Used in Studies 1 and 2
Geometric

Sum of an infinite geometric series

Gauss

Gauss’s summation trick for positive
integers

Pigeonhole

Pigeonhole principle

Faulhaber

Geometric proof of a Faulhaber
formula

Note. The exact text of these arguments can be found in Johnson
and Steinerberger (2018).

Table 2: Musical Pieces Used in Study 1
Schubert

Moment Musical No. 4 (D 780),
played by David Fray

Bach

Fugue from Toccata in E Minor
(BWV 914), played by Glenn Gould

Beethoven

Diabelli Variations (Op. 120), played
by Grigory Sokolov

Shostakovic
h

Prelude in D-flat Major (Op. 87 No.
15), played by Adrian Brendle

Note. Participants listened to the first 20 seconds of each piece.

After the main task, a series of memory check questions
was included to monitor whether participants had been
attending to the materials. Participants were excluded
from analysis if they incorrectly answered one-fourth or
more of these questions (N = 73).
In addition to the Mechanical Turk sample, two
additional sets of individuals were asked to complete the
study for comparison. First, a sample of Yale
undergraduates (N = 28) was recruited from Mathematics
and Applied Mathematics courses, including Calculus,
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more often than chance for the sample as a whole [126
out of 219; p = .030, 95% CI[.51,.64], but this was driven
principally by the higher-math subsample [42 out of 68; p
= .068, 95% CI[.49,.73]] rather than the non-higher-math
subsample [83 out of 149, p = .19, 95% CI[.47,.64]].
Second, we computed the correlations between the
mean (consensus) ratings for the 16 items across different
groups. First, there was a moderate but non-significant
correlation between the higher-math and non-higher-math
consensuses [r(14) = .40, p = .12]. The Mechanical Turk
sample as a whole was not significantly correlated with
either the mathematicians [r(14) = .06, p = .81] or the
students [r(14) = .40, p = .12]. Consistent with the above
analysis, however, the correlations were numerically
somewhat stronger for the higher-math subsample [r(14)
= .27, p = .31 with mathematicians and r(14) = .58, p =
.012 with students], with the student correlation reaching
statistical significance. These correlations were all
nonsignificant for the non-higher-math subsample [r(14)
= –.09, p = .75 and r(14) = .21, p = .43].
Discussion. Overall, these results suggest that
laypeople have intuitions about the aesthetics of
mathematical arguments, which were internally consistent
within the sample of laypeople. For those who had taken
higher mathematics (but not those who had not), there
was some consensus with undergraduate math students
and possibly with professional mathematicians. This
overall pattern suggests that although even laypeople have
intuitions about the aesthetics of mathematical arguments,
these intuitions may sharpen with math instruction.

Table 3: Paintings Used in Study 2
Yosemite

Looking Down Yosemite Valley,
California (Albert Bierstadt)

Rockies

A Storm in the Rocky Mountains, Mt.
Rosalie (Albert Bierstadt)

Suffolk

The Hay Wain (John Constable)

Andes

The Heart of the Andes (Frederic
Edwin Church)

Results and Discussion
The similarity ratings were lower overall in Study 2
than in Study 1, consistent with the idea that music is
imbued with a more mathematical character. However,
the associations between different artworks and different
arguments followed a consistent pattern, indeed to a
greater degree than in Study 1. The mean ratings and
consensus ranks are given in Table A1 (right side).
Using the same method as Study 1, we calculated the
correlations between each participant’s ratings and the
sample consensus (leaving that participant out). As in
Study 1, these correlations were more often positive than
negative [156 out of 211; p < .001, sign test; 95% CI[.67,
.80]]. Alpha was even higher than in Study 1 [a = .93],
indicating strong consistency across participants.
This consensus was also consistent across groups of
participants. Using the same method as Study 1,
participants’ individual ratings in the Mechanical Turk
sample were correlated with above-chance frequency with
the mean ratings of the professional mathematicians [135
out of 211 correlations were positive; p < .001; 95%
CI[.57, .70]]. Further, the mean ratings across groups
were very similar. The subsamples with and without
higher mathematics training were correlated at a
remarkable r(14) = .94 [p < .001], while the Mechanical
Turk group as a whole correlated significantly with the
mathematicians [r(14) = .51, p = .046].
Discussion. Mathematical arguments are more often
associated with musical rather than visual aesthetics, yet
participants were even more able to associate arguments
with landscape paintings in Study 2 than to associate them
with classical music in Study 1. This suggests that there is
a deep aesthetic structure to mathematics that even
laypeople can perceive, and which is not limited to
comparisons with a single aesthetic medium.

Study 2
Study 2 tested whether the aesthetic structure of
mathematical arguments is limited to music—which has
long invited mathematical comparisons—or whether
people can also perceive similarities in the aesthetics of
mathematics with other artistic mediums. Here, we used
landscape paintings as an aesthetic medium that is not
frequently imbued with mathematical character.

Method
Participants were recruited from Mechanical Turk (N =
300). Similar to Study 1, a subset of these participants (N
= 99) had taken a higher mathematics course, while most
participants had not (N = 201). Participants were excluded
if they failed the same check questions used in Study 1 (N
= 67) or did not produce a complete set of ratings (N = 1).
The procedure was identical to Study 1, except
participants rated the similarity of each argument to four
different landscape paintings (see Table 3).
In addition to the Mechanical Turk sample, a sample of
professional mathematicians (N = 8) was recruited from
the first author’s professional network.

General Discussion
Mathematicians have strong intuitions about the beauty of
mathematics. Our studies suggest that laypeople too have
intuitions about the aesthetics of arguments. Participants’
ratings of how mathematical arguments corresponded to
different pieces of classical music internally consistent
and correlated somewhat with expert judgments (Study
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1), while such ratings were even more consistent for
visual art (Study 2). These internally reliable judgments
complement recent findings in other aesthetic domains.
For instance, people share aesthetic knowledge within a
culture for geometric figures (Westphal-Fitch & Fitch,
2017) and people can form stable aesthetic judgments
about paintings on time-scales as short as 50ms
(Verhavert, Wagemans, & Augustin, 2018).
One general concern about these results is that we are
conflating reliability with validity. That is, we have
shown that participants’ judgments are internally
consistent, but have not shown that these are driven by the
“objective” aesthetics of the arguments. While we
recognize this concern, several observations ameliorate
this problem. First, we can treat the ratings of expert
mathematicians as most closely approaching the aesthetic
ground truth. When we do so, we find either that both
participant groups track these expert judgments (in Study
2) or that only the more experienced participants track the
expert consensus (in Study 1). These are the sort of results
one would expect if lay participants are tapping into the
same underlying truth as the experts. Second, we can
exploit differences in the consistency of aesthetic
intuitions themselves, which are known to be stronger for
less abstract stimuli (Vessel & Rubin, 2010).
Correspondences were indeed stronger between
mathematical arguments and (less abstract) paintings,
compared to (more abstract) music—even though the
similarity ratings themselves were higher for music.
A related concern is that participants’ similarity
judgments may have been based on superficial rather than
deep (e.g., aesthetic) similarities. For example, two proofs
involved pictures of squares (Geometric and Faulhaber),
so perhaps participants could have matched both proofs to
paintings including more right angles. The data do not
bear out this specific example (lay participants favored
different paintings for these two proofs), but we could not
possibly enumerate, much less eliminate, all such
possibilities. That said, several findings suggest this is
unlikely to be the main driver. First, very few of the
participants’ debriefing comments could be interpreted as
supporting such superficial strategies (see below for more
discussion about participants’ reported strategies).
Second, one would expect mathematicians’ judgments to
be relatively less contaminated by such superficial
similarities, yet laypersons’ judgments tended to be
similar to the professionals’. Finally, although such
superficial similarities are plausible for visual art, it is
harder to generate such accounts for pieces of classical
music, which is itself highly abstract.
These results inform longstanding issues in the
philosophy of explanation and mathematics. Some have
argued that people infer that an explanation is true when it
strikes them as elegant, beautiful, or satisfying—that is,
aesthetically pleasing (Johnson, 2017; Lipton, 2004).
Previous studies do suggest that people find explanations
likely to the extent that they are satisfying (Khemlani,

Sussman, & Oppenheimer, 2011; Lombrozo, 2007) and
that satisfying explanations are often “truth-tracking” in
the sense that they conform to the laws of probability
(Johnson, Rajeev-Kumar, & Keil, 2016; Johnson, Valenti,
& Keil, 2017; Johnston et al., 2016). However, the current
studies are the first, to our knowledge, to directly
demonstrate an aesthetic component to lay explanation.
Future research can build on these results in several ways.
First, a key question is whether these results are crossculturally universal. In some cases, aesthetic preferences
do appear to be similar across cultures (e.g., Palmer et al.,
2013). However, given evidence that individuals from
Western and East Asian cultures differ in their approach
to logical reasoning (e.g., Peng & Nisbett, 1999), might
people from different cultures have different aesthetic
sensibilities about mathematical arguments?
Second, what is the relationship between aesthetic
preferences and the ability of children to evaluate
mathematical arguments? Given that other forms of
explanatory reasoning seem to arise by age 4 (Bonawitz
& Lombrozo, 2012; Johnston et al., 2017), might aesthetic
preferences underlie the development of these broader
capacities? If they are early-emerging, can aesthetic
preferences be harnessed to facilitate math education?
Third, what cues are people relying on to form these
aesthetic judgments? For example, beauty is strongly
associated with pleasure (Brielmann & Pelli, 2017), and
aesthetic experiences are often mediated by emotion more
generally (Palmer et al., 2013). In other domains, such as
photography, semantic content is known to be an
important driver of aesthetic preferences (Vessel &
Rubin, 2010). Eliciting more multi-dimensional ratings
from participants (e.g., Blijlevens et al., 2017) would help
to uncover the basis for the correspondences.
One intriguing possibility is that participants were
relying on “collative properties” (e.g., Cupchik &
Berlyne, 1979; Marin & Leder, 2013). These are broad
aesthetic properties about the organization of a stimulus—
such as order, complexity, and ambiguity—which
generate affective reactions and generalize across
different modalities, such as music and visual art (and
perhaps mathematical arguments). Many participants
cited such dimensions when asked to describe their
strategies, particularly invoking complexity and clarity as
useful dimensions that drove cross-domains judgments.
Finally, given the parallels between laypeople and
mathematicians, would laypeople also rely on the same
brain regions for appreciating mathematical arguments as
for appreciating other forms of beauty, as mathematicians
do (Zeki et al., 2014)? Might there even be specific neural
correspondences between particular artworks and
arguments, as we found here for similarity ratings?
While mathematics is important to society because it is
useful, some have argued that it is the beauty of
mathematics that justifies its importance as a field of
study (Hardy, 1940). Indeed, these results suggest, the
beauty of mathematics may be deeply human.

575

Acknowledgements

https://papers.ssrn.com/abstract=3062208.
Johnson, S.G.B., Valenti, J.J., & Keil, F.C. (2017).
Simplicity and complexity preferences in explanation:
An opponent heuristic account. In Proceedings of the
39th Annual Conference of the Cognitive Science
Society (pp. 606–611). Austin, TX: Cognitive Science
Society.
Johnston, A.M., Johnson, S.G.B., Koven, M.L., & Keil,
F.C. (2017). Little Bayesians or little Einsteins?
Probability and explanatory virtue in children’s
inferences. Developmental Science, 20, e12483.
Khemlani, S.S., Sussman, A.B., & Oppenheimer, D.M.
(2011). Harry Potter and the sorcerer’s scope: Latent
scope biases in explanatory reasoning. Memory &
Cognition, 39, 527–535.
Kitcher, P. (1975). Bolzano’s ideal of algebraic analysis.
Studies in the History and Philosophy of Science, 6,
229–269.
Lipton, P. (2004). Inference to the best explanation (2nd
Edition.). London, UK: Routledge.
Lombrozo, T. (2007). Simplicity and probability in causal
explanation. Cognitive Psychology, 55, 232 –257.
Marin, M.M., & Leder, H. (2013). Examining complexity
across domains: Relating subjective and objective
measures of affective environmental scenes, paintings,
and music. PLoS One, 8, e72412.
Palmer, S.E., Schloss, K.B., Xu, Z., & Prado-Léon, L.R.
(2013). Music–color associations are mediated by
emotion. Proceedings of the National Academy of
Sciences, 110, 8836–8841.
Peng, K., & Nisbett, R.E. Culture, dialectics, and
reasoning about contradiction. American Psychologist,
54, 741–754.
Ranjan, A., Gabora, L., & O'Connor, B. (2013). The
cross-domain re-interpretation of artistic ideas. In
Proceedings of the 35th Annual Meeting of the
Cognitive Science Society (pp. 3251–3256). Austin,
TX: Cognitive Science Society.
Verhavert S., Wagemans J., Augustin M. (2018). Beauty
in the blink of an eye: The time course of aesthetic
experiences. British Journal of Psychology, 109, 63–84.
Vessel, E.A., & Rubin, N. (2010). Beauty and the
beholder: Highly individual taste for abstract, but not
real-world images. Journal of Vision, 10.
Westphal-Fitch, G., & Fitch, W.T. (2010). Beauty for the
eye of the beholder: Plane pattern perception and
production. Psychology of Aesthetics, Creativity, and
the Arts, 11, 451–456.
Zee, A. (1999). Fearful symmetry: The search for beauty
in modern physics. Princeton, NJ: Princeton University
Press.
Zeki, S., Romaya, J.P., Benincasa, D.M.T., & Atiyah,
M.F. (2014). The experience of mathematical beauty
and its neural correlates. Frontiers in Human
Neuroscience, 8, 68.

We thank Woo-kyoung Ahn for discussion, and Asher
Auel, Miki Havlickova, John Hall, Brett Smith, and Sarah
Vigliotta for assistance with data collection. Funding was
provided by a Dissertation Research Award to the second
author from the American Psychological Association.

References
Blijlevens, J., Thurgood, C., Hekkert, P., Chen, L.L.,
Leder, H., & Whitfield, T.W.A. (2017). The Aesthetic
Pleasure in Design Scale: The development of a scale to
measure
aesthetic
pleasure
for
designed
artifacts. Psychology of Aesthetics, Creativity, and the
Arts, 11, 86–98.
Bolzano, B. (1817). Purely analytic proof of the theorem
that between any two values which give results of
opposite sign there lies at last one real root of the
equation. (Trans. S. Russ.)
Bonawitz, E.B., & Lombrozo, T. (2012). Occam’s rattle:
Children’s use of simplicity and probability to constrain
inference. Developmental Psychology, 48, 1156–1164.
Brielmann, A.A., & Pelli, D.G. (2017). Beauty requires
thought. Current Biology, 27, 1506–1513.
Cupchik, G.C., & Berlyne, D.E. (1979). The perception of
collative properties in visual stimuli. Scandinavian
Journal of Psychology, 20, 93–104.
Dirac, P.A.M. (1963). The evolution of the physicist’s
picture of nature. Scientific American, 208, 45–53.
Fauvel, J., Flood, R., & Wilson, R. (2006). Music and
mathematics: From Pythagoras to fractals. New York,
NY: Oxford University Press.
Gabora, L., O'Connor, B. P., & Ranjan, A. (2012). The
recognizability of individual creative styles within and
across domains. Psychology of Aesthetics, Creativity,
and the Arts, 6, 351-360.
Gopnik, A. (1998). Explanation as orgasm. Minds and
Machines, 8, 101–118.
Hardy, G.H. (2004). A mathematician’s apology.
Cambridge, UK: Cambridge University Press. (Original
work published 1940).
Ishizu, T., & Zeki, S. (2011). Toward a brain-based
theory of beauty. PLosS ONE, 6, e21852.
Johnson, S.G.B. (2017). Cognition as sense-making
(Unpublished doctoral dissertation). Yale University,
New Haven, CT.
Johnson, S.G.B., Johnston, A.M., Koven, M.L., & Keil,
F.C. (2017). Principles used to evaluate mathematical
explanations. In Proceedings of the 39th Annual
Conference of the Cognitive Science Society (pp. 612–
617). Austin, TX: Cognitive Science Society.
Johnson, S.G.B., Rajeev-Kumar, G., & Keil, F.C. (2016).
Sense-making under ignorance. Cognitive Psychology,
89, 39–70.
Johnson, S.G.B., & Steinerberger, S. (2018). The
aesthetic psychology of mathematics. Available at
Social
Science
Research
Network
(SSRN):

576

Appendix
Table A1: Results of Studies 1 and 2
Schubert

Bach

Beethoven

Shostakovich

Yosemite

Rockies

Suffolk

Andes

Mechanical Turk Sample (All)
Geometric

4.76 (1)

4.39 (3)

4.36 (4)

4.62 (2)

3.51 (1)

2.99 (4)

3.30 (2)

3.05 (3)

Gauss

4.61 (3)

5.11 (1)

4.67 (2)

4.31 (4)

2.38 (2)

2.23 (3)

2.43 (1)

1.96 (4)

Pigeonhole

4.52 (3)

4.42 (4)

4.89 (1)

4.83 (2)

2.42 (2)

2.21 (4)

2.25 (3)

2.49 (1)

Faulhaber

4.32 (4)

4.59 (3)

5.04 (2)

5.06 (1)

2.97 (2)

2.75 (3)

3.21 (1)

2.44 (4)

Mechanical Turk Sample (No Higher Math Background)
Geometric

4.66 (2)

4.38 (4)

4.49 (3)

4.79 (1)

3.41 (1)

2.88 (4)

3.08 (2)

2.88 (3)

Gauss

4.47 (3)

5.01 (1)

4.63 (2)

4.29 (4)

2.31 (1)

2.15 (3)

2.28 (2)

1.88 (4)

Pigeonhole

4.33 (4)

4.35 (3)

4.98 (1)

4.96 (2)

2.23 (2)

1.99 (4)

2.09 (3)

2.37 (1)

Faulhaber

4.53 (4)

4.58 (3)

5.07 (2)

5.19 (1)

2.77 (2)

2.64 (3)

3.06 (1)

2.35 (4)

Mechanical Turk Sample (Higher Math Background)
Geometric

5.04 (1)

4.43 (2)

4.11 (4)

4.30 (3)

3.76 (2)

3.27 (4)

3.79 (1)

3.44 (3)

Gauss

4.91 (2)

5.32 (1)

4.71 (3)

4.32 (4)

2.55 (2)

2.40 (3)

2.77 (1)

2.13 (4)

Pigeonhole

4.97 (1)

4.60 (3)

4.73 (2)

4.58 (4)

2.85 (1)

2.71 (3)

2.62 (4)

2.75 (2)

Faulhaber

3.91 (4)

4.61 (3)

5.06 (1)

4.78 (2)

3.45 (2)

3.01 (3)

3.56 (1)

2.66 (4)

Students
Geometric

5.17 (2)

5.86 (1)

4.72 (4)

4.78 (3)

Gauss

5.21 (2)

5.51 (1)

4.76 (4)

5.20 (3)

Pigeonhole

4.99 (2)

4.96 (3)

5.09 (1)

4.76 (4)

Faulhaber

4.04 (4)

4.34 (3)

6.01 (1)

5.11 (2)

Professional Mathematicians
Geometric

5.30 (2)

5.80 (1)

3.50 (3)

2.62 (4)

4.19 (1)

3.30 (2)

3.20 (3)

2.17 (4)

Gauss

3.38 (4)

7.75 (1)

3.95 (3)

5.72 (2)

3.40 (2)

3.46 (1)

2.84 (3)

2.34 (4)

Pigeonhole

6.80 (1)

5.20 (2)

4.88 (3)

4.47 (4)

2.27 (2)

2.59 (1)

2.31 (3)

2.08 (4)

Faulhaber

5.95 (2)

6.28 (1)

3.75 (4)

5.62 (3)

4.19 (1)

3.61 (2)

2.95 (3)

2.81 (4)

Note. Entries are the mean ratings assigned to each artwork, with consensus ranks for each argument given in parentheses. Entries
are bolded if they are the highest ranked piece or 0.1 or fewer scale points away from the highest rank.
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Abstract

how the algorithm is able to learn the number of tasks using
only the feedback from the critic.
In this work we attempt to demonstrate a technique that allows machine learning models to become more robust, and
better able to accommodate scenarios in which directing attention to subsets of features within a common state space
is required for optimal performance. By presenting a model
that can easily encode inputs, and that overcomes certain limitations of existing temporal difference learning algorithms,
we offer a generalized and extensible framework that may be
used for rapid model development.
We first offer a brief review of relevant biological analogs
that inspired nTL, as well as comparison with related models. Holographic reduced representations (HRRs), which are
central to our architecture, are also described here. The next
section defines the model itself. Following this is an overview
of test procedures, and the paper concludes with an interpretation of results and discussion of key findings.

Temporal difference (TD) learning models can perform poorly
when optimal policy cannot be determined solely by sensory
input. Converging evidence from studies of working memory
suggest that humans form abstract mental representations that
align with significant features of a task, allowing such conditions to be overcome. The n-task learning algorithm (nTL) extends TD models by utilizing abstract representations to form
multiple policies based around a common set of external inputs. These external inputs are combined conjunctively with
an abstract input that comes to represent attention to a task.
nTL is used to solve a dynamic categorization problem that is
marked by frequently alternating tasks. The correct number of
tasks is learned, as well as when to switch from one task representation to another, even when inputs are identical across all
tasks. Task performance is shown to be optimal only when an
appropriate number of abstract representations is used.
Keywords: reinforcement learning; temporal-difference
learning; task switching; input abstraction

Introduction
Temporal difference (TD) learning algorithms have been
shown to perform well in both stationary and dynamic environments, and functionality that is typically associated with
human and animal working memory has been emulated successfully in computational models that make use of these algorithms (O’Reilly, Noelle, Braver, & Cohen, 2002; O’Reilly
& Frank, 2006; O’Reilly, 2006; Frank, Loughry, & O’Reilly,
2001; Kriete & Noelle, 2011; Kriete, Noelle, Cohen, &
O’Reilly, 2013; Niv et al., 2015; Rougier, Noelle, Braver,
Cohen, & O’Reilly, 2005; J. L. Phillips & Noelle, 2005;
J. Phillips & Noelle, 2006). Their success, however, is contingent upon the ability of the state signal to contain all relevant information for assessing the value of future states (the
Markov property) (Sutton & Barto, 1998). Policy changes
that are driven by hidden information can confound learning
(Sutton, Precup, & Singh, 1999), and these models often fail
to perform well when an agent must learn several tasks simultaneously. This can severely limit the capabilities of AI
systems and machine learning models.
In this paper we describe the n-task learning algorithm
(nTL), which serves as an extension to any member of the TD
family of learning algorithms. nTL allows the base algorithm
to better handle scenarios in which the agent is required to
switch between several tasks with different optimal policies.
We show how the model uses abstract task representations
(ATRs) to identify and separate the tasks, increasing the efficacy of the base TD learning model. We also demonstrate

Background
Biological Analogs
We draw much of the inspiration for our model from work
that explores the trade-offs and affordances of both activation
and weight based memories. Having multiple mechanisms
for storage affords great flexibility in meeting memory demands, and we believe that many of the current computational
learning models could benefit from these dual roles.
The nTL algorithm utilizes ATRs to inform policies. These
ATRs can be thought of as a kind of filter through which the
agent currently perceives the environment. Throughout this
section we provide evidence for a biological analog to these
ATRs, along with other details relevant to the model, specifically top-down support and dynamic gating in working memory.
O’Reilly et al. (2002) give support for the argument that
working memory is responsible for flexibly updating goals.
The authors argue that perceptual processing and action selection are influenced by representations that are held in working memory, providing what they describe as “top-down support” or “biasing”. The inability to rapidly switch actively
maintained representations results in perseveration on previous learning, as learning must then be accomplished through
slower weight based updates. In the same study the authors
attempt to show that actively maintained representations in
the prefrontal cortex (PFC) are organized by level of abstrac-
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has a unique property that sets apart from these - the ability
to self-monitor and react appropriately based only on reward
feedback. The problem that nTL intends to address is one in
which contextual cues offer no information that can be used
to determine an appropriate action selection policy, such as
the Wisconsin Card Sorting Test (WCST). While we see this
type of experiment explored frequently in psychological literature, we have seen little research into guiding principles for
the creation of broadly scoped machine learning models that
can solve these types of problems. In this section we contrast
our algorithm with related machine learning works.
Hierarchical reinforcement learning (HRL) bares some
similarity to nTL. As an example we use Sutton et al. (1999),
in which “options” are used as a form of temporal abstraction
(Sutton et al., 1999). In this case an option is selected and
influences action choices until a goal state is reached or the
option expires after a predefined number of time steps. An
ATR is also an outer abstraction that affects the policy over
actions. However, in nTL there is no explicit definition of this
abstraction within the algorithm; ATRs are swapped into and
out of memory based on task performance rather than predefined conditions. The ability to persist learning about multiple
tasks without the use of predefined goals is the main contribution of this work. Option-based HRL models are typically
used to improve performance on temporally extended tasks
with sparse rewards by dividing them into sub-tasks, but are
not suited for scenarios in which state representations offer no
cues for choosing among options, i.e. when the function for
selecting an option is independent of state input. nTL, in contrast, is appropriate when multiple episodic tasks are present,
and nothing in the environment is indicative of the task type
or duration.
Long short-term memory (Hochreiter & Schmidhuber,
1997), or LSTM, has demonstrated success in capturing
long-term dependencies and has recently grown in popularity
across domains. It is for these reasons that we have chosen it
as a state-of-the-art competitor for nTL. Because the response
that satisfies the categorization rule is never revealed in the
WCST, we have trained the LSTM model with an altered version that minimizes error against the correct response at each
trial rather than learning with a reward signal. Although this
is not true to WCST form, it allows for comparison against
supervised learning algorithms.

green

x

Figure 1: Shown here is an example round of the test with
l set to three. Stimuli are composed of three features drawn
from three dimensions: color, shape, and fill. The round consists of eight trials. The stimuli are shown in the top row, and
the selected action is shown in the middle row. The bottom
row designates a correct trial with a check mark, and an incorrect trial with an “x”. The rule for this round was set to
“color”.
tion. They cite as evidence behavior exhibited by human
patients with frontal damage and experiments performed on
monkeys with lesions in this region in the brain.
A later work by Rougier et al. expands on this idea by
attempting to provide a model based on PFC-midbrain interaction that develops “abstract rule-like PFC representations”
(Rougier et al., 2005). This model was trained on multiple
tasks where stimuli comprised of features from several dimensions were presented, and reward for each task was determined by a single dimension. The model was contrasted
with others lacking various anatomical structures and mechanisms. The authors showed that units in the “full PFC” network came to represent all of the features that made up a particular dimension, while other networks tended to form a representation for each stimulus.
We have previously discussed the benefits of being able to
actively maintain memories; just as critical is the ability to
update concepts that are currently held in memory. It is theorized that this is accomplished in the brain via a system in
which the PFC exhibits active maintenance of memory representations and the basal ganglia act as a gate, allowing representations in the PFC to be updated (Frank et al., 2001;
Chatham & Badre, 2015; Chatham, Frank, & Badre, 2014;
Rougier et al., 2005; Kriete et al., 2013; Kriete & Noelle,
2011). It has been shown that working memory is updated
when levels of the neurotransmitter dopamine are phasically
elevated (Frank et al., 2001; Chatham & Badre, 2015; Kriete & Noelle, 2011; Rougier et al., 2005; Niv et al., 2015).
When a reward is expected but not delivered, the resulting
negative error signal prompts an update to working memory
contents. In addition to flushing retained memory representations and allowing working memory to store new external
stimuli, learning is believed to be limited in the presence
of a large negative error signal (Chatham & Badre, 2015;
O’Reilly, 2006), as can be modeled by the gain parameter
to a sigmoidal neural activation function (Frank et al., 2001;
O’Reilly & Frank, 2006).

Holographic Reduced Representations
Unitary HRRs (Plate, 1995) are used in our tests to encode
state and action inputs. With HRRs, features are distributed
over the width of an entire vector of n elements rather than
tied to a particular position or index in a vector. Conjunction
and disjunction of input features is accomplished mathematically by circular convolution and addition of vectors respectively. As a result, relationships between concepts are represented without increase in dimensionality.
Although we use an HRR framework for encoding in this
work we do not believe the results are dependent upon this
choice, and we see no reason why alternate encodings such

Relation to Machine Learning Models
Although the model in this work has some aspects in common with models from other machine learning domains, nTL

585

as vectors (Mitchell & Lapata, 2010), tensors (Papalexakis,
Faloutsos, & Sidiropoulos, 2016), or spatio-temporal encodings (Hummel & Holyoak, 1997) could not produce similar
results.

Table 1: Parameter Descriptions and Values
Name
n
ε
αq
αa
αt

Model Description
Base Algorithm
In order to see the consequences of the ATR mechanism, we
will first describe the model as it functions without ATRs.
The state (the feature set that comprises the current trial) is
in the form of a single HRR, which is the result of disjunctively combining the components of the stimuli. In our tests
the action choices correspond directly to the features in the
environment. To differentiate between a particular feature in
the state role (e.g. “seeing red”) and the same feature in the
action role (“selecting red”), these corresponding states / actions are comprised of different HRRs.
At each trial the model updates the predicted value of a
state/action pair through use of the SARSA algorithm. The
Q function for SARSA is approximated using a single-layer
perceptron neural network with a linear activation function.
Because of this architecture, the output for the network is
simply the dot product of the input HRR and a weight vector plus a scalar bias term, b, as shown in Equation 1. This
weight vector is initialized in the same way as HRRs, and the
bias term is set to the reward level that will be received upon
reaching the goal state. Setting the bias in this way has the
effect of encouraging exploration via optimistic initial values
(“optimistic critic”). To counter the eventual decrease in exploration that comes from overcoming the initial optimism
we also implement an ε-soft policy that makes non-greedy
decisions a small fraction (ε) of the time.
An action is selected by forming the conjunct representation of state with each candidate action for the trial, and using
the resultant representations as inputs into the Q network. The
action that yields the greatest value, m, is then chosen. This
can be formulated as:

Value
1024
0.005
0.05
0.0075
0.002

Description
Size of HRR vectors
Probability for non-greedy action choice
Learning rate for the Q function update
Learning rate for the A function update
Learning rate for the t threshold update

trace) at index i. Although we are using SARSA to learn a
policy for action selection, the test does not model a temporally extended task. Since all feedback is relevant to only a
single trial, we have set the λ and γ TD parameters to zero,
and all updates are treated as goal state updates.

n-task Learning Algorithm
As mentioned earlier, nTL can be viewed as an extension to
a TD learning algorithm, which we call the base algorithm.
We have used SARSA as the base algorithm for our tests,
but other TD learning algorithms could be substituted. At
the heart of this approach is the idea that any input can be
bound to a task by forming the conjunct of the original input
and another input that uniquely identifies an ATR. The ATR
inputs are created arbitrarily, and encoded in the same way as
the input features. The algorithm requires a function, A, to
keep keep track of the value of each ATR. For this we simply
maintain and update a vector of values that are mapped to
the ATRs. If desired, a neural network could also be used to
model the ATR values.
Before any input is fed into the base algorithm the input is
conjunctively joined with the ATR representation that is currently in memory, atr. In this way a single input can take on
multiple values by being bound to different ATRs and presented to the base algorithm. No alterations to the base algorithm are required in order for this approach to work. Our
action selection equation now becomes:
m = argmax((s ∧ c ∧ atr) · wq + b)

(3)

c∈C

m = argmax((s ∧ c) · wq + b)

(1)

The weight update is modified in a similar manner; where
before in Equation 2 we had only s ∧ m to represent the input
to SARSA, now we must include the selected ATR. The new
input is s ∧ m ∧ atr. In short, Q(s, m) becomes Q(s, m, atr).
Reward feedback from each trial is used to update the value
of the current ATR. The error used for this update is simply
the TD error for the ATR value function. In the below equation, A is the function determining the ATR values, αa is the
learning rate for ATRs, and δ is r − A(atr). Note that in our
tests, the A function also uses optimistic initial values, so all
ATRs start with a value equal to the goal state reward:

c∈C

where s is the current state representation, C is the set of all
candidate action choices for the current trial, and wq is the
weight vector for the Q function neural network. At each trial
the reward is used to update weights for the Q function. In
order to make learning more stable a log-modulus transformation (John & Draper, 1980) is applied to the error during
updates to the Q function, A function (introduced in the next
section), and t threshold (introduced in next section). This
transformation mitigates learning instability due to relatively
large errors (data not shown):

A(atr) ← A(atr) + αa [sgn(δ) ∗ log(|δ| + 1)]
∆wi = αq [sgn(δ) ∗ log(|δ| + 1) ∗ (s ∧ m)i ]

(2)

(4)

Trials that result in a task switch do not incur an update to
the A or Q functions. In this way the current ATR is not penalized for a task change that is external to the agent. Although
we do not give data here, this adaptation leads to A values

In the above equation, wi indicates the value of the weight
vector at index i, αq is the learning rate, δ is the error, and
(s ∧ m)i is the value of the HRR input vector (the eligibility
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rule is. Correct answers are rewarded by a constant amount,
rg = 1. Incorrect answers incur no penalty, rd = 0 . After a
predetermined number of consecutive correct responses, l=8,
the round is considered learned, and the rule changes (in the
style of a WCST). The rule is selected at random, and always
differs between two consecutive rounds. Categorization rules
represent the set of action choices that lead to reward, and
may be chosen arbitrarily. Figure 1 shows an example round.
In order to remove any ambiguity concerning the testing
protocol, we will define some key terms. Some dimensions
in the state space may never be used for the categorization
rule, and serve only as distractors. We refer to the number
of distinct rules that are used throughout the test set as the
number of tasks. A trial consists of one presentation of a
stimulus to the agent, the choosing of an action by the agent,
and a reward value given to the agent by the critic. This is
equivalent to a single time step in the reinforcement learning
framework. A round consists of all of the trials completed
by the subject during one completion of a task, from the time
a new categorization rule is put into effect to the time the
subject has completed l consecutive correct trials. When the
model substitutes an ATR that is in memory with one that is
not in memory we call this a task switch.
A list of parameter values is provided in Table 1.
Parameters for all models were chosen by minimizing
the mean number of incorrect trials over 100 tasks for
100 random runs of the test. All listed nTL results
were obtained using R version 3.4.0. The source code
used for these tests can be downloaded freely from:
https://github.com/mpjovanovich/ntask learning
The LSTM model was built using TensorFlow version
1.3.1. This model performed best with a learning rate of 7.0,
and a state size of one. Results remained the same for all state
sizes in the tuning range. The model was trained after each
trial using the most recent ten trials. Tuning ranges were as
follows, with a step size of 0.05: learning rate (0,10], state
size [1,20], trials used for training [1,40].
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Figure 2: Shown here are feature selection values for all features in the state set. a shows results from a trial taken near
the beginning of a round after 100 rounds of training using
traditional SARSA (the single ATR case) to learn three tasks.
Although the categorization rule for this trial is dimension
one, we see that action values along dimension three, the rule
from the previous round, are highest. By contrast, when three
ATRs are used, as in b, we see the formation of clear dimensional representations after 100 rounds of training.
that are more stable (show less fluctuation) and that converge
to the average reward values for trials within the tasks.
The model determines when to switch to a new ATR via a
threshold, t. When the TD error (δ = r − Q(s, m, atr)) is less
then t, this signals to the model that the current ATR is not
well suited to handle current input, and the next sequential
ATR is subbed in for the current one. This t value is first
initialized to negative one times the reward for the goal state,
and is updated at each trial using the TD error from the Q
function, where αt is the learning rate for t:
t ← t − αt [sgn(δ) ∗ log(|δ| + 1)]

(5)

In the case that the number of tasks is known ahead of time,
the number of ATRs can be set explicitly. We refer to this as
static nTL. In many cases the number of tasks is unknown, or
changes with time. In dynamic nTL the number of ATRs is set
automatically based on task performance. To accomplish this
an additional task add threshold, a, is needed to determine the
number of ATRs to maintain. Whenever a task switch occurs
A values for all ATRs are averaged. If this mean value falls
below a then a new ATR is added, and both A and t are reinitialized. Unlike t, the a threshold is constant. Although any
biological analog for this threshold would likely be dynamic,
we have not yet found a way to model this behavior. The
model starts with a single ATR in dynamic nTL, and grows
toward the optimal number of representations.

Results and Discussion
Two sets of tests were conducted using the previously described protocol. In the first set the appropriate number of
ATRs is known a priori, so we use static nTL. In the second,
the number of ATRs is learned using dynamic nTL.
Figure 3 shows how task performance changes as a function of the number of ATRs being used for static nTL. Three
tasks were present in this test set. Although a statistically
significant difference is shown between all results, we see
that having too few ATRs is much more detrimental to performance than having too many.
By setting the number of ATRs to one, we simulate the behavior of an agent that is not capable of learning dimensional
representations. This is equivalent to standard TD learning, in
this case SARSA. We would expect such an agent to perseverate on previously learned features when a task switch occurs, and the results confirm that perseveration occurs. When

Test Protocol and Methods
Our task is similar to the dimension selection task described
in (Rougier et al., 2005). The agent is presented with a stimulus consisting of f features, selected at random from d dimensions, and is prompted to select one of the features ( f =5,
d=5). A reward is given after each action based on whether
or not the selected feature matches a categorization rule. The
rule corresponds to one of the five dimensions from which the
features are drawn, and no cues are given to indicate what this
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Figure 3: Static nTL - Shown here are the average number of
incorrect trials for each round. Mean values for 1000 runs are
shown by the solid lines, with shading to show a 95% confidence interval. The number of tasks, n, is three. Performance
will converge to a theoretically optimal n/2 incorrect trials
per round on average when n ATRs are used.

Figure 4: Dynamic nTL - ATR values for a scenario in which
the number of task representations adapts to achieve optimal
performance. The number of categorization rules in this test
set was five.

only one ATR is available, many incorrect trials are taken in
each round (see Figure 3). When a rule change occurs, action
choices that were valuable in the previous round are tried first
(see Figure 2a). Only after a period of unlearning the previous
external task does the model begin to select new actions.
We see from Figure 2b that when the number of ATRs is
equal to the number of external tasks, each ATR comes to
represent the dimension for one external task. This is because
after the initial learning and exploration period each ATR is
used only for the subset of trials that correspond to an external
task. If an ATR is used on a trial that results in a task switch,
no weight updates take place.
In Figure 4 we illustrate dynamic nTL with a five task example. Trials where t drops to the starting value indicate that
the mean ATR value exceeded a, and an ATR was added.
When five ATRs were present, the mean ATR value remained
above a during initial exploration, and eventually converged
to the value of the goal state reward. Because the first test set
provided the data needed to compare against models lacking a
mechanism for the formation of ATRs, no additional models
were used for comparison in this set.
When the number of ATRs matches the number of tasks,
the mean of the agent’s estimated values for the ATRs (the
A function) converges to the goal reward value of the tasks.
When too few ATRs are present this mean declines to a value
that is below the goal reward. Using these two observations,
we can set a threshold (a) that acts as a cutoff point for overall ATR performance. When the mean value falls below this
threshold the agent increases the complexity of its thinking
by adding another ATR, until the number of ATRs is equal to
the number of tasks.
It is important to note that the distinguishing feature of the
problem we attempt to solve is that it is composed of several tasks which each must be learned and remembered while
completing the other tasks, without the use of environmental
cues to identify a task. If something in the environment is
present to help the agent determine which rule is currently in
effect then the problem becomes a contextual bandit problem.
If the tasks are not repeated then the problem becomes a non-

stationary bandit problem. Without a way to associate learning with a task representation the agent effectively treats the
WCST as a non-stationary bandit problem, and performance
suffers due to perseveration after rule changes.
Discussing the nTL model in terms of a human actor allows
us to more easily connect to previously discussed biological
models. When the agent expects to receive a reward and none
is given, the resulting negative error signal cues the agent to
try a new strategy (switch to a new ATR), and no learning
takes place. There is initially a period of rapid task switching as the agent gives many incorrect responses due to exploration and lack of learning. After a time the estimated feature
selection values that are associated with each ATR stabilize,
and internal task switching (swapping a new ATR into memory) occurs only in response to a true external task switch.
The ATRs influence the agent’s thinking about the current
trial through a mechanism of top-down support (O’Reilly et
al., 2002). If we take a single trial representation and associate it with two different ATRs, the agent will have a different assessment of value for each. Let us suppose that the
agent is presented with a small red circle as stimulus, and the
action candidate “select red”. When the first ATR is present
in memory this action may have a high value, but when the
second ATR is in memory the value is low. We can then conclude that the first ATR has come to represent a task in which
selecting red when seeing these stimuli leads to reward, and
the second to represent a task in which seeing red does not
lead to reward (this second ATR may have been used for a
shape or size categorization task). In this way the switching
of ATRs effectively becomes a filter for possible actions. The
agent attends to a different subset of actions with each successive trial, iterating through hypotheses that have lead to prior
success as it attempts to find one that fits the task.
We have shown that an agent with only a single ATR will
perseverate when a rule change switch occurs. In this case
there is a period during which the previously learned task
is unlearned, followed by a period in which the new task is
learned. This scenario simulates learning without activation
based memories, where all learning must be accomplished
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through weight updates (O’Reilly et al., 2002).
One notable deviation from human-like thinking in the dynamic nTL model is that previous learning is discarded when
an ATR is added. The reason for “resetting” when we reach
this point is to keep the task switch threshold, t, in a range that
will cause ATRs to be switched appropriately. If previous Q
learning is retained (by leaving intact the Q neural network)
and t is reset, then t will remain too low, resulting in too few
task switches for ATRs to effectively represent the tasks. If
previous Q learning is retained and t is not reset, then t will
climb too high, resulting in a task switch for every trial. It is
for this reason that we both reinitialize the Q weight vector
and reset the task switch threshold when tasks are added.
While we believe nTL can be used to great benefit for dynamic tasks such as the one used in our tests, we recognize
that it is not appropriate for all reinforcement learning scenarios. Specifically, we have only tested the algorithm in the case
where reward is constant and able to be achieved at each time
step, the task distribution is uniformly stochastic, the number
of tasks does not change, and all features are used for a single
categorization rule at most. A model that is able to accommodate variable/probabilistic rewards, temporally extended
tasks, adversarial task distributions, and the introduction and
removal of tasks could be extremely useful. We would be interested to see more research on the means by which humans
come to learn the number of tasks present in a given scenario,
both to provide biological inspiration for further work and to
assess plausibility of the current model.
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Abstract

However, it is not clear exactly how visual
representations should be incorporated into instruction to
best promote more advanced aspects of fraction knowledge,
such as arithmetic. Should instruction with visual
representations focus on mapping standard symbolic
fractions to and from visual representations, while teaching
topics like fraction arithmetic primarily with standard
symbols? Or should visual models be presented along with
standard symbolic notation when teaching fraction
arithmetic? Moreover, what types of visual models should
be used? These are important questions because students
have difficulty acquiring various aspects of fractions,
including magnitude and arithmetic (Braithwaite, Tian, &
Siegler, 2017; Gabriel, Coché, Szucs, Carette, Rey, &
Content, 2013; Kouba, Zawojewski, & Strutchens, 1997;
Lortie-Forgues, Tian, & Siegler, 2015).
Intuitively, it may seem that instruction on topics such as
fraction arithmetic should include visual representations
because they perceptually ground the operands and result of
!
!
!
operation. For example, the addition + = may be more
!
!
!
understandable to students when they can see a visual
!
!
!
analog that shows one part plus another part yields two

Two common visual representations of fractions are circular
area models and the number line. The present study
examined effects of these visual representations on
acquisition of fraction knowledge. In Experiment 1,
elementary school students learned aspects of fraction
arithmetic with a visual representation or with standard
symbolic notation alone. Results found no advantage for the
inclusion of a visual representation. In Experiment 2,
elementary and middle students were tested on their ability to
recognize, discriminate, and construct area models of
fractions and number line representations of fractions. The
results show higher accuracy for area model questions than
for number line representation questions. Taken together
these findings suggest that for fractions less than 1, simple
area models may have advantages over the number line for
recognition and discrimination of fractions representations.
However, the incorporation of area models into instruction on
fractions arithmetic provided no benefit over instruction with
symbolic notation alone.
Keywords: Mathematics; Fractions; Visual Representations;
Learning.

Introduction
Fractions are an important part of elementary school
mathematics. Standard curricula, such as the Common Core
Curriculum (National Governors Association Center for
Best Practices, Council of Chief State School Officers,
2010; see also Ohio’s Learning Standards for Mathematics,
Ohio Department of Education, 2017), state that students
should be able to recognize and use visual models of
fractions such as area models (e.g. fractions as proportions
of circles) and the number line (i.e. fractions as locations on
the real number line).
The number line is a particularly important visual
representation. It is a generic representation of the real
numbers that visually captures the density of the real
numbers. The number line is part of standard curriculum
from elementary through high school ((National Governors
Association Center for Best Practices, Council of Chief
State School Officers, 2010).
There is recent evidence of an advantage of the number
line representation over a common area model
representation for improving students’ fraction magnitude
understanding (Hamdan & Gunderson, 2016). Elementary
students who were given training to represent fractions on
the number line showed improved fraction magnitude
knowledge in comparison to students who were given
training to represent fractions as proportions of circles.

!

!

!

!

parts, which is (see Figure 1). However, the ultimate goal
!
of learning fractions is to have knowledge of fraction
magnitude and arithmetic procedures that can be applied to
situations in absence of the visual representations that may
have been used during instruction.
The inclusion of visual representations along with
standard symbolic notation during instruction adds
additional information to which students must attend. It is
unclear whether young students have the attentional
capacity to attend to both the visual representation and the
standard symbols. The added visual representation may
divert attention from the symbolic notation and
consequently hinder learning. Previous research has shown
that the inclusion of extraneous, often irrelevant information
in visual representations can hinder learning, transfer, and
spontaneous responding on various mathematical tasks
including basic fraction tasks (Kaminski & Sloutsky, 2011,
2012, 2013; Kaminski, Sloutsky, & Heckler, 2008, 2013;
McNeil, Uttal, Jarvin, & Sternberg, 2009; Mix, 1999; Son,
Smith, & Goldstone, 2011). For example, teaching children
to label proportions with fractions using collections of
colorful objects (e.g. flowers) hindered learning in
comparison to using collections of simple monochromatic
circles (Kaminski & Sloutsky, 2012).
However, simple visual representations such as the
number line and simple area models communicate no
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glaringly irrelevant information (such as irrelevant
information communicated by collections of colorful
flowers to represent fractions) and little extraneous
information.
Moreover,
perceptual
information
communicated by such visual representations is correlated
with the mathematical relations. For example, the size of
shaded proportions of circles is correlated with the
magnitude of fractions that equal the proportions. Similarly,
the absolute magnitude of real numbers is correlated with
their distance from 0. As such, providing students with a
simple, generic visual representation may reduce demands
on working memory (Zhang & Norman, 1995) freeing up
resources for learning the new information and procedures.
If students have the attentional capacity to attend to both
the visual representation and the symbol representation, then
including visual representations in fraction instruction may
reduce demands on working memory and facilitate learning
in comparison to instruction using only symbolic notation.
However, it is not clear that student can attend to both the
visual and symbolic representations and integrate them into
a coherent internal representation. In this case, inclusion of
visual representations may place added demands on
attention and as a result hinder learning. The goal of
Experiment 1 was to examine the effects on fraction
acquisition of incorporating visual representations into
instruction. Elementary students’ were given instruction on
fractions with an area model (i.e. fractions as proportions of
circles), with the number line, or with symbolic notation
alone.
The concepts covered were aspects of basic fraction
knowledge that are generally part of standard 4th grade
curriculum (National Governors Association Center for Best
Practices, Council of Chief State School Officers, 2010;
Ohio’s Learning Standards for Mathematics, Ohio
Department of Education, 2017). These topics include
addition and subtraction of fractions with common
denominators, fraction additive decomposition, mixed
numbers, and magnitude comparison to 1 (see Table 1).
Students had two sessions of instruction over two days and
were tested after a one-week delay and after a one-month
delay.

Table 1: Components of Fraction Knowledge covered in
Experiment 1.
Part 1

Part 2

1. Addition /subtraction of fractions with
common denominators
1
3

1
3

+

1
3

2
3

=

2. Additive decomposition
2
3

=

1
3

+

1
1
+
3
3

+

=

+

1
3

1
1
=
+
3
3

+

4
3

>

1

5. Conversion of improper fractions to
mixed numbers

1
3

4
3

3. Fractions of form m/m = 1

1
3

4. Fractions of form m/n = such that
m>n implies that m/n > 1

3
3

1 1
3

=

6. Addition /subtraction of mixed
numbers
1
1 3

= 1

=
=

1 + 2
3 +

1
2 3
1
+
+
3

+

2
3

=

3

1
3
2
3

Participants were initially given a 10-question multiplechoice test of fraction labeling; each question presented a
pictorial example of a proportion (e.g. a proportion of blue
cars out of all cars shown as pictures) and participants were
asked to choose a fraction that describes the proportion. The
purpose of this test was to insure that participants had prior
knowledge of basic fractions that is prerequisite for learning
the material covered in the instruction. The pretest and
posttests consisted of 24 questions: 9 open-response fraction
addition or subtraction problems, 3 open-response fraction
decomposition questions, 3 multiple-choice magnitude
comparison questions, 3 improper fraction/ mixed number
conversion questions, 3 mixed number arithmetic questions,
and 3 fraction word problems. Identical pretest and posttests
were administered to participants in all conditions. Pretest
and posttest 1 were identical; posttest 2 was isomorphic to
the pretest and posttest 1, but consisted of novel questions.
The following are example question from the pretest and
posttest1.
!
!
1) ! + ! = _______
2)
3)

!
!
!
!

−

!
!

= _______

= ____ + ____ + ____

4) Which fraction below is larger than 1?

Experiment 1

!

!

!

!

!

!

!

!

!

Method

5) Write a mixed number that is equal to the fraction

Participants Participants were 127 third-grade students
from suburban, small town, and rural schools in Ohio (57
girls and 70 boys, M = 9.2 years, SD = .78 years).

6) Suppose you walk !" of a mile to your friend’s house, and

!

then you walk

!

!"

of a mile to school.

!

How far did you

walk altogether?

Materials and Design Participation in the experiment
involved four sessions on different days: (1) prerequisite test
of fraction labeling, pretest, and part 1 of instruction, (2)
part 2 of instruction, (3) posttest 1, and (4) posttest 2.
Groups of participants were randomly assigned to one of
three conditions (Circle, Number Line, or Number Only)
that specified the format of instruction.

Instruction was designed to be similar to classroom
instruction.
Information was presented to groups of
students as a PowerPoint presentation by an experimenter.
Instruction was completely isomorphic across conditions. In
all conditions, fractions, operations, and equations were
presented in standard notation. The difference between
conditions was the inclusion of visual representations (see
Figure 1).
In the Circle condition, fractions were
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represented in standard symbolic format and also as
proportions of circles. In the Number Line condition,
fractions were represented as standard symbols and as
locations on the number line. In the Number Only
condition, fractions were only represented as standard
symbols.
Number Line

Circle

+

Number Only

=
0

1
2
1
+
=
3
3
3

1
3

2
3

they missed one day of instruction. Fourteen participants
(five Circle, six Number Line, and three Number Only)
were also excluded from the analysis because they scored
60% or less on the prerequisite test of fraction labeling.
Additionally, six participants (two from each condition)
were removed for scoring more than 2.5 standard deviations
below the mean learning score of participants in their
condition. Analysis included 99 participants (32 Circle, 35,
Number Line, and 32 Number Only).
Figure 1 presents mean accuracy across conditions on the
tests of learning, posttest 1, and posttest 2 split by content
parts 1 and 2.

1

1
2
1
+
=
3
3
3

1
2
1
+
=
3
3
3

Figure 1: Example from instruction in each of the three
conditions.

Circle
Number Line
Number Only

100
90
80

Part 1 of instruction covered addition and subtraction of
fractions with common denominators and additive
decomposition (see Table 1). Part 1 consisted of explicit
explanations, three examples and fifteen multiple-choice
questions with feedback. Following instruction participants
were given a 12-question open-response test of learning.
Part 2 of instruction covered magnitude comparison of
fractions to 1, mixed numbers, and addition and subtraction
of mixed numbers (see Table 1). Part 2 consisted of explicit
explanations, four examples, and 23 multiple-choice
questions with feedback. Instruction was followed by a 16question test of learning consisting of six multiple-choice
magnitude comparison questions, four improper fraction/
mixed number conversions, and six mixed number
arithmetic questions. Tests of learning were in the format of
instruction. In the Circle condition, questions showed circle
representations of fractions along with the standard
symbolic notation. In the Number line condition, questions
showed number line representations of fractions along with
the standard notation. In the Number only condition,
questions were presented only as standard notation.

70
60
50
40
30
20
10
0
Part 1

Part 2
Learning

Part 1

Part 2

Posttest (1-week delay)

Part 1

Part 2

Posttest (1-month delay)

Figure 2: Mean Accuracy (% correct) on Tests of
Learning and Posttests in Experiment 1. Error bars
represent standard error of the mean.
Participants in all conditions learned.
There were
significant differences in pretest and posttest 1 scores,
paired sample t-test, ts > 6.03, ps < .001 (Mpretest= 39.8%, SD
=34.9% vs. Mposttest1= 73.4%, SD =15.7% in the Circle
condition; Mpretest= 26.8%, SD =27.6% vs. Mposttest1= 63.6%,
SD =19.2% in the Number Line condition; Mpretest= 29.2%,
SD =19.7% vs. Mposttest1= 63.2%, SD =21.0% in the Number
Only condition). Also, the open-response tests of learning
parts 1 and 2 were relatively high (see Figure 2). In addition,
participants retained their acquired fraction knowledge over
the one-month delay. Posttest 2 scores (see Figure 2) were
significantly above pretest scores, paired sample t-test, ts >
6.69, ps < .001.
While participants in all conditions learned, there were
differences across conditions on the learning part 2 scores,
ANCOVA with pretest scores as a covariate, F(2,95) = 4.82,
p < .02, ηp2 = .09. Learning part 2 scores were lower in the
Number Line condition than those in the Circle condition and
those in the Number Only condition, ps <.02. There were no
differences in learning part 2 scores in the Circle and Number
Only conditions, p > .63. No significant differences across
condition in learning part 1 scores were found, ANCOVA
with pretest scores as a covariate, F(2,95) = .56, p > .57.
Participants in the Number Line Condition also tended to
score lower than those in the other conditions on both posttest
1 and posttest 2. There were differences between conditions
on part 2 scores on both posttests (see Figure 2), ANCOVA
with pretest part 1 scores as a covariate, F(2,95)s > 2.80, ps

Procedure Instruction and testing were presented to groups
of participants in classrooms at their schools. A female
experimenter presented PowerPoint slides with the
instruction on days 1 and 2. The verbal instruction was
scripted and analogous across conditions. Parts 1 and 2 of
instruction took approximately 30 minutes each.
Participants were given paper test booklets for fraction
labeling test, pretest, tests of learning, and posttests. They
were asked to write their answer for each question.
On Day 1, participants were given the prerequisite test of
fraction labeling, the pretest, part 1 of instruction, followed
by the part 1 test of learning. Day 2 occurred two days after
Day 1 and presented part 2 of instruction and the part 2 test
of learning. On Day 3, one week after Day 2, participants
were given posttest 1. Posttest 2 was given on Day 4,
approximately one month after Day 2.

Results
Eight participants (one Circle, five Number Line, and two
Number Only) were removed from the analysis because
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= .065, ηp2s = .06. Both posttest part 2 scores were lower in
the Number Line condition than those in the Circle (ps < .05)
and Number Only conditions (ps < .09). There were moderate
differences between conditions on the part 1 scores on both
posttests, ANCOVA with pretest part 1 scores as a
covariate, F(2,95)s > 2.0, ps < .11, ηp2 = .06. Participants in
the Number Line condition also scored lower than those in
the Circle condition on part 1 of the 1-month delayed posttest,
ANCOVA with pretest part 1 scores as a covariate, F(2,95)
= 4.44 p < .04, ηp2 = .06.
The results of Experiment 1 suggest that the inclusion of
visual representations in instruction provided no advantage
over instruction with symbols alone. Specifically, learning
and posttests scores were no different in the Circle and
Number Only conditions, and scores were generally lower
in the Number Line condition than in the Number Only
condition.
In addition, instruction with the number line resulted in
lower learning and posttest scores than instruction with
circles, particularly on part 2 of the tested content which
involved fractions greater than 1. This finding is somewhat
surprising because the number line is a coherent model of
the real numbers that can accommodate fractions less than 1
and fractions greater than 1 in a single representation. The
number line also avoids ambiguity that can occur when
representing fractions greater than 1 with area models. For
!
example, using a circular area model, can be represented
!
as three shaded halves of two circles, but this representation
!
could also be interpreted as . Once students correctly learn
!
the number line, there is no ambiguity about the location of
!
.
!
Better performance in the Circle condition may be due to
easier processing of the visual proportion than the position
on a number line. The proportions of circles provide
students with two dimensions of perceptual information,
while the number line is only one-dimensional. Therefore,
it may be easier for students to discriminate differences in
proportions and recognize proportions in the circle
representation than on the number line.
The goal of Experiment 2 was to examine the effects of a
circular area model versus the number line on students’
ability to recognize, discriminate, and construct
representations of fractions. Participants were third and
fourth grade students who, according to standard curricula,
are in the course of acquiring the fraction topics considered
in Experiment 1, and sixth grade students, who should have
a more developed knowledge of fractions.

years), and 50 sixth graders (25 girls and 25 boys, M = 12.2
years, SD = .60 years).
Materials and Design The experiment had a 2 (question
format: circle and number line) by 3 (question type:
recognition, discrimination, and construction) withinsubjects design. Participants were given a set of 60
questions, ten of each format/type category.
The
recognition questions were designed to test participants’
ability to recognize proportions and label them with
fractions. These questions presented proportions as circles
or locations on the number line; participants were asked to
write the fraction that described the proportion shown
(circle recognition questions) or write the fraction that is
located where the arrow pointed on the number line (number
line recognition questions).
The discrimination questions were designed to test
participants’ ability to discriminate between representations
of different proportions (circle discrimination questions) or
different locations on the number line (number line
discrimination questions). Each of these questions presented
a fraction along with four different visual representations (of
the same format). For the circle questions, participants were
asked to choose the circle that showed a proportion that
equals the fraction. For the number line questions,
participants were asked to choose the number line that has a
red arrow pointing to the location of the fraction. The
response options included the following: (1) the correct
response, (2) a visual representation corresponding to a
fraction with a correct numerator, but incorrect denominator
as the given fraction, (3) a visual representation
corresponding to a fraction with a correct denominator, but
incorrect numerator, and (4) a visual representation
matching the numerator and denominator of the given
fraction, but with unequal parts. Locations of the different
types of responses were counterbalanced across questions.
Each construction question presented a fraction and
participants were asked to make a representation of the
fraction. For the circle construction questions, they were
asked to draw a circle (or more than one circle) with a
shaded proportion that equals the fraction. For the number
line construction questions, they were asked to mark the
location of the fraction on the number line with an arrow.
Questions had denominators of 2, 3, 4, or 5. For each
question format/type, seven of the ten questions involved
fractions less than 1 and three involved fractions greater
than 1. Different fractions were used for the recognition,
discriminations, and construction questions. However, the
same fractions were used for both the circle and number line
formats.
Procedure. Participants were tested in groups in their
classrooms by a female experimenter. Each participant was
given a paper booklet of test questions. Questions were
presented in six blocks in the following order: recognition
circle, recognition number line, discrimination circle,
discrimination number line, construction circle, construction
number line. Prior to each block, the experimenter read the

Experiment 2
Method
Participants Participants were 100 students from suburban
and small town schools in Ohio, 24 third-grade students (11
girls and 13 boys, M = 9.4 years, SD = .43 years), 26 fourth
graders (13 girls and 13 boys, M = 9.8 years, SD = .57
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Table 2: Mean Accuracy (% correct) on Fraction Questions of Experiment 2. Standard deviations are in parentheses.
3rd Grade
Question Type

4th Grade

6th Grade

Circle

Number Line

Circle

Number Line

Circle

Number Line

fractions <1

83.9 (26.7)

27.3 (27.6) a

92.3 (15.2)

30.8 (26.4) a

95.1 (12.4)

80.2 (33.5) a

fractions >1

40.6 (42.6)

7.3 (20.0) a

34.6 (40.5)

6.4 (16.4) a

92.2 (24.3)

72.3 (41.3) b

fractions <1

92.6 (18.7)

59.6 (29.4) a

91.8 (10.8)

59.9 (35.7) a

93.9 (16.5)

90.6 (19.6)

fractions >1

58.0 (41.7)

43.5 (29.2)

52.6 (44.4)

47.4 (36.7)

90.8 (22.7)

87.2 (26.5)

fractions <1

60.9 (28.0)

36.7 (34.9) b

49.5 (19.5)

40.7 (35.8)

66.0 (23.0)

75.4 (28.4) b

fractions >1

31.9 (36.9)

18.8 (28.1) b

28.2 (30.8)

18.0 (33.0)

68.1 (34.0)

66.0 (41.4)

Recognition

Discrimination

Construction

a

significant differences between circle and number line questions at p < .01
b
significant differences between circle and number line questions at p < .05

instructions and gave one example. Participants proceeded
through the questions at their own pace.

1, paired sample t-test, t(22) = 2.40, p < .03. However, the
patter reversed for sixth graders who were more accurate on
number line construction questions less than 1 than on the
circle construction questions less than 1, paired sample t-test,
t(46) = 2.13, p < .04.
Overall, the results show that construction of correct visual
representations is more difficult for all participants than
recognition and discrimination of visual representations.
Also across all grade levels, participants were very accurate
recognizing and discriminating circular area representations
of fractions less than 1. However, for third and fourth graders,
accuracy was much lower for number line representations
than for circle representations. Third and fourth graders also
appear to have had difficulty recognizing and discriminating
both types of visual representation for fractions greater than 1.

Results
Three participants (one third grader and two sixth graders)
were removed from the analysis for scoring more than three
standard deviations below the mean of their age group on
one or more question format/type categories.
Table 2 presents mean accuracy across grade level and
question category. Question scores were also split for
fraction less than and greater than 1. Scores were submitted
to a one-way (grade level) analysis of variance followed by
post hoc Bonferroni tests. The results indicate that grade
level had a significant effect on all scores, F(2,93)s > 3.23,
ps < .05, ηp2s > .07, except circle discrimination for fractions
less than 1, F(2,93) = .17, p =.84. Participants at all grade
levels were above 90% accurate on circle discrimination
questions for fractions less than 1. Sixth graders were more
accurate than third and fourth graders, post hoc Bonferroni ps
<.01 on all but the following questions. Scores of sixth
graders were not significantly better than those of fourth
graders on circle recognition questions for fractions less than
1, p =1.00. Also, scores of sixth graders were not significantly
better than those of third graders on circle construction
questions for fractions less than 1, p =1.00. No significant
differences in scores were found between third and fourth
graders, ps >.28.
Significant differences were also found as a function of the
representation format. Third, fourth, and sixth grade
participants were substantially more accurate on circle
recognition questions than on number line recognition
questions, paired sample t-test, ts > 3.03, ps < .01. Third and
fourth graders were also more accurate on circle
discrimination questions than on number line discrimination
questions, paired sample t-test, ts > 3.62, ps < .01. Third
graders were more accurate on circle construction questions
less than 1 than number line construction questions less than

Discussion
The present findings demonstrated that incorporating
circular area models or number line representations into
instruction on fraction arithmetic provided no advantage over
instruction involving only symbolic notation. The results of
Experiments 1 and 2, taken together, suggest that circles and
number line representations may have affected fraction
arithmetic learning in different ways. Elementary students
appear to be very familiar with circle representation of
fractions, perhaps from an emphasis on such models in
school. Circular area models appear to have benefits over
number line representations for recognition and
discrimination of fractions less than 1. Therefore the inclusion
of circle representations did not appear to hinder participants’
learning of basic fraction addition (part 1 of instruction).
However, the results of Experiment 2 show that third and
fourth graders had difficulty interpreting circle
representations for fractions greater than 1. Therefore it is
unlikely that the circle representation would provide an
advantage for learning fractions greater than 1 (part 2).
Moreover, the presence of the circle representation may have
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diverted attention from symbols. The results of Experiment 2
also suggest that third and fourth graders struggle with using
and interpreting number line representations of fractions, both
less than and greater than 1. Learning in the Number Line
condition of Experiment 1 was likely lower than that in the
Circle and Number Only conditions because participants
could not easily connect number line representations to
fractions. The presence of the number line may have diverted
attention from the symbols while providing no benefit.
The implications of the present study are not to avoid using
visual representations of fractions. Rather, the present
findings show the limitations of circular area models of
fractions; they may be suitable for early introduction of basic
fraction labeling, but they appear to provide little or no
benefit for instruction on fraction arithmetic and fractions
greater than 1.
Mathematical reasoning may involve the perceptual
system, and therefore mathematics learning may benefit from
carefully designed integration of visual representations
(Goldstone, Landy, & Son, 2010; Marghetis, Landy, &
Goldstone, 2016). The number line is a likely candidate to
effectively incorporate into instruction because it well
represents the real number system. The number line
represents all real numbers including negative, rational, and
irrational numbers. Furthermore, the Cartesian plane is
constructed from two real number lines. Therefore students
need to become comfortable with using and interpreting it.
However, because the number line is 1-dimensional, it may
be more difficult for students to learn to recognize and
discriminate fractions on the number line than fractions as
proportions of 2-dimensional area models, as suggested by
the results of Experiment 2. While the extent to which
number line representations should be integrated into fraction
arithmetic learning remains unclear, it is clear that students
need more instruction and practice with the number line.

acquisition of mathematical knowledge. Journal of
Educational Psychology, 105, 351-363.
Kaminski, J. A., & Sloutsky, V. M. (2012) Children’s
acquisition of fraction knowledge from concrete versus
generic instantiations. In N. Miyake, D. Peebles, & R. P.
Cooper (Eds.), Proceedings of the 34th Annual Conference
of the Cognitive Science Society (pp. 1750-1755). Austin,
TX: Cognitive Science Society.
Kaminski, J. A., & Sloutsky, V. M. (2011). Representation
and transfer of abstract mathematical concepts in
adolescence and young adulthood. In V. Reyna (Ed.) The
Adolescent Brain: Learning, Reasoning, and Decision
Making. Washington, DC: APA.
Kaminski, J. A., Sloutsky, V. M., & Heckler, A. F. (2013).
The Cost of Concreteness: The Effect of Nonessential
Information on Analogical Transfer. Journal of
Experimental Psychology: Applied, 19, 14-29.
Kaminski, J. A., Sloutsky, V. M., & Heckler, A. F. (2008).
The advantage of abstract examples in learning math.
Science, 320, 454-455.
Kouba, V., Zawojewski, J., dan Strutchens, M. (1997).
What do students know about numbers and operations? In
P.A. Kenney & E.A. Silver (Eds.), Results from the sixth
mathematics assessment of the National Assessment of
Educational Progress. (pp. 87–140). Reston, VA: NCTM.
Lortie-Forgues, H., Tian, J., & Siegler, R. S. (2015). Why is
learning fraction and decimal arithmetic so difficult?
Developmental Review, 38, 201–221.
Marghetis, T., Landy, D., & Goldstone, R. L. (2016).
Mastering algebra retrains the visual system to perceived
hierarchical structure in equations. Cognitive Research:
Principles and Implications, 1(25), 1-10.
McNeil, N. M., Uttal, D. H., Jarvin, L., & Sternberg, R. J.
(2009). Should you show me the money? Concrete
objects both hurt and help performance on mathematics
problems. Learning and Instruction, 19, 171-184.
Mix, K. S. (1999). Similarity and numerical equivalence:
Appearances count. Cognitive Development, 14, 269-297.
National Governors Association Center for Best Practices,
Council of Chief State School Officers. (2010). Common
Core State Standards for Mathematics.
Ohio Department of Education. (2017). Ohio’s Learning
Standards:
Mathematics.
Retrieved
from
http://education.ohio.gov/getattachment/Topics/Learningin-Ohio/Mathematics/Ohio-s-Learning-Standards-inMathematics/MATH-Standards-2017.pdf.aspx
Siegler, R. S., Duncan, G. J., Davis-Kean, P. E., Duckworth,
K., Claessens, A., Engel, M., Susperreguy, M. I., & Chen,
M. (2012). Early predictors of high school mathematics
achievement. Psychological Science, 37, 691-697.
Son, J. Y., Smith, L. B., & Goldstone, R. L. (2011).
Connecting instances to promote children’s relational
reasoning. Journal of Experimental Child Psychology,
108, 260-277.
Zhang, J., & Norman, D. A. (1995). A representational
analysis of numeration systems. Cognition, 57, 271-295.

Acknowledgments
This research was supported by a grant from the Institute of
Education Sciences, U.S. Department of Education
(#R305A140214).

References
Braithwaite, D., Tian, J., & Siegler, R. S. (2017). Do
children understand fraction addition? Developmental
Science.
Gabriel, F., Coché, F., Szucs, D., Carette, V., Rey, B., &
Content, A. (2013). A componential view of children’s
difficulties in learning fractions. Frontiers in Psychology,
4, 715.
Goldstone, R. L., Landy, D. H., & Son, J. Y. (2010). The
education of perception. Topics in Cognitive Science, 2,
265-284.
Hamdan, N., & Gunderson, E. A. (2016, November 17).
The number line is a critical spatial-numerical
representation: Evidence from a fraction intervention.
Developmental Psychology, 53(3), 587-596.
Kaminski, J. A., & Sloutsky, V. M. (2013). Extraneous
perceptual information can interfere with children’s

595

Assumption Violations in Forced-Choice Recognition Judgments: Implications
from the Area Theorem
David Kellen (davekellen@gmail.com)

Henrik Singmann (singmann@gmail.com)

Department of Psychology, Syracuse University
409 Huntington Hall, Syracuse, NY 13244, USA

Department of Psychology, University of Zürich
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Abstract
"New"

Trials in a two-alternative forced-choice (2AFC) recognitionmemory task require individuals to choose the stimulus in a
pair that they deem as having been previously studied. Because of the relative nature of the judgments made, 2AFC trials are typically considered to be free from response biases
concerning the old/new status of stimuli. Recent studies have
suggested that this assumption is incorrect, and individuals often resort to single-stimulus old-new (ON) judgments instead.
The present study tests this claim by joint modeling 2AFC
and ON judgments using extended SDT models that include
the possibility of ON contamination. Results show that the
relative-judgment assumption provides an excellent account of
the data, providing no support for the notion of ON contamination in typical experimental designs.
Keywords: Recognition memory, bias, signal detection,
forced choice, mixture
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Figure 1: Gaussian SDT model for ON task.

Introduction
One important aspect in the study of recognition memory is
the need to disentangle the impact of response biases (e.g.,
a general tendency to recognize stimuli as “old”) from genuine mnemonic ability. This is usually achieved by characterizing the data with a Signal Detection Theory (SDT) model
(Green & Swets, 1966; Kellen & Klauer, in press; Macmillan & Creelman, 2004). Consider a typical Old-New (ON)
single-stimulus recognition task in which individuals are presented with a list of previously-studied stimuli, intermixed
with new stimuli (i.e., old and new stimuli, respectively). Participants’ task is then, for each stimulus, to judge them as
“old” or “new”. According to the SDT model, stimuli are
judged according to their respective familiarity or memory
strength, represented by ψ, based on whether they surpass
a previously-established response criterion τ. As shown in
Figure 1, each stimulus type – in this case old and new stimuli – is represented by a latent distribution with densities f
and cumulative-distribution functions F. These distributions
are usually assumed to be Gaussian, with mean and standard
deviation parameters {μs , σs } and {μn , σn }, respectively. The
smaller the overlap between the two distributions, the greater
the stimulus discriminability. The probabilities of old and
new stimulus being judged as “old” – Hits (H) and False
Alarms (FA) – are given by
P(“old”|old) = P(ψs > τ) =
P(“old”|new) = P(ψn > τ) =

 +∞
τ

 +∞
τ

fs (x) dx,

(1)

fn (x) dx.

(2)

Although one can use the SDT model to disentangle the
role of discriminability and response bias, researchers often
rely on data from two-alternative forced-choice (2AFC) tasks
in which they have to choose the old stimulus in a pair. It
is typically assumed that responses are unbiased in a 2AFC
task, as individuals only need to engage in a relative judgment of which stimulus is stronger or most familiar (i.e., a
MAX decision rule), in contrast with an ON task where one
engages in ‘absolute’ judgments regarding single stimuli (see
also Kellen & Klauer, 2014).
The assumption that 2AFC judgments are unbiased has
been questioned throughout the years, but only recently has
it received a greater deal of attention. For instance, Hockley
(1984) found that among two vertically-arranged stimuli, the
proportion of correct responses, PC2AFC , was higher in the
top position than in the bottom position. Responses were also
faster in the former than the latter. These results, which were
recently expanded by Jou, Flores, Cortes, and Lekas (2016)
using an horizontal display, suggest that participants judge the
‘ﬁrst’ stimulus as either old or new and produce a response
based on that alone. In the former study the ‘ﬁrst’ stimulus
was the top one, in the latter study it was the left one.
In a recent eye-tracking study, Starns, Chen, and Staub
(2017) replicated these above-mentioned bias effects, and
also found that a considerable portion of individuals’ responses were made without looking at the second (right position) stimulus. The conclusion coming from these studies is that 2AFC judgments are often contaminated by ON
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judgments. This possibility is not inconsequential, given that
much of our understanding of people’s performance in realworld scenarios such as eyewitness accuracy in lineups versus showups is informed by our conceptualization of ON and
2AFC tasks (e.g., Wixted & Mickes, 2014).
The goal of the present work is to directly test for assumption violations in 2AFC judgments. The test implemented
here relies on the implications that contamination by ON
judgments would have on a well-known theoretical result –
the area theorem. Using individual data from a paradigm intermixing 2AFC and old-new trials (Jang, Wixted, & Huber,
2009; Smith & Duncan, 2004), we will compare the traditional Gaussian SDT model against two extended models that
can violate decision rule assumed in the area theorem.

κ1

Left
old

1

For convenience of exposition – but without any loss of generality – let us establish the densities of the old and new stimuli
on the [0, 1] interval and denote them by ∗ fs and ∗ fn , respectively.1 As described by Green and Moses (1966), the area
theorem establishes the relationship between ON judgments
and 2AFC judgments. First, note that the Receiver-Operating
Characteristic (ROC) function for ON judgments, ON-ROC,
deﬁnes how the random variable H changes as a function of
variable FA, such that H =∗ Fs (∗ Fn−1 (FA)), where ∗ Fn−1 is
the inverse of the cumulative distribution for new stimuli.2
Again, without loss of generality, let us assume that ∗ fn is
uniformly distributed, such that FA = P(ψn > κ) = 1 − κ and
H = P(ψs > κ) = ∗ Fs (1 − κ). In a 2AFC task, we will assume that individuals follow a MAX decision rule: choose
the option with the highest familiarity.
From this it follows that the probability of a correct response corresponds to the expectation of the ROC function
(i.e., the area under it):3

=

 1
0

 1
0

3

κ5

Right
old

4

5

6

The presence of position-based response biases
The area theorem can be violated in different ways. One way
is that individuals might be biased towards one of the stimulus positions (see DeCarlo, 2012). In Figure 2, this would
correspond to the response criterion κ3 not being located at
0. Under unbiased test conditions (old stimulus is as likely to
appear on the left as one the right), this kind of a response bias
would lead to lower PC2AFC , which in turn imply an underestimation of the area under the ON-ROC. Fortunately such
biases can be of little consequence, as one can use a model
like the Gaussian SDT model (assuming that it is a suitable
model) to estimate the different response criteria and compute
the expected Pc in the absence of response bias.
Response biases of this kind were reported by Jou et al.
(2016), with κ3 < 0. Under this response bias, less evidence
is needed to select the stimulus on the left as old, which will
lead to a greater amount of correct responses when the old
stimulus is on the left compared to trials in which it is on the
right. Moreover, if we assume that response speed is a function of the distance from κ3 , then we should expect faster responses when the old stimulus is on the left (see Weidemann
& Kahana, 2016), as also observed by Jou et al.

(1 − P(ψn > κ))P(ψs > κ) dκ
κP(ψs > κ) dκ

2

κ4

Figure 2: Gaussian SDT model for 2AFC task with a conﬁdence rating ranging from “1: very sure left” to “6: very sure
right”.

The Area Theorem (and its Violation)

PC2AFC =

κ3

κ2

(3)

= E(H).

Contamination by ON judgments
One can also violate the area theorem by not following the
MAX decision rule and instead rely on absolute judgments in
some or all of the 2AFC trials. This is the type of violation
assumption that Jou et al. (2016) and Starns et al. (2017) associated their results with. For instance, when presented with
two stimuli side by side, one could simply judge the left stimulus as either old or new, as one would do in an ON trial, and
proceed based on the outcome of this judgment. If the left
stimulus is judged as old, one could simply produce a “left”
response. If the left stimulus is deemed to be new, at least
two alternatives could be pursued: (1) a “right” response is
produced, or (2) one moves on to evaluate the right stimulus
and compare the familiarity of the two. In any case, the introduction of ON judgments in 2AFC trials will lead to an un-

Figure 2 illustrates how these assumptions would be represented in terms of the Gaussian SDT model, with two distributions representing the differences in familiarity between
the two stimuli.
1 The superscript ∗ is only placed to avoid confusions with the
speciﬁcation otherwise used in which fs and fn are established on
the real line.
2 The ROC corresponds to the expected relationship between H
and FA when discriminability is constant. One way to obtain an
ROC is by plotting the cumulative distributions of conﬁdence ratings.
3 Iverson and Bamber (1997) generalized this result to Malternative forced-choice paradigms, showing that the proportion
correct in M-AFC corresponds to the (M-1)th moment of the ONROC function.
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derestimation of the area under the ON-ROC. The proportion
of correct ON judgments corresponds to the area of the polygon with vertices (0, 0), (FA, H), (1, 1), and (1, 0), which is
bound to be smaller or equal to the area under the ON-ROC.4

sure right are given by:
P(C2AFC = i | old left) = ω
+ (1 − ω)

Testing the Predictions of the Area Theorem
The precise relationship between ON and 2AFC data allows
us to test for assumption violations in the latter. If 2AFC
trials are indeed contaminated by ON judgments at a nonnegligible rate, then this assumption violation should be observable when ﬁtting ON and 2AFC data jointly. The data
used for these comparisons come from Smith and Duncan
(2004, Experiment 2) and Jang et al. (2009), with 30 and 33
participants, respectively. As illustrated in Figure 3, participants studied a single list of words and were later tested with
a intermixed set of ON and 2AFC trials. In both types of trials, responses were given using a six-point conﬁdence scale.
Because the two experiments are virtually equivalent, we will
consider them together, as a single dataset with 63 individuals.

 ∞
−∞

+ (1 − ω)

−∞

κ6−i

fs (x) dx
(4)

fn (y)[Fs (y − τi−1 ) − Fs (y − τi )] dy

P(C2AFC = i | old right) = ω
 ∞

 κ6−i+1

 κ6−i+1
κ6−i

fn (x) dx
(5)

fs (y)[Fn (y − τi−1 ) − Fn (y − τi )] dy

The second variant, model SDTE2 , is inspired by Starns et
al.’s (2017) results and assumes that responses in 2AFC trials are based on ON judgments only when the left stimulus
was recognized as ‘old’. If the left stimulus was not recognized, the model reverts back to a comparison between two
familiarity values.
For 1 ≤ i ≤ 3:
P(C2AFC = i | old left) = ω

Extended SDT Models

+ω

In order to estimate the contamination of ON judgments in
2AFC trials, we extended the traditional Gaussian SDT model
(12 parameters for 20 degrees of freedom). Speciﬁcally, judgments in the 2AFC trials were established as coming from a
binary mixture of ON and 2AFC judgments, with weights ω
and 1 − ω, respectively. Based on the previous work by Jou
et al. (2016) and Starns et al. (2017), we assumed that the
ON contaminants always pertained to the left stimulus. Two
model variants were considered (each with 13 parameters).
Unlike previous work that mostly focused on binary response rates or PC2AFC , we will consider the overall shape of
the 2AFC-ROC. As shown below, the contamination by ON
judgments will affect the overall shape of the 2AFC-ROC.
Note that in the speciﬁcation below, we recoded the rating
scales in Figure 1 such that they range from ‘1: very sure
new’ to ‘6: very sure old’, and from ‘1: very sure left’ to ‘6:
very sure right’.
In the ﬁrst model variant, SDTE1 , we simply assumed that
with probability ω, individuals in a 2AFC trial respond by
judging the left stimulus as old or new, using the exact same
formulation as for the ON judgments: If the left stimulus was
recognized, a “left” response would follow. Alternatively,
if the left stimulus was rejected as new, a “right” response
would take place instead. The conﬁdence associated with
these judgments was also based on the response criteria used
in ON judgments (e.g., a ‘very sure old’ judgment would be
mapped onto a ‘very sure left’ response). Let κ0 ≤ κi ≤ κ6 ,
with κ0 = −∞ and κ6 = ∞ denote the criteria used in ON
judgments, and criteria τ0 ≤ τi ≤ τ6 their 2AFC counterparts.
According to to SDTE1 , the probability of conﬁdence ratings C2AFC in 2AFC trials, from 1: very sure left to 6: very

 κ3
−∞

 κ6−i+1

 ∞
−∞

−∞

 κ6−i+1
κ6−i

fn (x) dx

fn (y)[Fs (y + τi ) − Fs (y + τi−1 )] dy

+ (1 − ω)

 ∞
−∞

(6)

fn (z)[Fs (z − τi−1 ) − Fs (z − τi )] dz

P(C2AFC = i | old right) = ω
 κ3

fs (x) dx

fs (y)[Fn (y + τi ) − Fn (y + τi−1 )] dy

+ (1 − ω)

+ω

κ6−i

(7)

fs (z)[Fn (z − τi−1 ) − Fn (z − τi )] dz

whereas for 4 ≤ i ≤ 6:
P(C2AFC = i | old left) = ω
+ (1 − ω)

 ∞
−∞

 κ3

+ (1 − ω)

−∞

fs (y)[Fn (y + τi ) − Fn (y + τi−1 )] dy

fn (z)[Fs (z − τi−1 ) − Fs (z − τi )] dz

P(C2AFC = i | old right) = ω
 ∞

−∞

 κ3
−∞

(8)
fn (y)[Fs (y + τi ) − Fs (y + τi−1 )] dy

fs (z)[Fn (z − τi−1 ) − Fn (z − τi )] dz
(9)

As shown in Figure 4, for both extended SDT models, the
increase of ω leads to a reduction of PC2AFC , an increase
in response bias, but also leads to increasingly asymmetric 2AFC-ROCs. However, these differences are relatively
small, which suggest that they might be difﬁcult to detect on
a subject-by-subject basis.

Modeling Results
Models were ﬁtted to the individual data with R package
MPTinR (Singmann & Kellen, 2013), using the maximumlikelihood method. The model ﬁts for SDTE1 and SDTE2 ,

4 This

assumes that the ROC function is ‘proper’ (Zhang &
Mueller, 2005): Monotonically increasing, with monotonically decreasing slope, and with endpoints (0,0) and (1,1).
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Figure 3: Illustration of the experimental design used by Smith and Duncan (2004, Experiment 2) and Jang et al. (2009). Note
that ON and 2AFC trials were intermixed. Also, note that in the body of text, the ON and 2AFC conﬁdence scales are redeﬁned
as going from 1 to 6.

SDTE1

0.4

0.6

Model
SDTE1
SDTE2
SDT

ΣG2
533.62
524.44
556.61

% Sig.
10
10
10

% AIC
5
8
87

μs
1.66
1.66
1.64

σs
1.49
1.50
1.50

ω
.09
.20
—

0.0

0.2

P(left | left old)

0.8

1.0

Table 1: Model Fitting and Comparison Results, and Mean
Parameter Estimates. Parameters μn and σn are ﬁxed to 0 and
1, respectively, without loss of generality.

0.0

0.2

0.4

0.6

0.8

1.0

and .20 (see Table 1). These results are also reﬂected in the
number of participants for which the baseline SDT provided a
better account, according to the Akaike Information Criterion
(AIC; see Table 1).
The hypothesis of no ON contamination of 2AFC trials
across all participants was assessed via null-hypothesis testing. Under the null hypothesis, goodness-of-ﬁt tests comparing two nested models are assumed to follow a χ2 distribution
with the degrees of freedom (df) corresponding to the difference in the number of parameters (in this case 63, one per
individual). But this assumption cannot be followed in the
present analysis because the restriction ω = 0 is at the lower
boundary of that parameter’s permitted range. As discussed
by Self and Liang (1987) and Shapiro (1985), the sampling
distribution of the test statistic follows a mixture of χ2 distributions, usually referred to as a χ̄2 distribution. In the present
case of summed ΔG2 , it follows the following mixture:

P(left | right old)

0.6
0.4

ω
0
.20
.40
.60

0.0

0.2

P(left | left old)

0.8

1.0

SDTE2

0.0

0.2

0.4

0.6

0.8

1.0

P(left | right old)

Figure 4: Effects of ON contamination on the expected
2AFC-ROC. These predictions were obtained with μs = 1.5
and σs = 1.3

 63  
1
63 2
χdf=i ,
χ̄ ∼ ∑
i
2
i=0
2

summarized in Table 1, were generally good, as the models were rejected at rates only slightly higher than the nomimal 5% under the null hypothesis that they are the true datagenerating model. The ﬁts were slightly better for SDTE2
though, but by a negligible difference across all sixty-three
participants (summed ΔG2 = 9.18). Overall, none of the extended models relied much on the contamination of 2AFC
trials with ON judgments. In fact, ω was estimated to be 0
in 54% and 56% of the participants, when using the SDTE1
and SDTE2 models respectively, with mean estimates of .09

63

(10)

which has a critical ΔG2 value (p = .05) of 47.24. The observed summed ΔG2 comparing the baseline SDT and SDTE1
and SDTE2 were 22.99 and 32.17, with p-values .83 and .44,
respectively. At the individual level, the χ̄2 distribution follows 12 χ2df=0 + 12 χ2df=1 , with critical value ΔG2 of 2.71. Overall, the null hypothesis was only rejected in 3% and 2% of the
individual datasets, when considering the SDTE1 or SDTE2 as
the alternative, respectively. The top panel of Figure 5 shows
that the baseline SDT model ﬁts the 2AFC data rather well.
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In step 1, we created a new set of individual response frequencies via non-parametric bootstrap, which we then ﬁtted
with the baseline SDT model using the maximum-likelihood
method. In step 2, based on the parameter estimates obtained and a plugged-in value of ω = .20, we generated new
individual data using SDTE1 /SDTE2 . In step 3, we ﬁtted
the simulated data with the baseline SDT model and the
SDTE1 /SDTE2 , and tested their summed ΔG2 . In step 4,
we repeated steps 1-3 one-thousand times. The resulting pvalues were found to be concentrated at lower boundary, taking on values below .05 in 97% and 99% for EVSDTE1 and
EVSDTE2 , respectively. These results suggest that we would
have been able to detect relatively small ON contaminations
in 2AFC trials, if indeed they were generally present across
participants.
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Discussion
Given the widespread use of forced-choice tasks in both laboratory and applied settings, it is important to better understand whether the underlying assumptions hold. Previous
work (e.g., Hockley, 1984; Jou et al., 2016; Starns et al.,
2017) reported evidence suggesting that these assumptions
are typically violated. However, none of these studies ﬁtted
a model that directly captured assumption violations. The
present work ﬁlls that gap by providing two different SDT
models that, capitalizing on the constraints introduced by the
area theorem, allow for 2AFC trials to be contaminated by
ON judgments. The present results show that the baseline
SDT provided an excellent joint ﬁt of the ON and 2AFC data,
with the extended models only providing marginal improvements. Contrary to Jou et al. (2016) and Starns et al. (2017),
we found no support for ON contamination.
It should be made clear that the present work is not claiming that assumption violations are not possible in 2AFC tasks.
Our argument is that researchers should try to directly estimate contamination by ON judgments using an appropriately
extended SDT model, instead of engaging in speculations
based on 2AFC data alone. Using the data from Smith and
Duncan (2004) and Jang et al. (2009), we found the baseline
SDT model succeeding with ﬂying colors. Although these
results suggest that the assumptions typically associated with
2AFC judgments hold under a “vanilla” paradigm, it is entirely possible that they might fail when other experimental
paradigms are used. It is therefore relevant to discuss the differences between the present data, and other studies by Hockley (1984), Jou et al. (2016) and Starns et al. (2017). For
both Hockley (1984) and Jou et al. (2016), the differences
observed in PC2AFC and respective RTs can be attributed to a
small shift in response criteria, not necessarily a contamination by ON judgments. One key difference between the current data and Jou et al.’s was the intermixing of related and
unrelated stimulus lists in their study and test phases, which
could have contributed for their results. Speciﬁcally, individuals could have relied on single-item recognition strategy, for
instance, basing some of their judgments on whether a stim-

0.0

0.2

P(left | left old)

0.8

1.0

Expected PC2AFC

0.0

0.2

0.4

0.6

0.8

1.0

P(left | right old)

Figure 5: Top Panel: Observed and expected PC2AFC based
on the individual joint ﬁts of the baseline SDT to ON-ROC
and 2AFC-ROC data. Bottom Panel: Predicted 2AFC-ROC
based on the SDT ﬁt to the ON-ROC alone (aggregated data).
When inspecting the data, we failed to ﬁnd any evidence
for a larger proportion of correct responses when the old stimulus was on the left side (Wilcoxon W = 703, p = .94, onetailed). If anything, the proportion of correct judgments was
slightly higher when the old stimulus was on the right side
(the means were .77 and .79, respectively).
Finally, one simple way to assess the general success of the
baseline SDT model and its assumptions is to consider how
it can successfully predict the 2AFC-ROC based on the ONROC data alone. The bottom panel of Figure 5 shows that
the model is able to successfully predict the 2AFC data, a
symmetrical 2AFC-ROC with the point corresponding to the
binary “left”-“right” choice being pretty much on top of the
negative diagonal, suggesting no response bias.

Evaluation of Statistical Power
The success of the baseline SDT model relative to its extensions can be due to low statistical power (see Figure 4). After
all, individuals might only be relying on ON judgments in
a small portion of the 2AFC trials, which might be difﬁcult
to detect in the experimental design of Smith and Duncan
(2004), and Jang et al. (2009). To evaluate this possibility,
we relied on model simulations. In these simulations, we assumed that for all individuals ω = .20. We focused on the test
of summed individual ΔG2 values.
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ulus was semantically related to the ones previously studied.
In the case of Starns et al. (2017), it is possible that the assumption violations observed with an eye tracker were due to
the experimental setup adopted: In order to guarantee a clear
classiﬁcation of 2AFC trials based on the eye-tracking data,
the two stimuli were presented at the left and right margins
of the screen. This speciﬁc presentation format could have
encouraged participants to respond based on single-stimulus
evaluations. Future eye-tracking studies are necessary to explore the possibility of modeling contaminants directly, using
a mixture modeling approach similar to the one used here (see
DeCarlo, 1998). Speciﬁcally, one can use the eye-trackingbased classiﬁcations to estimate the ON contaminant distributions in the 2AFC data.
In addition to alternative experimental designs, future work
should consider going beyond the 2AFC paradigm and rely
on trials with a larger number of alternatives. The SDT model
establishes strong accuracy predictions across M-AFC trials
that can be directly tested. These predictions are known as
Block-Marschak inequalities (see Block & Marschak, 1960;
Iverson & Bamber, 1997; Kellen & Klauer, in press):

Hockley, W. E. (1984). Analysis of response time distributions in the study of cognitive processes. Journal of Experimental Psychology: Learning, Memory, and Cognition, 10,
598-615.
Iverson, G. J., & Bamber, D. (1997). The generalized area
theorem in signal detection theory. In A. A. J. Marley (Ed.),
Choice, decision, and measurement: Essays in honor of R.
Duncan Luce. (p. 301-318). Mahwah, NJ, US: Lawrence
Erlbaum Associates Publishers.
Jang, Y., Wixted, J. T., & Huber, D. E. (2009). Testing signal-detection models of yes/no and two-alternative
forced-choice recognition memory. Journal of Experimental Psychology: General, 138, 291-306.
Jou, J., Flores, S., Cortes, H. M., & Leka, B. G. (2016).
The effects of weak versus strong relational judgments on
response bias in two-alternative-forced-choice recognition:
Is the test criterion-free? Acta psychologica, 167, 30–44.
Kellen, D., & Klauer, K. C. (2014). Discrete-state and continuous models of recognition memory: Testing core properties under minimal assumptions. Journal of Experimental
Psychology: Learning, Memory, and Cognition, 40, 17951804.
Kellen, D., & Klauer, K. C. (2016). Elementary signal detection and threshold theory. Stevens handbook of experimental psychology and cognitive neuroscience (4th ed., Vol. V).
New York, NY: Wiley.
Macmillan, N. A., & Creelman, C. D. (2004). Detection
theory: A user’s guide. New York: Psychology press.
Self, S. G., & Liang, K.-Y. (1987). Asymptotic properties of
maximum likelihood estimators and likelihood ratio tests
under nonstandard conditions. Journal of the American
Statistical Association, 82, 605–610.
Shapiro, A. (1985). Asymptotic distribution of test statistics in the analysis of moment structures under inequality
constraints. Biometrika, 72, 133–144.
Singmann, H., & Kellen, D. (2013). MPTinR: Analysis of
multinomial processing tree models in R. Behavior Research Methods, 45, 560–575.
Smith, D. G., & Duncan, M. J. (2004). Testing theories
of recognition memory by predicting performance across
paradigms. Journal of Experimental Psychology: Learning, Memory, and Cognition, 30, 615-625.
Starns, J. J., Chen, T., & Staub, A. (2017). Eye movements in forced-choice recognition: Absolute judgments
can preclude relative judgments. Journal of Memory and
Language, 93, 55–66.
Weidemann, C. T., & Kahana, M. J. (2016). Assessing
recognition memory using conﬁdence ratings and response
times. Royal Society open science, 3, 150670.
Wixted, J. T., & Mickes, L. (2014). A signal-detection-based
diagnostic-feature-detection model of eyewitness identiﬁcation. Psychological Review, 121, 262-276.
Zhang, J., & Mueller, S. T. (2005). A note on roc analysis
and non-parametric estimate of sensitivity. Psychometrika,
70, 203–212.

PC(M+1) ≥ PC(M) , for M ≥ 2,
PC(M−1) + PC(M+1) ≥ 2PC(M) , for M ≥ 3,
PC(M−2) + 3PC(M) ≥ 3PC(M−1) + PC(M+1) , for M ≥ 4, (11)
etc.
These inequalities do not require the latent familiarity distributions to take on any speciﬁc parametric form (e.g., Gaussian) – they hold for any model assuming that responses are
on the application of a MAX decision rule over samples from
univariate distributions.
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Abstract

Dynamic Neural Field (DNF) Model of Flexible
Attention

Previously, a dynamic neural field model of the dimensional
change card sort (DCCS) task was used to explain the role of
flexible attention in early executive function development. In
the current study, we generalize this model to demonstrate that
it successfully explains developmental associations between
flexible and stable attention development. Next, we test
associations between attentional flexibility and attention
selectivity predicted by the model. Three- and 4-year-olds who
demonstrated attentional flexibility were more likely to
selectively attend to a single dimension in the free
classification task, supporting model predictions. In addition,
children who were more flexibly were also more stable in their
choices during a dimensional priming task. These results
suggest that multiple attentional functions emerge from
common neurocognitive processes operating across different
task demands.
Keywords: executive
computational model

function;

dimensional

One task used as a measure of the developmental status of
EF during early childhood is the DCCS task. In this task
children are instructed to sort cards by
shape or color and then to switch and
sort by the other dimension. Target
cards are affixed to the trays where
children sort to show which features
go where for the different games. The
test cards that children sort match
either target card along different
Figure1.This
dimensions (see Figure 1).
figure depicts
This task has been the focus of
the DCCS task.
various theories of EF development
because it reveals a qualitative shift in
performance over a short period of time: 3-year-olds typically
fail to switch rules and perseverate on the first dimension
when instructed to switch, but 4-year-olds have little
difficulty switching. Moreover, this task places demands on
multiple aspects of EF. First, it is necessary to maintain an
active representation of the relevant feature dimension.
Inhibition is required to suppress processing of the irrelevant
dimension. Shifting is required to update these processes
when the rules change on post-switch trials.
Within the previous DNF model proposed by Buss and
Spencer (2014), neural units interact through local-excitation
and lateral-inhibition to create ‘peaks’ of activity that
correspond to cognitive representations or decisions about
stimuli. Memory traces accumulate over the course of a
model’s history in a task, increasing baseline levels of
activation for neural units that are activated over time. In this
way, the DCCS task demands can be situated into a neurally
representative architecture (see Figure 2). The vertical
columns in Figure 2 present fields illustrating activation that
leads to decisions over the course of a trial in the DCCS task.
Each aspect of this architecture can be mapped on to cortical
regions in the brain. The parietal component (top field in
Figure 2) is composed of a population of neural units that is

attention;

Executive Function (EF) Development
EF refers to the collection of processes and mechanisms that
give rise to goal-directed behavior. EF is a foundational
aspect of cognition as it facilitates adaptive behavior and is
predictive of quality of life outcomes in adulthood such as
academic achievement and vocational success (Moffitt et al.,
2011). Previous efforts to strengthening EF in early
childhood have failed to achieve generalization beyond the
trained tasks (e.g., Diamond & Lee, 2011) suggesting that our
understanding of the mechanisms and processes that underlie
EF abilities is lacking (Happaney & Zelazo, 2003; Kirkham
& Diamond, 2003; Munakata, Morton, & Yerys, 2003).
In the current work we present a dynamic neural field
model that builds upon previous work (see Buss & Spencer,
2014) to provide a developmental explanation of how
neurocognitive processes can give rise to three attentional
abilities in early childhood: flexibility, stability, and
selectivity. Using this model, we demonstrate how a
dimensional attention mechanism provides an explanation of
development across attention tasks that have distinct and
often competing cognitive demands.
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tuned to the spatial information of the task. Peaks within this
field reflect spatial decisions about objects in the context of
the task-space (see Figure 2 activation plots where peaks are
forming at a right and left location). This component is
coupled to a set of 2-dimensional fields which are tuned to a
combination of feature information (color in the middle or
shape at the bottom of Figure 2) and spatial information. The
model builds representations of objects by anchoring peaks
of activation for visual features to spatial locations. Thus, the
parietal and temporal fields all share activation with one
another along the spatial dimension. When neural units are
activated within the model, they pass activation to other units
that are tuned to similar spatial information.

between the frontal and posterior systems and weak
interactions between label units. As a result, the ‘young’
model perseverates in the DCCS task at rates similar to 3year-olds. An ‘old’ model has strong connectivity between
frontal and posterior system and strong interactions between
label units. As a result, it switches rules at rates similar to 4year-olds. Thus stronger top-down processing biases decision
making in order to override bottom-up processing that alone
would lead to perseveration. This model has been used to
explain a wide array of results in the literature and predict
performance in new manipulations to the task (see also Buss
& Spencer, 2017; Perone, Plebanek, Lorenz, Spencer, &
Samuelson, 2017).

Dimensional Attention Development
Next, we examine whether this model can explain a
previously reported developmental association between
flexibility on the DCCS and attentional stability in a priming
task. Then, we examine whether the model can predict
associations between flexibility in the DCCS task and
attentional selectivity in an implicit attention tasks.

Stable and Selective Attention

Attentional stability improves over early development and
has been previously assessed with a dimensional priming
(DP) task (Medin, 1973). In this task, children are first shown
a reference object (e.g., a blue square) and are then shown
two choice objects (see Figure 3). Children are instructed to
pick the object that goes best with or is most like the reference
object. The first two trials that children receive in this task,
depicted in Figure 3, are called priming trials. Priming trials
are configured such that only one of the two choice objects
matches the reference object. After two priming trials,
children are given ten test trials where both choice objects
have a feature that matches the reference object along
different dimensions. Children’s performance is scored based
on the number of trials on which they continue to select
objects based on the primed dimension.
Benitez, Vales, Hanania, and Smith (2017) demonstrated
that stability in the DP task
is related to attentional
flexibility in the DCCS
task. Children who could
flexibly switch rules in the
DCCS task were more
likely to continue making
Figure 3: Example of DP
choices
based on the primed
task stimuli.
dimension in subsequent
test trials. Based on these results, several questions are left
unanswered. How can a neurocognitive system give rise to
flexibility in one context but stability in another? Stability in
the DP task seemingly works in opposition to flexibility in
the DCCS task. However, this data set suggests a more
nuanced attentional process drives the association in
performance between these tasks. Moreover, it is not clear
how a neurocognitive system can adapt across these contexts
when either explicit or implicit demands are imposed.
Another classic measure of attention is a free

Figure 2. Schematic of Buss & Spencer (2014) DNF
model of dimensional attention and flexibility in the
DCCS task.
Additionally, the parietal and temporal components are
reciprocally connected to a frontal cortex component. This
component implements representations of labels for features,
dimensions, or objects. These label representations
implement a form of dimensional attention: when a label unit
is activated, processing of the associated features is enhanced
within the object representation system. In the second column
of Figure 2, the model is given a test card as a ridge of
activation for the blue and star features that is equally strong
across all spatial locations. The model has been instructed to
sort by color meaning that a biasing input has been provided
to the “color” label unit. At the time point presented in the
second column, the presentation of the test card input sends
activation to the label units to recruit dimensional attention.
Because the model has been instructed to sort by color, the
model activates the “color” label unit. In column 3, the model
has built a representation of the test card at the leftward
location, sorting by color. The final column illustrates the
memory traces that accumulate after the pre-switch phase:
memory traces overlap with target inputs within the colorspace field creating competition, whereas memory traces
conflict with the target inputs within the shape-space field
creating conflict.
The ‘young’ model has weak reciprocal connectivity
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classification task, specifically the Triad Classification (TC)
task (Smith & Kemler, 1977). The TC task taps into implicit,
selective attention. Similar to the DP task, children are given
a series of trials in which they are shown a reference object
and asked to pick which choice object goes with the reference
object. The three stimuli are configured such that on every
trial one object shares the same feature with the reference
object along one dimension while being maximally different
along the other dimension. This is termed the identity (ID)
choice object (object shown at the right in Figure 4 and is
labeled B). The other choice object does not match the
reference object along either dimension, but is overall more
similar to the reference object when considering both
dimensions (object shown at left in Figure 4 labeled C). This
object is called the holistic (H) choice object. Thus, the H
object would be deemed a better match to the reference object
if information is integrated across both dimensions.
However, the ID object would be deemed a better match to
the reference object if information is selectively considered
along a single dimension. Previous studies have
demonstrated that children’s attention becomes more
selective over development, such that older children more
frequently select the ID object over the H object compared to
younger children (Smith & Kemler, 1977).
The TC task requires
selective attention to focus
processing on the task relevant
dimension. Moreover, the
application of attention must
be driven implicitly since there
Figure 4. Left: diagram of feature
space. Right: Example stimuli
are no cues or instructions
(A=Reference object, B=ID, C=H)
regarding which dimension is
relevant. The relevant dimension must be inferred from the
configuration of stimuli. The TC task also places unique
demands on flexibility. That is, the relevant dimension is
randomly selected from trial to trial. The TC task lacks a
dimension that is systematically task-relevant over the course
of many trials as in the DCCS and DP tasks. Thus, the TC
also requires flexibly for shifting between dimensions as this
configuration switches from trial to trial.
There have not been any previous examinations of
performance between this task and the DCCS task, however
the interaction between flexibility and selectivity has been
previously discussed (see Hanania & Smith, 2010). Previous
research with the DCCS task suggests that selectivity and
flexibility influence one another. For example, decreasing the
demands on selective attention improves switching in 3-yearolds (Kloo & Perner, 2005), and increasing the demands on
selective attention makes switching more difficult for
younger children (Fisher, 2011). These findings suggest that
common processes might underlie the development of these
diverse attentional functions.

development across three attention tasks in early childhood.
In the following section we step through how the model
addresses the unique demands posed by each task.

Modeling Stability
To simulate the DP task, a reference object input is given as
a ridge of activation (note the horizontal strips of activation)
to the shape and color fields (see column 1, Figure 5). Similar
to the test card inputs in the DCCS task, this input does not
induce above threshold activation, but instead serves to preshape activation in the field. Similar to the target card inputs
in the DCCS task, the choice objects in the DP task are a set
of spatially localized inputs at the leftward and rightward
locations. These are strong inputs that interact with the
reference object input to induce above-threshold activation.

Figure 5. Architecture and activation during
priming and test trials.
During priming trials the leftward object overlaps with the
ridge for the reference object in the color field while the
rightward object is at a different color value; in the shape field
both objects are at a different feature value than the shape
feature of the reference object. The arrows drawn below the
spatial field indicate that the inputs are stronger at the
leftward location compared to the rightward location due to
the overlap of the reference object feature with the choice
object feature at the leftward location. Due to this overlap
within the color field, there is also a dimensional signal that
indicates that color is the relevant dimension (note the arrows

A DNF Model of Attentional Flexibility,
Selectivity, and Stability
Using the current model, we demonstrate how a
dimensional attention mechanism provides an explanation of
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between the feature fields and dimensional units plotted at
left). In the top right column, the model has made a decision
to select the leftward object as reflected by the peak at the
leftward location and engaged above threshold activation of
the color dimensional unit. During test trials, the interaction
between the frontal component and the memory traces that
have accumulated on the dimensional node during priming
trials, allows the ‘old’ model to continue choosing based on
the primed dimension (see bottom right column of Figure 5)
regardless of the overlap between both target objects and both
dimensions of the test card (see bottom middle column of
Figure 5). The ‘young’ model is unable to hold on to the
relevant dimension for as long because the memory trace
strength is weaker and randomly chooses target objects.

both features for both objects, leading to equal inputs to the
nodes, performance here is a function of how strongly the
frontal component (e.g. color node) is engaged. The frontal
component directly influences decision making in the
moment, trial by trial for the TC. For the DP this is in addition
to the strength of memory traces from priming trials during
the test trials. Spatial information influences feed-forward
input from the feature fields in all three tasks.
In column 2 of Figure 6, dimensional information has a
stronger input at the location of the ID for the relevant
dimension relative to the irrelevant dimension. This bottomup processing, in conjunction with top-down processing from
the frontal component, leads to the ID choice decision in the
‘old’ model. When compared to the H choice, the ID object
becomes the ‘better choice’ (see column 3, Figure 6) in the
face of competing dimensional similarity due to the influence
of top-down processing (i.e. object representation system).
However the ‘young’ model has weaker fronto-posterior
connectivity, thus the ‘young’ model relies on bottom-up
processing. That is, the summation of similar features (e.g.
closest to the reference ridge) along both dimensions for the
H object leads to the ‘young’ modeling choosing the H object.

Modeling Selectivity
The TC task requires implicit attention similar to the DP task.
In both tasks, the relevant dimension is determined based on
the configuration of stimuli. The TC task is different from the
priming task in that the relevant dimension is randomly
selected from trial to trial; thus, children must not only
determine which dimension is relevant based on the
configuration of stimuli, but also be able to selectively attend
to shapes or colors in a flexible manner.

Modeling Methods
We ran simulations (n=100) where there were fifty 3.5 and
fifty 4.5 year olds simulated in all three tasks. The 3.5 year
old group is defined as ‘young’ and has a specific set of
parameter manipulations. The same is true for the simulated
4.5 year group defined as ‘old’ (see also Table 1). Variations
in behavioral performance can be captured in the model via
parameter specific manipulations.

Table 1. Target manipulations for the ‘young’ and ‘old’ model with their
corresponding parameters and distribution characteristics. F>L means fields
to dimensional nodes (DN), L>F means DN to fields, Inh means lateral
inhibition between DN, and Exc means self-excitation of DN.

Figure 6. Sequence of events during TC task
The left column in Figure 6 shows the ridge input
corresponding to the reference object in the TC task similar
to the presentation of the reference object in the DP task. In
the middle column, strong spatially localized inputs are for
the two dimensions presented for the H choice object (right)
and ID choice object (left). Competition within this task is
induced by the H object sharing similar features to the
reference object along both dimensions. This is indicated by
the darker arrow under the rightward spatial location (e.g. a
summation of bottom-up activation). However, a
dimensional signal is present based on the overlap of inputs
for the matching features between the reference and ID
objects (note the darker arrow between the color field and the
color node). Thus, whereas the pull in the DP task is along

In Table 1, the ‘nodes’ refer to dimensional neurons
specifically tuned to shape or color. When activation is
boosting in one or the other node, the corresponding inputs to
the spatial and feature fields allow for the appropriate
dimensional decision to be made; guided by the dimensional
attention system. The inputs, or activation, being sent from
the nodes to the fields is representative of anterior and
posterior long range connections from frontal cortex to
temporal and parietal cortex. Consequently, activation sent
from the fields back to the nodes are representative of
bottom-up processing or connections from posterior regions
to frontal cortex. This connection is strengthened with
dimensional label learning (DLL), thus evidence of DLL as a
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mechanism for more adaptive performance in these tasks is
hypothesized to be indicative of greater connectivity between
frontal and posterior regions within this framework.

CIELAB 1976 color space and shapes that were metrically
controlled based on RFC-defined stimuli (Drucker &
Aguirre, 2009). The H object was selected to be between 4551 degrees away from the reference object along both
dimensions. The ID object was selected to match the choice
object exactly along one dimension and to be 180 degrees
different along the other dimension.
To obtain a quantitative metric in the context of flexible
dimensional attention, we administered a variation of the NIH
Toolbox version of the DCCS (Zelazo & Bauer, 2013). This
version is similar to the standard DCCS task, except that a
mixed block is included after the post-switch phase. During
the mixed block phase, the features are completely changed
from the previous sorting phases. Thirty trials are
administered, 10 of which children are instructed to sort by
the pre-switch dimension and 20 of which children are
instructed to sort by the post-switch dimension. In the NIH
Toolbox version, the mixed block is only administered to
children who pass the post-switch phase. However, we
administered the mixed block to all children with the aim of
detecting more variation in children’s dimensional attention
switching abilities. Children were seated in a child sized chair
within 12-14 inches from a touch screen monitor on which
they made their responses. Functional near-infrared
spectroscopy (fNIRS) data was collected, but those data will
not be reported here.

Modeling Results
First, we examined whether the model replicated the
association between DCCS and DP tasks reported by Benitez
et al. (2017). As shown in Table 2, the longest run of trials
where the model picked based on the primed dimension was
significantly higher for models that switched rules in the
DCCS compared to models that perseverated. The DCCS
scores were reported as pass/fail scores. The TC task was
scored by taking the percent of correct trials over total trials,
where correct trials were instances that the ID object choice
was made. Next, we examined whether performance on the
TC task was associated with DCCS performance. As shown
in Table 2, models that switched rules selected the ID object
in the TC task at a higher rate than models that perseverated.
Thus, the model predicts that developmental improvements
in selective and flexible attention should be related.
Task
Model results
Young
Old
Mean
SD
Mean
SD
TC
.720
.209
.930
.163
Priming
1.620
1.614
8.923
2.721
DCCS
Pass=16
Fail=34 Pass=35 Fail=15
Table 2. Model predictions for 3.5- and 4.5-year-olds
across the DCCS, DP, and TC tasks.

Results
Behavioral results are presented in Table 3. The DCCS
scores calculated as total pass or fail, where passing is defined
as missing no
more than 1 postswitch trial. The
TC task was
scored by taking
the percent of
correct trials over
total trials, where
correct trials were
instances that the ID
object choice was
made. Children who
failed to switch rules
in the DCCS choose
the H object more
often than the ID
object during the
TC. Children that switched rules more often choose the ID
object. We then compared the performance of these children
using a 2 (DCCS: pass or fail) x 2 (dimension) ANOVA to
determine if children performed differently in the TC task
based on whether they succeeded in the post-switch phase of
the DCCS task. This analysis revealed no main effect of
dimension (F(1)=2.26, p=.144) nor an interaction between
dimension and DCCS performance (F(1,28)=.004), p=.948).
However, this analysis did reveal a main effect of DCCS
performance (F(1)=6.814, p=.014). Mixed block
performance on the DCCS was also scored (see Figure 5).

ID choices were made more often by the ‘old’ model than the
‘young’ and the ‘old’ model was more flexible and
perseverated less often than the ‘young’ model. We then
tested the predicted relationship between flexibility and
selectivity; data from which is reported in the next section.

Testing Associations Between Attentional
Selectivity and Flexibility
Participants
This study included 21 3.5-year-olds (M age= 42.36 mo; 10
males and 11 females) and 16 4.5-year-olds (M age= 54.25
mo; 10 males and 6 females) who were recruited from an
urban area in the southeastern United States. Research
protocols were approved by IRB and informed consent was
obtained from parents or legal guardians. Children were
given the TC and DCCS tasks in counterbalanced order. The
pre-switch trial dimension in the DCCS was also
counterbalanced between participants. An additional three
children in the 3-year-old group and one child in the 4-yearold group were recruited but not kept due to failure to
complete both tasks.

Procedure
The TC task provides a quantitative metric of performance
based on the proportion of trials on which the identity object
is picked. The TC stimuli were generated using colors from
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Discussion
We observed associations between the DCCS task and both
the DL and TC tasks. Our simulations replicated the findings
of Benitez et al. (2017). The model offers insight regarding
the nature of the processes underlying performance across
these three tasks. Performance in all three tasks depended on
the strength of connectivity between the frontal and posterior
systems and connectivity within the frontal system. The
‘young’ model with weak coupling between dimensional
units and feature fields, and weak local-excitation/lateralinhibition among the dimensional units did not robustly
engage the dimensional units during the priming trials which
lead to a weaker accumulate of memory traces on the
dimensional unit relative to the ‘old’ model. The ‘old’ model
robustly engaged the dimensional units, built up stronger
memory traces on the relevant dimensional unit, and was able
to consistently engage this dimensional unit representation
over the course of priming trials. In relation to DCCS
performance, across both the ‘young’ and the ‘old’ models,
runs of the model that were able to correctly switch rules in
the DCCS task showed significantly higher levels of priming
over the course of 10 test trials in the DL task.
The current model was able to generate responses on the
TC task that were also associated with performance on the
DCCS task. In particular, the ‘old’ model showed a higher
rate of selecting the ID choice object relative to the ‘young’
model. Additionally, runs of the model that were able to
correctly switch rules in the DCCS showed a higher rate of
ID choice object selection. This prediction was replicated by
our findings with children in the lab.
We demonstrated how a single neurocognitive system
could explain patterns of behavior of preschool aged children
across three different dimensional attention tasks. Each task
highlighted a unique set of processing demands on the
proposed neurocognitive architecture involved in
dimensional attention. By implementing a dynamic neural
field model around basic processes of object representation
and label learning, we were able to demonstrate how neural
processes could give rise to these attentional functions. The
current model can also make predictions regarding
hemodynamics underlying these same attentional functions.
Current works in our lab are testing these neural predictions.
Future research should further this model to test how
applicable this architecture is to other tasks in the
developmental literature related to dimensional learning.
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Abstract

Discrete choice models (e.g. logistic regression) are popular models in the economics literature that describe choices between two
or more discrete alternatives. These models have been successfully used to model value-based decisions, e.g. decisions in moral
dilemmas, although temporal components of a decision, such as reaction times and changes of mind are not included. In cognitive
sciences, another class of decision models, namely sequential-sampling models, has gained popularity in modelling choice accuracy,
reaction time and decision uncertainty (e.g. confidence judgments). Here, we model decisions in moral dilemmas using a variant of
a hierarchical drift-diffusion model, factor drift diffusion, that combines the value-based approach with that of evidence accumulation
mechanism by sequential-sampling. Specifically, we model the evidence accumulation process as resulting from a subjective weighting
of abstract moral dimensions (factors). We train our model on a data set of 6500 moral decisions by 500 respondents on a popular
web platform (MoralMachine.mit.edu) and separately infer different sources of uncertainty in moral decisions. We show that the model
successfully predicts reaction times and choices in moral dilemmas, while also leading to unexpected results.
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fixation- and saccade-based analyses of generic eye-tracking
data (e.g., Dink and Ferguson (2015)). This has facilitated
adoption of fixation- and saccade-based eye-tracking methods as standard tools for investigating cognition and behavior.
While fixations and saccades describe most human eye
movement in response to stationary or rapidly moving visual stimuli, tracking of smoothly moving stimuli obeys a
different dynamic, namely smooth pursuit – slow eye movement that maintains the image of a moving object on the
fovea (Cassin et al., 1984). Far less work with eye-tracking
has studied smooth pursuit, in part due to a relative lack of
analysis tools. A recent 400-page review of eye-tracking
methodology mentions smooth pursuits only thrice and notes
that ‘a robust and generic algorithm for their detection is currently an open research problem’ (Duchowski, 2017, p. 176).
In this paper, we propose a novel hidden Markov model
(HMM) approach to analyzing eye-tracking data in the context of multiple moving objects of interest. Given continuous
gaze data collected from a subject tracking moving objects
with known positions over time, our model can accurately
determine the object being tracked at each time point. Since
smooth pursuit is intimately tied to tracking smoothly moving
objects, this model effectively provides a way of analyzing
smooth-pursuit movement. We anticipate that our model may
be useful for researchers in cognitive science and related areas and have made a Python implementation freely available.

Abstract
Eye-tracking provides an opportunity to generate and analyze
high-density data relevant to understanding cognition. However, while objects in the real world are often dynamic, eyetracking paradigms are typically limited to assessing gaze toward static objects. In this study, we propose a generative
framework, based on a hidden Markov model, for using eyetracking data to analyze behavior in the context of multiple
moving objects of interest. We apply this framework to analyze data from a recent visual object tracking task paradigm,
TrackIt, for studying selective sustained attention in children.
We also present a novel ‘supervised’ variant of TrackIt that we
use to tune and validate our model, while providing insights
into the visual object tracking abilities of children and adults.
Keywords: eye-tracking; visual object tracking; hidden
Markov model; TrackIt; selective sustained attention

Introduction
Eye-tracking provides temporally rich behavioral data (gaze)
that is closely linked to many cognitive functions. It has been
widely used to study cognition, in diverse research areas including category learning (Rehder & Hoffman, 2005), visual
attention (Doran, Hoffman, & Scholl, 2009), sports expertise (Smuc, Mayr, & Windhager, 2010), visual perception
(Gegenfurtner, Lehtinen, & Säljö, 2011), implicit bias and
stereotype (Pyykkönen, Hyönä, & van Gompel, 2009), language processing (Barr, 2008) and psychological disorders
such as schizophrenia (Holzman et al., 1974). Beyond psychology, eye-tracking applications include safety evaluation
in driving (Palinko, Kun, Shyrokov, & Heeman, 2010), usability studies in human-computer interaction (Jacob & Karn,
2003), and diagnosis of Alzheimer’s disease (Biondi, Fernandez, Castro, & Agamenonni, 2017).
Most of these applications rely on the extensive work
that has been done based on two important components of
gaze: fixation (maintenance of gaze on a single location)
and saccade (quick movement of gaze between two fixations) (Cassin, Solomon, & Rubin, 1984). There exist welldocumented standards for identifying and analyzing fixations and saccades in eye-tracking data (Duchowski, 2017),
and meta-analysis has shown that the most commonly used
eye-tracking measures are number of fixations, mean fixation duration, and gaze duration (a function of multiple fixations) (Jacob & Karn, 2003). These have been incorporated
into user-friendly analysis software built into commercial
eye-trackers, and there also exists open-source software for
∗ These

A Hidden Markov Model Approach
Hidden Markov Models (HMMs) are a popular generative
model for time series data, in which observed data is assumed
to be drawn, at each time point, from a distribution depending
on an unobserved hidden state. An HMM is a natural fit for
the problem at hand; at each time point t, the subject is looking at something S(t) (the hidden state), and we observe eyetracking data X(t) that is primarily a function of S(t) and random noise. Unlike simpler models that consider data at each
time point independently, an HMM mitigates noise and easily handles complex scenarios such as object collisions (when
multiple objects briefly occupy the same space), without losing the fine temporal resolution of eye-tracking data.

Selective Sustained Attention and TrackIt
Selective sustained attention (SSA) is an important cognitive
process that enables everyday functioning and task performance by allowing us to: 1) choose components of our en-

authors contributed equally to this work.
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vironment to process at the exclusion of others and 2) maintain focus on those components over time. SSA relies on both
endogenous factors (e.g., internal goals) and exogenous factors (e.g., stimulus salience), and studying how these factors
develop and interact in guiding attention during childhood is
of special interest for SSA development research (O’Connor,
Manly, Robertson, Hevenor, & Levine, 2004).
TrackIt is a child-appropriate visual object-tracking task
recently developed to measure SSA, that can capture differential contribution of exogenous and endogenous control of
attention and allow flexible assessment over a range of developmental years (including pre-school years, for which there is
a relative lack of appropriate SSA measures), with parameters
for adjusting difficulty with age (Fisher, Thiessen, Dickerson,
& Erickson, 2013; Fisher, Thiessen, Godwin, Kloos, & Dickerson, 2013; Kim, Vande Velde, Thiessen, & Fisher, 2017).
In the TrackIt task, participants visually track a single target
object moving about on a grid, among other moving distractor objects. At the end of each such trial, all objects vanish
from the grid, and participants are asked to identify the final
grid cell location the target occupied before vanishing.
Prior studies using TrackIt have measured task performance mainly in terms of this final response – whether the
final grid cell was correctly identified. However, this measure has several limitations. For example, Kim et al. (2017)
suggested that many behavioral ‘errors’ may be attributable to
subjects’ limited visual resolution when identifying the final
grid cell location of the target (thereby clicking an adjacent
cell). Also, this measurement is made after task and only indirectly tells us what participants do during task.
To address these limitations of data available directly from
TrackIt, we began collecting eye-tracking data. Analyzing
these rich data, however, involves a non-trivial technical challenge, namely that of robustly identifying the object a participant is tracking from noisy eye-tracking data, even when objects are moving, crowded, and potentially overlapping. This
problem motivated the methods proposed in this paper, which
we present in the belief that they may be useful for analyzing
eye-tracking data in more general experimental contexts.

images. While Coutrot et al. (2017) used conversational
video stimuli, the regions of interest, which were the faces
of speakers, were essentially stationary relative to the display. In contrast, our stimuli are videos of moving objects,
and so the parameters of our HMMs evolve over time as objects move. Second, these prior analyses are all based on
first identifying fixations and then modeling these fixations
using HMMs, while our HMMs directly model continuous
eye-tracking data; the latter is more appropriate for measuring
smooth pursuit, which is not composed of fixations. Finally,
these prior studies use repetitive tasks (e.g., face recognition
with aligned face stimuli) or identical tasks performed by different subjects, so that many identically distributed samples
can be combined (across stimuli or across subjects) to learn a
single HMM. This was important because these studies were
studying where most humans gaze when presented with certain stimuli. In our case, object trajectories are randomly
generated before each trial, and we are interested in studying broad patterns behavior, independent of the exact stimuli
presented. As a result, each trial is distinct, and an HMM
must be fit for each trial using data from only that trial. Fortunately, positions of objects of interest over time are known,
and we can build an HMM around this fact.
Contributions The contributions of this work are: 1) We
propose a novel HMM approach for analyzing eye-tracking
data in the presence of moving visual stimuli. 2) We validate
our model on data from a variant of TrackIt (called supervised TrackIt). 3) We apply the HMM to analyze data from
the original TrackIt experiment (which we call unsupervised
TrackIt) and show that it provides a robust analysis method.

Methods
Source Code and Reproducibility A TrackIt executable
(including supervised and unsupervised variants) and its
source code are freely available at http://www.psy.cmu
.edu/˜trackit/. Python scripts for reproducing our analyses, results, and figures, as well as the eye-tracking and
TrackIt data used, are available at https://github.com/
sss1/eyetracking. The eye-tracking analysis accepts a
generic CSV data format containing timestamped (x, y) coordinates, making it compatible with any standard eyetracker. Also included is a Python executable for collecting data in this format using the SMI RED-250 mobile eye
tracker. Finally, videos of example unsupervised and supervised TrackIt trials can be found at https://github.com/
sss1/eyetracking/tree/master/videos.

Related Work
There has been prior work on analyzing eye-tracking data
from behavioral studies using HMMs. Kärrsgård and Lindholm (2003) used HMMs for an eye-typing application (in
which users form words by fixating on characters on a display). More recently, Haji-Abolhassani and Clark (2013,
2014) used HMMs to predict the visual tasks being performed by subjects viewing a painting. Finally, a substantial line of work has used HMMs to study eye movement
patterns involved in face recognition (Chuk, Chan, & Hsiao,
2014, 2015; Chuk, Chan, Shimojo, & Hsiao, 2016; Chuk,
Crookes, Hayward, Chan, & Hsiao, 2017; Chuk, Chan, &
Hsiao, 2017). A MATLAB toolbox has also been published
implementing these analyses (Coutrot, Hsiao, & Chan, 2017).
These studies share several related features that contrast
from the current study. First, the stimuli presented are static

Hidden Markov Model Specification
Overview We model the subject as being, at each time
point, in one of N states S = {s1 , ..., sN }, corresponding to
the N visible objects of interest; state s j indicates the subject
tracking the jth object. When in the state s j , we model the
subject’s eye-tracking data with a Gaussian emission distribution centered at the center of the jth object. In the case of
TrackIt, if ND denotes the number of distractors (in our stud-
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and can hence estimate model performance. We tuned σ by
grid-search over 50 logarithmically spaced values of σ between 10 and 104 pixels (≈ 0.2◦ -24◦ of visual field), selecting
the value that maximized empirical accuracy of predicting the
true state. We tuned σ separately for adults and children, as
we expect tracking precision to improve with development.

ies, ND = 4), N = ND + 1 (1 target, ND distractors). Figure 1
illustrates the components of our model in this context.
Notation Spatial coordinates are measured in pixels (≈
0.02◦ of visual field) with (0, 0) denoting the bottom left
corner of the display. xmin , xmax , ymin , and ymax respectively
denote the minimum and maximum horizontal and vertical
coordinates observable by the eye-tracker. The observable
region R := [xmin , xmax ] × [ymin , ymax ] is a rectangle including
the entire grid traversable by TrackIt objects. Within the context of any particular trial, T denotes the trial length (in 60Hz
frames), and t ∈ [T ] := {1, 2, ..., T } indexes individual frames.

Observation 1

Hidden State Model The sequence of underlying hidden
states is modeled as a Markov chain with a fixed initial distribution π ∈ [0, 1]S (such that ∑S∈S πS = 1) and transition matrix Π ∈ [0, 1]S ×S (such that, for each S ∈ S , ∑S′ ∈S πS,S′ = 1).
Since, in this study, we are interested in using our model to
classify participants’ behavioral states over time, to avoid biasing the model, π is constrained to be uniform (i.e., πs1 =
· · · = πsN ), and Π is constrained to have identical diagonal
values c1 and identical off-diagonal values c2 ; i.e.,


c1 c2 · · · c2
c2 c1 · · · c2 


Π= .
..  .
.. . .
 ..
. .
.
c2 c2 · · · c1
599
We set c1 = 600
and c2 = (1 − c1 )/N, corresponding to an
average of 1 uniformly random transition per 600 frames (≈
10 s); this choice is due to the tuning procedure used to learn
the model hyperparameters (see ‘Supervised TrackIt’).

Observation 2

Observation 3

X(1)

X(2)

X(3)

S(1)

S(2)

S(3)

Hidden State 1

Hidden State 2

Hidden State 3

(a)

(b)

Figure 1: (a) graphical model schematic of HMM (b) example
conditional distribution of X(t) given S(t) = “Blue Moon”.

Unsupervised TrackIt
In the unsupervised (original) TrackIt task, participants visually track a single target object as it moves on a 4 × 4 grid,
among 4 moving distractor objects. For each trial, the target
and distractor objects are randomly selected without replacement from a set of unique objects spanning 9 different shapes
with 9 different color possibilities (81 possible objects). See
Figure 2 for an example. At the beginning of each trial, objects appear on a grid, centered in random, distinct grid cells,
and the target object is indicated by a red circle around it.
Upon starting the trial (by button press), the red circle disappears, and the objects begin to move in piecewise-linear
trajectories from grid cell to grid cell at a constant speed (500
pixels, or 10◦ , per second). At the end of each trial, all objects vanish, and the participant is asked to indicate the grid
cell the target object last occupied before disappearing.
The path of each object is randomized, with the constraint
that the target has to be in the center of a grid cell at the end
of the trial, to reduce ambiguity for the participant in determining its final location. Due to this constraint, trial length is
not fixed, but varies slightly between trials (to allow the target
to reach the center of a grid cell), with a minimum of 10 s.
Grid size, object speed, number of distractors, minimum
trial length, etc. are experimenter-selected TrackIt parameters; the above values were suggested by prior work as appropriate for young children (Kim et al., 2017).

Emission Distributions Let S∗ : [T ] → S denote the sequence of states assumed by the subject. At each time point,
if the subject is in the state corresponding to tracking the object s, the model assumes the eye-tracking data of the subject
is distributed according to an isotropic Gaussian centered at
the center of S; that is, for each t ∈ [T ] and s ∈ S ,

E(t)|S∗ (t) = s ∼ N Xs (t), σ2 I2 ,
where E : [T ] → R denotes the eye-tracker trajectory, and, for
each S ∈ S , XS : [T ] → R denotes the trajectory of the object
corresponding to state S. The spherical standard deviation σ,
which we model as common across objects, is an important
hyperparameter whose selection is discussed below.
Model Fitting Because, when analyzing eye-tracking data
from TrackIt, we do not a priori know the true state sequence
S∗ , the model is trained in an unsupervised manner, via maximum likelihood estimation (MLE); that is, the estimated sequence of states is that which maximizes the likelihood of
the observed eye-tracking data. An HMM’s MLE can be efficiently computed using the Viterbi algorithm (Forney, 1973).

Before Trial

Parameter Selection The most influential parameter in the
model is the spherical standard deviation σ of the Gaussian
emission distributions. To calibrate σ, we used data from a
novel ‘supervised’ variant of TrackIt (described below), in
which we are confident about the true state at most time points

During Trial

After Trial

Figure 2: The unsupervised TrackIt task.
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Supervised TrackIt

that interval. Next, we discarded trials missing eye-tracking
data for more than 50% of frames (53 child trials and 5 adult
trials). Finally, we discarded data from subjects for whom
more than 50% (> 5 trials) had been discarded (3 children).
After preprocessing, 86 child trials and 145 adult trials remained. Even after these steps, intervals of (> 10 frames of)
eye-tracking data may still be missing. For these frames, the
HMM automatically assigns a ‘null’ state, and the frames before and after each such interval are fit independently by the
Viterbi algorithm. When evaluating model performance, we
report results both treating these frames as incorrect classifications (giving a conservative ‘worst-case’ lower bound on
performance) and ignoring these frames (giving a less conservative ‘average-case’ performance estimate).

To tune the parameter σ and evaluate model performance, we
designed a ‘supervised’ variant of TrackIt, in which we know,
with relatively high confidence, what object the participant is
looking at (i.e., the ‘true state’) at most time points. To do
this, we made the target flash white repeatedly (for 100 ms,
separated by 200 ms) during the entire trial, making it salient
and easy to track (without relying on endogenous SSA). Participants were instructed to follow the flashing object with
their eyes. Rather than using a single target for the entire trial,
the flashing target changed at random intervals (uniformly between 5 s and 15 s). To allow multiple target changes, trials
were lengthened to a minimum of 30 s (from 10 s in unsupervised TrackIt). Changing the target within trials was essential to ensure the fitted model could accurately detect transitions between objects; without this, the model would learn to
always estimate a single most likely target during each trial
(i.e., the selected σ would be too large). As in unsupervised
TrackIt, the target was circled in red and flashed before trial
start, so participants could begin the trial tracking the correct
object. Other parameters and preprocessing steps were identical to the unsupervised TrackIt setup. TrackIt recorded the
flashing target’s identity in each frame, allowing us to compare model predictions to this ‘ground truth’. Some error is
introduced by the delay with which participants transition after the blinking object changes. Better results might be obtained by ignoring a few frames after each change when measuring error, but our results are robust without doing this.

Results
Model Validation (Supervised Data)
We compared our HMM’s performance to that of a ‘naive’
model that assumed that, at each time point, the subject was
looking at the object closest to their gaze. This model is
equivalent to a variant of our HMM with uniform transition
matrix Π, thus ignoring the underlying Markov model and using only emission probabilities. Figure 3 shows the HMM’s
accuracy, as a function of σ, along with that of the naive
model and ‘chance’ of 20% (1 out of 5 total objects).
While both models perform better on adult data than on
child data, curves are qualitatively similar for both populations. For very small σ (e.g., < 100 (≈ 2◦ )), the cost of selecting an object even slightly further than the closest object
outweighs the cost of transitioning states, and so the HMM
behaves essentially like the naive model. For very large σ
(e.g., > 2000 (≈ 49◦ )), the emission distributions of all objects become similar, and the HMM may fail to ever transition, performing worse than the naive model. As we expected,
the optimal σ for children was much larger than that for adults
(870 pixels (≈ 18◦ ) versus 490 pixels (≈ 10◦ )), reflecting less
precise visual tracking of the target object. However, for both
adults and children, in the large range of σ ∈ [102 , 103 ] (≈ 2◦ 21◦ ), the HMM outperforms the naive model.
This analysis shows that superiority of the HMM decoder
depends on the value of σ, albeit quite robustly. Hence, to
objectively evaluate decoder performance independently of
tuning, we next used leave-one-out cross-validation (holding
out 1 trial per fold, maximizing accuracy over σ on remaining
trials, and measuring accuracy on the held-out trial). Table 1
shows that the HMM provides a large mean improvement (≥
16.1% in adults, ≥ 20.9% in children) over the naive model.

Experimental Procedure and Data
Subjects For supervised TrackIt, 15 healthy adult volunteers and 15 typically developing 5-year-olds each performed
12 trials, including 2 initial practice trials during which the
experimenter explained the task. Practice trials were not
analyzed, giving 10 usable trials/subject. For unsupervised
TrackIt, 10 healthy adult volunteers each performed 5 trials
and 10 typically developing 3-year-olds each performed 3.
Materials and Apparatus Stimuli were presented on a
Lenovo laptop screen with physical dimensions 19.1 cm ×
34.2 cm and pixel dimensions 1080 × 1920 pixels (approximately 22◦ × 40◦ of visual field). Subjects were seated at a
desk facing the screen with their heads about 0.5 m away from
the screen. The SMI RED-250 mobile eye tracker was used
to record continuous gaze positions at 60 Hz during TrackIt
trials. After using SMI’s iView X software to calibrate the
eye-tracker, we used a custom Python script to collect eyetracking data synchronized with TrackIt.

SSA Performance Evaluation (Unsupervised Data)

Data Preprocessing Child eye-tracking data contains a
large proportion of missing values (due to children looking
away from task or moving excessively), and so we preprocessed data to mitigate this. Whenever a short interval of at
most ≤ 10 consecutive frames (≈ 16.7 ms) of eye-tracking
data was missing, we linearly interpolated gaze during those
frames from non-missing data immediately before and after

We next applied our HMM and the naive model to data from
the original unsupervised TrackIt experiment, this time with
the goal of measuring subject performance (rather than model
performance). As shown in Table 2, task performance as
scored by the HMM is far higher than that as scored by the
naive model, and this difference was statistically significant
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Figure 3: Semi-log plot of HMM, naive, and chance accuracies as functions of HMM parameter σ. Dashed lines indicate
bootstrapped 95% confidence bands. The point of optimal HMM performance (our suggested value of σ) is indicated by a
triangle. Only accuracies on non-missing frames are shown, but curves computed using all frames were qualitatively similar.
Table 2: Proportion unsupervised frames classified on target.

Table 1: Proportion of supervised frames correctly classified.
Population HMM (95% CI) Naive (95% CI)
All frames
Adult
91.4%(2.7%)
75.3%(2.5%)
Child
52.7%(3.9%)
31.8%(2.3%)
Non-missing/interpolated frames only
Adult
93.5%(1.3%)
76.8%(1.5%)
Child
60.7%(2.2%)
36.8%(2.1%)

Population Condition HMM (95% CI)
All frames
Adult
All Same 85.4%(5.4%)
Adult
All Diff
90.7%(4.1%)
Child
All Same 30.1%(6.0%)
Child
All Diff
21.8%(6.3%)
Non-missing/interpolated frames only
Adult
All Same 92.9%(3.4%)
Adult
All Diff
97.4%(1.4%)
Child
All Same 48.8%(7.6%)
Child
All Diff
37.3%(7.0%)

(p < 0.05) in all conditions except in the All Different condition in children. This suggests that the naive model significantly underestimates task performance, losing signal that
may be important for downstream data analyses.
While the main contrast (child performance between All
Same and All Different conditions) was not statistically significant, the direction of difference is consistent with our hypothesis that 3-year-olds have more limited endogenous control of SSA. This dataset was quite small, and we believe that
collecting a larger dataset would show this contrast conclusively. Further work will also explore performance trends
(over trial duration) from the output of the HMM model.

Naive (95% CI)
62.9%(6.4%)
65.4%(5.4%)
19.3%(3.9%)
13.6%(3.7%)
68.4%(4.3%)
70.2%(3.0%)
33.3%(4.9%)
26.5%(3.4%)

many analyses can be performed on its output. For example,
while we only studied the proportion of time spent on target,
the HMM can also identify when during the trial children are
distracted, and, when, if at all, children are able to return attention to the target, allowing us to study the time course of
SSA and its possible self-regulatory mechanisms.
The main constraint of the proposed method is that it requires knowing positions of objects of interest. While available for artificially-generated stimuli, these may be difficult to
obtain in studies that are not computer-based or use videos of
natural scenes. A solution may be to combine an HMM with
algorithms for automated object detection in video, which are
becoming widely-available (Huang et al., 2017).

Conclusions & Future Directions
This paper proposed a novel analysis using a hidden Markov
model for eye-tracking data in the presence of multiple moving objects. We validated and tuned this model in a novel
supervised object-tracking task, demonstrating robustness to
hyperparameter choices, and we used the model to analyze
data from the TrackIt task for measuring SSA in children. The
HMM collapses noisy spatiotemporal eye-tracking data into a
sequence of a small number of states, simultaneously denoising the data and making it more behaviorally interpretable.
The model is quite flexible; input data can be from any visual stimulus with moving objects or areas of interest, and

Towards a Cognitive Model of Object Tracking Our decoder is based on a generative model of eye-tracking data.
This model may be a suggestive first step towards linking eyetracking data to the cognitive process of visual object tracking, and, perhaps, to the higher-level construct of visual SSA.
Using such a model to study subject performance during task
(as in this study) requires fixing the HMM with uniform initial and transition probabilities, so that the model does not
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intrinsically prefer some states over others (e.g., in the case
of TrackIt, the model should treat the target identically to the
other objects). Conversely, a realistic cognitive model should
have non-uniform probabilities (e.g., preferring to follow the
target over distractors, by virtue of SSA). Hence, a major step
in developing such a cognitive model would be fitting its parameters to behavioral data. For Gaussian HMMs, this can be
done using expectation maximization (Bilmes et al., 1998),
which we suggest as a fruitful direction for future work.
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and two agents overdetermine the outcome, the abnormal
action is seen as less causal than the normal action.
(‘abnormal deflation’, Icard et al., 2017). These findings
show that the direction of the effect of normality on causal
attribution depends on the underlying causal structure.
While an abnormal causal candidate receives increased
causal ratings in a conjunctive causal structure, it receives
decreased causal ratings in a disjunctive case.

Abstract
Current causal theories argue that the statistical normality or
abnormality of an action makes a difference to people’s
causal judgements. In this paper, we present two experiments
that explore the role of statistical norms in causal cognition.
In our first experiment, we provide a preliminary test of two
competing theories that aim to explain the effects of normality
in causal cognition – the actual causal strength measure (Icard
Kominsky & Knobe, 2017) and the correspondence
hypothesis about causal judgements (Harinen, 2017). In
addition, we control for an often neglected factor, the
epistemic states of agents. Our second experiment
investigates the effect of statistical normality in the same
context, but with a probabilistic rather than deterministic
causal structure. Our results favour Icard et al.’s (2017) model
of causal strength, but show that the statistical normality of an
action loses its influence when the occurrence of the outcome
is probabilistic. We discuss the implications of our findings
for current causal theories.

Modelling normality
Icard et al. (2017) propose a novel measure of actual
causal strength that aims to predict the patterns of normality
in causal judgement as a whole. In their model, the actual
causal strength combines two distinct causal measures. The
first, actual necessity is defined as the counterfactual
dependence of the outcome E on the causal factor c
(Halpern & Pearl, 2001; Lewis, 2001):

Keywords: Causal judgement, statistical norms, normality

“Actual Necessity”:
If C had not occurred, E would not have occurred.

Normality in causal cognition
The current literature on causal cognition suggests that the
extent to which an action is judged to cause an outcome is
influenced by how normal or abnormal this action is
regarded. Studies show that actions defined as abnormal,
e.g. actions deviating from statistical or prescriptive norms,
receive different causal attributions compared to normal
actions (Halpern & Hitchcock, 2015; Icard, Kominsky, &
Knobe, 2017; Kahneman & Miller, 1986; Knobe & Fraser,
2008). Based on these findings, current theorists have begun
to consider the relevance of the normality of actions and
events for causal frameworks. (Knobe & Fraser, 2008;
Halpern & Hitchcock, 2015; Icard et al., 2017).
A causal structure in which an outcome depends on the
occurrence of at least two actions is known as a conjunctive
causal structure. Studies have shown that when two agents
bring about an outcome in a conjunctive structure, higher
causal ratings are given to the causal candidate who behaves
‘abnormally’, e.g. by violating a rule, or performing an
infrequent or atypical action. The increased causal
attribution to an abnormally acting agent has also been
described as the ‘abnormal inflation’ effect (Icard et al.,
2017). Icard, Kominsky and Knobe (2017) tested the
influence of prescriptive and descriptive normality on causal
judgements in conjunctive as well as disjunctive causal
structures, and found a reversed effect of normality in
disjunctive cases. When the causal structure is disjunctive,
i.e. such that the outcome occurs so long as one agent acts,

The second, sufficiency, defines the robustness with
which the causal factor C brings about the outcome E in
different contexts:
“Robust Sufficiency”:
Given that C occurred, E would have occurred even if the
background conditions had been slightly different.
In their model, the strength of a causal factor C is the
weighted sum of its necessity and sufficiency, with
necessity being weighted by the probability of C being
absent, 1 - P(C=1), and sufficiency being weighted by the
probability of C being present P(C=1). Crucially, Icard et al.
(2017) suggest that normality directly influences the
propensity with which we sample counterfactual situations.
The more normal a counterfactual scenario, the more likely
it is to be imagined. Given the different weightings of
sufficiency and necessity by the probability of a factor being
present (respectively absent), the normality of a causal
factor will have a different influence on the sampling
probability in each case. A sufficient causal factor will be
more likely to be imagined when it is normal. In contrast, a
necessary factor will be less likely to be imagined when it is
normal.
A causal candidate has different degrees of causal
necessity and sufficiency for an outcome depending on
whether a conjunctive or disjunctive causal structure is in
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place. By weighting these two causal measures differently
by the normality of a cause, the actual causal strength
measure allows to predict the overall pattern of normality in
conjunctive and disjunctive structures (Icard et al., 2017).

effects in causal cognition. However, studies have shown
that the extent to which agents foresee the consequences of
their actions has a crucial impact on causal attributions
(Lagnado & Channon, 2008). In particular, higher
foreseeability leads to higher causal ratings. Despite these
findings, studies investigating the influence of the normality
have not systematically controlled for the influence of an
agent’s epistemic state on causal judgments.
In addition, the influence of prescriptive and statistical
norms on causal judgement has mainly investigated actions
in deterministic causal structures, i.e. structures in which the
effect definitely occurs once the causal conditions are
satisfied. However, most of the cause-effect relationships
we encounter in our daily lives are probabilistic. We were
therefore interested whether the effects predicted by Icard et
al. (2017) hold for cases of probabilistic causation.
Consequently, this paper had three aims. First, to provide
a preliminary test to distinguish between Icard et al.’s actual
causal strength measure (2017) and Harinen’s
correspondence theory (2017) for statistical norm effects.
Second, to control for the influence of an agent’s epistemic
state on the effects of statistical normality. Third, to test the
influence of statistical normality in a probabilistic causal
structure.

Normality Correspondence
Harinen (2017) has suggested an alternative theory for the
different directions of influence of norms on causal
judgements - the correspondence hypothesis about
judgement of actual causation (Harinen, 2017 Gavanski &
Wells, 1989; Kahneman & Miller, 1986). He argues that in
addition to considering the ‘normality’ of a causal factor,
current accounts also need to take into account the
normality of the effect of an action. According to the
correspondence theory, abnormal effects, i.e. effects that are
statistically or prescriptively abnormal, are also judged to
have statistically or prescriptively abnormal causes.
Likewise, normal effects, are judged to have normal causes.
Crucially, the correspondence hypothesis provides an
alternative explanation for abnormal inflation and deflation
with statistical normality. Depending on the kind of causal
structure, the frequency or infrequency of an action will also
make a difference for the frequency of the outcome. This
can be shown if we assume a standard scenario in which
outcome E is brought about by agent C1’s action A1 and C2’s
action A2. C1 performs A1 frequently, while C2 performs A2
infrequently. Whether E occurs frequently or infrequently
will depend on the underlying causal structure. In a
conjunctive causal structure, it can be assumed that E occurs
infrequently, given that it takes the action of both C1 and C2
to bring about E. According to Harinen (2017), in
correspondence with the infrequently occurring E, the
infrequently acting C2 will be seen as more causal for E than
C1. In contrast, in a disjunctive structure where E occurs as
long as either C1 or C2 act, it can be assumed that E occurs
frequently, given that C1 performs A1 frequently.
Corresponding to the frequent occurrence of E, the
frequently acting causal agent C1 will be seen as more
causal for E than C2.

Experiment 1
The first experiment investigates the influence of
statistical norms on causal judgements in two different
causal structures. In addition, we varied what agents know
about the potential consequence of their actions. In order to
test Harinen’s (2017) norm correspondence theory of causal
judgement, we used a causal structure in which the
‘statistical normality’, i.e. the frequency of the outcome is
fixed.

Participants
600 participants were recruited for this online study via
Amazon Mechanical Turk. They were paid £0.50 upon
completion of the study. 147 participants were excluded for
answering one or more of the three manipulation check
questions wrong, leaving a final sample of 453 (215 male,
237 female, 1 N.A.) participants, aged 18-75 years (M =
38.28, SD = 12.62).

Causal Structure and Knowledge
Both accounts predict why a statistically ‘abnormal’ or
infrequent agent is judged less causal to an outcome in a
conjunctive structure, but more causal in a disjunctive
structure. While Harinen (2017) refers to the
correspondence between the statistical normality of the
effect and the statistical normality of the cause, the actual
causal strength measure by Icard et al. (2017) predicts the
effect based upon the statistical normality of the causal
candidate alone. Consequently, one way to distinguish
between both theories is to test the effects of abnormality in
conjunctive and disjunctive structures while holding the
normality of the effect constant. Neither Icard et al.’s (2017)
nor Harinen’s (2017) account make any reference to the
epistemic status of the agents. Whether the agents have any
knowledge about the link between their actions and the
outcome is not considered in the current literature on norm

Design
We investigated the influence of three factors on causal
ratings in a two-agent-scenario: the statistical normality of
an action (frequent vs. infrequent action), the type of causal
structure (conjunctive vs. disjunctive), and the knowledge of
the agents about the outcome of their actions (knowledge vs.
no knowledge). Statistical normality, i.e. frequency of
actions was manipulated for one agent (‘varied agent’)
while holding the frequency of actions fixed on the second
agent (‘fixed agent’). The manipulation of statistical
normality, causal structure and knowledge was manipulated
between-participant.
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Material

Frequency A second video clip shows a sequence of five
days, Monday to Friday (https://youtu.be/wIJJ4OJNAaU).
The clip varies the frequency with which both agents use the
central parking spaces during the week. In the ‘Both agents
frequent’ condition, both Tom and Ben use the parking
spaces from Monday to Thursday, and always arrive at the
same time. In the “One agent frequent, one agent
infrequent’ condition, only Tom uses the parking spaces
from Monday to Thursday. Finally, in both conditions, Tom
and Ben park on the central parking spaces on Friday at the
same time. Later, the truck arrives but cannot park. In
consequence, the negative outcome was only caused on that
last day.

Participants were presented with a short story in two
animated video clips. The videos were programmed using
moovly.com. The first video clip introduced the scenario
(example clip: https://youtu.be/tS5D-e1uylI). The town
“Smallville” has a market place with two central parking
spaces for customers. Two agents, called “Ben” (‘varied
agent’) and “Tom” (‘fixed agent’), make use of these central
parking spaces. However, there is a third agent, a delivery
truck driver, who also needs to use these parking spaces in
order to deliver products to the adjacent shops. If the
delivery truck is prevented from parking there, the delivery
cannot be accomplished (Figure 2).
Outcome structure. The outcome in this scenario was
defined as the problems that arise when the truck is
prevented from parking. In this case, the delivery cannot
proceed. We therefore implemented a causal structure in
which the outcome is dependent on a causal condition, i.e.
the parking spaces being blocked, and an enabling factor,
the truck. In our scenario, the delivery truck only comes on
Fridays. Thus, the possibility of the outcome to occur is
restricted to one day only, given that the causal condition
are satisfied, i.e. the relevant parking space is occupied.
Causal Structure
Occupied
Parking
Space

Enabling Factor
Truck

Figure 2. Scenario. General set up of the experimental scenario.

Outcome

Figure 1. Causal Structure Graph.

Causal Structure The causal structure is manipulated by
varying how much space is required for the delivery truck to
park (Figure 3). In the ‘conjunctive structure’, the truck
needs only one of the two central parking spaces, and is
blocked when both of them are occupied. In the ‘disjunctive
structure’, the truck needs both central parking spaces in
order to park, and is blocked when at least one parking
space is occupied.

Figure 3. Causal Structure. Left =’conjunctive’, right = ‘disjunctive’.

Conjunctive Case: Outcome = (Tom ∧ Ben) ∧ Truck
Disjunctive Case: Outcome = (Tom ∨ Ben) ∧ Truck

Figure 4. Knowledge. Left =’knowledge’, right = ‘no knowledge’

Epistemic Status In the ‘no knowledge condition’, there
is no indication on the market place that there is a delivery
truck using the central parking spaces on Fridays (Figure 4).
In the ‘knowledge condition’, there is an informatory sign
indicating that one (two) parking spaces might be blocked
by a delivery truck on Fridays. Importantly, the sign only
announces the existence of the delivery truck, but does not
state any bans or prohibitions of parking.

Causal Question
After seeing both video clips, the final outcome was again
summarised (“On Friday, the delivery truck comes and
cannot deliver the new products for the stores”). Participants
answered two graded causal judgment questions about the
final outcome [“To what extent did Tom (Ben) cause the
outcome?”] on an 11 point [“0 – ‘Not at all’ to 10 - “Fully”]
scale.
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people assign more causal contribution to the frequently
acting agent (M = 6.66, SD = 2.88) than the infrequently
acting agent (M = 6.16, SD = 3.10). A post hoc t-test in the
‘knowledge’ condition however only revealed a tendency
towards significance for the difference between the
frequently and infrequently acting agent (MD = .36, SD =
1.41), t(1, 55) = 1.90, p = .063.

Results
Causal ratings were analysed with a 2 (causal structure) ×
2 (frequency) × 2 (knowledge) × 2 (agent; fixed vs. varied
agent) Mixed ANOVA.
The analysis revealed a main effect of causal structure,
F(1, 445) = 23.61, p<.001, ηp2 =.050, and knowledge, F(1,
445) = 45.68, p<.001, ηp2 = .093.
Participants generally gave higher causal ratings in the
disjunctive structure (M = 6.52; SD = 2.95) than in the
conjunctive structure (M = 5.27, SD = 2.78).
When the agents knew about the outcome, they were
judged more causal (M = 6.71; SD =2.42) than if they did
not know about the outcome (M = 5.03; SD = 3.13). The
analysis also revealed a significant two-way interaction of
agent and causal structure F (1, 445) = 12.09, p < .001, ηp2 =
.026 and a significant three way interaction between the
agent, causal structure and frequency of action F(1, 445) =
17.11, p = .037, ηp2 = .037.
To further explore the three way interaction, we
conducted two 2 (frequency) × 2 (agent) ANOVAs for each
causal structure condition, i.e. conjunctive and disjunctive.
In the conjunctive causal structure condition (Figure 5),
the ANOVA revealed a significant interaction for agent and
frequency, F(1, 234) = 9.15, p = .003, ηp2 = .038, and agent,
frequency and knowledge, F(1, 234) = 9.15, p = .042, ηp2 =
.018. When the agents know about the outcome, the
infrequently acting agent (‘Ben’) is judged to be more
causal (M=6.07, SD=2.87) than the frequently acting agent
(‘Tom’), (M = 4.86, SD = 3.10), t(1, 55) = 3.16, p = .003.
When the agents do not know about the outcome, there is no
difference between an infrequently and frequently acting
agent, t(1, 55) = 0.36, p = .155.

Disjunctive Causal Structure
9
8
7
6
5
4
3
2
1
0
Both frequent

Knowledge

Discussion
Overall, the experiment confirmed the predictions of the
actual causal strength model (Icard et al., 2017), showing
“abnormal inflation” in conjunctive causal structures and
“abnormal deflation” in disjunctive causal structures (Icard
et al, 2017). However, by controlling for the epistemic
status of the agents, we showed that the abnormal inflation
effect only occurs when both agents know about the
occurrence of the third agent, the delivery truck driver.
When the agents are ignorant of the delivery truck, there is
no difference in causal judgements between the frequently
and the infrequently acting agent.
Our experiment also showed that causal attributions were
generally higher in a disjunctive causal structure than in a
conjunctive structure. This finding presents an interesting
challenge for current counterfactual theories of causation
that predict higher causal attribution for conjunctive than
(overdetermined) disjunctive causes (Lagnado, Gerstenberg,
& Zultan, 2013; Zultan, Gerstenberg, & Lagnado, 2012).
In line with Lagnado and Channon (2008), we found that
causal attributions are higher when the agents know that the
delivery truck comes on Friday, and thus the potential
outcome is more foreseeable.
Crucially, our experiment confirms the predictions of
Icard et al. (2017) while holding the frequency of the effect
constant by fixing it to one particular day (‘Friday’). Our
findings therefore distinguish between the actual causation
theories of Harinen (2017) and Icard et al. (2017). Harinen’s
correspondence theory (2017) holds that the underlying
psychological mechanism of the effects described by Icard

Ben
Both frequent
Ben
infrequent
infrequent
No Knowledge
Tom

Ben

Figure 6. Mean causal ratings (0-10 scale) in ‘disjunctive’. Error bars
represent ±1 SE mean.

9
8
7
6
5
4
3
2
1
0

Knowledge

No Knowledge
Tom

Conjunctive Causal Structure

Both frequent

Ben
Both frequent
Ben
infrequent
infrequent

Ben

Figure 5. Mean causal ratings (0-10 scale) in ‘conjunctive’. Error bars
represent ±1 SE mean.

In the disjunctive causal structure condition (Figure 6),
the ANOVA revealed a significant interaction for agent and
frequency, F(1, 11) = 10.11, p = .002, ηp2 = .046. In the case
of Tom acting frequently and Ben acting infrequently,
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et al. (2017) is linked to the correspondence between the
normality of cause and effect. The results showed that
“abnormal inflation” of causal attribution in conjunctive
structures and “abnormal deflation” in disjunctive structures
occur without co-variation of the statistical frequency of
cause and effect.

nor ‘agent’, ‘frequency’ and ‘knowledge’ F(1, 719) = 0.13,
p = .72, indicating that there were no differences in causal
judgements between the agent whose statistical normality
was varied, and the one whose normality was fixed.
We explored the interaction between causal structure and
knowledge in two separate 2 (causal structure) × 2
(knowledge) × 2 (Agent) ANOVAS for each knowledge
condition. When both agents have knowledge about the
third agent, there is a significant difference between the
conjunctive (M = 4.85, SD = 2.66) and disjunctive structure
(M = 5.92, SD = 3.27), F(1, 344) = 10.99, p =.001, ηp2 =
.031. However, when both agents do not know about the
possible outcome of their actions, there is no significant
difference between causal attributions in the conjunctive (M
= 4.56, SD = 2.94) and the disjunctive structure (M = 4.65,
SD = 3.23), F(1, 375) = .05, p =.821 (Figure 7).

Experiment 2
The aim of the second experiment was to investigate the
influence of frequent vs. infrequent actions on causal
judgements in a probabilistic causal structure. Applied to
our experimental scenario, we explored whether statistical
normality still influences causal judgements when the
occurrence of the third agent (the truck) on a particular day
is not certain.

Participants

Causal Structure and Knowledge

950 participants were recruited for this online study via
Amazon Mechanical Turk. They were paid £0.50 upon
completion of the study. 215 participants were excluded for
not answering one or more of the four manipulation check
questions wrong, leaving a final sample of 735 (309 male,
422 female) participants, aged 18 -79 years (M = 39.43; SD
= 13.14).

7
6
5
4
3
2
1
0

Design
The experiment investigated the influence of four factors
on causal judgements in a two-agent-scenario: frequency
(frequent vs. infrequent action), causal structure
(conjunctive vs. disjunctive), knowledge (knowledge vs. no
knowledge), and probability of the outcome (high vs. low).

Knowledge

No
Knowledge

Conjunctive

Knowledge

No
Knowledge

Disjunctive

Figure 7. Mean causal ratings (0-10 scale) by causal structure and
epistemic status condition. Error bars represent ±1 SE mean.

Probability In the second experiment, the occurrence of
the truck on Friday was probabilistic. There was no
particular day on which the truck would carry out the
delivery, instead the truck could come on any day with a
particular frequency. The information about the probability
with which the delivery could occur on a certain day was
varied in the introduction clip. In the ‘low probability’
condition, the delivery truck comes once every 4 weeks, in
the ‘high probability condition’, the truck comes once every
9 days (example clip: https://youtu.be/fA7wwWXH17M).
The sequence of days presented was as in Experiment 1.
Again, both agents park on Friday and the truck arrives and
cannot park. However, the occurrence of the truck on that
day was three times more likely in the high probability
condition compared to the low probability condition.

Discussion
Our experiment showed that the causal structure and the
knowledge of the agents have an impact on causal ratings.
In line with our findings from Experiment 1, participants
attributed higher causality to agents when the agents had
knowledge about the probabilistic occurrence of the truck.
However, an interaction revealed that this difference is only
prevalent in the disjunctive structure, while knowledge does
not make a difference when the underlying causal structure
is conjunctive. Crucially, we did not find evidence for the
influence of the statistical normality of an agent’s action in a
probabilistic causal structure.

General Discussion

Results

In our two experiments we have explored the effect of
statistical normality on causal judgements. In Experiment 1,
we found evidence for the two effects predicted by the
actual causal strength measure proposed by Icard et al.
(2017). However, we showed that abnormal inflation in a
conjunctive causal structure disappears when the agents
have no knowledge about the outcome. In contrast,
abnormal deflation is weakened when the agents know

The analysis of causal judgements revealed significant
main effects of causal structure F(1, 719) = 6.22, p = .013,
ηp2 = .009, and knowledge F(1, 719) = 12.01, p =.002, ηp2 =
.016. There was a significant interaction between causal
structure and knowledge F(1, 719) = 4.58, p = .030, ηp2 =
.007. The results did not yield a significant interaction
between ‘agent’ and ‘frequency’, F(1, 719) = 0.04, p = .85.

619

about the outcome. These findings show that the epistemic
status of agents can be a crucial factor for the influence of
statistical normality. While in a disjunctive structure, the
outcome of an action is foreseeable by the agent as soon as
they know their action and the causal structure, the
foreseeability in a conjunctive structure depends both on the
knowledge of their action as well as knowledge about the
frequency of the other agent’s behaviour. Crucially, in the
‘one agent frequent, one infrequent’ condition, our
experiment did not specify whether both agents knew about
each other’s behavioural pattern. Lagnado and Channon
(2008) showed that an agent receives higher causal and
blame ratings when the outcome of the action is foreseeable.
As a result, our findings raise the question whether the
effect of statistical normality on causal judgements is partly
based on foreseeability advantages of agents that arise from
the statistical normality of their actions. In line with
abnormal inflation in conjunctive cases (Icard et al, 2017), a
sudden one-off behaviour might lead to higher
foreseeability of the outcome in conjunctive causal
structures if the one-time acting agent knows that the other
agent acts frequently. In a disjunctive structure, the outcome
occurs as soon as one agent acts. As a result, in a disjunctive
structure, a frequently acting agent will have encountered
the consequences of their action multiple times. In line with
abnormal deflation in disjunctive structures, this might lead
to a knowledge advantage and hence more causal attribution
to the frequently acting agent, compared to a first time actor.
In addition, the first experiment attempts to provide a
first test between the actual causal strength model by Icard
et al (2017) and Harinen’s theory (2017). Despite the fixed
frequency of occurrence in both causal structures, we
demonstrated ‘abnormal inflation’ and ‘abnormal deflation’
in causal judgements. As a result, we take this as supportive
evidence that the effects of statistical normality predicted by
Icard et al. (2017) occur without an additional
corresponding normality between cause and effect. By
fixing the possibility of the occurrence of the outcome to
one particular day, we tested a scenario in which the effect
is rare, or statistically abnormal. However, as a consequence
our study did not present a situation in which the effect
occurs frequently. Future studies will need to systematically
vary the statistical normality of effects and actions as well
as the underlying causal structure in order to provide a
comprehensive test for Harinen’s correspondence theory
(2017).
Crucially, our experiments have shown that the
implementation of a deterministic vs. probabilistic causal
structure influences whether the statistical normality of an
agent’s action will actually exert influence on causal
attributions. Our second experiment showed that the
statistical normality of an agent’s action does not influence
causal attributions when the link between actions and
outcome is probabilistic. While knowledge and the type of
causal structure continued to influence causal attributions,
the statistical normality of an action does not have an

impact, neither in combination with certain epistemic states
or a certain probability of the outcome.
As a result, our study raises the question of why the
switch from a deterministic to a probabilistic link between
actions and outcome reduces the effect of statistical
normality on causal judgements. Again, one possible reason
could lie in the difference of epistemic uncertainty in a
deterministic vs probabilistic structure. Lagnado and
Channon (2008) found causal judgements to be influenced
by subjective foreseeability, i.e. how likely an event is from
the agent’s point of view, but also by the objective
foreseeability of an outcome, i.e. how likely the event is
from an objective point of view. Naturally, both objective
and subjective foreseeability of an outcome are lower in a
probabilistic than in a deterministic causal structure. More
research is needed to test the influence of statistical
normality in deterministic vs non-deterministic causal
structures. Future work might address the question whether
a certain degree of foreseeability of the outcome, based
upon the frequency of the agents’ action, is needed for an
influence of statistical normality on causal judgements.
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It seems we would all be better off if we cooperated and did what's best for the group, but
that often requires us to bear costs individually. Explaining this challenge has been a
central focus of the natural and social sciences which have studied reciprocity with simple
behavioral models. However, these models cannot account for a key feature of human
social life: the scale, scope, and flexibility of our cooperation. Here, we give a reverseengineering account of human cooperation grounded in inference and abstraction rather
than behavioral reflex. Our model robustly cooperates and learns who to cooperate with
from just sparse, noisy, and overdetermined observations of behavior. Like people, it does
this even when it never plays the same game nor interacts with the same person twice.
Finally, our model decisively outcompetes existing behavioral approaches even in the
settings the behavioral strategies were originally optimized for.
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(Cohen & Amsel, 1998; Leslie & Keeble, 1987; Newman,
Choi, Wynn, & Scholl, 2008). The typical finding is that
infants who are habituated to a launching event in which A
launches B will dishabituate to an event in which the causal
roles are reversed, i.e. B launches A (Leslie & Keeble, 1987).
Controlled rearing experiments have even suggested that
causal perception may even be innate in some species. Chicks
raised from birth in an environment where their only visual
input was a launching event will later spend more time with
object A than object B (Mascalzoni, Regolin, & Vallortigara,
2010). Such selective imprinting does not occur when object
A’s motion onset is hidden (and therefore may or may not be
self-generated), suggesting that chicks are responding to the
spontaneous motion onset as an indicator of which object
could be a caregiver. It is notable that object B has a motion
onset in the causal event as well, but chicks appear to be
sensitive to the fact that the motion onset is due to the impact
with A. Put differently, chicks in this experiment seem to
have concluded that object B, as a causal patient, is inert.
Human infants also infer that causal patients in launching
events are inert (Luo, Kaufman, & Baillargeon, 2009; Saxe
& Carey, 2006). This inference of inertness is not trivial,
especially considering that it seems unique to launching
events, and does not occur in contact events in which B’s
movement is delayed relative to the moment of contact.
Consider the subtlety of this distinction: In both cases, infants
are observing B’s motion onset following A’s movement, but
only in the very specific spatiotemporal parameters of
launching does this onset fail to indicate that B is capable of
self-propelled motion. Implicitly, this suggests sensitivity to
something about the physics of the real-world collisions
approximated by launching events: B’s motion in a launching
event is completely accounted for by the collision with A.
This analogy to real-world collisions is obvious to the point
of being trivial (how could causal perception exist if it did not
apply to some natural events?), but the implications are farreaching. In particular, in order for causal perception to serve
as a reliable cue to whether B’s motion onset indicates that
object B is self-propelled or inert, it would have to be
sensitive to the physical limits on B’s motion.

If an object A moves until it is adjacent with a stationary object
B, at which point object A stops and object B begins moving,
adults and infants 6 months of age and older perceive that A
caused B to move. These “launching” events correspond to
real-world collisions, which are governed by Newtonian
mechanics. Previous work showed that infants were sensitive
to Newtonian constraints on relative speed. Here, we show that
infant causal perception is sensitive to other physical
constraints on collision events as well. Infants habituated to a
launching event will dishabituate to an event in which object B
moves at a 90° angle relative to object A, but not to a rotated
version of the launching event. This selective dishabituation
was not found for non-causal events. The results suggest that
early-developing causal perception is sensitive to the many
physical principles of real-world collision events.
Keywords: Causal perception, naïve physics, cognitive
development, infant

Introduction
Consider an event involving two objects. One object, call it
A, moves toward a second, stationary object B, until they are
adjacent, at which point A immediately stops moving and B
immediately begins moving in the same direction and at the
same speed. This “launching” event (rendered schematically
in Fig. 1a) is viscerally and irresistibly perceived as A causing
B to move (Michotte, 1963). (Animated events can be found
at http://www.jfkominsky.com/demos.html, and readers are
strongly encouraged to view it in order to experience the
phenomenology for themselves.)
This launching event is the prototypical example of causal
perception, the automatic detection of cause and effect
relationships within certain types of events (Hubbard, 2013;
Michotte, 1963; Scholl & Tremoulet, 2000). Causal
perception is fundamentally different from causal learning or
reasoning. While there have been arguments that such events
merely lead us to make a cognitive inference of causality
based on extensive experience (Hume, 1902; Piaget &
Garcia, 1977; Rips, 2011), recent work has provided strong
evidence that causal perception is truly a product of “lowlevel” automatic perceptual processing. For example, causal
perception can influence the perception of apparent motion
(Kim, Feldman, & Singh, 2013), causal events enter
awareness faster than non-causal events (Moors, Wagemans,
& de-Wit, 2017), and causal perception is subject to the
uniquely perceptual phenomenon of retinotopically-specific
visual adaptation (Karaminis et al., 2015; Rolfs, Dambacher,
& Cavanagh, 2013).
Furthermore, causal perception is early-developing,
robustly present in human infants by six months of age

Intuitive physics and triggering events
The human mind is simultaneously extremely adept and
extremely poor at understanding Newtonian mechanics. We
are prone to making egregious errors in explicit prediction
tasks (Hecht & Bertamini, 2000; McCloskey, 1983; Liu &
MacIsaac, 2005), but perception is so well-calibrated to the
physical parameters of the natural world that our implicit
predictions (e.g., where we put our hands to catch a falling
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object) are remarkably accurate and robust. In fact, such
predictions are only hopelessly thrown off when we alter the
most fundamental parameters of the physical environment
(e.g., gravity; McIntyre, Zago, Berthoz, & Lacquaniti, 2001).
Recent work has proposed that we may even possess a
mental “physics engine” (Ullman, Spelke, Battaglia, &
Tenenbaum, 2017), and our judgments can be modeled
successfully as accurate physical principles applied to noisy
sensory input (Gerstenberg, Goodman, Lagnado, &
Tenenbaum, 2012). However, even if such results do not
indicate a sophisticated mental model of physics, it is
undeniable that perception is sensitive to certain physical
principles, like spatiotemporal continuity and solidity, from
very early in life (Carey, 2009; Spelke, Breinlinger,
Macomber, & Jacobson, 1992).
In the context of causal perception, the relevant physical
constraints are of course those that apply to collisions. For
example, in a perfectly elastic collision involving two
objects, with no outside forces acting on the system,
Newtonian mechanics imposes a “speed limit” on the relative
speed of B following the collision. In simple terms, and
provable mathematically, B can never move at more than
double the speed of A, without some extra force acting on the
system. Michotte described events that violate this
Newtonian speed limit as “triggering” events, in which B’s
motion is autonomous, but still initiated by contact with A
(Michotte, 1963; Natsoulas, 1961).
Recent work has found that these triggering events are still
perceived as causal, but are categorically different from
launching events (Kominsky et al., 2017). These causal event
categories are distinguished in automatic perceptual
processing in adults: triggering events in an array of
launching events produce an oddball advantage, but no such
advantage is found for non-causal events with the same speed
ratios.
Critically, this categorical distinction was also found in 79-month-old infants, using a dishabituation paradigm. Within
a month of the earliest age at which causal perception is
reliably found, infants are not only sensitive to whether an
event is causal or not, they are sensitive to the kind of causal
relationship, as informed by physical constraints. However,
this experiment only examined physical constraints on speed
ratio.
Kominsky et al. (2017) concluded that the categorical
distinction between launching and triggering was not due to
a precise representation of this Newtonian constraint on realworld collision events. Rather, the boundary seems to be
defined by a detectable increase in B’s speed relative to A’s,
and the threshold for detectability is in the vicinity of the
Newtonian limit. Thus, this categorical distinction could
mimic real-world physical constraints only to the degree that
there is a sensitivity to speed ratio information in causal
events, not sensitivity to the physics of collisions in general.
Alternatively, the categorical distinction between
launching and triggering could reflect a broader sensitivity to
the physical constraints on collision events, limited by the
inherent noise in sensory input. Under this view, we would

expect that causal perception should distinguish different
categories of causal events based on whether object B
violates physical constraints on collision events. The
threshold for detecting that violation might be imprecise, but
as long as the violation is detected, it might demarcate a
categorical boundary in perception.
The contrast between these two hypotheses has particular
relevance for our theories of infant causal perception. In some
domains, infants are narrowly sensitive to specific types of
information for specific types of events at different points in
development, e.g. the use of height and width information in
containment versus occlusion events (Baillargeon & Wang,
2002; Strickland & Scholl, 2015). Thus, in the case of causal
perception, one might expect that infants could be sensitive
to some physical constraints and not others.
Alternately, causal perception may intrinsically
incorporate more general physical principles. Unlike
containment and occlusion, causality in motion events is in
some sense completely defined by the specific physical
constraints imposed by Newtonian mechanics. Contact and
immediate reaction are both intrinsic aspects of Newtonian
physics, but so is the speed restriction, and every other
physical constraint on collisions. It may be impossible for the
visual system to define causal events without incorporating
more general physical principles. Under this view, we should
expect that at any age we can demonstrate causal perception,
we should also be able to demonstrate a sensitivity to multiple
physical constraints (though not necessarily all).

The current experiment
Here, we investigate whether infant causal perception is
sensitive to physical constraints on the angle of B’s motion
relative to A.
The Newtonian speed limit constraint can be easily proven
mathematically, but the angle constraint is best understood
intuitively. Imagine the momentum vector of object A as it
impacts object B, pointing along the direction of A’s motion.
Even in an off-center collision, some component of this
vector must be preserved in B’s resulting momentum vector.
In other words, if A was moving forwards, even in the most
glancing collision B must end up moving forward to some
degree. Therefore, the angle limit on B’s motion relative to A
is a straightforward 90°. If B moves at an angle ≥ 90° relative
to A, by definition B’s momentum vector contains none of
A’s.
Of course, we once again run into the issue of how precise
we can expect the visual system to be. Comparing 89.9° to
90° movement in an off-center collision between two spheres
would quite likely fail to identify a categorical boundary,
especially in infants. The perceptual system is unlikely to
represent the boundary so precisely, given the inherent noise
in perceptual processing. Therefore, to make the violation
completely unambiguous, we created displays involving fully
on-center contact between two square objects, and relative
angles of 0° or 90°.
In the current experiment, we follow the design of
Kominsky et al. (2017)’s Experiment 3, and use a classic
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habituation/dishabituation design (Colombo & Mitchell,
2009). Infants in the causal condition are habituated to a
launching event, and are then shown either a test event which
violates this angle constraint (Fig. 1b, top), or “rotated”
launching event in which the whole launching event is rotated
90°, not just the movement of one of the objects (Fig. 1b,
bottom).
The prediction is straightforward: If infants are sensitive to
the angle constraint, then they should look longer to the
violation test event than the control test event. Notably, there
is a clear and contrary alternative hypothesis based on lowlevel features: the rotated event is actually more different
from the habituation event in terms of the motion
characteristics of each object, the area of space occupied by
the whole event, etc., even though the relationship between
the objects is unchanged. Therefore, if infants are not
sensitive to the causal relationship between A and B, only to
the differences in low-level features or the behavior of each
individual object, they should look longer at the rotated event
than the violation event.
Furthermore, as in Kominsky et al. (2017), this selective
dishabituation should only hold for causal events. For noncausal delay test events (identical except for a 500ms delay
before the start of B’s movement), infants should either look
longer at the rotated event (based on the low-level cues) or
look equally at both (if they are only sensitive to the causal
relationship between A and B, which is nonexistent in both
non-causal test events).

Beige curtains obscured the rest of the room from the infants’
view. Infants sat on their parent’s lap about 56” from the
display screen. A hidden camera located directly under the
center of the display monitor recorded infants’ looking
behavior and displayed a live feed to the experimenter. Light
was provided by four overhead dimmable compact
fluorescent track lights set at approximately 10% brightness.
Stimuli and procedure After providing informed consent,
parents were instructed to sit in a chair facing the display
screen with their infant in their lap, and asked to close their
eyes and avoid interacting socially with their infant for the
duration of the experiment (they were shown the stimuli
afterward). They were also asked to try to prevent their infant
from standing up on their lap, in order to keep the infant’s
face in view of the camera.
This experiment used a 2 (causal vs. delay) x 2 (rotated vs.
angle violation test) between-subjects design. Condition
assignment was randomized, and looking-time coding was
always done with the experimenter blind to condition.
In all four conditions, the basic parameters of a trial were
the same: At the start of the trial, the experimenter pressed a
key to play an attention-getter, consisting of a rapidly
looming and spinning yellow rectangle and a rapid rising
series of notes, taking exactly 1.1 seconds. Immediately
following this, two squares appeared on the screen, one red
and one green, each one 80 pixels on a side with a 240 pixel
gap between them. One square was always adjacent to the
center of the screen, and the other to its left or right
(counterbalanced between subjects). The two squares
appeared static on the screen for a minimum of 200ms. The
experimenter could play the attention-getter again if the
infant failed to look at the screen initially, and the trial did
not start until the infant looked at the screen.
Each trial started after the attention-getter when the infant
initially looked at the screen, and lasted until the infant
looked away for 2 consecutive seconds or 60 seconds had
passed. The stimuli are depicted in Fig. 1.
First, infants saw up to 14 habituation trials consisting of
either launching events (causal condition) or contact events
with a 500ms delay before object B began moving (delay
condition). Each object’s movement took one second and

Methods
Participants Sixty-four infants (30 female, 34 male) age 7.5
months to 9.5 months participated in the experiment. An
additional 19 infants (8 female, 11 male) were recruited but
excluded from the final analysis for fussing out (2), moving
off-camera during the experiment (5), parental interference
(3), experimenter error (2), or an above-threshold
discrepancy during offline re-coding (7, see below). One
additional (female) participant was replaced in the final
sample due to having a test trial looking time >3 standard
deviations from the average for her condition (a
predetermined exclusion criterion).
Apparatus Stimuli were controlled using PyHab (Kominsky,
2017). PyHab uses the PsychoPy stimulus presentation
libraries as its base (Peirce, 2007). It is designed to provide
all of the functionality of other looking time coding software
like XHab or JHab (recording infants’ looking time by
holding down a key whenever they are looking at the display
and releasing the key when they are not), but in addition
PyHab automatically controls the timing and content of
stimulus presentation according to the experimenter’s live
coding of looking times and a pre-set experimental design.
Stimuli were presented on a 25” wide by 15.5” high Apple
Cinema Display operating at 1280x800 pixel resolution and
60 frames per second. The edges of the display were hidden
behind a black foamcore frame, with black fabric around the
frame running floor to ceiling and about a foot on either side.

Figure 1. Stimuli used in the experiment.
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covered 240 pixels. Following object B’s movement, both
squares vanished for 333ms, and then the animation repeated
from the beginning.
The habituation criterion was calculated as the sum of the
infants’ looking time over the first three trials, divided by
two. The experiment moved on to the test trial when the sum
of the infant’s looking time across three (subsequent)
consecutive trials was less than the criterion. The
experimenter was not informed when the criterion was met.
(Five infants never reached criterion but saw the test trial
after 14 habituation trials, and their data were included in the
analysis.)
Infants then saw a single test trial. In the test trial, the
arrangement of the squares was different. Object B was now
in the center of the screen, and object A 240 pixels directly
below it. In both test conditions, object A moved up toward
object B until they were adjacent, at which point object B
began moving either immediately (in the causal condition) or
after a 500ms delay (in the delay condition). In the rotated
condition, object B moved up as well, preserving the linearity
of the habituation trials. In the angle violation condition,
object B moved identically to how it had moved in the
habituation trials, i.e. to the left or right. Thus, in the causalangle violation condition, this event violated the angle
constraint on collision events.

Figure 2. Results. Error bars represent ± 1 SEM.
Analyses Average test trial looking time by condition can be
found in Fig. 2. Immediately, one can see a clear difference
in looking times in the causal condition such that infants
looked longer at the angle violation test event, and no such
selective dishabituation in the delay condition.
We confirmed these impressions with the following
analyses: A 2 x 2 ANOVA showed no main effect of causal
versus delay, F(1, 60) = 1.07, p = .3, and no main effect of
test event, F(1, 60) = .72, p = .4, but a significant interaction,
F(1, 60) = 4.50, p = .038, hp2 = .07. Planned comparisons of
the effect of test event in each causal condition found that
infants in the causal condition looked significantly longer at
the angle violation test event (M = 16.09s, SD = 10.63) than
the rotated test event (M = 9.38s, SD = 3.95), t(31) = 2.37, p
= .029, d = .84. In the delay condition, there was no
significant difference between the angle violation (M =
13.63s, SD = 7.14) and rotated test events (M = 16.52s, SD =
12.15), t(31) = .82, p = .4.

Results
Coding and reliability In addition to the live-coding, each
participants’ experimental session was re-coded from video
by a separate coder, who was also blind to condition. We used
predetermined exclusion criteria to identify significant
discrepancies and remove participants for whom the initial
coding (and therefore stimulus presentation) appeared to be
in error. The criteria were as follows:
If there was a disagreement on the total looking time of a
trial of greater than 10% of the greater looking time, and the
discrepant trial either changed when the habituation criterion
would have been met or was the test trial itself, the
participants’ data were excluded (this occurred for seven
participants’ data). If the margin by which that threshold was
exceeded was less than 250ms, a third independent coder recoded the video, and if they were in agreement with the live
coding the data were left in (this occurred for six participants’
data). If the second and third coder were in agreement, and
the discrepancy was specifically that the test trial looking
time was longer in the live coding (i.e., the stimuli were still
displayed for an appropriate period of time), then the live
coding was replaced with the secondary coding and the
infant’s data were included in the analysis (this occurred for
two participants’ data).
Ultimately the exclusions by condition were as follows: 4
from the causal angle violation condition, 9 from the causal
rotated condition, 4 from the delay angle violation condition,
and 2 from the delay rotated condition.

Discussion
By 7-9 months of age, human infants draw categorical
boundaries between causal events that reflect the Newtonian
constraints on real-world collisions. In previous work we
have demonstrated sensitivity for constraints on relative
speed (Kominsky et al., 2017), and here we demonstrate a
nearly identical pattern for relative angle.
This result is a striking contrast with other infant work on
event perception, which has often found that being sensitive
to one kind of physical information about an event does not
entail being sensitive to other kinds physical information
about an event. For example, 6.5-month-old infants are
sensitive to width information in containment events, but do
not show sensitivity to height information until 7.5 months,
or understand transparent containers until 10 months
(Baillargeon & Wang, 2002). This event type distinction
impacts perceptual processing of height and width into
adulthood (Strickland & Scholl, 2015).
Of course, causal perception is often found at 6 months of
age (Cohen & Amsel, 1998; Leslie & Keeble, 1987), and the
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current experiment started at 7.5 months. It is possible that
when causal perception first emerges, infants are sensitive to
angle information or speed information, but not both. Future
work with narrower and earlier age ranges will clarify
whether causal perception intrinsically includes these
Newtonian constraints, i.e. if there is any point in
development when infants perceive launching as causal but
do not distinguish it from triggering.

launched objects, such as whether they are expected to be
fully self-propelled (Luo et al., 2009), or have insides (Setoh
et al., 2013). Work is ongoing to address these questions.
However, there are alternative explanations for our results.
For example, these 90° angle violation events may not be
seen as causal at all. It is well-established that when infants
are habituated to causal events, they dishabituate to noncausal events (e.g., Cohen & Amsel, 1998). Indeed, work
with adults using subjective ratings scales has suggested that
the greater the angle difference, the less causal the event
appears (White, 2012). Such measures do not necessarily
capture perceptual processing, but this result raises a valid
concern. Future work is planned to explore this possibility by
determining whether habituating to a causal angle violation
event leads to dishabituation on a non-causal angle violation
event, i.e. if infants consider the addition of a temporal delay
to be a meaningful change.

Why do these physical constraints matter?
Infants and newborn chicks treat causal patients in launching
events as inert objects (Luo et al., 2009; Mascalzoni et al.,
2010), which is appropriate when the parameters of those
events fall within the Newtonian constraints on collision
events. What about events that defy those constraints?
We refer to these events as physical violations, but in truth
they are only violations of what is physically possible based
on the force of the collision alone (plus gravity and friction).
Objects with an internal source of motive force are not
subject to such restrictions. This, of course, is why these
events are often described as “triggering”: real-world events
of this type involve one object triggering the autonomous
motion of a different object, or the addition of some other
force beyond the force imparted by the collision with object
A (such as a chemical reaction). In the natural environment,
we might observe triggering events when the causal patient
is animate. If you touch an animal that was previously
unaware of your presence, you will often find they move
much faster and in a different direction than your hand.
It is easy enough to see the evolutionary conjecture that
results from this logic. Especially given its role in chick
imprinting behavior, causal perception may have come about
specifically to aid in the identification of agents and animate
entities, and filter out false-positive motion onsets by inert
objects in causal events. The importance of identifying such
entities quickly, efficiently, and accurately is obvious. In the
natural environment, a self-propelled entity is going to be
prey, predator, or social partner. In the case of an infant
organism, it is especially critical to identify a caregiver who
is animate and agentic to provide adequate care. Motion cues
are not the only cues to agency by any means (Muentener &
Carey, 2010; Saxe, Tenenbaum, & Carey, 2005; Setoh, Wu,
Baillargeon, & Gelman, 2013; Träuble & Pauen, 2011), but
they are good cues when static object features are ambiguous.
Such an account would predict that physical violations
which require the presence of additional forces should all be
detected equally easily: failing to recognize self-propelled
motion in the natural environment because a particular
physical constraint does not yet define a categorical boundary
could be deeply costly, as a self-propelled entity is most
likely prey, predator, or social partner, all survival-relevant
categories. The current results are perfectly in line with this
expectation, but there are many critical questions left to
answer. For one, there are physical constraints that have not
been studied. However, the most important question is what
inferences infants draw about triggered objects, and how
those inferences compare to the ones they make about

Conclusion
Infants show remarkably sophisticated sensitivity to the
physical constraints on the natural world, not just on the
behavior of individual objects, but also on interactions
between objects. Here, we provide initial evidence that
infants make a categorical distinction between different types
of causal events on the basis of angle constraints. In doing so,
we raise the possibility, yet to be tested, that general
principles of Newtonian mechanics may be intrinsically
incorporated into causal perception.
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Retinotopically specific visual adaptation reveals the structure of causal events in perception
Jonathan F. Kominsky1 & Brian Scholl2
1
Harvard University; 2Yale University
Certain events are irresistibly perceived as involving cause and effect. The prototypical example
is the 'launching' effect, wherein one object (A) moves toward a stationary second object (B)
until they are adjacent, at which point A stops and B starts moving in the same direction. But
there are up to a dozen different events that have been studied under the umbrella of 'causal
perception'. However, these events have typically been distinguished only using explicit selfreport methods, and little work has explored whether these different event labels actually capture
natural "joints" in visual processing. Here, we use the psychophysical phenomenon of
retinotopically specific visual adaptation to demonstrate that launching events and 'triggering'
events (in which B moves much faster than A) involve the same underlying form of 'causality' in
visual processing, but launching events and 'entraining' events (in which A and B move together
following A's arrival) do not.
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Abstract

planned for an utterance (Bock, 1987). High-frequency
words are produced more quickly in single-word production,
are ordered earlier in multi-word production compared to
low-frequency words (Bock, 1982; Fenk-Oczlon, 1989), and
yield fewer hesitations and errors compared to low-frequency
words (Jescheniak & Levelt, 1994).
These results point to clear effects of frequency on some
lexical processes, but data for effects of frequency on choice
of word are more scarce. Using an artificial language learning
paradigm (ALL), Harmon and Kapatsinski (2017) showed
that participants extend high-frequency morphemes to novel
grammatical categories. What remains unclear is the strength
of this effect, specifically whether a high-frequency word’s
accessibility in memory could make it a tempting production
choice over a more accurate, low-frequency word. To the best
of our knowledge, no experiments have demonstrated a
frequency effect in lexical selection at a cost of meaning
precision. Indeed, an experimental test of this claim would be
difficult in natural language, because word frequency is
confounded with a number of linguistic properties (Bock,
1982).
In order to investigate the effects of word frequency on
word choice without frequency’s common natural language
confounds, we designed an ALL task in which we
manipulated word frequency, controlling for meaning. We
then tested participants with new meanings that required
learners to extend the meanings of the words they previously
learned, in a task that allowed us to examine the relative
weight of word meaning and word frequency on lexical
selection. If production choices are driven primarily by
meaning and effects of accessibility are limited to choices
between synonymous words, then word frequency should not
affect production choices. However, if accessibility affects
production choices more generally, then participants should
sometimes produce high-frequency words even when the
low-frequency alternative is more accurate.

Though communicative goals clearly drive word choice in
language production, online demands suggest that accessibility
might play a role, too. If the benefits of accessibility are
important enough to communication, more accessible words
(high-frequency words) might be chosen over more accurate,
less accessible ones. We used a novel artificial language
learning paradigm to test whether high-frequency words are
preferred over low-frequency words at a cost of meaning
accuracy. Participants learned eight words which corresponded
to precise angles on a compass. On test trials, participants
viewed angles lying in-between two trained angles and were
asked to produce a word for the angle. Across two experiments,
we showed that participants extended their use of highfrequency words to more distal angles compared to lowfrequency words. In cases of competition between high- and
low-frequency words, the former tended to win out even when
less accurate, suggesting that accessibility can compromise
some accuracy.
Keywords: lexical access; accessibility; word frequency;
artificial language; lexical bias; language production

Introduction
Language affords many ways to communicate an idea. For
example, if we tell someone about a new pet, we could say
cat or kitten, that she or Mittens always seems to be hungry
or starving, that her behavior is meowing or crying. Producers
typically make these and other choices rapidly and
unconsciously on the basis of many competing forces, but we
know relatively little about the direct trade-offs at work. For
example, cat is a much more common word that kitten, but
kitten may more accurately reflect the intended message. A
word’s accessibility—the ease of retrieval from memory
owing to frequency, salience, repetition or other factors—and
fidelity to the message are two broad forces in language
production which, while often studied in isolation or in
parallel, have not been directly compared to date.
To the extent that talking is for communicating messages,
producers are necessarily sensitive to meaning accuracy.
However, several language production accounts also suggest
that producers are motivated by the need to manage the
effortful task of production, making implicit choices about
utterance forms that improve efficiency (Jaeger & Levy,
2007; MacDonald, 2013). For example, some aspects of
lexical production appear to be guided by the ease with which
lexical constituents can be retrieved from memory and

Experiment 1
To see whether producers would compromise meaning for
accessibility, we trained them on four high-frequency and
four low-frequency words referring to equidistant compass
directions. We then tested them on untrained parts of the
semantic space in the task and investigated how participants
extended a word for a principal (trained) compass direction
to refer to novel directions. By comparing the degree to which
participants extended high-frequency compared to low-
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frequency words to more distal directions, we tested how
producers balance word frequency and meaning in their word
choices.

directions that varied in distance from the principal compass
directions.
Training Phase. Participants were first presented with
each compass direction and its word, and they typed each of
the novel words into a text box. Next participants completed
a Word Learning training in which they were presented with
one of the eight compass directions and chose which of two
words matched that direction. Participants typed their
response into a text box prompt and received immediate
feedback on their answer. Critically, half of the words (the
high-frequency words) occurred four times more frequently
(as both a target and as a foil) than the other half of words
(the low-frequency words).
Once participants achieved 80% accuracy on a 20-trial
block, word knowledge was tested in the Word Recall phase.
Participants were prompted to recall each word via typed
responses. If participants made an error, they returned to the
Word Learning phase. The Training Phase continued until
participants achieved 100% accuracy on all 8 words during
the Word Recall trials. Thus, all participants entered the Test
Phase having learned the word for each principal compass
direction, but having experienced high-frequency words four
times more frequently than low-frequency words.
Test Phase. The Test Phase contained four blocks. In the
Low Competition Block, participants described randomly
generated compass directions that were clearly nearer to one
of the 8 principal compass directions than to others (see
Figures 2A & 3A). Each test stimulus direction was 1° - 11°
away from the nearest principal compass direction. During
this block, the 4:1 ratio of high-frequency to low-frequency
words was maintained. Participants saw a compass direction
near (within 1° - 11° of) each high-frequency word 12 times
and a compass direction near of each low-frequency word 3
times, for a total of 60 test trials. For each trial, participants
were asked to type a direction word into the text box based
on the compass to direct a group of elves towards a hidden
treasure. Trials timed out after 5s if participants did not begin
typing.

Method
Participants
39 University of Wisconsin-Madison undergraduates (25
female; mean age: 18.8 years, SD = 0.84; 38 native speakers
of English) participated for course credit.

Stimuli
Each participant was taught eight novel words drawn
randomly from a set of 18 (pim, dak, vorg, yeen, grah, skod,
gled, veek, blit, peka, sarp, minada, hoon, clate, noobda,
gorm, frabda, mog) developed by Amato and MacDonald
(2010). Words were randomly assigned to eight equidistant
angle orientations across the 360-degree face of a compass
image: 15°, 60°, 105°, 150°, 195°, 240°, 285°, and 330° (see
Figure 1). Each participant received a different assignment of
words.

Figure 1: The eight principal compass directions and
example words learned during training in Experiment 1. HF
= high-frequency words; LF = low-frequency words.
Each direction was assigned to a high-frequency or a lowfrequency category in one of two counterbalanced compass
arrangements (see Figure 1 for one arrangement). The
arrangement of low-frequency/ high-frequency words was
created to maximize the number of compass regions in which
a high-frequency word was adjacent to a low-frequency word
while still providing a baseline in which two low-frequency
or two high-frequency words were adjacent to one another.

Design & Procedure
Participants were told that they were playing a game in which
their job was to help elves hunt for gold, by indicating a
search direction for the prize. The experiment consisted of a
Training Phase, in which participants were taught novel
words for the 8 principal compass directions (see Figure 1),
and a Test Phase, in which participants were tested on new

Figure 2: Gray shading indicates directions tested in the (A)
Low Competition block and (B) High Competition block.
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objectively closer to one principal compass direction than
another). The trial design and feedback were otherwise
identical to trials in the Low Competition Block.
Participants next completed two test blocks constructed to
re-test participants’ knowledge of the words for the 8
principal compass directions. In these blocks, participants
were given the 8 principal compass directions in random
order (30°, 75°, 120°, 165°, 210°, 255°, 300°, and 345°). The
Unambiguous Block preserved task demands of the previous
trials, in that from the participants’ perspective, these trials
were not differentiated from the preceding test trials. In the
Final Naming Block, the trial structure was identical to the
previous test trials, except that trials did not time out and
participants did not receive feedback (i.e., these trials were
described as being separate from the treasure hunting game).

Results
Word Training Performance

Figure 3: Example of a test trial in the (A) Low Competition
block and (B) High Competition block. Participants saw only
the direction in black. The two nearest compass directions
and words in light blue (low-frequency) and light red (highfrequency) are added for illustration purposes and were not
visible to participants.

Participants’ accuracy across all word learning blocks was
high (M = 95.2%, SD=3.1%). All participants reached the
80% word learning criterion by the second block, thus
passing on to recall test. On average, participants completed
approximately 5 learning blocks (M = 4.59, SD = 1.93)
before reaching the required perfect performance on the
recall test, progressing to the testing portion of the game.

To incentivize fast and accurate performance, participants
received feedback in the form of a score after each trial, with
points proportional to participant’s accuracy (how close the
word was to the typed compass direction) and speed (how
quickly participants completed typing the word).
Participants’ base score varied from 0 to 45 points based on
the distance of the tested angle from the word entered, with
closer labels yielding higher points (45 points = no difference
between tested angle and the entered word’s compass
direction; 0 points = tested angle is 45° or more away from
the entered word’s compass direction). This base score was
then scaled based on the speed of participants’ responses. For
example, a difference in reaction time of 300ms corresponded
to a change in base score by 0-2 points. Thus, while both
speed and accuracy were emphasized, the scoring system
weighed accuracy more heavily than speed in assigning
points. If participants did not complete typing before the trial
timed out or if their response was a word that named a
direction more than 45° from the indicated compass
direction, they received a score of 0.
In the High Competition Block, participants were tested
with randomly generated compass directions that were close
to the midline between two principal compass directions,
creating competition between two words that could guide the
elves (see Figures 2B & 3B). For each of the 8 sections of the
compass lying between two principal compass directions,
participants saw 8 compass directions sampled in between
two compass directions, within an interval of 23°. Thus, each
test stimulus direction was 12° - 22° away from the nearest
principal compass direction. On 6*8 = 48 of the 64 test trials
(low-frequency/high-frequency trials), the compass direction
was more ambiguously between a low-frequency and a highfrequency word (though the compass direction always lay

Final Word Retention
Unambiguous Test Block. Recall accuracy for the
individual words in the timed test was marginally greater for
high-frequency words (M = 91.0%, 95% CI = [86.7%,
95.4%]) relative to low-frequency words (M = 84.0%, 95%
CI = [78.0%, 90.0%]), t(38) = 1.99, p = .054. Reaction (word
typing) times were significantly shorter for high-frequency
words (M = 2347ms, 95% CI = [2175ms, 2518ms]) compared
to low-frequency words (M = 2628ms, 95% CI = [2352 ms,
2904ms]), t(38) = -2.46, p = .018.
Final Naming Block. In the final word recall task
emphasizing only accuracy, without time pressure, accuracy
was identical for high- and low-frequency words (M =
97.4%, 95% CI = [94.3%, 100%]). There was a marginal
difference in reaction times between high-frequency (M =
2755ms, 95% CI = [2452ms, 3058ms]) and low-frequency
words (M = 3080ms, 95% CI = [2695 ms, 3466ms]), t(38) =
-1.81, p = .08. These results suggest that participants still
maintained high accuracy on both high- and low-frequency
words at the end of test, with a slight advantage for highfrequency words emerging under time constraints.

Test Performance
Our main question was whether word frequency experience
during training would increase the likelihood of participants
overextending high-frequency words during test, including in
situations when a more accurate trained word (closer on the
compass) was available. To investigate participants’
tendency to overextend words, we focused specifically on
low-frequency/high-frequency trials, in which a compass
direction was tested in between a low-frequency and a high-
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frequency trained direction, so a high- and low-frequency
word were in competition. We considered participants’
likelihood of choosing the word for the nearest compass
direction, dependent on whether that compass direction was
a high- or a low-frequency word, while controlling for the
distance from the nearest learned compass direction. As a
conservative test, we focused exclusively on trials in which
participants chose one of the two principal direction words
within 45° of the stimulus direction (94.2% of responses). All
of the patterns of findings remain identical if all lowfrequency/high-frequency trials are considered.
We fit a logistic mixed-effects model predicting the
likelihood of choosing the nearest word from Word
Frequency (centered; High = -0.5 vs. Low = -0.5) and the
distance of the stimulus from the nearest compass direction.
We included by-subject and by-item random intercepts as
well as by-subject random slopes for word frequency and
distance. As expected, the likelihood of choosing the nearest
word decreased with increasing distance from the nearest
principal compass direction, b = -0.23, Wald 95% CI = [-.25,
-.20], z = -17.07, p < .0001. Crucially, controlling for distance
from the nearest principal direction, participants were more
likely to use the nearest word when it was a high-frequency
word compared to a low-frequency word, b = .71, Wald 95%
CI = [.30, 1.12], z = 3.39, p < .001. This effect corresponded
to an estimated 3.12° shift (95% CI = [1.31°, 4.93°]) in
participants’ decision boundary for high-frequency words as
compared to low-frequency words.

(centered; High = -0.5 vs. Low = -0.5) and Distance from
Nearest Principal Direction with the same random effects
structure as above. Participants responded faster when the
nearest principal direction had a high-frequency word (M =
2213ms, 95% CI = [2130ms, 2296ms]) compared to a lowfrequency word (M = 2677ms, 95% CI = [2594ms, 2832ms]),
b = -402.5, Wald 95% CI = [-522.5, -282.7], F(1, 40.7) =
43.04, p < .001.1 Participants responded slower as the test
stimulus’s distance from the nearest principal direction—and
therefore the competition between two principal direction
words—increased, b = 10.2, Wald 95% CI = [4.9, 15.4], F(1,
37.0) = 14.1, p < .001. The effects were similar for both the
Low Competition block and the High Competition block (no
block by frequency or distance interaction).

Experiment 2
Experiment 1 showed that participants produce highfrequency words at a cost of semantic accuracy. In
Experiment 2, we sought to replicate these findings with a
different arrangement of high-frequency and low-frequency
words in training, and a different sequence of test trials,
intermixing high and low competition test trials. We
predicted that the Experiment 1 results would generalize to
these new parameters, such that producers’ choices would
again be influenced by word frequency.

Method
Participants
44 University of Wisconsin-Madison psychology
undergraduate students (26 female; mean age: 18.5 years, SD
= .87; 43 native speakers of English) participated for course
credit.

Figure 4. Probability of choosing the nearest word for highand low-frequency words on low-frequency/high-frequency
trials.
Next, we investigated participants’ speed in responding on
trials in which they chose the nearest word (thereby
maximizing accuracy). We fit a linear mixed-effect model
predicting participants’ reaction times from Word Frequency

Figure 5: Arrangement of the eight principal compass
directions learned in Experiment 2. HF = high-frequency
words; LF = low-frequency words.

1

Error degrees of freedom obtained through Kenward-Rogers
approximation (Judd, Westfall, & Kenny, 2012), which can lead to
non-integer estimated degrees of freedom.
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Design
Two changes were made to the design of Experiment 1. First,
we varied the arrangement of high-frequency and lowfrequency words among the principal compass directions
(LF, HF, HF, LF, LF, HF, HF, LF) to reduce the likelihood
that idiosyncratic properties of the Experiment 1 arrangement
drove frequency effects, and to ensure that participants
encountered a higher proportion of trials that required using
a low-frequency word (see Figure 5). Second, Low
Competition and High Competition test trials were randomly
intermixed during the Test Phase.

Results
Word Training Performance
Participants’ accuracy across all pair learning blocks was
high (M = 95.8%, SD=3.3%). On average, participants
completed around 5 pair learning blocks (M = 4.36, SD =
2.62) before progressing to the Test Phase.

Figure 6. Probability of choosing the nearest high- or lowfrequency word on low-frequency/high-frequency trials.
Next, we tested participant’s response speed on test trials
in which they chose the nearest word, using the same model
as in Experiment 1. Similar to Experiment 1, participants
responded faster when the nearest principal direction had a
high-frequency word (M = 2287ms, 95% CI = [2182ms,
2393ms]) compared to a low-frequency word (M = 2568ms,
95% CI = [2462ms, 2715ms]), b = -222.9, F(1, 40.7) = 11.42,
p = .002. Participants responded more slowly as the test
stimulus’ distance from the nearest principal direction
increased, b = 9.0, Wald 95% CI = [2.8, 15.3], F(1, 40.8) =
8.0, p = .007.

Final Word Retention
Unambiguous Test Block. Timed recall for the individual
words after test was greater for high-frequency words (M =
92.6%, 95% CI = [88.4%, 96.8%]) relative to low-frequency
words (M = 84.1%, 95% CI = [77.7%, 90.5%]), t(43) = 2.35,
p = .02. Reaction times were marginally shorter for highfrequency words (M = 2366ms, 95% CI = [2161ms,
2572ms]) compared to low-frequency words (M = 2541ms,
95% CI = [2334ms, 2748ms]), t(43) = -1.93, p = .06.
Final Naming Block. In the untimed word recall task,
accuracy was slightly higher for high-frequency (M = 98.9%,
95% CI = [97.3%, 100%]) compared low-frequency words
(M = 94.9%, 95% CI = [91.4%, 98.3%]), t(43) = 2.21, p =
.03. There was a marginal difference in reaction times
between high-frequency (M = 2684ms, 95% CI = [2444ms,
2923ms]) and low-frequency words (M = 2982ms, 95% CI =
[2666 ms, 3299ms]), t(43) = -1.74, p = .09.
There was no main effect of experiment version
(Experiment 1 vs. Experiment 2) on accuracy and reaction
times and no interaction between experiment version and
frequency for either block, suggesting the general learning
patterns were similar across experiments.

General Discussion
In two experiments, we showed for the first time that
language producers are influenced by word frequency in their
productions to the point that they may favor high-frequency
words over low-frequency alternatives that better capture an
intended meaning. Response durations for high-frequency
words were significantly shorter than for low-frequency
words, replicating the frequency effect on production speed.
On critical trials where the compass pointed near a category
boundary between a high-frequency and a low-frequency
word, participants extended high-frequency words 3-7
degrees further than low-frequency words in 22.5 degree
spans, even though the points they earned strongly depended
on the accuracy of their production choice. These results
suggest that producers will compromise accuracy in meaning
for accessibility. Moreover, these studies showed that the
benefit for high-frequency words does not stem from poor
knowledge of the low-frequency words, as participants were
initially trained to 100% correct on all words and also
performed close to ceiling for all words on final recall tests.
These results provide a substantive contribution to the
literature on frequency effects in language production. To
date, most studies have shown relative retrieval advantages
for high-frequency over low-frequency words, such as
naming latency, and lower error rates (Jescheniak & Levelt,
1994). Our study greatly extends the reach of frequency

Test Performance
To test the impact of frequency on participants’
overextension tendencies, we fit the same model as in
Experiment 1. Controlling for angle distance from the nearest
compass direction, participants were more likely to use the
nearest word when it was a high-frequency word as compared
to a low-frequency word, b = 1.34, Wald 95% CI = [.74,
1.95], z = 4.36, p < .0001. This effect corresponded to an
estimated 7.19° degree shift (95% CI = [3.96°, 10.43°]) in
participants’ decision boundary for high-frequency words as
compared to low-frequency words. There was no interaction
between Low vs. High Competition trials.
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effects beyond speed and beyond extensions of word
meanings that do not compromise accuracy (Harmon &
Kapatsinski, 2017) to showing that frequency can affect
lexical choice even at some cost in meaning accuracy. These
results are therefore consistent with production accounts in
which efficiency of production drives certain production
choices (Jaeger & Levy, 2007; MacDonald, 2013).
One limitation of our method is that participants typed
instead of spoke their responses, and a natural future direction
is replication with spoken language. A second limitation is
that the frequency effects found here arose during production
of recently-learned novel words rather than in natural
language, where frequency differences are established over a
lifetime of experience. Because word frequency tends to be
confounded with length and other factors in natural language
(Piantadosi, Tily, & Gibson, 2011), a natural language
extension of this paradigm could examine effects of
accessibility driven by some combination of frequency,
length and other factors, for example if English producers
described a compass direction as “west” (a high frequency,
short word) instead of a rarer, longer, but more accurate
expression such as “west-northwest”.
Another important direction for future research is an
exploration of the role of feedback and time constraint on
producers’ willingness to extend learned words to new points
on the compass. Instructions to respond quickly and
accurately are common in language production studies, but in
the current experiments participants received a graded reward
(points) contingent on accuracy and speed. While directly
incentivized to weigh both constraints to some degree, in
practice, the speeded advantage of a high- over lowfrequency response would lead to 0-2 additional points
relative to an average score of 46. Future work will
investigate whether frequency shifts participants’ responses
even when the emphasis of the task is placed solely on
accuracy with no incentives for speed.
The current experiments do not rule out the possibility that
producers have remapped the semantic boundaries for highfrequency vs. low-frequency words, as opposed to shifting
their usage of the words in accordance with their
accessibility. While this may be part of our effect, we find it
unlikely that participants have dramatically shifted their
perception of the semantic boundaries for two reasons. First,
participants received immediate feedback after each
response. Second, response times increased as competition
increased, suggesting a form of competition between
alternative words. If participants had instead extended the
semantic range for the high-frequency words, then both near
and more distant test points would be within a semantic space
for this word and would not be expected to differ in response
time.
In sum, these two studies showed that producers balance
both the accessibility of a word and its accuracy for
conveying a meaning when constructing an utterance. The
fact that online production may sacrifice some inaccuracy for
the benefit of accessibility may contribute to additional
insight into word substitution speech errors, where there is

some controversy concerning the degree to which speech
errors tend to yield a higher frequency word substituting for
a lower frequency word (Harley & MacAndrew, 2001).
These frequency-driven effects observed here may also prove
useful in understanding the use of vague words such as
“thing” when another word is more accurate, but likely less
accessible.
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Abstract

interpret, not just generalizations, but specific situations as
well, such as, that particular weapon was used for that
particular crime.

Certain generalizations are teleological, e.g., forks are for
eating. But not all properties relevant to a particular concept
permit teleological generalization. For instance, forks get
washed roughly as often as they’re used for eating, yet the
generalization, forks are for washing, might strike reasoners as
unacceptable. What explains the discrepancy? A recent
taxonomic theory of conceptual generalization (Prasada, 2017;
Prasada & Dillingham, 2006; Prasada et al., 2013) argues that
certain kinds of conceptual connections – known as
“principled” connections – license generalizations, whereas
associative, “statistical” connections license only probabilistic
expectations. We apply this taxonomy to explain teleological
generalization: it predicts that acceptable teleological
generalizations concern concept-property pairs in which the
concept bears a principled connection to a property. Under this
analysis, the concept fork bears a principled connection to
eating and a statistical connection to washing. Two
experiments and a regression analysis tested and corroborated
the predictions of the theory.

The philosophy and psychology of
teleological thinking
In the present paper, we focus on what makes teleological
generalizations, such as teeth are for chewing, acceptable or
unacceptable. Wright (1976) argued that teleological
assertions reduce to causal relations in that they refer to the
etiology of the property in question, i.e., the set of preceding
causes that brought about the property. On Wright’s account,
teeth are for chewing is acceptable because chewing is a
consequence of the existence of teeth, i.e., teeth exist to
permit chewing. While Wright’s analysis was normative – it
concerned the conditions that should sanction ideal
teleological assertions – Lombrozo and Carey (2006) sought
to test its descriptive validity. Participants in their studies
accepted teleological generalizations of specific events more
often for events that resulted from a set of preceding causes
than for those that resulted accidentally. Lombrozo and Carey
(2006) argued that the pattern lends some credence to
Wright’s (1976) etiological proposal, but they further
observed that participants preferred teleological explanations
when the sets of preceding causes described general patterns
that could be used for making predictions about the future.
Their results suggest that even when reasoners consider
specific situations, they often make teleological inferences
and predictions by considering (perhaps ad hoc)
generalizations.
An alternative view of teleological thinking comes from
theorists who argue that ideal teleological generalizations,
e.g., teeth are for chewing, should reference so-called
“dispositional” properties (Bigelow & Pargetter, 1987;
Brown, 1952). Dispositional properties are controversial in
philosophy because they are intrinsic, unobservable, and, by
definition, do not always manifest. Nevertheless, many
accounts of dispositions argue that they hold in reference to a
particular condition (Choi & Fara, 2016). For instance,
fragility is considered a dispositional property because fragile
items will break in the event that they’re struck by some
sufficiently strong force. Of course, an item need not ever
break for it to be considered fragile. Bigelow and Pargetter
draw a similar conclusion about teleological generalizations
(1987, p. 189): the generalization teeth are for chewing
should be true even though teeth are not engaged in the
activity most of the time. Hence, being for chewing is a
dispositional property of teeth, while being white is not, since

Keywords: teleological generalization, generics, principled
connections, statistical connections

Introduction
“What are forks for?” A reasonable answer to the question
may be: forks are for eating. The answer is a generalization,
since it concerns forks in general instead of some specific
instance of a fork. Moreover, the answer is teleological,
because it refers to the primary purpose that forks serve. From
early in their cognitive development, humans begin to
understand the teleological functions of objects and actions
(Atran, 1995; Carey, 1985; Csibra & Gergely, 1998; Keil,
1992). They think of both artifacts, such as forks, and
biological parts, such as teeth, as existing to serve some kind
of function (Keil, 1992). Toddlers appear to interpret the
actions of others as purposeful and in the service of some goal
(Onishi & Baillargeon, 2005; Southgate, Johnson, & Csibra,
2008). Indeed, as Kelemen discovered, children can also be
“promiscuous” in their teleological conceptualizations: for
instance, young children think that mountains are for
climbing and that lions exist for going to the zoo (Kelemen,
1999). And even adult college students and professional
scientists under time pressure find certain unwarranted
teleological explanations alluring, such as: ferns grow in
forests because they provide ground shade (Kelemen,
Rottman, & Seston, 2013). The assertion is a teleological
explanation because it refers to a teleological generalization
(forests exist to provide ground shade) in order to explain a
non-teleological generalization (ferns grow in forests).
Reasoners often construct teleological explanations to
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it is both manifest and observable of prototypical teeth. On
the dispositional account, the assertion teeth are for being
white should be rejected.
Philosophers continue to debate the veracity and
independence of both the etiological and the dispositional
accounts of teleological explanation (Delancey, 2006; Kroll,
2017; Mitchell, 1993; Neander, 1991), but both accounts may
have limited purchase in psychology and cognitive science,
because they fail to explain what makes certain teleological
generalizations unacceptable. For instance, neither account
can explain why, e.g., forks are for eating is a reasonable
teleological generalization while forks are for washing is not.
Being for eating and being for washing are both, after all,
dispositional properties. And it seems odd to think of a fork’s
primary purpose in terms of preceding causes. Eating is not a
consequence of the existence of forks, and so Wright’s (1976)
analysis is incomplete at best.
Perhaps accounts of teleological thinking fail because even
non-teleological generalizations present semantic challenges.
For instance, people accept the generalization cows have
udders even though only a minority of cows (mature females)
develop udders (Leslie, Khemlani, & Glucksberg, 2007). A
recent taxonomy proposed by Prasada and colleagues
addresses representational differences that explain why
people accept some generalizations and not others. In what
follows, we show how the taxonomy copes with teleological
generalizations, and we describe two experiments and a
regression analysis that corroborate the taxonomy’s
predictions. We conclude by describing how teleological
generalizations fit into a broad treatment of conceptual
representation.

expectations (e.g., cows, by virtue of being cows, have
udders), expectations about normality (e.g., all normal cows
have udders), and aspectual expectations (e.g., one aspect of
being a cow is having udders). Prasada and colleagues used
these expectations to diagnose whether a particular
generalization refers to a principled connection.
We apply Prasada et al.’s taxonomy to teleological
generalizations (see also Prasada, 2017). In essence, a
teleological property of a concept (e.g., forks) describes its
primary function or purpose (e.g., being for eating), and a
teleological generalization should be deemed acceptable
when a concept (forks) and the property are linked by a
principled connection. Principled connections should permit
self-referential generalizations (e.g., forks, by virtue of being
forks, are for eating), expectations about normality (e.g., all
normal forks are for eating), and expectations about
normativity (e.g., forks are supposed to be for eating).
Accordingly, Prasada et al.’s theory makes the following two
predictions:
Prediction 1: Participants should accept teleological
generalizations whenever they accept corresponding selfreferential generalizations, expectations of normality, and
expectations of normativity.

A corollary of Prediction 1 is that when people reject
assertions diagnostic of principled connections, they should
also reject the corresponding teleological generalizations. For
instance, those who disagree with the diagnostic statement all
normal forks are for washing should also disagree with forks
are for washing. Experiments 1 and 2 sought to test
prediction 1.
According to Prasada et al., generalizations depend on the
conceptual link between concept and a property, not on
knowledge about the probabilistic associations between the
two (see also Khemlani, Leslie, & Glucksberg, 2012). In
other words, people may possess relevant probabilistic
beliefs about, e.g., the conditional probability of an object
being for eating, given that is a fork, e.g., P(for-eating | fork),
or else the likelihood of something being a fork given that it
is for eating, P(fork | for-eating), but such associations should
be less predictive of the acceptability of corresponding
teleological generalizations, e.g., forks are for eating, than
statements diagnostic of principled connections. Hence, the
theory makes the following additional prediction:

Principled and statistical generalizations
Prasada and colleagues proposed that people represent
conceptual knowledge through different types of connections
between kind concepts (e.g., cow) and properties (e.g.,
udder). These connections explain why people accept
statements such as cows have udders (Prasada, 2017;
Prasada, Khemlani, Leslie, & Glucksberg, 2013; see also
Prasada & Dillingham, 2006). In particular, the researchers
argue that people distinguish “principled” from “statistical”
connections. Principled connections link a privileged,
characteristic property to a concept. Such properties are those
that are an essential element of what it means to be a member
of that concept. One way to distinguish principled
connections is that only principled connections license
normative expectations, e.g., cows are supposed to have
udders. In contrast, the generalization, cows are white, is
statistical, not principled: it refers to an incidental property
that is associated with the concept cow, not one that is an
essential element of being a cow. Statistical connections yield
only the probabilistic expectation that most cows are white;
they do not yield normative expectations, and so people are
less likely to believe that cows are supposed to be white. As
Prasada et al. (2013, p. 408 et seq.) show, principled
connections sanction many different types of expectations
besides normative expectations: they license self-referential

Prediction 2: Participants’ estimates of relevant conditional
probabilities should be less predictive of their tendency to
accept teleological generalizations as compared to their
endorsements of sentences diagnostic of principled
connections.

A regression analysis tested prediction 2.

Experiment 1
Experiment 1 tested whether participants distinguish
teleological generalizations that potentially represent
principled connections from those that do not (prediction 1).
Participants’ task was to assess the truth of teleological
generalizations such as forks are for eating and forks are for
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washing. Pairs of items were constructed such that each noun
(forks) appeared with a potentially acceptable teleological
generalization (eating) or a potentially unacceptable one
(washing). Participants also assessed the same pair of items
as self-referential generalizations (e.g., forks, by virtue of
being forks, are for eating vs. forks, by virtue of being forks,
are for washing).

being that object, e.g., “forks, by virtue of being forks, are for
washing.” They registered their responses by moving a slider
handle on a Likert scale that ranged from -3 (definitely false)
to 3 (definitely true). The study implemented a design such
that participants served as their own controls, i.e., 22 distinct
objects x 2 types of verb (control vs. experimental) x 2 types
of generalization (teleological vs. self-referential). Hence,
participants assessed 88 assertions in total. Experiment 1 and
all subsequent experiments were implemented in the “nodusponens” experimental framework (Khemlani, 2017). The
study presented the items in a randomized order.

Method
Participants. 40 participants (20 female) completed the task
on Amazon Mechanical Turk. All but four participants had
completed one or fewer courses in logic.

Open science. Data, code, and complete materials for
Experiment 1 and subsequent experiments can be found at:
https://osf.io/8v9ws.

Materials. Each material consisted of an artifact or natural
kind concept (a noun) paired with either an experimental or a
control verb. Verbs described common actions performed
with or by the noun, e.g., the word “forks” was paired with
the verb “eating” or else “washing.” Experimental and
control items differed in that experimental items’ verbs were
constructed to yield acceptable teleological generalizations
(e.g., “forks are for eating”) while control items’ verbs were
constructed to yield unacceptable generalizations (e.g.,
“forks are for washing”). Half of the 22 objects were artifacts
(e.g., “forks”), while the other were half were natural kinds
(e.g., “stomachs”). Table 1 provides a list of 10 of the 22
objects and their corresponding verbs.

Results and discussion
Figure 1 (left two columns) shows the results of participants’
ratings for the items in Experiment 1. Their evaluations
corroborated principle 1: they rated experimental items as
more truthful than control items (Mexperimental = 2.42 vs. Mcontrol
= -.71, Wilcoxon test, z = 33.93, p <.0001, Cliff’s δ = 0.82).
Their ratings did not differ as a function of whether the
generalization was teleological or self-referential (Mteleological
= .86 vs. Mself-referential = .85, Wilcoxon test, z = 0.09, p = .93,
Cliff’s δ < 0.01). And, their ratings did not yield a reliable
interaction between the type of verb (experimental vs.
control) and the type of generalization (teleological vs. selfreferential; Wilcoxon test, z =.52, p = .60, Cliff’s δ = 0.02).
Planned comparisons were conducted for experimental vs.
control items for teleological generalizations and selfreferential generalizations in isolation. For teleological
generalizations, assertions describing experimental items
were rated as more true (M = 2.43) than those describing
control items (M = -0.72; Wilcoxon test, z = 23.95, p <.0001,
Cliff’s δ = 0.83). The result served as a manipulation check:
it confirmed that participants construed experimental items as
acceptable generalizations. A similar pattern held for selfreferential generalizations (Mexperimental = 2.41 vs. Mcontrol = .70; Wilcoxon test, z = 24.03, p <.0001, Cliff’s δ = 0.82).
Participants’ ratings yielded a strong correlation between the
teleological and self-referential generalizations, which
confirmed prediction 1 (r = .65, p < .0001). Hence,
participants’ evaluations of the truth of self-referential
generalizations strongly predicted their evaluations of
teleological generalizations. Prasada et al. (2013) posit that
self-referential generalizations are diagnostic of principled
connections, and so the results of Experiment 1 suggest that
participants represented principled connections for
experimental items. Experiment 2 sought to extend the
finding by exploring two additional assertion types
diagnostic of principled connections.

Design and procedure. Participants were instructed to
evaluate the truth of statements about common objects and
entities. They responded to one of two types of assertions:
teleological generalizations or else self-referential
generalizations. Teleological generalizations were assertions
that were of the form NPplural + VPpurposive, e.g., “forks” + “are
for eating”. Self-referential generalizations described the
purpose of plural form of the given object by virtue of
Verb
1
2
3
4
5
6
7
8
9
10
…

Concept
bag
book
brain
car
chair
cup
ear
eye
fork
hand
…

Experimental
carrying
reading
thinking
driving
sitting
drinking
hearing
seeing
eating
grasping
…

Control
storing
packing
sleeping
painting
dusting
stacking
plugging
blinking
washing
clapping
…

Table 1. A sample of the concepts and their corresponding verbs in
Experiments 1 and 2. Each concept appeared as a plural noun (e.g.,
“bags…”) and was paired with either an experimental or a control
verb (e.g., “…are for carrying.”) Participants received 22 concepts
in both nouns, i.e., 44 items for each formulation.
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Teleological gen.

ySelf-referential

-3

-3

yNormality

Normativity

Cue validity

Prevalence

0

0

bags
books
cars
chairs
cups
forks
knives
ladders
pencils
pianos
shoes
brains
ears
eyes
hands
muscles
noses
stomachs
teeth
throats
tongues
wings

Control
Experimental

0

3

0

Experiment 1

3

-3

0

3

-3

0

3

25 50 75 100

Experiment 2

25 50 75 100

Norming

Figure 1. Participants’ truth ratings on 1) teleological and self-referential generalizations (Left two panels; Experiment 1) and 2) assertions
concerning normality and normativity (Middle two panels; Experiment 2). Right two panels: participants’ normed conditional probability
estimates (cue validity and prevalence). All panels show ratings as a function of the 22 concepts (top 11: artifacts; bottom 11: natural kinds)
and the two types of teleological property (control vs. experimental).

22 objects on each of the 2 types of formulation, for a total of
88 items.

Experiment 2
Experiment 2 was identical to Experiment 1 in all respects
except that instead of teleological and self-referential
generalizations, Experiment 2 provided participants with
statements about normality (e.g., “all normal forks are for
eating”) and normativity (e.g., “forks are supposed to be for
eating.”) Such assertions about normality and normativity are
diagnostic of principled connections (see prediction 1).

Results and discussion
Figure 1 (middle two columns) shows the results of
participants’ ratings for the items in Experiment 2.
Participants’ responses were analogous to those in
Experiment 1. They rated experimental items higher than
control items (Mexperimental = 2.30 vs. Mcontrol = -.61, Wilcoxon
test, z = 31.97, p < .0001, Cliff’s δ = 0.75). Their ratings did
not differ for normality vs. normativity generalizations
(Mnormality = 0.86 vs. Mnormativity = .0.83, Wilcoxon test, z =
0.61, p =.54, Cliff’s δ < 0.01). Their ratings yielded a small
but detectable interaction between the type of verb
(experimental vs. control) and the type of assertion
(normality vs. normativity; Wilcoxon test, z = 2.11, p = .04,
Cliff’s δ = 0.06). This small effect was indicative of
participants’ slightly more extreme ratings for normativity
assertions than for normality assertions.
Planned comparisons revealed that participants provided
higher ratings for experimental items than control items, both
for assertions that concerned normality (Mexperimental = 2.26 vs.
Mcontrol = -0.54, Wilcoxon test, z = 22.36, p <.0001, Cliff’s δ
= 0.73) and for those that concerned normativity (Mexperimental
= 2.34 vs. Mcontrol = -0.68, Wilcoxon test, z = 22.82, p <.0001,
Cliff’s δ = 0.77). The results further corroborated prediction
1, which states that people should distinguish principled
connections from other kinds of connections based on the fact
that principled connections yield expectations of both
normality and normativity.

Method
Participants. 39 participants (25 female) completed the task
on Amazon Mechanical Turk. All but three participants had
completed one or fewer courses in logic.
Materials, design, and procedure. Materials for Experiment
2 were identical to those used in Experiment 1. The design
of the experiment was also identical to Experiment 1, except
that in lieu of teleological and self-referential assertions,
participants received two assertions that referenced
expectations of what was normal of the objects in the study
(see Table 1) or else a normative property of those objects.
Hence, assertions that referenced normality appeared as
follows: “all normal forks are for eating.” And assertions that
referenced normativity appeared as follows: “forks are
supposed to be for eating.” As before, participants rated the
extent to which each statement struck them as true on a scale
that ranged from 3 to -3. They served as their own controls
and rated the control and experimental items for each of the
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Can some mitigating factor explain why participants
distinguished experimental from control items in
Experiments 1 and 2? One clear alternative is that participants
maintained probabilistic beliefs, e.g., they may have
maintained the subjective belief that the probability is high
that a thing is for eating given that it’s a fork, i.e., P(for-eating
| fork), or else they may have endorsed the idea that the
probability that something is a fork is high given that it’s for
eating, i.e., P(fork | for-eating). Either of these two
conditional probabilities could be correlated with
participants’ tendency to endorse teleological and selfreferential generalizations (Experiment 1) or else assertions
about normality and normativity (Experiment 2). We
conducted a regression analysis to test whether probabilistic
beliefs rather than principled connections best predict the
acceptance of teleological generalizations.

evaluated cue validity by answering the following question:
“Suppose a particular thing is for eating. What is the
probability that that thing is a fork?” In contrast, prevalence
estimates refer to the probability that an object, given that it
belongs to a particular kind, has a particular property.
Participants generated prevalence estimates by answering the
following question: “What percentage of forks are for
eating?” Hence, prevalence can be construed as the
conditional probability, P(for-eating | fork). Participants in
the norming study received each of the 22 materials in a 2
(experimental vs. control verb) x 2 (cue validity vs.
prevalence) design. For each question, they provided
probability estimates on a movable slider ranging from 0 to
100 percent. As in Experiments 1 and 2, participants served
as their own controls, and each received a total of 88 items in
different randomized order.

Regression analysis

Hierarchical analysis

Prediction 2 above states that conditional probability
estimates, e.g., P(for-eating | fork) or P(fork | for-eating)
should be less predictive of participants’ acceptance of
teleological generalizations than statements diagnostic of
principled connections. Yet, reasoners may possess relevant
statistical knowledge, and indeed, as Prasada et al. (2013)
observe, certain generalizations are acceptable precisely
because they make statistical claims. For instance, the
generalization, cars have radios, is true because most cars
have radios. The fact may be an accident of history – there is
nothing abnormal about a car without a radio – yet the
generalization remains perfectly acceptable. Hence, an
alternative account of the results from the previous
experiments is that people endorsed assertions that are
diagnostic of principled connections, not because they
directly represented principled connections, but because of
their underlying statistical and probabilistic knowledge. In
other words, people may endorse forks are for eating as a true
generalization not because being for eating bears a principled
connection to fork, but because forks are, more often than
anything else, used for eating.
To address this alternative explanation, we conducted a
norming study and used it to carry out a regression analysis.
If prediction 2 is true, then regression models comprised of
only conditional probability estimates should fare worse at
predicting the acceptability of teleological generalizations
than models that include the various diagnostic assertions as
predictors. If prediction 2 is false, the opposite pattern should
hold.

Experiments 1, 2, and the norming study yielded numerical
estimates of the truth values of teleological generalizations,
self-referential generalizations, normality assertions, and
normativity assertions, as well as relevant conditional
probability estimates, i.e., cue validity and prevalence
estimates. We conducted a regression analysis at the item
level, for which we aggregated the data from the three studies
and averaged them as a function of the 44 separate items (22
items x 2 verbs: experimental vs. control).
To conduct the analysis, we constructed a series of linear
mixed-effects models to test both predictions 1 and 2.
Prediction 1 predicts that assertions diagnostic of principled
connections (i.e., self-referential generalizations, normality
assertions, and normativity assertions) should significantly
predict the acceptance of teleological generalizations.
Prediction 2 predicts that conditional probability estimates
(i.e., cue validity and prevalence) should be less predictive of
acceptance of teleological generalizations.
An initial hierarchical analysis established a set of mixedeffects models as follows (where Mn is an abbreviation for
“model n”):
M1: teleology ~ cue validity
M2: teleology ~ cue validity + prevalence
M3A: teleology ~ cue validity + prevalence + self-referen.
Hence, M1 describes a model in which mean ratings of
teleological generalizations were regressed against mean cue
validity estimates, and so on. Each model controlled for
AIC

R2

χ2
–

Significance
–
151.13
143.13
.53
M1
83.23
73.23
.90
69.90
M2
* (M1)
-36.10
.99
109.33
M3A -24.10
* (M2)
34.29
22.28
.97
50.94
M3B
* (M2)
16.26
4.26
.98
68.97
M3C
* (M2)
Table 2. Analysis of deviance for Models 1 and 2 (including only
both statistical predictors) and Models 3A-3C (each of which
included a single predictor diagnostic of principled connections in
addition to both statistical predictors). The * denotes a significantly
better fit to the data than the model in parentheses.

Norming study
In a norming study on a new sample of participants through
Amazon Mechanical Turk, we collected two kinds of
conditional probability estimates: cue validity and prevalence
(see Khemlani et al., 2012, for an analogous analysis on bare
plural generalizations). Cue validity refers to the probability
that an instance belongs to a kind given that it has a particular
property; it can be construed as the conditional probability,
P(fork | for-eating). For the relevant fork item, participants
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Deviance

variation in individual materials by including it as a random
effect (not shown in the formulas above). Table 2 provides an
analysis of deviance for the three separate models. The table
shows that the data corroborate prediction 2: models
comprised of only conditional probability estimates (M1 and
M2) were less predictive of participants’ mean ratings of
teleological generalizations (R2M1 = 0.53 and R2M2 = 0.90)
and performed significantly worse than the model that
included participants’ mean ratings of self-referential
generalizations (R2M3A = 0.99).
Two additional regression models were constructed as
follows:

explore whether Prasada et al.’s conceptual taxonomy
accounts for the acceptability of inductive teleological
inferences.

M3B: teleology
M3C: teleology
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~ cue validity + prevalence + normality
~ cue validity + prevalence + normativity

They were subjected to analogous hierarchical analyses
against those models that included only conditional
probability estimates, M1 and M2, and they revealed
analogous patterns (see Table 2). In general, when considered
alongside conditional probability estimates, diagnostic
assertions explained all of the variance in the acceptability of
teleological generalizations.

General discussion
In two studies, participants evaluated teleological
generalizations, e.g., forks are for eating, as well as assertions
diagnostic of principled connections between a concept and a
property, e.g., forks, by virtue of being forks, are for eating
and all normal forks are for eating. They gave higher truth
ratings for these statements when the corresponding
teleological generalization was acceptable (e.g., forks are for
eating) than when it was unacceptable (e.g., forks are for
washing). A norming study and a regression analysis
revealed that assertions diagnostic of principle connections
fully predicted peoples’ tendency to endorse teleological
generalizations. In contrast, estimates of conditional
probabilities that related concepts and properties were less
predictive. The data validated a taxonomy proposed by
Prasada et al. (2013), and they suggest that people represent
principled connections between concepts (forks) and
teleological properties (being for eating). In general, the
taxonomy explains why people accept certain teleological
generalizations and reject others.
While recent research suggests that reasoners often invoke
causal relations when interpreting teleological explanations
(Lombrozo & Carey, 2006), causal relations do not provide a
complete account for which teleological explanations people
accept. The authors explored an additional constraint: the
generality of the relevant causal relations may predict
people’s acceptance of teleological explanations. The present
analysis parsimoniously explains why generality is important
for teleological reasoning: if people represent privileged
connections between concepts and their functions, they
should be able to generate teleological inferences based on
those connections. For instance, if you are told about a
particular cup, you may be inclined to inductively infer its
primary purpose (it’s for drinking). Our ongoing work will
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Abstract

The current paper demonstrates how the same architecture, with minimal changes, captures the process of building
mental models. The architecture is supplied with multiple
premises about objects, specifying their colors and spatial relations. It is able to build a mental model of the described
scene based on continuous perceptual representations. This
first requires that the discrete color and relational concepts
invoked by the description activate continuous perceptual representations, a mapping that we assume is previously learned.
Furthermore, it requires that new objects are placed in an
imagined scene representation or mental canvas, based on the
specified spatial relation to other objects. In our language,
translating relations into spatial positions entails active coordinate transforms. Building the scene representation also
requires that spatial positions are bound to continuous feature
representations, such as color. Ultimately, this bound representation of features and space must yield a stable working
memory of the imagined scene. When a sentence refers to
an object that is already part of the mental model, it must be
brought into the attentional foreground, guided by its distinct
features. Finally, the time-continuous neural dynamics of this
architecture must organize all of these processes, which entails the generation of sequences.
A particular challenge appears in ambiguous descriptions.
Take the following example: “Imagine a green ball. Now
imagine a red ball to the left of that green ball. Now imagine
a blue ball to the left of the green ball.” The first and second
premise are determinate problems, where the premise unambiguously specifies where to place the new object. The last
premise, on the other hand, is an indeterminate problem because it does not specify whether the blue object should be
placed to the left or to the right of the red object. Ragni and
Knauff (2013) find that most people solve indeterminate descriptions by sequentially placing objects such that they create the least amount of change relative to the already established scene. They capture this preferred mental model by an
architecture that places objects in the first free slot on a gridcanvas. This paper demonstrates how the same behavior may
emerge from the neural architecture. The positioning of new
objects emerges from inhibitory influences of objects that are
already present in the scene.

Reasoning and other mental operations are believed to rely on
mental models. Arguments have been made that mental models share representational substrate with perception. Here, we
demonstrate that a neural dynamic architecture that perceptually grounds language may also support the building of mental models. Supplied with a sequence of simple premises that
specify the colors of object pairs as well as their spatial relation, the architecture builds a mental model of the described
scene. We show how the neural processes of the architecture evolve in response to both determinate and indeterminate
premises. For indeterminate premises, we demonstrate that
the preferred mental models observed in human participants
emerge from the underlying neural dynamics.
Keywords: mental models; neural dynamics; dynamic field
theory; grounded cognition; visual imagery

Introduction
Most of our thinking relates to real or imagined scenes and
events. Mental models of such scenes can be built from language and enable us to understand statements, reason about
them, and make inferences (Johnson-Laird, 2010; Knauff,
2013). But how do neural processes generate such mental
models?
Mental models may have propositional form, but may also
entail perceptual representations (Mani & Johnson-Laird,
1982; Zwaan, 2014) and, therefore, mental imagery. We
know that when we imagine something, the brain’s sensorimotor areas are engaged as if we were actively perceiving
a scene (Kosslyn, Ganis, & Thompson, 2001; Pulvermüller,
2005). Many thus believe that mental imagery is based on the
same kinds of perceptual representations that underlie perception and cognition in general (Barsalou, 2009; Gallese &
Lakoff, 2005). If mental imagery and mental models share
their representational format with perception and cognition,
then this suggests a route for providing a neural process account. Here we pursue this route by showing that a neural architecture of the perceptual grounding of language (Richter,
Lins, Schneegans, Sandamirskaya, & Schöner, 2014; Richter,
Lins, & Schöner, 2017) can serve to build mental models.
The neural architecture interfaces continuous perceptual
representations with representations of discrete concepts. It
is based on dynamic field theory (DFT), a mathematical and
conceptual framework for modeling cognitive processes that
is consistent with neural principles (Schöner, Spencer, & the
DFT Research Group, 2015). In DFT, neural activation is
captured by dynamic neural fields that are defined over continuous feature dimensions and evolve in continuous time
based on differential equations. This enables the coupling of
neural representations to online sensory and motor processes.

Methods
Dynamic field theory (DFT) is a mathematical framework
for modeling cognitive processes based on neural principles
(Schöner et al., 2015). In DFT, the activation of populations of neurons is captured by dynamic neural fields. Fields
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are defined over continuous feature dimensions, for example
color or space, and evolve in continuous time based on the
following integro-differential equation
τu̇(x,t) = −u(x,t) + h + s(x,t) +

Z

LEFT OF, TO THE RIGHT OF, ABOVE , BELOW ) are encoded
by connections from their production node to every location
of the relational field, which is defined over two-dimensional
space. These connection patterns are inspired by empirical
data (Logan & Sadler, 1996); they are depicted in Figure 1
next to their respective concept nodes using a color-code. In
a relational premise like “the orange object to the left of the
blue object”, color concepts appear in the roles of the target
object (here, orange) and the reference object (blue). In the
architecture, each color concept thus appears twice, for target
and reference.

g(u(x0 ,t)) w(x − x0 ) dx0 .

Here, u(x,t) is the activation of a field defined over the continuous feature dimension x at time t. τ is a time constant
that determines the time scale of the dynamics, h is a negative
resting level, and s(x,t) is external input from other fields or
sensors. The last term, the integral, formalizes lateral interaction within the field. The interaction kernel w features local
excitation and mid-range or global inhibition. The strength
of interaction is determined by the field’s sigmoidal output
function g(u(x,t)) with a threshold at zero (Amari, 1977).
With sufficient external input s(x,t), a field goes through
a dynamic detection instability, where the subthreshold attractor becomes unstable and a new attractor emerges above
threshold. This leads to the formation of a stable peak of
activation—the unit of representation in DFT. The shape of
the interaction kernel determines whether a field may form
multiple peaks or make a selection decision to form only a
single peak. With sufficient self-excitation, peaks become
self-sustained and remain stable after initial input is removed.
Fields may be defined over multiple continuous feature dimensions. Dynamic neural nodes are not defined over any
feature dimension and instead represent discrete concepts.
Fields and nodes may be coupled to form larger architectures, where fields of different dimensionality are connected
via shared feature dimensions. DFT architectures are continuously updated and may be coupled to sensory input and
motor output.

Attention

The architecture introduced here (Figure 1) is composed of
dynamic neural fields and nodes that are interconnected to
form a single dynamical system. It can be functionally divided into five parts, described in the following sections.

The attentional system consists of two fields. The color attention field is defined over the circular hue dimension. A peak
in this field brings objects of the specified color into the attentional focus. It feeds excitatorily into the three-dimensional
attention field along their shared hue dimension. The attention field is defined over two additional spatial dimensions
that span a canvas on which objects may be imagined. When
the color attention field has a peak, its output forms a subthreshold pattern of activation in the attention field in the
shape of a sheet. When this sheet of activation overlaps with
subthreshold localized input along the spatial dimensions, the
field may form a peak. This is visible in Figure 1 in the lowest slice through the attention field. The subthreshold localized input along the spatial dimensions can come from four
sources. For objects that are already part of a mental model,
the input comes from the scene representation field, which
holds a representation of the mental model. For new objects
that are to be added to a mental model, the input comes from
the target field. In case the object is the first one to be placed
in the model, a localized bias input places it at the center of
the spatial canvas. This case is detected by the color mismatch field, which forms a peak if the color represented in
the color attention field does not already exist in the mental
model. A last input to the attention field comes from the reference field and supports inferences about reference objects.

Concepts

Scene representation

The user interacts with the architecture by supplying premises
such as “an orange object to the left of a blue object.” Each
discrete concept of color and spatial relation contained within
such a premise is represented by a pair of dynamic neural
nodes. Memory nodes (blue circles in Figure 1) represent part
of the premise and act as an interface for the user. Production nodes (pink circles) gate the influence of memory nodes
onto the architecture. The perceptual meaning of a concept
is encoded in patterned synaptic connections (marked with
a star) between the production nodes and a dynamic neural field. Color concepts (i.e., RED , BLUE , CYAN , GREEN ,
ORANGE) are encoded by connections from their production
node to every location of the color attention field, which is defined over the hue dimension. The weights that make up the
connection patterns are determined by Gaussians centered on
the respective colors. Spatial relational concepts (i.e., TO THE

The mental model is built and memorized in the scene representation field, also defined over hue and two-dimensional
space. Strong self-excitation as well as surround inhibition
ensure that peaks in this field remain stable even after excitatory input from the attention field is removed. The output of
the scene representation field feeds excitatorily into the spatial scene representation field. It holds a representation of the
spatial positions of all objects in the mental model.

Architecture

Spatial transformation and object creation
The spatial transformation system enables the architecture to
express spatial relational premises. A premise such as “the
orange object to the left of the blue object” (shown in Figure 1) consists of three elements, all of which need to be
represented by the architecture: the object the premise is primarily referring to (the target object, here orange), the spatial
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Figure 1: Activation snapshot of the architecture as it forms a mental model consisting of five objects. For two-dimensional
fields, activation is shown color-coded, where blue colors denote subtreshold and yellow colors denote suprathreshold activation. For three-dimensional fields, two-dimensional slices of activation are shown. Neural nodes are denoted by circles that are
filled if the node is active and empty if inactive. Excitatory synaptic connections are shown by black lines with arrowheads,
inhibitory connections by lines ending in black circles; patterned connections are marked with a star. Steerable neural mappings
are denoted by blue diamonds. See text for details.
relation (here, to the left of), and the object which the relation
uses as a reference position (the reference object, here blue).
The spatial transformation system represents these three elements in dedicated dynamic neural fields, the target field, the
relational field, and the reference field, respectively. The target field and reference field are defined over two-dimensional
space and receive input from the attention field. Whenever
there is a peak in the attention field, one of the fields may
be brought into the dynamic regime to form peaks. The twodimensional relational field represents the relative position of
a target object with respect to the reference object. The field
is defined such that the reference object would be in the center of the field. The relational field also receives input from
the production nodes of all spatial relation concepts (e.g., TO
THE LEFT OF , see Figure 1). Coordinate transformations between the absolute spatial positions in the target field and the
relative positions in the relational field are based on steerable neural mappings (blue diamonds in Figure 1; Schneegans & Schöner, 2012), which are approximated by convolutions here. The architecture has four such coordinate transforms (blue diamonds, from left to right): the first enables the
position of an already existing target object to be transformed
into the relational field. The second transforms a peak in the

relational field into the reference field. The third is analogous
to the second but feeds into the target field. These three coordinate transforms enable the architecture to make inferences
on an already established mental model. The third transform
also accounts for the creation of new objects in the scene: a
peak is induced in the relational field from the spatial template that represents one of the spatial relations. The position
in space where the peak forms determines where the new object is going to be placed in space. The fourth transform has
a crucial impact on the position where the peak forms in the
relational field. It transforms the output of the spatial scene
representation field and feeds inhibitorily into the relational
field, introducing inhibition in positions that are already occupied by objects in the mental model. Due to this inhibition, peaks induced in the relational field tend to shift further
outward, avoiding changes to the already established mental
model. This is consistent with the preferred mental models
that humans tend to build (Ragni & Knauff, 2013).

Process organization
All of the processes within the architecture evolve autonomously in time based solely on the underlying dynamical
system. That is, the architecture does not depend on any al-
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gorithms or control inputs from the user in order to successfully build mental models; the user only supplies premises.
The architecture organizes the processes based on the principles of behavioral organization (Richter, Sandamirskaya, &
Schöner, 2012). Every process is represented by a pair of dynamic neural nodes: intention nodes (green circles marked
“i” in Figure 1) represent whether a process is currently
active and determines its influence on the rest of the architecture; condition-of-satisfaction (CoS) nodes (red circles
marked “c”) represent whether a process has been successfully finished and determine the conditions leading to that
finish. The architecture has four processes. The intention
node of the reference process gives input to the reference field
and to all production nodes of color concepts that are tied to
the reference role. It thus brings the color—and thereby also
the spatial position—of the reference object into the attentional foreground, bringing its spatial position into the reference field. If the reference object is not yet part of the mental
model in the scene representation field, it is added to it as well
(in the center). The CoS of the reference process is a peak in
the reference field. The intention node of the target process
is analogous to that of the reference process. The CoS of the
target process is a peak in the target CoS field, which checks
whether the target object is represented as part of the mental
model. The relational process gives input to all production
nodes of spatial relation concepts and to the relational field.
This induces a peak in the relational field, establishing the
position at which the new target object is placed. Lastly, the
reset process only has an intention node, which inhibits large
parts of the architecture in order to remove any self-sustained
peaks or turn off self-sustained nodes. This is required before
a new premise is supplied to the architecture to prevent activation from previous premises from interfering. Two precondition nodes (black circles in Figure 1) ensure that processes
are organized in a sequence. They inhibit the intention nodes
of the target process and the reset process, respectively. They
are in turn inhibited by the CoS nodes of the reference process as well as the target and relational process, respectively.
This structure leads to the sequence: reference process, target
process, and reset process. The relational process can be active independently of the reference and target process. After
the reset process, the architecture is again in a state where a
new premise can be supplied.

Figure 2 shows activation snapshots of relevant parts of
the architecture at six moments in time (t1 , . . . ,t6 ) during the
task. Time points t1 ,t2 , and t6 show the result after supplying
and building the mental model according to the first, second,
and fourth premise, respectively. Time points t3 , . . . ,t5 show
the detailed processes within the architecture that extend the
mental model for the third premise.

Determinate cases
At the beginning of the task, the user supplies the first determinate premise by activating the three memory nodes for “target: cyan”, “spatial relation: above”, and “reference: green”
(leftmost column, topmost two rows in Figure 2). At t1 ,
the reference process has already brought the reference object into the center of the reference field (fourth row) and
the scene representation field (last row) and has turned off.
The relational process is still active but has already induced
a peak in the relational field (fifth row) from the template of
the spatial relation ABOVE, yielding the new position of the
cyan target object. From there, it is represented in the target field (sixth row), the attention field (seventh row), bound
there with the CYAN color from the color attention field (third
row), and memorized in the scene representation field. After t1 , the reset process is activated, removing all sustained
peaks from the architecture except for the ones in the scene
representation field.
At time t2 , the mental model has been extended to represent
the second premise “the red object to the left of the green object” (second column, last row). Since the second premise is
also a determinate case, the processes are analogous to those
of the first premise.

Indeterminate cases
The processes regarding the third premise, “blue to the right
of red”, are shown in more detail at three time points t3 , . . . ,t5 .
The premise is an indeterminate problem because the green
object already occupies the spatial position directly to the
right of the red object. Data by Ragni and Knauff (2013)
suggests that most subjects would place the blue object in the
first free position to the right of the red object—to the right of
the green object. The model captures this behavior. Shortly
before t3 (third column), the premise is supplied by the user,
who activates the memory nodes for “reference: red”, “target:
blue” (first row), and “spatial relation: to the right of” (second
row). At t3 , the reference process brings the color red into the
attentional foreground in the color attention field (third row).
This brings the red object in the mental model (last row) into
the attention field (second to last row) and establishes it as
the reference object in the reference field (fourth row). At t4
(fourth column), the relational process has already activated
the production node of the spatial relation TO THE RIGHT OF,
which projects into the relational field (fifth row). Crucially,
this field also receives inhibitory input from the spatial scene
representation field, reflecting the spatial positions of all objects that are already part of the mental model (round blue
shapes in the plot). This inhibition leads to the position of

Results
This section demonstrates how the activation in the architecture evolves as it incrementally builds a mental model of the
following four premises: 1. There is a cyan object above a
green object. 2. There is a red object to the left of the green
object. 3. There is a blue object to the right of the red object. 4. There is an orange object to the left of the blue object.
This example shows that the architecture is able to interpret
multiple colors and spatial relations, that it can use different
target and reference objects across premises, and that it can
deal with both determinate and indeterminate cases.
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Figure 2: Activation of relevant parts of the architecture as it builds a mental model of four premises about five objects (see
text). Each column shows the activation of the architecture at a point in the continuous time shown on the bottom. Activation
of memory nodes (first two rows) and one-dimensional fields are plotted on the vertical axis; the threshold of zero is denoted by
gray lines. The colors of the circles and bars in the first row correspond to the color concepts the nodes represent. The concepts
of spatial relations (second row; LEFT, RIGHT, ABOVE , BELOW) are denoted by icons underneath the bars. All other activation
plots are color-coded (color-map, bottom right). The three-dimensional attention field and scene representation field are shown
projected onto 2D space by a maximum operation. Peaks in fields are labeled with the colors of the objects they represent.
the target object to be established in the next free position to
the right of the red reference object. At t5 (fifth column), the
relational field (fifth row) has formed a peak to the right of
the local inhibition, determining the position of the new blue
object. The target process brings the peak into the target field
(sixth row) and from there into the attention field (second to
last row). In this field, the input from the target field overlaps
with input from the color attention field (third row), binding
the spatial position of the new target object to the color BLUE.
From there, the peak comes up in the scene representation

field (last row) as well as in the spatial scene representation
field.
The next time point, t6 , shows the fourth premise, “the orange object to the left of the blue object”—also an indeterminate problem. This time, two objects (green and red) occupy
the positions to the left of the blue object. The relational field
(fifth row) shows a peak as well as the inhibitory influence of
the two objects that brought up the peak in the first free position to the left of the reference object. The position of the
peak is transformed into the target field (sixth row), bound
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robotic architecture for action selection and behavioral
organization inspired by human cognition. In IROS
2012 (pp. 2457–2464). New York, NY: IEEE.
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Schöner, G., Spencer, J. P., & the DFT Research Group.
(2015). Dynamic Thinking: A Primer on Dynamic Field
Theory. New York: Oxford University Press.
Zwaan, R. A. (2014). Embodiment and language comprehension: Reframing the discussion. Trends in Cognitive
Sciences, 18(5), 229–234.

Inferences on mental models
Once a mental model has been constructed, the architecture
supports inferences. For instance, it is able to extract the spatial relation between objects, even if their relation has not
been specified by the premises before. This is enabled by
the transformation (leftmost diamond) that induces a peak in
the relational field from a given target and reference position.
The peak activates the most fitting spatial relation based on
its template. Moreover, given a phrase that contains only one
object (reference or target) and a spatial relation, the architecture can infer the second object.

Discussion
We have introduced an architecture that captures the neural
dynamic processes of building mental models. With only
minimal changes, the architecture is based on previous work
in dynamic field theory (DFT) that accounts for the grounding
of language in actual perception (Richter et al., 2014; Richter
et al., 2017). New over the previous architecture is how object representations are instantiated without perceptual input.
In particular, we show how the architecture deals with the
problem of placing objects in space. The processes of the architecture on indeterminate problems matches data from human subjects, who tend to build a preferred mental model
that minimizes change (Ragni & Knauff, 2013). This behavior emerges from the neural dynamics, specifically from the
interplay between the already established mental model and
the way positions for new objects are established. We furthermore show that the architecture iteratively builds a mental
model as multiple premises are supplied in a sequence.
Our approach shares concepts with the information processing account of Ragni and Knauff (2013), in which
symbolic elements are placed onto a two-dimensional gridcanvas. Our architecture reframes these operations as neural processes. This includes the emergence of discrete
operational stages of processing from an underlying timecontinuous neural dynamics (Richter et al., 2012).
Overall, we show that mental models can be captured by
the same neural mechanisms that also support the perceptual
grounding of language. Experimental signatures of the proposed mechanisms may be sought by asking participants to
graphically represent their mental map. Future versions of
the architecture may incorporate additional constraints that
shed light on how strategies other than the preferred mental
model may come about. Extensions of the architecture may
be able to account for how abstract relations are represented
(Knauff, 2013) by mapping them onto the spatial canvas described here. Establishing mappings between different types
of relations may ultimately lead to a neurally plausible architecture of general relational reasoning.
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Abstract

of time, with readily and generally available technology, and
therefore points towards a promising way to assess and diagnose aspects of attention in individuals. The present research
was motivated by an earlier study by Kumar, Chandramouli,
and Shiffrin (2015), but that method requires extensive testing for long periods of time and would not have been suitable
for assessment and diagnosis. Although our long-range goal
is use in clinical and assessment settings, the present study
uses college age adults screened to confirm they had not had
a diagnosis of attention deficit disorder. The participants are
assumed to have a range of attention processes typical of this
population. The present research is aimed to provide a proof
of concept for the method.
The method is simple in concept: There are three positions displayed on a computer monitor where targets and foils
appear at rapid but irregular times. The participant uses a
mouse to move a cursor toward targets and attempts to inhibit cursor movements toward foils. The method relies on
the fundamental assumption that cursor movements toward a
position indicate that attention has been directed toward that
position. Cursor movement trajectories provide a wealth of
rapidly acquired data, but vary in many and complex ways.
As described shortly we therefore use a variant of a Hidden
Markov Model (HMM), based on selected aspects of the cursor movements and prior knowledge, to produce a predicted
trajectory of spatial attention over time. The predicted attention trajectory can be compared to the sequence and timing of
targets and foils to infer the use of attention by each subject
tested.

The present research infers aspects of spatial attention from
movement to targets (and preferably not to foils) of a mousecontrolled cursor on a computer monitor. The long-term goal
is a data-rich and rapid assessment technique that can be used
to diagnose individual and clinical deficits of attention. The
aim of this present research is validating the approach using
a college population of subjects. In the experiment, participants attempt to move a cursor toward three spatial positions at
which targets appear rapidly but at irregular times, and attempt
to inhibit movements toward foils appearing at those positions.
We assume that cursor movements toward a position indicates
attention has been directed toward that position. A modified
Hidden Markov Model (HMM) uses five sources of evidence,
all based on parameters to be estimated, to predict the time
varying movement of attention: four aspects of cursor movement and a probability that attention will move from one time
interval to the next. Five minutes of data are used to estimate
parameters for each subject that produce a predicted attention
trajectory which best matches what the subject is instructed to
do. These parameters are used to predict the attention trajectory for the remainder of the hour of testing. The predictions
of attention movements are then matched to the appearance of
targets and foils to infer such components of attention as ability to respond to targets vs foils, times to do so, and changes
in these components over time. The results illustrate a promising approach to assessment of attention that could likely be
employed for both adults and children in clinical settings requiring short testing periods.
Keywords: Attention; Hidden Markov Model(HMM); Individual differences

Introduction
Psychologists have been studying various aspects of attention which include ability to focus, maintain, spread attention,
and their effects upon behavior. These efforts have accelerated in the last fifty years, in part from articles by Schneider
and Shiffrin (1977) and Shiffrin and Schneider (1977), and
new methods allowing neural measurements. It would be
desirable to have a method that could be used for diagnosis
and clinical assessment that could be employed quickly and
easily, for example for the testing of children suspected to
have various forms of Attention Deficit Hyperactivity Disorder (ADHD). There are many functional aspects of attentional
allocation which are measured when studying clinical populations - selective attention, sustained attention, response precision, cognitive flexibility, working memory, temporal information processing, and response inhibition (Mueller, Hong,
Shepard, & Moore, 2017). Unfortunately, existing studies of
attention require long and extensive periods of testing, and/or
equipment that is expensive and cumbersome to utilize. They
also require expertise and well trained staff to apply. In this
article we demonstrate a methodology that provides a wealth
of data about several aspects of attention in a short period

Experiment 1
The three relevant screen positions are indicated by three
green circles surrounding fixation at distances of 510 pixels.
These positions are fixed throughout testing for all participants. Targets and foils are of three types: A red circle, a
larger green circle, and a green square. For each ’block’ of
testing one of these is designated as a target and the other
two as foils. See Figure 1 for examples of target displays.
The target choice varies from block to block, for 18 blocks
in about one hour of testing. When a target or foil appears,
it remains on the screen until the next target or foil appears,
with the next one always being in one of the other two screen
positions randomly chosen. At that time the previous target
or foil reverts to a green circle. When a new stimulus appears
it is chosen with probability 23 to be a target and probability 13
to be a foil. If a foil stimulus occurs on a given trial, it is with
probability 21 either of two foil choices.
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(a) Red target

(c) Square target

(b) Size target

Figure 2: Illustration of trajectory vector (V0) and vector to
three display positions (V1,V2,V3) for computing statistics
of speed, acceleration, distance, and orientation.

(d) SOA Distribution

Figure 1: (a,b,c) Displays with salient stimulus at position 1.
In a block each of the three stimuli are presented but only one
is designated as target.(d) Distribution of times for Stimulus
onset asynchrony (SOA) showing a bimodal distribution with
mode about 300 and 700ms.

Training and testing
Each participant was given brief practice with two blocks
consisting of 45 trials each, but with blue targets and no foils.
These trials were used to adjust for each subject the speed at
which stimuli appeared. The practice blocks were followed
by 18 blocks of testing, with a break of 10 seconds between
blocks (a longer break of 30 seconds was placed after 9 blocks
of testing). During the break interval, target for the next block
was shown at the center of the screen. The 18 experimental
blocks consisted of 6 blocks each of targets Red, Size, and
Square, in random order. To motivate task performance, participants are notified when they are within 50 pixels from the
boundary of a target by changing the cursor to a “hand” symbol. Neither foils nor targets are repeated at the same location
on consecutive displays. It can nonetheless be appropriate to
keep the cursor on a given position for several displays running, if the next display is a foil, and the display after that is
on the position on which the cursor currently resides. A participant sees 270 presentations of targets and foils per block,
totaling 4860 trials in about one hour of testing.

Timing
Targets and foils occur rapidly at irregular times drawn from
a bi-modal mixture distribution as shown in Figure 1d. These
times are adjusted for each subject on the basis of two practice blocks (see below). For each subject a constant time is
added to this distribution to adjust for the speed at which different subjects are able to move the cursor, determined during
training. The minimum time added was 128ms and the maximum time added was 352ms, over the 45 subjects. When a
stimulus remains on the screen for a relatively long time, it
is possible for the cursor to reach and stop at the stimulus;
for a short duration the cursor may often be moving toward
a given position when the next target (or foil) is perceived at
another position. The subjects are instructed to deviate from
the previous path and move toward the new stimulus, if it is a
target and is perceived before the previous target is reached.

Modeling the trajectory of attention
We have no objective measure of the locus of attention at each
moment in this task, as is the case for all tasks, but do have
good guesses based on trajectories of cursor movements during a trial. For example, if the cursor changes direction and
moves rapidly toward a spatial position, we can guess that attention has moved to that position. To assess the placement
of spatial attention at each moment we use a modified Hidden Markov Model (HMM): The “hidden” states are the three
spatial positions upon which attention likely is placed due to
the task requirements. There are multiple sources of evidence
that we use to inform the HMM. One is prior knowledge:
Lengthy experimentation has shown that attention does not
switch very rapidly (Reeves & Sperling, 1986; Vergauwe et
al., 2016) and may take a few hundred ms. Thus we wish to
employ a constraint implemented by the probability that attention will change state from one moment to the next (one

Participants
There were 45 participants, all students of Indiana university,
right-handed, with normal or corrected-to-normal vision, and
paid for their participation. 5 subjects were excluded from the
analysis due to poor performance with no movement in one
or more blocks of testing.

Data collection
Each display is presented on a 60-Hz CRT monitor with a
resolution of 1600x1200. Experimental stimuli are generated
using matlab image processing toolbox and presented using
the psychophysics toolbox extension.(Brainard, 1997). The
cursor position was sampled at 1000Hz, but these positions
were downsampled to 100Hz: i.e. the screen position was
collected every 10 ms.
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10 ms interval to the next). If this probability is low then attention will have a tendency to stay in one state. As described
later, attention to a given position must be subdivided into
two cases, one in which the cursor is moving to that position
and the other in which the cursor is stationary at that position.
Thus we need two change probability parameters, depending
on whether the change is from the moving or stationary state.
We do not enforce limits on the size of the change parameters
by limiting their size, but rather by use of an objective function when fitting the model’s parameters, as described later.
The data used to inform the HMM are aspects of the cursor
movements. Cursor movements are complex, noisy and very
high dimensional, which leads us to simplify them by using
four easy to measure aspects of such movements at each moment in time: Speed, acceleration, and direction toward and
distance from the three spatial positions. The way these are
calculated at each moment in time is illustrated in Figure 2.
The HMM operates at discrete time intervals 10ms in duration. At time t we measure the spatial vector from from t − 1
to t (denoted as V 0), where speed, s, is determined by the
distance moved (vector length), acceleration, a, as the change
in speed from t − 2 to t − 1 and t − 1 to t, orientation, o, as
the angle between vector V 0 and the three spatial positions,
and distance, d, as the length of vectors from the end of vector V 0 to the three spatial positions. Each of these measures
has a natural way it provides evidence concerning attention
placement. For example, consider direction (we use the term
orientation): The more directly the current direction of motion is toward a given position, the more likely attention is
placed on that position.The amount of evidence (probability)
associated with a given set of orientations is unknown, so is
parameterized by a plausible two parameter distribution family. Of course orientation is meaningful only when the cursor
is moving; when the cursor stops on a position, there is no
orientation and this measure provides no evidence. We therefore have two evidence distributions, one when the cursor is
moving and another when it is stopped. This idea is implemented by dividing the hidden state for attention at position
j into two states, one for movement toward j and another for
stopping at position j. The same idea is employed for each
of the other cursor movement measures, so that we have six
hidden states in the HMM, two for each spatial position.

Figure 3: Distributional families of measures - (speed, acceleration, distance, and orientation to stimuli) for moving[M]
(blue-solid) and stopping[S] (red-dashed) states

from our study. Later we will show how ‘best’ parameters
are chosen for each subject, including those that specify these
eight distributions. As usual, we assume independence of the
five sources of evidence, and assume the Markov property:
The attention state at time t is determined by the prior probability of attention change, the four measures of cursor movement, and the attention state at time t − 1, but not on any attention state prior to t − 1. We use two parameters to describe
transitions between states, a high probability for staying in
the same state and lower for switching to a state associated
with the same spatial position. The remaining probability is
divided uniformly for transitioning to other spatial positions.
As with any HMM, these assumptions allows us to write the
probability of a sequence of attention states in an easy to compute fashion. Conditional on the (unknown) state, Ψt−1 , at
time t-1, the state probability at time t, Ψt , is a product of the
five sources of evidence. Thus given a set of values for the
eighteen parameters, Equations 1,2, and 3 give the probability of each set of attention states for any specified experimental duration. Note that it takes time for attention to change
and cursors to move, so not all transitions between states are
possible. Thus if attention at time t is on position 1, one cannot transit at time t+1 to the resting state at positions 2 or 3;
we implement this constraint with zero probability assigned
to impossible transitions.

Associated with these six states are eight probability distributions mapping the four cursor movement measures to the
states. Each of these distributions is implemented as a twoparameter family of distributions. Examples of these for particular parameter choices are shown in Figure 4. Speed is
modeled as a gamma with different parameters for moving
and stopping states. Acceleration is modeled as a uniform
with different parameters for starting and stopping states.
Distance is modeled as a uniform for the moving state and
gamma for stopping states. Lastly, Orientation is modeled
as a half-normal for moving and uniform for stopping states.
The choices of these distribution families were based in part
on empirical observations of the cursor movement measures

p(Ψt , Ψt−1 , . . . |s, a, d, o)

(1)

∝ p(s, a, d, o|Ψt , Ψt−1 , . . .)p(Ψt , Ψt−1 , . . .)

(2)

= p(s|Ψt )p(a|Ψt )p(d|Ψt )p(o|Ψt )p(Ψt |Ψt−1 )

(3)

There are an almost uncountable number of sequences of attention states, given each sequence occurs at 10 ms intervals.
Although Equation 3 gives the probability of each one, for
a given set of parameter values, this is not useful information. Fortunately, standard methods (based on the Viterbi algorithm (S. Godsill, Doucet, & West, 2001)) allows efficient
and relatively rapid computational determination of the highest probability sequence of states for a given set of parameter
values. This is well known technology and we do not describe it here. Thus the HMM provides us with the maximum
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probability set of states for each set of parameter values, for
a given subject, and for a specified duration of the task (in
our implementation, one or two blocks of testing). In reality,
we found the system described thus far responded too readily to minor perturbations in cursor movements, so we used a
smoothing technique introduced by S. J. Godsill, Doucet, and
West (2004) whose window was estimated by impulsive motor feedback reported in Wagner and Smith (2008); this technique smooths across six intervals of 10 ms each (we omit
details).
There are many maximum probability sequences of states,
one for each set of parameter values. Thus the next step
requires selecting the parameters that produce the ’best’ sequence of attention states. We do this by finding the parameter values that maximize the objective function defined in
Equation 4. This objective function is chosen to reflect what
the subject is asked to do in the task: The equation specifies
credit allocation when a target occurs in a given position in
the period starting 200 ms after the target appears, and ending 200 ms after it is replaced. The first term (Ttarget ) gives
a unit credit for the first movement of attention to that position. The second term (Tother ) subtracts one credit for each
additional movement to that target position (we do not want
too many changes of attention). The third term (Tsubsequent )
subtracts one credit for any attention movement to any other
spatial position. The last term f (Dtarget ) is a linear function
rewarding early transitions to the target and punishing late
transitions to the target (a maximum of two positive credits
and a maximum of two negative credits). A similar objective
function is used when foils occur, except the first term subtracts rather than adds one credit. We use a standard parameter search algorithm to find the parameter values that maximize this objective function (a simplex algorithm (Nelder &
Mead, 1965)).

Figure 4: Trajectory of attention showing targets (open rectangles), foils (closed rectangles) and estimated states (solid
line) of one subject for 40 seconds duration while searching
for a square target.
ter we calculated the standard deviation of values across subjects, then produced new predictions for the objective function for values of that parameter plus and minus one standard
deviation. The values of the transition parameters made little
difference, but the values of the distance parameters in moving states changed the predictions considerably and therefore
were more sensitive.

Predicted trajectory of attention
The output of this HMM is a prediction of the sequence
of spatial attention states that is suggested by certain cursor
movement statistics. These predicted states can be compared
to the presented sequence of targets and foils. Figure 4 shows
an example for one subject of a short (40 seconds) duration
portion in the test blocks following those used to fit parameters. The three spatial positions are shown in the three rows.
Target presentations are shown as open boxes, and foil presentations as filled boxes. The width of the rectangles represent the time the stimuli is on the screen. The predictions
of the HMM are shown as the solid line superimposed on the
presentation sequence. This example shows that the HMM
applied to the data for this subject for at least this short time
period seems to be operating reasonably: Attention to targets
occurs shortly after targets appear, and there are more times
attention is given to targets than to foils. Such illustrations are
available for all blocks for all 40 subjects, but are far too many
to present, so we shall produce various summary statistics to
illustrate what the analysis shows about attention changes.

Ob j = arg max(Ttarget − Tother − Tsubsequent − f (Dtarget ) (4)
θ

For each subject we found the “best” parameters for the first
five minutes of testing (roughly the first two experimental
blocks). We then use those parameters to predict attention
movements for all subsequent blocks of that subject, and
we analyze and show results only for those cross-validation
blocks. This procedure is used to reduce over-fitting as far as
possible. Using readily available computers, the entire process just described produces a predicted sequence of “best”
attention states every 10ms for all 18 blocks for each of the
40 subjects in about 240 − 300 minutes.

Validation
As mentioned earlier, we have no objective measure of placement of attention. We therefore decided to show the analysis
works as desired in two ways:
1) The predicted sequence of attention states can be compared to the raw cursor movements and should operate as expected: E.g. movements toward a position should correspond
to a predicted attention state at that position. To illustrate the
correspondence in detail we show in Figure 5 in one panel
a short snippet of cursor movement (1650 ms.) taken from

Best parameters
There are 18 parameter values for each of the 40 subjects,
and we will not list these. We mention only that the two
change probability parameters ranged across subjects from
0.71 to 0.81 for staying in the same state, and from 0.18 to
0.23 for change from a moving state to an allowed stationary state. We did an analysis to see which parameters were
particularly sensitive to choice of values. For each parame-
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(a) Predicted attention tran- (b) Actual cursor trajectory
sitions by the HMM
observed in the task

Figure 5: Comparison of predicted attention and cursor trajectory showing a good correspondence. Color of the trajectory in 5b maps to the color of the predicted state in 5b.

(a) Time v/s proportion for targets

one block for one subject. The other panel shows the HMM
predictions of the attention states for that same period. One
can see that the attention states correspond in a natural way to
the cursor movements. This is of course no surprise, because
the HMM was built to do exactly this, but examples like this
(we checked a large sample of these) serve as a check for programming errors. When the cursor is stationary near one of
the target locations (within 200 pixels from center) the HMM
predicts attention lies on that location with a median probability of 0.99 across all subjects. If the cursor is moving towards
a target with orientation lower than 5 degrees, the model predicts the state with a median probability of 0.93 across all
subjects.
2) The predicted trajectory of attention states should correspond in reasonable ways to the presentation sequence: E.g.
There should be more predicted changes of attention to targets than foils, and the times at which these transitions occur should be reasonable based on past studies of the timing
of attention shifts. These forms of validation are part of the
predictions we produce for each subject, so are placed in the
results section.

(b) Time for targets v/s proportion for foils

Figure 6: Mean time for first change to target compared to
proportion of changes depicting fast errors.

tween targets and foils. The fact that many responses occur
to foils suggests that what is being measured is in good part
attention to change when a stimulus onset occurs. In further
research we plan studies designed to distinguish attention to
change from attention to identity.

Results
Figure 6 shows two measures, Figure 6a shows the expected
time for first transition and the expected proportion of transitions to targets for each subject. Time to respond to a target
does not seem correlated with the probability of doing so,
possibly suggesting that times reflect individual differences
in reactivity rather than a trade-off. Figure 6b shows the expected time for first transition to target and the expected proportion of transitions for foils: Subjects who take longer to
transition to a target have a lower proportion of transitions
to foils, suggesting a trade off of speed with reactivity to
foils. We note that it could be useful to model the use of
and changes of attention by modeling the predictions of the
HMM. In Figure 7, the proportion of transitions to targets
is compared to those for foils. There are clear individual
differences in ability to discriminate the two. All subjects
have a higher average proportion of transition to targets than
foils although some had great difficulty in discrimination. A
paired t-test for each subject shows that all except one with
t(17) = 2.33, p = 0.032 are able to easily discriminate be-

We note that the large numbers of targets and foils seen by
each subject, the enormous amount of cursor movement data
collected, and the large number of dynamic predictions of attention states, for each subject, allows us to perform an extremely large number of analyses. We have carried out quite
a few of these that space in this short report do not allow us to
present. To take just one example, analysis of the cursor trajectories, and of the screen location from which a change of
attention state is made, clearly show differences among subjects in the strategies employed to satisfy the task constraints:
Some subjects tend to move from one of the three target locations directly to the next; other subjects tend to move continuously to the center of the screen before moving to the next
target location. The latter subjects tend to respond quickly to
onsets of stimuli, leading us to suspect they might have been
experienced video game players, using a strategy that in some
sense optimizes both speed and accuracy. Space does not allow us to show these results and a number of others that we
have explored.
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is that we are not wedded to the precise implementation and
assumptions made in the present research. The design and
procedures nonetheless look very promising as a methodology that could be employed in a variety of forms, and prove
useful in practice.
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Figure 7: Proportion of responses for targets compared to
foils across subjects shows considerable variation across subjects. All subjects show a higher proportion to targets than
foils.

Discussion
There are advantages of a procedure to assess attention that
operates rapidly and collects large amounts of informative
data in short periods of time: the procedures can be used,
in principle, for clinical and other forms of assessment of individual differences. There are disadvantages, including the
difficulty of reporting many types of analyses and results in a
short report. We therefore view this report as a kind of “proof
of concept”. It would be quite possible to alter the experimental design, aspects of cursor movements fed to HMM,
modeling details of the HMM, and procedures for choosing
parameters, but retain the benefits of this approach. To take
an example of a possibly useful design change, we might
want to inhibit strategies by which some subjects move to
the screen center before moving to a target. We could use
a design in which stimuli appear only briefly enough to be
perceived without error, and then revert to the neutral green
circles. That would allow the next target to appear at the same
location, something that might inhibit movement away from
the current target position. We could also employ an error
signal if a cursor trajectory passed too close to the screen
center. We also note it could prove informative to produce
a process model of attention movement that uses the HMM
predictions as input data. we note finally that the modeling makes simplifying assumptions, including the assumption
that attention at each moment in time is at exactly one spatial
location. There are also ways to measure attention with other
forms of data such as eye movements (Chuk, Chan, Shimojo,
& Hsiao, 2016) or neural measurements. We chose cursor
movements because we suspected measurement noise would
be less, would not require expensive equipment, careful calibration and expertise in applying them. Computers with monitors are readily available, and subjects who might be assessed
with the present procedures are generally familiar with using cursors on computer monitors. The point to emphasize
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Abstract

ing that the response processes going into judgments and decisions play a substantial role in manifest preferences. Tversky et al. (1990) explained this gap in terms of the weights
assigned to probabilities and payoffs for gambles, suggesting
that more attention was paid to probability information when
gambles were priced individually.
However, this account does not paint a complete picture
of prices and decisions. The price assigned to a gamble also
changes as a function of the type of price being elicited, such
as the selling price (willingness to accept / WTA) versus buying price (willingness to pay / WTP). Thaler (1980) attributed
this divergence to an asymmetric utility between items that
are potentially being received (buying) as opposed to given
away (selling). Thaler proposed that the different utilities resulted from a shift in the reference point of the buying and
selling prices: a failure to buy an item is seen as foregoing
a gain, whereas selling an item is seen as a loss from a superior monetary position. Assuming loss aversion in value
computation, different weights are assigned to the same payoffs, resulting in diverging prices between buying and selling
(an endowment effect).
Such an account potentially explains why there is a mean
gap between the two types of prices, but would not account
for temporal or distributional differences between them. In
this paper, we show why such an account is still insufficient
for fully characterizing price judgments. Instead, we develop a theory that expands on previous work by Johnson &
Busemeyer (2005), who proposed that the utilities assigned
to dollar values may be consistent across different types of
responses but that the response-generating processes lead to
diverging decisions and prices. Two key findings in support
of this theory – and the one proposed here – are 1) the variance of prices increased as the outcomes of the gambles became less certain (approached 50-50 for 2-outcome gambles);
and 2) preference reversals could be explained by a theory of
response processes that does not assume different utility mappings for different types of prices.
This paper expands on these results and models by developing a computational cognitive model of pricing that predicts a complete joint distribution of price responses and associated response times. The model proposes that judgments
are made by combining initial price biases – based on the
type of price elicited, WTA / WTP – with information about
each gamble that is considered over time. The prior prices are
determined by the perspective of the decision-maker; for example, a seller would naturally be biased to start with a higher
prior price than a buyer would. Over time, the decision-maker
considers the characteristics of the item they are pricing. In
the case of monetary gambles, this involves considering (util-

Most models of pricing embody a static, deterministic theory
of value where the monetary amount people assign to an item
is computed as a fixed function of its attributes. Preference reversals — where prices assigned to gambles conflict with preference orders elicited through binary choices – indicate that
the response processes going into value assessments are important. In this paper, we additionally show that price responses
are sensitive to time pressure, suggesting a dynamic underlying
cognitive process. We also show that the elicited price distributions can possess strong positive or negative skew, indicating
that diverging information is used to generate buying versus
selling and certainty equivalent prices. We develop a computational cognitive model that predicts these continuous distributions of price responses and how they change over time, showing that it can account for the major dynamic and distributional
properties of prices and decisions.
Keywords: pricing, cognitive model, buying, selling, certainty equivalent

Introduction
The ability to compute and represent value is a core component of our capacities for making preference-based judgments and decisions. Responses corresponding to monetary
value like buying prices, selling prices, or certainty equivalents give insight into these representations by assigning the
observed features of an item to a single value on an external
scale. In turn, these prices allow us to compare the values assigned to multiple items and establish a preference order over
a set of options. They are therefore of central importance to
our understanding of preference, serving as a straightforward
expressions of item value.
Most common theories of preference based on subjective
expected utility (von Neumann & Morgenstern, 1944; Savage, 1954) or prospect theory (Kahneman & Tversky, 1979;
Tversky & Kahneman, 1992) posit a static and deterministic
view of monetary value, where the attributes of an item are
transformed into a utility and multiplied by their (weighted)
likelihood to compute an overall value. Decisions are assumed to be made by comparing these computed values and
picking the higher value item out of a pair, sometimes with
some error in the value estimates or choice rates to capture
the associated variability in behavior. However, mounting evidence has suggested that this view of value is insufficient to
fully characterize the rich patterns of decision and pricing behavior people exhibit. One example comes from the reversals
in apparent preference when monetary gambles are presented
as a pair for a decision (where A is chosen over B) versus
when they are priced individually (where B is priced higher
than A). This phenomenon emphasizes that the method of
eliciting value comparisons impacts their apparent preference
order (Grether & Plott, 1979; Birnbaum et al., 2016), suggest-

653

ities of) the payoffs and the chance of receiving each one.
As they consider different outcomes, their preference state
shifts toward the utility of the outcome or attribute currently
under consideration. Over time, this yields a dynamic process whereby initial prices give way to prices influenced by
the attributes of the items under consideration and support for
different price judgments is generated. Once enough support
for one of the available judgments is generated, a decisionmaker can halt the information gathering process and make
their response.
This characterization of pricing entails a dynamic process
in which the distributions of resulting prices depend both on
the type of price elicited and the characteristics of the gamble(s) offered. Therefore, we examine how judgments change
over time as well as directly examine the distributions of buying, selling, and certainty equivalent (“perspective-neutral”)
prices. The effect of time is evaluated through by including a
time pressure manipulation whereby participants are encouraged to either make their response within a certain time frame
(speed emphasis) or take their time in order to make sure they
give the most representative price (precision emphasis). Furthermore, we examine the shape of the distributions of price
responses in each of the different types of judgments (buying,
selling, rating). Finally, we examine how these price judgments compare to other methods of preference elicitation like
binary choice, where apparent reversals in valuation have previously been shown (Lichtenstein & Slovic, 1971).

(selected the gamble they preferred to play) by clicking the
left or the right mouse button to choose the gamble on the left
or right side of the screen, respectively. Response times were
recorded from the time the gambles appeared to the time the
participant clicked one of the mouse buttons.

Figure 1: Diagram of the price rating task. Participants were
reminded before each trial what type of response they were
giving (buy / sell / rate) and whether there was time pressure
(speed / precision; left panel). They gave their response by
clicking on a semicircular scale (middle / right panels).
On the buying, selling, and rating trials, after clicking the
circular fixation, participants instead saw a single gamble appear in the middle of the screen along with a semicircular
scale like the one shown in Figure (middle / right panels).
They gave their price response using this scale. When their
mouse reached the edge of the semicircle, the price indicated by the position of the mouse was shown in parenthesis
above the gamble (Figure , right panel). They confirmed this
amount and entered their response by clicking on the scale at
the desired price. Again, response times were recorded from
the time the gamble appeared on-screen until the participant
made their response by clicking the mouse. Mouse position
during each trial was also recorded but it is not analyzed here.
In addition to the four response type conditions, we also included a time pressure manipulation. This divided trials into
two types, speed and precision trials, which were crossed with
the response type manipulation for a total of eight conditions.
In the speed conditions, participants had to respond in less
than 5 seconds for the pricing conditions (buying / selling /
CE) or less than 2 seconds for the choice condition. They
were shown an error message and experienced a short (3.5
second) delay after any trial on which they failed to respond
within this time frame. In the precision condition, participants were asked to respond within 10 cents of the desired
price in the pricing conditions or prompted to make their selection carefully in the choice condition.
The directions for the time pressure and response type conditions were given at the start of each block of trials, and participants were reminded which condition they were in by text
above and below a fixation circle in the middle of the screen

Methods
The study was aimed at evaluating the effects of time pressure
and price type on the prices people assigned to different gambles. The gambles shown consisted of a payoff ($0-20) and a
chance of winning (0-100%). A total of 32 Indiana University
undergraduate students completed the experiment for course
credit. Each participant completed 240 trials of the experiment, spread across 8 conditions: a full factorial design with
4 response conditions and 2 time pressure conditions. The 4
different response conditions were:
1. Buying / WTP, where participants responded to a gamble
with the amount of money they would pay to play it;
2. Selling / WTA, where participants gave the amount of
money they would accept in order to give up the chance
to play the gamble;
3. Certainty equivalent [CE], where participants responded
with a price that they believed was equal in value to the
gamble (perspective-neutral); and
4. Choice, where participants selected which of a pair of gambles presented on the screen they would prefer to play.
Each trial began when the participant clicked inside a fixation circle presented in the middle of the screen (upper left of
Figure ). In the choice trials, two gambles appeared – one on
either side of the screen. Participants entered their response
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Effects
Time
Type
Time*Type
Time*%
Time*$
Type*%
Type*$
Time*Type*%
Time*Type*$
Time*%*$
Type*%*$
Time*Type*%*$

(Figure , left panel) at the start of every trial as well. Over the
course of the study, participants saw 60 different individual
gambles (repeated 3 times each) across pricing trials, and 30
pairs of gambles (repeated 2 times each) in the choice trials.
Trials were blocked by condition, so that every participant
saw 30 trials (1 block) of each of the 8 conditions for a total
of 240 trials.

Results
The primary interest was the pricing trials and how participants responded to time pressure. The traditional utility and
prospect theory models all predict that each individual can
have a different utility and probability weighting function.
Therefore, we compare predictions that include time as a factor against a “null” model that includes participant, payoff,
probability, and the interaction between payoff and probability as factors predicting price responses. Of course, one could
also include response type as a factor in the null model to account for an endowment effect. The null model simply serves
as a baseline to see how much, if at all, we can gain by allowing other factors (manipulations) into consideration.
We compared this static / null model against a linear model
predicting ratings as a function of response type (Type) and
time pressure (Time) as well as the payoff ($), chance of
winning (%), and their interactions. This was done using
Bayesian model comparison, which shows the improvement
in predictions that was generated by including Time and Type
in the linear model. The results are shown in Table . The
Bayes factor (BFInclusion ) reflects the posterior odds of the
model including the effect in the left-hand column relative
to the null model, and the posterior probability that the factor should be included (P(incl|data) (Rouder et al., 2012).
This model used the default priors give in JASP (JASP Team,
2017), which gives equal marginal prior probability to each
individual factor and the joint probability of the set of factors
(unweighted product) as the prior for all interactions.
The Bayes factors showed strong support for effects of both
rating type (Type) and time pressure (Time), as well as an
interaction between trial type and the payoff of the gamble
(Type*$). In general, buying prices were lower than selling prices and ratings, as we should expect given theories
of endowment or reference point adjustment (Thaler, 1980).
While selling and buying prices were higher under time pressure (speed), certainty equivalents appeared relatively stable
across time (Figure ).
These results clearly emphasize the importance of time
pressure, illustrating that the prices people assign to gambles
vary as a function of when they make them. It therefore provides support for using a dynamic model of the judgment process like the one we propose.
Another critical feature of the price responses we observed
in the experiment is their distributions, and more specifically
how these distributions changed based on the type of trial.
The mean prices were clearly higher in the selling (and rating)
trials than the buying trials, but this could be due to means

P(incl|data)
0.984
1
0.048
0.195
0.126
0.055
0.874
3.809e -5
3.403e -4
0.002
0.002
2.174e-10

BFInclusion
4.882
3.149e+13
0.038
0.142
0.084
0.034
4.057
1.904e -4
0.002
0.006
0.008
1.804e -8

Table 1: Posterior probability (P(incl|data)) and Bayes factor
(BFInclusion ) for inclusion of time pressure (Time), trial type
(buying / selling / CE; Type), and interaction factors relative
to a “null” model that included only payoff ($), probability
(%), and their interaction.

shifts in a symmetric distribution or changes in the relative
skew of buying and selling prices. The latter seems to be
the case, indicated by the diverging distributions for buying,
selling, and CE prices.
Three illustrative examples from the 60 gambles participants rated are shown in Figure 3. Comparing the location of
the median (dots in Figure 3) against the mean (dashed vertical lines in Figure 3) allows us to examine the skew of the
distributions. These distributions of prices show a few important properties that appeared consistently across gambles
in the experiments. The first is the order of different types
of prices – by both metrics of central tendency, buying prices
were lowest, CE prices in the middle, and selling prices the
highest.
The second thing to note is the skew of the price responses.
Buying prices were almost always right-skewed, with the
median (and mode) below the mean buying price. At low
chances of winning (bottom panel of Figure 3), selling and
CE prices were also right-skewed, but this changed as the
chance of winning increased (middle and top panels of Figure 3). While CE prices tended to have a more rightward
skew in general, both selling and CE prices showed a strong
left skew when chances of winning were high. In these cases,
they piled up around the potential payoff amount, with almost no responses above the payoff. As we might expect,
there were very few responses above the maximum payoff,
and those that were can largely be attributed to motor error.
Finally, the high-variance gambles (with chances of winning closer to 50%) like the one shown in the middle panel of
Figure 3 showed higher variance in price distributions. The
variance in anticipated outcomes translated into variance in
represented value, indicating that shifts in the probability attribute produce distributional changes beyond the mean shift
in price we would expect from traditional utility models.

655

Figure 2: Mean buying (WTP), selling (WTA), and value estimation (rating) judgments as a function of time pressure.
Error bars indicate ±1 unit of standard error.

Modeling
Figure 3: Distributions of pricing judgments for three example gambles, generated from an optimal Gaussian kernel density estimator passed over the observed judgments. Buying
prices are shown in blue, selling in pink, and CE prices in
orange. The means (dashed vertical lines) and medians (dots
on the distributions) of these distributions are shown in corresponding colors to illustrate the skew.

Given the multifaceted character of the price data, what sort
of theory can account for the impacts of time, type of price
response, payoffs, and probabilities of winning? The results
of the study suggest that we need a dynamic theory that produces an interaction between the time pressure, type of price,
and features of the gambles. Here we propose such a model,
where response type produces an initial bias toward different
prices, which is in turn integrated with gamble information
over time to produces shifts in prices. Over time, this generates support for different prices, and a selection is made
when sufficient support for one of the prices has been generated while considering the gamble (threshold).
Formally, the model specifies a starting point s for each
pricing process, which depends on the buying, selling, or CE
price type manipulation. The starting price is determined by
a random draw from a potential distribution of initial prices.
In the model, these starting point distributions are set by 3 parameters. The first 2 specify a beta distribution Beta(β1 , β2 )
over initial price values sβ ranging from the minimum payoff
of the gamble (in this case, $0) to its maximum payoff. The
third specifies the strength of this initial belief, as a uniform
distribution Uni f (0, sv ). The idea here is that participants will
vary in both the prices they are willing to pay / accept before
considering the gamble as well as the strength of their convictions about these prices. For example, they could have a
strong bias for high prices (starting point [0, .8]) or a weak
bias for low prices (starting point [.1, 0]). Put together, these
3 parameters generate a 2-dimensional starting point distribution for s, shown as the shaded region on the left of Figure
4.
Over time, the initial price a person is willing to give can
be adjusted as they consider the payoffs and the probabili-

ties of the gamble. The model suggests that a person sequentially updates their valuation by mentally simulating the potential outcomes of the gamble. As they think about receiving
an outcome, their representation of the value of the gamble
moves toward the utility of that outcome. For example, say a
person is considering a gamble with a 50% chance of winning
$20. Half the time (for simplicity, we assume no probability
weighting in the mental simulation) they think about winning
$20, and half the time they think about winning $0. When
they think about winning $20, their state moves upward toward high prices. When they think about receiving $0, their
state moves rightward toward low prices. This model can be
thought of as a dynamic version of anchoring and adjustment
models (Goldstein & Einhorn, 1987) – the initial price, impacted by the maximum payoff and the price type, is adjusted
according to the potential outcomes of the gamble and their
likelihoods as a person mentally simulates the gamble outcomes.
With each new simulated outcome, a person takes a ‘step’
toward the utility of the simulated payoff. The potential judgments a person can give are arranged in a quarter-circle as
in Figure 4 (see Kvam, 2018, for justification for this shape).
This arrangement allows simulated outcomes to generate sup-
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support for the various prices (component of the price state
along the price vectors) shifts over time as shown in Figure
5. On average, the different starting points will wash out
over time, bringing the three different price types closer together when participants consider the outcomes longer. Once
support for any of the prices exceeds a critical value, the
decision-maker responds with the corresponding judgment.
This is equivalent to the quarter circular choice boundary with
radius θ shown in Figure 4. The critical value corresponds to
the amount of consideration the decision-maker puts into the
incoming information before making a decision. As a result,
θ impacts the amount of time it takes a person to give their
prices: lower θ means they will consider the gamble attributes
less, giving the initial bias more sway over price responses
but resulting in faster responses (further to the left in Figure
5). Higher θ means that a person will give more consideration to the gamble attributes, reducing the impact of their
initial bias in favor of taking more time to look at the features
of the gambles (further to the right along the trajectories in
Figure 5). Given its parallel role in judgment and binary decision tasks, we should expect the threshold to be higher in a
precision-emphasis condition than in a speed-emphasis one,
yielding the pattern of results we saw in Figure .
Simulations from this model for the same 3 gambles from
Figure 3 are shown in Figure 6. The model captures the most
important characteristics of these distributions, including the
positive skew of low-probability gambles and the switch to
negative skew for high-probability selling price judgments.
While model fits are likely to show better fidelity to the observed data, these illustrate in principle that it is capable
of capturing the distributional properties of price judgments
made in the task.
Of course, there is substantial work to be done in developing and applying the model. we should expect individual differences in all of the parameters for starting points and
thresholds, resulting in a mix of generating processes in the
group-level data. A complete account of the data should include cognitive model parameters that are fit to each participant separately or hierarchically in addition to varying across
conditions, but for now we provide only general pattern of
predictions to show that the model can in principle account
for the set of results presented here.

Figure 4: Example trajectory of the price rating process for
a decision-maker selling a gamble of $20, 60%. The initial
price is set by the prior price distribution given by sv (variation in the strength of the prior) and sβ (the distribution of
prior prices, shown on the right). At each time step, they consider either the possibility of winning $20 (blue), stepping
toward a high price, or failing to win and receiving $0 (red),
stepping toward a low price $0 for the gamble. This proceeds
until they hit the threshold θ.
port for multiple prices that are consistent with that payoff
– for example thinking about winning $20 might simultaneously generate support for several high-price responses like
$18.50, $19, or the other surrounding values. The support
for a particular price judgment is given as the component of
the represented value along the vector describing that price
judgment. If $20 is the high value and $0 is the low value on
the quarter circle, then $10 will be at 45 degrees, described by
vector v10 = [1, 1]. So the support for a judgment of $10 given
state s = [.3, .4] would be |pro jv10 s| = |[.35, .35]| = .495.

Conclusions
Our findings make a strong case for a dynamic and distributional theory of prices. Time pressure has a strong effect on
the price responses people give, as does the type of response
(buying, selling, CE). The price responses are also characterized by severely skewed distributions of prices that depend
heavily on the type of response elicited. To our knowledge,
this is the first time that researchers have explored distributions of price responses, as traditional theory would suggest that they should be tightly distributed (if variable at all)
around people’s ‘true’ underlying valuations for the alternatives. Instead, it appears that the underlying price-generating

Figure 5: Average trajectory of represented prices as outcomes are mentally simulated over time.
As the decision-maker mentally simulates outcomes, the
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Figure 6: Distributions of pricing judgments generated from
the model.

cognitive process produces widely variable and distinct patterns of prices that vary from person to person, buying to selling prices, and speed to precision emphasis.
In order to account for such results, we require a model
which is dynamic, stochastic, and produces (near-)continuous
distributions of prices. The one we develop here serves
each of these requirements, capturing the major characteristics of the price distributions as well as predicting how they
change over time. It provides a process-level account of how
price judgments are made, and in turn we can compare it to
process-level models of how decisions are made. Although
we do not have sufficient space here to develop and test the
choice model, binary choice consists of a different type of
response process where attributes (payoffs and probabilities)
are compared between alternatives. It follows closely the binary choice model of decision field theory (Busemeyer &
Townsend, 1993; Johnson & Busemeyer, 2005). The two
models, one for binary choice and the one developed here
for pricing, allow for apparent preference reversals where one
gamble is priced lower than another when judged individually
but chosen over the other when set against one another in binary choice.
Put together, the model provides the first account of price
judgment distributions on a continuum, predicts new dynamic
phenomena in the production of these judgments, provides
an explanation for preferenve reversals, and results in a more
complete theory of the cognitive processes that go into price
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only be rejected if the implementation is correct and the figures from the simulation do not resemble the experimental
data (true negative). In the latter case, the reason of the invalidity needs to be identified within the psychological theory.
ACT-R is a so-called hybrid architecture with a symbolic
and a subsymbolic layer. Major parts of the symbolic layer
are declarative knowledge (chunks) and procedural knowledge (production rules). The production rules of ACT-R syntactically consist of a precondition part (which is matched
against the current cognitive state) and an action part (which,
e.g., requests modules). The interface between the symbolic and the subsymbolic layer in ACT-R is given by socalled modules. Modules are requested by production rules
to process declarative information and make them accessible
through associated buffers. The subsymbolic layer is defined
by the behaviour of modules, i.e. the responses of modules for
given requests. For some modules, these responses depend on
numerical parameters, e.g. the decay rate for the implementation of base-level learning as part of the declarative module.
A defect in general denotes any kind of programming errors in production rules, like simple typing errors, or forgotten conditions or requests, or unnecessary conditions or requests. In this work, we consider the following three particular defects. Firstly, we distinguish precondition and action
defects following the syntactical structure of ACT-R production rules, Precondition defects may have the effect that a
deadlock occurs. A deadlock is a cognitive state where no
production rule is able to fire while the end of the modelled
behaviour has not been reached. Since human participants
do not “get stuck” during typical experiments, a deadlock
may cause a mismatch between human data and figures from
model simulation. Action defects may cause cognitive states
which are not reachable according to the psychological theory. For these cognitive states, unintended production rules
may fire and thereby cause mismatches between human data
and figures from model simulation. Thirdly, we consider inappropriate choices of global model parameters (like decay
rate) to be model defects. They may unintentionally affect
figures from model simulation. Today, the common way to
examine an ACT-R model for the presence of such (clearly

Cognitive modelling uses computer models to investigate psychological theories. To conclude from executions of a cognitive model to the theory, the model needs to be a correct implementation of the theory since a defective cognitive model
may yield wrong statistical figures. We consider three common
reasons for a model to be incorrect wrt. a theory: situations
which unintentionally do not enable any production rule, rules
which erroneously construct undesired declarative knowledge,
and wrongly chosen architecture parameters. Defects of these
kinds are hard to detect since repeated execution and observation of the model does not guarantee to uncover these defects.
In this work, we give formal definitions of the three kinds of
defects in terms of an existing abstract formal semantics of the
hybrid architecture ACT-R. We demonstrate the application of
formal analysis techniques to ACT-R models to reliably detect
the considered defects and to thereby increase the confidence
that the model behaves according to the psychological theory.
Keywords: ACT-R; Formal Methods; Model Analysis; SMT;
Model Checking

Introduction
In cognitive modelling, computer models are used to describe human cognitive processes wrt. psychological assumptions. Unified theories of cognition and their implementations (called cognitive architectures) provide means for cognitive modelling. A widely used cognitive architecture is
ACT-R (Anderson, 1983, 2007).
One goal of cognitive modelling in ACT-R is the validation
of psychological theories, i.e., a hypothesis on how a given
task is principally solved by humans. The psychological theory can be validated by constructing an ACT-R model which
(a) correctly implements the psychological theory and (b)
predicts experimental data with sufficient precision. Practically, figures like average error rates or response times are derived from several executions of the ACT-R model and compared to statistical data collected in experiments. A crucial
aspect of this approach is Aspect (a): the correct implementation of the psychological theory. The simulation of an incorrect implementation of a valid psychological theory may
yield statistical figures which do not resemble experimental
data (false negative). For an invalid theory, simulation may
yield resembling figures due to the incorrectness of the implementation (false positive). The psychological theory can

659

Premise 1:
Premise 2:
Conclusion:

undesired) defects is tedious repeated execution and observation of the model. This approach does not give any guarantees
for finding an existing defect due to the non-deterministic nature of the subsymbolic layer.
In (Albrecht & Westphal, 2014b), we presented a formal
semantics for ACT-R which enables us to develop automatic
and (semi-)complete procedures for formal defect analyses
of ACT-R models. A first step into this direction consists of
the line of work of (Gall & Frühwirth, 2017), which presents
analyses for confluence in cognitive models based on their
adaptation (Gall & Frühwirth, 2014) of our formal semantics.
In the following we present new formal definitions of the
model defects discussed above and their reduction to logical
satisfiability problems. We demonstrate the feasibility of formal analyses of ACT-R models for the presence of defects
and discuss the potential of this approach to impact the overall process of cognitive modelling. Our approach is demonstrated on (but not limited to) a model of the preferred mental
model theory (Johnson-Laird, 1980).

a is to the left of b.
c is to the right of b.
Is a to the left of c?

Table 1: Spatial reasoning task.

R’s declarative memory and production rule system. Our
straight-forward ACT-R implementation of the PMMT assumes the following cognitive process. First, a premise is
read by the visual module. A production rule constructs a
mental representation of the premise in the imaginal buffer
(bI ). For example, for the premise aLb the chunk {l 7→ a, r 7→
b, sym 7→ L}prem of type ‘prem’ is constructed. If the premise
is the first premise, a chunk {p1 7→ a, p2 7→ b}mm of type ‘mm’
(mental model chunk) is constructed which assigns the two
objects to positions. For the second premise, an existing mental model chunk is requested from the declarative module. If
it can be recalled successfully, and the recalled mental model
chunk and new premise share a common object, the new object can be assigned to a position in the mental spatial array
as well. For example, the second premise cRb and the mental
model chunk {p1 7→ a, p2 7→ b}mm have object b in common
and constrain the position of object c to the right of b. As a
consequence, c can only be assigned to position p3 , resulting
in the mental model chunk {p2 7→ b, p3 7→ c}mm .
A conclusion is verified by requesting the related mental
model chunks from declarative memory and comparing the
according positions. For example, for conclusion aLc both
mental model chunks are recalled and positions p1 7→ a and
p3 7→ c are compared. Here, the conclusion does not contradict the premises because p1 is smaller than p3 .

Motivating Example
Experimental Setting. An important and active field of research is the domain of spatial cognition, and especially spatial relational reasoning, because humans have to constantly
plan and reason in space (e.g. Ragni & Knauff, 2013). A
typical psychological experiment in the domain of relational
spatial reasoning is the following. Verbal statements that spatially relate two objects to each other are subsequently presented on a computer screen. All statements but the last one
are called premises, they describe valid spatial arrangements
of the mentioned objects. The last relational statement is the
so-called conclusion and participants should state whether the
premises and the conclusion are contradictory.
Table 1 shows an example of a spatial reasoning task. Here,
the conclusion is not contradictory because objects a, b, and
c can be arranged in an order which satisfies both premises
and the conclusion. In the following, we write, e.g., aRb (and
aLb) to abbreviate premise or conclusion “a is to the right of
b” (and “a is to the left of b”).

Formal Analysis of ACT-R Models
In the following sections we give formal definitions of the
three kinds of defects described in the introduction in terms of
our formal ACT-R semantics (Albrecht & Westphal, 2014b).
We provide illustrative examples for the three kinds of defects
considered here in a PMMT model, propose a logical encoding of conditions which characterise a presence of the defect,
and report on first experience from using tools to automatically analyse the satisfiability of the resulting formulae (and
thus of the presence of defects).

The Theory of Preferred Mental Models and ACT-R. An
established theory that aims to explain human spatial reasoning is the mental model theory (MMT; Johnson-Laird, 1980).
The most recent refinement of the MMT in the spatial context
is the preferred mental model theory (PMMT; Ragni, Knauff,
& Nebel, 2005; Ragni & Knauff, 2013). In the PMMT it
is assumed that participants construct a mental spatial array of dynamic size which integrates information given by
the premises. Whether a conclusion contradicts the given
premises is checked by comparing the positions of the symbols in the conclusion with the positions of those symbols in
the spatial array.
An ACT-R implementation of the PMMT is complicated
because the rather stiff structure given by the mental array
needs to be defined in terms of the dynamic structure of ACT-

Deadlock-freedom
We call an ACT-R model deadlock-free if and only if it cannot
get stuck during simulation except when it has reached a final
state. A final state is a cognitive state in which the model
is designated to end (wrt. the cognitive theory), usually by
making an output on console or via the motor system.
In the motivating example, the final states correspond to
solving the given task, that is, giving the answer whether
the conclusion is contradictory or not. For an example of
a highly undesirable and hard to spot model defect, assume Rule upd-mm-p1-cRb would read ‘posR =p2’ instead
of ‘posR =p1’ (which would be well-formed and could be
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(p upd-mm-p1-cRb
= goal >
state
r-mm
> premise 1
= retrieval >
type
mm
p1
= p1
p2
= p2
= imaginal >
type
prem
sym
"r"
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=l
posR
= p1
== >
+ imaginal >
type
mm
p0
=l
p3
= p1
= goal >
state
start
)

(p upd-mm-p2-cRb
= goal >
state
r-mm
> premise 1
= retrieval >
type
mm
p1
= p1
p2
= p2
= imaginal >
type
prem
sym
"r"
posL
=l
posR
= p2
== >
+ imaginal >
type
mm
p2
= p2
p3
=l
= goal >
state
start
)

(goal.state3 = recall − mm

∧ goal.premise3 > 1

∧

retrieval.type3 = mm

∧ retrieval.p13 = p13

∧

retrieval.p23 = p23

∧ imaginal.sym3 = r

∧

imaginal.r3 = p23

∧ imaginal.l3 = l3 )

⇒
(imaginal.sym4 = mm
imaginal.p34 = l3

∧ imaginal.p24 = p23

∧

∧ goal.state4 = start

∧

rule4 = 2)
Figure 2:
BMC-encoding of the production rule
upd-mm-p2-cRb (cf. Figure 1). The formula states that
if the cognitive state after the third transition of the model
satisfies the premise of upd-mm-p2-cRb, then the fourth cognitive state may correspond to the action of upd-mm-p2-cRb.

Figure 1: Two production rules integrating the second
premise into the mental model. The rules differ only slightly
thus there is a high risk for e.g. typos and hence for defects.

free within the first n transitions to satisfiability checking of
logical formulae. Firstly, note that our definition of deadlockfreedom is independent of the sub-symbolic layer. That is,
for all matching chunks in the declarative memory, retrieval
can be successful. Thus model R has a deadlock in the sense
of the definition if there is a symbolic execution of the model
that has a deadlock.
Our approach is based on the well-known idea of bounded
model checking (BMC) (Biere, Cimatti, Clarke, & Zhu,
1999). A BMC-encoding of the first n transitions of a transition system uses n + 1 copies of system variables. If the transition system is induced by a set of rules, one uses n encodings e(r, 1), . . . , e(r, n) of each rule, where e(r, i) characterises
the effect of rule r if cognitive state (γi−1 ,ti−1 ) matches the
premise of r. Thus, encoding all possible computation paths
up to a length of n. BMC-encoding can be used to analyse
bounded reachability problems as follows. Any state characterised by a formula ϕ is reachable in exactly n transitions if
and only if the conjunction of the encoded production rules
conjoined with ϕ is satisfiable. For details we refer to (Biere
et al., 1999).
We can formulate deadlock-freedom within the first n transitions as a BMC problem as follows. We represent a cognitive state γ after the i-th transition, i ∈ {0, . . . , n}, by the
logical variables b.si for each slot s of buffer b accessed in the
ACT-R model. In addition, we assume an appropriate set of
logical variables which represent the chunks in the declarative memory. In the following we explain the BMC encoding
of production rules. Given production rule r = (ρ, α), the encoding e(r, i) is obtained as follows. The precondition ρ is
a set of module and buffers tests. The latter consist of slot
tests of the form s ∼ v with slot name s, comparative symbol
∼ ∈ {=, <, >, 6=}, and a constant or variable name v. If v is a
constant, the slot test is encoded by the logical term b.si ∼ v.
If v is a variable, we introduce a fresh logical variable vi and
encode the slot test as the logical term b.si ∼ vi .

the result of a simple typo). Then the model would run
into a deadlock situation if premise cRb is presented after
aLb. Hence, the model would not store the information from
premise cRb at all, and thus be unable to solve the task with
conclusion aLc (human participants easily solve that one).
Definition. In order to formally define deadlock-freedom,
we need to recall essential notions from our formal ACT-R
semantics (Albrecht & Westphal, 2014b). A production rule
is a pair r = (ρ, α) which comprises a precondition ρ and an
action α. The precondition ρ is a set of propositions over
buffers and module states. An ACT-R model is a finite set
R = {r1 , . . . , rn } of production rules. A cognitive state (γ,t)
consists of a mapping γ from buffers to chunks (or to the
symbol nil), and a time-stamp t ∈ IR+
0 . A (formal) ACT-R
model, i.e., a set of production rules, induces a timed transition system on cognitive states as follows. Two cognitive
states (γ,t) and (γ0 ,t 0 ) are in transition relation, denoted by
r
(γ,t) →
− (γ0 ,t 0 ), if there is a rule r = (ρ, α) such that precondition ρ is satisfied in γ, γ0 is obtained by applying α to γ, and
t 0 − t is the time needed to execute action α.
Formally, the ACT-R model R = {r1 , . . . , rn } is called
deadlock-free given a set of final cognitive states F (wrt. the
cognitive theory) if and only if R does not have any transition
r1
r2
rn
sequence (γ0 ,t0 ) −
→
(γ1 ,t1 ) −
→
... −
→
(γn ,tn ), where (γ0 ,t0 )
is an initial cognitive state, (γn ,tn ) ∈
/ F is not a final state, and
there is no rule r = (ρ, α) ∈ R such that the precondition ρ
is satisfied by γn . In other words, in an ACT-R model with a
deadlock there exists a transition sequence such that no rule
can be applied anymore although the model has not reached
an outcome described in the cognitive theory.
Analysis Procedure. In the following, we show how to reduce the problem whether an ACT-R model R is deadlock-
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memory which contains exactly the chunks {p1 7→ a, p2 7→
b}mm and {p2 7→ b, p3 7→ c}mm . A defect in the production
rules which assemble the mental model could have a severe
influence on the validity of an ACT-R model wrt. its psychological theory. A defect might not lead to obviously faulty
behaviour (e.g. a deadlock) but it might influence the statistical data obtained from the cognitive model. Spotting such
errors by simulation is in general tedious and time consuming.

The action α of a production rule is a tuple (γ part , λ,C)
consisting of a partial cognitive state γ part , a valuation λ of
module queries, and a set C of chunks. Each assignment in
the partial state γ part is encoded similar to the buffer test in
the precondition. For all buffers b and slots s in γ part , the
encoding is the equation b.si = γ part (b, s). The set C in the
action of a production rule consists of chunks that must be
updated in declarative memory. These updates are encoded
by equations using the logical variables which represent the
declarative memory. If e(ρ, i) and e(α, i) are the encodings of
precondition and action of rule r = (ρ, α) for the i-th transition, then the encoding of r is e(r, i) = e(ρ, i) ⇒ e(α, i). The
i-th transitions of ACT-R model R = {r1 , . . . , rn } are encoded
by the disjunction over the e(r j , i), j ∈ {1, . . . , n}. The initial
goal chunk is assigned to the according slots in γ0 .
To analyse deadlock-freedom within the first n steps, we
add logical variables rulei , i ∈ {0, . . . , n}, and extend e(α, i)
by the equation rulei = j. Intuitively, the value of rulei denotes the index of the rule from R which was considered for
the i-th transition; rulei being 0 encodes that no rule was enabled after i − 1 steps. The formula for the reachability analysis is the equation ϕ ≡ (rulen = 0). The BMC-formula for
n ∈ IN0 and ϕ is satisfiable if and only if ACT-R model R has
a deadlock after n transitions.

Definition. Let Γ part be a sequence of partial cognitive
states of length n ∈ IN and M = {c1 , . . . , cm } a finite set of
chunks. We call an ACT-R model R mental model correct
wrt. (Γ part , M) if and only if, for each transition sequence
r1
rn
→
... −
→
(γn ,tn ), where ri = (ρi , (γ part,i , λi ,Ci )), we
(γ0 ,t0 ) −
have C1 ∪ · · · ∪ Cn = M and the i-th partial cognitive state
Γ part (i) matches γi . If Γ part (of length n) represents input,
then mental model correctness intuitively requires that after
input Γ part , declarative memory is equal to M.
Analysis Procedure. Checking mental model correctness
can be reduced to a BMC-problem as discussed above with
additional formulae to encode the inputs Γ part and with a goal
formula ϕ which characterises M. We obtain a proper formula
since both Γ part and M are finite.

Example. Figure 2 shows the encoding of the production
rule upd-mm-p2-cRb of the ACT-R model of the mental
model theory. Note that buffer actions are resolved directly
in the encoding of the production rules’ actions, i.e., contents
of imaginal and retrieval buffer are encoded as immediately
being part of the successor state. This abstraction is possible as every transition of the model requires the imaginal and
declarative system to have finished all requests. Module tests
are not encoded as part of the precondition because it is possible to resolve all module tests for this model during encoding.
The ACT-R model of the mental model theory does only
request chunks of the mm (mental model) type from declarative memory. During a run of the ACT-R model only two
chunks of the type mm are cleared from a buffer and are at
some transition part of C, thus an appropriate representation
of the declarative memory consists of the logical variables
dm j .p0, dm j .p1, . . . , dm j .p3 for j ∈ {1, 2}, which represent
the declarative memory after the first and second premise.
The SMT solver SMTInterpol (Christ, Hoenicke, & Nutz,
2012) is able to prove in a fraction of a second that our BMCencoding of the PMMT model is unsatisfiable , thus we obtain
a proof that this ACT-R model is deadlock-free in the first 6
transitions. That is, the production rules of the ACT-R model
are able to process every combination of mental model and
premise.

Example. To illustrate the complexity of the incremental
construction of mental models, Figure 3 shows a part of the
transition graph of the PMMT model. The initial state γ0 has
a transition to γ1 with the production rule attend. Depending on the premise presented to the model the successor state
may either be γ2l or γ2r with production rule read-relation.
Production rule read-relation modifies the imaginal buffer bI
so that γ2l contains {l 7→ a, r 7→ b, sym 7→ L} prem in buffer bI .
Altogether there are ten rules assembling the mental model:
Two rules processing the first premise and eight rules processing the second premise (see time steps t2 ,t3 and t5 ,t6 in
Figure 1). The differences between the rules are subtle and
errors are hard to spot; simulation is tedious and time consuming, since already this simple example has a total of sixteen possible combinations of premises and therefore as many
simulations have to be executed.
For the formal analysis of mental model correctness,
premises are encoded. For example premise aLb and bRc
are encoded by the formulae imaginal.l2 = a ∧ imaginal.r2 =
b ∧ imaginal.sym2 = L and imaginal.l4 = c ∧ imaginal.r4 =
b ∧ imaginal.sym4 = R. We check if the cognitive state after
the input is combined in memory (see time step t6 in Figure 1) with ϕ = ¬(dm1.p1 = a ∧ dm1.p2 = b ∧ dm2.p2 =
b ∧ dm2.p3 = c). The encoding can only be satisfied if there
is a computation path that assembles a wrong representation
of the inputs in the declarative memory.
SMTInterpol (Christ et al., 2012) checks the resulting 16
BMC-encodings for satisfiability again in a fraction of a second. During these analyses, the SMT solver found a satisfying valuation of the logical variables for one combination of
premises. Thus there is an input sequence on which the con-

Correctness of the Mental Model
From many psychological theories, one can derive requirements on the content of the declarative memory at particular
points in time. For example, PMMT implies that presenting
the premises aLb and bRc (in this order) yields a declarative
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Figure 3: Transition graph of the first six transitions of the ACT-R model of the preferred mental model theory. Cognitive
states are depicted as nodes, transitions are labelled with the production rules. Cognitive states for the sequence of transitions
attend
s2−blc
γ0 −−−→ . . . −−−−→ γ6rl are annotated with parts of their cognitive state. The states illustrate the construction of a mental model
from the premises aLb and cRb. The imaginal buffer is depicted as bI , declarative memory as dm.
sidered ACT-R model did not assemble the expected mental
model. This shows that the original ACT-R model in fact had
a defect that was not found during implementation. The incorrect model resulted from assigning an incorrect variable to
slot p2 , probably a nasty copy-and-paste error.

times t2 and t6 , respectively (cf. Figure 3). This is the interval where the second premise has to be processed. Then,
according to the assumption stated above, processing of the
second premise has to be completed within tb := t2 − t6 time
units. An ACT-R model for this task in particular needs to
model successful solutions of the task. That is, in an ACTR model which is valid wrt. experimental data, the execution of all rules which are involved in constructing the mental
model must complete in at most tb time units (cf. the top row
of Figure 4). The lower row of Figure 4 shows an abstract
transition graph of a corresponding ACT-R model. Here, we
assume that there is only one request to the declarative module by rule r, i.e. a request for the already constructed mental
model comprising premise 1, which has two qualitatively different outcomes: a correct reply (‘4’), and a wrong reply or
no reply at all (‘8’). Now given corresponding rules, if it
is impossible to choose the decay rate δ and the threshold τ
such that t2 − ti ≤ tb , then the considered rules definitely do
not constitute a valid (partial) ACT-R model for the PMMT.

Timing Feasibility
When modelling PMMT in ACT-R, a crucial aspect is the use
of the declarative memory. In the ACT-R theory, the time and
probability for retrieving a chunk from declarative memory
depend on the activation of chunks. Activation in turn depends on different assumptions on human memory processing, e.g. spreading activation, where the similarity between
the buffer contents and the chunks in the declarative memory is considered and base level learning, where the history
of chunk constructions and retrievals is considered. In an
ACT-R cognitive architecture where only base level learning
is enabled, the activation is calculated based on two global
parameters: the decay rate δ which determines how fast the
activation of a chunk decays over time and the threshold τ
which defines a lower bound on activation values for successful chunk retrieval.
A fundamental assumption of the PMMT is that the preferred mental model for the two premises is constructed before the conclusion is presented. That is, the behaviour of
the environment imposes hard deadlines on the timing of the
model: any valid ACT-R model for the PMMT must complete
the processing of all rules needed to construct the preferred
mental model before the next stimulus is presented.
During a task, stimuli are presented to the participants at
fixed points in time. For example, let E1 denote the onset
premise and E2 denote the onset of the conclusion shown at

Definition. An ACT-R model R is called timing feasible
wrt. cognitive states E1 and E2 and duration tb ∈ IR+
0 if and
only if there exist values for decay rate δ and the threshold
r1
rn
τ such that there is a transition sequence (γ0 ,t0 ) −
→
... −
→
(γn ,tn ) of R and 0 ≤ i, j ≤ n such that γi = E1 and γ j = E2 ,
and t j − ti ≤ tb .
Analysis Procedure. Timing feasibility can be encoded as
a BMC-formula as discussed above with the goal formula
ϕ = t6 − t2 ≤ tb . Timing is tracked by additional timestamp variables added to the encoding of the cognitive states.
The recall time of a chunk from declarative memory depends on the activation of the chunk. We replaced the non-
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Conclusion

E2

tb

We propose and formally define three new properties of
ACT-R models which, if not satisfied, indicate that the model
does not correctly implement its psychological theory. The
properties characterise the model defects deadlock, incorrectness of the mental model, and timing infeasibility. We present
a method to automatically check a given ACT-R model for the
three properties and thus the presence of defects. Our method
is based on encoding the properties as a satisfiability problem, which can be analysed by an SMT solver. A proof-ofconcept implementation of the new analysis methods showed
deadlock-freedom and timing feasibility and interestingly uncovered a previously unknown defect wrt. mental model construction in our running example, a variant of the preferred
mental model theory (Ragni & Knauff, 2013).
We expect the modelling task, that is, the creation of a correct implementation for a given psychological theory to become much more efficient using our approach as compared
to simulation-based approaches.

8
A
t2

A

A

4

A
t6

8
r
Figure 4: Example sequence of cognitive states (circles) in
between environment event E1 and E2 (rectangles). A cognitive state which leads to a correct reply is denoted by ‘4’, and
a state which leads to a wrong reply or no reply at all as ‘8’.
Label r indicates a state where a retrieval request is posed to
the declarative module by rule r.
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Example. Consider the phase of the PMMT shown in Figure 4. More specifically, consider a rule r which requests the
declarative module for the first mental model chunk when the
second premise is presented at time t2 . The ACT-R model
has only one nondeterministic rule r which is ever enabled
between t2 and t6 . Then the time to execute the model only
varies wrt. the time for executing r.
SMTInterpol (Christ et al., 2012) checked the resulting
BMC-encoding for timing feasibility again in a fraction of
a second. The satisfying assignment of the reported solution
provides variables for δ and τ that allow a timing feasible execution of the model. If we choose the initial activation of the
chunk in memory at time E1 too low, SMTinterpol proves the
example to be timing infeasible.
Note that our approach is not limited to the analysis of single rules. Given an upper bound n on the number of rules
possibly executed between two points in time, a similar construction of a BMC-formula is possible.
Validity. For a model with critical timing the ACT-R model
validity problem basically reduces to checking whether, given
a start cognitive state (γ,t) and a goal state (γ0 ,t 0 ) there exist
values for δ and τ such that there is a sequence of transitions.
By adding, e.g., constraints on τ and δ to, we can use the same
procedure whether their values lie within a range accepted by
the community. Therefore it may not even be necessary to
write a whole ACT-R model as validity of the model can be
rejected by analysing timing feasibility.
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Abstract

Many real-world events exclude the occurrence of others. If
it is raining outside, it cannot also be clear, or snowing. If an
ion is negatively charged, it cannot also be neutral, or
positively charged. Indeed, the world is replete with such
mutually exclusive events, and they appear in most complex
causal systems, impacting everything from our everyday
planning to our scientific theories.
The exclusivity of events also has consequences for the
causal properties of the system to which they belong.
Exclusivity, by definition, licenses the inference from the
presence of one event to the absence of the other (e.g., if it is
raining, then it is not sunny). However, exclusivity also
informs inferences about causally related events. For
instance, both rain and sun cause pedestrians to carry
umbrellas (to keep dry or shaded, respectively). In this causal
system, two exclusive causes bring about a common effect.
In such a system, exclusive causes are subject to different
normative rules than non-exclusive, independent causes1. If
the causal parameters of a system (i.e., causal powers and
base-rates) are held constant, exclusive generative causes will

yield greater effect likelihoods than non-exclusive generative
causes (see Equations 1 vs. 2). Different calculations are also
required when reasoning from effects to causes. For nonexclusive causal systems, the presence of an effect will
always enhance the causes’ likelihood. The same is not true
for exclusive causes (see Equations 3 vs 4). Instead, the
presence of an effect will reduce the likelihood of any weaker
cause’s occurrence. In principle, then, exclusivity plays a
critical role in causal reasoning.
Despite this clear theoretical distinction between exclusive
and non-exclusive causal systems, the latter has received
substantially less attention. Much of the research on multicause causal systems has focused on independent causes: that
is, causes that are appropriately modeled as i.i.d. random
variables (for a review, see Rottman & Hastie, 2014). Indeed,
causal independence has become a common assumption in
models of causal reasoning (e.g., Cheng, 1997; Glymour,
2001; Griffiths & Tenenbaum, 2005).
However, recent work has challenged this assumption in
certain circumstances, specifically for modeling mutually
exclusive causal events. Fenton et al. (2016) reviewed a range
of different approaches to modeling exclusivity in causal
Bayes nets, finding that each has substantial weaknesses.
Most approaches struggle either to guarantee that the events
cannot co-occur or to maintain each event’s prior probability.
To address these issues, Fenton et al. instead proposed a
novel solution, featuring a constraint and auxiliary node.
Their solution has been successfully applied to several legal
scenarios (Fenton, Neal, & Lagnado, 2013; Vlek et al., 2016).
It is an open question, however, to what extent mutual
exclusivity plays a role in human causal reasoning. Recently,
Meder and Mayrhofer (2017) demonstrated that people
reason accurately about exclusivity in the context of disease
diagnosis. However, most studies relating to exclusivity have
focused on the use of categories in causal reasoning. For
instance, Waldmann & Hagmayer (2006) demonstrated that
adults use existing exclusive categories to structure learning

1 Throughout the paper, we contrast exclusivity with nonexclusivity. However, our non-exclusive systems always feature
independent causes. Independent causes are, by definition, nonexclusive, but it is worth noting that non-exclusive causes need not

be independent. Some non-exclusive causes still share some degree
of dependence (e.g., age and income). Thus, while we adopt the
terms “exclusive” and “non-exclusive” for clarity, our work truly
contrasts exclusive causal systems with independent causal systems.

Causal systems often include mutually exclusive events: events
which cannot occur simultaneously. However, when events in
a causal system are exclusive, the normative properties of the
whole system change substantially. Are adults sensitive to the
consequences of exclusivity for causal reasoning? Here, we
systematically manipulated common-effect causal systems to
have either exclusive or non-exclusive causes while holding all
other factors constant. Adults showed a rich understanding of
exclusive systems in making both predictive (Experiment 1)
and diagnostic (Experiments 2 and 3) causal inferences.
Adults’ success in these tasks suggests that exclusivity is an
important dimension in human causal reasoning.
Keywords: exclusivity; independence; causal reasoning;
predictive; diagnostic
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Experiment 1

of a new causal system—even when doing so results in suboptimal causal predictions. However, while research into the
intersection of categories and causality often employs
exclusive categories, few studies have directly assessed the
specific contribution of exclusivity to people’s causal
reasoning.
The most promising research on exclusivity comes from
studies of category-based induction. Inductive inferences are
often interpreted to be a special case of causal reasoning (e.g.,
Rehder & Hastie, 2001). Early work conducted by Murphy
and Ross (1994, 1996) suggested that adults struggle to make
inductive inferences about individuals who might belong to
any one of several, mutually exclusive categories (e.g., a
painting that could be either a Monet or a Renoir). Adults’
inferences tended to reflect only the most likely category,
rather than reflecting the consideration of information from
all possible categories. This finding has been extended to
include both artificial and natural stimuli across a range of
paradigms (e.g., Malt, Ross, & Murphy, 1995). However,
recent work reveals several situations in which adults do
consider multiple, exclusive categories. Hayes and Newell
(2009) found that adults could successfully integrate
information from exclusive categories to make predictive
inferences when the cost of neglecting the less likely
alternative was made clear, e.g., by associating the less likely
category with greater rewards or more serious negative
outcomes. In addition, Chen, Ross, and Murphy (2014)
extended this research into the realm of decision-making,
asking how uncertain categorization affects binary decisions,
rather than probabilistic inductive inferences. Here, adults
proved more willing to consider multiple, exclusive
categories in their reasoning. Interestingly, however, they did
so even under conditions of high certainty—when
consideration of multiple categories was non-normative. This
suggests their consideration of multiple exclusive causes was
not grounded in a deep understanding of the causal system
but rather in a tendency to focus on given alternatives. In
short, while recent evidence has struck a more optimistic tone
about adults’ capacity for exclusive category-based
reasoning, the evidence remains decidedly mixed.
In the present study, we directly test whether adults reason
accurately about exclusive causal systems and whether they
can appropriately distinguish them from non-exclusive causal
systems. Specifically, we present participants with either
exclusive or non-exclusive systems in a classic, probabilistic
causal inference task for two-cause, common-effect systems.
By holding constant all aspects of the system except for the
exclusivity of the two causes, we isolate the contribution of
exclusivity to causal reasoning. In Experiment 1, we ask
whether adults consider exclusivity in their predictive
reasoning. In Experiments 2 and 3, we extend this result by
examining the impact of exclusivity on adults’ diagnostic
reasoning.

In this study, participants were introduced to either exclusive
or non-exclusive common-effect causal systems and asked to
make predictive inferences about them, reasoning from cause
to effect.

Method
Participants Forty-five participants from Northwestern
University participated in this study in exchange for course
credit. Four participants failed the check question (see below)
and so were excluded from analysis.
Procedure
Each participant was assigned to either the
Exclusive (n = 21) or Non-exclusive condition (n = 20). In
each condition, participants read a description of a novel
contraption built by Prof. McNutt (Edwards & Rips, 2013).
Both contraptions represented common-effect systems. For
example, in the Non-exclusive condition, participants were
told the device had three components, A, B, and E, each of
which could be either on or off. Critically, participants were
also informed that components A and B (the causes) were
each independently capable of turning on component E (the
effect). However, at a given time, A and B could both be on,
both be off, or only one of them could be on (i.e., they were
independent). In contrast, participants in the Exclusive
condition were informed that the device had two components,
A and E, but that A always had either positive or negative
polarity—but never both.2 Importantly, component A’s
ability to turn on E varied as a function of its polarity (see
Figure 1).

Figure 1: Diagram of the non-exclusive (a) and exclusive (b)
causal systems.
Next, we presented all participants with information about
the frequency with which each cause turned on (base-rate)
and the likelihood that they would turn on component E when
on (causal power). This information was held constant across
both conditions. The parameters that participants received are
given Table 1. In the Exclusive condition, for instance,
participants were told the following:
“Here is how the contraption behaves:

2 Pilot testing indicated that participants had difficulty
understanding exclusivity when the exclusive causes were
represented as separate components. Thus, to ensure participants

understood that the causes were exclusive (could not co-occur), we
adopted the already widely known exclusive distinction between
positive and negative polarity.
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Results and Discussion

Part A has positive polarity in 65% of the trials.
On the trials Part A has positive polarity, it turns on
Part E in 80% of those trials.
Part A has negative polarity in 35% of the trials.
On the trials Part A has negative polarity, it turns
on Part E in 90% of those trials.”

-

Participants’ effect likelihood ratings suggested they did
consider the causes’ exclusive or non-exclusive status in
making predictive inferences (see Figure 2). Participants in
the Exclusive condition (M = 79.5, SD = 5.1) rated the effect
as more likely to occur than participants in the Non-exclusive
condition (M = 60.4, SD = 22.1), t(39) = 3.82, p < .001, d =
1.19.
Notably, both groups slightly underestimated the
normative likelihood. While the Non-exclusive condition’s
mean rating did not differ from the normative estimate of
67.1% likelihood, t(19) = 1.36, p = .19, d = .30, participants
in the Exclusive condition gave estimates significantly below
the normative estimate of 83.5% likelihood, t(20) = 3.12, p =
.005, d = .68. Importantly, participants’ predictive inferences
were substantially more variable in the Non-exclusive
condition, ranging from 16% to 85%, than in the Exclusive
condition, which ranged only from 66% to 86%. In addition,
participants may simply have been reluctant to give effect
likelihoods at near-ceiling levels.
A more fine-grained analysis of participants’ responses
suggests that far more participants gave a normatively correct
response (operationalized as within 2.5 points of the
normative answer) in the Exclusive condition (12
participants) than in the Non-exclusive Condition (2
participants), χ2(1) = 10.12, p = .001. That is, over half the
participants in the Exclusive condition gave a normative
answer, compared to only 10% of those in the Non-exclusive
condition. This is likely because calculating the normative
answer for the non-exclusive system requires an additional
mathematical step (subtracting the causes’ intersection).
Nevertheless, this disparity emphasizes the facility with
which adults reason about exclusive causal systems.

Importantly, this describes an exhaustive exclusive system.
That is, Part A always has either negative or positive polarity;
there are no possible alternatives. While it is also possible to
reason about non-exhaustive, exclusive causes, we focus on
exhaustive causes here for the sake of simplicity.
Table 1: Experiment 1 Exclusive and Non-exclusive
System Parameters and Normative Calculations
Cause
A/Apos
B/Aneg

BaseRate
.65
.35

Causal
Power
.80
.90

Exclusive
Norm

Non-exclusive
Norm

.835

.671

Participants in the Non-exclusive condition were given the
same information, except it was attributed to the nonexclusive components (e.g., “Part A turns on for 65% of the
trials”, “Part B turns on for 35% of the trials.”, etc.).
Finally, participants made a predictive inference about the
system based on the information they had just read.
Specifically, they were asked, “Imagine McNutt runs 100
trials on the contraption. Please indicate the number of times
you believe Part E would turn on.” Participants provided their
answer using a slider with 0 and 100 as endpoints.
We compared the accuracy of people’s causal predictions
with normative values calculated from the given parameters.
For exclusive systems, the likelihood of E turning on can be
thought of as the union of two mutually exclusive events in
probability theory:
(1) 𝑃(𝑒) = 𝑅𝐴_𝑝𝑜𝑠 𝑊𝐴_𝑝𝑜𝑠 + 𝑅𝐴_𝑛𝑒𝑔 𝑊𝐴_𝑛𝑒𝑔
where R is the base-rate and W is the causal power of the two
exclusive causes. The normative likelihood of E is 83.5%
(.65*.8 + .35*.9 = .835). The formula for non-exclusive,
independent systems is similar but the intersection of these
two events (i.e., instances in which both causes turn on E at
the same time) is subtracted, under a noisy-OR assumption.
(2) 𝑃(𝑒) = 𝑅𝐴 𝑊𝐴 + 𝑅𝐵 𝑊𝐵 − (𝑅𝐴 𝑊𝐴 𝑅𝐵 𝑊𝐵 )
Thus, the normative likelihood of E turning on in the nonexclusive system is only 67.1% (.65*.8 + .35*.9 –
[.65*.8*.35*.9] = .671). If participants are attending to causal
exclusivity, predictive likelihoods for E in exclusive causal
systems should be greater than non-exclusive causal systems.
At the end of the experiment, participants answered a check
question assessing whether they believed the two causes
could co-occur or not. Participants who answered incorrectly
were excluded from analysis.

Figure 2: Predictive inference scores from Experiment 1.
Error bars show +/- 1 SE.

Experiment 2
While Experiment 1 suggests that adults do consider causal
exclusivity when reasoning predictively, it remains an open
question whether adults do so when reasoning diagnostically
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as well. Diagnostic reasoning is a common form of causal
inference, in which we reason from the presence of an effect
to the presence of one of its causes. For instance, we might
make inferences about diseases based on symptoms, or the
temperature based on people’s attire.
The calculations for normative diagnostic inferences, like
predictive inferences, differ for exclusive and non-exclusive,
independent causal systems. Both formulas use Bayes’ rule,
but the exclusive system does not consider situations in which
both causes occur. This is reflected in the denominator of (3).
(3) 𝑃(𝐴𝑝𝑜𝑠 |𝑒) = 1 − (1 − 𝑅𝐴_𝑝𝑜𝑠 )

where E turned on, how many times do you believe Part
[A/B] was on?” Participants again used a slider to record their
answer.
For the Non-exclusive condition, the normative answers
were 52.9% for Part A and 81.4% for Part B. In contrast, the
normative responses in the Exclusive condition were 37.2%
(positive polarity) and 62.8% (negative polarity). Thus, the
normative difference between exclusive and non-exclusive
responses is similar for the weak (Part A/positive polarity)
and strong (Part B/negative polarity) causes: 15.7% and
18.6%, respectively.
Finally, participants completed the same check question as
Experiment 1, asking if the two causes could co-occur.

𝑊𝐴_𝑛𝑒𝑔
𝑅𝐴_𝑝𝑜𝑠 𝑊𝐴_𝑝𝑜𝑠 +𝑅𝐴_𝑛𝑒𝑔 𝑊𝐴_𝑛𝑒𝑔

For instance, the presence of an abnormal heart rhythm might
indicate the presence of either hyperkalemia (excess
potassium) or hypokalemia (insufficient potassium)—but
certainly not both. On the other hand, for non-exclusive
causal systems, the causes might co-occur. For instance, a
lawn becoming wet might be due to rain, sprinklers, or both.
Such inferences require a different normative rule:
(4) 𝑃(𝐴|𝑒) = 1 − (1 − 𝑅𝐴 )

Results and Discussion
We submitted participants’ diagnostic inferences (see Figure
3) to a mixed 2 (Exclusive vs. Non-exclusive) x 2 (Weak vs.
Strong Cause) ANOVA. This analysis revealed a significant
effect of condition: participants attributed higher diagnostic
likelihoods to causes in the Non-exclusive condition, F(1,38)
= 5.21, p = .028, η2G = .11. As expected, participants also
showed a main effect of cause, F(1,38) = 247.05, p < .001,
η2G = .45. However, there was no interaction between cause
and condition, F(1,38) = .32, p = .58, η2G = .001. Indeed,
planned comparisons revealed a significant effect of
condition for both the weak cause, t(38) = 2.15, p = .04, d =
.68, and the strong cause, t(38) = 2.13, p = .04, d = .67.
These ratings show a strong adherence to normative rules
(see Table 2). In the Exclusive condition, neither the weak (M
= 38.7, SD = 3.6) nor the strong (M = 61.7, SD = 4.1) cause’s
likelihoods differed from the normative response, ps > .05. In
the Non-exclusive condition, participants’ inferences did not
differ from normative levels for the weak cause (M = 47.9,
SD = 18.9), p > .05, but were significantly below normative
for the strong cause (M = 69.4, SD = 15.5), t(19) = 3.47, p =
.003, d = .78. Thus, participants showed a largely normative
pattern of responding, especially in the Exclusive condition.

𝑅𝐵 𝑊𝐵
𝑅𝐴 𝑊𝐴 +𝑅𝐵 𝑊𝐵 −(𝑅𝐴 𝑊𝐴 𝑅𝐵 𝑊𝐵 )

In Experiment 2, we ask whether adults’ diagnostic
inferences reflect this normative distinction between
exclusive and non-exclusive causal systems.

Method
Participants Forty-seven participants from Northwestern
University participated in this study in exchange for course
credit. Seven participants failed the check question and so
were excluded from analysis.
Procedure As in Experiment 1, participants were randomly
assigned to either the Exclusive (n = 20) or the Non-exclusive
(n = 20) condition. The descriptions of the contraptions in
each condition were identical to Experiment 1. However, the
information about each cause’s base-rate and causal power
was altered slightly to ensure both causes yielded a
substantial difference between the normative answers for the
exclusive and non-exclusive systems (see Table 2).
Table 2: Experiment 2 Exclusive and Non-exclusive
System Parameters and Normative Values
Cause
A/Apos
B/Aneg

BaseRate
.40
.60

Causal
Power
.80
.90

Exclusive
Norm
.372
.628

Non-exclusive
Norm
.529
.814

Next, participants made a diagnostic inference for each
cause. For instance, participants in the Non-exclusive
condition were asked, “Imagine Prof. McNutt runs the
contraption until Part E turns on 100 times. Of these 100 trials

Figure 3: Diagnostic inference scores for both weak
(A/Apos) and strong (B/Aneg) causes in Experiment 2.
Error bars show +/- 1 SE.
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However, the normativity of these averaged responses is
somewhat deceptive. Only 7 of the 40 participant responses
(including both causes) in the Exclusive condition fell into a
normative range (+/- 2.5 points) that excluded the cause’s
base-rates. Moreover, only 1 of the 40 answers in the Nonexclusive condition was in the normative range. This
decrease in normative responding relative to Experiment 1,
particularly in the Exclusive condition, is likely a result of the
heightened mathematical difficulty of the diagnostic
calculation. Participants may have become overwhelmed and
fallen back on the base-rate as a clear-cut answer.
While participants’ individual answers may have been
largely non-normative, their diagnostic inferences
nevertheless revealed a normative tendency. Participants
attributed higher diagnostic likelihoods to non-exclusive
causes than to matched exclusive causes, suggesting adults
accurately distinguish between exclusive and non-exclusive
systems in diagnostic reasoning.

“Imagine Prof. McNutt runs the contraption until Part E
turns on 100 times. Of these 100 times where Part E turned
on, which scenario is more likely:
- Part A turns on more than 40 times
- Part A turns on less than 40 times”
If adults possess a normative understanding of exclusivity,
then they should select the “less” option for the weaker
exclusive cause, and the “more” option for the stronger
exclusive cause. On the other hand, for the non-exclusive
causal system, they should select the “more” option for both
causes.

Results and Discussion
Responses were analyzed by condition. In the Exclusive
condition, participants selected the “more” option
significantly more often for the strong cause than the weak
cause, McNemar’s χ2(1) = 9.1, p = .003. While 90% of
participants believed the strong cause would occur at abovebase-rate levels in the presence of the effect, only a minority
of participants (35%) believed the weak cause would do so.
In contrast, participants in the Non-exclusive condition did
not differ in their beliefs about the weak and strong causes,
McNemar’s χ2(1) = 1.1, p = .29. In particular, 75% of
participants indicated the strong cause would occur at abovebase-rate levels, and 50% of participants indicated the weak
cause would do so.
Notably, this null result is normative: in the non-exclusive
causal system, both causes should increase in likelihood in
the presence of an effect. However, it is striking that only half
of participants endorsed the weaker cause’s enhanced
diagnostic likelihood. There are two potential explanations
for this finding. First, the rough split in responses may reflect
general confusion about the computational steps required to
make such inferences. Indeed, the greater complexity for
non-exclusive systems is reflected in (4). Alternatively, some
people may mistakenly believe that diagnostic inferences for
non-exclusive causal systems follow the same principles as
exclusive systems. Findings that show preference for singular
causal explanations over multivariable explanations
(Liljeholm & Cheng, 2007; Lombrozo, 2007) may provide
additional evidence for this explanation.
Importantly, adults accurately make the seemingly
unintuitive judgment that only a stronger exclusive cause, not
a weaker one, is more likely to occur in the presence of its
effect. This result suggests that adults possess a rich
understanding of exclusivity in causal systems.

Experiment 3
Normatively, diagnostic reasoning across exclusive and nonexclusive causal systems differs not just in degree but in kind.
Experiment 2 suggests that at least on average, adults are
sensitive to the difference in degree, giving higher diagnostic
inferences for non-exclusive causes. However, when
exclusive causal systems are exhaustive, as in Experiments 1
and 2, they always present a difference in kind as well: the
diagnostic likelihood of the weakest cause is lower than its
base-rate. That is, the occurrence of the effect makes it less
likely that the weakest cause has occurred whereas in nonexclusive causal systems, the occurrence of the effect will
always increase the likelihood of its causes. Importantly,
understanding this rule requires little computation, only an
understanding of exclusivity and its causal implications.
Therefore, in Experiment 3, we assess whether adults
possess an intuitive understanding of the difference between
these two systems. We employ the same causal systems as in
Experiment 2, but instead of generating a diagnostic
inference, participants were asked to compare a cause’s
diagnostic likelihood with its base-rate.

Method
Participants Forty participants from Northwestern
University participated in this study in exchange for course
credit. All participants passed the check question.
Procedure The procedure was identical to Experiment 2
with one exception. After learning about the exclusive (n =
20) or the non-exclusive (n = 20) causal system, participants
were not asked to provide a diagnostic likelihood. Instead,
participants were asked whether the diagnostic likelihood
would be higher or lower than the cause’s base-rate. For
instance, for the weak cause, the base-rate was 40%. As such,
participants in the Exclusive condition were asked:

General Discussion
The aim of this paper was to assess whether people are
capable of distinguishing between exclusive and nonexclusive causal systems. Across three experiments, we
examined patterns in people’s predictive and diagnostic
causal reasoning, looking at both their fine-tuned causal
inferences and broad understanding of statistical principle.
Experiment 1 demonstrated that participants distinguished
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between the two systems when reasoning predictively,
providing greater likelihoods for effects in exclusive causal
systems. In addition, Experiments 2 and 3 demonstrated that
people’s diagnostic inferences were also sensitive to the
causal implications of exclusive systems. People indicated
that causes in exclusive systems were less likely to occur than
those in non-exclusive systems, and most recognized that in
exclusive systems, weaker causes are actually less likely to
occur when the effect is present. In sum, adults accurately
distinguish between exclusive and non-exclusive causal
systems across a variety of causal reasoning tasks.
Moreover, our findings suggest adults are at least as
accurate—if not more accurate—in their reasoning about
exclusive systems as non-exclusive systems. Variance in
participants’ inferences is substantially lower across all
experiments for the exclusive systems, and more individual
responses fall into the normative range. In Experiment 3,
participants’ inferences were largely normative for the
exclusive system but showed signs of confusion for the nonexclusive system, despite the clear normative answer and the
fact that no calculation was required. Thus, adults’ causal
reasoning may be, if anything, more attuned to exclusive
causal systems than non-exclusive causal systems.
Notably, exclusive causal systems can pose a challenge for
computational models of causal reasoning, which typically
assume causal independence (c.f. Fenton et al., 2016). Our
findings emphasize the importance of developing new
modeling strategies for incorporating exclusivity, as well as
other non-independent causal structures, into causal models.
More broadly, our results illustrate the need for more
psychological research on alternative causal structures (c.f.,
Lucas & Griffiths, 2010; Meder, Mayrhofer, & Waldmann,
2014). Exclusivity is only one of many dimensions which
adults may use to reason effectively about causal systems.
Theories of human causal reasoning stand to benefit
substantially from taking such dimensions into account. We
believe the findings presented here are a step in that direction.
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The present study aims to explore two competing
theoretical accounts of cognitive control by fitting their
computational implementations to experimental data.
Although the conflict-monitoring theory has been one of the
most influential frameworks for the study of control
mechanisms, alternative accounts that explain control related
behaviors have been proposed (Egner, Delano, & Hirsch,
2007). Among the alternative explanations of cognitive
control, in this study we focus on expectancy-based control
that has been tested by recent experiments (e.g., Duthoo,
Wühr, & Notebaert, 2013; Jiménez & Méndez, 2013). The
expectancy-based control assumes that cognitive control is
activated according to the probability that the trial type would
be repeated. Therefore, we manipulate the probability of
repetition in a cognitive task to observe the effects of
expectancy on task performance. The data is then fitted to
the two types of models, the conflict monitoring model and
an expectancy-based model. The expectancy-based model is
created as a modification of the conflict monitoring model
with the assumption of expectancy-based control. The
comparison of the two models would indicate which model
is more likely to reflect the underlying cognitive processes.
We primarily test the neural network models, but there are
potential limitations in such models. The neural network
models with many parameters that indirectly affect the output
might be overly complex to account for behavioral
performance in a cognitive task that only has a few
dimensions of information (e.g., accuracy rate, response
time). In order to test whether the neural network models’
complexity is meaningful in experimental studies, we also
compare them with relatively simple linear models as
baseline benchmarks. The neural network models would
demonstrate their usefulness in hypothesis testing if they
perform better than the simple models.
Additionally, we also construct and evaluate a hierarchical
Bayesian latent mixture model that combines the conflict
monitoring model and the expectancy-based model in a
single modeling framework, in order to explore individual
differences. This model would estimate how much a
participant is inclined to a certain control mechanism
represented by a model.

Abstract
Cognitive control refers to the ability to adjust our thoughts and
behaviors in order to achieve internalized goals. In the past,
researchers have proposed several models of cognitive control
to account for the characteristic patterns of response times
observed in the tasks (e.g., Botvinick, Braver, Barch, Carter, &
Cohen, 2001). The goal of this study is to evaluate empirical
validity of such models in an experiment. To that end, we
compared two models of cognitive control, the conflict
monitoring model and the expectancy-based model. Each
model was implemented in two different modeling
frameworks, neural networks and simple linear models. The
relative fits of the four models were then evaluated and
compared based on observed data from a flanker task
experiment. The model comparison results showed that
performance of the simple linear models was entirely
comparable to that of the neural network models. We also
constructed and fitted hierarchical Bayesian latent mixture
versions of the linear models to investigate individual
differences. The result suggests that no single model of
cognitive control, whether conflict monitoring or expectancybased, would be able to account for individual performance on
the task.
Keywords: cognitive control; computational modeling; neural
networks; hierarchical Bayes; latent mixture modeling; model
comparison.

Introduction
The ability to control our attention, which is called cognitive
control, has been an important topic in the study of human
cognition. The conflict-monitoring theory of Botvinick et al.
(2001) has been one of the most popular approaches to
account for cognitive control behavior. The theory posits that
a conflict monitoring system in the anterior cingulate cortex
detects conflict and sends out a signal to the dorsolateral
prefrontal cortex to activate cognitive control. This theory
provided a neural network model to reproduce experimental
data, inspiring other researchers to develop their own models
of cognitive control (e.g., Verguts & Notebaert, 2008). The
neural network model has been believed to be an elegant way
to explain cognitive control mechanisms and their effects on
the performance in congruency tasks. It was also shown by
simulations that the models fit well the response time data
reported by other studies that used congruency tasks.
However, although the models were developed to account for
observed data, the studies that actually fit those models to
their data are rarely found. This suggests that the contribution
of the models has been somewhat limited to providing a
theoretical framework, despite their potential usefulness in an
experimental analysis.

Flanker Task
To evaluate the empirical validity of the models, we used a
version of the flanker task in which the participants are asked
to distinguish the direction of the central arrow, while
ignoring the other flanker arrows on the sides. The stimuli
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are called incongruent when the target arrow and the flanker
arrows are pointing to different directions, and are called
congruent if all the arrows are the same. Examples of
experimental stimuli are shown in Figure 1. The flanker task
is very simple, yet feasible of manipulating the designs such
as proportion congruency and proportion of repetition (e.g.,
Gratton, Coles, & Donchin, 1992). Mathematical models’
predictions can depend upon the designs selected, so it is
important to choose a design appropriate for the purpose of
the study.

performance in the next trial, reducing the difference in
response time between incongruent and congruent trials (i.e.,
the congruency effect). An alternative explanation provided
by the expectancy-based control is that the CSE is generated
with the repetition expectancy, with which the same trial type
as the previous one is expected. This prior belief reduces the
congruency effect after an incongruent trial, by allocating
more attention to the task-relevant information in anticipation
of another incongruent stimulus (Gratton et al., 1992).
Both of the two control mechanisms can account for the
CSE, but there is a major difference in the way they do. The
expectancy-based control expects the CSE only when a
repetition is expected. That is, the CSE would not occur
under the alternation expectancy. This difference in the
prediction is discussed in greater detail in the section below.

Computational Models
Again, the purpose of the present study is to discriminate the
two different theoretical accounts of cognitive control,
namely, expectancy-based control and conflict-driven
control, by way of computational modeling of observed data.
To that end, we employed two models, a conflict monitoring
model and an expectancy-based model. Further, each model
was implemented in yet two different modeling frameworks,
neural networks and linear models.

Figure 1: Experimental stimuli of an arrow flanker task.

In the arrow flanker task, the stimuli are more quickly
responded to when the task-irrelevant flanker arrows are the
same with the task-relevant central arrow (e.g., >>>>>), than
when they differ from each other (e.g., <<><<). This
difference in the response time between congruent and
incongruent stimuli is called the congruency effect. The
activation of cognitive control is often measured by another
phenomenon that is called the congruency sequence effect
(CSE), which indicates a reduction of the congruency effect
after an incongruent trial (Gratton et al., 1992). A typical
response time pattern of the CSE is shown in Figure 2, in
which the combinations of the previous and the current trial
type are denoted by the combinations of c (previous
congruent), i (previous incongruent), C (current congruent)
and I (current incongruent). For example, cI indicates an
incongruent trial after a congruent one. It is shown that the
congruency effect after a congruent trial (cI – cC) is larger
than that after an incongruent trial (iI – iC).

Neural Network Models
These are the same neural network (NN) models of cognitive
control proposed by Botvinick et al. (2001), as shown in
Figure 3.
The six input units of the network represent the direction of
the arrows in the left, the center, and the right position of the
franker task in Figure 1. They are connected to the
corresponding output units. If the input to an output unit
reaches a threshold, a response is made. Random noise is
applied to each unit’s activity level to produce variable
responses including errors. The three control units distribute
attentional resources to each input unit. When the level of
control is higher, more attention is allocated to the central,
target arrow (see Botvinick et al., 2001, for further details).
Inspired by this neural network model, in the present study
we created two variations of the model, each implementing a
different theoretical account of cognitive control, a conflict
monitoring NN model and an expectancy-based NN model.

Figure 2: Illustration of the congruency sequence effect (CSE).

The conflict monitoring account explains this effect by an
elevated level of control after the detection of a high conflict
trial (i.e., incongruent trial). High level of control enhances

Figure 3: Neural network (NN) model of cognitive control for an
arrow flanker task.

672

Conflict Monitoring NN Model (CM_NN): This model is
essentially the same as that proposed by Botvinick et al.
(2001) with little major modifications. In the present model
(CM_NN), the level of control in (𝑡 + 1) trial is updated
on each trial as follows:
𝐶
= 𝜆𝐶 + (1 − 𝜆)(𝑎𝐸𝒕 + 𝑏)
(1)

configurations of the NN models are necessarily justified to
account for behavioral data.
Conflict Monitoring Linear Model (CM_LN): In this
model, the level of conflict from the previous trial, 𝐸 , is
simplified to a binary value, as 𝐸 is 0 if the previous
(𝑡 − 1) trial was congruent, and 1 if it was incongruent.
The perceived level of conflict in the current trial is defined
as
𝐶
= 𝜆𝐶 + (1 − 𝜆)(𝐸 + 𝑎)
(3)

where 0 < 𝜆 < 1 , 𝐸𝒕 = −𝑎 𝑎 𝑤 , 𝑎 and 𝑎 indicate the
activation of the two output units, and 𝑤 indicates the
inhibitory weight between them. For simplicity, 𝑤 is fixed
to -1 (Blais, Robidoux, Risko, & Besner, 2007).
The
symbols 𝑎 and 𝑏 represent scaling parameters.
The input to the control units are distributed based on the
value of 𝐶 . The attention to the central arrow (i.e., the
control unit “C” in Figure 3) is identical to the 𝐶 value, but
its range is restricted to (1,3). The attention to the flanker
arrows (i.e., the control unit “L” and “R” in Figure 3) are (3𝐶 )/2 each for the left and the right arrows. Therefore, the
attention is evenly distributed with minimal control, and
concentrated to the target arrow with maximal control. The
input from the control units are fed to the input units
according to the connection weights between them. The
range of the connection weights we set were (1,4), similar to
previous studies (e.g., Botvinick et al., 2001).

where 0 < 𝜆 < 1 and −0.3 < 𝑎 < 0.3. 𝐸 in this model is
simplified to be 0 after a congruent trial, and 1 after an
incongruent trial. The range of 𝐶 is constrained to (0,1). The
symbol 𝑎 is a scaling parameter.
In the conflict monitoring model (Botvinick et al., 2001),
a high level of conflict accelerates the response to an
incongruent trial, and decelerates the response to a congruent
trial, on average. The response time 𝑅𝑇 in the linear model
follows the same concept:
𝑅𝑇 = 𝛽 + 𝛽 𝐶 + 𝛽 𝐼(𝑖𝑛𝑐𝑜𝑛𝑔)(1 − 𝛽 𝐶 ) + 𝜀
(4)
where 𝛽 > 0, 𝛽 > 0, 𝛽 > 0, 0 < 𝛽 < 1, and 0 < 𝐶 <
1. As in the expectancy-based model, 𝐼(𝑖𝑛𝑐𝑜𝑛𝑔) is 1 for an
incongruent trial, and 0 for a congruent trial, and 𝜀 is a
normal error following Normal (0,𝜎 ).

Expectancy-based NN Model (EB_NN): In this neural
network model of expectancy-based control, we modified the
above model CM_NN so that the level of control would be
dependent on the expectancy. This idea was previously
proposed in Yu and Cohen (2008) to account for sequential
effects in congruency tasks as the effect of repetition
expectancy. There are two trial types in the flanker task, a
congruent type and an incongruent type. The model assumes
that subjects believe that there is a fixed probability 𝑢 of
observing a repetition of either trial type (congruent or
incongruent). Let 𝑋 be a set of binary observations
(𝑥 ,…, 𝑥 ), where 𝑥 = 1 if the congruency is repeated, and
𝑥 = 0 if the congruency is alternated in the 𝑡 trial.
According to the model, 𝑢 is updated as,
𝑢

= 𝜆𝑢 + (1 − 𝜆)(𝑥 + 𝑎)

Expectancy-based Linear Model (EB_LN): In this model,
given the observations up to (𝑡 − 1) trial, 𝑋 , the belief
p(𝑥 |𝑋 ) about the 𝑡 trial is transformed into the
response time 𝑅𝑇 as follows:
𝑅𝑇 (𝑥 ) = 𝛽 + 𝛽 [1 − p(𝑥 |𝑋 )] +
(5)
𝛽 𝐼(𝑖𝑛𝑐𝑜𝑛𝑔) + 𝛽 [1 − p(𝑥 |𝑋 )]𝐼(𝑖𝑛𝑐𝑜𝑛𝑔) + 𝜀
where
𝛽 > 0, 𝛽 > 0, 𝛽 > 0, 𝛽 > 0, 𝑥 = {0,1} ,
p(𝑥 = 1|𝑋 ) = 𝑢 , and p(𝑥 = 0|𝑋 ) = 1 − 𝑢 . In the
above equation, 𝐼(𝑖𝑛𝑐𝑜𝑛𝑔) is equal to 1 for an incongruent
trial and 0 for a congruent trial, and 𝜀 is a normal error
following Normal (0,𝜎 ).

Model Predictions

(2)

All four models introduced above, with appropriate choices
of model parameters, can be shown to reproduce the
congruency sequence effect (CSE) in Figure 1. Interestingly
however, expectancy-based control can also yield a reversed
CSE. To show how, if an alternation of trial types is observed
for most trials, the subject would expect a congruent trial after
an incongruent trial, and expect an incongruent trial after a
congruent trial. This alternation expectancy would then lead
to a stronger cognitive control and thus a smaller congruency
effect after a congruent trial, as opposed to the standard
CSE. Consistent with this hypothesis, the CSE was observed
only when the repetition of trial types was expected, in an
experiment where subjects explicitly reported their
expectations (Duthoo et al., 2013).
Examples of model predictions are shown in Figure 4. The
linear models in Eqs. (4) and (5) were used for simulating
response time, with the parameter values fixed as 𝛽 = 450,

where 0 < 𝜆 < 1, −0.3 < 𝑎 < 0.3, and the initial belief 𝑢
is set to 0.5. The range of 𝑢 is constrained to (0,1). The
symbol 𝑎 in the above equation is a scaling parameter.
The input to the control units are determined by the 𝑢
value.
That is, the input to the unit “C” is
1+2 p(𝐼𝑛𝑐𝑜𝑛𝑔𝑟𝑢𝑒𝑛𝑡) , where p(𝐼𝑛𝑐𝑜𝑛𝑔𝑟𝑢𝑒𝑛𝑡) = 𝑢 if the
previous trial was incongruent, and 1 − 𝑢 if the previous trial
was congruent. The attention input to the flanker arrows is
equal to 1- p(𝐼𝑛𝑐𝑜𝑛𝑔𝑟𝑢𝑒𝑛𝑡) for each for the left and right
arrows.

Linear Models
In addition to the two NN models, we also constructed and
evaluated two simple linear models to serve as baselines, to
answer the question of whether the complex structural
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Stimuli: Stimuli were controlled by the PsychoPy module in
Python. The stimuli presented were similar to those in Figure
1. At the beginning of each trial, a white fixation cross (+)
was presented at the center of the screen for 800 ms. White
colored target stimulus appeared at the same location after
200 ms from the disappearance of the fixation cross, with
white flanker arrows on the sides. The arrows remained on
the screen for 200 ms. The next trial started after 2 seconds
from the onset of the stimulus. All stimuli were presented on
a grey background on a LCD monitor.

𝛽 = 60, 𝛽 = 150, 𝛽 = 0.7, 𝜆 = 0.7, 𝑎 = 0.1, and 𝜎 = 50 for
CM_LN, and as 𝛽 = 450, 𝛽 = 60, 𝛽 = 40, 𝛽 = 40, 𝜆 = 0.8,
𝑎 = 0.1, and 𝜎 = 50 for EB_LN.

Procedure: Subjects were required to press the “x” key on
the keyboard with their left index finger if the target arrow
was pointing to the left, and the “.” key on the keyboard with
their right index finger if the target arrow was pointing to the
right. They were instructed to make a response as quickly
and as accurately as possible. If they failed to respond within
1500 ms after the presentation of the stimuli, or if they made
an incorrect response, they heard a beep indicating the error.
There was a practice block consisting of 20 trials, followed
by 6 experimental blocks of 40 trials each. The practice block
had 50% proportion of repetition and 50% proportion
congruency. For a half of the participants, the proportion of
repetition was 30% for the first three blocks, and 70% for the
latter three. To counterbalance the order of the combinations,
the other half of the participants performed the task in the
reversed order (i.e., 70% before 30%). The proportion of
congruent trials was fixed to 50% in every block.

Figure 4: Predicted response time patterns by the conflict
monitoring linear model (CM_LN) and the expectancy-based
linear model (EB_LN). The percentages below the x axis indicates
the proportion of repeating trials in the simulations.

Model Evaluation and Comparison
The four models were fitted to the data using the subplex
algorithm in the MATLAB programs provided by Bogacz
and Cohen (2004). Model generalizability was evaluated in
6-fold cross-validation using 5 blocks as training data, and
the remaining block as test data, which repeated six times.
Parameter values were found through multiple optimization
runs, each with a randomly chosen starting value.
The model fit was measured by the cost function value as
defined:

Note Figure 4 that the conflict monitoring model generated
the CSE regardless of the proportion of repetition, whereas
the expectancy-based model generated the CSE only when
the proportion of repetition is high (70%). Under 30%
proportion of repetition, the expectancy-based model
generated a reversed CSE. It is straightforward to show that
these qualitative patterns are also predicted by their neural
network counterparts, CM_NN and EB_NN.

𝑐𝑜𝑠𝑡 =

Experiment
A flanker task experiment was conducted to empirically
evaluate two different theoretical accounts of cognitive
control, namely, conflict monitoring and expectancy-based.
The computational implementations of the hypotheses and
their predictions, as discussed in the previous section, suggest
that the key is to experimentally manipulate the proportion of
repeating stimuli. We therefore varied the proportion of
repetition in the arrow flanker task. Specifically, we used
30% proportion of repetition for a half of the experimental
blocks, and 70% for the other half.

𝑒 −𝑚
𝑒

(6)

where 𝑚 is a predicted statistic value and 𝑒 is an observed
one. A lower cost value indicates a better model fit. The test
statistic included the accuracy rate, the response time (RT)
for cC, iC, cI, and iI trials each, and the standard deviation.
The statistics were separately calculated for the data from
different proportion of repetition. For the linear models, the
accuracy rate was assumed to be 100%, because they only
generate response time as the output.
Model fits of the four models to observed RT data were
evaluated in terms of their cost function values. For the two
neural network models, the average cost function values over
24 participants were 0.049 (SD = 0.092) for the conflict
monitoring model (CM_NN) and 0.060 (SD = 0.036) for the
expectancy-based model (EB_NN), whereas for the two
linear models, the average values were 0.020 (SD = 0.024)

Participants: Twenty-four undergraduate students at the
Ohio State University participated in the experiment. All
subjects had normal or corrected-to-normal vision.
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and 0.025 (SD = 0.029) for CM_LN and EB_LN,
respectively. In short, the result shows that performance of
the linear models is entirely comparable to (and even better
than) that of neural network models. This somewhat
unexpected finding suggests that the neural network models
might be too overly complex to be considered necessary to
account for cognitive control behavior in the flanker task.
However, this does not mean that we can simply replace
the neural network models with the linear models in the
general context. The advantages of the former, unlike the
latter, lie in their ability to describe within-trial dynamics of
behavioral data that can be associated with brain activity. For
the present study, the linear models were sufficient because
they were used primarily to model the behavioral data from a
single task.

Figure 5: Hierarchical Bayesian latent-mixture implementation of
the linear models in Eqs. (4) and (5).

Hierarchical Bayesian Modeling
The modeling analysis above revealed considerable
individual differences. That is, some subjects showed lower
cost function values with the conflict monitoring models,
while others showed lower values with the expectancy-based
models. To evaluate theoretical significance of the individual
differences, we developed a hierarchical Bayesian latentmixture model by combining the two linear models. (The
neural network models are not amenable to Bayesian
modeling, since they do not have explicit likelihoods.)
Hierarchical Bayesian latent-mixture modeling is ideally
suited for our purpose as it allows us to represent and estimate
the relative compositions of multiple cognitive processes in a
unified and integrated manner (Lee & Wagenmakers, 2014).
For instance, we can get an estimate of the probability that a
participant’s data is consistent with the expectancy-based
model vs the conflict monitoring model.
The hierarchical Bayes model is shown in Figure 5. The 𝑧
~ Bernoulli ( ∅ ) parameter is an indicator variable that
determines which of the two models to use to predict the
behavior of the 𝑖 subject. The conflict monitoring linear
model (CM_LN) is used if 𝑧 = 0, and the expectancy-based
linear model (EB_LN) is used if 𝑧 = 1. The observed
response time 𝑦 of each subject is predicted by the 𝑅𝑇 of
the selected model. 𝑅𝑇 in Eq. (4) and (5) is rewritten as 𝑅𝑇
= 𝜇 + 𝜀 , where 𝜀 ~ Normal (0, 𝜎 ). The parameters
related to the effect of control, 𝛽 , 𝛽 , 𝜆, and 𝑎 are given a
hierarchical structure that determines their distribution,
Normal (𝜇 ,𝜎 ). Each parameter 𝜃 had hyper parameters 𝜇
and 𝜎 that constrain the parameter distribution of all
subjects. The parameter distributions are truncated based on
the parameter ranges shown in the descriptions of the linear
models above.
The hierarchical Bayesian model in Figure 5 was fit to the
data using Markov Chain Monte Carlo (MCMC) sampling,
using 100,000 posterior samples after a burn-in of 5,000. A
plot of the mean 𝑧 for each subject, that represents the
probability of expectancy-based control, is shown in Figure
6.

Figure 6: Probability of expectancy-based (EB) control estimated as
mean 𝑧 values based on the hierarchical Bayesian latent mixture
model in Figure 5. The label ‘CM’ on the y-axis stands for conflict
monitoring.

Each of the 24 subjects was then classified into either a
conflict monitoring (CM) or expectancy-based (EB) group,
using the threshold of 0.5. There were 15 participants in the
conflict monitoring group, and 9 participants in the
expectancy-based group. Figure 7 depicts the RT profiles for
each group.
The solid lines in Figure 7 are observed data, and the dotted
lines are the posterior predictive means from the latentmixture model in Figure 5. Each group showed the patterns
similar to the corresponding model prediction in Figure 4.
Participants in the conflict monitoring group seemed to show
the CSE in both conditions of the proportion of repetition. On
the other hand, the expectancy-based group had a tendency to
show a reversed CSE when the proportion of repetition was
30%.
One limitation of this classification scheme is that there are
a few participants whose model probabilities are close to 0.5
(see Figure 6). The data from those participants may be
explained better by a model without the CSE than by either
the CM model or the EB model. This suggests that the
classification would not be accurate if the behaviors are not
predicted well by the selected set of models.
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that the neural network models, while popular and widely
used given their appeal as a flexible modeling framework,
may be overly complex to account for behavioral data in the
flanker task. Another main finding of the present study was
rather significant individual differences in cognitive control.
It seems that there are at least two groups of participants that
exhibit different types of cognitive control. This result
suggests that there might be a tendency for each individual to
prefer a certain control strategy (Braver, 2012). Finally, from
the computational modeling standpoint, hierarchical
Bayesian latent-mixture analysis employed in the present
study could be a useful modeling tool for parsing potentially
multiple mechanisms underlying cognitive control on an
individual participant (and even trial-by-trial) basis.
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Figure 7: Posterior predictive and observed response times. The
predictions are based on the hierarchical Bayesian latent mixture
model in Figure 5. The error bars indicate standard errors of the
mean.

To summarize the computational modeling results, the
linear models performed as well as the neural network
models, differentiating the behaviors based on the model
predictions. The hierarchical Bayesian latent-mixture model
showed significant individual differences in the model
probabilities, suggesting multiple control mechanisms
underlie the flanker task.

Conclusion
The primary goal of the present study was to explore the
empirical validity of two different theoretical accounts of
cognitive control, namely, conflict monitoring and
expectancy-based, by way of computational modeling. To
achieve the goal, we designed and conducted an experiment
in which the proportion of repeating trial types was
manipulated in an arrow flanker task. We also instantiated
each theoretical account of cognitive control in a
computational model couched in two modeling frameworks,
i.e., neural network modeling and linear modeling. The
results taken together showed that the simple linear models
can provide equally comparable fits and thus explanations to
the data as the neural network models do. An implication is
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need to be fed first. The rare parent who exhibits
“pathological generosity” consistent with extreme
utilitarianism likely suffers from brain damage (FerreiraGarcia, Fontenelle, Moll, & de Oliveira-Souza, 2014; see
also Kahane et al., 2012).
In general, introducing a personal relationship between
the moral agent and the affected parties emphasizes agentrelative responsibilities (Nagel, 1989). These include family
obligations, patriotism, or in-group loyalty. Agent-relative
decisions inevitably evoke the deontological concepts of
right and duties (Holyoak & Powell, 2016). Rights and
duties cannot be universal given the potential conflicts
between agents upholding the interests of different parties.
For example, the duties of soldiers in two opposing nations
at war generally cannot be reconciled, since their individual
duties to be loyal to their respective countries conflict with
each other. Yet even mortal enemies may recognize and
respect each other’s duties—a deserter from one side may
be despised as a traitor by the other.
As Nagel (1979) pointed out, agent-relative moral
decisions are inevitably personal and situated. One’s moral
obligation to provide care and protection for a child is not
equal between the case where that child is one’s own
daughter and the case where that child is anonymous and
unrelated. Family obligations are essentially agent-relative,
in that the ethicality of a decision depends on who is making
the decision, or on the relationship between the moral agent
and the affected parties.
Bloom (2011) observed that those about whom we make
moral judgments and decisions are often friends, colleagues,
family, or in-group members who share some personal
attributes with us (e.g., students from the same school or
people of the same ethnicity or nation; Cikara et al., 2010;
Haidt, 2007; Haidt & Graham, 2007). Consequently, our
moral judgments may often be partial and biased, especially
when the safety, well-being, or interest of a close group
conflicts with those of a more distant group. People’s
general tendency to favor in-group members, and more
specifically family and kin, has been documented in
experimental studies (Cikara et al., 2010; Burnstein,
Crandall, & Kitayama, 1994; Haidt, 2007) and evolutionary
analyses (Shackelford & Hansen, 2015; Hamilton, 1964).
In this paper, we take an approach that differs from
previous studies that have examined family favoritism in the
context of artificial sacrificial dilemmas, such as the trolley
problem. Instead, we examine how perceived family
obligation—a ubiquitous source of agent-relative issues—
impacts moral decisions in more realistic situations.

We created practical moral dilemmas for which participants
role-played witnessing a transgression by a target person. The
identity of the transgressor was manipulated to be either a
stranger or the participant’s brother. Participants made factual
and unethicality judgments regarding the incident and
reported their willingness to report the transgressor to the
police. When the factual situation was ambiguous,
participants interpreted the facts in favor of the target person
when that target was their brother. This family favoritism in
turn led to partial moral judgments and decisions, while
creating overall coherence. When it was made clear that their
brother actually committed the transgression, partiality in
unethicality judgment was reduced but partiality in the
decision to report persisted, even though overall coherence
was thereby reduced. Using path analyses, we show how
strong moral constraints such as family obligation can shift
moral reasoning processes.
Keywords: morality; judgment; decision making; family
obligation; motivated reasoning; path analysis

Introduction
Moral reasoning is often viewed as an individual’s
assessment of his or her responsibilities toward strangers or
near-strangers within some broadly defined group (e.g.,
fellow citizens). Particularly when moral judgments are
considered within the ethical framework of utilitarianism
(e.g., Singer, 1979), the value of each affected person is held
to be independent of the unique perspective of the individual
decision maker. Under this view, moral judgments are
agent-neutral (Nagel, 1986). The great majority of studies in
moral psychology (notably, those focusing on sacrificial
dilemmas based on variations of the trolley problem; Foot,
1978) involve scenarios in which a hypothetical decision is
made concerning the fates of anonymous strangers (e.g.,
Greene, Sommerville, Nystrom, Darley, & Cohen, 2001;
Cikara, Farnsworth, Harris, & Fiske, 2010; Uhlmann,
Pizzaro, Tannenbaum, & Ditto, 2009). Any hint of a
personal relationship between the reasoner and those
affected by the moral judgment is avoided in the interests of
supposed objectivity, consistent with experimental controls
commonly employed in psychological research.
This focus in moral psychology on agent-neutral
judgments has contributed to the neglect of moral issues that
arise in everyday life. Few of us will ever have to choose
whether to redirect a runaway trolley so as to kill one
stranger in order to save five others; many of us will have to
choose whether to support our own children or donate all
our income to charity. Of course, for most people the latter
decision is not likely to be a difficult one—our own children
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Our central aim is to understand the mechanisms by
which family obligation may impact moral judgments. One
general possibility is that family relationships may enter into
an interconnected network of beliefs and attitudes that
collectively shift so as to maximize coherence. For example,
people faced with a legal decision involving contradictory
and ambiguous factors will shift their views on all the
relevant factors to maximize coherence with their eventual
decision (Holyoak & Simon, 1999). Coherence shifts, which
can be modeled in terms of constraint satisfaction within a
belief network, have been shown to affect decisions ranging
from consumer choice (Simon, Krawczyk & Holyoak, 2004;
Russo, Carlson, Meloy, & Yong, 2008) to judgments of
legal and moral culpability (Simon, Stenstrom, & Read,
2015; Simon, Snow, & Read, 2004). In the case of an
apparent transgression, family favoritism may alter
assessments of uncertain aspects of the situation so as to
make a family member appear to be less blameworthy than
a stranger would be (an instance of motivated reasoning;
Kunda, 1990). Such coherence shifts would be consistent
with what Holyoak and Powell (2016) termed deontological
coherence, whereby a network of beliefs and values is
altered so as to minimize conflict between rival moral
values.
Coherence-driven decision making takes advantage of
factual and moral/legal ambiguities, which make it possible
to shift beliefs without blatantly contradicting points of
certainty.
Sometimes,
however,
key
facts are
incontrovertible—the culprit may be caught red-handed. In
such situations, the moral agent may be placed in a true
dilemma, being forced to choose whether to act in accord
with the dictates of the law and society, or to honor a
perceived obligation to protect a family member. In the
present study, we examined the influence of family
favoritism in situations that either did or did not suggest
factual ambiguity.

compensation for completing the study, which took a
median of 6.5 minutes.
Design, Materials and procedures Each participant read
and made decisions about a single scenario, in which a
target person is implicated in a purported crime. The
scenarios used one of two basic cover stories (traffic
violation or street battery). The rest of the design was a 2
(identity of transgressor: stranger/brother) × 2 (severity of
violation: misdemeanor/felony) × 2 (situational ambiguity:
ambiguous/unambiguous) factorial. About 20 participants
completed each of the 16 conditions (including the variation
in cover story). All factors were manipulated betweensubjects.
After providing consent, participants were instructed to
imagine themselves as the person in the given scenario and
answer the questions after careful consideration. The
participants role-played being a witness to a possible
transgression. For example, one of the ambiguous scenarios
involving a street battery incident (misdemeanor) was as
follows:
One evening, you are walking home after a long workday.
A block ahead, you see a man wearing a red baseball cap,
who seems to be arguing with another man. Soon, the two
men disappear into an alley. As you walk up to where they
were, you see the other man lying on the ground in an alley,
covering his face and groaning, though his injury doesn’t
seem to be serious. The injured man is drunk, so he may not
be reliable or truthful about what happened.
You consider the possibility that the man with the red cap
may have attacked the drunken man and then ran away, and
should be reported to the police. However, you also
consider the possibility that the drunken man may have been
trying to pick a fight with the man in the red cap. The man
with the red cap may have tried to defend himself, or
perhaps hit the drunken man accidentally while trying to
run away to avoid a fight.

Experiment

The purported transgressor (man in the red cap in the
above scenario; car driver in the traffic violation scenario)
was the target person for moral judgment and decision. The
transgression was either a misdemeanor, as above
(purportedly punched a drunken man in the face and then
ran away, or purportedly drove under the influence), or a
felony (stabbed a drunken man and then ran away, or
purported hit-and-run). In the unambiguous conditions, any
doubt that the target person committed the offense was
eliminated because the witness was said to have clearly
witnessed the target person committing the transgression.
Following the description of the scenario, the target
person was described as either a stranger or the participant’s
brother, depending on the condition. If participants did not
have a brother, they were told to imagine they have a
brother about their own age.
The participants in the ambiguous conditions were told
that they saw a policeman a few blocks back, and were
asked questions in the following fixed order: (1) “Do you

In our experiment, participants read a scenario in which they
witnessed a hypothetical transgression. They were asked
factual and moral questions including how willing they were
to report the transgressor to the police. We manipulated the
identity of the purported transgressor as either participant’s
brother or a stranger. This design pits two moral goals
against one another: Family obligation (to protect a family
member, even from a social punishment) and civic duty (to
report a transgression).

Method
Participants The Amazon Mechanical Turk system was
used to recruit 341 participants (189 females, Mage = 35.9,
SDage = 11.6) residing in the United States. Ethnicity was
self-reported as 75.4% European/European American,
10.6% African American/Black, 6.5% Hispanic or Spanish
origin, 6.2% Asian/Asian American, with 1.5% classifying
themselves as “others”. Participants received $1.40 as
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think your brother/stranger actually [committed a
transgression?]” (different transgression inserted for each
condition), using a 6-point scale (1: Certainly not, 6:
Certainly). (2) “Given what you believe happened, how
unethical was the behavior of your brother/stranger?”, using
a 5-point scale (1: Not problematic, 5: Extremely unethical).
(3) “Given what you believe happened, would you report
your brother/stranger to the policeman?”, using a 6-point
scale, same as (1). For brevity, these three questions and the
corresponding mean scores will be termed factual,
unethicality, and report. Factual judgment was not elicited
from participants in the unambiguous conditions because
the scenario stated directly that the target person committed
the transgression. After the questions1, the participants were
asked to briefly explain the reason why they reported (or did
not report) the target person to the police. Lastly, basic
demographic questions were asked, including whether the
participant had a sibling (87% reported that they did2).

(a) Ambiguous condition

(b) Unambiguous condition

Figure 1: Means of factual, unethicality, and report scores
for (a) ambiguous and (b) unambiguous conditions. Factual
judgment was not asked in the unambiguous conditions.
Error bars indicate standard error of the mean.

Results
Mean Differences and Correlations As the basic pattern of
results was similar for the two cover stories, all analyses
were collapsed over that variable.
We conducted a 2 (identity of transgressor) × 2 (severity)
ANOVA for the factual score with the participants from the
ambiguous conditions (n = 171). The identity of the target
person had a significant effect on the factual score (F(1,
167) = 23.65, p < .001, ηp2 = .124), while the main effect of
severity (F(1, 167) = 2.74, p = .10) and its interaction with
identity did not (F(1, 167) = 0.15, p = .70). As shown in
Figure 1a, left, participants had a stronger belief that the
target person committed a transgression when the target
person was a stranger than when he was a brother.
The ANOVAs for unethicality and report scores included
the additional variable of ambiguity. For unethicality
(Figure 1, middle columns), this analysis yielded significant
effects of identity (F(1, 333) = 10.32, p = .001, ηp2 = .03),
severity (F(1, 333) = 43.64, p < .001, ηp2 = .116), and
ambiguity (F(1, 333) = 71.75, p < .001, ηp2 = .177). The
interaction between identity and ambiguity approached
significance (F(1, 333) = 3.19, p = .075); other interactions
were not significant (ps > .34). Thus, the unethicality of the
behavior was judged as significantly higher when the target
person was a stranger, transgression was more severe, and
the situation was unambiguous.
Based on previous findings (e.g., Holyoak & Simon,
1999; Simon et al., 2015), we predicted that ambiguity
would enable participants to decrease judged unethicality
when the target was their brother rather than a stranger, so

as to cohere with their motivation to protect a family
member. To test this prediction, two separate 2 (identity) ×
2 (severity) ANOVAs were conducted with unethicality
scores for ambiguous and for unambiguous conditions. For
the ambiguous conditions, identity (F(1,167) = 10.18, p =
.002, ηp2 = .057) and severity (F(1,167) = 19.29, p < .001,
ηp2 = .100) both yielded significant main effects, while the
interaction between the two factors was not reliable
(F(1,167) = 0.32, p = .57). For the unambiguous conditions,
only severity had a significant main effect (F(1,166) =
26.02, p < .001, ηp2 = .135); neither the main effect nor the
interaction involving identity was reliable (ps > .25). Thus,
situational ambiguity was indeed necessary in order for
unethicality to be judged lower for the brother condition.
For report scores, a 3-way ANOVA revealed reliable
main effects of identity (F(1,333) = 80.1, p < .001, ηp2 =
.194), severity (F(1,333) = 31.88, p < .001, ηp2 = .087), and
ambiguity (F(1,333) = 25.43, p < .001, ηp2 = .071). None of
the interactions were reliable (ps > .19). As shown in Figure
1, right columns, participants were more likely to report a
transgression to a policeman when the target person was a
stranger rather than a brother, whether or not the facts of the
situation were ambiguous.
To seek converging evidence of how the influence of
identity impacted judgments as a function of situational
ambiguity, we examined the correlation between
unethicality and report scores for the stranger and brother
condition, computed separately for the ambiguous and
unambiguous conditions. To control for the main effect of
severity, both unethicality and report scores were
standardized within each of the misdemeanor (n = 170) and
felony (n = 171) conditions prior to the correlational
analyses. Figure 2 presents scatterplots of the relationship
between standardized unethicality scores and propensity to
report the transgression. The lines show the best linear fits
for the stranger and brother conditions, respectively. When
the situation was ambiguous, correlation coefficients were

1
Additional questions were asked after the three main questions,
but for brevity these will not be discussed.
2
When participants actually had a sibling, factual, unethicality
and report scores tended to be lower, although the extremely
unequal numbers of participants in the two groups rendered
statistical tests problematic. The central findings from ANOVAs
and path analyses were consistent regardless of whether
participants without siblings were included or excluded.
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(a)

Figure 2: Scatterplots of standardized unethicality and
report sores in ambiguous (left) and unambiguous (right)
conditions, separated by stranger versus brother conditions.
Jitter was added to the points for clarity of presentation.

(b)

not significantly different for the stranger (r(82) = .46, p <
.001) versus brother condition (r(85) = .57, p < .001;
zdifference = 1.03, p = .30). However, when the situation was
unambiguous, the correlation coefficient for the stranger
condition (r(82) = .67, p < .001) was significantly higher
than that for the brother condition (r(84) = .41, p < .001;
zdifference = 2.35, p = .02).
This pattern of correlations is consistent with the
hypothesis that in the ambiguous condition, the same
conduct is interpreted as less problematic when the target is
a brother rather than stranger. Judged unethicality is then
altered so as to cohere with the factual judgment; after this
tacit “correction”, the relationship between unethicality and
report scores is approximately the same regardless of target
identity. In contrast, the unambiguous condition does not
support a coherence shift in unethicality, so participants
judge an action as about equally unethical regardless of
identity. Faced, therefore, with the unresolved dilemma of
duty to report versus duty to protect a family member,
participants often favor the family member despite the
perceived unethicality of his action, yielding a weaker
correlation between unethicality and report for the brother
condition.
Path Analysis To further analyze the relationships among
the different judgments, separate path analyses for the
ambiguous and unambiguous conditions were conducted
using R package lavaan version 0.5-23 (Rosseel, 2012).
Maximum likelihood estimation with robust standard errors
and Satorra-Bentler scaled test statistics (Satorra & Bentler,
2010) were used for all analyses. During iterative testing of
the models, suggestions from Lagrange multiplier tests that
did not violate logic were considered when modifying the
path models. The identity and severity variables were
dummy coded (1: brother, 0: stranger; 1: felony, 0:
misdemeanor, respectively).
For the ambiguous conditions, the model with the best fit
(χ2(2) = 3.21, p = .200, RMSEA = .063, 90% CI of RMSEA
= [.000, .183], CFI = .995, TLI = .972) had factual predicted
by identity, unethicality predicted by factual and severity,
and report predicted by all other variables: unethicality,
factual, identity, and severity. Most paths were significant

Figure 3: Path models that best fit the data from (a)
ambiguous and (b) unambiguous conditions. Numbers in
circles indicate standard errors after predicting the
dependent (endogenous) variables.
(path from severity to report: p = .051; all other ps < .006).
This model (Figure 3a) implies that identity had a direct
influence on factual and report, but not on unethicality. The
same model was supported when separate path models were
generated for each of the cover stories (traffic violation/
street battery), with minor differences in fit indices.
We conducted mediation analyses using bootstrapping in
PROCESS macro version 3.0 for SPSS (Preacher & Hayes,
2008) to test the significance of indirect effects of identity
on unethicality and report. First, mediation between identity
(predictor), factual (mediator) and unethicality (criterion)
was tested, while severity also predicted unethicality (model
5 from the predefined models in PROCESS). Bootstrapping
results (n = 20,000) indicated that identity did not have a
significant direct effect on unethicality for either
misdemeanor (-.220, 95% confidence interval from
bootstrap = [-.698, .257]) or felony conditions (-.081, 95%
CI = [-.541, .379]). In contrast, the indirect effect of identity
on unethicality through factual was significant (-.439, 95%
CI = [-.678, -.235]).
Second, mediation between identity (predictor), factual
(mediator), unethicality (mediator), and report (criterion)
was tested. The residual unethicality and report scores
obtained after regressing the two variables on severity were
used in this model (model 6 in PROCESS). Bootstrapping
results (n = 20,000) indicated that identity had a significant
direct effect on report (-.577, 95% CI = [-.952, -.201]), and
its total indirect effect on report was also significant (-.646,
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95% CI = [-.969, -.351]), although the indirect path from
identity through unethicality to report was not significant
(-.067, 95% CI = [-.228, .072]), consistent with the first
mediation analysis.
For the unambiguous conditions, the best fitting model
(χ2(2) = 3.08, p = .214, RMSEA = .065, 90% CI of RMSEA
= [.000, .200], CFI = .989, TLI = .973) had unethicality
predicted by severity and report predicted by identity and
unethicality (Figure 3b). All paths were significant (ps <
.001). Notably, identity had a significant direct effect on
report. Again, the same model was supported when separate
path models were generated for each of the cover stories
(traffic violation/ street battery).
Overall, the path analyses favored similar models for the
ambiguous and unambiguous conditions, with the salient
difference that in the ambiguous condition, identity directly
influenced the factual score (which in turn influenced both
unethicality and report). In contrast, in the unambiguous
condition the influence of identity on report was solely a
direct one.

Consequential moral decisions such as reporting a family
member to the police are not made easily because people
typically have a strong sense of obligation to protect
closely-related family members, even at a high cost
(Burnstein et al., 1994; Hamilton, 1964). Comments
provided by our participants suggested that some of them
were also consciously aware of their use of familial
(deontological) duty in making decisions (e.g., “I feel a
great need to protect my brother”; “It is also my duty to
protect my family members”).
It would be useful in future studies to investigate the
impact of in-group favoritism on moral reasoning process in
different cultural contexts (Graham, Meindl, Beall, Johnson,
& Zhang, 2016). Understanding cross- and within- societal
differences in moral norms and reasoning is growing more
crucial given the fierce clashes of cultures that we face
today. For example, Chen, Brockner and Katz (1998) found
evidence that people from individualistic (e.g., U.S.) versus
collectivistic (e.g., China) cultures may have fundamentally
different rationales for favoring in-group members (selfenhancement versus unconditional dedication to the group).
In short, our participants favored their brother when
making consequential moral decisions. When possible (i.e.,
when the situation was ambiguous), they did so after
coherence-based reasoning paved the way by creating a
justification for leniency. But even when the situation was
unambiguous, and their brother’s guilt was clear,
participants often refused to report him to the police. Family
obligation is a powerful constraint on people’s decisions.
The reason some of our participants stated—“Because he is
my brother”—is often sufficient justification for a moral
decision.

Discussion
The present study revealed that both factual and moral
judgments are impacted by the personal relationship
between the moral agent (i.e., a participant in our
experiment) and a target person who appears to commit a
transgression. Given situational ambiguity, participants
judged the same behavior to be less likely to constitute an
actual transgression (e.g., he may have only tried to defend
himself) when the target was identified as their brother
rather than a stranger. This effect can be interpreted as an
instance of motivated reasoning (Kunda, 1990), in that
participants’ motivation to favor and protect their in-group
member (brother) led them to judge the “facts of the case”
in a way that favored that in-group member.
Both standard ANOVAs and path analyses showed that
given situational ambiguity, participants rated an action as
less unethical, and were less willing to report it to police,
when the target person was their brother rather than a
stranger. The path analysis indicated both a direct influence
of target identity on willingness to report and also an
indirect influence via the impact on the assessment of the
situational facts. This pattern is consistent with a coherence
shift (Holyoak & Powell, 2016; Holyoak & Simon, 1999):
Ambiguity is exploited to interpret the facts in a way that
favors a family member, thereby reducing judged
unethicality and decreasing willingness to report.
When the situation was rendered unambiguous, such that
the target person incontrovertibly committed the
transgression, it was no longer possible to generate a
coherent set of beliefs that would excuse the family
member. The action was then judged equally unethical
regardless of whether it was done by a brother or a stranger.
However, when faced with a clear conflict between the
agent-neutral duty to report crimes and the agent-relative
duty to protect a family member, participants often elected
to fulfill the latter duty at the expense of the former.
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Contractualism is a theory of moral philosophy that posits that an act is morally permissible if
all the parties affected by the act would agree to it. We take this theory of moral philosophy as
an inspiration for a theory of moral cognition. In this paper, we present evidence that subjects
have contractualist intuitions and use explicit contractualist reasoning. These data are poorly
accounted for by current theories of moral cognition which rely mostly on the use of rules or
calculations of consequences. We sketch out a rational model that captures these phenomena
by predicting subjects’ moral judgments as a function of their representation of the interests of
agents who are engaged in a mentally simulated bargaining process. We conclude by discussing
how a computational cognitive science of contractualism fits into a unified theory of moral
cognition, a “Triple Theory”, which integrates elements of rule-based, consequence-based and
contract-based cognitive mechanisms.
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theories in which the utility calculation does not involve
reasoning about a probabilistic agent (e.g., Hawkins,
1994). However, neither theory presents as straightforward a route to making distributional predictions as theories that do not involve reasoning about probabilistic
agents, because the predictions of both UID and RSA
are themselves contingent on distributional statistics already present in a language. This paper outlines an approach to circumventing this problem: UID provides a
cost function, we allow RSA to perturb a language’s distributional statistics, and the properties of the fixed points
of that perturbation process constitute the theory’s distributional predictions. I present a case study deriving the
most-tested prediction of UID, that the rate of usage of
an optional function word will be negatively correlated
with the context-conditioned probability of the material
immediately following the function word, more strongly
than in previous work. This resolves a potential “levels”
problem of UID, described below.

One major class of approaches to explaining the distribution of linguistic forms is rooted in communicative efficiency. For theories in which an utterance’s communicative efficiency is itself dependent on the distribution of
linguistic forms in the language, however, it is less clear
how to make distributional predictions that escape circularity. I propose an approach for these cases that involves
iterating between speaker and listener in the Rational
Speech Act theory. Characteristics of the fixed points of
this iterative process constitute the distributional predictions of the theory. Through computer simulation I apply
this approach to the well-studied case of predictabilitysensitive optional function word omission for the theory
of Uniform Information Density, and show that the approach strongly predicts the empirically observed negative correlation between phrase onset probability and rate
of function word use.
Keywords: Communicative efficiency, Uniform Information Density, Rational Speech Act theory, syntactic optionality, pragmatics, computational modeling

Introduction
One central problem in the science of language is to account for the distribution of linguistic forms observed
throughout the languages of the world. A handful of
principles are leading candidates for contributing to a
theory of this distribution, including innate constraint
(Chomsky, 1968), social dynamics among speakers in a
linguistic community (Labov, 2011), the acquisition bottleneck in intergenerational transmission (Christiansen
& Kirby, 2003), and considerations of communicative
efficiency (Zipf, 1949). The present paper focuses on
this final principle. The past few decades have seen a
resurgence of work on communicative efficiency-based
approaches to linguistic distributions, taking advantage
of new datasets, contemporary psycholinguistic theory
and methods, and structured probabilistic models for language (Genzel & Charniak, 2002; Aylett & Turk, 2004;
Piantadosi, Tily, & Gibson, 2011; Futrell, Mahowald, &
Gibson, 2015). Here I focus attention on two prominent
theories that have each advanced a general principle of
what might constitute communicative efficiency: Uniform Information Density (UID; Levy & Jaeger, 2007,
Jaeger, 2010) and the Rational Speech Act theory (RSA;
Frank & Goodman, 2012, Goodman & Frank, 2016).
These theories share the key feature of predicting speaker
behavior on the basis of a utility calculation that involves a model of the listener as a probabilistic reasoning
agent. This is in contrast to communicative-efficiency

Uniform Information Density
Uniform Information Density proposes that communicative efficiency is maximized when the rate of
information—as measured in bits—regarding a speaker’s
intended meaning is distributed as uniformly as possible throughout an utterance. Multiple formalizations are
possible. One might be called the “noisy-channel” approach. We assume that the listener might not necessarily successfully apprehend all parts of an utterance’s intended meaning, and that more elaborated material provides a stronger signal as to intended meaning. If meaning m is coded within an utterance by material w, then
the lower P(m|context) is, the greater P(m|w) needs to
be in order to ensure that m is successfully apprehended,
hence a rational speaker will modulate w to ensure that
P(m|w) is high when P(m|context) is low. Instantiations of this idea can be seen in the Smooth Signal Redundancy Hypothesis (Aylett & Turk, 2004) and in the
strategic-noise model of Bergen and Goodman (2015).
This approach fits especially clearly to cases where “material” is taken to be the surface signal (e.g., acoustics of
spoken language) and “meaning” is taken to be a nonsurface property such as word identity. A range of results in probability-sensitive articulatory reduction are
consistent with the proposal (e.g., Bell, Brenier, Gregory,
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Girand, & Jurafsky, 2009), although there remains disagreement as to whether these results should be taken
as reflecting audience design or speaker-internal pressures (e.g., Gahl, Yao, & Johnson, 2012). However, a
“levels problem” lurks in this noisy-channel UID reasoning: the rational trade-off between meaning prior probability P(m|context) relied on conditional independence
between the context and w given m, but this trade-off
would itself break this conditional independence. A rational language user who learns the statistics of her environment would learn the resulting dependency and a key
premise of the UID derivation would break down.
A second and perhaps stronger formalization might
be called the “clean-channel” approach: even setting
aside the possibility of utterance misinterpretation, different utterances encoding the same meaning might vary
in their communicative efficiency because they impose
varying real-time demands on the comprehender. Incremental processing difficulty is probability-sensitive:
when a word is less probable in its context, it induces
measurable processing difficulty (Rayner & Well, 1996;
Kutas & Hillyard, 1980). If a word would be particularly
improbable, then mechanisms available to the speaker to
raise that word’s conditional probability could improve
the utterance’s communicative efficiency. For example,
in (1) below, the first word of the relative clause (RC),
hackers, is highly unpredictable—it conveys the (lowprobability in this context) RC onset, the fact that the
RC is not subject-extracted, and content of the RC subject (labels X,t,Y, Z correspond to substrings relevant for
the simulations described later in the paper):
X

Y

A potential advantage of the clean-channel approach
over the noisy-channel approach is that it does not rely
on assumptions about multiple levels of representation
or the possibility of utterance misunderstanding (there is
no appreciable ambiguity in the meaning of (1) that is resolved by (2)). But the clean-channel approach does not
completely evade its own levels problem. For example,
the above argumentation regarding sensitivity of that-use
to RC onset predictability ignores the contextual probability of that itself, and it ignores the impact of using
versus omitting that on the probabilities of subsequent
words in the string. A more complete predictive theory
would neeed to resolve this problem.

The Rational Speech Act theory
The Rational Speech Act theory, and the closely related class of game-theoretic approaches to pragmatics
(Franke et al., 2009; Jäger, 2012; Degen, Franke, &
Jäger, 2013), embed a notion of communicative efficiency in the choices of a speaker reasoning about a listener (and potentially vice versa). For each possible utterance u in a set of ALTERNATIVES considered by the
speaker, its utility V (u; m) for communicating meaning
m is defined as
V (u; m) = log PL (m|u) −C(u)

where PL (·|u) is the listener’s interpretation distribution
for u and C(u) is the intrinsic cost of using u. Given this
utility, the speaker’s utterance preference distribution is
defined as
PS (u|m) µ exp [aV (u; m)]

Z

z
}|
{z
}|
{ z }| {
(1) I bought some games hackers enjoy yesterday.

t

Y

(II)

where a is a softmax decision parameter (often assumed to be 1). RSA models recursively specify the listener probability PL (m|u) as in Equation (III) below, and
ground out in a “literal” listener L0 :

Initiating the RC with that offloads the fact of the RC’s
onset, reducing the peak in information density is reduced, and easing comprehension:
X

(I)

PL (m|u) µ PS (u|m)P(m)

Z

z
}|
{ z}|{ z
}|
{ z }| {
(2) I bought some games that hackers enjoy yesterday.

(III)

PL0 (m|u) µ L (m, u)P(m)

Levy and Jaeger (2007) provided the following formal
argument for the optimality of UID: suppose that a meaning m with probability p is to be conveyed in a string. For
any string length n, if the cost of an utterance conveying
m is the sum over words in the string of a superlinear
function of word SURPRISAL (negative conditional logprobability given preceding context; Hale, 2001, Levy,
2008, Smith & Levy, 2013), then that cost is minimized
1
if all conditional word probabilities are set equal, to p n .
Although information density in natural language is far
from truly uniform, due at least in part to grammatical constraints, optional function word omission patterns
have been shown empirically to broadly match UID’s
prediction (e.g., Levy & Jaeger, 2007, Jaeger, 2010).

where L (m, u) is typically an indicator function returning
1 iff u is literally compatible with m, and P(m) is the
contextually-determined prior probability of the speaker
intending meaning m.
This basic form of RSA is already quite powerful for
capturing a wide range of pragmatic interpretation phenomena, including quantity and informativeness implicatures (Levinson, 2000; Poppels & Levy, 2015), and
enriched versions of the theory allow it to handle many
more phenomena (see Goodman and Frank (2016) for a
review). However, two challenges exist in applying it to
making language-wide distributional predictions. First,
to make predictions about an entire language, the complete network of alternative utterances for each utterance
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must be specified. One might take the approach that
every utterance is an alternative to every other, but this
approach could find challenge in the body of evidence
for constraints on alternative sets, such as those provided
by lexical scales (Horn, 1989). Second, utterance cost
might plausibly be at least in part a function of its probability under some language model such as a probabilistic context-free grammar, so as to introduce speaker dispreferences for low-probability structures. However, utterance probabilities will in general be perturbed by the
speaker function of Equation (II), so that it is unclear
whether the string distribution implied by a pragmatic
speaker reasoning about a literal listener should be taken
as the distinctive prediction of an RSA model.

pearing or becoming obligatory), and if they can, what
correlation holds between phrasal onset probability and
optional function-word use at the fixed points.

Language and initial string probabilities
We consider a language (i.e., a set of strings) of the form:
X((t)Y )Z
where the variable X represents sentence-initial context,
Z represents sentence-final context, and parentheses ()
indicate optional material, so that Y represents an optional modifying phrase that, when present, can be introduced with a symbol t (see (1)–(2) for mappings of
these variables to a natural language example). Each of
X,Y ,Z are assumed to be two symbols long, and to eliminate any possibility of incremental ambiguity (whether
material midway through a sentence is part of Y or Z) we
draw their content from different symbol sets:

Distributional predictions from RSA & UID
Here I consider a simple proposal for making distributional predictions from RSA that can be incorporate utterance probabilities into the cost term. Associate with the base case—the “literal” L0 level—an initial probability distribution over strings, P0 (u). For the
speaker reasoning about L0 , who is conventionally notated as S1 , we can determine the probability distribution over strings implied by her utterance preferences by
marginalizing out intended utterance meaning: P1 (u) =
Âm PS1 (u|m)P(m). This distribution P1 will in general
be different from P0 . In considering the second pragmatic speaker, S2 , who is reasoning about L1 , we can take
P1 as the reference distribution for determining utterance
utility. We can thus obtain a sequence of distributions
P2 , P3 , and so forth by further speaker–listener–speaker
RSA iterations. Typically this sequence will converge at
a FIXED POINT. The fixed point will in general depend
on P0 , but consistent properties of the fixed points can be
taken to be distributional predictions of the model.1
In the rest of this paper, we see how this approach can
be applied by using it to surmount the levels problem
of clean-channel UID. One simply incorporates a UIDbased component into the utterance cost function, and
examines the properties of the fixed points to which the
iterated RSA model converges. These properties constitute UID’s distributional predictions.

X 2 {AA, Aa, aA, aa}
Y 2 {BB, Bb, Bb, bb}
Z 2 {CC,Cc, cC, cc}

We take the language to have no ambiguity, and all differences in string content to correspond to differences in
string meaning, with the exception that string meaning
is invariant to the presence or absence of t. The language has 144 possible strings—M=16 without the optional phrase Y , N = 64 with Y unmarked by t—and
N = 64 with Y marked by t—expressing M + N = 80
possible meanings.
We assign an initial probability distribution as follows.
Let the probability that the modifying phrase Y is present
be pY , and the probability, given that a postmodifying
phrase is present, of it being introduced by the marker t
be pt . We then stochastically generate a multinomial distribution over possible strings in the language as follows:
Stringset
Multinomial drawn from
(IV)
{XZ} ⇠(1 − pY )Dir(1, M)
{hXY Z, XtY Zi} ⇠pY Dir(1, N) ⌦ h(1 − pt ), pt i (V)

where Dir(1, K) is the uniform Dirichlet distribution over
a K-dimensional probability vector, and ⌦ the outer
product. This assignment distributes (1 − pY ) mass
among the M strings without the optional phrase Y , and
pY mass among the N string pairs containing Y . For each
string pair with the optional phrase Y , pt of its probability mass is allocated to the variant with the optional
introductory marker t, and the remainder is allocated to
the variant without the optional introductory marker. We
take pY and pt each to be uniformly distributed on [0,1].
Since we have no ambiguity, the prior on meanings m is:
(
P(XZ)
m expressible by XZ
P(m) =
P(XY Z) + P(XtY Z) m expressible by X(t)Y Z

UID fixed points: a case study
We examine the fixed points for clean-channel UID
found by RSA iteration for the case of an optional function word introducing a phrase, such as in (1)–(2) above.
The key questions are whether this type of function word
can in fact be optional at such fixed points (a priori, all
fixed points might well involve the function word disap1 Versions of this type of fixed-point analysis are seen in the
game-theoretic pragmatics literature and occasionally in RSA
papers (Smith, Goodman, & Frank, 2013; Bergen, Levy, &
Goodman, 2016), but have not previously dealt with a cost term
that is sensitive to utterance probability.
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Iterating the RSA speaker

Our initial assignment of string probabilities has the following key features:

Following frequent RSA practice, we can generalize our
model beyond one level of pragmatic reasoning, indexing our original listener and speaker as L0 and S1 respectively, and recursively considering a “pragmatic listener” Li who reasons about a pragmatic speaker Si who
reasons about a less-sophisticated listener Li−1 and so
forth, according to Equations II–III. Although PL (m|u)
will always be deterministic, the distribution over strings
P(w1...n ) implied by the pragmatic speaker’s preferences
will in general be different than the distribution used
in her cost function (Equation VI). Thus we can index
the joint and conditional distributions over strings, with
P0 (w1...n ) and P0 (wi |w1...i−1 ) the distributions under initialization, and Pj (w1...n ) and Pj (wi |w1...i−1 ) the distributions associated with the j-th level pragmatic speaker.
We can then investigate the behavior of this distribution
under repeated iteration (which never changes the prior
over meanings, P(m)) to a fixed point.

• the probability that Y will appear after X is contextdependent, varying with the contents of X;
• when Y appears, there is probabilistic dependence between its internal contents and the contents of its preceding context X and following content Y ;
• crucially, however, given that Y appears, the presence
of the optional marker t is conditionally independent
of all other properties of the string.
This small-scale setup could be generalized in the future
to include larger and more variable languages, varying in
size, string length, and optional phrase position.

RSA speaker with UID cost function
Given a probability distribution over the stringset, we
model the behavior of an RSA speaker in the choice
problem for every hXY Z, XtY Zi string pair: given that
the speaker wants to convey a meaning expressed by the
strings in the pair, what will be her preferences over each
of the two possible strings? In RSA, speaker S determines her utterance preferences by balancing the effectiveness of each utterance u in guiding listener L to the
intended meaning m with utterance cost (Equation II).
Since we assumed no ambiguity, PL (m|u) is simply 1 if u
is compatible with m and 0 otherwise. This allows us to
decompose the collection of speaker choices to a set of
N distributions among hXY Z, XtY Zi pairs:

Fixed-point analysis
A fixed point will have two key properties of interest to
us. First is the marginal frequency of the marker t, which
occurred at some non-zero rate in the initial distribution.
In the fixed point, t may have disappeared, it may have
become obligatory, or it may have remained optional. We
can refer to this third possibility as STABLE OPTIONAL ITY . In cases of stable optionality, we are interested in
the relationship between the PHRASE ONSET PROBABIL ITY of Y for any particular context X and the conditional
probability of the marker t given that context’s phrase
onset probability. The UID intuition is that the greater
the phrase onset probability, the less useful t is, and so
phrase onset probability should be negatively correlated
with t-rate. The two are by design uncorrelated in the
initial distribution—are they correlated as predicted by
UID in the fixed point?

PS (u|m) µ exp [aC(u)]
Following UID principles, we include two components
in the cost function: peaks and troughs in information
density are costly, and long strings are costly. If an utterance u is comprised of the symbol sequence w1...n , then
for parameters k ≥ 1 and c ≥ 0 we define:
n

C(w1...n ) = Â [− log P(wi |w1...i−1 )]k + cn

(VI)

Although the RSA equations are deterministic, the
fixed point we reach will depend on the stochastic assignment of initial probabilities to the string set (Equations (IV)–(V)) and to the UID and RSA parameters k,
c, and a. (In future work, stochasticity might be introduced directly into the output of each RSA iteration, to
assess fixed-point stability in the face of extrinsic noise.)
Through repeated simulation, we can investigate the distribution of t marginal frequencies, and the correlation
between phrase onset probability and t-rate, as a function
of these parameters. Here, we investigate through Monte
Carlo simulation behavior for k 2 [1, 2] and c 2 [0, 2]. We
leave a = 1, though note that high values of a will promote more categorical t-use.

i=1

where larger values of k more heavily penalize nonuniformity of information density throughout the string,
and larger values of c more heavily penalize longer
strings. An objective function of this form was originally considered by Levy (2005, Equation 2.24) and the
first term in the summand was analyzed in Levy and
Jaeger (2007); as described on page 2, for any fixed joint
probability P(w1...n ) to be distributed over a string, when
k > 1 this objective is optimized when all conditional
word probabilities are equal. We take P(wi |w1...i−1 ) to
be the true (unsmoothed) distribution implied by the full
joint distribution over strings.

687

stable
optionality
rate

1.5

0.15

1.0

0.10
0.05

0.5

Probability density

String length cost parameter c

3

2.0

2

1

0.00
0.0
1.0

1.2

1.4

1.6

1.8

0

2.0

0.00

Nonuniformity penalization parameter k

0.25

0.50

0.75

1.00

Marginal frequency of optional marker t

Figure 1: Rate of stable optionality as a function of UID
parameter k and utterance-length cost parameter c

Figure 2: Distribution of marginal frequency of optional
phrase marker t in cases of stable optionality

Results

than marginal probabilities near 0, a new generalization
that could be tested against known cases of optional function word omission.
Finally, and most crucially, Figure 3 shows the distribution of correlation coefficients between the probabilities of (i) onset of the optional phrase Y given a particular context X, and (ii) the probability that t will be
used given X and that the optional phrase Y appears. In
the overwhelming majority of fixed points with stable
optionality, onset probability and t-rate are negatively
correlated—despite the fact that phrase onset probability and t-rate were by design conditionally independent
upon initialization.

I take a fixed point to have been reached when both t
marginal frequency and the Pearson correlation between
phrase onset probability and t-rate have intergenerational
change less than a tolerance level of 0.001.2 Results reported here reflect 3.8 million Monte Carlo replicates.3
In the special case where k = 1, c = 0, the j-level
RSA pragmatic speaker perfectly replicates the j − 1level string probabilities, so the initial probabilities are
never perturbed and we always have stable optionality. For other cases, Figure 1 shows the rate of stable optionality—operationalized here as a t marginal frequency in the range (0.001, 0.999)—as a function of k
and c. When k = 1, UID plays no role in the cost function
and t always disappears. But stable optionality emerges
for a range of k, c combinations, most frequently around
the region of c ⇡ 2(k − 1). When stable optionality does
not obtain, t is more likely to disappear when c is higher,
and more likely to become obligatory when c is lower
(not depicted).
Figure 2 shows the distribution of the marginal probability of t in cases when stable optionality is reached.
This distribution is quite different from the uniform initializing distribution over t rate. In cases of stable optionality, marginal probabilities for t near 1 are less likely

General Discussion
This paper has identified an intrinsic challenge in making typological predictions regarding language from theories of communicative efficiency that are probabilistic
and whose efficiency metrics thus themselves depend on
distributional properties. Although one might be concerned that this enterprise runs the risk of circularity,
we have seen that circularity can be escaped if a Rational Speech Act speaker model is adopted and iterations
of pragmatic inference determine a sequence of probability distributions over the strings in the language. In
this setting, characteristics of fixed points to which these
sequences converge constitute the distributional predictions of a theory of communicative efficiency. In this setting we can incorporate a Uniform Information Densitybased utterance-cost structure. The resulting fixed points
for the case of optional function word omission broadly
share characteristics that have previously been argued to
be predicted by UID and that are observed empirically.
The approach presented here is broadly applicable

2 If a fixed point had not been reached according to this criterion after 100 generations, I take the outcome at the 100th generation as the result. These cases occurred exclusively in two
circumstances: (1) under certain initial conditions with k ⇡ 1
and c ⇡ 0, when change is extremely slow; or more commonly
(2) when t-rate dropped to essentially zero but the correlation
with phrase onset probability was changing at a rate greater
than the tolerance level. The presence of neither of these cases
materially affects the general conclusions of these simulations.
3 Code to reproduce the results reported here is available at
https://github.com/rlevy/uid-rsa-cogsci2018.
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the probabilities of (i) onset of the optional phrase Y , and
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and in future work could be applied to a wider variety
of speaker choice problems and assumptions regarding
utterance cost structures, including clean-channel UID,
noisy-channel UID, and beyond. Finally: although the
speaker—listener—speaker iterative process leading to
the fixed points was presented here in terms of levels of
pragmatic reasoning, it could equally be interpreted as
representing intergenerational change in language transmission arising from differential communicative success
or acquisition of different utterance variants, avoiding the
need to appeal to many levels of theory of mind on the
part of speakers and listeners.
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Abstract
Determining the correct form of a verb in context requires an
understanding of the syntactic structure of the sentence. Recurrent neural networks have been shown to perform this task
with an error rate comparable to humans, despite the fact that
they are not designed with explicit syntactic representations.
To examine the extent to which the syntactic representations
of these networks are similar to those used by humans when
processing sentences, we compare the detailed pattern of errors that RNNs and humans make on this task. Despite significant similarities (attraction errors, asymmetry between singular and plural subjects), the error patterns differed in important
ways. In particular, in complex sentences with relative clauses
error rates increased in RNNs but decreased in humans. Furthermore, RNNs showed a cumulative effect of attractors but
humans did not. We conclude that at least in some respects the
syntactic representations acquired by RNNs are fundamentally
different from those used by humans.
Keywords: Psycholinguistics; syntax; recurrent neural networks; agreement attraction

Figure 1: RNN error rates on verb number prediction as a
function of the number of attractors, from Linzen et al. (2016)
(the majority class baseline always predicts a singular verb,
with 68% accuracy).
pre-existing structural representations. These models must
treat language learning as any other sequence learning problem; appropriate syntactic representations may emerge in
these networks through mere exposure to sentences. Proofof-concept work examining whether such representations do
in fact emerge was initially conducted on small synthetic languages (Elman, 1991). Recent technological advances have
made it possible to revisit this question using larger networks
trained on realistic corpora. Linzen, Dupoux, and Goldberg
(2016) trained RNNs to predict whether an upcoming verb
should be singular or plural based on the words leading up to
the verb (the preamble). The RNNs were trained on a large
sample of sentences from Wikipedia, for example:1

Introduction
Syntactic dependencies between words are most naturally expressed in terms of a structural representation of the sentence
(Everaert, Huybregts, Chomsky, Berwick, & Bolhuis, 2015).
The form of an English verb, for example, often depends on
whether its subject is singular or plural. It is straightforward
to identify the subject of a particular verb given a structural
description of the sentence, but far from clear how to do so
based only on the sequence of words. In particular, the subject is not necessarily the most recent noun preceding the
verb; to determine the form of the verb in sentences such as
the key to the cabinets is on the table, it is necessary to ignore the linear proximity of cabinets and reach back to the
structurally relevant key:

(1)

S

D

NN

The RNNs generalized this task well to new sentences:
overall, they made an error in less than 1% of the cases. Error rates increased in sentences with attractors, words of the
opposite number from the subject that intervene between the
subject and the verb, such as men in (1). Yet even in sentences
with up to four attractors, RNNs performed better than simple
baselines (Figure 1).
While the RNNs’ degraded performance on sentences with
attractors suggests that syntactic processing in RNNs is imperfect, it is not immediately clear that they differ from humans in this respect. It has long been known anecdotally that

VP

NP
PP

The key to

NP
the

VB

PP

is

on the table

Yet the ratio of men who survive to the women and
children who survive is [not clear in this story.]

NNS
cabinets

Models of human syntactic knowledge often include such
explicit structural representations; aspects of these representations are often argued to be innate. By contrast, recurrent neural networks (RNNs) are not constructed with such

1 The only training signal was the number of the verb; the networks were not presented with the identity of the verb or with the
continuation of the sentence after the verb, given here in brackets.
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Modifier type

Subject number

Local noun match

Preamble

PP
PP
PP
PP
RC
RC
RC
RC

Singular
Singular
Plural
Plural
Singular
Singular
Plural
Plural

Match
Mismatch
Match
Mismatch
Match
Mismatch
Match
Mismatch

The demo tape from the popular rock singer
The demo tape from the popular rock singers
The demo tapes from the popular rock singers
The demo tapes from the popular rock singer
The demo tape that promoted the rock singer
The demo tape that promoted the rock singers
The demo tapes that promoted the rock singers
The demo tapes that promoted the rock singer

Table 1: Materials of Experiment 1 (Bock & Cutting, 1992).
humans make occasional agreement errors. The first to investigate this phenomenon systematically were Bock and Miller
(1991). Their participants listened to preambles (e.g., the key
to the cabinets...), and were asked to repeat those preambles
and complete the sentence as they saw fit. This paradigm
successfully elicited agreement errors; in particular, like the
RNNs evaluated by Linzen et al. (2016), humans made many
more agreement errors when the preamble contained an attractor. This raises the possibility that the syntactic representations that emerge in RNNs are similar to those used by
humans to process language.
The goal of this paper is to carry out a detailed comparison
between the agreement errors made by humans and RNNs.
We focus on two factors: first, the type of syntactic structure
that contains the attractor; and second, the structural position
of the attractor. Our starting point is the comparison between
the following sentence types (Bock & Cutting, 1992):
(2)

Prepositional phrase (PP):
The demo tape from the popular rock singers...

(3)

Relative clause (RC):
The demo tape that promoted the rock singers...

an additional set of materials, we demonstrate that the RNNs’
increased difficulty with RCs is due to a faulty heuristic they
learn, whereby RCs are assumed to be short.2

Experiment 1
Bock and Cutting (1992) had participants produce a sentence
beginning with the preamble they heard. Following Staub
(2009), we simplify this paradigm: our participants read the
preamble and made a forced choice between a singular and
a plural verb (specifically, is and are). We experiment with
three variants of this methodology, designed to put participants under different degrees of time pressure. The hypothesis we had in mind was that under time pressure humans
would be more likely to resort to suboptimal sequential strategies and produce errors similar to those produced by RNNs.
The three paradigms were as follows. In the RSVP
paradigm, the words were displayed one by one in the center
of the screen: each word was presented for 250 ms, followed
by a blank screen displayed for 150 ms. The participants were
then given 1500 ms to choose between the verbs is and are
(presented in random order). In the SPR (self-paced reading)
paradigm, the sentences were revealed word by word. Participants controlled the rate at which the words were revealed.
As a word was revealed, previous words were replaced with
strings of dashes. Participants assigned to this paradigm were
again given 1500 ms to choose between is and are after the
end of the sentence. Finally, in the Untimed paradigm, the
full sentence and the two response options were revealed at
the same time; participants were allowed to take as much as
time they wished to make their choice.
Each participant in the experiment responded to 32 critical
items and 56 filler items, for a total of 88 preambles. The
critical items, in eight conditions, were drawn from Bock and
Cutting (1992) (see Table 1). We created the filler items ourselves since those were not provided in the original paper.
We recruited 384 participants (128 in each of the three
paradigms) on Prolific.3 All participants were required to
pass the platform’s qualification for native English competence. We excluded participants who gave incorrect responses

Even though relative clauses are syntactically more complex
than prepositional phrases, Bock and Cutting (1992) found
that attraction errors were somewhat less common when the
attractor was inside a relative clause, as in (3), than when it
was in a prepositional phrase, as in (2). This finding has been
taken to provide evidence for hierarchical representations in
human sentence processing: the greater amount of abstract
structure surrounding the relative clause insulates the subject
from interference from nouns inside the clause.
This paper is structured as follows. Experiment 1 is a
conceptual replication of Bock and Cutting (1992) using a
paradigm comparable to the one on which RNNs can be easily tested. Comparing the results of Experiment 1 to a simulation using RNNs, we found significant qualitative similarities between the errors made by humans and RNNs; crucially, however, RNNs made many more errors in relative
clauses than prepositional phrases, unlike humans. Experiment 2 found that RNN show a cumulative effect of multiple
attractors whereas humans are only sensitive to the attractor
nearest the subject. Using the materials of Experiment 2 and

2 The
code and materials necessary to recreate
the results in this paper will be made available at
https://github.com/jhupsycholing/RNNvsHumanSyntax.
3 http://prolific.ac
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Figure 2: (a) Human agreement errors in Experiment 1. Error bars represent bootstrapped 95% confidence intervals. (b) RNN
predictions for the same materials. Error bars represent standard errors (across the 20 models in each category).
to more than 20% of the fillers (Unspeeded: n = 4; SPR:
n = 4; RSVP: n = 15).
The results are shown in Figure 2a. The qualitative pattern of results was very similar across the three paradigms,
with a moderate reduction in error rates across the board in
the Unspeeded paradigm. In all three experiments, participants made more errors when the local noun differed in number from the subject, the signature agreement attraction effect
(p < .001; analyses performed using logistic mixed-effects
models). We next examined the interactions with this attraction effect. Attraction errors were more common when the
subject was singular (p < .001), although they were consistently produced with plural subjects as well (p < .01 within
plural subjects in all three experiments). Attraction errors
were significantly more frequent with PP than RC modifiers
in the SPR experiment (p = .02) but not in the Unspeeded and
RSVP experiments (Unspeeded: p = .5; RSVP: p = .3).
Finally, we combined the results of all three experiments,
and focused in particular on sentences with a singular subject
and a plural local noun, in which agreement attraction errors
were most frequent. In this subset of the data, the effect of experiment was significant (p = .02), reflecting the somewhat
lower proportion of errors in the Unspeeded paradigm. Errors were overall more likely after PPs than RCs (p = .02).
The two factors did not interact (p = .54). Our data therefore
does not provide evidence that greater time pressure makes
the processing of complex sentences more error prone.

sentences without attractors (Match sentences); we will not
attempt to capture these errors, which are likely due to lapses
in attention. The qualitative patterns from the human experiments that we would like to compare to RNNs are:
1. Attraction: Errors are more likely in the presence of an
attractor.
2. Number asymmetry: Errors are more likely when the
subject is singular and the attractor is plural than the other
way around.
3. Relative clause advantage: Errors are somewhat more
likely when the attractor is in a prepositional phrase than
when it is in a relative clause.

Simulation of Experiment 1
Model training: We trained RNNs in a supervised way to
predict the number of an upcoming verb, broadly following
the protocol of Linzen et al. (2016).4 The corpus was extracted from the English Wikipedia, and the sentences were
automatically parsed. We extracted sentences with presenttense third person verbs, the only context in which English
verbs agree with their subjects. Dependencies in which the
subject and the verb did not agree in number were excluded
from consideration; such dependencies reflected either parse
errors or agreement errors on the part of Wikipedia editors.
We randomly selected one of the verbs in the sentence, and
4 RNNs perform somewhat worse when trained on word prediction (as “language models”), without specific supervision on verb
number prediction (Linzen et al., 2016), though in recent work
they have been able to perform fairly well even in such a setting
(Gulordava, Bojanovski, Grave, Linzen, & Baroni, 2018). We do
not explore the word prediction training regimen here.

Human findings to be modeled: Since there was no qualitative effect of time pressure, we will not attempt to model
this factor in our simulations. Likewise, humans made agreement errors some fraction of the time (around 7%) even in
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created a preamble by deleting all of the words from the verb
on. The training corpus had about 1.27 million preambles in
total. We set aside an additional 142000 preambles as a validation set.
Each word of the preamble was encoded as a distributed
representation (word embedding) and fed into an RNN with
a single layer of long short-term memory (LSTM) units. The
model did not have access to the characters that made up the
word: the morphological relationship between table and tables was not indicated. The number of the verb was predicted
from the final state of the RNN, after it has processed all of
the words of the preamble. The distributed representations
of the words and the weights of the recurrent layer and output layer were trained jointly. We trained smaller models, in
which the recurrent layer had 50 units (as in Linzen et al.,
2016), as well as larger models in which it had 1000 units.
Word representations were 50-dimensional in both cases.5

dimensional) or 24% (1000-dimensional). The qualitative
pattern of errors was identical between the 50-dimensional
and 1000-dimensional models, with a slightly lower error rate
for the 1000-dimensional models. This suggests that the 50dimensional models evaluated by Linzen et al. (2016) were
large enough to capture the qualitative pattern.7

Experiment 2
We now turn to cumulative attraction. RNNs make more errors when there are two attractors than when there is one
(Figure 1). Previous human studies have not directly compared sentences with one intervening noun to sentences with
two. The most relevant previous work examined sentences
with two intervening prepositional phrases and manipulated
the number (singular or plural) of the nouns in those phrases,
e.g., the threat to the president(s) of the compan(ies) (Franck,
Vigliocco, & Nicol, 2002). Franck et al. did not find a cumulative attraction effect. Perhaps surprisingly, the word closer
to the subject (presidents) was a more effective attractor than
the word closer to the verb (companies).
We adopted a different approach: instead of having two
PPs as in Franck et al. (2002), we used a relative clause with
a PP embedded in it, e.g., The bird that ate the worm(s) near
the tree(s). This made it possible to vary the number of intervening nouns, attractors or not, by replacing the first noun
phrase (the worm) with an adverb (quickly).
We constructed 36 critical items in six conditions and 76
filler items. Given that agreement attraction errors are much
more likely with singular subjects, we limited ourselves to
this configuration. We recruited 144 participants on Prolific,
as before. We excluded 22 participants because their accuracy
on the fillers was lower than 80%. We used the self-paced
reading paradigm of Experiment 1.
Figure 3a shows the results of Experiment 2. Agreement
errors were overall less frequent than in Experiment 1: even
with two plural attractors, the average error rate was 12.7%,
compared to 22.6% in the singular mismatch RC condition of
Experiment 2. We do not have a definite explanation for this
difference; one possible reason is that the words we used in
Experiment 2 were more frequent than in Experiment 1.
The main determinant of error rates was the presence of
a plural attractor at the beginning of the RC (that ate the
worms). There was no evidence of a cumulative attraction effect: the worms was as strong an attractor as the worms near
the trees. In fact, the number of the second noun (tree/trees)
did not significantly affect error rates in any of the cases, in
line with the finding that attraction in humans is not primarily
caused by linear proximity to the verb (Franck et al., 2002).

Results: Five of the 32 items showed error rates exceeding
20% across conditions, including the Match conditions. An
examination of these items indicated that the unusual number of errors in these preambles was due to the presence of
low frequency words.6 This suggests that the number representations that the network acquired for these words were not
sufficiently robust; we excluded these five items from further
consideration.
Figure 2b shows the error patterns on the remaining items.
The networks did not make any errors in preambles in which
the subject and the local noun had the same number. This
suggests that the RNNs learned to perform the task well and
acquired appropriate representations of the number of the relevant words. Two aspects of the networks’ error patterns are
consistent with the human data: first, agreement errors were
more common when the local noun did not match the subject in number; and second, these attraction errors were more
likely when the subject was singular and the local noun plural
than the other way around. Unlike humans, errors were much
more likely when the attractor was embedded inside a relative
clause; recall that the participants in Experiment 1 showed a
moderate tendency in the opposite direction.
Aside from this discrepancy, the general performance of
the networks was very good: even in the condition in
which performance was poorest, the error rate was 30% (505 We trained 20 models of each size with different random initializations and report average performance. Optimization was performed using Adam. Training was stopped after an epoch in which
the error on the validation set did not decrease (three epochs on average). We learned representations only for the 50000 most frequent
words in the corpus (empirically, about 8 occurrences per million
words or higher); less frequent words were replaced with their parts
of speech (e.g., “adverb”).
6 When we sorted the items by the frequency of the subject or the
attractor (the less frequent of the two), four of these five preambles
were at the bottom of the list. The last outlier preamble (the rulers
of the roman city - states) did not have low frequency words. We
conjecture that the unusually high error rate on this item was due to
the presence of a hyphen, which may have been misinterpreted by
the networks as introducing a parenthetical clause.

Simulation of Experiment 2
We extracted the predictions of our 1000-dimensional neural
networks for materials based on Experiment 2 (see Footnote 8
7 In preliminary experiments, intermediate values for the size of
the hidden layer (100, 250 and 500 units) did not lead to qualitatively
different results.
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Figure 3: (a) Human agreement errors in Experiment 2. Error bars represent bootstrapped 95% confidence intervals. (b) RNN
predictions for similar materials (top panel) and for the reversed version of the materials (bottom panel). Error bars represent
standard errors (across the 20 models with a 1000-dimensional hidden layer).
below). The results are shown in the top panel of Figure 3b.
There were very few attraction errors when there was exactly
one attractor and it was inside the PP (near the trees), confirming that the RNNs were able to ignore nouns embedded
in a PP. Errors increased when the noun directly following the
beginning of the RC was an attractor (that ate the worms).
There was a cumulative attraction effect, with higher error
rates when both nouns were plural.
Overall, the error rate was lower than in the corresponding conditions in Experiment 1. One possible explanation
for this result is that the RC attractor in the current experiment is further from the verb than in Experiment 1. Linzen et
al. (2016) present evidence that RNNs use the plausible but
flawed heuristic that RCs are usually short. If that is indeed
the case, the RNNs may have concluded that the RC was over
by the time they needed to make the prediction, and accordingly were better able to disregard the RC attractor.
To test this hypothesis, we constructed reversed versions
of the materials (e.g., the bird near the trees that eats the
worms). To ensure that the sentences in the reversed condition were well-formed, we made certain minor changes to
the materials of Experiment 2.8 If the RNNs are relying on
the short RC heuristic, we expect this reversal to increase the
interference from the relative clause. Consistent with this expectation, the reversed sentences had more than double the
error rate of the original ones. In contrast with humans, the
attractor inside the PP was successfully ignored, even though
it was closer to the subject. In other words, in RC-first sen-

tences RNNs were similar to humans, but for the wrong reason: those sentences confounded proximity to the subject (the
reason for human errors) with the presence of an attractor inside an RC modifier (the reason for RNN errors).

An examination of the short RC heuristic
As another test of the hypothesis that our RNNs were relying
on the heuristic that RCs tend to be short, we created a new
set of materials:
Short:
Medium:
Long:

The lion that the tigers (ate)
The lion that the hungry tigers (ate)
The lion that the extremely hungry tigers (ate)

We probed the predictions of the network before and after ate. In contrast with PPs, where the noun following the
preposition can be safely ignored for the purpose of predicting agreement, sentences with RCs require attention to structure. Specifically, before ate the verb should be plural, in
agreement with the embedded subject tigers. By contrast,
since the verb ate signals the end of the embedded clause,
the verb that follows it should be singular, in agreement with
the main clause subject lion. This makes it impossible for the
network to simply ignore the first noun after that. Figure 4
shows that the errors on these materials are consistent with
the RC length heuristic. In the RC-external prediction point
(after ate), interference from the attractor decreases as the RC
becomes longer. In the RC-internal condition (before ate), the
RNN increasingly reverts (incorrectly) to the main subject to
make its prediction, even though the embedded subject tigers
is always immediately before the prediction point.

8 Typically, this involved changing the preposition (e.g., The captain that steered the ship through the storm was changed into The
captain that steered the ship in the storm).
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Inside RC

system can emerges naturally in an RNN, perhaps because
of the higher frequency of singular nouns in the language or
due to frequency imbalances in noun number across syntactic
constructions (Haskell, Thornton, & MacDonald, 2010). In
future work, these hypotheses can be tested by artificially manipulating the relative frequency of singular and plural nouns
in various constructions in the training corpus.
There are at least two ways in which neural networks can
be encouraged to make less errors on syntactically complex
sentences. One way is by providing explicit syntactic annotations during training: the network is asked to predict not only
the number of the verb but the entire structure of the sentence.
In other work, we have shown that such a syntactic supervision signal can reduce agreement errors in sentences with
relative clauses (Enguehard, Goldberg, & Linzen, 2017). Another way is to introduce stronger syntactic inductive biases
into the architecture of the network. Crucially, RNNs made
less errors than humans in PPs; it remains to be seen if the
modifications proposed in this paragraph would result in an
increase in agreement errors with PPs.

Outside RC

Error rate

30%

20%

10%

0%
Short

Medium

Long

Short

Medium

Long

Figure 4: Effect of relative clause length on error rate in predicting the number of the embedded verb (inside RC) and
main verb (outside RC).

Discussion
Recurrent neural networks (RNNs) can be trained to predict
with significant success whether a verb should be singular or
plural, a challenging syntactic task thought to require structural representations. RNNs do make errors on this task, but
so do humans. The experiments presented in this papers examined to what extent the detailed pattern of errors made by
RNNs matches the errors made by humans.
While there were important similarities between RNNs and
humans, which we discuss below, the error patterns differed
in crucial ways. The RNNs were much more likely to make
errors in sentences with relative clauses than in sentences
without them, whereas the humans showed a small difference
in the opposite direction (Experiment 1). Furthermore, errors
in RNNs were affected by the proximity of the attractor to the
verb rather than to the subject as in humans (Experiment 2).
These findings suggest that the syntactic representations acquired by RNNs differ from those used by humans in sentence processing. In particular, RNNs are unable to detect the
end of relative clauses in a categorical fashion; instead, they
rely on a gradient heuristic whereby relative clauses are expected to be short, such that nouns that are further from the
relativizer that are less likely to be the embedded subject.
Both RNNs and humans made many more errors when the
irrelevant noun had a different number from the subject than
when it had the same number. This is unsurprising: if anything, an intervening noun with the same number as the subject should increase the probability of a correct verb number
prediction. Another similarity between the RNNs and the human subjects is more noteworthy: in both cases, attraction
errors were more likely when the subject was singular and
the attractor plural than the other way around. Accounts of
this asymmetry in humans have posited a semantic feature
carried by plural nouns that can “percolate” up to the subject; singular nouns are assumed not to have such a feature,
since singular is the unmarked number.9 The fact that this
asymmetry was replicated in RNNs suggests that this feature
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participants are more likely to select when given the option
to reveal a subset of answers.
In our second study, we distinguish NFE from general
curiosity and test several accounts of the need for
explanation. These accounts are drawn from prior work on
need for explanation within philosophy, on psychological
accounts of attribution and curiosity, and from prior work on
explanation and learning. Before turning to our studies, we
review these accounts below.

Abstract
Much of human learning throughout the lifespan is achieved
through seeking and generating explanations. However, very
little is known about what triggers a learner to seek an
explanation. In two studies, we investigate what makes a given
event or phenomenon stand in need of explanation. In Study 1,
we show that a learner’s judgment of “need for explanation”
for a given question predicts that learner’s likelihood of
seeking an answer to this question. In Study 2, we explore
several potential predictors of need for explanation. We find
that the need for explanation is greater for questions expected
to have useful answers that require expert understanding, and
that “need for explanation” can be differentiated from general
curiosity.

Potential Determinants of NFE
Only two theoretical proposals, both within philosophy, have
directly addressed need for explanation. Grimm (2008)
suggests that an event stands in need of explanation to the
extent that there is a relevant alternative way the world could
have been. He poses this theory by considering the contrast
between fact – what actually occurred – and foil – what could
have occurred instead. Need for explanation is determined by
the salience of this contrast, and an explanation satisfies this
need if it identifies what made a difference to the occurrence
of the fact as opposed to the foil. Elements of this proposal
are echoed by Bruckmüller, Hegarty, Teigen, Boehm, and
Luminet (2017), who consider what makes a historical event
stand in need of explanation. Among other factors, they
suggest that an event is judged by its departure from
background event norms, and that events that are more
different from these norms tend to demand explanation.
Wong and Yudell (2015) offer an alternative to Grimm’s
“fact-and-foil” account, which they call the “map” account.
They suggest that an event stands in need of explanation to
the extent that the event does not fit one’s theory (or map) of
the world. The map account is best illustrated by example:
imagine that a colleague wins the lottery exactly one day after
he received a fortune cookie stating that he would win the
lottery the next day. In this example, the event stands in need
of explanation because it does not fit our map of prediction
in this domain: according to this map, fortune-telling
provides generally unreliable predictions because it is not
based on real-world causal relations.
While Wong and Yudell (2015) pose their account as
normative rather than descriptive, their motivating idea is
supported by several related bodies of research in
psychology. For example, there is evidence that explanation
is linked to surprise1 or violation of expectation. Young
children choose to generate explanations for events that are

Keywords: explanation; curiosity; information search

Why does the moon cause tides? Why do continents move?
Why does yawning affect our ears? Much of human learning,
from childhood through adulthood, is achieved by asking
questions. Children begin to ask information-seeking
questions before the age of two, and they ask increasingly
more explanation-seeking questions between the ages of two
and three (Chouinard, Harris, & Maratsos, 2007; Hickling &
Wellman, 2001). Explanation remains an important learning
mechanism throughout development: children ages two to six
use self-generated explanations to guide their exploration
(Legare, 2012), and adults use explanatory principles to guide
their inferences (Lombrozo, 2016).
Despite the importance of explanation to learning and
inference throughout the lifespan, very little research has
attempted to identify what triggers explanation search in the
first place. This could be because explanation-seeking
behavior, by its very nature, is difficult to capture in the lab:
research has typically relied on a small number of
observations “in the wild” or on highly artificial contexts in
the lab. The present research circumvents this challenge by
drawing upon a novel source of data: large-scale online
databases of user-generated questions that allow us to better
capture explanation search in the course of everyday life.
Following Grimm (2008) and Wong and Yudell (2015), we
propose that explanation-seeking behavior is triggered by
need for explanation (NFE), the sense that a given event,
phenomenon, or claim demands an explanation. In our first
study below, we show that people’s judgments of NFE indeed
predict their explanation-seeking behavior: the questions that
generate high ratings of need for explanation are those that
1
Grimm (2008) and Wong and Yudell (2015) are quick to reject
surprise as an adequate determinant of need for explanation.
However, they take surprising events to be merely low probability
events, while we are open to more complex psychological accounts

of surprise, such as that proposed by Foster and Keane (2015). These
accounts of surprise are more similar to Wong and Yudell’s map
account than to basic low probability accounts.
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inconsistent with their hypotheses (Legare, Gelman, &
Wellman, 2010). Additionally, research on spontaneous
attribution finds that people often explain surprising
outcomes, as well as outcomes with negative valence
(Weiner, 1985). Foster and Keane (2015) demonstrate that
judgments of surprise are related to the extent to which an
event cannot be easily explained, again demonstrating a
strong link between surprise and explanation.
Several other possible determinants of need for explanation
can be derived from related literatures. A growing body of
research shows that explanations are generated and evaluated
by the extent to which they adhere to principles like
simplicity (Bonawitz & Lombrozo, 2012; Lombrozo, 2007;
Pacer & Lombrozo, 2017) and breadth (Johnson, Johnston,
Toig, & Keil, 2014; Preston & Epley, 2005). If explanationseeking processes are well calibrated to these explanatory
preferences, need for explanation could be triggered when
one believes that a simple or broad explanation is likely to be
available. Similarly, we might consider the function of
explanation, as need for explanation could be triggered when
this function is likely to be realized. One plausible function
of explanation is to drive learning and increase understanding
(Gopnik, 2000; Lombrozo, 2006, 2016). If this is the case,
NFE could arise when one detects that there is something to
be learned from an event or phenomenon.
Another proposal can be derived by considering the
process of explanation search. Often, questions seem to be
directed towards those with relevant expertise: we ask
doctors about medical treatment, and chefs about food. This
pattern of explanation search aligns with the idea of a division
of cognitive labor (e.g., Keil, 2003; Keil, Stein, Webb,
Billings, & Rozenblit, 2008; Lutz & Keil, 2002): knowledge
is clustered in other minds, so we must be able to track which
people have expertise in which areas. If explanation-seeking
processes are sensitive to this division of cognitive labor,
need for explanation could be triggered when expertise in
some area is needed to answer a given question.
Finally, NFE seems to be strongly linked to curiosity,
though not all curiosity is directed towards the acquisition of
explanations (e.g., Berlyne & Borsa, 1968; Nicki, 1970). If
this is the case, we might expect that the determinants of
curiosity could also be determinants of NFE. While several
theories of curiosity have been proposed, there is currently no
consensus as to what constitutes curiosity (Kidd & Hayden,
2015). Loewenstein (1994) proposed the well-known
“information gap” account of curiosity: one’s curiosity is
piqued when there is a modest amount of information that can
be gained. Other classic proposals emphasize how novelty
can invoke curiosity – both in non-human animals (e.g.,
Pavlov, 1927) and in young children (e.g., Smock & Holt,
1962). Finally, a recent proposal (Dubey & Griffiths, 2017)
unites these two perspectives, arguing that curiosity functions
to increase the value of an agent’s current knowledge. An
agent should thus direct their curiosity towards phenomena
with maximal future utility. While these theories of curiosity
still remain up for debate, each of the factors highlighted
above could affect need for explanation.

Present Research
In the present research, we first verify that need for
explanation predicts actual explanation-seeking. If this is the
case, we would expect people to preferentially search for
answers to questions that they also judge to be most in need
of explanation.
Second, we evaluate the accounts of need for explanation
previously described: fact-and-foil, map mismatch, surprise,
negative valence, simplicity/breadth, anticipated learning,
expertise, information gap, novelty, and future utility. We
also confirm that NFE and curiosity are related but distinct
constructs, by demonstrating that these potential
determinants differentially predict NFE and curiosity.

Study 1
In Study 1, we investigate whether people’s judgments of
need for explanation (NFE) predict their search for
explanations. To do this, we present participants with several
questions and ask them to rate each question on the extent to
which it demands an explanation. Subsequently, participants
are asked to select the questions for which they would most
like to receive an explanation. Verifying the link between
need for explanation and explanation search is critical if we
hope to derive general conclusions about explanation-based
learning.

Method
Participants Participants in Study 1 were 72 adults
recruited from Amazon Mechanical Turk (38 male, 34
female, ages 19-69, M = 37). Participation was restricted to
MTurk workers with IP addresses in the United States, who
had completed at least 50 HITs with a minimum approval
rating of 95%. Eight additional participants completed the
study but were excluded from analyses due to failure to pass
an attention check (described below).
Materials Thirty “why” questions were sampled from the
Reddit
Explain
Like
I’m
Five
webpage
(www.reddit.com/r/explainlikeimfive). On this page, Reddit
users submit questions and other users provide easy-tounderstand explanations. The 30 questions were edited
lightly for grammar and readability. Sample questions
include: “Why are most pencils painted yellow? Why not a
different color?”; “Why do ice cubes crackle when liquid is
poured on them?”; and “Why does the bowl always get hotter
than the food in the microwave?” For each question, we
selected an answer provided by another user on the basis of
its succinctness and accuracy; these were also edited lightly
for grammar and readability.
Procedure Each participant saw eight questions, randomly
selected from the 30 questions described above. For each
question, participants were asked to rate the extent to which
the question demands an explanation on a 7-point scale, with
the endpoints marked “definitely does not demand an
explanation” and “definitely demands an explanation.” In a
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separate block, participants were also asked to rate the extent
to which they accepted the premise of each question (“Please
rate your agreement with the following: that ice cubes crackle
when liquid is poured on them”) and the extent to which they
believed they knew the answer to the question (“How
confident are you that you know the answer to this
question?”). These two measures were included as controls,
to ensure that any effect of NFE on explanation search could
not be accounted for by acceptance of the premise or by
perceived knowledge. These two blocks (NFE and control
measures) were presented in a random order.
After completing these ratings, participants completed a
short distractor task, which involved performing simple
arithmetic problems. This task doubled as an attention check,
as the task required participants to pay attention and
remember what they had seen previously. Participants who
made more than two errors were excluded.
After the distractor task, participants were presented with
the eight explanations they had rated, and were asked to select
three questions that they wanted answered. This was the
primary dependent variable of interest.
Finally, participants read the explanations to the three
questions they selected and completed a satisfaction rating
after each. This ensured that they remained engaged and did
not exit the survey prematurely. After reading the three
explanations, participants provided their age and gender.
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Figure 1: Study 1 NFE judgments, plotted according to
whether the question was later selected to be answered.

Study 2
In Study 2, we test potential determinants of NFE judgments.
To do so, we present participants with several questions, for
which they judge NFE and additionally complete ratings
related to the hypotheses outlined in the introduction. We can
then evaluate which ratings best predict judgments of NFE.
We also clarify the relationship between NFE and
curiosity. One possibility is that NFE and curiosity are
effectively equivalent, at least in the context of our task. A
second possibility is that NFE is a sub-type of general
curiosity: it is the “explanation-seeking” flavor of curiosity.
A third possibility is that NFE and curiosity are distinct
constructs. In Study 2, we begin to investigate these
possibilities.

Results
To investigate the relationship between NFE and explanation
search, we fit a generalized linear mixed-effects model, using
a logit link function. NFE was included as a fixed effect,
predicting the probability of choosing to reveal the answer to
a question. The control measures (perceived knowledge and
acceptance of each question’s premise) were also included as
fixed effects. Random slopes were included for participant,
and random intercepts were included for item. The model
coefficient for NFE was highly significant, b = 0.18, 95% CI
[0.09, 0.29], z = 3.59, p < .001. The model coefficient for
perceived knowledge of each question’s answer was also
significant, b = -0.10, 95% CI [-0.19, -0.01], z = -2.21, p =
.03, but the control measures only made a marginally
significant contribution to the full model over the baseline
model containing only NFE, !2(2) = 5.11, p = .08. Each 1unit increase in NFE for a given question predicted a 120%
increase in the probability of selecting that question to be
explained (see Figure 1). These results suggest that NFE
predicts explanation search.

Method
Participants Participants in Study 2 were 74 adults
recruited from Amazon Mechanical Turk (40 male, 33
female, 1 other; ages 18-60, M = 33). Participation was
restricted to MTurk workers recruited as in Study 1. Five
additional participants who failed to pass an attention check
(described below) were excluded.
Materials Fifty-three new “why” questions (that were not
used in Study 1) were sampled from the Reddit Explain Like
I’m Five webpage. Again, the questions were edited lightly
for grammar and readability.
Procedure Each participant saw ten questions, randomly
selected from the 53 questions described above. For each
question, participants were asked to complete the same NFE
rating as in Study 1. Additionally, participants rated their
curiosity in response to each question: “To what extent are
you curious about the answer to this question?” Finally,
participants rated each question on eleven other dimensions,
summarized in Table 1. These 13 judgments were presented
in a random order.
Next, participants were shown 10 questions. Four of these
questions were questions that they had seen previously, while

Discussion
Study 1 confirms that judgments of need for explanation are
predictive of explanation-seeking behavior: the probability of
choosing to receive an explanation for a given question was
strongly predicted by the extent to which that question was
judged to demand an explanation, even controlling for other
potentially relevant factors. Having established this
functional consequence of NFE, we next turn to investigate
potential determinants of NFE.
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Table 1: Potential determinants of NFE and their relationship with NFE in Study 2 and Study 2 replication.
Potential Determinant
Fact-and-Foil
Map Mismatch
Surprise
Negative Valence
Simplicity
Breadth
Anticipated Learning
Expertise
Information Gap
Novelty
Future Utility

Item (answered on a seven-point scale)
How easily can you imagine a world in which it is not the case that
[premise]?
How well does the claim that [premise] fit in with your current beliefs
about the world?
To what extent do you think it is surprising that [premise]?
To what extent do you think the main claim of the question (that
[premise]) is negative, positive, or neutral?
Do you think the answer to this question is likely to be simple or
complex?
Do you think the answer to this question would tell you something that
applies only to what is being explained, or would it tell you something
that applies more broadly to other cases that are similar?
To what extent do you think the answer to this question would teach
you something new?
Do you think that answering this question requires special expertise in
some domain?
How much do you know about the topic of this question?
How novel for you is the claim that [premise]?
To what extent would knowing the answer to this question be useful to
you in the future?

Study 2
-0.04

Replication
-0.007

0.08*

0.05

0.34**
-0.08*

0.33**
-0.02

-0.43**

-0.38**

0.14**

0.12**

0.43**

0.47**

0.44**

0.43**

0.16**
0.27**
0.39**

0.17**
0.26**
0.40**

*p < .05; ** p < .001

six were new “why” questions sampled from the
Answers.com “science” category (www.answers.com).
Participants were asked to select the questions they had
seen in the previous part of the study, and were excluded if
they made more than two errors.

explained 27%, 17%, 10%, and 9% of the variance,
respectively. Inspection of the scree plot suggested a threefactor solution. Three and four factor solutions were
inspected, using varimax rotation. The four-factor solution
was retained due to simple structure and greater
interpretability.
Three potential determinants – fact-and-foil, negative
valence, and breadth – were eliminated because they failed to
load onto any factor with a factor loading above 0.4. The final
four-factor solution with varimax rotation, excluding these
three items, explained 59% of the total variance. The four

Results
First, to investigate general relationships between the 12
measures of interest and NFE, independent of each measure’s
correlation with other measures, we fit 12 separate regression
models to the data, predicting NFE with each measure as a
fixed effect in a separate model. Each model also included
random intercepts for participant and item. Regression
coefficients for each model were standardized, to enable
comparison between measures. The regression coefficients
for each measure (as well as the same coefficients from a
replication study2) are reported in Table 1. These results
reveal the potential importance of several measures. Notably,
fact-and-foil was not significantly related to NFE in both
Study 2 and the Study 2 replication. In the replication, map
mismatch and negative valence also failed to reach
significance.
Next, we turned to an investigation of the differential
impact of these predictors on NFE and curiosity. As many of
the measures were correlated (with r as high as 0.60) we
performed exploratory factor analysis to find a smaller
number of orthogonal dimensions, which could then be used
to predict NFE and curiosity in a single regression analysis.
Initial eigenvalues for the first four factors were over one, and

Table 2: Factor loadings for final four-factor solution.
Loadings over 0.4 are printed in bold.
Potential
Determinant
Surprise
Map
Mismatch
Information
Gap
Novelty
Future
Utility
Anticipated
Learning
Expertise
Simplicity

2
This study was also replicated with an additional sample of 98
participants (plus two excluded from analysis) from Amazon
Mechanical Turk, using a different set of 50 questions from Explain

Factor 1

Factor 2

Factor 3

Factor 4

0.776

0.133

0.161

0.184

0.565

-0.051

0.121

-0.169

0.244

0.084

0.558

-0.103

0.667

0.094

0.289

0.147

0.024

0.184

0.021

0.674

0.258

0.258

0.736

0.364

0.064
-0.049

0.515
-0.985

0.189
-0.109

0.307
-0.103

Like I’m Five. All findings that were not successfully replicated are
noted in the Results.
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factors corresponded roughly to “prior knowledge” (surprise,
map mismatch, and novelty), “expertise” (simplicity –
negative factor loading – and expertise), “information
content” (anticipated learning and information gap), and
“future utility” (future utility). The factor loading matrix for
this analysis is presented in Table 2.3
Thompson scores were extracted for use in a simultaneous
regression predicting NFE and curiosity. This regression
model included prior knowledge, expertise, information
content, and future utility as fixed effects, along with a fixed
effect for dependent measure (NFE vs. curiosity, effects
coded). The interactions between each factor and the
dependent measure were also included as fixed effects.
Random intercepts were included for participant and item.
This analysis revealed a significant interaction between
factor score and dependent measure (NFE vs. curiosity) for
three factors: expertise, b = -0.12, 95% CI [-0.19, -0.05],
t(1351) = -3.26, p = .001, information content, b = 0.20, 95%
CI [0.11, 0.28], t(1351) = 4.42, p < .001, and future utility, b
= 0.18, 95% CI [0.08, 0.27], t(1351) = 3.64, p < .001. These
results (illustrated in Figure 2) indicate that expertise is a
stronger predictor of NFE than of curiosity, while
information content and future utility are stronger predictors
of curiosity than of NFE. While the interaction between prior
knowledge and dependent measure was not significant, the
regression coefficient for prior knowledge was significant, b
= 0.40, 95% CI [0.30, 0.49], t(974.30) = 8.21, p < .001,
indicating that prior knowledge was modestly predictive of
both curiosity and NFE.
Measure

Curiosity

●

General Discussion
In this research, we sought to investigate need for
explanation: why some events or phenomena seem to
demand an explanation, while others do not. Here, we answer
three questions about need for explanation. First, is NFE
predictive of actual explanation-seeking behavior? Second,
what factors determine NFE judgments? And third, how (if
at all) is NFE distinct from curiosity?
To the first question, the answer is yes: NFE judgments
were highly predictive of explanation-seeking behavior, even
controlling for possible related confounds. Our investigation
of the second two questions also revealed several important
insights: NFE can be predicted by prior knowledge, expertise,
information content, and future utility. Further, it is distinct
from curiosity in that it more closely tracks judgments of
expertise, while curiosity more closely tracks information
content and future utility.
There are several limitations of these studies. One
important limitation is that the experimental materials
consisted of questions that were actually posed. It is natural
to assume that these “why” questions already meet some
threshold of NFE beyond which explanations are sought.
This may limit our conclusions, especially in Study 2: some
potential determinants of NFE may have fared poorly
because of this restricted range.
Additionally, our investigation was restricted to particular
kinds of explanations, namely those offered in response to
“why” questions about predominantly factual matters. Just as
explanations vary in form and content, so too might NFE.

NFE

●
●

Prior Knowledge

Factor

●

several important predictors of NFE: future utility (composed
solely of future utility scores) and expertise (composed of
expertise scores and reverse-scored simplicity scores – i.e.,
complexity scores) were highly predictive of NFE. Prior
knowledge (composed of surprise, map mismatch, and
novelty scores) and information content (composed of
anticipated learning and information gap scores) were also
modestly predictive of NFE.
These results also suggest that NFE and curiosity are
closely related, but that NFE is not equivalent to curiosity.
While curiosity judgments were predicted more strongly by
information content and future utility, NFE judgments were
predicted more strongly by expertise. These interactions are
consistent with the idea of a division of cognitive labor:
explanation search is critical when desired knowledge is
stored in another person’s mind (Keil, 2003). Curiosity, on
the other hand, may be satisfied by any number of exploratory
behaviors: experimentation, observation, or explanation
search, to name a few. If this is correct, it makes sense that
NFE might depend more crucially on expertise and expected
complexity, while curiosity might track information content
and future utility more generally.

●

Information Content

●
●

Future Utility
Expertise

●

●

0.0

●

0.5

1.0

Regression Coefficient

Figure 2: Study 2 model coefficients (± 95% CI) for each
factor, from regression analysis predicting NFE & curiosity.

Discussion
These results suggest that some of the tested determinants of
NFE are more important than others. Notably, the fact-andfoil account (Grimm, 2008) and the negative valence account
(Weiner, 1985) fail to capture substantial variance in NFE
ratings. The map mismatch account (Wong & Yudell, 2015)
also explained little variance in NFE on its own.
However, a regression analysis on factor scores revealed
3

There were modest differences in the results of this factor
analysis on the replication dataset. While the data were slightly more
consistent with a three-factor solution, a four-factor solution
produced more interpretable results. After removing the measures
that did not load onto any factor in the initial analysis (fact-and-foil,

negative valence, and breadth), the factor structure was nearly
equivalent to that reported above, aside from the failure of
information gap to exceed 0.4 in its loading on the “information
content” factor.
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Third, our study designs were correlational. For the time
being, we cannot draw strong conclusions about whether the
factors identified are in fact determinants of NFE as opposed
to consequences of NFE, or covariates predicted by some
common cause. Future research must employ experimental
methods to determine any causal influence of the factors of
interest identified in this preliminary research. That said, our
findings offer the first empirical demonstration that need for
explanation is a construct that predicts explanation-seeking
and differs from general curiosity, and we offer an initial
glimpse into its determinants.
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Abstract

error or not for items in which the correct answer was highly
unlikely to be guessed (e.g., slightly related word pairs).
Participants exhibited better memory for the correct answer
after generating an error before viewing the correct answer
compared to studying the correct answer only (Kornell,
Hays, & Bjork, 2009). Later studies replicated this effect
with adults and elementary-school children (Carneiro, Lapa,
& Finn, 2017) and identified important boundary conditions
for the beneficial effects of generating errors. For example,
the errors need to be at least somewhat semantically related
to the correct answer (e.g., Huesler & Metcalfe, 2012; Kang
et al., 2011), and the studied word pairs need to be related
(Grimaldi & Karpicke, 2012; Knight et al., 2012). These
boundary conditions suggest that active generation of errors
may be helpful for learning by activating relevant
knowledge, which may function as retrieval cues.

Errors are common during learning, but what factors
influence whether those errors are corrected? Evidence
suggests error generation and memory for errors may be two
important factors. Middle-school children studied and were
tested on their memory for math definitions. After receiving
correct answer feedback, children recalled their initial test
answers before taking a final test. Memory for errors and
error correction rates were higher for errors that were
generated compared to errors that were chosen from a list.
Further, memory for errors was positively correlated with
error correction, even after controlling for age, grade, and
math and reading skills. However, this relationship was only
present for errors that were generated and not for errors that
were chosen from a list. These findings suggest retrieval
plays an important role in the relationship between memory
for errors and error correction.
Keywords: error correction; retrieval practice; children;
mathematics

Role of Memory for Errors in Error Correction
While there is good evidence that committing errors can be
beneficial for learning, less is known about what factors
influence error correction. Most previous research has
focused on adults’ later memory for the correct answer after
generating errors without examining memory for the
previously committed errors. Thus, the potentially important
role of memory for past errors in error correction remains
relatively unknown.
Only two studies with adult participants have directly
examined the relationship between accurate memory for
previously committed errors (i.e., memory for errors) and
error correction. Butler, Fazio, and Marsh (2011) asked
adults to answer general knowledge questions and study
correct-answer feedback. After a brief delay, adults
answered the same general knowledge questions again.
After this final test, the questions were re-presented and
adults were asked to recall their initial test answers. Adults
demonstrated very accurate memory for initially correct
responses (98% recalled). Memory for errors was also good
(85% of initial errors were accurately recalled). Importantly,
adults corrected a greater proportion of errors if they
accurately recalled the initial error than if they did not

Introduction
A growing body of research has demonstrated positive
effects of committing errors during learning. For example,
adults who received error management training when
learning to use a computer program exhibited better transfer
performance compared to adults who received error
avoidant training (Keith & Frese, 2005). The error
management training did not include any information about
the task solution and encouraged adults to make errors and
use feedback to learn from them. In contrast, the error
avoidant training involved practice implementing step-bystep instructions. Relatedly, engaging students in
exploratory problem-solving activities in which many errors
are made relative to activities in which fewer errors are
made supports retention and transfer (Bjork, 1994; Kapur &
Bielaczyc, 2012).
Memory research has also shown a facilitative effect of
generating errors so long as corrective feedback is given
(see Metcalfe, 2017 for a review). The most direct evidence
comes from studies comparing memory for the correct
answer after participants are either instructed to generate an
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accurately recall the error (.72 vs. .65). Following a similar
procedure, Japanese adults in Iwaki, Nara, & Tanaka (2017)
were tested on Kanji idioms, received correct-answer
feedback, and were given a final test and asked to recall
their initial test answers. Again, memory for errors
facilitated error correction: a greater proportion of errors
were corrected when adults remembered the error compared
to when they did not (.80 vs. .54).
Generating and remembering errors may aid error
correction for several reasons. First, retrieving related
information (even if incorrect) within semantic networks
creates a rich context for encoding the correct answer
(Bjork, 1975; Kornell et al., 2009). Second, errors may act
as retrieval cues if individuals associate the error with the
correct answer (Barnes & Underwood, 1959; Carpenter,
2011; Pyc & Rawson, 2009). Relatedly, according to the
theory of recursive reminding (Wahlheim & Jacoby, 2013),
memory for errors may aid memory for the correct answer
by acting as a reminder of the context in which an error was
flagged as incorrect and the correct answer was presented.
Finally, generating and remembering errors may increase
the discrepancy between the error and corrective feedback.
Individuals may pay more attention to this surprising
feedback, which improves error correction (e.g., Fazio &
Marsh, 2009).

definitions. After receiving correct-answer feedback,
children recalled their initial test answers before taking a
final test. Based on current evidence with adults, we
predicted that better memory for errors would be related to
greater error correction.
A second goal of the study was to determine if memory
for errors and error correction were impacted by whether
errors were generated or chosen from a list. Errors that were
generated may have been endorsed with higher confidence
than errors that were chosen from a list, which may reflect
guesses. Adults were more likely to recall errors endorsed
with higher confidence than errors endorsed with lower
confidence (Butler et al., 2011). Further, research on the
hypercorrection effect has demonstrated that high
confidence errors are more likely to be corrected than low
confidence errors (e.g., Butterfield & Metcalfe, 2001;
Metcalfe & Finn, 2012). Therefore, if generated errors
reflect errors endorsed with some confidence, children
should demonstrate better memory for and correct more
generated errors relative to errors chosen from a list.
The current study tests the generalizability of existing
research and theory by examining children’s memory for
errors while studying math terms and their definitions – a
new domain. Middle-school children (11- and 12-year-olds)
were chosen for two main reasons. First, this age group is
very similar to those included in both Finn & Metcalfe
(2014) and Peeck et al. (1985), the two prior studies that
examined children’s memory for errors. Second, by age 12,
children’s performance on free recall tasks is quite similar to
adults’ (see Schneider & Pressley, 1997).

Role of Age in Memory for Errors
While adults are good at recalling previous correct and
incorrect responses (Finn & Metcalfe, 2008; Gardiner &
Klee, 1976; Robinson & Kulp, 1970), evidence suggests
children may exhibit worse memory for errors relative to
previous correct responses. For example, 11-year-old
children accurately identified .90 of initially correct
responses and .63 of initial errors on a multiple-choice test
after a one-week delay (Peeck et al., 1985). Thus, 11-yearolds demonstrated similar memory for errors after a oneweek delay as adults in Butler et al. (2011). However, these
rates should be considered an overestimation of children’s
memory for errors because they were asked to identify their
previous errors from the multiple-choice options. It is
unlikely children’s recall rates will be as good.
Further, elementary-school children overestimate the
accuracy of their past responses (Finn & Metcalfe, 2014).
After studying social studies and science definitions and
taking a cued recall test, 8- and 10-year-olds were shown the
correct answer and asked to judge whether their answer on
the initial test was correct or incorrect. Children
misremembered 22% of their initial errors as having been
correct. Thus, children’s memory for errors may be faulty
due to positively biased estimates of their past performance.

Method
Participants
Participants were 112 fifth-, sixth-, and seventh-grade
children from three suburban private schools in Tennessee.
Ten children were excluded from analysis either because
their data were lost due to experiment software error, their
session was interrupted, their responses indicated they did
not take the task seriously, or they did not finish. The final
sample included 102 children (M age = 11.9 yrs,; 66%
female; 14% ethnic minorities). Children’s scores on the
previous year’s standardized test were at the 76th percentile
for math and 74th percentile for reading (scores for 7
children were not available). None of the children had
severe reading disabilities and all children spoke English as
their first language. Four children did not have enough time
to complete the final recognition test.

Design and Procedure
The study occurred during a single one-on-one session
lasting approximately 45 minutes and was conducted on a
laptop computer. Children were told that they were going to
learn definitions of math terms. They were told to study the
definitions so that later they would be able to give the
correct word for the definition on a test. Children wore
headphones and heard all instructions and definitions read

Current Study
Given the potentially important role memory for past errors
is theorized to play in error correction, the current study
examined the relationship between children’s memory for
their past errors and error correction. To measure children’s
memory for errors, children studied and were tested on math
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aloud to control for any differences in reading ability
between children.
During the first study-test cycle, children heard each term
and its definition read aloud, which also appeared in writing
on the screen. Each term was presented in red above its
definition on the screen for 10 seconds. After the study
phase, the definitions were shuffled and children took an
immediate cued recall test. Children were encouraged to
guess if they did not know an answer. If they could not
guess they had the option of requesting a word bank to
encourage guessing. When requested, the word bank
appeared across the top of the screen and included a list of
36 math terms (see Figure 1). Twelve of these terms had not
been presented during the study and test phases. The second
study-test cycle immediately followed the first. Children restudied the definitions and were asked to recall their initial
test answer after the correct term disappeared. If children
are unable to recall their initial answer, they were instructed
to use the same word bank used during the testing phases to
help them remember. No feedback was given during this
phase. The definitions were shuffled again, and children
took a final cued recall test as well as a final 4-option
multiple-choice recognition test. The word bank was made
available upon request during the final recall test to aid
retrieval of the correct answer.

Measured Outcomes

Materials

Initial and Final Test Performance

Children studied and were tested on 24 math definitions.
The definitions were taken from the glossary of middleschool math textbooks so that few of the definitions would
be known to children before the beginning of the study. See
Figure 1 for an example of one of the definitions. The
incorrect options for each definition on the final recognition
test were randomly chosen from the list of terms included in
the word bank.

Children’s performance increased from the initial test to
both the final recall and recognition tests: initial cued recall
test (M = .35, SE = .02), final cued recall test (M = .46, SE =
.02), final recognition test (M = .75, SE = .02), t(101) =
10.4, p < .001, t(97) = 30.9, p < .001, respectively. Children
corrected more of their initial errors on the recognition test
(M = .66, SE = .03) than the cued recall test (M = .28, SE =
.02).

A response was scored as correct if it was spelled
phonetically similar to the correct term. If a response was
close to the correct term but was a different word (i.e.,
theory instead of theorem), it was scored as incorrect. Two
primary outcome measures were calculated for each child.
Memory for errors was calculated as the proportion of errors
on the initial test that were accurately recalled. Error
correction was calculated as the proportion of errors on the
initial test that were corrected on the final cued recall and
recognition tests.

Results
Word Bank Usage
Children often chose their answers from the word bank
during both test phases and the recall past response phase.
The word bank was requested for a greater proportion of
trials on the initial and final tests than during the recall past
response phase (M = .64, SE = .02 and M = .55, SE = .03 vs.
M = .39, SE = .02, respectively). Additionally, a greater
proportion of initial errors were chosen from the word bank
than were generated (M = .78, SE = .02 vs. M = .22, SE =
.02).

Figure 1. Example of definition for ray with word bank.

Memory for Errors and Error Correction

Initial and Final Tests For the initial and final cued recall
tests, children saw each definition on the screen and heard it
read aloud. They were asked to recall the correct term for
each definition. Children typed their answers on the
computer regardless of whether or not they requested the
word bank. For the final recognition test, the incorrect
options for each definition were randomly chosen from the
list of terms included in the word bank.

While children accurately recalled many of their correct
responses on the initial test (M = .88, SE = .01), memory for
errors was much lower (M = .28, SE = .02). We explored
whether memory for errors was low due to children’s
tendency to overestimate their past performance. Indeed,
children inaccurately reported the correct answer instead of
their past error for .20 (SE = .02) of their initial errors.
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Similarly, Finn & Metcalfe (2014) found that 8- and 10year-olds misremembered .22 of their initial errors as having
been correct. Thus, 12-year-olds’ memory for errors was
positively biased to a similar extent.
Children’s memory for errors was strongly, positively
correlated with error correction on the final recall test,
r(100) = .46, p < .001, and the final recognition test, r(100)
= .43, p < .001. The correlations remained significant even
after controlling for age, grade, and performance on the
previous year’s standardized math and reading tests, r(89) =
.26, p = .01 and r(89) = .25, p = .02, respectively. Thus,
children who were better at remembering their errors
corrected more errors on the final tests, providing support
for our hypothesis that memory for errors plays an
important role in error correction.
Next, we examined memory for errors and error
correction for errors that were generated versus errors that
were chosen from the word bank. Given that both measured
outcomes are proportions based on the total number of
initial errors either generated or chosen, children who
generated less than three errors and chose less than three
errors from the word bank were excluded. This left 49
children who were included in the analysis1. Means and
standard errors for memory for errors and error correction as
a function of whether or not the errors were generated are
presented in Table 1. As predicted, memory for errors was
better for errors that were generated compared to errors that
were chosen from the word bank, t(48) = 5.1, p < .001.
Similarly, a greater proportion of errors that were generated
were corrected on the final cued recall test than errors
chosen from the word bank, t(48) = 2.7, p = .01. However,
there was no difference in error correction on the final
recognition test for errors that were generated versus chosen
from the word bank, t(48) = -.33, p = .75.

was included in the analysis.

recognition test was found for errors that were chosen from
the word bank, r(47) = .07, p = .63, r(47) = -.01, p = .94,
respectively (see Figure 3).

Figure 2: Scatterplot of memory for generated errors and
error correction on the final recall test

Table 1: Memory for errors and error correction for
generated and chosen errors.

Memory for Errors
Error Correction
Cued recall
Recognition

Generated
M (SE)
.43 (.04)

Chosen
M (SE)
.21 (.03)

.32 (.04)
.62 (.04)

.23 (.02)
.63 (.03)

Interestingly, there was a significant, positive correlation
between memory for errors and error correction on the final
cued recall and recognition tests for generated errors, r(48)
= .55, p < .001, r(48) = .35, p = .01, respectively (see Figure
2). The correlation for the final cued recall test remained
significant after controlling for age, grade, and performance
on the previous year’s standardized math and reading tests,
r(39) = .37, p = .02, but not the recognition test, r(39) = .08,
p = .60. In contrast, no relation between memory for errors
and error correction on either the final cued recall or
1

Figure 3: Scatterplot of memory for errors chosen from the
word bank and error correction on the final recall test

Discussion
The current study is the first to examine children’s
memory for errors and its relation to error correction. After
studying and being tested on above grade-level mathematics
definitions, 12-year-old children reviewed the correct
answers and recalled their previous test answers. Error
correction was examined on a final recall and recognition

The same pattern of results was found when the full sample
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test. Children demonstrated good correct response memory,
but their memory for errors was much lower than expected.
In part, children’s memory for errors was low because they
misremembered 20% of their past errors as having been
correct. Nearly as often as children accurately recalled their
past errors, children inaccurately reported the correct answer
instead of their past error. Similar to 8- and 10-year-olds in
Finn & Metcalfe (2014), 12-year-olds in the current study
seemed to exhibit a positivity bias and were overconfident
in their past performance. These findings support research
showing that children’s metamemory monitoring, or the
ability to self-monitor the accuracy of one’s memories,
continues to improve beyond middle childhood (Fandakova
et al., 2017).
Despite poor memory for errors, children who were better
at remembering their errors corrected more errors on both
the final recall and recognition tests. In line with adult
memory research (e.g., Butler et al., 2011; Iwaki et al.,
2017), memory for errors seems to play an important role in
error correction for middle-school children. Memory for
errors may reflect an important metacognitive skill that
guides attention to feedback and has the potential to impact
future study behaviors. Indeed, Fandakova et al. (2017)
found reciprocal relations between metamemory monitoring
and cognitive ability, suggesting monitoring the accuracy of
previous performance plays a critical role in learning.
Memory for errors, error correction, and the relation
between the two varied depending on whether errors were
generated or chosen from a list. Children were better at
remembering errors that were generated and were also more
likely to correct generated errors. Further, the positive
relationship between memory for errors and error correction
was only present for generated errors. Past work has shown
a facilitative effect of error generation on error correction
(e.g., Kornell et al., 2009), suggesting retrieval plays an
important role in error correction. Indeed, results from the
current study support this idea. The benefits of error
generation influenced both memory for errors and its
relation to error correction. Generating an error may make it
more likely to be recalled later. In turn, retrieving past errors
may increase the memory strength of the past error as well
as support encoding of the correct answer by activating
related information within semantic networks (Bjork, 1975;
Kornell et al., 2009). Alternatively, according to
reconsolidation theory (Nadar, Schafe & LeDoux, 2000;
Lee, 2008), successfully retrieving an error provides an
important opportunity for the error to be corrected.
Findings from the current study align with the
hypercorrection effect (Butterfield & Metcalfe, 2001).
Generated errors were more likely to be corrected than
errors chosen from the word bank. A child’s ability to
generate an error may reflect that they held at least some
level of confidence in that error. In contrast, errors chosen
from the word bank may reflect lower confidence guesses.
However, it is important to acknowledge that word bank
usage may be an indicator of several other things besides
confidence. For example, some children may simply request

the word bank to check an answer, regardless of their
confidence in the answer. Data collection is currently
underway for a follow-up study directly measuring
children’s confidence in their initial test answers. This will
allow us to disentangle word bank usage from confidence.
Memory for errors may only aid error correction for errors
in which that are endorsed with at least some confidence
compared to errors that are wild guesses, regardless of
whether the word bank was used.
In conclusion, findings from the current study provide
support for memory for errors and error generation as
important factors that influence error correction. Given the
considerable variability in how teachers handle students'
errors (Schleppenbach, Flevares, Sims, & Perry, 2007),
research is needed to make recommendations about how to
promote error correction. Findings from the current study
suggest that committing errors is not detrimental to learning.
In fact, providing opportunities for error generation, as well
as attending to and remembering when errors were made,
may aid learning.
However, more research is needed to determine how the
nature of errors might interact with the effects of error
generation and memory for errors. For example, research on
conceptual change learning in science and mathematics
domains warns against committing and practicing errors.
Specifically, errors that reflect common misconceptions are
persistent and difficult to change (e.g., Alvermann & Hynd,
1989; Vamvakoussi & Vosniadou, 2004). In fact,
misconception errors often need to be directly disputed in
order for learning to occur (e.g., Durkin & Rittle-Johnson,
2012). Relatedly, memory research on proactive
interference has shown that well-learned information
interferes with learning of related information (see
Anderson & Neely, 1996). Thus, generation of and memory
for misconception errors may hinder error correction.
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Abstract

include any information they consider relevant and can provide rich, high-dimensional information about the content
and structure of children’s perceptual representations. For example, when presented with a target object to draw in which
a prominent feature is occluded (e.g., the handle of a mug is
turned away), children as young as 5 years of age frequently
include the occluded object part in their drawing anyway, displaying the robustness of their internal representation to variation in viewpoint (Davis, 1983).
On the other hand, important developmental changes in
perceptual processing continue throughout childhood (for
reviews, see Juttner, Wakui, Petters, & Davidoff, 2016;
Nishimura, Scherf, & Behrmann, 2009). For example, young
children tend to categorize novel objects on the basis of
part-specific information, whereas older children additionally recruit information about relationships between object
parts (Mash, 2006). Such differences are resonant with evidence from children’s drawings: there appear to be dramatic
changes in how children encode semantically relevant information in their drawings across age. Younger children (4-5
years) tend to include fewer cues in their drawings to differentiate between target concepts (e.g., “adult” vs. “child”)
than older children, who enrich their drawings with more diagnostic part (Sitton & Light, 1992) or relational (Light &
Simmons, 1983) information.
But while figurative drawings have long provided inspiration for scientists investigating the representation of object
concepts in early life (Minsky & Papert, 1972), a major barrier has been the lack of principled quantitative measures of
high-level perceptual information in drawings. As such, previous studies employing drawing tasks have typically relied
on qualitative assessments (Kosslyn, Heldmeyer, & Locklear,
1977) or ad hoc quantitative criteria (Goodenough, 1963).
Recent work in computational vision has validated the use of
pre-trained deep convolutional neural network (DCNN) models to quantitatively measure high-level perceptual information in adult drawings (Fan, Yamins, & Turk-Browne, 2015).
Higher layers of these models both capture adult perceptual
judgments of object shape similarity (Kubilius, Bracci, & Op
de Beeck, 2016) and predict neural population responses in
categories throughout object-selective cortex (Yamins et al.,
2014). Thus, features learned by these models provide a principled choice of basis for extracting perceptual features useful
for inferring object identity from children’s drawings.
Here we examine children’s drawings as a window into
how they represent familiar visual object categories, and how
this representation and its translation into graphical form
changes across childhood. To do so, we asked children (ages

How do children’s representations of object categories change
as they grow older? As they learn about the world around
them, they also express what they know in the drawings they
make. Here, we examine drawings as a window into how children represent familiar object categories, and how this changes
across childhood. We asked children (age 3-10 years) to draw
familiar object categories on an iPad. First, we analyzed their
semantic content, finding large and consistent gains in how
well children could produce drawings that are recognizable to
adults. Second, we quantified their perceptual similarity to
adult drawings using a pre-trained deep convolutional neural
network, allowing us to visualize the representational layout
of object categories across age groups using a common feature
basis. We found that the organization of object categories in
older children’s drawings were more similar to that of adults
than younger children’s drawings. This correspondence was
strong in the final layers of the neural network, showing that
older children’s drawings tend to capture the perceptual features critical for adult recognition. We hypothesize that this
improvement reflects increasing convergence between children’s representations of object categories and that of adults;
future work will examine how these age-related changes relate to children’s developing perceptual and motor capacities.
Broadly, these findings point to drawing as a rich source of
insight into how children represent object concepts.
Keywords: object representations; drawings; child development

Introduction
As humans, we have many powerful tools to externalize what
we know, including language and gesture. One tool that
has been transformative for human cognition and culture is
graphical representation, which allows people to encode their
thoughts in a visible, durable format. Drawing is an important
case study in graphical representation, being a technique that
dates back 60,000 years (Hoffmann et al., 2018), well before
the emergence of symbolic writing systems, and is practiced
in many cultures.
In modern times, drawings are produced prolifically by
children from an early age, providing a rich source of potential insight into their emerging understanding of the visual
world. For example, as children learn the diagnostic properties of objects they encounter, they might express this knowledge in the drawings they make. How can we leverage this
natural behavior to understand how they learn abstractions
over their perceptual experience, such as object categories?
On the one hand, children quickly form sophisticated perceptual representations of familiar objects, leveraging shape
information in conjunction with linguistic cues (Smith, Jones,
Landau, Gershkoff-Stowe, & Samuelson, 2002). Typically,
such learning is measured using discrete choices between
stimuli that vary along dimensions chosen by an experimenter. By contrast, drawing tasks both permit children to
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Figure 1: Example drawings made by children ages 4-10 of several object categories.
We also chose categories that are in the Google QuickDraw
database, which contains drawings made by adults in under
20 seconds, so that we could eventually compare children’s
drawings with ones made by adults.

3-10 years) to draw a variety of object categories on a digital
tablet. Afterwards, adults attempted to recognize these drawings in a forced-choice recognition task. In Part 1, we examine how this semantic information in children’s drawings
changes with age after factoring out low-level covariates related to motor production, such as how long they spend drawing and how many strokes they use. In Part 2, we compare the
high-level perceptual features of drawings made by children
and adults by relating their representations in a pre-trained
DCNN model, allowing us to visualize the representational
layout of object categories across age groups using a common feature basis.

Drawing Task Procedure We implemented a web-based
drawing game in HTML/Javascript using the paper.js library
and collected drawings using a touchscreen tablet on the floor
of the museum. At the beginning of each session, to familiarize children with the task and touch interface, they were
prompted to draw a circle and a triangle. After completing
these two practice trials, they were cued to draw a randomly
selected object. On each trial, a text cue would appear (i.e.,
“Can you draw a [flower]?”) that the experimenter would
read out, (“What about a [flower]? Can you draw a [flower]?).
Then, a drawing canvas appeared (600 x 600 pixels) and children had 30 seconds to make a drawing before moving onto
the next trial; pilot testing suggested that 30 seconds was
enough for many children to complete their drawings. After each trial, the experimenter asked the child whether they
wanted to keep drawing or whether they were all done. In
all, we collected 286 drawings across the 16 categories. We
binned drawings into two rough age categories for item analyses, with 115 drawings made by younger children (4-6 years
of age) and 171 drawings made by older children (7-10 years
of age).

Part 1: Semantic information in children’s
drawings
Methods
Participants For the drawing task, children (N = 41, M =
6.9 years, range 4-10 years) were recruited at the San Jose
Children’s Discovery Museum. Either the child or their parents verbally reported the child’s age. For the recognizability
experiment, 14 naive adults with US IP addresses were recruited from Amazon Mechanical Turk and provided labels
for all drawings.
Stimuli Stimuli were words referring to 16 common object
categories: banana, boat, car, carrot, cat, chair, couch, cup,
flower, foot, frog, ice cream, phone, rabbit, shoe, train. These
categories were chosen such that they were: (1) likely to be
familiar to children, (2) spanned the animate/inanimate distinction, and (3) intuitively spanned a wide range of difficulty
(for example, flowers seem easier to draw than couches).

Recognizability Task Procedure After collecting children’s drawings, we presented them to naive adults to measure their recognizability. On each trial, participants saw a
drawing, and were asked “What does this look like?”, and responded by typing their response into a text box. Only labels
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from a restricted set of 21 options were accepted, comprising
the 16 drawn categories, 4 foil categories (bean, arm, person,
rock), and “cannot tell at all.” Drawings were presented in a
random order, and participants were not informed that these
drawings were produced by children.

recognizable drawings. For example, children of all ages
produced drawings of cats that were readily recognizable as
“cats,” but few children of any age produced drawings that
were recognizable as “shoes” (see Figure 2).
Was this difference due to greater semantic information
in older children’s drawings, or to the possibility that older
children may have put more time and effort into their drawings? Our mixed-effects model revealed that recognizability
of drawings reliably increased with age when controlling for
these low-level covariates — the amount of time spent drawing, the number of strokes, and total ink used (β = 0.96, SE =
0.17, Z = 5.5), and accounting for variation across object categories and individual children. All model coefficients can
be seen in Table 1. Adding interaction terms between age and
these low-level covariates did little to decrease the effect of
age on recognizability (β = 0.94, SE = 0.18, Z = 5.4).
Taken together, these results show large and consistent
gains in how well children can produce recognizable drawings across this age range, although younger children still
produced drawings that could be recognized well above
chance by adult viewers.

Model Fitting Our goal was to measure how children’s
ability to convey semantically relevant information in their
drawings changes with age. We anticipated that their drawings may also vary along other dimensions more directly related to the motor production demands of the task, such as the
amount of time spent drawing, the number of strokes used,
and amount of ink (i.e., mean pixel intensity of sketch).
In order to assess whether children’s ability to produce recognizable drawings increased with age, independent of these
low-level covariates, we fit a generalized linear mixed-effects
model, with scaled age (specified in years), drawing duration,
amount of ink used, and number of strokes as fixed effects,
and with random intercepts for each individual child and object category. The dependent variable was whether adults recognized a given drawing.
Estimate
0.861
0.956
0.338
0.014
-0.289

(Intercept)
Age
Drawing time
Amount of ink
Num. strokes

Std. Error
0.321
0.174
0.109
0.080
0.098

z value
2.680
5.497
3.105
0.179
-2.959

Pr(>|z|)
0.007
0.000
0.002
0.858
0.003

Object category

Table 1: Model coefficients of a GLMM predicting the recognizability of each drawing.

cat
flower
ice cream
car
chair
boat
banana
train
foot
carrot
phone
frog
cup
rabbit
couch
shoe
0.00

3-6 yrs.
7-10 yrs.

0.25

0.50

0.75

1.00

Proportion recognized
Figure 2: Proportion of drawings recognized in each object
category. The dashed line represents chance performance. Error bars represent non-parametric 95 % confidence intervals.

Results
We found that drawing recognizability generally increased
with age (see Figure 3), although there was substantial variability across categories in how well children could produce
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Part 2: Perceptual information in children’s
drawings
In the previous section, we found that children’s drawings
generally contained sufficient semantic information to support recognition by adult viewers, although older children’s
drawings were consistently more recognizable. What is the
nature of the developmental changes that underlie older children’s enhanced ability to produce recognizable drawings (at
least to adult viewers)? And how might children’s drawings provide a window into their perceptual representations
of these objects?
We hypothesized that this improvement reflects an increasing convergence in the perceptual content in children and
adult’s drawings, derived from their internal object representations. A pre-requisite for this hypothesis is that older
children’s drawings are more perceptually similar to adults’
drawings than younger children’s drawings. We thus extracted the high-level perceptual features of drawings made
by children and adults using a pre-trained deep convolutional
neural network (Simonyan & Zisserman, 2014). These features form a common basis for representing complex shape
similarity – including the presence of diagnostic object parts
(e.g., legs, handles) – and a basis from which object identity can be easily derived (Kubilius et al., 2016). We then use
these high-level features to evaluate how similar the representational layout of object categories is between children’s and
adults’ drawings. Insofar as the similarity of the representational layout is higher for older children than younger children, this could explain why adults are more accurate in recognizing their drawings. As a sanity check, we also explored
how similar children and adult’s drawings are in each layer of
the model. Earlier layers reflect local image properties (e.g.,
edge orientations) which are then successively transformed

Prop. recognized

1.00

age
10

0.75

9
8

0.50

7
6

0.25

5
4

0.00
4

6

8

Age (years)

10

0

10

0.03 0.06 0.09 0.12 0

20

Number of strokes

'Ink' used

10

20

30

Drawing time (s)

Figure 3: The proportion of adults who recognized each drawing is plotted as a function of child’s age, the number of strokes,
amount of ink used, and the time spent creating each drawing. Each dot represents an individual drawing; dots in the right three
plots are colored by the age of the drawer.
tecture (Simonyan & Zisserman, 2014) to extract features
from sketches at layers across several depths in the network.
Specifically, we analyzed feature activations in the first five
pooling layers, as well as the first two fully-connected layers.
Each image elicits a pattern of feature activations at every
layer in the model. Here, we sum across the spatial position
of the image filters to reduce dimensionality; thus, each pattern is equivalent to a vector in a feature space with the same
number of dimensions as convolutional filters in that layer.

and combined to yield the more abstract mid-level features
(e.g., curvature) and higher-level features represented in later
layers. Thus, these layer-wise analyses can reveal how similar children and adult’s drawings are in terms of more basic statistics—e.g., if both childrens’ and adult’s drawings of
phones are “boxier” than their drawings of apples.

Methods
Participants Participants included those who participated
in the first round of data collection, as well as an additional
25 children recruited in the same way as in Part 1.

Representational Similarity Analyses Separately for the
younger children, older children, and adult drawing datasets,
we averaged the feature vectors within each object category
in both pixel space and for a given layer of VGG-19 and
then computed a layer-specific matrix of the Pearson correlation distances between these average vectors across categories (Kriegeskorte, Mur, & Bandettini, 2008). Formally,
this entailed computing:

Drawing dataset In our second round of data collection,
our goal was to expand the number of categories included in
our model-based feature analyses, so we included an additional 22 categories. Across both rounds of data collection,
we recorded 462 drawings from 66 children across a broad
age range. However, due to the limited amount of data in
each category for each age, in subsequent analyses we divide
drawing data into two coarse age categories: younger children (aged 3-6 years) and older children (aged 7-10 years).
We thus restricted the following analyses to the 27 categories
where we had at least 3 drawings in both younger and older
age groups, yielding 191 drawings by younger children and
205 drawings by older children. Including a minimum number of drawings per class and age category ensured robust
estimates of category-level feature information in drawings.
To complement the children’s drawing dataset, we obtained
a random sample of 100 adult drawings from each of the categories above from the Google Quickdraw dataset (https:
//quickdraw.withgoogle.com/data). Prior to analysis,
we cropped all sketch images to contain only the sketch, applied uniform padding (10px), and rescaled them to the same
size (3x224x224).

RDM(R)i j = 1 − p

cov(~ri ,~r j )
,
var(~ri ) · var(~r j )

where~ri and~r j are the mean feature vectors for the ith and jth
object categories, respectively, where R represents the correlation between two categories (e.g., rabbits and shoes).
Each of these 27x27 representational dissimilarity matrices
(RDM) provides a compact description of the layout of objects in the high-dimensional feature space inherent to each
layer of the model. Following Kriegeskorte et al. (2008),
we measured the similarity between object representations
in different layers by computing the Spearman rank correlations between the RDMs for those corresponding layers. Estimates of standard error for the Spearman correlation between
RDMs were generated by jackknife resampling of the 27 object categories. To estimate the noise ceiling, we repeated this
same procedure with an equivalently sized, random sample of
adult drawings.

Deep convolutional neural network model We used a
standard, pre-trained implementation of the VGG-19 archi-
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Figure 4: Representational dissimilarity matrices (RDMs) in the highest layer of VGG-19 (FC7) for drawings made by younger
children (3-6 years), older children (7-10 years), and adults.
(rabbits, frogs, flowers, etc.) elicited the most similar representations, evident in a cluster in the middle of the RDM.
While there are some intuitive category clusters (bus–car–
train), other clusters seem less intuitive at first blush (carrot–
chair–ice cream–fork)—yet note that these categories tend to
have a similar aspect ratio. Importantly, this perceptual similarity structure was echoed in children’s drawings of these
same object categories.
We then examined these correlations between RDMs at
each layer of the network, which are plotted in Figure 5 relative to the comparison between two samples of adult drawings, representing the noise ceiling. We found that older children’s and adults’ RDMs were more similar than younger
children’s and adult’s RDMs across all layers, and that similarity plateaued in mid-to-high-level convolutional layers (see
Figure 5). These results suggest that the particular choice
of model layer does not affect the relative similarity between
older children’s and adults’ RDMs vs. younger children’s and
adults’ RDMs. Nonetheless, adults’ and children’s drawings
were dissimilar in pixel space for both age groups (adults
vs. older children, r = .07; vs. younger children, r = .07).
Children’s and adults’ drawings appear to share many of the
perceptual features useful for object recognition.

Cohort Similarity (r)

1.00

0.75

0.50

0.25

Adults-Adults
OlderKids-Adults
YoungerKids-Adults

0.00
1

2

3

4

5

6

7

Layer Number
Figure 5: Spearman’s correlation between representational
dissimilarity matrices (RDMs) of drawings produced by
adults vs. other adults, adults vs. older children, and between
adults vs. younger children at each layer of VGG-19.

Results

General Discussion

To compare the representational layout of object categories
across age groups, we examined the similarity between
RDMs for each age group (i.e., younger children, older children, and adults) in the final layer of VGG-19, shown in Figure 4. Here, each cell represents the correlation distance between two categories in this layer of the network; lighter colors indicate pairs of categories that are further apart in feature space; darker colors indicate pairs of categories that are
closer. For visualization purposes, categories are ordered according to the clusters that appear in the data. Inspecting
the similarity structure for adults, drawings of living things

What do children’s drawings reveal about their object representations? We approached this question by analyzing the semantic and perceptual content of children’s drawings across
childhood. We found that the capacity to quickly produce
drawings that communicate category information improves
with age, even when factoring out low-level motor covariates.
In addition, we found that drawings from older vs. younger
children were more similar to adult drawings in a deep convolutional neural network trained to recognize objects, suggesting that older children’s drawings also contain more of
the perceptual features relevant for recognition. Children
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and adults may be accessing similar category representations
when asked to “draw a chair” and communicating this representation through their drawings.
A natural question is how any age-related differences in
drawings are related to children’s ability to control and plan
their hand movements. While drawing recognizability increased with age when accounting for the low-level motor
covariates, these measures likely only partially estimate children’s motor abilities. We plan to measure both children’s and
adult’s ability to perform orthogonal fine motor tasks (e.g.,
tracing a complex shape) to understand how motor developments influence the drawings that children produce.
At the same time, children are also continuously learning about new object categories and their properties. How
might this learning affect children’s internal representations
(and drawings) of different object categories? One possibility is that the bulk of the development change revolves
around building more detailed representations: children may
be learning the suite of visual features and object parts that
are diagnostic of various object categories. On this account,
learning what tigers tend to look like does not change children’s perceptual representations of cheetahs—or how they
draw them. A second possibility is that learning about new
categories actually changes the similarity structure of children’s visual object concepts (Goldstone, Lippa, & Shiffrin,
2001). Finally, as children learn about the hierarchical structure of object categories (i.e., living thing–animal–mammal–
dog) and their typical properties (e.g., most mammals have
four legs) this might differentially change which visual features take precedence in their internal representations. Future
work that links children’s categorization abilities with their
drawing behaviors will help explore these possibilities.
This work integrates novel methods to investigate children’s internal representations of object categories and how
they are linked to their developing perceptual, cognitive, and
motor abilities. We propose that a full understanding of how
we come to produce visual abstractions will help uncover the
factors that shape adult object representations.
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Abstract

a language source until they have accumulated sufficient information to generate highly-accurate eye movements (MacDonald, Blonder, Marchman, Fernald, & Frank, 2017). In
contrast, spoken language learners were more likely to produce early, random gaze shifts when seeking named referents.
We explained these differences using an information-seeking
account: that listeners flexibly adapted the dynamics of their
gaze in response to contexts where the value of gathering visual information was high.

Language comprehension in grounded, social contexts involves integrating information from both the visual and the linguistic signals. But how should listeners prioritize these different information sources? Here, we test the hypothesis that even
young listeners flexibly adapt the dynamics of their gaze to
seek higher value visual information when the auditory signal
is less reliable. We measured the timing and accuracy of adults
(n=31) and 3-5 year-old children’s (n=39) eye movements during a real-time language comprehension task. Both age groups
delayed the timing of gaze shifts away from a speaker’s face
when processing speech in a noisy environment. This delay
resulted in listeners gathering more information from the visual signal, more accurate gaze shifts, and fewer random eye
movements to the rest of the visual world. These results provide evidence that even young listeners adjust to the demands
of different processing contexts by seeking out visual information that supports language comprehension.
Keywords:
eye movements;
language processing;
information-seeking; speech in background noise; development

Our account was inspired by ideas from several research
programs. First, work on language-mediated visual attention
shows that adults and children rapidly shift gaze upon hearing
the name of an object in the visual scene (Allopenna, Magnuson, & Tanenhaus, 1998; Tanenhaus, Spivey-Knowlton, Eberhard, & Sedivy, 1995). Second, empirical work on visual attention during everyday tasks shows that people overwhelmingly prefer to look at goal-relevant locations – e.g., an upcoming obstacle while walking (Hayhoe & Ballard, 2005).
Finally, work on “effortful listening” shows that people will
generate compensatory responses (e.g., increases in attention
and working memory) within “challenging” language contexts such as processing noisy or accented speech (Van Engen & Peelle, 2014). Together, these accounts predict that
gaze dynamics during language comprehension should adapt
to compensate for the reduced quality of the auditory signal
and to facilitate the listener’s goal of comprehension.

Introduction
When processing language, we integrate information from
the visual and linguistic signals to understand what others
are saying. A classic demonstration of this integration is the
“McGurk effect” where a speaker’s mouth movements suggest one sound while their acoustic output indicates another.
This conflict results in the listener perceiving a third, intermediate sound (MacDonald & McGurk, 1978). Findings such as
these have inspired prominent theories of speech perception
(McClelland, Mirman, & Holt, 2006) and lexical processing
(MacDonald & Seidenberg, 2006) that argue for the importance of interactive processes – where listeners integrate information from multiple sources in parallel. Moreover, empirical work on speech perception shows that adults are better
able to recover linguistic information in noisy contexts when
they have visual access to a speaker’s face (Erber, 1969).
But how should listeners prioritize different kinds of information? Consider that the value of integrating visual information can change depending on features of the listener and
the processing context. For example, if a friend asks you to
“Pass the salt” in a noisy restaurant, you could facilitate comprehension by looking to the speaker’s face to read her lips
or perhaps the direction of her gaze. A second case is the
comprehension of a visual-manual language, e.g., American
Sign Language (ASL). Here, the value of allocating visual
fixations to the language source (the signer) is high since all
of the language-relevant information is available in that location.
In prior work, we showed that, compared to spoken language learners, ASL-learners delay shifting gaze away from

Here, we synthesize these ideas and test the generality of
our information-seeking account of eye movements during
grounded language comprehension. We ask whether listeners will adapt the timing of gaze shifts away from a speaker
if the auditory signal is less reliable – as is the case when
processing speech in a noisy environment.
The second goal of this work is to test whether children
show a similar pattern of behavior and flexibly adapt fixations
in response to changes in the utility of gathering certain kinds
of visual information. Recent developmental work shows
that, like adults, preschoolers will flexibly adjust how they interpret ambiguous sentences (e.g., “I had carrots and bees for
dinner.”) by integrating information about the reliability of
the incoming perceptual information with their expectations
about the speaker (Yurovsky, Case, & Frank, 2017). While
children’s behavior paralleled adults, they relied more on topdown expectations about the speaker, perhaps because their
developing perceptual representations were noisier compared
with adults. These developmental differences provide insight
into how children succeed in understanding language despite
having partial knowledge of word-object links and without a
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Figure 1: Experimental design and stimuli. Panel A shows the timecourse of the linguistic stimuli for a single trial. Panel B
shows the layout of the three fixation locations (speaker, target, and distracter). Panel C shows a visual representation of the
clear and noisy waveforms.
fully-developed language model.
In our experiment, we hypothesized that a noisy auditory environment increases the value of fixating a speaker
to gather visual information that supports comprehension.
Our key behavioral prediction is that listeners in noisy contexts will delay generating an eye movement away from a
speaker until they have accumulated additional visual information about the identity of the named referent. This delay,
in turn, will lead to fewer random gaze shifts to the rest of
the visual world. We also predicted that preschoolers would
show a parallel pattern of adaptation to noisy contexts and allocate more fixations to a speaker’s face when it became more
useful for accurate language comprehension. A plausible alternative to our hypothesis is that the effects of language on
visual attention are so well-practiced that we would not see
listeners adapt their gaze patterns to the processing context.
To quantify the evidence for our predictions, we analyze
the accuracy and reaction times (RTs) of listeners’ first gaze
shifts after hearing the name of an object in the visual scene.
We focus on first shifts because they provide a window onto
changes in the underlying dynamics of decision processes
that generate eye movements.

quencies).
First, we present standard behavioral analyses of reaction
time (RT) and accuracy of listeners’ first gaze shifts after target noun onset. Then, we present two model-based analyses that link observable behavior to underlying psychological constructs. We use an exponentially weighted moving
average (EWMA) method (Vandekerckhove & Tuerlinckx,
2007) to classify participants’ gaze shifts as language-driven
or random. In contrast to the standard RT/accuracy analysis, the EMWA approach allows us to quantify participants’
willingness to generate gaze shifts after noun onset but before collecting sufficient information to seek the named referent. Higher values indicate that participants were waiting
to shift until they had accumulated enough of the linguistic
signal to locate the named referent. Finally, we use driftdiffusion models (DDMs) (Ratcliff & Childers, 2015) to ask
whether behavioral differences in accuracy and RT are driven
by a more cautious responding strategy or by more efficient
information processing.
We predicted that processing speech in a noisy context
would make participants less likely to shift before collecting
sufficient information. This delay, in turn, would lead to a
lower proportion of shifts flagged as random/exploratory in
the EWMA analysis, and a pattern of DDM results indicating
a prioritization of accuracy over and above speed of responding (see the Analysis Plan section below for more details on
the models). We also predicted a developmental difference –
that children would produce a higher proportion of random
shifts and accumulate information less efficiently compared
to adults; and a developmental parallel – that children would
show the same pattern of adapting gaze patterns to gather
more visual information in the noisy processing context.

Experiment
In this experiment, we recorded adults and children’s eye
movements during a real-time language comprehension
task where participants processed familiar sentences (e.g.,
“Where’s the ball?”) while looking at a simplified visual
world with three fixation targets (see Fig. 1). Using a withinparticipants design, we manipulated the signal-to-noise ratio
of the auditory signal by convolving the acoustic input with
brown noise (random noise with greater energy at lower fre-
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Method

sured from the onset of the target noun. Accuracy corresponds to whether participants’ first gaze shift landed on the
target or the distracter picture. However, it is important to
point out that when we analyze differences in accuracy, we
are not making claims about the overall amount of time spent
looking at the target vs. the distractor image – a measure typically used in analyses of the Visual World Paradigm.
We used the rstanarm (Gabry & Goodrich, 2016) package
to fit Bayesian mixed-effects regression models. The mixedeffects approach allowed us to model the nested structure of
our data – multiple trials for each participant and item, and
a within-participants manipulation – by including random intercepts for each participant and item, and a random slope
for each item and noise condition. We used Bayesian estimation to quantify uncertainty in our point estimates, which we
communicate using a 95% Highest Density Interval (HDI).
The HDI provides a range of credible values given the data
and model. Finally, to estimate age-related differences, we fit
two types of models: (1) age group (adults vs. children) as
a categorical predictor and (2) age (in days) as a continuous
predictor within the child sample.
Next, we present the two model-based analyses – the
EWMA and DDM. The goal of these models is to move beyond a description of the data and map behavioral differences
in eye movements to underlying psychological variables. The
EWMA method models changes in random shifting behavior as a function of RT. For each RT, the model generates
two values: a “control statistic” (CS, which captures the running average accuracy of first shifts) and an “upper control
limit” (UCL, which captures the pre-defined limit of when
accuracy would be categorized as above chance level). Here,
the CS is an expectation of random shifting to either the target or the distracter image (nonlanguage-driven shifts), or a
Bernoulli process with probability of success 0.5. As RTs get
slower, we assume that participants have gathered more information and should become more accurate (language-driven),
or a Bernoulli process with probability success > 0.5. Using
this model, we can quantify the proportion of gaze shifts that
were language-driven as opposed to random responding.
Following Vandekerckhove & Tuerlinckx (2007), we
selected shifts categorized as language-driven by the
EWMA and fit a hierarchical Bayesian drift-diffusion model
(HDDM). The DDM quantifies differences in the underlying
decision process that lead to different patterns of behavior.
The model assumes that people accumulate noisy evidence
in favor of one alternative with a response generated when
the evidence crosses a pre-defined decision threshold. Here,
we focus on two parameters of interest: boundary separation, which indexes the amount of evidence gathered before
generating a response (higher values suggest more cautious
responding) and drift rate, which indexes the amount of evidence accumulated per unit time (higher values suggest more
efficient processing).

Participants Participants were native, monolingual
English-learning children (n = 39; 22 F, Mage = 4.44 years,
SDage = 0.78) and adults (n = 31; 22 F). All participants had
no reported history of developmental or language delay and
normal vision/hearing. 14 participants (11 children, 3 adults)
were run but not included in the analysis because either the
eye tracker falied to calibrate (2 children, 3 adults) or the
participant did not complete the task (9 children).
Stimuli Linguistic stimuli. The video/audio stimuli were
recorded in a sound-proof room and featured two female
speakers who used natural child-directed speech and said one
of two phrases: “Hey! Can you find the (target word)” or
”Look! Where’s the (target word) – see panel A of Fig. 1.
The target words were: ball, bunny, boat, bottle, cookie, juice,
chicken, and shoe. The target words varied in length (shortest
= 411.68 ms, longest = 779.62 ms) with an average length of
586.71 ms.
Noise manipulation. To create the stimuli for the noise condition, we convolved each recording with Brown noise using
the Audacity audio editor. The average signal-to-noise ratio1
in the noise condition was 2.87 dB compared to the clear condition, which was 35.05 dB.
Visual stimuli. The image set consisted of colorful digitized pictures of objects presented in fixed pairs with no
phonological overlap between the target and the distractor
image (cookie-bottle, boat-juice, bunny-chicken, shoe-ball).
The side of the target picture was counterbalanced across trials.
Design and procedure Participants viewed the task on a
screen while their gaze was tracked using an SMI RED
corneal-reflection eye-tracker mounted on an LCD monitor,
sampling at 60 Hz. The eye-tracker was first calibrated for
each participant using a 6-point calibration. On each trial,
participants saw two images of familiar objects on the screen
for two seconds before the center stimulus appeared (see
Fig. 1). Next, they processed the target sentence – which
consisted of a carrier phrase, a target noun, and a question
– followed by two seconds without language to allow for a
response. Child participants saw 32 trials (16 noise trials; 16
clear trials) with several filler trials interspersed to maintain
interest. Adult participants saw 64 trials (32 noise; 32 clear).
The noise manipulation was presented in a blocked design
with the order of block counterbalanced across participants.
Audio levels were kept at a constant level across participants.

Analysis plan
First, we present behavioral analyses of First Shift Accuracy
and Reaction Time (RT).2 RT corresponds to the latency to
shift away from the central stimulus to either picture mea1 The ratio of signal power to the noise power, with values greater
than 0 dB indicating more signal than noise.
2 See https://osf.io/g8h9r/ for a pre-registration of the analysis plan.

Results and Discussion
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Figure 2: Behavioral results for first shift Reaction Time (RT) and Accuracy. Panel A shows violin plots representing the
distribution of RTs for each participant in each condition. Each point represents a participant’s average RT. Color represents
the processing context. The grey insets show the full posterior distribution of RT differences across conditions with the vertical
dashed line representing the null value of zero condition difference. The green shading represents estimates in the predicted
direction and above the null value while the red shading represents estimates below the null. Panel B shows the same information
but for first shift accuracy.
Behavioral analyses: RT. To make RTs more suitable
for modeling on a linear scale, we analyzed responses in
log space with the final model specified as: log(RT ) ⇠
noise condition + age group + (noise condition | sub id) +
(noise condition | target item). Panel A of Fig. 2 shows the
full RT data distribution and the full posterior distribution of
the estimated RT difference between the noise and clear conditions. Both children and adults were slower to identify the
target in the noise condition (Children Mnoise = 500.19 ms;
Adult Mnoise = 595.23 ms), as compared to the clear condition (Children Mclear = 455.72 ms; Adult Mclear = 542.45
ms). RTs in the noise condition were 48.82 ms slower on
average, with a 95% HDI ranging from 3.72 ms to 96.26 ms,
and not including the null value of zero condition difference.
Older children responded faster than younger children (Mage
= -0.44, [-0.74, -0.16]), with little evidence for an interaction
between age and condition.

(Madults = 90%) than children (Mchildren = 61%). The key result is that both groups showed evidence of higher accuracy
in the noise condition: children (Mnoise = 67%; Mclear = 61%)
and adults (Mnoise = 92%; Mclear = 90%). Accuracy in the
noise condition was on average 4% higher, with a 95% HDI
from -1% to 12%. Note that the null value of zero difference
falls at the very edge of the HDI. But 95% of the credible values are greater than zero, providing evidence for higher accuracy in the noise condition. Within the child sample, there
was no evidence of a main effect of age or an interaction between age and noise condition.
Model-based analyses: EWMA. Fig. 3 shows the proportion of shifts that the model classified as random vs. languagedriven for each age group and processing context. On average, 41% (95% HDI: 32%, 50%) of children’s shifts were categorized as language-driven, which was significantly fewer
than adults, 87% (95% HDI: 78%, 96%). Critically, processing speech in a noisy context caused both adults and children
to generate a higher proportion of language-driven shifts (i.e.,
fewer random, exploratory shifts away from the speaker),
with the 95% HDI excluding the null value of zero condition difference (bnoise = 11%, [7%, 16%]). Within the child
sample, older children generated fewer random, early shifts

Accuracy. Next, we modeled adults and children’s first
shift accuracy using a mixed-effects logistic regression with
the same specifications (see Panel B of Fig. 2). Both groups
were more accurate than a model of random responding (null
value of 0.5 falling well outside the lower bound of the
95% HDI for all group means). Adults were more accurate
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Figure 3: EWMA results for children and adults. Each point
represents the proportion of shifts categorized as languagedriven (as opposed to guessing) for a single participant. Color
represents the processing context.

Figure 4: HDDM results. Each panel shows the posterior distribution for either the boundary separation or drift rate parameters for children (top panels) and adults (bottom panels).

General Discussion
(Mage = -0.21, [-0.35, -0.08]). There was no eivdence of an
interaction between age and condition. This pattern of results suggests that the noise condition caused participants to
increase visual fixations to the language source, leading them
to generate fewer exploratory, random shifts before accumulating sufficient information to respond accurately.

Language comprehension in grounded contexts involves integrating information from the visual and linguistic signals.
But the value of integrating visual information depends on
the processing context. Here, we presented a test of an
information-seeking account of eye movements during language processing: that listeners flexibly adapt gaze patterns
in response to the value of seeking visual information for accurate language understanding. We showed that children and
adults generate slower but more accurate gaze shifts away
from a speaker when processing speech in a noisy context.
Both groups showed evidence of prioritizing information accumulation over speed (HDDM) while guessing less often
(EWMA). Listeners were able to achieve higher accuracy in
the more challenging, noisy context. Together, these results
suggest that in settings with a degraded linguistic signal, listeners support language comprehension by seeking additional
language-relevant information from the visual world.
These results synthesize ideas from several research programs, including work on language-mediated visual attention
(Tanenhaus et al., 1995), goal-based accounts of vision during
everyday tasks (Hayhoe & Ballard, 2005), and work on effortful listening (Van Engen & Peelle, 2014). Moreover, our
findings parallel recent work by McMurray, Farris-Trimble,
& Rigler (2017) showing that individuals with Cochlear Implants, who are consistently processing degraded auditory input, are more likely to delay the process of lexical access as
measured by slower gaze shifts to named referents and fewer
incorrect gaze shifts to phonological onset competitors. McMurray et al. (2017) also found that they could replicate these
changes to gaze patterns in adults with typical hearing by degrading the auditory stimuli so that it shared features with the
output of a cochlear implant (noise-vocoded speech).
The results reported here also dovetail with recent devel-

HDDM. Fig. 4 shows the full posterior distributions for
the HDDM output. Children had lower drift rates (children
Mdri f t = 0.59; adults Mdri f t = 1.9) and boundary separation
estimates (children Mboundary = 1.16; adults Mboundary = 1.67)
as compared to adults, suggesting that children were less efficient and less cautious in their responding. The noise manipulation selectively affected the boundary separation parameter, with higher estimates in the noise condition for both age
groups (bnoise = 0.26, [0.1, 0.42]). This result suggests that
participants’ in the noise condition prioritized information accumulation over speed when generating an eye movement in
response to the incoming language. This increased decision
threshold led to higher accuracy. Moreover, the high overlap in estimates of drift rate suggests that participants were
able to integrate the visual and auditory signals such that they
could achieve a level of processing efficiency comparable to
the clear processing context.
Taken together, the behavioral and EWMA/HDDM results provide converging support for the predictions of our
information-seeking account. Processing speech in noise
caused listeners to seek additional visual information to support language comprehension. Moreover, we observed a very
similar pattern of behavior in children and adults, with both
groups producing more language-driven shifts and prioritizing accuracy over speed in the more challenging, noisy environment.
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This work has several important limitations that pave the
way for future work. First, we chose to focus on a single
decision about visual fixation to provide a window onto the
dynamics of decision-making across different language processing contexts. But our analysis does not consider the rich
information present in the gaze patterns that occur leading up
to this decision. In our future work, we aim to measure how
changes in the language environment might lead to shifts in
the dynamics of gaze across a wider timescale. For example,
perhaps listeners gather more information about the objects
in the scene before the sentence in anticipation of allocating
more attention to the speaker once they start to speak. Second, we chose one instantiation of a noisy processing context
– random background noise. But we think our findings should
generalize to contexts where other kinds of noise – e.g., uncertainty over a speaker’s reliability or when processing accented speech – make gathering visual information from the
speaker more useful for language understanding.
This experiment tested the generalizability of our
information-seeking account of eye movements within the
domain of grounded language comprehension. But the account could be applied to the language acquisition context.
Consider that early in language learning, children are acquiring novel word-object links while also learning about visual object categories. Both of these tasks produce different
goals that should, in turn, modulate children’s decisions about
where to allocate visual attention – e.g., seeking nonlinguistic cues to reference such as eye gaze and pointing become
critical when you are unfamiliar with the information in the
linguistic signal. More generally, this work integrates goalbased models of eye-movements with language comprehension in grounded, social contexts. This approach presents a
way forward for explaining fixation behaviors across a wider
variety processing contexts and during different stages of language learning.
All data and code for this paper are available at
https://github.com/kemacdonald/
speed-acc/tree/master/paper/cogsci2018
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Abstract

The paper tests belief revision processes concerning the
hypothesis and reliability given source independence or
partial dependence. More specifically, we take point of
departure in a formal account of dependence and reliability
(Bovens & Hartmann, 2003, chapter 3) and test their
intuitions and predictions empirically.

The paper explores how people revise their belief in a
hypothesis and the reliability of sources given independence
of sources or partial dependence (e.g. the sources share a
background). Specifically, we test a formal model of
reliability revision.
The study provides support for Bovens and Hartmann’s
model of reliability revision. If a source provides a positive
report for an unlikely hypothesis, participants initially revise
the reliability of the source negatively. However, as additional
positive reports emerge, they increase their estimate of the
reliability of the source. Further, if it becomes known the
sources are partially dependent (here, taught the same school
of thought), the reliability of the source decreases again. Both
of these findings are in line with the Bayesian approach to
reliability revision.
Keywords: Bayesian
Sequential testimonies

reasoning;

Reliability

The impact of source reliability on belief
revision1
The reliability of the source is crucial for reasoning and
decision-making and requires formal modeling. It influences
a range of human cognitive phenomena such as the
reception of persuasive messages (Petty & Cacioppo, 1984;
Tormala & Clarkson, 2007), the development of children’s
perception of the world (Harris & Corriveau, 2011), legal
reasoning (Lagnado et al., 2013), adherence with persuasion
strategies (Cialdini, 2007), and how people are seen in
social situations (Fiske et al., 2007; Cuddy et al., 2011).
Cognitive and social psychology has approached this
source reliability question in a number of different ways.
Reliance on the reliability of others has been described as a
shallow persuasive cue (Petty & Cacioppo, 1984), and,
alternatively, as rationally justified (Hahn et al., 2009).
Harris et al (2015) tested a model that amalgamates two
components of reliability: perceived trustworthiness and
perceived expertise. Expertise refers to the capacity of
providing accurate information about the topic. This is
domain-dependent. For example, a carpenter may provide
relevant and accurate information about types of wood and
how they should be handled, but may not be able to provide
guidance in neurosurgery. Trust, on the other hand, refers to
the intention of providing true and accurate information to
the best of their ability. For example, if the carpenter has a
motive to sell surplus wood, she may falsely claim a
particular type of wood is useful even in situations where it
is not. These components are orthogonal such that a person
can be highly expert, but very untrustworthy and vice versa.

revision;

Introduction
In everyday life, we constantly get information from sources
such as meteorologists, friends, and co-workers. Further,
multiple sources often provide reports about the same topic
– for example, we may read different columns that forecast
the economic impact of Brexit. Sources may be independent
of one another (producing data and conclusions in isolation
from other sources) or dependent (e.g. sources discuss prior
to their individual reports or share a common background).
The structure of dependence is crucial.
A failure to appreciate the dependence of information can
lead to potentially disastrous conclusions. If an intelligence
agency gets multiple reports concerning weapons of mass
destruction in a foreign country, they may increase their
belief in the veracity of this proposition (unlikely as it may
be prior to the reports). Multiple cooperating reports may
sway the agency to believe an improbable hypothesis. If it
subsequently becomes known that all reports came from
sources with a common, flawed approach, the cooperation
of the reports is compromised. That is, a failure to
appreciate the dependency or independence of sources is
critical to reasoning and decision-making.

1

Some papers describe source credibility and others reliability.
To ease the reading experience, we only use ’reliability’.
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Bayesian approaches to reasoning take point of departure
in subjective, probabilistic degrees of beliefs in propositions
where the posterior degree of belief in a proposition is
captured by Bayes’ theorem (Oaksford & Chater, 2007;
Howson & Urbach, 1996). The approach is suggested as an
alternative to logicist approaches to reasoning (Oaksford &
Chater, 1991) and has been applied to argumentation theory
(Hahn & Oaksford, 2006; 2007). The findings suggest
Bayesian reasoning can account human information
integration in practical reasoning.
In Harris et al (2015), Bayes’ theorem integrates elements
of reliability such that the posterior degree of belief in the
hypothesis (H) given the representation (Rep) yields:

Fig. 1: Independent condition. Each source has an
independent reliability (Rel) and provides a report (Rep)
conditionally independent of other sources.

2

This condition refers to instances where the sources are
considered entirely independent of one another. For
example, climate scientists may conduct independent
studies of the same phenomenon and produce reports of
their findings without any knowledge of the conclusions of
the other teams. This would constitute fully independent
sources, as they do not rely on the same apparatus, do not
share results before making their reports known, and do not
communicate between teams. However, sources may share a
common background (e.g. attending the same school). If so,
the sources become partially dependent (see fig. 2 for an
example of dependence).

This allows agents to use their perception of the reliability
(trustworthiness and expertise) of the source to update their
belief given a positive or negative report from that source.
This framework has been tested empirically and has been
shown to capture how people update their beliefs given
information from more or less reliable independent sources
(Harris et al., 2015; Madsen, 2016).

Super reliability and reliability revision
Studies of belief revision and propagation tend to focus on
subjects’ belief in the hypothesis, either as a result of new
evidence (e.g. Bayesian belief revision models of reasoning
and argumentation) or as a result of reports from other
sources (e.g. Bayesian source reliability models). This focus
makes sense, as the belief in the hypothesis motivates or
influences decisions such as voting, economic behavior, etc.
while the reliability of the source can be seen as an auxiliary
factor in updating the belief in the hypothesis.
These studies indicate that perceived reliability influences
belief revision concerning the hypothesis. This means the
perception of source reliability itself is important in the
belief revision process. Therefore, if the perceived reliability
of the source changes, Bayesian normative models suggest
the subsequent impact of that source should change also.
For example, the Boy Who Cried Wolf made continuous
bad forecasts (willingly), which caused the villages to
decrease their reliability estimate of the boy (with disastrous
consequences).
Bovens and Hartmann (2003) provide a foundational
perspective on modeling source reliability from a Bayesian
perspective. In their book, they show the structure and
relationship of sources influence the degree to which their
reports should normatively shape the recipient’s belief in the
hypothesis and the posterior degree of belief in the
reliability of each source given multiple testimonies.
Sources may be independent of one another (fig. 1) or be
linked in a partially dependent manner (fig. 2).

Fig. 2: Super Reliability condition. All source reliabilities
now share a common ancestor "super reliability" (e.g.
shared background).
In fig. 2, the sources share a background. This provides a
constraint on the informativeness of each source, as their
reliabilities are influenced by a common-cause (e.g.
economists coming from the same good or bad school).
Assuming interpretation of the source does not allude to a
myriad of conclusions, if the reliability of sources are now
conditional on a common background, that background can
weaken the impact of the reports provided by those sources.
For example, if several doctors provide diagnoses for a

2

P(Rep|H) = P(Rep|H, exp, T) * P(Exp) * P(T) + P(Rep|H, ¬exp, T) *
P(¬Exp) * P(T) + P(Rep|H, ¬exp, ¬T) * P(¬Exp) * P(¬T) + P(Rep|H, exp,
¬T) * P(Exp) * P(¬T); mutatis mutandis for P(Rep|¬H)
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patient, it makes an operational difference to the impact of
their reports if they were found to all have attended the
same low standard medical course. In comparison to a fully
independent case, recipients should treat reports from these
doctors as partially compromised. This shared background
not only influences the reliability of each source, but in turn
influences the degree to which reports from those sources
impact the hypothesis.
Bovens and Hartmann (2003) provide a formal way to
calculate “…how the posterior probability of the reliability
of the nth witness increases as more and more witness
reports from in” (p. 79):
P*(n)(RELn) = P(RELn|REL1, …, RELn)

of guilt, as the function of the jury is to reach a consensus
beyond reasonable doubt), from a shared source (sources
may provide identical information if they have all consulted
the same data set or book), or via sharing a common
reliability ancestor (such as working in the same
organization or having attended the same schooling). The
latter is a case of Super Reliability (SR).
Direct communication and source consensus implies
strong dependence, as the sources are required to share their
beliefs (e.g. a jury). Comparatively, a shared background
implies weaker dependence, as individual source
reliabilities mediate the impact of the overarching super
reliability (e.g. having attended the same formal training
still allows for differences in how well individuals use it).
While both types of dependency are certainly of interest, the
current paper explores dependency through a shared
background. This is in line with forecasting literature (see
e.g. Hogarth, 1989; Soll, 1999)
Finally, we explore whether participants adjust reliability
estimates of sources retrospectively, or if additional reports
only reflect on the most recent sources. That is, after the
first report, participants provide their reliability estimate for
the first source (the one that provides the positive report).
We explore whether seeing subsequent positive reports for
the same hypothesis leads to a revision of the reliability of
the original source despite the fact that this source does not
contribute with additional reports.
If participants revise their beliefs about the reliability of
the source retroactively, we should see no differences
between estimates of source reliability given new reports, as
previous sources are also revised in light of new reports. If,
however, participants do not revise beliefs retrospectively,
the reliability of sources should differ, as participants learn
additional information.

where u refers to the probability of reliability of the SR,
P(SR), s refers to the conditional probability: 1 >
p(RELi|SR), and t refers to the conditional probability >
p(RELi|SR) > 0, a refers to a randomization parameter, and
h refers to the prior probability of the hypothesis3.
They show the posterior degree of reliability of the nth
witness (or source) depends on the randomization parameter
(a) and prior probability of the hypothesis (h). For example,
if a = .9 and h = .3, initial witness reliability falls to .25 (see
p. 80), but increases as additional positive reports confirm
the initial report. Importantly, the current study does not
elicit a randomization parameter specifically. Consequently,
we test if the overall intuitions are in line with observed
data. We describe the hypotheses in more detail in the
following.

Present Research
In the paper, we explore four hypotheses. First, we explore
whether participants revise their belief in the reliability of
the source in line with Bovens and Hartmann (2003). For
improbable hypotheses (in chapter 3, Bovens and Hartmann
cite p(h) = 0.3), a single positive report should decrease the
reliability of the source. However, as independent sources
continue to cooperate and supply positive reports, the
reliability of the sources should increase. That is, p(rel)
should initially decrease given unlikely statements, but then
increase with additional reports.
Second, in line with Bovens and Hartmann, sources that
provide positive statements for highly likely hypotheses
(e.g. p(h) = .9) should neither increase nor decrease, as they
are merely confirming what is a priori very likely.
Third, we explore whether source independence adjusts
reliability estimations. If sources are wholly independent,
they should, normatively, update in line with the predictions
tested in the first hypothesis. If, however, sources are
dependent, this pattern should change. Dependency may
result from direct communication between the sources (e.g.
members of a jury will eventually provide identical verdicts

Method
To test the above hypotheses, we employ the following
methodological manipulations: To test H1 & H2, the prior
probability of the hypothesis is manipulated as high/low.
This allows exploration of whether reliability initially
decreases and then subsequently increases given additional
positive reports for highly unlikely statements (H1) and if
providing positive reports for highly probably does not
exhibit this effect (H2). To test H3, additional corroborating
sources are incrementally introduced, followed by an SR
manipulation. SR was presented as either high reliability (a
school with an excellent reputation) or low (a school with a
poor reputation). This explores the sensitivity to the
goodness of the SR. To test H4, p(h) as well as P(rel)
estimates are elicited after each report for the hypothesis as
well as for every source (meaning p(rel) of source1 is
elicited thrice, once after each positive report).

Materials and procedure
Materials: In order to test the above hypothesis, two
scenarios were used. In scenario 1 (low probability
condition), participants were asked to consider the

3

See appendix C.3 and C.4 in Bovens and Hartmann for the full
derivation.
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likelihood of a market crash within a 6-month period.
Specifically, they see the following:

completely certain the stock market will NOT crash within
the next 6 months; 1: I am completely certain the stock
market will crash within the next 6 months) and their belief
in the reliability of the type of source (economist or
biologist) from 0-1 (0: biologists are completely unreliable;
1: biologists are completely reliable).
Having provided their priors, participants saw sequential
reports from experts (in total, participants read 3 reports, all
of whom were positive). After each report, participants
provided their degree of belief in the hypothesis as well as
their degree of belief in the reliability of each source (the
reliability source1 was elicited thrice, but the reliability of
source3 was only elicited once after the third report).
Finally, participants were asked to “…consider two
possible continuations to the scenario, providing your
assessments for each”. They then read both SR conditions
and were asked to provide their degree of belief in the
hypothesis and in the reliability of each expert given the
dependency between the experts.
The study was a within-subjects design to decrease noise
from interpretation. They responded to all questions for each
scenario before seeing the 2nd scenario. All conditions were
counterbalanced (50% read the market crash first; 50% saw
high SR first). Thus, participants read two scenarios (low
and high probability), read 3 reports for each scenario and
read two hypothetical continuations of the scenario (high
and low SR conditions).

Imagine you are watching a news programme about the
economy. Specifically, the programme considers whether or
not the UK stock market will crash (i.e. fall by more than
30%) within the next 6 months. Historically, the likelihood of
a crash occurring within a 6-month window is 5%.
In your opinion, how likely is the UK stock market to crash
within the next 6 months?

Scenario 2 (high probability condition) considers the
likelihood that the salmon population will grow within a 5year period. Specifically, they see the following:
Imagine you are watching a nature programme about fish.
Specifically, the programme considers whether or not the
salmon population of Norway will grow (i.e. increase by more
than 10%) over the next 5 years. Historically, the likelihood
of an increase in the salmon population in Norway within a 5year window is 85%.
In your opinion, how likely is the salmon population of
Norway will grow over the next 5 years?

In addition to the scenarios, participants were presented
with statements from experts in the field (economist and
biologists). This allowed for reliability measures of the
sources. For the biological scenario, they saw the following:
Reliability can be defined as having access to relevant
information about a topic, and a willingness to say what you
believe to be the true state of the world.

Participants

How reliable are biologists in predicting the growth of
species?

100 participants (68 female, µage = 31.88, σ = 10.34) were
recruited from the online recruitment source Prolific
Academic. All had to be aged 18+ and native English
speakers from either the UK or the USA. All participants
had to have a prior completion rate of 95%.
Average completion time was 5.63 min (σ = 2.95) and
participants were paid £1.10 (resulting in an effective fair
hourly wage of roughly £11.7/hour for participation). No
participants were excluded from the analysis.

To generate reports about the hypothesis, participants were
told experts had been interviewed. Specifically, they saw the
following:
Now, imagine that a biologist, Linda, is being interviewed about
the salmon. Linda states the following: “I am completely
certain the salmon population of Norway will grow over the next
5 years.”
Given Linda’s report, how likely is the salmon population of
Norway will grow over the next 5 years?

Results

Finally, to generate SR conditions (high and low), the
participants were told the experts had attended the same
school. Specifically, the saw the following:

The probability manipulations were successful in generating
high and low estimates for the two scenarios: The market
crash scenario was rated as unlikely (µ = .29, σ = .23) and
the salmon growth scenario was rated as likely (µ = .77, σ =
.15). The unlikely scenario was particularly fortunate, as the
example from Bovens and Hartmann uses h = .3, making the
current scenario comparable to their example. In Bovens
and Hartmann, p(rel) = .5. Both sources in our scenarios
were rated higher (p(rel_economist): µ = .64, σ = .18;
p(rel_biologist): µ = .73, σ = .15). Importantly, though, both
sources were rated positively, which allows to test whether
positive reports of unlikely hypotheses influence reliability
estimates negatively.
To test whether participants revise their belief in the
reliability of the source in line with Bovens and Hartmann
(hypothesis 1), we explore if participants adjusted reliability
estimates in the initial source given sequential testimonies.

It turns out, all the interviewed biologists studied at the
same school and subscribe to the same biological models.
Their school has a very good reputation for excellent
teaching and accurate approaches to biology [HIGH SR
condition]// Their school has a very bad reputation for
sloppy teaching and out-dated approaches to biology [LOW
SR condition].
Given the fact that they all studied at the same school and
follow the same biological models, how likely is the salmon
population of Norway will grow over the next 5 years?

In all, the material includes prior beliefs, p(h) and p(rel),
reports, posterior beliefs, p(h|rep) and p(rel|rep) as well as
SR manipulation, high and low.
Procedure: Participants first provide prior estimates for
their beliefs in the hypothesis on a scale from 0-1 (0: I am
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In chapter 3, Bovens and Hartmann provide a model that
shows positive reports of an unlikely hypothesis should
initially decrease estimates of reliability.

µprior = .65, σ = .24, µbad_SR = .32, σ = .23, µgood_SR = .55, σ =
.22, df = 1, F = 32.91, p < 0.001). For the likely scenario,
the effect is less strong (salmon growth: µprior = .81, σ = .14,
µbad_SR = .64, σ = .20, µgood_SR = .78, σ = .15, df = 1, F =
19.66, p < 0.001). We observe the same tendency for degree
of belief in the reliability of the sources (salmon growth:
µprior = .78, σ = .15, µbad_SR = .50, σ = .20, µgood_SR = .77, σ =
.16, df = 1, F = 33.95, p < 0.001; crash: µprior = .62, σ = .22,
µbad_SR = .34, σ = .23, µgood_SR = .56, σ = .22, df = 1, F =
27.73, p < 0.001). In addition, the SR manipulation works,
as paired-sample t-tests show low-quality dependency is
significantly lower than high-quality dependency. This
holds for belief in the hypothesis (crash: t = 5.704, p <
0.001; salmon: t = 6.735, p < 0.001) and reliability
(economist: t = 5.782, p < 0.001; biologist: t = 9.763, p <
0.001). For a visual overview, see fig. 4.

Fig. 3: p(h), p(h|rep1-3), p(rel_source1), p(rel_source1|rep1-3)
for both conditions (p(h) = .29 and p(h) = .77)
In line with the predictions from Bovens and Hartmann, we
observe a negative revision of reliability of source 1 given a
positive report of an unlikely hypothesis (in the current
design, the source predicts the stock market will crash
within a 6-month period). However, as other participants
learn other experts provide identical reports, they revise
their belief in the initial source and revise reliability in a
positive direction. This specifically tested a scenario with a
low prior probability (here, p(h) = .29).
In addition, participants increase belief in the likelihood
of the hypothesis whilst they simultaneously decrease belief
in the source reliability. While the paper tests the former
(change in reliability), it is worth noting the participants
follow previous findings (e.g. Harris et al., 2015) that show
p(h|rep) increases if the source is viewed as reliable.
To test whether sources that provide positive statements
for highly likely hypotheses neither increase nor decrease
their reliability (hypothesis 2), we conduct a one-way
ANOVA to test if the reports change the estimation of the
reliability of the biologist. While there is a slight increase in
reliability across conditions (µprior = .73, σ = .15; µfirst = .75,
σ = .16; µsecond = .76, σ = .15; µthird = .78, σ = .15), we see no
significant difference between conditions (df = 3, F = 2.061,
p = .105). This suggests the reliability estimates of reliable
sources providing positive reports for likely statements
neither increase nor decrease. This can be seen visually on
fig. 2 where p(rel) remains fairly flat.
To test whether source independence adjusts reliability
estimations (hypothesis 3), we compare posterior degrees of
belief in the hypothesis and the reliability of the sources. As
described in the above, we manipulate the reliability of the
SR and compare p(h|rep3) with p(h|SR) and p(rel|rep3) with
(rel|SR) for high and low SR conditions.
In line with predictions, a one-way ANOVA shows
significant decreases the degree of belief in the hypothesis
when sources are dependent for the unlikely scenario (crash:

Fig. 4: p(h), p(h|rep1-3), p(rel_source1), p(rel_source1|rep1-3),
p(h|SR_bad), p(h|SR_good), p(rel|SR_bad), and
p(rel|SR_good) for both conditions
To test whether participants adjust reliability estimates of
sources retrospectively, or if additional reports only reflect
on the most recent sources (hypothesis 4), we conduct a
one-way ANOVA between the source reliability estimates
of all sources. Specifically, we compare participants’
estimates of the reliability of source1 after all reports have
been provided. The ANOVA shows no difference between
conditions (df = 2, F = .060, p = .942). This suggests people
are update their belief in source1 retroactively given new
reports from additional sources even if source1 does not
contribute with additional reports.

Discussion and concluding remarks
The paper explores how sequential testimonies and partial
dependence modulates reliability estimates of sources. We
explored four hypotheses:
First, we tested whether participants revised their
posterior degree of belief in the reliability of the source in
line with Bovens and Hartmann (2003). The data supports
this prediction, as p(rel) initially decreased given a positive
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report of an unlikely hypothesis (h = .29), but subsequently
increased as more positive reports came through.
Second, we tested whether sources that provide positive
statements for highly likely hypotheses neither increase nor
decrease their reliability. The data provides indicative
support for this, as reliability of sources remained constant
in the scenario with a likely prior probability (h = .77).
Third, we explored whether source independence adjusted
reliability estimations. The data provides support for this
hypothesis. When participants learned the experts attended
the same school, they adjusted their posterior degree of
belief negatively, both for the hypothesis and the reliability
of each source. In line with expectations, the effect was
stronger if the experts’ school was bad compared with the
scenario where the school was described as excellent.
Finally, we test if participants revised posterior degree of
belief in the reliability of the source retrospectively. The
data supports this hypothesis, as source1 initially decreased
when reporting an unlikely hypothesis. Yet, as sources2-3
provided similar reports, reliability of source1 was adjusted
in line with the nth source (enjoying the same reliability as
source2 after 2 reports, mutatis mutandis with source2-3 after
3 reports). Overall, the data provides preliminary support for
the model provided by Bovens and Hartmann.
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Future work
We stress the exploratory nature of the study, as we did not
elicit a specific randomization parameter and only tested
two scenarios. One of these were specifically designed with
a high prior probability in the hypothesis, as this should not
reduce or increase the reliability of the source. As such, this
case functions as a control scenario. Additionally, we did
not explore a range of different dependency structures such
as direct communication and consensus (the jury case), oneway dependency (source n can see the reports of source n-1
before making her statement whilst source n-1 cannot see
the reports of subsequent sources), or other types of
information structures between sources. Future work should
test reliability updating given a much wider range of social
and information structures, a wider range of hypotheses,
different signal strength, and differences in SR.
The study offers confirmatory evidence for the predictions
made by Bovens and Hartmann. Formalising the dynamics
of reliability and hypothesis revision is of considerable
interest for dynamic systems exploring belief diffusion or
propagation in social networks (e.g. Vallinder & Olsson,
2014; Duggins, 2016).
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Abstract
This study investigated the delegation of tasks to a partner in
cooperation with a human partner and with an automation system as a system partner. In the experiment, a line-tracing task
was used, in which the performance in the task of the participants and their partners was dynamically altered at multiple
levels. The participants were informed that their task partners
were human (human condition) or automation system (system
condition). However, in reality, all participants performed their
task with an automation system. The results showed that a relationship between subjective trust in the partner and the percentage of the task delegated to the partner was found only in
the system condition but not in the human condition. Moreover, sensitivity to change in the task performance of the participants and their partners was higher, and the suitability of
task delegation was greater in the system condition than in the
human condition. These results were discussed based on the
previous studies.
Keywords: Automation system; Task delegation; Trust; Misuse; Disuse

Introduction
Cooperation with automation system
In recent years, automation systems are entering all aspects
of life, technologies such as AI development. An automation
system is a technology that autonomously conducts a task on
behalf of human beings (Parasuraman & Riley, 1997). Currently, automation systems such as cleaning robots and automated driving systems become prevalent. In the future, many
human activities are expected to be automated. Automation
systems are artifacts that equip decision-making mechanisms
and have autonomy. They can behave like agents that have
autonomy, adaptability, sociability, and learnability (Sarter
& Woods, 1997). Having progressed to this point, automation systems are different from tools that strengthen physical
or cognitive functions. Human activities that are undertaken
with automation systems are considered to be done in cooperation with a partner rather than with a tool (e.g., Paris,
Salas, & Cannon-Bowers, 2000; Klein, Woods, Bradshaw,
Hoffman, & Feltovich, 2004).
When working with an automation system, the human operator has a role of supervisory control (e.g., Lee & Moray,
1992; Lee & See, 2004; Muir, 1994; Muir & Moray, 1996).
It is a matter of the greatest importance in supervisory control to monitor the task performance of a system and decide
whether or not to delegate a task to it, based on which is superior in the task, the human operator or the system. Norma-
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tively, a human operator should delegate a task to the system
when the system has a better performance than the operator
does; however, a human operator should not delegate a task
to the system and should conduct the task by him- or herself
when the system has poorer performance than the operator.
However, task delegation is not always decided according to
superiority of performance.
Unsuitable task delegation to an automation system is
called misuse or disuse (Parasuraman & Riley, 1997). Misuse is when a human operator delegates a task to a system
when the system shows worse performance than the operator.
By contrast, disuse occurs when a human operator does not
delegate a task to a system when the system has a better performance than the operator does. For example, an automated
driving system might not sense oncoming traffic or road conditions in extremely bad weather. Misuse would occur when
the driver delegates driving to the automated driving in a situation where manual driving is superior. Therefore, misuse can
cause fatal accidents. Contrarily, disuse happens when the
driver does not delegate the driving to the automated driving
system, even though the system is able to handle the situation
better than the driver. Disuse could cause human excessive
workload, which could lead to accidents.
As noted above, automation systems are different from
classical tools that strengthen human physical functions, such
as knives and hammers, and from cognitive artifacts that
strengthen human cognitive functions, such as computers. In
some aspects, automation systems could be considered a third
generation of artifacts and new partners for human beings.
Current reality dictates that it is important to know the features of cooperation with automation systems as partners and
understand the difference between working with one and cooperating with a human partner.

Determinative factors for task delegation to an
automation system
Because an automation system has a complex internal information process and autonomy, the operator can hardly understand how the system internally processes environmental influences and the operations of the operator (Rasmussen,
1986). The internal processes of a highly advanced automation system are all the more a black box. Therefore, it is
difficult for the operator to perceive possibilities of system
performance or predict system behavior.

Previous studies have shown that in cooperation with such
an automation system, the operator forms trust in the system,
and based on this trust, the operator decides whether or not to
delegate a task to the system. Lee and See (2004) stated that
trust could be defined as the attitude that an agent will help
achieve an individual’s goals in a situation characterized by
uncertainty and vulnerability, and the agent could be either
human or automation system.
Lee and Moray (1992) investigated the relationship between trust in an automation system and task delegation to
a system using a juice plant task. In this task, a juice plant
was simulated on a computer. The participants were required
to pasteurize the juice, deciding whether to delegate the task
operation to the automation system or perform the task by
themselves. During the task, the system was set up to cause
a system error and not to operate normally. The participants
rated their trust in the system at certain intervals during the
task. The trust rating was found to decrease after the system
error occurred, and the amount of delegation of the task to
the system also decreased. Additionally, trust ratings gradually increased after the system restarted normal operation;
with this, the percentage of the delegation of the task to the
system also increased. The experimental results of this study
have been confirmed elsewhere (e.g., Muir, 1994; Muir &
Moray, 1996).
As shown above, the operator’s trust in the system is the
determinative factor for task delegation to an automation system. Therefore, when an operator overestimates system performance and overtrusts the system, misuse can occur; moreover, when the operator underestimates system performance
and undertrusts the system, disuse can occur (Parasuraman &
Riley, 1997).

Focus and features of this study
This study examines the features of task delegation to an automation system as a system partner compared with task delegation to a human partner. In this study, we set up a situation
of cooperation with a human partner as a control condition,
comparatively investigating the features of cooperation with
a system partner. Previous studies that have comparatively
investigated cooperation with human and system partners focused on limited activities: the reactions to the errors of the
operators or their partners (Dzindolet, Pierce, Beck, & Dawe,
2002; Lewandowsky, Mundy, & Tan, 2000). By contrast, in
this study, in order to understand the features of task delegation to a system partner directly, we set up a situation where
the superiority relationship of the task performance of the operators and their partners was dynamically changed.

Hypothesis
In relation to the determinative factor of task delegation to a
system partner, trust in the partner has been found to influence decision making for task delegation (e.g., Lee & Moray,
1992; Muir, 1994; Muir & Moray, 1996). Studies have shown
that the greater the trust in a system partner is, the more likely
that the task is delegated to the partner. On the other hand, in
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cooperation with a human partner, a person’s behavior does
not always correspond to trust in the human partner (Mayer,
Davis, & Schoorman, 1995). People show agonistic and cooperative behaviors with respect to their human partners in
spite of their degree of trust. Based on these findings, it is
assumed that a relationship between trust in the partner and
task delegation to that partner will appear only with system
partners and not with human partners. Hypothesis 1 (H1) is
as follows.
H1: A relationship between trust in a partner and task delegation to that partner appears only with system partners, not
with human partners.
Moreover, studies that have investigated cooperation with
a human partner and with a system partner comparatively indicate that participants’ sensitivity to task execution errors of
the participants and their partners was higher in with system
partners than with human partners (Dzindolet et al., 2002;
Lewandowsky et al., 2000). This means that participants
tended to show the normative delegation to system partners;
on the other hand, in cooperation with human partners, participants tended to delegate tasks to their human partners in
spite of their errors; further, participants tended to perform
tasks themselves even in the fact of their own errors.
In this study, corresponding phenomena is expected to
be observed even cases where a relationship of superiority
in the task performance of the operators and their partners
changed dynamically. In particular, the operators’ sensitivity
to changes in performance were higher in cooperation with
system partners than with human partners; that is, the operators would have a tendency to change their decision whether
or not to delegate a task to their partners according to changes
in the performance of the operators and their partners in cooperation with system partners more than with human partners. Additionally, owing to high sensitivity, suitable task
delegation is assumed to be higher in cooperation with system partners than with human partners. Hypothesis 2 (H2) is
as follows.
H2: Sensitivity to change in the performance of operators and
their partners is higher with a system partner than with a human partner. Additionally, because of high operator sensitivity to performance with regard to system partners, the suitability of task delegation is greater in cooperation with a system partner than with a human partner.

Experimental task
We used the line tracing task (Figure 1a) used in Maehigashi,
Miwa, Terai, Kojima, and Morita (2011). In the task, using a circle on the screen, the participants were to trace a
line that scrolls downward. When the circle veered off the
line, the task score was reduced due to operational error. The
participants could switch to either a partner-delegated mode
(where the operation was entirely performed by the program)

or self-operation mode (whether the operation was performed
by participants using left and right arrow keys) by pressing a
selector on the Microsoft Xbox360 controller.
In the task, to change the performance for each mode, we
manipulated the capability of each mode. In particular, we
set the capability of the partner operation (CP) and the capability of the self-operation (CS) at five levels each (30, 40,
50, 60, and 70). During the task, the values for the capability
independently changed in each mode. The higher the values
of CP and CS were, the easier the line tracing was. For example, if the values of CP and CS were 30, the straight lines
could be traced, but the curve lines were traced appropriately
only with difficulty. If the values were 50, gradually curving
lines could be traced, but steeply curving lines could not be
traced. Finally, for the values of 70, almost all lines could be
traced appropriately, and almost perfect line-tracing performance could be obtained. In this task, the percentage of task
delegation to a partner (the percentage of time that partnerdelegated mode was used) were measured at each combination of CP and CS (Figure 1b). To maximize their task score,
the participants were required to monitor the movements of
the vehicle as they performed the task and when the partner
did, choosing the mode that performed better.

(a) Line tracing task

!"#$"%&'(")*+)
&',-)."/"('0*%!

70

30

60

40

Method
Participants In all, 41 university students participated in
this experiment. They were randomly assigned to one of the
two experimental conditions: 20 participants were assigned
to the system condition, and the other 21 were assigned to the
human condition.
Procedure Each experiment was conducted as a smallgroup experiment with a maximum of six participants. First,
the participants were given instructions on the line tracing
task and their task partners. In the system condition, the participants were told that their partners were automation systems. In the human condition, they were told that their partners were other participants in the room. However, in reality,
all participants conducted the task with automation systems.
The participants were asked to achieve as high a score as possible. After receiving an explanation of the task and the partner, the participants conducted the task with four trials as a
practice. Each trial took 40 seconds. The values of CP and
CS in each trial were 30 and 70, 70 and 30, 40 and 60, and 60
and 40.
After the practice, the participants performed the task in
25 trials. Each trial consisted of one of 25 combinations of 5
(CP: 30, 40, 50, 60, 70) × 5(CS: 30, 40, 50, 60, 70). The CP
and CS values were given to the participants in randomized
order. Each trial lasted for 40 seconds. In the experiment, the
values of CP and CS were not displayed on the screen. Thus,
the participants were unaware of the values. Also, when one
trial ended and the next began, the display showed “Capabilities change” in the center of the screen. At the same time, the
number of completed trials among the 25 trials was shown.
During the task, the participants could freely switch the mode,
i.e., whether the task was delegated or not.
When the partner-delegated mode was selected during the
task, the display showed “Auto” in the system condition and
“Follower” in the human condition. When the self-operation
mode was selected, the display showed “Manual” in the system condition and “Leader” in the human condition.
After the task was performed, the participants rated their
subjective trust of their partners during the task with a 7-point
scale (1: Extremely untrustworthy, 2: Very untrustworthy, 3:
Somewhat untrustworthy, 4: Neither trustworthy nor untrustworthy, 5: Somewhat trustworthy, 6: Very trustworthy, 7: Extremely trustworthy). Also, participants were required to give
a free description of how they decided to switch modes.

50

50
CS

Experiment

60

40
70 30

Results

CP

(b) Combinations of CP and CS
Figure 1: (a) Line tracing task and (b) combinations of CP
and CS
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First, to confirm the analysis of the data, we searched for participant data in each trial 4SD above or below the mean in
each condition for the percentage of task delegation (the percentage of time in partner-delegated mode), task scores, and
the number of times the modes were switched. We eliminated
data from one participant in the human condition, whose
number of times switching modes was above 4SD from the

mean. We conducted the following analyses using data from
twenty participants in each condition.
To assess H1, we conducted a correlation analysis between
the subjective trust ratings and the percentage of task delegation in each condition. In the system condition, there
was a significant correlation (r = .52, p < .05). However,
in the human condition, there was no significant correlation
(r = .14, p = .55). This showed that a relationship between
trust in the partner and task delegation to the partner appeared
only in the cooperation with a system partner and not with a
human partner. Therefore, H1 was confirmed.
Moreover, to investigate sensitivity to change in performance in H2, we fitted a logistic regression model to the average percentage of task delegation for the 25 data points for
each participant in each condition (Figure 2). We used the
Hosmer-Lemeshow test to assess the goodness of fit of the
predicted curves to the observed data. The test was significant in neither the system (x2 (8) = 0.27, p = 1.00) nor the
human (x2 (8) = 1.74, p = .98) conditions, indicating that the
logistic curves described the data well. The calculated logistic regression formulas were as follows.
System condition
Percentage o f task delegation
= 100 × 1/(1 + e−(0.059+0.038CP−0.046CS) )

in the human condition. This result indicated that increase
in the percentage of task delegation with increase in CP was
greater for the system condition than for the human condition. Moreover, the odds ratios for CS in the two conditions
fell below 1, and the ratio was smaller in the system condition
than in the human condition. This result showed that decrease
in the percentage of task delegation with increase in CS was
greater in the system condition than in the human condition.
Figure 3 displays changes in the percentage of task delegation with changes in CP and CS. It shows that changes in
the percentage of task delegation were more sharply associated with both changes in CP and CS in the system condition
than in the human condition. These results showed that sensitivity to change in the performance of the human operators
and their partners was higher with cooperating with a system
partner than with a human partner.
Table 1: Odds ratios of CP and CS for each condition
System condition
Human condition

Odds ratio of CP
1.038
1.022

Odds ratio of CS
0.954
0.968

(1)

Human condition
Percentage o f task delegation
= 100 × 1/(1 + e−(0.509+0.022CP−0.031CS) )

(2)
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Figure 2: Predicted curve of the percentage of task delegation
according to the logistic regression model in (a) the system
condition and (b) the human condition.
We calculated the odds ratios for CP and CS from the logistic regression formula for each condition (Table 1). Each
odds ratio represented the degree of change in the percentage
of task delegation with change in CP or CS. As the odds ratio of CP or CS exceeded 1 and became larger, increase in
the percentage of task delegation with increase in CP or CS
was greater. Contrarily, as the odds ratio of CP or CS fell below 1 and became smaller, decrease in the percentage of task
delegation with increase in CP or CS was greater.
As a result, the odds ratios for CP in the two conditions exceeded 1, and the ratio was larger in the system condition than
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Figure 3: Cross-sectional figures of predicted curves and average percentages of task delegation for each condition. The
curves represent the logistic regression curves for CS and CP
(30, 50, and 70), and dots and squares represent the observed
average percentages of task delegation in the system and human conditions respectively.
Finally, to investigate the suitability of the task delegation

in H2, we divided the 25 data points, 5 (CP: 30, 40, 50, 60,
70) × 5(CS: 30, 40, 50, 60, 70), into 10 data points where the
values of CP were greater than those of CS (partner superiority) and 10 data points where the values of CS were greater
than those of CP (self-operating superiority). Suitable delegation in this task means a high percentage of task delegation
for partner superiority and a low percentage of the task delegation for self-operating superiority. Task delegation to one’s
partner for the two different superiorities indicates different
meanings. Therefore, we compared the average percentage
of task delegation in the two conditions for each superiority
(Figure 4).
For partner superiority, there was no significant difference
in the average percentage of task delegation in the two conditions (t(38) = 0.78, n.s.). On the other hand, for selfoperating superiority, the average percentage of task delegation was significantly lower in the system condition than in
the human condition (t(38) = 3.88, p < .001). These results
showed that the suitability of task delegation was greater in
cooperation with a system partner than with a human partner.
Logistic regression analysis indicated that sensitivity to
change in the performance of the participants and their partners was higher with a system partner than with a human partner. In addition, the results of an analysis of the superiority of
partner-delegated and self-operating modes revealed that the
suitability of the task delegation was greater with a system
partner than with a human partner. Thus, H2 was confirmed.

Figure 4: Percentage of task delegation in partner superiority
and self-operating superiority

General discussion
In this study, to understand the features of task delegation
to a system, in cooperation with a system partner, compared
with task delegation to a human partner, we set up a situation where the superiority relationship of task performance
between the participants and their partners was dynamically
changed, investigating the task delegation to partners. As the
development of automation systems progresses, it is important to compare cooperation with human partners and with
automation systems as system partners.
The results revealed that a relationship between trust in a
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partner and task delegation to the partner appears only where
there is cooperation with a system partner but not with a human partner. When working with a system partner, a human operator forms trust based on its performance and decides whether or not to delegate a task according to that trust
(e.g., Lee & Moray, 1992; Muir, 1994; Muir & Moray, 1996).
However, when working with a human partner, people can be
cooperative without trusting each other (Mayer et al., 1995).
For example, if one person is motivated to behave as his or
her partner desires, the two can cooperate with each other.
In cooperation with a system partner, trust in the partner is
a determinative factor for the task delegation. However, in
cooperation with human partners, other factors influence task
delegation.
Previous studies (Dzindolet et al., 2002; Lewandowsky et
al., 2000) that comparatively investigated cooperation with a
human partner and with a system partner did not investigate
whether there was direct relationship between trust in a partner and task delegation. This study investigated this direct
relationship and indicated a difference in relationships of cooperation with a human and system partners.
Moreover, we confirmed that with a system partner, sensitivity to change in the performance of the operators and their
partners was higher, and the suitability of the task delegation
was greater than with a human partner; that is, in cooperation with a system partner, the participants were assumed to
change their trust in the partners and decision of task delegation according to changes in the performance of the participants and their partners. On the other hand, in cooperation
with a human partner, the concept of equity in effort, found
in the field of social psychology, is considered a possible determinative factor for task delegation. As a result of the influence of equity in effort, sensitivity and the suitability might
be lower in the human condition than in the system condition.
In cooperation with a system partner, a human operator
perceives that he or she bears the ultimate responsibility of
a task (e.g., Muir, 1987). However, in cooperation with a human partner, the responsibility of a task is distributed between
the person and his or her partner (Darley & Latané, 1968). In
cases where task responsibility is distributed, people tend to
match their activities and efforts (Jackson & Harkins, 1985).
An individual is sensitive to this equity in effort in human
cooperation; in particular, he or she sensitively perceives
whether others lower their own efforts depending on his or her
efforts, in a phenomenon called the free-rider effect, and tried
to avoid this type of situation (e.g., Schnake, 1991; Shepperd,
1993).
In this experiment, the participants in the human condition
were considered to determine whether to delegate tasks, with
the consideration of equity in effort. In other words, the participants tried to make their task execution time equal with
that of their partners. In particular, they might have adjusted
their task execution time within self-operating superiority; as
a result, they reduced the overall sensitivity to change in the
performance and the suitability of the task delegation espe-

cially in a situation where the participants performed better
in cooperation with a human partner.
In fact, the average percentage of task delegation at all the
25 data points in the human condition (M = 50.82, SD = 7.48)
settled around 50%. Additionally, after the task, the participants were required to explain in a free description how they
decided to switch the modes. Three participants in the human condition clearly stated that they tried to make their task
execution time equal to that of their partners. No participant wrote about such equality or equity in system condition.
These additional results support the possibility that the participants in the human condition performed their tasks with due
consideration of equity in effort.
Further, separately from the hypotheses in this study, there
was a difference in the average percentage of task delegation
among the 25 data points between the system and human conditions. The average percentage of task delegation was significantly lower in the system condition (M = 42.48, SD =
16.03) than in the human condition (M = 50.82, SD = 7.48)
(t(38) = 2.11, p < .05). We discuss this difference below.
Previous research (Dzindolet et al., 2002) that comparatively
investigated cooperation with human and system partners
has shown that people act with the formula that automation systems are always perfect, called the perfect-automation
schema. Therefore, if an automation system causes errors,
even if the errors are only slight, people greatly reduce their
trust in the given system and tend not to delegate tasks to it.
In this study, the capability of the partner operation was
manipulated to alter at multiple levels. Consequently, in
many situations, the system partner did not perform perfectly.
As a result, the participants in the system condition might
have lowered their trust in the system partner and tended not
to delegate tasks to it, even when it performed better than
the participants. The subjective trust rating after the completion of the task was significantly lower in the system condition (M = 4.90, SD = 1.12) than in the human condition
(M = 6.00, SD = 0.97) (t(38) = 3.32, p < .01). This result
supports the possibility that the participants lowered their
trust in the automation system and their likelihood of delegating the task to it, because of the influence of the perfect
automation schema.
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Abstract

/∫/ if the continuum is instead between a nonword-word pair
like fiss-fish. Another important top-down effect is phoneme
restoration (Samuel, 1981a,b, 1996, 1997), where a
phoneme replaced by noise is perceived (or at least
identified) consistently with lexical context (e.g., the same
noise, #, is heard as /t/ in /æf#^r/ but as /f/ in /æ#t^r/).
Participants typically report hearing all phonemes in the
obscured word, and have difficulty identifying the phonemic
position of the noise. Crucially, if a phoneme is replaced
with silence, restoration does not occur and participants
easily identify which phoneme is missing.
Norris et al. (2000, 2016) have argued that direct
feedback from words to phonemes (what they call activation
feedback) cannot benefit speech processing. They claim that
any system employing activation feedback can be matched
by a purely feedforward system wherein top-down effects
emerge from post-lexical integration of lexical and
phonemic representations (rather than online modulation of
phoneme representations by lexical feedback). Norris et al.
(2000) demonstrated that an autonomous (feedforward)
network with post-lexical integration could simulate topdown effects like those described above. They further
argued that a system tuned to optimally identify each
phoneme could not be improved by top-down feedback.
However, this ignores an important motivation for
feedback in parallel-distributed processing (PDP) models:
graceful degradation (for example, given noise). Magnuson,
Mirman, Luthra, Strauss and Harris (2018; see also
Magnuson, Strauss & Harris, 2005) have demonstrated
beneficial effects of feedback in TRACE. Magnuson et al.
compared accuracy and recognition time for every word in
the original 211-word TRACE lexicon as well as a larger,
907-word lexicon with and without feedback. As noise was
added, feedback preserved accuracy and recognition times
were faster with feedback than without.

The Time-Invariant String Kernel (TISK) model of spoken
word recognition (Hanngan et al., 2013) is an interactive
activation model like TRACE (McClelland & Elman, 1986).
However, it uses orders of magnitude fewer nodes and
connections because it replaces TRACE's time-specific
duplicates of phoneme and word nodes with time-invariant
nodes based on a string kernel representation (essentially a
phoneme-by-phoneme matrix, where a word is encoded as by
all ordered open diphones it contains; e.g., cat has /kæ/, /æt/,
and /kt/). Hannagan et al. (2013) showed that TISK behaves
similarly to TRACE in the time course of phonological
competition and even word-specific recognition times.
However, the original implementation did not include
feedback from words to diphone nodes, precluding simulation
of top-down effects. Here, we demonstrate that TISK can be
easily adapted to lexical feedback, affording simulation of
top-down effects as well as allowing the model to
demonstrate graceful degradation given noisy inputs.
Keywords: Computational models; neural networks; spoken
word recognition; interaction; feedback

To feedback or not to feedback
Theories of spoken word recognition agree on 3 principles:
(1) incrementally (as a word is heard), (2) words in memory
are activated as a function of similarity to the input and prior
probability (e.g., word frequency), and (3) activated words
compete for recognition. Theories differ in how they map
phonetic inputs to lexical items and mechanisms that they
propose to account for the dynamics of lexical competition
(Magnuson, Mirman & Harris, 2012). Notable differences
include proposals for or against lexical inhibition or topdown (lexical-to-phoneme) feedback (McClelland & Elman,
1986 vs., respectively, Marslen-Wilson & Warren, 1994 or
Norris, Cutler & McQueen, 2000, 2016). The best-known
model of spoken word recognition (SWR) is the interactiveactivation model, TRACE (McClelland & Elman, 1986),
which uses explicit lexical-phonemic feedback to account
for top-down effects in SWR (several are described below).
In contrast, Norris et al. (2000; see also 2016) have argued
that anything a feedback system can do can be done in a
system without feedback
Top-down effects in SWR include the Ganong effect
(Ganong, 1980) effect, where phoneme identification is
biased according to lexical knowledge. For example,
compared to a nonword continuum between iss and ish,
where participants are asked to identify the final consonant,
identification shifts towards /s/ if the continuum is instead
between a word and nonword pair like kiss-kish or towards

Feedback and TISK
Hannagan, Magnuson and Grainger (2013) introduced the
Time-Invariant String Kernel (TISK) model of spoken word
recognition. We will describe TISK in more detail in the
next section. For now, we note that Hannagan et al. did not
include lexical-to-N-phone feedback in the original TISK
implementation, for purposes of simplicity. Our goal in this
paper is to examine whether it is possible to implement
feedback in TISK without impeding its ability to simulate
the phenomena covered by Hannagan et al. (2013) while
endowing it with the ability to simulate familiar top-down
effects and with the robustness in noise (graceful
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ADD. The second /d/ in /dæd/ would simply be more
evidence that /d/ had occurred; the network cannot represent
two instances of /d/ in specific temporal positions.
k
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æ

ACT

d

CAT
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Figure 2: Schematic of TRACE's time-as-space encoding. At the
bottom of the figure, inputs (/k/, /æ/, /b/,) have specific alignments
(in TRACE, these would be distributed representations of overtime pseudo-spectral features). Inputs activate phoneme nodes
aligned with them, which in activate aligned word nodes. Darkness
of shading indicates approximate degree of activation. Reproduced
with permission: https://doi.org/10.6084/m9.figshare.5852556.v1.

TACK

t

Figure 1: A simple word recognition network where phonemes
feed to words, but neither order nor repeated elements can be
represented. Reproduced with permission:
https://doi.org/10.6084/m9.figshare.5852532.v1.

This reduplication strategy has been criticized many
times, beginning with the original TRACE paper
(McClelland & Elman, 1986, p. 77). We do not agree with
claims that this architecture is completely implausible (see
responses and counterarguments in Hannagan et al. [2013]
and Magnuson [2015]). However, estimates of how large
TRACE would have to be to accommodate realistic
phonological and lexical inventories raise the question of
whether more efficient solutions might be possible.
Hannagan et al. estimated that extending TRACE to
accommodate 40 phonemes and 20,000 words would
require ~1.3 million nodes and more than 40 billion
connections. This is because of the large number of timespecific nodes TRACE requires (copies of each phoneme
and word node aligned at many time slices in TRACE's
memory). Hannagan et al. developed a solution that replaces
almost all time-specific nodes with time-invariant nodes –
e.g., just one instance of each word node.
The way TISK does this is by using a variant of open
diphone coding. Open diphones are phoneme pairs (which
can be ordered or unordered; we use ordered pairs) that
occur in a string whether they are adjacent or not. For
example, the phonemes of act are /ækt/. Its ordered open
diphones are /æk/, /kt/, and /æt/. We list several examples in
Table 1 that should give an intuitive sense that enumerating
open diphones could provide distinctive codes for similar
words. It might also seem problematic that the number of
diphones will grow with word length; how do we compare a
word with one open diphone (2 phonemes long) to one with

This model is not a caricature; a model like this can be
used productively to explore the dynamics of competition
where order does not matter (e.g., cases where amount of
overlap rather than temporal distribution of overlap
matters). Indeed, the Merge model (Norris et al., 2000) has
exactly this structure. But of course, ultimately, models of
spoken word recognition (SWR) must go beyond this
simplifying assumption and grapple with the representation
of order and repeated elements.
The TRACE model (McClelland & Elman, 1986) takes an
infamously brute-force approach to the problem. TRACE
essentially translate time to space, by creating time-specific
duplicates of feature, phoneme, and word nodes. A template
for CAT is maximally activated by strongly activated /k/,
/A/, and /t/ phonemes aligned with the word node, which
must be activated by appropriately aligned pseudo-spectral
inputs on the feature level (see Figure 2). As "time"
progresses in a TRACE simulation, inputs aligned with
specific time points activate aligned features, phonemes, and
words. This time-specific "reduplication" strategy -aligning copies of each feature, phoneme, and word with
specific time points -- allows TRACE to represent temporal
order, and repeated elements. The first /d/ of DAD and the
second will activate independent /d/ nodes.
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6 (4 phonemes long) or 10 (5 phonemes long)? This is
where kernel operations come in. We can represent each
word as a phoneme x phoneme matrix, where each cell
represents an ordered phoneme, and its value is (for
example) the count of the appropriate diphone. (If we
include a "blank" for the second position, we can also
encode each single phoneme in a word, crucially providing
a means for including words consisting of a single
phoneme.) Then kernel operations – e.g., matrix similarity –
can be applied independently of word length, as the matrix
provides a length-independent representation format.

4. Does feedback allow TISK to exhibit graceful
degradation in the face of noise?
5. Can we find parameters that afford graceful degradation
in the face of noise without feedback?
Table 2: TISK and TISKfb (with feedback) parameters.
N-phone includes both single phones and diphones. There is
positive feedback to words' constituents and inhibitory feedback
from words to non-constituents (units not contained in the word).

Table 1: Examples of ordered open diphones.
Ordered open diphones
kæ, kt, æt
tæ, tk, æk
æk, æt, kt
dæ, dd, æd
æd
so, sl, ol
so x 2, sl, ol, oo

TISK does not use simple open-diphones, however. It
uses a symmetry network that weights diphone activation by
the distance between the two phones (such that /st/ would be
less activated by SPOT than STOP). Hannagan and
Grainger (2012) discuss biological plausibility of such
coding, and behavioral and brain imaging results consistent
with open bigram coding for visual word recognition. Work
by Hannagan et al. (2011) suggests that similar coding may
emerge in trained connectionist models. See Hannagan et al.
(2013) for finer details of TISK. To use TISK, see You and
Magnuson (2018), and the TISK Python repository at
https://github.com/maglab-uconn/TISK1.0.

TISK 1.1: Adding lexical feedback

RT (TISK cycles)

As we discussed above, there are several motivations for
adding feedback to TISK. First, without feedback, an
interactive activation model cannot simulate well-replicated
findings of top-down lexical effects on sublexical
processing (and to be clear, while feedback in an interactive
model achieves those lexical effects through direct lexical
influence, this remains controversial; see Norris et al., 2000
and 2016 for arguments that top-down influences can apply
post-perceptually without feedback). The second reason
appears to be less familiar to most cognitive scientists, even
though it is a primary motivation for feedback: feedback
allows graceful degradation (for example, when noise is
added to speech). This gives us a very clear 5-point agenda
in adding feedback to TISK, formulated as 5 questions:
1. TISK without feedback had similar time course and
item-specific RTs as TRACE; does TISK with feedback?
2. Can we find a parameter set (that includes top-down
lexical-to-N-phone feedback) that allows TISK to
simulate top-down effects while preserving its ability to
simulate phenomena it has already been tested on
(Hannagan et al., 2013)?
3. Are its top-down effects plausible (comparable to human
performance?

75 r = 0.97
50
25
0
0 25 50 75
RT (TISKfb cycles)

75 r = 0.84
50
25
0
0 25 50 75
RT (TISKfb cycles)

RT (TRACE cycles)

Table 2 lists parameters for the original TISK model and
for TISKfb (with feedback). The original parameters were
determined via trial and error by Hannagan et al. (2013),
and are stable to modification (a fairly wide range of values
can be used for each parameter). We found that stable
performance with feedback requires both positive feedback
from words to constituents (component diphone and single
phone units in the N-phone layer) and weaker negative
feedback to inhibit non-constituents, as well as stronger
decay for N-phone units. In order to isolate effects of
feedback, we compare TISKfb to TISK with all feedback
parameters set to zero, but with the same changes in decay
and inhibition shown in Table 2. There is not space in this
paper to report full details of our explorations of the
parameter space, but we did find that these parameter
changes actually make TISK (with or without feedback)
more robust. We now turn to the 5 questions.
Figure 3 addresses part of question 1 (are item-specific
RTs similar in TISK with feedback as in TRACE and TISK?)
by plotting item-specific RTs for TISK without feedback,
TISKfb (TISK with lexical feedback), and TRACE for the
original 211-word TRACE lexicon. Clearly, item-specific
RTs are similar.
RT (TRACE cycles)

Word
CAT
TACK
ACT
DAD
ADD
SOUL
SOLO

75 r = 0.90
50
25
0
0

25 50 75
RT (TISK cycles)

Figure 3: RT correlations for TISK, TISKfb (TISK with feedback),
and TRACE. Solid line is the identity line; dashed line is linear
best fit; 'shadow' (so narrow it is difficult to see) indicates 95% CI.

Figure 4 addresses the other part of question 1 (is the
time course of phonological competition similar in TISKfb
as in TISK and TRACE?) as well as question 2 (does
TISKfb account for everything reported in Hannagan et al.,
2013?). The rank ordering of competitor types remains the
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same, although each is damped somewhat. (Note that TISK
and TRACE differ in that 0.0 is the lowest possible
activation in TISK; hence, rank order is the crucial concern.)
Figure 5 further addresses question 2 (does TISKfb
account for everything reported in Hannagan et al., 2013?)
and plots RT in the three models as a function of "lexical
dimensions:" length, different types of competitors, and one
"external" count – the number of other words a target word
embeds into (see caption). We observe a remarkable degree
of similarity among the models in the strength and direction
of each predictor's relationship to item-specific RT.
Figures 6 and 7 address question 3 (are TISKfb's topdown effects plausible?). Figure 6 explores the Ganong
effect (Ganong, 1980). We begin with a continuum from one
phoneme to another (e.g., changing in steps from /s/ to /∫/,
i.e., ess to esh) and establish a baseline identification /s/-rate
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at each step of the continuum. If we alter the continuum
such that one endpoint corresponds to a word, while the
other corresponds to a nonword (e.g., from bus /b^s/ to
*buhsh /b^∫/, or from *russ /r^s/ to rush /r^∫/), and measure
identification again, we will find that the /s/-/∫/ decision
boundary shifts towards the lexical endpoint. To test TISK
and TISKfb on this, we created a continuum from /s/ to /∫/
and tested it without lexical context (top row of Figure 6)
with and without feedback (left and right panels) to establish
a baseline. Then we placed this continuum in the wordnonword contexts bus-*buhsh (middle row) and nonwordword contexts *russ-rush (bottom row). The contexts have
no effect in the original TISK (left panels), but shift
"identification" in the same direction it would be shifted for
human subjects with feedback (right panels).
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Figure 4: Mean time course for targets and different classes of competitors in TRACE, TISK, and TISKfb. Each line represents the mean
for a class of items over all 211 words in the original TRACE lexicon. Cohorts overlap in the first two phonemes. Rhyme items overlap in
all but the first phoneme. Neighbors differ by a single phonemic deletion, addition, or substitution. Embeddings are words embedded within
a target, while exEmbeddings are words a target is embedded within (e.g., cat has at embedded within it, at “ex-embeds” in cat).
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Figure 5: item-specific RTs in TRACE, TISK without feedback, and TISKfb (with feedback) as a function of lexical dimensions for the
211-word TRACE lexicon. Length is length in phonemes. Other dimensions are described in the caption for Figure 4. Solid lines in each
plot indicate linear best fit, and shadows on that line indicate 95% confidence intervals.
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–lush (denoted as /#l^g/ vs. /#l^S/ in Figure 7). Thus, only
the final phoneme disambiguates. Without feedback (left
panel), there is no context effect. In TISKfb (right panel),
we see two effects of lexical context. First, there is
differential activation of /b/ and /p/ after the second
phoneme occurs (step 20), because there are more /p/-onset
words than /b/-onset words in the TRACE lexicon. Second,
we see the effect we predicted: the final phoneme drives
lexical disambiguation effects on the first phoneme's
activation. The smaller impact for /p/ follows from its
denser competition neighborhood.
Questions 4 and 5 are whether we will observe
benefits of feedback (graceful degradation) like those
observed with TRACE (Magnuson et al., 2018) with
TISKfb, and whether there are parameter configurations can
allow a model without feedback to exhibit graceful
degradation. In Figure 8 (following page), we present mean
accuracy and response time (for correctly recognized items)
for TISK with the original Hannagan et al. (2013)
parameters, TISKfb, and TISK with all the same parameter
changes as TISKfb as the amount of noise we add (to every
phoneme in a word) increases. As Magnuson et al. observed
with TRACE, feedback promoted graceful degradation of
accuracy as noise increased, though there was little variation
in RT for correctly recognized items. The new parameters in
Table 2 provided substantial robustness against noise with
or without feedback compared to the original parameters.
Crucially, though, feedback provides a substantial benefit
beyond those conferred by changes in decay and inhibition
(as can be seen in the right panel of Figure 8).
A crucial question is whether the results without
feedback could be improved with different parameters.
While we have not yet searched the parameter space
exhaustively, we have heuristically searched a fairly broad
range of what appear to be the critical dimensions. The
results in Figure 8 represent approximately the best results
we have been able to obtain with and without feedback.

Figure 6: Lexical effects on phoneme activations. Top: input is
/b^?/, where /?/ is a continuum between /s/ and /∫/. On the left is
the result with TISK without feedback, with activations plotted for
/s/ and /∫/; activations change approximately linearly across the
continuum. On the right, results are plotted with TISKfb; crucially,
activations of /s/ increase, as they are consistent with the lexical
item bus, while no changes is seen for /∫/, which corresponds to a
nonword ending with sh but the same onset as bus. On the bottom
row, the opposite pattern is observed, as /∫/ is consistent with the
word rush, while /s/ would make the nonword *russ.

Conclusions
The answers to our first four questions are clearly "yes". ;
TISKfb parameters can be selected that promote stable,
TRACE-like performance while providing a basis for
modeling top-down lexical effects. The answer to the fifth
question is a qualified "yes": changes in decay and
inhibition parameters provide substantial improvement in
graceful degradation, but not to a degree that matches TISK
with feedback. Thus, our results converge with those of
Magnuson et al. (2018) in demonstrating the beneficial role
of feedback in promoting graceful degradation, contra
claims by Norris et al. (2000, 2016) that feedback in
interactive activation models can provide no benefit.

Figure 7: Retroactive phoneme restoration by following context.
The input items are /pl^g/, /bl^∫/ (complete words plug and blush)
and /#l^g/ and /#l^∫/ (plug and blush with the first phoneme
replaced with noise). On the left, without feedback, there is robust
activation of /p/ and /b/ given clear words, and transient, equal
activation given noise replacement. On the right, we see that
feedback enhances the activation of intact phonemes, and sustains
context-appropriate phonemes after the transient response to noise.
The difference in the activation of restored phonemes (/b/ given
/#l^∫/ is more activated than /p/ given /#l^g/) is due to differences
in neighborhood (blush has fewer competitors than plug).

In Figure 6, we see proactive effects of feedback;
preceding context modulates later phoneme activations. In
Figure 7, we examine potential retroactive influences in a
Ganong experiment. Here, the input is either the intact word
plug, the intact word blush, or a phoneme stimulus that is
perfectly ambiguous between /p/ and /b /followed by –lug or
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Figure 8: Graceful degradation under noise. Progressively larger amounts of Gaussian noise were added to input units. At each level of
noise, the mean of the distribution is indicated; the standard deviation was one half of the mean; after addition of noise to inputs, values less
than 0 or greater than 1 were replaced with 0 and 1, respectively. Left panel: RT for correctly recognized items under increasing levels of
noise added to input nodes for TISK with original (Hannagan et al., 2013) parameters, with TISKfb parameters from Table 2, and for TISK
"no feedback" with the new parameters from Table 2 except with feedback parameters set to zero. Effects on RT were minimal. Right: two
interesting effects were observed in accuracy. The new TISK parameters provided substantially greater graceful degradation with and
without feedback compared to the original parameters. However, feedback provided a large additional benefit.
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Abstract
Large-scale societies are impossible to perceive directly.
Unsurprisingly, lay demographic estimates are wildly
inaccurate. How should we interpret these errors? Most
accounts assume these errors are evidence of topic-specific
biases and prejudices. (e.g., “People overestimate
immigration because immigrants threaten the status quo.”)
But this glosses over the distortions that are introduced
whenever underlying perceptions are translated into explicit
numerical estimates. For instance, estimates are typically
hedged, or ‘rescaled,’ toward an expected value — a
perfectly rational strategy when information is uncertain.
We show that uncertainty-based rescaling accounts for most
error in individual demographic estimates. Residual errors
were not even always in the same direction; populations that
appeared to have been over-estimated (e.g., AsianAmericans) now appear to be under-estimated. The amount
of rescaling engaged in by an individual was proportional to
their uncertainty (about politics or about numbers).
Perceptions of society are surprisingly good; the
psychophysics of estimation gets in the way.
Keywords: numerical cognition; Bayesian estimation; confidence;
demographics; psychophysics;

Introduction
People appear to have massively warped perceptions of the
macrostructure of society. They overestimate the size of
minority groups potentially seen as threatening to the status
quo, but underestimate the size of dominant populations
(Kuklinski et al, 2000; Wong, 2007; Sigelman and Niemi,
2001; Lawrence and Sides, 2014). For instance, U.S.
residents estimate that more than 15% of the national
population is Muslim; the correct percentage is a mere 1%
(Ipsos Social Research Institute, 2014). By contrast, they
estimate that Christians are approximately 60% of the
national population; the correct percentage is over 70%. The
fact that we struggle to estimate the makeup of our own
societies is perhaps unsurprising: Large-scale societies are
distributed across space and time in ways that make them
impossible to perceive directly. It is no small wonder that
we have any sense at all of our society’s demographic
structure.

738

These errors, however, have been taken as evidence of
widespread public ignorance, misinformation, and prejudice
(Kuklinski et al, 2000; Gilens, 2001; Lupia, 2015; Lawrence
and Sides, 2014; Lodge and Taber, 2013). Most accounts of
these errors have been piecemeal and topic-specific,
invoking targeted mechanisms that range from personal
prejudice to media bias. Some explanations posit that
members of majority groups overestimate minority or outgroup prevalence through a combination of ignorance, bias,
and fear (Kuklinski et al, 2000; Lawrence and Sides, 2014;
Lodge and Taber, 2013; Sigelman and Niemi, 2001). For
instance, overestimation of immigrants is associated with
negative attitudes toward immigration (Sides and Citrin,
2007). To explain why minorities overestimate other
minorities, authors have invoked the greater presence of
minorities in social networks of minorities (Wong, 2007). In
addition, media-based accounts note that people may infer a
demographic group’s size from the amount of associated
media coverage, but some groups are overrepresented in the
media relative to their actual size. For instance, there has
been a recent explosion in LGBTQ coverage by US media.
If media coverage of LGBTQ people is disproportionate to
their prevalence of, then this might cause overestimates.
These explanations are specific to particular questions
(e.g., xenophobia affects estimates of immigrants) or
respondents (e.g., minorities know more minorities). But
when we zoom out to consider a wide range of demographic
issues, a unified pattern appears to govern estimates across
the board: Aggregate estimates of small populations are
reliably overestimated, while aggregate estimates of large
populations are reliably underestimated. While errors in
demographic estimates have been explained by a
heterogeneous set of distinct population- and issue-specific
biases, the presence of this systematic pattern invites a
unified explanation (Landy, Guay, & Marghetis, 2017).

Aggregate errors and uncertainty-based rescaling
We have proposed an alternative explanation of this
general pattern of overestimation and underestimation:
people are acting sensibly under uncertainty by combining
their perceptions with domain-general prior expectations
(Landy, Guay, & Marghetis, 2017). On this account, explicit
numerical estimates are not a direct, unfiltered reflection of
an individual’s underlying beliefs or perceptions (Fechner,
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1860; Stevens, 1957). When we estimate a demographic
proportion, we must transform our internal perceptions into
whatever format is demanded by the task. But this process
of translation is unlikely to be linear — and, in fact, there is
a mountain of evidence that it is not (Tversky and
Kahneman, 1992; Gonzalez and Wu, 1999; Huttenlocher et
al, 1991; Hollingworth, 1910; etc.).
An immediate corollary is that demographic estimates are
not a direct window onto an individual’s perceptions of their
social world. When demographic estimates are
systematically wrong, this does not necessarily reflect
systematic biases in people’s underlying perceptions. On the
contrary: The pattern of over- and under-estimation that is
typically reported for demographic estimation might reflect
the way information is translated psychologically into an
explicit numerical response, rather than systematic biases in
what people actually believe. Said otherwise, an individual
with perfect information might appear to have systematic
biases; it all depends on how they translate their underlying
information into explicit numerical estimates.
Specifically, Landy et al (2017) proposed that much of the
error in demographic estimates reflects two processes that
are common to all proportion estimations, not just
demographic ones:
First, when thinking about proportions, people represent
them mentally as log-odds — an unbounded scale — rather
than as raw proportions ranging from 0 to 1 (Shepard, 1981;
Stevens, 1957; Tversky & Kahneman, 1992; etc.).
Second, individuals should follow the generically
Bayesian strategy of combining new information with their
prior expectations, with new information weighted more
when people are more confident in it. In practice, this means
that estimates for a particular demographic should reflect a
combination of two things: an individual’s underlying
perception of that demographic, and their expectation of
what a ‘typical’ demographic proportion would be. We refer
to this process as ‘domain-general uncertainty-based
rescaling.’ Rescaling, because, in generating an explicit
numerical estimate, the net result is that individual’s
perceptions are rescaled toward their prior expectations;
uncertainty-based, because the amount of rescaling should
depend on the amount of uncertainty; and domain-general,
because this process makes no assumptions about the
particular population being estimated (e.g., LGBTQ vs.
Muslim vs. White Americans). When formalized as a
mathematical model of an individual’s demographic
estimations, this requires only two parameters: their prior
expectation of a ‘typical’ demographic proportion, and the
amount they rescale their perceptions toward this
expectation.
Taken together, these two assumptions suffice to generate
the S-shaped curve that is typical of demographic
estimations: systematic overestimation of smaller groups
and underestimation of larger groups. We have reported
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previously that this model of demographic estimation can
account for much of the error in aggregate estimates from a
large, multinational survey (Landy et al, 2017). There, we
found that the pattern of over- and under-estimation in
average demographic estimates follows the pattern predicted
by domain-general psychophysical rescaling. We concluded
that much-ballyhooed errors in demographic estimates have
been over-interpreted. Those errors have been taken as
evidence for topic-by-topic bias, prejudice, and
misinformation (e.g., Muslims are overestimated because of
Islamaphobia). Instead, aggregate estimates are close to
what we would expect if individuals had near-perfect,
unbiased information about the macrostructure of society —
but, adopting a rational Bayesian strategy, they hedged their
explicit estimates toward a more typical value.

The present study
Two critical questions remain unaddressed. The first is
whether uncertainty-based rescaling accounts for errors in
individual estimates, not just aggregates. Our proposal is an
account of individual psychological processing — but so far
we have only analyzed aggregate estimates that average
thousands of individual responses (Landy et al, 2017). To
address this question, we conducted an online study. Our
approach was to generate estimates from perfect (i.e.,
unbiased) perception of the demographic structure of
society, but represented and rescaled as described above. By
comparing these predictions to actual responses, we can
estimate error that remains to be explained after accounting
for the psychological processes involved in generating
proportion estimates. Said otherwise, by assuming that
perceptions were unbiased, we can distinguish between
misestimates that are in line with unbiased perception, from
those that suggest biased perception.
The second question is whether this rescaling truly is
‘uncertainty-based.’ If so, then individual uncertainty should
predict individual differences in the amount of rescaling
(Tversky and Kahneman, 1992; Gonzalez and Wu, 1999;
Huttenlocher et al, 1991; Hollingworth, 1910)—whether
that uncertainty is domain-specific (Fennell and Baddeley,
2012) or due to domain-general innumeracy (Petrova, Pligt,
and Garcia-Retamero, 2014). While an individual’s sense of
certainty for a particular question likely integrates a variety
of sources of information, here we measured two: political
knowledge and numeracy. If rescaling is a reflection of
uncertainty, then it should be more pronounced in less
certain individuals— whether because they know little about
politics, or because they are uncertain about numbers.

Methods
Participants
Participants reporting to be U.S. residents and citizens were
recruited through Amazon Mechanical Turk, an online labor
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market (Buhrmester, Kwang, and Gosling, 2011).
According to criteria established during piloting (an
independent sample of N = 40), participants were eliminated
when they either left some entries blank (4 participants) or
reported percentages less than 0% or greater than 100% (9
participants). Recruitment continued until we reached our
target sample size (N = 400).

Demographic Proportion Estimation
A range of demographic populations (N = 24; Table 1 at
the end of this manuscript) were selected to probe
participants’ knowledge of the demographic structure of the
United States. Participants had to estimate the proportion of
the US population that belonged to each population. The
size of these populations had true “benchmark” values
derived from high-quality data, sourced from US Census, or
established consulting companies such as Gallup Inc. and
the Pew Research Center.
Items spanned the range from 0 to 1, with overrepresentation at both extremes — close to 0 and close to 1
— to better estimate the S-shaped curve that is typical of
demographic estimation (Landy et al, 2017). We included
demographic populations that have been proposed to elicit
topic-specific bias (e.g., Islamophobia leading to
overestimation of Muslims). Past work has focused almost
exclusively on these ‘bias-eliciting’ populations. In addition,
we included a range of items that, a priori, should not elicit
systematic errors, if misestimations reflect the kind of topicspecific biases that have been invoked in past work.
Examples include the US population that is aged between 0
to 94 years old, or that lives east of the Mississippi river.

Procedure
Participants first answered the Demographic Proportion
Estimation questions (ordered randomly by-participant).
Participants were instructed to enter their answers as
numerical percentages with as many decimal places as they
deemed appropriate. Explicit encouragement to use
decimals was included to discourage excessive rounding.
These were followed by Personal Characteristic
questions that probed participants’ socio-demographic
characteristics, political knowledge (Delli Carpini and
Keeter, 1996), and numeracy (Cokely et al, 2012). These
were included to investigate sources of individual variability
in rescaling. Socio-demographic items included: age,
gender, political party identification, ethnic background,
education, income, and level of political activity. General
political knowledge was measured using the five-item
Political Knowledge battery (Delli Carpini and Keeter,
1996), known to correlate strongly with a larger political
knowledge battery. Numerical understanding of risk was
measured using the four-item multiple-choice version of the
Berlin Numeracy Test (Cokely et al, 2012).
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Finally, an instructional manipulation check was included
to ensure that participants were paying attention. In this
multiple-choice question, participants were asked to select
which word appeared in a sentence on the current page.
Roughly 90% of participants answered correctly. The
pattern of results was identical when we excluded
participants who failed this check.
No other measures were collected.

Analysis
We assumed participants had unbiased information about
each demographic group. That is, we predicted how
participants would respond if they had perfect perceptions of
the demographic structure of society, but engaged in
uncertainty-based rescaling when generating their estimates.
We first converted estimated and true proportions to odds
and then log-transformed them. For a demographic
proportion p, that gives us:
𝑟! = log

(Eq. 1)

!
!!!

To avoid infinite values, values of 0 and 1 were recoded to
.001 and .999. We then assumed that, to generate an explicit
numerical estimate, participants rescale this value toward a
more typical value, δ (i.e., their prior expectation). This was
formalized as a linear interpolation (in log-odds space) of
the underlying perception, rp, and the expected value, δ:
(Eq. 2)
𝜓 ! (𝑟! ) = 𝛾𝑟! + (1 − 𝛾)𝛿
Combining equations 1 and 2 gives us a model of the
psychological process by which implicit information about a
proportion, p, is transformed into an explicit numerical
estimate of that proportion (cf. Gonzalez & Wu, 1999):
(Eq. 3)

𝜓 𝑝 =

! (!!!) !!
! (!!!) !! !(!!!)!

This model has two parameters: δ, the prior expectation in
log-odds space; and γ, the rescaling parameter, which is
equal to 1 when an individual gives no weight to their prior
expectation, and gets closer to 0 as participants give less
weight to their own perceptions and more weight to their
prior expectation.
We implemented Eq. 2 as a linear mixed effects model,
with by-participant random intercepts and slopes:
log-odds(estimate) ~ β0 + γ1 log-odds(actual) +
(β0j + γ1j log-odds(actual) | subject)
The key coefficients in this model are the fixed slope term,
γ1, an estimate of overall rescaling; and the random bysubject slopes, γ1j, an estimate of how much more or less
subject j rescaled compared to the rest of the population. For
reasons of space, we do not analyze participants’ prior
expected value (i.e., δ = β0/(1–γ1)).
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Results
Every participant produced estimates that were
significantly incorrect (absolute error: M = 13.8 percentage
points, 95% CI [13.2, 14.3], all ts > 2.6, all ps < .02).
Looking at individual items, every demographic group
that made up less than half the US population was
overestimated (14/14, error: M = +7.4 percentage points,
95% CI [4.6, 10.1], t13 = 5.9, p < .001), while every
demographic group that made up more than half the US
population was underestimated (10/10; error: M = –15.1
percentage points, 95% CI [–17.6, –12.7], t9 = –14.2, p <
.001), giving the S-shaped curve that is typical of proportion
estimation in general and demographic estimation in
particular (Figure 1A). Said otherwise, raw errors varied
systematically with the actual size of the demographic
group, such that smaller proportions were systematically
overestimated, while larger proportions were systematically
underestimated (Figure 1B).

Does rescaling explain demographic misestimation?
We next investigated whether this pattern of errors could be
explained by our account of demographic proportion
estimation. We compared participants’ estimates to the
predictions of the model. The model cut root-mean-squared
error (RMSE) in half, compared to RMSE calculated
relative to the true values (RMSE relative to model
predictions: M = 0.017, 95% CI [0.016, 0.019]; RMSE
relative to true values: M = 0.043, 95% CI [0.029, 0.047]), a
highly significant reduction in error (t399 = 13.4, p < .001).
In short, assuming that individuals engage in uncertaintybased rescaling can explain much of their apparent
‘misperception’ of demographic proportions.
Moreover, the aggregate pattern of over- and
underestimation appeared to be driven largely by systematic
rescaling of proportions by individuals (Fig. 2). We
estimated the size of this relationship with a linear mixed
effects model of signed errors, with a fixed effect for the
true proportion, and random intercepts and slopes by
participants. Before accounting for rescaling, there was a
large and reliable relation between the actual size of the
1.00

Individual uncertainty predicts amount of rescaling
Some people appeared to hedge their estimates toward a
typical value a lot, while others appeared to hedge hardly at
all. We estimated the amount of rescaling performed by
each individual participant, using the random effects from
the mixed effects model of demographic estimation. When
this measure of rescaling is closer to 1, an individual gives
more weight to their own underlying perception and largely
ignores their prior expectation; as it approaches 0, an
individual gives increasing weight to their prior expectation
(i.e., increased rescaling). We analyzed these individual
differences in rescaling with a multiple linear regression.
This model included predictors for all socio-demographic
measures. Critically, we also included predictors for our two
measures of uncertainty: political knowledge and numeracy.
As predicted, rescaling was greater in less-certain
individuals. Worse political knowledge and numeracy were
both associated with more rescaling (political knowledge: β
= 0.04 ± 0.01 SE, p < .0001; numeracy: β = 0.04 ± 0.01 SE,
p < .0001). None of the socio-demographic predictors were
associated significantly with rescaling (all ps > .15, except
for income, p = .08). Thus, as predicted by general Bayesian
considerations, rescaling appears to reflect individual
variability in certainty, whether domain-specific (i.e.,
political knowledge) or due to general innumeracy.

Residual error after accounting for rescaling
Finally, we investigated the residual error after accounting
for uncertainty-based rescaling. Since rescaling is a domaingeneral feature of proportion estimation, people will
generate estimates that reflect rescaling, even if they have
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demographic group and the signed error, b = -0.29 ± 0.01
SEM, p < .001. After accounting for uncertainty-based
rescaling, however, this relation was an order of magnitude
smaller, although still significant, b = -0.05 ± 0.004 SEM, p
< .001. The systematic pattern of over- and under-estimation
that characterizes demographic estimations, therefore, can
be explained almost entirely by general psychological
processes involved in estimating proportions.
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demographic proportion

Figure 1. Systematic errors in
demographic
estimates
were
explained by uncertainty-based
rescaling. (Left) Mean estimates
(black) deviated systematically
from the correct value (dashed
diagonal line), but these deviations
followed the pattern predicted by
uncertainty-based rescaling (blue).
(Right) Errors in estimates (black)
varied systematically with the size
of the demographic group (in
increasing order along the x-axis).
Small groups were overestimated;
large groups were underestimated.
This largely disappeared after
accounting for rescaling (blue).
Error bars indicate SEM, but are
too small to display for most items.
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perfect information about demographic proportions. For
each trial, we thus calculated error relative to the
demographic estimate that we would expect people to
generate for a demographic group of that size (i.e.,
directional comparison between actual estimates and model
predictions).
Accounting for uncertainty-based rescaling completely
changed the pattern of errors (Table 1). A quarter of the
items exhibited residual error that was in the opposite
direction from pre-rescaling raw error (6/24).
For instance, according to the US census, 88% of
American adults have high school diplomas. On average,
respondents gave an estimate of 73%—a large apparent
underestimate. But if participants were perfectly informed
about the size of this group, but rescaled their information
before generating explicit numerical estimates, then we
should expect a mean estimate of 69%. This implies that
perceptions of the high-school graduation rate are actually
too high. Similarly for premarital sex: The raw estimate of
74% appears to massively underestimate its true prevalence
of 91%. But if participants had perfect knowledge of
premarital sex but rescaled this information in the way they
appear to rescale all their perceptions, then we should
expect a mean estimate of 72%. The actual mean estimate
was higher, suggesting that perceptions of unwed sexual
activity are perhaps a bit overheated.
Conversely, while Asian-Americans make up only 5% of
the US population, they were estimated to make up 15% —a
large overestimation. But once we take into account the fact
that small proportions will, in general, be rescaled upwards
when generating a numerical estimate, the direction of the
error changes entirely. Specifically, if participants were to
generate estimates for a group that they thought comprised
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We investigated whether individual misestimation of the
demographic structure of society could be explained by a
simple, domain-general model of proportion estimation. The
model formalized two simple assumptions: proportions are
represented mentally as log-odds; judgments reflect
Bayesian rescaling of new information toward prior
expectations. These assumptions sufficed to explain most
error, and in particular accounted for the systematic overand under-estimation that characterizes demographic
estimates. Critically, the amount of rescaling was predicted
by individual differences in uncertainty: Greater numeracy
and political knowledge were associated with less rescaling.
Our ability to make sense of the macrostructure of society
has both applied and theoretical importance. From an
applied perspective, understanding how people do — and do
not — misperceive society is a critical precursor to deciding
how we can improve public decision making about critical
issues, including which political policies to support. Indeed,
while this S-shaped pattern of misjudgment is not new to
cognitive scientists (e.g., Tversky & Kahneman, 1992;
Gonzalez and Wu, 1999), its implications for political
behavior and knowledge has not been appreciated (Landy et
al, 2017). Theoretically, it provides a case study in
numerical reasoning beyond the human-scale typically
studied in cognitive science (e.g., estimating the number of
dots on a screen; mapping small numbers to a line; etc.)
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5% of the population — the true size of the Asian-American
population — then we should expect a mean estimate of
17%. Relative to this, it appears that participants actually
underestimate the size of the Asian-American population.
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Figure 2. (Left) Sample individual estimates and model fits, illustrating how uncertainty related to rescaling. More
uncertainty due to poor numeracy (worst = 0, best = 1) or poor political knowledge (worst = 0, best = 5) was associated with
more rescaling (max rescaling = 0; no rescaling = 1). (Black dots = individual’s estimates; black lines = predictions of
rescaling model, assuming perfect underlying perceptions; dashed lines = predictions if estimates were direct reflections of
underlying perceptions (i.e., without rescaling). (Right) Superimposed model fits for all participants (N = 400), revealing
the systematic pattern of over- and underestimation that is typical of proportion estimation under uncertainty.
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Table 1. Mean errors before and after accounting for uncertainty-based rescaling.
Demographic subgroups (in USA)
True Value (%) Raw Error Error after
rescaling
Pakistani
0.1
4.9
1.4
Japanese
0.2
7.1
2.4
Colombian
0.3
6.6
1.3
Aged 13 and older living with an HIV infection
0.4
8.9
3.4
Muslim
0.9
9.7
2.5
Asian
5.4
9.2
-2.1
Served in the Armed Forces
8.0
17
5.0
Live below the poverty line
14.5
13.4
2.5
Catholic
20.8
11.3
2.3
Aged 15 and over who have never been married
32
0.9
-3.4
Aged 20 and over clinically classified as obese
34.9
6.7
3.8
Hold at least a 2-year college degree
39.4
0.8
0.0
Aged 15 and over and currently married
48.8
1.2
5.0
Workers who make less than $30,000 per year
51
-12.0
-7.1
Live east of the Mississippi River
56.1
-12.4
-5.3
Adults who own homes
63.4
-19.4
-8.7
Christian
70.6
-13.5
0.5
Live in urban areas
80.7
-20.6
-3.1
Aged 25 and over and own a high school diploma 88
-15.0
3.7
Have had premarital sex
91
-17.3
1.4
Over 6 months old
99.4
-16.1
-5.7
Homeowners who have full indoor plumbing
99.5
-15.0
-5.1
Aged between 0 to 94 years old
99.9
-9.8
-2.8
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Abstract

categories happens is an open question. Presumably, the nature
of the L2 conceptual system plays a role in this, but how this
second system modulates the first remains unclear.
In this paper, we use the well-studied phenomenon of bilingual color shift as a testbed for a new model of categorical
crosslinguistic transfer effects. Existing studies show that
such effects in the domain of conceptual semantics can be
measured and formalized as an instance of category shift due
to modulation of the categories in one language by corresponding categories in the other (Ameel et al., 2009; Fang et al.,
2016). Here, we develop a novel computational framework
that explains such effects in terms of the Category Adjustment Model, which has been used to account for monolingual
speakers’ behavior in a number of cognitive domains – e.g.,
spatial (Huttenlocher et al., 1991), phonological (Kuhl, 1991;
Feldman, Griffiths, & Morgan, 2009), and color (Bae et al.,
2015; Cibelli et al., 2016). Building on this cognitively-natural
framework, our new model provides a general method for evaluating the nature and extent of crosslinguistic transfer effects.

We present a general framework for capturing categorical crosslinguistic transfer effects – the influences of linguistic and conceptual categories in a bilingual speaker’s languages on each
other. By formulating the phenomenon as an instance of cognitive category shift, we achieve a general method for investigating the extent and causes of crosslinguistic transfer in terms of
a category similarity space and a set of weighting factors. We
apply the model to the well-understood domain of color, formulating transfer as the modulation of conceptual color categories
in one language on those of the other language. We analyze the
components of the model that predict salient aspects of human
data on an observed transfer effect in a range of languages.
Keywords: semantic shift; crosslinguistic transfer; color categories; category adjustment model

Introduction
It is generally agreed that languages in the bilingual mind
influence each other (e.g., Jarvis & Pavlenko, 2008; Odlin,
1989). In linguistic terms, there is a bi-directional transfer
between the two phonological, semantic, conceptual, etc. systems, and in many cases the two systems tend to converge, or
shift towards each other (see examples in Jarvis & Pavlenko,
2008). It is common for second language (L2) learners to
apply knowledge of their native language (L1) to the language
they learn, but transfer may also occur in the reverse direction.
For example, Russian speakers under the influence of their L2
English may stop perceiving the obligatory contrast between
goluboy [‘light blue’] and siniy [‘dark blue’], a distinction
always made by Russian monolinguals (Andrews, 1994).
In domains such as phonology or conceptual semantics,
such knowledge is often represented in terms of categories,
which may differ across languages. Languages vary widely
in the way their words carve up the world into conceptual
categories (for an overview, see Malt & Majid, 2013): for
example, for the regions of the color space categorized by
English speakers as green and blue, Cantonese uses luk [‘jade
colored’] to refer to parts of green and blue, and uses l’ām
[‘artificial blue’] for a subregion of English blue (Berlin &
Kay, 1969). Being bilingual thus typically requires speakers
to rely on two – only partially overlapping – sets of categories.
For reasons of cognitive efficiency (Kemp et al., 2018), it is
natural for the two sets of categories to shift towards each
other in the bilingual mind.
Looking at the domain of color terms, for instance, it has
been observed that bilinguals’ judgments of the best exemplars
of a color term in their first language (L1) – the focal members
of that color category – are not identical to that of monolingual
speakers of the same language. Why this shift in L1 color

Suzanne Stevenson
Department of Computer Science
University of Toronto
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Background
Color shift in bilingual speakers
We assume, following standard practice (e.g., Berlin & Kay,
1969), that basic terms in a lexical semantic system reflect a
set of conceptual categories of the underlying semantic space
– e.g., the term lán [‘blue’] in Mandarin Chinese refers to a
particular category of color (a region of the color space) for
Mandarin speakers. However, the same term may encode a
somewhat different category in Mandarin–English speakers:
that is, conceptual representations of the same color terms
can differ in bilingual vs. monolingual speakers. This is an instance of crosslinguistic transfer, in which a bilingual speaker’s
second language, L2, can influence aspects of their L1, and
vice versa. The transfer effects observed in bilingual color
terminology, for both L1 and L2 terms, include widening of
color categories (i.e., a color term refers to a broader region of
perceptual space than in a corresponding monolingual), weakening of contrasts between color categories, increase in the
variability of selecting best exemplars for a given color term,
etc. (see an overview by Pavlenko et al., 2017).
One effect consistently observed in different bilingual populations (across various L1s and L2s) is conceptual shift: the
best exemplars of some color categories appear to be shifted in
bilingual speakers compared to monolinguals (Athanasopoulos, 2009; Caskey-Sirmons & Hickerson, 1977, etc.). For
example, the Mandarin term lán [‘blue’] shifts away from
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(a) MN

(b) MN–EN

(c) EN

Figure 1: Focal colors – i.e., best exemplars for given color
terms – shown on a color chart (reconstructed from CS&H):
(a) lán in Mandarin Chinese (MN) monolinguals, (b) lán in
MN–EN bilinguals, (c) blue in English (EN) monolinguals.
the green spectrum (Figure 1a) towards purple (Figure 1c) in
bilingual Mandarin–English speakers (Figure 1b).
The shift of L1 color categories was observed in multiple
languages by Caskey-Sirmons & Hickerson (1977) (henceforth CS&H), who asked monolingual and bilingual speakers
of different languages to name the basic color terms in their
L1,1 and then to select the corresponding focal colors – the
best example of each color term – on a color chart. Participants included monolingual speakers of Korean, Japanese,
Hindi, Cantonese, and Mandarin Chinese, as well as bilingual
speakers of each of those languages as L1, and whose L2 was
English. The data for the focal colors of English from monolingual speakers were also gathered in the study. The results
suggest that the locations of focal colors in bilinguals’ L1 are
shifted in color space compared to those in monolinguals of
L1. For many color terms this shift occurs towards the focal
colors for the corresponding L2 color terms (as identified by
monolingual speakers of the L2); see Figure 1. Focal shift has
been observed in multiple languages, both in L1 and L2; here
we draw on data on L1 shift from CS&H as they investigate
the widest range of languages within a single study.

The Category Adjustment Model
Crosslinguistic transfer effects, such as those noted above, can
be seen as resulting from an interaction between the conceptual category systems of two languages. We formalize this
idea by extending the Category Adjustment Model (CAM;
Huttenlocher et al., 1991; Kuhl, 1991). The CAM predicts
that humans represent a given perceptual stimulus both as
a fine-grained value and as a member of a category. When
a speaker is exposed to a stimulus and asked to recollect it,
the categorical representation comes into play, shifting the
recollected value towards the category prototype. This approach has been used to model effects of linguistic categories
on perceptual stimuli – e.g., showing how discrimination of
phonetic stimuli is influenced by phonological categories of
the language (Feldman et al., 2009).
Recent studies (Bae et al., 2015; Cibelli et al., 2016) show
that the CAM can explain some patterns in (monolingual)
human color perception as modulated by lexical color terms
(which, as noted above, refer to conceptual categories). When
participants are shown a color hue (e.g., turquoise) and have to
1 Intuitively, basic color terms are monomorphemic lexical items,
such as red or purple, which are psychologically salient to speakers
of the language (see Berlin & Kay, 1969, pp. 6–7 for further criteria).
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select it on a color wheel, their recollection of the stimulus is
shifted towards the focal colors of nearby color categories (in
this case, exhibiting influence of both focal green and blue).
Importantly, the above studies show that the recollected
representation can be formally predicted from an interaction
of the source representations: e.g., the original color stimulus,
and the color categories adjacent to that stimulus in the color
space. We use this insight as the basis for our formal model
of crosslinguistic transfer in bilinguals: a category in one
language (e.g., the color category corresponding to an L1 term)
is modulated by (nearby) categories in the other language (e.g.,
the color categories in L2), leading to crosslinguistic influence
on the conceptual categories of each language.

Our Model of Bilingual Transfer
Here we present our formal model of crosslinguistic transfer as
the modulation of categories in one language of a bilingual by
related categories in the other language. We use lexical color
terms as the testbed for our model, specifically investigating
cases in which bilinguals’ L2 color categories influence the
perception of their L1 color categories. For reasons of space,
we describe our model as it applies to this specific instance
of transfer, but the components of the model are generally
applicable to any linguistic aspects of language formalizable
as categories (e.g., phonological or syntactic categories).

The Bilingual Category Adjustment Model
The example situation we model is as follows: when a bilingual identifies the focal color for a color term in their L1, the
selection of that focal color is influenced by the speaker’s L2
color categories. Our model operates on two sets of color
categories, fi ∈ F (the first language, L1) and s j ∈ S (the second language, L2). These color categories correspond to the
basic color terms ti ∈ T from L1, and u j ∈ U from L2. For
example, s j may be a red region of color space denoted by
u j = red. These categories are defined in our model using
data from monolingual speakers of the L1 and L2. From these,
our model makes predictions about how the categories F are
shifted in a bilingual speaker of L1–L2: the model predicts pi ,
the adjusted category corresponding to fi , as modulated by the
categories S. These predictions are compared to bi ∈ B, the L1
color categories observed in bilingual speakers of L1–L2.
Each color category, such as fi , is represented as a threedimensional normal distribution in the L∗ a∗ b∗ space, a standard representational space that is believed to reflect human
perceptual discriminability of colors (Fairchild, 1998). Each
such distribution is represented by its mean, e.g., µ fi , and its
variance. We describe below how we estimate the means µ.
Because we lack the data to estimate variance for all languages
in our study, we make the simplifying assumption that the variances of all color categories are equal (which eliminates this
factor from our equations below).
Figure 2 shows how an L1 category, fi , centered around its
mean, µ fi , can be influenced in a bilingual speaker by the L2
categories, S. Our model predicts the resulting bilingual L1
mean focal color pi by calculating its mean µ pi as follows:

where υs j is the center of the color region referred to by all
usages of the L2 term u j ; φs j is the center of the focal colors of
u j ; and α is a parameter fitted to the data as described below.

Weighing the category influence (π)

Figure 2: Adjustment of L1 category f1 by L2 categories s1
and s2 , with the strength of s j ’s influence (arrow thickness) being proportional to the distance between µs j and µ f1 . Category
p1 is the predicted category by the model – the shifted f1 . For
simplicity, only one dimension of color is shown.
E[µ pi |µ fi ] = µ fi +


1
[ω µs j − µ fi π(s j | fi )]
∑
2 s j ∈S

π(s j | fi ) = exp(−c d(µ fi , µs j ))

(3)

where c is a constant fitted to the data, known as the sensitivity
parameter. Intuitively, c determines how sharply the degree of
influence of an s j drops off as it is further from fi .

(1)

Here, we adapt the CAM for multiple categories (Cibelli et al.,
2016; Feldman et al., 2009), and reformulate it conceptually
to show how L1 category fi is influenced by the difference
between it and each L2 category s j . We introduce an additional
parameter ω ∈ {−1, 1}, which determines the direction of
influence on µ fi – i.e., towards µs j (ω = 1), or away (ω = −1).
The applicability function π(s j | fi ) determines the degree of
influence, which is greater for categories closer in the color
space. We next explain each component of the model.

Defining the color category means (µ)
Color categories, such as fi , can be defined in either of two
ways. First, a category fi for a color term ti can be defined
based on all the usages of ti – all the colors the speaker has
heard referred to by that color term. Second, a category fi
can be based on the focal colors – the best exemplars of the
term. The centers of the overall color region and of the focal
colors are not necessarily the same in people (e.g., Regier,
Kay, & Cook, 2005). This means, in our model, we can define
µ fi in terms of usages or focal colors. For the former, the
category center µ fi would be the mean of the sample of all
colors labeled by term ti , and for the latter, it would be the
mean of the focal colors identified by people for term ti .
Here, we assume the L1 categories to be centered around
their focal colors, because the data we are modeling consist of
the naming of focal colors – that is, we want to model how L1
focal colors shift in a bilingual (bi ) compared to a monolingual
( fi ). We thus set µ fi and µbi based on focal colors, estimating
these values using the focal color naming data in CS&H.
For our modeling of L2, the situation is more complex.
Because focal colors are not necessarily the center of a color
region, bilinguals have to learn two properties of an L2 color
term: both the region of color covered by the term, and what
constitutes the focal color of that term. We do not know
in our modeling which of these L2 category representations
influences a bilingual’s recollection of their L1 categories.
Thus we define µs j to be a weighted average of the two:
µs j = α υs j + (1 − α)φs j

The function π(s j | fi ) in Eqn. (1) indicates the degree to which
category s j influences fi in predicting the adjusted category
pi . Intuitively, more similar L2 categories are expected to
influence the L1 category more than less similar ones. We
take the influence to decay exponentially with the increase of
Euclidean distance d between category means µ fi and µs j :2

Translation equivalence (c and ω)
The influence of s j on fi may also be affected by their corresponding lexical terms, u j and ti . Specifically, u j may be
a translation equivalent3 of the L1 term ti (ti =u
b j ; e.g., Mandarin lán and English blue). Following proposals on transfer
effects through translation equivalents (e.g., Degani, Prior, &
Tokowicz, 2011), we propose that such an s j may influence
the target L1 category differently than other L2 categories –
quantitatively and/or qualitatively.
First, the difference may be one of degree: the L2 category
of a translation equivalent may influence the L1 category more
than do other L2 categories. We implement this idea by letting
c in the applicability function π (Eqn. 3) take on two different
values: cTE (for the translation equivalent) and c¬TE (for other
L2 categories). Because cTE and c¬TE are fitted to the data
independently, the model can establish a greater degree of
influence for translation equivalents.
Second, the difference may be one of the kind of influence:
while category adjustment models have been limited to attraction between categories, crosslinguistic transfer can also lead
to repulsion effects (e.g., Athanasopoulos, 2009). Parameter
ω in Eqn. (1) implements the idea of attraction and repulsion,
by moving fi towards (ω = 1) or away from (ω = −1) all categories s j . Now, we go a step further and let the value of ω be
set differently for translation equivalents and non-translation
equivalents. In particular, we see whether the model can
achieve a better fit to human data if it can have the category s j
of the translation equivalent for fi attract fi (ωTE = 1), while
the other categories in S repel fi (ω¬TE = −1).

Set-up for Computational Experiments
We first describe how we estimate the means of the color
categories that serve as input to our model. Then we explain
the setting of parameters, which gives rise to a number of
model variants that we investigate.
2 π(s

j | f i ) values for f i over s j ∈ S are normalized to sum to 1.
3 The term commonly used in literature on bilingualism; in our

case the meanings of color terms are not strictly equivalent. Here, we
determine translation equivalents by the glosses in CS&H.

(2)
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Estimating color categories (µ) from human data
The L1 data we model are focal colors for basic color terms.
CS&H collected such data from all the L1 and L2 languages
in their study, reporting these in charts of the type shown
in Figure 1.4 We use these charts to reconstruct the L∗ a∗ b∗
coordinates of the average focal color selected for each color
term by the various populations of speakers. We estimate µ fi
input to our model for each L1 using the focal colors identified
by monolinguals in these languages (Korean, Japanese, Hindi,
Cantonese, and Mandarin Chinese). We estimate µbi for each
L1 (the human data we match our model predictions against)
using the focal colors identified by bilingual Korean–English,
Japanese–English, etc. speakers.
Recall that for the L2 (English) color categories S, we calculate each µs j in our model as a mixture of two influences: φs j is
the center of the focal colors for the L2 term u j (analogous to
µ fi , µbi above), while υs j is the center of the full color region
referred to by u j (see Eqn. 2). For the focal color estimate, φs j ,
we use the CS&H data of monolingual English speakers, and
augment this with similar English focal color data available
from Berlin & Kay (1969) and Sturges & Whitfield (1995) to
increase accuracy. The means of the full English color category regions, υs j , are obtained from publicly available color
naming data5 .

Parameter setting and model variants
We investigate several model variants which are determined
by the following parameters:
• α ∈ {0.0, 0.1, ...1.0}: determines whether L2 colors are
defined by all usages and/or focal colors (Eqn. 2).
• c ∈ {0.01, 0.02, ..., 1.00}: specifies the relative degree of
bias of L2 colors on L1 colors (Eqn. 3).
• ω ∈ {−1, 1}: determines the direction of the bias (attraction
or repulsion) of L2 on L1 (Eqn. 1).
In each model variant, we fix some parameters, and set any
others in a leave-one-out procedure – specifically, by optimizing them jointly using a grid search on four languages and
using the best values in the simulation of the fifth.
Model variants FOC, USG, and MIX. We start with basic
models which have no effect of translation equivalence; i.e.,
we find a single optimal value for c, and set ω = 1 (all categories attract fi ). When α = 0, we have a model variant FOC
in which the mean of the focal colors defines each µs j . Conversely, when α = 1, we have a model variant USG in which
the mean of all usages defines µs j . Finally, we have model
MIX in which we find the optimal α to weigh these.
Model variants FOC - TE DEG , USG - TE DEG , and MIX - TE DEG .
We build on the basic models above by letting translation
equivalents vs. other terms have a different degree of influence.
Instead of a single c value, we fit cTE and c¬TE to the data
independently.
4 The

number of color terms varied between 4 and 8 per language;
white, gray, and black were excluded from analysis in CS&H.
5 https://blog.xkcd.com/2010/05/03/color-survey
-results/
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Model variants FOC - TE DIR , USG - TE DIR , and MIX - TE DIR .
We build on the basic models by letting translation equivalents
vs. other terms have a different direction of influence. Instead
of a single ω = 1 value, we set ωTE = 1 and ω¬TE = −1.
Model variants FOC - TE BOTH , USG - TE BOTH , and MIX These translation equivalence variants combine the
effects of the DEG and DIR variants.

TE BOTH .

Results
The input to the model consists of color terms in L1 and
L2 (ti ∈ T and u j ∈ U, respectively) together with the corresponding category means (µ fi and µs j ) as defined above using
monolingual data. For each L1 color term ti , the model outputs
the predicted µ pi of the corresponding focal color in an L1–L2
bilingual. Each prediction pi of the model is compared to
bi ∈ B, the set of observed bilingual color categories for L1 –
the human data our model is evaluated against.

Evaluation of computational experiments
We measure the error in the fit of the model to the human data
as the average Euclidean distance d between the focal color
µ pi predicted by the model and the focal color µbi identified by
bilinguals in CS&H (the lower the d, the better the model fit).
We compare each of the model variants to a baseline, BASE,
that predicts the focal color of each bilingual L1 category µ pi
to be equivalent to µ fi . This baseline assumes that a bilingual’s
L1 categories are equivalent to those of a monolingual – i.e.,
there is no shift arising from an influence of L2.
Table 1 presents the performance of each model variant,
in average distance d of its predictions across all terms and
languages. The table also reports the percentage improvement
over the baseline, and the β coefficient of a mixed-effects
regression fitted to the data, which shows the degree to which
each model is better than the baseline.6 All model variants
show a significant improvement of 18–24% over the baseline.

Comparison of model variants
First, consider the model variants based on whether the definition of the L2 categories is given by focal color (FOC), all
usages (USG), or an optimal mixture (MIX). We find that the
the model can achieve a match to human behavior that outperforms the baseline by 22% with the USG variant, which
has a single optimized parameter (c). The other variant that
outperforms the baseline, MIX, uses an additional optimized
parameter (α), but its improvement over USG is not significant.
The model variant FOC, and all its translation equivalence
variants, do not outperform the baseline. This finding suggests
that, for the bilingual speakers in the simulated population, the
L1 focal colors are influenced by full L2 color regions (as in
the USG model) rather than by L2 focal colors.
6 Specifically, this regression introduces 12 binary dummy predictors (one per model, with BASE being a reference level) and fits a
number of parallel hyperplanes (one per color term) to the d values
of all models, this way testing the difference between each model and
BASE, while taking into account the variation among L1 color terms.

Table 1: Model error as d averaged over all color terms (distance of prediction to human data).

BASE
FOC
USG
MIX
FOC - TE DEG
USG - TE DEG
MIX - TE DEG
FOC - TE DIR
USG - TE DIR
MIX - TE DIR
FOC - TE BOTH
USG - TE BOTH
MIX - TE BOTH

d
19.4
15.5
15.0
14.7
15.6
15.0
14.8
15.7
15.1
14.7
15.8
14.9
14.8

∆E, %†
—
19.8
22.3
24.2
19.7
22.4
23.4
19.2
22.0
24.2
18.7
22.9
23.5

β‡
19.4
−3.8*
−4.3**
−4.6***
−3.8*
−4.3***
−4.5***
−3.7*
−4.2**
−4.6***
−3.6*
−4.4**
−4.5***

Figure 3: Human data and model predictions for Mandarin
color terms. For yellow, µ pi is close to µbi . For blue, the
direction is correct, but the model ‘undershoots’ µbi . For
green, µbi is equally far from µ fi and µ pi . For red, µbi = µ fi ,
while µ pi is further away.

†

∆E is the percentage improvement in error rate over the baseline.
β is the standardized regression coefficient in the mixed-effects
regression fitted to the error terms d (per color) in all 13 models.
*, **, *** Significantly better than BASE at .05, .01, and .001 level,
respectively; all p-values are Bonferroni-corrected.
‡

Second, consider the more complex model variants that encode crosslinguistic transfer effects (- TE DEG , - TE DIR , - TE BOTH ).
Somewhat surprisingly, none of these significantly outperform
the simpler models. On the surface, this suggests that translation equivalents may not have a special status during color
shift. However, while only the parameter c is optimized in our
simple model USG, on inspection we see that the optimal value
of c ensures that each L1 category is substantially affected
solely by its L2 nearest neighbor. Moreover, it turns out that,
for all L1 terms in all languages in this study, the L2 nearest
neighbor is the translation equivalent. Thus, there is no need to
tune separate parameter values for translation equivalents vs.
others: the simpler model already captures the special status
of translation equivalents with the single parameter c. This
finding suggests that (again, for this population) the influence
of L2 on L1 focal colors is primarily limited to the L2 color
categories of the translation equivalents (which are the L1
colors’ nearest neighbors).
In combining our two findings, a picture thus emerges of an
L1 focal color being nudged in the direction of the center of a
color region covered by all usages of its translation equivalent
in L2, rather than by the corresponding L2 focal color. Further
research is needed to flesh out this picture considering other
languages and other populations of bilinguals. First, we note
that it is possible that the bilingual speakers in this study had
simply not sufficiently learned the locations of the focal colors
of their L2 for those to influence their L1. Second, a close L2
category that is not a translation equivalent of L1 may have an
influence, but this sample of languages and terms confounds
those two properties.
Finally, while our model is a general framework that can
incorporate a variety of influences on category shift, in this
work we have only considered the factors of color category
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similarity and term translation. Clearly these are not the only
potential influences on crosslinguistic transfer. For example,
Figure 3 illustrates the human data and the predictions from
our model for Mandarin color terms. This figure shows that
some L1 colors do not shift in bilinguals (here, red), and that
some colors shift in a somewhat different direction than toward
the L2 translation equivalent (here, green). Future work will
also need to consider the conceptual and linguistic properties
that bring about such patterns.

Discussion
We present a framework for formalizing crosslinguistic transfer effects in bilingualism as a domain-general mechanism of
category shift. We extend the Category Adjustment Model
(Huttenlocher et al., 1991; Feldman et al., 2009; Cibelli et al.,
2016) to apply to conceptual and linguistic categories across
languages. This achieves a general method for investigating
the extent and causes of bilingual transfer in terms of a category similarity space and a set of weighting factors. To test
our model, we focus on the well-understood domain of color.
Color terms across languages are associated with varying conceptual categories of color (e.g., Berlin & Kay, 1969), and the
color categories of an L1 can influence those of the L2, and
vice versa, in bilingual speakers (see Pavlenko et al., 2017).
Here we model the influence of L2 on L1.
Our model outperforms the baseline in matching bilingual
human data on color naming by 22–24%, shedding light on
the factors that influence crosslinguistic transfer in this domain. The model variant in which an L1 color category is
biased towards the center of the full L2 color region performs
better than the one in which the bias is directed towards the
corresponding L2 focal color. This suggests that learners of
L2 conceptual categories rely on the full range of language
usage events which map the name of the target category to a
real-world referent – at least before they have a clear intuition
about the category prototype. The best model variant also
gives primary influence to the L2 category which is closest to
the L1 target, with other L2 categories having negligible effect.
Because the closest L2 category was always the translation
of the L1 term, we could not consider translation equivalence

of terms as an independent factor. In addition to further exploration of this factor, we need to explore other influences in
our framework of linguistic or conceptual properties (such as
phonological similarity or word frequency) that may modulate
the positioning of conceptual categories in bilinguals.
Interestingly, letting non-translation equivalent L2 categories repel the L1 category did not improve model performance. This contrasts with the effect that Greek–English
speakers shift their representation of ble [‘blue’] towards English blue, but their representation of ghalazio [‘light blue’]
shifts in the opposite direction (Athanasopoulos, 2009). While
our results suggest that such effects do not apply to all color
categories, the inability to capture such influences points to
a limitation of our model: each L1 category is independently
affected by L2 categories. But in reality (as in the Greek case),
L1 categories do not shift in isolation: color systems influence
each other as a whole.
Embedding our model in a learning framework may help
to address such “system-wide” effects. At present, our model
only considers two time points – the beginning and end of
L2 learning – as is common when comparing L2 learners to
a monolingual reference group (e.g., Schmid & Dusseldorp,
2010). But system-wide changes may arise from incremental adjustments in which shifts in one category bring about
changes that lead to shifts in another. An important question
is to consider how a learning model could affect conceptual
shift over time, as this would allow for modeling the underlying sources of conceptual shift. Our preliminary simulations
show that one good candidate is a statistical learning model
based on the mixture of Gaussians (e.g., McMurray, Aslin, &
Toscano, 2009). Operationalizing the shift as a gradual process would also resolve a theoretical issue: our current model
assumes some “end state” of L2 acquisition, whereas bilingual
acquisition typically is ongoing (Larsen-Freeman, 2006). In
this respect, taking into account speakers’ L2 proficiency (not
reported by CS&H) would be another important step forward.
Acknowledgments: Supported by NSERC RGPIN-2017-06506.
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Abstract

of the cue and/or the response word that influence speakers’
lexical choices in this task. Second, we demonstrate how the
results of this analysis can be used to improve existing models
of human semantic memory, with a case study on the widelyused LDA topic model.

Human free association (FA) norms are believed to reflect the
strength of links between words in the lexicon of an average
speaker. Large-scale FA norms are commonly used as a data
source both in psycholinguistics and in computational modeling. However, few studies aim to analyze FA norms themselves, and it is not known what are the most important factors
that guide speakers’ lexical choices in the FA task. Here, we
first provide a statistical analysis of a large-scale data set of
English FA norms. Second, we argue that such analysis can
inform existing computational models of semantic memory,
and present a case study with the topic model to support this
claim. Based on our analysis, we provide the topic model with
dictionary-based knowledge about word synonymy/antonymy,
and demonstrate that the resulting model predicts human FA
responses better than the topic model without this information.
Keywords: free association, semantic memory, statistical
modeling, topic model, latent Dirichlet allocation.

FA norms analysis
We work with the University of South Florida (USF) FA
norms (Nelson et al., 2004), the largest English FA norms
currently available. Before turning to our analysis of the variables that affect speakers’ choices of responses in this task,
we briefly review related analysis of such norms.

Related work
Nelson, Dyrdal, & Goodmon (2005) undertake a quantitative analysis to reveal predictive factors underlying the USF
norms. Almost all of the factors they consider are inspired
by a network representation of the FA norms themselves, in
which the nodes are cue words, c, and response words, r, and
directed edges are weighted with the probability of a response
given a cue, p(r|c). In a multiple regression, p(r|c) is predicted by variables such as mediated association strength (the
sum of probabilities of c’s associates that link r to c within
two associative steps), backward strength (the probability that
r evokes c in FA norms), etc. As these predictor variables are
computed based on the FA network, the same FA norms are
effectively used for deriving both the response variable and
the explanatory variables in regression. This type of analysis
helps us understand the internal structure of the FA network,
but does not relate this network to external factors that may
explain why speakers choose certain responses over others.
To consider such external factors, other studies (Aitchison,
1987; Clark, 1970)) report on a number of patterns observed
in FA norms, which reflect various types of relations between
cue and response words. To briefly summarize these patterns,
speakers are likely to produce responses that (1) are semantically related to the cue word (umbrella–rain, touch–hand);
(2) can substitute the cue in some contexts – that is, introduce minimal semantic or morphological contrast with the
cue (e.g., antonyms: long–short, synonyms: hungry–starved,
members of the same morphological paradigm: was–were,
mine–yours); (3) often co-occur with the cue in word combinations (young–boy), collocations (get–along), or idioms
(ham–eggs); and/or (4) are similar to the cue in their orthographic or phonological form (favor–flavor). More recently,
Schulte im Walde et al. (2008) provided a detailed analysis of this type for German FA norms, while several studies (e.g., Gruenenfelder et al., 2016, Chaudhari et al., 2011,

Introduction
In a free association (henceforth FA) task, speakers are exposed to a cue word and produce the first response word that
comes to their mind (e.g., smile→happy, award→trophy). A
collection of responses to each cue given by a large group
of speakers, together with the frequency of each response,
constitutes free association norms (e.g., Nelson, McEvoy,
& Schreiber, 2004). Such norms are believed to reflect the
strength of the links between words in the lexicon of an average speaker, and studies in psycholinguistics often rely on this
information to explain various cognitive processes related to
lexical semantic memory, such as semantic priming, lexical
retrieval, etc. (e.g., Hutchison, 2003; Carpenter, 2009).
In computational modeling research, FA norms are commonly used as ground truth data to evaluate models of semantic memory that induce semantic relations between words
from a text corpus: LSA, BEAGLE, LDA topic model,
word2vec, etc. (e.g., Nematzadeh, Meylan, & Griffiths, 2017;
Gruenenfelder et al., 2016; Griffiths, Steyvers, & Tenenbaum,
2007). However, a full understanding of the successes and
failures of such models on FA norms is lacking, because
we we are still far from a complete understanding of FA
norms: that is, which properties of the cue and/or the response
word lead speakers to produce a particular response (but see
Schulte im Walde et al., 2008; Clark, 1970). We believe this
lack of understanding may be one of the reasons explaining
the generally low fit between the human FA norms and the
predictions made by existing models of semantic memory.
Our contribution in this study is two-fold: First, we provide a detailed quantitative analysis of a set of FA norms,
considering a wide range of psycholinguistically motivated
variables. This analysis highlights the important properties
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Peirsman & Geeraerts, 2009) proposed and evaluated a number of formal models that predict FA norms based on cue–
response co-occurrence in a corpus.
Finally, the FA task draws on lexical retrieval, the speed
of which may depend on a word’s frequency or age of acquisition (Juhasz, 2005), concreteness (Kroll & Merves, 1986),
and semantic ambiguity (Eddington & Tokowicz, 2015).
These properties of a response word (independently of a cue)
may affect the probability of its production in the FA task.
To our knowledge, no studies have considered a wide range
of variables known to affect speakers’ lexical choices within
a single statistical model predicting human FA norms. Such
a model must consider, on the one hand, variables characterizing the relation between the cue and the response, and
on the other hand, variables characterizing the response independently of the cue. In addition, it should ideally control for
the independent characteristics of the cue words, as they may
modulate the effects of the other two groups of variables. Our
goal here is to fit such a statistical model to the FA norms.

of c and r (as provided in Brysbaert et al., 2014), indicating
how well the words match in their level of concreteness.
1c. Word combinations can be captured by measures of c
and r’s co-occurrence in a narrow context window. A narrow
window requires a larger corpus than TASA, and we use the
English part (∼ 1B tokens) of OpenSubtitles-2018,3 a corpus
of movie subtitles (Lison & Tiedemann, 2016), to compute a
word-context measure PMIw (c, r) based on the number of c
and r’s co-occurrences in bigrams and 1-skip-bigrams. Unlike our document-context measure PMId (c, r), intended to
capture semantic relatedness, PMIw (c, r) shows how likely c
and r occur in a combination (or syntagmatic relation).
1d. Orthographic similarity is computed as one minus the
normalized Levenshtein distance between c and r.
2. Characteristics of response word. These variables include: (a) r’s log-frequency, extracted from OpenSubtitles2018; (b) r’s estimated age of acquisition (as provided in
Kuperman et al., 2012); (c) r’s number of meanings and
(d) senses, extracted from the Wordsmyth online dictionary;4
(e) r’s estimated concreteness value (Brysbaert et al., 2014).

Predictor variables
We use a multiple regression analysis to predict the probability, p(r|c), of a response r given a cue c, by a number of
external variables that have been shown to affect lexical access in general or FA choices in particular. We consider three
groups of variables that capture: (1) relations between c and
r, (2) independent characteristics of r, and (3) independent
characteristics of c (control variables).

3. Characteristics of cue word. These are control variables, introduced to account for the fact that the effects of the
variables above may be modulated by c’s own characteristics.
We consider the same set of 5 variables as in group (2) for r.

Analyses and results
Following the setup commonly adopted in studies on modeling semantic memory (e.g., Gruenenfelder et al., 2016; Griffiths et al., 2007), we only consider the top five human responses to each cue in the human FA norms. Also, we discard responses for which not all the variables are available.
We fit a mixed-effects regression to the resulting data (4513
cues with 20, 951 responses), using the predictor variables,
their two-way interactions, and a random intercept per cue.5
The regression results in Table 1 suggest that the three
corpus-based variables – freq (r) as well as the word-context
PMIw (reflecting c and r’s ability to combine) and the
document-context PMId (reflecting c and r’s semantic relatedness) – are the best independent predictors of p(r|c). That
is, responses that are frequent overall, or frequently co-occur
with the cue word, are likely to be produced.
Other important predictors include the age of acquisition of
r (words acquired earlier are preferred), synonymy/antonymy
relations between c and r (responses that are synonyms or
antonyms of the cue are preferred), and the difference in
their concreteness scores (responses that match the cue in
the degree of their concreteness are preferred). Other pre-

1. Characteristics of cue–response pair. These include 4
subgroups, corresponding to the 4 general patterns observed
in the human FA data and enumerated in the previous section.
1a. Semantic relatedness can be captured by word cooccurrence in a broad context. If two words frequently cooccur in the same discourse unit – conversation, document,
etc. – a link may develop between these words in memory. We use the TASA corpus (∼ 15M words in 37, 653 educational documents: Landauer & Dumais, 1997), because
it consists of well-defined discourse units (documents) and
is commonly used for training models of semantic memory.
We compute document-context pointwise mutual information
based on the frequency of c and r’s occurrence and the frequency of their co-occurrence in documents: PMId (c, r) =
N freq(c,r)
p(c,r)
= log2 freq(c)
log2 p(c)p(r)
freq(r) , where N is the total number
of tokens in the corpus.
1b. Context substitutability, which reflects paradigmatic relations between words, can be operationalized in multiple
ways (see, e.g., Van Rensbergen et al., 2015). We use (1) a
binary variable of whether or not r is a synonym/antonym of
c (using Thesaurus.com1 ); (2) a binary variable of whether
c and r belong to the same part of speech (using the most
probable POS tag assigned by spaCy2 ); (3) an absolute realvalued difference between the estimated concreteness scores

3 http://www.opensubtitles.org
4 http://www.blairarmstrong.net/tools/excel_wordsmy
th_words_nummeaning_numsenses_partsofspeechfreq.zip
5 In all models, the values of each predictor were (1) divided by
its standard deviation to position all predictors on the same scale,
and (2) centered around 0, to reduce multicollinearity. We control
for variance inflation (VI) by removing interactions with VI factor
≥ 3 until VI < 3 for all predictors.

1 http://www.thesaurus.com
2 https://spacy.io
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Table 1: Mixed-effects regression fitted to human FA data.
Non-significant main predictors, small interactions (|β| <
0.05), and control variables (properties of c) are not shown.

PMIw (c, r)
freq (r)
PMId (c, r)
syn/ant (c, r)
age (r)
∆ concr (c, r)
POS match (c, r)
senses (r)
concr (r)
orth. sim (c, r)

β

SE

freq (r)
PMI w (c, r)
age

Predictor

Predictor

PMI d (c, r)

p
<.001∗∗∗

0.19
0.14
0.13
0.11
−0.11
−0.09
0.04
−0.03
0.03
0.01

0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01

<.001∗∗∗
<.001∗∗∗
<.001∗∗∗
<.001∗∗∗
<.001∗∗∗
<.001∗∗∗
<.001∗∗∗
<.001∗∗∗
.050∗

syn/ant (c, r) × freq (r) 0.06
PMId (c, r) × age (r)
−0.05

0.01
0.01

<.001∗∗∗
<.001∗∗∗

syn/ant
Δconcr (c, r)
concr (r)
senses (r)
POS match (c, r)
orth. dist (c, r)
meanings (r)
0

25

50

75

100

125

Increase in mean squared error, %
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Figure 1: Relative importance of predictors in a random forest
regression fitted to the human FA norms. Larger increase in
error is associated with higher importance.
The document-context PMId (c, r) is the most important predictor here, followed by three predictors of similar importance: r’s frequency, r’s age of acquisition, and the wordcontext PMIw (c, r). These are followed by three more predictors of similar importance: synonymy/antonymy relations
between c and r, the difference in the degree of their concreteness, and r’s own concreteness, while the other variables are
less important.
To summarize, we have determined which factors are likely
to drive human responses in the FA task, and next we test
whether the same factors can explain the responses generated
by a computational model of semantic memory.

Goodness of fit: the fixed effects (as well as the fixed and random
effects together) explain 13.3% of the data variance.

dictors have less explanatory power in the regression: there is
a small preference for response words which have the same
POS as the cue, which are less ambiguous (have fewer different senses), more concrete, and orthographically more similar
to c. Finally, there are significant interactions terms: first, responses with high corpus frequency are even more likely to be
produced if they are also synonyms/antonyms of the cue, and
second, the positive effect of c and r’s semantic relatedness
(PMId ) is reduced if r is acquired late in life.
The presented analysis gives us useful insights about the
factors underlying human lexical choices in the FA task,
which is our first goal in this study. But considering our second goal, related to models of semantic memory, we need to
be able to compare the role of the factors in human FA norms
to their role in the responses generated by a model. To do
so, we need a way to measure the relative importance of each
factor, so that their importance could be compared across the
two data sets. One way to do so is to rank the predictors based
on the values of their β-coefficients in the regression, but the
presence of interactions terms makes this ranking biased: it is
difficult to interpret to what extent the presence of a particular
predictor in the regression affects the overall fit to the data.
Instead of relying on the β-coefficients, we follow the
existing practice in using regression by random forests, a
method known for its ability to implicitly capture interactions
between predictors (e.g., Grömping, 2009). We fit a random
forest with 1000 trees to the human FA data, using the same
set of main predictors (no interactions), and compute the relative importance of each predictor by considering an increase
in model’s error when the data for that predictor is randomly
permuted (Breiman, 2001; Liaw & Wiener, 2002).
The results (see Figure 1) are largely compatible with the
predictors’ relative effect sizes (β-coefficients) in the mixedeffects regression, with a few differences in the exact order.

Modeling FA norms with LDA topic model
Several studies (Nematzadeh et al., 2017; Gruenenfelder et
al., 2016; Griffiths et al., 2007) compare a number of computational models of semantic memory, including LSA, BEAGLE, word2vec, GloVe, and the LDA topic model, in their
ability to predict human FA norms. The results suggest that
the topic model outperforms LSA and BEAGLE, and is at
least as good as word2vec and GloVe when trained on the
same amount of data. An advantage of the topic model over
the latter two is its ability to capture asymmetric associative
relations between words often observed in human FA norms:
e.g., p(penguin|bird)  p(bird|penguin). This motivates our
use of the topic model in this study.
The LDA topic model is a generative model that takes a
corpus (a collection of individual documents) as input and
finds a set of topics, so that each document can be defined
as a mixture of such topics. Each topic is a probability distribution over words, which makes it possible to compute a
conditional probability of one word given another word, and
to use this probability as an equivalent of the p(r|c) in human
FA norms (Griffiths et al., 2007). We use this model to generate a data set of responses and compare it to the human FA
norms, both in terms of actual responses (as in earlier studies) and in terms of relative importance of predictors (as in
the previous section). This latter comparison provides intuition about the strengths and weaknesses of the model.
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Table 2: Mixed-effects regression fitted to the topic model
data. Non-significant main predictors, small interactions
(|β| < 0.05), and control variables are not shown.

(A) LDA

(B) LDA + dictionary

freq (r)
PMI d (c, r)
PMI w (c, r)

SE

p

0.22
0.18
0.14
0.05
−0.05
0.04
0.03
0.02
−0.01
−0.03

<0.01
<0.01
0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
0.01

<.001∗∗∗
<.001∗∗∗
<.001∗∗∗
<.001∗∗∗
<.001∗∗∗
<.001∗∗∗
<.001∗∗∗
<.001∗∗∗
.002∗∗
.013∗

syn/ant (c, r) × freq (r) 0.06
PMId (c, r) × age (r) −0.05

0.01
<0.01

<.001∗∗∗
<.001∗∗∗

PMId (c, r)
PMIw (c, r)
freq (r)
syn/ant (c, r)
∆ concr (c, r)
orth. sim (c,r)
POS match (c, r)
concr (r)
meanings (r)
senses (r)

Predictor
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β
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Figure 2: Relative importance of predictors in a random forest
regression fitted to the data generated by (a) the topic model;
(b) the dictionary-informed topic model.

to the p(r|c) values generated by the topic model. The topic
model relies on a word’s frequency and on the frequency of
word co-occurrences in a document context (Griffiths et al.,
2007), so that we expect freq(r) and PMId (c, r) to be important predictors of the model’s responses. At the same time,
it is known that word co-occurrences in a corpus can implicitly encode various types of information (e.g., Louwerse &
Zwaan, 2009), which the topic model may detect. In this case,
other variables than freq(r) and PMId (c, r) may also appear
as important predictors of the model’s p(r|c) values. We fit
the same two types of regressions (mixed-effects and random
forests) to the predictions of the topic model.7 The results
(Table 2 and Figure 2A) show that freq(r) and PMId (c, r) are,
as expected, main predictors of the model’s responses, and,
as indicated by the relative importance plot, have disproportionately higher importance in this data set than in human FA
norms. At the same time, the topic model certainly captures
some word-context co-occurrence information: PMIw (c, r)
appears as the third most important predictor in the plot (second in mixed-effects regression).
In contrast, the synonymy/antonymy relations between c
and r do not explain the model’s responses as well as the human FA norms. This can be explained by the fact that the
topic model treats each document as a bag-of-words and has
no means to determine whether the two words can substitute
each other in a phrase. So, for example, sun and solar might
be as similar in the model as sun and star if these three words
always occur in the same documents.
To summarize, our analysis reveals that, while the topic
model is able to extract some high-level semantic information
from textual data beyond word co-occurrence, its responses
yield fewer synonyms or antonyms of the cue than humans
do. We propose that the model’s predictions can be improved
by providing the model with this type of information.

Analyzing predictions of the topic model
Closely following procedure for training and testing adopted
in the previous studies (Nematzadeh et al., 2017; Gruenenfelder et al., 2016; Griffiths et al., 2007),6 we train an LDA
topic model on the TASA corpus (Landauer & Dumais,
1997), use the trained model to generate, for each cue present
in the FA norms, all potential responses and their probabilities, and consider all p(r|c) values such that r appears in FA
norms (either as a response to c or as a cue word).
We evaluate the model by comparing its predictions to
the human FA norms, using two measures employed previously. (1) Following Griffiths et al. (2007), we compute
M = {Mi , 1 ≤ i ≤ 5}, a set of median ranks, as follows: for
each cue c, we find the rank of ri – the ith human response to
c – in the list of the model’s predicted responses to c. Mi is
then the median of this set of ranks across all c. (2) Following
Gruenenfelder et al. (2016), we compute P, the percentage of
top 5 human responses that appear among the model’s top
8 predictions, averaged over all cue words. Our replication
yields results very similar to those reported previously:

P = 24%

senses (r)
Δconcr (c, r)
orth. dist (c, r)

Goodness of fit: the fixed effects alone explain 25.3% of the data
variance, while the full model explains 42.3%.

M = {20, 57, 100, 125, 165}

concr (r)

(1)

That is, the median rank M1 of the first human response in the
model’s predictions is 20, etc., and on average, 24% of the top
5 human responses are in the model’s top 8 predictions.
While the two evaluation measures quantify the match between human FA norms and the model’s predictions, our goal
here is to further discover which high-level behavioral patterns the model can and cannot reproduce. For this, we apply the same regression analyses as in the previous section

7 Because some cue words are missing in the TASA corpus, the
model data includes fewer cues than the human data: 4222. For
consistency with our P measure, we consider the model’s top 8 responses to each cue (and filter out the responses for which not all
predictor variables are available): in total 30, 070.

6 T = 1700 topics, α = 50/T , β = 0.01, 3 sampling chains
(MCMC) with 1600 iterations each; taking a sample every 100 iterations after 800 and averaging word similarities over all samples.
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Table 3: Mixed-effects regression fitted to the data of the
dictionary-informed topic model. Non-significant main predictors, small interactions (|β| < 0.05), and control variables
are not shown.
β

Predictor

SE

p

0.42
0.26
0.24
0.22
0.04
0.04
−0.04
0.04

<0.01
0.01
0.01
0.01
<0.01
0.01
<0.01
<0.01

<.001∗∗∗
<.001∗∗∗
<.001∗∗∗
<.001∗∗∗
<.001∗∗∗
<.001∗∗
<.001∗∗∗
<.001∗∗∗

syn/ant (c, r) × freq (r)
0.12
PMIw (c, r) × freq (r)
0.10
syn/ant (c, r) × PMIw (c, r) 0.08
PMId (c, r) × age (r)
−0.10
syn/ant × PMId (c, r)
0.05
PMIw × concr (c, r)
0.05

0.01
0.01
<0.01
0.01
<0.01
<0.01

<.001∗∗∗
<.001∗∗∗
<.001∗∗∗
<.001∗∗∗
<.001∗∗∗
<.001∗∗∗

syn/ant (c, r)
PMId (c, r)
PMIw (c, r)
freq (r)
orth. sim (c,r)
concr (r)
∆ concr (c, r)
POS match (c, r)

In total, for 21% of cue words, the predictions of the
dictionary-informed model match the human data better
in terms of P measure; examples of corresponding cue–
response pairs include abstract→concrete, shoe→boot, and
good→great. At the same time, for 5% of cues, the
dictionary-informed model is worse – cases when the correct predictions, such as milk→drink, newspaper→article, or
deep→sea, are replaced in the model’s top responses by synonyms/antonyms of the cue that humans do not produce.

Discussion
We provided the first statistical analysis of human FA norms
that considers a wide range of external variables known to
explain cognitive processes in human semantic memory. We
also used the results of our analysis to reveal a weak point of
the LDA topic model in modeling the human norms, and to
guide the addition of information to the model that improves
its fit to human data.
Our results show that corpus-based (distributional) variables are the most important predictors of human word
choices in the FA task. These variables include co-occurrence
of a cue and a response word in a document (reflecting semantic relatedness of words) and in a narrow context window
(reflecting their syntagmatic relations), as well as the independent corpus frequency of candidate response words (presumably reflecting their cognitive entrenchment). Another
important factor is the response word’s age of acquisition,
which explains some variance over and above the distributional variables, a result consistent with the independent effect of age observed in word and picture identification tasks
(e.g., Juhasz, 2005). The final factors predictive of human FA
responses – the synonymy/antonymy relations between a cue
and a response word and the match in their degree of concreteness – have to do with the ability of the two words to
substitute each other in phrases. In linguistic terms, speakers
rely on, among other factors, so-called paradigmatic relations
between candidate responses and the cue word.
Although we considered a wide range of variables, there
are certainly other corpus-based measures of interest (e.g.,
∆P, dispersion, PPMI: see an overview by Gries & Ellis,
2015) and important psycholinguistic variables (e.g., words’
valence and arousal: Van Rensbergen et al., 2015). Also, each
variable is likely to interact with the part of speech of the cue
word (cf. Schulte im Walde et al., 2008). Future work needs
to take these factors into account.
Our analysis of a particular model of semantic memory –
the LDA topic model – shows that one of its weaknesses is
the inability to capture paradigmatic relations between words,
such as synonymy/antonymy. Rubin et al. (2014) show that
such an ability naturally arises in a model if it either relies on
a word-by-word matrix, or performs a singular value decomposition (SVD) with dimensionality reduction on a word-bydocument matrix. The topic model instead constructs a wordby-document matrix and employs LDA for dimensionality reduction, and appears to not induce reliable paradigmatic re-

Goodness of fit: the fixed effects alone explain 35.5% of the data
variance, while the full model explains 44.0%.

Improving predictions of the topic model
We use the same setup as in the previous section to extract
p(r|c) values generated by the topic model, but then additionally upweight p(r|c) by a constant k if r appears as a synonym
or antonym of c in a dictionary (Thesaurus.com).8 To ensure
that our manipulation achieves the desired effect in the model,
we again fit the same two types of regression to the p(r|c) values generated by this enhanced model. The results in Table 3
and Figure 2(B) show that the synonymy/antonymy variable
in this model is much higher in importance, as expected. The
relative importance values of the other predictors are similar
to those in the original topic model, although the value for
PMId is higher here, probably due to the interaction of this
predictor with the synonymy/antonymy (see Table3).
We now need to test whether adding the synonymy/
antonymy information actually improves the fit of the model’s
predictions to the human FA norms. We again apply the two
evaluation measures, and we see substantial improvement (cf.
Eqn. (1) showing the scores of the original model):
M = {12, 37, 67, 95, 123}
P = 28%

(2)

Here, the median rank of the first human response in the
model’s predictions is 12, vs. 20 in the original topic model.
Also, P shows an error reduction of over 15% from the original model. Wilcoxon signed-rank tests with cue words as
individual items show that for each Mi (where 1 ≤ i ≤ 5) as
well as for P, the improvement of the topic model provided
with dictionary information over the original topic model is
statistically significant: all p < .001 (Bonferroni-corrected).
8 We

set k = 10, but any value k > 1 has a similar effect.
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lations between words. This suggests that the differences between SVD and LDA (as dimensionality reduction methods),
such as the amount of data variance encoded in top-N SVD
dimensions vs. top-N LDA topics, may have implications for
the model’s ability to encode paradigmatic relations between
words; this issue should also be addressed in future research.
In our case study, we showed that the fit between the
predictions generated by the topic model and the human
FA norms can be improved by providing the model with
simple dictionary-based information capturing one type of
paradigmatic (substitutability) relations between words –
synonymy/antonymy. Based on this result, we propose that
the topic model (as a model of semantic memory) can be improved by incorporating into its inference algorithm a mechanism that would capture such paradigmatic relations, in a
manner similar to the integration of topical and syntactic information in the model of Griffiths et al. (2005). The success of our simple manipulation in this study – providing
the model with readily-available dictionary information –
demonstrates how a comparative analysis of high-level patterns in the human free association data vs. model predictions
can inform existing models of semantic memory.
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Abstract

social cues on a variety of judgments and behaviors (Kim &
Srivastava, 2007; Gruzd & Wellman, 2014).
On the basis of these findings, we explore the potential influence of a particular social cue—popularity—on people’s
curiosity for everyday questions about science. We focus on
questions in the scientific domain for their potential significance in education. If popularity indeed affects curiosity, then
interventions on social environment could be a powerful tool
for educators of all kinds.

Our actions and decisions are regularly influenced by the social
environment around us. Can social environment be leveraged
to induce curiosity and facilitate subsequent learning? Across
two experiments, we show that curiosity is contagious: social
environment can influence people’s curiosity about the answers
to scientific questions. Our findings show that people are more
likely to become curious about the answers to more popular
questions, which in turn influences the information they choose
to reveal. Given that curiosity has been linked to better learning,
these findings have important implications for education.
Keywords: curiosity, intervention, social influence

Background

Introduction

Theories of curiosity

“Education takes for granted that sight is there but that it isn’t
turned the right way or looking where it ought to look, and
tries to redirect it accordingly.” –Plato, Republic.
From Sophocles’ Oedipus to Plato’s Republic, seeing has
been a dominant metaphor for learning. In the latter text, Plato
describes education as training to “look” in the right direction,
thus equating curiosity with the figurative desire to see.
What stimulates such curiosity in the learner? Psychological
accounts of curiosity posit that curiosity is piqued when we
observe discrepancies (Berlyne, 1960; Loewenstein, 1994) or
expect the resolution of our curiosity to improve the utility of
our knowledge (Dubey & Griffiths, 2017). Studies based on
these theories have explored methods to stimulate curiosity
(Pluck & Johnson, 2011; Gentry et al., 2014), and curiosity
has in turn been linked with better learning (Von Stumm et
al., 2011), memory (Kang et al., 2009), and decision-making
(Pierce et al., 2005). There thus lies tremendous value in
identifying effective ways to promote curiosity, especially in
pedagogical contexts.
In the current paper, we test a novel approach to stimulating curiosity: changing the learner’s social environment. A
wealth of prior work suggests that our actions and decisions
are strongly influenced by social factors (Cialdini & Trost,
1998). Research in marketing and social psychology shows
that people rely on the judgments of others to infer the value
of an action (Rao et al., 2001; Amblee & Bui, 2011; Moyer
et al., 2015). Research in education suggests that children’s
learning is informed not only by the material available to them,
but also by the active work of other children and their social
and cultural environment (Parr & Townsend, 2002; Kashdan
& Fincham, 2004). As the internet and social media become
ever-more pervasive, we can expect wide-spread effects of
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Berlyne proposed one of the earliest theories of curiosity
within psychology. According to his account, curiosity is triggered by incongruity and violation of expectations (Berlyne,
1960). Building on these ideas, Loewenstein proposed that
curiosity is a state of deprivation prompted by a perceived gap
in knowledge or understanding; the result is a desire to close
the “information gap” between one’s existing information set
and a desired state (Loewenstein, 1994). More recently, Dubey
and Griffiths (2017) proposed a rational model of curiosity.
This model posits that curiosity is evoked whenever people
perceive an opportunity to increase the value of their knowledge. While theories continue to be tested and developed,
these three accounts provide useful starting points for developing interventions on curiosity, and for considering why social
cues might play a role.

Stimulating curiosity
Despite theoretical disagreements, curiosity is universally positively regarded, and it is acknowledged as a significant predictor of academic achievement (Von Stumm et al., 2011). Thus,
a plethora of studies have explored methods to stimulate curiosity effectively. For instance, Berlyne’s incongruity theory
led the way for a number of studies that stimulated curiosity
by designing “optimally incongruent” stimuli (Berlyne, 1963;
Nakatsu et al., 2005). Loewenstein’s “information-gap” theory
has been used by many researchers to induce curiosity in education (Pluck & Johnson, 2011; Gentry et al., 2014), design
(Law et al., 2016), and marketing (Menon & Soman, 2002).
As one example, Law et al. (2016) showed that incomplete
information (i.e., inducing an information gap) can be used
to prompt curiosity and motivate participants in crowdsourcing tasks. Finally, the rational model of curiosity (Dubey &
Griffiths, 2017), while relatively new, is consistent with earlier

work showing that adults’ perceived value of information is
a strong predictor of their curiosity and motivation to learn
about a new topic (Rossing & Long, 1981).

The present research
Here we explore a novel way to stimulate curiosity: by manipulating the social environment. Specifically, we consider
whether changing the perceived popularity of a question affects people’s curiosity about the answer.
Despite the sizable literature on curiosity, little to no work
has explored methods to influence curiosity by manipulating
social environment. Yet there are good reasons to expect
social environment to be a potent force: a large corpus of
literature has shown that simply observing the behavior of
other individuals or groups can affect an individual’s thoughts,
feelings, attitudes, and behaviors (Rao et al., 2001; Berns et
al., 2010; Cha et al., 2010; Amblee & Bui, 2011; Moyer et al.,
2015). Interestingly, a number of ecological studies have also
shown that social cues regularly influence animals’ foraging
as well as habitat and mate choice (Dall et al., 2005). One
explanation is that observers are simply motivated to conform,
but recent work suggests that observing others’ choices can
also change the intrinsic value that the observer attaches to a
chosen item (Berns et al., 2010).
The aspect of social environment that we manipulate is the
popularity of a question. Why might popularity influence
curiosity? Other people’s interest in a question could itself
be a source of incongruity or surprise, thereby stimulating
people’s curiosity (Berlyne, 1963; Loewenstein, 1994). Given
that other people’s choices can affect perceptions of value, we
might also expect the popularity of a question to indicate the
value of knowing the answer. Dubey and Griffiths’s account
of curiosity (2017) would predict that as the anticipated value
of information increases, so too should curiosity.
Guided by these ideas, this paper asks the following questions:
1. Do social cues influence curiosity? More specifically, are
people more curious about the answer to a question that is
high in popularity?
2. Does the posited effect of social popularity on curiosity
lead to differences in information search? Specifically, are
people more likely to seek the answers to popular questions
because they are more curious about them?

Sample Questions

Topic

Why can’t the asteroid belt accumulate into
one rocky planet?
How do our lungs prevent or eliminate dust?
Why do your eyelids get puffy after crying?

Asteroids
Lungs
Eyelids

Table 1. Sample questions and topics.
they were less informed than those who provided the up-votes,
so we might expect them to rely on popularity as a good cue
to the true value of a question. For example, they might be
more curious about a popular question about asteroids than
an unpopular question about eyelids because they infer that
the former question is a better or more valuable question. In
Experiment 2, we consider the stronger possibility that popularity affects curiosity even in a rich information environment,
in which the full content of the question is known, and participants have access to the same information about the question
as do those providing the up-votes.

Experiment 1
In Experiment 1, we investigated whether social cues (in the
form of popularity) drive people’s curiosity in a situation with
“impoverished information,” and whether this boost in curiosity
affects subsequent information search. Participants received
the topics of scientific questions, along with their up-votes.
Participants were informed that the up-votes were made by
people who saw the full question (and not just the topics),
and thus participants were impoverished in another way—they
had less knowledge than those who provided the up-votes.
Participants then reported their curiosity about the full question
and answer and later had the opportunity to reveal a subset of
questions and answers.
The experiment tested the following three predictions: (1)
Participants will report greater curiosity about popular questions relative to unpopular questions, (2) Participants will be
more likely to choose to reveal the full questions and answers
for popular questions relative to unpopular questions, and (3)
The effect of popularity on information search will be mediated by curiosity.

Method

To address these questions, we conduct two experiments in
which we present participants with questions about science,
have them indicate their curiosity about the answers, and give
them the opportunity to reveal a subset of those answers. To
manipulate social environment, we use questions from a popular on-line forum, and we present the questions along with a
high or low number of up-votes as a social cue to popularity.
Across experiments, we consider the effects of popularity
on curiosity in both an impoverished and a rich information environment. In Experiment 1, participants were told only about
the topic of a question. In this impoverished environment,
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Participants 300 participants were recruited from Amazon
Mechanical Turk and were paid $1.00 for their participation
in a 7-8 minute study. Informed consent was obtained using a
consent form approved by the Institutional Review Board at
the University of California, Berkeley.

Stimuli
The stimuli used in the experiment were fifty questions sampled from Reddit’s Explain Like I’m Five subreddit, collected
over the course of four months. We chose questions that were
moderately popular, as reflected in up-votes between 200 and
600, to avoid outliers in either direction. For each question,
we manually identified the main topic (Refer to Table 1).

Figure 1. Design of Experiment 1. The experiment was divided into two phases. In Phase 1, participants were presented with the
topics and number of up-votes for each of ten questions and asked to rate their curiosity and perception of the question’s popularity.
In Phase 2, participants had the choice to reveal the questions and answers for five of the previously shown question-topics.
Finally, the selected questions and answers were revealed. Note that instructions were provided before each phase.
Procedure At the start of the experiment, each participant
was assigned to ten questions randomly sampled from our
fifty-question database. The experiment was then divided into
two phases, described below (see also Figure 1).
Phase 1 In the first phase, participants were presented with
each of the 10 questions, but indicated only in terms of their
topic (e.g., “a question about sleep”). For each question, participants were also presented with the number of up-votes that
the question putatively received on a “popular online forum.”
While participants could only see the topic of the question,
they were told that the up-votes were given by members of
the online community who viewed the full question text, and
not just the topic. Participants were also told that the up-votes
were based only on the questions, and not on the answers to
those questions. Crucially, out of the ten questions presented
to each participant, five were randomly assigned a high number
of up-votes, and five were assigned a low number of up-votes.
These numbers were drawn from low-variance normal distributions with means of 2405 and 24, respectively. After seeing
each question and its corresponding up-vote, participants were
asked to rate how popular they thought the question was on
a scale from 0-6. This question was a manipulation check to
ensure that participants correctly interpreted the number of
up-votes. Participants also rated their curiosity in knowing the
full question and its answer, again on a scale from 0-6. This
was the key variable of interest in Phase 1.
Phase 2 In the second phase, participants were given the
opportunity to reveal the questions and answers corresponding
to five of the ten question-topics that were rated in Phase 1.
The question-topics and up-votes from Phase 1 were again
presented, and participants indicated their five choices. The
corresponding questions and answers were then revealed.

Results
For the analyses that follow, we removed participants whose
ratings across all questions (of popularity and curiosity) had
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extremely low variance (σ2 ≤ 0.75); these participants consistently used one of three consecutive ratings for every judgment.
Eight participants were excluded on this basis, but their inclusion does not affect the significance of our findings. The final
sample consisted of 292 participants.
Phase 1 We first confirmed that our manipulation of upvotes successfully manipulated perceived popularity. As
shown in Figure 2(a), the mean popularity rating for questions
with high up-votes was 3.18 points higher than that for questions with low up-votes. A paired-samples t-test revealed that
this difference was significant, t(291) = −31.7, p < 0.001, indicating that our manipulation of up-votes was an effective
social cue. We next tested whether our popularity manipulation influenced participants’ curiosity. As shown in Figure
2(a), the mean curiosity rating for questions with high up-votes
was 1.23 points higher than that for questions with low upvotes. A paired-samples t-test confirmed that this difference
was also significant, t(291) = −14.2, p < 0.01, indicating that
the manipulation of up-votes had a reliable effect on curiosity.
Phase 2 To investigate whether participants were more likely
to reveal the full questions and answers for questions that were
presented with more up-votes, we tested whether questions
presented with high up-votes were revealed more often than
the chance value of 50%. As shown in Figure 2(b), participants revealed high up-vote questions 64.7% of the time
(and conversely, revealed low up-vote questions 35.3% of
the time). A single sample t-test showed that this proportion
was significantly different from the prediction of the null hypothesis, t(291) = 11.1, p < 0.001. Finally, we considered
whether curiosity mediated the effect of up-votes on whether
a question-answer pair was revealed. We first ran a logistic
regression predicting whether a question was chosen from the
experimental manipulation of up-votes; this yielded a significant and positive coefficient of 0.298 (z = 15.597, p < 0.001).
We next considered a regression predicting whether a question

the question. Second, up-vote information could lead to incongruity between participants’ own expectations and the actual
number of up-votes, again introducing an information-gap and
prompting curiosity. To test this, we asked participants to rate
how surprised they were by the popularity of the question.
Third, participants might infer that knowing the answers to the
high up-vote questions would be valuable to them in a social
setting. To investigate this, we asked participants to rate the
social utility of knowing the answer to each question. Fourth,
participants might infer that knowing the answers to the questions with high up-votes would be of more general value (and
not just in a social setting). To test this, we asked participants
to rate how useful they thought knowing the answer to the
question would be in the future.

Figure 2. Popularity influences people’s curiosity (Experiment 1). (a) Participants gave higher average ratings for both
the perceived popularity of the questions within the social forum and about their own curiosity to learn about the question
and its answer. (b) Questions with higher up-votes were more
likely to be revealed by participants.

Method
Participants 301 participants were recruited from Amazon
Mechanical Turk and paid $1.50 for their participation in
a 12-minute study. Informed consent was obtained using a
consent form approved by the Institutional Review Board at
the University of California, Berkeley.

was chosen from rated curiosity, yielding a significant and
positive coefficient of 0.517 (z = 22.015, p < 0.001). We then
fit a multiple regression with both curiosity and popularity
as predictors; this yielded coefficients of 0.459 and 0.112 respectively (z = 17.807, p < 0.001 and z = 5.165, p < 0.001),
suggesting partial mediation. These findings are consistent
with the idea that up-votes affected whether a question/answer
was revealed in part because they affected curiosity about that
question/answer.

Stimuli The stimuli used in this experiment were the same
fifty questions used in Experiment 1.
Procedure This experiment followed the same design and
procedure as Experiment 1, with two key differences. First,
participants were presented with each question in full (as
opposed to only presenting the topic of the question). Second,
in addition to popularity and curiosity ratings, participants
responded to additional prompts designed to assess factors
that could have affected curiosity. Participants responded to
each of the following on a scale of 0-6:

Discussion
Experiment 1 tested and found support for three predictions
about the effects of popularity in an impoverished information
environment. Participants were more curious about popular
questions (vs. unpopular questions), and they were more
likely to reveal the full questions and answers for popular (vs.
unpopular) questions. Moreover, the effect of popularity on
information search was partially mediated by curiosity.

1. Confidence: “How confident are you that you know the
correct answer to this question?”
2. Surprise: “How surprised are you by the popularity of this
question?”
3. Social utility: “To what extent would knowing the answer
to this question be useful to you in a social setting?”

Experiment 2
Experiment 2 had two aims. First, we sought to investigate
whether the key findings from Experiment 1 would generalize
to a situation with “rich information.” Specifically, participants were given access to the full text for each question – not
only its topic – along with high or low up-votes. This environment was also rich in the sense that participants had the same
knowledge about the questions as the people who provided
the up-votes. As in Experiment 1, we predicted that up-votes
would affect curiosity and in turn affect information search.
The second aim of Experiment 2 was to gain insight into why a
social cue to popularity would affect curiosity. Based on extant
theories of curiosity, we considered four hypotheses. First, upvote information could change participants’ beliefs about their
own knowledge, leading to an information-gap and thereby
influencing their curiosity. To test this, we asked participants
to rate their confidence in whether they knew the answer to

4. Usefulness: “To what extent would knowing the answer to
this question be useful to you in the future?”
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Results
For all analyses in Experiment 2, we used the same exclusion
criterion as in Experiment 1. Nine participants were thus
excluded for very low variance in their judgments (σ2 ≤ 0.75).
However, the significance of the results are not affected by
this exclusion. Our final sample consisted of 292 participants.
Phase 1 We first tested whether up-votes again succeeded in
manipulating perceived popularity. As shown in Figure 3(a),
perceived popularity was 2.27 points higher for high up-vote
questions when compared to low up-vote questions. This was a
significant difference, t(291) = −23.1, p < 0.001, suggesting
that up-votes once again served as an effective social cue.

As in Experiment 1, we tested whether the effect of upvotes on information search was mediated by curiosity. First,
a logistic regression predicting question choice from the manipulation of up-votes revealed a significant positive coefficient of 0.144 (z = 7.503, p < 0.001). A similar regression
with curiosity as the predictor produced a coefficient of 0.406
(z = 18.791, p < 0.001). Next, a multiple regression with both
curiosity and popularity resulted in a non-significant coefficient of 0.0343 for popularity (z = 1.5994, p = 0.110), while
curiosity remained significant at 0.395 (z = 17.606, p < .001).
This suggests that the effect of up-votes on information search
was fully mediated by curiosity. Finally, we considered
whether the effect of curiosity was still significant, controlling
for all other judgments. We conducted a multiple regression
using all six judgments to predict whether a question was
revealed and found that curiosity outperformed all other predictors with a coefficient of 0.346, maintaining its significance
(z = 12.874, p < .001).

Figure 3. Popularity influences people’s curiosity in a rich
information environment (Experiment 2). (a) Up-votes influenced participants’ ratings for every judgment except for
their confidence. (b) Higher up-voted questions were once
again more likely to be revealed by participants.
Next, we tested whether curiosity was affected by up-votes,
even in this rich information environment. As shown in Figure 3(a), curiosity was higher by 0.455 points for questions
with high up-votes versus low up-votes. This difference was
significant, t(292) = −6.68, p < 0.001, indicating that the
effect of social popularity on curiosity extended to a rich
information environment. We also conducted similar pairedsamples t-tests for each of the remaining judgments. The
results are reported in Table 2. We found that popularity did
not reliably affect participants’ confidence, but it did have a
significant effect on participants’ judgments of surprise, social
utility, and usefulness. These judgments were all correlated
with curiosity; however, none fully mediated the effect of
popularity on curiosity.
Phase 2 To investigate whether the manipulation of popularity affected information search, we tested whether questions
with high up-votes were revealed more often than the chance
value of 50% (Refer to Figure 3(b)). A single-sample t-test
showed that participants’ choice of high up-vote questions
(54.8% of the time) was significantly different from chance,
t(292) = 4.24, p < 0.001. This suggests that even in a rich
information environment, manipulating up-votes had an effect
on information search.
Judgment

Effect Size

t(292)

p-value

popularity*
curiosity*
confidence
surprise*
social utility*
usefulness*

2.27
0.455
−0.001
0.529
0.353
0.290

−23.1
−6.68
0.112
−6.48
−6.46
−4.98

< 0.001
< 0.001
> 0.05
< 0.001
< 0.001
< 0.001

Discussion
The findings from Experiment 2 mirror our three findings from
Experiment 1, but in an environment with richer information.
Even though participants had access to the full content of each
question, we found that popular (vs. unpopular) questions
induced greater curiosity, and that participants were more
likely to reveal their answers. We also found that curiosity
fully mediated the effect of popularity on information search,
and that while curiosity was related to three of our additional
judgments (surprise, social utility, and usefulness), the effects
of curiosity could not be reduced to these factors.

Comparison of Experiments 1 and 2
Experiments 1 and 2 differed in whether questions were presented with only their topic (Experiment 1: impoverished
information) or with the complete text for each question (Experiment 2: rich information). Did amount of information
moderate the effect of social environment on curiosity and
information search? To answer this question, we compared
effect sizes across Experiments 1 and 2. In Experiment 1,
manipulating up-votes increased curiosity by +1.23 points;
in Experiment 2, high up-votes increased curiosity by only
+0.455 points. A two-sample t-test revealed that these effects
differed significantly, t(292) = 7.04, p < 0.001. Similarly, although participants chose questions with high up-votes more
frequently in both experiments, this proportion was higher in
Experiment 1 (64.7%) compared to Experiment 2 (54.8%).
This difference was also significant, t(292) = 5.71, p < 0.001,
suggesting that the impact of popularity on both curiosity and
question choice was stronger when more information was
unknown.

General Discussion
Table 2. Impact of manipulating up-votes on judgment
ratings (Experiment 2). Effect sizes are the mean difference
of ratings, subtracting the low up-vote group from the high
up-vote group; significant differences are starred.

We began this paper by asking whether a learner’s social environment can influence curiosity. Across two experiments, we
find that the answer is “yes.” Manipulating the perceived popularity of a question led participants to report greater curiosity
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about the answer to that question. The effect of popularity
extended to subsequent information search: participants were
more likely to reveal the answers to popular questions, and
this effect of popularity on information search was mediated
by curiosity (partially in Experiment 1, fully in Experiment 2).
Experiment 2 additionally revealed that popularity influenced
participants’ judgments of surprise, social utility, and usefulness, lending support to various theories of curiosity. Finally,
the comparison of Experiments 1 and 2 suggested that effects
of popularity may be greater when judgments are made with
limited information.
Our findings raise new and important questions for education. If people are less likely to become curious about unpopular questions, how can educators successfully induce curiosity
for unpopular topics? Some recent studies have explored the
influence of group membership on curiosity (Sinha et al., 2017;
Thomas & Vinuales, 2017); this raises the question of whether
social distance or group-status moderate effects of popularity
on curiosity. More generally, what other features of a learner’s
social environment might influence curiosity and subsequent
learning?
Despite the promise of our results, the educational impact
of our study is limited by the nature of our stimuli and task.
We focused on short-term consequences of manipulating popularity through up-votes; it is not clear if effects of popularity
would persist over longer time-scales and result in tangibly better learning outcomes. Similarly, while up-votes have natural
analogues on social media and in online learning environments,
it is unclear how they might translate to a more traditional
classroom. These are important questions for future research.
Despite these limitations, the potential implications of our
findings are far-reaching. Because popularity can successfully
induce curiosity in an impoverished information environment,
it could be a particularly effective cue for learners who know
too little to appreciate an information gap, or to recognize
the potential value of information in a novel domain. Given
that popularity also has an effect in a rich information environment, educators can readily incorporate social cues in
existing platforms, with the expectation that the popularity of
particular topics or questions will affect students’ curiosity
and subsequent behavior. In Plato’s allegory, the purpose of
education is to redirect an individual’s ‘sight’. Our findings
suggest that manipulating social environment is one way that
educators can help learners figure out where to look.
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Abstract

4- and 5-year-olds generated the most useful evidence on
their own (Schulz et al., 2007, Experiment 3). Compared to
pairwise relationships between two variables, it is less wellunderstood how children learn global structures of multiple
variables through interventions. In a recent study, McCormack, Bramley, Frosch, Patrick, and Lagnado (2016) looked
at whether 5- to 8-year-olds were able to use interventions to
learn the structure of a three-node system. Each node A, B,
C represented a shape sticking out of a box lid, which could
be rotated by hand or by the other shapes via a hidden mechanism inside the box. For a given causal system, children
were shown three ways in which the mechanism in the box
might work (a common cause: B A ! B; two causal chains:
A ! B ! C or A ! C ! B) and were allowed at least 12 opportunities to intervene on this system to figure out which one
was the case. Chance levels of IG were established through
simulation of randomly selected interventions. Only 7- to
8-year-olds’ intervention quality was above chance for both
types of structures. By contrast, 5- to 6-year-olds’ intervention quality was below chance for both; 6- to 7-year-olds’ was
above chance for causal chains but not for the common cause.
Consistent with “source preferences” found by Steyvers et
al. (2003), McCormack et al. (2016) noted that a considerable
proportion of children intervened on the root node A, which
could not reduce uncertainty since all shapes would rotate regardless of the true structure. Coenen, Rehder, and Gureckis
(2015) suggested that this phenomenon may be driven by
the positive test strategy (PTS): instead of differentiating between alternatives, a PTS user focuses on one hypothesis
(e.g., A ! B ! C) at a time while ignoring everything else.
To check whether both links in the working hypothesis exist, the most efficient intervention is to activate A, which examines both links at the same time. More generally, a PTS
user favors nodes that can simultaneously test the largest proportion of links. This strategy runs parallel to PTS in rule
learning where learners favor queries that produce affirmative
responses (e.g., “yes”) if the current hypothesis is true (Klayman & Ha, 1989; Wason, 1960). PTS is most useful when
evidence can falsify the current hypothesis, whereas positive
evidence could support just as many hypotheses as before the
intervention (although you may have more confidence in the
supported ones). PTS is efficient if causal connections are
sparse (Navarro & Perfors, 2011; Oaksford & Chater, 1994).
For instance, to see if pollen X causes allergy Y, you can
run tests on pollen X. In theory, you can also check whether
people without allergy Y have been exposed to pollen X—
however, since allergy Y is rare (P(Y ) < .5), you need to
check frequently; since pollen X is rare (P(X) < .5), you may

Like scientists, children have a sharp sense of when and how
to seek evidence, but when it comes to generating causal interventions, their performance often falls short of normative
information-theoretic metrics such as the expected information
gain (EIG). We looked at whether this deviation resulted from
mixing discriminatory strategies such as maximizing EIG with
confirmatory strategies such as the positive test strategy (PTS).
Thirty-nine 5- to -7-year-olds solved 6 puzzles where they had
one opportunity to intervene on a three-node causal system to
identify the correct structure from two possibilities. Children’s
intervention choices were better fit by a Bayesian model that
incorporated EIG and PTS compared to alternative models that
only considered a single strategy or selected interventions at
random. Our findings suggest that children’s intervention strategy may be a combination of discrimination and confirmation.
Keywords: causal learning; interventions; self-directed learning; Bayesian modeling

Introduction
[I]t is the usual fate of mankind to get things done in some
boggling way first, and find out afterward how they could have
been done much more easily and perfectly.
— Charles S. Peirce (1882)

Fairy tales often depict swallows as bringers of spring.
Given the frequent co-occurrence of the two, no wonder our
ancestors suspected a causal link between them. Setting free a
flight of swallows, however, is unlikely to end winter—by fixing the value of the variable “whether swallows are present”
to “yes” (do(Swallow = 1)), a method known as interventions, we soon learn that swallows do not bring forth spring;
perhaps it is the warmth of spring that lures them back.
Interventions are a powerful tool for uncovering causal
structures, but not all are equally useful for distinguishing
among a set of alternatives. Of numerous models that quantify the usefulness of interventions (Nelson, 2005), information gain (IG) is currently most widely used (e.g., Bramley,
Lagnado, & Speekenbrink, 2014; Oaksford & Chater, 1994;
Steyvers, Tenenbaum, Wagenmakers, & Blum, 2003). According to the IG model, good interventions make learners
feel less uncertain (uncertainty is usually measured by “average surprise”, or Shannon entropy, Shannon, 1948) about a
causal system: initially, one causal structure may seem just
as likely as the next, so guessing which one is correct is like
a shot in the dark; after an informative intervention, however,
we can use the resulting effect to sift the good from the bad.
The ability to use interventions to learn causal structures emerges early (e.g., Cook, Goodman, & Schulz, 2011;
Schulz, Gopnik, & Glymour, 2007) but is still limited in
childhood. For instance, when asked to find out whether
two gears were independent or connected, only half of the
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well find nothing. While causal connections in McCormack
et al.’s (2016) study were not sparse, they often are in real life;
as a result, children may still use PTS even when it works less
well than discriminatory strategies such as IG maximization.

n 2 N reduces the entropy to H(G|n, o). The reduction of
entropy is this intervention’s information gain IG(n, o):
IG(n, o) = H(G)

Combining strategies
Coenen et al. (2015) found that when choosing interventions,
adults might combine discriminatory (IG) and confirmatory
(PTS) strategies. In a series of experiments, they showed
participants two possible structures of a three- or four-node
causal system and asked them to identify the true structure
by using as few interventions as possible. Participants’ (first)
intervention choices were better fit by a Bayesian model that
incorporated IG and PTS when assigning values to potential
interventions compared to models that only considered either
IG or PTS, or assigned values indiscriminately.
The new modeling approach above provides a more precise characterization of children’s strategy use, which could
potentially explain why they often fail to generate informative
interventions. By contrast, other past studies that we know of
(e.g., Bramley et al., 2014; McCormack et al., 2016; Steyvers
et al., 2003) only quantified the degree to which participants’
performance deviated from the IG model but did not zero in
on where such deviation came from. As with Coenen et al.
(2015), we addressed this issue by entertaining the possibility that children combine IG and PTS to select interventions.
We focused on 5- to 7-year-olds because they did not reliably
use IG to select interventions in McCormack et al.’s (2016)
study. We adapted Coenen et al.’s (2015) adult task to make it
more accessible and engaging for children of this age range.
In one experiment, children solved puzzles where they had
one opportunity to intervene on a three-node causal system to
identify the correct structure among two possibilities. Intervention choices were fit by two single-strategy models (PTS
or IG), a random model (all interventions were assigned a
value of 1), and a combined model (both PTS and IG).

Â P(o|n)H(G|n, o).

EIG(n) = H(G)

(3)

o2O

In Eq. (3), the conditional entropy H(G|n, o) is:

Â P(g|n, o)log2 P(g|n, o).

H(G|n, o) =

(4)

g2G

In Eq. (4), for each graph, the prior probability P(g) is
the same and the posterior probability P(g|n, o) is given by
Bayes’ rule, ÂP(o|g,n)P(g)
P(o|g,n)P(g) . P(o|g, n) is an outcome’s likelihood given a hypothesis and an intervention.
2. Positive Test Strategy (PTS)
According to the PTS model, learners aim to intervene on
the node n 2 N that has the largest proportion of links1 (direct or indirect), with each graph g 2 G being considered:
PT S(n) = max[
g

DescendantLinksn,g
].
TotalLinksg

(5)

3. Random strategy
According to the random model, the learner assigns the
same value (e.g., 1) to all possible interventions.
4. Combined strategy
According to the combined model, the learner assigns a
weighted mean of EIG (weight: q) and PTS (weight: 1 q)
scores to each intervention.

Values of interventions Different strategies assign values
to interventions differently. Here we included the expected
information gain (EIG), the positive test strategy (PTS), the
random strategy, and the combined strategy (EIG and PTS).

Linking values to interventions Ideal learners always intervene on the node with the highest value V (n); actual learners do so probabilistically—their behavior can be captured by
the softmax choice rule (Luce, 1959):

1. Expected Information Gain (EIG) Learners begin with a set
of hypotheses about how a causal system may work. Each
hypothesis is formally represented as a causal Bayesian
network—a directed acyclic graph where nodes represent
causal variables and links represent causal relations (Pearl,
2000). Learners’ uncertainty about this causal system
g 2 G (G is the space of possible graphs and g is each hypothesis) is measured by its Shannon entropy H(G):

Â P(g)log2 P(g).

(2)

The IG model assumes that learners’ goal is to maximize
IG(n, o). However, because an intervention’s outcome is
unknown beforehand, its expected information gain (EIG)
(marginalized over all possible outcomes) is used instead:

Modeling strategies

H(G) =

H(G|n, o).

P(n) =

exp(V (n)/t)
,
Â exp(V (n)/t)

(6)

n2N

where t is learners’ decision noise: when t is 0, they behave ideally; when t approaches +•, they choose randomly.
The main interests of our study were to 1) examine which
model could best capture 5- to 7-year-olds’ intervention selection and to 2) look for possible developmental changes.

(1)

g2G

1 We tested two alternative PTS models where values are based
on the expectation or the total number of how many nodes can be
turned on. Neither model fit our data as well as the one we used.

Observing the outcome o 2 O of an intervention on a node
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Adaptations for the current study
We explored scenarios similar to those explored by Coenen et
al. (2015) with two key differences.
We set causal connections to be deterministic: intervening
on a parent node would always affect its children and no background causes existed. This was because children might have
difficulties understanding that a parent only had a probability
of (for instance) 0.8 to activate its children; incorporating this
information into causal reasoning could make it even harder.
We only selected three unique problems2 (A ! B ! C vs.
B A ! C; A ! B ! C vs. B ! C; B ! A C vs. C ! A).
To obtain more data, each child faced each problem twice
with the roles of A and B counterbalanced (A ! C ! B vs.
B A ! C; A ! C ! B vs. C ! B; B ! A C vs. B ! A).
There was only one informative intervention in each problem,
making it easier for us to distinguish children’s performance
from the chance level of EIG based on relatively sparse data
(there were only a total of 6 problems and children only intervened once to solve each problem). Moreover, EIG and PTS
happened to have the least overlap3 in these problems, so our
models were better able to capture children’s strategy use.

Figure 1: The experiment setup.

Experiment
Methods

(a) Puzzle 1

(b) Puzzle 2

(c) Puzzle 3

(d) Puzzle 4

(e) Puzzle 5

(f) Puzzle 6

Figure 2: 6 puzzles used in the experiment.

Participants Thirty-nine 5- to 7-year-olds (M age = 79.8
months, range = 61.8–94.8 months, SD = 9.7 months; 18 females) were tested in a laboratory located at University of
California, Berkeley or in a local children’s museum.

each structure. Specific structures used as examples during
practice were not included in the test. The trial order was
randomized for each child. All three light bulbs were presented simultaneously, along with red arrows denoting causal
relationships. On the first trial, the experimenter told children, for instance, “These light bulbs (e.g., ! ) have a
secret: some give light to others. See this arrow over here?
It means that the yellow light bulb gives light to the red light
bulb. That is, when yellow turns on, it turns on red, too!” To
ensure that children understood causal structures shown in the
pictures, they were asked to describe them in their own words
on the last three trials. The experimenter asked additional
questions if children 1) ignored the red arrows (e.g., Child,
“This picture tells us there are three light bulbs.” Experimenter, “Great! Can you tell me what this arrow tells us?”),
2) did not address causal relationships (e.g., Child, “This picture shows us an arrow pointing from yellow to red.” Experimenter, “Good! What does it tell us?”), or 3) made factual
errors (e.g., Child, “This picture shows that red turns on yellow.” Experimenter, “Maybe it shows us yellow turns on red?
What do you think?”). After describing a picture, children
were invited to turn on each light bulb, “Now you can turn on
the light bulbs one by one and see what happens!”.
In the test, children solved six puzzles (see Figure 2) in
a random order. On each test trial, arrows were hidden away
and cards with two candidate causal structures were displayed
side by side; the relative positions were randomized. Children
were told, “These three light bulbs work in a special way.
They either work this way (pointing to one card) or this way

Equipment and materials An interactive game was developed for this study (see Figure 1). Simple causal systems consisting of a yellow, a green, and a red light
bulb were programmed in Scratch (see all causal systems: https://scratch.mit.edu/users/BayesianBabies/projects/)
and presented on a laptop screen. A response board with three
buttons of corresponding colors was connected to the computer via a circuit board to control the light bulbs. In the test
phase, possible structures of light bulbs were shown on cards.
Procedure Children first learned how to turn on light bulbs
using buttons on the response board. For each light bulb, the
experimenter turned it on and off and asked children to turn
it back on. In the end, the experimenter summarized the rule,
“You just need to click the button that has the same color!”
Next, children practiced describing four basic types of
causal structures (common cause:
! ; common
effect:
!
; causal chain:
! ! ; one link:
! ) and observed outcomes of all three interventions in
2 For three-node causal systems with one or two links, there are
18 unique structures: 3 common-cause structures, 3 common-effect
structures, 6 causal-chain structures, and 6 one-link structures, resulting in a total of 18
2 = 153 pairs of graphs. Because the node
names are arbitrary, simultaneously swapping nodes in both structures of a pair (e.g., swapping A and C in A ! B ! C vs. A ! B)
leads to an equivalent pair (C ! B ! A vs. C ! B). There are 27
unique pairs left after eliminating the redundant.
3 Overlap could not be eliminated in any given pair.
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(pointing to the other). One picture is correct about how they
work and the other one is wrong.” They were asked to find
out the true structure based on one intervention, “To solve this
puzzle, you can turn on one light bulb and see what happens.
From that, you can find out which picture shows us how these
three light bulbs really work! Which light bulb do you want
to turn on to help you?” After each intervention, children
identified the correct structure by putting a smiley face sticker
on it. Correct structures were randomly selected and feedback
was only provided in the end (to avoid discouragement).

Results

Figure 3: Hierarchal Bayesian models of single (left) and
combined (right) strategies. In each puzzle j, each child i
chose one node ni j to intervene on. V j , EIG j , and PT S j
store the values of three possible interventions in each puzzle.
pi j stores probabilities of each child choosing each intervention in each puzzle. ti and qi capture each child’s decision
noise and EIG weight. a and b are population-level hyperparameters that generate ti ; µ and k generate qi .

Accuracy We first looked at whether children could identify correct causal structures through interventions. The percentage of correct choices averaged across all children and
puzzles4 was 54% (SD = .22, MD = 50%), which was at
chance (50%), t(38) = 1.02, p = .31, Cohen’s d = .16. There
was no age difference, F(1, 37) = .027, p = .87, R̄2 = .00.
Raw scores Before model fitting, we looked at the raw EIG
and PTS scores of children’s chosen interventions. The average EIG over all interventions was .39, which was not distinguishable from the chance level5 of EIG (.33), t(38) = 1.23,
p = .23, Cohen’s d = .20. The average PTS over all interventions was .74, which was above the chance level6 of PTS
(.55), t(38) = 5.21, p < .001, Cohen’s d = .83. Both the average EIG and the average PTS tended to increase with age,
F(1, 37) = 3.63, p = .065, R̄2 = .065 and F(1, 37) = 4.13, p =
.049, R̄2 = .076, respectively. Both effect sizes were small.
We categorized children by their main strategy and whether
they switched strategies7 (see Table 1). More children were
PTS users (N = 31) than EIG users (N = 6); two were undecided. Over half (18/31) of the PTS users switched strategies
at least once while no EIG users switched from or to PTS.

Table 1: Summary of strategy use and strategy switch.
Strategy

Combined

Single

EIG
PTS
Undecided

0
18
2

6
13
0

Table 2: Comparing four models of intervention strategies.
Model

DIC

t

q

Random
EIG
PTS
Combined

523.36
504.14
465.61
431.76

6.02
6.64
5.50
5.11

–
–
–
.24

Comparing models Of central interest to our study was the
comparison between four models of children’s strategy use.
We took a hierarchical Bayesian approach to modeling
children’s intervention choices. Single-strategy models (Figure 3a) assumed that children noisily maximized EIG or PTS,
or assigned a value of 1 to all interventions. A free parameter
ti captured each child’s decision noise, which was sampled
from a population-level gamma distribution with two hyperparameters a (shape) and b (rate). The combined model (Figure 3b) viewed children’s intervention strategy as a potential mix of of EIG maximization and PTS maximization. An
additional free parameter qi captured EIG’s weight in each
child’s evaluation of interventions, which was sampled from a

Figure 4: (A) The best-fitting q (MLE) for each child. (B)
The distribution of the hyper-parameter µ (the mean of q).

4 Due to an equipment error, one child’s accuracy on one puzzle
was not recorded; this trial was excluded from subsequent analyses.
5 As mentioned, only one in three interventions was informative.
6 This was the average PTS over all interventions in all puzzles.
7 We did so by subtracting each child’s PTS score in each puzzle
from their EIG score. If the sum of differences was positive or negative, a child was categorized as an EIG or a PTS user; if the sum was
0, a child was seen as undecided between strategies. If all non-zero
differences had the same sign (+ or -), a child was categorized as
single-strategy user and otherwise a combined-strategy user.

population-level beta distribution with two hyper-parameters
µ (mean) and k (standard deviation). Uninformative priors
were chosen for all hyper-parameters: a = .001, b = .001, µ ⇠
Beta(.5, .5), k ⇠ Gamma(.001, .001). Probabilities of possible interventions were determined by values of nodes as well
as t in single-strategy models and q and t in the combined
model. Finally, interventions were sampled from a categori-

A

B

6

Density

2.0

Count

1.5

4

1.0

2
0.5

0

0.0
0.00
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0.25

0.50

MLE of θ

0.75

0.00

0.25

0.50

0.75

µ (mean of θ)

1.00

cal distribution of these probabilities.
We estimated parameter values from children’s intervention choices using Markov chain Monte Carlo (MCMC) samples generated by the JAGS program8 (Plummer, 2003) and
used the deviance information criterion (DIC, Spiegelhalter
et al., 2002) for model comparison. Models that can better fit
data (smaller posterior mean of the deviance D̄) or are simpler
(smaller effective number of parameters pD ) have lower DIC
(= D̄ + pD ). A difference over 10 is considered substantial.
As seen in Table 2, PTS was the best-fitting single-strategy
model but the combined model outperformed all singlestrategy ones. Across 39 children, the average EIG weight q
was .24 and the average noise t was 5.11. Each child’s bestfitting q (Figure 4a) as uncorrelated with t, r(37) = .073,
p = .66. Figure 4b shows the distribution of the populationlevel hyper-parameter µ that captured the mean of q.

be a discrepancy between the ability to generate interventions
and the ability to learn from them. Similar results were found
in several past studies (e.g., McCormack et al., 2015; Schulz
et al., 2007). Given the sequential nature of interventions in
these studies, by the time of inferring the causal structure,
children might have forgotten the evidence. This explanation is unlikely here since children only intervened once and
the outcome was present during the inference. However, under the current “one-shot learning” situation, children faced
a new challenge: they had much less to draw on compared
to at least 12 interventions in McCormack et al. (2016) and 5
minutes’ free play in Schulz et al. (2007). In addition, we noticed that children picked an answer very quickly after each
intervention. Perhaps given so little evidence and time, it is
even challenging to learn from informative interventions.

Strategy and accuracy The EIG weight of each child had
no effect on their overall accuracy, F(1, 37) = 1.14, p = .29,
R̄2 = .0038. Getting down to the puzzle level, neither the
EIG score nor the PTS score of the chosen intervention predicted whether the correct structure was subsequently identified, c2 (1) = .23 and c2 (1) = .81, respectively.

General Discussion
Like scientists, children have a sharp sense of when and how
to seek evidence (Cook et al., 2011; Schulz & Bonawitz,
2007), but when it comes to actual data generation such as
causal interventions, their performance often falls short of
normative information-theoretic metrics like the expected information gain (EIG) (McCormack et al., 2016; Schulz et al.,
2007). A growing body of work shows that adults’ (Bramley
et al., 2014) and children’s (McCormack et al., 2016) intervention selection is neither random nor optimal. However,
these studies did not explain why and how that might be the
case. Inspired by Coenen et al. (2015), we explored the possibility that children’s suboptimal intervention selection results
from combining discriminatory strategies with confirmatory
strategies like the positive test strategy (PTS). In our study, 39
5- to -7-year-olds solved 6 puzzles where they intervened on a
three-node causal system once in order to identify the correct
structure from two alternatives. Like adults, children’s intervention choices were better fit by a Bayesian model incorporating EIG and PTS than models only considering one strategy or choosing interventions randomly. In this combined
model, PTS was the main strategy that children relied on.

Developmental changes The EIG weight did not change
with age, F(1, 37) = .53, p = .47, R̄2 = .00, but the noise
decreased with age, F(1, 37) = 10.59, p = .0024, R̄2 = .20.

Discussion
Our key finding is that 5- to 7-year-olds’ intervention strategy is better described as a combination of discrimination and
confirmation than a single strategy or random behavior.
On aggregate, children’s intervention choices lie between
nodes that maximize EIG and and nodes that maximize PTS.
This mixture leans towards PTS: the EIG weight (.24) is much
lower than that of PTS (.76). Categorization based on raw
scores also suggests that more children were PTS users than
EIG users. The EIG weight remains the same from 5 to 7, but
the noise decreases with age, suggesting that older children
evaluated nodes similarly as younger children but were better
at maximizing values. Since only EIG is a reliable guide to
informative interventions, one may guess that PTS is random
interventions in disguise. However, this is unlikely because
the EIG weight is uncorrelated with noise. Rather, PTS may
be a genuine strategy and children’s heavy reliance on it may
partially explain their difficulties generating informative interventions (McCormack et al., 2016; Schulz et al., 2007).
When it comes to identifying the correct structure, children performed only at chance. Surprisingly, higher reliance
on EIG does not predict better structure learning. There may

Granted, little do we know about how exactly children
combine different strategies. For instance, do they integrate
EIG and PTS to solve each puzzle or switch between them
from one puzzle to another? Our results hint at the latter—
PTS users often switched strategies but not EIG users, so perhaps children who first used PTS found their strategy ineffective and tried to switched, whereas those who first used EIG
had no such need. If children integrate strategies, do they start
with one and then consider another, or simultaneously compute and weight both? Future work is needed to answer these
mechanistic questions. However, before digging into mechanisms of intervention selection, we should “guarantee some
overall correctness or well-formedness of the computation”
(Anderson, 1990). Most past studies only compared human
behavior against an optimal benchmark; this combined model
may provide a more realistic and nuanced starting point.

8 We ran MCMC for 100,000 iterations, discarding the first 1000
samples and drawing a sample every 10 iterations. To ensure that
samples came from a stationary distribution, we repeated this process 30 times with different initial parameter values and checked
if the results from each sequence of samples, or chain, converged.
Gelman and Rubin’s diagnostic R̂ (Gelman & Rubin, 1992) of all parameters was smaller than 1.05, indicating successful convergence.
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Our findings seem at odds with myriad studies showing that
children are good causal learners (see Gopnik & Wellman,
2012, for a review). However, our study differs in several key
aspects. First, children choose their own interventions rather
than observing those generated by others. Second, children
learn the causal structure of multiple variables rather than
whether a certain variable has causal power. Lastly, children
are asked to identify global structures rather than being tested
on pairwise relations. To our knowledge, only one child study
(McCormack et al., 2016) has all three features and in that
study, 5- to 7-year-olds also did not reliably select informative interventions. Complex causal structures seem to pose
a real challenge for young learners, which can be a valuable
opportunity to study how adult-like causal learning develops.
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Future directions
The current study opens up many future directions to explore.
For developmental psychologists, a crucial question is how
this combined strategy develops. Although the EIG weight
remains the same from 5 to 7 in our study, people’s intervention strategy may change throughout lifetime. Do children
initially rely on one strategy and gradually incorporate others? What do the starting and the end points look like? What
experiences may contribute to potential changes? To answer
these questions, we need to adapt our task and test a much
wider age range, such as from toddlers to adolescents.
We discussed one reason why children use seemingly suboptimal PTS—if you focus on one hypothesis at a time, you
should choose the node with the largest proportion of links
because it can test your hypothesis most efficiently. However, it is also possible that children simply enjoy turning on
as many light bulbs as possible. The current study cannot rule
out this motivation. In the future, we can set the default state
of light bulbs to “off”: if children prefer root nodes much less,
it could suggest that it is positive effects that they chase after.
Since causality is central to scientific and everyday thinking, we wish to help children select more informative interventions. Asking them to explain their intervention choices
might be one such way. Since explaining why can promote
comparison and abstraction (see Lombrozo, 2016, for a review), explainers may be better able to compare outcomes
under different structures and after different interventions and
abstract away from solving specific puzzles that EIG often
works better. It may also be helpful to provide feedback after
each test trial and allow children to intervene more than once.
Causal interventions are among many ways to gather information, so are question asking (e.g., Nelson, 2005), exploration (e.g., Cook et al., 2011), hypothesis testing (e.g., Oaksford & Chater, 1994; Wason, 1960), etc.. In these domains,
inquiries generated by adults and children are also often better than random but worse than optimal. We can take a similar
modeling approach, looking at whether some version of combined strategies may play a role across a wide range of tasks.
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Abstract

(ARTS; Mettler, Massey & Kellman, 2011; Mettler &
Kellman, 2014; Mettler, Massey & Kellman, 2016). In
ARTS, spacing delays are updated to match changes in
learning strength, as learning progresses, for individual
learners and items. Evidence indicates that response time
(RT) is a useful indicator of retrieval difficulty, and thus of
an item’s current learning strength (Pyc & Rawson, 2009;
Benjamin & Bjork, 1996; Karpicke & Bauernschmidt,
2011). ARTS updates spacing by tracking underlying
learning strength using an individual’s accuracy and RT for
learning items. It produces highly efficient learning and
compares favorably with classic adaptive approaches that do
not use RT information (Atkinson, 1972; Mettler, Massey &
Kellman, 2011).
Adaptive learning techniques offer new answers to
persistent questions about the mechanisms underlying
spacing effects and optimal spacing. A longstanding issue
has been whether expanding schedules of practice, where
spacing interval sizes increase across subsequent
presentations, are better than equal interval schedules (e.g.,
Bjork & Allen, 1970; Karpicke & Roediger, 2007). Mettler,
Massey & Kellman (2016) suggested that the question of
whether predetermined equal or expanding schedules
produce better learning has no ultimate answer. In
experiments with factual learning, they first showed that
adaptive scheduling outperformed both equal and expanding
schedules. They then used a yoking procedure to show that
the advantages of adaptive learning did not derive from the
particular types or distributions of spacing intervals, but
depended crucially on interactions between learners and
items. Their data are consistent with a successful effort
hypothesis: the ideal time for a new learning trial for an item
is the longest interval at which the learner can still respond
correctly. This interval depends on underlying learning
strength for each item for a given learner, which may be
affected by many variables and changes throughout the
course of learning. Many of these effects are difficult or
impossible to predict from a priori models; thus,
predetermined spacing arrangements cannot be optimal.

Recent work suggests that optimal spacing in learning
requires adaptive procedures (Mettler, Massey & Kellman,
2016). Here, we studied how adaptive techniques might be
further enhanced by combining active and passive learning
modes. Participants learned geography facts that were
scheduled using the ARTS (Adaptive Reaction-Time-based
Scheduling) system under four conditions involving passive
and/or active trials. Conditions included: a) Passive Only
presentations of learning items, b) Passive Initial Blocks
followed by active adaptive scheduling, c) Passive Initial
Items followed by active adaptive scheduling for each item
introduced, or d) Active Only learning with no passive
presentations. We found an advantage for combinations of
active and passive presentation (by blocks or items) over
Passive Only or Active Only presentation. Passive trials
presented in blocks at the beginning of learning showed best
performance. We discuss possible explanations for these
differences and suggest principles underlying optimal
combinations of active and passive modes in adaptive
learning.
Keywords: adaptive learning; spacing effect; memory; active
learning; passive learning

Introduction
A large body of research has demonstrated the importance
of the spacing effect: a boost in long-term retention that
results when recurrent learning episodes are spaced across
gaps in time (Cepeda, Pashler, Vul, Wixted & Rohrer, 2006;
Delaney, Verkoeijen & Spirgel, 2010). Spacing effects have
been shown to apply to a wide variety of learning domains
and learners, are robust to changes in learning conditions
and test durations, and have been recommended by panels
of experts seeking to improve pedagogical practice and
learning outcomes in classrooms (Dunlosky, Rawson,
Marsh, Nathan & Willingham, 2013; Pashler, Bain, Bottge,
Graesser, Koedinger, McDaniel & Metcalfe, 2007).
Recent research has shown that spacing effects can be
especially enhanced by dynamically adjusting the size of
spacing intervals during a learning session using an adaptive
algorithm, Adaptive Response-Time-based Scheduling
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Optimal spacing may be possible with adaptive systems that
use ongoing performance measures (specifically, tracking
accuracy and speed of response for individual items) to
gauge learning strength and determine spacing (Mettler,
Massey & Kellman, 2016).
Interactive learning provides information to guide spacing,
but it may have certain drawbacks, especially at the start of
learning. With interactive “test” trials from the start, the
learner must initially guess and receive feedback. There are
at least two potential drawbacks in such a situation, one
cognitive and one motivational. The cognitive issue is that
wrong answers generated by guessing may persist later in
learning. Motivationally, being tested on material one has
not learned is deflating, perhaps more so for some learner
groups (e.g., middle school students learning mathematics).
In this paper, we seek to enhance adaptive learning systems
by considering possible modifications of initial learning
trials. We examined two ways of including initial passive
learning trials in which learners are introduced to correct
information but not required to respond. We compared these
combinations to conditions in which learners received either
active or passive trials alone throughout learning.
Passive presentations in learning have been studied
previously in a variety of contexts. Recent memory studies
have compared the effectiveness of study vs. test trials
during learning (Roediger & Karpicke, 2006) and other
studies have explored the role of passive learning when the
learning task consists of category learning (Carvalho &
Goldstone, 2015), relational concept learning (McDonald &
Frank, 2016), hypothesis testing (Markant & Gureckis,
2014), and specific domains such as physical simulation
(Bramley, Gerstenberg & Tenenbaum, 2016). Research
examining the difference between passive study and active
testing has identified a powerful effect of testing trials over
study trials, such that testing trials result in greater
long-term retention (Carpenter, Pashler & Cepeda, 2009;
Halamish & Bjork, 2011; Roediger & Karpicke, 2006).
As in studies of memory, research in category learning and
perceptual learning have found that active presentations
generally contribute more to learning, however, passive
presentations sometimes play a beneficial role. Carvalho
and Goldstone (2015) found that passive presentation with
massed trials of exemplars from the same category produced
better category learning than interleaved passive trials and
also better than massed active learning trials. Active, spaced
trials, however, were as good as passive, massed trials in
one experiment, and clearly better in another. Most relevant
to the present study, Thai, Krasne & Kellman (2015) studied
learning efficiency in a perceptual-adaptive learning module
(PALM) for training interpretation of electrocardiograms
and found that an initial block of passive trials, followed by
adaptive category learning, enhanced the efficiency of
learning relative to passive only or active only conditions.
In the present work, we examined the use of passive modes
of learning in the early phases of learning for factual

material. One goal was to understand whether and how the
spacing benefits of adaptive learning might be affected or
enhanced by initial passive experience. The second goal was
to compare two approaches to the integration of passive and
active modes. We approached these goals through
experiments and learning analytics aimed at revealing
specific interactions between passive presentations and
spacing dynamics.
One method for use of introductory passive trials is to
present one or more blocks of passive trials, with each block
containing one presentation of each learning item (as used
by Thai, Krasne & Kellman, 2015). In the Passive Initial
Block condition in the present study, two initial trial blocks
of passive trials were followed by active, adaptive learning
in ARTS. We also tested a second approach. In the Passive
Initial Item condition, the initial presentation of each
learning item was a passive trial. That trial served to
“unlock” that item for subsequent adaptive learning. The
passive trial was treated by ARTS in the same way as an
active error trial: the item was given a high priority for
reappearance as an active learning trial, recurring on
average two trials later. The dynamics of this “unlocking”
procedure resulted, after a few trials, in a mix of passive and
active trials –
 new items presented passively on their initial
appearance intermixed with active learning items whose
reappearance depended on learner performance. This
Passive Initial Item condition had the potential advantage of
mixing modes of learning and sustaining interest. We also
tested Active Only and Passive Only conditions as controls.
We hypothesized that one or both combinations of passive
with active, adaptive learning would produce enhancements
in learning efficiency.

Method
Participants
Participants were 120 undergraduate psychology students
who participated for course credit.
Materials
All materials were presented on a computer within a
web-based application. Participants were to identify 24
African countries on a 500 x 800-pixel map of Africa
presented on the left side of the screen. Responses were
indicated by mouse clicking on a two-column list of African
countries alphabetically organized by column then row,
presented on the right side of the screen.
Design
Each participant was assigned to one of four scheduling
conditions consisting of passive trials only, active trials
only, or one of two variations combining passive and active
trials. Passive trials consisted of a four-second presentation
of the target country highlighted on a map, accompanied
only by the correct country label. After four seconds a
continue button appeared, which participants clicked to
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advance to the next trial. On active trials, the target country
was highlighted on a map and the learner selected the name
from the full set of country labels, then correct / incorrect
and response time feedback was provided while the correct
country label was highlighted. All active trials were
adaptively scheduled according to ARTS (see below).
In the Passive Only condition, countries were presented in
10 blocks of 24 passive trials. Each country appeared once
per block, in random order. In the Passive Initial Block
condition, participants first completed 2 blocks of passive
trials, as in the Passive Only condition, followed by adaptive
scheduling. In the Passive Initial Item condition, the first
presentation of each country was a passive trial followed by
a fixed spacing interval of at least one intervening trial, so
that the correct response was not still in working memory.
All trials in this condition that did not involve the first
presentation of a country were adaptively scheduled. In the
Active Only condition, all trials were adaptively scheduled.
The ARTS algorithm determined the adaptive scheduling
for active trials. After every response, ARTS calculates a
priority score for each learning item and compares scores
across items to determine which item will be presented next.
Equation 1 shows the priority score calculation.
Pi = a(Ni - D)[b(1 - αi) Log(RTi ⁄ r) + αiW
 ]

presentation, with accuracy marked as incorrect. To adjust
for this error the posttest score for those 17 participants was
scored out of 23 items.) The entire first session took no
more than 1 hour for each participant. After the posttest,
participants were instructed not to study or reflect on the
information learned and to return in 1 week to complete a
delayed posttest, which was identical to the immediate
posttest. No feedback was given on either posttest.
Participants were automatically assigned to a scheduling
condition using an algorithm designed to simultaneously
randomly assign participants to condition as well as balance
average pretest scores across conditions. Participants were
assigned to the condition for which their pretest score would
minimize the differences between average pretest scores
across conditions. The algorithm did not allow any
condition to get more than one participant ahead of any
other condition. The balancing algorithm also acted as a
filter to screen out participants deemed unsuitable for the
study, due to pretest scores with either accuracy > 35% (n=
4 participants) or average response times < 1 second, (n = 1)
participant).
To ensure reduction of noise and comparability of
conditions, any learner in adaptive conditions who did not
successfully retire all 24 items was removed from our
primary analysis (n = 5 participants). Learning criteria were
enforced for the three conditions that had adaptive
scheduling. Learning criteria encompassed both speed and
accuracy and ensured that items were well learned before
removal from the active learning set. Specifically, items
were retired if correctly responded to on 4 out of the last 4
presentations with RT less than 7 seconds, similar to prior
studies (Mettler, Massey & Kellman 2016). There were no
learning criteria for the Passive Only condition and the
learning session ended after exactly 240 trials for every
participant in that condition.

(1)

Detailed description of the ARTS algorithm can be found
in previous work (Mettler, Massey & Kellman, 2011, 2016).
In this study, the enforced delay D was set to 1 trial, the
incorrect penalty W was set to 20 and parameters a, b, r
were set to 0.1, 1.1, and 3.0 respectively. In general, the
priority score system results in an item reappearing soon
after an error; however, an enforced delay prohibits
reappearance while the answer still resides in working
memory. Spacing for correct responses is an inverse
function of log response time, such that faster responses
(indicating higher learning strength) produce lower priority
scores (resulting in longer recurrence intervals).

Dependent Measures and Data Analysis
Because we used learning to criterion, our primary
measure was learning efficiency, defined as accuracy gain
from pretest to posttest divided by the number of trials
invested in learning. Efficiency gives a way of measuring
learning that incorporates both variations in posttest
performance and variations in the number of learning trials
required to reach the learning criteria. It may be thought of
as a rate measure, indicating performance improvement per
trial. We also examined accuracy gain and trials to criterion
separately. The number of passive trials was determined
based on pilot work to be roughly equal to the number of
trials needed to reach mastery in active conditions. In the
two conditions combining passive and active trials, all trials
were counted for trial and efficiency calculations. All
measures were assessed using standard parametric statistics,
such as ANOVA. Because we sought to compare
differences across learning conditions, we conducted
planned comparisons between pairs of conditions. All

Procedure
Participants were shown a map of Africa featuring an
outlined country and were asked to select its name from a
list of all country names by clicking with a computer mouse.
Participants attended two sessions, separated by 1 week. In
the first session, participants initially took a pretest on all 24
items, presented in random order, without feedback. The
pretest was followed by a learning phase in one of the four
experimental conditions, which took up the majority of the
first session. Accuracy feedback followed every trial, and,
after every 10 trials, participants received block feedback
indicating their average response accuracy and speed for the
previous block of 10 trials and every previous block up to
10 prior blocks. After the learning phase, participants took a
posttest that was identical to the pretest. (Due to a
programming error, 17 participants in the Passive Initial
Item condition received their first posttest trial as a passive

770

statistical tests were two-tailed, with a 95% confidence
level, all effect sizes D are Cohen’s D, and all error bars in
graphs show +/- 1 standard error of the mean.

p=.050, D=0.52). The remaining comparisons did not reach
significance: Passive Initial Block vs. Active Only
(t(58)=1.17, p=.247, D=0.30), Passive Initial Block vs.
Passive Initial Item (t(58)=1.65, p=.102, D=0.429), and
Passive Initial Item vs. Active Only (t(58)=0.46, p=.65,
D=0.119).
Accuracy Change. Accuracy change score measured
posttest minus pretest accuracy at immediate and delayed
posttest. Pretest accuracies were comparable across
conditions (Passive Only, M: 0.07, SD: 0.04; Passive Initial
Block, M: 0.07, SD: 0.07; Passive Initial Item, M: 0.07, SD:
0.08; Active Only: M:0.06, SD: 0.06; F(3,116)=0.80,
p=.99). A 4x2 mixed factorial ANOVA on Passive/Active
Scheduling Condition and Test phase (Immediate vs.
Delayed) was conducted on the Accuracy change score. The
ANOVA found no significant main effect of Condition
(F(3,116)=1.87, p=.138, ηp2=.046), a significant main effect
of test (F(1,116)=269.33, p<.001, ηp2=.693) and no
significant
interaction
of
Condition
by
Test
(F(3,116)=0.609, p=.611, ηp2=.015). None of the paired
comparisons between conditions at immediate or delayed
test showed reliable differences, except for a marginally
significant difference at delayed posttest between Passive
Only vs. Passive Initial Block (t(58)=1.97, p=.053, D=0.53).
Trials. Trials taken to reach learning criteria or the end of
the session are shown in Figure 2. A between subjects
ANOVA was conducted on Trials comparing the conditions.
There was a reliable effect of condition (F(3,116)=3.94,
p=.010, ηp2=.092). Paired comparisons showed a significant
difference between Passive Only and Passive Initial Block
(t(58)=5.50, p<.001, D=2.01) and between Passive Initial
Block and Passive Initial Item (t(58)=2.49, p=.016, D=0.66).
There was a marginally significant difference between
Passive Initial Block and Active Only (t(58)=1.75, p=.09,
D=0.46). No other comparisons were significant (ps>.125).

Results and Discussion
Primary Results
Efficiency. Learning efficiency results are shown in Figure
1, which plots efficiency at posttest and delayed posttest
separately for the 4 learning conditions. The Passive Only
condition showed lower efficiency in both posttests. The
Passive Initial Block condition appeared somewhat better
than the other conditions. Passive Initial Item and Active
Only conditions showed little difference. These observations
were confirmed by the analyses. A 4x2 mixed factorial
ANOVA on Passive/Active Scheduling Condition and Test
phase (Immediate vs. Delayed) was conducted on the
Efficiency scores. There was a significant main effect of

Figure 1. Learning Efficiency in Posttest and Delayed
Posttest.
Condition (F(3,116) = 5.95, p=.001, ηp2=.133) a significant
main effect of Test phase (F(1,116)=320.9, p<.001,
ηp2=.73), and no significant Condition by Test phase
interaction (F(3,116)=0.17, p=.914, ηp2=.004). Paired
comparisons revealed reliable differences between
conditions at immediate test (Passive Only vs. Passive
Initial Block, t(58)=5.28, p<.001, D=1.40; Passive Only vs.
Passive Initial Item, t(58)=2.14, p=.036, D=0.58; Passive
Initial Block vs. Passive Initial Item, t(58)=2.24, p=.029,
D=0.58; Passive Only vs. Active Only, t(58)=3.17, p=.002,
D=0.86). Passive Initial Block vs. Active Only did not reach
significance (t(58)=1.40, p=.165, D=0.364). Other
differences between conditions at immediate test were not
significant (ps>.165). Paired comparisons at delayed
posttest showed significant differences between Passive
Only and Passive Initial Block, t(58)=4.01, p<.001, D=1.04,
and Passive Only vs. Active Only, t(58)=2.51, p=.015,
D=0.65). There was a marginally significant difference
between Passive Only and Passive Initial Item (t(58)=2.00,

Figure 2. Learning trials by Scheduling Condition.
Learning Analytics
We carried out more detailed analyses to understand the
impact initial trials had on learning performance. As
mentioned, a grounding hypothesis of the ARTS system,
and a key to optimal spacing, is the successful effort
hypothesis: extending recurrence intervals improves
learning benefits, so long as the learner can still respond
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successfully (c.f., Pyc & Rawson, 2009). This hypothesis
predicts that effective adaptive learning regimens should
minimize what we call “snaps” – occasions where the
learner fails to answer correctly as the retention interval is
stretched. From data in purely active, adaptive learning, we
noticed an interesting pattern: After missing an item and
successfully answering it on its next appearance, learners
had a relatively low proportion of accurate responding on
the next appearance of that item. Moreover, this pattern of a
sequential error and correct response (designated ‘0,1’)
occurred often: 1673 times in the data we examined. This
frequency includes many occasions at the start of learning
where the first trial in active learning requires a guess and
produces an error.
In the present study, we examined the frequency of 0,1
sequences and accuracy of subsequent responses, in an
attempt to understand the benefits of initial passive trials.
We discovered that the proportion of success after 0,1 trials
varied with condition, with higher success rates in the
combined passive-active conditions than in Active Only.
Statistical analyses revealed a significant difference between
the Passive Initial Block (M=0.68, SD=0.17) and Active
Only (M=0.56 , SD=0.14) conditions (t(52) = 3.16, p=.003,
D=0.86) and a marginally significant difference between the
Passive Initial Item (M=0.63, SD=0.18) and Active Only
conditions: t(57)=1.86, p=.068, D=0.486). The difference
between Passive Initial Block and Passive Initial Item
conditions was not significant (t(51)=1.163, p=.25).
A second finding was that the use of initial passive trials
vastly reduced the frequency of 0,1 sequences: Compared to
the 1673 occurrences in the Active Only condition, there
were 1158 in the Passive Initial Item condition, and 631 in
the Passive Initial Block condition. We also examined
occurrences relative to the initial active trial in each
condition, shown in Figure 3. Trials 1 & 2 reflect initial
active trials in the Active Only condition — likely due to
initial guessing. In trials 2 & 3, 0,1’s appear in the Passive
Initial Item condition at a lower rate than Active Only. In
trials 3 & 4, the occurrences of 0,1 sequences are lowest in
the Passive Initial Block condition. The rate of occurrences
remains lowest in the Passive Initial Block condition for all
remaining trials in the learning session suggesting that the
advantages of initial passive presentations extend into the
learning session.

Figure 3. ‘0,1’ Sequences by Condition and Trial.
conditions in terms of the rate of deleterious trial sequences.
Learning analytics were used to probe the source of this
effect. We found that in active learning, 0,1 sequences for
an item (an error, followed by a correct response) occurred
frequently and were often followed by an error on the next
occurrence of that item. This pattern is suboptimal, as
efficiency benefits in adaptive learning may derive largely
from keeping learning as nearly errorless as possible
(Mettler, Massey & Kellman, 2016).
Our analyses indicated three findings regarding 0,1
sequences. First, the need for initial guessing in a purely
active, adaptive condition contributes to the high frequency
of 0,1 sequences, and this guessing can be reduced or
eliminated by initial passive presentations. Second, initial
passive trials reduced the number of 0,1 sequences far more
than would be expected by eliminating initial guessing
alone. This was especially true in the best condition,
Passive Initial Block, in which 0,1 sequences were almost
1/2 as frequent as in the Active Only condition, not
including initial guessing. The third finding was that the
success rates after 0,1 sequences were higher in both
combined conditions than in the Active Only condition.
Initial passive learning reduces later errors in learning,
leading to more efficient mastery in an adaptive framework.
What accounts for the benefits? We mentioned two
possibilities at the outset. Besides producing errors on initial
trials, early incorrect guesses may persist in learning and
lead to later errors. A related idea is that unduly strong
associations between cues and incorrect guesses can impede
later recall (Knight, Ball, Brewer, DeWitt, & Marsh, 2012).
Another is that motivation may be affected by having to
guess. We add here a third possibility: Some work in
problem solving indicates that having to solve problems
before getting a foothold in learning may add cognitive load
that impedes the learning itself (Paas & Merrienboer, 1994).
Passive exposure may cushion learners from deleterious
features of initial active learning, such as cognitive effort. It
is also possible that adaptive spacing parameters, such as
parameters that decide the general relationship between RTs
and spacing interval size, may have positively interacted
with learners who had received initial passive presentations.
Passive presentations may provide learners with enough

General Discussion
We tested combinations of passive and active learning in
adaptive learning to see whether and how the addition of
passive presentations early in learning can enhance learning
efficiency. Consistent with prior work, all three conditions
with active adaptive scheduling were better than passive
only presentations. A combination of active and passive
trials did enhance learning: presenting two blocks of passive
presentations prior to all active learning was (numerically)
the fastest method of learning, and exceeded other
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discursive review of the literature. Psychology of Learning and
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Dunlosky, J., Rawson, K.A., Marsh, E.J., Nathan, M.J., &
Willingham, D.T. (2013) Improving students’ learning with
effective learning techniques: Promising directions from
cognitive and educational psychology, Psychological Science in
the Public Interest, 14(1), pp.4-58.
Halamish, V., & Bjork, R. A. (2011). When does testing enhance
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memory modifier. Journal of Experimental Psychology:
Learning, Memory, and Cognition, 37, 801-812.
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spacing. Journal of Experimental Psychology: Learning,
Memory, and Cognition, 37, 1250-1257.
Karpicke, J. D., & Roediger, H. L., III. (2007). Expanding retrieval
practice promotes short-term retention, but equally spaced
retrieval enhances long-term retention. Journal of Experimental
Psychology: Learning, Memory, and Cognition, 33, 704–719.
Knight, J. B., Ball, B. H., Brewer, G. A., DeWitt, M. R., & Marsh,
R. L. (2012). Testing unsuccessfully: A specification of the
underlying mechanisms supporting its influence on retention.
Journal of Memory and Language, 66(4), 731-746.
Markant, D. B., & Gureckis, T. M. (2014). Is it better to select or
to receive? Learning via active and passive hypothesis testing.
Journal of Experimental Psychology: General, 143(1), 94.
MacDonald, K., & Frank, M.C. (2016). When does passive
learning improve the effectiveness of active learning?
Proceedings of the 38th Annual Meeting of the Cognitive
Science Society.
Mettler, E.,
&
Kellman, P. J. (2014). Adaptive
response-time-based category sequencing in perceptual learning.
Vision Research, 99, 111–123.
Mettler, E., Massey, C. M., & Kellman, P. J. (2011). Improving
adaptive learning technology through the use of response-times.
In Proceedings of the 33rd Annual Meeting of the Cognitive
Science Society.
Mettler, E., Massey, C. M. & Kellman, P. J. (2016). A comparison
of adaptive and fixed schedules of practice. Journal of
Experimental Psychology: General, 145(7): 897- 917.
Pashler, H., Bain, P., Bottge, B., Graesser, A., Koedinger, K.,
McDaniel, M., & Metcalfe, J. (2007). Organizing Instruction
and Study to Improve Student Learning (NCER 2007-2004).
Washington, DC: National Center for Education Research,
Institute of Education Sciences, U.S. Department of Education.
Paas, F., & Van Merriënboer, J. J. G. (1994). Variability of worked
examples and transfer of geometrical problem-solving skills: A
cognitive-load approach. Journal of Education & Psychology,
86, 122–133.
Pyc, M. A., & Rawson, K. A. (2009). Testing the retrieval effort
hypothesis: Does greater difficulty correctly recalling
information lead to higher levels of memory? Journal of
Memory and Language, 60, 437–447.
Roediger, H.L. & Karpicke, J.D. (2006). Test-enhanced learning:
Taking memory tests improves long-term retention.
Psychological Science, 17, 249-255.
Thai, K. P., Krasne, S., & Kellman, P. J. (2015). Adaptive
perceptual learning in electrocardiography: The synergy of
passive and active classification. In Proceedings of the 37th
Annual Meeting of the Cognitive Science Society.

initial learning strength to deliver more accurate indications
of learning strength to adaptive scheduling routines.
Our current findings are limited in several ways. Most
prominently, we tested particular implementations of
passive learning, including using two blocks in the Passive
Initial Block condition. We do not know whether a single
block (one presentation of each item) would suffice to attain
benefits, or if more passive trials, or a different schedule of
passive items, would be beneficial. Finally, it is possible
that our findings are somewhat unique to the learning
material used, although Thai, Krasne & Kellman (2015)
found similar advantages of initial passive blocks in
adaptive
perceptual
learning
(classification
of
electrocardiograms).
Adaptive learning frameworks that leverage learner
performance to arrange spacing and sequencing in learning
provide substantial benefits to learning. The present results
indicate that the benefits are further enhanced by combining
active responding with passive modes of learning, especially
at the start of learning. Fully understanding the mechanisms
underlying these benefits, their range of applicability, and
how to optimize them in adaptive learning, pose important
questions for further research.
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Abstract
We introduce a new model of adaptive criterion setting within
a signal detection framework, and show how this provides psychological insights that allow us to segregate causes of suboptimality in perceptual learning. We apply this to a perceptual
learning task for both neurotypical and autistic participants.
The model parameters provide a bridge between the mechanisms of an aberrant precision account of autism and resulting behavior that can be interpreted within a receiver operating
characteristic framework. The model makes superior out-ofsample predictions compared to standard signal detection theory, about how people adapt to different environmental manipulations when asked to categorize audio-spatial stimuli. We
find that accuracy of participants is more strongly correlated to
the construct of persistence signals that inhibit response flexibility, than to the neuromodulatory gain. We also find evidence
for individual differences in persistence that are correlated to
scores on the autistic traits questionnaire.
Keywords: adaptive signal detection, autism, cognitive
model, categorization

expectations, or due to differences in executive functioning.
The latter may manifest as differences in the flexibility with
which response strategies are changed as feedback changes.
There are some existing theories of how people may adopt a
flexible rather than static criterion across trials (Treisman &
Williams, 1984; Erev, 1998; Turner, Van Zandt, & Brown,
2011). In this paper we introduce an alternative adaptive
account of how people set criteria for categorizing stimuli.
We show that our new model has a direct interpretation both
within the ROC framework of classical SDT and within the
aberrant precision account of ASD (Lawson, Rees, & Friston,
2014). This helps shed light on the potential causes of differences in suboptimality that are observed in ASD and NT
participants. It also allows us to improve the predictive capability for how people might adapt their criterion in different
environments.

Introduction

Experimental Data

Autism spectrum disorder (ASD) is a highly prevalent condition with about 1 in 68 affected globally. Sensory symptoms are common in ASD, and include hypo- and hypersensitivity to stimulus, and sub-optimalities in perceptual
inference (Turi et al., 2015). One area in which perceptual differences are particularly common in autism is auditory perception (OConnor, 2012), including auditory localization (Teder-Sälejärvi, Pierce, Courchesne, & Hillyard,
2005). Skewes and Gebauer (2016) examined the potential
cause of suboptimality in perceptual judgments for the spatial sources of sounds in adults with ASD.
Classical signal detection theory (SDT) analysis showed
that both ASD and neurotypical (NT) participants did adapt
their criteria in response to base rate and discriminability manipulations, but did so suboptimally. Adults with ASD had
a larger deviation from optimal categorization of stimuli than
NT participants. On average, ASD participants showed lower
discriminability and less extreme criterion setting, although
these differences were not statistically significant. Classical
SDT analysis can account for behavioral patterns extremely
well within a fixed environment. It does not, however, provide a descriptive account of how people adapt their criterion
in response to environmental manipulations, such as changing base rates, changing discriminability, or changing utilities
for different types of correct decisions and errors (although it
prescribes what the normative change in criteria might be).
Given the limitations of SDT analysis, it is not clear whether
the observed behavioral differences are on account of differences in sensory precision, in contextual integration of prior

Our data come from experiments reported by Skewes and
Gebauer (2016), in which, on each trial, participants had to
categorize an auditory stimulus into one of two categories.
The categorization was based on a cover story of classifying
different species of crickets, with the territory of one species
being distributed to the left and the other to the right. Based
on the spatial location of the sound stimulus, participants had
to categorize which species the sound on each trial originated
from. Each trial was followed by corrective feedback. The
stimuli for the two species were spatially overlapping to some
extent to introduce uncertainty into the task. Each participant
completed 960 trials split into 4 randomized blocks. The 4
blocks consisted of a 2 X 2 factorial design, with each block
having either a low (25%) or high (75%) base rate (BR) of one
species, and a low or high discriminability. The blocks were
presented in randomized order. In the low discriminability
environment there was greater spatial overlap of the auditory
stimulus from the 2 species.
The key results from a classical SDT analysis were that
both ASD and NT participants showed sensitivity to base
rate as well as discriminability manipulations. This sensitivity, however, was suboptimal, and both groups demonstrated
significant deviation from the optimal response criterion, as
shown in Figure 1. This deviation was larger for the ASD
group than for the NT group for all 4 conditions. As a result ASD participants also demonstrated lower accuracy as
shown in Figure 2. A one-sided Bayesian t-test (JASP-Team,
2016) produced a Bayes factor (BF) of 4.0 in favor of the accuracy for ASD participants (mean 73.7%) being lower than
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considered the “signal” and on the left, the “noise”. On the
tth trial, participants are assumed to adapt a criterion ct , such
that if their perceived stimulus mt is higher than ct , they identify the stimulus as species 1, and if mt < ct , they identify
the stimulus as species 2. Our adaptive SDT model (ASDT)
assumes that people do not adapt a fixed criterion across all
trials, but keep changing the criterion in response to feedback. Such changes would be responsive to differences in
rewards, the perceived size of the error, or the past history of
correct and incorrect feedback. In this task rewards are symmetric, that is, there is no difference in the rewards for correctly identifying species 1 (hit) or species 2 (correct rejection). Similarly there is no difference in the penalty depending on whether species 1 (miss) or species 2 (false alarm) was
incorrectly identified. Since the two categories were fictional,
there is no reason to believe that participants have an inherent
bias towards either. Accordingly, ASDT groups all correct
and all incorrect decisions together. It is assumed that people
shift their criterion only after receiving feedback about errors,
but see the discussion section for possible counterarguments.
Formally, ASDT assumes that:


(ηt + ρt )
(0 ≤ α ≤ 1) (1)
ct = ct−1 + IWt−1
t−i
1 + Σt−1
i=1 α

Figure 1: Inferred criterion based on classical SDT for individuals
(dotted lines) and group means (thick lines) in the 4 blocks that vary
in base rate (LBR=low; HBR=high) and discriminability (LD=low;
HD=high). The red squares show the optimal criterion placement.

Figure 2: Accuracy of categorization for individuals (dotted lines)
and group means (thick lines) in the 4 types of blocks. The blocks
are split into two halves of 120 trials each, so the slope of the lines
shows within block changes. The NT and ASD plots are displaced
adjacent to each other to improve the clarity of the figure. ASD
participants show greater variability and some show lower levels of
performance, but the differences at a group level are very small.

ηt = δ(mt−1 − ct−1 ) (0 < δ ≤ 1)

(2)

t−i
(mi − ci ) } )
ρt = δ ( Σt−1
i=1 {α

(3)

Here c1 = 0, and δ, α are individual level parameters: δ represents gain control and α represents persistence, or the lack
of response flexibility. IWt−1 is an indicator function that is 1
if the (t − 1)th trial was incorrect and 0 otherwise. The term
(mt−1 − ct−1 ) is the underlying difference signal between the
stimulus and criterion, and represents the error signal on incorrect trials. If the (t − 1)th trial was a miss because the
criterion was too high, this term will be negative and serve
to lower the criterion. If the previous trial was a false alarm
because the criterion was too low, this term will be positive
and serve to increase the criterion. This difference signal is
modulated by a gain control parameter δ. Higher values of δ
imply a larger corrective feedback given a particular level of
sensory feedback. The resulting term ηt is the contribution
of the immediately preceding trial to the corrective feedback,
which we call the immediate signal.
Note that if the previous trial is a hit or correct rejection, the
criterion will not change. However, if the previous trial is incorrect, the change made includes feedback based not only on
the immediately preceding trial, but also feedback weighted
and averaged from previously experienced trials, including
correct trials. On correct trials, the difference signal term is
positive for hits and negative for correct rejections. The cumulative contribution of all previous trials is given by the ρt
term, which we term persistence signal. Here, the weight
given to older feedback keeps decreasing, and is a function of
α. The feedback term from j trials earlier is given a weight

NT participants (75.5%). ASD participants demonstrated less
extreme criterion values in response to base rate manipulations, but the BF for this was not conclusive. Figure 2 also
shows the performance of individual participants divided into
the first 120 and second 120 trials, for each of the 4 types
of blocks. There does not seem to be a significant improvement within blocks for either group. In general, accuracy was
lower in conditions with lower discriminability. The participants in the ASD group show greater variability, especially
in the lower accuracy range. In the following sections, we
introduce a new framework for adaptive criterion setting, and
then analyze data from 19 ASD and 23 NT participants (this
included all the participants recruited for the experiment except 1 participant with ASD who did not complete the experiment).

Adaptive criterion setting
For this task, the criterion is defined as the spatial boundary
such that any stimulus perceived to come from the right of
this criterion is categorized as species 1 and from the left as
species 2. As a matter of convention, objective spatial locations to the right are given positive values and to the left
are given negative values, so that the species on the right is
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Figure 3: ROC curves for high-D and low-D environments (i.e. different experimental level of discriminability), and the hit rate and false
alarm rate based on optimal criterion placement for both low BR and high BR conditions. The colored plots show how a change in α (left
panel) and δ (right panel) affect how individual behavior moves away from optimality. Increasing α results in movement along the ROC (does
not affect sensitivity or discriminability), but changes in δ shift performance to a lower ROC (impact sensitivity).

of α j . A weighted average of ηt and ρt is then computed as
the final corrective feedback for the criterion level. Having
large values of α result in a weighted average over a longer
time window, leading to higher persistence of sensory feedback and lower flexibility of response changes. Since α acts
as a discount rate for previously acquired feedback, a value of
α = 1 means that on each trial, the effective feedback is the
mean value of feedback acquired on all trials experienced so
far. A low value of α, close to 0, would mean that feedback
from only the most recent trial is taken into account.

Modeling Results
Model description
Figure 4 shows the stimulus and criterion based on classical
SDT as well as our adaptive SDT model for a single participant. The effectiveness of adaptive SDT is especially visible in the predictions in the low discriminability (LD) blocks.
Figure 5 shows the application of our adaptive SDT model
to 2 NT and 2 ASD participants. The achieved accuracy of
the 4 participants and the mean values of the inferred α and
δ parameters for these participants are shown on the left side.
The 4 participants were selected to show behavior where both
parameter are low (participant 1), low α but high δ (participant 2), high α and low δ (participant 3), and both parameters
high (participant 4). The first column shows the immediate
sensory error signature ηt across all 960 trials. It can be seen
that participants 2 and 4, with higher values of δ, show higher
η values. The second column shows the persistence related
error signature ρt , and here, participants 3 and 4, with high
values of α, show higher ρt values. The third column shows
the sum of these two, which is what contributes to the total
criterion correction on each trial. Of interest is the fact that
across most trials, the persistence based feedback signature
seems to be the inverse of the immediate sensory error feedback, thus leading to muted corrections when α is large. The
last column shows the resulting criterion movement from trial
to trial. All four participants show some sensitivity to BR and
SD, but this is much higher in participants 1 and 2, who accordingly show higher accuracy rates.

Classical SDT often uses receiver operating characteristic (ROC) analysis which plots performance in terms of hit
and false alarm rates. Figure 3 characterizes ASDT in ROC
terms, showing the results of simulations that systematically
varied α and δ in 4 different environments that varied in terms
of base rate and discriminability, similar to the experimental
paradigm. We show that ASDT has a strong relationship to
the dynamics of the ROC. The resulting performance is plotted along the ROC in figure 3. The left panel shows the sensitivity to α. As α increases from 0.01 to 1, it results in a
smooth change along the ROC, and away from the optimal
criterion. For very low values of α, behavior still deviates
from optimal performance, but to a smaller extent. Very high
values of α close to 1 show maximum deviation away from
optimality. The right panel of Figure 3 shows the sensitivity
to δ, with increasing values of δ showing a movement away
from the ROC, with reducing hit rates in low BR and increasing false alarm rates in the high BR conditions. Thus α and δ
capture two separable behavioral deviations: along the ROC
or away from the ROC. Changes in δ capture what in traditional SDT analysis, is captured as a difference in sensitivity. We note that the simulations show that the mean criterion
level is extremely sensitive to values of α, with higher values
of α leading to less extreme average criterion values. Higher
values of δ result in higher δ in the criterion across trials.

Inference about individual parameters
We then use the complete data set to infer individual level α
and δ parameters for the 19 ASD and 23 NT participants. Figure 6 shows the joint posterior density of the parameters for
the two groups. The size of the squares is the joint probability
density. The overall densities look quite similar for ASD and
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Figure 4: Criterion dynamics for participant 2: The brown line shows the inferred adaptive criterion inferred by ASDT. The thin black line
shows the criterion based classical SDT, combining all 960 trials together. The thick black lines in each block lines show the criterion based
on classical SDT computed for each block separately. The dots show the standardized stimulus values. Filled green dots show hits, filled blue
dots show correct rejections. Empty green dots show false alarms and empty blue ones show misses. A model that predicts well should show
green dots above the criterion, and blue dots below the criterion.

Figure 5: A process perspective inferred from the model for 4 of the 42 participants, to show how the adaptive model infers distinct forms of
behavior. The four columns show ηt , ρt , ηt + ρt , and ct .

NT participants. The ASD group shows slightly higher values
of α (mean 0.26, SD 0.26) versus the NT group (mean 0.19,
SD 0.20), and similar values for δ (mean 0.4, SD 0.09 for
ASD versus mean 0.41, SD 0.07 for NT) but neither is significant. A Bayesian t-test suggests no main effect of diagnosis
(ASD vs NT) on either parameter with BFs of 0.47 and 0.31
respectively, testing for a difference between the two groups
for α and δ. A Bayesian ANOVA analysis however reveals
a significant main effect of the Autistic traits questionnaire
(AQ) score, with a Bayes factor of 4.4. Higher AQ scores
demonstrate higher values of α. In Figure 6 the color represents the weighted AQ scores. For NT participants, this score
is almost uniformly low as expected, except for the highest
level so fα within NT participants. With a few exceptions, α
seems to increase with an increasing mean AQ score, shown
by the density clusters in dark red towards the right.

a negative correlation between α and the actual accuracy of
participants in the task (r = −0.54, BF154), and mild evidence for a positive correlation between δ and accuracy
(r = 0.39, BF = 4). This supports the notion that any suboptimality is driven primarily by higher persistence signal (α),
than by the gain (δ).

Model performance
We implemented ASDT within a Bayesian inference framework for statistical inference (Plummer et al., 2003). To test
the model, we infer the parameters using only data from one
of the blocks at a time and calculate the accuracy of the outof-sample predictions for the remaining 3 blocks based on the
mean posterior predictives. A floor benchmark is the accuracy with which the classical SDT based criterion calculated
using the hit rate and false alarm rate from a single block is
able to predict the responses for the remaining blocks. Table
1 shows a comparison of the predictions based on using data

A Bayesian test of correlation yields strong evidence for
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precise sensory inputs. This in turn would lead to a lack of
context sensitivity, as reported by Palmer, Paton, Kirkovski,
Enticott, and Hohwy (2015). Thus we conclude that the gain
control processes controlled by δ in our model corresponds to
this mechanism. We would thus expect to see higher values
of δ for ASD participants under this framework. We do not
however observe this and δ values for both groups are strikingly similar. We propose that excess neuromodulatory gain
control is not a key driver of suboptimality for the Skewes
and Gebauer (2016) task. This result supports the conclusion that autism is not characterized by uniform differences
in the weighting of prediction error (Manning, Kilner, Neil,
Karaminis, & Pellicano, 2016).
The second mechanism under the predictive coding framework constitutes a lack of sensory attenuation, sometimes
manifested as a failure to suppress prediction errors generated
by repetitive stimuli over time (e.g. Kleinhans et al. (2009)),
or in failing to notice changes in the predictive value of specific information (Van de Cruys et al., 2014). The key aspect
is that individuals with autism can form accurate representations of low-level prediction errors, but the translation of
these into higher level signals differs when compared to NT
individuals. Specifically, the higher level signals might be influenced to drive repetitive behavior and perceive prediction
errors over time in a consistent manner. This may thus lead
to behavior that is more resistant to change. In our model,
we propose that α captures this mechanism. High values of
α would indicate persistence of sensory feedback over time,
leading to increased consistency of actions and longer time
frames to respond to environmental changes. We would expect to see higher values of α for ASD participants under this
framework. We see some indication of this, as values of α
do show a small but significant increase with increasing AQ
scores. We propose that increased persistence and thus a lack
of response flexibility is the key driver for any increased suboptimality observed in this pool of ASD participants. Relating this to classical SDT analysis, increased lack of response
flexibility would result in an increase in deviation along the
ROC, not necessarily demonstrating reduced sensitivity.

Figure 6: The joint posterior probability densities for the 2 model parameters for the ASD and NT participants. The size of the squares
shows the probability density and the color shows the posterior probability weighted mean AQ (autistic traits questionnaire) score for
that particular combination of α and δ values.

from each of the 4 blocks for the classical SDT and ASDT
models. The ASDT model provides superior predictions, and
provides a psychological process perspective to explain how
the criterion adapts over time.
Table 1: Accuracy of out-of-sample predictions using the difference
blocks (LB=Low base rate; HB=High base rate; LD=Low discriminability; HD=High discriminability). SDT is based on classical
SDT analysis, and ASDT is based on our proposed model of adaptive criterion setting.

Out of sample prediction using block
LB-HD LB-LD HB-HD HB-LD
Autism Spectrum Disorder (ASD)
SDT
81.2%
82.0%
80.8%
79.9%
ASDT 85.8%
86.0%
85.9%
86.1%
Neurotypical (NT)
SDT
82.1%
78.8%
78.9%
79.7%
ASDT 87.0%
87.1%
87.3%
86.6%

All
81.0%
86.0%
79.9%
87.0%

There is general consensus that lower level sensory error
signals can be more precise, but are transformed into attenuated or less precise higher level prediction error signals in
people with ASD. A perspective for explaining this has been
using Bayesian updating (Pellicano & Burr, 2012). The basic
idea is that individuals with ASD may demonstrate inefficient
Bayesian updating since they may have diffused priors, called
hypo-priors, but strong sensory signals. We propose a related
but slightly different explanation. Even if individuals with
ASD start with diffused priors, updating with a strong sensory signal on a trial by trial basis would result in sharp posteriors. Since the posterior on one trial would form the basis
for the prior on the next, a diffused prior would not be sustainable over trials. A sustained diffused prior might however
be maintained from trial to trial if apart from a strong sensory
signal, there was a second signal that also influenced these

Aberrant precision interpretation
Suboptimality in sensory (and other) tasks by adults with
ASD has been proposed to be a disorder of metacognition
(Friston, Lawson, & Frith, 2013; Van de Cruys et al., 2014).
Within this framework, Lawson et al. (2014) propose two
mechanisms that constitute an aberrant precision account
of autism. The first is enhanced neuromodulatory gain for
how prediction errors are encoded in individuals with autism.
Adaptive gain control in neurotypical individuals is expected
to adjust to environmental volatility so that there is higher
gain in more volatile environments. It has been proposed
that in individuals with autism however, gain control might
be excessively enhanced because of the expectation of highly
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priors. On any trial, if all previous error information has been
accounted for efficiently in the updated prior, Bayesian updating would require that only new information is taken into
account for further changes to be made to the criterion. This
is represented by the term ηt . Hence any significant contribution from ρt leads to interference and ineffective updating.
Even if η is a sharp sensory signal, if ρ is partly in opposition to η, the result would result in sustained diffused beliefs, as have been proposed in theory. Slightly higher levels
of α and the resulting higher values of the ratio of absolute
magnitudes of ρt to ηt (mean ratio of 5.4 for ASD versus 2.9
for NT) though not statistically significant, directionally align
with Pellicano and Burr (2012), who suggest that autistic perception might suffer from hypo-priors.
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Conclusion
We have developed and applied an adaptive SDT model that
can provide additional psychological insight and help in segregating causes of sub-optimality in perceptual learning. The
three primary contributions of this work are:
1. Providing a successful account of sequential effects in perceptual judgment
2. Model based evidence of differences (or the lack thereof)
in inferred parameters between the ASD and NT groups.
3. Implications of this model-based account for interpreting
the aberrant precision hypothesis.
We present statistical evidence that persistence signals have a
stronger impact on suboptimality than neuromodulatory gain.
However there is only mild evidence of any differences between the neurotypical and ASD participants in their optimality or underlying persistence levels.
An attractive feature of ASDT is that the same two proposed parameters have direct interpretations both within the
framework of classical SDT (separability in behavior along
the ROC vs off the ROC) and within the prevailing aberrant
precision account of ASD (persistence and gain control). It
also provides superior out-of-sample predictions.
There are two key limitations that need to be tackled in future work. The first is the assumption that there is no updating
that takes place after a correct trial. It is plausible that correct
trials provide confirmatory feedback based on which individuals might become more risk-seeking with their criterion setting. Secondly, the model does not incorporate asymmetric
utilities for different types of correct and incorrect responses.
Future work could include a reward utility based adjustment
that allows correction to be skewed in a particular direction
because of objective or perceived skews in the rewards and
penalties.
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Abstract
In this paper, we highlight the shortfall of conventionally described heuristics in multi-attribute decision theory, and propose recasting these heuristics within a novel probabilistic
framework. This framework is based on defining a psychological feature space, with rule-based heuristics represented as
prototypical representations within this space. We provide various examples of meaningful heuristics that can be constructed
under this representation, including recasting probabilistic versions of popular heuristics such as take-the-best. Next, we
propose an evaluation framework to measure the effectiveness
of a consideration set of heuristics. This framework measures
whether the set of heuristics are sufficient to describe, predict
and infer strategy selection and learning behavior. We propose
that this is a step towards a robust framework within which
models of strategy selection and learning should be evaluated.
The framework aspires to develop a consideration set of heuristics that can be represented as a mathematically well-posed inference problem. We show that the heuristics redefined under
our probabilistic framework generally perform better than conventional heuristics under this evaluation. We conclude with a
discussion on the possible applications of this framework.

Introduction
Gigerenzer and Gaissmaier (2011) defined heuristics as “a
strategy that ignores part of the information, with the goal
of making decisions more quickly, frugally, and/or accurately
than more complex methods.”. They highlighted three key
building blocks towards a theoretical framework for how
heuristics are constructed:

strategies. Most quantitative approaches to strategy selection
and learning rely on the assumption that people use and test
certain heuristics, and then update their belief about the effectiveness of these heuristics. For a researcher interested in
modeling this behavior, one needs to infer (a) which heuristic
was used on each decision, and (b) how belief about the effectiveness of this heuristic was updated by the decision maker.
The first is an inference problem, where the cause or generating process, h (or to be accurate, an approximation to the true
cognitive process) needs to be inferred from observed measurements, x, on each trial of an experiment. A brief survey of
methods used to infer this in models of learning and strategy
selection reveal the following commonly used approaches:
1. By simply checking if the final choices are compatible with
the heuristics (Rieskamp, 2008).
2. Based on whether the choices are compatible, and whether
all the necessary cues proposed by the heuristic have been
searched, but allowing for the search of any extra cues
(Rieskamp & Otto, 2006).
3. Based on whether the choices are compatible, and whether
the observed cue search pattern exactly matches the search
proposed by the heuristic.
4. By analyzing aspects such as response time or process tracing (Bergert & Nosofsky, 2007).
In fact, the first method is often the most common approach
used, and essentially ignores the information search patterns,
which are a key component of how the heuristics are defined. The approach used may indicate either that none of the
heuristics in the consideration set were applied, may provide
weak evidence for multiple heuristics, or strong evidence for
a single heuristic. The learning mechanisms in such models
then assume that belief about the heuristic inferred to have
been used is updated, based on its effectiveness. This inference about belief updating is only robust if on each trial there
is strong evidence for a single heuristic being used. If there
is no evidence for any of the heuristics, or weak evidence for
multiple heuristics, the model effectively fails to gain any information about the learning on that particular trial. Since the
learning process is cumulative over trials, having a large proportion of trials with ineffective learning inferences is likely
to significantly hurt a model of learning. It follows that the
effectiveness of inferences depends significantly on what set
of heuristics a researcher decides to include in their model,
and the method used to infer use of heuristics on any particular trial. We show a brief meta-analysis of 7 published
experiments involving multi-attribute decision making, in table 1. For each experiment, using we take a consideration

1. Search rules: How do people explore the search space?
2. Stopping rules: When do people stop searching?
3. Decision rules: How do people make a final decision?
They also proposed that people learn to adaptively select appropriate heuristics depending on the environment. There
have been various proposals to formalize this adaptive learning and strategy selection, such as reinforcement-learning of
strategies (Rieskamp & Otto, 2006; Rieskamp, 2008; Erev
& Barron, 2005) or rational metareasoning (Lieder & Griffiths, 2015). In such approaches, the learning model is implemented by making inferences about how people update their
belief about the effectiveness of one or more heuristics. This
effectiveness can be based on some measure of accuracy, cost,
time, effort, constraint satisfaction, or a combination of such
measures. When feedback is available, some measure of accuracy is an especially important factor.
Within the domain of multi-attribute decision making, to be
able to predict how people will make decisions, react to feedback, change their decision strategies, or react to changes in
the choice architecture, an important step is to infer the generating process that leads to sequential learning and selection of
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Table 1: Meta-analysis showing the proportion of trials on which inference about TTB and WADD yielded either no match,
a match for both heuristics, and a unique match. The analysis is conducted using two of the popular inference methods using
minimum cues acquired, and only based on choice compatibility.
Minimum cues acquired + choice
Compatible choice only
Experiment
%cues No match Multiple match Unique match No match Multiple match Unique match
Broder et. al. 1
42%
63%
2%
35%
11%
79%
10%
Broder et. al. 2
42%
52%
3%
45%
9%
84%
7%
Mistry et. al. 1
48%
77%
7%
16%
11%
79%
10%
Mistry et. al. 2
31%
90%
0%
10%
10%
80%
10%
Rieskamp et. al. 98%
2%
48%
50%
10%
45%
45%
Lee et. al. 1
84%
9%
37%
54%
2%
74%
24%
Lee et. al. 2
65%
19%
10%
71%
2%
76%
22%

set of two heuristics, take-the-best (TTB) and weighted average (WADD). We use two of the most commonly employed
inference methods, (1) infer if a heuristic was used based
on the minimum cues required for the heuristic being used,
plus having a compatible choice selection, and (2) just having a compatible choice selection based on the cues selected,
without checking if the cue search satisfied the heuristic requirement. We report the percentage of trials on which inferences could not match either heuristic (no match), those
on which both heuristics were deemed compatible (multiple
match), and where only one of the two heuristics was inferred
to be used (unique match). From a learning model perspective, only the trials with unique match are able to provide any
meaningful inference about the strategy learning process. In
a set of simulations not included in this paper, we found that
inferences about learning process were almost impossible to
make when less than 50% of the trials yielded a unique match.
Across these 7 experiments, unique matches were found only
on about 40% of the trials using the first method (range from
10% to 70%), and on only 16% using the second method
(range from 10% to 45%).
In the rest of this paper, we suggest that traditional rulebased heuristics need to be redefined in a probabilistic sense
to provide a more meaningful analysis of the cognitive process involved in multi-attribute decision making. We suggest
a generalized framework, provide examples, and also provide
an evaluation framework for how any consideration set of
heuristics should be measured, to ensure it provides a reasonable descriptive and predictive exposition of multi-attribute
decisions.

Note that this is not a comprehensive list, but the framework
can be expanded to include other observed measures, for instance, the time taken for each choice. Observed behavior
xm is defined as xm = sm ∩ ym . Since each cue can either be
searched or not, there are Ns = 2nA nO unique cue search patterns possible. Thus, sm ∈ {s j : j ∈ [1 : Ns ]}. Similarly, we
have ym ∈ {yk : k ∈ [1 : nO ]}. Finally, the use of a latent heuristic is denoted as hm , where hm ∈ {hi : i ∈ [1 : Nh ]}, where Nh is
the number of distinct heuristics in the consideration set. The
probability of observed behavior (xm = xk j = s j ∩ yk ) on the
mth decision, conditional on the use of a particular heuristic
hi is defined as:
p(xk j |hi ) = p(yk ∩ s j |hi ) = p(yk |s j , hi )p(s j |hi )

(1)

Note that p(yk ∩ s j |hi ) is just a probabilistic representation of
the decision rule of the heuristic hi , and p(s j |hi ) is a probabilistic representation of the search and stop rules of the
heuristic. It is possible that some observed behavioral patterns are not compatible with any of the heuristics in the
considerations set, that is, ∃(yk , s j ) : p(yk ∩ s j |hi ) = 0 ∀ i.
In such cases, observations of such behavioral patterns have
been designated either to erroneous application of heuristics,
or to a guessing strategy. We define an indicator Ik j = 1 if
the observed pattern (yk , s j ) is not compatible with any of the
heuristics. In the realm of traditionally defined heuristics, we
introduce an application error εi , which is the probability of
making an error conditional on using the heuristic hi . An error results in selecting a particular cue search and decision
pattern that is not compatible with any of the heuristics. If an
error is made, the probability of any incompatible behavior is
uniformly distributed over all possible incompatible behaviors. Hence we adapt equation 1 to:

Notation and assumptions
For the purpose of this paper, the task set is restricted to
multi-attribute decision making, where an individual selects
one of multiple choice options based on some criteria, which
depends on a set of multiple attributes associated with each
option. For a particular decision, we define nA as the number
of attributes available, nO as the number of choice options.
Thus, there are nA nO cues in the choice task. The key observable measures for the mth decision include which cues
are searched (sm ), and which choice option is selected (ym ).

p(xk j |hi ) = (1 − εi Ik j )p(yk |s j , hi )p(s j |hi ) +

εi Ik j
(2)
Σk0 Σ j0 Ik0 j0

An alternate way to accommodate incompatible behavioral
patterns using traditional heuristics is a guessing strategy (G),
which can be defined as having uniform probability over all
patterns instead of just over incompatible behavioral patterns:
p(xk j |G) =
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1
Ns nO

(3)

We denote p(G) = g and assume equal prior probability
of each heuristic, p(hi ) = 1−g
Nh , and equal application error
(εi = ε). Note that these assumptions are not necessary, but
enable more compact and intuitive expressions of the properties, and we will continue to use these assumptions in the
formal specification. The overall probability of observing a
particular behavioral pattern xk j is given by:



(1 − εIk j )(1 − g)
p(xk j ) =
Σi p(yk |s j , hi )p(s j |hi )
Nh


ε(1 − g)Ik j
g
+
+
Σk0 Σ j0 Ik0 j0 Ns nO
(4)

tic rule. This is straight forward for defining statistical properties, but may require some subjective estimates for aspects
such as process measures or psychological constructs. We
denote the vector of n features as f , where f : {F1 , ...Fn },
and the prototype for a particular heuristic hi is defined by
f¯i : {F1 (si ), ...Fn (si )}, where si is the search pattern obtained
by strict application of the heuristic rule. For any behavioral
pattern s j , we define a Gaussian kernel K


−|| f j − f¯i ||2
(6)
K(s j , hi ) = exp
2σ2i
This kernel defines a similarity measure in the range [0, 1],
with a maximum value of 1 when f j = f¯i . The parameter σi
defines how rapidly the similarity measure drops off as the
search point moves away from the prototype for heuristic hi
in the feature space. Depending on the purpose, this parameter can be designed a priori or post hoc after looking at the
data. In the first case, we can select σ by selecting the values
that optimize the performance measures P1 to P4 (introduced
in the subsequent section). In the latter case, σ can be treated
as a free parameter to be inferred from the data. This latter
treatment is similar to the treatment of kernel based machine
learning methods where σ is treated as a free parameter, inferred to minimize the loss function. We then define a probability distribution for observing search patterns in this feature
space, conditional on this prototype being used, as in equation
7. Note that this distribution depends on the parameter σi . Selecting an infinitesimally small value for sigmai reduces this
representation to the rule-based heuristic, since in this case,
p(s j |hi ) = 1 if s j is the exact search pattern under the heuristic rule, and 0 otherwise. As we increase the value of σi , this
defines a radial error distribution in the feature space.

In equation 4, the terms in the first square brackets give the
probability of observed behavior based on error-free heuristics, whereas the terms in the second brackets give the probability on account of errors or guessing. For ease of reference,
we group the first p(xk0 j ), and second p(xk00 j ) set of terms:
p(xk j ) = p(xk0 j ) + p(xk00 j )

(5)

Redefining heuristics
A prototypical rule-based heuristic such as take-the-best may
be a reasonable approximation to an underlying cognitive
process, however, most implementations assume that any deviation from the rule arises randomly, or based on a uniform distribution of error. Instead, we recast such rule-based
heuristics probabilistically, in a new n-dimensional psychological feature space. Each individual search pattern can be
represented as a point in this n-dimensional space. We propose that the features defining this space should reflect the
cognitive primitives that are represented in any such heuristic. These features could be statistical properties (e.g. proportion of cues searched, sensitivity to validity, variability in
cues searched across attributes, search density within selected
attributes, etc.), process measures (e.g. time spent, search orders, type 1 versus type 2 search transitions between attribute
and option wise search), or other psychological constructs
that define search behavior (e.g. confidence, effort, contextual
features). In any possible problem, we may consider using a
subset of these (or other) features. Behavior arising from the
heuristic rule is represented as a prototype point in this feature
space. Any other behavioral patterns can be defined in terms
of the distance of such a pattern from the prototype within
this space. We can then apply kernel based solutions to classify behavior depending on relative proximity to the heuristic
prototypes. For this paper, we focus primarily on defining the
space for information or cue search behavior, that is, to define
p(s j |hi ), with the final aim of inferring p(hi |s j ).
Once we select any subset of n features, our next objective
is then to define the prototype for each heuristic within this
space. If we apply a rule-based heuristic, such as take-thebest, or tallying, we simply calculate the features based on
the search behavior proposed by exactly following the heuris-

p(s j |hi ) =

K(s j , hi )
Σl K(sl , hi )

(7)

The next step is to define p(hi |s j ), or the probability of inferring a heuristic hi was used based on observing a search
behavior s j . Using Bayes rule, we obtain equation 8, where
the subscript k indicates all the different heuristics within the
consideration set.
1
(
)
p(hi |s j ) =
K(s j , hk ) Σl K(sl , hi ) p(hk )
(8)
1 + Σk(k6=i)
K(s j , hi ) Σl K(sl , hk ) p(hi )
Note that equation 8 presents a straightforward avenue for
Bayesian regularization if we apply this recursively for each
sequential decision. That is, the ratios p(hk )/p(hi ) define the
ratio of prior probabilities of expecting the use of heuristic hk
versus hi . On every trial t, we recursively update a prior probability p(hi,t ) based on observations from trials 1 to (t − 1).
However, note that p(hi,t ) 6= p(hi, t−1 |s j, t−1 ), unless no learning is assumed. Under a learning and adaptive strategy selection model M, we assume that the prior probability on any
trial t will be based on some updating of the effectiveness of
the heuristic on the previous trial: p(hi,t ) ∼ M(x1 : xt−1 , θM ).
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Measurement Framework

The advantage over commonly used measures of divergence such as the KullbackLeibler divergence, is that P2 is
smoothed, symmetrical, and can be simultaneously applied
over multiple distributions. Further, it also linked directly to
both the lower and upper bound on the Bayes probability of
error (BPE, the lowest possible error rate of a classifier). In
our context, this provides the lower and upper bounds for the
lowest possible irreducible error in inferring the correct cognitive heuristic.

A systematic approach to researcher decisions on what consideration set of heuristics and inference rules to use, we propose a measurement framework that formalizes the idea of
well-posedness of inference problems of strategy selection
learning based on mathematical theory. We specify the operator A (the approximate cognitive process) that maps the
space of cognitive heuristics H to the space of observed behaviors X. It is desirable that the operator A−1 is strictly a
well-posed inverse operator, although it is always going to
be an uncertain inference problem. problem faced by a researcher. Kabanikhin (2008) defines an inverse problem as
ill-posed, if any one of the conditions below are not met:

H p − P2 log(1 + Nh )
(H p − P2 log(1 + Nh ))2
≤ BPE ≤
4 Nh
2
(11)

1. Existence of a solution: ∃ (h ∈ H) ∀ (x ∈ X). This requires
any possible observable behavior (x) should be compatible
and explained by at least one of the heuristics (h ∈ H).
2. Uniqueness of the solution: ∃ A−1 : X → H. This requires
that each observable behavior (x) should be compatible
with only one heuristic (h) within the set H.
3. Stability of the solution: O(δh ) ≈ O(δx ) “Arbitrarily small
errors in the measurement data”, δx should not “lead to
indefinitely large errors in the solutions” δh . This requires
that small changes in observed behavior (δx ) should not
result in significant changes to the inferred heuristic (h).





1−g
H p = − (1 − g) log
+ g log(g)
Nh

(12)

3. Stability property (P3 ):
We define a distance metric dk j1 j2 between any pairs
(xk j1 , xk j2 ) of observed behavioral patterns, as the Euclidean
distance based on a value of 1 if a cue is searched and 0 if a
cue is not searched, measured over all (nA nO ) cues. We identify all pairs x̄¯k j1 k j2 that have the lowest possible distance.
x̄¯k j1 k j2 = argmin(xk j

1

This is a hard set of constraints, and would impossible,
for any set of cognitive heuristics to satisfy, and A−1 is
never expected to be a strict well-posed inverse operation.
Instead, we treat these as properties that a consideration set
of cognitive heuristics should try to maximize. We specify a
formal but relaxed interpretation of these criteria for how a
set of heuristics should be evaluated:

,xk j2 )

dk j1 ,k j2

(13)

Stability is defined in terms of the mean absolute change in inferring probability of use of a heuristic, given a change in the
behavioral pattern, integrated over all heuristics in the consideration set, and measured over all pairs of behavioral patterns that belong to the set x̄¯k j1 k j2 , where n(x̄¯k j1 k j2 ) refers to
the cardinality of this set. Stability is in the range [0,1], with
higher values indicating higher stability of inferences made
about latent heuristics.

1. Existence property (P1 ): We propose a measure of the average probability of observing a behavioral pattern based on
error-free application of heuristics, compared to the overall
probability of observing it, including on account of errors or
guessing, integrated over all possible behaviors and over all
possible heuristics in the consideration set. This measure will
vary from 0 to 1 with higher values desirable, and a value of
1 implying strict compliance with the existence property:


p(xk0 j )
1
Σk Σ j
(9)
P1 =
Ns nO
p(xk0 j ) + p(xk00 j )

P3 = 1 −

Σx̄¯k j

1 k j2

Σi p(hi |xk j1 ) − p(hi |xk j2 )
Nh n(x̄¯k j1 k j2 )

(14)

4. Predictiveness property (P4 ):
In addition to be well-posed, the heuristics should have a
high degree of predictive capability, in that, once it is inferred which heuristics is being used, it should be capable
of making strong inferences about what search patterns and
choice options will be selected. To illustrate, the guessing
strategy above has no predictive capability, since it accords
equal probabilities to all observed behaviors. To measure predictiveness, we base it on the within-heuristic entropy across
all possible search and decision patterns, integrated across all
heuristics. This also yields a value in the range [0, 1]. Note
that this measure has to be read in tandem with P1 and P2 .



Σk Σ j p(xk j |hi ) log(p(xk j |hi )) 
(1 − g)
P4 =
Σi 1 +
Nh
log(Ns nO ))
(15)

2. Uniqueness property (P2 ): We propose using the generalized Jensen-Shannon divergence (Lin, 1991) for multiple distributions to measure uniqueness of a set of heuristics (equation 10). This divergence is bounded by [0, log(1 + Nh )], so
we adapt
this to the range [0, 1]. In equation 10, Hn (pn ) =

−Σn pn log(pn ) , refers to the Shannon entropy.

 

g
1
P2 =
Hk j Σi p(hi )p(xk j |hi ) +
log(1 + Nh )
Ns nO





1
−Σi p(hi )Hk j p(xk j |hi ) − gHk j
Ns nO
(10)
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Examples of probabilistically redefined
heuristics

second half shows the kernel based probabilistic heuristics
sets, with different values of σ. Conventional heuristics find
it hard to find a balance between existence P1 and uniqueness P2 . Probabilistic heuristics as defined here show a better
balance, and overall improvement in scores.
Note that the kernel specification essentially assumes equal
weights on the three features. However, it is entirely feasible that individuals pay differential attention to these features.
We can accommodate such individual differences by defining
a mixture of kernels. Here the subscript p refers to the pth individual, and wnp refers to the weight placed on the nth feature
by the pth individual. These can be treated as free parameters
during the inference process. This shows how this framework
can be used to infer individual differences in attention to different aspects of the search space. Effectively, this skews the
n-dimensional space by scaling each feature dimension by its
corresponding weight, allowing for different scaling by individuals.
2 


− Fn (s j ) − Fn (si )
(20)
K(s j , h pi ) = Σn=1:3 wnp exp
2σ2i

Example 1: Single dimensional feature space
We start with the simplest example, using only one feature
of cue search patterns. We base this on the experimental
paradigm used in Lee, Newell, and Vandekerckhove (2014).
Here, participants on each trial have access to 9 different
cue attributes for two choice options. The cue validities are
known to participants and attributes can only be selected in
order of their validity, and selecting an attribute reveals the
value for both choice options. Thus, there are only 9 different possible cue search patterns, from selecting 1 attribute
to 9 attributes. Traditional TTB search patterns would imply
selecting the minimum numbers of attributes required to discriminate between the two choices, and WADD would imply
selecting all the attributes. The original paper represents the
proportion of extra cues (PEC) searched incremental to the
first discriminating cue (FDC).
PEC =

Ncues − FDC
Ntotal − FDC

(16)

We define the 1-dimensional psychological space in terms
of this PEC feature, which varies discretely in the range [0,1].
A value of 0 is representative of TTB, and 1, of WADD.
Hence, for a particular search pattern s j , we can write:


−||PEC j ||2
K(s j , httb ) = exp
(17)
2
2σttb


−||PEC j − 1||2
K(s j , hwadd ) = exp
(18)
2σ2wadd

Table 2: Evaluation metric for traditional and probabilistic pairs of (TTB,WADD) heuristics. Exact, minimum, and
choice refer to the method of inference about heuristics explained in the introduction. The ε and gparameters used here
are highly optimistic, and post hoc error rates are likely to be
higher, leading to a further worsening of evaluation metrics.
P1
P2
P3
P4
Σn Pn /4
Conventionally defined TTB - WADD heuristics
exact
ε = 0.01
0.0 0.61 0.99 0.98
0.65
min
ε = 0.01 0.02 0.55 0.99 0.74
0.58
choice ε = 0.01 0.40 0.06 1.0 0.12
0.40
exact
g = 0.01
0.0 0.67 0.99 0.98
0.66
min
g = 0.01 0.02 0.60 0.99 0.75
0.59
choice g = 0.01 0.40 0.09 1.0 0.12
0.40
Based on the proposed kernel density framework
prob
σ = 0.01 0.03 0.63 1.0
1.0
0.67
prob
σ = 0.02 0.86 0.63 0.82 1.0
0.83
prob
σ = 0.05 0.99 0.63 0.80 0.99
0.86
prob
σ = 0.20 0.99 0.59 0.80 0.35
0.69

Example 2: Multidimensional feature space
We define a 3-dimensional psychological feature space, f j :
[F1 (s j ), F2 (s j ), F3 (s j )], so that any search pattern s j can be expressed in terms of these features and represented as f j .
F1 : Proportion of cues searched
F2 : Sensitivity to cue validity
F3 : Variability in cues selected across attributes
We use the experimental structure of (Bröder & Schiffer,
2003), and take the cue search pattern suggested by an original heuristic, for instance, TTB, sttb ), and calculate the feature
vector corresponding to that search pattern, denoting this as
fttb . The squared Euclidean distance || f j − fttb ||2 is calculated
2
as Σn=1:3 Fn (s j ) − Fn (sttb ) .

K(s j , httb ) = exp

−Σn=1:3

2 
Fn (s j ) − Fn (sttb )
2
2σttb

Example 3: Context specific feature space
These example were based on traditional heuristics and statistical properties of the cue search patterns. However, since
we generalize heuristics in terms of a psychological feature
space, we can define heuristics in a context-specific manner.
For instance in (Mistry & Trueblood, 2015), two of the attributes were financial metrics, while the remaining two were
advisory recommendations. It is perfectly reasonable that
people search the attribute space based on their own level of
expertise and prior perceptions of advisory versus financial
cue attributes. We can define feature in terms of proportion

(19)

For example, for a cue space involving 4 attributes and 3
choice options, we get fttb = [0.25, 1.00, 0.50] and fwdd =
[1.00, 0.25, 0.00]. In table 2 we show the evaluation metrics
for a pair of heuristics defined in the sense of TTB and WDD.
The first half of the table shows the metrics for conventionally defined heuristics, with different values of ε and g. The
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of advisory cues searched compared to total cues searched. A
full advisory heuristics will be represented by a feature value
of 1, and a full financial heuristic by a feature value of 0. The
kernel and probability calculations can then proceed as in the
previous examples. Results of evaluation metrics for context
specific heuristics are provided in table 3.

decisions using exemplars (Juslin, Olsson, & Olsson, 2003).
The feature space lends itself naturally to defining multiple
exemplars, with the kernel specification defining the typicality of a cue search pattern from a particular exemplar. Since
our heuristics are defined in terms of kernel densities, we can
simply used kernel-based clustering mechanisms popular in
machine learning literature to identify clusters within a feature space (Girolami, 2002), with each cluster corresponding
to an exemplar. In future work, this method can be used to
identify common search exemplars used by people without a
priori definition of heuristics.

Table 3: Evaluation metric for traditional and probabilistic
pairs of context defined (Financial,Advisory) heuristics.
P1
P2
P3
P4
Σn Pn /4
Conventionally defined context - heuristics
exact
ε = 001
0.0 0.13 0.99 0.97
0.52
min
ε = 0.01
0.0 0.13 0.99 0.97
0.52
choice ε = 0.01 0.52 0.11 1.0 0.19
0.45
exact
g = 0.01
0.0 0.18 0.99 0.97
0.54
min
g = 0.01 0.02 0.18 0.99 0.97
0.54
choice g = 0.01 0.52 0.13 1.0 0.19
0.46
Based on the proposed kernel density framework
prob
σ = 0.01 0.43 0.63 1.0 0.65
0.68
prob
σ = 0.02 0.82 0.63 0.81 0.65
0.73
prob
σ = 0.05 0.82 0.63 0.81 0.58
0.71
prob
σ = 0.20 0.82 0.53 0.82 0.23
0.60
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Conclusions
The evaluation framework should be seen as a first step towards a unified and systematic approach to defining strategy
selection and learning models. The probabilistic framework
is generalized enough to be applicable to a variety of experimental and empirical designs and heuristics. It can easily
be incorporated with existing approaches to learning, such
as rational meta-reasoning, reinforcement-learning, and costbenefit based or cognitive effort based frameworks. Importantly, it has the potential to unify rule-based and exemplar
based heuristic models. The heuristics described under our
framework generally perform better than conventional heuristics under the proposed evaluation measures. This framework
raises a lot of possibilities in terms of future work, including
experimental design based on maximizing information gain,
and generating a new class of heuristics based on context specific, process driven, or exemplar measures. The evaluation
framework allows us to calculate the a priori performance
measures of a set of kernel based heuristics, for each particular configuration of cues. This evaluation method can be
used to for experimental design to select cue configurations
that allow for the strongest possible inference given a particular set of heuristics to be tested, that is, by selecting configurations that maximize measures P1 to P4 for the heuristics
to be tested. Note that P1 and P2 often competethe first two
conditions often compete. Since these are all measured on
the same scale [0, 1], we can use an objective function that
optimizes a weighted average of the four measures. The examples here rely on defining heuristic based on a prototypical
feature set that is derived from the rule-based heuristics. It has
been proposed that people may also approach multi-attribute
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Abstract

Consistent with the notion that consensus decisions serve
as a positive reinforcement signal, recent neuroimaging
work has demonstrated an overlap between neural substrates
mediating conformity and those involved in processing
reward. (Klucharev et al., 2009; Zaki et al., 2011; CampbellMeiklejohn et al., 2012; Yu & Sun, 2013; Nook & Zaki,
2015). For example, in a recent neuroimaging study by
Nook & Zaki (2015), participants rated the perceived
likability of various foods and, after each rating, viewed the
ostensible average rating of a large group of peers. After
some delay, participants were given an opportunity to rerate each food item.
Importantly, participants’
compensation (monetary or course credit) was entirely
independent of their judgments, and their knowledge of
ostensible group averages was based solely on numerical
displays with no exposure to, or information about, actual
individuals. In other words, no economic or social gain was
contingent on reaching consensus. Nonetheless, participants
significantly shifted their follow-up food ratings –
subjective judgments for which no “correct” answer existed
– in the direction of the group norm. Moreover, neural
activity in the ventral striatum, a brain region heavily
implicated in processing reward (McClure et al, 2003;
O’Doherty, 2004), increased with consensus relative to
disagreement between individual and group ratings, and
predicted subsequent adjustments towards the group norm.
These, and similar results (Klucharev et al., 2009; Zaki et
al., 2011; Campbell-Meiklejohn et al., 2010, 2012; Yu &
Sun, 2013; Zubarev 2017), strongly suggest that conformity
to a group majority may be intrinsically rewarding.

Consensus seeking – abandoning one’s own judgment to align
with a group majority – is a fundamental feature of human
social interaction. Notably, such striving for majority
affiliation often occurs in the absence of any apparent
economic or social gain, suggesting that achieving consensus
might have intrinsic value. Here, we examine the affective
properties of consensus decisions by assessing the transfer of
valence to concomitant stimuli. Specifically, in two studies,
we show that contexts repeatedly paired with consensus
decisions are rated as more likable, and selected more
frequently in a two-alternative forced choice test, than are
contexts repeatedly paired with dissent from a unanimous
majority. In the second study, we rule out inferences about
the accuracy of the majority opinion as the basis for such
evaluative changes. Our results suggest that an intrinsic value
of consensus, or cost of dissent, may motivate and reinforce
social conformity.
Keywords: Conformity; Dissent; Reinforcement Learning;
Decision Making; Conditioned Reinforcement

Introduction
Social animals must often reach a consensus with other
members of their group in making collective decisions. By
agreeing with a majority opinion, individuals are able to
avoid social rejection and retain access to group resources
(Bond & Smith, 1996; Reysen & Branscombe, 2008).
Moreover, relying on a group majority often yields superior
memory retrieval (Harris et al., 2012), improved perceptual
judgment accuracy (Gürçay et al., 2014), and greater
monetary pay-offs in gambling tasks (Toyokawa et al.,
2014). While consensus seeking in the face of such
conspicuous contingent gain is unsurprising, individuals
also consistently conform to a group majority in the absence
of any apparent social or monetary reward (e.g., Sherif,
1936; Klucharev et al., 2009; Corriveau et al., 2009; Chen et
al., 2013; Nook & Zaki, 2015), suggesting that the act of
reaching consensus might have intrinsic value. Whether
due to evolutionary pressure or an individual’s
reinforcement history, a basic but untested prediction of
reinforcement learning (RL) theory is that, once established,
such intrinsic value should “rub off” on stimuli associated
with high levels of consensus. Formally, this value transfer
can be estimated using Temporal Difference (TD) learning a type of RL in which states that predict value acquire value
through a time shifted reward prediction error signal (Sutton
& Barto, 1990). We report two experiments testing this
prediction.

In spite of ample evidence of apparently inconsequential
conformity, it is problematic to conclude that consensusseeking decisions are rewarding simply because such
decisions are made. Error-based adjustments towards a
reference, such as a majority opinion, need not be associated
with valence but may simply reflect an effort to approximate
accuracy by minimizing expectation violations. Moreover,
the apparent involvement of brain regions frequently
implicated in reward processing does not warrant the
reverse inference that consensus-seeking decisions have a
hedonic component; first, since those same neural regions
also respond to valence-neutral but surprising, or otherwise
salient, stimuli (Horvitz, 2000; Zink et al., 2003, 2006;
Jensen et al., 2007; Levita et al., 2009) and second, because
neural signals identified in social conformity studies often
appear more consistent with error adjustment than with
hedonic reinforcement (e.g., Zaki et al., 2011). There is a
clear need, thus, for studies that employ independent
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measures of the valence associated with consensus and
dissent.

Vehicle Code, punishable by incarceration for 6 months or
less. Cases were constructed such that all defendants had
violated the California Vehicle Code but without necessarily
being held liable (e.g. driving five miles per hour above the
legal speed limit). Prior to starting a learning phase,
participants were asked to rate, in random order, the
likability of four differently colored courtrooms, on a scale
from 0 (not at all likeable) to 10 (extremely likeable), with 5
indicating neutral affect.

Some social psychology studies have used evaluative
measures to assess emotional constructs associated with
dissent from group opinions. For example, Matz and Wood
(2005) used an emotion measure to assess dissonance
discomfort, negative self-evaluation and positive feelings
associated with agreeing or disagreeing with a group of
ostensible peers in a mock jury.
They found that
participants who disagreed with the group experienced
significantly greater dissonance discomfort than those who
agreed, especially if they believed that they would be
required to discuss their opinions or reach consensus with
other jury members. No such effects were found for
measures of negative self-evaluation and positive feelings;
however, in a subsequent study, positive feelings increased
and negative self-evaluation decreased when participants
were given the opportunity to achieve consensus by
persuading others or joining a more congenial group. This
and related work suggests that some form of valence does
accompany decisions made relative to a group norm.
However, lacking a formal framework of reward-based
behavior, the approach is poorly suited to quantify hedonic
aspects of social conformity. To address these limitations,
we have developed a novel paradigm that tests the
hypothesis that social conformity has intrinsic value by
assessing the degree to which that value is transferred to
contextual stimuli. Following Matz and Wood (2005), we
employ a “mock jury” scenario to generate majority
judgments with which a participant may agree or disagree.

Figure 1. Trial illustration showing the initial choice screen,
the participant’s culpability choice, and the verdict of a
unanimous jury together with the choice of the participant.
Case summaries and response prompts (see text) are not
shown in the figure.
On each trial in the learning phase, participants were first
presented with a short synopsis describing the particular
case while one of the four courtrooms was displayed in the
background indicating that the case was heard in that room.
They were then asked to press the left or right arrow key to
indicate whether they believed the defendant was guilty or
not. A grey avatar representing the participant would move
beneath the relevant, “guilty” or “not guilty”, label based on
the participant’s response. They were then prompted to
press the spacebar to see the jury’s verdict, which was
represented by five darker shade grey icons appearing
beneath the relevant label (screen 2 in Figure 1). In two of
the courtrooms (consensus rooms), the verdict of the jury
was the same as that of the participant ~90% of the time and
in the other two courtrooms (dissention rooms) the verdict
of the jury was the opposite of the participant’s ~90% of the
time. The colors of consensus and dissention rooms were
counterbalanced across participants. There were 12 trials in
each of the four distinctly colored courtrooms, for a total of
48, randomly ordered, trials.
The 48 specific case
descriptions were randomly distributed across trials.

Experiment 1
A basic prediction of RL theory is that if consensus has
intrinsic value, then this value should transfer to arbitrary
stimuli associated with high levels of consensus. In
Experiment 1, we tested this prediction by assessing how
the congruence between participants’ own judgments and
those of a unanimous jury influenced the likability of, and
preference for, distinctly colored courtrooms.

Method
Participants: Twenty undergraduates at the University of
California, Irvine (13 females, mean age = 19.6)
participated in the study for course credit. All participants
gave informed consent and the Institutional Review Board
of the University of California, Irvine, approved the study.

Following the learning phase, participants were again
asked to rate the likability of the four courtrooms before
being moving on to a second phase, in which they would
serve as jury members themselves. They were instructed
that none of the previously observed jurors would serve on
any juries of which the participant might be a member. On
each of eight trials, participants first selected between two
courtrooms: one was always a consensus room, in which
previous juries had frequently agreed with them, and the
other was a dissention room, in which the previous juries

Task and Procedure: The task is illustrated in Figure 1. At
the start of the experiment participants were told that they
would be acting as a juror in a series of cases in various
courtrooms. They were further told that, in preparation for
making decisions on cases themselves, they would first have
an opportunity to study some previously adjudicated cases.
All cases were potential misdemeanors under the California
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had frequently disagreed. Once they entered the chosen
courtroom, they were presented with a case and asked to
provide a guilty or not guilty judgment. They were not
shown the decisions made by other jurors, nor the final
verdict, for any of these eight cases. To assess explicit
memory of consensus and dissent courtrooms, at the end of
the experiment participants were asked to rate, for each
courtroom, the degree to which the jury had agreed with
them in that room during the initial learning phase, on a
scale of 0 (never) to 10 (always).

participant during this phase of the experiment. Consistent
with this prediction, we found that, when asked to select a
room in which to serve on a jury, the mean proportion of
consensus room choices was 65%, which was significantly
greater than chance, t(19)=2.48, p<0.05, d=0.19.
Explicit recall of consensus and dissent: Finally, using a
scale on which participants indicated the degree to which
the juries had agreed with them in a particular courtroom
during the training phase, we confirmed that participants
were able to accurately distinguish between consensus (5.73
± 1.45) and dissention (4.60 ± 1.52) rooms, t(19)=2.22
p<.05, d=1.877. However, critically, the degree to which
participants discriminated between consensus and dissention
rooms was not correlated with the degree to which likability
ratings differed across rooms (i.e., differences in consensus
ratings across rooms did not predict differences in likability
ratings across rooms), Pearson’s r=-0.08, p=0.73.

Results
Likability ratings: Mean (post-pre) likability ratings are
shown on the left side of Figure 2. We predicted that
likability for courtrooms in which participants’ judgments
had frequently agreed with those of the unanimous jury,
would be greater than that for courtrooms in which they had
frequently dissented. A planned comparison revealed that
this was indeed the case: subtracting the baseline (prelearning) ratings for each courtroom, the mean rated
likeability of rooms associated with consensus was
significantly greater than that of rooms associated with
dissent, t(19)=2.96, p<0.01, d=0.139.
Notably, this
difference was not due to an increased likability of the
consensus rooms, but to a decreased likeability of the
dissention rooms. A significant difference between mean
pre- and post-learning ratings was observed for dissention
rooms (-0.75 ± 1.51), t(19)=2.22, p<0.05, d=1.509, but not
for consensus rooms (0.18 ± 1.45), t(19)=0.54, p=0.60,
d=1.453.

Experiment 2
The results of Experiment 1 suggest that arbitrary stimuli
repeatedly paired with dissent from a unanimous majority
can acquire negative valence. We interpret these effects in
terms of an intrinsic aversive property of dissent that is
transferred to concomitant stimuli according to basic
reinforcement learning mechanisms. However, an
alternative possibility is that participants assumed that the
unanimous jury was always correct, and that the transferred
negative valence was elicited by the perception of being
wrong, rather than by dissent per se. In other words, the
results reflected an informational (Deutsch & Gerard, 1955)
rather than normative basis of apparent social valence. In
Experiment 2, we address this possibility by including
feedback about the “true” culpability of the defendants in
our hypothetical court cases.

Method
Participants: Forty undergraduates at the University of
California, Irvine (21 females, mean age = 19.75)
participated in the study for course credit. All participants
gave informed consent and the Institutional Review Board
of the University of California, Irvine, approved the study.
Task and Procedure: There were two groups in the
experiment. For the first (No Feedback) group, the task and
procedures were identical to those in Experiment 1. For the
second (Feedback) group, the task and procedures were
identical to those of the “No Feedback” group, with the
following exception: At the end of each trial in the initial
learning phase, participants were asked to press the space
bar to view the actual culpability of the defendant in that
particular case. On the culpability feedback screen, the
panel representing the jury was absent, the icon representing
the participant remained under the selected “guilty” or “not
guilty” label, and a selection square appeared around the
label indicating the actual culpability of the defendant; in

Figure 2. Likability ratings (post-pre learning) for
consensus and dissent courtrooms from Experiment 1 (left)
and from the two groups in Experiment 2 (right).
Choice preference: We further hypothesized that there
would be a significant preference for deliberating in
consensus rooms over dissention rooms, in spite of
instructions emphasizing that none of the jurors that had
been present during the learning phase would serve with the
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other words, this screen was identical to the 2nd screen in
Figure 1, but with the addition of a selection square around
the “accurate” culpability label. The culpability feedback
was such that the participant’s judgment was correct 50% of
the time, in both consensus and dissention rooms. Thus,
both types of rooms were equally associated with being
wrong. At the very end of the study, participants in both
groups were asked to explain the reasons behind their
likability ratings.

valence associated with agreement or dissent was not solely
due to perceived accuracy. Moreover, across studies,
evaluative changes were driven, not by an increased
likability of contexts repeatedly paired with consensus, but
by a decreased likeability of contexts paired with dissent.
Although it is possible that this pattern of results reflects a
general, exposure-based, decrease in the likability of all
stimuli from which an association with consensus offered
protection, we tentatively interpret our findings as evidence
for an intrinsic cost of dissent.

Results

There are several possible sources of negative affect
associated with dissent. First, as noted, by diverging from a
majority opinion, individuals may be subject to social
rejection, lose access to group resources, and make inferior
perceptual and economic decisions.
Thus, from a
reinforcement learning (RL) perspective, the act of
dissenting from a group majority may acquire negative
valence through a history of being paired with aversive
outcomes. Alternatively, the negative valence may not be
directly related to dissent, but instead accompany more
general processes. For example, lack of consensus has been
proposed to elicit cognitive dissonance – a feeling of
discomfort induced by interpersonal or intrapersonal
discrepancy (Festinger, 1957; Matz and Wood, 2005;
Klucharev et al., 2009, 2011; Shestakova et al., 2013).
Moreover, several studies have demonstrated that
conforming to a consensus reduces perceived uncertainty
about decision outcomes (McGarty et al., 1993; Smith et al.,
2007; Petrocelli et al. 2007; Sherif & Harvey,1952),
suggesting that negative affect associated with dissent might
be related to uncertainty aversion (Kahneman and Tversky,
1979). Finally, negative emotions accompanying dissent
may reflect inferences about the inaccuracy of one’s own
judgments in the face of an opposing view: although this
basis for changes in valence was largely ruled out in
Experiment 2, in which explicit feedback regarding
accuracy was provided on each trial, it seems plausible that,
under some circumstances, perceived accuracy may
modulate affective responses to dissent.

The results in both groups closely replicated those of
Experiment 1: A 2-by-2 mixed analysis of variance
(ANOVA) performed on the post-pre likability ratings, with
feedback and consensus as between- and within-subjects
factors respectively, revealed a significant main effect of
consensus, F(1,38)=9.73, p<0.005, but no effect of feedback
(i.e., group) and no interaction, F’s<0.84. As can be seen in
Figure 2, the post-learning difference in likability between
consensus and dissention rooms was again due to a
decreased liking of dissention rooms, in both groups.
Likewise, planned comparisons again revealed a preference
for deliberating in consensus over dissention rooms that was
significantly greater than chance, in both the “feedback”
(62%, p<0.05) and “no feedback” (68%, p<0.005) group.
While mean ratings of how often their judgment had agreed
with that of the juries in a particular room during the
learning phase were again greater for consensus (5.49 ±
1.33) than for dissention rooms (4.94 ± 1.19), this difference
did not reach significance in either group, p’s>0.12, nor did
the degree of discrimination between consensus and
dissention rooms significantly predict changes in likability
ratings, in either group, p’s>0.23.
When asked, at the end of the study, about the basis for
their likability ratings, only 15% of participants, 3 in each
group, cited their consensus with the jury; importantly, in
spite of the reduction in power, differences in likability
ratings as well as choice preferences remained significant, in
each group, when those participants were excluded
(p’s<0.05). The majority of participants, 53%, attributed
their ratings to the (counterbalanced) colors of the rooms,
while the remaining participants cited various reasons,
including the specific cases presented in a particular room
(13%), or simply a general “feeling” about the room (10%).

Of course, whether an aversive quality of dissent is
induced by dissonance, uncertainty or a desire to be right,
RL mechanisms may still be responsible for transferring that
valence to actions and stimuli associated with dissent, as
suggested by the current results. An important aspect of our
effects, particularly from an RL perspective, is that they are
apparently implicit in nature: when queried, most
participants attributed the likability of contexts to their
colors (see Nisbett & Wilson, 1977 for a discussion on
when participants may identify experimental manipulations
as influential stimuli), and there was no correlation between
memory of which context had been paired with dissent and
changes in context-likability. This lack of correspondence
between explicit recall of which contexts were paired with
dissent and decreases in the likability of those contexts

Discussion
In two experiments, we investigated the affective properties
of agreeing or disagreeing with a unanimous majority, by
measuring the transfer of valence to concomitant stimuli.
We found that contexts repeatedly paired with consensus
decisions were rated as more likable, and selected more
frequently in a two-alternative forced choice test than were
contexts repeatedly paired with dissent. In the second study,
these evaluative differences emerged even when explicit
feedback provided the “correct” answer, suggesting that the
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Abstract

small set of relevant choices is known as choice set construction (Ben-Akiva & Boccara, 1995). (Colloquially, options in
the choice set just seem to “come to mind”.)
The aim of this paper is to characterize how choice sets are
constructed. Not all options are equally likely to make it into
someones choice set; people clearly favor some options (e.g.
Chipotle) over others (e.g. catching a wild animal). What
determines which options come to mind? We focus on one
potentially important factor: how good an option has been in
the past (i.e. the option’s past value). Options that have been
good in the past tend to be good in the future. Moreover, prior
research has demonstrated that people spontaneously compute and maintain a representation of how good an option has
been, on average, in the past (Dolan & Dayan, 2013); the
past values of options are pre-computed, or “cached”, before
decision time. (In the reinforcement learning framework, this
process is often called “model-free learning” (Sutton & Barto,
1998).) Hence, the mechanism that constructs choice sets
might be designed to propose options with high past values—
narrowing down options to consider without incurring a high
computational cost.
We explore this idea in three ways. First, we construct
a computational model of value-guided choice set construction, and simulate its performance (and the performance of
two alternative models) in various environments. When options that have been good in the past tend to be good in the
future, the choice set model achieves good accuracy at low
computational cost.
Second, we present an experimental paradigm designed to
elucidate the role of value-guided choice set construction in
decision-making. We fit the model to people’s choices in
the experiment, and find that the best-fitting model constructs
choice sets guided by the prior value of options. These results suggest that people spontaneously construct choice sets
when faced with difficult decisions, and are often more likely
to include options with high prior values in those choice sets.
Third, we connect our model to recent work on modal
cognition—that is, the representation of hypothetical and
counterfactual possibilities. Previous work has argued that
for many real world problems (e.g., how to get to the airport
when your car breaks down), people’s default or implicit representations of which actions are “possible” is constrained by
the value of possibilities (Phillips & Cushman, 2017; Phillips
& Knobe, 2018). Following this finding, we ask whether the
learned value of the options in an experimental context influences whether or not participants represent those options as
possible choices. Mirroring the previous work, we find that
implicit, but not explicit representations of possibility tend to
exclude options with a low value.

Real-word decision making often involves selecting a single
choice from an arbitrarily large set of possible options. Given
that it is typically not feasible to evaluate every possible option in real world decision making, how are human decision
makers able to efficiently make good decisions? We propose
and evaluate a two-step architecture according to which people
first sample a small subset of options weighted by their previously learned value, and then evaluate those options within the
current decision-making context. We demonstrate that a version of this model captures human decision making in problems where time and resource constraints prevent the evaluation of every option, and connect this research to the growing
literature on the representation of non-actual possibilities.
Keywords: value-guided decision making; choice sets; modal
cognition; possibility

Introduction
It is a striking feature of ordinary life that we have far too
much to think about. Imagine a psychology student, Sally,
deciding where to eat lunch. She has certain preferences (e.g.
she likes Mexican food, dislikes walking long distances) and
constraints (e.g. she’s deathly allergic to walnuts) that she
should factor into her decision. Ideally, she would carefully
evaluate all her options, and choose the one with highest expected value. For example, she might appraise each option
based on how close it is to her office, how Mexican its cuisine
is, the likelihood that it uses walnuts, etc., and then choose
the option with the highest aggregated value. This process—
computing the expected values of options at decision time by
planning over a causal model of the environment—has been
intensively studied, and we have some idea how it could be
accomplished for a small set of options (Dolan & Dayan,
2013; Doll, Simon, & Daw, 2012).
But in any real-world decision, there are an overwhelming number of potential options (Cushman & Morris, 2015;
Phillips & Knobe, 2018). Our own workplace is within a
moderate walk of hundreds of restaurants, and thousands are
within a short taxi ride. And the problem is even worse than
this, because Sally has more options than just restaurants: She
could also grow the crops herself, or catch a wild animal to
eat, or steal food from the communal refrigerator, etc. She
couldnt possibly plan over all her options—she would die of
starvation before she finished.
Yet people like Sally are able to make these decisions with
speed and ease. How? Intuitively, people don’t consider all
possible options. Rather, they construct a small subset of options to evaluate, and ignore all the rest (Newell, Shaw, & Simon, 1958). For instance, Sally might only consider Chipotle
and Taco Bell, and choose one of those. The process by which
people narrow down the enormous set of potential options to a
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Figure 2: A schematic depiction of two alternative models.
The no planning model is extremely computationally cheap;
the optimal planning model is extremely expensive; and our
choice set model falls somewhere in between.

Figure 1: A schematic depiction of the choice set construction
model.

Computational model

Alternative models We compare the choice set model to
two alternatives, which anchor the two ends of a spectrum
of computational complexity (Figure 2). The “no planning”
model does not perform any forward planning or evaluation
of options in the current context, and simply samples an option with probability proportional to its past value. Because
past values are cached before decision time, this process is
computationally cheap, but can be highly inaccurate if circumstances change.
In contrast, the “optimal planning” model plans over all
options in the current context, and chooses the best. By planning over a causal model of the environment, this approach
achieves high accuracy, but at a high computational cost.
The choice set model falls somewhere between these two
extremes; it evaluates some options via planning, but much
less than the optimal planning model. We show that, for a
plausible range of environments, the choice set model provides major gains in accuracy over the no planning model, at
a fraction of the cost of optimal planning.

A schematic of the choice set model is depicted in Figure
1. There is a large pool of N potential options, each marked
with a pre-computed past value. We assume that agents have
learned these values from past experience, and do not explicitly model the learning process. The agent samples a small
number of K options, without replacement, from this pool.
The sampling process is non-uniform, and is more likely to
p
sample options with high past values. Let Qi be the cached
the past value of option i. Then the probability of sampling
an option i is:
p

Prob(option i in choice set) =

eβ1 Qi

p

∑ j=1:N e

β1 Q j

where β1 is an inverse temperature parameter controlling
the degree to which sampling is biased towards options with
high past values. (This formula employs a softmax function
over the past values; we will use this terminology throughout
the paper.)1
Once the choice set is sampled, the agent uses a laborious
planning process to compute the current value Qci of each option in the choice set, and chooses probabilistically among
them with a softmax function over current value:

Simulation setup To show this, for each of the three models, we simulated 10,000 agents using that model to make
decisions in five different environments. Each agent made
a single decision in each environment, which consisted of
choosing among N = 1000 options based on their past and/or
present value. The past and current value of each option
were simulated anew for each agent-environment pair. The no
planning model sampled according to the options past values;
the optimal planning model deterministically chose the option
with the highest current value; and the choice set model used
the past values to construct a choice set of size K = 10, from
which it chose an option with probability proportional to the
current values. Again, we assumed that actual agents would
acquire these values through prior learning episodes (for the
past values) or online planning (for the current values), but
we did not explicitly model the learning/planning processes.
The five environments differed solely in the simulated correlation between past and current values. The values were

c

Prob(choosing option i f rom choice set) =

eβ2 Qi
∑ j=1:N e

β2 Qcj

We do not explicitly model the planning process. Instead,
we treat it as a black box that the agent can use to compute
the current values of options at high computational cost.
1 Non-uniform sampling without replacement is tricky, because
maintaining stable sampling probabilities as the pool shrinks seems
to require a costly renormalization after every sample. Fortunately,
there is a simple, highly parallelizable algorithm that can sample
without replacement in one pass over the options, without having to
constantly renormalize. The agent simulates an exponentially distributed random number (with rate parameter 1) for each option, divides it by the options probability, and chooses the K options with
the lowest resulting numbers. This algorithm achieves the desired
weighted sample. See (Efraimidis & Spirakis, 2006) for proof and
elaboration.
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Figure 4: Design of the experiment.

Design In Stage 1 of the experiment, participants were exposed to a set of fourteen common English nouns (e.g. “basket”, “community”, “machine”). Each word was associated
with some amount of bonus points. For instance, “basket”
might have been worth 10 points, and “community” might
have been worth 0. Half of the words were randomly chosen
to have a low point value (either 0, 1, or 2 points), and half
to have a high point value (either 8, 9, or 10 points). (Points
were translated into bonus money at the end of the experiment.)
In order to learn these word-value associations, in Stage 1
participants played a game where they repeatedly chose between a word and a fixed number of points (Fig. 4). For
instance, on one trial, a person might have had to choose between basket and 5 points. If they chose the word, they earned
however many points its worth. If they chose the fixed number of points, they received that many points. Thus, participants were incentivized to learn the word-value associations
and use that knowledge to win more bonus points throughout
the game.
Participants completed 8 trials per word, for a total of 112
trials. Importantly, no matter what they chose, we showed the
words point value on each trial. This procedure guaranteed
that people were exposed to each word an identical number
of times. To further ensure that people learned the word-value
associations, we asked participants to retype the word and its
value after each trial.
Then, in Stage 2, participants faced a series of decisions
such as: “Give us a word from Stage 1 with the most number
of vertical lines in its letters. You’ll win 10 points for each
vertical line in the letter of your word.” In these questions,
the potential options were the words from Stage 1, and each
options current value (e.g. the number of vertical lines in the
word) was difficult to evaluate. There were 8 decisions in total. For each decision, participants were given an example
and a comprehension check. All decisions had a time limit,
which was calibrated a priori to the difficulty of each decision (e.g. the vertical lines decision had a time limit of thirty
seconds.)
Each options current value in the Stage 2 decisions (e.g. the
number vertical lines in the word) were uncorrelated with its

Figure 3: Simulated earnings of the three models across five
environments.

drawn from lognormal distributions with correlation either 0,
.25, .5, .75, or 1. (The lognormal distribution embodied the
assumption that most of the options available to us are bad,
while only a few are good.)

Simulation results The simulation results are shown in
Figure 3. As expected, the optimal planning model achieves
the highest accuracy across all environments (but at an extreme computational cost). Moreover, when the correlation
between past and current values is low—i.e. when the past
value of options is not indicative of their current value—then
both the no planning and choice set models perform poorly.
Crucially, however, for a broad range of intermediate correlations between past and current value, choice set models
are adaptive. When past values are highly but not perfectly
predictive (e.g. r = .75), the choice set model performs almost twice as well as the no planning model, with accuracy
approaching the optimal planning model, at a low computational cost. This result suggests that, as long as decision
environments do not change too quickly, constructing valueguided choice sets is an efficient way to make effective decisions.

Behavioral Experiment
Next, we tested whether people construct value-guided choice
sets when faced with difficult decisions. To test this, we employed an experiment with two stages. The idea was to expose people to a large set of different-value options in Stage
1, and then ask them to make decisions using those options
in Stage 2. The resulting decision patterns could be tested for
signatures of value-based choice set construction.
All parts of this experiment were pre-registered; the preregistration can be found at https://aspredicted.org/
blind.php?x=33tr23. (Note that, in the pre-registration
document, the experiment stages are labeled differently.)
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past value in Stage 1. Participants were explicitly instructed
of this fact. Nonetheless, we hypothesized that, to make these
decisions, people would construct a small set of words to
evaluate, and that words with high Stage 1 point values would
be more likely to enter this choice set.
So far we have omitted two important details about the design. First, at the end of Stage 1, participants made a series of
possibility judgments about the words from Stage 1. Second,
at the end of Stage 2, participants took a free recall test, recalling as many of the Stage 1 words as they could. We will
return to both of these key details below.
Figure 5: Average rank of each participant’s word choices in
Stage 2, according to the current values of the words. People chose words with high current values significantly above
chance, suggesting that their choices were influenced by current value.

Choice results 300 participants took the experiment. We
excluded participants for whom any of the following was true:
They didn’t complete the study, they successfully rewrote less
than 75% of the words or values during Stage 1 training,
they showed a Pearson correlation between Stage 1 value and
Stage 1 choices of less than .75, they failed to give a Stage
1 word for more than 2 of the 8 Stage 2 trials, they repeated
an answer in Stage 2 more than twice (people were not allowed to repeat words on consecutive trials), they passed less
than 50% of the Stage 2 comprehension checks, they recalled
less than 5 words in the free recall question, or they wrote
things down physically during the experiment (as measured
by a probe at the end). We also excluded any Stage 2 trials
in which the participant did not give a response that matched
a Stage 1 word. After exclusion, 205 participants remained.
All participants give informed consent, and the study was approved by Harvards Committee on the Use of Human Subjects.
We tested for the presence of value-guided choice sets
in two ways. First, if people are constructing value-guided
choice sets, then their word choices in Stage 2 should show
an influence of both past value (i.e. the point values in Stage
1) and current value (i.e. the values of the words in the current
decision).
To test for an influence of current value, for each Stage
2 decision, we ranked all the words according to their current values (from 1, the worst word, to 14, the best word).
Then, we computed the average rank of each participants
Stage 2 choices (Fig. 5). Peoples choices were ranked significantly above chance, demonstrating that they were influenced by the current values of the words (one-sample t-test,
t(204) = 51, p < .001).
To test for an influence of past value, we employed a similar procedure. We computed the percentage of each participants word choices which had high point values in Stage 1
(Figure 6). People chose words with high Stage 1 values significantly more than chance, suggesting that they were also
influenced by the past values of the word (one-sample t-test,
t(204) = 2.5, p = .01).
Of course, the fact that people are influenced by both the
past and current values of the words does not prove that they
are constructing value-guided choice sets. There are other
ways that the past and current word values could combine to

Figure 6: Percentage of each participant’s Stage 2 word
choices which were high-value in Stage 1. People chose
words with high past values significantly above chance, suggesting that their choices were influenced by past value as
well.
influence choice. People could be alternating between the two
approaches, computing the current values in some trials and
relying on past values in others; or, people could be basing
their choices on a linear mixture of past and current values.
To rule out these alternatives, we fit our choice set model
and non-choice-set alternatives to peoples choices, and performed formal model comparison. For each type of model
(choice set, no choice set), we fit several variants, shown
in Table 1. We computed the maximum a posteriori estimates for all parameters, using a Gamma prior for the inverse
temperatures and a uniform prior for the mixture weights
and choice set size. The possible choice set sizes were restricted to 2, 3, 4. We then performed Bayesian model selection, approximating the model evidences with the Laplace
method and treating model as a random effect across subjects
(Stephan, Penny, Daunizeau, Moran, & Friston, 2009).2
2 To demonstrate that this model comparison was a valid technique, we first simulated choices in this task from all the models.
As predicted, the models involving value-guided choice sets were
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Figure 7: Distribution of weights of the influence of Stage 1
value on choice set sampling, across subjects.

Figure 8: Mean percentage of words judged to be impossible to select in Stage 1 as a function of whether the words
had been randomly assigned a low value (left), a high value
(middle) or were absent entirely (right). Red bars indicate responses made after a time delay; blue bars indicate responses
made under time pressure. Errors bars depict +/ − 1SEM.

The overwhelmingly preferred model, with a protected exceedance probability of over .999, was the choice set model
which used both Stage 1 (past) and Stage 2 (current) value to
construct choice sets. This result suggests two things. First,
as hypothesized, people were using past value—the point values from Stage 1—to guide their choice set construction.
Second, before going through the laborious computation
of current values (e.g. counting the number of vertical lines),
people likely had access to some cue that correlated with the
current value of the word (e.g. the words length). By using
this cue as an additional influence on choice set construction,
peoples choice sets also appeared to be influenced by Stage 2
value.3
According to the preferred model, when sampling a choice
set, people employed a weighted mixture of Stage 1 and Stage
2 values:

their choice sets, but because they simply couldn’t remember them; they never encoded the low-value words in the first
place.
To rule this out, at the end of Stage 2, we asked participants to recall as many of the Stage 1 words as they could.
(Participants were able, on average, to remember most of the
words; the average number recalled was 10.7). Then, when
fitting the computational models to each person’s choices, we
restricted the models to only consider words which that person could recall. Thus, when the preferred model estimated
the influence of Stage 1 value on choice set construction, it
was only calculating that influence among words which the
participant was able, in principle, to recall. This rules out that
our effect is due solely to memory encoding.
Including the free recall test allowed us to run an additional, exploratory test of our hypothesis. The free recall test
itself can be thought of as a decision, where some options (i.e.
words) will come more easily to mind than others. The words
that come more easily to mind will, on average, be recalled
earlier in the free recall test.
Consistent with our hypothesis, words that were high-value
in Stage 1 were consistently recalled earlier. We estimated
a linear mixed effects model, regressing, for each participant, the order in which each word was recalled on the Stage
1 value of the word (with maximal random intercepts and
slopes for subject and word). Words that were high-value
in Stage 1 were recalled earlier (β = 0.7,t(28.6) = 3.6, p =
.001).

Prob(option i in choice set) =
Stage−1

eβ1 (w∗Qi

Stage−1

∑ j=1:N eβ1 (w∗Qi

Stage−2

+(1−w)∗Qi

)

Stage−2

+(1−w)∗Qi

)

where w captures the influence of Stage 1 value. As a final
test, we extracted each participants best-fit w and examined
the distribution (Figure 7). About half of participants showed
little influence of Stage 1 value (w < 0.1), but the other half
showed a range of influence. The mean w was 0.17, indicating that, on average, Stage 1 value contributed 17% of the
weighting on which words entered people’s choice sets.
Ruling out a memory encoding effect One worry about
our design is that people might be failing to choose lowvalue words not because they’re excluding the words from
only preferred when the simulated choices were produced by valueguided choice sets.
3 The existence of these cues does not stop a person from planning once the choice set is constructed. The cues would be very
rough estimates of current value, and further evaluation of the options in the choice set would still be beneficial.

Possibility judgments As described above, participants
were asked to make judgments of whether it each word was a
“possible” option in Stage 1. Prior work on high-level modal
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cognition demonstrates that under time pressure (but not time
delay), participants show a tendency to regard ‘low-value’ options (e.g., immoral or irrational actions) as strictly ‘impossible’ (Phillips & Cushman, 2017; Phillips & Knobe, 2018).
In order to extend this finding to the present context, some
participants made possibility judgments under time pressure
and others under time delay; we hypothesized that the former group would show a stronger effect of option value on
possibility judgment.
We therefore analyzed participants’ possibility judgments
using a mixed 2×2 ANOVA with word type (Low Stage 1
value vs. High Stage 1 value) as a within-subjects factor and
time condition (Time delay vs. Time pressure) as a betweensubjects factor. This analysis revealed a main effect of time
condition, F(200) = 30, p < .001, a main effect of word
type F(200) = 21, p < .001, and critically, an interaction
effect F(200) = 10, p = .002 (see Fig. 8). More specifically, when participants had to answer quickly, they exhibited
a tendency to judge that low-value words were actually ‘impossible’ to select in Stage 1. This tendency was absent when
participants underwent a time-delay before responding, and
occurred much more strongly for low-value words than for
high value words.

March). A Survey of Monte Carlo Tree Search Methods. IEEE Transactions on Computational Intelligence
and AI in Games, 4(1), 1–43. doi: 10.1109/TCIAIG.2012
.2186810
Cushman, F., & Morris, A. (2015, November). Habitual control of goal selection in humans. PNAS, 112(45), 13817–
13822. doi: 10.1073/pnas.1506367112
Dolan, R., & Dayan, P. (2013, October). Goals and Habits in
the Brain. Neuron, 80(2), 312–325. doi: 10.1016/j.neuron
.2013.09.007
Doll, B. B., Simon, D. A., & Daw, N. D. (2012, December).
The ubiquity of model-based reinforcement learning. Curr
Opin Neurobiol, 22(6), 1075–1081.
Efraimidis, P. S., & Spirakis, P. G. (2006, March). Weighted
random sampling with a reservoir. Information Processing Letters, 97(5), 181–185. Retrieved 2017-0103, from http://www.sciencedirect.com/science/
article/pii/S002001900500298X doi: 10.1016/j.ipl
.2005.11.003
Huys, Q. J. M., Eshel, N., O’Nions, E., Sheridan, L., Dayan,
P., & Roiser, J. P. (2012, March). Bonsai Trees in Your
Head: How the Pavlovian System Sculpts Goal-Directed
Choices by Pruning Decision Trees. PLOS Comput Biol,
8(3), e1002410. doi: 10.1371/journal.pcbi.1002410
Newell, A., Shaw, J. C., & Simon, H. A. (1958). Elements of
a theory of human problem solving. Psychological Review,
65(3), 151–166. doi: 10.1037/h0048495
Phillips, J., & Cushman, F. (2017). Morality constrains
the default representation of what is possible. Proceedings of the National Academy of Sciences, 114(18), 46494654. Retrieved from http://www.pnas.org/content/
114/18/4649.abstract doi: 10.1073/pnas.1619717114
Phillips, J., & Knobe, J. (2018). The psychological representation of modality. Mind & Language. doi: 10.1111/
mila.12165
Stephan, K. E., Penny, W. D., Daunizeau, J., Moran, R. J.,
& Friston, K. J. (2009, July). Bayesian model selection for group studies. NeuroImage, 46(4), 1004–
1017. Retrieved from http://www.sciencedirect.com/
science/article/pii/S1053811909002638 doi: 10
.1016/j.neuroimage.2009.03.025
Sutton, R. S., & Barto, A. G. (1998). Introduction to Reinforcement Learning (1st ed.). Cambridge, MA, USA: MIT
Press.
Tversky, A., & Kahneman, D. (1973, September). Availability: A heuristic for judging frequency and probability. Cognitive Psychology, 5(2), 207–232. doi: 10.1016/
0010-0285(73)90033-9

Conclusion
Our work builds on the idea that people narrow down the set
of options to consider (Newell et al., 1958; Browne et al.,
2012; Huys et al., 2012), and that certain options are more
“available” and thus more likely to be evaluated (Tversky &
Kahneman, 1973). We proposed a specific feature—high past
value—that makes options more available, and demonstrated
that decisions with large option sets can be made effectively
with this decision strategy. We then used a novel behavioral
paradigm to show that a large percentage of people appear to
spontaneously employ this architecture. Finally we directly
connected this implicit representation of a set of available
options in an experimental context to prior work on modal
cognition for real-world problems and demonstrated that the
prior value of an option plays a similar role in both. These
finding represent a key step toward understanding how people
make quick, effective decisions in environments of real-world
complexity.
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Abstract

development of theories that suggest that control allocation
follows from a cost-benefit analysis (Shenhav, Botvinick, &
Cohen, 2013; Kurzban, Duckworth, Kable, & Myers, 2013).
Researchers have grown increasing interest in measuring
the cost of control across individuals in order to predict behavior outside of the lab. Proxies of control costs, such as
demand avoidance, have been reported to correlate with IQ
(Gold et al., 2015), need for cognition (Westbrook & Braver,
2015), as well as measures of self control (Kool, McGuire,
Wang, & Botvinick, 2013) and negative symptom severity in
schizophrenia (Barch, Treadway, & Schoen, 2014). However,
indices for the cost of control that are estimated from subjects’ behavior could instead reflect measures of other, confounded motivational variables (e.g. the subject’s sensitivity
to reward). The question arises: Does higher demand avoidance or reduced task performance for a given subject reflect a
higher cost of control, a lower motivation or a reduced capability to perform the task?
In this work we utilize the expected value of control (EVC)
model (Shenhav et al., 2013; Musslick, Shenhav, Botvinick,
& Cohen, 2015) as an economically informed theory of control allocation, to derive a method for estimating control costs
based on subject’s task performance. Validating this method,
we show that an individual’s control cost function can be
estimated from task performance under correct assumptions
about other motivational variables. However, we also use
the model to expose how incorrect assumptions about these
variables can lead to misestimations of control costs, limiting their predictive validity with respect to out-of-lab performance. The code for all computational simulations can be
accessed at github.com/musslick/CogSci-2018a.

Cognitive control is critical for accomplishing daily tasks and
yet we experience it as effortful or costly. Researchers have
been increasingly interested in estimating how costly cognitive
control is for a given individual, to better understand underlying mechanisms and predict motivational impairments outside
the lab. Here we leverage a computational model of control
allocation to (a) demonstrate a procedure for estimating individual’s control costs from task performance and (b) highlight
the conditions under which estimated costs will be confounded
with other motivational variables. We show that costs of cognitive control can be reliably estimated under perfect assumptions about other motivational variables. However, our simulation results indicate that poorly calibrated estimates of those
other variables can lead to potentially drastic misestimations of
subjects’ control costs, compromising the validity of empirical
observations. We conclude by discussing the implications of
these analyses for assessing individual differences in the costs
of cognitive control.

Keywords: mental effort; individual differences; cognitive
control; expected value of control

Introduction
Everyday we are confronted with tasks that require us to flexibly bias the processing of stimuli in accordance with relevant
task goals, engaging mechanisms that are referred to as cognitive control. Despite its benefits, people seem to avoid exerting cognitive control, suggesting that it is associated with
a cost (Botvinick & Braver, 2015; Shenhav et al., 2017).
The general observation that participants can increase the
amount of cognitive control allocated to a task if worth the incentive, but generally hold back from doing so, has lead to the
assumption that cognitive control is associated with an intrinsic subjective cost (Botvinick & Braver, 2015). For instance,
participants respond faster and more accurately on a cognitive control task (e.g. name the ink of a color word instead of
reading the word) when offered a greater reward for their performance (Krebs, Boehler, & Woldorff, 2010). Similarly, task
switching performance (Umemoto & Holroyd, 2015) and selective attention (Padmala & Pessoa, 2011) seem to improve
if higher incentives are offered. The costs of control are also
reflected in participant’s preferences for tasks. Individuals
choose to avoid task switching sequences with a higher demand for task switches (Kool, McGuire, Rosen, & Botvinick,
2010) and are willing to forgo rewards to avoid tasks that
impose a higher working memory load (Westbrook, Kester,
& Braver, 2013). These and other findings have led to the

Control Cost Estimation Based on
Expected Value of Control Theory
The EVC theory by Shenhav et al. (2013) proposes that the
optimal amount of control is determined by maximizing the
expected value of control, that is, the expected utility of implementing a control signal with a given intensity u minus an
intrinsic cost that scales with the intensity of the signal
n

EVC(u, S) = ∑ (P(Oi |u, S)V (Oi )) −Cost(u)

(1)

i=1

where P(Oi |u, S) is the probability of achieving outcome
Oi (e.g. correct response) with i ∈ (1, ..., n) where n is the
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number of possible outcomes, V (Oi ) is the perceived value of
reaching that outcome (e.g. the monetary value of responding
correctly) and Cost(u) is the cost of implementing the control
signal with intensity u. It is hypothesized that the control system chooses to implement the control signal with the maximal
expected value of control:
u∗ = argmaxEVC(u, S)

incorporating these factors can be problematic. In the next
section we will define a ground truth for these variables before going onto exploring how sensitive control cost estimates
are to measurement error in these variables.
Task Environment

(2)

Outcome Probability
Function

» Control-demanding task (e.g. Stroop)
with
- ﬁxed task diﬃculty
- varying reward for correct response

u

Provided that participants’ behavior is a result of the reward maximization process formulated in Equations 1 and 2,
it is possible to solve for the derivative of Cost(u)

n 
dCost(u)
dP(Oi |u, S)V (Oi )
dEVC
−
=∑
(3)
0=
du
du
du
i=1

n 
Cost(u)
dP(Oi |u, S)
=∑
V (Oi ) .
(4)
du
du
i=1
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Estimated
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In experimental settings where there is only one correct (and rewarded) response to a given stimulus, i.e.
V (Ocorrect ) > 0 and V (Oi ) = 0 with i ∈ (2, ..., n), Equation
4 reduces to
dCost(u) dP(Ocorrect |u, S)
=
V (Ocorrect ).
du
du

Agent Model

$

$
Control Signal u

$$$

$

Control Signal u

1» Map measured task accuracy to
assumed outcome probability function

2» Compute derivative of
measured task accuracies

$$$
$$

Control Signal u

3» Compute derivative of
cost function and integrate

Figure 1: Control cost estimation procedure. The goal is
to infer the agent’s true subjective cost that scales with the
amount of control u allocated to a task (shown in red). Estimating these costs involves measuring the agent’s performance on a given task across different reward conditions and
computing the derivative of the agent’s cost of control for
each reward condition.

(5)

With this setup it is possible to compute the first order
derivative of the cost of control function dCost(u)/du from
the value of the reward provided for responding correctly
V (Ocorrect ), as well as the derivative of participants’ accuracy
P(Ocorrect |u, S). The functional form of the cost function can
be approximated by integrating dCost(u)/du.
Estimating the functional form of Cost(u) requires sampling multiple values of dP(Ocorrect |u, S)/du. This can be
achieved experimentally by manipulating the amount of reward an agent receives for responding correctly on the same
task. Each reward condition k is associated with an optimal control signal u∗k and a corresponding task accuracy
P(Ocorrect |u∗k , S), leading to different samples of Cost(uk ).
Note that this procedure can be applied to any experimental
setting with a fixed trial difficulty and varying reward structure where, in its simplest form, there is only one correct, rewarded response associated with each trial (e.g., in the Stroop
task only the response indicating the ink color of the word is
considered correct and rewarded). These criteria can be met
by most paradigms that are used to assess controlled behavior.
The control cost estimation procedure based on the EVC
model exposes what information an experimenter would
need to estimate control costs. This includes the subject’s
task accuracy as a function of her control signal intensity
P(Ocorrect |u, S), as well as her subjective value as a function
of reward V (Ocorrect ). The former is a function of task automaticity, i.e. the ability to perform the task via automatic
processes, without allocation of control. The latter depends
on the subject’s sensitivity to monetary incentives (reward
sensitivity), as well as on the perceived value of performing
well on the task without external incentives (accuracy bias).
Attempting to make inferences about control costs without

Parameterization of Agents and
Task Environment
An EVC agent is assumed to allocate control by taking into
account an intrinsic cost that scales with control signal intensity. While Shenhav et al. (2013) do not commit to any particular functional form, they suggest that the cost of control
increases monotonically with the amount of control allocated
to a task. In the simulations below we chose an exponential
cost function as the ground truth for a given agent j as
Cost(u) = ec j u − 1

(6)

where the cost parameter c j scales the increase in cost
of control with one unit of control signal intensity u. Note
that the parameterization of Cost(u) may vary across different types of control signals and can, in principle, differ
across cognitive control paradigms. We will also validate
the estimation of other functional forms, such as quadratic
Cost(u) = c j u2 and linear function Cost(u) = c j u.
The probability of responding correctly is a function of the
amount of control u that a subject allocates to a given task.
We assume that this probability increases monotonically with
the amount of control intensity allocated, following the sigmoid function
1
P(Ocorrect |u, S) =
(7)
1 + e−15u−a j,S
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where a j,S determines the degree of task automaticity: The
higher a j,S , the easier the task, that is, the less cognitive control is needed to reach the correct outcome. Note that a j,S
depends on the task environment S, as well as the task proficiency of subject j.
Finally, an agent’s subjective value can be described as a
function of the reward (e.g. monetary compensation) provided for a correct response. Here we assume that the value
of the correct outcome simply corresponds to
V (Ocorrect ) = v j R(Ocorrect ) + b j
(8)
where R(Ocorrect ) is a monetary reward that is provided in
the event of a correct response, v j is the reward sensitivity of
the agent and b j is the baseline value that the agent assigns to
correct responses (accuracy bias).

control cost estimates. We then linearly regressed agents’ true
control costs parameter c j against the estimated parameter ĉ j .
A perfect control cost estimation, i.e. an identical mapping
between true and estimated control costs, should yield a reliable regression coefficient with value 1.
Figure 2a shows estimation results for different functional
forms of control costs. Estimated control costs appear to
match true control costs for exponential cost functions, b =
0.99971, t(99) = 3140.1655, p < 10−246 , quadratic cost functions, b = 0.95311, t(99) = 53.8651, p < 10−73 , as well
as linear cost functions, b = 0.99518, t(99) = 787.3261,
p < 10−187 . Note that the maximum EVC for non-zero rewards is mostly located at high control signal intensities, limiting the domain for sampled control costs (Figure 2b).

Estimating Control Costs
Under Correct Assumptions

Estimating the Cost of Cognitive Control
Under Incorrect Assumptions

We validated the estimation procedure above for three different functional forms of control costs (exponential, quadratic
and linear). For each functional form, we parameterized 100
agents with different control cost parameters c j , ranging from
1 to 4 in 100 equally spaced steps. We fixed parameter values
for task automaticity (a j = −7.5), reward sensitivity (v j = 1)
and accuracy bias (b j = 0) across all agents.
We applied the estimation procedure above to sample multiple estimates of Cost(u), where each sample was obtained
under a different reward condition. That is, we manipulated the amount of reward provided for answering correctly
R(Ocorrect ) from $0 to $1 in steps of $0.01 and assessed control cost estimates for each reward condition based on an
agent’s task performance. Critically, control cost estimates
were obtained assuming perfect knowledge of an agent’s task
automaticity,
reward sensitivity, as well as accuracy bias.
6

Having provided a proof of concept for the estimation procedure, we will now demonstrate how incorrect assumptions
about other motivational variables can lead to potentially
drastic misestimations of subjects’ control costs. We will first
perform a sensitivity analysis that exposes how individual differences in control costs between two simulated agents can
be misestimated as a function of systematic individual differences in other variables. We then extend this analysis to investigate how unsystematic variability among other variables
can impair the recovery of control costs in a population of
agents. Finally, we will show how individual differences in
those variables can give rise to spurious correlations between
agents’ estimated control costs across experiments.

(b)

Cost of Control

5

3

The estimation of individual differences based on task performance relies on assumptions about all variables that contribute to task performance. Here we assess how well we
can estimate the true difference in the cost of control for two
agents. We are specifically interested in determining boundary cases for which estimates falsely suggest that the true relationship between the control costs for two agents flips.
In this simulation we consider two agents with an exponential cost function, one with a relatively low cost of control (c1 = 2) and one with a relatively high cost of control
(c2 = 3). In our estimation of control costs we assume that
agents share the same task automaticity (a01 = a02 = −7.5), reward sensitivity (v01 = v02 = 1) as well as the same accuracy
bias (b01 = b02 = 0) but we will vary the true values for each
parameter away from the assumed value.
Using the estimation procedure described above we attempted to recover the differences in control costs between
the two agents as a function of how much the true parameter values for one of the motivational variables deviates from
the assumed parameter value. We quantified the relationship
between estimated control costs as the difference between estimated control cost parameters for both agents ĉ2 − ĉ1 . If the
distance equals 1 then the relationship is perfectly recovered

Expected Value of Control
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Figure 2: Estimating the cost of cognitive control under correct assumptions. (a) The cost of control as a function of control signal intensity for different functional forms with c j = 2
(solid lines). Circles represent estimates of control costs for a
given control signal intensity that were obtained from performance measures taken in different reward conditions. (b) The
EVC for an agent with exponential cost function is plotted for
varying control signal intensities and reward conditions. The
agent chooses to allocate control with an intensity that yields
the highest EVC (red line).
We quantified how well the true control cost functions were
estimated by first fitting an assumed cost function to sampled
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Figure 3: Sensitivity analysis results. Plots indicate the estimated difference in agents control costs for different true
values in agents’ (a) task automaticity (b) reward sensitivity
and (c) accuracy bias. The color indicates the value of the estimated difference in control costs parameters ĉ2 − ĉ1 . If the
distance is 1 then the difference is perfectly recovered. Values
below 0 (e.g., yellow and red) indicate reversals of the ordinal
relationship of agents’ control costs. Values between 0 and 1
(green to dark blue), and greater than 1 (light blue) retain the
ordinal relationship but quantitatively under- or overestimate
the true difference. Dashed black lines show the assumed parameter value of each agent that is held constant across all
simulations. The black diagonal line indicates a fixed ratio
between the true parameters of the agents that matches the
ratio of assumed parameters.

Correlation Between True and
Estimated Control Costs
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Figure 3 shows the results of the sensitivity analysis for
variations in all agent parameters. As expected, the deviation
between the true and assumed values for other motivational
parameters can significantly alter the estimated difference in
control costs (up to a point at which the ordinal relationship
between agents is flipped, see yellow and red areas in Figure
3). However, estimated costs can accurately recover the ordinal relationship of agents’ true control costs (c1 < c2 ) even if
false assumptions are made about other parameters. That is,
the cost estimation procedure still recovers a smaller control
cost for agent 1 compared to agent 2 (ĉ1 < ĉ2 ) if we underestimate the task automaticity of agent 1 relative to agent 2.
Finally, our analysis yields different sensitivity patterns for
different agent parameters. For instance, cost estimates appear to be relatively sensitive to changes in the ratio between
the agents’ task automaticity. However, as the true accuracy
bias or reward sensitivity of agent 1 increases, control cost
estimates remain robust to deviations in corresponding parameter values for agent 2. Note that these observations are
limited to the tested range of true parameter values and the
specific set of assumed parameter values.
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self-control measures) across individuals (Kool et al., 2013;
Westbrook et al., 2013; Gold et al., 2015). Often, these approaches do not factor in other motivational variables (e.g.
task automaticity, reward sensitivity or accuracy bias), thus
making the implicit assumption that participants don’t differ
with respect to these variables. Here we extend our previous
analysis to investigate how unsystematic variability among
agents in terms other motivational variables can impose constraints on the ability to recover control costs. Critically, any
such constraint would limit an experimenter’s ability to reveal potential relationships between the true control cost of a
subject and other, related criteria (e.g. self-control measures).
We performed separate investigations for each motivational
variable. Every investigation entailed separate experiments,
each involving 100 simulated agents. The control cost parameter c j was varied across agents from 1 to 4 in steps of
0.02 within an experiment. The parameter for the motivational variable of interest was drawn from a normal distribution with means µa = 7.5 (task automaticity), µv = 1 (reward
sensitivity) and µb = 0 (accuracy bias). The standard deviation for the relevant variable was varied across experiments
while the other two motivational variables were fixed to the
mean. The standard deviation was varied for all motivational
variables σ2a , σ2b , σ2v from 0 to 10 in steps of 1. Each standard
deviation condition involved 10 experiments.
Correlation Between True and
Estimated Control Costs

since c2 − c1 = 1. If the distance is above 1, or between 0 and
1 then we consider the relationship to be qualitatively in line
with the true relationship but quantitatively overestimated or
underestimated respectively. A distance below 0 implies a
false inference about ordinal differences in costs, i.e. the cost
parameter of agent 1 is incorrectly estimated to be larger than
the cost parameter of agent 2.
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Figure 4: Recovery of control costs as a function of variability
in other motivational variables. The correlation between true
and estimated control costs within an agent pool is shown as a
function of variation in either (a) task automaticity, (b) reward
sensitivity or (c) accuracy bias across agents. Solid lines plot
the mean correlation. Each cross corresponds to a simulation
experiment with 100 agents.
We obtained control cost estimates for each experiment by
varying the reward of the correct outcome R(Ocorrect ) from
$0 to $1 in steps of $0.01 and applying the estimation procedure described above under the (false) assumption that parameters for motivational variables are the same across agents
(a0j = −7.5, v0j = 1, b0j = 0). We then assessed our ability to
recover control cost estimates, quantified as the correlation
between true and estimated control cost parameters across
agents. To investigate how this correlation depends on the
variability for any given motivational variable in the agent
pool, we linearly regressed the correlation between true and
estimated costs against the standard deviation of that variable.
We find that the correlation between true and estimated
control costs decreases with an increased population standard deviation of task automaticity, b = −0.064, t(99) =

Limitations on Control Cost Estimation as a
Function of Variability in Other Variables
Several studies have attempted to assess the relationship between proxies for control cost and other, related criteria (e.g.
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−25.9268, p < 10−44 , reward sensitivity, b = −0.0243,
t(99) = −7.12, p < 10−9 , and accuracy bias, b = −0.0053,
t(99) = −35.1012, p < 10−56 . That is, the presence of (unaccounted) variation in any of those variables among subjects
can limit the experimenter’s ability to estimate true individual
differences in control costs. Interestingly, the spread of correlations across experiments increases with the variance of
task automaticity and reward sensitivity, suggesting that the
reliability of cost estimates should decrease as cross-subject
variance in those variables increases.

increased across paradigms. However, no systematic spurious
correlations occurred for cross-experiment correlations in accuracy bias, b = −0.0195, t(99) = −0.6204, p = 0.5366.

General Discussion and Conclusion
The cost of cognitive control and its estimation from behavior
has become an attracting field of study for many researchers.
While some studies were able to identify relationships between behavioral proxies of control costs and other criteria,
they were often derived without theory and under neglect of
other, confounding variables. In this work we derived a cost
estimation method from a computational model of control allocation (Shenhav et al., 2013; Musslick et al., 2015). We
demonstrated that it can recover the functional form and parameterization of the cost of control from task performance.
Yet, our results reveal how quantitative and qualitative misestimations can arise if the experimenter does not take into
account individual differences related to other variables (e.g.
task automaticity, reward sensitivity and, to a lesser extent,
accuracy bias) that confound the measures from which control costs are estimated. The sensitivity analyses described
here provide a way of assessing the strength of these distortions. However, the analysis revealed that it is possible to correctly estimate ordinal relationships of individual costs, especially if one makes correct assumptions about the ordinal relationship of other motivational parameters between subjects.
Moreover, true ordinal relationship between the control costs
of two subjects (e.g. subject A having a higher cost than subject B) is more likely to be identified if these two subjects
share a similar relationship with respect to other variables
(e.g. subject A has a lower reward sensitivity, lower accuracy
bias and lower task automaticity than subject B). This suggests that the experimenter may not need perfect knowledge
about the exact value for such parameters (e.g. task automaticity) for every subject if, instead, the experimenter knows
about the ordinal relationship of those parameters between
subjects. Finally, we demonstrated that any between-subject
variability in other motivational variables can (a) generally
limit the ability to recover true costs and (b) lead to spurious
correlations of proxies for control costs across experiments.
Accounting for these individual differences is therefore critical to obtain valid cost estimates from individuals – a practice
that has been largely neglected in previous work.
These results have significant implications for attempts to
estimate individual differences in the cost of control from behavioral measures. That is, the experimenter must ask: If
a person shows more effort avoidance or lower task performance , is it because they are less practiced, less motivated or
because they have a higher cost of control? To answer these
questions we recommend that researchers take additional assessments of these variables into account when estimating individual differences. This may involve simple metrics such
as surveys about socioeconomic status or neural correlates of
sensitivty to rewards that are not tied to performance. Experimental manipulations may be able to reduce variance in
confounding measures, such as extensive training on a task to

Spurious Correlations of Control Cost Estimates
Between Different Experiments
Apart from studying differences in subjects’ control costs
within an experiment, a researcher may be interested in relating such estimations across experiments, for instance, by correlating different proxies for control costs, e.g. measures of
demand avoidance in the demand selection task (DST, Kool
et al., 2010) with measures of cognitive effort discounting
(COGED Westbrook et al., 2013). However, the cognitive
control mechanisms involved in the two tasks may not be the
same. Thus, it is possible that the costs of control across
the two paradigms are not related. Here we will explore
whether correlations between estimated control costs across
paradigms can arise despite the absence of a true correlation.
Similar to the previous section we investigate the effect of
each motivational variable (task automaticity, reward sensitivity, accuracy bias) separately. Each scenario involves 100
agents that are tested in two different paradigms, each of
which may require different types of control signals. To expose spurious correlations we will assume that an agent’s true
cost parameter in paradigm 1 is unrelated to its true cost parameter in paradigm 2. Thus, any estimated non-zero correlation of agents’ control costs between paradigms would be
spurious. However, we randomly sampled the parameter for
the motivational variable of interest such that there was a correlation between the true parameter value in paradigm 1 and
the corresponding parameter value in paradigm 2 (ra , rv , rb ).
E.g., a high correlation of task automaticity across paradigms
would imply that an agent with higher task automaticity in
paradigm 1 would also have a higher task automaticity in
paradigm 2. We varied this correlation from 0 to 1 in steps
of 0.1 across experiments. Other motivational variables were
held constant (a j = −7.5, v j = 1, b j = 0).
To estimate the control cost parameters we varied
R(Ocorrect ) across experiment conditions and applied the estimation procedure described above. We assessed the correlation rĉ between the estimated control cost parameters of both
paradigms for each experiment. This correlation was taken as
the dependent variable and regressed against the manipulated
correlation of the motivational variable ra , rv or rb .
Our results yield spurious correlations between control
costs estimated across different paradigms. These spurious
correlations increased as the relationship between agents’
task automaticity, b = 0.4670, t(99) = 15.9403, p < 10−29
and reward sensitivity, b = 0.2881,t(99) = 9.4694, p < 10−14
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achieve a similar level of task automaticity across subjects.
Several other factors should be taken into account when
considering results from the presented estimation procedure.
The estimation procedure was performed on a noise-free,
continuous measure of performance (task accuracy) under
perfect measurement conditions. We also did not incorporate
other biases into our analysis that may confound estimates
of control costs from task performance, such as intrinsic rewards associated with control allocation (Inzlicht, Shenhav,
& Olivola, 2018). Our results may therefore depict a rather
liberal view of the limitations associated with estimating control costs under false assumptions. Future extensions of this
work will consider alternative expected value formulations,
such as reward rate, as well control cost estimates from other
behavioral measures like task choice.
A promising step towards a reliable estimation of control
costs is an improved understanding about why these costs exist in the first place. Recent work suggests that these costs
reflect forgone opportunities for controlled processing that
result from the inability to carry out multiple controlled processes at the same time (Kurzban et al., 2013). The latter
can be attributed to a fundamental tradeoff in neural systems
between the learning benefit that is gained from shared representations and the bottlenecks shared representations incur
for multitasking (Feng, Schwemmer, Gershman, & Cohen,
2014; Musslick et al., 2016, 2017). From this view, control costs may serve to reduce interference, by limiting the
number of controlled processes engaged at the same time.
This suggests an unexplored possibility for estimating control
costs based on the degree of shared representation between
tasks – a measurement that is independent of performance.
In conclusion, we argue that model-based estimation procedures can significantly improve our understanding about
the validity of estimates of the cost of control, by revealing
the conditions for reliable estimation. We hope that the insights gained from our analysis will help to yield more reliable and valid individual difference studies on the cost of
cognitive control.
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Abstract

ones that share representations and therefore are subject to interference (Cohen, Dunbar, & McClelland, 1990; Botvinick,
Braver, Barch, Carter, & Cohen, 2001) – rather than a limitation of the control system itself. However, constraints on the
intensity of control allocated to a single task remain less well
understood. These constraints seem puzzling from a normative perspective: Why would a system refrain from allocating
maximal control to a task to which it is already committed, assuming that performance scales with the intensity of control
allocated? One hypothesis is that the allocation of control is
associated with a cost, that subjects factor into their decisions
about control allocation (Botvinick & Braver, 2015; Shenhav et al., 2013, 2017). For instance, participants respond
faster and more accurately on a cognitive control task (e.g.
name the ink of a color word instead of reading the word)
when offered a greater reward for their performance (Krebs,
Boehler, & Woldorff, 2010; Padmala & Pessoa, 2011), suggesting that they can increase the intensity of control allocated to a task if it is worth the incentive, but otherwise hold
back from doing so. Recent computational modeling work
has demonstrated that including such a cost can help integrate
a wide range of empirical findings concerning the allocation
of control (Musslick, Shenhav, Botvinick, & Cohen, 2015;
Manohar et al., 2015; Lieder, Shenhav, Musslick, & Griffiths,
2018). However, the reason for this cost remains a mystery.
If it is assumed that there is an overall ”budget” of control
available, then it is possible that allocating control to one task
is associated with an opportunity cost with respect to others
(Kurzban, Duckworth, Kable, & Myers, 2013). However, this
does not explain why there is a budget in the first place. Put
another way, once a commitment has been made to perform a
given task (i.e., allocate cognitive control to it), and that precludes the performance of others, then the opportunity cost
has already been paid, so why not allocate control maximally
to the selected task? Here, we explore a potential answer to
this question.

One of the most compelling characteristics of controlled processing is our limitation to exercise it. Theories of control allocation account for such limitations by assuming a cost of control that constrains how much cognitive control is allocated to
a task. However, this leaves open the question of why such
a cost would exist in the first place. Here, we use neural network simulations to test the hypothesis that constraints on cognitive control may reflect an optimal solution to the stabilityflexibility dilemma: allocating more control to a task results in
greater activation of its neural representation but also in greater
persistence of this activity upon switching to a new task, yielding switch costs. We demonstrate that constraints on control
impair performance of any given task but reduce performance
costs associated with task switches. Critically, we show that
optimal control constraints are higher in environments with a
higher probability of task switches.

Keywords: cost of cognitive control; capacity constraint;
neural networks; task switching

Introduction
Everyday we are confronted with tasks that require us to
bias processing towards task-relevant information and actions, while avoiding processing interference from distracting
tasks (e.g. writing a paper while ignoring incoming email notifications). This ability to ’focus’ on a task is referred to as
cognitive control and is engaged across various domains of
cognition (Cohen, 2017)
Despite its tremendous utility in daily life, cognitive control is subject to fundamental processing limitations that
manifest themselves in two qualitatively different ways: we
appear to be constrained in both the number of controldemanding tasks that we can execute at the same time (Posner
& Snyder, 1975; Shiffrin & Schneider, 1977), as well as in the
intensity of control we are willing to allocate to any given task
(Padmala & Pessoa, 2011; Botvinick & Braver, 2015; Shenhav, Botvinick, & Cohen, 2013; Shenhav et al., 2017). Constraints on the number of control-dependent tasks that can be
executed have been attributed to the sharing of local resources
(process-specific representations) required to execute the different tasks (Navon & Gopher, 1979; Meyer & Kieras, 1997;
Allport, 1980; Salvucci & Taatgen, 2008; Feng, Schwemmer,
Gershman, & Cohen, 2014; Musslick et al., 2016). From this
perspective, constraints on multitaksing can be viewed as a
purpose of control – to limit processing to a single task among

Specifically, we explore the hypothesis that constraints on
control intensity (i.e., encoded as cost) reflect, at least in
part, an optimal solution to the stability-flexibility dilemma.
This dilemma arises from a tension between allocating control maximally to a task currently being performed (to minimize distraction and optimize performance), and the ability
to quickly and flexibly reconfigure the system to perform a
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different task when the environment changes. This is evident empirically in the form of costs to performance when
switching from one task to another, which are magnified
with increases in the allocation of control to the initial task
(Goschke, 2000). The dilemma is consistent with the taskset inertia hypothesis, according to which the task-set of a
previously performed task persists and interferes with initial
performance of a subsequent task following a switch (Allport,
Styles, & Hsieh, 1994).
We use a recurrent neural network model of task performance and control to explore how different choices of a
global control parameter (gain modulation) that determines
its maximal intensity, influence the stability and flexibility
of performance in a task switching environment. Critically,
we determine the optimal value of this parameter as a function of the demand for flexibility in the task environment,
and show how these results can explain differences in human task switch costs as a function of task switch probability.
Finally, we conclude with a discussion about how computational dilemmas such as the stability-flexibility tradeoff may
help provide a normative account of previously unexplained –
and what may otherwise appear to be irrational – constraints
on cognitive control. The code for all simulations used in this
work is available at github.com/musslick/CogSci-2018b.

regard to the number of control-dependent tasks the network
can support. These weights also determine the activity of the
units in each attractor state, that is also regulated by a gain
parameter that we use to implement the intensity constraint,
as discussed further below. The external input acts as a gating signal to the corresponding control unit (Braver & Cohen,
1999) and is set to 1 if the task represented by the control unit
needs to be performed and set to 0 otherwise. The net input
of each unit is averaged over time
net Ti = τ · (netiT ) + (1 − τ)neti T −1

where neti T −1 corresponds to the time averaged net input
at the previous trial and τ ∈ R : 0 ≤ τ ≤ 1 is the rate constant.
A higher τ leads to a faster change in activation for both units.
Finally, the activity of each unit is a sigmoid function of its
time averaged net input
actiT =

1
T
1 + e−g·net i

(3)

where g is a gain parameter that regulates the slope of
the activation function. The sigmoid activation function constrains the activity of both units to lie between 0 and 1. The
gain of the activation function effectively regulates the distance between the two control states, with lower gain leading
to a lower activation of the currently relevant control unit. In
this model, we use g to implement a constraint on the intensity of control, and explore its effect on the network’s balance
between stability and flexibility.

Recurrent Neural Network Model
To explore the effect of constraints on the intensity of control, we simulate control configurations as activity states of
processing units in a neural network (control module) that unfold over the course of trials. Within each trial, the processing units of the network engage an evidence accumulation
process that integrates information about the stimulus, and is
used to generate a response (decision module). In this section
we describe the processing dynamics for both the control and
decision modules, as well as the environments in which the
model is tasked to perform.
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We simulate the intensities of two different control signals as
activities of two processing units indexed by i, i ∈ {1, 2} in a
recurrent neural network. The activity of each processing unit
unit i at a given trial T represents the intensity of the control
signal for one of two tasks and is determined by its net input
netiT = wi,i actiT −1 + wi, j act Tj −1 + Ii

(2)

Figure 1: Recurrent neural network model used in simulations. Each of the two processing units in the control module
(blue) receive an external input signal I1 , I2 that indicates the
currently relevant task. The dynamics of the network unfold
over the course of trials and are determined by recurrent connectivity w1,1 , w2,2 for each unit, as well as mutual inhibition
w1,2 , w2,1 between units. The activity of each control unit biases the processing of a corresponding stimulus dimension on
a given trial. On each trial, the decision module accumulates
evidence for both stimulus dimensions towards one of two
responses until a threshold is reached.

(1)

that is a linear combination of the unit’s own activity at the
previous trial actiT −1 multiplied by the self-recurrent weight
wi,i , the activity of the other unit j ∈ 1, 2, j 6= i at the previous trial act Tj −1 multiplied by an inhibitory weight wi, j , as
well as an external input Ii provided to the unit (see Figure 1).
The self-recurrent and mutually-inhibitory weights induce attractors within the control module, such that it can maintain
its activity over time in one state or the other, but not both.
The latter implements a capacity constraint on control with

Decision Module
On each trial the decision module integrates information
along two stimulus dimensions S1 and S2 of a single stimulus to determine a response. Each dimension (e.g., color or
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one associated with the stimulus value along the dimension
indicated by the task cue.

shape) can take one of two values (e.g., red or green; round
or square), each of which is associated with one of two responses (e.g. pressing left or right button). Each of the two
tasks requires mapping the current value of one of the two
stimulus dimensions to its corresponding response, while ignoring the other dimension. Since both tasks involve the same
pair of responses, stimuli can be congruent (stimulus values
in both dimensions associated with the same response) or incongruent (associated with different responses). We simulate the response integration process using a drift diffusion
model (DDM, Ratcliff, 1978), in which the drift is determined
by the combined stimulus information from each dimension,
weighted by input received from the control module (as described below), and evidence is accumulated over time until
one of two response thresholds is reached. The drift rate is
decomposed into an automatic and controlled component
dri f t = (S1 + S2 ) + act1T S1 + act2T S2
{z
}
| {z } |
automatic

Effects of Network Gain
on Stability and Flexibility
The intensity of the control signals is functionally constrained
by the gain parameter of the activation function in Equation 3:
lowering gain lowers the activity of a control unit for a given
positive net input, and thus constrains the maximum signal
intensity of the task-relevant control unit. Here, we examine how manipulations of gain influence the model’s performance, and in particular measures of stability and flexibility
in the task switching design described above.
To do so we varied g from 0.1 to 3 in steps of 0.1. The control module of each model was parameterized with balanced
recurrent and inhibitory weights, wi,i = 1, wi, j = −1 and a rate
constant of τ = 0.9. The decision module (DDM) was parameterized1 with a threshold of z = 0.0475, a non-decision
time of T0 = 0.2 and a noise of c = 0.04. We simulated performance of each model on 10 different randomly permuted
task switching sequences of the type described above. Each
sequence was generated with a 50% task switch rate (i.e. one
half of the mini-blocks required to switch to another task with
respect to the previous mini-block whereas the other half of
the mini-blocks required to repeat the previous task). Task
transitions were counterbalanced with each task and response
congruency conditions.
For each simulation, we assessed the mean difference in
reaction times (RTs) and error rates between incongruent
and congruent trials as a measure of cognitive stability. Incongruent trials typically lead to slower reaction times and
higher error rates than congruent trials due to response conflict, referred to as the incongruency effect. The stabilityflexibility dilemma suggests that increased control intensity
(implemented here by higher values of g) should augment
sensitivity to the task-relevant stimulus dimensions and diminish it to the task irrelevant dimension, thereby reducing
the incongruency effect (Goschke, 2000). We also measured
mean task performance as an index of task stability. Finally,
we assessed the flexibility in terms of performance costs associated with a task switch relative to a task repetition from
one mini-block to another. Specifically, we computed the performance difference between the first trial of switch vs. repetition mini-blocks. We predicted that increasing g would increase task switch costs, as this would increase the distance
between the attractors in the control module and thus make
it harder to switch between them. We evaluated the effect of
gain on each of these measures by regressing each against the
gain of the network across all task sequences and networks.
The results in Figure 2a indicate that all tested models

(4)

controlled

where the automatic component reflects automatic processing of each stimulus dimension that is unaffected by control.
The absolute magnitude of S1 , S2 depends on the strength of
the association of each stimulus with a given response and
its sign depends on the response (e.g. S1 < 0 if the associated
response is to press the left button, S1 > 0 if the associated response is to press the right button). Thus, for congruent trials
S1 and S2 have the same sign, and the opposite sign for incongruent (conflict) trials. For the simulations described below,
the strength of the associations was equal along the two stimulus dimensions. The controlled component of the drift rate
is the sum of the two stimulus values, each weighted by the
activation of the corresponding control unit. Thus, each unit
in the control module biases processing towards one of the
stimulus dimensions, similar to other computational models
of cognitive control (e.g. Cohen et al., 1990; Mante, Sussillo, Shenoy, & Newsome, 2013; Musslick et al., 2015). As
a result, progressively greater activation of a control unit improves performance – speeds responses and improves accuracy – for the corresponding task. Mean reaction times (RTs)
and error rates for a given parameterization of drift rate at
trial T are derived from an analytical solution to the DDM
(Bogacz, Brown, Moehlis, Holmes, & Cohen, 2006).

Task Environment and Processing Dynamics
We used the model to simulate performance while switching
between 100 mini-blocks of the two tasks (Meiran, 1996).
Each mini-block consisted of six trials of the same task. A
task cue presented before and throughout each mini-block instructed the model to adjust control signals to the currently
relevant task i, by setting Ii to 1 for the task-relevant control
unit and I j6=i to 0 for the other. On each trial, a stimulus was
presented comprised of a value along each dimension S1 and
S2 , the decision module integrated the input, and generated
a response that was deemed correct if it corresponded to the

1 The parameter values were chosen to yield reasonable model
performance, i.e. an average task accuracy higher than chance.
While each parameter has a quantitative effect on the results described below, the qualitative (direction) of the effects remains
robust across a wide range of parameter values (for details, see
github.com/musslick/CogSci-2018b).
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Figure 2: Effects of network gain. (a) Overall mean performance, mean incongruency effects and mean switch costs for
both reaction time and error rate are shown as a function of
network gain. Error bars indicate the standard error of the
mean across different task sequences for each network. (b)
Activation trajectory for models with different gain is shown
as a series of connected black dots from the control attractor for task 1 (red) to the control attractor for task 2 (blue).
Contour lines and arrows indicate the energy and shape of the
attractor landscape after a task switch from task 1 to task 2.
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showed an incongruency effect. Moreover all models exhibited switch costs with respect to both RTs and error rates.
More interestingly, higher values of gain lead to increases in
cognitive stability as reflected in a lower incongruency effect
for both RTs, b = −0.3508, t(289) = −49.93, p < 10−143
and error rates, b = −0.1194, t(289) = −24.60, p < 10−72 .
Models with higher gain also exhibit overall faster reaction
times, b = −0.1742, t(289) = −47.68, p < 10−138 , and lower
error rates, b = −0.0597, t(289) = −24.60, p < 10−72 , for
a given task. Conversely, increases in gain lead to higher
costs of switching between tasks for both RTs, b = 0.1866,
t(289) = 67.19, p < 10−177 , and error rates, b = 0.1014,
t(289) = 251.21, p < 10−140 . To investigate these effects
in more detail, we plotted the change in activity after a task
switch for two models with different gains (g1 = 1, g2 = 3).
Figure 2b illustrates that the control states for both tasks
are closer together for the model with lower gain, reflecting
overall lower control signal intensities for both control units.
However, this also shortened the trajectory of activity from
one control state to the other, thus requiring less time steps to
traverse. The opposite effects were observed for higher gain.
Together these effects illustrate that lower values of g functionally constrain the amount of control, reducing stability
and overall performance, but affording greater flexibility.
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varying the probability of task switches across experiment sequences from 10% to 90% in steps of 20%, while counterbalancing tasks, task transitions and congruency conditions
within each sequence. We used the same values for all model
parameters as in the previous section. The network was tested
on 10 different task sequences at a given level of switch frequency. For each sequence, we optimized the gain parameter
of the network so to maximize its accuracy across all trials
in the sequence. We assessed the mean activity of the control units associated with optimal gain at each level of task
switch frequency, as a measure of constraints on control intensity. We measured average performance, incongruency
effects and switch costs associated with the optimal values
of gain at each task switch frequency, to test whether this
could account for effects observed in human performance:
Sequences with a higher frequency of task switching typically produce impaired overall performance but smaller task
switch costs (Mayr, 2006; Monsell & Mizon, 2006). All measurements were linearly regressed against the probability of a
task switch in the sequence.
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Figure 3: Gain optimization for experiments with different
task switch probabilities. (a) The optimal gain is plotted as
a function of task switch probability in the experiment sequence. (b) The average intensity of the control unit dedicated to the currently relevant task (orange), as well as the
intensity of the control unit associated with the irrelevant task
(blue) are shown as a function of task switch probability in a
given experiment sequence.
Simulation results are shown in Figure 3. The optimal gain
of the network decreases with the frequency of task switches,
b = −0.4520, t(49) = −29.59, p < 10−31 . That is, the model
achieves an overall higher accuracy on sequences with high
switch rate if it imposes a higher constraint on the amount
of control it can allocate to a single task in exchange for
the benefit of improved performance of task switches. The
decrease in gain is reflected in the model’s control allocation policy: The higher the probability of a task switch, the
lower the average control unit activity allocated to the relevant task, b = −0.0376, t(49) = −32.94, p < 10−33 , and the
more control unit activity is allocated to the irrelevant task,
b = −0.0890, t(49) = −29.58, p = 10−31 . That is, it is better
to bring the control attractors closer together when the tasks
switch frequently. Note that this occurs at the cost of reduced
stability: Models optimized for higher switch rates exhibit
higher incongruency effects (RT, b = 0.0974, t(49) = 31.87,
p < 10−34 ; and error rate, b = 0.0084, t(49) = 30.92, p <
10−33 ). Moreover, overall RTs, b = 0.1409, t(49) = 128.87,
p < 10−61 , and error rates, b = 0.0322, t(49) = 138.81,

Optimal Network Gain as a Function of
Flexibility Demand
The findings above suggest that there may be an optimal value
of gain for a given task environment, depending on the degree of flexibility it requires. We examined this directly, by
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p < 10−64 , increase with the frequency of switching. However, task switch costs decrease as a function of switch probability for RT, b = −0.0865, t(49) = −31.22, p < 10−33 and
error rates, b = −0.0595, t(49) = −36.96, p < 10−36 , as a
consequence of lower gain. The latter results are qualitative
replications of empirical observations made by Mayr (2006),
as well as Monsell and Mizon (2006).

2015) and acetylcholinergic (Liljenström, 2003) neuromodulation, as well as GABA channel conductance (Ueltzhöffer,
Armbruster-Genç, & Fiebach, 2015), all of which are assumed to regulate the excitability of processing units in recurrent neural networks. An important step for future work is
to test the generality of the stability-flexibility tradeoff across
different model architectures, as well as different mechanisms
within a given architecture. The latter may involve inhibitory
bias units that selectively suppress a corresponding control
unit, rather than a global modulation parameter. Such selective constraints may help to explain limitations of cognitive
control that are task specific. Finally, future work will have
to test whether the constraints on control allocation are also
optimal with respect to alternative objective functions, such
as reward rate maximization (Simen et al., 2009).
The presence of a stability-flexibility tradeoff often relies on the implicit assumption that tasks cannot be executed
in parallel. Interestingly, computational work suggests that
such parallel processing limitations can result from of another computational dilemma that neural networks face: the
tradeoff between learning efficiency that is promoted by the
use of shared task representations, and interference-free parallel processing that requires the separation of task representations (Musslick et al., 2016, 2017). From this perspective,
parallel processing limitations reflect a preference for learning efficiency that is associated with shared representations.
The stability-flexibility tradeoff arises from the enforcement
of such parallel processing limitations – that is, the serial execution of tasks – and thereby the value of switching quickly
between them. The study of such computational dilemmas
in neural systems holds promise to uncover normative explanations for the seemingly irrational constraints on cognitive
control, as well as human cognition in general.

General Discussion and Conclusion
Cognitive control allows us to flexibly reconfigure processing in accord with current task goals. However, controlled
processing is subject to fundamental limitations (Posner &
Snyder, 1975; Shiffrin & Schneider, 1977). Understanding
these limitations is critical for understanding human processing and its failure. One limitation is the intensity of control
people are able (or willing) to allocate to a given task, recently described in terms of the cost of control (Shenhav et
al., 2013, 2017). Here, we described neural network simulations that suggest that this constraint may reflect a normative solution to a fundamental tradeoff between the intensity
of control given to a single task (cognitive stability) and the
ability to switch quickly between tasks (cognitive flexibility).
We demonstrated that a meta-control parameter, the gain of
the network’s activation function, can regulate this tradeoff
in a task switching paradigm. Specifically, while lower gain
(higher constraints on control) degraded performance on each
task (lower stability), it reduced performance costs associated
with task switches (higher flexibility). We showed that the
optimal level of gain (constraint on control) varied as a function of the demand for flexibility in the task environment, and
that this pattern qualitatively matches observations of human
performance made under similar conditions.
These findings provide the first normative account for
constraints on cognitive control from the perspective of the
stability-flexibility dilemma. They suggest why people may
take account of costs when deciding how much control to
allocate to a given task (Botvinick & Braver, 2015; Shenhav et al., 2013, 2017). The simulation results described in
this paper my also provide an explanation for behavioral effects of manipulations in task switch probability observed by
Mayr (2006); Monsell and Mizon (2006), namely that higher
switch rates lead to an overall decrease in performance but
also lower switch costs. The present work suggests that this
may reflect adaptation to higher frequency of task switches
by decreasing the amount of control allocated to a task. The
model also predicts that higher task switch frequency should
produce an increase in incongruency effects, a prediction that
can be tested in future empirical work.
The conclusions of this work are limited to the model assumptions and parameter ranges considered. Also, we limited
our analyses to the gain of the network’s activation function
and its effect on the stability-flexibility tradeoff. However,
previous computational work has identified alternative mechanisms that mediate the balance between stability and flexibility, including dopaminergic (Braver & Cohen, 1999; Cools,
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(Chemero, 2009; Damasio, 2005). Correlatively, studies in
d-cog typically focus on human systems, but other species
such as nonhuman primates (Mosley & Haslam, 2016) and
wolves (Neemeh & Favela, 2017) are also capable of d-cog.
We propose a series of necessary and jointly-sufficient
criteria to identify d-cog without privileging any single
aspect of cognition or species. We argue that d-cog is
species-neutral and can even occur interspecifically in
certain circumstances. We examine human-dog systems as
cases of interspecies d-cog and contrast them with cases of
human interactions with wolves (Canis lupus) and dingoes
(Canis dingo). We suggest a strong evolutionary component
underlies the capacity to form interspecies d-cog systems. In
the next section, we begin by outlining various conceptions
of d-cog.

Abstract
Studies in distributed cognition (d-cog) almost exclusively
focus on human-centered technological systems, such as
ships, aircraft, automobiles, scientific and medical
institutions, human-computer interfaces, and transactive
memory systems. First, we review the literature and claim that
d-cog is species-neutral. We then propose three
experimentally operationalizable, necessary, and jointlysufficient criteria for identifying d-cog: task orientation,
interaction dominance, and agency. Here we build on
previous research on nonhuman intraspecies d-cog by
presenting human-dog systems as cases of interspecies d-cog.
Domestic dogs’ (Canis familiaris) unique working
relationships with humans allow for interspecies coordination
and synchronization. Contrasting them with wolves (Canis
lupus) and dingoes (Canis dingo), we suggest evolutionary
history plays an important role in determining whether
different species can form interspecies d-cog systems.

Distributed Cognition

Keywords: animal cognition; distributed cognition; dogs;
human-animal interaction; working animal

D-cog refers to cognitive systems composed of agents and
tools wherein elements of cognition, such as knowledge, are
distributed across these agents and tools (Hutchins, 1995a,
1995b). Analyses occur at the system-level rather than
individual. Furthermore, these agents and teams of agents
“work together in pursuit of a common goal, which
comprises multiple interacting subgoals” (Plant & Stanton,
2017, p. 2). D-cog systems are typically characterized by
multiple agents and tools, at least some cognition being
distributed across said agents and tools, a systems-level
analysis, and collective or system-wide subgoals.
D-cog has been applied to a wide variety of navigational
situations involving highly technical apparatuses, including
ships (Hutchins, 1995a), aircraft (Hutchins, 1995b; Plant &
Stanton, 2017), and automobiles (Banks & Stanton, 2017).
An early application of “d-cog” was Hutchins’ (1995a)
“cognitive ethnography” of a navy ship. In his analysis, the
sailors, captain, and other functionaries form a unified
cognitive system along with the ship’s navigational tools.
Successful navigation involves distributed representations
of position, spatial displacement, distance, rate, and time
(Hutchins, 1995a, p. 58). Notably, d-cog is realized within a
twofold structure: institutional organization and social
structure. Organization is the formal set of input-output
functions of the various agentic functionaries of the ship,
defined by their bureaucratic and hierarchical rulefollowing, and those of the ship’s multiple navigational

Introduction
A common view of social cognition takes groups to exist
only insofar as its members believe it to exist (Schmid,
2014). The individual is the basic unit of the group and the
group is reduced to the actions and mental states of its
constituent members. Distributed cognition (d-cog), by
contrast, offers a nonreductive account of group constitution
and cognition. Just as cognition is distributed across the
brain, d-cog posits that cognition can also be distributed
across several agents and tools composing a multiagent
system. Navigating a large ship, for example, does not
involve localizable representations of geography, sea
conditions, ship position, or spatial displacement within the
ship’s crew or instrumentation. Rather, many of these
representations are distributed across multiple instruments
and sailors (Hutchins, 1995a). Other systems analyzed as dcog include airplanes (Hutchins, 1995b; Plant & Stanton,
2017), automobiles (Banks & Stanton, 2017), scientific and
medical institutions (Cheon, 2014; Giere, 2006; Krieger et
al., 2017), human-technology interfaces (Dror & Harnad,
2008), and transactive memory systems in couples (Harris et
al., 2014).
Studies in d-cog typically privilege cognition taking place
through the medium of language and discourse. However,
cognition also includes perception, action, and affect
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instruments. These formal, representational functions are
implemented within a broader context of a social structure
that overflows codified rules and functions. This more
amorphous structure includes elements of informal
communication and interpersonal relationships beyond the
formal relations across military hierarchies.
D-cog has also been widely applied to contexts of
scientific and medical institutions and collaborations
(Cheon, 2014; Giere, 2006; Knorr-Cetina, 1999; Krieger et
al., 2017). By integrating cognition with social structure, dcog allows for a description of scientific reason and praxis
without reducing science to an untenable “objectivity” or to
a purely social or political endeavor (Cheon, 2014). KnorrCetina (1999) analyzes CERN and molecular biology
laboratories as d-cog systems (cf. Giere, 2006). CERN, qua
d-cog system, is composed of theorists, experimenters,
experiments, and experimental apparatuses, such as the
Large Hadron Collider. This system is task-oriented, e.g.,
searching for the Higgs boson. These principle tasks,
towards which the system is directed, are practically
executed through a multitude of subgoals. Theorists and
experimenters have markedly different goals, such as
interpreting experimental results or designing an
experiment. Individually, each theorist and experimenter
also have their own shifting subgoals, such as performing a
specific calculation. Despite the existence of vertical control
mechanisms, such as regular meetings and committees, the
system does not achieve task-orientation through vertical,
top-down control. The d-cog across scientists and their
discourse, experiments, and experimental apparatuses
instead achieve task orientation largely horizontally: “No
individual knows it all, but within the experiment’s
conversation with itself, knowledge is produced” (KnorrCetina, 1999, p. 178). In this way, d-cog is similarly applied
to human-computer interactions (Dror & Harnad, 2008) and
transactive memory systems (Harris et al., 2014).
In the literature, different elements of cognition are
invoked: perception, action (navigation), and knowing
(science, medicine, human-computer interaction, transactive
memory systems). Nearly all studies focus on language and
discourse as the medium of communication and
representation. Correlatively, they also focus on human or
human-centered systems. However, language is a relatively
recent evolutionary development scaffolded upon
evolutionarily older elements (Lakoff & Johnson,
1980/2003; Varga, 2016). Human cognition is not solely
realized through linguistic means, and non-human-animal
cognition is almost exclusively realized through
nonlinguistic means. While non-human animals are capable
of communication, they rarely utilize syntactic language.
Some recent studies have recognized a role for d-cog in
animal systems, such as nonhuman primates (Mosley &
Haslam, 2016) and wolves (Neemeh & Favela, 2017). In the
following, we propose criteria for d-cog that is speciesneutral and does not privilege language.

There is currently no consensus on a precise definition of
“d-cog” (Cheon, 2014). We propose three necessary and
jointly-sufficient criteria for d-cog. One of the problems
plaguing definitions of d-cog is they are unamenable to
experimental operationalization. Acknowledging this
difficulty, we have geared these criteria towards
experimental operationalizability (cf. Kirsh, 2006). D-cog is
characterized by:
i.
Task orientation
ii.
Interaction dominance
iii.
Agency
First, d-cog is task-oriented. It is important to distinguish
the overall task or tasks of the system from goals and
subgoals held by individual members of that system. The
task of the system can be defined without reference to
intentional states, beliefs, or other “inner” mental states that
may be difficult to determine in nonhuman animals and that
do not exist in the equipment and environmental elements of
the system. The task is itself distributed across the system,
such that the system as a whole contributes toward
achieving a certain objective.
The task of the system is empirically verifiable in the
same way that the function of a cell is in biology: What does
it do or what does it produce? The distributed task of the
ship is to navigate from point A to B. That of CERN or the
Hubble Space Telescope is to produce empirical knowledge.
Goals doubtless play an important role in d-cog, and goals
may align with tasks. Goals, however, are “inner”
intentional states, whereas tasks are more straightforwardly
verifiable as functions of the system. Although in many of
the cases surveyed tasks are pursued intentionally (i.e., with
a goal), they can equally be performed unintentionally. For
example, in transactive memory systems, two individuals in
a romantic couple jointly remember events and details that
neither fully remembers as an individual (Harris et al.,
2014). However, this shared memory is not necessarily
intentional and the couple may not realize their memory is
an emergent phenomenon (Amon & Favela, 2017).
Second, d-cog is interaction dominant: it requires
continuous coordination between its agentic and nonagentic
equipment or environmental components. At CERN, for
example, scientists coordinate with one another through
both official (meetings, committees, status reports) and
unofficial (meals, everyday conversation) means over time.1
Agents coordinate with each other, as well as with
equipment and environmental components. Theorists and
experimenters both work on, for example, developing the
data produced by the Large Hadron Collider, which is fed
back into their work. This coordination is oriented towards a
task (e.g., generating knowledge about high energy
physics), and it mutually influences the actions of each
component (Favela & Chemero, 2016).

1

The distinction between official and unofficial social
communication is likewise pivotal in Hutchins’ (1995a) analysis.
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Systems are interaction dominant when the dynamics of
the interactions among the parts surpass the dynamics that
the parts exhibit separately (Favela & Martin, 2017; Holden,
Van Orden, & Turvey, 2009). There is a bidirectional flow
of constraints within such a system, such that global system
states constrain local components, and local states constrain
global (ibid.). In this way, interactions among components
(i.e., agents and tools) in a d-cog system give rise to ordered
behavior that is not exhibited at the individual level. While
the coordination of system components can be difficult to
measure, mathematical tools are available, e.g., fractal
analyses (Amon, 2016; Van Orden, Holden, & Turvey,
2005).
Third, d-cog requires two or more of its components to be
agentic. This criterion distinguishes d-cog from extended
cognition (Amon & Favela, 2017). Extended cognition
obtains when one component of the system is agentic and
others are nonagentic. Otto, for example, who suffers from
an attenuated memory, records directions in his notebook.
When he remembers how to get to MoMA in Manhattan, he
retrieves this memory from his notebook instead of from his
neurons. His memory system for locations and directions is
artefactual instead of biological (Clark & Chalmers, 1998).
Coordination in this extended cognitive system only
includes a single agent, whereas d-cog requires at least two.
Of these three criteria, agency is the most difficult to
operationalize, particularly in the case of non-humananimals. The focus on task orientation rather than goals
avoids the problem of ascribing mental states to animals. To
retain our focus on formulating criteria that can be
experimentally operationalized, agency in our use refers to
the attentional, cognitive, relational, and inhibitory control
capacities of an animal. These include abilities to
contextually control the focus of attention, solve novel
problems under conditions of uncertainty, socialize with
other agents, and inhibit behavior for the sake of future
goals2 (Amon & Favela, 2017; Nash, 2015).
It is not necessary that the animals in question really do
have the attentional, cognitive, and relational capacities in
question. Rather, the hypothetical presence of these
capacities must be able to explain their behavior more
parsimoniously than comparable mechanistic accounts. 3 Not
only must they make a good fit with the behavioral data, but
they also must be plausibly attributed. That is, the degrees
of freedom within the problem space must be plausibly high
enough. A human who follows the trail of a deer has several
degrees of freedom within the problem space to make a
choice to pursue. An ant is largely constrained to following
a pheromone trail and does not have comparable degrees of
freedom within which to choose a path within the given
problem space (Hölldobler & Wilson, 1990). Its behavior is
not consistent with goal-oriented behavior inhibition or a
contextual control of attention. This is how we propose to

distinguish agentic from agent-like animals (Amon &
Favela, 2017).
These three necessary and jointly-sufficient criteria are
each designed with operationalizability in mind. In
principle, any given system of agents and equipment or
environmental components should be empirically
determinable as distributed or not. These criteria are
species-neutral and correlatively do not privilege language
as the medium of cognition. If d-cog is species-neutral,
however, it ought to cover not only interspecies animal
cognition (Mosley & Haslam, 2016; Neemeh & Favela,
2017), but possibly even human-non-human interspecies
systems. Next, we argue that it follows from these criteria
that human-dog systems are instances of interspecies d-cog.

The Human-Dog System
Humans have a wide array of relationships with non-human
animals, e.g., pets, working animals, zoo animals, livestock,
and prey. Of the many species with which humans relate,
domestic dogs (Canis familiaris) are among the few nonhuman animals with the capacity to develop strong, mutual
emotional bonds4 and serve as working animals.5 This
capacity results from a process of domestication dating back
to early hunter-gatherer societies (Smith & Litchfield,
2010). The emotional bonds allow them to perform complex
working tasks with humans such as guiding the blind,
assisting the deaf, hunting, search and rescue, drug-sniffing,
and shepherding. These tasks require a high level of
coordination and social interaction, and are best understood
as dynamically coupled processes (Merritt, 2015, p. 823).
Dogs contextually respond to a variety of human cues,
including body language, gaze, gestures, and vocalizations
(D’Aniello et al., 2016; Fukuzawa, Mills, & Cooper, 2005;
Piotti & Kaminski, 2016; Virányi et al., 2004). They
likewise communicate intentions through cues such as gaze,
growling, and other vocalizations (Miklósi et al., 2000).
Dogs can display deictic behaviors, such as pointing to an
object of interest with their gaze.
Dogs display interspecific emotional and behavioral
synchrony with humans through contact, e.g., vision and
touch. For example, dogs are sensitive to their owners’
happiness or distress and reflect positive or distressed
behavior in response. Dogs even appear to be susceptible to
yawning upon seeing humans yawn, especially those with
whom they have a bond (Duranton & Gaunet, 2015). This
ability to interspecifically synchronize facilitates the
performance of joint tasks, the human-dog bond, and
learning. It is important to note that caution is needed to not
anthropomorphize dogs’ intentions or mental states.

4

Levels of oxytocin, which mediates emotional bonds, increases
in both humans and dogs in a relationship dyad (Nagasawa et al.,
2015).
5 For example, cats can form strong emotional bonds with
humans but are ill-suited to be working animals. Carrier pigeons,
on the contrary, can serve as working animals but likely do not
form strong emotional bonds with their keepers.

2 Behavior inhibition is classically the gold standard of
identifying agency; e.g., humans in which this is significantly
impaired may not face legal responsibility for their actions.
3 Dennett (1983) refers to this as taking the “intentional stance.”
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Dogs’ abilities to respond to human cues, communicate
intentions to humans, synchronize their emotions and
behaviors with those of affiliated humans, and follow
leaders make them well-suited to performing joint tasks
with humans. Furthermore, their acute sense of smell makes
them useful in searching for cadavers, missing persons,
avalanche victims, and narcotics. We argue that it follows
from the criteria given above that human-dog systems,
especially in situations where the dog is serving as a work
animal with an affiliated human, are cases of interspecies dcog.
First, human-dog systems are task-oriented. As we noted,
tasks are distributed across the system, whereas intentional
goals are individual mental states. We do not need to prove
that a dog has a specific mental state to demonstrate that the
system is task-oriented. Furthermore, task orientation does
not necessarily require individuals to have the same goals.
Drug-sniffing dogs are a prime example of this. They are
trained to associate the scent of certain narcotics with a toy.
During their regular training, they are given this toy to play
with as a reward for successfully locating drugs. Taking the
“intentional stance,” we can say that the drug dog’s
behavior is best understood by recourse to explanations of
play. During a search, the dog is looking for their toy to play
with. As one customs officer reports, “She [the dog] enjoys
the search and is excited while she’s searching, but it’s
because she wants her ball and a fuss. It’s a game”
(Wilkinson, 2008).
Through this training, the affiliated police officer
determines the task by arranging the dog’s goals to spatially
converge upon their own, even if they remain different in
content. Regardless if the handler’s attribution of intentions
to the dog is mistaken, the system is oriented towards the
task of searching for drugs. Though their individual goals
may diverge, the dog and human both function together as a
drug detection system. Although the goals in this case are
individual and not shared, the task is distributed across the
system itself.
Second, human-dog systems are interaction dominant:
their actions mutually constrain one another to give rise to a
pattern of behavior that is not observed by the human and
dog individually (Amon & Favela, 2017; cf. Keil, 2015). In
the drug-search task, the handler determines the task by
training the dog to respond to drug scents and restricts the
problem space, e.g., airport. The dog in turn influences the
handler, guiding them towards narcotics that may be far
away. The handler keeps the dog on track and within the
proper field of action. Upon locating the drugs, the dog
communicates this information to their handler by a “freezestare” (Wilkinson, 2008). The handler and dog both guide
one another. Although the handler may determine the task,
both the human’s and the dog’s behavior mutually influence
one another and are continuously coordinated, reshaped, and
rerouted. Because neither are wholly in control and their
behaviors mutually influence one another, the system is
interaction dominant.

Third, both the human and dog components of the system
are agentic, albeit to differing degrees. Dogs have sufficient
attentional, cognitive, relational, and inhibitory control
capacities to be considered agentic by our criteria. In our
example, drug dogs do not simply follow the handler’s lead.
They have sufficient attentional capacities to search for the
drugs without being simply directed by their handler. This is
even more evident with guide dogs for the blind, who take
the dominant role in leading their companions through space
(Naderi et al., 2001). They can solve novel problems under
uncertainty (e.g., neither the human nor the dog knows
where the drugs may be, and they must follow multiple
leads). Inhibitory control is another common marker of
agency, and people who lack this capacity at birth or due to
disease or senescence are often not held legally or morally
responsible for their actions. There is evidence that dogs
have at least a rudimentary form of inhibitory control and
are able to modulate their behavior according to context and
expected reward (Bray, MacLean, & Hare, 2014).

Other Canid Species: Wolves and Dingoes
Unlike dogs, wolves (Canis lupus) and dingoes (Canis
dingo) have never been fully domesticated. These species
provide a continuum of evolutionary adaptation to human
communities, with wolves being feral, dingoes being tamed
(i.e., adapted to humans but not domesticated), and dogs
being fully domesticated. Contrasting them with dogs
suggests interspecies d-cog may require an evolutionary
component such as taming or domestication as a
precondition (cf. Hare & Tomasello, 2005); i.e., not just any
species can form interspecific d-cog systems with other
species. While wolves remain wild, dingoes have existed
alongside human populations for thousands of years, and are
among the first developed human-canine relationships
(Smith & Litchfield, 2009, 2010). In traditional Australian
aboriginal communities, dingoes lived on the outskirts of
the community without ever fully being domesticated.
Wolves, on the other hand, have never been domesticated or
tamed, although small numbers have been acclimated to
human interaction for purposes of pet-rearing or scientific
experiments.
When hunting, wolves in a pack form intraspecific d-cog
systems. They display all the characteristics of d-cog: taskorientation, interaction dominance, and agency (see Neemeh
& Favela, 2017). However, unlike dogs, they do not respond
to human cues without an intense period of training (Gácsi
et al., 2013). Even when socialized with humans, they show
lower levels of interaction with humans than dogs,
communicate through cues less, and are more aggressive
(Bentosela et al., 2016; Smith et al., 2016). Humans
themselves are more reticent to work with wolves for
reasons of safety and law. Many behavioral studies of wolf
socialization with humans involve pups, and pet wolves are
often released or killed upon maturation (Smith &
Litchfield, 2009). Due to both wolf indifference and human
reticence, wolves are unable to engage with humans in joint

813

tasks exhibiting interaction dominance. As such, they are
largely incapable of forming d-cog systems with humans.
Dingoes maintain eye contact with humans more than
wolves do, but less so than dogs (Johnston et al., 2017).
Some dingoes have even been tamed and kept as pets.
Owners typically report their pet dingoes as exhibiting
greater reticence towards strangers than dogs (Smith et al.,
2016). Dingoes have a greater capacity to form bonds with
humans than wolves and exhibit a moderate comprehension
of human cues. They were once used by aboriginal
Australian women as hunting dogs (Balme & O’Connor,
2016), and at least one case has been reported of a dingo
working as a service animal for a hearing-impaired man
(Dickman & Lunney, 2001). They are less capable of
dynamic relationality with humans than domestic dogs.
Nonetheless, they may be able to form task-oriented,
interaction-dominant systems with humans in a manner
comparable to dogs under special circumstances.
The evidence from dogs’ canid relatives suggests that
effective interspecies d-cog requires an evolutionary
adaption of species to one another. While dogs’ emotional
and behavioral synchronization with humans is predicated
upon their capacity to synchronize with one another, wolves
have the latter ability and yet do not synchronize with
humans (Duranton & Gaunet, 2015). Dogs exhibit a greater
period of sensitivity to socialization with humans than
wolves, a trait best explained by selective breeding and
domestication (Bentosela et al., 2016). Dingoes, which have
been tamed for thousands of years but never fully
domesticated, represent an intermediate stage between dogs
and wolves with respect to their capacity for interspecies dcog. This is likely due to their moderate level of coevolution
with human populations (Smith & Litchfield, 2009). When
studying other species’ capacities for interspecies d-cog, it
is important to take evolutionary history into consideration,
especially with respect to the proposed partner species.

case as a proof-of-concept, and in the future hope to test this
in a laboratory setting.
Related canid species have differing capacities for
forming similar systems. In some cases, with proper rearing
and training, dingoes may be able to perform similar tasks.
Wolves, however, cannot due to both their developmental
and behavioral traits and humans’ reticence to work with
them. Correlatively, dogs have been wholly domesticated,
dingoes have been tamed, and wolves remain feral. This
suggests that evolutionary history plays an important role in
the ability for different species to form interspecific d-cog
systems together.
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statistical variance and standard deviation (e.g., Schwartz &
Martin, 2004; Wiedmann, Leach, Rummel, & Wiley, 2012).

Abstract
Students who explore a new concept prior to receiving direct
instruction often demonstrate better conceptual understanding
compared to traditional tell-then-practice methods. Often,
exploratory learning activities have students invent solutions
to a novel problem targeting the new concept. However,
exploring prior to instruction is working memory demanding,
inducing high cognitive load. The current experiments varied
the guidance provided during exploration and examined
subsequent learning. In Experiment 1, participants explored
the procedures and concept of statistical variance prior to
receiving instruction in one of three conditions: invention,
completion problem, or worked example. Exploring using a
worked example led to the highest learning outcomes and the
least cognitive load. In Experiment 2, students in an
undergraduate statistics class completed invention or worked
example problems either before or after instruction. Learning
was greater when problem solving preceded instruction.
However, exploring using a worked example did not improve
learning over the more cognitively-demanding invention
problem. These findings demonstrate the benefits of
exploratory learning in the classroom compared to more
traditional tell-then-practice approaches. However, more
research is needed to determine when and how guidance will
enhance exploration.

Cognitive Mechanisms Supporting LBI
LBI is thought to improve conceptual understanding
through several key mechanisms. First, LBI helps students
activate prior knowledge of relevant concepts (Kapur,
2012). This process enables students to prepare preexisting
schemas in long-term memory to integrate new information
from instruction (Sweller, Jeroen, & Paas, 1998).
Second, invention activities may improve metacognition,
by helping students become aware of gaps between their
current understanding and that required by the problem
(Loibl & Rummel, 2014a). Awareness of knowledge gaps
may increase interest and attention to subsequent
instruction, by providing a “need to know” (Glogger-Frey et
al., 2015; Loibl et al., 2016; Rotgans & Schmidt, 2014;
Schwartz & Martin, 2004). In contrast, tell-then-practice
methods lead students to perceive that they understand the
material better than they actually do and decrease attention
and effort (DeCaro & Rittle-Johnson, 2012; Renkl, 1999).
Third, LBI may enable students to recognize deep
structural features of the problem (Loibl, Roll, & Rummel,
2016; Schwartz & Martin, 2004). Students must explore the
problem space by testing hypotheses using a trial and error
process (DeCaro & Rittle-Johnson, 2012). Students begin to
determine which features are important for solving the
problem, and which are not (Glogger-Frey et al., 2015;
Loibl et al., 2016; Schwartz & Martin, 2004). This process
supports deeper understanding.

Keywords: exploratory learning; completion problems;
worked examples; cognitive load; education

Introduction
Typically, instructors directly teach mathematical problemsolving procedures and concepts, followed by problemsolving practice. An inverse approach, generally referred to
as exploratory learning (DeCaro & Rittle-Johnson, 2012;
Weaver, Chastain, DeCaro, & DeCaro, 2018), provides
students an opportunity to explore a new concept prior to
instruction. This approach has been shown to benefit
conceptual understanding relative to traditional instructthen-practice approaches (see Kapur, 2016; Loibl, Roll, &
Rummel, 2016; Schwartz, Lindgren, & Lewis, 2009).
One specific method of exploratory learning is
learning-by-inventing (LBI); students are asked to invent a
method for solving a novel problem targeting the concept to
be learned (Schwartz & Martin, 2004). Afterwards, students
receive direct instruction. Importantly, exploratory learning
methods such as LBI are not pure discovery learning, but
combine aspects of both constructivist-inspired and direct
instruction approaches. Previous studies have shown that
LBI enhances students’ understanding of concepts such as

Rich Datasets
Invention problems typically help to achieve these key
learning mechanisms by incorporating rich datasets (Loibl et
al., 2016). One such problem used by Weidmann et al.
(2012) asks students to invent a formula to calculate
consistency for three small datasets. Following, students
learn the statistical concepts and procedures of variance and
standard deviation. Such problems encourage students to
explore previously learned methods for analyzing data (e.g.,
calculating the mean, drawing bar/line graphs), activating
prior knowledge. Additionally, because the mean of each
dataset is equal, students cannot simply calculate the mean.
When students reach an impasse like this, they become
aware of gaps in their knowledge. Structural features are
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highlighted when students look further for similarities and
differences between cases (Schwartz & Martin, 2004).

worked examples and unguided problems, because they
reduce the problem space while enabling learners to
generate their own solutions (Sweller et al., 1998).
Completion problems have yet to be explored in a LBI
context. In addition to measuring learning, we assessed
perceptions of cognitive load, knowledge gaps, and interest.
We hypothesized that both completion problems and
worked examples would reduce cognitive load and increase
learning, compared to invention problems. We also explored
whether completion problems would lead to better learning
than worked examples. One possibility is that, by reducing
cognitive load and eliciting generation of partial problem
solutions, completion problems would lead to better
learning than worked examples. Another possibility is that
reducing cognitive load would be sufficient, and completion
problems and worked examples would lead to comparable
learning effects. We further hypothesized that perceived
knowledge gaps and interest would be equal or higher in the
invention condition (Glogger-Frey et al., 2015).

The Case Against Invention
Although exploring a problem prior to instruction helps
students develop basic experience with a new concept,
minimally guided learning activities such as LBI have been
criticized. Kirschner, Sweller, and Clark (2006) argue that
requiring students to explore a large problem space taxes
working memory resources critical for schema development.
In addition, students rarely develop optimal solution
approaches (Kapur, 2012). If students do not receive
feedback, they may continue to use their suboptimal
solutions on posttests following instruction (Kirschner et al.,
2006; Sweller et al., 1998). In support of this critique,
Glogger-Frey et al. (2015) and Likourezos & Kalyuga
(2016) have shown that cognitive load is higher following
LBI when compared with guided alternatives.

An Alternative Approach to Invention

Methods

In response to the above criticisms, researchers have
explored alternatives to LBI (e.g., Glogger-Frey et al., 2015;
Likourezos & Kalyuga, 2016; Loibl & Rummel, 2014b).
One such approach is to have students explore worked
examples prior to instruction. Worked examples are
problems for which completely worked-out solutions are
provided, usually supplemented with brief explanations (cf.
Glogger-Frey et al., 2015). However, worked examples in
this context are not entirely akin to direct instruction.
Studying worked examples prior to instruction allows
learners to explore the conceptual bases of appropriate
solution approaches vicariously by studying someone else’s
steps. Worked examples decrease working memory demand
(i.e., cognitive load) by eliminating the problem space
(Sweller et al., 1998). Previous research comparing worked
examples with invention problems have reported mixed
results, with some finding increased learning following
worked examples (e.g., Glogger-Frey et al. 2015), and
others showing comparable learning outcomes (e.g.,
Likourezos & Kalyuga, 2016).

Participants
Undergraduate students (N=123; age M=19.02, SD=2.04;
63.6% female) participated for credit in an introductory
psychology course. Participants were randomly assigned to
one of three conditions: Invention (n=40), completion
problem (n=42), or worked example (n=41). Four additional
participants were excluded from analyses for failure to
complete the posttest.

Materials
Pretest Two items measured prior knowledge of statistics.
A central tendency problem asked participants to find the
mean, median, and mode of an array of numbers (adapted
from Paas, 1992). A variance problem provided a table of
cinema attendance data and asked participants to determine
mathematically which of two cinemas enjoys the most
consistent attendance (adapted from Kapur, 2012).
Problem-Solving Activity The problem-solving activity
(adapted from Weidmann et al., 2012) asked participants to
help a group of managers determine which of three tea
growers produces tea with the most consistent levels of
antioxidants. A table listed antioxidant levels for each tea
grower over the past six years. Participants in the invention
condition were instructed to invent a formula to calculate
consistency for each tea grower to determine which grower
produces the most consistent levels of antioxidants.
Participants were instructed to complete the calculations and
to decide on the most consistent tea grower. Participants in
the worked example condition received the same problem
with standard deviation completely worked out for each tea
grower along with brief explanations for the calculations.
The tea grower with the most consistent levels of
antioxidants was circled, and participants were instructed to
study the calculations. The completion problem condition

Experiment 1
By requiring learners to navigate a large problem space
during exploration, invention problems may induce high
cognitive load, potentially reducing learning. In Experiment
1, we examined the learning impact of providing more
guidance during LBI. Using materials adapted from
Weidmann et al. (2012), participants explored the concept
of variance using a rich dataset, then received direct
instruction. The level of guidance provided during
exploration was manipulated in three conditions: pure
invention (no guidance), completion problem (partial
guidance), and worked example (full guidance). Completion
problems looked exactly like worked examples, except that
some items were left blank for participants to fill in. In this
way, completion problems are a middle-ground between
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was the same as the worked example condition, with some
blanks for participants to fill in.

tendency item (invention: M=2.04, SD=0.92; completion
problem: M=2.31, SD=0.87; worked example: M=2.50,
SD=0.74), F(2,120)=1.52, p=.224. However, condition had
a significant effect on the variance item, (invention:
M=1.10, SD=0.65; completion problem: M=1.52, SD=0.67;
worked example: M=1.02, SD=0.80), F(2,120)=5.75,
p=.004. Despite random assignment, prior knowledge of
variance was unequal across conditions. Thus, this variable
was used as a covariate in all subsequent analyses.

Questionnaire Cognitive load was measured with the
Mental Effort Rating Scale (Paas, 1992; “In solving or
studying the previous problem I invested…”). Participants
responded on a scale from 1 (very, very low mental effort)
to 9 (very, very high mental effort). Interest was measured
with three items (McDonald’s ω=.88) adapted from Ryan’s
(1982) Intrinsic Motivation Inventory (e.g., “I found this
learning activity interesting.”) Perceived knowledge gaps
were measured with four items (McDonald’s ω=.89)
adapted from Flynn and Goldsmith (1999; e.g., “I do not
feel very knowledgeable about calculating consistency.”)
Interest and perceived knowledge gaps were rated on a 5point Likert scale (1= strongly disagree; 5=strongly agree).

Learning Outcomes Posttest scores were examined using a
3 (condition: invention, completion problem, worked
example) × 3 (posttest subscale: procedural, conceptual,
transfer) repeated measures ANCOVA, with condition as a
between-subjects factor and posttest subscale as a withinsubjects factor. The assumption of sphericity was violated,
p=.017. Therefore, the lower-bound statistic was used. A
main effect of posttest subscale was found, F(1,119)=16.05,
p<.001, ηp2=.14. Post-hoc comparisons with Bonferroni
correction (α=.016) revealed that students scored higher on
procedural (M=3.30, SD=0.94) compared with conceptual
(M=2.23, SD=1.10) and transfer (M=2.41, SD=1.03)
subscales, p<.001. Conceptual and transfer subscales did not
differ significantly, p=.094. A marginally-significant main
effect of condition was found, F(2,119)=3.01, p=.053,
ηp2=.05 (see Figure 1). Planned comparisons revealed that
the completion problem (M=2.71, SD=0.85) did not improve
posttest performance compared to invention (M=2.40,
SD=0.85), p=.098. However, the worked example (M=2.83,
SD=0.73) led to significantly higher posttest performance
than invention, p=.019. There was no interaction between
condition and posttest subscale, F<1, indicating that the
effects of condition occurred across the subscales.

Instruction The direct instruction was provided in a text
passage adapted from Weidmann et al. (2012). Participants
were told that engineers were interested in comparing which
trampoline (A or B) has the most consistent levels of
bounciness. A table displaying data for inches of rebound
for trampoline A was displayed followed by the canonical
formula and step-by-step instructions for how to calculate
standard deviation. Text-boxes explained concepts and
defined mathematical calculations. A table displaying inches
of rebound for Trampoline B was then presented, followed
by three questions to help participants practice and further
develop their understanding of standard deviation.
Posttest The posttest measured procedural fluency (1 item),
conceptual understanding (2 items), and transfer (1 item).
Items were drawn from Weidmann et al. (2012) and a
psychological statistics exam. All items were scored on a
four-point scale. Twenty percent of the items were scored
by a second observer (interrater reliability: r=.90).

Posttest Scores

4

Procedure
Participants were run in sessions of up to fifteen in a
reserved classroom. After providing consent, participants
were instructed that they would be learning about variance
in statistics. Participants were provided with a standard
calculator and completed an individual differences
questionnaire and pretest (8 min). The questionnaire was
administered as part of a larger study and will not be
discussed further.
Afterwards, participants worked individually the
problem-solving activity (15 min). Packets were interleaved
by condition, and participants were randomly assigned to
condition based on which packet they received. Following,
participants completed the questionnaire and instruction (15
min). Then participants completed the posttest (30 min).
Finally, participants were debriefed.

3

2
1
0
Invention

Completion
Problems

Worked
Examples

Figure 1: Posttest scores as a function of condition. Error
bars represent 95% confidence intervals.
Questionnaires A significant effect of condition was found
for cognitive load, F(2,118)=3.20, p=.045, ηp2=.05. Planned
comparisons demonstrated that completion problems
(M=4.98, SD=2.02) did not lead to significantly less
cognitive load than invention (M=5.70, SD=0.99), p=.063.
Worked examples (M=4.80, SD=1.86) led to significantly
less cognitive load than invention, p=.019.

Results
Preliminary Analyses Pretest items were examined as a
function of condition, revealing no effect on the central
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A significant effect of condition was found for perceived
knowledge gaps, F(2,117)=13.83, p<.001, ηp2=.19. Planned
comparisons revealed that completion problems (M=2.79,
SD=1.09) and worked examples (M=2.85, SD=0.93) led to
significantly lower perceived knowledge gaps than
invention (M=3.90, SD=0.80), ps<.001.
Interest did not differ as a function of condition
(Invention: M=3.13, SD=0.91; Completion problem:
M=3.43, SD=0.84; Worked example: M=3.20, SD=.95),
F(2,116)=1.62, p=.203, ηp2=.02.

sections of a psychological statistics course, across two
semesters, with two different instructors of record.
Participants were randomly assigned to one of four
conditions: Explore-first/worked example (n=46), explorefirst/invention (n=48), instruct-first/worked example (n=47),
or instruct-first/invention (n=49). Additional participants
were excluded from analyses for failure to provide consent
(n=3), failure to complete the posttest (n=11), absence on
the day of the posttest or inability to link their posttest to
their first session packet (e.g., no name on the packet;
n=24), or for having participated in Experiment 1 (n=5).

Discussion

Materials

Participants who studied a worked example prior to
instruction outperformed their inventing counterparts on the
posttest, replicating the effects found by Glogger-Frey et al.
(2015). Additionally, studying a worked example led to
significantly less cognitive load than inventing. In contrast,
participants in the completion problem condition did not
outperform those in the invention condition, and also rated
similar cognitive load. These results suggest that, despite
allowing for generation, completion problems may be a less
viable alternative to inventing compared to studying a
worked example prior to instruction.
We did not find support for the notion that knowledge
gaps experienced during minimally guided activities
enhance learning from subsequent instruction. Although
participants in the invention condition experienced the
greatest knowledge gaps, they showed the poorest learning
outcomes. Furthermore, we did not find support for the idea
that the invention problem increases interest relative to the
other exploratory learning conditions. Despite being more
proscribed, worked examples did not reduce interest.

The materials used in Experiment 2 were identical to those
in Experiment 1, aside from three changes: (1) Because the
variance problem on the pretest may serve as an invention
activity itself (Kapur, 2016), the pretest was cut from the
procedure; (2) A prompt in the worked example asked
participants if they agreed with the chosen tea grower; (3)
The consent form, problem-solving activity, questionnaire,
and instruction were combined into one packet, with signals
to stop and wait for instruction at the end of each section.
There were four different packets—one per condition.
Invention and worked example conditions were the same as
in Experiment 1. These problem-solving activities were
provided either before instruction (explore-first conditions)
or afterwards (instruct-first conditions). As in Experiment 1,
20% of posttests were scored by a second rater (interrater
reliability: r=.90).

Procedure
Participants completed the study across two lab sessions of
their psychological statistics course. Both sessions occurred
at the beginning of the semester, prior to lectures covering
standard deviation and variance, and were 1-2 weeks apart.
The first session included the problem-solving activity,
questionnaire, and direct instruction. The second session
included the posttest. Participants were provided with
standard calculators in both sessions.
In the first session, participants were randomly assigned
to condition based on the packet they received, which were
interleaved. Following consent, participants completed the
first section of the packet (problem-solving activity/
questionnaire or direct instruction, depending on condition;
15 min). Participants then completed the second section
(problem-solving activity/questionnaire or direct instruction,
depending on condition; 15 min). In the second session,
participants completed the posttest (30 min) and were
debriefed.

Experiment 2
Previous studies have only explored guided alternatives to
inventing within an exploratory learning context (GloggerFrey et al., 2015; Likourezos & Kalyuga, 2016). Experiment
2 utilized a 2 (activity: invention, worked example) × 2
(order of instruction: explore-first, instruct-first) factorial
design to compare the use of worked examples and
invention problems both before and after instruction.
Experiment 2 also attempted to replicate the findings from
Experiment 1 in a psychological statistics course.
We hypothesized that those in the explore-first conditions
would outperform those in the instruct-first conditions on
the posttest. We also hypothesized that those who explored
using a worked example would outperform those who
invented prior to instruction. We also hypothesized that
cognitive load would be highest for those who invented
prior to instruction, compared to the other conditions.

Results

Methods

As described above, data were gathered from psychological
statistics courses led by two different instructors. Because of
possible differences between instructors, this variable was
included as a covariate in all analyses.

Participants
Participants were 190 undergraduate students (Age
M=20.67, SD=4.33; 72.9% female) enrolled in three
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Learning Outcomes Posttest performance was examined
with a 3 (posttest subscale: procedural, conceptual, transfer)
× 2 (order of instruction: explore-first, instruct-first) × 2
(activity: invention, worked example) ANCOVA, with
posttest subscale as a within-subjects factor and order of
instruction and activity as between-subjects factors. The
assumption of sphericity was violated, p<.001, so the lowerbound statistic was used. A significant effect of posttest
subscale was found F(1,185)=32.74, p<.001, ηp2=.14. Posthoc comparisons with Bonferroni correction (α=.016)
revealed that participants scored higher on procedural
(M=3.03; SD=1.12) than conceptual (M=2.21; SD=1.21) and
transfer subscales (M=2.53; SD=1.19), ps<.001. Transfer
scores were higher than conceptual understanding, p<.001.
Supporting our hypothesis, a main effect of order of
instruction was found, with those in the explore-first
condition outperforming their instruct-first counterparts,
F(1,185)=4.29, p=.040, ηp2=.02 (Figure 2). There was no
main effect of activity or interaction, Fs<1. A planned
comparison revealed similar posttest scores for those who
explored a worked example (M=2.76; SD=1.10) or invented
(M=2.73; SD=0.99) prior to instruction, in contrast to our
hypothesis, p>.05.
4

the explore-first conditions (M=3.36; SD=1.05) reporting
greater knowledge gaps than those in the instruct-first
conditions (M=2.76; SD=0.96), F(1,175)=16.99, p<.001,
ηp2=.09. There was also a main effect of activity, with those
who invented (M=3.33; SD=1.06) reporting greater
knowledge gaps than those who studied a worked example
(M=2.83; SD=1.05), F(1,175)=9.07, p=.003, ηp2=.05. These
effects were qualified by a significant interaction,
F(1,175)=20.46, p<.001, ηp2=.11. Planned comparisons
showed that those who invented prior to instruction
(M=3.88; SD=0.84) perceived greater knowledge gaps than
their worked example counterparts (M=2.82; SD=0.97),
p<.001. Perceived knowledge gaps were similar for both
activity groups that received instruction first, p=.351.
For interest, an ANCOVA revealed a non-significant
main effect of order of instruction on interest, with those in
the instruct-first condition (M=3.50; SD=.88) tending to
report higher interest than those in the explore-first
condition (M=3.27; SD=.75), F(1,175)=3.38, p=.068,
ηp2=.02. No main effect of activity, F<1, or interaction,
F(1,175)=1.25, p=.265, ηp2=.01, were found.

General Discussion
In Experiment 1, learning outcomes were greatest for those
who studied a worked example prior to receiving
instruction. However, Experiment 2 did not replicate this
finding, as both explore-first conditions showed comparable
learning despite lower cognitive load in the worked example
condition. There were two key differences between
Experiments 1 and 2 that might account for these
inconsistent findings. First, Experiment 1 was conducted
with laboratory participants from an introductory
psychology course, whereas Experiment 2 was conducted in
the classroom, with more advanced students. Perhaps
greater prior knowledge or motivation improved learning in
the invention condition in the classroom sample.
Related to this point, Experiment 2 did not include a
pretest, whereas Experiment 1 did. Thus, prior knowledge
could not be accounted for in Experiment 2. On the other
hand, the pretest in Experiment 1 may have actually
bolstered the effect of studying a worked example, by
serving as an invention activity (Kapur, 2016). The pretest
asked participants to find the mean, median, and mode of a
dataset, thus activating relevant prior knowledge.
Additionally, the pretest included a variance problem asking
students to determine mathematically which cinema enjoys
the most consistent attendance, an item similar to the
invention problem. Thus, participants in Experiment 1 may
have engaged in important exploratory learning processes
during the pretest (e.g., activating relevant prior knowledge,
and attending to knowledge gaps and key problem features).
It is possible that worked examples are optimal when
preceded by a pretest because the learner is exposed to
unguided exploration prior to guided exploration, receiving
unique benefits from both: Recognition of knowledge gaps
during invention, followed by a less cognitively demanding
(guided) exploratory activity using a rich dataset in which

Invention

Posttest Score

Worked Examples
3
2

1
0

Explore-First

Instruct-First

Figure 2: Posttest scores as a function of condition. Error
bars represent 95% confidence intervals.
Questionnaires An ANCOVA revealed a significant main
effect of activity on cognitive load, with those in the worked
example conditions reporting less cognitive load (M=4.91;
SD=1.64) than those in the invention conditions (M=5.57;
SD=1.49), F(1,175)=7.75, p=.006, ηp2=.04. Order of
instruction did not significantly affect cognitive load,
F(1,175)=1.07, p=.302, ηp2=.01. There was no interaction,
F(1,175)=2.82, p=.095, ηp2=.02. Supporting our hypothesis,
planned comparisons showed that, in the explore-first
conditions, those who studied a worked example (M=4.59,
SD=1.61) reported less cognitive load than those who
invented (M=5.65, SD=1.31), p=.001. In the instruct-first
conditions, cognitive load ratings after a worked example
(M=5.24; SD=1.64) were comparable to inventing (M=5.49;
SD=1.69), p=.449.
For perceived knowledge gaps, an ANCOVA revealed a
significant main effect of order of instruction, with those in
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optimal solutions are explored vicariously. Future research
should explore the impact of using a pretest combined with
varying levels of guidance during exploration.
Across both experiments, invention led to greater
knowledge gaps but did not enhance interest relative to
worked examples. This finding is inconsistent with literature
demonstrating a link between knowledge gaps and
situational interest (e.g., Rotgans and Schmidt, 2014). One
possibility is that interest items asked about interest in the
problem-solving activity, whereas knowledge gaps may
enhance interest in the instruction and the subject in general,
which was not captured by our measures. Additionally,
given the classroom context, students may have shown a
greater interest in activities for which they felt the most
confident and familiar.
In conclusion, the current work replicates and extends
previous research demonstrating the benefit of exploratory
learning over traditional tell-then-practice methods in an
undergraduate classroom context (Exp. 2). In addition, this
research demonstrates that pure invention may not be
necessary when designing exploratory learning materials.
Using worked examples during exploration decreased
cognitive load and resulted in equal (Exp. 2) or better (Exp.
1) learning outcomes than invention. This work suggests
that exploration does not have to be difficult to be beneficial
(cf. Kapur, 2016). By further examining the cognitive
mechanisms by which various exploratory learning
materials impact learning, researchers and educators can
better understand when and why this method supports
conceptual understanding.
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Abstract

Meyer, & Roelofs, 2013) or accommodating listener’s
perspective (Trude, & Nozari, 2017). One area of sentence
production in which the potential role of inhibitory control
has remained understudied is syntactic operations. As a
consequence, syntactic theories have remained, for the most
part, disconnected from cognitive theories. This study
proposes a first step to reconcile the two by investigating the
role of inhibitory control in one of the most basic syntactic
processes in English and many other languages, namely the
process of subject-verb agreement, where speakers must
select the verb form that agrees in number with its subject.
For native adult speakers, agreement production is effortless
and mostly error-free. However, it is not uncommon for
sentences to contain more than one noun, in which case the
subject noun (N1) could compete with the local noun (N2)
for determining verb agreement. For example, “The snake
next to the elephants…” could elicit the verb “are” because
N2 is plural, even though N1 is singular. This phenomenon
is called “agreement attraction” (Bock and Miller, 1991).
Figure 1 shows the syntactic structure subject to agreement
attraction.

Native adult speakers of a language can produce grammatical
sentences fluently, effortlessly, and with relatively few errors.
These characteristics make the highly-practiced task of
speaking a viable candidate for an automatic process, i.e., one
independent of cognitive control. However, recent studies have
suggested that some aspects of production, such as lexical
retrieval and tailoring speech to an addressee, may depend on
the speaker’s inhibitory control abilities. Less clear is the
dependence of syntactic operations on inhibitory control
processes. Using both a direct manipulation of inhibitory
control demands and an analysis of individual differences, we
show that one of the most common syntactic operations,
producing the correct subject-verb agreement, requires
inhibitory control when a singular subject noun competes with
a plural local noun as in “The snake next to the purple
elephants is green.” This finding calls for the integration of
inhibitory control mechanisms into models of agreement
production, and more generally into theories of syntactic
production.
Keywords: syntactic production; subject-verb agreement;
agreement attraction; inhibitory control; individual differences

Introduction
The last few decades of sentence production research have
shed much light on the nature of the grammatical encoding
mechanisms that convert abstract thoughts into multiple
levels of linguistic representations, such as words, syntactic
structures, and phonetic output (e.g., Levelt, 1989). In
comparison, little attention has been paid to whether and
how non-linguistic cognitive operations, such as inhibitory
control, support such mechanisms. Perhaps the main reason
for this neglect is that language production, at least in native
adult speakers, is a well-practiced, highly efficient, and
reasonably error-free process. In addition, after the
conceptual message is constructed, relatively little conscious
effort goes into the subsequent processes of lexical retrieval,
phonological encoding, and building a syntactic frame. All
of these attributes make language production a viable
candidate for an “automatic” process, i.e., a process that
operates independently of cognitive control (e.g., Shiffrin &
Schneider, 1977).
Recently, however, more evidence has come to light
pointing to the relevance of cognitive control processes,
especially inhibitory control, to the various aspects of
language production such as lexical retrieval (e.g., Shao,

Figure 1: Syntactic structure subject to agreement attraction.
sg = singular; pl = plural.
Broadly speaking, two classes of models explain the
agreement attraction phenomenon for the configuration
shown in Figure 1. The first class (e.g., Feature Percolation,
Marking and Morphing) attributes agreement attraction to
faulty representation of number information on the subject
NP, which is hypothesized to result from additional
processes such as feature percolation (e.g., Franck,
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Vigliocco, & Nicol, 2002) or spreading activation (e.g.
Eberhard, Cutting, & Bock, 2005). The second class (e.g.,
Memory Interference; Badecker & Kuminiak 2007)
attributes attraction effects to constraints on contentaddressable working memory mechanisms that result in
occasional retrieval of N2 for subject-verb agreement. None
of these accounts currently propose a role for inhibitory
control.

fragments while assembling an ending for a sentence they
just heard out of context, without access to the full message.
This is particularly relevant when comparisons are made
between child and adult patterns of speech errors, as
children are much less likely to be able to adapt to the
unusual demands of the preamble paradigm.
We thus chose a referential communication paradigm in
which task goals naturally translate into production of
sentences with a structure suitable for studying agreement
attraction. Participants described colored animals to a
confederate so she could color gray animals on her own
screen (see Figure 1). There were always more than one
animal of the same type on the confederate’s screen, so the
participants learned that in order to unambiguously describe
the target animal’s color (a snake that is green) to the
confederate they had to use the cue animals and produce a
sentence such as “The snake next to the purple elephant is
green”. These targets and cues were arranged to create the
four trial types summarized in Table 2.
To manipulate inhibitory control in this task, we took
advantage of an effect reported by Gleitman et al. (2007). In
that study, participants had to describe visual scenes with
two objects, one of which was visually cued on each trial.
The authors found that participants had a reliable tendency
to produce the cued object first. For example, if the dog was
cued first, they produced “The dog chased the cat”. When
the cat was cued, they produced “The cat was chased by the
dog”. The robust preference for thematic role assignment
such that the cued object is produced first implies that
overriding such a preference requires inhibitory control.
Inspired by Gleitman et al. (2007), we manipulated the
need for applying inhibitory control by including two
conditions: in the Target-flash (control) condition,
participants were instructed to describe the color of the
animal that was flashing on the screen. The sentence thus
started with the visually-cued animal and no inhibition was
required. In the Cue-flash (experimental) condition,
participants were told that the flashing animal was the cue
object, and that they had to describe the color of the animal
next to it. Thus in this condition, speakers were forced to
inhibit the preferred thematic role assignment which put the
visually-cued animal first, in favor of one which allowed
them to produce the non-cued animal first. If inhibitory
control plays a role in preventing agreement attraction
errors, then the Cue-flash condition which consumes some

The current study
While none of the models of agreement attraction
mentioned above explicitly propose a role for inhibitory
control in the agreement attraction process, all of them
entail processes that lend themselves well to an influence of
inhibitory control. Table 1 provides a summary. In light of
this, it seems reasonable, and we argue essential, to test
whether inhibitory control indeed plays a role in preventing
agreement attraction errors from arising. If so, then a
complete theory of agreement production must include a
mechanism like those proposed in Table 1. More
importantly, impoverished inhibitory control should be
taken into account when studying production problems such
as high rates of agreement attraction errors in children (e.g.,
Franck et al., 2002), and possibly other populations with
impaired inhibitory control such as individuals with aphasia.
The absence of any evidence that inhibitory control is
critical for preventing agreement attraction errors, in turn,
lends credibility to claims of automaticity in language
production.
We investigated the potential role of inhibitory control in
agreement attraction in two ways: (a) by direct manipulation
of the need for inhibitory control and examining its
consequences on the rate of agreement attraction errors, and
(b) by an analysis of individual differences to test whether
the variability in individuals’ scores on inhibitory control
tasks predicts the variability in their agreement attraction
errors in a production task. Most studies of agreement
attraction use a preamble paradigm, in which participants
hear an incomplete sentence (preamble) such as “The key
next to the cabinets…” and must repeat and complete the
sentence with an ending of their choice. While useful for
eliciting agreement errors, this paradigm does not really
capture the natural processes involved in everyday sentence
production. Speakers rarely have to memorize and repeat

Table 1: Existing models of agreement attraction, and a potential role for inhibitory control in each.
Theory
Feature
Percolation
Marking
and
Morphing
Memory
Interference

Attraction Mechanism

Potential effect of inhibitory control

The number feature of the local noun (N2) percolates to the subject
NP (N1), and controls the verb form selection

Suppression of feature percolation

Verb number is a function of notional number of N1, as well as
values of the plural morphemes in N1 and the N2 each multiplied
by the weight between the root and the morpheme

a) Decreasing the value of N2’s morpheme
b) Decreasing the weight of the link between
morpheme and the root

Agreement relies on retrieving and checking the number feature of
what should determine agreement. Since N2 has partial cue-overlap
with N1, it competes with it for selection.

Biasing the competition towards N1 and away
from N2 (i.e., N2 suppression)
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of the inhibitory control resources for the correct thematic
role assignment should lead to more agreement attraction
errors. On the other hand, if agreement production is
automatic, the difficulty associated with inhibiting the
assignment of subject role to the cued animal in the Cueflash condition should have no effect on agreement
attraction errors.

were presented, only four of which were to be described. At
the beginning of each event, one of the animals (or animal
pairs) flashed twice. In the Target-flash condition, this was
the animal whose color was to be described to the
confederate. At the beginning of the experiment, the
confederate’s screen was shown to the participants, and it
was explained that they should help the confederate color
the gray animals. Participants learned that they could not
just say “The snake is green”, because confederate’s screen
contained two gray snakes. They thus had to use the cue
animals to disambiguate their target by saying “The snake
next to the purple elephants is green.” Once participants
understood this logic, they naturally used the same sentence
structure to describe other animals without having to
memorize the structure. They completed 2 practice slides (8
trials), followed by 128 experimental trials, containing equal
numbers (32) of SS, SP, PP, and PS trials. The order was
arranged such that each trial type followed each of the other
trial types with equal frequency.

Table 2: Examples of the four trial types. S = Singular, P =
Plural. The first letter denotes the plurality of N1; the
second letter, the plurality of N2.
Trial type
SS
SP
PP
PS

Example
The snake next to the purple elephant is green.
The snake next to the purple elephants is green.
The snakes next to the purple elephants are green.
The snakes next to the purple elephant are green.

While a higher rate of agreement attraction errors in the
Cue-flash compared to the Target-flash condition would
imply the dependence of agreement production on cognitive
control, it would be harder to conclude with certainty that it
is specifically inhibitory control, and not a general
attentional process to overcome task difficulty, that is
required for agreement production. Therefore, we also
report an analysis of individual differences in which we use
a variant of structural equation modeling to extract the
common variance from a battery of inhibitory control tests.
We then examine whether the estimated inhibitory control
ability of individuals predicts the variability in the rate of
agreement attraction errors they produce.

Figure 1: Example slide from the referential
communication task. Left: participant view. Right:
confederate view. Yellow circle = flashing animal.

Methods

The Cue-flash condition was identical to the Target-Flash
condition, except that participants were instructed that the
flashing animal was the cue and the animal whose color was
to be described was the one next to the flashing animal. For
example, in Figure 1, instead of the snake, the elephants
would flash, but the sentence would still be “The snake next
to the purple elephants is green.” Participants completed 8
practice trials, followed by 128 experimental trials arranged
according to the same criteria described for the Target-flash
condition. Materials were displayed at the center of a 15-by12 inch Dell monitor approximately 25 inches in front of the
participants using the E-Prime 2.0 software (Psychology
Software Tools, Pittsburg, PA). Participants’ speech was
digitally recorded for offline transcription and coding.

Participants
Fifty-four native English speakers (Mage= 22.80, SD = 4.03
yrs.) completed two sessions in exchange for payment.

Materials and Procedures
Referential Communication Task All participants
completed the referential communication task in session 1.
Stimuli consisted of pictures of four animals (snake,
elephant, lion, and bird), each appearing in two of four
colors (purple, red, green, and brown; Figure 1). Animals
were arranged in groups, containing a “target” (animal(s)
whose color was to be described) and a “cue” (animal(s)
used to help disambiguate the target animal). Both target
and cue could be either one or two animals, creating four
target-cue combinations: SS, SP, PP, and PS, where S =
singular, P = plural (see Table 2). Participants completed
two conditions, Target-flash and Cue-flash, each containing
128 trials (total = 256), in counterbalanced order. Each
condition was divided into 4 blocks of 32 trials with breaks
in between blocks. The 32 trials were presented in 8 slides.
Figure 1 shows an example of a slide (left: participant view;
right: confederate view). On each slide, six target-cue pairs

The Inhibitory Control Battery Since measures obtained
from single tasks can be noisy and contaminated by taskspecific properties, we used four different inhibitory control
tasks which we briefly describe below. Go-NoGo task.
Participants were instructed to press a button as quickly as
possible on each trial, except when a certain picture (e.g., a
coconut) appeared (25% of the trails). One condition
consisted of semantically-related objects (four fruits; 120
trials; 30 NoGo-Related), and the other of four semantically-
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Group-level Analyses

unrelated objects (120 trials; 30 NoGo-unrelated). FishFlanker task (Nozari, Trueswell, & Thompson-Schill,
2016). This was a version of the Flanker task with fish
stimuli facing left or right (100 congruent, 100 incongruent
trials). Embedded was a NoGo task in which the flanking
fish had spots on them and the response had to be withheld
(100 trials, NoGo-Fish). Simon task. A canonical Simon
task with 80 congruent and 80 incongruent trials. Picture
Stroop. Adopted from Nozari et al. (2016), this task was
administered in four blocks. Each block contained only two
pictures (e.g., pig/fox). In the first half of the block (8
trials), one of the two pictures appeared on each trial and
participants named it. In the second half (8 trials) when each
picture was presented, participants had to name the other
picture. This situation produced a Stroop-like effect
whereby the predominant response (picture’s canonical
name) had to be suppressed.

Group-level analyses were conducted using the package
LmerTest in R v3.4.0. We used logistic multi-level models
with random effects of subjects and items. We aimed to
include a full random effect structure whenever possible,
unless the full model did not converge. Since the general
patterns of errors and disfluencies were similar (and so were
the basic findings regarding attraction patterns on the two),
we report the analyses on a combined set of errors +
disfluencies which has a higher statistical power than errors
alone. The first model tested for the general findings of
agreement attraction reported previously in preamble tasks.
The model contained the variables Attraction (SP/PS vs.
SS/PP), Verb (is vs. are), and the interaction between the
two, as well as random intercepts for subjects and items, and
slope of attraction over subjects. This model revealed two
critical findings: 1) There was a main effect of Attraction,
such that there were significantly more errors + disfluencies
on SP/PS trials than on SS/PP trials (z = -3.31, p = 0.001).
2) There was an interaction between Attraction and Verb,
such that speakers made significantly more errors +
disfluencies on SP (compared to SS) trials than they did on
PS (compared to PP) trials (z = -5.09, p < 0.001). This
shows the classic asymmetry in attraction errors reported by
Bock & Miller (1991).
Next, we turned to testing how manipulating the
inhibitory control demand affected agreement errors. This
model included Attraction, Verb, Condition (Target-flash
vs. Cue-flash), 2-way and 3-way interactions between these
variables, as well as random intercepts for subjects and
items. Due to space limitations, we focus on the
theoretically important findings. The model confirmed the
findings above: both the main effect of Attraction (z = -3.94,
p < 0.001) and its interaction with Verb (z = -2.04, p = 0.04)
were significant. In addition, there was a significant main
effect of Condition, such that speakers produced
significantly more errors + disfluencies in the Cue-flash
than the Target-flash condition (z = -2.19, p = 0.04).
Importantly, there was a significant 3-way interaction
between Attraction, Verb, and Condition, such that the
asymmetry in attraction was stronger in the Cue-flash
condition (z = 3.79, p<0.001). To unpack this interaction,
we used two post-hoc models to test whether errors +
disfluencies were significantly more common on SP
(compared to SS) trials, PS (compared to PP) trials or
both—perhaps with different magnitudes—in the Cue-flash
compared to the Target-flash conditions. The first analysis
was carried out on the subset of the data containing SP and
SS trials, while the second analysis was conducted on a
subset of the data containing PS and PP trials. The models
included main effects of Attraction, Condition, and the
interaction between the two, as well as random intercepts
for subjects and items, and random slope of Condition over
subjects. In the first model, all three effects were statistically
significant (main effect of Attraction: z = -6.90, p < 0.001;
main effect of Condition: z = -2.10, p = 0.036; interaction of

Response Coding/Scoring All responses were transcribed
by two independent raters. Agreement between raters was
89% and discrepant cases were reconciled. Any complete
or incomplete production of a non-target word, with or
without correction, was coded as an error. For example “The
eleph…no the snake next to the purple elephants are I mean
is green.” was coded as containing an error on the target
noun and an error on the verb. In addition, the presence or
absence of disfluency was marked in four regions in the
sentence: on or before the target noun, on or before the cue
NP, on or before the verb, and finally, on or before the
target cue. Disfluency was defined as unusually long pauses
or prolongations that disrupted the flow of speech, filled
pauses (uh, um, etc.), or repetitions (repairs are not coded,
because they only happen on the primary “error” category
which is analyzed separately). Not surprisingly, inter-rater
agreement was lower for disfluency coding (69%), because
of the subjective nature of coding silent pauses and
prolongations which do or do not qualify as disfluency. To
err on the side of caution, we excluded cases where the two
raters did not agree on disfluent production.
For the inhibitory control battery, we used the effects on
errors as our dependent measure of interest (agreement
attraction), which also used a binary (error + disfluency)
coding. For the NoGo tasks, the number of NoGo errors was
used. For Flanker, Simon, and picture Stroop, the number of
errors in the incongruent minus the number of errors in the
congruent condition was used.

Results
Figure 2 shows the number of verb errors (upper panel) and
the number of verb errors + disfluencies (lower panel) for
each target-cue combination. We obtained 273 errors on
verbs (M = 2.2, SE = 0.39 in the Target-flash condition; M
= 2.8, SE = 0.44 in the Cue-flash condition). When
disfluencies were added, this number increased to 487 verbs
(M = 3.72, SE = 0.55 in the Target-flash condition; M =
5.30, SE = 0.77 in the Cue-flash condition).
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Attraction and Condition: z = 3.83, p < 0.001). In the second
model, there was a marginal main effect of Attraction (z =
1.96, p = 0.05), but neither the main effect of Condition nor
the interaction between Attraction and Condition reached
significance. The results of these post-hoc tests indicate that
the inhibitory control manipulation selectively increased the
production of errors + disfluencies in the SP condition.

inhibitory control. Figure 3 shows the architecture of the
model which tests the contribution of inhibitory control
(represented by the scores in our inhibitory control battery)
to agreement attraction in SP trials (represented by errors +
disfluencies on the SP minus the SS trials for Target-flash
and Cue-flash conditions). A step-by-step tutorial on how to
build and evaluate a PLS-PM has been provided in Nozari
and Faroqi-Shah (2017). Here, we only highlight the key
aspects directly relevant to the interpretation of the model’s
output. Both latent variables have high composite reliability
values (0.85 for agreement attraction and 0.72 for inhibitory
control), showing that they are well represented by their
manifest variables. Also, the factor loadings (numbers
outside of the parentheses on the connections between the
latent and manifest variables) all have the same sign,
showing that the effect of the latent variable on all the
manifest
variables
is
in the
same
direction
(unidimensionality), which further shows that the latent
variables are coherently represented by their manifest
variables. Inspection of the factor loadings shows that some
manifest variables have higher loadings on inhibitory
control than others: the largest values belong to NoGo tasks,
with smaller values for Flanker, Picture Stroop, and Simon
tasks. In this model, the latent variable inhibitory control
explains 20% of the variance on agreement attraction, and
the connection between the two latent variables has a path
coefficient of 0.45.

Figure 2: Mean proportion of agreement errors (upper
panel) and errors + disfluencies (lower panel).

Analysis of Individual Differences
Analysis of individual differences was carried out by partial
least squares path modeling, (PLS-PM) using the plspm
package in R (Sanchez, 2013). PLS-PM is a partial least
square approach to structural equation modeling suitable for
analyzing the relationship between latent variables
(psychological constructs, e.g.,
inhibitory control,
agreement attraction) and manifest variables (observed data
from the tasks we assume to measure these latent variables,
e.g., Go-NoGo errors, agreement errors). One of the
advantages of this kind of model over simple regression is
that it allows for the inclusion of many manifest variables to
represent the same latent variable without running into the
problem of multicollinearity. This, in turn, allows for a
much more robust and task-independent estimation of latent
variables.
Recall that the results of the group analysis indicated that
production of correct agreement under SP (but not PS)
conditions required cognitive control. We thus constructed
separate path models for SP and PS errors (each relative to
its respective baseline SS and PP). If what the group
analysis has really tapped into is inhibitory control, we
would expect agreement errors + disfluencies in the SP (but
not the PS) model to be predicted by the latent variable

Figure 3: Structure of the PLS-PM testing the contribution
of inhibitory control to agreement attraction in SP.
Significance testing was carried out via bootstrapping
with 1000 iterations. The bold numbers in the parentheses
show t-values. Not surprisingly, the manifest variables with
high factor loadings all have t-values above 2. On the other
hand, Flanker, Picture Stroop and Simon which had low
factor loading on the inhibitory control variable, all have tvalues equal or lower than 1, showing the greater
contribution of NoGo scores. Most importantly, the t-value
corresponding to the path coefficient between the latent
variable inhibitory control and agreement attraction is 2.4,
corresponding to a p-value of 0.017. This finding shows that
the variability in production agreement attraction errors on
SP trials can be explained by the variability in speakers’
inhibitory control abilities. A PS model with an identical
architecture, on the other hand, revealed no significant
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effect of the latent variable of inhibitory control over
agreement attraction errors produced in the PS minus PP
conditions.
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Discussion
We set out to test the potential contribution of inhibitory
control to agreement production in native adult speakers of
English. Results of group analysis using direct manipulation
of inhibitory control demands and an analysis of individual
differences using path modeling converged: production of
the correct agreement in cases where a plural local noun
competed with a singular subject was dependent on
inhibitory control, and was predicted by individuals’
performance on general inhibitory control tasks. We can
thus conclude with certainty that agreement production, and
more generally syntactic production, is not completely
automatic.
Interestingly, not all inhibitory control scores were
equally good predictors of agreement attraction problems in
the analysis of individual differences. The effect was clearly
stronger for the NoGo scores. One possibility is that NoGo
scores have higher internal consistency compared to
Flanker, Simon, and Stroop scores, all of which are
subtraction scores with lower internal consistency. A more
theoretically interesting possibility is that agreement
production relies on a specific type of inhibitory control best
indexed by NoGo scores. It has been proposed that the
primary function of NoGo pathways is to delay, not
suppress, actions (Munakata et al., 2011). Future empirical
work should focus on pinpointing the exact type of
inhibitory control underlying agreement production, and
possibly other syntactic operations involved in sentence
production.
In conclusion, this study took the first step in providing
conclusive evidence for the relevance of inhibitory control
to syntactic production. This finding calls for the inclusion
of inhibitory control mechanisms in models of grammatical
encoding in sentence production, examples of which we
have proposed in Table 1. Moreover, it invites attention to
deficits of non-linguistic control operations as a potential
source for syntactic impairment in language disorders such
as agrammatic aphasia.
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Abstract

interference— while models of each mechanism rely on attentional restoration processes to counteract forgetting, none
make a coordinated effort to account for attention (or distractor processing) in its own right. This simplification reduces
the number of assumptions programmed into the models but
causes imprecision with regard to the exact time-course of
attentional processing, and hence to the exact predictions of
the models themselves. Reliably capturing the effects of decay and interference then necessitates studying them within
a process-level architecture with attention at its core. We
present a new implementation of TBRS in ARCADIA, an attentional framework for cognitive modeling which meets this
demand. Through this implementation we take the first steps
towards a more integrated picture of working memory.

We provide a new computational model of working memory in
the complex span task implemented in the ARCADIA cognitive framework. While there exist implementations of working
memory successful enough to account for many of the benchmark findings in the working memory literature, we demonstrate that further progress requires the integration of these
models with a rich conception of attention. ARCADIA provides this intersection, allowing for precise control of the focus
of attention on a time scale fine enough to begin to disentangle the overlapping effects of interference, temporal decay, and
attentional refreshing.
Keywords: working memory; time-based resource sharing;
attention; cognitive architecture

Introduction
What causes forgetting in working memory? The question remains a matter of intense debate, because its answer has implications for why working memory is capacity limited and
how it can be maximized. Two relevant paradigms have been
utilized to study working memory and its limitations. In the
serial recall or simple span task (SST), a number of memoranda are presented one-by-one, and the subject is asked to
recall the memoranda in presentation order after a short delay. Data from the SST typically exhibit greatly increased
recall for early list items (the primacy effect) and slightly
increased recall for late list items (the recency effect) (Tan
& Ward, 2008). The complex span task (CST) extends the
SST by placing processing demands over a fixed interval after the presentation of each memorandum. This processing
demand can be a set of distracting verbal (reading words, letters, or digits), arithmetic (incrementing or decrementing operations), or visuo-spatial (discriminating the location or size
of an object) tasks which systematically induce forgetting. As
such, the CST provides a deeper window into the relationship, and possible trade-off, between processing and storage
in working memory.
To date, several mechanisms have been posited to account
for forgetting in working memory; notably, the time-based resource sharing (TBRS) model of working memory relies on
temporal decay and the serial-order-in-a-box complex span
(SOB-CS) model on interference between memory representations. While these theories have been treated as mutually
exclusive, differences in each theory’s predictive gaps may
instead indicate that both theories are generally correct but
incomplete. Indeed there is evidence indicating that both temporal decay and interference contribute to the overall character of memory loss (Altmann & Schunn, 2012). Exacerbating this problem is the nature of modeling techniques currently used to test the time-sensitive predictions of decay and

Background
Temporal Decay
Decay-based theories including the time-based resource sharing (TBRS) model declare that memories simply decay over
time, requiring a rapid compensatory attentional refreshing
process in order to maintain their representations (Barrouillet,
Bernardin, & Camos, 2004). In a CST, the trade-off between distractor processing and attentional refreshing has
been shown to create a cognitive load effect in which the
complex span is inversely proportional to cognitive load (estimated by the distractor rate) (Barrouillet & Camos, 2007).
Defined by the equation CL = aN/T , where N is the number
of distractors to be processed in between memory encoding,
T is the time available for distractor processing, and a is a
parameter reflecting distractor difficulty, the cognitive load
effect has the important implication that regardless of the nature of the distracting task, complex span is determined by the
proportion of time that the distracting task requires attention.
TBRS has been implemented in TBRS∗ , a model of working memory consisting of a two-layer connectionist network
(Oberauer & Lewandowsky, 2011). In TBRS∗ , decay is modelled as an exponential decrease in network weights which
can be counteracted by attentional refreshing. Distractor processing is not modelled per se, rather the time required for
distractor processing (as estimated by response time) is used
to schedule refreshing, which follows a forward cumulative
order from the beginning to the end of the list. TBRS∗ has
been shown to qualitatively reproduce the cognitive load effect, as well as primacy and recency effects in the complex
span task, proximity effects over errors, and error type distributions (Oberauer & Lewandowsky, 2011).
However, there remain issues with the predictions of
TBRS∗ (and TBRS in general) noted by Oberauer and
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Figure 1: Example activation trace for 4 letters with 1 distractor over 1s intervals between letters
Lewandowsky (2011). Most prevalently, TBRS cannot account for the phonological similarity effect, intertrial interference effects, and feature overlap effects between memoranda
and distractors. In addition, decay theories have difficulty
predicting that while introduction of three identical distractors (a simple burst) does not impair memory more than introduction of a single distractor, the introduction of three unique
distractors (a complex burst) significantly impairs memory
(Lewandowsky, Geiger, Morrell, & Oberauer, 2010). These
results have been called into question since complex bursts
likely capture attention longer than simple bursts, but without having precise measurements of attentional capture it is
difficult to determine what the TBRS model actually predicts (Barrouillet, Portrat, Vergauwe, Diependaele, & Camos,
2011). Here is just one example of results remaining in contention as a direct result of the lack of a rich model of attention. In any case, it is clear that TBRS leaves much to be
explained in the realm of modality-specific effects.

dependently. TBRS predicts a positive effect of free time,
since free time is used to refresh memoranda, and a negative
effect of operation duration, since memoranda decay during
this time. While SOB-CS likewise predicts a positive effect
of free time, since free time is used to unbind distractor representations, it predicts little effect of operation duration, since
memoranda remain at constant activation over time. These
predictions were put to the test, and the small effect of operation duration seems to favor SOB-CS (Oberauer et al., 2012).
It should be noted that there is little doubt that interference plays a role in working memory. The major discrepency is whether it is the sole source of forgetting, or only
plays a secondary role in modulating the behavior of a larger
source of forgetting. Specifically, interference theories have
difficulty explaining the cognitive load effect when distractors and memoranda are categorically different, or when the
CST includes repetitive (but not predictable) distractors as in
(Barrouillet et al., 2011).

Interference

TBRS in ARCADIA
In the following we use the reading digit span (RDS) task
from Experiment 7 in (Barrouillet et al., 2004) as a case study
of time-based resource sharing in ARCADIA. The RDS task
is a CST in which the memoranda are letters and the distractors consist of digits to be read out loud. At the end of the
trial, the letters are recalled in serial order. The reading digit
span is then the maximum number of letters that can be recalled in serial order with reading digits as a distracting task;
it is determined by incrementally increasing the number of
letters to be recalled until recall falters.
With respect to the RDS task, our model makes specific
predictions in line with TBRS about the qualitative behavior
of activations of items in working memory due to momentary shifts in attention. When a new memory item is being
encoded (see the green regions of Figure 1), the activation
of that item should rise to an asymptote while the activations
of all other items exponentially decrease. In the attentiondemanding portions of recall (see the yellow regions of Figure 1), activations follow the same pattern; the item being recalled increases in activation while all other items decrease in
activation. Within the attention-demanding portion of digit

In contrast, interference theories of forgetting reject the
idea of memory decay in favor of representation-based interference between items in memory based on novelty or
feature-sharing (Oberauer, Lewandowsky, Farrell, Jarrold, &
Greaves, 2012). SOB-CS is an implementation of an interference account of forgetting in working memory adapted
to account for the cognitive load effect found in Barrouillet
et al. (2004). The core assumption of SOB-CS enabling its
generalization to the CST is that distractors are involuntarily
encoded into memory causing interference with memoranda,
and therefore must be removed using an attention-demanding
unbinding process. In contrast to decay-based theories, SOBCS assumes active removal of irrelevant memory items rather
than active maintenance of relevant memoranda, and default maintenance of memoranda rather than default decay
(Oberauer et al., 2012). This dynamic makes detangling the
predictions of SOB-CS from TBRS quite difficult— to do so,
it is necessary to break the time-course of distractor bursts
into operation duration, in which distractor processing occupies attention, and free time, in which memory representations are being attended to, and to analyze their effects in-
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nents accessing working-memory representations may only
access items which are sufficiently active relative to that component’s function. For this reason ARCADIA uses two activation threshold parameters over working memory items; θr
and θv are the minimum activation levels for working memory items to be retrieved and vocalized, respectively.

Visual Processing
Before being encoded into working memory, each stimulus
must first be processed through ARCADIA’s visual pipeline
(see the unshaded area of Figure 2). This pipeline begins
with the pre-attentive segmentation of the visual scene into
contours defined by each visible stimulus (ImageSegmenter).
The CenterHighlighter then pre-attentively produces a fixation request causing the model to attend to the stimulus. After the stimulus is attentively fixated, its properties are bound
by the ObjectFileBinder into a single object representation
for storage in visual short-term memory (vSTM). Finally, the
semantic content of the stimulus, its character value, is extracted by the LetterReporter using optical character recognition. The visual pipeline thus consumes four cycles of attentional processing each lasting 25ms, making for a total of
100ms of attentional demand.

Figure 2: Information flow between components used during visual processing (unshaded), memory encoding (green),
distractor processing (red), attentional refreshing (blue), and
recall (yellow) in the TBRS model in ARCADIA.
vocalization (see the red regions of Figure 1) all memory
items suffer from decay, since attention is momentarily diverted towards the distractor. During the rest of the CST,
however, attention is freely available to maintain the activations of working memory representations.
ARCADIA is an attention-centric framework for the construction of cognitive models capable of receiving perceptual
input from an environment (Bridewell & Bello, 2016). In
every cycle of the model (corresponding to 25ms), an attentional strategy selects a unitary focus of attention from
the outputs of numerous processing components (collectively
called accessible content), which in turn gets broadcast globally along with the rest of accessible content back to the components to modify processing on the next cycle. This taskspecific selection mechanism puts serial constraints on attentional processes while allowing for parallel execution of dissociable components. For the RDS task, maximal priority is
assigned to ongoing vocalizations still requiring attention—
this ensures that a vocalization will continue uninterrupted
by visual processing or attentional refreshing. All other
attention-demanding actions (including encoding, memorization, and recall) are prioritized next. In the absence of any
action requests visual processing is preferred, so that processing of a new stimulus initiates directly after its presentation.
Finally, any attentional refreshing requests are attended to.
Since refreshing has the lowest priority in the task, ARCADIA will only refresh during free time.
The functional organization of the TBRS model in ARCADIA is depicted in Figure 2; the unshaded components
are involved in visual processing, the green shaded components in encoding, the blue shaded components in attentional refreshing, the red components in distractor processing,
and the yellow components (and WorkingMemory) in recall.
Solid lines indicate information flow requiring serial attention, while dashed lines indicate information flow not strictly
demanding attention. Note that all items in working memory
are globally accessible pre-attentively (the outgoing arrows
from working memory are dashed); as a result, the compo-
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Figure 3: Memory Representation in ARCADIA

Encoding
Since letters must be recalled in serial order, they need to
be encoded with positional information (see the green area of
Figure 2). We use a doubly linked list representation in which
each memorandum is assigned a unique identification number
(UID), and is associated with the UIDs of neighboring items
in the list (see Figure 3). After visual processing (Figure 3a),
and as a preprocessing stage of encoding, the WMEnqueuer
retrieves the preceding memorandum, associates its UID to
the current item, and assigns the item its own UID (Figure
3b). Next, the stimulus is stored in working memory by the
LetterMemorizer and the Memorizer at a baseline activation
b; this memorization process takes tm cycles (Figure 3c). In
ARCADIA visual processing takes roughly 100ms and preprocessing takes 50ms, so we set tm to two cycles (50ms) to
place total encoding time squarely inside the current estimate
of 150-300ms (Oberauer et al., 2012). After the new item is
successfully encoded into working memory, the WMLinker
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updates the preceding item to associate it with the new item
(Figure 3d). All of the operations involved in encoding require attention to be processed.

the next cycle. As theorized by Oberauer and Lewandowsky
(2011), the exact strategy used to attentionally refresh memoranda determines the relative size of primacy and recency
effects, because different strategies allocate different amounts
of time for refreshing items in each serial position. We implemented three such strategies. The random strategy is implemented by the RandomRefresher, which randomly refreshes
any above-threshold item in working memory. The cumulative strategy used in TBRS∗ begins with the first item, and
sequentially moves forward throughout the list. Cumulative
refreshing is implemented in two components; the FirstRefresher always proposes the first item for refreshing, and the
CumulativeRefresher always proposes the following item. Finally, preventative refreshing is implemented by the PreventativeRefresher, which selects the item in working memory
with minimum activation above the retrieval threshold. Although Oberauer and Lewandowsky dismissed this strategy
as requiring a homunculus, preventative (or least activated
first) refreshing can be implemented without an internal homunculus and in TBRS∗ , it matched the data significantly better than other candidate strategies (Lemaire et al., 2017).

Distractor Processing
The distractors in the RDS task are visually-presented digits
which must be read out loud as quickly as possible. In ARCADIA, visual processing of digits follows the same pipeline
as letters (see above). After the character is recognized by the
LetterReporter, the DigitVocalizer extracts the digit’s lexical
representation and issues a vocalization request. Vocalization
is carried out by the Articulator, which uses text-to-speech
software to produce audible sound clips as well as articulation times; these times are used to synchronize speech execution with ARCADIA’s own simulation time. Individual
differences in articulation times are accounted for by multiplying the raw articulation time by the free parameter ad , the
vocalization duration factor.
It is often presumed that articulation of a stimulus does not
occupy the attentional bottleneck for any lengthy duration,
since articulatory suppression does not prevent attentional refreshing (Barrouillet et al., 2011). However, to our knowledge, there exists at present no estimate of how much time
speech requires attention. For this reason we incorporated
another parameter, aa , which defines the proportion of articulation time that must be attended. Thus, the total amount
of time attended to each distractor is t p + ad aatv , where
t p is the visual processing time for the stimulus (approximately 100ms), tv is the raw vocalization time (approximately
400ms), and 0 ≤ aa ≤ 1. After this time, the model engages
in attentional refreshing.

Recall
Vocalization in recall follows roughly the same process as vocalization in distractor processing. The task-specific component RecallInitializer detects presentation of the recall cue, in
this case the symbol +, and initiates recall of the first item.
During recall the item must be retrieved by the WMRecaller
and then vocalized by the Articulator; this means that the
item’s activation must be greater than both θr and θv to be
correctly recalled. In the event where an item is forgotten,
the model uses the substitute word “pass” and the response is
categorized as an omission error. Thus, at the moment, ARCADIA will not commit any item errors (we will address this
issue in the Discussion). Importantly, temporal decay ensues
throughout recall, and attentional refreshing is utilized during the free time in recall. This allows for the possibility, for
instance, that an above-threshold item decays below θr during recall of an earlier list item. On the other hand, it allows
for the possibility that an item below θv is refreshed above
threshold just before it is needed for recall.

Decay and Attentional Refreshing
By default, items in working memory decay exponentially every cycle. When an item is attended to, whether in service of
refreshing, vocalization, or memory updating, the activation
of that item is instead increased towards an asymptote of 1.
The mean rates of decay and refreshing are determined by
the free parameters D and R, but the actual rates d and r are
drawn every update from Gaussian distributions with mean D
and R, and with corresponding standard deviations pD/4 and
pR/4. Thus, the single parameter p is used to control roughly
the maximum variation of each distribution as a percentage
of D and R. In alignment with TBRS∗ , the activation Ai (c) of
every item i in working memory at cycle c is updated at each
cycle according to the following equation:
(
Ai (c) + r (1 − Ai (c)) if i is being attended
Ai (c + 1) =
Ai (c) − d Ai (c)
otherwise

Name
D
R
p
θr
θv
b
ad
aa
tm

Current estimates of the duration of attentional refreshing
are 40-50ms, corresponding to roughly two 25ms cycles in
ARCADIA (Lemaire, Pageot, Plancher, & Portrat, 2017). Attentional refreshing then is initiated by strategy-specific components which retrieve the item for refreshing during the first
cycle, and the Refresher carries out the refresh operation over

Description
mean decay rate
mean refresh rate
proportional randomness
retrieval threshold
vocalization threshold
baseline activation
speech duration factor
speech attention factor
memorization time

Values
0.025 / 0.05
0.025 / 0.15
0.5 / 0.5
0.1 / 0.15
0.1 / 0.2
1.0 / 1.0
1.0 / 1.0
0.375 / 0.5
2/2

Table 1: Parameters for ARCADIA for cumulative / preventative and random refreshing strategies
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Results

of recall accuracy varies dramatically with respect to the refreshing strategy (see Figure 5). Under cumulative refreshing
(plotted in blue), ARCADIA exhibits a large primacy effect
with little to no recency effect. Random refreshing (plotted in
green) generates the opposite behavior; little to no primacy,
but extended recency. Finally, preventative refreshing (plotted in red) exhibits a much more even curve with little semblance of primacy or recency. This failure to capture both
primacy and recency effects simultaneously may result from
the choice of our particular parameter values, since TBRS∗
captures the serial position curve well without recourse to a
primacy gradient (Oberauer et al., 2012).

After a directed grid search minimizing for RMSE on the cognitive load effect (bracketed numbers indicating [low bound,
high bound, step size]) over D [0.025, 0.1, 0.025], R [D, 0.25,
0.05], θr [0.05, 0.25, 0.05], θv [θr , 0.25, 0.05], and aa [0,
1, 0.125], we settled on the parameters listed in the last column of Table 1 for the cumulative and preventative/random
refreshing strategies respectively. We use two different parameter settings because while preventative and random refreshing strategies always refresh items above θr , the cumulative strategy attempts to refresh all of the list items in forward order and accordingly sometimes fails to refresh items
under θr . These parameters sufficed to replicate qualitatively
the expected activation behavior predicted by TBRS, as well
as the cognitive load effect, but they are not fixed.
As shown in Figure 1, the activation trace for a sample trial
of the RDS task looks similar to that of TBRS∗ (the shaded regions indicate the attention-demanding portions of processes
of identical color in Figure 2). In contrast to TBRS∗ , items are
encoded at a fixed baseline activation (in this case at maximal
activation). Additionally, refreshing can occur during recall,
providing maintenance for items waiting to be recalled.

Reading Digit Span

6

Proportion Correct

1.0

0.6

cumulative
preventative
random

0.4
0.2
0.0

1

2

3

4

5

6

Serial Position

cumulative
preventative
random
data

5

0.8

Figure 5: Serial position curves for cumulative, preventative,
and random refreshing strategies
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Discussion
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0

0.5
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These results demonstrate that our attention-centric model
of working memory implements the TBRS theory closely.
While our current set of parameters do not reproduce serial
position curves observed in human data, they do highlight the
expected effect of each refreshing strategy over time. Cumulative refreshing exhibits primacy since the first item is refreshed most often, random refreshing exhibits recency since
early list items have more time to decay, and preventative refreshing exhibits even recall since each item is refreshed as
needed. It is likely then that parameter fitting for serial position data would yield models capable of explaining both cognitive load and serial position effects.

2.0

Number of Distractors / s
Figure 4: Cognitive Load Effect in ARCADIA

Cognitive Load Effect
In addition to capturing the behavior of activations in working
memory predicted by TBRS, ARCADIA captures the cognitive load effect: as the rate of distractor processing increases,
the reading digit span decreases linearly. Figure 4 shows
the cognitive load effects for ARCADIA on trials with 4, 8,
or 12 digits between each letter presented during 6s, 8s, or
10s intervals. The random (green line, r = .94, RMSE =
.86, n=1000), preventative (red line, r = .89, RMSE = .52,
n=1000), and cumulative (blue line, r = .88, RMSE = .39,
n=1000) refreshing strategies all correlate significantly (ps <
.002) with data in Barrouillet et al. (2004) plotted in black,
but only the cumulative and preventative strategies provide
close approximations to the data.

Conclusion
The TBRS model of working memory, as implemented in
ARCADIA, explains the cognitive load effect as the trade-off
between attentional capture in processing and storage. This
approach not only allows for our model to yield predictions
about the effects of attentional capture on recall, but is also
extensible to effects involving the privileged status of the focus of attention. In one study, reaction times were reduced for
the last-attended item (Vergauwe & Langerock, 2017). Additionally, time costs associated with switching attention between memoranda and distractor processing affect cognitive
load (Barrouillet et al., 2004). It is possible that interference

Primacy and Recency Effects
As predicted by TBRS∗ , plotting recall accuracy as a function of serial position in the list reveals that the general shape
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in working memory arises from a general center-surround inhibition over the focus of attention; under this interpretation
working memory items and distractors interfere with one another in virtue of being attended, not strictly because of involuntarily encoding of distractors into working memory. Following this line of reasoning there is evidence that the competition between exogenous and endogenous attentional demands directly determines the extent to which working memory representations bias visual search (Kiyonaga & Egner,
2014). ARCADIA has built into its architecture a heightened
status for the focus of attention; since all of the effects above
presumably rely on this sort of heightened state, ARCADIA
stands out as a desirable framework for their explanation.
While ARCADIA currently predicts the cognitive load effect, more could be done to produce realistic serial position
curves and error distributions— minimally, incorporating this
data in parameter fitting should improve our results. We have
seen consistently that the refreshing strategy largely determines the shape of the serial position curve; if each strategy
fails to reproduce primacy and recency on its own, then dynamic competition between different strategies could better
account for the data. One possibility is that participants use a
default refreshing strategy spontaneously but retain the ability to deliberately impose a different strategy with effort. It
has been shown that people engage in spontaneous refreshing,
but further research must address the degree to which deliberate strategies are utilized (Vergauwe & Langerock, 2017).
In addition, articulatory rehearsal is often considered to be
a complementary process to attentional refreshing (Lucidi et
al., 2016); however, it has also been hypothesized to have
little causal influence on recall (Lewandowsky & Oberauer,
2015). Although verbal rehearsal puts some demand on attention, limiting the short-term use of refreshing, it remains
unclear how verbal rehearsal interacts with refreshing to generate primacy and recency.
As a simplifying assumption, this version of working memory in ARCADIA only commits omissive errors. The human data for CSTs, however, also include transposition errors (recall of the incorrect list item at a position) and extralist intrusions (recall of a letter not belonging to the memory
list). Transposition profiles for each item follow a gradient
which peaks at the correct serial position, and decreases nonlinearly as serial position increases or decreases (Oberauer et
al., 2012). Reproducing this finding while maintaining a localist representation could require imposing similar probability distributions for each item upon retrieval. The incorporation of primacy, recency, transposition error, and other effects
described above would provide a wealth of explanatory power
for working memory research.

should not be taken to reflect any official policy or position of
the United States Government or the Department of Defense.
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Abstract

knowers uniquely predicts mathematics understanding in first
grade, even after controlling for important domain-general
and domain-specific factors (e.g., IQ, executive functions,
preschool mathematics achievement; Geary et al., 2017).
The most common task for assessing the development of
children’s understanding of cardinality is the give-a-number,
or give-N task (Wynn, 1990, 1992; see also Davidson, Eng,
& Barner, 2012; Le Corre & Carey, 2007; Le Corre, Van de
Walle, Brannon, & Carey, 2006; Posid & Cordes, 2015;
Sarnecka & Carey, 2008; Sarnecka & Lee, 2009; Sarnecka &
Wright, 2013; Shusterman, Slusser, Halberda, Odic, 2016;
vanMarle, Chu, Li, & Geary, 2014). In this task, children are
asked to provide a subset of items (N) from a larger pile as a
means of testing whether the child understands N. For
example, on a “three” trial, the child may be asked to give the
experimenter “three” bananas from a pile of 15 bananas. If
they are able to correctly provide three items reliably (usually
defined as correct on at least 2 out of 3 trials), then they can
be given credit for being a “knower” of that number word.
However, what about a child who then provides three when
asked for four? Are they a knower of three?
In Wynn’s (1990) original coding of the give-N task,
children were given credit for understanding a given number
word if they knew both when to correctly give that amount as
well as not to provide that amount for another number word.
In other words, knowledge of “three” requires not only an
understanding of when to provide three items, but also not to
provide three items when asked for “four” or “five.” For
example, a child who gives three reliably when asked for
“three” but also gives three when asked for “four” would be
categorized as a “two knower.” This “strict” coding of
children’s knower level may not provide the complete picture
of children’s number word knowledge. Indeed, it is possible
that these children are farther along in their development than
two knowers who just grab a handful when asked for “three.”
The above disconnect stems, in part, from the traditional
approach to treating children’s number word development as
stage-like, with there being an all-or-none understanding of a
particular number word. However, this approach does not
acknowledge the graded nature of children’s developing
knowledge (cf. Munakata, 2001). Specifically, early on in the

The most common measure of number word development is
the give-N task. Traditionally, to receive credit for
understanding a number, N, children must understand that N
does not apply to other set sizes (e.g., a child who provides
three when asked for “three” but also when asked for “four”
would not be credited with knowing “three”). We hypothesized
that such performance may reveal a transitional knowledge
state that marks children who are ready to progress to the next
knower level. An analysis of six previous studies (N = 200)
revealed that two, three, and four knowers flagged as having
partial knowledge of N+1 at pretest outperformed those with
no such knowledge on the give-N task at posttest. Results
support the idea of graded representations (Munakata, 2001) in
number word development and suggest the traditional
approach to coding the give-N task may not completely capture
children’s knowledge.
Keywords: give-N; cardinality; counting; partial knowledge

Introduction
Children’s early understanding of number words follows a
predictable but protracted development (e.g., Carey, 2009;
Wynn, 1990). Initially, children fail to see any connection
between their number words and the exact set sizes they
represent. For example, at this point if you were to ask a child
to give you “one” candy from a bowl they would likely just
grab a handful for you. However, around two and a half years
of age, children will begin to understand that “one” is
referring to a set of exactly one item. At this point they are
considered “one-knowers.” Now, that same child who gave
you a handful of the candies a few months before will be able
to give you the one candy you requested. However, if you
then go on to request “two,” they will likely again grab a
handful, showing they lack an understanding of exactly two.
A few months after this, children will connect “two” to a set
of exactly two and become “two-knowers.” This
developmental progression will continue until around the
point at which children understand “four.” At this point
children begin to understand that counting can be used to
determine the size of a set and become cardinality-principle
knowers (e.g., Carey, 2009). This development is not trivial,
as the age at which children become cardinality principle
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learning process, representations exist (i.e., they are present
within the cognitive system), but they do so in a relatively
weak state (e.g., Munakata & McClelland, 2003; Garber,
Alibali, & Goldin-Meadow, 1998). With more experience,
the representations become stronger allowing them to more
readily influence behavior (e.g., Alibali & Goldin-Meadow,
1993; Munakata et al., 1997; Siegler, 1976). During the
strengthening process, these representations may appear as
“partial” knowledge, wherein they are able to guide some
kinds of behaviors but not others. Tying this idea back to
scoring performance on the give-N task, when children are
initially learning a number word, their representation of that
number may be strong enough to allow them to provide the
correct amount, but not strong enough to prevent them from
providing that amount when asked for other, closely
associated numbers. Relatedly, it may be that the
representation for N + 1 is strong enough that it becomes
activated upon hearing N + 1 requested. Then, when N + 2 is
requested, and the learner, lacking any existing
representation for N + 2, is influenced by the now latent
representation for N + 1, leading them to provide N + 1 for N
+ 2.
The possibility of partial number word knowledge on the
give-N task can also be justified based on what we know
about how new, ambiguous words are learned. Specifically,
word learners do not suddenly develop a complete
understanding of a new word (e.g., Apfelbaum & McMurray,
2017; Yurovsky, Fricker, Yu, & Smith, 2014). Consider, for
example, participants in a cross-situational learning task.
These participants sometimes develop partial knowledge of
words before showing an understanding of the new words
(e.g., Yurovsky, et al., 2014), and competition between
different referents can influence learning (e.g., Apfelbaum &
McMurray, 2017). In the cross-situational word learning task,
individual participants are shown multiple novel items at the
same time while hearing novel labels for the items. On any
given trial it is not clear which label applies to which object,
requiring the learner to track the statistics of the objects and
labels across trials to learn each object-referent pairing.
Individuals who try and fail to make the correct mappings in
one block of trials are significantly more likely to make the
correct mapping on a subsequent block of trials, suggesting
that although learners may not display a correct
understanding initially, there is something about their
knowledge state that accelerates later learning (Yurovsky et
al., 2014).
More specific to children’s number word learning, there is
also evidence that children possess knowledge beyond what
is typically displayed on measures of cardinality. For
example, children may display an approximate understanding
of number words before they have an exact understanding
(e.g., Gunderson, Spaepen, Levine, 2015). When it comes to
partial knowledge of the give-N task, it has been argued that

children’s performance follows a pattern wherein they
develop non-exact meanings for each number words and then
combine this understanding for different words to show an
exact understanding (Barner & Bachrach, 2010). That is,
children may first develop an understanding that “two” is at
least two items and “three” is at least three items. This in turn
allows children to rule out “at least three” when asked for two
items, resulting in an exact understanding of two. The early,
non-exact understanding of number words has been
suggested as the reason for why children often provide
correct answers when asked for N + 1, despite not
consistently distinguishing between N + 1 and N + 2.
Although the theories and evidence we have presented here
so far support the idea that children who can provide N + 1
when asked for N + 1 may have partial knowledge of N + 1,
it is important to note that they may not. Such performance
may simply reflect random error, guessing, or a strategy to
give that amount for all unknown numbers (see Barner &
Bachrach, 2010 for a discussion of why such an explanation
is unlikely for performance within one timepoint). If this
alternative is true, then an N-knower who provides N + 1
when asked for both N + 1 and N + 2 should be no different
in terms of readiness to learn than their fellow N-knowers
who just grab a bunch when asked for N + 1. Researchers who
do not give credit for knowing N + 1 when a child also gives
it for N + 2 argue that any guesses should be lower bounded
based on children’s current knowledge (e.g., Sarnecka & Lee,
2009). In other words, if children have an understanding of
what N + 1 is, then it would prevent them from providing N
+ 1 as a guess for another number word. In such a case, it
may be that a child who provides three for both “three” and
“four” is truly just a two-knower like any other two-knower,
and so providing three items for three and four is more of a
default response akin to “more than two.”
The current study investigated the possibility that Nknowers who can give N + 1 reliably (even if they also give
N + 1 for higher numbers) are in a transitional or partial
knowledge state on their way to becoming “strict” N + 1
knowers who are able to correctly provide N + 1 only when
it is requested. We hypothesized that these children would,
therefore, be more likely to grow into strict N + 1 knowers
than their fellow N knowers who do not reliably produce sets
of N + 1. Although both groups of children would be coded
as N knowers at pretest under the traditional approach,
children who show partial knowledge of the next number
word should be more likely to progress to the next knower
level by posttest (after an intervention or time delay). We
tested this hypothesis by pooling data across several previous
studies that included a pretest assessment of children’s
knower level on the give-N task followed by some
intervention and/or passage of time and then a posttest
assessment of children’s knower level on the give-N task.
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Table 1. Characteristics of Each Study.
Study

Total N

Knower
Level

Age M
(in months)

Count Disks
M (SD) of 20

% Partial N + 1

N in control
condition

38

Time between
pretest and posttest
(in weeks)
4

1

24

2.08 (1.02)

41.88 (4.42)

5.42 (4.22)

2

44

2.82 (1.08)

50.19 (8.35)

8.14 (5.70)

34

5

16

3

63

2.43 (1.03)

54.57 (5.79)

7.95 (5.31)

33

5

23

4

38

2.11 (.95)

41.18 (3.29)

5.92 (5.43)

39

3

0

5

10

2.10 (.88)

40.51 (3.26)

8.30 (6.57)

10

2

0

6

21

2.24 (1.00)

41.37 (3.33)

7.48 (4.81)

24

4

0

0

one of the studies the items were small yellow counting chips.
Administration followed a titration method (e.g., Wynn,
1992; Sarnecka & Carey, 2008), where children were first
asked for one item. Once they had provided the item(s), the
experimenter asked “Is that one?” If the child said yes, the
trial was ended and the experimenter moved to the next trial.
If the child said no, the experimenter reminded the participant
of what was needed for that trial (e.g., “Zebra wanted one.
Can you give Zebra one?”). Similar prompts were repeated
after each trial. If the child correctly provided one item they
were then asked for two, but if they provided an amount more
than one then they were again asked for one item. This pattern
continued until children consistently gave the correct amount
for one set size (defined as providing the correct amount on
at least two out of three trials) as well as all lower set sizes.
Children were never told to count, but were allowed to do so
spontaneously.
Children’s knower levels were coded according to the
excel spreadsheet by Negen, Sarnecka, and Lee (2012). This
coding system is based off of the different patterns of
responding for children at a given knower level. However, it
does not allow children to be coded as five-knowers. Instead,
it codes pre, one, two, three, four, and CP knowers. To qualify
as a CP-knower, children needed to show evidence of
understanding both “five” and “six.” Though the model
allows for some mistakes, as even CP-knowers will
occasionally provide incorrect amounts for five or six, but
under the traditional titration administration of the give-N
task children would need to show reliable understanding of
both five and six (at least two out of three correct on each set
size). Thus, for our purposes here, we coded CP-knowers as
“six-knowers” given that children could be tested on sets
from one to six. Under this coding scheme, and the typical
titration administration, children would generally be able to
provide a “known” number for another set size on one
occasion, but if they do so on multiple occasions then they
would not be credited with knowing said number. In addition
to a knower level, children were coded as partial-N+1
knowers if they provided N + 1 for N + 1 and for N + 2 (e.g.,
a two-knower who provides three for “three” and “four”
would be considered a partial-three knower while a twoknower who provides more than three for “three” would not
be considered as having partial knowledge of three). Recall

Method
Participants
The current study included data from six previous studies of
the development of children’s understanding of cardinality to
examine if children have knowledge that is not captured by
the traditional approach to coding the give-N task. All studies
examined preschool-aged children’s performance on the
give-N task at two different time points separated by 2-5
weeks. Two of the studies included a control condition where
children completed a print awareness intervention. These
children were included in the present analyses, but excluding
them does not change the pattern of results reported below
(p < .05 for partial-N + 1 knowledge). There were 346
participants who completed these studies. Of these children,
39 were non-knowers and 100 were cardinality-principleknowers (CP-knowers, further described below). To focus on
the development of children’s understanding of cardinality
we used the approach of limiting our analyses to subset
knowers (i.e., one-to-four knowers; Le Corre, Van de Walle,
Brannon, & Carey, 2006). Of these 207 subset knowers, 7 had
knower levels that were unable to be accurately determined
(see note below in give-N section). Thus, the final sample
included 200 participants (105 girls, 95 boys; Mage = 47.45
months, SD = 8.16).

Design
We conducted an integrative data analysis (IDA) of
children’s initial and later performance on the give-N task.
By pooling participants across multiple studies, IDA allows
for a more powerful test of the hypotheses (e.g., Curran &
Hussong, 2009). Table 1 describes the characteristics of each
study.

Measures
Give-N (Wynn, 1990). This task is designed to assess how
far along children are in their understanding of cardinality.
Children were asked to provide sets of between one and six
items to a stuffed animal. For each trial, children were given
a pile of 15 items. In five of the studies, the items were small
rubber fruits that were being used to make a fruit salad. In
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that the Negen et al. coding scheme does not allow for fiveknowers. Thus, there was one additional way for fourknowers to be coded as partial-N+1 knowers here.
Specifically, four-knowers were also coded as partial-N+1
knowers if they reliably gave five for five but failed when
asked for six. There were 10 participants who fell into this
latter group, and the findings do not change if we exclude
them. We did exclude seven participants in the sample whose
give-N performance was noted as difficult to interpret
because their ability to reliably give a given number when
asked greatly out performed their knower level (i.e., by two
or more knower levels). For example, a child who gave one,
two, and three correctly but then gave two when asked for
“four” should technically be coded as a one knower despite
reliably producing sets of both “two” and “three” when
asked. We excluded these children from the analyses below,
but conclusions did not change when we included them either
as partial-N+1 knowers or as not partial-N+1 knowers.

group of two, three, or four knowers there was a significant
effect of partial N + 1 knowledge, F(1, 6.941) = 15.554, p =
.006, h"! = .691. Thus, children who are two, three, or four
knowers who show partial knowledge for N + 1 at pretest
show greater performance on the give-N measure at posttest
than those who do not show such knowledge.
Although knower levels are often analyzed using
ANCOVAs or regression models, they may better be
conceptualized as ordinal rather than continuous. To ensure
that the way the data was analyzed did not influence our
interpretations of the effect of partial N + 1 knowledge for the
two, three, and four knowers we also conducted an ordinal
logistic regression with knower level at posttest as the
dependent variable, partial N + 1 knowledge (yes or no) and
study as factors, and count disks performance and knower
level at pretest as covariates. Similar to the ANCOVA, partial
N + 1 knowledge predicted posttest knower level 𝛽% = 1.24,
Wald(1, N = 154) = 4.06, OR = 3.47, p < .001. See Figure 1
for information about the proportion of children improving
by knower level.
Note that age was not included as a covariate in the
analyses. Although a child’s age is often included as a
covariate in analyses of knower level (e.g. Sarnecka & Lee,
2009), we chose not to include age here because of the
existence of the pretest measure. When pretest is included as
a covariate, the benefits of including additional covariates
depend on their ability to predict growth from pretest to
posttest. Although age is often associated with knower level
within a given time point (e.g., Sarnecka & Carey, 2007),
initial analyses of the data showed age was unrelated to
growth (p = .313), so it was not included in the final model.
However, conclusions are the same when age is included as
an additional covariate.

Proporiton Who Improved
in Knower Level

Count Disks (Mix et al., 2012). This task is designed to
assess children’s counting skill. Children are shown 20, oneinch disks placed an inch apart on a foam board. The disks
are arranged in a straight line and alternate between blue and
green. The experimenter asked for the child’s help to count
the disks. The highest number the child was able to count to
while maintaining a stable-sequence (counting in the correct
order) and one-to-one correspondence (counting each disk in
order and only once) was coded as their highest count. The
task was administered twice in each session for five of the
studies, but only once for one of the studies (Study 1). To
equate coding across the studies, the first successful attempt
that children completed was used for the analyses (i.e., if the
child refused to count the disks the first time in the sessions
with two attempts, the second attempt was used). There were
no refusals in Study 1.

Results
To test whether partial-N+1 knowledge predicts posttest
knower level, we conducted an ANCOVA with posttest
knower level as the dependent variable, partial-N+1
knowledge (yes or no), pretest knower level, and the
interaction as fixed factors. Study was included as a random
factor, as was the interaction between study and partial N + 1
knowledge, allowing for a test of whether the effects of
partial N + 1 knowledge differed between studies. Count
disks performance at pretest was included as a covariate.
There was a significant main effect of partial-N+1
knowledge, F(1, 26.788) = 9.225, p = .005, h"! = .256, as well
as an effect of pretest knower level, F(3, 181) = 32.545, p <
.001, h"! = .350. The effect of pretest count disks performance
was not statistically or practically significant, F(1, 181) =
3.776, p = .054, h"! = .020. However, the main effect of partial
N + 1 knowledge was qualified by an interaction with pretest
knower level F(3, 181) = 3.127, p =.027, h"! = .049. For the
group of one-knowers, there was not an effect of partial N +
1 knowledge F(1, 16.256) = .034, p =.857, h"! = .002. For the
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Figure 1. Proportion of children who improved in knower
level by pretest knower level and whether they exhibited
partial knowledge of N + 1 at pretest. Error bars reflect +/- 1
standard error.

Discussion
This study examined the possibility that children may
have partial knowledge of number words that is not reflected
in how the give-N task is traditionally coded. In partial
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support of our hypothesis, two, three, or four knowers who
gave N + 1 for both N + 1 and N + 2 progressed to a higher
knower level, on average, when compared to their fellow N
knowers who did not reliably give N + 1 when asked for N +
1. It is important to note here that this pattern of results does
not simply indicate that the traditional way of coding of
children’s number word understanding is incorrect. An adultlike understanding of N + 1 clearly necessitates an
understanding that the number just provided for N + 1 should
not also be used for N + 2. Thus, simply ignoring the amount
that children provide for incorrect answers would leave out
important information about how children are interpreting
number words. Moreover, the traditional way of coding the
give-N task has evidence of validity based on its correlation
with other measures of cardinality understanding (e.g., Lee &
Sarnecka, 2011; Le Corre et al., 2006; Wynn, 1990, 1992)
and its ability to predict future mathematics understanding
(e.g., Geary et al., 2017). Nonetheless, children who reliably
gave N + 1 when asked for N + 1 did reach a higher knower
level at posttest compared to their fellow N-knowers who did
not reliably give N + 1 when asked for N + 1. This finding
suggests that children’s ability to give N + 1 when asked for
N + 1 may be the first step toward progressing to the next
knower level.
The lack of partial N + 1 knowledge shown for the oneknowers who provided two for “two” and two for “three”
may be due to children initially treating number words greater
than one as “plural” (e.g., Carey, 2009). That is, early in the
learning process when children have learned “one” they are
differentiating singular and plural, and simply treat all higher
number words as “more than one.” However, once children
have developed an exact understanding of “one” and “two”
this distinction is no longer used, and higher number words
can begin to be interpreted not as singular or plural but in
reference to specific set sizes.
These results have important implications for how
children’s knower levels on the give-N task are
conceptualized. Typically, researchers have treated number
word development as something that occurs in an all-or-none,
stage-like fashion. However, these results add to recent
evidence suggesting that word learning proceeds in a noisier
fashion (e.g., Apfelbaum & McMurray, 2017; Barner &
Bachrach, 2010; Yurovsky et al., 2014). The results also align
with the idea that children’s knowledge can exist in
transitional or graded states (e.g., Alibali & Goldin-Meadow,
1993; Munakata et al., 1997). Similar to the research in
gesture-speech mismatch, entertaining multiple hypotheses
or strategies (thinking N + 1 applies to N + 2) can signal
readiness to learn (Alibali & Goldin-Meadow, 1993). The
partial knowledge of N + 1 may also reflect the strengthening
process of children’s early numerical representations,
showing how early knowledge shapes later behaviors.
Although these results suggest number word development is
less straightforward than traditional ways of coding the giveN task capture, it is unclear how best to measure such
development.

The current study suggests that partial knowledge predicts
children’s growth in performance on the give-N task over
time, but it remains to be seen just how this partial knowledge
manifests itself in a given time point. In other words, outside
of providing N + 1 when asked for N + 1 on the give-N task,
how else can this partial knowledge be seen, if at all? Other
common measures of children’s understanding of cardinality
require less action on the child’s part to respond. For
example, on the point-to-X task (e.g., Wynn, 1992), similar
to give-N, children are told the target set size for the trial, but
in the point-to-X task they simply need to point to one of two
possible sides. Such pointing behavior may not require as
strong of a representation to display an understanding of a
given number as the give-N task does, possibly creating
another measure that may be sensitive to children’s partial
number knowledge. Another popular measure, the what’s on
this card? (WOC; Le Corre et al., 2006) task may not provide
the same sensitivity. In the WOC task, children are shown a
card and have to come up with the cardinal label on their own,
instead of being given the cardinal label and having to
identify or create the relevant set. Without the given label in
the environment to activate the relevant representation it’s
possible that children with partial knowledge of N + 1 would
perform similarly to children with no such knowledge. Future
research will be needed to determine whether the partial-N
knowledge observed in the present study extends to
performance on other measures of an understanding of
cardinality as well as other measures of early mathematics
understanding.
It is also important to consider the possibility that the
knowledge observed in the present study is more than partial
knowledge. Perhaps the traditional way of coding the give-N
task is simply too strict and not reflective of children’s true
knowledge. We do not expect that to be the case, given the
past evidence of the give-N task’s validity (mentioned
above). However, if this were the case, then partial-N+1
knowers should simply be coded as N + 1 knowers and they
should perform similarly to other N + 1 knowers both in terms
of their pre-to-post growth in understanding cardinality, and
in terms of their performance on other measures of counting
and cardinality. Future research can begin to test this
possibility by comparing these two groups.
Overall, the current study suggests that children know
more about number words than is currently captured by
traditional ways of coding the give-N task. These findings are
consistent with other recent research suggesting that the giveN task, on its own, may not provide a complete picture of
children’s knowledge of the cardinality principle (Baroody,
Lai, & Mix, 2017). Further research is needed to determine
how exactly different strengths of number knowledge may
influence children’s development, and how better to design
measures to capture individual differences in the
development of children’s understanding of cardinality. In
the meantime, results suggest that researchers may benefit
from including multiple measures of children’s
understanding of cardinality to provide converging evidence
of where children are in their development.
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Alternatively, rule-based systems (e.g., Feldman, 2000)
typically handle discrete feature values. Rules of this system
naturally compose to generate increasingly complex but precise rules. Additionally, rules are easily verbalized making
them prime for linguistic transmission. In generating rules,
linguistic labels have been shown to affect how people divide
the mental space into categories. Language facilitates how
information is stored by highlighting perceptual distinctions
in the world and serving as a cue to attend to that distinction
and form a category (Waxman & Markow, 1995). In color
space, it has been shown that a distinction in blue color labels
that is present in Russian but not in English contributes to differences in perceptual color discrimination tasks (Winawer et
al., 2007). These findings provide evidence that language can
affect perceptual categorization.
Research on cognitive development suggests that the use
of these two systems may transform over time when acquiring a given concept (Werner, 1948; Bruner, Olver, & Greenfield, 1966; Kemler, 1983). Children initially learn using a
similarity-based system, but later develop a rule-based representation. The early similarity-based system allows a child to
make a judgment without explicitly knowing the relevant features (Kemler, 1983). For example, a child can judge holistically whether an object is a diamond based on its similar
appearance to previous diamonds seen. The child does not
need to understand the concept of an equilateral polygon (i.e.
all sides on a figure being equal) in order to make this judgment. However, after learning about equilateral polygons, a
child will be able to make better generalization judgments on
novels objects that are not visually similar to prototypical diamonds.
Additional hybrid theories exist including RULEX
(Nosofsky, Palmeri, & McKinley, 1994). In RULEX, the
model learns rules and exceptions to those rules. While similarity is not explicitly implicated, the flexibility provided by
the exception allows for the model to capture similarity based
generalizations. Additionally, probabilistic rule-based systems capture a more expansive set of conceptual components.
Goodman, Tenenbaum, Feldman, and Griffiths (2008)’s rational rules model represents a distribution over rules, which can
provide gradient beliefs in each possible rule. Heit and Hayes
(2011) adopted a model similar to the rational rules model
that explicitly incorporates the notion of similarity embodied
by the Generalized Context Model (Nosofsky, 1988) as a rule
in order to explain inductive reasoning behavior.
In the current literature, it is unclear how the evaluation
of gradient features is or could be incorporated in rule-based
models. If the evaluation of gradient features can be integrated into a compositional system, will this component cap-

When learning about the world, we develop mental representations or concepts for things we have never seen. At the same
time, we also develop representations for things that are similar
to what we have experienced. Traditionally, similarity-based
and rule-based systems have been used as distinct models to
capture conceptual representation. However, it seems implausible that we do not flexibly deploy both systems. Whether
both systems can be used simultaneously to represent components of a single concept is an open empirical question. One
example suggesting that the use of both systems is possible is
the concept of a ZEBRA, which looks like a horse but striped.
Using an artificial concept learning task, we test whether people can combine similarity and rules compositionally in order
to represent concepts. Our results suggest that people are able
to compose similarity and rules when mentally representing a
single concept.
Keywords: concept learning, conceptual representation, similarity, rules, generalization

Introduction
Concepts are at the core of how humans develop an understanding of the world around them. That being said, exactly
how concepts are represented in the human mind has long
been debated within the field of cognitive science (Margolis
& Laurence, 1999). Traditionally, at least two distinct systems have been used to describe conceptual representation
(Hahn & Chater, 1998): similarity (e.g., Shepard, 1980;
Newell & Simon, 2007) and rules (e.g., Nosofsky, 1984).
Research in the conceptual representation domain often attempts to construct a core distinction between these two systems. Given the assumption that we use both similarity- and
rule-based representational systems, it still remains an open
question as to how the systems interface within a single concept. How do we represent concepts such as ZEBRA, which
can easily be and is readily described as being like a horse but
striped, where the concept seems to require both similarity(”like a horse”) and rule-based (”striped”) components?
Both similarity- and rule-based systems have much to offer in terms of explanatory power. Similarity-based systems
rely heavily on memory for perceptual features. In similaritybased systems, previously seen examples are sometimes represented as a noisy feature vector. This format has two distinct advantages. First, features do not need to co-occur deterministically in order for some abstraction to be made. As a
result, characteristic features of concepts are stored and used
to aid recognition. Second, similarity-based systems flexibly
handle partial matching during generalization tasks—i.e. a
novel item does not need to strictly match the abstract representation of a given category on all dimensions in order to be
grouped into that same category. This is a desirable feature
considering the rampant inconsistencies in our world (e.g.,
most but not all chairs have legs).
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ture patterns of similarity, such as the preservation of continuity within the representation? Our goal in this paper is
to see whether people freely combine gradient similarity and
discrete rule-like features as components of a larger compositional system. We conducted an experiment to examine
whether similarity- and rule-based systems can compose to
represent a single concept with both continuous and Boolean
dimensions. We argue that both similarity and rules are necessary and can be combined to form mental representations.

Experiment

Figure 1: Function used to generate the stimuli shape.
Bernoulli distribution followed by a uniform distribution is
used to determine what shape is generated. Both uniform distributions share the same shape at the “edge value” (in red
box).

To investigate whether learners can compose similarity- and
rule-based mental systems, we used an artificial concept
learning paradigm. Participants were asked to make generalization judgments (i.e. whether the label applied to a new
item) for a novel concept, fep. Critically the concept being
learned contained two relevant features: one that was gradient (i.e. not readily discretized into categories or easily
described with language) and one that was binary (i.e. taking discrete categories and easily described with language).
Thus, we assumed that the continuous feature would elicit
the use of similarity-based representations and the Boolean
feature would elicit the use of rule-based representations. If
participants retain a gradient representation in concepts combining both features, we can conclude that people can combine similarity- and rule-based representations compositionally and flexibly. However, participants may not necessarily
retain a gradient representation: they could discretize the continuous feature by, for instance, “coding” the feature as a new
binary feature for “similar enough.” If participants do this, it
would suggest that they are not maintaining the gradient similarity information within the compositional system. A third
possible outcome is that participants may not combine systems at all—they may generalize along either the continuous
or the discrete dimension, suggesting that participants resist
combining systems.

Figure 2: Normalized similarity ratings for each of the 50
stimuli shapes. Slope in mean of similarity ratings indicates
that the similarity of the shapes is perceived gradiently.
points marking the extreme edges of two uniform distributions, where one edge was shared among the distributions
(Figure 1). This generating function lends itself to forming
a prototype, where the shared distribution edge along each
vertex acts as this prototype.
Along the fill color dimension, the stimuli were either filled
in black or white. This was manipulated by manually adjusting the fill color, creating both a black and white filled image
for each shape. Thus, we expect that shape will be perceived
as a gradient feature based in similarity to a prototype, and
fill color will be perceived discretely as a binary feature commonly studied in Boolean concept learning.
In order to measure how similarly the gradient feature
(shape) would be perceived, we first collected norming data
(n = 30). We asked participants to adjust a slider in order
to rate each shape’s similarity to a single shape acting as
the reference point. The reference point used was the prototype described above (Figure 1). The fill color was held
constant across all shapes. We then normalized each of these
ratings relative to the given participant’s responses and used
the means of these normalized z-scores as the similarity measurement for a given shape (Figure 2). The reference shape
when rated in comparison to itself is represented by the far
right bar and has the highest similarity rating, acting as a sanity check.

Participants
We recruited 106 participants on Amazon Mechanical Turk.
Three participants were excluded because of their failure to
complete the task. Two other participants completed the nonlinguistic task but failed to complete the linguistic task. These
participants’ non-linguistic data was included in the analysis.

Stimuli
The stimuli consisted of 100 unique images, each of which
was manipulated along two features: shape and fill color.
Along the shape dimension, there were 50 shapes. Shapes
were generated using a custom python script and were outputted to an SVG file1 . The curvature of the arcs defining
the shapes were determined by a normal distribution and the
coordinates of each of the four vertices were determined by
independent uniform distributions. That is, along both the
x- and y-axes for each of the four vertices, there were three
1 Code

avalilable at github.com/loey18/Oey Zebra/
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Figure 3: An outline of the experimental setup: (left) the generalization trials where participants respond to which novel
shapes are considered feps; (right) the verbal description task
with wugs and daxes labeled for potential use in verbal descriptions.

Figure 4: Prediction graph for each of the four proposed hypotheses. The x-axis represents similarity on a scale of 2.5
to 2.5. The y-axis represents the percent of instances that a
given item is generalized to (i.e. a test item is predicted to be
a fep). The line types represent the items with the different
discrete features.

Procedure
There were two parts to the primary experiment: a generalization task and a verbal description task (Figure 3).
Generalization Judgment (Non-Linguistic) Task. Participants were shown exemplars of a novel object fep, analogous to how real-world learners might acquire a lexical label
(e.g. “kangaroo”) by exposure to examples. Participants saw
a total of six fep exemplars incrementally over six trials. The
fep exemplars were white and similar to the prototype reference shape used to collect the norming data. The exemplar
feps were consistent across all participants; although the order in which these exemplars were displayed was randomized
for each participant.
On each trial, participants were shown a labelled exemplar of a fep, which remained on the screen for the remainder
of the experiment to reduce memory load. Participants were
then shown ten novel test items that were sampled randomly
without replacement from the full stimulus set and asked to
indicate which were feps by checking yes or no (Figure 3).
Participants received feedback after each generalization judgment, being shown either a green check mark if correct, or a
red X if incorrect. For the generalization stimuli, feps were
the 23 white filled shapes that received the highest similarity
ratings in the norming study. On average, participants saw 2.8
feps per trial (including the exemplar), none of which were
the fep exemplar itself. Participants made a generalization
judgment on each of the 60 test items. Since the total set of
stimuli consisted of 100 items, and participants were exposed
to the six exemplars and 60 test items, participants only saw a
subset of the total stimuli. After labeling the feps, participants
were shown additional examples.
Verbal Description (Linguistic) Task. At the end of the
generalization task, participants were asked to provide a verbal description of a fep by typing into a text box. To do so,
participants were provided with two novel labelled images to
act as potential terms in their descriptions, though they were
instructed that they were not required to mention these. One
of the objects (wug) was white filled but dissimilar in shape
to a fep. The other (dax) was black filled but had a similar
shape to a fep (see Figure 3).

The description task served two purposes. First, the task
acted as a sanity check to verify that participants did not induce the same set of rules defining the boundaries of the fep
shape space. If participants induced some set of hard and fast
rules to capture which items were labelled as feps (e.g. flat
top and curved bottom), this would suggest that subjects had
discretized the continuous space and therefore not combined
representational systems. If they did do not articulate these
types of rules, this task allows us to use the linguistic data
to examine participants’ likely representations. For example,
participants’ descriptions may suggest a similarity-based representation through the use of terms like “like” and “similar
to.” In general, one can examine the frequency of modal or
gradable language (Lassiter, 2017) used in the descriptions in
order to distinguish between a similarity function and a probabilistic rule.

Possible Outcomes
Generalization Judgment (Non-Linguistic) Task. We primarily considered four potential outcomes from the nonlinguistic experimental task. Figure 4 shows what each possible outcome predicts about how generalization should scale
with similarity and the discrete feature. In (a)-(b) participants
may only generalize their concept of a fep along one of the
two critical features, suggesting that people use the representation systems separately: (a) Participants may exclusively
generalize along the Boolean feature (i.e. black versus white
fill), suggesting the use of a rule-based representation but not
gradient similarity (Figure 4, top left). (b) Similarly, participants may exclusively generalize along the gradient feature
(i.e. shape), suggesting the use of a similarity-based representation (Figure 4, top right). Alternatively, in (c)-(d) participants may consider both the Boolean and gradient feature
when making generalization judgments: (c) Boolean and gradient features may be considered when making generalization judgments; however, the gradient feature may in fact be
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evaluated along a discretized rule (Figure 4, bottom left). Participants may align on some threshold to indicate an item is
“similar-enough” to some other item, and items below that
threshold are not “similar-enough.” In other words, within
such a compositional structure, similarity would be mapped
onto rules. (d) If the Boolean feature is evaluated using a
rule-based system and the gradient feature is evaluated using
a similarity-based system, we would predict results similar
to the bottom right graph in Figure 4, where the effect of
gradient feature will be evaluated differently, depending on
the Boolean feature. In other words, similarity would preserve continuity in conjunction with discrete features within
a larger compositional structure.

Figure 5: Results from the artificial concept learning experiment across participants over the last three trials of the task.
There is an interaction between the Boolean feature (object
fill color; represented as point color) and perceived similarity
(shape; represented on x-axis) affecting generalization judgments (y-axis).

Results

Intercept
Fill
Similarity
Interaction

Estimate
3.056
3.065
0.739
1.231

z-score
15.466
14.067
3.059
3.596

Probability Generalizing

Figure 5 shows the experimental results of the generalization
judgments from the last three trials. The x-axis shows the
normed similarity ratings for each test item shape. The yaxis shows the proportion of responses that answered ”yes”
to the question of whether a given test item was also a fep,
which varied from 0 to 1. The different colors of the data
points represent the fill color of the test item. Critically these
results closely resemble the predicted results in the bottom
right of Figure 4 (d), where subjects show a strong continuous
gradient for white items but not for black items. This suggests
that participants are evaluating both the discrete and gradient
feature compositionally, and in assessing the gradient feature,
a similarity-like continuous representation is preserved.
We assumed that participants would develop a representation of the concept in the first half of the experiment (i.e.
first three trials). We examine the learning aspect separately
below.
We also used a logistic mixed-effects regression model
to analyze the data from the last three trials. The response
variable was whether subjects generalized (yes/no), predicted
from the similarity and object fill. Critically, the model examined whether there was an interaction between stimuli similarity rating on shape and the stimuli’s fill color. The fill color
independent variable was dummy coded, with black fill as the
referent level (black = 0, white = 1). Additionally, the model
contained by-participant, by-test item, and by-exemplar random intercepts. The data was analyzed in R using the glmer
function of the package, lme4 (Bates, Mächler, Bolker, &
Walker, 2014).
Table 1 displays the coefficient estimates and p-values from
the model. We found significant effects of fill, similarity, and

Black

White
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0.00
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2
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Similarity

Figure 6: Predictions for individuals generalization probability as a function of similarity for black and white stimuli. The
gradient slope for similarity among the white images, suggests participants do not have step-like thresholds for similarity.
the interaction between fill and similarity (Figure 5). These
results suggest that people are able to combine similarity- and
rule-based systems when developing a representation for the
concept fep since they not only take into account both features, but how they treat each feature is dependent on the
other feature, as reflected by the interaction.
In examining the mental representation of the gradient feature, it was important that we assess whether participants
evaluate the feature continuously or discretely. Showing that
aggregated generalization judgments along the gradient feature are linear provided supporting evidence for a continuous representation. However, we might also see a linear pattern if participants had individually-variable, discrete similarity thresholds. To address this alternate hypothesis, we fit
a logistic regression for each participant individually. The
model predictions are visualized in Figure 6, which shows
each individual subjects’ classification curve as a function of
the similarity. While the judgment is somewhat qualitative,
we do not find sharp step-wise functions reflecting discrete
similarity thresholds within individuals.
One surprising result that is hinted at in Figure 5, but con-

p-value
p < 0.0001
p < 0.0001
p < 0.0030
p < 0.0004

Table 1: Regression parameters of logistic mixed-effect regression model.
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firmed in our regressions, is that there is a significant effect
of similarity within the black filled test items. One potential
explanation for this is that participants are not learning the
rule over the fill color feature to the extent that we expected
they would. There may still be a belief in the relevance of
shape similarity, even when the evidence should suggest that
similarity should be irrelevant given the rule. However, it is
also important to note that the slope is relatively flat. As the
participant pool is large (n = 103), we may be detecting small
effect sizes.
Learning. The qualitative pattern of category learning
over the course of the experiment’s six trials is shown in Figure 7. Each panel corresponds to generalization judgments in
a given trial.
Data points in the initial trials are more scattered, but over
the course of these first few trials, the trend shown in Figure
5 begins to emerge. In our data, by around the third trial,
participant data is beginning to show a positive slope for the
white filled items and a different, flatter slope for the black
filled items. Interestingly, the initial trials seem to show general positive sloping trends between generalization judgments
and similarity ratings across both fill colored items. This is
indicative of a shape bias (Landau, Smith, & Jones, 1988)
where participants appear to notice the effect of shape before
the effect of fill color. Additionally, the slope of the white
filled items are shifted upward relative to the black filled
items, indicating a smaller tendency to generalize to items
that share the same color as well very early. These categorization patterns in the initial trials indicate a similarity-based
representation, which is consistent with the view that similarity is free, i.e. similarity representations are quickly learned.
Language. We predicted that participants would describe
a fep using language of both rules and similarity. Given our
verbal prompts which provided additional labels participants
could use, one such predicted verbal response would be “A
fep is white and like a dax.” An alternative is that participants
could exclusively use similarity-like language (e.g. “A fep
is like a dax in shape and like a wug in color.”) or use one
dimension but not another.
The verbal responses were individually hand-coded by the
first two authors into mutually exclusive categories (i.e. yes,
feature is present vs. no, feature is not present) along two
dimensions (i.e. similarity-like and rule-like language). The
inter-rater agreement was measured at a Cohen’s kappa coefficient of 0.678.2 The discrepancies were debated, and a
post-reconciliation kappa coefficient was found to be 0.989.
The results of this classification are presented in Table 2.
As predicted, we find that people do in fact use both rules
and similarity-like language (e.g. “A fep is more like a dax but
white.”), and this occurred in 36.6% of responses. It is also
important to consider that 86.1% of participants using rules
in their language, suggesting that rule-based representations
are preferred in language. A key contributing factor is that

¬Rules
Rules
Total

¬Similarity
8
50
58

Similarity
6
37
43

Total
14
87
101

Table 2: Counts of the 101 participant verbal descriptions,
categorized by uses of similarity and rule representations in
language.
language is often considered to be rule-like and discrete; thus,
it may be unsurprising that the majority of participants use
rule-like language in their descriptions.
There is one prominent limitation to our verbal description task: Our target concept was not designed to be interrelated (Goldstone, 1996) and so including the moduli (i.e.
wug and dax) with the prompt may have increased comparisons between objects even when unnecessary, as expected
by Gentner and Medina (1998). Some participants were redundant, using both rules and similarity to describe the same
feature. This occurred more often along the discrete feature
dimension (e.g. “A fep is white like a wug”), and was less
frequent for the continuous feature dimension (e.g. “It has a
similar shape to a dax; with an indentation on the bottom left
and straight lines on the top and bottom right”).
These results are not surprising. The rule based component
(i.e., white) is easy to encode and vital to convey the correct
concept; whereas, the similarity based component is equally
as costly to explain in terms of rules or similarity. Additionally, participants in our task were biased to generalize on the
basis of shape. Given this bias, it might be more informative to convey the fill dimension than the shape dimension.
Future research will have to tease apart how inductive bias
and task demands give rise to verbal descriptions, including
how effective participant descriptions convey the information
required to identify feps and complete our task. In addition,
our verbal description task occurred at the end of the experiment. Future work should examine how verbal descriptions
compare and contrast across stages of varying exposure.

Discussion
Our results have demonstrated that people are able to develop
a representation for concepts with both discrete and gradient features. Furthermore, people’s representations seem to
compose rule- and similarity-based representation systems,
reflected both in their generalization patterns and verbal descriptions of these concepts.
Thus, these results have provided further evidence in support of hybrid theories of representation. Not only can representation transform from one system to another, but both systems may be used compositionally when necessary to represent a single concept. By examining representation at the feature level, we may examine how two competing systems may
not only co-exist but also act to complement one another, as
suggested by Heit and Hayes (2011). Future research should
explore the factors motivating the use of each system, perhaps
is different domains. Where both a purely rule-based and a

2 The main discrepancies were about response relevance to the
task, as opposed to the presence of similarity- or rule-like language.
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Figure 7: Results of the generalization task broken down by amount of data provided to learners (facets). With increasing data,
the interaction slope difference between black- and white-filled items becomes more pronounced.
purely similarity-based system may fail to capture a conjunctive discreteness and gradation of the features, having access
to a compositional system such as this points to the flexibility
of the human mind’s ability to grasp a large variety of concepts.
Note that in spite of our findings, there still remain hard,
open questions about how similarity is measured and what
exactly it is. Similarity is not simple; for one, it is dependent on context (Tversky & Itamar, 1978). Similarity itself
may be a measure that is used after all rule-based algorithms
have been exhausted in evaluating a given concept. It may
also be the case that similarity can be characterized as a probabilistic function in a stochastic representation language that
is both rule-like and supports gradience through probability
calculations (e.g., as in Church: Goodman, Mansinghka, Roy,
Bonawitz, & Tenenbaum, 2012), suggesting a natural unifying framework.
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Conclusion
In summary, our findings have demonstrated that people flexibly combine rule- and similarity-based representations compositionally within a single concept. Although both systems
are often compared and contrasted with one another, our data
provides evidence for a unifying system that composes similarity and rules as components, depending on the target concept to be represented. Models of compositionality over components to describe mental representation contributes to a current trend in cognitive science toward the theory of a language
of thought (Fodor, 1975).
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the same ethnic group (Stanley, Sokol-Hessner, Banaji, &
Phelps, 2011), subjectively rated trustworthiness based
purely on appearances (van ’t Wout & Sanfey, 2008) and
stories about the partner’s moral character (Delgado, Frank,
& Phelps, 2005), or other indirect information (Zarolia,
Weisbuch & McRae, 2016).

Abstract
Trust is central to social behavior. In interactions between
strangers some information about group affiliation is almost
always available. Despite this, how group information is
utilized to promote trust in interactions between strangers is
poorly understood. Here we addressed this through a two-stage
experiment where participants interacted with randomly
selected members of two arbitrary groups and learnt their
relative trustworthiness. Next, they interacted with four novel
individuals from these two groups. Two members, one from
each group, acted congruently with their group’s previous
behavior while the other two acted incongruently. While
participants readily learnt the group-level information in the
first phase, this was swiftly discounted in favor of information
about each individual partner’s actual behavior. We fit a
reinforcement learning model which included a bias term
capturing propensity to trust to the data from the first phase.
The bias term from the RL model predicted participants’ initial
behavior better than their expectations based on group
membership. Pro-social tendencies and individuating
information can overcome knowledge about group belonging.

Learning to Trust
Trust decisions in real-life are rarely one-shot interactions.
Indeed, the role of trust in grounding lasting relationships is
one of the key reasons for the importance of understanding
its cognitive mechanisms. Recent work has begun to address
how trust evolves during repeated interactions. Outcomes
from past interactions lead to expectations concerning how
the partner will continue to act. This in turn informs one’s
decisions of whether to continue trusting an individual or not
(King-Casas et al., 2005). Understanding the dynamics of
trust, how trust changes in response to incoming information,
is therefore central to understanding its underlying
psychology.
Studies on repeated trust games have proposed a
computational account of how state trust is learnt (e.g. Chang,
Doll, van ’t Wout, Frank, & Sanfey, 2010; Fareri, Chang, &
Delgado, 2015), based on reinforcement learning (RL)
models. RL provides a powerful framework for
understanding how feedback from the environment is
gradually integrated, through prediction error learning, to
inform future actions. The assumption is that a person is
attempting to maximize their expected utility from a given
interaction. Importantly, past research has demonstrated how
individuals not only learn the degree to which partners
reciprocate, but that this learning is best described using
models which include influence of general impressions of
trustworthiness (Chang et al., 2010), or a value placed on
social interaction (Fareri et al., 2015).

Keywords: Trust; reinforcement learning; decision making;
morality

Trust
Trust is fundamental to social behavior. If you do not trust a
person, you are less likely to want to interact with that person.
As such, trust is central not only to maintaining healthy
interpersonal relationships but is also foundational for
socioeconomic prosperity and the long-term survival of our
species. This paper investigates trust in the context of
knowledge about an individual’s social group.
Due to its importance trust has been investigated in multiple
ways. Here we take trust to be reflected in actions of
assuming risk by allowing a desirable outcome to be
dependent on the (uncontrollable, unknowable) actions of a
partner (Mayer, Davis & Schoorman, 1995; Berg, Dickhaut
& McCabe, 1995). Trust can be divided into a state and trait
component in the trustor (Mayer, Davis & Schoorman, 1995).
The trait component reflects the trustor’s propensity to trust
and may be affected by general beliefs about individuals as
well as by what prosocial tendencies are present in the culture
or wider context in which trustor’s find themselves in.
(Peysakhovich & Rand, 2015).
The state component reflects more immediate knowledge
about the trustee. For example, when deciding to trust a
partner for the first time, multiple sources of information can
interact, such as implicit opinions about people belonging to

From Group to Character
A limitation of studies like those reviewed above is that they
study the dynamic evolution of initial trustworthiness
impressions and subsequent trust decisions in interaction
with individual partners. However, humans are specialized
for group living, and group belonging is a central feature of
individuals’ identity (Cikara & Van Bavel, 2014). How
knowledge about groups influences and affects behavior in
repeated trust situations is a surprisingly understudied. Here
we attempt to fill this gap by examining how participants first
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Figure 1. Overview of trial structure. Each trial participants were presented with a partner and given a choice to invest
their endowment or keep it. Invested points were quadrupled. If participants invested the partners either reciprocated or
kept the transferred points. In the group phase of the experiment, each trial featured a new partner from either the blue or
the yellow group. In the character phase of the experiment, each trial featured one of four partners.
learnt about the relative trustworthiness of members of two
arbitrary social groups, and then how they used that
knowledge when engaging in repeated interactions with
novel individuals belonging to either group who behaved as
expected or not.
Our aim was to investigate how group information
transferred to individual cases, as an experimental model for
how stereotypes, “beliefs about the characteristics, attributes,
and behaviors of members of certain groups” (Hilton & Von
Hippel, 1996), affect trust. If state trust information
dominates participants should only gradually learn to trust
individuals from groups previously perceived as
untrustworthy. However, recent work on stereotypes has
suggested that they are rapidly discounted if participants are
given individuating information (Rubinstein, Jussim, &
Stevens, 2018). If so, participants should only be affected in
their initial behavior towards people drawn from groups
stereotyped as untrustworthy. We explored this using a mix
of behavioral analysis and RL modeling.

144 Hz and resolution of 1920 x 1080. The experiment was
presented using Psychopy 1.83.0 (Peirce, 2007) in Python
2.7.10. Additionally, participants eye-movements were
monitored, but those data are not reported here.
The pictures of the partners were selected from The
Chicago Face Database (CFD; Ma, Correll, & Wittenbrink,
2015) and consisted of 64 Caucasian faces (32 female) with
neutral facial expressions. All pictures were then modified in
Adobe Photoshop to change the color of their shirt, so that
each image has a blue and yellow shirted version.

Procedure
The experiment was divided into two parts, a group phase
and a character phase. In both parts of the experiment, the
participants took the roll of the trustor in a modified version
of a repeated trust game (cf. Delgado et al., 2005). In both
parts of the experiment the participants interacted with
partners drawn from two different groups (blue and yellowshirted) and were initially instructed that groups would
behave differently, but not how or which.

Method

Groups Participants were told that while the partner was
computer controlled, the behaviors of the partners were based
on results from a previous study and that the partner’s
behaviors was unrelated to the faces of people depicted in the
experiment (to minimize the effect of visual trustworthiness
on participants behavior).
In the group phase of the experiment, one of the groups was
randomly assigned to be the untrustworthy group and one to
be the trustworthy group. When participants invested in the
trustworthy group their partner invested back 75% of the
time, for the untrustworthy group this was only 25%. The
group phase consisted of 60 trials, 30 trials with each group.
In the character phase, participants met four novel partners,
two from each group. Of the four partners, one from each

Participants
The sample consisted of 74 participants (36 female, 38
male) with an average age of 27.1 (SD = 4.7). All participants
were paid for their participation by receiving two movie
tickets (approximate value, 260 SEK). All participants read
and signed an informed consent form. The experiment was
approved by the Regional Ethical Review Board in
Stockholm (2017/1116-31/4).

Materials
All parts of the experiment took place in a near-soundproof
room. The participants were seated 60-70 cm (M = 64.5, SD
= 2.14) in front of a 24 " LED screen with a refresh rate of
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group behaved as in the group phase. The remaining two
behaved as a member of the opposite group. This ensured that
participants met one partner from a trustworthy group that
seemingly had changed to be untrustworthy and one partner
from the untrustworthy group that seemingly had changed to
be trustworthy. Participants interacted with each partner 12
times in a pseudorandom order, giving 48 trials.

model adds flexibility to how state trust learning is modelled,
providing a stronger competitor model to the bias model.
We assumed that participants made a choice to invest or
keep their points on each trial (t) depending on the expected
value (EV) of the outcomes, which for invest decisions was
the likelihood of the partner reciprocating (Pr) multiplied by
the payoff (20).

Trial structure Each trial had the same structure (Fig. 1).
The participants were assigned 10 points and the picture of
their partner was shown as they were asked what they wanted
to do. The participants had two options; (1) keep the points,
thereby choosing not to engage with the partner and gaining
the 10 points that were assigned or (2) invest the 10 points in
the partner. If they chose to invest their points, the outcome
was dependent on the partner’s choice. If their partner
invested back, participants gained 20 points and were told
that their partner also gained 20 points. If their partner instead
chose to keep the invested points, the participants gained no
point and were told that their partner gained 40 points. If
participants choose to keep the points they were not informed
of the partner’s actions but if they invested they were.
Participants were informed that the points they gained in
the character phase were used in a lottery that occurred at the
end of the experiment. The more points they gained, the
higher the chance of winning. If participants won in the
lottery they were awarded with and extra movie ticket
(approximate value, 130 SEK).
At end of the group phase participants were asked to
select which group they would rather play an additional round
with; how trustworthy they thought each group was and how
many times they estimated that partners had invested back to
them. At the end of the character phase participants were
again asked which group they would rather play with, and to
rate each individual partner on trustworthiness and typicality
(-5 to +5).
At the end of the study, several psychometric scales were
administered, but those data are not reported here.

𝐸𝑉𝑖 (𝑡) = 𝑃𝑟,𝑔𝑟𝑜𝑢𝑝 (𝑡) ∗ 20
Initial probabilities were set to 0.5. For keep decisions the
EV was simply 10. Choices were calculated using the
softmax rule, for example, the probability of investing was
given by:
𝑝(𝑖𝑛𝑣𝑒𝑠𝑡) =

𝑒 𝐸𝑉𝑖 ∗𝛽
+ 𝑒 10∗𝛽

𝑒 𝐸𝑉𝑖 ∗𝛽

Where β is a temperature parameter which controls the
stochasticity of choice.
RW Model For the simplest model, we used a simple
Rescorla-Wagner update rule, updating participants’
expectations of the probability that a partner would
reciprocate:
𝑃𝑟,𝑐𝑜𝑙𝑜𝑟 (𝑡 + 1) = 𝑃𝑟,𝑐𝑜𝑙𝑜𝑟 (𝑡) + 𝛼 ∗ (𝑅 − 𝑃𝑟,𝑔𝑟𝑜𝑢𝑝 (𝑡))
Where R was the observed reciprocation, taking values 1
for reciprocation and 0 otherwise, and α is a free parameter
indicating a participant’s learning rate.
Bias Model This model included a bias term, θ, which
allowed for participants to place an additional value on
reciprocation (Fareri et al., 2015). This would in turn bias
their choices towards investing over and above any learning.
In this model the EV equation was thus:
𝐸𝑉𝑖 (𝑡) = 𝑃𝑟,𝑐𝑜𝑙𝑜𝑟 (𝑡) ∗ (20 ∗ 𝜃)

Reinforcement learning
We fit several reinforcement learning models to participants
data in the group phase to provide a computational account
of their learning. Models were fit to each individual
participant’s data using maximum likelihood estimation as
implemented in the mle2 function from the bbmle package
in R using the L-BFGS-S optimizer. Models were compared
by calculating Akaike Information Criteria weights (AICw)
for each model (Wagenmakers & Farrell, 2004), where a
higher score indicates a better fit. Model selection was done
by counting the number of times a model had a higher score
compared to the other models for each participant.
We tested four simple models based on the existing
literature on trust learning (Fareri et al., 2015), a standard RW
model, a bias model, a loss gain model and a combined
model. The RW model functions as a baseline model. The
bias model includes a term which can be interpreted as
capturing participants’ propensity to trust. The loss-gain

Figure 2. Proportion of trust decisions by participants
when facing partners in the trustworthy and
untrustworthy groups during the learning phase.
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Figure 4. θ values reflecting reciprocation bias fitted
to group phase data and proportion trusting choices to
the untrustworthy group.

Figure 3. Trial-by-trial choices (points) and 95%
confidence intervals (segments) from the learning phase.
Thick lines represent predictions from the Bias model.
Light, trustworthy group, dark, untrustworthy group.

1.9s, SD = 2.2). Modelling the response times using an exGaussian distribution (Heathcote, Popiel & Mewhort, 1991),
revealed differences between conditions in the tau parameter
of the exponential component of the distribution, reflecting
the size of the tail of the RT distribution, b = -0.14, 95% CrI
= [-0.22, -0.057], BF10 = 66.53 (longer tail for untrustworthy
condition). There was no effect on the mu parameter of the
distribution (BF10 = 0.03), indicating no difference in mode.

Loss-gain Model This model allowed participants to learn at
different rates if the partner reciprocated or not, as has been
suggested previously (Chang et al., 2010). The update
equation was altered to depend on the value of R, for R=1 the
learning rate was set to αgain and otherwise αloss.
Combined Loss-gain and Bias Model The final model
combined the modifications of both the bias and loss-gain
models.

Reinforcement Learning Model We found that a model
which included a static bias term (‘Bias model’) boosting the
expected value of reciprocation performed best, although
closely followed by a model which included different
learning rates for reciprocation compared to keep outcomes
(see Table 1).
The selected Bias model captured the overall trial-by-trial
dynamics of participants’ choices (see Fig. 3), indicating a
good fit. On an individual level, the fitted size of the
reciprocation bias parameter, theta, strongly correlated with
participant’s tendency to make trusting choices towards the
untrustworthy group, r = 0.60, p = 1.72*10-8, see Fig. 4), but
not for the trustworthy group, r = 0.22, p = .062).

Analysis
Participants’ choice and response time data were analyzed
using multi-level regression models as implemented by the
brms package (Bürkner, 2016). Models were fit with the
maximal random-effects structure using zero-centered
weakly informative priors. Coefficients were assessed using
95% credible intervals and Bayes Factors calculated using the
Savage-Dickey ratio.

Results

Table 1. Model comparison (number of participants a
model was best for) and average parameter values.

Group Phase
We first analyzed participants’ behavior in the initial group
phase of the experiment.

Model

Trust Behavior Trust was defined as the number of invest
decisions participants made. Overall participants trusted in
76% of trials when interacting with the trustworthy group and
in 45% of trials when interacting with the untrustworthy
group, see Fig. 2. A mixed-effects logistic regression
confirmed the robust differentiation between conditions, b =
1.62, 95% CrI = [1.22, 2.05], BF10 = 2.79*1019. Participants
were more varied in their responses to the untrustworthy
group compared to the trustworthy group (Fig. 2).

RW
Bias
LG
Bias+LG

AICw
wins
20
26
22
6

α

αloss

αgain

β

θ

0.14
0.20
-

0.17
0.26

0.54
0.37

0.52
0.50
0.44
0.44

12.5
14.9

Character Phase
Trust Behavior We first analyzed participants’ trust
behavior with respect to each of the four individual partners
they met in the character phase using a mixed-effects logistic
regression model. Participants differentiated between the
individual partners based on actual trustworthiness very well,
b = 1.91, 95% CrI = [1.53, 2.30], BF10 = 1.1*1016. However,

Response Times Participants took longer time to make
choices when facing untrustworthy group (M = 2.1s, SD =
2.5) compared to when facing the trustworthy group (M =
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Figure 5. Proportion of trust decisions by participants
when facing the four individual partners during the
character phase. Same and different indicates how the
partner was behaving compared to the expectation based
on their group membership from the group phase.

Figure 6. Posterior predictive plot of relationship
between θ and initial trust decisions on the first trial to
the learned untrustworthy partners.
effects of trustworthiness on the tau parameter, b = -0.23,
95% CrI = [-0.31, -0.14], BF10 = 7.43*1011, reflecting the
long response times when participants face the untrustworthy
partners (same: M = 1.75s, different: M = 1.74s) compared to
when facing the trustworthy partners (same: M = 1.48s,
different: M = 1.62s). In line with this, we found a weak
trustworthiness X change interaction effect, b = -0.15, 95%
CrI = [-0.33, 0.01], BF10 = 2.1. There were no effects on the
mu parameter of the distribution (all BF10 < 0.49).

we did not observe an interaction between actual
trustworthiness and change (b = 0.54, 95% CrI = [-0.052,
1.15], BF10 = 1.31), which would have reflected different
adaptation to the partners’ behavior depending on their group
membership. Overall participants trusted the trustworthy
partners belonging to the trustworthy (‘same’) group 78% of
trials compared to 72% when the individual belonged to a
group who had been untrustworthy previously (‘different’,
see Fig. 5). For the untrustworthy partners, participants
trusted partners behaving same as previously 41% of trials
while the partners behaving differently 43% of trials. This
indicates that participants were overall effective in ignoring
the previously learnt information about the groups and,
generally interacted with the individual partners as
appropriate.
However, examining behavior on the very first trial
revealed a different pattern. For the partners who belonged to
the trustworthy group, participants initially trusted to a high
degree, 89%, as would be expected – slightly higher than
final average trust rate during the group phase (see Fig. 3).
For the partners who belonged to the untrustworthy group,
participants also exhibited a high degree of initial trust – 66%,
far removed from their final behavior in the group phase.
To better understand this behavior, we regressed
participants’ first trial behavior with the partners from the
untrustworthy group on their fitted θ values and their final
estimates of the reciprocation probability (Pr) of the
untrustworthy group using a mixed-effects logistic
regression. Surprisingly, we found that Pr did not reliably
predict initial trust (b = 0.14, 95% CrI = [-0.40, 0.69], BF10 =
0.62). Instead, θ weakly predicted initial trust, b = 0.49, 95%
CrI = [-0.05, 1.0], BF10 = 2.9 (see Fig. 6), suggesting that
participants’ propensity to trust dominated when facing the
prospect to interact with a novel partner even when they came
from a previously untrustworthy group.

Partner Trust Ratings Finally, we examined the individual
trustworthiness ratings of each partner. The two trustworthy
partners were rated the highest, with the partner behaving
same as his group membership would predict being rated
higher, M = 2.2, SD = 2.5 than the partner behaving
differently, M = 1.5, SD = 2.6. The two untrustworthy
partners were rated as such, with the one behaving differently
being rated M = -2.6, SD = 2.2 and the one behaving as
expected rated M = -2.4, SD = 2.4. Analysis revealed a main
effect of trustworthiness (b = 4.32, 95% CrI = [3.8, 4.9], BF10
= 8.82*1048). There was weak evidence for partners behaving
differently than expected to be rated lower (b = 0.40, 95% CrI
= [-0.08, 0.84], BF10 = 1.9), nevertheless suggesting that
while participants didn’t differentiate in their behavior
between partners that behaved as their group and those who
didn’t, some distrust was manifest due to this change.

Discussion
We investigated trust dynamics in the context of learning
about the trustworthiness of two arbitrary group followed by
repeated interactions with select individuals from those
groups. We replicated previous findings indicating that RL
models can adequately capture the learning process, and that
trust consists of considerations beyond just calculating
expected values of payoffs. Instead, we found that a model
containing a fixed bias term, upweighting the expected value
of partner reciprocation best explained participants behavior.
The bias parameter (θ) might capture participants propensity

Response Times We again analyzed participants response
times using an ex-Gaussian distribution. We found clear
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to trust beyond the immediate situational factors (cf. Mayer,
Davis & Schoorman, 1995).
We find that response time were generally faster in
response to individuals and groups known to be trustworthy.
Response times in decision making capture the amount if
evidence available to the decision maker, where faster
decisions indicate easier decisions (cf. Krajbich, Bartling,
Hare & Fehr, 2015). Response times have not typically been
reported in relation to trust games, and the findings here
indicate that modeling them fully might yield further insights
into the dynamics of trust decisions.
In the subsequent character phase where participants
interacted with novel partners drawn from the previously
encountered groups, we found that participants rapidly
adapted to the partners’ actual behavior irrespective of group
membership. Even if participants’ behavior differed on the
first trial, participants were generally more biased towards
initially trusting new individuals than would be predicted by
their learning, as captured by the reciprocation bias term.
Similar findings have been observed in relation to public
goods and prisoner dilemma games where players
cooperative behavior will “restart” with new partners
following its deterioration as typically seen during repeated
play (Andreoni, 1988).
Further, as discussed in the introduction, people are less
prone to act on stereotypical information given highly
individuating information (Rubinstein et al., 2018). It might
seem that the novel partners do not represent such a case.
However, with the prospect of repeated interaction with the
same person, an initial trusting choice might be considered a
small price for highly diagnostic information about the
partner. Hence, the task structure with binary choices and
outcomes might provide additional impetus to participants to
display high initial trust. While many real-life situations
might have this dichotomous character, others won’t, where
instead trust will be partly reciprocated. To further
understand how learned group information influences
character learning graded trust decisions and reciprocation
will need to be investigated.
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Abstract

2014), or specialized task demands (Fusaroli et al., 2012)—
change coordination dynamics has become a central part of
this perspective, laying out under what conditions coordination disappears, increases, or demonstrates complementary
rather than synchronous in-phase patterns.

The quiet hum of interpersonal coordination that runs throughout social communication and interaction shows how individuals can subtly influence one another’s behaviors, thoughts, and
emotions over time. While the majority of research on coordination studies face-to-face interaction, recent advances in
crowdsourcing afford the opportunity to conduct large-scale,
real-time social interaction experiments. We take advantage
of these tools to explore interpersonal coordination in a “minimally interactive context,” distilling the richness of natural
communication into a tightly controlled setting to explore how
people become coupled in their perceptual and memory systems while performing a task together. Consistent with previous work on postural sway and gaze, we found that individuals
become coupled to one another’s cognitive processes without
needing to be co-located or fully interactive with their partner;
interestingly, although participants had no information about
their partner and no means of direct communication, we also
found hints that social forces can shape minimally interactive
contexts, similar to effects observed in face-to-face interaction.

There is similar interest in comparing how coordination
changes across different behavioral or cognitive systems. Under the dynamical systems perspective, the unique pressures
of a context, the resulting coordination dynamics, and the impact of those dynamics on the interaction may differ over
time and across settings. For example, some of the earliest
work in this subset of coordination research has found that—
during task-related interaction—individuals tend to become
more similar over time across a variety of metrics (Louwerse,
Dale, Bard, & Jeuniaux, 2012) but that specific kinds of coordination can differentially help or hurt outcomes (Fusaroli
et al., 2012).

Keywords: interpersonal coordination; human communication; online experiments; social interaction

Broadly, during tasks that are neutral (Shockley, Santana,
& Fowler, 2003), cooperative (Louwerse et al., 2012), or
competitive (but not conflict-driven; e.g., competitive games,
Tschacher et al., 2014), individuals’ behavior and cognition
become more similar over time. A range of behavioral signals, both high-level (e.g., gesture; Louwerse et al., 2012)
and low-level (e.g., postural sway; Shockley et al., 2003), become synchronized during interaction. This synchronization
occurs even when the interacting individuals are unable to see
one another (Shockley et al., 2003) or are separated in time
(Richardson & Dale, 2005).

Introduction
Research on the phenomenon of interpersonal coordination
focuses on the subtle ways in which our interactions with others directly affect our own behaviors, feelings, and thoughts.
Interest in coordination (also known as interactive alignment,
interpersonal synchrony, mimicry, and more; see Paxton,
Dale, & Richardson, 2016) has surged over the last several
decades as a framework for understanding how contact with
others shapes our cognition and behavior, with much of it focusing on how we become more similar over time in taskoriented or friendly contexts.
A growing perspective in this area has taken inspiration
from dynamical systems theory, conceptualizing interaction
as a complex adaptive system from which coordination arises
as an emergent phenomenon according to contextual pressures (Riley, Richardson, Shockley, & Ramenzoni, 2011).
A fundamental principle of this dynamical systems perspective holds that coordination should not be static across contexts nor over time. Exploring new contexts and contextual demands—like interpersonal conflict (Paxton & Dale,
2013), friendly competition (Tschacher, Rees, & Ramseyer,

The systematic testing of coordination across a variety
of interaction contexts is vital to charting its dynamical
landscape. This methodical exploration of different factors
will eventually enable us to identify control parameters and
key factors of initial conditions that shape how coordination emerges and how it impacts interaction outcomes. Doing so, however, requires an expanded view of experimental paradigms: Even as we continue to embrace more complex naturalistic interactions (e.g., Paxton & Dale, 2013;
Tschacher et al., 2014), to fully map the interaction space we
must also develop experimental methods for analyzing “minimally interactive contexts” (Hale, Pan, & Hamilton, 2015)—
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that is, situations in which our interactions with others are
limited in behavioral channel, scope, or time.
Online experiment platforms and crowdsourcing can be
powerful tools for creating both fully interactive and minimally interactive paradigms. By connecting people digitally,
researchers can fully control the experimental experience—
deciding how much social information partners will have
about one another, establishing which communication channels can be used, and potentially crafting interactive studies for groups beyond the dyad. Crowdsourcing platforms
such as Amazon Mechanical Turk (http://www.mturk.
com) have been extensively used as a means to collect data
on individuals (Buhrmester, Kwang, & Gosling, 2011). However, by developing real-time interactive paradigms for these
platforms, researchers interested in social behavior can study
experimentally situated social processes beyond the lab without compromising the richness and complexity of true interactive contexts.

teraction; e.g., Tschacher et al., 2014) might influence these
dynamics, despite the minimal context. We are interested to
explore whether some social influences surface as emergent
effects even though the game does not facilitate any explicit
social behaviors.

Method
All research activities were completed in compliance with
oversight from the Committee for the Protection of Human
Subjects at the University of California, Berkeley.

Participants
Participants (n = 148) were individually recruited from Amazon Mechanical Turk to participate as dyads (n = 74). Participants were paired in the order they arrived to experiment. All
participants were over 18 years of age and were fluent English speakers (self-reported); recruitment was restricted to
participants within the U.S. with a 95% approval rate.1
The experiment lasted an average of 11.69 minutes (range:
7.98—21.34 minutes). All participants were paid $1.33 as
base pay for finishing the experiment and earned a bonus of
up to $2 for the entire experiment based on their own mean
accuracy over all trials (mean = $1.80; range: $0.00—$1.95).
Participants were not aware of the value of their earned bonus
until after completing the experiment.

Does Coordination Emerge in Extraordinarily
Minimally Interactive Contexts?
Here, we build on previous findings that people become coordinated across behavioral channels even when they have
very little access to each other. Previous work has tended
to preserve elements of more typical human interaction—like
speech and language—to examine how restricting interaction
can influence coordination in other behavioral channels (e.g.,
gaze coordination or postural sway entrainment; Richardson
& Dale, 2005; Shockley et al., 2003). However, understanding the emergence and role of coordination requires us to continue to manipulate social settings, carving out the limits of
coordination to identify the processes and constraints that create it.
To do so, we focus on task performance within a minimally interactive context through a real-time cooperative online experiment—a nominal game that asks players to correctly perceive and remember the length of a line while under cognitive load. Specifically, the current study focuses on
understanding how interacting individuals become entrained
in perception and memory over time, becoming a “line estimation system” (cf. Dale, Richardson, & Kirkham, 2011).
This allows us to continue mapping the course of coordination across cognitive and behavioral systems: Building on a
robust tradition on transactional memory and collective cognitive systems (e.g., Tollefsen, Dale, & Paxton, 2013), we
explicitly test whether low-level perception and memory processes become more similar through contact with others.
We approach the current study with three main research
questions. First, we ask whether people become more coupled in their perceptual and memory systems over time, despite limited perceptual and social information about their
partner. Next, we investigate whether any observed coordination effects could simply be an artifact of the joint learning
context. Finally, we look to whether any social factors (such
as rapport and affect, which play vital roles in face-to-face in-

Procedure
Data collection was run on Amazon Mechanical Turk (http:
//mturk.com) using the experiment platform Dallinger
(v3.4.1;
http://github.com/dallinger/Dallinger).
Code for the experiment is available on GitHub (http://
github.com/thomasmorgan/joint-estimation-game).
Each participant was individually recruited on Amazon
Mechanical Turk to play a “Line Estimation Memory Game”
(advertisement: “Test your memory skills!”; see Fig. 1 for
experiment flow). Upon completing informed consent, participants were told (1) that they would be playing a game in
which they would be required to remember and recreate line
lengths; (2) that they would first complete their training trials
individually and would then play with a partner; and (3) that
they would receive a bonus based on their own accuracy on
the final guess of each test trial. Participants were given no
information about their partner other than being able to see
the guess that their partner made during test trials.
On each trial (i.e., each new stimulus set), participants were
shown 3 red lines, each of a different length, and were asked
to remember their lengths.2 The three lines were left-aligned
within a 500x25px box and were displayed for 2 s, followed
by a blank screen for 0.5 s. Participants were then provided
with an empty 500x25px box and given 1 s to recreate the
1 Approval rate is a measure of MTurk worker quality, capturing
how often their work is rejected by a requester. A 95% approval rate
means that only 5% of all of their submitted work has been rejected.
2 In a pilot study, participants performed at ceiling when given
only 1 line to remember and recreate. Two more lines were added to
increase the memory load.
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Figure 1: Experiment flow
length of the target line (#1, #2, or #3). Participants made
decisions by positioning their cursor over the box at their estimate of the rightmost extremity of the line and clicking.
During training, participants were given feedback in the
form of the true length of the target line (as a grey bar above
their own guess) for 2 s. This was accompanied by a message
telling the participant that they had guessed correctly (i.e.,
within 4px of the true line length; “Your guess was correct!”)
or incorrectly (“Your guess was incorrect”) or that they had
not submitted a guess within the 1-s time limit (“You didn’t
respond in time”).
During testing, participants no longer received feedback
their accuracy. Instead, after both participants had submitted
their first guess, they were shown their guess placed above
their partner’s guess (see Fig. 1) and were asked whether
they wanted to change their own guess. Each participant
could individually change their own guess (again with a 1-s
time limit) while seeing their partner’s previous guess; participants were not informed of their partner’s decision (to keep
or change their guess) until after both participants had answered (and, if needed, changed their guess). Each trial ended
when both participants were satisfied with their guess.
Participants were informed that their final accuracy bonus
would only be calculated using their final guess. However,
because they had no means to communicate with their partner about whether each would be accepting or changing their
guesses, each participant could not have known whether their
decision to keep the guess would have been their final guess
for the trial. As a result, our statistical models use all guesses,
not just final guesses (see next section for more detail).
All dyads completed 10 training trials (alone) and 15
test trials (with their partner). All training and test stimuli
were randomly generated for each dyad, but both participants
within the dyad were given the same stimuli. Stimuli were

drawn from a uniform distribution between 1% and 100%
(inclusive) of the total possible line length; this could have,
by chance, resulted in some relatively easier stimulus sets
for some dyads, which should be mitigated by our sample
size. After participating, each participant completed a series
of questionnaires about the game on a series of 1-10 Likertstyle scales, including the perceived difficulty of the task, how
engaged they were in the task, and questions about their own
and their partner’s cooperativeness and trustworthiness.

Measures and Model Specifications
For clarity, we present the measures and model specifications together. Each measure used in one of our three models
model is defined and written in bold the first time it is presented in this section.
Model 1 Specifications: Do Partners’ Perception and
Memory Couple in Minimally Interacting Contexts?
Our first model tested our hypothesis that individuals’ ratings
would became more similar over time. To do that, we first calculated each participant’s error for each guess of each trial.
Error was measured as a ratio relative to the total possible error on a given target stimulus trial. That is, rather than taking
a given guess’s error relative to the total line length, error was
calculated as the maximum possible error. For example, if
the target stimulus was 60 units long, participants could either under-estimate the line length by 60 or over-estimate it
by 40. As such, the maximum possible error for that trial
would be 60, and the participant’s error would be calculated
relative to that maximum possible error. We chose to use normalized error—rather than absolute error—as a measure of
performance that natively controlled for the “possible wrongness” associated with any given line.
We then quantified perceptual and memory coordination
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(or how similar participants’ perceptual and memory systems
became over time) as the cross-correlation coefficient of participants’ error. Cross-correlation—a common measure of
coordination (Paxton & Dale, 2013)—was calculated using
all guesses across all trials within a window of +/-5 guesses.
Although cross-correlation produces information about leading and following behavior, we have no a priori expectations about which of the two participants would emerge as
a leader (given they have no information about their partner
nor any assigned roles). Our first-pass analyses therefore ignore any directionality by incorporating absolute lag, averaging across the correlation value for each absolute lag (i.e.,
leading/following in both participants’ directions).
To provide a baseline measure of training improvement,
we calculated the slope of each participant’s normalized error
over all training trials. To account for individual differences
in self-assessed task difficulty, we used ordinal ratings of difficulty that each participant gave after the task.
Our first model was a linear mixed-effects model predicting coordination of normalized error with absolute lag and
training improvement as fixed effects, using dyad and difficulty ratings as random effects.

and training improvement (described above) as fixed effects.
We also included random effects for participant and difficulty.
(We did not include dyad as a random effect in this model because the variance in the guesses occurred at the participant
level.)
Model 3 Specifications: Do Social Factors Impact Coordination in Minimally Interacting Contexts? To explore
the role that social judgements can play even in minimally
interactive contexts, our final model considered how trust
might impact coordination. For this model, we captured a
third measure of coordination: the participant’s willingness
to change their guess, which was captured by the total number of guesses that each participant submitted in each trial.
Because participants individually chose whether to keep
their previous guess or submit a new one while being able
to see their partner’s guess, we could expect that participants
who trust their partner more would be more likely to change
their guess—especially if there were large absolute differences between the partner’s first guesses. Trust was measured as each participant’s self-reported Likert-style rating
of their trust in their partner (“How much do you feel you
trusted your partner’s opinion during the experiment?”).
Model 3 was a linear-mixed effects model predicting the
total number of guesses in a trial with fixed effects for their
trust in their partner and for the difference in participants’ first
guess on that trial, while controlling for trial number and how
much they improved during their own training. Model 3 also
included participant and difficulty as random effects.

Model 2 Specifications: Can We Identify Signatures of
Learning and Coordinative Processes? During the experiment, both participants are not simply influencing one another (as tested in Model 1)—but are also simultaneously
learning to play the game. To ensure any similarity found by
Model 1 would not be simply an artifact of both participants
improving individually, we tested the relation between participants’ (1) adaptation to their partner’s perceptual estimation
and memory and (2) own performance changed over time. If
participants were adapting along both avenues, we could find
evidence of these dual processes through differences in their
rates of adaptation over time.
To do this, we used the normalized error values (described
above) to derive two measures. To answer the latter point,
we used each participant’s normalized error for each guess in
each trial as their true error—in other words, how much the
participant differed from the stimulus. To answer the former,
we calculated the absolute difference between both participant’s true error to obtain the partner error for each guess
in each trial—or how much the participant’s guess different
from their partner’s.
Because we are interested in understanding this process dynamically, we captured participants’ progress over time by
creating a cumulative guess counter, serving as a form of
abstracted time spent engaging with one another and the experiment. While the measure of coordination in Model 1 presented a time-abstracted measure of coordination across the
entire experiment, this model provides a snapshot of coordination in real time, measuring the learning and coordinative
processes from guess to guess.
For Model 2, we built a linear mixed-effects model predicting the cumulative guess counter with each participant’s
true error, partner error, the interaction term between the two,

Model Implementation
All models were built as linear mixed-effects models in R (R
Core Team, 2016) with the lme4 package (Bates, Machler,
Bolker, & Walker, 2015), using the maximal random slope
structure for each random intercept to achieve model convergence (Barr, Levy, Scheepers, & Tily, 2013). All main and
interaction terms were centered and standardized prior to entry in the model, allowing the model estimates to be interpretable as effect sizes (Keith, 2005). While we do not have
space in the current paper to provide precise model specifications, we have made our code (http://www.github.com/
a-paxton/perception-memory-coordination) and data
(https://osf.io/8fu7x/) fully and freely available for
others.

Results
Model 1 Results: Coordinated Error over Time
As predicted, we found that dyads were significantly and
strongly coupled in their error ratings (b=-0.43, p<0.0001),
with no effect of training improvement (b=-0.06, p=0.36). In
other words, players were more likely to produce lines with
similar errors at the same time, even across repeated guesses
within a single trial, regardless of how well-adapted they were
to the task during training.
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Model 2 Results: Learning and Coordination

We also saw an effect of trial (b=-0.05, p<0.02), indicating that people changed their guesses fewer times per trial as
the game progressed. This could be an effect of learning (i.e.,
because both participants improved and became more similar from trial to trial), experiment fatigue (e.g., if participants
simply wanted to end the game more quickly), or some combination of the two.

We found that participants’ rates of adaptation to their partner significantly differed from their rates of adaptation to the
game (b=-0.06, p<0.008; see Fig. 2). In other words, this
model revealed signatures of simultaneous learning and coordinative processes during the game: Players became attuned
to the learning task while coordinating with one another’s
cognitive processes.
Aside from the main effect of partner adaptation, no other
predictors reached statistical significance (all ps>0.25).

Discussion
Inspired by established lines of research on interpersonal coordination, we explored how minimally interactive contexts
can shape the emergence of interpersonal dynamics. Using
an online experiment that provided participants with only one
channel of information about one another—their estimates—
we found evidence of coordination of cognitive systems despite minimal social information and context.
As expected, we found low-level perceptual and memory
coordination between players throughout the game. Congruent with findings about postural sway (Shockley et al., 2003)
and gaze (Richardson & Dale, 2005), the present work suggests that some behavioral and cognitive processes can become coordinated even when separated in time and space,
given some access to the relevant process in another person
and a task-based interactive context to which that process is
essential. Individual learning and performance were unable
to fully account for the players’ similarity to one another.
Finally, like other work on coordination, we found that coordination was shaped by subtle social judgements. Within
coordination research, rapport has long been upheld as one
of the important predictors of coordination (Hove & Risen,
2009). Similarly, we found that players’ decisions to change
their guesses were influenced by their self-reported ratings of
their partner’s trustworthiness.
While a relatively simple paradigm, the present work contributes to the theoretical landscape of interpersonal coordination research in several ways. First, we continued to expand investigations of minimally interactive contexts, an underexplored avenue in an area that often relies on fully interactive paradigms; the present work extends our understanding of coordination by demonstrating that interacting individuals coordinate even when they have only a single channel
of task-relevant sensory information available to them. Second, we explored the degree to which even low-level properties of memory and perception become entrained, despite this
minimal information—explicitly probing questions of memory systems posed by transactive memory (Tollefsen et al.,
2013). Finally, we applied questions of social impacts on coordination into lower-level behavioral and perceptual channels. Taken together, the present study found support for hypotheses that are natural but necessary extensions of a host of
related previous work, providing explicit tests for ideas that
are often implicitly accepted by coordination researchers.
Our findings contribute to the ongoing efforts to understand
the form, function, and emergence of coordination. We were
specifically interested in pursuing three important questions
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Figure 2: Difference over time in coordinative and learning
processes, or the change in guess deviation from truth (in
blue) and from their partner’s guess (in red) over the game.

Model 3 Results: Social Signals in Minimal Contexts
We found that greater trust in their partner predicted a small
but statistically significant increase in the number of iterations of guesses within a trial (b=0.07, p<0.042), although
we found no difference in the number of guesses based solely
on the difference between the partners’ first guesses (b=0.01,
p=0.65). Ratings of partner trust were normally distributed
around a mean of 5.96 (SD: 2.24; range: 1–10). In other
words, although Models 1 and 2 showed participants improving and becoming more similar across trials, participants were
more willing to concede that their partner’s guess was correct
when the participant trusted their partner—regardless of how
similar or different the two partners’ first guesses were on that
trial.
Interestingly, we found that participants took more guesses
on test trials when they improved more in their training trials
(b=0.05, p<0.028). Assuming that those with the greatest
training improvement were the most poorly performing initial
players, this suggested that poorer-performing players were
more likely to divide the cognitive labor of the task and follow
the lead of their higher-performing partner.
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around interpersonal coordination of perception and memory: whether it emerges during minimally interactive contexts, whether it can be distinguished from other contemporaneous behavioral and cognitive processes, and whether it is
influenced by subtle social judgements. In addition to these
theoretical contributions, we also hope to have provided an
example of the utility of crowdsourcing platforms to investigate core principles of interpersonal coordination and human
interaction at a larger scale without relinquishing experimental control.
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Future Directions
Some of the questions left open by the present study may
provide interesting avenues for future work, both for better
understanding some of the effects identified here and for extending them into novel territory.
First, we explored trustworthiness as a social construct during a task that allowed only minimal participation between
participants. The trustworthiness measure was intentionally
posed broadly, providing a signal of the latent social information that participants constructed when only their partner’s
task-related behavior was available to them. While we see
their responses as a signal of very subtle social forces, we
readily recognize that these ratings of trustworthiness may
have been influenced by the individual’s own confidence or
ability—as many social judgements are often influenced by
the assessor’s own characteristics. Future work should expand on this to explore the interplay between individual and
interpersonal assessments and should delve more deeply into
understanding what might dynamics might be influencing
these minimal social judgements.
Second, given the broad participant pools available through
crowdsourcing, this work could be expanded to examine
other important questions of scale in interpersonal coordination. The majority of research on interpersonal coordination has tended to focus on dyadic interaction, as we did
here, but many real-world social settings include more than
two people—settings which comprehensive theories of coordination must also capture. Crowdsourcing and real-time
social experiments enable researchers to control the interaction space much more tightly, enabling the targeted focus on
specific processes across a massive potential participant population.
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Abstract

relative difficulty of different tasks or metacognitive control
over their information search.
In the current study we look at whether adults and
children explicitly represent the relative difficulty of
statistical reasoning tasks, and can use this judgment to
modulate their information seeking. Statistical reasoning
offers a useful domain in which to test monitoring and
control of information search because we can precisely
quantify the discriminability of different contrasts and ask
how sensitive learners are to differences in populations, and
how learners might modulate their information sampling
based on the difficulty of the problem.
Assessing the confidence with which we can determine a
population from a sample is commonplace in scientific
hypothesis testing, however, in the current study we aim to
investigate if non-expert adults and children intuitively use
this type of reasoning to guide information seeking.
Some recent work has suggested that when children are
asked to distinguish the number of marbles in a box by
shaking and listening, children as young as four modify
their exploration in a graded way, tracking the
discriminability of the stimulus (e.g., shaking longer when
trying to discriminate nine marbles from eight than nine
from two; Siegel, Magid, Tenenbaum & Schulz, 2014). This
suggests that children modify their information search in
quantitatively precise ways with respect to psychophysical
stimuli. However, this task leaves open the question of
whether children have a metacognitive representation of the
differences in task difficulty. Here we ask this question in a
more abstract domain, but one that preserves our ability to
model graded differences in task difficulty in a
quantitatively precise way.

Across four experiments, we look at whether adults and
children can represent the amount of information needed to
distinguish different populations in the context of an intuitive
statistical reasoning task requiring metacognitive monitoring
and control. Consistent with a ground truth model of
information gain, adults (N=60) modulated their information
gathering with respect to the difficulty of the discrimination
problem. Adults also adjusted their confidence threshold
depending on task difficulty, allowing for more uncertain
judgments when the discrimination was more difficult or
gathering data was more costly (Experiments 1 and 2). In a
simplified version of the task, children (N = 42, M = 7.3
years, range: 5.0-9.0) were also able to distinguish easy and
difficult discrimination problems and judge that they needed
more information to solve harder problems (Experiments 3
and 4).
Keywords: metacognition; development; information
gathering; statistical reasoning; children, cognitive
development

Introduction
Much of the power of human learning stems from our
metacognitive abilities: we recognize when problems are
difficult and can identify the contexts in which we need
more information to answer our questions. There are many
lenses through which to view metacognitive tasks, but one
classic model describes a cognitive structure consisting of
two separate processes: monitoring and control (Nelson,
1990). Monitoring consists of the ability to judge our
competence in a certain task, while control enables a person
to modify their behavior in order to optimize their
performance.
There is a large literature on the developmental and neural
underpinnings of metacognition (e.g., Fernandez-Duque,
Baird, & Posner, 2000), much of it looking at the alignment
between people’s assessment of their abilities and their
performance on tasks involving recall memory and retrieval.
However, because this work is largely qualitative, it is
difficult to assess the extent to which people’s information
seeking is precisely calibrated to their uncertainty.
However, in recent years, many researchers interested in
uncertainty and information gain have explored the degree
to which both adults (e.g., Gureckis & Markant, 2012;
Loewenstein, 1994) and children (e.g., Kidd, Piantadosi, &
Aslin, 2012; Ruggieri & Lombrozo, 2015) engage in
efficient information search. Such work suggests that even
children search efficiently, maximizing opportunities for
information gain (e.g., Kidd, et al., 2012). Critically
however, learners might explore rationally in the face of
uncertainty without any metacognitive representation of the

Logic of the Task
In order to look at if and how adults and children
represent the difficulty of statistical discrimination problems
and use this judgment to modulate their information
seeking, we use a task in which participants observe two
boxes of balls (e.g., one filled with 90% red balls and 10%
white balls, and the other with 90% white and 10% red,
labeled hereafter as 90/10). Participants are told they will
get to see a sample of balls drawn from one of the two
boxes and are asked to estimate how many balls they would
need to see to know from which of the two populations the
sample was drawn. The difficulty of the discrimination
problem depends on the overlap between the populations.
Distinguishing 90/10 from 10/90 is relatively easy and
should require only a small sample of balls; distinguishing
60/40 from 40/60 would be much harder and require a larger
sample. Importantly, the participant only gets to select the
size of the sample; they never see the specific balls that
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make up the sample. In this way, the decision about how
many balls to sample can only be based on the difficulty of
the discrimination problem rather than the informativeness
of the sample, or their increased certainty about the correct
answer. Thus the task requires metacognitive monitoring
(to know whether the task will be relatively easy or
difficult) and control (to determine the appropriate sample
size).

Computational Model
Because the question we are asking is quantitative in
nature, we can formalize the structure of this sampling task
using a computational model, and consider human behavior
with respect to a model of information gain based on
sampling in this scenario. Although it is not a cognitive
model, it allows us to characterize people’s tolerance for
uncertainty as a function of the difficulty of each
discrimination problem.
The two boxes that make up each discrimination task are
randomly shuffled out of sight of the participant, so the
model assumes a uniform prior between them. The
participant does not have access to the exact content of the
sample because it is placed into an opaque container, so the
model sums across all possible samples that could be drawn
from each box (e.g., a sample of two balls could contain two
red balls, two white balls, or one of each), weighted by the
probability of those samples. After calculating the
probability that a sample was drawn from each box, the
larger of the two probabilities is selected because after a
particular draw is revealed to a participant, we assume that
they will guess the sample was drawn from the box that has
the same majority color as the sample that they see. Using
this strategy, their probability of being correct is equal to the
probability that that specific sample was drawn from the
chosen box.
These probabilities are then combined into a weighted
sum across samples, formalized as

Figure 1. Formalization of the relationship between
number of samples drawn and confidence in correctly
guessing the box that it was drawn from. Dashed line
represents a constant confidence threshold of 90%.
However, at high confidence thresholds, very large
samples would be necessary to solve hard discrimination
problems. Insofar as sampling evidence is costly, people
might instead adjust their confidence threshold downward
as the difficulty of the problems increases, becoming more
willing to accept higher levels of uncertainty in more
difficult situations.
We tested participants in two
conditions: one in which additional samples from the
population could be taken at no cost, and one in which
additional information came at a cost.

Experiment I
Participants & Method
Thirty adults were recruited and tested on Amazon
Mechanical Turk.
Four additional participants were
excluded for failing to correctly answer check questions
assessing attention and task understanding.
Participants were first shown a short video walking them
through the setup of the task, in which two boxes with
reversed proportions were shuffled behind a barrier so that
participants did not know what box the samples would be
drawn from. They then saw an animation of a hand picking
out balls from behind one of the barriers and placing them
into an opaque container. Following this demonstration, the
contents of the container were revealed, and participants
were asked to judge what box the sample had been drawn
from. The training trial was done with a box with a ratio of
72/28 colored balls, and was designed to be an easy
discrimination so that failure to make the discrimination
could be used as an exclusion criterion.
Participants were then shown a sample of four characters
and their boxes (Figure 2) to give them a sense of the space
of possible contrasts in proportions. They were then told
that for the rest of the games, it would be up to them to
decide how many samples they wanted to draw in each set.
Ten characters were then presented one at a time along with

(1),
which can be interpreted as the confidence with which one
could answer what box the samples were being pulled from
based only on simulating the data that has been drawn.
As the discrimination difficulty between boxes increases,
the informativeness of each sample decreases, leading to
different curves for each proportion, as seen in Figure 1.
One key question of this study is how people might adjust
their confidence thresholds as both the difficulty of the
discrimination problem and the cost of obtaining new
information changes. One hypothesis is that people may
have a given threshold of certainty that they want to reach
before they make a guess, and that that threshold stays
constant. For instance, someone may want to have a 90%
chance of being correct about whether they are picking from
one box or the other before making a guess, regardless of
whether the problem is easy or hard.
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their colored box and a white box with the reverse
proportion, along with a question asking “How many balls
do you think I need to put in the bowl for you to know
whether the balls came from my box or [the current
character]’s box?” Participants simply had to type in the
number of samples that they thought they would need to
discriminate each pair, so it was no more costly to sample
90 balls than 20 balls. Thus, we expected that participants’
responses would largely reflect the difficulty of the
discrimination problem, such that they would sample more
balls as the problems became harder.
Figure 3. Adults request significantly fewer samples as
discrimination difficulty decreases. Blue dashed line
represents the number of samples needed to maintain a
constant 90% confidence threshold.

Experiment 2
Participants & Method
A new sample of thirty adults were recruited and tested on
Amazon Mechanical Turk. Two additional participants were
excluded for failure to correctly answer check questions
assessing attention and task understanding.
Experiment 2 was identical to Experiment 1 except that
instead of being able to enter the total number of samples
participants wanted for each proportion, they were asked
after each individual sample if they would like to draw
another ball or if they thought they had enough information
to know which box was being sampled from.

Figure 2. Characters and boxes of differing discrimination
difficulty used in adult behavioral experiments 1 & 2.

Results
As clear in Figure 3, adults selected larger samples for
more difficult discrimination problems (β= -0.36, SE = 0.06,
t = -6.58, p < 0.0001, linear model). Although in principle,
participants could have chosen a very large sample for all
the discrimination problems, especially in this context
where there was no explicit cost to sampling, the adults
instead selected samples in a graded way, preferring more
information for harder problems. Despite the fact that
people chose larger samples for harder discrimination
problems, they also accepted a lower certainty threshold for
harder problems than easier problems rather than choosing
the number of balls required to hold their threshold constant.
These results suggest that lay adults are “intuitive
statisticians.” They can use the difficulty of a discrimination
problem to decide how much data they need to distinguish
populations from samples, and they can do so without ever
seeing the specific samples or gaining the specific
information (the content of the sample) that would let them
solve the discrimination problem. Intriguingly, although
Experiment 1 imposed no costs to participants for sampling
more data, people responded as if additional sampling were
indeed costly, adjusting their confidence threshold
downward. This is not unreasonable, given that sampling is
typically costly in the real world. In Experiment 2, we
explicitly add a cost to each additional sample to see if
people continue to ask for more information for more
difficult problems while also tolerating more uncertainty for
more difficult discrimination problems.

Results
As in Experiment 1, adults selected larger samples for
more difficult discrimination problems (β= -0.15, SE = 0.02,
t = -6.6, p < 0.0001, linear model), Figure 4. In comparison
to Experiment 1 however, the adults were even more
conservative about their sampling: the average sample
selected was smaller at every discrimination contrast
When a cost of sampling is added, this encourages
participants to be more conservative in their sampling, and
as it compresses the number of samples participants chose,
it also compresses the range of certainty values.
When the model is used to transform the number of balls
that the human participants chose to draw in each proportion
to a confidence measure, it becomes apparent that
participants are not relying on a single confidence threshold
to make their judgments, but are instead modulating their
confidence based on the difficulty of the task (Figure 5).
Their tolerance for uncertainty increased with the difficulty
of the discrimination problem regardless of the inclusion of
an explicit cost of sampling.
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Participants
Children (N=25, M=6.9 years, range: 5.1-8.9, 48% girls)
were recruited from an urban children’s museum. For this
and the following experiment, while most of the children
were white and middle class, a range of ethnicities and
socioeconomic backgrounds reflecting the diversity of the
local population (47% European American, 24% African
American, 9% Asian, 17% Latino, 4% two or more races)
and the museum population (29% of museum attendees
receive free or discounted admission) were represented
throughout.
Figure 4. Adults select larger samples for more difficult
discrimination problems even when required to pay a cost
for each sample. Blue dashed line represents the number of
samples needed to maintain a constant 90% confidence
threshold.

Training

Figure 6. Task structure for behavioral experiments with
children (Experiments 3 and 4).
Figure 5. Adults in the cost (red) and no-cost (blue)
conditions both show varying certainty thresholds across
difficulty of discrimination. Dashed black line represents
constant certainty threshold of 90%.

Children were tested individually in a private room at a
children’s museum. During the training, the experimenter
introduced the child to a puppet and two 12.5cm x 12.5cm
boxes. Both had a transparent face, with the red box
showing 20 red balls and 10 white balls and the white box
showing 10 white balls and 20 red balls.
The experimenter said ‘I’m going to play a trick on Sam
and mix up these boxes behind this wall so he doesn’t know
which side his box is on.” The experimenter placed the
boxes behind a barrier made of two 35cm x 25cm cardboard
screens and shuffled them from side to side. The two
barriers were then separated with one box hidden behind
each so that the child could tell that each box was behind a
barrier but could not tell which box was where. Then the
experimenter said “Here’s how you can figure out which
box is Sam’s: I’m going to open up one of these boxes and
take balls out one at a time and put them into this tube.”
She introduced a 3cm diameter, 30cm tall tube that was
opaque on the side facing the child and clear on the side
facing the experimenter, and began moving balls one at a
time from the box to the tube without revealing the color of
each ball to the child until the tube was filled to the top.
Then the experimenter turned the tube of balls around so
that the child could see the contents. She asked the child
“Do you think I took these balls from Sam’s box, or from

Experiment 3
In Experiment 3, we ask whether even young children
monitor the relative difficulty of discrimination tasks and
know to ask for more information for more difficult
problems. The games that children played were similar to
those used in the adult task, but much simpler. We asked
children to make a qualitative distinction between easy tasks
and hard tasks and asked whether children knew to ask for
more information for the hard tasks. To engage the
children, the tasks were embedded in a social context in
which the children’s job was to help four different puppets
distinguish their boxes of toys from the experimenter’s
boxes so each box could be returned to its rightful owner.
The boxes used for the children had 30 balls visible rather
than the 100 used in the adult online game. Consistent with
comparable work on children’s understanding of uncertainty
monitoring and information search (Nelson, et al., 2014;
Ruggieri, et al., 2015), we tested a relatively wide agerange: five to nine-year-olds.
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my box?” All children successfully identified the correct
box. Then the experimenter brought out a second, smaller
tube (3cm diameter x 10cm height) and asked “Suppose we
had used this smaller tube for that same game. Would it
have been easier or harder to guess which box the balls
came from?” All children said that the smaller tube would
have made the task more difficult.

Test
Following the training task, the puppet and the boxes
from the training trial were moved out of sight, and children
were shown two additional puppets, one with a 90/10:10/90
set of boxes, and one with a 60/40:40/60 set. The
experimenter placed the puppets and their set of boxes one
at a time onto the table as she said “This is [name]. He also
brought a box of balls to the museum. Just like I had a white
box with the same colors inside as Sam’s box, I have a
white box with the same colors as [name]’s box inside, but
my box always has more white balls.” Children were then
told “Some of my friends’ boxes are easier to tell apart from
my box, and some are harder. Which of my friends’ boxes
do you think is easier to tell apart from my box?” to draw
their focus to the contrasting proportions inside the
character’s boxes.
Children were then introduced to one large tube that could
hold approximately 20 balls, and one small tube that could
hold about 5 balls inside. The experimenter said “See this
big tube? This tube can hold a lot of balls inside, so if it’s
hard to tell my friend’s box apart from my box, it might be
good to use the big tube. If it’s easy to tell apart my box
from my friend’s box, you might only need to look at a
couple of balls and you could use the little tube.” Children
were then asked, ”Can you help me decide which tube to
use for which friend’s game?” and handed the tubes to place
in front of the boxes. This test trial was then repeated with
two different puppets who also had 90/10 and 60/40 box
sets in different colors.

Figure 7. Children select the larger tube to provide more
information for the more difficult comparison.
harder discrimination, they may have simply followed the
instructions to assign the larger tube to the more difficult
problem. In order to look at whether children genuinely
understand that the more difficult tasks requires more
information, we ran an additional experiment in which we
did not explicitly make the link between the difficulty of
discrimination and the amount of information they needed
to solve the problem. This allowed us to assess whether
children could make this inference themselves.

Experiment 4
Participants & Method
Children (N = 18, M = 7.6 years, range: 6.0 – 9.0, 50%
girls) were recruited from an urban children’s museum.
Although there was no effect of age in Experiment 3, the
few five-year-olds tested performed at chance, thus in
Experiment 4, we restricted the sample to six to nine-yearolds.
The materials used in Experiment 4 were identical to
Experiment 3, as were the explanation of the game, the
training trial, and the introduction of the two 90/10 and
60/40 puppets for the test trial. When introducing the large
and small tubes, the experimenter said “I have two tubes,
one is big and can hold a lot of balls inside which would
give us a lot of information about which box I picked the
balls from, and one is small and can only hold a couple of
balls inside, which would give us just a little bit of
information.” The connection between discrimination
difficulty and information was not mentioned explicitly.

Results
As predicted, more children selected the large tube for the
puppet with the difficult discrimination (60/40) and the
small tube for the puppet with the easier discrimination
(90/10) across both test trials (Wilcoxon signed-rank, Z =
3.41, p < 0.001). There was no effect of age on children’s
accuracy (t = 1.03, p = 0.313), although in this sample
children did not begin to succeed until nearing age six.
These results suggest that children distinguish the relative
difficulty of these statistical discrimination tasks and
recognize that the more overlap there is between the
populations, the larger the sample they will need to
distinguish them.
However, the task instructions in
Experiment 3 leave open some doubt about whether
children succeeded at both metacognitive monitoring and
control or whether they succeeded only at the former.
Children may have successfully identified which
discrimination was more difficult but then rather than
recognizing that they needed more information to make the

Results
As in Experiment 3, more children selected the large tube
for the puppet with the more difficult discrimination and the
smaller tube for the puppet with the easier discrimination
across both test trials (Wilcoxon signed-rank, Z = 2.33, p <
0.05). Again, there was no effect of age on children’s
performance (t = 1.117, p = 0.281). In this study children
could not succeed by simplifying identifying which task was
harder and which was easier on each trial; children
additionally had to recognize that they needed to collect
more samples on the harder problem than the easy one.
Children’s success on this task suggests that they can both
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monitor the difficulty of these discrimination problems and
regulate their choices to maximize information gain.

probabilistic relationships between samples and populations.
Children and lay adults intuitively recognize something
comparable to the kind of inference we make in science –
that the more overlap there is between populations, the more
statistical power it takes to distinguish them. These results
also suggest that even young children engage in
metacognitive monitoring of the relative difficulty of
discrimination problems and adjust their pursuit of
information in response to this difficulty, suggesting that
young children understand something about how to allocate
resources to affect their knowledge state and allow for more
effective learning.
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Across four experiments, we showed that both naïve
adults and children represent the relative difficulty of
discriminating populations and recognize that larger
samples are required to discriminate populations with
greater overlap.
Consistent with a ground truth
computational model, adults were sensitive to the relative
difficulty of discrimination tasks, showing a graded increase
in the amount of information they requested as problems
became progressively more difficult. Adults were also
sensitive to the cost of sampling information, both in
contexts in which those costs were made explicit and those
in which they were not. Thus they adjusted their confidence
threshold downward, tolerating more uncertainty as
discrimination problems became more difficult. Our results
also suggest that children as young as six distinguish easy
and difficult discrimination problems and know that they
need larger samples to succeed in more difficult
discriminations.
Although considerable work suggests that even infants
represent the relationship between samples and populations
(Xu & Garcia, 2008; Xu & Denison, 2009; Gweon,
Tenenbaum, & Schulz, 2010), and in this sense are
“intuitive statisticians,” to our knowledge this is the first
study to ask whether children represent these relationships
metacognitively, distinguishing the relative amount of
evidence required to distinguish easier and harder
discrimination problems in the absence of any specific
information about the sample being drawn. In future work,
we might ask whether children can make not just qualitative
distinctions about the information required to distinguish
populations but, like adults, graded inferences about the
number of samples they would need as discrimination
problems become more difficult.
However, the current work suggests that even children’s
intuitive statistics extends beyond the ability to recognize
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Abstract

helpful communicator is to select the sample that most closely
captures the main statistical information in the true distribution. This is a sensible strategy if the receiver assumes that
the evidence has been sampled from the true distribution in a
similar way (i.e., helpfully or at least in a random, unbiased
manner). Indeed, most theories that focus on how people reason from multiple sources of evidence approach it as a simple
estimation problem with this character (Tversky & Kahnemann, 1972; Budescu & Yu, 2006; Trueblood, Kachergis, &
Kruschke, 2011). Consistent with this, people often appear to
combine multiple sources of evidence roughly by averaging
them (Anderson, 1981; Fischer & Harvey, 1999).

Much of what we know comes from other people, and the
quantity of information provided is often constrained by time
or space. For a communicator, what information they choose
to convey depends not just on the nature of their topic, but also
on the social inferences their listeners will make about them
based on what they say. For the listener, their interpretation of
information given to them depends not just on the information
itself, but also on what inferences they make about the bias and
motivations of the communicator they received it from. In this
paper we explore how and whether these social factors interact
with the “true” nature of the information being communicated.
We find that stronger evidence does not always lead to stronger
conclusions and often leads to increased perceived bias. Communicators, perhaps for this reason and perhaps for others, often modulate the evidence they present to be less unanimous
than warranted. This has implications for real-world situations,
like communicating about climate change: in such situations,
both communicators and listeners behave in what may be individually rational ways, but the end result is that the underlying
truth gets distorted.
Keywords: communication; rational inference; evidence selection; climate change; pragmatics

However, in the real world, evidence is often not generated
helpfully or randomly. Rather, it is provided by a communicator with their own capabilities and biases. For instance,
suppose you are watching a youtube video you have never
watched before. It discusses a new drug that promises to increase sexual prowess. Two sources are quoted predicting
that the drug will be 98% and 96% effective respectively. The
standard models of evidence aggregation would predict that
one ought to conclude that the drug was very effective on the
basis of these sources. Yet it also seems plausible that one
would instead infer that the reporter was biased since they
only selected overwhelmingly favourable reviews. In this social context, because the evidence is chosen by an individual, otherwise compelling evidence may not provide strong
grounds for believing the event would happen.

Introduction
In everyday life, people are required to communicate evidence and persuade others in situations where there are strong
constraints of time or space. Sometimes the communication
limits are externally imposed: journalists have word limits
and speakers have time limits. Cognitive limitations impose
bottlenecks of their own: a 1000 page report that is never read
by anyone cannot be said to constitute effective communication. These constrains present a difficulty; in many situations
the body of evidence that exists is quite substantial but only a
small subset of it can be communicated to others.
Scenarios such as this, which are common in the real
world, create an evidence selection problem for the communicator. How should one choose the subset of evidence to
give to others? Conversely, how should receivers evaluate evidence when it is given to them? Given that much of what we
learn is from other people, these are core theoretical issues in
the study of human cognition. Due to the fact that set of the
people who collect evidence (e.g., scientists) is not the same
as the set who can (and should) benefit from that information,
this issue is also of critical practical importance.
The problems facing communicators and receivers are intertwined as well. For instance, one obvious strategy for a

The possibility that people reason this way is consistent
with a great deal of research demonstrating that making inferences about other people’s actions and beliefs is foundational to human cognition (Dennett, 1987; Tomasello, 1999).
It plays a key role in human learning (Tomasello, Carpenter, Call, Behne, & Moll, 2005) and communication (Grice,
1975; Frank & Goodman, 2012), and is at least sometimes a
rational consequence of the fact that people are choosing the
information that they provide to others (Shafto, Goodman, &
Frank, 2012). This approach suggests a very different view
of the problem of evidence selection and aggregation – one in
which learning requires assessing the weight of the evidence
as well as the biases of the presenter. One goal of this paper
is to investigate whether people’s behaviour, as both communicators and receivers, is consistent with this possibility.
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It is already well-known that people’s inferences are
shaped by the social context in which they occur. However,
most of the existing research focuses on inferences based on
the features of the people involved rather than the evidence
they are presenting (see Bless, Fiedler, & Strack, 2004, for an
overview). In terms of that evidence, there is also ample indication that humans are not very good at monitoring or correcting for sampling processes (e.g., Stasser & Titus, 1985;
Kareev, 2000; Fiedler & Juslin, 2006). However, most of this
work concerns sampling that is biased due to non-obvious
causal mechanisms in the environment (Chater & Oaksford,
2006) rather than the biases of the person providing the information. Given that people are reasonably good at reasoning
about others’ actions and beliefs in other contexts, might that
suggest they would do well in this situation too? Or is the
hidden mental state of the communicator enough of a nonobvious causal mechanism to make this difficult?

distribution of evidence is skewed: most experts believe one
thing but a single minority dissenter disagrees. In Study 2,
receivers were given different patterns of evidence chosen by
communicators in Study 1. Do people acting as communicators attempt to select information as veridically as possible,
or do they overselect the sole dissenter, perhaps in an effort to
appear more unbiased? On the receiver side, are people more
likely to conclude that the communicator was biased when
the information presented is unanimous? How do prior biases and the specifics of the situation affect these tendencies?
Our findings demonstrate that people communicating to
others do not simply select the most mathematically accurate subset of information to provide. Instead, they prefer
to include the dissenter even when doing so makes the chosen subset vary markedly from the true distribution. We also
show that reasoners make inferences about the biases of the
communicator on the basis of the distribution of evidence provided alone. Taken together, these results suggest that social
reasoning may play a non-obvious role in how people select
evidence for others and interpret evidence themselves.

One thing is clear: when evidence is social in origin the
learner should treat inference as a problem of persuasion,
at least in part. Viewed as a persuasion problem, it is unclear how people would be expected to behave in the scenario
above. Reliance on judgmental heuristics is common, especially among learners who are not highly motivated or who
have low cognitive capacity (Kunda, 1990; Petty & Brinol,
2008). But even among those with strong motivation and
cognitive resources, different considerations imply different
outcomes. On the one hand, a message is more persuasive to
an engaged audience if it consists of many strong pieces of evidence (Petty & Cacioppo, 1984; Chaiken, 1980). However,
if the sheer extent of the positive evidence seems suspicious,
it may also give rise to an impression of bias that may undermine source credibility. The body of evidence showing that
people are more influenced by credible sources is extensive
(Pornpitakpan, 2004). For instance, people are less persuaded
when they know that the speaker has a financial interest in
successful persuasion (Hovland & Weiss, 1951) or if they
know the speaker’s intention to persuade in advance (Hass
& Grady, 1975), and they are more persuaded if the speaker
does not know they are listening (Walster & Festinger, 1962).

Study 1: Communicators
Participants. In view of the recent push towards replicability, we ran two identical versions of this study, both times
on Amazon Mechanical Turk. Because this was a betweensubjects design, with each participant answering only one
question, in order to have enough power for all of the subquestions each version of the study had a large sample size.
Of the 587 total participants across both versions, 21 were excluded for failing the attention filter making 566 in total. 354
(62.5%) were male, 522 (92.2%) were from the USA, with
41 (i.e., 7.2%) from India and the rest from a handful of other
countries. Ages ranged from 18 to 70 (mean: 32.27). All
effects replicated so for ease of presentation we combine the
samples and report both together.
Overview. In this between-subjects 2x2 design each person was asked a single question about one scenario after
filling out a demographics questionnaire which included a
query about their political affiliation and an attentional filter at the end (a multiple-choice question asking what the
basic premise of the scenario was). Participants were paid
$0.40USD for the 3-5 minute study. In all conditions, participants were shown a skewed distribution of experts in
which all of them strongly endorsed a claim and one dissenter
strongly disagreed. In different conditions people saw different numbers of majority experts, each on a different line (e.g.,
“Person A is n% confident that X”). The location of each person in the list, including the dissenter, was randomised, as
was the assignment of people to the four conditions below.
Cover story manipulation. The two cover stories were
designed to elicit different prior biases from the participants.
In the POLITICAL CANDIDATE scenario, people were told to
imagine being a journalist writing an article about a local political candidate named Hilda Pimlith. The experts in this case
corresponded to members of the public whom offered confi-

Along similar lines, a suspicious overabundance of supporting evidence may act as a cue about source credibility by
turning a superficially persuasive message into an argument
that “doth protest too much.” Moreover, from the communicator end, people who intuitively believe that this is true may
be motivated to weaken their own arguments as an attempt
to preserve their own credibility. If people behave this way
when evidence strongly supports a conclusion, individually
sensible behavior could result in situation in which communicators must deliberately distort the truth (lest their reputation
suffer), and receivers therefore draw much weaker conclusions than are actually warranted.
This paper presents a preliminary investigation of how people act in this situation, as communicators as well as receivers. In Study 1, people acting as communicators had to
provide information about a situation in which the underlying

865

Figure 2: Role of prior beliefs in communicator behaviour. Both
progressives and conservatives were more likely to include the dissenter than not, and did not vary if the dissenters were more of a minority. Progressives but not conservatives changed their behaviour
based on cover story, excluding the dissenter more often when the
article was about climate change.

Figure 1: Proportion of people including the dissenter as a function of the total number of experts. Communicators were shown
5, 10, or 15 experts who were all strongly in agreement with each
other with the exception of one dissenter. People selected a subset
of up to three people to include in a journal article. They showed a
strong preference to include the dissenter, even when that dissenter
was a tiny minority. Dissenters were just as likely to be included
when they were far outnumbered by the other experts.

Results
Do people decide to include the dissenter, and does this decision vary as a function of the cover story or the number of
experts they saw? As Figure 1 shows, the majority of people
in all of the cover story conditions chose the dissenter. Interestingly, there is no difference at all depending on the number
of experts they saw: people were just as likely to pick a dissenter if it was one of five experts as if it was one of fifteen
(BF of 0.0204 for the effect of number of experts).1
Figure 2 breaks these results down as a function of cover
story and the self-declared political affiliation of the participants. 57.5% of our participants defined themselves as progressive/liberal, while 18.7% affiliated as conservative (the
remainder declared themselves as “middle-of-the-road” or
declined to state an affiliation and hence are excluded from
all analyses comparing progressives and conservatives).
There are several interesting aspects to these results. First,
it is clear that there is no effect of the number of experts regardless of political affiliation: in every instance people included the dissenter the majority of the time, and did not vary
in their likelihood of including if they were choosing from
expert groups of different sizes (for progressives, BF for the
model with experts alone is 0.0473; for conservatives, BF is
0.1001). This contradicts what a communicator should do if
their only goal was to accurately reflect the mean of true underlying distribution: in that case, when there are 10 or 15
total experts, excluding the dissenter would result in a subset
that is closer to the true mean.
Although political affiliation did not affect people’s tendency to include the dissenter at a high rate, it did affect how
people responded to the cover story. Conservatives did not
change their behaviour based on it, including the dissenter at
a reasonably high rate regardless (BF for model with cover
story alone: 0.2243). By contrast progressives were more

dence ratings of the probability that they would vote for her.
In the CLIMATE CHANGE scenario, participants were still acting as journalists but this time the article was about climate
change and the interviews were of scientists who studied it.
Regardless of the cover story, people were told their article
space was limited and they had to select one, two, or three
reviews to include. In both conditions people were also reminded that, as journalists, their job was to accurately report
but also that they wanted to be a trusted news source.
Number of experts manipulation. In addition to the
cover story, we varied how many interviews each participant
was shown. In all cases the majority of experts/interviewees
strongly endorsed the claim and one person strongly dissented. The majority experts were each randomly assigned
to have between 90% to 96% confidence in the claim: thus,
for instance, in the POLITICAL CANDIDATE scenario one interviewee might be 92% confident they were voting for Hilda
Pimlith, while in the CLIMATE CHANGE scenario one interviewee might be 92% confident that climate change exists
and was caused by humans. The dissenter was always 4%
confident. In one condition people saw FIVE total experts; in
another they saw TEN and another they saw FIFTEEN.
The varying numbers of experts in each condition means
that the average confidence of the experts presented varied
by condition as well. With FIVE, the average is 75%; with
TEN it is 84%, and with FIFTEEN it is 87%. A set of three
experts including the dissenter would thus have an average
confidence of 63%, while not including the dissenter would
yield an average of 93%. These numbers result in different
predictions of what reviewers people should include if their
goal is to be as close as possible to the true average they saw.
When there are FIVE experts it is closer to the true average to
include the dissenter, but when there are TEN or FIFTEEN it is
closer to exclude them.

1 Bayes factors (hereafter, BF) reported rely on the Bayesian
equivalent of an ANOVA for the difference between these means.
The factors were calculated using the BayesFactor package in R
(Morey & Rouder, 2014, v.0.9.8). In all cases, analogous frequentist
tests were also run with the same qualitative result.
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likely to exclude the dissenter if they were writing an article
about climate change (BF for model with cover story alone:
4423.05). This may suggest that progressives are aware that
the vast majority of scientists believe in climate change (Cook
et al., 2013), or may be less likely to assume that people will
think they are biased for excluding the dissenter.
So far we have seen that providers tend to include the dissenter even when that dissenter is vastly outnumbered – a
strategy that is not in accordance with the behaviour of a person who only cares about accurately reflecting the true distribution. One interpretation for this is that people may also care
about something else whose goals are divergent – namely,
possibly, the social inferences the receiver of the data will
make about them. Perhaps they include the dissenter because
excluding them is more likely to make the receiver conclude
that they are biased. One way to investigate this is by looking
at what inferences receivers make as a function of whether
the dissenter is included in the subset or not. We turn to this
in the next study.

Figure 3: Inferences about bias made by receivers. Participants
in the receiver condition were shown articles either containing a dissenter (present) or not (absent). They were asked what they thought
about the author of the article: were they impartial, biased, or trying
to appear impartial but not actually (fake)? Those who saw only experts in complete agreement with each other (absent) were far more
likely to infer that the communicator was biased.

Study 2: Receivers
Participants. As before, we ran two versions of this 3-5
minute study on Amazon Mechanical Turk, at the same rate
of payment. Again all effects replicated so we combine them
here. Of the 591 total participants across both versions, 20
were excluded for failing the attention filter, leaving 571 in total. 332 (58.1%) were male, 519 (90.9%) were from the USA,
with 48 (8.4%) from India and the rest from other countries.
Ages ranged from 18 to 67 (mean: 31.95).
Overview. Again the study involved a fully betweensubjects 2x2 design. People were told that they were reading an article that a journalist had written based on interviews
of either people considering voting for a POLITICAL CANDI DATE or scientists who study global CLIMATE CHANGE . The
article then reports the interviewees (either two or three). This
time we varied whether the dissenter was included in the two
or three; the non-dissenter always had a majority viewpoint
with a confidence between 90% and 96%. For each participant the experts were shown in a random order.
After seeing the reviewers included in the article, people
were asked two questions. The social inference question
asked them what they thought about the author of the article: whether they were impartial; biased; or biased but trying
to appear impartial. In order to reduce demand effects, people
were also given the option of saying “I have no idea”; these
responses were excluded from the analyses.
Participants were also asked a topic inference question
about what they decided regarding the topic at hand. In the
POLITICAL CANDIDATE scenario the question read, “Based
on these people, how likely do you think it will be for Hilda
Pimlith to get voted into office?” In the CLIMATE CHANGE
scenario it read, “Based on these scientists, how likely would
you think it is that climate change exists and is caused by humans?” Even though the climate change question asks people
to answer based only on the hypothetical article we presented,

we did not anticipate that people would be able to divorce that
situation from their prior beliefs about climate change. We
therefore thought that this question would provide a window
into learning how prior beliefs combine with the interpretations people make about socially selected evidence.

Results
As is evident in Figure 3, the social inferences people made
were very different depending on whether they saw experts
sets with a dissenter or without (BF of 1.75 × 108 ).2 When
absent, people are more likely to say that the communicator was biased than give any other alternative interpretation;
when present, they are much more even and the modal response is now to conclude that the communicator is impartial.
We can ask more specific questions by breaking down performance by political affiliation and cover story. As before,
we include only the 54.9% of our participants identified as
progressive and the 17.0% who were conservative. The results, shown in Figure 4, demonstrate that people always
make different inferences about bias depending on whether
the dissenter is present or not: progressive POLITICAL CAN DIDATE (BF = 1.53 × 106 ); progressive CLIMATE CHANGE
(BF = 4.527); and conservative CLIMATE CHANGE (BF =
5.2893388). The least striking difference occurs with the conservatives who read an article about the POLITICAL CANDI DATE (BF = 1.514), but even they were more likely to infer
bias when the dissenter was absent.
2 This was calculated using the contingencyTableBF() function in the BayesFactor package in R, assuming independent multinomial sampling. Chi-squared tests had the same qualitative result.
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The trade-off between reputation and fidelity is especially
interesting in light of the fact that many real-life situations
have this character. A journalist choosing to report on any issue in which there is substantial but not complete consensus
– such as climate change – must risk the possibility of being
perceived as biased, if they do not include the small minority
of opposing opinions. As our results suggest, including the
dissenter means that people who view the evidence emerge
with a distorted picture of the underlying reality: they think
that the dissenting view is better supported than it actually
is. One way to avoid this situation may be to instead provide summary statistics (Lewandowsky, Gignac, & Vaughan,
2013) but given the salience of human-interest stories that focus on a small subset of individuals, this option is not a cure.

Figure 4: Inferences about bias made by receivers. Participants
were shown articles either containing a dissenter (present) or not
(absent). Those who saw only unanimous experts were far more
likely to infer that the communicator was biased.

Our results provide an interesting contrast with the “weak
evidence effect”, which occurs when receiving weak evidence
makes people less likely to believe a conclusion than receiving no evidence at all (Fernbach, Darlow, & Sloman, 2011,
but see also Harris, Corner, & Hahn, 2013). This effect may
arise because the receivers reason that if there were stronger
evidence they would have been provided with that. In this paper we find what we might call the “strong evidence effect”
in which stronger evidence does not always lead to stronger
inferences. Perhaps because strong evidence makes receivers
think that the communicator was biased, it causes them to
discount the evidence.

Regardless of condition, then, people always were more
likely to infer that the communicator was biased if the dissenter was absent. In addition to this general trend, there
were differences based on priors and cover story. Overall,
conservatives appeared to have a higher prior belief that the
communicator was biased (perhaps because they were more
distrustful of the media?). In addition, progressives but not
conservatives behaved differently in the CLIMATE CHANGE
scenario, being more likely to conclude that the communicator was impartial even when no dissenter was provided.
Having explored how the presence or absence of a dissenter changes people’s inferences about bias, we can also ask
if it changes the inferences made about the underlying phenomenon of interest. Answers to the topic inference question
reveal that people’s confidence was 82.8% when there was
no dissenter but dropped to 69.0% when one was included
(BF of 2.32 × 106 that these are different). Given that the underlying average confidence in the TEN and FIFTEEN expert
conditions was over 80%, a drop to 69.0% represents a fair
degree of miscommunication.
Taken together, these results illustrate the catch-22 situation facing the communicator. If they include the dissenter,
people draw inaccurate conclusions, having less confidence
in the topic than justified by the range of evidence. But if
they do not include the dissenter, they are perceived to be biased. For people in situations in which reputation and trust is
essential, this may be an important consideration.

That said, we cannot be sure based only on this preliminary study that communicators include the dissenter at such
high rates because of their desire to appear unbiased. Multiple
other explanations are possible. For instance, since people’s
confidence decreases when the variance of expert distributions goes up (Budescu, 2006), they may include the dissenter
as a way of communicating their unease. Another possibility
is that the tendency to include the dissenter is similar to the
tendency to overweight small probabilities when they are presented numerically (Hertwig, Barron, Weber, & Erev, 2004).
Yet another is that people include the dissenter to communicate something about the ends of the distribution as well
as its central tendency. According to any of these explanations, this behaviour on the part of the communicator may
have nothing to do with social inference at all. An appealing
aspect of the social explanation is that it accounts for the otherwise coincidental fact that receivers do interpret the absence
of a dissenter to indicate bias. Even so, it is of course possible that receivers make those inferences and communicators
don’t care or are unable to modify their behaviour to take that
into account. We are investigating these other possibilities in
ongoing research.

Discussion
Overall, this work suggests that when people are selecting evidence to give to people in a communicative context they are
motivated not just by accuracy alone. When the true underlying distribution of evidence is highly skewed, communicators have a strong tendency to include the dissenting opinion,
even when that dissenter is vastly outnumbered. Consistent
with the idea that this may arise out of a motivation to look
impartial, receivers who are presented with evidence showing
substantial unanimity are much likelier to infer bias.

In a sense, our results are consistent with a broad collection of results in the reasoning literature suggesting that people’s inferences are inconsistent with normative expectations
of how inferences should be drawn from evidence. These normative models assume that evidence is randomly sampled,
while the evidence selected by people is clearly not (e.g.,
Budescu & Yu, 2006; Trueblood et al., 2011). Indeed, a large
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literature suggests that people are not unbiased samplers of
evidence in general (Stasser & Titus, 1985; Bonawitz et al.,
2011; Shafto, Eaves, Navarro, & Perfors, 2012).
Similarly, our results are also consistent with the persuasion literature, although they go beyond existing research on
this topic. For the most part, we would expect that a message
will be more persuasive if it contains many strong pieces of
evidence (Petty & Cacioppo, 1984; Chaiken, 1980). However, when that evidence has been selected by a person whose
motivations are unknown, adding it may also induce a “suspicious coincidence” that reduces the effectiveness of the message by undermining the credibility of the source.
Our findings suggest that understanding how people
choose evidence – as well as how they evaluate the evidence
they have been given – may not simply be a matter of parameter estimation, but may also reflect a sophisticated process of
social inference and balancing social goals. Given that people are social creatures, this may seem to be a sensible conclusion; however, this view of evidence and reasoning is one
that has not been traditionally been acknowledged by models
of evidence selection and aggregation. Future work must explore how robust this finding and to what extent it does actually result from social reasoning rather than alternate causes.
In the meantime, our results illustrate one way in which people’s inferences do not simply reflect the objective value of
the evidence they are given – stronger evidence is not always
better when it comes to human behaviour.
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Slovic, Fischhoff, Layman, & Combs, 1979; Hertwig & Erev,
2009). These effects may be magnified by the fact that in addition to small probabilities, people also overweight extreme
events (Madan, Ludvig, & Spetch, 2014; Lieder, Griffiths, &
Hsu, 2018). Taken together, these factors predict that people
should be averse to selecting options with a black-swan component, even if the expected value is higher than other options
and the probabilities involved are very low.

Real-world decisions often involve “black swan” choices with
extremely low probability chances of catastrophic loss, like
riding a motorcycle or going on a dangerous trip. These have
several characteristics that make them especially difficult from
the perspective of decision theory. How do people assign utilities to losses like “go bankrupt” or “die”? Do people have
the representational resolution to encode differences between
extremely tiny probabilities? We address these questions in two
experiments in which people make decisions involving very low
probabilities (as low as 1 in 10,000) of losing all of their points
(and monetary bonus). Our results indicate that people mostly
appear not to encode differences between tiny probabilities and
are indifferent to the magnitude of losses. These factors lead to
a startling qualitative shift in behaviour between scenarios with
the same expected value and very similar absolute risk levels:
people are risk averse when only one option is a black swan but
become strongly risk seeking when both are.
Keywords: decision-making; probabilistic reasoning; risk; loss

Introduction
Should you ride a motorcycle? Go sky-diving? Go on a
backpacking vacation overseas? Life abounds with decisions
that combine the reasonably high odds of moderate gain (e.g.,
having fun) with extremely low odds of catastrophic loss (e.g.,
major injury or death). Known colloquially as “black swan”
decisions, these situations pose multiple challenges. Yet much
remains unknown about how people approach such decisions.
This paper presents preliminary work aimed at that gap.
Black swan decisions are difficult for a variety of reasons.
By definition, the event probabilities involved are extremely
small; as a result, most people will not be faced with negative
outcomes directly. For instance, consider that around 1 in
10,000 motorcyclists experience a fatality. This statistic means
that most people will never personally know somebody who
dies in a motorcycle accident; their lived experience puts the
probability of death-by-motorcycle at zero. Conversely, for
those few who do know someone who died, their fatality estimate would be much larger than the true rate. Decisions about
black swan events must therefore be based on descriptions
rather than direct experience.
The reason this matters is that a wealth of research suggests
that people behave very differently depending on how they
learn about the event probabilities involved. Consistent with
Prospect Theory (Kahneman & Tversky, 1979), people generally overweight small probabilities when they are presented
as descriptions but underweight them when they are learned
through experience (Hertwig, Barron, Weber, & Erev, 2004).
This may be due to effects of memory, statistical sampling,
rational use of limited cognitive resources, or estimation error;
regardless, the phenomenon is extremely robust (Lichtenstein,
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However, another concern – representational resolution –
yields a more muddled prediction. This issue revolves around
the precision with which people encode small probabilities. It
appears both that people generally represent numerical information logarithmically (Dehaene, 2003) and often do so in a
fuzzy, gist-like fashion in which only qualitative distinctions
between quantities are encoded (Reyna & Brainerd, 1991). If
people do tend to treat all very small probabilities the same,
this implies that the differences between very-low-probability
options may be ignored more than (logarithmically equivalent)
differences between higher-probability options. Indeed, if people encode sufficiently small probabilities as zero, that would
mean that they might even be dismissed entirely.
Yet another complexity of black swan decisions is that it
is not immediately obvious how to translate massive losses
into utilities, since our normal trick of applying numbers is not
necessarily appropriate. How should you represent the utility
of death or major injury? Even apparently more straightforward outcomes like “lose all your money” are not necessarily straightforward, because it’s not obvious that their utilities correspond to the numerical quantity of money involved.
We know that in general people do not treat verbally- and
numerically-presented information the same (Zwick, Wallsten,
& Budescu, 1993) and that framing has a robust and pervasive effect on decision-making choices (Kühberger, 1998).
Given these factors, it might be surprising if people did encode events like losing all their money in a straightforward
numerical manner. But if they don’t, how do they do it?
These considerations are not just idle academic worries;
they are the fundamental component of the colourfully-named
“Tyranny of Catastrophic Risk”, which is a major concern for
policy makers and economists who need to decide how to
allocate resources toward black-swan scenarios like nuclear
war (Buchholz & Schymura, 2012). There is no obviously
correct solution. Representing the utility of black swan events
as negative infinity means that one should devote infinite resources to ensuring that they do not happen. Conversely, if the
probabilities of these events happening are small enough then
any numerical values would effectively be ignored entirely.

A final interesting aspect of black swan problems is that
the cumulative effect of many such decisions may be very
different from any single one. If I have only 1:1000 chance
of dying every time I get on my motorcycle, on any given
day it might be sensible to go for a ride. Yet if I ride three
times a day for decades, the cumulative odds of having a
significantly shortened lifespan are inordinately high. How
do people handle this discrepancy? Even if they appear not to
notice very small probabilities in single events, do they take
them into consideration when reasoning about long sequences?
It is perhaps because of these various and highly intermingled considerations that (to our knowledge) true black swan
events are relatively understudied, at least in lab-based, controlled settings. Rare events are an intense focus of research,
but “rare” is typically defined as less than 20% or so, with the
vast majority of cases at 5% or higher. The smallest probabilities in laboratory tasks that we have found hover around
1 in 200 (e.g., Yechiam, Rakow, & Newell, 2015). That is
rare, but it may not yet be in the realm where the issues above
become a major concern, nor were those issues been the focus
of that work. Similarly, when it comes to utilities, most lab
tasks involve losses or gains corresponding to a fraction of
people’s points rather than all of them (or worse).
Given the complexity and tangledness of these issues, our
work here is of necessity preliminary. Our goal was to capture
the most important qualitative characteristics of black swan
decisions (that they involve both a very low probability and an
outcome with very extreme negative utility). Within that framework, we address three main questions. First, do people appear
to track numerical utilities when they are framed in qualitative
terms like “lose everything”? Second, do people represent
the differences between extremely small probabilities? If they
do, do they overweight the probabilities or underweight them?
And third, do these behaviours change if people must make
repeated decisions rather than a single one?

Experiment 1
We address these questions by putting people in a typical
decision-making task with several modifications. First, we
present people with situations in which at least one of the
options is a black swan, with a very low probability of extreme
loss (i.e., losing all of their points). We vary the number of
points each person is given and frame the black swan outcomes as “lose everything” rather than referring to the specific
number of points (although the specific points are always visible). If people make the same choices regardless of how many
points they have to lose, this suggests that they are not making
decisions based on the precise numbers involved.
Second, in order to determine whether people are ignoring
these very small probabilities or are simply encoding them
with poor resolution, we compare behaviour in two conditions with equivalent expected values but different numbers
of black swan options. If people are ignoring small probabilities entirely, then they should prefer an outcome with high
expected gain and a black-swan loss over an outcome with low
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expected gain but no loss. If, conversely, they are encoding
small probabilities at low resolution, then people should focus
on gains only and ignore the difference in magnitude between
black-swan losses when both options have them.
Third, in order to determine whether people are aware of the
implications of repetition when evaluating black-swan events,
we ask people to choose a policy for playing 2000 games
involving the same options they made one choice earlier.

Method
Participants A total of N = 530 US participants were run
on Amazon Mechanical Turk; of these, 11 were excluded
for failing an attention check, leaving 519 in the full dataset.1
Ages ranged from 19 to 74 (mean: 36.5) and 255 (49.1%) were
female. People were guaranteed a payment of $1.25USD for
the 5-10 minute experiment regardless of their performance,
with the possibility of a bonus if their choices resulted in
additional gains.
Design This study had a 2x5 between-subjects design in
which people were randomly allocated to one of two risk
conditions (O NE R ISK, N = 266 or T WO R ISK, N = 253) and
one of five starting point levels (3000, 4000, 5000, 6000, and
7000). People were told they would receive a bonus at the end
of the study based on final points, and were asked to choose
between a More Risky and Less Risky option in two ways:
first, by making a single (O NE -S HOT) choice, and second –
before receiving feedback on their first choice – by developing
a P OLICY according to which the computer would simulate
2000 games for them.
As Figure 1 shows, options were constructed so that in both
the O NE R ISK and T WO R ISK conditions, the preferences
based on expected utility (EU) theory followed the same pattern: if one has fewer than 5000 points, the More Risky choice
is more EU-optimal, but this flips when one already has more
than 5000 points. This occurs because the More Risky option
is a black swan whose outcome (losing all points) is worse the
more points one has. Simulating a sequence of 2000 games
reveals a slightly different effect in which the More Risky option resulting in approximately 3000 points less at the end of
the sequence than the Less Risky one (7000 to 10,000 or so).2
Our question is whether people act correspondingly differently
when asked a POLICY query.
The O NE R ISK and T WO R ISK conditions primarily differed in the nature of their Less Risky option, as shown in
Figure 1. In the O NE R ISK condition the Less Risky option
might perhaps better be called riskless, because it involves
1 30 were pilot data used only to check for bugs in the code and
not analysed beforehand, and thus included in the full sample.
2 The reason simulations are different than the EU results in Figure 1 is that the simulation takes into account the fact that points vary
as a function of prior success. The simulations spend more time at
less than 5000 points thanks to occasionally losing everything, which
is the region where the Less Risky option is preferred; the Less Risky
option therefore does better overall. Technically, the EU-optimal
strategy of switching at 5000 points performs slightly better than
Less Risky alone; however, this amounted to a difference of about 50
points (around 0.5% of the total).

Figure 1: Choices and expected utilities for Experiment 1. Participants were randomly assigned to one of two risk conditions, each
of which offered one More Risky option and one Less Risky option. In
the O NE R ISK condition, the Less Risky option was actually riskless,
while in the T WO R ISK condition, there was a 1 in 10,000 chance of
losing all current points. Values were chosen so that the predictions
assigned by expected utility theory followed the same qualitative
pattern in both conditions: if people already had 5000 or fewer points,
the More Risky option was preferred by EU theory, after which the
Less Risky had higher expected utility. The y axes show the expected
utility of a single game. Participants were randomly allocated different numbers of starting points (3000 to 7000) in order to evaluate
whether people changed their strategies as EU theory would predict.

only a 50% chance of small (5 point) gain. The T WO R ISK
condition was designed as a comparison, because in it the
Less Risky option is a black swan as well, albeit one that is
extremely unlikely both in absolute terms (1 in 10,000) and
relative to the More Risky option (fifteen times less probable). To the extent that people’s behaviour in black swan
situations is affected by the presence of risk at all (rather than
the magnitude), we predicted that the O NE R ISK and T WO
R ISK conditions would show different patterns of behaviour.
Procedure After filling out demographic information, participants took two short personality surveys3 which were included as exploratory analysis to determine whether certain
personality features were correlated with choices. For space
reasons we defer analysis of this data to future work.
After completing the surveys, people were told that they
had been allocated n points to begin with (with n varying
between 3000 and 7000 by random allocation, as described
above) and would be able to “cash out” any points they had
at the end of the experiment as a bonus at an exchange range
of 10 cents per 1000. To make sure they understood, the
instructions explained what that would mean if the experiment
were to end now; for instance, people who were allocated
3 The 12-item Intolerance of Uncertainty scale and a 20-item
subset of the Big Five focusing on neuroticism and volatility.
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5000 points would have read that “if the HIT were ending now
you would be paid $1.75 (the $1.25 guaranteed rate plus 50
cents bonus).” The instructions further explained that people
would be asked to make choices between different possibilities
with different payoffs and losses. At the end the computer
would simulate games following the choices they made, with
the bonus depending on the outcome of the simulations.
Participants were not allowed to proceed further without
correctly answering a series of questions (on a separate page)
designed to ensure that they understood the task. These included a question about the task in the study, how many points
they had been allocated, what the exchange rate was, and how
their total payment was calculated.
After answering those questions, people were then shown
the O NE -S HOT question on a new page which stated “You
currently have n points. Please choose between the following
two options:” and presented them with the More Risky and
Less Risky options, called A and B (the mapping of option
to A/B was random for each person). Upon making a choice,
people were then shown a new page with the P OLICY question,
the top of which stated “You started off with n points. Before
we tell you the results of the choice you just made, we have
another question for you.” The full instructions were:
Here options A and B are the same as before (shown below). This time, though, instead of having the computer
simulate one play, we’re going to have it simulate 2000
plays. At each play it will make the choice you tell it to,
and the results of that will be added or subtracted from
your current point total. So for instance, if you had an option of 100% chance of gaining 1 point, then simulating
2000 plays would mean you end up earning 2000 points.
People were then given four options: Play A all 2000 times;
Play B all 2000 times; Play A while I have more than x points,
otherwise play B; and Play B while I have more than x points,
otherwise play A. The latter two options had a blank text box
in the place of the x, within which people could enter any
number they wished. After making their choice, people went
to another page where they were informed about the outcome
of the simulations and their final bonus. Bonuses ranged from
$0.00 to $2.58, with a mean of $0.82.

Results
Figure 2 shows what proportion of people chose each option
in both risk conditions and for both types of queries. When
people were asked to select between the options one time in
the O NE -S HOT query, people in the O NE R ISK condition preferred the Less Risky option slightly more than the More Risky
one (although this result was unconvincing, χ 2 (1) = 3.85, p =
0.0498). However, this preference flipped dramatically in the
T WO R ISK condition, with many more people preferring the
More Risky option (χ 2 (1) = 35.8, p < 0.0001).
The difference between risk conditions is significant
(χ 2 (1) = 31.3, p < 0.0001). It suggests a mild degree of risk
aversion when given a riskless option in the O NE R ISK condition, coupled with a strong degree of risk seeking in the T WO

Figure 2: Options chosen for each query type in Experiment 1.
Left panel: In the O NE -S HOT query in which people were asked to
make one choice between the two options, they slightly favoured
the Less Risky option overall in the O NE R ISK condition. This
preference flipped in the T WO R ISK condition, despite the fact that
both conditions were equivalent in terms of EU. Indeed, people were
strongly risk-seeking even though the Less Risky option was nearly
riskless, with only 1 in 10,000 chance of loss. Right panel: People
showed the same qualitative pattern when asked to create a P OLICY
for playing 2000 games. Relatively few people chose a policy that
involved switching between the More Risky and Less Risky, options,
despite the fact that this is optimal. Of the remainder, as before,
people were risk averse in the O NE R ISK situation and risk seeking
in the T WO R ISK condition.
R ISK condition. This preference flip is consistent with the possibility that people are not precisely encoding the magnitude
of the black swan probabilities but are noting the presence or
absence of risk. They thus prefer the riskless option in the
O NE R ISK condition but treat the black swans in the T WO
R ISK case as qualitatively identical, resulting in a preference
for the More Risky option because it has higher relative gains.
The qualitative effects are similar when we look at how
people answered the P OLICY question in which they were
asked to choose a strategy for simulating 2000 games. Although expected utility theory favours a strategy that changes
depending on one’s current points, relatively few people chose
that (fewer than 20% in both risk conditions). When we consider the 80% of people who opted to stay with one choice
for all 2000 games, we see a similar pattern as before: preference for the Less Risky option in the O NE R ISK condition
(χ 2 (1) = 37.5, p < 0.0001) and slightly for the More Risky
option in the T WO R ISK condition, (χ 2 (1) = 4.5, p = 0.034).
Risk aversion in general seemed to be greater when asked to
make a P OLICY decision, but not enough to change this qualitative difference between the O NE R ISK and T WO R ISK condition, which itself was significant (χ 2 (1) = 32.9, p < 0.0001).
To what extent are people’s choices affected by how many
points they currently have and thus how much they have to
lose in the event of catastrophic loss? Interestingly, as Figure 3
illustrates, regardless of what query they were being asked,
people showed little if any change in their decisions based on
how many points they currently had.4
4 Since so few people chose the Less Then More or More Then
Less options, for simplicity we restrict ourselves in this analysis only
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Figure 3: Options chosen as a function of points in Experiment
1. For both the O NE -S HOT and P OLICY queries, people’s choices
did not differ based on their current number of points. Regardless
of how much they had, people chose the riskier option in the T WO
R ISK condition and the less risky option in the O NE R ISK condition.
This behaviour contradicts the EU-optimal choice of switching from
More Risky to Less Risky at the 5000-point mark.
Taken together, these results suggest several things. First,
the fact that behaviour did not change regardless of the starting
points suggests either that the “lose everything” framing made
people not pay attention to the numerical values involved, or
that the difference between 3000 and 7000 points was not sufficiently large to affect behaviour. Given that this corresponds
to a bonus that is almost a third the size of the actual payment
and larger than has had an effect in other studies, this latter
possibility seems unlikely but we cannot rule it out. Second,
the fact that people preferred the Less Risky option in the O NE
R ISK case suggests that people are not encoding even very
low (1:1000) odds as zero. However, the fact that they prefer
the More Risky option in the T WO R ISK case suggests that
they also may not be encoding even a fifteen-fold difference
in black-swan probabilities, instead treating them equivalently
and making decisions based on the gains. Third, the fact that
people are qualitatively similar but quantitatively somewhat
distinct for the O NE -S HOT and P OLICY queries suggests that
they are attuned to the difference in reasoning about single vs
multiple instances, albeit only slightly.
Experiment 2 is a follow-up study with two main goals. The
secondary one is to determine whether these three findings
replicate. The primary one is to determine whether the failure
to encode differences occurs even when the probabilities are
ten times larger: still black swan, but much less extreme. This
results in EU calculations that now strongly favour the Less
Risky option. If people still choose the More Risky option
under these circumstances, this is a strong indication that
they are truly indifferent to these distinctions in the absolute
magnitudes of small probabilities, even when they have a
profound impact on expected value.
to the approximately 80% of people who chose Less Risky or More
Risky alone. However, including everyone results in qualitatively
identical statistical findings. For O NE -S HOT queries: O NE R ISK:
χ 2 (4) = 2.44, p = 0.6546; T WO R ISK:χ 2 (4) = 1.46, p = 0.8337.
For P OLICY queries: O NE R ISK: χ 2 (4) = 1.84, p = 0.7649; T WO
R ISK:χ 2 (4) = 1.04, p = 0.9031.

Figure 5: Options chosen for each query type in Experiment
2. As before, people asked both O NE -S HOT and P OLICY queries
were risk averse in the O NE R ISK condition and risk seeking in
the T WO R ISK condition. Although the degree of risk seeking was
somewhat lower than in Experiment 1, any at all strongly contradicts
the predictions from EU theory, which very strongly favours the Less
Risky option across the board in Experiment 2.

Figure 4: Choices and expected utilities for Experiment 2. As
in the previous experiment, people were assigned to one of two risk
conditions, each of which offered one More Risky option and one
Less Risky option. This time EU theory strongly favours the Less
Risky option at all point levels in the experiment, thus predicting that
participants should always choose the Less Risky option.

Results

Experiment 2
Method
Participants A total of N = 500 US participants were run
on Amazon Mechanical Turk; of these, 15 were excluded for
failing an attention check, leaving 485 in the full dataset. Ages
ranged from 18 to 88 (mean: 36.7) and 231 (47.6%) were
female. Payment was identical to Experiment 1 and none of
the people had participated in Experiment 1.
Design and Procedure This experiment was exactly the
same as Experiment 1, except that the probabilities and payoffs were different, as described in Figure 4. This time the
probability of catastrophic loss (losing all points) was higher,
although still quite infrequent in absolute terms. As a result,
EU theory strongly favours the Less Risky option over the
More Risky option for all of point levels endowed in the experiment (3000 to 7000 in increments of 1000, as before).
Because the utilities of the More Risky option fall off much
more dramatically in the T WO R ISK condition than they did
in Experiment 1, the difference in expected outcomes after
repeated games is more extreme as well. Simulations of a
2000-game sequence reveal that in the O NE R ISK condition,
the Less Risky option averages over 9000 points more than the
More Risky option; in the T WO R ISK condition this advantage
still occurs but is reduced to about 2600.5 Thus, although
expected utility favours the Less Risky option regardless, it is
favoured more when only one choice is a black swan. Because
the probability of loss was higher in Experiment 2, the bonuses
were smaller: from $0.00 to $1.32 with a mean of $0.47.

As Figure 5 shows, people in Experiment 2 made essentially
the same choices as did participants in Experiment 1, despite
the fact that this time the Less Risky option has much higher
relative expected utility across the board. As before, when
people were asked just to select between the options one time
in the O NE -S HOT query, people in the O NE R ISK condition
preferred the Less Risky option more than the More Risky
one (χ 2 (1) = 10.65, p = 0.0011) while this preference was reversed in the T WO R ISK condition (χ 2 (1) = 4.16, p = 0.0414).
The difference between the risk conditions was significant
(χ 2 (1) = 13.25, p = 0.0003).
Decisions were similar to Experiment 1 when considering
responses to the P OLICY question as well (right panel of Figure 5). As before, fewer than 20% of people chose a strategy
that involved switching between the Less Risky and More Risky
options. Of the remainder, most people favoured the Less
Risky option in the O NE R ISK condition (this time strongly so:
χ 2 (1) = 44.31, p < 0.0001). Unlike in Experiment 2, people
failed to show a preference for the More Risky option in the
T WO R ISK condition (χ 2 (1) = 0.34, p = 0.5575), suggesting
that they were encoding the difference in black swan probabilities on at least some level. Still, given that the Less Risky
option had vastly higher expected utility over the course of
2000 games, people’s failure to prefer that option is somewhat striking. In any case, as before, the difference between
the O NE R ISK and T WO R ISK conditions is still significant
(χ 2 (1) = 17.60, p < 0.0001).
In another replication of Experiment 1, people in Experiment 2 also made similar choices regardless of how many
points they were currently endowed with (see Figure 6). As
before, no trends were significant; people showed similar risk
aversion and risk seeking regardless how many points a catastrophic loss of all of them translated to.6
6 O NE -S HOT : O NE R ISK : χ 2 (4) = 1.5, p = 0.8222; T WO
R ISK:χ 2 (4) = 3.01, p = 0.5565. P OLICY: O NE R ISK: χ 2 (4) =
2.39, p = 0.6639; T WO R ISK:χ 2 (4) = 2.85, p = 0.5826.

5 As

before, technically the More Then Less policy (switching at
500 points) was most EU-optimal, but since switching occurred so
early the difference between it and Less Risky only was minimal.
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Figure 6: Options chosen as a function of points in Experiment
2. As in Experiment 1, for both kinds of queries, people’s choices did
not differ based on their current number of points. Regardless of how
much they had to lose, people chose the riskier option in the T WO
R ISK condition and the less risky option in the O NE R ISK condition.
This behaviour contradicts the preference of EU theory for the Less
Risky option regardless of how many points one started with.

Discussion
These two experiments reveal that people appear not to base
their decisions on differences between tiny probabilities and
are indifferent to the absolute magnitude of catastrophic losses.
These factors lead to a qualitative shift in behaviour between
scenarios with the same expected value and very similar absolute risk levels: people are risk averse when only one option
is a black swan but become strongly risk seeking when both
are. In some sense, our work replicates well-established findings: people in the O NE R ISK condition are showing a classic
certainty preference, while the T WO R ISK condition demonstrates a type of isolation effect (Kahneman & Tversky, 1979).
The interesting thing here is that both of these effects only
emerge because of the way in which people are encoding the
probabilities. Those in the T WO R ISK condition are disregarding the shared black-swan component even though in a very
real sense they are not shared: the risk is 15 times higher in
one option than another. Conversely, those in the O NE R ISK
condition are treating 1 in 1000 odds as risky even though they
are very small in absolute magnitude – much smaller than the
differences being disregarded in the T WO R ISK condition.
One possible objection to this work is that these were not
true black swans because the losses were not large in absolute dollar terms. This is true, albeit somewhat unavoidable due to the ethical problems involved in visiting actually
catastrophic outcomes onto unwitting participants. Somewhat
reassuringly, participants on AMT appear to be highly motivated by small amounts of money and produce reliable data
in decision-making studies (Paolacci, Chandler, & Ipeirotis,
2010). Moreover, the fact that people adopted the same strategy regardless of their points suggests that they were probably
not thinking in dollar terms at all. We do plan to follow up on
this latter effect to see if people show similar insensitivity to
loss magnitude when the losses are not framed as “everything”
but instead highlight the actual points involved.
Another limitation is that all of this work has focused on
black swan losses rather than gains (very low probabilities of
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amazingly awesome outcomes). In part that was because they
are asymmetric situations: it is possible to “lose everything”
but not “win everything” in the same way (what is everything?
All of the money in the world? What is the positive equivalent
of death?) The other reason was that it would have been
far more expensive to pay people for such large gains. The
difference between gains and losses in black swan situations
thus remains a huge open question, and it is quite likely that
there are interesting differences in how people approach these
situations (Kahneman & Tversky, 1979; Sharot, 2011).
Much remains to be done, but for now we note that these
findings may have interesting implications for real-world black
swan problems like vaccination. If people cannot be persuaded
that the risks of vaccination are actually zero, they may be
encoding even extremely small risks as something to avoid as
in the O NE R ISK condition. A more persuasive tactic might
be to emphasise that all decisions are risky, as in the T WO
R ISK condition, thus making people more likely to act on
the benefits of vaccination. This is speculative, of course,
but demonstrates the importance of understanding how people
reason about these extremely unlikely but very aversive events.
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Abstract
Understanding how people represent categories is a core problem in cognitive science. Decades of research have yielded
a variety of formal theories of categories, but validating them
with naturalistic stimuli is difficult. The challenge is that human category representations cannot be directly observed and
running informative experiments with naturalistic stimuli such
as images requires a workable representation of these stimuli.
Deep neural networks have recently been successful in solving
a range of computer vision tasks and provide a way to compactly represent image features. Here, we introduce a method
to estimate the structure of human categories that combines
ideas from cognitive science and machine learning, blending
human-based algorithms with state-of-the-art deep image generators. We provide qualitative and quantitative results as a
proof-of-concept for the method’s feasibility. Samples drawn
from human distributions rival those from state-of-the-art generative models in quality and outperform alternative methods
for estimating the structure of human categories.
Keywords: categorization; neural networks; Markov Chain
Monte Carlo

Introduction
Categorization is a central problem in cognitive science and
concerns why and how we divide the world into discrete units
at various levels of abstraction. The biggest challenge for
studying human categorization is that the content of mental
category representations cannot be directly observed, which
has led to development of laboratory methods for estimating
this content from human behavior. Because these methods
rely on small sets of artificial stimuli with handcrafted or lowdimensional feature sets, they are ill-suited to the study of categorization as an intelligent process, which is principally motivated by robust human categorization performance in complex ecological settings (Nosofsky et al., 2017).
One of the challenges of applying laboratory methods to
realistic stimuli such as natural images is finding a way to
represent them. Deep learning models, such as convolutional
neural networks, discover features that can be used to represent complex images compactly and perform well on a range
of computer vision tasks (LeCun et al., 2015). It may be possible to express human category structure using these features,
an idea supported by recent work in cognitive science (Lake
et al., 2015; Peterson et al., 2016).
Ideally, experimental methods could be combined with
state-of-the-art deep learning models to estimate the structure
of human categories with as few assumptions as possible, and
while avoiding the problem of dataset bias. In what follows,
we propose a method that uses a human in the loop to estimate

arbitrary distributions over complex feature spaces, adapting an existing experimental paradigm to exploit advances in
deep architectures to capture the precise structure of human
category representations and iteratively sharpen them. Such
knowledge is crucial to forming an ecological theory of intelligent categorization behavior and to providing a ground-truth
benchmark to guide future work in machine learning.

Background
Deep neural networks for images Deep neural networks
are modern instantiations of classic multilayer perceptrons,
and represent a powerful class of machine learning model.
DNNs can be trained efficiently through gradient descent
and structurally specialized for particular domains (LeCun et
al., 2015). In the image domain, deep convolutional neural networks (CNNs; LeCun et al., 1989) excel in classic
computer vision tasks, including natural image classification
(Krizhevsky et al., 2012). CNNs exploit knowledge of the
input domain by learning a hierarchical set of translationinvariant image filters. The resulting representations, realvalued feature vectors, are surprisingly general and outperform other methods in explaining complex human behavior
(Lake et al., 2015; Peterson et al., 2016).
Generative Adversarial Networks (GANs; Goodfellow et
al., 2014) and Variational Autoencoders (VAEs; Kingma &
Welling, 2013) provide a generative approach to modeling the
content of natural images. Importantly, though the approaches
differ considerably, each approach makes use of a network
(called a “decoder” or “generator”) that learns a deterministic
function that maps samples from a known noise distribution
p(z) (e.g., a multivariate Gaussian) to samples from the true
image distribution p(x). This can be thought of as mapping a
relatively low-dimensional feature representation z to a relatively high-dimensional image x. Sampling new images from
these networks is as simple as passing Gaussian noise into
the learned decoder. In addition, because of its simple form,
the resulting latent space z tends to be easy to traverse meaningfully (i.e., an intrinsic linear manifold) and can be readily
visualized via the decoder, a property we exploit presently.
Estimating the structure of human categories Methods
for estimating human category templates have existed for
some time. In psychophysics, the most popular and wellunderstood method is known as classification images (CI;
Ahumada, 1996).
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Decoder

Figure 1: Deep MCMCP. A current state z and proposal
z∗ (top middle) are fed to a pretrained deep image generator/decoder network (top left). The corresponding decoded images x and x∗ for the two states are presented
to human raters on a computer screen (leftmost arrow
and bottom left). Human raters then view the images
in an experiment (bottom middle arrow) and act as part
of an MCMC sampling loop, choosing between the two
states/images in accordance with the Barker acceptance
function (bottom right). The chosen image can then be
sent to the inference network (rightmost arrow) and decoded in order to select the state for the next trial, however this step is unnecessary when we know exactly which
states corresponds to which images.

Inference

,

Which is more like a cat?
or

In the classification images experimental procedure, a human participant is presented with images from two categories,
A and B, each with white noise overlaid, and asked to select the stimulus that corresponds to the category in question.
On most trials, the participant will obviously select the exemplar generated from the category in question. However, if the
added white noise significantly perturbs features of the image
that are important to making the distinction, they may fail.
Exploiting this, we can estimate the decision boundary from a
number of these trials using the simple formula:
(nAA + nBA ) − (nAB + nBB ),

(1)

where nXY is the average of the noise across trials where the
correct class is X and the observer chooses Y .
Vondrick et al. (2015) used a variation on classification images using deep image representations that could be inverted
back to images using an external algorithm. In order to avoid
dataset bias introduced by perturbing real class exemplars,
white noise in the feature space was used to generate stimuli.
In this special case, category templates reduce to nA − nB . On
each trial of the experiment, participants were asked to select
which of two images (inverted from feature noise) most resembled a particular category. Because the feature vectors for
all trials were random, thousands of stimuli could be rendered
in advance of the experiment using relatively slow methods
that require access to large datasets. This early inversion
method was applied to mean feature vectors for thousands of
positive choices in the experiments and yielded qualitatively
decipherable category template images, as well as better objective classification decision boundaries that were guided human bias. Under the assumption that human category distributions are Gaussian with equal variance, this method yields
a vector that aligns with the nearest-mean decision boundary,
although a massive number of human trials are required.
Markov Chain Monte Carlo with People (MCMCP; Sanborn & Griffiths, 2007), an alternative to classification images, is an experimental procedure in which humans act as
a valid acceptance function A in the Metropolis–Hastings algorithm, exploiting the fact that Luce’s choice axiom, a wellknown model of human choice behavior, is equivalent to the

Barker acceptance function (see equation in Figure 1). On the
first trial, a stimulus x is drawn arbitrarily from the parameter space and compared to a new proposed stimulus x∗ that
is nearby in that parameter space. The participant makes a
forced choice as to which is the better exemplar of some category (e.g., dog), acting as the acceptance function A(x∗ ; x).
If the initial stimulus is chosen, the Markov chain remains in
that state. If the proposed stimulus is chosen, the chain moves
to the proposed state. The process then repeats until the chain
converges to the target category distribution p(x|c). In practice, convergence is assessed heuristically, or limited by the
number of human trials that can be practically obtained.
MCMCP has been successfully employed to capture a number of different mental categories (Sanborn & Griffiths, 2007;
Martin et al., 2012), and though these spaces are higherdimensional than those in previous laboratory experiments,
they are still relatively small and artificial compared to real
images. Unlike classification images, this method makes no
assumptions about the structure of the category distributions
and thus can estimate means, variances, and higher order moments. Therefore, we take it as a starting point for the current
method.

MCMCP in deep feature spaces
The typical MCMCP experiment is effective so long as noise
can be added to dimensions in the stimulus parameter space
to create meaningful changes in content. In the case of natural images, noise in the space of all pixel intensities is very
unlikely to modify the stimulus in meaningful ways. Instead, we propose perturbing images in a deep feature space
that captures only essential variation. Since trials in an
MCMCP experiment are not independent, we employ realtime, web-accessible generative adversarial networks to render high quality inversions from their latent features. The
mapping from features to images learned by a GAN is deterministic, and therefore MCMCP in low-dimensional feature space approximates the same process in high-dimensional
image space. The resulting judgments (samples) approximate
distributions that both derive arbitrary human category boundaries for natural images and can be sampled from to create
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images, yielding new human-like generative image models.
A schematic of this procedure is illustrated in Figure 1.
There are several theoretical advantages to our method over
previous efforts. First, MCMCP can capture arbitrary distributions, so it is not as sensitive to the structure of the underlying low-dimensional feature space and should provide better
category boundaries than classification images when required.
This is important when using various deep features spaces that
were learned with different training objectives and architectures. MCMC inherently spends less time in low probability regions and should in theory waste fewer trials. Having
generated the images online and as a function of the participant’s decisions, there is no dataset or sampling bias, and
auto-correlation can be addressed by removing temporally adjacent samples from the chain. Finally, using a deep generator
provides drastically clearer samples than shallow reconstruction methods, and can be trained end-to-end with an inference
network that allows us to categorize new images using the
learned distribution.

Experiments
For our experiments, we explored two image generator networks trained on various datasets. Since even relatively lowdimensional deep image embeddings are large compared to
controlled laboratory stimulus parameter spaces, we use a hybrid proposal distribution in which a Gaussian with a low variance is used with probability P and a Gaussian with a high
variance is used with probability 1 − P. This allows participants to both refine and escape nearby modes, but is simple
enough to avoid excessive experimental piloting that more advanced proposal methods often require.
Participants in all experiments completed exactly 64 trials (image comparisons), collectively taking about 5 minutes,
containing segments of several chains for multiple categories.
The order of the categories and chains within those categories
were always interleaved. Each participant’s set of chains for
each category were initialized with the previous participants
final states, resulting in large, multi-participant chains. All
experiments were conducted on Amazon Mechanical Turk. If
a single image did not load for a single trial, the data for the
subject undergoing that trial was completely discarded, and
a new subject was recruited to continue on from the original
chain state.

Experiment 1: Initial test with face categories
Methods We first test our method using DCGAN (Radford
et al., 2015) trained on the Asian Faces Dataset. We chose this
dataset because it requires a deep architecture to produce reasonable samples (unlike MNIST, for example), yet it is constrained enough to test-drive our method using a relatively
simple latent space. Four chains for each of four categories
(male, female, happy, and sad) were used. Proposals were
generated from an isometric Gaussian with a standard deviation of 0.25 50% of the time, and 2 otherwise. In addition,
we conducted a baseline in which two new initial state proposals were drawn on every trial, and were independent of

previous trials (classification images). The final dataset contained 50 participants and over 3, 200 trials (samples) in total
for all chains. The baseline classification images (CI) dataset
contained the same number of trials and participants.
Results MCMCP chains are visualized using Fisher Linear
Discriminant Analysis in Figure 2, along with the resulting averages for each chain and each category. Chain means within
a category show interesting variation, yet converge to similar
regions in the latent space as expected. Figure 2 also shows
visualizations of the mean faces for both methods in the final two columns. MCMCP means appear to have converged
quickly, whereas CI means only moderately resemble their
corresponding category (e.g., the MCMCP mean for “happy”
is fully smiling, while the CI mean barely reveals teeth). All
four CI means appear closer to a mean face, which is what one
would expect from averages of noise. We validated this improvement with a human experiment in which 30 participants
made forced choices between CI and MCMCP means. The
results are reported in Figure 3. MCMCP means are consistently highly preferred as representations of each category as
compared to CI. This remained true even when an additional
50 participants (total of 100) completed the CI task, obtaining
twice as many image comparison trials as with MCMCP.

Experiment 2: Larger networks & larger spaces
The results of Experiment 1 show that reasonable category
templates can be obtained using our method, yet the complexity of the stimulus space used does not rival that of large object
classification networks. In Experiment 2, we tackled a more
challenging (and interesting) form of the problem. To do this,
we employed a bidirectional generative adversarial network
(BiGAN; Donahue et al., 2016) trained on the 1.2 millionimage ILSVRC 12 dataset (64 × 64 center-cropped). BiGAN
includes an inference network, which regularizes the rest of
the model and produces unconditional samples competitive
with the state-of-the-art. This also allows for the later possibility of comparing human distributions with other networks
as well as assessing machine classification performance with
new images based on the granular human biases captured.
Methods Our generator network was trained given uniform
rather than Gaussian noise, which allows us to avoid proposing highly improbable stimuli to participants. Additionally,
we avoid proposing states outside of this hypercube by forcing z to wrap around (proposals that travel outside of z are
injected back in from the opposite direction by the amount
originally exceeded). In particular, we run our MCMC chains
through an unbounded state space by redefining each bounded
dimension zk as
(
−sgn(zk ) × [1 − (zk − bzk c)], if |z| > 1
0
zk =
(2)
zk ,
otherwise.
Proposals were generated from an isometric Gaussian with a
standard deviation of 0.1 60% of the time, and 0.7 otherwise.
We use this network to obtain large chains for two groups of
five categories. Group 1 included bottle, car, fire hydrant, and
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Figure 2: Visualizing captured representations. A. Fisher Linear Discriminant projections of all four MCMCP chains for each of
the four face categories. The four sets of chains overlap to some degree, but are also well-separated overall. Means of individual
chains are closer to other means from the same class than to those of other classes. B. Individual MCMCP chain means (4 × 4
grid) and overall category means (second to last) visualized as images (overall CI means also shown for comparison in the final
column).
person, television, following Vondrick et al. (2015). Group 2
included bird, body of water, fish, flower, and landscape. Each
chain was approximately 1, 040 states long, and four of these
chains were used for each category (approximately 4, 160). In
total, across both groups of categories, we obtained exactly
41, 600 samples from 650 participants.

Preference for MCMCP (% chosen)

To demonstrate the efficiency and flexibility of our method
compared to alternatives, we obtained an equivalent number
of trials for all categories using the variant of classification
images introduced in Vondrick et al. (2015), with the exception that we used our BiGAN generator instead of the offline
inversion previously used. This also serves as an important
baseline against which to quantitatively evaluate our method
because it estimates the simplest possible template.

1.0
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2

Neutral
1x CI Trials
2x CI Trials
happy

sad

female

male

Figure 3: Human two-alternative forced-choice tasks reveal a
strong preference for MCMCP means as representations of a
category, when twice as many trials are used for CI.

Results The acceptance rate was approximately 50% for
both category groups, which is near the common goal for
MCMCP experiments. The samples for all ten categories are
shown in Figure 5B and D using Fisher Linear Discriminant
Analysis. Similar to the face chains, the four chains for each
category converge to similar regions in space, largely away
from other categories. In contrast, classification images shows
little separation with so few trials (5C and D). Previous work
suggests that at least an order of magnitude higher number
of comparisons may be needed for satisfactory estimation of
category means. Our method estimates well-separated category means in a manageable number of trials, allowing for
the method to scale greatly. This makes sense given that CI
compares arbitrary images, potentially wasting many trials,
and clearly suffers from a great deal of noise.
Beyond yielding a decision rule, our method additionally
produces a density estimate of the entire category distribution. In classification images, only mean template images can
be viewed, while we are able to visualize several modes in
the category distribution. Figure 4 visualizes these modes using the means of each component in a mixture of Gaussians
density estimate. This produces realistic-looking multi-modal
mental category templates, which to our knowledge has never
been accomplished with respect to natural image categories.

Efficacy in classifying real images
Improvements of MCMCP over classification images may
be both perceptible and detectable, but their practical differences are also worth considering — do they differ significantly on real-world tasks? Moreover, if the representations
we learn through MCMCP are good approximations to people, we would expect them to perform reasonably well in categorizing real images. For this reason, we provide an additional quantitative assessment of the samples we obtained and
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Figure 4: 40 most interpretable mixture component means (modes) taken from the 50 largest mixture weights for category.
compare them to classification images (CI) using an external
classification task.
To do this, we scraped ≈ 500 images from Flickr for each
of the ten categories, which was used for a classification task.
To classify the images using our human-derived samples, we
used (1) the nearest-mean decision rule, and (2) a decision rule
based on the highest log-probability given by our ten density
estimates. For classification images, only a nearest-mean decision rule can be tested. In all cases, decision rules based on
our MCMCP-obtained samples overall outperform a nearestmean decision rule using classification images (see Table 1).

In category group 1, the MCMCP density performed best and
was more even across classes. In category group 2, nearestmean using our MCMCP samples did much better than a density estimate or CI-based nearest-mean.

Discussion
Our results demonstrate the potential of our method, which
leverages both psychological methods and deep surrogate representations to make the problem of capturing human category representations tractable. The flexibility of our method
in fitting arbitrary generative models allows us to visualize

880

Figure 5: Categories are better separated by MCMCP representations. Fisher Linear Discriminant projections of A. CI comparisons for each category of group 1, B. samples for MCMCP chains for category group 1, C. CI comparisons for each category
of group 2, and D. samples for MCMCP chains for category group 2. For A and C, large dots represent category means. For B
and D, large dots represent chain means.
Table 1: Classification performance compared to chance for
both category sets (chance is 0.20).
bird body of water
.33
.28
.23
.31
.23
.30
bottle fire hydrant
MM .15
.11
MD .25
.26
CM .28
.15
MM
MD
CM

fish flower landscape all
.01
.57
.67
.37
.18
.44
.73
.38
.2
.24
.52
.30
car person television all
.32
.77
.73
.42
.56
.19
.50
.35
.62
.12
.13
.26

MM = MCMCP Mean, MD = MCMCP Density, CM = CI Mean

multi-modal category templates for the first time, and improve
on human-based classification performance benchmarks. It is
difficult to guarantee that our chains explored enough of the
relevant space to actually capture the concepts in their entirety,
but the diversity in the modes visualized and the improvement
in class separation achieved are positive indications that we
are on the right track. Further, the framework we present
can be straightforwardly improved as generative image models advance, and a number of known methods for improving
the speed, reach, and accuracy of MCMC algorithms can be
applied to MCMCP make better use of costly human trials.
There are several obvious limitations of our method. First,
the structure of the underlying feature spaces used may either
lack the expressiveness (some features may be missing) or the
constraints (too many irrelevant features or possible images
wastes too many trials) needed to map all characteristics of
human mental categories in a practical number of trials. Even
well-behaved spaces are very large and require many trials to
reach convergence. Addressing this will require continuing
exploration of a variety of generative image models. We see
our work as part of an iterative refinement process that can
yield more granular human observations and inform new deep
network objectives and architectures, both of which may yet
converge on a proper, yet tractable model of real-world human
categorization.
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one reporter (SA) “receiving” information from another
reporter (SB) before providing their own report about the
same hypothesis (H; see Fig. 1). Such a structure is relevant
to many areas of enquiry, including medicine (e.g., a doctor
may make a diagnosis having already seen the diagnosis of
a second doctor), and the legal / forensic domain (e.g., a lab
technician runs a finger print analysis already knowing
exonerating information about the suspect; see Dror,
Charlton, & Peron, 2006).
If the two sources corroborate one another, and are
conditionally independent (no dashed line), then their
reports carry more weight than if the two sources have
colluded, shared information (dashed line), or possess some
other form of dependence (all else being equal). This is
because in the dependent case there are alternative
explanatory paths for a source’s report – other than the true
state of the world: for instance, a doctor (SA) diagnoses a
disease (H) based primarily on the diagnosis of another
doctor (SB), rather than their own independent assessment of
the symptoms. Conversely, sources independently providing
corroborative reports exert a direct, multiplicative impact on
H (in accordance with standard Bayesian updating; Pearl,
1988). Accordingly, to mistake dependent structures for
independent (or vice versa) can lead to systematic over (or
under) weighting of evidential value.

Abstract
When reasoning about evidence under conditions of
uncertainty, one important consideration for accurate updating
is the presence (and influence) of dependencies. For instance,
if considering whether a patient has a disease, the value of
two doctors’ diagnoses indicating the presence of the disease
may carry more value if such diagnoses were conducted
independently, rather than if, all else being equal, one doctor
has seen the other’s diagnosis before making their own. In the
present paper, we demonstrate that lay reasoners prefer to
avoid dependencies when considering evidential support.
However, we additionally illustrate two cases in which
dependencies may carry evidential advantage: namely, when
information is partial or contradictory. Lay reasoners
erroneously remain averse to dependencies even in such
cases, reflecting the difficulties inherent to considerations of
dependence.
Keywords: evidential reasoning; probabilistic reasoning;
dependence; Bayesian Networks; belief updating

Introduction
The accurate integration of information is essential to
everyday life, be it in order to reason effectively, to come to
conclusions, or to make decisions. The accuracy of this
integration has been of particular concern in the domains of
intelligence analysis (Heuer, 1999), law (Fenton & Neil,
2012, Fenton, Neil & Lagnado, 2013, Hahn & Oaksford,
2007; Harris & Hahn, 2009; Lagnado, 2011; Pennington &
Hastie, 1986; Schum, 1994), and medicine (Eddy, 1982),
where efforts have been made not only to understand how
people do integrate, but also how they should do so.
Questions remain, from both empirical and normative
standpoints, regarding the central issue of how to deal with
dependencies between pieces of evidence.
In modelling the integration of evidence, it is sometimes
legitimate to assume conditional independence (see e.g.,
Bovens & Hartmann, 2003; Hahn, Harris & Corner, 2009;
Fenton & Neil, 2012), such that knowledge of one piece of
evidence does not affect the impact of another (Pearl, 1988).
Such an assumption eases computation (Schum, 1994;
Pearl, 1988), but if misapplied can lead to dangerous overweighting of evidential value (e.g., naïve Bayes in medicine;
Koller & Friedman, 2009; Kononenko, 1993).
To illustrate, Bayesian networks (BNs) provide a
graphical, computational framework for reasoning under
uncertainty, using Bayes theorem and conditional
likelihoods to make optimal inferences (Pearl, 1988; 2009).
For the purpose of this paper, we are interested in the simple
case of a unidirectional, direct relation between two
reporters. In other words, a dependency characterised by

Figure 1. Graphical representation of a hypothesis (H)
with two sources of evidence (SA, SB) informing upon it.

Judgments of dependence, and the case for
dependency advantages
When multiple reports corroborate one another, then (all
else being equal) independent reports will convey more
support than those sharing dependencies. This notion fits
with conceptualisations of dependence-as-redundancy in
expert forecasting (Hogarth, 1989; Soll, 1999). However,
there are instances in which independence is not preferable.
In this paper, we introduce two such instances, and
experimentally assess lay reasoners intuitions about the
impact of dependence in such cases.
To illustrate, consider the two columns of Fig. 2: the
networks in the two cases are both of two sources (A and B)
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reporting on a hypothesis of interest (H). The cases differ in
the additional arrow indicating a dependency between the
two sources (left-hand column). At t0, neither source has
provided a report. Imagine now receiving only the report of
Source A (row t1; indicated by the 100% in row “H” for the
Source A cell, reflecting a report that H is true). In this state
of ‘partial information’, the dependent case (left) can lend
more support to the hypothesis (H) than the independent
counterpart (right) – as seen by the higher resulting
probability of H (84% vs 80%).1 Imagine now receiving the
second report, which contradicts the first (Source B reports
that H is false; t2 of Fig. 2). Here dependencies can also lead
to greater support for H than the independent case (60% vs
50%). Of course, if reports corroborate at t2 (not shown),
independence always yields more support than dependence
(94% vs 90% in this example). In this paper, we probe lay
reasoners understanding of such situations.

corroborative), but also on the manner in which error rates
of an independent source are modified, given access to a
secondary source (i.e. the change in reliability of SA (Fig. 1)
when the (dashed) line of dependence from S B is
introduced). For instance, to what degree are error rates
mitigated when a secondary source provides accurate
information (or exacerbated by false information)? We elicit
these modifications (conditional probabilities) from
participants, which allow us to determine the coherence of
reasoners in judging the impact of dependencies by their
own lights. This approach also affords an opportunity to
explore lay intuitions regarding the impact of secondary
sources on the reliability of a recipient source.

Method
Participants 200 US participants were recruited and
participated online through Amazon Mechanical Turk.
Participants were native English speakers2, with a median
age of 33 (SD = 11.06), and 107 participants identified as
female. All participants gave informed consent, and were
paid for their time.
Procedure & Design Participants were presented with
background information describing a plane crash that may
have been caused by sabotage (P(H) = .5), for which there
were two experts, Bailey (Source A in Fig. 2) and Campbell
(Source B in Fig. 2), who independently assessed the crash
site (so as to provide reports about the hypothesis of
sabotage). Both experts were indicated to be reasonably
reliable (with error rates – both false positive and false
negative – of 20%3) when independent.
Participants then provided conditional probabilities for
Bailey’s adjusted reliability when given (in)correct
information from Campbell (used in model comparison; see
below), followed by three elicitation stages in which
participants compared the support for the hypothesis
provided in dependent versus independent scenarios as
gradually more information was presented (see questions
and scenarios below). These stages follow those illustrated
in Fig. 1: t0(Baseline) – no reports; t1(First report) – Bailey
gives a positive (sabotage) report; t2(Second report) –
Campbell gives either a corroborating (sabotage) or
contradicting (no sabotage) report. Whether participants saw
a corroborating or contradicting t2 report was manipulated
between-subjects.
Conditional probability questions,
scenarios, and elicitation stage questions are shown below.
Conditional probability questions To inform model
comparisons, participants were first asked to provide
probability estimates (0-100%) for the following two
conditions:
1. “If Bailey, before making her report, has seen
Campbell's completed report - when that report is in
fact CORRECT - what do you estimate is the
probability of Bailey making a mistake now?”

Figure 2. Common-cause structures, with independent and
dependent cases, across no information (t0), partial (t1) and
contradicting information (t2) states.
Present research We ask how lay reasoners understand and
use judgments of the evidential impact of dependencies. For
instance, do people assume that dependencies imply lower
informative value, all else being equal? Does such an
assumption extend to cases in which dependence is in fact
preferable?
The advantage a dependency provides relies not only on
the pattern of evidence (e.g. contradictory vs.
1 This depends on the complex relationship between independent
and dependent source error rates, as well as P(H). In the case
shown in Fig. 2, P(H) = .5, and independent sources have error
rates of .2 (i.e. false positives = false negatives). The issue of how
to alter error rates for a dependent source remains an open question
from a normative standpoint, but for the present example, error
rates are assumed to halve if provided with an accurate secondary
report, and double if provided with a misleading report. Thus,
P(¬RepA|RepB,H) = .1, whilst P(¬RepA|¬RepB,H) = .4.

2 202 participants were originally recruited, but 2 were removed
for not being based in the US nor being a native English speaker.
3 I.e. P(Rep |¬H) = P(¬Rep |H) = P(Rep |¬H) = P(¬Rep |H)= .2
B
B
C
C
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2.

“If Bailey, before making her report, has seen
Campbell's completed report - when that report is in
fact INCORRECT - what do you estimate is the
probability of Bailey making a mistake now?”
The two questions thus elicit from participants an
estimate of the change in error rates for a recipient source
(Bailey) given exposure to a secondary “sending” source
(Campbell) when the latter is in fact 1) correct
(P(¬RepB|RepC,H)), or 2) incorrect (P(¬RepB|¬RepC,H)).
Scenarios For the three elicitation stages, participants were
given two scenarios to consider (with the background represented):
“Scenario 1: You learn that Bailey, prior to completing
her report, was accidentally given access to Campbell's
completed report. As such, Bailey's report may be
influenced by what Campbell has reported.”
“Scenario 2: You learn that Bailey completed her
report without ever seeing Campbell's completed report. As
such, Bailey's report is not influenced by what Campbell has
reported.”
Scenario 1 is thus a “dependent” scenario, and Scenario 2
an “independent” scenario.
Elicitation Stage questions The three questions pertaining
to the scenarios across the three elicitation stages were:
Qualitative Judgment (forced choice): “Based on what
you know at this point, which scenario (if either) provides
more support for the plane having been sabotaged?”
[“They are the same.” / “Scenario 1” / “Scenario 2”.
Randomized presentation order.]
Confidence in Judgment: “How confident are you
that your response is correct?” [Slider, 0 – 100%.]
Probability Estimates: “What is your current probability
estimate of sabotage in each scenario, given what you know
so far?” [Sliders from 0-100%.]
Open text reasoning was also elicited after each stage, but
for the sake of brevity is not reported here.

A Bayesian T-Test was conducted on each conditional
probability to assess deviation from the starting value of
20%. Estimates of the impact of an “incorrect” secondary
source showed decisive evidence for a difference (N = 200;
M = 38.05, 95% CI: [35.19, 40.9]), BF10 = 3.707 * 1023.
However, the impact of a “correct” secondary source on
error rates showed strong evidence for a null difference (N =
200; M = 20.73, 95% CI: [18.13, 23.34]), BF10 = 0.092.

Figure 3. Elicited conditional probabilities of the expected
error rate for a dependent source with a standard
(independent) error rate of 20%, when provided with correct
(green) or incorrect (red) second-hand information.
This asymmetry (i.e. greater revision upwards than
downwards) is expected given the “generally reliable”
starting (independent) error rates (because, given the
bounded scale, an initial error rate of 20% can be increased
more than it can be decreased). It is additionally worth
noting that the large variance exhibited in elicited
conditional probabilities may be reflective of participant
interpretations of the impact of background information
(Schum 1994) - inherent to considerations of dependence.
Behaviorally Informed Bayes Net (BIBN) models Using
the gRain package in R (Højsgaard, 2012), the elicited
conditional probabilities from each participant were used to
outfit the error rates for Bailey (as a recipient / dependent
source) in a dependent-scenario BN, creating individually
fitted BNs for each participant. Both the priors and
independent source / scenario probabilities were as specified
in the background information presented to participants. The
posterior probabilities and qualitative judgments for each
scenario (at each elicitation stage) generated from each
BIBN model (representing each participant) were used in
subsequent comparison analyses.

Results
Bayesian statistics were employed throughout4 using the
JASP statistical software (JASP Team, 2017). For the sake
of brevity, analyses are not reported exhaustively here.
Elicited conditional probabilities As illustrated in Fig. 3,
participants appear to generally reduce a source’s error rates
when that source has been provided with correct
information from a secondary source (median (green dashed
line in Fig. 3) = 15%), and increased error rates when that
secondary source is incorrect (median (red dashed line in
Fig. 3) = 36%).

Qualitative judgments
To analyze qualitative judgments, a series of Bayesian
contingency tables (to assess factors) and binomial tests (for
chance level comparisons) were used. These first assessed
participant judgments across scenario types (dependent vs
independent; left vs right columns of Fig. 2), elicitation
stages (Baseline, First Report, Second Report; t0, t1, and t2 in
Fig. 2), and conditions (contradicting vs corroborating

4

According to Jeffreys (1961), Bayes Factors (BF10: likelihood
ratio of data given hypothesis, over data given null), may be
interpreted as: 1 – 3 = anecdotal support; 3-10 = substantial; 10-30
= strong; 30-100 = very strong; >100 = decisive. Conversely,
Bayes Factors < .33 can be considered strong support for the null
(Dienes, 2014). For all analyses, an objective (uninformed) prior
was used, unless otherwise specified. Wherever possible, sample
sizes for a given analysis (N), and Bayesian Credibility Intervals
(95% CI) are indicated.
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second reports), before comparing them with participant
BIBN model predictions.
Participant data (dark grey bars, Fig. 4). A judgment (3)
x elicitation stage (3) contingency table (N = 600), found
strong evidence for an effect of elicitation stage on
participant judgments, BF10 = 5.724, indicating sensitivity to
elicitation stage. An additional judgment (3) x condition (2)
contingency table on the second report judgments only
(where the condition – corroborating or contradicting –
occurred) found very strong evidence for the effect of
condition (N = 200), BF10 = 31.97, reflecting sensitivity to
whether the second report contradicted or corroborated the
first.
BIBN model (light grey bars, Fig. 4) comparison. To
compare participant judgments to BIBN model predictions,
a series of Bayesian contingency tables using a “data type”
(Participant vs. BIBN prediction) factor were employed
across the three elicitation stages (separating contradicting
and corroborating conditions in the second report stage).
Decisive evidence was found for the deviation of
participant judgments from those predicted by BIBN models
across baseline (N = 400), BF10 = 3.588 * 1025, first report
(N = 400), BF10 = 9.001 * 106, second report-corroborating
(N = 200), BF10 = 81188.756, and second reportcontradicting (N = 200), BF10 = 1.265 * 106, stages.

from chance) was found for responses at first report (0.34,
95% CI: [0.278, 0.408]; N = 200), BF10 = 0.088.
Breaking down the second report by condition, substantial
evidence was found for correct responding above chance
level in the corroborating condition (0.455, 95% CI: [0.36,
0.553]; N = 100), BF10 = 3.388, whilst strong evidence for
the null was found in the contradicting condition (0.356,
95% CI: [0.27, 0.454]; N = 100), BF10 = 0.139.
Taking these results together, participant judgments were
generally inconsistent with BIBN predictions. Correct
response rates were greater than chance in baseline and
corroborating cases, but no better than chance in cases of
partial (first report) and contradicting (second report)
information – situations in which (by participants own
lights) dependencies may be advantageous (see light-grey
bars in center and top-right panels of Fig. 4).
Confidence in qualitative judgments. Confidence was
generally high across all judgments (M = 67.49, SD =
23.84). Although it was not affected by judgment category
or elicitation stage5, confidence was decisively higher when
second reports (N = 200) corroborated (M = 74.4, SD =
23.61) rather than contradicted (M = 60.88, SD = 25.26),
BF10 = 163.385. This finding fits with the higher erroneous
responding found in qualitative judgments when evidence is
contradictory.

Probability estimates
We next turn to participant probability estimates. The
purpose of this analysis was to determine a) the manner in
which participants are updating quantitatively in light of
new information (and whether this differed across
independent and dependent scenarios) and b) how this
updating compares to BIBN model performance – for
instance, highlighting insufficient support attributed to
dependent scenarios.

Figure 4. Qualitative comparison judgments, split by
elicitation stage and condition. Dashed line represents
chance level (33%).
To determine the degree of internal coherence (individual
level BIBN model prediction vs actual judgment), a variable
was created for each participant judgment. If a judgment
corresponded to that predicted by the BIBN model for that
participant, then the judgment was considered correct (1), or
else incorrect (0). This “coherence” variable was then used
to determine if participants made correct judgments more
often than expected by chance (0.33) across elicitation
stages and conditions, using binomial tests.
Correct responding occurred above chance level at
baseline (0.59, 95% CI: [0.521, 0.656]; N = 200), BF10 =
1.678 * 1011, but strong evidence for the null (no difference

Figure 5. Probability estimates across elicitation stages,
split by condition. Error bars reflect standard error.

5 A Bayesian ANOVA assessing the impact of judgment and
elicitation stage (N = 600) on confidence found no evidence for the
effect of judgment, BFInclusion = .489, and strong evidence for the
null for the effect of elicitation stage, BFInclusion = .014. The
interaction term also showed strong evidence for the null, BFInclusion
= .001.
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Participant data (solid lines, Fig. 5). To determine the
manner of participant responding, a series of Bayesian
repeated-measures ANOVA were used. Although not
reported exhaustively here for space reasons, accompanying
footnotes provide necessary supplementary statistics.
Overall, independent scenarios (black solid lines, Fig. 5)
were considered to provide more support than dependent
equivalents (grey solid lines, Fig. 5), BFInclusion = 7.2696,
substantiating qualitative judgment findings. Notably, in the
(second report) corroborative case, participants assigned
greater support to the independent scenario (relative to
dependent), BF10 = 223.233, whilst in the contradicting case
there was a null difference, BF10 = 0.1627. This again fits
the qualitative judgment data, wherein the corroborative
case (which is typified by independent scenario advantage)
is easier for participants to determine (confidence was also
higher).
Finally, there was a main effect of elicitation stage
(linearly increasing estimates across stages), BFInclusion >
150, indicating participants were generally sensitive to
incoming information, including the impact of contradictory
vs corroborating information, BFInclusion > 1508. To address
the question of how sufficient this updating is, participant
data was compared to BIBN model predictions.
BIBN model (dashed lines, Fig. 5) comparison Although
Fig. 5 shows the aggregates for BIBN model predictions, to
appropriately explore model fit on the individual level, a
Bayesian repeated measures ANOVA was conducted on
probability estimates with the additional inclusion of data
type (Participant vs. BIBN prediction) as a within-subject
factor (N = 2400).
Decisive evidence was found for the main effect of data
type, BFInclusion > 150, indicating probability estimates were
significantly higher in BIBN model predictions. Decisive
evidence was also found for the interaction of data type with
elicitation stage (increasing deviation over stages), BFInclusion
> 150, condition (greater deviation in corroborating),
BFInclusion > 150, and their 3-way interaction (the greater
deviation in corroborating occurs in second report state),
BFInclusion > 1509. Taken together, this demonstrates that

participant updating is insufficient relative to their BIBN
model predictions (i.e. evidence is generally undervalued).
Further, the interaction with condition (as with participant
data alone) motivates the restricted analysis of second report
estimates only, split by condition (now also including data
type).
In the corroborating condition, decisive evidence was
found for the main effect of scenario type, BFInclusion =
898.016, and data type, BFInclusion > 150, but not their
interaction, BFInclusion = 0.89910. This indicates that although
participants generally undervalue the impact of a second,
corroborative report, their assessment of the greater support
provided in independent (relative to dependent) scenarios is
broadly in line with model predictions.
Conversely, in the contradicting condition, there was no
evidence for the main effect of data type, BF Inclusion = 1.183,
and strong evidence for the null for both the main effect of
scenario type, BFInclusion = 0.08, and their interaction,
BFInclusion = 0.03911. Although this appears to indicate a
reasonable fit between participant data and model
predictions for contradicting evidence cases, such a null
difference may in fact be attributable to under-valuing
evidence twice, rather than accurate updating. 12

Conclusions
The issue of dependence in evidential reasoning, both from
empirical and normative standpoints, is critical across many
domains, including medical, legal, and intelligence analysis.
Failures to consider dependencies can be dangerous, as they
can lead to the systematic over-valuing of evidence (Dror et
al., 2006; Koller & Friedman, 2009). Our results indicate
that lay reasoners are indeed aware of the lower evidential
value that dependencies can incur. For example, lay
reasoners preference for independence is applied
appropriately in cases of corroborative reports.
In cases of partial or contradicting information, however,
where the implications of dependence are more complex,
lay reasoners begin to struggle. More precisely, when by the
lights of their own elicited conditional probabilities,
dependencies should in fact carry an informational
advantage (all else being equal) participants still prefer to
avoid them. This aversion to dependencies in the qualitative
data is corroborated by participant probability estimates.

6 A Bayesian, repeated-measures ANOVA including all relevant
factors (within: scenario type, elicitation stage; between: condition)
was run in a hierarchical model (N = 1200). The model that
included main effects for elicitation stage, scenario type, and
condition, as well as the interactions of elicitation stage x condition
and scenario type x condition, enjoyed the strongest support, BFM
= 56.245, with decisive evidence overall, BF10 = 2.619 * 1044. This
model is hereafter referred to as ModelP.
7 Motivated by the significant scenario type x condition
interaction in ModelP (BFInclusion = 8.078), two separate Bayesian
ANOVAs were conducted on estimates in the second report
elicitation state, split by condition, testing the effect of scenario
type in each case (N = 200 in each case).
8 Decisive evidence was found for the elicitation stage x
condition interaction in ModelP (along with a decisive main effect
of condition, BFInclusion > 150).
9 Data type did not interact with scenario type (both in isolation,
BFInclusion = 0.041, or in conjunction with other factors).

Accordingly, the model combining ModelP with data type and the
significant interactions above yielded the comparatively strongest
fit, BFM = 914.889, with decisive evidence overall, BF10 = 1.485 *
10356.
10 Thus, the model consisting of the two main effects only
provided the comparatively strongest fit, BFM = 17.705, with
decisive evidence overall, BF10 = 3.539 * 1041.
11 Thus, although the model consisting solely of data type was
the comparatively strongest fit, BFM = 5.259, there was no
evidence for this model overall, BF10 = 1.751.
12 A Bayesian repeated measures ANOVA of first to second
report estimates in the contradicting condition reveals an
interaction of data type with elicitation stage from first report to
second report, BFInclusion = 1.952 * 1015, highlighting the
differential in updating between data and model prediction.
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Along with the chronic under-valuing of introduced
evidence (in line with other evidential reasoning findings,
see e.g., Faigman & Baglioni, 1988; Nance & Morris,
2005), participants consistently under-valued the support
provided by dependent cases, irrespective of predicted
dependent advantage (e.g., partial and contradicting
instances).
Further research We have shown that people under-value
the import of dependent reports, even when by their own
lights these dependencies yield an informational advantage.
However, the question remains open as to whether such a
bias can be overruled. Such a question is also worth
extending to other forms of structural dependencies, such as
“shared backgrounds” (Bovens & Hartmann, 2003; Hahn et
al., 2016).
One important caveat to the present work is whether
people’s down-weighting of dependent evidence is a
consequence of poor combination of uncertain evidence (in
other words, a computational failure), or due to them having
an alternative structural representation of the dependency.
Given that the issue of dependent evidence is so
fundamental to many professions and everyday life, it is
important to explore these matters further.
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Abstract

some other cultures show the opposite set of associations,
indexing MTLs and MNLs that progress in the opposite
direction, from right to left (e.g. Fuhrman & Boroditsky,
2010; Shaki, Fischer, & Petrusic, 2009). Different cultures
use space differently to conceptualize abstract domains like
time and number. What aspects of cultural experience
determine the direction of the MTL and the MNL?

People use space to conceptualize abstract domains like time
and number. This tendency may be a cognitive universal, but
the specifics of people’s implicit space-time and space-number
associations vary across cultures. How does culture shape our
abstract concepts? In Western cultures, both time and numbers
are arranged in people’s minds along an imaginary horizontal
line, from left to right, but in other cultures the directions of the
mental timeline (MTL) and mental number line (MNL) are
reversed. The directions of both the MTL and MNL have long
been assumed to depend on the direction in which people read
and write text. Here we argue that this assumption is false, and
show that the MTL and MNL are shaped by different aspects
of cultural experience. In a training experiment, participants
spatialized time and numbers in opposite directions across their
fingers. Training changed the MTL and MNL in opposite
directions, as predicted by a general principle called the
CORrelations in Experience (CORE) principle: people
spatialize abstract conceptual domains in their minds according
to the ways these domains are spatialized in their experience.

Can reading text shape the MTL and/or MNL?
On the basis of cross-cultural variation, many scholars have
concluded that the directions of both the MTL and MNL are
determined by the direction in which people read and write
text. Yet, upon examination, the evidence for this assumption
is much stronger for the MTL than for the MNL.
The direction of the MTL correlates with the direction of
reading and writing across cultures. People from Western
cultures show MTLs that progress from left to right
(Spaniards: Santiago, Lupáñez, Pérez, & Funes, 2007;
Canadians: Weger & Pratt, 2008), whereas people from
cultures where text is written from right to left show the
corresponding reversal in the MTL (i.e. earlier on the right,
later on the left; Arabic: Tversky et al., 1991; Hebrew:
Fuhrman & Boroditsky, 2010; Ouellet, Santiago, Israeli &
Gabay, 2010; cf., Tversky et al., 1991).
Testing whether reading experience can play a causal role
in determining the direction of the MTL requires
experimental intervention. In previous experiments
(Casasanto & Bottini, 2014; Pitt & Casasanto, 2016),
participants were randomly assigned to read text in either
normal orthography (from left to right) or mirror-reversed
orthography (from right to left) and classified events as either
earlier or later in time. Participants who read normally were
faster to classify earlier events with their left hand and later
events with their right hand, reflecting the left-to-right MTL
typical of Westerners. By contrast, those who read mirrorreversed text showed space-time congruity effects that were
significantly reduced (Pitt & Casasanto, 2016) or completely
reversed (Casasanto & Bottini, 2014), indexing a right-to-left
MTL like that of Arabic speakers. Together, the correlational
and experimental data support the claim that reading
experience can determine the direction of the MTL.
Although it is widely assumed that reading experience also
determines the direction of the MNL, there is little evidence
to support this conclusion. In general, Westerners tend to
show MNLs that increase from left to right, consistent with
the direction in which they read and write (e.g. French:
Dehaene et al., 1993; Scots: Fischer, 2008; Canadians: Shaki

Keywords: Conceptual metaphor; SNARC; Mental number
line; Mental timeline; Space; Time; Embodied cognition

Introduction
From early in life, people associate time and number with
space (de Hevia, Izard, Coubart, Spelke, & Streri, 2014; de
Hevia, Veggiotti, Streri, & Bonn, 2017). This tendency may
be universal on some level, but by the time children are in
kindergarten, they begin to show space-time and spacenumber associations that differ across cultures (Shaki,
Fischer, & Göbel, 2012; Tversky, Kugelmass & Winter,
1991). In English-speaking cultures, people associate earlier
events with the left side of space and later events with the
right, forming an implicit mental timeline (MTL) that
progresses from left to right. Likewise, English speakers
associate smaller numbers with the left and larger numbers
with the right, forming an implicit mental number line (MNL)
that increases from left to right. These spatial mappings of
time and number are evident in people’s spontaneous
gestures (Casasanto & Jasmin, 2012; Fischer, 2008; Shaki,
Fischer, & Göbel, 2012) and eye movements (Fischer, Castel,
Dodd & Pratt, 2003; Loestscher, Bockisch & Brugger, 2008)
across lateral space, and have been demonstrated in hundreds
of experiments using reaction time (RT) tasks: People tend to
respond faster to earlier events and smaller numbers using
their left hand and to later events and larger numbers using
their right hand (Dehaene, Bossini, & Giraux, 1993; Wood,
Willems, Nuerk & Fischer, 2008; Bonato, Zorzi & Umlità,
2012), at least in Western cultures. By contrast, people in
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et al., 2009). However, there is little evidence that people who
read from right to left (e.g. in Arabic, Hebrew) have reversed
MNLs. In their seminal study establishing the SpatialNumerical Association of Response Codes (SNARC) effect,
Dehaene et al. (1993) found “no evidence” of a reversed
SNARC effect in Iranians who had extensive exposure to
right-to-left orthography.1 One study found a reversed
SNARC effect in Arabic-speaking Palestinians (Shaki et al.,
2009) but numerous studies have found either null or standard
SNARC effects in Hebrew-speaking Israelis, despite the way
they read and write text (Shaki et al., 2009; Fischer & Shaki,
2016; Zohar-Shai, Tzelgov, Karni, & Rubinsten, 2017).
Another study has demonstrated a reversed SNARC effect
among Arabic-speakers (Zebian, 2005), but this finding is
uninterpretable because Arabic-English bilinguals in that
study showed reversed SNARC effects that were numerically
stronger than those of Arabic monolinguals (and English
monolinguals showed no significant SNARC effect).
Although these studies are often cited as (correlational)
evidence that reading shapes the MNL, they provide no clear
support for this claim (see Fischer, Shaki, & Cruise, 2009).
To date, there have been two direct experimental tests of
the effect of reading experience on the direction of the MNL,
neither of which showed any effect of reading.2 First, in the
original SNARC paper, French participants responded to
number words presented in either standard or mirror-reversed
orthography (Dehaene et al., 1993: Experiment 8).
Orthography had no effect on the strength or direction of the
SNARC; Participants showed normal SNARC effects
regardless of the direction in which they read. Second, in a
study by Pitt & Casasanto (2016), participants read English
text either normally or mirror-reversed during a training
phase (for about 24 minutes) and then performed a standard
test of the SNARC effect. Again, participants showed
standard SNARC effects that did not differ between
conditions; reading direction had no effect on the MNL. If
reading and writing do not determine the direction of the
MNL, then what kind of experience does?

Seron, & Pesenti, 2006; Sato, Cattaneo, Rizzolatti, & Gallese,
2007; Sato & Lalain, 2008).
One study has tested whether finger counting can play a
causal role in determining the direction of the MNL (Pitt &
Casasanto, 2014). Participants were randomly assigned to
count on their fingers either from left to right or from right to
left across their hands for about 15 minutes. Participants who
counted left-to-right showed reliable standard SNARC
effects, indexing the right-to-left MNL typical of Americans.
Participants who counted on their fingers from right to left
showed SNARC effects that were significantly reduced.
Taken together, these findings suggest that, unlike reading
experience, finger-counting experience can determine the
direction of the MNL.

Correlations in Experience: The CORE principle
Why would reading experience determine the direction of the
MTL but not the MNL? Why would the MNL be shaped by
finger counting but not by reading? The answers can be found
in the acts of reading and finger counting, which differ in
what they spatialize. When reading English text, people’s
eyes start on the left side of the page at an earlier time and
end on the right side at a later time. In this experience,
progress through time correlates with progress (rightward)
through space. By contrast, there is no analogous correlation
between space and number in the act of reading ordinary text
(as opposed to reading numbers, per se). Moving rightward
across the page corresponds to moving later in time, but it
does not correspond to moving greater in number (unless
people count words as they read, which is unlikely).
Therefore, reading text provides a correlation between space
and time but not between space and number. By contrast, the
act of finger counting does provide a correlation between
space and number; during finger counting, people typically
spatialize smaller numbers on one hand and larger numbers
on the other hand. When numbers increase in the same
direction across the hands, progress through space
corresponds to progress through the count list (Pitt &
Casasanto, 2014). What role do these space-time and spacenumber correlations play in the ways people conceptualize
time and number?
We propose that the way an abstract domain (like time or
number) is spatialized in people’s minds depends on how that
domain is spatialized in their experience. On this account,
which we call the CORrelations in Experience (CORE)
principle, the MTL should be shaped by experiences that
spatialize time (i.e. provide a space-time correlation) whereas
the MNL should be shaped by experiences that spatialize
numbers (i.e. provide a space-number correlation). Reading
text spatializes time but not numbers, therefore reading
should shape the MTL but not the MNL. Finger counting

Can finger counting shape the MNL?
The direction of the MNL has also been attributed to finger
counting. In a study that provides correlational support for
this proposal, people whose finger-counting routines start
with the left hand (habitual left-starters) were found to be
more likely to show a standard SNARC effect than those who
started with their right hand (habitual right-starters; Fischer,
2008). Across cultures, finger-counting habits appear to
covary with writing direction. Reportedly, Americans and
western Europeans tend to be left-starters, whereas Persianspeaking Iranians tend to be right-starters (Lindemann,
Alipour, & Fischer, 2011; but see Di Luca, Granà, Semenza,
1
The average SNARC slope was reversed only when Deheane
and colleagues extrapolated beyond the data, in an attempt to infer
the SNARC effects of participants before they emigrated from Iran
(see Fisher, Mills, & Shaki, 2010).

2
In a study by Shaki & Fischer (2008), Hebrew-Russian
bilinguals showed weaker SNARC effects after reading in Hebrew
than after reading in Russian. However, in these experiments,
reading direction was confounded with language. Therefore, any
difference between conditions may be due to other cultural factors
that differ across these language groups.
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spatializes numbers, therefore it should shape the MNL.
These predictions of the CORE principle are borne out by the
pattern of empirical findings discussed above.
Yet, the CORE principle makes an additional, untested
prediction with regard to which mental mappings should and
should not be shaped by finger counting. When counting
fingers, people not only progress from one number to the
next, they also progress from one moment to the next through
time. The act of finger counting (like the act of reading) starts
on one side of space at an earlier time and ends on the other
side at a later time. Whereas reading spatializes time but not
numbers, finger counting spatializes both time and numbers.
Therefore, according to the CORE principle, finger counting
should be able to reshape both the MTL and the MNL.
To test whether finger counting can shape both the MTL
and MNL. To do so, we designed a novel finger-counting
training experience. Normally, when people count on their
fingers,
they count up (e.g. 1, 2,Experiment
3…). In this2:counting
routine,
Experiment
1: Reading
Counting
up
progress through time is perfectly confounded with progress
through the count list; as time progresses,
numbers get larger.
1
10
However, when counting down on the fingers (e.g. 9, 8, 7…),
10opposite directions; As time
1
time and number progress in
progresses, numbers get smaller. By unconfounding time and
number in this way, here we can assess independent effects
of training on the MTL and MNL. If people spatialize abstract
domains in their minds according to the way those domains
are spatialized in their experience, then this finger-counting
training, which spatializes time and numbers in opposite
directions, should have opposite effects on the MTL and
MNL.

participants heard a number between one and ten. With their
hands open and palms up, participants counted aloud from the
number they heard down to one, wiggling each of the
corresponding fingers, one at a time, according to the pattern
they had just learned. After the participant successfully
completed each training trial, the experimenter advanced to
the next trial by pressing a key on a keyboard out of sight of
the participant. Participants heard the ten number words (110) in random order 32 times (with a short break in the
middle). At the end of training, participants were instructed
to do the same counting task but “as quickly and accurately
as possible.” This alleged “test phase” (which actually served
as four more rounds of training) was designed to discourage
participants from drawing a connection between the training
phase and the actual test phase to follow. In all, participants
completed 360 training trials, which took about 22 minutes
on average in both counting conditions.
Experiment 3: Counting down

10

1

1

10

Figure 1.
Training procedure.
Participants either
counted down to the
right (solid arrow) or
down to the left
(dashed arrow) with
their palms up.

Test Phase. In the (true) test phase, which immediately
followed the training phase, participants completed one of
two tasks: a Number task to measure space-number congruity
effects (modeled on classic tests of the SNARC effect; see
Fischer & Shaki, 2014, for review) or an analogous Time task
to measure space-time congruity effects. In the Number task,
participants heard the numbers one through ten (except five)
and classified each as either less than or greater than five by
pressing one of two lateralized response keys. In the Time
task, participants heard the names of the months from
February to October (except June) and classified each as
either earlier than or later than June by pressing one of the
two lateralized response keys. For one block, they used the
left-hand key for small numbers / earlier months and the
right-hand key for large numbers / later months. In the other
block, this response-mapping was reversed and block order
was counterbalanced across participants.
In each block, the eight unique stimuli (number words or
month names) were played in random order 12 times,
composing 192 test trials per participant. Participants were
instructed to focus their gaze on the white dot that appeared
in the center of the computer screen during the test trials and
to respond “as quickly and accurately as possible.” Each trial
began with a variable delay period (500-1000 ms) and ended
automatically with an auditory alert if no response was given
within 1.5 seconds after stimulus onset. In each fingercounting condition, half of the participants were randomly
assigned to the Number task and half to the Time task.
After testing, participants were debriefed to determine
whether they were aware of the experimental hypotheses, and

Method
128 right-handers from the University of Chicago and the
Chicago area participated for payment or course credit. Half
were randomly assigned to count down to the right (10®1)
and the other half to count down to the left (1¬10; Figure 1).

Materials and Procedure
Participants performed a two-part experiment in which a
training phase was followed by a test phase. In order to avoid
any effects of reading, all instructions and stimuli were prerecorded and presented auditorally. Participants were not
exposed to any written text during either training or testing.
Training Phase. At the beginning of training, the
experimenter stood to the left of the participant, facing the
same direction, and demonstrated the randomly-assigned
finger-counting pattern once. Participants repeated the
pattern once in tandem with the experimenter and then once
on their own. In the counting-down-to-the-right condition
(10®1), participants counted down from left to right, starting
with the left thumb and ending with the right thumb. In the
counting-down-to-the-left condition (1¬10), participants
counted down in the opposite direction, starting with the right
thumb and ending with the left thumb.
After participants were familiarized with the leftward or
rightward finger-counting pattern, they practiced the pattern
during a computer-based training task. In each training trial,
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Space-time congruity effect
effect effect

Space-number congruity effect (SNARC)

Figure 2. Finger-counting training changed space-time (left) and space-number (right) congruity effects in opposite directions.
then completed a language history questionnaire and the
Edinburgh Handedness Inventory (EHI; Oldfield, 1971).

8.39ms/position). In the counting-down-to-the-left condition,
the space-time congruity effect did not differ significantly
from zero (1¬10; χ2(1)=0.71, p=.40; slope=-2.37
ms/position). Of primary interest, the space-time congruity
effect was significantly stronger when time progressed to the
right during training (10®1) than when it progressed to the
left (1¬10; χ2(1)=8.78, p=.003; Figure 2, left), as predicted
by the CORE principle. The way in which time was
spatialized across the fingers during counting training
reliably changed the MTL, despite the spatialization of
numbers in the opposite direction.
Space-Number Associations. RTs greater than 2.5 standard
deviations from subject means were removed (2.06% of
accurate responses). In the counting-down-to-the-left
condition, in which participants counted smaller numbers on
the left and larger numbers on the right (1¬10), the SNARC
effect was significant (χ2(1)=17.43, p=.0003; slope=-11.65
ms/position), indicating a reliable standard MNL. In the
counting-down-to-the-right condition, in which participants
counted smaller numbers on the right and larger numbers on
the left (10®1), the SNARC effect was also significant
(χ2(1)=6.69, p=.01; slope=-6.95ms/position). Of primary
interest, the SNARC effect was significantly stronger when
numbers increased from left to right (1¬10) than when they
increased from right to left (10®1; χ2(1)=11.71, p=.0006;
Figure 2, right), as predicted by the CORE principle. The way
in which numbers were spatialized across the fingers during
counting training reliably changed the MNL, despite the
spatialization of time in the opposite direction.
Comparison of space-number and space-time effects. To
compare the effect of training condition on space-number and
space-time congruity effects, we conducted an lmer model on
log-transformed RTs with response hand, ordinal position of
months or numbers, training condition, and task as predictors,
with random slopes and intercepts for subjects. Training had
significantly different effects on space-number and spacetime congruity effects (χ2(1)=18.79, p=.0001). The finger

Results
Eight participants who guessed the purpose of training and
seven who failed to follow instructions were replaced.

Accuracy
Overall, accuracy was nearly 95%. The error rate in the
counting-down-to-the-right condition (4.68% +/- .13) was
marginally lower than in the counting-down-to-the-left
condition (5.66% +/- .15; χ2(1) = 2.91, p=.09). The error rate
in the Time task (6.34% +/- .16) was significantly higher than
in the Number task (4.00% +/- .13; χ2(1) = 53.32, p< .0001).
Error trials (5.17%) were excluded from the RT analyses.

RT Analyses
To evaluate and compare space-time and space-number
congruity effects, months were coded for ordinal position in
the calendar year (i.e. Feb=2, Oct=10). For all congruity
effects, we used the lme4 package in R (Baayen, Davidson,
& Bates, 2008; Bates, Maechler, Bolker, & Walker, 2015; R
Development Core Team, 2017) to conduct linear mixedeffects regression (lmer) models on RTs with response hand
and ordinal position (of months or numbers) as predictors and
with random slopes and intercepts for subjects. Space-time
and space-number congruity effects were indexed by a
significant interaction between response hand and ordinal
position.3 In order to approximate a normal distribution of
residuals, the data for each model was first transformed
according to the results of a Box Cox test (Osborne, 2010).
Space-Time Associations. RTs greater than 2.5 standard
deviations from subject means were removed (2.18% of
accurate responses), following Shaki & Fischer (2008). In the
counting-down-to-the-right condition (10®1), in which
participants started on the left and ended on the right, the
space-time congruity effect was significant (χ2(1)=8.93,
p=.003), indicating a reliable standard MTL (slope=3
For comparison with other findings, we also report and plot
congruity effects as a regression slope, following Fias (1996),

regressing dRT values (dRT = right-hand – left-hand RT) for each
number or month over its ordinal position.
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counting training changed the MNL and MTL in opposite
directions, as predicted by the CORE principle.

spatialize time and the MNL is shaped by experiences that
spatialize numbers. Although these families of experiences
can overlap (as in the case of finger counting), they may be
largely distinct, because different experiences spatialize
different domains. Starting from the CORE principle, we can
determine which experiences should and should not shape the
mapping between a given source and target domain by asking
what experiences do and do not provide a correlation between
the domains.
Whereas reading provides a correlation between space and
time, reading text does not provide a correlation between
space and number. Accordingly, reading experience has been
shown to change the MTL, and not to change the MNL
(Casasanto & Bottini, 2014; Pitt & Casasanto, 2016),
challenging the widely held belief that “The particular
direction of the spatial-numerical association seems to be
determined by the direction of writing” (Deheane et al.,
1993).
By contrast, there is a correlation between space and
numbers in the act of finger counting. Unlike reading, finger
counting can reshape the MNL, as shown here as well as in a
previous experiment in which participants counted “up” on
their fingers (i.e. 1, 2, 3…) during training. Whether time and
numbers progressed in the same direction (Pitt & Casasanto,
2014) or in opposite directions (as in the present experiment),
the spatialization of numbers on the fingers reliably changed
the MNL, as predicted by the CORE principle.
Where else (besides the fingers) are numbers spatialized?
Unlike in ordinary text, numbers are systematically
spatialized on written number lines, which appear on
calendars, graphs, rulers, computer keyboards, and other
artifacts. Accordingly, space-number associations can be
modulated by changing the left-right positions of smaller and
larger numbers on the page (Fischer et al., 2010).

General Discussion
The directions of the mental timeline and mental number line
both vary across cultures, and both are often attributed to
culture-specific habits of reading and writing. Here we tested
an alternative proposal, according to which the MTL and
MNL are shaped by different aspects of cultural experience.
During a training task, participants spatialized time and
numbers in opposite directions across their fingers. This
training experience had independent and opposite effects on
the MTL and MNL; the MTL changed according to the way
time was spatialized during training (despite the way
numbers were spatialized) and the MNL changed according
to the way numbers were spatialized during training (despite
the way time was spatialized). These results support the
proposal that cross-domain mappings in the mind are
selectively shaped by the aspects of experience in which the
domains are correlated; The MTL is shaped by aspects of
experience that spatialize time whereas the MNL is shaped
by aspects of experience that spatialize numbers.
These results also militate against a skeptical account of the
one previous experiment that tested the effects of finger
counting on the MNL. In that experiment (Pitt & Casasanto,
2014), the finger-counting training always spatialized time
and numbers in the same direction; Participants counted up
(e.g. 1, 2, 3…) on their fingers either to the right or to the left.
Therefore, in principle the effects on the MNL could have
resulted from the spatialization of numbers or the
spatialization of time (or both) during training. By contrast,
here the MNL changed according to the way numbers were
spatialized, even though time was spatialized the other way.

How experience shapes mental metaphors

Conclusion

Both the MTL and MNL can be considered mental
metaphors: point-to-point mappings between analog
continuums in two different conceptual domains, in which the
source domain (e.g. space) serves as a scaffold for
representations in the target domain (e.g. time, number),
which is typically more abstract (Casasanto, 2010; Lakoff &
Johnson, 1980). By hypothesis, the specifics of these mental
metaphors are established through correlations in particular
kinds of experience (Casasanto, 2013). Specifically, we
propose that source and target domains are mapped in the
mind according to the way they are correlated in experience;
the CORE principle. The double dissociation we found here
provides strong support for this principle, showing that two
cross-domain correlations (i.e. space-time and space-number
correlations) within a single experience can selectively
change the metaphorical mapping between those domains.
Importantly, we do not wish to suggest that finger-counting
experience is the sole (or even the primary) determinant of
cross-cultural variation in the direction of either the MTL or
the MNL. Rather, we propose that each mapping is shaped by
a family of experiences, of which finger-counting experience
may be one; The MTL is shaped by experiences that

The mental timeline and mental number line have different
experiential bases; whereas the the MTL is shaped by aspects
of experience that spatialize time, the MNL is shaped by
aspects of experience that spatialize numbers. The present
findings challenge the widespead assumption that the
direction of the MNL is determined by reading and writing
experience. Rather, the MNL may be shaped by a variety of
experiences that, unlike reading, array numbers in space.
These results also establish finger-counting as a second
experience (in addition to reading) that can shape the MTL.
More broadly, these findings provide strong support for the
CORE principle of mental mentaphors; mappings in the mind
reflect correlations in experience.
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Abstract

2012). Thus, improving students’ math knowledge and
reasoning ability early in a child’s education is important.
Furthermore, understanding what factors predict the best
learning, generalization, transfer, and retention should be a
fundamental component of instruction and curriculum
development. The aim of the present study was to identify
and test theoretically-grounded pattern training in an effort
to facilitate relational learning in preschool-age children.
Patterning involves the ability to identify a
predictable sequence or relational structure of a set of
items, and is often introduced to children in the form of a
repeating linear set (e.g., a string of two alternating colors:
red-blue-red-blue; Rittle-Johnson et al., 2016). This early
ability to classify patterns forms the foundation of later
algebraic thinking, which in turn lays the foundation for
abstract mathematical thinking (e.g., NCTM, 2000; Steen,
1988). Despite its importance, children struggle with these
foundational concepts (Gentner & Medina, 1988; Son,
Smith, & Goldstone, 2011). Only a handful of research to
date has been conducted to systematically examine
methods to optimize children’s learning and transfer at this
foundational level of learning (Fyfe, McNeil, & RittleJohnson, 2015; Kuwabara & Smith, 2012; Rattermann &
Gentner, 1998; Son, Smith, Goldstone, & Leslie, 2012).
Although some of the factors facilitating pattern
learning have been identified in prior research, very little
research on patterning (rather than broader relational
learning) has been conducted. The current study examines
three theoretically-motivated ways of improving it: (1)
Relational Language, (2) Instance Variability, and (3)
Level of Idealization.
Relational Language. One factor that has emerged
as a potential way to improve children’s understanding of
patterns is relational language. In one study, Fyfe et al.
(2015) used physical manipulatives to train children on

The learning and generalization of patterns is an important
aspect of mathematical thinking, such that the ability to
identify and use patterns early in development predicts future
success in algebra and math. Thus, understanding the
critical factors that facilitate this relational knowledge is
important for the development of instructional materials and
for curriculum development. The aim of the present study
was to examine the factors that facilitate the learning and
transfer of pattern knowledge. In two experiments, 4- to 6year-old children participated in a pre-post test design, in
which they received training on novel patterns. Critically, we
manipulated (1) the language with which children were
exposed to novel patterns during training and (2) the
perceptual format in which children were exposed to novel
patterns. We find that 4-6 year old children were able to
learn about novel patterns following this intervention, but
faired best when trained on abstract (“A-B-A”) rather than
concrete (“red-blue-red”) labels. Furthermore, the extent to
which the training stimuli were grounded in visual
representations affected both learning and generalization of
this newly acquired pattern knowledge. This work has
implications for instructional design and curriculum
development in the classroom.
Keywords: Relational thinking, patterns, proportional
reasoning, education, learning.

Introduction
The learning and generalization of repeating and numerical
patterns is a central skill of early mathematical thinking
(NCTM, 2000; Sarama & Clements, 2009) and is
predictive of later math achievement (e.g., Charles, 2005;
Kidd et al., 2014; Rittle-Johnson, Fyfe, Hofer, & Farran,
2016). This is particularly relevant given the low levels of
mathematics achievement reported among students in the
United States (NAEP, 2009; NCES, 2010; Siegler et al.,
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Overview of the Current Study

new patterns by showing them an exemplar and having
children recreate that pattern themselves. Critically, they
exposed children to either concrete (e.g., red-blue-red) or
abstract labels (e.g., A-B-A) during training. Data from this
study indicate that children in the abstract condition fared
best (Fyfe et al., 2015). Support for this idea comes from
work showing that young children in particular have
difficulty grasping relevant relational information amidst
varying perceptual cues, and that (more abstract) words
may help them notice and comprehend the most relevant
information during learning (Rattermann & Gentner, 1998;
Son et al., 2008, 2012). The present study seeks to extend
these findings, while also examining whether abstract
labels may lead to better generalization and transfer after
learning. That is, does the effect of abstract labels observed
in Fyfe et al. (2015) extend beyond immediate training?
Experiment 1 investigates these questions.
Instance Variability. Another line of research
suggests that instance variability affects generalization
(Hahn, Bailey, & Elvin, 2005; Heit & Hahn, 2001).
Specifically, this research indicates that greater variability
within a category may broaden category boundaries.
However, it is unclear whether children’s ability to learn
about multiple patterns – and thus abstract this information
more broadly – would benefit from higher vs. lower
variability. According to Kuwabara and Smith (2012),
relational judgments present children with attentional
competition between the object(s) presented and the
relation that they are tasked with learning. Therefore,
perhaps lowering the competition through the use of
identical (low variable) training items might promote
children’s learning of relations, rather than having them
focus on the objects across instances. Experiment 2A
examines the impact of instance variability on children’s
ability to learn and generalize patterns by asking whether
decreasing the variability of pattern presentation during
training result in better learning due to the lower demands
on attention.
Level of Idealization. Although research suggests
that perceptually rich and variable educational materials
surround a child’s learning environment (e.g., Van de
Walle, 2007), presumably because these high-contrast
items are attention-grabbing, this may be detrimental to
children’s learning. For example, children younger than 6
years of age had difficulty noticing relational matches of
sets, instead focusing on the identity of the objects
themselves (e.g., big square-small square would better
match the pattern big circle-small circle, but children will
instead pick an identity match, such as two squares of the
same size; Gentner & Medina, 1988; also see Kotovsky &
Gentner, 1996). Results from this line of research suggest
that young children may have difficulty noticing relations
due to their focus on the non-relevant perceptual properties
of the objects in the task (Kanwisher & Driver, 1992;
Kuwabara & Smith, 2012; Rattermann & Gentner, 1998;
Son et al., 2012). Experiment 2B examines this question
through the use of real-world objects as training stimuli.

The aim of the present study was to examine what factors
facilitate pattern learning, generalization, and transfer in
preschool-age children. Critically, we examine three
theoretically-grounded methods of training. In Experiment
1, we investigate the impact of relational language on
pattern learning and retention. We predict that children
exposed to abstract labels (per Fyfe et al., 2015; Son et al.,
2012) will learn better than those children exposed to
concrete labels. Furthermore, we predict that this affect will
hold across generalization and transfer. In Experiment 2,
we manipulate the perceptual variability with which
children are exposed to novel patterns during training in
two distinct ways. For one group of children (2A), the
variability within and across trials will be decreased, and
we predict that this will lead to similar or higher learning as
observed in Experiment 1. For a second group of children
(2B), the items used during training will be idealized (e.g.,
cats and dogs rather than geometric shapes). We predict
that this increase in idealization may hinder the learning of
novel pattern concepts, despite evidence that these types of
stimuli are often used in education settings.

Experiment 1
Method
Participants
Thirty-six 4- to 6-year-old children participated in this
study (MAge=5.0 years, SD=0.65 years). Children were
randomly assigned to one of two conditions: Abstract
Labels (N=17) or Concrete Labels (N=19). Children were
tested in their own preschool, during regular school hours,
or in a single visit to our laboratory on the main campus of
a major Midwestern university. All children were tested in
a quiet room with a single experimenter.
Materials
The task consisted of seven phases and
participants completed each phase back-to-back in a single
session. The first six phases were presented as a match-tosample task, in which children saw a single pattern at the
top of the screen and two answer “choices” at the bottom of
the screen (Figure 1). One match was always a perceptual
match (same shape/color but incorrect pattern) and the
other match was always the correct pattern. The first block
of trials was warm-up and consisted of two-item patterns,
either A-A (triangle, triangle) or A-B (triangle, square). If
children selected the incorrect answer during warm-up,
they were told that the other match was correct. Feedback
was not provided throughout the rest of the pattern task.
The second and fourth phases were identical and
served as the pre- and post-test. The “sample” consisted of
a three-item pattern and the matches were either perceptual
(but incorrect pattern) or the correct pattern match. In
between pre- and post-test, children saw a series of training
trials (per Fyfe et al., 2015). For each “example” training
trial, children saw two patterns side by side and the
experimenter explained how each pattern – which differed
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Figure 1. Example of the stimuli used across all phases in the Patterns Task.
perceptually – was the same pattern (Figure 1). After
presented children with the same patterns as were presented
seeing the “example,” children received two match-toin Generalization-4.
sample trials of the same pattern they had just learned (e.g.,
For all phases in the patterns task, half of all trials
A-A-B). Following post-test, children received two blocks
were color matches and half of all trials were shape
of generalization trials. The first block of generalization
matches (per Fyfe et al., 2015). The entire task was
trials (“Gen-4”) were similar to those seen in pre- and postpresented continuously on a Macbook laptop and children’s
test, but consisted of four-item patterns. The second block
answers were recorded.
of generalization trials (“Gen-Conflict”) were three-item
Results
patterns and served as “conflict” trials – that is, rather than
having to ignore a single perceptual variable (e.g., shape),
The analyses for Experiment 1 explored whether (a)
children had to ignore two perceptual features (e.g., color
children were more likely to make correct pattern matches
and shape) in order to find the correct match (which
(>chance-level) rather than perceptual non-pattern matches
matched in neither color nor shape; Figure 1). In the last
(see Figure 2) during the training, generalization, and
phase of the patterns task, children completed a test of
transfer portions of the patterns task; (b) whether children
transfer. In this portion of the task, children saw a sample
demonstrated pre- to post-test gains; and (c) whether
pattern (e.g., A-B-A-B) and were told to “fill in the blank”
Condition affected these outcome variables.
for their pattern (e.g., A-B-?-B) from a set of four potential
We first examined whether children performed
answer choices (pattern completion; Figure 1).
above chance-level (phases 2-6: 50%, phase 7: 25%) on our
Additionally, children participated in one of two
patterns task (Figure 2). We find that children scored atConditions: Abstract Labels or Concrete Labels. The
chance on the pre-test (M=45.2%, p>.2), but above chancepatterns task was identical for all visual stimuli presented,
level on training trials (M=75.7%), post-test trials
with only the prompts during warm-up, training, and
(M=74.5%,), generalization-4 trials (M=69.3%), and
transfer differing across Conditions. In the Abstract Labels
transfer trials (M=51.7%, all p’s<.001, Cohen’s d>1.4).
condition, patterns were presented as letters (e.g., A-B-B).
Children failed to perform above-chance on generalizationIn the Concrete Labels condition, patterns were presented
conflict trials (M=41.3%, p=.191).
with their corresponding shape or color label (e.g., redChildren also demonstrated significant pre- to
blue-blue; per Fyfe et al., 2015).
post-test gains on our patterns task (difference score =
Procedure
posttest – pretest). That is, children’s difference score
The procedure consisted of seven phases: warmdiffered significantly from zero (M=29.3%, p<.001,
up, pre-test, training, post-test, generalization-4,
Cohen’s d=2.1), and this was confirmed by comparing pregeneralization-conflict, and transfer. Warm-up consisted of
to post-test accuracy as well (Mpretest=45.2% vs.
four trials, two representing A-A and two representing AMposttest=74.5%; p<.001). In fact, although children failed to
B. Pre-test and post-test were identical in nature and
score above chance-level at pre-test (p>.2), children
consisted of 12 trials each. Four patterns were used: A-Aperformed significantly above 50% at post-test (p<.001),
B, A-B-A, A-A-B, and B-B-A. Training consisted of eight
indicating that their matching at post-test favored a pattern,
patterns, with each trial containing an example, followed
rather than perceptual, match. Interestingly, children’s
by two match-to-sample trials, for a total of 24 trials (16
gains did not differ by condition: That is, children in the
scored). The patterns were the same as used in pre- and
Abstract Labels (M=33.8%) demonstrated statistically
post-test. Generalization-4 consisted of 16 trials and
similar gains, albeit numerically higher, as in the Concrete
presented children with four novel patterns: A-A-A-B, ALabels condition (M=25.2%, p>.3).
A-B-B, A-B-A-B, and A-B-B-B. Generalization-conflict
Critically, we also examined the role of Condition
consisted of 16 trials and the patterns were the same as
in our outcome variables. A repeated measures ANOVA
those presented in pre- and post-test. Finally, the transfer
pattern completion task consisted of eight trials and
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examined the within-subjects variable of Phase (6) and the
between-subjects variable of Condition (2).

2B: Level of Idealization. This avenue warrants
further study considering the widespread use of concrete
instantiations and visual displays in real-world classrooms
(Van de Walle, 2007). These high-contrast items
presumably grab children’s attention an effort to keep them
interested in the materials being taught (Fisher, Godwin, &
Seltman, 2014; Peterson & McNeil, 2012). The impact of
perceptual variables on children’s ability to learn about
novel patterns is particularly relevant given recent research
suggesting the role of children’s underdeveloped ability to
filter out irrelevant information in classification and
categorization tasks (Deng & Sloutsky, 2015, 2016;
Plebanek & Sloutsky, 2017). Because young children
allocate their attention to both relevant and irrelevant
aspects of novel categories (i.e., a novel pattern), this in
turn affects how that information is encoded. If the goal of
math education is to direct children’s attention to the
relation being taught, perhaps less interesting and less
concrete learning examples may serve better (Son et al.,
2012). Therefore, Experiment 2B trained children on novel
patterns through the use of concrete, visually engaging
representations (e.g., real world objects rather than
geometric shapes).

Figure 2. Accuracy on the Patterns Task in Experiment 1
as a function of Phase and Condition.
Unsurprisingly, there was a main effect of Phase
(p<.001, n2p>.3). Condition did not significantly interact
with Phase (p>3); however, a marginal main effect of
Condition (p=.095, n2p=.08) indicated a general advantage
for those children in the Abstract > Concrete condition
throughout this task.

Discussion

Method

Results from Experiment 1 replicated and extended
previous findings (e.g., Fyfe et al., 2015), indicating that
preschool-age children can learn novel pattern relationships
following a short training. In fact, children not only
performed well at training and post-test, but generalized
and transferred this new relational knowledge across
subsequent phases. Importantly, we observed greater gains
and further generalization and transfer following training
with Abstract Labels, as compared to Concrete Labels.
However, relational language is only one factor that may
influence children’s understanding of patterns. Other
theoretically-grounded factors are explored next.

Participants
Forty-eight 4- to 6-year-old additional children participated
in this study (MAge=4.8 years, SD=0.71 years). Children
were assigned to one of two conditions: Experiment 2A:
Instance Variability (N=29) or Experiment 2B: Real
Objects (N=18). Data from Experiment 1’s Abstract Labels
condition was included in data analyses. Children were
tested in their own preschool, during regular school hours,
or in a single visit to our laboratory on the main campus of
a major Midwestern university. All children were tested in
a quiet room with a single experimenter.
Materials
The materials were identical to those used in
Experiment 1 with the following differences: For
Experiment 2A (Instance Variability), training trials used
the same language as the Abstract Labels condition in
Experiment 1, but visual stimuli were consistent in color
and shape across training; that is, the comparison example
and two solves within a single training cluster used the
same geometric shape and color consistently (see Figure 3).
For Experiment 2B (Real Objects), training trials used the
same language as the Abstract Labels condition in
Experiment 1, but visual stimuli consisted of real-world
objects rather than geometric shapes (e.g., dogs, planes,
couch, etc.; see Figure 3). Items varied from trial to trial.
Procedure
The procedure was identical to that of Experiment
1. Both Experiment 2A (Instance Variability) and
Experiment 2B (Real Objects) conditions were run using
the prompts and wording as the Abstract Labels condition
of Experiment 1.

Experiment 2
Experiment 2 sought to further explore what factors may
impact children’s ability to learn, retain, and generalize
novel pattern across two sub-experiments.
2A: Instance Variability. Research suggests that
instance variability affects generalization (Hahn et al.,
2005; Heit & Hahn, 2001). This research indicates that
greater variability within a category may broaden category
boundaries. Relational judgments create competition for
children’s attention, such that young children are unsure of
whether to pay attention to the object itself or the relation
that they are tasked with recognizing. Thus, it is unclear
whether children’s ability to learn about multiple patterns –
and thus abstract this information more broadly – would
benefit from higher vs. lower variability. Experiment 2A
examines the impact of instance variability on children’s
ability to learn and generalize patterns. Here, we train
children using less variable exemplars (within and across
training trials; compared to Experiment 1) in an effort to
promote higher success on this task.
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(p>.1). Children run in the Real Objects condition failed to
choose the pattern match across all phases. Children
performed at chance-level during pre-test (M=35.1%,
p=.07), training (M=46.7%, p>.7), post-test (M=36.4%,
p>.1), Gen-4 (M=40.5%, p>.2), and transfer (M=46.0%,
p>.5; see Figure 4). Children were significantly below
chance – meaning they statistically chose the perceptual
match more often than the pattern match – for Gen-Conflict
trials: M=25.3%; p=.008, Cohen’s d=.02). Finally, children
did not show any gains from pre- to post-test (difference
score vs. 0: t(19)=0.23, p>.8), indicating that they failed to
learn the novel pattern concepts during training.
Unsurprisingly, children in the Real Objects condition
varied significantly from those in Experiment 1
(t(34)=3.34,
p=.002,
Cohen’s
d=1.13).

Figure 3. Examples of stimuli used in Experiment 2
training trials.

Results

Discussion

The analyses for Experiment 2 explored whether either
Instance Variability or Real Objects affected children’s
ability to learn, retain, and generalize pattern concepts, as
well as how this compared to children’s performance in the
Abstract
Labels
condition
of
Experiment
1.
Experiment 2: Collapsed. A repeated measures
ANOVA examining the within-subjects variable of Phase
(6) and the between-subjects variable of Experiment (3: 1,
2A, 2B) revealed, unsurprisingly, a main effect of Phase
(p<.001, n2p>.2) and an interaction between Phase and
Experiment (p<.001, n2p>.1; Figure 4). Therefore, data
from Experiments 2A and 2B were analyzed separately.

Results from Experiment 2 extend the findings from
Experiment 1 and implicate two factors that detract from
children’s ability to learn about novel patterns. First,
although Instance Variability training led to equal
performance at training and small gains from pre- to posttest, this was not maintained during generalization. Second,
training in the Real Objects condition did not lead to
children’s learning of novel patterns, with a tendency to
select the perceptual match over the pattern match.

General Discussion
Understanding the critical factors that facilitate early
relational knowledge is important for the development of
instructional materials and for curriculum development.
The aim of the present study was to examine the factors
that facilitate the learning and transfer of pattern
knowledge.
In two experiments, 4- to 6-year-old children
participated in a pre-post test design, in which they
received pattern training. Critically, we manipulated (1) the
relational language with which children were exposed to
novel patterns during training and (2) whether the
perceptual format in which children were initially exposed
to novel patterns affected their learning of those materials.
We find that 4-6 year old children were able to learn about
novel patterns following this intervention, but faired best
when trained on abstract (“A-B-A”) rather than concrete
(“red-blue-red”) labels (extending and replicating findings
from Fyfe et al., 2015; also see Rattermann & Gentner,
1998). It seems that the use of more abstract language
directed children’s attention to the higher-order relational
structure being taught.
Furthermore, when variability across trials was
minimized during training (2A: Instance Variability),
children successfully learned novel pattern concepts and
showed modest gains from pre- to post-test; however, this
minimal variability negatively impacted their ability to
generalize these concepts following training. These results
suggest that, while it may be tempting to reduce attentional

Figure 4. Accuracy on the patterns task across training
conditions in Experiments 1 (Abstract Labels) and 2 (Low
Variability, Real Objects).
Experiment 2A: Instance Variability. Children in
Experiments 1 and 2A did not differ in accuracy at pre-test
(p>.1). Low variability promoted children’s ability to learn
novel patterns during training (MExperiment1=79.0% vs.
MLowVariability=91.4%, p=.069). However, unlike the children
in Experiment 1, the children trained with low variability
could not maintain this pattern knowledge in post-test or
generalization (p’s<.02, Cohen’s d’s>0.78; see Figure 4).
Finally, children in Experiment 1 demonstrated greater
gains (M=37.2%) than those in trained with low variability
(M=9.8%; t(44)=3.25, p=.002, Cohen’s d=1.0). Of note,
children’s gains in the Low Variability condition did not
statistically exceed zero (difference score: t(28)=2.0,
p=.054, Cohen’s d=1.0), indicating that they did not make
any pre- to post-test gains, as observed in Experiment 1.
Experiment 2B: Real Objects. Children in
Experiments 1 and 2B did not differ in accuracy at pre-test
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demands by limiting the variability that children see when
learning novel patterns, this is not beneficial in the longrun. These findings also add to a greater body of work
indicating that instance variability affects generalization
(Hahn et al., 2005; Heit & Hahn, 2001), such that a broader
variability across trials, as in Experiment 1, resulted in
broader category boundaries.
The idealization of the training stimuli also
detrimentally impacted children’s ability to learn about
novel patterns (2B: Real Objects). Children failed to learn
the pattern match during training, suggesting that they
diffused attention to both relevant and irrelevant aspects of
the items (i.e., objects > relations, per Kuwabara & Smith,
2012; Rattermann & Gentner, 1998). Children showed
more advanced relational reasoning when objects were
abstract and simple and showed less relational reasoning
when objects were rich and detailed. These simpler stimuli
may have weakened the competition from the objects
themselves, promoting relational learning. Much like the
abstract language in Experiment 1, it seems that perceptual
instances that are appropriately vague allow children to
attend to relations > objects across learning exemplars.
The present study contains several limitations.
First, the sample was not large enough so as to examine age
effects, but this may be an interesting future direction, as
one would expect to see developmental changes across the
preschool years. Second, Experiment 2 did not examine the
use of Concrete Labels, as in Experiment 1, so a 2x3 crossexperiment analysis could not be conducted. Finally, the
specificity of this pattern task does not speak to (a) the
extent to which this training holds in the long-term, or
whether extended training could facilitate different patterns
of learning (e.g., Carvalho & Goldstone, 2017) or (b) the
link between patterning and broader accounts of analogical
reasoning (e.g., Richland, Morrison, & Holyoak, 2006).
In sum, the present study investigated what factors
impact pattern learning, generalization, and transfer in
preschool-age children. This study adds to limited prior
research examining patterning as an early indicator of
relational thinking. This work has implications for
instructional design and curriculum development in the
classroom.
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Abstract

Thus, children can adapt to their environment and learn their
native language or languages successfully.
However, bilingual language environments pose
challenges that are not present in monolingual
environments. One unique challenge is the presence of
mixed-language utterances, where two languages are used
within a single sentence (e.g., Do you like the perro? or ¿Te
gusta el doggy?). Bilinguals of all ages, including highly
proficient adults, process utterances that contain switches
less efficiently (e.g., Byers-Heinlein, Morin-Lessard, &
Lew-Williams, 2017; Costa & Santesteban, 2004). It has
been suggested that language switches force adults to
engage broad cognitive control processes, as they must
retrieve lexical items in the language that is not currently
active (e.g., Thomas & Allport, 2000). This more effortful
processing slows comprehension, particularly when the
switches are unpredictable (e.g., Blanco-Elorrieta &
Pylkänen, 2017; Chan, Chau, & Hoosain, 1983).
However, not all switches are equally difficult for adult
listeners to overcome (e.g., Declerk & Grainger, 2017;
Meuter & Allport, 1999). Recently, Byers-Heinlein et al.
(2017) demonstrated that bilingual toddlers showed a
processing cost when listening to sentences that switched
from their dominant to non-dominant language (compared
to sentences purely in the dominant language). This effect
was not found for toddlers listening to switches from their
non-dominant to dominant languages.
In the early stages of language development, bilinguals’
knowledge and processing may be quite different across
their two languages (e.g., Conboy & Mills, 2006). In fact,
bilingual toddlers’ vocabulary knowledge and processing
efficiency across their two languages has been reported to
be weakly correlated, or even unrelated (e.g., Hoff, Quinn,
& Giguere, 2017; Marchman, Fernald, & Hurtado, 2010).
Instead, children’s language skills within a particular
language are related to the amount of input they receive
within that language (e.g., Marchman, Martínez, Hurtado,
Grüter, & Fernald, 2016; Place & Hoff, 2011). Thus, young
bilinguals typically know significantly more words and have
more robust representations of those words in one of their

In bilingual language environments, children learn two
languages in the same amount of time that monolingual
children learn one, and children do not learn their two
languages at exactly the same rate. Furthermore, learning two
languages requires children to deal with challenges not found
in monolingual input, notably the use of two languages within
one utterance (Do you like the perro?/¿Te gusta el doggy?).
For bilinguals of all ages, switching between languages can
impede processing efficiency. But are all switches equally
challenging? We tested Spanish-English bilingual toddlers’
processing of single-language and mixed-language sentences
in both languages. We found asymmetrical switch costs when
toddlers were tested in their dominant vs. non-dominant
language, and toddlers benefited from hearing nouns
produced in their dominant language. These results suggest an
important commonality between monolingualism and
bilingualism: when toddlers have more robust representations
of a particular item, they can better recognize it in diverse
contexts.
Keywords: bilingualism;
representations

language

processing;

word

Introduction
How do infants contend with everyday use of two
languages? To date, most research on bilingual language
learning has tested whether phenomena observed in
monolinguals apply to bilinguals. This research has revealed
the importance of early experience with multiple languages.
For example, bilingual infants’ perceptual development
follows a slightly different trajectory than that of
monolinguals (e.g., Byers-Heinlein & Fennell, 2014; Petitto
et al., 2012), and bilingual toddlers may use different
strategies for learning new words (e.g., Byers-Heinlein &
Werker, 2009; Yow & Markman, 2011). Nevertheless, both
monolingual and bilingual children are highly effective in
learning new words (e.g., Byers-Heinlein, Fennell, &
Werker, 2013) and tend to know a similar number of total
words when taking into account bilinguals’ two languages
combined (e.g., Bedore, Peña, García, & Cortez, 2005).
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two languages (Legacy, Zesiger, Friend, & Poulin-Dubois,
2016; Singh, 2014).
Given the asymmetry of bilingual children’s knowledge
of their two languages, we would expect to see differences
in how they process challenging, mixed-language sentences
in their two languages. Byers-Heinlein and colleagues
(2017) provided some evidence that toddlers learning
French and English show processing costs primarily when
switching from their dominant to non-dominant language.
However, they tested toddlers in only one of their two
languages. In the current studies, we tested a new group of
participants – Spanish-English bilingual toddlers – in both
of their languages to provide a comprehensive, bidirectional
examination of the effects of language mixing on real-time
language processing.
By using a within-subjects design, we were able to ask
whether the same group of children showed differences in
switch costs between their two languages. Our main
prediction was that we would see larger processing costs
when participants heard switches from their dominant to
non-dominant language. We were also able to compare
individual differences in children’s processing to other
measures, such as parent-reported vocabulary. We expected
to see within-language correlations (e.g., processing in the
dominant language would be related to vocabulary in the
dominant language), but no cross-language correlations. By
investigating bilingual toddlers’ comprehension of different
types of sentences in each of their languages, the present
research addresses the core issue in early learning of how
familiarity with a language and prior language experience
affect language processing.

their daily lives and were classified as Spanish-dominant,
and 11 participants were classified as English-dominant.
Participants were exposed to their dominant language an
average of 64% (SD: 2.1, range: 50-79%). Thirteen
additional toddlers were tested but excluded for not meeting
the language criteria (1), reported language delay (1),
fussiness (8), equipment error (1) or failing to provide data
for at least two trials in all conditions (2).

Stimuli and Design
Auditory stimuli. Speech stimuli were produced by a
female native bilingual speaker and consisted of infantdirected sentences in both English and Spanish. Each
sentence consisted of a sentence frame in one language
(e.g., Do you like the…/¿Te gusta el…) and a target noun
(e.g., doggy, perro). Nouns were chosen to be highly
familiar to children of this age, based on vocabulary norms
(Frank, Braginsky, Yurovsky, & Marchman, 2017; JacksonMaldonado et al., 2003) and were presented in yoked pairs
that matched on grammatical gender in Spanish (e.g.,
doggy-balloon/perro-globo) so that participants could not
use the article el or la to predict the upcoming noun (LewWilliams & Fernald, 2007). Children encountered identical
items and pairings across languages. On Single-Language
trials, the sentence frame and target noun were presented in
the same language. On Switched-Language trials, there was
a change in language at the noun (see Table 1). Each item
occurred twice in each language and equally often on
Single- vs. Switched-Language trials.
Table 1: Sample Auditory Stimuli

Methods

Single-Language
Do you like the doggy?
¿Te gusta el perro?

Using the Looking-While-Listening procedure, we
monitored Spanish-English bilingual toddlers’ eye
movements as they viewed pairs of familiar objects (e.g.,
dog, balloon) and heard a sentence labeling one object. On
Single-Language trials, toddlers heard sentences in a single
language (Do you like the doggy?). On Switched-Language
trials, they heard a sentence where the target noun was in a
different language than the sentence frame (Do you like the
perro?). All participants took part in two consecutive
sessions. During each session, they heard sentence frames in
only English or only Spanish. Thus, participants were tested
equally in both their languages, allowing us to test how
individual children’s ability to process mixed-language
sentences differed across their dominant and non-dominant
languages.

Switched-Language
Do you like the perro?
¿Te gusta el doggy?

Visual stimuli. Visual stimuli consisted of brightly
colored images of familiar objects presented on a grey
background. Pairs of images, matched for salience, appeared
side-by-side on each trial (see Figure 1). Side of
presentation was counterbalanced, and all objects appeared
equally often as the target and distracter.

Participants
Participants were 20 18-30-month-old Spanish-English
bilingual toddlers (14 girls, M=23.1 months, SD=3.5) living
in New Jersey, with no history of hearing problems or
developmental delays. All participants were exposed to both
English and Spanish at least 20% of the time and had no
significant exposure to a third language (<1 hour per week).
Nine participants were reported to hear >50% Spanish in

Figure 1: Sample visual stimuli

Procedure
All participants took part in two testing sessions. At the end
of the first session, children were taken out of the testing
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room and allowed to play for 5-10 minutes while parents
filled out questionnaires. After this break, they returned to
the testing room to participate in the second session.
During each session, participants sat on their parents’ lap
in a darkened room and viewed images on a large TV
monitor while hearing speech over a loudspeaker1. Parents
listened to masking music over noise-canceling headphones
and were instructed not to interfere during the experiment.
Testing sessions consisted of 16 experimental trials (8
Single-Language, 8 Switched-Language), intermixed with
filler videos used to keep children engaged. On each trial,
participants saw two familiar objects appear on the screen.
Images appeared in silence for 2s, and then participants
heard a sentence labeling one of the objects. Trial orders
were pseudo-randomized such that the same object pair
never appeared on consecutive trials, and there were never
more than three consecutive trials of the same type (Single
vs. Switched). Participants were randomly assigned to one
of two counterbalanced orders for each language. All trials
within a single session used sentence frames in just one
language. Participants were randomly assigned to participate
in the English or Spanish session first.
Parents filled out (1) the Spanish and English versions of
the MacArthur-Bates Communicative Development
Inventory: Words and Sentences (MCDI; Fenson et al.,
2007; Jackson-Maldonado et al., 2003) to assess children’s
vocabulary knowledge, (2) the Language Exposure
Questionnaire to evaluate children’s relative exposure to
each language (Bosch & Sebastián-Gallés, 2001), (3) the
Language Mixing Scale (Byers-Heinlein, 2013) to measure
children’s exposure to mixed-language utterances, and (4)
basic demographic questions. Parents of all 20 participants
provided demographic information and estimates of
children’s global exposure to English vs. Spanish, but only
16 parents provided MCDI data in the child’s dominant
language, and 18 parents fully completed the Language
Mixing Scale.

within a single frame on 98% of frames that surrounded
only shift events.

Results
We assessed bilingual toddlers’ comprehension by
examining the accuracy with which they looked to the
labeled target object on both Single-Language and
Switched-Language trials. Accuracy was computed as the
proportion of time children spent looking to the target image
divided by the total time they spent looking at either picture
over a window of 367-2000ms following the onset of the
target noun (consistent with Byers-Heinlein et al., 2017;
Canfield, Smith, Brezsnyak, & Snow, 1997). Mean accuracy
was calculated for each participant for each of the four trial
types.
Mean accuracies were compared using a 2x2 repeated
measures ANOVA (Sentence frame: dominant vs. nondominant language; Trial type: Single-Language vs.
Switched-Language). The ANOVA revealed no main effect
of either sentence frame [F(1, 19) = 2.66, p = .12] or trial
type [F(1, 19) = .40, p =.53], suggesting that children’s
performance was not overall better for one language over
the other, and there was no global difference between
single-language and mixed-language sentences. However,
there was a significant interaction [F(1, 19) = 14.65, p =
.001, ηp² = .43], suggesting that the difference between
Single-Language and Switched-Language sentences differed
for children hearing sentences in their dominant vs. nondominant language (see Figure 2).

Proportion Looking to Target

0.8

Coding
Videos of children’s eye movements were coded offline at
33ms intervals by trained coders, blind to condition, for
whether the child was looking at the left or right picture,
shifting between pictures, or off-task (Fernald, Zangl,
Portillo, & Marchman, 2008). Trials were excluded if the
child was not looking at either picture at noun onset, or if
the child looked away for more than 500ms continuously
within the analysis window (Fernald & Hurtado, 2006). To
ensure coding reliability, 25% of the trials for 25% of the
participants were re-coded by a second coder. Coders agreed
on gaze location on 98% of frames overall, and also agreed

0.6

Trial Type
Single−Language

0.4

Switched−Language

0.2

0.0
Dominant
Language

Non−Dominant
Language

Sentence Frame

Figure 2: Children’s mean accuracy in looking to the
target object from 367-2000ms following noun onset. Error
bars indicate standard errors of the mean. Dashed line
represents chance.
To better understand these effects, we performed planned
comparisons using two-tailed paired-samples t-tests. When
tested in their dominant language, toddlers performed
significantly more accurately on Single-Language vs.
Switched-Language trials [t(19) = 2.66, p = .02, Cohen’s d =
.60], revealing a significant switch cost when toddlers heard
a change from a sentence frame in their dominant language

1

Five participants were tested at a community lab in Trenton,
NJ, rather than in the experimental testing room in the lab at
Princeton University. These participants were also seated on their
parents’ lap, while parents wore opaque sunglasses. The
procedures were identical, except that toddlers viewed images on a
13” laptop screen and listened to stimuli over noise-canceling
headphones.
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to a label in their non-dominant language. Furthermore,
single-sample t-tests revealed that performance was
significantly above chance (.5) for Single-Language trials
[M = .68, SE = .031, t(19) = 5.77, p < .0001, d = 1.29], but
not different from chance on Switched-Language trials [M =
.55, SE = .039, t(19) = 1.36, p = .19]. That is, when children
heard sentence frames in their dominant language and target
nouns in their non-dominant language, they did not show
above-chance comprehension of the noun. On the other
hand, when children were tested in their non-dominant
language, there was no difference between the two trial
types [t(19) = 1.61, p = .12]. Children performed above
chance on both types of trials, and in fact performed
numerically better on Switched-Language trials [SingleLanguage: M = .62, SE = .046, t(19) = 2.71, p = .01, d = .61;
Switched-Language: M = .70, SE = .035, t(19) = 5.63, p <
.0001, d = 1.26]. That is, when children heard sentence
frames in their non-dominant language followed by target
nouns in their dominant language, they were able to
recognize those familiar words just as well as when the
entire sentence was produced in the non-dominant language.
Thus, children showed no switch cost when hearing
switches from their non-dominant to dominant language.
Inherent to our mixed sentences is the presence of two
parts: the language of the sentence frame, and the language
of the target noun. Our initial ANOVA categorized trial
types by the sentence frame, but a different perspective on
the exact same results is to categorize trial types by the
language used for the target noun. We re-did the ANOVA,
this time focusing on the language of the target noun as well
as trial type (Target noun: dominant vs. non-dominant label;
Trial type: Single- vs. Switched-Language), and saw a
significant effect of target noun [F(1, 19) = 14.65, p = .001,
ηp² = .43], but no interaction [F(1, 19) = 2.66, p = .12]. That
is, toddlers were significantly more accurate in looking to
objects that were labeled in their dominant language across
both Single-Language and Switched-Language trials. This
substitute analysis emphasizes that bilingual toddlers’
ability to recognize familiar words in different language
contexts is more robust when labels are produced in their
dominant language.
Finally, we tested whether children’s performance was
related within or across languages. We found no significant
correlations between children’s accuracy across the four
types of trials. Contrary to our predictions, children’s ability
to process mixed-language sentences in one language was
unrelated to their processing of mixed-language sentences in
the other language. In addition, we found no significant
correlations between any of the questionnaire measures
(vocabulary, exposure to mixing, proportion of exposure to
each language) and performance on the Looking-WhileListening task (all ps > .05), suggesting that parents’ reports
of their children’s knowledge and experience were unable to
account for the differences we observed.

Discussion
This study tested whether Spanish-English bilingual
toddlers’ ability to process different types of sentences
differed across their two languages. When toddlers were
tested using sentence frames in their dominant language,
they only displayed recognition of familiar words that were
also presented in the dominant language, consistent with
other reports that single-language sentences are processed
more easily. However, we found that when toddlers heard
sentence frames in their non-dominant language, they
successfully recognized target nouns in both languages.
Framed another way, these results suggest that toddlers can
recognize familiar nouns produced in their dominant
language in both easy (Single-Language) and difficult
(Switched-Language)
utterances,
but
they
only
demonstrated comprehension of labels produced in their
non-dominant language if the whole sentence was produced
in the non-dominant language. Thus, not all language
switching is problematic, and the robustness of bilingual
toddlers’ word knowledge influences their processing.
These results expand our knowledge of how early
bilinguals contend with language mixing. Byers-Heinlein
and colleagues (2017) first reported that switch costs can be
observed in toddler bilinguals by testing 20-month-old
Canadian French-English bilinguals. Here, we provide
converging evidence with a new population, SpanishEnglish bilinguals in the United States. There are important
cultural differences between these populations, including
attitudes toward language, immigrant status, and
government policy. Previous studies using measures of
parent report have suggested that language mixing affects
children’s vocabulary differently in these populations (Bail,
Morini, & Newman, 2015; Byers-Heinlein, 2013; Place &
Hoff, 2016). The current study showed that two distinct
groups of bilingual toddlers experience similar real-time
processing costs when switching from their dominant to
non-dominant language.
Critically, these new results also showed that SpanishEnglish toddlers showed no difficulty when switching from
their non-dominant to dominant language. Evidence from
monolinguals suggests that infants are more efficient in
processing familiar words following a common sentence
frame (e.g., Look at the…) than when hearing the same
words in isolation, as predictable frames afford listeners the
opportunity to anticipate upcoming information (Fernald &
Hurtado, 2006). Across many dimensions, predictability
supports infants’ word learning (e.g., Axelsson & Horst,
2014; Benitez & Smith, 2012), and prediction abilities are
tied to vocabulary knowledge (Reuter, Emberson, Romberg,
& Lew-Williams, in press). On Switched-Language trials, it
would have been harder for toddlers to generate an accurate
prediction. When sentence frames were in their dominant
language, they may have generated more predictions and
been less able to recover when the predictions were
violated, leading to impaired comprehension. On the other
hand, children may have generated fewer or weaker
predictions in their non-dominant language, so they may
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have experienced less of a disruption, which allowed them
to accurately recognize the target noun.
While the language of the sentence frame undoubtedly
contributed to the ease of toddlers’ processing, the main
determinant of their ability to demonstrate comprehension
was the language of the target noun. Presumably, toddlers
have stronger representations of the individual words in
their dominant language (e.g., Singh, 2014), as more
frequently encountered items are learned better (Goodman,
Dale & Li, 2008), and more robust representations of lexical
items can facilitate toddlers’ ability to recognize words
under challenging conditions (e.g., McMillan & Saffran,
2016). Therefore, toddlers were able to recognize target
labels produced in their dominant language in both singleand mixed-language contexts. In contrast, toddlers failed to
demonstrate comprehension of target nouns in their nondominant language when those nouns occurred following a
switch. When toddlers have only weak representations of a
word, they may rely on familiar contexts and need more
support to demonstrate their knowledge (e.g., Mattock,
Polka, Rvachew, & Krehm, 2010).
Toddlers’ word knowledge is not “all-or-none.” Instead,
representations emerge gradually and can be expressed
differently under different conditions (e.g., Bion, Borovsky,
& Fernald, 2013). By testing bilingual toddlers, the current
study offers a powerful demonstration of this principle. We
were able to test the same participants, on the same items,
under easier and more difficult conditions, in two different
languages. Toddlers’ knowledge about the referents
themselves (dogs, balloons) was therefore held constant, as
were toddler-specific factors such as age, cognitive and
perceptual abilities, and interest in the task. Therefore, we
are able to conclude that the different behavior that we
observed on the different trial types must have come from
differences in toddlers’ language experience and knowledge.
Toddlers’ ability to recognize familiar words was more
robust when words were produced in the language that they
heard most often in their daily life, independent of the
linguistic context in which that word occurred. This adds to
recent literature suggesting that children’s vocabulary
growth depends on the input that they receive in that
language, not just their broader language environment (e.g.,
Marchman et al., 2016; Place & Hoff, 2011). In addition,
toddlers’ greater difficulty in demonstrating comprehension
of words in their non-dominant language suggests that more
fragile items are better recognized in a supportive context. It
seems likely that if we tested children on less familiar words
in their dominant language, they might only be able to show
comprehension in a single-language utterance. Similarly,
monolingual children might be able to display their
knowledge of highly familiar items in unusual contexts but
not be able to do so for less familiar items.
In sum, the results of this study provide important insight
into the development of bilingual children’s language
knowledge. Bilingual environments present special
challenges, as children must not only separate, but also at
times coordinate between their two different languages.

Children do not learn all words at the same rate, and
bilingual children’s knowledge may differ substantially
across their two languages. Leveraging these differences
allows us to take advantage of a natural experiment where
we can observe how the strength of children’s knowledge
about a particular word affects their ability to recognize that
word across contexts.
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Abstract

communities, leading to a resurgence of preventable childhood diseases: In 2014 the CDC tracked 667 cases of measles
in the US, where the disease had previously been eradicated
(CDC, 2015). Vaccines do not, in fact, cause autism (Taylor,
Swerdfeger, & Eslick, 2014), but these misconceptions have
proved to be remarkably difficult to correct (e.g., Betsch &
Sachse, 2013; Horne, Powell, Hummel, & Holyoak, 2015).

How can we leverage the cognitive science of lay theories to
inform interventions aimed at correcting misconceptions and
changing behaviors? Focusing on the problem of vaccine skepticism, we identified a set of 14 beliefs we hypothesized would
be relevant to vaccination decisions. We developed reliable
scales to measure these beliefs across a large sample of participants (n = 1130) and employed state-of-the-art graphical structure learning algorithms to uncover the relationships among
these beliefs. This resulted in a graphical model describing
the system of beliefs relevant to childhood vaccinations, with
beliefs represented as nodes and their interconnections as directed edges. This model sheds light on how these beliefs relate to one another and can be used to predict how interventions
aimed at specific beliefs will play out across the larger system.
Moving forward, we hope this modeling approach will help
guide the development of effective, theory-based interventions
promoting childhood vaccination.
Keywords: graphical modeling; lay theories; conceptual
change; behavioral interventions

One challenge to addressing misconceptions is that they
are often embedded in larger, internally coherent belief systems that guide how people interpret and respond to evidence
(Lewandowsky, Ecker, Seifert, Schwarz, & Cook, 2012).
Suppose someone thinks the infant immune system is immature, weak, and easily overwhelmed: It might then seem
unreasonable to vaccinate a 2-month-old baby against 5 or
more diseases at once, as the CDC recommends. Similarly, if
someone believes that the medical community is unduly influenced by pharmaceutical companies, she might be skeptical
when medical studies come out in favor of these companies’
interests. Such beliefs might sustain the misconception that
vaccinating children is dangerous, even in the face of counterevidence.

Much of the richness of human thought depends on our
ability to combine and synthesize information into coherent
belief systems, lay theories, and mental models. These cognitive processes are vital for interpreting, explaining, and predicting events; and for planning actions to intervene on the
course of these events. But these same abilities can sometimes lead people astray, generating misconceptions that result in inappropriate and even dangerous actions. Here, we
focus on one striking and timely example: The resurgence of
diseases like measles in the wake of widespread misconceptions about the safety of childhood vaccines.
In a larger project, we aim to develop effective ways to address this and other misconceptions by leveraging the cognitive science of lay theories to effect conceptual and behavioral
change (see Weisman & Markman, 2017, for a review of this
approach). In this paper, our goal is to enrich our understanding of the conceptual “ecosystem” that supports or discourages vaccination. To this end, we develop a graphical model
that describes the system of beliefs relevant to childhood vaccinations, representing these beliefs as nodes and their interconnections as directed edges. Moving forward, we hope the
use of these formal techniques will let us make quantitative
inferences and predictions to help guide the development of
educational interventions.

For educational interventions to be effective, they must be
sensitive to the broader conceptual context in which they’ll
be interpreted. In the case of vaccine attitudes, interventions
that simply emphasize the safety of vaccines may not be convincing to people who hold strong beliefs about the vulnerability of the infant immune system or corruption in medical research—but other beliefs might be more amenable to
revision. Consistent with this, Horne et al. (2015) found
that straightforward reassurances of vaccine safety were ineffective in changing people’s attitudes toward vaccination,
but informing people about the risks of measles, mumps, and
rubella resulted in more positive views of childhood vaccination. As in many domains, our understanding of the conceptual system driving vaccination decisions is limited. Having hypothesized that some set of beliefs might be relevant to
people’s vaccination decisions, it would be extremely useful
to validate these intuitions and specify precisely how these
beliefs relate to or inform one another.
How can we effectively transform a qualitative account
into a useful, testable, model of a lay theory? In this paper, we describe a graphical modeling approach to developing a rich, formal theory of the beliefs surrounding vaccination decisions. We began by identifying potentially relevant
beliefs, developing reliable instruments for measuring them,
and using those instruments to survey a large sample of par-

Vaccine beliefs and misconceptions
In the early 2000s, now-discredited research led many people
to believe that childhood vaccinations, such as the Measles,
Mumps, and Rubella (MMR) vaccine, could increase children’s risk for autism. Vaccination rates declined in many
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ticipants. Then, we used a state-of-the-art graphical modeling
approach—Bayesian network structure learning (for a review,
see Scutari & Denis, 2014)—to discover and describe connections among these beliefs and represent them in a quantitative model. We consider this project a first step in a longer
process that we hope will yield a rich, quantitatively precise
theory of this conceptual system.

composed of 4-6 statements for participants to evaluate; include at least one reverse-coded item; and be highly reliable
(Cronbach’s a .80). After extensive piloting and refinement, we created 14 scales that met these criteria, including
one preexisting scale (the “holistic balance” subscale from
McFadden et al., 2010). Final observed reliability ranged
from .73 to .91. (A full list of items for all scales is available at https://osf.io/dc5j8/.)

Study

Method

Our goal was to use behavioral data to develop a graphical
model of a conceptual system that could support or discourage vaccination. This process involves many choices about
data representation, as well as trade-offs between the fit, complexity, and intelligibility of the models produced. Here we
describe the steps we took to build this model, highlighting
key decision points that shaped the resulting model.

To investigate relationships among the beliefs surrounding
vaccination intentions, we examined covariation among these
beliefs across a large sample of participants. For instance,
if someone strongly endorses medical skepticism, how might
this influence their beliefs about the toxicity of vaccines, or
the severity of diseases like measles? These observed covariation relationships shed light on how these beliefs hang
together and influence one another and, combined with structure learning algorithms, provide a path toward approximating this conceptual system.

Scale development: Identifying and measuring
relevant beliefs
The first and perhaps most consequential decision points concern the set of beliefs we hypothesized are relevant to vaccination decisions, and how we chose to measure these beliefs.
Our outcome of interest was participants’ intentions to vaccinate their children (vaccination intentions). Drawing on a
variety of sources, including research on anti-vaccine skepticism, anti-vaccine websites, and our own qualitative surveys
with vaccine skeptics (not reported here), we generated a list
of 13 additional beliefs that might influence this outcome.
These included two broad worldviews: (1) naturalism, a
general preference for natural over artificial things; and (2)
holistic balance, one important aspect of attitudes toward
alternative medicine (McFadden, Hernandez, & Ito, 2010);
as well as three slightly more specific theories about parenting and medicine: (3) general parental protectiveness;
(4) parental expertise, namely the belief that parents usually
know more about their children’s health than medical experts;
and (5) medical skepticism, including concerns about pharmaceutical companies and corruption in the medical community. In addition, we identified a variety of specific claims
about vaccines that seemed important to people’s arguments
for and against vaccination, including beliefs about (6) the
overall safety of vaccines (vaccine danger); (7) toxic additives in vaccines; and (8) vaccine effectiveness, how effective
vaccines are in preventing disease; as well as a variety of specific claims about childhood diseases like measles, mumps,
and rubella, including beliefs about (9) disease rarity and
(10) disease severity. Beyond this, we theorized that intuitive theories of the infant immune system might be relevant,
including beliefs that (11) the infant immune system is weak
(IIS: weakness); (12) the infant immune system is limited in
its capacity and can be easily overwhelmed (IIS: limited capacity); and (13) vaccines strain the infant immune system
(IIS: vaccines strain).
We then developed psychometrically robust scales to measure these beliefs, stipulating that each scale should be brief,

Participants 1200 people participated via Amazon Mechanical Turk. All participants had gained approval for
95% of previous work ( 100 assignments); had verified US
MTurk accounts; and indicated that they were 18 years old.
Participants were paid $1.60 for about 8 minutes of their time.
Repeat participation was prevented.
Procedure Participants were told that we were interested in
their opinions about a variety of topics. They then proceeded
through our 14 scales, rating each statement on a scale from
“Strongly disagree” (coded as -3) to “Strongly agree” (+3);
the order of presentation of these scales and the order of questions within each scale was randomized for each participant.
Two attention checks (e.g., “Please select somewhat
agree”) were embedded randomly among these questions; the
70 participants who failed at least one of these checks were
excluded from further analyses. This left a final sample of n
= 1130 (94% of our full sample).
Data preparation Scores for each scale were calculated as
the average of the responses to questions in that scale, after
reverse-coding; for all scales, the theoretical range of scores
was -3 to +3. The final dataset for modeling included 14
scores for each participant.

Model Building
Our primary goal was to build a formal model that could approximate the conceptual relationships among beliefs related
to vaccine intentions. This brings us to our second decision
point: How to model the data. We conceived of these beliefs
as influencing one another in asymmetric ways, as in, for example, causal relationships (Pearl, 2009) and logical implication (Williamson, 2001). These types of asymmetric relations
can be well-captured in a Directed Acyclic Graph (DAG),
where each belief is represented as a node in a network, and
all edges between nodes are directed, i.e., connections run
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Figure 1: Cross-validation results. Left: Log-likelihood loss predicting out-of-sample data across 10 run 10-fold crossvalidation. Right: Number of edges in models generated by each algorithm. Algorithms are named according to the use
of the theory-based blacklist, and the threshold used (e.g., mmhc-theory-05 is the MMHC algorithm with the theory-based
blacklist and a = .05).
in one direction only. For instance, an edge from naturalism
to medical skepticism would indicate that naturalism beliefs
influence medical skepticism. Because we measured beliefs
continuously, we employed gaussian (linear) DAGs.
This class of models has several desirable qualities. First,
there are efficient algorithms for “learning” these network
structures from data, allowing us to discover possible relationships among beliefs using observed correlations in a large
sample of participants. Second, a DAG can be used to generate inferences based on information about a subset of the
network’s nodes. This allows us to predict a person’s beliefs about a given topic (e.g., vaccine safety) based on observations of their beliefs about another topic (e.g., medical
skepticism). Finally, these networks are capable of generating predictions about the consequences of intervening on
nodes within these systems, an important advantage when using these networks to craft real-world interventions.

a specific “intention.” Figure 3 shows the level assigned to
each node in the network. We used this hierarchy of beliefs
to induce a blacklist that would constrain our search space.
We made the assumption that the beliefs surrounding vaccine
decisions would be best described as a generative model, in
which more abstract beliefs set expectations for more concrete beliefs or observations (following, e.g., Jern, Chang,
& Kemp, 2014). In other words, “worldviews” could feed
directly into “theories,” “claims,” or “intentions,” but none
of these more concrete beliefs could feed into “worldviews”;
likewise, “theories” could feed into “claims” or “intentions”
(but not vice versa); and “claims” could feed into “intentions”
(but not vice versa). This approach offers a highly generalizable means to incorporating existing a priori theories into the
structure learning process.

Structure learning algorithms

Incorporating theory
Structure-learning algorithms operate in a “bottom-up” fashion, generating a model based on raw data. Still, there are
opportunities to exert “top-down” influences on this theorybuilding process. This brings us to our third decision point:
whether and how to constrain the search for the structure connecting these beliefs. By “whitelisting” or “blacklisting” connections between nodes, we can stipulate that they must or
must not be included in the final model. Such constraints
could be specific (e.g., a link from A to B must be included)
or broad (e.g., C has no “parents,” i.e., no incoming connections; D has no “children,” i.e., does not feed into any other
nodes).
Before constructing our model, we sorted the 14 measured
beliefs into “tiers” based on how broad or abstract each belief
was. For instance, we considered holistic balance and naturalism to be the most abstract beliefs measured, and labeled
these “worldviews”; we considered our outcome of interest,
vaccine intentions, to be the most concrete measurement of

We now turn to our fourth decision-point, the selection of a
structure-learning algorithm. Here, we consider two structure learning algorithms implemented in the bnlearn R package (v4.2)– the score-based hill climbing (HC) algorithm and
the hybrid Min-Max Hill Climbing (MMHC) algorithm (Scutari, 2010). In addition, we introduce a new, hybrid approach
that may offer some appealing qualities for our purposes.
Our approach is similar to MMHC, which first restricts the
search space for a directed graph by finding an undirected
“skeleton” describing conditional-independence relationships
among variables. However, unlike the MMHC algorithm,
which uses the “min-max parents” (MM) heuristic algorithm
to constrain the search space, we use state-of-the-art Bayesian
structure learning algorithms implemented in the BDgraph R
package (Mohammadi & Wit, 2017) to identify this undirected skeleton. Like MMHC, our approach then uses the
HC algorithm to find a directed graph. We will refer to this
custom algorithm as “BDHC.”
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Figure 2: Final BDHC model using posterior probability threshold = .95. Nodes are labeled for abstractness, from worldviews
(w), to theories (t), claims (c), and intentions (i). Edge weights indicate standardized linear coefficients from the gaussian
model, which can be interpreted as regression coefficients. Asterisks indicate edges that were directed arbitrarily.

Achieving intelligibility

the data), which we used to develop and compare models,
and a “testing split” (20%), which we used to validate the final model’s performance. We performed 10 runs of 10-fold
cross-validation on the training data to compare the performance of our different approaches, using identical fold-splits
for all models. Using this procedure, we compared the HC,
MMHC, and BDHC algorithms, using various values for a
(MMHC) and posterior thresholds (BDHC), and including or
omitting our theory-based blacklist.
Cross-validation results comparing these models are shown
in Figure 1. We were interested in both how well the models
produced by these algorithms performed in an out-of-sample
prediction (as indexed by their log likelihood loss) as well as
how complex the resulting models were (as indexed by the
number of edges in the resulting graphs).
A few points are apparent from the results of crossvalidation. First, the inclusion of the theory-based blacklist
(“tiers” of abstractness) had relatively little impact on model
performance. This is promising, as it suggests our existing
theory is not in conflict with the data.
Second, there is a trade-off between the degree to which the
algorithm is tuned toward sparsity and the resulting fit, such
that more complex models generally provide somewhat better
fits. If we were prioritizing predictive power, we would proceed with the best-fitting model (HC-theory); if we were prioritizing simplicity, we might opt to proceed with the sparsest model (BDHC-theory-99). For the purposes of designing

Because we aim to develop interventions based on the theory
emerging from our model, an important desideratum for this
model is intelligibility. This raises a fifth decision point: the
degree to which we are willing to trade off predictive accuracy in exchange for greater intelligibility.
Some degree of simplicity is likely necessary for intelligibility. One proxy for simplicity is sparsity, or the number
of edges present in the graph. Both MMHC and our custom
algorithm, BDHC, offer a fairly direct means to impose varying degrees of sparsity on the resulting graph. In MMHC the
modeler is free to choose the (frequentist) a criterion for the
restriction phase: A higher a value results in fewer edges.
Similarly, using BDHC the modeler can set the threshold for
the posterior probability of edges to be included in the skeleton: In this approach, edges are present in the final graph
only when the posterior probability that there is a dependency
between these nodes, independent of the other variables, is
greater than some specified threshold (e.g., .95).

Cross-validation and algorithm selection
We have highlighted five key decision points in constructing
our model. Several of these, including choosing an algorithm
and a threshold for retaining edges, can be aided by empirical cross-validation procedures, which allow us to explore a
large space of models while avoiding overfitting. With this
in mind, we split our data into a “training split” (80% of
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Figure 3: Observed versus predicted values for each belief in the testing set, with predictions from the final BDHC model using
posterior probability threshold = .95 and fit to the training split.
real-world interventions, we would like a model that both allows us to make accurate out-of-sample predictions and that
provides an intelligible theory. Striking the “right” balance
between predictive power and intelligibility is difficult to resolve formally.
We thus proceeded informally, attempting to balance concerns for fit and intelligibility in proportion to our project’s
goals. Averaging across folds, the likelihood ratio of observed data under the best-fitting model (HC-theory) compared with the worst-fitting model (BDHC-theory-99) was
only 1.19. Although reliable, these differences in fit are not
sufficient to motivate adopting the most complex models. Instead, we sought to identify the best-fitting model that was
sufficiently simple and intelligible for our purposes. To assess intelligibility more directly, we used each algorithm to
learn a graph based on the entire set of training data (n =
904). From among these different options, we chose to proceed with the model resulting from the BDHC method with a
posterior probability threshold of .95.
This resulted in a partially-directed acyclic graph (PDAG)
with three undirected edges. To generate model predictions
for validation, we chose to set these edge directions arbitrarily, under the assumption that they will not meaningfully impact prediction performance due to score-equivalence (Scutari & Denis, 2014). The resulting network is shown in Figure
2.

participants’ actual responses.
Collapsing across all variables, the average correlation between predicted and observed responses was r = .825, accounting for 68.1% of the variance in observed responses.
Correlations between observed and predicted values ranged
from .304 to .899 across the different belief scales. In general,
the model shows greater predictive accuracy for more central
beliefs (e.g., vaccine danger) than for more distant beliefs
(e.g., parental protectiveness). Altogether, this out-of-sample
predictive performance suggests this model can usefully predict and explain participants’ beliefs.

Discussion
We developed a graphical model of a conceptual “ecosystem”
surrounding vaccination decisions, by combining an initial
qualitative theory with behavioral data using Bayesian network structure learning. The resulting model (Figure 2) offers a preliminary description of the conceptual systems that
support and discourage vaccination decisions.
The ultimate value of this model rests heavily on its validation by future interventional studies. Bearing that caveat
in mind, we consider some preliminary insights and implications. First, this model confirms that the beliefs we hypothesized would be relevant to vaccine decisions are, in fact,
closely related to each other and to participants’ intentions to
vaccinate their children. Many of the conceptual connections
revealed by this model make sense intuitively. For example,
beliefs about the effectiveness of vaccines, the safety or danger of vaccines, and the severity of childhood diseases are
the three nodes with direct connections to vaccination intentions. Such findings provide one check on the success of the
model-building process, and suggest it is uncovering meaningful relationships.
Other findings may shed new light on the role of lay
theories in vaccine decisions. For example, a “naturalist”

Evaluating the model’s performance
To evaluate the model’s performance, we tested its accuracy
in predicting responses among the remaining 20% testing
split (n = 226). After learning the network and fitting its
parameters using the training data split, we generated predictions for held-out participants’ responses for each variable
by conditioning the network on the remaining 13 (observed)
variables. Figure 3 compares the model’s predictions with
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worldview—the general view that natural things are better
than artificial things—appears to be strongly related to medical skepticism and parental expertise; all three of these abstract beliefs are related to concrete beliefs that, in turn, feed
into participants’ vaccination intentions. This finding supports some of our earlier speculations as to why interventions
have often failed to alter vaccine skepticism: These beliefs
may be tied into far-ranging worldviews that affect many aspects of people’s thinking, including their interpretation and
response to evidence about the safety of vaccines.

work. Based on these predictions, we can choose optimal
sites of intervention, craft interventions aimed at changing
these target beliefs, and measure their effects. Studies and
simulations will allow us to identify where the model succeeds or fails, and revise our model and theory accordingly
(e.g., by reversing the direction of edges, adding missing variables, specifying interactions, or modeling non-linear relationships). If these interventions have positive outcomes, we
can begin translating them into more applied contexts.
Developing educational interventions is difficult, and testing these interventions, particularly in person, can be extremely costly. Here, we illustrated a promising and novel
method for moving effectively from intuitions about lay theories to empirically validated methods for correcting misconceptions and improving decisions.

The current model highlights certain beliefs that might be
especially influential in shaping vaccination decisions, such
as beliefs about naturalism, vaccine danger, vaccine effectiveness, and toxic additives in vaccines. Of course, some
of these beliefs may be more or less amenable to interventions. For instance, previous work suggests that it may be
difficult to craft interventions that effectively dispel beliefs
about vaccine danger (e.g., Horne et al., 2015). Still, by revealing the interconnections among these beliefs, the model
suggests ways to overcome these challenges. One promising
approach could be to combine successful interventions from
past research, such as providing information about the severe
dangers of diseases like measles for infants and young children (Horne et al., 2015), with information about how and
why vaccines work so well to protect children from these diseases (targeting vaccine effectiveness).

References
Betsch, C., & Sachse, K. (2013). Debunking vaccination
myths: strong risk negations can increase perceived vaccination risks. Health Psychology, 32(2), 146–55.
Centers for Disease Control and Prevention. (2015). Measles
in the us. Retrieved from http://www.cdc.gov/media/
releases/2015/t0129-measles-in-us.html
Horne, Z., Powell, D., Hummel, J. E., & Holyoak, K. J.
(2015). Countering antivaccination attitudes. Proceedings
of the National Academy of Sciences of the United States of
America, 112(33), 10321–4.
Jern, A., Chang, K.-M. K., & Kemp, C. (2014). Belief polarization is not always irrational. Psychological Review,
121(2), 206–224.
Lewandowsky, S., Ecker, U. K. H., Seifert, C. M., Schwarz,
N., & Cook, J. (2012). Misinformation and Its Correction:
Continued Influence and Successful Debiasing. Psychological Science in the Public Interest, 13(3), 106–131.
McFadden, K. L., Hernandez, T. D., & Ito, T. A. (2010). Attitudes toward complementary and alternative medicine influence its use. EXPLORE: The Journal of Science and
Healing, 6(6), 380–388.
Mohammadi, A., & Wit, E. C. (2017, August). BDgraph: Bayesian structure learning in graphical models using birth-death mcmc. R package version 2.40.
Scutari, M. (2010). Learning Bayesian Networks with the
bnlearn R Package, 35(3).
Scutari, M., & Denis, J.-B. (2014). Bayesian networks with
examples in R. Boca Raton: Chapman & Hall.
Taylor, L. E., Swerdfeger, A. L., & Eslick, G. D. (2014). Vaccines are not associated with autism: An evidence-based
meta-analysis of case-control and cohort studies. Vaccine,
32(29), 3623–3269.
Weisman, K., & Markman, E. M. (2017). Theory-based explanation as intervention. Psychonomic Bulletin and Review, 24(5), 1555–1562.

Conversely, some interventions that initially seemed
promising now seem more complicated. For example, we initially hoped that providing information to parents about how
the infant immune system works—in particular, dispelling the
misconception that it has a limited capacity—could promote
positive attitudes toward vaccination. We were disappointed
to observe the weak first-order correlation between this belief
and vaccine intentions in our behavioral data (r = -.097 in our
training split). The model sheds light on this surprising (lack
of) relationship: Although the belief that the infant immune
system is limited in capacity is positively related to the belief
that vaccines strain the immune system—discouraging vaccination, as we had assumed—it also seems to promote the
belief that childhood diseases have severe consequences for
young children, which might, in turn, encourage vaccination.
In light of this, we speculate that attempting to dispel beliefs
about limited capacity might have no effect on a person’s vaccine intentions (due to these countervailing forces)—or such
an intervention might have different effects for different people, depending on their auxiliary beliefs (e.g., about disease
severity). Simulation studies using this model could help elucidate these possibilities, and will be critical as we continue
to pursue effective interventions.
Moving forward, we envision an iterative process in which
we continue to combine bottom-up, data-driven insights with
top-down theorizing to refine our understanding and develop
effective interventions. First, we can use the model to simulate how interventions targeting specific beliefs or combinations of beliefs will affect beliefs throughout the wider net-
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Abstract

to interference from the fact that the natural number 7 is
larger than 5. Conversely, fraction pairs may be congruent,
where relative values for the fraction and natural number do
match, e.g., 2/3 is less than 6/7. The natural number bias is
typically demonstrated by higher error rates and slower
reaction times for incongruent comparisons relative to
congruent ones. The natural number bias has been observed
in many populations, including elementary school-aged
children (e.g., Meert, Gregoire, & Noel, 2010), high school
students (e.g., DeWolf & Vosniadou, 2015), adults (e.g.,
Vamvakoussi, Van Dooren, & Verschaffel, 2012b), and
even in expert mathematicians (e.g., Obersteiner, Van
Dooren, Van Hoof, & Verschaffel, 2013).
What aspect of the cognitive process of comparing
symbolic fractions might explain the natural number bias
phenomenon? The natural number bias shows both
individual variation (Alibali & Sidney, 2015) and variation
across situations (e.g., DeWolf & Vosniadou, 2015; Huber,
Moeller, & Nuerk, 2014). Prediction of individual variation
across learners, variation across contexts, specific stimuli,
and development is necessary for a comprehensive account
of the natural number bias.

We evaluate how learners construct internal representations
of fraction values. Symbolic numbers written using fraction
notation are difficult for both children and adults to use.
Errors made by learners suggest that even experienced adults
can lack fluency with fractions. One such error is the Natural
Number bias phenomenon: when the relative size of fractions
values to be compared is incongruent with the relative size of
the fraction components learners show a reaction time delay
or decreased accuracy. For example, noting that 1/7 is smaller
than 1/5 may take longer that noting that 3/10 is smaller than
5/10. We adjust the temporal dynamics of the fraction
comparison task to characterize how learners construct
fraction values from the constituent parts. We also create a
mathematical model of the fraction value construction.
Keywords: dynamic systems; neural network; numerical
cognition; decision making

Introduction
Learning about fractions, and the symbolic number system
in general is about learning to construct meaning about
magnitudes from symbols. Children must learn how a small
set of symbols 0 – 9 can be used in various permutations to
symbolize an infinite set of numbers. Learners commonly
have initial difficulty in using fraction notation. The use of
fraction notation is rife with errors for both children and
adults. This difficulty may be due to a lack of fluency with
the notation and a problem with how learners construct
values from the symbolic notation. The common errors
made with fractions may reveal the cognitive processes
children employ in constructing fraction values
In this study, we evaluate how learners construct
fraction values from the composite symbols. While there is
not currently a comprehensive account of how learners
construct fraction values, there are some relevant findings.
Eye-tracking data suggests that, when comparing fractions,
adults initially focus on the denominators of the two fraction
values. (Huber, Moeller, & Nuerk, 2014; Obersteiner &
Tumpek, 2016). There are descriptions of common errors
made with fractions and hypothesis as to why these errors
are made. One such error is the Natural number bias (e.g.,
Alibali & Sidney, 2015; Obersteiner, Van Dooren, Van
Hoof, & Verschaffel, 2013; Vamvakoussi et al., 2012).
The natural number bias (NNB) refers to a
behavioral phenomenon in which learners are slower and
more error-prone when comparing symbolic numerical
values when the value of the natural numbers components
conflicts with the actual values to be compared. For
example, a learner may incorrectly judge that the fraction
1/7 is a larger value than 1/5. This error is thought to be due

Task Dynamics Approach
In the current study, we focus on how the
construction of fraction values by learners can be evaluated
by varying the task dynamics of the fraction comparison
task. Given the evidence that fraction processing differs by
the affordances of the problem, we manipulated the task
dynamics of the fraction comparison task to more explicitly
characterize the cognitive processes involved. Each fraction
comparison depends on the relative values conveyed by two
numerators and two denominators. We examine how
variations in the presentation timing for each component are
associated with changes in participants' behavior on the
fraction comparison task. We vary time as a way to
investigate what if anything is done with the incomplete
information about the fraction values.
We combine
empirical experimentation with mathematical modeling to
create an account of how participants combine components
to create fraction values.
We investigate how variation in the presentation of
stimuli affects participants’ behavior on the fraction
comparison task as it relates to the Natural Number bias.
Evidence of the natural number bias is demonstrated by
evaluating reaction time in comparing fractions. Fraction
pairs that are incongruent (e.g., 2/3 vs.2/4) take longer to
compare than fraction pairs that are congruent (e.g., 3/7 vs.
5/7). We examine participant's performance regarding
relative reaction time for congruent and incongruent fraction
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pairs. We include seven different fraction presentation styles
across four experiments. Each fraction pair presentation
contains four components: denominator 1, numerator 1,
denominator 2, and numerator 2. The four components can
be presented simultaneously or with a delay for one or more
components (see Figure 1).
We used seven unique
sequences: No Delay, Single Numerator Delay, Single
Denominator Delay, Double Numerator Delay, Double
Denominator Delay, Mixed Delay, Single Fraction Delay.
2"second"
interval"

5"
____"
"
7"

2009). There were 64 unique comparisons, each viewed
three times for a total of 192 comparisons for each
participant. Fraction comparisons stimuli were blocked by
presentation style: No Delay, Single Numerator Delay, and
Double Numerator Delay. The order of the blocks was
randomized, as was the order of the stimuli within each
block. For Single Numerator Delay comparisons, the
fraction on the left of the screen was initially presented with
a blank numerator. The numerator then was displayed after
a delay of 2 seconds. The delay length was chosen to be just
long enough for participants to view the presented values.
For the Double Numerator Delay comparisons, both
fractions were initially presented with blank numerators.

3"
____"
"
4"

Results and Discussion
We analyzed participant reaction time across all
comparisons. For each participant we excluded reaction
times longer than 6 seconds, representing less than 2% of
trials. Outlier reaction times, sometimes as long as 30
seconds suggested the participant may not have been
attending to the task. For each condition we complete a
multiple linear regression predicting reaction time using
trial type (congruent vs. incongruent) and fraction difference
ratio, with the participant as a random effect. For the
analyses, all reaction times were arcsine transformed.
For No Delay condition reaction time was predicted by
congruency (t = 5.89, p <0.001) but not fraction difference
(t = 1.25, p = 0.21). Reaction times were consistent with the
natural number bias in that incongruent trials had
significantly longer reaction times (see Figure 2).
For Single Numerator Delay condition comparison
reaction time was not predicted by congruency (t = 0.95, p =
0.33) or ratio difference (t = 0.32, p = 0.74). Reaction times
were inconsistent with the natural number bias in that
incongruent trials did not have significantly longer reaction
times (see Figure 3).
For Double Numerator Delay condition comparison
reaction time was not predicted by congruency (t = 0.16, p =
0.86) or fraction difference (t = 1.88, p = 0.059). Reaction
times were inconsistent with the natural number bias in that
incongruent trials did not have significantly longer reaction
times (see Figure 4).
We find the natural number bias effect in the No Delay
condition, in which fraction pairs were presented the same
manner as previous work. However, for the Single
Numerator delay and Double Numerator delay conditions,
there is no evidence of a natural number bias effect. This
result is despite the fact that the same fraction pairs are
used.

3"
____"
"
4"

"
____"
"
7"

Figure 1. Schematic of dynamic fraction comparison task.

Behavioral Experiments
Experiment 1
In experiment one, we explored how variations in the
fraction comparison task stimulus presentation may affect
participants' comparison accuracy and speed. Participants
completed the fraction comparison task across three
conditions, No Delay, Single Numerator Delay, and Double
Numerator Delay.
Method
Participants: Adults (n = 36) were recruited online via
Amazon Mechanical Turk (age median 33, minimum 21,
maximum 65). The experiment was designed to take
approximately 20 minutes. Participants were compensated
$3.00. The analysis includes all participants who scored at
least 70% overall (n = 34) to filter out participants who did
not attend to the task. There was no time limit for each
comparison
Procedure: Participants completed a fraction comparison
task. Instructions indicated that two fractions would appear
on the screen, participants were to indicate which fraction
was a larger value via a button press. Participants were
instructed that there may be a slight delay in the display of
either fraction and they should respond as quickly and
accurately as possible once both fractions were fully
displayed. Fractions remained on the screen until the
participant responded.

Experiment 2
In the current experiment, each participant completed the
fraction comparison task across three conditions, No Delay,
Single Denominator Delay, and Double Denominator
Delay. For Single Denominator Delay comparisons, the
fraction on the left of the screen was initially presented with

Fraction Comparison Task. Participants’ only task was the
fraction comparison task. Stimuli from this task were based
on the stimulus set in prior work (Meert, Grégoire, & Noël,
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a blank denominator. The denominator then was displayed
after a delay of 2 seconds. For the Double Denominator
Delay comparisons, both fractions were initially presented
with blank denominators.

Method
Participants: Adults (n = 31). Recruitment and payment
was the same as in Experiment 1. The analysis includes all
participants who scored at least 70% overall, n = 27.

Method
Participants: Adults (n = 35). Recruitment and payment was
the same as in Experiment 1. The analysis includes all
participants who scored at least 70% overall, n = 33.

Procedure. The procedure was identical to Experiment 1.
Fraction comparisons stimuli were blocked by presentation
style: No Delay, Mixed Delay, and Single Fraction Delay.
Results and Discussion

Procedure: Procedure was identical to Experiment 1.
Fraction comparisons stimuli were blocked by presentation
style: No Delay, Single Denominator Delay, and Double
Denominator Delay.

We analyzed participant reaction time across all
comparisons. For each participant we excluded reaction
times longer than 6 seconds, representing less than 3% of
trials. For each condition we complete a multiple linear
regression predicting reaction time using trial type
(congruent vs. incongruent) and fraction difference ratio,
with the participant as a random effect. For the analyses, all
reaction times were arcsine transformed.
For No Delay condition reaction time was
predicted congruency (t = 1.72, p = 0.08) and fraction
difference (t = 2.88, p < 0.01). Reaction times were
consistent with the Natural number bias in that incongruent
trials were not significantly longer reaction times (see
Figure 8).
For Mixed Delay condition reaction time was
predicted congruency (t = 3.52, p < 0.001) but not fraction
difference (t = 1.52, p = 0.12). Reaction times were
consistent with the Natural number bias in that incongruent
trials had significantly longer reaction times (see Figure 9).
For Single Fraction Delay condition reaction time
was predicted congruency (t = 2.62, p = 0.02) and fraction
difference (t = 3.44, p < 0.001). Reaction times were
consistent with the Natural number bias in that incongruent
trials had significantly longer reaction times (see Figure 10).
We find that for Mixed Delay and Single Fraction
delay conditions reaction times were consistent with the
Natural Number bias. For the No Delay condition, though
incongruent trials were slower than congruent trials this
difference did not reach p = 0.05 significance.

Results and Discussion
We analyzed participant reaction time across all
comparisons for each participant we excluded reaction times
longer than 6 seconds, representing less than 3% of trials.
For the analyses, all reaction times were arcsine
transformed. For each condition we complete a regression
predicting reaction time using trial type (congruent vs.
incongruent), fraction ratio, numerator ratio, and
denominator ratio, with the participant as a random factor.
For No Delay condition reaction time was predicted
congruency (t = 2.19, p = 0.028) and fraction difference (t =
2.60, p < 0.01). Reaction times were consistent with the
Natural number bias in that incongruent trials had
significantly longer reaction times (see Figure 5).
For Single Denominator Delay condition reaction
time was predicted congruency (t = 3.41, p < 0.001) but not
fraction difference (t = 1.58, p = 0.11). Reaction times were
consistent with the Natural number bias in that incongruent
trials had significantly longer reaction times (see Figure 6).
For Double Denominator Delay condition reaction time was
predicted congruency (t = 4.97, p < 0.001) but not fraction
difference (t = 1.01, p = 0.31). Reaction times were
consistent with the Natural number bias in that incongruent
trials had significantly longer reaction times (see Figure 7).
We find the natural number bias effect in the No Delay
condition, in which fraction pairs were presented the same
manner as previous work. For the Single Denominator and
Double Denominator conditions, we also find that
incongruent trials had significantly longer reaction times,
consistent with the Natural Number bias.

Experiment 4
In this experiment, we sought to replicate the lack
of natural number bias in numerator delay trial types
observed in Experiment 1. We also sought to provide within
subject evidence that delayed numerator trials take less
response time than delayed denominator trials. Participants
completed the fraction comparison task across three
conditions; No Delay, Double Numerator Delay and Double
Denominator Delay.

Experiment 3
In the current experiment, participants completed
the fraction comparison task across three conditions, No
Delay, Mixed Delay, and Single Fraction Delay. For Mixed
delay condition, one fraction had a delayed numerator while
the other fraction had a delayed denominator. For Single
Fraction delay condition, both the numerator and
denominator of one fraction value were delayed.

Method
Participants: Adults (n = 37). Recruitment and payment
was the same as in Experiment 1. The analysis includes all
participants who scored at least 70% overall, n = 30.
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Procedure: Procedure was identical to Experiment 1.
Fraction comparisons stimuli were blocked by presentation
style: No Delay, Double Numerator Delay, and Double
Denominator Delay.

also present six other styles of stimulus presentation, Single
Numerator Delay, Single Denominator Delay, Double
Numerator Delay, Double Denominator Delay, Mixed
Delay, Single Fraction Delay. We find that for some
presentation styles the natural number bias is not present.
For both single and double numerator delays we found no
difference in participants’ reaction time in comparing
congruent and incongruent fraction. We find this for
independent samples in experiment 1 and experiment 4. For
every other presentation style, singe denominator delay,
double denominator delay, mixed delay, and single fraction
delay, the natural number bias effect is present.

Results and Discussion
We analyzed participant reaction time across all
comparisons. For each participant we excluded reaction
times longer than 6 seconds, representing less than 2% of
trials. For each condition we complete a multiple linear
regression predicting reaction time using trial type
(congruent vs. incongruent) and fraction difference ratio,
with the participant as a random effect. For the analyses, all
reaction times were arcsine transformed.
For No Delay condition reaction time was
predicted congruency (t = 4.80, p < 0.001) and fraction
difference (t = 2.39, p = 0.01). Reaction times were
consistent with the Natural number bias in that incongruent
trials had significantly longer reaction times (see Figure 11).
For Double denominator Delay condition reaction
time was predicted congruency (t = 6.48, p < 0.001) but not
fraction difference (t = 1.53, p = 0.12). Reaction times were
consistent with the Natural number bias in that incongruent
trials had significantly longer reaction times (see Figure 12).
For Double Numerator Delay condition reaction
time was predicted congruency (t = 2.64, p < 0.01) but not
fraction difference (t = 1.34, p = 0.17). In this case reaction
times were inconsistent with the Natural number bias in that
incongruent trials had significantly faster reaction times (see
Figure 13). Post-hoc contrast of participants’ mean reaction
times across conditions was not significant in comparing
congruent (M = 1.49) and incongruent (M = 1.41) trials,
t(29) = 1.29, p = 0.21.
We also directly compared reaction times between
numerator delay and denominator delay conditions.
Reaction times for numerator delay trials were significantly
faster (M = 1.65) than denominator delay trials (M = 1.95),
t(29) = 2.62, p = 0.013.
This experiment replicates out finding from
Experiment 1 that when numerators are delayed there is not
an observed Natural Number bias. We again replicate the
Natural number bias for No Delay condition, consistent with
prior work. Additionally, we find that in general numerator
delayed trials were faster than denominator delayed trials.
These results further support the account that numerator and
denominator information is treated differently in
constructing fraction values.

Mathematical Modeling
To further characterize the governing dynamics of
the fraction comparison we constructed a mathematical
model of the task. The purpose of the models is to examine
how hypothesized internal representations and their
dynamics give rise to the patterns of behavior reported in
experiments 1 – 4. The model is constructed to simulate the
fraction comparison task using a multilayered dynamic
systems neural network. The model makes fraction
comparisons corresponding to each of the seven trial types:
No Delay, Single Numerator Delay, Single Denominator
Delay, Double Numerator Delay, Double Denominator
Delay, Mixed Delay, Single Fraction Delay.
The model study includes three conditions to
evaluate our hypothesis regarding the construction of
fraction values:
Model Condition A: construction of fraction values
requires all components to be present.
Model Condition B: construction of fraction values begins
as soon as the denominator is present.
Model Condition C: construction of fraction values
requires all components to be present, but the model will
use shortcuts when common components are presented first
(e.g. x/10 vs. x/10).
We assume that in processing a fraction, the natural
number values are relatively quickly represented while the
fraction value is constructed slowly depending on the
presentation timing of fraction components. This process
involves inhibiting the representation of the natural
numbers. Thus in the first milliseconds of viewing 7/18, the
representation of 7 and 18 is relatively strong, while the
representation of 7/18 is relatively weak. The important
question is what processes are involved in constructing the
fraction value. We hypothesize that the lack of natural
number bias for numerator delay conditions is because when
both denominators are present, the fraction value
construction begins. Where when either denominator is
delayed then no progress is made in constructing the
fraction value.
Consider how the model condition results may
differ on numerator delay trials. In single and double
numerator delay the participants view both denominators for
a specified time, though no information is given that

Experiment 1-4 Discussion
The results from experiments 1 – 4 demonstrate
that the natural number bias in fraction comparison depends
on the dynamics of the stimulus presentation. When both
fractions are presented with no delay, we find the same
natural number bias previously reported. Fractions in which
the natural number component relative magnitude is
incongruent with the fractions relative magnitude take
participants longer to compare. Across the experiments, we
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indicates which fraction will be larger. One possibility is
that the fraction value is constructed through the
denominator more so than the numerator. In that case 10/X
is less useful information than X/10. When given X/10 the
possible values of X are limited. In this case the
denominator, as kind of a sense of how big each part of the
whole is, needs to be set. The relative size of the parts (the
denominator) is then more useful information than the
number of parts (the numerator).

components to be present, but the model will use shortcuts
if common components are presented first. (e.g. x/10 vs
x/10). Model condition C is meant to address the possibility
that the behavioral data is due to strategy use by participants
and not delayed fraction value construction. We find that
when this strategy is used, there is still a natural number
bias for No Delay, Single and Double Numerator delay
conditions. This result is counter to what is found in Model
condition B.
We evaluated the number of time-steps taken in
completing each comparison. Model completed the same
comparison trials as participants. Model decisions were
significantly faster for congruent trials compared to
incongruent trials for No Delay trials the model decisions
were significantly faster for congruent trials (M = 338 vs. M
= 386 time-steps, t(62) = 2.23, p < 0.01), Single Numerator
Delay trials (M = 307 vs. M = 362 time-steps, t(62) = 3.14,
p < 0.01), Double Numerator Delay trials (M = 338 vs. M =
392 time-steps, t(62) = 3.74, p < 0.01), Mixed Delay trials
(M = 373 vs. M = 423 time-steps, t(62) = 2.91, p < 0.01),
Single Fraction Delay trials (M = 329 vs. M = 362 timesteps, t(62) = 1.63, p = 0.10).
Model decisions were not significantly faster for
congruent trials compared to incongruent trials for Single
Denominator Delay trials the model decisions were not
significantly different than congruent trials (M = 351 timesteps) compared to incongruent trials (M = 382 time-steps),
t(62) = 1.55, p = 0.12. For Double Denominator Delay trials
the model decisions were not significantly faster for
congruent trials (M = 352 time-steps) compared to
incongruent trials (M = 360 time-steps), t(62) = 0.59, p =
0.55). We also compared double numerator delay trials (M
= 365) to double denominator delay trials (M = 356) and
found no significant difference between the two, t(63) =
1.45 , p = 0.15.

Results and Discussion
Model Condition A
We evaluate the number of time-steps taken in completing
each comparison.
The model completed the same
comparison trials as participants. Model decisions were
significantly faster for congruent trials compared to
incongruent trials for every type of trial; No Delay trials (M
= 257 vs. M = 339 time-steps; t(62) = 4.23, p < 0.001),
Single Numerator Delay trials (M = 266 vs. M = 352 timesteps), t(62) = 4.57, p = <0.001), Double Numerator Delay
trials (M = 270 vs. M = 380 time-steps), t(62) = 5.22, p <
0.001), Single Denominator Delay trials (M = 270 vs. M =
346 time-steps, t(62) = 4.07, p < 0.001), Double
Denominator Delay trials (M = 300 vs. M = 351 time-steps),
t(62) = 2.89, p < 0.001), Mixed Delay trials (M = 296 vs. M
= 372 time-steps, t(62) = 4.54, p < 0.001), Single Fraction
Delay trials (M = 263 vs. M = 347 time-steps, t(62) = 4.47,
p < 0.001). We also compared double numerator delay (M =
334) to double denominator delay (M = 326) and found no
significant difference between the two, t(62) = 1.86, p =
0.066.
Model Condition B.
We evaluate the number of time-steps taken in
completing each comparison. Model completed the same
comparison trials as participants. Model decisions were
significantly faster for congruent trials compared to
incongruent trials for No Delay trials (M = 257 vs. M = 338
time-steps, t(62) = 4.18, p < 0.001), Single Denominator
Delay trials (M = 270 vs. M = 346 time-steps, t(62) = 4.08,
p < 0.001), Double Denominator Delay (M = 299 vs. M =
348 time-steps, t(62) = 2.81, p < 0.001), Mixed Delay trials
(M = 296 vs. M = 376 time-steps, t(62) = 4.46, p < 0.001),
Single Fraction Delay trials (M = 263 vs. M = 341 timesteps, t(62) = 4.46, p < 0.001).
Model decisions were not significantly faster for
congruent trials compared to incongruent trials for Single
Numerator Delay trials (M = 233 vs. M = 221 time-steps,
t(62) = 0.48, p = 0.63), or for Double Numerator Delay (M
= 253 vs. M = 247 time-steps, t(62) = 0.21, p = 0.83). We
also compared double numerator delay (M = 250) to double
denominator delay (M = 324) and found numerator delay
trials were significantly faster, t(63) = 4.42, p < 0.001.
Model Condition C.
For model condition C we investigate how the model
would behave if it used a natural number comparison
shortcut. Construction of fraction values requires all

Model Study Conclusions
We compare three separate model approaches to
fraction value construction and comparison. Model
condition B, which constructs fraction values from
denominator components, matched participant data.
Mathematical modeling results suggest that the lack of
natural number bias when numerators are delayed may be
because of the fraction value construction process. The
mathematical model version in which fraction value
construction only requires a denominator to initiate
replicates the behavioral data from experiments 1 – 4. The
mathematical version that simply incorporates fraction
components, as they are available does not match the
behavioral data. We interpret this as additional evidence that
participants begin the process of fraction value construction
even when only aware of the denominator value.

General Discussion
Using a dynamic stimulus presentation, we reveal a
novel behavioral phenomenon in which the natural number
bias is not present when numerator values are briefly
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delayed. We further demonstrated using a series of
mathematical models that the behavioral data are consistent
with the hypothesis that learners construct fraction values
beginning with the denominator value. Learners may start to
construct the fraction value even when the numerator is
unknown. Prior accounts of the natural number bias cannot
explain this effect. The present a hypothesis, described via a
mathematical model, is that learners' construction of fraction
values requires knowledge of the denominator first.
Modeling results demonstrate how such a fraction
construction paradigm leads to the pattern of behavioral data
observed in experiments 1 – 4. A model using a fraction
construction paradigm that simply combines fraction
components once they are available does not produce
similar results. Together we take this as evidence that the
dynamic fraction display provides empirical data that allows
for more comprehensive characterization of the underlying
processes in fraction comparison.
If participants begin construction of the fraction
value when only presented with the denominator, what are
they doing during that time? There are several possibilities,
which may be difficult to distinguish, as they may not make
different behavioral predictions. To borrow an educational
metaphor of fractions being slices of a pie, then knowledge
of the denominator gives you the number of slices the pie
must be cut into, but not the number of slices to be taken.
Thus the denominator allows for an estimate of how many
parts the whole will be divided into.
Does the present data represent a ‘true’ measure of
fraction comparison? Evidence from other work suggests
that behavior in fraction comparison is context dependent.
The range of fraction comparisons presented to the
participant may constrain behavior. Stimulus sets that
contain fractions with common components, as used here,
may lead to the use of shortcuts that are not employed in
other cases. Prior work showed adaptive processing of
fractions that depended on the context of the fraction
comparison (Huber et al., 2014). For example, if a stimulus
set contained only same-denominator comparisons
participants would process the fraction values via
components, attending more to the numerators. In this case,
numerators were informative while denominators were not.
In other work, participants were also ‘experts,' defined as
adults with a degree in mathematics (Obersteiner, Hoof,
Verschaffel, & Dooren, 2016; Obersteiner et al., 2013).
These participants did not show the typical natural number
bias when comparing fraction values.
Though the current work provides insight into how
learner’s construct fraction values variation in context could
affect behavior. Of course, that is the case for fraction
comparison as it is with arithmetic tasks in general (Prather
& Alibali, 2009) and any tasks.
What do the conclusions of this study this suggest about
the natural number bias and fractions? The results suggest
that participants' processing of fractions values relies on the
presence of a denominator but not a numerator. When
numerator components were delayed, the natural number

bias was not present. We found the natural number bias with
no delay, the delay of a single fraction, or with the delay of
one or both denominators. We interpret this to suggest that
the participants in these cases are unable to begin to process
both fraction values. Consider the case of a single fraction
delay. In this case, no information of either component for
one fraction is present at the outset. The reaction times of
this condition are indistinguishable from single denominator
delay. We interpret this as evidence that the participants
cannot use an isolated numerator. On the other hand, a
single numerator delay condition trials were both faster
overall in terms of reaction time and did not show the
natural number bias.
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Abstract

based on the commutative law a·b=b·a. And, once learned,
the law generalizes to all numbers being added or multiplied.
Although there remains a contentious debate about the
reality of abstract rules in language learning (e.g., Marcus,
2003; McClelland & Patterson, 2002; Pinker, 1999), we
argue that the rote vs. rule distinction is useful for
understanding the role of language in mathematical thinking.
Theoretically, this issue is broadly important in cognitive
science, arising in such disparate issues as whether thoughts
can be separable from the words we use for them, whether
the human capacity for mathematics derives from our
acquisition of a natural language, and whether some
languages enable thoughts that are unique to their native
speakers. Practically, it can have educational implications too
for the merits of bilingual versus monolingual education.
One prominent view is that language enhances an evolved,
approximate sense of number to enable exact mathematical
thinking about large numbers (Dehaene, Spelke, Pinel,
Stanescu, & Tsivkin, 1999; Spelke & Tsivkin, 2001). In
experiments conducted by Spelke and Tsivkin (2001), 8
Russian-English bilinguals were trained on exact and
approximate arithmetic problems in each of Russian and
English and then tested on both tasks in both languages. The
results showed that participants retrieved the answers to exact
arithmetic problems faster in the language used during
training sessions. In contrast, participants solved approximate
arithmetic problems with equal efficiency in both the trained
and untrained languages. In other words, they found a
language-of-training effect when performing exact as
opposed to approximate calculations.
One conclusion that might be drawn from such findings is
that natural language is the medium of any mathematical
representation (such as large numbers) that transcend the
limits of the approximate number system. As Spelke writes,
“Human knowledge of number appears to be quintessentially
abstract. The concept ‘seven’ appears to transcend any of the
particular sets of seven entities that a person enumerates, the
particular situations in which she enumerates them, and (one
would think) the particular language in which she expresses
this enumeration. However, our findings suggest that ‘seven’
is a language-dependent concept, distinct from the Russian
‘sem’, or the French ‘sept’” (Spelke & Tsivkin, 2001, p81).
Studies with Amazon indigene tribes that possess only a
limited vocabulary for numbers (Frank et al., 2008; Gordon,
2004; Pica, Lemer, Izard, & Dehaene, 2004) and functional
imaging studies finding a dissociation between dependence

Language is often depicted as the sine qua non of mathematical
thinking, a view buttressed by findings of language-of-training
effects among bilinguals. These findings, however, have been
limited to studies of arithmetic. Nothing is known about the
potential influence of language on the ability to learn rules
about the relations among variables (e.g., algebra). To test
whether arithmetic and algebraic thinking differ, ChineseEnglish bilinguals were trained to solve arithmetic and algebra
problems in either Chinese or English and then tested on new
and old problems in both languages. For arithmetic problems,
solution times were always longer for English than Chinese; in
both languages, solution times dropped during training; after
training, solution times continued to drop for old problems, but
returned to pre-training levels for new problems. In contrast,
for algebra problems, solution times did not differ across
language; solution times dropped during training; after
training, gains in speed were preserved for both old and new
problems. These findings suggest that the contribution of
language to mathematical thinking may be limited to the areas
of mathematics that are learned by rote and not by rule.
Keywords: language; arithmetic; algebra; mathematical
thinking

Introduction
In language acquisition, there is a classic distinction between
learning by rote versus learning by rule (Berko, 1958;
MacWhinney, 1974; Marcus, Vijayan, Ran, & Vishton,
1999). Rote memorization, for example, is needed to learn the
simple past tense of irregular verbs such as “put”, “see” and
“go”. These exemplars generalize narrowly (if at all), such
that learning the past tense of “put” does not generalize to the
past tense of “see”. In contrast, the simple past tense of
regular verbs can be learned by rule (e.g., stem+ed) to easily
generate “played”, “typed”, and “listened”. Once the rule for
regulars is acquired in childhood, the rule generalizes so
freely that children often overgeneralize it to irregulars that
they had previously been inflecting correctly.
The rote versus rule distinction also seems to play an
important role in math learning. Although addition and
multiplication could be learned (in principle) by applying
Peano axioms, the typical child learns that six times eight
equals forty-eight based on rote memorization of the
multiplication table. Thus, a child who learns that two times
two equals four fails to generalize the axioms that would lead
to knowledge that six times eight is forty-eight. In contrast,
the knowledge that six times eight equals eight times six is
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of exact and approximate computations on language-related
circuits (Dehaene et al., 1999; Venkatraman, Siong, Chee, &
Ansari, 2006) also provide supporting evidence for this view.
However, an alternative interpretation is to consider the
role of language in mathematical thinking in terms of rote vs.
rule learning. If arithmetic (or the meaning of number words)
is learned by rote and stored in associative memory, then any
aspect of the learning context (including language of
instruction) would be expected to facilitate recall. In contrast,
aspects of mathematics that are rule-based and not stored
item-by-item in associative memory would be less subject to
encoding specificity. On this view, rote-based mathematical
thinking, such as arithmetic, involves the memorization of
specific number-number associations, generalizes quite
narrowly, follows the principle of encoding specificity
(Tulving & Thomson, 1973), and thus language dependence.
In contrast, rule-based mathematics, such as learning
relations among algebraic variables, permits free
generalization and is thus language independent.

English

Chinese

What is the product of twenty-one and five?

Arithmetic
One hundred five
One hundred fifteen

Algebra

What is the product of B and the sum of E + X?

M

G+H

?

B·E+B·X

M·G+M·H

B·E+B+X

M·G+M+H

Figure 1: Exemplars of the stimulus display used in different
trial types.
English. The university requires applicants with English as a
second language to score at least 79 on the TOEFL (iBT), or
at least 82 on the MELAB, or at least a 6.5 on the IELTS.
These criteria imply English skills sufficient to successfully
complete a university degree entirely in English.

The Current Study

Tasks and Materials

In this paper, we tested our alternative interpretation by
performing a near replication of Spelke and Tsivkin (2001)’s
study. Specifically, we trained Chinese-English bilinguals
(native language Chinese) to solve a series of arithmetic and
algebra problems over a two-day period either in English or
Chinese and then tested them on both trained and novel
arithmetic and algebra problems in both of the two languages
on a third day. If only rote-based mathematical thinking were
language dependent, participants would be expected to solve
arithmetic problems faster in Chinese than English, and
solution times would be expected to drop over training
period, but return to pre-training levels for novel problems in
the testing period. In contrast, for algebra problems,
participants would be expected to solve them with equal
speed in both languages, and solution times would be
expected to drop over training, remain fast during the testing
period, and be equally fast for the old and new problems.
Further, to verify that what was learned in solving algebra
problems were rules – i.e., relations among variables –
(e.g., · + · ) and not rote sequences of symbols, answers
contained a mixture of foils that either preserved or violated
the sequence of relations. In just this case, rule-violating foils
(e.g., A·B+A+C or A+B+A·C) would be expected to be
rejected faster than rule-preserving foils (e.g., A·B+B·C).

The experiment was conducted on a 13-inch MacBook Air
laptop, with all the tasks administered using a custom
MATLAB program. On each trial of the arithmetic and
algebra tasks, one problem was shown in numerical words
either in Chinese or English, with two candidate answers
presented below (Figure 1). Participants were asked to select
the correct answer by pressing the “up arrow” or the “down
arrow” key. For the stimuli in both Chinese and English on
each task, all questions appeared in Geneva font size 44 and
answers appeared in Geneva font size 27. The displays in the
two languages on each were designed to be as similar as
possible in size and layout.
For arithmetic task, 12 exact multiplication problems were
presented, with the first factor ranging from 12 to 28, the
second factor ranging from 3 to 9, and the candidate answers
ranging from 62 to 146. The alternative answer to the correct
one was a number that was 10 larger or smaller. All the
problems and answers were the same in the two languages.
For algebra task, 12 algebraic multiplication problems
were presented, with the first factor a letter (e.g., A), the
second factor a sum of two letters (e.g., B+C). The correct
answer was the one following the distributive law (e.g.,
A·B+A·C). And the alternative answer was either the one
with the rule-preserving operands (e.g., A·B+B·C) or with
the rule-violating operands (e.g., A·B+A+C or A+B+A·C).
To create unique sets of items, different letters were used in
English and Chinese versions of the algebra task.

Methods
Participants
Participants were 40 Chinese-English bilinguals (26
females), ranging in age from 18 to 35 years (M=23.04 years,
SD=3.83 years). Participants were recruited from
undergraduate and graduate students enrolled at The Ohio
State University. All participants were native speakers of
Chinese, attended elementary and high school in China,
spoke English fluently (but not at native levels), and were
comfortable conversing and reading both Chinese and

Design
The design was similar to that used by Spelke and Tsivkin
(2001). Each participant was given a two-day training session
and a one-day test session. In the training session, participants
were randomly divided into two groups with one group
performing the arithmetic task in Chinese and the algebraic
task in English and the second group performing the
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Figure 3: Accuracy on each type of problem and in each
language over the 3-day period. Dashed lines=new; solid
lines=old; black=trained language; orange=untrained
language.

Figure 2: Response latencies on each type of problem and in
each language over the 3-day period. Dashed lines=new;
solid lines=old; black=trained language; orange=untrained
language.
arithmetic task in English and the algebraic task in Chinese.
In the test session, all participants were given both tasks and
in both languages. The order of languages in both training
and test sessions were counterbalanced across participants.
In each training session, each task consisted of 6 repetitions
of each of the 12 different problems, for a total of 72 trials
per task. In the test session, each task consisted of 6 trained
problems and 6 untrained problems. Each of the 12 problems
was presented twice, for a total of 24 trials per task in the test
session. Problems in each task were presented in a random
order and the correct answer appeared on the top and bottom
with equal frequency.

Results
Results were organized in three sections. In the first section,
we examined the training effects for both arithmetic and
algebra tasks. In the next section, we examined the
performance for arithmetic and algebra tasks in the testing
session. In the final section, we examined differences
between rule-violating and -preserving operands. Figure 2
and Figure 3 present the mean response latencies and the
accuracy for each of the tasks and languages during the 2-day
training period and the third-day testing period.

1. Training led to faster and more accurate
responses for both arithmetic and algebra tasks,
but the effect of language on speed and accuracy
was unique to arithmetic.

Procedure
Before each task, experimenter conversed with the
participant in the language to be used for the task. To reaccustom them to working with the corresponding language,
immediately prior to each task in English or Chinese,
participants were asked to read online news in that language
for two minutes.
In the training sessions, each task began with instructions
specific to that task and with example problems presented in
that trained language. The first trial was showed up by
participants pressing the space bar, and remained on the
computer screen until the participant pressed a response key
indicating whether the top answer or the bottom one was
correct. Immediately after that, a feedback specifying
whether the response was correct or incorrect appeared on the
screen and remained for 600ms. If no response was made
within 10s, a third feedback appeared indicating that the trial
had timed out. The next trial began immediately after the
disappearing of the feedback. Throughout the training
sessions, participants were encouraged to respond efficiently,
with equal emphasis on speed and accuracy.
The procedure for each task in the test session was identical
to that in the training sessions, except that no specific
examples were given to explain the task in the instruction.

We first analyzed training session data for arithmetic and
algebra tasks. Reaction times (RT) were analyzed for all trials
on which a subject gave the correct response within the
allowed 10s period. A generalized linear mixed-effect model
(GLMM) was conducted, with training day, training
language, task, and all interactions as fixed effects, and
subjects and trials as random effects. As expected, there were
significant main effects of training day, b=-.33, t(42)=-9.80,
p<.001, task, b=.72, t(10700)=62.60, p<.001, and training
language, b=-.37, t(10700)=-32.38, p<.001. Also, there was a
significant interaction of task and training language, b=-.37,
t(38)=-4.61, p<.001, indicating that participants solved
arithmetic problems faster in Chinese than in English
(2688.17 vs. 4166.49ms) but solved algebra problems with
nearly equal speed in Chinese and English (1992.27 vs.
1988.49ms). An interaction of task and the training day,
b=-.03, t(10700)=2.73, p<.01, indicated that although
training helped lower RT for the second day for both
arithmetic and algebra tasks, the decrease was lower for the
arithmetic (3680.03ms on day1 vs. 3105.20ms on day2) than
algebra task (2347.62ms on day1 vs. 1640.02ms on day2). No
other effects were found.
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Day 1

Day 2

Day 3 (new)

3,000

Day 3 (old)
Rule-violating foils (·++ or ++·)
Rule-preserving foils (·+·)

RT (ms)

2,500

2,000

1,500

1,000

English

Chinese

English

Chinese

English

Chinese

English

Chinese

Figure 4: Response latencies of rule-rejecting foils and rule-preserving foils on algebra problems in each language over the 3day period. Error bars indicate standard error.
Accuracy for arithmetic and algebra tasks were analyzed in
a similar way except using a mixed logit model (GLMM for
binomially distributed outcomes). There were main effects of
training day, b=.17, z=2.72, p<.01, task, b=-.37, z=-8.16,
p<.001, and training language, b=.28, z=6.17, p<.001. An
interaction of task and training language, b=.35, z=3.48,
p<.001, was found, indicating that participants solved
arithmetic problems more accurately in Chinese than in
English (96.18% vs. 87.50%) but solved algebra problems
with nearly equal accuracy in Chinese and English (95.94%
vs. 96.70%). An interaction of task and training day, b=-.15,
z=-3.35, p<.001, indicated accuracy was higher during the
second than the first day of training for the algebra task but
not arithmetic task (95.38% on day1 vs. 97.26% on day2 for
algebra task; 91.77% on day1 vs. 91.91% on day2 for
arithmetic task). Day 1 results are important because they
suggest that any pre-existing advantage for the algebra
problems were negligible.

the results of latencies, results showed a main effect of task,
b=-.55, z=-6.88, p<.001, and problem novelty, b=.39, z=2.77,
p<.01. An interaction between task and problem novelty,
b=.18, z=2.26, p<.05, indicated that participants answered old
arithmetic problems more accurately than new ones (95.10%
vs. 86.04%), but solved new and old algebra problems with
nearly equal accuracy (97.60% vs. 96.36%). No other
significant effects were found.

3. Micro-rules were learned through algebra tasks.
Results above suggest that subjects were not just memorizing
strings of letters and operations when solving algebra
problems. How, then, did they solve the problems? One
possibility is that subjects encoded a partial structure of the
trained items. For example, subjects might learn a structure
of a subset of operations (e.g., ·+·) while solving the algebra
problems. If this were the case, rule-violating foils (e.g.,
A·B+A+C or A+B+A·C) would be expected to rejected
faster than the rule-preserving foils (e.g., A·B+B·C) when
subjects solving algebra problems.
As Figure 4 shows, participants more quickly solved
algebra problems with rule-violating than rule-preserving
operands for each day of learning, for both new and old
problems, and in both languages. The latency findings were
confirmed by a generalized linear mixed effect model
(GLMM) on training data and test data.
In the model for the training data, the language (English vs.
Chinese), training day (day1 vs. day2), alternative to the
correct answer (rule-violating vs. rule-preserving foils), the
three two-way interactions, and the one three-way interaction
were fixed effects, and subjects and trials were random
effects. Results revealed a main effect of alternative choice,
b=.18, t(35)=6.97, p<.001; a main effect of training day, b=.36, t(44)=-10.68, p<.001; and an interaction of alternative
choice and training day, b=-.04, t(46)=-2.11, p<.05,
indicating the difference on response latencies for answering
problems with rule-violating foils versus rule-preserving foils
was greater on day1 than day2 (438.81 vs. 260.68ms).
In the model for the test data, the language (English vs.
Chinese), problem novelty (old vs. new), alternative to the

2. Dissociation between arithmetic and algebra
tasks in the test session.
We next conducted a generalized linear mixed effect model
(GLMM) on response latencies for the test problems, with the
task, test language, problem novelty, and interactions as fixed
effects, and subjects and trials as random effects. Results
showed a main effect of task, b=1.02, t(146)=19.59, p<.001,
language, b=-.42 , t(146)=-8.06, p<.001, and problem
novelty, b=-.28, t(24)=-5.67, p<.001. An interaction between
task and language, b=-.41, t(146)=-7.96, p<.001, indicated
that participants solved arithmetic problems faster in Chinese
than English (2799.76 vs. 4419.03ms) but solved algebra
problems with nearly equal speed in Chinese and English
(1618.03 vs. 1628.19ms). An interaction between task and
problem novelty, b=-.25, t(74)=-8.50, p<.001, indicated that
participants answered old problems more rapidly than new
problems for both arithmetic and algebra tasks, but the
difference was greater for the arithmetic than algebra task
(986.11 vs. 57.89ms). No other effects were found.
Accuracy for the tasks in the test session were analyzed in
the similar way except using a mixed logit model. Similar to
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correct answer (rule-violating foils vs. rule-preserving foils),
the three two-way interactions, and the one three-way
interaction were fixed effects, and subjects and trials were
random effects. Results revealed only a main effect of
alternative choice, b=.10, t(25)=3.47, p<.01.

their methodological assumptions) is not possible here, we
should note that none of these accounts provides a memory
systems-based theory predicting a dissociation between
arithmetic and algebra (though see Schneider et al., 2012).
Moreover, our theory that language effects are limited to rotebased learning generalizes beyond the arithmetic/algebra
divide. In addition to arithmetic, verbal-associative learning
plays an important role in the acquisition of integer and
fraction names, which also seem to exhibit language effects
(Frank et al., 2008; Paik & Mix, 2003). Further, in addition
to the distributive law, mathematics covers other nonalgebraic, rule-governed categories (e.g, parity), where our
theory could be tested.

Discussion
Consistent with the rote/rule distinction, our results showed a
marked contrast between arithmetic and algebra learning. As
in Spelke and Tsivkin (2001)'s experiments, bilingual
subjects retrieved answers to rote-based arithmetic problems
more quickly in their native language than in their second
language, and old arithmetic problems were solved more
quickly than new ones. Although we did not replicate the
language-of-training advantage found in Spelke and Tsivkin
(2001)’s study, full language-of-training effects are typically
masked when native languages are too dominant in retrieval
(Campbell, 2005; French-Mestre & Vaid, 1993; Kolers,
1968; Marsh & Maki, 1976; McClain & Huang, 1982).
In contrast, our results showed that when the same subjects
learned rule-based algebra problems, they retrieved those
problems with equal efficiency in their two languages, and
this learning could generalize to the novel problems in the
testing period. These results suggest that natural language
only contributes to rote-based arithmetic learning but not to
rule-based algebraic learning.
Our results are broadly consistent with neuropsychological
evidence that patients with severe aphasia are able to
correctly solve algebraic expressions despite showing
impairments in language ability (Klessinger, Szczerbinski, &
Varley, 2007), as well as the neuroimaging findings of double
neural dissociation of processing algebraic operations and the
syntax of language (Monti, Parsons, & Osherson, 2012).
Furthermore, our results showed algebra learning relies on
a series of micro-rules, which is the structure of relations
among the operations. And these micro-rules can be
generalized to new items that do not overlap with the items
that appeared in training. The nature of these micro-rules
could be a visual perception of the structure, which has been
suggested to impact rule application in algebraic reasoning
(Landy & Goldstone, 2007; Landy, Jones, & Goldstone,
2008; Marghetis, Landy, & Goldstone, 2016; Schneider,
Maruyama, Dehaene, & Sigman, 2012).
We close by discussing three implications provided by this
research. First, what might be the role of language in
mathematical thinking? Second, what might be the nature of
rule-based mathematical thinking? Third, what might be the
educational implications of the present findings?

2. The nature of rule-based mathematical thinking
The results of our study suggest that algebra learning does not
depend on the particular variables involved but on the
structure of relations among the variables. But what is the
nature of this representation?
One possibility is that the spatial properties of physical
layouts are encoded. This was suggested by Landy et al.,
(2008)’s study, in which they manipulated the visual layouts
of algebraic equations and asked subjects to judge whether
the equations valid or not. And they found that the physical
spacing of algebraic equations impacted subjects’
performance, suggesting the role of visual perception in the
rule application. In a follow-up study by Schneider et al.
(2012), they investigated eye movement during subjects
solving arithmetic problems with nested syntactic structure,
and found the procedural rules biased the typical left-to-right
sequential processing in language. These studies point to the
possibility that what is learned in algebra might be languageindependent by virtue of a dissociation between spatial and
verbal learning mechanisms rather than by a dissociation
between rote- and rule-based learning. An interesting test of
this hypothesis would be the acquisition of algebraic rules in
Chinese by monolingual English-speakers or in English by
monolingual Chinese-speakers. In both cases, the spatial
layout of the distributive law is preserved, but in the case of
monolinguals, the mathematical meaning of the expressions
would be unintelligible.

3. Implication in education
The results of our study also have practical implications in
education. In many parts of the world, more and more schools
provide bilingual education to students. Does bilingual
education have more advantages over monolingual
education? Our study suggests that the evaluation of
monolingual versus bilingual education is complicated and
the relative merits will likely depend on whether content must
be learned by rote or by rule.
On the one hand, the present study provides evidence that
rote-based learning relies on a specific language to encode
and retrieve. Therefore, if a child in a bilingual environment
is expected to retrieve ‘seven times five equals thirty-five’
and ‘七乘以五等于三十五’, they will likely need to learn
each fact in each language to reach equal facility. As a result,

1. Revisiting the role of language in mathematical
thinking
Whether natural language does (Bloom, 1994; Carey, 2001,
2009; Lakoff & Nunez, 2000; Nunez & Marghetis, 2014;
Paik & Mix, 2003; Spelke & Tsivkin, 2001) or does not
(Brannon, 2005; Gelman & Butterworth, 2005) play a role in
mathematical thinking is a hotly-debated issue. Although a
full review of the subtle differences amongst these views (and
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bilingual instruction seems likely to present a heavier burden
than monolingual instruction (though obviously this cost may
be worthwhile if native language instruction improves
understanding). On the other hand, the present study provides
evidence that algebra learning shows language independence,
suggesting that the choice of bilingual versus monolingual
instruction can be made on the basis of considerations other
than speed of retrieval.
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structure and the relationships between nested forms. Thus,
analogical processing occurs twice in our model: once
during language interpretation, and again during ToM
reasoning.
In representing syntactic structure, we turn to an emerging
paradigm in linguistics, called construction grammar
(Goldberg, 2003), which proposes joint representations for
syntax and semantics, called constructions. Using
constructions to represent utterances provides clear
structural links between syntactic form and semantic
function that facilitate analogical transfer.
In this paper, we show that the AToM model naturally
extends to model ToM bootstrapping from language. We
begin by describing AToM and its theoretical and
computational underpinnings. We then describe our
approach to modeling linguistic bootstrapping. We
summarize and model a training study in which children
bootstrapped ToM reasoning from sentential complement
training (Hale & Tager-Flusberg, 2003). We close with
related work and future directions.

Abstract
Many psychologists have argued that language acquisition
plays an important role in the development of Theory of Mind
(ToM) reasoning in children. Several accounts of this
interaction exist: some believe that language gives children
the ability to express already formed ToM reasoning (e.g. He,
Bolz, & Baillargeon, 2011), while others argue that learning
specific grammatical structures engenders new reasoning
abilities (e.g. de Villiers & Pyers, 1997). Questions remain
about the mechanism by which this interaction occurs. In this
paper, we show that the Analogical Theory of Mind (AToM;
Rabkina et al., 2017) computational model can bootstrap
aspects of ToM reasoning from sentential complement
training, and that its performance matches improvement
patterns of children who are trained using similar stimuli.
This provides an implemented algorithmic account of
bootstrapping ToM reasoning from language within a broader
model of ToM development.
Keywords: analogy; cognitive modeling; false belief;
sentential complements; structure-mapping; theory of mind;

Introduction

Background

There is considerable evidence that language acquisition
affects Theory of Mind (ToM) development (Milligan,
Astington, & Dack, 2007). However, debate has centered on
the extent of the effects: some researchers report that the
ability to understand more complex language simply gives
children an ability to demonstrate pre-existing ToM
reasoning skills (e.g. He, Bolz, & Baillargeon, 2011). Others
suggest that, as children use language more frequently in
conversation, they gain a vocabulary with which to
mentalize about others’ belief and desire states (Harris,
1996). Yet others find that learning certain grammatical
structures is a necessary prerequisite for gaining ToM
reasoning abilities, and that children bootstrap ToM from
these grammatical structures (de Villiers & Pyers, 1997; de
Villiers & Pyers, 2002; Hale & Tager-Flusberg, 2003;
Lohmann & Tomasello, 2003; see Hofmann, 2016 for a
review).
Here, we investigate the latter argument and provide a
mechanistic account of linguistic bootstrapping within an
existing computational ToM framework, Analogical Theory
of Mind (AToM; Rabkina et al., 2017). The AToM model
treats ToM reasoning as analogical processing, by
comparing structural representations of events to previous
experiences. We argue that ToM bootstrapping from
language arises from an additional analogical step during
encoding: alignment of a syntactic construction and its
arguments, which leads to an understanding of nested

Structure-Mapping and SAGE-WM
Structure-mapping Theory (SMT; Gentner, 1983) is a theory
of analogy and similarity in human cognition. SMT states
that structural similarity is preferred over feature-based
similarity alone in everyday reasoning. This claim is
supported by a wide variety of psychological and
computational evidence (Forbus, 2001).
The Structure-mapping Engine (SME; Forbus et al., 2016)
is a computational model of SMT. It takes two structured
predicate calculus cases, called a base and a target, as inputs
and calculates one or more mappings between them. Each
mapping contains correspondences between statements and
entities in the two cases and a structural similarity score
that rewards deep matching structure. Statements and
entities from one case that are missing in the other can be
projected across as candidate inferences. In AToM,
candidate inferences are used to predict mental states.
The Sequential Analogical Generalization Engine,
Working Memory (SAGE-WM; Kandaswamy et al., 2014)
is a model of analogical generalization and retrieval within
working memory. SAGE-WM holds a small number of
cases and generalizations at a time. Analogical
generalizations are formed from previously-encountered
cases that have been aligned via SME (Kuehne et al., 2000).
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During retrieval, an incoming case, or probe, is first
compared, via SME, to all generalizations currently in WM
in reverse chronological order (i.e. starting with the most
recently-seen generalization). If a generalization with a
structural similarity score to the probe that is above a pre-set
threshold is encountered, that generalization is retrieved. If
no such generalization exists, the remaining ungeneralized
cases are compared to the probe. If none of the cases are a
sufficiently good match, retrieval fails. The probe is then
added to WM, either by generalization with a retrieved case
or as a new ungeneralized example.

Forbus (2016) previously modeled construction acquisition
using SME.
It has been argued that interpretation involves integrating
the semantics associated with argument structure with the
semantics of its arguments (e.g. verbal semantics)
(Goldberg, 1995). Following McFate and Forbus (2016), in
the present work we model this integration as structural
alignment (see McFate (in press) for more detail). As a
result, the nesting and implied semantics of a construction
that combines clauses is applied to its arguments (i.e. the
clauses themselves). This leads to bootstrapping ToM.

Analogical Theory of Mind (AToM)

Bootstrapping ToM from Language

AToM is a computational cognitive model of ToM
reasoning and development. It is inspired by Bach’s (2011)
proposal that ToM reasoning and development occur via
analogical reasoning, as well as by Hoyos, Horton and
Gentner’s (2015) findings that structural similarity aids
ToM development. We have previously shown that AToM
successfully replicates Hoyos et al.’s experimental results
(Rabkina et al., 2017).
AToM assumes that most ToM reasoning occurs in
working memory. Given a structured case that represents the
situation being reasoned about, an analogous case is
retrieved via SAGE-WM, and reasoning proceeds via
analogical inference. In specific training situations, such as
the training study modeled here, comparison cases are
assumed to already be in working memory. In real-world
reasoning situations, comparison cases are assumed to be
retrieved from long term memory (LTM). However, due to
the nearly impossible task of representing the contents of a
full LTM, AToM does not explicitly model this process.
Cases are represented via predicate calculus.
Representations are generated semi-automatically using a
semantic parser, EA-NLU (Tomai & Forbus, 2009). In the
current experiment, information from visual stimuli (e.g.
actions of toys, as acted out by experimenters while stories
are told) is added manually. In representing novel training
utterances, we take an approach inspired by construction
grammar.

To show that AToM can bootstrap ToM reasoning from
language, we model a training study by Hale and TagerFlusberg (2003), in which children improved their
performance on false belief reasoning tasks after hearing
stories with a sentential complement construction. A
sentence contains a sentential complement if a verb in the
sentence takes a full clause as its argument (e.g. “The boy
said, ‘I kissed Big Bird.’”).

Bootstrapping in AToM
We propose that bootstrapping from language occurs by
analogy. Specifically, it arises from structural alignment
between the nested argument structure representation of a
contradicted sentential complement and its previously unnested arguments (see Figure 1).
The resulting candidate inferences are combined into a
new learned case (aligned semantics), and passed to AToM
as a probe. Using SAGE-WM, a similar case is retrieved
and generalized. Through the process of generalization, the
meaning added by the construction is abstracted away from
the specific wording of the cases that have been
encountered. In the sentential complement construction, the
inferred aligned semantics is a conflict between the
semantics of a nested clause and the semantics of an unnested clause within the same sentence (i.e. what was said
vs. what really happened) (de Villiers & Pyers, 1997; 2002).
During subsequent ToM reasoning, the generalization can
be retrieved and applied (by analogy) to recognize a conflict
between a nested belief state and un-nested external events.
We contextualize both the belief and external events within
a global reality (de Villiers & Pyers, 2002).

Construction Grammar
Construction grammar is an emerging paradigm in
linguistics that proposes the fundamental unit of language to
be pairings of form and meaning called constructions.
Constructions are hierarchical and compositional, including
morphemes, phrases and even fully grounded idioms
(Goldberg, 2003). Under this approach, meaning arises not
from a strict combination of words (lexical semantics) but
rather from a unification of semantics provided by
constructions at every level of interpretation.
It has been suggested that children acquire constructions
by analogically aligning and generalizing over individual
pairings of syntax and lexical semantics (Tomasello, 2003).
Here we specifically focus on argument structure
constructions which define how phrases and clauses
combine as arguments to form a sentence. McFate and

Modeling Task
We model a training study by Hale and Tager-Flusberg
(2003), which showed that 4-year-old children who were
given training on sentential complements (SC) also
improved in their false belief reasoning. Children who were
only given false belief (FB) training1 did not improve in SC
performance, and children who were trained on another
grammatical structure, relative clauses (RC), only improved
their understanding of RC. We model the SC and RC
1

No mental state language or sentential complement structure was
used during FB training.
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Construction: X say Y but Z
Scope: Sentence
Subject say

Arguments:

Aligned Semantics:
Scope: Alignment
The boy said

The boy said

Clause1

The boy
kissed BigBird

Clause2

The boy
kissed Grover

contradicts

contradicts

Scope: say

Scope: say
The boy
kissed BigBird
The boy
kissed Grover

Figure 1: Example representations from a sentential complement training case, in which a boy said that he
kissed Big Bird, but really he kissed Grover. The construction consists of the nesting of the first kiss verb phrase
inside the say verb phrase, the un-nested second kiss verb phrase, and the contradiction between them. The
arguments to the construction contain the semantics of the initial verb phrase and the two clauses. The aligned
semantics (i.e. the candidate inference) state that the arguments to the un-nested verb phrase contradict the
arguments to the inner, nested verb phrase.
training conditions, which show that linguistic
bootstrapping for ToM reasoning is possible with some
grammatical constructions (i.e. sentential complements), but
not others (i.e. relative clauses). We describe these
experiments below.

The second test was an Appearance-Reality test. The
children were shown a sponge that looked like a rock, and
asked what it looks like. They were then told to feel the
object, and encouraged to say that it feels like a sponge.
Children were then asked what the object is, “really and
truly.” They were also asked, once again, what the object
looks like.
The third false belief test was an Unexpected Contents
test. Children were shown a Band-Aid box and asked what
they thought was in the box. They were then shown that
there was actually a doll in the box. Test questions asked
what the child had thought was in the box prior to looking
inside, and what the child’s friend would think was inside
the box if the closed box was shown to the friend.
Scores on the post-test were calculated out of 6 points (2
per test; 1 per question). On average, children in the SC
condition answered approximately 4.5 questions correctly2.
Children in the RC condition averaged approximately 1
correct answer total.

Sentential Complements Training During each of two
training sessions, a child in the SC condition heard four
stories about a boy’s interaction with a Sesame Street
character. Each story contained a sentential complement
structure (e.g. “The boy said, ‘I kissed Grover.’”) which
differed from reality (e.g. The boy kissing Big Bird). The
child was then asked, “What did the boy say?” Regardless
of whether the child answered correctly or not, the
experimenter emphasized the difference between the
contents of the embedded clause and reality, (e.g. “That’s
right/incorrect. The boy said, ‘I kissed Grover,’ but he really
kissed Big Bird.”)
Relative Clause Training Children in the RC condition
were told stories using the relative clause structure (e.g.
“Bert hugged the girl who jumped up and down.”) After
each story, the child was asked about the contents of the
clause (e.g. “Who did Bert hug?”). The child was expected
to use the relative clause structure in her answer, and the
structure was emphasized in the experimenter’s response
(e.g. “That’s right. Bert hugged the girl who jumped up and
down.”)

Experiment
We use the implemented AToM model described in
Rabkina et al. (2017). In this model, ToM reasoning and
development occurs via analogical retrieval and comparison.
It takes in structured, predicate calculus cases. Each case is
compared to the contents of WM using SAGE-WM
(Kandaswamy et al., 2014). When a case is retrieved, AToM
asks for feedback about the appropriateness of the retrieval,
consistent with feedback typical of ToM training
experiments. If feedback is positive, the probe is generalized
with the retrieved case. When surprise occurs, such as due
to a shift from true belief stories to a highly alignable false
belief scenario (Hoyos et al., 2015), AToM accesses LTM
for a potential explanation. Note that, because no surprise
occurred in the present study, LTM is never accessed.

False Belief Tests During the testing session, each child
was given three false belief post-tests, each of which
avoided the use of mental state language and SC structures.
The first was Location Change. Children were told a story
about a boy named Daniel and his mom. Daniel helped his
mom put a cup in the dishwasher, then went outside. While
Daniel was out, his mom put the dishes away. The children
were then asked whether Daniel knows where the cup is,
and where he will look for it.

2

This was not significantly different from the children in the FB
training condition.
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called aligned semantics, are stored in AToM’s working
memory.
Because the language in the FB test cases did not involve
sentential complements or relative clauses, we do not model
interpretation of the grammatical forms used. Instead, we
assume that an appropriate representation can be extracted
from the language, and used EA-NLU to semi-automatically
do so. We explicitly represent reality as a global scope. We
also represent a belief held either by the child, or a character
in the story, nested inside reality. While this presupposes
that children understand that people have beliefs, it does not
assume that they understand that these beliefs can differ
between people or from reality. This is consistent with most
verbal ToM tests, which often ask questions of the form,
“What will X think?”
Figure 3 shows an example of an encoded test,
Unexpected Contents. Here, the opinion that bandage boxes
typically contain bandages is scoped inside reality. The
belief is held by the child, and in reality, it is the case that
the box contains a doll.

Representations
The first story in each training condition was semiautomatically encoded from the examples in Appendix B of
Hale and Tager-Flusberg (2003). Because the text of the
remaining stories was not available, we wrote new stories,
including feedback, consistent with the examples provided
in the original paper. Testing cases were also semiautomatically encoded from the examples provided in
Appendix C of Hale and Tager-Flusberg (2003). Semiautomatic encoding involved using the EA-NLU semantic
parser (Tomai & Forbus, 2009) to generate initial lexical
semantics which we then manually contextualized.
In the SC training condition, the key construction was of
the form “X said Y, but really Z”. We represent this using a
nested phrase structure representation: when an argument
contains a finite clause, we maintain the verb’s scope over
the clause (e.g. say “…”; Figure 1, left). Otherwise, the
argument is collapsed into a phrase. The sentential
complement construction takes as arguments a noun phrase
subject (X), the verb, and two clauses (Y and Z). When
unified by analogy, the first clause becomes nested within
the say verb phrase while the second remains at the same
syntactic level. Both are within the scope of the completed
clause. The construction combines the arguments, and,
critically, it implies that the nested clause is contradicted by
the external clause (“but really Z”).
In the RC training condition, the feedback contained a
relative clause “X verb the Y that Z.” We use the same
representation for this construction as for the SC condition
(Figure 2). Because the relative clause modifies the noun,
not the verb, there is no internal nesting structure. The
construction takes a subject and a VP with a direct object,
which in this case is a relative clause.
In each condition, we also represent the semantics of the
arguments to the construction. The second element in Figure
1 shows the arguments to the construction in the SC training
condition. Note that there are separate elements for each
argument to the construction.
Following McFate & Forbus (2016), the construction and
its arguments are unified by analogy. This results in the
candidate inference shown on the right of Figure 1. What
was said is now nested inside a separate context which is
contained within the scope of the clause. Furthermore, the
contents of the internal context are inferred to be
contradictory from the external context. These inferences,

Scope: Reality
I believe
Scope believe:
Bandage
boxes hold
bandages
This bandage
box holds a
doll

Figure 3: An example of a FB test case, Unexpected
Contents.

Experiment
In each condition (SC and RC), AToM was trained on 8
stories, as in the original study. Training and testing cases
were encoded as described above.
For each incoming training example, our model obtained
the inferred semantics by analogy and passed them to
AToM’s working memory for retrieval and generalization
using SAGE-WM. If a similar enough case was retrieved,
the cases were generalized. Otherwise, the new case was
added to the contents of WM ungeneralized. The
generalization threshold was set to 0.01, consistent with
Rabkina et al. (2017).
During testing, each case entered AToM’s working
memory and a similar case was retrieved via SAGE-WM.
When a case was retrieved, any candidate inferences that
came out of the best mapping were examined. A test was
considered correct if a candidate inference implied that the
true belief condition contradicted the false belief condition.
For example, in the Unexpected Contents test (Figure 2), the
fact that there was a doll in the box should contradict the
fact that bandage boxes usually contain bandages.

Scope: Sentence
Subject
VP

Figure 2: An example of the syntactic case of an RC
training example. In this example, Bert hugs the girl
who jumped.
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do not contain such a contradiction. Their SC training,
however, included mental state verbs. Others (e.g. Peskin &
Astingon, 2004) have shown that children with more
advanced mental state language tend to have more advanced
ToM reasoning abilities. The question of how sentential
complements might drive ToM development on their own
deserves further research.

Results
As described above, in each of the training trials, the
inferred semantics from the construction alignment entered
SAGE-WM. The first case entered ungeneralized, and
formed a generalization with subsequent examples. After
SC training, because the training examples are all alignable,
the working memory contained a single generalization.
During testing, AToM had the generalization in working
memory. AToM compared each test scenario to the contents
of working memory. The nested structure within each false
belief scenario aligned with the nested structure of the
generalization and produced a single candidate inference. In
each case, this candidate inference contained a contradiction
between the true belief (e.g. there is a doll inside the
bandage box) and the expected false belief (e.g. the box
contains bandages). These candidate inferences predicted
correct responses to all of the false belief questions.
During RC training, a similar pattern emerged: the
inferred semantics from each RC case were accumulated
into a single generalization within WM. However, during
testing, AToM was unable to align the learned
generalization with the false belief stimuli. Therefore it
generated no correct inferences, ergo no correct responses.
These results are consistent with the finding and Hale and
Tager-Flusberg (2003): that sentential complement training
bootstraps ToM, but relative clause training does not.

Related Work
To the best of our knowledge, no other implemented
computational model of bootstrapping ToM from language
exists. However, there are several other computational
cognitive models of ToM development. We describe these
models here.
Hiatt and Trafton (2010; 2015) propose an ACT-R based
reinforcement learning model whose pattern of learning
closely matches the learning curve predicted by
experimental data for first- and second-order ToM
reasoning. Arslan, Taatgen, and Verbugge (2017) also
model second order ToM learning in ACT-R, and find that
an instance based model better predicts the mistakes made
by children than does a reinforcement learning model.
Bello and Cassimatis (2006) modeled the difference in
ToM reasoning between 3-year-olds and 4-year-olds as an
update to a Polyscheme rule. Similarly, Goodman et al.
(2006) modeled development of false belief reasoning as the
transition between two Bayesian networks—one that made
predictions based on a naïve understanding of ToM, and
another that had a more adult-like understanding. With
training, their model began to prefer the adult version of
ToM reasoning.

Discussion
In this paper, we have shown that the AToM model can
explain bootstrapping from language in children’s ToM
development, when using representations that are inspired
by construction grammar. We have modeled an empirical
study by Hale and Tager-Flusberg (2003), which
demonstrated that children’s ToM reasoning abilities
improve with sentential complement training.
One criticism of the original study is that the contents of
the sentential complement are false (Lohmann & Tomasello,
2003). That is, the boy tells a lie. Our model’s results
suggest that this is important—the contradiction between
the contents of the say and the really drives the subsequent
inference that belief/observation and reality may differ. We
view this as a feature, not a bug—after all, learning that
beliefs may be inconsistent or incorrect is an important
aspect of ToM development (de Villiers, Hobbs, &
Hollebrandse, 2014).
It is important to note, however, that the contradiction is
not the only aspect of the SC training that leads to improved
ToM reasoning in our model. The phrasal nesting structure
of SC sentences allows for structural alignment between the
learned construction and the test cases (e.g. I believe X, but
really Y). It is this alignment that leads to a candidate
inference about a potential contradiction. Without the
sentential complement, this inference would not be made.
Yet, without the contradiction, it is not clear what would
be learned from the alignment. Lohmann and Tomasello
(2003) report that children can improve in ToM reasoning
abilities by bootstrapping from sentential complements that

Future Directions
The current implementation of AToM is exclusive to
working memory (WM), and assumes that representations
do not change between WM and LTM. However, ToM
development takes place over the course of years (Wellman
& Liu, 2004), and likely continues throughout the lifetime
(e.g. Bach, 2011; Hess, 2006). Furthermore, evidence
suggests that WM and LTM representations do differ (e.g.
Cowan, 1998). A complete model of ToM reasoning and
development must, then, account for consolidation to LTM.
We plan to extend AToM to address this in future work.
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Representation and generalisation

Abstract
Human activity requires an ability to generalise beyond the
available evidence, but when examples are limited – as they
nearly always are – the problem of how to do so becomes particularly acute. In addressing this problem, Shepard (1987)
established the importance of representation, and subsequent
work explored how representations shift as new data is observed. A different strand of work extending the Bayesian
framework of Tenenbaum and Griffiths (2001) established the
importance of sampling assumptions in generalisation as well.
Here we present evidence to suggest that these two issues
should be considered jointly. We report two experiments which
reveal replicable qualitative patterns of individual differences
in the representation of a single category, while also showing
that sampling assumptions interact with these to drive generalisation. Our results demonstrate that how people shift their
category representation depends upon their sampling assumptions, and that these representational shifts drive much of the
observed learning.
Keywords: categorisation; generalisation; representations;
sampling assumptions;

Introduction
Suppose that, upon encountering a wallaby for the first time,
I am reliably informed that wallabies are dax. What should
I infer to be the extension of the property dax? If I know
that dax is a biological property I might generalise to other
macropods, marsupials, or mammals. Alternatively, if dax
describes a behaviour I might instead generalise to other hopping or grazing animals. As this thought experiment suggests,
human category representations are structured and complex;
multiple systems of categories are relevant to a single domain
and different systems of knowledge are relevant in different
contexts (Heit & Rubinstein, 1994; Ross & Murphy, 1999).
Although there is some work investigating how people acquire multiple systems of categories (Shafto, Kemp, Mansinghka, & Tenenbaum, 2011) and learn which representations are relevant to inductive problems like this (Austerweil
& Griffiths, 2010), very little is known about individual differences in representation. Do such differences exist, and can
they be measured? When people learn based on new data,
do their representations shift? If so, how and why? Do their
assumptions about how the data were generated drive any of
this? These are the questions we focus on in this paper.

930

The problem we consider is ostensibly a simple one: learning
how to generalise along a single stimulus continuous dimension. Stimulus generalisation in this situation often resembles
an exponential decay as a function of distance along the relevant dimension, but only when formulated with respect to the
proper stimulus representation (Shepard, 1987). When adapting Shepard’s analysis into an explicitly Bayesian framework, Tenenbaum and Griffiths (2001) noted that generalisation from multiple examples allows for many different possible stimulus representations. Indeed, there are many different assumptions a learner might make about category representation. These include exemplar models (Nosofsky, 1986),
prototype models (Smith & Minda, 1998), decision boundaries (Ashby & Townsend, 1986), critical regions that mimic
prototype models if the regions are connected (Tenenbaum
& Griffiths, 2001), or exemplar models in which each item
corresponds to a region (Navarro, 2006). Additionally, these
representations are not fixed and stable. Evidence from category learning has shown that human learners tend to “grow”
category representations as they see additional items, with a
shift during learning from prototype to exemplar representations (Griffiths, Canini, Sanborn, & Navarro, 2007; Love,
Medin, & Gureckis, 2004), or from exemplar to prototype
(Homa, Sterling, & Trepel, 1981), or a mixture of representations across individuals (Kalish & Kruschke, 1997).

Sampling and generalisation
An adjacent literature on inductive generalisation has revealed that what the learner assumes about how this data
came to be the data has a substantial influence on the inferences people draw. These sampling assumptions affect inferences in concept learning tasks (Navarro, Dry, & Lee, 2012),
property induction tasks (Ransom, Perfors, & Navarro, 2016),
and word learning problems (Xu & Tenenbaum, 2007).
While there are many possible sampling assumptions that
one might adopt (e.g. Shafto, Goodman, & Griffiths, 2014;
Ransom, Voorspoels, Perfors, & Navarro, 2017), much of the
literature has focused on two simple possibilities. A helpful
teacher is likely to choose positive examples that belong to
the relevant category (known as strong sampling), whereas
a random sampling process selects exemplars independently

of the category label (known as weak sampling). The difference between the two leads to a variety of differences in
how people generalise: most notably, people tend to tighten
their generalisations with additional data if they are assuming
strong sampling, but don’t if they aren’t (e.g., Xu & Tenenbaum, 2007; Ransom et al., 2016).

Sampling and representation?
If both representation and sampling assumptions shape generalisation, how do they fit together? The literature on sampling
assumptions typically assumes a fixed stimulus representation, and the literature on stimulus representation has given
little consideration to the manner in which exemplars are chosen. In this paper, we present empirical evidence suggesting
that these two problems should be considered together. We
report results from two experiments involving a simple inductive generalisation task that manipulates the sampling assumptions across conditions. We find evidence for individual differences in category representation, with different participants appearing to represent categories in different ways.
Moreover, there appears to be an interaction between people’s
representations and the degree to which they are sensitive to
the sampling manipulation. Observations selected by a helpful teacher are more likely to cause people to shift their mental
representation of the category in a consistent direction than if
the same observations are selected at random. In fact, these
representational shifts seem to account for the largest share of
learning in the task.

Experiment 1
Experiment 1 is a single category generalisation experiment
that, within the same experimental framework, combines manipulations of sample size (as in Navarro et al., 2012; Vong,
Hendrickson, Perfors, & Navarro, 2013) and sampling cover
story (as in Ransom et al., 2016; Xu & Tenenbaum, 2007).
As a post-hoc analysis, we use people’s responses across all
test items to identify clusters of people who generate similar patterns of generalisation. These patterns are then used as
predicted outcomes in Experiment 2, where they are explicitly connected to representational clusters. Furthermore, the
assignment of individual behaviour to clusters is tracked during learning, in order to determine whether representational
shifts correspond to learning outcomes.

Method
Participants 603 people participated in this experiment via
Amazon Mechanical Turk, where they were paid $1.30US for
the 5-10 minute task. 45% were female, 93% were from the
US, and median age was 32 (range: 19 to 77).
Design People were randomly assigned to one of three
conditions that varied the number of category exemplars
(“Wuggams”) as well as the manner in which they were sampled. In the F OUR condition (N = 194) participants were
shown four exemplars with no explanation offered for how
these examples were chosen. Participants in the T WELVE

931

Figure 1: Example stimuli. Items varied only in the position of the
short black vertical line along the bottom edge of the rectangle.

H ELPFUL (N = 200) and T WELVE R ANDOM (N = 209) conditions were also shown the same four exemplars with no explanation, but were then subsequently shown eight more exemplars for which an explanation was given. In the T WELVE
H ELPFUL condition people were told that the additional examples had been intentionally chosen to help them understand the category, whereas people in the T WELVE R ANDOM
condition randomly selected additional items themselves.
Stimuli Stimuli consisted of a black rectangular frame
drawn against a white background, with a vertical black line
inside attached to the bottom edge (see Figure 1). To assist
with stimulus discriminability, four evenly spaced light grey
vertical and horizontal lines were drawn within the rectangle.
Stimuli varied along a single dimension, corresponding to the
horizontal position of the vertical line within the rectangle
(referred to later as the stimulus value).
The full set of training stimuli included 12 examples with
stimulus values ranging from 21% to 43% in increments of
2%. People in the T WELVE H ELPFUL and T WELVE R AN DOM conditions saw all 12 examples, while those in the
F OUR condition saw four, including the two extreme examples (at 21% and 43%) plus two random others in between.
The test stimuli consisted of 19 items with values ranging
from 5% to 95% in increments of 5%.
Procedure The experiment consisted of a training phase
where people were shown examples from the target category,
followed by a test phase where they were asked to decide
whether previously unseen items were in that category.
Training. Participants were told that the purpose of the experiment was to see how people judged whether or not unfamiliar objects were in the same category as known examples.
In the F OUR condition the instructions stated:
So, we’ll start by showing you some objects that all belong to the same category («Wuggams»).
at which point four training examples were displayed simultaneously on-screen. Participants in the the other two conditions were given the same introduction. However, after the
initial examples were shown those in the T WELVE R ANDOM
condition were further informed:
The computer has assigned you to experiment group
«J8» so we’re going to let you pick an additional «8»
items at random from our collection, and let you see any
«Wuggams» that you find.
Following this a 6 × 5 arrangement of icons resembling
packing boxes was displayed on screen, and people were
asked to select eight boxes one by one. After clicking on an

(a) Experiment 1.

(b) Experiment 2.

Figure 2: Performance on a one category generalisation task as
a function of sampling procedure (manipulated between subjects)
and sample size (manipulated between subjects in Experiment 1 and
within subjects in Experiment 2). The graphs show the proportion
of positive responses to the question: “Do you think this object is in
the «Wuggam» category?” for each of the test stimuli. The performance of people who saw four examples of the target category (grey
line) is contrasted with two groups of people who saw 12 examples
(black lines). In Experiment 1, people tightened their generalisations
as more data is observed, but the sampling manipulation had little
effect; whether people actively sampled the additional examples at
random (red squares) or were told that the items had been selected by
a helpful teacher (blue diamonds), they generalised less when they
saw 12 examples rather than 4. In Experiment 2, where the wording
of the sampling manipulation was slightly adjusted, tightening with
increased sample size occurs, but only in the H ELPFUL condition.
icon the image was replaced with that of an open box, people
were informed that they had found a «Wuggam» inside, and
one of the training examples was added to the display. The
T WELVE H ELPFUL condition proceeded along similar lines,
but people were instead told:
The computer has assigned you to experiment group
«K8» so we’re going to help you by showing you an
additional «8» «Wuggams» chosen by a helpful teacher
to give you a good idea of the full range of «Wuggams».
Following this, the array of boxes was displayed with eight
of the boxes already opened. Simultaneously, the display was
updated with the eight additional examples. In all conditions
the on-screen presentation order was randomised.
Testing. To minimise any memory effects, the training examples remained on screen during testing, along with a reminder of how the exemplars were selected. Participants in
all conditions were shown the 19 test stimuli one at a time
in random order; this sequence was repeated four times. The
test query was a simple yes or no question, “Do you think this
object is in the «Wuggam» category?”

Results and discussion
The results are shown in Figure 2(a), which plots the proportion of trials on which each test item was assigned to the
Wuggam category in each condition. There is a clear effect
of sample size: people who saw 12 examples generalised
to a narrower range of test items than those who saw 4. A
Bayesian ANOVA reveals strong evidence (BF10 > 106 ) for
a model that includes effects of stimulus value, sample size
and an interaction, tested against a null model that includes
only the effect of stimulus value.1 However, the cover story
1 Model comparisons included a random intercept for each subject, and were fit using default priors from the BayesFactor package
(version 0.9.12-2) in R (version 3.4.3).
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appeared to have little to no effect, with modest evidence
favouring the null hypothesis (BF01 = 10) that generalisation
patterns were the same in both 12-item conditions.
The one exception to this pattern is the three test items to
the far left of Figure 2(a). Visual inspection suggests that participants in the T WELVE H ELPFUL condition were somewhat
less willing to generalize to these items than were people in
the T WELVE R ANDOM condition. This asymmetric pattern is
not predicted by “standard” implementations of the Bayesian
generalisation model (e.g. Navarro et al., 2012; Vong et al.,
2013). However, it is consistent with a shift in the proportion
of people using a single decision boundary, which should not
fall off on the far (left) side of the observed exemplars.
To examine this possibility we conducted a post hoc clustering analysis of generalisation curves at the individual subject level. This analysis, which was based on a Dirichlet
process mixture model, automatically identified 11 different
“patterns” of generalisation curves. Nine of the 11 patterns
accounted for 98% of the data; and of these nine, three were
minor variants of the others.2 The remaining six patterns (illustrated in Figure 3) form the core of the analysis in Experiment 2, and cover 85% of the data from that experiment. We
turn to it next.

Experiment 2
Participants 404 people participated in this experiment via
Amazon Mechanical Turk, where they were paid $1.50US for
the 10-15 minute task. 48% were female, 94% were from the
US, and median age was 32 (range: 18 to 71).
Design, stimuli & procedure Experiment 2 was a preregistered3 replication and extension of Experiment 1. The two
experiments were identical except for three key differences.
First, we adopted a within subject manipulation of sample size. Regardless of condition, participants were shown
four exemplars with no sampling explanation given and then
tested. They were then shown an additional eight exemplars
– either within a H ELPFUL (N=205) cover story or a R AN DOM one (N=199) – and then tested a second time. Testing
each person twice allows us to assess how their representation
changed based on four examples or twelve.
Second, at the end of each test phase participants were
asked to identify the strategy they used, selecting one of the
six options listed in Figure 3(b). This data is useful for determining whether their reported strategies correspond to the
generalisation patterns our model assigns to them.
2 We used the BayesianGaussianMixture class from the
scikit.learn module v0.19.1) under Python 3.6.3. The concentration parameter for the Dirichlet process was set to 1, the multivariate Gaussian distribution assumed a diagonal covariance structure, and the random seed was set to 1. Each generalisation pattern
was encoded as a point in 19-dimensional space with each dimension corresponding to a stimulus value included in the test items and
the value along each dimension corresponding to the probability of
generalising the category label to that test stimulus. Supplemental materials describing details of the model and all 11 patterns are
here: https://tinyurl.com/RPNH18
3 https://aspredicted.org/3tq89.pdf
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the short black line is on
one side of a certain
boundary. I use the
examples to work out
where that boundary is,
and which side the
«Wuggams» are on..

An item is a «Wuggam» if
it contains a short black
line. No matter where the
line is, I mark all such
items as «Wuggams».

R ANGE
An item is a «Wuggam» if
the short black line
appears within a certain
range from side to side. I
use the example
«Wuggams» to work out
where that range starts
and ends.

A NY
Any item could be a
«Wuggam», there’s no way
to tell, so I just guess.

B Y E XAMPLE
An item is a «Wuggam» if
the short black line is in
the same position as one
of the examples given. I
use the examples given to
check for a match

OTHER
None of the above. An
item is a «Wuggam» if...
(a free text box followed)

(a)

(b)

(c)

(a)

(b)

% Capture

(c)

Figure 3: A graphical depiction of individual differences in generalisation in Experiment 2. The panel columns represent: (a) Aggregate
generalisation curves for people grouped by data driven pattern definition (black lines) and by response to self report question (grey lines).
(b) The response options for the questions that asked people about their response strategy (title added). There is a one-to-one mapping
between the patterns shown and the representation associated with each response option. (c) The proportion of people allocated to a given
pattern. The three bars from left to right represent people after seeing four examples, and after seeing 12 examples in the R ANDOM (red)
and H ELPFUL (blue) conditions respectively. The rows of pixels within each bar constitutes a grey-scale representation of the generalisation
data of individuals in that pattern and condition (see main text for detail). Both sample size and sampling assumption impact people’s
representation of the target category.
Third, the cover story in the R ANDOM condition was altered slightly in order to leave open the possibility that some
boxes might not contain Wuggams. People were told that
“some of the boxes are stuck and won’t open; in that case just
try another.” Each person sampled 11 boxes but saw only 8
«Wuggams» in total; the other three times (when the box remained closed) occurred in a random order with the constraint
that the first and last item was always a «Wuggam».

Results and discussion
Generalisation Generalisation patterns in Experiment 2
partially replicated the results from Experiment 1, as shown
in Figure 2(b). As before, we find a clear effect of sample
size (BF10 > 106 ), but unlike Experiment 1 we also find an
effect of the sampling manipulation. On an aggregate level,
people in the H ELPFUL condition tightened their generalisations (BF10 > 106 ) whereas those in the R ANDOM condition
did not (BF01 = 31). This suggests that the changed wording in the R ANDOM condition, which provided a mechanism
for potentially seeing a non-«Wuggam», helped to make the
sampling cover story believable.
Representational analysis Our primary question was
whether people used different representations and whether
their representations shifted in different conditions or with
extra data. To address this, we used the six main generalisation patterns identified in Experiment 1, shown in Fig-

933

ure 3(a). They are each suggestive of qualitatively different mental representations: a one-sided decision boundary
(Partition), a two-sided Range, several different kinds of noncontiguous regions (By Example, Any, Other), and an assignment of All test items to the category. Each participant at each
test phase in Experiment 2 was then separately assigned to the
most similar pattern using the model derived from the results
of Experiment 1.
The results of this analysis are displayed in Figure 3. First,
we note that the six patterns identified by our model are indeed roughly equivalent to the six self-report options offered
during the test phase (shown in the middle panels (b)).4 This
is clear when we compare the black lines in panel (a) on the
left (which plot the average response for all people assigned
to the relevant pattern) to the grey lines in the same panels
(which plot the average generalisation curve for all people
who chose the relevant self-report option). In most respects,
the grey and black curves mirror each other very closely, illustrating that the data-derived patterns (based on classifications)
4 Alignment

of the self-report to the model-identified patterns
was done based on our qualitative assignment, but we also performed all analyses using assignments based on RMSE fit (which
differ from the qualitative assignments for 2 of the 11 clusters), or
using the (somewhat noisy) self-report data directly. In all cases the
conclusions are the same. Even collapsing Partition and Range into a
single representation and the remaining representations into another
produces a qualitatively similar pattern of results.

Figure 4: The mean effect of additional examples on the marginal
probability of generalising the learned category to novel stimuli, as
a function of sampling assumption and representational shift. Over
half of the participants in Experiment 2 (N=119, from the R ANDOM
condition and N=111, from the H ELPFUL condition) maintained a
stable representation of the underlying category in response to observing an additional 8 examples, and showed little change in generalisation overall. Likewise, for people in the R ANDOM condition
who did undergo a representational shift (N=80). But for many people in the H ELPFUL condition (N=94), the additional examples led
to a representational shift resulting in a significant and consistent
contraction in generalisation overall.

and self-reported strategy are very similar.
Although the six patterns shown in Figure 3 are quite dissimilar to one another, there is a remarkable degree of withinpattern homogeneity, especially with respect to the first four
patterns: most people assigned to a pattern do genuinely appear to be closely matching that pattern. This can be seen
in Figure 3(c), which depicts a compressed grayscale representation of the raw responses for every participant within a
pattern. Each panel shows three bars corresponding to one
of the three possible conditions (4 exemplars, 12 exemplars
R ANDOM and 12 exemplars H ELPFUL). The height of each
bar captures how many people’s generalisations best matched
that pattern (thus, for instance, many more people matched
the Range pattern in the H ELPFUL condition than any other).
Within each bar, every row of black pixels displays the responses of a single participant: each row consists of 19 cells,
each colour coded to represent the probability of assigning the
relevant test item to the «Wuggam» category. For instance, an
all black row occurs if all items are assigned to the «Wuggam»
category, whereas a grey bar with a patch of black in the middle would represent a generalisation pattern where only the
middle group of test items were labelled as «Wuggams».
Representational shifts We are now in a position to address the central questions motivating this experiment. To
what extent are changes in generalisation driven by a change
in people’s representation of the underlying category structure (e.g., shifting from Partition to Range), as opposed to
learning the parameters of a representation (e.g., learning
where the boundary in a partition lies)? Do sampling assumptions have an effect on how people shift their representations?
To investigate this, note that the rightmost panels of Figure 3 are effectively bar charts, displaying the proportion of
participants assigned to each of the six patterns, broken down
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by experimental condition. Visual inspection reveals marked
differences as a function of sample size: when only 4 exemplars are observed, people are most likely to be assigned to
the Any or Other patterns, whereas by the time 12 exemplars
are observed the generalisation patterns are closer to Partition,
Range or Other. Similarly there is evidence of a sampling effect: helpful sampling guides learners towards a Range representation whereas random sampling does not. A Bayesian
contingency test (3 conditions × 6 patterns) finds strong evidence (BF10 > 105 ) for a difference in pattern assignments
across conditions.
Looking more closely at these data, we can examine
whether the sampling conditions each had a different impact
on how people shifted their representations. To do so, we
used the representation label assigned to each generalisation
pattern (see Figure 3). If people were assigned to one pattern
after seeing four examples and a different pattern after seeing 12 examples, and those patterns had different representation labels, then and only then would they be considered as
having undergone a representational shift. Figure 4 plots the
results of this analysis. It is clear that for those people who
believed that examples were selected by a helpful teacher, additional exemplars led to an overall narrowing of generalisation, largely as a consequence of a representational shift.5 A
Bayesian ANOVA reveals strong evidence (BF10 > 106 ) in
favour of a model that includes effects of sample size, sampling condition, representational shift and interactions, tested
against a null model which includes only the participant as a
random nuisance parameter.

General discussion
The present work examines how people generalise a concept
on the basis of learned examples. In a single experimental
framework, we jointly considered two important considerations known to shape such generalisation: namely, people’s
assumptions about how the data was sampled, and their representation of the concept they seek to generalise.
In an initial between-subject experiment we found an effect of sample size consistent with other inductive generalisation tasks of this kind (e.g Navarro et al., 2012; Vong et
al., 2013). While there was no aggregate effect of sampling
assumption, a post hoc analysis of individual responses revealed common patterns of generalisation suggestive of men5 At first glance, Figure 4 appears to reveal a difference in generalisation between people in the R ANDOM and H ELPFUL groups
at the point when only four examples have been observed and for
which no sampling explanation was offered. But this difference
is not reflective of the two conditions as a whole; rather it occurs
only when the data is conditioned on representational shift. It reflects the fact that helpful sampling was interpreted more consistently than random sampling. Those people in the H ELPFUL condition who already generalised narrowly after seeing only four examples, were less likely to narrow further upon observing additional
examples, and thus more likely to maintain a stable representation;
conversely, those who generalised more widely at first were more
likely to change representation. This selection effect is not the case
for those in the R ANDOM group where representational shift was
less consistent in direction.

tal representations explored in the literature. These included
non-contiguous regions (Nosofsky, 1986), a one-sided decision boundary (Ashby & Townsend, 1986), and a two-sided
connected region (Tenenbaum & Griffiths, 2001). This analysis also suggested that people’s sampling assumptions might
play a role in determining their representation of the category,
a hypothesis we tested in a second pre-registered experiment.
The second experiment was based closely on the first but
was within-subjects and involved a random sampling cover
story that was slightly modified to be more suggestive of
weak sampling. It replicated the effect of sample size and also
found an effect of the revised sampling manipulation. Moreover, by linking response patterns identified in the first experiment to people’s responses in the second, we found that observing additional examples causes some people to undergo a
change in their mental representation. This shift drove much
of their change in generalisation, and the nature and consistency of the change critically depended upon people’s sampling assumptions.
In many ways our results are consistent with previous work
finding that people tighten their generalisations when strong
sampling holds but fail to do so when it does not (Xu &
Tenenbaum, 2007; Ransom et al., 2016; Voorspoels, Navarro,
Perfors, Ransom, & Storms, 2015). This work has attributed
such tightening to the operation of the size principle, which
favours smaller hypotheses in a fixed (researcher defined) hypothesis space (Tenenbaum & Griffiths, 2001). However, our
results suggest that while the size principle may still be at
work in some fashion, the truth may be more complex. Learning may in fact be operating on (at least) two levels in an hierarchical space, one with different representations (hypothesis spaces) at the top level and fixed hypotheses within each
representation at the lower level. Behaviour that on aggregate looks like generalisation according to the size principle
may actually reflect individuals shifting their representations
more than individuals tightening their generalisations within
the same representational space. An interesting line for future
research would be to attempt to account for this behaviour using a hierarchical model that learns on both of these levels.

Conclusion
“Is this a dagger which I see before me...?” – Macbeth
“That’s not a knife. That’s a knife.” – Crocodile Dundee
On the question of how best to classify sharp pointy things,
great literary protagonists differ. And life, in this respect, may
imitate art. Individual differences in representations, known
to be driven by data, may be driven by sampling assumptions
as well. By taking such differences seriously we have begun
to understand that relationship; we hope that further research
in this direction will continue to yield richer insights.
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Abstract
The robust and efficient recognition of visual relations in images is a hallmark of biological vision. We argue that, despite recent progress in visual recognition, modern machine
vision algorithms are severely limited in their ability to learn
visual relations. Through controlled experiments, we demonstrate that visual-relation problems strain convolutional neural
networks (CNNs). The networks eventually break altogether
when rote memorization becomes impossible, as when intraclass variability exceeds network capacity. Motivated by the
comparable success of biological vision, we argue that feedback mechanisms including attention and perceptual grouping
may be the key computational components underlying abstract
visual reasoning.
Keywords Visual Relations; Convolutional Neural Networks;
Deep Learning; Visual Attention; Perceptual Grouping

Figure 1: Three images. The image in the left panel can be
classified confidently as containing a flute by modern vision
algorithms. However, these same algorithms struggle to learn
the concept of “sameness” as exemplified by the image with
the two curves shown in the middle panel. The image in the
right panel panel depicts a spatial relation: three objects arranged in a line with the largest in the middle. Middle and are
right images are from SVRT (Fleuret et al., 2011).

Introduction
In this study, we will probe the limits of CNNs on visualrelation tasks. In Experiment 1, we perform a systematic
performance analysis of CNN architectures on each of the
twenty-three synthetic visual reasoning test (SVRT) problems, which reveals a dichotomy of visual-relation tasks: hard
same-different problems vs. easy spatial-relation problems.
In Experiment 2, we describe a novel, controlled, visualrelation challenge which convincingly shows that CNNs
solve same-different tasks via rote memorization. With these
experiments, we hope to motivate the computer vision community to reconsider existing visual question answering challenges and turn to cognitive science and neuroscience for inspiration in the design of visual reasoning architectures.

Consider the images in Fig. 1. The image on the left was correctly classified as a flute by a deep convolutional neural network (CNN; He et al., 2015). This is quite a remarkable feat
for such a complicated image. After the network was trained
on millions of photographs, this and many other images were
accurately categorized into one thousand natural object categories, surpassing, for the first time, the accuracy of a human
observer on the ImageNet classification challenge.
Now, consider the image in the middle. On its face, it is
quite simple compared to the image on the left. It is just a
binary image containing two curves. Further, it has a rather
distinguishing property, at least to the human eye: both curves
are the same. The relation between the two items in this simple scene is rather intuitive and immediately obvious to a human observer. Yet, the CNN failed to learn this relation even
after seeing millions of training examples.
Why is it that a CNN can accurately detect the flute while
struggling to recognize the simple relation depicted in the
middle panel of Fig. 1? That such task is extremely difficult
for contemporary computer vision algorithms like CNNs, is
known (Fleuret et al., 2011; Gülçehre & Bengio, 2016; Ellis et al., 2015; Stabinger et al., 2016). However, these results, which often relied on a single architecture, were not entirely conclusive: does the inability of CNNs to solve various
visual-relation problems reflect a poor choice of network hyperparameters or rather a systematic failure of the entire class
of models? To our knowledge, there has been no systematic
exploration of the limits of contemporary machine learning
algorithms on relational reasoning problems.

Experiment 1: SVRT
The synthetic visual reasoning test (SVRT) is a collection of
twenty-three binary classification problems in which opposing classes differ based on whether their stimuli obey an abstract rule (Fleuret et al., 2011). For example, in problem
number 1, positive examples feature two items which are the
same up to translation (Fig. 1, middle panel), whereas negative examples do not. In problem 9, positive examples have
three items, the largest of which is in between the two smaller
ones (Fig. 1, right panel). All stimuli depict simple, closed,
black curves on a white background.
Methods. We tested nine different CNNs of three different
depths (2, 4 and 6 convolutional layers) and with three different convolutional filter sizes (2×2, 4×4 and 6×6) in the first
layer. This initial receptive field size effectively determines
the size of receptive fields throughout the network. The number of filters in the first layer was 6, 12 or 18, respectively, for
each choice of initial receptive field size. In the other convo-
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Figure 2: SVRT results. Multiple CNNs were trained on each
of the twenty-three SVRT problems. Shown are the ranked
accuracies of the best-performing network for each problem. The x-axis shows the problem ID. CNNs were found to
produce uniformly lower accuracies on same-different problems (red bars) than on spatial-relation problems (blue bars).
The purple bar represents a problem which required detecting
both a same-different relation and a spatial relation.

Figure 3: The PSVRT challenge. Four images show the
joint categories of SD and SR problems. An image is
Same or Different depending on whether it contains identical (left column) or different (right column) square bit
patterns. An image is Horizontal or Vertical depending
on the average angular displacement between the items.

accuracy between the worst case and the best case. On the
other hand, larger networks yielded significantly higher accuracy than smaller ones on SD problems, suggesting that SD
problems are more capacity-sensitive than SR problems. Experiment 1 corroborates earlier studies (Fleuret et al., 2011;
Gülçehre & Bengio, 2016; Ellis et al., 2015; Santoro et al.,
2017) which found that CNNs perform badly on many visualrelation problems and additionally suggests that low performance cannot be simply attributed to a poor choice of hyperparameters.

lutional layers, filter size was fixed at 2×2 with the number
of filters doubling every layer. All convolutional layers had
strides of 1 and used ReLU activations. Pooling layers were
placed after every convolutional layer, with pooling kernels
of size 3×3 and strides of 2. On top of the retinotopic layers,
all nine CNNs had three fully connected layers with 1,024
hidden units in each layer, followed by a 2-dimensional classification layer. All CNNs were trained on all problems. Network parameters were initialized using Xavier initialization
(Glorot & Bengio, 2010) and were trained using the Adaptive
Moment Estimation (Adam) optimizer (Kingma & Ba, 2015)
with base learning rate of η = 10−4 . All experiments were
run using TensorFlow (Abadi et al., 2016).
We obtained the accuracy from the best network for
each problem individually. Then, we organized the results
into a bar plot, sorted the problems by accuracy and colored the bars red or blue according to the SVRT problem
descriptions in (Fleuret et al., 2011). Problems whose descriptions had words like “same” or “identical” were colored red. These Same-Different (SD) problems had items that
are congruent up to some transformation (e.g., middle panel,
Fig. 1). Spatial-Relation (SR) problems, whose descriptions
have phrases like “left of”, “next to” or “touching,” were colored blue (e.g., right panel, Fig. 1).

Experiment 2: PSVRT

Though useful for surveying many types of relations, the
SVRT challenge has two important limitations. First, different problems have different visual structure; e.g., problem 1
requires that an image have two items (Fig. 1, middle), while
problem 9 requires that an image have three (Fig. 1, right).
Therefore, image features, not abstract relational rules, might
make some problems harder than others. Second, the ad hoc
procedure used to generate simple, closed curves as items in
SVRT prevents quantification of image variability and its effect on task difficulty. As a result, even within a single problem in SVRT, it is unclear whether its difficulty is inherent
to the classification rule itself or rather the choice of image
generation parameters unrelated to the rule.
To address these limitations, we constructed a new visualrelation benchmark consisting of two idealized problems
(Fig. 3) from the dichotomy that emerged from Experiment
1: Spatial Relations (SR) and Same-Different (SD). Critically,
both problems used exactly the same images, but with different labels. Further, we parameterized the dataset so that we
could systematically control the size of scene items, the number of scene items, and the size of the whole image. Items
were binary bit patterns placed on a blank background.
For each configuration of image parameters, we trained a
new instance of a single CNN architecture and measured the
ease with which it fit the data. Our goal was to examine how

Results. The resulting dichotomy across the SVRT problems
is striking (Fig. 2). CNNs fare uniformly worse on SD problems than they do on SR problems. Many SR problems were
learned satisfactorily, whereas some SD problems (e.g., problems 20 and 7) resulted in accuracy not substantially above
chance. From this analysis, it appears as if SD tasks pose a
particularly difficult challenge to CNNs. This result matches
earlier evidence for a visual-relation dichotomy hypothesized
by Stabinger et al. (2016). Additionally, our search revealed
that SR problems are equally well-learned across all network configurations, with less than 10% difference in final
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hard it is for a CNN architecture to learn relations for visually different but conceptually equivalent problems. If CNNs
can truly learn the “rule” underlying these problems, then one
would expect the models to learn all problems with more-orless equal ease. However, if the CNNs only memorize the
distinguishing features of the two image classes, then learning should be affected by the variability of the example images in each category. For example, when image size and
items size are large, there are simply more possible samples,
which might put a strain on the representational capacity of a
CNN trying to learn by rote memorization.

layers were three fully connected layers with 256 hidden units
each, followed by a 2-dimensional classification layer. We
initialized all parameters with the Xavier method, optimized
the network with Adam with base rate η = 10−4 and ran all
experiments in Tensorflow.
To understand the effect of network size on learnability,
we also used two control networks in this experiment: (1) a
“wide” control that had the same depth as the baseline but
twice as many filters in the convolutional layers and four
times as many hidden units in the fully connected layers and
(2) and a “deep” control which had twice as many convolutional layers as the baseline, by adding a convolutional layer
of filter size 2×2 after each existing convolutional layer. Each
extra convolutional layer had the same number of filters as the
immediately preceding convolutional layer.
We separately varied the three image parameters to examine their effects on learnability. This resulted in three subexperiments (n was varied between 30 and 180 while m and
k were fixed at 4 and 2, respectively; m was varied between
3 and 7, while n and k were fixed at 60 and 2, respectively;
k was varied between 2 and 6 while n and m were fixed at
60 and 4, respectively). The baseline CNN was trained from
scratch in each condition with 20 million training images and
a batch size of 50.

Methods. Our image generator uses three parameters to control image variability: the size (m) of each bit pattern or item,
the size (n) of the input image and the number (k) of items in
an image. Our parametric construction allows a dissociation
between two possible factors that may affect problem difficulty: classification rules vs. image variability. To highlight
the parametric nature of the images, we call this new challenge the parametric SVRT or PSVRT.
The image generator is designed such that each image can
be used to pose both problems by simply labeling it according to different rules (Fig. 3). In SR, an image is classified
according to whether scene items are arranged horizontally
or vertically as measured by the orientation of the line joining their centers (with a 45◦ threshold). In SD, an image is
classified according to whether or not it contains at least two
identical items. When k ≥ 3, the SR category label is determined according to whether the average orientation of the
displacements between all pairs of items is greater than or
equal to 45◦ . Each image can be labeled according to either
the SR or SD rules, so we can ensure the image distribution
is identical between the two problem types.
We trained the same CNN repeatedly from scratch over
multiple subsets of the data in order to see if learnability depends on the dataset’s image parameters. Training accuracy
was sampled at regular intervals and samples were averaged
across the length of a training run as well as over multiple
trials for each condition, yielding a scalar measure of learnability called “mean area under the learning curve” (mean
ALC). ALC is high when accuracy increases earlier and more
rapidly throughout the course of training and/or when it converges to a higher final accuracy by the end of training.
First, we found a baseline architecture which could easily
learn both same-different and spatial-relation PSVRT problems for one parameter configuration (item size m = 4, image
size n = 60 and item number k = 2). Then, for a range of
combinations of item size, image size and number of items,
we trained an instance of this architecture from scratch.
The baseline CNN we used in this experiment had four
convolutional layers. The first layer had 8 filters with a 4×4
receptive field size. In the rest of convolutional layers, filter
size was fixed at 2×2 with the number of filters in each layer
doubling from the immediately preceding layer. All convolutional layers had ReLU activations with strides of 1. Pooling
layers were placed after every convolutional layer, with pooling kernels of size 3×3 and strides of 2. On top of retinotopic

Results. In all cases where learning occurred, training accuracy eventually jumped from chance-level and gradually
plateaued. In other cases, accuracy remained at chance
throughout a training session and the ALC was 0.5. Within
a single condition, the CNN often only learned for a fraction
of 10 randomly initialized trials. This led us to use two different quantities for describing a model’s performance: (1)
mean ALC obtained from learned trials (in which accuracy
crossed 55%) and (2) the number of trials in which the learning event never took place (non-learned). Note that these two
quantities are independent, computed from two complementary subsets of 10 trials.
In all conditions, we found a strong dichotomy between
SD and SR conditions. In SR, across all image parameters
and in all trials, the model immediately learned at the start of
training and quickly approached 100% accuracy, producing
consistently high and flat mean ALC curves (Fig. 4, blue dotted lines). In SD, however, we found that the overall ALC was
significantly lower than SR (Fig. 4, red dotted lines). We also
identified two ways in which image variability affects learnability. First, among the trials in which learning occurred, the
final accuracy achieved by the CNN decreased as image size
(n) and number of items (k) increased. This caused ALC to
decrease from around 0.95 to 0.8. Second, increasing n also
decreased the chance of learning altogether, with more than
half of the trials failing to escape chance level when image
size was greater than 60 (Fig. 4, gray bars). In contrast, increasing item size never strained CNN performance. Similar
to SR, learnability, both in terms of the proportion of successful trials as well as final accuracy, did not change significantly
over the range of item sizes.
The fact that straining is only observed in SD, and not in
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CNN on SR
CNN on SD
CNN (Wide) on SD
CNN (Deep) on SD

Mean ALC of learned trials

Number of non-learned trials

Item Size

Image Size

Number of Items

Image parameters
Figure 4: Mean area under the learning curve (ALC) over PSVRT image parameters. ALC is the normalized area under
a training accuracy curve over 20 million images. Colored dots are the mean ALCs for learned trials (in which validation
accuracy exceeded 55%) out of 10 randomly initialized trials. Shaded regions around the colored dots indicate the intervals
between the maximum and the minimum ALC among learned trials. Gray bars denote the number of non-learned trials, out of
10 trials. Three model-task combinations (CNN on SR (blue), CNN on SD (red), wide CNN control on SD (violet) and deep
CNN control on SD (brown)) are plotted, and each combination is shown for three image parameters: item size, image size and
number of items.
SR and that it is only observed along some of the image parameters, n and k, suggests that straining is not simply a direct outcome of an increase in image variability. Using a
CNN with more than twice the number of kernels (Fig. 4,
purple dotted lines) or with twice as many convolutional layers (Fig. 4, brown dotted lines) as the control did not qualita-

tively change the trend observed in the baseline model. Although increasing network size did result in improved learned
accuracy in general, it also made learning less likely, yielding
more non-learned trials than the baseline CNN.
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We also rule out the possibility of the loss of spatial acuity
from pooling or subsampling operations as a possible cause
of straining. Our CNNs achieved the best overall accuracy
when image size was smallest. If the loss of spatial acuity was the source of straining, increasing image size should
have improved the network’s performance instead of hurting
it because items would have tended to be placed farther apart
from each other. Moreover, in other experiments (Kim et al.,
in press), we found that networks with identical spatial acuity
exhibited no straining as long as items were segregated into
different channels.
The weak effects of item size and item number shed light
on the computational strategy used by CNNs to solve SD. We
hypothesize that CNNs learn “subtraction templates”, filters
with one positive region and one negative region (like a Haar
or Gabor wavelet), in order to detect the similarity between
two image regions. A different subtraction template is required for each relative arrangement of items, since each item
must lie in one of the template’s two regions. When identical
items lie in these opposing regions, they are subtracted by the
synaptic weights. This difference is then used to choose the
appropriate same/different label. This strategy does not require memorizing specific items, so increasing item size (and
therefore total number of possible items) should not make the
task appreciably harder. Further, a single subtraction template
can be used even in scenes with more than two items, since
images are classified as “same” when they have at least two
identical items. So, any straining effect from item number
should be negligible as well. Instead, the principal straining
effect with this strategy should arise from image size, which
exponentially increases the possible number arrangements of
items.
Taken together, these results suggest that, when CNNs
learn a PSVRT problem, they are simply building a feature
set tailored to the relative positional arrangements of items in
a particular data set, instead of learning the abstract “rule” per
se.

shapes such that “one shape can be obtained from the other by
reflection around the perpendicular bisector of the line joining their centers.” In contrast, the best performing network
for this problem could not get significantly above chance after one million training examples.
Visual reasoning ability is not just found in humans.
Birds and primates can be trained to recognize same-different
relations and then transfer this knowledge to novel objects
(Wright & Katz, 2006). A striking example of same-different
learning in animals comes from Martinho III & Kacelnik
(2016) who showed that newborn ducklings can learn the abstract concept of sameness from a single example. In contrast,
we have found in follow-up work that state-of-the-art neural
networks demonstrated no ability to transfer the concept of
same-different to novel objects even after hundreds of thousands of training examples (Kim et al., in press).
It is relatively well accepted that, despite the widespread
presence of feedback connections in our visual cortex, certain
visual recognition tasks, including the detection of natural object categories, are possible in the near absence of cortical
feedback – based primarily on a single feedforward sweep
of activity through our visual cortex (Serre, 2016). However, psychophysical evidence suggests that this feedforward
sweep is too spatially coarse to localize objects even when
they can be recognized (Evans & Treisman, 2005). The implication is that object localization in clutter requires attention (Zhang et al., 2011). It is difficult to imagine how one
could recognize a relation between two objects without spatial information. Indeed, converging evidence (Logan, 1994;
Moore et al., 1994; Rosielle et al., 2002; Holcombe et al.,
2011; Franconeri et al., 2012; van der Ham et al., 2012) suggests that the processing of spatial relations between pairs of
objects in a cluttered scene requires attention, even when individual items can be detected pre-attentively.
In follow-up work (Kim et al., in press), we argued that
perceptual grouping, a mechanism for binding features into
discrete objects (Roelfsema, 2006), is another key nonfeedforward process supporting visual relation detection. We
found that relational networks (Santoro et al., 2017), CNN
extensions that exhaustively attend to all unbound features in
a deep layer, are strained just like CNNs and tend to easily
overfit. In contrast, we showed that a network which simulates the effects of perceptual grouping by forcing scene items
into separate channels can easily learn our PSVRT tasks without straining. This toy network simulates in a feedforward
manner the dynamic sequence of attention shifts between perceptually grouped features believed to underlie visual relation
detection (Franconeri et al., 2012). These dynamic representations built “on-the-fly” circumvent the combinatorial explosion associated with the storage of synaptic templates for all
possible relations, helping to prevent the capacity overload
associated with feedforward neural networks.
Humans can easily detect when two objects are the same up
to some transformation (Shepard & Metzler, 1971) or when
objects exist in a given spatial relation (Fleuret et al., 2011;
Franconeri et al., 2012). More generally, humans can effort-

Discussion
Our results indicate that visual-relation problems can quickly
exceed the representational capacity of feedforward networks. While learning templates for individual objects appears to be tractable for today’s deep networks, learning
templates for arrangements of objects becomes rapidly intractable because of the combinatorial explosion in the requisite number of features to be stored. That stimuli with a combinatorial structure are difficult to represent with feedforward
networks has been long acknowledged by cognitive scientists
(Fodor & Pylyshyn, 1988).
Compared to the feedforward networks in this study, biological visual systems excel at detecting relations. Fleuret et
al. (2011) found that humans can learn rather complicated visual rules and generalize them to new instances from just a
few SVRT training examples. Their participants could learn
the rule underlying the hardest SVRT problem for CNNs in
our Experiment 1, problem 20, from an average of about 6
examples. Problem 20 is rather complicated, involving two
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lessly construct an unbounded set of structured descriptions
about their visual world (Geman et al., 2015). Given the vast
superiority of humans over modern computers in their ability
to detect visual relations, we see the exploration of attentional
and grouping mechanisms as an important next step in our
computational understanding of visual reasoning.

2015 IEEE International Conference on Computer Vision
(ICCV), 1026-1034.
Holcombe, A. O., Linares, D., & Vaziri-Pashkam, M. (2011).
Perceiving spatial relations via attentional tracking and
shifting. Curr. Biol., 21(13), 1135–1139.
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Abstract

Henson, Friston, & Dolan, 2001; Stocco, Lebiere, O’Reilly,
& Anderson, 2012).

Behavior that is contingent on conditional rules necessitates
an abstraction away from concrete stimulus-response identities in order to form a rule template, but also a subsequent
transformation of representation back into sensorimotor format in order to produce concrete behavior. Evidence suggests
that dorsal premotor cortex (PMd) is well-positioned to mediate such an operation. We utilized repetitive transcranial
magnetic stimulation, a non-invasive manner of perturbing the
functioning of targeted cortical regions, to investigate the role
of dorsal premotor cortex during performance of a Rapid Instructed Task Learning paradigm. The task required participants to form conditional associations between stimuli and responses carrying varying levels of abstraction. Selective interference of response times to stimuli presentation was observed
only when the task necessitated the participants to resolve a
conditional response referring to an internally-produced representation of a rule element with relatively abstracted quality.
We conclude that PMd specifically supports conditional rule
behavior through transformation of abstract representations to
concrete response, when the conditional rule necessary to resolve includes abstract, internally-produced identities.
Keywords: Prefrontal Cortex; Premotor Cortex; Transcranial
Magnetic Stimulation; Stimulus-Response associations; Abstract Rule Representation

Although rule representation has been a major focus of
studies of PFC functioning, relatively little is known regarding how abstract rule representations are converted into specific motor plans. Anatomically, the dorsal premotor cortex
(PMd) is well-situated for carrying out such a transformation (Hanakawa, 2011). This structure receives input from
frontal and sensory regions and outputs predominantly to regions within primary motor cortex (M1) that represent primary effectors (Tomassini et al., 2007; Guye et al., 2003).
In particular, PMd receives input from both the dorsolateral
PFC, which has been shown to encode both abstract rules and
categories (Wallis, Anderson, & Miller, 2001; Wutz, Loonis,
Roy, Donoghue, & Miller, 2018), and the posterior parietal
cortex, a site of multisensory integration (Xing & Andersen,
2000). Accordingly, PMd has been proposed to play a role
in the transformation of simple contextual cues into motor responses on the basis of present sensory information (Wise,
Boussaoud, Johnson, & Caminiti, 1997). Preferential activation of PMd for conditional motor tasks in humans has
been demonstrated in both PET and fMRI studies (Grafton,
Fagg, & Arbib, 1998; Kurata, Tsuji, Naraki, Seino, & Abe,
2000), while humans with PMd lesions are specifically impaired in learning conditional associations between visual,
tactile, or auditory cues and motor responses (Halsband &
Freund, 1990). There is also evidence that PMd is involved in
the processing of internal representations. For instance, transcranial magnetic stimulation (TMS) over PMd disrupts both
manipulation of visuospatial information (Oshio et al., 2010)
and prediction of occluded action (Stadler et al., 2012). In
monkeys, inactivation of PMd degrades performance of internally generated movements, but not spatially guided ones
(Ohbayashi, Picard, & Strick, 2016).

Introduction
Behavior is often conditional; for instance, a dog may not be
as excited to go for a walk when it is raining, and a human
may take care to grab an umbrella before going on the walk.
Accounting for these contingencies requires a generalization
away from concrete (i.e. specific) stimulus/response (S/R)
identities to a representation that considers categories of potential stimuli and responses. Categories are linked in a series
of relationships, where knowledge of a specific identity in
one category allows resolution of specific identity in another.
To successfully guide goal-directed behaviors, effective utilization of general task rules requires a linkage between an
abstract, generalizable format that allows for abstracted conditional relationships, and a concrete, direct S/R format compatible with sensorimotor systems.
Individuals are informed of many conditional relationships
through instructed rules, which clarify how categories of
stimuli and response are linked together. Converging lines of
evidence suggest that the frontal cortex is responsible for the
representation of these rules. In humans, neuroimaging studies have demonstrated that regions of prefrontal cortex (PFC)
are activated while humans are learning new task rules or executing behavior in accordance with learned rules (Strange,

PMd may integrate abstract rule representations and current sensory information to resolve general associations into
specific motor actions. However, the degree to which PMd
supports conditional motor behavior remains unclear. We
sought to further delineate PMd’s role in translating abstract
rule representation into concrete behavior by employing a
Rapid Instructed Task Learning (RITL) paradigm (Cole, Laurent, & Stocco, 2013). Participants were instructed of conditional rules that allowed the resolution of a response during
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stimulus presentation; however, the stimuli of a subset of trials violated the instructed contingency, requiring the participant to infer an appropriate response. During performance of
this task, repetitive TMS (rTMS) was selectively applied over
PMd during one of two time points during a given trial: either “early”, as the participant was encoding the trial–specific
rule (the “encoding phase”), or “late”, while the participant
was preparing a response according to the instructed or inferred contingency (the “execution phase”). In this application, rTMS induces an “informational lesion”, disrupting the
usual neurodynamics of the targeted cortical region throughout the stimulation periods. This disruption could either (1)
prevent processing, in which case the targeted cortical region
is unable to perform its normal function during stimulation,
but resumes normal processing afterwards; or (2) degrade
processing, in which the fidelity or quality of processing occurring during the time-course of stimulation is reduced. The
first case would likely increase response times, indicating that
the speed of processing has been affected, while the second
case would likely reduce accuracy rates, indicated that the
quality of processing has been affected.
We hypothesized that, as rules in our paradigm are explicitly instructed during the encoding phase, early rTMS should
have no effect on either response times or accuracy rates during either the encoding or execution phases. Instead, late
rTMS should temporarily prevent the resolution of a motor
response, leading to increased response times in the execution
phase. Furthermore, if PMd handles the resolution of conditional rules that refer to internal representations of stimulus
identity, increased execution response times should be specific to conditions in which participants had to actively infer
a valid rule.

domly chosen on a trial-by-trial basis) and to respond on the
basis of a trial-specific rule. Responses occurred by pressing the “left” or “right” arrow keys on a standard QWERTY
keyboard with the participant’s right-hand index and middle
fingers, respectively.
Participants were presented with two types of rules: “concrete” rules, which indicated the association of a specific effector (either index or middle fingers of the right hand) to a
specific parity; and “symbolic” rules, which indicated the association of a specific letter on the screen (“A” or “B”) to
a specific parity. Specific effectors in the “concrete” condition were indicated during rule presentation by a stylized
hand (black on white background), with the rule-specific effector denoted by a red circle around the tip of the finger.
Specific effectors in the “symbolic” condition were indicated
during stimulus presentation by the placement of the letters
“A” and “B”, which were randomly assigned to the bottom
left and right corners of the screen on a trial-by-trial basis.
To make the two conditions visually comparable, these letters appeared during the stimulus presentation phase of both
“concrete” and “symbolic” trials, although they only carried
meaning in the “symbolic” condition. Participants were informed that the bottom left corner corresponded to the “left”
arrow key, while the bottom right corner corresponded to the
“right” arrow key. Due to this manipulation, participants performing during a “symbolic” rule trial could not plan a specific motor response until stimulus presentation.

Methods
Participants
Twelve right-handed volunteers (8 females, mean age = 24.7
± 3.3) with no history of neurological disorder, head injury,
or any other contraindications to rTMS participated in the
study. Recruitment was restricted to individuals who had
previously participated in neuroimaging experiments at the
University of Washington, and for whom structural and functional imaging data was available. Only eight participants
completed the study, as the appropriate resting motor thresholds for rTMS stimulation were unable to be determined for
the remaining four. All participants received monetary compensation proportional to the total amount of time devoted to
the study. The experimental protocol was approved by the
University of Washington’s Institutional Review Board.

Figure 1: The task paradigm. Participants completed randomly interleaved “concrete” (left) and “symbolic” rule
(right) trials. rTMS stimulation was delivered either upon
presentation of the rule (“early”) or upon presentation of the
stimulus (“late”).

Experimental Task

So, a “concrete” rule such as “Even:Index” indicates that,
if the to-be-presented digit stimulus is even, the participant
should use their index finger to respond, while a “symbolic”
rule such as “Odd:B” indicates that, if the to-be-presented
digit stimulus is odd, the participant should respond with the
key that is assigned to the position that B appears in during

We constructed a RITL-based task paradigm focused on conditional motor behaviors. The progression of the task is depicted in Figure 1. Participants were instructed to determine
the parity of a numeric stimulus presented on the center of
the screen (restricted to the digits two through nine and ran-
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stimulus presentation (i.e., if the digit stimulus is 7, and B is
in the lower left corner, the index finger should be used to
press the left arrow key).

stimulation, and one instance of no stimulation in randomized order. Due to the possibility of rTMS delivery either inducing an unwanted motor response or suppressing a genuine
response, participants were locked out of responding to either screen for the first 0.5s of presentation, and made aware
of this fact. In agreement with rTMS safety guidelines, instances of stimulation did not occur more than once every 8s.

Crucially, only half of a trial’s rule is displayed. That is,
a participant may be given the task rule “Even:Index”, then
asked to respond to a stimulus (e.g., “7”) that is odd. Under
these circumstances, participants have to re-process the rule
and mentally generate a new version that deals with the new
stimulus-response configuration. This conferred to the task
another level of complexity in which the operative half of the
trials rule is either instructed (i.e., the rule instructed what to
do for an even digit, and the stimulus was an even digit) or
inferred (i.e., the rule instructed what to do for an even digit,
but the stimulus was an odd digit, and the other half of the
rule had to be inferred by the participant).

Transcranial Magnetic Stimulation
Parameters High-frequency repetitive TMS (rTMS) was
performed with a 70mm figure-of-eight coil (Double Alpha
coil, Magstim, UK) connected to a biphasic magnetic stimulator (Super Rapid2 , Magstim, UK). Online rTMS consisted
of a five-pulse train delivered at 10 Hz. The coil was placed
over the stimulation sites tangential to the skull, with the handle pointed at 45◦ to the sagittal plane (in the case of left
PMd stimulation) or backwards, parallel to the midline (in
the case of vertex stimulation). The intensity of stimulation
across both stimulation sites was set to 110% of the individual’s resting motor threshold.

The task consisted of 4×60 trials, with a 5-minute break
enforced between each block. Completion of the experiment,
including the individualized setup for TMS and neuronavigation, took approximately three hours. Each trial began with a
central fixation cross displayed for 1s. Immediately after, the
rule informing the participant of the individual trial’s valid associations was displayed for a maximum of 5s. Presentation
of rule condition was randomized and balanced across trials
within a block, while whether a trial was instructed/inferred
was randomly determined on a trial-by-trial basis. Participants acknowledged understanding of the presented rule by
pressing the spacebar with their left hand, so as to not to interfere with the activity of the right hand used for the response
mappings. If no response occurred within 5s of rule presentation, the trial was terminated. After participants acknowledged the rule, a variable (0.25–2s) delay occurred while a
fixation “asterisk” was displayed. The delay was variable in
order to ensure that the participant had encoded the rule during rule presentation, rather than rely on the delay to “figure
it out” while waiting for the stimulus. The fixation “asterisk”
was different from the initial fixation cross so that it would assist participants in tracking the progression of the trial. Once
this delay had passed, the stimulus was displayed and participants were given a 5s window to respond by pressing the
left or right arrow key with the index or middle finger of their
right hand. Upon response (or after 5s had passed), a variable
inter-trial interval (5–9s) was enforced while a blank screen
was displayed.

Figure 2: Screenshot of a portion of the Brainsight software
display. Left: A 3D structural MRI with functional imaging
data overlaid; the PMd target is indicated by the orange arrow
in a red box. Right: Time course of an MEP response elicited
by single pulse stimulation of M1.
Target Localization for TMS As the participants had existing structural and functional MRI data, neuronavigation
was utilized in order to achieve sub-millimeter precision in
the targeting of stimulation sites. The targeting of the rTMS
coil was achieved through the use of a frameless stereotactic system, which tracked the location of the participant’s
heads relative to the coil with an IR tracker camera and coregistered these locations with the individual participant’s
structural and functional images using Brainsight software
(Rogue Research, Montreal, QC, Canada). The location of
PMd stimulation was determined by targeting the most significant voxel in a a cluster identified while the participant was
making a finger response, ensuring that the location was in
good agreement with published anatomical landmarks (Fig.
2, left). The location of Vertex stimulation was defined by
position the rTMS coil over the sagittal midline, at the level
of the postcentral gyri (location Cz in the 10-20 system). Trials in which the stimulated area was more than 3.0mm away
from the designated target were excluded from all analyses.

Event-related rTMS was delivered across two sites (left
PMd, experimental; Vertex, control) in alternating blocks,
the order of which was balanced across participants. There
were two possible time points of stimulation during a trial, either upon presentation of the rule instruction screen (referred
to as “early” stimulation), or upon presentation of the stimulus screen (referred to as “late” stimulation); however, in
one third of trials in a given block, no stimulation was delivered, and in all other trials, only one instance of stimulation occurred per trial. Instances of stimulation were pseudorandomized so that consecutive segments of three trials contained one instance of early stimulation, one instance of late

944

Assessment of Resting Motor Threshold In order to determine each participant’s resting motor threshold (RMT),
electromyography surface electrodes were placed over the
muscle belly and corresponding tendon of the right first and
third dorsal interosseous (FDI) muscles in a belly-tendon
montage. The software utilized for neuronavigation included
an EMG interface that allowed imaging of muscle activity
time-locked to a single pulse (Fig. 2, right) delivered over the
left primary motor cortex (M1). Occurrences of motor evoked
potentials in response to stimulation were recorded and entered into a parameter estimation algorithm (PEST: Taylor
and Creelman, 1967) in order to derive the RMT. A valid
MEP was defined as a muscular response to M1 stimulation
of at least 50 mV peak-to-peak amplitude.

Results

Figure 3: Top: Response times during the encoding phase,
across control conditions. Bottom: Response times during the
execution phase, across control conditions. Error bars represent standard errors, numbers are mean values.

All analyses and plots were generated with the R software (R
Core Team, 2013) and the ggplot2 package (Wickham, 2009).
Neuronavigation-guided coil targeting indicated that, for one
block of one participant’s data, the coil position had drifted
more than 3.0mm away from the intended site of stimulation.
As such, trials from that block (60 total) were excluded from
analysis. On average, participants were very accurate across
conditions (M = 95%), and no significant differences in accuracy due to task condition or TMS application were observed.
Error trials (94 out of 1860 total) were excluded from all subsequent analyses.
In both the encoding phase and the execution phase, there
was no significant difference between the response times of
the control conditions of early Vertex stimulation, late Vertex
stimulation, and no stimulation, as revealed by two repeatedmeasures one-way ANOVAs (Encoding Phase: F(2,14) =
3.21, p > 0.07; Execution Phase: F(3,21) = 0.98, p > 0.42;
Fig. 3). Thus, trials without stimulation were excluded from
the rest of the analysis, so that more straightforward statistical comparisons between the experimental (PMd) and control
(Vertex) conditions could be carried out.
For the encoding phase of early and no stimulation trials,
a repeated-measures two-way ANOVA considering the effect
of site of stimulation and type of rule revealed no significant
main effects or interactions of these conditions on the encoding response time (Fig. 4).
A repeated-measures four-way ANOVA examining the effect of site of stimulation, timing of stimulation, type of rule,
and instruction/inference of rule on execution phase response
times revealed a main effect of rule (F(1,7) = 238.30, p <
0.0001) alongside a main effect of inference (F(1,7) = 31.44,
p < 0.001). Across participants, response times for “symbolic” trials were 217 ± 9ms (mean ± sem) longer than “concrete” trials, while response times for “inferred” trials were
149 ± 22ms longer than response times for “instructed” trials. Additionally, a significant two–way interaction between
site of stimulation and type of rule was observed (F(1,7)
= 16.70, p = 0.005), while a significant three–way interaction between site of stimulation, timing of stimulation, and

instruction/inference (F(1,7) = 13.30, p = 0.008) was also
present.
Due to the significant two- and three-way interactions, we separately investigated the four subconditions
(Inferred-Early stimulation; Inferred-Late; Instructed–Early,
Instructed–Late) within which the two-way interaction occurred. Repeated-measures two-way ANOVAs considering
the site of stimulation and type of rule again revealed a
main effect for rule in all four subconditions (F(1, 7) > 16.9,
p > 0.004). This main effect was driven by the rule type,
with symbolic rules (“Even:A”) taking predictably longer
than concrete rules (“Even:Index”) in all cases. The Inferred–
Late subcondition was the only subcondition to carry a significant interaction between site of stimulation and type of rule
(F(1,7) = 10.11, p = 0.015).
As the Inferred–Late subcondition seemed to be driving the
significant two-way interaction between site of stimulation
and type of rule within the four-way ANOVA, we examined
the differences in response times between PMd and Vertex
stimulation within the rule types (“symbolic” and “concrete”)
specifically for this subcondition. Paired t-tests revealed there
to be no difference in mean response times between PMd and
Vertex stimulation on “concrete” trials (paired t(7) = 0.12, p
> 0.90), but a significant difference in mean response times
between PMd and Vertex stimulation on “symbolic” trials
was observed (Paired t(7) = 3.21, p = 0.015) (Fig. 5B). Subsequent t-tests between PMd and Vertex stimulation within the
rule types of the other three subconditions revealed no significant differences in mean response times (Fig. 5A,C,D). This
pattern of results indicates that the significant interactions revealed by the above ANOVAs were driven by an effect within
the Symbolic-Inferred-Late sub-condition.
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One possible explanation for this finding is that PMd is
involved in the formation of abstract rule representations.
Dorsolateral PFC, a site of abstract rule representation, possesses bidirectional connectivity with PMd, while PMd itself
has been implicated in “binding” operations, which formation of conditional associations most likely necessitates (Lu,
Preston, & Strick, 1994; Hanakawa, 2011). If PMd served a
role in forming the rule representations required by our task,
it would be expected that early rTMS (i.e., during the encoding phase of the trial) would either disrupt the participant’s
ability to form the conditional association instructed by the
rule, thereby increasing encoding phase response times, or
degrade the fidelity with which that rule is represented, increasing execution phase response times and/or error rates.
As dlPFC appears to handle relatively “high–level” abstractions (Wutz et al., 2018), this effect could be specific to “symbolic” trials. Despite this, we observed there to be no effect of
“early” rTMS perturbation of PMd on either response times
during the “encoding phase” or the “execution phase”, for
both “concrete” and “symbolic” trials. However, this does not
necessarily rule out a role of PMd formation of abstract rule
representations. Note that as PMd is also implicated in operations involving internal representations (Oshio et al., 2010;
Stadler et al., 2012), it may preferentially bind stimulus and
response identities that have been produced by internal operations, rather than informed by extrinsic sources. Since the
rules in our task always explicitly instructed concrete identities, no inference was required during the encoding phase,
and all information that was available to be bound into a S/R
association was extrinsically informed.

Figure 4: Response times in the Encoding phase, across rule
type and stimulation site. Error bars represent standard errors,
numbers are mean values.

Alternatively, if PMd is involved in the execution of behavior in accordance with a previously-formed rule representation, late rTMS should have a specific effect on execution
phase response times, when present stimuli provide the necessary information to resolve a proper response. Again, this effect could be differential between “concrete” and “symbolic”
trials, if involvement of PMd is dictated by highly-abstracted
rule representations in dlPFC. We observed that rTMS had no
effect on “concrete” trials, regardless of whether the trial was
“instructed” or “inferred”. Late rTMS did have a specific effect for “symbolic” trials, but only when the parity instructed
by the trial’s rule was invalid. So, late rTMS did not have an
effect on execution response times across “instructed” trials,
indicating that it was not involved in the resolution of a response on the basis of formerly created rule representations
and present environmental stimuli. Instead, it did have an effect specifically within “inferred symbolic” trials.

Figure 5: Response times in the Execution phase, across rule
type in stimulation site. Error bars rule represent of standard
errors, numbers are mean values.

Discussion
A Rapid Instructed Task Learning paradigm was utilized in
conjunction with repetitive TMS in order to determine if dorsal premotor cortex mediates between abstract rule representation and concrete behavior. The paradigm required participants to quickly encode a rule indicating a stimulus–response
association between the parity of a digit stimulus and either
the index/middle finger of the right hand (“concrete”), or a
placeholder letter that would be later associated with a finger
(“symbolic”). Only one of the two possible parity judgments
was associated with a finger response or placeholder, requiring participants to infer the S/R association if the parity of
the presented digit did not match that which was instructed. It
was observed that 10–Hz rTMS over PMd increased response
times relative to controls only when the stimulation occurred
while participants were actively inferring a “symbolic” rule.

What does this very specific effect imply about PMd functioning? If rTMS interfered with judgment of the digit’s
parity, it would be expected that late rTMS would increase
response times in all execution phase response times, relative to controls. However, inferred “concrete” and instructed
“concrete” and “symbolic” trials remain unaffected. Likewise, late rTMS cannot be significantly affecting the visual
search for the “placeholder” on “symbolic” trials, otherwise
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instructed “symbolic” trials should be affected similarly to
inferred “symbolic” trials. The execution phase of “inferred
symbolic”, trials, however, is the only point within our task
paradigm that requires the resolution of a rule that refers
to an internally–produced representation of an abstracted response (i.e., the placeholder A or B). When the stimulus parity
does not match that instructed by the rule, across both “concrete” and “symbolic” conditions, the participant must calculate what to do in response to the evident parity. In “concrete”
trials, inference does occur, but the result of that inference
is a concrete motor effector, carrying little to no abstraction.
In “symbolic” trials, the result of inference is a secondary
abstraction (i.e., the placeholder letter) that, through lack
of alternatives, must be bound to the apparent parity. PMd
rTMS specifically increased response times while resolution
of conditional associations between abstract and internally–
produced representations was occurring, but not while similar resolution operations between relatively concrete or externally instructed stimuli were necessary.
In conclusion, noninvasive stimulation of the dorsal premotor cortex, a brain region implicated in conditional motor behavior, was found to selectively interfere with responses when
task conditions required a resolution of a conditional association referring to abstracted, internally-produced representations, but not when resolution between concrete or externallyinformed representations was necessary. This result suggests
that PMd does subserve conditional rule-based behavior, but
only when it is reliant on internally-produced representations
that are abstracted away from concrete motor effectors.

Lu, M., Preston, J. B., & Strick, P. L. (1994). Interconnections between the prefrontal cortex and the premotor areas
in the frontal lobe. Journal of Comparative Neurology, 341,
375–392.
Ohbayashi, M., Picard, N., & Strick, P. L. (2016). Inactivation of the dorsal premotor area disrupts internally generated, but not visually guided, sequential movements. Journal of Neuroscience, 36(6), 1971–1976.
Oshio, R., Tanaka, S., Sadato, N., Sokabe, M., Hanakawa, T.,
& Honda, M. (2010). Differential effect of double-pulse
TMS applied to dorsal premotor cortex and precuneus during internal operation of visuospatial information. NeuroImage, 49, 1108–1115.
R Core Team. (2013). R: A language and environment for
statistical computing [Computer software manual]. Vienna,
Austria. Retrieved from http://www.R-project.org/
Stadler, W., Ott, D. V. M., Springer, A., Schubotz, R., SchutzBosbach, S., & Prinz, W. (2012). Repetitive tms suggests a
role of the human dorsal premotor cortex in action prediction. Frontiers in Human Neuroscience, 6(20), 1–11.
Stocco, A., Lebiere, C., O’Reilly, R. C., & Anderson, J. R.
(2012). Distinct contributions of the caudate nucleus, rostral prefrontal cortex, and parietal cortex to the execution
of instructed tasks. Cognitive, Affective, and Behavioral
Neuroscience, 12(4), 611–628.
Strange, B. A., Henson, R. N. A., Friston, K. J., & Dolan, R. J.
(2001). Anterior prefrontal cortex mediates rule learning in
humans. Cerebral Cortex, 11(11), 1040–1046.
Taylor, M., & Creelman, C. D. (1967). Pest: Efficient estimates on probability functions. The Journal of the Acoustical Society of America, 41(4A), 782–787.
Tomassini, V., Jbabdi, S., Klein, J., Behrens, T., Pozzilli, C.,
Matthews, P., . . . Johansen-Berg, H. (2007). Diffusionweighted imaging tractography-based parcellation of the
human lateral premotor cortex identifies dorsal and ventral
subregions with anatomical and functional specializations.
Journal of Neuroscience, 27(38), 10259–10269.
Wallis, J. D., Anderson, K. C., & Miller, E. K. (2001). Single
neurons in prefrontal cortex encode abstract rules. Nature,
411(6840), 953–956.
Wickham, H. (2009). ggplot2: Elegant graphics for data analysis [Computer software manual]. Springer-Verlag New
York. Retrieved from http://ggplot2.org
Wise, S. P., Boussaoud, D., Johnson, P. B., & Caminiti, R.
(1997). Premotor and parietal cortex: corticocortical connectivity and combinatorial computations. Annual Review
of Neuroscience, 20, 25–42.
Wutz, A., Loonis, R., Roy, J. E., Donoghue, J. A., & Miller,
E. K. (2018). Different levels of category abstraction by
different dynamics in different prefrontal areas. Neuron,
97, 1–11.
Xing, J., & Andersen, R. A. (2000). Models of the posterior
parietal cortex which perform multimodal integration and
represent space in several coordinate frames. Journal of
Cognitive Neuroscience, 12(4), 601–614.

References
Cole, M. W., Laurent, P., & Stocco, A. (2013). Rapid
instructed task learning: A new window into the human
brains unique capacity for flexible cognitive control. Cognitive, Affective, & Behavioral Neuroscience, 13(1), 1–22.
Grafton, S. T., Fagg, A. H., & Arbib, M. A. (1998). Dorsal premotor cortex and conditional movement selection: a
PET functional mapping study. Journal of Neurophysiology, 79(2), 1092–1097.
Guye, M., Parker, G., Symms, M., Boulby, P., WheelerKingshott, C., Salek-Haddadi, A., . . . Duncan, J. (2003).
Combined functional MRI and tractography to demonstrate
the connectivity of the human primary motor cortex in vivo.
NeuroImage, 19, 1349–1360.
Halsband, U., & Freund, H. J. (1990). Premotor cortex and
conditional motor learning in man. Brain, 113(1), 207–
222.
Hanakawa, T. (2011). Rostral premotor cortex as a gateway
between motor and cognitive networks. Neuroscience Research, 70, 144–154.
Kurata, K., Tsuji, T., Naraki, S., Seino, M., & Abe, Y.
(2000). Activation of the dorsal premotor cortex and presupplementary motor area of humans during an auditory
conditional motor task. Journal of Neurophysiology, 84(3),
1667–1672.

947

Episodic Control as Meta-Reinforcement Learning
S Ritter1,2∗ , JX Wang1∗ ,
Z Kurth-Nelson1,3 , M Botvinick1,4
1 DeepMind,

London, UK
Neuroscience Institute, Princeton, NJ
3 MPS-UCL Centre for Computational Psychiatry, London, UK
4 Gatsby Computational Neuroscience Unit, UCL, London, UK
2 Princeton

{ritters, wangjane, zebk, botvinick} @google.com

Abstract
Recent research has placed episodic reinforcement learning
(RL) alongside model-free and model-based RL on the list of
processes centrally involved in human reward-based learning.
In the present work, we extend the unified account of modelfree and model-based RL developed by Wang et al. (2017) to
further integrate episodic learning. In this account, a generic
model-free "meta-learner" learns to deploy and coordinate all
of these RL algorithms. The meta-learner is trained on a broad
set of novel tasks with limited exposure to each task, such
that it learns to learn about new tasks. We show that when
equipped with an episodic memory system inspired by theories
of reinstatement and gating, the meta-learner learns to use the
same pattern of episodic, model-free, and model-based RL
observed in humans in a task designed to dissociate among the
influences of these learning algorithms. We discuss implications
and predictions of the model.
Keywords: Reinforcement learning; model-based; deep learning; meta-learning; episodic memory

Introduction
Nearly every decision an intelligent organism makes is informed by its memory of the results of its past decisions. To
be successful, agents must distill the results of past decisions
into memories, then make use of those memories to make
better decisions in the future. Accordingly, much effort has
been directed toward understanding 1) what humans and animals store after a sequence of actions and rewards, and 2) how
they use that stored information to appraise the value of future
actions.
Model-free and model-based reinforcement learning (RL;
Daw, Gershman, Seymour, Dayan, & Dolan, 2011; Sutton
& Barto, 1998) offer distinct solutions to these two problems. Model-free RL stores statistics about the relationship
between states, actions and rewards, and appraises actions by
calculating how frequently they led to reward. Meanwhile,
model-based RL stores estimated state-state transition probabilities, and appraises actions by using this model to simulate
sequences of states to predict future reward. Signatures of both
model-free and model-based learning appear in behavior and
in the brain (e.g. Daw et al., 2011), and a venerable tradition
holds that they are implemented by dissociable neural systems
(for review see Dolan & Dayan, 2013).
However, the recent theory of meta-reinforcement learning
(meta-RL) proposed that model-free learning, model-based
* These authors contributed equally to this work.

learning, and their sometimes complex interaction could all
be explained by a simple unified mechanism (Wang, KurthNelson, Tirumala, Soyer, et al., 2017; Wang, Kurth-Nelson,
Tirumala, Leibo, et al., 2017). In meta-RL, the weights of
a recurrent neural network (RNN) are trained by model-free
learning on a series of interrelated tasks, and given the reward
signal as part of its input. Remarkably, this leads to the emergence of an independent RL algorithm implemented in the
activation dynamics. Through its recurrence, the network has
access to the history of observations, actions, and rewards.
It learns to distill this history into its activation dynamics (a
form of working memory) and use this to select rewarding
actions. The end result is a learned reinforcement learning algorithm that operates even with the weights of the RNN frozen.
This meta-learned algorithm can itself be model-based even
though it was acquired through model-free learning (Wang,
Kurth-Nelson, Tirumala, Soyer, et al., 2017).
While meta-RL provides a full account of incremental learning as it is carried out in working memory, it does not account
for the episodic learning processes to which attention has recently been called (Gershman & Daw, 2017). In addition to
learning by incrementally storing recent sequences of behavior
in working memory, humans appear to learn by storing summaries of individual episodes for long periods of time, then
retrieving them when similar contexts are encountered. For
example, cues triggering episodic memory retrieval impact
reward-based learning, both for good and for ill (Bornstein,
Khaw, Shohamy, & Daw, 2017; Wimmer, Braun, Daw, &
Shohamy, 2014), and distinctive aspects of episodic memory
function contribute to decision-making behavior (Vikbladh,
Shohamy, & Daw, 2017; Bornstein & Norman, 2017). Such
observations, along with some fundamental computational
insights, have recently landed episodic learning a spot beside incremental model-free and model-based reinforcement
learning on the list of processes centrally involved in decision
making (RL; Gershman & Daw, 2017).
In the present work, we develop a natural extension to metaRL that enables it to integrate episodic learning. The resulting
theory explains how incremental and episodic learning, as well
as the coordination between them can be meta-learned through
purely model-free RL. The episodic meta-RL theory proposes
the following:
1. Meta-RL’s working memory is supplemented by a non-
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parametric long-term memory which itself stores working
memory states.
2. Each state is paired with a perceptual context embedding
that is later used to retrieve the working memory state when
similar perceptual contexts are encountered.
3. The retrieved states are then gated into the working memory using a parameterized function, whose parameters are
optimized toward the same model-free objective that trains
working memory.
This proposal is inspired in part by evidence that episodic
memory retrieval in humans operates through reinstatement,
triggering patterns of neural activity related to those that were
induced by the original encoding of the relevant episode (see,
e.g., Xiao et al., 2017), and evidence that reinstatement occurs not only in perceptual systems, but also recreates patterns of activity in neural circuits supporting working memory
(see Hoskin, Bornstein, Norman, & Cohen, 2017; Cohen &
O’Reilly, 1996). Our implementation of this proposal draws
additional inspiration from recent work on differentiable memory systems (e.g., Graves et al., 2016), especially that of Pritzel
et al. (2017), which makes use of context-based retrieval for
RL.
To empirically test this model, in this work we compare
its behavior to that of humans observed by Vikbladh et al.
(2017) in a task designed to dissociate the effects of multiple types of incremental and episodic learning. Vikbladh and
colleagues found evidence of the use of a model-based form
of episodic memory, whereby traces of specific episodes are
retrieved from long-term memory based on visual similarity,
then used along with knowledge of the transition structure of
the environment to select actions. This episodic model-based
learning was present in conjunction with incremental modelfree and incremental model-based learning. In the following
sections, we describe the task in detail and demonstrate that
meta-RL with episodic memory replicates the qualitative pattern of human behavioral results observed by Vikbladh et al.
To conclude, we consider directions for future work, including
testable predictions of the theory.

Task
The task we study is a version of the two-step task (Daw et al.,
2011) augmented with episodic cues to previous trials. The
task structure, which was inspired by Vikbladh et al. (2017),
is diagrammed in Figure 1. Each trial consisted of two stages.
On the first stage, state S0 , the agent was either presented
with the "no-cue" stimulus (a vector of all -1’s) if this was
an uncued trial, or with a binary vector associated with a
previously seen second-stage context if this was a cued trial
(see Figure 1). In response, the agent chose either a1 or a2 and
transitioned into one of two second-stage states S1 or S2 with
probabilities P(S1 |a1 ) = P(S2 |a2 ) = 0.9 (common transition)
and P(S1 |a2 ) = P(S2 |a1 ) = 0.1 (uncommon transition). On
the second stage, the agent was presented with a stimulus
representing the context of that second-stage state, followed
by a final step in which it was shown the reward outcome. The
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Figure 1: Contextual two-step task modeled after Daw et al. (2011)
and Vikbladh et al. (2017). (top) Two trial types are shown: uncued
and cued. All trials start in state S0 at the first stage, at which point
agents are presented with either a "no-cue" stimulus or are cued with
a second-stage stimulus seen on a previous trial. Transition probabilities after taking actions a1 or a2 are depicted in the graph. On
uncued trials, S1 and S2 result in Bernoulli rewards with probabilities
ra and rb . On cued trials, transitioning into the same state as the
trial being cued results in the exact sampled reward as before, ra∗ .
(bottom) Trials within an episode are split into 4 blocks, with block 3
consisting of cued trials which are cued with stimuli from block 1,
and block 4 cued from block 2.

context thus represented the conjunction of having transitioned
into that particular state and obtaining that particular reward.
The transition probabilities P were fixed across episodes.
On uncued trials, the states S1 and S2 yielded Bernoulli probabilistic rewards of 0 or 1 according to [ra , rb ] = [0.9, 0.1] or
[0.1, 0.9], with the specific reward contingencies having a 10%
chance of randomly switching at the beginning of each trial.
On cued trials, if the agent transitioned into the same state
as on the trial being cued (i.e. the context is the same), the
agent was given the exact same reward as before. If the agent
transitioned into the other state, the reward was determined as
on uncued trials.
The first half of every episode (50 trials) consisted of all
uncued trials, and the second half consisted of only cued
trials, with trials 51-75 being cued with stimuli from trials
1-25 and trials 76-100 cued with stimuli from trials 26-50,
randomly sampled without replacement. This was done to
reduce autocorrelation in the reward probabilities by enforcing
a minimum of 25 trials between seeing the stimulus on the
second stage and being cued with it on the first stage.
The agent was trained for 10,000 episodes of 100 trials each,
and evaluated with weights fixed on 500 further episodes.

Learning Algorithms
The two-step task with episodic cueing is designed to dissociate among the influences of four different learning strategies
on choice. First, the incremental model-free strategy prescribes taking the same action that was taken on the last trial
if it was rewarded, and taking the opposite action if it was not

Figure 2: (Left) A high-level schematic of the recurrent network (LSTM) that comprises the episodic meta-RL (EMRL) agent’s working
memory. On each time step the LSTM receives an environment state, the action taken on the previous trial, and the reward received on the
previous trial. The LSTM encodes this information incrementally into its cell state c, and then outputs a policy and value estimate (not shown).
(Middle) The storage operation to long-term memory at a single LSTM time step. Storage is triggered when reward is received at the end
of each two-step trial, at which point the agent appends the contextual cue along with its cell state to a non-parametric store of such items.
(Right) The long-term memory retrieval operation which occurs on every time step. A search is carried out over the cues stored in long-term
memory for the closest match to the current contextual cue. The working memory activations associated with the closest match are retrieved
and reinstated to the working memory state.

rewarded, regardless of whether the transition on the previous
trial was common or uncommon. In contrast, the incremental
model-based strategy prescribes staying only if the previous
trial was rewarded and the the previous transition was common. If the previous transition was uncommon and the trial
was rewarded, the agent will take the opposite action. Episodic
model-free and model-based strategies operate like their incremental counterparts, but with respect to the trial associated
with the cue rather than the immediately previous trial.

Model
In the episodic meta-RL model, vectors represent working
memory states, and the function that updates these states and
selects actions based on them takes the form of a recurrent neural network, specifically a long short-term memory network
(LSTM; Hochreiter & Schmidhuber, 1997). To implement
context-based reinstatement of the activations in this working
memory, we append to this architecture a long-term memory
of previous working memory states, searchable by a second
column containing representations of perceptual context. This
could for instance be the agent’s visual representation of the
current environment state or an externally provided stimulus. Optimization was performed by an implementation of
asynchronous actor-critic (Mnih et al., 2016).
The episodic meta-RL (EMRL) agent writes its current
working memory state and perceptual representation to the
long-term memory array when appropriate. In our experiments
with the two-step task, the agent writes when it receives reward
at the end of the each trial.
The agent reads from this long-term memory array on every
time step by searching for the perceptual representation in the
array with the smallest cosine distances to that of the current
state, allowing it to retrieve the associated working memory
state. The retrieved activations are next passed through a
learned gating function that arbitrates among the influences
on the current working memory state of 1.) current perceptual
inputs 2.) the previous working memory state and 3.) the
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working memory state retrieved from long-term memory.
This gating mechanism is a natural extension to the standard
LSTM working memory, which uses gates to arbitrate between
current inputs and previous memory state:
ct = i ◦ cin + f ◦ c prev
ct is the current working memory state, cin is the agent’s
representation of its current input, c prev is the working memory
activation from the previous timestep, and ◦ signifies elementwise multiplication.
The gates i and f are values between zero and one that allow
(or disallow) inputs and and past working memory activations
into the current state. These gates are computed accordingly:
i = σ(Wxi x +Whi h + bi )
f = σ(Wx f x +Wh f h + b f ),
where x is the perceptual input, h is a function of the previous
working memory state, and the weight matrices W and bias
vectors b contain learned parameters.
To reinstate working memory activations retrieved from
long-term memory without losing the current contents of working memory, our architecture adds the retrieved activations to
the current working memory state, after passing them through
a gate that is computed in a manner exactly analogous to the
standard LSTM gates:
ct = i ◦ cin + f ◦ c prev + r ◦ cltm
r = σ(Wxr x +Whr h + br )
cltm contains the retrieved activations from long-term memory. This reinstatement gate r is intended to learn to allow
activations from long-term memory into working memory
when they are useful, but not when they will interfere with
the maintenance of important information in working memory.
See Figure 2 for depictions of the architecture. To illustrate

how this architecture works in practice, consider the episodic
two-step task, wherein the working memory keeps track of the
reward probabilities at each outcome state. In order to infer
these quantities, it must maintain information about its past
actions and states. When the agent receives reward in the final
step of a two-step trial, it will save the activations of its current
working memory - which encode the agent’s outcome state
and reward - to its long-term memory. These are saved along
with a representation of the context stimulus, which models
the participant’s visual representation of the object images or
fractals in the human experiments (Daw et al., 2011; Vikbladh
et al., 2017).
At the beginning of a future two-step trial, the agent will
encounter this same stimulus. It will then search its long-term
memory for matches for that stimulus, and will retrieve the
hidden state from the past trial. Crucially, this hidden state will
encode the state the agent encountered at the end of the last
exposure to that stimulus as well as the reward received and the
action taken. Possessing this crucial episodic information, the
agent is able to exploit the structure of the episodic two-step
task. Specifically, it can learn to implement model-based or
model-free valuation with respect to trial information retrieved
from long-term memory.

Results
After training, we assessed meta-RL’s performance on a set of
evaluation episodes having the same structure as the training
episodes. However, to isolate the behavior of the learned
learning algorithm operating in the activation dynamics, all
data shown in the Results were obtained with the network’s
weights frozen.
The learned algorithm obtained more reward on cued than
uncued trials (Figure 3a; p < 10-10 by Fisher exact test), suggesting it could make use of the information carried by the
episodic cue. We also compared against a control agent (metaRL; MRL) that was trained and tested in exactly the same way,
but did not have access to an episodic memory (r-gate was always fixed to zero). The agent with episodic memory (EMRL)
performed significantly better on cued trials than MRL (Figure
3a; p < 10-16 by Fisher exact test). For comparison, random
behavior in this task yields 0.5 reward per trial, while optimal
behavior achieves 0.756 on average.
Next, we asked whether, on uncued trials, EMRL exhibited
the canonical pattern of model-based behavior first described
in (Daw et al., 2011). In the two-step task, if action at was
taken on timestep t, followed by a common transition and
resulting in a high reward, then both model-based and modelfree learners are expected to increase their preference for at .
However, if after action at , an uncommon transition was observed, followed by high reward, a model-free learner will
still increase its preference for at (since it was rewarded after
taking this action), while a model-based learner will decrease
its preference for at (by using its knowledge of the transition
structure of the task to infer a higher value for the other action).
We formally tested for these patterns of behavior by perform-
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ing an ANOVA on the probabilities of repeating the previous
action, with two binary factors: whether the previous trial was
rewarded, and whether the previous trial had a common transition. A main effect of previous trial being rewarded would
indicate a model-free strategy, while an interaction between
previous trial being rewarded and previous trial being common
would indicate a model-based strategy.
On uncued trials (Figure 3b), we found a strong effect of
the interaction term (F(1,1853) = 9134, p ≈ 0), indicating that
the learned algorithm correctly exploited the transition structure of the task when no episodic information was available,
replicating our previous work (Wang, Kurth-Nelson, Tirumala,
Soyer, et al., 2017). On cued trials (Figure 3c), we also found
an effect of the interaction term (F(1,1893) = 295, p ≈ 0),
suggesting that EMRL partially attempted to continue to use
the incremental strategy even though it had no reward benefit
on cued trials.
Next, most centrally, we asked whether – on cued trials –
EMRL could apply model-based reasoning to information retrieved from episodic memory (Figure 3d). We performed the
same ANOVA described above, but using as factors: whether
the past trial was rewarded, and whether the past trial had a
common transition. Since our task guaranteed receiving the
same reward if the agent reached the same state as the past
trial, the agent should prefer to take the opposite action as on
the past trial if it experienced an uncommon transition and received reward on that trial. We indeed found a strong effect of
the interaction term in this analysis (F(1,1850) = 5975, p ≈ 0).
This pattern mimics the behavior of humans on the task from
which ours was directly inspired (Vikbladh et al., 2017). Note
that we only performed this analysis on cued trials because
the factors would be undefined on uncued trials.
To supplement this analysis, we also fit a probabilistic
choice model to EMRL’s behavior. In this model, action probability was the softmax of the weighted sum of four choice
values:
P(a0 ) =

1
1 + exp(−(βi f Vi f + βibVib + βe f Ve f + βebVeb ))

where, for example, Vi f is the difference in incremental modelfree values: action a0 minus action a1 . All incrementally
learned values were updated with the same learning rate α, for
a total of five parameters. These were estimated by maximum
likelihood on the concatenated data of all 500 episodes (with
incrementally learned values reset to 0.5 at the beginning of
each episode). Cued and uncued trials were fit separately.
Mirroring the human data in Vikbladh et al. (2017), we found
a contribution of all systems except episodic model-free, and
a reduction in the incremental model-based parameter on cued
trials (Figure 4).

Analysis of Reinstatement Gate Activations
We performed a preliminary analysis of the activations of the
reinstatement gates (see Figure 5). First, we plotted the timecourse of mean r-gate values averaged over 500 episodes. We
split these time courses based on the stage in the two-step trial

(a) Performance

(b) Incremental Uncued

(c) Incremental Cued

(d) Episodic

Figure 3: EMRL exhibits both incremental and episodic model-based behavior. (a) Average reward obtained by MRL and EMRL on cued and
uncued trials. EMRL, but not MRL, makes use of episodic memory on cued trials to earn more reward. (b) Proportion of uncued trials in which
EMRL repeated the action it took on the previous trial (t − 1), split by whether it received reward on t − 1 and whether the transition on t − 1
was common. The interaction between those two factors is a sign of model-based learning, as in Daw et al. (2011). (c) Same as b, but for cued
trials. (d) Same as b, but split by whether EMRL received reward on trial k and whether the transition on k was common. k refers to the past
trial in which the cue was first encountered.

(a) r-gate throughout an episode

(b) r-gate correct vs incorrect

Figure 5: (a) Time course of the mean values of the reinstatement
gate averaged over 500 episodes, split up by stage of the trial. (b)
Mean values of the reinstatement gate on cued trials on which the
agent selected the optimal and on cued trials on which it selected the
opposite action, averaged over all units.

Figure 4: Parameter estimates in a model with weighted contributions
of four decision systems. Model was fit to EMRL’s actions separately
on cued and uncued trials. All systems except episodic model-free
have positive contributions to EMRL’s behavior. The contribution of
the incremental model-based system is reduced on cued trials relative
to uncued trials.

(see Figure 1). We first observed that the r-gate was more
open during cued trials compared to uncued trials, consistent
with the presence of useful episodic information on cued trials.
Next, we observed that the r-gate was most open during the
first stage of each trial. We believe this makes sense because
it is critical to base action on the information retrieved from
long-term memory.
Next, we compared the mean r-gate values on correct cued
trials versus cued trials where the agent made an error, and
found the r-gate was significantly more open on correct trials. We speculate that fluctuations in r-gate openness resulting
from the multiplexing of episodic memory control with current policy control might have driven some behavioral errors.
Future work should analyze this phenomenon in detail.

Discussion
The experiments in this work establish that when trained on
a task distribution with both incremental and episodic reward structure, episodic meta-RL learns to simultaneously
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execute incremental model-based, incremental model-free,
and episodic model-based learning strategies. Like the participants in the study by Vikbladh and colleagues, our agent
exhibits these three learning strategies, but does not exhibit
episodic model-free learning. This striking match in behavior
provides support for episodic meta-RL as a model of human
decision making as it is implemented by working memory and
episodic memory structures.
Episodic meta-RL thus provides an empirically supported
unified account of incremental and episodic learning processes,
whereby a single model-free learning mechanism learns to execute and deploy a variety of learning algorithms observed in
humans. In addition to this support from behavioral data, the
model accords in principle with a large neuroscientific literature which supports the notion that episodic memory retrieval
recreates patterns of activity in neural circuits supporting working memory (see Cohen & O’Reilly, 1996; Lewis-Peacock &
Postle, 2008; Staresina, Henson, Kriegeskorte, & Alink, 2012;
Hoskin et al., 2017; Xiao et al., 2017). Further, the gating
system that allows reinstated activations into working memory is formally equivalent to those in the LSTM that inspired
neuroscientific theory which posits that multiple such gating

mechanisms operate in prefrontal cortex (Chatham & Badre,
2015).
The key takeaway from the success so far of the episodic
meta-RL model is a proof of the sufficiency of a small set
of well motivated architectural components, when trained to
optimize a specific objective function, to produce the complex
pattern of learning processes observed in humans. The architecture components are: 1) a recurrent working memory with
2) a non-parametric store of working memory activations that
can be retrieved by context and reinstated through 3) a learned
gating system. The objective function is total reward achieved
on a distribution of learning tasks.

Predictions
This model makes a number of predictions which may be
tested through further empirical work:
• The pattern reinstatement seen during episodic RL tasks
(Bornstein & Norman, 2017) should be observed in cases
where the patterns in question are linked with working memory, rather than only immediate perception.
• There is already strong neurobiological evidence for gating
to regulate the flow of information into and out of working
memory (Chatham & Badre, 2015). Analogous experiments
should find evidence for a similar mechanism to gate reinstated activations from long-term memory into working
memory.
• In a novel episodic RL task, we predict that relevant cues
will trigger episodic recall, but this recall initially will not
trigger reinstatement in the populations of cells responsible
for working memory. As task experience increases, improvements in behavioral performance will be correlated
with increased functional coupling between episodic and
working memory. However, if DA-dependent plasticity is
blocked during training, this increase in functional coupling
will be slowed.

Summary
In summary, this work presents a new model that explains
the collage of learning processes observed in humans during
decision making as an interplay between working and episodic
memory that is itself learned through training to maximize
reward on a distribution of learning tasks. Future work may
test the predictions made by this model and test the model’s
ability to replicate additional sources of empirical data.
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Abstract
Vowel systems exhibit organization, and several theoretical accounts have been proposed to explain this. A prominent account explains organization in terms of maximizing the dispersion of vowels, increasing acoustic perceptibility while reducing articulatory effort. This implies modality-independence,
but leaves open questions about the extent to which dispersion
is driven by articulatory or acoustic pressures. We investigated
whether vowel-like organization would emerge in a novel visual communication system in the laboratory, in which participants took turns to send color signals to communicate a set of
animal referents by moving their fingers around a color space.
We manipulated the extent to which sender and receiver needs
were aligned. Overall, systems exhibited significant levels of
dispersion; participants also took into account receiver needs,
withconsequences for the structure of the resulting systems.
Keywords: language; phonology; experimental; communication game; experimental semiotics

Figure 1: Chart of the vowels of the world’s languages (based
on charts produced by the International Phonetic Association), with F1 and F2 axes indicated. The chart corresponds
roughly to the mouth of a speaker facing left. For each pair of
vowels, the vowel on the right is produced with lip rounding.

The phonologies of natural languages exhibit a high degree
of organization in their choice and deployment of phonemes.
This can be clearly demonstrated with vowels. A vowel is
produced by allowing air from the lungs to pass through the
vocal tract, with only low levels of constriction. Vowel quality is varied by varying the shape of the vocal tract, principally by moving the tongue and lips. This leads to variation
in formant frequencies, prominent concentrations of acoustic energy. Several formants matter for speech perception,
but the first and second are the most important. Traditionally, the vowel phonemes of a language are plotted in a twodimensional space with the x axis corresponding to the second formant (F2, shown as increasing in frequency from right
to left), and the y axis to the first formant (F1, shown as increasing from top to bottom); see Figure 1. These values correspond well enough to tongue position that vowels located
towards the top left of the space (i.e., with high F2 values and
low F1 values) are standardly referred to as high front vowels; that is, these are vowels produced by raising the tongue
towards the top front of the mouth (for a more detailed introduction to the phonetics of vowels see Ladefoged & Johnson, 2015). The purpose of this paper is to present a novel
experimental approach to understanding the origins of, and
constraints on, the organization of such spaces.
That vowel systems exhibit substantial organization has
long been recognized (Liljencrants & Lindblom, 1972;
Schwartz, Boë, Vallée, & Abry, 1997; de Boer, 2000). While
the vowelspace is continuous, the vowel phonemes used in a
given language are not simply distributed at random across
it. Rather, they tend to be dispersed relatively efficiently. In

a three-vowel system, for instance, it is extremely likely that
one vowel will be a high front vowel /i/, one will be a high
back vowel /u/, and the third will be a low vowel /A/ or /a/.
Larger systems tend to exhibit similarly efficient structure.
Several different categories of theory have been proposed to
account for this observation (for reviews see de Boer, 2001;
Vaux & Samuels, 2015). While some accounts focus on features of individual vowels (e.g., classical “markedness”-based
accounts; Jakobson & Halle, 1956; Chomsky & Halle, 1968),
others focus on the relationship between vowels in a system.
In dispersion theory, a particularly prominent account, optimization of the system is taken to be driven by the functional pressures of minimizing effort (in particular that of the
speaker) while maximizing the perceptual contrast between
vowels (Liljencrants & Lindblom, 1972; Lindblom, 1986; de
Boer, 2001).
In fact, most accounts of vowel space organization – with
markedness-based accounts a notable exception – claim essentially that vowel space self-organization is driven by two
basic demands: increasing acoustic perceptibility and reducing articulatory load (Stevens & Keyser, 2010; Mrayati,
Carré, & Guérin, 1988). These demands compete in some
cases. It is notable, for instance, that if dimensions beyond
the first and second formant are taken into account, vowel
systems do not in fact make maximal use of the resources
available to them. By nasalizing one of the vowels in a threevowel system and pharyngealizing another, for instance, their
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mutual distinctiveness could be increased (cf. de Boer, 2001,
p. 15). This is uncommon, however, and the explanation for
that would appear to be that incorporating these extra dimensions increases articulatory complexity for the speaker, and
does not become necessary from the point of view of perceptual distinctiveness until the number of vowels in a system
gets sufficiently large (Lindblom & Maddieson, 1988).
Nevertheless, the details of how these demands relate to
each other are still not fully clear, and in many respects they
are hard to disentangle. It was noted above that the frequencies of the first and second formants map somewhat well to
tongue position, meaning that – in this respect at least – there
is a reasonably consistent relationship between articulatory
space and acoustic space. This makes it hard to distinguish
speaker-driven constraints from listener-driven ones. It might
seem intuitive that dispersion is likely to be driven by perceptibility rather than articulatory ease, but this is in fact not
obvious. The edges of the space are advantageous from an
articulatory point of view, as they are easier to find than arbitrary points within the space (for this reason, the corners of
the space are particularly advantageous).1 To put the question another way: If acoustic distinctiveness were reduced
rather than increased by moving to the edges of the articulatory space, would we see the same pattern? If perceptibility
is the main driving force, we should expect not to; if dispersion is driven more by articulatory constraints, then we
should expect such a system to look similarly dispersed to
real-world systems. Answering this question by manipulating the acoustic and articulatory space is in principle possible,
but poses severe difficulties, not least reducing the influence
of participants’ own natural language phonologies. In this
paper, therefore, we present an experiment in which participants communicated visually, using fingers as articulators to
produce colors as analogs of vowels.
Our study has more than one goal. The first goal is to establish a new experimental approach to investigating vowel
space organization. As this implies, it is anticipated that the
general approach presented here will be applied to many relevant questions. The second goal concerns the specific question to which we applied the approach. This question has two
parts. First, we tested whether a novel visual communication
system would, through cooperative communication, begin to
exhibit organization at greater than chance level. Second, we
manipulated the extent to which the interests of the “speaker”
aligned with those of the “listener” and tested whether, when
those interests were not aligned, systems would take that into
account and be organized differently.
Our paradigm draws on a set of approaches that were primarily developed, and have become an increasingly standard method, for investigating the emergence and cultural

evolution of language. These approaches, which Galantucci
(2009) dubbed Experimental Semiotics, involve human participants learning or creating novel communication systems
in the laboratory (for a review, see Galantucci, Garrod, &
Roberts, 2012), and they involve a social dimension lacking in traditional artificial-language-learning experiments.
In experimental-semiotic studies, participants either engage
in a communication task (e.g., Galantucci, 2005; Sneller
& Roberts, 2018) or learn a miniature language based on
the output of other participants (e.g., Kirby, Cornish, &
Smith, 2008; Verhoef, Kirby, & de Boer, 2014). Taking an
experimental-semiotic approach has a number of advantages.
Analogues to change that would take many years in natural
language can be observed in miniature languages over very
short time periods; factors that cannot be manipulated outside
the laboratory, or cannot be manipulated in natural languages
even within the laboratory, can be manipulated in miniature
languages with relative ease. By investigating processes of
change in non-linguistic communication systems, particularly
using novel signaling media, researchers can reduce the influence of the participants’ own languages (for further discussion of the advantages of this approach, see Galantucci &
Roberts, 2012). Although few experimental-semiotic studies (to our knowledge) have investigated the organization of
combinatorial units in phonological spaces (de Boer & Verhoef, 2012, is something of an exception), several have investigated the emergence of combinatorial units from continuous signals (e.g., Roberts & Galantucci, 2012; Roberts,
Lewandowski, & Galantucci, 2015; Verhoef et al., 2014;
Del Giudice, 2012). Our study was influenced by these: Participants played a cooperative signaling game, sending color
signals to each other to communicate a set of animal referents.
We manipulated the way different colors could be produced
and measured the organization of the resulting systems.

Figure 2: Sender’s screen. Labels are for clarity and were not
shown to participants.

Method
Participants
Sixty University of Pennsylvania students (34 female), none
of whom suffered from color-blindness, participated in pairs
for course credit.2

1 A comparison can be made with consonants; stop consonants
involve bringing articulators into complete contact, while fricatives involve holding them close enough that the air passes through
with turbulence. Stop consonants are acquired earlier by children
than fricatives and are more common in the world’s languages
(Ladefoged & Maddieson, 1996).

2 Owing to a software error, other demographic data such as age
and handedness were not recorded. However, their distribution is
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Figure 3: Receiver’s screen. Labels are for clarity and were
not shown to participants.

Figure 4: Referents used in the experiment. The top row appeared at the beginning of the game; as players became more
successful, the other rows were added in turn.

Materials
Participants sat in separate cubicles, each with a computer
(a mid-2014 Apple iMac), running custom-designed software
(written in Python and Kivy), and a wireless multitouch trackpad (a 2009 Apple Magic Trackpad, measuring 13.01cm by
13.13cm). Participants could not see each other from their
cubicles or hear each other easily.

the Sender, on the other hand, always had one referent in
the center, against a red background (Figure 2). Third, the
Receiver had a green cursor that could be moved around the
referent panel by using the arrow keys on the computer keyboard (Figure 3). The Sender had no such movable cursor.
The Sender’s task was to convey to the Receiver which referent they had in the center of their panel by sending colors to
the Receiver (see Signaling medium Section below), and the
Receiver’s task was to move the cursor to the correct referent
and press enter. Both players would then receive feedback:
The background of the correct referent would turn red for the
Receiver and the background of the chosen referent would
turn green for the Sender. This happened whether or not the
Receiver chose correctly. If the Receiver did choose correctly,
the pair would score one point; their total point score was displayed in the score panel at the bottom of the screen. After
players started to do well at signaling the referents, more were
added, in groups of four, up to a total of twelve. This would
occur if, for all referents in the referent panel, the Receiver
had selected them correctly at least 75% of the time over the
previous four rounds in which they had occurred (cf. Roberts
et al., 2015).

Procedure
Pairs of participants played a cooperative communication
game, taking turns to be Sender and Receiver.3 Each participant (henceforth player) in a pair sat in a separate cubicle and saw a screen divided vertically into two halves. (For
the most part, the screen looked much the same whether the
player was Sender or Receiver; Figures 2 and 3). In the left
half of the screen, the referent panel, a set of referents were
displayed (black animal silhouettes, a subset of those used by
Roberts & Galantucci, 2012, Figure 4).4 The top right half
of the screen, the color panel, appeared gray as default, but
would change color depending on the behavior of the Sender.
The same was true of a smaller section immediately below it,
the sent-color panel, which was also gray by default and took
up a quarter of the width of the screen as a whole and a quarter of the height. (See Signaling medium Section below for
a description of how the color panel and the sent-color panel
worked.) To the right of the sent-color panel, a timer was displayed on a white background. Below this, taking up half the
width of the screen, was a score panel displaying the pair’s
joint score against a black background.
The referent panel differed slightly for the Sender and the
Receiver. First, the referents were not in the same places (and
were redistributed randomly each round). Second, no referent was ever in the center of the Receiver’s referent panel;

A round lasted 20s in total, with feedback lasting an additional 2s. If the Receiver had not chosen a referent by the
time the 20s were up, the pair scored no point for that round.
Whatever the outcome of the round, the players would swap
roles for the following round. The game lasted for 80min in
total, and would finish at the end of the current round when
the 80min mark had been passed. At the start of the experiment, players played four practice rounds that differed from
the ordinary rounds in three ways: First, they lasted 60s; second, the players’ score from these rounds did not carry over
into the normal rounds; third, players were reminded at the
start of each round whether they were Sender or Receiver.
Beyond being told to move a finger around the pad and observe the screen, and to hold their finger down for 1s to send
a color, players were not instructed how to use the signaling
medium, but rather had to explore it on their own.

not expected to have deviated substantially from that of the wider
undergraduate population at Penn.
3 It was important for our question that participants both have an
opportunity to be Sender and Receiver. Had this not been the case,
any differences between conditions could be explained in terms of a
failure on the part of the Sender to appreciate the Receiver’s needs.
This approach also had the advantage of greater ecological validity.
4 Roberts and Galantucci (2012) used 20 referents in total; we
used a 12-referent subset of theirs in order to give participants time
to refine their signaling systems. Given the time available, continuing to add referents until there were twenty would have meant that
systems would be in a constant state of flux.
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Signaling medium

space and doe equals the distance from the center of the space
to the outer edge. This meant that colors towards the edges of
the space were brighter, and therefore likely to be clearer for
the Receiver to distinguish. Since the edges of the pad were
also easier to find reliably for the Sender, the pressures acting
on the Sender and Receiver were therefore relatively aligned
in this condition.
In the Bright-band condition this was not the case. Here,
an imaginary line was drawn 30% of the way in from the edge
of the pad. Between the real edge of the pad and this “inner
edge”, the modifier was calculated as 1 − (d/doe ). Once the
Sender’s finger crossed the inner edge, however, the modifier
changed to d/die , where die is the distance from the center
of the pad to the inner edge. This meant that the colors got
brighter as the Sender’s finger moved away from the center
of the pad, but then began abruptly to get darker again. The
most convenient parts of the pad for the Sender to select reliably were still along the outer edge of the pad, but the easiest
colors to distinguish for the Receiver were closer to the inner
edge. The inner edge was in no way marked on the pad or
screen; it became apparent to the Sender as they moved their
finger around the pad and observed the effect.

To convey to the Receiver which referent to select, the Sender
could send colors. The Sender could do this by moving one
finger around on the trackpad. This would produce a color in
the color panel on the top right of their screen (but not the Receiver’s screen), which would change in real time depending
on the coordinates of the Sender’s finger. If the Sender took
their finger off the pad or touched the pad with more than
one finger, the color panel would appear gray. If the Sender
held their finger in place on the trackpad for 1s or longer,
the same color would appear for 2s both on the Receiver’s
color panel and on the Sender’s sent-color panel. This was
the only means by which the Sender could send information
to the Receiver.5 A Sender could send as many colors as they
liked, within the time available (20s).
The relationship between the Sender’s finger position and
the color produced was based on an RGB color space, with
each color composed of red, green, and blue components,
the contribution of each ranging from 0 to 1 (e.g., the vector [1,0,0], where the digits indicate the red, green, and blue
components respectively, would correspond to a bright red
color). The basic value for one of the three components increased from 0 to 1 as the Sender’s finger moved from right
to left on the pad, while another decreased from 1 to 0 in the
same direction; the third color component increased as the
finger moved vertically. Which color corresponded to which
direction was counterbalanced, but for any trial, the exact center of the pad corresponded to the vector [0.5, 0.5, 0.5]. If
vertical position corresponded to the blue component, then
placing the finger in the middle of the top edge of the pad
would produce a mixture of red and green [0.5, 0.5, 0], while
the middle of the bottom edge would produce a mixture of
red, green, and blue, with blue predominating: [0.5, 0.5, 1].
Players were not in fact exposed precisely to the basic color
values described here; instead, the values were modified in a
way that varied between two conditions. The details of this
are described in the Conditions section.

Figure 5: Example color spaces for Bright edge and Bright
band conditions respectively. Note that participants never saw
the space itself, only individual colors.

Dependent variables
For each player, we looked at the last successful signal for every referent for which the player could be determined to have
established a signal. In terms of the game, this meant that the
referent had been successfully communicated in at least three
of the last four times it had occurred. This gave us a set of
“words” that that player had in their system, each of which
was composed of a set of units – colors that had been chosen
to be sent. Each unit consisted of an x and a y coordinate
corresponding to the player’s finger position when the color
was sent.6 We pooled all units across a player’s words and
produced a “phoneme inventory”. As in natural language,
it was assumed that players might reuse phonemes between
words. We therefore trimmed each inventory by comparing phonemes; if the distance between any two of them was
less than 5% of the maximum distance available, one was removed at random. This left an inventory ranging in size from

Conditions
There were two conditions. In the Bright-edge condition the
basic color values described above were altered depending
on how close the Sender’s finger was to the center of the pad
(Figure 5). This was done by multiplying the color component values by a modifier that ranged from 0 to 1. The modifier was calculated as d/doe , where d equals the Euclidean
distance between the Sender’s finger and the center of the
5 In this respect, our study differs from earlier experimentalsemiotic work on combinatorial systems, which were primarily concerned with investigating the emergence of atomic units from continuous media. Participants in those studies were thus not provided
with pre-ordained means of producing units. This means that identifying how such units might be constituted is itself a challenging
task (Roberts & Galantucci, 2012). Because of this, and because we
were concerned not with the emergence of such units, but how they
become organized, our task forced subjects to select units from a
continuous space, thereby simplifying our analysis while still maintaining a continuous signal space from which units could be drawn.

6 For the purposes of the analysis presented here, we will focus
only on the finger position, ignoring the color coordinates produced.
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7 to 19 phonemes (Mean = 11.97). Figure 6a shows an example 12-phoneme inventory from the Bright-edge condition.
We then measured the following variables. In each case,
the mean value for a pair forms the basis of the results reported below.
Phoneme inventory size. The number of phonemes in an inventory.
Dispersion. Two measures of dispersion were used:
Mean pairwise distance. The mean Euclidean distance
between all pairs of phonemes. This gives a measure of
how well spread out the phonemes are within the space.
This was then divided by the maximum possible distance
to give a number between 0 and 1.
Mean distance from center. The mean Euclidean distance between the center of the space and the phonemes.
This was then divided by the distance from the center to
the corner to give a number between 0 and 1.
Figure 6: (a) Example inventory from Bright-edge condition. Coordinates are normalized by dividing by the width
and height of the space; (b) Example (normalized) inventory
from Bright-band condition. (c) Mean dispersion; (d) Mean
success. Error bars show 95% CI.

Number of referents. The number of referents for which a
“word” had successfully been established.
Success index. This measure was based on how many words
a player successfully established and how fast they did
so. For every round of a given game, we counted how
many referents each player had an established word for
(see above) at that point. We then calculated a success index as (∑1nr s)/12nr , where nr is the number of rounds and
the numerator is a cumulative count of s, the number of
successfully established words in a given round.7

in the Bright-band condition (M = 11.17; SD = 1.81; t(27.19)
= 2.2, p = 0.04). There was a positive correlation between the
number of phonemes and the number of referents successfully communicated, r = 5.5, n = 30, p = 0.0018.
Players in the Bright-band condition appear to have taken
into account the Receiver’s interests: Phonemes in this condition were less far from the center of the space (M = 0.53;
SD = 0.05) than in the Bright-edge condition (M = 0.63; SD
= 0.05; t(27.82) = 5.25, p < 0.0001; Figure 6c). The pairwise distance was also lower (M = 0.37; SD = 0.036) than in
the Bright-edge condition (M = 0.45; SD = 0.035; t(27.99) =
5.79, p < 0.00001; Figure 6d).
Players in the Bright-band condition also found the game
harder (Figure 6b). They established successful signals for
a mean of 8.3 referents (SD = 2.04), and their mean success
index was 0.46 (SD = 0.12). The figures for the Bright-edge
condition were significantly higher in each case: 10.83 referents (SD = 1.72; t(27.2) = 3.68, p = 0.001), with a mean success index of 0.61 (SD = 0.14; t(27.303) = 3.15, p = 0.004).
Success also correlated with both Mean distance from center (r(28) = 0.39, p = 0.032) and Mean pairwise distance
(r(28) = 0.39, p = 0.032)8

We present comparisons between conditions for all variables below. For the second and third variables (mean pairwise distance and mean distance from center) we also generated random artificial data to provide a baseline. We did this
by first counting the number of units in each inventory, before trimming (see above) had occurred. Then we generated a
random inventory of phonemes of the same size, and trimmed
that. Then we measured the mean pairwise distance and mean
distance from center for the artificial data. This was repeated
10,000 times, and we counted the number of times the values
for the variables in the randomly generated data were equal
to or higher than the real data. If this occurred often, it would
suggest that the real data did not exhibit particular high levels of dispersion. In fact, the values in the baseline trials did
not in any one of the 10,000 replications equal or exceed the
values for the real data in either condition.

Results

Discussion

Communication systems in the Bright-edge condition employed slightly more phonemes (M = 12.77; SD = 2.15) than

We set out to answer two questions: First, whether a collaboratively constructed visual communication system would

7 It

should be noted that no player could actually score 1, as that
would require them to have successfully communicated all twelve
referents several times before the start of the game. While this could
be accounted for, this would complicate the calculation, which we
did not deem necessary for a relative measure of success.

8 An earlier version of this paper reported no correlation; this was
an error based on correlating dispersal with number of referents – a
more indirect proxy for success – rather than the success index.
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exhibit organization analogous to that of a vowel space; second, whether receivers’ interests with respect to perceptibility would be allowed to trump senders’ interests with respect
to ease of production. The answer to both questions was a
clear yes. Our data provide support for dispersion-based accounts of phonological organization (as opposed to accounts
based on language-specific notions of markedness), suggesting that the organizational principles involved are modalityindependent. There are some limitations of the current study.
In natural language the articulatory space maps to the acoustic space in a particular way that has likely been subjected to
evolutionary forces. The mapping of the trackpad space to
the color space in our experiment is rather more arbitrary and
has clearly not been subjected to the same kind of evolutionary forces. This has advantages (as our paradigm provides
greater space for manipulating variables, and helps shield our
data from natural-language influence), but in future work it
would be worthwhile taking into account more specific details of natural-language speech production. Our study also
did not take into account several factors that have been suggested as playing a role in the organization of vowel spaces,
not least generational transmission (Vaux & Samuels, 2015),
which might be expected to amplify the biases operating in
our experiment (Kalish, Griffiths, & Lewandowsky, 2007).
There are well established methods that can be used to investigate this in future work (Kirby et al., 2008; Verhoef et al.,
2014). However, we consider that, in this paper, we have presented a novel and useful experimental paradigm for investigating the cultural evolution of phonological spaces, which
can be easily adapted to answer a number of questions.
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Abstract

communicative pointing, they play a crucial role in bootstrapping language acquisition (Diessel, 1999; Diessel, 2006).
Additionally, demonstratives can be regarded as crosslinguistic universals (Diessel, 2006).
In contrast to other strategies for verbal referencing, such
as the use of nouns and descriptions, demonstratives carry
minimal semantic specification of the intended referent,
causing their interpretation to crucially hinge on the context
of the utterance (Diessel, 1999; Levinson, 1983).

Spatial demonstratives, i.e. words like this and that, serve as
important tools to establish joint attention, allowing
interlocutors to flexibly share spatial reference schemes.
However, little experimental work has investigated which
perceptual and social factors drive speakers’ choices of
demonstrative forms. We used a novel experimental paradigm
to explore 1) the role of relative placement of competing
referents on the sagittal and lateral planes, 2) whether and how
the presence of an addressee modulates the speaker’s choice of
demonstrative forms. We found that the choice of
demonstratives is affected by the relative position of
competing referents both on the sagittal and lateral plane.
Furthermore, we found that the presence of an interlocutor
shifts attraction for proximal demonstratives towards the
shared space of reference, but only in collaborative contexts.
Together, these results suggest that spatial deixis is grounded
in a contrastive organization of space tightly coupled to manual
and social affordances.
Keywords: demonstratives;
cognition; spatial deixis

social

cognition;

Physical context
When used to refer to entities in the physical context of the
utterance, demonstratives are typically coupled with visual
signals such as pointing gestures (Clark, 1996; Cooperrider,
2016) or gaze cues (Perea-García et al., 2017), which deliver
crucial information on the location of the intended referents
relative to the speaker. In an EEG/ERPs experiment, Stevens
& Zhang (2012) reported N400 effects for incongruence
between demonstratives and object location only when the
speaker and addressee in the scene established joint gaze on
the referent. As demonstratives are used as attention aligning
devices, participants perceived the absence of shared gaze as
a violation in their use.
With the exception of very few languages, all
demonstrative systems explicitly encode at least a minimal
dyadic contrast between proximal and distal referents. More
complex demonstrative systems display either more finegrained distance-based contrasts, e.g. via explicit lexical
encoding of medial distances from the speaker, or additional
person-oriented contrasts, providing, for example, some
specification on the position of referents relative to the
addressee (Diessel, 1999).
Previous studies have experimentally investigated the
motivations for this distance-based distinction, and provided
empirical evidence for a mapping between the proximal/distal contrast in demonstrative systems and a functional

spatial

Introduction
The ability to establish joint attention on objects or locations
is a fundamental building block of human sociality
(Tomasello, 2005). A wide spectrum of everyday activities
relies on the ability to coordinate on and navigate joint
attentional scenes. Natural languages are endowed with a
large inventory of strategies that can be used for spatial
referencing and coordination purposes (Tylén et al., 2010).
Among them, spatial demonstratives, i.e. words like this and
that, stand out, as attentional alignment is integral to their use
(Diessel 1999). Demonstratives are prominent items in
linguistic interaction. They are among the first lexical items
to be mastered during development, and alongside
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representation of space in body-centered coordinates. In a
series of studies relying on a paradigm labelled the memory
game, Coventry and colleagues asked participants to point at
referents located at varying distances from the speaker on the
sagittal axis and to refer to them by either a proximal or a
distal demonstrative (Coventry et al, 2008; Coventry et al.,
2014; Gudde et al., 2016). They established a mapping
between distance-based contrasts in demonstratives and the
distinction between peripersonal and extrapersonal space,
consistent across a variety of genetically heterogeneous
languages.
Interestingly, the choice of demonstratives along the
proximal / distal axis inherits the characteristic flexibility of
the boundary between peripersonal and extrapersonal space
(Coventry et al., 2014). It has been shown that the use of
proximal demonstratives is sensitive to manipulations of the
scope of peripersonal space achieved with tool use (Longo &
Lourenco, 2006). Moreover, just like physical distance and
object attributes such as graspability and affective valence
interact in perceptual judgements of reachability (ValdésConroy et al., 2012), the choice of demonstratives in dyadic
systems is affected by perceptual parameters of the referent
(e.g. visibility), as well as by psychological parameters such
as ownership and familiarity (Coventry et al., 2014).
However, spatial demonstratives resist a rigid mapping
onto body-centered representations of physical space.
Bonfiglioli et al. (2009) exploited well-established
interference effects between word meaning and movement
planning and execution (Glover et al., 2004) to explore the
semantics of spatial deixis. Participants were primed with
either a proximal demonstrative or a distal demonstrative,
then performed reach-for-grasp movements for objects
located at two different distances in peripersonal space. They
found that incongruence between demonstratives and spatial
locations affected reaction times in movement execution.
Together, these studies suggest that the use of demonstratives
is not alone determined by physical distance between a single
referent and the speaker, but rather reflects a flexible and
context-sensitive implementation of the contrastive potential
of the demonstrative system as a whole (Kemmerer, 1999;
2006).

centered on the conversational dyad, rather than on the
speaker alone. This proposal is in line with accounts of
linguistic reference as a collaborative process (Clark, 1996).
As pointed out within such frameworks, speakers design their
communicative acts by actively taking into account the
addressee’s perspective and their common ground (Clark et
al., 1983; Clark and Bangerter 2004).

The present study
The aim of the present study was to address a number of
outstanding questions related to how physical and social
context influence demonstrative use. First, as previous
experiments simplified reference resolution to single-referent
contexts (which would not capture naturalistic situations of
demonstrative use), we aimed to test how the presence of
competing referents modulates the choice of demonstrative
forms in interaction. We hypothesized that proximal
demonstratives are more likely to be used for referents
relatively closer to the speaker on the sagittal axis.
Secondly, existing paradigms have put the emphasis
exclusively on the specifics of spatial deixis along the sagittal
axis. It is, however, widely established that biomechanical
constraints, such as handedness, may be a prominent source
of asymmetries in perceptual space. Perceptual
representations of peripersonal space underlying planning
and execution of reaching movements rely on dynamic
transformations between hand-centered and retinocentric
coordinates (Makin et al., 2012). In the light of the hypothesis
that the proximal/distal contrast is grounded on functional
representations of space for reach and grasp (Coventry et al.,
2014), a hand-centered frame of reference might indeed be
crucial for the understanding of demonstrative reference. If
the hand, rather than the locus of foveal fixation or the head,
is the center of the deictic frame of reference, a lateralized
bias for proximal demonstratives towards the hand used for
pointing would be expected which has not been captured by
previous experimental paradigms. Given these previous
findings, and with all our participants being right-handed, we
hypothesized a right-lateralized bias in favor of proximal
demonstratives.
Last, existing literature has tackled deixis in individual
contexts, without the presence of a conversational partner.
However, while some languages lexicalize distinctions
between locations of referents relative to an addressee,
demonstrative choice in languages lacking an explicit
encoding of the addressee’s standpoint may still be affected
by perceptual common ground between interlocutors (Peeters
et al., 2015). Therefore, we hypothesized that physical biases
would be attenuated by the presence of a social partner in
contexts of collaborative interaction.

Social context
In a recent series of EEG studies, Peeters and colleagues
(2015) have questioned purely egocentric proximity-based
accounts of spatial deixis and stressed the role of the social
context of utterance. Based on N400 effects, they reported a
preference for proximal demonstratives for objects located in
space shared between two interlocutors, irrespective of the
distance of the referent from the speaker. Based on these
results, the authors argue in favor of a reference frame
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Figure 1: Experimental setup of the three conditions
To test our hypotheses, participants in the present study
saw pairs of targets briefly appearing on a 40’’ monitor lying
horizontally. Their task was to point at the location of the two
targets while referring to each of them by either a Danish
proximal (“den her”) or a distal demonstrative (“den der”).
Participants were tested under three conditions: an individual
baseline, a complementary condition, where a confederate
performed a task unrelated to the participant’s pointing, and
a collaborative condition, in which the participant’s pointing
was functional to the confederate’s task. The hypotheses were
preregistered on the Open Science Framework prior to
conducting the experiment. The preregistration is available
here: osf.io/gjnf9.

the points nor on the order of deictic forms. There were 132
trials per condition per subject.
Participants performed the task across three conditions. In the
baseline condition, subjects performed the task alone. In the
complementary condition, a confederate stood to the left of
the subject and named the target shapes (e.g. “star, circle”)
after the participant was done pointing. There was no
interaction between the two tasks, and therefore neither the
participant nor the confederate depended on the information
provided by the other to perform their own task. In the
collaborative condition, the confederate would close her eyes
during target exposure and only opened them after a click
sound. The participant then pointed at the location of both
targets so to allow the confederate to report them on a touch
screen device placed next to the big screen. The baseline was
always performed first. The order of the complementary and
collaborative conditions was counterbalanced.

Methods
Participants

Analysis

80 right-handed participants (female = 43, age range = 1948, median = 26, sd = 7.6) with Danish as first language took
part in the experiment at the Cognition and Behavior Lab at
Aarhus University in return for a monetary compensation.
The authors and two student assistants took turns in the role
of experimenter (live-coding the subject’s responses) and
confederate.

The relative distances between the x coordinates and the y
coordinates of the two targets were used as predictors for a
mixed effects logistic regression using the glmer function
from lme4 package in RStudio. For each trial, one of the two
targets (henceforth: T1) was randomly selected and logged as
target of interest. The relative distances on each of the axes
were computed by subtracting the x coordinates and the y
coordinate of the competitor target (henceforth: T2) from
those of T1. The relative distance on the x axis took positive
values if T1 was further to the right than T2, whereas their
distance on the y axis took positive values if T1 was further
away from the speaker than T2 on a sagittal axis. The fixed
effects structure of the model included the relative distance
between the two targets on the y axis, the relative distance
between the two targets on the x axis, and condition, as well
as all interactions.
The demonstrative form (proximal or distal) chosen to refer
to T1 was used as outcome variable in the model. The distal
demonstrative (“den der”) was set as reference level, while
the proximal form (“den her”) was coded as success outcome.
The random effect structure included random intercepts for
each participant as well as random slopes for relative distance
on the y axis.

Design & Procedure
The task was presented as a spatial working memory test
(in line with Coventry et al., 2008; 2014). In each trial, a grid
of circles would appear on the screen for 500 ms. Then the
grid disappeared and two target shapes (circles, triangles,
squares, hexagons, stars) appeared on the screen for a random
interval between 200 – 800 ms. Then the grid would reappear
and the participants were prompted to designate the target
positions. The position of targets was randomized across
trials. Subjects were instructed to remember the locations of
targets, then point at them while referring to the objects with
the Danish demonstratives “den her” or “den der”. They were
explicitly instructed to use both demonstrative forms in each
trial, and were reminded to do so whenever they disregarded
the rule. No explicit instructions were given on the order of
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Figure 2: proportion of demonstratives across values of RelY (left) and RelX (right) across all conditions

Discussion

Parameters were estimated using maximum likelihood
estimation with Laplace approximation. The power
simulation for the model is reported in the preregistration,
yielding 70-100% power for fixed effects and two-way
interactions. Planned contrasts for the categorical predictor
compared the subject’s behavior in the baseline condition
with cumulative behavior in the social condition, as well as
the complementary condition against the collaborative
condition.

In the following, we discuss the results with respect to our
three hypotheses.
Relative distance on the sagittal axis As shown by the
main effect of RelY, the relative distance between targets on
the sagittal axis had an impact on the use of demonstratives.
As the sagittal distance between the two referents increased,
the likelihood of observing a distal demonstrative
progressively increased. While the latter point is in line with
the well-established preference for distal demonstratives for
referents placed far from the speaker (Coventry et al., 2008),
such a finding adds to current knowledge along some
intriguing dimensions. First, it provides empirical evidence
for the hypothesis that demonstrative reference is grounded
on the construction of a contrastive space of competing
referents, in addition to a mapping between deictic space and
near/far space. In other words, in the context of competing
referents, the organization of deictic space is set up
contrastively, by taking into account the interplay between
distances of the intended referent from the speaker’s body
and from competing referents.
Right-lateralized bias within peripersonal space Across
all conditions, we found a right-lateralized preference for
proximal demonstratives. The preference for proximal
demonstratives was strengthened as the distance between the
target referent and the competing referent increased. This
finding is in line with previous research hypothesizing a
lateralized bias in peripersonal space, and can be attributed to
space being encoded in hand-centered coordinates, which
facilitates fast execution of hand movements by reducing the
load of sensorimotor transformations (Makin et al., 2012).
This correspondence between the organization of
demonstrative space and hand-based encoding of space is in
line with the link between the proximal/distal distinction and
reach for grasp actions, which has previously been
established in the literature on demonstratives use (Coventry
et al., 2014; Bonfiglioli et al., 2009). While Coventry and
colleagues (2008; 2014) frame this relationship in terms of
binary (though flexible) distinction between space withinreach and out of reach, Bonfiglioli and coworkers (2009)
argue that the conceptual space for this and that is grounded
on differences in distance even within peripersonal space.

Results
After discarding invalid responses, a total of 31394 out of
31680 data points was included in the analysis. As shown in
Figure 2 (left), the proportion of proximal demonstratives
decreases as a function of increases in the value of RelY, i.e.
as T1 moves further away from the speaker on the sagittal
axis relative to T2. Figure 2 (right) displays the pattern for
RelX: there was an increase in proportion of proximal
demonstratives as a function of an increase in the value of
RelX, i.e. as T1 moves further to the right relative to T2.
A mixed effects logistic regression model with RelX, RelY
and condition as predictors, and including all interactions,
confirms the statistical reliability of these patterns. The model
displays a significant effect of RelY, β = -2.59, se = 0.27, z =
-9.7, p < .001 and of RelX, β = 0.32, se = 0.02, z = 16.77, p <
.001.
Planned contrasts reveal a significant interaction between
RelX and Condition when comparing the complementary and
collaborative condition, β = 0.05, se = 0.02, z = 2.17, p < .05.
No such effect is observed when cumulatively comparing the
baseline to the social conditions, β = -0.001, se = 0.01, z = 0.079, p = .93.
Moreover, the interaction between RelY and Condition
reaches statistical significance both in the contrast between
baseline and the two social conditions, β = -0.07, se =0.03, z
= -2.51, p < 0.01, and between the complementary and
collaborative condition, β = -0.11, se = 0.05, z = - 2.45, p <
.01. None of the three-way interactions reached statistical
significance.
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Baseline

Complementary

Collaborative

Figure 3: Heat maps displaying the proportion of proximal demonstratives across values of RelX (x-axis) and RelY (y-axis)
Together, our findings provide evidence in favor of
proximal/distal distinctions being grounded on gradient
affordance for manual interaction rather than on an absolute
mapping. While the present investigation does not fully
explore manipulations of target locations going significantly
beyond peripersonal space, the paradigm allowed to show
that the proximal/distal organization of space is indeed
grounded in biomechanics, with objects more readily
affording grasp being more likely to be labelled via a
proximal demonstrative.
This further underlines the integral role of multimodal
components in deictic reference, as the right-lateralized bias
in the organization of space probably reflects a bias towards
the pointing hand. However, in the experiment we did not
manipulate which hand is used for pointing nor did we
include any left-handed participant. Therefore, the current
results might either be due to a bias in favor of the hand used
for pointing (independently of handedness) or in favor of the
dominant hand (independently of the hand used for pointing).
Further research including relevant manipulations is required
in order to disentangle such possibilities. An additional
explanation is that asymmetries are due to a general
perceptual bias. However, previous studies have mostly
reported left-lateralized biases in perceptual tasks and visual
imagery, which have been attributed to reading direction
(Jewell & McCourt, 2000; Stoustrup & Wallentin, 2017). Our
results point in the opposite direction, thus suggesting that
biomechanical constraints tend to override purely perceptual
sources of asymmetries when motor components are essential
for the task at stake.
It is to be pointed out that we initially predicted lateralized
biases to be detected in the form of an interaction between
RelX and RelY, as we expected it to apply only to referents
with low absolute values of RelY. The observed main effect
of RelX rather suggests that the right-lateralized bias is
independent of the position of the targets on the y-axis, which
shows that such bias might be even more prominent than
expected in influencing demonstrative production. This
consideration also applies to the interaction between RelX
and Condition reported below, which was initially expected
in the form of a three-way interaction with RelY.
Social presence and collaboration For demonstration
purposes, Figure 3 displays the distribution of proximal
demonstratives as a function of variation in RelX and RelY.
The heat maps are oriented so to display higher values of
RelX towards the right, and higher values of RelY towards the

top. As figure 3 suggests, the baseline and the complementary
condition display a similar pattern, with a slightly more
pronounced bias in the complementary condition. In the
complementary condition, the confederate’s task was to name
which shapes lit up on the screen. When the confederate takes
up the semantic part of the task, the speaker’s increased focus
on the spatial location of the referents resulted in a more
pronounced right-lateralized bias.
However, the bias is significantly attenuated in the
collaborative condition, i.e. when the speaker and addressee
are engaged in a task involving actual collaboration and,
therefore, functional, communicative pointing. This result
provides evidence for the fact that, when pointing, the
participant factors in the position of the addressee, which
induces a shift in the proximal space towards the space shared
between the two interlocutors. Interestingly, this is not the
case for mere co-presence of another participant (in the
complementary condition), but rather requires involvement
of the interlocutors in a collaborative interaction. In this case,
since the information conveyed by the speaker’s pointing is
functional to the addressee’s task, the speaker might
spontaneously facilitate the interlocutor’s task by adjusting
her proximal space towards shared space.
The effect of RelY also seems to be modulated across
conditions, with the preference for proximal demonstratives
for closer referents becoming weaker in the two social
conditions compared to the baseline, an effect which is likely
to be driven by the collaborative condition. Although it has
to be acknowledged that this effect was not part of our initial
set of hypotheses, it affords an interpretation compatible with
our previous remarks. Indeed, the effect suggests that the
purely hand-based contrastive space set up in the baseline is
attenuated by the presence of an addressee in favor of an
organization of space which takes social components into
account.
Moreover, the heat map for the collaborative condition
indicates higher frequency of proximal demonstratives for
negative RelX and higher RelY (centre left of the map) than
the complementary condition and the baseline, which
corresponds to proportionally more proximal demonstratives
for cases in which T1 is located more towards the left of the
speaker (and therefore closer to the addressee) but further
away from the speaker. This suggests that such effect might
be mostly driven by data points with high values of RelX.
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Conclusion
We investigated the effect of object location and social
presence in use of demonstratives. Our results suggest that
participants’ tendency to use proximal demonstratives
increases as the target of interest gets closer to the speaker
and further away from the competing target, which suggests
that deictic space is organized as a contrastive space rather
than relying uniquely on a fixed mapping between
peripersonal and extrapersonal space.
Additionally, we observed a right-lateralized bias in the
use of proximal demonstratives. This provides evidence
towards a tight link between the organization of space in
spatial deixis and action, under the hypothesis that proximal
demonstratives are more likely to be used for referents
affording easier manual interaction. Finally, we observed that
both the effect of relative distance on the y axis and the effect
of relative distance on the x axis are modulated by the
presence of an addressee cooperating with the speaker in
solving a shared task. Speakers shift their proximal space
towards shared space, a finding which suggests that the
organization of space in demonstrative reference is tightly
coupled to social affordances.
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Abstract

Listeners also adapt their anticipatory cue interpretation
based on experimental pre-exposure to either reliable or unreliable input (Kurumada, Brown, Bibyk, Pontillo, & Tanenhaus, 2014b). Unfortunately, pre-exposure manipulation of
cue reliability does not allow inferences about the temporal
dynamics of listener adaptation during exposure. Roettger
and Franke (2017) therefore investigated the development of
listener interpretation behavior over the course of the experiment when listeners are exposed to either occasionally unreliable or, in a different group, consistently reliable intonational
cues. For reliable input, listeners quickly learned to predictively exploit the absence of an early pitch accent, while exploiting the presence of this cue right from the start (see Materials section for details). Unreliable exposure occasionally
featured unnatural uses of all relevant intonational cues. This
inhibited anticipatory interpretations mainly for the presence
of an early pitch accent, but did not strongly affect the condition with an absent pitch accent.

Human behavior is often remarkably flexible, showing the
ability to quickly adapt to the statistical peculiarities of a
particular local context. When it comes to language, previous work has shown that listeners’ anticipatory interpretations
of intonational cues are adapted dynamically when cues are
observed to be stochastically unreliable. This paper reports
novel empirical data from manual response dynamics (mousetracking) on how listeners adapt their predictive interpretation
when some intonational cues are occasionally unreliable while
others are consistently reliable. A model of rational belief dynamics predicts that listeners adapt differently to different unreliable intonational cues, as a function of their initial evidential strength. These predictions are borne out by our data.
Keywords: intonation; mouse-tracking; prosody; rational predictive processing; speech adaptation

Introduction
Variable environments require the ability to quickly adapt expectations and behavior. Language is no exception. Indeed,
language users have been shown repeatedly to adapt readily to their immediate local context in syntax (e.g. Fine &
Jaeger, 2013; Jaeger & Snider, 2013), pragmatics (e.g. Grodner & Sedivy, 2011; Yildirim, Degen, Tanenhaus, & Jaeger,
2016), and speech (e.g. Norris, McQueen, & Cutler, 2003;
Kleinschmidt & Jaeger, 2015). While previous work looking at speech adaptation has mainly focused on local phenomena within small temporal windows (e.g. adaptation to
segments), there is only little work on adaptation of speech
patterns across larger domains. Here, we focus on listeners’
ability to adapt to the selective and partial reliability of intonational cues, and ask whether observed adaptations are consistent with a model of rational belief dynamics.
Intonation plays an integral role in comprehending spoken
language. In English or German, for instance, the position
and form of a pitch accent can signal a referent as discoursenew or contrastive (Ladd, 2008). Deviating from a traditional
categorical view (e.g. Pierrehumbert & Hirschberg, 1990),
recent work identifies intonational form-function mappings
as highly variable and probabilistic (e.g. Grice, Ritter, Niemann, & Roettger, 2017; Roettger, 2017). Comprehenders
can nevertheless rapidly process intonational cues to anticipate a likely speaker-intended referent even before encountering disambiguating lexical material (e.g. Dahan, Tanenhaus, & Chambers, 2002; Weber, Braun, & Crocker, 2006;
Kurumada, Brown, Bibyk, Pontillo, & Tanenhaus, 2014a).

Roettger and Franke (2017) argue that these results are
compatible with the assumption that comprehenders expect
reliable intonational information initially and gradually adapt
these expectations rationally under reliable or unreliable input. A Bayesian model of the evidential strength of intonational cues (to be introduced presently) predicts that the
stronger (weaker) a cue, the more (less) it will be affected by
learning that it is unreliable, and the less (more) it will be affected by learning that it is reliable. This model also predicts
that listeners should adapt differently to scenarios where only
one cue is learned to be unreliable, while the other is reliable.
We here report on an experiment, extending that of Roettger
and Franke (2017), designed to test these predictions.

Rational Predictive Processing
Bayesian comprehenders derive their rational predictive interpretation from differences in the likelihood with which they
expect speakers to produce particular intonational contours to
signal a certain discourse status of a referent. By Bayes rule,
the posterior odds in favor of referent r1 over r2 after observing a (possibly partial) utterance u are calculated as the product of the likelihood ratio (how likely a speaker produces u
for ri ) and the prior odds (how likely a speaker refers to ri ):

966

P(r1 | u)
P(r2 | u)
| {z }

posterior odds

=

P(u | r1 )
P(u | r2 )
| {z }

P(r1 )
P(r2 )
| {z }

pants heard either a topic question like (1), which introduced
a referent as discourse-given, or the neutral question (2):
(1)

likelihood ratio prior odds

If utterance u with its specific intonational contour is more
likely to be produced for r1 than for r2 , an observation of u
shifts the listener’s beliefs towards r1 and away from r2 . Observing u would therefore be observational evidence in favor
of r1 relative to r2 (Jaynes, 2003). The likelihood ratio therefore quantifies the evidential strength of a cue u.
A direct experimental measure of comprehenders’ dynamically evolving posterior odds between two candidate interpretations can be obtained from mouse-movements in a
forced-choice decision task. Roettger and Stoeber (2017) and
Roettger and Franke (2017) show that listeners integrate intonational information early on and move their mouse towards
a likely target referent even before they have processed disambiguating lexical information. This is in line with numerous experiments demonstrating that the continuous uptake of
sensory input and dynamic competition between simultaneously active representations is reflected in subjects’ hand or
finger movements (e.g. Magnuson, 2005; Spivey, Grosjean,
& Knoblich, 2005; Freeman & Ambady, 2010) and falls in
line with recent papers using mouse tracking to investigate the
processing of pragmatic inferences (e.g. Tomlinson, Gotzner,
& Bott, 2017).
Concrete model predictions for a mouse-tracking experiment in which some intonational cues are unreliable while
others are reliable are spelled out below, after the design and
materials have been introduced in more detail.

(1)

Hat der Wuggy dann die Geige aufgesammelt?

(2)

Did the wuggy then pick up the violin?
Was ist passiert?
What happened?

Next, participants saw a response screen with 2 response
alternatives, each depicting one object in the upper left and
right corner, respectively. After 1000 ms a yellow circle appeared at the bottom center of the screen. A click on it initiated playback of an audio recording of a statement specifying
which object was picked up, e.g. (3) or (4).
(3)

Der Wuggy hat dann die Geige aufgesammelt.
Then the wuggy has picked up the violin.

(4)

Der Wuggy hat dann die Birne aufgesammelt.
Then the wuggy has picked up the pear.

Subjects were instructed to move their mouse upwards immediately after clicking the initiation button (see Spivey et
al., 2005) and to choose their response as quickly as possible.

Material
Statements were acoustically manipulated to exhibit three different intonation contours. Depending on the preceding context question (1) or (2), statements in (3) and (4) are prototypically realized with different intonation contours (e.g. Grice
et al., 2017). After a neutral question (2), both subject and
object are discourse-new which can be prosodically encoded
by specific pitch accents on both constituents (often referred
to as broad focus). A common contour in these cases is a
rising accent on the subject, followed by a high stretch of f0
and a high or falling accent on the object. After a polar topic
question (1), the utterance in (3), which affirmatively picks up
the given referent, can prosodically emphasize that the proposition in question is true, for example, by verum focus, which
manifests itself here in the form of a high rising accent on
the German auxiliary hat (Engl. has). Finally and as opposed
to the latter, the answer in (4) corrects the topic question (1).
It affirmatively mentions a contrastive referent, which is typically realized by contrastive focus, an intonation contour with
a high rising accent on Birne (pear). Figure 1 illustrates the
Verum and Contrast contours schematically. Statements for
each experimental item (n = 12) came with these three intonation contours (Broad, Verum, and Contrast), resulting in 36
different target sentences overall.
There were two sets of acoustic stimuli: questions providing a discourse context presented on the context screen and
statements triggering participants’ responses on the response
screen, with one question and one statement corresponding to
each object.
Acoustic stimuli were recorded by a trained phonetician.
To ensure that the three different contexts exhibit the same
temporal characteristics for each sentence (i.e. the lexical
information become available at the same time across focus conditions), sentences were manipulated and resynthe-

Experiment
The following experiment was preregistered on the 27th of
November 2017, prior to data collection. The preregistration file can be retrieved with all materials, data, and analysis
scripts from https://osf.io/49q2r/.

Participants and Procedure
Sixty native German speakers participated, all with selfreported normal or corrected-to-normal vision and normal
hearing (21 male, 39 female, mean age = 24.4 (SD = 3.4)).
Subjects were seated in front of a Mac mini 2.5 GHz Intel
Core i5. They controlled the experiment via a Logitech B100
corded USB Mouse. Cursor acceleration was linearized and
cursor speed was slowed down (to 1400 sensitivity) using the
CursorSense c application (version 1.32). Slowing down the
cursor ensured that motor behavior was recorded in a smooth
trajectory as the acoustic signal unfolded.
Subjects learned about a ‘wuggy’, a fantasy creature which
picks up objects. There were 12 objects to pick up (bee,
chicken, diaper, fork, marble, pants, pear, rose, saw, scale,
vase, violin), all with German grammatical gender feminine.
Each trial exposed subjects to a context screen, shown for
2500 ms and providing a specific discourse context. Partici-
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tories were processed with the package mousetrap (Kieslich
& Henninger, 2017) using R (R Core Team, 2017).
There were a total of 84 target trials per participant. We
only analysed target trials with reliable mappings between
discourse context and intonation. For each trial, we compute
the turn towards the target (TTT) as the latest point in time
at which the trajectory did not head towards the target (where
“heading towards the target” is operationalized by approximating the first derivative to the x- and y-coordinates of a trajectory; see function get_TTT_derivative() in the analysis
scripts at http://osf.io/49q2r).
We fitted Bayesian hierarchical linear models which predict TTT measurements as a function of FOCUS, GROUP
and BLOCK and their three-way interaction, using the package brms (Bürkner, 2016). The models included maximal
random-effect structures, allowing the predictors and their interactions to vary by subjects (FOCUS - BLOCK) and experimental items (FOCUS - BLOCK- GROUP). We used weakly
informative Gaussian priors centered around zero with σ =
100 for all population-level regression coefficients (Gelman,
2006), as well as standard priors of the brms package for
all other parameters. Four sampling chains with 4000 iterations each were run for each model, with a warm-up period
of 2000 iterations, ensuring convergence. We report, for relevant predictor levels and difference between predictor levels, 95% credible intervals (CIs) and the posterior probability
that a respective posterior distribution β is smaller than zero
P(β < 0). We judge there to be evidence for an effect if zero
is (by a reasonably clear margin) not included in the CI and
P(β < 0) is close to zero or one.

Figure 1: f 0 contours and average temporal landmarks for the
resynthesis of Verum and Contrastive focus.
sized using Praat (Boersma & Weenink, 2016). The resulting stimuli differed only in the pitch contour and accompanied intensity envelope. The preregistration report
https://osf.io/49q2r/ contains additional information
about the resynthesis process.

Design
There were two experimental groups.
The unreliable
verum (UV) group was exposed to consistently natural contrastive focus contours but occasionally encountered unreliable verum focus contours; reversely for the unreliable contrast (UC) group. ‘Unreliable’ use of intonation is defined as
follows. In the context of question (1), the speaker would use
statement (3) realized with a pitch accent on the object as if to
indicate a contrastive referent and statement (4) realized with
a pitch accent on the auxiliary as if to indicate a given referent, creating a mismatch between information status, pitch
accent position and disambiguating lexical information. Occasional exposure to unreliable cues undermines the possibility to confidently predict the likely speaker-intended referent
earlier than after lexical disambiguation.
Subjects were exposed to 12 blocks of 8 stimuli each. In
the UV group, each block contained 2 reliable contrastive focus statements, 2 reliable verum focus statements, 1 unreliable verum focus statement, and 3 broad focus statements. In
the UC group, each block contained 2 reliable verum focus
statements, 2 reliable contrastive focus statements, 1 unreliable contrastive focus statement, and 3 broad focus statements.

Model predictions
Our link hypothesis is that the TTT measure is a strictly decreasing function of posterior odds, as defined in Eq. (1). In
the experimental context, where any object appeared equally
likely as given/contrastive referent, it is reasonable to assume
that prior odds are roughly 1. Consequently, we consider a
mapping from likelihood ratios (i.e., evidential strength) to
TTT, which ideally should have a finite lower bound to which
it converges from above as evidential strength grows to infinity. One natural choice is an exponential decay function:
TTT ∼ exp(1 − evidential strength).
To model belief dynamics, we assume that listeners increment non-normalized scores, which might, for
simplicity, represent numbers of recent remembered instances where utterance u was used to refer to referent r.
For example, the speaker’s propensity to
V
C
choose verum (V ) or contrast (C) focus
for either given (rg ) or competitor refer- rg 35 15
ent (rc ) could be derived from scores like rc
5 45
in the adjacent table. This yields conditional production probabilities after normalization, like so:
35
P(V | rg ) = 35+15
= 0.7. In each experimental trial, listeners
observe both utterance and referent (by final lexical disambiguation), and so increment the relevant score by 1.

Analysis
The screen coordinates of the computer mouse were sampled
at 100 Hz using the mousetrap plugin (Kieslich & Henninger,
2017) implemented in the open source experimental software
OpenSesame (Mathôt, Schreij, & Theeuwes, 2012). Trajec-
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Figure 3: Estimates and CIs for the TTT measurement. Semitransparent points are average values for each subject. Solid
grey lines group individual subject’s values across conditions.
The dotted line indicates average acoustic onset of referent.

Figure 2: Model predictions for main text example.
Experiment initially, listeners will have default expectations about speakers’ form-function mappings. For proficient
speakers of German, these should satisfy some natural constraints. We assume that (i) the base rate of C is higher than
that of V , P(C) > P(V ) where P(u) = ∑ri P(u | ri ) P(ri ), as
verum focus is infrequent in German; (ii) verum focus is more
natural for a given than for a competitor referent, P(V | rg ) >
P(V | rc ); (iii) for realizing reference to the competitor, contrastive focus is more natural, P(C | rc ) > P(V | rc ).
These assumptions and constraints define an infinite class
of models. Nonetheless, we can derive general qualitative
predictions. Given the assumed base rate difference, V has
higher evidential strength than C. For the example above, we
P(V |r )
P(C|rc )
= .3. Most importantly, we prehave P(V |rgc ) = .7, but P(C|r
g)
dict that the higher (lower) the evidential strength of a cue,
the more (less) it will be affected by learning that it is unreliable, and the less (more) it will be affected by learning that
it is reliable. An example, based on the numbers from the table above for the exact belief updates induced by the present
experiment is in Figure 2. Concretely, in the UC condition
we predict no noteworthy additional inhibition of contrast focus (intuitively: because it is a weak cue from the start, i.e.
the absence of a pitch accent is not an informative predictor
of the discourse status of an upcoming referent, because its
presence is not very expected by low base rate) and consider
even a small facilitation possible for some model parameter
values (because participants still see more reliable contrast focus uses than unreliable ones even in the UC condition). Neither would we expect a noteworthy additional facilitation of
verum focus exploitation (because it is a reliable cue from the
start). In the UV condition we predict both a noteworthy inhibition of verum focus exploitation (because a high-fidelity
cue’s reliability is now undermined), as well as a learning
effect in the exploitation of contrast focus (because learning
raises the initially low evidential value). These model-derived
predictions were preregistered at https://osf.io/49q2r/.

parameter

mean

95% CI

P(β < 0)

Contrast (UC) - Broad (UC)
Contrast (UC) - Verum (UC)
Broad (UC) - Verum (UC)
Contrast (UV) - Broad (UV)
Contrast (UV) - Verum (UV)
Broad (UV) - Verum (UV)
Contrast (UC) - Contrast (UV)
Broad (UC) - Broad (UV)
Verum (UC) - Verum (UV)
Slope Contrast (UC)
Slope Broad (UC)
Slope Verum (UC)
Slope Contrast (UV)
Slope Broad (UV)
Slope Verum (UV)

−56
252
309
−117
77
194
36
−25
−140
2
−2
1
−2
3
7

(-88;-26)
(206;297)
(265;356)
(-151;-81)
(23;136)
(139;254)
(-16;87)
(-75;22)
(-207;-73)
(-5;8)
(-8;4)
(-7;9)
(-9;5)
(-4;10)
(-2;16)

1
0
0
1
0
0
0.09
0.84
1
0.3
0.68
0.4
0.72
0.21
0.08

Table 1: Posterior estimates of differences between conditions (rows 1-9) and posterior estimates of the effect of experimental block for each condition (rows 10-15).
tion times above 350 ms in more than 15% of the trials, (b)
exhibited more than 10% errors, or (c) exhibited movement
behavior violating instructions in more than 15% of the trials.
We excluded one subject for each exclusion criterion. We further had to exclude two subjects due to experimental malfunctions. Trials with initiation times greater than 350 ms (1.3%)
and incorrect responses (0.3%) were discarded on a trial-bytrial basis. Additionally, trials that exhibited movement behavior violating instructions were discarded, too (1%).
Figure 3 displays the mean and 95% CIs of the posterior
distribution (conditioned on the middle of the experiment,
i.e. scaled block number = 0). There is substantial evidence
that the three different focus conditions elicit different TTT
patterns, with Broad being the slowest (UC: β = 884, CI =
(850;920); UV: β = 909, CI = (869;949)) followed by Contrast (UC: β = 828, CI = (791;863); UV: β = 793, CI =
(756;833)) and Verum (UC: β = 576, CI = (532;621); UV: β
= 716, CI = (660;769)). (Posterior differences between conditions are summarized in Table 1.)
These patterns are in line with Roettger and Franke (2017).
The acoustically early cue associated with verum focus al-

Results and Discussion
Following pre-registered protocol, the whole data set of a participant was excluded whenever he/she (a) exhibited initia-

969

lows listeners to infer the intended referent long before the
lexical material becomes available. Beyond that, listeners
also use the absence of this cue (no accent on the auxiliary) to
anticipate the contrastive interpretation. This inference does
not happen as fast as in the verum focus condition but earlier
than lexical disambiguation (Broad > Contrastive > Verum).
Looking across groups, neither Contrast nor Broad show
clear indications of an impact of the group manipulation
(Contrast: β = 36, CI = (-16;87), P(β < 0) = 0.09; Broad: β
= -25, CI = (-75;22), P(β < 0) = 0.84). Verum, however, is
clearly slower in the UV group (β = -140, CI = (-207;-73),
P(β < 0) = 1). These results are compatible with our predictions. We predicted a difference mainly in the Verum condition, where TTT measures should be slower. Since we only
predicted no facilitation for the Contrast condition in the UC
group, these results are fully compatible with model-derived
predictions.
Figure 4 displays how these temporal effects change over
the experiment. In comparison to the patterns described by
Roettger and Franke (2017), the present effects do not change
much across the experiment. There is not sufficient evidence
that the development of participants’ anticipatory behaviour
over the course of the experiment (slope of the lines) is different from zero (= a flat line) (see Table 1), although our
posterior belief in the predicted positive slope for the Verum
condition in the UV group is about 0.92.
Despite the absence of conclusive evidence for dynamic
changes of TTT measures throughout the experiment, there
are suggestive patterns comparing the start and end of the
experiment. In the UV group, Contrast is initially eliciting
similarly late TTTs as Broad (CI intervals overlap, see Figure
4). Throughout the experiment, TTTs seem to increasingly
become later in Broad and earlier in Contrast, leading to a
substantial differences between these categories by the end
of the experiment. Thus, listeners seem to learn to exploit
the absence of a pitch accent on the auxiliary as a predictive
cue to an upcoming contrastive referent. Learning happens
despite occasional unreliable form-function mappings in the
Verum condition.
Contrary to this, at the beginning of the experiment, the
Verum condition in the UV group starts with a temporal advantage over Contrast. However, throughout the experiment,
listeners’ TTTs in Verum appear to become later approaching the temporal performance of Contrast by the end of the
experiment (CI intervals are heavily overlapping). Listeners
appear to selectively unlearn the expected speaker production
probabilities for verum focus, while learning to predictively
exploit the form function mapping in the Contrast condition.

Figure 4: Estimated TTT values (lines) as a function of block
number (scaled), dependent on focus condition and listener
group. Shaded ribbons are 95% CIs. Semi-transparent points
correspond to average values for each block.
pretation over another (Roettger & Stoeber, 2017). Our results further replicate and expand findings by Roettger and
Franke (2017) showing that intonational cue exploitation depends on the estimated reliability of form-function mappings.
If listeners learn that a cue is uninformative, they appear to
down-weight the informational value of that cue (c.f. Kurumada et al., 2014b). This selective adaptation further shows
a tendency to change dynamically throughout exposure. A
Bayesian model of predictive cue integration and belief dynamics, paired with an exponential link function from posterior odds to the TTT measure, predicts interesting asymmetries in listeners’ responses and their temporal development,
which are supported by the data to some extent.
These results also point to interesting follow-up research.
Infinitely different numerical models are compatible with the
naturalness constraints on speaker production we postulated
here. We have focused on assessing general qualitative predictions only. The question arises whether a quantitative fit,
using model parameter estimation based on the data, is possible. Doing so will likely also highlight aspects in our data that
the present model does not seem to capture. Figure 4 suggests
that already in the first block there is a large effect of unreliability on the processing of verum focus. Our model does not
predict this (Figure 2). It is conceivable if not likely that listeners have a more elaborate belief update process than modelled here. Already after the first example of an unreliable
use of what is normally a high-fidelity cue, listeners might be
immediately alerted. This, for instance, could lead them to
immediately adjust their readiness to deviate from their default beliefs. Plasticity of listener beliefs is represented as the
sums over rows in our tables of non-normalized weights: the
higher the sum, the less swiftly beliefs adapt. Our model predictions were derived based on fixed plasticity rates for which
the model gives non-trivial predictions, but it is worthwhile
for future work to explore, both empirically and in modelling,
the possibility that listeners also quickly adjust their beliefs
about optimal plasticity based on the relative surprisal of ob-

General Discussion
This study replicates earlier findings that listeners rapidly exploit intonational cues to predict speaker intentions (Dahan et
al., 2002; Weber et al., 2006; Kurumada et al., 2014a). Hearing an early pitch accent (or its absence), listeners’ manual
response dynamics indicate an early bias towards one inter-
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served speaker utterances.
Despite these open issues, the present study contributes to
our understanding of how listeners deal with ubiquitous uncertainty in processing intonation; how listeners infer speaker
intentions based on bottom-up acoustic cues and probabilistic
expectations about likely intonational contours; and whether
listeners’ flexible adaptation behavior is compatible with rational belief dynamics.
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Abstract
After viewing Black males faces, US participants are typically faster to categorize weapons and slower to categorize tools than after
viewing White male faces, revealing the activation of implicit stereotypes linking Black males with violent crime. Here we tested
whether hearing Black male voices speaking in African American Vernacular English (AAVE) activates these same threat-related
stereotypes. In a national US sample, participants were faster to categorize weapons compared to tools after hearing race-neutral
names spoken in AAVE than after hearing them spoken in Standard American English (SAE). Like Black faces, Black voices can
activate violent stereotypes, affecting visual discrimination of objects.
Keywords: implicit bias; race; dialect; AAVE
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Abstract

However, a specific domain which has received very little research in reference to awareness and goal-directed action models are eye movements, and the potential oculomotor intentions guiding them. This is surprising as the connections eye movements have with decision-making are considerable. They have for instance been shown to reflect ongoing
thought processes and behavioral goals (Yarbus, 1967), and to
be tightly coupled with visual attention (Deubel & Schneider,
1996; Carrasco, 2011); and manipulating people’s gaze behavior in real-time can affect preference formations for stimuli and dynamically alter the decision process (Shimojo et al.,
2003; Armel et al., 2008; Pärnamets et al., 2015). On top of
that, the oculomotor system has been extensively researched,
so that much is known about how and which brain areas are
involved in controlling eye movements (Girard & Berthoz,
2005; Sparks, 2002). Thus, as eye movements can be measured very precisely and accurately, they serve as good models for studying goal-directed movements (Sparks, 2002).
Following goal-directed action models, one would assume
that for every seemingly planned eye movement, there is a
corresponding intention that could be brought to awareness
should a person want to. But as far as we are aware, no study
has investigated whether this actually is the case (closely related studies have for instance mostly investigated low-level
factors involved in detecting changes across saccades, e.g.
Henderson & Hollingworth, 1999). Typically, our visual experience is acquired in an seamless and effortless fashion,
suggesting that even ‘planned’ eye movements often are processed automatically outside of conscious thought. Yet, common sense suggests that we nevertheless can access and report
these plans if called upon, as everyone has had the experience
of scanning a scene and purposefully shifting one’s gaze towards a particular target within the visual field (for example,
when evaluating the flavors on display in an ice cream parlor).
Thus, oculomotor intentions should be particularly salient
when a person performs an evaluative task, as they shift their
gaze to a specific location or object. Given this, an obvious
way to investigate oculumotor awareness would be to manipulate the outcome of someone’s eye movements, such that the
object she intended to move her gaze towards shifted position
during the eye movement. During saccades, visual perception is limited such that it is possible to mask movements of
objects (Beeler, 1967; Bridgeman et al., 1975). Therefore,
if humans monitor their oculomotor intentions, participants

The role of intentions in motor planning is heavily weighted
in classical psychological theories, but their role in generating eye movements, and our awareness of these oculomotor
intentions, has not been investigated explicitly. In this study,
the extent to which we monitor oculomotor intentions, i.e.
the intentions to shift one’s gaze towards a specific location,
and whether they can be expressed in conscious experience,
is investigated. A forced-choice decision task was developed
where a pair of faces moved systematically across a screen.
In some trials, the pair of faces moved additionally as soon as
the participants attempted to gaze at one of the faces, preventing them from ever viewing it. The results of the experiment
suggest that humans in general do not monitor their eye movement intentions in a way that allows for mismatches between
planned gaze landing target and resulting gaze landing target
to be consciously experienced during decision-making.
Keywords: eye movements; intentions; goal-directed actions;
awareness; decision making

Intentions
Psychological models attempting to explain how actions are
planned and decided often assume that people generally are
aware of what their goals, desires, and attitudes are, and subsequently know their intentions prior to the corresponding
planned actions (see e.g. Ajzen, 1991; Dickinson & Balleine,
1994). Furthermore, theories on the sense of agency often
position intentions centrally as a type of mental event that are
used to directly gauge agency and self-control, where mismatches between one’s intention and the outcome of the corresponding action can negatively affect this feeling of agency
(Haggard, 2017; Hommel, 2015).
The existence of intentions as clearly distinguishable and
introspectively accessible mental events can be questioned
though (see also Dennett, 1991). More dynamical approaches
to cognition aim to build a complete cognitive architecture
without invoking constructs like intentions. Instead, minds
might act intelligently through their direct dynamical coupling with the body and environment, as the environment
and body directly constrain the possible actions and provide immediate feedback that can be used to tune actions
(Van Gelder, 1995; Wojnowicz et al., 2009; Pärnamets et al.,
2015). In line with this, much evidence have accumulated
against the position that humans have veridical access to their
cognitive processes that determine decision-making and action (see e.g. Nisbett & Wilson, 1977; Johansson et al., 2005;
Carruthers, 2011).
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Figure 1: The difference between a manipulated and non-manipulated decision trial. Only manipulated trials were gazecontingent (the window was not visible). A fixation marker could appear at any of eight horizontally spaced locations, and after
a random time between 1 and 2 seconds the faces would appear with the ’back’ face (the face at the back of the movement
direction) always appearing where the fixation marker was located. The ’front’ face appeared either to the left or right of the
back face depending on the trial’s movement direction. The faces jumped 5 degrees each time (unless they reappeared at the
other end of the screen) according to the time pattern, or as soon as a participant’s gaze entered the gaze-contingent window.
would become aware of a mismatch between the intention
and the outcome when exposed to the manipulation. It would
register as a visual error, a curious instance of misseeing.
Here we introduce a novel paradigm to investigate this
exact experimental situation. We gave our participants the
task of choosing which of two faces moving across a screen
they found most attractive. The setup was covertly gazecontingent in some trials, where our aim was to completely
prevent the participants from ever looking at one of the faces
in the pair - i.e. as soon as we detected a saccade directed
at the target face, both of the images immediately shifted, so
that the gaze ended up just where it started. Thus, participants
only ever got to fixate on one of the alternatives on those trials (see Figure 1). By making participants’ eye movements
fail repeatedly in this way, we are able to investigate if oculomotor intentions are consciously monitored. Furthermore,
if the effects of disrupting the link between gaze targets and
outcomes should go unnoticed, our paradigm can be used to
explore how allocation of visual attention might bias the decisions of our participants, and how it influences their recognition and source memory for stimuli and choices.

normal or corrected-to-normal vision with contact lenses.
The participants received compensation in the form of a gift
voucher valid at the movie theater for participating.

Materials and stimuli
The participants had their heads on a chin rest 80 cm in front
of a 27-inch LCD monitor (resolution at 1920 x 1080 pixels)
with a refresh rate at 120 Hz. The eyes were measured using the Eyelink 1000 (SR Research, Ontario) that recorded
monocularly at 1000 Hz, while the experiment was run on
Python 2.7.3 using the PsychoPy module (Peirce, 2007). All
eye movement data were recorded online after a nine-point
calibration (average measured accuracy = 0.47, SD = 0.33).
The faces came from the Chicago Face Database (Ma et
al., 2015). All faces used were frontal-view Caucasian with
neutral expression, rated for a number of attributes including
attractiveness, on a 7 point scale. Faces were paired by gender and attractiveness. The faces were divided into three attractiveness groups, the highest 25% belonging to the ‘high’
attractiveness group, the middle 50% belonged to the ‘mid’
group, and the lowest 25% belonged to the ‘low’ group. The
images of the faces were resized to 244 (wide) x 172 (high)
pixels, with a raised cosine edge to provide softness. The distance between the centers of the images in a pair was approximately 5 visual degrees (230 pixels on the screen at a distance
of 80 cm from the eyes, 33 pixels/cm).

Method
Participants
31 participants (17 female, 14 male) recruited at Lund University, mostly students (mean age = 26.1 years, SD = 7.1),
took fully part in the experiment. All participants reported
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Table 1: The set of interview questions, translated into English from Swedish. The primary questions were always asked, while
the follow-up questions interjected whenever a participant expressed difficulties in seeing the faces during the experiment.
Primary questions
1. How do you feel about the experiment?
2. Did you think about anything in particular during the experiment?
3. How did it feel to make the decisions?
4. Was there anything in particular that you thought about regarding
the decisions?
5. Did you evolve any strategies for decision-making?
6. How do you feel about the faces?
7. Was there anything in particular that you thought about the faces?
8. Did you notice anything weird about the experiment?
9. If you had to guess about an undisclosed purpose of the experiment, what would you guess?

Procedure

Follow-up questions
1. Why do you think it was like that?
2. Was it difficult to see the faces in a particular position?
3. Could you fixate both faces?
4. Could you see both faces? If not, what strategy did you use when
making the decisions?
5. Did the decisions feel free or dejected when it was difficult to see?

conditions. If the faces ever reached the edge of the screen,
they would reappear at the other side.
In manipulated trials, the face pair would additionally jump
whenever the participant attempted to view the front face.
The gaze-contingent jump was governed by a covert gazecontingent window placed over the front face (see Figure 1).
The window had borders distanced 5 visual degrees away
from the center of the front face, except in the direction towards the back face, where the window’s border extended
3.6 degrees. Whenever the participants’ eye gaze was detected within the window a jump was triggered. Otherwise,
the movement of the faces continued according to the rules
for the non-manipulated trials.

Participants were introduced to the experiment, and were told
that the purpose of the experiment was to investigate how the
movement of alternatives in a decision affected their decisionmaking. They were told that their pupil sizes would be measured among other measures, but nothing about eye movements. They were also told to make their decisions without
feeling pressured for time. The experiment consisted of 60
decision trials and 180 memory trials.
Decision trials and gaze-contingent manipulation In the
decision trials, a fixation marker spawned at one of 8 possible
positions, and after a random time between 1-2 seconds, the
pair of faces appeared, such that the ’back’ face (the face at
the back of the movement direction) appeared directly where
the fixation marker had been, and the ’front’ face appeared on
the side which would be the direction the faces would jump
according to (Figure 1). The pair of faces started their movement pattern immediately after appearing, and the participant
had unlimited time to make their decision by button-press depending on which face they preferred. After each decision
a confidence-scale appeared, where the participant could input their confidence in the previous decision on a continuous
scale from 1.00 to 6.00.
The first 5 decision trials were always non-manipulated,
while the remaining 55 trials could be either gaze-contingent
or not with 50% likelihood for either. The manipulation was
programmed to force the participants to view the back face.
In non-manipulated trials the base rate at which the faces
jumped was dependent on a few conditions designed to mask
the fact that the manipulated trials were gaze-contingent. The
time a pair would remain in position was a number of frames
of equal probability between 20-35, times the length of time
for each frame (at 120 Hz each frame was about 8.3 ms), such
that the pair could stay in the same position between 166-292
ms. Additionally, there was a 10% probability that the faces
would jump after only 5 frames (42 ms), to produce a more
jittery behavior that resembles the gaze-pattern of participants
attempting to view a blocked face in purely gaze-contingent

Memory trials Following the decision trials participants
completed the memory trials. During each memory trial a
face appeared, with instructions asking if they recognized
the face. If they answered positively, they were additionally
asked whether they think they chose that face in the decision
trial it was part of or not. Two-thirds of the faces had been
presented previously, while the participants were told that the
ratio between old and new faces varied between the participants and would not necessarily be 50/50.
Post-experiment interview After the two phases, the participants were interviewed. There were 9 primary questions
asked, but if a participant expressed some suspicion regarding the movement of the faces, or if they expressed that they
could not perceive both faces sometimes, a set of follow-up
questions intervened (Table 1).

Measures and analysis
To determine whether participants monitored oculomotor intentions consciously to any extent, a set of questions (Table
1) was devised that would probe the participants’ subjective
experiences, while trying to limit the extent of leading questions that could produce post hoc rationalizations. A set of
primary questions was devised to scan for any experiences
that could relate to oculomotor intentions. If any response
from the participants sufficiently seemed as there could be
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Amount
3

remarks. Those participants who noticed the manipulation
clearly expressed for instance that "I tried to understand how
it worked, it felt as if when the eyes moved a lot the pictures
moved even more," or that "it felt as if the system did that,
that you should look at the picture in the back."

18

Quantitative data

7

The time spent per decision trial differed significantly between the trial types, as the participants spent on average
more time on the manipulated trials (M = 6.41 s, SD = 5.12
s; for non-manipulated trials: M = 4.69 s, SD = 3.65 s), t(30)
= 5.49, p < .001. Participants’ average confidence responses
were also significantly lower for the manipulated trials (M =
3.17, SD = 1.32; for non-manipulated trials: M = 4.01, SD
= 1.10), t(30) = -7.36, p < .001. While the participants were
biased in manipulated trials to only view the back face due
to the gaze-contingency, there was also a bias to have spent
more time on the the back face for the non-manipulated trials
(average time spent on the back face = 1.40 s, SD = 1.20 s;
average time spent on the front face = 0.77 s, SD = 0.73 s; average relative time spent on the back face = 65%, SD = 13%).
The participants triggered the gaze-contingent manipulation
on average 29.3 times per manipulated trial, SD = 24.2.

Table 2: The frequency of participants belonging to the each
category of awareness.
Degree of awareness
1. No reflections regarding perceiving the
faces clearly
2. Experienced difficulties perceiving both
faces clearly sometimes
3. Suspicious that faces were sometimes manipulated to be faint/blurry/unclear
4. Experienced feelings that faces sometimes
moved according to eye movements
5. Suspicious that faces moved according to
eye movements

0
3

some relevant awareness, a set of follow-up questions were
interjected, returning back to the primary questions after the
follow-up questions were completed. The degree of awareness was divided into 5 categories specifically related to this
experiment and are listed in Table 2. The answers the participants provided to the questions asked were then used to
categorize them accordingly.
To determine how the manipulation affected decisionmaking and memory of the faces, generalized linear mixed
models (GLMM) were calculated using the lme4 package in
R (Bates et al., 2015). Random effects were modeled as per
participant intercepts, and reflecting the fixed effects structure
to the closest degree such that convergence was achieved.

Decisions The chosen factors for the model on the participants’ decision-making were trial type, attractiveness, and
their interaction. Non-manipulated, high attractiveness trials
were used as baselines. There was a significant effect for manipulated trials as compared to the non-manipulated trials, β
= 0.65, SE = 0.22, p = 0.0025, for low attractiveness, β =
-0.53, SE = 0.18, p = 0.0036, and the interaction between manipulated trial type and low attractiveness, β = -0.75, SE =
0.28, p = 0.0083. No significant effects were found for the
mid attractiveness, β = -0.29, SE = 0.15, p = 0.065, or their
interaction, β = -0.23, SE = 0.24, p = 0.33. The model predictions for choosing the back face can be seen in Figure 2. In
summary, significant effects on the decisions were found for
manipulation, low attractiveness and the interaction between
manipulation and low attractiveness.

Results
Interviews
The division of participants according to the defined degrees
of awareness can be seen in Table 2. Very few participants
(3) explicitly noticed the manipulation that took place in the
experiment, while most participants (18) did not notice the
manipulation, but expressed experiencing visual difficulties.
The type of response that was frequent for participants who
were categorized in group 2 was for instance that "many of
the faces blurred together" or that "they moved so fast that
you could not see both clearly." What separated class 2 from
class 3 responses were that in the latter case participants explicitly stated that they were suspicious to some degree that
the faces were manipulated (although not the movement of
the faces specifically). A typical class 3 response was for instance that "I thought about whether the faces were recycled,
and whether they were modified," or that "it felt as if it was
made up sometimes, as if they were not real people, as if the
faces’ widths were extended." Importantly, participants belonging to class 3 never expressed that their eye movements
affected the movement of the faces, although they could have
expressed that where they looked first in a trial might have
affected which face got manipulated into looking unreal. No
participant was categorized to class 4, as those participants
who expressed that their eye movements affected the movement of the faces did so with confidence or highly accurate

Memory The participants answered correctly whether the
faces they saw were part of the decision trials in 2766 out
of 5580 trials (49.6%). Out of the memory trials which progressed into the participant deciding whether she thought she
chose the face in the decision it was part of, they were correct
in 649 out of 1566 trials (41.4%).
A GLMM was calculated to compute the effects of trial
type, attractiveness, the position of the face and the interaction between the position and trial type, on being able to correctly recognize faces in the memory phase. The significant
fixed effects were front position as compared to the back position, β = -0.41, SE = 0.11, p <.001; low attractiveness as
compared to high attractiveness, β = -0.26, SE = 0.13, p =
.034; and low compared to mid attractiveness, β = -0.26, SE
= 0.096, p = .0067. The fixed effect manipulated as compared
to non-manipulated trial type showed no significance accord-
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Figure 2: The predicted probabilities and their standard errors
on choosing the back face, which in manipulated trials was
the only possible face to directly fixate on. The values include
the effect of the interaction between attractivity and trial type.

Figure 3: The predicted probabilities and their standard errors
on responding correctly to the source memory task. The predictors are face position (either back or front in the direction
movement), trial type, and attractiveness, with an interaction
between trial type and face position. The model excluded
recognition trials with new faces.

ing to this model, β = -0.13, SE = 0.10, p = .19, and the
interaction between manipulated trial type and front position
was not significant either, β = -0.094, SE = 0.15, p = .54. In
summary, recognition memory was superior for the back face
compared to front face, and high attractiveness faces compared to low and middle.
Trial type, attractiveness, position and interaction between
position and trial type were the factors used to model the task
of answering the source memory question correctly. Significant fixed effects were found for manipulated trials as compared to non-manipulated trials, β = 0.47, SE = 0.22, p =
.033, and for the interaction between manipulated trials and
the front position, β = -0.88, SE = 0.39, p = 0.025. Nonsignificant effects were found for low attractiveness as compared to high, β = -0.20, SE = 0.17, p = 0.23, low compared
to mid attractiveness, β = -0.16, SE = 0.14, p = 0.27, and
front position as compared to the back position, β = 0.31, SE
= 0.21, p = 0.15. The model probabilities for correctly remembering whether preferred the faces they recognized can
be seen in Figure 3. In summary, significant effects were
found for the manipulation and the interaction between the
manipulation and the front position.

Degree of awareness
The results from the interview provided with the surprising
data that most of the participants did not become aware of the
manipulation in the experiment. It was surprising because of
the high number of manipulations each participant was exposed to, which was on average 29.3 times per manipulated
trial (although not all of these are the result of a direct saccade from the back to the front face). That means that every
participant was exposed to on average almost a thousand manipulations, even if each manipulation was subtle. But one
thing that made it even more surprising that so few participants expressed awareness of their eye movements failing to
reach one of the faces on some trials, was that each participant
had full control over their exposure to the gaze-contingency,
as they were the one’s who decided when the trial ended, by
making their choice. By choosing themselves when to end
the decision, without any experiment-based time pressure,
they made the indication that they were satisfied with making a decision, at least to some degree, even if they felt that it
was difficult to see one of the alternatives. And the results on
the memory tasks supports the fact that the manipulation was
successful in blocking the seeing of the front face in manipulated trials, as there was a significant reduction in recognition memory for blocked faces in the manipulation trials. The
same holds for the data on the participants’ source memory,
as they were better at correctly remembering if they chose a
back face if it took part in a manipulated trial compared to a
non-manipulated trials, which likely was due to the increased
exposure to back faces on average on manipulated trials compared to non-manipulated. Participants were also worse at

Discussion
In this paper we introduced a novel gaze-contingent manipulation technique to introduce mismatches between oculomotor intentions and their outcomes. We found that participants
generally do not monitor their oculomotor intentions to the
degree that would be posited by goal-directed action models.
Additionally, we found that the effect of forcing participants’
gaze towards one option in this specific way biased their decisions and later memories.
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correctly remembering if they chose a front face that was
part of a manipulated trial compared to a non-manipulated
trial, which reasonably results from the manipulation blocking them from viewing that face. This leads us to believe that
we are not monitoring our oculomotor intentions in a direct
conscious way, at least when engaged in decision-making.
On the other hand, it is highly possible that the manipulation affected participants consciously in other ways, such
as their sense of agency, and confidence in their ability to
make accurate decisions in the visually demanding task. This
would require further investigations, which would provide
with information that could improve our models on goaldirected actions.
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Decision-making
Given that most participants were naive to the manipulation,
the effect the manipulation had on their decision-making is of
general interest. On manipulated trials, if the face was part of
the high attractivity group, the participants had about a 15%
increased likelihood (from about 55 to 70%) of choosing the
back face (to which their gaze was forced). That effect is not
small, and supports previous research on the effect the dynamics of eye movements have in decision-making (Shimojo
et al., 2003; Pärnamets et al., 2015). But what is also interesting is how the direction of the effect switches for low attractivity faces. Here, the participants were more biased in their
choices towards the front face instead, with the likelihood of
choosing the back face dropping down to about 40%. The
striking thing here is that in manipulated trials the participants
could not see the front face, yet were more likely to choose
that face which they did not see. This supports the view that
more exposure to unappealing stimuli decreases ones preference for it (Armel et al., 2008). Again, follow-up work is
necessary to replicate and fully understand these findings.
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Abstract

Topic models have been used to understand the structure of
academic publishing in the past. The archives of the journal Science have been used as a test dataset for dynamic
topic models (Blei & Lafferty, 2006), as well as other topic
model extensions (Blei & Lafferty, 2007). Cohen Priva &
Austerweil (2015) applied topic modeling to the field of cognitive psychology, using the archives of the journal Cognition. However, they used a static topic model, and visualized
the change of topics over time in an ad-hoc manner using the
empirical frequency of words within each topic. Thus, the
present project represents the first attempt to directly model
changes in the field of cognitive science over time.

What are the major topics of the Cognitive Science Society
conference? How have they changed over the years? To answer these questions, we applied an unsupervised learning algorithm known as dynamic topic modeling (Blei & Lafferty,
2006) to the 2000–2017 Proceedings of the Cognitive Science Society. Unlike traditional topic models, a dynamic topic
model is sensitive to the temporal context of documents and
can characterize the evolution of each topic across years. Using this model, we identify historical trends in the popularity of
topics over time, and shifts in word use within topics indicative
of changing focuses within the field. We also measure the correlation across topics, and use the model to highlight the topic
structure of particular papers and labs. We believe dynamic
topic models present an important tool towards understanding
Cognitive Science as it continues to grow and evolve over time.
Keywords: topic models; trends; scientometrics; cognitive
science

Problem definition and algorithm

From August 13th to 16th in 1979 the first conference of
the Cognitive Science Society took place. The conference
program listed talks by 42 researchers, grouped into five categories in a single track: cognitive science and education,
psychology of categorization, human development, language
processing, and belief systems. In comparison, last year’s
conference in 2017 had 255 talks grouped into 54 categories
that ran in 11 parallel tracks. The 11-fold increase in categories and tracks is modest evidence for the increasing complexity of the field of cognitive science.
To shed more light on the evolution of topics within the
field, we used a dynamic topic model to analyze the raw text
of the annual Proceedings of the Cognitive Science Society.

In standard topic modeling, also known as Latent Dirichlet
Allocation (LDA; Blei et al., 2003), the goal is to infer a fixed
set of latent topics underlying a corpus of documents. Let
β1:K be K topics, each of which is a multinomial distribution
over a fixed vocabulary, and let α be a hyperparameter that
governs the topic-distribution of documents. For each document, we assume that topic proportions θ are drawn from
Dirichlet(α). We then assume that each word in the document is drawn with topic assignment z ∼ Mult(θ) and identity
w ∼ Mult(βz ).
In LDA, the time at which a document was published
would have no effect on word distributions of its underlying
topics. In the dynamic topic model (DTM), we relax the assumption that β1:K are fixed over all time points. Instead, we
replace βk with βt,k , denoting the word distribution of topic k
at time t. This means that DTM allows for the words within
a given topic to change over time.
To model the drifting of β over time, we represent β in an
unconstrained space described by the natural parameters of
the multinomial. We assume that the terms of β drift over
time according to Gaussian noise,

Dynamic Topic Models
Topic modeling is an approach to unsupervised text understanding in which documents are posited to be generated
by a set of underlying word distributions known as topics.
Topic models have been used successfully to capture structure
in large text corpora and make these corpora more humanunderstandable (Blei et al., 2003). However, traditional topic
models do not capture the temporal ordering of documents,
thus not directly modeling how topics change over time. Dynamic topic models address this issue by allowing the distribution of words in topics to change as a function of time (Blei
& Lafferty, 2006). For example, a topic devoted to articles
about communication could give high probability to words
related to fax machines 20 years ago, but shift to include more
words related to the Internet today.
∗ All

βt,k |βt−1,k ∼ N (βt−1,k , σ2 I)
The function π then maps β back to a standard representation
of a multinomial,
π(βk,t )w =

authors contributed equally to this work.
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exp(βk,t,w )
∑w exp(βk,t,w )

This means that the complete generative process assumed
by the DTM is:
1. Draw topics βt |βt−1 ∼ N (βt − 1, σ2 I).
2. For each document, choose topic proportions θ from
Dirichlet(α).
3. For each word in each document:
(a) Choose a topic assignment Z ∼ Mult(θ).
(b) Choose a word W ∼ Mult(π(βt,z )).
Once the generative model has been defined, variational inference is used to infer β, as well as θ for each document.
We note that in a more complete model the prior over topic
proportions α could vary across topics and over time, and
could be inferred from the data along with β. However, in
the existing implementation of variational inference for the
DTM, α is fixed, presumably to decrease computational complexity. Thus our analyses assume a fixed α across topics and
over time.

Figure 1: Model performances on the next year’s data, after
training on previous years. The y-axis shows negative loglikelihoods (i.e., lower score is better) relative to the LDA (all
years) model (i.e., the black base line). LDA (all years) and
DTM (all years) were trained on all data up to the held-out
year. LDA (prev year) was only trained on the year prior to
the held-out year.

Method
Data

them by determining the negative log likelihood assigned to
the 2017 documents.

We downloaded 6920 PDF files from the Cognitive Science
Conference archives, representing submissions from 2000 to
20171 . In general, each submission is a 6 page paper. We converted each entire PDF to text using an automated pdftotxt
utility. We tokenized the text based on whitespace, and removed lines in which few tokens were English words, because these lines tended to contain equations. We also removed words that were less than four characters long and
were not in a standard English dictionary, as these were often produced by errors in the PDF parser. We then lemmatized the words to standardize pluralizations and verb tenses.
Finally, we removed tokens that occurred in fewer than 36
documents (i.e., 2 documents per year on average), as well
as tokens that occurred in more than 50% of documents. Our
final vocabulary contained 9710 words.

Model comparison
To evaluate the DTM compared to LDA, we fit a series of
models in which we trained the model up to a given year, and
then inferred the negative log-likelihood of the data for the
given year. We compared the DTM with optimal σ2 trained
on all data up to the held-out year, LDA trained on all data
up to the held-out year, and LDA trained only on the last year
of data before the held-out year. The DTM for each year was
initialized using the inferred topics from the LDA fit on the
same training set, to maximize comparability across conditions. We conducted this procedure for each year from 2002
to 2017.

Model fitting

Results

We used a modified version of the Blei lab’s C implementation of the dynamic topic model (https://github.com/bleilab/dtm) which uses a variational inference algorithm to estimate an approximate model posterior from data. Following
Blei & Lafferty’s analysis of Science we assumed 20 topics2 ,
and chose α = .05 (using 1/(num. topics) as a rule of thumb).
The model used for our qualitative results was fit using all
6920 pdf files from all 18 years. To determine optimal topic
variance parameter (σ2 ), we fit a series of DTM models with
σ2 = {.0001, .0003, .001, .003, .01} up to 2017, and evaluated

Model evaluation
We found that the optimal value of σ2 was .001, slightly lower
than the value of .005 used by Blei & Lafferty (2006) in their
DTM analysis of Science. This optimal value was used for
all of our other fits of the DTM model. The results of testing
the DTM and LDA models on a held out year are displayed in
Figure 1. Because the all-years LDA model tended to perform
best over all, the results of the DTM and of the previousyear LDA model are shown in relation to this model. We
found that with fewer years, the DTM performs far worse than
LDA. However as the number of training years increases, the
DTM’s relative performance gradually improves, becoming
roughly equal to the static LDA model by 2017. LDA trained
on only one previous year, in contrast, gradually loses ground
as the the last year’s data becomes a smaller proportion of the

1 For years before 2000, only large PDF files concatenating all
papers from a year were available and not one PDF per paper.
2 We found that the log-likelihood of held-out data actually improved slightly up through 100 topics, the highest number tested, but
remained with a 20 topic model for reasons of computational costs
and human interpretability.
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training set.
Our finding that the DTM performs poorly with few years,
and improves with a temporally broader training set, comports with the idea that the DTM is a more complex model
that can capture temporal variation but can also over-fit training sets with little temporal structure. However, this result
differs from that of Blei & Lafferty (2006), who found that
the DTM outperformed LDA strongly when trained on only
a few early years of Science, and that LDA’s relative performance improved over time. It will be interesting to see if
the performance of the DTM relative to LDA continues to
improve as the training set of Cognitive Science Proceedings
increases in future years.
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with highest weights in the topic-term distribution (β), and
the papers with highest weights on this topic (θ). The interpretations from these two perspectives should agree with each
other.
Our procedure of deciding topic labels proceeded as follows. First, we looked into the most frequent words in each
topic cluster. For example, the most frequent term for topic
17 is “probability”, followed by “distribution”, “parameter”
and “prior”—all are typical in a probabilistic modeling research. Second, we looked into the most typical papers in
each topic, formally defined as the paper with the highest proportion on the given topic among all papers in the same year.
We checked their titles and keywords to confirm our intuition.
Through this method we manually labeled all the 20 topics,
and these labels are used throughout.
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Figure 2: Rising and falling popularity of each topic over the
last 18 years. The upper panel shows topics with a rising
trend, defined by a higher estimated frequency in 2017 than
in 2000, and the lower panel shows all remaining topics.

years. This can be demonstrated by the changing theme in
typical papers across years. For each year, the paper that had
the largest topic proportion (θ) for this topic, was selected as
the most typical. When inspecting these papers, there seems
to be a shift over the years in the predominant theme of the
topic. From 2000 to 2005, most typical papers are shown
in the upper half of Table 1. The overarching theme seems
to be connectionist neural models depicting cognitive processes. This differs from the typical papers in the last five
years, shown in the lower half of Table 1 where the models
become more and more biologically focused and related to
neuroscience studies on neurons and circuits.
The shift within the Neural network topic is also noticeable in the trends of particular words relevant for the topic.
This can be shown with the terms whose weights increased
or decreased most over the years (see Figure 3).
A similar analysis also applies to other topics. For example, we found in the Probabilistic modeling topic, words such
as “Bayesian,” “fit,” “prior,” and “sample” show the most increasing trends, which may indicate that Bayesian methods
have become more prominent over time.

Trends in CogSci Using the DTM’s inferred topic-yearword distributions (β) and topic-document distributions (θ),
we created several visualizations to understand how the field
of Cognitive Science has changed over the last two decades.
Figure 2 shows the overall proportion of each of the 20
topics over the last 18 years. Since we assumed a flat prior
on topic proportions (α), these proportions were estimated
empirically by averaging the topic proportions in all documents in a given year, and then smoothing the curve using
a LOESS regression. Some topics have remained fairly stable over the years. Others have become much more or less
popular. The topic Probabilistic modeling, for example, has
more than doubled in popularity to become the most popular
topic. Decision making has become much more popular as
well. The topic Neural network, in contrast, has decreased in
popularity from its earlier heyday, but is starting to show a
resurgence.

Similarities of topics Figure 4 shows a visualization of the
similarity structure of the topics. The similarity between two
topics is obtained by correlating their document vectors (of
θ values), where a higher correlation indicates a more similar scoring pattern across documents. The complete topicby-topic correlation matrix was projected into two dimensions using the R package qgraph (Epskamp et al., 2012).

Trends in the topic Neural network Here we provide a detailed study of one specific topic, the Neural network topic,
which seems to contain subtopics with different trends across
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Table 1: Each year’s most typical paper for the topic Neural network. Up to 2005 the theme is more tuned towards artificial
intelligence (e.g., connectionism), after 2012 more towards neuroscience (e.g., neural circuits).
Year

Title

2000
2001
2002
2003
2004
2005

Representing Categories in Artificial Neural Networks Using Perceptual Derived Feature Networks
Neural Synchrony Through Controlled Tracking
Preventing Catastrophic Interference in Multiple-Sequence Learning Using Coupled Reverberating Elman Networks
A Split Model to Deal with Semantic Anomalies in the Task of Word Prediction
A Neural Model of Episodic and Semantic Spatiotemporal Memory
A Connectionist Implementation of Identical Elements

2012
2013
2014
2015
2016
2017

How many Neurons for your Grandmother Three Arguments for Localised Representations
Simultaneous unsupervised and supervised learning of cognitive functions in biologically plausible spiking neural networks
Learning and Variability in Spiking Neural Networks
Lateral Inhibition Overcomes Limits of Temporal Difference Learning
Improving with Practice A Neural Model of Mathematical Development
A Plausible Micro Neural Circuit for Decision-Making

Due to the fact that all θs for a given document must add
to 1 and are thus in competition, the topics were naturally
slightly anti-correlated at -0.05, as determined by shuffling
topic-assignments within documents. We set this value to be
the baseline and rescaled all correlation coefficients, resulting
in the line widths in Figure 4. Interestingly, of all topics, Educational psychology had both the strongest similarity with
another topic, namely Text processing and creativity, as well
as the strongest dissimilarity, with Probabilistic modeling.
Characterizing a lab or author in the topic space DTM
gives us a method not only for identifying trends in the
whole field but also a reference frame to characterize a
subset of documents of interest. Here we provide an
example of this kind of analysis, namely locating a lab
in the topic space by averaging the topic proportions of
all the documents produced by this lab. We chose the
Computation and Cognition Lab at New York University
(our database had 29 out of 32 CogSci publications listed
on http://smash.psych.nyu.edu/papers.php), and the Stanford
Language and Cognition Lab (with 58 out of 59 publications
listed on http://langcog.stanford.edu/). The averaged topic
proportion across all papers in each lab are shown in Figure 5, which agrees with our intuition for these labs’ themes.
Worth noting is that this analysis is specific to publications
in CogSci only. It may well be a lab has other directions of
study that are not published in CogSci and are therefore not
visible in this analysis.
Recommending interesting papers We can also use the
model to identify papers that are similar to a target paper,
based on the cosine angle between their topic vectors. Since
our model is fitted to all years at once, the similarity search
is not constrained to papers that were published in the same
year as the target paper. For demonstration3 , we took a recent CogSci publication from one author of the present paper:
Rothe et al. (2016). Table 2 shows the most similar papers,
which come from the same, earlier and later years then the pa-
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Figure 3: Trends within the Neural network topic. The upper
panel shows the ten words with largest increase in frequency
from 2000 to 2017, as estimated by the DTM. The lower
panel shows the ten words with the largest decrease. We can
see that the words becoming less popular in this topic are
more closely related to connectionist neural networks (e.g.,
connectionist, nodes, input, output) while the more rising
words are more related to biologically relevant neural models
(e.g., brain, neuron), and maybe also to deep learning models
(e.g., layer, vector).

3 See https://anselmrothe.github.io/dtm/ for a webbased, interactive version of our recommendation system.
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Figure 5: Dominant topics in two selected labs, the Stanford Language and Cognition Lab and the NYU Computation and
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Table 2: Papers similar to Asking and evaluating natural language questions (Rothe et al., 2016).
Cosine

Year

Title

0.986
0.983
0.980
0.978
0.977

2016
2013
2016
2017
2010

The distorting effect of deciding to stop sampling
Non-parametric estimation of the individuals utility map
Searching large hypothesis spaces by asking questions
A computational model for decision tree search
Cognitive Models and the Wisdom of Crowds A Case Study Using the Bandit Problem

per itself, and which have cosine angles close to 1, indicating
a strong similarity. Interestingly, on a first glance the match
of the titles is not striking at all. For example, words from the
titles such as “sampling”, “utility”, or “computational models” do not seem very close to “natural language questions”
from the target paper’s title. However, knowing the content
of the target paper, these words fit neatly to the account on
question asking pursued in this article.

tive science. Correlated topic models (Blei & Lafferty, 2007)
can explicitly account for topics that tend to occur together in
the same article, providing a formal avenue to understanding
the kinds of connections between topics visualized in Figure 4. The document influence model (Gerrish & Blei, 2010)
is an extension of the DTM that integrates the idea that some
articles have a greater influence than others on future articles’ word composition. Using this approach, one could identify influential papers in an automated way, and investigate
whether this measure of influence maps well to citation count
or tends to be associated with mixtures of previously lessconnected topics. The approach could also be combined with
that of Leydesdorff & Goldstone (2014) to determine how
document influence relates to the citation of journals outside
the field.

Discussion
We applied a dynamic topic model (DTM) to the last 18 years
of Cognitive Science Society Proceedings. The model inferred 20 distinct topics, which appear to reasonably correspond to different subfields of cognitive science. We applied
the DTM to two directions of analysis. First, we identified
historical trends in the whole field as well as the detailed evolution of a specific topic. Second, we characterized individual documents in the topic space, which enabled comparing
different labs’ topic orientations as well as recommending papers of similar topic composition.
It is worth noting that the interpretations we offer are only
one of many ways to look at the field of cognitive science and
simplify its complexity. Specifically, the topics we identified
are dependent on stochasticity in the dataset and limitations in
data preprocessing and model fitting and specification. Future
work can extend our analyses to yield new insight in a number
of ways.
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Abstract

goals and its physical representation of the subject matter
may enable Anne to infer that Sally is trying to tell her
something. Indeed, people readily label hand motions as
gestures when the movements mime the act of grabbing
nearby objects (Novak et al., 2016). Even four-year-olds
map iconic motions to referents faster than they map
arbitrary motions to referents (Magid & Pyers, 2017),
suggesting an early emerging sensitivity to the relationship
between a movement’s form and its meaning.
In some cases, however, it is impossible to produce iconic
gestures because the meaning does not map onto an action
or material referent. For example, it is difficult to conceive
of an iconic gesture that represents gratitude or uncertainty.
Moreover, many common communicative gestures, such as
shaking one’s head, or giving the thumbs up, are not iconic,
showing that iconicity is not the only means of conveying
communicative intent.
Because non-iconic gestures get their meaning through
cultural consensus, they are only useful when the recipient
is already familiar with the gesture. Yet we can also
recognize new gestures even if we do not know what they
mean. Imagine, for instance, watching someone raise her
arm with an open hand and her palm facing inwards. Even if
you do not know that this means “thank you” in some
cultures, chances are that you will still suspect that this
movement is a gesture. More importantly, all gestures are, at
some point, novel to children, who nonetheless manage to
learn their meaning and use them effectively even before
their second birthday (Guidetti, 2005; Harris, et al., 2017).
Here we propose that people expect non-iconic
communicative actions to be shaped so as to reveal that they
have no external goals. Most directly, this predicts that
people should see less efficient movements as more likely to
be communicative. However, under this account, not all
inefficiency is created equal: motions that quickly reveal the
absence of an external goal should be seen as more likely to
be communicative.
One way to indicate the absence of an external goal is
through repetition. By repeating a movement without
changing any physical aspect of the world, observers can
quickly infer that the goal is nothing more than to produce
the action itself, therefore revealing the action’s
communicative intent. Thus, we predict that people should
perceive a repetitive movement as more likely to be
communicative than a non-repetitive movement, even if
both movements are equally inefficient.
Here we present three experiments that support our
hypothesis. Using a simple paradigm of dots moving in twodimensional planes (which have been shown to convey

Humans often communicate through seemingly arbitrary
actions, like winks, waves, and nods. While these non-iconic
gestures derive their meanings from cultural consensus,
people, and especially children, must be able to identify these
movements as gestures. Here we propose that people expect
that communicative actions will be shaped to reveal that they
have no external goal. In Experiment 1, we show that people
judge inefficient actions as more likely to be communicative.
In Experiment 2, we show that these judgments are truly
driven by efficiency, rather than a movement’s visual
complexity. Finally, in Experiment 3, we show that repetition
– which unambiguously reveals that the goal of the action is
the movement itself – has a strong influence on inferences
about communicativeness, independent of the motion’s
efficiency. Our findings show how expectations about noniconic communicative actions can be folded into a general
goal inference framework structured around an expectation
for efficiency.
Keywords: Action understanding; gesture; social cognition

Introduction
Beginning in infancy, people interpret others’ actions in
terms of goals (Woodward, 1998), and they infer these goals
by assuming that agents act efficiently (see Jara-Ettinger et
al., 2016 for review; Csibra et al., 2003; Gergely et al.,
1995; Jara-Ettinger et al., 2015; Jara-Ettinger et al., 2017;
Király et al., 2003; Scott & Baillargeon, 2013; Skerry,
Carey & Spelke, 2013; Southgate, Johnson & Csibra, 2008).
For example, if Billy takes a straight path towards a box of
oranges, we can infer that his goal is to get an orange. If
instead, Billy moves erratically until he reaches the box of
oranges, we may infer that he was originally undecided
about his goal, or that he did not know how to complete it.
Goal inference is most commonly conceptualized in terms
of “external” goals, such as manipulating objects, reaching
locations, or searching for items. Yet many intentional
actions serve a different purpose: to communicate. When
people wave, wink, or nod, their goal is not to act on an
external object, but to share a message: acknowledging
someone’s presence; indicating that they are in on a joke; or
agreeing with someone’s argument. For a communicative
action to fulfill its goal, however, people must be able to
recognize it.
The most obvious way to identify a gesture and recognize
its meaning is through iconicity. For example, if Sally wants
to remind Anne to cut the tag off of her dress, Sally may
hold out her index and middle fingers and move them
together and apart to represent a pair of scissors. The
movement’s inefficiency with respect to plausible external
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enough information to elicit rich mental state reasoning in
adults; Heider & Simmel, 1944), we explore people’s
intuitions about the structure of non-iconic communicative
actions, independent of ostensive cues that may accompany
communicative actions in natural contexts.
In Experiment 1, we test whether people believe that less
efficient motions are more likely to be communicative.
Inefficient paths, however, are also more likely to be
visually complex. Therefore, in Experiment 2, we test
whether people’s inferences about communicativeness are
better explained by a path’s inefficiency or by its superficial
complexity. In Experiment 3, we show that people infer
that a movement is communicative based on its
repetitiveness, independent of its inefficiency. All stimuli,
data, and analyses are available at https://osf.io/ehb48/.

in a set of 4,520 unique paths, which we sorted into eight
categories based on a priori features of interest that impact
the path’s efficiency (see Figure 1 for descriptions and
examples of path categories). We then randomly selected
two random paths from the first category (Fig 1A) and three
random paths from all other categories (FigB-H) for a total
of 23 paths. Four additional paths were also selected for use
as warm-up videos.
Procedure Participants first read a brief cover story:
There is an anthropologist doing research on a remote island.
Once a week, a helicopter flies over the island and the
anthropologist has to signal the helicopter if he needs additional
supplies. Because the tree cover on the island is so thick, the
helicopter operator can only track the anthropologist's movements
using an infrared camera. The camera is very good at capturing
motion. Because of this, the anthropologist signals different
requests using previously agreed-upon walking movements.

Experiment 1
In Experiment 1, we test whether people judge less efficient
paths as more likely to be communicative. If people assume
that communicative actions are shaped to reveal that they do
not have external goals, then participants should rate
inefficient movements as more communicative than
efficient movements.

Some days, the anthropologist needs supplies and will move to
communicate a message to the helicopter. Other days, the
anthropologist will not need to communicate anything and will
continue doing his research and maintaining his base camp.
You will be shown videos of the anthropologist’s movements on
different days and asked to rate how likely you think it is that the
anthropologist was communicating something to the helicopter
that day on a scale of one (definitely not communicating) to seven
(definitely communicating).

Methods
Participants 30 participants (M = 32.87 years, range = 2263) from the US (as indicated by their IP addresses) were
recruited through Amazon’s Mechanical Turk platform.

After reading the cover story, participants completed a
three-question quiz to ensure that they read and understood
the scenario. Participants had to reread the scenario and
repeat the survey until they answered all questions correctly.
Next, participants were next shown four warm-up videos in
order to familiarize them with the types of movements the
anthropologist could make. Before proceeding onto the test
phase, participants were reminded of the rating scheme. And
finally, participants were told that the anthropologist was
trying to communicate in roughly half of the videos.
In the test phase, each video looped continuously and was
presented on a separate screen. Under each video was a 7point scale, where participants rated how likely it was that
the anthropologist was trying to communicate, from 1
(definitely not communicating) to seven (definitely
communicating). The order of the videos in the warm-up
phase and the order of the videos in the test phase were
randomized.

Stimuli The stimuli consisted of 23 seven-second videos of
a white dot moving around a green screen. A short red tail
trailed behind the dot, in order to make the movements
easier to track.

Figure 1: Examples of paths from the eight categories: a) maximally
efficient paths, b) paths that retrace themselves back to their origin, c) paths
that move towards more than one quadrant, d) paths that move towards only
one quadrant, e) paths that retrace a part of themselves, but do not start and
end in the same position, f) paths that intersect themselves, but do not start
and end in the same position, g) paths that have repeated components that
form a pattern, and h) paths that do not retrace themselves, but start and end
in the same position. The full red trails depicted above are included here for
reference. In the experiment, the red trail was one and a half times as long
as the diameter of the dot, and then faded.

Results and Discussion
We quantified each path’s efficiency as
𝑑⋆ 𝑝
(1)
𝑒𝑓𝑓 𝑝 =
𝑑 𝑝
where 𝑑 𝑝 is the actual distance travelled and 𝑑 ⋆ 𝑝 is
shortest distance between the start and the end points.
Therefore, paths that start and end in the same location have
efficiency=0, while straight (maximally efficient) paths
have efficiency=1. As predicted, we found a strong negative

Paths were constructed by combining 4 of 16 possible
primitive path segments, which were a set of horizontal,
vertical, diagonal, and 90 degree arc segments. This resulted
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Method

correlation between path efficiency and average participant
judgments (r = –0.80 p < 0.001; Figure 2), with the two
straight (and therefore maximally efficient) paths receiving
the lowest average communicativeness ratings.

Average Communicativeness Rating (1-7)
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Participants 30 participants (M = 40.83 years, range = 25 73) were recruited in the same manner as Experiment 1.
Individuals who participated in Experiment 1 were excluded
from participation.
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paths (total videos = 24) presented in two ways: one in
which the dot’s path was closely bordered on both sides by
lakes (constrained trials), and one in which the path was not
closely bordered by lakes (unconstrained trials; see Figure 3
for static images). Eight of the twelve paths were obtained
by selecting one random path from each of the a priori
categories used in Experiment 1 (see Figure 1).
Additionally, because we were especially interested in paths
that were perceived as highly communicative in Experiment
1, we selected four additional random paths from the set
with highest communicative appearance (average
communicativeness rating > 4.25 in Experiment 1) for a
total of 12 basic paths.
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Figure 2: The relationship between path efficiency (x axis; 0, least efficient
to 1, most efficient) and average communicativeness rating (y axis; 0, least
likely to be communicative to 7, most likely to be communicative).

However, efficiency was not the only feature that guided
participants’ judgments. Among the least efficient paths
(those that began and ended in the same location; categories
B and H in Figure 1, with efficiency 0 in Figure 2), the
paths with repetition (category B) were rated as more likely
to be communicative relative to paths with no repetition
(category H; p < 0.005 in a linear model constrained to H
and B predicting communicativeness rating from category),
suggesting that specific types of inefficiency, such as
repetition, are salient cues to communicativeness. Similarly,
one path from category G that formed a wave-like pattern
(the example in Figure 1G) was judged as highly
communicative even though it was relatively efficient,
further suggesting that structural aspects of the motion, and
not
efficiency
alone,
drive
judgments
of
communicativeness.

Figure 3: Static images of a constrained trial (left) and an unconstrained
trial (right) from Experiment 2.

Procedure The pre-test phase in Experiment 2 was identical
to Experiment 1. However, the scenario included an
additional description explaining that there are lakes on the
island and the quiz included a fourth question about the
lakes. The test phase was also identical to Experiment 1,
except that participants were assigned to one of five trial
orders, which were all pseudo-randomized so that the two
versions of the same path were never presented
consecutively. Additionally, after the test phase, we asked
the participants whether they used any explicit strategies
when rating the videos.

Experiment 2
Experiment 1 suggests that people judge less efficient
motions as more likely to be communicative. However, it is
possible that people’s judgments were not driven by a path’s
efficiency, but by its shape or complexity. We evaluate this
possibility in Experiment 2 by contrasting paths similar to
those from Experiment 1 with paths that are visually
identical, but now efficient due to lakes on the island
(Figure 3). If judgments of communicative intent track the
movement’s efficiency, then participants should judge the
version of each path bordered by lakes to be less
communicative than the version that is not bordered by
lakes. However, if judgments of communicative intent are
tracking complexity, then the presence of the lakes should
not affect participants’ ratings, and both versions of the
same path should be rated as equally communicative.

Results and Discussion
Figure 4 shows the average perceived communicativeness
for each path when it was constrained (x-axis) and when it
was unconstrained (y-axis). Overall, participants rated the
unconstrained paths (M=4.64) as significantly more
communicative than the constrained paths (M=2.99; t(11)= 8.03, p < 0.001). The only path that did not follow this trend
was the straight path. However, adding external constraints
does not change this path’s efficiency because a straight line
is already the most efficient way to travel between two
points, whereas in the case of the nonlinear paths, the lakes
make the inefficient movements efficient given the external
constraints.
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To analyze the roles of efficiency and the presence of
the lakes, we ran a linear regression, predicting average
communicativeness rating as a function of the path’s
efficiency (irrespective of the presence of lakes; Eq. 1),
condition (constrained vs. unconstrained), and their
interaction. In line with Experiment 1, we found a general
effect of efficiency (β= -1.24; p < .01) and, as predicted, a
general effect of condition (β=2.01; p < .001). We also
found a marginally significant interaction between the
condition and path efficiency (β= -1.14; p = .059),
suggesting that the effect of adding lakes had a greater
impact on less efficient paths.
●
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suggesting that participants were not simply responding to
the presence or absence of lakes. Also, it is important to
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Instead, consistent with the results of Experiment 1,
people’s judgments were also sensitive to each path’s
efficiency
As in Experiment 1, the communicativeness ratings for
the unconstrained versions of paths that started and ended in
the same location were higher for the paths that returned to
their origin by retracing themselves (category B; Figure 1)
than for the paths that did not retrace themselves (category
H; Figure 1). Although paths in both categories were
equally inefficient, participants rated the paths that repeated
the same movement as more communicative. This suggests
that specific types of inefficiency, such as repetition, may be
salient cues to communicativeness.
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If communicative actions are structured to reveal their
communicative intent, then these movements may boast
features that “efficiently” demonstrate their inefficiency
with regards to external goals. Here we test the prediction
that repetitive movements are viewed as more likely to be
communicative, independent of their efficiency. To do this,
we manipulate the number of times a path is repeated, while
keeping the path’s basic shape and total distance constant. If
the repetitiveness of a path spurs judgments of
communicative intent, then participants should rate versions
of a path with more repetitions as more communicative
relative to versions of that path with fewer repetitions.
However, if repetitiveness is not a cue to
communicativeness, then the number of repetitions should
not affect participants’ ratings.
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Figure 4: The average communicativeness rating (1, least likely to be
communicative to 7, most likely to be communicative) for the constrained
and unconstrained versions of each path. Letters correspond to the
categories in Figure 1. The “X” indicates the average communicativeness
for all constrained and all unconstrained paths and x=y is shown as a dotted
line.

This pattern of results is striking. Even though nothing
about the shape of the paths changed, by using situational
constraints, we were able to alter people’s judgments about
the communicative intent behind each movement. This
provides strong evidence that people track inefficiency, and
not complexity, when inferring whether a movement was
done with communicative intent.
To ensure the robustness of the results, we also did a
meta-analysis combining the results of Experiments 1 and 2,
predicting the participants’ individual (rather than average)
answers based on the path’s efficiency (Equation 1) and
condition (constrained vs. unconstrained) 1 with random
intercepts for participant and path category. Consistent with
our past results, we found a main effect of efficiency (p <
0.01), a main effect of condition (p < 0.001), and a
significant interaction between efficiency and condition (p =
0.002).
Finally, to determine whether participants used any
explicit strategies in the task, we analyzed the free response

Methods
Participants 30 participants (M = 34.23 years, range = 2359) were recruited in the same manner as Experiment 1.
Individuals who participated in Experiments 1 and 2 were
excluded from participation.
Stimuli The stimuli consisted of 21 seven-second videos
similar to the ones used in Experiment 1. The stimuli were
designed by first creating seven “basic” paths composed of
two primitive path segments each (see Figure 5). The final
stimuli set consisted of three versions of each basic path: the
basic path (no repetition), the basic path that then retraced
itself back to its origin (one repetition), and the basic path
that retraced itself back to its origin, and then repeated that
path again back to its origin (two repetitions). In order to
obscure the critical manipulation, paths with one repetition
were rotated 90 degrees counterclockwise and reflected over
the x-axis, and paths with two repetitions were rotated 180
degrees counterclockwise. Additionally, we altered the

1

All paths from Experiment 1 were coded as unconstrained for
condition.

988

General Discussion

length of each path segment so that the total distance
traveled by each version of the basic paths was matched.
Procedure The cover story, warm-ups, and test phase were
identical to Experiment 1, except that after the test phase,
we asked participants whether they used any strategies when
rating the videos.

Average Communicativeness Rating (1−7)

7
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Condition
No repetition
4

One repetition
Two repetitions

3

2

1

Figure 5: The average communicativeness rating (1, least likely to be
communicative to 7, most likely to be communicative) for paths with no
repetition, one repetition, and two repetitions. Vertical bars show 95%
confidence intervals. Images along the x-axis show the shapes of the
unrepeated basic paths and are ordered based on the basic path’s efficiency
(see Eq. 1).

Results and Discussion
As in Experiments 1 and 2, we averaged participant ratings
to obtain a mean communicativeness rating for each path.
To analyze the role of repetition and efficiency, we ran a
linear regression predicting average communicativeness
rating as a function of the path’s base efficiency, and the
number of repetitions. Consistent with Experiments 1 and 2,
we found a general effect of efficiency (β= -1.16; p = .001)
and, as predicted, a general effect of repetitions (β=1.40; p <
.001). We did not find a significant interaction between
repetitions and base path efficiency (β= 0.31; p = .407).
When asked whether they used any strategies, 17 of the
30 participants mentioned paying attention to the amount of
repetition, back-tracking, or patterns while watching the
stimuli. However, participants also rated less efficient paths
as more communicative, suggesting that even if participants
were explicitly basing their judgments on repetition, they
were also still implicitly tracking how efficiently the
movements mapped onto external goals independent of the
number of repetitions. Additionally, there was nothing in
the experimental set-up that indicated that communicative
movements ought to be more repetitive than goal-directed
movements. Indeed, one could plausibly infer the opposite:
that moving from one point to another in the exact same
way is instrumental in the pursuit of a specific external goal.
Participants’ attention to repetition provides evidence that
people expect communicative actions to be structured in a
way that reveals that they are not directed at external goals.
With each repetition, participants found the same basic
movement to be more communicative, even though the
distance and duration of travel were held constant.
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Our findings provide the first evidence that people assume
that movements made with communicative intent are shaped
to reveal that they are not instrumental to external goals. In
Experiment 1, we found that people judged less efficient
motions as more likely to be communicative. In Experiment
2, we found that these judgments were driven by the path’s
inefficiency rather than by its complexity. Finally, in
Experiment 3, we found that participants judged repetitive
motions as more likely to be communicative.
Although people assume that communicative actions will
be inefficient in regards to alternative external goals, not all
inefficient movements are communicative. For example,
someone may perform unnecessary inefficient steps out of
ignorance or ritual. People appear to believe that movements
that quickly reveal the absence of external goals (such as
repetitions) are more likely to be communicative,
independent of the movements’ efficiency. Thus, taken
together, our results suggest that people’s expectations
about communicative actions are not guided by inefficiency
alone, but rather by inefficiency that quickly reveals that the
goal is in the action itself.
The experiments presented here are consistent with work
showing that when a movement is intentional, but does not
efficiently accomplish an external goal, people infer that the
goal of the action is the movement itself (Schachner &
Carey, 2013). One critical difference, however, is that
Schachner and Carey (2013) did not find an effect of
repetitiveness on the inference of movement-based goals.
Importantly, in their study, the agent was alone and there
was no prior mention of possible communicative intent.
This difference further suggests that repetition is associated
with communicative actions, rather than with the broader
class of actions where the goal is the movement itself (such
as dancing).
Here we focused on people’s expectations about the
structure of communicative actions, rather than on the
structure of communicative actions themselves. Intuitively,
however, the assumption that communicative actions are
shaped to reveal that they have no external goal is
reasonable and related work has shown that when people
need to create communicative systems through motion, they
tend to use repetitive and inefficient trajectories to
disambiguate their communicative intent (Scott-Phillips, et
al., 2009). Additionally, many gestures in the US–such as
winking or extending one’s index finger and pinky to
inform someone to “rock on”–consist of movements that are
rarely produced when pursuing external goals. Moreover,
gestures that may be confounded with external goals are
often repeated. For example, Lisa could shake her head to
look quickly in another direction or to move a piece of hair
from her face, but if she repeats the movement, an observer
can infer that her goal is not to accomplish those external
goals, but to signal disagreement.
In these cases, conventional communicative gestures may
take their repetitive form due to cultural evolution; gestures
that gain meaning through cultural consensus and survive

over time may be those that effectively reveal that they are
communicative. Alternatively, communicative gestures may
be shaped from their onset to reveal that they are not
directed towards external goals. If someone is trying to
communicate something with her body, then engaging in
on-line reasoning about whether an observer will recognize
that she is trying to communicate may cause her to favor
movements that do not seem to pursue external goals. Work
investigating the production of novel gestures or gesture
production across development could help to disambiguate
the origins of the inefficiency and repetition that seem to
exist in conventional communicative gestures.
In each experiment, we told participants that roughly half
of the movements were done with communicative intent.
This explicit communicativeness prior enabled us to
uncover what types of inefficiency seem most
communicative. All of the paths used in our experiments
(except for the two straight paths) were inefficient.
Therefore, according to our theory, it would have been
reasonable for participants to rate all inefficient paths as
communicative. However, because we were interested in
relative ratings of communicativeness, rather than absolute
judgments of communicativeness, setting the explicit prior
of 50 percent allowed us to get graded responses. Future
work will investigate whether inefficiency and
repetitiveness also affect the tendency to spontaneously
infer that a movement is communicative.
In our studies, we used large-scale two-dimensional
movements, rather than footage of hand or arm movements
in order to control for subtle cues that may be encoded in
biological motion (e.g., Vaziri-Pashkam, Cormiea &
Nakayama, 2017). In real life, ostensive cues often
accompany communicative gestures (e.g., Behne et al.,
2005; Lempers, 1979) and may simplify the task of inferring
the communicative intent of a movement. However, we
predict that that our findings should hold even with more
naturalistic stimuli (e.g., hands, arms) and future work will
investigate this question. Additionally, our studies show that
even in the absence of these cues, people assume that
communicative movements are structured in a way that
would not be an efficient means to accomplishing an
external goal. Thus, together with ostensive cues, these
assumptions may allow people to rapidly infer
communicative intent from the myriad possible alternative
goals.
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Abstract

and sometimes even reach for, the smallest candle in their
privileged view before picking up the medium-sized candle
in open view (e.g., Keysar et al., 2003; Lin et al., 2010).
Keysar et al. interpreted this pattern of results as evidence
of an ‘egocentric bias’ in communication, according to which
listeners initially comprehend language egocentrically and
only use common ground as a correction mechanism. This
view renewed the old debate on reference and common
ground when other studies using the Director task showed
that listeners can use common ground information from the
earliest stages of interpretation (e.g., Nadig & Sedivy, 2002;
Hanna & Tanenhaus, 2004). However, the negative results
observed with the Director task have also been interpreted in
social cognition research as evidence that we make limited
use of Theory of Mind in communication (e.g., Apperly &
Butterfill, 2009; Apperly et al., 2010).
We have recently argued that the Director task is not a
reliable test of Theory of Mind use in communication since
optimal performance in the task (according to the usual
metrics of interference) is possible by using a selectiveattention strategy, without necessarily deriving any epistemic
inferences about the speaker (Rubio-Fernández, 2017).

For almost two decades, the poor performance observed with
the so-called Director task has been interpreted as evidence of
limited use of Theory of Mind in communication. Here we
propose a probabilistic model of common ground in referential
communication that derives three inferences from an utterance:
what the speaker is talking about in a visual context, what she
knows about the context, and what referential expressions she
prefers. We tested our model by comparing its inferences with
those made by human participants and found that it closely
mirrors their judgments, whereas an alternative model
compromising the hearer’s expectations of cooperativeness
and efficiency reveals a worse fit to the human data. Rather
than assuming that common ground is fixed in a given
exchange and may or may not constrain reference resolution,
we show how common ground can be inferred as part of the
process of reference assignment.
Keywords: common ground; computational modeling;
reference resolution; Theory of Mind

Introduction
Imagine you are on a plane and the passenger next to you is
reading the news and comments: ‘Trump has done it again’.
You would probably interpret ‘Trump’ to mean Donald
Trump, but what if your best friend in college also went by
the name ‘Trump’: would you even consider that your fellow
passenger could be talking about your friend?
An old debate in theoretical and experimental pragmatics
addressed precisely this question: whether names (or definite
descriptions, more generally) are interpreted relative to the
interlocutors’ mutually shared knowledge, or common
ground. Clark and Marshall (1981) argued that indeed,
considerations of common ground should constrain
demonstrative reference. However, Keysar (1997) responded
that a real test of this view should separate the speaker’s and
listener’s perspectives (as in the example above), otherwise
the listener may simply rely on their own private knowledge
and assume common ground with the speaker.
Keysar and colleagues designed the so-called ‘Director
task’ to test whether listeners use common ground to
constraint reference interpretation. In this task, a participant
follows the instructions of a confederate to move around
various objects in a vertical grid of squares. The confederate
sits on the other side of the grid and cannot see all of the
objects, because some of the cells are occluded on her side.
Crucially, the confederate is supposed to be ignorant of the
contents of those cells, and when she asks the participant to
‘move the small candle,’ for example, the smallest of three
candles is visible only to the participant. Over a long series
of studies, participants have shown a tendency to consider,

Inferring common ground
While allowing to separate the speaker’s and hearer’s
perspectives, the Director task makes some unnatural
assumptions that rarely apply in everyday communication.
The first is that participants must assume that the confederate
only knows about the objects that she can see in the grid and
will not refer to any other object. In reality, however,
speakers often refer to entities outside their visual field.
Given the high selective attention demands of this paradigm,
participants’ fixations on the hidden objects in the grid need
not be a form of egocentric behavior.
A second unnatural assumption in the Director task is how
common ground is fixed at the start of the game, rather than
being inferred during the exchange. A more reliable test of
Theory of Mind use in communication would be to see
whether participants are able to infer common ground given
the Director’s instructions. For example, if the confederate
asked the participant for ‘the blue cup’ and there was a red
cup in an occluded cell, would participants infer that the
confederate knows about the red cup and used color
contrastively? The results of Rubio-Fernández (2017) show
precisely this, suggesting that when participants keep track of
the contents of the occluded cells in the grid, they may still
be making sophisticated epistemic inferences, rather than
failing to use their Theory of Mind.
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Heller et al. (2016) have recently proposed a probabilistic
model of reference resolution based on the results of the
Director task. Rather than assuming that participants interpret
the instructions either from their own egocentric perspective,
or according to their common ground with the Director, this
model integrates both perspectives by giving each a
probabilistic weight. Heller et al.’s model accounts for some
discrepancies in the results of previous studies but assumes
that common ground is determined by shared visual context,
and does not allow for the possibility that (1) the speaker may
be aware of objects that she cannot currently see, or (2) that
the listener can infer and reconsider what the speaker knows.
In this study we present and test a probabilistic model of
referential communication that assigns reference to an
expression in a given visual context by jointly deriving
epistemic inferences based on the speaker’s choice of
referential expression and adjusting their expectations about
the speaker’s linguistic preferences. For example, if a rational
and cooperative speaker produced an under-specific
description (e.g., ‘the cup’ when there are two cups from the
listener’s perspective), the listener would assume that the
speaker only knows about one of the objects. Likewise, if the
same speaker produced a modified description (e.g., ‘the blue
cup’), the listener could assume that the speaker was either
preempting an ambiguity (between the two cups) or using the
adjective redundantly (rather than contrastively). Our model
therefore tries to account for three pragmatic phenomena
given a referential expression: what the speaker is talking
about in the visual context (referent), what she knows about
the context (beliefs) and how she talks (efficiency).

listener, which she uses to reason which potential utterances
are sufficiently informative.
The simple listener model takes a set of beliefs and an
utterance and returns a uniform probability distribution over
all potential referents that match the utterance. For instance,
the utterance ‘the triangle’, combined with a belief that there
is only one triangle among all the objects, returns a
probability of 1 for the triangle and a probability of 0 for all
other potential referents in the space of beliefs. Through this
model, the speaker would determine that the utterance ‘the
triangle’ is sufficiently informative. By contrast, if the simple
listener’s beliefs contained two triangles, then it would return
a probability of 1/2 for each of these triangles, and a
probability of 0 for all other potential referents. The speaker
would therefore conclude that the utterance is not sufficiently
informative. Using this model of a simple listener, the
generative model of a speaker finds an utterance which is
sufficiently informative to identify the intended referent (i.e.
where the referent has a probability of 1 based on the simple
listener model).
Intuitively, speakers can accidentally be under- or overspecific. Thus, we include a small probability that the speaker
will produce an utterance that is insufficiently informative
(the Uncooperativeness parameter1), and a small probability
that the speaker will produce redundant modifiers (the
Redundancy parameter). We estimate both parameters
through participant judgments (see Parameter estimation
study). Formally, the Uncooperativeness parameter is the
probability that the speaker will believe that a proposed
utterance is sufficiently informative, independently of the
output from the simple listener model. Similarly, the
Redundancy parameter is the probability that the speaker will
consider using a modified expression without evaluating if a
simpler one would have been sufficiently informative.

Computational framework
Our model (http://github.com/julianje/CommonGround)
consists of two components: a generative model of how
speakers choose their utterances given a target referent, and a
Bayesian model of how listeners infer speakers’ referents and
beliefs given their utterances. Our framework builds upon the
strengths of reference resolution models in language (Frank
& Goodman, 2012; Franke & Degen, 2013; Kehller & Rohde,
2013; Shafto, Goodman, & Griffiths, 2014; Stevens, 2017)
and mental-state inference models (Baker, Jara-Ettinger,
Saxe, & Tenenbaum, 2017; Jara-Ettinger, Schulz, &
Tenenbaum, under review). We begin by describing the
generative model of a speaker, and we then explain how our
model of a listener uses this speaker model to infer the
speaker’s beliefs and referents given their utterances.

Listener model
Our model of participants as listeners consists of a Bayesian
inference mechanism for inferring a speaker’s beliefs and
intended referent through the generative model of the
speaker.
We treat the probability of under-specification (the
Uncooperativeness parameter) as observable and constant
across all speakers. That is, we assume that listeners do not
question that speakers are generally cooperative, but they
nonetheless understand that they can accidentally fail to
specify the referent.
By contrast, we treat the probability of over-specification
(the Redundancy parameter) as unobservable and variable
across speakers. That is, we assume that listeners believe that
different speakers may be more or less likely to use adjectives
redundantly and that each speaker’s individual tendency to
use redundant adjectives must be inferred. Nonetheless, we
assume that participants have prior beliefs about how often
people speak redundantly.

Speaker model
In our generative model, the speaker has a set of beliefs
(which, in our task, corresponds to what the speaker can see)
and a goal (which, in our task, is to communicate a referent)
that together determine the speaker’s utterance. To generate
the utterance, the speaker has an intuitive model of a simple
1
Naturally, speakers can be under-informative for many reasons,
including distraction, accidents, and maliciousness. Here, we call the underspecification parameter the ‘Uncooperativeness parameter’ for simplicity,

but it is intended to capture the general expectation that speakers may be
under-informative, regardless of the underlying reason.
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Given an utterance, our listener model performs a joint
inference over the speaker’s beliefs, intended referents and
degree of redundancy using Bayes’ rule:
𝑝(𝑏, 𝑡, 𝑟|𝑢) ∝ 𝑝(𝑢|𝑏, 𝑡, 𝑟)𝑝(𝑏, 𝑡, 𝑟)

Results
Our
model’s
Uncooperativeness
parameter
(see
Computational Framework) was set to the proportion of times
that participants chose an under-specific description in the
dual-shape trials: 5.5% of trials. By contrast, because our
model infers each speaker’s degree of redundancy, we used
participants’ choices in the single-shape trials to build a prior
distribution (see prior over Redundancy parameter in
Computational Framework). To do so, we fit a beta
distribution to participants’ choices using maximal
likelihood. The resulting prior distribution was a Beta
distribution with parameters α=0.39 and β=0.32.

(1)

where b is the speaker’s belief, t is the target (i.e. the
speaker’s intended referent), r is the speaker’s level of
redundancy, and u is the utterance the speaker produced. The
prior distribution, 𝑝(𝑏, 𝑡, 𝑟), is given by
𝑝(𝑏, 𝑡, 𝑟) = 𝑝(𝑡|𝑏)𝑝(𝑏)𝑝(𝑟)

(2)

Experiment

where the prior beliefs about the speaker’s level of
redundancy (𝑝(𝑟)) and the speaker’s beliefs (𝑝(𝑏)) are
independent, and the probability of a target referent depends
on the speaker’s beliefs (𝑝(𝑡|𝑏)), such that only objects that
the speaker knows about have positive probability of being
the target. In our task (see Experiment), we use a prior
distribution over beliefs, a beta distribution (fit to
participants’ priors in the Parameter estimation task) over
redundancy, and a uniform distribution over the referents,
conditioned on the speaker being aware of these potential
referents. Finally, the likelihood function, 𝑝(𝑢|𝑏, 𝑡, 𝑟), is
computed through the generative model described above.

Methods
Participants 60 participants (mean age (SD) = 35.22 years
(10.66 years), range = 18-73 years) from the US (as
determined by their IP address) were recruited using
Amazon’s Mechanical Turk Framework.

Stimuli
Each trial included two displays of 4 geometrical shapes
(circles, squares, stars and triangles) in 4 different colors
(blue, green, red and yellow), each with a referential
expression for the target (see Figure 1 for examples). The
description of the target appeared above each display, and
could be either modified (e.g., ‘The blue triangle’) or
unmodified (e.g., ‘The triangle’). The combination of shapes
and instructions yielded four conditions for each individual
display: Unique (single shape/ no color adjective),
Contrastive (two shapes/ color adjective), Redundant (single
shape/ color adjective), Ambiguous (two shapes/ no color
adjective). The possible overlap between the positions of the
target and the contrast shape (when present) in the two
displays yielded six types of position overlap: No Overlap,
Target-Target, Contrast-Contrast, Target-Contrast, DoubleSame (2 Targets and 2 Contrasts), Double-Crossed (2 TargetContrast). A total of 28 combinations were included in 2 lists
of 14 trials with a balanced number of condition
combinations. We only excluded 3 combinations because one
did not allow any common ground inference (AmbiguousAmbiguous/No Overlap) or rendered two impossible
combinations where the target or the contrast in one display
would correspond with the blind spot in the other
(Ambiguous-Contrastive/Contrast-Contrast and AmbiguousContrastive/Double-Crossed).

Parameter estimation study
Methods
Participants 50 participants from the US (as determined by
their IP addresses) were recruited using Amazon’s
Mechanical Turk Framework.

Stimuli 24 displays of shapes of different colors were
generated. 20 of these displays consisted of a single shape
(circle, rectangle, square, star and triangle) in 4 colors (blue,
green, red and yellow) surrounded by a black border. The
remaining 4 displays consisted of two shapes of the same type
in different colors with one of these shapes (the target)
surrounded by a black border (target side counterbalanced).
The single shapes were used to measure over-specification
(and estimate expectations about redundancy) and the double
shapes to measure under-specification (and estimate
expectations about cooperativeness).

Procedure Participants were told they would see a set of
images with a target surrounded by a black border and that
their task would be to select which of two utterances an
average speaker would use to refer to it given the visual
display. The two utterances were always an unmodified
description of the target (e.g., ‘The triangle’) and a modified
description of the target (e.g. ‘The blue triangle’). Thus,
selecting the modified description in the single-shape trials
(e.g., preferring ‘The blue triangle’ when there is only one
triangle) reveals expectations about over-specification, while
selecting the unmodified description in the dual-shape trials
(e.g., preferring ‘The triangle’ when there are two triangles)
reveals expectations about under-specification.

Procedure
Participants played a coordination game with a virtual
speaker and followed her instructions to select a shape in a
display. The virtual speaker giving the instructions could
only see 3 shapes in each display, whereas participants could
see 4. The virtual speaker did not know that she had a blind
spot, but always tried to be helpful. Each trial contained two
displays and the speaker’s blind spot was the same quadrant
in both displays, although it varied across trials. The
speaker’s choice of referential expression to single out the
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Figure 1. Six trials from the Experiment along with model predictions. Each trial consisted of two displays of four shapes and an instruction for each
display. Using separate 2-dimensional trackpads, participants had to infer (1) which cell the speaker was referring to on the left-hand side display, (2) which
cell the speaker was referring to on the right-hand side display, and (3) which cell was the speaker’s blind spot in both displays. In each panel, the region
of the right shows average participant judgments on the overlaid trackpads, along with model predictions. Speaker judgments are shown in red and model
predictions are shown in blue. Each relation from a model prediction to a participant judgment is connected by a black line. L refers to the inferred referent
on the left-hand side display, R refers to the inferred referent on the right-hand side display, and B refers to the inferred blind spot.

target was written above each display. See Figure 1 for
examples. The pairs of displays were randomly ordered and
rotated in each trial.
Participants had to answer three questions in each trial:
which shape the virtual speaker was referring to in each
display and which quadrant was the blind spot in both
displays. Participants used three separate 2-dimensional
trackpads shown on the screen to enter their responses while
indicating their certainty (i.e. the closer they moved the
button towards a corner, the greater their certainty that that
was the referent or the blind spot; see Figure 1). Participants
were given two examples of how to use the 2D trackpads and
two examples of complete trials to show them how to reason
about the blind spot by considering both displays.

the right-hand side display) and inferred blind spot (B) along
with model predictions in blue (connected by a black line).
Figure 1a (Unique-Contrastive) shows how our model and
participants infer common ground based on the inferred
referents. The target in the display on the left overlaps with
the contrast shape in the display on the right, making the
probability that the blind spot is in each of the two top cells
1/2. Figure 1b (Contrastive-Contrastive) shows how
contrastive adjectives affect our model and participant
inferences. Again, the speaker in Figure 1b refers to each of
the two bottom cells, but because the two contrast shapes are
in the top left cell, participants beliefs about the blind spot
shift towards the top right cell.
Figure 1c (Unique-Contrastive) shows how our model and
participants infer common ground using contrast. The two
instructions unambiguously identify targets in opposite
quadrants, but people and our model infer that the contrast
shape in the right display is also in common ground. Figure
1d (Ambiguous-Contrastive) shows how our model and
participants can combine under-specification with contrast to
jointly infer common ground and resolve referential
ambiguity. The left display suggests that the speaker is either
referring to the bottom left cell or to the top right cell, and
that she can only see one of them. Although the right display
makes no direct reference to either of these cells, the contrast
shape suggests that the speaker can see the bottom left cell.
Having inferred common ground, participants and our model
infer that the speaker was referring to the bottom left cell in

Results
Participant judgments on the trackpad were interpreted as
marginal probabilities that the referents or blind spots were
on the left or right side (x value) and on the top or bottom (y
value). Model predictions were transformed to points in the
2D trackpad. The top row of Figure 2 shows our model
predictions (x-axis) plotted against average participant
judgments (y-axis). Our model showed a correlation of 0.95
for belief inferences (95% CI: 0.92-0.97) and a correlation of
0.99 (95% CI: 0.989-0.997) for referent inferences.
Figure 1 shows the six trials and the corresponding graphs
showing participant inferred referents in red (L for the
referent in the left-hand side display and R for the referent in
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the left display and that she cannot see the top right cell. Note
that our model does not show full confidence in this joint
inference (because it is also possible that the speaker was
uncooperative) and neither do participants.
Figure 1e (Redundant-Contrastive) shows the effects of
redundancy in our model predictions. Here, because the
speaker is redundant in the left display, speakers and our
model do not treat the contrast on the right display as
informative when inferring common ground. Finally, Figure
1f (Unique-Contrastive) shows how our model and
participants inferences are sensitive to the possibility that the
speaker is being uncooperative. The speaker unambiguously
refers to the triangle in the left display, revealing that she can
see the bottom left cell. The speaker then ambiguously refers
to either of the two triangles on the right display. Under
perfect rationality, the speaker must be referring to the
bottom left cell in both displays and her blind spot would be
the right top cell. However, our model’s confidence about the
inferred referent decreases in the right display because of the
speaker’s possible uncooperativeness, accurately predicting
this fine-grained difference in participant judgments.

The bottom row of Figure 2 shows the inferences from the
lesioned model. This model showed a correlation of 0.55
(95% CI: 0.28-0.75) on belief inferences and a correlation of
0.99 (95% CI: 0.989-0.996) on referent inferences. Our main
model was reliably better than the lesioned model on belief
inferences (correlation difference = 0.4; 95% CI on
difference: 0.22-0.67) but not on referent inferences
(correlation difference = 0.0006; 95% CI on difference: 0.0039 – 0.0051).
Although the lesioned model was generally able to infer
referents (largely because the target is unambiguously
identifiable in all cases, except when the speaker is underspecific), Figure 2 suggests that the lesioned model was less
sensitive to features of the trials relative to participants. To
investigate this, we did a post-hoc analysis of trials where the
lesioned model failed to identify the referents. Two of these
corresponded to the trials shown in Figures 1d and 1f. Figure
3 shows the lesioned model’s inferences along with
participant judgments in these trials. In the displays in Figure
1d, the lesioned model incorrectly infers that the blind spot is
in the top left cell and fails to make any inferences about
which circle the speaker is talking about in the left-hand side
display (see left display in Figure 3). This shows how loss of
sensitivity to contrast impairs the model’s ability to infer the
referents and the blind spot. In Figure 1f, participants make
stronger inferences about the speaker’s blind spot and the
inferred referent in the right display. Our lesioned model fails
to derive these inferences because it does not rely on the
under-specification to infer the blind spot and consequently
uncover the referent (see right display in Figure 3).

Figure 2. Model predictions against participant judgments. The top row
shows our model and the bottom row shows the model after specification
lesion (where the model no longer draws any inferences through the
presence or absence of modification). Each point corresponds to a
participant judgment. Blue lines show best linear fit.
Figure 3. Model lesion against participant judgments. Predictions
correspond to the trials shown in Figure 1d (left) and Figure 1f (right).
Consistent with Figure 1, average participant judgments are shown in red.
Model lesion predictions are shown in green.

Model lesion predictions
Having found that our model predicted participant judgments
with high quantitative accuracy, we next evaluated the role of
under-specification (Uncooperativeness parameter) and overspecification (Redundancy parameter) by lesioning the
model. In the lesioned model we set the Uncooperativeness
parameter to 0.99 (i.e. an expectation that speakers rarely
recognize when they are being under-specific, making the
absence of adjectives uninformative) and we set the prior
distribution over Redundancy to a Beta distribution with
parameters α=10 and β=1 (i.e. an expectation that speakers
are often redundant, making the presence of adjectives
uninformative). Thus, our lesioned model continues to expect
that the speaker will correctly identify the referents, but now
assumes that the use or absence of adjectives is
uninformative.

Discussion
We presented a formal model of definite reference
interpretation and common ground that captures three
fundamental
pragmatic
inferences
in
referential
communication: what the speaker is referring to, what she
knows about the context, and what preferences she has when
choosing referential expressions. Our model inferences
closely mirrored participant judgments, while an alternative
model compromising the hearer’s expectations of
cooperativeness and redundancy was less successful.
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Our model shows that common ground can be computed as
part of the process of reference assignment, rather than being
established a priori, as assumed in the Director task (e.g.,
Keysar et al., 2003) and related computational models (Heller
et al., 2016). Our results are consistent with work showing
that participants in a modified version of the Director task can
derive sophisticated epistemic inferences given a speaker’s
choice of referential expression (Rubio-Fernández; 2017).
Critically, participants in that study derived pragmatic
inferences spontaneously, suggesting that interlocutors can
derive epistemic inferences in referential communication
without being instructed to do so.
Although our model performs three inferences from each
utterance (see Eq. 1), here we only evaluated people’s
inferences about speaker’s intended referents and their
beliefs, but we did not ask participants to explicitly infer the
speaker’s level of redundancy. Existing work already
suggests that people can infer speaker’s redundancy and
adjust their inferences accordingly (Grodner & Sedivy,
2011). In future work, we will evaluate this capacity
quantitatively.
Similarly, our model framework and implementation can
handle an arbitrary number of useful adjectives, favoring
more informative adjectives over less informative ones, and
combining them when necessary. Here we focused on simple
situations where the potential referents could only be
disambiguated by their shape or their color. In future work,
we will explore situations where speakers have several ways
of drawing contrast to evaluate how listeners adjust their
inferences based on their priors for redundancy (e.g., listeners
tend to expect color to be used redundantly more often than
size) and the efficiency of these contrasts.
Finally, our results suggest that testing people’s ability to
derive epistemic inferences in referential communication is a
more reliable test of Theory of Mind use in communication
than the standard Director task, which imposes highly
unnatural demands on participants’ selective attention.
Although our model fits do not imply that participants were
actively mentalizing when doing our task, they do show that,
if people are not mentalizing, whatever mechanisms they use
to circumvent mentalistic reasoning must be sufficiently
complex to accurately approximate Theory of Mind
inferences.
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umans are commonly assumed to have volitional abilities that
species lacking a neocortex (e.g., fish and amphibians) do not
have. The literature has long emphasized the role of cortical mechanisms in these exclusive cognitive abilities. But is a neocortex necessary for a species to manifest behaviors that have been attributed to
volitional control? To examine this question, we tested whether the
archer fish (Toxotes chatareus) is capable of endogenous orienting.
Driven by bottom-up stimulation, reflexive orienting is fast and
automatic as a result of tuning through natural selection. Volitional
orienting is relatively nonreflexive and is tuned to local contingencies
and/or the immediate goals of the individual (1). In the current study,
we adopt the typical perspective regarding spatial attention, as put
forward by Posner (2), which is characterized by two distinctions:
whether covert or overt adjustments are made, and whether these
adjustments are under endogenous (volitional) or exogenous (reflexive) control. The most common methods for examining reflexive
and volitional attentional processes are two versions of Posner’s cuing
task (2, 3). In this task, participants are presented with a cue followed
by a peripheral target to which they are instructed to respond. Two
task properties are important for determining which mode of orienting is generated. The first is whether or not the cue is informative
about the location of the upcoming target, and the second is whether
or not the input pathway of the upcoming target might be stimulated
by the cue. When studying reflexive orienting, the peripheral location
where a target might appear, or one nearby, is stimulated by a cue
that is uninformative about the location of the upcoming target.
When the interval [stimulus onset asynchrony (SOA)] between the
cue and the target is varied, the typical pattern of results is an early
facilitation of responses to targets at the cued location, followed by a
later inhibitory effect (4) that has been called inhibition of return
(IOR) (5, 6). When studying volitional orienting, a property of a
central cue that does not stimulate the possible target locations provides information about which of the peripheral locations is more
likely to contain the subsequent target. The typical pattern of results
elicited in covert orienting is a gradually developing facilitation at the

cued location as the interval between the cue and the target increases.
When measuring endogenous saccadic effects (overt orienting), most
studies demonstrate a facilitatory effect at a wide range of SOAs (up
to 1,250 ms; e.g., refs. 7–9).
It has been suggested that reflexive attention may be phylogenetically older than volitional attention (10). Consistent with this suggestion, volitional orienting is often linked to cortical regions (11–14),
whereas reflexive orienting is linked to subcortical processing (15–19).
Most pertinent to the present study, a recent study (20) demonstrated
that the archer fish, which lacks cortical structures, shows the prototypical reflexive pattern of early facilitation followed by later IOR
(20). In nature, the archer fish spits a jet of water to shoot down prey
resting on foliage above the water. In an experimentally controlled
environment, the archer fish can learn to respond to targets presented on a computer monitor above its tank. The finding that archer
fish, a nonprimate species, have similar reflexive attentional processes, namely, facilitation and IOR (20), suggests these attentional
processes in humans have an evolutionary ancestor. Fish lack laminated and columnar neural organization (21, 22), visual cortex, and
frontal and parietal cortical regions (which in humans are thought to
guide volitional orienting). However, the fish does possess an optic
tectum, which implies that subcortical mechanisms are probably involved in these types of reflexive processes. Recently, it has been
suggested that fish telencephalon is not composed mostly of basal
ganglia (subpallium), but also includes pallial regions that might be
homologous with the mammalian neocortex, and potentially might
serve functions similar to the neocortex (23–27). However, despite
these possible homologies, the fish brain has significantly less computational power than the cortices of higher organisms such as primates (28–32). As a consequence, investigation of cognitive processes
in fish provides vital evidence for the complexity of the neural circuitry essential for a specific function. This is even more pronounced
for cognitive abilities that have been traditionally considered to be
limited to primates (e.g., volitional abilities).
Although several studies have explored attention in nonprimates,
it is worth noting several features of the used tasks that limit the
ability to conclude that purely endogenous attentional processes
were studied. For example, in studies with rats (e.g., ref. 33) and
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The literature has long emphasized the neocortex’s role in volitional
processes. In this work, we examined endogenous orienting in an
evolutionarily older species, the archer fish, which lacks neocortexlike cells. We used Posner’s classic endogenous cuing task, in which
a centrally presented, spatially informative cue is followed by a target. The fish responded to the target by shooting a stream of water
at it. Interestingly, the fish demonstrated a human-like “volitional”
facilitation effect: their reaction times to targets that appeared on
the side indicated by the precue were faster than their reaction
times to targets on the opposite side. The fish also exhibited inhibition of return, an aftermath of orienting that commonly emerges
only in reflexive orienting tasks in human participants. We believe
that this pattern demonstrates the acquisition of an arbitrary connection between spatial orienting and a nonspatial feature of a
centrally presented stimulus in nonprimate species. In the literature
on human attention, orienting in response to such contingencies has
been strongly associated with volitional control. We discuss the
implications of these results for the evolution of orienting, and for
the study of volitional processes in all species, including humans.
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chickens (e.g., ref. 34) that used a Posnerian cuing paradigm, the
cues were both informative and peripheral. By combining methods
used for studying endogenous (informative) and exogenous (peripheral) orienting, these studies likely generated a hybrid mode of
orienting, with an indeterminate mixture of reflexive and voluntary
effects (35). A methodological mixture of this kind precludes the
ability to assess purely endogenous processes.
It has been known for some time that the orienting behavior of
human observers can be sensitive to the information value of the
properties of the scene being inspected (36). Chun and Jiang (36)
referred to this as “contextual cuing,” an implicitly acquired contingency between where to look and the properties of the scene. It was
recently demonstrated that the orienting behavior of pigeons (37, 38),
similar to that of humans, can be sensitive to the information value of
the properties of a scene. In the context of the present exploration,
we must note that this form of cuing is different from that explored
using Posner’s endogenous cuing paradigm in two important respects:
the property that signals the more fruitful locus of attention is in the
scene (not presented in a precue before the presentation of the target), and hence, the contextual cuing paradigm does not require the
organism to maintain the information provided by the cue, and the
contextual cuing paradigm has never been touted as one suitable for
exploring the voluntary control of behavior.
We are not aware of any study in nonprimates that tried to
generate attentional orienting using a purely endogenous (centrally
presented, informative, and symbolic) cue before the presentation
of a target. To fill this gap, the present experiment uses Posner’s
endogenous cuing task: An arbitrary, centrally presented, spatially
informative cue and its ensuing peripheral target were presented to
the archer fish (Fig. 1). To assess the fish endogenous orienting
abilities in an ecological setting, fish were swimming freely in the
tank, and the reaction time (RT) of its localization of the targets

200 ms

(by spitting at them) was measured. If endogenous orienting is
governed by neocortical structures, then it might be predicted that
lacking such structures, the archer fish will not show orienting in
this purely endogenous cuing paradigm. Two SOAs were used to
explore the time course of endogenous orienting (if observed) in
the archer fish.
Results
Trials in which the fish responded very slowly, with RT longer than
2,500 ms, were excluded from the analyses. To explore the timecourse of any orienting effects our procedures might have generated,
we first conducted separate analyses of variance on the RTs of each
fish (Materials and Methods) with the factors of SOA and validity. As
illustrated in Fig. 2, each fish exhibited facilitation at the 200-ms SOA
and inhibition (IOR) at the 800-ms SOA. To follow the standard
analysis procedure used in conventional experiments, we also conducted a group analysis on the mean RTs for the three fish. Significant interaction between SOA and validity was observed across all
fish [F(1,2) = 33.20; P < 0.05; η2p = 0.94]. Follow-up simple effects
tests revealed significant facilitation at the 200-ms SOA and significant IOR at the 800-ms SOA [F(1,2) = 24.16 (P < 0.05; η2p = 0.92);
F(1,2) = 41.51 (P < 0.05, η2p = 0.95), respectively].
Discussion
Archer fish studies have focused on spitting accuracy (39–42),
biomechanics of spitting (43–46), neural coding (47), and learning sensorimotor skills (48–50). In addition, a recent study also
demonstrated that archer fish can learn to discriminate a large
number of human face images (51). However, little is known about
whether archer fish have volitional processes.
In the present study, while exploring the behavior of the archer
fish during Posner’s endogenous orienting attention task, we found

Location markers*3
600 ms
600 ms
Cue: 600 ms
SOA: 200 or 800 ms
Target: 3500 ms or until
response

Fig. 1. The sequence of events in a typical experimental trial. Each trial began with the flickering of three black location markers, presented three times for
200 ms with a 600-ms interval between presentations. Six hundred milliseconds after the location markers disappeared, a red or green predictive (valid 80%
of the time) cue box appeared for 100 ms at the center of the fixated location. After a variable SOA (200 ms, 800 ms), a black target asterisk appeared for
3,500 ms or until a response was detected. The target could appear at the cued location or at the opposite location (valid or invalid conditions, respectively).
After the target disappeared, a blank screen was presented between trials for 10 s.
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Fig. 2. RT as a function of SOA and validity for the three fish. All fish completed
21 sessions of the experiment. In an analysis of variance, a significant interaction
between SOA and validity was observed in all the fish [F(1,20) = 14.29 (P < 0.005;
η2p = 0.42); F(1,20) = 8.91 (P < 0.01; η2p = 0.31); and F(1,20) = 27.95 (P < 0.001; η2p =
0.58) for fish 1, 2, and 3, respectively]. Follow-up simple effects tests revealed the
appearance of facilitation at the 200-ms SOA [F(1,20) = 8.49 (P < 0.01); F(1,20) = 4.56
(P < 0.05); and F(1,20) = 10.73 (P < 0.005), for fish 1, 2, and 3, respectively] and IOR
at the 800-ms SOA [F(1, 20) = 4.91 (P < 0.05); F(1,20) = 4.79 (P < 0.05); and F(1,20) =
29.33 (P < 0.001), for fish 1, 2, and 3, respectively]. Ninety-five percent confidence
intervals are shown in the error bars. *P < 0.05; **P < 0.01. The two functions have
been slightly offset horizontally to allow visualization of the error bars.

Humans are born with a bundle of reflexes that, through ontogenetic development, come under cortical inhibitory control enabling
goal-directed behavior (e.g., ref. 55). From a phylogenetic perspective, the ability to predict and to voluntarily control basic processes was developed through the evolution of the species. In
addition, all living organisms are information processing systems.
The information collected about the environment by each such
system is used, reflexively and/or volitionally, to direct behavior.
Fish represent a taxonomic group that diverged from the other
vertebrates ∼450 million years ago (56). In the present study, the
archer fish, a vertebrate species that is evolutionarily distant from
humans, demonstrated human-like endogenous facilitation (which
will be discussed in greater detail in the next section), but also presented an IOR effect, which commonly emerges in reflexive orienting tasks. Hence, the presence of IOR in an endogenous orienting
task was unexpected.
It could be suggested that the fish response preparation might
involve body orientation toward the predicted location, thus
resulting in a shift of the fish area centralis (57) toward the attended
location. Similarly, the appearance of IOR might be a result of a
tendency to orient toward the uncued location at the long SOA
when the target does not appear at the cued location at the short
SOA. This latter possibility is improbable because at both the short
and long SOAs, target probability is higher at the cued location, and
hence there is no incentive for the fish to attend the uncued location
at any SOA. Fish are able to learn associations across larger time
spans than the one used in the current task (58, 59); therefore, it is
more likely that an inhibitory process is influencing performance
and producing the observed IOR pattern of results.
Two explanations for the unexpected appearance of IOR in an
endogenous orienting task are discussed. Both explanations acknowledge that the archer fish demonstrated probability-appropriate
PNAS Early Edition | 3 of 5
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an indication of volitional orienting. The fish were able to learn the
predictable symbolic value of the cue, and their spitting RTs at the
short SOA were modulated accordingly, with faster RTs at targets
appearing at the cued (more probable) location. In addition to the
early facilitation observed at the short SOA, the fish also demonstrated IOR at the long SOA. This is a demonstration of the appearance of an early endogenous facilitation effect that was
superseded by IOR in nonhumans.
Research on voluntary attention has focused mainly on primates.
The literature has emphasized the role of the cerebral cortex in volitional attentional orienting. In this study, the archer fish, a nonprimate
species that lacks a neocortex, yield a result that is similar to that of
humans at early SOAs (i.e., endogenous facilitation). This demonstrates that such an organism, which developed very early in evolution,
can exhibit orienting behavior in a purely endogenous cuing paradigm.
In the next two sections, we explore possible explanations for the
unexpected appearance of IOR at the late SOA and the implications
of our finding of endogenously generated facilitation at the early
SOA. By any explanation, we believe that the finding of endogenously generated facilitation has two major aspects: using the most
widely accepted task (Posner’s endogenous cuing paradigm) for
studying volitional orienting in humans, this is a demonstration of
purely endogenous orienting in a nonprimate species; and in addition
to the major methodological and conceptual differences between
previous studies and our task (reviewed in the Introduction), there are
phylogenetical differences between lower vertebrates (e.g., fish) and
higher ones (e.g., birds) (52–54). From an evolutionary perspective,
the more than 200 million-year phylogenetic distance that separates
fish from other vertebrates (e.g., humans, monkeys, and even pigeons) presents an invaluable opportunity for a comparative investigation of brain and cognition development during evolution. The
current findings allow the inference that endogenous orienting and
IOR are much more fundamental and primitive abilities for the
survival of organisms and are shared by highly distinct species.

overt orienting tendencies (Implications for the Study of Volitional
Processes) in response to the endogenous cue, which facilitate
responding at the short SOA. The two explanations also recognize,
as originally proposed by Posner and Cohen (4), that the inhibitory
effects attributed to IOR can be present at the same time as the
facilitative effects of the present locus of attention. Subsequent
studies (60, 61) support this proposal and demonstrate that facilitation and inhibition might have additive effects on performance.
Finally, both explanations assume that regardless of the observed
underlying mechanism for early facilitation, it is transient in the archer fish and no longer operating by the time of our long SOA
(800 ms after the appearance of the cue).
One explanation is based on the suggestion (62) that in human
participants, endogenous preparation of overt (oculomotor) orienting
is accompanied by IOR, which is overshadowed by facilitation while
expectancy is maintained. The archer fish demonstrates a similar,
endogenously generated overt orienting tendency. Once the archer
fish (or human participant) fails to maintain the target expectancy
generated by the cue, the already-present inhibitory effect is revealed.
From this perspective, it might be assumed that maintaining expectancy for more than a few hundred milliseconds requires cortical
control, which the archer fish lacks. This explanation is critically dependent on the observation by Rafal et al. (63) that cancellation of an
endogenously generated oculomotor preparation is followed by IOR
(63). As Chica et al. (64) were unable, in successive attempts, to
replicate this critical finding reported by Rafal et al. (63), we do not
favor this explanation.
We prefer the simpler alternative explanation in which IOR is
generated primarily by subcortical structures (5, 17, 65), and in
primates, it may be modulated by cortical regions (15, 66). In line
with previous research (25), in fish, spatial learning is dependent
on the pallium region, and it is plausible that the fish telencephalon contributes to endogenous orienting. However, in
contrast to primates’ neocortical control, pallial influence over
the optic tectum might be insufficient to inhibit IOR generated
by the preparation of an overt orienting response.
Accordingly, it has recently been suggested that in primates, the
primary visual cortex (V1) creates a saliency map of the visual world
(67). In lower vertebrates, such as fish, V1 is absent and the superior
colliculus (which is called the optic tectum in lower vertebrates)
receives retinal input. Hence, it is possible that through evolution,
this saliency map of the visual world migrated from the optic tectum
to the V1. It has been suggested (67) that reflexive cuing effects
observed in humans should also be present in lower vertebrates.
Therefore, it is possible that when attention is guided by a saliency
map at the optic tectum (as in fish), IOR (which is a reflexive attentional process guided by the optic tectum) is activated in both
modes of orienting (exogenous and endogenous). As a consequence,
we recommend conducting neuroscientific studies of the archer fish
and of humans performing our task to test these possibilities.
Implications for the Study of Volitional Processes. The present study
has important implications for conceptual understanding of volitional
control processes and their operationalization in cognitive sciences.
To explore these issues, it will be helpful if, in contrast to the common
conflation of the terms “endogenous” and “voluntary,” we explicitly
distinguish between them, using “endogenous” to refer to the combination of methods used and “voluntary” to refer to a conceptual
attribution. As described in the introduction and used in the present
study, perhaps the most common method for exploring the voluntary
control of orienting is Posner’s endogenous cuing paradigm.
One possible interpretation of our finding of facilitation in the
archer fish shortly after a centrally presented, informative cue is
that the archer fish is demonstrating voluntary control. For those
who find this implausible because of the limited cortical circuitry
in this species, or for other reasons, we offer a plausible alternative. We propose that the archer fish has learned the conditional
contingency between the cue’s color and the later target’s location.

This learning process generates activation of the conditionally
probable orienting response, which accelerates the correct response on valid trials. This account, in terms of conditional discrimination learning, coincides with a recent study of human
performance (68), suggesting that implicit learning of cue-target
contingencies plays a role in the magnitude of endogenous cueing
effects when the validity of the cue is manipulated.
Researchers interested in the volitional control of behavior need
to be aware of the fact that probability manipulation, which is inherent in the endogenous cuing paradigm pioneered by Posner, allows for cuing effects that are implicitly acquired, and therefore may
not reflect volitional control. Researchers who use this paradigm are
therefore obliged to obtain converging evidence from other paradigms that are not subject to the possibility of associative learning.
Conclusion
The present study provides a demonstration of facilitation and
IOR as a result of a purely endogenous (central, informative, and
symbolic) cue in a species lacking a neocortex. As we have discussed, the results may have major implications for our understanding of the evolutionary development of orienting processes
(facilitation and IOR) and for the paradigms used to study volitional control processes in all species, including humans.
Materials and Methods
The experiment was conducted in accordance with Haifa University regulations
and the State of Israel’s laws on animal care and experimentation. Our experiment involved testing, individually, three archer fish in a specially arranged
tank, as described here. Each fish was swimming freely in the water tank
during the task. A 21-inch Samsung LCD monitor (model S24C650PL) was
placed on a glass shelf 41 cm above water level. The fish were trained to shoot
at the target stimuli and were recorded using a GigE Camera color (120 fps
640 × 480 1/4). RT was calculated by measuring the time from target appearance until the fish’s shooting onset. Successful shots were determined
when the water jet landed on the surface of the target. After each successful
shot, the fish received a pellet of food and the experimenter cleaned the
water from the glass shelf. The cue was predictive regarding target location;
that is, the target appeared at the predicted location in 80% of the trials.
In each session, each fish performed 40 trials (32 valid and 8 invalid), composed of
two different SOAs (200 ms or 800 ms) and two validity conditions (valid and invalid).
Before we started to collect data, the fish were trained in the task until they achieved
proficiency (training sessions were similar to the testing sessions: five sessions for
each fish separately, one training session per day). Each trial began with the
flickering of three black location markers (4.2° height and 6.95° width), with centers
positioned 8.3° from each other. Flickering was achieved by flashing the three
location markers three times (i.e., they appeared for 200 ms at a time with a
600-ms interval between appearances). One thousand two hundred milliseconds
after the location markers disappeared, a red (predicting a target to the left of the
cued box) or green (predicting a target to the right of the cued box) cue box (4.2°
in height and 6.95° in width) appeared for 100 ms at the center of the screen. After
a variable SOA (200 or 800 ms), a black target asterisk (2.1° in height and 2.8° in
width) appeared for 3,500 ms or until a response was detected. The target could
appear at the cued location or at the opposite location. After the target disappeared, a blank interval screen was presented between trials for 10 s. After the
training period, we ran each fish through the task for a period of about 2 mo. Each
fish performed 21 sessions, and each session included 40 trials, so that overall, each
fish had 840 experimental trials. In general, at the beginning of each trial and
during cue presentation, the fish swam close to the water level and was relatively
still awaiting target presentation. When the target was presented, the fish initiated
its response by elevating its mouth above water level and shooting a stream of
water on the target stimuli (Movie S1). The fish made no anticipatory errors and
did not respond to the cued location on invalid trials. The target was the only
stimulus presented long enough for the fish to respond. When responses were
initiated, all fish were 100% accurate in all conditions. The percentage of trials in
which the fish did not respond to target appearance in each condition is: valid,
200 ms SOA, 12.5; valid, 800 ms SOA, 8.8; invalid, 200 ms SOA, 8.3; invalid, 800 ms
SOA, 9.1; and no significant effects were observed at each SOA (P > 0.1). In every
session, the average RT was computed for each experimental condition: valid
200 ms SOA, valid 800 ms SOA, invalid 200 ms SOA, and invalid 800 ms SOA.
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Abstract
A striking limitation of human cognition is our inability to execute some tasks simultaneously. Recent work suggests that
such limitations can arise from a fundamental trade-off in network architectures that is driven by the sharing of representations between tasks: sharing promotes quicker learning, at the
expense of interference while multitasking. From this perspective, multitasking failures might reflect a preference for learning efficiency over parallel processing capability. We explore
this hypothesis by formulating an ideal Bayesian agent that
maximizes expected reward by learning either shared or separate representations for a task set. We investigate the agent’s
behavior and show that over a large space of parameters the
agent sacrifices long-run optimality (higher multitasking capacity) for short-term reward (faster learning). Furthermore,
we construct a general mathematical framework in which rational choices between learning speed and processing efficiency
can be examined for a variety of different task environments.
Keywords: multitasking; cognitive control; Bayesian inference; capacity constraints;

Introduction
The human brain’s ability to simultaneously perform distinct
tasks contains a curious tension. On one hand, we are able to
concurrently carry out a large number of actions (e.g. breathe,
speak, chew gum, etc.) seemingly without exerting any effort.
In contrast, some behaviors defy parallel execution (e.g. solving calculus problems and constructing shopping lists) and
require serialization to successfully execute.
The distinction between sets of tasks that can be executed
concurrently and those that cannot is often referred to in terms
of a fundamental distinction between controlled and automatic processing (Posner & Snyder, 1975; Shiffrin & Schneider, 1977). Early theories attributed the inability to carry out
multiple control-demanding tasks in parallel to reliance on
a single, limited-capacity, serial processing mechanism – a
hypothesis that has continued to dominate major theories of
cognition (e.g., Anderson, 2013). The “multiple-resource hypothesis” presents a challenge to this view, arguing that multitasking limitations may reflect competition for the use of
local resources (e.g., shared task-specific representations) by
sets of tasks, rather than common reliance on a central control mechanism (Allport, Antonis, & Reynolds, 1972; Navon
& Gopher, 1979; Meyer & Kieras, 1997). Under this view,
the role of cognitive control is to resolve such conflicts when
they arise by limiting processing to only a single task at a time
(Cohen, Dunbar, & McClelland, 1990; Botvinick, Braver,
Barch, Carter, & Cohen, 2001). That is, limiting processing is
the purpose of control, rather than a reflection of a constraint
on the control system itself. Recent computational work has
provided a formal grounding for this argument, showing that
even modest amounts of overlap between task representations

can drastically limit the number of tasks a network can engage
at the same time without invoking interference among them
(Feng, Schwemmer, Gershman, & Cohen, 2014; Musslick et
al., 2016). Critically, this number appears to be relatively insensitive to the size of the network.
The findings above raise an important question: insofar
as shared representation between tasks impose limitations on
multitasking, why would a neural system prefer shared representations over separate ones? Insights into this question
can be gained from the machine learning literature, where
the learning of shared representations between tasks is considered a desirable outcome (Baxter, 1995; Caruana, 1998;
Bengio, Courville, & Vincent, 2013). For instance, work on
multi-task learning1 suggests that shared representations between tasks promote faster learning, as well as better generalization performance across tasks (Caruana, 1997; Collobert
& Weston, 2008). Moreover, learning dynamics in neural
networks themselves promote the learning of shared representation based on shared structure in the task environment
(Hinton, 1986; Saxe, McClelland, & Ganguli, 2013). Thus,
there appears to be a fundamental trade-off in neural networks
between the efficiency of learning (and generalization) on the
one hand, and the efficiency of processing (i.e. multitasking
capability) on the other hand (Musslick et al., 2017).
The trade-off between learning and processing efficiency
constitutes an optimization problem that is dependent on the
demands of the task environment. The work described here
examines this optimization problem as a function of critical
parameters, such as the differences in rate of learning for
shared vs. separated representations, and the benefits gained
by parallel over serial task performance. Analysis of this
problem may help provide a formally rigorous, and even normative account of longstanding, well-characterized psychological phenomena, such as the common trajectory in skill
acquisition from controlled to automatic processing (Shiffrin
& Schneider, 1977; Logan, 1980).
Ideally, our analysis would build on formal characterization of the learning rate for different types of representations,
given a specified learning algorithm (e.g. backpropagation).
However, since this is not immediately available, to construct a probabilistic generative model we begin by assuming
simple functional forms for the learning trajectory associated
with shared vs. separated task representations in a multitasking environment, and then use the generative model to define
1 Note

that the term ’multi-task’ differs from the term ’multitasking’. The former refers to the paradigm of training the same network
on multiple tasks, whereas the latter refers to the process of carrying
out multiple tasks concurrently.
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an ideal Bayesian agent that behaves optimally inside that environment. Taken together, the environment and agent models provide a simple, normative framework in which questions about the learning-processing trade-off can be explored.

A rational model of multitasking
We begin our analysis of the optimal balance between learning and processing efficiency by formalizing the task environment. We then describe how the agent model chooses between the use of shared vs. separate representations in that
environment to optimize performance, which we define as
maximizing reward over the entire horizon of performance.

Task Environment
We consider an environment in which a task can be defined as
a process (e.g. naming the color of a stimulus) that maps the
dimension of a stimulus (e.g. color) to a particular response
modality (e.g. verbal response). Here we assume that stimuli
consist of N dimensions (e.g. color, shape, and texture) and
that responses are carried out over K response modalities (e.g.
naming, pointing, or looking), resulting in NK possible tasks
in any environment. We adopt a formal definition of multitasking from earlier work (Musslick et al., 2016; Alon et al.,
2017), in which a multitasking condition is defined as the requirement to execute multiple tasks at the same time, none of
which share a stimulus or response dimension. Consequently,
at most min{N, K} tasks can be carried out concurrently.
The agent is asked to optimize performance over a series
of τ multitasking trials. On each trial, the agent is asked to
perform α tasks, where α is drawn from a latent multinomial
distribution. We introduce multitasking pressure by specifying a reward schedule that favors concurrent performance of
tasks. For every task answered correctly, the agent receives
1 unit of reward, resulting in α rewards if the agent is able
to perform all tasks with maximal accuracy at the same time.
However, if the agent chooses instead to perform all tasks
sequentially, it loses jC reward units on task j, where j indexes the tasks from 0 to α − 1 (so that the agent receives
∑α−1
j=0 1 − jC rewards given maximal accuracy). C is termed
the “serialization cost” or “time cost”. The per-task loss is
linear in time taken, making the per-trial (cumulative) loss
over all assigned tasks quadratic.
Optimization is defined as the choice, on each trial, of
a performance strategy that maximizes total future reward;
that is, summed over the current trial and the potentially discounted reward anticipated for each future trial. This requires
estimating and convolving the expected multitasking requirements over trials, performance for executing the tasks concurrently vs. individually as a function of the estimated learning
rate for each (see below), and the serialization costs associated with performing tasks sequentially.

Agent
The agent is considered to be a rational decision-maker
that chooses between two independent, trainable processing
strategies that result from two extremes of how multiple tasks

can be represented in a single network. The first representation strategy is as a minimal basis set, in which all tasks
relying on the same stimulus dimension encode the stimuli
using the same (shared) set of hidden representations (i.e. N
sets of hidden representations) that are then mapped to the
output dimensions for each of the tasks. The second strategy
uses tensor product representations, in which each task encodes its stimuli using its own set of (separated) hidden representations (resulting in NK sets of hidden representations)
that are mapped to the output dimension for the task. While
the minimal basis set provides a more efficient encoding of
the stimuli, it does not permit multitasking since the use of
shared representations introduces crosstalk between any pair
of simultaneously activated tasks (see Figure 1; Feng et al.,
2014; Musslick et al., 2016; Alon et al., 2017). Thus, use of
the minimal basis set forces a serialization cost of jC reward
units for task j = 1, 2, . . . , α − 1. Conversely, the tensor product representation permits multitasking without interference,
since each task is assigned its own set of hidden representations that comprise independent processing pathways in the
network. We assume that the agent has the potential to develop both forms of representation, but these must be learned.

Figure 1: Schematic of network schemes that maximize representation overlap (a) vs. multitasking capability (b). C, S,
T designate the stimulus dimensions (”color”, ”shape”, and
”texture”), while W, K, P designate the output modalities
(”word”, ”keyboard”, ”point”). The hidden-layer representation of the stimulus in (a) is shared for all three tasks involving
the same input dimension (minimal basis set representation),
whereas in (b) a separate hidden-layer representation is dedicated to each task (tensor product representation).
Previous work has shown that, for a set of tasks that are
in principle multitaskable, training using shared representations (such as a minimal basis set) leads to faster acquisition
than learning separate representations for each task (such as a
tensor product), as the former enables the sharing of learning
signals across tasks (Musslick et al., 2017). We implement
these effects by assuming that 1) the agent learns these two
types of representations (i.e. processing strategies) by selecting and executing one or the other on each trial; 2) performance for each strategy improves as a function of the number
of trials selected, and 3) learning is faster for the minimal basis strategy than for the tensor product strategy, as described
below.
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To model the learning of tasks, we define a probability of
success function (aka “training function”) for each of the two
processing strategies. Let fB , fT : N≥0 → [0, 1] denote these
training functions for the minimal basis set and tensor product
strategies, respectively. These serve as explicit characterizations of the agent’s learning dynamics; fX (t) implements the
learning curve by evaluating the probability of success on a
given task after representation X has been selected t times.
That is, every time the agent chooses to process the tasks in
the trial using strategy X, the success probability for the task
under strategy X increases for the next time step. More formally, let x1 , x2 , . . . , xn be a sequence of n choices of representation. We define the probability that an agent succeeds
when employing strategy X on a task in trial t as:
t−1

PX (success on a task in trial t) = fX ( ∑ 1xi =X )
i=0

For convenience, we use the logistic function fX (t| k,t0 ) =
1
. However, our analysis applies to any learning
1+e−k(t−t0 )
function that is monotonically increasing and bounded between fX (0) ≈ 0 and limt→∞ fX (t) = 1. As noted above, we
assume that learning occurs at a faster rate for the minimal
basis set strategy as compared to tensor product strategy, and
examine the influence of this difference by exploring a range
of values for k, t0 that together determine the rate of learning.
The agent uses standard Bayesian machinery to infer the
expected reward given each representation, and then selects
the representation that maximizes total discounted future reward. Specifically, let EX [R] denote the expected reward for
strategy X, EX [R|t] denote the expected reward on trial t, and
µ(t) be the temporal discounting function. Then we have that
τ
EX [R] = ∑t=0
µ(t)EX [R|t]. Though temporal discounting can
be irrational in many contexts, we note that a fully rational
agent can be achieved with µ(t) = 1.
Recall that α is the randomly assigned number of tasks required to be performed on a given trial. By marginalizing
over α, we get that the expected reward on each individual
min{N,K}
trial is EX [R|t] = ∑i=1
P(α = i)EX [R|t, α = i]. Thus, the
expected rewards for the minimal basis set and tensor product
strategies correspond to
min{N,K}

EB [R|t] =

∑

i=1
min{N,K}

ET [R|t] =

∑

i=1

i−1

P(α = i) ∑ PB (success)(1 − jC)
j=0

i−1

(1)

P(α = i) ∑ PT (success)(1)
j=0

In order to compute the expected reward terms in Equation (1), the agent must be able to evaluate P(α = i) and
PX (success) by inferring the multinomial task distribution,
as well as the training function fX . The first can be inferred
using Bayes’ theorem, by keeping track of the number of
times each particular α value was seen, in conjunction with
a Dirichlet prior (we start from a uniform prior, implying absence of strong a priori belief about the distribution).
Inferring the parameters for the two training functions
fB , fT can similarly be done by tracking the history of successes and failures and then performing a Bayesian logistic

regression (intuitively, this can be understood as the agent inferring how fast it will learn). In this model, k and t0 have
independent normal priors centered on their true values with
high variance. Finally, we assume that the agent already
knows τ, the sequential processing cost C, and the temporal discounting function µ(t).
Once the expected values are computed, the agent must
select an action. We assume this is done using a standard
explore-exploit algorithm, the ε-greedy rule, in which the
agent picks the action associated with greatest value with
probability 1 − ε, and uniformly otherwise.

Formal analysis of equilibrium
We begin by analyzing an agent that has perfect knowledge
about the task environment and learning rate, in order to assess performance independently of noise that might be generated by an inference process over these factors. This allows us
to analytically derive equilibrium conditions under which the
agent should be indifferent between the minimal basis set and
the tensor product strategies. For this section, we let N < K
so that N = min{N, K} without loss of generality.
Observe that the expressions in Equation (1) reduce to:
EB [R|t] = fB (t)E[g(α,C)]
(2)
ET [R|t] = fT (t)E[α]
where g(i,C) = ∑i−1
j=0 (1 − jC). Note that g(i,C) encodes the
amount of reward accrued by the agent for completing i tasks
in a serial fashion with time cost C. Plugging Equation (2)
into the expression for the expected reward of both strategies
we can express the condition for which the agent should be
indifferent between them:
E[α]
∑τ µ(t) fB (t)
= τt=0
(3)
E[g(α,C)] ∑t=0 µ(t) fT (t)
An interesting property of this result is that agent-related
and environmental parameters are analytically separable. Observe that the expectation terms on the left correspond to
the agent’s expected reward at asymptotic performance levels, and that the sum terms on the right denote the number
of expected successes in a critical time period specified by
the conjunction of the temporal discounting function and the
training function. The indifference point can be understood
intuitively as a surface over which the ratio of expected eventual rewards is equal to the ratio of times at which they are
likely to be accrued (discounted by time). That is, the left side
contains the ratio of the rewards the agent expects to earn if it
is always correct, whereas the right side is a ratio of functions
that weight when the agent prefers to receive the rewards.
Recall that E[g(α,C)] corresponds to E[∑i−1
j=0 (1 − jC)] =
h 
i
α
E 2 1 + [1 − (α − 1)C] . Since C is a constant, it can be
isolated from the expectation in Equation (3) to get an expression for the precise value of the serialization cost that characterizes the indifference surface. That is:


∑τ µ(t) fT (t)
2E[α] 1 − ∑t=0
τ µ(t) f (t)
B
t=0
Ceq =
(4)
E[α(α − 1)]
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Equation (4) provides a rigorous characterization of the
trade-off between basis set and tensor product learning in
multitasking environments described in the Introduction:
1. As the average number of parallel tasks increases, the cost
of serialization must vanish for minimal basis set representations to remain preferable: E[α] → ∞ =⇒ Ceq → 0.
2. As the learning benefit of shared representations diminishes, the value of shared representations disappears. That
is, as the ratio between the (discounted) tensor product and
basis set training functions approaches unity, for the latter to remain preferable the cost of serialization must tend
∑τ µ(t) fT (t)
toward zero: ∑t=0
τ µ(t) f (t) → 1 =⇒ Ceq → 0.
3.

τ µ(t) f (t)
∑t=0
T
τ µ(t) f (t)
∑t=0
B

t=0

B

2E[α]
→ 0 =⇒ Ceq → E[α(α−1)]
: As the ratio of
the discounted training functions for the tensor product
and minimal basis set representations approaches 0, the
equilibrium-defining serialization cost becomes a function
of the number of tasks required to be performed. Particularly, Ceq is the serialization cost that sets expected reward for the minimal basis set representation to 0. This
implication is not immediately obvious. Consider the task
distribution P[α = 1] = P[α = 2] = 1/2. In this environment, Ceq = 3 and at asymptotic performance levels, the
agent expects to win 1 reward unit when α = 1, or win −1
when α = 2. This makes sense; if learning tensor product representations is so much slower than minimal basis
set representations that the ratio of the sums goes to 0, the
agent is indifferent only if the expected earnings are 0.

Finally, we note that we have used arbitrary reward functions for the analyses above. However, it is possible to generalize the equilibrium condition in Equation (3) to any stationary reward function (i.e. does not change over the course
of the experiment). Let gB (α, j,C) denote a reward function
with arbitrary dependence on the number of tasks currently
being executed α, the index of the task currently being executed j, or the serialization cost C; specifically, gB is the
reward function used when the tasks are being executed serially. Furthermore, let hB (i,C) be the total reward gathered
when gB is applied to each of the i assigned tasks so that
hB (i,C) = ∑i−1
j=0 gB (i, j,C). Finally, define gT , hT analogously
for the case the tasks are being processed concurrently. Then
a generalized equilibrium condition is:
τ
E[hT (α,C)] ∑t=0
µ(t) fB (t)
= τ
(5)
E[hB (α,C)] ∑t=0 µ(t) fT (t)
Observe that for gB = 1− jC and gT = 1, hB = g and hT = α
from Equation (3). The existence of this generalized equilibrium condition allows a large set of questions to be phrased
within this framework. For example, it is easy to include an
explicit cost of cognitive control (e.g. Shenhav et al., 2017)
by adding a term to the basis set reward function that implements a cost that increases with the number of tasks executed.

ing functions. Here we relax these assumptions, and use numerical simulations2 to evaluate the behavior of an agent that
must infer these parameters. We assess the agent’s performance across a series of task environments and learning specifications by crossing a set of reasonable parameter ranges.
We let τ = 1000. We set C ∈ [0, 1], varying from no punishment to receiving no reward for a correct answer. We
use an exponential discounting scheme µ(t) = γ−0.025t for
γ ∈ [0.5, 1.0]. This covers the range from extreme discounting
to no discounting at all. We characterize the training func1
. This allows us to
tions as logistic with fX (t) =
1+e−0.1(t−tX )
precisely characterize difference in learning rates through the
ratio tT /tB . To that end, we set tB = 200, reflecting the speed
of minimal basis set learning, and let tT vary in [200, 600].
We let N = K = 4 and define the distribution over tasks as
P(α = 1) = 0.7, P(α = 2) = P(α = 3) = P(α = 4) = 0.1 so
that the intensity and frequency of multitasking trials is sufficient to permit either strategy given appropriate parameters.
We set ε = 0.1 to facilitate early exploration of the tensor
product option in the face of immediate rewards due to the
minimal basis set option. Finally, we quantify the agent’s
strategy preference as P(pick X) = number of timesτ X was picked ,
and track how P(pick basis set) varies with the parameters3 .

Figure 2: Simulation results for the inference model. tT /tB
refers to the midpoint ratio of the tensor product and minimal
basis set training functions. Time cost denotes the value of C.
Note that the agent increases their preference for the minimal
basis set representation when the time cost is decreased, the
learning rate ratio is increased, or gamma is decreased.
The results (see Fig. 2) show that there is a broad range
of parameterizations under which the agent will opt for selecting the minimal basis set strategy over the tensor product strategy (P(pick basis set) > 0.5). These preferences
align with the normative analysis of how the parameters
should affect overall preference: preference for the mini2 code

available at https://github.com/yotamSagiv/thesis
can use Equation (4) to show that even with weak discounting (γ = 0.90) and a modest learning rate ratio tT /tB = 2, the importance of fast training is such that the time cost must nearly equal the
reward value (Ceq ≈ 0.75) for indifference in this environment.
3 We

Numerical analysis with parameter inference
The analysis above characterized the behavior of an agent
with perfect knowledge of the task environment and its learn-
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mal basis set strategy increases with relative speed of learning, decreases with serialization cost, and increases with the
strength of temporal discounting as indicated by the linear
model fit P(select basis set) ∼ b1 × ttTB + b2 × timeCost + b3 ×
γ (b1 = 0.25,t(78) = 47.26, p < 0.001; b2 = −0.52,t(78) =
−49.38, p < 0.001; b3 = −0.64,t(78) = −35.78, p < 0.001).

Discussion
The constraints on human multitasking abilities present an
interesting puzzle given the enormous processing capability
of the brain. Here, we explored the hypothesis that this reflects a fundamental trade-off between learning and processing efficiency (Musslick et al., 2017), in which preference for
learning to perform a set of tasks faster, which relies on the
use of shared representations (Caruana, 1998; Baxter, 1995),
comes at the expense of multitasking efficiency (Allport et
al., 1972; Navon & Gopher, 1979; Meyer & Kieras, 1997;
Feng et al., 2014; Musslick et al., 2016). This trade-off
between the value of shared vs. separated representations is
reminiscent of the complementary learning systems hypothesis (McClelland, McNaughton, & O’Reilly, 1995), which
proposes the existence of two independent learning mechanisms. The first relies on shared representations to support inference, and the second uses separate representations to avoid
the cost of catastrophic interference for memory encoding
and retrieval. Thus, the trade-off between shared and separated representations appears to a fundamental one, that has
different consequences in different processing contexts. Here,
we have provided a normative analysis of this trade-off in the
context of task performance that, under various assumptions,
defines the conditions under which limitations in multitasking
ability can be viewed as a result of optimal decision-making.
Agent behavior in our model was governed by several factors: the distribution of multitasking opportunities within the
environment, the cost of serial vs. parallel performance, the
rate at which each strategy is learned, and the discount rate for
future rewards. The broad range of these factors over which
the minimal basis set strategy was optimal suggests that the
theory provides a plausible account of why so many skills
(e.g. driving a car, playing an instrument) seem to rely on
cognitive control and serial execution during acquisition.
Theories of bounded rationality (Simon, 1955, 1982;
Gigerenzer, 2008) assume that suboptimalities in human behavior arise from the use of heuristics rather than full deliberation, given the bounds of limited multitasking capacity and
limited available information. Research in artificial intelligence has suggested that such behavior is normative; that is,
it may reflect bounded optimality, in which an agent maximizes reward per unit time given intrinsic limitations in its
computational architecture (Russell & Subramanian, 1995).
The principles of bounded optimality are reflected in psychological models of cognition, in which humans perform optimally within the constraints of the cognitive system (Griffiths,
Lieder, & Goodman, 2015; Gershman, Horvitz, & Tenenbaum, 2015). Yet, these accounts do not explain why computational limitations exist in the first place, other than the

assumption of limited processing power/speed. The work
here suggest that the bounds may arise from a normative response to constraints imposed by trade-offs intrinsic to any
network architecture, whether neural or artificial – specifically, the trade-off between the advantages of faster learning
and generalization provided by shared representations, and
the advantages of concurrent parallelism and processing efficiency provided by separated representations (Musslick et al.,
2017). Under this framework the source of the limitation is
not in the brain/computing device, but rather in the fact that
time in life is finite (i.e. the benefits of learning a task quickly
far outweigh the value of learning it “optimally”).
Of course, the model we described is relatively simple, and
can be extended in a number of ways. Rather than using
a logistic function to characterize learning, it may be more
reasonable to scale the benefit of shared representations by
the number of tasks (e.g. as in Musslick et al., 2017), or to
implement the learning dynamics of actual neural networks
on similar task spaces. Additionally, a cost of control parameter could be incorporated that scales with the number of
tasks being executed and/or the complexity of the task environment (Shenhav, Botvinick, & Cohen, 2013). It is also
plausible to consider the transfer of learning between the two
strategies (i.e. generalization). This may be an important factor in shaping how representations evolve from the minimal
basis set to tensor product forms over the course of training,
as suggested by some neural evidence (Garner & Dux, 2015).
One might also consider meta-learning. The simulated
agents learned about their task environment and learning
functions, but always began with the same predetermined,
static priors. It is possible that repeated experience over different task domains could inform these priors, improving the
initial estimates of the learning functions. This would induce a higher rate of convergence to the optimal decision for
cases in which the agent’s prior experiences are relevant, and
might also explain any reluctance to switch away from suboptimal decision-making in contexts where its experience is
misleading. Such effects could be informative to similar lines
of inquiry regarding separate mechanisms for goal-directed
and habitual responding in mammals undergoing instrumental conditioning (Yin & Knowlton, 2006).
In sum, the results presented here strongly support the
proposal that constraints in multitasking observed in human
performance may arise from a normative approach to an inescapable trade-off between the value of rapidly acquiring a
set of novel skills, and optimizing the efficiency with which
these skills can be exercised. Such a normative theory of
multitasking may have value not only for understanding human performance, but also for the design of artificial systems.
Having a formal language with which to consider the tradeoff between learning efficiency and multitasking capability
(and the closely related constructs of controlled vs. automatic
processing) will facilitate precise analysis of the design of
autonomous agents that are capable not only of guiding their
own actions, but also of learning the best ways of doing so.
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Abstract
It is inconceivable how chaotic the world would look to humans, faced with innumerable decisions a day to be made under uncertainty, had they been lacking the capacity to distinguish the relevant from the irrelevant—a capacity which computationally amounts to handling probabilistic independence
relations. The highly parallel and distributed computational
machinery of the brain suggests that a satisfying process-level
account of human independence judgment should also mimic
these features. In this work, we present the first rational, distributed, message-passing, process-level account of independence judgment, called D ∗ . Interestingly, D ∗ shows a curious, but normatively justified tendency for quick detection of
dependencies, whenever they hold. Furthermore, D ∗ outperforms all the previously proposed algorithms in the AI literature in terms of worst-case running time, and a salient aspect
of it is supported by recent work in neuroscience investigating
possible implementations of Bayes nets at the neural level. D ∗
exemplifies how the pursuit of cognitive plausibility can lead
to the discovery of state-of-the-art algorithms with appealing
properties, and its simplicity makes D ∗ potentially a good candidate as a teaching tool.
Keywords: Rational process models; Distributed computing;
Probabilistic independence judgment; Pearl’s d-separation

1

Introduction

Is there any connection between the quality of your last night
sleep and the color of the shirt your colleague happened to
be wearing at work today? How about Mars’ current weather
and your mood today? We humans judge innumerable such
possible connections a day rather effortlessly, appearing to be
quite good at teasing apart pertinent from impertinent factors
when making decisions. But how does the mind do that? The
famous frame problem (Icard & Goodman, 2015; Nobandegani & Psaromiligkos, 2017), a puzzle in philosophy of mind
and epistemology, further highlights this intriguing ability of
the mind in distinguish the relevant from the irrelevant, and
asks a closely related question: “How do we account for our
apparent ability to make decisions on the basis only of what
is relevant to an ongoing situation without having explicitly
to consider all that is not relevant?” (Stanford Encyclopedia
of Philosophy). Computationally, the mind’s ability of distinguishing the relevant from irrelevant can be characterized
in terms of handling probabilistic (in)dependence relations,
with ‘dependency’ implying the existence of connection or
relevance between factors and ‘independence’ the contrary
(Pearl, 1986, 1988, 2000). For example, assuming that the
random variable x encodes the quality of your sleep, and y
the color of the shirt your colleague happened to wear the
next day, the nonexistence of any connection between x and
y (which seems to be a rational judgment) can be formally
characterized using the notion of probabilistic independence:
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x⊥
⊥ y (read x is independent of y, and, by virtue of symmetry,
y is independent of x).
In this work, we are concerned with developing a plausible, process-level account of human independence judgment.
Adopting causal Bayes nets (CBNs) (Pearl, 1988; Gopnik et
al., 2004, inter alia) as a normative model to represent how
the reasoner’s internal causal model of the world is structured (i.e., reasoner’s mental model), the aforesaid task computationally amounts to checking for independencies in the
distribution encoded by a CBN. Interestingly, Pearl (1986)
put forth a graph-theoretic notion called d-separation, allowing for reading off probabilistic independence relations from
the mere structure of a CBN (Pearl, 1986).1 Ever since
its inception, d-separation has proved fundamental in a variety of domains in artificial intelligence, e.g., probabilistic
reasoning (Pearl, 1988), causal reasoning (Pearl, 2000), decision making (Shachter, 1998; Koller & Friedman, 2009),
and has played important roles in a broad range of areas,
e.g., handling missing data (Mohan & Pearl, 2014), extrapolation across populations (Pearl & Bareinboim, 2014), and
deep learning (Goodfellow et al., 2016). In that light, algorithms for implementing d-separation could potentially serve
as a rational, process-level model of human independence
judgment. But what should such a model look like? The
highly parallel and distributed computational machinery of
the brain suggests that a satisfying process-level account of
human independence judgment should also mimic these features. Sadly enough, all past algorithms for the implementation of d-separation have been sequential (aka serial), i.e.,
without any parallelism in computation, and, arguably worse,
centralized, i.e., their executions are fully coordinated by a
supervisory unit, analogous to a homunculus (Geiger et al.,
1989; Lauritzen et al., 1990; Shachter, 1998; Koller & Friedman, 2009; Butz et al., 2016). These features strongly call
into question their psychological plausibility.
The notion of (conditional) probabilistic independence is
a quintessential feature of CBNs, and, interestingly, the realization that probabilistic independence plays a crucial role
in human cognition was a key element in the development of
the CBN formalism (Pearl, 1986). In Pearl’s (1986) words:
“Whereas a person may show reluctance to giving a numerical estimate for a conditional probability P(xi |x j ), that person
can usually state with ease whether xi and x j are dependent
or independent, namely, whether or not knowing the truth of
x j will alter the belief in xi .” He then continues: “Likewise,
1 More accurately, Pearl’s (1986) d-separation is equally valid for
Bayes nets wherein the edges do not enjoy causal interpretations.
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people tend to judge the three-place relationships of conditional dependency (i.e., xi influences x j given xk ) with clarity,
conviction, and consistency. This suggests that the notions
of dependence and conditional dependence are more basic to
human reasoning than are the numerical values attached to
probability judgments.” Some psychological literature, however, does not fully embrace the statement “with clarity, conviction, and consistency” as Pearl put it. For example, the
experimental work by Rehder (2014) suggests that adults exhibit deviations from the Markov condition (i.e., CBN’s independencies entailed by d-separation). In contrast, drawing on
the experimental studies of Park and Sloman (2013), Sloman
and Lagnado (2015) conclude that people indeed uphold the
Markov condition and the reason behind the observed deviations is that, under experimental conditions, people may not
solely adhere to the information provided by the experimenter
and may bring their own background knowledge into the experiment (see also Rehder & Waldmann, 2017). Specifically,
Park and Sloman (2013) found strong support for their contradiction hypothesis followed by the mediating mechanism
hypothesis, and finally concluded that people do conform to
Markov condition once the causal structure people are using
is correctly specified (i.e., people’s mental causal models).
In this work, we present the first rational, distributed,
process-level account of independence judgment, called D ∗ .
More formally, D ∗ is the first asynchronous, messagepassing, distributed algorithm for implementing d-separation,
with substantial parallelism in computation, and without any
need for a supervisory unit to coordinate its execution (i.e., no
synchrony is assumed in D ∗ ’s execution)—fully in the spirit
of the celebrated parallel distributed processing (PDP) research program in brain and cognitive sciences (McClelland,
1989). Similar to the well-known belief propagation inference algorithm (Pearl, 1986, 1988), which has played important roles in the theoretical neuroscience literature (see e.g.,
Gershman & Beck, 2017; George & Hawkins, 2009; Litvak
& Ullman, 2009; Rao, 2004; Lochmann & Deneve, 2011),
D ∗ is a message-passing algorithm, wherein computation is
carried out by propagating messages between computational
units. Interestingly, D ∗ shows a curious, normatively justified
tendency for quick detection of probabilistic dependencies,
whenever they hold. Furthermore, D ∗ outperforms all the
previously proposed algorithms in the AI literature in terms
of worst-case running time, and a salient aspect of it is supported by recent work in neuroscience investigating possible
implementations of Bayes nets at the neural level (e.g., Gershman & Beck, 2017; Lochmann & Deneve, 2011).
We provide a comprehensive analysis of the computational
properties of D ∗ , along with several refined time-complexity
bounds. In the Discussion section, we provide a detailed comparison between D ∗ and previously proposed algorithms, and
elaborate on the implications of the work presented here for
neuroscience and psychology. Formal proofs of the results
presented can be found in an extended version of this paper
available on arXiv: https://arxiv.org/abs/1801.10186.

2

Preliminaries and Notations

Let us introduce the notation adopted in this work. Lower
bold-faced letters (e.g., x) denote random variables and upper
bold-faced letters (e.g., X) represent sets of random variables.
A generic d-separation relation is denoted by (A ⊥
⊥ B|C)G
with A, B, and C representing three mutually disjoint sets
of variables belonging to the directed acyclic graph (DAG)
G, where G represents the topology of the underlying CBN.
Read (A ⊥
⊥ B|C)G as follows: C d-separates A from B in
DAG G. Similarly, (A 6⊥
⊥ B|C)G denotes that C does not dseparate A from B in DAG G. For ease of notation, we use
(A ⊥
⊥ B|C)G to denote both a d-separation relation (i.e., C dseparates A from B in DAG G) and to denote a d-separation
query (i.e., does C d-separate A from B in DAG G?); the distinction should be clear from the context. Let also GAn(K)
denote the ancestral graph for the variables in set K belonging to the underlying DAG G (Lauritzen et al., 1990), i.e.,
the set of nodes for GAn(K) comprises the nodes in K and all
the ancestors of the nodes in K (hence, GAn(K) is an induced
subgraph of the underlying DAG G).
Informally speaking, throughout that paper, (A ⊥
⊥ B|C)G
should be interpreted as follows: “A and B are probabilistically independent of each other, given C,” and, in the query
format, as follows: “Are A and B probabilistically independent of each other, given C?” Likewise, (A 6⊥
⊥ B|C)G should
be interpreted as follows: A and B are dependent, given C.2
Next, a notion called refutation-module is introduced; this
will be used later in our formal analysis of D ∗ .
t1

t3

t5

t3

t4

t2
v

v
y

x

t4

t2

t4

t2
y

x

z

z

(a)

(b)

y

x

(c)

Figure 1: Examples for refutation modules. (a) The underlying
DAG G is depicted, for which (x 6⊥
⊥ y|z)G . (b,c) Two refutationmodules for the query (x ⊥
⊥ y|z)G are depicted. Note, z = ∅ in (c).

Def. 1. (Refutation-Module) Let X, Y, Z be three mutually disjoint sets belonging to a DAG G. Let also (X 6⊥
⊥
Y|Z)G . A connected subgraph of G, M(X6⊥⊥Y|Z)G , serves as a
refutation-module for the query (X ⊥
⊥ Y|Z)G , iff M(X6⊥⊥Y|Z)G
satisfies the following two conditions: (1) M(X6⊥⊥Y|Z)G contains an active path P (Pearl, 1986) between a node x ∈ X
and a node y ∈ Y, and (2) for every head-to-head node v on
P, M(X6⊥Y|Z)G contains a directed path between v and a node
z ∈ Z. See Fig. 1 for some examples.
Def. 2. (Minimal Refutation-Module) Let X, Y, Z be
three disjoint sets of nodes belonging to a DAG G. Also, let
2 Formally, the said interpretations are not fully granted; however, for all purposes of this work, they can be taken to be accurate
enough characterizations (see Pearl, 2000, for a complete elaboration on the precise relation between d-separation and conditional
independence.)
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∗
(X 6⊥
⊥ Y|Z)G . Let M(X6
⊥Y|Z)G denote the refutation-module
for the d-separation query (X ⊥
⊥ Y|Z)G which possesses the
∗
smallest number of edges. We refer to M(X6
⊥Y|Z)G as the minimal refutation-module in G for the query (X ⊥
⊥ Y|Z)G .
It is easy to prove by construction that the minimal
∗
refutation-module M(X6
⊥Y|Z)G need not be unique.

3

The Three-Color Algorithm D ∗

In this section, we show how the proposed algorithm D ∗ allows us to decide if a generic d-separation query of the form
(A ⊥
⊥ B|C)G holds in a DAG G; D ∗ is an asynchronous, distributed, message-passing algorithm. More specifically, in
D ∗ , nodes of the underlying DAG G—symbolizing computational units—autonomously engage in communicating messages to their immediate neighbors via the edges of the DAG
G—symbolizing communication channels. We assume that
communication channels are reliable, bidirectional, and firstin first-out (FIFO) (Lynch, 1996).
The proposed algorithm D ∗ is outlined next. Throughout
an execution of D ∗ , variables in C ignore all messages received from any of their children, and do not send any message to any of their children. The variables in the sets A,
B, and C initially activate in the states represented by colors green (•), red (•), and white (◦), respectively. Following the prescriptions of the original Belief Propagation algorithm (Pearl, 1986, Sections 1.3 and 2.2.3), we assume that
the variables in the sets A, B, C acquire their initial states in
a self-activated manner. Assuming that a CBN’s node can be
represented at the neural level by a single (Deneve, 2008b,a)
or a population of neurons (Ma et al., 2006), self-activation
reflects the content-addressability of the corresponding memory traces. D ∗ begins with nodes in A, B, and C sending their
colors as messages to their parents. Node x, upon receiving a
message, follows two simple steps in the following order:
(i) If x’s current color differs from that of the received message, x replies by sending back its own color as a message
to the transmitter node. If x is in the state of having no
color (denoted by ∅) prior to the receipt of the message, it
does not send back any message to the transmitter node.
(ii) x updates its color in accord with the following primitive
rules, altogether composing the Color Update Grammar
(CUG):

and only those children of x with which x has communicated before.
The rules given in the first row of the CUG correspond to
white-, green-, and red-colored nodes sending their colors to
their yet-uncolored parents. Rules in the second row ensure
that the colors of white-, green-, and red-colored nodes persist
upon interacting with nodes of the same color. Rules stated
in the third row bear on the key understanding that the white
color functions as a mere place-holder getting “replaced” by
interacting with green-, or red-colored nodes. Rules in the
fourth row guarantee the persistence of colors green and red
upon interacting with white. Finally, rules given in the last
row correspond to the clash event the implication of which is
discussed in Remark 1 below.
Remark 1. A clash between colors green (•) and red (•)
at a node, any time throughout an execution of D ∗ , signals
the falsity of the input d-separation query, upon which D ∗
decides that (A 6⊥
⊥ B|C)G .
Note that the asynchrony of D ∗ stems from the fact that
there exists no global clock for the system and hence any
node, upon receiving a message, follows Steps (i) and (ii) autonomously, i.e., informally, without having to attend to what
computations other nodes in G are performing.
Some of the computational properties of the proposed algorithm D ∗ are formally articulated in Proposition 1 below.
Proposition 1. The following statements hold for D ∗ .
(1) For a given d-separation query (A ⊥
⊥ B|C)G and DAG G,
“C does not d-separate A from B in G” ⇐⇒
“Clash takes place during D ∗ ’s execution”.
(2) D ∗ ’s message-passing is confined within the ancestral
graph GAn(A∪B∪C) .
(3) During D ∗ ’s execution, either a clash between colors red
(•) and green (•) takes place (see Remark 1) upon which
D ∗ decides that (A 6⊥
⊥ B|C), or a state of equilibrium will
be reached in O(lAn(A∪B∪C) ) time where lAn(A∪B∪C) denotes
the length of the longest undirected path in the ancestral
graph GAn(A∪B∪C) .
(4) Message-passing terminates in O(1) time after reaching
the state of equilibrium, thereby guaranteeing the termination of D ∗ .

(∅, •) → •, (∅, •) → •, (∅, ◦) → ◦,
(•, •) → •, (•, •) → •, (◦, ◦) → ◦,
(◦, •) → •, (◦, •) → •,

(5) Message-complexity of D ∗ is O(|EAn(A∪B∪C) |) where
EAn(A∪B∪C) is the set of the edges of the ancestral graph
GAn(A∪B∪C) .

(•, ◦) → •, (•, ◦) → •,
(•, •) → clash, (•, •) → clash,
where the syntax is: (x’s current color, received message)
→ x’s new color. If x’s new color turns out to be different from its old color, with the exception of the transmitter
node, x sends its new color as a message to all its parents,

(6) Communication-complexity of D ∗ is O(|EAn(A∪B∪C) |) bits
where EAn(A∪B∪C) is the set of the edges of the ancestral
graph GAn(A∪B∪C) .
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3.1

High-Level Understanding of D ∗

D∗

has a simple machinery as we informally discuss here.
Upon variables in A ∪ B ∪ C sending their colors to their parents, colors white (◦), green (•), and red (•) begin to propagate in a backwards manner throughout the network. In the
midst of this process, white-color nodes which have a neighboring node colored either red (•) or green (•), change their
color to that of their neighbors, and if a clash ever occurs
between colors red and green, D ∗ decides that the input dseparation query is false (i.e., it is a NO-instance d-separation
query). Informally put, white-color nodes function as relays,
which, by copying the colors of their neighbors, facilitate the
possibility of a (permissible) collision between red and green.

neighboring node acquires such colors (Figs. 2(d-f)). Eventually, in the configuration depicted in Fig. 2(f), a clash takes
place between colors green and red at a node (circled node in
Fig. 2(f)), upon which D ∗ decides that (X 6⊥
⊥ Y|Z)G .
t3

x1

t5

t2

t4

t6

t1

z

t7

y2

x2

z
y1

x1

x1

4

D ∗ in Action: A Case Study

In this section, we present an example to illustrate an execution and highlight the simplicity of D ∗ . Consider the CBN
depicted in Fig. 2(a). Let the posed d-separation query be
(X ⊥
⊥ Y|Z)G where X = {x1 , x2 }, Y = {y1 , y2 }, and Z = {z}.
According to the d-separation criterion (Pearl, 1988), observation of z activates the path x1 ← t1 ← t2 ← t3 → t4 ← t5 →
t6 → t7 → y1 , thereby yielding the falsity of the d-separation
query (X ⊥
⊥ Y|Z)G (hence, the input is a NO-instance query);
see Fig. 2(a). An execution of D ∗ is illustrated using successive snapshots shown in Figs. 2(b-f) with each figure depicting the global state of the system (i.e., nodes’ colors) at some
instance in global time (aka system’s configuration). As depicted in Fig. 2(b), variables in sets X, Y, and Z initially selfactivate in the states represented by colors green (•), red (•),
and white (◦), respectively. Also recall that, as explicated in
Sec. 3, variables in Z ignore any message received from any
of their children, and also do not send any message to any of
their children—depicting the downlinks of the variables in Z
in a dash-dotted format simply illustrates this statement pictorially in Fig. 2(b). The colors green (•), red (•), and white
(◦) propagate in a backwards manner (Figs. 2(c-d)). Also, the
color of a white node gets replaced by green or red once a
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A Note On The Termination of D ∗

According to Proposition 1, if the input d-separation query
presented to D ∗ is true (i.e., it is a YES-instance dseparation query), the system reaches a state of equilibrium in
O(lAn(A∪B∪C) ) time and message-passing is guaranteed to terminate in O(1) time after that. However, due to its local view,
a node cannot know if such a global state has been reached.
This is a fairly standard situation for an asynchronous distributed algorithm to find itself in (Mattern, 1987; Tel, 2000),
leading to the introduction of the fundamental concept of
Termination-Detection (TD) in the distributed systems literature; see Tel (2000, Ch. 8). There exist a variety of TD algorithms in the literature (e.g., Dijkstra et al., 1983; Mattern,
1987; Mittal et al., 2004, 2007). For example, Mittal et al.
(2004) proposed two TD algorithms, each having detection
latency of O(D) where D is the diameter of the underlying
graph G, and G is allowed to have an arbitrary topology.
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Figure 2: Illustrative example. The underlying DAG G is shown
in (a). The initial configuration of the system is portrayed in (b),
wherein variables in sets X, Y, Z self-activate in the states represented by green (•), red (•), and white (◦), respectively. Depicting
the downlinks of the variables in Z in a dash-dotted format simply symbolizes that the variables in Z ignore any message received
from any of their children, and also do not send any message to any
of their children. D ∗ begins by nodes in X, Y, Z sending their colors as messages to their parents and proceeds as shown in (c-f) with
each figure depicting a snapshot of the global state of the system
at some instance in global time. Eventually, upon occurrence of a
clash between colors green and red (at the circled node in (f)), D ∗
decides that (X 6⊥
⊥ Y|Z)G . A better-quality version of this figure can
be found on arXiv: https://arxiv.org/abs/1801.10186

Notice that, since w is unobserved (Fig. 2(a)), the path
x2 → w ← y2 indeed remains blocked (Pearl, 2000); this is
nicely captured by the machinery of D ∗ . Algorithm D ∗ prevents x2 and y2 from sending their colors in the forward direction (i.e., along the edges pointing to w), thereby guaranteeing the occurrence of no clash along the blocked path
x2 → w ← y2 . Also notice that, since z is observed (Fig. 2(a)),
the path x2 ← z → y2 is blocked as well (Pearl, 2000). Once
again the machinery of D ∗ , due to z refraining from engaging
in message-exchange with its children, ensures that no clash
takes place due to the blocked path x2 ← z → y2 .

5

Technical Discussion

A number of algorithms for the implementation of dseparation are proposed in the literature (Geiger et al., 1989;
Lauritzen et al., 1990; Shachter, 1998; Koller & Friedman,
2009; Butz et al., 2016). Assuming |E| ≥ |V |, to decide
if (A ⊥
⊥ B|C)G holds in G, the worst-case running time of
Geiger et al.’s, Koller and Friedman’s, Shachter’s, and Butz
et al.’s is O(|E|) and that of Lauritzen et al.’s algorithm3 is
O(|V |2 ) where |V | and |E| denote the number of the nodes
and the edges of the underling DAG G, respectively. Note
that, since for any DAG G, |E| ≤ |V |2 , an O(|E|)-time algorithm (e.g., Geiger et al.’s) outperforms an O(|V |2 )-time algo3 The reader is referred to Geiger et al. (1989) for a detailed analysis of the running-time of Lauritzen et al.’s algorithm.
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rithm (e.g., Lauritzen et al.’s) in terms of worst-case runtime4
(see Geiger et al., 1989, for more discussions on this). According to Proposition 1, the time-complexity of the proposed
algorithm D ∗ is O(lAn(A∪B∪C) ) where lAn(A∪B∪C) denotes the
length of the longest undirected path in the ancestral graph
GAn(A∪B∪C) . Since, for any DAG G, lAn(A∪B∪C) ≤ |E| ≤ |V |2 ,
the proposed algorithm D ∗ outperforms all the previously
proposed algorithms in terms of the worst-case running time.5
Particularly, the gain is significant in dense DAGs. Note that,
in the limit as the underlying DAG G gets denser, the worstcase runtime performances of the previously proposed algorithms become identical, i.e., O(|V |2 ).
Another noteworthy property of D ∗ is its tendency toward quick detection of false d-separation queries (i.e., NOinstance queries), manifested in an occurrence of a clash according to Remark 1. For a NO-instance d-separation query,
Proposition 2, below, gives a more refined upper-bound:
Proposition 2. Let A = {ai }i , B = {b j } j , C = {ck }k be
three disjoint sets of nodes belonging to a DAG G. Let
d
lAn(A∪B∪C)
denote the length of the longest directed path in
ij

the ancestral graph GAn(A∪B∪C) , and lAn(A∪B∪C) the length
of the shortest unblocked path between the nodes ai and b j
in GAn(A∪B∪C) . As a convention, if all paths between ai
ij
and b j are blocked, lAn(A∪B∪C) = ∞. If (A 6⊥
⊥ B|C)G then a
clash between colors green (•)
and
red
(•)
occurs in time

ij
d
O lAn(A∪B∪C)
+ min lAn(A∪B∪C) , upon which D ∗ decides that
i, j

(A 6⊥
⊥ B|C)G .
In Sec. 2, we formally defined a notion called refutationmodule (see Def. 1). In the language of computational complexity and theorem-proving, a refutation-module M(X6⊥Y|Z)G
can serve as a certificate (or witness) for disproving a dseparation query (X ⊥
⊥ Y|Z)G . This interpretation is related to the verifier-based definition of the complexity class
coNP. Next, in Proposition 3, we provide an even more refined upper-bound on the time required for an occurrence of
a clash, thereby strengthening our claim as to D ∗ ’s tendency
toward quick detection of false d-separation queries.
Proposition 3. Let X, Y, Z be three disjoint sets of nodes
belonging to a DAG G. Also, let (X 6⊥
⊥ Y|Z)G . Let M(X6⊥Y|Z)G
denote a refutation-module for the query (X ⊥
⊥ Y|Z)G with
d and |P | denoting the length of the longest directed path
lM
M
and the shortest unblocked path in M(X6⊥Y|Z)G , respectively.
4 The

gain is particularly significant in sparse graphs.
to Proposition 1, a NO-instance d-separation query
can be decided by D ∗ in time O(lAn(A∪B∪C) ). The upper-bound
O(lAn(A∪B∪C) ) is an improvement over the worst-case runtime of all
the previously proposed algorithms. Also note that, adopting a TDalgorithm with detection latency of O(D) (see Mittal et al., 2004,
2007, for such TD-algorithms), a YES-instance d-separation query
can be decided by D ∗ in time O(lAn(A∪B∪C) + D) where D is the
diameter of G. Once again, since lAn(A∪B∪C) ≤ |E|, D ≤ |E|, |E| ≤
|V |2 , the upper-bound O(lAn(A∪B∪C) + D) is an improvement over
the worst-case runtime of all the previously proposed algorithms.
(Notice that, for any DAG G, 21 (lAn(A∪B∪C) + D) ≤ |E|, hence follows |E| = Ω(lAn(A∪B∪C) + D).)
5 According

∗
Finally, let M(X6
⊥Y|Z)G denote the minimal refutation-module
for the query (X ⊥
⊥ Y|Z)G , with EM ∗
denoting the set of
(X6⊥Y|Z)
⊥
G

∗
the edges of M(X6
⊥Y|Z)G . Then the following statement holds
true: A clash between colors green (•) and red (•) occurs
d + |P |}) ≤ O(|E ∗
in time O(minM(X6⊥Y|Z)
{lM
|), upon
M
M
⊥
G

(X6⊥Y|Z)
⊥
G

which D ∗ decides that (X 6⊥
⊥ Y|Z)G .
Finally, we would like to point out an interesting property
of the CUG, referred to as order-invariance, which is characterized informally as follows: The order according to which
nodes in the network receive their messages is irrelevant.

6

General Discussion

The Algorithm D ∗ , in the spirit of Pearl’s (1986) belief propagation scheme, employs the edges of the underlying CBN as
the medium through which message-passing between nodes
takes place. The latter echos Pearl’s (1986) insight when he
advocated the idea that a CBN must not be viewed as “merely
a passive parsimonious code for storing factual knowledge
but also a computational architecture for reasoning about that
knowledge.” D ∗ adheres to this idea. Recent literature in neuroscience investigating possible implementation of CBNs at
the neural level supports Pearl’s idea (see Lochmann & Deneve, 2011; Gershman & Beck, 2017). Lochmann and Deneve (2011) advocate the idea that a CBN’s node can be represented at the neural level by a single (Deneve, 2008a,b)
or a population of neurons (Ma et al., 2006) with the neural network resembling a “mirror image” of the CBN it
implements—though sometimes not a ‘perfect’ mirror (see
Fig. 1 in Lochmann and Deneve, 2011)—and the links of the
neural network providing the medium for inference to be carried out, either in the form of belief propagation or samplebased methods like Gibbs sampling.
Interestingly, the peculiar tendency of D ∗ toward quick detection of NO-instance d-separation queries is consistent with
our pre-theoretical intuition that humans tend to detect possible dependencies between concepts and propositions rather
swiftly, once such dependencies do exist. The following
question then presents itself: Could this tendency be supported based on any rational grounds? In what follows we
provide an argument supporting the rationality of the foregoing tendency. (†) Assuming that the mind incurs a higher
rate of loss (defined as incurred cost per unit of time) for discovering a dependency when one does exist, compared to the
condition wherein one does not exist and the mind recognizes
that, we formally show that the foregoing tendency is simply a consequence of the mind acting as a boundedly-rational
satisficer (Simon, 1957), trying to attain good performance in
terms of expected accumulative cost. But why should the rate
of loss under the condition wherein a dependency does exist
be higher? Informally put, why should the mind be so hasty
in detecting dependencies under that condition? One possible
explanation is that it is crucial for the mind to swiftly detect
dependencies under that condition, with the rationale being
that delay in detecting those dependencies could be harmful
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to the reasoner and potentially jeopardize their life, hence important from an evolutionary standpoint. Furthermore, given
the prominent role that explanation and inference play in human cognition (see Lombrozo, 2016), it is crucial for the
mind to promptly detect those factors deemed relevant to the
task faced by the reasoner.
Let us formally characterize a general condition under
which the aforesaid tendency can be given a rational basis.
Let CA denote the accumulative cost of an algorithm A implementing d-separation criterion, πYES and πNO denote the
prior probability of the input being a YES-instance and NOinstance d-separation query, respectively. Let also TAYES and
TANO denote the worst-case runtime of A on YES-instance and
NO -instance d-separation queries, respectively. Finally, let
LYES , LNO ∈ R>0 denote the cost per unit of time incurred
by A for delay in detecting a YES-instance and NO-instance
d-separation query, respectively. Then, for any DAG G, the
following holds true: E[CA ] ≤ LYES TAYES πYES + LNO TANO πNO ,
where the expectation E[·] is taken with respect to the (unknown) distribution of all d-separation queries. It is then easy
to show that, under the condition (∗) LNO πNO ≥ LYES πYES , it
is rational for the mind trying to attain good performance in
terms of expected accumulative cost to demonstrate the said
tendency toward quick detection of NO-instance d-separation
queries. The setting portrayed in (†) above is a special case
of Condition (∗): It corresponds to Condition (∗) subject to
the assumptions πNO = πYES (reflecting the reasoner’s uninformative, a priori expectation that YES- and NO-instance
queries are equiprobable) and LNO ≥ LYES (reflecting a higher
rate of loss for erring on NO-instance queries, as alluded to
earlier). Future work should experimentally investigate if
humans demonstrate the forgoing normatively justified tendency in probabilistic (in)dependence judgment tasks, or that,
on the contrary, they systematically deviate from that.
Also interestingly, the forgoing tendency of D ∗ toward focusing its search on the minimal refutation module can be
taken as evidence for its least-effort-like characteristic, and
is fully consistent with recently proposed frameworks which
seek rational understanding of the mind at the algorithmic
level of analysis by appealing to the notion of economical use
of limited computational and cognitive resources (in our case,
by striving for minimizing the size of the module required to
be investigated for refuting a false d-separation query); see
Nobandegani (2017) and Griffiths et al. (2015). Although we
briefly discussed the idea of termination detection for asynchronous distributed algorithms, a boundedly-rational agent
may decide to only run an asynchronous distributed algorithm
for a period of time which is justified based on the opportunity cost incurred by delaying another task. In that light,
the boundedly-rational agent may plausibly decide to adopt
termination detection algorithms only in settings wherein the
opportunity costs involved would be relatively low. Also notably, D ∗ exemplifies how the pursuit of cognitive plausibility
can lead to the discovery of state-of-the-art algorithms.
Perhaps the biggest limitation of D ∗ (and, likewise, of be-

lief propagation) is the assumption that communication channels are faultless, allowing for reliable message exchange.
The brain’s neural circuits involve much stochasticity and response variability (e.g., Ma & Jazayeri, 2014; Ma, Beck, and
Pouget, 2008; Summerfield & Tsetsos, 2015), undermining
this assumption. Future work should investigate extensions
of D ∗ that are more robust to neural noise. While many
questions remain open, we hope to have made some progress
toward understanding human probabilistic (in)dependence
judgment at the algorithmic level, a capacity without which
the world would seem too chaotic for humans to live by.
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Abstract
What is ecological about Gibsonian Ecological Psychology?
Well-known senses in which Gibson’s scientific program is
‘ecological’ have to do with its theoretical, ontological and
methodological foundations. But, besides these, the Gibsonian
framework is ‘ecological’ in an additional sense that has remained understudied and poorly understood—a sense of “ecological” that connects Gibson’s view to the environmentalism
of environmental psychology and environmental ethics. This
paper focuses on the latter sense of ‘ecological’, and explores
the relevance of Gibson’s notion of “affordance” for thinking
about environmental issues like deforestation, pollution and
climate change. One existing account is criticized and an alternative is proposed.
Keywords: affordances; perception; environmental ethics; environmental psychology; moral psychology; responsibility.

Introduction
We live in a time of dramatic environmental challenges. According to the Food and Agriculture Organization of the
United Nations (FAO 2016), from 1990 to 2015 almost 130
million hectares of forests were destroyed worldwide, an area
about the size of South Africa. The United Nations Environment Programme (UNEP 2017) reports that over 80% of the
world’s wastewater is released into the environment without
receiving any treatment, and that around 12 million tons of
plastic waste end up in the ocean every year. Deforestation
and pollution have a high impact on biodiversity. The World
Wide Fund For Nature (WWF 2016) estimates that, since
1970, wild vertebrate populations have on average declined
by 58%, with the strongest decline rate afflicting freshwater
species (81%). Air and water pollution also take a high toll on
human health. The World Health Organization estimates that
92% of the world population is exposed to air below minimum quality standards, which causes up to 6.5 million deaths
per year (2017). The WHO also reports that more than 2
billion people worldwide drink water from sources contaminated by fecal matter, leading to over 800,000 deaths every
year from diarrhea alone (i.e., not including other diseases
caused by polluted water).
This ecological situation is not independent from human
activity. Deforestation and the pollution of air, land and water,
especially at their present levels, are not naturally occurring
ecological events. Rather, they happen as the result of direct
and indirect human activity—that is, either through active extraction and depletion of natural resources or, for most of us,
through daily reliance on goods and services that exert that
negative ecological impact. Environmental degradation poses
threats to human health at the immediate and local scale, as
in the case of polluted air and water which cause millions of
deaths every year. Environmental degradation also presents
more long-term and widespread hazards by contributing to

global climate change, which endangers whole ecological
niches and all sorts of animal and plant species that we also
depend on. Awareness of our ecological entanglements has,
over the past century, led to the rise of an “environmental” or
“ecological” consciousness, a broad and multi-faceted social,
political and cultural movement.
In the humanities, the environmental movement has motivated thinkers to question the anthropocentrism characteristic of the Western ethical tradition. From Ancient Greece
through the medieval and modern periods, philosophers have,
by an large, held that humans have a higher status than nonhuman animals, plants, and other environmental elements
(White 1967). In this traditional view, human beings alone
are intrinsically valuable and are full members of the “moral
community”: non-human animals, plants and other natural
entities are valuable only as means to achieving human goals,
and the way we treat non-human entities cannot in and of itself be judged as moral or immoral, only as more or less convenient for us. Environmental ethics questions the adequacy
of these anthropocentric assumptions. Aldo Leopold, one of
the pioneers in the field, proposed a view he called the “land
ethic,” namely an ethical framework in which moral value
is holistic rather than individual and is to be found in entire
biotic communities. For Leopold, by “thinking like a mountain” rather than as individual organisms fighting for survival,
we come to understand that “a thing is right when it tends to
preserve the integrity, stability, and beauty of the biotic community. It is wrong when it tends otherwise” (1949). That
is, according to Leopold’s land ethic, it is a mistake to think
that polluting a river is only wrong when it harms other human beings—rather, polluting a river is wrong to the extent
that it damages the whole biotic community, regardless of the
consequences it may have for other people. Leopold’s land
ethic has been criticized, defended, modified and expanded
by many after him (see an overview of various reactions in
Callicott 1987, 1999). Importantly, whether Leopold’s insights were right or not, his work and that of other pioneers in
the environmental movement has drawn attention to the ethical dimension of our ecological situation.
The environmental or ecological movement has also influenced developments in psychology and cognitive science. In
the field of environmental psychology, two lines of research
have been particularly productive. The first line focuses on
the psychological effects of having contact with natural and
built environments. The experimental evidence indicates that
mental well-being is closely linked to experiencing nature.
A longitudinal study has suggested, for example, that relocation from low-income housing to a new environment with
access to more “natural” elements such as a garden space or
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windows with a view of trees was associated with improved
cognitive performance, especially increased attentional ability, in children from 7 to 12 years of age (Wells 2000). But
the effects are not limited to long-term relocation in closer
proximity with nature. Studies also suggest that even a brief
walk in nature can have significant affective and cognitive
effects, e.g., leading to stress relief (Tyrvinen, Ojala, Korpela, Lanki, Tsunetsugu & Kagawa 2014), decreased anxiety and increased working memory performance (Bratman,
Daily, Levy & Gross 2015). A comprehensive review of this
literature revealed that there is strong evidence that “knowing
and experiencing nature makes us generally happier, healthier
people” (Russell, Guerry, Balvanera, Gould, Basurto, Chan,
Klain, Levine & Tam 2013).
Another major line within environmental psychology seeks
to understand our attitudes toward nature, how those attitudes affect our behavior, and what can be done to promote
more environmentally-friendly behavior. Studies suggest that
spending time in nature and feeling connected to nature lead
to more ecological concern and sustainable action: in children, this is associated to their perceived family value toward
nature (Cheng & Monroe 2010); and in adults, contact with
nature leads to more pro-environmental intentions and behavior particularly when ecological problems are perceived as
social dilemmas (Zelenski, Dopko & Capaldi 2015). But the
literature also indicates that merely providing access to information about environmental issues (e.g., the data presented at
the beginning of this Introduction) is insufficient to generate
more pro-environmental behavior in individuals. People tend
not to go out of their way to act more sustainably out of personal conviction, but they form and act out pro-environmental
convictions when it is easy to do so—for example, individuals recycle more when they have more opportunities to do
so (Vining and Ebreo 1992). In line with this and related
findings, Lucas, Brooks, Darnton & Jones (2008) suggest
that public policies will be most effective when they encourage pro-environmental behavior at multiple levels: measures
that target individuals’ motivation and attitudes toward nature
will not be sufficient to generate sustainable behavior if there
are no system-wide mechanisms to facilitate and even reward
pro-environmental behavior.
Research in these two main strands of environmental psychology is closely aligned with, and lends itself to applications in, the moral and political dimensions of environmentalism. The same does not seem to be the case with
the independent but similarly-named scientific tradition of
Gibsonian ecological psychology. Scholars working within
the Gibsonian framework have made important contributions to the study of perception-action dynamics in organismenvironment relations, but they have had surprisingly little to
say about the environmental challenges we face, such as deforestation, pollution, and climate change. The goal of this
paper is to investigate how, if at all, the Gibsonian framework
and particularly the notion of “affordances” can contribute to
the environmentalism of environmental ethics and environmental psychology.

What is “Ecological” in Ecological Psychology?
The label “ecological psychology” has been applied to different scientific traditions (Heft 2001), but, given our present
focus, in the remainder of this article that phrase will be used
to refer to the one initiated by James J. Gibson (1966, 1979).
The present section overviews some of the key themes in Gibson’s vision for ecological psychology in order to elucidate
what exactly was “ecological” about it. Four related senses
of ecological are identified: theoretical, ontological, methodological, and ethical.
A good starting point to understand the Gibsonian ecological framework is to consider its theoretical scope and context.
Contemporary ecological psychology has been identified as
a radical embodied approach to cognitive science (Chemero
2009), but understanding Gibson’s own work in these terms
is anachronistic. At the time of its inception in the 1960s and
1970s, ecological psychology was meant as an alternative to
both behaviorism and cognitivism. From a behaviorist perspective, the scope of psychology as a science was limited to
observable or otherwise measurable responses in association
with stimuli or reinforcements. This corresponded, in theory and in practice, to black-boxing internal processes, which
were seen as scientifically uninteresting or, perhaps for radical behaviorists, inexistent. In contrast, from the perspective
of the then emerging approach of cognitivism, the task of scientific psychology was to investigate the internal cognitive
processing that occurs in between sensory input and behavioral output—precisely what behaviorism had long neglected.
In line with the computer metaphor, cognition was seen as
the internal computational processing of what had been obtained from, and would then be exhibited by, the peripherals.
While being different in various repects, both behaviorism
and cognitivism accepted the same theoretical model for scientific psychology, disagreeing mainly on what the focus of
inquiry should be (see Figure 1).
(a)
response

stimulus
(b)
input

cognition

output

Figure 1: The scope of psychological science indicated in red
for (1a) behaviorism and (1b) cognitivism.
Gibson rejected the theoretical and ontological assumptions endorsed by behaviorists and cognitivists. Instead,
his vision for psychology was “ecological” in that it shifted
the theoretical scope of psychology to study informational
action-perception dynamics, and, this, grounded on an ontology of organism-environment systems as single ecological
units. To make this clear, consider first how the traditional
model in Figure 1 draws a clear distinction between perception and action (i.e., between stimulation and response, or between input and output, in each case). Gibson saw the two as
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inseparable: perception is an action and it is for action, that
is, we perceive by acting and in order to act, and no action is
ever divorced from perception. Now, Gibson spoke of there
being a mutuality or reciprocity between organism and environment. He claimed that “information about a world that
surrounds a point of observation implies information about
the point of observation that is surrounded by a world. Each
kind of information implies the other” (1979: 75). This
means that as an organism acts/perceives, it generates relational ecological information, that is, information that specifies “affordances,” or what the organism can do given its own
abilities and what the environment is like. In this way, ecological psychology is “ecological” in related theoretical and
ontological senses: first, the theoretical scope of psychology
is organism-environment relations (rather than internal processing or behavior conditioning); and second, this is based
on the ontological view that there is relational information
inherent to action-perception dynamics which organisms can
directly perceive or “pick up” (see Figure 2).
organism

information

environment

Figure 2: The theoretical scope (in red) and ontological basis of ecological psychology: the information generated by
action-perception dynamics in an organism-environment system specifies the same relational dynamics—the information
points both ways, hence the bidirectional arrows. (Inspired
by diagram in Turvey and Carello 1986: 143)
These related theoretical and ontological senses in which
Gibson’s framework was “ecological” also led him to be concerned with the ecological validity of psychological experiments—which brings us to the methodological sense of “ecological” at play in ecological psychology. Psychological experiments typically require participants to perform artificial
actions in artificial situations. Consider, for example, how
research in experimental psychology often asks participants
to perform tasks they have never tried before, and to do so
under conditions they are not familiar with. Participants are
often shown stimuli that are ambiguous, that generate some
illusion, that are shown only partially or too fast to be fully
perceived. Moreover, they are often expected to hold still
(e.g., if in an fMRI machine) and to focus their sight and attention to the task at hand. Ecological psychology sees all of
these as dangerous constraints, and calls for a methodological
approach that is closer to the real tasks participants perform
in real environments. To be sure, scientific experiments in
any discipline are by nature artificial: they are man-made situations, tailored to some interest, and carefully designed so
as to control for confounding variables and unwanted influences. But Gibson was among the first to explicitly call for
experiments that were “ecologically valid.” As Gibson (1979)
explains, “natural vision” is not static and punctate like the
snapshots of a camera, but we see by looking around by moving our eyes, moving our head, and walking around: “the

evidence suggests that visual awareness is in fact panoramic
and does in fact persist during long acts of locomotion” (p.
2). For this reason, if we are to understand vision as it occurs in reality, we should design our studies accordingly: “It
is not true that ‘the laboratory can never be like life.’ The
laboratory must be like life!” (p. 3) As Brian Rogers (2017)
explains, the methodology of cognitivism has relied on experimental setups “where the perceptual system makes mistakes,” while researchers in ecological psychology typically
design “situations where the perceptual systems provide correct answers—for instance, where there is a clear link between the information available in the spatio-temporal patterning of light reaching the eye(s) and the control of our
actions” (p. 27). This captures the methodological sense
in which ecological psychology is “ecological”: it strives to
study psychological phenomena in ecologically valid situations.
These theoretical, ontological and methodological “ecological” aspects of ecological psychology are well known.
But an additional sense of “ecological” is at play in the Gibsonian framework which has not received nearly as much attention. This is the ethical sense of “ecological” which connects
ecological psychology to the environmentalist ideals behind
environmental psychology and environmental ethics. There is
good evidence that Gibson was sympathetic to values guiding
the ecological movement and that he understood the urgency
of environmental issues. In his 1979 book he points out, for
example, that “we human animals have altered [the world] to
suit ourselves” but he adds that “[we] have done so wastefully,
thoughtlessly, and, if we do not mend our ways, fatally” (p.
130). Gibson’s focus was not on advancing the environmentalist agenda—articulating new foundations for psychological
science was challenging enough! Still, passages like this suggest that he saw his framework as having important implications for understanding the ethical and political dimensions of
our environmental situation, and that perhaps even the choice
of the label “ecological psychology” was meant to capture
such connotations as well.

Perception and Environmental Issues
Edward Casey’s (2003) account is one of very few to explicitly apply the framework of ecological psychology to thinking about our current environmental challenges. Casey’s goal
is to ground environmental ethics on the experience of environmental destruction, or “the sheer and simple fact of being struck by something wrong happening in the surrounding
world” (p. 187). He claims that ethicists too often focus on
the morality of our actions and neglect what makes that action possible, namely our experience of the world. Casey thus
proposes that we consider “the moment of the glance” as the
“first moment of ethical responsiveness” (p. 188). By this he
means that seeing is not only what chronologically precedes
moral action but it is what gets it started and is already integral to moral action: seeing or refusing to see is itself an action—a morally relevant one—and it should accordingly have
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a more prominent place in our study of moral psychology and
environmental ethics.
The view of perception underlying Casey’s proposal is decidedly Gibsonian. As briefly suggested earlier, in ecological psychology perception is the direct pick up of ecological
information. This means that we do not need to internally
represent and process information so as to infer some meaning (as is assumed in the cognitivist tradition). Rather, we
directly perceive (or “pick up”) information that is relational
and is therefore informative of what the environment means
to us—it is information that specifies what actions the environment affords, or what we can do in that environment.
Drawing from this view of perception as the pick up of ecological information, Casey proposes: “A glance suffices not
just to see distress and disorder. It also picks up the imperative to do something about that disarray” (p. 198). Casey illustrates his point by describing his experience of happening
upon a mountainside that had been deforested. He claims that
the mere sight of that deforested area included the detection
of an ethical imperative to fix the situation: “The imperative
for ecological action stemmed from the intensity of the scene
itself, its damaged surfaces speaking dramatically to my bare
apperception” (p. 199). Casey’s proposal thus corresponds to
two key ideas to be examined independently: (1) that in perceptual experience we can directly detect natural distress or
disorder, and (2) that in perceptual experience we also detect
an ethical imperative to fix that disorder.

The Direct Perception of Natural Disorder
Consider first Casey’s claim that we directly perceive natural
distress and disorder. Casey proposes that certain events provide the ‘direct presentation of environmental distress’, such
as in his own experience of seeing a deforested area: “When
I glimpse clearcutting on a mountain slope or the dumping of
waste in a swamp or the ruination of soil on a farm, I am witnessing disorder in the environment” (p. 197). By “disorder”
Casey means “any feature of the layout that goes contrary to
the natural order,” further adding that in such cases, “instead
of an optical array that is well-ordered with regard to being
and well-being, we are confronted with manifest disarray”
(ibid.). Thus construed, the claim that we directly perceive
natural disorder is problematic for two reasons.
The first problem concerns the “direct perception” part of
the claim. Althouh the “directness” of perception assumed
by Casey aligns with the Gibsonian ecological framework he
means to adopt, the idea that something like environmental
distress or disorder can be directly perceived does not. As
indicated earlier, ecological psychology takes it that what is
directly accessible in perception is ‘ecological information’:
that is, not information that is absolute (i.e., what an element
in the environment is like in and of itself, without reference
to an interacting organism) but instead information that is relational (i.e., information that specifies what an element in
the environment affords to a particular organism). The problem is that environmental distress, as Casey describes it, is
an absolute rather than relational feature of the environment.

He claims that the mountain slope, the swamp or the farm
soil have their well-being “trespassed and undermined” (p.
197). To be sure, in all of these cases what threatens the environmental element’s well-being is a relation or interaction
(namely, human action); still, to frame the result as a loss in
well-being is to frame it as an absolute change in that environmental element. And if environmental disarray and lack of
order are absolute features of that environment, then, strictly
speaking, we could not directly perceive them because perception only detects relational features.
The second problem with Casey’s idea that we directly perceive natural disorder concerns the “natural disorder” part
of the claim. Casey seems to assume that nature has some
essential, human-independent order and that human activity
disrupts that naturalness, almost as if humans were somehow breaking into the realm of the natural from outside of
it. Philosophers working in environmental ethics have questioned the adequacy of this common understanding of “natural” as being opposed to “artificial” or “man made” (e.g.,
Elliot 1982, Katz 1992, Vogel 2015). But even earlier, Gibson himself had vehemently rejected this form of dualism:
“It is a mistake to separate the natural from the artificial as
if there were two environments”; instead, “This is not a new
environment—an artificial environment distinct from the natural environment—but the same old environment modified
by man” (Gibson 1979: 130). Humans are as natural as any
other animal, and the environmental effects of human activity (including deforestation, pollution and climate change) are
as natural as the environmental effects of the activity of any
other species. Strictly speaking, then, it seems we cannot directly perceive “natural disorder,” as Casey claims, because
“natural disorder” does not exist. The environmental problems we face are real, of course, but they are not adequately
understood as the disruption of natural order. The clearcut
mountain slope Casey saw is perfectly natural even though
it was created by humans: deforestation transforms previous
environmental dynamics, but so do other non-human-initiated
ecological events such as hurricanes and volcanic eruptions.
For this reason, framing our environmental situation in terms
of “natural disorder” is problematic not only because it places
it outside the scope of perceptual experience (as an absolute
feature), but also because it implies an untenable dualism according to which human action disrupts some independent
natural order, as if humans were not part of nature.

The Picking Up of Ethical Imperatives
Independently of the reasons given above for rejecting
Casey’s claim that we perceive natural disorder, there is good
reason to question his further claim that we also perceive an
ethical imperative to fix natural disorder. This is because
Casey’s idea that the perception of natural disorder already includes imperatives of a moral sort is based on a scientifically
questionable understanding of the notion of “affordances”.
Casey quotes Gibson in saying that through perception we
come to know “what [the substances of the habitat] afford,
what they are good for,” to which Casey adds: “This points
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in the direction of the ethical, which allows us as well as
commands us to be and do good in terms of what the surfaces of our immediate environment afford—what they are
‘good for”’ (p. 196). As this makes clear, Casey interprets
affordances as having some moral dimension to them: in his
view, ‘what things are good for’ refers to the actions that are
justified or called for morally. But this is a gross misunderstanding of “affordance” as the technical term is used in ecological psychology. To be sure, there has been intense debate in the ecological psychology community about the ontological status of affordances, namely if they are to be understood as dispositions (Turvey 1992, Scarantino 2003), resources (Reed 1996), or relations (Chemero 2003, 2009). But
it is generally understood that affordances have only instrumental value. For example, basic affordances of fire include
illumination, warmth, and injury to the skin; “once control
is learned” fire also affords cooking, boiling water, glazing
clay, reducing minerals to metals (Gibson 1979: 39), and to
this list we can add slash-and-burn agriculture and injury to
others by combining fire with gunpowder. Similarly, trees
can afford climbing and shelter from sun or rain, as well as
injury through collision, and cutting down to clear an area
for agriculture or to extract wood with which to create shelter, tools, or fire. Strictly speaking, then, affordances cannot
“point in the direction of the ethical,” as Casey suggests, because things can be ‘good for’ all sorts of purposes, including
the immoral and the amoral. If it makes sense to say that
affordances contain any ‘imperative’ for action, then this imperative has to be purely instrumental rather than moral. For
this reason, Casey’s claim that we perceive an ethical imperative to fix natural disorder is incompatible with the Gibsonian
ecological theory Casey means to advocate: the same deforested mountainside that affords protection and reforestation
also affords further clearing for agricultural ends; if any imperative for action is picked up in perception, it cannot have
inherent moral valence.

Perception, Learning, and Responsibility
Having examined some of the challenges with applying the
framework of ecological psychology to understanding our environmental situation, we can now move closer to a positive
account that is more theoretically sound.
Earlier I quoted Gibson’s (1979) claim that we humans
have altered the world ‘wastefully’, ‘thoughtlessly’ and possibly ‘fatally’ (p. 130). In the same passage Gibson also explains why we have done so:
“Why has man changed the shapes and substances of his environment? To change what it affords him. He has made more
available what benefits him and less pressing what injures him.
In making life easier for himself, of course, he has made life
harder for most of the other animals. Over the millennia, he
has made it easier for himself to get food, easier to keep warm,
easier to see at night, easier to get about, and easier to train his
offspring” (Gibson 1979: 130)

As this suggests, we could only get to our current environmental situation by acting on the affordances of the environ-

ment. Natural resources afforded extraction and transformation, forests afforded cutting down, rivers afforded a rudimentary way of getting rid of sewage, and the air afforded
getting noxious smoke outside of our houses and factories,
and it was only because all of this was afforded by the environment that we developed these practices in the first place.
These interactions with the environment—our acting on what
it affords—necessarily transforms the environment and what
it affords as well: the deforested area affords us agricultural
cultivation but it no longer affords inhabiting by various other
species, therefore no longer affording us hunting; water and
air, once polluted, can afford poisoning and death to us and
various organisms exposed to them. All environmental challenges we currently face follow the same pattern, arising from
interactions that the environment afforded, followed by the
transformation of those affordances and the creation of new
ones that may be more or less desirable from a variety of
perspectives. These ecological facts of perception and action support the idea that our current environmental situation
(which includes pollution, deforestation and climate change)
is perfectly natural: humans are not outside of the realm of
nature, and we, just like all other living beings, can only ever
act on what we detect that the environment affords. But naturalizing anthropogenic environmental impact should not be
seen as entailing passivity or fatalism, as if being natural also
made something like climate change good or unavoidable.
Instead, the ecological facts of perception and action described above are inadequately understood if we do not also
take into account the various ways in which perception is flexible and fine-tunable, or how it is shaped by learning and the
“education of attention” (Gibson 1966, Jacobs and Michaels
2007, Araujo and Davids 2011). The education of attention
is the differential attunement of a perceptual system to ecological informational variables—put simply, it is the process
by which, through practice, we become more sensitive to information that is more relevant for certain actions (this explains the skill of the expert wine taster, as well as any adult’s
skill in reading and doing mathematics, for example). And a
key reason why the flexibility and educability of attention is
important for the present discussion is that it helps to make
clear how our perception of environmental resources and environmental challenges can develop. Even if deforestation
and pollution arise naturally from our acting on what the environment affords, we can equally naturally come to better
perceive other affordances that may be more adaptive. The
fine-tuning of perception thus enables us to more fully understand our situation and see that, as Gibson put it, “Some
ecological events are reversible sequences, whereas others
are nonreversible” (1979: 101). This in turn empowers us
to make more informed decisions, and to choose, for example, to limit our contribution to nonreversible events that will
have undesirable consequences (e.g., climate change). The
fine-tuning of perception can thus guide which affordances
we choose to act on and which new affordances we choose to
create.
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Further developing this view of our environmental situation in Gibsonian ecological terms—in terms of the ecological facts of affordance-based perception-action dynamics and
the education of attention—will make an important contribution to the environmental movement in its various facets.
In environmental ethics, the Gibsonian ecological framework
motivates not an ethics of imperatives (Casey 2003) but an
ethics of ‘responsibility’ (Vogel 2015): coming to see ourselves as responsible for the environment means, first, realizing that we have caused it to become what it is now and,
second, taking ownership of it and managing it in light of
the knowledge that, even if we can never bring nature back
to some pristine state, we can make life better for ourselves
and others we share the environment with. This in turn motivates more research in environmental psychology toward a
better understanding of how to design the built environment
and societal systems so that they afford behavior that is environmentally sustainable rather than (self)destructive.
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Abstract
Two main views have informed the literature on the psychology of emotion in the past few decades. On one side,
cognitivists identify emotions with processes such as judgments, evaluations and appraisals. On the other side, advocates of non-cognitive approaches leave the “intellectual” aspects of emotional experience out of the emotion itself, instead identifying emotions with embodied processes involving physiological changes. Virtually everyone on either side
of the cognitive/non-cognitive divide identify William James’
view, also known as the James-Lange theory, fully on the noncognitivist side. But this is a mistake. Re-interpreting James’
writings in its scientific context, this paper argues that he actually rejected the cognitive/non-cognitive divide, such that his
view of emotions did not fit either side—that is, James was not
a “Jamesian” in the sense the term is used in the literature.
Keywords: emotion; cognitivism; James-Lange theory; perception; sensation; physiological changes.

Introduction
It seems uncontroversial to say that emotions are often associated with physiological events, such as changes in heartbeat
rate, breathing, sweating, and bodily sensations and feelings
of pleasure or discomfort. The real challenge is to explain
exactly what the nature of the relationship between emotions and such bodily changes is. Against the view that bodily “disturbances” are the outcome of emotions—i.e. that
they are the physical “manifestation” or “expression” of emotions—William James famously proposed: “our feeling of
[bodily] changes as they occur IS the emotion” (James 1884:
189-190, emphasis original). Over the years James’ thesis has
received both praise and criticism. On the one hand, many
scholars took James at face value and, inspired by his suggestion, focused exclusively on investigating the bodily changes
involved in specific emotional experiences—in this Jamesian
approach, understanding physiological processes allows us to
understand emotions because emotions just are those physiological processes, after all. Many researchers, on the other
hand, have found the Jamesian view to be inadequate, and
rather than treating emotions as processes that are purely bodily and non-cognitive, they have pursued the opposite path,
equating emotions with cognitive processes like judgments,
appraisals, and evaluations. The current paper re-examines
William James’ original proposal and argues that it has been
widely misunderstood by critics and Neo-Jamesian supporters alike. James’ account of emotions was not “Jamesian”
in the sense of being ‘non-cognitive’, and this because his
view questioned the cognitive/non-cognitive divide in the first
place. This suggests that many of the objections and amendments proposed in the literature over the years do not in fact
apply to James’ account, which may have been closer to the
mark than previously appreciated.

In his comprehensive overview of the psychological literature on emotions, Randolph Cornelius (1996) identifies four
main research traditions. The first tradition Cornelius lists is
the Darwinian approach following Charles Darwin’s (1872)
evolutionary account of emotional expression, which seeks
to understand human emotions biologically, as universal expressions that are continuous with the behaviors exhibited by
non-human animals. The second tradition in Cornelius’ list is
the Jamesian view, inspired by William James (1884), and described as equating emotions with bodily responses, echoing
“James’s insistence that the experience of emotion is primarily the experience of bodily changes” (Cornelius 1996: 12).
The third tradition is Cognitivism, which views emotions as
necessarily cognitively-based, and arising from judgments or
appraisals individuals make of what goes on in their environment. Lastly, the fourth tradition listed by Cornelius is Social
Constructivism, according to which emotions are best understood from a social level of analysis, as culturally-based and
unique to particular social contexts rather than biological and,
for that reason, universal.
Cornelius discusses the possibility, suggested by Plutchik
(1980), of considering neurological research as a tradition of
its own. Yet, he decides against adding it as a fifth tradition
because he sees this line of research on the neurophysiology
of emotions as being more of a methodological approach that
can inform and complement work in the other four traditions.
But similar reasons would justify characterizing the psychology of emotion as divided into fewer than four categories.
The four traditions Cornelius lists can reasonably collapse
into only two general approaches. One such division would
be between biological and cultural approaches: the Jamesian view coincides with the Darwinian view in understanding emotions in functional terms, as biological adaptations of
organisms to their environments; on the opposite camp, the
Cognitivist and Social Constructivist views of emotion can
coincide insofar as the cognitive judgments giving rise to an
individual’s emotional experience is shaped by that individual’s cultural context. At the same time, however, it seems
equally valid to divide the four different traditions according
to the question each asks: in this perspective, the Darwinian
and Social Constructivist approaches fall in the same camp as
they deal most centrally with the question of how universal,
if at all, emotions are, whereas the Jamesian and Cognitive
approaches fall on a distinct side as they are primarily concerned with determining, more basically, what emotions are.
So while I recognize at the outset the plausibility of view-
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ing contributions to the psychological literature in terms of
a biological/cultural divide, this article’s focus on the Jamesian view motivates adopting a distinct characterization and
focusing instead on the contrast between cognitive and noncognitive approaches as competing answers to the question of
what an emotion is.

Characterizing the Divide
Briefly considering examples of work in the cognitive/noncognitive divide will help make clearer what the disagreement
is about—it will also make explicit the typical understanding
of William James’ view of emotions that is assumed by critics
and Neo-Jamesians alike.
Robert Solomon’s influential article “A Subjective Theory
of the Passions” (1976) gives a good illustration of the cognitivist approach. Solomon’s account of emotions as judgments
is based on (1) a distinction between emotions and feelings,
and (2) a distinction between emotions and other kinds of
judgments. First, Solomon acknowledges that feelings and
sensations may be intimately associated with emotions, but
he argues that this association is not straightforward: feelings are not all there is to an emotion, and, at the same time,
not all feelings are accompanied by an emotion. In contrast
with both feelings and moods, Solomon claims that emotions
are about something, that is, they have an intentional object:
feelings are about nothing at all, moods are about nothing in
particular, yet one is never simply angry, but rather “angry at
someone for something” (Solomon 1976/2003: 57). Second,
even though he takes the intentionality of emotions to be what
differentiates them from feelings and moods, Solomon recognizes that not every intentional state is emotionally valenced.
In his view, emotions are evaluative judgments, but “not all
evaluative judgments are emotions” (p. 69): when one adjudicates between the competing claims of two friends who are
having an argument, one’s judgment can be as detached and
“cold” as the conclusion that one fruit at the grocery store
is riper than another. Emotions, by contrast, are judgments
about objects that matter, objects we are deeply and personally invested in: “The objects of an emotion are objects of
great personal importance to us” (p. 61). Solomon further
adds: “An emotion is a basic judgment about our Selves and
our place in our world, the projection of the values and ideals, structures and mythologies, according to which we live
and through which we experience our lives” (p. 68). In this
sense, the judgment that one friend is right and the other is
wrong can be emotional if their disagreement matters to us
on a personal level, if it connects to our sense of identity and
meaning more generally; but the judgment that one banana is
ripe and the other isn’t typically does not matter to us in the
same way and, for this reason, the judgment does not typically amount to an emotion. In short, while for Solomon not
all judgments will be emotionally valenced, all emotions are
judgments.
This and other cognitivist views of emotions (as judgments,
appraisals, or evaluations) were proposed as alternatives to
the opposite side of the divide, where we find the James-

Lange Theory, as the Jamesian view is also known. As already suggested, the canonical understanding of James’ theory is that it postulates that emotions are just feelings of bodily changes, or sensations of physiological processes, and
that “intellectual” processes are not part of the emotion itself. Taking this to be James’ view, both cognitivists and selfdeclared neo-Jamesians criticize his theory for the obvious
reason that it results in emotional experiences becoming experiences of bodily processes rather than experiences of the
world. Among the critics, Solomon summarizes James view
as follows:
in “What Is an Emotion?” James answered his question
with his theory: an emotion is the perception of a visceral disturbance brought about by a traumatic perception, for example, seeing a bear leap out in front of you
or coming across a bucket filled with blood. The theory
(developed simultaneously by C. G. Lange in Europe) is
now appropriately called the “Jamesian (James-Lange)
theory of emotion.” It is, I shall argue, as misleading as
it is pervasive. (Solomon 1984/2003: 76)
On the opposite side of the divide, Antonio Damasio’s
work provides a good example of the neo-Jamesian view.
Damasio recognizes the importance of bringing the body in
as an essential component of emotional experience, but, like
others, he complains that James seems to take this claim too
far: “The main problem some have had with James’s view is
not so much his stripping emotion down to a process that involved the body, [...] but rather that he gave little or no weight
to the process of evaluating mentally the situation that causes
the emotion” (Damasio 1994: 129-130). And Damasio complements, summarizing James’ view in the typical fashion:
“James postulated a basic mechanism in which particular stimuli in the environment excite, by means of an
innately set and inflexible mechanism, a specific pattern
of body reaction. There was no need to evaluate the significance of the stimuli in order for the reaction to occur”
(Damasio 1994: 130).
This understanding of James’ view, shared by cognitivists
and (neo-Jamesian) non-cognitivists alike, is mistaken. This
traditional rendering of James’ theory of emotion misses a
distinction, central to James’ scientific approach to psychology, between sensation and perception. Re-examining James’
thought in light of the rival psychological theory of structuralism, and with a better grasp of the richer sense of perception at play in James’ theory, reveals James’ account not to fit
neatly on either side of the cognitivist/non-cognitivist divide.
This fresh perspective motivates the conclusion that James
did not endorse the James-Lange Theory as it is commonly
described in the literature. Moreover, this re-evaluation of
James’ account in its context reveals that the view for which
James has been criticized by cogntivists and praised by NeoJamesians is in fact closer to the perspective James meant to
reject than to the one he actually proposed.
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Contextualizing James’ Psychology
The past couple of decades has seen a few attempts to reevaluate James’ thought, particularly his theory of emotion.
Phoebe Ellsworth (1994), for example, has provided an interesting, if controversial, interpretation of James as spousing a “labeling” view of the Shachterian style (Schachter and
Singer 1962, Schachter 1964): “The bodily processes combine with the perception of the object to produce the emotion. In this respect, James’s theory resembles Schachter
and Singer’s (1962) idea that emotion is a combination
of cognitive and physiological responses” (Ellsworth 1994:
223). More recently, Matthew Ratcliffe (2005) has used
James’ later philosophical writings to shed light on his earlier
work on emotions, emphasizing how the pragmatist and phenomenological aspects of James’ thought incorporate affect
into intentionality and turn emotion into the kind of “worldmaking” process that cognitivists take it to be. I agree with
these and others insofar as I share the feeling that James has
been misunderstood. But rather than anachronistically bringing in later ideas (whether James’ own or others’), I believe
that we can find already in James’ early scientific work the
tools to better understand his view of emotion.
The key aspect that most cognitivists and neo-Jamesians
alike miss in James’ thought is the distinction between sensation and perception, which was at the center of the clash
between functionalist and structuralist psychology. Although
James never explicitly accepted the label “functionalist,” his
scientific work was largely framed in opposition to the structuralist approach of figures like German physiologist Wilhelm
Wundt and his American pupil Edward Titchener. One way
to frame the distinction is as between, on the one hand, a
passive process in which stimuli impinge upon our sense organs (this is sensation), and, on the other hand, an active process in which an organism engages in exploratory behavior as
it attends to its environment (this is perception). Structuralist experimental psychology was predicated on the view that
all psychological phenomena, including perception, are built
through the addition or combination of simple stimulations or
sensations. In contrast, James took “pure sensation” to never
occur in the ordinary experience of adult humans.
The view of perception I have alluded to above, as a form
of active exploratory engagement with the environment, resonates with the perspective put forward by J. J. Gibson, the
James-inspired functionalist founder of Ecological Psychology. Gibson proposed that the senses are not “channels of
sensation” but “perceptual systems” that pick up information
for action: “Sensation is not a prerequisite of perception, and
sense impressions not the ‘raw data’ of perception—that is,
they are not all that is given for perception” (Gibson 1966:
48). Gibson further distinguishes perception and sensation in
terms of being active and passive: “perceiving is an act, not
a response, an act of attention, not a triggered impression, an
achievement, not a reflex” (p. 149), and further, “Perceiving is an achievement of the individual, not an appearance
in the theater of his consciousness. It is a keeping-in-touch

with the world, an experiencing of things rather than a having of experiences” (p. 239). Although there is no room for
doubt about the influence of William James’ work in Gibson’s
thought (see, e.g., Heft 2001 and Chemero 2009), it is open to
question the extent to which James would have agreed with
Gibson. Still, at least when it comes to this distinction between sensation and perception, textual evidence from James
supports the idea that Gibson was on the right track. Notice
how James himself draws the distinction between sensation
and perception:
The nearer the object cognized comes to being a simple quality like ‘hot,’ ‘cold,’ ‘red,’ ‘noise,’ ‘pain,’ apprehended irrelatively to other things, the more the state
of mind approaches pure sensation. The fuller of relations the object is, on the contrary; the more it is something classed, located, measured, compared, assigned to
a function, etc., etc.; the more unreservedly do we call
the state of mind a perception, and the relatively smaller
is the part in it which sensation plays. (James 1890: 1)
But, James says, in ordinary life there is no pure apprehension
of sense stimuli, no pure sensation—our engagement with the
world always involves more than meets the eye: “Pure sensations can only be realized in the earliest days of life. They
are all but impossible to adults with memories and stores of
associations acquired” (James 1890: 7). And further:
A PURE sensation we saw above (...) to be an abstraction never realized in adult life. Any quality of a thing
which affects our sense-organs does also more than that:
it arouses processes in the hemispheres which are due to
the organization of that organ by past experiences, and
the result of which in consciousness are commonly described as ideas which the sensation suggests. (James
1890: 76)
Structuralists like Wundt and Titchener held the opposite
view, assuming that pure or simple sensations are not only
possible, but are actually required for perception. They took
a reductionist approach to psychology, and viewed the mind
as involving additive or associative processes, with basic or
atomic sensory “elements” (pure sensations) combining to
form complex “psychical compounds” (such as perception).
The following quote illustrates this view:
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All the contents of psychical experience are of a composite character. (...) The elements of the objective contents we call sensational elements, or simply sensations:
such are a tone, or a particular sensation of hot, cold,
or light, when we neglect for the moment all the connections of these sensations with others, and all their’
spacial and temporal relations. (...) The actual contents
of psychical experience always consist of various combinations of sensational and affective elements, so that
the specific character of the simple psychical processes
depends for the most part not on the nature of these elements so much as on their union into composite psychical compounds. (Wundt 1897: 29, emphasis original)

The structuralists’ view of the mind as operating through
the combination of basic “sensational elements” or “sensations” informed their approach to experimental psychology,
particularly motivating the development of reaction-time experiments. The idea was that if the mind operates by combining basic elements, then we can measure the complexity
of various mental operations by checking how long they take:
the more basic, the faster; the more complex, the more elements need to be combined and the longer it takes. Both
the conceptual framework and the experimental approach of
structuralism remain very popular in cognitive science—even
if we now complement reaction-time experiments with brain
imaging techniques to see what parts of the brain activate
when we impose a given sensory stimulus on the subject. But
it is precisely the assumption of this structuralist view of perception as sensation-based that, I suggest, led to the current
misunderstanding of James’ theory by cognitivists and neoJamesians alike.

Distinguishing James’ View of Emotion from
the “Jamesian” View of Emotion
As seen in the previous section, James and Wundt had very
different views of the nature of psychological phenomena, including the nature of perception as distinct from sensations
(in the case of James) or as built upon combinations of pure
elementary sensations (in the case of Wundt). This section
will discuss in more detail how this conflation of sensation
and perception has shaped the common misunderstanding of
James’ view. The section then concludes with a sketch of
what, in light of the theoretical background discussed here,
we can more adequately interpret James to have meant.

The “Jamesian” View: Emotion as Proprioception
The fuller version James’ thesis that is usually quoted in the
literature is:
the bodily changes follow directly the PERCEPTION
of the exciting fact, and (...) our feeling of the same
changes as they occur IS the emotion
(James 1884: 189-190, emphasis original).
Equating perception with sensation (or taking perception to
be the building up from, or combination of, pure sensations),
as was proposed by structuralists and is still the mainstream
view in cognitive science today, leads to a misunderstanding
of the two parts of James’ claim. The first part is misunderstood as saying something like bodily changes follow directly
from pure sensation—for example the sensations involved in
seeing a bear, that is, having discrete visual impressions or
sensations of certain color patterns, appearance of fur, size,
etc, and adding up all those elements to inform the recognition of a bear. In turn, the second claim is misinterpreted as
stating that the pure sensation of such bodily changes is the
emotion: in other words, proprioception is the emotion.
As already noted, in assuming that perception is a kind
of passive pure sensation of bodily disturbances, Solomon

seems to think that James views emotions as devoid of content
and meaning. Prinz (a self-avowed neo-Jamesian) misrepresents James in a very similar way, as viewing emotions as
“perceptions of the body”: “I present evidence in support of
William James’s conjecture that emotions are perceptions of
patterned changes in the body” (Prinz 2005: 9). Prinz claims
further:
James (...) tried to reduce emotions to a class of feelings that everyone is already committed to: feelings of
changes in the body. When emotions occur, our bodies
undergo various perturbations. These changes include
alterations in our circulatory, respiratory, and musculoskeletal systems. Our hearts race or slow. Our breathing relaxes or becomes strained, blood vessels constrict
or dilate, our facial expressions transform, and so on.
Most people assume that these changes are the effects of
our emotions, but James argues that this is backwards.
Our bodies change, and an emotion ‘just is’ the feeling
of that change. (Prinz 2005: 12)
Both the cognitivist and the neo-Jamesian, then, seem to
think that James took emotions to be sensations of bodily
changes, or internal sensory inputs, as a result of misunderstanding what he meant by “perception”—i.e., as a result of
assuming the structuralist view that perception is pure sensation, rather than the functionalist view of perception as an
active engagement of the organism with the environment that
is shaped by past experiences, learning, habituation, etc.

James’ View: Emotion as a Form of Perception
Beyond mistaking James’ and the structuralists’ views of
‘perception’, an additional linguistic misunderstanding leads
to the error of taking James’ view as defining ‘emotions’ as
our sensing our own physiological changes. This error can be
observed in the common claim that, in James’ theory, emotions are “feelings of bodily changes”: “The James-Lange
theory identifies emotions with feelings of bodily changes”
(Prinz 2004: 224); and “On the concept James defined (...)
the feelings an emotion consists in [are] nothing over and
above the feelings of bodily changes” (Deigh 2010: 25). Notice, however, that James did not speak of emotions as “feelings” (in the plural) that are “of bodily changes” (that is, feelings whose object was the body and its changes). James’
claim, instead, was that “our feeling of [bodily changes] as
they occur is the emotion” (1884: 189-190). There is a fine
but important distinction in the grammatical function of ‘of’
in these two uses, mirrored in the following constructions:
1. The mayor of Cincinnati
2. The city of Cincinnati
In [1], ‘of’ indicates a relation between two distinct entities
(one is a person, the other a city), while in [2] ‘of’ connects
two nouns that refer to a single thing (i.e., the city). The
difference between these two constructions is similar to that
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between “feelings of bodily changes” (the usual description
of the Jamesian view) and “our feeling of bodily changes”
(James’ actual claim). The former (the “Jamesian” view)
equates emotions with feelings and then it specifies the distinct entities which are the object of those feelings (namely,
bodily changes). James’ claim, in contrast, parallels construction [2] above, equating emotion with a single entity:
“our feeling of bodily changes” just means “our having bodily changes” or “our undergoing bodily changes”. The “Jamesian” view as described in parallel with construction [1] treats
emotion as a psychological experience the object of which
is the body: to have an emotion is to feel changes in one’s
body (e.g., to be sad is to sense our eyes producing tears).
James’ claim, in contrast, describes emotions as an experience of the world rather than of our bodies: in this view, to
have an emotion is to experience the world body-changingly
or while undergoing bodily changes (e.g., to be sad is to experience the world tearfully). James’ description of an emotion
as “our feeling of bodily changes” suggests that an emotion is
our having bodily changes, not our having feelings/sensations
that are of bodily changes. In this light, instead of describing emotions (in the plural) as “feelings of bodily changes,”
James might make his claim in the plural form by saying simply that emotions are our feeling (of) bodily changes.
The James-Lange Theory (the “Jamesian” view) has
come to be understood as stating that emotions are feelings/sensations of bodily changes (which in turn result from
sensations of discrete external stimuli). Yet, there is good
reason to understand James as claiming that our having bodily changes informs our perception of objects in the environment—e.g. enabling our adaptation to it by detecting
good and danger—and that this bodily process is the emotion. Given James’ richer sense of perception (in contrast
with “pure sensations” or their combination) and in light of
the scientific alternatives James’ theory was intended to oppose, a reevaluation of the Jamesian view of emotion is called
for. From what I have explored in this paper, we can conclude that not only did James not hold a “Jamesian” view of
emotion as it is traditionally framed in the literature, but also
that the view usually associated with the James-Lange theory
by both cogntivists and Neo-Jamesians is actually closer to a
structuralist perspective than to the views James actually held.
Rather than equating emotion with proprioception—i.e., sensations of bodily changes—the scientific framework put forward by James motivates seeing emotion as a form of perception of the world—a way in which our body informs and
constitutes our engagement with objects and events in the environment. In this view, emotions are forms of perception, not
in the sense of being “perceptions of bodily changes” (where
“perception” would mean the same as “sensation”), but rather
in the richer sense of perception, as necessarily intentional
and challenging the very divide between the cognitive and the
non-cognitive. The reinterpretation proposed here provides a
more accurate understanding of William James’ work and,
by extension, of the historical foundations and progression of

psychological science. This reinterpretation is also of contemporary interest insofar as it makes James’ view directly
relevant to current debates about embodied cognition, perception, and affectivity (e.g., Chemero 2009, Gallagher 2017).
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Abstract
Tests of formal models of human categorization have
traditionally been restricted to artificial categories because
deriving psychological representations for large numbers of
natural stimuli has been an intractable task. We show that deep
learning may be used to solve this problem. We train an
ensemble of convolutional neural networks (CNNs) to produce
the multidimensional scaling (MDS) coordinates of images of
rocks. We then show that not only are the CNNs able to predict
the MDS coordinates of a held-out test set of rocks, but that the
CNN-derived representations can be used in combination with
a formal psychological model to predict human categorization
behavior on a completely new set of rocks.
Keywords: deep learning; multidimensional
categorization; psychological representations

scaling;

Introduction
Numerous sophisticated formal models of human category
learning and representation have been proposed in the field
of cognitive science (for a comprehensive review, see Pothos
and Wills, 2011). However, almost all rigorous quantitative
tests of such models have been in highly simplified domains
involving artificial category structures tested in laboratory
experiments. In recent work, Nosofsky, Sanders and
McDaniel (2018; see also Nosofsky, et al., 2017a) scaled up
the application of such models by testing their ability to
account for learning and generalization of rock classifications
in the geologic sciences. Rock categories provide good
examples of complex, high-dimensional category structures
found in the natural world, so provide an intriguing and
challenging test of the candidate models in the field.
Nosofsky et al.’s (2018) study focused on a well-known
exemplar model of classification known as the generalized
context model (GCM; Nosofsky, 1986). According to the
GCM, people represent categories by storing individual
exemplars of the categories in memory, and classify objects
based on their similarity to the stored exemplars.
To apply the GCM, one needs to specify the
multidimensional feature space in which the to-be-classified
objects are embedded. In numerous past tests of the model,
the derivation of the feature space was straightforward,
because the objects used in the artificial category-learning
experiments were simple stimuli composed of a small
number of highly salient dimensions (e.g., geometric forms
varying in shape, color, angle, and so forth). In a real-world
category domain such as rocks, however, the derivation of the
feature space becomes a highly ambitious task. The stimuli
that compose such categories vary along a very large number
of dimensions, many of which may be difficult to discern.

Thus, as a prerequisite to testing the exemplar model in the
rock-classification domain, Nosofsky et al. (2017a) and
Nosofsky, Sanders, Meagher and Douglas (2017b) engaged
in extensive similarity-scaling studies of the rock stimuli. In
these studies, observers provided similarity judgments
among pairs of items drawn from a set composed of 360 rock
pictures (10 categories of each of the broad divisions of
igneous, metamorphic and sedimentary rocks, with 12
samples of each of the categories). Multidimensional scaling
(MDS) (Shepard, 1980) was then used to model the similarity
judgments to derive the rock feature space. In brief, in MDS,
each object is represented as a point in a multidimensional
space, with similarity presumed to be a decreasing function
of distance in the space. A virtue of the MDS technique is that
beyond summarizing large sets of similarity-judgment data,
one can inspect the derived space to determine the
psychological dimensions that compose the objects.
In the case of the MDS analysis of the rocks, the results
were remarkably straightforward: An 8-dimensional solution
provided a good account of the similarity structure of the 360
rock tokens that composed the 30 rock categories, and the
derived dimensions could be interpreted in terms of:
lightness/darkness of color, average grain size, shininess,
roughness/smoothness, organization, chromaticity, hue, and
shape-related components. Displays of the derived MDS
solution are provided in the website (https://osf.io/w64fv/)
associated with Nosofsky et al.’s (2017b) study. Perhaps
most important, when used in combination with the MDS
solution, the GCM was able to achieve good first-order
quantitative predictions of rock-classification learning and
generalization across a variety of conditions in which the
nature of the training exemplars was manipulated (for details,
see Nosofsky et al., 2018; for related work in the domain of
semantic classification, see, e.g., Storms et al., 2000).
Despite its virtues, the MDS approach also has some
limitations. One limitation is a practical one: In situations
involving the scaling of large numbers of stimuli, deriving
MDS solutions from similarity-judgment data requires the
collection of a prohibitive amount of empirical data—for
example, there are over 100,000 cells in the 360x360
similarity-judgment matrix used in Nosofsky et al.’s (2017b)
study. If the goal is to position even larger numbers of stimuli
in the high-dimensional feature space using these techniques,
then the traditional approach becomes intractable.
Thus, in the present work our goal was to begin to test
automated methods for deriving the natural-category feature
space. Our key idea involves a novel integration in which
MDS methods are combined with the use of deep learning
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convolutional neural networks (CNNs; e.g., Lecun et al.,
2015). As is well known, CNNs have been used successfully
to predict the classification of natural images from large data
bases. In a typical CNN architecture, elementary visual inputs
are converted to higher-order features via connections to a
series of hidden convolutional layers and pooling layers,
which then feed into fully connected layers and a final output
layer that generates the classification responses. Recent
research has shown that unlike classic computer vision
algorithms, CNNs can be used to predict human category and
typicality judgments regarding visual stimuli (e.g., Lake et
al., 2015). Other work has advanced the idea that the deep
features extracted after training the networks to predict visual
categories can serve as candidates for the psychological
feature-representations of the stimuli. Those deep-level
features can then be used to predict human similarity
judgments (Peterson et al., 2017; see also Rumelhart & Todd,
1993) or used as input to psychological models of
classification (Battleday, Peterson, & Griffiths, 2017).
Despite these preliminary successes, the extent to which
CNNs truly capture the detailed nature of human
classification learning remains unknown. Thus, in the present
work, we adopt an approach that is complementary to the past
applications. Rather than training CNNs to classify objects
into categories, we instead train them to predict the
dimension values of individual exemplars derived from
traditional MDS methods. Once the CNN is trained in this
manner, new stimuli can be presented to the CNN and it can
be used to automatically produce the coordinate values of the
stimuli in the multidimensional psychological feature space.
Thus, an unlimited number of stimuli from complex
naturalistic domains can be scaled in this manner. The
derived coordinate values can then be used in combination
with formal models such as the GCM to predict
categorization. In the remainder of this article, we explain the
proposed procedure in depth, and present preliminary tests of
the approach in the domain of rock classification.

their training performance. To this end, we split the data into
three separate sets: a training set, a validation set, and a test
set. CNNs were trained to minimize error on the training set,
and each network’s error on the validation set was computed
to find the CNNs with the best generalization performance.
Finally, these networks’ error on the test set was computed to
avoid overfitting to the validation set and to gain an unbiased
estimate of their ability to generalize to completely new data.
The training set was formed by randomly sampling 6 of the
12 rock tokens in each category, and the remaining tokens
were evenly split between the validation and test sets.
Therefore, there were 180 images in the training set, and 90
images in both the validation and test sets.

CNN Architecture

The basic plan of action for our deep learning procedure was
to train CNNs to take images of rocks as input and yield their
psychological representations as output. In this section we
describe the specific data set, CNN architecture, and training
procedure that we used. All procedures described in this
section were implemented using the Keras Python package
and Tensorflow (Abadi et al., 2016).

Our rocks data set is quite small for a deep-learning data set.
By comparison, deep CNNs are often trained to perform
image classification on the ILSVRC data set, which consists
of over one-million images belonging to 1000 different
categories (Russakovsky et al., 2015). Networks trained on
such large data sets are able to learn much more robust and
complex features than those trained on smaller data sets.
Therefore, instead of training our CNNs from scratch, we
used pre-trained networks as a starting point, a procedure
known as transfer learning (Yosinski, et al., 2014).
We downloaded an implementation of ResNet50 (He,
Zhang, Ren, & Sun, 2016) that was pre-trained to perform
image classification on the ILSVRC data set (other popular
network architectures were also considered but were found to
not perform as well). To adapt this network for our own
purposes, we removed its topmost layers and replaced them
with a new set of untrained layers so that we could take
advantage of the low-level features trained on big data, while
still being able to learn high-level features relevant to our
specific task. More specifically, we kept each layer up to the
final pooling layer, and then used global average pooling to
convert the activation of the pooling layer into a vector that
could be used as input into a series of fully-connected layers.
For each of these layers, dropout (Srivastava, et al., 2014) and
batch normalization (Ioffe & Szegedy, 2015) were used to
improve generalization and accelerate learning. The dropout
rate was set to 0.5, and the batch normalization parameters
were left at their default values. Rectified linear units (ReLU;
Nair & Hinton, 2010) were used as the activation functions.
These layers fed into a final output layer consisting of 8 linear
units corresponding to the 8 MDS dimensions.

Data Set

Training Procedure

We used Nosofsky et al.’s (2017b) data set to train our CNNs.
To reiterate, this data set consists of 360 images of rocks
belonging to 30 different categories along with each rock’s 8dimensionsal MDS coordinates. While the naïve approach
would be to train and evaluate each network using all 360
images, CNNs may have millions of trainable parameters,
and thus are prone to overfitting to noise and failing to
generalize to new data. Therefore, we needed a means to
compare the CNNs’ generalization performance and not just

The objective function we sought to minimize was the mean
squared error (MSE) between the network’s output and the
MDS coordinates of the rocks in the training set. To
artificially increase the size of the training set we performed
data augmentation: training images were randomly flipped,
rotated, cropped, and stretched/shrunk every time they were
presented to the network.
Training took place in two steps. During the first step we
kept the parameters of the pre-trained CNN fixed and only
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trained the parameters of the newly-added fully-connected
layers. Kingma and Ba’s (2014) “Adam” was used as the
optimization algorithm for this step. All of Adam’s
parameters were left at their default values except for the
learning rate. The model was trained until validation error
stopped decreasing for at least 20 epochs, or for a maximum
of 500 epochs. During the second step, all of the network’s
parameters were trained. Because the parameters in the early
layers were expected to already be close to their optimal
values, stochastic gradient descent with a low learning rate
and high momentum (0.0001 and 0.9, respectively) was
chosen as the optimization algorithm. The network was
trained for 500 epochs in this step, but only the weights from
the epoch with the lowest validation error were saved.
We repeated this training procedure several times, each
time using different values of hyperparameters (free
parameters not learned by the network), with the goal being
to find the hyperparameter values that yielded the lowest
validation error. We optimized the following hyperparameters: the number of hidden layers added to the base
CNN, the number of units in each hidden layer, the training
batch size, and the initial learning rate. The optimal values
were found to be 2, 256, 90, and 10 -2.22, respectively.
Networks with the same architectures and hyperparameters
may converge to different minima in the error space if their
parameters are initialized to different random values, and it
has been shown that combining the outputs of multiple
networks usually yields better results than using any
individual network (Hansen & Salamon, 1990). Therefore,
after finding the optimal hyperparameter values, we repeated
our training procedure 9 more times to produce an ensemble
of 10 CNNs. Final predictions were produced by averaging
the output of all 10 networks.
This ensemble achieved MSE=1.298 and R2=0.780 on the
validation set. While promising, this is likely an overestimate
of true generalization performance because the ensemble was
fit to the validation set. Therefore, in the next section we

consider the ensemble’s performance on the test set to get an
unbiased estimate of its generalization ability.

Generalization Performance
Figure 1 plots the actual MDS values of the rocks from the
test set against the values predicted by the ensemble of CNNs,
as well as the correlations between the MDS values and CNN
predictions. To be clear, none of the networks’ parameters or
hyperparameters were manipulated to decrease error on the
test set, so these are true predictions of unseen data. As can
be seen, the correlation between the ensemble’s predictions
and the actual MDS values is very high for most of the
dimensions. The CNNs perform the best on the lightness and
chromaticity dimensions, which is unsurprising given that
these dimensions reflect low-level color information. It is
also probably unsurprising that the CNNs perform less well
on the “shape” dimension, since Nosofsky et al. (2017b) were
not able to develop a clear interpretation of this dimension
and speculated that it is actually an amalgamation of several
underlying psychological dimensions. What may be
surprising is that the CNNs perform almost as poorly on the
roughness dimension as the shape dimension, even though
the former seems to have a clearer interpretation. Inspection
of the rocks the CNNs mis-predict reveals that there are
several rocks located on the smooth side of the MDS space
that actually have bumpy or wavy textures that appear
rougher than their MDS coordinates would suggest. This
indicates that there may be noise in Nosofsky et al.’s (2017b)
MDS solution, a point to which we return in the General
Discussion.
Overall, the ensemble of CNNs yields MSE=1.355 and
R2=0.767 on the test set. The fact that the ensemble accounts
for over 75% of the variance in both the validation and the
test sets provides converging evidence that deep learning
networks can be trained to automatically extract
psychological representations from previously unseen
images. Now that we have demonstrated that the CNNs are

Figure 1: Scatterplot of MDS-derived dimensions against CNN predictions. r values indicate Pearson correlation coefficients.
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capable of extracting MDS coordinates of novel stimuli, we
turn to our next goal of using these representations to predict
human categorization behavior.

Using Deep Learning-Derived Representations
to Predict Human Categorization Behavior
In this section we describe a category learning experiment we
conducted to test whether the CNN-derived representations
could be used to predict human categorization behavior. We
could not use images from the training or validation sets as
stimuli in this experiment, because those images would not
allow us to test how well the representations learned by the
CNNs generalize to new rocks. We could have used the
images from the test set, but we decided to do something
more ambitious: we collected a completely new set of rocks.
This approach allowed us to test whether the CNNs could
predict human categorization using rocks that were not even
in the same MDS solution that the networks were trained on.

Method
Participants The participants were 133 members of the
Indiana University Bloomington community. Participants
were compensated $10 with a possible $2 bonus for scoring
at least 60% correct during the test phase of the experiment.
Ultimately 8 participants were not able to achieve this
criterion, and their data were excluded from further analyses.
Stimuli The stimuli were 120 images of rocks belonging to
the same 30 categories used by Nosofsky et al. (2017b),
although none of the individual images were repeated. Some
of these new images were obtained through web searches,
while others were photographs of rocks we took ourselves.
Photoshopping procedures were used to remove backgrounds
and idiosyncratic markings such as text labels from the
images. Half of the images in each category were used as
training items, and the other half were used as test items.
Procedure Each participant was randomly assigned to one of
3 conditions: igneous, metamorphic, or mixed. Participants in
the igneous condition and metamorphic conditions were
tasked with learning the 10 categories of igneous and
metamorphic rocks, respectively, while participants in the
mixed condition were presented with a mixture of igneous,
metamorphic, and sedimentary categories (see Figure 3 for
the specific categories used in each condition).
The experiment was divided into a training phase and a test
phase. The training phase consisted of 6 blocks of trials. On
each trial, participants were asked to categorize a single
training item using the keyboard, and they were given
feedback after entering their answer. Each training item was
presented twice every block in random order. The test phase
consisted of 4 blocks of trials. In this phase, each training and
test item was presented once every block in random order,
and no feedback was given for the test items. To keep
participants engaged in the task, feedback was given for each
training item once in the first two test blocks and once in the
second two test blocks.

Model fitting
We fit a low-parameter version of the GCM to the
categorization data, using the CNN-derived representations
as input. For brevity we will refer to this model as GCMCNN. In this model, the probability that item i is categorized
into category J is found by summing the similarity of i to all
exemplars of category J and then dividing by the summed
similarity of i to all exemplars of all categories:
𝑃(𝐽|𝑖) = (∑𝑗∈𝐽 𝑠𝑖𝑗 )/ ∑𝐾(∑𝑘∈𝐾 𝑠𝑖𝑘 )
where sij is the similarity between item i and exemplar j. This
similarity is given by
𝑠𝑖𝑗 = {

𝑒 −𝑐𝑏 𝑑𝑖𝑗 , if 𝑖 and 𝑗 belong to different categories
𝑒 −𝑐𝑤𝑑𝑖𝑗 , if 𝑖 and 𝑗 belong to the same category

where dij is the CNN-derived Euclidean distance between
item i and item j, and cb and cw are free parameters that
determine the rate at which similarity declines with distance.
Here, we allow different similarity gradients for between- and
within-category comparisons because many categories of
rocks have distinctive features that are not captured by the
MDS representations but may nonetheless cause increased
within-category similarity or decreased between-category
similarity. For example, pumice can easily be recognized by
its holey texture, but the presence of holes is not one of the
MDS dimensions.
We fitted GCM-CNN to the categorization data by first
calculating the proportion of correct categorization decisions
in the test phase for all training items and all test items in each
condition and each category of rock, averaged across all
participants. We then searched for parameter values that
minimized the MSE between the empirical observations and
the model’s predictions. We leave the modeling of individual
participants and the time course of category learning during
the training phase as topics for future research.

Results
Figure 2 displays the mean proportion of correct
categorization decisions during the test phase as a function of
condition and item type (training or test items). Inspection of
this figure reveals that participants in all 3 conditions
correctly categorized the training items nearly 100% of the
time, indicating that errors on the test items were not simply
due to failing to learn the training items. The figure also
indicates that the categories in the mixed condition were
somewhat easier to learn than those in the other conditions—
test items in the mixed condition were correctly categorized
nearly 80% of the time, while they were correctly categorized
only about 60% of the time in the other conditions (chance
performance is 10%). Most importantly, though, the figure
shows GCM-CNN is able to quantitatively predict these
patterns, achieving an MSE of 0.0005 and an R2 of 0.97. The
model does an excellent job of describing human
categorization behavior at this coarse level of analysis.
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Figure 2: Mean proportion correct in the test phase as a
function of condition and item type (training or test).
Bar heights = observed data, error bars = 95% confidence
intervals, dots = GCM-CNN predictions
Figure 3 presents a more fine-grained view of the data. This
figure displays the mean proportion of correct categorization
decisions for the test items as a function of condition and the
individual categories of rocks (performance on the training
items was near ceiling for every category). Inspection of this
figure reveals that within each condition the categories varied
in difficulty, and, generally speaking, GCM-CNN was able
to predict which categories would be easy or hard. There are
some notable exceptions, however. For instance, GCM-CNN
under-predicts performance for pumice in both the igneous
and mixed conditions. It seems that even with the inclusion
of the cw parameter, the model was not able to capture
pumice’s high amount of within-category similarity.
Although our use of the cw parameter provided a means of
improving the shortcomings of the MDS representation, it
may be necessary to train the CNNs to predict idiosyncratic
features such as holes to fully capture human categorization
behavior. Alternatively, it may be necessary to build prior
knowledge into the model; some participants may have
already been familiar with pumice stones because they are
commonly used as exfoliants.

Figure 3: Mean proportion correct for test items as a
function of condition and category of rock. Bar heights =
observed data, error bars = 95% confidence intervals,
dots = GCM-CNN predictions.

Inspection of Figure 3 also reveals performance differences
for the same categories in different conditions. For example,
performance for diorite was much higher in the mixed
condition than in the igneous condition (likely because it
could not be confused for the visually-similar granite in the
mixed condition), and this pattern was correctly predicted by
GCM-CNN. The model also correctly predicted that
performance for anthracite was lower in the mixed condition
than the metamorphic condition, likely because it was
confused for obsidian—another category of dark, shiny
rocks—in the mixed condition. However, GCM-CNN seems
to have over-estimated the extent to which obsidian would be
confused for anthracite, as it predicted a greater difference in
performance for obsidian across the igneous and mixed
conditions than was actually observed. Again, training the
CNNs to predict more dimensions (obsidian can be
distinguished from anthracite by its scalloped surfaces) or
incorporating prior knowledge (obsidian is often referenced
in popular culture) may lead to better predictions.
While GCM-CNN makes some mis-predictions regarding
a few specific categories of rocks, we nonetheless find these
results impressive overall, especially considering that only 2
free parameters were used, and the stimulus representations
were machine-generated without any human input.

General Discussion
In this article we have shown that deep learning networks
can not only learn psychological representations of complex
natural stimuli, but that they can predict the representations
of completely novel stimuli, and these representations can be
used in combination with formal psychological models to
predict human categorization behavior. These results provide
promise that time- and resource-intensive MDS studies could
be automated in the future, making possible more large-scale
studies using natural stimuli. The results reported here should
be regarded as a proof of concept and not as the absolute best
results that our procedure could produce. For example,
increasing the size of the dataset used for training is likely to
improve the generalization power of the network. Likewise,
it is almost certainly the case that more sophisticated versions
of the CNNs and GCM could provide even more accurate
predictions of the rocks’ MDS coordinates and the human
categorization data.
Perhaps even more importantly, future research will also
explore ways to improve the MDS representations that serve
as the training data for the CNNs. As alluded to earlier, there
is likely noise in Nosofsky et al.’s (2017b) MDS solution
because many entries in the 360x360 similarity matrix used
to derive it were based on relatively few observations.
Nosofsky et al. (2017b) outline several directions that might
be pursued to develop still more accurate and comprehensive
similarity-scaling solutions for the rock stimuli.
As noted in our introduction, our current proposal is meant
to complement other recent approaches that have used CNNs
to derive feature-space representations for naturalistic
stimuli. The idea in these other approaches has been to use
CNNs to directly predict classification or similarity data and
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then to use the representations learned by intermediate layers
as candidates for the psychological representations of the
stimuli. Our alternative proposal that we illustrated here was
motivated by our concern that the extent to which the CNNs
serve as adequate psychological models of human perception
and learning remains unknown, whereas cognitive process
models such as the GCM have undergone decades of testing.
A fruitful direction of future research will involve systematic
comparisons between these alternative approaches. Indeed,
we believe it is important to test more systematically the
utility of CNNs as models of human category learning and to
compare their performance against GCM and other
psychological models. The most successful models might
then be retained and could be useful for guiding the search
for effective methods of teaching categories. For example,
simulation of the models could allow for an automated search
of which training examples people should be shown to
optimize their category learning and generalization (e.g.,
Khajah et al., 2014; Markant & Gureckis, 2014; Mathy &
Feldman, 2016; Nosofsky et al., 2018; Patil et al., 2014).
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Truku, a language that allows flexibility in these options.
More specifically, we examined how Truku speakers
conceptually interpret and linguistically describe transitive
events in their selections of voice (Actor voice, Goal voice)
and word order (Verb-Object-Subject versus Subject-VerbObject) in a picture-description task.

Abstract
Is language production isolated from our experiences of
physical events, or can physical motion affect the conceptual
saliency of the components of a to-be-described event, in
ways that affect its linguistic description? This study
examined the influence of physical motion on the
interpretation and description of simple transitive events.
More specifically, we investigated whether engagement in
non-speech physical actions affects the relative location of
verbs versus arguments in sentence production, and the
relative location and prominence of Agents, by testing native
speakers of Truku, a language that allows flexibility in each
of these options and presents under-studied typological
patterns.

Conceptual Saliency in Sentence Production

Keywords: embodiment; conceptual saliency; sentence
production; motion; endangered language; Verb-initial
language

Introduction
Everyday conversations are often conducted when the
interlocutors are simultaneously engaged in another physical
activity. We often talk while cooking, cleaning, exercising,
and so on. Does such activity influence how language is
produced and perceived? While there are long-standing
arguments for connections between the comprehension of
language about motion and actual motion production
(Glenberg & Kaschak, 2002; Zwaan & Taylor, 2006), this
question remains underexplored. Moreover, experimental
studies of language processing have been heavily dominated
by studies of a small sample of the world’s languages (i.e.,
languages in which Subject precedes Object and Verb
appears in the medial or final position), under-representing
important typological patterns. Here, we evaluated whether
engagement in non-speech physical actions affects the
relative location of verbs versus arguments in sentence
production, and the relative location and prominence of
phrases that refer to Agents, by testing native speakers of

When people linguistically describe transitive events, they
must apprehend who-did-what-to-whom information, assign
appropriate semantic roles to each entity, align the relevant
phrases in a linear order, and produce an utterance (Bock &
Loebell, 1990; Ferreira & Slevc, 2007). For a transitive
event in which a girl is kicking a boy, active and passive
expressions (i.e., A girl kicked the boy, and A boy was
kicked by the girl, respectively) are both grammatical, so
what makes speakers select one particular expression over
another? Previous studies have shown that one of the factors
that influences the selection of active/passive voice and
word order in describing or recalling transitive events is
conceptual accessibility (Japanese: Tanaka, Branigan,
McLean, & Pickering, 2011; Spanish: Prat-Sala & Branigan,
2000; Tzeltal: Norcliffe et al., 2015).
More specifically, more conceptually salient entities such
as animate nouns tend to be mentioned earlier in a sentence
than less conceptually salient ones such as inanimate nouns.
They also tend to be realized with higher grammatical
functions, affecting voice alternations. For example, when
Spanish speakers describe the event depicting A train ran
over the woman, the conceptually salient entity the woman
tends to be mentioned earlier in the utterance, triggering a
word order alteration from SVO to OVS (e.g., A la mujer la
atropello el tren, literal translation: woman-ran over-train,
‘The woman, the train ran her over’) or the selection of the
animate entity, the woman, as the sentential Subject,
resulting in a passive voice construction (e.g., La mujer fue
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atropellada por el tren, literal translation: woman-be run
over-by train, ‘The woman was run over by the train’) (PratSala & Branigan, 2000).
Animacy is well-known as a factor that influences the
form of utterances, but what determines relative saliency
when the agent and patient entities are both animate? Here,
we tested the claim that there are embodiment effects in
language production – e.g. voice and word order are
affected by conceptual salience/perspective, which are
themselves affected by physical motion. To test this idea,
we placed participants in a situation where they were the
agent of a pulling motion, the patient of one, or not involved
in motion, to evaluate whether this differential physical
involvement affected the speakers’ internal attention to
actions, agents, or patients, and their subsequent production
of sentences that described transitive events with two human
animate participants. We first provide background about the
grammar of Truku, the language used for our study, and
then turn to the predictions of our experiment.

Truku language
Truku is a Formosan Austronesian language spoken in an
area north-east of Puli in Central Taiwan. Truku is
recognized as an endangered language, with approximately
20,000 native speakers. Importantly for this study, Truku
allows both verb-object-subject (VOS) word order as shown
in (1), and subject-verb-object (SVO) order, as shown in (2).
The VOS order is considered the basic word order (Tsukida,
2009), while the SVO order is derived by preposing the
subject to the sentence initial position. Recent experimental
studies have provided empirical evidence supporting the
analysis of VOS as the basic word order in Truku. For
example, using a sensibility judgment task, Ono, Kim, Tang,
& Koizumi (2016) have shown that Truku speakers
processed VOS sentences faster than SVO. In an eventrelated potential (ERP) experiment, comprehending SVO
sentences elicited a larger P600 effect compared to VOS
ones, indicating that processing VOS sentences required a
lower cognitive load compared to SVO sentences (Yano,
Niikuni, Ono, Kiyama, Sato, Tang, Yasunaga, & Koizumi,
2017).
In addition to VSO versus SVO word order flexibility,
Truku has a symmetrical voice system, allowing alternations
in which argument is made syntactically salient. In Tagalog,
another verb-initial language that has a symmetrical voice
system, the argument associated with the selected voice is
known to be more prominent (Sauppe, Norcliffe, Konopka,
Van Valin, & Levinson, 2013; Sauppe, 2016).
Here, we consider the alternation between what we will
refer to as Agent voice (AV) and Goal voice (GV). Each of
these is marked morphologically on the verb, as indicated in
(1) and (2). Both (1a) and (1b) are non-derived transitive
events, that is, they are both unmarked and equally transitive.
Either argument can be assigned as the syntactically salient
element and expressed by the relevant voice (Haude &
Zuniga, 2016). When Agent voice is used in transitive
sentences, the Subject refers to the Agent and the Object

refers to the Patient, as shown in (1a) and (2a). However, in
Goal voice (GV) sentences, assignments of grammatical
functions and semantic roles are switched – the Subject is
now linked to the Patient and the Object to the Agent as
shown in (1b) and (2b). Notice that this means that the
Agent precedes the Patient in Goal voice VOS and Agent
voice SVO sentences (1b, 2a), while the Patient is
mentioned before the Agent in Agent voice VOS and Goal
voice SVO sentences (1a, 2b).
“The girl kicks the boy”
(1a) VAV OPatient SAgent
qmqah
snaw niyi
kick.AV [boy DET]

ka
[NOM

(1b) VGV OAgent SPatient
qqahan
kuyuh niyi
kick.GV [girl
DET]

ka
[NOM

kuyuh
girl

niyi

snaw
boy

niyi

(2a) SAgent VAV OPatient
kuyuh niyi o
qmqah
[girl
DET FOC] kick.AV

snaw
[boy

niyi

(2b) SPatient VGV OAgent
snaw niyi o
qqahan
[boy DET FOC] kick.GV

kuyuh
[girl

niyi

DET]

DET]

DET]

DET]

Predictions
If physical involvement by a speaker affects the conceptual
saliency they establish for elements represented in transitive
events, we can make two predictions regarding verbal
responses of Truku. First, we predict that irrespective of
agentivity in motions, physical involvement cognitively
highlights the action component of an event (versus the
participants in it), making participants more likely to
produce the verb as the initial element in their utterances.
This predicts that motion engagement triggers more VOS
responses compared to when participants are not involved in
motion.
Second, if motions modulate the perspective from which
participants perceive the transitive event, then their
performance as the agent of a pulling motion (our PullAgent condition) may stimulate or generate a tendency to
adopt the perspective of the agent for subsequent events,
and thus we predict it will increase their use of the Agent
voice (versus the Goal voice) in their linguistic descriptions
of those events. On the other hand, the experience of being
pulled (our Pull-Patient condition) may decrease or hinder
their sense of agency, and favor the patient perspective. We
predict this will increase responses using a Goal voice to
describe transitive events.2
2 One could also predict a preference to mention the Agent
earlier in the sentence in Pull-Agent versus Pull-Patient conditions.
We consider this possibility in the Discussion section.
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Embodiment Experiment
By manipulating the type of motion a participant engaged in
(Pull-Agent, Pull-Patient, or Static conditions, described
further below), we investigated whether motion
unconsciously influences how speakers of Truku perceive,
encode, and describe simple transitive events.

Participants

Figure 1: Hand related and non-hand related events

Thirty native speakers of Truku (21 females) participated in
this study. They had all been born and raised in the village.
Their average age was 60.60 (SD=7.96). All participants
reported normal or corrected-to-normal hearing and vision.
Although the participants in the sample speak Mandarin
Chinese as a second language and have some knowledge of
Japanese, the individuals selected for the study were limited
to ones whose dominant language is strictly Truku.

Materials
For Target stimuli, we created sixty line-drawings of
transitive events in which an agent physically acts on a
patient. Twenty similar line-drawings of intransitive events
served as Filler stimuli. Half of the Target events
represented hand-related actions (e.g., A girl pushed the
woman) and another half represented non-hand related
actions (e.g., A man kicked the boy) (Figure 1). This
distinction between hand-involved and non-hand-involved
events was created to assess if hand motions cognitively
highlight an action component specifically in hand-oriented
events or generally in hand and non-hand oriented events.
The picture stimuli involved three female characters (i.e.,
girl, woman, elderly woman) and three male characters (i.e.,
boy, man, elderly man). Each character evenly appeared in
sixty events as an agent or a patient. To minimize the
possibility that the participants would be influenced by the
gender of the characters, the two characters were always
either two males or two females. The overall size of the
agent and patient characters was drawn to be similar, and
the left-right positions of the agent and the patient in all
transitive events were counterbalanced throughout the six
lists. Filler stimuli depicted intransitive events3 in which a
single character conducted non-hand related motions (e.g.,
A boy is skipping, A woman has fainted). Since these
twenty filler events appeared twice, each participant
encountered a total of a hundred trials including sixty
different transitive events and forty intransitive events.

3 Intransitive events are most commonly described with Agent
voice (Oiwa-Bungard 2017:11, 116).

Experimental Design and Procedure
Participants individually took part in the experiment in a
quiet room in Jingmei village, Taiwan. They sat in front of a
laptop computer holding one side of a 15-inch wooden stick
while an experimenter who held the other side of the stick
sat across the table (Figure 2). To encourage participants to
focus on the task itself, a partition was set up between the
two people. The partition had a small hole so that they could
hold the stick and move it through the hole. A black mouse
pad with a large yellow-star was placed on the right side of
the laptop computer. The experiment was programmed
using Python (ver. 2.7.13) and some functions of PsychoPy
(Peirce, 2007) for stimulus presentation.

Figure 2: Experimental setup
Participants were asked to grab the stick with their right
hand at the beginning of the experiment and hold it during
the entire experimental period. The experiment began with a
practice session followed by the main experiment.
Participants performed twelve practice trials and were
allowed to repeat them until they felt comfortable
performing the task.
Each trial started with the screen displaying a yellow star
for 3000ms. As soon as the star appeared on the screen, the
participants placed and rested their right hand on the starmarked mouse pad. Then, the screen became either green or
gray for 3000ms. They were instructed to pull the stick
when the screen was green (Pull-Agent condition) while to
do nothing and remain still when the screen was gray (Static
condition). When the screen was gray (and a participant’s
hand was resting on the mouse pad, the participants were
sometimes unexpectedly pulled by the experimenter (PullPatient condition). This created three types of motion
manipulations (e.g., Pull-Agent, Pull-Patient, Static
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conditions). A cross then appeared in the center of the
computer screen for 1500ms, followed by the pictures.
Participants described the picture they saw as quickly and
accurately as possible in a simple sentence of Truku
language. The experiment then proceeds to the next trial.
The main experiment was composed of two blocks,
separated by a brief break. The first block presented twenty
Target trials in the Static condition, kept separate from the
motion conditions to eliminate any continuing influence
from motion that could have occurred in a design that mixed
the three conditions. These trials provide a baseline measure
of word order and voice preferences when no motion is
involved. The second part of the main experiment was
composed of forty Target trials, in either the Pull or Pulled
condition, and forty Filler trials, in the Static condition.
Trials were arranged in a different random order for each
participant with the restriction that two Target trials never
appeared consecutively. The verbal responses that the
participants produced were recorded for subsequent
transcription. The entire experiment including the practice
session and the main experiment took approximately fortyfive minutes.

Results

participants and items as random factors (Jaeger, 2008)4. In
these analyses, motion conditions were treatment-coded
with the Static condition as the reference level. The R
programing language (R Core Team, 2017) and the glmer
function within the lme4 package (Bates, Maechler, Bolker,
& Walker, 2015) were used for the analysis.

Motion on VOS vs. SVO word order
We first assessed whether motion involvement influenced
the word order that participants produced. Table 1 shows the
absolute frequencies (and percentages) of VOS and SVO
word order responses in each condition. A logit mixed
model in which SVO responses were coded as 0 and VOS
responses as 1 revealed that significantly more VOS word
order sentences were produced in each of the motion
conditions compared to the Static condition: Pull-Agent (β =
2.15, SE = 0.25, z = 8.49, p < .001) and Pull-Patient (β =
1.80, SE = 0.24, z = 7.45, p < .001). A follow-up analysis
found no significant difference between Pull-Agent and
Pull-Patient conditions (p = .140). These results suggest that
the relative frequencies of VOS and SVO word orders when
Truku speakers participated in motions (regardless of the
agentivity) significantly differ from those when they
participated in no motion5.
Table 1: Frequencies of VOS/SVO responses.

Response coding
We collected a total of 3000 verbal responses (1800 target
and 1200 filler sentences) from the 30 participants. A native
speaker of Truku transcribed all of the target sentences.
Then two native speakers of Truku, both of whom were
blind to the purpose of the present study, individually coded
each target sentence for word order (i.e., VOS, SVO, or
Other) and the voice morphologically marked on the verb
(e.g., Agent voice or Goal voice). The two coders showed a
high consistency rate (Cohen’s κ = .98): in cases of
inconsistency, the coders discussed and decided on a
consistent single code for that production. “Other”
responses included incomplete and/or ungrammatical
sentences, extremely long sentences, and responses
composed of multiple sentences. The total number of Other
responses among all participants was 161 for the Static
condition (27% of the overall 600 target trials), 230 (38%)
for the Pull-Agent condition, and 225 (38%) for the PullPatient condition. In the following statistical analysis, we
eliminated Other responses as well as the data from filler
trials. The data from one participant were excluded from the
analyses because half of the target responses (30 out of 60
responses) were coded as Other responses.

Statistical analysis
The sentence production data from target trials were
analyzed using logistic mixed effects models with

Condition
Static
Pull-Agent
Pull-Patient

Frequency
VOS
SVO
221 (48%)
228 (52%)
252 (69%)
112 (31%)
244 (66%)
127 (34%)

Motion on AV vs. GV in VOS responses
To assess voice selections, we conducted two statistical
analyses, one for VOS and one for SVO responses since
how motion interacts with the selection of the perspective
may differ in these two word orders. Table 2 shows the
absolute frequencies (and percentages) of AV and GV
responses for VOS productions. A logit mixed model in
which AV responses were coded as 0 and GV responses as 1
found effects neither for the Pull-Agent condition (β = 0.78,
SE = 0.42, z = 1.83, p = .065) nor the Pull-Patient one (β =
0.74, SE = 0.42, z = 1.78, p = .076) compared to the Static
condition. A follow-up analysis found no significant
difference between Pull-Agent and Pull-Patient conditions
(p = .926).

4 We included only random intercepts because models with
random slopes failed to converge.
5 Because linguistic analyses of Truku are limited, we are unable
to assess the baseline relative frequencies of VOS vs. SVO word
orders.
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Table 2: Frequencies of AV/GV responses within the
VOS responses.
Condition
Static
Pull-Agent
Pull-Patient

Frequency
AV
GV
186 (88%)
25 (12%)
214 (85%)
38 (15%)
206 (84%)
38 (16%)

Motion on AV vs. GV in SVO responses
Table 3 shows the absolute frequencies (and percentages) of
AV and GV responses within the SVO responses. A logit
mixed model in which AV responses were coded as 0 and
GV responses as 1 revealed that in the Pull-Patient
condition, significantly more GV sentences were produced
than in the Static condition (β = 1.51, SE = 0.40, z = 3.77, p
< .001), while no significant effect was found in the PullAgent condition (β = 0.79, SE = 0.43, z = 1.82, p = .068). A
follow-up analysis found no significant difference between
Pull-Agent and Pull-Patient conditions (p = .077).
Table 3: Frequencies of AV/GV responses within the
SVO responses.
Condition
Static
Pull-Agent
Pull-Patient

Frequency
AV
GV
207 (91%)
21 (9%)
93 (83%)
19 (17%)
93 (73%)
34 (27%)

Discussion
We investigated the notion that speakers interpret and
describe the events by maintaining perspectives and
saliency patterns related to the motions that they were
previously engaged in. As we predicted, regardless of
Agentive (pulling) or Non-agentive (being pulled) motions,
involvement in motion immediately prior to describing a
picture appeared to increase the saliency of action
information, hence the action component of the sentence
(the verb) appeared earlier in the utterances. Therefore,
experiencing motion seemed to make participants
significantly more likely to produce responses with a VOS
word order, compared to when the participants did not
experience an immediately preceding motion.6 This result is
compatible with incremental accounts in sentence
production where speakers start with a sentence with an
easily planned or retrieved word (Bock, 1993; Bock &
Warren, 1985; Levelt, 1989; Ferreira & Slevc, 2007).
6

We acknowledge that the blocked design, in which participants
were first exposed to Static trials and then Motion trials, allows for
additional interpretations. We plan to conduct a follow-up study
that counterbalances the order of Static and Motion blocks.

As for the SVO-word-order responses, while the PullAgent motion did not increase the frequency of AV
responses (which seems to be due to a ceiling effect), the
Pull-Patient motion, corresponding to our prediction,
significantly increased GV responses. This indicates that
physical motion, and more specifically the participants’ role
as Agent or Patient of the action, influenced the voice
selection. On the other hand, in the VOS-word-order
responses, we found no significant effect of motion on the
frequency of AV/GV responses. In order to explain this
asymmetry between the significant effect of motion in SVO
responses and the lack of an effect of motion in VOS
responses, let us consider another aspect of the Truku
sentences, i.e., Agent/Patient argument order.
In Truku sentences, as we mentioned above, an AV-VOS
sentence realizes (verb-)Patient-Agent argument order,
while a GV-VOS sentence realizes (verb-)Agent-Patient
order. Likewise, an AV-SVO sentence realizes Agent(verb)-Patient order, while a GV-SVO sentence realizes
Patient(-verb)-Agent order. If there is some tendency to not
just use the grammatical voice that adds salience to an
argument, but also place that argument earlier in linear order,
the VOS word order puts the two drives in conflict, while
SVO word order allows both to be satisfied simultaneously.
Following this reasoning, the Pull-Patient motion should not
only induce the participants to adopt a patient perspective
and select GV for the verb, but also lead them to mention
the patient entity as soon as possible in the utterances. As a
result, responses with Goal voice and SVO word order (i.e.,
Patient-Agent argument order) should be especially favored,
but not those with VOS order (i.e., Agent-Patient order).
This is indeed the pattern we see in our results.
We found no difference between hand and non-hand
events in any analysis, which is more suggestive of a
general effect of speakers’ sense of agency than a domainspecific one.
In sum, our results show that physical motion has an
impact on how Truku speakers interpret and describe
transitive events. Motions that speakers are engaged in
increase salience to the action component represented in
subsequent events, increasing VOS word order. Moreover,
at least in the case when voice preferences are compatible
with a preference for early mention of a conceptually salient
argument, agentive motions align with the generally
preferred adoption of an agent perspective while nonagentive motions facilitate a shift to a patient perspective,
reflected in subsequent voice selection.
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Abstract
Human-made objects (artifacts) often provide rich social
information about the people who created them. We explore
how people reason about others from the objects they create,
characterizing inferences about when social transmission of
ideas (copying) has occurred. We test whether judgments are
driven by perceptual heuristics, or structured explanationbased reasoning. We develop a Bayesian model of
explanation-based inference from artifacts and a simpler
model of perceptual heuristics, and ask which better predicts
people’s judgments. Our artifact-building task involved two
characters who built toy train tracks. Participants viewed pairs
of tracks, and judged whether copying had occurred. Our
explanation-based model accurately predicted on a trial-bytrial basis when participants inferred copying; the perceptual
heuristics model was significantly less accurate. Efficient
design ‘explained away’ similarity, making similarity weaker
evidence of copying for efficient tracks. Overall, data show
that like intuitive archeologists, people make rich
explanation-based inferences about others from the objects
they create.
Keywords: social cognition; Bayesian inference; explanation;
social transmission; imitation; artifact; design

Introduction
We live in environments saturated by human-made objects.
These artifacts differ fundamentally from natural objects
like rocks and trees: Their properties are intentionally
designed, often for a specific purpose (Kelemen & Carey,
2007). Reasoning about artifacts has enormous practical
consequences, as effective use of artifacts as tools is
necessary to function in any human society— and has been
crucial to human survival and evolution for hundreds of
thousands of years (Gibson & Ingold, 1995).
Artifacts are crucial to our lives not only as tools, but also
as an ever-present source of social information. Based solely
on the artifacts a person owns, people form quick and
accurate judgments about a person’s traits, interests, and
social affiliations (Gosling, 2008; Richins, 1994; Ferraro et
al., 2010; Solomon, 1983; McCracken, 1986; Belk, 1988).
The artifacts a person creates may hold the most social
information: Creations like visual art, music, or written text
provide rich information about traits, beliefs, and identity
(Gosling, 2008).
How do people reason about other individuals from the
artifacts they create? Here we explore the nature of this
reasoning, which we term intuitive archaeology. Just like
archaeologists use inanimate objects to make explicit
inferences about the people and cultures that created them,
people may intuitively infer complex social information
from the design of objects. Doing so would require

integrating our mental theories of the physical-mechanical
world with our theories of the social world (e.g. Battaglia,
Hamrick & Tenenbaum, 2013; Gopnik, 2012; Carey, 2011;
Baker, Saxe & Tenenbaum, 2009), to make inferences about
the most probable cause of artifact features.
Reasoning about people from their creations
fundamentally involves inferring when social transmission
of ideas has occurred (i.e. social learning, imitation,
copying), and when a design was generated independently
by an individual. Designs that were socially transmitted will
be informative about their designers’ social history, while
independently designed features will not, and may instead
lead to different inferences (e.g. about the intelligence of the
designer, Gosling, 2008). For instance, if you and another
person draw the same detailed drawing, this is unlikely to
occur by chance: there are so many degrees of freedom that
it is unlikely that two identical drawings were independently
generated. Instead, the information is likely to have been
socially transmitted, such that one of you copied the other,
or you share some social history, such as a common teacher
or cultural group (Soley & Spelke, 2016). In this way,
reasoning about social transmission serves as the foundation
for inferences about important social properties, such as a
person’s social and cultural group membership.
In the current paper, we explore peoples’ inferences about
social transmission from the designs of other’s artifacts, and
propose and test two accounts of the cognitive basis of this
inference. In particular, we ask whether participants’
judgments are driven by perceptual heuristics or instead by
explanation-based reasoning.

Explanation-based reasoning
We hypothesize that participants will draw conclusions
about social transmission through explanation-based
reasoning, as an inference to the best explanation (Lipton,
2004; Tenenbaum et al., 2006). Under this account, to
explain observed data (e.g. two people have created
identical artifacts), people consider multiple hypotheses,
then choose the hypothesis that is both plausible a priori and
provides a strong explanation of the data (e.g. they copied
one another). This type of inferential reasoning occurs in
multiple related domains, including causal induction and
reasoning about others’ mental states (Teglas et al., 2011;
Baker et al., 2009).
This account makes specific predictions. People should
infer that social transmission has occurred when people
create similar artifacts; but should not treat all similar
perceptual features as equally strong evidence of copying. If
an alternative explanation for the similarity is given, such as
a functional constraint (e.g. a barrier constraining which
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designs could work) or an independently-shared bias (e.g.
the desire to create an efficient design), participants should
no longer infer that social transmission has occurred, even
when two people create the same artifact. These alternative
explanations should ‘explain away’ the similarity, making
the similarity weaker evidence of copying.

Perceptual heuristics
Alternatively, people may use a simpler cognitive strategy
to detect social transmission: heuristics based on perceptual
similarity. Observers may simply note the extent to which
two artifacts look similar, and use this to judge whether the
ideas were copied.
If observers use this perceptual heuristic, we should see
specific, revealing errors when conceptual information
conflicts with perceptual similarity. In particular, providing
an alternative explanation for the common features should
have no effect on inferences about copying. Thus the
presence of an independently-shared bias (the desire to
create an efficient design) or functional constraint (a barrier
constraining the available design options) should have no
effect. If people are using a perceptual heuristic based on the
artifacts’ similarity, they should continue to infer that
copying occurred when similar artifacts are created, even
under conditions that provide alternative explanations.

The current study
To formally characterize participants’ reasoning, we first
develop a Bayesian model of explanation-based inference
from artifacts, based on a generative model of artifact
features. Broadly speaking, our artifact-generation model
has a similar structure to the classic use of Bayes nets in the
literature on how children learn about causal structure (e.g.
the blicket detector paradigm, Gopnik & Sobel 2000).
The broad idea of the model is to consider the two
possible generative processes of an artifact’s design (social
transmission of ideas vs. independent creation of ideas) and
ask which provides a better explanation of the features of a
given artifact. Given this structure, independent creation can
“explain away” some aspects of the similarity between
artifacts in certain circumstances, reducing the likelihood of
inferring social transmission. We particularly test the role of
efficiency as an alternative explanation: People generally
have a strong desire to create efficient designs (Dennett,
1990). Thus, if there is a clear efficient solution, two people
may independently create the same artifact design.
We contrast this model with a model of the simpler,
perceptual heuristic account, and then tease apart our two
models with experimental evidence, asking which model
better predicts how people reason about social transmission
from the design of artifacts.

A Generative Model of Artifact Design
We model the case of a train track building task with the
following structure: Imagine you see a toy train track built
by person 1, track 𝑡1 , and a second track, 𝑡2 , built by person

Figure 1: Example stimuli. Did the two builders copy one
another, or design their tracks independently? An
explanation-based model predicts that identical designs
should be seen as stronger evidence of copying in A than B.
2. You wish to infer whether person 2 copied the track’s
design from person 1, or independently created it. Each
person had 7 straight and 7 curved pieces to build with.
Framed mathematically, this can be understood as an
inference, where if c indicates whether person 2 copied
person 1, you wish to infer the probability of copying p(c),
given the observed object t1 of person 1 and object t2 of
person 2, along with two additional parameters: a, copying
accuracy, and f, the strength of the builders’ efficiency
preference. Thus, we wish to make the following inference:
𝑝(𝑐 | 𝑡1 , 𝑡2 , 𝑎, 𝑓) =

𝑝(𝑐)𝑝(𝑡2 | 𝑐, 𝑡1 , 𝑎)
𝑝(𝑡2 )

𝑝(𝑡2 ) = 𝑝(𝑐) 𝑝(𝑡2 |𝑐, 𝑡1 , 𝑎) + (1 − 𝑝(𝑐)) 𝑝(𝑡2 |¬𝑐, 𝑓)

Here 𝑝(𝑐 | 𝑡1 , 𝑡2 , 𝑎, 𝑓) is the posterior probability on
copying after we observe the tracks made by the two people,
𝑡1 and 𝑡2 . This has the structure of a Bayes net, including the
key concept of explaining away: A track can be generated
either via copying or independently, and evidence for one
provides implicit evidence against the other. Thus, if two
people create identical track designs, but this design is likely
to be created independently, this provides weaker evidence
of copying.
To make the model concrete, we must specify three
things:
1. p(c) – the a priori estimate of how likely person 2 was
to have copied (unconditional on the data; i.e., before
we see either of the tracks 𝑡1 /𝑡2 ); this will be set by the
description of the context. For example, if person 1 is
sitting next to person 2 and encouraged to collaborate,
this might be close to 1.0. If person 1 and 2 are in
different rooms with no way to see each other, it might
be close to 0.0.
2. 𝑝(𝑡2 | 𝑐, 𝑡1 , 𝑎) - the likelihood of the particular track 𝑡2 ,
given that person 2 was in fact copying person 1’s
track (𝑡1 ); and given a copying accuracy parameter (a).
This graded copying accuracy parameter captures the
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intuition that there may be partial social transmission
of ideas – participants may be influenced by each
other, while not making exactly the same track.
3. 𝑝(𝑡2 |¬𝑐, 𝑓) - the likelihood of track 𝑡2 ,, given that
person 2 was NOT copying from person 1’s track ( 𝑡1 ),
but independently generated the track with no reliance
on.𝑡1 . This depends on f, the strength of the efficiency
preference – e.g., how likely people are to prefer short,
efficient tracks that directly connect the endpoints. A
high efficiency parameter (f) should place high
likelihood on extremely short tracks, thus making
these highly efficient track designs very likely even if
the tracks were generated independently – weakening
the evidence of copying from certain perceptually
identical tracks. This parameter captures the intuition
that in this context, participants may be more or less
likely to prioritize getting from A to B efficiently,
which should change the likelihoods of each track to
occur independently and thus affect judgments of
whether social transmission has occurred.
To formalize these likelihoods, we treat a and f as the slope
of logistic function on similarity between tracks (for a) and
on track length (for f). Thus,
𝑝(𝑡2 |𝑐, 𝑡1 , 𝑎) ∝

1
1 +𝑒 (𝑎 ∗ 𝑑𝑡1,𝑡2 )

where 𝑑𝑡1 ,𝑡2 is the distance between track 𝑡1 and 𝑡2 , here
modeled as the number of non-overlapping piece locations
from the two tracks. Probabilities are normalized over the
set of 𝑡2 ’s. Similarly:
𝑝(𝑡2 |¬𝑐, 𝑓) ∝

1
1 +𝑒 (𝑓 ∗ 𝐿𝑡2 )

where 𝐿𝑡2 is the length of track 𝑡2 (since all track options are
required to get from A to B, shorter tracks are by definition
more efficient). Probabilities are again normalized over the
set of 𝑡2 ’s.
We also constructed a simpler formal model of the
perceptual heuristic account, which makes judgments about
copying based solely on the extent of perceptual similarity
of the two tracks (using the same metric of difference as the
first model: the number of non-overlapping piece locations).
This simpler model treats p(𝑡2 |¬c) as a uniform distribution
over all possible tracks given the available pieces.
Given the way these functions are parameterized, larger
positive values of a lead to a stronger copying accuracy
(e.g., a steeper fall off in how likely a track is to be
generated if it is more dissimilar to 𝑡1 ), and larger positive
values of f in the explanation-based model provide a
stronger efficiency preference (e.g., a steeper fall off in how
likely people are to generate long tracks). Because these
parameters are directly interpretable by visualizing how
often a given track would be generated under each
parameter value, and are largely shared between the two
models and with similar effects on each (with the exception
of f), we primarily analyzed the model fits with a priori
chosen reasonable values, with p(c) (the prior on copying)
to 0.10, f (the efficiency parameter) to 1.5, and a (the

copying fidelity parameter) to 2.5. These parameter values
make it such that if the builders do copy, they would usually
generate almost exactly the same track (thus having a very
low rate of error). Similarly, the strength of the efficiency
preference (f) provides a moderate-to-strong preference for
short tracks, since when people are designing artifacts (i.e.
building independently), they generally have a relatively
strong preference for efficient designs (Dennett, 1990).
However, we also performed model comparison across all
reasonable parameter settings (0 to 5 in steps of 0.5 for each
of f and a, subject to the constraint that a>f so that copying
is more likely to result in the same track than is independent
generation).

Testing the models’ predictions
This formal model of explanation based reasoning and of
perceptual heuristics makes quantitative predictions about
the likelihood of copying for any given pair of track designs,
in a wide range of contexts. We aimed to test the following
three predictions of our models for human behavior, which
tease apart our two theoretical accounts.
Firstly, the explanation-based reasoning model predicts
that when there is an alternative explanation for the
artifacts’ similarity, it will ‘explain away’ the similarity:
That is, similarity will be weaker evidence of copying in this
case. We test the role of efficiency as an alternative
explanation, as people generally have a strong, independent
desire to create efficient designs (Dennett, 1990); if there is
a clear efficient solution, two people may independently
create the same artifact design. Thus our explanation-based
reasoning model (but not the perceptual heuristic model)
predicts that for two identical tracks, people will infer that
copying is more likely to have occurred when the two tracks
are inefficient paths between the start and end point than
when they are efficient paths, even when the tracks are
perceptually identical in both cases. To test this, we
manipulated the efficiency of track designs, separately from
their perceptual overlap.
Our explanation-based reasoning model also predicts that
the inferred strength of the designers’ efficiency preference
(parameter f) should play a role in people’s reasoning. To
test this, we manipulated whether the builders were
instructed to build tracks that would ‘get there quickly’, or
not, to see if this affected participants’ judgments about
copying in a way predicted by the model.
Lastly, our explanation-based reasoning model predicts
that people should take into account the prior likelihood of
copying when making their judgments. By manipulating
how far from one another the builders were when making
their tracks, we manipulated the prior likelihood of copying,
to see if judgments changed in the way predicted by the
model.
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Method
Participants
48 adults were recruited from the undergraduate population
at the University of California, San Diego (19 male, 1
gender-fluid, 28 female; mean age= 21.45 years, SD = 1.75,
Range= 18.9 - 25.7). Participants received course credit for
participating.

Procedure and Stimuli
Participants were tested in the lab, with stimuli presented on
an iMac computer in a web browser, using lab.tellab.org.
On each trial, participants saw two 9x9 grids, with two
locations marked with house icons (here termed A and B).
Each grid showed a train track that went from A to B (see
Figure 1). Participants were instructed that two different
people had built the two different tracks, and were asked to
judge whether the builders had copied each other’s designs,
or created their designs independently.
All subjects completed 6 blocks of 9 trials each, with brief
instructions before each block. Trials within each block
were presented in one of four pseudo-random orders. Blocks
were presented in pairs, with the order of the blocks within
each pair counterbalanced between-subjects. The position of
the train track stimuli (left vs. right side of the screen) was
counterbalanced between subjects.
Manipulating the tracks’ efficiency. We manipulated the
efficiency of the train track paths in two different ways.
First, we manipulated the track length, with shorter paths
being more efficient. We contrasted three length conditions:
Short (3 track units, highly efficient), medium (7 units) and
long (9 units, low efficiency).
Second, we manipulated the tracks’ efficiency by
introducing a barrier to the grid. The barrier made formerly
inefficient tracks more efficient, allowing us to compare
tracks with exactly the same perceptual features, under
conditions where they were efficient vs. inefficient. We
again tested three different track lengths, to parallel the nobarrier condition: Short (9 units), medium (11 units) and
long (13 units).
One crucial test case is shown in Figure 1: The long track
from the no-barrier condition was perceptually identical to
the short track in the barrier condition. With the barrier
present, this track became the most efficient track possible,
whereas it had previously been highly inefficient.
Manipulating the tracks’ perceptual similarity. We also
manipulated the perceptual similarity of the two tracks to
one another. Each of the main tracks tested (see above) was
paired with one of three ‘comparison tracks’: an identical
track, a track with a minor shape difference, or a track with
a greater (major) shape difference. This created a 3 (track
perceptual similarity) x 3 (track length) x 2 (barrier
present/absent) design, with these manipulations tested
during the first two blocks of trials (main trials).

Manipulating the expectation of efficiency In two
additional blocks of trials, we asked whether participants’
judgments of copying changed based on the strength of their
expectation of efficiency (parameter f). These trials repeated
the same track shapes as the no-barrier trials described
above, but manipulated the instructions. On strong
efficiency expectation trials, the instructions specified that
the builders were trying to “get from A to B as quickly as
possible”, while on weak efficiency expectation trials,
instructions said they were “just having fun with the train
track building task, and just had to make sure their tracks
went from A to B”.
Manipulating the prior on copying Lastly, we tested
whether the prior likelihood of copying affected
participants’ judgments, in two final blocks of trials. These
trials repeated the same track pairs as the no-barrier trials
described above, but manipulated the prior via the
instructions. On the high copying prior trials, instructions
said the builders of the paths were “sitting next to each
other”; on low copying prior trials, instructions said “the
builders were seated far apart, facing opposite directions”.

Results
Overall, participants inferred that the designs were copied
most often when the tracks were identical, and least often
when they had major differences (Mean % answering
“copied”, Identical: 66.2%, SEM=±2.4%; Minor difference:
37.8%, SEM=±3.0%; Major difference: 4.5%, SEM=±1.2%;
all contrasts p<0.0001). Thus, participants were attending to
the task and taking into account the perceptual similarity of
the tracks when inferring whether they were copied.
Our major question of interest was whether participants
take into account other factors, like efficiency, that "explain
away" some aspects of similarity and reduce the likelihood
of copying for some pairs of tracks. To assess this, we first
looked at the holistic fit between each of the two formal
models (explanation-based model; perceptual heuristics
model) and the behavioral data, focusing on the data from
the main trials with the normal instructions (see above,
‘Manipulating the tracks’ efficiency’). Overall model
predictions for the explanation-based and perceptual
similarity model are plotted in Figure 2. The explanationbased model provided a better match to participants’
judgments (R2=0.93) than did the perceptual similarity
model (R2=0.69; difference: p=0.0004; Steiger test for
dependent correlations). This difference held across all
reasonable parameter values, with an average difference in
R2 of 0.24 in favor of the explanation-based model across all
possible parameter settings. This high correlation means that
on trials where participants more often say that the builders
copied, the explanation-based model also tends to say
copying is more likely – the model can predict on a trial-bytrial basis when copying is more likely to be inferred. In
contrast, the perceptual heuristics model is significantly less
accurate at predicting participants’ responses.
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Several patterns in participants’ responses provide
additional empirical support for the explanation-based
model. Broadly, the explanation-based model predicts that
in addition to using perceptual similarity between the tracks
to infer copying, participants should explain away some
kinds of perceptual similarity with alternative explanations
for independent generation. In particular, because people
tend to aim for efficient designs, the likelihood of
independently generating efficient tracks is high; the model
predicts that similarity between efficient tracks should not
be strong evidence of copying. In addition, the model
predicts that the extent of this 'explaining away' by
efficiency should be modulated by the strength of the
builders’ preference for efficient tracks: If the builders are
all trying hard to make very efficient tracks, then they are
likely to generate the same design independently, and
similar efficient designs should not provide evidence of
copying. In contrast, if people are not trying to be efficient,
similar efficient designs should serve as evidence of
copying. Finally, the model predicts a strong role for the
prior: if a priori we believe participants are extremely
unlikely to be able to copy each other (e.g., if they are
seated very far apart), then we should not infer they copied,
even if they produce perceptually identical tracks.
We found evidence consistent with all of these
predictions. In particular, efficiency played a significant role
in people's judgments above and beyond perceptual
similarity. For example, even when pairs of tracks were
perceptually identical, people judged the most efficient
tracks (M=32.2%, SEM:±3.7%) as copied less often than the
least efficient tracks (M=83.7%, SEM:±2.9%; difference:
p<0.0001). In addition, the exact same track was judged less
likely to be copied when a barrier was present, making that
track a highly efficient design, given the constraints
(M=56.3%, SEM: ±7.2%), versus when the barrier was not
present, making that track an inefficient design (M=83.3%;
SEM:±3.1%; difference: p=0.0004; for tracks in Figure 1).
In addition, people were more likely to say that two
identical, highly efficient tracks were copied when they
thought the builders of those tracks were not aiming for
efficiency (M=45.8%; SEM:±7.2%) than when they thought
the builders were aiming for efficiency (M=8.3%;
SEM:±4.0%; difference: p<0.0001). As predicted by the
explanation-based model, this ‘strength of efficiency
preference’ manipulation selectively affected judgments
about efficient tracks, and not inefficient tracks, for which
similarity cannot be explained away by efficiency
preferences (medium and long length; strong efficiency
preference: M=83.3%, SEM:±4.3%; weak efficiency
preference: M=83.3%; SEM:±4.3%; p>0.10).
Participants’ prior on copying also affected their
judgments, as predicted by the explanation-based model:
They judged tracks as copied more often when the builders
were sitting closer together (M=80.6%; SEM:±3.3%) than
when they were far apart (M=49.3%; SEM:±4.5%). When
builders were far apart and generated efficient tracks,
participants inferred copying extremely rarely, even when

Figure 2: Left: Fit of explanation-based model (top) and
perceptual heuristics model (bottom) to participants'
likelihood of saying each trial was copied. Each point is a
trial; error bars indicate SEM across participants. Right:
Three example trials are highlighted in both graphs (by
color). Because these 3 trials have perceptually identical
tracks, the perceptual heuristics model considers them likely
copied. By contrast, the explanation-based model differs
markedly in the predicted likelihood of copying across these
trials, as do participants’ actual judgments.
those tracks were perceptually identical (Identical:
M=16.6%; SEM: ±5.4%). By contrast, the perceptual
heuristics model predicts participants should infer copying
nearly 100% of the time in this situation, as the tracks the
two builders created were identical.
These effects of efficiency are incompatible with a
perceptual similarity model, which views copying as
directly related to similarity in the track’s structure (for
example, see the trials highlighted in Figure 2). However,
they are predicted by the explanation-based model, which
‘explains away’ similarity by taking into account people’s
general tendency to generate efficient designs. While only
model predictions with our a priori parameter values are
shown in Figure 2, this tendency to discount the likelihood
of copying for efficient tracks is true across all reasonable
parameter settings, as noted above (e.g. parameter settings
where the generative process of “copying” is not so errorprone that it generates less-similar tracks than the generative
process of “independently creating”).
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Discussion
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Abstract
Radiologists can discriminate between normal and abnormal
breast tissue at a glance, suggesting that radiologists might be
using some “global signal” of abnormality. Our study investigated whether texture descriptions can be used to characterize the global signal of abnormality and whether radiologists
use this information during interpretation. Synthetic images
were generated using a texture synthesis algorithm trained on
texture descriptions extracted from sections of mammograms.
Radiologists completed a task that required rating the abnormality of briefly presented tissue sections. When the abnormal
tissue had no visible lesion, radiologists seemed to use texture
descriptions; performance was similar across real and synthesized tissue sections. However, when the abnormal tissue had a
visible lesion, radiologists seemed to rely on additional mechanisms beyond the texture descriptions; performance increased
for the real tissue sections. These findings suggest that radiologists can use texture descriptions as global signals of abnormality in interpretation of breast tissue.
Keywords: texture analysis; medical image perception; visual
search; ROC curves, log likelihood ratios

Introduction
Human observers are able to obtain the “gist” of visual
scenes within milliseconds (Friedman, 1979; Potter, 1976;
Potter & Levy, 1969; Schyns & Oliva, 1994). Humans
can rapidly categorize real world scenes as urban or natural (Greene & Oliva, 2009), or as indoor or outdoor (FeiFei, Iyer, Koch, & Perona, 2007). In a sense, humans are
experts in categorizing natural scenes. Similarly, radiologists are experts at categorizing medical images as normal
or abnormal (Evans, Georgian-Smith, Tambouret, Birdwell,
& Wolfe, 2013; Evans, Haygood, Cooper, Culpan, & Wolfe,
2016; Kundel & Nodine, 1975). This ability allows them to
extract necessary information to make quick and accurate diagnostic judgments.
Several models have been proposed to explain the search
performance of radiologists, including “two-stage detection
model” (Swensson, 1980), “two-pathway model” (Drew,

Evans, Võ, Jacobson, & Wolfe, 2013; Wolfe, Võ, Evans,
& Greene, 2011), and “global-focal search model” (Kundel,
Nodine, Conant, & Weinstein, 2007; Kundel, Nodine, Thickman, & Toto, 1987; Nodine, Kundel, Lauver, & Toto, 1996).
In general, these models propose two separate processes
through which radiologists make diagnostic judgments based
on medical images. First, radiologists rapidly form a global
representation of images. They mark potential areas of abnormalities by comparing the present image to their template
of normal and abnormal structures. Then, through further inspection of the previously flagged locations, they decide to
categorize images as normal or abnormal.
Single glance studies suggest that expert radiologists can
quickly extract global information from medical images, such
as chest radiographs (Carmody, Nodine, & Kundel, 1980;
Kundel & Nodine, 1975), computed tomography (CT) scans
(Oestmann et al., 1988), and mammograms (Mugglestone,
Gale, Cowley, & Wilson, 1995). There is evidence that radiologists can discriminate between normal and abnormal breast
tissue after a very short period of exposure (250 ms) although
they are unable to localize the site of abnormality (Evans et
al., 2013). Recently, in a series of experiments, Evans et al.
(2016) demonstrated a similar discrimination performance in
cases where the briefly presented abnormal tissue (500 ms)
had no visible lesion in it. To interpret this ability, authors
suggested that radiologists might be using some signal of abnormality that is based on a global image statistic. Radiologists might be picking up this signal to make rapid and accurate diagnostic judgments. By interpreting thousands of images over several years, it is possible that radiologists become
sensitive to such signal if it is present in the abnormal tissue.
Our study sought to characterize these global signals of abnormality as texture descriptions (i.e., a set of stationary spatial statistics) and to determine whether radiologists rely on
such texture descriptions when discriminating between nor-
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mal and abnormal breast tissue. To test this hypothesis, we
generated synthetic images representing sections of breast tissue using a texture synthesis algorithm (Portilla & Simoncelli, 2000). The algorithm was trained on texture descriptions extracted from sections of mammograms confirmed via
biopsy to be normal or abnormal. Synthetic images generated from a common model are physically different but have
the same overall statistics (i.e., texture descriptions), so they
should appear to the viewer as different sections of tissue
from the same breast. Because the texture descriptions of the
real and synthesized sections were identical, any global statistical signals of abnormality in the real sections were also
present in the synthesized sections. We investigated performance of radiologists in a diagnostic task that required rating
the abnormality of briefly presented tissue sections. Our results showed that radiologists seemed to rely on texture descriptions when the abnormal tissue did not have a visible
lesion. However, radiologists seemed to use additional mechanisms beyond the texture description when the abnormal tissue had a visible lesion. Overall, our findings suggest that
radiologists can use texture descriptions as global signals of
abnormality in interpretation of breast tissue.

Method
Participants
A total of twenty-three radiologists participated in the study.
Nineteen radiologists participated in the main experiment and
eight (including four of the radiologists from the main experiment) participated in the control experiment. All participants
had prior experience and training in reading mammograms.

Stimuli and Apparatus
Stimuli were images representing sections of breast tissue
(256 × 256 pixels) which have been confirmed via biopsy
to be normal or abnormal. Normal tissue sections were extracted from non-cancerous breasts. Abnormal tissue sections
were extracted from cancerous breasts, and contained either
a visible lesion (lesion-present) or no lesion (lesion-absent).
In particular, abnormal “lesion-absent” sections were used to
characterize the signal of abnormality in absence of a visible
lesion in the tissue. Clinical breast density ratings confirmed
that the normal and abnormal tissue sections were similar in
breast density (all r < | − 0.08|, all p > 0.5).
Synthetic textures were generated using a texture model
(Portilla & Simoncelli, 2000) trained on the real tissue sections. Figure 1 shows examples of the real and synthesized
tissue sections.
Stimuli were generated and presented using the Psychophysics Toolbox extensions (Brainard, 1997) in MATLAB (Mathworks) on a 24-in LCD monitor with a resolution
of 1920 × 1080 pixels.

Procedure
Radiologists completed a task that required rating the abnormality of briefly presented tissue sections. At the start of each

Figure 1: Example breast tissue sections, with real tissue on
the left and synthesized tissue on the right.
trial, a fixation cross was presented at the center of the screen.
After the observer initiated the trial by pressing the start button, the image (i.e., a tissue section) appeared at the center
of the screen for 500 ms, followed by a white noise mask for
500 ms. Then, a response screen with a slider was presented.
The observer was asked to give a rating between 0 and 100
by sliding a bar to indicate the likelihood of recalling the patient. Once a decision has been made, the observer pressed a
button to log their response. Figure 2 shows the timeline of a
representative trial.
The type of image (real or synthesized) and the type of
tissue (normal or abnormal) were manipulated as within subject variables while the type of abnormality (lesion-present or
lesion-absent) was manipulated as a between subject variable.
There was a total of 200 trials, divided equally between
the real and synthesized conditions. For each condition, half
of the trials included normal tissue sections while the other
half included abnormal tissue sections, either lesion-present
or lesion-absent. Trials were blocked by the type of image
(real or synthesized) and the presentation order was randomized across observers. In each block, the presentation order
of tissue type (normal or abnormal) was also randomized for
each observer.
Breast density estimation In a control experiment, radiologists were asked to rate the density of briefly presented tissue sections. The procedure was similar to the task in the
main experiment, except for the response screen. The response screen included four gray boxes numbered from 1 to
4, indicating BI-RADS breast density scale. Larger numbers
indicated higher breast density. The observer was instructed
to report the density of the tissue by navigating the boxes with
button presses. The chosen box turned to red to indicate current choice of the observer. Once a decision has been made,
the observer pressed a button to log their response.

Results
Performance was examined by constructing ROC curves. Because raw ratings tended to show bimodal distributions for
normal and abnormal cases (see Figure 3), an optimal performance could not be determined using a single criterion.
Therefore, in evaluating ROC curves, we used log likelihood
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Figure 2: Timeline of a representative trial in the abnormality rating task.
ratios (LLRs) as the decision variable. LLRs were calculated
using the formula,


p(x|abnormal)
LLR = ln
,
(1)
p(x|normal)
where x represents the raw ratings.
In order to prevent the possibility of over-fitting, we
smoothed the data by fitting a Gaussian kernel with a bandwidth of 5. Figure 4 shows the resulting LLRs for the raw
ratings shown in Figure 3. When the raw ratings were converted into LLRs, curves crossed at a single point (at LLR =
0). As a result, the optimal discrimination performance can
be determined using a single criterion.
Using the smoothed data and LLRs as the decision variables, performance was characterized by computing the area
under the curve (AUC).

Figure 3: Examples of ratings given by two observers.

Figure 4: Distribution of log likelihood ratios (LLRs) computed from the data shown in Figure 3.
ROC curves and AUCs were computed separately for the
real and synthesized conditions (see Figure 5). When the
abnormal tissue did not contain a visible lesion, the performance given by the AUCs was similar across the real (M =
0.64, SE = 0.01) and the synthesized (M = 0.65, SE = 0.01)
conditions, t(10) = 0.40, p = 0.70. However, when the abnormal tissue contained a visible lesion, the performance
was better in the real condition (M = 0.83, SE = 0.02) than
in the synthesized condition (M = 0.71, SE = 0.02), t(7) =
5.12, p = 0.001. In particular, performance increased for the
real tissue sections.
To evaluate how the performance of each individual observer differs from chance levels, we characterized a figure of
merit. For each observer, we created 100 Bootstrapped samples from the empirical data, derived a ROC for each sample,
and computed the AUC. The 95th percentile of this distribu-
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Figure 5: ROC curves in the real condition (left panel) and in the synthesized condition (right panel), when the abnormal tissue
had no visible lesion (top panel) and when the abnormal tissue had a visible lesion (bottom panel). Thin lines represent the
performance of individual observers. The thick line represents the average performance. The average AUCs are presented at
the bottom right of each plot.
tion were set as the critical value. Figure 6 shows the resulting
ROC curves for two individual observers.
When the abnormal tissue did not contain a visible lesion,
two out of eleven observers performed above chance levels in the real condition while none of the eleven observers
performed above chance levels in the synthesized condition.
However, when a visible lesion was present in the abnormal
tissue sections, all eight observers performed above chance
levels in the real condition while two out of eight observers
performed above chance levels in the synthesized condition.
Finally, to test whether radiologists gave similar ratings to
the real and synthesized tissue sections, we compared the
abnormality ratings. Regardless of the presence of a lesion in the tissue, we confirmed that the ratings were similar
across the real and synthesized conditions (all r > 0.27, all
p < 0.001).

Breast density analysis
Prior to this experiment, two radiologists gave clinical density ratings to the real tissue without any time limitations.

To investigate whether the density of real tissue sections is
perceived similarly in such short presentation, we compared
the average clinical density ratings to the average perceived
density ratings in our experiment. Positive correlations suggested that radiologists perceived the breast density similarly
regardless of the duration of presentation (all r > 0.59, all
p < 0.001).
Next, we investigated whether we were able to represent
the perceived breast density of the real tissue sections in our
synthesis. Comparison of the estimated density ratings across
the real and synthesized conditions revealed a strong positive
correlation (r = 0.66, p < 0.001), suggesting that our synthesis was successful in replicating the breast density.

Discussion
The purpose of the current study was to characterize the
global signals of abnormality in breast tissue as texture descriptions (i.e., a set of stationary spatial statistics) and to determine whether radiologists rely on such texture descriptions
when interpreting breast tissue. Our findings suggest that ra-
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Figure 6: ROC curves for two of the observers. The top panel shows data from an observer when the abnormal tissue had no
visible lesion, in the real condition (left panel) and in the synthesized condition (right panel). The bottom panel shows data
from another observer when the abnormal tissue had a visible lesion, in the real condition (left panel) and in the synthesized
condition (right panel). ROC curves for the Bootstrapped samples (N = 100) are given by the gray lines. The 95% of this
distribution is given by the dashed red line. The empirical ROC curve is given by the blue line. The AUCs for the empirical
(blue) and simulated (red) data are presented at the bottom left of each plot.
diologists can use texture descriptions as global signals of abnormality in diagnostic tasks.
When the abnormal tissue had no visible lesion, radiologists seemed to rely on texture descriptions; performance was
similar across real and synthesized sections. However, when
the abnormal tissue had a visible lesion, radiologists seemed
to use additional mechanisms beyond the texture description.
In particular, the existence of a lesion increased the performance only for the real sections. These findings confirm that
radiologists can use texture descriptions as global signals of
abnormality in interpretation of breast tissue.
Breast density judgments confirmed that the synthesized
tissue represented the real tissue in terms of the breast density. Interestingly, the brief exposure time did not seem to
influence the perception of breast density. Radiologists interpreted the breast density similarly with and without time
limitations.
Using a similar paradigm in a series of experiments, Evans

et al. (2016) showed that radiologists were able to discriminate between normal and abnormal breast tissue at a glance.
To interpret this ability, they suggested that radiologists might
be using some “global signal” of abnormality. In this study,
we characterized this global signal as texture descriptions
(i.e., a set of stationary spatial statistics) and confirmed that
radiologists rely on such texture descriptions when interpreting abnormal breast tissue without a visible lesion.
In future work, we will examine the particular features of
these texture descriptions that give rise to abnormality judgments. After determining the significant features, we will
generate synthesized images using these particular features.
Then, we will test these images in a similar paradigm where
radiologists are asked to give abnormality judgments.
Overall, these findings contribute to the existing literature
by suggesting texture statistics as global signals of abnormality in the interpretation of mammograms. There are several
implications for improving detection of breast cancer. First,
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relevant texture features can be used to synthesize “normal”
or “abnormal” images representing breast tissue. These synthesized images can be used to train medical students or used
as learning aids. Second, the features of texture descriptions
can be used to train image classifiers to detect abnormality in
the breast tissue, which ultimately could aid radiologists in
the diagnostic process. Additionally, the synthesized images
can be used in medical image perception research by allowing more control over the tissue samples, and by attenuating
the limitations based on the small number of real cases.
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Abstract

Instruction that helps students acquire representational
competencies mostly focuses on conceptual representational
competencies. These include the ability to map visual features to concepts, support conceptual reasoning with visuals, and choose appropriate visuals to illustrate a given concept (Bodemer, Ploetzner, Feuerlein, & Spada, 2004). Less
research has focused on a second type of representational
competency — perceptual fluency. It involves the ability to
rapidly and effortlessly see meaningful information in visual
representations (E. J. Gibson, 2000; Goldstone & Barsalou,
1998). For instance, chemists can effortlessly see that both
visuals in Figure 1 show water. Perceptual fluency plays an
important role in students’ learning as it frees cognitive resources for higher-order complex reasoning, thereby allowing
students to use visuals to learn new domain knowledge (Rau,
2017).

In STEM domains, students are expected to acquire domain
knowledge from visual representations that they may not yet
be able to interpret. Such learning requires perceptual fluency, or the ability to intuitively and rapidly see the underlying
concepts in visuals and to translate between them. Perceptual
fluency is acquired via nonverbal, implicit learning processes.
Thus far, we have lacked a principled approach for identifying a sequence of perceptual fluency problems that promote
robust learning. Here, we describe how a novel machine learning technique can generate an optimal sequence of perceptual
fluency problems. In a human experiment, we show that a
machine-generated sequence outperforms both a random sequence and a sequence generated by a human domain expert.
Interestingly, the machine-generated sequence resulted in significantly lower accuracy during training, but higher posttest
accuracy. This suggests that the machine-generated sequence
induced desirable difficulties. To our knowledge, our study is
the first to show that machine learning can yield desirable difficulties for perceptual learning.
Keywords: visuals; perceptual fluency; implicit learning;
desirable difficulties; machine learning; machine teaching;
chemistry; optimal training; sequence effects

Introduction
Visual representations are ubiquitous instructional tools
in science, technology, engineering, and math (STEM) domains (Ainsworth, 2008; NRC, 2006). For example, chemistry instruction on bonding typically includes the visuals
shown in Figure 1. While we typically assume that such
visuals help students learn because they make abstract concepts more accessible, they can also impede students’ learning if students do not know how the visuals show information
(Rau, 2017). To successfully learn new domain knowledge
from visuals, students need representational competencies —
knowledge about how visual representations show information (Ainsworth, 2006). For example, a chemistry student
needs to learn that the dots in the Lewis structure (Figure 1a)
show electrons and that the spheres in the space-filling model
in (Figure 1b) show regions where electrons likely reside.

Figure 1: Two common visual representations of water (a:
Lewis structure; b: space-filling model).

Students acquire perceptual fluency via implicit inductive
processes (E. J. Gibson, 2000; Goldstone & Barsalou, 1998).
Consequently, instructional interventions for perceptual fluency engage students in simple problems to quickly judge
what a visual shows (Kellman & Massey, 2013). One kind
of perceptual-fluency problem may ask students to quickly
and intuitively judge whether two visuals like the ones in
Figure 1 show the same molecule by using implicit intuitions. The problem sequence is typically chosen so that (1)
students are exposed to a variety of visuals and (2) consecutive visuals vary incidental features while drawing attention to conceptually relevant features (Kellman & Massey,
2013; Rau, 2017). However, these general principles leave
many possible sequences open. To date, we lack a principled
approach capable of identifying sequences of visual representations that yield optimal learning outcomes. Hence, we
used an inverse machine-learning technique that selects a sequence of visual representations that was most effective for
a learning algorithm. In a human experiment, we then tested
whether the machine-generated sequence of visual representations yielded higher learning outcomes compared to (1) a
random sequence and (2) a sequence generated by a human
expert based on perceptual learning principles.
In the following, we review literature concerning visual
representations, perceptual fluency, and our inverse machinelearning paradigm. Then, we describe the methods we used
to identify the machine-generated sequence, followed by the
methods for the human experiment. We also discuss how our
results may guide educational interventions for representational competencies and machine learning more broadly.
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Prior Research
Perceptual Fluency
Representations used in instructional materials are defined
as external representations because they are external to the
viewer. By contrast, internal representations are mental objects that students can imagine and mentally manipulate. External representations can be symbolic (text) or visual (Lewis
structures). Unlike symbolic representations, visual representations have similarity-based mappings to the referent
(Schnotz, 2014).
Perceptual fluency research is based on findings that experts can automatically see meaningful connections among
representations, that it takes them little cognitive effort to
translate among representations, and that they can quickly
and effortlessly integrate information distributed across representations (E. J. Gibson, 2000). Chemistry experts, for example, can see at a glance that the Lewis structure in Figure 1a shows the same molecule as the space-filling model
in Figure 1b. Such perceptual expertise frees cognitive resources for explanation-based reasoning (Goldstone & Barsalou, 1998) and is considered an important goal in STEM education.
According to the cognitive theory of multimedia learning
(CTML) and the integrated model of text and picture comprehension (ITCP), perceptual fluency involves efficient formation of accurate internal representations of visual representations (Mayer, 2009; Schnotz, 2014). Doing so requires mapping analog internal representations of multiple visual representations to one another (Mayer, 2009; Schnotz, 2014).
Cognitive science literature (E. J. Gibson, 2000; Goldstone, 1997; Koedinger, Corbett, & Perfetti, 2012) suggests that students acquire perceptual fluency via perceptualinduction processes. These processes are inductive because students can infer how visual features map to concepts
through experience with many examples (E. J. Gibson, 2000;
Goldstone, 1997; Kellman & Massey, 2013). Students gain
efficiency in seeing meaning in visuals via perceptual chunking. Rather than mapping specific analog features to concepts, students learn to treat each analog visual as one perceptual chunk that relates to multiple concepts. Perceptualinduction processes are thought to be nonverbal because they
do not require explicit reasoning (Koedinger et al., 2012).
They are implicit because they happen unintentionally and
sometimes unconsciously (Shanks, 2005).
Interventions that target perceptual fluency are relatively
novel. Kellman and colleagues (2013) developed interventions that engage students in perceptual-induction processes
by exposing them to many short problems wherein they have
to rapidly translate between representations. Students might
receive numerous problems that ask them to judge whether
two visuals like the ones shown in Figure 1 show the same
molecule. These interventions have enhanced students’ learning in STEM domains like chemistry (Rau, Michaelis, &
Fay, 2015). Critically, these interventions seek to determine
whether perceptual fluency practice on a set of training prob-

lems generalizes to unfamiliar posttest problems.
Perceptual learning is strongly affected by the sequence
in which problems appear (Rau, 2017). To design effective
problem sequences, consecutive problems expose students to
systematic variation (often via contrasting cases) so that irrelevant features vary while relevant features appear across
several problems (Kellman & Massey, 2013). However, visual representations can differ on a large number of features.
Thus, many possible problem sequences can systematically
vary these visual features. We addressed this issue using
Zhu’s machine teaching paradigm (Zhu, 2015; Zhu, Singla,
Zilles, & Rafferty, 2018).

Machine Teaching
Machine teaching, the inverse problem of machine learning,
has been applied in fields including cognitive psychology and
education (Patil, Zhu, Kopeć, & Love, 2014). It requires a
cognitive model that takes the form of a learning algorithm.
This algorithm mimics how human students learn a mapping
between two visual representations (e.g., the ones shown in
Figure 1). Given the cognitive model, machine teaching seeks
a sequence of learning problems (optimal training sequence
O ), such that when given O , the learning algorithm learns the
mapping. To evaluate whether a training sequence is effective, we test the cognitive model’s performance at mapping
visual representations using a different test set of perceptual
fluency problems than were used in training. Typically, a set
of training problems (known as training instances in machine
learning) is drawn from a perceptual fluency training distribution (Pt ). The set of test problems (known as test instances
in machine learning) comes from a separate distribution (Pe ).
The goal is to minimize the test error rate on Pe . The goal of
machine teaching then becomes:

O = argmin P(x,y)∼Pe (A (S)(x) 6= y)

(1)

S∈Ct

Here, Ct is the set of all possible training sequences generated from Pt and A (S) is the learned hypothesis after training
on S. To properly construct the optimal training sequence
O in this setting, we must understand (1) the nature of the
to-be-learned domain knowledge and (2) the learning algorithm A used by the cognitive model. In this paper, the to-belearned domain knowledge is a binary judgment of whether
or not two molecules in different visual representations are
the same. Further, we identified a cognitive model that mimics how humans learn these mappings. Our goal is to investigate whether, when the mappings and the cognitive model
are well understood, machine teaching can identify a training sequence that is more effective than (a) an expert-chosen
sequence based on perceptual learning principles and (b) a
random sequence.

Cognitive Model
We now describe how we constructed the cognitive model
that was used to optimize the training sequence. To this
end, we describe the perceptual-fluency problems, how we
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formally represented these problems, the learning algorithm
used by the cognitive model, and finally how we used the
cognitive model to identify the optimal training sequence.

Perceptual-Fluency Problems
Perceptual-fluency problems are single-step problems that
ask students to make simple perceptual judgments. In our
case, students were asked to judge whether two visual representations show the same molecule, as shown in Figure 2.
Students were given two images. One image was of a
molecule represented by a Lewis structure and the other image was a molecule represented by a space-filling model.
Their task was to judge whether or not the two images show
the same molecule.

Figure 3: Example features for H2 O and CO2 molecule representations with feature vectors in red (a: Lewis structure; b:
space-filling model).

Figure 2: In this sample perceptual-fluency problem, students
judged whether or not the Lewis structure and the spacefilling model showed the same molecule. The answer is yes.

Visual Representation of Molecules
In our experiment, we used visual representations of chemical
molecules common in undergraduate instruction. To identify
these molecules, we reviewed textbooks and web-based instructional materials. We counted the frequency of different
molecules using their chemical names (e.g., H2 O) and common names (e.g., water). We chose the 142 most common
molecules. In order to formally describe the visual representations, we quantified visual features such as the number of
lines or dots in the Lewis structure or the color of spheres in
the space-filling models. To this end, we created feature vectors for each of the molecules (Figure 3) that describe which
visual features the representation contains, as described in
(Rau, Mason, & Nowak, 2016). Specifically, feature vectors
of Lewis structures contained 27 features and feature vectors
for space-filling models contained 24 features. These feature
vectors were used by the learning algorithm.

feature vectors depict the same molecule and distal when they
depict different molecules. In this sense, the model captures
the intuition from perceptual fluency theory that internal representations are used to discern the underlying similarity between different visual representations of the same structure.
To this end, we included two separate subnetworks in the
ANN learning algorithm (one for each input feature vectors),
which is atypical for a general ANN structure. The subnetworks generated the internal representations for the two input
feature vectors as discussed above. The model architecture is
shown in Figure 4.

Figure 4: Neural network learning algorithm architecture.

Learning Algorithm
Learning was modeled using a feedforward artificial neural
network (ANN) (Demuth, Beale, De Jess, & Hagan, 2014)
that takes two feature vectors as input (corresponding to the
two visual representations in the task) and is trained to output
1 when they represent the same molecule and 0 otherwise. To
produce accurate predictions, the model must learn to generate internal representations that are proximal when the two

Pilot Experiment to Train the Learning Algorithm
First, we needed to train the learning algorithm to mimic human perceptual learning. To this end, we conducted a pilot
experiment to find a good set of hyperparameters. For cognitive models, good hyperparameters make predictions that
match human behavior on the posttest. We matched the algorithm’s predictions to summary statistics of human perfor-
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mance on the posttest. For our pilot experiment, we recruited
47 undergraduate chemistry students. The series of problems
they were provided was similar to the ones we describe later
in the Human Experiment section. Specifically, they were
provided with random training sequences generated from the
training distribution Pt . We then used standard coordinate
descent with random restart to find a good hyperparameter
set. The hyperparameters that we tuned include learning rate,
number of hidden layers and number of units in each layer.

Finding an Optimal Training Sequence
Next, we used the ANN learning algorithm to generate an optimal training sequence for the perceptual-fluency problems
by solving Equation 1. We did so by searching over the space
of all possible training sequences. We set the size of the candidate training sequences to 60, thereby aligning with prior
perceptual learning research (Rau et al., 2015). We used a
modified hill climbing algorithm to find an optimal training
sequence. Hill climb search takes a greedy approach. Procedurally, we started with one particular training sequence.
Then, we evaluated neighbors of that particular training sequence to determine whether a better one existed. If so, we
moved to that one. This process stopped when no such neighbors are found. This search algorithm is defined with its states
and neighborhood definition. The states of the search algorithm were any training sequence S ∈ Ct of size 60. Two
training sequences were identified as neighbors if they differ by one problem. For computational efficiency, we restrict
ourselves to only inspecting 500 neighbors for a given training sequence.

Human Experiment
To evaluate whether the optimal training sequence yields
higher learning outcomes, we conducted a randomized experiment with humans.

Participants
We recruited 368 participants using Amazon’s Mechanical Turk (MTurk) (Buhrmester, Kwang, & Gosling, 2011).
Among them, 216 were male and 131 were female. The rest
did not disclose their gender. Most participants were below
the age of 45 (86%) and the largest number (192) fell in the
age group 24 − 35.

Test Set
To reiterate, our goal was to assess transfer of learning from
the training sequence to a novel test set. Thus, we chose the
problems from separate distributions. We randomly divided
the 142 molecules we selected into two sets of 71 (training
molecules, Xt and test molecules, Xe ). One set was used to
create the test distribution and the other one was used to create the train distribution. The test distribution Pe is particularly important because our goal was to reduce humans’ error rates on this distribution. The test distribution was created by the following procedure. x1 ∼ p1 , where p1 is a
marginal distribution on Xe . p1 is “importance of molecule

x1 to chemistry education” and was constructed by manually searching a corpus of chemistry education articles for
molecule text frequency. With probability 1/2, set x2 = x1 so
that the true answer y = 1. Otherwise, draw x2 ∼ p2 (· | x1 ).
The conditional distribution p2 is based on domain experts’
opinion that favors confusable x1 , x2 pairs in an education
setting. Also note that p2 (x1 |x1 ) = 0, ∀x1 . Taken together,
Pe (x1 , x2 ) = 12 p1 (x1 )I{x1 =x2 } + 21 p1 (x1 )p2 (x2 | x1 ). Both the
pretest and posttest judgment problems were sampled from
this distribution across all conditions.

Experimental Design
We compared three training conditions. In the machinetraining sequence condition, we used the training sequence O
found by the search algorithm. For all (x1 , x2 ) ∈ O the corresponding true answer y was the indicator variable on whether
x1 and x2 were the same molecule: y = I{x1 =x2 } . We presented x1 and x2 in Lewis and space-filling representation to
human participants, respectively. Participants gave their binary judgment ŷ ∈ {0, 1}. We then provided the true answer
y as feedback to the participant. In the human training sequence condition, the training sequence was constructed by
domain expert using perceptual learning principles. Specifically, an expert on perceptual learning sequences visuals constructed the sequence based on the contrasting cases principle
(Kellman & Massey, 2013; Rau et al., 2015), so that consecutive examples emphasized conceptually meaningful visual
features, such as the color of spheres that show atom identity or the number of dots that show electrons. The rest of
this condition was the same as the machine training sequence
condition. In the random training sequence condition, each
training problem (x1 , x2 ) was selected from the training distribution Pt with y = I{x1 =x2 } . The training distribution Pt for
this condition was created in a similar way as the test distribution but on the training molecules. The rest of this condition
was the same as the previous ones.

Procedure
We hosted the experiment on the Qualtrics survey platform
(Qualtrics, 2005) and NEXT (Jamieson, Jain, Fernandez,
Glattard, & Nowak, 2015). Participants first received a brief
description of the study and then completed a sequence of 126
judgment problems (yes or no). Problems were divided into
three phases. Phase one was the pretest and it included 20 test
problems without feedback. Phase two was for training and it
included 60 training problems with correctness feedback. We
assumed that participants learned during this phase because
they received feedback. Phase three was the posttest with 40
test problems displayed without feedback.
In addition, one guard problem was inserted after every 19
problems throughout all three phases. A guard problem either showed two identical molecules depicted by the same
representation or two highly dissimilar molecules depicted
by Lewis structures. We used these simple guard problems
to filter out participants who responded haphazardly. During
modeling, we disregarded all guard problems. When the two

1052

molecules were shown to participants, the position (left/right)
was randomized so that no representation was privileged.

Results
Of the 368 participants, we excluded 43 participants who
failed any of the guard questions. The final sample size was
N = 325. The final number of participants in the conditions
random, human, and machine training sequence were 108,
117 and 100 respectively. Figure 5 reports accuracy on the
pretest, training sequence and posttest by condition.
Effects of condition on training accuracy First, we tested
whether training condition affected participants’ training accuracy using ANCOVA. We found a main effect of condition
on training accuracy, F(2, 321) = 18.8, p < .001, η2 = .082.
Tukey post-hoc comparisons revealed that (a) the machine
training sequence condition had significantly lower training
accuracy than the human training sequence condition (p <
.001, d = −0.32), (b) the machine training sequence condition had significantly lower training accuracy than the random training sequence condition (p < .001, d = −0.26), and
(c) no significant differences existed between the human and
random training sequence conditions (p = .592, d = 0.05).

Figure 5: Means and standard errors by condition during each
assessment phase.
Effects of condition on posttest accuracy Next, we tested
whether training condition affected participants’ posttest accuracy using ANCOVA. We found a main effect of condition
on posttest accuracy, F(2, 321) = 5.02, p < .01, η2 = .023.
Tukey post-hoc comparisons revealed that (a) the machinetraining sequence condition had significantly higher posttest
accuracy than the human training sequence condition (p <
.05, d = 0.16), (b) the machine-training sequence condition
had significantly higher posttest accuracy than the random sequence condition (p < .05, d = 0.14), and (c) no significant
differences existed between the human and random training
sequence conditions (p = .960, d = −0.02).

Discussion
Our goal was to investigate whether machine learning can
help identify a sequence of visual representations that enhances students’ learning from perceptual-fluency problems.

To this end, we used machine teaching to reverse-engineer an
optimal training sequence for a machine learning algorithm.
Next, we conducted an experiment with humans that compared the machine teaching sequence to a random sequence
and to a sequence generated by a human expert on perceptual
learning. The machine teaching sequence resulted in lower
training accuracy, but higher posttest accuracy.
These results significantly advance the perceptual learning
literature. First, our results can inform the instructional design of perceptual-learning problems. Even though prior research yields principles for effective sequences of visual representations, numerous potential sequences can satisfy these
principles. This study revealed how machine teaching can
help solve this problem. Given a learning algorithm that constitutes a cognitive model of students learning a task, instructors can identify problem sequences that likely yield higher
learning outcomes. Second, our results expand theory on
perceptual learning. The fact that the machine learning sequence yielded lower performance during training, but higher
posttest scores suggests that this sequence induced desirable
difficulties (Soderstrom & Bjork, 2015).
Desirable difficulties refers to interventions yielding lower
performance during training, but higher long-term learning.
To explain this phenomenon, Soderstorm and Bjork (2015)
proposed that more difficult learning interventions induce
more active processing during training. This impedes immediate performance due to the increased difficulty but results in more durable memories and long-term learning. Our
results suggest that the machine teaching approach was successful because it identified a training sequence that induced
desirable difficulties. To our knowledge, our study is the first
in which a machine-generated instructional intervention used
desirable difficulties to support perceptual fluency.
This study also contributes to the machine learning literature. We provide empirical evidence that an ANN learning
algorithm constitutes an adequate cognitive model of learning
with visual representations. To our knowledge, the machine
teaching paradigm has thus far only been applied to learning
with artificial visual stimuli that vary on one or two dimensions (e.g. Gabor patches (B. R. Gibson, Rogers, Kalish, &
Zhu, 2015)). Our study is the first to demonstrate that machine teaching can model and improve learning with highdimensional visual representations like Lewis structures and
space-filling models of chemical molecules.
Our findings were limited in several ways. First, the population of MTurk workers limits generalization to the target population of undergraduate chemistry students. MTurk
workers have highly variable prior knowledge about chemistry. Second, the search algorithm we used to find an optimal
training sequence did not test all possible training sequences
of size 60. Exhaustively finding a solution is not practically
feasible. Thus, we settled for a suboptimal training sequence
that still yielded a small risk on the test distribution. Third,
our study was constrained in the use of chemistry representations as stimuli. While we used more high-dimensional rep-
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resentations than prior perceptual learning studies (B. R. Gibson et al., 2015), the complexity of our representations does
not represent all realistic stimuli. Sparser and richer visuals
exist and it is possible that machine teaching will yield greater
benefits for these visuals.

Conclusion
Visual representations are used in many domains, but it
can be cognitively demanding to learn from them. Perceptual fluency can help by freeing up cognitive resources for
higher-order reasoning. Here, we tested a machine teaching technique for developing perceptual fluency in chemistry.
The machine-generated optimal training sequence improved
learning compared to a training sequence generated by a human expert who used perceptual-learning principles and compared to a random sequence. These results are promising, as
they suggest that machine teaching can help create more effective sequences of perceptual-fluency problems. Given that
visual representations are ubiquitous in STEM domains, we
anticipate that our findings will be broadly useful.
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Abstract
In this paper we study the influence of personality traits in negotiation by using a methodology for automated cognitive behavior analysis (ACBA). This methodology uses genetic programming (GP) for hypothesis generation and testing of human behavior with the goal of explaining the underlying mental structures guiding people’s actions during a task. ACBA iteratively generates programs—the hypotheses—capable of explaining the behavior exhibited by an individual during a multilevel, multi-issue, sequential bargaining task against an artificial agent. Our study focuses on the influence of the personality traits of social-value orientation (SVO) and Machiavellianism (Mach). The results show that by using ACBA, we are able
to identify differences in the outcomes of programs emerging
from GP that are consistent with the influences that different
SVO and Mach profiles have in human negotiation behavior.
Keywords: Cognitive Behavior Understanding; Genetic Programming; Artificial Intelligence; Negotiation; Social Value
Orientation; Machiavellianism

Introduction
We propose a methodology aimed at explaining the underlying psychological structures within the human mind responsible for the production of overt behavior. By psychological
structures we refer to mental processes influencing decisionmaking during the performance of complex tasks. We refer
to this methodology as Automated Cognitive Behavior Analysis (ACBA) to contrast with standard cognitive task analysis
techniques relying on observation and thinking-aloud protocols (van Someren et al., 1994).
The main idea of ACBA is to use genetic programming
(GP) as hypothesis generation and testing of human behavior, as illustrated in Fig. 1. In particular, we follow an information processing perspective to characterize human cognitive processes—symbols are created to represent knowledge
about the self and the task; instructions are formed from these
symbols and combined to generate plans in the form of programs; decision-making mechanisms then select the most appropriate plan to be executed in a given situation (Miller et al.,
1960; Newell & Simon, 1961; Simon, 1978). This analogy is
depicted in the top part of Fig. 1. The idea is to form possible hypotheses about the underlying cognitive structures of
behavior—the program is a hypothesis of the response functions operating in an individual if it leads to outcomes consistent with those exhibited by his/her behavior.
Importantly, we follow this perspective to analyze behavior
as being produced at a psychological rather than neurophysiological or physical level.1 In addition, a key goal of ACBA is
1 Our work is concerned with abstractions over the mental processes leading to observable behavior while putting aside the task of
explaining the brain regions realizing such cognitive functions.

the identification of the underlying invariant behavioral structures across different situations rather than evolving programs
solving for a particular instance. This involves aggregating
the outcomes of GP in order to properly identify the common
structures governing the behavioral phenomenon of interest.
In general terms, ACBA works by iteratively generating
candidate programs capable of explaining the observed behavior of an individual after having performed some cognitive task. GP stochastically creates programs by combining
certain operators with symbols encoding relevant task information. The fitness of each candidate program is evaluated
according to how consistent its output is in relation to the outcomes of the exhibited behavior, as depicted in the bottomright part of Fig. 1. By using selection and mutation operators, GP progressively generates candidates attaining higher
and higher fitness. When GP finishes, the most fit programs
are chosen as hypotheses of, i.e., possible solutions for, the
underlying structure of the observed behavior.

Contributions
In this paper we use ACBA to study human negotiation behavior. Negotiation is appealing for the purposes of our study
for several reasons: it is a situation prone to conflict, involving complex decision-making in order to distribute limited
amounts of resources (Pruitt, 1983); it is a task where people have to be strategic in order to gain the best possible
outcome (Thompson, 1990); the behavior of an individual is
highly influenced by that of his/her opponents (Galinsky &
Mussweiler, 2001; Thompson, 1990); the problem is well defined, specifically the goals and actions of each negotiator and
whether success in a negotiation was reached.
We are particularly interested in using ACBA to capture the
variability of negotiation behavior according to the subjects’
personality. A key question is whether the solutions emerging
from GP confirm the negotiation predispositions attributed to
different personality traits as described in the negotiation literature (e.g., de Dreu & van Lange, 1995; Gunnthorsdottir
et al., 2002). Given their influence on negotiation goals, dynamics and outcomes, we focus on the dimensions of social
value orientation (SVO), assessing the weight attached to the
welfare of others (Murphy et al., 2011), and Machiavellianism (Mach), which relates to tendencies of being deceptive
and manipulative (Christie & Geis, 2013). To achieve that, in
this paper we present a set of techniques to aggregate the outcomes of GP regarding the behavior of different individuals
in the same negotiation task—the idea is to identify the underlying shared structures governing their behavior according
to their personality traits.
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Figure 1: Our vision for genetic programming as hypothesis
generation and testing of human behavior.

Background
Related Work
A common method for understanding human behavior is by
performing cognitive task analysis (CTA) (Clark et al., 2008)
or using thinking-aloud (TA) protocols (van Someren et al.,
1994). These methods use diverse interview and observation
strategies to capture the knowledge, thought processes and
goal structures used by experts when performing some task.
The output is a set of precise descriptions of the underlying
cognitive processes of the experts, that can be used as records
of task performance to e.g., train novices by developing expert systems or build models of team performance. In fact,
Newell & Simon (1961) recorded traces of humans reasoning
while solving particular tasks to write programs using primitives that best simulated the observed behavior.
The main problem with these protocols is that they require
subjects to interpret and rationalize their behavior while performing a task, making it more deliberate and slower (Simon,
1978). Moreover, subjects’ interpretation of their behavior
might seem more coherent and planful than it actually was
(van Someren et al., 1994). Unlike these protocols, ACBA
generates programs given relevant information features about
a task,2 as depicted in Fig. 1. As such, our method tries to explain behavior based on observable information, all in an automated manner. We argue that, as long as it can be accessed
by an external observer, such features might be sufficient to
explain an individual’s behavior. Although the features need
to be selected and encoded into the GP procedure, we claim
that data collection using ACBA is more objective—does not
depend on the subjects’ opinions and introspection capabilities and does not interrupt task performance.
Some previous works also used GP as a way to learn models of human behavior. Namely, the approach in (Fernlund et
al., 2006) combines context-based reasoning and GP to learn
models of strategic behavior through observation of humans
performing a driving task in a simulator. The approach is
more concerned with learning behavior models of individuals
in one task and in a particular instance and therefore cannot
2 Such features may include task-related information, e.g., the
state of a game or problem-solving task, as well as subject-related
information, e.g., previous actions, task knowledge, goals, etc.

generalize within or across individuals. In contrast, our approach tries to capture common, invariant properties leading
to behavior in some task.
The procedure used in (Addis et al., 2016) is very similar
to our own in that it uses GP to automatically generate and
test cognitive theories. In particular, GP is used to evolve the
sequence of cognitive functions leading to action selection
whose accuracy, variance and duration best match the performance of individuals in a delayed match-to-sample task. Despite the similarity in the approach, the work tries to discover
the architectural details underlying the behaviors, which requires a designer to define the architecture components to
be optimized via GP. As a consequence, the architectural assumptions of the model will constrain the types of solutions
that GP can generate. Conversely, ACBA abstracts from the
structure of the underlying mental processes and does not restrict information processing during GP—we allow several
possible solutions to be generated and then analyze their characteristics within some group of subjects a posteriori. This
allows not only interpreting the underlying strategies but also
discovering behavior trends that possibly contradict existing
theoretical assumptions.
We also note that the cognitive tasks used in these works
are more simple compared to how we use ACBA to discover
and interpret strategies in a complex sequential negotiation
task and then relate those strategies to trait characteristics.

Personality and Negotiation
Regarding the effects of SVO in negotiation, de Dreu & van
Lange (1995) analyzed how different profiles can influence
individuals’ behaviors. In particular, prosocials adopted cooperative strategies initially but became noncooperative as
soon as partners repeatedly failed to reciprocate—they made
lower demands and higher concessions when compared to
pro-self 3 oriented subjects, especially after the second round.
In contrast, pro-self subjects adopted noncooperative strategies even when partner consistently cooperated. As for the
Mach variable, Huber & Neale (1986) showed that highMach individuals initially aim for higher goals and achieved
greater final payoffs when compared to low-Machs. In another study, Gunnthorsdottir et al. (2002) showed that lowMachs reciprocate trust in one-shot negotiation while highMachs strongly defected when it was advantageous for them.

Methodology
As a validation setting, we used data (Xu et al., 2017) collected of people negotiating in a turn-based, multi-level,
multi-issue bargaining setting (Thompson, 1990) against an
agent using a fixed strategy. The task involved turn-based, sequential offers corresponding to full partitions over 3 records,
2 lamps and 1 painting. Notably, the subjects were unaware
of playing against an artificial agent, thus making the collected data suitable for the purposes of our study. Besides
the behavioral data, we collected information on the subjects’
3 Individualistic and competitive subjects are often merged into
one “pro-self” or “egoistic” group (de Dreu & van Lange, 1995).
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Figure 2: The ACBA methodology for predicting and understanding human behavior.
personality using standard instruments to assess their SVO
(Murphy et al., 2011) and Mach (Christie & Geis, 2013).
The challenge of using ACBA in this scenario is to explain
the behavior of the human subject for each collected negotiation instance. We assume that: 1) subjects make offers based
on an underlying, i.e., non-observable, target payoff responsible for the generation of the observed outcome, i.e., the offer
made, at each round; 2) such target payoff can be recovered
through a mathematical combination of symbols encoding the
observable state features. The goal of GP is then to generate
programs that, given a negotiation instance, predict the whole
sequence of offers made by the human subject. By using these
assumptions we ensure that the inputs and outputs for the individual and the GP procedure are comparable and coherent,
as illustrated in Fig. 1. We reinforce here the idea that only
when the output of programs is consistent with the observed
behavior, we can conjecture about the underlying psychological structures operating in the subjects’ minds.

Behavior Data-set
Fig. 2 depicts the GP-based methodology used in this paper to
analyze the behavior of human negotiators. We first create a
behavior data-set from the data collected in (Xu et al., 2017).
Definition 1 (Data-point). A data-point corresponds to all
information pertaining some negotiation instance, including
all information about the offers and counter-offers made by
the human and agent negotiators therein.
Formally, let d = hOh , Oa i denote a data-point, where
= oh1 , . . . , ohK is the sequence of offers made by the human
negotiator and Oa = oa1 , . . . , oaK the sequence of counter-offers
made by the agent. Each offer ok ∈ O, k = 1, . . . , K represents a particular partition over the set of items proposed by
the respective negotiator at round k, with K representing the
length of the negotiation in number of rounds. Each offer
is in the form [#records, #lamps, #paintings] and identifies
the items that the proposing negotiator wishes to get for itself. O is the set of all possible partitions between the items
and hence we have |O| = 24. The agent used in (Xu et al.,
2017) used a fixed-strategy based on the one in (de Dreu &
van Lange, 1995). Its sequence of offers was: Oa = [3, 2, 1],
[2, 2, 1], [2, 2, 0], [2, 1, 1], [2, 1, 0], [1, 2, 1], repeating the last
Oh

Definition 2 (Program). A program corresponds to a specific
combination of symbols and mathematical operators. The input is some negotiation data-point and the output is the value
resulting from executing the mathematical expression according to the information stored in that data-point.
Programs can be represented as syntax trees, where
nodes correspond to either mathematical functions or numerical terminals. For the functions we considered the set
F = {(x+y),(x-y), (x/y), (x*y), max(x,y), min(x,y),
(xˆy), (x?y:z:w)}, where (x?y:z:w) represents a conditional operator that selects y if x = 0, z if x > 0, or w
otherwise. For the terminals we used T = C ∪ V, where
C = {0, 1, 2, 3, 5, 6, 7, 11, 23, 34, 45} are the constants—we
included the payoffs and available quantity of each item
as well as quarter values of the maximum payoff of 45.
As for the variables we used V = {Round, OffPayoff,
InitOffPayoff,
PropPayoff,
InitPropPayoff,
OffRecords, OffLamps, OffPaintings, PropRecords,
PropLamps, PropPaintings} encoding all relevant information available for the human negotiator at each round.
Namely, given a data-point d, at each round k = 2, . . . , K d
we have that: Round returns k; PropPayoff returns
P(ohk−1 ); InitPropPayoff returns P(oh1 ); OffPayoff
returns 45 − P(oak−1 ); InitOffPayoff returns 45 − P(oa1 );
PropRecords, PropLamps and PropPaintings return the
quantity of the corresponding item in ohk−1 ; OffRecords,
OffLamps and OffPaintings return the quantity of the
respective item offered by the agent, i.e., in oak−1 .
Fitness Function. Recall that our objective is to use GP to
derive programs predicting the sequence Oh = oh2 , . . . , ohK .5
Because each offer has associated a unique payoff, the offer
sequence has associated a unique payoff sequence P(oh2 ), . . . ,
P(ohK ). As such, we use the output value of a program as an
estimate of the payoff of offers at each round. Formally, let
P̂dk (p) denote the value resulting from executing some program p according to the information stored in data-point d at
round k. To calculate a program’s fitness, we first derive an
estimated offer at each round, denoted by ôk , whose payoff
is the closest (greater than or equal) to the program’s output.
We then define the fitness of a program regarding a data-point
4 These payoffs are based on the descriptions of the items’ relative values provided to the subjects prior to the task (Xu et al., 2017).
5 Single-shot negotiations where K = 1 were not considered.
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d, denoted by Fd (p), as the negative root-mean-square error
(RMSE) between the payoffs as predicted by the program and
the ones observed from the negotiator’s actual offers, i.e.:
q
2
K
d
(1)
F (p) = − ∑k=2 P̂dk (p) − P(ohk ) /K
Evolutionary Procedure. Given a behavior data-set, the
goal of the GP component in Fig. 2 is to iteratively generate candidate programs explaining the behavior of the human
negotiator for all data-points as measured by Eq. 1.
Definition 3 (Candidate program). Corresponds to a program generated during the GP evolutionary procedure.
For each data-point, GP starts by creating 100 independent
populations of 500 programs by combining terminals and operators. Then, for each generation (maximum of 5000), GP
uses tournament selection and standard crossover and mutation operators to generate a new generation of candidate programs. The output of GP is a set of candidate programs for
each data-point analyzed.

Solution Collection
The Solution Collection component in Fig. 2 is the first step
towards understanding the behavior of the human negotiators.
Definition 4 (Solution program). A solution program, or simply solution, represents an hypothesis for the underlying behavior structures of the negotiator in a given data-point.
Solutions are selected from the set of candidate programs for a data-point according to the accuracy with which
they predict the sequence of actions of the first negotiator.
Specifically, we follow Occam’s razor principle by selecting
from the existing hypothesis—candidates attaining maximal
fitness—the ones with the fewest assumptions, i.e., that use
less functions and terminals. Based on the insights from a
previous study using synthetic data,6 we excluded data-points
whose solutions’ length is higher than 25, and those that originate a significantly-higher number of solutions when compared to all other data-points. In addition, we excluded datapoints where K d < 3, i.e., negotiations that were too short and
thus not rich enough (Xu et al., 2017).
Augmenting the Solution Set. Because we are analyzing human data, the resulting programs might be complex,
e.g., long, deep and deal with several variables, meaning that
it will be hard for GP to generate programs attaining a fitness
of 0 according to Eq. 1. Therefore, in this paper we generate
within Solution Collection a set of plausibly-equivalent solutions given a solution set. Formally, let us denote by c ∈ R
the value of some constant and by vdk ∈ R the value of variable v ∈ V at round k according to the data in d. We then
augment Sd by creating copies of all programs p ∈ Sd and replacing the constants c therein for variables v ∈ V satisfying
vdk = c, k = 1, . . . , K d , i.e., by variables whose value is constant during the negotiation.
The output of Solution Collection is then a solution-set for
each non-excluded data-point.
6 We found that random strategies lead to very long solutions
while simple strategies to too many when compared to all others.

Table 1: Mean values of features regarding our procedure.
Bold values indicate significant differences (p < 10−2 ).
Group
Prosocial
Pro-self
Low-Mach
High-Mach
Overall

Size
196
104
189
111
300

Count
34.9 ± 41.9
43.7 ± 51.2
35.1 ± 42.0
42.7 ± 50.6
38.0 ± 45.5

Vars.
4.4 ± 1.6
5.3 ± 2.2
4.7 ± 1.7
4.8 ± 2.1
4.7 ± 1.9

Length
11.4 ± 4.7
14.2 ± 6.0
12.4 ± 5.0
12.6 ± 6.0
12.5 ± 5.4

Solution Analyses
As mentioned earlier, a key goal in this paper is to understand
the behavior of negotiators according to their trait characteristics, i.e., across different negotiation instances, in order to
uncover the invariant structures responsible for the behavior
within a specific group. To that end, the set of components at
the end of the pipeline in Fig. 2 analyze the solution programs
across different partitions of the data-set. Namely: Solution
Characteristics Analysis gathers statistical information about
the set of solutions for one or more data-points, allowing us
to analyze general characteristics of the underlying structures
and how the behavior complexity varies according to different trait characteristics; Frequency Analysis measures the frequency of solutions and their sub-programs7 to identify common structures emerging from GP across data-points; Solution
Robustness Analysis computes the mean fitness of all solutions and their sub-programs when used to evaluate different
data-points according to Eq. 1, thus assessing the robustness
of each (sub-)program in predicting the respective behaviors.

Analysis of Results
We applied the ACBA methodology over the human negotiation data-set of (Xu et al., 2017). Out of the 405 original
data-points, our filtering mechanisms excluded 74 due to the
negotiation being too short, 5 for originating very long solutions, and 26 for having a relatively high number of solutions.

Meta-Analysis
We start by examining some high-level characteristics of the
negotiations and solutions. Table 1 presents several statistics
regarding the solutions and the negotiators’ behavior when
grouping data-points according to SVO and Mach. “Size” is
the number of data-points in each partition. “Count” is the
mean number of solutions per data-point. “Vars.” is the mean
number of unique variables required by solution programs
to predict the negotiator’s behavior—we use it to assess the
amount of memory that would be required by a negotiator if
he/she was following the strategy underlying the solution program. “Length” indicates the number of nodes in a program’s
tree—we use it to assess programs’ complexity and richness.
A first observation is that the data-points of high-Machs
and pro-selfs originate more solutions. Although the differences are not significant, this is a first indication of more
complex underlying strategies used by individuals in these
7 Given the representation of programs as syntactic trees, a subtree is also a program, i.e., a sub-program.
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groups. This analysis is also supported by the length of and
number of variables in the solution programs. In particular,
pro-selfs’ solutions are significantly more complex than those
of prosocials, requiring more computations and information
to predict the negotiators’ behavior. This is consistent with
the findings in (de Dreu & van Lange, 1995), as pro-self individuals adopt more complex negotiation strategies, e.g., reasoning about issue priorities and the opponent’s offers. As for
the Mach dimension, results show a similar trend, with highMachs’ solutions involving more variables and slightly more
computations (higher length).

Table 2: Results of Frequency Analysis and Solution Robustness Analysis overall and for each trait characteristic.
Most frequent / robust (sub-)program

Prosocial

(34-OffPayoff)
(18+(PropPayoff/6))
−4.4 ± 2.8
(InitOffPayoff/OffPayoff)
(24-PropPaintings)
−5.4 ± 3.4
min(OffPaintings,OffLamps)
max(23,(PropPayoff-OffPayoff)) −4.6 ± 3.0
(InitOffPayoff/OffPayoff)
max(23,(PropRecords*9))
−4.8 ± 3.2
(InitOffPayoff/OffPayoff)
max(23,(PropRecords*9))
−4.7 ± 3.0

Pro-self
Low-Mach
High-Mach

Solution Frequency and Robustness Analysis
We now try to make sense of the strategies used by the human
negotiators by looking at their solutions’ expressions. As indicated in Table 1, the total number of solutions per data-point
is too high for us to analyze every single one. As such, we use
the outputs of Frequency Analysis to assess (sub-)programs appearing frequently in the expressions of solution programs
and the results of Solution Robustness Analysis to determine
what are the (sub-)programs that best predict the negotiators’
behavior, according to the personality traits. The results are
listed in Table 2, with the first line of each group indicating
the most frequent sub-program where |s| > 1 and the second
line showing the most robust sub-program and the mean fitness attained when evaluating all data-points of the group.
Overall. Regarding Frequency Analysis, we note that the
most frequent terminals appearing in the solutions of datapoints (not listed) were OffLamps, OffPaintings and
OffRecords, in this order. First, this means that the number of items offered by the agent was a major determinant of
the human responses. In fact, two of the most important negotiation strategies, yielding and logrolling, involve precisely
strategizing concessions based on the demands of others and
issue priorities (Pruitt, 1983). Moreover, given the relative
value of the items in our scenario, the bargaining seems to
be more focused on the number of lamps, which incidentally
is also the item whose number changes the most throughout
the agent’s sequence of offers. As for the Solution Robustness Analysis, the results in Table 2 show that we could not
find, given all solutions in SD , sub-programs predicting the
behavior of all negotiators within any group, thus resulting in
negative mean fitness values. Notwithstanding, our interest
here is in analyzing the most robust solution programs.
Trait Differences. As we can see in Table 2, the solutions
for pro-selfs and high-Machs involve calculating the ratio between the payoff offered by the agent in its first offer and
the previous one. Given the anchoring effect of first offers in negotiation (Galinsky & Mussweiler, 2001), this ratio can help negotiators assess how the opponent is deviating from its initial offer to determine an appropriate form of
retaliation. In fact, we see two slightly different uses for
the ratio when looking at the solutions in which this subprogram is used (not listed). For pro-selfs, it is used as
a scaling factor for the proposal, e.g., in max(OffPayoff,
(InitPropPayoff*(InitOffPayoff/OffPayoff))), thus

Strategy

Overall

indicating a strong retaliation when the offered payoff decreases during the negotiation—this result is in line with
the characteristic of pro-selfs in maximizing the relative
advantage over others’ outcomes (Murphy et al., 2011).
For high-Machs, it is used as a reduction factor of their
proposals, e.g., (23+(OffPaintings*(max(OffLamps,1)(InitOffPayoff/OffPayoff)))), meaning that the higher
the offer by the opponent, the less the reduction and thus the
higher the proposal will be—which is consistent with the manipulative and exploitative nature of high-Machs (Gunnthorsdottir et al., 2002). We observe a similar trend for Solution
Robustness Analysis. Namely, the (sub-)program that best
predicts the behavior of pro-selfs corresponds to an almost
constant strategy proposing offers whose payoff is in [23, 24],
i.e., above-fair proposals that do not take into account the opponent’s behavior—this denotes the non-conceding nature of
pro-selfs’ negotiation behavior (de Dreu & van Lange, 1995).
As for high-Machs, we observe a payoff-maximizing strategy
depending on the number of initially-proposed records—the
highest-valued item—, which is consistent with the tendencies of people with this trait (Gunnthorsdottir et al., 2002).
In contrast with these findings, the solutions of prosocials and low-Machs are more integrative and cooperative,
i.e., aiming for a fair payoff distribution. In particular, prosocials’ solutions frequently compute the difference between an
unfair payoff (34) and the opponent’s offered payoff. When
looking at the solutions in which this sub-program is used
(not listed), e.g., max(23,(34-OffPayoff)), we see that the
resulting value is used by prosocials to establish a minimum
acceptable payoff, i.e., their best alternative to a negotiated
agreement (BATNA) (Galinsky & Mussweiler, 2001). In addition, its most robust solution corresponds to a program targeting fairness—the mean payoff of prosocials’ first offers is
≈ 24, meaning that this program outputs a value in [18, 22],
thus indicating that, on average, the maximum target payoff is
right below fairness. These programs therefore correspond to
highly-cooperative strategies, as predicted by this personality
trait (de Dreu & van Lange, 1995; Murphy et al., 2011).
As for the low-Mach group, the frequency results show that
the number of offered paintings and lamps plays an important role, especially in determining how much is added to a
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fair payoff as e.g., in (min(OffPaintings,OffLamps)+23).
Furthermore, by looking at the expression of the most robust (sub-)program, we see that only when the difference between what the negotiator proposed and his/her opponent offered (PropPayoff-OffPayoff) is very high, the right side
of max is selected, otherwise, fairness will be the target payoff. Given the decreasing nature of the agent’s proposals, this
sub-program has a higher effect in the beginning of the negotiation. These two facts are highly-related with low-Machs’
tendency to adhere to moral standards such as reciprocity
(Christie & Geis, 2013; Gunnthorsdottir et al., 2002).

Conclusions and Future Work
We showed how the ACBA methodology can be used to study
human behavior in a task involving negotiating over a set of
items. To validate the methodology and support our analysis, we resorted to two personality traits having a major role
in bargaining behavior: SVO and Mach. Overall, the results
of applying ACBA to a previously-collected negotiation dataset showed that: 1) we were able to uncover distinct behavioral structures in the expressions of solution programs for the
data-points of different trait groups; 2) such structures have
into account task information and lead to outcomes that are
consistent with the behavioral trends exhibited by individuals having the corresponding traits, as described in the literature. These analyses more generally reveal that ACBA can be
used to expose hypotheses about the underlying motivations
of complex sequential behavior in dynamic contexts.
The results of this study provide positive indications as for
the potential of ACBA in understanding human cognitive behavior. In particular, an interesting application of this work in
the context of negotiation is hypothesizing personality trends
of opponents and predicting their behavior in the absence of
personal information. We are currently developing mechanisms to further process the solutions emerging from GP. We
are especially interested in studying the variety of solutions
within some group of individuals. We are creating techniques
to cluster programs based on their behavioral semantic similarity. Using a similar technique, we are also determining the
similarity of data-points, which we will use to group subjects
according to how similar the underlying structures of their behavior are—our goal is to discover novel ways of classifying
individuals’ behavior tendencies.
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Perception is often modeled as a pattern recognition process, with data-driven mechanisms
that learn the statistics of experience without regard for the causal processes underlying the
data we perceive. But perception also involves casual inference, and indeed physical inference.
We introduce a novel task paradigm that allows us to study the mechanisms of physical causal
inference at work in auditory perception and joint visual-auditory scene understanding. We call
this task the “box-shaking game”; people have to figure out what is in a cardboard box, in
particular how many objects of a certain type are in the box, just by listening to the sounds of
the box being shaken. We present three experiments showing that even naive observers readily
perform this task, that they do so using information beyond the statistics of sound textures
(potentially involving representations of events and dynamics), and that they benefit from
cross-modal visual data that reveals the box motion but that provides no direct information
about the box contents. The results suggest that listeners have an internal causal model of
object interactions and use it to infer the physical events giving rise to sound.
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Abstract
We examined how phonological competition effects in
spoken word recognition change with word length. Cohort
effects (competition between words that overlap at onset) are
strong and easily replicated. Rhyme effects (competition
between words that mismatch at onset) are weaker, emerge
later in the time course of spoken word recognition, and are
more difficult to replicate. We conducted a simple experiment
to examine cohort and rhyme competition using monosyllabic
vs. bisyllabic words. Degree of competition was predicted by
proportion of phonological overlap. Longer rhymes, with
greater overlap in both number and proportion of shared
phonemes, compete more strongly (e.g., kettle-medal [0.8
overlap] vs. cat-mat [0.67 overlap]). In contrast, long and
short cohort pairs constrained to have constant (2-phoneme)
overlap vary in proportion of overlap. Longer cohort pairs
(e.g., camera-candle) have lower proportion of overlap (in
this example, 0.33) than shorter cohorts (e.g., cat-can, with
0.67 overlap) and compete more weakly. This finding has
methodological implications (rhyme effects are less likely to
be observed with shorter words, while cohort effects are
diminished for longer words), but also theoretical
implications: degree of competition is not a simple function
of overlapping phonemes; degree of competition is
conditioned on proportion of overlap. Simulations with
TRACE help explicate how this result might emerge.
Keywords: spoken word recognition; language processing;
phonology; phonological competition

Introduction:
The time course of phonological competition
Many models of adult spoken word recognition (SWR)
highlight the importance of temporal order of phonetic
information (Marslen-Wilson, 1987; McClelland & Elman,
1986) for recognizing words from the lexicon. In general,
theories of SWR agree that as a word is heard, multiple
words are activated and compete for recognition. Degree of
competition depends on factors such as phonetic similarity
between words and the frequency of occurrence of each
word (Luce & Pisoni, 1998; Kuperman & Van Dyle, 2013),
though other factors may come into play, such as semantic
relatedness (Rodd, Gaskell, & Marslen-Wilson, 2002).
While some approaches are only sensitive to global
(overall) similarity between words (e.g., the Neighborhood
Activation Model [NAM], Luce & Pisoni, 1998; Merge
Norris, McQueen, & Cutler, 2000), the temporal, serial
nature of the speech signal must be a critical consideration.
Many models of spoken word perception suggest that as an

individual hears a word, similar words in memory are
activated incrementally as the word is heard and compete
for recognition (Marslen-Wilson, 1987; McClelland &
Elman, 1986). For example, words that start with the
phoneme /b/ will activate all words that start with that sound
(e.g., beach, big, bulge, baste). As additional information
from the speech stream is processed, some potential
candidates are strengthened while others are attenuated. For
example, if the next phoneme is /i/, then beach, beam, bee,
and believe all become strengthened while big, bulge and
baste are attenuated. According to the Cohort Model, this
process continues until a single candidate word remains, or
until the "current" phoneme cannot be added to a previous
series, revealing a word boundary (Cutler, 1995; MarslenWilson & Welch, 1978). On this view, word onsets have
strong primacy; the detection of an initial /b/, for example,
should be taken as evidence against other phonemes
(though the strength of the negative evidence should be
related to phonetic similarity on this account, such that /b/ is
greater evidence that /l/ did not occur than that /p/ -- highly
similar to /b/ -- did not occur).
Evidence supporting the Cohort Model's prediction that
the "recognition cohort" should consist only of words
overlapping in the first ~2 phonemes has come from several
paradigms, including gating studies (Marslen-Wilson &
Welsh, 1978), and perhaps most notably from cross-modal
semantic priming (e.g., Zwitserlood & Marslen-Wilson,
1989). In gating, increasingly longer snippets of a word,
starting always at word onset, are presented, and
participants guess the identity of the word. Responses are
clearly guided by phonetic detail and word frequency.
Rhymes, for example, are never guessed. In cross-modal
semantic priming, participants hear a stream of auditory
words and occasionally make a lexical decision to a letter
string presented visually. Responses are significantly faster
when the letter string is semantically related to a
phonological relative of an auditory stimulus. For example,
after hearing beaker, a participant would be faster to decide
that INSECT is a word, presumably because hearing beaker
activated beetle, a semantic relative of INSECT. However,
such priming is not observed for rhyme relations (e.g.,
hearing beaker would not prime STEREO, a relative of
speaker). Onset competitors are now commonly called
"cohorts", since they are the items the Cohort Model
predicts form the recognition cohort.
While the Cohort Model posits that only words that are
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very similar at onset are activated, the Neighborhood
Activation Model (NAM; Luce, 1986; Luce & Pisoni, 1998)
proposes that words that are sufficiently similar globally
(overall) are activated. Specifically, on NAM's "DAS" rule,
words differing by no more than a single phoneme deletion,
addition, or substitution are neighbors and compete for
recognition. A word's neighborhood includes cohorts only if
they differ by no more than one phoneme (beach's
neighbors include bee and beam, but not beaker), but also
words that mismatch at onset that would be excluded from
the Cohort model competitor set (beach's neighbors also
include reach and leech). How can NAM justify including
rhymes (and other non-cohort items)? Its frequencyweighted neighborhood probability rule (the ease-ofrecognition for a word is proportional to the ratio of its log
frequency to the summed log frequencies of all its
neighbors) accounts for significant variance in predicting
item-level response times for lexical decision or auditory
naming (Luce & Pisoni, 1998).
Allopenna, Magnuson and Tanenhaus (1998) observed
that the TRACE model (McClelland & Elman, 1986) makes
an intermediate prediction: words that overlap at onset are
strongly activated because of their early overlap; because
activated words inhibit other words, words that mismatch at
onset but are highly similar to the target word later (e.g.,
rhymes) are activated more strongly than unrelated words,
but less strongly than words overlapping at onset. Allopenna
et al. adapted the then-new visual world paradigm (VWP;
Tanenhaus, Spivey-Knowlton, Eberhard, & Sedivy, 1995) to
this question. Subjects saw displays of four pictures, and
followed simple spoken instructions to interact with items
(e.g., "Click on the beaker"). They found strong support for
the TRACE predictions in adults: onset competitors
("cohorts") competed early and strongly, while rhymes
competed weakly and later. In a second experiment,
Allopenna et al. merged the paradigm with gating; subjects
were instructed to click on the picture they thought was
being named in gated presentation (progressively longer
snippets presented from word onset). There was strong
competition between cohorts, but no one selected rhymes.
Allopenna et al. suggested their result could reconcile the
conflict between experiments supporting the Cohort Model
vs. those supporting NAM. Gating emphasizes word onsets
by presenting them clearly and repeatedly; it is unsurprising
that subjects would not select rhymes. Their time course
experiment also suggested an alternative interpretation of
cross-modal semantic priming results: detecting priming in
that paradigm would require that a phonological competitor
be activated strongly enough to drive a detectable level of
semantic activation. While rhymes were fixated
significantly more than unrelated items, they were also
fixated significantly less than cohort items.
The time course results of Allopenna et al. highlight two
primary factors that govern competition in adult spoken
word recognition: overall similarity and temporal order. The
greater the phonetic similarity between two words, the
greater the competition effect. However, temporal

distribution of overlap modulates phonological competition,
such that early overlap yields greater competition than late
overlap (because words with later overlap are disadvantaged
by inhibition from words with earlier overlap).

The elusiveness of rhyme competition
Desroches, Newmann and Joanisse (2008) pointed out that
cohort competition effects are strong and replicable across
studies using varying methodologies, but rhyme competition
effects have been much harder to obtain. When rhyme
effects are found, they tend to be much weaker than onset
competition (even weaker than in the original Allopenna et
al. demonstration). In a series of studies utilizing crossmodal priming, Marslen-Wilson and Zwisterlood (1989) did
not find rhyme-mediated semantic priming. MarslenWilson, Moss and Van Halen (1996) found small rhyme
priming effects were observed when participants heard a
non-word (e.g., pomato) and then were presented with a
picture of a tomato. These findings appear to support the
Allopenna et al. (1998) contention that rhyme effects exist
but are just weaker and harder to detect than cohort effects.
However, as Desroches et al. (2008) suggest, it is possible
that absent or weak rhyme effects may be related to
methodological artifacts and not reflect the true effects
words with similar offsets have on spoken word recognition.
We utilized a modified version of a VWP task and
manipulated length of spoken words to evaluate competition
effects based on the location and degree of phonetic overlap.
While we expected that stronger rhyme effects might be
observed with longer words, we also included shorter and
longer cohort pairs for comparison, although we did not
predict differences in degree of competition since pairs at
both word lengths were selected to have similar amount of
phonological overlap (~2 first phonemes).

Methods
Participants
Twenty-two college-aged adults (16 women; mean age 19
years) were recruited from the UConn Psychological
Sciences participant pool. All were native English speakers
with no reported history of speech or language delay,
hearing impairment or special education services.

Materials
Auditory stimuli were 108 mono and bisyllabic words
following the carrier phase “find the” spoken by a native
English speaking male. Auditory stimuli were divided into
three conditions based on their phonological properties.
Each condition had 18 word pairs for a total of 54 pairs. The
Unrelated baseline condition contained word pairs that were
phonologically unrelated (e.g., bird-sock). The Cohort and
Rhyme conditions contained phonologically related word
pairs. Cohort pairs had the same onset (e.g., same initial
consonant-vowel (CV) combination for monosyllable pairs
or same initial syllable for bisyllabic words) while Rhyme
pairs had the same offset (e.g., same final CV or VC for
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both mono and bisyllabic words). (We intentionally use
rhyme rather than rime; in longer words, overlap in rhyme
pairs is greater than a single rime [e.g., candle-sandal]).
We selected target words from the MacArthur-Bates
Communicative Development Inventories (MB-CDI;
Fenson et al., 2007) and other studies of preschool language
(Bryant et al., 1990; De Cara & Goswami, 2003) since this
experiment was part of a larger study examining spoken
word recognition in toddlers through adults. Mean log word
frequency was balanced between condition and list using
data derived from the SUBTLEX database (Brysbaert &
New, 2009). Mean biphone probability was calculated as
outlined by Vitevitch and Luce (1998) and also balanced
between each condition and list using the Kucera and
Francis (1967) database. For each word, a prototypical
photograph appropriate for young children was chosen.

Experimental Task
Each participant completed an adapted version of the visual
world paradigm task reported by Allopenna et al. (1998).
Two (instead of four) photographs appeared on a computer
screen and a target word embedded in a simple auditory
instruction (“Find the coat”) was presented via headphones.
On each trial, participants were presented with a 500 ms
preview of two images, corresponding to target and the
potential competitor. After the preview, participants were
presented with the auditory instruction (e.g., "find the
comb") and used the computer mouse to click on the target
image. The trial ended once the participant clicked on an
image (see Figure 1). Each participant completed 54 trials,
consisting of 18 Cohort trials, 18 Rhyme trials and 18
Unrelated trials, with 9 monosyllabic trials and 9 bisyllabic
trials in each condition. Trial order was pseudorandomized
as described in the materials sections. Target and competitor
image locations were balanced so half the target images
appeared on the left side of the screen.

Eye movements
Participants' eye movements were measured using an
EyeLink 1000 remote eye tracker (SR-Research Ltd.). Eye
position was sampled at 500 Hz. Gaze recording began upon
image presentation and continued until the participant
clicked either image with the computer mouse. We
preprocessed gaze data with Data Viewer (SR-Research
Ltd.). Fixation locations were coded as fixations to the
target, the distractor/competitor, or "other" (any other
position, including the central fixation point). We calculated
mean fixation proportions for targets, competitors and the
“other” category for the duration of the trial.

Results
We used growth curve analysis (GCA; Magnuson, Dixon,
Tanenhaus, & Aslin, 2007; Mirman, 2014; Mirman, Dixon,
& Magnuson, 2008) to evaluate effects of Phonological
condition and Syllable condition on the mean proportion of
fixations to the target object utilizing a 1000 ms analysis
window from 0 ms to 1000 ms after word onset. We

Figure 1. Panel A: example pairs (unrelated: dog, milk; cohort:
coat, comb; rhyme: keys, bees). Panel B: trial structure.

selected an analysis window of 1000 ms based on previous
reports (e.g., Mirman et al., 2008) and visual inspection of
global patterns.
We used a fully-crossed model. Mean fixation time
course was modeled using 3rd-order orthogonal polynomials
and fixed effects of Phonological (Cohort, Rhyme,
Unrelated; within-participant) and Syllable conditions
(Monosyllabic, Bisyllabic; within-participant) on all time
terms. Participant was the random effect (in GCA, one must
aggregate over items or participants to derive time course
estimates). We included 3 polynomial terms given the shape
of fixation proportions over time observed in previous eye
tracking studies of phonological competition (Magnuson et
al., 2007). The baseline was the Unrelated x Monosyllabic
condition. Effects of competitor type (Cohort, Rhyme) were
evaluated as difference from baseline (e.g., the Cohort effect
describes changes required in GCA parameters to model the
Cohort x Monosyllabic condition relative to the Unrelated x
Monosyllabic baseline). The effect of syllable was evaluated
as changes from baseline (Unrelated x Monosyllabic)
needed to model the Unrelated x Bisyllabic condition.
Interactions evaluate how growth curve parameters must
additionally change to fit the Cohort x Bisyllabic and
Rhyme x Bisyllabic combinations. Participant was included
as a random variable, including random intercepts.
Contra prescriptions to "keep [random effects structure]
maximal" (Barr, Levy, Scheepers, & Tily, 2013), we did not
include by-participant random quadratic or cubic terms
because we do not have sufficient degrees of freedom with
the current enrollment (only ~5 participants per cell due to
the constraints on counterbalancing) to support the maximal
structure (more participants will be enrolled). Similarly, we
did not compare Cohort x Rhyme due to small sample size.
All analyses were completed in RStudio (Version 1.0.143)
using the lme4 package (1.1-10) for multilevel modeling.

Accuracy and Reaction Times
Trials in which the participants failed to click on the correct
target image were excluded from eyetracking and reaction
time analyses. Errors rates were 1% or less for all
phonological by syllable conditions with the exception of
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Table 1:Growth curve analysis results.

not reported due to their lack of sensitivity and postperceptual influence.

Eye Tracking
Descriptive overview Visual examination of the timecourse
plots (Figure 2) revealed differences between types of
phonological competitors, and potential interactions of
phonological competitor type with mono- vs. bisyllabic
words. Collapsed across syllables, our participants
demonstrated strong cohort effects with a trend toward
rhyme effects. However, potential differences emerged for
mono- vs. bisyllabic items. For monosyllabic words, cohort
effects were strong and rhyme effects were weak. For
bisyllabic words, cohort effects appeared faster than for
monosyllabic words and rhyme effects seemed robust. (Note
that we plot mean target proportions for each condition,
whereas GCA assesses model parameter changes required to
fit differences relative to baselines, as described above.)
Figure 2: Target fixation proportions over time by phonological
condition and syllable level.

the monosyllabic cohort trials which had an error rate of
approximately 8%. Due to space constraints, we do not
present the error analysis here, but there is a clear
interaction between trial type and syllable length on
accuracy. Errors on monosyllabic cohort trials were likely
due to our use of child-directed speech. Reaction times are

Growth Curve Analysis All orthogonal polynomial terms
included in the model (e.g., linear, quadratic, cubic),
significantly contributed to modeling the Unrelated,
Monosyllabic target baseline. We now turn to how the
timecourse for targets differed from this baseline in other
conditions. See Table 1 for a summary of GCA results.
There was a clear phonological competition effect of the
monosyllabic Cohort trials compared to the Unrelated
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monosyllabic trials as evidenced by significantly lower
intercept (lower mean fixation proportion) and significantly
more positive quadratic (less bowing as seen in Figure 2)
and cubic components. We also observe a similar pattern of
competition between the monosyllabic Rhyme and
monosyllabic Unrelated conditions. The monosyllabic
Rhyme trials had a significantly lower slope (slower to get
to target) and significantly more positive quadratic
component (less bowing, also reflecting a slower and more
extended trajectory to the target, as seen in Figure 2).
Examining the effect of Syllable, there was a significant
effect of syllable length on the Bisyllabic Unrelated trials
compared to Monosyllabic Unrelated trials as indicated by a
significantly higher intercept (higher mean fixation
proportion) and significantly more positive quadratic
component (again less bowing, reflecting a slower
timecourse; see Figure 2).
Finally, our examination of the relationship between
Syllable and Condition revealed a significant interaction
between Cohort Condition and Bisyllabic trials. The
significant intercept interaction of Cohort and syllable is
consistent with the smaller cohort effect observed for
bisyllables in Figure 2 (formally, the intercept for Bisyllabic
Cohort trials was significantly lower than predicted from the
effects of Cohort and Syllable alone). The significant
quadratic interaction indicates more upward bowing of the
Cohort Bisyllabic target curve than would be predicted from
the addition of quadratic terms for Cohort and Bisyllabic
effects, again reflecting a weaker Cohort effect for
bisyllabic than monosyllabic targets.

Discussion and Simulation
Our aim was to examine how phonological competition
might be affected by word length and amount of
phonological overlap. As expected, rhyme effects were
stronger for longer words. Given our definition of rhymes –
words that overlap from at least the nucleus of the first
syllable through the end of the word – longer rhyme pairs
must have greater phonological overlap. However, there was
also an effect of word length on cohort competition, but
apparently in the opposite direction: cohort effects were
smaller for longer words.
However, both results are explainable by the same
principle if we instead consider proportion of overlap.
Again, the length of the rhyming portion of word pairs
increases, simple amount of overlap increases, but so does
proportion of overlap (e.g., proportion of overlap is 0.67 for
cat-mat, but 0.8 for kettle-medal). For cohorts, defined here
as words overlapping in (at least) the first 2 phonemes, the
opposite relationship holds. As word length increases, the
proportion of overlap will decrease (on average; there are of
course longer cohort pairs that have greater proportion of
overlap, such as friend-french [0.8] vs. castle-cabin [0.2]).
Thus, where proportion of overlap is lower (on average),
competition is weaker (for shorter pairs for rhymes, but
longer pairs for cohorts).
The rhyme-length interaction (stronger effects for longer

Figure 3. Top: TRACE simulation results. Lines represent
competitor-unrelated differences over time. Bottom: comparable
differences in fixation proportions to competitors for human Ss.

words) is not surprising, and we expect it would be easily
accounted for by computational models of spoken word
recognition, such as TRACE (McClelland & Elman, 1986).
However, whether the cohort-length interaction (weaker
effects for longer words) would emerge from TRACE is less
apparent. To test this, we conducted some simple
simulations using jTRACE (Strauss, Harris, & Magnuson,
2007). We compared a short target word (/bit/) to a short
cohort (/bid/) and a short rhyme (/pit/), as well as to an
unrelated baseline word (/lak/). We also compared a long
target (/targ^t/) to a long cohort (/tasilu/, added to the
TRACE lexicon for this simulation) and a long rhyme
(/darg^t/, also added for this simulation). To quantify degree
of cohort and rhyme competition, we plot difference scores
for competitors versus unrelated baseline items in the top
panel of Figure 3 (e.g., the line for Mono Rhyme is the
activation of /pit/ minus the activation of /lak/ at each
processing cycle). As can be seen in the figure, TRACE
predicts the phonological overlap effects observed in our
experiment: the cohort effect was larger for shorter words
while the rhyme effect was larger for longer words. In the
bottom panel, we have plotted comparable differences in
competitor fixations for human subjects. The rank ordering
is the same, though we do not observe the saliently later
rhyme effect predicted for bisyllabic items.
These effects emerge in TRACE largely due to lateral
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inhibition at the word level. Word nodes in TRACE have
specific temporal positions, and width in memory
proportional to their length in phonemes. Words receive
lateral inhibition from word nodes with which they overlap
in "time" in the TRACE memory. Longer words overlap
with more word nodes than shorter words, and therefore
receive more inhibition. This causes TRACE to exhibit an
early short word bias (short words can activate more quickly
because they receive less inhibition) and a late long-word
bias (longer words receive more bottom-up input). The
difference in cohorts TRACE predicts emerges directly from
the early short-word bias; shorter targets activate more
quickly. The difference in onset of competition for rhymes
also follows from faster activation for shorter words, though
the larger rhyme effect in the late time course emerges from
the late long-word bias.
Although the full pattern predicted by TRACE is not
observed, it provides an interesting hypothesis as to the
basis for the proportion-of-overlap effects observed in
Figure 2. We intend to test these predictions more
thoroughly in future work.
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Abstract
Cognitive measurement models decompose observed behavior into latent cognitive processes. For situations with more
than one condition, such models allow to test hypotheses on
the level of the latent processes. We propose a fully Bayesian
ensemble model approach to test hypotheses on the level of
the latent processes in situations in which multiple measurement models or model classes exist. In the ﬁrst step, one needs
to perform a Bayesian model selection step comparing the hypotheses within each model class. Aggregating the results of
the ﬁrst step yields ensemble posterior model probabilities. We
provide an example for a working memory data set using an
ensemble of a resource model and a slots model.
Keywords: ensemble models; model selection; Bayesian inference

Introduction
One of the central goals of cognitive science is to develop
accurate characterizations of observed behavior in terms of
latent cognitive processes. But because it is not possible to
directly observe such processes, their existence and interplay
needs to be inferred from data coming from speciﬁc experimental designs. One privileged approach to evaluate latent
processes is through cognitive measurement models, which
instantiate their relationship with observed data in a clear
and general way. These models can be used to directly test
process-level hypotheses: For example, if a researcher has
data from participants coming from two different populations
or under two different conditions she might have speciﬁc hypotheses which of the underlying processes (e.g., processes A
or B) is responsible for these differences.
One complication often emerges when using some measurement model to guide our inferences: The model we are
using is not the only possible account of the data. Many other
classes of models also exist, and they can differ substantially
in terms of their basic assumptions. If the available evidence
suggests that the different models are all at least of approximately equal validity the researcher usually has to make a
decision on which of the available models she bases her inference. Here, we propose an alternative solution for such
a situation based on model ensembles. Model ensembles or
ensemble learning is a popular approach in machine learning (e.g., Polikar, 2006) and climate science (e.g., Tebaldi
& Knutti, 2007) and usually refers to the process of pooling predictions across different models. A similar approach
is taken in Bayesian model averaging (Wasserman, 2000).
The solution proposed here differs from the existing ensemble or model-averaging approaches in that it is not based on

the pooling of model predictions or parameter values, but on
results from hypotheses tests.
Speciﬁcally, we propose to ﬁrst perform a model selection step across the different hypotheses – separately for each
model class. For example, consider model classes M•P and
M•R , each with its own sets of assumptions. Within each
model class we establish special cases that reﬂect the different hypotheses of interest (e.g., models M1P and M1R ). The
hypotheses being tested across model classes should reﬂect
analogous statements. For example, the hypothesis that memory is improved across conditions, which can be stated in
terms of both model classes, irrespective of the exact way
memory processes are established within each class. Using
Bayesian model selection, we obtain posterior model probabilities for each of the hypothesis of interest, separately for
each class. In a second step, these posterior model probabilities are pooled across model classes to produce the ensemble
posterior model probabilities.
The remainder of this manuscript is organized as follows.
We ﬁrst provide an overview over Bayesian model selection and describe how to calculate ensemble posterior model
probabilities. We then provide an example using a workingmemory dataset and two popular measurement models in this
domain.

Bayesian Model Selection
The main principle underlying the Bayesian statistical framework is the quantiﬁcation of uncertainty with probabilities
(Gelman et al., 2013). Estimating the parameters θ of model
M with likelihood function pM (y|θ) in a Bayesian framework requires the speciﬁcation of a prior distribution pM (θ).
The prior distribution quantiﬁes the relative uncertainty one
has regarding ones parameters prior to seeing the data y. This
prior distribution is then updated in light of the data using
Bayes’ theorem yielding a posterior distribution pM (θ|y),
with
pM (θ|y) = 

pM (y|θ)pM (θ)
.
pM (y|θ)pM (θ) dθ

(1)

The posterior distribution quantiﬁes the uncertainty or knowledge one has regarding ones parameters after seeing the data.
If the parameters of the model are of primary interest the posterior distribution can be directly used for inference.
In most real life cases the posterior distribution cannot be
obtained analytically. A common approach to approximate it
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is to sample from the unnormalized posterior (i.e., the numerator in Equation 1) using numerical methods such as Markov
chain Monte Carlo (MCMC). For parameter estimation this
is completely sufﬁcient as the posterior is proportional to the
unnormalized posterior for ﬁxed data. The normalizing constant in the denominator,
p(y|M ) =



pM (y|θ)pM (θ) dθ,

(2)

usually called the marginal likelihood, is independent of θ,
and cannot be obtained as easily as the unnormalized posterior. However, Gronau, Singmann, and Wagenmakers (2017)
have recently introduced a software package that allows to
obtain the marginal likelihood from the unnormalized posterior using bridge sampling.
Marginal likelihoods are the central quantity of interest in
Bayesian model selection (Wasserman, 2000), as they provide a compromise between a model’s ability to describe the
observed data at hand, and its a priori ability to describe
any data. The ﬁrst multiplicative term in Equation 2 corresponds to the likelihood of the data under a certain set of parameter values θ. The second term corresponds to the prior
probability attributed to this set of parameter values. The
marginal likelihood therefore corresponds to a weighted average likelihood (averaged across parameter values), where
the weights are given by the parameter prior probability distribution. Now, this average likelihood will be smaller if
the prior weights are dispersed across parameter values that
would make predictions that are far from the observed data.
This reduction is a de facto penalty for unwarranted ﬂexibility, thereby implementing the principle of parsimony also
known as Occam’s razor (e.g., Myung & Pitt, 1997). Ideally,
a model and its prior parameter distribution should produce
a range of predictions that encompasses what is actually observed and excludes what is not. Models which are able to
predict almost all possible data will have a lower marginal
likelihood than those models that only predict those data that
are actually observed.
The model with the largest marginal likelihood is then considered to be the one that gathers the greatest support (i.e., the
best trade-off between goodness of ﬁt and ﬂexibility). For any
ﬁnite set of models M1 , ..., Mk , their marginal likelihoods can
be used to compute posterior model probabilities. For model
Mi :
p(Mi |y) =

p(y|Mi )p(Mi )
,
p(y|M j )p(M j )

∑kj=1

(3)

where p(Mi ) is the prior model probability for model Mi before seeing the data. In words, the posterior model probabilities are equal to the relative product of marginal likelihood
and prior model probabilities across all candidate models.
An important aspect of the marginal likelihood is that posterior model probabilities are not only sensitive to the prior
model probabilities, but also depend to a large extent on the
parameter priors. For example, it is easy to construct cases for

which the choice of priors can determine which model ultimately provides the best account (see e.g., Lindley’s paradox;
Hill, 1982). Consequently, much research is concerned with
developing appropriate priors for Bayesian model selection
in speciﬁc situations. This issue is particularly serious when
attempting to compare non-nested models, as it becomes less
obvious how priors can bias results.
For nested models corresponding to a standard null hypothesis – that is, model M0 is a special case of a model
M1 such that ﬁxing one parameter in M1 to zero produces
M0 – a recipe for producing default priors was developed by
Jeffreys (1961). The basic idea is to reparameterize the models such that the difference parameter δ that differs between
M1 , with parameters θ1 = (θ0 , δ), and M0 , with parameters
θ0 , is scaled by the parameters θ0 that are shared across M1
and M0 . For example, for a t-test δ = σμ , where μ is the overall
mean and σ the overall or pooled variance. As a consequence,
the scale of δ becomes independent of the actual data and a
prior on θ can be speciﬁed in a reasonable manner. Common
priors for δ are a normal (i.e., Gaussian) or Cauchy distribution.

Ensemble Posterior Model Probabilities
Ensemble posterior model probabilities are concerned with a
situation in which we have at least two experimental conditions and models from at least two model classes that can be
applied to each condition and decompose the observed behavior into similar latent processes. We also assume that the
interest of the researcher is in inferences on these latent processes across conditions. What constitutes a model class can
be understood broadly (e.g., completely different assumption
or merely different settings of parameter values). Here it is
only relevant that Bayesian model selection between models
from these model classes might be seen as problematic.
The ﬁrst step is to perform a Bayesian model selection step
within each model class using the default prior approach of
Jeffreys (1961). That is, one needs to calculate marginal likelihoods for a set of models belonging to each model class
that correspond to the possible ways in which the parameters
representing the latent processes can be restricted between
the conditions. Note that the set of models needs to be constructed such that for each model in a given model class an
equivalent model exists in the other model classes. Equivalent here means that the parameter restrictions of the model
in a given model class correspond to a hypothesis in terms of
the latent processes that can also be expressed as a parameter
restrictions for each of the other model classes. The marginal
likelihoods are then used to calculate posterior model probabilities within each model class.
To calculate the ensemble posterior model probabilities,
the posterior model probabilities need to be aggregated across
model classes. Speciﬁcally, one needs to take the average
across models which correspond to the same hypothesis. The
result can be used for inferences on the hypotheses on the
level of the latent processes.
As before, let us consider a situation with two model
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classes, class R with models M•R and class P with models
M•P , which each decompose the observed behavior into latent processes a and b, via parameters θa and θb , respectively.
Speciﬁcally, class R does so via parameters θRa and θRb and
class P via parameters θPa and θPb (a substantive example is
given in the next section). Further, assume we have obtained
data y from two conditions f and g and are interested if and
how the latent processes differs between the conditions. Because we have two latent processes that might or might not
differ independently across the conditions we need to set up
a total of four models for each model class to explore the full
hypothesis space. In case parameter differences are assumed
to exist between models we introduce standardized difference
parameters δ as discussed above.
• M∅ assumes no differences between f and g and has
two parameters, (θa , θb ), with θa, f = θa,g = θa and θb, f =
θb,g = θb .
• Ma assumes differences in a only (between f and g) and
has three parameters, (θa , δa , θb ), with θa, f = θa + δ2a ,
θa,g = θa − δ2a , and θb, f = θb,g = θb .
• Mb assumes differences in b only and has three parameters,
(θa , θb , δb ), with θa, f = θa,g = θa , θb, f = θb + δ2b , θb,g =
θb − δ2b .
• Mab assumes differences in both a and b and has four
parameters, (θa , δa , θb , δb ), with θa, f = θa + δ2a , θa,g =
θa − δ2a , θb, f = θb + δ2b , θb,g = θb − δ2b .
After calculating the marginal likelihoods for each model,
Bayesian model selection provides us with a set of four posterior model probabilities for each model class, p(MiP |y) for
class P and p(MiR |y) for class R, where i ∈ (∅, a, b, ab). The
ensemble posterior model probabilities are then given by
p(Mie |y) =


1
p(MiP |y) + p(MiR |y) .
2

(4)

Measurement Models for Detection Experiments
In many experiments across a variety of different domains –
such as perception, memory, or reasoning – participants have
to decide for each stimulus if it falls into one of two mutually exclusive categories: signal absent (e.g., a not-studied
lure in a memory experiment) versus signal present (e.g., a
studied stimulus). The observed behavior in such detection
experiments is usually described in terms of two proportions
that sufﬁciently summarize the data, the probability of correctly detecting a signal present trial as such called hits (i.e.,
p(“signal”|signal present)) and the probability of incorrectly
denoting a signal absent trial as a signal present trial called
false alarm (i.e., p(“signal”|signal absent)).
We will discuss two prominent measurement models that
decompose the performance in detection experiments into
two latent processes, discriminability and response bias. Discriminability is the ability of the decision maker to distinguish

the two model classes and therefore reﬂects task performance.
A decision maker who is comparatively good in the task will
have a high value on the discriminability parameter. Better
discriminability is associated with a decrease in hits and a decrease in false alarms. Response bias captures the propensity
of the decision maker to prefer one of the two response options (i.e., “signal” and “no signal”) and is in principle independent of task performance. A conservative decision maker
will have a propensity for responding “no signal” independent of the actual stimulus category; a liberal decision maker
will have a propensity for responding “signal” independent of
the actual stimulus category.
The most prominent measurement models for detection
experiments are based on signal detection theory (Green &
Swets, 1966; Kellen & Klauer, in press). Signal detection
theory assumes that the decision maker has access to a continuous psychological strength dimension. Signal present and
signal absent stimuli are represented as distributions on the
strength dimension. At test, each stimulus evokes a strength
signal which is compared with an established response criterion c. If the signal surpasses the criterion, the decision maker
responds with “signal”; otherwise the response “no signal” is
given. The usual assumption is that both stimulus classes follow a normal (i.e., Gaussian) distribution. Furthermore, to
establish the scale on the strength dimension, the mean μl
and variance σ2l of the lure distribution is ﬁxed to 0 and 1,
respectively. For the type of design described here it is also
common to ﬁx the variance of the signal distribution σ2s to 1
as well. This provides the following model equations:
p(hit) = Φ(μs − c),
p(false alarm) = Φ(−c),

(5)

with Φ() corresponding to the cumulative distribution function of the standard normal distribution.
In terms of the latent processes, discriminability is captured
by parameter μs . The further apart the two distributions – that
is, the larger μs – the better the discriminability between the
two stimulus classes. The response bias is captured by parameter c. The larger c (given ﬁxed μs ) the more conservative
the response pattern.
Another popular measurement model is based on threshold theory (e.g., Rouder & Morey, 2009; Luce, 1963), which
assumes that decision makers do not have direct access to a
continuous strength signal. Instead, the decision maker only
has access to a small number of discrete states. Here, we are
concerned with the high-threshold variants which assume that
for each item there is a certain probability D with which individuals detect the true status of an item (i.e., signal present
or signal absent). In this detection state, the correct answer
(i.e., “signal” for signal present trials and “no signal” for signal absent trials) is invariably given. In case the true status of
an item is not detected with probability 1 − D, an uncertainty
state is reached. In the uncertainty state response “signal”
is guessed with probability g and response “no signal” with
probability 1 − g. This provides the following model equa-
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tions:
p(hit) = D + (1 − D)g,
p(false alarm) = (1 − D)g.

(6)

In terms of the latent processes, discriminability is captured
by parameter D. The better the ability of the decision maker
to detect the true status of the item the larger D. The response
bias is captured by parameter g. A conservative response bias
corresponds to a value of g < .5 and a liberal response bias
corresponds to g > .5.

Experiment and Bayesian Modeling
We have collected data from two between-subjects groups using a simple detection experiment within the domain of working memory. The two groups were high working capacity
and low working memory capacity. Our substantive question was if there were any differences in terms of the two
latent processes (i.e., discriminability and response bias) between the two working memory capacity groups. Note that
in the working-memory domain signal-detection models are
also known as resource models and threshold models as slots
models (e.g., Donkin, Tran, & Nosofsky, 2013).
To perform the Bayesian model selection step for each of
the two model classes (i.e., signal-detection and threshold
models) we implemented both as hierarchical Bayesian versions with crossed-random effects for participants and items.
The hierarchical-structure was setup in such a way that we
not only modeled individual-level random effects, but also
the correlation among the individual-level effects using the
latent-trait approach of Klauer (2010).1 Furthermore, we assumed independent group-level variances for the participanteffects, but ﬁxed the correlations across the two groups. For
the threshold-model, the individual-level parameters were estimated on the unconstrained-scale and then probit transformed onto the unit range (Klauer, 2010). No transformation
was necessary for the signal-detection model.
The models were implemented in Stan (Carpenter et
al., 2017) which allowed us to put separate priors on the
group-level correlations (so-called LKJ-priors with a noninformative scale parameter of 1) and variances (weaklyinformative half Cauchy priors with scale 5). For the
group-level model parameters, the priors were either noninformative (i.e., normal with mean 1 and variance 1 for the
threshold model on the probit scale) or weakly-informative
(i.e., Cauchy with location 0.5 and scale 5, truncated at zero).
For each model class we implemented four different models corresponding to the four possible hypotheses as described in the example above: no differences between conditions (model none), difference in discriminability only, difference in response bias only, and differences in both, discriminability and response bias. For those models that included
1 To

avoid a non-identiﬁable signal-detection model we only implemented item-effects for μs and not for c. Consequently, we only
had item-effects for one parameter (i.e., μs ) and could not estimate a
covariance matrix.

difference parameters δ, those were normalized based on the
pooled standard deviation from both groups and had a Cauchy
prior with location 0. For each model class and each model
corresponding to a hypothesis, we estimated two model versions, one with a Cauchy scale of √22 for “medium” sized
effects and one with a Cauchy scale of 0.5 for “small” effects
(Morey & Rouder, 2015).2
To estimate the models, we obtained a total of 40,000
draws from the posterior distribution. These draws came
from four independent MCMC chains which, after 1000
warmup samples, ran for 20,000 samples, retaining every
second sample. The models showed excellent convergence,
maximal R̂ < 1.001. This comparatively large number of
posterior samples was necessary for obtaining adequate estimates of the marginal likelihood, which we obtained via the
bridgesampling package (Gronau et al., 2017). For each set
of posterior samples we obtained ﬁve independent estimates
of the marginal likelihoods to check for the stability of the
estimates. We performed this check on the level of the posterior model probabilities which showed a maximal difference
of 1.7% across marginal likelihood estimates, an acceptable
amount of variability. We report results based on the median
of the ﬁve estimates.

Method
Participants Five-hundred and ninety students of Koç University were screened using the automated operation span
task (Unsworth, Heitz, Schrock, & Engle, 2005) to attain
working memory capacity measures. Of those, 21 high span
individuals (upper quartile of the sample) and 19 low span individuals (lower quartile of the sample) participated in the experiment. Participants received partial course credit for participation in the screening session and monetary compensation for taking part in the experiment.
Working Memory Task The task was a Sternberg
paradigm (i.e., short-term recognition) with letters. Stimuli
consisted of 18 consonants (b, c, d, f, g, h, j, k, l, m, n, p, r, s,
t, v, y, z) displayed in lower case. Each study list comprised
4 consonants drawn randomly without replacement from the
stimulus pool that had not appeared in the two preceding lists.
Study list items were presented sequentially for 500 ms each
at the center of the screen. Following a mask of 500 ms the
test probe was shown. Probes were either targets (i.e., shown
in the study list) or lures (i.e., not shown in the study list or
the previous trial). Participants indicated whether a probe was
a target or lure via key press.

Results
Model Fit Figure 1 shows the observed and estimated accuracies for targets and lures as a function of working memory
capacity. Each panel shows the estimates of the models corresponding to one substantive hypothesis. When looking at the
2 Note

that in line with Rouder, Morey, Speckman, and Province
(2012) we used a scaling factors of ± √2 instead of ± 12 for δ.
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Figure 1: Observed and estimated accuracy as a function of working memory capacity (WMC). Each panel shows the same
observed data, but the model estimates (i.e., posterior predictions) from models corresponding to different hypotheses with
prior scale of the difference parameters δ = √22 . For the observed data the error bars shows ±1 standard error of the mean
and the × the mean of the individual-level means. Model estimates are based on the posterior predictive distributions of the
individual-level mean accuracies and the symbols show the mean median, the inner conﬁdence bars shows the mean 80%
credibility interval, and the outer conﬁdence bars shows the mean 95% credibility interval.

Ensemble Posterior Model Probabilities The ensemble
posterior model probabilities are shown as ‘×’s in Figure
2. The pattern is not overwhelmingly strong, but with over
60% probability the model assuming no difference receives
clearly the strongest support. The second strongest support,
with 20% probability, goes to the model assuming discriminability differs. Thus, overall (i.e., regardless of whether a

threshold model or signal-detection model is a better model
of working memory) there is no strong evidence that the small
difference between the two conditions reﬂects a speciﬁc difference in terms of the latent processes usually assumed in
detection experiment.
Figure 2 also shows the posterior model probabilities
which form the basis for the ensemble posterior model probabilities. The two model classes suggest similar conclusions,

Posterior Model Probability

data it is clear that the differences between the high and low
capacity group are rather small (≈ 2.5%), especially when
taking the uncertainty of the estimates into account.
Both model classes appear to provide an excellent account
to the data, independent of the hypothesis that the model represents; even for the models representing no difference between the two conditions, the models capture the small differences between the conditions basically perfectly. This somewhat intriguing ﬁnding can be explained by the by-participant
random-effect. For example, the mean of the random-effects
estimates for μs of the both signal-detection model is 0.06
for the high capacity group and −0.03 for the low capacity
group. In contrast, the same estimates are 0.21 for the high
capacity group and −0.23 for the low capacity group for the
none-model. In other words, the restricted model can explain
the data by pushing the participant random-effects away from
the zero-centered prior whereas this effect is captured by δ
if present. To distinguish the models in terms of overall adequacy, the marginal likelihoods tell us which of the models
provides an on average better account across the whole parameter space, taking the priors into account.
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Figure 2: Ensemble posterior model probabilities (i.e., ×) and
posterior model probabilities (conditional on model class and
prior choice) across the four substantive hypotheses.
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with the threshold model putting somewhat more probability
mass on models assuming an effect compared to the signaldetection models. Furthermore, the impact of model class
appears to be larger than the impact of prior width.

Discussion
Box’s famous adage “all models are wrong” (Box, 1976) captures the notion that any model-based characterization of data
is going to be a caricature at best. Given this situation, there
is the need to ensure that any inferences made do not hinge on
the characteristics of the particular model used. The ensemble approach proposed here attempts to ensure that, by considering the degree of support for a given hypothesis across
different model classes. Although all models are wrong, they
are wrong in different ways. Under the assumption that each
model captures the true data generating process to some approximate degree, but also overﬁts the data in its own idiosyncratic way, the consensus across model classes is more likely
to reﬂect the true data-generating processes. In this sense, the
ensemble approach can been seen as trying to tap into a “wisdom of the crowd” (Surowiecki, 2004). The success of such
ensemble approaches over single models in terms of out-ofsample predictive ability has been empirically demonstrated
within cognitive science (e.g., Erev et al., 2010).
Ensemble posterior model probabilities allow to test substantive hypothesis across conditions and model classes using fully Bayesian model selection. This approach is useful
when multiple cognitive measurement models that decompose the observed data into similar latent processes exist for
a given dataset. The main difference to existing ensemble approaches is that we propose to use the full data (cf. Polikar,
2006, for machine learning approaches that split the data) and
build ensembles based on inferential information (i.e., posterior model probabilities) instead of model predictions (e.g.,
in climate science; Tebaldi & Knutti, 2007). Our approach
also does not require any type of model weighting common
in other ensemble approaches (e.g., in Bayesian model averaging) as the relevant situation is one where the candidate
models are of approximately equal validity.
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relation that accounts for Wason’s results. Natural
logics, a collection of various logical formalisms,
emphasize the fact that some important and recurring
natural language expressions are not only carriers
of information but allow for reasoning, see, e.g.,
Icard III and Moss (2014).
The phenomenon of reasoning that caught our eye
is that of inferences with quantifiers, e.g. ALL, NO,
and MOST and their iterations, e.g. in ”MOST pigeons
annoyed AT LEAST THREE tourists“. If Q(A, B) is a
quantifier, we can usually define it by only referring
to the two sets A and B:

We present a natural logic for reasoning with quantifiers that can predict human performance in appropriate reasoning tasks. The model is an extension of
that in (Geurts, 2003) but allows for better fit with
data on syllogistic reasoning and is extended to account for reasoning with iterated quantifiers. We
assign weights to inference rules and operationalize
the complexity of a reasoning pattern as weighted
length of proof in our logic – this results in a measure
of complexity that outperforms other models in their
predictive capacity and allows for the derivation of
empirically testable hypotheses.
Keywords: Reasoning; Quantifiers; Natural Logic;
Psychology; Syllogisms

ALL (A, B) ⇔ A ⊆ B
SOME(A, B) ⇔ A ∩ B 6= 0/
MOST(A, B) ⇔ |A ∩ B| > |A − B|
MORE THAN 2(A, B) ⇔ |A ∩ B| > 2

Of Logic and Reasoning
Logic and psychology can look back on a shared
history that is full of twists and turns, with the two
moving back and forth on their commitment to one
another. Recently, some researchers proclaimed the
time of logic in psychology to be over (Evans, 2002)
while others argue that most of such criticism can
be traced back to an uncalled-for equalization of
logic with ”standard logic“, an umbrella-term for
both predicate calculus and propositional logic.1 .A
prominent example is Wason’s infamous selection
task, in which, if propositional logic is taken to be the
adequate normative standard for human reasoning,
only 5% of all participants manage to solve their
task properly (Wason, 1983). But ”the unargued
adoption of classical logic as criterion of correct
performance is thoroughly antilogical“ (Stenning &
van Lambalgen, 2012, 45). Fortunately, there are
other alternatives. Braine (1978) already brought
forward a natural logic with a directional entailment
1 Researchers are often in effect equating the both:
”...standard logic, which mental logic and mental models assume to be normative...“ (Oaksford & Chater, 2001,
349).

We will refine and extend a natural logic proposed
by Geurts (2003) that captures the essential inferential properties of single and iterated quantifiers.
At the semantic center of our logic is the notion of
monotonicity. Consider the following example:
(i) All flowers are vermilion. (ALL(F,V ))
(ii) No flowers are red. (NO(F, R))
Sentence (i) entails ”All flowers are red“ (ALL(F, R))
while (ii) entails ”No flowers are vermilion“
(NO(F,V )) because the set of all vermilion things
is a subset of all red things (ALL(V, R)). We will usually say that the quantifiers ALL and NO are right-side
upward monotone and right-side downward monotone, respectively, or just speak of their directionality.
This kind of inference can be generalized to iterated quantifiers: we can infer that ”MOST pigeons
annoyed AT LEAST THREE humans“ from ”MOST
pigeons annoyed AT LEAST THREE tourists“ because
we know that the set of all tourists is contained in
the set of all humans.
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As logics tend to do, this has some normative
import: a logic often defines some inferences as
good (see the examples above) and others implicitly
as bad. We claim that it is possible to find a measure
of complexity in a natural logic that aligns with the
variation in cognitive difficulty that is observed in
experiments, operationalized as mean success rate,
thereby carrying our logic beyond notions of good
and bad.

Reasoning with Quantifiers
For one who is not familiar with their centuriesold notation of Syllogisms, it must seem extremely
cumbersome. We will thus stick to examples and
keep our treatment of syllogisms as short as possible, though a proper introduction can be found
in Khemlani and Johnson-Laird (2012). The syllogistic fragment is a natural language fragment that
builds around inferences using the quantifiers EVERY , SOME , NO , and NOT ALL . Syllogisms consist
of three quantified sentences (two premises and one
conclusion) and three variables A, B, and C. Somewhat surprisingly, psychological studies that are concerned with human reasoning using quantifiers are
more often than not restricted to syllogistic reasoning
(results are assembled, for instance, in a meta-study
by Chater and Oaksford (1999)). For i ∈ {1, 2, 3}, let
Qi be any of the four quantifiers above. We consider
four variable configurations:
Q1 (B,C)
Q2 (A, B)
Q3 (A,C)

Q1 (C, B)
Q2 (A, B)
Q3 (A,C)

Q1 (B,C)
Q2 (B, A)
Q3 (A,C)

Q1 (C, B)
Q2 (B, A)
Q3 (A,C)

All combinations of quantifiers and variables considered, we end up with 256 possible syllogisms,
most of which are not good inferences in any sense
of the word, where the definition of good varies
across different cognitive models. Khemlani and
Johnson-Laird (2012) however note, that there are
512 syllogisms, if one allows conclusions of the form
Q3 (C, A) (as it was done in scholastic logic). Case
in point are the two syllogisms below:
ALL (C, B)
ALL (B, A)

ALL (C, B)
ALL (B, A)

SOME(A,C)

ALL (C, A)

The ”Aristotelian“ one on the left-hand side
with its restriction on the form of the conclusion is

endorsed much less by participants in experiments
than its counterpart on the right (Khemlani &
Johnson-Laird, 2012) – a fact that our model will
later offer an explanatory account for. Syllogistic
reasoning patterns are readily extended to reasoning
with other quantifiers, such as MOST, that are
beyond first order logic. The results of Chater &
Oaksford’s meta-study unsurprisingly show that
some good inferences are easier than others. We
will henceforth refer to this as the cognitive difficulty
of an inference (mean success rate in experimental
settings). But syllogisms is not all there is to
reasoning with quantifiers: Geurts and van der
Silk (2005) did an experiment on reasoning with
iterated quantifiers investigating how their combined
monotonicity properties interact with the cognitive
difficulty of inferences. Participants in their study
had to determine whether reasoning patterns of the
form
QA A played against QB B.
All B were C. / All C were B.
QA A played against QB C.

were valid or not with QA ∈ {EVERY, MOST,
AT LEAST, SOME, AT MOST, NO} and QB ∈ { MORE
THAN , FEWER THAN } and only one of the two
possibilities of the minor premise (second line)
present. These inferences are exclusively concerned
with the monotonicity-properties of the second
argument.

Monotonicity and Symmetry
We have seen examples of monotonicity above.
While quantifiers can be increasing in one of the
arguments and being decreasing in the other, some,
like MOST and TWO, do not show monotonicity
properties on either side. To capture this variation,
we will henceforth talk about a quantifier’s monotonicity profile. As an example, instead of stating
that Q is left-side downward monotone and rightside upward monotone, we will say that its monotonicity profile is ↓↑ or write ↓ Q ↑. The lack of
monotonicity-properties on either side will be indicated by a dot. Examples are ↓ ALL ↑, ↑ SOME ↑,
↓ NO ↓, ↑ NOT ALL ↓, ·MOST ↑.
Another property of quantifiers that allows for
inferences is symmetry. A quantifier Q is called sym-
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metric if and only if, for all A and B, Q(A, B) implies
Q(B, A). The inference associated with this property is called conversion: if SOME pigeons are birds,
then SOME birds are pigeons - whereas the same
inference is clearly not good for the quantifier ALL.
Let us now quickly look at iterated quantifiers. We
can extend the notion above to combinatorial monotonicity profiles (CMP). So, for example, ↓ Q1 , Q2 ↑
means that the iteration of Q1 and Q2 puts their first
argument in a downward entailing position and their
second argument in an upward entailing position.
The interaction between the monotonicity properties
of single quantifiers is thus reminiscent of how subtraction and addition interact in arithmetics2 Thus,
if Q1 is right-side downward entailing, this reverses
the direction of entailment of the second quantifier
- a downward entailing first quantifier switches the
directionality of the second.

properties. With the generality in quantifier assignment and the rules ↓Mon and ↑Mon, this already
extends beyond Geurts’ model. The following
inference rules account for the reasoning task with
iterated quantifiers in Geurts and van der Silk (2005).
Mon↑↑

Q ↑ QM ↑ φ(A, B)
ALL (B,C)
Q ↑ QM ↑ φ(A,C)

Mon↑↓

Q ↑ QF ↓ φ(A, B)
ALL (C, B)
Q ↑ QF ↓ φ(A,C)

Mon↓↑

Q ↓ QM ↑ φ(A, B)
ALL (C, B)
Q ↓ QM ↑ φ(A,C)

Mon↓↓

Q ↓ QF ↓ φ(A, B)
ALL (B,C)
Q ↓ QF ↓ φ(A,C)

Reasoning with Quantifiers
It is now time to present our natural logic for
reasoning with quantifiers. The following inference
rules allow for proving all syllogisms that are valid
in predicate calculus and / or Aristotelian logic, see
Sippel (2017) for details.
Mon↓

Q ↓ (A, B)
ALL (C, B)
Q ↓ (A,C)

↑Mon

↑ Q(A, B)
ALL (A,C)
↑ Q(C, B)

↓Mon

↓ Q(A, B)
ALL (C, A)
↓ Q(C, B)

Conv

Qs (A, B)
Qs (B, A)

pConv

exImp

ALL (A, B)
SOME(A, B)

Mon↑

Q ↑ (A, B)
ALL (B,C)
Q ↑ (A,C)

Where Q is any binary quantifier with the indicated monotonicity properties, and QM and QF
are MORE THAN and FEWER THAN, respectively.
We can naturally extend this to account for left-side
monotonicity inferences, whose directionality only
depends on the first quantifier (Sippel, 2017).

Complexity

NO (A, B)
ALL NOT(A, B)

Where Qs denotes any symmetric quantifier
(NO, SOME, all cardinal quantifiers, etc.) and
all quantifiers have the indicated monotonicity
2 In Sippel (2017), we show that this scheme is restricted to the quantifiers used in Geurts and van der Silk
(2005). While all iterated quantifiers have clear monotonicity properties, they do just not generally follow this
simple interaction system.

As for our complexity measure, there are three crucial ideas we borrow from Geurts (2003): Firstly,
the number of reasoning steps from premises to a
conclusion is the length of its minimal proof in a
natural logic (i.e. how much solving a problem as
efficiently as possible costs in our natural logic). Secondly, some reasoning steps are harder than others.
Thirdly, we can account for this variation in difficulty
by assigning a cost to inference rules, summing up
to different overall costs for different proofs. As far
as possible, we will motivate weights on semantic
grounds.
The four combinations of right-side monotonicity
properties for iterated quantifiers are ↑↑, ↑↓, ↓↑ and
↓↓. We immediately see how many of the quantifiers
involved ”go up“ and whether both have the same directionality. Similar as Geurts (2003), we propose a
cost-based system in which less favorable inferential
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properties add to the cognitive cost of a reasoning
task: firstly, upward is easier than downward (Clark,
1974). Secondly, inferences are harder when the they
do not have the same directionality - call this harmony, or rather its absence (Geurts & van der Silk,
2005, 104). Thirdly, if the first quantifier is downward entailing, it turns the entailment direction of
the second quantifier upside down, hence requiring
additional processing. Furthermore, if an iterated
quantifier is negative (e.g. not all), the associated
monotonicity-inference is harder. This is embedded
in a rich research-tradition showing that negation is
harder to process (e.g. Wason (1961)).
From a semantic point of view, ALL and NO are
the most informative. They are somewhat on top of
a monotonicity-based semantic food chain and allow
for inferences that less informative ones do not:
A LL(A, B) ⇒ Q ↑ (A, B)
N O(A, B) ⇒ Q ↓ (A, B)

For any quantifier with the right monotonicity properties. Let us now turn to symmetry and its associated
inference of conversion. Geurts (2003) claims that
while pConv has small cognitive cost, Conv itself has
none. This was criticized by Newstead (2003) who is
especially reluctant to accept the low cognitive cost
of pConv. In absence of any empirical evidence on
this (Newstead, 2003, 195), we will settle somewhat
on the middle ground: Conv is not without any, but
with very small cognitive cost, so is pConv.
The assumption that statements using ALL refer to
non-empty sets allows for the inference exImp and is
usually taken for granted in experimental design but
unpopular with some researchers (Chater & Oaksford, 1999). The work of Katsos, Cummins, et al.
(2016), while concerned with quantifier acquisition,
offers some important insight on why that might be.
As part of their study, they investigate how adults
deal with underinformative quantifiers. In 84% of all
cases were the statement was true but underinformative, the statement was rejected by the participants
(Katsos et al., 2016, 9246). The weights for inferences on single quantifiers that we propose according
to our considerations on cognitive difficulty above
are as in table 1.3 The weights in table 2 are directly

Table 1: Weights for the inference rules used on the
syllogistic fragment. Mon stands for all monotonicity inferences and MonN for monotonicity inferences
involving NOT ALL or ALL NOT.
exImp
60

MonN
30

Mon
10

pConv
5

Conv
5

Table 2: Weights for the inference rules on iterated
quantifiers. All numbers are rounded up.
Mon↑↑
0/15

Mon↑↓
23/38

Mon↓↑
38/53

Mon↓↓
30/45

derived from those in table 1 using the considerations
on monotonicity interactions that make inferences
easy or difficult above. Where there are two values,
the first one holds when the first quantifier is NO or
ALL and the second one if not (this reflects above fact
that inferences on informative quantifiers are easier).
The weights are interpreted as cost that is subtracted
from an initial ”cognitive reservoir“ of 100 units (as
done in Geurts (2003)) - this move does in fact not
impact the results of our statistical analysis but allows for better readability and stronger hypotheses:
where we before could only observe correlations between weights and cognitive difficulties, we can now
make predictions. Tables 3 and 4 provide with two
examples of proofs that show how this works.

Evaluation of the Model
We prove all syllogisms that are valid in Aristotelian
logic or predicate calculus (or both) and compute
the model’s predictions for all of them, see details in
Sippel (2017). The results, i.e. the model’s predictions for valid syllogisms, can be seen in table 5 – we
Table 3: Complexity = Conv + Mon = 15, thus predicted mean success Success = 100−15 = 85 (actual
mean success rate in experiments: 89%).

3 Zhai,

Szymanik, and Titov (2015) had the weights for
a similar logic learned from data.
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1
2
3
4

ALL (M, P)
SOME (M, S)
SOME (S, M)
SOME (S, P)

premiss
premiss  
Conv on 2 
 
↑Mon on 1 and 3

Table 4: Complexity = pConv + MonN + exImp =
95, this predicted mean success Success = 100 −
95 = 5 (actual mean success rate in experiments:
1%).
 
1
2
3
4
5

ALL (P, M)
NO (S, M)
ALL NOT(S, M)
ALL NOT(S, P)
SOME NOT (S, P)

premiss
premiss  
pConv on 2
 
Mon↓ on 4  and 1
exImp on 4

Table 5: Comparison of the cognitive difficulty of
valid syllogisms (Chater & Oaksford, 1999) in brackets, our model, #2, and Geurts’ model (Geurts, 2003),
#3. The codes of three letters and one number denote
syllogisms as it is usually done in the literature, see
e.g. Khemlani and Johnson-Laird (2012). Predictions that are more than 10% off from mean success
rates in experiments are marked as gray.
Syll
AI1I
IA4I
AA1A
AI3I
EA2E
AE2E
EA1E
AE4E
IA3I
OA3O
AO2O
EI1O

#1
(92)
(91)
(90)
(89)
(89)
(88)
(87)
(87)
(85)
(69)
(67)
(66)

#2
90
85
90
85
85
90
90
85
90
70
70
65

#3
80
80
80
80
80
80
80
80
80
70
70
60

Table 6: Comparison of the cognitive difficulty
of reasoning with iterated quantifiers (Geurts and
van der Silk (2005), in brackets) and our model’s
predictions.

Syll
EI2O
EI3O
AA3I
EI4O
EA3O
AA4I
EA4O
AA1I
EA1O
EA2O
AE4O
AE2O

#1
(52)
(48)
(29)
(27)
(22)
(16)
(8)
(5)
(3)
(3)
(2)
(1)

#2
60
60
30
55
5
25
0
30
5
0
0
5

#3
60
60
60
60
40
60
40
60
40
40
40
40

obtain r2 = 0.93 and Pearson r= 0.96. The model
thus already outperforms that of Geurts (2003), the
increased performance is however best visible by the
fact that predictions that are more than 10% off on
those 24 syllogisms went down from 13 to 4. An
interesting direction for further research would be
to investigate whether this increased performance is
due to more adequate weights or rather to the inclusion of left-side monotonicity rules. The evaluation
of the model on inferences with iterated quantifiers
can be seen in table 6: we obtain r2 = 0.88 and Pearson r= 0.94. The proposed natural logic is thus well
capable of capturing the general trends and predicts
much of the variance in the empirical data.4
4 As for the limited space, we have not yet talked about
competing cognitive models for syllogistic reasoning. In
Sippel (2017), we show that the main competing mod-

DetA

DetB

Minor

AT LEAST↑
EVERY ↑
MOST ↑
SOME ↑
NO ↓
EVERY ↑
MOST ↑
SOME ↑
NO ↓
AT LEAST↑
AT MOST ↓
AT MOST ↓

MORE THAN ↑
MORE THAN ↑
MORE THAN ↑
MORE THAN ↑
FEWER THAN ↓
FEWER THAN ↓
FEWER THAN ↓
FEWER THAN ↓
MORE THAN ↑
FEWER THAN ↓
MORE THAN ↑
FEWER THAN ↓

ALL (B,C)
ALL (B,C)
ALL (B,C)
ALL (B,C)
ALL (B,C)
ALL (C, B)
ALL (C, B)
ALL (C, B)
ALL (C, B)
ALL (C, B)
ALL (C, B)
ALL (B,C)

%
(96)
(91)
(91)
(87)
(73)
(71)
(62)
(60)
(53)
(53)
(38)
(36)

Model
85
100
85
85
70
77
62
62
62
62
47
55

Conclusions & Predictions
We have successfully refined the model in Geurts
(2003), especially its complexity measure, and extended it to reasoning with iterated quantifiers. Performance on the data collected by Geurts and van der
Silk (2005) also indicates good predictive capacities
for reasoning with iterated quantifiers – but while
the logic and its complexity measure is grounded in
semantic relationships and psychological evidence,
it might also seem somewhat post hoc – there is
barely direct evidence accounting for the weightassignments but mostly related evidence. Luckily,
the model allows for empirically testable predictions,
e.g. that reasoners accept exImp-inferences while being reluctant to draw them themselves (a hypothesis,
which would, in fact, explain reasoner’s preference
for the right-hand side syllogism over the left-hand
side one above), that left-side monotonicity inferences are not harder that their right-side counterparts (in fact, on iterated quantifiers, they should
be easier as they involve no change of directionality), and that the model can be extended to account
for further experiments on reasoning with quantiels by Geurts (2003), Chater and Oaksford (1999) and
Johnson-Laird and Bara (1984) all give raise to identical
categories of cognitively difficult syllogisms. A decision
for one model over its competitors can thus not be made
on grounds of good fit with empirical data. Geurts’ model
– as we have shown throughout this work – however gives
us a strong, flexible measure of complexity and is the only
one that can be easily extended to reasoning with iterated
quantifiers.
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fiers. With the pluralistic view of logic in mind, we
can thus conclude that it is worthwhile to reevaluate
logic’s possible contributions to the science of reasoning. Our model indicates that a natural logic can
in fact predict human performance for more complex
symbolic reasoning patterns. It confirms that, as
proposed, e.g., by Isaac, Szymanik, and Verbrugge
(2014); Szymanik (2016), logic can contribute to our
understanding why some cognitive tasks are easier
than others.
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Abstract
Singular causation queries require an assessment of whether
a singular co-occurrence of two events c and e was causal or
simply coincidental. The current study builds on our previous research (Stephan & Waldmann, 2018) in which we proposed a computational model of singular causation judgments.
The model highlights that singular causation judgments need
to take into account the power of the target cause C and of
alternative causes A, as well as the possibility of preemption.
What was missing was a detailed model allowing us to estimate the probability of preemption of a target cause by the
alternative causes. The present research fills this gap by elaborating the temporal assumptions that might enter assessments
of singular causation. We focus on assumptions about temporal precedence between target and alternative causes, with a
specific focus on assumptions about causal latency. We report
the results of two new experiments supporting the model.
Keywords: singular causation; causal attribution; preemption;
time; causal reasoning; computational modeling

Causal representations support various inferences. They
enable us to make predictions, to form diagnoses, or to make
judgments about singular causation (Waldmann, 2017). In
the present research our goal is to develop and test a model
explaining judgments about singular causation. How does a
person come to believe, for example, that it was the medicine
she took that caused her to feel sick, or that it was the combination of keys she pressed that caused the laptop’s screen to
turn dark, or that it was the storm last night that caused the
flower pot to be shattered into pieces? To put it more generally, how do reasoners assess whether a singular instantiation
of a cause factor C was actually causally connected to a singular instantiation of its effect E?
Judgments about singular causation are so prevalent in everyday life that it is easily missed that validating them is a
challenging task for the mind. The reason why it is cognitively challenging is that causal powers that bind some events
together are not directly accessible to our senses (Cartwright,
1989; Cheng, 1997). The computational problem that needs
to be solved is how a genuine causal co-occurrence of events
can be discriminated from a mere coincidental one.
Stephan and Waldmann (2018) have proposed a computational model intended to provide a solution to this problem.
Their model is a generalization of Cheng and Novick’s (2005)
power PC model of causal attribution, which itself relies on
Cheng’s (1997) power PC theory. Cheng (1997) has shown
how the unobservable powers of causes, operationalized as
the probability with which causes generate their effects in
the hypothetical absence of alternative causes, can be inferred
from observable covariation data. Cheng and Novick (2005)
adopted this framework and have applied it to the question
of how causal power knowledge ought to be used to make

causal attributions in different contexts. For example, when
it is known that a potential cause C and a potential effect E
have co-occurred on an occasion (c, e), their model provides
an answer to P(c → e|c, e), the probability that c and e were
causally connected on this occasion.
Stephan and Waldmann (2018) criticized and refined
Cheng and Novick’s (2005) model. Cheng and Novick’s
model focuses solely on the causal powers of the target and
the alternative causes, embodying the assumption that a singular instantiation of C and E is less likely to be coincidental when C is known to operate with a large causal power.
However, the model neglects another possibility why a singular co-occurrence of C and E might have been coincidental: causes, no matter how strong their power is, can be
preempted in their efficacy by competing alternative causes
(for an overview of theories on preemption, see, e.g., Paul
& Hall, 2013). It is possible that an alternative cause intercepts the target cause and generates the effect before the target cause has had a chance. Stephan and Waldmann (2018)
have therefore proposed a refined model that includes a term
that captures the probability of preemption through alternative causes.
To estimate the probability that a target cause was preempted, what needs to be considered beyond the powers of
the potential causes is temporal information. One type of
temporal information that should influence how strongly a
reasoner believes that a target cause was preempted by an
alternative cause is the assumed difference between their instantiation times: everything else being equal, a target cause
is more likely to be preempted by an alternative cause if the
latter occurs earlier than the former. Stephan and Waldmann
(2018) reported a set of experiments in which the cover stories suggested that unobserved alternative causes occurred
prior to the target cause, and participants’ singular causation
judgments were explained well by the modified model incorporating the possibility of preemption.
Another type of temporal information that is likewise relevant to assess the probability of preemption is information
about causal latency, by which we mean the time it takes
a cause to produce its effect. Consider a situation in which
a potential alternative cause A is instantiated simultaneously
with or even later than the target cause C. In such situations,
c can still be be preempted by a when a’s latency is shorter
than c’s.
Stephan and Waldmann (2018) did not spell out in their
article how causal latency information about the competing potential causes of an outcome can be formally represented and combined with causal power information to es-
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timate P(c → e|c, e) and the probability of preemption. Nor
did they manipulate causal latency information in their experiments. We begin to address these shortcomings in the
present research, and will primarily focus on the role causal
latency plays for singular causation judgments. First we will
review Cheng and Novick’s (2005) model and contrast it with
Stephan and Waldmann’s (2018) modified version.

The Power PC Model of Causal Attribution
Cheng and Novick (2005) proposed a model in which the
probability with which an instantiation c of a cause factor C
has actually caused a token event e instantiating an effect factor E is represented by P(c → e|c, e). To estimate this probability, they have made use of Cheng’s (1997) causal power
theory.
Cheng (1997) has shown how the power of a cause factor
C, denoted by wC , can be estimated from observable covariation data given a number of causal background assumptions.
A graphical representation of the unobservable causal structure that is assumed by causal power theory to underlie the
observable contingency ∆P between a target cause C and a
target effect E is shown in Fig. 1 (see also Griffiths & Tenenbaum, 2005; Pearl, 2000). The theory considers two causal
influences on E: the target cause C, and A, with A representing the sum of all unobserved alternative causes of E. It
is assumed that C and A occur independently of each other
with the base rates bC and bA . Furthermore, C and A are
assumed to cause E with independent (i.e., non-interacting)
powers, denoted by wC and wA , respectively. These assumptions allow it to explain the probability of E: P(E) =
bC · wC + bA · wA − bC · wC · bA · wA . Accordingly, the probability of E given C is P(E|C) = wC + bA · wA − wC · bA · wA ,
and the base rate of E is P(E|¬C) = bA · wA . The latter two
equations provide a causal explanation of the observed contingency: ∆P = wC + bA · wA − wC · bA · wA − bA · wA . Substituting bA · wA with P(E|¬C) and re-arranging the equation,
one obtains the causal power of C:
wC =

∆P
.
1 − P(E|¬C)

(1)

As an illustration, consider the table in Fig. 1 with the following entries: n(c, e) = 21, n(c, ¬e) = 3, n(¬c, e) = 12, and
n(¬c, ¬e) = 12. Imagine these data resulted from a study
testing whether a drug causes nausea as a side effect. In the
control group (¬c), 12 of 24 subjects developed nausea. The
causal power theory assumes that these cases are due to the
unobserved factors included in A. In the treatment group 21
subjects had nausea. As A is supposed to occur equally likely
in C’s presence, these cases are explained by the joint influence of C and A. Based on the independence assumption
we can infer that 12 of the 21 subjects with nausea would
have developed nausea due to A alone had C not been present.
Thus, there remained 12 subjects in which C had the chance to
reveal its power. As there are 21 subjects with nausea, we can
therefore conclude that the drug exclusively caused nausea in
nine of these 12 cases. Its causal power thus is wC = .75.

Figure 1: The relation between observable covariation data and unobservable causal structure. C and E in the causal structure denote
the cause and effect factor, respectively. A comprises all unobserved
alternative causes of E. bC and bA denote the base rates of C and A;
wC and wA denote the causal powers of C and A.

Now imagine you learned that a person took the drug (c)
and felt sick (e). To compute P(c → e|c, e), Cheng and
Novick (2005) proposed the following equation:
P(c → e|c, e) =

wC
wC
=
.
wC + wA − wC · bA · wA
P(E|C)

(2)

In this equation the power of C is in the numerator and the
conditional probability of E given C is in the denominator.
Stephan and Waldmann (2018) argued that what this equation
thus estimates is the relative frequency of cases among all
observed co-occurrences of C and E in which C’s power was
probabilistically sufficient for E. To see this, consider first
how often E occurred in the presence of C in our example.
This was the case in 21 of the 24 test group subjects. Hence,
we obtain P(E|C) = .875. From Eq. 1 we know that C has
a power of wC = 0.75, implying that C was sufficient in 75
percent of the treatment subjects (in 18 of the 24). Applying
Eq. 2, we see that model thus concludes that C caused E in
18 of the 21 cases in which C and E co-occurred, yielding
P(c → e|c, e) = 18
21 = 0.86. The probability of a singular cooccurrence having been causal is supposed to be 86 percent.

A Modified Model Sensitive to Preemption
Stephan and Waldmann (2018) have argued that the power
PC model of causal attribution tends to overestimate the probability of singular causation. Their argument was that not on
every occasion on which a cause factor C is probabilistically
sufficient to generate E it has actually caused E because it is
possible that C has been preempted by an alternative cause
factor A that succeeded in causing E before C could have
taken effect. To illustrate the problem, imagine the extreme
case in which all alternative factors A generated their effects
before C. In this case we would say that there are 12 subjects with nausea due to A in each group, and it seems natural
to say in this situation that C actually caused nausea only in
those nine subjects that were added to these 12. The probability that a subject from the test group suffered from nausea due
9
to the drug would hence be P(c → e|c, e) = 21
= 0.43, and
not 0.86. The power PC model of causal attribution seems
to yield the correct result only in a situation in which C produces all its effects prior to A, or when the two causes are in
a relation of symmetric overdetermination.
To incorporate the possibility of preemption by alternative
causes, Stephan and Waldmann (2018) have proposed the following refined equation:
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Figure 2: Pairs of gamma distributions contrasted in the five conditions of Exp. 1. The shape (κ) and scale (θ) parameters of the five different
gamma distributions are listed for each pair. The depicted α values were obtained using the MC algorithm corresponding to Eq. 4. The dark
distributions show the causal latencies of the target cause and the light distributions show the causal latencies of the alternative cause.

wC − wC · bA · wA · α wC · (1 − bA · wA · α)
=
.
P(E|C)
P(E|C)
(3)
Eq. 3 extends the numerator of Eq. 2 by subtracting from
wC the product of wC , bA , wA , and a newly introduced parameter α. The product of bA , wA , and α captures the probability of preemption. The intersection of wC , bA , and wA
identifies the occasions in which C and A are both probabilistically sufficient to generate E. This part of the term
is relevant because the problem of preemption occurs only
on occasions in which the potential causes C and A are both
probabilistically sufficient to generate the effect. On those
occasions it can either be the case that C preempts A, that A
preempts C, or that both act synchronously (discussed in the
philosophical literature under the term symmetric overdetermination, see, e.g., Paul and Hall 2013). Stephan and Waldmann (2018) introduced the α parameter as a weighting factor that narrows down the intersection of wC , bA , and wA to
those occasions on which C is preempted by A. To illustrate
the idea, consider again the nausea example. In this example, wC · bA · wA = 0.75 · 0.50 = 0.375. Now imagine again
the extreme case in which the factors in A produced their effects prior to C. In this scenario, all 37.5 percent of the cases
in which C and A were both sufficient for E were actually
caused by A. Such a situation can be modeled by setting α to
1. This would yield P(c → e|c, e) = 0.75−0.375·1.0
= 0.43. By
0.875
contrast, in the extreme cases in which C generates its effects
prior to A or synchronously with A, α should be set to 0. In
this case Eq. 3 reduces to Eq. 2.
P(c → e|c, e) =

Incorporating Causal Latency Information
We showed in the previous sections how the possibility of
preemption can be incorporated into a model of causal attribution. The open question is how α can be estimated in
different contexts. This is where temporal information about
the potential causes comes into play.
We will focus on the situation in which A only consists
of a single alternative cause factor of the effect. As pointed
out above, an obvious factor influencing α in such situations
is the difference between the onset times of C and A. This
difference can be represented by ∆t = ta − tc . Everything else
being equal, when A occurs earlier than C, it is more likely
that A preempts C than vice versa.

Additionally, the probability of preemption is influenced
by the causal latency of the potential causes. By causal latency we mean the time it takes a cause to produce its effects.
Variation in the latency with which a cause generates its effect
opens up the possibility that even when C and A are instantiated simultaneously, or when A is instantiated later than C, C
could still be preempted by A.
To model causal latencies we will use gamma distributions, which are, for example, used in queueing theory to
model waiting times. In recent studies, Bramley, Gerstenberg, Mayrhofer, and Lagnado (in press) used gamma distributions to model the role of time in causal structure induction (see also Lagnado & Speekenbrink, 2010). A gamma
distribution is a continuous probability distribution characterized by two parameters: shape, κ > 0, and scale, θ > 0. The
expected value of a random variable X following a gamma
distribution is E[X] = κ · θ. Its variance is Var[X] = κ · θ2 .
Different pairs of gamma distributions that we contrasted in
our experiments are depicted in Fig. 2.
The representation of causal latencies based on gamma distributions can be used to estimate α in different types of situations. We will here focus only on situations in which it is
known that C, A, and E are all present. Moreover, the causal
latency distributions of C and A and the size of ∆t are known.
In these situations α corresponds to:
α = P(tA→E + ∆t < tC→E |e, c, a, ∆t ).

(4)

In this equation, tC→E and tA→E denote the causal latencies
of C and A (cf. Bramley et al., in press), which are given by
the respective gamma distributions. In this situation α corresponds to the probability that the sum of the causal latency
of the competing cause A and the time lag between C’s and
A’s onset times is smaller than the causal latency of C, given
e, c, a, and ∆t . This probability can be estimated with the
following Monte Carlo (MC) algorithm:
1. Sample N pairs of causal latencies (xc , xa ) from the gamma
distributions of C and A, respectively.
2. Calculate xa0 = xa + ta − tc for all sampled xa -values.
3. Count all pairs for which xc > xa0 .
4. Divide this count by N.
The values for α depicted in Fig. 2 were obtained by applying
this algorithm with N = 10, 000.
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Experiment 1
The goal of Exp. 1 was to compare different scenarios intended to manipulate α and to compare the predictions of our
model for these situations with people’s singular causation
judgments. To simplify the task, and to isolate the influence
of causal latency, we used a test scenario in which the competing cause factors occurred simultaneously (i.e., ∆t = 0). Furthermore, we considered only deterministic causes in this first
experiment. Fig. 2 shows the five gamma distributions (G1 G5; higher numbers indicate higher expected values) that we
contrasted in five conditions. The latency distributions belonging to the target cause C in each condition are depicted
in dark blue. For the first pair, for example, in which we contrasted G1 and G5, the target cause factor’s latency follows
G1, whereas the latency of the alternative cause follows G5.
Fig. 2 also shows the different α values estimated with the algorithm presented above. For the first pair α = 0.01, which
in the case of deterministic causes directly corresponds to the
probability that C was preempted by A. Thus, participants
should be confident in this condition that it was indeed the
target cause C that brought about the observed outcome. In
the fifth condition, by contrast, in which C followed G5 and
A followed G1, participants should be confident that C did
not cause the effect. Fig. 2 also shows that all the other conditions should elicit more uncertainty. In the third condition,
for example, in which C and A have the same latency distribution (G3), α = 0.50. Here participants should be maximally
uncertain about the singular cause of the outcome.
Fig. 4 shows the predictions of the power PC model of
causal attribution (Eq. 2) as well as those of our refined model
that computes α according to the algorithm corresponding to
Eq. 4. We labeled this model “Alpha Precise” because we
also considered an “Alpha Coarse” model. Alpha Coarse estimates only whether the expected values of the competing
distributions differ and neglects their variances. It thus assigns a value of 1 to α if the expected value of the causal latency distribution of the target cause is larger than the one of
the competing cause, and 0 otherwise. Alpha Coarse treats
the situation in which both causes follow identical latency
distributions as a case of symmetric overdetermination, and
therefore predicts that both cause factors should be seen as
singular causes in this situation.

Participants
Two hundred subjects (Mage = 27.14, SDage = 8.71, 119
females) who had at least an A-level degree and who were
native English speakers were recruited via Prolific (www
.prolific.ac). Subjects were paid £ 0.80 for their participation.

Design, Materials, and Procedure
Participants were randomly assigned (n = 40) to one of
five key conditions. These conditions varied with respect
to the contrasted gamma distributions and with respect to
the gamma distribution associated with the target cause (see
Fig. 2). Because we included several balancing factors, the

Figure 3: Illustration of the learning task used in the experiments.

full design was a 2 × 2 × 2 × 5 between-subjects design. The
additional balancing factors will be introduced below.
Subjects were presented with a scenario about a fictitious
medieval kingdom called “Extonia”. They read that the king
had two watchtowers (“North” and “South”) built at the border to protect his empire from barbarians. These towers
were instructed to send carrier pigeons to the palace to cause
alarm whenever barbarians are spotted. Participants were
then asked to take the perspective of Extonia’s secretary of
defense who routinely inspects the flight durations of the pigeons from the two towers. Participants read that the flight
durations tend to differ between different pigeons, and that
they will therefore observe a sample of thirteen pigeons from
each tower. Before participants could proceed to the learning
task, they had to pass an instruction check.
During the learning task the screen looked similar to the
picture in Fig. 3. Whether participants began with tower
“North” or “South” was balanced between subjects. In each
trial the sending of a carrier pigeon was indicated with a delay of 500 ms by a circling of the watchtower. The arrival
of the pigeon was indicated by a colored circle surrounding
the palace. The thirteen flight durations for each tower corresponded to thirteen quantiles of the respective gamma distribution. We used quantiles so that subjects could be presented
small but yet representative samples. After each trial, participants had to click a “Next” button, which was operational
500 ms after the circle around the palace had been displayed.
The flight durations were presented in random order.
The test scenario described a singular situation in which the
palace had been alarmed by a tower so that it was possible to
repel a horde of barbarians. Participants read that the people
of Extonia wanted to decorate the tower that was responsible for the alarm but that there was the problem that both
towers had actually sent their pigeons simultaneously. To express their opinion about which tower was the actual cause
of the alarm, participants indicated on an eleven-point rating
scale (end points: “Definitely not caused by Tower ‘North/
South”’ and “Definitely caused by Tower ‘North/ South”’;
midpoint “50:50”) how strongly they believed that the alarm
was caused by Tower “North”/ “South”. Whether the target
cause was tower “North” or “South” was balanced between
subjects. The orientation of the rating scale was also balanced
between subjects.
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Figure 4: Model predictions and results (mean singular causation ratings and 95% bootstrapped CIs) for the different conditions of Exp. 1.
The predictions of the Power PC Model were obtained from Eq. 2. The predictions of the Alpha Coarse Model are based on α being obtained
through an ordinal ranking of the expected values of the compared gamma distributions. For the predictions of the Alpha Precise Model α
was calculated with the MC method corresponding to Eq. 4.

Results and Discussion
The results are shown in Fig. 4. Participants’ singular causation ratings (M1 = 0.91, SD1 = 0.10, M2 = 0.69, SD2 =
0.22, M3 = 0.54, SD3 = 0.24, M4 = 0.37, SD4 = 0.19,
M5 = 0.11, SD5 = 0.12, from left to right) followed a negative linear trend. A polynomial trend analysis confirmed the
negative linear trend, F(4, 195) = 111.70, p < .001, r = .83.
No other polynomial trend was significant.
These results are at odds with the predictions made by the
power PC model of causal attribution (Eq. 2). Subjects took
into account information about the causal latency of the potential cause factors to derive singular causation judgments.
Moreover, the singular causation judgments followed the predictions of the Alpha Precise model, which utilizes gamma
distributions to represent causal latencies. The correlation between model predictions and results was high, r = .99, and
statistically significant t(3) = 14.88, p < .001.

Experiment 2
In Exp. 1 we tested deterministic causes because we aimed
to isolate the influence that causal latency exerts on singular
causation judgments. As Eq. 3 shows, however, the probability of preemption is given by the product of the causal powers
and α. In Exp. 2 we therefore studied probabilistic causes.
We tested a scenario in which both causes either had a causal
power of wC = wA = 0.83 or of wC = wA = 0.5. Additionally,
we manipulated α by using the first pair of gamma distributions (G1 vs. G5) shown in Fig. 2. We tested this combination
of causal power and latency because it leads to an interesting
interaction effect, depicted in Fig. 5. When both causes have
a high causal latency, our model predicts that ratings in the
high-power condition should be lower than in the low-power
condition. One reason is that the product that is subtracted
from wC in the high-power condition is so large that the numerator becomes smaller (0.83 − 0.83 · 0.83 · 0.99 = 0.15)
than in the low-power condition (0.5 − 0.5 · 0.5 · 0.99 = 0.25).
Furthermore, the denominator is smaller in the low-power
condition than in the high-power condition (0.5 + 0.5 − 0.5 ·
0.5 = 0.75 vs. 0.83 + 0.83 − 0.83 · 0.83 = 0.97), which means
that the numerator in the low-power condition is increased
more strongly than in the high-power condition. When both
causes have a low causal latency (G1), by contrast, the product that is subtracted in the numerators becomes small, and
our model predicts that we should see a reversed order of

judgments. Finally, our model also predicts a main effect of
causal latency: causes that tend to precede the efficacy of their
competitors should receive higher singular causation ratings
than causes whose competitors tend to preempt them.
Fig. 5 also shows the predictions of the power PC model
(Eq. 2). As this model is blind to causal latency information,
it predicts only a main effect of causal power. Our model does
not predict a main effect of causal power.

Participants
One hundred and sixty subjects (Mage = 38.14, SDage =
12.20, 116 females) who had at least an A-level degree and
who were native English speakers were recruited via Prolific
(www.prolific.ac). They were paid £ 1.20 for participation.

Design, Materials, and Procedure
Subjects were randomly assigned to one of four conditions
(n = 40) that resulted from a 2 (causal power: wC = wA =
0.83 vs. wC = wA = 0.50) × 2 (causal latency: G1 vs. G5)
between-subjects design.
The materials and procedure were largely identical to those
of Exp. 1, with the following exceptions: first, we added information about the probabilistic causal nature of the towers
to the instructions. Participants read that pigeons might get
lost on their way to the palace and that it would hence be important to learn the pigeons’ arrival rates. Secondly, the learning task was modified such that causal power information
could be conveyed. Other than in Exp. 1, we showed subjects
24 pigeons per tower, to ensure that all participants observe a
sufficient number of “successful” pigeons to be able to learn
the causal latencies. Subjects in the high-power condition
observed 20 successful pigeons per tower, whereas subjects
in the low-power condition observed 12 successful pigeons
per tower. The flight durations corresponded to 12 or 20 percentiles of the respective latency distributions. Whenever a
pigeon failed to reach the palace, the words “Pigeon probably
lost” were displayed five seconds after the pigeon had been
sent out, which corresponded to the 99.9th percentile of G5.
The test questions were identical with the ones in Exp. 1.
Additionally, on a separate screen we asked participants to estimate the causal powers of the towers, as we wanted to control for the possibility that subjects’ representations of causal
power might be influenced by causal latency. For example,
the tower “North” participants were asked the following question: “Based on what you have learned: how many out of 10
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Figure 5: Model predictions and results (mean singular causation
ratings) of Exp. 2. Error bars denote 95% bootstrapped CIs.

letter pigeons sent from Tower ‘North’ would make it to the
palace?”. Ratings were provided on an eleven-point scale (0
to 10). The test questions were presented in counterbalanced
order.

Results and Discussion
The results are summarized in the right panel of Fig. 5. The
singular causation ratings followed the pattern predicted by
our model, whereas the power PC model of causal attribution cannot explain the results. When α was high, ratings
in the low-causal power condition were higher than those
in the high-causal power condition. The reversed pattern
was obtained when α was low. A planned contrast testing
the predicted interaction was significant, t(156) = 2.68, p <
.01, r = .16. Furthermore, singular causation ratings were
overall higher when α was low. A planned contrast testing this predicted main effect was also significant, t(156) =
10.47, p < .001, r = .63. There was no main effect of causal
power, t(156) < 1.00.
The additional causal power ratings showed that participants’ causal power representations were not distorted by
the different causal latencies. In the low-causal power condition, the mean ratings for the fast and slow tower were
M f ast = 5.18 (SD f ast = 1.09) and Mslow = 5.30 (SDslow =
1.16). In the high-causal power condition, the mean ratings were M f ast = 7.55 (SD f ast = 1.61) and Mslow = 7.69
(SDslow = 1.97). A mixed ANOVA with “causal-power
query” as within-subject factor yielded a main effect only for
causal power, F(1, 156) = 121.42, p < .001, η2G = .39, confirming that subjects in the high-causal power condition gave
higher causal power ratings than subjects in the low-causal
power condition. Importantly, there was neither a main effect
of causal latency, F(1, 156) < 1, nor an interaction effect of
causal latency and causal power, F(1, 156) < 1. We can thus
rule out that the results were driven by different causal power
representations in the different latency conditions.

General Discussion
To assess singular causation, more than just the causal
powers of the potential causes need to be considered. Even
when a cause factor is sufficient to generate the effect, it is
still not the actual cause of the outcome if it was preempted
by a competitor. To asses the probability of preemption, temporal information about the potential causes needs to be considered in combination with information about their power.
We have discussed the roles of two relevant types of temporal

information: the difference of the onset times of the competing causes, and the latencies with which they generate their
effects. To model the latencies of causes we used gamma
distributions, which allows us to estimate the size of the α
parameter in our model. The results of two experiments that
we presented were explained well by our model, but not by
Cheng and Novick’s (2005) power PC model of causal attribution which neglects temporal information.
The type of situation we considered here represents only
a subset of possible cases. For example, unlike in our scenario reasoners often experience the latency between the target cause and outcome. Consider, for instance, a situation in
which a person takes an aspirin and after twenty minutes gets
relief from her headaches. In such cases, the experienced delays need to be used to estimate α. We plan to use dynamic
test scenarios in future experiments to test such contexts.
Another noteworthy characteristic of our test scenario was
that all potential causes of the effect were actually observed.
In most real-world situations, however, reasoners observe
only a subset of the potential causes. Other than in our test
scenario, reasoners often are confronted with uncertainty concerning the presence of alternative causes. Although we have
not considered these situations here, our model can be applied to them, too. For example, in situations in which only
the target cause is observed but not alternative causes, information about the temporal distribution of the effect in the absence of the target cause needs to be considered to estimate
α. This temporal distribution can be modeled with exponential functions (see, e.g., Bramley et al., in press). We plan to
investigate such situations in future studies.
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Abstract

creating the models listed above required careful handtuning of some parameters.
In this paper, we present a method for automatically
learning these parameters such that the model's desired
overall overt behaviour is achieved. This greatly simplifies
the process of constructing neural models with complex
rule-like behaviour, and sheds light on potential
mechanisms for how neurobiological systems may learn to
perform such tasks.

We have previously shown that a biologically realistic spiking
neuron implementation of an action selection/execution
system (constrained by the neurological connectivity of the
cortex, basal ganglia, and thalamus) is capable of performing
complex tasks, such as the Tower of Hanoi, n-Back, and
semantic memory search. However, because the neural
implementation approximates a strict rule-based structure of a
production system, such models have involved hand-tweaking
of multiple parameters to get the desired behaviour. Here, we
show that a simple, local, online learning rule can be used to
learn these parameters, resulting in neural models of cognitive
behaviours that are more reliable and easier to construct than
with prior methods.

Neural Action Selection and Execution

Keywords: neural engineering framework; neural production
systems; semantic pointer architecture; spiking neurons; basal
ganglia; neural cognitive architectures

Introduction
In previous work (Stewart & Eliasmith, 2009; Stewart,
Choo, & Eliasmith, 2010), we have shown how spiking
neurons can be used to build biologically plausible
approximations of traditional production systems, and that
these models also harness the sophisticated pattern matching
capabilities of neural networks, leading to novel capabilities.
This formed the core of Spaun (Eliasmith et al., 2012), the
first and so far only spiking neuron model capable of
performing multiple cognitive tasks, and is central to the
more general Semantic Pointer Architecture for building
neually plausible cognitive models (Eliasmith, 2013). Since
then, this system has formed an important part of biological
models of the Tower of Hanoi (Stewart & Eliasmith, 2011),
bandit tasks (Stewart, Bekolay, & Eliasmith, 2012),
command parsing (Stewart & Eliasmith, 2013), sentence
parsing (Stewart, Choo, & Eliasmith, 2014), the n-Back task
(Gosmann & Eliasmith, 2015), action planning (Blouw,
Eliasmith, & Tripp, 2016), speech production (Kröger,
Bekolay, & Blouw, 2016) and the effects of reduction of
dopamine on speech production (Senft et al., 2016),
hierarchical reinforcement learning of navigation and
abstract action rules (Rasmussen, Voelker, & Eliasmith,
2017), and semantic memory search (Kajić et al., 2017).
However, building neural implementations of these kinds
of cognitive tasks imposes new challenges on the
researcher. In particular, since the neurons approximate a
production system, they do not provide the same simple
algorithmic programmability that a production system
affords with its IF-THEN rules. This has meant that

The generic form of our neural approximation of a
production system is shown in Figure 1. The neurons in
cortex represent state information, i.e., the set of
information that can be used for selecting which action to
perform next. This can consist of visual information, the
contents of working memory, the state of the motor system,
and so on. (These approximately correspond to Buffers in
ACT-R). We use the Neural Engineering Framework
(Eliasmith & Anderson, 2003) to organize spiking neurons
to form distributed representations of these values, which
can be scalars, vectors, or functions.
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Figure 1: The cortex-basal ganglia-thalamus loop that forms
the neural action selection and execution system. Neurons
(dark circles) and connections are shown only for the inputs
to the action selection system. These connections compute
the utility (Ui) of each of the actions i, given the current
cortex state. The basal ganglia selects the action with the
highest utility, and the thalamus executes that action.

The connections between cortex and the first stage of the
basal ganglia (the striatum) compute the utility of each
action. The basal ganglia determines the largest of these
utility values, which is the action that should be selected.
Connections via the thalamus execute the action, resulting in
changed cortical state.
More specifically, the neurons in the different cortical
areas form a distributed representation of whatever state
information is needed for the model. This state is, in
general, a D-dimensional vector represented by the spiking
activity of N neurons (where N is generally much larger
than D). In Figure 1, we show three groups of four neurons
each, representing three different state variables. In a
typical model, these state variables would consist of
~25,000 neurons representing a ~500 dimensional value.
Given such a large state space, we can represent symbols by
using randomly chosen 500-dimensional vectors to
represent different concepts (A, B, C, ONE, TWO, THREE,
LETTERS, NUMBERS, etc.). Importantly, by using the
approach of Vector Symbolic Architectures (Gayler, 2003),
such a representation can also be generalized to represent
complex combinations of symbols, giving the
compositionality needed for cognitive models. The details
of the construction and deconstruction of symbol-like
structures in these systems are not needed for the purposes
of this paper, but see (Stewart, Choo, & Eliasmith, 2010)
and (Eliasmith, 2013) for further details.
The striatum neurons in the input to the basal ganglia
represent the utility of each action. In Figure 1, we show
four actions, and each action's utility is represented by three
neurons. In the real model, we use 100 neurons per action
(including both striatal D1 and D2 neurons). These 100
neurons again form a distributed representation of the utility
of the action given the current cortical state information.
To cause this to happen, we need to determine the
connection weights between the cortical neurons and the
striatal neurons such that when the cortical neurons fire with
a particular pattern, the striatal neurons will fire with the
pattern that represents the correct utility value.
For example, suppose we have an action that should occur
if the visual cortical neurons are representing the number
TWO. We might then say that we want the connections
from cortex to striatum to approximate the following
function, where s is the vector currently represented in
cortex:

However, neural firing patterns are never going to be exact,
so the cortical neurons will never (or very rarely) fire with
the exact ideal pattern that we have chosen to mean TWO.
This means the above function will, in practice, always
return 0 and so the connection weights that closely
approximate that function will be all zeros. Instead, we want
a function that will give a high utility if the represented
value is close to TWO, and a low utility if it is farther from
TWO. For this, we use the dot product:

We use the Neural Engineering Framework (NEF; Eliasmith
& Anderson, 2003) to directly solve for the ideal connection
weights that best approximate this function. Importantly,
the NEF demonstrates that linear functions are extremely
easy for neural connections to approximate, so we know that
this function will be well-approximated.
The above technique (using neurons to represent vectors,
and solving for connection weights that approximate
functions on those vectors) is used for all the neurons and
connections in the model. In previous work (e.g., Stewart,
Choo, & Eliasmith, 2010; Eliasmith, 2013) we have shown
how the basal ganglia model finds the largest of these utility
values and how the thalamus model is used to route
information between cortical areas to execute the actions.
However, in this paper we take a closer look at the problems
encountered when deciding upon the functions to be
approximated to compute these utilities.

Approximating AND and OR
Suppose we want an action that will only occur if the visual
cortex contains LETTER and the contents of working
memory are A. In a standard production system, this is
simple to specify, since AND is a primitive operation when
defining production rules. However, if we instead try to
specify this operation using neurons, it is difficult for the
neurons to be precise. Rather, we might get the neurons to
approximate this function:
Now, the utility will only be large (near 1) if both the visual
cortex v is near the pattern for LETTER and the working
memory neurons m are near the pattern for A. This seems
to be a good implementation of AND, but it is important to
note that if the memory contains B instead of A, this action
will still get chosen if no other actions have a utility higher
than 0.5. In other words, this attempt at implementing AND
is highly dependent on the definition of the other actions.
As the number of actions increases, the interaction between
the various actions becomes more complex.
A similar problem occurs with OR. If we want an action
that occurs if v is NUMBER or if m is C, we may compute
the utility with something like this:
This will produce a large value (near 1) if either case is true.
However, if it turns out that both v is near NUMBER and m
is near C, then this action will get an even higher utility
(near 2), causing it to overwhelm other actions that may also
have large utilities. Indeed, this action may be selected even
if v is only somewhat near NUMBER and m is only
somewhat near C.
These problems may be mitigated by adding scaling factors
to these equations. For example, we may do the following:
It is these scaling factors that are sometimes “handtweaked” when making complex neural action selection
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models using our methods. We now present a method for
eliminating this hand-tweaking by having the neural
network learn the correct connection weights to perform the
task correctly.

Supervised Learning of Action Selection
Rather than hand-tweaking the scaling factors in the U
functions (that is, trying to find values that consistently
produce the desired behaviour in the context of all the other
U functions), we instead propose to use an online learning
rule. That is, we initialize the model with zero for these
parameters, and then adjust these values while the model is
running based on its performance.
The simplest online error-driven learning rule is the delta
rule (Widrow & Hoff, 1960):
This is meant for situations where the adjustable parameters
ωij are weights on values xi that produce the weighted sum yj
(i.e.
). The desired target value is tj and the
learning rate is α. We have previously shown how this rule
can be adapted to distributed representations in spiking
neurons (Bekolay, Kolbeck, & Eliasmith, 2013), where we
refer to it as the PES rule.
Since this is exactly the right configuration for the
parameters in our utility equations U, we can directly apply
this learning rule, if we can determine a target value tj at
every point in time while the simulation is running.

Determining the error signal (tj - yj)
To apply the above rule, we need a measure of the error that
is currently being made. To get the target value, we need to
know what the utilities should be right now. However, this
is exactly what we don't know (since if we did know what
the utilities of each action should be, we would just use that
as the equation for U). However, what we can compute is
what would an ideal action selection system do in this case.
That is, we can use a standard production system (or any
other appropriate action selection system) given the current
state information and see what action it would take. This
standard production system is not constrained to be neurally
plausible, so it can do perfect AND and OR operations. We
then use this to form an estimate of tj:
For yj we have two options. The standard approach would
be to simply use
(i.e. the utility values as
currently computed by the neural system). This is what this
learning rule was designed for. However, given our
estimate of tj, this may not be the right rule. For example, if
action 1 has a utility of 0.9 and all the other actions have a
utility smaller than 0.9, then action 1 will be selected, but
even if action 1 is supposed to be selected, this learning rule
would treat that as an error and try to adjust the parameters
such that the utility is larger. That is, even when the system
is producing the correct behaviour, the weights will still be
adjusted.

To avoid this, we can also estimate yj as the output of the
action selection system. That is,
This gives us two possible ways of measuring the error: we
can either use the input to the action selection system (Uj) or
we can use the output of the action selection system (yj,
above). Both cases are investigated here.

Determining the learning inputs xi
We must also determine what to use for xi.
One
straightforward option is to use the base terms from the
equations used to generate the U functions. For example, if
one of our U functions is the above-mentioned utility
function
, then we might
use
and
as x1 and x2. The learning
rule would then learn the weights ω1,3 and ω2,3. In a full
system with multiple utility functions, all of the different
terms would create a long list of x values.
However, since the cortical values are already stored in
terms of neurons, and those values such as
are being computed by connection weights from those
neurons, there is a second alternative. We can use the same
learning rule, with the same error signal, to directly adjust
the connection weights from the neurons themselves. That
is, we let xi be the neural activity of the cortical neurons, and
ωij is then the connection strength between the cortical
neurons and the striatal neurons.
By using the neurons themselves, we are increasing the
range of possible functions that the learning rule can find.
That is, when using the parameter-based approach, the U
functions are constrained to the linear weighted sums of the
particular terms that we have identified for xi. But, if we use
the neural activity for xi, then the learning rule has access to
the full space of possible functions that can be approximated
by connection weights out of those neurons. Interestingly,
using the learning rule in this way makes it mathematically
identical to the PES learning rule that we have previously
used to model reinforcement learning, and in that case it was
also used to learn the connections between cortex and
striatum (Stewart, Bekolay, & Eliasmith, 2012).
However, the drawback of using the neurons themselves
is that we greatly increase the number of parameters ωij to
learn. This makes the learning more computationally
intensive, and will likely require a lower learning rate. Both
options are investigated here.

Example Model
To test this approach to learning, we chose a simple
cognitive task with two cortical state variables and six
actions. If the visual system contains LETTER, then the
production system should cycle the working memory state
through A → B → C → A (and so on). If the visual system
contains NUMBER, then the working memory should cycle
through ONE → TWO → THREE → ONE (and so on).
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This can be thought of as the following set of production
rules:
IF
THEN
v=LETTER AND m=A

m=B

v=LETTER AND m=B

m=C

v=LETTER AND m=C

m=A

v=NUMBER AND m=ONE

m=TWO

v=NUMBER AND m=TWO

m=THREE

v=NUMBER AND m=THREE

m=ONE

When the system is run, an external input to the visual
cortical neurons is set to change it from LETTER to
NUMBER (and back) every second.
To convert this into a neural model, we need to define the
utility functions for each action. If we were doing this by
hand using the typical approach, we might use the
following:

For the second metric, we determine the proportion of
time that the working memory contains the correct type of
value. That is, if the visual cortex neurons are representing
LETTER, then the vector in working memory should be
closer to A, B, or C than it is to ONE, TWO, or THREE
(and vice-versa for NUMBER). This second metric is
simply the proportion of time this is true.
When computing the metrics, we always measure when
learning is off. That is, we perform one cycle with learning
on, and then one cycle with learning off where we actually
compute the metrics. With this approach, we ensure that the
measured performance is based on the system actually
learning to respond correctly to the input, rather than
responding based on the training signal itself.

Results
We start by learning using the input to the action selection
system to compute the error, and using the separate
mathematical terms to provide a small set of parameters ωij
to learn. This is shown in Figure 2.
We note that slower learning rates lead to improved
performance on the first metric (number of correct
transitions), but worse performance on the second metric
(percentage of time spent in the correct states).
Furthermore, the model reaches a peak performance of
around 20 transitions per cycle, and does not improve with
more training.

However, performance may improve if those parameters are
tweaked, and indeed if other terms are added.

Evaluation Metrics
To determine whether the optimization does, in fact,
improve performance, we define two separate measures to
characterize the quality of the model.
First, we report the number of correct transitions over 2.0
seconds (1.0 seconds with the input to visual being
LETTER, and 1.0 with it being NUMBER). However, we
have to be careful as to how to define a correct transition,
since neurons are being used to represent the contents of
working memory, and those contents are a numerical vector,
not an abstract symbol. There is, however, an ideal
(randomly chosen) vector for each of the basic terms (ONE,
TWO, THREE, A, B, C, LETTER, NUMBER).
Furthermore, given the neural activity of the working
memory neurons, we can compute the vector they are
currently representing (using the NEF). This numerical
vector can then be compared to the ideal vectors. Here, we
use the dot product for this comparison. We define a correct
transition as going from a previous time point where, for
example, the vector is closest to A, and at the next time
point it is closest to B. If LETTER is currently in visual,
then the correct transitions are A→B, B→C, and C→A. For
NUMBER they are ONE→TWO, TWO→THREE, and
THREE→ONE. For this metric, we simply count the
number of times this correct transitioning occurs.
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Figure 2: Effects of different learning rates when learning
from the base terms and the action selection input. Shaded
areas are 95% bootstrap confidence intervals.

Figure 3 shows the model when we use neurons for learning
and the action selection input for the error value. Here we
find a marked improvement in both metrics, although with
too low a learning rate the system does not improve.

Figure 4: Effects of different learning rates when learning
from the base terms and the action selection output. Shaded
areas are 95% bootstrap confidence intervals.
Figure 3: Effects of different learning rates when learning
from the base terms and the action selection input. Shaded
areas are 95% bootstrap confidence intervals.
Figures 4 and 5 show the same systems as 2 and 3, but with
the output of the action selection system as the source of the
error in the training signal. Both of these show extremely
poor performance, including effects where performance
increases temporarily, but then decreases back down to the
(poor) baseline performance.

Conclusions and Future Work
The presented results indicate that we can use online
supervised learning to learn the utility functions needed for
cognitive models that use neural action selection.
Interestingly, we found the best performance when
learning directly off of the neurons themselves. This makes
the learning process harder (in terms of computational
power requirements and the number of ωij terms that must
be learned), but it also greatly reduces the effort required by
the modeller. In particular, rather than having to define the
basic terms in the utility functions (e.g.
),
the learning system will directly deal with the neural
representations, allowing it to find much more complex
functions that produce the desired behaviour more reliably.
Oddly, using the output from the action selection system
for training does not work at all. This is somewhat
surprising, and more work is needed to investigate this.
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Figure 5: Effects of different learning rates when learning
from the base terms and the action selection output. Shaded
areas are 95% bootstrap confidence intervals.

It should also be noted that, as in many learning systems,
the learning rate itself is extremely important. Too small a
learning rate leads to systems that take long amounts of time
(and computational power) to learn (or do not learn at all).
Too high a learning rate and the system does not reliably
improve. Fortunately, there are numerous techniques in the
machine learning literature for dealing with this difficulty,
(e.g., changing learning rates based on performance).
More importantly, however, we next need to evaluate this
learning system on more complex cognitive tasks, such as
our existing the Tower of Hanoi and left-corner parser
models. This will provide a more robust test of the practical
benefits of the learning system.
Finally, there is a deeper theoretical question and
possibility that needs to be examined further. In particular,
can the supervised learning system presented here be
considered of a model of how people learn complex
cognitive tasks? All we have shown so far is that this
learning system is a useful tool for constructing neural
cognitive models. We could simply treat it as such a
technical tool that provides a novel way of more easily
generating neural cognitive models that perform desired
tasks. However, the fact that this learning system applies
directly to the very same neural connections between the
cortex and striatum that are used in models of reinforcement
learning, and the fact that the learning rule itself is one that
is local and biologically plausible, suggests that perhaps the
technique we have presented here could be biologically
implemented. That is, rather than treating the resulting
model as a simulation of someone who has previously
learned the task (as is common in both our neural models
and in non-neural cognitive modelling), we can treat this
supervised learning system as a model of the process of
learning the task. However, in order to do this, we would
need to tackle one significant question: where does this ideal
target value tj come from? That is, what neural mechanism
provides an indication of what action ought to be performed
next? It seems possible that some combination of mental
models and learning by instruction may be able to provide
such a training signal, but more research must be done to
investigate this possibility.
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Abstract
In a recent paper, Laird, Lebiere, and Rosenbloom (2017)
highlight how 40 years of research on cognitive architectures
has begun to yield a dramatic convergence of different approaches towards a set of basic assumptions that they called
the “Standard Model of the Mind” (SMM), in analogy to the
Standard Model of particle physics. The SMM was designed
to capture a consensus view of “human-like minds”, whether
from AI or cognitive science, which if valid must also be true
of the human brain. Here, we provide a preliminary test of
this hypothesis based on a re-analysis of fMRI data from four
tasks that span a wide range of cognitive functions and cognitive complexity, and are representative of the specific form
of intelligence and flexibility that is associated with higherlevel human cognition. Using an established method (Dynamic
Causal Modeling) to examine functional connectivity between
brain regions, the SMM was compared against two alternative
models that violate either functional or structural assumptions
of the SMM. The results show that, in every dataset, the SMM
significantly outperforms the other models, suggesting that the
SMM best captures the functional requirements of brain dynamics in fMRI data among these alternatives.
Keywords: Cognitive architectures; fMRI; Effective Connectivity

Figure 1: A graphical representation of the Standard Model
of the Mind, as proposed by Laird et al. (2017)

Introduction
In a recent paper, Laird, Lebiere, and Rosenbloom (2017)
have argued that, over the course of four decades, cognitive
architectures have slowly converged onto a set of shared core
assumptions, which they have tentatively named the “Standard Model of the Mind” (henceforth, SMM) in analogy to
the “Standard Model” of particle physics.1 The SMM is articulated as a series of assumptions about the nature of specific
components and computations that are common to “humanlike minds”; i.e., minds sufficiently similar in structure and
function to human minds. These assumptions cover (A) structure and processing, (B) memory and content, (C) learning,
and (D) perception and motor. Figure 1 is a visual illustration
of the fundamental components and their architecture.
1 The “Standard Model of the Mind” has since been renamed the
“Common Model of Cognition” after input from interested scientists
attending a Fall symposium on the topic.

Although the convergence was specifically illustrated in
the case of the three architectures most closely associated
with the co-authors–Soar (Laird, 2012), ACT-R (Anderson,
Fincham, Qin, & Stocco, 2008), and Sigma (Rosenbloom,
Demski, & Ustun, 2016)–the same case can be convincingly
made for similar approaches as well.
This convergence likely reflects a number of factors, most
notably the cumulative lessons learned from design of intelligent systems in AI and robotics, continual progress in cognitive psychology, and advancements in neuroscience. Because
of the different nature of the forces that have driven this convergence, the authors have postulated that the SMM reflects
a common architecture for intelligent, human-like behavior,
which can be implemented in a biological or artificial system.

Evidence for the SMM
Despite the compelling theoretical arguments outlined in the
paper, human beings remain the only known species capable of intelligent, general-purpose behavior, and data from
humans remains the primary non-functional test-bed for the
SMM. Also, irrespective of what is true of non-biological intelligent systems, it must be true at least of the human brain.
That implies that the SMM must be reflected, to a certain de-
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gree, in the functional architecture of the human brain.
Although an examination of the architecture of the human
brain might seem an incredibly speculative project, it need not
be so. Functional architectures of human brains are routinely
proposed and examined, and ACT-R has been offered as a
general architecture for the brain (Anderson et al., 2008).
In this paper, we show that the SMM can in fact be compared to other alternative architectures by examining the patterns of effective connectivity across cortical and sub-cortical
regions in four neuroimaging datasets from different domains, and show that, in all cases, the SMM provides a better
explanation of the data than alternative architectures of comparable complexity.

Designing an Empirical Test of the SMM
The SMM is made of several predictions, concerning the
number and function of the central modules; their relative
connections, and details on how information flows between
modules; the format of the information that is shared between
modules and its associated metadata; and the algorithms governing learning in the system.
In this paper, we focus on the most general tenets of the
SMM, those concerning the specific components and their
functional relationships. The central idea is that the specific
components outlined in Figure 1 can be put into correspondence with specific brain circuits, and that the functional arrows in the diagram then correspond to the functional connectivity between these circuits, that is, the preferred way in
which information is shared between difference circuits.

Testing Connectivity With DCM
Of these two aspects, the identification of SMM components
with particular brain circuits or regions is perhaps the least
controversial. In many cognitive architectures, e.g., specific
modules have been mapped onto specific brain regions.
The examination of the functional connectivity between regions, however, requires special care. Here, we have chosen
to examine the functional connectivity between regions using Dynamic Causal Modeling, or DCM (Friston, Harrison,
& Penny, 2003). DCM is a mathematical method to estimate
functional connectivity between network “nodes” that correspond to specific brain regions. It can be thought of as a more
complex version of traditional General Linear Model (GLM)
analysis of neuroimaging data, in which, rather than identifying the best fitting parameters for the time series of activity
in every voxel, what is modeled is the time series of neural
activity in a subset of regions (the network’s nodes). While in
GLM analysis the time series of a voxel y is estimated from
the product of a matrix of parameters β and a matrix of experimental conditions x (that is, y = β × x + ε), in DCM the time
series of data in a node is fitted by a dynamic system state
equation:
dy
= Ay + ∑ xi B(i)y + ∑ y j D( j)y +Cx
dt
i
j

(1)

Where A, B, C, and D are four matrices that define, respectively the intrinsic connectivity between different regions
(A); which regions are directly affected by task inputs, such as
special stimuli or conditions (C, akin to “factors” in canonical
GLM analysis); the modulatory effects that task conditions
have on the connectivity between regions (B); and, finally,
the modulatory effect that a network node can have on the
connectivity between two other network nodes (D).
DCM has several advantages that make it the instrument
of choice in our analysis. The first is that it is an explicitly top-down analysis method, which works best for testing
and comparing a-priori hypotheses rather than for exploratory
data analysis. This is, of course, exactly the type of approach
needed. Another advantage is that DCM explicitly focuses
on effective and directional connectivity, rather than on simple correlations between different timeseries. This makes it
ideal to examine the directionality of the arrows in Figure 1.
In this sense, DCM is superior to alternative approaches, such
as Granger Causality (Friston, Moran, & Seth, 2013), because
it better handles the temporal distortions introduced by the
laggish neurovascular coupling response, which determines
the BOLD signal recorded in fMRI and which might vary
substantially between regions (in GLM-based analyses, these
differences can be ignored). The “Causal” in the acronym
refers to the explicit directionality of the models. Yet another advantage of DCM is that parameter estimation is thoroughly conducted through a hierarchical Bayesian approach,
thus giving each model the best chance to fit the data, while
penalizing unreasonable physiological parameters. The use
of Bayesian estimation is key to the possibility of directly
comparing models, which is the goal of this paper. Finally,
DCM has the advantage of being modality-independent; network dynamics are first modeled in terms of simplified neuronal activity, and then translated into the specific modality.
This means that the same model can be used to fit both fMRI
data (with high spatial resolution, low temporal resolution,
and 3D spatial distribution of observations) and EEG data
(with low spatial resolution, high temporal resolution, and
surface distribution of observations). Thus, DCM provides
the ideal starting point for a series of different analyses.
As with every method, DCM is not immune to criticisms
(Lohmann, Erfurth, Müller, & Turner, 2012). However, most
of the objections (for instance, the problems of specific parameter estimation) do not apply to the way this technique is
used in this paper. Furthermore, when the underlying model
is well specified, DCM does converge towards correct network parameters and successfully identifies underlying generators of neural activity (David et al., 2008).

Implementing the Standard Model in DCM
To proceed with the test, we first need to translate the SMM
into a network of interconnected regions. In turn, this process
requires establishing which regions are mapped to the SMM
components, and how the connectivity between regions reflects the principles of the SMM.
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Mapping Modules to Brain Regions In its formulation,
the Standard model is made of five different “modules”.
Given the fact that all of the tasks herein require manual responses, the action module can be uncontroversially identified with the motor regions of the brain (Brodmann Area 1).
Because the four tasks examined here differ in the complexity of the visual inputs, we chose to identify the perception
module with the primary visual cortices (Brodmann Area 18).
This approach yielded a remarkably similar and stable location across tasks. Following a large amount of literature
(Kane & Engle, 2002), the working memory module was localized within the dorsal prefrontal cortex (DLPFC), a region
that is similarly implicated in maintaining and updating temporary representations. The long-term memory module, on
the other hand, is specialized for creating and maintaining
stable representations over long intervals of time—a process
that can be identified with the function of the hippocampus
and the medial temporal lobe (Squire, 1992). Finally, the
procedural memory module can be identified with the basal
ganglia, a set of nuclei similarly involved in the acquisition
of procedural skills and action selection (Stocco, Lebiere, &
Anderson, 2010).

Intrinsic Connectivity Most of the arrows in Figure 1
can be straightforwardly translated into connections between
the corresponding brain regions in the DCM implementation
of the SMM. The sole exception is the arrow between the
model’s procedural and working memory modules, which
must be interpreted in light of the special function of the
procedural module in the SMM. There are two assumptions
about the procedural module that have important implications
for effective connectivity. Assumption B3a states that global
control is provided by procedural knowledge in terms of rulelike conditions and actions, while assumption B3b states that
the firing of procedural rules drives the Standard Model’s cognitive cycle by modifying the contents of working memory.
In other words, the procedural module controls the transfer
of signals to the global working memory space. In terms of
effective connectivity, this function of procedural knowledge
can be captured by assuming that the striatum modulates the
connectivity from the other regions to the DLPFC (dashed arrows in Figure 2), rather than directly affecting the DLPFC
(solid arrows in Figure 2). A similar approach has been previously suggested for DCM models of the basal ganglia (Prat,
Stocco, Neuhaus, & Kleinhans, 2016), and is compatible with
contemporary neural network models of the circuit (Stocco et
al., 2010). The final implementation of our model is represented in Figure 2A. In the figure, the boxes represent the
SMM components, and their positions represent the (approximate) locations of the corresponding brain circuits over the
outlines of a standard brain template. The solid black arrows represent the directional information channels of Figure
1, while the dashed lines terminating in circles represent the
modulatory effects of the procedural module (i.e., the basal
ganglia).

Evaluating the DCM Implementation
The SMM captures lessons learned from developing generalpurpose, intelligent cognitive architectures. As such, it is
does not represent an optimal architecture system for a specific task. Rather, it represents the best single functional architecture that can successfully perform a large variety of
tasks of different complexity. For this reason, the best way
to test the SMM is not by providing a statistical fit against a
specific dataset, but by comparing it over a variety of tasks
against alternative architectures of similar complexity (that
is, with a similar number of modules). If the SMM is correct, its corresponding DCM implementation should provide
a comparably superior fit than other, alternative models of the
neural data. In this paper, we will compare the SMM network against two alternative models of effective connectivity between the same regions. As a preliminary evaluation,
these two models do not provide an exhaustive search of the
possible architectures. They do, however, provide meaningful comparisons as they lay on opposite sides of the space of
possible architectures.
The Structural Model In the structural model (Figure 2B),
the modulatory connections of the basal ganglia are replaced
by direct connections between the procedural module and the
working memory module. Thus, this model implements a
version of the SMM that reflects the general communication
pathways in Figure 1, but does not reflect the special functional role of the procedural module, as defined by assumptions B3a–b. This model provides an interesting comparison
for the SMM because of its similarity and greater simplicity,
which provide an advantage in terms of Bayesian model comparison. In other words, the comparison between the SMM
and the structural model reveals whether the functional assumption about the role of procedural knowledge is necessary
to capture the flow of activity in the human brain.
The Fully Connected Model In the fully connected model
(Figure 2C), all brain areas are bidirectionally connected to
all others. This models serves as a theoretical counterpart
to the structural model, and implements an opposite view
of the nature of brain function. While the structural model
assumes that constraints on the directionality between brain
regions are sufficient to explain patterns of network activity, this model embodies the opposite viewpoint that there is
no true “architecture” that is invariant across tasks, and that
the brain’s ability to perform multiple tasks arises from the
fact that all regions are in principle connected, rather than by
means of a functional organization. In other words, there is
no invariant architecture, only task-driven activity.

Testing Across Multiple Tasks
To capture the generality of the SMM, the three models
above were compared across a spectrum of tasks that cover
a broad range of cognitive capabilities, from relatively simple stimulus-response mappings to unstructured, fluid problem solving.
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Figure 2: The three model architectures used in this analysis

Materials and Methods
Datasets and Tasks
Four functional MRI datasets were used for this analysis, all
from either published studies or the first author’s laboratory.
The four tasks were chosen to be representative of the spread
of high-level cognitive abilities in humans. Table 1 summarizes the technical specifications of the four datasets.
The Flanker task In the Flanker task (Eriksen & Eriksen,
1974), participants respond to a central arrow-like symbol
(e.g., “<”) with the hand corresponding to the symbol’s direction (e.g., left). The central symbol, however, is surrounded
by four distractors, or “flankers”, that either point in the same
direction (congruent trials, e.g., “<<<<<”) or in the opposite direction (incongruent trials, e.g., “<<><<”). Incongruent stimuli require additional control to manage the interference caused by the flankers. This task is perhaps the
simplest of the experimental paradigms used to study cognitive control and executive functions, requiring minimal processing of the stimulus and depending on natural stimulusresponse mappings. The dataset used is from the OpenfMRI
public repository, and has been described and used by Kelly,
Uddin, Biswal, Castellanos, and Milham (2008).
The Stroop task In the Stroop task (MacLeod, 1991) participants indicate through a manual response the color a word
is printed in. Interference arises because the words are
themselves color names, thus giving rise to congruent (e.g.,
“BLUE” in blue) and incongruent (e.g., “BLUE” in red) stimuli. This specific dataset is from the OpenfMRI public repository, and has been described and used by Verstynen (2014).
Rapid Instructed Task Learning (RITL) RITL is a
paradigm recently developed to study cognitive flexibility
and dynamic control of behavior (Cole, Laurent, & Stocco,
2013). Participants perform a different task each trial. To
make this possible, each trial is divided into an “instruction”
phase (where the task is communicated in a simple, predefined notation) and an “execution” phase, during which the
instructions are applied to a specific stimulus. Tasks of comparable difficulty are created by combining basic mental op-

erations (such as arithmetic or semantic operations) in predefined ways. Mental flexibility is measured by comparing
entirely new tasks against a subset of tasks that have been
practiced in advance (Cole et al., 2013). This specific data
comes from an unpublished study conducted by the first author. However, a different dataset with an identical paradigm
had been previously published and described in detail by
Stocco and Prat (2014).
Raven’s Advanced Progressive Matrices (RAPM)
RAPM is one of the most widely-used non-verbal tests of
fluid intelligence and fluid reasoning abilities. Each problem
consists of a 3-by-3 matrix. Eight cells of the matrix contain a
figure made of different elements, while the bottom-right cell
is empty. The visual features (such as color or orientation)
of each figure vary across rows and columns according to
specific but undisclosed rules. Participants must infer the
rules and correctly identify the figure that completes the
matrix within an array of four possible options. This specific
dataset comes from what is, to the best of our knowledge, the
only fMRI study that uses standard RAPM problems instead
of simplified versions (Stocco, Prat, & Graham, submitted).

Task Implementation in DCM
Although the general architecture of the DCM models can be
defined independently of the task, model estimation requires
an explicit definition of how different stimuli affect the regions. To make the estimation and comparison procedures as
general as possible, we used a uniform scheme to represent
the experimental conditions across the four different tasks. In
this scheme, every stimulus that is presented is encoded as an
input to the visual cortex. In certain tasks, visual stimuli can
differ significantly in nature. For example, in RITL (Stocco
& Prat, 2014), stimuli can be either three-word instructions or
two one-digit numbers, while in RAPM, stimuli can be either
a 9-cell complex visual problem or a set of 4 possible 1-cell
solutions. To account for this variability, different categories
of stimuli are represented by separate types of inputs.
All tasks also share a basic comparison between an “easy”
and a “difficult” condition, the latter of which requires additional processing. This is the case, for example, of incongru-
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Table 1: Details of the four datasets. RAPM = Raven’s Advanced Progressive Matrices; RITL = Rapid Instructed Task Learning;
Slices = Number of oblique axial slices; TR = Repetition time; TE = Echo time; N = Number of participants per dataset.
Task
Flanker
Stroop
RAPM
RITL

Publication
Kelly et al. (2008)
Verstynen (2014)
Stocco et al. (submitted)
Stocco and Prat (2014)

Scanner
Siemens Trio
Siemens Trio
Philips Achieva
Philips Achieva

ent stimuli in the Flanker task (i.e., “<<><<”, as opposed
to “<<<<<”). As a technique, DCM is agnostic about the
nature of the stimuli. Thus, the fact that certain trials or conditions require additional processing needs to be explicitly
encoded. In this study, we made the choice of including an
additional input to the working memory region to mark the
additional demands for processing for stimuli in the “difficult” conditions.2 This decision reflects the rather uncontroversial assumption that the greater processing of certain stimuli would be accompanied by greater working memory load.
Note that this assumption remains still fairly general, since
it does not take into account the specific ways in which the
“difficult” trials might be different across tasks.

Results
To compare the three models across the four datasets, we used
a group-level Bayesian model selection algorithm, originally
described in Stephan, Penny, Daunizeau, Moran, and Friston
(2009). Figure 3 shows the results of the model comparisons.
To make a relative comparison across a common scale, the
plots use relative log-likelihood, while the labels above the
bars are true log-likelihood values from the analysis.
Across all four datasets, the SMM model provides the best
explanation for the data. To put this result in perspective, we
can examine the quantitative differences in log-likelihood between the models. Because DCM calculates priors (also taking into account model complexity), the differences in loglikelihood can be used to derive posterior probabilities of one
model being better than the others. Across all comparisons,
the posterior probability of the SMM being the best explanation of the data was p ≥ 0.99. Assuming, instead, uninformative priors (that is, no initial preference between models),
log-likelihood differences can be interpreted as Bayes factors;
thus, a difference of d in favor of model M1 over model M2
means that M1 is ed times more probable than M2 . According to the standards established by Kass and Raftery (1995),
values of d > 30 provides “strong evidence” for one model
over the other. As shown in Figure 3, the SMM model has
an advantage of at least d > 124 against the structural model,
and at least d ≥ 30 against the fully connected model across
all tasks. Thus, across all datasets, we can conclude that the
SMM is supported by strong empirical evidence.
2 Note that in DCM, unlike in canonical GLM analysis, task factors do not need to be orthogonal with each other.

Functional Imaging Parameters
TR = 2.0 s, TE = 20 ms
TR = 1.5 s, TE = 30 ms
TR = 2.0 s, TE = 20 ms
TR = 2.0 s, TE = 30 ms

Slices
40
29
36
36

N
26
28
24
25

Discussion
This paper has provided a preliminary test of the hypothesis
that human cognition depends on functional and architectural
constraints that are common to every intelligent system. This
hypothesis, known as the “Standard Model of the Mind”, was
proposed by Laird et al. (2017) on the basis of a comparative
analysis of cognitive architectures. Our preliminary study
provides the first direct empirical support to this hypothesis
by showing that the SMM is a reliable explanation for the patterns of data found in four human neuroimaging studies, and,
furthermore, can be favorably compared against other models. More importantly, and perhaps surprisingly, our results
demonstrate that the tenets of the SMM hold across a large
number of participants (for a combined N = 103) and across
four different tasks that vary greatly in terms of complexity. It
is worth noting that, while the SMM was consistently selected
as the best model, the relative rank of the other two models
varied across tasks. In particular, the Fully Connected model
surpassed the Structural model in the RITL paradigm, which
requires a greater variety of mental operations and their combination. This suggests that our findings are not tied to any
of the models having a priori less chance to fit the data. Although encouraging, these results are still preliminary, and
future work is still needed. In particular, the validity of the
SMM should be tested against a larger set of alternative models that covers a larger portion of the space of possible architectures. It would be valuable to replicate these analyses
across more datasets that span a more diverse set of domains,
including, for example, long-term memory, decision-making,
and language tasks. Finally, it would be important to integrate
connectivity analysis with other types of analysis that tests
other assumptions of SMM; for instance, using Representational Similarity Analysis (Kriegeskorte, Mur, & Bandettini,
2008) to investigate assumptions about knowledge representations. Existing large-scale neuroimaging databases, such as
the Human Connectome Project, provide perhaps the most
exciting venue to further this project.
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Abstract

because individuals may deny or underreport their feelings
of shame, tend to self-isolate when they feel shame, and
may be unwilling or unable to express themselves when
they feel shame.” Furthermore, Lynde’s (1958) early
assertion is that one’s difficulty in communicating shameful
experiences is a distinctive characteristic of feeling shame.
Babcock and Sabini (1990) demonstrated that people who
experience shame are reluctant to discuss shame-related
events with others.

A gap currently exists in the literature regarding a quantitative
exploration of the self-conscious emotions (i.e., pride,
embarrassment, shame, and guilt). In order to address this
gap, the present study sought to explore the possibility of
systematically inducing one specific self-conscious emotion
(shame). Various methods were explored to determine the
most effective way to induce a sense of shame in an
educational context. Results revealed significant differences
in state shame as measured by the Experiential Shame Scale.
However, this difference was related to a student’s proneness
to shame, expectations of success, and perceptions of failure.
Immediate implications for shame’s impact in a variety of
educational contexts are discussed.

Theoretical Framework
Shame and Learning

Keywords: emotions, academic shame, learning, selfconscious emotions, state shame

Introduction
Can a self-conscious emotion like shame be systematically
induced and studied empirically? The reason this paper
focuses on shame is because of its devastating effects on
ensuing motivation and related goal striving behavior
(Turner, Husman, & Schallert, 2002). Given what we know
about the detrimental effects of shame, it is surprising that
we haven’t recognized in modern pedagogy the experience
of shame and how it prevents children from learning. One
possible reason for the neglect of studying academic shame
is that attempting to study it is a difficult undertaking. More
specifically, Epstein states “Direct access to others’
experience of shame is so difficult.” According to Izard
(1977), shame and guilt do not involve clearly definable,
codable facial expressions. Additionally, Turner et al.
(2002) has stated that “researching shame is difficult

Although there are multiple ways to define shame, the
consensus seems to focus around the idea that shame is an
acutely painful affective state that involves a personal,
negative evaluation stemming from perceived failure related
to one’s internal rules, ideals, goals, and standards (Turner,
Husman, & Schallert, 2002).
Learning and failure go hand in hand. An important
part of a child’s education is learning how to cope
effectively with failure. As expected, there are good ways
and bad ways to deal with failure. A desirable approach
when experiencing failure is to search for new information
and strategies to get it right the second time around. The
focus is on the challenge of the new task, not on themselves.
Other children focus less on the task and more on the failure
and its implications for their developing sense of self-worth.
These are the learners that are more likely to experience a
sense of shame. Research has shown that shame can
seriously undermine children’s ability to learn in a
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challenging environment by lessening their chance of
success in future endeavors (Tangney & Dearing, 2002).
More specifically, research has shown that for some
students a shameful experience causes a learner to: 1) feel
that they cannot do more than they have already done 2)
likelihood of becoming cognitively engaged in material
becomes hindered 3) feelings about the end of year final
exam are characterized by feelings of resignation and lack
of motivation for studying and 4) attending class becomes a
burden and obligation (Turner, Husman, & Schallert, 2002).
Another way to think about shame is that it can place
learners in a state of “cognitive shock” in which shame
takes cognition hostage.
Based on the aforementioned research associated
with the importance along with the difficulties with studying
shame, this study sought to answer the following questions:
RQ1: Can the presence of shame be systematically induced
and measured within an educational context?
RQ2: After experiencing perceived failure on an academic
task, does a learner’s proneness to shame impact their
response to that failure?
RQ3: What role do subtle mechanisms like “expectations of
success” and “perceptions of failure” have on the elicitation
of shame?
Gaining an understanding of when and where
learners experience academic shame has far reaching
implications throughout education. By harnessing an
understanding of academic shame, we begin to gain the
ability to dampen the negative effects while simultaneously
maximizing the lesser known advantages of this
misunderstood self-conscious emotion.

Methods

opposite word states. For example, “Physically, I feel [Very
Warm 1--2--3--4--5--6--7 Very Cool]”.

Procedure
Following the informed consent, participants completed the
TOSCA. Instructions were then read to the participant
which stated: “During this portion of the study you will be
asked to complete a series of problems. These are problems
that, as a college student, should not be extremely
challenging for you. In order to recreate a scenario that
would match an actual testing environment, you will have
20 minutes to complete the test. After you submit the test,
instructions will appear on the screen that will let you know
the next steps that you will need to take in this study. Please
let me know if you have any questions at this time. Thank
you again for your participation!” The tests (i.e. sample
ACT or GRE practice problems) that the participants
received were counterbalanced. Participants were then
randomly assigned to one of three treatment groups.
In the first group called Original, participants
completed the test straight through. A text then appeared on
the screen that told the participant that they had received a
40% and that the average student up to that point had an
average of 90%. Participants then had to verbally report
their score of 40% to the experimenter. After reporting their
score to the experimenter, the participant then completed the
ESS. The second condition, called ESS Middle, was
identical to the first except for the placement of the ESS. In
the second condition, participants completed the ESS
halfway through the test (GRE and ACT). The third
condition, called Contingency, was identical to the first
condition except participants were told during the
instructions that how much extra credit they received for
their participation was contingent on their performance on
the test.

Participants
Participants were 51 students enrolled in an Introduction to
Psychology course at a southern liberal arts university.
Participants received extra credit for their participation in
the study.

Materials
Test of Self-Conscious Affect. The TOSCA-3 (Tangney &
Dearing, 2002) was developed as a tool to measure guiltproneness, shame-proneness, proneness to externalization,
and proneness to unconcern. The TOSCA-3 consists of 15
scenario-based situations that test takers may encounter in
their day to day lives. Following each scenario, test takers
are asked to rate the likelihood of reacting to each of the
options on a five point scale.
Experiential Shame Scale. According to Turner
(2014), the Experiential Shame Scale (ESS) is “an opaque
measure of physical, emotional, and social markers of
shame experiences...developed to address the difficulties of
assessing state shame.” The ESS consists of eleven
questions in which the test taker indicates the number that
best describes how they feel right now when comparing two

Results
A t test was conducted exploring any differences that might
exist between those with “high” shame proneness versus
those with “low” shame proneness. Those with scores of 50
and above were scored as “high” shame prone and those
below 50 were coded as being “low” shame prone (based on
TOSCA scores). Results revealed a significant difference
between participants regarding high or low shame
proneness. More specifically, those with “high” shame
proneness scored significantly higher on the ESS (M=3.96)
than those with “low” shame proneness (M=3.40), t(49)=2.443, p=.018, d = .69.
A 2X3 ANOVA revealed a significant interaction
between condition and shame proneness, F(2,45)=2.189,
p=.029, partial η2 = .15. Follow up tests revealed that for
the participants that were in the “low” shame proneness
category, it did not matter what condition they were in. In
other words, their levels of shame were statistically
consistent across all three manipulations. However, for
those that were “high” shame prone, the Original condition
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produced significantly higher ESS scores (M=4.55)
compared to the ESS Middle (M=3.84), and the Contingency
group (M=3.26). Additionally, participants that were “high”
shame prone (M= 4.6) scored significantly higher on the
ESS in the Original condition compared to participants in
the Original condition that were “low” shame prone
(M=3.28).

Figure 2. Average ESS score for ACT.

Scholarly Significance
Figure 1. Average ESS score across both the GRE and ACT.
When looking at the participants that completed
only the ACT during their shame induction intervention, we
see a main effect for condition, F(2,19)=4.168, p=.032,
partial η2 = .305. Post-hoc analyses show that the
participants in the Original condition (M=4.33) had
significantly higher scores on the ESS compared to the
participants in the Contingency condition (M=3.12), p=.01.
A significant interaction between condition and
shame proneness was also revealed, F(2,19)=10.249,
p=.001, partial η2 = .519. When interpreting the significant
interaction, what can be seen is that for participants that
have low shame proneness, there was no statistical
differences regarding ESS regardless of what condition they
were in. However, when you look at the participants that
were high shame prone, those in the Original condition
(M=5.6) scored significantly higher than both the ESS
Middle (M=4.0), p=.005 and the Contingency (M=2.61),
p=.000. Additionally, participants in the ESS Middle
(M=4.00) scored significantly higher on the ESS than the
participants in the Contingency (M=2.61), p=.007. Lastly,
those in the Original condition with high shame proneness
scored significantly higher on the ESS (M=5.6) compared to
the participants in the Original condition with low shame
proneness (M=3.12), p=.000.
No significant main effects or interactions were
discovered for students that were exposed to the various
manipulations in the context of the GRE practice problems.

Adding to the body of research on self-conscious emotions,
results suggest systematically inducing a state of academic
shame is possible. In the current study academic shame was
experienced by students that 1) have high shame proneness
(as measured by the TOSCA) 2) are completing a task in
which there is expectation of success (i.e., ACT) and 3)
experience a perception of failure (i.e., a failing score that is
not congruent with their expectation).
In the current study, the experiment instructions stated
“These are problems that, as a college student, should not
be extremely challenging for you.” This easily overlooked,
yet powerful statement may be one underlying mechanism
that, in part, yielded the observed results. More specifically,
those students that were placed in the ACT and were told
that these problems “…should not be extremely challenging
for you” were more likely to experience shame than learners
that received the same statement but were assigned the GRE
practice problems. It is the belief of the authors that the
learners were able to justify their low performance on the
GRE which therefore nullified any experiences of shame. In
other words, there was little expectation of success. Based
on these results, educators should remain neutral when
discussing the ease or difficulty of any particular assignment
or run the risk of inducing academic shame in a subset of
students. This is especially true when students are working
on a task in which they feel they are expected to know the
information (high expectation of success).
Additionally, these results are consistent with other
research that has shown that feelings of shame are strongly
correlated with feelings of shock (Turner, 2014). Those that
were assigned the ACT had an expected score of 62.65.
When they received a score of 40% this was not congruent
with their expectation which lead to shock and a perception
of failure which in turn elicited shame. Conversely, those
that completed the GRE had an average expected score of
52.52. When they received their score of 40%, this was not
incongruent enough to illicit a state of shock and shame.
Future research will begin to explore what direct effect
academic shame has on learning. For example, it is the
viewpoint of some researchers that shame is detrimental

1100

(Turner, 2008, 2014; Graham & Weiner, 2012; Weiner,
1985). However, some researchers postulate that shame may
not be all bad, all the time (Probyn, 2005; Turner, Husman,
& Schallert, 2002; author, submitted). If it is shown that
academic shame has a negative impact on learning, the
ultimate goal of the authors is to develop an empirically
supported shame resiliency intervention that can be easily
delivered by instructors and administrators.
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Abstract
Previous research has shown that active engagement drives
children’s remarkable learning capabilities. We investigated
whether preschoolers are ecological learners, able to select
those active learning strategies that are most informative in a
given task. Children (n = 114; 3 to 5 years old) chose between
two exploratory actions (opening vs. shaking) to find an egg
shaker hidden in one of four small boxes, contained in two
larger boxes. Prior to this game, children learnt that the egg
was equally likely to be in any of the four small boxes
(Uniform condition), or that it was most likely to be in one
particular small box (Skewed condition). Results show that 3and 4-year-olds, but not 5-year-olds, successfully tailored their
exploratory actions to these different likelihood distributions.
We suggest that ecological learning may be a key mechanism
explaining how children can efficiently learn about the world
around them.
Keywords: active learning; ecological learning, adaptiveness,
cognitive development

Introduction
How can children learn so much about the world so quickly?
A rich body of research has demonstrated that active
engagement with the world is a crucial component of
learning: Preschoolers (3 to 5 years) and even infants
selectively explore objects and events that are likely to be
informative, such as those that violate their expectations and
assumptions or that are causally confounded (Bonawitz, van
Schijndel, Friel, & Schulz, 2012; Cook, Goodman, & Schulz,
2011; Legare, 2012; Schulz & Bonawitz, 2007; Sim & Xu,
2014; Sim & Xu, 2017; Stahl & Feigenson, 2015). As
language develops, young children ask about the meaning of
words, request the labels of objects, and inquire about the
many new and puzzling phenomena they encounter
(Chouinard, 2007; Frazier & Gelman, 2009; Mills, Legare, &
Grant, 2011; Legare, Mills, Souza, Plummer, & Yasskin,
2013; Ruggeri & Lombrozo, 2015). To learn efficiently,
children need to be ecological learners (Ruggeri &
Lombrozo, 2015; Ruggeri, Sim, & Xu, 2017); that is, they
have to adapt their active learning strategies to select those

actions or questions that are most informative in the task at
hand.
Earlier studies suggest that children do not select the most
informative evidence to explore until well into late primary
school age (Chen & Klahr, 1999; Kuhn & Brannock, 1977).
However, recent studies employing the 20-questions game,
in which the goal is to find the solution to a causal inference
task (e.g., “Yesterday, Toma was late for school. Why?”) by
asking only yes/no questions, suggest that children are indeed
ecological learners. In particular, 7- to 10-year-olds ask
different kinds of questions depending on the likelihood
distribution across the potential candidate solutions. For
example, children tend to ask questions targeting a single
hypothesis (hypothesis-scanning questions; e.g., “Is Toma
late because he woke up late?”) when this hypothesis is
presented as more likely than the others. However, when all
candidate hypotheses are presented as equally likely, children
tend to ask questions that target a feature shared by multiple
hypotheses (constraint-seeking questions; e.g., “Is Toma late
because he could not find something?”), thereby ruling out
several candidate hypotheses at once (Ruggeri & Lombrozo,
2015). There is evidence that even 5-year-olds are able to
select the most informative of two given questions adaptively
based on the likelihood distribution in the hypothesis space
under consideration - although they are not able to generate
the most informative questions from scratch yet (Ruggeri,
Sim, & Xu, 2017). However, virtually nothing is known
about whether children younger than 5 years of age are
ecological learners, able to adapt their active learning
strategies to the information structure of a task. Moreover, it
is unclear whether the adaptiveness found in older
preschoolers and primary school children would extend
beyond the question-asking paradigm.

The present study
As the question-asking paradigm heavily relies on children’s
developing verbal skills, it may not be suitable to study
ecological learning in younger preschoolers. In the present
study, we developed a novel nonverbal exploration paradigm
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to investigate whether children as young as three years old
are ecological learners. Preschoolers (3 to 5 years old) played
a game in which they were presented with two large open
boxes, each containing two smaller boxes (Figure 1). They
watched the experimenter place an egg shaker in one of the
four small boxes and were prompted to retrieve it and use it
to activate a light-up toy (frequency training phase). This
placement was repeated four times. Crucially, we varied
between subjects whether the experimenter always placed the
egg in the same (Skewed condition) or a different (Uniform
condition) small box (Figure 1). Next, children were
demonstrated and learned two actions that could be used to
find out whether a large box contained the egg: shaking it, to
hear whether the egg was inside one of the small boxes, or
opening the large and the two small boxes inside it (action
training phase).

Figure 1. Frequency training phase. An egg shaker was
placed four times into one of four small boxes (green, blue,
yellow, and red) contained in two larger boxes (white or
black). After each placement, children were asked to retrieve
the egg and use it to activate a light-up toy. We manipulated
between subjects whether the egg was always hidden in the
same (Skewed condition) or a different (Uniform condition)
small box.
In the test phase, the experimenter asked children to cover
their eyes, hid the egg in one of the four small boxes, and
closed all the small and both large boxes. The children had to
find the egg, so that they could activate the light-up toy. They
were allowed to open only one large box, but could shake one
or both large boxes before deciding which one to open. The
shaking and opening actions were informative in different
ways in the two conditions. From the frequency training
phase, children in the Uniform condition could not know in
which small box the egg was hidden. Shaking at least one
large box before deciding which one to open was therefore
necessary to avoid opening the wrong box and missing the
opportunity to find the egg and play with the light-up toy. On
the other hand, children in the Skewed condition should have
known where the egg was hidden and could open the correct
large and small box right away. Drawing a parallel with the
question-asking paradigm previously adopted to study
ecological learning (Mosher & Hornsby, 1966; Ruggeri &
Feufel, 2015; Ruggeri & Lombrozo, 2015; Ruggeri, Sim &

Xu, 2017), shaking a large box in our task corresponds to
asking a constraint-seeking question that targets multiple
hypotheses (i.e., the two small boxes inside the large box). In
contrast, opening a small box corresponds to asking a
hypothesis-scanning question that targets one single
hypothesis (i.e., one small box inside one large box). If
children learned during training how likely the egg was to be
found across the four small boxes and adapted their
exploratory actions accordingly, they would be more likely
to shake before opening a box in the Uniform condition than
in the Skewed condition.

Method
Participants. One hundred fourteen children (62 girls, 52
boys) participated in this study (3-year-olds: N = 38, Mage =
41.96 months, SD = 3.03 months; 4-year-olds: N = 37, Mage
= 54.32 months, SD = 3.21; 5-year-olds: N = 39, Mage = 64.41
months, SD = 3.43 months). Children were recruited from
preschools and museums in the East Bay of the San Francisco
area.
Materials. The two large test boxes were made of black and
white cardboard. The large boxes could be opened and closed
with Velcro strips. Each large test box contained two smaller
differently colored round boxes (green/blue for the white
large box and yellow/red for the black large box), glued to its
bottom. To ensure that the small boxes were easy to open,
plastic rings were attached to their lids. The two large boxes
used for the action training were identical in size and shape
to the two large test boxes but were made of brown and grey
cardboard. The small boxes inside the large box used to
demonstrate the opening action were purple and pink. Two
white egg shakers were used: one with red dots for the
frequency training phase and the test phase, and one with blue
dots for the action training phase. The spinning light-up toy
was mounted on top of a black box and was surreptitiously
activated via remote control by the experimenter whenever
the egg shaker was placed on the machine. We extensively
piloted the materials and procedure with children aged 2 to 6
years to make sure that the size and weight of the large boxes,
relevant for the shaking action, as well as their opening
mechanism, were appropriate for all children, so that even the
youngest ones could perform the shaking and opening actions
without difficulty.
Design and Procedure. We employed a between-subjects
design with two conditions (Skewed vs. Uniform) and three
age groups (3, 4, and 5 years). The experiment consisted of
four phases. During the familiarization phase, the
experimenter presented the egg shaker and placed it on the
light-up toy to demonstrate that the egg could be used to
activate the toy. She then told the children, “In this game,
when you find this ball, you’ll get to put it on the toy and play
with it!” Next, she showed children the two large boxes,
which sat on the table with their lids open. She then opened
and closed the four small boxes one after the other to
demonstrate that they were empty.
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In the Skewed condition, it was placed either in the leftmost
or rightmost small box, depending on the current
counterbalancing version.
After hiding the egg shaker, the experimenter pushed the
large boxes to the edges of the table so that they would be
hard to reach for the children and said, “I’m ready now! You
can look! I hid the ball in one of the four small boxes, that are
now over there [indicates the boxes on the table]. When you
find it, you can play with the toy!” Next, she closed both large
boxes and told the children that they were allowed to open
only one of the two large boxes to find the egg shaker.

Results
To analyze children’s performance in our experiment we
performed a series of Chi-square tests. Overall, we found that
more children (67%) shook one or both large boxes before
deciding which one to open in the Uniform as compared to
the Skewed condition (43%), χ2 (1, 114) = 6.85, p = .009).
This suggests that the children had effectively learned how
likely the egg was to be found across the four small boxes and
had used this information to decide which exploratory action
to perform.
% of children who shook before opening

The frequency training phase consisted of four rounds. On
each round, the experimenter opened one of the four small
boxes, placed the egg shaker inside it, and closed it again. In
the Skewed condition (N = 56), the experimenter always
placed the egg shaker in the same small box, either the
leftmost or the rightmost (counterbalanced across
participants), saying, “See? In this game, I always hide the
ball in the same box” (see Figure 1). In the Uniform condition
(N = 58), the experimenter placed the egg shaker in a different
small box on each round in an ordered fashion, either rightto-left or left-to-right (counterbalanced across participants),
so that at the end of the training phase the experimenter had
placed the egg shaker once in each small box, saying, “See?
In this game, I always hide the ball in a different box” (see
Figure 1). After the egg shaker had been placed inside one
of the four small boxes, the children were prompted to
retrieve the egg shaker and use it to activate the light-up toy.
During the action training phase, the experimenter
demonstrated two actions the children could perform to find
out whether or not a large box contained the egg shaker: they
could either shake the large box, to hear if one of the small
boxes inside contained the egg shaker, or open the large and
the small boxes to explore their contents. Each action was
demonstrated using novel large and small boxes (see
Materials section above). For the shaking training, the
experimenter presented a novel large box and said, “Oh look,
here is another big box. This big box also has two small boxes
inside, like those [points to the two test boxes]. Hmm… I
wonder if there is a ball in one of the two small boxes inside
here.” After a short moment, she continued, “Here is one
thing we can do to find out: we can shake the big box!” She
then proceeded to shake the box, ensuring that the children
had noticed the egg shaker inside it from its rattling sound.
Children were then prompted to shake the box themselves.
For the opening training, the experimenter presented the
other novel large box and said, “Oh look, here is another big
box. This big box also has two small boxes inside, like those
[points to the two test boxes]. Hmm… I wonder if there is a
ball in one of the two small boxes inside here.” She
continued, “Here’s one thing we can do to find out: we can
open the big box!” The experimenter then demonstrated how
to open the large box and the two small boxes inside it and
prompted children to repeat the action. The order in which
the two actions were demonstrated was counterbalanced
across participants.
During the test phase, the experimenter presented children
with the same boxes used in the frequency training phase and
said, “Okay, now we are going to play a hiding game! I’m
going to hide the ball in one of the small boxes, and you’ll
have to find it!” Children were then asked to cover their eyes
with the help of their parents. To hide the egg shaker, the
experimenter opened the lids of all four small boxes, placed
the egg shaker in the target box, and closed all four small
boxes again but left the lid of the large boxes open. Opening
and closing of the four small lids was performed in random
order. The egg’s hiding location varied so that in the Uniform
condition, the egg shaker was hidden in a random small box.

80%
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Skewed condition

Figure 2. Proportion of children who shook one or both large
boxes before deciding which one to open in the Uniform and
Skewed conditions. Three- and 4-year-olds efficiently
adapted their exploratory actions to the task: they were more
likely to shake a large box before opening it in the Uniform
than in the Skewed condition. Five-year-olds were equally
likely to shake first, irrespective of condition.
We observed a general developmental difference in the
actions children performed: across both conditions, most of
the 3-year-olds opened one large box right away (66%),
whereas most of the 4- (59%) and 5-year-olds (72%) shook
first (χ2(2, 114) = 11.39, p = .003; see Figure 2). Our results
also showed a decrease in adaptiveness with age: As can be
seen in Figure 2, 3- and 4-year-olds performed different
exploratory actions (shaking vs. opening) in the two
conditions, with a larger proportion of children shaking
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before opening in the Uniform as compared to the Skewed
condition (3-year-olds: χ2(1, 38) = 4.68, p = .03; 4-year-olds:
χ2(1, 37) = 4.89, p = .03). However, this was not the case for
5-year-olds (p = .65), the majority of whom shook first in
both conditions. This finding seems to suggest that whereas
3- and 4-year-olds are ecological, adaptive learners, 5-yearolds might not be sensitive to the task’s information structure.

Discussion
In this project, we investigated whether preschoolers adapt
their active learning and search strategies to the information
structure of the current learning environment. Children
searched for an egg shaker hidden in one of four small boxes
contained in two larger boxes. In two different conditions,
children initially learned that the egg shaker could be found
in any of the four small boxes (Uniform condition) or was
most likely to be found in one particular small box (Skewed
condition). Children could then choose between two
exploratory actions: they could either open the large and
small boxes right away, or shake them first to hear which
large box contained the egg. We found that children in the
Uniform condition tended to shake the boxes first, whereas
children in the Skewed condition preferred to open a box
right away. In line with previous research demonstrating that
preschoolers and even infants are excellent at tracking
statistical regularities (e.g., Denison, Bonawitz, & Gopnik,
2013; Kushnir, Xu, & Wellman, 2010; Waismeyer, Meltzoff,
& Gopnik, 2015; Wellman, Kushnir, Xu, & Brink, 2016), our
results suggest that preschoolers in our task correctly inferred
how likely the egg was to be found across the four small
boxes based on the frequency pattern they observed.
More importantly, we demonstrated that preschoolers
exploit this statistical sensitivity to guide their own
exploratory actions – choosing the action that promises the
largest information gain in the current learning situation. We
have thus provided compelling evidence that even 3-yearolds are ecological learners, able to efficiently adapt their
exploratory actions to the information structure of the task.
This result is particularly important considering that earlier
investigations have offered mixed evidence as to whether
younger preschoolers can implement the most efficient
learning strategies when asking questions from scratch or
selecting among given questions (Herwig, 1982; Legare et
al., 2013; Ruggeri, Sim, & Xu, 2017).
We also found a developmental increase in the percentage
of children who shook one or both large boxes, suggesting
that with increasing age, children’s default strategy changed
from opening to shaking. Interestingly, this shift is consistent
with the developmental progression from hypothesisscanning to constraint-seeking questions that occurs later in
development (Mosher & Hornsby, 1966; Ruggeri &
Lombrozo, 2015; Ruggeri, Sim, & Xu, 2017). To test the
hypothesis that this pattern reflects a change in “default
strategy”, we are currently analyzing children’s response
latencies, defined here as the time elapsed between the
experimenter’s “go” signal and the child’s first touch of a
box. If children’s default strategy changes from opening to

shaking, we might expect younger children to be faster to
select the opening than shaking action, and older children to
be faster to select the shaking action.
In addition, we are also assessing age related differences
in the number of children who opened the correct small box
in the two conditions. Generally, we expect fewer children in
the Skewed condition to open the wrong small box, as
compared to the Uniform condition, where we expect chance
performance. One might argue that those children who
opened the wrong small box in the Skewed condition did not
actually perform the appropriate action. However, it could
also be that children who opened the wrong small box did
encode the skewed nature of the likelihood distribution
correctly but failed to accurately remember which of the
small boxes was the one containing the egg shaker.
Considering that working memory improves significantly
over the preschool years (e.g. Roman et a., 2014), we might
expect a developmental decrease in the number of children
opening the wrong small box in the Skewed condition.
We also observed a surprising developmental change in
adaptiveness: Whereas 3- and 4-year-olds tended to select the
exploratory action that was most efficient in the two
conditions (i.e., shaking in the Uniform and opening in the
Skewed condition), the choices of 5-year-olds were not
adaptive. Although counter-intuitive, this finding is in fact in
line with previous research showing that despite a general
increase in search efficiency across the lifespan (Ruggeri &
Lombrozo, 2015; Ruggeri & Feufel, 2015), the adaptiveness
of search strategies may decrease in adulthood. For instance,
9-year-old children, but not adults, asked different types of
questions depending on the likelihood of the solution in a 20questions game where they had to find out why John was late
for work. In particular, when told that the solution to the game
was unlikely (i.e., infrequent), children asked more
constraint-seeking questions than when they were told the
solution was very likely. However, adults always asked a
majority of constraint-seeking questions, irrespective of the
solution’s likelihood (see Ruggeri & Lombrozo, in
preparation). Similarly, evidence from causal learning studies
suggests that although overall younger children are less
efficient learners, they might be more sensitive than adults to
the evidence they observe, especially when learning about
unusual causal systems (Lucas, Bridgers, Griffiths, &
Gopnik, 2014).
How can the decrease in adaptiveness in our task be
explained? There are several not mutually exclusive possible
interpretations. First, it could be that growing up, children
learn that the world is more likely to be ruled by uncertainty
than by clearly predictable risk patterns. Hence, 5-year-olds
may have mistrusted the deterministic model of the world we
presented them in the Skewed condition, in which the egg
shaker was placed in the same small box every time. Second,
a more enhanced understanding of the social world, including
others’ beliefs, intentions and the possibility of deception
(e.g., Bosco & Gabbatore, 2017; Lee, 2013; Polak & Harris,
1999; Wellman & Cross, 2001) may have led older
preschoolers to distrust the experimenter to repeat the pattern
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presented during training. Instead, children may have
suspected her to be tricking them by inducing a false belief
about the egg’s hiding location. Crucially, although from a
purely information theoretical perspective shaking the large
boxes in the Skewed condition was an unnecessary action, it
was not penalized in any way. As a result of suspicion
towards our experimental set-up, older children may have
decided to shake the large boxes because they preferred to
sacrifice efficiency in favor of certainty – preferring to
ensure, at no cost, that the egg was where expected.
To test the hypothesis that older children may have been
more suspicious or mistrusting of our experimental set-up,
we are conducting further analyses on our data, assessing
developmental differences in the proportion of children who
decided to shake one or both boxes before opening. Indeed,
in both conditions, whatever intuitions children might have
had about the location of the hidden egg, shaking the second
large box did not provide any additional information. Such a
behavior would therefore be a sign of confirmatory
tendencies, reflecting children’s mistrust in the experimenter
(“Did she really hide the egg at all?”), Thus, we might expect
older children to be more likely to shake more than one large
box.
Finally, older preschoolers may have experienced more
often than younger children that constraint-seeking strategies
are generally very effective in situations of uncertainty and
may have implemented such a strategy (i.e., shaking) as a
default without considering the characteristics of the task. To
rule out some of these factors, we are currently conducting a
follow-up study in which we motivate 5-year-olds to shake a
large box only when strictly necessary by asking them to
“pay” a sticker to do so. In addition, we plan to present
children with a more realistic model of the world by
introducing several probabilistic versions of the Skewed
condition. In this version of the task, we will gradually vary
the likelihood of the egg shaker being found in the different
small boxes, providing more fine-grained differences in
informativeness between the shaking and opening actions.
Finally, we plan to replicate our findings in different cultural
and educational contexts to establish the robustness and
universality of active learning adaptiveness. In fact, there is a
large number of sociocultural factors that may impact
children’s behavior in an active learning task like the one
used in this study. For instance, growing up in a more or less
performance-oriented environment may influence whether
children interpret our game as a performance-test, in which
opening the wrong box indicates failure, or whether they
think of it as just a game where performance has no
implications. Similarly, it may be interesting to explore how
schooling affects children’s ecological learning potential. For
example, do educational programs focusing on nurturing
children’s natural exploration tendencies, such as Montessori
schools, boost their active learning effectiveness and
adaptiveness? Investigating the impact of these factors might
help to develop interventions and to design intuitive
environments to improve children’s active and ecological
learning at different developmental stages.

The present paper provides, for the first time, compelling
evidence that children as young as three are ecological
learners who adapt their exploratory actions to a task’s
information structure. The efficiency of a learning strategy
cannot be measured in absolute terms because strategies vary
in informativeness depending on the characteristics of the
task at hand (Todd, Gigerenzer, & The ABC-Research
Group, 2012). In this sense, the ability to adapt learning
strategies to characteristics of the environment is crucial to
ensure learning effectiveness. Indeed, ecological learning
provides a key mechanism underlying children’s remarkable
learning capacities: We suggest that children are excellent
learners because they are able to flexibly tailor and adapt
their exploratory actions to characteristics of the current task
and dynamically choose those actions that maximize
information gain. Therefore, it is crucial to investigate more
closely how the potential for ecological learning develops
across the lifespan and which factors have an influence on it.
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Abstract
Language provides multiple ways of conveying the opposite:
A person not happy can be unhappy, sad, or perhaps neither,
just not happy. Rather than being redundant, we hypothesize
that uncertainty about the meaning of negation markers allows
listeners to derive fine-grained distinctions among these various alternatives. We formalize this hypothesis in a probabilistic model of gradable adjectives (e.g., happy), and use this to
address an outstanding puzzle: how to interpret double negations (e.g., not unhappy). Our model makes surprising additional predictions about a putative difference between morphological antonyms (unhappy) and negated positives (not happy):
Listeners should judge unhappy as more sad than not happy
only when confronted with alternatives in context; when interpreted in isolation, we predict no difference in understanding.
Two behavioral experiments confirm consistent orderings of
interpretations that interact with the presentational context in
the way predicted. These findings support the hypothesis that
listeners represent uncertainty even about the most logical elements of language.
Keywords: semantics; pragmatics; negation; Bayesian cognitive model; Rational Speech Act

Figure 1: Possible ordering of antonyms and their negations.
then, would compete with happy as a pragmatic alternative
and so would be contextually strengthened to a more specific
interpretation, namely to a neutral or indifferent state (Horn,
1991), contra Jespersen (1924)’s intuition that not unhappy is
a slightly positive state. Such an analysis would further depend on the meaning of not happy (Blutner, 2004), of which
there is little agreement: Jespersen (1917) and Blutner (2004)
argue that it means the same as unhappy, while Krifka (2007)
cites examples like:
It’s an absolutely horrible feeling to be unhappy, and I don’t
even think I was unhappy, just not happy, if you know what I
mean. (taken from the internet)

Introduction
If “Jones is not unhappy”, does that mean that Jones is happy?
Jespersen (1924) suggested not:
[T]wo negatives do not exactly cancel one another [. . .]; the
longer expression is always weaker: “this is not unknown to
me” or “I am not ignorant of this” means “I am to some extent
aware of it,” etc. (p. 332)

Negated antonyms (e.g., “not unhappy”) are thought to
occupy a particular region of their associated scale (e.g.,
happiness), below positive adjectives (“happy”) but above
negated positives (“not happy”) and antonyms (“unhappy”)
(Fig. 1; Krifka, 2007). A straight-forward, compositional
analysis, however, would map morphological negation via affixation (e.g., un-) and negation particles (e.g., adverbial not)
to proposition-level negation (¬) of standard logic. Such a
logically-transparent theory would predict that the two overt
negation markers cancel each other out: not unhappy means
¬¬happy, or just happy. Orwell (1946) voiced this opinion:
Banal statements are given an appearance of profundity by
means of the “not un-” formation. [. . .] It should be possible to
laugh the “not un-” formation out of existence by memorizing
this sentence: “A not unblack dog was chasing a not unsmall
rabbit across a not ungreen field.” (p. 357)

How does such a logical linguistic device—negation—give
rise to a multiplicity of meanings? Both syntactic (Cable,
2017) or pragmatic (Rett, 2014) mechanisms could be at play,
but heretofore there have been no computational accounts
tested against human behavioral data. We propose a probabilistic model of pragmatic reasoning in the Rational Speech
Act tradition (Franke & Jäger, 2015; Goodman & Frank,
2016), combining previous work on gradable adjectives (e.g.,
tall; Lassiter & Goodman, 2015; Qing & Franke, 2014) with
elements of lexical uncertainty (Bergen, Levy, & Goodman,
2016). We formalize the hypothesis that uncertainty about
the meaning of overt negation markers (un-, not) interacts
with pragmatic reasoning to give rise to fine-grained interpretations in the moment. These differences are shown to be
sensitive to the presence of explicit alternative utterances, as
suggestsed by Krifkas’s example above. We compare model
predictions to novel data from two experiments that measure
interpretations for different kinds of adjectives in different
contexts, uncovering subtle but reliable differences.

Computational model

Alternatively, morphological antonyms (“unhappy”) could
behave like lexical antonyms (“sad”) which seem clearly to
express contrary opposition. Two contraries cannot both be
true, but they can both be false (Horn, 1989): Jones may be
neither happy nor sad, neither tall nor short. Not unhappy,

Negation is the semantic operation of forming an opposite,
but there are multiple kinds of semantic opposition. A contrary opposition is one where both predicates cannot be true
at the same time, but both can be false (e.g., tall and short).
A contradictory opposition is one where the falsity of one
predicate entails the truth of the other (e.g., even/odd positive integer). We posit that listeners have uncertainty about
whether negation markers (not, un-) express contradictory or
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contrary opposition, and examine its effect on the interpretation of negated gradable adjectives (e.g., tall, happy).
Formal linguistic theories capture the meaning of gradable adjectives as a threshold function:
[[happy]] =
lx . happiness(x) > q, whose threshold variable q is supplied
by the context (Kennedy, 2007). Here, we introduce contrary
and contradictory negations into a pragmatic model that reasons about a speaker’s likely q (Lassiter & Goodman, 2015).
Formally, if Hx expresses that x is happy, contradictory opposition is standard, proposition-level negation ¬Hx. Contrary opposition, on the other hand, forms a new predicate H̃x
which introduces its own threshold qH̃ . Contradictory opposition is iterable (¬¬Hx) but contrary opposition is not (Horn,
1989). As a result, not happy and unhappy can mean either
¬Hx or H̃x, while not unhappy may mean ¬¬Hx or ¬H̃x
(Fig. 2).
Listener uncertainty about the interpretation of negation
markers can be modeled as uncertainty about the speaker’s
lexicon L (Bergen et al., 2016). We combine this technique
with the model of Lassiter & Goodman (2015) that derives
plausible thresholds q for gradable adjective interpretation:
L1 (x, q, L | u) µ S1 (u | x, q, L ) · P(x) · P(q) · P(L )

(1)

L0 (x | u, q, L ) µ L (u, x, q) · P(x)

(3)

S1 (u | x, q, L ) µ exp (a · ln L0 (x | u, q, L )

cost(u))

(2)

Eqs. 1-3 are a Rational Speech Act (RSA) model, a recursive reasoning model wherein a pragmatic listener L1 tries to
resolve the intended meaning of an utterance u (e.g., “Jones
is not unhappy”) by combining its prior beliefs about the degree of Jones’ happiness P(x), with the generative process of
the utterance, a speaker model S1 . The speaker model S1 describes an approximately rational agent (with degree of rationality a) trying to inform a naive listener L0 about the degree
x. The literal listener L0 updates its prior beliefs P(x) via
an utterance’s literal meaning in lexicon L , where L (u, x, q)
gives the truth-value of u in lexicon L applied to state x under threshold q. The pragmatic listener has uncertainty about
q, which comes from an uninformed prior and is resolved by
jointly reasoning about the likely degree P(x), the likely lexicon P(L ), and the likelihood S1 (u | x, q, L ) that a cooperative information-maximizing speaker would utter the adjective given a degree x, threshold q, and lexicon L .
Any predicted qualitative differences between interpretations of antonym pairs and their negations will depend on
the space of meanings considered in the lexicon prior P(L ).
There are three natural possibilities. One is that negation
markers map only onto contradictory meanings (the logical
negation or George Orwell class of meanings; Fig. 2 blue
dashed lines). Alternatively, morphological negation (un-)
could express a bonafide contrary meaning (a la sad; Fig. 2
purple fuzzy lines). Finally, both overt negation markers
(un-, not) could be mapped to either oppositional meaning—
contrary or contradiction—up to the constraints of compositionality described above (full uncertain negation model; all
meanings shown in Fig. 2). For maximal similarity to the full

Figure 2: Space of possible meanings in the lexicon prior for
the logical negation, bonafide contraries, and the full uncertain negation models.
uncertain negation model, we allow the bonafide antonyms
model to maintain uncertainty about particle negation (not).1
For a given lexicon prior, listeners reason about which lexicon best explains a speaker’s single utterance (Fig. 3, single
utterance). If a speaker uses multiple utterances in the same
context, the listener may have even more information about
the speaker’s lexicon. We thus also generate predictions for
our models by conditioning L1 on the observation of a speaker
using all four adjective alternatives to describe four different
individuals in the same context (Fig. 3, multiple utterances).
Model predictions use the following minimally assumptive
model parameters: P(x) = N (0, 1); a = 1; cost(un) = 1 <
cost(not) = 2.2
Upon hearing not unhappy, our uncertain negation model
reasons that a truly compositional ¬¬happy is implausible
(intuitively because the speaker could have said the simpler
happy) and interprets the utterance as signalling a slightly
positive state (Fig. 3) When conditioning on a single utterance, uncertain negation does not differentiate antonyms
(unhappy) from negated positives (not happy), as Jespersen
(1917) and Blutner (2004) surmised. But when it hears multiple utterances in the same context, the model predicts that
unhappy is more sad than not happy, producing the ordering hypothesized by Krifka (2007) in Fig.1. The bonafide
contraries class of meanings also yields interpretations of
negated antonyms as slightly positive, but predicts Krifka’s
ordering for both single and multiple utterance conditioning. The logical negation class does not differentiate between
negated antonyms and positives, nor between negated positives and antonyms. All models have more extreme interpretations when they condition on multiple utterances.

Behavioral experiments
The uncertain negation model predicts a partial ordering for
morphological antonyms and their negations when heard in
isolation (with antonyms ⇡ negated positives), but a full ordering when present in the same context (Fig. 3). As a control condition, we examine antonyms which do not have overt
1 Instead, in the bonafide antonyms model, one could fix the
meaning of particle negation (not) to be logical negation. This turns
out to not produce any qualitative difference from maintaining uncertainty about not’s meaning.
2 Predictions are qualitatively similar when cost(un) = cost(not).
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single utterance

unhappy
not happy

multiple utterances

happy
not unhappy

cal), and their negations using the particle “not”—that have
the same positive adjective as an adjective set (e.g., one adjective set is happy, unhappy, not happy, not unhappy). 10
adjective sets were constructed for each antonym type (total
20) from an informal survey of the linguistics literature and
taken from a list of “common opposites” available online (Table 1).3 Each trial of the experiment used an adjective from a
distinct adjective set (e.g., if a participant rated unhappy, they
rated no other adjective from the {happy, unhappy, . . . } set).

uncertain negation

bonafide antonyms

Morphological antonyms
attractive, unattractive
educated, uneducated
friendly, unfriendly
happy, unhappy
honest, dishonest
intelligent, unintelligent
interesting, uninteresting
mature, immature
polite, impolite
successful, unsuccessful

logical negation
−0.5
Antonym

0.0

0.5
−0.5
0.0
0.5
model interpretation
Negated positive
Negated antonym
Positive

Figure 3: Uncertain negation listener model (Eq.1) posterior
expectations on a normalized scale (x-axis) for different adjective types (color). The space of possible meanings is restricted for bonafide antonyms and logical negation simulations (Fig.2). Paddles are vertically-offset when overlapping.
negation markers (e.g., short). These lexical antonyms should
behave like bonafide antonyms, which predicts a full ordering
regardless of context. Expt. 1 was exploratory and informed
our computational modeling. Expt. 2 is a larger, more stringent, preregistered (osf.io/p7f25/) replication.

Experiment 1: Single utterances
Participants We recruited 120 participants from Amazon’s
Mechanical Turk (MTurk). This number was arrived at with
the intention of getting approximately 25 ratings for each
unique item in the experiment. In all experiments, participants were restricted to those with U.S. IP addresses and at
least a 95% work approval rating; in addition, participants
who self-reported a native language other than English were
excluded. The experiment took on average 3 minutes and participants were compensated $0.40.
Procedure On each trial, participants read a statement introducing a person using a gradable adjective of one of
four adjective types: positives (e.g., happy, tall), antonyms
(e.g., short, unhappy), and their respective negations (not X).
Antonyms were one of two types: morphological (e.g., unhappy) and lexical (e.g., short). Participants rated the character on a scale from “the most positive person” to “the
most antonym person” (item-dependent) using a slider bar
(Fig. 4A). Participants rated one sentence at a time and saw
items from both antonym types throughout the experiment.
Each participant completed a total of 16 trials, with exactly 2
repetitions of each adjective type for each antonym type.
Materials We used adjectives that described properties of
people. We refer to a collection of the four associated adjective forms—positives, antonyms (morphological or lexi-

Lexical antonyms
beautiful, ugly
brave, cowardly
fat, skinny
hard-working, lazy
loud, quiet
proud, humble
rich, poor
strong, weak
tall, short
wise, foolish

Table 1: Items in Experiment 1.
Results 6 participants were excluded for self-reporting a
native language other than English, leaving a remainder of
114 participants for these analyses.
The qualitative predictions of our models concern the ordering within a set of alternatives for different antonym types
(morphological vs. lexical). To visualize the data, we compute normalized responses on a participant-wise basis (i.e.,
r mean
normalized response ri0 j = i j sd j j for trial i and participant
j). Fig. 5A shows the mean normalized responses and bootstrapped 95% confidence intervals for each of the four adjective types for morphological and lexical antonyms. Critically,
as predicted by the uncertain negation model, adjective sets
with morphological antonyms show only a partial ordering,
while those with lexical antonyms show a full ordering.
To confirm these observations, we built a linear mixed
model predicting the raw, unnormalized ratings in terms of
fixed effects of antonym type (morphological vs. lexical), adjective type (Helmert coded in order: antonym, negated positive, negated antonym, positive)4 , and their interaction; the
model also included random intercepts and random slopes
of adjective type by-participant and by-item.5 Consistent
with our observations, the difference between the antonym
vs. negated positive levels of adjective type interacted significantly with antonym type (morphological vs. lexical; b =
0.029, t(16) = 2.4, p = 0.029).
3 http://www.enchantedlearning.com/wordlist/
opposites.shtml
4 Throughout, we code adjective type using Helmert coding,
which compares levels of a factor to the average of preceding levels, in order to compare antonym vs. negated positive levels of the
adjective type factor.
5 This, and all subsequent regression models, were the maximal
mixed-effects model that converged for the data set that additionally explained significantly more variance than models with simpler mixed-effects structures, using the lme4 package in R (Bates,
Mächler, Bolker, & Walker, 2015).
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We also observe that negated morphological antonyms
(e.g., not unhappy) were rated lower than negated lexical
antonyms (e.g., not tall; Fig. 5A). Closer investigation of responses revealed that negated antonyms (and not other adjective types) received a bimodal distribution: Most ratings
were slightly positive but a clearly distinguishable minority
distribution of ratings were slightly negative (e.g., not dishonest meaning not honest). This weakly negative interpretation
for negated antonyms was present at least somewhat in every
item and in most participants. This interpretation may be the
result of participants attributing politeness to the speaker: Not
dishonest may be an indirect way of saying that a person is
not honest (Yoon, Tessler, Goodman, & Frank, 2017).

Figure 4: Example experimental trials for (A) single utterance
(Expts. 1, 2) and (B) multiple utterances conditions (Expt.
2). “in the world” wording for endpoints was used in Expt.
2. (A) shows a trial from a morphological antonym set while
(B) shows a lexical antonym set.

Experiment 2: Single and multiple utterances
Expt. 1 revealed an asymmetry: Lexical antonyms (e.g.,
short) were clearly distinguished from negated positives (e.g.,
not tall), whereas morphological antonyms were not (e.g., unhappy ⇡ not happy). In Expt. 1, our adjective sets varied both
in terms of their antonym type (morphological vs. lexical) as
well as the actual degree scales being described (e.g., height
for tall/short vs. happiness for happy/unhappy). Many adjective sets have both morphological and lexical antonyms (e.g.,
happy/unhappy/sad). Here, we aim to replicate the asymmetry findings using adjectives that describe the same semantic scales. Also, we test our second prediction that hearing
multiple utterances in the same context will produce the full
ordering for morphological antonym sets (Fig. 3).
Participants We recruited 750 participants from MTurk.
The experiment comprised of four between-subjects experimental conditions arranged in a 2x2 design: antonym type
(morphological vs. lexical) X context (single vs. multiple utterances). 300 participants were assigned to each antonym
type in the single utterance contexts, and 75 participants were

assigned to each in the multiple utterances conditions. These
numbers follow from the intention of getting approximately
45 ratings for each unique adjective in the experiment. The
single utterance task took on average 3 minutes and participants were compensated $0.40; multiple utterances took on
average 5 minutes and participants were compensated $0.80.
Exclusion criterion, sample size, procedure, and the analysis
described below were preregistered: osf.io/p7f25/.
Materials To best isolate the contribution of morphological vs. lexical antonyms, we curated adjective sets consisting of words for properties of people, such that both types
of antonyms existed for the same positive adjective (e.g.,
happy ! unhappy, sad; Table 2). Lexical antonyms were selected from a set of possibilities produced from a small survey (n=18) on MTurk eliciting “opposites” for a list of 30
positive-form adjectives which had morphological antonyms
(asking participants in the same experimental context as our
interpretation studies, “What is the opposite of e.g., forgiving?”). From the list of freely-produced opposites (the vast
majority of which were not morphological), the first author
chose the one that intuitively best conveyed the same scalar
dimension as the morphological antonym and which was not
already used as a lexical antonym for another item (e.g., opposite of forgiving ! resentful; opposite of kind ! cruel,
because opposite of friendly ! mean). Ten out of the original 30 items were dropped for either not having such a wellsuited lexical antonym (e.g., moral) or for having a wellsuited lexical antonym that conflicted with another item (e.g.,
compassionate ! cold, but also affectionate ! cold).
Procedure In the multiple utterances conditions, participants rated all four adjective types simultaneously, each referring to a different person (Fig. 4B), for a total of 12 trials. The
single utterances conditions were similar to that of Expt. 1:
Participants rated one sentence at a time (e.g., “Greg is not
unhappy”), each from a unique adjective set (e.g., never rated
both unhappy and not happy), completing a total of 12 trials, with exactly 3 repetitions of each adjective type (positive,
antonym, and their negations). In contrast to Expt. 1, antonym
type (morphological vs. lexical) was a between-participants
factor. In addition, the slider bar endpoints were relabeled to
“the most {positive, negative} person in the world”; without
“in the world”, there is a salient interpretation of the endpoints indicating “the most {positive, negative} person (of
these four)” in the multiple utterances conditions.
Results 35 participants were excluded for self-reporting a
native language other than English, leaving 715 participants
for these analyses. Mean normalized responses for each adjective type in each condition are shown in Fig. 5B.
As we did in Expt. 1, we evaluate our hypothesis that
morphological antonyms behave like the uncertain negation
model (i.e., show a partial ordering) while lexical antonyms
show a true ordering (like bonafide contraries). We considered data only from the single utterances conditions and built
a linear mixed model predicting the unnormalized ratings in
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Adjective type

Morphological antonym

Lexical antonym

Positive

Negated morphological antonym

Negated lexical antonym

Negated positive

A

B

morphological antonyms

morphological antonyms

morphological antonyms

lexical antonyms

lexical antonyms

*
lexical antonyms
SINGLE UTTERANCE

−1

0

SINGLE UTTERANCE

1

−1

MULTIPLE UTTERANCES

0

1

−1

0

1

mean normalized rating

Figure 5: Empirical ratings for adjective sets with morphological antonyms (e.g., “unhappy”) and lexical antonyms (e.g., “sad”).
Width of paddle denotes a bootstrapped 95% confidence interval. Paddles are vertically-offset when overlapping. A: Expt. 1:
Participants rated adjectives in isolation; a single participant saw both morphological and lexical antonym items. B: Expt. 2:
Participants rated adjectives in isolation (left) or simultaneously (right); each ribbon denotes a between-participant condition.
Positive adjective
affectionate
ambitious
attractive
educated
forgiving
friendly
generous
happy
honest
intelligent
interesting
kind
mature
patriotic
polite
rational
reliable
resourceful
sincere
tolerant

Morphological antonym
unaffectionate
unambitious
unattractive
uneducated
unforgiving
unfriendly
ungenerous
unhappy
dishonest
unintelligent
uninteresting
unkind
immature
unpatriotic
impolite
irrational
unreliable
unresourceful
insincere
intolerant

Lexical antonym
cold
lazy
ugly
ignorant
resentful
mean
stingy
sad
deceitful
stupid
boring
cruel
childish
traitorous
rude
crazy
flaky
wasteful
fake
bigoted

Table 2: Items used in Experiment 2.
terms of antonym type (morphological vs. lexical), adjective
type (Helmert coded in order: antonym, negated positive,
negated antonym, positive) and their interaction; the model
also included random intercepts and random slopes of adjective type by-participant and by-item. Consistent with our
hypothesis, the interaction between the antonym vs. negated
positive levels of adjective type and antonym type (morphological vs. lexical) was significant (b = 0.011, t(565) =
2.68, p = 0.0076). We then analyzed the simple effects.
Morphological antonyms were not significantly different than
negated positives (b = 5.3e 05, t(52) = 0.02, p = 0.98),
while lexical antonyms were interpreted more negatively than
negated positives (b = 0.011, t(280) = 3.66, p = 0.0003).6
6 The

random effect structure for the simple effects models mir-

Our second main hypothesis is that context (single
vs. multiple utterances) modulates the interpretive difference between morphological antonyms and negated positives.
Specifically, we predict that morphological antonyms will be
interpreted more negatively than negated positives in a context with multiple utterances. To evaluate this hypothesis,
we considered data only from the morphological antonyms
conditions and built a linear mixed model predicting the raw,
unnormalized ratings in terms of adjective type, context (single vs. multiple utterances) and their interaction; the model
also included random intercepts and random slopes of adjective type by-participant and by-item. This interaction was
also significant (b = 0.032, t(6457) = 6.73, p = 1.9e 11),
and in the correct direction (see Fig. 5B). As an exploratory
analysis, we examined these effects in a full three-way interactive model. The relevant antonym vs. negated positive by adjective type (lexical, morphological) by context
three-way interaction was in the direction of lexical antonyms
showing a larger antonym vs. negated positive difference in
the explicit context, but it was not significant (b = 0.012,
t(469) = 1.64, p = 0.1).

Discussion
Many dimensional scales lack units. Speakers cannot say they
are 42 units happy like they can say they are 6’1” tall. Instead, speakers can use modifiers and morphemes to carve
more precise meanings from otherwise vague dimensions. A
person not unhappy is neither sad nor truly happy, but residing in some marginally positive state that is difficult to refer
to because degrees of happiness lack precise units.
This work provides a computational solution to an outstanding puzzle in natural language understanding: How to
rored the full model. The only difference was that in analyzing the
lexical antonyms, the random effect of adjective type by-item needed
to be dropped in order for the model to converge.
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interpret double negatives (e.g., not unhappy; Krifka, 2007;
Rett, 2014). We additionally discovered and confirmed a
surprising empirical result that challenges “established” intuitions in linguistics: unhappy and not happy are not immediately differentiated, except when both are present in the
same context. Our model that represents uncertainty about
how to interpret overt negation markers (un-, not) predicts
this very result, while alternative models that treat negation
with a fixed meaning fall short. One limitation of this work
is that we stipulate, rather than derive, differences in meaning
for morphological vs. lexical antonym pairs (cf., Rett, 2014).
It is noteworthy that we are able to recover, both in our
model and empirically, the ordering predicted by Krifka
(2007) for morphological antonyms when a listener hears
multiple adjectival utterances in the same context (multiple
utterances condition). This work thus carries with it an
account of a robust linguistic intuition: Potentially equivalent expressions receive differential interpretations when
observed uttered by the same speaker in close proximity.
Reasoning about lexical ambiguity, listeners conclude that
a choice of different expressions may be most likely for a
speaker who differentiates meanings. More generally, the inferences modeled here can be seen as an instance of mutual
exclusivity (Markman, 1989), in which listeners resolve uncertainty about multiple elements of meaning simultaneously.
Our formalization of lexical uncertainty about the meaning
of natural language negation builds on a growing movement
to treat the combinatorial rules of grammar as not totally separable from the lexicon (e.g., Bybee, 2006; O’Donnell, 2015).
Recent psycholinguistic evidence supports the idea that utterances which are heavily used will be processed as unique
lexical entries while less frequent phrases will be understood
compositionally (Morgan & Levy, 2016). The two types of
negation meaning we considered—contrary and contradictory opposition—can be seen as a lexicalized form of opposition (with the adjective receiving its own threshold variable)
and a compositional rule (logical negation), respectively. In
our modeling, we assumed all lexica (all logically-possible
interpretations of negation) were equally likely a priori: A
further test of our negation uncertainty model would be to see
if frequency can serve as a proxy for this prior over lexica.
To negate is to make true false, but for statements that are
truly vague, the behavior of negation is not so obvious. We
present a computational explanation for why this is so, and
provide empirical data that sheds new light on the age old
question of meaning and opposition.
Experimental paradigms, computational models, analysis
scripts, and data for this paper can be found at
https://mhtess.github.io.
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Generalization of novel names for relations in comparison settings:
the role of conceptual distance during learning and at test.
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Abstract
Relational categories are notoriously difficult to learn. We
studied the impact of comparison on relational concept
learning with a novel word learning task in 3- and 4-year olds.
We contrasted a no-comparison (single) condition and two
comparison conditions. In the latter case, the set of learning
pairs was composed of either close or far pairs (e.g., close
pair: knife1- watermelon, knife2-orange; far pair: axevergreen tree, saw-log, for the “cutter for” relation). We also
manipulated the transfer stimuli semantic distance (near or
distant semantic domain, e.g., a scissor for a piece of paper in
the close case, and a shaver for a face in the far domain case).
The no-comparison condition led to random generalizations in
the younger group only. Overall the close learning condition
and the near transfer condition led to good performance. We
discuss these results in terms of the role of semantic distance
and how participants integrate stimuli depending on distance.
Key words: relational categories, relational language,
comparisons, conceptual distance

Introduction
One can distinguish categories of objects from relational
categories. Object categories are mostly defined by
perceptual properties such as shape, texture, color among
which shape commonalities play an important role (Jones
& Smith, 1993). Relational categories refer to relations
between objects and not to the objects’ properties
themselves. For example, there is no set of perceptually
stable properties defining the entities we call "neighbors".
Rather, “neighbor” refers to a relation that can be
described as “something which is close to something else”
and various objects, people or abstract entities such as
events can be called “neighbors”.
Observations and systematic studies show that object
categories are acquired rapidly when the child begins to
acquire a lexicon (Golinkoff, & Hirsh-Pasek, 2008) and,
according to many authors, before names for relational
categories are acquired. Descriptively, as noticed by
Gentner, Anggoro, and Klibanoff (2011), the MacArthur
Communicative Developmental Inventory database
reveals that object nouns are frequent in the 8- to 16month period whereas relational nouns appear in the 1730-month range. Moreover, children might first
misunderstand relational terms as referring to object
categories (e.g., Hall & Waxman, 1993), because they
focus on the object’s properties at the expense of the
relations connecting them. More generally, tasks relying
on common relations such as analogical tasks reveal that
younger children often prefer object matches over

relational matches (e.g., Richland, Morrison, & Holyoak,
2006; Thibaut, French, & Vezneva, 2010).
Thus, understanding which factors promote the relationbased abstraction and generalization is essential. One of
these factors is comparison. The benefits of comparison
over the presentation of single exemplars have been
obtained for several conceptual linguistic domains, such as
objects (e.g., Gentner & Namy, 1999; Augier & Thibaut,
2013), adjectives (e.g., Waxman & Klibanoff, 2000),
action verbs (e.g., Childers & Paik, 2009), names for parts
(Gentner, Loewenstein, & Hung, 2007), relational nouns
(Gentner, Anggoro, & Klibanoff, 2011; Thibaut & Witt,
2015) and perceptual categories (e.g., Hammer,
Diesendruck, Weinshall, & Hochstein, 2009). In the case
of relational categories, Gentner, et al. (2011) tested in
which conditions relational nouns such as “X is the dax for
Y” would give better generalization, in a single or
comparison learning design. The comparison design was
built around two familiar objects that were connected by a
familiar relation (e.g., "cutter for"): the first one was the
“operator” (e.g., a knife) and the other the “entity” (e.g., a
watermelon). In all the experiments, at test, an entity (e.g.,
a sheet of paper) was introduced with three alternatives
(i.e., a relational match-- a pair of scissors--, a taxonomic
match-- a pile of sheets of paper--, and a thematic match-a pencil--). Children had to point to the stimulus among
the three alternatives that was the dax for the piece of
paper (Relational Label condition). The comparison
condition led to better results than the single stimulus
condition. The authors also showed that starting with a
simple case (two pairs that were semantically close),
helped participants finding the common relation with a
third, semantically less close, pair. The authors argued that
this progressive alignment helped young children grasp
and generalize new relational categories.
In a recent study with 42-month-old children, Thibaut
and Witt (2015) manipulated the number of pairs of
pictures of objects illustrating a target relation used in the
training phase (2, 3 or 4 pairs such as an apple and a knife
for “the knife is the dax for the apple”) and the distance
between the conceptual domains illustrating the target
relation. For example, a knife with an apple and another
knife with an orange belong to close conceptual domains
whereas a knife with an orange and a tree with a saw
belong to more distant domains. Results revealed that
three learning pairs was the optimal number and that
learning pairs from distant domains gave better
generalization than ones from close domains whereas four
led to worse results. In terms of alignment, this means that
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increasing the number of pairs, thus converging evidence,
does not lead to a linear increase in performance.
Augier and Thibaut (2013) provide an interpretation of
this type of non linear influence of the quantity of
information in terms of executive functions, arguing that
comparisons generate cognitive costs. They manipulated
the number of items to-be-compared in 4-year-old and 6year-old children. They speculated that introducing more
evidence in favor of the target dimension (texture) also
means more comparisons and more information to
integrate, generating more executive costs. They showed
that only the older group benefited from an increased
number of standards (four training standards versus two
standards). In the above study, Thibaut and Witt (2015)
followed the same theoretical framework and argued that a
larger number of learning pairs impedes young children’s
capturing of the relevant dimensions. There is an optimal
number of amount of information that younger children
can integrate in this comparison design and in their case,
with their age group, it was three pairs. Recent studies on
semantic analogies (Richland, Morrison, & Holyoak,
2006; Thibaut and French, 2016) or perceptual analogies
(Thibaut, French, & Vezneva, 2010) (see also Richland &
Burchinal, 2013) support this cognitive costs hypothesis.
In these studies, irrelevant perceptual features or semantic
distractors or the semantic distance between the stimuli
used in the pairs of the A:B::C:D analogies they studied,
explained part of children’s performance because finding
out nonobvious relevant relations requires inhibiting
superficial irrelevant dimensions and integrating more
difficult dimensions.
Goals of the present experiment
Gentner et al. (2011) Thibaut and Witt (2015)
manipulated the semantic distance between items in the
learning context for relational categories. However they
did not manipulate the semantic distance between learning
items and generalization items. Thibaut and Witt (2017)
introduced this distance factor in a comparison setting
involving object categories. They tested 4- and 6-year-olds
and manipulated the semantic distance between the two
learning items (e.g., two bracelets versus a bracelet and a
watch), and the semantic distance between the learning
items and the test items (e.g., a pendant –near domain
versus a bow tie, remote domain). They tested whether
smaller semantic distance between learning items would
lead to more taxonomic (vs. perceptual) choices at test,
than broader semantic distance during learning, especially
in the case of distant test stimuli. Results revealed main
effects of learning distance, of generalization distance and
that only children aged 6 years benefited from broader
semantic distance during learning. Four year-old children
were less efficient in their generalizations to far test
stimuli even with semantically distant learning items. The
authors argued that the generalization depth depends on
the learning exemplars. Indeed, there is a large body of
literature showing to what extent generalization depends
on the nature of the training items (Son, Landy, &
Goldstone, 2008), on the one side, and factors affecting
the generalization width on the other side (e.g., Klahr &
Chen, 2011). Thus, knowing at which distance children
generalize is a main issue in the study of the ontogeny of

categories, subordinate, basic, and superordinate
categories.
The following experiment dealt with relational
categories. We manipulated the semantic distances
between both the learning items and the test items (in the
generalization phase). By contrast with Thibaut and Witt
(2015), we introduced a control no-comparison condition
in order to assess which comparison conditions would
benefit the most from the possibility to compare stimuli.
Further, we compared two age groups (3- and 4-year-olds)
in order to better understand how cognitive resources
might interact with semantic distances. Our hypothesis
was that we should obtain an interaction between age and
one (or both) semantic distance factors or, at least,
different generalization patterns in each age group. As
argued by Thibaut et al. (2010), this should result from the
fact that older children would more systematically explore
the semantic space in less obvious cases. Third, we
manipulated the distance between the training items
domain and the generalization items (near or distant). As
suggested by Augier and Thibaut (2013) children of
different ages might not benefit from comparison
situations in the same way depending on the distance
between learning instances and/or the distance between
learning items and generalization instances. For example,
it might well be that both age groups would generalize
similarly in the close learning and close generalization
case which are built around very similar exemplars in both
the learning and the transfer stimuli. However, younger
participants might encounter more difficulties to capture
conceptual similarities in the case of more distant learning
items or to apply what they understood with training items
to more distant domains. It might also be that all the
comparison conditions will not outperform the nocomparison conditions, either because they are difficult to
unify or because participants might grasp the relevant
relation in the no-comparison condition.

Methods
Participants. One hundred and fifty-four french speaking
preschoolers were tested individually in a quiet room at
their school. Two age groups were recruited. The younger
group was composed of 77 children (mean age = 3 years,
10 months; range: 40 - 51 months) and the older group
was composed of 77 children (mean age = 4 years, 8
months, range: 53 – 60 months). All children were
randomly assigned to one of the three experimental
conditions with 52 (no comparison) 50 (close comparison)
or 52 (far comparison) children per condition. Informed
consent was obtained from their school and their parents.
Design. Three and four-year-old children were compared.
This factor was crossed with Learning type (no vs. close
vs. far comparison, between-subject factor) and Test
distance (Near vs. Distant, within-subject factor).
Materials Stimuli were adapted from Thibaut and Witt
(2015) Experiment 1A. Fourteen sets of pictures were
built. Each set corresponded to one of the 7 relational
categories used in this experiment (i.e., cutter for, home
for, food of, baby of, container for, travel space for,
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cleaner for, product of). All training phase stimuli were
organized around training pairs, that is one training pair in
the no-comparison case and two training pairs in the
comparison conditions (close or far training condition).
Each pair was composed of an operator and an entity,
(e.g., a knife as an operator and a watermelon as an entity,
see Figure 1). The no-comparison condition pairs were
composed of an operator-entity pair (e.g., either knife1watermelon or knife2-orange or cleaver-meat), the close
training pairs condition was composed of conceptually
similar items (e.g., knife1-watermelon, knife2–orange),
while the far pairs were composed of less conceptually
similar pairs (e.g., knife1-watermelon, cleaver-meat). In
this example knife1 and knife2 are conceptually closer one
to the other than knife1 and cleaver. The same is true for
watermelon-orange (close) compared to watermelon-meat
(far). Note that in both the close and the far training
conditions, each semantic relation was illustrated by two
exemplars (e.g., there were two close “is the cutter for”
training exemplars each composed of two different pairs),
each being alternatively associated with a “nearer”
generalization choice for half of the participants (e.g., a
scissor for a piece of paper) or a “remote” generalization
choice (shaver and beard) for the other half. The test cards
consisted of four pictures. The relationally related correct
answer was always the operator (e.g., a pair of scissors or
a shaver). Independent participants (see below) rated the
solution operator(s) as conceptually nearer to the training
operator(s) pictures in the “near” generalization condition
than the solution operator(s) in the distant generalization
solution. For example, in Figure 1, the knife was rated as
conceptually closer to the pair of scissors than to the
shaver. There was also a taxonomic card choice (e.g., pile
of sheets of paper which was taxonomically related to the
entity “sheet of paper” in Figure 1), and a thematic card
choice (e.g., pencil was thematically related with the entity
sheet of paper in Figure 1). The top part of Figure 1
depicts the close and far training pairs for the "cutter for"
relation in the learning phase, as a function of the learning
condition (no comparison vs. close comparison vs. far
comparison), and the 4 pictures introduced at test (entity
and taxonomic, thematic or relational choice), as a
function of the generalization distance (near vs. distant).
We forged 14 different bisyllabic labels (pseudo-words)
which are, as shown by Gathercole and Baddeley (1993),
easier to remember than monosyllabic pseudo-words (e.g.,
buxi, dajo, zatu, xanto, vira). Syllables were of the CV
type which is the dominant word structure in French (from
the French database, Lexique.org, New, Pallier, Brysbaert,
& Ferrand, 2004). The pictures used in our experiment
were realistic pictures like in Thibaut & Witt (2015).
Independent similarity ratings from 61 students confirmed
that close learning pairs were more conceptually similar
one to the other than far learning pairs (similarity ratings:
close pairs (M = 6.15, SD = .68), far pairs (M = 4.98, SD =
0.69), t(26) = 4.47, p < .001) and that close generalization
pairs were more similar to learning pairs than far
generalization pairs (similarity ratings: close pairs, M =
4.51, SD = .71; far pairs, M = 3.59, SD = 1.10, t(26) =
2.64, p < .02).
We also compared the similarity between entities (e.g.,
similarity between watermelon and orange - close case- or

between watermelon and meat -far case-) and between
operators in the close and the far learning pairs (e.g.,
similarity between knife1 and knife2 (close case), or
between knife1 and cleaver (far case)). Close entities (M =
5.72, SD = .58) were significantly more similar one to the
others than far entities (M = 3.82, SD = 1.21), t(26) = 5.29,
p < .0001, and close operators (M = 5.78, SD = .81) were
significantly more similar one to the others than far
operators (M = 2.74, SD = .94), t(26) = 3.99, p < .001).

Figure 1: Example of a stimulus set and instructions
adapted for the six experimental conditions resulting from
crossing Learning Type (No comparison vs. Close vs. Far
comparison) and Test distance (Near vs. Distant
generalization) factors.
Similarity ratings also confirmed that entities or
operators in the close generalization pairs (e.g., sheet of
paper and scissors, respectively) were more similar to the
entities (e.g., watermelon, orange and meat) or operators
(e.g., knife1, knife2 and cleaver) in the learning pairs than
entities and operators in the far generalization pairs (e.g.,
bearded face and shaver, respectively). Entities in the
close generalization pairs were significantly more similar
to entities in the learning pairs (M = 2.90, SD = 1.42) than
entities in the far generalization pairs (M = 1.65, SD =
1.25), t(26) = 2.48, p < .02, and operators in the close
generalization pairs were significantly more similar to
operators in the learning pairs (M = 3.61, SD = .86) than
operators in the far generalization pairs (M = 2.74, SD =
.94), t(26) = 2.56, p < .02).
Procedure. Our procedure was close to Thibaut and Witt
(2015) procedure. The stimuli were displayed on a laptop
screen. The rate of presentation of the learning pair (or
pairs) and the generalization stimuli was manually
controlled. We illustrate it with the "cutter for" relational
category. During the initial and test phases, the
experimenter kept the speech flow constant, across items
and experimental conditions (i.e. participants). Prosodic
emphasis was added for the pseudo-words so that children
noticed that the same label was used for each instance pair
of stimuli (during the learning and the test phases).
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Learning Phase: A puppet, Yoshi, was used in order to
make the task more attractive for children. The
experimenter introduced the game with the following
instructions (the example is for the close learning
condition; the instructions were the same for the far and
no-comparison learning conditions). "Hello, we are going
to play a game together. In this game we are going to
teach Yoshi the word buxy. We are going to show him
what buxy means." "Look! (the knife1 and the watermelon
appeared at the top of screen) this knife is the buxy for the
watermelon. Now look, (the knife2 and the orange
appeared below the knife1-watermelon pair) this knife is
the buxy for the orange". In the no-comparison condition
(only one pair was presented during the learning phase)
the learning phase stopped after the first pair. The learning
pair(s) remained in view during the entire trial until the
child pointed to an answer.
Test phase: The test started with these instructions: "Now
let's look at this (at these) (gesturing across the learning
pair(s)). You see how this(these) (gesturing across the
operator(s)) is(are) buxy(ies) for this(these) (gesturing
across the entity(ies))? Now it's your turn. Which one of
these (the test cards -- entity: paper, taxonomic: pieces of
paper; thematic: pencil; relational: scissors-- appeared at
the bottom of the screen) is the buxy for the paper?" In
order to avoid answers before children analyzed the three
test cards, we asked them to refrain themselves from
answering before a picture of Yoshi appeared on the
screen (4-5 seconds after the test cards appeared).
Children chose among the three test cards by pointing to
the one on the screen that was the buxy for the paper. This
procedure was repeated for the 14 experimental relational
categories. The presentation order of the relational
categories and the position of the three choices (left,
middle or right) were counterbalanced, and the labels were
interchanged among pairs across participants.

The ANOVA revealed significant main effects of Age,
F(1,148) = 14.31, p < .001,
= .09 (Younger = .46;
Older = .57); Learning Type, F(2,148) = 10.38, p < .001,
= .12 (no-comparison = .43; close training = .58, far
training = .53); a posteriori comparisons (Tukey HSD)
revealed that the No-comparison condition was
significantly lower than the two comparison conditions (p
< .001), which did not differ one from the other (p = .10).
There was also a main effect of Test distance, F(1, 148) =
7.63, p < .01,
= .04 (near generalization = .55, distant
generalization = .49). No interaction reached significance.
Differences between each comparison condition (2
learning) and the corresponding no-comparison condition
within each age group was assessed with planned
comparisons for each test distance. Indeed, here we were
interested by differences between training conditions. In
the four-year-old group, the analyses revealed a significant
difference between the no-comparison condition and close
learning for both near (F(1, 148) = 11, p < .01) and distant
(F(1, 148) = 10.93, p < .01) generalizations. There was no
difference between the no-comparison and the far learning
condition for the two generalization conditions (near, F(1,
148) = 2.34, p = .13, and distant, F(1, 148) = 1.46, p =
.23). In the older group, the no-comparison group was
significantly lower than in the close-learning-distantgeneralization case, F(1,148) = 9.97, p < .01, and the far
learning-near-generalization condition, F(1,148) = 4.89, p
< .05. We also compared the performance between
learning comparison conditions (close versus far learning)
within each generalization condition (near versus distant
generalization). In younger children, in both the close and
the far learning case, there was no difference between near
and distant generalization.

Coding and analysis of the data. The extent to which
children learned relational categories during the initial
phase was assessed by coding the proportion of relational
choices made at test, as well as the proportions of
alternative choices (taxonomic and thematic choices). For
each participant, the number of relational choices was
calculated and the proportion of relational choices was
computed for the 7 near transfer trials and the 7 distant
transfer trials (7 + 7 trials for a total of 14 trials).
Results. The purpose of this experiment was to assess
which of the three learning conditions (no-comparison,
close comparison, far comparison) would give the best
transfer performance as a function of the transfer item
conceptual distance and age. We ran a three-way analysis
of variance (ANOVA) with Age (3 and 4 years) and
Learning type (no comparison, close comparison, far
comparison) as between factors and Test distance (Near,
Distant) as a within factor. We also wanted to identify
within each age group, which comparison condition
significantly differed from the corresponding nocomparison condition, and which comparison conditions
differed from one another. Finally, we compared the
proportion of relational answers to chance.

Figure 2. Proportions of relational choices as a function of
the learning (no-comparison vs. close comparison vs. far
comparison) and the generalization conditions (near
generalization vs. distant generalization). The error bars
correspond to one standard error and the dashed line
represents chance level (33.33%) between the taxonomic,
the thematic and the relational choices.
As for the comparison between close and far learning, they
differed in the distant generalization case, F(1,148) = 4.03,
p < .05, but not in the near generalization case, F(1,148) =
2.94, p = .09. In the older group, in the close learning case,
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there was no difference between near and distant
generalization, F < 1, whereas in the far learning case,
near generalization was significantly better than the distant
generalization, F(1,148) = 10.91, p < .01. As for the
comparison between close and far learning, they did not
differ statistically in both generalization cases,
respectively F(1,148) = 2.46, p = .12 and F(1,148) = 2.97,
p = .09.
Finally, all the conditions significantly differed from
chance (ps < .01) except the two no-comparison conditions
in the younger group (ps > .20). Thus, the older group
captured part of the relational meaning in the no
comparison case (see general discussion) (see Figure 2).
Discussion
We contrasted no-comparison and comparison
conditions in two groups of children. The purpose was to
assess which conditions would give the best generalization
results as a function of conceptual distance between
learning items and between learning items and
generalization items. Our results show that the two age
groups did not benefit from comparison in the same way,
but also that comparison conditions did not always
outperform the no-comparison conditions. Younger
children were significantly better in the close training
comparison conditions than in the no-comparison
conditions which did not differ significantly from chance
(see Figure 2). The latter result suggests that younger
children could not make sense of the target relation in the
no-comparison case and that the optimal condition was the
close training condition. The far training case seems to be
in between, since it did not differ significantly from any of
the two conditions (no-comparison and close training),
despite being significantly different from chance, which
tells us that these children could make sense of the target
relations in the far training case. Older children had more
contrasted results. They significantly differed from chance
in the two generalization conditions, which suggests that
they were able to understand the target relation despite the
scarcity of information. The far training condition
provides an interesting case: older children (4-year olds)
were better in the near-transfer-far-training than in the
remote-transfer-far-training condition, whereas younger
children (3-year olds) had similar in these two far training
conditions. As shown by figure 2, this is due to the fact
that the near condition in the far training case was the
easiest condition at age four whereas they both remained
low in the younger age group. This pattern makes sense. It
can be argued that the far training condition is more
difficult to unify than the close training condition because
it is more difficult to grasp commonalities between items
from far domains, and it is still a step further to apply it to
remote objects. On the other hand, when you understand
the relation between far training domains, applying it to a
near domain is rather straightforward whereas going
beyond this already difficult first task involves extra
comparisons and a need to unify very dissimilar cases. For
younger kids, the far training case seemed to be very
difficult, which explains why younger kids had low
performance in both generalization cases (no difference
with the no-comparison case).

Taken together, these results are important because they
show that conceptual distance between learning items and
between learning and generalization items have separate
contributions. Gentner et al. (2011) showed that relational
language compared to no relational language is important
for conceptualization of relations. Thibaut and Witt (2015)
found that both the number of training relations and
conceptual distance between training items had a
significant effect on performance. Here we extend these
results and show how, depending on age, conceptual
distance within training stimuli and between training and
generalization items are important and impact
performance. Younger children increased their
performance only for close training items, suggesting
difficulties to capture relational regularities for far training
items. The next step, for older children, was to capture
relational regularities for far cases but only in near
generalization cases, the distant generalization case being
beyond their reach (in our paradigm). In sum, an analogy
between the present results and Thibaut and Witt (2015)
can be drawn. In Thibaut and Witt (2015) participants’
best results were obtained for the three-pair case and
declined in the four-pair case. Here the older children’s
best performance was obtained for far-training-close
transfer. As it has been argued earlier, going beyond that
point would require unifying more disparate cases, which
probably involves more comparisons, deeper encoding,
and inhibition of a larger number of irrelevant properties
that are spontaneously activated during the comparisons.
The fact that in older (4-y-o) children, the nocomparison conditions led to beyond chance results
suggests that 4-year-old children could reliably use the
information conveyed by a single exemplar of the target
relation to make sensible hypotheses about the relation.
Note that our results are consistent with Gentner et al.
(2011), since older children were also beyond chance in
their no-comparison condition. Figure 2 suggests that this
can be achieved for near generalizations particularly
easily. To some extent, the comparison taking place at test
between the single stimulus and the transfer object is
analogous to the one taking place between training items
in the close training case which explains the similar
performance. This means that the test stimuli can be
considered as a opportunity to compare the training
stimulus with other stimuli and to refine the dimensions
one abstract from the training pair, including the target
relation which, at first glance, might not have been salient
for participants when the training pair was initially
considered.
Overall these results underline a complex but consistent
scale of difficulty. Younger children needed to compare to
find out the target relation, but had their best performance
in the close training case. Their performance decreased in
the far training case suggesting that conceptually distant
training cases make relational extraction difficult. Do their
difficulties arise because they fail to align the entities and
the operators in terms of role, between pairs, or do they
fail to understand that the relation illustrated in each pair is
the same? Or this understanding might be so fragile that
they cannot apply it to novel instances at test.
The older group could reliably extract the relation from
one pair which suggests that once they found the relation,
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the depth of its conceptual implementation was sufficient
to allow a generalization towards novel instances. The fact
that their best game seemed to be in the far training-close
generalization case suggests that they could handle more
variability but that this possibility seemed to remain
limited to close categories.
Final thoughts: there are probably other ways to
manipulate the semantic distance, especially in terms of
the steps along the taxonomy scale (same basic level
categories, basic level categories from the immediate
superordinate level category, basic level categories from
remote superordinate categories). We could have divided
the scale into 3 or more distances. Also it is possible to
manipulate the response format. In the present case,
participants had to choose between three options, which
gives the task the flavor of a reasoning task. They might
spontaneously choose none of the stimuli but the task
requests them to choose one, as in any forced choice task.
By contrast, in the real world, choices are open and
children can decide to not include an item under a term
and to use broader superordinates or non-specific terms
like “stuff”, “thing”. This kind of task might lead to
differences in category extension. Thus it would be
interesting to contrast such an open task to the present one
to more thoroughly study the extension of a novel term.
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Abstract
We estimate lexical Concreteness for millions of words
across 77 languages. Using a simple regression framework,
we combine vector-based models of lexical semantics with
experimental norms of Concreteness in English and Dutch.
By applying techniques to align vector-based semantics across
distinct languages, we compute and release Concreteness estimates at scale in numerous languages for which experimental
norms are not currently available. This paper lays out the
technique and its efficacy. Although this is a difficult dataset
to evaluate immediately, Concreteness estimates computed
from English correlate with Dutch experimental norms at ρ
= .75 in the vocabulary at large, increasing to ρ = .8 among
Nouns. Our predictions also recapitulate attested relationships
with word frequency. The approach we describe can be readily
applied to numerous lexical measures beyond Concreteness.
Keywords: word2vec; Concreteness; multilingual; skipgram;
norms

Introduction
What does a chocolate cake have in common with deodorant, and with jumping? Each of these words is, according to
human raters, highly Concrete in the sense that these words
represent phenomena that can be readily pointed to or enacted (Brysbaert, Warriner, & Kuperman, 2014). Spirtuality,
on the other hand, like inwardness and fun are all abstract
words the meanings of which are derived largely from language (Brysbaert, Warriner, & Kuperman, 2014; Brysbaert,
Stevens, De Deyne, Voorspoels, & Storms, 2014). This dimension of Concreteness turns out to be one of the principal organizing dimensions of natural language vocabularies
(Vankrunkelsven, Verheyen, De Deyne, & Storms, 2015).
Lexical norms represent normative judgments of the character of a word along an affective (e.g. emotional arousal), semantic (e.g. Concreteness), or social (e.g. usage frequency)
dimension of interest. Analogous sets of lexical norms exist for a growing range of constructs: Valence, Arousal, and
Dominance have been heavily studied (Warriner, Kuperman,
& Brysbaert, 2013; Hollis, Westbury, & Lefsrud, 2017; Recchia & Louwerse, 2015a), for example, while more recent
norm sets characterise constructs like Humour (Engelthaler
& Hills, 2017), Iconicity (Winter, Perlman, Perry, & Lupyan,
2017), and Aversion (Thibodeau, 2016). Lexical norms support numerous research streams in the cognitive (e.g. (Larsen,
Mercer, & Balota, 2006; Võ et al., 2009; Lodge & Taber,
2005; Kousta, Vigliocco, Vinson, Andrews, & Del Campo,
2011)) and computational (e.g. (Staiano & Guerini, 2014;
Esuli & Sebastiani, 2007)) sciences, but can be resourceintensive to collect experimentally (Hollis et al., 2017; Mandera, Keuleers, & Brysbaert, 2015), and are generally re-

stricted to just one or several languages. Are there computational procedures that allow us to generalise experimental results beyond the relatively small vocabularies they often characterise? A number of researchers have begun pursuing this
possibility, with promising results (Bestgen & Vincze, 2012;
Hollis et al., 2017; Mandera et al., 2015; Recchia & Louwerse, 2015b, 2015a; Turney & Littman, 2003; Vankrunkelsven et al., 2015; Westbury et al., 2013; Bestgen, 2008;
Feng, Cai, Crossley, & McNamara, 2011; Turney & Littman,
2002). Mandera et al. (2015) provides a recent overview and
discussion of these techniques and their merits.
So far, this endeavor has largely focused on generalisation
of experimental norms to larger vocabularies within a single language, such that the goal has been to incrementally
increase predictive accuracy (and to evaluate alternative approaches to judging accuracy) on held-out experimental data
with improved inferential techniques. These advances are reviewed in the next section. In this paper, we extend this enterprise to generalisation across languages. We show how it is
possible to swap lexical norms between languages without the
need to translate an entire vocabulary. This extension is made
possible by the availability of semantic embeddings models in
languages beyond English, and of techniques to align distinct
embeddings spaces by translating a relatively small subset of
their vocabularies. We combine these data and techniques
with a variant of the most recent and powerful approach to
norm-generalisation within languages. Doing so allows us
to estimate lexical Concreteness in 77 languages. Although
Concreteness is our focus, these relatively simple techniques
are not limited to any particular lexical norm. As a result, we
hope that the present work can function not only as a first-pass
at estimating Concreteness cross-linguistically, but also as a
demonstration of a technique that other researchers can apply to norm sets beyond Concreteness. All of our results and
Python code to generate these and new predictions are availible at github.com/billdthompson/cogsci-auto-norm.

Previous Approaches to Norm Generalisation
In principle, estimating lexical norms for new vocabulary requires three ingredients: 1) a dataset of experimentally obtained lexical norms; 2) a machine-readable representation
of relationships between words (this resource must cover at
least some of the words that have been normed experimentally, plus a further set of words that have not been normed
experimentally); and 3) an inferential procedure that facilitates norm prediction on the basis of 1) and 2). Thorough
reviews of existing approaches to this task can be found in
e.g. (Mandera et al., 2015; Hollis et al., 2017). Our method
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also has close parallells in the computational linguistics literature, where norms of abstraction and imageability have been
estimated via similar procedures and deployed in service of
methaphor-detection accross langauges (Tsvetkov, Boytsov,
Gershman, Nyberg, & Dyer, 2014)1 .

Corpora-based Approaches
Early approaches (Esuli & Sebastiani, 2007; Kim & Hovy,
2004) relied on linguistic resources such as WordNet (Miller,
1995), extrapolating norms to new words via synonymy relationships with already normed words. These approaches
have been largely superseded by methods that make use of
larger-scale text corpora (Turney & Littman, 2003; Bestgen,
2008; Bestgen & Vincze, 2012; Westbury et al., 2013; Recchia & Louwerse, 2015b), exploiting techniques such as Latent Semantic Analysis (LSA) (Deerwester, Dumais, Furnas,
Landauer, & Harshman, 1990), the Hyperspace Analogue to
Language model (HAL) (Lund & Burgess, 1996), and the
High Dimensional Explorer model (HiDEx) (Shaoul & Westbury, 2010, 2006) to estimate word similarities. Similarities
derived from these models can then be used to bootstrap prediction of norms for new words, as a function of similarity to
already-normed words (and sometimes of additional lexical
properties too (Feng et al., 2011; Mandera et al., 2015)).

Recent Approaches
Mandera et al. (2015) provides perhaps the most systematic
comparison between existing approaches. These authors consider four models from which relationships between words
can be constructed: LSA (Deerwester et al., 1990), HAL
(Lund & Burgess, 1996), topic modeling (Blei, Ng, & Jordan, 2003), and the recent Skipgram vector-embedding model
(Mikolov, Chen, Corrado, & Dean, 2013). Two techniques
for norm-generalisation were tested on each of these models:
the k-nearest neighbors algorithm (Cover & Hart, 1967), and
a random forests ensemble (Breiman, 2001). These results
show that the best performing procedure is a combination of
the Skipgram vector-embeddings model and a variant of the
k-nearest neighbor algorithm.
Most recently, Hollis et al. (2017) extended the results from
Mandera et al. (2015) by showing that the Skipgram based
model performs even better when combined with a step-wise
regression algorithm for inference. At the time of writing,
Hollis et al. (2017)’s results represent the state of the art.
By regressing experimental norms onto Skipgram-trained semantic vectors, and using the inferred regression coefficients
to predict synthetic norms for newly observed vectors, Hollis
and coleagues are able to make highly accurate predictions
for Concreteness, arousal, and valence, among other norms
(as established through cross-validation on held-out experimentally normed words). Among these norm sets, estimated
norms of Concreteness in particular gain some of the highest
correlations with held-out experimental data, on the order of
ρ = .86. There has been some discussion of the bias imposed
1 We

thank reviewer 3 for directing us to this literature.

by this procedure. In particular, it has been noted that this
procedure makes disproportionately more errors towards the
extremes of human judgments (Hollis et al., 2017; Mandera
et al., 2015). It has also been suggested that global correlation
with human judgments alone, in papering over biases in estimation such as this, can profitably be accompanied by tests
of agreement with independent lexical properties.

Generalising Across Languages
The techniques outlined in the previous section show how it is
possible to take a set of experimental norms, a computational
models of semantics, and learn a mapping between these resources such that if the latter covers a larger set of words than
the former, predictions can be made that exceed experimental
vocabularies. In principle, the extension we outline amounts
to observing that if the computational model of lexical semantics can include vocabulary from an additional language,
then this same procedure can be used to estimate norms in
the new language as well. Our approach in this paper should
be understood as focusing on increasing the scale and applicability of these techniques, rather than on improving their
accuracy.
We demonstrate our imputation procedure on Concreteness
norms. Among lexical norm sets, Concreteness norms exist
for an impresive number of words and have been colleceted in
the same manner in two languages: English and Dutch. This
facilitates cross-linguistic validation for at least this one case.
Moreover, Concreteness is proving to be one of the principal
organizing dimensions of vocabularies.

Methods
Training a Regression Model on Semantic Vectors
Suppose we have a set of empirically obtained point estimates
φ
φ
(e.g. mean ratings) yφ = (y1 , . . . , yk ) on a dimension of interest φ (e.g. Concreteness) for a vocabulary v = (v1 , . . . , vk )
φ
of size k, such that yi is the experimental norm for vocabulary item vi , for i = 1, . . . , k. We obtain semantic embeddings
~x = (x1 , . . . , xk ) for each of these vocabulary items, such that
xi is the d-dimensional semantic vector for vocabulary item
vi . We train a simple regression model
φ

yi = xi · βφ + εi

(1)

that relates yφ and ~x through a noisy linear transformation (εi is isotropic Gaussian noise). After estimating βˆ φ =
φ
φ
(βˆ 1 , . . . , βˆ d ), we can generate predictions, or synthetic norm
estimates along the dimension φ, with
zφ =~x · βˆ φ .

(2)

To extend these predictions to new words, we simply perform
this transformations on a new set of word embeddings~x∗ .

Aligning Semantic Spaces
To make predictions about words in additional languages, we
must be able to align embeddings vectors from multiple lan-
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guages into the same semantic space, such that ~x∗ is multilingual. Typically, vector embeddings models only contain
words in a single language. However, (Smith, Turban, Hamblin, & Hammerla, 2017) recently demonstrated that vector
embeddings models for different languages can be aligned
into a single underlying semantic space whenever it is possible to identify a subset of vocabulary items that represent
equivelant points in space (translation equivalents). This general idea has recieved attention in the computational literature: see e.g. Ruder (2017).
Formally the procedure is as follows (see Smith et al.
(2017) for full details). Let ~x1 be a set of semantic vectors
in English, for example, and~x2 be the set of semantic vectors
for translation equivalents in Dutch (in the same order, so x2i
is the vector for the Dutch translation of the English word
with vector x1i ). If m is the matrix product of~x1 and~x2 , and
u·σ·v = m

(3)

represents a singular value decomposition of m, then a transform to align the two semantic spaces can be obtained with
t = u · v. Alignment is achieved through the product of any
set of vectors in Dutch (or whichever language the transform
has been trained on) and t. This simple procedure allows us
to align the semantics of any two languages for which we are
able to obtain equivalent-dimensional word embeddings and
a small set of translation equivalents. Following Smith et al.
(2017), we take English to be the target language, and align
other languages into this semantic space. After performing
this transformation procedure on the word vectors for a new
language, we can apply the generalisation procedure outlined
in the previous section to word vectors in the new language
(because ~x∗ now contains word vectors for words in the new
language), even though the training set of vectors ~x did not
contain experimentally normed words in this language.

Embeddings Models
Our semantic models are based on the Facebook Artificial
Intelligence Research (FAIR) release of embedding models.
These models were each trained on Wikipedia data in the relevant language using the Skipgram technique. The quality of
these models varies by language, reflecting in large part the
size and variety of the available Wikipedia data for a given
language. These are the resources we use as semantic models. We compute Concreteness estimates for a subset of these
languages (77) based on the availability of comparable alignment transforms.

Alignment Transforms
Smith et al. (2017) recently released pre-computed alignment
transforms t which position the vocabularies of a large subset
of the FAIR languages into the same semantic space as
the English model. These transforms were computed using
Google-translate-obtained translations into English of the
10,000 most frequent lexical items in a given language. We
tested alignment transforms that we computed ourselves

in a handful of these languages using alternative, smaller
sets of translation equivalents and found these to be equally
effective in the main, but here we use the transforms released
by Smith et al. (2017) throughout for consistency across
languages, and because they are easily accessible.

Results
Concreteness in English and Dutch
Overall Agreement Applying our procedure2 to Concreteness norms in English yields a correlation with English norms
of ρ = .86, training on the full dataset of 33,286 (of 40,000)
words for which we had both empirically collected data
(Brysbaert, Warriner, & Kuperman, 2014) and we could obtain semantic vectors. This naturally aligns very closely with
previously reported figures on related within-language prediction of English Concreteness (Hollis et al., 2017). Our
predictions recapitulate the earlier finding that this procedure
is biased to underestimate the extremes of human judgments
(Mandera et al., 2015; Hollis et al., 2017). We also tested
the same within-language procedure on Dutch experimental
norms of Concreteness. We have not seen this case in the
literature previously. We obtained Dutch vectors for 27772
(of 30,000) experimentally normed (Brysbaert, Stevens, et al.,
2014) words. The correlation in this case is on the same order
as predicting English: ρ = .8, and also demonstrates errors
at the range extremes (this is inherent to the assumption of
linearity in this particular technique). Most importantly, we
trained the model on Concreteness norms in English, and applied the cross-linguistic generalisation procedure to predict
Concreteness norms in Dutch. In this case, predictions correlate with Dutch norms at ρ = .76. Note also that in this case,
these test data include held-out datapoints – datapoints not
used to train the model - whereas in the within-language case,
the correlations we report are best-possible-performance correlations (i.e. testing the model’s predictions against the data
on which it was trained). Given this distinction, and the fact
that these cross-linguistic predictions were generated from
experimental data collected among speakers of English, not
Dutch, we view a correlation of ρ = .76 as constituting impressively high agreement.
Translation Equivelants & Lexical Properties In addition to these overall correlations, we explored the relationship
between our predictions and experimental norms among a set
of roughly 800 English-Dutch translation equivalents. We obtained these translations from the NORTHEURALEX dataset
(Dellert & Jäger, 2017). This permits: 1) tests of languagespecific prediction accuracy and 2) tests of language specific
relationships with additional lexical properties. Figure 1 lays
out the relationships among these variables. In this figure,
each point represents a translation pair between English and
Dutch, color coded for part of speech (Noun, Verb, or Ad2 After applying the procedure, we rescale predictions into the
legal range of the norms, i.e. 1 - 5 in the case of Concreteness.
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Figure 1: The relationships between experimental norms, estimated norms, and word frequency, across English and Dutch,
among word pairs known to be translation equivalents, broken down by word class (N = Nouns, A = Adjectives, V = verbs).
POS-specific Pearson correlation coefficients are given above each off-diagonal facet. Diagonal shows kernel density estimates.
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Language

H

L

Catalan
Czech
Danish
Dutch
English
Finnish
French
German
Hungarian
Italian
Polish
Portuguese
Romanian
Spanish
Swedish
Turkish

mocador (4.90)
prkno (4.01)
spand (4.78)
deksel (4.17)
shoe (4.02)
pussi (4.66)
chaussure (4.60)
backen (3.78)
haj (4.68)
coltello (4.51)
torba (4.22)
toalha (4.61)
os (3.22)
almohada (4.52)
ugn (4.14)
kova (4.63)

elogiar (2.18)
velice (1.55)
aldrig (1.56)
nooit (2.03)
urge (2.70)
vahva (1.58)
sembler (2.89)
niemals (1.91)
nevez (2.15)
lodare (2.44)
bliski (1.84)
alheio (2.17)
ceai (1.61)
sensato (2.29)
aldrig (2.07)
zor (1.88)

Discussion & Conclusion

Table 1: Words with high (H) and low (L) estimated Concreteness in 16 languages.

jective). The properties we explore are (log) word frequency
(wf-log-zipf in figure 1) and part of speech (pos in figure 1).
Although the figure contains numerous subtleties, here are a
few key insights. First, Dutch Concreteness estimates (made
on the basis of English norms) predict Dutch norms better
than do estimates of English Concreteness (except among adjectives). The same is true in the other direction: estimates
for English predict English norms better than do estimates
for Dutch. These findings show the language-specificity of
our prediction. Second, in both English and Dutch, Nouns
tend to be more concrete than Verbs and Adjectives. This is
true in our predicted ratings as well. Third, in both English
and Dutch, more frequent Nouns and Verbs are less concrete.
In Dutch, this also holds true for Adjectives, but the pattern
is absent among English adjectives. Our predictions recapitulate these results as well.

Concreteness in 77 Languages
Although similar validation of imputed Concreteness values
for all languages is, at this point, not possible, we release
estimates of Concreteness in 77 languages. We expect the
quality to vary by language. Since the model was trained
on English norms, and the vector semantics aligned into English space, we expect the quality of the estimates to be better for languages more similar to English. Moreover, the vocabularies over which our estimates are computed are drawn
from the Skipgram model vocabularies. Being scraped from
the Internet, these vocabularies do contain errors. Nevertheless, we release these initial estimates in the hope that others
with access to native speakers of these languages can establish some benchmarks, or explore the data computationally.
Table 1 shows a sample of the most and least concrete words,
as judged by our model in 16 languages.

We showed how it is possible to swap lexical norms between
languages. Our technique integrates existing techniques for
estimating a relationship between distributional semantics
models and experimental lexical norms, and using this relationship to estimate qualities of new words. Our principal contribution is to show how, when combined with methods for aligning vector spaces among distinct languages, and
with contemporary embeddings models of distributional semantics in languages other than English, these techniques can
be used to characterise vocabularies in new languages without the need for exhaustive translation. Though our validation capabilities are currently very limited, we showed that
our predictions correlate with experimental observations in
at least one other language, Dutch, and that we can recapitulate empirically observed relationships between Concreteness, word frequency, and word class, from our imputed values. We aim to test these predictions experimentally in future
work, and hope that other researchers with access to speakers
of these languages will be able to do the same. More generally, we hope that the technique laid out here may be of
use to researchers beyond the example of Concreteness with
which it has been illustrated. We see promise for this line of
work in new methods for aligning vector spaces, and in improved computational procedures for distilling lexical norms
into computational models.
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Abstract
Although there are multiple reports of children spontaneously asking “why” and “how”
questions, the information seeking basis of their questions remains unclear. Two studies
measured children’s curiosity for how things work by pitting mechanistic information
(e.g., how things work) against “fun” information (e.g., surprising stories). The
information was never supplied, just the potential opportunity to acquire it. Children
from 5 to 10 years old showed a clear preference for mechanistic information (as
opposed to fun facts) when the experimenter put the emphasis on learning (as opposed
to “having fun”). Crucially, children also showed an interest in mechanistic information
when given neutral guidelines. A drive to learn more about mechanism therefore
emerges early in childhood and can override attractive alternatives.
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A neurocognitive model for predicting the fate of individual memories
Shannon M. Tubridy, David Halpern, Lila Davachi, & Todd M. Gureckis
Department of Psychology, 6 Washington Place
New York, NY 10003 USA
Abstract

viduals such as their own self-reported judgements of learning (JOLs)(Nelson & Dulosky, 1991). To foreshadow, we find
that the model utilizing fMRI signals recorded from individuals while they learned allowed us to predict which items they
would remember better than alternative approaches which utilized explicit assessments. The success of this approach allows us to determine, without directly asking or testing participants, whether an experienced event is likely to be forgotten
in the future and therefore deserving of additional practice.

One goal of cognitive science is to build theories of mental
function that predict individual behavior. In this project we
focus on predicting, for individual participants, which specific
items in a list will be remembered at some point in the future.
If you want to know if an individual will remember something,
one commonsense approach is to give them a quiz or test such
that a correct answer likely indicates later memory for an item.
In this project we attempt to predict later memory without explicit assessments by jointly modeling both neural and behavioral data in a computational cognitive model which captures
the dynamics of memory acquisition and decay. In this paper,
we lay out a novel hierarchical Bayesian approach for combining neural and behavioral data and present results showing
how fMRI signals recorded during the study phase of a memory task can improve our ability to predict (in held-out data)
which items will be remembered or forgotten 72 hours later.
Keywords: memory, joint modeling, cognitive neuroscience

Prior work on predicting human learning and
memory

Introduction
A number of approaches in cognitive science and education
attempt to use computer models to algorithmically tailor information presentation during study to the needs of individual
learners (Smallwood, 1962; Atkinson, 1972; Fu et al., 2006;
Ritter, Anderson, Koedinger, & Corbett, 2007; Pavlik & Anderson, 2008; Lindsey, Mozer, Cepeda, & Pashler, 2009; Rafferty, LaMar, & Griffiths, 2015). A core goal of these approaches is to leverage insights about the dynamics of learning and memory in order to predict which materials are likely
to be forgotten and which will be remembered at future points
in time.
Most of these approaches adapt their recommendations
to individuals based primarily on assessments (e.g., performance on quizzes and tests given during or after a learning
session)(Atkinson, 1972; Corbett & Anderson, 1995; Khajah, V. Lindsey, & Mozer, 2016). In this paper we attempt
to predict an individual’s memory (specifically which items
will be remembered and which will be forgotten after a delay) without using explicit assessments. Our approach builds
on research in cognitive neuroscience which has identified
several neuroimaging correlates of successful memory formation (Davachi, 2006). We use functional magnetic resonance
imaging (fMRI) to “peer into the minds” of learners while
they study and to use the resulting information to improve
predictions about their memory tested at a multi-day delay.
We begin by laying out a novel Hidden Markov Model
(HMM, Rabiner, 1989) of memory which can learn to utilize
fMRI signals as helpful indicators about the mnemonic status
{remembered, forgotten} of individual memory traces. We
then compare the predictive ability of this model to a number
of simpler alternatives which lack access to the neural information but which incorporate other information about indi-

Atkinson (1972) sought to optimize the acquisition of a foreign language vocabulary using a Markov model of memory
which algorithmically chose the sequence of words participants should study on each trial (Atkinson, 1972). In the
critical test of the model, word-pairs were selected for study
either randomly, by participants themselves, or using the fitted model.
The model-based approach assumed that each individual memory trace – memory for the association between
words in a pair – could be in one of three mutually exclusive latent states S = {sU , sT , sP } representing (U)nknown,
(T)emporarily stored, and (P)ermanently stored memories,
respectively. Each time a word was studied there was a probability the memory trace would transition to the more fully
learned T or P states according to the study transitions matrix
shown in Figure 1. Alternatively, on trials when a word was
not studied (e.g., another word was studied) there was a possibility of forgetting (i.e., moving from T to U) as reflected
in the decay transitions. Every time an item was presented to
the learner in the computer-aided condition, the model probabilistically updated a posterior probability estimate of the
state of each memory trace according to the transition probabilities. In this way, the model used the history and dynamics
of a trace (e.g., how long ago it was last studied, how many
times it has been studied, etc.) to make a prediction about the
status of a memory at any point in time.
The critical insight from Atkinson is that an explicit model
of the dynamics of a memory trace can be exploited by
an adaptive computer algorithm to predict human learning.
This influential finding inspired a line of work that has utilized Bayesian Knowledge Tracing (BKT) to adapt instruction to individual learners (Corbett & Anderson, 1995) and
generated a range of subsequent papers and modeling attempts (Pavlik & Anderson, 2008; Lindsey et al., 2009; Khajah, Lindsey, & Mozer, 2014).
Although these models show promise, they have several
limitations. In particular, there is usually no information
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Figure 1: Structure of Atkinson’s (1972) three state Markov model
showing latent memory states, the allowable transitions between
them during learning and forgetting, and the parameters governing
the state transitions.

about the knowledge or memory status of some material until the learner completes an explicit assessment (e.g., test or
metacognitive rating of learning). However, it has long been
recognized that repeated assessments interrupt the learning
context and may alter the nature of memory in consequential ways (Anderson, Bjork, & Bjork, 1994). In addition,
the focus on explicit assessments runs the risk of ignoring
other useful forms of information bearing on the underlying
knowledge state of individuals (Anderson, Betts, Ferris, &
Fincham, 2010; Anderson, 2012; Turner et al., 2013).

Signals of memory formation in the brain
Following pioneering clinical and animal research (Scoville
& Milner, 1957; Mishkin, 1978) it is now common consensus
that there are regions in the brain which are critically involved
in memory acquisition. One important finding is that neuroimaging signals recorded during study episodes differ according to whether those episodes are later remembered compared to those that are forgotten (Paller & Wagner, 2002), a
phenomenon known as the subsequent memory effect (SME).
Of particular interest in the context of this paper is the fact
that these differences are, on average, measurable at the time
of the to-be-remembered experience, suggesting that the future memory status of individual episodes could be predicted
from the brain response to a single trial. That is, rather than
retroactively using later memory performance to identify the
neural patterns predicting that performance, we hope to use
these signals in a prospective fashion to predict the probability that events have been encoded successfully into memory.

A neuro-cognitive model of memory
Drawing inspiration from both the BKT and the subsequent
memory literatures we propose a neurally-informed HMM of
paired-associate memory. As a starting point, we adopt the
three-state model introduced by Atkinson (1972) and extend
it to include observable emissions (i.e., observable data reflective of the hidden states). Although highly schematized,
this model provides a characterization of memory traces in
terms of latent states and the dynamics of moving through
those states over time and can be used to make predictions
about future memory performance. A particular strength of

this approach is flexibility in incorporating diverse kinds of
observable emissions (Rabiner, 1989). Here we focus on
BOLD signals measured with fMRI (as well as metacognitive
judgments in the form of JOLs) because such signals have, in
past work, been been related to future memory performance
but the framework could readily incorporate other observations bearing on memory status (e.g., EEG, eye movements).
Our goal of combining neuroimaging data with a cognitive model is part of a broader recent initiative to find ways
to link behavioral and neural data together with hypotheses
about cognitive processes (Hawkins, Mittner, Forstmann, &
Heathcote, 2017; Turner et al., 2013; Anderson et al., 2010;
Anderson, 2012; Anderson, Pyke, & Fincham, 2016; Turner,
Rodriguez, Norcia, McClure, & Steyvers, 2016; Turner,
Forstmann, Love, Palmeri, & Maanen, 2016). Although the
research topics in these reports are diverse, they share the perspective that neural data can provide useful information about
latent states or cognitive processes beyond that available from
behavior alone and that the constraining influence of jointly
modeling neural and behavioral data enables more accurate
description of cognition.

Structure of the model
We assume that a learner studies a list of N word pairs or
pair-wise associations. We characterize each memory trace
(i.e., each word pair) as a HMM with the structure shown in
Figure 1. For computational reasons, we assume that individual memory traces are independent but in future work this
assumption can be easily relaxed to model inter-item interactions.
The core of each HMM is the set of discrete latent memory
states S = {sU , sT , sP }; a prior, Πt=0 , over the initial states
(before study) for each word pair; the transition probabilities, T , which determine the probability of a trace moving
between the different states at each point in time as set by the
parameters x, y, z, and f (Figure 1A); and the emission distributions, E, defining the probability of observing data (behavioral or physiological) given a latent mental state and an
external event eliciting an observable signal.
We propose two sets of transition probabilities (Figure 1),
the application of which depends on the type of event, et =
{study,decay,test}, occurring at time t for a particular word
pair. If, at time t, word pair i is presented for study, the study
transitions are applied, increasing the probability that the latent trace for pair i has moved into an accessible memory
state. At timesteps when item i is not presented for study
(e.g., another item is studied), the decay transitions are used,
reflecting the possibility that learned items might fall back
into the U state. The event type occurring at t also defines
whether and which observable emissions can be expected.
As in BKT, a behavioral response on a test event is an emission whose likelihood is dependent on the underlying state
(P[correct response|q = s]). Similarly, presenting an item for
study while a person is undergoing fMRI scanning results in
an observed BOLD signal that may be related to later memory performance (which in turn is assumed to depend on the
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latent memory state of the item).
Given a model and a protocol R specifying the order of
events for a particular participant (e.g., the order of words
studied and the time between presentations) we can infer, at
any point in the study sequence, the most likely mnemonic
status for each word pair. The posterior probability of each
state for a particular word pair at time t can be obtained by
Bayes’ rule:
g,s0 g,s→s0

s
bt at
πt−1
p[qt = s |ot , et = g, qt−1 = s] =
g,s g,s→sk s
πt−1
∑k bt k at
0

(1)

The likelihood of observed data for a memory trace at time
t conditional on event type g and a particular latent state s is
g,s
given by bt = P[ot |et = g, qt = s]. Some state-event combination are “silent” in the sense that if, for example, word pair
j is presented for study there my be no observable behavior or
other signal that bears on the status of item i. The transition
probabilities for an item moving from state s to s0 given event
g – which determines the transition functions to be used – are
g,s→s0
s
represented as at
, and πt−1
encodes the prior distribution
over states for an item as provided by the initial state prior or
the previous time step. When there are no observable emissions this reduces to application of the appropriate transition
matrix to the posterior over states from the last time step.

Memory task - behavioral
The behavior that we seek to predict is performance on
a cued-recall memory test for a set of Lithuanian-English
word pairs. Participants’ task is to study the word pairs
and then, given a Lithuanian word, recall the associated English word. Starting with a normed set of Lithuanian-English
words (Grimaldi, Pyc, & Rawson, 2010), we selected 45 word
pairs to be learned. During study, participants see the pairs
presented one at a time for 4 seconds each with a variable duration ITI (4s-16s) between trials (for consistency with eventrelated MRI timing). Each word pair is presented five times
and no pair is presented for the nth repetition until all words
have n−1 presentations. Importantly, and in contrast to many
studies, all participants see the same sequence of study items.
Although the model we use is simple and doesn’t explicitly
model factors like inter-item interactions during study, keeping a fixed protocol across people ensures that some of these
effects will be captured in the acquisition and forgetting parameters we estimate.
Immediately following the study session participants give
judgments of learning (JOLs): for each pair, participants use
the mouse to indicate on a scale of 0-100 how likely they
think they are to remember the association. Participants then
return to the lab for a recall test either 24h, 72h or 168h (1
week) after the initial study session. During the recall test,
participants are given a cued recall task in which they see a
Lithuanian word presented on the screen and have up to 12
seconds to type in the associated English word. Recall performance for each trial was considered correct if participants

typed the correct English word and all other responses were
considered failures of recall.
Due to the high cost of fMRI data acquisition we took the
approach of collecting a large behavioral dataset outside of
the MRI scanner and combined those data with additional
observations from participants who performed the same task
during MRI scanning (under this view all participants are
equally useful but purely behavioral subjects are treated as
through their fMRI data are ”missing”). Each behavioral participant (N=150) was tested at one of the three study-test delays. Including participants at each of three delays provides
help in estimating the forgetting rate for each word in a way
that allows separation between the T and P states. Both states
are associated with successful recall, so including multiple
delays allows us to separate those memory traces that are
more likely to be recalled at shorter delays than longer delays
(T state at end of study session) from those that are likely to
be recalled at all delays (more likely to be P state traces).

Memory task - MRI
MRI participants (N=20) underwent the same study-test procedure except they were scanned during the study session and
all MRI participants were tested at the 72h delay. MRI data
were collected on a Siemens Prisma 3T. Functional data covering the cortex were acquired at 2.5 mm3 with a 1 second
TR (multi band factor 4) and anatomical scans were acquired
at 1mm3 .

Identifying fMRI emissions
After standard MRI preprocessing (Danker, Tompary, &
Davachi, 2017), we selected data for inclusion in the model.
We reduced the dimensionality of the fMRI data using group
spatial independent components analysis (ICA) using the
ICASSO algorithm as implemented in the GIFT ICA toolbox
(http://mialab.mrn.org/software/gift/) (Calhoun, Adali, Pearlson, & Pekar, 2001; Van Maanen et al., 2011). This procedure, which is blind to trial information, results in a set of 60
independent components that are characterized by a particular
spatial and temporal profile for each participant. Components
that were unstable across estimations (ICASSO) and components associated with signal from ventricles or motion were
discarded leaving 43 independent components for inclusion
as model features. Individual trial activations were summarized as the mean of of timepoints encompassing 4-6 seconds
post-stimulus onset (to account for the temporal lag in the
BOLD response), giving us one activation value for each trial
in each component for each MRI participant.

Predicting behavior
To assess whether our proposed model can accurately predict
performance in the task we fit three variants: a model fit to
trial timing and recall performance (the binary recall success
scores for each word) (Recall); a model fit to trial timing,
recall performance, and JOL emissions (Recall+JOL); and a
model fit to trial timing, recall performance, and fMRI emissions (Recall+MRI). In each case the training data included
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data from all of the behavioral data and a subset of the MRI
participant data (see Model evaluation below).
The parameters to be estimated for all three models are the
x, y, and z values controlling transitions between states during
study opportunities and the f parameter determining forgetting rates (Figure 1). In the Recall+JOL and Recall+MRI
models we also estimate the parameters for distributions of
emission likelihoods (i.e., probability of fMRI signal or JOL
ratings conditioned on the latent states of an item).
For all words we set the initial state priors, πs0 , at
[0.99, 0.005, 0.005] for U, T , and P, respectively, as none of
the participants in our study had prior experience with Lithuanian. We also fixed the probabilities of giving the correct behavioral response as [.01, .9, .9] for latent memory states U,
T , and P. This reflects the assumption that it is very unlikely
that one would guess the correct answer in a cued recall test
without any memory (s = U) and that, as in Atkinson, the primary difference between T and P states is the susceptibility
to decay over time rather than the availability of a memory to
recall (via the influence of the f parameter).
To get better estimates of the parameters, we used a hierarchical Bayesian model that used group-level priors over the
parameters to regularize the estimates. Each xw was drawn
from a Logit-Normal(x, σx ) where x itself was drawn from a
Normal(0, 6) and σx was drawn from a Truncated-Normal(0,
1). The model for the fw parameters was exactly the same.
The simplices zyw were generated using the following procedure: z and y were drawn from a Normal(0, 6). zw and
yw were drawn from Normal(z, σz ) and Normal(y, sigmay )
respectively with σz and σy both drawn from a TruncatedNormal(0, 1). Finally, zyw was set to so f tmax([0, zw , yw [).
This can be thought of as a multivariate generalization of the
Logit-Normal with a diagonal covariance matrix.
In the models incorporating JOLs or MRI data we also
estimated the mean and variance parameters for the Gaussian (truncated for JOLs) emission likelihood from each latent state. As with the transition parameters, the individual
MRI components were treated as independent observations
but the emission likelihood priors were hierarchical.
For estimation in this model, we used MCMC sampling via
the NUTS algorithm as implemented in STAN to estimate the
posterior over the parameters (4 chains of 200 iterations; 100
per chain discarded as burnin; 400 total samples per parameter). HMM models like this can be difficult to sample since
parameters can be highly correlated and getting 200 samples
for the fMRI models took 12-36 hours of compute time per
model per fold. While hierarchical parameters were sometimes noisily estimated, to ensure convergence, we checked
that estimates of the probability of recall had low R̂ values
(Stan Development Team, 2016).
Model evaluation In order to compare models, we want to
know how well our models will predict new, unseen data. A
common metric of model fit in cognitive science is the log
likelihood of the data. Many approximation methods have
been proposed for computing the expected log likelihood of

new data such as AIC (Akaike, 1974) and WAIC (Watanabe,
2010). However, it is generally agreed that the generalization
method with the fewest assumptions is K-fold cross validation and this is preferred when sufficient data and computational resources are available (Vehtari, Gelman, & Gabry,
2017). Our goal is to assess the utility of incorporating MRI
signals into a memory model so we use K-fold cross validation where the folds were defined over the 20 fMRI subjects.
We divided up the data from these subjects into ten equally
sized folds. We then trained ten versions of each of the three
model types where the training set consisted of all of the data
from behavior-only subjects and nine of the ten folds of the
fMRI subjects. On the held-out test set, we used the identity
of the words and the trial timings (and JOL or fMRI observations, where appropriate) to generate the posterior probability
of recall for each held out word at the time of test.
In addition, we evaluated a ”baseline” fMRI model that
predicted recall using just fMRI activations without the contributions of the three-state cognitive model. These fMRIbaseline predictions were generated by training an L2 regularized logistic regression model using the same cross validation regime as described above. The predictors were the
fMRI activations measured on each study trial in each of the
independent components used in the three-state model and
the output was the probability of recall in the test sets.
As we are primarily interested in our ability to classify a
new piece of data as successfully recalled or not rather than
the log likelihood of the trial under the model, we adopted
a cross-validated area under the ROC curve metric (ROCAUC). The ROC-AUC can be interpreted somewhat like an
accuracy measure where 0.5 represents chance prediction and
higher values indicate better predictive performance of the
model. Using ROC-AUC allows us to compare the held-out
predictive performance of models with varying numbers of
parameters while providing a metric of model performance
that is relatively insensitive to class imbalance and does not
prioritize one kind of error over another (e.g., trading off Hits
versus Misses). The model ROCs were defined by calculating, in each cross validation fold, the proportion of predicted
as remembered trials that were recalled correctly (Hits) and
the proportion of predicted as remembered trials that were
not (False Alarms) at each level of posterior recall probability given by the model.

Results
The Recall model, which is trained and evaluated using the
timing of study and test trials and the observed recall performance, demonstrated above chance prediction performance
in each of the cross validation folds (Figure 2, mean across
fold AUC=0.64; sem=0.02). This result, consistent with prior
work, establishes the ability of the structure of our three state
model to predict memory performance given only the trial
timings and identity of held-out word pairs.
The Recall+JOL model, which adds judgments of learning to the Recall model, improved our held-out prediction,
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achieving a mean held out ROC-AUC of 0.73 (±0.01), indicating that although knowing the basic information used in
the Recall model (trial timing, recall accuracy for each word)
is useful, additional observations in the form of JOLs can be
used to refine predictions about held-out performance.
We next assessed whether we could use fMRI signals to
make accurate predictions on held out trials. We trained the
Recall+MRI model using the piecds in the Recall model and
added fMRI observations for each MRI participants’ study
trials. The training set included the trial-level activations in
each of forty-three independent components. The held out
data included the trial timings for the held out word pairs
as well as the study trial MRI observations from each of
the components. This model achieved a mean ROC-AUC
across folds for held out trials of 0.75 (±0.01). This result
demonstrates that once trained, our model can predict triallevel memory performance given only the identity of a word
pair, the timing of trials, and fMRI signal from study events
and that this predictive accuracy surpasses that provided by
the Recall and Recall+JOL models.
We also examined whether the fMRI data alone, without
the structure provided by the models, could be used for prediction. The result of this analysis was a mean held-out ROCAUC of 0.60 (±0.05) in the fMRI-baseline logistic regression
model, indicating a benefit of joint cognitive and fMRI modeling relative to fMRI data alone.

Examining emission likelihoods
The Recall+MRI model included activation from a number
of independent components as neural features. After estimating the emission parameters we can assess which components
provided information about the latent model states. Used in
this way, the joint model can be used as a tool for a richer understanding of how complex cognitive dynamics, especially
those that might not be apparent in a more conventional analysis (e.g., a traditional subsequent memory analysis that only

considers activation at the time of study and performance
at the time of test), are instantiated in the brain. Figure 3
shows the voxel loadings and posterior predictive distributions for component activation conditioned on model state for
the most informative component in our model. This component, associated primarily lateral occipital and fusiform gyrus
regions involved in processing complex visual inputs, showed
stronger activation for items in the T or P states relative to U.

Discussion
This paper introduced a neuro-cognitive model of memory
that jointly models both brain and behavior within a single
hierarchical Bayesian framework. Building off the three state
model of memory developed by Atkinson (1972), we designed a discrete Hidden Markov Model of memory capable
of learning to incorporate informative fMRI (or other) signals. The model is part of a growing movement towards joint
modeling of brain and cognition (Turner et al., 2013; Anderson, Fincham, Schneider, & Yang, 2012). The advantage of
this approach is that information from the the brain can help
to constrain inferences about behavior, while inferences about
behavior can help to constrain the interpretation of brain signals.
Although this work is preliminary and based on a relatively
small number of fMRI subjects (N=20) exposed to a fixed
trial sequence, we were able to make above-chance predictions on held out recall performance using only the timing
and identity of individual study trials (Recall model). Incorporating observations in the form of individual metacognitive
judgments of learning (JOLs) or MRI signal recorded during
the study session led to improved predictions, with the Recall+MRI model achieving the best held out prediction performance.
Besides showing a framework for integrating cognition and
brain measures in a single model, the predictions from our
model can easily be incorporated into assistive learning technology (e.g., automated tutors). The estimated probability
that a learner will remember some material can be used within
optimization frameworks to design an optimal schedule of
practice (Atkinson, 1972; Pavlik & Anderson, 2008; Rafferty et al., 2015). One advantage of using our approach is
that we can identify the probability of future remembrances
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without interrupting the learning process to perform explicit
assessments. In addition, although our model summarizes a
number of memory phenomena in a fairly abstracted discrete
state model, it is possible to examine the posterior parameter
estimates for the neural emissions to begin understanding the
neural contributions to a dynamic, hidden set of latent cognitive processes.

Hawkins, G., Mittner, M., Forstmann, B., & Heathcote, A. (2017).
On the efficiency of neurally-informed cognitive models to identify latent cognitive states. Journal of Mathematical Psychology,
76, 142-155.
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Abstract
Clear speech is a vocal style used when a speaker wishes to improve comprehension, usually due to the presence of external
noise, less-than-optimal listening conditions, or when they are
simply instructed to speak clearly. Clear speech has many distinguishing features, including increased duration, pitch, and
amplitude, as well as the exaggeration of articulatory movement. We use game theory to model the phenomenon of clear
speech, and make predictions of how it changes under different circumstances. We view the behaviours of speakers and
hearers when communicating as optimal strategies in communication games. When comprehension becomes more difficult,
the optimal strategies of the games shift so that speakers exert
more energy to improve the likelihood of accurate communication. We discuss how our models correspond to experimental
observations and see what predictions are made for future experiments.
Keywords: phonetics; game theory; communication games;
clear speech; Lombard effect

Introduction
In many situations, speakers use clear speech: speech whose
properties are modified with the intention of being more comprehensible. Contexts in which clear speech occurs include in
the presence of external noise, when speaking to the hearing
impaired or language learners, or merely when the speaker
is instructed to speak clearly. Clear speech is not identical
in these different contexts, but there are certain features that
remain similar: increased amplitude, higher pitch, and longer
duration (Lam, Tjaden, & Wilding, 2012). Another important
feature of clear speech is that phonetic differences between
phonemes are exaggerated in order to make distinguishing
different phonemes easier for the hearer (Lindblom, 1990).
There is a need for a predictive theory of the differences
between clear and plain speech. One issue is the multitude of
different effects observed in different studies, and the need to
have a systematic framework for their organization and study.
Another is the fact that many predicted and observed effects
in clear speech are in tension with each other. For example,
making a larger articulatory gesture (and thus making the individual phoneme easier to hear) may result in making a pair
of phonemes more confusable (Leung, Jongman, Wang, &
Sereno, 2016). How does the speaker resolve these competing demands, and what paradigms can we use to probe these
issues experimentally?
Our basic assumption is that clear speech exists for the purpose of improving the probability of correct transmission of

information. Though it is known that clear speech strategies
do not always work, (shouting does not help someone understand you when you don’t share a language), in many contexts they do. We conjecture that clear speech style developed
as an adaption to improve communication in adverse conditions, and use this assumption to make predictions about clear
speech styles.
We use the framework of Game Theory to model clear and
plain speaking styles (DeVos & Kent, 2016; Jäger, 2008). We
imagine a speaker and a hearer who are engaged in a communication game that they play over and over again. The game
involves the speaker transmitting one of a few different possible messages to the hearer. The speaker is allowed to emit
a continuous-valued signal to communicate the message, and
must decide how different messages are encoded as different
signals. When the signal is transmitted, its value is perturbed,
so that the hearer only receives a corrupted version of it. The
hearer then must decide on a strategy for decoding the message from the signal. Two important factors in the game are
that different signals have different costs to the speaker, and
that the presence of noise in the system leads to the possibility of transmission of the wrong message. It will turn out
that the speaker has to strike a balance between the effort expended in communication and the probability that the wrong
message will be received, just as in Lindblom’s H&H theory
(Lindblom, 1990). Our results demonstrate that as the noise
level in the game increases, the speaker will devote more effort to emitting the signal in order to increase the probability
of correct communication again. This shift in strategy in response to more noise in the system is what we take as our
model of clear speech.

Basic Model
We begin with the most basic version of our model, which we
depict in Figure 1. The speaker has one of two messages to
convey: either a or b. We may imagine that the speaker is
ordering a beverage at a café, so that a means “coffee” and
b means “tea”. We assume that the two messages need to be
transmitted equally often, and the consequences of mistakenly transmitting a for b are the same as for transmitting b
for a. To convey the message the speaker has a single variable whose value they may set and then transmit. For example, suppose the speaker may only emit a single tone of fixed
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Figure 2: Left: F, the cumulative distribution function of a
standard normal random variable. Right: g, the function describing the cost in our model of emitting a signal with a given
phonetic variable.
Figure 1: A schematic showing our basic model. The speaker
is required to communicate one of two messages: a or b.
They select signal values xa or xb which they transmit to
the hearer. Noise in the communication channel leads to the
hearer receiving a perturbed signal which they classify as either a or b based on the criterion c.
duration, but is able to select the pitch. Now either in production, transmission, or reception, noise is added to the variable,
so that the original value selected by the speaker is perturbed
before it is perceived by the hearer. Then the hearer must infer what message was intended by the speaker from this noisy
stimulus.
The speaker’s strategy is to select two values of the variable x: xa and xb for the signals a and b respectively. Without
loss of generality we assume that xa < xb . Now, depending on
the message, a or b, what is perceived by the hearer is either
y = xa + σ n or y = xb + σ n where n is a standard Gaussian
random variable, and σ is a noise amplitude. The hearer must
make a decision based on the heard signal y. The hearer’s task
is an instance of the standard model in Signal Detection Theory (Macmillan, 2002): the optimal choice is to fix a value c,
known as the criterion, and choose a when y ≤ c and choose
b otherwise. The optimal value of c will be the one that maximizes the probability of receiving the correct message. Recalling that each message is equally likely, we can express
this probability as
P(xa , xb , c) = P(correct transmission)
= P(correct|a)P(a) + P(correct|b)P(b)
1
1
=
P(xa + σ n ≤ c) + P(xb + σ n > c)
2 
2




1
c − xa
1
c − xb
=
F
+
1−F
2
σ
2
σ

The issue remains of how the speaker should choose xa and
xb . If there are no constraints on x, the probability of success
will increase to 1 as the distance between xa and xb increases.
In any realistic system there is either a finite range of possibilities for x, or there is a disincentive for using large or small
values of x. The idea is that more extreme values of x require
more effort, and the speaker will make less effort unless there
is sufficient benefit to making more effort (Lindblom, 1990).
We combine these ideas by defining a cost for emitting
a signal that depends on x, the phonetic variable of the signal. Suppose that the effort required to emit signal x is k g(x)
where g is defined as
g(x) =

1
, for 0 ≤ x ≤ 1,
x(1 − x)

(1)

and set g(x) = ∞ for x < 0 or x > 1, as shown in Figure 2 right.
k is some positive constant we use to parameterize the overall
effort in emitting a signal. We chose this form for g because
it means that (i) only sounds in the range (0, 1) can be emitted and they all have positive cost, (ii) more extreme sounds
are more difficult to emit, (iii) effort is close to constant for
signals within the middle of range. Other, similar, forms of g
give the same qualitative results as we present here.
We now make a fairly strong assumption for the purposes
of simplicity: the speaker and the hearer have the same payoff function in the game. So they are equally interested in the
correct message being transmitted, and are equally interested
in the speaker’s effort being minimized. (This is clearly not
always a reasonable assumption, and future work will consider different models.) Following this symmetric modelling
choice, we assume that the expected payoff to the speaker and
the hearer in one round of the communication game is
k
E(xa , xb , c) = P(xa , xb , c) − (g(xa ) + g(xb )) ,
2

Here F is the cumulative distribution function of a standard normal random variable with mean 0 and variance 1,
as shown in Figure 2 left. A simple use of calculus shows that
whatever xa and xb are, the optimal value for the criterion is
c = (xa + xb )/2. So whatever the speaker chooses for xa and
xb , this is the choice the hearer will make in equilibrium.

that is, the probability of the message being correct minus
the average cost to the speaker of transmitting x. We assume
the speaker and hearer will act to maximize this quantity. As
we have mentioned, the optimal solution will always have
c = (xa + xb )/2. The symmetry of g(x) about x = 1/2 implies that the optimum will always have xb − 1/2 = 1/2 − xa
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Figure 3: The basic model. Top: The value of the optimal
xa , xb and c for varying k and σ = 0.05. Bottom: The same
for k = 0.05 and varying σ .

implying c = 1/2. So we only need to maximize the function P(1/2 − ∆x, 1/2 + ∆x, 1/2) with respect to ∆x ≥ 0 to find
the optimum of the original problem. This can be performed
by a numerical optimization. This and all other optimization
problems we study were solved using Matlab’s fminsearch
routine (The MathWorks, Inc., 2016).
Using our computed solutions to the optimization problem,
we study how xa , xb , and c depend on σ (the noise amplitude)
and k (the effort parameter). Figure 3 top shows how xa , xb ,
and c depend on k for a fixed value of σ = 0.05. We see that
as k goes to 0, xa goes to 0 and xb goes to 1, which makes
sense, since in this limit, there is no penalty for making the
gestures as large as possible. Likewise, as k goes to infinity,
xa and xb both go to 1/2, the cheapest possible signal, since
the cost of emitting a signal becomes large compared to the
benefit of accurate communication.
More interesting is the case of fixed k and varying σ . Figure 3 bottom shows how xa , xb and c depend on σ for a fixed
value of k = 0.05. For small values of σ , as we might expect, xa , xb go to 1/2 as σ goes to zero. This makes sense, as
when there is no noise, even the slightest difference between
xa and xb gives perfect communication, and setting both to
1/2 minimizes effort. Less expected is what happens as σ

increases. Initially, as σ increases from 0, gestures become
more extreme in order to improve the probability of correct
communication. This is the standard clear speech effect, and
is a key part of Lombard speech, that is, speech in the presence of noise (Brumm & Zollinger, 2011). See, for example,
(Ferguson & Kewley-Port, 2002) for this effect in F2 in English vowels and (Tartter, Gomes, & Litwin, 1993) for duration and amplitude.
Surprisingly, past a certain noise level the effect reverses
itself, and gestures become less extreme in our model. This
occurs because, if the noise is large enough, the probability of
communication regardless of the signals used is so low that it
is no longer worth the effort to make the more extreme gestures that were worthwhile for a lower level of noise. We
know of no observations of this phenomena, but predict that
it will be observed for human subjects with sufficiently large
amplitudes of noise. Indeed, (Summers, Pisoni, Bernacki,
Pedlow, & Stokes, 1988) observes speech amplitude increasing with a decreasing rate as noise level is increased, and a
reduction in amplitude may be observable if an even larger
noise level is tried. A similar phenomenon has been observed
in domestic fowl (Brumm, Schmidt, & Schrader, 2009). The
chickens studied varied the frequency with which they repeated their calls in the presence of different amounts of
noise. It was observed that for lower levels of noise the birds
increased call frequencies with increasing noise, and it is conjectured that this is an adaption to improve the probability of
communication by expending more effort. However, interestingly the authors noted that after the noise was increased
past a certain point, the birds decreased the frequency of their
calls, as would be predicted by our model.

Four-Message Model
The basic model of the previous section can also be extended
to an arbitrary number of messages analogously. Here we
just consider the case of four messages, as we will build on
this case subsequently. Now there are messages a, b, c, d,
again corresponding to four distinct meanings. The strategy of the speaker is to choose signals xa < xb < xc < xd to
represent them. Whatever these values, the optimal choice
for the hearer is to use criterion points cab = (xa + xb )/2,
cbc = (xb + xc )/2, and ccd = (xc + xd )/2. When the hearer
receives signal y = x + σ N, they select message a if y ≤ cab , b
if cab < y ≤ cbc , c if cbc < y ≤ ccd , and d if y > ccd . We do not
explicitly state the expressions for the probability of correct
transmission and the expected cost, since they are unwieldy
and completely analogous to those given for the basic model.
Again the payoff function E(xa , xb , xc , xd , cab , cbc , ccd ) is the
the difference between the probability of correct transmission
and the expected cost, and both speaker and hearer act to maximize it.
We show in Figure 4 the results of the optimization for this
case for a range of σ and k. Similarly to the two-message
case, with both decreasing cost parameter k and increasing
but low noise level σ , the speaker uses more extreme signals
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to convey the same message. In contrast to the two-message
case though, where the hearer adopted the same strategy for
all values of k and σ , in the four-message case, the speaker
must adjust the criterion points cab and ccd in response to
the change in the speakers strategy. As the dashed lines in
Figure 4 show, when the speaker uses more extreme signals,
the hearer must compensate.
We note in passing that in the four-message game, the
speaker uses a larger portion of the phonetic space. This can
be seen by comparing the range of x used for the signals for
any particular k and σ , as in Figures 3 and 4. For example, when k = 0.1 and σ = 0.05, in the two-message case,
the signals used range from about 0.4 to 0.6, whereas in the
four-message case they range from about 0.25 to 0.75. This
is in general accordance with the Theory of Adaptive Dispersion (Liljencrants & Lindblom, 1972; Lindblom, 1986),
which postulates that the more phonemes needed to fit into a
space, the more dispersed they will be. One way of describing it is that the basic model has a smaller range of x than the
four-message model because that smaller range already provides sufficient contrast between two messages. When two
more messages are added, and the number of contrasts that
needs to be made rises to three, there is a need for expanding the phonetic space. But because more extreme signals
x are more costly, and signals less than 0 or greater than 1
are impossible, the range cannot be tripled. The net effect is
that with more messages to transmit, the speaker expands the
phonetic space used, while decreasing the spacing between
the signals for distinct messages.

Conflicts Between Clearness and
Comprehensibility
In the two-message case we saw that the speaker needs to
modify their strategy in the presence of greater noise in order to maximize payoff. But in this case the hearer does not
need to make any adjustment to their strategy in response to
the speaker’s speech style, as shown by the flat dashed line
labeled c in Figure 3.
In the four-message case, we see from the dashed lines in
Figure 4 that the hearer does have to adjust their strategy as
well when k or σ is changed, in order to optimally respond to
the speaker’s change of strategy. Such changes in hearer’s
strategies in interpreting stimuli based on context (such as
for accent, gender, or identity of the speaker) are well attested, and known to be an important part of comprehension
(McMurray & Jongman, 2011).
However, a problem for our language users can arise if the
speaker is using a clear speech style, with its exaggerated signals, but the hearer thinks the speaker is using a plain speech
style. If the hearer is using the plain speech criterion points
(low noise) to interpret a clear speech signal (high noise), they
may end up with the wrong message after decoding. For a
concrete example, take our four-message model, and see Figure 4 bottom. Suppose k = 0.05 and σ takes one of two values: σ1 = 0.01 or σ2 = 0.05. Suppose the speaker believes
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Figure 4: The four-signal model. Top: The value of the optimal phonetic variable values xa , xb , xc , xd (solid blue line)
used by the speaker and criteria cab , cbc , ccd (dashed black
line) used by the hearer for varying effort parameter k and
noise level σ = 0.05. Bottom: The same for k = 0.05 and
varying σ .

σ = σ2 and intends to transmit message b and so utters a signal near y = 0.4. If the hearer thinks σ = σ1 , they will decode
this as message a, the wrong message. The problem is that a
plain (σ1 ) b has a similar signal to a clear (σ2 ) a, and so the
hearer cannot tell them apart if they don’t know whether a
plain or clear style is being used.
An example of how this might occur in a natural language
is in the difference between tense and lax vowels in English,
as exemplified by the minimal pairs “keyed – kid” (/i – I/),
“cod – cud” (/A – 2/), “cooed – could” (/u – U/). In each pair
the tense vowel is longer and the lax vowel is shorter. This
distinction has been shown to be perceptually important in
spoken English (though there are other important contrastive
features between these vowels as well) (Klatt, 1976). So suppose that a speaker wishes to be clearer by lengthening the
vowels of their production. This may create a problem for
the hearer, since a long “kid” might be difficult to distinguish from a normal “keyed”. There is a conflict between
a non-phonemic speech clarity effect (i.e. lengthening) and a
phonemic contrast (Leung et al., 2016).
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A similar phenomenon may occur in animal communication systems. Many animals lengthen their alarm calls in the
presence of external noise (Brumm et al., 2009). But Brants’
whistling rat uses a duration of alarm call to indicate the level
of threat (Le Roux, Jackson, & Cherry, 2001). It is suggested
that they may not lengthen their calls in the presence of noise
for this reason (Brumm et al., 2009), though this has not yet
been experimentally investigated.
So what is the optimal strategy in the case where the
speaker is aware of σ , but the hearer is not, and must use one
set of criterion points for both noise levels? One possibility is
that the speaker decides it is not worth it to have two different
sets of signals, one for each level of noise. The other extreme
possibility is that the speaker just assumes that the hearer does
know what the noise level is, even though they don’t. As we
will see, the predicted behaviour is a compromise between
these two simpler strategies.
To explore the predictions of our model for these contexts we consider three different cases for the speaker’s and
hearer’s knowledge of the noise level σ . The speaker is
communicating one of four different possible messages, with
k = 0.05 and where in each trial σ takes the value of either
σ1 = 0.01 or σ2 = 0.05 with probability 1/2. Each of messages a, b, c, d occur with probability 1/4. To simplify notation we let X = (xa , xb , xc , xd ) and C = (cab , cbc , ccd ) be strategy vectors for the speaker and hearer respectively. For each
condition we state the optimal values for X and C as computed by numerical optimization.
Case i: Neither Oblivious. Both speaker and hearer know
the value of σ in each trial. Thus both their strategies can
be modified with respect to noise level. So we determine X (1)
and C(1) for noise level σ1 and X (2) and C(2) for noise level σ2
as in the previous section. Equivalently, X (1) , X (2) ,C(1) ,C(2)
together maximize
1
1
E(X (1) ,C(1) , k, σ1 ) + E(X (2) ,C(2) , k, σ2 )
2
2
Here, because the σ1 vectors and the σ2 vectors are in
separate terms, they can be solved for independently.
Case ii: Oblivious Hearer. The speaker knows the value
of σ in each trial but the hearer does not. Speaker has strategies X (1) and X (2) depending on the noise level, but the hearer
only has C. X (1) , X (2) and C together maximize
1
1
E(X (1) ,C, k, σ1 ) + E(X (2) ,C, k, σ2 ).
2
2
Case iii: Both Oblivious. Neither the speaker nor the
hearer know the value of σ for each trial. In this case X and
C are determined by maximizing
1
1
E(X,C, k, σ1 ) + E(X,C, k, σ2 ).
2
2
In Figure 5 we show the optimal strategies for the speaker
and hearer in the four-message, two noise-level game, in each
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Figure 5: The optimal strategies for the speaker and the hearer
in the four-signal model with two levels of noise. The condition is indicated along the x-axis. The y-axis indicates the
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speaker (in blue), and the three criterion points used by the
hearer (in red). Lines are present merely to guide the eye.

of the three cases. The signals xa , xb , xc , xd are shown as blue
circles, and the criterion points cab , cbc , ccd are shown as red
×s. Lines connecting corresponding signal values and criterion points are added to aid comparison. Leftmost in the
figure, we show the strategies for each level of noise when
both speaker and hearer are aware of the level of the noise
(Neither Oblivious). As we expect from the previous section
and Figure 4, the speaker uses more extreme signal values
when the noise is greater, and the hearer is able to take this
into account in the setting of the criterion points. The payoff
achieved in this case is 0.750. In the middle of the figure, we
show the strategies when only the speaker is aware of the level
of the noise (Hearer Oblivious). The speaker still emits more
extreme signals when the noise level is higher, as in the Neither Oblivious case. But this effect is relatively muted: when
the noise level is σ1 the range of the signals is greater than
in the Neither Oblivious case, and when the noise level is σ2
the range of the signals is less than in the Neither Oblivious
case. The fact that the hearer is unaware of the noise level
means the speaker cannot deploy this strategy to full effect.
The payoff achieved is now 0.741, and hence a cost is paid
for the hearer’s ignorance. Finally, for purposes of comparison, on the right we show the effect of two noise levels when
neither speaker nor hearer is aware of the level in a particular
trial (Both Oblivious). In this case, the speaker and hearer use
a compromise of the strategies in the other cases, leading to a
payoff of 0.729, worse than either of the other two cases.
Thus according to our model, uncertainty in the speaker
about whether a clear speech style is being used diminishes
the speaker’s distinction between plain and clear speech. One
way to investigate this effect experimentally when eliciting
clear speech is to vary the instructions, sometimes explaining
that the intended hearer will be aware that the speech is clear,
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and sometimes not. Alternatively, both a speaker and hearer
could be studied together, with noise of different levels being
played on separate headphones. Whether the speaker knows
if the hearer has the same noise level or not can be manipulated, allowing this effect to be investigated.

Predictions of our Model
Here we summarize the predictions our model makes for the
contrast between clear and plain speech.
1. Phonetic features used to distinguish phonemes will be exaggerated (produced with more extreme values) in clear
speech.
2. In noise-induced clear speech, as the noise level is increased, signals will first be exaggerated but then eventually become less exaggerated past a certain noise level.
3. Increasing the number of phonemes contrasted by a single
variable will cause the phonetic range to increase while the
phonemes are packed closer together within it.
4. In noise-induced clear speech, if both speaker and hearer
are aware of the noise level, differences between clear and
plain speech will be greater than in the case where the
speaker believes the hearer is unaware of the noise level.

Future Directions
There are many ways to extend our models to explore further
aspects of clear speech. We list some of them here.
1. More and Less Probable Messages. We assumed that all
messages were equally likely to be transmitted. This is not
at all necessary for our model, and in future we will study
how making a message more frequent changes the position
of its signal in phonetic space.
2. Multiple Phonetic Variables. We considered a communication game in which the speaker can vary only one phonetic variable in the signal. In real speech many different
dimensions of a signal can be controlled. Our models can
be expanded to handle more signal dimensions. This will
allow us to model and study the effects of variables like amplitude (i.e. loudness or intensity) which are typically not
used contrastively, as well as how speakers decide among
multiple variables which to use as a contrastive one.
3. Asymmetric Payoffs. We have assumed that the speaker
and hearer have the same payoff function. In reality the
speaker bears the cost of articulation alone, and the speaker
and hearer may not be equal in how important it is to them
for the message to be transmitted correctly. These factors
may be important in determining how clear speech is used
in a social context.
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Abstract

Figure 1: Chance and Margin Forecasts

While a large literature has studied how people make
forecasts, less is known about how lay people process
and interpret forecasts presented to them. We contrast
two common ways of communicating an uncertain forecast, as either a chance (e.g., the probability of winning)
or as an expected margin (e.g., the point spread). Across
five studies, we find a robust chance-margin discrepancy: people tend to treat a chance forecast as conveying
greater probability of the higher-likelihood outcome than
the statistically equivalent margin forecast.
Keywords: Judgment; Decision Making; Linguistic Priming;
Intertemporal Choice; Inference.

Forecasts are pervasive, with experts predicting outcomes
ranging from election outcomes and economic circumstances
to the weather and sports outcomes. Increasingly, forecasts
are based on empirical data and statistical models, rather than
expert opinion. For example, pundits used their judgment or
exemplars (“bellweather” areas) to make election predictions
in the past, but modern election forecasts primarily rely on
political polling results, and more recently on model-based
polling aggregation (Hilygus, 2011).
In statistical model-based forecasts, a probability distribution of outcomes is typically generated. Then, this distribution
is used to generate the summary statistics that comprise the
forecasts of interest. The two most commonly communicated
summary statistics are the chances of a focal outcome (e.g.,
probability of winning an election) and the predict margin
(e.g., the expected relative vote share of the candidates).
When the underlying form of the outcome distribution is
understood, these summary statistics provide different but
statistically equivalent information. For example, if the outcomes are normally distributed with a known variance (Figure 1), the margin (expected value of the outcome) and the
probability of a positive outcome (mass above zero) are each
sufficient to identify the mean of the distribution. In fact, the
mean (expected margin) can be calculated from the tail mass
for a given cutoff (chance of winning) and, conversely, the
tail mass (chance of winning) can be calculated from the
mean (expected margin).

In this paper, we investigate how people process a chance
or margin forecast, and the impact on their estimates, attitudes
and behaviors. The key question we pose is whether people
treat chance forecasts (e.g., the probability of a candidate
winning an election and of a sports team winning a game) as
if they conveyed the same information as the corresponding
margin forecasts (e.g., predicted vote share or point-spread).
One possibility is that people are skilled intuitive statisticians, particularly in domains in which they have experience,
such as politics and sports. Recent research in cognitive psychology has argued that many decision-making phenomena
that might be assumed to be errors can be represented by
Bayesian models that account for uncertainty or computational cost of complex inferences (Lieder, Griffiths & Goodman,
2012; Pouget, Beck, Ma & Latham, 2013). In this view, people are able to near-optimally represent and update probability
distribution information (Griffiths & Tenenbaum, 2006), perhaps spontaneously at the neural level (Knill & Pouget, 2004;
Ma, Beck, Latham, & Pouget, 2006). If this is the case, people will recognize corresponding chance and margin forecasts
from the same underlying outcome distribution as providing
equivalent information.
Another possibility is that people are systematically biased in their statistical reasoning. A large literature on intui-
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tive statistics suggests that this is the case, particularly in
making inferences from samples (Kahneman & Tversky,
1972; Peterson, DuCharme and Edwards 1968; Wheeler and
Beach 1968), largely due to using simplifying or simply
incorrect heuristics (e.g., Tversky & Kahneman, 1974). Urminsky (2014) shows that people fail to accurately generalize from individual event probabilities to the overall outcome distribution. Instead, people systematically overestimate tail probabilities, even when their estimates of the central tendency of the distribution (e.g., mean, median and
mode) are quite accurate. More generally, recent papers
(Jones & Love, 2011; Griffiths, Chater, Norris, & Pouget,
2012; Bowers & Davis, 2012) have revisited such findings in
light of the success of Bayesian models of reasoning and debated the degree to which Bayesian processes can plausibly
explain performance in complex decision tasks.
Next, we present five studies that investigate the degree to
which people treat chance and margin forecasts as equivalent
(e.g., correctly estimating the forecast in one format when
given the forecast in the other format), and the implications
for attitudes (election optimism, Study 2) and choices (sports
betting, Study 4). We begin with tests using actual public
forecasts of election and sport outcomes, and we conclude
(Study 5) with a statistical scenario in which correct inferences can be definitively identified.

average 75.35% chance of Clinton winning), they overestimated the forecast margin (60.56% estimated vs. 52.53%
actual, t(588) = 14.09, p < .001). Conversely, participants who
were shown a margin forecast (an average share for Clinton
of 52.7%) under-estimated the chance forecast (59.27% estimated vs. 74.09% actual, t(591) = 23.51, p < .001). These
finding replicated in each of the five tests, as the actual forecasts varied, when analyzed separately (all ps < .001).
These findings suggest not only that people’s intuitions
about election outcome chances and margins are inconsistent,
but that they diverge in a systematic way: margins are overestimated and chances are under-estimated, relative to each
other.

Figure 2: Voting Forecasts

Study 1: Presidential Election Forecasts
of Winning Chances vs. Vote Margin
Method
We collected data in five waves, between August and November 2016, prior to the U.S. Presidential election, with a
combined 1244 US Amazon Mechanical Turk (AMT) participants. We used actual election forecasts from the website
fivethirtyeight.com, based on aggregated political opinion
polls, of (1) the chances (probability) of each candidate winning and of (2) the predicted vote-margin forecasts for each
candidate. Both forecasts were based on the same polling
data, and can therefore be seen as summary statistics for approximately the same distribution of outcomes (ignoring the
role of the Electoral College). The forecasts varied over time,
as the polling results shifted.
Participants were randomly assigned to one of two conditions: they either saw the chance forecast and were asked to
estimate the margin forecast, or saw the margin forecast and
were asked to estimate the chance forecast. Given that voters’
own preferences end to distort their outcome estimates
(Orhun & Urminsky 2012), participants were not asked to
make their own personal predictions, but were instead asked
to estimate the predictions made by the website.

Study 2: Forecast Format Impacts Subjective
Assessments

Results
Participants’ estimates were significantly biased (Figure 2),
suggesting that they did not interpret the two types of forecasts as representing the same underlying political situation.
Overall, when participants were shown a chance forecast (an

Study 1 demonstrates a consistent discrepancy between
estimates based on having seen chance projections and estimates based on having seen margin projections. These
results suggest that the two kinds of projections will lead to
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different assessments of the state of the election, which we
test in the next study.

Method
In Study 2, 226 US AMT participants saw the election
forecast, either presented in terms of the chances of Clinton
winning or in terms of Clinton’s predicted margin of victory.
This study was conducted four days before the election, when
Clinton was leading 51.5% to 48.5% for Trump, and was projected to have a 64% chance of winning, according to fivethirtyeight.com.
Participants were asked to assess their opinions of the current predictions, on a scale from 1 (“very good news”) to 7
(“very bad news”), and were asked several questions about
election-related behavioral intentions. Since a wider perceived lead for Clinton would be perceived as more good
news by her supporters but more bad news by Trump supporters, we coded the extremity of attitudes as the absolute
difference from the center of the scale (extremity =|rating-4|).

games that took place in October of 2017, shortly before the
games were played. The games ranged between distant predicted outcomes (Warriors vs. Hornets, 84% vs. 16%, 10
points spread) to narrower predictions (Rockets vs. Hornets,
54% vs. 46%, 1 point) with two other games in between
(Nuggets vs. Hawks, 71% vs. 29%, 5.5 points; Knicks vs.
Nets, 59% vs. 41%, 2.5 points).
Each participant either saw the predicted chances of winning for both teams in each game and estimated the pointspreads, or saw the point-spread, and estimated the predicted
chances of winning. As in Study 1, participants were instructed to estimate what the website predicted (rather than
their own beliefs).

Figure 3: NBA Game Forecasts

Results
Participants who were shown the chance forecasts gave
more extreme assessments of the information than those
shown the share forecasts, on the same attitudinal scale (Ms =
1.75 vs. 1.38, t(224)=2.31, p=.022). However, the difference
in forecast format did not significantly impact measures of
behavioral intentions (e.g., intent to vote).

Study 3: Sports Forecasts of
Winning Chances vs. Point-Spreads
One concern about the election forecasts is that our analysis relies on the assumption that the two summary statistics
(chance and share) are in fact equivalent. Different forecasters during the election disagreed about the relationship
between the predicted share (which was less controversial,
and more directly based on polling data) and the predicted
chances of winning. In particular, factors such a distribution of votes across states and the role of the Electoral College complicate chance predictions. We selected fivethirtyeight.com because their chance predictions were the most
conservative (e.g., compared to the Princeton Election Consortium).
However, particularly in light of the fact that the 2016 US
Presidential election outcome was not well-predicted, we
cannot rule out the possibility that, when averaged, lay people’s projections were in fact more accurate than the forecasts. Therefore, it is important to test the generality of the
findings across contexts. Accordingly, we tested people’s
inferences in the context of NBA basketball games for the
predicted chances of winning and the predicted margin of
winning (point-spread).

Method
In Study 3 (N = 221 US AMT, pre-registered AsPredicted
#6391), we used chance and margin of winning (e.g., point
spread) forecasts from fivethirtyeight.com for four basketball

Legend: Gray bars represent actual projections, error bars=95% CI

Results
Participants who saw the chances of winning overestimated the point-spread (p < .001 for all four games, top
pane of Fig. 2). In contrast, participants who saw the pointspread significantly under-estimated the forecasted chance of
winning for three of the four games (p<.001 for three games,
p = .54 for the lowest win probability game, Rockets vs. Hornets; bottom panel of Figure 3).
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Study 4: Impact of Forecast Format on Betting
In Study 4 (N = 418 US AMT, pre-registered AsPredicted
#6762), we test whether the impact of forecast format on people’s beliefs about NBA games, demonstrated in Study 3, will
impact their willingness to bet on an upcoming game. In particular, the results of Study 3 indicated that the effect of
presentation format on beliefs was weaker for games predicted to be close. Thus, we compare the impact of forecasts on
betting choices for games forecasted to have close vs. distant
scores.

Method
We showed participants one of two actual upcoming NBA
games. In the close game, one team was weakly favored to
win (Heat 56% chance vs. 44% chance Wizards, point-spread
of 1.5). In the distant game, one team was strongly favored to
win (Thunder 91% chance vs. 9% chance Bulls, point-spread
of 14). Participants saw the team names and either the pointspread or the chance prediction for both teams.
Participants were told that five lottery winners would receive a $5 bonus each. They could choose to bet as much of
the $5 as they wished on whichever team they preferred, and
keep the remainder, should they win. Their bets would pay off
$3 for each $1 bet on the winning team, but they would lose
the money bet if the team they selected lost. Participants then
allocated the $5 among three options: bet on one team, bet on
the other team or keep and not bet.

Results
In the weakly favored case (Heat vs. Wizards), when both
prediction formats conveyed the closeness of the game, the
information format made no difference for how much more
they bet on the team predicted to win than the team predicted
to lose (Ms = +$0.28 after seeing the chances vs. +$0.11 after
seeing the point-spread, t(211)=.60, p = .55). However, in the
other condition, where one team was strongly favored (Thunder vs. Bulls), participants bet more on the favored than unfavored team moreso when shown the chance information rather than the margin information (Ms = +$2.39 after seeing
the chances vs. +$1.62 after seeing the point-spread,
t(203)=2.37, p = .02). In a regression model, the difference in
impact of forecast type on betting for close vs. distant games
was significant (interaction between team pair and presentation format, =.95, t(414)=2.19, p = .03).

chance and margin forecasts are generated is correct in
form. If this is not the case, then the forecasts may not actually be equivalent. Furthermore, in both the voting and
sports contexts, the shape of the full distribution may not be
knowable to participants, conditional on their knowledge
about the electorate and about NBA games.
In the next study, we test the difference between chance
and margin forecasts on people’s judgments in a statistical
scenario. In this scenario, we provide people with sufficient
objective information to enable a Bayesian to accurately
generate the exact margin forecast when presented with a
chance forecast, and vice versa.

Method
In Study 5, participants (N = 197 US AMT, pre-registered
AsPredicted #6686) read a statistical scenario involving a jar
containing 99 marbles. The marbles were an unknown mix of
red and green marbles only, with the number of red marbles
chosen at random from a uniform distribution. Four samples
were generated, by drawing 20 marbles from the jar with replacement, and the number of red marbles were recorded for
each sample. The samples were not observed by the participants. However, a statistician accurately determined, based
on each sample, both (1) the chance that there were more red
than green marbles in the jar and (2) the expected margin (i.e.
how many more red marbles than green marbles were expected).
Participants were assigned to one of two conditions. In one
condition, they were shown the chance prediction (probability
of more red than green marbles) for each of the four samples,
and estimated the corresponding margin predictions. In the
other condition, participants were shown the margin prediction (how many more red than green marbles) for each of the
four samples, and estimated the corresponding chance predictions. Participants were paid for the accuracy of their estimates, with a maximum accuracy bonus of $1 per person.

Derivation of Chance and Margin Forecasts

Study 5: Accuracy of Estimates Based on Forecast Format in a Statistical Scenario
The results of Studied 3 and 4 generalize the effect of
forecast format to the domain of sports outcomes. Combined with the election findings in Studies 1 and 2, these
results suggest that people treat ostensibly equivalent forecasts very differently, responding to chance forecasts as if
they represent a reality with more extreme projected differences, compared to margin forecasts.
However, this interpretation is still contingent on the assumption that the full outcome distribution from which the

To calculate the forecasts, we apply Bayes Theorem. Let
n ~ U[0,N] be the unknown number of red marbles in a jar
(N-n marbles are green, for a total of N). A sample of S
marbles are drawn with replacement, and there are s red
marbles in the sample. We can think of the expected number
of red marbles as the expected value of the posterior distribution. We can think of the probability of a majority of
marbles being red, conditional on the sample outcome s, as
the mass of the posterior distribution at or above N/2, after
accounting for the information in the sample.
Thus, we want to compute E (n | s  i) and

P(n 

N
| s  i) , where i is a given outcome from the
2

sample. We use Bayes’ Rule:
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P(n  j | s  i ) 

P( s  i | n  j ) P(n  j )
P( s  i )
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n
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a

uniform distribution,

1
P(n  j ) 
for all integer values of j in [0,N].
N 1
P(s  i | n  j ) is defined by the binomial distribu S  j 
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1  
 N
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.

Lastly,

N

P( s  i)   P( s  i | j  k )P( j  k ) .
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The expected number of red marbles is therefore given
by E (n | s  i) 

N

 r * P(n  r | s  i) . The probability
r 0

that

at

is P(n 

least

half

of

the

marbles

are

red
Legend: Gray bars represent actual projections, error bars=95% CI

N

N
| s  i )   P( n  r | s  i ) .
2
r  N /2

Results

We computed the relevant quantities for N=99 and S=20
in R, and the stimuli shown to participants were based on
sample outcomes of 11 through 14 out of 20 marbles being
red (Table 1).

Table 1
Number of red marbles i
in sample
Expected number of red
marbles, E(n | s=i)
Expected margin
Probability that most
marbles are red,
P(n>N/2 | s=i)

11

12

13

14

54.0

58.5

63.0

67.5

9

18

27

36

.6682

.8084

.9055

.9609

Figure 4: Statistical Forecasts

As shown in Figure 4, participants who were presented
with the margin predictions significantly underestimated the
chances of more marbles being red for all four scenarios (all
ps < .001). Conversely, participants shown the chance predictions significantly overestimated the margin prediction of
how many more marbles were red in all four scenarios (all ps
< .001).
These results confirm that providing more precise information, which would allow a true Bayesian to make completely accurate judgments, does not eliminate people’s incompatible estimates based on chance vs. margin forecast
formats.

General Discussion
Overall, the results demonstrate that equivalent forecasts
are seen as more extreme when framed as predicting chances
rather than as predicting margins. These findings suggest that
the supposedly irrelevant choice of format for a forecast can
have a meaningful impact on people’s interpretation of the
forecast and can even shift attitudes and behaviors.
These findings are difficult to reconcile with the view of
people as skilled intuitive statisticians who are adept at
Bayesian reasoning. In Bayesian terms, the findings suggest
a systematic discrepancy in beliefs about the expected value
and tail-mass of the posterior distribution, particularly when
considering the mass of the more extreme ends of the tails.
It may be that the flaws in Bayesian reasoning about chances and margins identified in this research reflects an active
reliance on a mis-specified distribution, conditional on
which people’s chance and margin beliefs are in fact consistent. Alternatively, it may be that people use different
heuristics when evaluating and interpreting chances and
margins. It would be useful for future research to investigate the underlying causes of the systematic discrepancy
documented in this paper.
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Abstract
The pervasive use of distributional semantic models or word
embeddings is due to their remarkable ability to represent the
meanings of words for both practical application and cognitive
modeling. However, little has been known about what kind of
information is encoded in text-based word vectors. This lack of
understanding is particularly problematic when distributional
semantics is regarded as a model of semantic representation
for abstract concepts. This paper attempts to reveal the internal
knowledge encoded in distributional word vectors by the analysis using Binder et al.’s (2016) brain-based vectors, explicitly
structured conceptual representations based on neurobiologically motivated attributes. In the analysis, the mapping from
text-based vectors to brain-based vectors is trained and prediction performance is evaluated by comparing the estimated and
original brain-based vectors. The analysis demonstrates that
social and cognitive information is predicted with the highest
accuracy by text-based vectors, but emotional information is
not predicted so accurately. This result is discussed in terms of
embodied theories for abstract concepts.
Keywords: Distributional semantic models; Word vectors;
Brain-based representation; Embodied cognition; Emotional
and social information; Abstract concepts

Introduction
One of the most important advances in the study of semantic processing is the development of distributional semantic
models for representing word meanings. In the distributional
semantic model, words are represented as high-dimensional
vectors, which can be learned from the distributional statistics
of word occurrence in large collections of text. Any words
that occur in the corpus can be learned regardless of their partof-speech class, abstractness, novelty and familiarity. This is
an important advantage of text-based distributional semantic
models over other spatial models of semantic representation
such as feature-based (Andrews, Vigliocco, & Vinson, 2009)
and image-based vectors (Silberer, Ferrari, & Lapata, 2017).
Word vectors have been employed in a variety of research
fields and many successful results have been obtained. In the
field of natural language processing (NLP), deep learning has
recently been applied to a number of NLP tasks such as machine translation and automatic summarization, and achieved
the impressive performance as compared to the traditional
statistical methods. One of the reasons for the successful results is the use of word vectors as semantic representations for
the input and output of recurrent neural networks (Goldberg,
2017). Research on cognitive science also benefits greatly
from distributional semantic models (Jones, Willits, & Dennis, 2015). Word vectors have been demonstrated to explain
a number of cognitive phenomena relevant to semantic memory or mental lexicon, such as word association (Jones, Gruenenfelder, & Recchia, 2017; Utsumi, 2015), semantic priming (Mandera, Keuleers, & Brysbaert, 2017), semantic transparency (Marelli & Baroni, 2015) and conceptual combination (Vecchi, Marelli, Zamparelli, & Baroni, 2017). Further-

more, recent brain imaging studies have demonstrated that
distributional word vectors have a powerful ability to predict
the neural brain activity in cerebral cortex evoked by lexical processing (Mitchell et al., 2008; Huth, de Heer, Griffiths,
Theunissen, & Gallant, 2016; Anderson, Kiela, Clark, & Poesio, 2017). These findings show that distributional semantic models reflect the representational structure of semantic
knowledge in the brain.
Despite the fact that successful results are obtained in many
research fields, relatively little has been known about what
kind of information or knowledge is encoded in word vectors. Some existing studies have addressed this question,
demonstrating that text-based word vectors reflect perceptual
(Louwerse & Connell, 2011; Riordan & Jones, 2011), emotional (Recchia & Louwerse, 2015; Tillmand & Louwerse,
2018), and social (Hutchinson & Louwerse, 2018) information. However, no direct comparison among a wide variety
of information has been made with respect to the representational ability of distributional semantic models. This lack of
understanding makes distributional semantic models unable
to predict human language behavior and performance at the
same level of detail and precision of other cognitive models.
It also limits further improvements on the practical performance of word vectors for many NLP tasks.
In this paper, therefore, we attempt to reveal the internal
knowledge encoded in text-based word vectors by comprehensively exploring their representational ability of various
types of information. Our approach to this problem is to
simulate a brain-based semantic representation (Binder et al.,
2016) using text-based vectors. This semantic representation
comprises 65 attributes (listed in Table 1) based entirely on
functional divisions in the human brain. Each word is represented as a 65-dimensional vector and each dimension represents the salience of the corresponding attribute, namely
the degree to which the concept referred to by that word is
related to that attribute. Because these attributes are based
on not only sensorimotor experiences but also affective, social, and cognitive experiences, we can analyze distributional
word vectors considering a wide variety of information. In
the analysis, we trained the mapping from the text-based vectors to the brain-based vectors, by which brain-based vectors
of untrained words are predicted.
The secondary purpose of this paper is to discuss the relationship between the embodied theory for abstract concepts
and distributional semantic models from the results of the
analysis. Recently, it has been accepted that language or linguistic experience is much more important for representing
and acquiring abstract concepts than for concrete concepts,
because abstract concepts are unlikely to be grounded in perceptual and sensorimotor experiences (Borghi et al., 2017). 1
A number of approaches have been proposed to explain the
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whose neural correlates have been well described. These
attributes were selected according to two fundamental principles; they correspond to distinguishable neural processors
that can be identified by an extensive body of evidence from
brain imaging and neurological studies, and they can contribute to concept acquisition and composition.
Elements of the brain-based vector represent the degree of
salience of attributes for the target word. Binder et al. (2016)
collected these values using Amazon Mechanical Turk. Participants of the survey were given a single word and questions such as “To what degree do you think of this thing as
a characteristic or defining color ” (for the attribute Color)
with some examples, and asked to rate the degree on a 7-point
scale ranging from 0 to 6. Collected ratings were averaged for
each word and attributed after data screening, and these mean
ratings were used in brain-based vectors.

Table 1: 65 attributes used in brain-based vectors
Domain
Vision
Somatic
Audition
Gustation
Olfaction
Motor
Spatial
Temporal
Causal
Social
Cognition
Emotion
Drive
Attention

Attributes
Vision, Bright, Dark, Color, Pattern, Large, Small,
Motion, Biomotion, Fast, Slow, Shape, Complexity,
Face, Body
Touch, Temperature, Texture, Weight, Pain
Audition, Loud, Low, High, Sound, Music, Speech
Taste
Smell
Head, UpperLimb, LowerLimb, Practice
Landmark, Path, Scene, Near, Toward, Away, Number
Time, Duration, Long, Short
Caused, Consequential
Social, Human, Communication, Self
Cognition
Benefit, Harm, Pleasant, Unpleasant, Happy, Sad,
Angry, Disgusted, Fearful, Surprised
Drive, Needs
Attention, Arousal

Word Vectors

In order to explore the information encoded in distributional
word vectors, we evaluated how accurately they can simulate
Binder et al.’s (2016) brain-based vectors. The simulation
was performed by training the mapping from text-based vectors to brain-based vectors and applying the trained mapping
to the text-based vectors of untrained words. Prediction performance was evaluated by comparing the estimated brainbased vectors with the original brain-based vectors.

In order to ensure the generality of the findings obtained
through the analysis, we constructed six semantic spaces,
which were obtained from the combinations of three distributional semantic models (SGNS, GloVe, PPMI) and two
corpora (COCA and Wikipedia). As distributional semantic models, we used three representative models, namely
skip-gram with negative sampling (SGNS; Mikolov, Chen,
Corrado, & Dean, 2013), GloVe (Pennington, Socher, &
Manning, 2015) and positive pointwise mutual information
(PPMI) with SVD (Bullinaria & Levy, 2007). SGNS and
GloVe are prediction-based models that train word vectors
by predicting context words on either side of a target word,
while PPMI is a counting-based model that trains word vectors by counting and weighting word occurrences. We set a
vector dimension d = 300 and a window size w = 10 for all
semantic spaces.
Two corpora used in the analysis were English Wikipedia
dump of enwiki-20160601 (Wiki) and Corpus of Contemporary American English (COCA). The Wiki and COCA corpora include 1.89G and 0.56G word tokens, respectively. We
built a vocabulary from frequent words that occur 50 times
or more in Wiki corpus 2 , or 30 times or more in COCA corpus. As a result, the vocabulary of Wiki and COCA contained
291,769 and 108,230 words, respectively. These two corpora differ in that Wiki is a raw text corpus that is untagged
and unlemmatized, while COCA is a fully tagged and lemmatized corpus. For Wiki corpus, raw texts were extracted from
the dump files using WikiExtractor.py 3 and no other preprocessing such as lemmatization was applied.

Brain-based Vectors

Learning Methods for the Mapping

As mentioned above, we used Binder et al.’s (2016) brainbased componential representation of words as a gold standard. They provided 65-dimensional vectors of 535 words
comprising 434 nouns, 62 verbs and 39 adjectives, some of
which are listed in Table 2. The 65 dimensions listed in
Table 1 correspond to neurobiologically plausible attributes

We used two learning methods, namely linear transformation
(LT) and multi-layer perceptron (MLP). LT trains a mapping
matrix M such that B = WM where B is the matrix with brainbased word vectors as rows and W is a matrix with text-based
word vectors as rows. MLP trains a neural network with one

Table 2: Example of words represented as brain-based vectors
Category
Word
plant
apricot, rose, tree
vehicle car, subway, boat
place
airport, lake, lab

Category
Word
human
actor, girl, parent
social action
celebrate, help
visual property black, new, dark

role of language as a simple shortcut (Barsalou, Santos, Simmons, & Wilson, 2008) or indirect grounding in perceptual
or sensorimotor experiences (Louwerse, 2011; Dove, 2014),
and the need for other information such as emotional (Kousta,
Vigliocco, Vinson, Andrews, & Del Campo, 2011) and social
information (Borghi & Binkofski, 2014). Because text-based
word vectors can be regarded as realizations of linguistic experiences, the analysis of internal knowledge encoded in textbased word vectors is expected to provide implications for
recent embodied approaches to abstract concepts.

Method

1

Note that there are some suggestions that some abstract concepts are grounded in sensorimotor experiences (Connell & Lynott,
2012; Dreyer & Pulvermüller, 2018).

2
Out of 535 words for brain-based vectors, only one word “joviality” was not selected as frequent words for Wiki corpus. Hence,
we added it to the vocabulary for Wiki corpus.
3
http://medialab.di.unipi.it/wiki/Wikipedia Extractor
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COCA

Performance Measure
Prediction performance of the estimated vectors was measured using Spearman’s rank correlation ρ between the estib and the original matrix B. 4 We
mated brain-based matrix B
performed two analyses: column-wise and row-wise matrix
correlation. The column-wise matrix correlation indicates
the estimation accuracy for each attribute, while the row-wise
correlation indicates the accuracy for each word.

Result
Correlation Analysis by Attribute

4

Mean squared error can also be a measure for prediction performance. However, we are interested in the similarity of order, rather
than of absolute value, between the original and estimated vectors,
and thus we used rank correlations in this paper.

PPMI+Wiki+LT

PPMI+Wiki+MLP

PPMI+COCA+LT

PPMI+COCA+MLP

GloVe+Wiki+LT

GloVe+Wiki+MLP

GloVe+COCA+LT

Vision
Bright
Dark
Color
Pattern
Large
Small
Motion
Biomotion
Fast
Slow
Shape
Complexity
Face
Vision
Body
Touch
Temperature
Texture
Weight
Somatic
Pain
Audition
Loud
Low
High
Sound
Music
Audition
Speech
Taste
Gustation
Smell
Olfaction
Head
UpperLimb
LowerLimb
Motor
Practice
Landmark
Path
Scene
Near
Toward
Away
Spatial
Number
Time
Duration
Long
Temporal
Short
Caused
Causal Consequential
Social
Human
Communication
Social
Self
Cognition Cognition
Benefit
Harm
Pleasant
Unpleasant
Happy
Sad
Angry
Disgusted
Fearful
Emotion
Surprised
Drive
Drive
Needs
Attention
Attention
Arousal

hidden layer comprising 150 sigmoid units and a linear output layer. In both methods, the mapping was trained by minimizing the mean squared error, and gradient descent with
AdaGrad was used as an optimization method.
Estimation of brain-based vectors from text-based vectors
was performed by a leave-one-out cross validation procedure. For each of the 535 words, we trained the mapping
between brain-based and text-based vectors of the remaining
534 words and estimated a brain-based vector for the target
word using the trained mapping. By repeating this procedure
b with estimated brainfor all words as a target, we obtained B
based vectors as rows.

We evaluated the prediction accuracy for attributes by computing column-wise matrix correlations between the estimated and original brain-based vector spaces. Figure 1 shows
correlation coefficients for 65 attributes. In addition, these
results are summarized in Figure 2, which depicts mean correlations averaged over attributes of the same domain.
Although in this paper we are not concerned with the performance difference between word vectors, Table 3 shows
that SGNS achieved the best prediction performance in the
three models, and word vectors trained using the COCA corpus were superior to those of the Wiki corpus. In addition,
as expected, MLP trained better mappings than LT. A threeway ANOVA on Fisher’s z-transformed correlations revealed
that all these differences were significant, F (2, 128) = 261.3,
p < .001 for model; F (1, 64) = 66.8, p < .001 for corpus; and
F (1, 64) = 186.4, p < .001 for learning method.
Despite these differences of overall performance, Figures 1
and 2 demonstrate that relative performance among attributes
did not differ, regardless of distributional semantic model,
corpus and training method. To confirm this statistically, we

GloVe+COCA+MLP

PPMI
0.483
0.429
0.440
0.454

SGNS+Wiki+LT

MLP
LT
MLP
LT

GloVe
0.522
0.450
0.554
0.494

SGNS+Wiki+MLP

Wikipedia

SGNS
0.576
0.549
0.634
0.598

SGNS+COCA+LT

SGNS+COCA+MLP

Table 3: Mean correlations over all attributes

0.85

0.50

0.15

Figure 1: Correlations between the estimated and original
brain-based vectors for 65 attributes. Each row corresponds
to the results of an attribute and each column shows the results of combinations of models (SGNS, GloVe, PPMI), corpora (COCA, Wiki) and training methods (MLP, LT).
computed Spearman’s correlations of 65 attribute correlations
for all pairs of 12 different results. Correlations of correlations (ranging from 0.58 to 0.97) were all statistically significant (p < .01, false discovery rate corrected).
Attributes in Causal, Cognition, Social, and Attention do-
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Figure 2: Mean correlations per attribute domain. Only the
results for MLP are shown for simplicity.
mains were generally predicted with higher accuracy; their
correlations of SGNS+COCA+MLP exceeded 0.7. In particular, Causal and Cognition domains achieved significantly
higher correlations than all other domains. 5 The correlations of Social and Attention domains were also significantly
higher than those of nine domains (from Drive to Gustation in
Figure 2). In other words, the information of these attributes,
which primarily characterize abstract concepts (Binder et al.,
2016), is likely to be encoded in text-based word vectors.
This finding seems to suggest that abstract concepts can be
largely acquired through linguistic experiences.
Although more difficult to predict than these attributes, perceptual attributes in Vision, Somatic, Audition, and Olfaction
and motor attribute in Motor can be somewhat predicted from
text-based word vectors. Correlations of all these domains
were significantly higher than spatiotemporal domains Temporal and Spatial and one perceptual domain Gustation. Furthermore, Figure 1 shows that some sensorimotor attributes
such as Vision, Pattern, Shape, Texture and Practice were predicted as accurately as abstract attributes. These findings suggest that text-based word vectors can encode some kinds of
sensorimotor information; this is consistent with some existing findings (e.g., Louwerse & Connell, 2011). On the other
hand, spatiotemporal attributes in Temporal and Spatial were
most difficult to predict from text-based vectors. This supports the embodied view that spatial information is heavily
grounded in perceptual experiences (Zwaan & Yaxley, 2003).
A somewhat surprising result was that emotional attributes
were not predicted as accurately as social and cognitive ones,
although a large number of NLP studies have demonstrated
5
After confirming that a one-way ANOVA on Fisher’s ztransformed correlations showed a significant main effect of attribute, F (13, 143) = 60.5, p < .001, we assessed the statistical
significance of pairwise comparisons using Bonferroni adjustment
(p < .05).
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0.4
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instrument
weather event
mental action
miscellaneous action
plant
auditory property
social action
body part
general event
human
food
vehicle
perceptual action
emotion
animal
social event
body action
cognitive property
building part
social construct
cognitive entity
animal part
sound
group
place
emotional property
furniture
document
mental state
social property
body state
geological entity
tool
locative action
distant object
time period
perceptual state
creative action
physical action
abstract construct
abstract action
electronic device
somatosensory property
multimodal property
visual property
spatial property
temporal property
0.85

0.50

0.15

Figure 3: Mean correlations between the estimated and original brain-based vectors for 47 word categories. Each row
corresponds to the results of a word category.
successful results of sentiment analysis (Taboada, 2016) and
emotional judgment (Recchia & Louwerse, 2015). The domain Emotion showed significantly higher correlations than
only the domains Temporal, Spatial and Gustation. This result implies that emotional information is more likely to be
acquired from direct emotional experiences than from linguistic ones. It is consistent with the recent embodied view
that emotional experiences are required for grounding abstract concepts (Kousta et al., 2011; Vigliocco et al., 2014).

Correlation Analysis by Word
We computed row-wise correlations between the estimated
and original brain-based matrices, and then averaged these
535 correlations according to 47 word categories. These word
categories are provided a priori by Binder et al. (2016) and reflect grammatical classes (i.e., noun, verb, adjective) and semantic classes. 6 Figure 3 shows mean correlations per word
category. As in the case of the attribute analysis, relative per-
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formance differences of word categories were similar among
semantic spaces and training methods. Spearman’s correlations of 47 category correlations (ranging from 0.27 to 0.92)
were almost significant (p < .05, false discovery rate corrected), although three out of 66 correlations of correlations
were not significant.
The overall result was that brain-based vectors for humanrelated categories such as mental action, social action, human
and social event were relatively better predicted from textbased word vectors. Emotional and cognitive categories such
as emotion and cognitive property were predicted well, but
with lower accuracy than human-related categories. These results are consistent with the findings obtained by the attribute
analysis. On the other hand, other abstract concepts, in particular many categories of action and property, were difficult
to predict from text-based word vectors. One possible reason
for this result may be that the number of verbs and adjectives
in the vocabulary is much smaller as compared to nouns, and
thus verbs and adjectives are difficult to train. It can also be
interpreted as suggesting that distributional semantic models
may be insufficient for representing some kinds of abstract
concepts, and other experiences than linguistic one would be
required (e.g., Borghi et al., 2017).
Interestingly, many artifact categories such as instruments,
food, and vehicle, and some natural objects such as plant and
animal showed higher prediction performance. There is no
doubt that, as the embodied theory of language argues, these
concrete words or concepts are grounded in perceptual and
sensorimotor experiences, but some kinds of concrete concepts, in particular artifacts, may be able to be represented
(or indirectly grounded) by text-based word vectors.

Discussion
In this paper, we have demonstrated that text-based distributional word vectors can predict social and cognitive information quite accurately, but the accuracy of emotional information is not so high. Given the existing empirical findings on
the importance of emotion for abstract concepts (Vigliocco et
al., 2014; Buccino, Colagè, Gobbi, & Bonaccorso, 2016), this
result suggests that direct emotional experiences are necessary for grounding abstract concepts, and thus lends support
to some embodied theories (Kousta et al., 2011; Vigliocco
et al., 2014). On the other hand, some other embodied theories such as WAT theory (Borghi & Binkofski, 2014) have
argued that social experiences also play an important role in
representation of abstract concepts. However, the result of
our analysis that social information can be conveyed by language may diminish the importance of social experiences for
abstract concepts. Note also that the need of social-cognitive
ability is not specific to abstract concepts; concrete concepts
are acquired and processed through social abilities such as a
Theory of Mind (e.g., Bloom, 2000).
It was also found from the analysis that perceptual, sensorimotor and spatiotemporal information is relatively less
likely to be encoded in word vectors. This difficulty often
6
Note that word categories provided online slightly differ from
those listed in Binder et al.’s (2016) article. In this paper, we used
the online version of word categories.

leads to the criticism that distributional semantic models are
inadequate models of semantic representation (Glenberg &
Robertson, 2000). This result is also consistent with the findings of multimodal distributional semantics that inclusion of
visual information improves semantic representation for concrete words (e.g., Kiela, Hill, Korhonen, & Clark, 2014).
Nevertheless, the analysis also showed the possibility that
some perceptual information and representation of some concrete concepts can be derived from distributional linguistic
statistics, as already demonstrated by other studies (Louwerse
& Connell, 2011; Riordan & Jones, 2011). This possibility
suggests that the role of language in semantic representation
of concrete concepts is more important than what the embodied theories of meaning have expected.
Of course, the analysis presented in this paper has some
limitations. One important limitation is that the brain-based
vectors represent the salience of attributes that characterize
concepts, but do not necessarily represent the value of salient
attributes. For some attributes such as Bright and Happy, their
value is indistinguishable from their salience, but many other
attributes such as Color and Human have distinct values independent of their salience. Hence, the analysis in this paper
cannot reveal the representational power of attribute values.
Our analysis is also limited within a small set of vocabulary
words. To generalize and refine the findings presented in this
paper, we have to evaluate a much larger set of vocabulary
words that are not included in Binder et al.’s (2016) dataset.
Further research is needed to overcome these limitations.
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Abstract
When asked to convey temporal concepts such as ‘yesterday’
and ‘tomorrow’ via movements of a dot on a vertical bar,
American undergraduates utilize analogical mappings
between spatial and temporal concepts. Previous work has
revealed two different strategies, hypothesized to require
differing amounts of artificial language exposure to learn.
Different pairs of participants, when interacting about these
time concepts, all settled on the same association between
spatial magnitude and temporal duration, with larger
movements used to convey temporal intervals of greater
duration. However, the association between particular spatial
locations and temporal concepts such as ‘past’ and ‘future’,
elicited much more arbitrary solutions, where the mappings
differed across pairs of participants. These findings suggested
that the duration mapping might be driven by mostly shared,
initial cognitive biases, while contrasting mappings for
past/future result more clearly from extensive linguistic
interaction. Here we tested whether the brain responds
differently to duration mappings as compared to direction
mappings by recording participants’ EEG as they learn a
mini-language that includes both kinds. ERPs time locked to
English words elicited larger amplitude N400 and P600 when
they did not match the preceding signal than when they did
match. The P600 results were larger and more robust for the
duration than the direction stimuli, suggesting participants
were more sensitive to violations of the duration mapping
scheme. These data support our hypothesis that people have a
cognitive bias for the duration mappings that supports their
early emergence in the development of a semiotic system.
Keywords: analogy; artificial language learning; iterated
learning; language comprehension; language evolution;
metaphor; N400; P600

Introduction
How does the neural basis of language learning relate to the
structure of language itself? This is a question that requires
spanning the brain, communicative behaviors, and the

dynamics of cultural systems. Studies of language
evolution, including computational simulations (Griffiths &
Kalish, 2007; Hare & Elman, 1995; Kirby & Hurford, 2002)
and behavioral experiments (Kirby, Cornish & Smith, 2008;
Smith & Wonnacott, 2010; Verhoef, 2012), suggest an
account of linguistic structure as both ‘shaped by the brain’
(Deacon, 1997; Christiansen & Chater, 2008) and refined by
cultural evolution (Kirby & Hurford, 2002; Kirby, Cornish
& Smith, 2008; Kirby, Griffiths, & Smith, 2014). On this
view, the structured nature of language reflects its status as a
complex adaptive system (Steels, 1997; Beckner, Blythe,
Bybee, Christiansen, Croft, Ellis, Holland, Ke, LarsenFreeman & Schoenemann, 2009), constrained by individual
neural biases and the demands of cultural transmission.
Although the conclusion of such experimental work is
often that linguistic systems adapt to cognitive constraints
during social transmission, previous work has, to the best of
our knowledge, never directly measured the brain response
to the languages that evolve in laboratory experiments (but
see Lumaca & Baggio (2016) for a similar approach in the
domain of auditory processing and the emergence of
tonal/musical systems), relying instead on indirect
behavioral measures of processing demands or complexity
(e.g., reproduction accuracy, entropy as in Kirby, Cornish &
Smith, 2008; Verhoef, 2012). In the current study we will
directly assess the brain response to an emerging semiotic
system, offering insight into the mechanisms by which such
systems become more structured and learnable. Whereas
previous studies have used ERPs to study the acquisition of
experimenter-generated artificial grammars (e.g. Silva,
Folia, Hagoort & Petersson, 2017), to our knowledge the
current study is the first to examine the brain response to
language-like systems that have emerged from actual
communicative interactions and transmission between real
people in the lab.
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Our focus is the domain of time and its iconic
communication via the use of the spatial domain. The use of
language about space to convey concepts of time is a wellestablished linguistic phenomenon (“long duration”, “back
in the past”, Lakoff & Johnson, 1980). However, the
mechanisms by which these space-time mappings emerge is
a matter of continuing debate (Winter, Marghetis &
Matlock, 2015). Some argue for the importance of innate
neural representations (Walsh, 2003), others for analogical
reasoning based on shared structure (Gentner, 1983), and
still others for conceptual metaphors learned from
experience (Lakoff & Johnson, 1980). While each of these
mechanisms may play a role, none on their own can account
for the combination of universality and variability that we
find in the languages of the world, a pattern that requires
explanatory mechanisms operating at multiple timescales
(Núñez & Cooperrider, 2013). Consequently, time is a
particularly good test case for understanding interactions
between cultural evolution and initial individual biases.
Here we address the interplay between culture and
cognition by exploring whether factors that characterize the
emergence of novel meanings in social settings also predict
their learnability by subsequent individual learners. In doing
so, we build on previous work on the emergence of spacetime mappings through communication games (Verhoef,
Walker & Marghetis, 2016). In this study, pairs of
participants (in separate rooms) communicate about
temporal concepts using only a novel, spatial signaling
device: a vertical bar on a touch screen (Fig. 1a), that
records and replays brief movement patterns of a bubble.
The results indicated that for some parts of the emerging
structure, there was a clear involvement of mostly shared,
initial biases, while other parts seemed to result more
clearly from a process of negotiation and social
coordination. For instance, spatial length was used
consistently to indicate temporal duration, as all dyads used
larger regions of vertical space to indicate longer durations
(Fig. 1b), likely the result of shared cognitive biases.
Further, while the bar’s vertical location (top/bottom) or the
direction of movement (up/down) was typically used to
indicate deictic time (past/future), the particular mappings
varied from dyad to dyad (Fig. 1c, d), indicating more
idiosyncratic solutions resulting from conventionalization
through coordination and interaction.
In a follow-up study, Verhoef, Walker & Marghetis
(2018) let these initial systems evolve further through
iterated communication games (Tamariz, Cornish, Roberts
& Kirby, 2012; Verhoef, Roberts & Dingemanse, 2015),
where the signals that were developed by one pair were used
as initial training for the next, before they started
interacting. Transmission chains of 8 interacting pairs were
created in which the signaling systems evolved over time. A
fully systematized, regular language emerged in this
experiment as the result of repeated transmission. In the
present study, we expose participants to such a language
that emerged in the Verhoef et al. (2018) study, while we
record their brainwaves with EEG.

Figure 1: (a) Signaling device, (b) Consistent use of
spatial length to communicate relative duration, (c) and
(d) Contrasting mappings for past/future.

Expectations
The findings of the earlier behavioral study by Verhoef et al.
(2016) suggested that the spatial length to duration mapping
might be driven by strong neural biases, while contrasting
direction mappings for past/future emerge from a social
negotiation process, and are more conventionalized. In the
present study, we record EEG as participants view signals
from the language followed by English words that either
match (Correct) or mismatch (Violations) their meanings.
We predict participants’ brain response will reflect greater
sensitivity to the meanings that involve duration mappings
than for the more arbitrary direction ones. Two ERP
components are of particular interest, the N400 component,
whose amplitude is highly sensitive to the semantic fit
between a word and its context, and the P600, whose
amplitude is known to be enhanced by a variety of linguistic
violations, ranging from rule-based grammatical violations
to semantic anomalies. If participants are sensitive to the
meanings of the signals in the miniature language, both the
N400 and the P600 would be expected to be larger
following violations than correct pairings. Greater neural
sensitivity to one sort of violation – for example, if
participants display a cognitive bias for learning duration
mappings – might be registered by larger amplitude
violation effects on the N400 and/or the P600.

Methods
Participants
Participants were 15 undergraduate students at the
University of California, San Diego (average age = 19.7
years; 4 men), who participated as part of a course
requirement for a class in Cognitive Science, Psychology, or
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Linguistics. All were right-handed fluent English speakers
with normal or corrected-to-normal vision, and no reported
psychiatric or neurological disorders.

Materials
Signals and time words were a subset of those used in
Verhoef et al. (2016), see Figure 2. These pairings could
either be “correct” or made up of one of four types of
violations: day-year (duration) switch, vertical (direction)
switch, random far or random close. In a day-year switch,
the English translation for a temporal duration signal is
swapped with a different duration signal (e.g., the signal for
“year” is presented with the word “day” or the signal for
“tomorrow” is presented with the words “next year”). In a
direction switch, the English translation of “past” or
“future” is paired with a signal that goes in the opposite
direction of the intended mapping (e.g., a downward signal
for “past” is presented with the word “future” or an upward
signal for “after” is presented with the word “before”). For
the random violations, signals were paired with random
English translations that were either semantically close to
the intended meaning (e.g., year ! this year; future !
after) or semantically far from the intended meaning (e.g.,
day after ! last year; yesterday ! year after), based on a
semantic distance measure that was previously defined by
Verhoef et al. (2016).

Procedure
After being prepped with EEG electrodes (see next section),
participants entered a dimly lit, sound-attenuated chamber.
They were told that for each trial, they would view a short
signal, followed by a potential English translation of the
signal. Participants were asked to respond by pushing a
button to indicate whether or not the translation was correct
(“yes” or “no”) and would receive feedback.
Each trial (see figure 3) began with a fixation cross in the
center of the screen (random duration between 500 and 1000

Figure 3: The procedure for one trial: first a fixation cross
is shown, then the signal appears showing the movement,
this is followed by the English translation, then a question
mark is shown asking for a participant response and finally
a feedback tone is played.

ms). Then, a moving signal was presented for 1.5 seconds
on a vertical blue bar against a white screen, followed by the
English translation, which remained on the screen for 500
ms. Then, a question mark appeared on the screen, signaling
the participants to respond. Participants’ responses triggered
a positive or negative feedback tone that enabled learning.
Each participant completed at least two rounds of 96
trials, with a maximum of 3 rounds. Each of the 16 items
was presented 6 times per round: 3 times in a correct signalword pairing, and 3 times in one of the four violation types.

EEG Recording and Analysis
EEG was recorded using 29 tin electrodes, organized in the
International 10-20 configuration in a mesh cap, and
referenced to the left mastoid during recording. Two
electrodes were placed at the outer canthi to record eye
movements, and one was placed below the right eye to
detect blinks. EEG was recorded using an SA Instruments
bioelectric amplifier with a high pass filter of 0.01Hz and a
low pass filter of 100Hz, and was digitized online at 512Hz.
ERPs were time locked to the English words following
each signal. They were examined for artifacts due to
movement and channel blockage. An average of 16.92%
(sd=7.9) of trials were rejected due to artifacts. Mean
amplitude measurements 250-450ms (N400) and 500700ms (P600) were taken from electrodes F3, F4, FC3,
FC4, C3, C4, CP3, CP4, P3, P4, O1, and O2 and subjected
to repeated measures ANOVA as outlined below.

Results

Figure 2: The signal-word mappings used. The y-axis
represents location of the bubble on the vertical bar,
while the x-axis represents time.

Initial omnibus analyses of each interval involved repeated
measures ANOVA with factors Round(First, Second),
Stimulus(Duration, Direction), Status(Correct, Violation),
and Electrode(12 levels). A snapshot of results can be found
in Figure 4, which shows the overall status effect (middle
panel), collapsed across round and stimulus type, as well as
comparisons of ERPs elicited by violations and correct
pairings for duration (top) and direction (bottom) stimuli.
Relative to correct pairings, violations tended to elicit
enhanced N400 and more positive P600. The distribution of
the status effect (violation minus correct pairing) across the
scalp is illustrated in the accompanying colored heads in
Figure 4.
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N400

P600

Our initial analysis revealed a reliable main effect of Status,
F(1,14) = 7.670, p < 0.05, ges = 1.559e-02, as violations
elicited more negative ERPs than words in correct pairings.
We also observed a trend for interactions between Round
and Electrode, F(10,140) = 2.657, and between Stimulus,
Round, and Electrode, F(10, 140) = 1.901, neither of which
survived epsilon adjustment (Huynh & Feldt, 1976).
Because stimulus type was of a priori interest, we conducted
separate follow up analyses of the Direction and Duration
conditions with factors Round (First, Second), Status
(Correct, Violation), and Electrode (12 levels). Analysis of
the Direction condition revealed only a trend for an
interaction between Round and Electrode, F(10, 140) =
2.991, that did not survive epsilon adjustment. Analysis of
the Duration condition revealed a reliable main effect of
Status, F(1,14) = 6.066, p < 0.05, ges = 1.911e-02. Duration
violations elicited ERPs that were on average 1.3 microvolts
more negative than did the correct pairings.

Our initial analysis revealed a reliable main effect of Status,
F(1,14) = 6.591, p < 0.05, ges = 0.004, qualified by an
interaction with Stimulus, F(1,14) = 13.693, p < 0.05, ges =
0.007, and an interaction between Status and Round, F(1,14)
= 4.921, p < 0.05, ges = 0.009. To explore the source of
these interactions, we conducted separate follow-up
analyses of data elicited by Direction stimuli and for
Duration stimuli. These repeated measures ANOVAs
included factors Round (First, Second), Status (Correct,
Violation), and Electrode (12 levels). Follow-up analysis of
the direction condition revealed no reliable effects. By
contrast, follow up analysis of the Duration condition
revealed a main effect of Status, F (1,14) = 11.778, p < 0.05,
ges = 5.077e-02, as the violations elicited larger P600 than
did the correct translations.

Task Performance
Performance on the task was assessed by compiling each
participant’s percentage of hits (when they responded
‘match’ for a correct mapping) and false alarms (when they
responded ‘mismatch’ for a correct mapping) for the
Duration and Direction stimuli in each round. Hit rates were
subjected to repeated measures ANOVA with factors Round
and Stimulus. Performance improved in the second round,
F(1, 14) = 9.63, p < 0.05, ges = 0.005, but Stimulus was not
significant either as a main effect or in interaction with
Round. Similarly, analysis of false alarm rates revealed a
main effect of Round, F(1, 14) = 20.88, p < 0.05, ges = 0.15,
as participants made fewer false alarms in the second round
than they did in the third round. Stimulus did not reliably
affect false alarm rates, though examination of the data
suggests this may be due to limitations in the power of the
study to detect subtle behavioral effects (ges was 0.05 for
Stimulus and 0.01 for the Stimulus x Round interaction) for
the Stimulus effect was 0.05, with a relatively small sample
size (n=15).

Discussion

Figure 4: ERPs from a composite electrode elicited by
English words in correct pairings in black versus violations
in red. Following the convention in the ERP language
literature, negative voltage has been plotted upwards.

In the present study, we investigated the influence of
cognitive biases on emerging space-time mappings in an
artificial language by explicitly measuring neural responses
to learning trials. Previous work, using an experimental
paradigm to investigate the cultural evolution and
conventionalization of space-time mappings in artificial
languages, suggested (but could not prove) the presence of
two complimentary drives towards structure. The emergence
of mappings between temporal duration and spatial extent
seemed to be driven by strong initial biases, shared by most
participants. By contrast, mappings between vertical spatial
locations and direction to past/future events seemed to be
more arbitrary and idiosyncratic.
Here we tested whether the brain responds differently to
duration mappings as compared to direction mappings by
recording participants’ EEG as they learned an artificial
language that includes both of these kinds of mappings.
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ERPs time locked to English words that did not match the
preceding signal elicited larger amplitude N400 and P600
than when they did. This suggests that participants noticed
the systematicity in the language they were exposed to and
were sensitive to the meanings of its signals. Although
behavioral measures of performance suggested participants

(a)

(b)
Figure 5: Average Proportion of Hits, where
participants chose ‘match’ for a correct mapping (a) and
False Alarms, where participants chose ‘mismatch’ for
correct mappings (b) in each of the conditions. Error bars
depict 95% confidence intervals.

did equally well on direction and duration mappings,
violations of duration mappings were larger and more robust
than for direction ones. These data are in keeping with our
hypothesis that the duration mappings that emerged in our
dyadic iterated learning experiment, result from cognitive
biases shared by many individuals, whereas the more
variable direction mappings are more idiosyncratic, and
become conventionalized in a more arbitrary fashion.
Because participants likely had more variable expectations
regarding the nature of the direction mappings, their brain
response to such violations was similarly more variable. The
lack of a consistent brain response across the group of
participants would explain why the direction violations
elicited low amplitude effects that were not statistically
significant.
Our results are similar to a finding by Lockwood,
Hagoort, & Dingemanse (2016), in which Dutch participants
were asked to learn sound-symbolic words from a language
they don’t speak: Japanese. These words were iconic in the
sense that there was an intrinsic connection of resemblance
between the form and meaning. Participants were exposed
to either correct pairings or meanings paired with an
opposite word, violating the iconic link. The results showed
that people had a harder time learning the opposite pattern,
and this was also reflected in their ERPs at test. In our
artificial space-time language, the duration mappings can be
seen as having iconicity, where the analogical mapping
between spatial magnitude and temporal duration creates a
perceptual resemblance between form and meaning. Even
though we did not try to explicitly teach our participants the
opposite mapping, as in Lockwood et al. (2016), we did find
a clear neural sensitivity for these more iconic mappings as
opposed to the more arbitrary direction mappings to past
and future.
More broadly, our results show that, when learning novel
mappings between the domains of space and time, the brain
distinguishes between those regularities that seem to derive
from shared initial biases and those that derive from
convention. In the context of language emergence and the
evolution of structure, these results enable a novel
integration of neural measures and experimental methods
that model processes of cultural evolution. Through this
combination, the interactions between neural biases and
sociocultural experience in the course of learning and
transmitting a novel mini-language can be investigated in
more detail. Here, we presented neural evidence for the
proposal that linguistic structure is both shaped by the brain
(Deacon, 1997; Christiansen & Chater, 2008) and refined by
cultural evolution (Kirby & Hurford, 2002; Kirby, Cornish
& Smith, 2008; Kirby, Griffiths & Smith, 2014) and that
both are needed to explain the combination of universality
and variety in languages around the world (Núñez &
Cooperrider, 2013). This study opens up exciting avenues of
future work in which the learnability of languages that
originate in iterated learning paradigms can be empirically
tested with the use of EEG measurements. This will allow
us to be more precise about how neural biases influence
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learning and transmission in the emergence of structure in
language and what the role is of different interacting
mechanisms. This will help to more definitively establish
whether and how cultural evolution enables language to be
more compatible with the neural architecture.
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Abstract
Before infants become mature speakers of their native
language, they must acquire a robust word-recognition system
which allows them to strike the balance between allowing
some variation (mood, voice, accent) and recognizing
variability that potentially changes meaning (e.g. cat vs hat).
The current meta-analysis quantifies how the latter, termed
mispronunciation sensitivity, changes over infants’ first three
years, testing competing predictions of mainstream language
acquisition theories. Our results show that infants were
sensitive to mispronunciations, but accepted them as labels
for target objects. Interestingly, and in contrast to predictions
of mainstream theories, mispronunciation sensitivity was not
modulated by infant age, suggesting that a sufficiently
flexible understanding of native language phonology is in
place at a young age.
Keywords:
language
acquisition;
mispronunciation
sensitivity; word recognition; meta-analysis; lexicon

Introduction
In everyday language processing, we usually do not notice
that we make thousands of judgements as to which variation
is acceptable (e.g. mood, accented speech), and when variation may actually change the meaning of a word (for example cat vs hat in English). How and at what age does a
language learner build such skills? This question has been
addressed in a productive line of research studying what is
commonly called “mispronunciation sensitivity,” which is
the sensitivity to a small, but potentially meaning-altering
change in the acoustic word form. If infants are sensitive to
mispronunciations it would mean that they have an understanding of the sound-level (i.e. phonological) information
that distinguishes words in their native language. This
knowledge varies cross-linguistically and therefore has to be
acquired, a process that commences in the first year (Kuhl,
2004) and continues through toddlerhood. Examining mispronunciation sensitivity, therefore, probes whether infants
have learned an important part of their native language and
offers unique insight into the developing (and mature)
lexicon.
The first evidence of an emerging mispronunciation
sensitivity in infants came from Swingley and Aslin (2000).
Using the Preferential Looking Procedure (Golinkoff,
Hirsh-Pasek, Cauley, & Gordon, 1987), the target-looking
behavior of 18-23-month-old American English-learning
children was examined when they heard the correct label for

a familiar object (e.g. “baby” when seeing an image of a
young child next to a distractor, such as a dog) or when the
label was mispronounced (e.g. “vaby”). Looks to the target
were significantly greater in correct compared to
mispronounced trials. This initial finding of a mispronunciation sensitivity has launched almost two decades of
research examining a wide age range of infants learning
many different languages on their sensitivity to different
kinds of mispronunciations.
Considering that infants are sensitive to mispronunciations and that, in general, their processing matures with
development, we examine the shape of mispronunciation
sensitivity from six to 30 months. On the basis of theoretical
accounts and empirical studies, we explore three possible
trajectories for the development of mispronunciation
sensitivity. We first review the concrete predictions by
current competing theories and then describe how we test
those predictions with a meta-analytic approach.
The Perceptual Attunement account describes a shift from
specific native sound patterns to a more mature understanding of the abstract phonological (i.e. sound category)
structure of words (Best, 1994, 1995). This shift is predicted
to coincide with the vocabulary spurt around 18 months, and
is therefore related to vocabulary growth. In this case, we
would expect the size of mispronunciation sensitivity to
decrease with development, with young infants initially
rejecting any phonological variation in familiar words and
only later learning to accept some variability. This
prediction was empirically borne out in a study showing that
between 18 and 24 months sensitivity to small mispronunciations decreased (Mani & Plunkett, 2011).
PRIMIR (Processing Rich Information from Multidimensional Interactive Representations; Curtin & Werker, 2007;
Werker & Curtin, 2005), in contrast, describes vocabulary
growth as promoting more detailed representations of words
due to a re-analysis of learned generalistic word forms into
their constituent sound patterns. In this case, we would expect mispronunciation sensitivity to increase with development as infants mature and add more words to their growing
lexicon. An increase in mispronunciation sensitivity has
been shown in a number of studies comparing two or three
different ages (Altvater-Mackensen & Mani, 2013; Mani &
Plunkett, 2007; van der Feest & Fikkert, 2015).
Finally, another possibility is that mispronunciation
sensitivity is not modulated by development. Infants’
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general language processing skills increase, but this may not
translate to an increase or decrease in sensitivity to
mispronunciations. Instead, mispronunciations would be
detected, but the size of this effect would not be related to
developmental change. A handful of studies testing multiple
ages have found no difference in mispronunciation
sensitivity as infants mature and build their lexicon (Bailey
& Plunkett, 2002; Zesiger, Lozeron, Levy, & Frauenfelder,
2012). Yet, this pattern of results has not been incorporated
in to a mainstream theory of language acquisition; for
completeness, we mention it here.
We disentangle these three possible patterns of infants
developing a mispronunciation sensitivity using metaanalysis. This approach allows us to aggregate all available
evidence, because single studies lend support to all three
possible patterns. Theories predicting change over development tie this change with vocabulary growth; in the current
meta-analysis we do not analyze infant vocabulary for practical reasons, as vocabulary size of the participant group is
rarely reported (seven studies in our sample) and there is no
test yielding comparable scores across different languages at
the age range we cover (six to 30 months). Instead, we examine general developmental change associated with age,
which coincides with increases in lexicon size (Frank,
Braginsky, Yurovsky, & Marchman, 2017). Since we examine effects aggregated over groups and languages, age might
in fact be the best proxy for vocabulary in lieu of feasible
comparable measures (see Bergmann & Cristia, 2016; for a
similar line of reasoning).
In order to quantify the size of infants’ response to correct
pronunciations and mispronunciations across diverse studies
using different designs and a variety of dependent measures,
we use standardized effect sizes (see next section for
details). We examine both correct pronunciations and
mispronunciations individually (object identification) as
well as the difference between the two (mispronunciation
sensitivity). For correct pronunciations, a larger effect size
for object identification reflects a stronger recognition
response (across the participant group), while for mispronunciations a larger effect size for object identification
reflects a stronger acceptance of that label as appropriate for
the target image. A larger effect size for mispronunciation
sensitivity, in turn, reflects a larger difference in infants’
looking behaviors when hearing correct pronunciations and
mispronunciations; the larger the mispronunciation
sensitivity, the more robust infants’ knowledge that a mispronunciation is not a good label for a known target object.
We further examine the relationship between these effect
sizes and infant age to explore the developmental trajectory
of mispronunciation sensitivity. We aggregate over a large
number of studies which allows for a dense sampling over a
wide age range of six to 30 months. As a result, we are able
to capture developmental change through a wider lens.

Methods
Systematic Study Collection
We first generated a list of potentially relevant items (38
contributed by the authors, 63 by experts in the field). This
was supplemented with a systematic google scholar search
of papers citing Swingley & Aslin (2000), which yielded
400 results. After removing duplicates, we screened the title
and abstract of all items and included them following these
criteria: An item had to report (1) original data; (2) on
familiar word recognition after correct pronunciations and
mispronunciation; (3) of infants younger than 31 months;
(4) in an eye movement experiment. Three items had to be
excluded because they did not report sufficient data to
compute effect sizes. The final sample consisted of 27
journal articles, two dissertations, two unpublished reports,
and one proceedings paper. We will refer to these 32 items
collectively as papers.

Effect Size Calculation
All scripts and raw data are available on Open Science
Framework (OSF)1. The dependent variable in a typical
mispronunciation study compares infants’ looks to the target
picture upon naming against some baseline, which can be
chance or looks in a pre-naming window. Proportion of
target looks (PTL)2 is calculated as the percentage of looks
to the target divided by the total percentage of looks to the
target and distractor. We used the baseline as reported by
the original authors of a paper. The majority of papers (n =
13) subtracted pre-naming PTL from post- naming PTL to
achieve a difference score representing the change in PTL
once the target word (correct or mispronounced) was
named. This difference score is then compared to zero (no
change in looks to the target). The remaining papers compared post-naming PTL with pre-naming PTL directly (n =
10) or compared post-naming PTL with chance (50%; n =
9). In all cases, positive values indicate more looks to the
target than expected by chance, thereby reflecting some
form of object recognition after hearing a label. We calculated effect sizes for infants’ looking to the target pictures
separated by whether or not words were mispronounced
(object identification). The difference in effect sizes
between correct and mispronounced trials was used to
estimate infants’ mispronunciation sensitivity. We report
Hedges’ g, which corrects for small sample sizes which are
common in infant research (Hedges, 1981; Morris, 2000).
1

https://osf.io/nvc8m/
Two papers reported longest look (LLK) instead of PTL.
Although PTL is now almost exclusively used, LLK was originally
thought to be a more sensitive measure of infant comprehension
(see Mani & Plunkett, 2007). Both papers compared post-naming
LLK with pre-naming LLK, with greater LLK in the post-naming
indicating an association or recognition of the label for the target
image. When PTL and LLK were reported in the same paper, we
only analyzed PTL.

1158

2

We calculated effect sizes based on reported raw data or,
when those were not available, test statistics in the original
paper; 25 papers reported raw means and standard deviations, seven papers reported t-values.3 The formulae we used
are standard for effect size calculation in within-participant
designs (means and standard deviations: Lipsey & Wilson,
2001; t-values: Dunlap, Cortina, Vaslow, & Burke, 1996).
When two means (i.e. looking during a baseline period
and post naming) are reported in a within-participant design,
correlations between participant-level results of the two are
necessary for calculating effect sizes based on t-values and
to obtain effect size variance; only one paper reported this
information. For four of the remaining papers, we used
means, standard deviations, and t-values to compute correlations (following Csibra, et al. 2016, Appendix B; see also
Rabagliati, Ferguson, & Lew-Williams, submitted). For the
remaining papers, correlations were imputed (see Black &
Bergmann, 2017, for the same procedure). In total, we could
compute 104 effect sizes for correct pronunciations and 147
for mispronunciations.

months for readability by dividing days by 30.44) as a
moderator.

Figure 1: Funnel plots for object identification, plotting the
standard error of the effect size in relation to effect size. The
black line marks zero, the dashed grey line marks the effect
estimate, and the grey line marks funnel plot asymmetry.

Results

Publication Bias
It is possible that our data contain bias due to a general
tendency to value and publish significant over nonsignificant results (see Ferguson & Heene, 2012). To ensure
that our conclusions are not based on heavily biased data,
we conduct two tests. First, we use the rank correlation test
of funnel plot asymmetry to assess whether effect sizes are
distributed as would be expected based on sampling error,
that is more precise, low-variance effect sizes are closer to
the estimated mean and high-variance effect sizes show
increased, evenly-distributed spread around the mean effect.
The second analysis is a p-curve of all significant results,
which tests for evidential value (whether the p-values are
distributed in a way to be expected when the null hypothesis
is true or not) and whether there is a larger proportion of
p-values just below the typical alpha threshold of .05
(indicative of questionable research practices). For this
analyses, we rely on the p-curve app (v4.0, p-curve.com;
Simonsohn, Simmons, & Nelson, 2014). Hearing a correct
compared to a mispronounced label is expected to lead to
different looking behaviors; therefore, we conduct the two
analyses separately for both conditions.

Meta-Analysis
We report hierarchical random-effects models (infant
groups nested within papers) of variance-weighted effect
sizes with the R (R Core Team, 2016) package metafor
(Viechtbauer, 2010). To investigate the impact of
development, we intro- duce age (centered; transformed into

Publication Bias
We first analyzed funnel plot asymmetry, which was
significant for both correctly pronounced words and
mispronuncations, (correct pronunciation: Kendall’s τ = .53,
p < .0001; mispronunciation: Kendall’s τ = .16, p = .004).
These results indicate that there is some bias in the
literature, and Figure 1 (based on code adapted from
Sakaluk, 2016) underlines this impression. Particularly for
correctly pronounced words, we see large effect sizes paired
with greater variance (bottom right corner) and more precise
effect sizes (i.e. with smaller variance) being smaller than
expected (top left, outside the triangle).
A p-curve based on 72 statistically significant values for
correct pronunciations indicates that the data contain
evidential value (Z = -17.93, p < .0001) and there is no
excess of “just significant” p-values. For mispronunciation,
a p-curve based on 36 statistically significant values
indicates that the data contain evidential value (Z = -6.18, p
< .0001), and we again find no excess of p-values near .05.
These results suggest a tendency towards publication bias,
which might lead to us systematically over-estimating
effects. This is concerning, and we interpret all effect size
estimate consequently with caution. A second cause for
funnel plot asymmetry might be heterogeneity in the data
and/or because some studies examined more subtle effects
than others did. At the same time, the p-curves suggest that
the literature overall contains evidential value (i.e. a “real”
effect) and we therefore continue our meta-analysis.

Meta-analysis
3

We extracted means and standard deviations from figures for

four papers.

Object Identification for Correct and Mispronounced
Words
For
correctly
pronounced
words
the
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variance-weighted meta-analytic effect size Hedges’ g was

Figure 2: Effect sizes for correct pronunciations (yellow)
and mispronunciations (blue) by participant age. Point size
depicts inverse variance. The dashed line indicates zero.
0.91 (SE = 0.12, 95% CI [0.63, 1.14], p < .0001). This is a
large effect size (according to the criteria set by Cohen,
1988; see also Bergmann, et al., 2018; for comparative
meta-analytic effect sizes in language acquisition research).
The effect is estimated to be significantly above zero, which
suggests that when presented with the correctly pronounced
label, infants reliably and robustly fixated the corresponding
object. We remind the reader, however, that we found
evidence for publication bias and this might be an
overestimation. Yet, based on the p-curve results and the CI
lower bound being at 0.63, we expect this result to be robust
even when correcting for publication bias.
For mispronounced words, Hedges’ g was 0.25 (SE =
0.06, 95% CI [0.13, 0.37], p < .0001). This is considered a
small effect size (Cohen, 1988), but significantly above
zero, which suggests that even when presented with a
mispronounced label, infants still fixated the target object.
Again, we note the publication bias (which was smaller in
this condition), and point out that this might be an
overestimation. But since the p-curve indicated evidential
value, we are confident in this result as well.
Heterogeneity was significant for both correct (Q(103) =
425.63, p < .0001) and mispronounced words, (Q(146) =
426.51, p < .0001). This indicated that the sample contains
unexplained variance leading to significant difference across
the included studies beyond what is to be expected based on
random chance.
Mispronunciation Sensitivity The above two analyses
considered conditions with mispronounced and correctly
pronounced words separately. To evaluate mispronunciation
sensitivity, we then compared the effect size Hedges’ g for
correct pronunciations with mispronunciations, merging the
two datasets and introducing condition as moderator. The
moderator test was significant, QM(1) = 215.76, p < .0001.
The estimate for the difference, in other words the effect

size of infants’ mispronunciation sensitivity, was 0.5 (SE =
0.03), which indicated that the two types of conditions
elicited responses that significantly differed (95% CI [0.43,
0.56], p < .0001). This confirms that although infants fixate
the target object when hearing both correct pronunciations
and mispronunciations, the observed fixations to target
(expressed in effect sizes) are more systematic for correct
pronunciations. We thus can now quantify the modulation of
fixation behavior in terms of standardized effect sizes.
Age Effects Figure 2 shows all effect sizes, with color
encoding whether the target was pronounced with a correct
or mispronounced label. To evaluate the different
predictions for how mispronunciation sensitivity will
change as infants develop, we next added age (centered, in
months), as a moderator. First, we investigate the impact of
age separately on conditions where words were either
pronounced correctly or not. Age did not significantly
modulate object identification in response to correctly
pronounced (QM(1) = 0.68, p = .41) nor mispronounced
words (QM(1) = 1.72, p = .19). As age increased, there was
no evidence that target looks in response to a correctly
pronounced or mispronounced label also increased.
We then examined the interaction between age and
mispronunciation sensitivity (correct vs. mispronounced
words) in our whole dataset. The moderator test was
significant (QM(3) = 218.62, p < .0001). The interaction
between age and mispronunciation sensitivity, however, was
not significant (β = 0.002, SE = 0.008, 95% CI [-0.01,
0.02]), suggesting that infants’ mispronunciation sensitivity
remains constant across development and is not driven by
specific age groups (see also Figure 2).

Discussion
Using a meta-analytic approach, we examined the
developmental trajectory of infants’ mispronunciation sensitivity. Previous literature and theoretical accounts predicted
three different developmental patterns: mispronunciation
sensitivity decreases, increases, or does not change with
infant age.
Before investigating which of the three possibilities is
supported by all aggregated experimental data, we first
examined object identification separately for correct and
mispronounced labels, which revealed a significant and reliable effect for both pronunciations across all ages. Despite
the altered phonological form, a mispronounced label was
still considered a better match with the target image than a
distractor image.
Next, we quantified infants’ mispronunciation sensitivity
by comparing correct and mispronounced words with one
another. Indeed, there was a sizable, significant difference
between conditions: Correct words had a significantly larger
meta-analytic effect size than mispronounced words,
indicating a sensitivity to mispronunciations.
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Finally, we assessed the three possible patterns of
development modulating infants’ mispronunciation sensitivity, which we established in the preceding analyses. When
age was considered as a moderator, we observed no
significant main effects of age or interactions. Surprisingly,
this result was not predicted by any mainstream theory of
language acquisition that we are aware of; both the
Perceptual Attunement account (Best 1994, 1995) and
PRIMIR (Curtin & Werker, 2007; Werker & Curtin, 2005)
predict a change of mispronunciation sensitivity with
development (brought about by vocabulary growth). In the
current meta-analysis, however, few papers report estimates
of infants’ vocabulary (n = 7). We can however observe that
overall and in a large enough sample, vocabulary will
increase dramatically in the age range covered here (see
wordbank.stanford.edu; Frank et al., 2017), and since our
analysis concerns groups of infants, we are confident that
this pattern holds over the age range covered here. Further
support our conjecture that there is no relation between
vocabulary size and mispronunciation sensitivity comes
from some of the previous empirical studies examining
vocabulary size (e.g. Mani & Plunkett, 2007; Swingley &
Aslin, 2000; but see Mani & Plunkett, 2010).
Acceptance of a mispronunciation (object identification)
while maintaining that mispronunciation and correct
pronunciation are distinct (mispronunciation sensitivity)
could indicate a somewhat abstract understanding of the
phonological structure of words. Although infants demonstrate an understanding that the phonological form of a
mispronunciation is not an exact match with the correct
pronunciation, they still accept this label as more appropriate for the target compared with the distractor image. The
lack of age effects suggest that this understanding coincides
with the learning of the earliest words and persists
throughout early lexical development. Indeed, the youngest
ages in our database were below one year (Bergelson &
Swingley, 2017; Mani & Plunkett, 2007; Zesiger et al.,
2012) and even at that age sensitivity to mispronunciations
is in place according to our meta-analytic regression models
(see also Figure 2). Upon learning their first words, it would
appear that infants already have a sense of the information
that builds words in their native language. Updated
theoretical accounts should take this lack of a
developmental change into account.
Although this meta-analysis suggests that overall there is
no developmental change in mispronunciation sensitivity,
other factors, which pertain to experimental sample, design,
and analysis, may play a role. For example, our metaanalysis included studies that varied in the native language
of infants tested, type of mispronunciation (e.g. consonant
or vowel), and time window of analysis. Concretely, most
studies used (presumably) known objects as distractors (n =
22), but roughly a third of papers (n = 10) presented novel
objects, which could be a possible referent of the
mispronounced word form, creating a minimal pair (e.g.

cat-hat). Could it be that infants fixate the correct object
upon hearing a mispronounced label, because the distractor
is equally well-known? Although a preliminary moderator
test was significant (QM(3) = 219.46, p < .0001), the interaction between distractor familiarity (known or novel) and
mispronunciation sensitivity was not(β = 0.14, SE = 0.08,
95% CI [-0.02, 0.30]). Future analyses of our dataset will
further elucidate how experimental planning and analytic
decisions might mask or amplify any effects or changes in
infants’ behavior we may expect to see.

Statistical Power
The median sample size across studies in our dataset was
26. Assuming that the main goal of researchers was to study
infants’ mispronunciation sensitivity, which we estimate to
have an effect size of 0.5, 26 participants would be required
in a within-participant design using a one-sided t-test to
conduct a study which has 80% power (i.e. 20% of studies
show a false null result implying there is no difference
between conditions). This suggests that the studies in the
current literature are well powered when investigating mis
pronunciation sensitivity per se. While this is encouraging,
the required sample size for studies on factors modulating
mispronunciation sensitivity (e.g. the type of the mispronunciation) would have to be much larger. We thus reiterate our
remark that future investigations have to quantify if and how
differences in design affect infants’ mispronunciation
sensitivity.

Conclusion
Our meta-analysis revealed that although infants fixate the
target image for both correct and mispronounced labels,
they are more likely to do so for correct labels, indicating
sensitivity to mispronunciations. Interestingly, this pattern
was not modulated by infants’ age. We suggest that already
at a young age and with just a small lexicon, infants use
their understanding of their native language phonological
structure during word recognition. These results have
important implications for existing theories of early phonolexical developments, which predict developmental changes
in mispronunciation sensitivity that were not borne out in
this meta-analysis.
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Abstract
We explored children’s developing understanding of mental
life using a novel approach to track changes in conceptual
structure from the bottom up by analyzing patterns of mental capacity attributions. US children (n=247) evaluated elephants, goats, mice, birds, beetles, teddy bears, dolls, robots,
and computers on a range of mental capacities, allowing us to
assess which attributions “go together” and how these conceptual connections might develop over early and middle childhood. Replicating previous studies with adults and older children, an exploratory factor analysis of older children’s (7-9y)
responses revealed a three-way distinction between physiological abilities (e.g., hunger, smell), social-emotional abilities
(e.g., guilt, embarrassment), and perceptual-cognitive abilities (e.g., choice, memory), corresponding to traditional notions of BODY, HEART, and MIND. Hints of this threeway distinction emerged among younger children (4-6y), but
younger children appeared to perceive markedly stronger connections among physiological and social-emotional abilities,
while clearly distinguishing both from the MIND.
Keywords: mind perception; conceptual change; lay biology;
lay psychology; cognitive development.

Introduction
From early in life, attributions of mental capacities govern
our interactions with other beings and inform our judgments
about their moral status. In order to understand, predict,
and coordinate with others, we make inferences about their
thoughts, feelings, and other aspects of mental life.
Developmental and cognitive psychologists have made
great progress in understanding how people make sense of
other minds by postulating distinct representations of such
categories as “perceptions,” “beliefs,” “desires,” and “emotions.” These categories have been incredibly useful—but do
they correspond to children’s own developing understanding
of the structure of mental life?
After all, mental life is extremely complex. Consider a few
examples of the many dimensions that might organize this
conceptual space: Some mental capacities are closely related
to specific bodily organs (e.g., vision, hunger), and others less
obviously so (e.g., belief); some are positively or negatively
valenced (e.g., pain, happiness), and others more neutral or
variable (e.g., smell, thought); some involve taking in information about the environment, while others involve storing,
updating, or using that information to bring about changes in
the external world; some are broadly similar across species,
and others may be unique to humans. How do people of
different ages conceive of the connections and distinctions
among mental states, and how does this conceptual structure
shape their understanding of the various humans, animals,
and technologies in their world?
In recent studies, we have set out to derive this conceptual structure empirically, using an approach—exploratory

factor analysis—that reveals the conceptual connections and
distinctions underlying participants’ responses from the bottom up. Inspired by Gray et al.’s (2007) work on the “dimensions of mind perception,” we first used this bottom-up
approach to analyze patterns of mental capacity attributions
among US adults. Across several studies, three suites of
mental capacities consistently emerged: (1) A suite of capacities related to the BODY, including physiological sensations and self-initiated behaviors; (2) a suite of capacities related to the HEART, including social-emotional experiences
and moral agency; and (3) a suite of capacities related to
the MIND, including perceptual-cognitive abilities and goal
pursuit (Weisman et al., 2017b). A further study with 7- to
9-year-old US children using an adapted version of this experimental paradigm suggested that this distinction between
BODY, HEART, and MIND might be in place by middle
childhood (Weisman et al., 2017a).
Here we extend this approach down to preschool-age children to explore the earlier development of this conceptual system. The preschool years are considered to be a time of rapid
conceptual change in the domain of lay psychology, as evidenced by dramatic shifts in children’s abilities to take others’ perspectives, represent false beliefs, and integrate representations of intentions and outcomes in evaluating moral responsibility (for reviews, see Flavell, 1999; Wellman, 2015).
The period between 4-10y of age has also been the focus
of a rich tradition of work on lay biology extending back
nearly a century (e.g., Carey, 1985; Medin et al., 2010; Piaget,
1929). All of these accounts make the case that becoming a
sophisticated reasoner—and particularly a sophisticated social reasoner—requires substantial refinement of one’s representations of others’ experiences, beliefs, desires, and needs.
Might these refinements include shifts in children’s intuitions
about the fundamental components of mental life?
In the current paper, we examine snapshots of this conceptual structure at two points in development (ages 4-6y and
7-9y) within a well-studied cultural context (the US). We aim
to assess the similarities and differences in younger vs. older
children’s representations of sensations, perceptions, beliefs,
thoughts, desires, emotions, and other aspects of mental life.
This is the first step in developing a more nuanced account of
how this core aspect of folk philosophy of mind might emerge
and change over the course of early and middle childhood.

Study
We based our experimental paradigm on our previous work
with children ages 7-9y (Weisman et al., 2017a), in which
children evaluated a target character on a variety of mental
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capacities using a 3-point response scale (no, kinda, yes). Although a 3-point scale is not optimal for factor analyses, it
enabled children as young as 4y to answer questions comfortably and complete many trials. Including a wide age range
while maintaining a within-subjects design was our top priority for the planned factor analyses.
As in previous work with adults (Weisman et al., 2017b,
Study 4), we asked each participant to judge the mental capacities of one target character out of a set of familiar entities. We included both animals and artifacts in this set,
with an eye toward exploring age-related differences in the
relationship between attributions of biological animacy and
mental life (see, e.g., Carey, 1985; Gelman & Opfer, 2002).
For animals, we included both mammals of different sizes
and relationships to humans (elephant, goat, mouse) and nonmammals (bird, beetle), to represent a range of creatures that
might vary in their perceived mental capacities. For artifacts,
we included both anthropomorphic toys (teddy bear, doll) and
“smart” technologies (robot, computer), which present different kinds of challenges in terms of grappling with the relationship between animacy, pretense, and mental life. Most
critically for our bottom-up approach, we expected these target characters to be perceived as having very different mental
lives: Robots, for example, are generally thought to have a
different set of mental capacities than, say, goats (Weisman
et al., 2017b). This allowed us to address the following question: When different characters are thought to have different
profiles of mental capacities, which capacities “go together”?

Methods
Participants 247 children participated in this study, which
took place in the San Francisco Bay Area. Our planned sample size was 120 older and 120 younger children, but we
also retained a handful of extra participants who completed
the study on the final day of data collection for each group.
Older children (n=123) ranged in age from 7.09-9.99y (median: 8.57y), and participated at local museums; the median
study duration for this group was 2.70min. Younger children
(n=124) ranged in age from 4.00-6.99y (median: 5.03y), and
participated either at their preschool (68%) or at a museum
(32%); the median study duration for this group was 3.58min.
An additional 7 children participated but were excluded for
being outside the target age range.
We grouped children into two age groups because our
primary planned analysis—exploratory factor analysis—is a
group-level analysis of the consensual conceptual structure,
and is not designed to model continuous participant-level
variables like exact age. Our goal in this study was to examine discrete “snapshots” of this conceptual structure at two
points in this continuous developmental trajectory.
Materials and procedure Participants were assigned to
evaluate one of the following characters: elephant, goat,
mouse, bird, beetle, teddy bear, doll, robot, computer (n=1016 per character, per age group). Participants were assigned
to condition randomly, with two exceptions: The doll and

teddy bear conditions were run last for older children (but
included in the initial randomization scheme for younger
children); and toward the end of data collection for each
age group children were assigned to conditions that had the
fewest participants. A vivid, high-resolution photo of the target character in a naturalistic context (e.g., a humanoid robot
in an office) and a label (e.g., a robot) were displayed on a
computer screen for the duration of the study.
Instructions were identical to previous work with children
(Weisman et al., 2017a), focusing on the idea that we wanted
to know what children thought (e.g.) “[robots] can do and can
not do.” Children rated the target character on 20 mental capacities, presented in a random order for each participant. On
each trial, children responded no, kinda, or yes to the question “Do you think a [robot] can. . . ?” The experimenter read
the instructions and the first question out loud. Older children were then given the option of reading and responding to
subsequent questions on their own using the experimenter’s
laptop, which some but not all participants opted to do. All
younger children heard all questions read aloud by the experimenter and responded verbally.
The 20 mental capacities were a subset of the 40 items used
in previous work with children (Weisman et al., 2017a), including physiological sensations, emotional experiences, perceptual abilities, cognitive skills, capacities related to autonomy or agency, and social abilities; see Figure 1. As in previous work, each mental capacity was associated with a short,
preset definition. Children were encouraged at the beginning
of the study to ask questions if they did not know what a word
meant, in which case they were given these definitions.
Data preparation We scored responses of no as 0, kinda
as 0.5, and yes as 1. We planned to drop trials with response times that were faster than a preset criterion of 250ms,
but there were none. We retained participants regardless of
skipped trials (0 trials among older children, 30 trials among
younger children). Overall, none of older children’s trials and
only 1.21% of younger children’s trials were missing data.
Planned analyses Following previous work, we conducted
exploratory factor analyses (EFA) to reveal the latent structure underlying participants’ mental capacity attributions,
collapsing across characters and using Pearson correlations
to find minimum residual solutions. We first examined maximal (14-factor) solutions to determine how many factors to
extract, using the following preset retention criteria (identical to Weisman et al., 2017a, 2017b): Each factor must have
an eigenvalue >1.0 and individually account for >5% of the
shared variance before rotation; and each must be the “dominant” factor (have the strongest absolute factor loading) for
1 mental capacity after rotation. We used an oblique rotation
(oblimin) here because it allows us to examine correlations
among factors; note, however, that constraining factors to be
orthogonal (via varimax rotation) yielded very similar latent
structures. We compared this factor retention approach to
two common alternatives: parallel analysis, which compares
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the observed correlation structure to the correlation structure
arising from random datasets of the same size; and minimizing the Bayesian Information Criterion (BIC), which is one
method of optimizing both goodness of fit and parsimony.

unaware of: Although physiological and social-emotional
abilities seemed to emerge from distinct latent constructs in
older children’s reasoning, there may have been a privileged
relationship between BODY and HEART.

Results and discussion

EFA: Younger children (4-6y) Again, 3 factors met our
preset retention criteria (Fig. 1, col. 4-6). After rotation, the
first factor included both physiological sensations (BODY)
and emotions (HEART): It was the dominant factor for such
items as get angry, get hungry, get hurt feelings, smell things.
The second factor primarily included emotions (HEART): It
was the dominant factor for such items as feel happy, feel
love, feel proud, feel scared. The third factor corresponded
to perceptual-cognitive abilities (MIND): It was the dominant
factor for such items as sense temperatures, remember things,
sense whether something is close. . . , feel guilty. Again, the
first and second factors were somewhat more strongly correlated (f=0.45 [0.35, 0.56]) than were first and third (f=0.34
[0.13, 0.55]) or the second and third (f=0.28 [0.07, 0.48]).
Meanwhile, parallel analysis suggested a 2-factor solution (Fig. 1, col. 7-8). After rotation, the first factor included both physiological sensations (BODY) and emotions
(HEART; e.g., get hungry, feel sick. . . , feel happy, feel sad),
while the second factor corresponded to perceptual-cognitive
abilities (MIND; e.g., sense temperatures, remember things,
sense whether something is close. . . , feel guilty). The two
factors were moderately correlated (f=0.52 [0.40, 0.64]).
BIC was minimized by a 1-factor solution (not reported).
Taken together, these results suggest both similarities and
differences relative to the conceptual structure that older children (7-9y) appeared to share with adults in previous work.
First, like older children, younger children’s responses
were characterized by strong correlations among a suite of
perceptual and cognitive capacities that we have labeled
MIND. Indeed, younger children’s perceptual-cognitive factor was highly congruent with older children’s MIND factor,
both in the 3-factor solution (Tucker’s rc =0.81) and in the 2factor solution (rc =0.79). This highlights one aspect of the
latent structure underlying younger children’s responses that
resonates with the intuitions of older children and adults.
But in contrast to the clear distinction between physiological abilities and social-emotional abilities that characterized
older children’s mental capacity attributions, younger children’s responses suggest that they perceived physiological
and social-emotional abilities to be more closely integrated
and the line between them to be more blurred.
One indication of this blurring comes from the 2-factor
solution suggested by parallel analysis, in which a single
BODY-HEART factor emerged and was moderately congruent with both the BODY (rc =0.75) and HEART (rc =0.68)
factors of older children. Among the mental capacities that
loaded strongly ( 0.60) on this factor were both physiological sensations (get hungry, feel sick. . . , smell things)
and social-emotional experiences (feel happy, feel sad, feel
proud, get angry, feel love, get hurt feelings), suggesting
that younger children perceived physiological and social-

We first assess the conceptual replication of our previous
work with 7- to 9-year-old children by conducting EFA of
older children’s responses. We then examine this conceptual system at an earlier point in development via EFA of
younger children’s responses. Finally, we present a post-hoc
analysis of individual children’s endorsements of three categories of mental capacities: physiological, social-emotional,
and perceptual-cognitive. This provides a more intuitive picture of the EFA results and sheds new light on how the
co-occurrence of endorsements across these three categories
might vary with age.
EFA: Older children (7-9y) EFA revealed 3 factors that
met our retention criteria. Alternative approaches to factor retention—parallel analysis and minimizing BIC—also
yielded 3 factors. See Figure 1 (columns 1-3) for the full
results of this analysis.
After rotation, the first factor corresponded primarily to
physiological sensations and other experiences related to biological needs and physical survival. It was the dominant
factor for such items as get hungry, smell things, feel scared,
feel pain. The second factor corresponded primarily to socialemotional experiences. It was the dominant factor for such
items as feel guilty, feel embarrassed, feel proud, get hurt
feelings. The third factor corresponded primarily to perceptual and cognitive abilities to detect, store, and make use
of information about the environment. It was the dominant
factor for such items as figure out how to do things, make
choices, remember things, sense temperatures.
This provides a conceptual replication of our previous
work with this age group, suggesting that this conceptual
structure emerges not only when children are asked to reason about controversial “edge cases” (beetles and robots)
and factors are constrained to be orthogonal (Weisman et al.,
2017a), but also when children reason about a wider range
of artifacts and animals and factors are allowed to correlate. In both cases, older children’s mental capacity attributions revealed an adult-like distinction between physiological, social-emotional, and perceptual-cognitive abilities—
resonating with traditional notions of BODY, HEART, and
MIND, respectively (Weisman et al., 2017b).
Beyond replicating previous findings, the use of an oblique
rotation method also allowed us to examine the correlations
among factor loadings for each factor—one way to probe
the similarities and conceptual connections across these latent constructs. The BODY and HEART factors were somewhat more strongly correlated (f=0.48, bootstrapped 95%
CI: [0.28, 0.67]) than were BODY and MIND (f=0.28 [0.10,
0.47]) or HEART and MIND (f=0.23 [0.09, 0.37]). This hints
at a possible conceptual connection that we were previously
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Factor loadings from exploratory factor analyses (EFA)
7−9y, 3−factor solution:
get hungry
smell things
feel scared
feel pain
feel tired
feel sick... throw up
get angry
feel guilty
feel embarrassed
feel proud
get hurt feelings
feel sad
feel love
feel happy
figure out...
make choices
remember things
sense temperatures
sense... far away
be aware of things

4−6y, 3−factor solution:

4−6y, 2−factor solution:

BODY

HEART

MIND

BODY

HEART

MIND

BODY−HEART

MIND

0.98
0.77
0.77
0.72
0.50
0.48
0.42
−0.11
−0.16
0.16
0.06
0.20
0.32
0.40
0.04
0.06
−0.17
0.04
0.03
0.10
39%

−0.12
−0.09
0.23
0.18
0.24
−0.01
0.41
0.80
0.75
0.69
0.68
0.65
0.50
0.41
−0.10
0.09
0.05
−0.06
−0.04
0.11
35%

0.02
0.06
−0.02
−0.02
0.25
0.16
0.14
−0.05
0.11
0.02
0.03
0.03
−0.05
0.01
0.74
0.72
0.71
0.64
0.55
0.52
26%

0.59
0.55
0.27
0.44
0.54
0.46
0.87
0.13
0.21
0.22
0.58
0.47
−0.01
0.01
0.33
0.06
0.02
−0.12
0.15
0.23
43%

0.18
0.12
0.36
0.11
0.09
0.28
−0.11
0.05
0.31
0.51
0.13
0.27
0.76
0.78
−0.14
0.26
0.00
0.06
−0.08
0.07
30%

0.08
0.01
0.09
0.06
0.21
0.00
−0.03
0.48
0.14
0.07
0.04
−0.06
−0.02
0.07
0.45
0.37
0.54
0.77
0.49
0.35
27%

0.72
0.63
0.58
0.51
0.58
0.70
0.67
0.15
0.48
0.67
0.65
0.69
0.66
0.69
0.17
0.28
0.00
−0.07
0.05
0.26
73%

0.05
−0.02
0.04
0.04
0.20
−0.04
0.00
0.48
0.10
0.01
0.02
−0.10
−0.08
0.01
0.46
0.34
0.55
0.76
0.52
0.36
27%

1

0

−1

Figure 1: Factor loadings from exploratory factor analyses. Items are ordered according to their dominant factor (the factor
with the strongest factor loading) among older children (7-9y). The percent of shared variance explained by each factor (after
factor retention and oblimin rotation) is listed at the bottom of each column.
emotional abilities to “go together” to a considerable degree.
Even in the 3-factor solution suggested by our standard factor retention protocol, the distinction between physiological
and social-emotional abilities was somewhat blurred. While
the first factor was highly congruent with older children’s
BODY factor (rc =0.86), it was also the dominant factor for
several social-emotional items (get angry, get hurt feelings,
feel sad). And while the second factor was highly congruent with older children’s HEART factor (rc =0.82), there were
several social-emotional items that failed to load strongly on
it (loadings  0.30: get angry, get hurt feelings, feel sad,
feel guilty). Stepping back, it is not clear that “physiological vs. social-emotional” is the best way to characterize the
differences between these two factors. In fact, given that the
strongest-loading items for the first factor were negatively valenced (get angry, get hungry, get hurt feelings) while the
strongest-loading items for the second factor were positively
valenced (feel happy, feel love, feel proud), it seems plausible
that the more salient distinction among this age group may
have been positive vs. negative valence, rather than BODY
vs. HEART. This is in line with recent work suggesting that
valence is a particularly important feature of emotion concept
representations for young children (Nook et al., 2017).
Finally, the very fact that different approaches to factor retention yielded different results is further evidence that, although we observed some evidence for a nascent distinction
between BODY and HEART among younger children, this

distinction was not as robust as it appeared to be among older
children or among adults in previous work.
Exploratory analysis: Differentiation at the participant
level How might age-related differences in conceptual
structure manifest in individual children’s mental capacity attributions? We now present an exploratory analysis of the
differentiation of BODY, HEART, and MIND categories by
individual children—a kind of non-parametric, participantlevel analysis meant to parallel the EFAs reported above.
We based this analysis on the intuition that a child who
differentiates clearly between two categories (e.g., BODY
vs. HEART) will evaluate mental capacities related to these
categories somewhat independently. Such a child will sometimes end up endorsing mental capacities in one category
while rejecting mental capacities in the other (e.g., endorsing most BODY items but rejecting most HEART items)—
whereas a child who does not differentiate between these categories might be more likely to endorse or reject across the
board (e.g., endorsing equal numbers of BODY and HEART
items). Of course, depending on the target character they happen to evaluate, even children with clearly differentiated categories might end up endorsing equal numbers of capacities
in both. But if the differentiation of two categories becomes
stronger over development, we might expect that, on average,
the difference in the number of endorsements between these
categories would be greater for older than younger children.
With these intuitions in mind, we used older children’s
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BODY minus HEART
60
50
40
30
20
10

4−6y (n=123):
− median: 0
− mean: −0.37
− variance: 2.37
− skewness: −0.49
− kurtosis: 0.46

dren’s difference scores (see Table 1).
Next, we consider MIND vs. BODY. Recall that MIND
was identified as a latent construct distinct from BODY and
HEART in EFAs for both age groups. Echoing this, children in both age groups differentiated between these categories, as illustrated by the many participants with difference
scores
0 or ⌧ 0 (Fig. 2, middle). However, these distributions of difference scores differed in their central tendency (Table 1): Younger children tended to attribute more
BODY than MIND capacities, while older children tended to
attribute more MIND than BODY capacities.
Finally, we consider HEART vs. MIND. Again, many children in both age groups differentiated between these categories (Fig. 2, bottom). In this case, however, older children were especially likely to have extreme difference scores,
as reflected by the difference in variance between age groups
(Table 1). These distributions also differed in their central
tendency: Younger children tended to attribute more HEART
than MIND capacities, while older children tended to attribute more MIND than HEART capacities.

7−9y (n=124):
− median: 0
− mean: −0.54
− variance: 3.50
− skewness: 0.11
− kurtosis: −0.26

Number of participants

0
MIND minus BODY
60
50
40
30
20
10

4−6y (n=123):
− median: 0
− mean: −0.53
− variance: 3.70
− skewness: 0.45
− kurtosis: 0.47

7−9y (n=124):
− median: 0
− mean: 0.37
− variance: 4.51
− skewness: 0.48
− kurtosis: −0.06

0
MIND minus HEART
60
50
40
30
20
10

4−6y (n=123):
− median: 0
− mean: −0.16
− variance: 3.10
− skewness: 0.09
− kurtosis: 0.31

7−9y (n=124):
− median: 0
− mean: 0.90
− variance: 5.32
− skewness: 0.18
− kurtosis: 0.15

B-H
M-B
M-H

0
−6

−4

−2

0

2

4

6

W
8212.50
5805.50
5449.50

p
0.28
0.00
0.00

t
0.76
-3.48
-4.07

p
0.45
0.00
0.00

Kˆ2
4.63
1.21
8.83

p
0.03
0.27
0.00

Difference between categories

Figure 2: Distributions of between-category differences in
how many capacities each child, by age group.
EFA results to choose sets of mental capacities to represent
the categories BODY, HEART, and MIND. For each category,
we included only items that (1) loaded more strongly on that
factor than on others and (2) were among the 6 strongestloading items for that factor.1 We tallied the number of “endorsements” (responses of yes or kinda) for the items in each
category; each child could endorse 0-6 capacities for each
category. We then examined differences in the number of endorsements between each pair of categories: HEART minus
BODY, MIND minus BODY, and MIND minus HEART. Distributions of differences in endorsements across pairs of categories for each age group are presented in Figure 2, with
comparisons of variances and central tendencies in Table 1.
First we consider the differentiation of HEART vs. BODY.
Echoing the contrast in factor structure revealed by EFA—
in which HEART and BODY were distinct factors among
older children but seemed more integrated among younger
children—older children seem to have been more likely to
differentiate strongly between these categories in their mental capacity endorsements, as illustrated by the greater number of older children with difference scores 0 or ⌧ 0 (Fig.
2, top). In line with this, the variance of younger children’s
difference scores was lower than the variance of older chil1 Two items, feel happy and get angry, were dropped from this
analysis, because they were not in the top 6 items for any factor.

Table 1: Mann-Whitney-Wilcoxon (W ) and Welch’s (t) tests
for comparing central tendencies and Bartlett’s tests (K 2 ) for
comparing variances in difference scores across age groups.

General discussion
We set out to investigate the development of reasoning about
mental life, with the goal of comparing the conceptual structures that underlie mental capacity attributions in early childhood (4-6y) vs. middle childhood (7-9y) in a well-studied cultural context (the US). To this end, we examined patterns in
children’s attributions of a wide range of mental capacities to
various target characters.
Two key findings emerged from this study.
Both
younger and older children treated perceptual-cognitive abilities (MIND) as a distinct component of mental life: Abilities to detect, store, and use information about the environment travelled together in their attributions, and were endorsed somewhat independently from physiological or socialemotional abilities. But while older children differentiated between physiological and social-emotional abilities as
two additional, distinct components of mental life (BODY
vs. HEART), among younger children this distinction was
less clear and less robust. These two findings—the similarity
in younger vs. older children’s understanding of MIND and
the difference in their understanding of BODY vs. HEART—
emerged both in our planned comparison of the correlation
structures underlying responses at the group level (via EFA)
and in our exploratory analysis of differences in endorsements between categories at the individual level.
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Beyond this, this exploratory analysis surfaced two agerelated differences that were not evident from EFA alone.
First, it revealed different biases in mental capacity attributions across the two age groups: While older children frequently endorsed MIND capacities in the absence of BODY
or HEART capacities, younger children, if anything, showed
the opposite bias, particularly in their endorsement of BODY
capacities in the absence of MIND. This hints at the possibility that children of different ages might perceive different
kinds of relationships among BODY, HEART, and MIND.
In particular, younger children’s tendency to endorse
BODY in the absence of MIND is consistent with the idea
that the physiological abilities characteristic of biological animals are a necessary precondition for perceptual-cognitive
abilities—but older children’s endorsement patterns suggest
that they might consider it possible for an entity to have
social-emotional or perceptual-cognitive abilities in the absence of biological animacy. This is an issue of particular importance in the modern world, in which children are increasingly encountering “smart,” “social” technologies intended
to convey cognitive prowess and social-emotional presence.
Our results suggest that children of different ages might have
different intuitions about the mental lives of technological beings, with older children (7-9y) being particularly open to the
possibility of non-biological HEARTs and MINDs.
Second, older children appear to have differentiated more
strongly than younger children not only between HEART and
BODY (as revealed by EFA), but also between HEART and
MIND, suggesting that one of the important questions that
children appear to be grappling with during this period in development is how to make sense of emotional experience in
relation to the body and the mind.
While the category of “emotions” might seem natural to
many readers, there is much debate among affective scientists and cultural psychologists about whether emotions are
in fact a universal natural kind (e.g., Barrett, 2006; Russell,
1991; Wierzbicka, 1994). From the perspective of the BODYHEART-MIND framework, emotional experiences frequently
center on physiological sensations, such as an aching heart, a
pit in the stomach, or flushed cheeks—but emotional life is
also fundamentally cognitive, involving the perception, appraisal, and reframing of experiences in ways that reshape
the experience itself (e.g., Gross, 2015). How does a person
come to distinguish “emotions” from other physiological and
cognitive processes? What kinds of personal experiences, social pressures, language demands, and cultural forces encourage US children to abstract away a third category of mental
life, which seems to draw on both physiological and cognitive
abilities while somehow constituting a third kind of “thing”?
And what other categories of mental life might a person come
to see if they grew up in a different context?
The developmental and cultural origins of ordinary people’s understanding of mental life are fascinating questions,
deserving of further research. Two important next steps will
be to move from the “snapshot” approach taken here to con-

sidering development more continuously, and to investigate
how this aspect of folk philosophy of mind unfolds in contexts outside of the US, where both the developmental trajectory and the adult endpoint might be subject to different
cultural forces from the ones at play here. The current study
lays the foundation for such investigations.
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Abstract

Table 1: Example syllogisms.

Belief bias in syllogistic reasoning refers to the ﬁnding that
individuals are more likely to accept believable than unbelievable conclusions independent of their logical validity. Most
theories argue that belief bias is driven by differences in reasoning processes between believable and unbelievable syllogisms. In contrast, Dube, Rotello, and Heit (2010) proposed
that belief bias is solely an effect of response processes. We
investigated belief bias without having to rely on response bias
manipulations (Klauer, Musch, and Naumer, 2000) or conﬁdence ratings (Dube et al., 2010). Instead, we added a third
response (“I don’t know”) to the usual binary response set
(“Yes”/“No”). This allowed us to test belief bias with a fully
identiﬁed multinomial processing tree model, in a hierarchical
Bayesian framework. We found evidence that the belief bias
is driven by differences in response processes. Evidence for a
difference in reasoning processes was inconclusive.
Keywords: belief bias; syllogisms; multinomial processing
tree models

Believability
Validity

Believable

Unbelievable

Valid

No oaks are jubs.
Some trees are jubs.

No trees are punds.
Some Oaks are punds.

Therefore some trees
are not oaks.

Therefore some oaks
are not trees.

No tree are brops.
Some oaks are brops.

No oaks are foins.
Some trees are foins.

Therefore some trees
are not oaks.

Therefore some oaks
are not trees.

Invalid

Introduction
Syllogisms are logical arguments that usually consist of
two premises and a putative conclusion. In the syllogismevaluation task, the task of the reasoner is to decide whether
this conclusion follows necessarily from the premises (i.e., is
valid) or not (i.e., is invalid). The validity of a conclusion
is determined by the structure of the syllogism alone, independent of its actual content. Despite this property, reasoners
tend to be inﬂuenced by prior beliefs about the conclusion.
Evans, Barston, and Pollard (1983) crossed validity and believability (see Table 1 for an example) and found that believable conclusions are more likely to be endorsed than unbelievable ones. This effect was stronger for invalid syllogisms
than for valid ones. Together, this effect of believability on
endorsement rates for syllogisms constitutes the belief bias
effect.
In a large set of studies, Klauer, Musch, and Naumer
(2000) compared different accounts that try to explain the belief bias effect. What all accounts have in common, is that
believability is assumed to affect reasoning processes: When
confronted with a believable compared to an unbelievable syllogism, individuals are assumed to use the syllogistic structure and its content in different ways.
However, reasoning processes are not the only cognitive processes contributing to the performance in syllogismevaluation tasks. The other main factor are response processes, which affect the general propensity to prefer one of
the possible response options, independent of form and content of the syllogism. For example, a liberal reasoner is more
likely to endorse syllogisms in general, whereas a conservative reasoner is more likely to reject them, compared to an
unbiased reasoner.

Klauer et al. (2000) showed that one cannot test different
belief-bias accounts by comparing acceptance rates of conclusions. In order to establish diganostic tests, Klauer et al.
developed an extended experimental and a formal measurement model – a multinomial processing tree model (MPT;
Riefer & Batchelder, 1988) – to disentangle reasoning processes and response processes. Their model was a variant of
the two-high threshold (2HT) model. It assumes that when
reasoners are presented with a syllogism, there is a probability r with which they engage in reasoning and determine its
true logical status (i.e., valid or invalid). If the reasoning step
fails, with probability 1 − r, reasoners enter an uncertainty
state in which they are forced to guess a response. Thus,
this model assumes that reasoning can only lead to a correct
response and errors are solely due to guessing. Further, response bias enters the model only in the guessing stage. Their
model based analysis agreed with the notion put forward in
essentially all existing accounts: Conclusion believability of
a syllogism affected the reasoning processes.
Dube, Rotello, and Heit (2010) set out to answer the same
questions using a different measurement model based on signal detection theory (SDT; Green & Swets, 1966). Their
model assumes that the reasoning process leads to a continuous validity signal to which reasoners have access. When
asked to evaluate the validity of a syllogism, reasoners compare its validity signal with an established response criterion
that reﬂects their response bias. If the signal surpasses the criterion, reasoners endorse the syllogism, otherwise they reject
it. Thus, this model can be seen as one instantiation of a probabilistic reasoning account (e.g., Oaksford & Chater, 2007).
This stands in contrast with most established accounts of syllogistic reasoning, which assume that reasoning is performed
on discrete entities such as sets, rules, or mental models (for
an overview, see Khemlani & Johnson-Laird, 2012). Dube et
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al.’s model based analysis challenged all existing accounts of
belief bias, as believability did not affect the reasoning processes. Instead, the belief bias could be explained by response
processes only– a criterion shift indicating a response bias.
Trippas Handley, and Verde (2013) replicated this ﬁnding for
simple syllogisms (for which only one model of the premises
needs to be constructed) but not for complex syllogisms (for
which multiple models of the premises need to be constructed
for a correct judgment of validity).
Despite the obvious differences between Klauer et
al. (2000) and Dube et al. (2010) in terms of models and
their assumptions, both studies had to address a technical
problem complicating their modeling efforts. They wanted
to estimate more model parameters than simple “Yes”/“No”
datasets would allow for. More speciﬁcally, a single set of
“Yes”/“No” responses to both valid and invalid syllogisms
only provides two independent data points, thus only allowing the estimation of a maximum of two model parameters.
However, as shown by Klauer et al. (2000), a comprehensive
measurement model for syllogistic reasoning data requires
the estimation of at least three parameters. A similar argument for the case of SDT was made by Dube et al. (2010,
Experiment 1).
To increase the number of parameters that can be estimated, Klauer et al. (2000) used a response bias manipulation by collecting data from three groups of participants,
each of which received different base rates of valid syllogisms. The low base rate group was instructed that only one
sixth of the problems were valid. Medium, and high base rate
groups were instructed that half and ﬁve sixth of the problems were valid, respectively. This procedure allowed Klauer
et al. to circumvent the limitations of single “Yes”/“No” data
sets. Speciﬁcally, they assumed that the base rate instructions
would only affect response processes, but not reasoning processes. However, one potential limitation of this approach
was that, by using three different groups, the model had to
be applied to the aggregated data, thereby not allowing to account for individual differences.
Dube et al. (2010) used a different solution for making
their full model identiﬁable. Instead of base rate instructions
and equating parameters across groups, they expanded the response format from binary “Yes”/“No” responses to a 6-point
conﬁdence rating scale. They asked participants to provide
a conﬁdence judgment ranging from 1 to 3 (1 for low conﬁdence, 2 for medium conﬁdence, and 3 for high conﬁdence)
after each “Yes”/“No” response.
One problem with the SDT approach as introduced by
Dube et al. (2010) is that it is unable to distinguish between
a genuine response bias effect, a criterion shift, and a mathematically indistinguishable explanation via differences in reasoning processes, a distribution shift (Klauer & Kellen, 2011;
Singmann & Kellen, 2014). Dube et al.’s conclusion that belief bias is merely a response bias effect hinges on the former
interpretation of the results (for evidence of this interpretation, see Stephens, Dunn, & Hayes, 2017). This ambiguity

regarding the reason for a speciﬁc results pattern is absent
for the MPT model of Klauer et al. (2000). Unfortunately,
formulating an MPT model for a 6-point conﬁdence rating
scale requires the speciﬁcation of a response mapping function. This response mapping function can inﬂuence the conclusion, but is ultimately unrelated to the question of whether
belief bias is driven by response processes or reasoning processes.
Here, we propose a minimal extension to the standard
belief bias task that – similar to the approach by Dube et
al. (2010) – does not require the use of a response bias manipulation. Neither is there a need for a 6-point conﬁdence rating
scale. We simply extend Klauer et al.’s (2000) model by one
additional response category (Singmann, Klauer, & Kellen,
2013). Extending the response format from “Yes”/“No” to
“Yes”/“I don’t know”/“No” allows us to estimate all the necessary parameters.
One further difference between Klauer et al. (2000) and
Dube et al. (2010) is the number of problems that each participants received. Klauer et al.’s participants solved eight to
twelve problems. Dube et al. and following studies within
an SDT framework (e.g., Trippas et al., 2013; Stephens et
al., 2017) used considerably more problems per participant,
usually 32 to 64. However, solving complex syllogisms requires considerable effort and concentration. Given such a
large number of problems, it seems questionable whether participants invested an appropriate amount of effort for each
syllogism. Therefore, we follow Klauer et al. and use only
eight problems per participants.
One drawback of using a small number of problems per
participant is that this precludes a model-based analysis on
the individual level using a traditional maximum-likelihood
approach. However, it is well-known that an analysis based
on aggregated data for non-linear models such as discussed
here can lead to severe aggregation artifacts (e.g., Klauer,
2010). Therefore, we analyze the individual-level data in a
hierarchical-Bayesian framework using a partial-pooling approach (i.e., taking participants’ similarities as well as their
differences into account).

Extended Belief Bias MPT
The original 2HT model for syllogistic reasoning by Klauer
et al. (2000) was tailored to binary “Yes”/“No” responses.
The extended model has the three response categories
“Yes”,“No”, and “I don’t know”. Figure 1 shows the tree
representation of the extended model, separately for believable and unbelievable syllogisms. In the following, we ﬁrst
describe the model in its general form which is equivalent for
both believability conditions.
The extended belief bias MPT assumes a reasoning stage,
followed by a response stage. With probability r a reasoner
detects the correct logical status of a problem. In this case,
the response stage simply consists of reporting this correct
logical status of the problem, answering “Yes” for valid conclusions and “No” for invalid conclusions. With probability
of 1 − r a reasoner does not detect the correct logical sta-
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tus of the problem. Please note that this reasoning parameter
assumes reasoning processes to yield a correct answer, therefore reasoning processes that lead to errors (e.g., as proposed
by reasoning accounts based on mental models) are not captured by this parameter.
If the correct logical status is not detected, an uncertainty
state is reached and the response stage is entered. It is important to note that in this case the logical status of the problem is
unknown and cannot inﬂuence the following decisions. With
probability n a reasoner decides not to give a response about
the logical status of the problem by selecting “I dont know”.
With probability 1 − n a response is given despite having no
information about the logical status of the problem. In this
case, with probability g the response “Yes” is selected, and
with probability 1 − g the response “No” is selected. Parameters n and g capture response biases and, as mentioned above,
incorrect reasoning processes, if the theory of interest proposes them. With these three parameters r, n, and g we build
four processing trees, one for each type of problem:
• valid (v) syllogisms with believable (b) conclusions,
• invalid (i) syllogisms with believable (b) conclusions,
• valid (v) syllogisms with unbelievable (u) conclusions,
• invalid (i) syllogisms with unbelievable (u) conclusions.

Statistical Analysis
Our analyses were performed in a hierarchical Bayesian
framework. We used the latent-trait approach (Klauer, 2010)
to ﬁt the belief bias MPT as hierarchical Bayesian model in
Stan (Carpenter et al., 2017).
Model ﬁts were assessed via posterior predictive p-values,
pB , using the T1 test statistic proposed by Klauer (2010). The
T1 statistic checks whether a model adequately describes the
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valid and
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For each problem type, we have a speciﬁc reasoning parameter rvb , rib , rvu , and riu . As argued above, the parameters representing response processes, n and g, cannot be inﬂuenced by the logical status of the problem, therefore we assume them to be equal for valid and invalid problems within
believability conditions. They are however inﬂuenced by response biases. This leads to one parameter pair for each status of believability, nb and gb for believable problems and nu
and gu for unbelievable problems. This of course assumes
that other cues (e.g. premise believability, content speciﬁc
effects) are controlled for across believability conditions.
The resulting four model trees are shown in Figure 1. A
key assumption of the extension is that the n parameters are
not a function of logical validity but only of response biases.
Violations of this assumption would result in poor ﬁt of the
model to the data.
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Figure 1: Four trees forming the extended belief bias MPT. rvb ,rib , rvu , and riu are the probabilities to reach the logically correct
answer for the respective trees. nb is the probability of answering “I don’t know” for syllogism with believable conclusions
(regardless of validity). nu is the is the probability of answering “I don’t know” for syllogisms with unbelievable conclusions.
gb is the probability of guessing that a syllogism with a believable conclusion is valid, thus responding with “Yes”. gu is the
probability of guessing that a syllogism with a unbelievable conclusion is valid, thus responding with “Yes”.
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category frequencies, aggregated over participants. Small pB
values indicate poor model ﬁts.
Our main research goal was to test differences in the model
parameters between the believability conditions (e.g., between gb and gu ). To this end, we reparameterized the model
shown in Figure 1 to allow testing for differences. This was
done by introducing a mean parameter θ̄ as well as a difference parameter δθ for each parameter θ ∈ {rv , ri , n, g}. The
condition speciﬁc parameter θb for the believable syllogisms
and θu for unbelievable syllogisms were then obtained from
those two parameters as
1
θb = θ̄ + δθ
2

(1)

1
θu = θ̄ − δθ .
2

(2)

and

This allowed us to test for differences between the two conditions by comparing prior and posterior distribution of δθ
using the so-called Savage-Dickey density ratio (for a tutorial
see Wagenmakers, Lodewyckx, Kuriyal & Grasman, 2010).
The resulting Bayes factors quantify the evidence for (H1 ) or
against (H0 ) a difference between believability conditions.
We followed Gronau, Wagenmakers, Heck, and Matzke
(2017) and used a zero-centered normal prior for δθ . To account for the prior sensitivity of the Bayes factor, we explored
different widths of the prior of δθ . This means, we ﬁtted the
model three times, each time with a different standard deviation σδ . σδ represents assumptions about the expected difference between the two believability conditions. We explored a
narrow (σδ narrow ≈ 0.52), medium (σδ medium ≈ 0.84), and a
wide (σδ wide ≈ 1.28) zero-centered normal prior. These priors represent the assumption of a small, medium, and large effects on the probability scale centered around 0.5 (see Gronau
et al., 2017). More information about the model speciﬁcation
and parameter priors can be found in the model code on the
Open Science Framework at: https://osf.io/fsmvz/

Experiment
The goal of the present experiment was to assess which cognitive processes are inﬂuenced by conclusion believability in
a syllogism-evaluation task: reasoning processes, response
processes, or both.
The Bayesian hierarchical framework of the analysis allowed us to collect only few data points per participant and
capitalize on partial pooling. This seems especially valuable,
given the high task difﬁculty of the syllogism-evaluation task
with complex syllogisms.
Data, analysis scripts, and model codes can be found on
the Open Science Framework at: https://osf.io/fsmvz/

Method
Design Logical validity (valid vs. invalid) and conclusion
believability (believable vs. unbelievable) were manipulated
within subjects.

Participants Four hundred thirty-seven participants were
recruited for an online experiment via crowdflower.com.
Participation was restricted to the following countries: UK,
USA, Canada, Australia, and New Zealand. Participants were
required to be native English speakers and at least 18 years
old. From initially 437 participants, 83 were excluded resulting in 354 data sets. Exclusion criteria were as follows:
Multiple IP entries (resulting in exclusion of all data sets from
this IP; N = 30), missing IP entries (N = 31), and an average
response time smaller than 2 seconds per syllogism (N = 29).
Finally, we excluded participants who reported that they did
not perform the task seriously (N = 10).1 Participants could
report this after the experiment and were informed that doing
so would have no negative effect on their reward.
Each experimental session lasted less than 10 minutes. Participants were rewarded $0.10 for participation and could
win a performance based bonus. An additional $0.50 was
awarded if they responded correctly to at least 66% of the trials in which they selected the options “Yes” or “No”. Trials
in which they selected “I don’t know” were neither counted
as correct nor incorrect towards the bonus. This bonus system was aimed towards motivating participants to use the response option “I don’t know”.
Stimuli Twenty complex syllogistic structures were used.
The structures were taken from Dube et al. (2010) experiments 1-3 and Klauer et al. (2000) experiments 3, 4, and 7.
These syllogistic structures included the ones used by Trippas et al. (2013) and Stephens et al. (2017). The goal was to
include all complex syllogistic structures that have recently
been used in the literature on belief bias to minimize any effects that might be unique to a subset of these structures.
Participants were presented with four random syllogistic
structures; two valid ones and two invalid ones. Each of
these structures was presented once with a believable conclusion, and once with an unbelievable conclusion resulting
in 8 unique syllogisms per participant.
Contents were chosen randomly from a list of forty rated
pairs of category and exemplar (e.g., “trees” and “oaks”;
Klauer et al., 2000; Dube et al., 2010; Ball, Phillips, Wade,
& Quayle, 2006; Oakhill & Johnson-Laird, 1985; Quayle &
Ball, 2000; Evans et al., 1983). Conclusion believability was
manipulated by reversing the order of category and exemplar (e.g., “some trees are not oaks” and “some oaks are not
trees”). Premises were linked with nonsense words to reduce
effects of premise believability.
Procedure Participants were asked to decide whether a
conclusion followed logically from the premises. Premises
and conclusions were separated by a horizontal line. Responses were given by clicking on one of three buttons located right under the conclusions labeled “Yes”, “I don’t
know”, and “No”. Selecting a response was immediately followed by the next problem.
Participants were instructed to assume that the premises

1172

1 Note

that the exclusion criteria are not mutually exclusive
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Figure 2: Response proportions to the three response options.
Error bars represent the 95% multinomial conﬁdence intervals (Sison & Glaz, 1995) based on data aggregated across
participants.

Figure 3: Posteriors of the group-level parameters rv , ri , n,
and g. Different colors represent different prior widths for
the difference parameters δθ .

Results
were true and to endorse a conclusion only if it necessarily
followed from the premises. We clariﬁed that if a conclusion
is possible, but not necessary, they were to select “No”. We
also told them that they were to select “I don’t know”, if they
could not decide whether a conclusion followed necessarily,
but only if they seriously tried to evaluate the conclusion. We
informed them that in the context of logic, the frequently used
quantiﬁer “some” means “at least one, possibly all”.
After the instructions, participants were shown an example
problem, followed by a short version of the task instructions.
Stimuli were divided into two blocks. This was not apparent
to participants and there was no break between blocks. Each
block consisted of four syllogisms using the four structures
and random contents. Whether the conclusion was believable
(or unbelievable) in the ﬁrst or second block was randomly
determined for each syllogistic structure anew. The order of
syllogisms within each block was also randomized. The two
stimuli blocks were followed by a performance feedback and
a short demographic survey.
Bayesian Model We ran six MCMC chains with random
start values, each running for 2000 samples and we discarded the ﬁrst 1000 samples as warmup. Convergence of
the MCMC chains was assessed via the R̂ statistic (R̂ < 1.04).
Results reported below are based on 6000 posterior samples.

Table 2: Bayes factors derived from the difference parameters
Parameter
narrow prior
medium prior
wide prior

rv

ri

n

g

1.4
1.5
2.0

1.2
1.3
1.6

2.1◦
3.1
4.5

232.0
70.3
16.1

Note. Bayes factors in favor of the null hypothesis (i.e., no
difference between believability conditions) are marked with
 (i.e., BF = 1 ).
BF

Response Frequencies Response proportions for each type
of problem are shown in Figure 2. They exhibited a belief bias effect: The marginal proportion of responding with
“Yes” was larger for believable conclusions than for unbelievable ones. The difference in responding with “Yes” between believability conditions occurred for both valid and invalid syllogisms. As expected, it was larger for invalid than
for valid syllogisms. The proportions of responding with “I
don’t know” seemed to be affected by neither validity nor believability.
Model Fit Overall model ﬁt was good; for the model with
the narrow prior pB = .51, for the model with the medium
prior pB = .50, and for the model with the wide prior pB =
.48. This suggests that the model assumptions, such as n being unaffected by validity, were not grossly violated by the
data.
Difference Analysis Posteriors of the group-level parameters are shown in Figure 3 and the Bayes factors derived from
the difference parameters are shown in Table 2. We can see
that the priors inﬂuenced the Bayes factors, but the results
stayed qualitatively the same.
In contrast to Klauer et al. (2000), there was no evidence
for an effect of believability on the reasoning parameters.
More speciﬁcally, the evidence for a difference was inconclusive for both reasoning parameters rv and ri , 13 < BF <
3.
In terms of the response process parameters, the results
tended to agree with Dube et al. (2010). For n, there was weak
evidence for the absence of a difference between believability
conditions, although only under the wide prior. The evidence
under the medium and narrow prior was rather inconclusive.
However, there was considerable evidence for a difference in
response bias g over believability conditions, BF > 16. For
the unbelievable conclusions participants appeared to be relatively unbiased with g around .4. For the believable conclusions participants showed a response bias towards the “Yes”
response with g being clearly above .5 (at around .7).
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Discussion
Comprehensive measurement models for syllogistic reasoning data require the estimation of at least three parameters,
whereas binary “Yes/No” response formats provide only two
independent data points (Klauer et al., 2000). We used a minimal extension to the binary syllogism-evaluation task by introducing a third response option, “I don’t know” (Singmann
et al., 2013). Although this third response option was rarely
selected, it provided the means for estimating the parameters
of the extended belief bias MPT. Similar extensions can be
useful for investigating cognitive processes in other domains
(e.g., source memory; Kellen, Singmann, & Klauer, 2014).
Here, we found converging evidence for the results of Dube
et al. (2010) and the interpretation of their model-based analysis; the belief bias effect can be explained by a change in
response bias (see also Stephens et al., 2017; Trippas et al.,
in press). However, we cannot conclude that belief bias is
solely a result of response processes, as the evidence for or
against differences in reasoning processes was inconclusive.
Then again, considering our somewhat large number of participants we can assume that if there was a difference in reasoning processes it would probably be rather small.

References
Ball, L. J., Phillips, P., Wade, C. N., & Quayle, J. D. (2006).
Effects of Belief and Logic on Syllogistic Reasoning. Experimental Psychology, 53(1), 77–86.
Carpenter, B., Gelman, A., Hoffman, M., Lee, D., Goodrich,
B., Betancourt, M., . . . Riddell, A. (2017). Stan: A Probabilistic Programming Language. Journal of Statistical Software, 76(1).
Dube, C., Rotello, C. M., & Heit, E. (2010). Assessing the
belief bias effect with ROCs: It’s a response bias effect.
Psychological Review, 117(3), 831–863.
Evans, J. S. B. T., Barston, J. L., & Pollard, P. (1983). On the
conﬂict between logic and belief in syllogistic reasoning.
Memory & Cognition, 11(3), 295–306.
Green, D. M., & Swets, J. A. (1966). Signal detection theory
and psychophysics. New York: Wiley.
Gronau, Q. F., Wagenmakers, E.-J., Heck, D. W., & Matzke,
D. (2017). A simple method for comparing complex models: Bayesian model comparison for hierarchical multinomial processing tree models using Warp-III Bridge sampling. PsyArXiv: 10.17605/OSF.IO/YXHFM.
Johnson-Laird, P. N., & Byrne, R. (1991). Deduction
(Vol. xii). Hillsdale, NJ, US: Lawrence Erlbaum.
Kellen, D., Singmann, H., & Klauer, K. C. (2014). Modeling
source-memory overdistribution. Journal of Memory and
Language, 76, 216–236.
Khemlani, S., & Johnson-Laird, P. N. (2012). Theories of
the syllogism: A meta-analysis. Psychological Bulletin,
138(3), 427–457.
Klauer, K. C. (2010). Hierarchical Multinomial Processing
Tree Models: A Latent-Trait Approach. Psychometrika,
75(1), 70–98.

Klauer, K. C., & Kellen, D. (2011). Assessing the belief bias
effect with ROCs: Reply to Dube, Rotello, and Heit (2010).
Psychological Review, 118(1), 164–173.
Klauer, K. C., Musch, J., & Naumer, B. (2000). On belief bias in syllogistic reasoning. Psychological Review,
107(4), 852–884.
Newstead, S. E., Pollard, P., Evans, J. S. B. T., & Allen, J. L.
(1992). The source of belief bias effects in syllogistic reasoning. Cognition, 45(3), 257–284.
Oakhill, J., Johnson-Laird, P. N., & Garnham, A. (1989).
Believability and syllogistic reasoning. Cognition, 31(2),
117–140.
Oakhill, J. V., & Johnson-Laird, P. N. (1985). The effects of
belief on the spontaneous production of syllogistic conclusions. The Quarterly Journal of Experimental Psychology
Section A, 37(4), 553–569.
Oaksford, M., & Chater, N. (2007). Bayesian rationality: the
probabilistic approach to human reasoning. Oxford UP.
Quayle, J. D., & Ball, L. J. (2000). Working memory,
metacognitive uncertainty, and belief bias in syllogistic reasoning. Quarterly Journal of Experimental Psychology:
Section A, 53(4), 1202–1223.
Riefer, D. M., & Batchelder, W. H. (1988). Multinomial modeling and the measurement of cognitive processes.
Psychological Review, 95(3), 318–339.
Singmann, H., & Kellen, D. (2014). Concerns with the SDT
approach to causal conditional reasoning: a comment on
Trippas, Handley, Verde, Roser, McNair, and Evans (2014).
Frontiers in Psychology, 5.
Singmann, H., Kellen, D., & Klauer, K. C. (2013). Investigating the other-race effect of germans towards turks and arabs
using multinomial processing tree models. In M. Knauff,
M. Pauen, N. Sebanz, & I. Wachsmuth (Eds.), Proceedings
of the 35th annual conference of the cognitive science society (pp. 1330–1335). Cognitive Science Society.
Sison, C. P., & Glaz, J. (1995). Simultaneous Conﬁdence
Intervals and Sample Size Determination for Multinomial
Proportions. JASA, 90(429), 366–369.
Stephens, R., Dunn, J., & Hayes, B. (2017). A Two-Step
Signal Detection Model of Belief Bias. In Proceedings of
the 39th annual meeting of the cognitive science society
(pp. 1138–1143). London,UK: Cognitive Science Society.
Trippas, D., Handley, S. J., & Verde, M. F. (2013). The
SDT model of belief bias: Complexity, time, and cognitive ability mediate the effects of believability. Journal of
Experimental Psychology: LMC, 39(5), 1393–1402.
Trippas, D., Kellen, D., Singmann, H., Pennycook, G.,
Koehler, D. J., Fugelsang, J. A., & Dube, C. (in press).
Characterizing belief bias in syllogistic reasoning: A
hierarchical-bayesian meta-analysis of roc data. Psychonomic Bulletin & Review.
Wagenmakers, E.-J., Lodewyckx, T., Kuriyal, H., & Grasman, R. (2010). Bayesian hypothesis testing for psychologists: A tutorial on the SavageDickey method. Cognitive
Psychology, 60(3), 158–189.

1174

A Case of Divergent Predictions Made by Delta and Decay Rule Learning Models
Darrell A. Worthy (worthyda@tamu.edu)
Department of Psychological & Brain Sciences, 4235 TAMU
College Station, TX 77843-4235 USA

A. Ross Otto (ross.otto@mcgill.ca)
Department of Psychology, 2001 McGill College Ave.
Montreal, QC H3A 1G1 Canada

Astin C. Cornwall (acornwall@tamu.edu)
Department of Psychological & Brain Sciences, 4235 TAMU
College Station, TX 77843-4235 USA

Hilary J. Don (hdon7006@uni.sydney.edu.au)
School of Psychology, Griffith Taylor Building (A19), University of Sydney
NSW 2006, Australia

Tyler Davis (tyler.h.davis@ttu.edu)
Department of Psychological Sciences, MS 2051 Psychology Building
Lubbock, TX 79409-2051 USA
In the present study, we examine RL model predictions for
two alternative choice tasks in which participants receive
binary rewards based on fixed probabilities tied to each
option. Take for example a hypothetical task in which
participants learn to choose between an option A that is
rewarded 65% of the time and option B that is rewarded 35%
of the time. Delta rule models can accurately learn which
options are more valuable in this scenario by tracking the
recency-weighted average reward participants receive. If
rewards (r) are coded as 1 when a reward is given and 0 when
a reward is not given then the expected value (EV) for each j
option is computed by the Delta rule on each t trial as:

Abstract
The Delta and Decay rules are two learning rules used to update
expected values in reinforcement learning (RL) models. The
delta rule learns average rewards, whereas the decay rule learns
cumulative rewards for each option. Participants learned to
select between pairs of options that had reward probabilities of
.65 (option A) versus .35 (option B) or .75 (option C) versus
.25 (option D) on separate trials in a binary-outcome choice
task. Crucially, during training there were twice as AB trials as
CD trials, therefore participants experienced more cumulative
reward from option A even though option C had a higher
average reward rate (.75 versus .65). Participants then decided
between novel combinations of options (e.g, A versus C). The
Decay model predicted more A choices, but the Delta model
predicted more C choices, because those respective options had
higher cumulative versus average reward values. Results were
more in line with the Decay model’s predictions. This suggests
that people may retrieve memories of cumulative reward to
compute expected value instead of learning average rewards
for each option.

𝐸𝑉𝑗 (𝑡 + 1) = 𝐸𝑉𝑗 (𝑡) + 𝛼 ∙ (𝑟(𝑡) − 𝐸𝑉𝑗 (𝑡)) ∙ 𝐼𝑗

Keywords: reinforcement learning, delta rule, decay rule,
prediction error, base rates, probability learning

Introduction
The Delta Rule model is a simple learning model that has
become the default model of behavior in simple choice tasks
where participants learn via feedback. Delta-based learning
models have been applied to a variety of learning contexts
including reward/value learning, associative conditioning,
and category learning (e.g. Sutton & Barto, 1981; 1998;
Williams, 1992; Jacobs, 1988; Gluck & Bower, 1988;
Rumelhart & McClelland, 1986; Widrow & Hoff, 1960;
Rescorla & Wagner, 1972; Busemeyer & Stout, 2002; Daw,
O’Doherty, Dayan, Seymour, & Dolan, 2006).

(1)

Where 𝐼𝑗 is simply an indicator value that is set to 1 if option
j is selected on trial t, and 0 otherwise. Critically, the update
function on the delta rule means that expected values are only
updated for the chosen selection. If participants choose A for
an AB pair, they update their information about A, but not B.
The portion of Equation 1 in parentheses is known as the
prediction error, and it is modulated by the learning rate
parameter (0 ≤ 𝛼 < 1). Higher values of 𝛼 indicate greater
weight to recent outcomes, while lower values indicate less
weight to recent outcomes. When 𝛼 =0 no learning takes
place and expected values remain at their starting points, and
when 𝛼 =1 expected values are equal to the last outcome
received for each option.
The predicted probability that option j will be chosen on
trial t, 𝑃|𝐶𝑗 (𝑡)| , is calculated using a Softmax rule:
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𝑃|𝐶𝑗 (𝑡)| =

𝑒

𝛽∙𝐸𝑉𝑗 (𝑡)

𝑁(𝑗) 𝛽∙𝐸𝑉𝑗 (𝑡)

∑1

𝑒

(2)

Where 𝛽 = 3𝑐 − 1 (0 ≤ 𝑐), and c is an inverse
temperature parameter that determines how consistently the
option with the higher expected value is selected (Yechiam
& Ert, 2007). When 𝑐=0 choices are random, and as 𝑐
increases the option with the highest expected value is
selected most often.
The Delta rule model is sometimes called the Basic RL
model (Collins & Frank, 2012; Worthy, Maddox, &
Markman, 2007). In their 1981 paper Sutton and Barto
referred to it as the Rescorla-Wagner/Widrow-Hoff rule after
noting that the learning rules presented in those two papers
were identical, and also noting how common similar Deltabased learning mechanisms were to a wide variety of models.
A canonical finding in the neuroscience literature is that
prediction errors are correlated with activation in the ventral
striatum and medial prefrontal cortex (Schultz, Dayan, &
Montague, 1997, Schultz & Dickinson, 2000; McClure,
Berns, & Montague, 2002; Pessiglione, Seymour, Flandin,
Dolan, & Frith, 2006; Hare, O’Doherty, Camerer, Schultz, &
Rangel, 2008; Samanez-Larkin, Worthy, Mata, McClure, &
Knutson, 2014).
In the AB choice scenario described above, the Delta Rule
model will learn to select the option with the higher expected
value as long as both of its parameters are non-zero. For the
purpose of this paper, the key component of the Delta rule
model is that it learns recency-weighted average rewards
provided by each option. In a binary outcome task with
rewards coded as 0 or 1 this will roughly equate to the average
probability of reward receipt provided by each option.
We contrast the Delta Rule model with a separate model
for explaining the updating of expected values, the Decay
Rule model. The Decay Rule model was developed by Erev
and Roth (1998), and further examined by Yechiam and
colleagues (Yechiam & Busemeyer, 2005; Yechiam & Ert,
2007). So far, it has enjoyed less wide spread adoption, but
is a core component of the Prospect Valence Learning model
(PVL; Ahn et al., 2008) model of the Iowa Gambling Task
(although Delta-based versions of PVL exist as well; Worthy,
Pang, & Byrne 2013). Outside of the Iowa Gambling Task
literature, however, most modeling efforts focus more on
utilizing the delta rule rather than the decay rule.
The Decay Rule model also tracks expected values, but it
does so without utilizing prediction errors. Specifically, on
each t trial the EV for each j option is updated according to:

larger values as one option is selected and rewarded more
often than the other. This incremental process is balanced by
the decay parameter which causes all options to decay in
value on each trial, particularly options that are not selected.
The Decay rule will also predict greater perseveration, or
repeated sampling of options chosen on previous trials,
provided that rewards are given instead of losses, because
selected options will increase in value, while non-selected
options will decrease in value (Worthy et al., 2013).
It's also worth noting that our view of the Decay model as
learning a combined memory of previous rewards is similar
to the theory of Decision by Sampling where value is derived
from sampling previously experienced items in memory
(Stewart, Chater, & Brown, 2006). It’s also similar to the
idea behind the Instance-based learning model (IBL;
Gonzalez & Dutt, 2011). While the Decay model does not
store specific instances, its expected values should be very
similar to the expected value that come fromblending
instances in the IBL. While it is beyond out present scope,
future work should compare these models more directly.
To summarize, for the present study, the key difference
between the Delta and Decay rule models is the Delta Rule
model learns average rewards provided by each option, while
the Decay Rule model learns cumulative rewards provided by
each option, both weighted by recent action selection history.
The Decay rule model will also predict more perseveration
than the Delta Rule model because it decays non-chosen
actions.
One question that emerges is which model is better at
accounting for human behavior in simple decision-making
tasks like the hypothetical AB task described above?
Previous work suggests that the Decay Rule model usually
provides better fits to data than the Delta Rule model because
it accounts for perseveration better than the Delta Rule
model; however, the Delta Rule model has shown superior
generalization to other tasks precisely because it does not
give as much weight to past choices, or perseverative
tendencies, and gives more weight to past outcomes
compared to the Decay Rule model (Steingroever, Wetzels,
& Wagenmakers, 2014). Here, we provide novel evidence to
differentiate between the two models by pitting them against
each other in an experiment for which they make qualitatively
different predictions about choice behavior.

(3)

Manipulating Base Rates to Compare the Two
Models

As in Equation 1, 𝐼𝑗 is an indicator variable that is set to 1
if option j was selected on trial t, and 0 otherwise. A
(0 ≤ 𝐴 ≤ 1) is a decay parameter, and 𝑟(𝑡) is the reward
given on each trial. While Equations 1 and 3 share some
similarities the key difference is that the Decay rule tracks the
recency-weighted cumulative reward provided by each
option, whereas the Delta rule tracks the recency-weighted
average reward provided by each option. In the example AB
choice task described above with reward probabilities of .65
and .35 the Decay rule’s EVs will not converge to the average
reward provided by each option, but will instead increment to

The present experiment is based on early research on
probability learning. One critical question from the
probability learning literature is whether people learn
probabilities per se when performing simple binary outcome
tasks like the one describe above, or whether they simply
store memories for past rewards which are later translated
into probability judgments (Estes, 1976). The key insight in
this study was that memory and probability learning could be
disentangled by manipulating choice base rates; models that
assume people learn to track probabilities per se will be
unaffected by base rate manipulations, whereas memory

𝐸𝑉𝑗 (𝑡 + 1) = 𝐸𝑉𝑗 (𝑡) ∙ 𝐴 + 𝑟(𝑡) ∙ 𝐼𝑗
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at the scales on the right-hand side of each figure. Delta
Model predictions range from .5 to about .75, while Decay
model predictions range from about .15 to .55. Overall it
seems clear that the Delta model generally predicts more C
choices, while the Decay model generally predicts more A
choices.
a.
Delta Model: Probability of C on CA Trials
5
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4.5

Inverse Temperature

4
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3.5
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b.
Decay Model: Probability of C on CA Trials
5

0.55

4.5
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4

Inverse Temperature

based models will form stronger memory for higher
frequency options. Results from three experiments supported
the idea that participants use memories for outcomes instead
of tracking probabilities directly (Estes, 1976).
Although not anticipated at the time, this question maps
onto key differences between the Delta Rule and Decay Rule
models. The Delta Rule model learns the probability of
receiving a reward for each option, and the Decay Rule model
tracks how often each option has provided a reward. The
Decay Rule model’s EVs can be thought of as a summation
of how often participants have been rewarded after selecting
each option, which decays in memory.
To investigate this difference in how the two models may
be affected by base rate differences in choice availability, we
designed a task resembling the AB choice scenario used to
introduce the two models above. The task involves four
choices A-D, that are learned in pairs; participants are shown
A versus B, make a choice, and receive feedback, or they are
shown C versus D, and they make a choice and receive
feedback. These trials are interspersed and the probabilities
of reward receipt associated with each option are: [.65, .35,
.75, .25] for options A-D respectively. Thus A is the optimal
choice on AB trials, and C is the optimal choice on CD trials,
and the optimal choice overall.
The key base rate manipulation is, over 150 training trials,
there are 100 AB trials, and only 50 CD trials. Thus AB trials
occur twice as often as CD trials. This manipulation should
not affect the Delta Rule’s EVs because this model learns
average rewards. The EVs for the Delta Rule model should
roughly correspond to the actual reward probabilities
provided by each option. However, for the Decay Rule
model the expected values should be affected by the
differences in base rates. Because the Decay Rule model
learns cumulative rewards provided by each option, or a
decaying memory of total reward, the EV for option A should
be the highest, most notably higher than the EV for option C,
which has a higher probability of reward receipt (.75 versus
.65).
To test these qualitatively different predictions between the
Delta and Decay models, we use a post-learning test phase in
which participants choose amongst novel pairs of choices that
they were not previously trained on (CA, CB, AD, BD). CA
trials are of most interest, as the Delta Rule model should
predict more C choices and the Decay Model should predict
more A choices.
To verify these predictions, we simulated this task with the
Delta and Decay Rule models, and examined their predictions
for the EVs of each option (A, B, C, and D) at the end of
training. We simulated 1000 data sets for each combination
of or A and cor A varied from 0 to 1 in increments of
.05, and cvaried from 0 to 5 in increments of .25. We then
examined the average expected values for each option for the
Delta and Decay Rule models across the 1,000 simulations
for each parameter combination.
Figure 1 plots the average probability of selecting option C
on CA trials for each parameter combination for the Delta (a)
and Decay (b) models. The key result can be seen by looking

0.45
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0.4

3
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2.5
2

0.3

1.5
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1

0.2

0.5
0.15
0

0
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0.6

0.8

1

Decay

Figure1 (a): Expected values at the end of training for each
model, averaged across all parameter combinations. (b):
Probability of selecting the optimal option predicted by each
model, averaged across all parameter combinations.
The predictions of the Delta Rule model are more optimal
because option C has an objectively higher value than option
A. However, the question is what will human subjects
prefer? Given the close alignment between our present
question about expected value and Estes (1976) work on
probability learning, we predicted that participants would not
learn EVs directly and instead would make choices based on
memories of rewarding events, as predicted by the Decay
Rule model.

1177

Experiment
Method
Participants
Thirty-three participants from Texas A&M University
participated in the experiment for partial fulfillment of a
course requirement. The Internal Review Board approved the
experiment, and participants gave informed consent.

p=.038, BF=1.46.
These clearly demonstrate that
participants learned which option was more rewarding, but
participants maximized more on AB trials than on CD trials
by picking the optimal choice more than probability matching
would dictate.

Proportion of Optimal Choices by Trial
Type

Proportion Optimal

Materials and Procedure
Participants performed the experiment on PCs using Matlab
software with Psychtoolbox version 2.54. The experiment
was identical to the simulation described above. Of note,
participants did receive feedback during the test phase.
Future work should replicate the experiment with no
feedback during test.

1
0.8
0.6
0.4
0.2
0
AB

Results
We computed the proportion of optimal choices made for
each trial type. These are shown in Figure 2. The first letter
of each pair is the optimal choice (e.g. C for CA trials). We
conducted one sample t-tests for each pair using the ratio of
their objective reward probabilities. For example, for CA
trials we used a test probability of .75/(.75+.65)=.5357. We
compared against this baseline because it allowed us to test
for a bias that differed from the bias from one option being
objectively more rewarding than the other. As seen in Figure
2 participants selected option C on CA trials only 40% of the
time. This is significantly different from the test value of
.5357, t(32)=-3.16, p=.003, BF=10.86. The median of the
distribution was .40, with .24 and .56 as the 25th and 75th
percentiles. 15% of participants selected option C more than
70% of the time compared to 30% who selected option A
more than 70% of the time. These results are more consistent
with the Decay model than the Delta model, although a small
group of participants appeared to have learned that C had a
higher probably of reward.
For CB trials participants selected option C only 42.6% of
the time. This is far from 68.8% of trials which corresponds
to the ratio of the two options’ reward probabilities, t(32)=5.31, p<.001, BF=2,540; this BF corresponds to extreme
evidence for the alternative hypothesis. For AD trials
participants selected option A on 77.9% of trials, which is
slightly more than the .722 ratio of those options’ reward
probabilities, t(32)=2.20, p=.041, BF=1.35. Similarly, for
BD trials, option B was selected (67%) slightly more often
than the default value of 58.3% of trials predicted by the ratio
of the options’ reward probabilities, t(32)=2.29, p=.029,
BF=1.79.
The left side of Figure 2 shows the proportion of optimal
choices made during training. On AB trials option A was
selected 72.2% of the time which is more than the 65% of
trials predicted by the ratio of the options’ reward
probabilities, t(32)=3.25, p=.003, BF=13.30. On CD trials
option C was selected (70%) slightly less often than the 75%
from the options’ reward probability ratio, t(32)=-2.17,

CD

Training

CA

CB

AD

BD

Test

Figure 2: Proportion of objectively optimal choices for each
trial type. The first letter listed in each pair represents the
optimal choice.
We also examined the observed reward probabilities and
total average reward. For options A-D the proportion of trials
that participants received reward after selecting each option
was [.646; .389; .735; .217]. The total rewards for options AD, averaged across subjects, were [68.9; 23.1; 41.2; 6.2].
This demonstrates that option A was rewarded on more trials
than option C, even though option C was rewarded more on
average, each time it was selected.

Theoretical Analysis
We next fit the Delta Rule and Decay Rule models to
participants’ data individually by maximizing the loglikelihood of the model’s next-step-ahead predictions on each
trial. EVs were initialized at .5 and updated according to
Equations 1 or 3 above, for the Delta and Decay Rule models,
respectively. Equation 2 was used for both models to
compute action selection probabilities. Fits were obtained
using Matlab’s fminsearch algorithm with 100 random
starting points per subject. The average BIC for the Delta
Rule model 308, while the average for the Decay Rule model
was 275 (lower is better). This difference in BIC suggests
extreme evidence that the Decay model better accounts for
the data than the Delta model, with a BF of over 22 million
(Wagenmakers, 2007). Data from 28 of 33 participants
(85%) was best fit by the Decay Rule model, which is
significantly different than 50% by a binomial test, p<.001.
However, McFadden’s pseudo R2 computed against a
completely random null model (ln(.50) *249) was only .22
for the Decay model and .12 for the Delta model. Thus, there
is still a great deal of variance in behavior that is not
accounted for by either model.
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For the Delta rule model the average learning rate
parameter () was .30 (SD=.30), and the average inverse
temperature parameter (c) was 1.72 (SD=1.61). For the
Decay Rule model the average decay parameter (A) was .85
(SD=.25), and the average inverse temperature parameter
value was .37 (SD=.27). For the Delta Rule model the
average best fitting expected values for options A-D averaged
across all trials and then across participants were [.60; .31;
.66; .30]. The same values for the Decay Rule model were
[9.50; 4.58; 4.67; 1.09]. This is important because even
though parameters were allowed to freely vary for each
participant, the Delta Rule model had the highest expected
value for option C, while the Decay Rule model had the
highest expected value for option A. This result reinforces
our assertion that the two models make opposite predictions
for test trials that are relatively consistent across the
parameter spaces of the models. Despite the differences in
base rates the Delta rule model cannot predict a higher
expected value for option A than option C, which is likely
one reason why it cannot provide as good of fit to the data.

Discussion
Here we have demonstrated that the Delta and Decay rule
models make divergent predictions about learning options’
values when their base rates differ. The Delta rule model
learns a recency-weighted average reward associated with
each option, while the Decay rule model learns the recencyweighted cumulative reward provided by each option. In our
simulations, we showed that the Delta rule model prefers
options based on the learned probability of reward assigned
to each option, while the Decay rule model prefers options
that have provided more reward overall on past trials. In our
experiment, the critical test between the two models was
whether human participants preferred option A, the more
frequently rewarded option, or C, the option with the highest
reward probability. The Decay model predicted more A
choices because participants had received more reward
overall from option A due to its higher base rate. The Delta
model favored option C because it had a higher average rate
of reward, even though it was available as a choice alternative
less often. Most participants selected option A more than
option C on these critical trials, in support of the Decay
model’s predictions. This suggests that they based their
decisions more on how often each item was associated with
reward in memory, rather than on a learned estimate of the
probability of reward receipt.
Delta-based learning is commonly used to model the
learning of action values from experience in diverse fields
such as Psychology (Otto &Love, 2010), Computer Science
and Neuroscience (e.g., McClure et al., 2003). Given the
predominance and prevalence of this formalism—and the
assumptions it makes about how value learning unfolds—it
is important to validate that the Delta learning model does
indeed provide the best account of learning, as
operationalized by choice behavior or with neural activity.
Here we provide a clear case where the Decay rule appears to
provide a better account of human behavior than the Delta

rule. Participants’ choices were more in line with how often
they had been rewarded for each option in total rather than on
average. This is in line with theories that suggest that people
do not learn probabilities of reward directly, but they store
instances of reward associated with each option in memory
and then translate these into choice probabilities that guide
their behavior (Gonzalez & Dutt, 2011; Stewart et al., 2006).
Although, our results support the Decay model there is still
an extensive body of work that supports predictions made by
the Delta rule model (Rangel et al., 2008). A major finding
is that prediction errors from the Delta model are correlated
activation of the ventral striatum (e.g. Hare et al., 2008;
McClure et al., 2003). One future line of work we are
currently pursuing is to examine ways in which a Decay rule
model might generate a prediction error. We believe there
are possible candidate Decay rule model prediction errors,
but future work is needed to examine how these metrics
would compare to prediction errors from Delta rule models.
Additional work can also be undertaken to identify whether
neural activation in RL tasks, as measured by fMRI, is better
characterized by Decay rule versus Delta rule prediction
errors and expected values. This could potentially be
addressed with extant data sets, applying model-based fMRI
using each model. The Delta and Decay rule models make
similar predictions in a number of situations. Therefore, it is
possible that some of the key findings that have been
supported predictions made by Delta rule models over the
past several decades could also be predicted by Decay
models. Alternatively, there may be situations where Decay
models make predictions that do not align with human
behavior or cognition (e.g. Steingroever et al., 2014). Finally,
Bayesian versions of the Delta rule model have recently been
developed to account for uncertainty in addition to expected
value (Gershman, 2015). A Bayesian Decay model may
account for more variance in behavior, such as the
exploration/exploitation tradeoff, than the simple variant we
used here and should be explored in future work.
It is worth noting that modifications could be made to the
Delta rule model by allowing EVs to decay on each trial or
by adding a perseveration component (Worthy & Maddox,
2014). Thus, a modified Delta rule model with additional
parameters may be able to account for the pattern of behavior
we observed, although such a model would still not allow
rewards to cause a cumulative increase in EV. Here, we have
focused on parsimonious models that represent default
models of each type in order to generate specific predictions
regarding whether people learn average reward probabilities
or memories for rewarding events, but developing a more
complex model with additional parameters may be useful in
other cases. A major point of Estes’ 1976 paper is that
“probability learning is in a sense a misnomer,” or that people
do not directly learn reward probabilities. The Delta Rule
model tacitly assumes probability learning, which is
inconsistent with the data from most of our participants. It
will be necessary to replicate and extend this work, and
further test the key predictions made about learning and
behavior by different formal models.

1179

Acknowledgements
This work was supported by NIA grant AG043425 to DAW.
We thank all of the research assistants in the Worthylab who
assisted in data collection.

References
Ahn, W.Y., Busemeyer, J.R., Wagenmakers, E.J., & Stout,
J.C. (2008). Comparison of decision learning models using
the generalization criterion method. Cognitive Science, 32,
1376-1402.
Busemeyer, J.R., & Stout, J.C. (2002). A contribution of
cognitive decision model to clinical assessment:
Decomposing performance on the Bechara Gambling
Task. Psychological Assessment, 14, 253-262.
Collins, A.G.E., & Frank, M.J. (2012). How much of
reinforcement learning is working memory not
reinforcement learning? A behavioral, computational and
neurogenetic analysis. European Journal of Neuroscience,
35, 1024-1035.
Daw, N., O’Doherty, J., Dayan, P., Seymour, B., & Dolan, R.
(2006). Cortical substrates for exploratory decisions in
humans. Nature, 441, 876-879.
Erev, I., & Roth, A.E. (1998). Predicting how people play
games: Reinforcement learning in experimental games
with unique, mixed strategy equilibria.
American
Economic Review, 88, 848-881.
Estes, W.K. (1976). The cognitive side of probability
learning. Psychological Review, 83, 37-64.
Gershman, S.J. (2015). A unifying probabilistic view of
associative learning. PLoS ComputationalBiology, 11,
e1004567
Gluck, M.A., & Bower, G.H. (1988). From conditioning to
category learning: An adaptive network model. Journal of
Experimental Psychology: General, 128, 309-331.
Gonzalez, C., & Dutt, V. (2011). Instance-based learning:
Integrating sampling and repeated decisions from
experience. Psychological Review, 118, 523-551.
Hare, T.A., O’Doherty, J., Camerer, C.F., Schultz, W., &
Rangel, A. (2008). Dissociating the role of the orbitofrontal
cortex and the striatum in the computation of goal values
and prediction errors. Journal of Neuroscience, 28, 56235630.
Jacobs, R.A. (1988). Increased rates of convergence through
learning rate adaptation. Neural Networks, 1, 295-307.
McClure, S.M., Berns, G.S., & Montague, P.R. (2003).
Temporal prediction errors in a passive learning task
activate human striatum. Neuron, 38, 339-346.
Otto, A. R., & Love, B. C. (2010). You don’t want to know
what you’re missing: When information about forgone
rewards impedes dynamic decision making. Judgment and
Decision Making, 5(1), 1–10.
Pessiglione, M., Seymour, B., Flandin, G., Dolan, R.J., &
Frith, C.D. (2006). Dopamine-dependent prediction errors
underpin reward-seeking behavior in humans. Nature,
442, 2006.
Rangel, A., Camerer, C., & Montague, P. R. (2008). A
framework for studying the neurobiology of value-based

decision making. Nature Reviews. Neuroscience, 9(7),
545–556.
Rescorla, R.A., & Wagner, A.R. (1972). A theory of
Pavlovian conditioning: Variations in the effectiveness of
reinforcement and non-reinforcement. In A.H. Black &
W.F. Prokasy (Eds.) Classical conditioning II: Current
research and theory. New York: Appleton-Century-Crofts.
Rumelhart, D.E., McClelland, J.E. & the PDP Research
Group. (1986). Parallel Distributed Processing:
Explorations in the Microstructure of Cognition, vols. 1
and 2. Cambridge, MA: MIT Press.
Samanez-Larkin, G.R., Worthy, D.A., Mata, R., McClure,
S.M., & Knutson, B. (2014). Cognitive, Affective, &
Behavioral Neuroscience, 14, 672-682.
Schultz, W., Dayan, P., & Montague, P.R. (1997). A neural
substrate of prediction and reward. Science, 275, 15931598
Schultz, W., & Dickinson, A. (2000). Neuronal coding of
prediction errors. Annual Review of Neuroscience, 23, 473500.
St-Amand, D., Sheldon, S., & Otto, A. R. (in press).
Modulating episodic memory alters risk preference during
decision-making. Journal of Cognitive Neuroscience.
Steingroever, H., Wetzels, R., & Wagenmakers, E.J. (2014).
Absolute performance of reinforcement-learning models
for the Iowa Gambling Task. Decision, 1, 161-183.
Stewart, N., Chater, N., & Brown, G.D.A. (2006). Decision
by sampling. Cognitive Psychology, 53, 1-26.
Sutton, R.S., & Barto, A.G. (1998). Reinforcement Learning:
An Introduction. Cambridge, MA: MIT.
Wagenmakers, E.J. (2007). A practical solution to the
pervasive problems of p values. Psychonomic Bulletin &
Review, 14, 779-804.
Widrow, B., & Hoff, M.E. (1960). Adaptive switching
circuits. 1960 WESCON Convention Record Part IV, 96104.
Williams, R.J. (1992). Simple statistical gradient-following
algorithms for connectionist reinforcement learning.
Machine Learning, 8, 229-256.
Worthy, D.A., Maddox, W.T., & Markman, A.B. (2007).
Regulatory fit effects in a choice task. Psychonomic
Bulletin & Review, 14, 1125-1132.
Worthy, D.A., & Maddox, W.T. (2014). A comparison model
of reinforcement-learning and win-stay-lose-shift
decision-making processes: A tribute to W.K. Estes.
Journal of Mathematical Psychology, 59, 41-49.
Worthy, D.A., Pang, B., & Byrne, K.A. (2013).
Decomposing the roles of perseveration and expected
value in models of the Iowa gambling task. Frontiers in
Psychology, 4, 640.
Yechiam, E., & Busemeyer, J.R. (2005). Comparison of basic
assumptions embedded in learning models for experiencebased decision-making. Psychonomic Bulletin & Review,
12, 387-402.
Yechiam, E. & Ert, E. (2007). Evaluating the reliance on past
choices in adaptive learning models.
Journal of
Mathematical Psychology, 51, 75-84.

1180

Connecting conceptual and spatial search via a model of generalization
Charley M. Wu1 (cwu@mpib-berlin.mpg.de), Eric Schulz2 , Mona M. Garvert3,4 , Björn Meder5 , & Nicolas W. Schuck3
1 Center

for Adaptive Rationality, Max Planck Institute for Human Development, Berlin, Germany
of Psychology, Harvard University, Cambridge, Massachusetts, USA
3 Max Planck Research Group NeuroCode, Max Planck Institute for Human Development, Berlin, Germany
4 Wellcome Centre for Integrative Neuroimaging, FMRIB, University of Oxford, Oxford, United Kingdom
5 Max Planck Research Group iSearch, Max Planck Institute for Human Development, Berlin, Germany
2 Department

Abstract

states may also be encoded as a cognitive map (Schuck, Cai,
Wilson, & Niv, 2016; Sutton & Barto, 1998). Most recently,
a number of studies suggest that the same neural representations may underlie the organization of spatial and non-spatial
relational information in the brain (Constantinescu, O’Reilly,
& Behrens, 2016; Garvert, Dolan, & Behrens, 2017; Kaplan,
Schuck, & Doeller, 2017). This is consistent with behavioral
evidence for generalized cognitive search processes (Hills,
Todd, & Goldstone, 2008). Whereas the capacity to generalize from past experiences to unobserved states and actions
has been studied for decades (Shepard, 1987), the link between our ability to generalize in a wide range of tasks and
the encoding of experiences in a cognitive map-like format
has not yet been explored.

The idea of a “cognitive map” was originally developed to explain planning and generalization in spatial domains through
a representation of inferred relationships between experiences.
Recently, new research has suggested similar principles may
also govern the representation of more abstract, conceptual
knowledge in the brain. We test whether the search for rewards
in conceptual spaces follows similar computational principles
as in spatial environments. Using a within-subject design, participants searched for both spatially and conceptually correlated rewards in multi-armed bandit tasks. We use a Gaussian
Process model combining generalization with an optimistic
sampling strategy to capture human search decisions and judgments in both domains, and to simulate human-level performance when specified with participant parameter estimates. In
line with the notion of a domain-general generalization mechanism, parameter estimates correlate across spatial and conceptual search, yet some differences also emerged, with participants generalizing less and exploiting more in the conceptual
domain.
Keywords: Generalization; Cognitive maps; Explorationexploitation; Multi-armed bandits; Gaussian Processes; Search

Introduction
The ability to search for rewards comes in many shapes. We
can wander through a foreign city in search of new and delicious foods, or search through an online store to find a laptop
with the features that we like. We can even skim over parts
of a paper to find sections more interesting than the introduction. While these tasks differ in a number of ways, all of them
require the exploration of possibilities and the use of generalization to predict outcomes of unexplored options. Here,
we ask if generalization and search in different domains can
employ common computational mechanisms.
Breaking from the classical stimulus-response school of reinforcement learning, Tolman (1948) argued that both rats
and humans extract a cognitive representation from experience, described as a “cognitive map” of the environment.
Rather than merely representing stimulus-response associations, cognitive maps also encode inferred relationships between experiences or options, such as the distances between
locations in space, thereby facilitating planning ahead and
generalization. While cognitive maps were first identified
as representations of physical spaces, Tolman also hypothesized that similar principles may underlie the organization
of knowledge more broadly (Tolman, 1948).
The idea of a cognitive map has been widely adopted
in research on brain signals underlying spatial navigation
(O’Keefe & Nadel, 1978). In a similar vein, studies on reinforcement learning have emphasized that relations between

To assess this link, we investigate how people search for
rewards in both spatially and conceptually correlated multiarmed bandit tasks (Stojic, Analytis, & Speekenbrink, 2015;
Wu, Schulz, Speekenbrink, Nelson, & Meder, 2017). In one
task, the spatial correlation of rewards can be used to guide
generalization based on the spatial similarity between options. In the other task, participants can use feature-based
similarity to navigate conceptual space in the search for rewards. In both tasks, search takes place in state spaces larger
than the available search horizon and with noisy rewards,
thereby inducing an exploration-exploitation dilemma. Generalization is constrained by the level of environmental correlation, which we vary between participants.
Our results show that participants are able to learn and
generalize in both tasks, with performance correlated across
spatial and conceptual domains. Surprisingly, performing
the spatial task first boosted performance in the conceptual
task, but not vice versa. We apply computational modeling to understand how spatial and conceptual environments
may lead to differences in how people generalize about unobserved rewards and how they approach the explorationexploitation dilemma. Using a computational model based on
Gaussian Processes (GP) combined with Upper Confidence
Bound (UCB) sampling, we predict participant choices and
judgments in both search domains, and achieve human-level
performance using participant parameter estimates. We find
that participant parameter estimates describing the level of
generalization and exploration were correlated across spatial
and conceptual domains, but that participants tended to generalize less and exploit more in the conceptual domain.
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a Part One

Participants searched for rewards in two successive multiarmed bandit tasks with correlated rewards (Fig. 1). In one
task, rewards were spatially correlated (Spatial task), meaning options with similar spatial locations yielded similar rewards. In the other task, rewards were conceptually correlated (Conceptual task), such that options with similar features (i.e., the number of leaves ∈ [1, 5] and berries ∈ [1, 5])
yielded similar rewards. Figure 1c,d shows examples of fully
revealed environments representing the same underlying reward function, but mapped to either spatial or conceptual features. In both tasks, the search space was represented by a
5 × 5 two-dimensional grid, where each of the 25 options represented a different arm of the bandit, which could be clicked
to obtain (noisy) rewards. Each tile of the grid contained one
of 25 unique conceptual stimuli, which were randomly shuffled between rounds and always visible. Thus, we presented
information about both spatial and conceptual features in both
search tasks, but only one of them was relevant for generalization and predicting rewards. At the beginning of each round
only a single randomly chosen option was revealed (i.e., displayed the numerical reward and corresponding color aid),
whereby subjects had a limited horizon of 10 actions in each
round (40% of the total search space; similar to Wu et al.,
2017), thereby inducing an exploration-exploitation trade-off.

Methods
Participants and Design. 72 participants were recruited
through Amazon Mechanical Turk (requiring 95% approval
rate and 100 previously approved HITs) for a two part experiment, where only those who completed part one were invited
for part two. In total, 64 participants completed both parts of
the experiment and were included in the analyses (26 Female;
mean age=34, SD=11). Participants were paid $1.25 for each
part of the experiment, with those completing both parts being paid an additional performance-contingent bonus of up to
$3.00. Participants earned $4.94 ± 0.29 and spent 26 ± 13
minutes completing both parts. There was an average gap of
5.6 ± 4.7 hours between the two parts of the experiment.
Task order varied between subjects, with participants completing the Spatial and Conceptual task in counterbalanced
order in separate sessions. We also varied between subjects
the extent of reward correlations in the search space by randomly assigning participants to one of two different classes
of environments (Smooth vs. Rough), with smooth environments corresponding to stronger correlations, and the same
environment class used for both tasks.
Materials and Procedure. Each search task comprised 20
rounds (i.e., grids), with a different reward function sampled
without replacement from the set of assigned environments.
The reward function specified how rewards mapped onto either the spatial or conceptual features. Between rounds, the
locations of each stick stimuli were randomly shuffled. In
each round, participants had a limited search horizon of 10
available actions (i.e., clicks), which could be used to either

Tutorial Round
& Comp.
Questions

Part Two

b

18 Rounds
of Search
with
Feedback

Berries

Experiment

“Bonus Round”
Judgments
c

Spatial Task

d

Conceptual
Space

Leaves

Conceptual Task

Figure 1: Experiment. a) Searching for spatially or conceptually
correlated rewards in a two part multi-armed bandit experiment,
where task order was counter-balanced across subjects. b) Illustration of conceptual space, with four edge cases shown. c, d) Two
fully revealed environments (representing the same underlying reward function), represented as a 5 × 5 grid, where participants could
click on the tiles to obtain rewards, revealing a numeric payoff value
and a corresponding color aid (larger rewards are darker; unexplored
tiles are initially white). c: Spatial search task, where rewards are
spatially correlated, with nearby tiles yielding similar rewards. d:
Conceptual search task, where options with high feature similarity
(i.e., number of leaves and number of berries) had similar rewards.

explore unrevealed options or to exploit known options. Participants were instructed to accumulate as many points as possible, which were later converted into monetary payoffs.
For both tasks, the first round was an interactive tutorial
and the last round was a “bonus round” (Fig. 1a). In the tutorial round, participants were shown instructions for the given
task alongside an interactive grid, which functioned identically to subsequent rounds. Participants were told that options with either similar spatial features (Spatial task) or similar conceptual features (Conceptual task) would yield similar
rewards. Three comprehension questions (different for spatial
and conceptual tasks) were used to ensure full understanding
of the task (specifically whether spatial or conceptual features
predicted reward) before participants were allowed to continue. In the bonus round, participants made explicit judgments about the expected rewards and their estimated uncertainty of five unrevealed tiles in the middle of the round (i.e.,
after five clicks), in order to tap into beliefs supported by generalization. All behavioral and computational modeling analyses exclude the first and last rounds, except for the analysis
of the bonus round judgments.
Spatial and Conceptual Search Tasks. At the beginning
of each round, one random tile was revealed (i.e., showing
numerical payoff and color aid) and participants could click
any of the 25 tiles in the grid until the search horizon of
ten clicks was exhausted, including re-clicking previously revealed tiles. Clicking an unrevealed tile displayed the nu-
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merical value of the reward along with a corresponding color
aid, where darker colors indicated higher point values. Previously revealed tiles could also be re-clicked, although there
were variations in the observed value due to noise. Each observation included normally distributed noise, ε ∼ N (0, 1),
where the rewards for each round were scaled to a uniformly
sampled maximum value in the range of 35 to 45, so that the
value of the global optima could not be easily guessed. For
repeat clicks, the most recent observation was displayed numerically, while hovering over the tile would display the entire history of observations. The color of the tile corresponded
to the mean of all previous observations.
Participants were awarded up to five stars based on their
performance at the end of each round (e.g., 4.4 out of 5),
based on the ratio of their average reward to the global maximum. The performance bonus (up to $3.00) was calculated
based on the average number of stars earned in each round,
excluding the tutorial round.
Judgments. In both tasks the last round was a “bonus
round”, which solicited judgments about the expected reward
and estimated uncertainty of five unrevealed options. Participants were informed that the goal of the task remained
the same (maximize cumulative rewards), but that after five
clicks, they would be asked to provide judgments about five
randomly selected options, which had not yet been explored
(sampled uniformly from unexplored options). Judgments
about expected rewards were elicited using a slider, which
changed the displayed value and color of the selected tile
from 0 to 50 (in increments of 1). Judgments about uncertainty were elicited using a slider from 0 to 10 (in increments
of 1), with the endpoints labeled ‘Not at all’ and ‘Highly confident’. After providing the five judgments, participants were
asked to choose one of the five selected options to reveal, and
subsequently completed the round like all others.
Environments. All environments were sampled from a GP
prior parameterized with a radial basis function (RBF) kernel
(see below for details), where the length-scale parameter (λ)
determines the rate at which the correlations of rewards decay
over (spatial or conceptual) distance. Higher λ-values correspond to stronger correlations. We generated 40 samples of
each type of environments, using λSmooth = 2 and λRough = 1,
which were sampled without replacement and used as the underlying reward function in each task.

Modeling Generalization and Exploration
We use a combination of a learning model with a decision
strategy to make predictions about each individual participant’s search decision. The learning model forms beliefs
about the expectations of rewards µ(x) and the associated
uncertainty σ(x) for each option x, which are then used by
the decision strategy to make probabilistic predictions about
search decisions. We apply leave-one-round-out cross validation to estimate the free parameters of our models and use
out-of-sample model predictions to compare models for pre-

dicting human search behavior. Additionally, we compare
predictions of the learning models to judgments made by participants about the expected reward and estimated uncertainty
of five unrevealed options.

Learning models
Function Learning. We use Gaussian Process (GP) regression (Rasmussen & Williams, 2006; Schulz, Speekenbrink,
& Krause, 2017) as a Function Learning model for inducing an underlying value function mapping the features of the
search task onto rewards, as a method for generalization. A
GP defines a distribution P( f ) over possible functions f (x)
that map inputs x to output y. In our case, either the spatial
features (i.e., x- and y-coordinates on the grid) or conceptual
features (i.e., number of leaves and berries) of each option
serve as inputs x to predict reward y. Crucially, learning a
value function by using either spatial or conceptual similarity allows for predictive generalization of unobserved options
(see Wu, Schulz, Speekenbrink, Nelson, & Meder, 2018).
A GP is completely defined by a mean function m(x) and
a kernel function, k(x, x0 ):
m(x) = E [ f (x)]


k(x, x0 ) = E ( f (x) − µ(x))( f (x0 ) − µ(x0 ))

(1)
(2)

We fix the prior mean to the median value of payoffs,
m(x) = 25, while the kernel function k(x, x0 ) encodes prior
assumptions (or inductive biases) about the underlying function. Here, we use the radial basis function (RBF) kernel:


||x − x0 ||2
(3)
kRBF (x, x0 ) = exp −
λ
The RBF kernel models similarity by assuming correlations
between two options x and x0 decay as an exponential function of their (spatial or conceptual) distance. The lengthscale parameter λ determines how far correlations extend,
with larger values of λ assuming stronger correlations over
longer distances, whereas λ → 0+ assumes complete independence of options. We use recovered parameter estimates
of λ to learn about the extent to which participants generalize
about unobserved rewards.
Option Learning. The Option Learning model uses a
Bayesian Mean Tracker (BMT) and is an associative learning
model (Speekenbrink & Konstantinidis, 2015). In contrast to
the GP Function Learning model, the Option Learning model
learns the rewards of each option independently by computing independent posterior distributions for the mean µ j for
each option j:
p(µ j,t |Dt−1 ) = N (m j,t , v j,t )

(4)

The rewards of each option j are learned independently, with
the posterior mean m j,t and variance v j,t only updated when
selected at trial t, based on the observed reward yt :
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m j,t = m j,t−1 + δ j,t G j,t [yt − m j,t−1 ]

(5)

v j,t = [1 − δ j,t G j,t ] v j,t−1

(6)

where θ2ε is the error variance, which is estimated as a free parameter. Intuitively, the estimated mean of the chosen option
m j,t is updated based on the prediction error yt − m j,t−1 , multiplied by the learning factor G j,t . At the same time, the estimated variance v j,t is reduced by a factor of 1 − G j,t , which
is in the range [0, 1]. The error variance θ2ε can be interpreted
as an inverse sensitivity, where smaller values result in more
substantial updates to the mean m j,t , and larger reductions of
uncertainty v j,t . We set the prior mean to the median value of
payoffs m j,0 = 25 and the prior variance v j,0 = 250.
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Both Function Learning and Option learning models generate
normally distributed predictions about the expected reward
µ(x) and estimated uncertainty σ(x) for each option. These
estimates are used by the decision strategy for evaluating the
quality q(x) of each option and making a prediction about
where to sample next. We use Upper Confidence Bound sampling (UCB) to compute a weighted sum of the expected reward µ(x) and the estimated uncertainty σ(x):
qUCB (x) = µ(x) + βσ(x)

(8)

where the exploration factor β determines how the reduction
of uncertainty trades off against exploiting high expected rewards; a strategy that has been found to predict search behavior in a variety of contexts (Wu et al., 2018; Schulz, Konstantinidis, & Speekenbrink, 2017).
We then use a softmax function to convert the value of an
option q(x) into a choice probability:
P(x) =

Mean Reward ±SE

(7)

Proportion ±SE

v j,t−1
v j,t−1 + θ2ε

Conceptual
Spatial

30

30
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G j,t =

50
40

40

Previous Reward

where δ j,t = 1 if option j was chosen on trial t, and 0 otherwise. Additionally, the learning factor G j,t is defined as:

b

r = 0.74 p <.001

50

Conceptual Reward

a

exp(q(x)/τ)
∑Nj=1 exp(q(x j )/τ)

(9)

where τ is the temperature parameter. Whereas β encodes
exploration directed towards uncertain options, τ encodes
undirected (noisy) exploration as a distinct (Wilson, Geana,
White, Ludvig, & Cohen, 2014) and separately recoverable
(Wu et al., 2018) phenomenon. As τ → 0 the highest-value
arm is chosen with a probability of 1 (i.e., argmax); when
τ → ∞, predictions converge to random choice.

Results
Behavioral Results
Performance was highly correlated between the two tasks
(Pearson’s r = .74, p < .001; Fig. 2a). with rewards being
slightly lower in the conceptual task (t(63) = −3.7, p < .001,
d = −0.34), although Figure 2b shows how this is largely due
to the influence of task order. There were no performance differences between the two tasks when the spatial task was performed first (t(34) = 0.6, p = .55, d = 0.07). However, in the
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Figure 2: Behavioral results. a) Performance in the spatial and the
conceptual tasks were correlated, where each point is a single participant, with the dashed line indicating y = x. b) Comparing performance across the counter-balanced task order, we found performing
the spatial task first boosted performance on the conceptual task.
c) Learning curves over trials with comparison to a random baseline (10k replications), showing the mean (line) and standard error
(ribbon) aggregated over rounds. d) Proportion of choices based on
the distance between clicks with a comparison to a random baseline
(10k replications). “Stay” indicates repeat clicks, “Near” indicates a
neighboring tile (measured in either spatial or conceptual distance),
and “Far” indicates all other possibilities. e) Relationship between
the value of the previous reward and the Euclidean distance to the
next selected option (left: spatial distance; right: conceptual distance), showing mean (line) and standard error (ribbon).

reverse order (conceptual first), mean rewards in the conceptual task were worse than in the spatial task (t(28) = −5.6,
p < .001, d = −0.68). Thus, searching first for spatially correlated rewards improved performance in the conceptual domain (t(62) = 2.6, p = .01, d = 0.66), but not vice versa.
The learning curves in Figure 2c show that participants systematically found higher rewards over subsequent trials (r =
.51, p < .001), performed better in smooth than in rough environments (t(62) = 4.4, p < .001, d = 1.1), and that the performance gap between spatial and conceptual performance was
larger in smooth environments. Looking only at participants
assigned to smooth environments, performance was better
in the spatial task than in the conceptual task (t(27) = 3.2,
p = .003, d = 0.59), consistent with the larger gap between
learning curves in Figure 2c. We did not find systematic improvements over rounds (r = .02, p = .42).
Search Distance Figure 2d shows the proportion of different types of search decisions, where stay corresponds to a
repeat click (xt = xt−1 ), near corresponds to searching one
of the neighboring options in either spatial or in conceptual
distance (i.e., ±1 leaf and/or ±1 berry in feature space), and
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Spatial GP

Parameter Estimates Looking at the parameter estimates
of the GP for the two different tasks, we find that λ (extent of
generalization) and β (exploration bonus) were strongly rankcorrelated within participants (Fig. 3d), whereas the softmax
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We first compared models based on their ability to predict
participants’ behavior using leave-one-round-out cross validation (Fig. 3a), where the Conceptual GP and the Spatial
GP utilize either conceptual or spatial features, respectively.
In the spatial task, the Spatial GP performed better than
both the Conceptual GP (i.e., using leaf and berry features;
t(63) = 8.5, p < .001, d = 0.61) and the BMT (t(63) = 4.6,
p < .001, d = 0.36) replicating previous findings reported in
Wu et al. (2018). Surprisingly, all models performed equally
well in the conceptual task (F(2, 189) = 0.27, p = .76).
The correspondence between participants’ judgments from
the bonus round and model predictions are shown in Figure 3b, where the corresponding GP had lower error than the
BMT in the spatial task (t(63) = −2.2, p = .03, d = −0.2),
but there was no difference in the conceptual task (t(63) =
−0.9, p = .35, d = −0.05). GP predictions were also correlated with participant judgments about expected reward in
both the spatial task (r = .38, p < .001) and the conceptual task (r = .21, p < .001), whereas the BMT invariably
predicted both a mean and variance of 25, making correlations undefined. GP predictions about perceived uncertainty
were weakly rank-correlated with participants’ judgments in
the conceptual task (Kendall’s rank correlation; rτ = .12,
p = .003), but not in the spatial task (rτ = −.01, p = .75).
Importantly, we simulated model performance on the task
over 10,000 replications, where model parameters were sampled from the cross-validated participant estimates. Looking
at the simulated learning curves (Fig. 3c), the GP parameter
estimates produced human-like performance for both tasks,
whereas the BMT performed only marginally better than a
random sampling model. Thus, even though the BMT model
produces decent predictions, it is not able to produce humanlike learning curves. Thus, the simulated learning behavior
falsifies the BMT model as a plausible account of human behavior (see Palminteri, Wyart, & Koechlin, 2017).
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Conceptual GP
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far corresponds to all other possible distances. Participants in
the conceptual task tended to make more repeat clicks (stay;
t(63) = 2.4, p = .02, d = 0.21), whereas participants in the
spatial task were more likely to search neighboring options
(near; t(63) = 3.4, p = .001, d = 0.33). In both contexts, participants clearly behaved differently than the random baseline
model. Looking at the relationship between the value of a reward and the distance searched on the subsequent trial (Fig.
2e), we see that participants responded appropriately, with a
stronger influence of reward value on spatial distance in the
spatial task, and a stronger influence of reward on conceptual
distance in the conceptual task. This suggests that participants used information from the relevant dimension (spatial
or conceptual) to make their decisions.

Predictive Accuracy

a

0.0

0.2

0.4

0.6

Conceptual β

0.8

0.00
0.00

0.05

0.10

Conceptual τ

Figure 3: Modeling results. a) Predictive accuracy of models on
out-of-sample predictions, where 0 corresponds to random chance
and 1 is a theoretically perfect model. Bars show mean across participants with error bars indicating standard error. b) Mean Absolute Error (MAE) on the judgment task, where lines connect each
individual participant (dots) and show the difference in prediction
error between the two models. Boxplots show the median and 1.5
IQR. Dashed line shows theoretical MAE of random guesses. c)
Simulated learning curves (10k replications; aggregated over environments) using models specified with parameters sampled from
participant estimates. We include comparison to a random model
(black line) and human performance (pink). d) Median GP parameters from the spatial (y-axis) and the conceptual tasks (x-axis), where
each point is a single participant and the dotted line shows a linear
regression. Outliers are excluded from the plot but not from the rank
correlations and boxplots (showing median and 1.5 IQR range).

temperature τ was not correlated and also did not differ between tasks (Z = 1.1, p = .13, r = .14). Interestingly, although λ-values were correlated across the two tasks, they
were significantly smaller in the conceptual task than in the
spatial task (Wilcoxon signed rank test; Z = −5.1, p < .001,
r = .64), meaning participants generalized over smaller conceptual distances than over spatial distances. We also found
that larger lambdas were correlated with higher performance
across both tasks (rτ = .45, p < .001). Estimates for the
exploration factor β did not differ between tasks (Z = 1.1,
p = .86, r = .14). Thus, participants who generalized more
or displayed more directed exploration in one task, also did
so in the other, connecting both spatial and conceptual search.

General Discussion and Conclusion
Humans search for rewards across a multitude of different
domains, using effective generalization and clever exploration to great success. Historic psychological findings explained adaptive generalization in spatial domains by evoking the concept of a cognitive map, whereas more recent neuroscientific evidence suggests cognitive maps can be found
in both spatial and conceptual domains. We investigated

1185

whether the search for spatially or conceptually correlated
rewards can be connected via common principles of generalization. Our results showed that participants performed
well in both domains, with highly correlated performance
across the two tasks. Using a Gaussian Process regression
framework as a model of generalization and postulating Upper Confidence Bound sampling as an optimistic approach to
the exploration-exploitation dilemma, we made progress towards understanding the computational mechanisms of generalization and search across spatial and conceptual domains.
Our model produced good out-of-sample predictions in both
tasks, made predictions of unobserved rewards that correlated with participants’ judgments, and produced human-like
learning curves based on meaningful parameter estimates that
showed levels of generalization and directed exploration that
correlated across the two domains.
Nevertheless, the GP was not able to predict participant
choices better than a non-generalizing option learning model
in the conceptual domain, even though the behavioral data indicates successful generalization (see Fig. 2c,e). This could
be explained by two different—not mutually exclusive—
reasons. One explanation is that the conceptual task was
simply more difficult, which led participants to generalize
less and sample more locally. Another explanation could be
that conceptual stimuli induce different priors over features
than in the spatial domain. For example, participants may
have strongly linear priors for conceptual features (e.g., more
berries will lead to higher rewards) or that they have assumptions about the importance of different features (e.g., berries
are more important for rewards than leaves). To overcome
these problems of prior assumptions, we could directly assess participant priors over different stimuli and specify our
models using the resulting empirical priors. To overcome the
problem of differentially perceived feature importance, we
could assess the performance of kernels with direct relevance
determination (Gershman & Daw, 2017), which similar to attentional weights (see Niv et al., 2015), could also be used to
predict participant choices.
We explored whether the same model of generalization can
be used to explain how people search for rewards in either
spatial or conceptual domains. Our results showed that some
aspects of human behavior can indeed be explained by shared
computational principles, such as the ability to generalize
about unobserved outcomes and a tendency to explore uncertain outcomes. Nonetheless, some clear differences emerged,
with participants generalizing less and exploiting more in the
conceptual domain, and with transfer only occurring unidirectionally from the spatial to the conceptual task (see also
Hills et al., 2008). However, the intra-subject consistency of
model parameters across the two domains offers an exciting
opportunity in the future to use neural imaging to study if
there is indeed a common neural basis for how people generalize and explore both spatial and conceptual spaces. We
believe that further study into the general principles underlying human generalization and exploration will continue to

provide important insights into adaptive behavior in complex
and uncertain environments.
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Abstract
Multiple acoustic dimensions contribute to speech
categorization. Yet highly diagnostic dimensions contribute
greater ‘perceptual weight’ in influencing speech
categorization than less diagnostic dimensions. Recent
research demonstrates that perturbations in short-term input
regularities lead to rapid dynamic re-weighting of auditory
dimensions. Here, we test the hypothesis that phoneticcategory-level activation via a highly diagnostic acoustic
dimension is critical in driving this rapid tuning of how input
maps to phonetic categories. To do so, we manipulate the
inherent relative effectiveness, the perceptual weight, of two
acoustic dimensions in signaling English vowel
categorization using noise-vocoded versus clear speech. We
observe that rapid tuning across statistical regularities is
affected by dimensions’ effectiveness in signaling the vowel
categories. These findings indicate that category activation
via a highly diagnostic dimension drives adaptive tuning in
speech perception, consistent with error-driven supervised
learning.
Keywords: Auditory dimension-based statistical learning;
Speech perception; Noise vocoding; Perceptual tuning;
Vowel categorization; Error-driven learning

Introduction
Everyday speech communication seems effortless, but it
presents listeners a series of perceptual challenges in
mapping from the acoustic signal to linguistically-relevant
categories. One challenge is acoustic variability. The
acoustics underlying speech signals are intrinsically variable
such that there is no simple mapping from the many
possible acoustic realizations to a particular phoneme or
word. Even within a single talker’s speech, a given word
may be realized with variable acoustics, depending on
factors such as articulation rate (Miller, Grosjean, &
Lomanto, 1984) and coarticulation (Ohman, 1966). This is
exacerbated across groups of talkers that vary in gender,
age, foreign accent, or dialect (Hillenbrand, Getty, & Clark,
1995; Lee, Potamianos & Narayana, 1999). As an example,
local Pittsburghers pronounce their home football team the
‘Steelers’ with a short /I/ (as in hill) rather than a long /i/ (as
in heel), departing from the mapping of acoustics to vowel
categories typical of Standard American English.
Recent research has demonstrated that the perceptual
challenge introduced by acoustic variability is met, at least
in part, by short-term learning, recalibration, or perceptual

tuning of speech categorization according to regularities
experienced across short-term speech input. For example,
the perception of acoustically-ambiguous speech can be
shifted with presentation of disambiguating supportive
information, such as lexical information (Kraljic & Samuel,
2006). In the Steelers example above, knowledge that
Steelers is a word whereas Stillers is not can lead more /I/like speech sounds to be categorized as /i/, even when
lexical context is no longer available.
Researchers have described the disambiguating lexical
information as a potential ‘teacher signal’ that may drive
adaptive tuning of speech categorization (Norris McQueen,
& Cutler, 2003), consistent with supervised error-driven
learning (Idemaru & Holt, 2011; Guediche et al. 2013). By
this view, the disambiguating information helps to resolve
the mapping of the ambiguous speech acoustics to a
phonetic category. In doing so, it generates expectations or
predictions of input typical of the category. If the
ambiguous acoustic input is a poor match with predictions,
it may generate a ‘mismatch’ or ‘error’ that drives
accommodation of the mismatch and leads to subsequent
shifts in speech categorization that are apparent even when
the disambiguating information is no longer available (see
Guediche et al., 2013 for a review).
In the present work, we examine this possibility more
closely in the context of adaptive tuning driven by statistical
regularities in the input, so-called dimension-based
statistical learning (Idemaru & Holt, 2011; 2014; Liu &
Holt, 2015). As an example, in Liu and Holt (2015),
participants were instructed to respond whether they heard
set or sat, while listening to the stimuli varying across two
acoustic dimensions, spectral quality (SQ, related to the
pattern of formant frequencies) and vowel duration (DU). In
one block of trials, the majority of sounds (‘exposure’ trials)
were sampled from the typical English acoustic space
whereby vowels with formant frequencies (SQ) associated
with sat tend to have longer DU than those associated with
set. American English listeners tend to give SQ greater
‘perceptual weight’ than DU (Liu & Holt, 2015). So, for
these exposure trials, the most heavily perceptuallyweighted acoustic dimension, SQ, unambiguously signals
vowel category membership. Moreover, the secondary, DU,
dimension is correlated with SQ in a manner consistent with
long-term experience with English. In this case, listeners
rely upon DU when SQ is perceptually ambiguous on a
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small proportion of ‘test’ trials. In a subsequent block, Liu
and Holt (2015) introduced an artificial ‘accent’ on the same
voice. The trials in this block sampled the acoustic space
with a reversed correlation between the SQ and DU
dimensions that was not typical in English (i.e., vowels with
formant frequencies associated with sat had shorter
durations). As in the first block, listeners' strong reliance on
SQ was sufficient to lead to successful vowel categorization
for exposure trials. Yet, experiencing the reversed
correlation between the acoustic dimensions in short-term
input resulted in rapid perceptual tuning such that listeners
down-weighted reliance upon DU in vowel categorization.
But, when the next block of trials reinstated the typical
English SQxDU correlation, listeners rapidly returned to
relying upon DU in vowel categorization. In all, this pattern
of speech categorization indicates that listeners track the
regularities among acoustic dimensions. Moreover, the
effectiveness of acoustic dimensions in signaling speech
categories is dynamically adjusted according to short-term
experience with regularities across dimensions.
Similar to lexically-guided perceptual tuning, this downweighting of acoustic dimensions’ contribution to phonetic
categorization may arise from a mismatch between the
expected, and actual, acoustic input (Guediche et al., 2013).
Yet, there are some differences across paradigms. In the
case of dimension-based statistical learning, the acoustic
input is not inherently ambiguous. The exposure trials
always unambiguously signal a category via the dominant
acoustic dimension (SQ in the case above), regardless of the
changing correlation between acoustic dimensions across
blocks, even upon introduction of the ‘accent’. Only the
relationship of SQ to the secondary dimension DU shifts
across blocks. In this way, dimension-based statistical
learning provides an excellent test-bed for addressing the
generality of supervised learning approaches to adaptive
tuning in speech categorization.
In the present studies, we test a specific hypothesis about
the information available to drive adaptive tuning in
dimension-based statistical learning. Idemaru and Holt
(2011) proposed that the primary, heavily perceptuallyweighted acoustic dimension (SQ in the case of Liu and
Holt, 2015) may serve as a teacher signal to drive
supervised learning in dimension-based statistical learning.
Across all blocks, the primary dimension always
unambiguously signals a phonetic category. A supervised
learning account would predict that category activation via
the dominant, unambiguous dimension generates predictions
about patterns of input typically associated with the
category, including secondary acoustic dimensions. Upon
introduction of the accent, the relationship of the secondary
dimension, DU, falls out of alignment with predictions
potentially generating a mismatch that drives learning. This
model leads to a specific prediction: the effectiveness of the
dominant dimension in unambiguously signaling category
membership should affect the degree of perceptual tuning
across acoustic dimensions.

Here, we test this prediction by manipulating the stimuli
used by Liu and Holt (2015). We use noise vocoding to
reduce spectral resolution, and therefore the effectiveness of
the dominant dimension, SQ, in signaling vowel category
while preserving DU effectiveness. We expect the relative
SQ/DU perceptual weights to shift relative to clear speech.
Correspondingly, we predict that DU’s greater effectiveness
in noise vocoded speech will lead it to serve as a ‘teacher
signal’ that will result in down-weighting SQ -- the opposite
pattern observed by Liu and Holt (2015) for clear speech.
To test these predictions, we first characterized the
baseline perceptual weights for clear and noise-vocoded
speech tokens of set and sat varying across a twodimensional acoustic space defined by SQ and DU. With
this as a foundation, we predict qualitatively different
patterns of tuning will be apparent across noise-vocoded and
clear speech as a function of which dimension most
effectively activates category representation. We predict that
activation of categories by a dominant acoustic dimension is
the driving contributor to the perceptual tuning observed in
dimension-based statistical learning.

Experiment 1
Methods
Participants Twenty-five Carnegie Mellon University
students (18-27 yrs) participated in the study. They received
course credit or pay. All reported normal hearing and
English as the language used at home since age two.
Stimuli The stimuli were based on those of Liu and Holt
(2015). The stimulus space was defined across a SQ
(spectral quality) and a DU (duration) dimension with 7
steps along each dimension creating 49 unique stimuli in a
two-dimensional acoustic space. This acoustic space served
as the basis for two stimulus sets: Clear and Noise-vocoded.
Clear speech tokens were created from natural
productions of set and sat by a female native-English
speaker. SQ was manipulated across the steady-state
portions of the vowels, spliced from their respective words.
The first four formant trajectories were extracted in Praat
(Boersma, 2001), and interpolated in equal steps between /ɛ/
and /æ/, then resynthesized to create a 7-step spectral series.
Vowel steady-state duration varied from 175 milliseconds to
475 milliseconds. Each of these vowels was then
concatenated with the same /s/ and /t/ segments to create the
49-stimulus grid varying from set to sat.
The noise-vocoded stimulus set was generated from these
clear speech tokens, in a manner described previously
(Hervais-Adelman et al., 2008; Shannon et al., 1995) using
Praat. The frequency spectrum was divided into four
logarithmically-spaced analysis bands between 50 and 5500
Hz and clear speech tokens were filtered by these analysis
bands. The resulting envelops were applied to band-passfiltered noise in the same frequency ranges, thereby
reducing spectral resolution while preserving duration.
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Procedure Seated in front of a computer monitor in a
sound-attenuated booth, participants heard speech tokens
diotically over headphones and responded whether the
stimulus was set (Z key) or sat (M key) on a standard
keyboard. There was a 1-second pause separating trials and
no feedback. Visual prompts “SET” and “SAT” aligned
with the relative position of the response keys.
All participants first categorized each of the 49 Noisevocoded speech tokens 8 times. These trials were separated
into four 98-trial blocks, between which participants took
brief self-timed breaks. Immediately thereafter, they
completed the same procedure for the clear stimuli. The
order of noise-vocoded speech and clear speech blocks was
not counterbalanced because exposure to clear speech can
influence perception of noise-vocoded speech (HervaisAdelman et al., 2008).

contexts in the course of the experiment is, itself, a form of
rapid adaptive tuning of how input maps to speech
categories. We return to this point in the General
Discussion.
These results set the stage for Experiment 2. As described
above, we expect dimension-based statistical learning of
vowels will be qualitatively different across clear and noisevocoded speech. Whereas in clear speech SQ is dominant
and drives category activation, Experiment 1 indicates that
DU will play a larger role in noise-vocoded speech
categorization. As such, we predict down-weighting of the
DU dimension for clear speech and down-weighting of SQ
for noise-vocoded speech.

Experiment 2
Methods
Participants Twenty-five Carnegie Mellon University
students (18-21 yrs) participated in the study. They received
course credit or pay. All reported normal hearing and
English as the language used at home since age two.

Figure 1. (A) Heat maps for vowel categorization across
clear and noise-vocoded stimuli. (B) Average normalized
perceptual weights across clear and noise-vocoded stimuli;
error bars indicate standard error.

Results and Discussion
Figure 1a shows average percent sat responses, illustrating
that listeners use both SQ and DU and that the weighting of
each varies across clear and noise-vocoded speech. To
quantify these data, dimension weights were calculated as
the beta-coefficients in a regression model including SQ and
DU as predictors of category responses for each participant
(as in Liu & Holt, 2015). Coefficients were normalized to
sum to one. Figure 1b plots these relative dimension
weights, averaged across participants. These results
replicate confirm American English participants rely more
on SQ (M=.85) than DU (M=.15) in categorizing set and sat
in clear speech (Liu & Holt, 2015). Crucially, noise
vocoding shifted reliance away from SQ (M=.35) and
toward DU (M=.65) in vowel categorization, F(1, 24) =
56.16, p< 0.001.
In summary, Experiment 1 establishes that manipulating
signal quality through noise vocoding shifts the relative
informativeness of SQ and DU in vowel categorization. In
noise-vocoded speech, DU is the biggest contributor.
Notably, the shift in perceptual dimension weighting in
categorizing clear versus noise-vocoded speech was evident
within-participants. In line with the proposal advanced by
Holt and Lotto (2006), the perceptual weighting of the
acoustic dimensions appears to have varied as a function of
the dimensions’ relative resolution in the auditory input. The
fact that listeners quickly switched between these listening

Stimuli and Procedure The stimuli were sampled from the
Experiment 1 stimuli. In a Canonical block, listeners heard
18 exposure stimuli (filled squares, Figure 2) and 4 test
stimuli (filled diamonds, triangles, Figure 2) 8 times each in
a random order. In this block, the sampling of exposure
stimuli reflected long-term English norms: long DU was
associated with /æ/-like SQ and short DU was associated
with /ɛ/-like SQ. Two of the four test stimuli were
distinguished by SQ (diamonds), with perceptually
ambiguous DU; the other two test stimuli (triangles) varied
in DU with SQ ambiguous. Exposure and test stimuli were
intermixed within a block. Test stimuli measured perceptual
reliance on SQ or DU.

Figure 2. Experiment 2 stimulus distributions for Canonical
and Reverse blocks.
The second block of the experiment involved introduction
of an artificial ‘accent’ that reversed the SQxDU correlation
typical of English. In this Reverse block, long DU was
associated with /ɛ/-like SQ and short DU was associated
with /æ/-like SQ. The test stimuli were identical to those of
the Canonical block. Participants were not informed of any
difference between blocks and simply responded whether
they had heard set or sat.
The Canonical-Reverse block order was repeated for both
noise-vocoded and clear speech, with the noise-vocoded
condition preceding the clear condition. Overall,
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participants experienced 4 blocks separated by self-time
breaks. Participants were seated in the same room with the
same equipment as in Experiment 1 and were given the
same instructions, except that they were informed of the
distinction between the clear sounds and ‘degraded’ sounds
that might be very hard to identify.
The relative perceptual weighting differences across clear
and noise-vocoded speech observed in Experiment 1 led us
to expect different patterns of exposure-stimulus
categorization for clear and noise-vocoded stimuli. As
shown in Figure 3, reliance on SQ as a dominant dimension
in clear speech leads to a different pattern of categorization
in the Reverse block than for noise-vocoded speech
categorization reliant upon DU. We predict that this
difference across conditions will lead to different patterns of
dimension-based statistical learning.

test stimuli on listeners’ response. In the Canonical block,
listeners differentially categorized DU test stimuli, β = 3.19,
SE = 0.33, p < 0.0001. They did not in the Reverse block, β

Figure 4. Results of Experiment 2, percent sat responses as
a function of block and acoustic dimension.
= -0.16, SE = 0.21, p = 0.46.

Figure 3. Expected category activation via exposure
stimuli, as a function of the perceptual weights observed
in Experiment 1.
Results and Discussion
Results are plotted in Figure 4.
Clear Speech We first consider listeners’ reliance on the
dominant SQ dimension in clear speech (diamonds, Figure
2). There was a significant main effect of SQ, F(1, 24) =
1419, p < 0.0001, but no interaction between Block and SQ,
F(1, 24) = 0.561, p = 0.461. Replicating prior research, we
observed dimension-based statistical learning across the DU
dimension (triangles, Figure 2) as an interaction between
Block and DU, F(1, 24) = 56.69, p < 0.001, with a main
effect of DU, F(1, 24) = 55.04, p < 0.0001. These results
suggest that as SQ continued to unambiguously signal
category activation, listeners down-weighted DU upon
introduction of the ‘accent’ in the Reverse block. The
pattern of results is the same with analyses utilizing
generalized linear mixed-effects models as a function of DU
test stimuli, block, and participant as a random effect, with
the response set coded as 0 and, sat coded as 1 (DUxBlock
interaction, β = -2.89, SE = 0.34, p < 0.0001. To further
investigate this interaction, we constructed models
separately for each block examining the effects of different

Noise-Vocoded Speech As predicted, and contrary to the
pattern of results for Clear Speech, we observed evidence of
dimension-based statistical learning across the SQ
dimension (triangles, Figure 2) for noise-vocoded speech.
There was a significant interaction between Block and SQ,
F(1, 24) = 5.263, p = 0.031 and also an overall main effect
for SQ, F(1, 24) = 4.377, p = 0.0472. This suggests that in
the context of noise-vocoded speech DU may have been
sufficient enough to drive category activation.
Unexpectedly, there was also evidence of dimension-based
statistical learning across DU (Block x DU interaction, F(1,
24) = 8.289, p = 0.01), with a main effect of DU (F(1, 24) =
89.58, p < 0.001) as well. It is possible that this pattern of
results emerges due to relatively more equal perceptual
weightings in the noise-vocoded speech condition, or due to
individual differences among participant who adopt
different weighting schemes.
This general pattern of results emerges, as well, with
generalized linear mixed-effects modeling. There was a
marginally significant interaction between Block and SQ (β
= -0.60, SE = 0.33, p = 0.066). Further investigation into the
interaction showed that listeners differentiated the SQ test
stimuli in the Canonical block, β = -0.77, SE = 0.23, p <
0.001, but not in the Reverse block β = -0.17, SE = 0.24, p =
0.471. There was a significant interaction between Block
and DU, β = -1.11, SE = 0.34, p = 0.001, with significant
effects in both the Canonical, β = 2.66, SE = 0.27, p <
0.0001, and Reverse, β = 1.63, SE = 0.23, p < 0.001, blocks.
Interestingly, weighting of DU was also modulated in the
paradigm even though it was the primary dimension. We
return to this point in the General Discussion.
Overall, the results clearly indicate a difference in how
dimension-based statistical learning plays out across clear
and noise-vocoded speech. For each, there was a clear
pattern of dimension down-weighting on the secondary
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perceptual dimension (DU for clear speech, SQ for noisevocoded speech). Additionally, and unexpectedly, we
observed evidence of down-weighting of the primary
dimension (DU) in the noise-vocoded speech.

General Discussion
By adulthood, the underlying representations for speech
categorization reflect the long-term experience in one’s
native language. But to meet the challenge of acoustic
variability in everyday situations, categorization remains
flexible such that listeners can adapt to short-term
regularities that depart from long-term norms. A critical
challenge is understanding how the system flexibly adapts
while maintaining long-term representations. There is
mounting evidence that listeners use a variety of
information sources to adaptively tune speech categorization
(e.g., Norris et al. 2003; Bertelson, Vroomen & de Gelder,
2003; Idemaru & Holt, 2011).
Error-driven supervised learning has been explored as a
potential contributor to the adaptive tuning (Guediche, et al.,
2014; Norris, McQueen & Cutler, 2013; Vroomen, 2007).
Under this framework, the mismatch between the expected
and actual acoustic output could generate an error message
that ‘supervises’ adaptive tuning of the mapping of speech
to long-term representations. Idemaru & Holt (2011)
hypothesized that speech categories activated by the primary
acoustic dimension could generate expectations about the
typical mapping of secondary dimensions. When these
expectations are violated, it may generate an error signal
that can be used to guide speech tuning via supervised
learning.
The current study replicates previous findings on
dimension-based statistical learning of vowels (Liu & Holt,
2015) thereby lending evidence that speech categorization is
tuned via short-term regularities across acoustic dimensions
experienced in the input (Idemaru & Holt, 2011).
Additionally, the results are broadly consistent with an
error-driven supervised learning account.
Experiment 1 confirmed Liu and Holt’s (2015) prior
results demonstrating that English listeners’ primarily rely
upon spectral quality in categorizing set versus sat in clear
speech. Experiment 1 also makes the novel contribution that
perceptual weights among the same listeners rapidly shift in
the context of noise-vocoded speech. This aligns with Holt
and Lotto’s (2006) prediction that altering the acoustic
signal can affect listeners’ perceptual weighting. In the
current study, using noise-vocoding reduced the spectral
fine details of the vowels yet left DU intact. Under this
manipulation, perceptual weights shifted from primary
reliance on SQ to DU, which became the most informative
dimension in vowel categorization in noise-vocoded speech.
Note that this, in and of itself, constitutes a kind of rapid
adaptive plasticity in how speech input maps to speech
categories. It is notable that the same participants, in the
same experimental session, rapidly shifted in the manner of
mapping from acoustic input to speech categories as a
function of signal quality (clear, noise-vocoded).

Experiment 2 demonstrates that this shift in dimensions’
perceptual weights has a significant impact on dimensionbased statistical learning. In the context of clear speech for
which SQ is more effective at signaling category
membership, listeners down-weighted reliance on the lesseffective, secondary, dimension in response to the reversed
dimension correlation in the ‘accent.’ Reliance on SQ
remained stable, even upon introduction of the accent.
Most important to the goals of the present study, the same
listeners showed a very different pattern of dimension-based
statistical learning in the context of noise-vocoded speech
for which DU is more effective at signaling vowel category.
In this context, participants down-weighted reliance on SQ,
the secondary dimension that was unaffected in the context
of experiencing the artificial accent in clear speech.
Curiously, there was also evidence of down-weighting for
DU, the dominant dimension for noise-vocoded speech. In
this regard, it may be important that SQ and DU were
relatively more balanced in their contributions to noisevocoded, compared to clear speech, vowel categorization.
Although DU carried greater perceptual weight, its
dominance over SQ was less (mean difference relative
weight, 0.3) than the dominance of SQ over DU observed
for clear speech (mean difference, 0.7). This brings up the
possibility that dimension-based statistical learning may
track with the reliability of category activation, or graded
category activation according to a particular acoustic
dimension. Relatedly, the smaller relative advantage for the
dominant dimension in noise-vocoded speech may have led
listeners to show less ‘allegiance’ to a particular dimension,
perhaps switching over the course of the experiment. If
participants (as individuals or as a group) use a mixed
strategy of primary reliance on DU and SQ in vowel
categorization, then re-weighting may be observed across
both dimensions. Future studies could investigate this issue
by examining a large cohort of listeners’ relationship of
baseline cue weights with the magnitude of down-weighting
for each dimension.
In all, these studies provide preliminary support for the
prediction that category activation via a dominant dimension
can drive dimension-based statistical learning across
acoustic dimensions. In this way, they are consistent with an
error-driven supervised learning account. Other levels of
analysis
including
computational-level
Bayesian
explanation may be able to account for these data (e.g.,
Kleinschmidt & Jaeger, 2015). However, a complication of
any computational-level account is that it may be
implemented mechanistically by multiple means. Here, we
find preliminary support for a specific and neutrallyplausible mechanistic instantiation of dimension-based
statistical learning in speech categorization. An appealing
aspect of this account is that it potentially unites adaptive
tuning of speech perception driven by lexical, visual, and
acoustic information (Norris et al., 2003; Bertelson et al.,
2003; Holt & Idemaru, 2011).
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Abstract
In this study, we investigate whether emotional expressions
provide cues to knowledge sufficient for predicting others’
behavior based on their true and false beliefs. We adapted the
classic Sally-Anne task (Baron-Cohen, Leslie, & Frith, 1985)
such that children (N = 62, mean: 5.58 years, range: 4.05-6.98
years) were not told whether Sally saw Anne move the object
or not. However, when Sally came back looking angry, even
four-year-olds inferred that she had seen Anne move her toy;
when she came back looking happy, children inferred that she
had not seen the transfer. Based on these inferences, five and
six-year-olds, although not four-year-olds, were able to
predict where Sally would look for her toy.
Keywords: emotion understanding; emotional expressions;
theory of mind; false beliefs; knowledge state

Introduction
Researchers have proposed that children construct an
intuitive theory of others’ mental states in which
representations of beliefs, desires, and emotions are causally
linked (see Harris, 2008 and Wellman, 2014 for discussion
and review). Considerable research has looked at children’s
ability to infer and predict others’ emotional responses from
knowledge of their beliefs, desires, and the broader context
(e.g., Bradmetz & Schneider, 1999; Hadwin & Perner, 1991;
Harris et al., 1989; MacLaren & Olson, 1993; Ruffman &
Keenan, 1996; Scott, 2017; Skerry & Spelke, 2014;
Wellman & Banerjee, 1991; Wellman & Bartsch, 1988;
Wellman & Woolley, 1990; Yuill, 1984). Here we are
interested in the reverse inference problem: investigating
children’s ability to use observed emotional cues to recover
otherwise unknown information about the world.
Specifically, we look at whether preschoolers can use
someone’s emotional expression to decide whether she is
knowledgeable or ignorant about an event and use this
information to predict her subsequent behaviors.
Previous research suggests that infants and children
expect someone’s goals, desires, and beliefs to influence her
emotional responses to events. Ten-month-olds expect
agents to express positive rather than negative emotions
when they achieve their goals (Skerry & Spelke, 2014), and
two-year-olds predict that someone will be happy if she gets
what she wants and sad if she does not (e.g., Wellman &
Woolley, 1990; Yuill, 1984). Additionally, 20-month-olds
expect someone to express surprise rather than satisfaction

when her false beliefs are overturned (Scott, 2017). Four to
six-year-olds become increasingly sophisticated in the ways
that they integrate emotion understanding and belief
understanding, recognizing for instance, that someone may
feel happy if she falsely believes that an action will fulfill
her desires (Hadwin & Perner, 1991; see also Harris et al.,
1989; MacLaren & Olson, 1993; Ruffman & Keenan, 1996;
Wellman & Banerjee, 1991; Wellman & Bartsch, 1988).
However, there is a developmental lag between children’s
understanding of beliefs and their ability to infer the
emotional consequences of those beliefs (e.g., de Rosnay,
Pons, Harris, & Morell, 2004; Hadwin & Perner, 1991;
Harris et al., 1989; Pons, Harris, & de Rosnay, 2004;
Ruffman & Keenan, 1996; Wellman & Bartsch, 1988). Thus
for instance, four- and five-year-olds may know that Red
Riding Hood falsely believes her grandmother is in bed, and
nonetheless conclude that Red Riding Hood is frightened
(Bradmetz & Schneider, 1999).
However, in the real world, we are more likely to have
access to someone’s emotional reactions to events than to
the beliefs and desires that contributed to that reaction.
Nonetheless, relatively few studies have looked at children’s
ability to reason backwards from others’ emotional reactions
to their desires and beliefs, and most of this work has
focused on inferences about others’ desires. Thus for
instance, eighteen month-olds, but not fourteen month-olds,
can use an agent’s emotional expressions (along with verbal
cues like “Yummy!” and “Yucky!”) to decide if she wants a
food different from what the child herself wants (Repacholi
& Gopnik, 1997). By two and three, children can use
someone’s emotional reaction to infer whether she is
looking at something she does or does not want (Wellman,
Philips & Rodriguez, 2000). By seven, children can use one
person’s emotional expression in a social context to infer the
desires of another based on their knowledge of social
display rules (Wu & Schulz, 2017).
By contrast, before age six, children rarely refer to agents’
beliefs in explaining their emotional reactions (Rieffe,
Terwogt & Cowan, 2005). One exception is that four and
five-year-olds refer to others’ beliefs in explaining fearful or
atypical reactions (e.g., saying “She thought it was a ghost”
if a character is scared at hearing a noise, and “She thought
it would be something else” if a character is sad upon
opening a present; Rieffe, et al., 2005) and in explaining
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others’ emotional reactions to surprising or unusual events
(“she didn’t think there would be a giraffe” or “she didn’t
know what was in the box”; Wellman & Banerjee, 1991).
However, by preschool, children have learned many scripts
connecting familiar events and emotions (e.g., Fabes,
Eisenberg, McCormick, & Wilson, 1988; Gnepp, McKee, &
Domanic, 1987; Harris, Olthof, Terwogt, & Hardman, 1987;
Widen & Russell, 2010). Children might link fear with
ghosts, or a disappointing gift with sadness (Rieffe et al.,
2005) without necessarily representing the relationship
between emotions and beliefs more broadly. Similarly,
children might guess that an agent did not know about or
expect unusual events because the events are atypical or
mysterious rather than because they reason about the beliefs
underlying emotional reactions generally.
Perhaps the strongest support for the idea that children
recover beliefs from emotional responses comes from a
recent study showing that five-year-olds, but not four-yearolds, infer false beliefs from a change of valence on
someone’s facial expression between an anticipated and
observed outcome (Wu & Schulz, 2018). In that study,
children saw for instance, that a character was happy when
she anticipated an outcome and sad when she saw the actual
outcome. By five, children could use a change in valence
between the anticipated and observed outcome to infer that
the character had originally held a false belief about the
contents of the box.
However, much as people rarely have the opportunity to
know others’ beliefs and desires before predicting their
behavior, people rarely have the opportunity see others’
emotional reactions to both the anticipated and actual
outcomes of an event. Here we look at a more minimal
context in which children might be able to use others’
emotional expressions to recover their true and false beliefs.
We exploit the fact that people can only have an emotional
reaction to an event they know about; thus children might be
able to use the presence or absence of an emotional reaction
to determine whether someone has true or false beliefs about
a scenario.
To test this, we adapt the tried and true classic unexpected
transfer task (Wimmer & Perner, 1983; Baron-Cohen, Leslie,
& Frith, 1985). In that task, Sally puts her marble in one
location and Anne moves it during Sally’s absence (False
Belief condition). By age four, children correctly predict
that when Sally comes back, she will look for her marble in
the place where she put it but not the current location.
Three-year-olds, by contrast, incorrectly predict that Sally
will look for her marble in its current location. Many studies
also have a control condition (True Belief condition) in
which Anne moves the marble when Sally is present; in that
condition, children should predict that Sally will look for
her marble in its current location, not the original one.
The extent to which the task itself is a fair assessment of
children’s ability to attribute false beliefs is controversial.
Although one of the best replicated tasks in the
developmental literature (see Wellman, Cross, & Watson,
2001 for a review and meta-analysis), passing the task both

requires information processing abilities other than theory of
mind and fails to capture many interesting properties of
mental state inference (see Bloom & German, 2000 for
discussion). Moreover, a burgeoning recent literature
suggests that the specific paradigm may under-estimate
children’s abilities and much younger children successfully
reason about others’ false beliefs given simpler tasks (see
Scott & Baillargeon, 2017 for review).
Here however, we are not interested in establishing the
onset of children’s false belief understanding but in looking
at children’s ability to use emotional cues to infer others’
true and false beliefs. The previous literature suggests that
the ability to integrate belief inferences with emotion
understanding emerges relatively late in development and
typically lags behind false belief understanding (e.g.,
Bradmetz & Schneider, 1999; de Rosnay, Pons, Harris, &
Morell, 2004; Wu & Schulz, 2018). Here we can see
whether four-year-olds are capable of integrating emotion
cues to true and false beliefs at least in the context of a wellestablished paradigm that four-year-olds typically pass.
In our modified version of the task, we establish that Sally
really likes her toy and that Anne is her pesky little sister
who likes to play tricks on Sally. We do not tell children
whether Sally sees Anne move her toy or not. However,
there is a window in the room; thus Sally might have seen
what Anne has done. Critically, when Sally returns, she is
either happy or angry. We predicted that children would be
able to use Sally’s emotional expression to decide whether
she saw the transfer and thus predict where she would look
for her toy. Specifically, we predicted that children would
infer that Sally had a false belief when she looked happy
and a true belief when she looked annoyed.

Method
Participants
Sixty-two children between ages four and six (mean = 5.58
years; range: 4.05-6.98 years; 50% girls) were recruited
from an urban children’s museum. There were 20 four-yearolds (mean = 4.57 years; range: 4.05-4.96 years), 22 fiveyear-olds (mean = 5.48 years; range: 5.03-5.90 years) and
20 six-year-olds (mean = 6.66 years; range: 6.08-6.98 years)
in this sample. While most of the children were white and
middle class, a range of ethnicities and socioeconomic
backgrounds reflecting the diversity of the local population
(47% European American, 24% African American, 9%
Asian, 17% Latino, 4% two or more races) and the museum
population (29% of museum attendees receive free or
discounted admission) were represented throughout.

Materials
Each child saw two story presentations animated by
Microsoft PowerPoint on a laptop. Two protagonists, Sally
and Anne, were in one story, and another two protagonists,
Tom and David, were in the other. One story (randomly
chosen) presented the Angry condition, and the other
presented the Happy condition. The order of the two
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conditions was counterbalanced across participants. All the
facial expressions used were selected from iStock photos
(http://www.istockphoto.com/).

Procedure
Children were tested individually in a quiet room of the
children’s museum. All sessions were videotaped.
PowerPoint animations were used throughout to visually
demonstrate the protagonists’ and objects’ changing
locations. Each story was presented as follows (using the
Sally-Anne story as an example).
Angry Condition

Happy Condition

moving under the couch. At Scene 3, the experimenter
asked two check questions to make sure that children
correctly remembered the book’s current and original
locations: “Where is the book now?” (Current Location
question) and “Where was the book before?” (Original
Location question). Incorrect responses were corrected
throughout; however, if a child failed either check question
their responses to this story were excluded from further
analysis. Then the experimenter said, “Because there is a
window in the room, Sally may have seen what was going
on inside, or she may not have seen. We don’t know. Let’s
see if we can find out!” The experimenter triggered Scene 4.
The silhouette of Sally disappeared outside of the window
and Sally appeared with either an angry or happy face. The
experimenter said, “Look! Sally is back and she looks very
angry/happy.”
Finally, the experimenter asked two test questions in a
fixed order. One question was about what Sally knew: “Do
you think Sally saw what her sister did?” The other question
was about what Sally would do next: “Now Sally wants to
get her book back. Where do you think she will look for her
book?” The experimenter coded children’s responses to the
two test questions offline from videotapes. All responses
were recoded by an independent coder; there was 97%
agreement on children’s responses. Disagreement was
resolved by discussion or choosing the conservative
response (the one that went against our predictions).

Results

Figure 1. Example stimuli
The experimenter showed Scene 1 of the presentation (see
Figure 1) and said, “This is Sally, and this is Sally’s favorite
book. Today, Sally wants to go play outside, so she puts the
book in a drawer, and leaves the room.” At the same time,
the experimenter clicked a button to initiate the animation so
that the book moved from Sally’s hand to inside the drawer
and then Sally moved out of the room. A silhouette of Sally
then appeared outside the window of the room. The
experimenter drew the child’s attention to the silhouette,
saying, “See! This is Sally playing outside!” Then the
experimenter initiated Scene 2. She said, “This is Anne. She
is Sally’s pesky little sister. She loves to play tricks on Sally,
but Sally does not like that at all!” Then the experimenter
said, “Today Anne decides to play a trick on Sally. Anne
takes the book out of the drawer, and hides it waaaay under
the couch. Then she leaves the room.” At the same time, a
sequence of animation was triggered to show the book

In general, children performed well on the check questions
(Current Location question: mean accuracy = .99; Original
Location question: mean accuracy = .97). Four children
failed the check questions, one on the Angry story and three
on the Happy Story; their responses to the test questions of
the same story were excluded from further analyses.
We analyzed the Knowledge and Behavior test questions
separately. For each question, we looked at the effects of the
children’s Age (as a continuous variable) and Emotion
(Happy vs. Angry) using a mixed-effects logistic regression
model. For the Knowledge question, neither the effect of
Age (β = .27, SE = .37, z = .74, p = .461) nor Emotion (β =
1.98, SE = 3.13, z = .63, p = .526) was significant. The
interaction between Age and Emotion was not significant
either (β = -.24, SE = .55, z = -.44, p = .661). For the
Behavior question however, there was a significant effect of
Age (β = .68, SE = .34, z = 1.98, p = .048). Neither the
effect of Emotion (β = 1.04, SE = 2.62, z = .40, p = .693)
nor the interaction between Age and Emotion (β = -.22, SE
= .47, z = -.47, p = .640) was significant.
Because there was no effect of Emotion for either test
question, we collapsed data across the Happy and Angry
conditions in all following analyses. However, because there
was a significant effect of Age for the Behavior question,
we looked at both children’s performance overall and in age
bins. We did this for both test questions to enable
comparison between the questions as well as to support
comparisons with the previous literature on theory of mind

1195

B

Knowledge Question
(e.g., 'Did Sally see what Anne did?')
1.00

Proportion of correct responses

Proportion of correct responses

A

0.75

0.50

0.25

0.00

Behavior Question
(e.g., 'Where will Sally look for her book?')
1.00

0.75

0.50

0.25

0.00
Happy

Angry

Happy

Emotion
Age Group

Four

Angry

Emotion
Five

Age Group

Six

Four

Five

Six

Figure 2. Children’s performance on the test questions
(which has largely reported data by age bins rather than as a
continuous variable).
For both test questions, children as a whole performed
significantly above chance (Knowledge: M = .81, Z = 5.73,
p < .001; Behavior: M = .68, Z = 3.89, p < .001; Exact
Wilcoxon-Pratt Signed-Rank Test). At all ages, children
succeeded on the Knowledge question (four-year-olds: M
= .78, Z = 3.32, p < .001; five-year-olds: M = .82, Z = 3.50,
p < .001; six-year-olds: M = .83, Z = 3.15, p = .002). Five
and six-year-olds, but not four-year-olds, succeeded on the
Behavior question (four-year-olds: M = .55, Z = .71, p
= .727; five-year-olds: M = .66, Z = 2.65, p = .016; six-yearolds: M = .83, Z = 3.15, p = .002).
Because
four-year-olds
showed
above
chance
performance on the Knowledge question but chance
performance on the Behavior question, we looked into
individual child’s pattern of responses to provide more
information. First, we looked at to what extent four-yearolds showed consistent responses between the Knowledge
and Behavior questions. Forty-two percent of the responses
were correct for the Knowledge and Behavioral questions of
the same stories, 10% were incorrect for both, 34% were
correct for the Knowledge question but incorrect for the
Behavioral question, and 13% were incorrect for the
Knowledge question but correct for the Behavioral question.
These results suggest that successfully recovering the
agent’s knowledge state is not sufficient for four-year-olds
to pass the Behavioral question.
We also took a closer look at four-year-olds’ chance
performance on the Behavioral question. We are interested
in to what extent four-year-olds showed consistent
responses to the Behavioral question across the angry and
happy conditions. Four four-year-olds got the behavioral
questions of both conditions right, two got both wrong, six
got the angry condition right and the happy condition wrong,
and six got the angry condition wrong and the happy

condition right.1 Thus there was no evidence of consistent
responding.
These results suggest that children as young as four can
use someone’s emotional expression to infer what she does
and doesn’t see. However, the ability to use the information
about the agent’s true and false beliefs to predict her
subsequent behavior improves over development.

Discussion
This study suggests that children between ages four and six
can use someone’s emotional expression to recover what
she does and does not see, and five and six-year-olds,
although not four-year-olds, can use this information to
decide if she will act consistently with true or false beliefs.
These results are consistent with a growing body of work
(Repacholi & Gopnik, 1997; Rieffe, Terwogt, & Cowan,
2005; Wellman, Phillips & Rodriguez, 2000; Wu & Schulz,
2017, 2018) suggesting that emotional expressions provide
an important entrée into others’ minds and offer a novel
contribution to the literature on how children integrate their
understanding of emotions with other mental state
inferences.
It is intriguing that although four-year-olds could infer
whether Sally had or had not seen Anne move the book (the
Knowledge question), they failed to use this information to
predict where Sally would look for her book (the Behavior
question). One possibility is that four-year-olds used Sally’s
emotional expression to determine whether or not she knew
she had been tricked, but did not realize that this should lead
Sally to update her beliefs or recognize that these updated
beliefs should be the bases for predicting her future actions.
However, like classic false belief tasks, our study makes
1

The remaining two four-year-olds’ responses in one of
the two conditions were excluded from further analysis
because of failure to pass the check questions.
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high demands on children’s information processing abilities.
In order to answer the behavior question, children have to
use the person’s emotional expression to infer her
knowledge about the event (i.e., that Anne moved her book),
use that to reason about whether she had a true or false
belief about the location of her book, and then use that to
predict her action. These task demands may have
overwhelmed four-year-olds and masked their underlying
competence. One reason to think this might be the case is
that although four-year-olds failed the behavior question,
they did not “fail” in the way that three-year-olds do in the
classic version of the task: by systematically assuming she
would look in the actual location of the toy. Instead, fouryear-olds performed at chance in both the true and false
belief conditions in this study. Although we cannot make
anything much of children’s chance responding (they may
have been confused by the behavior question), it is
nonetheless curious that four-year-olds did not simply
default to the actual location of the book. Future work is
warranted to differentiate competence and performance
account of four-year-olds’ failure to use emotional
expressions to predict agent’s behavior.
However, at least for the older children, our results
suggest that children can use emotional expressions to
succeed on the classic unexpected transfer task. Our
findings that children between ages four and six were
increasingly likely to pass the Behavior question are largely
consistent with previous work suggesting that there is a
gradual development between children’ s ability to pass the
classic false belief tasks (around age four) and connect false
beliefs to emotions (e.g., Bradmetz & Schneider, 1999; de
Rosnay, Pons, Harris, & Morell, 2004; Hadwin & Perner,
1991; Harris, et al., 1989; Pons, Harris, & de Rosnay, 2004;
Ruffman & Keenan, 1996; Wellman & Bartsch, 1988; Wu
& Schulz, 2018).
It would be interesting for future research to study our
question of interest with different paradigms appropriate for
younger children, including violation-of-expectation,
anticipatory-looking, and preferential-looking tasks. For
example, if we show infants that Sally comes back with an
angry face, will they predict that Sally will look for her toy
in its current location by anticipatorily looking towards the
current location of her toy, or by looking longer if Sally
goes to its original location than if she goes to the current?
By contrast, if Sally comes back with a happy face, will
infants predict the opposite? Although the current study is
not designed to investigate the onset of false belief
understanding, our approach of adding emotional cues to
false belief tasks can potentially provide novel insights into
current debates about when young children start to represent
false beliefs. There are currently a number of alternative
explanations of the findings with infants. For example,
infants may pass false belief tasks simply by using the
behavioral rule that an agent will always look for her toy
where she last saw it without representing her false beliefs
(e.g., Ruffman & Perner, 2005). If this is true, infants will
have the same predictions regardless of Sally’s facial

expression when she comes back. However, if infants truly
represent Sally’s mental states, they will make opposite
predictions about Sally’s behavior depending on whether
she looks angry or happy when she returns. Thus, future
work could design infant-versions of our task, which may
help confirm or disconfirm some low-level interpretations of
previous findings with infants, and help resolve the longstanding debates about the onset of false belief
understanding.
The current results however, suggest that at least by age
five, children can use an agent’s emotional expression to
recover whether she has seen an event or not, and then use
this to predict whether the agent’s subsequent actions will
be governed by true or false beliefs. Consistent with a small
set of studies showing that young children can use observed
emotional cues to gain mental state information that is
otherwise unknown (Repacholi & Gopnik, 1997; Rieffe,
Terwogt, & Cowan, 2005; Wellman, Phillips & Rodriguez,
2000; Wu & Schulz, 2017, 2018), our study suggests that
emotional expressions provide a valuable entrée into others’
minds.
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Abstract
The extent to which we generalize a novel property from a
sample of familiar instances to novel instances depends on the
sample used. In these experiments, we are interested in two
sample characteristics: number of types (discrete entities) and
number of tokens (copies of the same entity) that share a novel
property. Existing studies permit separate and conditional
hypotheses about the effects of adding types and tokens, but no
study has examined the effects of both variables on
generalization stimuli varying in similarity. We find that
adding types broadens generalization to similar stimuli, but
tightens generalization to dissimilar stimuli. Adding tokens
does not affect generalization, but adding repetitions that are
framed as types produces some tightening. Implications for
models of inductive reasoning are discussed.
Keywords: inductive
Bayesian models

reasoning,

categories,

concepts,

Introduction
Imagine you are hiking with an ornithologist friend who
points to several birds and tells you that these birds have
gabbro bones. The next day, you hike alone and want to use
your newly-gained knowledge to identify other birds with the
same property. How will you decide which birds have gabbro
bones? How far will you generalize? This is an example of a
property induction problem, and the answers to these
questions will depend on precisely which examples you were
initially shown.
In this paper, we examine how people’s inductive
generalizations are shaped by two sample characteristics—
the number of types and number of tokens. In this context,
“types” are discrete entities that provide distinct information
(e.g., a green parrot and a red parrot are different entities that
represent two distinct types), whereas “tokens” are copies
that provide redundant information (e.g., observing the same
green parrot twice represents two tokens of the same type). In
particular, our goal is to see whether types and tokens have
analogous effects on the breadth of property induction.

increases the similarity between the premise category and a
superordinate conclusion category that includes the premises.
In contrast, Bayesian models of property generalization
(e.g., Navarro, Dry, & Lee, 2012; Tenenbaum & Griffiths,
2001) often predict that adding types also elicits a nonmonotonicity effect: increasing the number of premise
exemplars can reduce the likelihood of generalizing the
property to novel exemplars, especially when those
exemplars belong to a different category (e.g., Ransom,
Perfors & Navarro 2016). When the reasoner observes more
exemplars within a category that have the property, it
strengthens the hypothesis that this category corresponds to
the true extension of the novel property. The reasoner’s
beliefs thus converge to the smallest psychologically
plausible category that contains the observed items. This
phenomenon is known as the size principle (Tenenbaum &
Griffiths 2001). Importantly, the size principle requires the
reasoner to assume strong sampling, in which premises are
selected from the set of objects that possess the property,
rather than randomly selected.
Figure 1 illustrates this principle. For example, observing
one green parrot with gabbro bones (the filled circle) results
in moderately high generalization ratings for new exemplars
that are highly similar to green parrots. Generalization ratings
then decrease smoothly as a function of decreasing similarity
(solid line). Conversely, observing four different green
parrots (the empty squares) strengthens the belief that similar
green parrots have gabbro bones, but weakens the belief that
other dissimilar birds have gabbro bones (dashed line).

The effect of adding types?
Traditional models of inductive reasoning typically predict
that adding types produces a monotonicity effect—increasing
the number of premise exemplars that possess a property
increases the likelihood of generalizing that property to a new
conclusion exemplar within the same category (see Hayes &
Heit, 2017, for a review). In the classic similarity-coverage
model (Osherson, Smith, Wilkie, López, & et al, 1990), this
effect arises because adding within-category exemplars
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Figure 1: A Bayesian model of generalization predicts that
increasing number of sample “types” from one to four will
increase property generalization for high-similarity (“High
Sim”) test stimuli, but decrease generalization for mediumand low-similarity test stimuli.

The non-monotonicity prediction is significant because
this phenomenon is not predicted by similarity-based models
(e.g., Osherson et al., 1990). The empirical evidence for nonmonotonicity however, has been mixed. When introducing
the relevance theory of property induction, Medin, Coley,
Storms, and Hayes, (2003) found evidence for nonmonotonicity. For example, a property shared by Swedes,
Finns, Danes, and Norwegians was less likely to generalize
to Italians, than a property shared only by Swedes and Finns.
This is because the additional types reinforced and made
more relevant the property of “Nordic countries”,
subsequently weakening the strength of induction to Italians.
By way of contrast, Fernbach (2006) failed to find evidence
of non-monotonicity for biological categories such as lions
and tigers (c.f. Ransom et al 2016). Participants generally
preferred to generalize on the basis of a larger sample (more
types) rather than a smaller sample.
An important limitation of these studies (Fernbach, 2006;
Medin et al., 2003) is that they assessed generalization using
a single conclusion category. This prevented them from
testing the Bayesian predictions that adding types may
increase generalization to instances that are similar to the
sample, while also decreasing generalization to dissimilar
instances. Hence, the first aim of our experiments was to
examine the effect that adding types has upon property
generalization to a range of novel exemplars that represent
biological kinds and that vary in similarity to the sample of
premise exemplars. To do so, we manipulated number of
types of bird and flower exemplars (from one to four), and
examined generalization to other birds or flowers
representing four similarity levels (target, high, medium, and
low). As illustrated in Figure 1, we predicted a monotonicity
effect for high-similarity stimuli, but a non-monotonicity
effect for low-similarity stimuli.

differently in Bayesian models of natural language
production (Goldwater, Johnson, & Griffiths, 2006), object
identification (Kemp, Jern, & Xu, 2009), and categorization
(Navarro & Kemp, 2017). As such, it is not obvious a priori
which approach is most appropriate to property induction.
To our knowledge, no study has examined the effect of
adding tokens on property induction specifically, and the
literature in related tasks has produced heterogeneous
findings. In category learning, adding repetitions of the same
exemplar can affect the likelihood that a new exemplar will
be assigned to that category. For example, participants treated
repeated presentations of the same color stimulus as separate
instances when categorizing new colors (Nosofsky, 1988),
and participants categorized new fish by relying on the
exemplar fish that were presented most frequently (Barsalou,
Huttenlocher, & Lamberts, 1998). However, in an artificial
grammar learning task, Perfors, Ransom and Navarro (2014)
found that generalizations about a novel grammar were
sensitive to the number of distinct types, but—somewhat
unexpectedly—were unaffected by the number of tokens.
With this in mind, our second aim was to examine how
adding tokens affects people’s willingness to make inductive
inferences about a novel property. We manipulated number
of observed tokens from one to four in Experiment 1, and two
to six in Experiment 2. If participants treat repeated
exemplars as types with novel informational value, we should
see the same patterns as observed from our number-of-types
manipulation. Conversely, if participants treat repeated
exemplars as redundant tokens, then property generalization
should be unaffected by additional tokens.

The effect of adding tokens?

Participants. 1100 residents of the United States of America
recruited from Mechanical Turk (MTurk). Data was lost for
107 participants due to a server overload, and 55 participants
were excluded for failing an attention check question. The
final sample size was 938 (48% female, median age = 34).
Participants were paid $1.67USD for the ten-minute task.

This first aim reflects the assumption of most property
induction models that any additional exemplar added to an
evidence sample is a discrete type that provides novel
information. However, in both experimental and real-world
contexts, new exemplars can seem very similar to old
exemplars. In such contexts, it is not clear whether new
instances will be perceived as new types or as new tokens of
the same type. This distinction is important because, unlike
types, new tokens provide no new information to the
reasoner. For example, reading a second copy of a news story
will not provide you with any additional information beyond
the first copy (although it may increase your belief in its
“truthfulness”; see Hasher et al., 1977). Thus, what
informational value do people assign to new tokens, and how
does this affect the breadth of generalization?
Little work has examined the effect of adding tokens on
property generalization. A naïve interpretation of Bayesian
theories of generalization is to treat all additional exemplars
as discrete types, on the assumption that sampling the same
entity twice provides new statistical evidence. However,
other approaches are possible. Types and tokens are treated

Experiment 1
Method

Table 1: The 11 exemplar sets in Experiment 1 include every
possible frequency table consisting of 4 or fewer tokens of
the first type
1 type

2 types

3 types

4 types

1 token

1

11

111

1111

2 tokens

2

21, 22

211

3 tokens

3

31

4 tokens

4

Design and Materials. The between-subjects design
manipulated exemplar set, with each set varying in number
of types and number of tokens. As shown in Table 1, there
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Figure 2: Exemplars shown in the 211 condition, in the bird
trial of Experiment 1
Procedure. Participants completed one “bird trial” and one
“flower trial” in counterbalanced order. In each trial,
participants were asked to imagine they are researching how
common a novel biological property (gabbro bones or nelase
enzymes) is within a biological category (birds or flowers) on
a newly-discovered island. Participants were told they would
observe between one to four exemplars that have the
property. The cover story made it clear that this sample could
include types (e.g., photographs of different birds with the
same novel property) or tokens (e.g., multiple photographs of
the same bird). Type/token status was reinforced by the use
of distinct or identical alphanumeric labels consisting of two
letters and four digits (see Figure 2 for examples).
Participants were then presented with one of the sample
exemplar sets from Table 1. Piloting showed that all sample
stimuli were rated as having similar levels of typicality of
their respective categories (bird or flower). Exemplars were
displayed with their alphanumeric IDs, cumulatively, and
from left to right on the screen. Each exemplar appeared
onscreen for eight seconds before the next appeared.
After all sample exemplars were presented, participants
were asked to generalize the novel property to other
categories on the island (see Figure 3). There were seven
generalization stimuli: one stimulus presented during training
(hereafter the “target” stimulus); and two stimuli each of
high, medium, and low similarity to the training stimuli, as
determined in pilot similarity ratings. Each generalization
stimulus was shown individually, in randomized order, with
the instructions “Based on what you have learned so far, how
likely is it that this bird has gabbro bones/flower has nelase
enzymes?” Participants responded on a ten-point scale
(where “1 = Definitely does not” and “10 = Definitely does”).
Target

High
similarity

Medium
similarity

Low
similarity

Figure 3: Example generalization stimuli for the bird trial

Results and Discussion
Number of types and tokens were coded as categorical
variables. Mean generalization ratings were coded as
continuous variables, but the four generalization categories
were discrete. We averaged generalization ratings across bird
and flower trials (as they did not differ), and across the two
stimuli within each of the high-, medium-, and low-similarity
generalization categories. Analyses were performed using the
BayesFactor package in R (Morey & Rouder, 2015) to
compare ANOVA models.
Before discussing the between-subjects effects of adding
types and adding tokens, we note that within-subjects
generalization ratings decreased with decreasing similarity
(BF10 > 1000). The large positive Bayes factor indicates
strong support for the alternative hypothesis of a difference
between generalization categories, relative to the null
hypothesis of no difference. This is an unsurprising finding
predicted by both Bayesian and non-Bayesian models.
Crossover effect from adding types. We begin with the
effect of adding types, in which all exemplar sets with the
same number of types are grouped together (e.g., “1 type”
includes the 1, 2, 3 and 4 conditions, “2 types” includes 11,
21, 22 and 31, etc.). As shown in Figure 4, adding types
increased property generalization ratings for items with high
similarity to trained items, but decreased generalization
ratings for medium- and low-similarity items (BF10 > 1000 in
all cases). We describe this pattern of monotonicity for the
high-similarity category and non-monotonicity at the
medium- and low-similarity categories as a crossover effect.
Mean Generalisation Rating

were 11 exemplar sets, representing every possible way to
distribute four or fewer tokens of the first type among four or
fewer types. Exemplar sets are labeled in terms of the
frequency table they correspond to. For example, in the “211”
condition the sample was comprised of four instances: two
tokens of the first type, one token of the second type, and one
token of the third type (see Figure 2). Each participant was
shown one exemplar set, chosen randomly.

10
9
8
7
6
5
4
3
2
1

1 type
2 types
3 types
4 types

Target

High

Medium

Low

Generalisation Category
Figure 4: Adding types produces a crossover effect. In this
and subsequent figures, error bars represent standard errors.
The effect of adding types was then examined for each level
of numbers-of-tokens of the first type. The crossover effect
was strongest when comparing 1→2→3→4 but was also
observed for the 2→21→211 and 3→31 comparisons.
The monotonicity effect for the high-similarity category is
consistent with our predictions about generalization to
similar, within-category exemplars. Those who observed a
sample with more types interpreted this as positive evidence
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for the hypothesis that the property generalized to highly
similar types—and thus gave higher generalization ratings.
Conversely, observing more types with the property was
also seen as a signal that the property only applies to similar
types—thus, decreasing generalization ratings for new types
with medium and low similarity to the sample. This nonmonotonicity effect is consistent with predictions made by
Bayesian strong sampling models (Tenenbaum & Griffiths,
2001), and the size principle that these models instantiate.

Mean Generalisation Rating

Null effect of adding tokens. Figure 5 shows the effect of
adding new tokens on property generalization, with all
exemplar sets with the same number of tokens of the first type
grouped together. Adding tokens did not affect generalization
ratings to the target category (BF10 = .008), nor to the
medium- (BF10 = .061), or low-similarity (BF10 = .006)
categories, but did cause tightening (i.e., lower generalization
ratings) for the high-similarity category (BF10 > 1000).
10
9
8
7
6
5
4
3
2
1

Method

1 token
2 tokens
3 tokens
4 tokens

Target

High

Medium

between types and tokens, Experiment 2 again examined the
effect of adding tokens (from this point, we use the term
“exemplars” to avoid confusion), but additionally
manipulating whether repeated exemplars were explicitly
described as tokens (i.e., repeated presentations of the same
exemplar) or as types (i.e., new presentations of different
exemplars). If participants are sensitive to the different
informational value of types and tokens, generalization
patterns will differ between the two groups. Specifically,
adding observations should produce a null effect in the
repetition-as-token conditions, and perhaps an attenuated
crossover effect in the repetition-as-type conditions. Note
that Experiment 1 used images of different parrots, whereas
Experiment 2 used edited images of the same parrot, thus we
do not expect a perfect replication of the crossover effect. We
also predicted that the divergent effect on generalization will
increase as the number of types or tokens increases—thus, we
test an increased range of two to six exemplars.

Participants. 500 residents of the USA recruited from
MTurk. Three participants had incomplete data, and 11 were
excluded for failing the attention check question. The final
sample size was 486 (52% female, median age = 33).
Participants were paid $1.00USD for the six-minute task.
Design. The study used a 5 (number of observations: 2, 3, 4,
5, 6) x 2 (repetition type: repetition-as-token, repetition-astype) between-subjects design, resulting in ten conditions.
All participants were exposed to one type. The dependent
variable was the same as in Experiment 1.

Low

Generalisation Category
Figure 5: Adding tokens did not affect generalization ratings
beyond the 1 token, 1 type condition.
Looking at the token effect for each level of number-oftypes reveals that adding tokens ceased to have an effect
beyond the 1→2 comparison. The added token from 1→2
tightened generalization for high-similarity (BF10 = 7.1) and
medium-similarity categories (BF10 = 782). However, adding
tokens produced a null effect with more than two tokens or
more than one type (BF10 < 1 in all cases). Thus, the main
effect for the high-similarity category appears to be almost
entirely driven by the 1→2 case. The overall null effect
suggests that participants generally viewed repeated
observations of an exemplar as having little effect on property
generalization.

Experiment 2
Experiment 1 found that adding tokens had little effect on
generalization, suggesting participants were appropriately
discounting the informational value of repeated exemplars.
However, it is also possible that participants were simply
ignoring the visually-identical repetitions, without
considering whether repetitions should be treated as types or
tokens. In order to clarify participants’ ability to discriminate

Materials and Procedure. This study used only bird stimuli
(not flowers). Training stimuli were reflected and/or rotated
versions of the first bird image used in Experiment 1 (i.e., the
“Target” bird shown in Figure 3). Image transformations
were used to increase the plausibility of the repetition-as-type
cover story (i.e., that repeated exemplars represent discrete
entities). Participants in repetition-as-token conditions were
told that they may see multiple photographs of the same bird
with the same ID number (as per Experiment 1). Participants
in the repetition-as-type conditions were told that the same
bird was never photographed more than once, and therefore
repeated images represent different birds with different ID
numbers. The training and test procedure was the same as in
Experiment 1, except for an additional check of the repetition
type manipulation. At the end of the experiment, participants
in the repetition-as-token (repetition-as-type) condition were
asked to rate “Based on the birds you saw, how much did you
believe that some of the bird pictures were (not) repetitions
of the same bird?” (1 = “Definitely not repetitions” and 10 =
“Definitely repetitions”).

Results and Discussion
Responses to the repetition question confirmed that this
manipulation worked as intended. Participants in the
repetition-as-token conditions mostly believed birds were
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Mean Generalisation Rating

repetitions of the same bird (mode = 10, M = 7.66, SD = 3.13),
while participants in the repetition-as-type conditions mostly
believed birds were not repetitions (mode = 1, M = 4.88, SD
= 3.31). A Bayesian t-test provided very strong support for
the alternative hypothesis that these means were different,
BF10 > 1000.
Figure 6 shows the effect of adding exemplars separately
for the two repetition type conditions. For repetition-as-token
conditions (top panel), adding exemplars did not affect
generalization at any similarity level (BF10 ranged from .012
to .063), replicating the null effect in Experiment 1. For the
repetition-as-type conditions (bottom panel), adding
exemplars did not affect generalization to the target category
nor did it have any effect for the medium-similarity and lowsimilarity categories (BF10 ranged from .090 to .554). There
was positive evidence for a difference in how people
generalized to the high-similarity category (BF10 = 5.50).
Visual inspection suggests this is a tightening effect with
generalization ratings decreasing as the number of types
increases from 2→3→4 exemplars, but no effect is observed
beyond that. This tightening resembles the tightening
observed at medium- and low-similarity categories in
Experiment 1.

Target

High

Medium

Low

Mean Generalisation Rating

Generalisation Category
2 exemplars
3 exemplars
4 exemplars
5 exemplars
6 exemplars

10
9
8
7
6
5
4
3
2
1
Target

High

Medium

General Discussion
Across two experiments we find that the breadth of property
generalization can change quite substantially with the
number of types, but not with the number of tokens. Adding
types produced a crossover effect that is consistent with a
Bayesian model of inductive generalization, while adding
tokens produced a null effect that implies participants treated
repeated exemplars as having little to no evidentiary value.

The effect of adding types

2 exemplars
3 exemplars
4 exemplars
5 exemplars
6 exemplars

10
9
8
7
6
5
4
3
2
1

This pattern of results is different to Experiment 1, but may
not be surprising given that the exemplars ostensibly
depicting different birds in Experiment 2 were in fact visually
identical. This lack of variability in the initial premise
exemplar set may have caused the “high-similarity”
generalization items in Experiment 1 to be treated as
“medium-similarity” in Experiment 2. Regardless of the
reason, Experiment 2 does provide suggestive evidence that
the type/token status, even for identical-appearing exemplars,
may affect how those exemplars are used in property
induction. Adding exemplars when they are believed to be
tokens of the same type had little effect, but adding the same
exemplars as different types reduced generalization ratings—
at least for some stimuli.

Low

Generalisation Category
Figure 6: The effect of adding exemplars, in repetition-astoken (top panel) and repetition-as-type (bottom panel)
conditions.

In Experiment 1 we found that adding visually distinct
types increased generalization ratings to high-similarity
stimuli (i.e., a monotonicity effect) but decreased ratings to
medium- and low-similarity stimuli (non-monotonicity). The
former effect is consistent with the similarity-coverage model
but the latter is not. To produce non-monotonicity effects in
this model, one would require decreased similarity or
decreased coverage, neither of which arises naturally without
adding auxiliary assumptions to the model. In our studies, we
chose exemplars to ensure that adding types did not decrease
maximal nor average similarity between observed items and
generalization targets. In contrast, the non-monotonicity
effect emerges naturally within a Bayesian approach to
inductive generalization that assumes strong sampling, and
thus predicts the generalization patterns depicted in Figure 1
(Tenenbaum & Griffiths, 2001).
Although previous research has shown that sampling
assumptions in inductive generalization are somewhat
malleable (Ransom, Perfors, & Navarro, 2016), our results
suggest that people rely on something akin to strong sampling
in “typical” property induction scenarios dealing with types.
This finding broadly mirrors the results from Medin et al.,
(2003), though does not agree with findings by Fernbach
(2006). The inconsistency between the current results and
Fernbach (2006)’s findings may arise from our use of
multiple generalization stimuli along a similarity gradient,
compared to Fernbach (2006)’s use of one generalization
exemplar. In light of our findings that non-monotonicity only
occurs when reasoning outside the category of exemplars, it
is possible that his single conclusion exemplar (raccoons)
was not sufficiently dissimilar from the various sets of
premise exemplars to demonstrate non-monotonicity.
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Acknowledgments

The effect of adding tokens has not previously been
investigated in property induction. In Experiment 1, adding
tokens did not change generalization at any similarity level.
This null effect is consistent with Perfors et al. (2014), but
inconsistent with other studies in which token frequency
affects categorization of novel instances (Barsalou et al.,
1998; Nosofsky, 1988). Although these studies differ from
ours in many ways, the most important differences are that:
(1) we measured property induction as opposed to category
learning, and (2) we clearly differentiated between types and
tokens, leaving little room for participants to perceive tokens
as types that provide novel information. On the first point, it
is entirely possible that the relative effects of types and tokens
differs in these different domains. However, it is also possible
that participants in previous studies were simply unable to
differentiate between types and tokens. Compared to our
training set with a maximum of six exemplars representing
four types, Barsalou et al. (1998) presented 30 exemplars of
five different fish, while Nosofsky (1988) presented 48
instances of 12 colors. Perhaps the relatively lighter cognitive
load placed on participants in the present experiments
facilitated the “rational” ignoring of redundant repetition.

The effect of type/token framing
To further investigate the extent to which participants
attend to the relative informational value of types and tokens,
in Experiment 2, we framed repeated exemplars as either new
types, or new tokens of old types, while keeping visual
information constant. Adding repetition-as-types decreased
generalization to high similarity items, whereas adding
repetition-as-tokens had no effect on generalization ratings
(as per the null effect observed in Experiment 1). This
suggests that people are sensitive to the difference in
informational value between types and tokens even in this
“pure framing” context—a sensitivity that many existing
models do not explicitly accommodate. That being said, the
effect size is modest and some degree of caution is warranted
when interpreting this result.

Future work
Similarity-based models of induction cannot account for
the crossover effect of adding types. Bayesian models can,
but they fail to predict the null effect of adding tokens. Our
results therefore point to the need for a Bayesian model of
generalization that assumes strong sampling for types, while
also accommodating a different sampling process for tokens.
This might resemble Goldwater et al., (2006)’s adaptor
grammar model that allows different generative processes for
generating new types compared to copying an old one, or
Navarro, Dry, & Lee (2012)’s model that allows for some
mixture of strong and weak sampling, depending on the
evidence presented. Exactly how you generalize gabbro
bones on your next hike is therefore determined by whether
you were shown types or tokens—and cannot be adequately
predicted by current models.
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an Australian Government Research Training Program
Scholarship. The project was also supported by Australian
Research Council Discovery Grant DP150101094 to BH.

References
Barsalou, L. W., Huttenlocher, J., & Lamberts, K. (1998).
Basing categorization on individuals and events. Cognitive
Psychology, 36(3), 203–272.
Fernbach, P. M. (2006). Sampling assumptions and the size
principle in property induction. Proceedings of the
Cognitive Science Society (pp. 1287-1292).
Goldwater, S., Johnson, M., & Griffiths, T. L. (2006).
Interpolating between types and tokens by estimating
power-law generators. Proceedings of the 18th
International Conference on Neural Information
Processing Systems (pp. 459–466).
Hasher, L., Goldstein, D., & Toppino, T. (1977). Frequency
and the conference of referential validity. Journal of Verbal
Learning and Verbal Behavior, 16(1), 107–112.
Hayes, B. K., & Heit, E. (2017). Inductive reasoning 2.0.
Wiley Interdisciplinary Reviews: Cognitive Science, e1459.
Kemp, C., Jern, A., & Xu, F. (2009). Object discovery and
identification. In Proceedings of the 22nd International
Conference on Neural Information Processing Systems (pp.
925–933).
Medin, D. L., Coley, J. D., Storms, G., & Hayes, B. L. (2003).
A relevance theory of induction. Psychonomic Bulletin &
Review, 10(3), 517–532.
Morey, R. D., & Rouder, J. N. (2015). Package BayesFactor.
Retrieved
from
https://CRAN.Rproject.org/package=BayesFactor
Navarro, D. J., Dry, M. J., & Lee, M. D. (2012). Sampling
assumptions in inductive generalization. Cognitive Science,
36(2), 187–223.
Navarro, D. J., & Kemp, C. (2017). None of the above: A
Bayesian account of the detection of novel categories.
Psychological Review, 124(5), 643–677.
Nosofsky, R. M. (1988). Similarity, frequency, and category
representations. Journal of Experimental Psychology:
Learning, Memory, and Cognition, 14(1), 54–65.
Osherson, D. N., Smith, E. E., Wilkie, O., López, A., & et al.
(1990). Category-based induction. Psychological Review,
97(2), 185–200.
Perfors, A., Ransom, K., & Navarro, D. (2014). People ignore
token frequency when deciding how widely to generalize.
Proceedings of the Cognitive Science Society (pp. 27592764).
Ransom, K. J., Perfors, A., & Navarro, D. J. (2016). Leaping
to conclusions: Why premise relevance affects argument
strength. Cognitive Science, 40(7), 1775–1796.
Tenenbaum, J. B., & Griffiths, T. L. (2001). Generalization,
similarity, and Bayesian inference. Behavioral and Brain
Sciences, 24(04), 629-640.

1204

A context constructivist account of contextual diversity
Shaorong Yan, Francis Mollica, Michael K. Tanenhaus
(syan13@ur.rochester.edu | mollicaf@gmail.com | mtanenha@ur.rochester.edu)
Department of Brain and Cognitive Sciences, University of Rochester, Rochester, NY 14627 USA
Abstract
Word frequency effects have long served as an empirical and
theoretical test bed for theories of language processing. A
number of recent studies have suggested that Contextual Diversity (CD) is a better metric of retrieval processes than word
frequency. Motivated by these findings, we sketch an active
account of lexical access during sentence processing: language users store statistics about contextualized lexical representations and use lexical-contextual relations to both construct context and predict words given the context. In line
with our account, we provide evidence from a frequency judgment experiment suggesting that words are not stored independently of their contexts of use. To further examine CD effects
in reading, we analyzed reading times in self-paced reading
and eye-tracking corpora. We demonstrate that as context is
constructed, the role of CD in lexical retrieval is attenuated,
reflecting a trade-off between context construction and contextualized word prediction.
Keywords: Frequency; Contextual Diversity; Predictability

Introduction
How words are acquired, stored and retrieved are fundamental questions in psycholinguistics. To probe one’s mental representation of word knowledge, i.e., the mental lexicon, researchers have hypothesized and investigated many lexical
properties that might influence word reading/retrieval times.
Among these, the word frequency (WF) effect—more frequently encountered words are processed faster than less frequent words—is perhaps the most established finding (for review, see Adelman & Brown, 2008). Recently, a body of
research has shown that contextual diversity (CD), measured
as the number of unique documents in which a word appears,
predicts both reaction times in metalinguistic tasks (Adelman,
Brown, & Quesada, 2006) and reading times for select words
embedded in sentences (Plummer, Perea, & Rayner, 2014)
over and above WF, raising a challenge to existing models of
the mental lexicon. Inspired by these new findings, we propose a context constructive account of CD effects: Language
users store fine-grained, contextualized statistical information about word distributions; this information is used to construct a discourse context and inform expectations about what
words should be expected in the current context—i.e., a predictability effect.
Current accounts for CD effects are often revised versions of WF effects. At Marr (1982)’s computational level,
WF reflects the probability that a word will be needed
(i.e., need probability) (Anderson & Schooler, 1991). Retrieval processes should be optimized so that words that are
more often needed are retrieved faster. At the algorithmic
level, frequency effects are explained either via acquisition
mechanisms, where more frequent words build stronger retrieval cues (e.g., Plaut, McClelland, Seidenberg, & Patterson, 1996), or via models of lexical retrieval, where search is

performed over frequency ordered representations (e.g., Murray & Forster, 2004). These algorithmic accounts of WF effects can be thought of as passive, meaning that frequency effects are a by-product of how the lexicon is learned/organized.
CD effects are given similar computational-level treatment.
CD is argued to better reflect need probability than WF. After
all, they are highly correlated quantities (ρ = 0.98 or τ = 0.91
for SUBTLEX values). Similar to WF, CD has been incorporated into models of word learning (for review, see Jones,
Dye, & Johns, 2017). To account for CD effect, it was proposed that the predictive power between a context and a word
affects word learning (Jones, Johns, & Recchia, 2012). When
encountering words in new contexts, if the word is not predicted by a context, it is more strongly encoded in memory.
As a result, words that appear in more diverse contexts are
more strongly encoded and more easily retrieved.
Our account is motivated by one important limitation to
past research: Existing accounts treat CD effects as a passive
by-product of how words are acquired or indexed. In other
words, CD is a property of word storage that is independent
of the current context and task. To be fair, this limitation
reflects judicious restriction of theoretical conclusions given
most accounts of CD were motivated by data from metalinguistic tasks—e.g., lexical decision times, naming latency for
words presented in isolation. The few studies with sentence
contexts (Chen, Huang, et al., 2017; Plummer et al., 2014)
have used carefully controlled, experimenter constructed contexts. While such tasks are vital to uncovering how words
are represented, they often do not reflect how words, or other
linguistic information, are naturally acquired and used. Our
account is motivated by the hypothesis that the mental representation of words should be adapted for naturalistic language
processing where rich contexts of use are the norm.

Our Account
We propose an active account of lexical retrieval. Our account is motivated by considerations for how distributions of
words are generated (e.g., Goldwater, Griffiths, & Johnson,
2011). People do not usually walk around the world saying
words at random. Instead, people use language with purpose
in specific contexts. Given that context is predictive of word
use, we argue that the need probability of a word should be
dependent on context1 and context should be incorporated
1 We do not confine our notion of context to local co-occurrence
statistics, e.g., reflected by cloze scores (e.g., Rayner & Well, 1996)
or N-gram probabilities (e.g., Smith & Levy, 2013) but also include
more global and abstract notions of contexts like entities in one’s
surroundings (Tanenhaus, Spivey-Knowlton, Eberhard, & Sedivy,
1995; Hanna & Tanenhaus, 2004) or the current topic/question under
discussion (e.g., Piantadosi, 2014; Roberts, 1996).For a more richly
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into lexical representations. With contextualized word representations, people can form expectations about what words
are likely to be encountered given the current task/context.
When encountering words within a specific context, words
that are more frequent within the current context should be
more expected, i.e., a predictability effect. On the other hand,
when probing linguistic knowledge without any context, e.g.,
when words are presented in isolation in metalinguistic tasks,
or without identifiable discourse context, words that appear in
a larger number of (distinctive) contexts should be more expected, leading to faster reaction time and higher recognition
accuracy for words with higher CD, as observed by Adelman
et al. (2006).
The predictive power between words and contexts is mutual and bi-directional. Contexts are informative of what
words are to be expected and words are indicative of the current topic/context as in a generative model of words and contexts (e.g., Griffiths, Steyvers, & Tenenbaum, 2007) and distributional models of semantics (e.g. Landauer & Dumais,
1997). To be specific, we predict simultaneous access to lexical identity and context of use. Through iterations of interactions between words and contexts, information about what
message is being conveyed is updated and comprehension
is achieved (for discussion, see Kuperberg & Jaeger, 2016).
Based on what contexts a word is associated with, language
users can form expectations about what is the current context
and gradually construct a context as each word comes in; the
constructed context allows them to make predictions about
what words are to come and adjust the constructed context
accordingly if such predictions are not met.
Our proposed account differs from traditional accounts
of CD/WF effects in two aspects. First, we propose that
WF/CD/predictability effects all result from an active word
retrieval process triggered by the current task and context, instead of through a passive generic lexical access process. To
be specific, WF, CD, and predictability effects reflect active
use of stored knowledge to inform expectations about to-beencountered words. Second, our account is “context-centric”
rather than “word-centric”, i.e., we argue that WF, CD, and
predictability effects all result from the interaction between
the current context and the contexts where a word has been
encountered, rather than solely coming from the properties of
the word itself. In other words, it is not the need probability
of a word but the need probability of a word in context that
language users must store.
The probability of a word is then a marginalization:
C

P(w) = ∑ P(w|c) · P(c)

(1)

Under this computational account, retrieval models intimately link words and contexts. Processing level accounts
can now explain CD effects and predictability effects as the
same thing. If CD is really a more accurate read on need probability than WF, we have now unified these three independent
effects into one explanatory framework.
articulated notion of context, see (Clark, 1996).

In the remainder of the paper, we test our account by examining two predictions derived from it. In Experiment 1,
we examine whether language users possess and use finegrained, contextualized statistics of word distributions. In
Experiments 2 & 3, we use corpora of reading time data to
examine whether the CD effect decreases as context is gradually constructed. Taken together, these experiments constitute
the first step towards building an active model of lexical retrieval.

Experiment 12
To provide evidence that lexical representations are dependent on contexts, we adopt a binary 2AFC frequency judgment task (Landauer, 1986). As shown in Equation 1, word
frequency is a function, i.e., marginalization, of contextualized word representations. Under our account, context should
mediate the fidelity with which people retrieve word frequencies. The marginalizing in Equation 1 is costly if there are
many contexts. As a result, people should approximate word
frequency when the context is unknown. In this case, the
search for contexts should serve as an anchoring bias resulting in less accurate frequency comparison judgments (Lieder,
Griffiths, Huys, & Goodman, 2018). At the same time, if the
words occur in the same contexts, direct comparison between
their frequencies are possible, as there will be reduced bias
due to search. Therefore, we expect judgments for words that
are likely to occur in similar contexts to be more accurate
than for words that are likely to occur in dissimilar contexts.
On the other hand, if contexts are independently stored from
words, there is no reason to expect any difference in accuracy
when judging word frequencies across different contexts versus judging word frequencies within the same contexts. In
Experiment 1, we manipulate the likelihood of words occurring in similar contexts by comparing words that come from
the same or different semantic category.

Materials3
We sampled words from the lexical database SUBTLEX
(Brysbaert & New, 2009) in 10 bins of varying log frequency.
We removed words below the bottom 30’th percentile (frequency count of 1) and words above the upper 99’th percentile in word frequency in order to study the intermediatefrequency majority of the lexicon. As a proxy for context,
we selected three semantic categories to group our materials: animals, clothing and food4 . For each category, we chose
two sets of words spanning the 10 frequency bins, resulting in
six sets of words. We chose to use three semantic categories
with two sets of words from each category in an attempt to
reduce category or word effects. Twelve lists of words were
constructed by pairwise combining the six word sets with the
constraint that each list must span two semantic categories.
2 Pre-registered:

https://aspredicted.org/blind.php?x=ds7c7j
code
and
data
are
available
at:
github.com/mollicaf/ContextDiversity
4 Food and animals were selected to be non-overlapping.
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Figure 1: Average frequency discrimination accuracy as a function of log word frequency bin faceted by log reference word
frequency bin. Vertical red lines denote within bin comparison. Line ranges reflect 95% bootstrapped confidence intervals.
Within each list, the words in the item set were pairwise enumerated to construct 190 frequency judgment trials. The experiment was conducted on Amazon Mechanical Turk using
psiTurk (Gureckis et al., 2016).

Participants
Two hundred and forty two participants were recruited via
Amazon Mechanical Turk and paid $2.50 for their participation which lasted approximately fifteen minutes. Nine participants were excluded from analyses for accuracy at chance.

Procedure
Participants were randomly assigned to one experimental list.
Participants were asked to make a two-alternative forced
choice to decide which of two words is more frequent. Participants were instructed to respond as quickly and accurately
as possible. They were told that they should not look up word
frequencies as we are interested in their first impression. On
each trial, two words appeared on clickable buttons located
on opposite sides of the computer screen. Participants were
visually prompted, “Which word is more frequent?” When
they clicked on their response, the next trial began. The trial
order and the presentation order of words were randomized
for each participant. Participants each completed 190 trials.

low frequency words may require a larger gap than is necessary for discriminating two high frequency words. Consistent
with our preregistration, accuracy for same category comparisons was greater than accuracy for cross-category comparisons (β = 0.14, z = 5.53, p < 0.05).
Participants’ accuracy in answering is shown in Figure 1.
The i’th subplot shows participants’ accuracy (y-axis) in distinguishing the i’th bin from each other j’th bin, with the vertical line corresponding to i = j. This shows, for instance,
that people are poor at distinguishing very close i and j (near
the vertical line), as should be expected. The resolution with
which participants store statistical information about word usage is also reflected in the shape of these accuracy curves. If
participants store fine grained statistical information, accuracy should decreased sharply around the vertical lines and
remain relatively high for all other bins. On the other hand,
shallow dips around the vertical line spanning many adjacent
frequency bins is indicative of low resolution representations
of word statistics. The sharper increase in accuracy for contrasts within the same context as opposed to across contexts
is consistent with our account and a good indication that our
effect, albeit small, is signal driven.

Results & Discussion
If lexical representations are contextualized, accuracy for
judgments for words that are likely to occur within the same
context should be greater than accuracy for judgments across
contexts. We analyzed our data using mixed effect logistic
regression with baseline fixed effects—the difference in frequency bin between the two words, max frequency bin of the
comparison and an interaction between max bin of the comparison and difference in frequency bin, and random effects
for subject and list–i.e., the maximally converging random
effect structure. The baseline model controls for the intuitions that large differences in frequency are easier to discriminate, and the influence of the frequency gap may vary over
the range of frequencies. For example, discriminating two

There are two limitations from this experiment that we recommend be addressed by future work. Given the relatively
high accuracy for comparisons distal to the vertical lines in
Figure 1, future work should specifically target the frequency
comparisons nearest the vertical lines rather than span the full
range of frequency. This design consideration would permit
more trials where the effect is largest, providing greater statistical power and better generalizability across items. Second,
the simplification assumption that words from the same semantic category are more likely to occur in similar contexts
needs to be validated, e.g., using distributional representation
of word semantics (Mikolov, Sutskever, Chen, Corrado, &
Dean, 2013).
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Figure 2: Fixed effect coefficients from linear mixed effect models with random intercepts for participant and story. Error bars
reflect 95% bootstrapped confidence intervals. Qualitative results hold throughout five-fold cross validation.

Experiment 2
Context identification is a dynamic process; context is constructed, evolves rapidly and is even forgotten (see Futrell &
Levy, 2017). If context is intimately linked to our distribution of words, predicting what context we are in is vital to
language understanding. Knowing the context updates our
expectations of future utterances. When the context is unknown, the CD of words, or the predictability of the word’s
context, provides updates for the context, much like the predictability of words provides updates for the sentence.
In non-specific contexts, the best guesses about what words
to expect are the words that are more likely to appear in different contexts; as context is constructed, one can use the
statistical information about the distribution of words within
that context to form expectations for future words. Taking
a global approach in Experiment 2, we argue that context is
constructed over the course of reading a coherent discourse
or story. Therefore, we predict that CD effects will be initially observed in reading times of natural text, and that the
CD effect will attenuate as the context gets constructed.

Materials
We analyzed two corpora of self-paced reading (SPR) data:
Mollica and Piantadosi (2017) and Futrell et al. (2017).
Mollica and Piantadosi (2017) had participants (N = 64) read
four ∼ 1000 word excerpts from New Yorker articles in different presentation conditions. For our analysis, we focus on
the single-word, centrally-presented self-paced reading and
masked self-paced reading conditions. Each participant read
two stories each (one masked, one un-masked) in the lab.
Futrell et al. (2017) had (N = 181) participants read ten 1000
word excerpts from natural texts slightly altered to include
low frequency words and syntactic constructions. Participants each read between one and ten stories online via Amazon Mech Turk.
For our baseline model for reading time, we collected word
length, position in text, and bigram surprisal for every word
in our stories5 . We used the bigram surprisal provided with
the datasets, originally calculated from Google N-grams. For
our main predictors, CD and WF, we used the statistics from
5 The baseline model for Mollica and Piantadosi (2017) also contained a fixed effect for Mask type.

Table 1: Model Comparison for Natural Texts
Natural Stories Corpus
New Yorker Excerpts

Add CD (χ2 )
461.18
70.53

Add WF (χ2 )
131.84
3.49

SUBTLEX (Brysbaert & New, 2009). Following convention
in the field, we log transformed both WF and CD for our analyses.

Results & Discussion
Before we analyze our main predictions, we first confirmed
that CD is a better predictor than WF for reading times of
continuous text. Following the methods in the literature (e.g.,
Adelman et al., 2006), we fit for each corpus, three linear
mixed effect models predicting RT with baseline fixed effects
for word length, bigram surprisal, and position in story and
random intercepts for subject and story. One model includes
WF as a fixed effect; one includes CD as fixed effect and the
other includes both WF and CD. We individually compare the
model including CD and WF to the model including both and
replicate the findings of meta-linguistic tasks: adding CD to
a model with only WF better predicts reading time data than
adding WF to a model with CD for both corpora (Table 1).
To explore whether CD effects attenuate with the construction of discourse context, we analyzed the interaction
between CD and word position in two self-paced reading
datasets of natural stories. We fit a mixed effect linear regression with CD and CD by position fixed effects in addition
to our baseline model. As predicted by our hypothesis (see
Figure 2), we found a negative regression coefficient for CD,
suggesting faster reading times for more contextually diverse
words, and a positive regression coefficient for the CD by position interaction, suggesting that the CD effect attenuates as
one reads further into a story—i.e., as context is constructed.
There is one main limitation in our analyses of these SPR
corpora. Over time, participants read words faster. As a result, the variance in reading times and our ability to detect
an effect “shrinks” over time. In this case, the negative interaction term that we observe between CD and position might
be influenced or driven by shrinkage. We have attempted to
remedy this by including by position interactions with other
baseline parameters; however, we quickly run into collinear-
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ity and convergence issues which render the model uninterpretable. We adopt an alternate measure of contextual constraint in Experiment 3 to partially address these concerns.

Intercept
Word Order
Sentence Order
Word Position
Word Length
CD
Entropy
CD * Entropy

Experiment 3
We further test our account by looking at how CD effects are
influenced by more local notions of contextual constraint. As
context identification is a dynamic process, local properties
of a text can influence a reader’s certainty about the discourse
context. We analyzed a corpus of eye-tracking data (the Provo
corpus Luke & Christianson, 2017), which arguably is closer
to naturalistic reading than SPR. The other benefit of this corpus is that it includes cloze test data so that we can measure how specific/constraining the context is without using
word order as a coarse approximation, avoiding the potential
shrinkage problem in Experiment 2.

Materials & Methods
The eye-tracking data used in the analysis are from the Provo
corpus (Luke & Christianson, 2017) where 84 subjects read
55 short passages with an average length of 50 words (range:
39 − 62). The passages were taken from a variety of sources,
including “online news articles, popular science magazines,
and public-domain works of fiction” (Luke & Christianson,
2017).
We used the cloze test data in the Provo corpus to calculate
the contextual constraint upon reading each word. To be specific, we calculated the entropy (H) for each word position
from the cloze probability (pi ) of each word completion:
H = ∑ −pi ∗ log2 pi

(2)

i

This measures the uncertainty about what is the next word
given the context for each word position and reflects the extent to which the context constrains future words. High entropy reflects greater uncertainty about what words are likely
to come next.
We focused on two dependent measures argued to correlated with lexical retrieval (Rayner, 1998): first fixation durations (FFD)—i.e., the duration of the first fixation on a word,
and gaze durations (GD)—i.e., the sum of all fixation durations when encountering a word during first-pass reading.
We fit linear mixed effect model to both eye-tracking measures. The key predictor of interest is the interaction between
log CD (based on SUBTLX) and entropy, i.e., whether the
magnitude of CD effect changes as a function of contextual
constraint. We include baseline fixed effects for word order
(a word’s position within the paragraph), sentence order (a
sentence’s position within the paragraph), word position (a
word’s position within the sentence) and word length. Random intercepts for item and subject were included for each
model.

Results & Discussion
The full model results can be find in Table 2.

FFD
Coef.
t
200.81 *67.65
0.18
*3.21
0.51
0.52
0.06
0.95
1.06
*6.75
−3.19 *−7.27
1.23
*4.40
0.51
1.62

GD
Coef.
186.83
0.35
−1.43
0.06
10.20
−9.59
1.57
−2.39

t
*36.43
*3.69
−0.83
0.59
*39.07
*−13.14
*3.39
*−4.57

Table 2: Coefficients and t-values from linear mixed-effects
models for First Fixation Durations (FFD) and Gaze Durations (GD). (*: p < 0.05)
First Fixation Durations. Consistent with the literature,
we find effects of CD and entropy. FFDs on words with
larger CD are shorter than on words with smaller CD (t =
−7.27, p < 0.05). FFDs on words that with higher entropy
are longer than words that follow a context with lower entropy (t = −4.40, p < 0.05). In contrast to our account, we
do not find a CD by entropy interaction.
Gaze Durations. Again, we find effects of CD and entropy. GDs on words with larger CD are shorter than on words
with smaller CD (t = −13.14, p < 0.05). GDs on words that
follow a context with higher entropy are longer than words
that follow a context with lower entropy (t = 3.39, p < 0.05).
Most importantly, we do find the expected interaction between CD and entropy (t = 4.57, p < 0.05). The CD effect attenuates when the context is more constraining, i.e., when entropy is smaller(for consistent findings, see also Chen, Wang,
Xu, & Tanenhaus, in prep). Importantly this effect is not subject to the shrinkage problem in Experiment 2.

Discussion
In this paper, we propose an active account of lexical retrieval in language processing. Language users store statistics
about contextualized lexical representations and use lexicalcontextual relations to both construct context and predict
words given the context. Our account unifies WF, CD and
predictability effects, framing CD and WF as proxies to the
probability a word will be needed and highlighting the role of
context as an important component of the generative process
of word distributions. In three experiments, we provided evidence for two predictions of our account: 1) Word representation in the lexicon is context-dependent; 2) The effect of CD
attenuates as context is constructed. Our work accords with
the large body of literature showcasing that language users
store rich, contextualized knowledge about the distribution of
linguistic information, and flexibly use such information to
best accommodate the current task and context.
In support of active, predictive language processing, we
demonstrated that the CD effects are smaller when the context is more constraining. This can be viewed as striking a
balance between CD and predictability to best approximate
the need probability in the current context. To further test
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our account, future work is needed to calculate the mutual information between a words and its contexts and quantify the
process of context construction. We can then directly quantify
how such a trade-off is reached and whether it is sensitive to
the task context. Recent approaches have modeled this tradeoff using mixture models (Delaney-Busch, Morgan, Lau, &
Kuperberg, 2017)
Although the focus on this paper is on lexical retrieval, we
note that information at different levels of the linguistic hierarchy is also highly context-sensitive. For example, language
users have been shown to exhibit sensitivity to what possible syntactic structures will likely follow a word (for review,
see MacDonald, Pearlmutter, & Seidenberg, 1994) or even
distributions of phonological information given the syntactic
context (Farmer, Christiansen, & Monaghan, 2006). This explains why the CD effect has also been found at sub-lexical
level (Chen, Zhao, Huang, Yang, & Tanenhaus, 2017). Taken
together, our account is not specific to lexical access but reflects a general principle of how linguistic information is represented and used.
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People gesture when they talk, and often gestures carry information about their thoughts. Beat
gestures, however, which are simple flicks of the hand, are widely believed to carry no semantic
information. Here we challenge this belief with a quantitative analysis of more than 5000
spontaneous co-speech gestures. Participants told stories suggesting literal or metaphorical
motion in one of four directions: up, down, left, or right. They produced beats in the direction
implied by the story, much more frequently than would be expected by chance, not only during
literal spatial language (my rocket went higher), but also when participants used spatial
metaphors for abstract motion (my grades went higher), and when they expressed the same
abstract ideas without using any spatial language (my grades got better). Beats constituted the
majority (76%) of the gestures that storytellers produced. Beat gestures are pervasive and
meaningful, and reveal the spatial scaffolding of abstract thoughts.
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Abstract
Learning in the sciences is difficult for students from
elementary school to university due to misconceptions, or
incorrect prior knowledge, interfering with the acquisition of
new knowledge. The process of replacing previously incorrect
ideas with new and accurate ones is referred to as conceptual
change. Which factors and to what extent they facilitate the
conceptual change is debated. This study primarily
investigates two key components to conceptual change in
scientific knowledge: text style and epistemic beliefs. We also
explored additional contributions of individual differences in
prior knowledge, reading ability, and working memory. 157
college students completed a two-part, within subjects design
study in which they completed pretests, read passages
addressing a misconception, completed posttests, and were
assessed on a battery of the individual difference measures.
We noted conceptual change on the posttest, but individual
readers appeared to respond to the text differently.
Keywords: conceptual change; epistemic beliefs; discourse
processing

Misconceptions and Conceptual Change
Students may struggle to learn scientific concepts due to
pre-existing misconceptions that contradict scientific
evidence on how the world operates. Such ideas can be
resistant to change because they are strongly held beliefs
about the world (e.g. Hewson & Hewson, 1984). Whereas
prior knowledge is often useful in comprehending text (e.g.
Kintsch, 1988), misconceptions contain inaccurate
information, thus creating conflict with educational text.
The process of updating these misconceptions with new,
more accurate information is referred to as conceptual
change (e.g. van den Broek & Kendeou, 2008). According
to the Conceptual Change Model, a reader must recognize
that (1) the misconception is inadequate for explaining
scientific phenomena, (2) the new ideas are intelligible, (3)
plausible, and (4) useful for explaining phenomena (Posner,
Strike, Hewson, & Gertzog, 1982). Many studies explore
the factors that influence conceptual change, but the
mechanisms of this process are not entirely clear.

According to the Knowledge Revision Components
Framework, a key step to encouraging conceptual change
(also referred to as knowledge revision) is making the reader
explicitly aware there is a conflict between previously
acquired knowledge and new information (Kendeou &
O’Brien, 2014). Successful conceptual change occurs when
readers integrate new information into their knowledge
structure, thus decreasing activation of the debunked
misconception.
One way to encourage conceptual change is to read text.
Researchers have explored whether refutation texts are
better at inducing conceptual change than expository texts.
Consider an example targeting the misconception that
meteors that land on Earth are hot. Refutation texts start
with a preface explicitly stating a misconception such as,
“Kate warned everyone not to touch the meteor because it
would be hot and they could get burned. However, Jerry
said that they should not worry because it actually should
not be hot.” (Kendeou, Walsh, Smith, & O’Brien, 2014, p.
396). Expository text, on the other hand, does not explicitly
state the misconception (e.g. “Kate was excited and curious
because she had never seen a meteor on the ground before.
Jerry said he could look up more about meteors in the
astrophysics book that he had.”) (Kendeou et al., 2014, p.
396). Many studies suggest refutation texts are better at
inducing conceptual change than expository texts among
school-aged and college students (Tippett, 2010 for review);
however, there is also evidence suggesting the two text
Styles do not differ in inducing conceptual change (e.g.
Hynd & Guzzetti, 1998).
Epistemic beliefs, a person’s beliefs about the nature of
knowing and the process of knowing, may also affect
conceptual change (Hofer & Pintrich, 1997). For example,
some people have less advanced epistemic beliefs (e.g. they
believe knowledge is rigid and static), thus they are more
resistant to changing their knowledge base. Others have
more advanced epistemic beliefs (e.g. they believe
knowledge is flexible and dynamic), thus they are more
willing to change their knowledge base. Whereas more
experienced students may readily revise their knowledge in
light of reputable evidence, young students may not
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recognize that their current misconceptions are inadequate
for understanding scientific phenomena in the formal
education setting (e.g. Posner et al., 1982).

Present Experiment
Ample evidence suggests misconceptions present challenges
to learning in the sciences. However, there is conflicting
evidence as to whether refutation text is better than
expository text in inducing conceptual change. Furthermore,
much of this evidence has examined the impact of text style
on conceptual change using a between-subjects design (e.g.
Lassonde, Kendeou, & O’Brien, 2016), which limits
knowledge of individual differences in how much
conceptual change readers undergo after reading each text
style. There is also some limited evidence suggesting that
epistemic beliefs may also play a role in conceptual change.
Therefore, we measure the impact of text style and
epistemic beliefs on conceptual change using a within
subjects study manipulating the style of text participants
read (refutation versus expository), which will inform how
individual readers differentially respond to different text
Styles. If there is an effect of text style and epistemic beliefs
on conceptual change, then conceptual change will be
greater after participants read refutation texts compared to
after they read expository texts. Additionally, we expect that
participants with more advanced epistemic beliefs will show
greater amounts of conceptual change than students with
less advanced epistemic beliefs.
A secondary purpose of this study is to explore how
individual differences (e.g. working memory, reading
ability, prior knowledge) play a role in conceptual change.
Previous findings have suggested that these factors matter
for conceptual change (e.g. van den Broek & Kendeou,
2008), while other studies suggest cognitive abilities do not
matter (e.g. Toplak, West, & Stanovich, 2014). Thus, the
extent to which these factors matter in relation to text style
and epistemic beliefs is still not clear but will nevertheless
be explored in the present study.

Astronomy, Genetics, Economics, and Geography) and each
discipline had two topics that were tested (see Table 1). All
text contained the following sections: introduction, premise,
explanation, and conclusion. The key difference between the
refutation and expository versions of text for each topic was
the manipulation of the premise section. The premise
section for the refutation text explicitly states the
misconception and notes the misconception is incorrect. The
premise section for the expository section presents further
information about the topic, but does not explicitly state the
misconception (see Table 2 for an example). We carefully
controlled the length of each text and its subsections. Across
all texts, there was a range of 346-349 words. The premise
section for each version of text was within one word of each
other. The introduction, explanation, and conclusion
sections were exactly the same for each text version.
Table 1: List of disciplines and topics assessed in the study.
Discipline
Physics
Astronomy
Genetics
Economics
Geography

Table 2: Example premise sections of experimental text.
Expository
Whether or not blue stars
or red stars are the hottest
is not that clear to the
casual stargazer. Close
investigation of the visible
light spectrum of stars,
however, does reveal vast
temperature differences.
Astronomers have devised
measures for quantifying
the colors of light the stars
give off and then using
those colors to determine
stellar temperatures.

Method
Participants
One hundred and seventy two college-aged participants
were recruited from Florida State University’s Department
of Psychology (M= 19.28 years, male= 37). 157 participants
completed both sessions and were included in the final
sample. The target initial sample size was 100 college-aged
adults, but since some of the hypothesized effects were not
clearly absent or present according to the prescribed
guidelines (see Frick, 1998), we continued data collection
until we reached approximately the final cutoff sample size.

Materials
Text Design
Following a similar procedure outlined by Lassonde and
colleagues (2016), refutation and expository texts were
written for each topic. Five disciplines were tested (Physics,

Topic
Newton’s 1st law
Newton’s 3rd law
Star formation
Star colors
Alleles
Chromosome
Inflation
Gambler’s fallacy
World geography
Floridian geography

Refutation
Many people think red
stars are hotter than blue
stars because red is often
associated with fire and
other notably hot surfaces
or objects. Astronomers,
however, have found this
idea to be inaccurate.
Quantitative measures of
starlight color and stellar
temperature reveal that
blue stars are actually the
hottest stars while red stars
are the coolest stars.

Pretests and Posttests
Pretests and posttests were identical for each topic. Test
questions for the physics topics were pulled from the Force
Concept Inventory (Hestenes, Wells, & Swackhamer, 1992)
and test questions for the astronomy topics were pulled from
the Star Properties Concept Inventory (Bailey, Johnson,
Prather, & Slater, 2011). Items for the genetics questions
were taken from the Genetics Concepts Inventory (Elrod,
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2007). Items for economics were selected from items
assessing knowledge of inflation from the Economic Model
Questionnaire (Leiser & Briskman-Mazliah, 1996) and the
Gambler’s Fallacy Test (Donati, Chiesi, & Primi, 2015).
The global geography questions were pulled directly from
the compass direction task listed in Tversky (1981) and the
Florida geography questions were constructed in a similar
style (see Figure 1). The topics were split such that each
discipline would have one topic tested at the first session
and one topic tested at the second session. The number of
questions in the pretests and posttests for across topics sets
one and two were close to equal (30 or 33 questions).

accurate responses on the test. Working memory was
measured using an Automated OSPAN task (Unsworth,
McAbee, Redick, & Hambrick, 2015). The OSPAN was
electronically administered using E-prime software. To
measure prior knowledge, participants were asked questions
about which science and social science courses they took at
the high school and undergraduate level and for how many
semesters they took each course. Permission from the
participants was also obtained to gather their ACT scores
from university records. Fifty-nine participants in the final
sample gave consent for their ACT scores to be obtained
from university records. Science ACT scores were used in
this investigation because this particular subtest of the ACT
measures how students rapidly learn information from text
and use it to answer multiple choice questions.

Procedure

Figure 1: World and Florida Geography task and
instructions. The task was identical for the World geography
and Floridian geography tasks.
Epistemic Beliefs
Epistemic beliefs were measured using the Connotative
Aspects of Epistemic Beliefs (CAEB) scale developed by
Stahl and Bromme (2007). This inventory starts with an
opening statement (e.g. “Knowledge in physics is…”) and
includes 24 adjective pairs (e.g. exact—vague) that could be
used to describe knowledge in that given discipline on a
scale of 1-7. For this scale, “1” (e.g. exact) aligns with a less
advanced epistemic belief and “7” (e.g. vague) aligns with a
more advanced epistemic belief. In accordance to the
original scale, some items were reverse coded. Participants
filled out one CAEB scale per discipline (physics,
astronomy, genetics, economics, and geography,
respectively). The score on the CAEB was the sum of
responses, which could range from 24-168. There was one
CAEB score per discipline from each participant and one
overall CAEB score summed across disciplines.
Other Individual Differences
Reading ability was measured using the vocabulary
component of Nelson-Denny (Brown, Fishco, & Hanna,
1993), a standardized reading comprehension ability test
that has been used in prior research of similar nature (e.g.
Ozuru et al., 2009). Participants were instructed to read the
beginning of a sentence prompt and then choose one of five
words that best completed the prompt (e.g. “Economic aid
refers to…” (1) money, (2) information, (3) education, (4)
farming, (5) culture). The final measure was the number of

Experimental Task
This study was a two-part, within-subjects design.
Participants were informed in advance they would be
participating in a two-session study with each session taking
place approximately one week apart and lasting about one
hour each. Time lag between sessions ranged from 5-9 days.
During the first session, participants completed the CAEB
scales, completed a pretest on one of the topics from each of
the five disciplines, read text concerning the topics,
completed an immediate posttest, and completed the
Nelson-Denny. All tasks were completed on a Qualtrics
survey that was saved on lab computers and links were not
externally shared. To avoid carryover effects of text style,
participants read either (1) expository or (2) refutation text
during the first session.
The second session had a similar structure as the first.
Participants answered the science background questionnaire,
completed pretests, but on different topics from the first
session, read text, completed an immediate posttest, and
finished with the OSPAN task. For this second session,
participants read text on different topics from the same five
disciplines, but with a different text style they did not read
during the first session (e.g. refutation if they read
expository text in the first session). All tasks, except for
OSPAN, were completed on a Qualtrics survey that was not
available outside of the lab. OSPAN was operated with Eprime software. The order of topics tested was randomized
across participants and order of Text Style was
counterbalanced across participants.

Results
Description of model
The dependent measure for the study was an item-level
coding of the accuracy of each item (1 = correct, 0 =
incorrect). We conducted a mixed models logistic regression
to predict the log odds of answering an item correctly. The
model included participants and items as crossed random
factors, with text style (expository/ refutation), test time
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(pretest/posttest), and epistemic beliefs (and all the two- and
three-way interactions) as predictors. Binary predictors were
contrast coded (-1, 1), and epistemic beliefs was centered
around its mean prior to analysis. The regression models
reported below contain random slopes of text style and test
time on the participant level as well as the item level
(models with the full complement of random slopes would
not converge).

Main Model1
For the main model we analyzed the complete data set,
collapsing across knowledge domains. Results revealed a
significant effect of test time such that participants
performed significantly better on the posttest compared to
the pretest. This performance difference indicates that
participants did in fact undergo conceptual change through
the course of the experiment. Contrary to our hypothesis,
however, neither text style nor epistemic beliefs were
significant predictors of performance. None of the other
predictors were significant.
Table 3: Analysis for the Main Model.
Fixed effects
Predictor
Test Time
Random slopes
Predictor
Text Style x ID
Text Style x Item
Test Time x Item

Coefficient
0.222
Variance
0.076
0.027
0.171

SE
0.055
SD
0.276
0.165
0.414

t-value
4.019**
χ2
365.971**
144.49**
582.675**

Investigating Differences By Discipline
To further understand the item-level variability present in
our data, we conducted exploratory analyses on each
discipline. The effect of test time on conceptual change
found in the main model was also noted in the Astronomy
model (see Table 4), Economics model (see Table 5), and
Geography model (see Table 6) such that participants
performed significantly better on the posttest compared to
the pretest, which indicates conceptual change within those
content areas. These results, like the main model, however,
cannot be attributed to text style.
There was also a small random effect of epistemic beliefs
noted in the Geography model such that readers with less
advanced epistemic beliefs exhibited more conceptual
change than readers with more advanced epistemic beliefs.
Interactions between text style and epistemic beliefs were
also noted in the Astronomy, Economics, and Geography
models such that refutation text and more advanced beliefs

predicted higher amounts of conceptual change. As there are
significantly fewer items available for analysis within each
discipline model, the power is reduced and these findings
should be treated as preliminary.
Contrary to what we found in the main model, there was
also an interaction of test time and text style in the Physics
model (see Table 7) and Genetics model (see Table 8) such
that there were more accurate responses on the posttest and
with expository text as opposed to pretest and with
refutation text. This interaction effect within the models is
rather small, thus we interpret it with caution.
Table 4: Analysis for Astronomy Model.
Fixed effects
Predictor
Test Time

Coefficient
0.547

Random effects and slopes
Predictor
Variance
Text Style x ID
0.156
Test Time x Item
0.173
Text Style x EB
<0.001

SE
0.128

t-value
4.277**

SD
0.395
0.415
0.009

χ2
220.20**
98.512**
21.049+

Table 5: Analysis for Economics Model.
Fixed effects
Predictor
Test Time

Coefficient
0.215

Random effects and slopes
Predictor
Variance
Text Style x ID
0.082
Text Style x Item
0.022
Test Time x Item
0.156
Text Style x EB
<0.001

SE
0.053

t-value
4.101**

SD
0.286
0.148
0.395
0.002

χ2
533.619**
137.797**
619.196**
0.041+

Table 6: Analysis for Geography Model.
Fixed effects
Predictor
EB
Test Time
Text Style x Test
Time

Coefficient
-0.006
0.161
0.070

Random effects and slopes
Predictor
Variance
Text Style x ID
0.174
Text Style x Item
0.020
Test Time x Item
0.076
Text Style x EB
0.0001

1

To conserve space, only significant results will be displayed in
tables. Significance will be noted as follows: 0.05 level (+), 0.01
level (*), 0.001 level (**). Epistemic beliefs will be abbreviated as
EB. ID indicates variation of random slopes on the participant
level. Random slopes will be discussed in a separate section.
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SE
0.003
0.072
0.031

t-value
-2.017+
2.246+
2.269+

SD
0.418
0.141
0.277
0.008

χ2
365.682**
34.919*
104.294**
39.273*

Table 7: Analysis for Physics Model.
Fixed effects
Predictor
Text Style x Test
Time
Random slopes
Predictor
Text Style x ID
Test Time x Item

(containing 64 items), thus reducing the power available to
make conclusions about the available data.

Coefficient
-0.167

SE
0.076

t-value
-2.203+

Variance
1.219
0.153

SD
1.104
0.391

χ2
690.845**
65.992**

Preliminary Findings on Individual Differences2
Overall, participants with higher reading ability exhibited
more conceptual change. We also note a similar relation in
each discipline, with the exception of physics. We also
found that readers with higher ACT scores exhibited more
conceptual change in the astronomy and geography
disciplines (see Table 9). Due to the small sample size (only
fifty-nine participants granted researchers permission to
access their ACT scores from university records), we
interpret that relation with caution. There were no
significant relations found between prior knowledge,
working memory3, and conceptual change.

Table 8: Analysis for Genetics Model.
Fixed effects
Predictor
Text Style x Test
Time
Random slopes
Predictor
Text Style x ID
Test Time x Item

Coefficient
-0.167

Variance
1.220
0.153

SE
0.076

SD
1.104
0.391

t-value
-2.202+

Table 9: Individual Differences.
Discipline: Predictor
Main: ND
Astronomy: ND
Astronomy: ACT
Genetics: ND
Economics: ND
Geography: ND
Geography: ACT

χ2
690.853**
65.993**

Exploration on the Item and Participant Levels
Random slopes included in the main model were
significant predictors of response accuracy. Specifically, the
random slope of text style across items and participants
were significant, indicating that the difference between
refutation and expository texts varied across participants and
across test items. The significant random slope of test time
across items also indicates that the pretest to posttest
difference varied across items.
Random slopes for each discipline were also explored.
For instance, across all disciplines, there was a significant
random slope indicating a difference from pretest to posttest
across items and a difference in refutation and expository
text across participants. Also consistent with the main
model, the Economics and Geography models showed a
significant random slope of text style on the item level,
indicating a difference in the refutation and expository text
across items.
Despite these similarities in slopes across models, there
were also some differences noted. For instance, there was a
significant random slope of the interaction of text style by
test time on the participant level observed in the Physics and
Geography models, which indicates the differences in
refutation and expository text interacted with differences in
pretest and posttest responses across participants.
Overall, we see that the effects in each discipline model
are not entirely uniform and could be attributed to a number
of factors (e.g. certain items or domains may have been
easier or more difficult for learners, and certain readers may
learn better within the context of the experiment). These
potential factors should be studied further. There were also
significantly fewer items within each discipline model
(ranging from 11-18 items) compared to the main model

Coefficient
1.076
1.428
0.056
1.111
2.179
0.854
0.068

SE
0.197
0.393
0.023
0.404
0.714
0.293
0.017

z-value
5.455**
3.630**
2.420*
2.750**
3.051*
2.917*
4.106**

Discussion
Our investigation of the effects of text style and epistemic
beliefs on conceptual change builds upon previous studies
by directly comparing how individual readers may learn
differently after reading refutation versus expository text. In
general, participants increased their scores between pre- and
post-test, demonstrating that they did undergo conceptual
change within the experiment. However, the effect of
conceptual change did not vary across text styles (consistent
with Hynd & Guzzetti, 1998) or readers’ individual
epistemic beliefs. Instead, random slopes reveal that there is
variability in how individual students respond to different
text types.
Analyses within disciplines revealed finer grained
differences in this observed conceptual change. For
instance, epistemic beliefs appeared to influence learning in
astronomy, economics, and geography domains which is
consistent with prior work that more advanced epistemic
beliefs encourage learning (Hofer & Pintrich, 1997);
however, these effects were not consistent across all
domains. These findings suggest that epistemic beliefs are
more important in some domains compared to others, and
have implications for how educators may need to address
epistemic factors in instruction. These differences in
2

For the sake of brevity, only significant results are discussed. ND
refers to Nelson-Denny. ACT refers to ACT science scores.
3
Due to systematically missing data collected from the OSPAN,
we were unable to reliably determine whether or not there was a
relation between working memory and conceptual change.

1216

epistemic beliefs across disciplines may also help account
for disagreement in the role of this factor in prior work.
We next comment on why we failed to find differences
between refutation and expository texts on conceptual
change. Previous work on text style and conceptual change
had suggested that not only the style, but also the quality of
explanation matter for inducing conceptual change. Thus, it
is possible that explaining why a misconception is false
could induce conceptual change irrespective of the text style
(refutation vs. expository; e.g. Lassonde et al., 2016).
Future work will have to disentangle extent to which the
text style and the explanation quality could induce
conceptual change. Future work would also need to
determine if the difference in text style and conceptual
change can be reliably attributed to the tested disciplines. It
is possible that certain concepts were simply easier to learn
than others, and that some individuals were able to learn
from the text more easily than others.
Preliminary investigation of individual differences reveals
that reading ability and science ACT scores predict
conceptual change in some disciplines. This finding is not
too surprising considering that one’s ability to learn from
short science passages (as required on the ACT science
section) and general reading ability would be generally
useful in acquiring new information in this experiment. This
result is also consistent with the idea that better readers are
better comprehenders (e.g. Ozuru et al., 2009).
While the overall effect of conceptual change cannot be
readily attributed to either text style or epistemic beliefs, we
do observe some finer nuances of those two factors
influencing conceptual change on the item and participant
levels across disciplines. Thus, it appears that while
individual participants do generally show more conceptual
change on posttest performance, the style of text that
induces the most conceptual change varies by reader, which
would suggest that one text style may not be the best
solution for all students.

Acknowledgements
This research is preregistered on Open Science Framework
(https://osf.io/etpr7/).

References
Bailey, J., Johnson, B., Prather, E., & Slater, T. (2011).
Development and validation of the star properties concept
inventory. International Journal of Science Education,
34(14), 2257.
Brown, J., Fishco, V., & Hanna, G. (1993). Nelson-Denny
reading test: Manual for scoring and interpretation.
Chicago: Riverside Press.
Donati, M.A., Chiesi, F., & Primi, C. (2015). The role of
probabilistic reasoning abilities on adolescent risk taking.
The Mathematics Enthusiast, 12(1-3), 262-274.
Elrod, S. (2007). Genetics concept inventory. Retrieved
from http://bioliteracy.colorado.edu/Readings/
papersSubmittedPDF/Elrdo.pdf

Frick, R.W. (1998). A better stopping rule for conventional
statistical tests. Behavior Research Methods, Instruments,
and Language, 25, 43-58.
Hestenes, D., Wells, M., & Swackhamer, G. (1992). Force
concepts inventory. Physics Teacher, 30(3), 141.
Hewson, P.W., & Hewson, M.G. (1984). The role of
conceptual conflict in conceptual change and the design
of science instruction. Instructional Science, 31, 1-13.
Hofer, B.K., & Pintrich, P.R. (1997). The development of
epistemological theories: Beliefs about knowledge and
knowing and their relation to learning. Review of
Educational Research, 67(1), 88-140.
Hynd, C., & Guzzetti, B.J. (1998). When knowledge
contradicts intuition: Conceptual change. In C. Hynd
(Ed.), Learning from text across conceptual domains (pp.
139-164). Mahwah, NJ: Lawrence Erlbaum Associates.
Kendeou, P., & O’Brien, E.J. (2014).The Knowledge
Revision Components (KReC) Framework: Processes and
mechanisms. Processing inaccurate information:
theoretical and applied perspectives from cognitive
science and the educational sciences, 353.
Kendeou, P., Walsh, E.K., Smith, E.R., & O’Brien, E.J.
(2014). Knowledge revision processes in refutation texts.
Discourse Processes, 51(5-6), 374-397.
Kintsch, W. (1988). The role of knowledge in discourse
comprehension: A construction-integration model.
Psychological Review, 95(2), 163-182.
Lassonde, K.A., Kendeou, P., & O’Brien, E.J. (2016).
Refutation texts: Overcoming psychology misconceptions
that are resistant to change. Scholarship of Teaching and
Learning in Psychology, 2(1), 67-78.
Leiser, D, & Briskman-Mazliach, R. (1996). The economic
model questionnaire. Ben-Gurion University, Beer Sheva.
Posner, G.J., Strike, K.A., Hewson, P.W., & Gertzog, W.A.
(1982). Accommodation of a scientific conception:
Towards a theory of conceptual change. Science
Education, 67, 489-508.
Stahl, E., & Bromme, R. (2007). The CAEB: An instrument
for measuring connotative aspects of epistemological
beliefs. Learning and Instruction, 17, 773-785.
Tippett, C. D. (2010). Refutation text in science education:
A review of two decades of research. International
Journal of Science and Mathematics Education, 8, 951970.
Toplak, M.E., West, R.F., & Stanovich, K.E. (2014).
Assessing miserly information processing: An expansion
of the cognitive reflection test. Thinking and Reasoning,
20(2), 147-168.
Tversky, B. (1981). Distortions in memory for maps.
Cognitive Psychology, 13, 407-433.
Unsworth, N., Heitz, R.P., Schrock, J.C., & Engle, R.W.
(2005). An automated version of the operation span task.
Behavior Research Methods, 37, 498-505.
van den Broek, P., & Kendeou, P. (2008). Cognitive
processes in comprehension of science texts: The role of
co-activation in confronting misconceptions. Applied
Cognitive Psychology, 22, 335-351.

1217

Balancing informational and social goals in active learning
Erica J. Yoon*, Kyle MacDonald*, Mika Asaba, Hyowon Gweon, and Michael C. Frank
{ejyoon, kylem4, masaba, hyo, mcfrank} @stanford.edu
Department of Psychology, Stanford University
*These authors contributed equally to this work.
Abstract
Our actions shape what we learn. Because of this dependency,
learners are proficient at choosing their actions to maximize
their information gain. However, learning often unfolds in
social contexts where learners have both informational goals
(e.g., to learn how something works) but also social goals (e.g.,
to appear competent and impress others). How do these goals
shape learners’ decisions? Here, we present a computational
model that integrates the value of social and informational
goals to predict the decisions that people will make in a simple
active causal learning task. We show that, in a context where
the informational and social goals are in conflict, an emphasis on performance or self-presentation goals leads to reduced
chances of learning (Exp. 1) and that social context can push
learners to pursue performance-oriented actions even when the
learning goal is highlighted (Exp. 2). Our formal model of
social-active learning successfully captures the empirical results. These findings are first steps towards understanding the
role of social reasoning in active learning contexts.
Keywords: active learning; social reasoning; information
gain; OED; self-presentation; goal tradeoffs

Introduction
Imagine you are a novice cook and have to decide what meal
to prepare for a first date. Should you choose an easy favorite or attempt a new dish? The familiar recipe can ensure
a good meal, but the new recipe could be even more delicious, although it has a higher chance of failure. In this type
of explore-exploit dilemma (Sutton & Barto, 1998), you can
either explore the new recipe that might result in a more delicious dish (learning goal), or exploit your previous experience and knowledge to ensure a good meal (performance
goal). Here, we explore the idea that social factors shape the
goals we consider by formalizing the learning-performance
goal tradeoff using a simple active learning context.
Active learners have control over the sequence of information during learning (e.g., press buttons on a toy, one by one,
to see their effect). One key assumption of active learning
is that people maximize the utility of their actions by gathering information that is especially helpful for their learning.
Empirical work in education (Grabinger & Dunlap, 1995) and
cognitive psychology (Castro et al., 2009) suggests that active
contexts lead to faster learning than passive contexts where
people do not have control over the flow of information.
Real-world learning, however, usually takes place in rich
social contexts with teachers, peers, or others who can directly influence our learning. Indeed, adults and children
modulate their inferences depending on how others (e.g.,
teachers) select their actions (Shafto, Goodman, & Frank,
2012), and understand that socially communicated information licenses different inferences than information generated
on their own (e.g., Xu & Tenenbaum, 2007). But even when

we learn from our own actions, our social environment may
affect our self-directed learning process. While previous
models have captured how we optimize learning, either from
our own actions or from others, they have been agnostic to
other social factors that are ubiquitous in a learner’s environment. People must integrate the value of social goals and
informational goals when deciding what to do.
How can active learning models accommodate this richer
set of utilities? As a step towards answering this question,
we model a learner who considers a mixture of learning
and performance goals. A key assumption underlying recent Bayesian models of human social cognition is that people expect others to act approximately optimally given a utility function (e.g., Goodman & Frank, 2016; Jara-Ettinger,
Gweon, Schulz, & Tenenbaum, 2016). Our model adopts this
utility-theoretic approach, and assumes an agent who reasons
about the utility function that represents a weighted combination of multiple goals (Yoon, Tessler, Goodman, & Frank,
2017) in a social active learning context.1
We instantiate our model in a simple causal learning task
and examine how people choose actions that support learning
vs. performance goals in different social contexts. We present
a toy with an ambiguous causal mechanism (Fig. 1). For this
toy, doing only one of the two possible actions (handle pull or
button press) disambiguates its causal mechanism but potentially risks no immediate effect (neither sound nor light turning on), while doing both actions simultaneously is immediately rewarding (music and light on) but is not informative for
learning the toy’s causal mechanism. Thus, the learner can
pick an action that leads to a discovery (exploration; learning) or an immediate reward (exploitation; performance). The
1 Such models are commonly used to approximate group-level
behavior, without the strong assumption that individuals must be
strictly optimal (e.g., Frank, 2013).
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Figure 1: An example of the toy used in our paradigm.

Figure 2: Model schematic for the learner’s inference. The learner considers possible hypotheses: Toy 1 (handle pull turns on
the light, button press turns on music, both actions cause both effects); Toy 2 (handle pull turns on music, button press turns on
the light, both actions cause both effects); and Toy 3 (both actions cause both effects, but each action on its own does not produce
any effect). The learner also considers his goals. When an observer is absent, he considers his learning goal and performance
goal and chooses an action. The learning goal favors a “single” action (e.g., pull the handle only) that can fully disambiguate,
whereas the performance goal favors the “both” action (pull the handle AND push the button) that guarantees the most salient
reward. When an observer is present, the learner considers the learning, performance (not shown), and self-presentation goal.
learner’s decision depends on the relative utilities he assigns
to learning versus performance, which in turn are shaped by
the social context (e.g., the presence or absence of his boss).2
In two experiments, we show that emphasizing performance or self-presentation goals leads to actions that are uninformative and reduces the chances of learning (Exp. 1).
Next, we show that the presence of an observer pushes learners to consider performance/presentation actions even when a
learning goal is emphasized (Exp. 2). Finally, we show that
the empirical results are consistent with predictions of our
cognitive model of social-active learning.

Computational model
We model a learner L who chooses his action a approximately
optimally (as per optimality parameter λ) with respect to his
goal based on the expected total utility Ut given his action and
presence of an observer o:
PL (a|o) ∝ exp(λ · E[Ut (a, o)]).
The total utility is defined as:
Ut (a, o) = φlearn ·Ulearn (a)+φ per f ·U per f (a)+δo ·φ pres ·U pres (a),
where φs are weights that are inferred for each utility from
data and δo is a Dirac delta function that is 1 if there is an
observer, and 0 if there is no observer. Below we describe the
structure of each utility (see Fig. 2 for the model schematic).

Learning utility The learning utility captures the goal to
learn new information, specifically how a given toy works
in our paradigm. The learning utility (Ulearn ) in our model
is derived from Optimal Experiment Design models (OED;
Nelson, 2005), which quantify the expected utility of information seeking actions. The learner is uncertain about the
mechanism of toy t and wants to decrease his uncertainty by
taking an action. Information gain captures the change in
the learner’s entropy (uncertainty) before and after seeing an
outcome of the action. To maximize information gain, the
learner sums the information gain from each outcome m in
the set of possible outcomes M (e.g., music on), weighted by
the probability of that outcome given the action. Thus,
Ulearn (a) ∝

∑

P(m|a)[H(t) − H(t|m, a)],

m∈M

where H(t) is the Shannon entropy of the learner’s guess
about the toy (MacKay, 2003). Once the learner chooses an
action and observes an outcome, he updates his beliefs about
each hypothesis via standard Bayesian updating. Finally, we
scale the utility by log2 n, where n is the number of possible
actions, to convert the utility to a value between 0 and 1.
Performance utility The performance utility is the utility of achieving an immediate reward outcome. Within our
paradigm, the learner gains utility from an immediate effect
of music or light turning on. The expected performance utility
(U per f ) before the learner chooses an action is the likelihood
of an effect m given the action a:

2 From here on, we use a male pronoun for Bob, the learner, and
female pronoun for Ann, the boss and observer.

1219

U per f (a) = PL (m|a).

Presentation utility When there is another person present
to observe the learner’s action, the observer O is expected to
reason about the learner L’s competence, equal to whether
the learner was able to make the toy produce an effect. The
learner thinks about the observer’s inferential process, and the
expected presentation utility (U pres ) is based on maximizing
the apparent competence inferred by the observer:

out the correct label for the toy (Learning); make the toy play
music (or turn the light on; Performance); or impress their
boss and show that they are competent (Presentation). We
asked participants to select an action out of the following set:
“press the button”, “pull the handle”, or “press the button and
pull the handle.” The order of actions was randomized.

U pres (a) = PO (m|a),
where PO (m|a) is the observer’s own estimate of the likelihood of an effect given the learner’s action.3

Experiment 1
In Exp. 1, we first wanted to confirm that participants would
choose different actions depending on what goal was highlighted. We were also interested in how people would act
when no explicit goal was specified within the task. Participants were asked to act on a toy with an ambiguous causal
structure, and were assigned to different goal conditions: (1)
Learning (i.e., learn how the toy works), (2) Performance
(e.g., make the toy play music), (3) Presentation (i.e., impress
their boss), and (4) No goal specified. We hypothesized that
participants would choose an informative action more often
in the following order of goal conditions (decreasing): Learning, No-goal, Performance, and Presentation.4

Method
Participants We recruited 196 participants (45-51 per condition) on Amazon’s Mechanical Turk, with IP addresses in
the US and a task approval rate above 85%. We excluded 7
participants who failed to answer at least two out of three manipulation check questions correctly (see Procedure section
for details on the manipulation check), and thus the remaining 189 participants were included in our final analysis.
Stimuli and Design We presented instructions for 3
similar-looking toys that work in different ways in a deterministic manner (see captions for Fig. 2). The instructions
conveyed that pressing both the button and pulling the handle
was immediately rewarding but uninformative. In contrast,
either of the single actions was completely disambiguating,
but was uncertain to produce an immediate outcome. The
front of each toy labeled its action(s)–outcome link.
We asked participants to act on one of these toys; importantly, the given toy was missing its label, leading to uncertainty about its causal structure. We randomly assigned participants into four goal conditions. In the No-goal condition
we did not specify any goal for participants. In the Learning,
Performance, and Presentation conditions, we asked participants to imagine they were toy developers and one day their
boss approached them. We instructed participants to: figure
3 We

assume that the observer is naive about the toy’s causal
structure; if the observer is knowledgeable, U per f and U pres will diverge, which is an important consideration for future work.
4 Our hypothesis, method, model and data analysis were preregistered prior to data collection at https://osf.io/kcjau.

Figure 3: Behavioral results for Exp. 1. A: Proportion of
action decisions for each condition. Error bars are 95% binomial CIs based on a Bayesian beta-binomial model. B: Distribution of response times on the action decisions. C: Distribution of participants’ belief change (information gain in
bits) by condition. Higher values represent more information
gained from the action selection.
Procedure In the exposure phase, we showed participants
an example toy and gave instructions for three toy types. We
first presented the instructions for the single action toys (Toy
1 and Toy 2) in a randomized order, and then presented the instructions for the both action toy (Toy 3). After instructions,
participants indicated what action would make each toy operate (e.g., “How would you make [this] toy play music?”) to
show that they understood how the different toys worked.
In the test phase, participants read a scenario for one of
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the four goal conditions, followed by the question: “If you
only had one chance to try a SINGLE action [to pursue the
specified goal], which action would you want to take? You
will get a 10 cent bonus . . . if you [achieve the given goal]”.
Both before and after the critical action decision trial, we
asked participants to rate the likelihood that the unknown toy
was Toy 1, 2, or 3, which indexed participants’ prior beliefs
about how the toys were likely to function and their belief
change after selecting an action and observing its effect.

Results and discussion
Action decisions: We modeled action decisions (informative “single” vs. rewarding “both” action) using a logistic
regression action ∼ goal condition with the No-goal condition as the reference category.5 Participants’ tendency to select a “single” action varied across conditions as predicted
(Fig. 3A), with the highest proportion in the Learning condition6 , followed by No-goal, Performance, and Presentation.
Compared to the No-goal condition, participants selected
the single action at a greater rate in the Learning condition
(β = 1.18, [0.82, 1.55]) and at lower rate in the Presentation
context (β = -1.53, [-2, -1.06]), with the null value of zero
difference condition falling well outside the 95% HDI, and at
similar rate in the Performance condition (β = -0.65, [-1.04,
-0.27]) with the 95% HDI including the null.
Action decision times: As an exploratory measure, we analyzed decision times, or the latency to make an action selection as measured from the start of the action decision trial (all
RTs were analyzed in log space), using the same model specification as action decisions. Fig. 3A shows the full RT data
distribution. Compared to the No-goal condition, participants
took longer to generate a decision in the Learning condition.
In contrast, participants in the Performance and Presentation
conditions produced similar decision times. These findings
suggest that reaching a decision in the Learning condition was
cognitively more effortful than the other conditions.
Belief change: We quantified participants’ change in beliefs about the toy using information gain. We computed
the Kullback-Leibler (KL) divergence both before and after
participants’ action selections. The KL divergence gives a
measure of the distance between the correct7 probability dis5 In all analyses, we fit Bayesian regressions to estimate condition differences. We report uncertainty using 95% Highest Density
Intervals (HDI), which provide a range of plausible condition differences. We combined the two single action choices – button press
or handle pull – into one ”single” action in our analysis, as both of
those choices are fully informative and do not differ in their salience
as suggested by judgments in a separate prior elicitation task.
6 Note that the proportion of “single” action choices did not exceed 66.7% in any condition, including the Learning context. This
suggests that “both” action choice might have been especially salient
in our one-shot decision task since participants may have been drawn
to the immediate rewarding effect.
7 Note that since the action-effect link was deterministic, the correct belief distribution is a function of participant’s action decision.
For example, if a participant selected the button action, then Bcorrect
placed 100% of the probability mass on the button hypothesis.

tribution and the participant’s beliefs about the identity of
the unlabeled toy. We notate participants’ belief distributions as B prior and B prior+a and the correct distribution as
Bcorrect . The difference between these KL divergences provides the number of bits of information gained due to the action: IG(a) = DKL (Bcorrect ||B prior ) − DKL (Bcorrect ||B prior+a ).
We modeled information gain as a function of goal
condition and action choices: IG ∼ goal condition +
action response (Fig. 3C). Across all conditions, people who
selected the single action showed a greater gain in bits of information (βsingle = 0.91, [0.77, 1.05], i.e., learned more from
their action. We did not see evidence of an interaction between goal and action selection. However, a larger proportion of participants selected a single action in the Learning
context, so learning was more likely in this condition.

Experiment 2
In Exp. 1, we confirmed that participants selected different
actions depending on the type of goal emphasized. In Exp. 2,
our goals were three-fold: (1) to replicate the results from
Exp. 1; (2) to manipulate goals and the presence/absence
of another person (social/no-social) independently, allowing
us to measure the interaction between goals and social context; and (3) to compare empirical data with predictions of
our computational model. Our key behavioral prediction was
an interaction: that participants would be less likely to select a single (more informative) action in the Learning goal
and No-goal conditions when their boss was present. We also
predicted a null result: that the presence of the boss should
not affect action decisions in the Performance condition.

Method
Participants Using the same recruitment and exclusion criteria as Exp. 1, we recruited 347 participants (42-51 per condition), and included 325 participants in our final analysis.
Stimuli and Design The stimuli and design were identical
to Exp. 1, except we had 7 different goal × social conditions.
Goals were identical to Exp. 1; social context varied depending on whether the boss was present (Social) or absent (Nosocial) in the story. The conditions were: Social-learning,
Social-performance, Social-presentation, No-social-no-goal,
No-social-learning, No-social-performance, and Social-nogoal. Note that we did not have No-social-presentation condition, because the presentation goal was defined by presenting oneself as competent to another person.
Procedure

The procedure was identical to Exp. 1.

Results and discussion
Action decisions: We modeled action decisions using a
logistic regression specified as action ∼ goal condition ∗
social context with the No-social-no-goal condition as the
reference category. We replicated the key finding from
Exp. 1: participants selected a “single” action more often in
the Learning goal condition, followed by the No-goal, Performance, and Presentation conditions (Fig. 4A). There was
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a main effect of social context, with participants being less
likely to select the single action when their boss was present
(β = -0.521, [-1.005, -0.053]). Finally, there was evidence for
a reliable interaction between goal condition and social context such that the effect of social context was present in the
Learning and No-goal conditions, but not in the Performance
condition (β per f −social−int = 1.148, [0.049, 2.296]).
Action decision times: We replicated the key decision time
finding from Exp. 1: Participants made slower decisions in
the Learning context than in Performance/Presentation. On
average, participants took 39.32 seconds to make a response
in the No-goal condition and 40.72 sec in the Learning condition. In contrast, decisions were faster in the Performance (β
= -7.67 sec, [-14.01, -1.25]) and Presentation (-10.66 sec, [18.37, -3.36]) conditions, which were similar to one another
(Fig. 4B). There was no evidence of a main effect of social
context or an interaction between goal condition and social
context. Note that here we did not see a difference in decision
times between the Learning and No-goal conditions, which is
different from the pattern in Exp. 1.
Belief change: We replicated the information gain effect
from Exp. 1: Participants who selected a single action showed
greater information gain across all conditions (βsingle = 0.63,
[0.4, 0.86]. There was no evidence of a main effect of social
context or two-/three-way interactions between social context, goal, and action choice. As in Exp. 1, more participants selected the single action in the Learning condition, especially in the No-social context, meaning information gain
was most likely in this learning context.
BDA model-data fit: In our paradigm, participants chose
an action based on a certain goal.8 We assumed that the goal
descriptions (e.g., “impress your boss”) conveyed to the participants a particular set of goal weights {φlearn , φ per f , φ pres }
used to generate action choices. We put uninformative priors
on these weights (φ ∼ Uni f (0, 1)) and inferred their credible
values for each social-goal condition, using Bayesian data analytic techniques (Lee & Wagenmakers, 2014).
The inferred goal weights were consistent with our predictions (Fig. 4D). φlearn was highest for the No-social learning condition, whereas φ per f and φ pres together made up the
highest portion in the Presentation condition, with high social
pressure to appear competent.
We also inferred another parameter of the cognitive model,
the optimality parameter λ, which represents how optimally
the agent acts with respect to the total utility. We put uninformative prior on the parameter (λ ∼ Uni f (0, 10)) and inferred
its posterior credible value from the data. We ran 4 MCMC
chains for 100,000 iterations, discarding the first 50,000 for
burnin. The Maximum A- Posteriori estimate and 95% HDI
Interval for λ was 4.79 [3.96, 6.2].

Figure 4: Behavioral and model results for Exp. 2. A: Action
decisions from human data (top) and fitted model predictions
(bottom). Color represents social context. B and C: Decision
times and belief change respectively, collapsing across social
contexts. D: Inferred phi values for each condition. All other
plotting conventions are the same as Fig. 3.

8 For

action priors, we used a separate task in which people indicated the likelihood for selecting an action without any information
about possible hypotheses or goals. We used the mean likelihood for
each action choice as baseline priors in our model.

The fitted model predictions of action choices are shown
in Fig. 4A (bottom). The model’s expected posteriors over
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action choices capture key differences between conditions:
the single action was more likely for No-social than Social
conditions overall, but not when the performance goal was
highlighted. The model was able to predict the distribution of
action responses with high accuracy r2 (21) = 0.9.

ture and their social environments become more complex,
children may start to emphasize performance or presentation
goals. Overall, this work represents a first step to answering
these rich questions that ultimately seek to unify theories on
active learning and social reasoning.

General Discussion
How do social contexts shape active learning? We proposed
that people integrate informational and social goals when deciding what to do. In two experiments, we showed that people chose more informative actions when learning goals were
highlighted and in the absence of a relevant social context
(no boss present), while they chose more immediately rewarding actions when performance/presentational goals were
highlighted, especially when a boss was present. When no
goal was specified, people’s behavior seemed to reflect a mixture of goals. Our model of social-active learning successfully captured key patterns in people’s action decisions.
This work begins to bring active learning accounts into
contact with social learning theories. We used ideas from Optimal Experiment Design, which models active learning as a
process of rational choice to maximize information gain, and
Rational Speech Act models, which formalize recursive social reasoning within a Bayesian framework. We included social information within a formal utility-theoretic framework,
building a richer utility function that represented a weighted
combination of informational and social goals.
There are limitations to this research that present opportunities for future work. First, we did not differentiate between performance and presentation goals, as the choice of
performing both actions satisfies both of these goals in our
task. Enriching the space of possible actions could tease apart
actions driven by self-presentation, especially when the optimal action for demonstrating one’s competence may be different from the action for immediately rewarding outcomes.
Second, we used a particular social context (the presence
of a boss) to emphasize presentational goals. Our model
can be extended to explain a richer set of social considerations, such as other kinds of observers (e.g., a teacher
who wants the learner to select actions that facilitate learning). Third, we limited people to a single action choice.
While this allowed for a clean measurement of differences
across conditions, real-world learning often involves sequential decision-making (e.g., Ho, Littman, MacGlashan, Cushman, & Austerweil, 2016) that could cause learners to prioritize different goals depending on their prior actions or the
probability of interacting with an observer in the future.
Another interesting open question is how our model could
be used to understand change in active learning over development. Our framework could allow us to measure children’s
developing goal preferences as they gain better social reasoning and meta-cognitive abilities. One prediction is that
young children focus on learning goals earlier on when they
are surrounded by familiar caregivers who scaffold learningrelevant actions. But as their social reasoning abilities ma-

All experiments, data, model, and analysis codes
are available in the public repository for the project:
https://github.com/kemacdonald/soc-info
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Abstract
Allen Newell’s Knowledge Level theory is a philosophical
position on the reality of knowledge that is best understood
through the lens of Pragmatism--specifically, the view that the
practical effects of general concepts are indelibly linked with
the reality of those concepts. Consequently, the reality of the
knowledge level is context-dependent. Newell’s theory
reduces the complexity of analyzing every mechanism behind
intelligence systems by abstracting away details irrelevant to
predicting behavior and, as such, is more important than ever
in light of current challenges in cognitive science.
Keywords: Knowledge Level; Knowledge Representation;
Cognitive Modeling; Cognitive Architectures; Inter-theoretic
Levels; Agency; Behavioral Prediction.

Introduction
Although talk of ‘levels’ is rampant in cognitive science,
Newell’s (1982) theory of levels is distinct in that he argued
that his levels actually existed as realities in the world. That
is, Newell viewed systems levels as an ontology rather than
an epistemology. Newell clearly stated, “Computer systems
levels are a reflection of the nature of the physical
world…they are not just a point of view that exists solely in
the eye of the beholder” (Newell, 1982, pp.12-13).
Newell’s view that systems levels represent ontological
realities in the natural world is perhaps most challenging
when applied to his idea of the Knowledge Level (KL),
because it implies that ‘knowledge’ (belief) has a real,
ontological existence. Newell’s KL theory is an evolution of
several ideas that have wound their way through the history
of the study of the mind but in particular it shares a great deal
in common with Daniel Dennett’s Intentional Stance (IS)
(Dennett, 1987) and Karl Popper’s Rationality Principle (RP)
(Popper, 1994).
Newell used the term, Rationality Principle, to describe the
operating mechanism behind the KL. According to Newell,
the rationality principle states that an agent will use the
knowledge it has of its environment to achieve its goals
(Newell, 1982, p.17). Although, as far as we can see, Newell
did not reference Popper, he was likely referring to Popper’s
Rationality Principle as his description seems identical.
In terms of the IS, Newell was more clear and stated that,
“The intentional stance corresponds to the knowledge level”,
however, “The intentional stance is unalterably separated
from the physical … there is little doubt that both Dennett
and myself are reaching for the characterization of exactly the

same class of systems…in particular the role of rationality is
central to both” (Newell, 1982, p.34). According to Newell,
“To treat a system at the knowledge level is to treat it as
having some knowledge, some goals, and believing it will do
whatever is within its power to attain its goals, in so far as its
knowledge indicates” (Newell, 1982, p.13). Similarly,
Dennett explained that in the IS, “You decide to treat the
object whose behavior is to be predicted as a rational agent;
then you figure out what beliefs [knowledge] that agent ought
to have, given its place in the world and its purpose…then
you figure out what desires it ought to have…and finally you
predict that this rational agent will act to further its goals in
the light of its beliefs/knowledge (Dennett, 1987, p.17).
All three theories outline methods for predicting the
behavior of intelligent agents by weighing the agent’s goal(s),
its beliefs about its environment (knowledge), and applying
the rationality principle to determine the (bounded) optimal
path to the goal(s). However, although Popper acknowledged
that the RP allowed the social sciences to make accurate
predictions, he maintained that the RP was an epistemology
and, based on this, relegated Cognitive Science to the pseudosciences. Popper was, consequently, criticized for the
seeming contradiction that non-sciences could make accurate
predictions (Popper, 1994). Dennett’s position is even more
confusing. While he resists the idea that the IS is merely an
epistemology, he seems unwilling to fully commit to an
ontological status (see Bechtel, 1985, for more discussion).
In contrast, Newell avoids these philosophical difficulties by
treating the KL as real because, “Distinguishing this level
[the KL] leads to a simple and satisfactory view of knowledge
and representation...it dissolves some of the difficulties and
confusions that we have about AI” (Newell, 1982, p.13).
The KL constitutes a philosophical position on
Knowledge. However, Newell was not a philosopher and did
not take a traditional philosophical approach to laying out his
ideas. Nevertheless, we argue that Newell’s KL represents an
important philosophical position best viewed through the lens
of Pragmatism.

The Metaphysical Status of Levels
Analyzing Newell’s levels requires an understanding of how
levels are employed in cognitive science. Here we briefly
present the specific issues that help frame Newell’s position
(for more detailed accounts of the use of levels see: Kersten
et al., 2017; Bechtel & Anderson, 2007; Churchland, 1986;
Nickles, 1973; and Wimsatt, 1976.).
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Epistemology

Table 1. Newell’s levels and bands

Marr’s Tri-Level Hypothesis and Dawson’s slightly modified
version of Marr’s system are good examples of the
epistemological use of levels in the study of cognition (Marr
& Poggio, 1977; Marr, 1982; Dawson, 2013). Marr’s Trilevel Hypothesis separates all information processing aspects
into one of three levels: Computational, Algorithmic, and
Implementational ordered from top to bottom (Marr, 1982).
Dawson’s system is the same as Marr’s but inserts an
Architectural level between the Algorithmic and
Implementational levels (Dawson, 2013, p.36). Emphasizing
the epistemic nature of these level systems, Dawson writes
“Levels do not attempt to explain the nature of information
processing devices, but instead provide an epistemology—a
way to inquire about the nature of the world” (Dawson, 2013,
p.53). This is not how Newell’s levels should be understood.

Ontology
The second way that levels are employed in cognitive science
is ontologically. Newell uses the engineered system levels in
computers as evidence that system levels can physically exist
(Newell, 1982, p.11-12, Causey, 1977). In Newell’s theory,
each level emerges from the level immediately below it, as in
computers (Newell, 1982, p.10). According to Newell, “A
system level is a property of nature, and not just something in
the head of the observer” (Newell, 1990, p.118). The claim
that brains are built in this way is based on Simon’s theory of
the evolution of hierarchical systems, in which he used the
parable of the two watchmakers to explain why evolution
tends to produce hierarchical structures (Simon, 1969,
pp.188-189). It is also connected to the Physical Symbol
System Hypothesis that Newell and Simon developed, which
is a physically grounded system rooted in Frege, Whitehead,
and Russell’s research on logic, and thus ontological in nature
(Newell, 1982, p.11; Newell & Simon, 1976, pp.85-88).

Vocabulary
Some authors take a position on levels that goes beyond
epistemology but does not commit fully to an ontological
position. Patricia Churchland theorized that the vocabulary
and laws of higher level theories provide a more efficient
means of referring to far more complex processes at the lower
levels (Churchland, 1986)—a benefit Dennett noted about his
IS (Dennett, 1987, pp.33-35). Likewise, Pylyshyn (1984)
distinguishes levels in terms of how they are articulated.
Newell used levels to refer to the actual levels and bands
to refer to theoretical language appropriate for describing
levels (see Table 1). Following common practice, we will
continue to refer to the neural level, the cognitive/symbolic
level, etc., but it is important to note that these potentially
refer to multi level systems.

Context and Boundary Conditions
As noted in Kersten et al (2017), Bechtel and Hamilton
(2007) argue for a third position, transcending the
epistemology-ontology dichotomy. They assert that cognitive
constructs, such as symbols or rules, should be considered as
real ontological entities when their boundary conditions are
met, where boundary conditions refer to situational and
neural constraints that result in the deployment of cognitive
structures that function in a consistent and predictable way.
Similarly, Newell states, “The medium is realized by statelike properties of matter, which remain passive until acted
upon by the level’s components” (Newell, 1982, p.16). This
suggests that Newell’s sense of reality is consistent with that
of Bechtel and Hamilton. In addition, the KL can be viewed
as providing the boundary conditions of a given problem
space or task. In practical/real world problems, this amounts
to the facts of the agent’s physical environment. In
intellectual/scientific problems, it amounts to the
logical/conceptual constraints imposed by the specific
domain of the problem set.
Newell’s distinction between computer system levels and
levels in scientific descriptions clarifies what he meant by
asserting the reality of the KL. He explained that a computer
systems level “does not provide a general closed description
of an entire universe, which is what we generally expect (and
get) from a level of scientific description in physics or
chemistry” (Newell, 1980, p.12). Instead, computer systems
levels such as the KL describe the dynamic relation (series of
evolving relational states) between a system/agent and its
environment and do not describe the environment in its
totality. Dennett noted that organisms continuously mirror
their environments and representations of the environment
are implicit in the system’s organization (Dennett, 1987,
p.31). Consequently, computer systems levels are
approximations/abstractions and are realized in the physical
world only to various degrees and within specific boundaries
of a given environment.

Knowledge as the Medium
Newel explained that all levels are based on a medium that is
to be processed (Newell, 1982, p.10). Here, we feel that
Newell’s choice of the word medium was unfortunate, as it
may suggest something that is immediately physical, such as
clay for a sculptor or paint for a painter. Neurons have come
to be accepted as the foundational medium from which the
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brain is built. When Newell states that knowledge—which is
made up of symbols—is the medium for the KL it is often
interpreted as giving symbols some sort of mysterian
existence, independent of neurons. However, this is not what
was meant. The medium of knowledge is ultimately an
emergent product of neurons, just as neurons are ultimately a
product of chemistry. Newell used the term medium to mean
physically instantiated structures that reliably function in
certain ways when their boundary conditions are met.
In the case of the medium of knowledge, its ultimate value
lies in the fact that the physical symbols being processed are
imbued with meaning—i.e. serve as representations for
objects in the physical world (Newell & Simon, 1976, p.89).
The meaning is the medium for the KL, not the way the
meaning is represented at the cognitive level.
This way of dividing the levels means that questions of
representation and grounding apply to the cognitive level, not
the KL. This is extremely important for AI as it allows for a
divide and conquer, top down design strategy, starting from
a specification at the KL, followed by issues of how to
represent the knowledge, and so on downwards. However,
with human beings we are confronted with the problem of
how representation actually works when we probe below the
KL. For example, the fact that we can answer a question can
be predicted by the fact that we know the answer (KL), but
the retrieval time for the answer depends on the details of the
representation and retrieval mechanisms (cognitive level).
With this understanding, we argue that Newell’s
ontological levels are not incommensurate with the use of
epistemological levels. For example, once we accept that
medium does not need to refer to neurons we can apply
Dawson’s (2013) epistemological levels to each of Newell’s
ontological levels. That is, each of Newell’s ontological
levels can be understood in terms of a medium, an
architecture, an algorithm, and a computational purpose.

The Cognitive Level
Before discussing the KL, we will first briefly discuss the
cognitive level as it provides the foundations for accurately
understanding the KL. The cognitive level is assumed to be
based on neural structures that allow the encoding, storage,
transportation, and alteration of neural representations
(similar to a computer OS) (Newell, 1982, 1990). A cognitive
architecture, such as SOAR or ACT-R specifies mechanisms
based on these functions, and combinations of these
functions.
A representation could correspond to a word, but it could
also be an internal, non-linguistic code. Newell defined
“symbols” in terms of distal access (Newell, 1994, p.132).
This definition means that whenever a mechanism sends a
communication to another mechanism, the communication is
symbolic. Effectively, a symbol is a packet of meaningful
information (encoded at the cognitive level) and transported
within the system.
Knowledge is not to be found within the cognitive level,
instead it is an emergent property of the cognitive level and

constitutes the medium for the KL. Cognitive mechanisms
perform actions such as, if representation A matches
representation B then send representation A to location X,
and are unaffected by the meaning of the representations.
Following from Betchel and Hamilton’s (2007) concept of
real, cognitive mechanism exist when they are being used
(i.e., when their boundary conditions are met) and can be
considered “inert” as Newell and Simon described them,
when they are not used (Newell & Simon, 1976). Newell took
this one step and further hypothesized the existence of an
integrated system of cognitive mechanisms, which exists as a
cohesive systems level, built on functional neural structures.
Newell was clear that this was a hypothesis that needs to be
empirically investigated (Newell, 1990). It is not a rational
argument that the cognitive level must exist and must take a
particular form. Although Newell did propose a particular
theory describing the cognitive architecture (SOAR),
proposed theories about the cognitive level (cognitive
architectures) are informed guesses about its actual form.
Also, it is possible that some parts of the brain are not
organized so as to produce a cognitive systems level and/or
that other types of systems levels exist (Chomsky, 2016).
Chomsky’s idea of a language module would be an example
of a different type of systems level (likewise Chomsky seems
to treat symbols as coherent physical entities). Minimally,
Newell’s hypothesis amounts to an empirical claim that a
cognitive systems level exists somewhere in the brain and
contributes to determining thought and action.
The SOAR architecture and other cognitive architectures
influenced by Newell’s ideas (such as ACT-R) are often
criticized for using overly simplistic symbolic structures and
ignoring problems related to representation, meaning,
context, and grounding. However, we argue that this is due to
a philosophical misunderstanding. The knowledge entered
into these architectures is derived from a KL analysis of the
task. Modelers translate this knowledge directly into symbols
for use as representations within the cognitive architecture.
This practice can be justified by arguing that it is sufficient to
use only the parts of the symbolic representations that have
influence in the task, as determined by the KL analysis. This
sidesteps complex issues related to representation, but it
means that symbols created in this way should be understood
as task-bound simplifications. Whether this practice is
legitimate ultimately depends on how the human cognitive
system actually represents information. However, our point
is that the logic for it flows from Newell’s concept of the KL
as a separate level.

The Knowledge Level
Within the boundaries of the KL, we can analyze an agent’s
knowledge of its environment (beliefs), its goals (desires),
and use the principle of rationality to determine the most
probable and efficient path that an agent will take through the
problem space to reach its goals—this path constitutes the
agent’s (bounded) optimal behavior. Within the KL,
representations are the data structures holding the world
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knowledge that will be processed into a form that makes the
solution available-the first data structure represents the
problem (to include a goal), the second represents beliefs
(Newell, 1982, p.2). Actions within the KL are those
processes used to affect an agent’s internal state or its
external environment in such a way that it moves closer to
achieving its intended goal—i.e. through the problem space.
Similarly, Dennett noted that changes in an agent’s
environment result in chances to its internal state (Dennett,
1987, p.31).
Newell viewed the KL as a philosophical claim within the
field of Cognitive Science, “the analysis of knowledge has a
long philosophical history …it has a continuation in cognitive
science…that analysis is [about] what it means for a system
to have knowledge” (Newell, 1994, p.41); “What cognitive
science needs … is a concept of knowledge that is used to
describe and predict the response of functions of [an
intelligent] system” (Newell, 1994, p.46).
Newell’s philosophical justification for the ontological
status of the KL is simply that, as in AI, it could be built on
the level below, “as just another level in the hierarchy …,
there is nothing special about the knowledge level, in any
foundational or philosophical sense. (Newell, 1994, p.49)

Newell’s Computational Work as Philosophy
Newell wrote little on his philosophical beliefs, but he and
Simon created a normative model of intelligence, the
Problem Space (Newell, 1972), and Newell co-designed one
of the first cognitive architectures, SOAR (Laird, Newell,
Rosenbloom, 1987). We argue that Newell’s philosophical
beliefs are implicitly embodied in these two projects. If one
looks at Newell’s research on problem space and the SOAR
architecture, a clear central theme arises—namely that all
action is defined in service of a goal (Newell, 1982; Newell,
1990). This view is consistent with pragmatism’s definition
of truth/reality. Newell and Herb Simon explained, “All
information processed by computers is in the service of ends
[goals] and we measure the intelligence of a system by its
ability to achieve stated ends in the face of variations,
difficulties, and complexities posed by the task environment”
(Newell & Simon, 1976). Newell saw the goal-oriented
nature of production systems as the means for creating this
type of intelligence in the SOAR architecture.
Briefly, problem spaces interpret problems as having a
starting node (or state), a goal node, and interviewing nodes
that bring the agent from the starting node to the goal node.
The agent traverses the nodes by making decisions that
determine actions taken based on the information available at
the current node which results in taking it to a subsequent
node. However, at each node there are typically several
different possible actions leading to different nodes.
Problem-solving is therefore understood as knowing what to
do next based on the information at hand (i.e. the current
node). The SOAR architecture traverses problem spaces by
using production (‘if-then’) rules. At each node, only the

productions that match the information associated with the
node can “fire” and execute the actions required to move to
another node. Each production rule is associated with a
specific utility value. Experts have finely-tuned utility values
such that in the event that more than one production matches
the firing conditions the highest utility production is chosen
and the agent will move to the best, next node leading to the
goal. If no production matches, then the system has reached
an impasse. To deal with this, SOAR will compare the
information associated with the node to other nodes it has
encountered in the past, select the most similar, and see if
there is a production for that. In this way SOAR can make
decisions in circumstances it has not encountered before
(draw inferences) and learn from the feedback. This is
consistent with Peirce’s characterization of reasoning, “the
object of reasoning is to find out, from the consideration of
what we already know, something else which we do not
know” (Peirce, 1978, p.7).
Considered in such a light, it becomes clear how Problem
Spaces and SOAR are computational expressions of the
fundamental beliefs of Pragmatic Philosophy. Put another
way, if we accept the Pragmatist account of the human mind
and apply Marr/Dawson’s levels, then navigating to a goal is
the computational problem, Problem Space is the algorithm,
SOAR is the architecture, and neural systems for storing and
processing symbolic information is the medium or physical
instantiation.

Pragmatism Embodied
We argue that to fully understand Newell, he needs to be seen
as a Pragmatist. However, because Pragmatism has taken on
many guises over the years, before we begin we must clarify
what we mean by the term. While we do not completely
disagree with Fodor’s criticism of pragmatism in cognitive
science (see Fodor, 2008, p.5.), we see a high degree of
divergence between pragmatism as it is characterized in the
works to which he refers and Pragmatism’s original
articulation. Although references to pragmatism abound in
cognitive science literature, they have wandered far from the
fields original principles. This degradation of the core tenants
of Pragmatism began almost immediately, forcing some of its
founders—such as Charles Sanders Peirce and Ferdinand
Canning Scott Schiller—to rebrand their views to maintain
the clarity and integrity of their terms and principles (Peirce,
1978; Schiller, 2005). With this in mind, the Pragmatism
discussed here will be that of early Pragmatists as opposed to
these far-ranging subsequent interpretations. Space precludes
a full historical discussion of Pragmatist philosophy; instead,
we focus on pragmatic elements essential to understanding
the KL.

The Real Furthers our Goals
For both Newell and the Pragmatists, the real is that which
aids in the accomplishment of our goals, which, in turn alter
the physical world. Similar to the force of gravity—which
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cannot be seen, touched, or heard, yet exerts a force on
physical objects—the force of knowledge directly impacts
the physical world. This view is consistent with Peirce’s
Pragmatic maxim: “Our idea of anything is our idea of its
sensible effects…consider what effects, that might
conceivably have practical bearings, we conceive the object
of our conception to have…then, our conception of these
effects is the whole of our conception of the object” (Peirce,
1978, p.31). Within this perspective, the practical effects of a
belief or knowledge concept are indelibly linked with that
concept’s reality. Consequently, the verifiable effects arising
from physical instantiations of knowledge concepts
conceived within the KL—i.e. buildings arising from
blueprints, lives saved through medical breakthroughs, etc.—
justify the level’s reality. That is, the reality of the KL is
evident by the real solutions its general concepts provide to
human problem-solving and the resultant actions that reshape
the physical world in the furtherance of human goals. Peirce
asked, “What do we mean by real…the real, then, is that
which, sooner or later, information [knowledge] and
reasoning would finally result in” (Peirce, 1978, p.247).

Knowledge is Acquired by Doing
Peirce also shared Newell’s experiential perspective that we
acquire knowledge as participants—by doing or through
experience, as the Empiricists endorsed. Peirce argued that
knowledge is an activity, not a spectator sport—i.e. it is both
the activity and the product of the activity. This view is
remarkably similar to the concept of forward engineering that
fueled Newell’s artificial intelligence research, where
“doing” often comes before and enables “understanding”.
Peirce noted that this is “Because we are part of the living
world, and it is primarily through the pursuit of survival
[humankind’s fundamental goal] that we acquire
knowledge…the most valuable thing about knowledge is its
explanatory power” (Peirce, 1978). Thus, we see selfpreservation as the original goal setting the chain of our
reasoning and behavior in motion.

Everything Experiencable is Real
Other Pragmatists also provide support for the existence of
the KL. William James outlined his famous metaphysical
first principle as “Everything real must be experienceable
somewhere, and every kind of thing experienced must
somewhere be real” (James, 2000, p.27). As an idea appears
in our mind, we have an experience of it. We turn it over and
over to understand it, and we shape it to enhance it and make
it better fit into our broader view of the world. James believed
that knowledge (belief) was true only to the extent that in
establishing satisfactory relationships with all other aspects
of one’s experience—that is, their truth value was dependent
on their consistency with the larger body of our world
knowledge (2000).

Knowledge Transforms the Physical World
Schiller employed the Protagorean maxim that “man is the
measure of all things” to make Peirce’s Pragmatism more
human-centric (Schiller, 2005, p.12). He characterized
Humanism as “the perception that the philosophical problem
concerns human beings striving to comprehend a world of
human experience by the resources of human minds”
(Schiller, 2005, p.12). This supports perspective of embodied
cognition as well. Schiller argued that the power of cognition
actually transforms the physical reality of the world and
consequently our desires (goals) and ideas (beliefs) are real
by virtue of their impact on the world (Schiller, 2005).
Schiller explained that Pragmatism was “a special application
of Humanism to the theory of knowledge” (Schiller, 2005,
p.16). Our use of the KL is one of the inherent facets of
human nature—no other animal can match our urge to
continually reshape our environment. Schiller’s “human
experience” is precisely the type of data to which Newell
refers as knowledge in the systems he, Dennett, and Popper
all discuss to varying degrees. Despite being written in 1907,
the applications of Schiller’s method to the study of human
cognition and artificial intelligence—specifically cognitive
modeling—are abundant.

The Knowledge Level in the Scientific Method
Recognizing the limitations of humankind’s access to an
objective truth, Pragmatists viewed ‘truth’ as a process of
incrementally enhancing the accuracy of our explanations to
come closer and closer to absolute truth without ever fully
reaching it. Schiller noted, “All testing of ‘truth’ is, therefore,
fundamentally alike…it always implies an experiment…and
it always ends in a valuation” (Schiller, 2005, p.7). Compare
this with Popper’s theory on scientific progress, “Science
always begins and ends with problems…the progress of
science lies, essentially, in the evolution of its problems”
(Popper, 1994, p.155). Popper viewed the evolution of
problems as the sharing, empirical testing, analytical debate,
and the final collective assignment among the scientific
community of a valuation of one theory over another based
on its practical ability to explain more than the previous
theory. Where Schiller and Popper diverged was in Popper’s
view that “scientific problems [searches for truth] are
preceded, of course, by pre-scientific problems, and
especially practical problems” (Popper, 1994, p.156).
Schiller viewed all such searches for truth as having a
practical nature as he argued that “all mental life is
purposeful” (Schiller, 2005, p.5). The KL is the space in
which this collective evolution of science takes place.

Context Determines Truth
Similar to Bechtel and Newell, Pragmatism too defined all
truth/reality as dependent upon the context or boundary
conditions of a situation. Peirce said, “there are phenomena
within our own minds, dependent upon our thought, which
are at the same time real in the sense that we really think
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them…but though their characters depend on how we think
them, they do not depend on what we think those characters
to be…thus a dream has a real existence” (Peirce, 1978,
p.36). Schiller argued that ‘abstract’ truths were not fully
truths because truth was essentially dependent upon context
(Schiller, 2005, p.8). In the case of the KL, the context
amounts to the boundary conditions of the agent’s
environment or those of the problem set at hand. The essence
of the Pragmatic method, according to Schiller, is that “the
meaning of a rule lies in its application…it rules, that is, and
is true, within a definite sphere of application [within certain
boundary conditions], which has been marked out by
experiment” (Schiller, 2005, p.9). Schiller explained for a
statement to be true, it had to be tested by being applied, only
after which could we determine its real meaning and what
conditions must be met for it to be real/true (Schiller, 2005).

Conclusion
The ontological commitment of Newell’s KL theory offers a
common scientific framework for integrating research on
how agents employ knowledge to accomplish goals in
rationally-consistent ways. Understanding this theory
requires viewing computer systems levels as approximations,
which are realized physically only to various degrees and
within the boundaries of specific environments. Knowledge
concepts within the KL are medium-agnostic data structures
but are always physically-instantiated and are ultimately
emergent products of neurons. Moreover, the reality of
knowledge resides in the fact that the physical symbols of
which it is comprised are inert (do not stand for anything)
while undergoing processing, but subsequently imbued with
meaning that allows them to serve as representations of
objects the physical world (Newell & Simon, 1976).
The KL theory permits efficient abstraction of complex
cognitive mechanisms and representations while maintaining
a high degree of accuracy in predicting behavior. Newell’s
perspective allows the mapping of ontological levels onto
epistemologies to further understanding of cognition.
Pragmatism supports Newell’s ontological commitment to
the KL and provides insights for broader issues in current
cognitive science and AI research.
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Abstract
The cognitive reflection test (CRT; Frederick, 2005) assesses
how well adults can reflect on the validity of their own
thinking, and it has been shown to predict several measures of
normative reasoning. Here, we sought to create a version of
the cognitive reflection test suitable for elementary-schoolaged children, which could be used to study the emergence of
cognitive reflection as well as its role in the development of
other forms of higher-order cognition. We identified eight
child-friendly questions that elicit an incorrect, intuitive
response that must be inhibited in order to provide a correct,
analytic response. We compared children’s and adults’
performance on these questions (dubbed the CRT-D) to
several measures of rational thinking (denominator neglect,
base rate sensitivity, syllogistic reasoning, otherside thinking)
and thinking dispositions (actively open-minded thinking,
need for cognition). The CRT-D was a significant predictor of
rational thinking and normative thinking dispositions in both
children and adults. Moreover, performance on the CRT-D
correlated with performance on the original CRT in adults,
and in children, it predicted rational thinking and normative
thinking dispositions above and beyond age. These results
suggest that the CRT-D is a valid measure of children’s
cognitive reflection and pave the way for future investigations
of its development and its developmental consequences.
Keywords: cognitive reflection, rational thinking, cognitive
development

Introduction
The cognitive reflection test (CRT; Frederick, 2005) is
among the most widely-used measures of adults’ tendency
to engage in analytic vs. intuitive thinking. The measure was
designed to measure a person’s tendency to override a gut
intuitive response that is incorrect and to engage in
reflection that leads to a correct response. Consider the wellknown bat and ball item: “A bat and a ball cost $1.10 in
total. The bat costs $1 more than ball. How much does the
ball cost?” Many adults provide the intuitively elicited
response of 10 cents, defaulting to simple subtraction.
However, the correct answer is 5 cents (because the bat
must cost $1.05 in order for their sum to be $1.10 and their
difference $1.00), and adults who provide that answer have
presumably engaged in analytical thinking, realizing that the
intuitive response that first came to mind was incorrect and
generating a correct response in its place.
Performance on the CRT strongly predicts performance
on a variety tasks and measures. For example, the CRT
correlates with rational thinking on many standard heuristics
and biases tasks, such as belief bias in syllogistic reasoning,
denominator neglect, otherside thinking, framing, and
temporal discounting (Frederick, 2005; Toplak, West, &
Stanovich, 2014a). Indeed, Toplak, West, and Stanovich

(2011) found a composite variable of 15 different rational
thinking tasks was better predicted by the CRT than by
either general intelligence or executive functioning. The
CRT also correlates with a number of thinking disposition
measures, including need for cognition, actively openminded thinking, and superstitious thinking (e.g., Frederick,
2005; Toplak et al., 2014a). Moreover, the CRT predicts
cognitive and behavioral measures from other domains of
psychology, such as science understanding, religious and
paranormal belief, moral reasoning, creativity, and prosociality (see Pennycook, Fugelsang, & Koehler, 2015).
Broad utility and interest in the CRT have led researchers
to develop a number of alternative versions. These versions
address known problems with the original CRT, such as
floor effects in adolescents and certain adult populations, the
items’ heavy reliance on numeracy, and the general public’s
increased familiarity with the items themselves (e.g., Baron,
Scott, Fincher, & Metz, 2015; Primi, Morsany, Chiesi,
Donati, & Hamilton, 2015; Stanovich, West, & Toplak,
2016; Thomson & Oppenheimer, 2016; Toplak et al.,
2014a). The goal of the current research was to develop a
version of the CRT for school age children. A successful
measure of children’s cognitive reflection would make
important contributions to several lines of research. First, as
with adults, an individual difference measure of children’s
analytic vs. intuitive cognitive style might be used to
investigate children’s reasoning across several domains,
including scientific reasoning, moral reasoning, and social
reasoning. Second, such a measure could be used to
investigate the developmental trajectory of cognitive
reflection and rational thinking, as well as its malleability
with experience or instruction (e.g., Kokis, Macpherson,
Toplak, West, & Stanovich, 2002; Primi et al., 2015;
Toplak, West, & Stanovich, 2014b). Finally, a
developmental measure might help adjudicate between
competing accounts of cognitive reflection in adults, such as
whether producing a counterintuitive response requires first
inhibiting the intuitive response or merely reflects the
stronger activation of one response over another (Travers,
Rolison, & Feeney, 2016).
The present study proposed and validated a
developmental version of the cognitive reflection test (CRTD). We developed a set of 8 cognitive reflection items that
were similar in structure to the original CRT. In particular,
each problem had an intuitive (but incorrect) lure and a
correct response that we expected school age children would
be capable of producing upon reflection. For instance, one
of our items was “What do cows drink?” The intuitive, lure
response is “milk,” but the correct response is actually
“water.” Following recent research on the development of
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Table 1. CRT-D questions and percentages of response types (correct; intuitive; other)
Question
1. If you’re running a race and you pass the person in second place, what place are you in?
(correct: second; intuitive: first)

Adults

Children

72; 27; 0

21; 67; 12

2. Emily’s father has three daughters. The first two are named Monday and Tuesday. What is
the third daughter’s name? (correct: Emily; intuitive: Wednesday)

70; 28; 2

11; 66; 23

3. A farmer has 5 sheep, all but 3 run away. How many are left?
(correct: three; intuitive: two)

90; 8; 2

19; 76; 5

4. If there are 3 apples and you take away 2, how many do you have?
(correct: two; intuitive: one)

96; 4; 0

46; 46; 8

5. What do cows drink? (correct: water; intuitive: milk)

91; 9; 0

53; 44; 3

6. What weighs more, a pound of rocks or a pound of feathers?
(correct: same weight; intuitive: rocks)

88; 12; 0

7; 92; 1

7. What hatches from a butterfly egg? (correct: caterpillar; intuitive: baby butterfly)

72; 19; 9

67; 28; 5

8. Who makes Christmas presents at the North Pole? (correct: elves; intuitive: Santa)

73; 27; 0

41; 58; 1

[Not Included] What do you put in a toaster? (correct: bread; intuitive: toast)

88; 2; 10

58; 28; 14

newer versions of the CRT (Baron et al., 2015; Primi et al.,
2015; Stanovich et al., 2016; Thomson & Oppenheimer,
2016; Toplak et al., 2014a), we investigated the validity of
the CRT-D by assessing whether the CRT-D was similar to
the original CRT in its relationships to other measures. First,
a sample of adults completed our CRT-D, the original CRT,
a set of items from newer versions of the CRT, and a battery
of rational thinking and thinking disposition measures that
have previously been found to correlate with the CRT. For
adults, the question of interest was whether the new CRT-D
items would correlate with these measures similarly to the
original CRT. Second, a sample of school-age children
completed the CRT-D as well as age appropriate versions of
the same rational thinking and normative thinking
disposition measures (e.g. Toplak et al, 2014b). For
children, the question of interest was whether the CRT-D
items would yield correlations with rational thinking and
thinking disposition measures that frequently correlate with
the CRT in adults.

Method
Participants
One hundred adults participated via Amazon’s Mechanical
Turk. Ninety-six 5- to 12-year-old children participated (M
age = 8 years, 1 month, SD = 2 years, 2 months, 49%
female). The age distribution of child participants is shown
in Figure 1. Children were recruited from public
playgrounds and completed the study onsite. Eleven
children did not complete the full battery of measures due to
equipment failure, parent interruption, or attrition. Thus, we
report child sample sizes for each measure below.

Procedure and Materials
Participants completed the battery of tasks described
below in the following order: CRT-D, denominator neglect,
belief bias syllogisms, base rate sensitivity, otherside
thinking, need for cognition, and actively open-minded
thinking. Adults additionally responded to alternative CRT
questions intermixed with the CRT-D and the original CRT
questions following the otherside thinking task. Adults
completed the study online. Children completed the study
one-on-one with trained research assistants. Research
assistants read aloud items as they were displayed on an
iPad. Children responded verbally or via touch screen
depending on the measure.
CRT-D. Participants answered 8 cognitive reflection items
for children that were similar in structure to the original
CRT. Three items (Questions 1-3) were adapted from the
non-numerical CRT developed by Thomson and
Oppenheimer (2016). The remaining questions were found
by searching for children’s “brain teasers” online. An
additional item (“What do you put in a toaster?”) did not
possess the fundamental attribute of the original CRT items:
that the vast majority of participants generate either a single
correct or single intuitive/heuristic incorrect response.
Children and adults generated many correct alternative
responses (e.g., bagels and waffles), and thus, we did not
include this item in the final 8-item scale. (Child n = 96)
CRT and CRT-Alt. Adults answered the original 3-item
CRT (Frederick, 2005) as well as 6 items taken from
published extended versions of the CRT (Primi et al, 2015;
Toplak et al., 2014a; Stanovich et al., 2016).
Denominator Neglect. Participants were shown trays of
black and white marbles and told that black marbles were
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Table 2. Descriptive statistics of variables and correlations among variables for adults.
Variables
1.
2.
1. CRT-D
.
.
2. CRT
.47***
.
3. CRT-Alt
.44***
.53***
4. Denominator neglect
.21*
.17+
5. Base rate sensitivity
.23**
.35***
6. Belief bias syllogisms
.32**
.36***
7. Otherside thinking
-.04
.00
8. Rational thinking
.29**
.30**
composite
9. Actively Open.04
.19 +
Minded Thinking
10. Need for Cognition
.08
.05
11. Normative thinking
.08
.15
disposition composite
Mean
6.51
2.34
SD
1.25
1.03
Cronbach’s alpha
.31
.76
Split-half reliability
.31
.44
+ p < .10; * p < .05; ** p < .01; *** p < .001

3.
.
.
.
.37***
.30***
.50***
.00

4.
.
.
.
.
.25*
.43***
.01

5.
.
.
.
.
.
.26**
.07

6.
.
.
.
.
.
.
.05

7.
.
.
.
.
.
.
.

8.
.
.
.
.
.
.
.

9.
.
.
.
.
.
.
.

10.
.
.
.
.
.
.
.

11.
.
.
.
.
.
.
.

.27***

.68***

.64***

.69***

.42**

.

.

.

.

.27**

.36***

.22*

.30**

.19+

.35***

.

.

.

-.03

.15

.09

-.06

.00

.03

.25*

.

.

.15

.32**

.20*

.16

.12

.24*

.79***

.79***

.

3.17
1.84
.72
.65

8.20
1.60
.81
.79

4.08
1.06
.52
.45

5.90
2.16
.78
.76

4.25
2.09
.
.

.00
.58
.
.

3.15
.43
.91
.89

2.90
.62
.75
.75

.00
.79
.
.

the “winners”—i.e., that the goal of the game was to select a
black marble. They were then asked to choose between a
smaller tray which contained fewer winning marbles but a
higher probability of winning, or a larger tray with more
winning marbles and a lower probability of winning (e.g.,
1:10 vs. 9:100). Participants responded to 9 items of varying
ratios. To reduce tendency toward a response set, 3 of these
items involved the larger tray also having a higher
probability of winning. Instructions were from a
developmental version of the task (Toplak et al., 2014b).
(Child n = 92)

(Kokis et al., 2002; Toplak et al., 2014b). (Child n = 91)
Otherside Thinking. Participants completed a standard
otherside thinking task with a child-appropriate topic
(Toplak et al., 2014b). Participants were asked to give their
position on the following issue: “Do you think kids should
have cell phones?” Participants were then asked to give
reasons for and against their position. The key measure was
the number of conceptually unique reasons a participant
provided against their endorsed position. (Child n = 91)

Belief Bias Syllogisms. Participants evaluated the logical
validity of 8 syllogisms consisting of either an invalid
argument paired with a believable conclusion (e.g., “All
flowers have petals; Roses have petals; Roses are flowers”)
or a valid argument paired with an unbelievable conclusion
(e.g., “All mammals walk; Whales are mammals; Whales
walk”). Items and instructions were from a developmental
version of the task (Toplak et al., 2014b). (Child n = 92)

Need for Cognition. Adults completed a 9-item need for
cognition scale (NFC) devised by Kokis et al. (2002).
Children completed a NFC scale more recently developed
and validated for children and adolescents (Keller et al.,
2016). Examples from the 14-item child scale are “Thinking
is fun for me” and “I like learning new things.” Children
and adults responded on a 4-point agreement scale, with
higher scores indicating greater motive to engage in
effortful cognitive activities. (Child n = 87)

Base Rate Sensitivity. Participants evaluated 5 scenarios in
which probabilistic base rate information conflicted with
concrete/personal information. An example is “Erica wants
to go to a baseball game to try to catch a fly ball. She calls
the main office and learns that almost all fly balls have been
caught in section 43. Just before she chooses her seats, she
learns that her friend Jimmy caught a fly ball last week
sitting in section 10. Which section is most likely to give
Erica the best chance to catch a fly ball?” Items and
instructions were from a developmental version of the task

Actively Open-Minded Thinking. Adults completed the 7item actively open-minded thinking scale (AOT) of Haran,
Ritov, and Mellers (2013). Children responded to a version
in which we modified several items to be more childfriendly. Examples of child-modified items are “It is good to
listen to the other side of an argument” and “Changing your
mind is a bad thing” (reverse scored). Participants
responded on a 4-point agreement scale, with higher scores
indicating a greater tendency towards open-minded
thinking. (Child n = 87)
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Table 3. Descriptive statistics of variables and correlations among variables for children.
Variables
1. CRT-D
2. Denominator neglect
3. Base rate sensitivity
4. Belief bias syllogisms
5. Otherside thinking
6. Rational thinking composite
7. Actively Open-Minded Thinking
8. Need for Cognition
9. Normative thinking disposition comp.
10. Age (months)
Mean
SD
Cronbach’s alpha
Split-half reliability
+ p < .10; * p < .05; ** p < .01; *** p < .001

1.
.
.31**
.37***
.06
.19+
.41***
.30**
.19+
.33**
.46***
2.65
1.59
.48
.53

2.
.
.
.25*
-.06
.09
.59***
.24*
.09
.22*
.34**
6.01
2.46
.77
.74

Composite Scores. A rational thinking composite score was
created by averaging available z scores from the
denominator neglect, belief bias syllogism, base rate
sensitivity, and otherside thinking tasks (as done by Toplak
et al., 2014a; 2014b). We similarly created a normative
thinking disposition composite from the NFC and AOT
scales.

Results & Discussion
To what extent did the CRT-D function similarly to
established measures of cognitive reflection? To answer this
question, we first investigated adults’ performance. Of
particular interest was whether the CRT-D demonstrated
similar relationships to the rational thinking and thinking
disposition measures as the CRT and CRT-Alt. Next, we
investigated whether children’s performance on the CRT-D
replicated well established relationships between cognitive
reflection, rational thinking, and thinking dispositions.
Finally, we examined the extent to which the CRT-D was a
unique predictor of children’s rational thinking and thinking
dispositions when age was accounted for.

Relations Between the CRT-D, Rational Thinking,
and Thinking Dispositions: Adults
Table 2 presents the means, standard deviations,
reliabilities, and correlations among variables for adults.
Hoeger’s (2013) corrected version of Stieger’s z-test of
differences in dependent correlations revealed the
correlation between the CRT-D and original CRT was
similar to the correlation between the CRT-Alt and original
CRT, ZH = -.68, p = .498. Thus, the CRT-D was just as
predictive of the original CRT as the CRT-Alt.
As seen in Table 2, all three measures of cognitive
reflection were positively correlated with denominator
neglect, base rate sensitivity, belief bias syllogisms, and the
overall rational thinking composite. Only the CRT-Alt
yielded a significant correlation with one of the thinking
disposition measures (i.e., AOT). Corrected Stieger’s z-tests

3.
.
.
.
.12
.01
.62***
.24*
-.12
.00
.44***
2.40
1.37
.42
.33

4.
.
.
.
.
.07
.51***
-.01
-.22*
-.15
.09
2.40
1.64
.46
.46

5.
.
.
.
.
.
.53***
.11
.24*
.23*
.35**
1.54
.97
.
.

6.
.
.
.
.
.
.
.26*
.00
.17
.52***
.00
.58
.
.

7.
.
.
.
.
.
.
.
.11
.74***
.38***
2.56
.50
.35
.35

8.
.
.
.
.
.
.
.
.
.74***
.02
3.19
.55
.85
.86

9.
.
.
.
.
.
.
.
.
.
.27***
.00
.74
.
.

revealed no differences between the CRT-D and original
CRT in the strength of their correlations with the other
variables. However, the CRT-Alt was more strongly
correlated with responses on belief bias syllogisms and
AOT than the CRT-D, ZH = -2.06, p = .039, and ZH = -2.38,
p = .017, respectively.
Taken together, these results suggest the CRT-D
functioned similarly to established measures of cognitive
reflection, particularly the original CRT, at least with
respect to the developmental versions of rational thinking
tasks used in the present research.

Relations Between the CRT-D, Rational Thinking,
and Thinking Dispositions: Children
Table 3 presents the means, standard deviations,
reliabilities, and correlations among variables for children.
Similar to adult measures of cognitive reflection (e.g.,
Toplak et al., 2014a; Thomson & Oppenheimer, 2016), the
CRT-D was significantly correlated with children’s
denominator neglect, base rate sensitivity, AOT, and
composite rational thinking and thinking disposition scores.
The CRT-D also yielded positive correlations with
children’s otherside thinking and NFC (r’s = .19), though
these were not significant using two-tailed tests. Given
previously observed positive correlations between the CRT
and these measures, one-tailed tests would also be
appropriate.
Surprisingly, the CRT-D yielded a near-zero correlation
with belief bias syllogisms, even though this relationship
was present in our adult sample and has been observed in
many prior studies with adults (e.g., Baron et al., 2015
Thomson & Oppenheimer, 2016; Toplak et al., 2014a). Also
surprising was the lack of correlation between belief bias
and any other measure, with the exception of the rational
thinking composite (to which it contributed some of the
variance). Given belief bias is typically a strong predictor of
other rational thinking tasks and thinking dispositions for
both children (Toplak et al., 2014b) and adults (e.g., Baron
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Table 4. Regression analyses using age and CRT-D to predict rational thinking and normative disposition composites.
Dependent variable
Rational thinking composite z-score
Model

Predictor

1
2

Age (months)
Age (months)
CRT-D
* p < .05; ** p < .01; *** p < .001

R

2

.274
.311

Normative disposition composite z-score

β

95% CI

R2

β

95% CI

.012***
.010***
.078*

[.008, .167]
[.005, .015]
[.008, .148]

.073
.125

.008*
.004
.118*

[.002, .015]
[-.003, .012]
[.013, .223]

et al., 2015; Thomson & Oppenheimer, 2016), we speculate
that something about our presentation format may have
altered children’s belief bias performance. For example, in
comparison to individually completing items via paperpencil assessment, our task involved a research assistant
reading items aloud.
Overall, the CRT-D was broadly predictive of rational
thinking tasks and thinking dispositions that are commonly
associated with cognitive reflection in adults. These findings
imply that the CRT-D is a valid measure of children’s
cognitive reflection. However, it is important to note that
children’s age yielded positive and significant correlations
with the CRT-D (see Figure 1) and nearly every other
variable. We thus ran further analyses, controlling for age.

Child CRT-D and Age Regression Analyses
To more closely examine the relationships between the
CRT-D, children’s age, and children’s thinking, we
performed hierarchical regressions for each composite score
(Table 4). For each analysis, we first fit a model with age as
the only predictor, and then a second model with both age
and the CRT-D as predictors. All models satisfied the major
assumptions of linear regression. After controlling for age,
the CRT-D further predicted children’s rational thinking
composite score and explained an additional 3.7% of the
variance, F(1,90) = 4.84, p = .030. Similarly, the CRT-D
further predicted children’s normative thinking disposition
composite score and explained an additional 5.2% of the
variance, F(1,84) = 5.00, p = .028. Thus, the CRT-D was
predictive of both children’s rational thinking and thinking
dispositions, and its contributions were not fully explained

by shared variance with age.

General Discussion
In this study we developed and tested a new set of questions
to measure cognitive reflection in children, the CRT-D.
There is good reason to believe the CRT-D measures the
same construct as the original CRT. For adults, the CRT-D
predicted performance on the same measures as the original
CRT (i.e., denominator neglect, base rate sensitivity, belief
bias syllogisms, and alternative CRT items). Furthermore,
the strengths of correlations between the CRT-D and these
measures were highly similar to those yielded by the
original CRT. For children, the CRT-D replicated
previously observed correlations of the original CRT with

Figure 1. Mean (± SE) CRT-D scores by age.
denominator neglect, base rate sensitivity, otherside
thinking, actively open-minded thinking, and need for
cognition (e.g., Toplak et al, 2014a). Moreover, the CRT-D
predicted children’s overall rational thinking and thinking
dispositions above and beyond children’s age. Taken
together, these results support the CRT-D as a valid measure
of cognitive reflection in school-age children.
A critical question for future work is the extent to which
children’s cognitive reflection (as measured by the CRT-D)
is predictive of thinking and reasoning in domains other
than rational thinking (Pennycook et al., 2015). For
example, Shtulman and McCallum (2014) examined the role
of cognitive reflection in achieving conceptual change in six
domains of science (astronomy, evolution, geology,
mechanics, perception, and thermodynamics). They found
the CRT explained more variance in college students’
science understanding than STEM coursework, statistical
reasoning ability, and nature of science understanding
combined. Whether the CRT-D would predict children’s
conceptual change in science after controlling for other
measures of cognitive ability, such as executive function, is
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an open question. If children’s cognitive reflection is
continuous with adults’ cognitive reflection, a measure of
the construct could be of great use in science education, as
well as several other domains associated with cognitive
reflection in adults (e.g., moral reasoning, evidential
reasoning, religious cognition).
The CRT-D presented in the present research should be
considered provisional. We took a conservative approach
and did not eliminate items unless they failed to match the
response structure of the original CRT (i.e., generating
either a correct response or an intuitive lure response but not
a variety of other, random responses). However, the
relatively poor internal consistency of the CRT-D observed
in the present study suggests some items may not be
measuring the same construct, at least across the targeted
age range. For example, Question 6 (“What weighs more, a
pound of rocks or a pound of feathers?”) demonstrated floor
effects across our entire age range. While this is in some
sense a feature of the original CRT, it may be the case that
that some younger children simply lacked the knowledge
required to answer correctly as opposed to failed to override
the intuitive lure. More work with larger samples will need
to be done to better understand the psychometric properties
of the scale and individual item functioning across the
targeted age range (e.g., Keller et al., 2016; Primi et al.,
2016). That said, the present set of items was surprisingly
effective at predicting children’s rational thinking and
thinking dispositions, even after children’s age was
accounted for.
To conclude, the CRT is a predominant measure of
individual differences in analytic vs. intuitive thinking and
meaningful predictor of a diverse range of psychological
and behavioral outcomes. Here, we were largely successful
in developing the CRT-D, a cognitive reflection test for
children. This measure may prove useful in examining the
role of analytic vs. intuitive thinking in a number of
important domains of child cognition, such as scientific,
moral, and social reasoning. Furthermore, the CRT-D will
allow future researchers to investigate the developmental
trajectory of cognitive reflection and its response to
interventions during childhood.
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Abstract
Scientific ideas can be difficult to affirm if they contradict
earlier-developed intuitive theories. Here, we investigated
how instruction on counterintuitive scientific ideas affects the
accessibility of those ideas under time pressure. Participants
(138 college undergraduates) verified, as quickly as possible,
statements about life and matter before and after a tutorial on
the scientific properties of life or matter. Half the statements
were consistent with intuitive theories of the domain (e.g.,
“zebras reproduce”) and half were inconsistent (e.g.,
“mushrooms reproduce”). Participants verified the latter less
accurately and more slowly than the former, both before
instruction and after. Instruction did, however, increase
accuracy for counterintuitive statements within the domain of
instruction, but changes in accuracy were not accompanied by
changes in speed. These results confirm the conclusion drawn
from studies with professional scientists that scientific ideas
can be prioritized over intuitive ones but the conflict between
science and intuition cannot be eliminated altogether.
Keywords: conceptual development, scientific reasoning,
explanatory coexistence, intuitive theories

Introduction
Does air have weight? Does air take up space? Is air
composed of atoms? Any chemist will tell you “yes,” “yes,”
and “yes.” Air is a gas; gases are a form of matter; and all
matter has weight, volume, and an atomic structure. From
an intuitive point of view, though, air seems to be nothing
more than empty space. Air can neither be seen nor felt, and
it betrays no sign of its particulate nature, striking us as
homogenous and indecomposable.
This tension between conceiving of air as matter and
conceiving of it as empty space is just one of many
examples of the conflict between scientific and intuitive
representations of the natural world (Carey, 2009; Thagard,
2014). Most adults today believe that the earth orbits the
sun, but this idea defies deep-seated intuitions. The earth
betrays no evidence of motion, whereas the sun appears to
move daily, and these observations lead children to believe
that the sun orbits the earth before they learn the opposite is
true (Vosniadou & Brewer, 1994). Learning the opposite
does not appear to erase the earlier belief, however. When
adults are asked to verify that the earth orbits the sun as
quickly as possible, many mistakenly claim that it does not.
And those who correctly verify that the earth orbits the sun
take longer to do so than to verify that the moon orbits the
earth—a statement that is scientifically true but also
intuitively true (Shtulman & Valcarcel, 2012).
Under time pressure, adults have revealed many other
childhood misconceptions, such as that plants are not alive

(Goldberg & Thompson-Schill, 2009), that large objects are
more likely to sink in water than small objects (Potvin &
Cyr, 2017), that fractions with large denominators are
greater than fractions with small denominators
(Vamvakoussi, Van Dooren, & Verschaffel, 2012), and that
the origins of natural kinds, like geysers and earthworms,
are explained by the functions they serve within an
ecosystem (Rottman, Zhu, Wang, Seston Schillaci, Clarke,
& Kelemen, 2015). These misconceptions are not mere
factual errors; they are grounded in intuitive theories of the
domain that make fundamentally different assumptions
about the entities and processes within the domain.
Intuitive theories are well-documented among children, as
children construct these theories prior to learning scientific
theories of the relevant phenomena (Shtulman, 2017).
Scientific theories, once learned, have long been assumed to
replace intuitive theories (see Shtulman & Lombrozo,
2016), but findings like those reviewed above suggest that
the intuitive theories remain largely intact. When adults
verify scientific statements under time pressure or cognitive
load, they are slower and less accurate for statements that
conflict with intuitive theories than for statements that
accord with those theories. This finding has been
documented in several studies across several domains of
science, from evolution to mechanics to thermodynamics
(Barlev, Mermelstein, & German, 2017; Merz, Dietsch, &
Schneider, 2016; Shtulman & Valcarcel, 2012; Vosniadou
et al., 2015).
When scientific theories conflict with intuitive theories,
the resolution of such conflict appears to require inhibitory
control processes. Adults who have undergone
neuroimaging while answering counterintuitive scientific
questions show increased activation in areas of the brain
linked to error monitoring and inhibitory control— the
anterior cingulate cortex and the dorsolateral prefrontal
cortex—when they answer those questions correctly (Foisy,
Potvin, Riopel, & Masson, 2015; Masson, Potvin, Riopel, &
Foisy, 2014). For instance, judging that a large object will
fall at the same rate as a small object activates inhibitory
control networks, implying that participants who make this
judgment must inhibit the misconception that large objects
fall faster than small ones. In this same vein, individuals
who have lost inhibitory control abilities, such as
Alzheimer’s patients, also lose the ability to prioritize
scientific theories over intuitive ones; they default to
intuitive theories even when given ample time to respond
(Lombrozo, Kelemen, & Zaitchik, 2007; Zaitchik &
Solomon, 2008).
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Tensions between science and intuition thus appear
ubiquitous across domains and across the lifespan, but are
such tensions intractable? Can adults be trained to privilege
science over intuition, even when responding under time
pressure? Research with professional scientists suggests not.
Under speeded conditions, professional biologists are
slower and less accurate at verifying that plants are alive
relative to animals (Goldberg & Thompson-Schill, 2009),
and professional physicists become more likely to accept
unwarranted teleological explanations, such as “moss forms
around rocks to stop soil erosion” or “the earth has an ozone
layer to protect it from UV light” (Kelemen, Rottman, &
Seston, 2013). Likewise, Shtulman and Harrington (2016)
found that science professors are uniformly slower and less
accurate at verifying counterintuitive scientific statements
(e.g., “air is composed of matter”) relative to closelymatched intuitive ones (e.g., “rocks are composed of
matter”).
That said, the expertise of the scientists recruited in these
studies may not have been well aligned with the tasks they
were asked to complete. In Shtulman and Harrington’s
(2016) study, for instance, participants were asked to
evaluate materials culled from ten different domains. While
scientists were consistently more accurate at the task than
non-scientists, the scientists’ professional expertise
extended to only a subset of those domains. Similar
concerns arise for the biologists in Goldberg and
Thompson-Schill’s (2009) study and the physicists Kelemen
et al.’s (2013) study. A biologist who studies intra-cellular
reactions may ponder the life status of plants no more often
than a non-biologist, and a physicist who studies string
theory may have ponder the origins of natural kinds, like
moss and ozone, no more often than a non-physicist.
For these reasons, we sought a more direct test of how
science instruction influences the accessibility of
counterintuitive scientific ideas. To do so, we administered
a version of Shtulman and Valcarcel’s (2012) statementverification task before and after a tutorial targeting the
content of those statements. We adapted the task by
focusing exclusively on the domains of life (basic
physiology) and matter (basic chemistry). Both domains are
foundational to scientific reasoning; basic physiology is
necessary for learning higher-level concepts in cellular
biology, evolutionary biology, and immunology, and basic
chemistry is necessary for learning higher-level concepts in
optics, thermodynamics, and electromagnetism. Because
these domains are foundational, our participants—college
undergraduates—could be expected to have acquired a
scientific understanding of these domains many years
earlier, during elementary school in the case of life (Carey,
1985; Hatano & Inagaki, 1994) and during middle school in
the case of matter (Nakhleh, Samarapungavan, & Saglam,
2005; Smith, 2007). The domains of matter and life were
also ideal for expanding our stimuli, as a handful of domainspecific predicates could be applied to a large number of
domain-specific objects, as discussed below.

In addition to crafting new test materials, we crafted new
tutorials for teaching participants’ about the scientific
properties of life and matter. These tutorials targeted ideas
instantiated in the statements under verification, such as the
idea that all matter has weight or that all organisms need
nutrients. Participants received either the life tutorial or the
matter tutorial but not both, which allowed us to disentangle
the domain-specific effects of instruction from domaingeneral effects of practice with the task or familiarity with
the materials. Our prediction was that instruction would
increase the accuracy of participants’ statement verifications
for those within the domain of instruction and for which
science and intuition conflict. Statements for which science
and intuition agree were predicted to be less affected by
instruction because participants should have verified those
statements correctly from the start. We also predicted that
instruction would decrease how long it took participants to
make their verifications, though this prediction was more
tentative given that prior studies have found either a
negative relationship between speed and accuracy for
counterintuitive statements (Shtulman & Valcarcel, 2012) or
no relationship at all (Shtulman & Harrington, 2016).

Method
Participants
The participants were 138 college undergraduates, recruited
through campus advertisements or visits to psychology
classes. They were compensated with extra credit or a small
stipend. Five additional participants were tested but dropped
for various reasons (two did not complete the tutorial; two
were non-native English speakers and reported difficulty
with the task; one took three times longer than usual to
complete the task). Most participants were female (74%),
and they came from a variety of majors: 30% from the
natural sciences, 45% from the social sciences, and 25%
from the humanities. They had taken an average of 6.1
college-level math and science courses, though some had
taken as many as 21. With this level of STEM education,
participants could reasonably be expected to know the
scientific properties of both life and matter.

Materials
Our measure of the conflict between science and intuition
was a statement-verification task. Participants were
presented with four types of scientific statements and asked
to judge those statements as “true” or “false” as quickly as
possible. Some statements were true from both a scientific
perspective and an intuitive perspective (e.g., “otters need
nutrients”); some were false both from both perspectives
(“boulders need nutrients”); some were true from a
scientific perspective but false from an intuitive perspective
(“bacteria need nutrients”), and some were false from a
scientific perspective but true from an intuitive perspective
(“robots need nutrients”). The first two types of statements
will be referred to as intuitive and the latter two types as
counterintuitive.
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This task has several advantages over other measures of
explanatory coexistence (for a review, see Shtulman &
Lombrozo, 2016). First, by comparing statements involving
the same predicates, the linguistic complexity of intuitive
and counterintuitive statements is equated across stimuli.
Second, by including an equal number of objectively true
and objectively false statements, the possibility of
participants developing response biases is minimized. Third,
by crossing truth-value (true vs. false) with intuitiveness
(intuitive vs. counterintuitive), the effects of each factor are
empirically distinguishable.
Our statements were generated by pairing one of three
predicates in each domain with one of 80 entities. In the
domain of life, the predicates were “reproduces,” “needs
nutrients,” and “grows and develops.” In the domain of
matter, the predicates were “has weight,” “takes up space,”
and “is composed of atoms.” The biological predicates
apply to all living things, but we predicted that participants
would be inclined to apply them only to entities that appear
to move on their own. Likewise, the physical predicates
apply to all material things, but we predicted that
participants would be inclined to apply them only to entities
that can be seen or felt. These predictions were derived from
the extensive literatures on intuitive theories of life (see
Hatano & Inagaki, 1994) and intuitive theories of matter
(see Smith, 2007).
We created our four types of statements by pairing our
predicates with four types of entities, as shown in Table 1.
In the domain of life, those entities were animals (deemed
alive by both science and intuition), inanimate artifacts and
inanimate natural kinds (deemed alive by neither science
nor intuition), plants and microorganisms (deemed alive by
science but not by intuition), and animate artifacts and
animate natural kinds (deemed alive by intuition but not
science). In the domain of matter, those entities were
physical objects (deemed material by both science and
intuition), abstract ideas (deemed material by neither
science nor intuition), gases and other bulk-less or heft-less
objects (deemed material by science but not by intuition),
and the visible or tangible components of energy transfer
(deemed material by intuition but not science).
Participants completed a tutorial on life or matter midway
through the experiment. The tutorial on life emphasized that
all living things need energy and nutrients, grow and
develop, react to stimuli in their environment, and
reproduce. It also addressed the misconception that life is
synonymous with self-directed motion, providing examples
of entities that do not appear to move on their own but are
alive (e.g., algae) and entities that move on their own but are
not alive (e.g., comets). The tutorial on matter emphasized
that all matter occupies space, has weight, is composed of
atoms, and can undergo phase transitions. It also addressed
the misconception that matter is synonymous with visibility
or tangibility, providing examples of entities that cannot be
seen or felt but are material (e.g., vapors) and entities that
can be seen or felt but are not material (e.g., lightning).

Both tutorials contained a mixture of text, images, and
videos and took approximately seven minutes to complete.
The tutorials were followed by eight multiple-choice
questions intended to assess participants’ engagement with
the material. Four questions assessed their comprehension
of the general principles (e.g., “Which criteria can you use
to know something is made of matter?”), and four questions
assessed their attentiveness to the specific examples (e.g.,
“What was the color of the balloon in the video?”). Most
participants (85%) answered all eight questions correctly,
and the rest missed only one question (14%) or two (1%), so
all participants were included in the final analysis.
Table 1: Sample items used in the biological statements
(top) and physical statements (bottom), organized by their
role in scientific and intuitive views of the domain.
Is it alive?
Science: Yes
Science: No

Is it matter?
Science: Yes
Science: No

Intuition: Yes
Pigs
Turtles
Snails
Geysers
Tornadoes
Fire

Intuition: No
Kelp
Oaks
Mold
Tables
Pebbles
Shells

Intuition: Yes
Bricks
Dumbbells
Logs
Rainbows
Shadows
Heat

Intuition: No
Smoke
Clouds
Methane
Dreams
Songs
Numbers

Procedure
Each study session proceeded in three phases. First,
participants verified 120 statements about life and 120
statements about matter (the pretest). Next, they completed
a tutorial on life or matter, including the post-tutorial quiz.
Last, they verified 120 additional statements about life and
120 additional statements about matter (the posttest). Half
the participants received the tutorial on life and half the
tutorial on matter.
Participants completed the pretest and posttest in blocks.
They saw a screen introducing a particular predicate (e.g.,
“does it grow and develop?”), followed by 40 statements
derived from that predicate (e.g., “seaweed grows and
develops”). Ten of the statements were scientifically and
intuitively true; ten were scientifically and intuitively false;
ten were scientifically true but intuitively false; and ten were
scientifically false but intuitively true. The statements were
randomly ordered within a block, and the blocks were
randomly ordered within the testing phase, meaning that
biological and physical predicates were intermixed.
Participants saw the same predicates at pretest and posttest,
but those predicates were paired with 40 new entities. The
entities presented at pretest for half the participants were
presented at posttest for the other half and vice versa. This
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Proportion Correct

variable was crossed with whether participants received the
tutorial on life or the tutorial on matter to ensure that the
effects of the tutorial were not confounded with the effects
of particular pretest items or particular posttest items.

Results
The statement-verification task yielded two measures:
response accuracy and response latency. We analyzed each
with a repeated-measures analysis of variance (ANOVA), in
which statement type (intuitive vs. counterintuitive),
assessment period (pretest vs. posttest), and instruction
(present vs. absent) were all treated as within-participants
factors. Our content domains were life and matter, but we
collapse that distinction here for lack of space and focus
instead on whether the statements were targeted by
instruction or not. Responses were not identical across
domains; participants verified the biological statements
more accurately and more quickly than the physical
statements (accuracy: 92% vs 86%; speed: 906 ms vs. 1038
ms), but the effects of the tutorials were largely the same.

Response Latency
Before submitting response latencies to an ANOVA, we
calculated the mean response latency across participants and
statements (M = 1099 ms) and removed latencies more than
two standard deviations above the mean (i.e., latencies
greater than 2947 ms). We also removed latencies shorter
than 250 ms, as responses produced that quickly were
unlikely to have been deliberate. We further culled the

0.95
0.90
0.85
0.80
0.75
Pretest

Posttest

Proportion Correct

Nontarget Domain
Intuitive
Counterintuitive

Response Accuracy
Participants verified intuitive statements more accurately
than counterintuitive statements in both the target domain
and the nontarget domain and at both assessment periods
(see Figure 1). A repeated-measures ANOVA confirmed
that there was an effect of statement type (F(1,137) =
351.33, p < .001, ηp2 = .719). It also revealed an effect of
assessment period (F(1,137) = 105.32, p < .001, ηp2 = .435)
but no effect of instruction (F(1,137) = 2.44, p = .12, ηp2 =
.018). Participants increased their overall accuracy from
pretest (87%) to posttest (92%), but this effect was qualified
by a three-way interaction between statement type,
assessment period, and instruction (F(1,137) = 16.77, p <
.001, ηp2 = .109).
We explored this interaction by calculating the difference
in response accuracy between intuitive statements and
counterintuitive statements at each assessment period and
comparing those differences across assessment periods
using paired-samples t tests. In the nontarget domain, the
difference in response accuracy remained essentially the
same from pretest to posttest (11% vs. 9%, t(137) = 1.71, p
= .09, d = 0.15), whereas in the target domain, this
difference was significantly attenuated (10% vs. 4%, t(137)
= 7.03, p < .001, d = 0.60). Thus, instruction increased the
accuracy of participants’ verifications for counterintuitive
statements relative to intuitive ones within the domain of
instruction but not within the other domain.

1.00

Target Domain
Intuitive
Counterintuitive

1.00
0.95
0.90
0.85
0.80
0.75
Pretest

Posttest

Figure 1: The proportion of intuitive and counterintuitive
statements verified correctly before and after instruction, as
a function of whether the statements were from the domain
targeted by instruction (top) or not (bottom). All SE < .011.
dataset by removing latencies associated with incorrect
responses. We then computed the average latency for each
predicate,
separating
intuitive
statements
from
counterintuitive statements and pretest statements from
posttest statements.
When participants correctly verified a statement, they did
so more slowly for counterintuitive statements than for
intuitive ones (see Figure 2). A repeated-measures ANOVA
confirmed this effect (F(1,137) = 372.93, p < .001, ηp2 =
.731). It also revealed an effect of assessment period
(F(1,137) = 238.69, p < .001, ηp2 = .635) but no effect of
instruction (F(1,137) = 3.37, p = .07, ηp2 = .024). These
effects were additionally qualified by an interaction between
assessment period and statement type (F(1,137) = 8.19, p <
.01, ηp2 = .056).
We explored this interaction in the same manner that we
explored the interaction relating to accuracy, calculating the
difference in response latency between intuitive statements
and counterintuitive statements at each assessment period
and comparing those differences across assessment periods.
In both the target domain and the nontarget domain, these
difference decreased by a small but significant amount
(target domain: 106 ms vs. 85 ms, t(137) = 1.98, p < .05, d =
0.17; nontarget domain: 127 ms vs. 107 ms, t(137) = 2.30, p
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Figure 2: The mean response latency for correct
verifications of intuitive and counterintuitive statements
before and after instruction, as a function of whether the
statements were from the domain targeted by instruction
(top) or not (bottom). All SE < 21 ms.
< .05, d = 0.20). Such effects were likely due to familiarity
with the task, as they were obtained in both the target and
nontarget domain and did not differ across domains (as
indicated by the lack of a three-way interaction).

Discussion
Scientific ideas that defy intuition are more difficult to
access than those that accord with intuition, as revealed by
how accurately and how quickly those ideas are verified
(Barlev, et al., 2017; Goldberg & Thompson-Schill, 2009;
Kelemen et al., 2013; Shtulman & Valcarcel, 2012). The
commonsense notion that scientific theories replace intuitive
theories is incorrect, but it remains an open question as to
how and why the two theories coexist.
Here, we attempted to increase the accessibility of
counterintuitive scientific ideas by tutoring participants on
the domain-specific principles that defy intuition. Although
our tutorials were brief (7 minutes), they increased
participants’ accuracy at verifying counterintuitive scientific
ideas within the domain of instruction. The gap in response
accuracy between intuitive and counterintuitive statements
in the target domain nearly closed, moving from 10% at

pretest to 4% at posttest. And there was no concomitant
decrease in the nontarget domain. Surprisingly, there was no
change in how quickly participants verified the statements,
at least not one that was specific to instruction. The gap in
response latency between intuitive and counterintuitive
statements did decrease, but this decrease was miniscule (20
ms) and occurred regardless of instruction.
These findings indicate that the conflict between science
and intuition is amenable to instruction insofar that
instruction helps reasoners favor scientific responses over
intuitive ones, but the conflict itself cannot be eliminated.
Counterintuitive statements like “yeast needs nutrients” or
“clouds have weight” appear to elicit contradictory
responses—“false” according to intuition but “true”
according to science—and it takes people appreciably
longer to select the correct (scientific) response than for
statements in which science and intuition agree. Targeted
instruction may increase the likelihood that participants will
select the correct response, but it does not change how
quickly that response is selected, implying that both
response options are elicited automatically.
These results parallel those obtained with professional
scientists (Goldberg & Thompson-Schill, 2009; Shtulman &
Harrington, 2016). Professional scientists are more accurate
than non-scientists at affirming counterintuitive scientific
ideas, but they still exhibit a reliable lag in the time taken to
affirm counterintuitive ideas relative to intuitive ones. We
attempted to attenuate that lag directly, by providing
instruction that specifically targeted the judgments at hand,
in the moment those judgments were being made, but our
attempt proved unsuccessful. The conflict between science
and intuition may be an inevitable byproduct of holding
competing representations of the same phenomena
(Shtulman, 2017; Thagard, 2014).
Thus, a critical question for future research is why the
conflict between science and intuition appears inevitable.
One possibility is that this conflict, once established,
remains stable across development, akin to the persistence
of visual illusions despite awareness of their illusory nature
(Pylyshyn, 1999) or the persistence of heuristic-based
inference strategies despite awareness of their suboptimality
(Kahneman, 2011). Visual illusions and cognitive heuristics
do not diminish in strength after we become aware of them,
but they do not increase in strength either. Rather, they
constitute a stable backdrop for perceiving or evaluating
new information. If the conflict between science and
intuition is similar in nature, then this conflict is likely to
appear early in science education and plateau soon after.
Advanced science education might facilitate deliberate
scientific reasoning, but it would not weaken the immediate
conflict elicited by stimuli that evoke both scientific theories
and intuitive theories.
On the other hand, the conflict between science and
intuition may vary with the strength and consistency of the
underlying theories. Intuitive theories are, after all, theories
(Carey, 1985; Gopnik & Meltzoff, 1997). They are
constructed from data, and they are open to revision, at least
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early on. There may be important representational
differences between intuitive theories and the perceptual
biases that give rise to visual illusions, rendering the former
more malleable and context-dependent. On this view, the
conflict between science and intuition should vary with the
input that supports intuitive theories, whether that input is
perceptual (e.g., observing the sun move across the sky) or
linguistic (e.g., using the words “sunset” and “sunrise” to
describe the sun’s apparent motion). These inputs will differ
across domains, and they may also differ across
development. Studies of children in the earliest stages of
science learning may thus provide the leverage needed to
determine how the lifelong conflict between science and
intuition becomes established in the first place.
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Abstract

sense in which there clearly is some kind of consensus (in
that multiple sources are conveying identical information),
there is another sense in which this consensus is misleading:
each source is merely repeating information they obtained
from another source.
The above example highlights that consensus can refer to
many different things, and that there is no single criterion
that determines what counts as a consensus. But, insofar as
these different kinds of consensus can be delineated, a
question remains as to whether individuals distinguish
between them – and if those distinctions have cognitive
consequences.

As we navigate our information-rich world, we frequently
interpret and integrate testimony from external sources
(friends, teachers, books, internet articles, etc.) – deciding
which pieces of information to believe, and which to discard.
One cue to a statement’s trustworthiness is whether it comes
from a consensus (i.e., when a majority of people agree). But
what counts as consensus? When presented with a set of
agreeing sources, do we evaluate the quality of consensus –
for example, asking whether each source arrived at their
conclusion by independent means? In a first experiment, we
demonstrate that individuals are insensitive to the quality of a
consensus, and are equally confident in conclusions drawn
from a ‘true’ consensus (i.e., one derived from many primary
sources) and those drawn from a ‘false’ consensus (i.e., one
derived from many secondary sources but only a single
primary source). In a second experiment, we find that this
continues to be true even when the expertise of the secondary
sources is minimized. Together, our experiments provide
converging evidence that people do not properly discount (or
discount at all) information from a ‘false’ consensus.

The consequences of consensus

Keywords: consensus; conformity; social learning; reasoning

Introduction
How do we decide what information we can trust? In theory,
at least, consensus is a fairly strong cue towards a claim’s
trustworthiness: if many sources all report the same story, it
is reasonable to assume the story is more likely to be true.
And indeed, a large literature has demonstrated that adults,
children, and even dogs are highly sensitive to consensus
(Asch, 1956; Corriveau & Harris, 2010; Kundey et al.,
2012). But, is every consensus equally informative, or are
there cases where a consensus appears superficially true, but
is ultimately false?
Imagine, for example, that you hear a rumor from one of
your colleagues that a brand-new coffee machine is to be
installed in your department. A little while later, you hear
the same rumor from another colleague, and then another.
You have now heard the same information repeated several
times, and there appears to be a clear consensus. While you
could accept this information at face value, you could also
probe deeper. For example, one might ask: where did your
colleagues get their information from? If it turned out that
all three had received their information from a single source
(rather than from independent sources), would you be less
likely to believe it?
While the above is clearly an example of a consensus, it
does not seem to be a very good one. While there is one

Classic work on conformity suggests that people may overrely on apparent consensus (Asch, 1956), even when that
consensus is obviously wrong. But, here, consensus refers
only to agreement without any cause or explanation. More
recently, sensitivity to consensus has been primarily studied
in children. This work has shown that even young children
are sensitive to consensus information, with children as
young as 3 years old reliably aligning themselves with the
majority when there is disagreement (Corriveau et al., 2009;
Corriveau & Harris, 2010; Fusaro & Harris, 2008). Further
work has investigated how and under what conditions
children are susceptible to consensus (Burdett et al., 2016;
Hu et al., 2013; Hu et al., 2015). Yet, little work has
examined sensitivity to the quality of consensus (one recent
paper being the exception; see Einav, 2018) – even though
this question seems directly relevant to a wide range of
psychological and sociological questions. This is especially
important as we attempt to understand how it is that people
come to believe (and defend) erroneous information. Indeed,
consensus plays a critical part not only as we decide which
rumors to take seriously, but also as we interpret academic
articles, news sources, and virtually any kind of information
for which there can be a consensus at all.
Other recent work has probed people’s intuitions about
the quality of consensus more directly. For example, recent
work has shown that people will adopt sophisticated
strategies rather than merely copying a majority. In
particular, it was shown that participants were sensitive to
whether testimony from many different sources was
independent (Whalen et al., 2018). Thus, this work seems
to predict that individuals would be sensitive to the
difference between a true and false consensus.
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Figure 1. Sample article from Experiment 1.
Outside of the realm of cognitive science, one study has
shed light on a timely example of ‘false consensus’ (and the
consequences it may have), by investigating the sociology
of climate change denial. The researchers wanted to
understand why there is such a wide gap between the
scientific consensus and public opinion. To do so, they
investigated popular internet blogs devoted to discussions of
climate change. Over 80% of the blogs studied relied on a
single primary source – a single person who, despite having
never conducted any research, is said to be an expert on (of
all things) polar bears (Harvey et al., 2017). The work (or,
opinion) of a single person is subsequently published over
and over again in one source after another. There appears to
be a clear consensus – and many people seem to take that
consensus as probative. This sociological study seems to
document an instance of false consensus. But perhaps
laypeople reading such sources recognize false consensus
when they see it, and properly discount the validity of
information that is merely repeated. Alternatively,
individuals may take repeated information just as seriously
as information that comes from different primary sources
(e.g. if, instead of citing primarily one source, the sciencedenying climate change blogs had relied on many unique
sources).

Here, we test this question in two separate ways. First, we
assess whether individuals are sensitive to the difference
between ‘true’ and ‘false’ consensus in the first place, by
having them read information from seemingly ordinary
news articles (where, ostensibly, the secondary sources
possess some level of expertise, or responsibility to report
accurate information). Next, we assess whether individuals
are sensitive to this difference when the secondary sources
are explicitly non-expert (such that they might not have
made any attempt to independently verify information). In
both instances, we find that while individuals are sensitive
to consensus (i.e., that they are more likely to believe this
information as opposed to information for which there is no
consensus), they fail to distinguish between true and false
consensus (believing both equally as much).

Experiment 1: Assessing false consensus
We first assessed sensitivity to the quality of consensus in
the most straightforward way possible: by simply showing
participants artificial news articles, and assessing their
confidence in the arguments presented (see Figure 1). To
manipulate consensus, we varied a) the number of
secondary sources that took a particular side in a debate and
b) the number of primary sources those secondary sources
cited.
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Method
Participants 240 adult participants completed a survey
online through Amazon Mechanical Turk (22 additional
participants participated but were removed due to failing a
simple attention check; see procedure). The sample size was
chosen based on independent pilot data. All participants
lived in the United States.
Stimuli Materials consisted of artificial news articles about
the Japanese economy. These articles were written from
scratch, although they were based on true information.
Some articles took an affirmative stance (Japan’s economy
will continue to improve), and some took a negative stance
(Japan’s economy will not continue to improve).
Participants were explicitly told that any markers of the
articles’ origins (as well as ads, etc.) had been removed to
minimize distractions. Articles all cited their primary
sources (the name of an expert), which was highlighted in
blue and underlined as if it were a hyperlink. See Figure 1.
Procedure 80 participants each were randomly assigned to
one of three conditions: a ‘true consensus’ condition, a ‘no
consensus’ condition, and a ‘false consensus’ condition. In
both the ‘true’ and ‘false consensus’ conditions, participants
read one article that took a negative stance on the future of
Japan’s economy, and four articles that took a positive
stance. The only difference between conditions was the
number of primary sources these articles cited: In the ‘true
consensus’ condition, each article cited a unique primary
source. Critically, in the ‘false consensus’ condition, each of
the positive articles cited the same primary source. And in
the baseline ‘no consensus’ condition, participants read one
article that took a negative stance and one article that took a

Figure 2. Results of Experiment 1: mean confidence
ratings in the true, false, and no consensus conditions.
Error bars represent +/- 1 SE.

positive stance. Each article cited a unique primary source.
The articles were presented in a random order for each
participant.
After reading the articles, participants were asked how
much they agreed with the affirmative position (the one for
which they read four articles in the ‘true’ and ‘false’
consensus conditions). They responded by clicking on a
number line, indicating their confidence on a scale of 0-100.
Participants were prompted to confirm their answer before
submitting it. On a separate screen, participants were then
asked two questions. First, they were asked which sources
(from a list of 10) had been cited in the articles they read.
They were free to select any number of sources that they
wanted. Additionally, they were asked what nation the
articles had been about, selecting their answer from a list of
five possibilities. Participants who failed to answer the latter
question correctly were excluded and replaced (true
consensus: n = 10; false consensus: n = 4; no consensus: n =
8). No other information was collected from the
participants.

Results and Discussion
First, it was critical to assess whether participants (as a
whole) were tracking the individual sources that they read.
We used a d-prime analysis to determine whether people
correctly identified the sources they had seen, above what
would be predicted by chance. In each condition,
participants identified the correct primary sources at abovechance levels (true consensus: d'=1.16, t(79)=8.63, p<.001,
d=.97; no consensus: d'=1.37, t(79)=12.27, p<.001, d=1.37;
false consensus: d'=2.20, t(79)=14.21, p<.001, d=1.60)1.
Thus, subsequent effects cannot be a result from failures to
attend to (or remember) the sources in the first place.
The primary results of this experiment are reported in
Figure 2. We first assessed whether consensus did in fact
increase participants confidence in the information they
read. Indeed, participants in the ‘true consensus’ condition
were 15 points more confident than participants in the ‘no
consensus’ condition (on a 100-point scale; t(158)=4.71,
p<.001, Bonferroni corrected). But did participants discount
consensus in the ‘false consensus’ condition? First, we
assessed whether the ‘true consensus’ confidence ratings
differed from those in the ‘false consensus’ condition. These
were separated by only 2 points on a 100 point scale, and
this difference was not significant (t(158)=.69, p>.90,
Bonferroni corrected). Additionally, we tested whether
confidence in the ‘false consensus’ condition was actually
greater than in the ‘no consensus’ condition. Indeed,
subjects were more confident in the ‘false consensus’
condition than in the ‘no consensus’ condition (amounting
to a 13-point difference in confidence, or about a 23%
increase; t(158)=4.02, p<.001, Bonferroni corrected). The
1 For hit- or false-alarm-rates of 0 or 100%, we used values of
5% and 95% instead. Modifying these values to be as conservative
as possible does not change the result.
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individuals assume news sources possess some amount of
journalistic integrity (whether or not this happens to be
true). If twenty different sources are reporting on rumors
from unnamed sources in the White House, perhaps it is fair
to assume that each source verified those claims to some
degree – even if they all cited a single source. Furthermore,
there is sense in which it may not only be reasonable for
secondary sources to cite a single primary source, but that it
may simply be the ethical thing to do (i.e., giving credit
where credit is due).
Might individuals discount false consensus if sources are
explicitly non-expert? Experiment 2 manipulated expertise
to address this concern.

Experiment 2: Minimizing expertise
We next assessed sensitivity to consensus in a case where
participants were unlikely to make assumptions about the
knowledge and expertise of the secondary sources. To do so,
we had participants read artificial student essays rather than
news articles. The purpose of this manipulation was to make
it clear to participants that the secondary sources had not –
and indeed, could not – have independently verified the
claims they were asserting.

Method

Figure 3. Results of Experiment 1: complete
distributions of confidence ratings in the true, false, and
no consensus conditions.
complete confidence rating distributions for each condition
can be seen in Figure 3.
These results suggest that individuals are not sensitive to
any difference between ‘true’ and ‘false’ consensus. While
it is possible this effect could have been driven by subjects
who failed to notice there was only one source in the false
consensus condition, participants across all conditions were
quite good at identifying which sources they had heard
from. Furthermore, average confidence ratings in the true
and false consensus conditions did not differ from one
another. If the similarity of the true and false consensus
conditions was being driven by only a few participants, one
might expect this difference would be more pronounced.
One way of testing this empirically is by removing
participants whose d-primes were not higher than zero (i.e.,
participants who were particularly poor at identifying the
sources they had heard from). Doing so actually makes our
effect even more pronounced: the difference between ‘false
consensus’ and ‘no consensus’ increases to 16 points
(amounting to more than a 30% increase in confidence).
Alternatively, there may be a rational explanation for
these results. When reading news articles, it is possible that

All elements of the experimental design were identical to
those of Experiment 1, except as stated below. 240 new
participants the survey online through Amazon Mechanical
Turk (and 59 additional participants participated but were
removed for failing a simple attention check; true
consensus: n = 22; false consensus: n = 16; no consensus: n
= 21).
Instead of reading news articles about the state of the
Japanese economy, participants read artificial student essays
about an impending tax proposal in Sweden. Prior to
reading the articles, participants were told explicitly (i.e., in
bold letters, in the center of the screen) that the students had
been specifically instructed to cite their sources in order to
make their respective arguments. Unlike the sources in the
previous experiment, the primary sources in this experiment
were the names of (real) economic foundations. Again, the
articles could take either a negative stance (the tax policy
should not be approved) or an affirmative stance (the tax
policy should be approved).

Results and Discussion
Again, it was critical to assess whether individuals (as a
whole) were tracking the individual sources cited in the
essays. And, again, this turned out to be true. We used a dprime analysis to determine whether people correctly
identified the sources they had seen, above what would be
predicted by chance. In each condition, it was true that
subjects identified the correct primary sources at abovechance levels (true consensus: d'=1.66, t(79)=12.87, p<.001,
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In sum, these results provide converging evidence that
individuals do not properly discount information that is
merely repeated. In fact, participants’ trust in repeated
information is exactly the same as their trust in
independently sourced information.

General Discussion
In a first experiment, we showed that individuals fail to
differentiate true and false consensus when exposed to
ordinary news articles. In a second experiment, we showed
that this effect persists even when minimizing the expertise
of the secondary sources. Together, these results suggest
that individuals are sensitive to consensus only in a
superficial way – and that genuine consensus confers no
additional increase in confidence.
How can these results be explained? Individuals seem to
be aware that they are only (truly) hearing from one source,
and yet they are still quite confident in the information they
read. Below, we highlight five considerations for future
work.
Figure 4. Results of Experiment 2: mean confidence
ratings in the true, false, and no consensus conditions.
Error bars represent +/- 1 SE.

Other considerations and future directions

d=1.44; no consensus: d'=1.37, t(72)=5.202, p<.001, d=.61;
false consensus: d'=1.16, t(79)=7.13, p<.001, d=.80). Thus,
we can be confident that any subsequent effects did not
result from a failure to attend to (or remember) the sources
in the first place.
The primary results of this experiment are reported in
Figure 4. Analyses confirm what is evident from the figure.
Consensus did in fact increase participants’ confidence in
the information they read. Indeed, participants in the ‘true
consensus’ condition were 8 points more confident than
participants in the ‘no consensus’ condition (on a 100-point
scale; t(158)=2.42, p<.05, Bonferroni corrected). Again, we
also assessed whether the ‘true consensus’ confidence
ratings differed from those in the ‘false consensus’
condition. The two were separated by only two-tenths of a
point on a 100 point scale, and this difference was not
significant (t(158)=.07, p>.90, Bonferroni corrected).
Participants were also more confident in the ‘false
consensus’ condition than in the ‘no consensus’ condition
(amounting to a 8-point difference in confidence, or about a
13% increase; t(158)=4.02, p<.001, Bonferroni corrected).
Once again, we tested whether these effects could be
explained by some subset of the participants who did not
attend to source information. After removing participants
with d-primes less than or equal to zero, the effects were
once again even stronger: the difference between the ‘true
consensus’ and ‘no consensus’ condition was still 8 points,
and the difference between ‘false consensus’ and ‘no
consensus’ increased to 9 points (amounting to about a 15%
increase in confidence).
2

Due to missing data caused by subjects refreshing the page in
error, seven subjects were excluded from this analysis.

First: our work is not meant to answer any philosophical or
sociological question about whether we ought to discount
false consensus. We can imagine arguments on both sides.
Rather, we simply want to understand how people interpret
a consensus, and what counts as a consensus in the first
place – regardless of whether this is rational, or sensible.
Second, although individuals as a whole are tracking the
sources at above-chance levels, it is challenging to
determine on a participant basis who exactly paid attention
to the names of the sources, and whether (or how) this may
have biased our results. For example, the higher confidence
ratings in the false consensus condition could have been
driven by a subset of participants who attended to the
number of articles, but not the number of primary sources. If
true, this might mean that the increased confidence in the
false consensus condition (compared to the no consensus
condition) was driven solely by the subset of participants
who had an incorrect sense of the number of sources they
had heard from.
There are two reasons to doubt this explanation. First,
confidence in the false consensus condition was not only
higher than confidence in the no consensus condition: it was
also equal to confidence in the true consensus condition.
Therefore, it is unlikely that a small number of participants
drove this effect. But more importantly, when we excluded
participants who had a zero-or-lower d-prime score
(indicating they had not attended to the sources), our effects
become even more pronounced. Thus, our results do not
seem to be driven by noisy responses, but diminished by
them. Moreover, whether we used this exclusion criteria or
other comparable ones, our results were always qualitatively
the same.
Third, it remains unclear how participants are interpreting
the secondary sources. Even in our second experiment,
which was designed to minimize assumptions made about
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the secondary sources (students), it is quite possible that
individuals assume these sources acted as some kind of
filter: perhaps they all attended to (and wrote about) the
same primary source because that information had been
most persuasive to them to begin with. Future work may
address this by studying the phenomenon of ‘false
consensus’ in instances where the secondary sources could
not possibly have outside knowledge.
Fourth, we did not explore other conditions under which
individuals might properly discount false consensus. We
very purposefully directed attention to the sources in each
experiment, and participants in different conditions were
able to identify which source(s) they had heard from.
However, it is possible that an even more heavy-handed
approach would have helped participants to recognize and
discount instances of false consensus (as in Whalen et al.,
2018). For example, what if participants were prompted to
recall what sources they would heard from before their
confidence had been assessed? Would this cause them to
reason differently about the trustworthiness of the false
consensus?
Finally, it remains unclear how robust these effects would
be across contexts. Our examples (one about the Japanese
economy, and the other about Swedish tax policy)
purposefully straddled the fence between objectivity and
subjectivity. That is, arguments of taxation and economics
are, in principle, grounded in empirical data, yet there is
room for interpretation. Other work has shown that people
interpret consensus differently depending on the level of
perceived subjectivity/objectivity of information (Yousif &
Keil; under review); might such factors also play a role as
people interpret the quality of a consensus?

Conclusion
Overall, our results suggest that individuals do not discount
information that is merely repeated. Instead, individuals
seem just as confident in information derived from a false
consensus as they are in information derived from a true
consensus. It is not hard to imagine, in light of these results,
why fake news articles spread across social media may have
such powerful effects on political outcomes. Yet, these
findings also raise important questions for the future. How
can we combat this over-reliance on consensus? Should
news sources differentiate between claims that are being
repeated and claims that have been verified – and would this
even make a difference?
In sum, while consensus is a powerful sociological signal,
it may not always be the best empirical signal. Yet, it seems
that people may not notice the difference – and this
cognitive neglect has serious implications for how people
perceive and interpret the over-abundance of information
they are exposed to on a daily basis.
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Abstract
Gibson et al. (2017) argued that color naming is shaped by
patterns of communicative need. In support of this claim, they
showed that color naming systems across languages support
more precise communication about warm colors than cool colors, and that the objects we talk about tend to be warm-colored
rather than cool-colored. Here, we present new analyses that
alter this picture. We show that greater communicative precision for warm than for cool colors, and greater communicative
need, may both be explained by perceptual structure. However, using an information-theoretic analysis, we also show
that color naming across languages bears signs of communicative need beyond what would be predicted by perceptual structure alone. We conclude that color naming is shaped both by
perceptual structure, as has traditionally been argued, and by
patterns of communicative need, as argued by Gibson et al. –
although for reasons other than those they advanced.
Keywords: information theory; color naming; categorization.

Introduction
Languages vary widely in the ways they partition colors into
categories. At the same time, this variation is constrained, and
similar color naming systems are often seen in unrelated languages (e.g. Berlin & Kay, 1969; Lindsey & Brown, 2006).
The forces that give rise to this constrained variation have
long been debated, and it is often held that a major role is
played by perceptual structure (e.g. Kay & McDaniel, 1978).
A variant of this view emphasizes in addition the importance
of communicative forces, and argues that languages divide
perceptual color space into categories in ways that support efficient communication (Jameson & D’Andrade, 1997; Regier
et al., 2007; Baddeley & Attewell, 2009; Regier et al., 2015;
Lindsey et al., 2015).
Recently, Gibson et al. (2017) suggested an even greater
role for communicative forces. They proposed that crosslanguage commonalities in color naming may reflect a human need to refer to particular colors more than others, and
presented this hypothesis as an alternative to one based on
perceptual salience (p. 10785). They showed that color naming systems across languages support more precise communication about warm colors than cool colors, and that the objects we talk about tend to be warm-colored rather than coolcolored — suggesting that color naming systems may have
adapted to a general human need to communicate preferentially about warm colors.

Here, we engage this argument, and present results that
suggest a somewhat different conclusion. We first present the
core of Gibson et al.’s argument in detail, and replicate their
findings. We then consider an alternative explanation of their
findings, and show that greater communicative precision for
warm than for cool colors, and greater need for warm colors,
may both be explained by perceptual structure, without any
additional communicative preference for warm colors. We
next present a novel information-theoretic analysis of the link
between need and communicative precision, and we use that
analysis to infer need from color naming data. On that basis, we show that color naming across languages bears signs
of communicative need beyond what would be predicted by
perceptual structure alone. We conclude that color naming is
shaped both by perceptual structure, as has traditionally been
argued, and by patterns of communicative need, as argued by
Gibson et al. — although our reasons for implicating need are
different from theirs.

The argument of Gibson et al. (2017)
Gibson et al. found that across languages warm colors tend to
be communicated more precisely than cool colors. They also
found that the objects we talk about tend to be warm-colored
rather than cool-colored, and in that sense warm colors have
higher communicative need. They concluded that the warmcool asymmetry in communicative precision across languages
“reflects colors of universal usefulness” and that the principle
of color use “governs how color categories come about” (p.
10785). They presented this idea as an alternative to proposals based on perceptual salience (p. 10785). Below we
present the data they considered, and their definitions of communicative precision and communicative need, which inform
our own analyses.
Data. Gibson et al. based their analysis primarily on color
naming data from the World Color Survey (WCS: Cook, Kay,
& Regier, 2005). The WCS dataset contains color naming
data from 110 languages of non-industrialized societies. In
the WCS, native speakers of each language were asked to
provide a name for each of 330 color chips. Gibson et al.
analyzed naming data for the subset of 80 color chips shown
in Figure 1, for all WCS languages and also for three languages for which they collected data: English, Spanish, and
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Tsimané. For each language l, each color term w in l, and
each color chip c, they estimated the color naming distribution pl (w|c) as the proportion of speakers of l who used w
rather than some other term to name c.
Communicative need. A need distribution, reflecting how
often a given color c is used in communication (Regier et al.,
2015), can be naturally considered a prior distribution p(c)
over colors. Gibson et al. considered two priors: a uniform
prior, and a “salience-weighted prior” (p. 27 of SI). In the
salience-weighted prior, the probability of each color was determined by the proportion of times that color appeared in
a foreground object, rather than in the background, in their
study of natural images. This prior was based on the assumption that foreground objects are more likely to be talked about
than are backgrounds. This salience-weighted prior exhibits
greater probability mass for warm colors than for cool colors
(see Figure 4C).
Communicative precision. Gibson et al. considered the
expected surprisal of a given color c, with respect to a color
naming distribution p(w|c) and a prior p(c), defined by
S(c) =

Â p(w|c) log p(c|w) ,

(1)

w

where p(c|w) is obtained by applying Bayes’ rule:
p(c|w) =

p(w|c)p(c)
.
Âc0 p(w|c0 )p(c0 )

(2)

Lower values of S(c) correspond to higher communicative
precision for a given color c. Gibson et al. found that
across languages S(c) tends to be lower for warm colors
(reds/yellows) than for cool colors (blues/greens), when evaluated either with the uniform prior or with the salienceweighted prior. We replicated these results on very similar
data (the WCS+ dataset; see below) for both priors, as shown
in Figure 3A and Figure 3B.
Notice that S(c) depends both on the prior p(c) and on the
naming system p(w|c), and thus these results are an outcome
of the combination of need and language. Here we further
explore the nature of this combination in two ways: first by
using the same priors as Gibson et al. while considering new
hypothetical color naming data, and second by keeping the
color naming data fixed and considering new priors.

The role of perceptual structure
The crux of Gibson et al.’s argument is that the warm-cool
asymmetry in precision may reflect the warm-cool asymmetry in need. Another possibility, however, is that both asymmetries may be produced by a common underlying cause, perhaps perceptual in nature. Figure 2 re-plots the 80 colors from
Figure 1 in CIELAB color space, in which the Euclidean distance between nearby colors corresponds roughly to their perceptual dissimilarity (Brainard, 2003; but see also Komarova
& Jameson, 2013). This visualization shows that there exist
potentially relevant perceptual asymmetries of color — and in
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Figure 1: The 80 color chips analyzed by Gibson et al. (2017),
represented in the standard WCS palette. White spaces indicate WCS chips that were
excluded from the analysis. The
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Figure 2: The 80 color chips of Figure 1, represented in
CIELAB color space. L⇤ corresponds to lightness, and hue
and saturation are represented in polar coordinates in the orthogonal plane defined by a⇤ and b⇤ . The irregular distribution of these colors reflects a perceptual asymmetry between
warm and cool colors.
fact this perceptual structure has been used to explain patterns
of color naming across languages (Jameson & D’Andrade,
1997; Regier et al., 2007, 2015; Zaslavsky et al., under revision). We wished to understand whether the structure of perceptual color space could also explain the asymmetry in precision documented by Gibson et al., or that in need, or both –
a possibility acknowledged by Gibson et al. (p. 10789).
To test whether perceptual structure accounts for the warmcool precision asymmetry, we considered a set of hypothetical
color naming systems that were derived solely from the structure of color space, without any additional element of communicative need. We began with the color naming data of the
WCS, supplemented by data for English (Lindsey & Brown,
2014); we call this joint dataset WCS+. We considered the
same 80 chips used by Gibson et al. Then for each actual language l, we constructed a corresponding hypothetical system
by clustering the 80 color chips into kl categories, using the
k-means algorithm with respect to the Euclidean distance between colors in CIELAB space. We took kl to be the number
of color terms in language l for which at least two speakers
used that term to name the same color chip. In an attempt to
avoid local optima, we ran the k-means algorithm 30 times
for each language and retained the best solution. This procedure yielded a set of artificial color naming systems that are
comparable in number of terms to those in our cross-language
data but are determined only by the structure of perceptual
color space, with no additional element of need.
The lower panels of Figure 3 show that these k-means systems exhibit a warm-cool surprisal asymmetry broadly simi-

1249

Uniform

and cool colors by excluding the chips in rows ‘B’ and ‘I’
in Figure 1A, which correspond roughly to light and dark.
These results suggest that the warm-cool precision asymmetry found for actual languages under Gibson et al.’s priors
may to some extent reflect perceptual structure.
Perceptual structure may also explain the pattern of color
use or need that Gibson et al. reported and captured in their
salience-weighted prior itself, according to which foreground
objects (as opposed to their backgrounds) are more likely to
be warm-colored rather than cool-colored. We found that
their salience-weighted prior is correlated (r = 0.49, p <
0.0001) with the distance of each chip from central gray in
CIELAB space,1 suggesting that the salience-weighted prior
reflects how “un-gray” and thus perceptually salient different
colors are. It is possible that useful objects are often saliently
(warmly) colored so as to attract human attention.
Taken together, these results suggest a possible perceptual common cause for both of the qualitative asymmetries in
communicative precision and communicative need that Gibson et al. documented. However these results still leave open
the possibility that color naming across languages may be
shaped by an element of need beyond what is predicted by
perceptual structure. In the following sections we demonstrate an information-theoretic link between communicative
need and precision, and use it to address this open question.

B. Salience-weighted

languages, sorted by E[S(c)]

A.

low

high

D.

k-means systems, sorted by E[S(c)]

C.

high low

low

high low

Information-theoretic link between
need and precision

high

Figure 3: A-B. Replication of the results reported by Gibson
et al. (2017) for the uniform prior and salience-weighted
prior. Across languages, warm colors have lower expected
surprisal than cool colors. C-D. Analogous analyses in
which each language’s color naming system was replaced
by a hypothetical color naming system obtained by k-means
clustering of the color chips represented in CIELAB space.
These perceptually-derived hypothetical systems also exhibit
a warm-cool surprisal asymmetry.

lar to that in the actual languages, both with the uniform prior
(Figure 3C) and with the salience-weighted prior (Figure 3D).
In support of this qualitative observation, with the salienceweighted prior, we found a strong correlation (r = 0.73,
p < 0.0001) between S(c) averaged across actual languages
and S(c) averaged across the corresponding k-means systems.
With the uniform prior, although an overall warm-cool asymmetry is visually apparent, there is also a clear discrepancy
between the actual languages and the k-means systems: light
colors tend to have relatively low surprisal in the actual languages, but high surprisal in the k-means systems. In this
case we did not find a significant correlation between average
surprisal across actual and k-means systems when considering all color chips, but we did find a significant correlation
(r = 0.57, p < 0.0001) when focusing specifically on warm

When viewing language in information-theoretic terms, one
often considers a communication channel between a speaker
and a listener (e.g. Plotkin & Nowak, 2000; Baddeley &
Attewell, 2009; Gibson et al., 2013). However, this is not
the only potentially relevant channel. From an informationtheoretic perspective, any conditional distribution can be interpreted as a channel (Cover & Thomas, 2006), and in the
present treatment, the lexicon is captured by the conditional
distribution p(w|c), which specifies the probability of using a
color term w for a given color c. Therefore the lexicon itself
can be seen as a channel, and one may explore the capacity
of that channel — that is, the maximal amount of information
about color that can be conveyed by that lexicon.
Formally, the input to this channel is a color c, taken from
a set C of colors, and the output is a word w, taken from a set
W of possible words. Here we define C to be the 80 color
chips shown in Figure 1, and W to be an arbitrary set of K
words, where K is determined by the number of color terms in
the language. Shannon’s channel coding theorem (Shannon,
1948) states that the maximal number of bits on average that
can be transmitted per channel use is determined by the channel capacity, which is defined as the maximal mutual infor1 We

took central gray to be located at the midpoint between the
CIELAB coordinates for the two achromatic chips that are most intermediate between black and white in the WCS palette, namely E0
and F0 (not shown in Figure 1).
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mation between the input and output, namely by
(3)

p(c)

p(c)

max I(W ;C) ,

A. WCS-CAP

where the maximization is over all possible choices of p(c),
and the mutual information is

c,w

(4)

A distribution p(c) over C that attains the channel capacity,
i.e. a maximizer of equation (3), is called a capacity-achieving
prior (CAP). In our case, since C and W are finite sets, a
capacity-achieving prior can be found via the Blahut-Arimoto
algorithm (Blahut, 1972; Arimoto, 1972). This algorithm is
based on the fact that by differentiating equation (4) with respect to p(c) we get the following necessary and sufficient2
condition for optimality:
p(c) µ exp( S(c)) .

(5)

We find it interesting that while Blahut and Arimoto derived
the expression for S(c) from the capacity achieving principle,
the same expression has been used for different reasons by
Gibson et al. and others (e.g. Piantadosi et al., 2011). Note
that equation (5) defines a self-consistent condition for optimality, because S(c) also depends on the prior. By taking the
log on both sides of equation (5) we get that a prior is a CAP
if and only if it satisfies
log p(c) = S(c) + log Z ,

p(c)

p(c|w)
.
p(c)

(6)

where Z is the normalization factor of equation (5).
Thus, need and communicative precision are linked
through the capacity achieving principle. Specifically, for
a capacity-achieving prior, i.e. a prior p(c) that maximizes
the information about color that is conveyed by a given lexicon, we should see a simple linear relationship, with slope
1, between log p(c) and the expected surprisal (or communicative imprecision) S(c). Notice that the link between
p(c) and S(c) in equation (6) implies that, ideally, patterns in
p(c) would be mirrored in S(c), and thus the link is consistent with Gibson et al.’s findings. However this link makes a
stronger claim in that it specifies more precisely what the relation between need and precision should be, and does so on
theoretically motivated grounds. In the next section we use
this information-theoretic link to present new evidence that
color naming across languages may indeed reflect universal
patterns of communicative need, as well as perceptual structure.

0.00

0.02

B. KM-CAP

0.01
0.00

C. Salience-weighted
0.02

p(c)

I(W ;C) = Â p(c)p(w|c) log

0.05

0.00

Figure 4: Inferred (A: WCS-CAP, B: KM-CAP) and directly
measured (C: salience-weighted) priors. Chips along the xaxis are rank ordered according to p(c). Dashed line corresponds to a uniform prior. KM-CAP and salience-weighted
exhibit a warm-cool asymmetry, whereas WCS-CAP exhibits
a weaker tendency for warm colors and the two most needed
colors according to this prior correspond to light and dark.
data. Concretely, given a color naming system, this principle
allows us to infer what the accompanying need distribution
or prior should be in order to maximize the precision of the
given lexicon.
We considered three different priors, and assessed their effects in analyses of a single dataset, WCS+. We inferred a
capacity-achieving prior from the WCS+ data itself (WCSCAP, Figure 4A): this is an idealized prior that is implicit in
these actual color naming systems. We similarly inferred a
capacity-achieving prior from the artificial naming data explored above that are derived from k-means clustering (KMCAP, Figure 4B): this is an idealized prior implicit in these
artificial systems that are based on perceptual structure alone.
In each case, following Zaslavsky et al. (under revision), we
evaluated the CAP pl (c) for each language l (real or artificial)
with respect to its color naming distribution pl (w|c), and averaged together these language-specific priors in order to infer a universal need distribution.3 That is, we defined
p(c) =

1 L
Â pl (c) ,
L l=1

(7)

The capacity achieving principle provides a basis for inferring
a theoretically-motivated need distribution from color naming

where L = 111 is the number of languages in the WCS+
dataset.
For comparison with these inferred priors, we also considered the salience-weighted prior of Gibson et al. (Figure 4C),
which is not inferred but is instead grounded directly in the
frequency with which colors appear in foreground objects vs.
backgrounds in natural images. For each of these three priors — WCS-CAP, KM-CAP, and salience-weighted — we

2 This follows from the concavity of I(W ;C) in p(c). For more
detail see Theorem 2.7.4 and section 8.2 in (Cover & Thomas, 2006).

3 We leave for later investigation the interesting question of
language-specific need influences.

Inferring need from naming data

1251

A.

ence of a very clean linear relation for WCS-CAP reassures
us that by averaging the language-specific CAPs, we inferred
a universal need distribution largely consistent with equation (6).4 It is perhaps more surprising that the warm-cool
asymmetry vanishes under this well-motivated prior, given
that it has persisted under others (recall Figure 3). The absence of the warm-cool surprisal asymmetry under WCSCAP demonstrates the sensitivity of this asymmetry to the
assumed prior. At the same time, the lack of a clear linear relation between log p(c) and average S(c) under KM-CAP
suggests that this prior is not well-suited for precise communication using the naturally occurring color naming systems
of the WCS+ dataset. KM-CAP is ultimately derived from
perceptual structure, whereas WCS-CAP is derived from the
actual WCS+ languages, and both priors are derived using
the same principle. Thus, the difference between them, seen
in Figures 4 and 5, can be attributed to features in the WCS+
data that are not simply a reflection of perceptual structure.
With this by way of stage-setting, consider now the results for the salience-weighted prior. It exhibits a warm-cool
surprisal asymmetry on the WCS+ data (in fact, this panel
simply replicates Figure 3B), and also exhibits a roughly
linear relation between log p(c) and average S(c), with
slope close to 1 (r = 0.83, p < 0.0001). This linear relation is significant for two reasons. First, the fact that this
relation is found for the salience-weighted prior but not for
the perceptually-based KM-CAP suggests that the salienceweighted prior (like WCS-CAP) exhibits signs of need beyond what is predicted by perceptual structure. Second, this
roughly linear relation demonstrates an information-theoretic
fit between cross-language color naming data and this prior,
which was independently empirically obtained by Gibson et
al.

WCS-CAP

languages

Average S(c)

6.0

4.0

2.0

2.0

4.5

high

KM-CAP

3.5
languages

Average S(c)

B.

low

7.0

3.0

2.5
4.0

4.5

5.0

low

high

C. Salience-weighted

languages

Average S(c)

4.5

3.5

2.5
4

5

6

low

high

log p(c)
Figure 5: Comparison between the priors of Figure 4. Left
panels: Scatterplots of log p(c) vs. average S(c) across languages. Right panels: Surprisal patterns for each prior, analogous to Figure 3. See text for interpretation.

entered it as p(c) into equation (2), and then used equation
(1) to obtain the expected surprisal S(c) for each language
in the WCS+ data given that prior. We then assessed each
prior in two ways: first by asking whether we obtain the CAPpredicted linear relationship between log p(c) and S(c), and
second by sorting chips by S(c) and asking whether we observe the warm-cool surprisal asymmetry reported by Gibson
et al. and also seen in our Figure 3.
The results are shown in Figure 5. Comparing first just the
two inferred priors, WCS-CAP and KM-CAP, we see that the
linear relation between log p(c) and average S(c) is dissociable from the warm-cool surprisal asymmetry: WCS-CAP
shows a linear relation but not a clear warm-cool asymmetry, whereas KM-CAP shows a clear warm-cool asymmetry
but not a clear linear relation (r = 0.32, p < 0.01). The pres-

Discussion
As stated in their title, Gibson et al. (2017) argued that “color
naming across languages reflects color use.” They presented
this claim as an alternative to accounts of color naming based
on perceptual salience. In support of this claim, they presented evidence of a warm-cool asymmetry in communicative need and a corresponding asymmetry in communicative
precision in color naming across languages — suggesting that
color naming systems may have adapted to a universal human
tendency to communicate preferentially about warm colors.
Here, we have cast this argument in a new light. We have
shown that both qualitative asymmetries may be alternatively
explained by a common cause: the structure of perceptual
color space. Therefore, these two asymmetries are not an
unambiguous sign that color naming reflects communicative
need.
However, by invoking an information-theoretic principle
that links need and precision, we have also presented a dif4 By substituting WCS-CAP into equation (6) we introduced a
non-linearity because the language-specific CAPs are averaged inside the log. In principle, this could have violated equation (6).
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ferent form of evidence that color naming does in fact bear
traces of universal patterns of communicative need beyond
what perceptual factors would predict. Thus, we agree with
Gibson et al. that communicative preferences appear to have
left their imprint on color naming systems in the world’s languages (see also Kemp & Regier, 2012 for a similar argument
concerning kin terminologies). However, we differ with Gibson et al. in two respects: first, we reach this conclusion on
different grounds, and second, we find that communicative
need may operate in concert with, rather than as an alternative to, perceptual structure as a determinant of color naming.
More broadly, there is also another possible connection
between perceptual structure and need. Although we have
treated these two as independent factors, it may be the case
that the structure of perceptual color space is itself adapted
to the statistics of natural scenes (Shepard, 1994), and is in
that sense influenced by need. Even in this case, however, the
picture is not entirely straightforward. There is an important
distinction in principle, and thus at least possibly in practice,
between the frequency with which particular colors appear in
the world, and the frequency with which they must be communicated. It seems likely that our perceptual systems may
have adapted to the former, and our languages to the latter.

Acknowledgments
We thank Bevil Conway and Ted Gibson for kindly sharing
their salience-weighted prior with us, Delwin Lindsey and
Angela Brown for kindly sharing their English color naming
data with us, and Joshua Abbott for helpful discussions. This
study was supported by the Gatsby Charitable Foundation
(N.Z. and N.T.) and DTRA award HDTRA11710042 (T.R.).
Part of this work was done while N.Z. and N.T. were visiting
the Simons Institute for the Theory of Computing.

References
Arimoto, S. (1972). An algorithm for computing the capacity
of arbitrary discrete memoryless channels. IEEE Transactions on Information Theory, 18(1), 14-20.
Baddeley, R., & Attewell, D. (2009). The relationship between language and the environment: Information theory
shows why we have only three lightness terms. Psychological Science, 20(9), 1100-1107.
Berlin, B., & Kay, P. (1969). Basic color terms: Their universality and evolution. Berkeley and Los Angeles: University
of California Press.
Blahut, R. E. (1972). Computation of channel capacity and
rate-distortion functions. IEEE Transactions on Information Theory, 18(4), 460-473.
Brainard, D. H. (2003). Color appearance and color difference specification. In S. K. Shevell (Ed.), The science of
color: Second edition (pp. 191–216). Elsevier.
Cook, R. S., Kay, P., & Regier, T. (2005). The World
Color Survey database: History and use. In I. H. Cohen
& C. Lefebvre (Eds.), Handbook of categorization in cognitive science (pp. 223–242). Elsevier.

Cover, T., & Thomas, J. (2006). Elements of information
theory (2nd edition). Hoboken, NJ: Wiley-Interscience.
Gibson, E., Futrell, R., Jara-Ettinger, J., Mahowald, K.,
Bergen, L., Ratnasingam, S., . . . Conway, B. R. (2017).
Color naming across languages reflects color use. Proceedings of the National Academy of Sciences, 114(40), 1078510790.
Gibson, E., Piantadosi, S. T., Brink, K., Bergen, L., Lim, E.,
& Saxe, R. (2013). A noisy-channel account of crosslinguistic word-order variation. Psychological Science, 24(7),
1079-1088.
Jameson, K., & D’Andrade, R. G. (1997). It’s not really
red, green, yellow, blue: An inquiry into perceptual color
space. In C. L. Hardin & L. Maffi (Eds.), Color categories
in thought and language (pp. 295–319). Cambridge University Press.
Kay, P., & McDaniel, C. K. (1978). The linguistic significance of the meanings of basic color terms. Language, 54,
610-646.
Kemp, C., & Regier, T. (2012). Kinship categories across languages reflect general communicative principles. Science,
336(6084), 1049–1054.
Komarova, N. L., & Jameson, K. A. (2013). A quantitative
theory of human color choices. PLOS One, 8(2), e55986.
Lindsey, D. T., & Brown, A. M. (2006). Universality of color
names. Proceedings of the National Academy of Sciences,
103(44), 16608-16613.
Lindsey, D. T., & Brown, A. M. (2014). The color lexicon of
American English. Journal of Vision, 14(2), 17.
Lindsey, D. T., Brown, A. M., Brainard, D. H., & Apicella,
C. L. (2015). Hunter-gatherer color naming provides new
insight into the evolution of color terms. Current Biology,
25(18), 2441–2446.
Piantadosi, S. T., Tily, H., & Gibson, E. (2011). Word lengths
are optimized for efficient communication. Proceedings of
the National Academy of Sciences, 108(9), 3526-3529.
Plotkin, J. B., & Nowak, M. A. (2000). Language evolution
and information theory. Journal of Theoretical Biology,
205(1), 147–159.
Regier, T., Kay, P., & Khetarpal, N. (2007). Color naming
reflects optimal partitions of color space. Proceedings of
the National Academy of Sciences, 104(4), 1436-1441.
Regier, T., Kemp, C., & Kay, P. (2015). Word meanings across languages support efficient communication. In
B. MacWhinney & W. O’Grady (Eds.), The handbook of
language emergence (pp. 237–263). Hoboken, NJ: WileyBlackwell.
Shannon, C. (1948). A mathematical theory of communication. Bell System Technical Journal, 27.
Shepard, R. N. (1994). Perceptual-cognitive universals as
reflections of the world. Psychonomic Bulletin & Review,
1(1), 2–28.
Zaslavsky, N., Kemp, C., Regier, T., & Tishby, N. (under
revision). Efficient compression in color naming and its
evolution.

1253

Comparing Theories of Speaker Choice Using Classifier Production in Mandarin
Chinese
Meilin Zhan (meilinz@mit.edu) and Roger Levy (rplevy@mit.edu)
Speakers often have more than one way to express the same meaning. What general
principles govern speaker choice in the face of optionality when near semantically
invariant alternation exists? Studies have shown that optional reduction in language is
sensitive to contextual predictability, where the more predictable a linguistic unit is, the
more likely it gets reduced. Yet it is unclear whether speaker choice is geared toward
audience design, or toward facilitating production. Here we argue that for a different
optionality phenomenon, namely classifier choice in Mandarin Chinese, Uniform
Information Density and at least one plausible variant of availability-based production
make opposite predictions regarding the relationship between the predictability of the
upcoming material and speaker choices. In a corpus analysis of Mandarin Chinese, we
show that the distribution of speaker choices supports the availability-based production
account, and not Uniform Information Density.
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Prominence in Multi-Attribute Choice: A Drift Diffusion Analysis
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Philadelphia, PA
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Abstract
We use hierarchical drift diffusion models to investigate the
effect of prominence in two-alternative multi-attribute
preferential choice. We find that two types of prominence
effects, option-based and attribute-based, both increase choice
probabilities for options favored by prominence. However,
model fits suggest that the two effects work through different
mechanisms. Altering choice option prominence leads to a
response bias for the prominent option, whereas altering
attribute prominence leads to an evaluation bias for the option
that is dominant on the prominent attribute. Our results
illustrate how seemingly identical contextual factors can be
distinguished with the use of drift-diffusion modelling.

Figure 1 The drift diffusion model.

Keywords: drift diffusion model; multi-attribute choice;
prominence effect

Introduction
Prominence effects are well documented in multi-attribute
choice research (Armel et al., 2008; Atalay et al., 2012; Li &
Epley, 2009; Nedungadi, 1990). These effects pertain to
changes in choice behavior as the salience of information in
the choice environment is altered. Understanding the
cognitive underpinnings of prominence effects is necessary
to fully characterize the psychological mechanisms involved
in multi-attribute choice.
In this paper we study prominence through the lens of a
drift diffusion model (DDM). The DDM is a mathematical
model capable of predicting choice probabilities, reaction
time (RT) distributions, and their relationships in two-option
forced choice (e.g., Ratcliff, 1978). It has been successfully
applied in a variety of perceptual and lexical choice tasks and
is compatible with key insights in neuroscience (a recent
review: Forstmann et al., 2016).
The core assumption of the DDM is that noisy evidence is
accumulated dynamically over the course of the decision
process. Figure 1 is a schematic representation of such a
process. Evidence accumulation begins at a starting point (𝑧),
and increments based on a normally distributed signal. The
mean accumulation speed is determined by the drift rate, 𝑣.
The diffusion process is terminated as soon as one of the
decision boundaries (+𝑎 or −𝑎) is hit. The specific decision
boundary to be hit determines the chosen option. The time to
hit the boundary, plus a non-decisional time, 𝑡'( ,
corresponds to the reaction time (RT) of that trial. Note that
𝑧 = 0 indicates a neutral starting point.
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Each of the DDM parameters has an intuitive
interpretation in terms of the psychological processes
involved. Due to space constraints we summarize the
parameter-process relationships as follows:
𝑎: accuracy vs. speed motivation
𝑧: a priori response bias
𝑣: relative signal strength for evaluation
𝑡'( : non-decisional process
In this paper, we use these relationships to infer the
cognitive components that are influenced by prominence
manipulations in multi-attribute preferential choice. Our use
of the DDM framework to model multi-attribute choice
(rather than perceptual or lexical choice) necessitates some
minor modifications: Instead of accumulating signal
strengths, we assume that the DDM in preferential choice
accumulates the relative utility of option 1 over option 2, i.e.
𝑣 = 𝛥𝑈 = 𝑈- − 𝑈. .
Our use of the DDM reflects existing insights regarding
the psychological determinants of multi-attribute choice.
Firstly, the model assumes that preference is not static but
constructed on the spot, as is argued by a number of existing
theories (AAM: Bhatia, 2013; DFT: Busemeyer &
Townsend, 1993; Query theory: Dinner et al., 2011, etc.)
Secondly, some process components (e.g. the a priori bias)
quickly influence the decision, prior to the stimuli being
evaluated, whereas other components (e.g. the drift rate
𝑣 ) involve the gradual evaluation and aggregation of stimuli
values over a period of time. This distinction mirrors the
automatic vs. deliberative dichotomy proposed by dual
process theories (e.g. Stanovich & West, 2000). Thirdly the
choice probability predicted by the DDM is identical to the
well-known logit choice rule (Luce, 1959) when 𝑧 = 0 ,
implying that the DDM can be seen as a dynamic extension
of established approaches for modelling multi-attribute

choice. Finally, past work has also demonstrated the
descriptive power of the DDM in preferential choice
research. For example, the DDM outperforms static models
in predicting intertemporal choices (Dai & Busemeyer,
2014). Models that share several core assumptions with the
DDM have also been shown to account for a set of important
contextual effects (e.g. decoy effects and compromise
effects) in multi-attribute choice (Bhatia, 2013; Roe et al.,
2001).

Figure 2 Choice task presentation. Left panel: no visual prominence
manipulations. Middle panel: option-based prominence. Right
panel: Attribute-based prominence.

Models

The Prominence Task
The task we study involves a forced choice between two
options (options 1 and 2) that vary on two attributes (𝑋 and
𝑌). We denote the value of option 𝑖 on attribute X as 𝑋4 , and
the value of option 𝑖 on attribute Y as Yi. 𝛥𝑋 and 𝛥𝑌 denote
the attribute value differences between option 1 and 2 on the
two attributes. The choice information can be displayed in
an attribute-by-option matrix as in Figure 2 (left panel).
We vary information prominence with a bright orange
frame, and use this manipulation to test for two types of
prominence effects. The first type of prominence
manipulation involves highlighting both the attribute values
of a single option. We refer to this as option-based
prominence. The second type involves highlighting the
attribute values for one attribute for both options. We refer
to this as attribute-based prominence. Figure 2 (middle and
right panels) illustrate these two types of manipulations.
As discussed earlier, the drift rate for preferential DDMs
can be written as 𝑣 = 𝛥𝑈 = 𝑈- − 𝑈. . Subjective utilities in
multi-attribute choices are typically modeled as a weighted
sum of the attribute values (e.g. Keeney & Raiffa, 1993).
Therefore, without prominent options or attributes we obtain
Δ𝑈 = (𝜔9 𝑋- + 𝜔: 𝑌- ) − (𝜔9 𝑋. + 𝜔: 𝑌. ) = 𝜔9 Δ𝑋 + 𝜔: Δ𝑌 ,
where 𝜔9 and 𝜔: denote weights for attributes 𝑋 and 𝑌.
Before using the DDM to model prominence effects, we
define three variables. The first (𝑃< ) is an indicator for the
option that is prominent. The second (𝑃= ) is an indicator for
the attribute that is prominent. Finally, as attribute-based
prominence can disproportionality impact the option that is
superior on the prominent attribute, we define a 3rd variable
( 𝑃=( ) to indicate the option that is dominant on the
prominent attribute.

Next, we discuss how to model prominence effects in the
DDM. There are two possibilities. First, prominence can be
assumed to alter how prominent attributes are weighted. The
effect of prominence within this approach depends on the
attribute values offered in the choice problem. For this
reason, we call this a stimuli-dependent approach. Second,
the influence of prominence on the decision process can be
assumed to influence choice independently of the attribute
values. We refer to this as a stimuli-independent approach.

Stimuli-Dependent Approach
For option-based prominence, we assume that attribute
values for the prominent options are given higher weights
compared to attribute values for the non-prominent options.
Suppose the weight change for attribute 𝑋 is 𝛼 and the
weight change for attribute 𝑌 is 𝛽, then
𝑣 = 𝜔9 F(1 + 𝛼𝑃< )𝑋- − (1 − 𝛼𝑃< )𝑋. G
+𝜔: F(1 + 𝛽𝑃< )𝑌- − (1 − 𝛽𝑃< )𝑌. G
= 𝜔9 𝛥𝑋 + 𝜔9 𝛼𝑃< (𝑋- + 𝑋. ) + 𝜔: 𝛥𝑌 + 𝜔: 𝛽𝑃< (𝑌- + 𝑌. ).
This way 𝛼, 𝛽 > 0 would indicate increased weights for the
two attribute values of the prominent option and decreased
weights for the two attribute values of the non-prominent
option.
Next, we consider attribute-based prominence, which may
increase the weights for the prominent attribute and decrease
the weights for the non-prominent attribute. We denote the
weight change for attribute 𝑋 as δ and the weight change for
attribute 𝑌 as 𝛾. Therefore,
𝑣 = 𝜔9 F(1 + 𝛿𝑃= )𝑋- − (1 + 𝛿𝑃= )𝑋. G
+𝜔: F(1 − 𝛾𝑃= )𝑌- − (1 − 𝛾𝑃= )𝑌. G
= 𝜔9 𝛥𝑋 + 𝜔9 𝛿𝑃= 𝛥𝑋 + 𝜔: 𝛥𝑌 − 𝜔: 𝛾𝑃= 𝛥𝑌.
In this case δ, γ > 0 would suggest weight changes for
attribute 𝑋 and 𝑌 in the hypothesized directions.

Stimuli-Independent Approach.
In essence, the stimuli-dependent approach assumes a
multiplicative effect on attribute values. However, in
addition to this multiplicative effect, the DDM can also
incorporate additive stimuli-independent effects. These
effects pertain to biases in the starting point and the drift rate,
biases that can be distinguished both theoretically and
empirically (e.g. Ashby, 1983, White & Poldrack, 2014).
A shift in the starting point indicates an a priori bias that
prepares the response before information evaluation. A shift
in the drift rate influences how information is accumulated
throughout the decision process. Hereafter we denote the

In the left panel of Figure 2, 𝑃< = 𝑃= = 𝑃=( = 0. In the
middle panel, 𝑃< = 1 and 𝑃= = 𝑃=( = 0. In the right panel,
1 if 𝑋- > 𝑋.
𝑃< = 0, 𝑃= = 1, and 𝑃=( = ?
.
−1 if 𝑋- < 𝑋.
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response bias as 𝐵N and the evaluation bias as 𝐵O . Note that
although we use the word bias here, we have no intention to
suggest that the respective processes are irrational.
For option-based prominence, the model specification for
a response bias can be written as 𝑧 = 𝑃< 𝐵N . Hence 𝑧 =
𝐵N when Option 1 is prominent (i.e. 𝑃< = 1 ), 𝑧 =
−𝐵N when option 2 is prominent (i.e. 𝑃< = −1), and 𝑧 = 0
when neither option is prominent (i.e. 𝑃< = 0). Therefore,
𝐵N > 0 indicates that the decision maker has a response bias
towards choosing the prominent option, and has a neutral
starting point when neither option is prominent.
Similarly, the evaluation bias 𝐵O can be written as 𝑣 =
𝑃< 𝐵O + 𝛥𝑈 . Hence 𝑣 = 𝐵O + 𝛥𝑈 when option 1 is
prominent, 𝑣 = −𝐵O + 𝛥𝑈 when option 2 is prominent, and
𝑣 = 𝛥𝑈 when neither option is prominent. Therefore, 𝐵O >
0 indicates that the decision maker has an evaluation bias
towards choosing the prominent option, and has no
evaluation bias when neither option is prominent.
For attribute-based prominence, a stimuli-independent
effect should favor the option dominant on the prominent
attribute. Therefore, similarly to the approach in optionbased prominence, a response bias can be modelled by
specifying 𝑧 = 𝑃=( 𝐵N , whereas the evaluation bias can be
modelled by specifying 𝑣 = 𝑃=( 𝐵O + 𝛥𝑈.

Table 1 Model specifications.
SDSI
Stimuli-dependent
X
weight change in 𝒗
Stimuli-independent
X
evaluation bias in 𝒗
Stimuli-independent
X
response bias in 𝒛

SD

SI

SIBR

SIBE

X
X
X

X
X

Experiment 1: Option-Based Prominence
Methods
47 participants were recruited from a paid participant pool at
the University of Pennsylvania. Their task was to choose
hotel options from choice pairs. The hotel options varied on
two attributes (Attribute 𝑋: comfort; Attribute 𝑌: Location).
The two attributes were measured on a 6-10 scale.
Participants chose their preferred options using keyboard
presses. Responses and reaction times were recorded.
Participants could take as long as they wanted before making
choices, and were instructed to press keys as soon as they
reached a decision.
In this experiment, the set of stimuli was pre-determined
for all participants. As each choice problem can be uniquely
characterized by the two attribute values of the two options,
we randomly chose four one-decimal numbers from 6 to 10
for each problem. There were 72 unique problems in total.
To control for the position effect, we counterbalanced the
position of the two hotel options for each unique choice
problem. To investigate the option-based prominence effect
in this experiment, we implemented three conditions for
each unique choice problem: (1) Option 1 was prominent
(𝑃< = 1). (2) Neither of the options were prominent (𝑃< =
0). (3) Option 2 was prominent (𝑃< = −1). Thus, each
unique choice problem repeated 6 times for a participant (2
positions * 3 prominence conditions). The 72*6=432 trials
were distributed into blocks of 50 trials (the last block had
32).

Summary
To summarize, the DDM can incorporate prominence effects
using a stimuli-dependent (multiplicative) approach and/or a
stimuli-independent (additive) approach. Table 1 provides a
model summary with different combinations of possible
mechanisms. The most flexible model allows for both
stimuli-dependent and stimuli-independent influences of
prominence (SDSI). Nested in that, we have models that
either include only stimuli-dependent effects (SD) or only
stimuli-independent effects (SI). Further nested in the SI
model, we have a model with only evaluation biases (SIBE)
and a model with only response biases (SIBR).
These models can be evaluated using goodness of fit to
observed datasets. Additionally, as the DDM predicts
qualitatively distinct choice-RT patterns for changes in drift
rates (rows 1&2 of Table 1) vs. changes in starting points
(row 3 of Table 1), choice-RT data can be used to rule out
certain models. This alleviates the problems of using
goodness-of-fit as a single piece of evidence for theory
testing (Roberts & Pashler, 2000). Intuitively, a change in
the drift rate is persistent throughout the evaluation process
and hence can be observed in choices with both short and
long RTs. However, a change in the starting point gets
gradually washed out by the evaluation process. Therefore,
the influence of a change in the starting point on choice
probabilities is mainly observable in choices with shorter
RTs. In the following sections, we test the models
summarized in Table 1 using behavioral data collected from
lab experiments, considering both quantitative goodness-offits measures and corresponding qualitative choice-RT
patterns. Experiment 1 examined option-based prominence,
and experiment 2 examined attribute-based prominence.

Descriptive Results
We first compared the group-level choice probabilities in the
three different prominence conditions. Note that as the
display positions of the choice problems were
counterbalanced, the choice probabilities for each option
should have been 50% (the chance level). However, when
option 1 was prominent, the mean choice probability for
option 1 across participants was 52.2%, which deviated from
the chance level significantly ( 𝑡(46) = 2.86, 𝑝 = .006 ).
When option 2 was prominent, the mean choice probability
for option 1 was 47.6%, again significantly deviating from
the chance level (𝑡(46) = −4.13, 𝑝 < .001). When neither
option was prominent, the mean choice probability for
option 1 was 49.7%. The preliminary analysis suggests that
making an option prominent increases choice probabilities
for that option. To further understand the nature of this effect,
we fit the DDMs to data.
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choice-RT relationships could help disentangle whether
option-based prominence influences the drift rate or whether
it influences the starting point.
For each participant, we plot how choice probabilities
vary across trials with shorter vs longer RTs under different
prominence conditions (Figure 3 upper panels). As can be
seen from the graphs, the observed choice probability
differences were mainly present in trials with smaller RTs.
In other words, the choice probabilities for option 1 were
larger than 50% when option 1 was prominent (solid red
lines), and smaller than 50% when option 2 was prominent
(solid blue lines), only for quicker choices. The observed
choice probabilities were almost 50% in trials with longer
RTs across all 3 prominence conditions. This choice-RT
relationship has the characteristics of a response bias effect.
Not surprisingly, the relationship can be captured by the SI
model (Figure 3 top-left panel dashed lines), and the
constrained model with only a response bias (Figure 3 topright dashed panel lines). However, the constrained model
with only an evaluation bias fails to capture this relationship,
and thus performs worse than the other two models (Figure
3 top-middle panel dashed lines). The choice-RT
relationship serves as a behavior marker showing that the
responses biases are the more important mechanism in
option-based prominence, and explaining why including
only the response bias in the DDM was sufficient to generate
a good fit to the data.

Modeling results
The models were fit to choice and RT data using HDDM
(Wiecki et al., 2013), a Python package for hierarchical
Bayesian estimation of drift-diffusion models. This
approach estimates group and individual level parameters
simultaneously, with group-level parameters forming the
prior distributions from which individual subject estimates
are sampled. A recent study comparing HDDM with
alternative estimation approaches showed that hierarchical
fitting requires fewer data to recover parameters (Ratcliff &
Childers, 2015; Wiecki et al., 2013). Moreover, the Bayesian
approach permits direct inferences for parameter variability
and parameter distribution. To fit the models, 4 chains of
50,000 samples were generated, where the first 25,000 were
burn-ins, and a thinning of 2 was applied. The GelmanRubin convergence statistics for model parameters were all
close to 1, suggesting that the sample size was sufficient for
the chains to converge. Note that we also controlled for the
position effect (left vs right) on choices in the starting point
and the drift rate parameters, but the position results are not
reported here for brevity.
Model comparisons: goodness-of-fit. The DDMs with
different prominence effect specifications were compared
using the deviance information criterion (DIC; Spiegelhalter
et al., 2002), which measures the model fits while penalizing
model complexity to avoid over-fitting. Smaller DICs
indicates better model performance. Besides DICs, we also
report the average deviance (the posterior mean of the model
deviance) and the effective number of parameters pD. pD is
calculated as the difference between the average deviance
and the deviance of the model with the parameter posterior
mean substituted in, and is a measure of model complexity.
The results are presented in Table 2. Across the model
tested, SD and SIBE had relatively larger DICs and hence
worse fits. Among these two models, SD included only
stimuli-dependent effects of prominence, indicating that it is
essential to include a stimuli-independent component to
adequately fit data. SIBE included only a stimuliindependent evaluation bias. The bad fit of this model
indicates that the response bias (𝐵N ) was a more important
stimuli-independent component than the evaluation bias
(𝐵O ). Unlike SD and SIBE, the other three models (SDSI, SI
and SIBR), which all had a relatively good fit, all included a
response bias. Moreover, the most complex model (SDSI)
had a larger DIC and thus worse fit than the most constrained
model (SIBR). The next most complex model (SI) had an
almost identical DIC as SIBR ( Δ < 0.9 ). These results
suggest that using only response bias (𝐵N ) to account for
option-based prominence effects in the DDM was sufficient,
and that adding more mechanisms might led to over fitting.

Table 2 Model comparisons: DIC, average deviance and pD for the
five candidate models in experiment 1 and experiment 2.
SDSI SD
SI
SIBR SIBE
DIC
59064 59144 59061 59062 59144
Exp 1 Avg. Dev. 58791 58886 58795 58800 58890
p
273
258
266
263
254
DIC
57133 57360 57140 57402 57136
Exp 2 Avg. Dev. 56864 57084 56882 57160 56890
p
270
276
258
242
246
D

D

Experiment 2: Attribute-Based Prominence
Methods
In this experiment, we investigated attribute-based
prominence. 42 participants were recruited. To make the
experimental results comparable to experiment 1, the stimuli
and the procedure of the experiment was kept the same,
except for the information prominence manipulation, which
was changed from option-based to attribute-based. Again,
there were three conditions: (1) Attribute 𝑋 (Comfort) was
prominent ( 𝑃= = 1 ). (2) Neither of the attributes were
prominent ( 𝑃= = 0 ). (3) Attribute 𝑌 (Location) was
prominent (𝑃= = −1). In total, there were 432 trials (72
unique choice problems * 2 position counterbalance * 3
prominence conditions).

Model comparisons: choice-RT patterns. As discussed
before, a shift in the starting point has a larger influence in
trials with shorter RTs compared to trials with longer RTs.
In contrast, a shift in the drift rate influences choice
probabilities in trials with both shorter and longer RTs
(White & Poldrack, 2014). This qualitative distinction for
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Descriptive Results
We first examined how group-level choice probabilities
varied with the prominence conditions and the choice
attributes. Both stimuli-dependent and stimuli-independent
models predicted that the option dominating on the
prominent attribute should be selected more frequently.
Therefore, we clustered choice problems into 3 groups, on
the basis of the option that was dominant on the prominent
attribute (i.e. 𝑃=( = 1, −1, or 0). When option 1 was
dominant on the prominent attribute, it was chosen 56.9% of
the time across participants. This is significantly larger than
50% ( 𝑡(41) = 6.08, 𝑝 < .001 ). When option 2 was
dominant on the prominent attribute, it was chosen 43.1% of
the time across participants, which is significantly smaller
than 50% (𝑡(41) = −5.41, 𝑝 < .001). When neither option
was dominant, the choice probability for option 1 was 50.1%.
This preliminary result showed that attribute-based
prominence made choice probabilities deviate from the
chance level (50%).

Modeling results
The model fitting procedures were the same as experiment 1.
Model comparisons: goodness-of-fit. As Table 2 shows,
SD and SIBR had relatively larger DICs and thus worse fits.
As in experiment 1, the SD model with only stimulidependent effects failed to fit the data well. However, unlike
experiment 1, the SIBR model with only a stimuliindependent response bias was not a good model either. The
other three models performed closely in terms of DIC, and
they all included the evaluation bias. These results suggest
that using only evaluation bias (𝐵O ) to account for attributebased prominence effects might be sufficient, and other

additional model specifications are not very useful once the
evaluation bias has been included.
Model comparisons: choice-RT patterns. Observed
choice probabilities for option 1 across the three conditions
were different for the entire range of RTs. This is illustrated
by the near parallel solid lines in Figure 3. This choice-RT
relationship is compatible with a drift rate effect in the DDM.
In line with this, the observed pattern is best captured by the
SI model (Figure 3 bottom-left panel dashed lines), and the
constrained model with only an evaluation bias (Figure 3
bottom-middle panel dashed lines). The constrained model
with only a response bias fails to capture this relationship
(Figure 3 bottom-middle panel dashed lines). The choice-RT
relationship suggests that evaluation biases in the drift rate
accounted for the effects of attribute-based prominence.
Comparison with experiment 1. We have shown that
response biases are essential for explaining option-based
prominence (experiment 1) and that evaluation biases are
essential for explaining attribute-based prominence
(experiment 2). Because the two experiments used
essentially the same design and the same set of stimuli values,
we could compare the parameter estimates across
experiments. For brevity, we only compare individual-level
posterior means of response biases and evaluation biases in
the SI models (Figure 4). Response biases in experiment 1
were positive for most participants, and their magnitude was
larger than responses biases in experiment 2. The opposite is
the case for evaluation biases in experiments 1 and 2. This
again shows that option-based prominence operates through
response biases and attribute-based prominence operates
through evaluation biases.

Figure 3 Choice-RT relationships for observed data (solid lines) and model simulated data (dashed lines). Here the x-axis indicates RTs, which
were adjusted for choice attribute value differences and assorted into 5 bins. Trials with smaller (longer) adjusted RTs are on the left (right).
The y-axis indicates choice probabilities for option 1. Red (blue) lines indicate the condition where option 1 (2) was favored by prominence.
Yellow lines are for the neutral condition. The SI, SIBE, and SIBR model predictions are presented in the left, middle, and right panels
respectively, and are based on 500 samples from their posterior predictive distributions. The error bars are 95% confidence intervals.
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Discussion
In this paper we used hierarchical drift-diffusion models to
investigate the effect of visual prominence on twoalternative multi-attribute preferential choices. Our results
highlight the value of using mathematical models to
simultaneously analyze choice probabilities and RTs in
decision research. For both option-based and attribute-based
visual prominence, the stimuli-independent models
outperformed the stimuli-dependent ones. Both types of
prominence effects increased choice probabilities for
options favored by prominence. However, model fits
indicated that the two effects worked through different
mechanisms. Option-based visual prominence led to a
response bias while attribute-based prominence led to an
evaluation bias. These quantitative comparisons were
accompanied by qualitatively different choice-RT patterns
across the two types of prominence effects. Option-based
prominence influenced choice primarily in trials with shorter
RTs, whereas attribute-based prominence effects were
present in trials with both shorter and longer RTs.
Although our study was on prominence effects in muftiattribute choices, our methods could be easily extended to
study other incidental factors and other types of preferential
choices. The distinct choice-RT patterns found in our data
may also be useful to classify the effects of different types
of incidental factors in preferential choice.
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Abstract
Research on intertemporal choice has suggested that decision
processes automatically favor immediate rewards. In this
paper, we use a drift diffusion model to conceptualize and
empirically investigate the role of these biases. Our model
permits automatic biases in the response process, automatic
biases in the evaluation process, as well as differential
weighting for monetary payoffs and time delays. We fit our
model to individual-level choice and response time data, and
find that automatic biases are prevalent in intertemporal
choice, but that the type, magnitude, and direction of these
biases vary greatly across individuals. Our results pose new
challenges for theories of intertemporal choice behavior.
Keyword: drift diffusion model; intertemporal choice;
computational modelling; automatic bias; dual process theories

Introduction
Intertemporal choices, i.e. choices between rewards and
punishments at different points in time, are often described as
a product of automatic and controlled processes. Decision
makers are assumed to be automatically biased to select
immediate rewards. These biases may or may not be
circumvented by a control process that monitors the decision
and coordinates thoughts and actions with internal goals,
which sometimes support the selection of delayed rewards
(see e.g. Burks, Carpenter, Goette, & Rustichini, 2009;
Figner et al., 2010; Hare, Camerer, & Rangel, 2009;
Loewenstein, O'Donoghue, & Bhatia, 2015; McClure,
Laibson, Loewenstein, & Cohen, 2004; Peters & Büchel,
2011; Shamosh et al., 2008). Trade-offs between attribute
values are assumed to be processed by the control process.
One approach to testing the predictions of such theories has
been to examine response time (RT) patterns for different
types of rewards. If decision makers are automatically biased
to choose a reward, trials in which that reward is chosen
should have shorter RTs than corresponding trials in which

the alternate reward is chosen (e.g. De Neys & Glumicic,
2008; Greene, Sommerville, Nystrom, Darley, & Cohen,
2001; Kahneman, 2011; Rand, Greene, & Nowak, 2012;
Rubinstein, 2007). In the domain of intertemporal choice, this
would imply that immediate rewards are chosen faster than
delayed rewards. However, using just RTs to infer automatic
biases in intertemporal choices is problematic, as RTs also
reflect choice difficulty. For example, an observation of
shorter RTs for immediate rewards could be attributed not to
the fact that the automatic response is to choose immediate
rewards, but rather to the fact that such rewards are, on
average, more attractive than delayed rewards, causing trials
in which immediate rewards are chosen to be easier (and thus
quicker) than those in which delayed rewards are chosen (see
Evans & Stanovich, 2013; Krajbich, Bartling, Hare, & Fehr,
2015 for a discussion). Indeed, in an analysis of intertemporal
choice data with controls for option attractiveness, Krajbich
et al. (2015), found no difference between RTs associated
with the choice of immediate rewards and delayed rewards.
This contradicts a number of existing theories and suggests
that automatic processes may not systematically bias
preferences in intertemporal choice.
In the present paper, we test for the existence of automatic
biases in intertemporal choice, with three novel insights: 1)
We use the drift diffusion model (DDM) (Ratcliff, 1978;
Ratcliff & McKoon, 2008; Ratcliff & Rouder, 1998), a
popular mathematical model of binary choice, to
quantitatively predict RTs controlling for attribute
differences; 2) The use of the DDM allows us to define the
term automatic bias precisely (through estimable model
parameters), and we test for the presence or absence of
different types of automatic bias; and 3) Unlike previous
work, which has primarily examined group-level patterns, we
permit individual differences by allowing different
participants to have different automatic biases.

1
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Drift Diffusion Model
The DDM and related sequential sampling models (Peters &
Büchel, 2011; Ratcliff & Smith, 2004; Townsend & Ashby,
1983), are widely considered to be accurate descriptors of
both perceptual and preferential choice processes. They have
also been recently shown to account for key behavioral
patterns in intertemporal choice (Dai & Busemeyer, 2014;
Rodriguez, Turner, & McClure, 2014; Rodriguez, Turner,
Van Zandt, & McClure, 2015). Importantly, these models
provide a formal theory of both response probability and
response time, and are potentially able to disentangle attribute
weights from automatic biases that could be at play in
intertemporal choice.
Applications of the DDM to preferential choice assume
that decision makers dynamically and stochastically
accumulate preferences for the available rewards. The speed
with which evidence is accumulated is reflected in the drift
rate, !, which corresponds to the relative preference for one
reward over the other in the evaluation process. The diffusion
process continues until one of the decision boundaries, +# or
−# , is hit. The specific decision boundary to be hit
determines the chosen reward, and time to hit the boundary
plus a non-decisional time, %&' , corresponds to the response
time in the trial. Finally, the decision maker may favor one of
the rewards at time 0 before evaluation begins. We write this
starting point as z, which is the ratio of the preference at time
0 to the size of the decision boundary, a. Here !, # and %&'
can take any positive value, whereas z ranges from -1 to 1.
We consider intertemporal choice problems that offer
decision makers a choice between an immediate reward ()
and a delayed reward (' with some time delay *' . We
assume that the positive decision boundary (+a) corresponds
to the choice of the delayed reward and that the negative
decision boundary (-a) corresponds to the choice of the
immediate reward. A schematic of the model is presented in
Figure 1. In this framework, automatic biases2 can be seen to
influence the decision in two distinct ways. Firstly, it is
possible for a decision maker to begin the choice process with
a starting point bias favoring the immediate or delayed
reward, before seeing the choice options. This is a bias that
predisposes the decision maker to respond by selecting one
reward or the other (prior to evaluating the attribute values of
the two rewards), and thus we will refer to it as an a priori
response bias (+, ). Secondly, it is possible for the drift rate
to favor one or the other reward, independently of the time
delays or monetary magnitudes involved in the specific
choice problem. This is a bias that reflects automatic
influences on the decision maker’s preferences in the
evaluation process, and thus we will refer to it as an
evaluation bias (+- ). In recent work, White & Poldrack,
(2014) have shown that these two biases can be disassociated

2

Note that by using the word bias, we do not imply that these
automatic tendencies are irrational. Instead, they capture decision
components that are insensitive to attribute values (the monetary
amount or delayed duration). This naming is chosen to be consistent

through quantitative model fits of the DDM to choice and RT
data.
We consider these two biases to be automatic as they have
an exogenous influence on the decision process, that is, they
are unaffected by the specific rewards or time delays in the
choice problem. Of course, the decision maker’s evaluations
of these rewards and time delays also play a key role in
choice, and need to be accommodated within the model.
Recent experimental results have suggested that
intertemporal preferences can be modeled as a linear function
of the differences in rewards and time delays in the choice
problem (González-Vallejo, 2002; Scholten & Read, 2010)
This direct-difference attribute-wise instantiation has also
been shown to be successful in accounting for intertemporal
choice data when implemented in drift diffusion models (Dai
& Busemeyer, 2014). Following this assumption, the drift
rate can be written as: ! = +- + 01, ((' – () ) + 015 *' ,
where 01, and 015 are free parameters that capture attribute
weights for money and time delay. Unlike the drift rate,
which is influenced by both the evaluation bias and the choice
attributes, the starting point is completely determined by the
response bias, i.e. 6 = +, . Negative values of +, and +correspond to automatic biases in favor of the immediate
rewards, whereas positive values correspond to automatic
biases in favor of the delayed rewards.

Figure 1. (a, b & c) Drift diffusion model for intertemporal choices.
The x-axis represents time and the y-axis represents the preference
state. The slope of solid lines represents the expected accumulation
speed, the drift rate v. Each trajectory represents a hypothetical
accumulation process in a single trial. (-a) corresponds to the choice
of the immediate reward, and the upper boundary (+a) corresponds
to the choice of the delayed reward. We assume that automatic
biases can influence the starting point and/or the drift rate v. A
response bias shifts the starting point (panel b), and an evaluation
bias shifts the drift rate (panel c).
with traditions in intertemporal research, e.g. present bias. The word
attribute weighting is used to refer to decision components sensitive
to exact attribute values, manifested in weights for monetary
amounts and time delays.
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Experiment
We wished to test for the presence of automatic response and
evaluation biases in intertemporal choice. Thus, we
conducted an incentivized experiment offering individuals
choices between immediate and delayed rewards. We
collected choices and RTs for multiple choice problems from
each participant, which allowed us to fit the DDMs, and infer
parameters +, and +- , on an individual level.

Methods
We designed our experiment to have approximately 50
participants, which, when combined with extensive withinparticipant data provides sufficient power to test our
hypotheses. 51 subjects (18 females; Mean age = 21.92, SD
age = 3.57) from a paid psychology experimental participant
pool eventually took part in the experiment. In each trial,
participants were presented with two monetary choices, an
immediate reward, () , that was available on the day of the
experiment and a delayed reward, (' , with some delay, *' .
Any choice problem of this kind can be uniquely represented
using three variables: () , *' and (' /() (a multiplier for the
delayed reward). We manipulated all the three factors and
chose four levels for each factor (based on a separately

collected pilot dataset), which generated 64 unique choice
problems. The resulting reward amounts ranged between $3
and $27.50, and the delay times ranged between 3 and 30
days. Each choice problem was repeated 10 times for each
participant.
The choices were displayed side-by-side, and the position
of the two rewards (left vs. right) was counterbalanced. There
was also an automatic time-out after 5 seconds, after which
the experiment progressed to the subsequent trial. The time
limit was also determined based on the separate pilot. The
trials appeared in a randomized order and were separated into
10 blocks. The experiment was incentivized, and participants
received a bonus payment either immediately or after a time
delay, according to their response to one randomly selected
trial. Participants indicated their choice with key presses, and
we were able to collect both choice and RT data.
We also measured our participants’ abilities to exert
deliberative control using three pre-existing questionnaires:
1. Barrat Impulsive Scale (BIS-11) (Patton & Stanford,
1995); 2. Cognitive Reflection Test (CRT) (Frederick, 2005);
and 3. The Brief Self-Control Scale (BSCS) (Tangney,
Baumeister, & Boone, 2004). The questionnaires were
administered after participants completed the intertemporal
choice task.

Table 1. Distributions of parameter posterior means across participants for our experiment and for Krajbich et al. (2015). Most participants
had positive posterior means for w9: and negative posterior means for w9; . However the direction and magnitude of B: and B= varied
greatly.
Dataset
Our experiment

Krajbich et al. (2015)

Mean
1st quantile
Median
3rd quantile
SD
Mean
1st quantile
Median
3rd quantile
SD

>
1.16
1.03
1.15
1.30
0.20
0.99
0.88
1.03
1.09
0.15

?@
-0.03
-0.15
-0.02
0.10
0.17
0.01
-0.08
0.01
0.08
0.15

?A
-0.29
-1.18
-0.42
0.45
1.18
-0.15
-0.60
-0.22
0.38
0.93

BC@
0.16
0.10
0.18
0.23
0.08
0.07
0.02
0.07
0.12
0.06

BCD
-0.020
-0.034
-0.013
-0.004
0.021
-0.012
-0.016
-0.013
-0.008
0.006

EFG
0.49
0.40
0.49
0.57
0.12
0.55
0.48
0.55
0.62
0.11

Table 2. Model comparisons for our experiment and Krajbich et al. (2015): mean and median DICs of the full and constrained models. All
constrained models have significant larger DICs and thus worse fits than the full model. Eliminating +- (the evaluation bias) increases DICs
more than eliminating +, (the response bias).
Dataset
Our experiment
Krajbich et al. (2015)

Parameter Restriction
Mean DIC
Median DIC
Parameter restriction
Mean DIC
Median DIC

Full
954.30
1012.58
293.74
309.85
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Constrained
+, = 0
+- = 0
973.45
1067.22
1037.82
1159.40
+, = 0
+- = 0
298.45
311.07
309.88
321.16

01, = 0
1208.71
1317.29
01, = 0
347.70
357.82

015 = 0
997.61
1015.32
015 = 0
348.58
383.19

Results

(b)

Model Fits. DDMs were fit to each participant's dataset
separately using Bayesian parameter estimation implemented
in a Python package called HDDM (Wiecki, Sofer, & Frank,
2013). To fit the models, 50,000 samples were generated for
each participant, where the first 25,000 were burn-ins, and a
thinning of 2 was applied. To assess the fit quality, we
simulated 500 samples from the posterior of the fitted model
for each participant, and computed the summary statistics
(probability for choosing the delayed reward and mean RTs
associated with delayed and immediate rewards) over each
simulated dataset for each of the participants. The summary
statistics from the simulated datasets were compared to the
summary statistics of the observed datasets, and the results
are shown in Figure 2(a) and 2(b). The correlations between
the mean simulated statistics and the observed statistics on
the participant-level were very high for choice probability
(cdee > 0.99, %(47) = 168.96, ` < 0.001), RTs for delayed
rewards (cdee = 0.93, %(47) = 17.05, ` < 0.001), and RTs
for immediate rewards ( cdee = 0.82, %(47) = 9.71, ` <
0.001), suggesting successful model fits.
Model Parameters. The posterior means of the parameters
for the 49 participants are summarized in Table 1.
Unsurprisingly, most participants had positive posterior
means for 01, and negative posterior means for 015 ,
indicating a preference for larger rewards with shorter delays
in the evaluation process. Only one participant had a negative
posterior mean for 01, and 7 participants had a positive
posterior mean for 015 , and none of these were significant as
assessed by 95% credible intervals for the parameters.
Unlike the weights for reward magnitude and time delays,
response bias ( +, ) and evaluation bias ( +- ) varied
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Overview of data. We excluded one participant who admitted
to have intentionally time-out on many trials, and one
participant who always chose the immediate reward. Trials
with RTs less than 0.4s, which accounted for roughly 1% of
all trials, were also excluded from our analysis.
Overall, the average probability of choosing the delayed
reward across participant was 52.1%. This is not statistically
different from 50% (%(48) = 0.45, ` = 0.66) . The
probability of choosing the delayed reward varied
significantly across participants, ranging from 1% to 99%
(ab = 0.33) . 25 out of the 49 participants chose the
immediate rewards more often than the delayed rewards.
Likewise, the mean RT was 1.29 seconds. For the 49
participants, mean RTs ranged from 0.53s to 2.17s (ab =
0.36). 25 out of the 49 participants chose immediate rewards
quicker than delayed rewards. There are large individual
differences in choice patterns: some participants chose the
immediate reward more often and more quickly, whereas
others chose the delayed reward more often and more
quickly. Individual-level DDM fits can help determine
whether these individual differences are a product of varying
attribute weights, and/or whether they are instead caused by
diverging automatic biases.
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Figure 2. Model fits for our experiment (a & b) and for Krajbich et
al. (2015; c & d): Plots of observed data versus predicted data of
each participant. The predicted data were computed from 500
simulated samples from the posterior distributions.

substantially across participants. Posterior means of +, were
negative for 26 out of 49 participants and positive for 23 out
of 49 participants. Likewise, posterior means of +- were
negative for 32 out of 49 participants and positive for 17 out
of 49 participants. Overall, 33 participants had a response
bias that was significantly different from zero, and 45
participants had an evaluation bias that was significantly
different from zero, as assessed by 95% credible intervals.
Figure 3(a) demonstrates how the combination of the two
biases varied across participants.
We also fit four constrained models to the individual
datasets. In each of the constrained models, the effect of one
key parameter was eliminated, so that one of the following
constraints was applied: +, = 0, +- = 0, 01, = 0 or 015 =
0. The mean and median DICs of the full and constrained
models are summarized in Table 2. Here smaller DICs
indicate better fits. The DICs of all the constrained models
were larger than those of the full models (all ` < 0.001, as
assessed by Wilcoxon matched pairs signed-rank test applied
across the 49 participants), which showed that all four
parameters are necessary for describing participants’ choices
and RTs. The model that eliminated the effect of evaluation
biases (+- = 0) had a larger DIC, hence a worse fit, than the
model that eliminated the effect of response biases (+, = 0).
The median of the difference was 60.40 ( j = 4.69, ` <
0.001), indicating that evaluation biases had a somewhat
larger role in explaining behavior relative to response biases
in the full model.
Survey Data. We also examined how heterogeneity in the
best-fit parameters related to the survey-based measures of
impulsivity and control. We used our three questionnaires to
generate a single composite measure of deliberative control,
by performing a principle component analysis on the
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correlations between BIS-11, CRT and BSCS. The first
principle component (PC1) explained over 61% of the
variance in our questionnaire datasets. Scores for BIS-11,
CRT and BSCS all loaded well to PC1, with loadings of 0.68, 0.38 and 0.63 respectively. This indicated that PC1
could serve as a suitable measure for deliberative control in
our analysis. In general, larger PC1 is associated with less
(a)
impulsivity and more deliberative control.
0.6
Overall, PC1 was significantly correlated with the
probability for choosing the delayed reward ( cdee =
0.3
0.36, %(47) = 2.64, ` = 0.011 ). DDM parameters offer a
potential process-level explanation
for this correlation.
0.0
However, we find that out of all the parameters fit to
participant data, only +- is significantly
correlated with PC1
−0.3
(cdee = 0.38, %(47) = 2.85, ` = 0.006). This indicates that
the predictive power of PC1 in−0.6our experiment was most
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Figure 3. (a) Response and evaluation biases for all participants in
our 0.4
experiment. All participants had either a response bias or an
evaluation bias with a 95% credible interval not containing 0.
0.2
However,
the type, direction and magnitude of the biases varied
across
participants.
(b) Response and evaluation biases for all
0.0
participants in Krajbich et al. (2015). 36/43 participants had either a
response
bias or an evaluation bias with a 95% credible interval not
−0.2
containing 0. Solid dots indicate posterior means and error bars
indicate
95% credible intervals in both plots.
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relationship between the model simulated data and the
observed data is shown in Figure 2(c) and 2(d).
The posterior means of the parameters recovered for each
of the 43 participants are summarized in Table 1. Again, a
majority of participants (37 out of 43) had 01, > 0 and
015 < 0 when evaluating their parameter posterior means.
Only 5 participants had a negative 01, and one participant
had a positive 015 , and none of these were significant as
assessed by 95% credible intervals. In contrast, the two
automatic biases varied greatly across participants. The
posterior means of +, were negative for 21 out of 43
participants and +- were negative for 24 out of 43
participants. Overall, 16 participants had a response bias that
was significantly different from zero, and 33 participants had
an evaluation bias that was significantly different from zero,
as assessed by 95% credible intervals. Figure 3(b) illustrates
the direction and magnitude of the two biases across
participants.
As in the prior section, we fit four constrained models to
the individual-level data. The mean and median DICs of the
full and constrained models are summarized in Table 2. The
DICs of all the constrained models were larger than those of
the full models (all ` < 0.02 as assessed by Wilcoxon
matched pairs signed-rank test applied across the 49
participants), which showed that all four parameters are
necessary for describing participant behavior. The model that
eliminated the effect of evaluation biases had a larger DIC
(worse fit) than the model that eliminated the effect of
response biases. The median of the difference was 7.74 (j =
3.06, ` = 0.002) , again indicating that overall the
evaluation biases had a more important role in explaining
choice outcome variations than the response biases.
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We also tested the robustness and generalizability of the
above results by reanalyzing Krajbich et al.'s (2015) data,
with the DDM fit on an individual level. This data consists of
43 participants, each completing 216 binary choices between
$25 now and some larger amount of money available in the
future. There was no automatic time-out in their experiment
design. (see Krajbich et al., 2015 for a detailed description of
methods, as well as overview of data). The structure of this
experiment is very similar to ours, and thus we were able to
directly apply the techniques described in the above section.
We found that the DDMs described the observed choices
and RTs quite well, with very high correlations between the
mean simulated statistics and the observed choice
probabilities (cdee > 0.99, %(41) = 96.08, ` < 0.001), RTs
associated with the delayed reward (cdee = 0.87, %(41) =
11.46, ` < 0.001), and RTs associated with the immediate
reward ( cdee = 0.98, %(41) = 30.96, ` < 0.001 ). The

We used the drift diffusion model (DDM), fit on an individual
level, to formally examine whether automatic biases play a
role in intertemporal choices. The use of the DDM allowed
us to distinguish between an automatic response bias and an
automatic evaluation bias, while also controlling for attribute
weights for monetary payoffs and time delays. In both novel
experimental data as well as existing data from Krajbich et
al. (2015), we found that most participants demonstrated
automatic biases when making intertemporal choices.
However, the type, direction and magnitude of these biases
varied across participants. Additionally, model comparison
suggested that the evaluation bias played a larger explanatory
role than the response bias. The magnitude of the evaluation
bias displayed by participants was also significantly
correlated with survey-based measures of deliberative
control.
Our results illustrate the value of quantitative model fitting
for studying automatic biases in preferential choice. Such
approaches are not only able to rigorously describe choice
and RT data, they are also useful for formally representing
the decision process, and thus conceptualizing the effect of
different types of automatic biases on the decision process.
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This way, our results resolve an outstanding theoretical
question regarding automatic biases in intertemporal choice.
Our results also highlight the need for individual-level
analysis. Previous studies have shown that different people
assign different weights to monetary amounts and time
durations when comparing immediate vs. delayed rewards.
Our study further indicates that different people are likely to
vary in terms of the type and direction of their automatic
biases as well. By fitting our models to each participant’s data
separately we were able to pick up important differences
across our participants, which would have been obscured in
group-level analysis. In our study, some participants display
automatic biases towards the rewards that are available
sooner, as predicted by existing dual process theories of
intertemporal choice. However, contradicting these theories,
many other participants display biases in favor of rewards
with larger monetary amounts, despite their associated
delays. Admittedly, these biases could be due to the choice of
stimuli and experimental context. Further studies should test
how these individual-level biases generalize to natural
environments.
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Abstract
Risk-taking propensity is a general personality disposition. Survey, behavioral, and modeling
approaches have been used to study it. We compared three behavioral tasks (BART, C-ART,
S-ART) and corresponding computational models to learn which aspects of risky behavior they
measure by correlating task performance and parameter estimates with survey responses
(impulsivity, sensation seeking, drug use). Results indicated that the BART was not correlated
with any of the above domains, whereas behavioral measure from the two ART tasks correlated
with impulsivity and sensation seeking. The parameter estimates from the two ART tasks,
while having some validity, were weaker indices than the traditional behavioral measure of
these tasks. Our findings provide insight into the use and design of these behavioral tasks and
their corresponding computational models.
Keywords: decision making under uncertainty; risk-taking propensity; computational
cognition; parameter estimation; BART; ART
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In crowded and cluttered environments, infants can reduce visual
clutter by using manual actions to bring objects closer to the eyes,
what we refer to as hand-eye coordination. Hand-eye coordination
is therefore hypothesized to be an important ability for controlling
and distributing attention. Little is known about how the emerging
ability to integrate both gaze and manual actions onto objects
impacts how attention is distributed. Twenty-five infants
participated in a naturalistic toy play session that included 24 toys.
Overall, infants generated distributions of attention that were rightskewed, reflecting coherence: a composition of selectivity of a few
highly-frequent toys and exploration of many less-frequent toys. We
observed that individual differences in hand-eye coordination
impacted distributions of attention, with infants displaying low
hand-eye coordination having dramatically less coherent
distributions of visual attention during bouts of hand-eye
coordination. These results suggest that hand-eye coordination is a
critical pathway for visual attention.
Keywords: Hand-Eye Coordination; Visual Attention; Eyetracking; Infancy; Play

Introduction
In visual environments cluttered with many objects, infants
have choices. These choices impact what they see and for
how long, generating the visual data used for learning.
Learning requires the exploration, selection and stabilization
of attention to information in the environment. Attention is
therefore hypothesized to be a sensory-motor process
because it includes the integration of actions across the body
like postural stability, head movements, and manual actions.
(Yu & Smith, 2012). For example, when an infant holds and
looks at an object, what we refer to as hand-eye coordination,
they create a stable, centered visual field, effectively reducing
the visual clutter of competing objects (Bambach, Crandall,
& Yu, 2013; Yu & Smith, 2012), providing optimal moments
for learning to occur (Pereira, Smith, & Yu, 2014). For
toddlers, smoothly integrating gaze and manual actions is a
coordination problem still being solved, and rapidly
changing. Here we report new findings on how visual
attention is impacted during this period of rapid change in
hand-eye coordination.
Recent advances in head-camera technology have started
to uncover important spatiotemporal patterns of early visual
experiences (Clerkin et al., 2017; Jayaraman, Fausey, &
Smith, 2015, 2017). One key observation is that in the first
few years of life, the frequency distributions of faces
(Jayaraman et al., 2015) and objects (Clerkin et al., 2017) are
extremely right-skewed: only a few faces account for a high

proportion (~80%) of all faces in view and only a few object
categories account for all of the object categories in view.
What is the consequence of these natural visual statistics?
One hypothesis is that right-skewed distributions offer a
balance between consistency of a few high-frequent events
with diversity of low-frequent events (Clerkin et al., 2017;
Smith & Slone, 2018; Montag, Jones, & Smith, 2017). This
balance between consistency and diversity, what we will call
coherence, has been shown to offer computational benefits
for visual object recognition (Salakhutdinov, Torralba, &
Tenenbaum, 2011).
In our study, because we are investigating visual attention,
instead of observing a balance between consistency and
diversity, we predict to observe a balance between selectivity
and exploration. Consistent with recent findings showing
right-skewed distributions in natural scenes, Figure 1 depicts
what we should expect in a ranked order distribution of toy
look proportions for 24 toys: a large proportion of looks to
only a few toys (selectivity; green rectangle) and a small
proportion of looks to the rest of toy set (exploration; blue
rectangle).
Our main hypothesis is that, during the second year, a
developmental a period with rapid cognitive and motor
development, visual attention is intimately linked to current
sensory-motor abilities. The overarching idea is this: Because
hand-eye coordination supports and organizes visual
attention, this coordination is central to a coherent
distribution of attention – many repeated looks to a select set
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Figure 1: Example right-skewed distribution for 24
objects. The x-axis is rank ordered by proportion of
frames. The top five objects (green) account for 80% of
the total proportion. The remaining 19 objects (blue)
account for 20% of the total proportion.

of objects and less frequent looks to other available toys. But
this may be an emergent skill. Accordingly, we examined the
relation between coordinated hand-eye actions directed to a
single object during a period of development in which –
because sensory-motor skills are changing – we should see
considerable individual (and typical) variation. We expect to
observe overall distributions of visual attention to be rightskewed, that is, a coherence between selectivity and
exploration. In other words, when visual attention is not
disrupted by difficulties in integrating actions by eyes and
hands, we should expect to observe coherent distributions of
visual attention. For infants with low hand-eye coordination,
we expect to observe disrupted visual attention in the form of
less selectivity and exploration during moments when they
are in bouts of hand-eye coordination.

Method
Participants

the headgear and the scene and eye cameras were adjusted
and oriented appropriately.
Once the parent’s and infant’s eye-trackers were securely
affixed and the cameras were adjusted and oriented
appropriately, a ~3-minute calibration phase was completed.
For eye-tracking calibration, a large calibration board with
colored lights and sounds was placed approximately 30cm
away from the infant. One of the experimenters controlled the
calibration board with a remote and displayed one of the
lights on the board for ~10s or until a saccade and look were
elicited by both the infant and parent before displaying
another light. This procedure was repeated approximately 15
times in various locations on the tabletop. The same
procedure was used to calibrate the parent’s eye-tracker. We
have used similar procedures in multiple previous headcamera and head-mounted eye-tracking experiments (Pereira
et al., 2014; Smith, Yu, & Pereira, 2011; Smith et al., 2015;
Yu & Smith, 2017).

25 infant-parent dyads with infants (12 female) ranging from
15.2 to 25.3 months (M=19.52, SD=2.42) were included in
the final sample.

A

Stimuli and Experimental Setup
24 toys were used. The toys were pilot-tested to be interesting
and engaging to infants (see Figure 2A). The toys were
randomly spread out across the playroom floor at the
beginning of each play session. Parents and infants both sat
on a carpeted floor in a playroom environment. Parents were
told to sit in any orientation with their child but were
instructed to try to keep their child sitting on the ground as
much as possible during the play session (see Figure 2B).

B

Eye-tracker and Calibration
Parents and infants wore head-mounted eye trackers (Positive
Science LLC). The eye-tracker was designed for specific use
with infants. The tracking system has been successfully used
in both infant and adult experiments (Franchak & Adolph,
2010; Yu & Smith, 2017). The eye-tracking system includes
an infrared camera mounted on the head and pointed to the
right eye of the participant that records eye images and a
scene camera that captures and records images from the
participant’s perspective. The visual field of the scene camera
is 108°. Each tracking system – the infants’ and parents’ –
recorded egocentric video and the x- and y-position of the
right eye in the captured scene at a sampling rate of 30 Hz
(see Figure 2B).
For eye-tracker setup, one experimenter engaged with the
infant with an enticing toy while the second experimenter
affixed the eye-tracker on the parent. After the parent’s eyetracker was secure and the scene and eye cameras were
properly adjusted and oriented, both experimenters and the
parent worked together to place the headgear and eye-tracker
on the infant. The parent and one of the experimenters played
with the infant while the other experimenter placed the
infant’s headgear (a small hat with Velcro stickers on the
forehead) on the infant. The eye-tracker was then affixed to

Figure 2: (A) Stimuli set. (B) Experimental setup (left)
and infant ego-centric view from eye-tracker. Cross-hair
indicates direction of gaze.

Instructions and Procedure
After the calibration phase, one of the experimenters
distributed the set of toys on the floor and left the parent and
infant to play. The experimenters watched the interaction in
an adjoining room and monitored the parent’s and infant’s
eye and scene cameras for large movements from external
sources like if the infant touched a camera or bumped a
camera with a toy. If movements like this occurred, the
experimenters went into the room, readjusted the cameras,
completed a new calibration phase, and left the room so the
parent and infant could complete the rest of the toy play
session. Parents were asked to engage with their infants and
toys as naturally as possible for ten minutes.

Data Processing
Video and head-mounted eye-tracking were used to collect
manual actions and eye gaze, respectively. Manual actions on
and gaze to objects by infants were recorded and coded.
Hand-eye coordination was derived by measuring the frames
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that included the infant holding on to and gazing towards the
same toy. Eye-tracking software yielded scene camera
footage with crosshairs superimposed where the eye was
spatially located on the scene. This footage was then sampled
at a rate of 30 frames per second. Using an in-house coding
program, regions of interest (ROIs) were coded manually by
coders who watched the first-person view video. Coders
annotated when the cross hair overlapped on any portion of
an object or face, and if so, which ROI. With this coding
procedure, two gaze data streams containing ROIs were
provided for each parent-infant dyad, although in the current
paper, we only report look properties from the infant. There
were 24 ROIs: one ROI for each of the 24 toy objects (see
Figure 3).
Eye
Hand
Hand-eye
Time (s)
Eye
Hand
Hand-eye
Time (s)
Eye
Hand
Hand-eye
Time (s)
Eye
Hand
Hand-eye
Time (s)

Figure 3: Visual streams of eye, hand, and hand-eye
regions of interest (ROIs) from four infants. Color
corresponds to a specific toy in the stimuli set.

Results
This section is organized into two parts. In the first part, we
report on descriptive statistics of looking and holding
behavior based on individual differences inside and outside
of bouts of hand-eye coordination. In the second part, we
investigate the distributions of visual attention using growth
curve modeling.

Looking and Holding Behaviors
A median split was conducted on the proportion of time in
hand-eye coordination to partition infants into either the
‘low’ hand-eye coordination group or the ‘high’ hand-eye
coordination group. There was no difference in age between
the two groups (t[23]=.067, p=.51), and the high group
(Min=0.27, Max=0.53, M=0.38, SD=.07) had a higher
proportion of time in hand-eye coordination relative to the
low group (Min=0.14, Max=0.26, M=0.20, SD=0.04,
t(23)=7.18, p<.001.
Overall, including looking behaviors both inside and
outside of hand-eye coordination, the high group (Min=0.60,
Max=0.94, M=0.76, SD=0.29) had a higher proportion of toy
looks relative to the low group (Min=0.32, Max=0.82,

M=0.60, SD=0.18), t(23)=2.94, p<.001. In addition, the high
group (Min=0.59, Max=1.0, M=0.78, SD=0.11) had a higher
proportion of toy holding relative to the low group
(Min=0.44, Max=0.83, M=0.68, SD=0.12), t(23)=2.12,
p=.04. Overall, the high group had a higher proportion of toy
looking, toy holding, and by definition joint toy holding and
toy looking.
The high group (Min=13.23, Max=30.41, M=21.79,
SD=5.57) and the low group (Min=9.71, Max=33.12,
M=21.71, SD=7.61) did not differ in the frequency (per
minute) of toy looking, t(23)=0.03, p=.97. The high group
(Min=0.25, Max=6.50, M=12.80, SD=6.38) and the low
group (Min=0.26, Max=10.94, M=10.54, SD=3.90) did not
differ in the frequency (per minute) of toy holding,
t(23)=1.06, p=.30. The high group (Min=1.14, Max=2.89,
M=1.92, SD=0.60) and the low group (Min=1.16, Max=3.45,
M=1.71, SD=0.60) did not differ in the duration (seconds) of
toy looking, t(23)=0.89, p=.38. The high group (Min=7.15,
Max=241.03, M=8.35, SD=8.95) and the low group
(Min=4.24, Max=174.23, M=6.32, SD=6.32) did not differ in
the frequency (per minute) of toy holding, t(23)=0.77, p=.45.
To determine whether looking behavior was impacted by
the overall increase in behaviors inside of hand-eye
coordination – the main source of our group differences – we
computed the relative proportion of toy looking (1) inside and
(2) outside of hand-eye coordination. For the high group,
there was no difference in the relative proportion of toy looks
inside (Min=0.36, Max=0.70, M=0.50, SD=0.10) or outside
(Min=0.30, Max=0.64, M=0.50, SD=0.10) of hand-eye
coordination, t(23)=-0.16, p=.99. For the low group, the
relative proportion of toy looks outside (Min=0.47,
Max=0.82, M=0.64, SD=0.10) of hand-eye coordination was
higher compared to inside (Min=0.18, Max=0.53, M=0.36,
SD=0.10) of hand-eye coordination, t(23)=3.82, p<.001.
Infants with low hand-eye coordination had a higher
proportion of their total toy looking behavior outside of bouts
of hand-eye coordination. This is a pattern that seems
opposite to the studies (Bambach, Crandall, & Yu, 2013)
showing holding increases and stabilizes looks to toys and
suggests that for children still working on coordinating hands
and eyes, doing so actually may disrupt rather than support
visual attention to objects. Does this affect the distribution of
toys sampled? Do both groups of infants show the same
degree of selectivity – over time and in the play session –
repeatedly looking and holding the same few toys?
Figure 4 shows ranked order histograms of toy look
proportions inside and outside of hand-eye coordination for
the high and low hand-eye coordination groups. The
histograms are distinctly right-skewed which is indicative of
visual selectivity of toys in the set. Overall, 8 toys (Min=1,
Max=14, M=7.60, SD=3.24) account for over 80% of the total
proportion of toy looking time. As discussed in the
Introduction, right-skewed distributions likely reflect a
balance between stability and exploration.
To determine the selectivity of looking behavior across
individual differences in hand-eye coordination and inside
and outside of bouts of hand-eye coordination, we computed
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Figure 4: Ranked order histograms of toy look proportions inside (red) and outside (blue) of hand-eye coordination for the
High (left) and Low (right) hand-eye coordination groups. Error bars indicate 95% confidence intervals. Inset. Growth curve
models of ranked order toy look cumulative proportions. Solid lines represent quadratic fit estimates. Error bars indicate
95% confidence intervals.
the relative proportion of toy looks for the top five most
attended to toys for each infant. Higher relative proportion
would indicate higher selectivity. For the high group, there
was higher selectivity inside (Min=0.26, Max=0.57, M=0.38,
SD=0.08) of hand-eye coordination relative to outside
(Min=0.15, Max=0.54, M=0.29, SD=0.11) of hand-eye
coordination, t(23)=2.05, p=.05. In contrast, for the low
group, there was higher selectivity outside (Min=0.26,
Max=0.56, M=0.34, SD=0.08) of hand-eye coordination
relative to inside (Min=0.17, Max=0.39, M=0.25, SD=0.08)
of hand-eye coordination, t(23)=-2.72, p=.01. The visual
attention of infants with high hand-eye coordination was
more selective inside of hand-eye coordination. The visual
attention of infants with low hand-eye coordination was less
selective inside of hand-eye coordination, showing more
selectivity in their visual attention when they were not in
bouts of hand-eye coordination. These results suggest that for
infants with still immature hand-eye coordination, joint
looking and holding disrupts the natural distribution of looks
to objects. While more fully developed hand-eye
coordination may support visual attention – and balanced
exploration and selectivity – this may be a hard-won skill. In
the following section, we use growth curve modeling to test
for differences in the distributions of visual attention across
groups and inside and outside of hand-eye coordination.

Growth Curve Analysis
To test for differences in the distributions of toy looks
inside and outside of bouts of hand-eye coordination across
the two hand-eye coordination groups, we used the approach
to mixed-effects models and growth curve analyses described

in Mirman (2014). In growth curve analysis, the predictor
variables are considered in terms of change over time (or
‘growth’). We use growth curve analysis to analyze the
ranked order cumulative proportion profiles transformed
from the ranked order histograms.
In the model, cumulative proportion is the outcome
variable and the linear and quadratic terms are used to predict
cumulative proportion. Given that the outcome variable is
cumulative proportion, the linear term will be positive and the
quadratic term will be negative. The linear term quantifies the
overall cumulative proportion increment from the first ranked
order proportion value and the last ranked order proportion
value. The quadratic term quantifies the extent to which the
cumulative proportion function asymptotes. For example,
consider if ranked order histogram A’s asymptote was at 12
toys, ranked order histogram B’s asymptote was at 8 toys, and
ranked order histogram A had twice as much proportion for
each toy compared to ranked order histogram B. Once
converted into ranked order cumulative proportion, the
coefficient for the quadratic term for histogram A would be
more negative compared to the coefficient for histogram B.
A higher negative coefficient for the quadratic term indicates
a distribution of looking patterns that includes looks to more
toys before an asymptote, suggesting (1) more selectivity but
also (2) more exploration of toys. Because our primary
interest is in investigating differences in the shapes of the
visual attention distributions, testing for differences in the
quadratic term is the most relevant polynomial term in this
analysis.
As suggested by Mirman et al. (2014), polynomial terms
were generated orthogonally to allow for independent
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contributions of the linear and quadratic terms. Therefore, our
models are second-order polynomial regression models. The
goal of this analysis was to test for differences in look
distributions inside and outside of hand-eye coordination
bouts for the high and low hand-eye coordination groups. We
used the lme4 library (Bates, Maechler, Bolker, & Walker,
2016) in R to construct linear mixed effects regression
models. The models were maximally specified as long as the
models converged. We used random intercepts (subject ID)
and nested the ranked order terms (linear and quadratic). The
predictor variable was Look Type (outside or inside a bout of
hand-eye coordination). A significant interaction between the
Look Type variable and the linear and/or quadratic terms
would suggest differences in look distributions inside and
outside of hand-eye coordination. See inset of Figure 4.
Our first model was constructed for the high hand-eye
coordination group. A significant interaction between the
Look Type variable and linear term suggested that there was
a larger relative increase in look proportion from the 1stranked toy to the toy at asymptote outside of hand-eye bouts
compared to inside hand-eye bouts, b=.12, p<.001. The Look
Type X quadratic term was not significant, suggesting that
the selectivity and exploration of toys did not differ inside or
outside of hand-eye bouts, b=.007, p=.38.
Our second model was constructed for the low hand-eye
coordination group. A significant interaction between the
Look Type variable and linear term suggested that there was
a larger relative increase in look proportion from the 1stranked toy to the toy at asymptote outside of hand-eye bouts
compared to inside hand-eye bouts, b=.21, p<.001. A
significant interaction between Look Type and the quadratic
term suggested that visual selectivity and exploration was
highly constrained inside of hand-eye bouts relative to
outside of hand-eye bouts, b=-0.09, p=.01.
Overall this pattern of results suggests that as children
develop hand-eye coordination skills, joint manual and visual
attention to an object may initially disrupt the coherent
pattern of consistent and exploratory attention to objects.
This is potentially important as both the selectivity of visual
experiences and sensory-motor development have been
linked to visual object name learning (Yu & Smith, 2012;
Pereira, Smith, & Yu, 2014).

Discussion
A large literature links sensory motor development to
individual differences in perceptual, cognitive and motor
development (see for review, Leonard & Hill, 2014). One
hypothesis is that these effects emerge in part because the
infants and young children’s sensory-motor behaviors create
and select the data for learning and more advanced sensorymotor abilities create new and better opportunities for
learning. The new contribution of this work is the
demonstration that early (or poorly coordinated) attempts at
joint holding and looking may actually disrupt visual
attention leading to less optimal visual data for learning. The
major finding that supports this conclusion is this: infants
with low hand-eye coordination show similar looking

behaviors outside of the context of holding as infants with
high hand-eye coordination; however, during bouts of jointly
holding and looking, these infants show disrupted patterns of
selectivity and exploration in their toy play.
Past research on joint looking and holding by toddlers has
consistently suggested that joint looking and holding
supports learning because it generates optimal data sets for
learning. But this may not be the case early in development
or for all children. For adults, successfully acting in the world
with many changing frames of reference – from driving a car
(Johnson, Rothkopf, Ballard, Hayhoe, 2013), walking across
difficult terrain (Matthis, Barton, & Fajen, 2017), and making
a peanut butter and jelly sandwich (Rothkopf & Pelz, 2004)
– is, although fallible, usually a seamless process. But all this
coordination is a developmental product (Jung, Kahrs, &
Lockman, 2017) and the rate of that development is likely to
determine the rate of development in other domains (Piek &
Dyck, 2004).
There are a number of additional observations. First, there
is high variability in hand-eye coordination during this
developmental period. Not surprising, these individual
differences led to markedly less overall gaze and holding
behavior for infants with low hand-eye coordination.
Nonetheless, infants with low hand-eye coordination looked
more to objects outside of bouts of hand-eye coordination.
Looking behavior for infants with high hand-eye
coordination did not vary inside or outside bouts of hand-eye
coordination.
Second, overall distributions of toy looks were rightskewed. We know that images from infant head cameras
during mealtime events generate right-skewed frequency
distributions of object categories suggesting that these
statistics are perhaps the natural statistics generated from the
interactions between the infant and their environment
(Clerkin et al., 2017). Crucially, training sets of data that are
generated by right-skewed distributions have been shown to
have important computational benefits for visual object
recognition (Salakhutdinov, Torralba, & Tenenbaum, 2011).
The hypothesized benefit of right-skewed distributions for
learning is motivated by the property of coherence, that is,
beneficial learning data includes both consistency of highlyfrequent objects and diversity of less-frequent objects
(Montag, Jones, & Smith, 2017). Overall, infants in our study
generated coherent visual data sets in a visual environment
that included a large set of toys competing for their attention.
Third, and the main result, despite that overall distributions
of infant toy looks were right-skewed, there were marked
differences in the distributions depending on hand-eye
coordination ability. Infants with high hand-eye coordination
generated coherent toy look distributions inside and outside
of hand-eye bouts. For these infants, integrating actions from
eyes and hands did not interfere with the coherence of visual
input. For infants with low hand-eye coordination, the
distributions of toy looks during hand-eye bouts were less
coherent compared to outside of hand-eye bouts, which
approximated the canonical overall right-skewed
distribution. For these infants, the integration of eye and hand
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actions dramatically affected their visual attention leading to
less selectivity and exploration.
In the moment, infants are more likely to learn the referent
of an object when they bring the object close to their face –
creating an uncluttered visual field – while their caregiver
provides a verbal utterance that includes the object referent
(Pereira, Smith, & Yu, 2014; Yu & Smith, 2012). At longer
timescales, effective learning likely includes a combination
of consistency of frequent events and diversity of rarer
events: learning the rarer events includes integrating
information about the more frequent events (Montag, Jones,
& Smith, 2017; Salakhutdinov, Torralba, & Tenenbaum,
2011). We argue that this is also true for how infants generate
visual data for learning: infants select a few objects to attend
to for a long period of time, but still thoroughly explore their
environment. By extension, infants still developing the skill
of integrating actions of the eyes and hands are missing out
on important opportunities for learning in the moment and
this leads to less coherent distributions of visual attention.
Future work should focus on learning outcomes from visual
experiences that are generated by distributions of visual
attention with varying degrees of coherence.
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Abstract
Parafoveal-on-foveal (POF) effects occur when reading time
on a fixated word in the fovea is influenced by the upcoming
word in the parafovea. Evidence for POF effects have been
inconsistent and met with methodological scrutiny (Drieghe,
2011), but recent research suggests that skill differences in
spelling may impact POF effects (Veldre & Andrews, 2014).
To extend this literature, the current study examines the
influence of spelling ability on POF effects by leveraging
semantic ambiguity. Participants read sentences containing an
ambiguous target immediately followed by a disambiguating
word as their eye movements were recorded. Disambiguating
words were manipulated to be either consistent or inconsistent
with the likely interpretation of the ambiguous word. Results
indicate that high-skilled spellers have longer reading times on
the target word when the disambiguating word is inconsistent.
These findings suggest that POF effects may be possible,
particularly within a highly-skilled subset of skilled readers.
Keywords: parafoveal-on-foveal effects; word skipping;
parafoveal preview; semantic ambiguity; eye movement
control; spelling; individual differences

Introduction
Skilled reading requires that printed word forms
automatically activate a word’s meaning. Typically, word
meaning recognition is achieved while a reader’s eyes remain
fixated on the word (Rayner, 1998). Other information – such
as word length and spelling – can be extracted from the area
just to the right of a fixation, known as the parafovea (see
Schotter, Angele & Rayner, 2012 for a review). Evidence that
semantic information can also be extracted from the
parafovea has, until recently, been limited to non-alphabetic
languages, in particular, Chinese (Yan, Zhou, Shu, & Kliegl,
2012). Recent research suggests semantic parafoveal
processing can occur in alphabetic languages, such as
English, but that this effect may be limited to a highly-skilled
subset of the skilled reader population (Veldre & Andrews,
2016). Together, this research suggests that characteristics of
the language itself and the proficiency of individual readers

within the language influence the degree to which a reader
can benefit from semantic parafoveal processing.
Benefits received from parafoveal preview are typically
observed as either a benefit or a cost once the preview word
is ultimately fixated (Schotter et al., 2012). These studies
demonstrate that lexical information in the parafovea is
extracted on the prior fixation. However, serial models of eye
movement control account for these effects by assuming that
parafoveal preprocessing occurs for many words after
processing of the fixated word is complete (Schotter, Reichle,
Rayner, 2014). In contrast, POF effects occur when
processing of a word in the parafovea influences processing
time on the currently fixated word. Thus, POF effects are
observed on the fixated word as a result of a manipulation in
the parafovea. Several studies have demonstrated POF effects
when orthographic previews are illegal or visually distinctive
(Inhoff, Starr, Schindler, 2000; Kennedy, 2000; Rayner,
1975; Vitu, Brysbaert, & Lancelin, 2004). However,
evidence for lexical-semantic POF effects has been
inconsistent and elusive in natural reading (see Brothers,
Hoversten, and Traxler, 2017 for a review).
Research has provided evidence that lexical-semantic
information in the parafovea can influence foveal processing,
however, tasks used in these studies are not representative of
natural reading (Kennedy, Pynte, and Ducrot, 2002; LópezPeréz, Dampuré, Hernández-Cabrera, Barber, 2016). Using a
boundary-change paradigm, researchers found that
parafoveal preview manipulations of length and frequency
interacted with foveal gaze duration, evidence of a POF effect
(Kennedy, Pynte, & Ducrot, 2002). Others have failed to
replicate POF effects in natural reading tasks (Angele,
Slattery, Yang, Kliegl, & Rayner; 2008; Rayner, Juhasz, &
Brown, 2007). These studies have explained increased
fixations on a target as the result of mislocated saccades,
saccades intended to land on the parafoveal word but falling
short, rather than parafoveal manipulations (Drieghe, Rayner,
& Pollatsek, 2008). Recent evidence derived from fixationrelated potentials (a methodology that couples traditional
ERP approaches with eye movement data) suggests that a
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word in the parafovea can be processed and immediately
integrated with ongoing foveal processing (López-Peréz, et
al., 2016). This evidence implies that parafoveal processing
occurs rapidly, is able to influence foveal word processing,
and is readily available for integration during ongoing foveal
processing. Preview benefits, even semantic preview
benefits, can be accounted for by predominant models of eye
movement control (e.g. EZ Reader and SWIFT), nonetheless,
they make different predictions regarding parafoveal-onfoveal (POF) effects (Engbert, Nuthmann, Richter, & Kliegl
2005; Reichle, Rayner, & Pollatsek, 2003).

Orthographic Skill and Parafoveal Processing
Average skilled readers benefit from parafoveal preview of
upcoming words. This benefit may be tied to efficient lexical
processing of the word in the fovea. In serial models of eye
movement control, lexical access occurs in two stages; the
orthographic representation is accessed first (L1) and
indicates to the reader that the second stage, meaning access
(L2) is imminent (Reichle, et al., 2003). Completion of L1
signals that it is safe to begin building a saccadic program to
the upcoming word because L2 completion is likely.
Sometimes L2 can occur so rapidly that access is complete
before actual movement of the eyes. In this case, readers may
be able to covertly shift attention, but not the eyes, to the word
in the parafovea (Schotter, et al., 2014). However, research
has shown that parafoveal preview benefits are associated
with individual differences even within the skilled reader
population (Ashby, Yang, Evans, & Rayner, 2012; Rayner,
Reichle, Stroud, Williams, & Pollatsek, 2006; Veldre &
Andrews, 2014; 2016).
Recent evidence suggests that the ability to extract semantic
information from the parafovea is associated with skilled
readers who also demonstrate strong spelling ability (Veldre
& Andrews, 2016). Spelling tasks require access to accurate,
orthographic representations which are central to skilled
reading. High-skill spellers are thought to have fast access to
accurate orthographic knowledge. This encourages bottomup word recognition processes. During reading, rapid access
to a fixated word’s meaning may provide a window of
opportunity for high-skill spellers to extract information from
the parafovea (Veldre & Andrews, 2016).
Specifically, in Veldre and Andrews (2016), they found that
highly-skilled readers, particularly those with good spelling
skills, were able to extract semantic information from the
preview when it was plausible. The authors suggest that
orthographic knowledge, indexed by spelling ability,
supports fast access to meaning for both the fixated word and
the potential to achieve lexical access of the parafoveal word.
Efficient bottom-up processing of both the fixated word and
the word in the parafovea may support POF effects among
high-skill spellers.

Semantic Ambiguity
Semantically ambiguous words have two or more distinct
meanings but share a common sound and a common
spelling. Choosing the correct meaning depends on the

context in which it appears. Research shows that when
context is not available, the most frequent meaning of the
word will be selected and integrated with the sentential
representation (e.g. Dopkins, Morris, & Rayner, 1992;
Duffy, Morris, & Rayner, 1988; Rayner, Pacht, & Duffy,
1994; Sereno, Pacht, & Rayner, 1992). However, when
context comes before an ambiguous word that has one
dominant meaning, and the context supports the lessfrequent meaning, readers spend longer fixating on the
ambiguous word (Dopkins et al., 1992; Duffy, et al., 1988;
Rayner et al., 1994; Sereno et al., 1992). The prior context
supports the activation of the less-frequent meaning
allowing it to compete for selection with the most-frequent
meaning. This competition and selection process results in
longer reading times (see Dopkins et al., 1992 for a review).

Current Study
All target words in the current study are ambiguous in that
they have one frequent and one less-frequent meaning (biased
ambiguous words). Targets followed semantically neutral
context that did not suggest a particular meaning. According
to ambiguity effects, because disambiguating context always
followed the ambiguous word, all readers were expected to
quickly activate the most-frequent meaning, regardless of the
word in the parafovea (Dopkins et al., 1992; Duffy, et al.,
1988; Rayner et al., 1994; Sereno et al., 1992). The
parafoveal word provided disambiguating information
consistent with the likely interpretation or inconsistent with
the likely interpretation, however, according to serial models
of eye movement control, this should not influence reading
on the ambiguous target. Given recent evidence that
parafoveal information can influence meaning access and
integration, the parafoveally presented words in the current
study may provide enough disambiguating evidence,
particularly for high-skill spellers, to select the less-frequent
meaning of the ambiguous word (López-Peréz et al., 2016).
Thus, longer reading times on the ambiguous word when the
parafoveal word is inconsistent is analogous with ambiguity
studies that find longer reading times with prior supportive
context for the less-frequent meaning and would indicate a
POF effect.

Method
Participants
Participants included 153 Kent State University student
volunteers in exchange for course credit. All participants had
normal or corrected vision, were native speakers of English,
and had no reported reading disabilities.

Skills Assessment
All participants completed a spelling skill assessment
consisting of recall and recognition measures. The spelling to
dictation task (M = 9.45; SD = 4.69) was comprised of 20
words adapted from Burt and Tate (2000). Scores ranged
from 0% to 100% correct. The spelling recognition measure
consisted of 50 common words. Twenty-five words were
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spelled correctly, and 25 words were spelled incorrectly.
Spelling recognition was measured by calculating d’, a
response bias analysis that accounts for the rate of hits and
false alarms. Scores from the recall test were standardized.
Spelling scores were combined to form a composite score of
spelling skill.

Stimuli & Design
Forty-one unique student participants took part in a norming
study indicating that semantically neutral contexts still biased
one meaning of the ambiguous words syntactically.
Participants were presented with the beginning of the
experimental sentences up to and including the ambiguous
word but were not provided with any disambiguating
information (ex. We watched her duck). They were then
asked to provide the likely interpretation of the ambiguous
word.
All ambiguous words were rated as having one likely
interpretation (70% or above) and one less likely
interpretation. The disambiguating word is either consistent
or inconsistent with this likely interpretation. For the
example, ‘We watched her duck out of the way’, a verb
interpretation of ‘duck’ was reported by 70% of norming
participants so, outn+1, is considered consistent with this
interpretation. In the sentence, ‘We watched her duck eat all
the bread’, eatn+1, is inconsistent with the more likely
interpretation (see Table 1 for examples of consistent and
inconsistent sentences). Targets consisted of both noun-noun
(ex. fans) and noun-verb (ex. duck) ambiguities. Norming
participants indicated that, in the case of the noun-verb
ambiguous targets, the verb interpretation was more
consistent for all items.
Targets ranged in length from 4-8 letters (M = 6). The
length of disambiguating words ranged from 3-7 letters. in
the inconsistent condition (M = 5.4) and from 3-6 letters in
the consistent condition (M = 4.4). Targets and
disambiguating words fit within a combined 13-character
window (Consistent, M = 10.16; Inconsistent M = 11.26).
Disambiguating words were all high in bigram frequency
which did not differ across conditions, (consistent, M = 1650;
inconsistent, M = 1682, suggesting that disambiguating
words consisted of frequently encountered orthographic
patterns. Target words were embedded in 20 sentences with
non-constraining prior context. They appeared prior to a
disambiguating word either consistent or inconsistent with its
likely meaning (see Table 1 for example).
Table 1 : Sentence Example for the consistent and
inconsistent disambiguating context.
Condition
Consistent
Inconsistent

Sentence Example
We watched her duck out of the way.
We watched her duck eat all the bread.

Note: Target words are underlined; N+1 is italicized

Apparatus
Data were collected using an SR Research Eyelink 1000 Plus
eye tracker with a sampling rate of 1000Hz. Stimuli were
presented on a 21.5-inch iMac Retinal Display screen.
Participants were seated approximately 60cm from this
screen. Reading was binocular, however, eye movements
were recorded from the right eye only. One degree of visual
angle was equal to 2.4 letters.

Procedure
Before beginning the reading sessions, the participant’s right
eye was calibrated, validated, and drift corrected. During
calibration, participants followed a white circle through a
nine-point fixation pattern. Successful calibration is indicated
by less than .50 degrees of visual error to all nine points. The
degree of visual angle was assessed before every trial and
recalibration was performed when necessary.
Participants were instructed to read 20 experimental
sentences and 24 filler sentences silently for comprehension
as their eye movements were recorded. Participants ended a
trial by pressing a button. Comprehension questions were
presented following 12 filler trials. Participants indicated a
yes or no answer by pressing a button. The reading session
took approximately 15 minutes to complete.
Participants also completed a skills assessment. The spelling
to dictation task was administered via an audio recording;
participants were instructed to write the correct spellings as
they listened to the word alone and the word in a sentence.
The spelling to recognition test was untimed and required
participants to identify misspelled words from a list
containing both correctly and incorrectly spelled words.

Measures
First Pass Time refers to the sum of all fixations on the target
word before the eyes leave it. It includes fixations and
refixations but excludes regressions from other regions. Only
fixations launched from earlier areas of the sentence are
included in this measure.
Skipping Rate is calculated as probability of fixation. This
measure only includes skips during first pass. Skips of the
disambiguating word were only included if they were
launched from the target word, rather than an earlier part of
the sentence.
Spelling Total A composite spelling score was created for
each participant. Scores on the spelling to dictation test were
standardized. Standardized recognition scores were
computed to account for response bias. A composite measure
of spelling ability was created from these standardized scores.
Spelling ability was analyzed as a continuous variable.
Disambiguating Condition refers to the word that follows
the ambiguous target and provides context to indicate the
intended meaning of the word in the continuation of the
sentence. Consistent disambiguating words indicate the more
likely meaning is appropriate in the sentence (coded as 0.5);
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inconsistent disambiguating words indicate the less-likely
meaning is appropriate (coded as -0.5) and were centered
prior to entry into the model as a fixed effect.

Results

= .03; conditional R2 = .23; see Table 3 for model output).
This suggests that n+1 was skipped significantly more often
in the consistent condition than the inconsistent condition.
See Table 4 for skill group means.

In what follows, a linear (Model 1 - lmer) and a logit (Model
2 - glmer) mixed random effects model using the lme4
function (Bates, Mächler, Bolker, & Walker, 2015) in R are
reported. Each model implemented the maximal random
effects structure permitting model convergence, and included
participant and item set as random intercepts. All continuous
variables were centered prior to entry into each model.
Fixation durations less than 100ms and greater than 1,000ms.
This resulted in a loss of less than 1 % of data. Thirteen
participants were excluded from analyses for failing to
answer comprehension questions with 80% accuracy.

Model 1 - Target Word: First Pass Time
In the first model, we evaluated first pass time on the
ambiguous, target word by total spelling skill and
disambiguating condition. The highest correlation between
the random slopes was moderate (.45). The random effects
structure was reduced until the correlations in the variancecovariance structure was < .4 (final highest correlation =- .38;
Veldre & Andrews, 2014). The final model set spelling skill
as the random slope with participant as the random intercept.
The results from this model indicated a main effect of
spelling skill and an interaction between spelling skill and
disambiguating condition1 (marginal R2 = .02; conditional R2
= .20; see Table 2 for model output). For every unit increase
in the total spelling skill, the time on the target word
increased when the disambiguating word was inconsistent,
relative to when the word was consistent2 (see Figure 1).
Table 2: Model 1 - Standardized estimates (unstandardized),
standard errors, t and p-values

Spelling
Condition
Spelling x
Condition

B

SE

t

p

-0.12(-1.61)
0.00(2.65)
-0.06(-1.61)

0.05
0.02
0.02

-2.48
0.17
-2.68

.01**
0.87
.01**

In the second model (logit), the random effects structure
permitting model convergence was used -- spelling skill set
as the random slope (largest random effects correlation = 0.123). Results indicated a main effect of disambiguating
condition (B = 0.32, SE = .06, z = 5.01, p < .001; marginal R2
The spelling by condition interaction was also present in first
fixation data, (B = -0.05, SE = .02, t = -2.23, p < .05)
2First pass time was also analyzed by last location position (near
or far) within the ambiguous word, however, location did not
influence the pattern of results therefore both near and far
location trials are included in analyses for power.

Table 3: Model 2 - Standardized estimates, standard errors,
z and p-values, and OR: odds ratio

Spelling
Condition
Spelling x
Condition

B
0.00
0.34

SE
0.11
0.07

z
0.02
5.17

p
0.98
< .001***

OR
1.00
1.40

0.04

0.07

0.60

0.55

1.04

Table 4: Skipping rate on the parafoveal word
Disambiguating Condition
Spelling Skill
Inconsistent
Consistent
Low
15%
23%
Average
16%
26%
High
17%
27%
Note: Low-skill = <33% on spelling measures; High-skill =
>65% on spelling measures

Discussion

Model 2 - Skipping the Parafoveal Word

1

Figure 1: Relationship between first pass time (centered) on
the target word and spelling score (centered) as a function of
disambiguating condition (Consistent v. Inconsistent).

The results of the current study indicate that first pass time
on an ambiguous target is influenced by both spelling skill
and parafoveally-presented disambiguating words. The
results show that as spelling skill increases, time to read the
ambiguous word in the inconsistent condition increases
relative to the consistent condition. Skipping the
disambiguating word, however, was not significantly
influenced by spelling ability; all readers were more likely to
skip the disambiguating word in the consistent condition.
Taken together, the results suggest that skilled readers may
be able to use semantic information from an upcoming word
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to
disambiguate
the
currently
fixated
word.
The effect for high-skill readers – longer reading times on
the ambiguous word when the upcoming word supports the
less likely meaning – is consistent with the effects predicted
by the semantic ambiguity literature. When ambiguous words
are preceded by context supporting their less-likely meaning,
reading times on the ambiguous word increase; the
supporting context results in a greater degree of activation for
the less-likely meaning which allows it to compete for
selection with the likely meaning (Dopkins et al., 1992;
Duffy, et al., 1988; Rayner et al., 1994; Sereno et al., 1992).
In the current study, disambiguating words immediately
followed the ambiguous target rather than preceding it.
Nevertheless, if the disambiguating word was accessed while
fixating the ambiguous word, increased reading time may
result from the same competition and selection processes that
are engaged when context precedes an ambiguous word. In
the current study, high-skill readers demonstrated effects
consistent with the predictions derived from semantic
ambiguity suggesting that semantic information from
disambiguating previews influenced meaning access of the
fixated, ambiguous word which indicates a POF effect.
Interestingly, less-skilled readers showed the opposite
pattern – longer reading times on the ambiguous word when
it was consistent with the likely interpretation. This seems to
suggest a ‘reverse POF effect,’ however, inflated reading
times in this condition may stem from increased rates of
skipping the disambiguating word. Serial models of eye
movement control, such as EZ Reader, suggest that reading
time before a skip can be inflated as a result of saccadic
reprogramming which occurs after lexical access of the
fixated word (Rayner, Slattery, Drieghe & Liversedge, 2011).
Therefore, inflated reading times before a skip are not POF
effects but rather the result of post-access eye movement
planning processes. In the current study, all readers were
more likely to skip the disambiguating word in the consistent
condition, however, only less-skilled readers demonstrated
longer reading times in this condition. Thus, the ‘reverse POF
effect’ observed for less-skilled readers may be explained by
the additional time required before making a skip, however,
this serial explanation does not account for the effect
observed for high-skill readers.
The results of high-skill readers demonstrate a POF effect
consistent with parallel accounts of word recognition.
According to parallel models, such as SWIFT, all words are
processed in parallel (Engbert, et al., 2005). Processing takes
place within a gradient of attention that accommodates up to
four words at a time. In this model, the target of the next
saccade is the word that requires the most processing to reach
a completion stage. In the current study, the parafoveal word
provides evidence about the meaning of the fixated word.
When the parafoveal word is inconsistent with the foveal
word, this may indicate that the word within the gradient that
requires the most additional processing is indeed the fixated,
ambiguous word. Thus, high-skill readers may access the
disambiguating word because it is within the attention
gradient; access may signal that more processing is required

to select the appropriate meaning of the fixated, ambiguous
word.
Previous research has suggested POF effects are the result
of mislocated saccades in which readers mistakenly land to
the left of the word they intended to fixate (Drieghe, et al.,
2008). In this case, processing is devoted to the intended
word even though the eyes remain fixated on the previous
word and therefore is not evidence of a POF effect. Although
the current study cannot eliminate a mislocated saccade
account, there are several considerations that make this
explanation less likely. First, the first pass measure included
only those trials where readers did not skip the ambiguous
word. This eliminates the possibility that readers mistakenly
fixated the disambiguating word before making a correction
to fixate the ambiguous word. Second, the same effect that
was observed in first pass was also observed in first fixation
time. This, along with first pass measures, suggests that
disambiguating previews exerted an early influence on word
recognition and that this effect is not the result of refixations
on the ambiguous word. Third, the location of the last fixation
within the ambiguous word did not influence the pattern of
results; the same effects were observed on the ambiguous
word regardless of whether the last fixation was near the
beginning of the word or near the end. Taken together, this
suggests that mislocated saccades are unlikely to account for
the full data pattern.
The results suggest that disambiguating parafoveal previews
can impact ambiguous word recognition. However, it is
important to note that the target ambiguous words used in the
current study represent a unique class of words which may be
uniquely sensitive to parafoveal preview manipulations.
Additionally, semantic ambiguity effects are typically
observed on an ambiguous word when context supporting the
less-likely interpretation precedes it rather than follows
directly after as in the current study. Finally, the current study
investigates only initial processing differences resulting from
disambiguating previews. Future research should consider
latter impacts, such as integration and comprehension
difficulties.

Conclusion
The current study provides further evidence that orthographic
knowledge, measured by spelling ability, influences
parafoveal processing, consistent with previous research
demonstrating semantic preview benefits for strong spellers
(Veldre & Andrews, 2016). The current results suggest that
POF effects, like semantic preview benefits, may be limited
to a subset of skilled readers who also have strong
orthographic knowledge. This has important implications for
models of skilled reading which assume that word
recognition processes are uniform within the skilled reader
population. Furthermore, this research suggests that
orthographic knowledge continues to influence reading
behavior well into adulthood. Ongoing research aims to better
understand the role of orthographic knowledge during word
recognition and its complex relationship with skilled, adult
reading.
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Abstract
The unique nature of face perception (Bruce & Young, 1986)
suggests that faces may have a strong capacity to prime
language. Indeed, a recent line of studies (Molnar, IbáñezMolina, & Carreiras 2015; Woumans et al., 2015; Martin,
Molnar, & Carreiras, 2016) shows that bilingual language
activation can be modulated by visual information from videos
of speakers as they produce a test word. However, these
studies’ use of video stimuli leaves the possibility that the facepriming effects were driven by the viewers’ knowledge of
speaker-specific phonetic features. To avoid this potential
confound, this study used face prime images that were
temporally separated from written test words. In the
experiment, English native speakers with self-reported high L2
Spanish proficiency were first familiarized with eight people
from either a Spanish-speaking or English-speaking
background, via the co-presentation of face images with selfintroductory texts in the corresponding language. Participants
then performed a timed language-decision task on individuallypresented Spanish/English words. Critically, each word was
preceded by the brief presentation of a familiarized face.
Congruence between the language of the face primes and of the
words had a significant effect on response times for English
words but not for Spanish words. These findings suggest that
non-linguistic stimuli that typically co-occur with a specific
language (in this case, familiar faces) may modulate access to
that language in bilinguals, but that this effect may depend on
proficiency. Such results indicate the psycholinguistic
importance of all of a multilingual’s experiences in a
community of speech, and not just strictly linguistic ones.
Keywords: bilingualism; face perception; priming

Introduction
Linguistic processing involves competition between similar
candidate forms at various levels of language (Vitevitch &
Luce, 1998; Grainger, O’Regan, Jacobs, & Segui, 1989;
Garrett, 1980). For bilinguals, overcoming such competition
would seem especially difficult because they must reject not
only words with the wrong meaning but also words with the
right meaning in the wrong language. Such parallel
activation of the non-target language has been found at the
level of orthography (Bijeljac-Babic, Biardeau, & Grainger,
1997), phonology (Jared & Kroll, 2001), semantics (ElstonGüttler & Williams, 2008), and syntax (Loebell & Bock,
2003). Although bilinguals are generally successful in
avoiding unintentional mixing (Poulisse & Bongaerts, 1994),
their performance in language selection tasks can be affected
by contextual factors such as whether experimenters present
themselves as monolinguals or bilinguals (Canseco-González

et al., 2010) or by the language of an unrelated film shown
before the task (Elston-Güttler, Gunter, & Kotz, 2005).
Several models have been proposed to account for such
parallel activation, including the Bilingual Interactive
Activation+ model (BIA+; Dijkstra & Van Heuven, 2002),
the Adaptive Control hypothesis (Green & Abutalebi, 2013),
the Bilingual Interactive Model of Lexical Access
(BIMOLA; Léwy & Grosjean, 2008), and the Bilingual
Language Interaction Network for Comprehension of Speech
(BLINCS; Shook & Marian, 2013). These models generally
posit that features for a bilingual’s different languages are
stored in the same network, but that separate sub-networks
eventually emerge for each language. Additionally, higherlevel contextual information can facilitate selection of a
certain language, either by inducing top-down activation/
inhibition or by adjusting language decision thresholds. The
idea that higher-level contextual information can affect
bilingual processing seems more plausible in light of eyetracking evidence that visual information is quickly
incorporated in language comprehension (Tanenhaus,
Spivey-Knowlton, Eberhard, & Sedivy, 1995) and that
culturally-biased images can prime bilinguals towards an
associated language (Zhang, Morris, Cheng, & Yap, 2013).
There are several reasons why faces may be particularly
powerful sources of bilingual priming effects. As producers
of speech, faces usually accompany language in a way that
inanimate objects don’t. Additionally, speakers might be
more attentive in general to faces than to objects/scenes, as
faces are important sources of information such as sex, age,
health status, and emotion. Furthermore, speakers must often
consider the identity of the addressee, e.g., when adjusting
their speech style for a certain interlocutor.
Further suggesting the priming potential of faces, a wide
body of psychology research indicates that face perception is
a specialized, automatic cognitive process that is qualitatively
different from the recognition of objects or scenes (Bruce &
Young, 1986). Face perception has been associated with a
specific brain region (the fusiform gyrus; Von Kriegstein,
Kleinschmidt, Sterzer, & Giraud, 2005), with a specific ERP
response (the N170; Kanwisher, 2000), and with a specific
impairment (prosopagnosia; Bauer, 1984). A strong link
between face perception and speech perception is suggested
by findings of altered phonological perception based on a
face’s place of articulation (McGurk & McDonald, 1976);
activation of the fusiform gyrus by voices (Von Kriegstein et
al., 2005); facilitation of voice-learning by co-occurring faces
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(Sheffert & Olson, 2004); and faster ERP responses to speech
when simultaneously viewing a speaking face (van
Wassenhove, Grant, & Poeppel, 2005).
A recent line of experiments investigated the link between
interlocutor identity and bilingual language selection. In the
first of these (Molnar, Ibáñez-Molina, & Carreiras, 2015),
native speakers of Spanish with either low or high Basque
proficiency were shown videos in which interlocutors gave
brief self-introductions in either Basque, Spanish, or a
mixture of the two languages. Afterwards, participants
carried out a lexical decision task on video clips in which
those same interlocutors produced either Basque words,
Spanish words, Basque-like pseudowords, or Spanish-like
pseudowords. Both low- and high-proficiency bilinguals
showed slower reaction times to trials from interlocutors who
had presented themselves as bilinguals (by mixing both
languages in their self-introductions); the experimenters
attributed this to the fact that participants could not make a
prediction in favor of either language for the upcoming word.
Furthermore, high-proficiency bilinguals showed faster
response times for congruent trials (in which “monolingual”
interlocutors produced a word in the same language as their
self-introduction) vs. incongruent trials. However, lowproficiency bilinguals did not show any languagecongruency effect whatsoever. The study also included trials
in which the voice of the interlocutor was artificially replaced
with a different voice; slower response times to these trials
confirmed that the participants were incorporating visual
information in their language processing, rather than just the
voice of the interlocutor.
A follow-up study with the same design used ERP methods
to compare processing when the test item was produced by a
bilingual vs. a monolingual (Martin, Molnar, & Carreiras
2016). Differences were found in the P3 component after
video onset but before hearing the test item (suggesting prespeech task preparation after seeing a monolingual’s face) as
well as in the N1 and N400 components after hearing the test
item (reflecting more efficient word discrimination in the
monolingual case, due to priming for that language).
In a related study involving language production
(Woumans et al., 2015), bilinguals were familiarized with
certain faces and their corresponding language through
simulated videochat conversations. In a test phase,
participants were asked to produce verbs associated with
nouns uttered by these faces in either the familiarized or a
different language. Production was faster for congruent trials,
an effect that disappeared when that face was discovered to
be bilingual (i.e., after several incongruent trials from that
face). These results suggest that face-priming effects only
occur when the face is a reliable cue for a specific language;
as such, bilingual faces would not serve as strong primes.
Although these three studies provide evidence for a
language priming effect from faces, they all share a potential
confound: because participants viewed videos of
interlocutors’ faces as they spoke, it is possible that the
effects were driven by the extraction of speaker-specific
phonetic information. Previous studies in phonetics indicates

that familiarity with a certain voice can affect speech
processing in subsequent tasks (Sheffert & Olson, 2004;
Smith & Hawkins 2012). As such, it is possible that the
facilitation in bilingual language selection in the above
studies was due to general speech processing mechanisms
from monolinguals, rather than to non-linguistic contextual
information related to the "linguistic identity" of the faces.

Methods
This study sought to test whether familiarized faces could
prime a specific language in bilinguals by inducing them to
access information about the person’s linguistic background.
Importantly, the study sought to avoid any potential
confounds from speaker-specific phonetic information by
using static face images that were temporally separate from
test words that were presented in a written modality.

Participants
Eighteen English native speakers with self-reported advanced
Spanish proficiency were recruited from a British university
community. Following a procedure common for bilingual
processing studies (e.g., Dijkstra et al., 2010; Elston-Güttler
& Williams, 2008) and previously found to be reliable
(Marian, Blumenfeld, & Kaushanksaya, 2007), a
questionnaire was conducted (in English) to gauge L2
experience. All participants claimed at least four years of
Spanish study and rated themselves as “advanced” or higher.
Twelve participants had worked or studied in a Spanishspeaking country, and four of the remaining ones had
travelled in a Spanish-speaking country since beginning their
Spanish studies. Although participants were not full,
“balanced” bilinguals, their extensive experience as Spanish
learners would make their performance in this experiment
relevant for investigating the nature of L2 processing.

Materials
Face stimuli were acquired from the Psychological Image
Collection at Stirling (PICS; http://pics.psych.stir.ac.uk/).
From this database, eight different individuals were selected
(four males and four females), each with four associated
images including two different facial expressions and two
different poses. This variation in pose and expression allowed
for a distinction between actual face recognition and simple
low-level association with particular images. The
photographs were all in black-and-white and had the same
composition, size (269x369 pixels), and plain black
background. The eight faces were divided into two sets
(balanced for gender), to be associated with either English or
Spanish via co-presentation with a short (35-50 word) selfintroductory text written in the corresponding language. Such
straightforward biographical presentation has been shown to
facilitate face recall and modulate ERP responses to faces
(Tsujimoto, Yokoyama, Noguchi, Kita, & Kakigi, 2011).
Word stimuli in English and Spanish (40 for each language)
were prepared using the CLEARPOND database (Marian,
Bartolotti, Chabal, & Shook, 2012). These were matched for
orthographic length; frequency; bigram token frequency;
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imageability; and number of higher-frequency orthographic
and phonological neighbors. Independent-samples t-tests
found no significant differences for any of these variables
between the two languages (all p<.05), and none of the words
appeared in the self-introductory texts from the
familiarization phase. No words contained diacritics or had
orthographic or phonological neighbors in the other language
(where a “neighbor” is a word that can be constructed by the
substitution, addition, or deletion of a single letter or
phoneme). The 40 words in each language were divided into
two lists, to be presented with either English or Spanish faces;
independent samples t-tests found no significant differences
for any of the variables described above between items in the
same language across the two lists (all p<.05). Finally, the
association between the presentation lists and the language of
the co-presented face stimuli was counterbalanced between
participants as per a Latin squares design.

Procedure
The experiment consisted of a familiarization phase, a test
phase, and a language-association test. For the familiarization
phase, participants first read instructions in English saying
that they would be introduced to some people about whom
they would answer a few questions. They were then presented
with a face image (for three seconds) and then the same face
along with a corresponding self-introductory text (for ten
seconds); order of presentation was randomized between
participants. After all eight individuals had been presented
once, there was a short assessment in which each face was
shown along with a yes-or-no question (in English) about the
person, based on the biographical information from the texts.
Participants were instructed to respond with either the left or
right key on a response pad (key assignment was
counterbalanced between participants). After each response,
the relevant face and biographical self-introduction were
presented again for four seconds. There were three such
cycles of questions, with different questions for each cycle.
For the test phase, participants indicated via button
response whether the presented word was an English or
Spanish word. Such a language-selection task has been found
to induce L2 activation even in lower-proficiency bilinguals
(Dijkstra et al., 2010; Casaponsa, Carreiras, & Duñabeitia,
2014), suggesting that it was appropriate for our purposes.
Critically, participants were also instructed to pay attention
to face images preceding the words, as they would have to
answer questions about them. Each trial consisted of a
fixation cross at the center of the screen (for 500
milliseconds), followed by either an English or Spanish face
(1000ms), and then by either an English or Spanish word
(presented until participant response, up to a 2500ms
maximum). Words were presented over a black background
in white lowercase letters in 20-point Arial font. Each
participant viewed 20 English words and 20 Spanish words
after English faces, and 20 English words and 20 Spanish
words after Spanish faces. There were also 24 catch trials in
which a word was followed by a yes-or-no question about the
previously-shown face, providing an incentive for

participants to recall the face stimuli during the critical
naming trials. A short practice session was included at the
beginning of the test phase, as well as a break after every 40
trials. Order of presentation was randomized, and key
assignments were counterbalanced between participants.
A language-association phase was included at the end of
the experiment to ensure that participants had truly associated
the faces with their corresponding language. Participants
were instructed to indicate via button response whether the
presented face was that of an English speaker or a Spanish
speaker. Each trial consisted of a fixation cross (500ms) and
then a face (presented until participant response, up to a
2500s maximum). All 32 face images (four for each of the
eight individuals) were shown during this phase. The order of
presentation was randomized, and the response key
assignments were counterbalanced between participants.

Results
One-sample t-tests on responses to the biographical
questions, catch trials, and language-association questions
confirmed that participants’ performance was significantly
above chance (all p<.001). Analyses of reaction times to the
word stimuli excluded erroneous responses and responses
more than 2.5 standard deviations from the mean (calculated
per participant per language). Table 1 below shows reaction
time means and standard deviations as well as error rates for
each condition.
Table 1: Reaction time means and standard deviations (in
milliseconds) and error rates for different trial types.
Trial type
English face, Eng. word
English face, Span. word
Spanish face, Span. word
Spanish face, Eng. word

Response Time
729ms (113)
725ms (129)
731ms (121)
772ms (154)

Error Rate
2.78%
3.61%
2.50%
0.83%

A mixed-design Analysis of Variance (ANOVA) by
participants was performed on average reaction times to word
stimuli, using word language and congruence with the cooccurring face as within-subject factors and presentation list
in the Latin squares design as a between-subject factor. No
significant effects were found for presentation list, F(1,
16)=0.68, p=.420; word language, F(1, 16)=2.17, p=.160; or
congruence, F(1, 16)=2.02, p=.175. A significant interaction
was found between language and congruence, F(1, 16)=6.98,
p=.018. Follow-up paired-items t-tests found that response
times were significantly faster for congruent vs. incongruent
words in English, t(17)=-2.56, p=.020, but not in Spanish
t(17)=0.39, p=.699.
For a by-item analysis, a mixed-design ANOVA was
performed on each word’s average response times across
congruent and incongruent conditions, with congruence as a
within-item factor and word language and presentation list as
between-item factors. No significant effects were found for
language, F(1, 76)=3.24, p=.076, or presentation list, F(1,
76)=0.13, p=.718. A significant main effect was found for
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congruence, F(1, 76)=4.03, p=.048, wherein congruent
words showed faster responses. A significant effect was also
found for the interaction of congruence and word language,
F(1, 76)=5.02, p=.028. Follow-up paired-samples t-tests
found significantly faster responses for congruent than for
incongruent words in English, t(39)=-2.52, p=.016, but not in
Spanish, t(39)=0.16, p=.876.1

Discussion
The results suggest that face stimuli did have some priming
effect on language, as measured by faster language-decision
response times to English words following Englishassociated faces than to English words following Spanishassociated faces. This would indicate that linguistic
processing is sensitive to non-linguistic contextual effects
from face stimuli, and that previously-reported face-priming
effects were not driven by viewers’ knowledge speakerspecific phonetic information (Molnar et al., 2015; Woumans
et al., 2015; Martin et al., 2016). In our study, however, face
primes only led to significant response time effects for words
in English (the L1) but not Spanish (the L2), despite similar
accuracies for both languages on measures of face/language
association (i.e., on the biographical questions, catch trials,
and explicit language-association questions). Although
sample size limitations would temper our confidence in the
robustness of this finding, a tentative exploration of the
possible reasons behind such an asymmetry is given below.
The fact that only native-language words were primed by
faces aligns with previous psycholinguistic studies indicating
that parallel activation is asymmetrically biased towards the
more dominant language (e.g., de Groot, 1995). For our
study, participants’ non-native proficiency in Spanish may
have reduced the accessibility of lexical items in that
language, making it more difficult for face primes to induce
a change in activation levels strong enough to manifest itself
as a significant response time differences. Note, however,
that such an account would conflict with findings that
priming is stronger when targets are less accessible in the first
place, e.g., due to low frequency (Yap, Tse, & Balota, 2009),
or degraded visual presentation (Thomas, Neely, &
O’Connor, 2010), a discrepancy worth further exploration.
A similar account for the lack of a face priming effect for
Spanish words might involve a proficiency-based asymmetry
in language-switching costs. Previous research has shown
that bilinguals perform worse in language-switching tasks
when switching from their weaker to their stronger language
than when switching in the reverse direction (Costa &
Santesteban, 2004). This is attributed to a greater magnitude
of inhibition for the L1, which is more highly activated by
default and thus requires stronger suppression to allow a
bilingual to use only the weaker L2. For the current study, it
is possible that seeing Spanish faces induced participants to
1
In exploring the possibility of a speed-accuracy tradeoff, a byparticipants mixed-design ANOVA on arcsine-transformed error
rates (compensating for the high number of participants with zero
errors) found no significant effects for language, F(1, 16)=1.77,

strongly inhibit their native English lexicon in preparation for
L2 Spanish, leading to slower response times in the
incongruent condition for English words. Meanwhile, seeing
a face associated with English would not lead to a strong
inhibition of Spanish, as this was a weaker language that
would not need to be suppressed as strongly.
An alternative explanation for the asymmetry in face
priming effects across languages might invoke the higher
level of cognitive effort required to process an L2. Processing
a non-native language has been shown to impose larger
demands on working memory (Kroll, Bobb, Misra, & Guo,
2002), suggesting one explanation for our results: that
proficiency differences between English and Spanish led to a
reduced ability to integrate information from visual stimuli in
the environment during online processing of Spanish due to
the higher cognitive demands involved. Meanwhile,
processing English words would not impose such cognitive
demands, allowing for priming from face stimuli to occur.
How could the different models of bilingual language
processing account for our results? Dijkstra and van
Heuven’s Bilingual Interactive Activation+ model (2002)
would categorize the face stimuli as elements of nonlinguistic context that affect a broader task schema system
above the level of word identification. As such, the
bilingual’s task schema system would lower the decision
threshold for word selection for the face-congruent language
while raising the threshold for the face-incongruent language.
However, if contextual factors had no direct effect on the
activation level of individual lexical items within a language
but instead only affected a more general, language-neutral
process of task control, then both English and Spanish words
should have shown a clear congruency effect. One possible
explanation may lie in some limitation on identifying and
utilizing relevant contextual information presented on a short
time scale during processing of the more cognitivelydemanding L2; after all, our experiment presented the face
stimuli only for 1000ms immediately before the target words.
This contrasts with studies which either introduced relevant
contextual manipulations well before the task (e.g., ElstonGüttler et al., 2005); co-presented faces and test words (e.g.,
Molnar et al., 2015; Woumans et al., 2015; Martin et al.,
2016); or maintained a single manipulation throughout the
task (e.g., Dijkstra, Van Jaarsveld, & Ten Brinke, 1998).
Under the Adaptive Control model (Green & Abutalebi,
2013), language-relevant face information would be picked
up by a cognitive process of “salient cue detection,” which
would trigger processes of “task disengagement” (of the
incongruent language) and “task engagement” (of the
congruent language). This would alter the parameters in a
neural network to facilitate access to the target language. For
the current study, the reason that only English words were
sensitive to this effect may lie in some difference in the neural
network’s representations of more vs. less dominant
p=.187, congruence, F(1, 16)=0.15, p=.698, or their interaction, F(1,
16)=3.04, p=.086. However, we note the possibility of a floor effect
given the low error rates overall (35 errors in 1,440 trials).
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languages, making more highly-accessible nodes in the
network more susceptible to task disengagement. Alternately,
it is possible that the more cognitively-demanding nature of
the L2 led to difficulties in implementing salient cue
detection for identity-specific information from faces.
Under the BIMOLA model, knowledge about the person
shown in the face prime would provide “global language
information,” which, under Léwy and Grosjean’s (2008)
definition, captures the base language of the interlocutor.
This would pre-activate lexical items within the subsystem
for the target language, facilitating their recognition in a
language decision task. To account for the language
asymmetries in this study’s findings, the BIMOLA approach
might posit that participants had not yet formed a full,
separate subnetwork for their L2 Spanish. Rather, their
Spanish lexicon would be based on unstable, underdeveloped
networks, resulting in weaker cross-activation within and
between different levels of language. This would lower the
capacity that global language information tied to the face
stimuli would have for directly pre-activating Spanish lexical
items. Meanwhile, comprehension of words in (native)
English would be based on a robust network that would allow
for full top-down effects from global language information.
The BLINCS model involves increases in the resting
activation of semantic representations for items that the
visual-input module indicates are currently visible (Shook &
Marian, 2013). For our study, the face stimuli might be
assumed to activate certain nodes corresponding to the
language congruent to the person; this activation would feed
into other nodes for that language at the ortho-lexical and
phono-lexical levels, facilitating the selection of lexical items
appropriate to the linguistic identity of the person being seen.
Meanwhile, activation would be shifted away from the
incongruent language, leading to potential inhibition effects.
The observed language asymmetry in priming effects may be
attributed to a less developed network for Spanish in our
participants, who may not have had enough experience with
their L2 to have built up robust connections between certain
kinds of visual information and Spanish-specific nodes.
However, the BLINCS model to date only links visual input
to the phonological and semantic levels, offering no obvious
mechanism for how non-linguistic visual information could
trigger activation specifically for words in one language.
Future studies along this line of inquiry could further
explore the link between face perception and bilingual
language activation by systematically testing learners with
differing levels of L2 proficiency. Other studies might
manipulate the strength of the priming effect, e.g., by
changing the amount of time during which participants form
face-language associations or by altering stimulus
presentation so as to make it more/less similar to the kind of
language that often co-occurs with faces (for instance, by
using auditorily rather than visually presented words).
Another approach might disentangle proficiency from
behavioral ecology of language use, i.e., the community
context in which a multilingual speaker uses their different
languages (Green, 2011). For the participants in this study,

this would refer to the fact that they lived in an Englishspeaking area and used English as their primary means of
communication at the time of data collection, meaning that
they would have few opportunities to establish interlocutorlanguage associations for Spanish words than proficiencymatched speakers in a dual language environment who would
frequently have to switch between their two languages. This
difference in experience linking faces to their corresponding
languages may in turn affect sensitivity to face primes over
and above any effects from sheer proficiency. Other studies
could also test whether a face can prime for particular words
associated with that person (rather than just at a “global,”
language-wide level), and for lower-level features in
phonology and orthography. Neuroimaging techniques could
be applied to evaluate face-priming effects more directly,
thus avoiding the drawbacks of behavioral methodologies
(e.g., reactivity). Additionally, studies on prosopagnosic (i.e.,
‘face-blind’) bilinguals may evaluate whether face-priming
can occur at a subconscious level. Further experiments might
also test for correlations between the magnitude of facepriming effects and general measures of cognitive ability
such as working memory. With the growing proportion of
bilinguals in the world, it would only become more important
to understand how their ability to manage two distinct
languages can be affected by the environment around them.
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Abstract
MILA-S is an interactive open learning environment for scientific modeling (Joyner, Goel, & Papin, 2014). It enables
students to build conceptual models of ecological phenomena, evaluate them through simulation, and revise the models
as needed. MILA-S automatically spawns simulations from
the conceptual models, making modeling easier for the student. Earlier work had described the use of MILA-S in middle
school. In this paper, we report an experiment on the use of
MILA-S in two college-level classes. In one class, we found
that almost half of the students showed improved understanding of scientific modeling; in the other class, about two thirds
of the students showed enhanced understanding.
Keywords: education; ecology; learning; modeling; science

Introduction
Most artificial intelligence theories, techniques and tools for
aiding learning have focused on K12 education. However, AI
has an important role to play from pre-K to graduate school.
An important question is whether AI techniques that prove
useful in, say, middle school (K6-8), may also be useful at
the college level. On one hand, the background knowledge
and learning goals of college students are quite different from
those in middle school. On the other, many cognitive processes and some learning tasks transcend any given level of
education. Let us consider scientific modeling as an example. Although science standards vary widely, lessons in scientific modeling in many school systems begin in the upper elementary school (K4-5) and continue through graduate school.
Given that some cognitive processes of scientific modeling
likely remain the same from K4-5 through graduate school,
though for different kinds of problems and different levels
of detail, we may expect that the same set of AI theories and
techniques might be useful at the different grades, though perhaps with different types of scaffoldings. Yet, insofar as we
know, there has been little work on using the same AI tools to
support scientific modeling across the educational spectrum.
MILA-S is an interactive open learning environment for
scientific modeling (Joyner et al., 2014), including the full
cycle of model construction, evaluation, and revision. It enables students to build conceptual models of ecological phenomena, evaluate them through agent-based simulation, and

revise the models as needed. MILA-S’s innovation is that it
uses AI techniques to automatically spawn simulations from
the conceptual models, thus making modeling easier for the
student.
When we introduced MILA-S in ecology classes in middle school science, we observed significant gains in learning about the process of scientific modeling as well as in the
quality of the final models (Joyner et al., 2014). A key finding from the earlier experiments is that the ability to evaluate
conceptual models of ecological systems through simulation
leads to qualitatively different and apparently better models
(Goel & Joyner, 2015).
In this paper, we report a new set of experiments on the
use of MILA-S in two college-level classes. In one class on
AI, with a mixture of residential and online students as well
as graduate and undergraduate students, we found that almost
half of the students showed improved understanding of scientific modeling. In the other class on cognitive science with all
residential graduate students, about two thirds of the students
showed enhanced understanding. Although the MILA-S tutorial in both classes focused solely on ecology, in both we
found spontaneous transfer of the modeling process to other
domains.

Scientific Cognition
Cognitive theories of scientific discovery indicate that scientists conduct inquiries by observing a phenomenon, proposing a hypothesis for explaining the phenomenon, elaborating
the hypothesis into a predictive model, evaluating the model
by verifying its predictions, and then repeating the cycle of
model construction, evaluation and revision until they are satisfied with the model or they abandon it in favor of another
hypothesis e.g., (Clement, 2008; Nersessian, 2008). Cognitive theories of learning science suggest an authentic inquirybased approach to learning about scientific modeling, including cycles of model construction, evaluation, and revision
e.g., (Schwarz et al., 2009).
However, scientific models can be of various types, with
each type having its own unique affordances and constraints,
and fulfilling specific functional roles in scientific inquiry
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(Magnani, Nersessian, & Thagard, 1999). Conceptual models allow scientists to specify and share explanations of how
a system works through qualitative relationships among various entities in a representation language. Simulation models
capture relationships between the variables of a system such
that as the values of input variables are specified, the simulation model predicts the temporal evolution of the values of
other system variables.
AI tools for science education have used both conceptual models (e.g., (Novak, 2010)) and simulation models
e.g., (De Jong & Van Joolingen, 1998; Jackson, Krajcik,
& Soloway, 2000). However, past research typically has
used the two kinds of models independently from each other
(VanLehn, 2013): students use one set of tools for constructing, using, and revising conceptual models, and another tool
set for constructing and using simulation models. In contrast,
cognitive theories of scientific inquiry suggest a symbiotic relationship between conceptual and simulation modeling e.g.,
(Nersessian, 2008; Clement, 2008): scientists use conceptual
models to set up the simulation models, and they run simulation models to test and revise the conceptual models. This led
us to MILA-S.

MILA-S
MILA-S builds on a long line of exploratory learning environments including the Aquarium Construction Toolkit (ACT)
(Vattam et al., 2011) and the Ecological Modeling Toolkit
(EMT) (Joyner, Goel, Rugaber, Hmelo-Silver, & Jordan,
2011). ACT and EMT were shown to facilitate significant
improvement in student’s deep, expert-like understanding of
complex ecological systems. Both ACT and EMT, provided
one set of tools for conceptual modeling and another tool
set for simulation modeling, and used the NetLogo platform
for agent-based simulations (Wilensky & Resnick, 1999).
For conceptual modeling, ACT used Structure-BehaviorFunction models (Goel et al., 1996). In contrast, EMT used
Component-Mechanism-Phenomenon (or CMP) conceptual
models that are variants of Structure-Behavior-Function models adapted for modeling natural systems (Joyner et al., 2011).

likelihood to breed; abiotic components are defined only by
their quantity. Figure 1 illustrates a conceptual model constructed by a team of 7th grade life science students in an
earlier study. In this model, there are three components: Sunlight, Oxygen, and “Fishies”. The Sunlight and Oxygen are
abiotic components, and they have only Amount as a variable
which is designated on the node for the component. “Fishies”
is a biotic component, and thus has Population, Age, Birth
Rate, and Energy as variables; Population is designated on the
“Fishies” node itself, while the notations for the other three
variables extend downward from the main node.
MILA-S provides the user with a set of prototypes that describe causal relationships among the system variables. The
choice among the available prototypes is determined by the
variables on either end of the relation and the type or direction
of the relation. For example, a relation from the Population
of a biotic component to the Amount of an abiotic component, such as that from Fish Population to Oxygen Amount,
could be ‘consumes’, ‘produces’, or ‘becomes upon death,’
etc. Similar relationship prototypes are available for links between two biotic and two abiotic components. In the model
shown in Figure 1, the prototypes chosen are ‘consumes’ for
the relationship between Fish and Oxygen, and ‘produces’ for
the relationship between Sunlight and Oxygen. The direction
of the arrow between the two components indicates the direction of causal influence.
A Mechanism in CMP modeling is a chain of component
variables connected by causal relations. For example, Figure 1 illustrates a mechanism according to which the Amount
of Sunlight (an abiotic component) influences the Amount of
Oxygen (another abiotic component) and the Population of
Fish (a biotic component) also influences the Amount of Oxygen. A Phenomenon in CMP is an observation about the system of interest. For example, the phenomenon is a change in
the Amount of Oxygen in an aquatic ecosystem for which the
mechanism illustrated in Figure 1 provides an explanation.

Conceptual Models

Figure 2: Result of Netlogo Simulation of conceptual model
Figure 1: Example of conceptual model
MILA-S uses CMP models. Components in CMP modeling can be either biotic or abiotic. Each component has a set
of variables associated with it, four for biotic components,
and one for abiotic components. Biotic components are defined by their population quantity, lifespan, energy level, and

Agent-Based Simulations
Figure 2 illustrates the result of a NetLogo simulation
spawned from the conceptual model of Figure 1. Note that
all three components of the conceptual model are represented
in the simulation: the Fish are in red, Sunlight hits the water
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at the location of the brown dots, and the Oxygen produced
by that interaction appears as blue dots. As Figure 2 illustrates, NetLogo provides graphs and counters for illustrating
the temporal evolution of various variables of the simulation.
Before running a simulation, the user sets values of input variables to the simulation through the sliders and toggles on the
left side of the simulation window illustrated in Figure 2.
NetLogo simulations are typically designed with their own
dedicated programming language, which allows for enormous flexibility. However, this flexibility of designing simulations makes rapid evaluation and revision of models difficult. First, it requires at least a rudimentary background in
programming. Secondly, even if the simulation designer is
relatively experienced in NetLogo, it can still take significant
time to make non-trivial changes to the simulations: these
changes can involve writing all-new methods, creating new
variables, or defining new agents.
MILA-S provides a technique for controlling the cost of
generating NetLogo simulations: it automatically generates
the simulations from a users conceptual model. Note also
that the generation of the CMP conceptual model illustrated
in Figure 1 does not require any knowledge of programming.
Instead, MILA-S’s CMP language provides a visual syntax
for setting up the simulations.

Figure 3: Scheme of translation of CMP conceptual models
into NetLogo agent-based simulations

Translating Conceptual Models into Simulations
After constructing a CMP conceptual model, a student first
uses a template to set values of the input variables to the
simulation system, and then clicks a ‘Run Sim’ button for
simulation generation. MILA-S gathers together all the components for initialization along with their individual parameters. Next, MILA-S writes the functions based on the relations specified in the CMP model. A key part of this is a set of
assumptions that MILA-S makes about the nature of ecological systems. For example, MILA-S assumes that if a biotic
component consumes a certain other component, then it must
need that other component to survive. A model with ‘Fish’
that contains ‘consumes’ connections to both ‘Plankton’ and

‘Oxygen’ would infer that fish need both Plankton and Oxygen to survive. MILA-S also assumes that species will continue to reproduce to fulfill their carrying capacity rather than
hitting other arbitrary limitations. These assumptions do limit
the range of simulations that MILA-S can generate, but they
also facilitate higher-level rapid model revision. Figure 3 illustrates the general scheme for translating the semantics of
CMP conceptual models into the semantics of the Netlogo
agent-based simulations. Note that this also combines qualitative conceptual models with numerical simulations.
The simulations created by MILA-S are emergent simulations. The results of the simulation are dictated by the properties and variables of the CMP model interacting with one
another as well as the initial values of the variables set by
the user. Students can now experiment with their conceptual
models and the initial values of the variables rather than just
plugging the numbers into an equation until one gets the right
answer. Iteratively and incrementally exploring how the simulation results change through small revisions in the conceptual model allows users to develop a deeper understanding of
scientific modeling and discovery.

Results From Previous Studies
We have conducted several studies on using the MILA family of tools in middle school science. The most relevant to the
present discussion is a 2014 study at a middle school in Georgia in which 50 “gifted” students used MILA-S for inquirybased learning in the ecological domain. We discovered that
the students found the MILA-S tool easy to use, and that the
use of the tool helped improve their understanding of the process of scientific inquiry and modeling (Joyner et al., 2014).
However, our most salient finding from the previous study in
middle school science was that students constructed qualitatively different conceptual models when they could test them
through simulation: instead of constructing mostly explanatory models, they constructed conceptual models that were
both explanatory and predictive (Goel & Joyner, 2015).
However, when we introduced MILA-S in a unit on ecology in a college-level introductory biology course for nonmajors we found little gain in learning or understanding . This
could have been because of the very limited duration of the intervention in the college-level class on introductory biology:
while the intervention in middle school unfolded over several
days, the college students had only a single class period of 50
minutes to take a pre-test, learn about MILA-S from a brief
tutorial, use MILA-S to address a new problem, and address
a post-test. In subsequent studies described below, we made
the intervention more open-ended, allowing the students to
work with MILA-S outside the class, and also provided the
students incentives for completing the study. In addition, we
tweaked the questionnaire as well as the MILA-S tool itself,
making ecological modeling more authentic as described in
(Goel, Joyner, & Hartman, 2016).
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Tasks a and b above were included to help students become familiar with the MILA-S tool, as well as understand
the parameters such as birth rate that affect ecological systems. From an analytical perspective, the first two models
provided data for qualitative analysis of differences in student behaviors. The third task was aimed at understanding
the degree of familiarity students developed with the abilities of MILA-S, and the scope of transfer and innovation in
model building. Overall, the study was kept a little open,
without too many constraints on student interactions with
the tool. While instructors were not present during student
work, students always had the option of reaching out and
asking questions, and we saw that many students did utilize
this to inquire about the tool, development of conceptual
models and understanding of the simulation results.

Table 1: Participant Distribution
Level of Study
Undergraduate
Masters Oncampus
Masters Online
Doctoral

# Students CogSci
0
10
0
13

# Students KBAI
25
15
103
3

Experiment Design
We have now conducted two new studies in using MILA-S
for inquiry-based scientific modeling.

Human Subjects
The first study in Fall 2016 engaged students from a class on
Knowledge-Based AI (KBAI). Different sections of the class
contained residential and online students, as well as undergraduate and graduate students. The second study involved
graduate students in a residential class on Cognitive Science
(CogSci). Table 1 indicates the distribution of students in the
two classes. Of the 146 KBAI students, 142 students had
STEM background, while 4 did not. Most of the students
with STEM background were computer science students. Of
the 23 CogSci students, 21 students had STEM background
while 2 did not; most of the students with STEM background
again were computer science students. In the KBAI class, the
MILA-S study was offered for extra credit. In CogSci class
the study was presented as a small project that all students had
to complete. Participants from the CogSci class were additionally asked to form small groups, discuss their experiences
with MILA-S, and submit a report on the same.

Materials
There were three components of the both studies:
1. Tutorial: single page tutorial of MILA was provided to students which also contained video links of different ecological phenomena e.g. starfish dying along western coast.
A five minute video demonstrating use of MILA was also
shared.
2. Questionnaires: The students were asked to answer three
questionnaires as part of the study.
(a) Initial Survey
(b) Pre-Test:- comprised of a total of 10 MCQs.
(c) Post-Test:- consisted of the same questions as prequestionnaire (and additional feedback questions).
3. MILA-S: The students were given access to MILA-S after they had completed the initial survey and the prequestionnaire. Once the participant got access to MILA,
they were asked to complete three tasks:
(a) Build a sheep-grass model
(b) Build a wolf-sheep-grass model
(c) Model(s) of their choice.

Question Categories
The initial survey focused on gathering demographic information such as study level, self reported curiosity scores,
STEM experience. All questions were multiple choice questions.
The 10 MCQs on the pre- and post-tests asked questions in
three broad categories:
1. Basic concepts and processes of scientific modeling.
2. Understanding of conceptual and simulation models of
complex systems in general as well as ecological systems
in particular.
3. Understanding of ecological systems, for example, how
ecological systems respond to different changes. In particular, students were asked about effects of different parameters such as birth rate, initial energy and lifespan on
the simulation.

Results
We assume that learning occurs if a student correctly answers
more questions on the post-test as compared to the pre-test.
Table 2 summarizes the main results, where the pre- and posttest scores are on a scale of 1-10. We note that 45% of the
KBAI class participants and 65% of the participants from the
CogSci had improved post test scores. The higher number
in the CogSci class might be because of the larger incentive
given to the students.
Moving away from a binary interpretation of learning, Table 3 gives details about the pre- and post-test scores in KBAI
and CogSci classes. While more CogSci students showed
learning gains compared to the KBAI students, the KBAI
class on average showed slightly larger learning gains. We
observe that the learning results are statistically significant
(p-value was calculated by performing the paired t-test).
We also calculated the correlation between level of study
and learning, and STEM background and learning. Here, we
assigned numerical values to level of study e.g. undergraduate:1, masters:2, doctoral:3. For STEM Experience, we created bins based on whether a person had studied/worked in
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scores) in both classes was p less than 0.01.

Table 2: % Participants with improved post-test scores
#
Total Learning
Undergraduate
Masters
Doctoral
Participants
from
STEM field
Participants not from
STEM field

KBAI
66 / 146 ( 45.2%)
11/25 (14%)
54/118 (45.7%)
1/3 (33.33%)
64/142 (45%)

CogSci
15/23 ( 65.2%)
NA
7/10 (70%)
8/23 (61.53%)
1/2 (50%)

2/4 (50%)

14/21 (66.66%)

Table 3: Learning Statistics
Group
KBAI

#Users
146

CogSci

23

Pre Test
mean:6.82
Stdev:1.55
Mean:5.44
Stdev:1.81

Post Test
Mean:7.65
Stdev:1.77
Mean:5.81
Stdev:1.8

P-Value
0.0035
0.004

a STEM related field prior to taking the KBAI/CogSci class
as well as their self reported score on familiarity with STEM
concepts. We then calculated the Pearson coefficient of these
variables against difference in the pre- and post-test scores,
and observed that the values were small, less than 0.02. This
indicates that learning occurred independent of the Level of
Education, or STEM Experience.

Figure 4: Impact of Epidemics - KBAI

Student Models
Figures 4 and 5 illustrate two conceptual models built by the
students in the KBAI class. We note that these models are not
from ecology: students in our studies apparently were spontaneously able to transfer the CMP language for modeling
complex systems and the MILA-S methodology for scientific
modeling to other agent-based domains.
To assess the quality of models constructed by the students,
we calculated the model complexity scores for 27 randomly
selected participants from KBAI class and for 16 students
from CogSci class. Model complexity score was calculated
only for the model(s) that students themselves built. In case
of multiple models we selected the model with the highest
complexity score.
Complexity Score = cc + lc + uc
where, cc = number of components in the conceptual
model, lc = total number of links between components in the
conceptual model, and uc = undirected cycles in conceptual
model.
We observed that for the KBAI class, complexity scores
ranged between 3-13 with mean of 7 and standard deviation
of 3.46, and for the CogSci class, they ranged between 5-15
with mean of 7.56 and standard deviation of 5.67. This indicates that the complexity of models in the two classes was
about the same. The p-value (based on the paired t-test between the complexity score and the difference of post-pre test

Figure 5: Model of PhD Life - KBAI

Ease of Use
In this study, the students were given with a single page tutorial on MILA-S including basic terms such as ecological systems, conceptual modeling, simulation modeling, and agentbased simulation, along with a 5 minute video about how
to use MILA-S. In their feedback on MILA-S, students indicated that they were able to easily use MILA-S to model
ecosystems, and asked very few questions regarding how to
build conceptual or simulation models. This provides positive
feedback regarding MILA-S’s ease of use.

1290

Other Observations and Future Work
1. MILA-T (Joyner & Goel, 2015) uses intelligent tutors to
help middle school students learn about the process of scientific modeling as well as the content of models of ecological phenomena. However, the experiments in this paper
were limited to MILA-S.
2. In future work, we would like to extend the study by providing interventions based on a students progress on a particular task or assignment.
3. In future, we would like to conduct a controlled study in
order to focus on specific parameters of learning.

Conclusion
Our goal in this work was to study the use of MILA-S for
learning about model construction, evaluation, and revision
among college-level students in contrast to middle school students in earlier studies. Our hypothesis in this study was that
MILA-S would enable college students to learn about scientific inquiry and modeling much like it helped middle school
students. Preliminary results from two studies on the use of
MILA-S in two college-level classes provide evidence supporting this hypothesis. In the first study in an AI class consisting of 146 students, over 45% of the students showed improved understanding of scientific modeling. In the second
study in a class on cognitive science with 23 students, more
than 65% of the participating students showed improved understanding and indicated that the application helped them
learn about some of the intricacies of ecological modeling.
When coupled with similar results from earlier studies in
middle schools, these results suggest three conclusions. First,
learning about scientific inquiry and modeling is an important issue at all levels of education, from middle school to
graduate school. Second, MILA-S with its combination of
conceptual and simulation modeling can support the cycle of
model construction, evaluation and revision not only in ecology but in several agent-based domains. Third, use of MILAS enhances understanding about scientific modeling for more
than half of all graduate students.
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Abstract
How does the mind sustain lengthy, continuous performances?
Cognitive processes are continuous, dynamic and adaptive.
However, until recently, we didn’t have the methodological
tools to study these features. In this study, we use Detrended
Fluctuation Analysis (DFA) and a sliding window, to analyze
the change in the fractal structure of body movement during the
delivery of an academic lecture. We show that fractal structure
varies widely during performance but also reveals a strong
attraction towards 1/f noise. Our analysis also uncover a
general inverted U pattern in the fractal organization of the
performance: speakers exhibit relatively low exponents (i.e.,
less structure) at the beginning of their talk, that then increase
as they get into their performance, and then decrease again as
they finish their narration. This trajectory mirrors the familiar
idea of academic lectures as performances in which we set up
an argument, develop that argument, and conclude that
argument.
Keywords: 1/f noise; fractal exponents; video analysis;
communication; dynamic systems.

Introduction
Human cognition happens as a continuous stream from the
moment we wake up to the moment we go to sleep. Our
cognitive system goes from one activity to the next, engaging
series of functions at multiple timescales, intertwined in
interactions with the body and world, as a performance ever
unfolding over time. The continuous and embedded nature of
cognition makes it difficult to parse and isolate functions for
study, so experimentalists typically use trials containing brief
tasks separated by short breaks (Spivey, 2008). These
snapshots of performance afford experimental control, and
averaging over trials yields general patterns in how cognitive
systems perform these isolated tasks.
One of the many properties and principles to come out of
this rich tradition of experimental research is that cognitive
performances are exquisitely context-dependent (Van Orden,
Holden & Turvey, 2003; Kello, Brown, et al., 2010). Despite
these robust findings, the focused nature of experimental
research leads one to ask how these findings may apply in
natural continuous performances, beyond the laboratory and
often under more complex and less controlled contexts (cf.
Kingstone, Smilek, & Eastwood, 2008). The way in which
the cognitive system sustains its performance over time in
complex tasks is a fundamental question in our field. The way
the mind dynamically adapts to changing goals and
environments, the way it structures itself to perform tasks as

varied as solving the tower of Hanoi or cooking a delicious
meal—all have been on cognitive science’s “to-do list” from
the beginnings of the discipline (Simon, 1962, 1992). In this
paper, we present an analysis of the unfolding dynamics of a
complex cognitive activity. Indeed, it is one that readers of
this paper are probably quite familiar with: giving an
academic talk.
Talks are dynamic on many levels (Abrahams, 2016), but
in terms of physical activity, they involve systematic
variations in the amplitude and rate of speech, gestures, and
other movements that accompany the delivery of the message
(Alviar, Dale, & Galati, under revision). Talks are also
multimodal. They involve the use of verbal and non-verbal
elements (Abraham, 2016), as well as the use of technology
and objects in the environment for the creation and
transmission of meaning (Pozer-Ardenghi & Roth, 2010).
Talks involve covariation between modalities that suggests
the existence of system-like patterns in the way speakers
coordinate different signals during lecturing (Alviar et al.,
under revision). Lastly, the delivery of a speech when giving
a talk exhibits hierarchical temporal structure that differs
from the structure found in other communicative activities
like conversations. At the same time, the same type of nested
structure, seems to be common to the act of delivering a
monologue presentation, irrespective of its topic or language
(Kello et al., 2017).
There are a variety of methods that could be used to capture
nested structures in talks and other cognitive performances
(see Riley & Van Orden, 2005). Fractal methods stand out in
that they gauge nested structures explicitly in terms of
quantifiable fractal exponents. Fractals describe the
correlation and self-similarity of behavior at different spatial
or temporal scales. That is, they describe the relationship
between the patterns of variation observed at larger and
smaller scales of analysis (Van Orden et al., 2003). Indeed,
Van Orden and colleagues (2003, 2011) have argued that
fractal structure can reveal smooth coordinated behavior in a
system; in other words, when its many parts are working
together to sustain complex and time-extended behaviors.
Recent work has looked to the variation in fractal
exponents to further examine how they reflect cognitive
processes. Anastas, Stephen, and Dixon (2012) used fractal
exponents to study executive control and rule discovery in a
categorization task. The authors applied Detrended
Fluctuation Analysis (DFA) as they slid a window over time
series of measurements taken from the participants’ hand
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movements while sorting cards into groups. Participants that
had to infer the sorting rule exhibited a series of fractal
exponents that followed an inverted U pattern: The fractal
exponent increased as the participants explored candidates
for the sorting rule and decreased again as they constrained
their behavior to comply with the inferred sorting condition.
Similarly, in an earlier study of mathematical discovery,
Stephen, Dixon, and Isenhower (2009) found that the entropy
(i.e., disorder) on hand movement variation increased right
before a new representation of a mathematical problem was
achieved. From these examples, it seems like changes in
scaling exponents are a common feature of cognitive
performance and foretell qualitative changes in the
organization of the cognitive system.
The studies by Stephen and colleagues demonstrate how
time series of fractal exponents can shed light on the
dynamics of cognitive processes over timescales on the order
of minutes. To date, most studies of fractal structure in
behavior and cognition have analyzed relatively short
performances coming from experimentally collected data.
In the present study, we use time series of fractal
exponents to examine the dynamics of a longer, more natural
cognitive performance: academic lectures. Curiously, this
complex behavior is a widely documented one, often
recorded under relatively stable camera positions and
reasonable audio-video quality. It is also easily accessible,
with many available online, including our own seminar series
from University of California, Merced. By using
automatically extracted body-motion time series, we can
obtain precisely the type of time series that allow the study of
fractal dynamics. Our goal was to examine whether there are
common patterns of change in fractal exponents over the
course of a continuous cognitive performance, akin to the Ushaped pattern found by Anastas et al. (2012). In other words,
an academic talk may show this kind of shift towards more
fractal organization as speakers transition into their
performance. Then, as a talk wraps up, that structure may
dissipate as a speaker completes the complex performance. If
so, then fractal dynamics can usefully describe cognitive
processes that are organized to sustain longer and complex
natural performances over time.

communication (Paxton & Dale, 2013), we used a similar
measure here. As detailed below, we used an automatic opticflow analysis over videos of academic talks to obtain the
body movement of these speakers. There are 30 talks in the
dataset (22 men), with an average duration of 56.45 minutes
(SD = 10.21 min). The video recordings of the talks do not
include the Q&A portion of the seminar. The selected talks
were of sufficient video and audio quality to be suitable for
automated analysis (for detailed information on inclusion
criteria, see Alviar et al., under revision). The analyzed
videos are publicly available in Vimeo1 and YouTube2.

Procedures
Body Movement Data We downloaded the videos from
YouTube and Vimeo in the best possible quality using the
iSkySoft Video Downloader (i.e., 1080p for YouTube
videos, and 360p for Vimeo videos), and then converted them
to AVI format using the Any Video Converter. The Optical
Flow Analyzer (Barbosa et al., 2008) was then used to obtain
the mean pixel change between frames of the video for an
area of interest demarcating the speaker’s position in the
video during most of the lecture (see Figure 1). The speaker’s
area of interest was set up to included as much of the space
in which the speaker was present during the video recording
as possible, while also avoiding any overlap with the other
moving parts of the video (i.e., the slides). In most videos, at
least a part of the speaker was always present within the
speaker area. However, in some cases, the speaker did step
out of the defined area of interest. During these occasional
brief periods the movement data was lost.
The Flow Analyzer compares the current frame of the
video with the previous one, and tracks the direction and the
magnitude of the displacement of each pixel within the
defined area of interest. Then, it computes the sum of each of
the pixel vectors and returns a vector reflecting the overall
pixel change within the selected area. As the camera was kept
fixed in the same position during the entire recording, the

Method
Video Recordings
We reanalyzed data from a previous study (Alviar et al.,
under revision) that contains information on the variation of
different communication modalities during the course of an
academic lecture. The dataset contains repeated
measurements of 30 speakers who participated in the Mind,
Technology and Society seminar series at UC Merced.
Because prior work from Stephen and others has shown that
body motion can reveal interesting fractal structure in the lab,
and reflect relevant cognitive processes involved in
1
2

https://vimeo.com/user8418321
www.youtube.com/channel/UCRcuWjRqxZ2RHvEdZGAli
Ww/videos?shelf_id=0&view=0&sort=dd
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Figure 1: Screenshot of the Optical Flow Analyzer showing
the placement of the speaker’s area of interest (green square
at the bottom left).

pixel displacement in the area enclosing the speaker serves as
a measure of the speaker’s movement. A time series of the
amount of movement at each frame of the video (25 frames/s)
was obtained for each one of the 30 speakers. During
extraction of these data, we also validated this automated
measure with human observers (Alviar et al., under review),
showing that the algorithm identifies the presence or absence
of body movement in agreement with human judges with
about 93% accuracy.
Detrended Fluctuation Analysis (DFA) DFA (Peng et al.,
1995) is a fractal method that quantifies the statistical selfsimilarity of the variability of a signal across different time
scales. It allows detection of long-range correlations in a
signal, which indicate long memory processes of a system.
This is achieved by fitting polynomials of different orders
(usually first-order) to an integrated time series that has been
divided up into non-overlapping bins of different sizes
(increasing by powers of two). The relationship between bin
size and mean variability of the residuals for each bin size
determines the scaling exponent that describes the behavior
of the time series. Specifically, the slope of the line that better
fits the relation between logged variability and logged bin
size, is the Hurst exponent (i.e., the scaling exponent). Ihlen
(2012) and Kelty-Stephen et al. (2013) provide good tutorials
discussing the mathematical details behind this technique.
DFA is a highly sensitive analysis to the influence of
outliers in a time series. For this reason, before running DFA
on each signal, we logged transformed each time series to
obtain normally distributed measurements, and to also
diminish the influence of the outliers on the analysis. To track
the change of the fractal exponent over time, we slid a
window across the time series and performed DFA in
segments of 2048 data points (81.92 s) at a time. We were
interested in having a time series of 512 Hurst exponents after
the windowed analysis. This, combined with the differences
in the length for each of the selected talks, resulted in variable
step sizes for each speaker. The resulting step sizes ranged
from 93 to 232 data points (M=159.43; SD=29.76). This
created variable overlap between windows as well, with a

maximum overlap of 95.45% and a minimum of 88.67%
(M=92.21%; SD=1.4%). A variable overlap was preferred
over a variable length in the resulting time series, as this made
it easier to align and compare relative times during talks, such
being a quarter way, halfway, and three-quarters through a
talk.
The window size, and the scales of interest were chosen
following Ihlen’s (2012) recommendations to get a stable
estimate of the Hurst exponents. We had non-overlapping
scales of analysis that increased in powers of two, and we
used first order polynomial detrending. We performed the
DFA analysis using MATLAB, and the time series of fractal
exponents was saved for each speaker. Two speakers were
removed from further analysis because of missing values on
their resulting time series of Hurst exponents.
Surrogate Time Series We created a surrogate version of
each time series by shuffling the order of their data points.
The surrogates act as a baseline condition in which the
temporal dependency of the observed time series is removed.
This acts as a control condition that allows us to show that
the structure unveiled by the analysis emerges from the
temporal dependency of the data and not from possible
confounding variables (Ihlen & Vereijken, 2010). We ran the
DFA analysis on the surrogate time series using the same
parameters that were described before.

Data Analysis
All the analysis on this paper were done over the resulting
time series of Hurst exponents for both the observed data set
and the shuffled one. We first collected descriptive measures
of the variation of Hurst exponents for both datasets. Then, to
find general trends in the variation of the scaling exponent
across speakers, we scaled the individual time series and
modeled their patterns of change by fitting polynomials up to
the fifth order to each one of them. We treated the resulting
beta coefficients as descriptive measures of the individual
trends of variation. We aggregated these coefficients and
performed one sample t-tests to see if the mean beta
coefficients were significantly different from 0 and, therefore

Figure 2: Example of an observed and surrogate time series for one speaker (left) and histograms showing the distributions of
fractal exponents for the shuffled and the observed datasets. The surrogates are presented in lighter gray.
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indicated common trends across speakers. In this way, for
example, if most speakers exhibit a linear increase on their
scaling exponents over time, the positive betas describing the
increasing slope of the linear trend, will add up to a value
significantly greater than zero.

Results
Figure 2 presents an example of a time series of Hurst
exponents for one speaker and its surrogate (on the left), and
the histograms summarizing the distribution of Hurst
exponents across speakers for the observed and the surrogate
dataset (on the right). Two significant things can be observed
here: First, there is quite a lot of variation in the scaling
exponents that better describe the scaling relations in
performance over time. The Hurst exponents for the observed
dataset vary widely, fluctuating in a range from 0.71 to 1.36
(SD=0.091). They also vary more than the Hurst exponents
describing the scaling relations in the shuffled time series.
The fractal exponents of the surrogate dataset fluctuate in a
range from 0.37 to 0.65 (SD=0.038). Second, the scaling
exponents are radically different for the observed and the
shuffled time series. Fluctuation in the scaling relationships
for the observed cognitive performance are centered around
a mean Hurst exponent of 1.042. This indicates a variation of
performance distributed strongly around the scaling
exponents that indicate the existence of 1/f noise (i.e., H~1).
By their part, fluctuations in scaling exponents for the
shuffled dataset are centered around a mean Hurst exponent
of 0.496. In this case, variation is distributed strongly around
scaling exponents that indicate the existence of uncorrelation,
or what is the same, white noise scaling relationships (i.e.,
H~0.5).
As mentioned in the Data Analysis section, we performed
growth curve analysis and one sample t-tests to identify

regularities in the fluctuation patterns of the fractal exponents
across speakers. These analyses revealed that only a negative
quadratic trend systematically described the variation
patterns across speakers, producing a mean beta coefficient
that was significantly different from zero (Mean ß = -2.42, t
= -3.36, p = .002). This suggests that the fractal exponents
increase towards the middle of the performance and then
decrease again as the talk comes to an end. The average
variation across speakers illustrating this trend is depicted in
Figure 3 (left). The quadratic polynomial is super imposed
for reference.
The application of growth curve analysis and one sample ttests to the surrogate dataset failed to show significance of
any of the polynomial trends. The right panel of Figure 3,
shows the average variation across the surrogate time series.
The lack of patterns in the surrogate data, suggests that the
quadratic trend in the observed data is a function of changes
in the fractal scaling of the cognitive system during the
delivery of a lecture, as opposed to other mathematical or
methodological artifacts.

Discussion and Conclusions
In this study, we aimed to explore the dynamic nature of a
long, continuous cognitive performance by analyzing
variation in the fractal structure of movement during
academic lectures. The fractal analysis revealed scaling
exponents that indicated a strong attraction of the performing
cognitive system towards 1/f noise. The distribution of
exponents found here replicates the distribution found by
Kello et al. (2008) in the analysis of the intrinsic fluctuations
of speech energy when a given word is spoken repeatedly for
an extended period of time. The distribution of exponents

Figure 3: Overall patters of variation of the fractal exponents over time for both the observed (left) and the surrogate data set
(right). The quadratic polynomials are superimposed for reference. The light gray shading shows the SE of the mean.
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around 1/f noise also aligns with previous studies of cognitive
measures like reaction times (Van Orden et al., 2003),
conversational speech interactions (Abney, Kello, &
Warlaumont, 2015), card sorting (Anastas et al., 2012),
aiming (Wijnants et al., 2009), and even self-esteem
measures (Delignières, Fortes, & Ninot, 2004). This
attraction towards pink noise has been argued to be
characteristic of self-organized, soft-assembled, interactiondominant systems, whose behavior emerges from the
interaction of simple units (Van Orden et al., 2003). It is
thought to indicate states of self-organized criticality that
favor both stability and adaptation and facilitate information
transmission across the system (Van Orden, et al., 2011).
Within this framework, it makes sense for the trajectory of
fractal exponents of the performing cognitive systems
analyzed here, to constantly hover around 1/f noise. This
attraction towards pink noise, would allow the cognitive
system enough stability to sustain performance, and enough
flexibility to restructure and adapt to the changing demands
of that performance over time.
In fact, although the resulting scaling exponents are
centered around pink noise, they do vary quite widely across
performance. This variation in scaling exponents is in line
with findings coming from the literature exploring the
multifractality of cognition (Ihlen & Vereijken, 2010). From
this point of view, the multiplicity of fractal exponents
necessary to describe a behavioral signal would reflect
transitions of the system to new structures. The spectrum of
exponents would vary widely to reflect scaling structures at
both moments in which the system opens up to explore new
patterns of organization, and in which it settles back down
into new structural configurations that better adapt to the
ever-changing demands of the environment (Stephen et al.,
2009). In future investigations of these results, it would be
interesting to go back to the specific of the presentations and
explore if rapid changes in fractal exponents tend to happen
in synchrony with changes in the environmental or task
constrains. For example, it would be interesting to see if dips
in the fractal exponent, like the one we see around the 50th
time window (~5.3 minutes), correspond to dramatic changes
in the topic, or the end of the most rehearsed part of the talk
and the introduction of more complex or less established
information for which the cognitive system needs to create
new structures.
The analysis of variation across speakers revealed an
inverted U-shaped pattern for the trajectory of fractal
exponents over time. This pattern of Hurst exponents
indicates that the system goes from a state of more
randomness and less memory in its behavior, to a state of
more rigidity and determination in which the small variations
in behavior carry and reflect the history of the system more
strongly at each time step. This suggests, at a dynamic level,
the emergence of structures that constrain the behavior of the
individual components of the system making the behavior of
the system less variable and less flexible over time (Kloos &
Van Orden, 2010). Towards the end of the performance, the
system, finally returns to a less rigid, more adaptable state as

the structures dissipate when finishing the task. In more
simple words, speakers go from relatively less structured
dynamics at the beginning of their talks, to more structured
dynamics during the middle, and then back to less structured
dynamics as their talks come to an end. This trend stands out
in a nice parallel to the common organization of a talk: as we
begin, we present our problem and set up for our
performance, then, we get into a “groove” as we present our
main argument, and then, we wrap up and finish by
concluding with the last details of our narration. The
cognitive performance of giving a lecture follows this same
general trend of organization: setting up structure,
maintaining structure, and coming out of structure. This
pattern also mirrors the inverted U progression of scaling
exponents found by Anastas et al. (2012) in their study of
executive function, as well as the one found by Stephen et al.
(2009) in their study of mathematical discovery. There are
many substantial differences between the performances of
card sorting versus giving a talk, most notably their lengths
and degrees of heterogeneity, but all performances can be
said to have a beginning, middle, and end. It makes sense that
beginnings and endings may be symmetric like bookends,
with the middle being different.
It is important to mention an unfortunate limitation of our
study that is necessary to have in mind when interpreting the
results presented here. Unintentionally, our sample includes
a much higher number of men than women. This is probably
a reflection of larger trends in science and academia (Ceci,
Williams, & Thompson, 2011), and makes the results and
analysis limited in their potential to be generalized to
women’s presentation styles. It is an open and interesting
question if a more balanced sample would yield different
conclusions. Future work should correct for the unintentional
bias in our dataset.
As next steps from the present work, it would be interesting
to test if this pattern shows up when measuring fractal change
in the other modalities involved in communication. Would
our speech be structured in a similar way than our body
movement is? Would the informational flow during a talk as
measured by the complexity of the language being used
follow a similar trend? Also, as mentioned before, exploring
specific aspects of the environment or the task during rapid
changes of fractal scaling at the individual level, might be
interesting to discover the types of changes that trigger
reorganizations of the cognitive system during performance.
As a third avenue for future exploration, obtaining
information about the expertise of the presenter and
collecting performance measures (e.g., learning outcomes of
the audience, or overall interest or enjoyment of the
presentation) and relating them to patterns of fractal
variability might shed light on the organizational patterns that
are behind successful presentations. Answering all of these
questions might give us additional insights in the mechanisms
that make sustained multimodal cognition possible.

1296

Conclusions
In this paper, we show how fractal methods and dynamical
systems accounts of the mind can be of service to study
interesting questions about the continuity and organization of
cognitive performance. We show that fluctuations of fractal
scaling during continuous performance in a communicative
task, although highly variable exhibit a heavy attraction
towards 1/f noise. We also find that sustained performance
during a talk shows a trajectory of fractal scaling that follows
the traditional idea of a presentation as having a beginning or
an introduction, a middle or main argument, and end or
conclusion.
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Abstract
Certain concepts, words, and images are intuitively more similar than others (dog vs. cat, dog vs. spoon), though quantifying such similarity is notoriously difficult. Indeed, this kind
of computation is likely a critical part of learning the category
boundaries for words within a given language. Here, we use
a set of 27 items (e.g. ‘dog’) that are highly common in infants’ input, and use both image- and word-based algorithms
to independently compute similarity among them. We find
three key results. First, the pairwise item similarities derived
within image-space and word-space are correlated, suggesting preserved structure among these extremely different representational formats. Second, the closest ‘neighbors’ for each
item, within each space, showed significant overlap (e.g. both
found ‘egg’ as a neighbor of ‘apple’). Third, items with the
most overlapping neighbors are later-learned by infants and
toddlers. We conclude that this approach, which does not rely
on human ratings of similarity, may nevertheless reflect stable
within-class structure across these two spaces. We speculate
that such invariance might aid lexical acquisition, by serving
as an informative marker of category boundaries.
Keywords: vector space models; semantic similarity; word
learning

Introduction
Infants are presented with a challenge to carve the world
into distinct lexical entities in the process of learning their
first language. They’re provided with little supervision while
mapping a territory that William James (1890) famously
dubbed a “great blooming, buzzing confusion”. How they determine which aspects of the world to attend to in service of
this goal is an area of ongoing research and debate (Mareschal
& Quinn, 2001). Relatedly, features of objects and their environments are varyingly informative with regards to object
segmentation and category structure. Some researchers have
suggested that categorization is along fundamentally perceptual grounds and that only later in development is conceptual
knowledge incorporated into these nascent perceptual categories (Quinn & Eimas, 1997, 2000; Quinn et al., 2000).
Others suggest that there are in fact two distinct processes
at work, such that perceptual categories are computed automatically by the sensory systems, while conceptual categories are independently formed through conscious action
(Mandler, 2000). Träuble and Pauen (2007) provide evidence
of functional information (regarding the animacy of objects)
influencing early category judgements. Gelman and Markman (1986) explicitly set these two sources of category cues
against each other (i.e. functional vs. perceptual), and find
that preschoolers can override perceptual overlap in reasoning about functional similarity in natural kinds.
The degree to which conceptual and perceptual information are separable in early learning and in adult experts is an

important open question. Any model which hopes to explain
the mechanics of human categorization must address how
potentially disparate information-sources interface in mental
representations, and to what degree they interact. Indeed, evidence from human learners suggests they integrate perceptual
and linguistic information during categorization and learning
(Colunga & Smith, 2005; Sloutsky, 2003; Sloutsky, Lo, &
Fisher, 2001). Here we take on a deliberately different approach. We separate computations over images and words,
and then compare the overlap in the similarity among items
that these systems deduce. Using a set of highly familiar
and common words and concepts from a large infant corpus,
we compare the output of an image-based similarity analysis and a word co-occurrence similarity analysis for these
same items. We use algorithms that learn feature representations without hand engineering, purely as a byproduct of their
separate training objectives (i.e. natural language processing
vs. object recognition). Comparing the representations these
algorithms learn provides a window into the structure of visual and semantic forms.
The terminology in this area of research can be challenging. Delineating the differences between words, concepts,
and categories in the abstract, and the processes which underlie identifying, understanding, or comparing particular instances of them is not trivial. For present purposes, we stick to
concrete, ‘basic level’ nouns that are early-acquired, since our
underlying question concerns how such words are learned.
We assume that nouns refer to concepts, which have categorical boundaries (such that cats are not in the ‘dog’ category), while acknowledging that multiple nouns can refer to
a given concept, and different concepts can be called to mind
by a given word. We further assume that specific instances of
words and specific referents of the concept a word picks out
are both used to learn the word’s meaning and the concept’s
category boundaries. We use the term ‘item’ to refer to the
words/concepts we examine.
Intuitively, word similarity and image similarity are likely
to overlap to some degree, since they describe the same
underlying entity. Here we explore whether the similarity
spaces generated by two disparate algorithms give rise to similar similarities among high-frequency items. If they do, it
supports the notion of an underlying invariance across representational formats that is capturable by these models. We
further examine whether the same “neighboring” items are
picked out within these two spaces. One might imagine that
the properties that render images similar and words similar
are different enough that the overlap will be minimal; in con-
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trast, high overlap would again suggest a true invariance being captured by both word- and image-tokens. Finally, we
examine whether having more neighbors within word- and
image-space influences early learning. Given that similarity makes word-learning and category-learning more difficult
(Rosch & Lloyd, 1978; Stager & Werker, 1997), we hypothesize that items with more neighbors will be later-learned
(i.e. known by fewer children of a given age.)

Methods
Items
We analyze 27 high-frequency items from infants’ early visual and linguistic input, aggregated as part of SEEDLingS, a
project including longitudinal audio and video data of infants’
home environments from 6-17 months (Bergelson, 2016a,
2016b). We briefly describe this larger study to relay how
these 27 items were chosen. In the larger study, 44 infants
were tested every other month (from 6-18 months) on common nouns, using a looking-while-listening eyetracking design in which two images are shown on a screen and one
is named. The words for these experiments were chosen by
dint of being high frequency or well known across infants in
other samples, e.g. the Brent Corpus and WordBank (Brent
& Siskind, 2001; Frank, Braginsky, Yurovsky, & Marchman,
2017), or by being in the top 10 concrete nouns heard in each
infant’s own home recordings in the preceding two months.
The images displayed when these words were tested were
chosen from a library of prototypical images (e.g. dog) and
images of infants’ own items, as seen in their home videos
(e.g. a given infant’s cat, specific bottle, etc.). To enter the
current analysis, images had to occur >9 times in this image library of high frequency concrete nouns derived from
264 eyetracking sessions (image counts: M=18.85(10.89)).
These words were heard extremely often over the 528 daylong audio-recordings and 528 hour-long video recordings of
these 44 infants (M=2034.85(1540.22)). Thus, the words and
images used here provide an ecologically-valid item-set for
present modeling purposes.
The images of the 27 items used to derive average category
image-vectors were all 960x960 pixel photos of a single object on a gray background. Items correspond to words found
on WordBank (Frank et al., 2017), a compilation MacArthurBates Communicative Development Inventories, used as a
proxy for age of acquisition below (Dale & Fenson, 1996).

Vector Representations
We generate two sets of vector representations for these earlylearned items. The first set is taken from a pretrained GloVe
representations (Pennington, Socher, & Manning, 2014), a
modern distributional semantic vector space model. The
second is taken from the final layer activations of a pretrained image recognition model, Google’s Inception V3
CNN (Szegedy, Vanhoucke, Ioffe, Shlens, & Wojna, 2016).
Both of these representations are generally referred to as “embeddings”. They map objects from one medium (e.g. images

or words) into a metric space where distances between points
can be computed and function as similarity measures. All
code used for generating these vectors and the subsequent
analysis can be found on Github.1
Word Vectors Our word vectors are based on GloVe’s
instantiation of the distributional hypothesis: co-occurring
words share similar meaning (Firth, 1957; Harris, 1954).
Thus, by capturing the covariance of tokens in large corpora,
we can capture aspects of semantic structure. We use the set
of vectors pretrained by the GloVe authors on the Common
Crawl corpus with 42 billion tokens, resulting in 300 dimensional vectors for 1.9 million unique words2 . Such vectors
have shown promise in modeling early semantic networks
(Amatuni & Bergelson, 2017). Thus, in word vector space
(hereafter word-space), each of our 27 items is represented as
a 300-dimensional vector, with each word assigned a unique
point in a common vector space.3
Image Vectors The image embeddings are taken from the
final layer of activations in a CNN, whose objective function tunes network parameters in service of object recognition, computing loss in reference to labeled training images.
These tuned parameters determine the value of our vectors,
transforming the input image signal as it passes through the
network. The final layer of this network encodes the most
abstract and integrated visual features, serving as the basis
for classification into 1000 different classes. The model was
trained on the ILSVRC-2012-CLS challenge dataset, which
defined the 1000 ImageNet category subset (Russakovsky et
al., 2015).
Unlike the word vectors we use, different images containing the same type of item will have varying vector representations after passing through the layers of a neural network.
This presents a problem in comparing the two forms of representation. Thus, we first define the most prototypical image
vector for any given category of object, which will generate
our 2048-dimensional representation for each of the 27 items,
in image vector space (hereafter image-space).
Given a set of images Sc containing objects belonging to
a single category c (e.g. cat, chair), we define our prototypical vector x̂c of Sc as the generalized median within a
representational space U. This is the vector with minimal
sum of distances between it and all the other members of
set Sc in U. If x and y are vectors in space U, products of
images in Sc being passed through a neural network, then
x̂c = arg minx2U Ây2U d(x, y). We define d(x, y) as the cosine
x·y
distance measure: d(x, y) = 1 kxkkyk
This is not a distance function in the strict sense, but un1 https://github.com/BergelsonLab/preserved_
structure
2 https://nlp.stanford.edu/projects/glove/
3 While this corpus is best-suited to our goal of modelling ’how
words behave’ writ large, we also conducted the analyses below with
vectors trained on the North American English CHILDES corpora
(MacWhinney, 2000), which is ⇠4000x smaller. We observe the
same qualitative patterns.
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Figure 1: Relative cosine distance between items in wordspace (x-axis) and image-space (y-axis), for each item pair.
Fitted line reflects linear fit with SE (R = 0.30, p < .001).
like Euclidean distance, is less susceptible to differences in
L2 norm influencing our measure of similarity. Thus in principle, cosine similarity corrects for frequency effects inherent
to the training data. To validate our image vectors, we benchmarked classification accuracy, finding that Inception V3 is
indeed learning useful representations of these highly childcentric images: the model’s top prediction was of the correct
item-class 26% of the time; in 63% of cases it was in the top
5. Even when incorrect, predictions tended to reflect idiosyncrasies in child-relevant items, e.g. the top guess for a cartoon
puppy was “teddy”.

Comparing spaces
Having computed our two sets of vectors (i.e. word-space and
image-space), we can compare pairwise distances between
items, both within a single space and across the two. When
comparing across the two spaces, a correlation in pairwise
distances implies that inter-object distances have been conserved. For example, if “dog” and “cat” are close together in
word space and mutually far apart from “chair” and “table”
in that same space, maintaining this relationship for all pairwise distances in the other vector space means that the global
inter-object structure is preserved across this mapping. This
is despite being in strikingly different spaces, both in terms
of dimensionality (words:300, images:2048) and by virtue of
using completely different algorithms and inputs to establish
the vector representations for items. So while their absolute
locations might have been transformed, this correlation (and
related computations) would be a measure of the degree of
invariance in their positioning relative to each other.

Results
To test whether image- and word-based similarity converged,
we conducted several analyses. First, we tested whether the
pairwise cosine distances for all items in word-space correlated with those same pairwise distances in image-space (see

Figure 1). We find a significant correlation among the 351
pairs of distances (R = 0.30, p < 1.5e 08)4 .
Next, we examined the degree to which our set of 27 words
shared overlapping ‘neighbors’ in the two vector spaces (see
Table 1). We defined neighbor by first determining the mean
similarity distance between each item and the 26 other items.
Any items whose distance to this target had a z-score of less
than -1 was considered a neighbor. Within word-space, items
had on average 4.26 neighbors (SD = 1.38 , R = 2 7).
Within image-space, items had 2.51 neighbors (SD = 1.6,
R = 1 6).
We next tested whether both spaces picked out overlapping
neighbors (e.g. whether the neighbor of ‘cat’ in image-space
overlapped with the neighbors of ‘cat’ in word-space. The
majority of items have at least 1 neighbor which is shared
across representational spaces. We quantified this through
overlap ratios: (# overlap)/(# neighbors). Overlap was significantly greater than 0 (M = 0.165, SD = 0.16, p < 0.001
by Wilcoxon test). This complements the correlational analysis, showing not only do the distances for any given pair tend
to have similar values in image- and word-space, but that the
most similar words/images (i.e. each item’s neighbors) were
also consistent across these spaces.

Connecting with Learnability
While some degree of convergence across image and word
spaces is expected given that these are two different manifestations of the same underlying concept/word/item, we next
queried whether this invariance related to learnability. We
hypothesized that words with more overlapping neighbors
would be harder for children to learn, since both the visual
and linguistic spaces they occur in are more ‘cluttered.’ To
test this, we looked at the relative rates of acquisition of these
items in WordBank (Frank et al., 2017), using the 6945 children’s data from English. Since we did not have clear predictions about specific ages, or of tradeoffs between comprehension and production, we used both. I.e., we used comprehension norms (from MCDI-Words and Gestures, averaging over
8-18 months) and production norms (from MCDI-Words and
Sentences, averaging over 16-30 months).
We found that the number of overlapping neighbors a
given word had was negatively correlated with the proportion of children who were reported to understand (R = 0.48,
p = 0.011) and produce the word (R = 0.46, p = 0.017); see
Figure 2. That is, words with more overlapping neighbors are
later-learned (i.e. known by fewer children) than words with
fewer overlapping neighbors. To test whether this was specific to overlap, we examined the number of image-only and
word-only neighbors (see Table 1)), but found no correlations
with word knowledge (all p > .05).
4 since distances are identical for cat-dog and dog-cat, and since
we omit an item’s distance to itself (0), there are (27*27-27)/2) pairs
of distances. For simplicity, we report Pearson’s R and plot linear
fit on Fig. 1; non-parametric correlations (e.g. Spearman’s r) reveal
the same pattern.
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Figure 2: Proportion of children in WordBank reported to understand (left, 8-18mo.average) or produce (right, 16-30mo.
average) the 27 items, as a function of number of overlapping
(image and word) neighbors. Lines indicates linear fit with
SE CIs (both R>-.45, p<.05).
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0.1 monkey, cow, giraffe, baby, puppy, elephant, fish, pig, duck, bear
0.43 monkey, frog, cow, puppy, fish, elephant, baby
0.2 water, bottle, egg, cow, cup

monkey

0.38 cow, frog, pig, giraffe, puppy, fish, elephant, cat

pig

0.13 monkey, puppy, fish, train, cow, duck, frog, dog

puppy
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truck
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0 pig, monkey, cow, bear, giraffe, dog, baby, cat
0 frog, ball, giraffe, egg, cup, fish, milk, bottle
0.25 truck, elephant, car, dog
0.5 train, car
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Analyses using randomly generated vectors of identical dimensionality showed no preserved structure across spaces, a
significantly smaller overlap ratio (M = 0.048, SD = 0.074,
p = 0.006 by Wilcoxon test), and critically, no correlations
with learning.

Table 1: Neighbors in image- and word-space. Overlapping
neighbors are in bold and red; italicised words are imageneighbors only, underlined words are word-neighbors only.
Overlap ratio reflects shared over total neighbors.

Discussion

The notion that we can make inferences about one aspect
of an object given another aspect is not surprising or controversial. Rather than considering multiple dimensions at once
as real learners must, here we show that even with the experiences parcelled out separately into visual and linguistic
spaces, ‘similarity’ is conserved to some degree. That said,
a limitation of the current work is that the image vectors are
trained on images in context; while in real life images occur
with informative context, extending this approach to decontextualized images using unsupervised algorithms would provide a cleaner demonstration of ‘purely’ visual similarity; we
save this for future work. Relatedly, while we used common
infant-oriented items, a wider item-space (less skewed to animals for instance) would fruitfully extend this research.
Through what metrics can a learning algorithm, or indeed a
human, establish gradations of likeness? Are these necessarily the same metrics which form the basis of category boundaries? These are fundamental questions in the field (Edelman,
1998; Hahn, Chater, & Richardson, 2003; Kemp, Bernstein,
& Tenenbaum, 2005; Shepard & Chipman, 1970; Tversky,
1977). While our current results are not sufficient to support
a specific mechanism, it suggests a special role for invariance, given that the unifying thread between our algorithms
and inputs are the common objects they represent. Underneath the diversity of visual statistics and token distributions

The results above revealed a notable correspondence between
representations learned by two different algorithms operating
over inputs in two fundamentally different encodings (i.e. visual and linguistic). We find that not only are the relative distances among these 27 common, early-learned items correlated across word- and image-space, but that even at the itemlevel, the closest words (i.e. neighbors) in both spaces overlap
as well. Moreover, words corresponding to items with more
neighbors were reportedly less well known by young children. Notably, the common ground between these representations is the real life concepts they both aim to model. This is
particularly noteworthy given the dimensionality of our feature spaces, and that these algorithms were placed under no
pressure to find homologous representations. That said, we
do not suggest that these algorithms learn representations the
way children do, though we note that CNN architectures were
originally inspired by primary visual cortex (Fukushima &
Miyake, 1982) and GloVe has recently been used to decode
semantic representations from brain activity (Pereira et al.,
2018). To be clear, none of the corpora used to train the
models here are meant to represent a given child’s input or
representations. They are meant to study structure inherent
in the learning data, namely the degree to which visual and
linguistic information is purely separable.
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lie stable entities in the world which give rise to regularity
across measurements at different vantage points (i.e. modalities), an idea dating back to Helmholtz (1878). Recent findings examining the mechanics of generalization in DNNs lend
modern information theoretic support to this notion (Achille
& Soatto, 2017; Shwartz-Ziv & Tishby, 2017). That said,
many things that ‘go together’ are not visually similar, but
rather have hierarchical, functional, or associative relations
(e.g. carrot/vegetable, skateboard/boat, carrot/bunny, respectively); we leave this to future work.
In principle, one would expect that words with greater invariance across different representational dimensions would
be learned earlier, since such representations are likely easier to make categorical inferences over. Indeed, while many
words lack visual correlates, e.g. grammatical markers or
unobservables (Gleitman, Cassidy, Nappa, Papafragou, &
Trueswell, 2005), words with less consistent visual features
are generally learned later (Bergelson & Swingley, 2013;
Dale & Fenson, 1996). This is in contrast to the more helpful scenario where, for example, visibly round objects occur
with ‘roll’; indeed such correlated perceptual and linguistic
cues aid the child learner (Yoshida & Smith, 2005).
Our WordBank-based analysis speaks to this, highlighting that for these concrete nouns, when the space is cluttered along both visual and linguistic dimensions, learning
is slower. Notably, we find no effect of word- or imageonly neighbors, suggesting that the overlap-neighbor effect
may indeed be due to the (perhaps more noticeable) “clutter”
across spaces. Such an account is in keeping with research
that finds that for displays of semantically-similar items, word
comprehension is reduced (Arias-Trejo & Plunkett, 2010;
Bergelson & Aslin, 2017). Similar feature-space cluttering
effects have been a standard in the visual search literature,
where target-to-distractor similarity reduces speed and accuracy of search (Duncan & Humphreys, 1989; Treisman &
Gormican, 1988). Interestingly, when learning the structure
of new objects, adults learning Chinese characters perform
better in visual search when they are trained with characters
that force attention to the points of confluence between features (Popov & Reder, 2017); perhaps infants do the same.
That said, while concrete nouns are an appropriate target for
these current analyses given their demonstrably early age of
acquisition (Dale & Fenson, 1996), further work with more
abstract words (nouns and beyond) is a clear next step.

unwarranted. However, one can imagine that in a larger
database of children’s visual and linguistic experiences, tests
of overlapping similarity and relative degrees of within-class
structure conservation may provide informative leverage for
predicting age of acquisition across the early vocabulary.

Conclusion
We find evidence of links between visual and linguistic features learned by two distinct machine learning algorithms
which operate over drastically different inputs, and are trained
in the service of unrelated ends. These links suggest conserved structure between these two separable information
sources (i.e. images and words). Indeed, it seems that not
only do these algorithms converge on which items are ‘closer’
in similarity within a group of oft-heard and seen concrete
nouns, but that children are sensitive to these overlapping
cross-word relationships as well. The process that created
the word- and image-spaces we examine here is certainly not
meant to be cognitively plausible. Nevertheless, our results
suggest that this vector-space approach can be tied to language acquisition, and provides promising new avenues for
uncovering cross-representational influences on early word
and concept learning.
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The results here provide in-principle proof that vector
space models of words and images can be fruitfully combined and linked to early language and concept learning.
Our approach could readily be extended to examine learningrelevant properties like animacy, shape, and color (e.g. Frank,
Vul, & Johnson (2009), Landau, Smith, & Jones (1992)).
Along these lines, in an exploratory analyses with these items
we find that splitting item-pairs into animate, inanimate, and
mixed categories suggests that the image- and word-based
correlation is particularly strong for the inanimate items,
though with only 27 items, further conclusions are as-yet
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Abstract
The n-back task is one of the most popular methods for
studying working memory, and it is tested with
either auditory or visual stimuli. Previous research
comparing stimulus modalities has demonstrated that auditory
and visual tasks often elicit differential responding and,
potentially, different underlying cognitive processes. In this
study, performance accuracy and response time were
measured during an n-back task that varied in terms
of stimulus modality and difficulty. Findings demonstrate that
participants respond faster but less accurately during a visual
as compared to an auditory condition where participants are
more accurate but slower to respond. These results are
discussed in terms of dual coding and feature binding.
Implications for the presentation of n-back tasks in studies of
working memory are discussed.
Keywords: n-back; auditory memory; visual memory;
working memory; dual-coding; feature binding

Introduction
Visual and auditory stimuli are processed differently at the
input stage, but it is unclear whether these differences result
in a downstream effect in cognitive processing. For
example, research suggests that visual information, as
compared to auditory information, may constrain
performance during simple and sequential cognitive tasks
(Greene, 1992; Penney, 1989). A number of explanations
have been offered for performance differences based on
sensory modality. One theory suggests that differences in
cognitive performance may occur as visual stimuli, but not
auditory stimuli, are spontaneously named such that both a
visual and auditory representation of the stimuli is retained
(Paivio, 1990; Snodgrass, Wasser, Finkelstein, & Goldberg,
1974). While richer information may be produced through
visual stimuli, dual-coding may also create interference
during tasks involving serial recall or memorization of lists
(Allen, Baddeley, & Hitch, 2006; Burgess & Hitch, 1999;
Maybery, Clissa, Parmentier, Leung, Harsa, Fox, & Jones,
2009; Nairne, 1990). In addition, some theories (e.g.,
Precategorical Acoustic Storage theory) propose that
information presented aurally may have an advantage
because stimuli are retained in an echoic buffer storage
while new ones are presented (Crowder & Morton, 1969; cf.
Beaman, 2002). Given that there are conflicting findings
regarding the effect of stimulus modality on performance, it

is possible that performance differences based on auditory
and visual presentations are dependent on additional details
of the experimental protocol and not generalizable across
working memory tasks.
The present study compares auditory and visual n-back
task performances in order to test the hypothesis there are
significant differences as a function of stimulus modality,
and also to test whether these differences vary with the
complexity of the task. Findings from this study should have
implications for protocols involving n-back tasks, as well as
the cognitive processes that underlie n-back task
performance.
In the next section, we review evidence from cognitive
performance research indicating that auditory and visual
stimuli are represented differently in working memory and
how their representation may facilitate or impede cognitive
performance. We then present a study that examines n-back
task performance and response times based on auditory and
visual stimuli, as well as task difficulty. In addition to
differences in performance accuracy, the findings indicate
response time differences based on auditory and visual
presentation. These findings are discussed in terms of dual
coding and feature binding. Lastly, implications for the
presentation of n-back tasks in cognitive studies on working
memory are discussed.

Auditory and Visual Processing
Working memory describes the cognitive process through
which information is held for a short period of time in the
absence of external cues in order to guide behavior (Fuster,
1995; Goldman-Rakic, 1996; Owen, McMillan, Laird, &
Bullmore, 2005). Through this process, perceptual and
linguistic information can be temporarily stored,
manipulated, and selectively recalled. Given the
significance of this broadly applicable cognitive process,
numerous studies have measured various aspects of working
memory in order to understand its fundamental
characteristics.
The n-back task is a paradigm that has been used
extensively in cognitive and neuroimaging studies focused
on working memory. This requires participants to view a
sequence of stimuli, one at a time, and respond whenever
the current stimulus matches the stimulus that was
previously presented n stimuli back. Participants must
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attempt to monitor, store, update, and manipulate
information over time (Owen et al., 2005). In this way, the
n-back task is a particularly accessible method for
manipulating and measuring various aspects of working
memory. A number of n-back task variants are utilized,
which differ in terms of content (auditory or visual) and
process (location and identity monitoring; Owen et al.,
2005). Auditory and visual task stimuli are often used
interchangeably. However, research suggests that tasks that
superficially appear to be very similar may elicit different
underlying cognitive processes.
Paivio’s (1971) dual-coding theory suggests that visual
and auditory information are processed through different
channels that yield distinct mental representations. This
model is compatible with Baddeley and Hitch’s (1974)
working memory model, which identifies separate
subsystems for short-term retention of auditory and visual
information. In this model, the components of working
memory have a limited capacity and are relatively
independent of one another. According to these theories,
coding both visual and auditory representations improves
the chances of successful retrieval, as both subsystems can
be used to recover information.
The presence of separate but related auditory and visual
subsystems in working memory is supported by
performance on a number of commonly used cognitive
tasks. During digit span tasks, for example, participants tend
to recall auditory numbers more readily than number images
(Greene, 1992; Penney, 1989). On the other hand, mental
arithmetic performance is enhanced during visual tasks
(Klingner, Tversky, & Hanrahan, 2011; Logie, Gilhooly, &
Wynn, 1994). These apparently contradictory findings may
occur as visual stimuli generate more complex mental
representations, which may facilitate performance on more
complicated and non-sequential tasks (e.g., mental
arithmetic, schema learning, and pattern-finding; Chen,
2004; Clark & Paivio, 1991; Klingner et al., 2011). It is also
noteworthy that visual stimuli are associated with dual
coding, as people tend to automatically name visual stimuli,
creating both a visual and auditory representation of the
stimuli (Paivio, 1990). Dual coding is less likely to occur
during auditory tasks, as people do not necessarily generate
visual representations of auditory stimuli (Snodgrass et al.,
1974). In addition to augmenting memory, dual coding may
allow for enhanced information processing as stimuli are
stored on the “visuospatial sketchpad,” freeing the
“articulatory loop” to have more access to information
processing resources (Klingner et al., 2011).
In contrast, findings on enhanced performance in auditory
tasks suggest that auditory stimuli have more durable
feature binding as compared to visual stimuli (Allen et al.,
2006; Maybery et al., 2009). Feature binding refers to the
association of object features within or across perceptual
modalities (Treisman, 1999). Maybery and colleagues
(2009) reported greater feature binding in auditory stimuli,
such that the specific features of these stimuli were retained
for longer periods of time compared to visual stimuli.

Moreover, Allen and colleagues (2006) noted that feature
binding in more recently presented visual stimuli disrupts
the feature binding of earlier stimuli. Taken together,
research suggests that visual stimuli are associated with the
encoding of richer representations, while auditory stimuli
are associated with more durable feature binding and longer
lasting representations.
Notably, there are exceptions to the finding that simple
and sequential task performance is enhanced with auditory
versus visual stimuli. For example, Klingner and colleagues
(2011) found improved performance on visual versus
auditory tasks with both digit span and mental arithmetic.
Improved performance with visual presentation in Klingner
and colleagues’ digit span study may be related to lower
effort required during their visual condition. Participants
demonstrated a decrease in pupil diameter in the visual
condition versus auditory condition, with smaller diameter
being a common indicator of lower cognitive effort
(Klingner et al., 2011). It is therefore possible that some
procedural detail of the experimental protocol may have
made the auditory condition more difficult than the visual
condition, thus reversing the effect seen in other working
memory studies. However, given their convincing matching
of experimental protocols between auditory and visual
presentations, it is not at all clear what factor may have
contributed to this contradictory finding. Clearly, more
research is needed to establish whether this finding is
specific to the protocol used or instead represents a more
general challenge to the previous literature.
The present study utilizes a series of n-back tasks varying
in terms of stimulus modality (auditory and visual) and
difficulty (zero-back, one-back, two-back, and three-back)
in order to examine the extent to which auditory and visual
tasks influence cognitive performance. Unlike previous
studies that utilized either auditory or visual stimuli, the
current study holds the experimental procedure constant
except for features relevant to the experimental
manipulation. It was hypothesized that participants would
demonstrate greater performance accuracy in the auditory
condition, as the dual coding of visual information may
interfere with selective attention and the retention of
multiple, sequential items. It was also hypothesized that
response times would be faster in the auditory versus visual
condition, as an easier task might reduce the amount of time
needed for cognitive processing.

Method
Participants
Twenty-five Psychology students with normal or correctedto-normal vision were enlisted from an online recruitment
system in exchange for course credit. Participants ranged in
age from 18 to 23 years (Mdn = 19). Ten participants were
women and fifteen were men. Four participants identified as
African-American, three as Asian, three as biracial, two as
Hispanic, and 13 as Caucasian.
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Stimuli and Apparatus
Participants completed auditory and visual conditions of nback tasks that ranged in difficulty (zero-back, one-back,
two-back, and three-back). For each n-back, a sequence of
letters was presented one letter at a time. Letters were
presented verbally in the auditory condition and visually in
the visual condition. Participants were instructed to press the
“Z” key when the letter presented was the target and the “/”
key when the letter presented was a nontarget. For example,
during the zero-back task participants pressed the “Z” key
when the target letter “X” was presented and pressed the “/”
key when a nontarget letter (i.e., not an “X”) was presented.
During the one-back task, participants were instructed to
refer “one letter back” to find the target stimuli. That is, a
letter was considered a target if it matched the letter that
came before it. During the two-back task, letters were
considered a target if they matched the letter that was
presented two letters back in the sequence, and so on. Onethird of the stimuli were targets.
A PC computer controlled stimulus presentation and data
collection using Eprime software (Sharpsburg, PA).
Participants were seated approximately 66 cm away from a
1920 x 1080 computer monitor with a stabilizing chin- and
forehead-rest. Each trial block began with the presentation
of a square. The boundary of the square was delineated with
a thin dark gray border. The square remained on the screen
across each trial block as letters were presented, and
participants were instructed to look toward the center of the
square during both auditory and visual conditions. For each
trial in the visual condition, an individual letter (approx.
visual angle 1.38°) was displayed in the center of the square
for 500 ms. After the letter disappeared, participants had an
additional 3000 ms to indicate whether the letter was a
target or nontarget via a keypress. In the auditory condition,
letters were presented verbally over speakers while the
square was displayed on the screen. Each trial began with
the presentation of a letter, which lasted between 549 and
780 ms (M = 690, SD = 68), and participants had a total trial
length of 3500 ms to respond. Participants were instructed
to respond as quickly and accurately as possible after each
letter was presented. Letters and the boundary of the square
were shown in dark gray (95 cd/m2) and the background
color was light gray (200 cd/m2).

Procedure
All research was carried out in accordance with a protocol
approved by Indiana University Bloomington’s Institutional
Review Board. After obtaining informed consent,
participants were seated in front of a computer monitor in a
stabilizing headrest. Participants received verbal and written
instructions prior to the presentation of each n-back task and
condition. To become acquainted with the task, participants
completed 15 practice trials prior to the auditory and the
visual conditions of each n-back. Participants received
feedback on their performance and had an opportunity to
ask the experimenter questions after completing the practice
trials. They then proceeded to complete 30 block 1 trials of

the corresponding n-back and condition. After completing
practice and block 1 trials for all n-backs and conditions,
participants completed block 2 trials. For each trial block,
one third of stimuli presented were targets and two thirds
were nontargets. The order of target and nontarget letters
was random. Lures (e.g., n = 1 foils in 2-back or 3-back
tasks) were not included. The order of n-backs was
randomized and the order of auditory and visual conditions
was counterbalanced across participants. Participants
completed a demographic survey following the n-back
tasks.

Results
Performance Accuracy
A 2 (condition: auditory vs visual) × 3 (block: practice,
block-1, block-2) × 4 (n-back: 0, 1, 2, 3) repeated-measures
ANOVA was used to assess the effect of condition and
block on performance accuracy across n-back tasks (Figure
1). Greenhouse-Geisser adjustments were applied when the
assumption of heterogeneity was violated. There was a
statistically reliable main effect of condition (F(1,24) =
33.12, p < .001, ηp2 = .58). Percent correct was significantly
higher during the auditory condition (M = .95, SD = .02)
than the visual condition (M = .92, SD = .03).

Figure 1: Average performance accuracy during auditory
and visual conditions across n-back tasks.
There were also statistically significant main effects of
block (F(2,48) = 7.12, p = .002, ηp2 = .23) and n-back task
(F(1.88,44.99) = 26.36, p < .001, ηp2 = .52; see Table 1).
The main effects were superseded by a significant
interaction between block and n-back, F(3.13,75.13) = 3.03,
p = .03, ηp2 = .11. Simple effects analyses revealed that
participants had a significantly lower percent correct on the
three-back (M = .87, SD = .07), as compared to the other nback conditions (Mzero-back = .96, SDzero-back = .03, Mone-back =
.96, SDone-back = .03, Mtwo-back = .95, SDtwo-back = .03). This
effect was statistically significant across practice
(F(1.57,37.75) = 15.66, p < .001, ηp2 = .40), block 1
(F(2.13,51.13) = 13.36, p < .001, ηp2 = .36), and block 2
trials (F(2.24,53.68) = 9.57, p < .001, ηp2 = .29). Interactions
between condition and block, condition and n-back, and
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Table 1: Means and standard deviations for percent correct
and response time based on n-back task.
N-back
Zero-back
One-back
Two-back
Three-back
Note. M(SD)

Accuracy (out of one)
Auditory
Visual
.99 (.03)
.93 (.04)
.97 (.02)
.94 (.04)
.96 (.02)
.93 (.04)
.88 (.08)
.87 (.08)

Response Time (ms)
Auditory
Visual
817 (107)
492 (75)
896 (123)
581 (115)
1107 (194) 671 (180)
1221 (259) 787 (240)

D-prime was also calculated to examine performance
accuracy based on n-back, trial block, and stimulus
modality. Unlike percent accuracy, d-prime is a sensitivity
index that reflects signal detection while controlling for
biases in responding. Using d-prime as the dependent
variable, a 2 (condition) × 3 (block) × 4 (n-back) repeatedmeasures ANOVA revealed reliable main effects of block
(F(2,48) = 12.96, p < .001, ηp2 = .35) and n-back task
(F(3,72) = 28.75, p < .001, ηp2 = .55). However, the main
effect of condition (stimulus modality) was non-significant,
F(1,24) = 1.01, p = .33.
In addition, there was a significant interaction between
block and n-back (F(6,144) = 4.54, p = .006, ηp2 = .12).
Simple effects analyses revealed significant differences in dprime based on n-back across practice (F(6,144) = 14.70, p
< .001, ηp2 = .38), block 1 (F(3,72) = 20.14, p < .001, ηp2 =
.46), and block 2 trials (F(2.40,57.65) = 10.13, p < .001, ηp2
= .30). Across blocks, d-prime was significantly lower in the
three-back, as compared to the other n-backs. Interactions
between condition and block, condition and n-back, and
condition, block, and n-back based on performance accuracy
were non-significant, p > .05.

Response Time
Response time was calculated based on the time between
trial onset and participant key press. A 2 (condition) × 3
(block) × 4 (n-back) repeated-measures ANOVA was used
to examine differences in response time based on condition,
block, and n-back task (see Figure 2). This analysis revealed
a reliable main effects of condition (F(1,24) = 332.19, p <
.001, ηp2 = 93, block (F(2,48) = 20.57, p < .001, ηp2 = .46),
and n-back (F(1.60,38.49) = 55.09, p < .001, ηp2 = .70). In
addition, there were statistically significant interactions
between condition and n-back (F(1.92,46.17) = 10.47, p <
.001, ηp2 = .30), as well as block and n-back F(2.97,71.33) =
3.61, p = .02, ηp2 = .13). The two-way interaction between
condition and block and the three-way interaction between
condition, block, and n-back task was non-significant, p >
.05.
Two repeated-measures ANOVAs were used to examine
the simple effects of n-back on response time for each
condition. Simple effects analyses of the condition and nback interaction indicated there was a significant difference
in response time based on n-back in the auditory condition,

F(1.41,33.71) = 57.29, p < .001, ηp2 = .71 and in the visual
condition, F(1.86,44.51) = 35.33, p < .001, ηp2 = .60. All
contrasts between zero-back, one-back, two-back, and threeback conditions were significant, p ≤ .005. Participants
responded fastest in the zero-back task (M = 654.30, SD =
84.74), followed by the one-back task (M = 738.48, SD =
111.77), the two-back task (M = 888.89, SD = 168.84), and
the three-back task (M = 1003.98, SD = 232.19). In addition,
a series of paired-samples t-tests were used to examine the
simple effects of condition on response time for each n-back
task. Simple effects analyses revealed statistically reliable
differences between response times based on condition
across zero-back (t(24) = 21.74, p < .001), one-back (t(24) =
19.60, p < .001), two-back (t(24) = 13.39, p < .001), and
three-back tasks (t(24) = 11.73, p < .001; see Table 1).
Across n-back tasks, participants responded more slowly
during the auditory (M = 1009.99, SD = 146.59) than visual
condition (M = 632.83, SD = 137.16).

Response Time

condition, block, and n-back based on performance accuracy
were non-significant, p > .05.

1400
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400
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N-back
Figure 2: Average response time during auditory and visual
conditions across n-back tasks.
A series of repeated-measures ANOVAs were used to
examine the simple effects of n-back on response time for
each block. Response time varied as a function of n-back
across practice (F(1.84,44.14) = 38.22, p < .001, ηp2 = .61),
block 1 (F(1.78,42.77) = 46.95, p < .001, ηp2 = .66) and
block 2 trials (F(1.57,37.62) = 37.43, p < .001, ηp2 = .61).
Across trial blocks, participants responded fastest in the
zero-back task, followed by the one-back task, the two-back
task, and the three-back task, p ≤ .005 (see Table 1). An
exception was during practice trials, where response time
was statistically equivalent during two-back and three-back
tasks, p > .05.

Discussion
Collapsed across auditory and visual conditions,
performance accuracy was equivalent for zero-back, oneback, and two-back tasks. Changes in task difficulty were
only reflected in performance accuracy during the threeback task, during which performance accuracy was
significantly lower than the other n-backs. On the other
hand, performance differences based on task difficulty were
reflected in response time across n-back tasks. Participants
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responded fastest during the zero-back task, followed by the
one-back task, the two-back task, and the three-back task.
The effect of the n-back task on performance was more
evident for response times than for accuracy, perhaps
because of a ceiling effect.
Performance accuracy was greater during the auditory nback than the visual n-back condition. The advantage of
auditory stimuli was most apparent during easier versions of
the task. In the zero-back, for example, participants
performed approximately six percent better on the auditory
than on the visual n-back task. The performance advantage
afforded during the auditory condition was less pronounced
with more difficult n-back tasks, such that performance on
the auditory condition was only one percent better than on
the visual condition during the three-back (Figure 1). It is
important to note, however, that this advantage for auditory
stimuli was no longer significant when the data were
analyzed with a more conservative d’ signal detection
measure suggesting the tentativeness of this finding.
Contrary to the hypothesis that participants would
respond faster during the auditory than visual condition,
participants responded slower during the auditory condition.
Response times increased from an average of 633 ms in the
visual condition to 1,010 ms in the auditory condition. This
may have occurred as visual stimuli are available
immediately upon viewing, while auditory stimuli unfold
over time. That is, visual stimuli were presented on the
screen and maintained for 500 ms during each trial. In
contrast, auditory stimuli took between 549 and 780 ms (M
= 690, SD = 68) to present as they were said aloud over a
speaker. Given that responses could occur during the
presentation of the auditory stimuli, response time was
calculated based on the time between trial onset and the
participant’s key press.
The difference in response time during the auditory versus
visual condition was not directly proportional to the
difference in time the stimuli were presented. There was a
non-significant correlation between response time and time
required for letter to be read aloud, r = .11. In addition, the
auditory stimuli were presented an average of 190 ms longer
than the visual stimuli, given the time it took for a letter to
be read aloud. Participants, on average, had response times
377 ms longer in the auditory than the visual condition. This
difference could be attributable to the auditory stimuli not
being processed until read to completion, whereas the
visually-presented letter’s features are available to be
processed immediately upon viewing.
Although this
hypothesis is rational, the evidence discussed next
suggesting that the differences are a function of memory
processing as opposed to perceptual encoding contradicts it.
In the present study, the zero-back task provides a
baseline response time difference based on perceptual
encoding between auditory and visual conditions. That is, in
the zero-back tasks participants respond as fast as possible
any time the letter “X” is presented. This is different from
the other n-back tasks, during which participants have to
monitor and store sequences of information to respond

accurately. Average response times in the zero-back task
were 462 ms in the visual condition and 817 ms in the
auditory condition, such that participants took an average of
325 ms longer to perceptually encode information in the
auditory condition. The difference in response time between
conditions increased with task difficulty, such that threeback response times were an average of 433 ms longer in
the auditory than visual condition. Using zero-back as a
baseline for perceptual encoding, the widening gap in
response times between conditions with increased task
difficulty can be attributed to differences in memory
processing, as opposed to perceptual encoding.
As such, there was dissociation in the results as a function
of stimulus condition. The response times suggested that
visual stimuli were processed more quickly, but the
accuracy measure suggested that the auditory stimuli were
processed more accurately. One reason for the visual
stimuli resulting in lower accuracy is that feature binding in
more recently presented visual stimuli may have disrupted
the feature binding of earlier stimuli (Allen et al., 2006).
These findings lend credibility to the idea that
performance during sequential working memory tasks is
facilitated by auditory as opposed to visual presentation of
stimuli. As previously reported, the results from a number
of studies demonstrate enhanced performance during
auditory conditions when tasks are “simpler” or sequential
(Chen, 2004; Clark & Paivio, 1991; Greene, 1992; Penney,
1989). One exception to this finding is the evidence
reported by Klingner and colleagues (2011) suggesting more
accurate responding to visual than auditory stimuli in three
different working memory tasks. Intriguingly, they also
report that the magnitude of the pupil dilation was less for
the visual as opposed to auditory stimuli. This suggests that
the cognitive load of the participants was lower for the
visual than the auditory stimuli. If we assume that faster
response times are also associated with less cognitive load,
then our results are not altogether inconsistent with those of
Klingner and colleagues. Instead, it appears that our results
converge with regard to cognitive load, but diverge with
regard to accuracy.
These findings have implications for the presentation of
n-back tasks in experimental settings. Based on the
discrepancies between our results and those of Klingner and
colleagues (2011), it is important to specifically consider the
selected measure when assessing the effects of stimulus
conditions on working memory. In addition, the complexity
and difficulty of the task should be considered given that
these factors interact with cognitive processes, such as dual
coding and feature binding. As emphasized by the growing
body of literature generated from the replication debate,
researchers should take seriously the fact that numerous
experimental details have the potential to influence study
outcomes (e.g., Amon & Holden, 2016).

Conclusions
The current study compares performance during auditory
and visual n-back conditions with an otherwise identical
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experimental protocol. Participants responded less
accurately during a visual presentation condition, as
compared to an auditory condition where participants were
significantly more accurate. This may occur as auditory
stimuli yield more durable representations. By contrast, they
responded more quickly to the visual than to the auditory
stimuli. As such, these findings suggest that stimulus
modality influences encoding and cognitive processing on
working memory tasks. Future research will benefit from
incorporating additional measures of cognitive load,
including pupillary response, in order to gain a better
understanding of auditory and visual effects on
performance. In addition, a condition with both auditory and
visual information can be incorporated into future work to
examine the extent to which richer mental representations
influence working memory performance during simple and
sequential cognitive tasks.
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Abstract
Deep learning networks have shown impressive performance
in object recognition. We used the classification image method
to probe whether a deep learning model employs the same
features as humans in perceiving real and illusory contours. We
adopted a deep learning network, pre-trained with natural
images, and retrained the decision layer with laboratory stimuli
to perform shape discrimination in the “fat/thin” task. We
tested the network with real and illusory contour stimuli
contaminated with luminance noise. We found that deep
networks trained on natural images can be readily adapted to
discriminate between psychophysical stimuli with an
extremely high degree of accuracy. However, deep learning
networks do not appear to represent illusory contours where
they may aid performance in the fat/thin task, a process
automatically performed in human vision. This divergence
indicates an important difference between the kinds of visual
representations formed by deep networks and by humans.
Keywords:
Deep
classification images

learning,

contour

interpolation,

Introduction
Object recognition is among the most important and
remarkable functions of biological vision. Classifying objects
into categories allows us to interpret a visual scene and make
inferences about objects beyond the information present in
the retinal image. The task of categorizing objects is made
difficult by the vast diversity of visual features among objects
of the same category and by the variety of contexts under
which objects are viewed. These variations include
differences in viewing angle, distance from the observer,
qualities of the illuminant, and possible occluders
fragmenting the projection of the object.
In the past decade, computational vision researchers have
made remarkable progress in overcoming the many
difficulties of object recognition. Most influential has been
the application of deep convolutional neural networks
(DCNNs) to object recognition. DCNNs built for object
recognition are trained with millions of labeled photographs
of objects and animals to classify an image into one of 1000
categories. They take an image as input and perform a series

of matrix operations and nonlinear transformations to output
a vector of probabilities for each of their trained categories.
Unlike traditional neural networks, DCNNs have
convolutional layers with filters that operate on only a subset
of contiguous image pixels at a time. The effect is that spatial
information is preserved in the image because two pixels
must fall into the same convolutional window in order for
correlations between them to be considered (LeCun, Bottou,
Bengio & Haffner 1998). DCNN architectures have won the
ImageNet object classification competition since their first
entrance in 2012 (Krizhevsky, Sutskever & Hinton 2012),
now achieving accuracies even better than human recognition
performance.
Similarities between DCNNs and humans, both in structure
and performance, have raised questions about the extent to
which the computational processes taking place in deep
networks are similar to those in human vision. One obstacle
to answering these questions is that most research has been
restricted to comparisons of categorization performance
between deep networks and humans (e.g., Dubey, Peterson,
Khosla, Yang & Ghanem 2015; Peterson, Abbott & Griffiths
2016). This can be a useful metric, but it can also be
misleading if humans and artificial systems reach the same
classification decision through very different computational
processes. For example, consider Ringach and Shapley’s
(1996) fat and thin Kanizsa squares (Figure 1). For humans,
discrimination of fat and thin stimuli is aided by the
perception of illusory contours between the inducing
elements (Gold, Murray, Bennett & Sekuler 2000). If deep
networks were presented with similar stimuli, usual methods
of comparison could assess discrimination between fat and
thin stimuli, but not how this discrimination is accomplished.
It would be impossible to know if DCNNs interpolate
between inducing elements as humans do, or if they make
their classification based on other information, such as the
orientation of the black elements. In this study, we undertake
to apply classification image techniques (Gold et al. 2000) to
DCNNs to study the intermediate representations that drive
their ultimate classification decisions.
One aspect of recognition that these methods could clarify
is recognition of partially occluded objects. DCNNs develop
some robustness by training with many images with different
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Figure 1. Fat and thin modified Kanizsa squares.
viewing contexts, for example, from non-canonical viewing
angles or with partial occlusion. When occlusion is minimal,
network classification remains fairly good. The VGG-19
network (Simonyan & Zisserman, 2014) correctly classifies
Figure 2a as a lion despite the occluding cage bars. However,
DCNN performance drops off considerably when presented
with more significant partial occlusion. It cannot correctly
classify Figure 2b, which is identical apart from the addition
of four wider occluding black bars. The assigned probability
for “lion” goes down from .777 (first choice) in Figure 2a
to .002 (75th choice) in the occluded image. On testing sets
with multiple occluders, mean classification accuracy is
between 35% and 20% among top performing DCNNs,
depending on the number of occluders (Wang et al., 2017).

Figure 2. (a) Minimally occluded lion. Found online at:
https://c1.staticflickr.com/3/2169/3527269138_36f6ce1988_
b.jpg (b) Substantially occluded lion.
To the extent that deep networks recognize partially
occluded objects, they could be doing so by completion of the
object’s shape or by recognition from partial information. In
human perception, both strategies play a role in object
classification, but there is substantial evidence that local
completion is the more basic and obligatory perceptual
process (Kanizsa 1979; Carrigan, Palmer & Kellman 2016).
For example, it is much easier for humans to classify displays
such as those in Figure 1 as fat or thin based on completion
between the inducers than by looking at the orientation of
individual elements.
In human perception, amodal completion (behind
occluders) depends on the same visual mechanisms that give
rise to illusory contour perception (Kellman, Yin & Shipley,
1998). In displays like the Kanizsa square, people see a
subjective contour despite a total absence of luminance
contrast between inducers. Gold, Murray, Bennett and
Sekuler (2000) used classification image techniques to show
that the image region between contour inducers is influential
in subjects’ classification of a presented Kanizsa square, or a
partly occluded square, as fat or thin, even though the signal
was totally absent from these regions.

Classification images are computed by first having
observers make decisions about hundreds of images
containing a signal (the stimulus pertinent to the perceptual
decision) and random visual noise. The patterns of noise in
the images are then correlated with classification decisions in
order to determine which pixels (i.e. regions of the image)
were important for classifying the image into one or the other
category. This kind of analysis can give insight into where
the behavioral receptive fields (BRFs) – areas important to
observers’ perceptual decisions – are in the image (see
Murray (2011) for more information).
In the present study, we aimed to establish a method for
conducting psychophysical experiments on DCNNs that
would be informative not only about the network’s final
classification decisions, but would also provide insight into
the stimulus information influential in the network’s final
output. First, we adapted a pre-trained deep network to new
perceptual tasks by replacing the final layer and learning new
weights between it and the preceding layer in order to allow
for testing on more tightly controlled laboratory stimuli. This
retraining only on the decision layer preserves all the learned
features from training for object recognition, but repurposes
the network’s representations for a different task. We then
used classification image techniques to systematically
examine whether deep convolutional networks are sensitive
to illusory contours between inducing elements. If
classification image analyses revealed that networks formed
behavioral receptive fields between inducers, that would be
strong evidence of similarity between humans and such
artificial systems. On the other hand, if networks did not
show BRFs in the interpolating region, that would be
evidence that DCNNs are not performing object completion,
or at least that object completion does not involve illusory
contour interpolation as it does in humans.

Experiment 1
The purpose of Experiment 1 was to develop and validate a
method of using classification images to derive behavioral
receptive fields in deep convolutional networks. We trained
a network to classify wire frames as fat or thin, then tested
the network with impoverished stimuli which had added pixel
noise (Fig. 3). We then analyzed the noise fields from the
testing phase to determine which image regions played a role
in the network’s classification decision.

Method
Training All training and testing was done using the AlexNet
deep network model (Krizhevsky et al. 2012). We adopted a
pre-trained network from Matconvnet (Veldadi & Lenc 2015)
which was trained in the standard way to classify natural
images from the ImageNet database including 1.2 million
images and 1000 object categories. The decision layer of
AlexNet has 1000 nodes, one for each object category. We
replaced this layer with a single node layer for the binary
“fat/thin” classification. The weights between the

1311

penultimate, fully connected (fc8) layer and this final
decision node layer were trained to classify wire frames as fat
or thin, depending on the curvature of their vertical contour
segments.
The network was trained to make the fat/thin classification
from 22,000 wire frame images with the size of 227x227, half
labeled fat, and half labeled thin. The curvature of the vertical
segments varied from extreme (curves nearly touching in the
thin stimulus) to negligible (horizontal position of the curves’
midpoint only a few pixels away from the corners of the wire
frame). The position of the wire frames in the image also
varied, with the constraint that the whole shape must be
visible. We added a small amount of Gaussian noise (SD of
contrast = .16) to every pixel in the training image, as it was
found through experimentation that this reduced decision
bias in the training. See Figure 3 for training examples.

Figure 3. Sample training images from the second phase of
training in Experiment 1. The training images varied the
curvature of the vertical segments and location. Gaussian
pixel noise were added to training images.
The network was trained for 20 epochs, after which it was
tested with a validation set of an additional 2128 wire frame
images that had been removed from the training set. The error
rate on the validation set was .048.
Testing After the network had been trained to classify fat and
thin wire frames, we conducted classification image analysis
to examine which parts of the image were relevant to the
network’s classification decisions. To do this, we generated
noise fields with a standard deviation of 0.16, then took fat
and thin wire frames of intermediate curvature as signals with
a contrast of 0.12, and added them atop the noise field.
In order to derive classification images, it is necessary to
have both correct and incorrect responses for each target
shape. To that end, we varied the contrast of the signal over
several thousand trials and used the Palamedes toolbox (Prins
& Kingdom, 2009) to fit a psychometric curve to the data,
and find the contrast at which the network correctly classified
about 75% of presented stimuli, as is standard in
psychophysical classification image analysis (see Figure 4).

Figure 4. Sample test images from Experiment 1. Test
images have fixed curvature but with adjusted signal
contrast to maintain the accuracy at 75%.

We tested the network on 100,000 stimuli, recording the
signal, the noise field, and the network response for each trial.
Stimuli were identical in position, size and magnitude of
curvature. The only stimulus features that changed from trial
to trial were the convexity of curved segments
(corresponding to “fat” or “thin” stimuli), and the randomly
generated noise field.
Analysis We first analyzed the behavioral receptive fields
from Experiment 1 using classical classification image
methods, which was used in the human study by Gold et al.
(2000). Trials were grouped into four categories: signal
fat/response fat (SfRf), signal thin/response fat (StRf), signal
thin/response thin (StRt), and signal fat/response thin (SfRt).
We calculated the mean of the noise fields for each of these
four kinds of trials, and then found the classification image
by computing (1), where μ is the mean of the noise field
corresponding to each classification type.
(1) CI = (μ.SfRf + μ.StRf ) – (μ.StRt + μ.SfRt)
After examining the network’s results, we found that it
made considerably more StRf misclassifications than SfRt
misclassifications, caused by a bias term in the decision layer.
Because it is important to have all response types well
represented in classification image analysis, a biased pattern
of response could make the derived CI less interpretable. The
bias term in the network is unaffected by the presented
stimulus, so to reduce its effects on the resulting classification
images, we also performed a reverse correlation analysis.
Rather than grouping noise fields by their four possible
response types, we correlated each pixel intensity in the noise
fields with the activity of the network’s response nodes across
100,000 trials. This continuous measure was simply the dot
product of the input to second to last network layer and the
connection weights between the last and second to last layers.
Conceptually, this analysis is almost identical to
classification image analysis used in psychophysics, but it
has the advantage of not being subject to the network’s
response bias in shape judgments.

Results and Discussion
Both the traditionally calculated classification image based
on mean noise fields and the correlation map are shown in
Figure 5. Gaussian smoothing was applied to both images to
aid visualization. Darker regions correspond to areas that
influence the network towards a “fat” classification, while
lighter regions are areas that influence the network towards
a “thin” classification.
The purpose of reverse noise image correlation techniques
is to find areas that are influential to the network’s ultimate
classification. By analyzing the noise fields in the absence
of the stimulus signal, psychophysicists can examine how
random variation in the presented image can influence a
subject’s decision one way or the other. The results of
Experiment 1 suggest that the same techniques can be
applied to gauge deep networks to find what areas influence

1312

the artificial systems’ ultimate classification decision. In the
wire frame experiment, there is significant correlation
between the image region where a fat or thin vertical
segment was overlaid and the network’s final classification.

because DCNNs have rotation invariance, so we needed there
to be a difference between fat and thin images regardless of
orientation. Training images varied in curvature, from one
degree off true vertical to 44 degrees off true vertical, and in
position in the image.

Figure 5. Left: Classification image Right: Correlation map.
The pixel contrasts in the result images reflect the degrees
that different locations influence the classification decision.
These findings validate the idea that deep networks trained
for object recognition can be trained to do other perceptual
tasks while preserving the features learned from training on
natural image classification. Moreover, the correlation maps
recovered from Experiment 1 confirm that classification
images can be recovered from deep networks and give
important insight into which stimulus regions are influential
in a network’s ultimate classification.

Experiment 2
In Experiment 2, we used reverse correlation analyses to test
whether deep convolutional networks interpolate illusory
contours between inducing elements. Classification image
analysis on human perception has found that the region
between inducers is influential in subjects’ perceptual
decision, even when the signal is only present at the inducers’
locations (Gold et al. 2000). If deep networks process visual
scenes as humans do, we would expect the same scene
conditions that produce an illusory contour percept in humans
to give rise to an illusory contour in the artificial system. We
tested this by presenting to a DCNN fat and thin Kanizsa
square stimuli with both real and illusory contours, and
compared the classification images from the two conditions
to see if the network, like humans, had a representation of the
interpolating contour in the illusory condition.

Method
Training The first phase of training was identical to
Experiment 1—we used AlexNet, a DCNN that had already
been trained to classify natural images. In the second phase,
we retrained the connection weights between the last two
layers, this time to classify Kanizsa squares as fat or thin. The
training set consisted of 22,000 images of sectors of circles
that could define fat or thin shapes depending on the
orientation of the circle inducers. In all training stimuli, a
curved contour was drawn to connect between the corner
inducers, so that all training was on stimuli with real contours.
Sample training stimuli are shown in Figure 6. The stimuli
are slightly longer vertically than horizontally. This is done

Figure 6. Training images for Experiment 2. Training
images varied in curvature of the vertical segments and
location. Gaussian pixel noise was added to training images.
The network was trained for 20 epochs, after which it was
tested on 2128 images not included in training, for which it
had an error rate of .027.
Testing Two testing conditions were carried out using the
same retrained DCNN. First, we tested on stimuli with real
contours connecting between inducers. We chose fat and thin
signals with intermediate curvature and overlaid one or the
other atop a randomly generated Gaussian noise field
(standard deviation 0.16). As in Experiment 1, contrast
between the signal and background was set so that the
network correctly classified the image with about 75%
accuracy (see Figure 7). We then ran 100,000 trials, half of
which used the fat signal, and half the thin signal. The only
stimulus features that varied across trials were the orientation
of the inducers (angled inward for “thin” stimuli and outward
for “fat stimuli”), the convexity of the segments between
inducers, and the randomly generated noise field. Network
response and the noise image were recorded for each trial.

Figure 7. Testing images for the real and illusory contour
condition. Test images have fixed curvature, but with
adjusted signal contrast to maintain the accuracy at 75%.
We also tested the network on stimuli with no physical
contour between partial circle inducers. We used inducers
with the same orientation as in the real contour condition, and
varied the contrast between the signal and background to find
the 75% accuracy threshold (Figure 7, right). We tested the
network on 100,000 illusory contour trials, recording
network response and the noise image for each stimulus.
Analysis We analyzed the data by computing the
classification image and correlation map for both conditions,
as in Experiment 1.
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Results and Discussion
The correlation map for the real contour and illusory
condition are shown in Figure 8, along with the classification
image derived from human subjects by Gold et al. (2000).
The classification images were also computed, but are not
shown because they look very similar to the correlation map,
but with slightly less contrast between behavioral receptive
fields and the background.

Figure 8 Left panel: Correlation map for the real contour
and illusory condition from Experiment 2, respectively.
Right panel: Classification image for the real contour
condition and illusory contour condition (from Gold et al.
(2000)).
When physical contours connect between the figure’s
inducing elements, both the orientation of the elements and
the contours themselves appear to be influential in
classification. These results are similar to Experiment 1,
except that now there are two information streams that could
lead to correct classification—orientation of inducer and
contour curvature.
In the inducer-only contour condition, classification can be
done by examining the orientation of the inducing elements,
or by the curvature of an illusory contour connecting pairs of
inducers. The correlation map for inducer-only stimuli looks
dramatically different from the map for stimuli with real
contours, and from the inducer-only condition in human
subjects. The image region where inducers are present is
highly influential in classification, but there appears to be no
behavioral receptive field in the area between the partial
circle inducers. This suggests that in the absence of real
contours between inducers, the network classifies fat and thin
stimuli purely based on the orientation of individual inducing
elements, without perceiving interpolated contours between
these elements. This is true even though real contours were
present in all training images. Such a training regimen gives
the network the best chance of representing illusory contours
because the network will have learned to expect diagnostic
information to be present between inducing elements, but
correlation analysis reveals no contribution from the
interpolating region. This differs from the behavioral
receptive fields observed in humans for the same task (Fig. 8
right), which include the illusory contour region as well as
oriented inducer region.

General Discussion
The purpose of this study was to develop a method for
conducting more rigorous psychophysical tests of deep
convolutional networks in order to probe the nature of their

representations and computations, and to apply this method
specifically to the question of contour interpolation.
Experiment 1 served as a validation for our method of
using artificial stimuli and classification image techniques for
probing the capabilities of DCNNs. Even though humans’
visual systems did not evolve to process laboratory stimuli
typically used in vision research, psychophysicists find it
useful to simplify the visual input in an experiment in order
to make their findings more interpretable. The same can be
done in deep convolutional networks by replacing the
decision layer with one more appropriate to a given
perceptual task. One problem that comes with training
DCNNs with millions of parameters is the risk of overfitting,
as when a monkey is mistaken for a person due to its
proximity to a vehicle (Wang et al., 2017). Use of laboratory
stimuli can mitigate this issue by more tightly controlling
what information is available to the network in classification.
The methodology we used in our experiments also
provides insight into how deep convolutional networks make
their classification decisions. In Experiment 1, we knew that
the influential region in the wire frame images should be
along the curved vertical contours, and we were able to
produce classification images that confirmed this expectation.
The structural complexity of DCNNs makes it very difficult
to track computational processes from input to output, so a
method like reverse image correlation is a promising tool for
learning what information deep networks are using when they
make one classification instead of another.
The usefulness of such a method becomes clear when we
look at results from Experiment 2. Most research into the
capabilities of DCNNs has been restricted to the performance
level. In the inducer-only condition in Experiment 2,
evaluation of the network based solely on performance would
seem to suggest broad similarity between human and
artificial perceptual processes. Like humans, the deep
network was able to accurately classify oriented inducers as
fat or thin configurations, even when there were no real
contours connecting them. Differences between biological
and artificial vision are only revealed when we look past the
performance level and analyze the information that was used
by each system in its ultimate perceptual decision.
Evidence that deep networks do not perceive illusory
contours could support the notion that DCNNs do not do
completion behind occluders, but recognize partially
occluded objects from partial information. Unlike humans,
the presence of illusory contour inducing edges satisfying
geometric constraints of relatability is not sufficient to induce
contour completion (Kellman & Shipley, 1991). An
alternative explanation is that deep networks do amodal
completion, but not modal completion. Under this hypothesis,
there might be some scene requirements beyond the presence
of tangent discontinuities and relatable edges to engage
completion processes. Our current findings cannot decide
between these possibilities, but it must be noted that either
hypothesis represents a divergence from human perception,
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where modal and amodal completion appear to depend on a
common process (Kellman, Yin & Shipley, 1998).
One reason deep networks might not interpolate between
relatable inducers is that they are purely feedforward systems.
It is possible that a deep network with recurrent connections
would be better suited to fill in spaces between tangent
discontinuities on a backwards pass from higher level areas.
Importantly, though, even this would constitute a difference
between networks and humans, for whom interpolation is
generally thought to be a feedforward process (e.g., Heitger,
von der Heydt, Peterhans, Rosenthaler & Kubler, 1998).
Another reason networks might not interpolate between
inducers is that the natural images on which they are trained
do not have occluded target objects, so completion
capabilities may be a low priority during training. It would be
an interesting future direction to train networks on an image
set with more occluded objects to test if more robust training
would result in deep networks perceiving illusory contours.
One limitation of this study is that classification image
techniques assume linearity in a system’s decision-making
process, but deep convolutional networks are inherently
nonlinear. (We thank James Elder for bringing this issue to
our attention). This is a subject of ongoing research, but
preliminary findings suggest that analyses that do not assume
linearity, such as regression using the general linear model,
produce similar results.
Another limitation is that in Gold et al.’s (2000) study,
exposure time for the stimuli was limited to 500 ms. It is
possible that given unlimited time, human observers would
make their classification based on the orientation of
individual partial circle inducers, rather than on the features
of the illusory contour. Since there is no way to limit
exposure time for DCNNs, it is possible that the same regions
are influential in humans and deep networks, given unlimited
viewing time. We cannot rule this out, but it seems unlikely
given the strength of the illusory contour percept. It does not
seem probable that human observers would be more accurate
in their “fat/thin” classifications by attending to individual
inducer orientations, and it would certainly make the task
more effortful and unpleasant.
Overall, our findings suggest that although deep
convolutional networks resemble humans on many
performance-based measures, there is a great deal of work to
be done to evaluate how similar their intermediate
computations really are to human perception. In the case of
illusory contour displays like the Kanizsa square, the
representations of humans and deep networks appear very
different, as DNNs do not appear to interpolate between
tangent discontinuities in the same way human observers do.

Acknowledgements
This research was funded by an NSF grant BSC-1655300 to
HL, NEI F32EY025520 to GE.

References
Carrigan, S. B., Palmer, E. M., & Kellman, P. J. (2016).
Differentiating global and local contour completion using
a dot localization paradigm. J. Experimental Psychology:
Human Perception and Performance, 42(12), 1928-1947.
Dubey R, Peterson J, Khosla A, Yang M. H., & Ghanem B.
(2015). What makes an object memorable? In Proc. of the
IEEE Int. Conference on Computer Vision, 1089-1097.
Gold, J. M., Murray, R. F., Bennett, P. J., & Sekuler, A. B.
(2000). Deriving behavioural receptive fields for visually
completed contours. Current Biology, 10(11), 663-666.
Heitger, F., von der Heydt, R., Peterhans, E., Rosenthaler, L.,
& Kübler, O. (1998). Simulation of neural contour
mechanisms: representing anomalous contours. Image and
Vision Computing, 16(6-7), 407-421.
Kanizsa, G. (1979). Organization in vision: Essays on
Gestalt perception. Praeger Publishers.
Kellman, P. J., & Shipley, T. F. (1991). A theory of visual
interpolation
in
object
perception. Cognitive
psychology, 23(2), 141-221.
Kellman, P.J., Yin, C. & Shipley, T.F. (1998). A common
mechanism for illusory and occluded object completion.
Journal of Experimental Psychology: Human Perception
& Performance, Vol. 24, No. 3, 859-869.
Krizhevsky, A., Sutskever, I., & Hinton, G. E. (2012).
Imagenet classification with deep convolutional neural
networks. In Advances in neural information processing
systems (pp. 1097-1105).
LeCun, Y., Bottou, L., Bengio, Y., & Haffner, P. (1998).
Gradient-based
learning
applied
to
document
recognition. Proceedings of the IEEE, 86(11), 2278-2324.
Murray, R. F. (2011). Classification images: A
review. Journal of Vision, 11(5), 2-2.
Peterson JC, Abbott JT, Griffiths TL. Adapting deep network
features to capture psychological representations. arXiv
preprint arXiv:1608.02164. 2016 Aug 6.
Prins, N. (2014). Kingdom, FAA (2009). Palamedes: Matlab
routines for analyzing psychophysical data.
Ringach, D. L., & Shapley, R. (1996). Spatial and temporal
properties of illusory contours and amodal boundary
completion. Vision research, 36(19), 3037-3050.
Simonyan, K., & Zisserman, A. (2014). Very deep
convolutional
networks
for
large-scale
image
recognition. arXiv preprint arXiv:1409.1556.
Vedaldi, A., & Lenc, K. (2015, October). Matconvnet:
Convolutional neural networks for matlab. In Proceedings
of the 23rd ACM international conference on
Multimedia (pp. 689-692). ACM.
Wang, J., Zhang, Z., Xie, C., Zhou, Y., Premachandran, V.,
Zhu, J., ... & Yuille, A. (2017). Visual Concepts and
Compositional Voting. arXiv preprint arXiv:1711.04451.

1315

What You Are Getting and What You Will Be Getting: Testing Whether Verb
Tense Affects Intertemporal Choices
Akshina Banerjee
The University of Chicago , Chicago, Illinois, United States
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University of Chicago, Chicago, Illinois, United States
Abstract
We investigate the effect of manipulating verb tense (e.g, getting $5 vs. will get $5) within a single language on intertemporal tradeoffs presented as written stimuli. Verb tense can significantly affect choices between options, with people
preferring present-tense options, due to inferences about timing. However, this occurs only in the complete absence of
other timing cues and is eliminated by introducing even vague or non-diagnostic time cues. Gricean maxims of conversational implicature say that people maximize relevance and minimize quantity in conversations. Our results suggest that
that decision makers search across cues for the most relevant information. Tense is deemed to be such a cue in the absence
of other temporal information.
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Abstract
Exposure to mixed evidence can lead to polarization, or
adopting a more extreme version of one’s initial attitude. One
potential reason for this is attitude congruency bias, rating
evidence that supports one's attitude as stronger than evidence
that undermines it. Here we explore factors associated with
this bias and their relationship to attitude change following
exposure to mixed evidence. We conducted several tests,
including an attitude survey on two controversial social
issues, a poll regarding participants’ affective involvement in
each issue, an argument rating task, and assessments of
knowledge about social issues and political sophistication.
We replicated the attitude congruency bias. Ratings bias was
associated with affective involvement, but not with measures
of topic knowledge or political sophistication. Attitude
change was predicted by a linear combination of objective
argument strength and rating bias. Participants’ sensitivity to
objective argument strength suggests the attitude congruency
bias does not inevitably lead to polarization.
Keywords: decision making; reasoning; motivated reasoning;
rationality; language and thought; attitude congruency bias

Introduction
Over time, people form attitudes about objects, people, and
issues. These attitudes may change through any number of
affective, cognitive, and/or behavioral mechanisms (see
Petty & Wegener, 1998 for an account of the Elaboration
Likelihood Model of persuasion). New information can lead
to attitude change, but often that information is judged in
light of extant attitudes (prior opinions).
Judging information differentially in consideration of its
agreement with prior opinions may be natural and beneficial
in environments where one's beliefs are true most of the
time (Alloy & Tabachnik, 1984). One study showed that
scientists judged research as being of higher quality when
its conclusions were in agreement with their own prior
opinions (Koehler, 1993). Researchers rejected the quality
of studies based only on their outcomes, not the merits of
the design. This can be viewed as rational when findings are
inconsistent with a body of scientific knowledge, but
outside of established fields could clearly present
difficulties in reaching consensus.
Fortunately, polarization, where exposure to the same
evidence leads people to opposite attitude adjustments in the
direction of their prior attitudes, is relatively rare (Kahan,
Peters, Dawson, & Slovic, 2017), although repeated

discussion within a group with a strong sense of shared
identity can lead individuals to hold more extreme attitudes
(Sunstein, 2002). The domain of social and political issues
may be one such special case, since in many areas there can
arise “two sides” of a seemingly factual issue, with
supporters on each side failing to change their beliefs
toward an objective consensus (Kahan, 2016). For example,
in a survey of American voters, 75% of self-identified
liberals believed that climate change was due primarily to
human activity, whereas only 45% of conservatives shared
this belief (McCright & Dunlap, 2011).
One explanation for polarization on social issues is
motivated reasoning (Ditto & Lopez, 1992; Kunda, 1990).
On such accounts, attitude polarization occurs because
people with opposing views draw opposite conclusions from
the very same evidence. In a classic study, Lord, Ross, and
Lepper (1979) queried participants about their views on
capital punishment, and then presented them with the results
of two studies, one that suggested the death penalty deters
crime, and one that suggested the opposite conclusion.
Participants were asked to rate the quality of each study, and
then to re-characterize their views on the death penalty.
Interestingly, participants tended to rate the study that
supported their own beliefs as being objectively better than
the one that undermined them, and each group adjusted their
beliefs to more strongly favor their original position (Lord,
Ross, & Lepper, 1979).
Subsequent studies have shown that exposure to mixed
evidence can lead people to polarize, changing their beliefs
to be more in line with their initial attitudes (Edwards &
Smith, 1996; Taber & Lodge, 2006). One explanation for
this change in belief is that people accept information
congruent with their extant opinions without critical
examination, while incongruent information is critically
examined and judged more negatively in the presence of
negative affect (Taber, Cann, & Cucsova, 2009).
If the process by which the attitude congruence bias leads
to polarization does involve emotional processing of
evidence, then people with emotional commitment to their
attitudes may be more likely to display the bias and also to
polarize. If, however, knowledge about a topic influences
the way evidence is processed, we may see topic knowledge
influencing belief change.
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We first examine which variables are related to attitude
congruency bias, specifically whether affective involvement
leads to increased bias or whether cognitive factors of
knowledge about the topic or political sophistication can
predict argument ratings. Next, we examine the role of
attitude congruency bias in attitude change and explore the
contribution other factors. Findings are interpreted in light
of their consistency with accounts of motivated reasoning.

Methods
Participants
Participants were undergraduate students enrolled in
Psychology, Linguistics, or Cognitive science courses at the
University of California, San Diego (UCSD) (n=141, 99
female) participating as part of a course requirement.
Participants ranged from 18 to 29 years of age (mean = 20).
All participants provided informed consent, and procedures
were approved by the Institutional Review Board (IRB) at
UCSD.

Procedure
After consenting to participate in the study, participants first
completed Initial Attitude and Affective involvement
measurements for each issue (described in the Materials
section). One of the issues was randomly assigned to the
Mix condition, meaning that the participant would read
arguments for and against the position articulated in the
issue statement (henceforth: the issue). The other issue was
assigned to the Control condition. Participants were not
exposed to any arguments regarding the issue in the Control
condition.
During the treatment phase of the study, each participant
read 3 Pro and 3 Con arguments regarding the issue in the
Mix condition. Arguments were presented in a random
order. Following the presentation of each argument,
participants used a 100-point slider to indicate the
argument’s strength on a scale from Weak to Strong
(numbers not visible). After half of the arguments,
participants were asked to describe their thoughts about the
argument via a typed response in a text box.
After the treatment phase, participants again completed
the attitude measurement survey for both issues to
determine their Post-treatment Attitude scores. Next,
participants completed a Topic Knowledge test for each
issue and a brief political knowledge quiz to assess their
political sophistication. Finally, they viewed a debriefing
page that explained the goal of the study and provided links
to the websites used for the argument texts.

Materials
The survey used for the present study contains a subset of
materials used in a previous study (Bardolph & Coulson,
2017). Two socio-political issues were included: animal
testing and the death penalty, selected from the most
popular topics on two debate websites, www.procon.org and
idebate.org. Text from both sides of debate arguments was

used to create one-paragraph arguments that either
supported or opposed the related issue.
Attitude measurement For both issues, participant attitude
was measured using 5 survey questions: A single policy
statement (“Animal testing should be banned”; “The death
penalty should be illegal”) with a rating slider from
Disagree to Agree (0 to 100, numbers not visible), followed
by four position statements for each issue. These position
statements were selected from “Points for” and “Points
against” on the idebate.org archive (e.g., “Animals involved
in animal research are mostly well treated.”). Each position
statement was rated using a 9-point scale of agreement/
disagreement. Ratings from the policy statement and the
four position statements were scaled and combined to form
an average initial Attitude, ranging from -5 (most opposed
to the issue) to 5 (most in favor of the issue).
After the experimental treatment, participants responded
again to the same five statements for each issue. Responses
were combined as before to form an average post-treatment
attitude score.
Affective involvement For each issue, affective involvement was measured using 4 survey questions with a 9-point
rating scale indicating: how much participants care about
the issue, how strong their feelings are, how certain they are
of their feelings, and how much they have thought about the
issue. These four measurements were combined to form a
measure of affective involvement.
Arguments Six supporting (Pro) and six opposing (Con)
arguments were selected using text from the debate sites for
each issue. Arguments were generally matched for content
(i.e., if a Pro and a Con argument addressed the same point,
both arguments were usually selected), and for length (mean
argument length = 120 words, sd = 11). To create arguments
of similar length, portions of longer arguments were edited.
A study of ratings for these arguments that drew from the
same participant pool indicated slightly higher ratings of
arguments regarding animal testing than the death penalty,
but revealed similar ratings for participants supporting and
opposed to the position statement for each issue
(Supporting: mean = 61.5 and Opposed: mean = 62.6 for
animal testing arguments, and Supporting: mean = 54.4 and
Opposed: mean = 55.8 for death penalty arguments).
Topic knowledge For each issue, topic knowledge was
measured using eight multiple choice factual questions (e.g.,
“Which animal is used most frequently for research?”; “The
death penalty was ruled to be constitutional in the US under
which amendment?”). These questions were piloted in an
earlier norming study. Items that were too easy or too
difficult were not included in the present study. Topic
knowledge for each issue is represented by the percentage of
questions the participant answered correctly.
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Analysis
Initial attitude and Post treatment attitude were scaled from
-5 to 5, representing, respectively, the opinion most opposed
to each issue, and most in favor of the issue. In this coding,
a positive score represents an attitude in favor of the legality
of animal testing and the legality of the death penalty. A
measure of attitude change was created by subtracting each
participant's Prior attitude from their Post treatment attitude.
Consequently, Attitude change could range (in principle)
from -10 to 10. Affective involvement ratings for each
participant for each issue ranged from 1 to 9 (least to most
strong). Items for which participants spent less than 3
standard deviations below the median log reading time or
more than 3 standard deviations above the median log
reading time were removed (9 items out of 846).
Argument ratings A linear mixed effects regression
(LMER) model was used to analyze argument rating data.
Models were constructed with the lme4 package in R
(Bates, Maechler, Bolker, Walker, et al., 2014 R Core
Team, 2015). Analysis involved construction of an LMER
model to predict argument ratings and the use of backward
model comparison using ANOVA. Models were fit with
random intercepts for participants and for arguments
(items). The use of random intercepts helps control for
individual variability in participants' use of the rating scale,
as well as for differences in the quality of particular
arguments (some arguments are intrinsically better and
consequently tend to be rated as stronger by all
participants). Backward model comparison yielded the most
parsimonious model that included all significant predictors
(p < .01 used as cutoff).
Linear models Predictive relationships among experimental
variables, including Attitude change, were analyzed with a
linear model in R. Analysis involved backward model
comparison using ANOVA to establish the optimal model.
This is roughly equivalent to selecting all predictors below a
threshold p value in the model ANOVA.
Objective argument rating To obtain an approximately
objective rating of argument strength, we used ratings from
two prior experiments where participants viewed the same
arguments in a mixed condition (Pro and Con arguments
presented together). N=39 for animal testing, N=48 for
death penalty, with participants' opinion approximately
evenly distributed for each issue (prior opinion ranged from
-4.1 to 3.9, mean = -0.2 for animal testing; -4.7 to 5.0, mean
= 0.1 for death penalty).
Ratings from the two prior experiments and the current
study did not differ significantly by study. Argument label
was used to predict an average rating of argument strength
for each argument. These predicted values from the two
prior studies were used as a measure of argument quality. In
the model, this factor is referred to as Argument.

Rating Bias To create a single measure of bias for each
participant, each argument's objective rating was subtracted
from the participant's rating. For example, consider a
participant who gave a Pro argument a rating of 90 (very
strong). If this argument's objective rating were 65, the
residual rating would be 25, indicating that this participant
is biased toward the Pro position.
An average rating bias was created by subtracting each
participant's bias in favor of Con arguments from bias in
favor of Pro arguments. Using this scale, bias reflects how
much stronger participants rated Pro arguments than Con
arguments for a given issue. For example, if a participant
were on average biased by 25 points in favor of Pro
arguments and 5 points against Con arguments (average bias
= -5 for Con arguments), their Bias score would be (25 - -5)
= 30, indicating that they rate Pro arguments more highly
than Con arguments. A participant who rated Con
arguments more highly than Pro arguments would receive a
negative Bias score. Bias scores were transformed to a zscore variable for modeling. A measure of Folded bias, the
absolute value of the bias term, was also used when
correlating the magnitude of bias with other variables.
Correcting Post-survey attitude regression to the mean
An overall regression toward the mean was present in both
the Experimental and Control conditions. On average,
participants' change from their Prior to Post-survey attitude
was toward the center of the attitude scale. This means that
participants in favor of an issue changed their opinion to be
more opposed to that issue and vice versa, even when they
do not read any arguments. For example, one participant in
favor of animal testing reported a prior attitude of 3.59 and a
post-survey attitude of 2.97 for animal testing. Although this
participant was not exposed to any arguments about animal
testing, their attitude moved toward the center of the attitude
scale. We refer to such “changes” in attitude as regression to
the mean.
To correct for regression to the mean, we used attitude
scores in the Control condition to determine a correction
factor that could be applied to the Treatment condition.
Beginning with data from the Control condition in which
participants read no arguments, we used linear regression to
predict post-survey attitude change from their initial attitude
reports. This average slope (-0.17) was subtracted from
attitude change measures in both the Control and the
Treatment conditions, effectively correcting for regression
to the mean. For example, the attitude change score for the
participant described above was corrected from -0.62 to 0.06.

Results
Histograms of participant variables used as predictors are
shown in Figure 1. The frequency of values of the predictor
is shown for Affective involvement, Topic knowledge,
Political sophistication, and Rating Bias (z-scored). Table 1
shows a correlation matrix for these four variables. The only
correlation trending toward significance is the correlation of
Affective involvement and Topic knowledge (p = .07).
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Table 1: Correlations of predictor variables.

Topic
knowledge
Political
sophistication
Bias

Figure 1: Histograms showing the frequency of (a)
Affective involvement: two measures per participant, one
for each issue; (b) Topic knowledge: two measures per
participant, one for each issue; (c) Political sophistication:
one measure per participant; and (d) Bias: one measure per
participant, calculated for the Treatment condition and
transformed to a z-score variable.

Argument rating
This analysis tests for the attitude congruency effect in
participants’ ratings of arguments regarding animal testing
and the death penalty by exploring how each participant’s
rating for a given argument varies as a function of their prior
opinion on the issue (opposed to supportive), and argument
polarity, that is, whether the argument itself was Pro or Con.
On such an analysis, attitude congruency bias is revealed by
a cross-over interaction of these factors, as participants rank
arguments congruent with their prior opinions as stronger
than arguments that are incongruent with those opinions.
Further, to see if attitude congruency was related to
participants’ affective involvement with the issue, their
political sophistication, or their degree of extant knowledge
regarding the topic, we included these factors as additional
predictors in the model.
Participants' argument ratings were analyzed with an
LMER model (as described in the Analysis section). The
initial model included predictors of Prior opinion, Affective
involvement, Argument polarity (Pro/Con), Issue (Animal
testing, Death penalty), Political sophistication, and Topic
knowledge, with random intercepts for participants and for
arguments. More complex models were compared to models
with fewer predictors using model ANOVA, yielding the
most parsimonious model that still contained all significant
predictors of Argument rating (using p < .01 cutoff).
Argument rating ~ Prior opinion * Argument polarity (1)

Affective
Involvement
0.11

Topic
Political
Knowledge Sophistication

-0.06

0.03

-0.09

-0.12

0.06

The model that best predicts argument rating is shown in
Equation 1.1 Results of the model are listed in Table 2. The
relationship between Prior opinion and Argument polarity is
shown in Figure 2. The predicted cross-over interaction
reflects the fact that participants who were extreme
supporters (5 on the Prior opinion axis) rated attitudecongruent Pro arguments as stronger than incongruent Con
arguments. Similarly, extreme opponents (-5 on the Prior
opinion axis) rated the attitude congruent Con arguments as
stronger than incongruent Pro arguments. However, while
the data suggest argument ratings were indeed subject to
attitude congruency bias, we failed to detect a relationship
between argument ratings and any of our other measures,
including affective involvement, topic knowledge, or
political sophistication. Affective involvement was
correlated with Prior opinion (R = 0.53, p < .001), but did
not have an additional effect on Argument rating.

Figure 2: Interaction of argument polarity and prior opinion
(-5 most opposed, 5 most in favor of the issue). Circles
represent individual argument ratings. Green and red lines
represent average rating of Pro and Con arguments
respectively.
1
This same analysis can be performed using Position and
Folded prior opinion (magnitude). The results are the same as
Equation 1, and the two models of Argument rating are not
statistically different.
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Table 2: Model results for Equation 1.
Factor
Prior opinion
Argument polarity
Prior opinion x Argument polarity

df
1
1
1

effects were found for other measures, including affective
involvement, topic knowledge, or political sophistication.
F value
4.7
1.3
86.9

Attitude change ~ Argument + Bias

(3)

Table 3: Model results for Equation 3.
Factor
Argument
Bias

Attitude change
Apart from the cause of attitude congruency bias, another
question of interest concerns its effects on attitude change.
Were participants who displayed attitude congruency bias in
their argument ratings more or less likely to change their
opinions? On some accounts, biased assimilation of the
evidence can have an undue effect on belief change and lead
to attitude polarization. To explore the impact of biased
assimilation on belief updating, we used linear models to
test whether there was a relationship between attitude
change and rating bias.
If biased ratings lead to polarizing, we expect a positive
relationship bias and attitude change: that is, positive Bias,
rating Pro arguments more highly, will lead to positive
Attitude change (more supportive of the issue). A negative
Bias, rating Con arguments more highly, will lead to
negative Attitude change (more opposed to the issue).
Participants' argument ratings, however, do not reflect
bias alone. Each argument may have a degree of strength
relative to other arguments, or an objective quality. An
individual's rating, therefore, may reflect the objective
argument strength and individual bias. For this reason,
argument ratings were split into a measure of objective
argument quality and individual bias.
Individual bias (labeled Bias) was calculated as described
in the Methods section and used to predict corrected
Attitude change in a linear model. This model tests whether
biased assimilation leads to polarizing. Objective argument
rating was included as an additional, separate predictor
(Argument). Further, to assess the impact of affective
involvement, topic knowledge, and political sophistication
on Attitude change, we included these factors as additional
predictors.
Analysis involved construction of a linear model to
predict Attitude change and the use of backward model
comparison to establish the optimal model. The initial linear
model included factors of Bias, Argument, Affective
involvement, Issue (Animal testing, Death penalty),
Political sophistication, and Topic knowledge. Nested linear
models were compared using model ANOVA in R as
described in the Methods section.
The model that bests predicts Attitude change is shown in
Equation 3. There was a significant main effect of
Argument (p < .005), and a main effect of Bias (p = .013).
The coefficient for both predictors was positive: Argument
ratings in favor of Pro arguments predict opinion change in
support of the issue, Bias in favor of Pro arguments predicts
opinion change in support of the issue, and vice versa for
Argument/Bias in favor of Con arguments. No significant

Estimate
0.27
0.20

df
1
1

F value
10.9
6.3

P value
< .005
.013

Discussion
Here we explored the importance of topic knowledge and
political sophistication on the one hand and affective
involvement on the other to different phenomena related to
reasoning about controversial social issues.
Our initial analyses explored the role of these factors in
how participants evaluate arguments that are congruent vs.
incongruent with their prior attitudes on the issue. We found
attitude congruency bias, but no evidence for contribution of
knowledge, political sophistication, or affective involvement
as moderators of this phenomenon. Replication of the
attitude congruency bias is consistent with previous findings
(Lord, Ross, & Lepper, 1979; Edwards & Smith, 1996;
Taber, Cann, & Cucsova, 2009; Bardolph & Coulson, 2017)
and consistent with accounts of motivated reasoning. The
present study does not indicate that this bias is related to
how knowledgeable individuals are about the topic under
discussion. Because prior attitudes are highly correlated
with affective involvement, the degree to which individuals
care about an issue may contribute to their bias, although a
precise relationship cannot be established by these data.
Further, we explored the role of topic knowledge, political
sophistication, and affective involvement in ratings bias.
Although we found no relationship between either topic
knowledge or political sophistication in participants’ degree
of ratings bias, we did find a positive association between
bias and affective involvement. The more affectively
involved participants were with a given issue, the more
biased their argument ratings were. These data are in
keeping with motivated reasoning accounts.
Finally, we explored the relative importance of ratings
bias, objective argument quality, affective involvement,
topic knowledge, and political sophistication for attitude
change. Of these factors, only objective argument quality
and ratings bias were significant predictors of attitude
change. While the relationship between ratings bias and
attitude change is in line with motivated reasoning, our
models suggest objective argument quality is a slightly
better predictor of attitude change. The latter finding
indicates participants were sensitive to the quality of the
evidence, changing their opinions more when they were
exposed to strong arguments than when they were exposed
to weak ones.
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These data argue against prior studies that suggest the
attitude congruency bias demonstrated in the present study
is likely to lead to the polarization of opinions (Taber, Cann,
& Cucsova, 2009). Attitude change in the present study was
in fact more influenced by the objective quality of the
arguments than the participants’ ratings bias. The present
study suggests that while people are more skeptical of
evidence that contradicts their existing attitudes, they are
also sensitive to the quality of that evidence.
One limitation of the present study was the use of a
highly-educated sample from a leading public university in
the United States. The behavior of these student participants
may not generalize to a larger sample. It is also possible that
measurements of participants’ attitudes do not reflect a
single, stable opinion, but a combination of response
instability and multiple response effects (see Zaller, 1992
for a model of survey response). Our method of correcting
for regression to the mean addresses some of this variability,
but there may be aspects of participants’ opinions that are
not fully captured by the survey methods.
Overall, these data are consistent with accounts of
motivated reasoning, replicating the phenomenon of attitude
congruency bias and revealing a relationship between bias
and affective involvement in a controversial social issue.
However, they also reveal participants’ rational sensitivity
to the quality of the evidence with which they are presented.
This sensitivity to argument quality could potentially
mitigate attitude polarization. It also highlights the possible
impact of exposure to media of varying quality: although
consumers of media may indeed be biased by their own
attitudes, persuasive arguments from quality sources may
have an impact on attitude change.
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Abstract
The reaction time (RT) version of the Perruchet Effect is based
on a concurrent dissociation between RTs to respond and
conscious expectancy of the outcome across runs of repeated
trials. Consequently, the Perruchet Effect is considered strong
evidence for multiple learning processes. This conclusion,
however, relies on the RT trend being driven by associative
learning rather than, as some have argued, US recency or
priming mechanisms. Recent research examining the
mechanisms underlying the RT trend do so by examining
motor activity associated with the response. With this aim in
mind, the current study developed, and assessed the usefulness
of, a novel method to measure changes in the amount of force
applied to the response button in an RT Perruchet paradigm.
The results obtained could not be explained by a single
mechanism, but suggest multiple factors underlying the RT
version of the Perruchet effect.
Keywords: Associative learning; Perruchet Effect; Reaction
Time

Introduction
Pavlovian conditioning involves pairing a neutral stimulus
(the conditioned stimulus, CS) with a motivationally
significant stimulus (the unconditioned stimulus, US) which
provokes an automatic, unconditioned response (UR).
Repeated pairings of the CS and the US leads to the
development of a conditioned response (CR) which is
produced in response to the CS (Pearce, 2013). Despite being
well established, there is still some debate regarding the
mechanisms behind the development of the CR in humans.
Consequently, two main classes of learning model have
emerged: one which proposes a single, propositional learning
mechanism (Mitchell, De Houwer, & Lovibond, 2009), and a
dual processing model (McLaren, Green & Mackintosh,
1994). The propositional approach argues that the CR
develops because participants become aware of the CS-US
contingency and can verbalise it as a rule (Mitchell, De
Houwer, & Lovibond, 2009). In contrast, the dual process
account posits that, as well as this propositional system, the
CR can also be learned through the formation of associations
between mental representations of events such that activation
of one automatically activates the other (McLaren, Green, &
Mackintosh, 1994).
Whilst there has been some difficulty in providing
evidence for one approach over the other, robust evidence in

support of the dual process account comes from experiments
examining the Perruchet Effect. The Perruchet Effect is the
concurrent dissociation between conscious expectancies for
an outcome, and behavioural responses to that outcome under
a partial reinforcement schedule (Perruchet, 1985). By
presenting the same CS on every trial, but only pairing it with
the reinforcement US on 50% of trials, the paradigm allows
the two learning mechanisms (propositional and associative)
to predict opposing outcomes. The propositional account
predicts that, because participants are explicitly aware of the
50/50 probability of US occurrence, repeated presentations of
reinforced trials lead participants to have a higher expectation
of a non-reinforced trial (following the gambler’s fallacy;
Burns & Corpus, 2004). Conversely, the associative account
predicts that repeated CS-US pairings strengthen the
association between the CS and the CR and lead to faster or
more pronounced responses. Both patterns are evident in the
Perruchet Effect; the propositional prediction is found in
participants’ conscious expectancies, and the associative
prediction is found in the behavioural responses.
There has been some debate regarding whether the pattern
of behavioural responses in the Perruchet Effect does reflect
associative learning, or whether it is due to a US
recency/priming effect. US recency/priming predicts that
changes in the CR are due to the recent presentation of the
US, priming the participant to produce a response
(Weidemann, McAndrew, Livesey, & McLaren, 2016).
According to this account, recent response performance
reduces the activation threshold for subsequent responses,
making them easier to produce (Fecteau & Munoz, 2007).
The response recency account has been examined, with a
focus on its predictions regarding motor activation, in
McLaren et al, (2018). They utilized a Go-NoGo paradigm
(see Verbruggen et al, 2016) in which participants were
shown a brown cylinder (the CS) on every trial, followed by
one of two US’s (the words “Peanut Butter” or “Brown
Sugar”), each of which was presented on 50% of trials. One
of the US’s was designated the goUS (+) and the other the
nogoUS (-). They measured RTs and participants’
expectancies regarding which US would appear on the
upcoming trial. McLaren et al (2018) also examined muscular
activity before and during a trial by measuring Motor Evoked
Potentials (MEPs). It was hypothesized that, if the Perruchet
Effect involves associative learning, no preparatory motor
activity should be seen until presentation of the CS. However,
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if there is a US recency/priming effect, motor preparation
should be evident before the CS, during the ITI. McLaren et
al found that preparatory motor activation was present during
the ITI, but this was relatively independent of the number of
goUS trials (i.e. run length within a trial of a given type, + or
-), depending more on whether a goUS had been presented on
the previous trial or not. Another component was CS
dependent, and this varied with run length. These findings
suggest that changes in motor activation may not be
influenced solely by the associative strength of the CS-goUS
relationship, but by a combination of this factor and some sort
of priming.

This position minimised any pulse read-out whilst still being
a comfortable part of the finger through which to apply force
to the pedal. Participants had to constantly apply a downward
force to the pedal throughout the experiment. This was to
provide a higher-than-resting level of motor activation,
making the pedal-press responses and changes in force more
easily detectable.

The current study
The current study utilized the same paradigm as McLaren
et al’s (2018) except for the MEP methodology. The MEP
method does provide useful insights into motor activity, but
it is costly, time-consuming and uncomfortable for the
participant. In addition, only one measurement can be taken
per trial, and therefore changes in motor response over the
course of a single trial cannot be studied. The current study
aimed to develop a less demanding technique which would
provide continuous data about motor activity. The novel
method was designed to measure changes in the amount of
force (Δforce) applied to a response pedal. Developing and
evaluating this technique for its ability to provide useful data
was the central aim of this study. Analysis was, therefore,
largely exploratory. We predicted we would find the standard
Perruchet Effect in the RT and expectancy data. We also
examined whether the Δforce data provided any insights into
the onset of preparatory motor activation, and these results
are discussed with reference to associative, propositional and
other accounts of the Perruchet Effect.

The Experiment
Method
Design and subjects The experiment used a within subjects
design, comparing RTs, expectancies and Δforce across
different run lengths. Sixty-nine subjects were recruited from
the student body of the University of Exeter. Of these, eight
were excluded from analysis; six due to not completing the
experimental task and two due to software failures during
data collection. A total of sixty-one participants were
included in analysis (45 female; mean age 22.33 with a range
of 18-40 years). Participants were either paid £7.50 or
awarded 1.5 course credits for participation.
Force measure The manipulandum designed for this
experiment acted as the response pedal. The final design
consisted of two parts (see Figure 1); a pedal, which allows
for more dynamic variations in force than a simple button,
and a force transducer, which converts the amount of pressure
applied to the surface of the pedal into a voltage proportional
to the rate of change in the amount of force applied. The force
transducer was fitted around the middle finger of the
participant’s left hand, in-between the two phalangeal joints.

Figure 1: Photograph of the response pedal as participants
were instructed to use it
Pilot tests identified the most suitable block length to
prevent discomfort from the prolonged strain of constantly
pressing down on the pedal. Participants were also allowed to
take as much time to rest between blocks as they needed.
Stimuli and apparatus The experimental task was presented
using E-Prime 1.0 software on a PC. The stimuli used are the
same as those used by McLaren et al (2018). Each trial started
with the CS, a static image of a brown cylinder, presented for
five seconds. This was immediately followed by one of the
two USs (“Brown Sugar” or “Peanut Butter”) upon
termination. The designation of which US was the goUS was
counter-balanced across participants, and each was presented
on half of the trials
Participants gave expectancy ratings during CS
presentations on every trial. Ratings of how likely the
nogoUS was were made from one (low expectation of
nogoUS) to five (high expectation of nogoUS) on the five
keys of a Contour ShuttleXpress button using their right
hand. Ratings were taken for this US in order to focus
attention on it rather than the goUS, as we have found this
technique useful for producing the Perruchet effect when two
explicit outcomes are available (McAndrew et al, 2013).
These ratings were then converted into ratings for the goUS
using the formula goUS rating = 6-nogoUS rating.
Participants used their left hand to give a speeded RT
response to the presentation of the goUS using the response
pedal. The US terminated either when a response was given
or after two seconds. A tone was broadcast for 500ms if an
incorrect response, or no response, was made. The ITI varied
randomly between 2-3 seconds.
To assess the effects of different run lengths of repeated
trials, a repeated-measures factor of run length (number of a
given trial type that occur in a row) was constructed. This
factor had ten levels; -5, -4, -3, -2, -1, +1, +2, +3, +4, +5 (“-”
indicates nogoUS trials, “+” indicates goUS trials). Response
measurements were taken on the trial after the run itself.
Sequences of 348 trials were constructed with a binomial
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distribution of the different run lengths (see Table 1).
Sequences were split into 12 blocks of varying lengths. An
additional four trials were added to the beginning of each
sequence as practice trials, giving a total of 352 trials.
Table 1. Distribution of run types.
Non-reinforced
Reinforced (goUS)
(nogoUS)
Run
length
Number
of runs

-5

-4

-3

-2

-1

+1

+2

+3

+4

+5

3

6

21

45

93

93

45

21

6

3

Results
All data was analysed using repeated measures (RM)
ANOVAs on IBM SPSS Statistics 23. If Mauchly’s test for
sphericity was violated for any analysis, degrees of freedom
were corrected using the Huynh-Feldt method. To check for
outlier influences, median values for each participant were
calculated and subjected to the same analyses as the means.
No substantial differences were found when this was done,
indicating that outliers did not cause significant biases in the
analyses using means, and hence these are reported here.
For RT, expectancy and Δforce, means were calculated first
as a function of run length. Run lengths 4 and 5 did not
provide sufficient data (see Table 1, their frequency of
occurrence is low) for reliable analysis (except in the case of
expectancies which are less variable) so only data from run
lengths -3 to +3 were used. Then factors of prior US
experience and Level were constructed. The prior US
experience factor looks at the effect of US absence/presence
in the preceding trial (i.e. – vs. + trials). The Level factor
involved collapsing run lengths -3 and +1 (Level 1), -2 and
+2 (Level 2), and -1 and +3 (Level 3), thereby capturing the
influence of run length within a given trial type (McLaren et
al, 2018).
Response times RTs for responses made on each go trial
were recorded in milliseconds using E-Prime. Data was
extracted for all go trials on which a response was made, and
analysed separately as a function of run length, Level and
prior US experience. Our findings replicated the standard
pattern found in RT Perruchet experiments (see Figure 2).
Participants responded faster after go trials than after no-go
trials, and RT decreased with Level.

RT(ms)

Procedure Participants were told the following cover story
before beginning the experiment: “You are playing the role
of a doctor whose patients all have diabetes. Each of your
patients has eaten a meal before calling you. The meal is
represented on the screen as a brown cylinder. Half of the
time, the brown cylinder represents peanut butter, and the
other half of the time it represents brown sugar, but you
cannot tell which one. When you see the brown cylinder, you
need to rate how much you think the patient has eaten peanut
butter by pressing one of the five buttons on the
ShuttleXpress with your right hand. These ratings range
from: 1 (“It definitely won’t be peanut butter”) to 5 (“It
definitely will be peanut butter”). If the patient has eaten
brown sugar you need to administer insulin as quickly as
possible by pressing the pedal all the way down using your
left hand. However, if the patient has eaten peanut butter you
don’t need to do anything.” Half of the participants were
given this scenario (Brown Sugar as the goUS), the other half
were told patients had a nut allergy and the goUS was Peanut
Butter. The sequence of events was the same for all
participants (see Figure 1).

task. They were then debriefed and thanked. The experiment
lasted approximately one hour and fifteen minutes.

750

750

700

700

650

650
RT after RT after
+

Level Level Level
1
2
3

Figure 3: The left panel shows mean RTs by prior US
experience, the right panel shows mean RTs as a function of
Level. Error bars give SE of the mean.

Figure 2: Diagram of the two trial types in the experiment.
Once these instructions were given, participants had the
transducer fitted to the middle finger of their left hand and
were instructed on how to position their hand on the response
pedal to ensure that the transducer was flat against the pedal
and their finger. They were also instructed to apply constant
downward pressure – enough to feel that they were exerting
effort but not enough to move the pedal.
After completing the experimental task participants filled in
a short questionnaire to assess their knowledge of the
paradigm and any strategies they employed to complete the

There was a significant main effect of run length, F4,240 =
11.91, p < .001, such that RTs decreased linearly across run
length, F1,60 = 24.72, MSE = 3794.13, p <.001, η2p = 0.29.
The main effect of prior US experience was also significant,
showing that participants were significantly slower to
respond after a nogo trial (M = 726.93, SE = 19.40) than after
a go trial (M = 698.09, SE = 18.15), F1,60 = 25.61, p <.001. A
significant main effect of Level was found, F2,120 = 6.06, p =
.003, in the form of a significant decreasing linear trend

1325

Expectancies Expectancy ratings made on each trial were
recorded on E-Prime. Participants rated their expectation of
the nogoUS. These were transformed to reflect expectancy of
the goUS using the formula (6) – (expectancy rating). Values
were averaged and analysed in the same way as the RT data.
Inclusion of run lengths -4 and +4 did not change the analyses
so run lengths -3 and +3 were used to maintain
correspondence with the other analyses (see Figure 3).

3
1
Ex
Ex
after - after +

5
3

ΔForce (V)

5

Rating

Rating

A significant main effect of run length was found, F2,95 =
3.80, p = .035, in the form of a significant cubic trend, F1,60 =
13.79, MSE = 0.16, p = < .001, η2p = 0.19. Expectancies
following nogo trials (Mean = 3.10, SD = 0.48) were not
significantly different from expectancies following go trials
(Mean = 3.08, SD = 0.50), F1,60 = 0.005, p = .943. The main
effect of Level was significant, F1,66 = 10.72, p = .001, and
there was a significant decreasing linear trend across Level,
F1,60 = 11.20, MSE = 0.25, p = .001, η2p = 0.16.

Δforce during the ITI A significant main effect of run length
was found, F1,64 = 4.15, p = .043, such that Δforce decreased
linearly across run length, F1,60 = 4.28, MSE = 0.000, p =
.043, η2p = 0.07. Participants were increasing the amount of
force they applied to the pedal after nogo trials (M = 0.002,
SE = 0.000), and decreasing the amount of force after go trials
(M = -0.001, SE = 0.002). These changes were significantly
greater after nogo trials than after go trials, F1,60 = 4.36, p =
.041. A one-sample t-test showed that mean Δforce was
significantly greater than zero after nogo trials, t(60) = 26.10,
p = < .001, but was not significantly different from zero
following go trials, t(60) = -0.86, p = .391. This indicates that
participants were reliably applying more force to the response
pedal during the ITI after nogo trials, but not following go
trials. There was no significant main effect of Level, F1,83 =
2.48, p = .108, suggesting that changes in ITI Δforce were not
strongly influenced by within-run effects.
These findings may reflect some preparation for a response
on the upcoming trial. But given that expectancy did not
significantly change as a consequence of trial type (- vs. +),
but did over Level, this pattern is inconsistent with a
propositional account of the Perruchet effect. In other words,
we cannot easily attribute variations in ∆force to variations in
expectancy.

1
Level Level Level
1
2
3

Figure 4: Mean expectancy ratings as a function of prior US
experience and Level. Error bars are too small to see easily.
These findings are consistent with the gambler’s fallacy;
participants have a greater expectation of a go trial following
successive nogo trials and lower expectation following
successive go trials. Together with the RTs, these results
show that participants are responding fastest when they least
expect another go trial. This is consistent with the standard
Perruchet Effect and suggests that pedal-press responses are
being driven by something other than the conscious,
propositional processes driving expectancies. It also suggests
that the priming effect of a go trial is not expectancy based.
Δforce Data Δforce was recorded throughout the experiment
using LabChart. Three intervals within each trial were
identified for analysis, and the integral relative to the baseline
imposed by LabChart at the start of recording was calculated,
giving the change in force during that period. These intervals
were: (1) a 2 second interval during the ITI (integral of 2
seconds before CS onset), (2) the 5 seconds during CS
presentation (integral of 5 seconds after CS onset), and (3) a
2 second interval following US onset during which a response
would be given on go trials (integral of 7 seconds after CS
onset minus integral of 5 seconds after CS onset).

.0040

ΔForce (V)

across Level, F1,60 = 9.80, MSE = 976.22, p = .004, η2p =
0.13.

.0020
.0000
-.0020
-.0040

Force Force
after - after +

.0020
.0010
.0000

Force Force
after - after +

Figure 5: Mean change in force as a function of prior US
experience during the ITI (left) and the CS (right). Error bars
give SE of the mean.
Δforce during the CS Averages for this interval (5 sec in
length) were divided by 2.5 so that the integral value
corresponded to that of a 2 second interval allowing for better
comparison between this interval and the ITI.
A significant main effect of run length was found, F3,205 =
8.68, p = < .001, in the form of a significant decreasing linear
trend across run length, F1,60 = 14.42, MSE = 6.80E-7, p <
.001, η2p = 0.194. One-sample t-tests showed that mean
Δforce was significantly greater than zero following both
nogo trials, t(60) = 27.57, df = 60, p = <0.001 and go trials, t
= 16.77, p = <.001, indicating that participants were applying
an increasing amount of force to the pedal after CS onset.
This increase was significantly greater after nogo trials (M =
0.0019, SE = 0.000) than go trials (M = 0.0015, SE = 0.000),
F1,60 = 19.65, p < .001. There was no significant effect of
Level, F2,120 = 0.06, p = .947 suggesting that changes in CS
Δforce were not driven by trial order, but by prior US
experience.
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Δforce during the US The US presentation interval
contained the response on go trials, so data for go trials (goUS
Δforce) and nogo trials (nogoUS Δforce) were analysed
separately.
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by previous trials. But note that comparing this analysis to the
RT data shows that the change in force over the US period
gets smaller as RTs get faster. We will return to this
comparison in the General Discussion.

General Discussion

.0150
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Figure 6: Mean change in force during the US period as a
function of prior US experience and Level. The open symbols
are for go trials, the filled symbols for nogo trials. Error bars
give SE of the mean.
GoUS Δforce A significant main effect of run length was
identified, F2,133 = 4.93, p = .007, along with a significant
decreasing linear trend, F1,60 = 8.57, MSE = 0.000, p = .005,
η2p = 0.125. One-sample t-tests showed that mean Δforce
was significantly greater than zero for both levels of prior US
experience (following no-go trials: t(60) = 2.55, p = .013;
following go trials: t(60) = 2.21, p = .031) indicating that
participants were applying an increasing amount of force
following US onset on go trials. This increase was
significantly greater following nogo trials (M = 0.009, SE =
0.004) than go trials (M = 0.007, SE = 0.003), F1,60 = 9.27, p
= .003. There was a significant main effect of Level, F1,80 =
4.22, p = .032, in the form of a significant decreasing linear
trend across Level, F1,60 = 4.22, MSE = 2.56E-5, p = .017,
η2p = 0.07.
NoGoUS Δforce For nogoUS Δforce there was no significant
main effect of run length, F3,164 = 0.51, p = .769, prior US
experience, F1,60 = 1.05, p = .310, or Level, F2,91 = 0.41, p =
.605. These findings indicate that the amount of force applied
to the pedal during this interval was not strongly influenced
by the preceding trial(s).
The finding that US Δforce varied significantly as a
function of the independent variables during go trials but not
nogo trials indicates that the differences observed may be a
result of the response being present on go trials. To test for
this a two-factor RM ANOVA was run to examine the
interaction between each of the three factors separately (run
length, prior US experience and Level) and trial type (go vs.
nogo) on US Δforce. The interaction between run length and
trial type was significant, F2,144 = 4.09, p = .013, as was the
interaction between prior US experience and trial type, F1,60
= 7.59, p = .008. The interaction between Level and trial type
approached significance, F1,89 = 3.36, p = .053. These results
indicate that the effects of the IVs differ as a function of trial
type. This is most likely due to the presence of the response
on go trials. Hence this ∆force measure seems to be capturing
something about how the response on a given trial is affected

This experiment adopted a novel method to investigate motor
activity. The method was designed to measure changes in
force applied to a response pedal throughout a Go/NoGo RT
variant of the Perruchet experiment. RTs and expectancies
described a standard Perruchet Effect; RTs were fastest after
successive go trials when expectancies for another go trial
were lowest. The effect of Level on RTs suggests an
influence of trial order, which is in keeping with the
associative learning account (McLaren, Green, &
Mackintosh, 1994). On the other hand, the fact that the effect
of prior US experience is stronger than that of Level suggests
that a recency/priming mechanism may be involved as well.
One aim of this analysis was, therefore, to establish whether
the Δforce data could help to further interpret these two
explanations.
The presence of systematic differences in the Δforce data
suggests that elements of the experimental paradigm
influenced changes in preparatory motor activity. Closer
examination of these differences reveals patterns that cannot
be easily explained by either the associative or propositional
accounts of the Perruchet Effect either singly or in
combination.
The basic associative account predicts that run length
should only affect motor activity after CS onset. The effect of
run length on motor activity during the ITI suggests an
influence of something other than associations between CS
and outcome. One possibility might be that this finding
suggests some influence of the processes involved in forming
expectations, as these can begin to influence behaviour before
the CS. Correlations between both ITI and CS Δforce, and
expectancies, however, showed no significant correlations
(all r’s < 0.12, all p’s > 0.40) indicating that expectations did
not influence changes in Δforce. And, as we have already
remarked, the fact that there is an effect of Level on
expectancy, but no effect of prior US experience is
inconsistent with the pattern of results for ∆force.
So, if a straightforward application of both associative and
expectancy-based accounts fails, how are we to explain the
pattern that we see in the force data? We start by postulating
that the generally increasing force applied as we move out of
the ITI and the CS is presented reflects some form of motor
preparation prior to US delivery. In essence, participants are
getting ready to make a response if it is required. If we further
assume that this preparation is, in some way, able to take into
account other factors that will influence execution of the
response, then we may be able to explain these variations in
∆force.
A first step is to assume that response priming as a
consequence of having made a response on the previous trial
manifests as an increase in the force applied to the button.
This follows from the assumption that there is a US
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recency/priming effect (Weidemann et al., 2016). Such an
account predicts that recent production of a response
heightens or potentiates activation for the following trial,
leading to less additional activation being needed to reach
threshold for producing a motor response (Fecteau & Munoz,
2007; Weidemann & Lovibond, 2016). We would expect this
to manifest in the ITI and then continue to have an effect up
to and including the response. But note that the effect is to
reduce the increase in force recorded after go trials, because
less preparation is needed due to this response priming
already producing a higher baseline value of the force on the
pedal. In other words, there is less need to increase the force
applied because it is already high. One finding that
contradicts this hypothesis is that there is no effect of prior
US experience on nogo trials during the period when the
nogoUS is presented, but this could be due to a reset
mechanism that applies if the response does not occur. Note,
however, that this response priming cannot be cumulative
over trials on which a response has occurred, otherwise we
would see an effect of Level in the ITI and we do not. Rather
it is all-or-none, dependent on whether a response is made or
not.
Which leaves us with the effect of Level on go trials in the
US period to explain, in conjunction with the absence of any
effect of Level during the CS. One possibility here is that the
preparation that leads to variation in ∆force cannot allow for
this effect because it has no knowledge of it. On this
argument, variations in the CS-US association are
instantiated via some multiplier on this pathway (or possibly
on some separate, parallel pathway), whereas response
priming has a more direct effect and so can be allowed for.
The response priming effect is a general one, independent of
the particular outcome used during training, whereas the CSUS association is more specific in its' effects. The only time
that this effect can be seen in this experiment is when a
response is actually given as then the multiplier is effective.
Now, the greater gain on the pathway means that less source
activation is required to implement the response. The result
is a faster response, and a quicker reduction in activation of
the pathway afterwards (as less initial input to that pathway
was needed) producing the effect of Level on ∆force. We
further investigated this effect of Level by running an
additional two-way RM ANOVA to see if the effects of Level
during the goUS differed significantly to that during the CS.
A significant interaction was found, F1,81 = 4.24, p = 0.031,
indicating that the effect of Level on Δforce differed
significantly between measurement intervals. This result
certainly supports the contention that the influence of CS-US
associations can only be seen on the ∆force measure during
an actual response.
Our discussion highlights that the Δforce data cannot easily
be accounted for by a single mechanism. But whilst we
cannot unambiguously identify the mechanisms responsible
for the RT variant of the Perruchet Effect, we can rule out a
propositional explanation, and provide further confirmation
of the distinction between effects of prior US experience
(response priming) and Level (CS-US associations). We

conclude that this technique is an effective method for
investigating the Perruchet paradigm.
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Abstract

differently. Many of these same desirable difficulties have
also been shown to benefit long-term vocabulary learning in
a second language (R. A. Bjork & Kroll, 2015; Schneider,
Healy, & Bourne, 2002) by more fully engaging the learning system. In the current study, we extend the concept of
desirable difficulties in L2 learning from task structure to lexical properties, by examining the effectiveness of similarity
within and across languages during vocabulary learning.

Because learning a second language (L2) is difficult, many
learners start with easy words that look like their native language (L1) to jumpstart their vocabulary. However, this approach may not be the most effective strategy in the long-term,
compared to introducing difficult L2 vocabulary early on. We
examined how L1 similarity affects pattern learning in L2 by
teaching English monolinguals either an Englishlike or NonEnglishlike artificial language that contained repeated patterns.
We found that the first words that individuals learned in an
L2 influenced which words they acquired next. Specifically,
learning a new word in one session made it easier to acquire
a similar word in the next session. L2-similarity interacted
with L1-similarity, so that words that looked more like English
were easier to learn at first, but they were less effective at influencing later word learning. This demonstrates that although
native language similarity has a beneficial effect early on, it
may hinder long-term learning by decreasing recognition of repeated patterns within a second language. This surprising finding demonstrates that making early learning easier may not be
the most effective long-term strategy. Learning difficult vocabulary teaches the learner what makes the new language unique,
and this general language knowledge about language structure
is more valuable than the words themselves. We suggest that
difficulties during learning are not always to be avoided, as additional effort early on can pay later dividends.
Keywords: Language; Learning; Second language acquisition; Cross-language similarity; Psycholinguistics

Introduction

Native language similarity can be a useful language learning resource. Contrastive analysis that highlights similarities
and differences between the L1 and L2 can be highly effective (Laufer & Girsai, 2008; Lin, 2015), and adult language
learners readily identify L1 similarities (Ringbom & Jarvis,
2011). The way that similarities to the L1 can aid L2 learning has often been examined experimentally using artificial
languages, in order to closely control the amount of overlap
between the known language and the new language. Vocabulary learning is facilitated when novel words are designed
to either reuse native letter or sound patterns (i.e., frequent
bigram or biphone probabilities) or closely resemble a large
number of native words (i.e., large neighborhood size) (Bartolotti & Marian, 2017; Storkel, Armbrüster, & Hogan, 2006;
Thorn & Frankish, 2005).

For adults, learning a second language (L2) is often a difficult
task, requiring considerable time (Liskin-Gasparro, 1982). It
is estimated that you need to know over thirty thousand words
to comprehend a language fluently (Nation, 2006; Schmitt,
Jiang, & Grabe, 2011); not surprisingly, many learners are
constantly on the lookout for tips and tricks to make learning
easier and build up their vocabulary. However, it is important to distinguish between making learning easier, and making learning more effective. Memory research has shown that
easier is not necessarily better, as introducing certain desirable difficulties during learning can improve long-term retention (E. L. Bjork & Bjork, 2011). Introducing frequent tests
or variable learning contexts can cause initial performance on
a task to drop relative to easier methods, but when long term
performance is assessed, more difficult tasks may be more effective than easier tasks, due to engaging the learning system

However, similarities between languages can introduce
costs when they are over-applied or block acquisition of new
features during learning. For example, a German learner of
English may say, “I need a loffel for my soup,” under the mistaken belief that the German word Löffel (meaning spoon) is
an English cognate (Eckman, 2004). In other cases, similarity
to the L1 can interfere with complete acquisition of an L2 feature. For example, L2 sounds that are similar to an existing L1
sound are actually more difficult to pronounce accurately than
completely new sounds (Flege, 1987). Even speakers who
have mastered L2 phonology still pronounce cognate words
(which have similar forms and meanings across languages)
with more of an accent than non-cognates, due to cognates’
high L1 similarity (Amengual, 2016). Essentially, when the
native language takes the place of important new knowledge,
it can start to do more harm than good.
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Key to long-term success mastering an L2 is recognition and use of L2-specific patterns, allowing the learner to
no longer depend on the L1 and instead develop reusable
L2 knowledge. Adults who had completed one year of
university-level Spanish courses were able to learn new words
with a large number of Spanish neighbors (i.e., words that differed from many Spanish words by only a single phoneme) at
a higher rate than words with a low number of Spanish neighbors (Stamer & Vitevitch, 2012). This ability to learn words
with more L2 neighbors provides evidence that similarities
within an L2 benefit learning. As proficiency in the L2 increases, so too does the strength of this within-L2 similarity
effect (Ma, Chen, Lu, & Dunlap, 2015), creating a positive
feedback loop where L2 word learning becomes easier as L2
vocabulary size increases.
We propose the concept of ‘bridge’ words as an L2 learning
resource that can teach learners about useful features in the
L2. Bridge words are defined as L2 vocabulary that contain
common L2 patterns to facilitate subsequent L2 learning. Acquiring a bridge word (e.g., haner in the current study) may
make it easier to learn a similarly spelled ‘terminus’ word
(e.g., hajer) to which it is connected because of feature overlap. Some bridge words use features that are also common
in the L1, which may make them easier to acquire, whereas
other bridge words are composed of features that are uncommon in the L1. To examine the effect of L1 similarity on
bridge words’ utility, we designed two contrasting artificial
languages and taught participants one of the two languages
across two sessions. Participants were first taught bridge
words in either a Familiar language with high English similarity (e.g., haner, meaning bride) or an Unfamiliar language
with low English similarity (e.g., vobaf, meaning cloud), followed by an immediate test where they produced the new
word when cued with its meaning. Two weeks later, participants returned to learn terminus words that were related
to their previously-learned bridge words (e.g., hajer, tobaf ),
and were again tested immediately. If we observe a general
benefit for terminus word acquisition based on bridge word
knowledge, it would suggest that language learners are able
to use similarities within the L2 to facilitate subsequent L2
learning. Critically, if we observe different effects of bridge
words in the Familiar and Unfamiliar languages, it would suggest that L1 similarity can modulate how L2-specific knowledge is used. L1 similarity may improve bridge-to-terminus
transfer, by accentuating word-to-word similarity as a learning tool, or it may interfere, by hindering acquisition of L2
patterns.

ipants with L2 proficiencies of 3 or greater on a scale of 010 (LEAP-Q, Marian, Blumenfeld, & Kaushanskaya, 2007).
The Familiar language group (N = 17) and Unfamiliar language group (N = 21) did not differ in nonverbal IQ (matrix
reasoning subtest of the Wechsler Abbreviated Scale of Intelligence, PsychCorp, 1999) or verbal memory (verbal paired
associates test of the Wechsler Memory Scale III , Wechsler,
1997), ps > .1.

Materials
The Familiar and Unfamiliar languages each contained 96
five-letter words with alternating consonants and vowels in
CVCVC format (excluding the letters Q, Y, and X). Each
language contained two 48-word lists, one per training session. Vocabulary items in the first list (Bridge words) were
used to examine L1 influences on L2 learning; the second
list (Terminus words) examined the effect of within-L2 similarity on novel L2 word learning. For the Familiar language, 48 randomly generated words were created with high
English similarity scores, defined as mean English bigram
and biphone probabilities (z-transformed) above the 20th percentile score for real English five-letter words. For the Unfamiliar language, 48 randomly generated words were created with low English similarity scores (below the 99th percentile). Bigram and biphone probabilities were calculated
using CLEARPOND (Marian, Bartolotti, Chabal, & Shook,
2012), and phonological forms of each novel word were determined using the eSpeak speech synthesizer software, version 1.48.15 for Linux (Duddington, 2012). An additional
48 novel words in each language were designed for use in the
second session. All new words were substitution neighbors of
a single item from that language’s first list, and all new words
had low English similarity scores (below the 99th percentile);
the large drop in English similarity from the first to the second list in the Familiar language was driven by decreases in
average bigram and especially biphone probabilities.
All novel words were assigned an English meaning for use
during learning; the Familiar and Unfamiliar languages both
used the same list of 96 English words. To control for effects of individual novel-word English-word pairings, two
variants were created for each language that were counterbalanced across participants. The 96 English words were divided into two lists that were matched for lexical frequency
on the SUBTLEX-US zipf scale (Brysbaert & New, 2009;
Van Heuven, Mandera, Keuleers, & Brysbaert, 2014) as well
as concreteness and familiarity (Bristol norms) (StadthagenGonzalez & Davis, 2006), all ps > .05.

Procedure

Methods
Participants
Sixty-five English-speaking adults initially participated after
providing informed consent in accordance with the university’s institutional review board, and were randomly assigned
to learn a Familiar or Unfamiliar language. The final sample included 38 English monolinguals, after excluding partic-

Participants learned the novel language they were assigned to
over the course of two sessions spaced two weeks apart. In
each session, participants were given a sheet of paper containing all 48 novel words and their meanings printed as paired
associates (e.g., furen – stone). Participants were provided 16
minutes to silently learn as many words as they could, and
were told that they would be tested immediately afterwards.
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Participants were then given 6 minutes to write the matching
novel word translations on a response sheet containing all 48
English meanings. A research assistant later manually transcribed written responses onto a computer, which automatically scored participants’ accuracy.

Data Analysis
Responses were scored .2 points for each correct letter in the
correct position, for a maximum score of 1 per word. Accuracy was analyzed with linear mixed effects-regression, using
the lme4 package (Bates, Machler, Bolker, & Walker, 2014)
in R (R Core Team, 2016). Models included random effects
of both participants and items. Significance of fixed effect estimates was evaluated using the Satterthwaite approximation
for degrees of freedom. Followup comparisons on models’
predicted marginal means (using Welch t-tests) also used the
Satterthwaite approximation for degrees of freedom, and the
Tukey correction for multiple comparisons.

Results
The effects of between and within language similarity on vocabulary learning in a new language were analyzed using a
linear mixed-effects regression model with fixed effects of
Language (Familiar, Unfamiliar) and Session (Bridge word,
Terminus word), plus an interaction term, and random intercepts of participant (intra-class correlation = .10) and item
(intra-class correlation = .08). We found a significant interaction (Estimate = -15.67, SE = 3.52, t(222.9) = 4.46, p <
.001), as well as main effects of both Language (Estimate =
10.47, SE = 4.12, t(47.7) = 2.55, p < .05) and Session (Estimate = -6.73, SE = 1.82, t(191.2) = 3.71, p < .001) (Figure
1). Followup comparisons on the model’s predicted marginal
means revealed that accuracy for the Familiar language in the
Bridge session, M = 34.22, SE = 3.32, was higher than for the
Unfamiliar language in the Bridge session, M = 16.12, SE =
3.04, t(66.6) = 4.02, p < .001, and higher than accuracy for
either the Familiar language, M = 19.77, SE = 3.29, t(224.8)
= 5.63, p < .001, or the Unfamiliar language in the Terminus
session, M = 17.34, SE = 3.05, t(66.9) = 3.74, p < .01. No
other comparisons were significant.
The higher accuracy in the Bridge session for the Familiar
language compared to the Unfamiliar language demonstrates
a substantial benefit of native language similarity during selfdirected vocabulary learning in a second language. However,
the better learning observed for the Familiar language did not
carry through to the subsequent Terminus session, at which
point there was no significant difference between word retrieval accuracy in the two groups.
The Terminus session contained entirely new vocabulary
for participants to learn; all words were single letter substitution neighbors of words from the Bridge session (e.g.,
bridge word haner and terminus word hajer). To determine
whether vocabulary that individuals learned in the Bridge
session transferred to the Terminus session (i.e., a withinlanguage similarity effect), we used a model that included

Figure 1: Word learning accuracy. In the Bridge session
L1 similarity helped, as more words were learned in the
Familiar language (dark blue) than the Unfamiliar language
(light orange). Dots and error bars represent observed values and standard error by participants. Lines represent estimated marginal means from the linear mixed-effects regression model.
fixed effects of Language (Familiar vs Unfamiliar) and L2Knowledge (contrasts: Known vs Unknown Neighbor, and
Known vs Partly-Known Neighbor) plus interactions. Items
in the Known Neighbor condition were substitution neighbors of bridge words that an individual got 4-5 out of 5 letters correct in the prior session. The Partly-Known Neighbor
condition included neighbors of bridge words with a score
between 1 and 3 letters correct, and the Unknown Neighbor condition included neighbors of bridge words that got
a score of 0 letters correct. Note that items were assigned
to L2-Knowledge conditions individually for each participant
based on their performance in the Bridge session, and thus
conditions have an unbalanced number of items (Familiar language: 28.5% Known Neighbor, 22.6% Partly-Known Neighbor, 53.6% Unknown Neighbor. Unfamiliar language: 11.0%
Known Neighbor, 17.4% Partly-Known Neighbor, 71.6%
Unknown Neighbor). Analyzing percent accuracy in each
L2-Knowledge condition allowed us to control for differences
in baseline Bridge word knowledge across languages.
We found a significant interaction between Language and
L2-Knowledge (Known vs Partly-Known contrast, Estimate
= 5.96, SE = 3.01, t(1677.6) = -1.98, p < .05) and a main
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effect of L2-Knowledge (Known vs Unknown contrast, Estimate = 4.06, SE = 1.23, t(1709.6) = 3.30, p < .001; Known vs
Partly-Known contrast, Estimate = 2.87, SE = 1.51, t(1677.6)
= 1.91, p = .056) 2. Follow-up comparisons on the model’s
predicted marginal means revealed that accuracy for Known
Neighbor words in the Familiar language, M = 26.11, SE
= 4.07, was higher than for Unknown Neighbor words, M
= 17.42, SE = 3.72, t(1692.3) = 2.83, p < .05. Accuracy for Known Neighbor words in the Unfamiliar language,
M = 28.76, SE = 4.480, was higher than for either PartlyKnown Neighbor, M = 13.22, SE = 3.99, t(1685.2) = 3.70,
p < .001, or Unknown Neighbor words, M = 15.38, SE =
3.27, t(1702.6) = 3.71, p < .001. Accuracy for Partly-Known
Neighbor words in the Familiar language was M = 21.85, SE
= 4.39, and did not differ from any other conditions. The
size of the L2 similarity effect (i.e., accuracy for words with
Known versus Unknown neighbors) was larger in the Unfamiliar, M = 24.01, SE = 7.30, compared to the Familiar language, M = 7.14, SE = 2.87, t(24.6) = 2.15, p < .05, suggesting that similarity within the L2 influenced the types of words
that people learned in the Unfamiliar language more than in
the Familiar language.

Discussion
The goal of the present study was to determine how similarity to the native language influences acquisition of second
language words and patterns. We found that although L1-L2
similarity provides short-term L2 learning benefits, it may impede L2 pattern recognition important for long-term learning.
Through continued use of an L2, the learner recognizes new
patterns that determine how letters or sounds can combine to
form words, and how words combine to form sentences. This
process of extracting patterns in another language is also important for establishing continuous vocabulary learning, by
ensuring that new words are accurately perceived and encoded in memory. Advanced L2 learners have been shown
to benefit from L2 similarity during word learning (Ma et al.,
2015; Stamer & Vitevitch, 2012), and in the current study,
we found that within-L2 similarity can also affect the earliest
stages of vocabulary learning in a new language. Specifically,
learning a word in the first session increased the likelihood
that a similar word would be acquired in the subsequent session. Notably, while words that resembled the L1 were easier
to learn at first, they had less of an influence on subsequent
L2 word learning. These results demonstrate the important
roles of both the L1 and the burgeoning L2 on vocabulary
acquisition in an L2.
Because of the way the novel languages in our study were
designed, each word in the bridge session had a single substitution neighbor in the subsequent terminus session. These
bridge-terminus word pairs allowed us to assess differences
in word learning based on whether or not the learner already
knew a similar word. Importantly, this is based not on intrin-

Figure 2: Within-L2 similarity influences learning. Likelihood of learning a word in the Terminus session was affected
by how well one learned the word’s neighbor in the Bridge
session. Each group was more likely to acquire a word after
learning its neighbor in the Bridge session (Known Neighbor)
compared to not learning its neighbor (Unknown Neighbor).
Accuracy in the Unfamiliar language (light orange) was also
higher for Known Neighbor words than for Partly-Known
Neighbor words. Values and error bars represent observed
data and standard error (by participants).
sic properties of the words, but instead on learners’ idiosyncratic knowledge of the new language. Given the self-directed
nature of the training session, the within-L2 similarity effect
that we observed may reflect how attention and study time
were allocated to new words. Because overall accuracy did
not improve between bridge and terminus sessions, the observed advantage for terminus words with already-acquired
bridge neighbors comes at the expense of words with unlearned neighbors, consistent with prior self-directed word
learning paradigms (Bardhan, 2010). Being able to predict
how second language learners are likely to direct their attention across study sessions has useful applications for individualized language instruction, which can build off of learners’
acquired L2 knowledge.
Notably, learners of the Familiar and Unfamiliar languages
differed in how much within-L2 similarity affected their continued learning. Even though bridge words in the first session
were learned twice as well in the Familiar language compared
to the Unfamiliar language, the within-L2 similarity effect in
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the terminus session was nearly twice as large for learners of
the Unfamiliar language. In the Unfamiliar language, terminus words with learned bridge word neighbors were recalled
with 2.65 times greater accuracy than words with unlearned
bridge neighbors, compared to only a 1.51 times advantage in
the Familiar language. These terminus words in the second
session were carefully designed to have equally low English
similarity in both languages, ensuring that this terminus word
difference was due to effects of within-L2 similarity, without
confounding L1-L2 similarity. These results indicate that although L1 similarity provided a clear initial benefit for word
learning, it had diminishing returns with continued study.
Retention of bridge words between sessions was not tested
in order to avoid priming bridge word knowledge in a way
that influenced terminus word recall. As a result, an alternative explanation for the larger within-L2 similarity effect
in the Unfamiliar language is that Unfamiliar bridge words
decayed more slowly than Familiar bridge words, leading to
more opportunities for within-L2 similarity effects during the
terminus session. Because a relatively large forgetting effect
size would be necessary for Unfamiliar bridge words to overtake Familiar bridge words, differences in forgetting are unlikely to be the sole contributor to the observed within-L2
similarity effect, but future work should consider how L1 similarity interacts with both learning and forgetting.
Part of the task of learning a second language involves
mentally distinguishing it from the L1 so that it can be used
as a separate system. Bilinguals rely on language membership cues including letter and bigram frequencies to guide
speech production, (Oganian, Conrad, Aryani, Heekeren, &
Spalek, 2015); monolinguals do so as well, and will attempt
non-native pronunciations for town names that they perceive
to be of foreign origin based on their spellings (Fitt, 1995).
Participants in the current study who learned the Familiar language did not have reliable cues to indicate that the novel
bridge words were non-English. This may have stalled the
process of linking new words into a coherent L2, interfering with transfer between the bridge and terminus words. In
contrast, learners of the Unfamiliar language were acquiring
an L2 that was unambiguously distinct from English. This
distinction appears to be helpful in promoting extraction of
L2-specific patterns to be used during learning.
The within-L2 similarity advantage for the more difficult of
the two languages also bears resemblance to the idea of desirable difficulties during learning (E. L. Bjork & Bjork, 2011).
In language learning, when material is presented in a more
difficult context, long-term retention is generally improved
(R. A. Bjork & Kroll, 2015; Schneider et al., 2002). Examples of desirable difficulties include repeated testing in place
of passive study, or interleaving blocks of different word lists
rather than blocked study. Our results suggest that difficulties caused by properties of the words themselves may also
be targets for increasing long-term learning.
In conclusion, we found that second language vocabulary
learning is affected by both similarity to one’s native lan-

guage and similarity within the new language. Whereas native language similarity has a beneficial effect early on, it
may have diminishing returns over the long-term due to lower
recognition of repeated patterns within a second language.
Notably, the words that one successfully learns in a second
language early-on can influence the words that one acquires
later, by driving attention towards new words that look more
like already acquired ones. This suggests that initial vocabulary learning could potentially have cascading effects on the
makeup of one’s subsequent vocabulary in a new language.
Overall, these results demonstrate the complex relationship
between first and second languages during learning, where
even helpful overlap between languages can have unexpected
side-effects.
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Abstract

information about different teachers to draw inferences from
new pedagogical demonstrations? Here, we will make two
main claims. First, we will suggest that learners’ expectations
about their informant’s teaching style critically influence how
learners interpret the meaning of subsequent demonstrations
for new events. Second, extending past computational work,
we will propose that learners use informants’ demonstrations
to make inferences both about the amount of information that
remains to be discovered, as well as the relative importance
of the demonstrated information.

How do learners’ expectations about teachers’ informativeness
shape subsequent learning? Here, we suggest that expectations about teaching style may constrain learning through inferences over (1) the amount of information to be learned, and
(2) the importance of the demonstrated information. Adult behavioral data from two experiments conform with our predictions: Given a single pedagogical demonstration, as teachers
were expected to share less information, adults inferred that
there should be more additional information to be learned, and
greater importance of the demonstrated information. Modeling of these results sheds insight into how adults may be making these inferences, and provides a framework with which we
may predict future results of children’s exploration following
pedagogical demonstrations from different teachers.
Keywords: pedagogy, guided play, learning, modeling

The Sampling Assumption

Introduction
Children learn a lot in an incredibly short period of time. Before entering formal schooling, they have impressive knowledge of the names of objects, causal relationships, and language, just to name a few. While this feat of learning may
seem impossible, young learners have an exceptional resource at their disposal: The existing knowledge of other people. Indeed, young children are highly adept at seeking out
and learning from others (Harris, 2002; Clément, Koenig, &
Harris, 2004; Csibra & Gergely, 2009). One robust finding
from this epistemic trust literature is that young children prefer to learn from teachers who are fully informative over those
who omit information (Bass, Bonawitz, & Gweon, 2017;
Gweon, Pelton, Konopka, & Schulz, 2014; Gweon & Asaba,
2017). Consider, for instance, the findings from Gweon et
al. (2014): Six-year-olds rated teachers who provided true
but under-informative evidence as worse than teachers who
provided complete evidence. Furthermore, after seeing an informant pedagogically demonstrate one function on a novel
toy, children explored that toy more if that teacher had previously omitted information (as opposed to providing complete information), presumably because children did not trust
that informant to be fully informative. These results highlight
children’s sensitivity to how others teach, and their flexibility
in learning from different kinds of teachers.
Taken together, however, these two sets of findings from
Gweon et al. (2014) represent something of a conundrum. On
the one hand, children prefer to learn from fully informative
teachers; on the other hand, if a child expects a teacher to omit
information, she may actually explore and learn more than a
child who assumes her teacher will be fully informative. This
raises the question, how and when might learners leverage

Past computational work on the development of pedagogical
reasoning (namely, Shafto & Goodman, 2008) has conceptualized pedagogy as a set of mutually dependent inferences:
The teacher, or “informant”, pedagogically samples evidence
that maximizes the learner’s belief in the target hypothesis,
and the learner rationally updates her belief in that hypothesis with the assumption that the evidence has been sampled
pedagogically. This sampling assumption leads to a strong
expectation that the teacher has provided necessary and sufficient evidence for the learner to infer the correct hypothesis
— if there were more evidence to be seen, a good teacher
would have shown it.
This expectation for teachers to be fully informative is so
strong that pedagogy may actually constrain exploration in
some contexts. For example, in Bonawitz et al. (2011), a
teacher showed children just one function on a novel toy
with several non-obvious functions; this demonstration was
framed either as pedagogical (e.g., “That’s how my toy
works!”), or accidental (e.g., “Oops! Did you see that?”).
In the pedagogical context, children were more likely to restrict their exploration to the demonstrated function, reflecting their inference that the toy only had as many functions
as the teacher showed them. This is the pedagogical model’s
sampling assumption at work.
Without any other available information, then, children
likely assume that most teachers will be fully informative —
and rationally so. But ideal learners should also take into
consideration how an informant tends to teach and then use
this information to interpret the implication of new demonstrations, as in Gweon et al. (2014). In particular, an implicit potential implication of the pedagogical sampling assumption is that as a teacher provides less complete information, the weaker the pedagogical bias should be, and thus the
weaker the constraints on the inferred number of functions

1335

from novel demonstrations. That is, ideal learners shouldn’t
let demonstrations from “bad” teachers constrain their beliefs; rather, they should use their prior knowledge about how
an informant tends to teach in order to guide the inferences
made from that informant’s demonstrations. However, this
idea has yet to be directly tested empirically.

What is Inferred?
While learners’ expectations about teachers’ informativeness
may modulate the amount of information they believe remains to be discovered, there are likely also other inferences
that learners make during pedagogical demonstrations. For
example, past work typically looks at children’s total play
time, the number of unique actions performed, and the proportion of time spent fixating on the demonstrated function
as an implicit quantification of a learner’s expectations about
the number of functions (Bonawitz et al., 2011). However,
informants’ demonstrations may also provide some information about the importance of knowing about some functions
over others. For instance, if a learner is shown that a toy can
squeak and is then allowed to explore the toy, she might initially fixate on the squeaker because she thinks it is one of the
only things that the toy can do, but also because she thinks
the squeaker is somehow especially important to know about.
Critically, whether a learner interprets a demonstration as
conveying importance or exhaustive evidence should depend
on how they expect the informant to teach (i.e., their teaching style). Interestingly, both highly informative and underinformative teachers may result in play that focuses on just
the demonstrated function, albeit for different reasons. A
demonstration from a teacher who always provides complete
information would convey strong evidence about the number
of functions on the toy, thus constraining exploration of other
aspects of the toy. However, the same demonstration from an
informant who is expected to show nothing should be particularly surprising (“Why suddenly show me something now?”).
Such a demonstration may convey a high degree of importance on the demonstrated function, and thus potentially encourage this learner to focus on just that function during play.
However, because exploratory learning problems in past work
have been captured by indirect measures (such as variability of action and time spent on demonstrated functions), we
cannot currently disambiguate functional or importance inferences, which are confounded with these measures.
This interpretation of exploration reflecting a trade-off between inferences over amount and importance provides one
plausible factor that improves learning from the expectation
of partially informative instruction: It strikes a “sweet spot”
between fully informative instruction, which curbs exploration through learners’ inferences about the amount of information, and fully uninformative instruction, which may
do so through the implied importance of the demonstration.
This would also be consistent with prior educational research
on teaching styles suggesting that children’s learning outcomes may be superior in Guided Play formats, as compared
with Direct Instruction and Free Play (Honomichl & Chen,

2012; Alfieri, Brooks, Aldrich, & Tenenbaum, 2011; Fisher,
Hirsh-Pasek, Newcombe, & Golinkoff, 2013). While there
are numerous components that factor into “ideal guidance”
in Guided Play, such as the timing and content of information, one important characterization is the idea that Guided
Play teachers provide scaffolding for learners, but let much of
the choice for exploration remain child-led (Weisberg, HirshPasek, & Golinkoff, 2013). Guided Play thus necessarily results in teachers who provide incomplete information, as children are encouraged to discover on their own. This is in contrast to Direct Instruction, which is on the “fully informative”
end of the teaching-style spectrum, wherein the teacher imparts complete information to a largely passive learner; and
Free Play, which is on the “fully uninformative” end, wherein
children play independently and self-direct their learning.

Current Work
Although past work on epistemic trust has explored how past
experience with misleading informants affect inferences, to
our knowledge, no formal account has captured how past experience with teaching styles informs assumptions about features given novel demonstrations. A critical difference is that
although teachers may not always provide complete information, in the current studies, learners are always capable of discovering truth, and are not actively misled by teachers. Thus,
the first goal of this paper is to empirically investigate how
expectations about informants’ teaching styles may affect inferences about the amount of information to be learned and
the importance of the demonstrated information. Second, we
will aim to explore how these inferences could be captured
computationally. This modeling aspect will be key for understanding the underlying processes that allow learners to make
these inferences, and will aid us in making specific predictions in future work with children.

Experiment 1
In Experiment 1 we ask whether, given identical pedagogical demonstrations, adults differentially infer the amount of
information to be learned (here operationalized as the number of functions on a novel toy) based on what they know
about their informant’s teaching style. We tested three teaching styles: Free Play, Guided Play, and Direct Instruction.
Among other factors described below, these teaching styles
were characterized by the degree to which the teacher was
fully informative. We predict that the number of inferred
functions should be highest following a demonstration from
a teacher who is expected to utilize Free Play, and lowest
when learning from a Direct Instruction teacher, with Guided
Play falling in between. We also collected data from a separate group of participants who received no information about
teachers or toys, in order to assess people’s prior beliefs about
how many functions children’s toys typically have.

Method
Participants Adult participants were recruited from Amazon Mechanical Turk. Our final sample consisted of 200 par-
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ticipants (Age: M = 34.4, SD = 10.5, range: 19-76 yrs; 88
female), with 50 in each of three experimental conditions
(paid $0.60 for completing the five-minute study), and 50
participants in one additional shorter “priors” condition (paid
$0.25). An additional 76 participants were run, but dropped
for failure to pass memory and attention checks.1
Procedure In the experimental conditions, participants
were first familiarized with a simple children’s toy, which
had four buttons that made small animals pop out of it, and
one non-functional slider. After answering check questions
to ensure they understood how the toy worked, participants
watched three videos of different adult actors teaching child
actors (aged 4- to 6-years-old) about this toy. In the Direct Instruction video, the teacher shows the child everything about
the toy. In the Guided Play video, the teacher shows the child
one thing about the toy, and then encourages the child to explore (“What else can it do?”), while also providing some
structure in the form of feedback and pedagogical questions
(Yu, Bonawitz, & Shafto, 2017). In the Free Play video, the
teacher does not show the child anything about the toy, and
the child explores completely unaided. The order of the actors in these three videos was always the same, while teaching style was fully counterbalanced across the videos. The
third teacher that participants saw was the Test Teacher; thus,
whatever teaching style the Test Teacher used determined the
experimental condition (Direct Instruction, Guided Play, or
Free Play). Importantly, the child actors proceeded to learn
about (or self-discover) all possible functions of the toy in
all three conditions. Thus, teachers were not better or worse
as judged by the child actors’ learning outcomes, but simply
varied on the style with which information was imparted.
After watching all three videos, and answering check questions to ensure they remembered each informant’s teaching
style, participants were told that the last informant that they
had seen (the Test Teacher, whose teaching style varied by
experimental condition) had a new toy that she wanted to
teach them about. Participants were asked to imagine that
the teacher showed them one thing that this toy could do.2
Thus, the “pedagogical demonstration” was equivalent across
all three conditions — all that varied was participants’ expectations about the Test Teacher’s teaching style. Finally, participants were asked the critical question: Without knowing
anything else about this new toy, given what they knew about
this informant’s teaching style, and that she had just shown
them one thing that the toy could do, how many functions
did they think were on this new toy? Participants typed their
numerical estimates into a text box.
In the priors condition, participants were not shown any
videos of teachers. Instead, they were simply asked to input
1 These exclusion rates are typical for mTurk workers performing

specialized tasks with technical demands, such as watching videos.
2 In the developmental literature, children are typically shown
novel toys with an ambiguous number of functions. However, because adults have strong expectations about functional affordances,
we instead asked them to imagine a toy, in order to achieve a similar
level of ambiguity.

Figure 1: a) The number of functions (Experiment 1), and
b) the importance of the demonstrated function (Experiment
2) inferred by participants across teaching styles. Error bars
represent standard errors.
the number of functions they thought would be on a typical
children’s toy. These results are reported in the Modeling
section below.

Results
We first examined the qualitative findings from the experimental conditions: Would participants infer different numbers of functions on a toy given identical pedagogical demonstrations from informants with different teaching styles?
A one-way ANOVA revealed significant group differences,
F(2, 147) = 41.3, p < .001, η2 = .36. Post-hoc Tukey pairwise comparisons revealed significant differences between
all three conditions: Participants in the Free Play condition
(M = 5.72, SD = 3.17) inferred significantly more functions
than those in the Guided Play condition (M = 4.2, SD = 1.03),
who in turn inferred more functions than those in the Direct
Instruction condition (M = 1.92, SD = 1.48), all ps < .001.
We additionally found a significant linear trend across conditions, p < .001. See Figure 1a.
Given identical pedagogical demonstrations, then, participants differentially inferred how many functions they thought
were on the toy, based on how they expected that particular
informant to teach. In line with our predictions, the less information an informant was expected to provide, the more
functions participants thought there might be to discover.

Experiment 2
In Experiment 2, we ask whether participants’ inferences
about the importance of demonstrated information is affected
by expectations about the informant’s teaching style. Participants should judge information shown by a Free Play teacher
to be most important, since this teacher is not expected to explicitly demonstrate anything.

Method
Participants Adult participants were recruited from Amazon Mechanical Turk, and were paid $0.60 as compensation
for their participation. Eighty-nine participants were dropped
and replaced for failure to pass memory and attention checks;
our final sample consisted of 150 participants, with 50 in each
of three experimental conditions (Age: M = 37.5, SD = 11.6,
range: 19-72 yrs; 72 female).
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Figure 2: a) PDFs for Beta distributions with the best fit parameters recovered from the behavioral data in Experiment 1.
b) Participants’ prior beliefs about the number of functions on toys, along with the best-fit Poisson distribution.
Procedure The procedure was identical to Experiment 1,
except for the final question. Instead of being asked about the
number of functions on an imaginary toy, participants were
asked how important they thought the demonstrated function was to know about, given what they knew about the
Test Teacher’s teaching style. Participants provided their responses on a Likert scale (0-8).

Results
We wanted to know whether expected teaching style influenced participants’ importance ratings.
A one-way
ANOVA revealed marginally significant group differences,
F(2, 147) = 2.89, p = .059, η2 = .04. Post-hoc Tukey pairwise comparisons revealed significant differences between
the Free Play (M = 5.52, SD = 2.14) and the Direct Instruction conditions (M = 4.56, SD = 2.15), p = .048. Thus, participants believed the demonstration to be more important
when it was provided by a teacher who was expected to provide no information whatsoever as compared with an informant who was expected to share everything. No significant
differences were found between the Guided Play condition
(M = 5.16, SD = 1.75) and either of the other two conditions,
ps > .30. However, there was a significant linear trend across
conditions, p = .019. See Figure 1b.
While the effects are more subtle than those from Experiment 1, results suggest that participants are using their expectations about an informant’s teaching style to inform their
inferences about the importance of that informant’s demonstrations. In particular, Free Play and Direct Instruction appear to be on opposite ends of a spectrum, such that learners
believe demonstrations are more important the less they expect their teacher to share.

Modeling
Number of Functions
To formalize our intuitions and gain insight into the how individuals may have inferred the number of functions on the toy,
we wish to infer people’s beliefs about the proportion of functions demonstrated from their judgments about the total number of functions. We formalize individuals’ judgments within

each condition as samples from a common prior. Because
proportions range from zero to one, a Beta distribution is a
natural choice for these beliefs. We computed the maximum
likelihood estimates (MLEs) of Beta distribution parameters
α and β from participants’ responses in each of the three conditions in Experiment 1. To map to the Beta distributions,
which must range from 0 to 1, we transformed participants’
responses from a raw number of functions into the proportion of functions they thought the teacher had shown with
their single pedagogical demonstration — e.g., if a participant
thought the toy had 2 functions, their response was recoded
as 0.5, because having seen a single demonstration given an
inference of 2 functions implies the teacher presented half of
the information.3 The resulting maximum likelihood α and
β parameter values from the test results across conditions reflect our intuitions about the initial teaching demonstrations:
Participants in the Free Play condition (α = 1.02, β = 2.31)
were best fit by a Beta distribution with a higher probability
of showing a low proportion of functions, while the distribution for the Direct Instruction condition (α = 1.36, β = .525)
peaked much closer to 1, and Guided Play fell in the middle
(α = 2.06, β = 4.79; see Figure 2a).
How well do these Beta distributions capture our behavioral data? To answer this question, we must incorporate
information about participants’ prior beliefs about the number of functions toys have in general. Following past work
(Bonawitz et al., 2011), we fit a Poisson distribution to participants’ responses in the priors condition; MLE for λ = 3.2
(see Figure 2b). These prior beliefs, together with the estimated likelihoods, allow us to compute the predicted posterior distribution on the number of functions participants entered. We correlated the estimated posterior of each possible
ratio estimate to the proportion of participants who provided
responses consistent with those ratios. These correlations between estimated posteriors and participants’ actual responses
were significant in all three conditions (all r(18) > .44, all
p < .05; see Figure 3). This model thus effectively cap3 We added a small ε = -.05 noise to scores of 1 to ensure that the
Beta likelihood function is not unbounded at these points, and thus
standard MLE is possible.
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Figure 3: Estimated posteriors, with histograms of responses for the estimated number of functions in Experiment 1.
tures participants’ inferences about the amount of information
there is to be learned, given an informant’s demonstrations
and their expected teaching style. This suggests that human
behavior approximates rational solutions that integrate information about teaching ratios with prior beliefs about functions to compute updated posteriors given new observations.

Importance
What exactly does it mean from a modeling perspective for
information to be “important”? While there are a variety of
factors that may be relevant (including the cost of demonstration; see Jara-Ettinger, Gweon, Schulz, & Tenenbaum,
2016), here we designate surprise as a proxy for importance.
This is because we assume that importance is inferred in order to explain away surprising evidence (at least in this learning context with a novel toy). When a learner is faced with
a sudden shift in distributions (as when a prior belief holds
that a toy has relatively few functions, but a new observation suggests there are instead many functions), she may either radically update her beliefs, or attempt to explain away
the observation in order to maintain her beliefs. Importance
provides a mechanism by which a sudden increase in the expected number of functions can be explained away. Thus, we
quantify surprise (and thus importance) as the shift from the
prior distribution (as given by the Poisson fit to our empirical data from the Priors condition) to the updated likelihood
(given by the demonstration and the inferred teaching style).
To quantify this shift, we computed the mean squared error
(MSE) between these pairs of distributions for each condition. The MSE was highest in the Free Play condition (.073),
lowest in the Direct Instruction condition (.053), with Guided
Play falling in between (.062). Inferred importance of the
demonstration as captured by this formalization is therefore
predicted to be highest in Free Play, mirroring behavioral results from Experiment 2.

Discussion
From early childhood through adulthood, humans rely on others for information — and, as many of us have likely experienced, there is a great deal of variability in how other people

may choose to present that information. An extensive literature on epistemic trust has investigated how learners flexibly
integrate diverse information about others and the evidence
they’ve provided to draw inferences that go far beyond the
face value of that evidence. Here, we demonstrate one role of
learners’ expectations in this complex inference process, and
reveal adult learners’ ability to use these expectations to guide
inferences about unobserved features of problems, and titrating inferences about the importance of what has been demonstrated. In line with our predictions, participants inferred that
there was more information to be learned from teachers who
shared less information in prior contexts. Participants also
inferred greater importance of the demonstrated information
from teachers who shared less information previously. Our
computational modeling approached this problem directly, by
attempting to characterize what people might expect based on
past experience with an informant, and how that would affect
interpretation of behaviors that were surprising. In line with
past work, these findings provide yet another piece of corroborating evidence that people are highly skilled at making
subtle social inferences, informed by past experience, based
on what is done, not done, and expected to be done.
The models presented are informative from a cognitive perspective, in that they suggest that adults are approximating rational solutions to these complex social inference problems.
These models may be used to make quantitative predictions
for the inferences we might expect learners to make in yet
untested conditions. This is an exciting prospect, given that
this is the first formal account to our knowledge that captures
how past experience with teaching styles may simultaneously
inform inferences about importance and the number of additional features. Future work will ultimately aim to develop
a comprehensive computational model, which captures additional relevant factors that may constrain learners’ interpretations of pedagogical demonstrations across learning contexts.
It will also be important to think carefully through the intricate dependencies that are likely at play here — for instance,
how the importance of observed features is dependent on the
number of unobserved features will be critical to identify in
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order to formulate a comprehensive model that captures expectations about teaching styles.
The current findings have clear developmental implications. Given children’s reliance on others, it will be critical to understand young learners’ expectations about different kinds of informants (e.g., caregivers, peers, teachers, etc.),
and how these expectations manifest in pedagogical demonstrations across contexts. For example, even with such brief
exposure, adults in the current work readily used their experience with the test teacher to guide their inferences. However,
adults have likely experienced many types of teaching. If constrained by limited experiences with teachers (such as in early
childhood, when children primarily encounter only their own
parents as informants), children’s assumptions about how
teachers act in general could be strongly constrained, shaping expectations in new learning environments from new informants. Particularly relevant to this point is a recent finding identifying a multitude of individual difference factors
that predict the kinds of teaching styles parents tend to use
with their children (Yu et al., 2017). Given the results presented here, one could imagine that children in formal schooling environments might interpret the information provided by
their teachers differently, depending on what kinds of teaching styles they expect (i.e., the teaching style they are accustomed to at home). Our findings may thus inform debates
about “one size fits all” education systems, suggesting another point of nuance that should be considered in these arguments. It will likely be important for future work seeking
to answer these deep questions about education and learning
to also draw from computational literatures, in order to better
understand the various factors that are trading off to influence
individual children’s learning outcomes.
These findings predict an exploratory “sweet spot” for
learners who expect to be provided with partially informative evidence. This is because learners may infer that nondemonstrated functions are likely to exist while not putting
too much weight on the importance of demonstrated functions. In contrast, learners who are used to fully informative
teachers may believe a newly demonstrated function is not
important (and thus not worth time to explore), but will also
have strong beliefs that there are few other functions to be
discovered, thus squelching exploration altogether. In contrast (but with similar consequences), learners who are used
to non-informing teachers may believe that there are myriad possible other functions to discover, but may forgo exploration given strong assumptions about the importance of
learning about a demonstrated function. This “pedagogical
Goldilocks” effect between these extremes may help to explain one factor that could contribute to the recent success of
Guided Play approaches. To the degree to which Guided Play
is characterized by a balance between adult demonstrations
and encouraged child-led discovery, learners may make inferences predicted by this interaction captured by our account.
Future work should explore these predictions.

affect learning outcomes, but many questions remain: How
might guided play approaches such as pedagogical questions enhance learning (Yu et al., 2017)? How can feedback be optimally structured to encourage further exploration
(Honomichl & Chen, 2012)? Why do children learn better
when they take an active role in directing their own learning
experience (Sim, Tanner, Alpert, & Xu, 2015)? We hope that
the results from the current analysis may help to inform future
work in these exciting domains, and highlight how modeling
can be used as a tool with which to tackle these deep questions about how children learn.
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Abstract
In an optimal stopping problem, people encounter a sequence
of options and are tasked with choosing the best one; once an
option is rejected, it is no longer available. Recent studies of
optimal stopping suggest that people compare the current option with an internal threshold and accept it when the option
exceeds the threshold. In contrast, we propose that humans decide to accept or reject an option based on an estimate of the
probability that a better option will be observed in the future.
We develop a computational model that formalizes this idea,
and compare the model to the optimal policy in two experiments. Our model provides a better account of the data than
the optimal model. In particular, our model explains how the
distributional structure of option values affects stopping behavior, providing a step towards a more complete psychological
theory of optimal stopping.
Keywords: optimal stopping; cognitive modeling; sequential
decision making; probabilistic choice behavior

Introduction
Choosing the best option from a sequence is a common problem in everyday life: whenever we search for a job, an apartment or a partner, we may decide to accept or reject the
present option without knowing whether future options will
be more attractive. In economics, this class of decision problems is referred to as “optimal stopping” or “secretary problems” (Gilbert & Mosteller, 1966; Seale & Rapoport, 1997).
Decisions in such problems involve a trade-off between accepting a subprime option prematurely and the danger of rejecting the best offer out of false hopes for better options in
the future. Importantly, the mathematically optimal solutions
for different versions of the secretary problems are generally
known (Gilbert & Mosteller, 1966).
A number of studies have examined two versions of this
problem: rank order and full information. On the rank-order
version of the problem (e.g., Seale & Rapoport, 1997; Bearden, Rapoport, & Murphy, 2006) only the rank of the option

relative to those already seen is shown. In the full-information
version of the task, the actual value of the option is presented
(e.g., Lee, 2006; Guan & Lee, in press). In this manuscript we
focus on the full information version of the optimal stopping
task. As an illustration, imagine a person who wants to find
the cheapest airplane ticket, and offers vary in price from day
to day. The person is checking the actual price every day and
has to decide to accept or reject the ticket without having the
option to go back to a previously rejected offer. Moreover, the
search is limited in time because the ticket has to be bought
before the beginning of the trip. For this version, the optimal
solution is based on calculating the expected reward of the
remaining outcomes. From this expected reward, a threshold
is calculated for each option in the sequence. This threshold
is monotonically increasing when finding the minimum (as in
our example) or monotonically decreasing when finding the
maximum. If the value of the current option goes below (for
mimimum) or exceeds (for maximum) the threshold, the option should be chosen.
Previous studies (Lee, 2006; Guan, Lee, & Vandekerckhove, 2015; Guan & Lee, in press; von Helversen & Mata,
2012) found evidence that people use thresholds that change
over the position in an optimal stopping problem to make decisions. Based on this finding, Guan and Lee (in press) constructed a descriptive model in which the thresholds on each
position were inferred on the level of individuals in order to
test whether people use different thresholds in changing environments. One important finding from this line of research is
that the empirical thresholds indeed decrease monotonically
as the sequence progresses, as prescribed by the optimal solution. However, many participants were systematically biased away from the optimal threshold. Finally, Guan and Lee
(in press) showed that the threshold depends on the nature of
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the environment: participants were generally more accurate
when rewards were generated from a distribution skewed towards large rewards, consistent with a model in which thresholds are higher for large-reward environments.
These descriptive models have provided important insights
into the dynamics of sequential choices but have neglected
the underlying psychological processes that guide human decisions in such tasks. The goal of this study is to develop
a new approximately normative model for optimal stopping
that provides a psychological explanation for choice behavior
given the distribution from which the options are sampled,
the current value, and the number of remaining choices. This
model is loosely based on the optimal solution, which utilizes
the same information. However, in contrast to the optimal solution it is not based on expected reward, but on expected
rank. We assume that individuals decide to accept or reject
each option based on an estimate of how likely it is that a
better option will appear in the remaining choices. Unlike
most earlier models, our rank-based model does not employ
a threshold on reward.

of this item is 0. To maximize expected reward, one’s policy should be to accept a particular option if it is better than
the expected reward if one continues under the optimal policy. The second-to-last item should be accepted if its value is
greater than the expected value of the final item. This means
that the threshold of the second-to-last item is the expected
value of the last item.
The expected value of the second-to-last item is the expected value of the part of the probability distribution that is
better (in our case smaller) than the threshold for the secondto-last item. The probability of this expected value is the
area under the probability distribution that is better than this
threshold. The overall expected reward at the second-to-last
position (and therefore the threshold for the third-to-last item)
is calculated as follows: we multiply the expected value for
the second-to-last item with its probability plus the expected
value of the last item multiplied with its probability (which is
equal to 1 minus the probability of the second-to-last item).
The remaining thresholds are calculated in the same way.

Optimal Model: Expected Reward

Unfortunately, the optimal threshold calculation is computationally expensive due to its recursive structure. In fact, human behavior cannot be described adequately by the optimal
solution (e.g., Guan et al., 2015).
We propose to replace the threshold with a different mechanism. We argue that the decision maker estimates the probability t for observing a better option in the future. This estimate is used as the basis for a decision variable di . Specifically, the choice function for the new model is formulated as
follows:
1
pi =
.
(2)
1 + exp{q · (di 0.5)}

We consider a decision maker who encounters a sequence
of options with rewards denoted by x1 , . . . , xN and she wants
to find the minimum value in the sequence. If the decision
maker accepts option i, then the sequence terminates and she
receives xi ; otherwise, she continues to the next option. When
the last option N is reached, it must be accepted. The optimal
policy is to choose option i when it goes below a positiondependent threshold ti (which can be obtained by backward
induction, as described below). As shown by Gilbert and
Mosteller (1966), the optimal policy depends only on the distribution of rewards and the number of remaining choices. In
order to model possibly stochastic decisions, we relax this
deterministic model uses a logistic sigmoid policy with sensitivity parameter q:
pi =

1
1 + exp{q(xi

ti )}

,

(1)

where pi denotes the probability of accepting option i. Small
values of q produce more stochasticity in decisions, whereas
the policy approaches optimality in the limit q ! •.1
The optimal threshold ti is calculated in the following manner: The threshold of the final item is 0, because the rules of
the task stipulate that the final item must be accepted if no
earlier item has been chosen. The thresholds for the previous items are determined by working backward from the final item, using conditional expectations (Gilbert & Mosteller,
1966). First, we calculate the expected value of the final item.
This is the expectation of the overall probability distribution
from which the options are sampled, because the threshold
1 It should be noted that the usual formulation of Equation 1 is
in terms of a policy to find the maximum value in a sequence. In
this case, q would have to be multiplied by -1. This also applies to
Equation 2.

New Model: Expected Probability

When di > 0.5, the agent believes that it is likely to encounter
a better option and therefore tends to reject the option. When
di < 0.5 the agent believes that it is unlikely to encounter a
better option and therefore tends to accept the option.
In order to calculate di , we first have to compute ti for position i. As mentioned above, we are using a task where the
goal is to find the smallest value. Therefore we compute ti
as the probability to encounter at least one value that is better
than the current option for the future positions as follows:
✓
✓
◆◆N i
xi µ
ti = Pi (9x j : x j < xi ) = 1
1 F
, (3)
s
where N is the number of the total tickets (in our study 10
tickets), and j stands for the positions of the remaining N i
options. F(•) is the cumulative distribution function (CDF)
for a standard normal (i.e., Gaussian) distribution and µ and s
are the mean and standard deviation of the distribution from
which the options are drawn (in our experiment µ = 180 and
s = 20).
To gain more modeling flexibility, we introduce a parameter a to account for individual differences in scaling the probability ti . Therefore, we calculate the rescaled probability as
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Experiment 1

follows:
8
<

0 , ti · a < 0
ti · a , 0 < ti · a < 1
di =
:
1 , ti · a > 1

(4)

Probability δi
0.5

1.0

We illustrate the effect of the parameter a in Figure 1. The
dashed line for a = 1 shows di for each position, given that
the actual value is 167 and the remaining options are sampled from a normal distribution with mean 180 and standard
deviation 20. Individuals that underestimate this probability
tend to stop earlier (a < 1) and people that overestimate the
probability (a > 1) stop later in the sequence.

The goal of Experiment 1 was to obtain a data set which could
be used to compare the expected probability model with the
optimal threshold model within a full information optimal
stopping task. One novel feature of our experimental design
was that we included a within-subjects manipulation of position for a specific value within a fixed sequence of tickets.
This allowed us to look at the probabilistic choice behavior
for one and the same value across positions.
We asked participants to solve an optimal stopping problem in the form of a computer-based ticket-shopping task.
Participants were told that they are planning a plane trip and
need to buy a ticket. Ticket values were presented sequentially and the goal was to find the cheapest ticket. Once they
rejected a ticket, they could not return to this option. The interface provided feedback about the rank of the chosen ticket
and a cumulative count of the collected points that had been
made for all of the completed trials (see Figure 2). Before
participants had to perform the shopping task, they learned
the distribution of values from which the tickets were drawn.

Materials and Methods
Participants We recruited 69 participants (mean age: 31
years, range: 19-62) on Amazon Mechanical Turk to participate in the experiment. Participants gave informed consent,
and the Harvard Committee on the Use of Human Subjects
approved the experiment. Participants were excluded from
analysis if they accepted the first option in the sequence in
more than 95% of the trials since this would show that they
did not search at all. After applying these criteria, we included data from 60 participants in the subsequent analysis.

0.0

α = 1.5
α=1
α = 0.5
1

2

3

4

5 6 7
Position

8

9

Figure 1: di (rescaled probability of observing a better option)
for a = 1 (in this case, di = ti ), and for a = 1.5 (dotted line)
and a = 0.5 on each position with current ticket value 167 and
normal distribution with mean 180 and standard deviation 20.

Figure 2: Screenshot of the ticket-shopping task.

Procedure In the first phase of the experiment, participants
experienced the distribution of the values. The procedure was
as follows: Participants encountered sequentially 50 ticket
values drawn from a normal distribution with mean 180 and
standard deviation 20. After every ten tickets participants had
to guess the value of the next ticket. This question was added
to ensure that participants learn the distribution and the correct answer to this question was the mean of the previous ten
tickets. After each guess participants were told the correct
response. At the end of the learning phase participants were
asked to complete a histogram (by dragging the bars) for additional 100 tickets that could be drawn from the same distribution. Participants received feedback by observing the correct distribution superimposed over their estimate (Goldstein,
2014). Visual inspection of the performance in the histogram
task suggested that participants learned the target distribution
fairly well.
In the second phase of the experiment participants performed the ticket-shopping task. It started with a practice trial
followed by 120 test trials. In each trial participants searched
through a sequence of ten ticket values. For each ticket, they
could decide to accept or reject it at their own speed. People were aware that they could see up to 10 tickets in each
trial and they were always informed about the actual posi-
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tion and the number of remaining tickets (see Figure 2 for a
screen shot). It was not possible to go back to an earlier option after it was initially declined. Once they reached the last
ticket (10th ) they were forced to choose this ticket. When participants accepted the ticket, they received explicit feedback
about its rank and the points earned. Then participant moved
to next sequence of tickets.
Participants were paid according to their performance.
They received 3 points if they chose the best ticket (Rank 1)
and 1 point for the second, third, and forth-best ticket (Rank
2, 3, 4). Participants received a base payment of $4 and
earned between $0 and $6 additionally depending on their
performance in the task.
Within-Subjects Manipulation We manipulated 80 out of
120 sequences as follows: The rank order of the sequence
was kept constant and also the values were almost identical
within a range of ±1 point (see Table 1). Then we inserted
the value of 167 on position 3 (for 20 sequences), on position
5 (for 20 sequences), on position 7 (for 20 sequence) and on
position 9 (for 20 sequences) (see Table 1). In the following
we restrict our analysis to the responses to the tickets with
value 167 in the manipulated sequences. The remaining 40
sequences were chosen randomly to distract the participants
from the regularity of the 80 manipulated sequences.

Results
Manipulation Check We asked participants at the end of
the experiment if they noticed anything special about the sequences. Only four participants reported to have noted something, but it was not related to our within-subjects manipulation.
Observable behavior Figure 3 shows the choice probabilities for each individual when the value 167 was on position 3,
5, 7, and 9. The data suggest that participants decided probabilistically on each position, and the probability of choosing
the same value increased with position.
To test this hypothesis quantitatively, we used a binomial
generalized linear mixed model for the individual choices
with fixed-effect for position (as categorical variable) and byparticipant random intercepts, random slopes for the fixedeffect, and correlation among random terms. The model revealed a significant effect of position, c2 (3) = 83.44, p <
.0001. The estimated marginal means (EMM) for the different positions exhibited a clearly increasing pattern: EMM3
= 53%, 95%-CI [43%, 63%], EMM5 = 69%, [61%, 76%],
EMM7 = 88%, [84%, 91%], and EMM9 = 99%, [97%, 99%].
Table 1: Manipulated Sequences in Experiment 1
1

2

3

4

5

6

7

8

9

10

174
175
175
174

186
186
185
187

167
192
191
191

211
210
211
210

178
167
179
178

181
180
181
180

187
188
167
187

195
193
194
195

209
210
209
167

157
158
157
158

Note. Values in bold were manipulated across sequences.

Table 2: Modeling Results of Experiment 1
Model

Param

Estimate

BIC

Optimal

q

0.04 (0.002, 0.13)

4279

Expected Probability

q
a

15.6 (8.7 16.3)
0.59 (0.56 0.66)

3200

Note. The value in the estimate column is the median across
participants, values in parentheses give the interquartile range.
Param = Parameter.
However, Figure 3 also shows that there was considerable
inter-individual variability in the slope of the increase.
Modeling Results Next we fit the two models to the data
using maximum-likelihood estimation. The optimal model
had one free parameter, q, and the expected probability model
had two free parameters, q and a. We applied the model
to the individual-level data with 80 data points per participant. Figure 3 shows the model predictions derived from the
individual-level maximum-likelihood parameter estimates of
both models.
Inspection of Figure 3 reveals a close fit between observed
and predicted data for the expected options model. In contrast, the predictions for the optimal model are in many cases
quite far from the observed data. Furthermore, in some cases
the optimal model even makes the clearly false prediction that
the probability to accept 167 decreases along positions. This
occurred when q took on negative values. Overall, the Figure
3 shows that the participants’ behavior is clearly not optimal
and that the expected probability model provides a considerably better account than the optimal model.
The impression that the expected probability model provides a better account than the optimal model was corroborated by an analysis using the Bayesian information criterion
(BIC) presented in Table 2: the difference in BIC was over
1000. Table 2 also shows the median parameter estimates
for both models. For the expected probability model, we observed a median a = 0.59, which shows that participants discounted the probability for observing a better option.

Experiment 2
The goal of Experiment 2 was to collect a data set that would
allow us to test the out-of-sample predictive ability of the two
models. To this end we ran an experiment that was almost
identical to Experiment 1 on a new set of participants with
the only difference that we replaced the ticket value that was
repeated across sequences from 167 to 170. The mean and
standard deviation of the generating distribution remained at
180 and 20, respectively.

Materials and Methods
Participants 70 participants (mean age: 33 years, range:
20–71) were recruited on Amazon Mechanical Turk. Using
the same criteria as in Experiment 1 we excluded two participants and the following analysis is based on the remaining 68
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Figure 3: Individual choice probabilities and model fits for Experiment 1. Each panel shows the data from one participant. The
points show the choice probability on position 3, 5, 7, and 9 for a ticket with a value of 167. The solid lines show the predictions
of the expected probability model. The dashed lines show the predictions of the optimal model.
participants. As in Experiment 1, the visual inspection of the
performance in the histogram task showed no gross violations
from the target distribution.

Results
Manipulation Check 6 participants reported to have noted
something, but as in Experiment 1 reported irrelevant details
unrelated to our within-subjects manipulation.
Modeling Results To assess the predictive ability of the
models we used the median parameter estimates obtained
in Experiment 1 (see Table 2) to generate predictions for
the value 170 at positions 3, 5, 7, and 9 from both models.
These predictions as well as the choice probabilities aggregated across participants are shown in Figure 4. As can be
seen, the expected probability model again provides a relatively accurate account, despite the fact that the parameter
values were derived from a different group of participants and
from options with a slightly different value. For position 3 the
prediction is spot on. For positions 5, 7, and 9 the model predicts a larger acceptance rate than observed with the difference increasing across positions. In contrast, the predictions
of the optimal model are again relatively far off, with the only
exception being position 3.

Discussion
The primary goal of this work is to understand the psychological processes that are involved in the choice behavior in
optimal stopping tasks. We suggest that the decision to accept or reject is governed by the probability of observing a

better option in the future, and presented a computational
model that translates this probability into choice probabilities. Our model predictions closely matched human choice
probabilities in two experiments. Importantly, the predictions
of the second experiment were generated using parameter values obtained in the first experiment showing that our model
is able to perform true out-of-sample prediction on the aggregated level.
The important idea of our model is that we re-framed the
processes underlying behavior in optimal stopping tasks in
completely probabilistic terms. Instead of relying on a threshold, individuals are assumed to estimate the probability of
better future options and base their decision on this probability. It is a question for future research how this probability
is obtained. One obvious candidate would be sampling from
memory (e.g., Stewart, Chater, & Brown, 2006).
In our study participants learn the distribution of the ticket
values in the first phase of the experiment. We make this
assumption based on the idea that humans facing an optimal
stopping task (e.g. search for cheapest ticket, search for apartment or partner) are usually familiar with the range of the option’s values they will encounter. In this manner we can also
minimize learning during the task, since tickets encountered
in the training phase are sampled from the same distribution
as in the testing phase. We verified the lack of learning during
the task by comparing the performance in the first half and the
second half of the problems.
Previous studies have found that in the original optimal
stopping problem, people often sample less than what an
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pled approach for studying the effect of various external variables on behavior in optimal stopping tasks. For example,
one important finding is that explicit search costs lead to earlier stopping (e.g., Seale & Rapoport, 1997). One possibility
is that such cost are reflected in a reduced a parameter. Alternatively, they could require the inclusion of an additional
parameter or processes explicitly accounting for this.
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Figure 4: Out-of-sample predictive ability of the expected
probability model (solid line) and optimal model (dashed
line) against the aggregated choice data from Experiment 2.
Parameter values generating the predictions were taken from
Experiment 1 (see Table 2).
optimal strategy would advise depending on whether or not
search costs are assumed (Zwick, Rapoport, Lo, & Muthukrishnan, 2003). This conclusion is consistent with our finding
that participants underestimate the probability for observing a
better option in the future (estimated parameter a < 1 for all
participants, see Table 2 and Figure 1) and therefore accept
too early. Moreover, individual differences in this tendency to
underestimate the probability of finding a better option could
be related to individual differences reported in related fields
such as risk aversion, ambiguity aversion, or delay discounting.
Much of the previous research on optimal stopping problems has proposed formal models of the decision-making process (e.g., Bearden et al., 2006; Gilbert & Mosteller, 1966;
Seale & Rapoport, 1997), although sometimes their evaluation has taken the form of simulation than making inferences
from human data. The threshold model proposed from Guan
and Lee (in press) can describe the individual thresholds for
a problem with a specific length and distribution but makes
strong theoretical assumptions in order to make the deterministic threshold model probabilistic. Although these models
give a good insight into the dynamics of the decision making
in optimal stopping problems, they do not allow predictions
for different variants of the problem as e.g. different length
or different distributions. The main difference of our model
from most existing threshold models is that it uses the information of the sampling environment and current option and
thus can be used to generate predictions for new environments
and new options such as we did for Experiment 2. Therefore,
our model provides a framework that allows a more princi-
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a different topology or shape from that of the contexts of a relatively unambiguous word with essentially a single meaning
(hereafter a monoseme). In a similar vein, a polyseme, with
multiple related interpretations, such as a chicken referring to
a FARM ANIMAL or to MEAT OF THAT ANIMAL, should
also differ from a monoseme in the similarity structure of its
contexts, even if those have some semantic overlap.

The diversity of a word’s contexts affects its acquisition and
processing. Can differences between word types such as
monosemes (unambiguous words), polysemes (multiple related
senses), and homonyms (multiple unrelated meanings) be related to distributional properties of these words? We tested for
traces of number and relatedness of meaning in vector representations by comparing the distance between words of each
type and vector representations of various “contexts”: their dictionary definitions (an extreme disambiguating context), their
use in film subtitles (a natural context), and their semantic
neighbours in vector space (a vector-space-internal context).
Whereas dictionary definitions reveal a three-way split between
our word types, the other two contexts produced a two-way split
between ambiguous and unambiguous words. These inconsistencies align with some discrepancies in behavioural studies
and present a paradox regarding how models learn meaning
relatedness despite natural contexts seemingly lacking such
relatedness. We argue that viewing ambiguity as a continuum
could resolve many of these issues.
Keywords: lexical/semantic ambiguity; homonymy; polysemy;
vector space models; contextual diversity

Introduction
Extracting the statistical structure in a stream of words provides the observer—be it a human or a computational model—
with important information about word meanings (e.g., Smith
& Yu, 2008; Erk, 2012). Encountering a word in a number
of diverse contexts permits the accumulation of information
regarding the frequent versus idiosyncratic co-occurrence rates
with other words, thereby revealing the word’s meaning based
on “the company that it keeps” (Firth, 1957). Indeed, varied
contexts are necessary for the human or machine learner to
pinpoint the consistent semantic aspects (across situations)
that are relevant to a word, such that overall, contextual diversity helps the learner to predict a word’s meaning (e.g.,
Kachergis et al., 2017). Moreover, contextual diversity is apparently reflected in the resulting learned representations of
words, acting as a key principle of lexical organization (e.g.,
Jones et al., 2017).
Treating contextual diversity as a monolithic property, however, is a major simplification: We need a better understanding
of how the interpretations of words can be shaped by diverse
contexts that vary in partially systematic ways, and how this
impacts their learned representations. For example, some of
the contextual diversity for a homonym such as bank is due not
only to using this word in varied contexts discussing MONEY,
but also to using this word in varied and (relative to MONEY
contexts) distinct contexts discussing RIVERS. Thus, the similarity structure of the contexts of a homonym should display

Given that ambiguous words make up the bulk of content
words in language (Klein & Murphy, 2001), understanding
how the interpretations of semantically ambiguous words are
resolved by context, and the trace this process leaves in lexical
representations, is key to advancing multidisciplinary research
in this area. In particular, it may contribute to theoretical
debates regarding some apparently inconsistent experimental
results obtained using monosemes, polysemes, and homonyms.
For example, some lexical decision experiments indicate an
overall processing advantage for all ambiguous words, with no
differences between polysemes and homonyms (e.g., Hino et
al., 2006). If these results correlate with the differences in the
topology of contexts noted above, they suggest that homonyms
and polysemes occur in equally diverse contexts, and in more
diverse contexts than monosemes. In contrast, other lexical decision experiments reveal a processing advantage only
for polysemes, whereas homonyms show a processing disadvantage relative to monosemes (e.g., Armstrong & Plaut,
2016). These results suggest that the structure of the contexts –
whether the diverse contexts of a word arise due to related or
unrelated senses – may differently impact the representation
of polysemes and homonyms.
Based on past work, it is therefore unclear how the representations of monosemes, polysemes, and homonyms differ.
Here, we ask whether such representational differences are a
by-product of systematic differences between the range of contexts in which each type of word is encountered—specifically,
differences in the topology of each word’s contexts. Do both
types of ambiguous words occur in more distinctive contexts
than monosemes? Is the relatedness of a polyseme’s interpretations associated with a greater degree of similarity in its set
of contexts as compared to homonyms?
To investigate these questions, we draw on the wealth of
research in both psycholinguistics and computational modeling on vector-based representations of word meanings (e.g.,
Landauer & Dumais, 1997; Erk, 2012). These approaches use
the aggregate contexts of a word to represent word meaning as
a distributional semantic vector (DSV) in a high-dimensional
space. Following Firth (1957), and given the above-noted
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(a) Monoseme (wacky)

(b) Polyseme (uncertain)

(c) Homonym (jerky)

Figure 1: Multidimensional scaling plots for the GloVe vectors of three target words (in capitals) and of words in their dictionary
definitions (cf. Exp. 1) for the three ambiguity types. Words from the same dictionary definition are indicated by the color and
shape of the symbols and the ellipses around them (definition 1 in red ’x’s, definition 2 in green triangles, definition 3 in blue
squares). The same two-dimensional space was used for all words so variation in the distances can be compared across plots.
importance of contextual diversity in learning and organizing lexical meaning, it is perhaps not surprising that such
context-based DSVs have been successful in modeling human behaviour in a number of semantic tasks, such as similarity judgments and analogy completion (e.g., McNamara,
2011; Baroni et al., 2014). Recent work has further examined
whether the meanings of an ambiguous word can be usefully
“extracted” from its DSV (e.g., Arora et al., 2016).
We build on such work with a new approach to using the
spatial relations among DSVs to inform us about the meaning
structure of a word. The overarching goal of the present work
is quite straightforward: Do the properties of DSVs reflect
the number and relatedness of a word’s interpretations? To
gain insight into this issue that is robust and relevant to a wide
array of psycholinguistic and computational researchers, we
examined the distance between a word’s DSV and the DSVs
of its contexts as defined in various ways.

Our Approach: Delineating Monosemes,
Polysemes, and Homonyms
Above, we noted the convergence between research on contextual diversity as a key property of word usages, and the use of
context-derived word representations (distributional semantic
vectors, or DSVs). Our goal is to see whether the “traces” of
contextual diversity that are encoded in DSVs are revealing
about the properties of a word’s semantics: especially whether
the similarity structure of the contexts is encoded in a DSV.
In particular, do properties of DSVs—which are created by
aggregating over the contexts of usages of words—tell us
something about the number and relatedness of interpretations
that a word encodes?
To this end, we investigated how DSVs relate to relevant
portions of the semantic space they occur in. Following much
previous work (McNamara, 2011; Baroni et al., 2014), we
assume that the semantic similarity between two DSVs is

indicated by their relative positioning in the high-dimensional
semantic space: DSVs that cluster in a similar region of the
space are more semantically similar than those that are more
spread out in the space.
With this in mind, Figure 1 illustrates the components of
our main hypothesis here: (1) We assume that the DSV for a
monoseme aggregates over relatively similar contexts; since
its resulting vector representation has fewer distinctions to
encode, the expected distance between it and (a vector representing) any of those contexts should be relatively small. (2) A
DSV for a polyseme will be relatively more distant from (the
vectors for) its contexts, since the varying contexts of its multiple senses pull its word vector representation somewhat away
from any one particular context. (3) A DSV for a homonym
will be the most distant from its contexts, since its encoding
reflects contexts in which it has various interpretations with no
overlap in semantics; the resulting DSV must encode and thus
“sit between” these more distant, non-overlapping contexts.
To test this hypothesis, we require DSVs for a set of target
words from our three ambiguity types (monosemes, polysemes,
and homonyms), and DSVs that represent the contexts of these
target words, so that we can measure the distance between
them. We use standard, off-the-shelf DSVs whose usage is
widespread in psycholinguistics and computational linguistics.
Several models were included to explore whether any potential
differences we find among the ambiguity types are robust to
the particular methods for creating DSVs.
There are various ways to identify relevant contexts to compare these target items to. First, we consider—as an extreme
example of disambiguating context—the dictionary definition(s) of a word. Such definitions have been carefully constructed to elaborate the distinctive semantics of a word, and
as such, they serve as a proxy to a set of very clearly biased
contexts that reflect all of the word’s interpretations, and potentially their relationship to one another. In this way, the
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definitions of a target word should serve as highly effective
“probes” of whether and how the word’s interpretations are
captured in its DSV. Going back to the lay-out of monosemes,
polysemes, and homonyms in semantic space, we expect these
definitional contexts to accurately pinpoint salient spatial regions whose distances to the target are highly informative
(cf. Figure 1).
Second, we consider the actual linguistic usage contexts
of a word. Specifically, we use a sample of corpus usages
of the target word as examples of its natural contexts. Since
these contexts are similar to the contexts used to create the
word vectors, they are a natural probe to measure the extent to
which the resulting DSV of a word is closer to or further from
its contexts. These results should help reveal how the DSV is
related to actual contextual aspects of its meaning, in contrast
to the definitional aspects.
Finally, we consider the context of the target DSV as it is
situated within the semantic space; that is, the context is the
target’s most semantically-similar neighbours (cf. Burgess,
2001). Here, we are probing whether hypothesized differences
in the make-up of the DSVs across the three types of words
lead to different degrees of similarity to their nearest semantic
neighbours. Again, going back to the lay-out of monosemes,
polysemes, and homonyms in semantic space, we hypothesize
that the various neighbours of a target word in semantic space
may occur closer to or further from the target depending on
the variety of their shared semantic dimensions.
In all cases, to compare these different types of contexts to
our targets, we aggregate the DSVs of the content words in
each instance of a context to form a single DSV (cf. Schütze,
1998), and compare that to the target DSV. Our key experimental measure is the average cosine distance between the DSV
of the target word, and the DSVs of each of its contexts of a
certain type.

Experimental Set-up
Target words
We selected target words with the aim of maximizing the ability to detect ambiguity effects while simultaneously ruling out
effects from other potentially confounding properties. Additionally, selection was constrained to facilitate the re-use of
these items in future coordinated psycholinguistic experiments.
We started by collecting the intersection of words common to
the following sources: the SUBTL word frequency database
(derived from movie/television subtitles, Brysbaert & New,
2009), the CMU pronouncing dictionary (Weide, 1998), the
Yarkoni et al. (2008) measures of orthographic neighbourhood, and the Wordsmyth dictionary (Parks et al., 1998).
The Wordsmyth dictionary includes separate entries for unrelated meanings, with related senses grouped under a single
entry. Manual inspection of the definitions suggests that in a
small number of cases these definitions may not cover some
meanings of a word, and some choices of senses as related (or
not) may not be accurate. However, overall the meaning/sense
counts have been found to correlate significantly with ambiguity effects in several prior behavioural experiments (e.g., Rodd

Table 1: Features used in matching and as covariates
Property

monosemes

polysemes

homonyms

# Unrelated Meanings
1
(0)
1
(0) 2.2 (0.02)
# Related Senses
1
(0)
5.72 (0.1) 7.48 (0.21)
# Noun Interp.
0.59 (0.02)
3.03 (0.07) 3.76 (0.11)
# Verb Interp.
0.14 (0.02)
2.21 (0.11) 3.06 (0.14)
# Adjective Interp.
0.16 (0.02)
0.42 (0.05) 0.58 (0.06)
# Letters
5.4 (0.07)
5.4 (0.07) 4.63 (0.06)
# Phonemes
4.5 (0.06)
4.5 (0.06) 3.86 (0.05)
# Syllables
1.6 (0.03)
1.6 (0.03) 1.3 (0.02)
ln(Word Freq. + 1)
0.89 (0.02)
0.94 (0.02) 0.95 (0.02)
Case of first letter
0.84 (0.02)
0.93 (0.01) 0.91 (0.01)
Coltheart’s N. Orth.
3.45 (0.21)
3.71 (0.22) 6.85 (0.29)
OLD20
1.9 (0.02)
1.8 (0.02) 1.56 (0.02)
Coltheart’s N. Phon.
7.14 (0.38)
7.19 (0.39) 12.12 (0.46)
PLD20
1.7 (0.03)
1.7 (0.03) 1.39 (0.02)
Pos. Letter Freq.
1183 (28) 1123 (28) 901 (26)
Pos. Bigram Freq.
155
(7) 145
(7) 115
(6)
# Interp. = Interpretations associated with a part of speech. Case of
first letter = Does the word most frequently appear with the first letter
in uppercase (0)? Coltheart’s N = Number of neighbours based on
letter (Orth.) or phoneme (Phon.) substitution. OLD20/PLD20 = Orthographic/Phonological Levenshtein distance. Pos. Letter/Bigram =
Freq. of a letter/bigram in a given position in a word. Per ambiguity
type, mean and (variance) are reported

et al., 2002). Thus, this source should be suitable for delineating between monosemes which are (relatively) unambiguous
and which have only a single meaning/sense, polysemes which
have multiple related senses, and homonyms which have multiple unrelated meanings (and possibly related senses within
those, given the rarity of homonyms with only one sense
per meaning). The eDom norms (Armstrong, Tokowicz, &
Plaut, 2012) were also used to further filter the Wordsmyth
homonyms in particular, because this resource includes a large
set of pre-screened homonyms suitable for psycholinguistic experimentation, as well as norms on additional psycholinguistic
properties of interest for later studies.
After combining these databases and removing words with
less than two phonemes, we obtained 429 homonyms, 4672
polysemes, and 1229 monosemes. We then selected 429 polysemes and monosemes that were matched to the homonyms
to the greatest extent possible at the item level on a number
of psycholinguistic covariates (including, for polysemes, the
number of senses), using the SOS stimulus optimization software (Armstrong, Watson, & Plaut, 2012). The covariates,
along with their descriptive statistics, are presented in Table
1. Overall, the optimization created groups of monosemes,
polysemes, and homonyms that are very similar—but not
identical—in these statistics. Possible effects of the remaining
imperfections in the matching were addressed in the analysis
(see Statistical Methods).

Vector spaces
To evaluate the robustness of our findings and determine
whether there are major differences across different implementations of word co-occurrence models and corpora, we
replicated our computational experiments on three sets of pre-
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The distance from the target word to its set of contexts was
defined as the mean of the cosine distances between the target
DSV and each of its context DSVs. We ran 3 experiments,
each using different context types:
Experiment 1: Each definition context DSV is formed
from a single WordSmyth definition by averaging the DSVs
of all gloss words (omitting stopwords; Bird et al. (2009)).
Experiment 2: Linguistic usages are lines of dialog containing the target word, extracted from the Subtlex corpus
(Brysbaert & New, 2009). Each usage context DSV is formed
by averaging the DSVs of all words in the corpus line (excluding stopwords and the target word itself).
Experiment 3: Neighbour contexts were the 20 DSVs with
the lowest cosine distance from the target in the vector space.

Statistical methods

LSA

GloVe

Word2Vec

0.01
0.00
−0.01
M

P

H

M

P

H

M

P

H

(b) Experiment 2: Linguistic usage contexts
LSA

GloVe

Word2Vec

0.02
0.01
0.00
−0.01
−0.02
M

P

H

M

P

H

M

P

H

(c) Experiment 3: Semantic neighbourhoods

We used a stepwise multiple linear regression procedure to test
for differences between ambiguity types in each experiment.
First, we regressed out the effects of the psycholinguistic
covariates in Table 1 (omitting Colheart’s N Orth and N Phon
to avoid collinearity with OLD and PLD). Then we tested
for significant differences between the ambiguity types on
the residual differences; these are the results reported below.
In these analyses, the baseline level of ambiguity type was
rotated to run all pairwise comparisons between types. The
Type-I error rates in each experiment were held constant at
p < .05 (2-tailed) using the Bonferroni-Holm procedure.

Results
To reiterate our hypotheses underlying the motivation for our
experiments, we analyzed our experimental data to determine
whether monosemes were closer to their contexts than polysemes, and whether polysemes were closer to their contexts
than homonyms (cf. Figure 1) .

Experiment 1: Distance to dictionary definitions
The mean residual distances between the target DSVs and
their definition DSVs for each of our ambiguity types (M =
monoseme, P = polyseme; H = homonym), are presented in
Figure 2a, with statistically significant comparisons noted.
In line with our predictions, Glove and Word2Vec showed a
significant 3-way distinction wherein the distance of the target
1 Gathered

avg. residual distance

Experiments

(a) Experiment 1: Dictionary definitions

avg. residual distance

trained vectors:1 LSA (Landauer & Dumais, 1997), trained
on the TASA corpus (Günther et al., 2015), and GloVe (Pennington et al., 2014) and Word2vec (Continuous Skipgram;
Mikolov et al., 2013), both trained on English Wikipedia and
Gigaword (Fares et al., 2017). The LSA vectors used here are
a standard set that has been the subject of extensive research
over 20 years. The GloVe and Word2vec sets represent two
contemporary and very popular models trained on identical
natural language corpora. All vectors have 300 dimensions.

from http://vectors.nlpl.eu/repository/ and
http://www.lingexp.uni-tuebingen.de/z2/LSAspaces/

Figure 2: Ave. residual distance by ambiguity type for the
different vector sets in each experiment. Error bars plot the
standard error. Black lines denote significant differences between ambiguity types; p < .001 in all cases except Expt. 2,
Word2vec M–P p < .01.
DSV to the definition DSVs was smallest for the monosemes
and largest for the homonyms, with the polysemes falling
in between. LSA also showed the 3-way trend numerically,
but P vs. H was only trending (p = .06). The sample words
from this experiment used to generate Figure 1 underscore
this point: the definitions of the monoseme are most tightly
clustered around the target word, followed by the polyseme,
and with the homonym displaying the most dispersed set of
definition words in vector space. This indicates that when a
DSV is trained on samples of natural language text, probing it
with dictionary definition “contexts” can reveal traces of the
diversity of contexts in which the word was encountered. The
similar patterns obtained across all three vector space models
suggest that the overall co-occurrence structure in language
drives these effects, given the differences in implementation
and training corpora across our three vector sets.

Experiment 2: Distance to linguistic usage contexts
Figure 2b presents the mean residual distances between the
target DSVs and their linguistic usage DSVs for each of our
ambiguity types. It shows that for Word2vec, the contexts
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for both types of ambiguous words were significantly more
distant from the target word than those of monosemes, but
there was no difference as a function of the relatedness of
an ambiguous word’s interpretations. Given that homonym
meanings are completely unrelated to one another, the fact that
polysemes group with homonyms suggests that despite having
related senses, each sense is, on average, encountered in just as
distinct a context as an unrelated meaning. Thus, discussions
of COOKING versus RAISING chickens may be as distinct
as discussions of FINANCIAL versus RIVER banks.
Neither LSA nor GloVe showed significant effects across
ambiguity types. Because LSA was trained on a different
corpus than GloVe and Word2vec, we cannot infer whether its
training corpus does not contain the same diversity of contexts
needed to observe differences between ambiguity types, or
whether this failure is due to how that algorithm creates DSVs.
However, GloVe was trained on the same corpus as
Word2vec, so the differences between these two algorithms
are attributable to how each model creates DSVs. A possible
source of these differences is that in creating DSVs, GloVe
optimizes over the entire word co-occurrence matrix at once,
where Word2vec does iterative sentence-by-sentence training.
Fleshing out the impact of these types of algorithmic differences is an active area of research (e.g., Rubin et al., 2014).

Experiment 3: Distance to semantic neighbourhood
Figure 2c presents the mean residual distances between the
target DSVs and their neighbourhood DSVs for each of our
ambiguity types. For Word2vec and GloVe, we observe a similar two-way split as for Word2vec in Experiment 2: homonyms
and polysemes are not statistically different from one another,
but both show larger distances than the monosemes. In other
words, these results indicate that words with multiple interpretations have nearest neighbours that are more distant than
those of monosemes, but the distance is not impacted by the
relatedness of an ambiguous word’s meanings. No significant
effects were observed when analyzing the LSA vectors.

Supplemental Analysis: Extreme Polysemes
Our initial set of polysemes had slightly fewer senses than the
homonyms did when matching for our broad set of psycholinguistic covariates. If the number of senses rather than their
nature drives some of our results, we would expect polysemes
with more senses to have a greater average distance to their
contexts in the various experiments than both homonyms and
polysemes. To evaluate this possibility, we repeated our experiments on an additional set of “extreme polysemes” that
were matched on all covariates except the number of senses,
and so had 38% more senses than the homonyms (10.4 vs.
7.5). No evidence for a confounding effect of number of
senses was observed in Experiments 1 and 2, where numerically the extreme polysemes ranked somewhere in between the
homonyms and polysemes. In Experiment 3 we did find the
extreme polysemes had either the numerically largest (GloVe
and Word2vec) or the smallest (LSA) distance to their semantic neighbourhood, suggesting that here the number of

senses does affect the neighbourhood density differently in the
case of different algorithms and/or corpora. Future studies are
planned to better understand these phenomena.

General Discussion
Our 3 experiments tested for differences in the word vectors
between the different ambiguity types in several types of “contexts”: dictionary definitions that highlighted the defining or
prototypical semantic dimensions of the words (Experiment 1),
linguistic usage contexts that emphasized the co-occurrence relations of a word (Experiment 2), and neighbours in the vector
space that measure the direct relation that a word has to related
words (Experiment 3). Our key findings were as follows: In
Experiment 1, all models generated a three-way distinction
in which monosemes were further from their contexts than
polysemes, and polysemes were further from their contexts
than homonyms. In contrast, in Experiment 2 (Word2vec)
and Experiment 3 (Word2vec & GloVe), we only observed a
two-way split wherein ambiguous words were further from
their contexts relative to monosemes. These findings support
our highest-level intuition that (at least some types of) ambiguous words are encountered in more diverse contexts than
monosemes. The contrast between natural contexts and the
semantically more distinct contexts of dictionary definitions
have interesting implications for theories and studies of ambiguous word representation, learning, and processing that
transcend multiple disciplines of cognitive science.
The discrepancies across our experiments pose a paradox
for theories of word learning. Whereas dictionary definitions
allowed us to distinguish homonyms from polysemes, our two
experiments based on naturally-occurring language did not –
there, polysemes and homonyms are equally distant from their
contexts. How is it that vectors that (as one test shows) are sensitive to meaning relatedness can be learned from contexts that
(on average) do not reflect this factor? One potential answer is
that the observed difference in Experiment 1 is not due to the
target word vectors themselves, but to the definition words and
how their vectors are spread out in vector space. This would
resolve the paradox by denying that the homonym-polyseme
distinction is ‘contained’ in the word vectors. Another possibility is that the natural language contexts and the semantic
neighbourhoods are insufficiently strong probes into this difference; this would resolve the paradox by assuming that the
homonym-polyseme distinction is captured in the word vectors, but that one needs very strong probes to reveal it. If the
answer turns out to be that the distributional contexts do not
encode the homonymy-polysemy distinction, this would raise
a second question of how human language learners arrive at
these distinct kinds of representations. In particular, such a
result would suggest that, despite the success of word vectors
based on linguistic context alone, they cannot capture all of the
knowledge people have of word meaning and its organization.
Another factor that may have contributed to our discrepant
results is how we divided words into three ambiguity types.
The substantial amount of variance within each of the types
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may reflect systematic variation better explained through an
“ambiguity continuum” – in which the relatedness of senses
varies continuously (e.g., Klepousniotou et al., 2008). Already,
the adoption of such a graded view of ambiguity has been
shown to modulate behavioural semantic ambiguity effects,
such that polysemes assumed to have lower representational
overlap across senses (e.g., metaphorical polysemes such as
FILM vs. CELESTIAL star) produce ambiguity effects more
similar to homonyms than polysemes assumed to have higher
representational overlap across senses (e.g., metonymic polysemes such as chicken; Klepousniotou et al. 2008). Similarly,
the inconsistency in finding two-way (Hino et al., 2006) or
three-way (Armstrong & Plaut, 2016) distinctions may relate
to how researchers divide their items into ambiguity types.
Our computational approach makes it possible to evaluate
whether and how other ways of measuring the number and
relatedness of a word’s meanings align with our measures here.
It potentially reconciles these effects based on where words
sit on the ambiguity continuum.
In conclusion, the alignment of the particular inconsistencies across our experiments with other discrepancies in the literature provides general support for our initial hypotheses and
hints at a unifying account of these findings based on an ambiguity continuum. Thus, our simple approach of using three
ambiguity types is clearly only a starting point, whereas future
work should consider graded transitions in representational
overlap, among many other factors (e.g., possible interactions
with grammatical class and meaning frequency; Armstrong,
Tokowicz, & Plaut 2012), as well as other ways of measuring
the dispersion of vectors in semantic space. Our selection
of a large set of stimuli that are suitable for psycholinguistic
experimentation allows us to drill in on these possibilities in
future analyses, as well as to evaluate how our computational
results align with coordinated experiments using the same
items. Thus, our interdisciplinary approach provides targeted
directions for advancing the study of ambiguity by asking the
question: can we know a word’s ambiguity by the company
that it keeps?
Acknowledgments: SS, SM, BB are supported by NSERC grant
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Abstract
Herein we describe CRAMM, a framework for Causal Reasoning via Attention and Mental Models. CRAMM develops and
extends assumptions made by a previously developed counterfactual simulation model of human causal judgment. We
implement CRAMM computationally and demonstrate how it
robustly captures human causal judgments about simple twoobject interactions at the level of underlying cognitive and perceptual processes, including data on eye-movements that serve
as direct evidence for the role of counterfactuals in causal judgment.
Keywords: causal cognition; mental models; reasoning; attention; perception; cognitive architecture; computational model

Introduction
A series of recent papers have developed and defended a
counterfactual simulation model (CSM) of human causal
judgment (Gerstenberg, Goodman, Lagnado, & Tenenbaum,
2012, 2015; Gerstenberg, Peterson, Goodman, Lagnado, &
Tenenbaum, 2017). In broad strokes, the CSM assumes that
human reasoners noisily sample from a generative model
of Newtonian mechanics as the basis of mental simulations
that track both actual and counterfactual interactions between
physical objects. In turn, these simulations provide the ingredients for generating causal judgments. A recent paper
extends this work with eye-movement data that corroborates
central claims embodied in the CSM. Strikingly, participants
make “counterfactual saccades” (see figure 1c) that seem to
track what an object involved in a causal interaction would
have done had the interaction failed to occur (Gerstenberg et
al., 2017).
It is undeniably clear in the eye-tracking data that participants are extracting the ingredients for representing counterfactuals in an on-line fashion as they observe the stimuli
in the experiment. The presence of counterfactual saccades
in the eye-tracking data strongly suggests an interaction between processes supporting causal judgment and processes
involved in visual perception. As it is currently expressed, the
CSM makes no commitments about whether, where, or how
perception makes contact with the notion of mental simulation it adopts. Consequently, the CSM offers no mechanistic
explanation for why the eye-movement data looks the way
that it looks other than assuming a correlation between counterfactual simulations and eye movements. In the absence
of these details, we can only assert that the eye-movement
data is consistent with, but not explained by the CSM. Getting closer to an explanation requires a more detailed account
of how perceptual processes interact with task demands to
produce judgments.

This paper reports first steps toward a detailed process
model of causal reasoning called CRAMM that captures and
explains both the behavioral and eye-tracking data reported in
(Gerstenberg et al., 2017). CRAMM is implemented within
the ARCADIA framework, which has been used to model
the role of attention in a range of tasks, most pertinently in
multiple object tracking (Bridewell & Bello, 2016; Lovett,
Bridewell, & Bello, 2017). As input, CRAMM is presented
with exactly the same stimuli (i.e., video clips) that Gerstenberg and colleagues presented to their human participants.
Over the course of viewing, CRAMM attends to task-relevant
objects, extracts relations between them, and builds up event
structure in working memory.
In the stimuli used by Gerstenberg and colleagues, a red
ball and a gray ball are on a collision course in a room with a
gate on the left-hand side (see figure 1). They eventually collide, and the red ball either goes through the gate or doesn’t.
One of the tasks is to rate agreement with a statement such
as “The gray ball [caused/prevented] the red ball [to/from]
entering the gate” on a scale from 0 to 100, with 0 representing “not at all” and 100 representing “very much.” At
some point prior to the red and gray balls colliding, CRAMM
is able to make a prediction about whether the red ball will
eventually go through the gate. Subsequent collision with the
gray ball may knock the red ball off course, ultimately invalidating the prediction. When this happens, the prediction
becomes counterfactual, since it no longer describes the sequence of actual events as they unfolded. CRAMM maintains
and updates information about the modal status of events,
marking them as corresponding to predicted future events, actual events (observations), or counterfactual events that could
have happened, but didn’t.
With only the ability to rate agreement on statements such
as “The gray ball [caused/prevented] the red ball [to/from]
entering the gate” as either 0, 50, or 100, CRAMM fits the
human data as well as the CSM does. CRAMM also gives
a novel explanation for the eye-movement data, both within
and across conditions in (Gerstenberg et al., 2017). As human
participants do, prior to the collision between the red and gray
balls in each stimulus clip, CRAMM tries to predict whether
the red ball will go through the gate. It does so by performing
spatial sweeps of covert attention down the trajectory being
followed by the red ball toward the gate. Since overt attention
typically follows covert attention, saccades are programmed
and executed when narrow, slower sweeps of covert attention
are required to resolve the question of whether the red ball
will go through the gate. Following this, CRAMM is likely
to generate counterfactual saccades (1) when there is a need
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(a) Actual Miss /
Counterfactual Hit

(b) Actual Miss /
Counterfactual Close

(c) Eye-tracking Data

Figure 1: Two example stimuli from Gerstenberg et al. (2017), with eye-tracking data for the second stimulus.
to track the status of the relationship between the red ball’s
current trajectory and the gate, and (2), when narrow sweeps
of covert attention are required to do so, as in cases where
prior to the collision it is unclear whether the red ball will go
through the gate (e.g., figure 1b).
The remainder of the paper begins with a brief review of
the CSM, with additional review of the eye-tracking data collected by Gerstenberg and colleagues. After providing an
analysis of what a computational model ought to explain, we
describe CRAMM, focusing on its assumptions about perception and attention, including its commitment to the semantics for causal verbs described in (Goldvarg & Johnson-Laird,
2001). We show how CRAMM’s assumptions are sufficient
for capturing human ratings of causality along with qualitative trends in the eye-movement data via a computational implementation.

The Counterfactual Simulation Model
One way that the relationship between counterfactual dependence and causal judgment can be thought about is in terms
of difference-making. The degree to which a candidate cause
is judged as causal tracks the degree to which it made a difference to the outcome. In general, difference-making accounts rely on comparing actual outcomes to what would
have (counterfactually) happened had things gone differently.
The CSM frames the process we have been describing in
terms of mental simulations. The idea here is that participants who view the videos sketched in figure 1 are using cognitive mechanisms that embody knowledge about physics to
make predictions about different would-be events in the stimuli, including where the red ball will eventually end up. In
general, the model of causal judgment implemented by the
CSM works by generating noisy samples from the underlying
physics engine used to produce the stimuli (seen in figures 1ab), which can be thought of as implementing something like
the ability to imagine or reconstruct happenings in the world.
Each drawn sample removes the gray ball from the physics
simulator, and adds a small degree of Gaussian noise to the
trajectory of the red ball at each point directly after a collision
with the gray ball would have occurred. The actual outcome
is then recorded and stored. Each of these samples represents
a counterfactual judgment, since what it captures as an outcome is the final status of the red ball given the absence of the
gray ball. CSM calculates the probability that a candidate C
causes a particular outcome E by computing:
P(C → E) = P(E ∗ 6= E|S, remove(C))

In this case, C represents the presence of the gray ball
in the sample, S represents what actually happened in the
sample, E* represents whether the red ball went through the
gate, and E represents the counterfactual outcome in which
the gray ball wasn’t present. The model predicts that participants’ causal ratings will increase with their certainty that the
counterfactual outcome would have differed from the actual
outcome (compare figures 1a and 1b).

Eye-Tracking Causality
The CSM suggests that if participants are using runnable
mental simulations of counterfactual situations, there should
be signatures of the process revealed in their eye movements.
To test the prediction, Gerstenberg and colleagues (2017)
captured eye-movements while participants viewed 18 videos
that varied over two dimensions. The first dimension was
whether the red ball missed entering the gate (e.g., figure 1a),
entered the gate, or was a close call regardless of whether
it entered. The second dimension was arranged similarly,
but instead ranged over counterfactual hits, misses, and close
calls (see figure 1b for a close call). Participants were randomly assigned to one of three conditions. In the outcome
condition, participants rated whether the red ball completely
missed the gate (when it missed) or whether it went through
the center of the red gate (when it didn’t miss) on a scale
from 0 (“not at all”) to 100 “very much”). In the counterfactual condition, participants rated whether the red ball would
have gone through the gate had the gray ball not been present.
In the causal condition, participants were asked to rate either
(1) whether the gray ball prevented the red ball from going
through the gate when the red ball missed, or (2) whether the
gray ball caused the red ball to go through the gate when it
went through. The CSM captured judgments well, producing
mean agreement ratings of r = .87, r = .90, and r = .92 in the
outcome, counterfactual, and causal conditions, respectively.
Figure 1c shows a sample of participants’ combined saccades for one clip. Gerstenberg and colleagues predicted
that participants ought to run mental simulations that characterize where the red ball would have gone if the gray ball
hadn’t been present in both the causal and counterfactual conditions, while predicting that no such simulation is necessary
for the outcome condition. Moreover, Gerstenberg and colleagues predicted a relationship between counterfactual saccades and certainty in causal judgments. In “counterfactual
close” cases, where it is unclear whether the ball would have
gone through the gate, they predicted that participants would
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engage in a greater degree of mental simulation to determine
whether the red ball would have gone through the gate had
the gray ball not been present, and therefore they would make
more counterfactual saccades. Both predictions about counterfactual saccades were born out in the data.

Causal Reasoning via Attention and Mental
Models (CRAMM)
Each of these predictions about eye movements make good
sense with respect to the counterfactual simulation model, but
it remains entirely unclear why, qua predictions, they should
necessarily follow from the model as it is stated. Perhaps the
easiest and most direct answer this question is that the CSM
is ultimately a model of judgment and not of the perceptual
and executive control processes that support judgment. It is
sometimes true, for example, that participants needn’t construct or maintain any sort of predictions or make any kind
of counterfactual inferences about where the red ball could
have gone, had the gray ball not been present. Success on the
task in the outcome condition merely requires one to follow
where the red ball actually goes, and no more. This is in fact
what the eye movement data reveals. However, once asked to
make causal or counterfactual judgments, just tracking actual
outcomes is no longer sufficient, and task-related demand for
prediction and inference returns. Moreover, the fact that the
eye-movement data shows more counterfactual saccades in
cases where the fate of the red ball isn’t clear prior to the collision suggests that these eye-movements are sensitive to processes that track task-relevant uncertainty. Perception is thus
selective with respect to the task at hand. What is missing
from the CSM is a story about the mechanisms from which
such perceptual selectivity arises, and how it might make contact with high-level cognition.
CRAMM provides an initial set of hypotheses about the
interaction between attention, perception, and the simulation
process thought to be involved in online causal reasoning.
CRAMM commits to a view of representation and capacitylimited reasoning based on mental models (Goldvarg &
Johnson-Laird, 2001). In addition, rather than sampling from
runs of an actual physics engine to generate counterfactuals,
CRAMM encodes, maintains, and updates a small number
of discrete possibilities over the course of stimulus viewing. These possibilities correspond to short-term episodic
traces that represent objects, events, and relations that have
been parsed out of the video stimuli during the viewing
process. We first describe CRAMM in an implementationneutral way, and follow with a highly abbreviated discussion
of CRAMM’s implementation in the ARCADIA cognitive
system.

CRAMM: A High-Level Picture
Given what was gleaned from the human eye-movement data
across the various conditions, we determined that task instructions impose top-down constraints on perception via selective attention. Against this backdrop, CRAMM is built so

that it can be “configured” by top-down constraints imposed
in the task set. The task set provides an interface layer between task instructions in natural language, recruited background knowledge, plans, and perception. Instructions are
parsed into a task set, which provides top-down constraints
on attentional deployment. Information in the task set is used
to “configure” the cognitive system for the task it describes
by specifying what the relevant objects, features, relations,
and events are, given a specific task, along with providing a
set of priorities for attentional selection. Currently, the mapping from instructions to task set to configuring the cognitive
system is performed by hand (but see Future Directions).
Depending on which condition an instance of CRAMM is
assigned to, instructions will be compiled down into the corresponding task set. Once so configured, CRAMM traces
a path up from perception through judgment by populating
working memory with event sequences. Each sequence is
represented as a possibility: a collection of events that are
modally tagged as either predicted, actual, or counterfactual. Once encoded, a procedure for deploying attention internally to working memory representations matches possibilities against causal concept definitions to produce judgment.
The procedure below, less item 11, describes CRAMM’s behavior given the task of responding to either a counterfactual
or causal rating question. When configured by task instructions to merely report the final location of the red ball, as in
the outcome condition, steps 4 through 6, step 8, and step 10
are never executed by CRAMM, but step 11 is. We explore
the notion of “scanning” mentioned in items 4, 6, and 11 in
the next section.
1. Focus and encode gate, ball A, and ball B.
2. Focus on red ball B.
3. Build trajectory information for B and use it to smooth
pursue.
4. Rough scan to check whether B will enter gate.
5. Store result in WM.
6. If WM reflects uncertainty, perform tighter scan.
7. Detect and encode collision between B and other objects.
8. Mark all no-collision representations in WM as
counterfactual.
9. Observe actual outcome and mark as actual.
10. Match WM contents against causal concepts and make
judgment.
11. (Outcome Condition only) Perform scan from the terminal
position of the red ball to the gate.
Attention: Overt and Covert CRAMM assumes basic capacities for selectively focusing on objects based on feature
information encoded in the task set, such as color descriptors. Along with objects, CRAMM also assumes a capacity for covertly attending to regions of space, regardless of
whether an object is present at the region. CRAMM distinguishes overt from covert deployments of attention, meaning
that it is possible in principle for a CRAMM implementation to be attending to one portion of the visual field while its
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“eyes” or fovea is located elsewhere. This can be seen in the
top panel of figure 3. The neon green dot represents where
CRAMM’s “eyes” are, while the blue box represents where
CRAMM’s covert attention is currently directed. CRAMM
assumes the capacity for planning and executing simple ballistic saccades, along with tracking an object via smooth pursuit. Crucially, CRAMM assumes that overt attention in the
form of eye movements follows the deployment of covert attention, if the latter remains relatively stable for a sufficient
period of time to program and execute an eye movement.
Scanning: Relational Verification CRAMM assumes that
at least some relations can be verified (i.e., determined to be
true or false) through operations normally thought to be perceptual in nature. For example, in the causal judgment task
under consideration, whether the red ball will or actually does
go through the gate depends on its trajectory, and the spatial relationship between the ball’s outer contour and the area
marked out by the gate. To verify whether this relation holds,
CRAMM performs an initially wide sweep of covert spatial
attention from the current position of the red ball along its
current trajectory toward the gate. This can be seen in figure
2b, where the blue box represents the relatively wide spatial
region being attended and shifted leftward down the red ball’s
trajectory until a determination can be made about whether or
not the blue box intersects the area marked out by the red gate.
If there is partial overlap, the relation may or may not be true.
These values are stored in CRAMM’s working memory, and
can drive further processing.
Monitoring and Control Finally, CRAMM assumes that
perception is active in task-relevant ways by virtue of what
is in the task set. For example, if one of the goals of a human participant in this task is to determine whether the red
ball will go through the gate, but a wide sweep of spatial attention leaves two possibilities in working memory (figure 2b
top), a control signal will be generated, and a narrower sweep
of spatial attention will be performed (by shrinking the size
of the blue box) until a determination about the relation is
made (figure 2b bottom). The process of relational verification proceeds on a coarse-to-fine basis in an online manner
depending on need. It should be noted that it takes far less
time to perform a wide sweep of spatial attention than it does
to perform a narrow sweep, since the latter consists in moving
a smaller blue box the same amount of distance. In many of
these instances, enough time passes while covert attention is
being swept such that an eye movement can be programmed
and follows covert attention (see figure 2b, bottom panel).
Simulation, Mental Models, and Causal Concepts The
notion of mental simulation used by the CSM and similar
models predicated on a “physics engine in the head” has
been criticized for appearing to be under-constrained (Davis
& Marcus, 2015). One promising alternative account of mental simulation is the mental model theory of human reasoning
(Goldvarg & Johnson-Laird, 2001). The theory supposes that
untutored reasoners rarely (spontaneously) represent what is

Table 1: Causal concepts and the possibilities they pick out.
Cause
A
B
¬A
B
¬A ¬B

Prevent
A ¬B
¬A
B
¬A ¬B

not immediately given as a premise or in perception, and have
trouble considering any more than three possibilities simultaneously. The mental model theory is thus in broad accord
with basic facts about capacity limitations in working memory. The theory makes contact with causal language by supposing that the core meanings of various words, causal verbs
in this case, denote unique sets of possibilities, such as those
shown in table 1. A and B are descriptions of event occurrences, with logical negation applying to generate descriptions of non-occurrences. Each row/pair represents a possibility consistent with Cause or Prevent. In CRAMM, the
two different schematized sets of possibilities corresponding
to “Cause” and “Prevent” are compiled down into task set
information where they contribute to top-down guidance of
attention. CRAMM ultimately matches the contents of working memory against these schemata to produce judgments.

Implementation in ARCADIA
We implemented CRAMM in the ARCADIA framework.
ARCADIA provides a unique set of capabilities for building
attention-centric models of cognitive phenomena. On each
cycle, ARCADIA receives sensory input from the environment, and chooses a focus of attention, which is broadcast
system-wide in a way that enables integrated processing (see
Bridewell & Bello, 2016 for details).
Figure 2a specifies the flow of information between components in our ARCADIA implementation of CRAMM.
Boxes that are boldfaced represent components that are influenced by the current focus of attention. As frames from
the video clips used as stimuli in Gerstenberg et al. (2017)
come into the system, pre-attentive segmentation processes
identify possible objects to focus on in the scene. This information is passed through a series of “highlighters” that capture top-down effects from task goals on attentional capture.
Highlighters generate requests for attention.
An attentional strategy specifies the relative priority of different requests for attention, so that an element can be selected as the focus of attention. In the case of modeling the
Gerstenberg et al. results, we developed two different attentional strategies corresponding to attentional priorities for the
outcome condition, and the causal and counterfactual conditions, respectively. In the former condition, attentional priority is not given to the relation between the red ball and
the gate until immediately before the ball reaches the gate,
at which point a quick scan determines how centrally the
ball will enter the gate. In the latter conditions, tracking the
status of this relation is crucial for constructing and maintaining actual and counterfactual possibilities used to drive
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(a) CRAMM Model

(b) The ARCADIA implementation in action

Figure 2: A: An information-flow diagram detailing the collection of ARCADIA components used in implementing CRAMM.
B: An example of CRAMM, mid-processing, tasked with answering a causal question. Top: The neon green dot represents
CRAMM’s fovea, while the blue box represents CRAMM’s current focus of (covert) attention. On the far right, there are two
possibilities in working memory after a coarse sweep. Bottom: After slower, tighter scanning, uncertainty about the “entersgate” relation is resolved, but scanning has resulted in a counterfactual saccade.
causal judgment. Once attended, objects get placed into visual short-term memory and assigned a visual index in ARCADIA’s object locator component (Lovett et al., 2017) so
that their spatial positions can be tracked. The implementation also has components that attend and encode collisions
between objects.
The maintenance highlighter component generates requests to maintain attention on the current focus. In this case,
the component keeps ARCADIA’s attention fixated on the red
ball long enough to (1) execute a saccade to the red ball, (2)
extract trajectory information and bind it to the representation
of the red ball in visual short-term memory, and (3) begin
smooth-pursuit tracking. Further task set information is included in the possibility explorer and recorder components,
which implement top-down biasing from the task set. For
these specific stimuli in the causal and counterfactual conditions, the possibility explorer is configured to verify whether
or not “will enter” is true of the red ball and the gate.
A parameterized request to perform an initial wide scan
is issued to the scanner component, which projects covert
attention along the trajectory associated with the red ball,
with the scan result being attended and memorized in working memory. Possibility explorer continues to issues requests for tighter scans as long as no resolution to the question of “enters-gate” is encoded in working memory. Saccade requester requests overt attention in the form of an
eye-movement whenever there is a large discrepancy (over
time) between the current location of covert attention and
ARCADIA’s fovea. Such requests are most commonplace in
“counterfactual close” trials, when a tight scanning window
is required to determine whether or not the red ball will go
through the gate. Because scanning requires more time on
these trials, there are more opportunities to program saccades
along the red ball’s trajectory.
As shown in figure 2b, the entire process results in ordered

possibilities that correspond to mental models of what could
have and actually did happen. Finally, a causality reporter
component matches the possibilities in working memory to
the causal concept schemata (shown in table 1) via cosine
similarity to generate numeric scores. In a handful of counterfactual close cases, the scanning procedure fails to resolve
uncertainty in working memory via scanning before the collision takes place, leading to partial matches for both prevention and causation (i.e. a “50” rating on the numeric scale).

Experiment and Results
The data to be explained in Gerstenberg’s causal judgment
task is as follows: first, causal ratings should be driven
primarily by differences between counterfactual and actual
outcomes. This predicts middling ratings for the “counterfactual close” cases (e.g., figure 1b), and similarly predicts
low ratings in cases where the gray ball has no appreciable
causal effect on the outcome either way. In terms of eyemovements, more counterfactual saccades should be generated in the causal and counterfactual conditions than in the
outcome condition, since there is no need to gather or maintain information about counterfactuals in the case of the latter.
Additionally, the number of counterfactual saccades should
vary as a function of certainty about what would have happened had the gray ball not been present.
We ran the model over all 18 stimuli in each of the three
conditions in Gerstenberg et al. (2017). The model fit the
data competitively with r(16) = .93, r(16) = .88, and r(16)
= .92 in the outcome, counterfactual, and causal conditions,
respectively, all ps < .001. The attentional strategy for the
outcome condition differed from those used in the causal and
counterfactual condition in that there wasn’t a need to determine mid-viewing whether or not the red ball was going to
enter the gate. Because this was the case, there was only one,
quick scan requested immediately before the red ball reached
the gate, and thus no counterfactual saccades were produced.
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(a) Results for the simulation of the outcome condition.

(b) Results for the simulation of the causal condition

Figure 3: Simulation results for the outcome condition (r = .93), and the causal condition (r = .92)
For the other two conditions, counterfactual saccades were
produced. As predicted, the greatest proportion of counterfactual saccades was produced when fine-grained scans were
required to verify the truth of “enters-gate.” This happened
when, prior to collision with the gray ball, there was uncertainty about whether or not the red ball would have gone in,
mirroring the pattern found by Gerstenberg and colleagues
in the human data. To confirm this effect, we converted the
model’s causal judgments to certainty scores, with a causal
score of 50 becoming a certainty score of 0 (unsure whether
the red ball would have entered the gate), and a causal score
of 0 or 100 becoming a certainty score of 100. There was a
significant negative correlation between the model’s certainty
and the number of counterfactual saccades it produced, r(16)
= -.69, p = .002.

Future Directions
While the CRAMM model provides a first few tenuous steps
toward a process model of embodied causal reasoning, much
work remains. Near-term research on the structure of task
sets, and the relationship between instructions (in natural language) and elements of task sets is currently in progress. We
are currently extending connections between CRAMM and
the causal mental model theory to handle other causal terms
such as “helping” and “allowing.” Finally, the stimuli treated
in this paper are very simple, with all of the relevant events
and relations able to be processed on-line while the clips are
being watched by the system. Simply adding one more ball to
the equation adds remarkable complexity (Gerstenberg et al.,
2015). Participants in those experiments often need to view
the clips three or more times in order to make judgments with
any degree of confidence. We postulate that an initial episodic
trace is laid down during the first viewing and is elaborated
upon additional viewings. Adding a richer set of facilities to
parse, store, and reconstruct event sequences is yet another
necessary, and near-term priority to bring CRAMM closer to
a general purpose computational theory of embodied causal
reasoning.
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Abstract
The ability to reason about task difficulty is critical for many
real-world decisions. Building on prior work on preschoolers’
inferences about the difficulty of novel physical tasks (Gweon
et al., 2017), here we ask whether this ability further supports
rational allocation of effort in collaborative and individual contexts. When an agent could offer help to someone who had to
complete a hard task versus someone who had to complete an
easy task, adults and preschoolers offered help with the harder
task (Collaborative Goal). When an agent could choose to
complete a hard task or an easy task to achieve the same outcome, adults and preschoolers preferentially chose the easier
task (Individual Goal). In the absence of explicit information
about the relative difficulty of tasks, even young children inferred the expected difficulty of tasks and appropriately allocated effort across agents and across tasks. Beyond expecting
agents to choose actions that maximize their own utility in individual contexts, our results show that even preschool-aged
children readily understand how deviating from this choice can
be desirable in cooperative contexts.
Keywords: Social cognition; cooperation; difficulty; physical
reasoning, Naive Utility Calculus

Introduction
Imagine you have two friends assembling IKEA furniture.
One friend is making a simple table while the other is working on a complicated 6-drawer dresser. If both friends are in
a rush to complete these tasks but you can help just one of
them, who would you help? Although you would be a good
friend for helping either of them, you might be more inclined
to help the one who is working on the drawer. Without your
help, she would have to spend more time and effort (i.e., incur a higher cost) than the friend who is making the table.
As adults, we understand that some prosocial acts are more
desirable than others; all else being equal, it is better to alleviate the work of someone who has a harder task to complete.
This intuition not only underlies our everyday cooperative decisions but also our normative beliefs about how work should
be allocated or shared across individuals (Brown, 1986).
Over generations, humans have developed systems of ideas
about what constitutes fairness and social justice(Rawls,
2009). Although their specific contents might differ across
cultures and societies (Blake et al., 2015), what underlies
these principles may be a set of key cognitive capacities that
allow individuals to evaluate their action and its consequences
under competing pressures to be efficient versus equitable.
Despite abundant research on equity and fairness concerns in
allocation of goods and monetary resources, much remains
unknown about the cognitive roots of our intuitions about
how effort should be allocated to achieve our goals as individuals and as groups. The current study aims to investigate
young children’s developing understanding of how to allocate
one’s work in individual and cooperative contexts.

Effective planning involves allocating one’s time, effort,
and resources to achieve a goal successfully and efficiently.
Even early in life, humans expect other agents to act in ways
that maximize their utilities (Jara-Ettinger, Gweon, Schulz,
& Tenenbaum, 2016; see also Gergely & Csibra, 2003); older
children explicitly reason about the costs and rewards of others’ actions in light of their subjective preferences and competence (Jara-Ettinger, Gweon, Tenenbaum, & Schulz, 2015).
However, as in the IKEA example above, effective planning
in social contexts involves more than maximizing one’s utilities or choosing the easiest task. In order to help others effectively in a collaborative context, one must understand how
her own actions influence the utilities of other individuals.
Prior work suggests an early-emerging tendency to help
others (Warneken & Tomasello, 2006; Barragan & Dweck,
2014). By the end of the preschool years, children selectively
provide information that maximizes others’ utilities by teaching a toy that is more rewarding to activate and more difficult
for a naı̈ve learner to discover on her own (Bridgers, JaraEttinger, & Gweon, 2016). Given these results, one might expect that children’s decisions about whom to help might also
be informed by the drive to maximize others’ utility. However, while teaching or informing can eliminate the cost of exploration or discovery without much impact on the teacher’s
own costs, offering to cooperate on a physical task doesn’t
reduce the overall cost; it simply redistributes the cost across
the helper and the helpee. Thus, by deciding to help the agent
with the harder task, the helper sacrifices her own utility.
One way to explain this seemingly irrational behavior is to
assume that humans care about equity and punish free-riders
even at a cost to themselves (e.g., Fehr & Schmidt, 1999).
Consistent with this idea, even infants expect resources to
be distributed fairly (Sommerville, Schmidt, Yun, & Burns,
2012; Enright, Gweon, & Sommerville, 2017), and older children actively resist distributional unfairness by discarding resources (Shaw & Olson, 2012) or engaging in costly thirdparty punishment (McAuliffe, Jordan, & Warneken, 2015).
However, unlike goods or resources, the amount of work or
effort required for a task is unobservable and often must be
inferred by reasoning about the process of completing a goal.
Given that an explicit understanding of the relationship between task difficulty, agent ability, and effort does not emerge
until late childhood (Nicholls & Miller, 1983), appreciating
fair allocation of labor may be more challenging for young
children than evaluating the fair allocation of goods.
However, an emerging body of work suggests that the ability to distinguish between competence and effort may develop
earlier (Jara-Ettinger et al., 2015). Even preschoolers can as-
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sign easy or hard tasks between themselves and a partner depending on the partner’s age and the social context (Magid,
DePascale, & Schulz, 2017). While children in this study
had direct experience with the task and a clear understanding
of which one was harder or easier, real-world decisions about
whom to help or how to collaborate must often be made in the
absence of first-hand experience. Notably, children as young
as age 4 can judge the relative difficulty of various blockbuilding tasks without actually engaging in the task, even
when the block structures are matched on perceptual cues
such as height, shape, or size (Gweon, Asaba, & BennettPierre, 2017). By reasoning about the unobservable process
of completing simple engineering tasks, they can infer how
different dimensions of these tasks can influence the amount
of effort required to complete them.
The current study builds on this prior work to ask whether
adults and preschool-aged children can not only reason about
task difficulty but also use it to make flexible decisions about
which task to complete in a cooperative context (i.e., whom
to help) versus an individual context (i.e., what to do). To this
end, we harnessed stimuli that are similar to those used in a
previous study (Gweon et al., 2017): A pair of block structures that differ in the effort required to complete them. We
created a “harder” task (i.e., building a large structure made
of 15 blocks) and an “easier” task (i.e., building a small structure made of 6 blocks). Critically, participants did not have
prior experience with the actual building task; they saw photos (adults; Exp.1) or real-size models (3-5 year olds; Exp.2)
of the structure and had to reason about their expected difficulty to make a decision. To minimize reputational concerns to appear generous or competent, in this initial study
we probed participants’ third-party judgments.

Experiment 1
Exp.1 explored adults’ reasoning about whom to help in a
cooperative context and which task to complete in an individual context. Even though both conditions involved a choice
between the same structures (hard vs. easy), we predicted
that participants would choose the harder task in a cooperative context and the easier task in an individual context.

Methods
Participants A total of 183 participants were recruited
from Amazon Mechanical Turk (Collaborative Goal: N=88;
Individual Goal: N=95; MAge (SD) = 36.59(10.76), Range: 19
- 68)1 . An additional 9 participants provided an incorrect answer to the attention check question and were excluded from
further analyses. Participants received $0.35 for completing
the study.
Materials Two images of block structures were used. One
block structure was a 15-block tower and the other was a 6block tower (see Fig.1). In the Collaborative Goal condition,
images of 3 identical puppets were used. In the Individual
1 Due to a technical error demographic information was collected
from only half of the participants.

Goal condition, an image of Cookie Monster, a cookie, and
two black squares (presented as doors) were used.
Procedure Stimuli were presented with Qualtrics survey
software. In the Collaborative Goal condition, participants
were introduced to two puppets (Stacy and Jill), each of
whom had to build the tower in front of them. One puppet had
the 15-block tower in front of her, and the other puppet had
the 6-block tower in front of her. Participants were then introduced to the third puppet, Tilly, who could only help one of
her friends; participants were asked which friend she should
help and why. In the Individual Goal condition, participants
were introduced to Cookie Monster. Participants were told
that Cookie Monster was very hungry and wanted to eat the
cookie as fast as he could. The cookie was blocked by two
doors in front of him, each of which was associated with a
block structure; one door would open if he built the 15-block
tower, and the other would open if he built the 6-block tower.
Critically, it did not matter which door he opened; opening
either door would allow him to get the cookie. They were
asked which tower he should complete and why.
Finally, as an attention check, participants were shown pictures of the two block structures and were asked to choose
which one was harder to make and why. Throughout the task,
the size or difficulty of tasks was never mentioned; puppet
names associated with the tasks and the side of presentation
for easy/hard tasks (left/right) were counterbalanced.

Results and Discussion
As predicted, participants’ choice of tasks differed across
conditions. In the Collaborative Goal condition, participants
showed a clear preference for the harder task (% choice for
the 15-block structure; 85.2%; p < .001, Binomial), whereas
in the Individual Goal condition only 6.3% chose the harder
task (p < .001, Binomial). The difference between conditions
was significant (p < .001, Fisher’s Exact).
As an exploratory analysis, we coded participants’ justification of their task choice. After excluding 17 participants for
giving clearly irrelevant explanations, we coded participants’
responses using four categories: 1) the size of the structure
or number of blocks in the structure, 2) the difficulty of the
structure, 3) the relative speed of completing the structure,
and 4) mentions of helping or cooperating with another agent.
These categories were not mutually exclusive; 53 participants
(20 in Collaborative, 33 in Individual) gave explanations that
fell into more than one category. In the Collaborative Goal
condition, a majority of participants mentioned the size of or
number of blocks in the structures (N=56, 72%) or the difficulty of the structures (N=25, 32%); some participants explicitly mentioned helping or cooperation (N=13, 17%) and the
speed of goal completion (N=4, 5%). In the Individual Goal
condition, participants appealed to the size of structures or the
number of blocks in the structures (N=59, 67%), the difficulty
of the structures (N=18, 20%), and the speed of goal completion (N=44, 65%). Unsurprisingly, none mentioned helping
or cooperation.
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In sum, these results suggest that adults readily infer the
relative difficulty of simple, physical tasks, and allocate effort effectively in collaborative and individual contexts. More
specifically, even though adults expect an agent to maximize
her own utility in an individual context (i.e., choose an easier,
low-cost task to attain a given reward), they nevertheless expect her to incur a higher cost for herself by helping someone
who has to complete a harder task. While participants’ explanations should be interpreted with caution, they suggest that
even though people make seemingly opposite decisions depending on the context, similar representations (i.e., physical
properties of the tasks or expected effort to complete them)
underlie their decisions.

Experiment 2
In Exp.2, we used analogous tasks with 3- to 5-year-olds to
probe their ability to infer the difficulty of tasks and decide
how to allocate effort in collaborative and individual contexts. While adults participated in an online task, children
were presented with real-size model structures and physical
props (e.g., puppets, doors). One important prerequisite for
making these decisions is the ability to understand what it
means for someone to have a particular task to complete. To
help children understand this idea, we used a warm-up task
where children saw a model block structure (different from
the easy/hard structures in the main task) and they themselves
had to build one that looked just like the model.

Methods
Participants A total of 218 preschoolers were recruited
from a local children’s museum and a university preschool.
We recruited 108 children in the Collaborative Goal condition (MAge (SD) = 4.52(0.77), Range: 3.03 - 5.96, 64 female)
across 3 (N=34), 4 (N=42), and 5-year-olds (N=32), and 110
children in the Individual Goal condition (MAge (SD) = 4.56
(0.67), Range: 3.27 - 5.99, 57 female), across 3 (N=37), 4
(N=42), and 5-year-olds (N=31). Some children failed the
Difficulty Inference check which was one of our exclusion
criteria; the final sample size for main analyses was N=90 per
condition, N=26-37 in each age bin (but see Results for additional analyses with the full sample). Thirty-one additional
children were excluded from the final sample for failing the
warm-up task (N=21, see Procedure), parental or sibling interference (N=7), or experimenter error (N=3).
Materials For the warm-up task, we used a bucket of 15
wooden blocks (1” cubes) and an orange box (13” x 7” x
7”) that covered a pre-assembled vertical tower of 4 wooden
blocks glued onto a foamboard platform. For the main task,
we used two green boxes (identical in size to the orange box);
one covered a 6-block tower (easy task) and the other covered
a 15-block tower (hard task).
In the Collaborative Goal condition, two sets of three identical puppets were used (one set was 3 female puppets, the
other set was 3 male puppets). We used identical puppets to
minimize the possibility of children using the puppets’ per-

ceptual features to make a choice. However, each puppet had
slightly different clothing and was identified with different
names during the task).
In the Individual Goal condition, the warm-up task additionally involved a male puppet, a cardboard juice-box, and a
foam-board tunnel with a sliding door on one end and an open
platform on the other. In the main task, we used a Cookie
Monster puppet, and a toy cookie on a platform; two parallel
foam-board tunnels were connected with the platform, each
of which had sliding doors on the other end.
Procedure Children were tested individually in a quiet
room seated across from the experimenter.
1. Warm-up Task: In the Collaborative Goal condition,
children were presented with an orange box that was lifted
to reveal a 4-block tower and were asked to build one just
like it. In the Individual Goal condition, the task was identical but we changed the context and the cover story to ensure
that children understood how to open the doors that led to the
platform. Children saw a puppet (John) who wanted to drink
a juice box placed on the platform at the end of the tunnel, and
were told that the child could open the door by building the
tower hidden under the orange box. The box was lifted to reveal the same 4-block tower and children were asked to build
one just like it. Once the child completed building, the experimenter demonstrated that the door opened and asked the
child to pass the juice box to the puppet. Children who failed
to complete this task were excluded from further analyses2 .
2. Main Task: In the Collaborative Goal condition, children were introduced to two identical puppets (Stacy and Jill,
or Steve and John), each of whom was assigned to one of two
identical green boxes. The child and the experimenter lifted
each box simultaneously, one of which revealed a 6-block
tower and the other a 15-block tower. This was to indicate
random assignment of the easy/hard tasks to avoid implying
that there was a reason why one character was given a harder
task than the other (e.g., different abilities). Children were
told that each puppet had to make a tower just like the one in
front of them. Children were then introduced to a third puppet who wanted to help (Tilly, or Tom) but could only help
one of the other two friends. Children were asked: “Which
friend should Tilly/Tom help?” Children were also asked to
explain their choice. Half of participants were presented with
female puppets, and the other half saw male puppets.
In the Individual Goal condition, children were introduced
to Cookie Monster, who was hungry and wanted to eat a
cookie located at the end of the double tunnel. Each tunnel
had a green box on its side. As in the Collaborative Goal condition, the experimenter lifted the green boxes simultaneously
to reveal a 6-block tower and a 15-block tower. Children were
told that the door on the left would open if Cookie Monster
built the tower on the left, and the door on the right would
2 Most

children who failed at this task simply wanted to build
something else, suggesting that they might not understand what it
means for someone to have a particular task that involves creating
an object that looks the same as the model object.
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Figure 1: Left: Schematics of procedure for Experiments 1 & 2. Right: Responses to critical question for Experiments 1 & 2.
open if he built the tower on the right. They were also told
that Cookie Monster wanted to get to his cookie as fast as he
could, and although both doors would lead Cookie Monster
to the cookie, he only had to open one of the doors. Children were then asked: “Which tower should Cookie Monster
make?” Children were also asked to explain their choice.
3. Difficulty Inference Check: After the main task, the
experimenter removed all puppets and boxes from the table
and only left the 6-block tower and the 15-block tower. Children were asked to identify which tower was harder or easier
to make and why. Question type (”harder” or ”easier”) was
counterbalanced across participants.
Throughout the experiment, the position (left/right) of the
block structures was counterbalanced. No mention was made
regarding the block structures’ shape or difficulty, and pronouns were used to refer to each structure (e.g., “this one”).

Results and Discussion
Before the main analyses, we first analyzed children’s responses to the Difficulty Inference check question to identify
children who were unable to identify which tower is harder or
easier. Children showed comparable accuracy across conditions: 83.3% of children in the Collaborative Goal condition
(p < .001, Binomial) and 81.8% in the Individual Goal condition (p < .001, Binomial) correctly identified which tower is
harder or easier to build. This rate is similar to children’s performance in prior work showing preschoolers’ ability to infer
the relative difficulty of simple block-building tasks (Gweon
et al., 2017); consistent with prior results, children’s accuracy
on this question improved with age (effect of Age (continuous): B = .668, z = 2.575, p = .010) with no effect of condition (B = −.113, z = −.310, p = .757, Logistic regression).
As we did with adults in Exp.1, children who provided inaccurate answers were excluded from the main analyses (but
see below for additional analyses that include these children).
For our main analysis, we examined children’s responses
to the critical test question. As predicted, a majority of children in the Collaborative Goal condition chose the agent with
the harder task (% choice for 15-block structure: 67.8%;
p < .001, Binomial), whereas children in the Individual Goal

condition chose the easier task (% choice for 15-block structure: 34.4%, p = .004, Binomial). The difference between
the two conditions was significant (p < .001, Fisher’s Exact).
Given that we recruited evenly from a relatively broad age
range, we explored whether there is an effect of age. Logistic
regression with Condition (categorical) and Age (continuous)
showed an effect of Condition (B = 1.387, z = 4.382, p <
.001) but not age (B = .017, z = .220, p = .937).
As in Exp.1, we also explored how children justified their
choices. Unsurprisingly, many children gave explanations
that were irrelevant (e.g., “because I like that tower”; N=40,
22.2%) or were unable to provide an answer (N=30, 16.7%)3 ;
the rest of the explanations were coded using the same categories as in Exp.1. Eleven explanations (4 in Collaborative
and 7 in Individual) fell into more than one category. In
the Collaborative Goal condition (N=51), many children appealed to structure size or the number of blocks (N=25, 49%)
or the difficulty of building the structures (N=17, 33%) to
justify their answers, while none mentioned time. Some explicitly mentioned helping or cooperating with another agent
(N=13, 26%). In the Individual Goal condition (N=59), children appealed to structure size or number of blocks (N=25,
42%) or difficulty (N=16, 27%); while none mentioned helping, children did frequently mention the relative speed or time
for completing the task (N=25, 42%). Overall, these results
mirror the pattern of explanations we observed in Exp.1.
We had made an a priori decision to exclude children
who failed the difficulty question. However, given the relatively high exclusion rate (21.1%), we ran exploratory analyses including these children. The proportion of choices for
the harder task was still higher in the Collaborative Goal
condition than in the Individual Goal condition (68.5% vs.
42.7%, p < .001, Fisher’s Exact). Including these children
did not change the results in the Collaborative Goal condition
(p < .001, Binomial) but it did weaken their preference for
the easier task in the Individual Goal condition (57.3% chose
3 Logistic

regression on whether children gave a relevant explanation found no effect of Condition but a strong effect of age (Condition: B = .367, z = 1.122, p = .262; Age: B = 1.054, z = 4.361,
p < .001).
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the 6-block tower, (p = .152, Binomial). Consistent with our
main analysis, age did not predict tower choice even in this
larger sample (Condition: B = 1.086, z = 3.811, p < .001,
Age: B = .287, z = 1.467, p = .142, Logistic regression).
In sum, these results suggest that preschool-aged children
readily infer the relative difficulty of physical tasks and effectively allocate effort in collaborative and individual contexts. Children expected an agent to offer help on a task that
required more effort to complete, but to choose a task that
required less effort to complete when the agent would obtain
the same individual reward by completing either task. Many
children explicitly appealed to dimensions that are relevant to
task difficulty, and their responses mirrored the pattern observed in adults. Although we cannot draw strong conclusions from these explanations, they suggest that children’s
choices, while seemingly opposite across conditions, might
still be based on similar representations of the tasks.
Despite a relatively broad age range (3- to 5-year-olds) we
did not find a clear effect of age in children’s task choices.
Prior to this decision, however, children need to infer the relative difficulty of tasks; this might be a potential source of
developmental change. While even the 3-year-olds showed
an above-chance accuracy on the Difficulty Inference check
(74.6%, p < .001, Binomial), children’s accuracy did improve with age. This is consistent with our prior work using
similar stimuli (Gweon et al., 2017), and further suggests that
children’s ability to use difficulty information to decide how
to effectively allocate effort in collaborative vs. individual
contexts might already be present early in life.

General Discussion
Across two experiments, we found that adults and preschoolers infer the relative difficulty of simple, physical tasks and
leverage this information to decide how to allocate effort.
When an agent had to choose whom to help between two
friends who had to complete different tasks, participants expected the agent to offer help on the harder task; by contrast,
when an agent had to choose between two tasks to obtain
the same reward, participants expected the agent to complete
the easier task. These decisions were made without any explicit information about which task is harder/easier; yet, participants explicitly appealed to task difficulty and other relevant variables (e.g., tower size, number of blocks, completion time) to justify their choices, suggesting that despite their
choices of different tasks across contexts, similar representations about task difficulty might underlie these decisions.
Children’s responses in the individual context suggest that
preschool-aged children expect an agent to maximize her own
utility, choosing a more efficient action plan to achieve a
given reward; this is consistent with recent studies showing
remarkably early-emerging understanding of others’ utilities
(e.g., Liu & Spelke, 2017). Critically, our results further show
that children understand how deviating from this choice can
be more desirable in a cooperative context. Given the earlyemerging ability to reason about agents’ actions in light of

their underlying costs and rewards (Jara-Ettinger et al., 2016),
one possibility is that children in our task considered the collective utility of all agents and chose an option that is more
appropriate with respect to the overarching goal in the context
(i.e., completing both structures in the most effective way).
Choosing to help someone with a harder task would distribute
the work more equitably across three agents and enable efficient completion of all tasks by allowing one agent to finish
the easier task while the other two work on the harder task.
However, it is also possible that children’s choices in
the collaborative context are driven by normative beliefs or
heuristics about whom we ought to help (i.e., one should always help the person with more work to do). In particular,
we note that the time-constraint for goal completion was not
made explicit in the cooperative context; even though we generally assume that agents would want to spend less time on
a task, replicating the results with matched time constraints
would help us better understand the reasoning behind participants’ decisions. Given comparably strong emphasis on the
time constraint in both contexts, we expect the results to be
similar, if not stronger. Under no time constraint (i.e., little
motivation to maximize utility), however, we might see more
variable choices; while it is generally desirable to do “less
work”, these building tasks could be considered fun, and even
more so when it involves making a larger, “cooler” structure.
The absence of an age effect provides suggestive evidence
that the ability to understand how to allocate effort might develop quite early in life; to the extent that they can determine the relative difficulty of tasks, children can appropriately allocate effort across agents (cooperative) and across
tasks (individual). However, the age-related improvement in
children’s inferences about the difficulty of these tasks suggests that children’s real-world decisions about whom to help
and what to do in complex social contexts might still undergo
significant developmental changes. To plan, help, and collaborate effectively, one must reason about expected task difficulty and use it appropriately based on the goal structure
in the context, which likely involves coordinating utilities of
multiple individuals who might differ in their competence,
individual goals, and even group membership. Thus, these
decisions require the integration of a host of cognitive capacities that might show different developmental trajectories;
even as adults, we often fail to consider some of these factors
and make suboptimal decisions. How children learn to navigate various social contexts to make nuanced collaborative
or competitive decisions is an important question for future
work. Given recent work on preschoolers’ ability to consider
agents’ age to assign easy or hard tasks to themselves versus
a partner (Magid et al., 2017), follow-up studies might examine whether children integrate their understanding of agent
competence to allocate effort effectively in individual, cooperative, and competitive contexts.
Although the current study used a third-party decision to
minimize reputational concerns, participants might still have
considered the agents’ social benefits of appearing generous

1363

or competent. Especially in the cooperative context, they
might have been sensitive to the fact that their decisions were
being observed, and wanted to appear “nice” or “helpful”. Indeed, prosocial behaviors in real life are not always driven by
pure altruism or genuine concerns about fairness and social
justice; people are also influenced by the desire to broadcast
their generosity. Additionally, even though participants expected an agent to offer help with a harder task, they might
make different decisions if they were the helpers themselves.
Because the choice that allocates effort more equitably across
agents incurs a higher cost for themselves, people might be
more inclined to prioritize their own utility. The current study
is only a small step towards understanding how we learn to
balance the complex trade-offs between our own and others’
competing goals, and how they might manifest differently depending on cultural or socioeconomic factors.
Our experiments involved simple physical tasks, making it
relatively easy to determine their expected difficulty; the two
structures differed with respect to their overall size, height,
and number of blocks. Although prior work suggests that
children are not relying on any one particular perceptual cue
to infer difficulty of these structures (Gweon et al., 2017),
here our stimuli confounded genuine difficulty inference with
sensitivity to these perceptual cues to difficulty. Thus, future
work should replicate these findings with tasks that are better matched in terms of perceptual cues yet nonetheless differ
in their expected costs for completion. Furthermore, children
and adults engage in many tasks that are more abstract than
block building (e.g., math problems) and those that lack observable, distinguishing features (e.g., cooking). How children estimate the difficulty of these abstract tasks and allocate their time and mental effort remains an open question
with important implications for education.
We routinely think about how hard or easy it is to achieve
a goal. These inferences are not made in isolation, but often
in the context of making larger decisions such as whom to
help or how best to achieve our own goals. The current study
demonstrates that even young children infer the relative difficulty of tasks and allocate effort effectively depending on
the social context. Even though they are just learning to tell
what is easy and hard, they can use these inferences to make
effective decisions that bode well for their learning and social
interactions. Such seamless integration of information from
the physical and the social world suggests that our intuitions
about fairness in allocation of effort emerge early in life.
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Abstract
Theories for visually guided action account for online control in the presence of reliable sources of visual information,
and predictive control to compensate for visuo-motor delay
and temporary occlusion. In this study, we characterize the
temporal relationship between information integration window
and prediction distance using computational models. Subjects
were immersed in a simulated environment and attempted to
catch virtual balls that were transiently “blanked” during flight.
Recurrent neural networks were trained to reproduce subjects
gaze and hand movements during blank. The models successfully predict gaze behavior within 3◦ , and hand movements
within 8.5 cm as far as 500 ms in time, with integration window
as short as 27 ms. Furthermore, we quantified the contribution
of each input source of information to motor output through
an ablation study. The model is a proof-of-concept for prediction as a discrete mapping between information integrated over
time and a temporally distant motor output.
Keywords: Hand-Eye Coordination, LSTM, Recurrent Neural
Network, Prediction, Perception and Action, Visually Guided
Action, Virtual Reality.

Introduction
In the 1960’s, J.J. Gibson put forth his foundational set of theories concerning ecological perception and visually guided
action (Gibson, 1979). Gibson theorized that the transformation from vision into action could be modeled as a closedloop coupling between the parameters relevant to actions and
the optical variables that forecast a task-relevant future world
state. For example, when attempting to catch a ball in flight,
one can couple the time of hand closure to the ball’s time
to contact, which is instantaneously specified throughout the
ball’s approach by optical variables such as optical τ (Lee,
1976; Bootsma & van Wieringen, 1990; Savelsbergh, Whiting, Pijpers, & van Santvoord, 1993), equal to the ratio of
the ball’s instantaneous optical angle over its rate of angular expansion. Although the existence of τ was originally
thought to underly the perception of time-to-contact across
a limited range of tasks and conditions, it has since been recognized that multiple, redundant optical variables are able
to provide perceptual estimates of time-to-contact, but these
sources vary in their reliability across task contexts (Tresilian,

Figure 1: We developed a recurrent neural network model
that reproduces human movements made in a virtual-reality
ball catching task in which subjects must intercept a virtual
ball that disappears for 500ms during flight. The model integrates visual and non-visual sources of information before a
blank onset from time t − I through time t, and uses this information to reproduce the subject behavior observed at time
t + ∆t. Multiple competing models were fit to the data for
the purpose of exploring the minimum duration of pre-blank
visual information (I) necessary to accurately reproduce behavior.

1999; de la Malla & Lopez-Moliner, 2015; López-Moliner,
Supèr, & Keil, 2013). The principles that determine the relative weightings placed by the perceptual system upon redundant optical variables that indicate a common task-related parameter remains a central question in the study of visually
guided action. In this paper, we describe our modeling effort
(as shown in Fig. 1) to elucidate these principles.
Recently, it was demonstrated that the relative weightings
placed upon these redundant optical variables by the perceptual system may be partially understood through the framework of maximum likelihood estimation (MLE), which is
able to account for shifts in weighting upon variables within
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the course of a single action (de la Malla & Lopez-Moliner,
2015). The authors found that reliable sources of optical information available early in the trial may influence behavior later in the trial if other reliable sources do not present
themselves. A notable advantage of the MLE framework is
that perceptual estimates of the task-relevant parameter (e.g.,
time-to-contact) may be formed through the integration of
information over extended periods of time, even if they are
temporally distant from the time of motor output. Thus, the
model is able to capture the well-known empirical observation that, in the presence of reliable sources of information,
behavior is best characterized by an online coupling with negligible latencies (Zhao & Warren, 2014), as well as the finding
that humans are capable of accurate short-term predictions on
the basis of previously observed visual information on the order of hundreds of milliseconds (Diaz, Cooper, & Hayhoe,
2013; Zago, McIntyre, Senot, & Lacquaniti, 2009). Furthermore, there are evidence of predictive strategies aligned
with ecological theory in other domains such as subjects tapping in synchrony with a metronome (Stephen, Stepp, Dixon,
& Turvey, 2008) or walking in groups (Almurad, Roume,
& Delignières, 2017) without the need to use and internal
model. However, little is known about the parameters of temporal integration, whether there exist limits to the duration
over which information may be integrated, or whether there
are short-term limits to the temporal distance between the integration of information and its motor output.
This study aims to further characterize the temporal characteristics of information integration using a Virtual Reality (VR) system. A head mounted display equipped with a
binocular eye tracker and motion-capture systems are used to
record the gaze and movement behavior of participants placed
in a virtual reality catching simulator in which visual information of the ball-in-flight is unavailable for 500 ms of its
parabolic trajectory (the blank period, see Fig. 1). To investigate the temporal limits over which visual and non-visual
(e.g., kinesthetic) sources of information influence the motor output, we then train multiple models, each consisting of
multiple recurrent neural networks (RNNs), to reproduce the
gaze positions and hand movements observed during catching. Models vary in the duration of pre-blank visual information used to predict behavior during the blank (i.e. the
integration duration), and subnetworks within a model vary
in the temporal distance between the integration window and
the motor output (i.e. prediction distance). The behavior of
three representative models is shown in Fig. 1. These models
have integration durations of I = {200, 400, 600} and they all
predict the motor output at a particular time t + ∆t.

Procedure
Ten participants, between 19-30 years, performed a virtual
ball catching task in which they were asked to use a paddle to
catch/intercept a virtual ball thrown from a distance. We use
virtual reality for its ability to retain the visual structure of
the natural context, while enabling us to parametrically ma-

Figure 2: During data collection, subjects were immersed in
a virtual ball catching task seen through an Oculus Rift DK2
with an integrated eye tracker. Movement was tracked using
motion capture markers affixed to the head mounted display
(HMD) and paddle. The scene inside the HMD is shown in
the inset. The paddle was represented as a red disc, and gaze
direction by yellow/orange vectors. These vectors were not
visible to the observer at the time of data collection.

nipulate ball trajectories. In addition, it allowed the artificial
“blanking” of the ball for 500 ms of its flight. This forced the
subjects into a predictive mode of control during the blank
for a successful catch. All participants provided informed
consent prior to participation. This study was approved by
our university’s Institutional Review Board, and the research
was carried out in accordance with the Code of Ethics in the
World Medical Association (Declaration of Helsinki).

Experimental Apparatus
The VR system consists of an Intel i7-based Windows PC
with two graphics cards: an NVIDIA GTX 690 driving an
Oculus Rift DK2 HMD, and an NVIDIA GTX 760 driving
the experimenter’s desktop display. The environment was
rendered using the Vizard Virtual Reality toolkit by Worldviz and physics were simulated using the OpenODE physics
engine so that ball trajectories matched those expected within
a real-world environment in the absence of wind resistance
(Fig. 2). Virtual imagery was presented to the subject wearing an Oculus DK2 headset with a 100◦ field of view. Head
and paddle position/orientation were recorded at 75 Hz using
a 14-camera PhaseSpace X2 motion capture system. System latency, from the time of movement to the visual update of the screen, was measured to be less than 30 ms. Eye
movements were recorded with a built-in SMI binocular eye
tracker running at 75 Hz. A novel dynamic calibration routine
was used to ensure eye tracking data was accurate throughout the experiment, and in the presence of potential helmet
slippage (Binaee, Diaz, Pelz, & Phillips, 2016). The average eye tracking accuracy after calibration was 0.53◦ for the
central visual field (FOV < 10◦ ) and 2.51◦ in the periphery
(10◦ < FOV < 30◦ ).
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Experimental Design
Ball trajectories were generated using an algorithm intended
to introduce sufficient variability to prevent heuristic strategies specific to the laboratory. On each trial, a red virtual ball
was launched from a 6 m wide × 1.5 m high plane parallel
to the virtual room’s X-axis such that the ball would arrive at
a 1 m × 1 m plane near the subject. Each trajectory is comprised of three durations: pre-blank, blank, and post-blank
durations (see Fig.1). The pre-blank duration was randomly
selected out of three values of 600, 800, or 1000 ms. The
blank duration was always fixed at 500 ms, and the post-blank
duration was randomly selected from 300, 400, and 500 ms
values. Thus we produced 9 combinations of pre and postblank duration, and 7 possible flight-durations. Each subject
performed 135 ball catching trials.

LSTM-RNN Model of Predictive Behavior
A single model of prediction across the blank duration consists of a group of long short-term memory (LSTM) subnetworks (Graves, Mohamed, & Hinton, 2013; Sak, Senior, &
Beaufays, 2014; Sundermeyer, Schlüter, & Ney, 2012). An
LSTM-RNN is preferable to a simple RNN due to its robustness to exploding/vanishing gradient problems (Sak et al.,
2014; Sundermeyer et al., 2012). A single model is presented
in Fig. 3 in which each row represents an individual subnetwork. The input to each subnetwork is a sequence of visual
and non-visual sources of information observed within an integration window with an integration duration I. The right
side of the integration window is always aligned with the last
frame prior to the blanking of the ball at time t. This means
that the integration window spans from time t − I through
time t. The integration duration I is constant across subnetworks belonging to a single model. The output of each subnetwork in the model is a discrete mapping from time t to time
t + ∆t, and the prediction distance ∆t varies across subnetworks in the model. Prediction across the blank period is facilitated by monotonically increasing ∆t by frame-increments
(13.3 ms) up to a duration equal to the blank period (500 ms).

Subnetwork Inputs and Outputs
The input into each subnetwork consists of a 16-dimensional
input feature vectors: the first 8 dimensions corresponding
to the action/motor variables, and the remaining 8 dimensions corresponding to optical variables related to the ball
movement (see Fig.3). Sources of information are directly
calculated from the dataset geometry. The 16 element input feature vector corresponds to sources of visual information that are readily available from the stereoscopic imagery,
and kinaesthetic information about the current state of the
body (e.g. from proprioceptive systems, vestibular systems,
and efference copy). Optical variables include ball angular
position (degrees azimuth and elevation), velocity (degrees
per second), ball depth from the head (meters), ball angular
size (degrees), and the ball’s angular rate of expansion (degrees/second). Information from kinesthesis include paddle

Figure 3: The left panel presents a single model consisting of
collection of long short-term memory recurrent neural subnetworks, each of which is responsible for predicting the motor output at a single time step during the blank. The right
panel presents the input & output feature vectors, along with
their units.

position (meters along X, Y, and Z), paddle rotation (Euler
angles roll,pitch, and yaw) and angular gaze direction (degrees azimuth and elevation). All features were defined in
the head-centered, egocentric coordinate system, with the upvector aligned with gravity, and the horizontal vector parallel with the ground plane. To normalize the feature vectors,
we subtracted the mean and divided each feature by its standard deviation, where the mean and standard deviation were
computed using the entire training set. The model output is
the predicted 8-dimensional action/motor state for each of the
next ∆t time steps, consisting of only position and orientation
information.

Architecture, Training and Evaluation
Each of the LSTM subnetworks in the model has 1 hidden
layer of 25 LSTM cells. In preliminary experiments, we did
not observe improvements using additional cells. The hidden
layer of each LSTM projects to a fully connected layer with 8
units that predict a future motor/action state. Because training
was meant to account for predictive behavior, and not online
control, we restricted training to periods in which the motor
output occurred during the blank. Each model has 37 rows of
subnetworks, hence each subnetwork is responsible for predicting the motor/action state at time ∆t, where values range
from 13.33 ms to 493.33 ms into the future, with a resolution
of 13.33 ms.
We split the dataset into train (68%), validation (12%), and
test (20%) partitions. The model was trained on all 135 trials of all 10 subjects. The models were optimized using the
Adam optimizer with a learning rate of 0.0001 and the settings recommended in (Kingma & Ba, 2014), e.g., batch size
of 128 and 2000 epochs. Early stopping based on validation
loss was also used with patience parameter set to 100. The
dataset is formatted into Pandas data frame and is available
as an online repository.
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Results
Subjects on average caught the ball on 67% of trials (SD:
14%). During the blank period, the invisible ball moved between 10.3 degrees (pre-blank: 600, post-blank: 500 ms),
and 12.6 degrees (pre-blank: 1000ms, post-blank: 300 ms)
through the subject’s visual field. During the blank, subjects
tracked the ball through coordinated movements of the eyes
and head. The ratio of angular displacement of gaze over
that of the ball reveals that subjects accounted for 0.95 of
the ball’s displacement across all conditions (SD=0.11; t(9)=1.43, p=0.187). Upon reappearance, the ball was moving approximately 34.1 degrees per second (SD: 4.3), and the gaze
vector was well matched to the ball’s angular velocity, as indicated by a pursuit gain (ratio of angular velocity of the ball
over gaze) of 0.94 (SD: 0.11; t(9)=-1.14, p=0.28). There were
also variations with the timing of the blank e.g., with variation
of the pre-blank duration and post-blank duration.

Model performance
Fig.4 presents the mean-squared error (MSE) for four models
(I = {27, 53, 200, and 600} ms) when predicting gaze and
motor behavior throughout the blank period. For reference,
we also indicate the results of the linear regression between
information prior to the blank period and the motor output.
For all models, both MSE and variability increased with prediction distance. The four LSTM models outperformed the
linear regression by a magnitude that grows with prediction
distance. The observation that there is no added benefit to
increasing the integration duration beyond 27 ms suggests
that 27 ms of visual information prior the blank is sufficient
to account for the predictive movements observed during the
blank.
Fig. 5 shows the root mean squared error for the model
with I=27ms as a predictor of gaze position (Fig. 5 top) and
paddle position (Fig. 5 bottom). In addition, dotted lines represent the the standard deviation of subject data around the
grand mean, which is an estimate of the amount of unaccounted variance one would expect from a model that simply
estimates the mean value at each frame of the blank period.
The observation that model RMSE is lower than this estimate
is evidence that the model is able to account for trial-by-trial
variations in ball trajectory on the basis of visual and kinesthetic input features.

Visual prediction, or a simple motor-to-motor
mapping?
Although LSTM-based models of visual prediction outperformed linear regression as a predictor of gaze and motor
behavior throughout the blank period, measurements of error alone cannot rule out the possibility that the model was
performing a simple extrapolation of motor variables, while
disregarding the visual input state of the environment. To
investigate, we ran a series of iterative tests in which individual input features were systematically removed from the
subnetworks, and monitored the performance of subnetworks
responsible for output at different stages of the blank period.

Figure 4: The performance of four models differing by integration duration (I = {27, 53, 200, and 600} ms) as predictors of motor output throughout the 500ms blank period. For
comparison, we also include a linear regression based upon
the sensory evidence available before the blank.

The models/subnetwork training regime was not altered between tests, and included the full range of inputs. The assumption is that the ablation of an important input feature
following training would result in an increase in mean reproduction error proportional to the feature’s influence on
the model’s ability to reproduce the observed motor outputs.
The results of these iterative ablation studies are presented in
Fig. 6 for two models I = {27, 600}ms, and for three prediction distances (∆t = {13, 267, 467}ms). To account for differences in units, the error values indicated by cell brightness
were max-normalized across the output features represented
by columns.
By comparing between rows within a single panel in Fig. 6,
one can visually compare the relative contribution of visual
features (e.g. ball position, velocity, angular size, and looming) and features related to the subnetwork’s motor output
(e.g. gaze position, paddle position, paddle rotation) to movement reproduction. For example, in the bottom-left panel
(I = 600 ms, ∆t = 13ms), it is clear that the subnetwork relied heavily upon visual sources of information concerning
the state of the ball for the accurate reproduction of the observed motor outputs. Removing ball visual features caused
on average 31% more error compared to gaze&paddle position/rotation. This suggests that, when integration time is
long, visual information concerning the ball’s trajectory is
the best indicator of the motor behavior observed over short
distances. There is a similar result when I=27, with the exception that the ablation of motor variables (the upper half
of rows in Fig. 6) degraded the reproduction of gaze elevation (column #1). The results of this ablation study suggest

1368

Figure 5: Root-mean squared error (RMSE) for the azimuth
and elevation of the gaze vector in head-centered polar coordinates (top panel), and paddle position relative to the
head in metric coordinates (bottom panel) for the model with
I = 27ms. Dotted lines represent the standard deviation of the
subject’s gaze vector from the mean. These values provide an
estimate of the RMSE expected for a model with an output
equal to the per-frame mean gaze direction, and that does not
account for trial-by-trial variations in the ball’s trajectory.
that, despite the lack of a benefit of increased integration time
to overall RMSE, this may result in an increased robustness
following the loss of an expected input feature.
Comparison across different prediction distances (between
left, middle and right figures in Fig. 4) suggests that, when
predicting further in time, one must rely upon a combination
of input features related to the visual and motor state. This is
true regardless of integration time, although values suggest a
slight bias (less than 8%) towards motor variables when integration time is low (in the top middle and top right panels of
Fig. 6).

Discussion and Conclusions
In this study, we trained a series of competing models to reproduce the gaze and motor behavior made by subjects performing a catching task in which the virtual ball was transiently blanked for a portion of its flight. Under the constraints imposed by the task, only 27 ms of visual and kinesthetic information prior to the occlusion was necessary to accurately reproduce up to 500 ms of behavior following the
removal of sensory feedback (Fig 4). Despite the low integration time of 27 ms, our models were able to predict gaze po-

Figure 6: To test the relative contribution of input features to
the accurate reproduction of the observed motor output, features were iteratively removed following training. Here, we
present the resulting mean error in covariance following iterative input feature ablation for two values of I = {27, 600}ms
and three values of ∆t = {13, 267, 467}ms. Rows indicate
which feature was removed, columns correspond to the output feature, and brightness indicates the magnitude of error in
covariance as a result of feature ablation.

sition within 3◦ of accuracy almost 500 ms after the ball’s disappearance. This value is far below that expected by a model
that simply estimates the time-varying mean, suggesting that
the model was able to account for trial-by-trial behavior variations in response to changes in ball trajectory. Similarly,
the model was able to reproduce hand position within 8.5 cm
of error, 500 ms after the ball’s disappearance (Fig.5). Although overall model performance did not vary with changes
in integration duration, we found that the models ability to
reproduce temporally distant behavior (i.e. at higher values
of ∆t) required input from both visual information and kinesthetic sources of information. The results of this task provide
further insight into the temporal dynamics between sensory
information and the motor output over the course of a single
action.
The low-error observed for our model at prediction distances near to 500 ms provides evidence against the argument
that accurate prediction requires internal models of physical
dynamics (e.g. of Newton’s law) for the continuous extrapolation of the ball’s trajectory following occlusion (Zago et al.,
2009). Instead, our models learned temporally discrete mappings between evidence integrated from time t − I through
I, and a motor output at temporally discrete time in the fu-
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ture (time t + ∆t). The prediction distance at 500 ms in duration was roughly half what would be expected by a model
that simply predicts the mean motor state (Fig. 5), suggesting
that such a simple mapping could be sufficient if one presupposes the availability of the information sources included in
the model inputs. Moreover, it is notable that all variables
were specified within a head-centered, ego-centric reference
frame, and did not presuppose reconstruction of the visual
surroundings within a Euclidean frame of reference. Finally,
by systematically exploring the error introduced by the ablation of input features in serial, we provided evidence against
the possibility that the model was simply learning temporal
correlations between subsequent motor states in the absence
of visual input concerning ball position. Thus, the model
serves as a proof-of-concept for the possibility that visualmotor prediction is a temporally discrete mapping between
previously observed world states and a temporally distant motor output.
It is notable that the biological organism is subject to additional constraints not considered in the current architecture.
Most notably, the model in no-way accounts for the influence of perceptual processing, or the perceptual sensitivities
of the human visual system that further influence the reliability of information sources over time (Cutting, 1995). Similarly, the model does not account for short-term decay in visual working memory (Issen & Knill, 2012). Finally, due
to limitations in the LSTM-RNN framework preventing the
use of dynamically sized integration durations within a single
model, our model was unable to account for its own output
motor states between the time of ball blanking (time t) and
the current motor output (time t +∆t). Although our approach
does demonstrate that 27 ms of sensory information is sufficient to explain predictive subject behavior, the human visual
system must undoubtedly integrate across longer durations to
overcome these biological constraints. The influence of these
constraints might be explored in future work, for example,
through systematic degradation of the visual input to reflect
the constraints imposed by early visual processing.
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Sundermeyer, M., Schlüter, R., & Ney, H. (2012). Lstm
neural networks for language modeling. In Interspeech (pp.
194–197).
Tresilian, J. (1999, aug). Visually timed action: time-out for
’tau’? Trends in cognitive sciences, 3(8), 301–310.
Zago, M., McIntyre, J., Senot, P., & Lacquaniti, F. (2009,
feb). Visuo-motor coordination and internal models for object interception. Experimental Brain Research., 192(4),
571–604.
Zhao, H., & Warren, W. H. (2014, October). On-line and
model-based approaches to the visual control of action.
Vision Research, 110, 190-202.

1370

Exploration and Attention in Young Children
Nathaniel J. Blanco (nathanblanco@gmail.com)
Department of Psychology, The Ohio State University
1835 Neil Avenue, Columbus, OH 43210

Vladimir M. Sloutsky (Sloutsky.1@osu.edu)
Department of Psychology, The Ohio State University
1835 Neil Avenue, Columbus, OH 43210
Abstract
Exploration is critical for discovering how the world works.
Exploration should be particularly valuable for young children,
who have little knowledge about the world. Theories of
decision-making describe systematic exploration as being
primarily sub-served by prefrontal cortex (PFC). Recent
research suggests that systematic exploration predominates in
young children’s choices, despite immature PFC, suggesting
that this systematic exploration may be driven by different
mechanisms. We hypothesize that young children’s tendency
to distribute attention widely promotes broad information
gathering, which in turn translates to exploratory choice
behavior, and that interrupting distributed attention allocation
through bottom up attentional capture would also disrupt
systematic exploration. We test this hypothesis using a simple
choice task in which saliency of the options was manipulated.
Saliency disrupted systematic exploration. These results
suggest that attentional mechanisms may drive systematic
exploratory behavior, and may be part of a larger tendency
toward broad information gathering in young children.
Keywords: cognitive development; exploration; decisionmaking; attention

Introduction
One crucial way in which children’s cognition differs from
adults’ is how they allocate their attention. Adults are highly
adept at controlling their attention, distributing it broadly or
focusing selectively on a small subset of stimuli (e.g., Chong
& Treisman, 2005). In contrast, young children tend to
distribute their attention broadly (Deng & Sloutsky, 2015,
2016; Smith & Kemler, 1977). In situations in which only a
small amount of the available information is currently
relevant, adults will often selectively focus on that piece of
information, and ignore almost everything else (Rehder &
Hoffman, 2005; Blair, Watson & Meier, 2009). Children, on
the other hand, will distribute their attention to everything,
even information that is not relevant for their current task or
goals (Plebanek & Sloutsky, 2017). This tendency is likely to
stem from immaturities of executive attention resulting in
difficulty attending selectively and filtering out irrelevant
environmental stimuli. While these immaturities may be
highly limiting for learning in academic settings, it is possible
that such immaturities of executive attention can be adaptive.
For example, distributing attention can result in superior
performance of children over adults in situations when
participants have to use information that was previously

irrelevant (Plebanek & Sloutsky, 2017; Blanco & Sloutsky,
under review).
Therefore, depending on the context, either selective or
distributed attention could be advantageous. Selective
attention is superior when one is confident that a small
portion of the available information is sufficient to achieve
their goals. Distributed attention is advantageous when there
is more uncertainty about what is and is not important. For
young children, who have much less experience and
knowledge about how things in the world work, it may often
be the best strategy. Given their greater uncertainty about
what is relevant, distributing attention is a safer bet.
Additionally, by facilitating broad information gathering, it
serves to reduce that uncertainty and build up the rich general
knowledge that adults rely on (which, in turn, allows for
effective use of selective attention later in life). In other
words, it seems that distributing attention in young children
might sub-serve exploration. Recent research suggests that
there is a tight link between attention and decision-making
behavior (Gottlieb, 2012; Konovalov & Krajbich, 2016).
Perhaps distributed attention also promotes wider distribution
in selection of potential choices. By distributing attention
early in life children may be sacrificing immediate
performance in exchange for information that can be used
later.
There are recent reports indicating that four-year-old’s
choices are, indeed, highly exploratory (Blanco & Sloutsky,
under review). Interestingly, children’s exploration also
appeared to non-random. This is surprising because research
on exploratory behavior makes an important distinction
between systematic and undirected (or random) exploration
strategies (Badre, Doll, Long, & Frank, 2012; Daw,
O’Doherty, Dayan, Seymour, & Dolan, 2006; Knox, Otto,
Stone, & Love, 2012; Blanco, Love, Cooper, McGeary,
Knopik, & Maddox, 2015; Somerville, Sasse, Garrad,
Drysdale, Abi Akar, Insel, & Wilson, 2017), and converging
evidence suggests a crucial role of prefrontal cortex in
systematic exploration (Badre, Doll, Long, & Frank, 2012;
Frank, Doll, Oas-Terpstra, & Moreno, 2009; Blanco et al.,
2015; Otto, Knox, Markman, & Love, 2014). Because
prefrontal cortex exhibits substantially protracted
development (Sowell, Thompson, Leonard, Welcome, Kan,
& Toga, 2004; Sowell, Thompson, Holmes, Jernigan, &
Toga, 1999), current theories predicted that young children’s
exploration would be largely unsystematic (Somerville et al.,
2017). Due to the immaturity of PFC, young children’s
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systematic exploration is likely driven by different
mechanisms than adults’. We hypothesize that children’s
exploratory behavior is instead tied intricately to their
immature attention allocation. exploration.

The Current Study
The goal of the current study is to test this idea by
systematically manipulating saliency of a cue linked to a
reward. More specifically our hypothesis is that children’s
typical pattern of distributed attention promotes distributing
choices in a way that enables systematic exploration. If
disrupting this process through bottom-up capture of
attention by salient stimuli results in a change in exploratory
behavior, we would be able to infer that attention early in
development drives exploratory behavior. In contrast, if
attention is not a causal factor in exploratory behavior,
manipulating attention should lead to little or no changes in
exploratory behavior.
In the current study, we presented children with a simple
reward learning task under three attentional conditions in
order to examine the interplay of attention and systematic
exploration. On each trial of the task they chose between four
options that gave different amounts of reward. The conditions
differed in terms of the perceptual saliency of stimuli marking
the choice options. In the Baseline condition, all options were
of approximately equal salience. In the two experimental
conditions, three choice options were represented by bland,
invariant stimuli, while one option was represented by a
highly salient stimulus that changed on every trial. In the
Congruent condition the salient option was mapped to the
option that gave the highest reward. In the Competition
condition the salient option was mapped to the lowest reward,
putting reward-seeking and salience in competition with each
other.

choice, the reward received for the choice was displayed for
3 s (Figure 1B). Then a meter that tracked the total
accumulated reward was updated. Children were given
tangible rewards (stickers) for every 180 candies earned, with
benchmarks on the meter indicating these goals. When a goal
was reached, a congratulatory screen appeared telling the
participant that they earned a sticker. It should be noted that,
because outcomes were stable and predictable, low levels of
exploration would usually be expected, but we have
previously found high levels of systematic exploration in
young children in this task (Blanco & Sloutsky, under
review).
Participants were assigned to one of three conditions:
Congruent, Competition, and Baseline, with salience
manipulated across the conditions. In the Baseline condition,
all creatures were approximately equally salient, whereas in
the Congruent and Competition conditions, salience of the
creatures was unequal. Specifically, three of the four
creatures were simple black and white stick figures, whereas
one was colorful and perceptually rich. In addition, on each
trial the salient image was a different novel creature (Figure
1C). Fifty different images were used, so each image
appeared twice during the experiment. In the Congruent
condition, the salient option was mapped to the highest
reward value (10 candies), whereas in the Competition
condition, the salient option was mapped to the lowest reward
value (1 candy).

Baseline

Competition

Congruent

A

Methods
Participants A total of 110 four- and five-year-olds (mean
age = 57 months; 58 girls) participated in the experiment: 37
in the congruent condition, 37 in the competition condition,
and 36 in the baseline condition. Participants were recruited
from preschools and childcare centers in the Columbus, Ohio
area.
Procedure Participants completed a simple decision-making
task that was framed as a computer game in which they asked
alien creatures for candy (Figure 1). The task was a simplified
version of a standard n-armed bandit task commonly used to
study reward-based decision-making (e.g., Daw et al. 2006).
The goal of the game was to earn as much candy as possible.
On each of 100 trials, participants chose one out of the four
creatures and received (virtual) candy for their choice.
Selections were made using a touch screen. Each creature
gave a set number of candies that was the same on every trial:
One option was 10 candies, while the other three options were
3, 2, and 1 candies respectively. The locations of the reward
values were stable across the entire experiment but were
randomly determined for each participant. Following the

B

C

Figure 1: Trial structure. (A) After each choice, (B) the
reward earned for the choice is presented for 3 s, (C) then
the next trial begins. In the Congruent and Competition
conditions one option is represented by a colorful image that
changes on every trial, while the other three are represented
by lower saliency images that remain stable across trials. In
the Baseline condition, all four options are represented by
stable images of equal saliency.
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Results
Choice Proportions Participants’ choices over the course of
the experiment are presented in Figure 2. The analysis
focused on the proportion of trials on which the highest
valued option was chosen. The main purpose of this analysis
was to assess the effect of saliency on performance across the
three conditions. An ANOVA revealed a significant effect of
condition, F(2, 107) = 15.40, p = 0.001, h2 = 0.22. Pairwise
comparisons showed that participants in the Congruent
condition (M = 0.53) chose the best option (i.e., the 10-candy
option) significantly more often than participants in the
Baseline condition (M = 0.28), t(71) = 4.40, p < 0.001, d =
1.03, and the Competition condition (M = 0.30), t(72) = 3.93,
p < 0.001, d = 0.91. Performance in the Competition
condition was not different than in the Baseline condition,
t(71) = 0.57, p = 0.569, d = 0.13.
The proportion of trials in which the lowest valued option
was chosen was also analyzed in order to assess the effect of
saliency in the Competition condition. An ANOVA revealed
a significant effect of condition, F(2, 107) = 5.24, p = 0.006,
h2 = 0.09. But, pairwise tests revealed only that participants
in the Congruent condition (M = 0.16) chose the lowest
option less than both the Baseline (M = 0.23), t(71) = 3.22, p
= 0.002, d = 0.75, and the Competition condition (M = 0.25),
t(72) = 2.60, p = 0.011, d = 0.60. The Competition condition
and the Baseline condition did not differ significantly, t(71)
= 0.65, p = 0.516, d = 0.15. This pattern of results suggests
that perceptual saliency facilitated reward optimization in the
Congruent condition, but not through simple novelty-seeking
since the salient option was not selected more frequently than
Baseline in the Competition condition.

is surprising that switching is low in the Competition
condition despite no increase in exploitation.

Switch Proportions We also examined the proportion of
trials on which participants switched responses, choosing a
different option than on the previous trial (see Figure 3). In
the Baseline we expected participants to switch often and do
so systematically. This expectation is based on a previous
study (Blanco & Sloutsky, under review) using a task similar
to the Baseline condition. In that study, children tended to
switch extremely often—consistent with highly elevated
exploration levels. Systematicity in their switching was then
established with subsequent computational modeling. We,
therefore, first analyze participants’ behavioral responses. In
the next section, we report modeling results.
An ANOVA on proportion of trials that participants
switched responses revealed a significant effect of condition,
F(2, 107) = 17.42, p < 0.001, h2 = 0.246. Most importantly,
Children in the Congruent condition (M = 0.56), t(71) = 5.57,
p < 0.001, d = 1.30 and in the Competition condition (M =
0.77), t(71) = 3.22, p = 0.002, d = 0.75 exhibited substantially
less switching than in the Baseline condition (M = 0.91).
Additionally, children in the Competition condition switched
more than those in the Congruent condition, t(72) = 3.04, p =
0.003, d = 0.71. It is perhaps not surprising that children
switched less in the Congruent condition compared to
Baseline since they are often exploiting the best option, but it
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Figure 2: Choice proportions. The proportion of trials on
which each option was chosen is presented for blocks of 20
trials. Compared to baseline, children in the congruent
condition selected the highest valued option more
frequently. Children in the competition condition selected
the highest valued option less often that either the baseline
or congruent conditions. Interestingly, children in the
competition condition did not select the lowest valued
option (which was salient in that condition) more often than
in the other conditions where it was less salient. This
suggests that pure novelty/saliency seeking did not drive
children’s choices. Error bars reflect standard errors of the
mean.

f is the weight parameter mediating the relative extent to
which the expected values and lags influence choices and is
constrained to be between 0 and 1, inclusive. Greater values
of f indicate greater influence of systematic exploration.
When f is 0, the model chooses based only on expected
value; when f is 1 it chooses only based on the lag. b is the
inverse temperature parameter that controls random
exploration. At b = 0 choice probabilities become completely
random (i.e. equal between all options irrespective of value
or lag), and as b approaches infinity the model chooses the
most favorable option (based on the weighted combination of
expected value and lag described above) on every trial. Both
b and f were free parameters.
This model is similar to the ‘exploration bonus’ models
used in some previous studies (Daw et al. 2006; Kakade &
Dayan, 2002), but with lag as a proxy for uncertainty and with
slightly different parameterization. The model was fit to each
individual participant by finding the set of parameters that
maximized the likelihood of producing the participant’s data
given the model.
The full model described above was first compared to a
simplified model that did not include systematic exploration,
where f was set equal to 0. In the simplified model choice
probabilities reduce to a standard Softmax choice rule (Sutton
& Barto, 1998) on expected reward value:

Figure 3: Response Switching. The proportion of trials on
which participants made a switch response, choosing a
different option than the previous trial, is presented. The
pink shaded region represents 95% probability density of
switch responses given random responding. Extreme switch
proportions in the Baseline condition suggest elevated
exploration levels. Switch proportions are less than the
Baseline in both Saliency conditions. Dots represent
individual participants.

𝑃 𝑎",$ =

Computational Modeling
In order to better understand children’s choice strategies,
and to examine the effect of the saliency manipulation of
directed exploration, participants’ choices were evaluated in
relation to a Reinforcement Learning model (Sutton & Barto,
1998) that included the potential for both systematic (or
directed) and random exploration. The model learned the
reward values by updating expected values for each option
based on the prediction error using the following equation:
𝑉",$%& = 𝑉",$ + 𝛼 𝑅",$ − 𝑉",$
where Vi,t is the expected value of option i on trial t, Ri,t is the
reward is the reward on trial t earned for choosing option i,
and a is the learning rate (a free parameter). It then made
choices according to the following function:
𝑃 𝑎",$ =

𝑒 0∗[34,5∗ &6f %74,5∗f]
0∗[39,5 ∗ &6f %79,5 ∗f]
:
;<& 𝑒

where P(ai,t) is the probability of choosing option i on trial t.
Li,t is the lag term—a proxy for uncertainty—that simply
encodes the number of trials since option i was last chosen.

𝑒 0∗34,5
0∗39,5
:
;<& 𝑒

The Aikaike Information Criterion (AIC) was used to
determine best-fitting model for each participant (Akaike,
1974). A large majority of children in the Baseline (31 out of
36) condition were better fit by the full model that included
systematic exploration, while only about half of children
were better fit by the full model in both the Congruent (18 out
of 37) and Competition (20 out of 37) conditions. A chisquared test confirmed that these proportions were different,
C2 (2; N = 110) = 12.75, p = 0.002.
The best-fitting parameter values were also compared
between the three different conditions (see Figure 4 for
distribution of parameter values across the conditions).
Because data in Figure 4 suggest that the best-fitting
parameter values were not normally distributed, we report
median values (see Table 1) and compare groups using
Wilcoxon rank sum tests. Best-fitting f parameter (reflecting
systematic exploration) was significantly lower in the
Congruent, W = 1044, p < 0.001 and the Competition
conditions, W = 886, p = 0.015 than in the Baseline condition.
The Congruent and Competition conditions did not differ in
best-fitting f value, W = 606, p = 0.401. The b parameter was
lower in the Competition condition compared to both the
Baseline, W = 935, p = 0.002, and the Congruent conditions,
W = 906, p = 0.016. The Baseline and Congruent conditions
were not different, W = 743, p = 0.400.
The high values of f in the Baseline condition suggest a
large influence of systematic exploration on participants’
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choices, while the substantially lower values of f in both the
Congruent and Competition conditions suggest much lower
levels of systematic exploration in these two conditions.
While the choice proportions suggest that in the Congruent
condition systematic exploration was largely replaced with
reward maximizing choices (i.e. exploitation), in the
Competition condition the low value of b suggests a greater
amount of random exploration in that condition. Importantly,
the salience manipulation dramatically decreased systematic
exploration in the Congruent and Competition conditions
compared to the Baseline, although this reduction was
achieved by different mechanism – through increased
exploitation in the Congruent condition and through
increased random explorations in the Competition condition.
These results suggest a direct link between attention and
exploratory behavior early in development.

more likely to be selected. A manipulation affecting bottomup attentional seems to disrupt this process, leading to a
reduction in systematic exploration. Once disrupted, if the
salient stimulus signals a rewarding option, it can act as a cue
that facilitates reward learning.
These results point to an integral role of attentional
mechanisms in systematic exploratory behavior in young
children, in contrast to the top-down PFC mediated processes
involved in systematic exploration in adults. Despite PFC
being immature, young children’s tendency to distribute
attention seems to support systematic exploration.
Attentional mechanisms and exploratory decision-making
may be part of a larger general pattern in young children in
which their cognition and behavior are specifically tuned to
facilitate broad information gathering—something that is
particularly critical early in life.

Table 1: Median best-fitting parameter values (with
standard deviations in parentheses)

f
b

Baseline
0.701
1.348 (6.1)

Competition
0.213 (0.40)
0.367 (12)

Congruent
0.045 (0.31)
0.680 (876)*

*Note: While the medians suggest most values were small, b has no
upper limit, and infrequent large outliers (which are consistent with
reward maximization) result in large standard deviations. This large
value is mainly due to two such outliers, without which the standard
deviation of the remaining sample is 12.

Discussion
In this study, we examined the effects of an attentional
manipulation on young children’s choices and exploratory
behavior. The goal of the current study was to examine the
link between systematic exploration and attention by
manipulating attention and observing effects of such
manipulation on systematic exploration. The reported results
suggest that attentional manipulation (i.e., exogenously
capturing attention through large differences in salience)
decreased the level of systematic exploration that young
children exhibited in the Baseline condition.
In addition, children’s choices did not indicate that they
were simply salience-seeking in their choice strategy. Instead
the effect of saliency was dependent on whether or not it was
congruent with or in competition with reward maximization.
When the salient option was also highly valuable, children
chose that option more often than in the other conditions. But,
when the salient option was low in value, it was not chosen
any more often than in the other conditions. This interaction
suggests a complex role of attention in determining young
children’s choices.
Together these results suggest that attentional mechanisms
are a major determinant of exploratory behavior in young
children. When saliency and/or novelty are otherwise equal,
systematic exploration dominates choices (as in the Baseline
condition), with options that were less recently sampled being
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Figure 4: Best-fitting f parameter. Histograms of the bestfitting f parameter for each group are presented. Both
saliency conditions have a large proportion of participants
with very low values of f, indicating little systematic
exploration, while the Baseline condition has a larger
proportion of participants with high values of f, indicating
greater systematic exploration.
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Abstract

Assessing the quality of a learner’s solution for a given task is
an essential step in analyzing a learner’s performance. For a
well-defined sequential problem, correctness and optimality of
the solution as well as its length provide first simple and reasonable metrics. However, this ignores the fact that there are
conceptually different errors that humans make when solving a
problem. This work proposes a rule-based system of error categories which is able to classify conceptually different errors
with respect to their (assumed) motive. The principles the categories are based on are valid for most well-defined sequential
problems and can hence serve as a valuable tool in the analysis of human solutions for such a problem. In this work, the
error category system is adapted to the game Rush Hour. We
use the category system as a tool for a detailed analysis of 115
human solutions of a Rush Hour game. We found that the most
common error type is based on a simple solving heuristic, but
mainly occurs in the first half of the solution process. Other error types whose occurrence is numerically less dominant, are
still found in the majority of the solutions. However, they occur in very specific game situations. As a first generalization
approach of the category system, its application on a further
dataset containing 56 different Rush Hour tasks and more than
31, 000 human solutions yield promising results.
Keywords: Problem solving; Solution quality; Error analysis;
Error categories; Rush hour

Introduction
Assessing the quality and characteristics of the solution of a
learner for a given task is an essential step in problem solving research (Newell & Simon, 1972; Anderson, 1993). Due
to the complexity of the task, there are often no precise or
only very simple quality measures. For well-defined problems, i.e., when a well-defined initial situation needs to be
transformed into a well-defined final situation by applying
operators from a fixed set of operators, solving success (was
the final situation reached?) or solving time (how long did it
take?) are simple and natural metrics. For well-defined sequential problems, i.e., problems that cannot be solved in a
single step, but require a sequence of actions, optimality or
length of the solution are reasonable metrics: a shorter solution is better than a longer one. This can even be considered
at the level of single moves: every move is either correct,
wrong, or unnecessary. However, this ignores the fact that
there are conceptually different kinds of errors that can be
made by the problem solver: For instance, an error may be
due to a false idea of the final configuration, to incomplete
knowledge of the available operators, or to an accidentally
wrong action. There is hence a need for a categorization of
possible errors that allows distinguishing what kind of error

was made by the problem solver. This can help to understand
underlying problem-solving processes, to identify situations
within the solution process that are prone to certain types of
errors, or generally allows a more detailed analysis of human
solutions for a task. At a task-independent level, Norman and
Reason, distinguish human errors into planning failures (mistakes) and execution failures (slips) (Reason, 1990): “An error in the intention is called a mistake. An error in carrying
out the intention is called a slip.” (Norman, 1983) While this
is a helpful general categorization, an error type categorization obviously needs to be more detailed in order to understand the problem-solving process.
Analysis and domain-specific categorization of human
errors was done in various contexts several decades ago:
types of spelling errors (Caramazza, Miceli, Villa, & Romani, 1987), types of human errors in man-machine interaction (Rasmussen, 1982), errors in patient medication in
hospitals (Leape, 1994; Zhang, Patel, Johnson, & Shortliffe,
2004), conceptual errors when learning mathematical concepts (Eichelmann, Narciss, Schnaubert, & Melis, 2012), or
performing a proof (Autexier, Dietrich, & Schiller, 2012).
For a well-defined sequential problem, however, very few approaches exist for categorizing possible errors, such as error
moves in the block design puzzle (Toraldo & Shallice, 2004).
To accomplish this aim, this work provides a set of eleven
error types, referred to as a category system, that aims at covering the majority of errors made by humans when solving a
task. The categories are based on principles valid for most
types of well-defined problems. It is rule-based and allows
an automatic classification of error moves. It can be used as
an additional analysis tool for human solutions in different
experimental settings and for various research questions.
In this work, the categories are applied and tested on one
specific task: a sliding-block puzzle called Rush Hour (invented by Nob Yoshigahara, distributed by ThinkFun Inc. and
by HCM Kinzel). Two example Rush Hour levels are shown
in Figure 1. Blocks, representing cars, are placed on a board
with one designated exit on the right, representing a parking
lot. Cars can only be moved forwards or backwards, but not
sideways. The goal is to remove the target car (dark color)
from the board through the exit.
Rush Hour is a well-defined sequential problem and can
be understood as a transformation problem, according to the
problem classification by Greeno (1978). Although all el-
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Figure 1: Two example levels of Rush Hour. Left: low difficulty
(solvable in 10 moves); right: medium difficulty (solvable in 25
moves). The latter was used as experimental level in this study.

ements, rules, and principles are transparent to the learner,
solving a transformation problem can be difficult for humans;
this is also true for Rush Hour (Ragni et al., 2011; Bockholt
& Zweig, 2015).
For Rush Hour, too, different wrong or unnecessary moves
can be of a different “nature”: Bennati, Brussow, Ragni, and
Konieczny (2014) show that the presence of so-called clusters in a Rush Hour configuration, i.e., two cars placed directly next to each other, decreases the chance for a player to
find an optimal solution. They explain this with Gestalt effects: humans tend to perceive the two cars as one object and
tend to move them together—although this might be wrong
or unnecessary. This is an example of one “type” of errors.
In this paper, we apply the derived category system on the
solutions of 115 participants solving one single Rush Hour
task and answer the following questions: (i) Which error
types are most common in a Rush Hour solution? (ii) Do
the different error types occur in arbitrary phases of the solution process? In order to generalize the category system,
we used a different dataset containing 56 different Rush Hour
tasks and more than 31, 000 human solutions for those tasks
in total (collected by Jarušek and Pelánek (2012)).

Error category system
Every configuration of a well-defined problem induces a finite
problem space, containing all board configurations reachable
from the initial one by allowed moves. If a problem space
contains a configuration in which the goal is reached (also
called final state), the configuration is solvable. In a Rush
Hour game, all moves are reversible, hence, a final state can
be reached from every state in the problem space (if the initial configuration is solvable). This is different for other tasks
where one wrong move can lead the player to a “dead end”
from which no final state can be reached anymore. This implies that for the problem space of any (solvable) Rush Hour
configuration: (i) a move can increase or decrease the distance to the closest final state by at most one step; (ii) in every (non-final) state, there exists at least one correct move
that decreases the distance to the closest final state by one
step. Besides correct moves, there might exist wrong moves
that increase the distance to the closest final state by one step,
and unnecessary moves that neither increase nor decrease this
distance. Both–wrong and unnecessary moves–will be called
error moves in the following since a solution containing at
least one of them cannot be optimal anymore. Note that an
unnecessary move increases the length of the solution by ex-

actly one step while a wrong move increases it by two steps
because it needs to be corrected by an additional move.
However, error moves may occur for different reasons. We
hypothesize different types of errors exist that are conceptually different. The following paragraphs will introduce eleven
different error types: four have a descriptive quality, while
seven are based on the actual game situation (conceptual error categories) and assume a kind of motive that leads to this
type of error. For any error move found in a solution, whether
wrong or unnecessary, we can then use the categories’ rules
to automatically check in which category it falls.
Descriptive error categories The following four categories describe which pattern the error shows. They are applicable to any solution of any sequential problem. A move
from one board configuration v to another configuration w
will be denoted as v → w. If a player’s solution contains the
moves v → w as well as w → v, at least one of them is an
error move. In such a case, the error move is categorized as a
Generalized Undo Mistake. If the moves v → w and w → v
are directly consecutive in a player’s solution, the error move
is additionally categorized as an Undo Mistake. Furthermore,
it is never optimal to perform two consecutive moves which
effect could have been reached by only one move. In the case
of Rush Hour, this includes consecutive moves of the same
car into the same direction (up/down/left/right). Such error
moves are called Two In One Mistakes.
There are error moves that are unnecessary because the
move “does not make a difference”. Consider, for example,
the configuration on the left in Figure 1: Moving the horizontal car of length 3 to any other position does not change the
game situation because in all its possible positions, the car
blocks the same set of other cars in their movement. This is
the idea of equivalent game situations. An error move v → w
is classified as an Equivalence Trap if v and w are equivalent. While the definition of equivalent game situations is
task-dependent, the error type Equivalence Trap is generally
applicable on any sequential problem. In the case of Rush
Hour, for a given board configuration, we say that a car i
blocks a car j if i occupies at least one board cell in the same
row as j (if car j is horizontal) or in the same column as j
(if j vertical). For the board configuration shown in Fig. 1
on the right, the target car is blocked by three vertical cars.
Two Rush Hour board configurations are then called equivalent if each car blocks exactly the same set of cars in both
configurations.
Conceptual error categories The descriptive error categories can be seen as symptoms of an erroneous solving approach: the presence of such error types is a sign for an erroneous solution approach, but they don’t allow any insight
into why the error move occurred. The following conceptual
error categories, on the other hand, are rooted in a kind of
conceptual error.
For most sequential tasks, there are simple solving heuristics that might be used by humans in the solving process.
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Figure 2: A Relaxed Car Unit Mistake: the left move is correct,

Figure 3: The (wrong) move shown on the left is classified as a

followed by a wrong move (shown on the right) that is classified as
a Relaxed Car Unit Mistake.

Border Attraction, but not as an Early Unblock Mistake. The correct
alternative move is shown on the right.

However, following a heuristic might provoke an error because the correct move conflicts with the heuristic.
Generally, any well-defined problem has a well-defined
goal to be reached. Applying the hill-climbing heuristic (Newell & Simon, 1972), moves that seem to make the
current situation more similar to the goal situation will be
preferred, and moves that seem to make it less similar will be
avoided. However, this might be a source of errors: seemingly correct moves might be performed too early in the
course of the game, and counterintuitive moves necessary for
reaching the goal are avoided. For Rush Hour, in order to
reach the goal, the cells between target car and exit need to
be freed, and the target car needs to be moved through the
exit. Both versions of phrasing the goal of the game might
provoke “Avoid”- and “Too-Early”-mistakes.
A move which is actually blocking the exit is seemingly
a detour and might be avoided. An error move is called an
Avoid Blocking The Exit Mistake, if (i) neither before nor
after the move, the moved car is on any cell to the right of
the target car, and (ii) all correct alternative moves require
moving the same or any other car on a cell to the right of the
target car. In other words, in order to come closer to the final
state, it is necessary to block the exit, but the player avoids
this and performs a wrong or unnecessary move instead.
As a corresponding “Too-Early”-mistake, we call an error
move an Early Unblock Mistake if (i) the moved car blocked
the exit before the move, but (ii) does not block it after the
move, and (iii) no correct alternative move exists where the
same car is moved in the same direction. The last requirement
ensures that an error move as shown in Fig. 3 (left) is not
classified as an Early Unblock Mistake since there is a correct
alternative move that also frees the exit (shown on the right).
Similarly to the premature unblocking of the exit, the same
behavior is captured for the premature movement of the target
car towards the exit. An error move is categorized as a Early
Target Car Move if the target car is moved towards the exit
(despite not being beneficial in this game situation).
Similar to Avoid Blocking The Exit mistakes, moving the
target car to the left, i.e., further away from the exit, might
seem to be a detour and might be avoided. Hence, an error
move is categorized as Avoid Moving Target Car Backwards
if (i) it does not involve the target car being moved to the left,
but (ii) all correct alternatives do. In other words, it would
have been necessary to move the target car further away from
the exit, but this is avoided by the player.
While the previous four categories are based on conflicts

with the hill-climbing heuristic, the following three might be
explained by conflicts with heuristics for complexity reduction. One such heuristic, applicable on tasks with a spatial
representation, is to consider structures locally and resolve
them one after the other. This is sometimes a good strategy,
but it often fails. Hence, an error might occur because the
same local structure as in the previous move is considered,
but a change to a different local structure would have been
necessary. For Rush Hour, this corresponds to the simple
procedure: check which cells have been freed by the previous move, and then move a car onto a previously freed cell.
For Rush Hour, an error move m = v → w moving car i is a
Stay Local Mistake if (i) in situation w, car i occupies at least
one board cell that was freed by the move directly before m,
and (ii) in situation v, there exists no correct alternative move
that also uses one of those freed cells.
Treating two or more objects as a single one can be a further (possibly unintentionally applied) heuristic for complexity reduction. Bennati et al. (2014) report that the existence
of so-called clusters of cars in a Rush Hour configuration has
a significant effect on the optimality of solutions. Two cars,
both horizontal or both vertical, are called a cluster or car
unit if they are placed in two consecutive rows or columns,
and if at least one cell occupied by the first car is adjacent
to at least one cell occupied by the other car. For example,
in Fig. 1 on the right, the two cars of length 3 in the first
and second row are a cluster, while the two horizontal cars in
the fifth and sixth row are not. Such a cluster might provoke
error moves since the two cars might be perceived as a unit
and be moved in consecutive moves, although only one of the
cars needed to be moved. The same principle—different objects are perceived and treated as a unit—occur also in other
well-defined problems. For Rush Hour, we call an error move
m = v → w a Relaxed Car Unit Mistake1 if there is another
move m0 directly before or directly after m, hence m0 = v0 → v
or m0 = w → w0 , such that (i) in the configurations before and
after m and m0 , there exists a cluster of cars; (ii) m and m0
move those cars in the same direction; (iii) in the configuration before the moves m and m0 , there exists no alternative
sequence of two correct moves involving the same two cars.
Figure 2 shows an example: The move shown on the left is
correct, the move on the right is wrong. In order to reach
the next sub-goal of the game (moving the horizontal car in
1 The prefix relaxed illustrates that a “perfect” cluster where the
cars are perfectly aligned is not required.
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the fifth row onto the free cells at the left border), the move
shown on the left would have been sufficient.
Specifically for Rush Hour, it is cognitively less complex to
move a car as far as possible than to evaluate how many cells
are actually necessary. This strategy might provoke errors:
An error move is categorized as a Border Attraction Mistake
if (i) the moved car is moved as far as possible (constrained
by the border of the board or by another car), and (ii) there
exists a correct alternative that moves the same car in the same
direction, but not as far as the error move. This means that the
decision of moving the particular car is correct, but moving it
that far is erroneous. An example is shown in Fig. 3: the left
move is an error move and categorized as a Border Attraction
Mistake because it would have been correct to move the same
car by only one cell (shown on the right).

Experiment
A study with 138 participants was conducted at a German
university (data of 23 participants had to be excluded due to
incomplete data). Hence, the experimental data of 115 participants (95 female, 18 male; age: 18 to 30 years, Mage =
20.88 ± 2.80) are used in the following analysis. All participants attempted to solve two rather easy exercise levels of
Rush Hour in order to get acquainted with the rules of the
game. After the exercise phase, all participants attempted to
solve a Rush Hour game of medium difficulty, shown in Fig. 1
on the right (length of optimal solution: 25 moves), referred
to as the experimental level.
The experimental level had to be solved within 10 minutes
and 60 moves. The participants were allowed to undo their
last move (but only exactly one, until another regular move
is performed. Reversing the last move by a regular move is
obviously always possible). Moves undone by a participant
via the Undo-button were not included in the participant’s solution in order to prevent the inclusion of accidental moves.

Results
We found that only 70 participants managed to solve the experimental level (45 failed). Not a single participant was able
to solve the level within the optimal number of steps: the
shortest solution found (by exactly one participant) contained
27 moves (optimal: 25). This shows that the proportion of
participants able to solve the game at all or optimally, is not
a sufficient metric for a detailed analysis. Overall, the participants’ solutions of the experimental level contained an average of 18 ± 11 error moves, i.e., on average 8 ± 4 unnecessary
moves plus 10 ± 8 wrong moves.
Error types in the solutions The proposed error category
system was applied to each participant’s solution of the experimental level: for each error move, we checked in which
categories it falls. Out of the 2, 134 error moves in total, 7 %
do not fall in any category, 35 % into exactly one, and 36 %
(18 %, 4 %, < 1 %) into 2 (3,4,5) categories. Although no
distinction is made between conceptual and descriptive categories, the proportion of uncategorized error moves and the

Figure 4: For each error category, the number of error moves of
this type found in the participants’ initial solutions is shown.

Table 1: For each error type, the number of the participants who
made at least one such error in their solution is shown.
Stay Local
110/115 Border Attraction
Relaxed Car Unit
106/115 Undo
Early Target Car Move
76/115 Early Unblock
Generalized Undo
84/115 Two In One
Avoid Moving Targ.
59/115 Avoid Blocking
Car Backwards
The Exit

66/115
83/115
94/115
23/115
77/115

proportion of error moves belonging to multiple categories is
reasonably small. This shows that the category system is a
valid partitioning of typical error moves in this task. Figure 4
shows for each error category how often it occurs in the participants’ solutions. The error types Stay Local and Generalized Undo are the most common errors. However, Relaxed
Car Unit, Early Unblock and Avoid Blocking The Exit also
occurred about three times on average in every solution. The
error type Equivalence Trap did not occur at all in the solutions of this game (it does, however, occur in the solutions of
the other dataset used for generalization, see below).
It is worth considering how many of the participants managed to solve the game without any occurrence of errors of a
particular category. Table 1 shows the number of the solutions
in which a certain error type is present a least once. Only 5
out of 115 participants solved the experimental level without
any Stay Local mistakes. Also, almost all participants failed
in solving the game without any Relaxed Car Unit Mistake.
Furthermore, although the presence or error moves of the type
Border Attraction, Avoid Moving Target Car Backwards, or
Early Target Car Move does not appear dominant with respect
to their total number of occurrence (cf. Fig. 4), at least half of
the participants had at least one such error in their solution.
Location of errors in the solutions In addition to the frequency of occurrence of the error types, we considered the
location of each error type in the participants’ solutions. We
computed the number of occurrences of each error type dependent on the location in the solution; more precisely, dependent on the number of steps necessary to reach the final
state from the configuration in which the error move was
made. This has the advantage that the location of errors in
an almost optimal solution can be compared to that in a long
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Figure 5: Counting the number of error moves of each type occurring at each distance from the goal. x-axis: remaining steps necessary for
reaching the goal (25 in start configuration to 0 in final configuration). y-axis: total number of error moves of the corresponding type that
occurred at the corresponding distance, normalized by the number of participants.

solution containing a large number of moves that do not decrease, or even increase, the distance to the final state. For
the experimental level, the distance to the goal from the start
configuration is exactly 25 steps. The problem space does
not contain any state with a distance to the goal larger than 25
steps. Figure 5 shows the number of error moves of each type
for each distance to the final state, normalized by the number
of participants.
It seems that there are two patterns of error occurrence:
Some occurred in specific game situations (or at least at very
specific distances) while others occurred independent of the
game situation, but only in the first half of the solution. Most
of the conceptual error types show the former behavior: especially for Avoid Blocking The Exit, Avoid Moving Target
Car Backwards, Border Attraction, and Relaxed Car Unit, the
peaks of occurrence are narrow. The error types Early Unblock, Generalized Undo, Early Target Car Move, Undo and
Stay Local, do not appear to depend on the situation. Interestingly, they rather occurred in the first half of the solution
and only rarely in the second half. There are three possible
explanations for this effect: (i) At the beginning of the solution process, the participants follow an exploratory “trial-anderror” approach, which is replaced by a rather target-oriented
approach in the further course of the game due to learning effects during the solving process. (ii) Planning the next moves
becomes easier when the goal state is “within sight”. As
soon as the distance to the goal is small enough such that
the appropriate steps needed to reach it can be planned by
the human, the number of errors decreases. However, their
number dropped in the distance range of 10 to 15 remaining
steps, which—we assume—seems to be too many for planning ahead. (iii) The reason may be related to the actual situation on the board: Since we only considered the solutions
for one specific Rush Hour game, it may be that certain error
types are actually only possible in certain game situations and
not in others.

Generalization of category system
The previous section showed that the proposed category system is a useful tool for analysing Rush Hour solutions—at

least for the one task used in the experiment. As a first approach for investigating whether the category system is general enough for the application on other Rush Hour tasks, we
used 56 different Rush Hour tasks (levels) and players’ solutions for these as a test dataset. In a further step, the applicability on other tasks needs to tested. The data used here
was collected by Jarušek and Pelánek (2012), who developed
a web-based tool for learning by problem-solving that is used
in educational contexts. Unsolved solution attempts and solutions that took longer than three times the optimal solution
were excluded from the analysis. The remaining data comprises 56 tasks with an optimal solution length between 3 and
50 moves (median 29), with 13 to 2, 319 solutions for each
task (median 160); more than 31, 000 solutions, in total.
In the 31, 000 solutions, more than 190, 000 error moves
were observed; the mean number of error moves per solution highly depended on the task, ranging from 2.1 ± 1.2 error moves for a task with an optimal solution length of 3, to
41.3 ± 12.5 for a task with an optimal solution length of 47.
Although this dataset includes games played without full attention or with no incentive for finding the shortest possible
solution, it is suitable for testing whether the proposed error
category system is a reasonable approach for typical errors in
Rush Hour solutions.
Table 2 shows the proportions of the observed error moves
categorized into the different categories. 23 % do not fall into
any category, while 60 % can be explained only by the conceptual categories. Especially at the easier levels, there are
moves that cannot be categorized: If only tasks with an optimal solution length of at least 13 are considered, the proportion of uncategorized error moves drops to 17 %.
Table 2 also shows that only 16 % of all error moves are
categorized into more than one conceptual error category, and
only 1 % fall into more than two categories. The multiple
classifications are mainly due to the Stay Local mistake: If
we exclude this category, the percentage of moves classified
into more than one conceptual category drops to 6 %. Hence,
the number of error moves classified into more than one conceptual category is reasonably small.
It can be summarized that although the category definitions
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Table 2: Application of the error category system on a larger set of
tasks: Results of the categorization of the 194, 290 errors in the players’ solutions of all tasks, and of the 89, 540 errors in the solutions
for tasks with an optimal solution length at least 13. It is shown how
many of the error moves fall into how many error categories.
in ... categories
in ... conceptual cat.
Tasks
0
>1
>2
0
1
>1
>2
all
23 % 41 % 13 % 40 % 44 % 16 % 1 %
less easy
17 % 44 % 16 % 33 % 48 % 19 % 2 %

persons): Do all persons make the same errors or are there
individual differences? Which error types are recognized as a
mistake by the person and can therefore be avoided in a new
attempt, and which error types will remain? A different aspect concerns the reason why errors occur: Are there game
situations that are more prone to certain error types than others? Which characteristics can be identified that trigger the
occurrence of an error?

are rather strict, the variety of different game situations is
large, and there are only seven conceptual error categories,
the introduced error category system is well generalizable on
the test game data. Still, about a quarter of all observed error
moves cannot be explained by any category.
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Abstract

A recent example of these tools is ConversAtion level Syntax SImilarity Metric (Boghrati, Hoover, Johnson, Garten,
& Dehghani, 2017, CASSIM) which measures the syntactic similarity between two documents based on their sentences’ constituency parse tree similarity. Employing CASSIM, Boghrati, Hoover, et al. (2017) studied Communication
Accommodation Theory (Giles, 2008, CAT) and the interactive alignment model (Pickering & Garrod, 2004) in social media conversations. Specifically, they demonstrated the
presence of syntactic alignment in social media.

Communication accommodation is a phenomenon in social interactions in which people adjust their language to that of their
interlocutor. A component of communication accommodation
is research on power and dominance relations which suggests
language use is dependent on power position. There are different linguistic markers which imply power standing of people.
For example, when high power individuals interact with people
in low power positions, the language of the interaction tends to
follow the language of the high power individuals. While previous studies have mostly focused on the word-level features,
we show that not only people in low power mirror word usage
of people in high power, but they also adjust their syntactic
structures to those in high power. Notably, we apply a computational tool on two corpora and show that individuals in low
power align their syntactic structures to those in high power
while people in high power do not.
Keywords: Syntactic Alignment; Communication Accommodation; Language of Power; ConversAtion level Syntax SImilarity Metric; Social Status; Coordination

Introduction
Human language is an important tool which both captures and
is affected by underlying psychological states and social interactions. Semantic analysis has received extensive attention
over the years and the majority of the studies have focused
on the role of semantics, and more specifically word-usage,
in exploring psychological factors in evident language, such
as political orientations and moral concerns (Pennebaker &
Stone, 2003; Dehghani, Sagae, Sachdeva, & Gratch, 2014;
Graham, Haidt, & Nosek, 2009; Dehghani et al., 2016; Mehl,
Robbins, & Holleran, 2012; Maass, Karasawa, Politi, &
Suga, 2006; Dehghani et al., 2013; Ramirez-Esparza, Chung,
Kacewicz, & Pennebaker, 2008). At the same time, several studies have shown that syntactic features also carry vital information about individuals’ and groups’ characteristics,
such as emotional states and personality (Bresnan & Hay,
2008; Vigliocco & Franck, 1999; Jahr, 1992; Gawda, 2010;
Boghrati, Johnson, & Dehghani, 2017).
In the past decade, the development of various automatic
tools for measuring syntactic features and capturing syntactic similarity (Lu, 2010; Kyle & Crossley, 2015; Graesser,
McNamara, Louwerse, & Cai, 2004; Kyle, 2016; Niederhoffer & Pennebaker, 2002; Ireland & Pennebaker, 2010)
has paved the way for researchers to explore a wider variety of novel and existing psychological questions by focusing not only on word usage but also on syntactic features.

These and other related theories propose that people adjust features of their communication dynamics, such as vocal
patterns and gestures, while interacting with others in order
to maximize or minimize their social differences (Shepard,
Giles, & Le Poire, 2001). When producing an utterance, people often face multiple syntactic structure choices that convey
relatively the same meaning. Syntactic alignment suggests
that the availability of these choices is dependent on what
people have recently heard or produced (Bock, 1986). For
example, Boghrati, Hoover, et al. (2017) showed that when
people write comment as response to a post, they tend to follow the syntactic structures used in that post compare to their
previous writing style.
Several models have been introduced to explain the basic underlying cognitive mechanism of syntactic priming
(Reitter, Keller, & Moore, 2011; Chang, Dell, & Bock, 2006),
while other theories have focused on higher social-cognitive
explanations of this phenomenon. For example, the social
exchange process theory, a component of communication accommodation theory, states that people assess the utilities
and costs of their actions and choose accordingly. Although,
priming might decrease personal identity, it is also a mechanism to become similar to others and thus attract their attention (Giles, 1979). For example, research shows that people
who are in low power positions tend to adapt their language
to the language of their superiors (Danescu-Niculescu-Mizil,
Lee, Pang, & Kleinberg, 2012). In their study, DanescuNiculescu-Mizil et al. (2012) examined function word classes
and demonstrated the linguistic coordination among people
with different power status. However, this work was focused
only on word-level patterns, i.e., what words people choose
rather than how they put the words together. In a different study, Kacewicz, Pennebaker, Davis, Jeon, and Graesser
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(2013) identified a range of linguistic markers which indicate
whether a speaker is speaking to a superior or to a subordinate.
Building off of the results of capturing syntactic alignment
in social media using CASSIM, in the current study, we aim
to investigate the relationship between syntactic features and
power dynamics. Our goal is to employ a tool for measuring syntactic features and examine whether syntactic alignment can indicate if a person is in high power or in low
power. Particularly, we apply CASSIM on two real-life situations in which people with different power positions have
verbal communications: the U.S. Supreme Court dialogues
among lawyers and justices, and Wikipeida conversations
among editors with administrative and non-administrative access (Danescu-Niculescu-Mizil et al., 2012). These two corpora are specifically suitable for our purpose as conversations
occur between interlocutors who are positioned in different
power positions and interact to achieve a goal.
In the following sections, we first describe the method used
in this study to measure syntactic similarity among conversations. Next, we explain the two studies we conducted to
explore the relationship between syntax and power. For each
study, we first describe the dataset and our approach, then we
demonstrate and explain the results. Finally, we discuss our
results and conclusions.

Method
In this section, we explain our approach for measuring syntactic structures of conversations. Notably, our goal is to
assess a syntactic similarity score for verbal conversations
between two people. These scores will help us determine
whether syntactic alignment can be a marker of power status
and dominance.
To measure syntactic similarity scores, we used ConversAtion level Syntax SImilarity Metric (Boghrati, Hoover, et
al., 2017, CASSIM). CASSIM relies on edit distance difference of constituency parse trees to evaluate syntactic similarity of documents or conversations. Given two documents,
first, CASSIM generates constituency parse trees for the sentences in each document. Second, it calculates the edit distance between each two sentences’ constituency parse trees.
Edit distance captures the number of operations (adding, removing, or replacing) needed to transfer one tree to another.
Next CASSIM matches the most syntactically similar sentences across the two documents using Hungarian algorithm.
Finally, it provides a score between 0 and 1 where higher
numbers indicate higher similarity between the two documents. For more details on how CASSIM works see Boghrati,
Hoover, et al. (2017).
As mentioned earlier, in the current paper, we use two corpora for studying the relationship between syntactic alignment and power status: the U.S. Supreme Court dialogues
and Wikipedia conversations. These two corpora include conversations among people who are in different power positions
and interact to achieve a desirable goal. In the following two

analyses, we employ CASSIM to compare each two pair of
consecutive turns in a conversation between two persons with
different power status and assess a syntactic similarity score.
We then treat these scores as the degree to which interlocutors coordinate with one another in terms of syntactic structure use. For instance, in the example shown in table 1, we
measure the syntactic similarity of the lawyer’s response to
what the justice has just uttered and also the syntactic similarity of the justice’s reply to the lawyer. The first score is the
syntactic coordination score of the lawyer toward the justice
while the second score serves as the syntactic coordination
score of the justice toward the lawyer.

Studies
As noted earlier, Communication Accommodation Theory
(Giles, 2008) suggests that people in low power adjust their
language to people in higher power position. In other words,
the language used by people during a communication is likely
to reflect the language of the person in the higher power role
(West & Turner, 2013).
The main hypothesis of our analyses is drawn upon the
above mentioned theories (Giles, 2008; West & Turner,
2013). We are primarily interested in examining the following hypothesis:
• People in low power tend to accommodate their syntactic structures toward people in high power while people in
high power generally do not converge toward people in low
power.
In the following subsections, for each study, we first introduce the corpus, then describe the process, and finally report
and discuss the results.

The U.S. Supreme Court Study
For the first analysis, we used the U.S. Supreme Court dialogue corpus collected by Hawes, Lin, and Resnik (2009)
and later Expanded to include the final votes by DanescuNiculescu-Mizil et al. (2012). We applied CASSIM on the
conversations happening among the justices and lawyers in
each case. Then, we conducted independent t-tests to examine our hypotheses. In the following, we first describe the
dataset and our procedure. Then, we report and discuss the
results.
Data The U.S. Supreme Court corpus includes oral arguments among justices and lawyers. During a case, the lawyers
have thirty minutes to defend their party. The justices, a group
of nine individuals, may interrupt the lawyers to ask questions
or clarifications which often lead to interactions between the
lawyers and the justices. After the arguments for each case,
the final decision is made by the majority votes of the justices.
The oral arguments includes 204 cases with the total of
50,389 verbal exchanges among 11 justices and 311 lawyers.
For more details about the corpus see Danescu-NiculescuMizil et al. (2012).
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Table 1: U.S. Supreme Court dialogues example
Justice O’Connor: Would you mind explaining to us how these two cases relate? The Court of Appeals for
the Federal Circuit decision went one way and the Tenth Circuit went another. And are the claims at all
overlapping? How are they differentiated?
Mr. Miller: No, Justice O’Connor. They’re – they’re not overlapping. The claims in the Federal Circuit case
involved three contracts covering fiscal years 1994, 1995, and 1996. And the Cherokee contract at issue in
the case that went through the Tenth Circuit is fiscal year 1997 contract and funding agreement. The section
– remedial section of the act, section 110
Justice O’Connor: But they’re certainly at odds on the legal theory.

Analysis To explore the relationship between power status
and syntactic structure alignment, we re-framed our hypothesis stated earlier for the U.S. Supreme Court corpus as following:
• Lawyers align their syntactic structure use toward justices
more than justices coordinate toward lawyers.
• Lawyers align their syntactic structure use toward Chief
justices more than they do toward Associate justices because Chief justices are in higher power position compare
to Associate justices.
• Lawyers align their syntactic structure use toward justices
who eventually vote against them (i.e. whom they are more
dependent on) more than they do toward justices who voted
for them.
Results We used CASSIM to measure the syntactic similarity score between each two pair of consecutive turns in a
conversation between a lawyer and a justice. We then labeled
the turns where a lawyer speaks to a justice as low-to-high
and the turns where a justice speaks to a lawyer as high-tolow. As table 2 shows, applying a t-test with CASSIM score
as dependent variable and comparison type (corresponding to
low-to-high condition or high-to-low condition) as independent variable demonstrated that lawyers adjust their syntactic
structure toward justices more than justices do toward lawyers
t(48012) = 7.69, p < 0.001, d[95%CI] = 0.07[0.05, 0.09].
Further, recognizing the second hypothesis, we examined
whether lawyers coordinate more toward the Chief justice or
the Associate justices. Because Chief justices are in higher
power position compare to Associate justices, we hypothesized that syntactic structure alignment between lawyers and
Chief justices is stronger than between lawyers and Associate
justices. Similar to the previous hypothesis, we used CASSIM to compare lawyers syntactic structure use toward Chief
justices and their syntactic structure use toward Associate
justices. As table 2 shows, applying an independent t-test
with comparison type (Chief-justices or Associate-justices)
as independent variable and CASSIM scores as dependent
variable showed that lawyers coordinate their syntactic structure use toward Chief justices more than they do toward
Associate justices t(3048.9) = 7.71, p < 0.001, d[95%CI] =
0.16[0.12, 0.2].

Finally, we used CASSIM to compare syntactic structure alignment of lawyers toward justices who voted against
them, and justices who voted for them. We hypothesized
that lawyers coordinate their syntactic structure towards justices who lean against them more than justices who may be
in favor of them. The reason for this is because lawyers
need to convince justices who are against them. As a result,
they are more dependent on them (Emerson, 1962). The results confirm our hypothesis: Applying a t-test with comparison type (opposite-side or same-side) as independent variable
and CASSIM scores as dependent variable show that lawyers
tend to mimic the syntactic structure to justices who voted
for the opposite side more closely compare to justices who
voted for their side t(20329) = 3.35, p < 0.001, d[95%CI] =
0.04[0.02, 0.07] (See table 2).
Discussion In this study we examined the relationship between power and syntactic structures in the U.S. Supreme
Court oral arguments among lawyers and justices. We used
CASSIM to measure syntactic structure alignment in the arguments. As table 2 demonstrates, our results showed that
lawyers, who are in lower power position, adapt their syntactic structures toward justices. Further, lawyers tend to use
syntactically more similar language to Chief justices compare to Associate justices. The difference emerges because
Chief justices are positioned in higher power status compare
to Associate justices, and therefore we expect more syntactic
alignment.
Finally, we showed the effect of dependency in power
difference on syntactic alignment. The need for convincing another person in a conversations creates a form of dependency (Emerson, 1962). Our results show that lawyers
align their syntactic structures toward justices who eventually
voted against them more than they align toward justices who
eventually voted for them. One possible explanation is that
because lawyers desire to alter justices’ votes toward their
own side, they feel more dependency towards justices on the
opposite side which leads to higher in-balance in power positions. As a result, they tend to mimic the language style of
opposing lawyers more closely.

Wikipedia Study
In the second study, we used a Wikipedia conversations corpus introduced by Danescu-Niculescu-Mizil et al. (2012). We
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Table 2: Supreme Court Results
Hypothesis
Lawyers coordination toward justices
Lawyers coordination toward Chief justices
Lawyers coordination toward justices on the opposite side

t
7.69
7.71
3.35

df
48012
3048.9
20329

Effect Size
0.07
0.16
0.04

[95% CI]
[0.05,0.09]
[0.12,0.2]
[0.02,0.07]

p
<.001
<.001
<.001

Table 3: Wikipedia Result
Hypothesis
Non-Admin editors coordination toward admin editors

applied CASSIM on the conversations among editors with administrative and non-administrative access to compare their
syntactic structures and to examine whether non-admin editors align their syntactic structures toward admin editors. In
the following subsections, we first describe the corpus, then
explain the procedure, and finally report and discuss the results.
Data The Wikipedia corpus includes conversations among
editors with either administrative or non-administrative access about changes to different articles. Generally, these interactions are collaborative discussions in order to achieve a
common goal. Some Wikipedia editors have administrative
roles which gives them permission for certain functions (such
as page deletion, page protection, or blocking and unblocking) and therefore higher status compare to editors with nonadministrative access.
This corpus includes 240,436 conversational exchanges
among editors with known status, that is either administrative role or non-administrative role, on the talk pages about
changes to articles. For more details see Danescu-NiculescuMizil et al. (2012).
Analysis In this analysis, to investigate the effect of power
status on syntactic alignment, we directly examined the hypothesis stated in Section 3: People in low power coordinate
toward people in high power while people in high power do
not. In the Wikipedia corpus, administrative editors exhibit
high power compared to non-administrative editors. Notably,
we are interested in investigating the following hypothesis in
this study:
• Editors with non-administrative role adapt their syntactic
structures toward editors with administrative role while editors with administrative role do not converge toward editors with non-administrative role.
Results We used CASSIM to compare syntactic structures
used by administrative editors and non-administrative editors in conversation exchanges. We then labeled the conversation exchanges as admin-to-nonadmin when an editor with administrative role replies to an editor with nonadministrative role and nonadmin-to-admin when an edi-

t
2.59

df
66678

Effect Size
0.02

[95% CI]
[0,0.03]

p
<.001

tor with non-administrative role replies to an editor with
administrative role. As table 3 shows, applying an independent t-test with comparison type (corresponding to either admin-to-nonadmin or nonadmin-to-admin) as independent variable and CASSIM scores as dependent variable
demonstrated that editors with non-administrative role coordinate their syntactic structure use toward editors with administrative role more than administrative editors coordinate toward non-administrative editors t(66678) = 2.59, p <
0.001, d[95%CI] = 0.02[0, 0.03].
Discussion In the second study, we used a corpus of conversations among editors of Wikipedia with either administrative or non-administrative role to explore the relationship
between power dynamics and syntactic alignment. Wikipedia
editors with administrative roles, have access to certain functions and are, therefore, in higher power position compare to
editors who do not have administrative role. While, results
of a study by Danescu-Niculescu-Mizil et al. (2012) showed
that users coordinate toward administrative editors more than
non-administrative editors and also that administrative editors
coordinate toward users more than non-administrative editors
do, in our study, we only focused on the interactions between
administrative editors and non-administrative editors. Our
analysis showed that editors with non-administrative role adjust their syntactic structure use toward editors with administrative role more than administrative editors do toward nonadministrative editors. The results support our main hypothesis that people in low power positions adapt their syntactic
structures toward people in high power positions.

General Discussion and Future Work
The two analyses in this study provided evidence for the relationship between power status and syntactic alignment. Our
results demonstrate that individuals in low power positions
accommodate their syntactic structure towards those in high
power positions more than high power individuals do towards
low power people.
Notably, in the first analysis, we used a corpus of the U.S.
Supreme Court oral arguments and showed that lawyers (who
are in low power) coordinate their syntactic structure toward
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justices (who are in high power) more than justices coordinate toward lawyers. Further, we also showed that lawyers
tend to adapt their syntactic structure toward Chief justices
more than Associate justices which can be explained by the
difference in power position of Chief justices and Associate
justices. Finally, we investigated the effect of dependency in
syntactic alignment. Our results showed that lawyers adjust
their syntactic structure toward justices who at the end voted
against them more than justices who were on their side and
voted for them.
In the second analysis, we examined our main hypothesis
in a corpus of Wikipedia conversations among editors with
administrative and non-administrative access. The same effect held in this analysis, that is, non-administrative editors
(who are in low power) coordinate their syntactic structure
toward administrative editors (who are in high power) more
than administrative editors do toward non-administrative editors.
As stated in the social exchange theory (Giles, 1979), people assess the utilities and costs of their actions prior to acting.
For example, language alignment may attract others in a cost
of decreasing personal identity. Therefore, drawing from the
results of our analyses, a possible explanation is that when
people in different power positions communicate, those who
are in low power try to converge to people in higher power
as it brings them greater utility in form of establishing rapport and becoming closer to those in power. While, people
in high power see no utility in converging toward people in
low power. However, we may acknowledge that factors such
as role (Branigan, Pickering, McLean, & Cleland, 2007),
task (Reitter & Moore, 2014) or other social mediated factor (Weatherholtz, Campbell-Kibler, & Jaeger, 2014) might
impact syntactic convergence. (Reverdy & Vogel, 2017)
Building on the results of our analyses, we aim to study
syntactic structures in finer grain details and explore syntax
categories which are more common among people in low or
high power. In other words, our goal is to study whether there
are syntactic structures which can play as linguistic markers
of people in different power positions. Further, we intend to
investigate which syntactic structures are more likely to be
mirrored by people in lower power positions.
In summary, our results support our hypothesis that the relationship between language alignment and power is not limited to word-level features. The same effect may be found in
the syntactic structure use of people in different power positions, that is, low power people align their syntactic structure
toward high power people more than high power people do
toward low power people.
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Crosswords, Quiz Shows, and the Geometry of Question-Asking
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Abstract
Asking and answering questions is a pervasive activity. Over and above the survival benefits it provides, it is one that
can be intrinsically pleasurable. Word puzzles provide a window into this process that allow us to go beyond laboratory
investigations to capture how question-asking functions in the real world. Analysis of New York Times crosswords,
and quiz-show Jeopardy questions allow us to tease apart two phenomena that make for difficult questions: opacity (the
indirectness of cues within a clue), and obscurity (the rarity of the answer). Vector-space models of natural language reveal
how synergistic cues aid the puzzle-solver, overcoming obscurity in ways that contemplation of cues in isolation can not,
and show how these effects compete with the obscurity of the answer itself. Our methods provide new ways to measure
these phenomena in question-asking, and show how they operate in this most basic of behaviors.
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Abstract

process. So for instance instead of starting from scratch and
sampling repeatedly from a prior distribution, a learner might
first start by considering hypotheses that match some of all
of the factual statements considered about the data/world. By
exploring potential generalizations and restrictions on those
abstract hypotheses, one can more efficiently arrive at some
deeper abstract causal knowledge (e.g., did the person leave
their office in a hurry?) because each hypothesis is, at minimum, consistent with known data.
In this paper, we explore a middle ground between topdown sample-driven and bottom-up instance-driven concept
learning. We propose a instance driven grammatical hypothesis generator, and demonstrate that it provides a closer characterization of human generalizations than a fully top-down
approach, as well as being more computationally efficient.

A number of recent computational models treat concept learning as a form of probabilistic rule induction in a space of
language-like, compositional concepts. Inference in such models frequently requires repeatedly sampling from a (infinite)
distribution over possible concept rules and comparing their
relative likelihood in light of current data or evidence. However, we argue that most existing algorithms for top-down sampling are inefficient and cognitively implausible accounts of
human hypothesis generation. As a result, we propose an
alternative, Instance Driven Generator (IDG), that constructs
bottom-up hypotheses directly out of encountered positive instances of a concept. Using a novel rule induction task based
on the children’s game Zendo, we compare these “bottomup” and “top-down” approaches to inference. We find that
the bottom-up IDG model accounts better for human inferences and results in a computationally more tractable inference
mechanism for concept learning models based on a probabilistic language of thought.
Keywords: discovery; program induction; probabilistic language of thought, active learning; hypothesis generation

Discovery learning in Zendo

A number of recent papers argue that people come to
learn abstract hypotheses about the world through inference
in a “probabilistic language of thought” (Goodman, Tenenbaum, & Gerstenberg, 2015). That is, a system of conceptual primitives and stochastic rules for how they can be
combined. Such models capture the fact that human thinking exhibits language-like compositionality and systematicity
(Fodor, 1987; Lake, Salakhutdinov, & Tenenbaum, 2015), allowing us to combine and repurpose simple concepts to construct richer ones (Goodman, Tenenbaum, Feldman, & Griffiths, 2008; Piantadosi, Tenenbaum, & Goodman, 2016). In
order to model inference in such models it is usually assumed
that people approximate a posterior distribution over possible abstract expressions using stochastic search algorithms
(Hastings, 1970). However, such approaches usually require
the top-down generation of very large numbers of samples to
stand a good chance of including the true hypothesis making
them implausible algorithmic level accounts of human learning and hypothesis generation (Lewis, Perez, & Tenenbaum,
2014; Schulz, 2012).
However, assuming humans are endowed with some type
of language-like representation for forming abstract hypotheses, one would assume that this language can be of use not
only for inferring abstract hypotheses or ideas but also to
describe concrete states of affairs in the world and specific
instances. For example, looking at a visual scene one can
describe various facts that hold (e.g., “the coffee cup is on
top of the table”, “the window is closed”). Such observations are essentially mental statements about the “data” one
is perceiving. Given this ability, it seems it would be useful
for a symbolic inferential hypothesis system to use these descriptions to help “seed” the hypothesis generation and search

To explore this idea, we developed a new task environment that, while formally specified, is open ended enough
to provide a challenging and naturalistic test bed for concept
learning. The task is inspired by the tabletop scientific learning game ZendoTM . In it, learners both observe and create
their own scenes, which are arrangements of 2D triangular
objects called cones on a flat surface (as depicted in Figure 1). The goal is to identify a hidden rule that divides scenes
into rule-following and not rule-following scenes. Scenes
could contain a varied number of cones, each of which had
two immutable properties: size2 {small, medium, large} and
color2 {red, green, blue} as well as having continuous scenespecific x2(0,8), y2(0,6) positions and orientations2(0,2p)1 .
The scenes are subject to gravity meaning there are familiar
physical constraints on how they might be arranged. In addition to cones’ immutable and positional properties, scenes
also admit many complex properties arising from the relative
features and arrangement of different cones. For instance,
subsets of cones might share a feature value (i.e., be the same
color, or have the same orientation) or be ordered on another (i.e., be larger than, or above) and pairs of cones might
have properties like pointing at one another or touching. This
results in a rich space of potential concepts that require an
expressive conceptual language. Following Piantadosi et al.
(2016), we assume the true latent space of possible concepts
in our task are those expressible in first order logic combined
with lambda abstraction and full knowledge of the potentially
relevant features of the scene. Lambda abstraction provides
a simple general formalism for binding entities to variables
(Church, 1932). For the current context, binding sets of cones
1 We round these to one decimal place in evaluating rules to allow
for perceptual uncertainty.
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Table 1: l-abstraction Based Probabilistic Grammar.
Productions
9(lxi : A,X )
8(lxi : A,X )
NI (lxi : A, J,X )
B
S
C
H(B, B)
¬(B)
= (xi , D1)
I(xi , D2)
= (xi , x j , E1)a
a
a
I(xi , x j , E2)
G(xi , x j , E3)
Feature/value
D1 !
valueb ,
feature
b
(numeric only)
D2 !
value ,
feature
Feature
E1 !
feature
(numeric only)
E2 !
feature
(relational)
E3 !
feature
Boolean
H!
^
_
...
Inequality
I!

>
<
Number
J!
n 2 Z5
Note: Each production rule maps a capital letter (column 2) to several possible
replacements (right hand columns). Context-sensitive aspects of the grammar: a Bound
variable(s) sampled uniformly without replacement from set; expressions requiring
multiple variables censored if only one. b The value is always sampled uniformly from
the support of the feature selected in D.
Start
Bind additional
Expand
Function

Figure 1: Three examples of rules in our task in words and lambda
calculus with example scenes below. Yellow stars indicate scenes
that follow the rule, white stars indicate scenes that do not.

to different variables allows our grammar to assert relations
between distinct subsets of the cones in a scene.

Top-down, “guess and check” inference mechanisms
As mentioned above, one solution to the problem of learning within an infinite hypothesis space is to sample hypotheses by composing them stochastically from an underlying
grammar of sufficient expressivity. Here, we consider a
grammar (specifically a probabilistic context free grammar
or PCFG; Ginsburg, 1966) that can be used to produce any
rule that can be expressed with first-order logic and lambda
abstraction. When set up correctly, “simpler concepts” (i.e.,
those composed of fewer parts, cf. Feldman, 2000), will have
a naturally higher prior probability of being produced and
so will be favored over more complex ones equally able to
explain the data. This is necessary since the setting ensures
there will always still be an infinite number of potential rules
consistent with any data (Gold et al., 1967).
With a PCFG, each hypothesis begins life as a string containing a single non-terminal symbol (here, S) that is replaced
using rewrite rules, or productions. These productions are
repeatedly applied to the string, replacing non-terminal symbols with a mixture of other non-terminal symbols and terminal fragments of first order logic, until no non-terminal symbols remain. The productions are so designed that the resulting string is guaranteed to be a valid grammatical expression.
In addition, by having the productions tie the expression to
bound variables and truth statements, our PCFG serves as an
automatic concept generator. Table 1 details the PCFG we
consider in the current paper and Figure 2a gives two example PCFG samples. We use capital letters as non-terminal
symbols and each rewrite is sampled from the available productions for a given symbol.2 Because some of the productions involve branching (e.g., B ! H(B, B), see Table 1), the
resultant string can become arbitrarily long and complex, involving multiple boolean functions and complex relationships
2 The grammar is not strictly context free because the bound variables (x1 , x2 , etc.) are shared across contexts (e.g. x1 is evoked twice
in both expressions generated in Figure 2a).

S!
A!
B!
C!

between bound variables. The probabilities for each production in a PCFG can be fit to human judgments, and different
PCFGs containing different primitives and expansions can be
compared. In this way, recent work has attempted to infer the
logical primitives of thought (Goodman et al., 2008; Piantadosi et al., 2016).
What these PCFG approaches have in common is that they
provide a generative mechanism for sampling from a prior
over all possible concepts. However, these sampled “guesses”
must then be tested against data. Unfortunately, many samples, even from a well tuned PCFG are likely to be tautological (i.e., “All cones are red or not red”), contradictory (i.e.,
“There is a cone that is red and not red”), physically impossible (“There are two distinct objects have the same position
and orientation”) or simply inconsistent with whatever data
a learner has already encountered. Indeed, around 20% of
the hypotheses generated by the grammar in Table 1 are tautologies, and 15% are contradictions. For these reasons, the
procedure is inherently inefficient, and typically requires a
very large numbers of samples in order to reliably provide
non-trivial rules.

Instance driven hypothesis generation
Our Instance Driven Generation (IDG) proposal is related
to the PCFG idea but with one major difference. Rather
than generating guesses entirely stochastically, before checking them against the data, we propose that people generate guesses inspired by an encountered positive example (cf.
Michalski, 1969). Concretely, we propose that learners start
by observing the features of objects in a rule-following scene
and use these to back out a true logical statement about the
scene in a stochastic but truth preserving way. In this way
the learner does not generate uniformly from all possible logical statements, but directly from the restricted space of statements true of the current observation. Figure 2b motivates
this approach. Here a learner begins their hypothesis generation with an observation of a scene that follows the hidden rule. To generate hypotheses as candidates for the hidden
rule, we assume the learner uses the following procedure:
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a) Context free generation

b) Context based generation

e.g.:

Figure 2: a) Example generation of hypotheses using PCFG in Table 1. b) Examples of IDG hypothesis generation based on an observation
of a scene that follows the rule. New additions on each line are marked in blue.

1. Observe. With uniform probability, either:

(x1 , medium, size)). Again, inequalities are sampled only if they increase the true set size relative to equality — e.g., “^( (x1 , 3, xposition),
(x1 , medium, size))”, which picks out more objects
than “^(= (x1 , 3, xposition), (x1 , medium, size))”.
(b) Disjunction. An additional feature-value pair is selected uniformly from either unselected values of
the current feature, or from a different feature —
e.g., _(= (x1 , color, red), = (x1 , color, blue)) or _(=
(x1 , color, blue), (x1 , size, 2)). This step is skipped if
the statement is already true of all the cones in the scene.

(a) Sample a cone from the observation, then sample one of
its features — e.g., #2:3 “medium, size” or {#3}: “red,
color”.
(b) Sample two cones uniformly without replacement from
the observation, and samples any shared or pairwise feature — e.g., {#1,#2}: “size”, or “contact”
2. Functionize. Bind a variable for each sampled cone in
Step 1 and sample a true (in)equality statement relating the
variable(s) and feature:
(a) For a statement involving an unordered feature there is
only one possibility — e.g, {#3}: “= (x1 , red, color)”, or
for {#1,#2}: “= (x1 , x2 , color)”
(b) For a single cone and an ordered feature this could also
be a nonstrict inequality ( or ). We assume a learner
only samples an inequality if it expands the number of
cones picked out from the scene relative to an equality
— e.g., in Figure 2b, there is also a large cone {#1} so
either (x1 , medium, size) or =(x1 , medium, size) might
be selected.
(c) For two cones and an ordered feature, either strict or
non-strict inequalities could be sampled if the cones differ on the sampled feature, equivalently either equality or non-strict inequality could be selected if the
cones do not differ on that dimension — e.g., {#1,#2}
> (x1 , x2 , size), or {#3,#4} (x1 , x2 , size).

4. Quantify. Given the contained statement, select true quantifier(s):
(a) For statements involving a single bound variable (i.e.,
those inspired by a single cone in Step 1) the possible
quantifiers simply depend on the number of the cones
in the scene for which the statement holds. The quantifier is selected uniformly from the existential 9( ) or
numerical “exactly N = ( , J)”, “at least N ( , J)”, or “at
most N  ( , J)” and J is set to match number of cones for
which the statement is true. If it it is true for all cones,
the universal quantifier 8( ) may also be selected.
(b) Statements involving two bound variables in lambda calculus have two nested quantifier statements each selected as in (a). The inner statement quantifying x2
is selected first based on truth value of the expression
while taking x1 to refer to the cone observed in ‘1.’. The
truth of the selected inner quantified statement is then
assessed for all cones to select the outer quantifier —
e.g., {#3,#4} “^(= (x2 , green, color),  (x1 , x2 , size))”
might become “8(lx1 : 9(lx2 : ^(= (x2 , green, color), 
(x1 , x2 , size)), X ), X )”. The inner quantifier 9 is selected
because three of the four cones are green {#1, #2, #4},
and the outer statement is selected because all cones are
less than or equal in size to a green cone.

3. Extend. With probability 12 go to Step 4, otherwise sample
uniformly one of the following expansions and repeat. For
statements with two bound variables Step 3 is performed
for x1 , then again for x2 :
(a) Conjunction. A cone is sampled from the subset
picked out by the statement thus far and one of its
features sampled — e.g., {#1} ^(= (x1 , green, color),
3 Numbers

prepended with # refer to the labels on the cones in
the example observation in Figure 2b.

Note that a procedure like the one laid out above is, in principle, capable of generating any rule generated by the PCFG
in Table 1, but will only do so when exposed to a positive
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Table 2: Rules Tested in Experiment

a)
! Move the cone by
holding left-click"

General

Specific

Pair–
value:

There’s a red
9(lx1 : = (x1 , red, color), X )

Initial Example

! Rotate the cone

with keys Z and X"

1.

! Delete the cone
with right-click

! Add a new cone
with left-click

b)

2. Match:

They’re all the same size
8(lx1 : 8(lx2 : = (x1 , x2 , size), X ), X )

3. Negation:

Nothing is upright
8(lx1 : ¬(= (x1 , upright, orientation)), X )

4. Numerosity:
c)

Figure 3: a) Active learning phase. b) A sequence of 8 tests, the first
is provided as an example, and subsequent tests are constructed by
the learner using the interface in (a). c) Prediction phase: Participants select 1-7 of the scenes by clicking on them.

observation that is actually consistent with that rule, and will
do so more often when the observation is inconsistent with
as many other rules as possible (i.e., a minimal positive example). Basing hypotheses on instances should improve the
quality of the effective sample of rules that the learner generates.
One way to think of the IDG procedure is as an inversion
of a PCFG. As illustrated by the blue text in the examples in
Figure 2, while the PCFG starts at the outside and works in,
the IDG starts from the central content and works outward out
to a quantified statement, ensuring at each step that this final
statement is true of the scene.
We now report on an experiment designed to test human
concept learning using it to assess whether people behave
more in line with PCFG or IDG hypothesis generation,

Experiment
Our pilot experiment places participants in the learning environment outlined in the introduction in which they must
learn about concepts by testing encountered and self generated scenes and then make predictions about whether new
scenes are consistent with the concept.

Methods
Participants Thirty people (10 female, age 36.8 ± 11.5
[M±SD]) took part and were paid $7 per hour plus a bonus
of up to $4 (2.6 ± 0.3) depending on the accuracy of their
predictions. The task took 34.2 ± 16.4 minutes.
Materials The experiment was programmed in javascript using a port of the Box2D physics game engine and was run
online using Psiturk (Gureckis et al., 2016). The scenes were
displayed and constructed using an interactive 800 by 500
pixel window (see Figure 3 and try the task here: https://
github.com/neilbramley/discovery).
Test rules We chose a range of test rules expressible in first
order logic and lambda calculus, that varied in their complexity and the features they relate to (see Table 2).

There is exactly 1 blue
exactly(lx1 : = (x1 , blue, color), 1, X )

5. Conjunct:

There’s something blue and small
9(lx1 : ^(= (x1 , blue, color), = (x1 , 1, size), X )

6. Disjunct:

All are blue or small
8(lx1 : _(= (x1 , blue, color), = (x1 , 1, size), X )

Relative
7. property:

A red is the largest piece
9(lx1 : 8(lx2 : ^(= (x1 , red, color), >
(x1 , x2 , size)), X ), X )

8. General
relation:

Some pieces are touching
9(lx1 : 9(lx2 : G(x1 , x2 , contact), X ), X )

9. Specific
relation:

A blue touches a red
9(lx1 : 9(lx2 : ^(^(= (x1 , blue, color), =
(x2 , red, color)), G(x1 , x2 , contact)), X ), X )

Some pieces are stacked
9(lx1 : 9(lx2 : ^(^(^(^(^(=
10.Complex: (x1 , upright, orientation), = (x1 , yes, grounded)), =
(x2 , upright, orientation)), = (x2 , no, grounded)), =
(x1 , x2 , xpos), G(x1 , x2 , contact)), X ), X )

Procedure Participants were given an “alien planet” cover
story in which their task was to establish why some sets
of cones emit strange new forms of radiation. Participants
were orientated toward the features relevant to the experiment
though examples of five forms of radiation that had already
been discovered (as in Figure 1). They then completed 10
test problems corresponding to the rules in Table 2 in random
order.
Each problem had a learning phase, and a prediction phase.
In the learning phase, participants were shown an initial
scene that did follow the rule (shown in Table 2) and were
then allowed to perform 7 additional tests on scenes of their
own construction. Participants created their own scenes using a construction interface (illustrated in Figure 3a) in which
they could add cones using a set of buttons, remove them with
a right-click on them and move them around by holding leftclick on them. They would then click a “test” button and the
interface would calculate whether the scene followed the rule,
and if so displayed emitted radiation, visualized as gold stars
rising from the scene. A record of the current problems’ sequence of tests and their outcomes was displayed at the top of
the window with gold stars indicating which of these scenes
had emitted radiation (see Figure 3b). In the prediction phase,
participants were asked to make predictions about which of 8
new cases would emit radiation by selecting at least 1 and
less than 8 of the scenes (Figure 3c). The prediction scenes
were selected from a large set generated by sequential addi-
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There is a red
All are the same size
Nothing is upright
One is blue
There is a small blue
All are blue or small
A red is bigger than all non reds
Some touch
A blue and a red touch
One is stacked on another
0.00

0.25

0.50

0.75

Accuracy
Ground truth

Rule
following

Not rule
following

Figure 4: Generalization accuracy by question type and ground
truth. Errorbars show bootstrapped SE.

tion of random cones using the construction interface. Four
rule-following and four non-rule-following scenes were selected at random for each problem and shared across participants, but their on-screen position was randomized independently. Finally, participants provided a written description of
their best guess about the hidden rule which we do not analyze here.

1/m to each of the production weights before renormalizing
these weights within each group of productions for the same
symbol (i.e., within each row of Table 1). We then resampled
10,000 candidate rules using the fitted hypothesis space for
all 10 problems. The full set of fitted parameters is available
on https://github.com/neilbramley/discovery. Most
are not substantially different from uniform but there was evidence of preferential use of the color property in participants’
rules over the other features: [color=.32, size=.14, orientation=.10, grounded = .10, x-position=.11, y-position=.11].
We hypothesized that the IDG would benefit from the scenes’
natural statistics by sampling uniformly across cones so did
not attempt to fit its stochastic elements but gave it the same
feature selection probabilities derived from the PCFG above.
We then used the IDG model to generate a separate set of
10,000 rules spread equally across the positive trials experienced by each participant on each trial. For each prediction phase, we generated posteriors for both models by subsampling only those hypotheses consistent with all eight outcomes the participant experienced during the learning phase.
We then gave each model a single decision noise parameter
t controlling a soft maximization over the averaged predictions of the surviving rules. For both models, the probability
P(s) pt that scene s is rule-following on trial t based on data
generated by participant p is thus given by
P(s) pt =

Results and discussion
We first compare participants predictions across different
rules before fitting our PCFG and IDG learning models.
Participants correctly predicted the labels of 66 ± 21%
(M±SD) of the 8 test scenes, correctly labeling negative instances more often than positive instances (76 ± 27% compared to 57 ± 32% t(29) = 4.4, p < .001, Figure 4). Accuracy
differed between rules as shown by repeated measures analysis F(9, 261) = 5.5, h2g = .14, p < .001. While substantially
below 100%, participants predictions’ did correspond with
the ground truth were significantly above the chance level of
50% (with a corrected p<.005 level) for all rules except 3.
“Nothing is upright”, 4. “There is exactly 1 blue”, and 6. “All
are blue or small”.
The lowest performance was on disjunctive rule 6. “All are
blue or small” replicating the classic finding that people struggle to learn disjunctive rules (Shepard, Hovland, & Jenkins,
1961).

Quantitative comparison of PCFG and IDG
We now compare participants predictions to a PCFG and a
IDG learning model as well as a random Baseline model. We
first drew 50,000 samples from our PCFG with uniform production weights. We then used participants generalizations to
fit the production weights to the empirical frequencies in the
human data. To do this, we gave every production an initial
weight of 1. We then took the set of m rules consistent with
each participant’s rule-following scenes in the first two phases
(active learning and test phase, Figure 3a and b), and added

1
Â r(Xs )
|R||d pt | r2R||d

(1)

pt

where R||d pt is the subset of the initial set of rules consistent
with data d pt and r(Xs ) is the application of the rule to cones
Xs , outputting 1 if they follow the rule or 0 otherwise. The
probability participant p selects s is thus a soft maximization
over these probabilities
P(choose pt = s) =

eP(s) pt /t
eP(s) pt /t + e(1 P(s) pt )/t

(2)

where t ! 0 indicates hard maximization over P(s), while
t ! • indicates random responding. We fit t for both models
using maximum likelihood and compared against a Baseline
model that treats each prediction as a coin flip. The results,
detailed in Table 3, show that IDG provides a quantitatively
better fit to participants patterns than PCFG, both in terms of
fitting more participants individually, and in terms of having
the lowest overall BIC value. However a small majority of
individual participants were better fit by the Baseline random
selection model. The PCFG was slightly more accurate than
IDG at at matching the ground truth (72% compared to 70%)
but the moderate accuracy of both models even with large
samples highlights the difficulty of the learning task.
Since we hypothesized that IDG would be more effective
for bounded learners who are limited in the number of samples they can store and evaluate, we also compared the models restricting them to smaller number of initial samples, contrasting performance with 1, 10, 100 and 1000 samples. For
IDG these samples were evenly spread across the positive
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Table 3: Model Fits to Participants’ Predictions
Model

LogL

BIC

t

Baseline
PCFG
IDG

-1663
-1594
-1539

3327
3195
3085

•
1.54
1.01

ES

N/30

Acc

352
610

17
3
10

0.500
0.722
0.702

Note: ES = effective samples: the average number of hypotheses remaining at the
generalization phase. N/30 = number of particiants best fit.

cases encountered by the learner on each problem. Figure 5
shows the results of these tests. IDG retains a larger number
of effective hypotheses by the end of the task than PCFG for
an equivalent initial sample size, and this results in more accurate predictions in the task for 1, 10, and 100 samples. IDG
described participants better (i.e., smaller BIC) than PCFG
and Baseline for 10, 100, and 1000 samples, while for a single sample, the parameter free Baseline fit best. Participant
accuracy was closest to the 1000 sample variants of the models.
a) Surviving hypotheses
60

40

b) Accuracy

c) BIC
●
●

●
●

Baseline

●

PCFG

●

IDG

0.65

●

●
●
●

●
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is to try to adapt hypotheses to account for new data as it
arrives (Bramley, Dayan, Griffiths, & Lagnado, 2017; Dasgupta, Schulz, & Gershman, 2016; Trabasso & Bower, 1975).
For example, Lewis et al. (2014) explored an error driven hypothesis adaptation mechanism that augments a hypothesis
with a new disjunction whenever it is ruled out due to a false
negative — e.g., “there is a green cone or a red cone” —
and with a new conjunction whenever it is ruled out through
a false positive — e.g., “there is a large green cone” (see
also Nosofsky, Palmeri, & McKinley, 1994, for a related
rule+exception approach). These are examples of a class of
rule learning algorithm called sequential covering (Michalski,
1969) in which a model is expanded with a new component
to cover every new encountered case. Going forward we plan
to augment our the IDG proposal with rules for adapting hypotheses by considering small edits to their logical form as
data arrives. In this way we hope to better capture the computational tricks by which human learners maintain a useful
set of candidate hypotheses during learning, and so learn successfully even in infinite hypothesis spaces.
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Figure 5: Small sample performance of PCFG and IDG.

While IDG beat the PCFG model, neither provided a tight
fit to the participants predictions within the rule-following
and non-rule-following test scenes. One possibility is that
this variance stems from perceptual ambiguities in evaluating
the hypotheses on some of these scenes.

General Discussion
This paper contrasted two proposals about how people generate hypotheses about concepts. We found support for the
idea that people learn in a partly instance driven way as described by our Instance Driven Generator.
Space constraints prohibited analysis of participants testing
choices, but we expect these to provide an additional window on concept learning. To the extent that positive examples inspire hypotheses, we expect learners to benefit from
“minimal” positive examples over more complex cases that
maximize information. The idea that participants’ hypotheses mirror positive examples could help explain positive testing biases (Klayman & Ha, 1987). We note also that we do
not solve the problem of identifying relevant features.

From instance driven generation to instance driven
adaptation
While generating hypotheses inspired by observations is a
good start for a bounded concept learner, most precise hypotheses still do not have a long life expectancy in the face
of new data. Thus a natural partner to the IDG approach
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Abstract

Learning a language involves learning how to map specific
forms onto their associated meanings. Such mappings can
utilise arbitrariness and non-arbitrariness, yet, our
understanding of how these two systems operate at different
stages of vocabulary development is still not fully understood.
The Sound-Symbolism Bootstrapping Hypothesis (SSBH)
proposes that sound-symbolism is essential for word learning
to commence, but empirical evidence of exactly how soundsymbolism influences language learning is still sparse. It may
be the case that sound-symbolism supports acquisition of
categories of meaning, or that it enables acquisition of
individualized word meanings. In two Experiments where
participants learned form-meaning mappings from either
sound-symbolic or arbitrary languages, we demonstrate the
changing roles of sound-symbolism and arbitrariness for
different vocabulary sizes, showing that sound-symbolism
provides an advantage for learning of broad categories, which
may then transfer to support learning individual words,
whereas an arbitrary language impedes acquisition of
categories of sound to meaning.
Keywords:
Sound-symbolism,
Language
Vocabulary development, Word learning

learning,

Introduction
Words are a fundamental unit of human language, enabling
the representation of specific meanings through the
production of a discrete signal. But what determines how a
particular word form should come to represent a specific
meaning?
Such a question has been the topic of debate for many
years, with Plato (390-370BCE/1971) questioning whether
names themselves can be meaningful, or are just simply used
to signify meaning. Some researchers have posited that any
relationship between form and meaning is by necessity
arbitrary (de Saussure, 1916; Hockett, 1960). Yet, more
contemporary schools of thought have challenged such a
view, putting forward substantial evidence that demonstrates
non-arbitrariness is a fundamental part of human language
(Dingemanse, et al. 2015; Monaghan et al., 2014; Perniss,
Thompson & Vigliocco, 2010). Often referred to as soundsymbolism, this non-arbitrariness has been proposed to be
crucial for language learners, as they can exploit the
association between form and meaning, allowing the learner
to ground their communicative system and bootstrap their
way into language (Imai & Kita, 2014).
Consider a scenario where somebody is trying to
communicate the meaning of ‘dog’ to an infant. The

phonological sounds comprising the English word form dog
offer very little information about the intended referent – it is
an arbitrary mapping. In contrast, using a sound-symbolic
form, such as woof, where the sound of the dog itself is
iconically imitated, carries within the form itself referential
information about what the intended meaning of the utterance
is. Thus, the use of sound-symbolic forms, could function to
aid the learning of specific form-meaning mappings, but also
to allow the infant to begin to understand that word forms
actually refer to things in the world around them (Spector &
Maurer, 2009).
Recent evidence from corpus analyses has provided further
support for the claim that sound-symbolism plays an
important role in early language acquisition (Laing, 2014;
Monaghan et al, 2014; Perry, Perlman & Lupyan, 2015).
Such studies have demonstrated that non-arbitrariness is
found predominately in the words acquired earliest in
vocabulary development, suggesting that these types of
words have a privileged status within the vocabulary, and
potentially indicate that sound-symbolism is essential for the
process of language acquisition.
Experimental studies have also contributed to the evidence
that sound-symbolism benefits learning. Such studies have
demonstrated how learning of adjectives (Nygaard, Cook &
Namy, 2009), verbs (Kanartzis, Imai & Kita, 2011; Imai et
al., 2008) and nouns (Maurer, Pathan & Mondloch, 2006;
Nielsen & Rendall, 2012), are all boosted when the formmeaning mapping is sound-symbolically congruent.
However, the experimental designs implemented in these
studies tend to only test learning of categorical distinctions,
i.e. where the meanings are semantically distinct from one
another, as was the case in Köhler’s (1947) classic bouba/kiki
experiment, or occur in antonymic pairs. So, any claims
relating to the benefits of sound-symbolism for vocabulary
acquisition rather than categorisation, i.e., where word
meanings are not drawn from the same category, are not
necessarily supported.
Addressing this issue, Monaghan, Mattock, and Walker
(2012) designed an experiment that assessed whether soundsymbolic mappings could aid not only learning of categorical
distinctions, but also individuated meanings. Participants had
to learn 16 form-meaning mappings that were either soundsymbolically congruent or incongruent for two different trial
types – where the meanings were distinct from one another
(categorical learning) and where the meanings were closely
related (individual word learning), see Figure 1. Their results
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Figure 1. Example of categorical learning trial, where the two
meaning are drawn from different categories (angular/round) and
individual word learning, where the two meanings are from the
same category (round/round).

showed a benefit for sound-symbolism for categorical
learning trials, consistent with previous reports, but no
benefit when participants had to identify meanings drawn
from within the same category, i.e. individual word learning.
This indicated that sound-symbolism may only be beneficial
for more broad learning purposes.
But does the same apply for early language acquisition?
The Sound-Symbolism Bootstrapping Hypothesis (SSBH)
(Imai & Kita, 2014), claims that sound-symbolism should
benefit word learning at the earliest stages of vocabulary
development. In a computational model of learning by Gasser
(2004), the size of the vocabulary was shown to determine
whether a sound-symbolic or an arbitrary system was optimal
for learning. Consistent with the SSBH, sound-symbolism
was shown to be beneficial when the vocabulary size was
small, but arbitrariness was preferred for a larger vocabulary
size.
Indeed, the importance of arbitrariness in language has
been highlighted in a series of corpus, computational and
behavioural studies by Monaghan, Christiansen, and Fitneva
(2011). They reported that when form-meaning mappings are
arbitrary, the learner will benefit from the ability to
individuate meanings from one another, by reducing
ambiguity in expression. Take for example the words cog and
dog, although phonologically similar they are semantically
quite distinct, and so unlikely to occur in similar contexts,
whereas dog and wolf are semantically related, but
phonologically distinct. Thus, in an arbitrary system with a
large vocabulary size, individual meanings can be learnt and
communicated much more efficiently than a fully soundsymbolic system by maximising the distinctiveness of
context and phonological form.
Importantly however, Monaghan et al.’s (2011) arbitrary
advantage was only observed when there was a contextual
cue present. Only when there was a systematic cue that
occurred with the word form, such as a marker word that
identified the syntactic category of the word meaning (e.g.
noun/verb), would learning outperform a sound-symbolic
language. Such contextual cues have been found to occur in
natural language in the form of statistical regularities, where
words from the same grammatical category share certain
phonological properties, which has been shown to aid word
learning and processing (Farmer, Christiansen & Monaghan,
2006; Monaghan, Christiansen & Chater, 2007).

Further support for the changing role of sound-symbolism
came from Brand, Monaghan and Walker (2017), who
modified the experimental design of Monaghan et al. (2012)
to investigate whether manipulating the vocabulary size in
the experiment would reveal a learning advantage for sound-symbolic mappings for individual word learning, and
indeed, that is what they found. Confirming Gasser’s (2004)
computational modelling predictions, congruent soundsymbolism facilitated learning of individual words over
incongruent mappings, but only when the vocabulary size
was small. When it was large, only categorical learning but
not individual word learning was found to benefit from
congruent sound-symbolism. This indicated a division of
labor for the role of sound-symbolism in the structure of the
vocabulary – operating early on in acquisition to help
bootstrap the acquisition of individual vocabulary items, but
then as the vocabulary grows, functioning to aid the learning
of broader categories in the language.
However, in these artificial language learning studies,
mappings that are either congruent or incongruent with
sound-symbolism are typically the only mappings tested.
Thus, tests of the SSBH are required to compare a fully
sound-symbolic language to a fully arbitrary language. Here,
we present two experimental studies that build on Brand et
al.’s (2017) paper, by assessing how learning of individual
meanings and categories of words differs in languages that
adopt i) an entirely sound-symbolic system and ii) an entirely
arbitrary system, within three different vocabulary sizes –
small, medium and large. This will allow for a direct
comparison to be made between the two systems and offer an
insight into how vocabulary size influences the way the
languages are learnt.
Moreover, this approach will allow us to re-examine the
extent to which previously reported claims about soundsymbolism and categorisation hold up when compared to a
fully arbitrary condition. This will address concerns that the
salient distinction present in the meanings (i.e. angular and
rounded shapes), is in fact driving the categorisation effects
found for sound-symbolism. Likewise, we can also
investigate the effects of arbitrariness on word learning, by
testing whether the increased distinctiveness in the sound
space, which should make identification of the referent more
efficient, provides a learning advantage over soundsymbolism when the vocabulary size is large.
We first hypothesise that sound-symbolism will promote
the learning of categories within the language - more so than
arbitrariness - across all vocabulary sizes, confirming the
results from congruent and incongruent sound-symbolism
mappings. Second, these studies enable a more specific
version of the SSBH to be specified – whether bootstrapping
into language from sound-symbolism occurs from initially
supporting categorisation then vocabulary acquisition, or
whether vocabulary acquisition precedes category learning,
or whether individual vocabulary items are benefited by the
systematicity of the language. Finally, we predict that as the
vocabulary size grows, arbitrariness will provide a more
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suitable system for learning individual words, consistent with
Gasser’s (2004) results.

Experiment 1: Sound Symbolic Language
Method
Participants
Seventy-two participants took part in the experiment (48
female), with 24 assigned to each vocabulary size condition.
Participants were undergraduate students from Lancaster
University, with a mean age of 19.4 years (SD = 1.57, range
18-26). It was not required that participants spoke English as
their first language (English first language speakers: n = 50),
but all participants spoke English competently.
Materials
The same visual and auditory stimuli were used in the
present experiment as those used in Brand et al. (2017) and
Monaghan et al. (2012). This comprised an inventory of 16
visually presented shapes (8 angular and 8 rounded) and 16
auditorily presented non-words (all monosyllabic and had a
CVC structure, with 8 non-words generated using plosive
consonants and 8 using continuant consonants.
Each of the non-words was reliably mapped to one of the
shapes. Using these mappings, we generated 3 different
artificial languages, each of which differed in the number of
mappings it used. This was either a small vocabulary (8
mappings), medium (12 mappings) or large (16 mappings),
all with an equal number of angular and rounded shapes,
drawn from the inventory of 16 shapes and non-words.
Critically, in the present experiment all form-meaning
mappings were presented to reflect only a congruent sound
symbolic relationship (unlike Brand et al. (2017) where a
mixture of congruent and incongruent mappings was used).
This meant that all sounds with continuant consonants were
mapped exclusively to rounded shapes, likewise all sounds
with plosive consonants were mapped exclusively to angular
shapes. Which shape the sound was mapped to during the
experiment was randomly selected from the set of
rounded/angular shapes.
Procedure
A cross-situational learning paradigm was used during the
experiment, where two of the visual stimuli would appear on
the screen per trial, accompanied by one of the auditory
stimuli, which reliably mapped onto one of the presented
shapes throughout the experiment. After hearing the word,
participants had to choose which image they believed the
word was referring to, by pressing ‘1’ for the image on the
left, or ‘2’ for the image on the right.
Each mapping was presented 4 times throughout the
experiment, over the course of 4 blocks. Trials were designed
to assess two distinct learning scenarios: learning of broad
categories (by presenting two images that differed in their
shape, such as one rounded and one angular), or learning of
individuated meanings (by presenting two images from
within the same shape category, such as two angular shapes),
see Figure 1 for an example of each trial type.

Figure 2. Proportion of correct responses for categorical and
individual word learning trials for Experiment 1. Error bars show
SEM. *** p < .001. Dotted line shows 50% chance level

Performance was measured online throughout the
experiment, with participants responding accurately when
they chose the image the sound was being reliably mapped
to. No feedback was given at any point during the
experiment.

Results and discussion
A series of generalized linear mixed-effects models
(glmer) were performed on the data, predicting the dependent
variable of response accuracy (correct or incorrect). The
models were built up incrementally, adding in fixed effects
and performing likelihood ratio tests after the addition of each
new fixed effect term (following Barr, Levy, Scheepers &
Tily, 2013). Random effects of participant and sound stimuli
were included in all reported analyses.
The inclusion of the block effect significantly improved
model fit (χ2(1) = 136.36, p < .001), indicating that accuracy
increased significantly over the course of the experiment.
Further analyses using one-sample t-tests showed that for all
experimental conditions, performance was significantly
above the 50% chance level at the last block of the
experiment. The inclusion of vocabulary size did not
significantly improve model fit (χ2(2) = 2.570, p = .278),
indicating that there were no significant differences in
accuracy for the different vocabulary size conditions. There
was a significant improvement to model fit when presentation
type (category or individual word learning) was added, (χ2(1)
= 500.930, p < .001), indicating that accuracy was
significantly higher for categorical than individual word
learning trials.
Finally, the inclusion of the interaction term vocabulary
size x presentation type significantly improved model fit
(χ2(4) = 17.529, p = .002). In line with our first hypothesis,
there was a significant change in accuracy for different
vocabulary sizes as the presentation type (categorical or
individual) varied. Additional analyses on the separate
vocabulary size conditions, revealed that this difference
between categorical and individual word learning was
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present in all three vocabulary sizes but increased in the
larger vocabularies (small: χ2(1) = 73.394, p <.001; medium:
χ2(1) = 137.73, p <.001; and large: χ2(1) = 310.94, p <.001),
with no interaction with the effect of block (all p’s > .05), see
Figure 2 for results.
The results presented in this experiment demonstrate a
clear advantage for learning to distinguish between distinct
categories, when the language comprised only soundsymbolic mappings. This is consistent with previous reports
that suggest sound-symbolism, facilitates the learning of
broad categorical boundaries (Farmer et al., 2006; Monaghan
et al., 2011, 2012).
Figure 3. Mean ratings for presentation of auditory stimuli
designed to incorporate either rounded or angular phonetic
characteristics (Experiment 1) and when there is no intended
relationship (Experiment 2). Positive values represent preference
for rounded shapes, negative values represent preference for
angular shapes. Error bars show SEM. *** p<.001.

Experiment 2: Arbitrary Language
Method
Participants
Seventy-two participants took part in the experiment (45
female), with 24 assigned to each vocabulary size condition.
Participants were undergraduate students from Lancaster
University, with a mean age of 19.2 years (SD = 2.13, range
18-27). It was not required that participants spoke English as
their first language (English first language speakers: n = 45),
but all participants spoke English competently.
Materials
The same set of 16 angular/rounded shapes that were used
in Experiment 1 were used as the visual stimuli for the present
experiment. For the auditory stimuli however, a new set of 16
non-words were created. This was done in order to remove
any possible relationship between sound and meaning, be it
congruent or incongruent. To achieve this, we first generated
a new inventory of auditory non-words. Thirty monosyllabic
CVC non-words were recorded by the same native English
speaker who recorded the auditory stimuli for Experiment 1.
The non-words in this inventory were created using
consonants from a set including plosives (/g/, /d/, /p/),
continuants (/m/, /n/, /l/) and fricatives (/f/, /v/, /s/), with
contrasting consonants being used for each word (i.e. a
plosive would be used in onset position, but only a continuant
or fricative would be used in coda position). Additionally,
one of five vowels (/ʌ/, /ɛ/, /i/, /ɒ/, /a/) was used in the nonword, with a total of 30 non-words generated, all of which
were intended to have no dominant phonological property
associated with shape (in contrast to the stimuli used in
Experiment 1). To ensure that there were no differences
between the acoustic properties of the recorded sounds, the
properties of intensity, fundamental frequency (pitch), first,
second and third formants were normalized using Praat
(Boersma & Weenink, 2015), this was consistent with the
properties of the auditory stimuli used in Experiment 1.
Data were then collected from a short norming
questionnaire, where 22 additional Lancaster University
undergraduate participants were presented with the auditory
non-words over a pair of headphones, along with a 7-point
Likert scale anchored at each end by rounded and angular
shapes. Participants heard all 30 of the newly generated nonwords, in addition to the 16 non-words presented during

Experiment 1, allowing us to make a comparison between the
two sets of stimuli.
Participants were asked to rate each of the sounds based on
how strong they felt it corresponded to either the rounded or
angular shapes. This was done by selecting ‘0’ for no
correspondence, ‘1’ for a weak correspondence, ‘2’ for a
slightly strong correspondence or ‘3’ for a strong
correspondence. Based on the mean ratings for the newly
generated non-words, the 16 rated closest to 0 were selected.
To assess whether non-words were rated differently from
each other, the 16 new non-words were compared to both the
plosive (angular) and continuant (rounded) non-words used
in Experiment 1. We ran mixed-effects models with sound
category (angular/rounded/no relationship) as a fixed effect,
and questionnaire response as the dependent variable. The
addition of sound category to the model significantly
improved the fit (χ2(2) = 23.634, p < .001), with a significant
difference between angular and rounded sounds (estimate =
.73, t = 4.882, p < .001) and angular and no relationship
sounds (estimate = .72, t = 5.550, p < .001), however there
was no significant difference between the rounded and no
relationship sounds (estimate = .01, t = .088, p <.931), see
Figure 3 for results. This final set of 16 non-words were then
mapped randomly to one of the 16 rounded or angular shapes.
Procedure
The procedure was identical to that of Experiment 1.

Results and discussion
Following the same analysis as used in Experiment 1, a
sequence of glmer models were fitted to our data to predict
response accuracy. The inclusion of block significantly
improved model fit (χ2(1) = 58.336, p <.001), indicating that
over the course of the experiment, participants were
improving the accuracy of their responses. Further analyses
using one-sample t-tests showed that for all experimental
conditions, performance was significantly above the 50%
chance level at the last block of the experiment. The inclusion
of vocabulary size did not significantly improve model fit
(χ2(2) = 3.917, p <.141), indicating that there were no
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all vocabulary sizes (small: χ2(1) = 4.13, p = .042; medium:
χ2(1) = 26.85, p < .001; large: χ2(1) = 24.35, p < .001),
indicating that accuracy was higher for the fully soundsymbolic condition, when compared to the arbitrary
condition. See Figure 5 for results.
In the analyses on the individual word learning trials, the
inclusion of experimental condition did not significantly
improve model fit for the small or large vocabulary sizes
(both p’s > .05), indicating that there was no difference in
accuracy between the fully congruent and arbitrary
conditions. However, there was a significant improvement to
model fit for the medium vocabulary size (χ2(1) = 6.75, p
= .009), indicating that accuracy was higher for the fully
congruent condition, when compared to the arbitrary
condition. See Figure 5 for results.

General Discussion

Figure 4. Proportion of correct responses for categorical and
individual word learning trials for Experiment 2. Error bars show
SEM. ** p < .01. Dotted line shows 50% chance level

significant differences in overall accuracy across vocabulary
size conditions. The inclusion of presentation type
(categorical/individual) significantly improved model fit
(χ2(1) = 23.520, p < .001), indicating that accuracy on
categorical trials was higher than individual learning trials.
This was the case for each of the three vocabulary size
conditions, with small, medium and large conditions showing
significantly higher accuracy for categorical trials (small:
χ2(1) = 7.740, p < .005; medium: χ2(1) = 8.572, p < .003; and
large: χ2(1) = 8.167, p < .004), see Figure 4 for results).
However, we did not find a significant improvement to model
fit when the interaction term vocabulary size x presentation
type was added (χ2(4) = 4.520, p = .340), indicating that as
vocabulary size varied, the differences in accuracy for
categorical and individual learning trials were stable.

Across Experiment Comparison
The presence of the two-way interaction between
vocabulary size and presentation type in the first experiment
but not the second experiment suggests that the SSBH may
apply to learning by promoting both categorisation and
individual word learning in the initial small vocabulary, but
being beneficial primarily for categorisation as the
vocabulary size increases. In contrast, the arbitrary language
shows no relative change in categorisation and individuation
as the vocabulary grows. In order to examine the results of
the two experiments together, we conducted further analyses
on a combined version of both datasets, using glmer. The
addition of experiment as a fixed effect revealed a significant
improvement to model fit (χ2(2) = 30.66, p < .001), with
accuracy in the fully congruent condition being significantly
greater than the arbitrary condition. Furthermore, the addition
of the three-way interaction between vocabulary size x
presentation type x experimental condition also significantly
improved model fit (χ2(8) = 22.16, p = .005). In follow up
analyses on the categorical trials, the inclusion of
experimental condition significantly improved model fit for

We conducted two novel experiments that examined the
role of sound-symbolic and arbitrary languages for different
sizes of vocabulary, to mimic different stages of language
learning. We implemented a design that allows us to
investigate whether these two types of form-meaning
mappings may be beneficial for learning individual
vocabulary items, or whether the source of the soundsymbolic advantage for language acquisition resides in
supporting sound-category mappings to be forged.
Furthermore, we have applied an experimental
methodology that examines a purely arbitrary set of formmeaning mappings, addressing issues concerning previously
reported effects of sound-symbolic and arbitrary mappings
being driven by congruent versus incongruent soundsymbolic comparisons. However, even when using this
entirely arbitrary set of form-meaning mappings, the key
effects reported in the previous literature are still found here.
Our results demonstrate a clear advantage for learning to
distinguish between categories when there is a soundsymbolic relationship present in the form-meaning mapping,
an effect that is significantly reduced in the arbitrary
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Figure 5. Proportion of correct responses for Experiment 1 (fully
congruent) and Experiment 2 (no relationship). Error bars show
SEM. Dotted line shows 50% chance level.

language. This further indicates that the observed effects of
sound-symbolism on category learning, presented here and in
other previous studies, was not simply an artefact of the
presence of a salient distinction between visual stimuli (in our
experiments, the distinction was two contrasting shape
categories, angular and rounded), because we observed a
dramatic difference in learning when the sound-symbolism
was present in the language compared to when it was not.
Furthermore, even though there were greater potential
distinctions available in the sound space of the arbitrary
language, which could make identification of the intended
mapping easier, we saw no advantage in learning when this
distinctiveness in sound was present. For smaller vocabulary
sizes, the distinctiveness would be even greater for the
arbitrary language, and yet there was no change in the
learning advantage with vocabulary size for this language.
Thus, the learning advantage is inherent in the mappings
between modalities, rather than within the structure of the
visual or the sound space.
Critically, we observed no effect of arbitrariness for
individual word learning, contrary to the results reported by
Gasser (2004). One possible explanation for this contrast
could come from Monaghan et al’s (2011) results, which
indicate that if there is to be an arbitrary advantage, then some
systematicity is necessary for the effect to be observed.
Future research could aim to assess the conditions under
which sound-symbolism and arbitrariness co-exist in formmeaning mappings to provide optimal division of labor as the
vocabulary develops and grows.
The results presented here are consistent with the SSBH:
sound-symbolism does improve learning. But our results
invite greater specificity for this hypothesis. We suggest that
sound-symbolism bootstraps language learning by initially
promoting categories of sound-meaning to be formed, which
can then precipitate vocabulary acquisition. Based on our
data, and on the results of other sound-symbolic language
learning studies, we cannot say for certain whether soundsymbolism is essential for language to be acquired, but we
have shown that it benefits the grounding of broad
distinctions in word forms to be linked to general referential
categories, thus extending our understanding of the
mechanisms involved in the acquisition of our first words,
both in first and second language acquisition.
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Abstract

Prior work suggests that young children consider others’
knowledge and expertise to decide from whom to learn. Do
children also consider how others came to know what they
know? Here we investigate young children’s sensitivity to the
process by which people have learned. In Exp.1, 3- to 6-yearolds preferentially sought help from an active learner, who had
figured out how to solve a problem by herself, over learners
who had learned through passive observation or direct instruction. Yet, this preference emerged only when the problem children needed to solve was related to the one the learners had
previously solved (i.e., when they thought the active learner’s
competence would be relevant). These findings suggest children inferred competence from the process of active learning,
but considered this competence to be constrained to a particular task rather than more broadly generalizeable. The results
of Exp.2 (3- to 7-year-olds) suggest that younger children’s
learner preference might be driven by more superficial cues related to active learning such as being alone and that a more
abstract understanding of the process of active learning might
develop with age.
Keywords: help-seeking; selective trust; active learning;
knowledge acquisition; problem-solving

Introduction
Children are selective social learners. Even very young children have mental models of what constitutes a knowledgeable informant and strategically choose from whom to learn
(Shafto, Eaves, Navarro, & Perfors, 2012) . For instance, children as young as 3 years preferentially learn from other people who are knowledgeable rather than ignorant, and the sophistication of their ability to identify trustworthy informants
develops across the preschool years (e.g., Birch, Vauthier, &
Bloom, 2008; Corriveau, Fusaro, & Harris, 2009; Einav &
Robinson, 2011; Koenig & Harris, 2005; Sabbagh & Baldwin, 2001, see Sobel & Kushnir, 2013 for a review).
Much of the research on children’s selective social learning
has focused on children’s ability to identify good teachers.
Collectively, this literature suggests that children are sensitive to the quality of information different teachers provide
and use it to identify who is more knowledgeable and helpful. However, learning involves more than receiving useful
information from others; it also involves acquiring the abilities to actively explore and gather information yourself. By
identifying good learners and learning from them, children
not only can learn about the world from others, but also how
to effectively learn about the world. Indeed, a good learner
offers a model of how to perform goal-directed actions that
generate useful evidence or how to ask questions that elicit
informative answers from others (Frazier, Gelman, Kaciroti,
Russell, & Lumeng, 2011; Markant & Gureckis, 2014; Mills,
Legare, Bills, & Mejias, 2010; Schulz & Bonawitz, 2007).

Similar to how knowledgeable teachers can be identified by
the quality of information they provide, competent learners
could be identified by the quality of their explorative actions
or questions, or by their ability to make novel discoveries on
their own. Prior work suggests that preschoolers are sensitive
to the effectiveness of learners’ inquiry strategies before being able to implement efficient strategies on their own. For
instance, children as young as 4 years are already able to
identify which agents ask the most informative questions, despite not being able to generate such questions on their own
(Ruggeri, Sim, & Xu, 2017). In this sense, identifying competent learners might be useful not only to identify who can
best help us learn new things, but also to serve as a stepping
stone to developing successful inquiry strategies ourselves.
Do young children recognize good, competent learners? In
this paper, we investigate the extent to which young children
infer competence based on the nature of others’ learning. In
particular, do children prefer to learn and seek help from active problem-solvers, and does this preference depend on the
kind of problem children themselves have to solve? In other
words, is the learner’s competence, inferred from her learning
process (i.e., figuring out a problem from her own independent exploration v. with help from another person), generalizable to other tasks or constrained to the tasks on which this
process was observed? We designed a study implementing
an experimental paradigm similar to that used in prior work
on selective trust. We presented children with multiple agents
and asked them to choose whom they wanted to ask for help.
But rather than contrasting informants who differed in knowledge, we presented children with learners who eventually acquired the same knowledge (i.e., how to activate a novel toy),
but differed in how they acquired this knowledge. Our critical question was from whom children would seek help when
given a problem that varied in its similarity to the one the
learners had figured out.

Experiment 1
In Experiment 1, children observed three learners: (1) the
Active learner who figured out how to activate a causal toy on
her own, (2) the Instructed learner who learned from another
person through direct instruction, and (3) the Passive learner
who learned by watching an active learner figure out the toy
on her own. Children were then given a causal toy to figure
out themselves, and the opportunity to seek help from one of
the three learners.
To examine whether children’s choice was influenced by
the similarity between the problem on which children needed
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Original

Similar
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Figure 1: Schematic of toys: The Original and Similar Toys
were the same shape and color, and both played music, but
the Similar Toy was more complex. The Different Toy was a
different shape, color, and texture; when activated, it lit up.
help and the problem the learners had previously solved, children were presented with three different toys: (1) the Original toy, identical to the one the learners’ had figured out, (2)
the Similar toy, which looked similar but was visually more
complex and seemed harder to figure out, and (3) the Different toy, which was visually and functionally dissimilar from
the Original and Similar toys, suggesting that it was part of
a different set of toys and thus likely worked in a different
way. Following prior work on children’s selective trust and
help-seeking, as well as that on children’s question selection,
we investigated children aged 3 to 6 years.

Methods
Participants We recruited 120 3-, 4-, 5-, and 6-year-olds
(n = 30 per age group; M(SD) = 60(14) months; 53% female) from local museums in Berlin, Germany. An additional
5 children were excluded from analysis because they refused
to seek help (n = 4) or due to experimental error (n = 1).
Materials The Original toy was a blue cardboard box with
a single row of 4 buttons (2 red, 2 black) alternating in color,
and a green push-switch. When activated, this toy played music. The Similar toy was the same color and shape as the
Original toy and had similar causal affordances; the only difference was that it had two rows of 4 buttons (red and black
alternating in color). When activated, this toy also played music. The Different toy looked different from the Original toy
and had additional causal affordances: It was made of a white
round box with a wicker texture with 4 black buttons, a row
of 4 different colored flip-switches, and a green push-switch.
When activated, an LED strip that was wrapped around the
toy lit up (see Figure 1). The toys were not actually functional, but surreptitiously activated by a remote control hidden from the child’s view.
Three videos were used to introduce the different learners. The actors were three Caucasian women with brown hair,
each wore a different colored t-shirt (blue, yellow, or red) and
was referred to by that color (e.g., “My friend Blue”). Each
actress always wore the same colored t-shirt, but the learner
each actress portrayed (Active, Instructed, or Passive) was
counterbalanced across children.

Procedure The experimenter told children about her
friends who had learned earlier that day how to activate a
toy. Children watched videos of the three different learners
(Active, Instructed, Passive) in a pseudo-randomized order,
on a tablet. All videos involved the Original toy and consisted of 4 phases: (1) Introduction, (2) Exploration, (3) First
Activation, and (4) Second Activation. The Introduction and
Second Activation were the same for all three learners, while
the Exploration and First Activation differed.
In the Introduction phase, the learner sat at a table behind
a black screen and lifted the Original toy from behind the
screen. She rotated it forward such that children could see
the top of the toy with the buttons and switch, while saying
“Look at this cool toy. I wonder how it works.” The learner
then placed the toy back behind the screen. In subsequent
phases, the toy remained behind the screen out of children’s
view; children could see whether someone was acting on the
toy, but not what those actions were.
The Exploration and First Activation phases differed by
learner. In the Active learner video, the Active learner apparently pushed buttons on the toy behind the screen. She
explored the toy for 5 seconds, said “Hmm” to herself (2 seconds), and then explored for another 5 seconds (Exploration).
Music then played, and the learner responded to this activation: “Aha! So, that is how this toy works!”, indicating that
she had discovered how to activate the toy (First Activation).
In the Instructed learner video, the Exploration phase was
the same as the Active learner video. In the First Activation
phase, however, a second actor wearing a grey t-shirt (henceforth the teacher) entered, made eye-contact with the learner,
and apparently pushed a particular combination of buttons on
the toy behind the screen. The music played, indicating that
the teacher had activated the toy. The Instructed learner said,
“Aha! So that is how this toy works!”, indicating that she had
learned from the teacher’s action how to make the toy go.
In the Passive learner video, the Exploration phase started
with the entrance of a second actress (black t-shirt, henceforth
the model learner). The model learner apparently pushed buttons on the toy behind the screen. She explored the toy (5 seconds), said “Hmm” to herself (2 seconds), and then further
explored the toy (5 seconds). The Passive learner watched
the model learner’s actions on the toy, but never interacted
with the toy. In the First Activation phase, the music played
from behind the screen, indicating that the model learner had
successfully figured out how to activate the toy. The Passive
learner said, “Aha! So that is how this toy works!”, indicating
that she had learned from the model learner’s action how to
make the toy go.
In the Second Activation phase (identical for all learners),
the learner successfully activated the toy by herself. This
phase made clear that all learners knew how to activate the
toy, regardless of how they learned the solution.
After watching the three videos, the experimenter brought
out the three toys, one at a time (order counterbalanced). For
each toy, the experimenter explicitly stated its relation to the
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toy the learners had interacted with in the videos. For the
Original toy, she said, “This is the same toy as the one in the
videos. Yellow, Red, and Blue have seen it before”; Similar
toy: “This toy is similar to the one in the videos, but it looks
more complicated. Yellow, Red, and Blue have never seen
it before.”; Different toy: “This toy is completely different
than the one in the videos. Yellow, Red, and Blue have never
seen it before.” Children were given 10 seconds to explore
the toy, but were unable to activate it. Then the experimenter
presented photos of the three learners on the tablet and said,
“Hmm, it’s hard, isn’t it? Maybe we should ask for help.
Whom do you want to ask for help?” Children responded by
tapping a photo on the tablet, which recorded their response.
The same procedure was repeated for the two remaining toys.
At the end, the experimenter showed children how to activate
the Different toy and gave them the opportunity to activate it.

Predictions and Results
By the end of the videos, all three learners knew how to activate the Original toy and did so successfully. Thus, in the
Original toy trial, we predicted children would have no preference for any of the learners because they each had the necessary knowledge to make that toy go. Only the Active learner
video, however, provided clear evidence that the learner was
capable of discovering the correct solution by herself. If children used the process of learning to guide their decisions
about from whom to seek help, they should prefer the Active learner over the other learners, but only when they think
her competence is likely to be helpful. Thus, we predicted
that children would show a preference for the Active learner
in the Similar toy trial, because this toy appears to be of the
same type as the Original toy but more complex. If children
think the Active learner’s competence for figuring out toys on
her own generalizes to all sorts of toys, then they might also
prefer to seek her help in the Different toy trial. However,
if they have inferred a more narrow competence specific to a
certain kind of toy (e.g., blue toys, or music toys), children
might again show no preference because they might not consider the active learner’s skills to be relevant.
We fit a MCMC generalized linear mixed model (GLMM)
predicting learner choice (Active, Instructed, Passive) with
fixed effects of toy trial (categorical, 3-levels: Original, Similar, Different) and age (continuous) with a random intercept
for subject.1 This model revealed a main effect of toy trial:
Children’s choice of learner for whom they wanted to ask for
help differed on the Similar toy trial compared to the Original
(β = −0.938, 95% CIs [-1.556, -0.345], p = .006), but not on
the Different toy trial compared to the Original (β = 0.069,
95% CIs [-0.540, 0.689], p = .814). Fitting this model again,
dummy coding the Similar toy as the baseline variable, revealed that children’s learner choice also differed on the Similar toy trial compared to the Different (β = 0.966, 95% CIs
[0.330, 1.562], p = .0008).
We further analyzed children’s choices by collapsing
1 This

model was run using the MCMCglmm package, version 2.25.

across age and conducting a series of chi-square goodness
of fit tests comparing learner choice on each toy trial against
chance (33%). As can be observed in Figure 2(a), children
had no preference for which learner to ask for help when presented with the Original toy (χ2 (2) = 2.45, p = .294) or the
Different toy (χ2 (2) = 2.15, p = .341). When presented with
the Similar toy, however, children selected the Active learner
more often than the other two (χ2 (2) = 18.6, p < .001).
The refactored MCMC GLMM model also showed a
marginal main effect of age (β = −0.218, 95% CIs [-0.451,
0.027], p = .074), providing suggestive evidence that children’s preference for the Active learner on the Similar toy
increased with age. To explore this potential age difference,
we performed a median age split (median age = 60 months)
and analyzed the younger (n = 60) and older (n = 60) children separately. For each age group, we fit a MCMC GLMM
predicting learner choice with a fixed effect of toy trial and
a random intercept for subject. These analyses revealed that
older children’s choice of learner differed on the Similar toy
trial compared to the Original (β = −1.147, 95% CIs [-2.080,
-0.309], p = .011) and Different (β = 1.118, 95% CIs [0.212,
2.092], p = .022). Younger children’s learner choice, however, did not significantly differ across toys, though there was
a trending difference between the Original and Similar toy trials (β = −0.803, 95% CIs [-1.688, -0.016], p = .066) and the
Similar and Different toy trials (β = 0.836, 95% CIs [-0.089,
1.735], p = .075). (See Figure 2(b).)

Discussion
These results suggest that children consider the process of
learning (i.e., active learning versus instruction or passive observation) as a relevant cue for deciding from whom to seek
help. Note that all learners knew how and were able to activate the Original toy. Indeed, when faced with a problem
identical to the one the learners had previously solved (the
Original toy), children showed no preference for any learner.
However, when faced with a novel problem, children’s choice
of learner showed a clear pattern: They preferred to seek help
from the Active learner on a harder, related problem (the Similar toy), but not on a more distant problem (the Different
toy). There is also suggestive evidence that children’s selective preference for the Active learner on the Similar toy might
increase with age.
Notably, children had no evidence that the Instructed or
Passive learners would have failed to solve the original problem. In fact, both learners were interrupted: the Passive
learner before she began exploring the toy, and the Instructed
learner during her exploration. It is possible that if left to
their own devices, they too would have figured out the toy
by themselves. Yet, children still preferred to seek help from
the Active learner; the only one for whom they had positive
evidence that she could figure out the toy via her own exploration.
The selectivity observed in children’s preference for the
Active learner suggests they did not just form a positive association with her or a negative association with the other learn-
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Figure 2: Experiment 1: Proportion of children who selected the Active, Instructed, or Passive learners as helpers for each
toy (Original, Similar, and Different) collapsed across age (a) and by age group (b). Dashed line represents chance, 33%.
Experiment 2: Proportion of children who selected the Active or Instructed learners as helpers for each toy collapsed across
age (c) and by age group (d). Dashed line represents chance, 50%. Error bars indicate 95% bootstrapped confidence intervals.
ers. Rather, children seemed to infer from the Active learner’s
successful exploration of the Original toy some kind of competence or knowledge that is helpful for completing particular
tasks but not others.

Materials All materials were identical to those used in Experiment 1, except that the Passive learner video was not used
and the Active learner video was replaced with a Modified
Active learner video.

Experiment 2

Procedure The procedure was identical to Experiment 1
except that children only saw two learner videos, the Modified Active learner and the Instructed learner videos (order
counterbalanced). The Modified Active learner video was
similar to the Active learner video used in Experiment 1, but
a second actress (henceforth the teacher) entered at the end of
the Exploration phase and looked at the learner, as if to offer help. The Active learner shook her head, suggesting that
she refused the help, and acted on the toy, successfully activating it as the teacher watched. Thus, both the (modified)
Active learner and the Instructed learner explored the toy for
the same amount of time, and were both offered help by the
teacher. The only difference was who eventually activated
the toy successfully for the first time: the Active learner in
the Modified Active learner video, and the teacher in the Instructed learner video.

Although results from Experiment 1 were consistent with our
hypothesis, they leave open an alternative possibility: Children could have attributed competence to the Active learner
simply because she was alone while learning, not because
she actively discovered the solution by herself. Being alone
makes it clear that the learner did not receive help; it also
suggests that no one else thought the learner needed help, because no one stepped in as they did for the Instructed and
Passive learners. Thus it is possible children thought the Active learner was more competent due to the absence of other
people in the video, rather than by virtue of the process of
learning itself.
We address this possibility in Experiment 2, introducing a
small change to the Active Learner video, where now another
person comes in and offers help to the learner. Because we
did not observe any differences in children’s preference for
the Passive versus the Instructed learner in Experiment 1, in
Experiment 2 we just compared the Active learner to the Instructed learner whose intention to explore and actions on the
toy are more closely matched to those of the Active learner.
Given the marginal effect of age we found in Experiment 1,
we recruited a broader age range (3- to 7-year-olds) to explore whether there is a developmental difference in the cues
(i.e., learning independently vs. being alone while learning)
children use to infer competency.

Methods
Participants We recruited 133 3- to 7-year-olds (M(SD) =
65(16) months; 47% female; planned sample is 150) from local museums in Berlin, Germany. An additional four children
were excluded from analysis because they refused to seek
help (n = 3) or due to distractions at the museum (n = 1).

Results and Discussion
We fit a mixed effects logistic regression model predicting
learner choice (Active vs. Instructed) with fixed effects of toy
trial (categorical, 3-levels: Original, Similar, Different) and
age (continuous) with a random intercept for subject.2 Unlike
Experiment 1, this model revealed no main effect of toy trial
(largest β = 0.0915, SE = 0.247, z = 0.370, p = .711) or of
age (β = −0.115, SE = 0.075, z = −1.543, p = .123).
As in Experiment 1, we performed a median age split (median age = 66 months) and ran an exploratory analysis fitting
a mixed effects logistic regression predicting learner choice
with the single fixed effect of toy and a random intercept
for subject, for each age-group separately (younger: n = 66;
older: n = 67). These analyses revealed no difference in
learner selected across toy trials for younger children (largest
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2 This

model was run using the lme4 package, version 1.1-15.
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β = 0.244, SE = 0.350, z = 0.697, p = .486) or older children
(largest β = 0.366, SE = 0.350, z = 1.045, p = .296).
Yet, as can be observed in Figure 2(d), the younger children appear to not have a preference for either learner across
toys, while older children seem to prefer the Active learner
on both the Original and Similar toys. A series of exploratory
binomial tests looking at children’s preference for the Active
learner within each toy trial and age group were in line with
this observation (two-tailed binomial tests, all ps> .1, except
older children on the Original toy: p = 0.086 and Similar toy:
p = .0498).
The analysis of our full sample from Experiment 2 suggests
that children’s preference for the Active learner in Experiment 1 may have been driven by the fact that this learner was
alone while learning and not necessarily that she figured out
the toy independently. However, our exploratory age analyses
from Experiments 1 and 2 suggest that preference for the Active learner is emerging between age 3 and 7. Older children
may indeed infer competence from the process of successful
active learning itself, while younger children appear to have
a weaker preference for the active learner and may be using
more superficial cues, such as being alone. Data collection
for Experiment 2 is ongoing, so we will see if the hint of a
developmental change we observed here holds.

General Discussion
Children are selective in whom they decide to learn and get
help from (e.g., Sobel & Kushnir, 2013). Building on past research exploring how children evaluate informants and teachers based on their knowledge, we find that young children are
also sensitive to the process by which people come to know
what they know. In Experiment 1, children differentiated a
learner who solved a problem through independent, active exploration from a learner who was taught by someone else or
watched someone else solve the same problem. In particular, they preferred to seek help from the Active learner on a
related, seemingly more complex problem. However, when
faced with a problem that was identical to or different from
the problem for which all learners knew the solution, children
showed no preference in whom they asked for help.
Why did children prefer the Active learner only when the
task they had to solve was similar to the one that the learner
was able to solve on her own? It is possible that children
attributed a competence for problem-solving to the learner,
and understood that it would likely apply to a near-transfer
problem (the Similar toy). Interestingly, children did not generalize this expectation to a far(ther)-transfer problem, where
the task was less related to the one that the Active learner was
able to solve (the Different toy). In this sense, children’s preference for the Active learner suggests that they did not just
form a positive or “warm glow” association with her. Rather,
children seemed to infer from the Active learner’s independent, successful exploration of the toy a specific competence
or knowledge constrained to a particular class of problems.
Defining the boundaries of a class of problems and decid-

ing when competence in one task is likely to transfer to another is challenging. In our experiments, the similarity between the toys was visually evident, but we would not necessarily expect children to preferentially seek help from the Active learner in domains where they struggle to assess the similarity between problems. Children were actually quite conservative in their willingness to extend the Active learner’s competence. The ability to solve one mechanical toy might very
well reflect a knack for solving mechanical toys in general,
but children did not prefer the Active learner on the Different
toy. In another sense, this conservatism seems justified given
that children have only seen the Active learner figure out one
toy, and they do not have any evidence that the Instructed and
Passive learners are incapable of figuring out toys on their
own.
Our findings also begin to shed light on what components
of the active learning process children are using to assess the
learner’s competency. All learners knew how to activate the
Original toy, so their preference for the Active learner likely
comes from the process by which she arrived at this knowledge state and not from her declarative knowledge of how to
make the toy play music. Furthermore, children’s preference
for the Active learner cannot purely be attributed to her experience directly interacting with the toy, since the Instructed
learner also had such direct experience. Nor is it solely dependent on observing a pattern of actions that eventually led
to successfully activating the toy, since the Passive learner
observed the model learner’s successful exploration. We can
thus be more confident that this preference is due to the actual
process of effective active learning (i.e., the ability to generate interventions that eventually led to successful activation),
and not other factors shared with learning from others.
In Experiment 2, we began to decompose the cues that
could have led children to consider the Active learner more
competent than the Instructed and Passive learners – namely
the fact that she was the only learner alone while learning.
Children did not prefer an Active learner for whom a teacher
stepped in and offered help to an Instructed learner who was
taught how to make the toy go. Exploratory analyses, however, suggested that older children but not younger children
may prefer the Active learner’s help even when she is not
alone while learning. These findings suggest that being alone
while learning contributed to children’s evaluation of the Active learner’s competence in Experiment 1, though older children may also be able to infer competence from the process
of active learning itself.
In both experiments, we found insignificant but suggestive
evidence that older and younger children were performing
differently. Older children seem to have a stronger preference for the active learner (Experiment 1), and be better able
to infer competence from the actual process and effectiveness
of a learner’s exploration, rather than from simpler cues such
as being alone (Experiment 2). It is important to note that
learning alone is correlated with active learning, and if someone learns alone you can be more confident that they actually
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figured out the problem on their own. In fact, a preference
for a learner who is learning alone may be a stepping stone to
drawing more sophisticated inferences about what successful
active learning implies. We are cautious to draw conclusions
about developmental differences at this time. Replicating and
extending this work will be critical to identify the cues children rely on when inferring a learner’s competence and how
these cues might be changing in early childhood.
Moving forward, we also plan to further interrogate the inferences children are drawing about the Active learner. We
interpret children’s preference for the Active learner’s help as
reflecting an attribution of competence, but what the exact nature of this competence might be remains unclear. Children
consider this competence to be bounded but do they think the
Active learner just knows more about this particular class of
toys or do they really think she knows more about how to
solve this class of toys? Manipulating the process by which
the Active learner explores the toy and seeing how this affects
children’s help-seeking would begin to answer these questions. For example, would children prefer an active learner
who deliberately figured out the toy to an active learner who
stumbled upon the correct activation sequence?
Similarly, our experiments only investigate whom children
select to learn from, but it remains an open question what
exactly they want to learn. If children could see the actual
actions different learners took on the toy, would they choose
to imitate certain learners over others? We know that toddlers
exert different amounts of effort to achieve a goal depending
on how much effort an adult exerts (Leonard, Lee, & Schulz,
2017), and preschoolers imitate intentional agents more faithfully than agents who act accidentally (Buchsbaum, Gopnik, Griffiths, & Shafto, 2011). It thus seems plausible that
children would also selectively imitate the actions of certain learners depending on the competence inferred from their
learning process.
Our work begins to provide insights into children’s internal models of good learners. The current investigation focused on one quality of good learners: the ability to effectively query their environment. But competent learners also
effectively query other people. Children can identify people
who ask good questions (Ruggeri et al., 2017), would they
also prefer to seek their help? It is also possible that children’s
understanding of what makes a good learner is mediated by
the learning they see modeled and encouraged within their
community and culture (Legare & Harris, 2016).
Here, we find preliminary evidence that children are sensitive to the benefits of active learning and selectively use it as
a cue to identify helpers with abilities relevant for the task at
hand. Even if two people have the same knowledge content,
children can differentiate between them based on the learning
process by which they have acquired this knowledge and consider some processes to reflect more competence than others.
Even in childhood we understand that how you know, not just
what you know, matters.
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Abstract
Enumeration of canonical patterns (e.g., faces of six-sided
dice) has generally been characterized by researchers as a
holistic process, in which all items are perceived collectively.
In previous work, based on a holistic processing view of enumeration by pattern recognition, we predicted that enumeration of canonical forms would not be significantly affected by
attentional load. In this paper, we present the results from two
experiments designed to test this prediction using a dividedattention paradigm. In contrast to our predictions, enumeration
of canonical patterns was disrupted by attentional load. Furthermore, enumeration of patterns under high attentional load
showed evidence of conflation between patterns with similar
contours, providing evidence against a holistic processing account of canonical pattern recognition.
Keywords: numerosity judgment; subitizing; enumeration; attention; pattern recognition; canonical patterns

Introduction
The processes underlying subitizing, the rapid and accurate
enumeration of small numbers (≤4) of objects (Kaufman,
Lord, Reese, & Volkmann, 1949), have long been a subject
of contention. One longstanding question involves what role
pattern recognition plays in subitizing. Ample evidence exists demonstrating that regular, common (often called canonical) arrangements of objects are enumerated more rapidly
and accurately compared to arbitrary arrangements (Mandler
& Shebo, 1982; Wender & Rothkegel, 2000). For example,
patterns such as those found on six-sided dice are enumerated
quickly (under 200–250 ms) and with little error (Wender
& Rothkegel, 2000; Jansen et al., 2014). As canonical patterns hold processing advantages over non-canonical patterns,
and enumeration of previously unfamiliar patterns can be improved with repeated exposure (Wolters, Van Kempen, & Wijlhuizen, 1987), the ability to leverage a pattern recognition
process in numerosity judgment is uncontroversial. However,
some researchers contend that not only does pattern recognition account for enumeration performance of canonical patterns, but that it may be the process underlying subitizing in
general (Peterson & Simon, 2000; Logan & Zbrodoff, 2003;
Krajcsi, Szabó, & Mórocz, 2013).
Because of the minimal reaction time increase per item
and stable enumeration accuracy within the subitizing range,
subitizing has long been thought of as involving a rapid process in which all items are perceived collectively. In other
words, this view contends that enumeration in the subitizing
range is a holistic process. To provide an explanatory account of subitizing as a holistic process, some have pointed

to pre-attentive mechanisms of the object-tracking system
(OTS) (Trick, 1992), while others have pointed to the approximate number system (ANS) and the accurate estimation
of small quantities as an explanation (Dehaene & Changeux,
1993). However, researchers have recently demonstrated
that increased attentional load is able to disrupt subitizing performance of non-canonical patterns, arguing against
a holistic processing account of general subitizing (Railo,
Koivisto, Revonsuo, & Hannula, 2008; Olivers & Watson,
2008; Egeth, Leonard, & Palomares, 2008; Vetter, Butterworth, & Bahrami, 2008; Burr, Turi, & Anobile, 2010).
Enumeration of canonical patterns has generally been conceptualized as a holistic process by both experimentalists
(Mandler & Shebo, 1982; Krajcsi et al., 2013) and computational modelers (Peterson & Simon, 2000; Logan & Zbrodoff,
2003). Yet, enumeration of canonical patterns under conditions of divided-attention has not currently been investigated.
If enumeration of canonical patterns was shown to be robust
under conditions of attentional load, it would provide evidence against pattern recognition as a general mechanism underlying subitizing. In previous work (Briggs, Bridewell, &
Bello, 2017), we presented a computational model of subitizing that accounted for enumeration accuracy of non-canonical
arrangements of dots in the divided-attention task used by
Railo and colleagues (2008). Additionally, we made the prediction, based on the holistic processing view, that enumeration of canonical forms in the same task would not be significantly affected by attentional load.
In this paper, we present the results from two experiments
designed to test this prediction. However, in contrast to
the predictions made in Briggs and colleagues (2017), enumeration of canonical patterns was disrupted by attentional
load. Furthermore, analysis of the distribution of responses
under higher attentional load showed evidence of conflation
between patterns with similar contours, providing evidence
against a holistic processing account of canonical pattern
recognition.

Enumeration and Attention
In order to investigate enumeration of canonical patterns in
the context of attentional constraints, we adapted the dualtask paradigm presented by Railo and colleagues (2008). In
their study, subjects had two potential tasks: (A) report which
of the vertical or horizontal axes of a centrally located cross

1408

∗ NRC

Postdoctoral Fellow

was longer and (B) report the number of dots randomly clustered in a quadrant outside the central cross (see Figure 1).
Initially, subjects viewed and responded to a few trials in
which only the cross appeared (task A only). Then in a critical trial, in which a peripheral dot cluster appeared for the first
time (and subjects were unaware of the enumeration task),
they were asked whether or not they noticed anything other
than the cross. If so, subjects were then asked how many other
objects they saw. After this critical trial, subjects then performed trials in two counterbalanced blocks on videos containing both a cross and a peripheral cluster of dots. In one
block, subjects were asked to perform both task A and B, and
in the other, subjects were asked only to enumerate (task B
only). Thus, trials could be grouped into three attentional
conditions vis-á-vis enumeration: (1) the inattention condition, consisting of the critical trial; (2) the divided attention
condition; and (3) the full attention condition.
Railo and colleagues (2008) found that in the inattention
condition, in the absence of awareness of the enumeration
task, subjects were only able to accurately enumerate 1-2
dots. They also found that enumeration accuracy in the divided attention condition was significantly lower than in the
full attention condition, and significant accuracy decreases
began within the subitizing range. That subitizing appears interruptable is evidence against what we have deemed a holistic account, in which information from multiple items are integrated effectively simultaneously. However, as mentioned
previously, the clusters of dots used by Railo and colleagues
(2008) were explicitly non-canonical. How canonical forms
would be enumerated in similar conditions would depend on
the process underlying pattern recognition.

Enumerating Canonical Forms
Two main accounts of enumeration by pattern recognition
have been put forth: (1) the holistic processing model, and
(2) the outline detection model (Krajcsi et al., 2013). Below
we illustrate the numerosity judgment predicted by each account for the canonical, dice-pattern arrangement of five dots.

“five”

“four”
In the holistic processing account (top), all the items contribute to a numerosity judgment. The outline detection
model (bottom), however, does not consider dots within the
contour defined by the arrangement. As such, the outline detection model would predict that people conflate dice-pattern
arrangements of five and six dots with four, and dice-pattern
arrangements of three dots with two. Intuitively, there is a
clear sense in which the holistic processing model is right
and the outline detection model is wrong. Anyone who has
played a board game can attest that reading the results of his
or her dice rolls does not appear to be an error-prone, slow, or

otherwise effortful process. Empirical results from enumeration studies also corroborate this intuition (Mandler & Shebo,
1982; Wender & Rothkegel, 2000; Krajcsi et al., 2013; Jansen
et al., 2014).
However, rejecting the outline detection model and accepting the holistic processing model as defined above does
not necessarily help us predict enumeration performance of
canonical patterns under conditions of attentional load. These
models are purely high-level, functional accounts that make
no claims about the time-course or interruptability of processing. The question remains: does enumeration of patterns involve integrating information in a rapid and uninterruptable
manner (akin to a special, more accurate, case of ANS estimation), or is it a rapid, but interruptable process of integrating information (like general subitizing)? The data in this
regard are less clear, which we discuss below.

Pattern Recognition Under Attentional Load
Computational implementations of the holistic processing
model of enumeration by pattern recognition have generally
assumed simultaneous integration of information from all objects to be enumerated (Peterson & Simon, 2000; Logan &
Zbrodoff, 2003). However, the data on the time course of enumeration of canonical patterns are mixed. Mandler and Shebo
(1982) report negligible reaction time differences for canonical patterns up to five, whereas other studies have shown statistically significant (if slight) reaction time increases for enumerating dice-pattern arrangements of more than four dots
(Wender & Rothkegel, 2000). One study shows that when
subjects are given very brief (< 30 ms) presentations of structured patterns, either arranged linearly or as vertices of regular polygons, enumeration accuracy suffers more when items
are arranged linearly (Allen & McGeorge, 2008), indicating
that some outline-based conflation may be occurring. Allen
and McGeorge (2011) also showed that expert subjects (in
their case, air traffic controllers) enumerate structured patterns more accurately than novices, but do so at a time cost.
Thus, while recognition of canonical patterns may be holistic
in the sense of “counting” every item, the integration of the
information from all items may not be instantaneous. Enumeration by pattern recognition may be interruptable. In the
following section, we present the results of an experiment designed to interrupt it, if possible.

Experiment 1: Randomized vs. Dice Patterns
The aim of Experiment 1 was two-fold. First, we sought
to replicate the results from Railo and colleagues (2008) for
randomized, non-canonical arrangements using subjects recruited on the Amazon Mechanical Turk platform (Paolacci,
Chandler, & Ipeirotis, 2010). Because viewing conditions for
subjects recruited online could not be as tightly controlled,
we needed to assess the viability of conducting such experiments. The second aim of the study was to investigate the
effects of attentional load on enumeration of canonical patterns.
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Figure 1: Time course of dual-task videos (left). Examples of dot arrangements used in each pattern category (right).

To achieve these goals, we replicated the task from Railo
and colleagues (2008) with two dot arrangement conditions.
One was a randomized arrangement condition, which served
as a control and basis for replication. The second was a
dice pattern condition, in which all peripheral clusters of dots
were arranged canonically. The right side of Figure 1 illustrates examples of randomized and dice patterns for each numerosity probed. For the purposes of this study, we were concerned with the divided and full attention trials for each subject, yielding a 2x2 mixed factorial design. Comparisons of
arrangement type would be between subjects, whereas comparisons between attentional conditions were within-subjects.
Under the simultaneous processing interpretation of holistic pattern recognition, we predicted that neither attentional
load nor numerosity should significantly affect enumeration
accuracy for subjects given dice pattern arrangements (Briggs
et al., 2017). This stands in contrast with the effects found
for randomized arrangements by Railo and colleagues (2008),
where both enumeration accuracy generally decreased as the
number of peripheral dots increased, and decreased significantly for larger numbers in divided attention trials relative to
full attention trials.

Method
Participants: Seventy-two subjects volunteered through the
Amazon Mechanical Turk platform. Participants were evenly
distributed between the randomized arrangement and dice
pattern conditions. The task was configured to be unavailable
to users on mobile platforms to ensure appropriate viewing
size of task videos.
Stimuli: The left side of Figure 1 illustrates the time course
of the dual-task. First, a small fixation cross appears in the
center of a circular viewing area for 1.3 seconds. The task
stimulus, consisting of the centrally-located cross and the
peripherally-located cluster of dots, then appears for 200ms.
A masker then appears and remains on the screen while

the subject responds to the task questions. In each video,
the dimensions of the viewing area and task objects were
designed to replicate the stimuli from Experiment 2 from
Railo and colleagues (2008) as closely as possible, given the
inability to control the viewing hardware of each subject. All
pixel dimensions were calculated based on an assumption
of 100 pixels per inch (ppi) using the metrical information
specified by Railo and colleagues (2008). For dice patterns
with vertical or horizontal asymmetry (i.e., two and three),
both mirrored variants were generated.
Design and Procedure: After completing six cross-only trials, subjects then completed two blocks corresponding to
each attentional condition. Each block consisted of nine trials
and was preceded by an updated set of instructions. The order of these blocks was counterbalanced; half of the subjects
within each arrangement condition received the full attention
first, while the other half received the divided attention block
first. Each peripheral cluster numerosity was presented within
each block at least once (three numerosities presented once,
three presented twice). The order and frequency of presentation for each numerosity were randomized. The quadrant
of the viewing area that the peripheral cluster would appear
in was also randomized (appearing with equal probability in
each quadrant). When subjects were asked to report perceived
numerosity of the peripheral dots, they were given the option
to select values ranging from one to six in a drop-down menu.
Subjects were also asked how confident they were in their responses (from 1 = very unsure to 5 = very sure).

Results
Randomized Patterns Analysis of the data from subjects
in the randomized arrangement condition showed successful
replication of the key effects found by Railo and colleagues
(2008). Enumeration accuracy in each condition is graphed
in Figure 2. Friedman tests of enumeration accuracy showed
significant effects of numerosity in both the divided attention
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Figure 2: Accuracy of numerosity judgment in divided and
full attention conditions for randomized arrangements (blue)
and dice pattern dot arrangements (red). Error bars indicate
standard error.

trials (χ2 = 88.66, d f = 5, p < .001), and the full attention
trials (χ2 = 81.51, d f = 5, p < .001).
Wilcoxon tests between adjacent numerosities indicated
significant differences in enumeration accuracy during the
divided attention trials between three and four (p = .001)
and five and six (p = .008).† Within the full attention conditions, enumeration accuracy also decreased as numerosities increased, though there was only a marginally significant difference between four and five (p = .030). Two-tailed
Z-proportion tests were used to compare enumeration accuracies for numerosities between attentional or arrangement
conditions. Enumeration accuracy in the divided attention
trials were significantly lower than in full attention trials for
numerosities four (Z = −2.54, p = .011), five (Z = −2.24,
p = .025), and six (Z = −2.85, p = .004).
As with the original study (Railo et al., 2008), performance
on the cross task in the divided attention trials was above
chance (69% correct) and was not correlated with enumeration accuracy (Spearman’s rho, ρ = −.06, p = .739), indicating that subjects were dividing attention between the cross
and enumeration tasks.
Dice Patterns Contrary to our original predictions, we
found that enumeration accuracy of dice patterns was affected
by both numerosity and attentional condition. Friedman tests
showed significant effects of numerosity in both the divided
attention trials (χ2 = 86.38, d f = 5, p < .001) and full attention trials (χ2 = 58.24, d f = 5, p < .001).
Wilcoxon tests between adjacent numerosities indicated
significant differences in enumeration accuracy during the divided attention trials between one and two (p = .004), two
and three (p < .001), three and four (p = .009), and four and
† Acceptance

level set at p = .025.

five (p < .001). Within the full attention condition, significant differences were found between two and three, three and
four (p < .001), and four and five (p = .002). Enumeration
accuracy was also lower in the divided attention trials relative
to the full attention trials for numerosities four (Z = −3.12,
p = .002), five (Z = −3.71, p < .001), and six (Z = −2.88,
p = .004).
Unlike in the randomized arrangement conditions, mean
enumeration accuracy did not monotonically decrease.
Rather, enumeration accuracy for three was lower for dice
patterns relative to randomized patterns for both divided attention (Z = 3.11, p = .002) and full attention trials (Z =
3.34, p < .001). Conversely, enumeration accuracy for four
was higher for dice patterns for both divided attention (Z =
−2.67, p = .008) and full attention trials (Z = −3.26, p =
.001). Performance on the cross task in the divided attention trials was above chance (72% correct) and was not correlated with enumeration accuracy (Spearman’s rho, ρ = −.23,
p = .181).
Response Distribution Not only did the data show attentional effects on enumeration accuracy for dice pattern arrangements, but the pattern of responses was consistent with
subjects relying on shape/outline information to guide numerosity judgments, especially in the case of high attentional
load. The fact that dice patterns of three were enumerated less
accurately than random arrangements of three dots is suggestive of this, as randomly arranged patterns of three dots are
much more likely to form triangles rather than a linear arrangement. Likewise, the square shape of the dice arrangement of four dots may generate a stronger shape/outline cue
than a random arrangement of four dots. To illustrate this pattern of response further, we present a chart of the most common response for each numerosity in each arrangement and
attentional condition below (response frequency in parentheses).
Actual Number:
Mode Response
Random-DivAtt.
Mode Response
Random-FullAtt.
Mode Response
Dice-DivAtt.
Mode Response
Dice-FullAtt.

1
1
(.89)
1
(.98)
1
(.86)
1
(.96)

2
2
(.94)
2
(.96)
2
(1.0)
2
(.93)

3
3
(.71)
3
(.85)
2
(.53)
3
(.56)

4
3
(.47)
4
(.68)
4
(.69)
4
(.93)

5
3
(.36)
5
(.47)
4
(.33)
5
(.60)

6
4
(.46)
5
(.45)
4
(.53)
6
(.46)

In the divided attention trials for dice patterns, not only is
three confused with two, but five and six appear to be frequently confused for four. This is consistent with predictions
made by the outline detection model of enumeration by pattern recognition. One possible interpretation of these results
is that subjects are first focusing on shape/outline cues, then
attempting to disambiguate similar patterns by subsequently
focusing on uniquely identifying sub-regions. However, with
the limited amount of time to enumerate (especially in the divided attention trials), this second step is not achieved. These
results are consistent with the findings from Allen and McGeorge (2008), who found evidence for conflation of linearly
arranged patterns. It is worth noting that Allen and McGeorge
(2008) used patterns located in the center of a subject’s field
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of view, which would argue against this effect being simply
an artifact of eccentricity.

Experiment 2: Regular Polygon Arrangements

0.8

Percent correct

The aim of Experiment 2 was to further investigate the relationship between outline detection and enumeration of canonical patterns. We presented subjects with patterns with no
internal or linearly arranged dots. If people are relying on
shape/outline cues to provide information about numerosity,
then conflation between patterns should not be as frequent if
the elements of the pattern all resided on the pattern’s contour. For example, enumeration accuracy for patterns of three
dots in this experiment should not suffer in the same manner
as three dots arranged in the traditional dice pattern.

Stimuli, Design, and Procedure: The stimuli and procedure
were the same as in Experiment 1 with the exception of the
arrangement of the peripheral dot clusters. Instead of randomized or dice pattern arrangements, dots were arranged to
appear as the vertices of regular polygons (see Figure 1).

Results
Like the previous experiment, performance on the cross task
in the divided attention trials was above chance (66% correct)
and was not correlated with enumeration accuracy (Spearman’s rho, ρ = −.05, p = .784). Mean enumeration accuracy for polygon arrangements is found in Figure 3. Friedman tests indicate significant effects of numerosity in both
the divided attention (χ2 = 44.91, d f = 5, p < .001) and full
attention trials (χ2 = 59.53, d f = 5, p < .001). Wilcoxon
tests between numerosities indicate only a marginal decrease
in accuracy between four and five in the divided attention trials (p = .046), and a significant decrease in accuracy between
four and five in the full attention trials (p < .001). Enumeration accuracy in the divided attention trials was only significantly lower than in the full attention trials for numerosities
three (Z = −2.34, p = .020), four (Z = −3.78, p < .001), and
six (Z = −2.11, p = .035).
Below we present the most frequent responses for each numerosity.
Actual Number:
Mode Response
Polygon-DivAtt.
Mode Response
Polygon-FullAtt.

1
1
(.91)
1
(.98)

2
2
(.81)
2
(.91)

3
3
(.69)
3
(.88)

4
4
(.59)
4
(.91)

5
5
(.40)
5
(.52)

6
5
(.33)
6
(.48)

Unlike with the dice patterns in the first experiment, there
does not appear to be any systematic confusion between patterns of different numerosities. The enumeration accuracy of
three dots in the polygon arrangement condition does not suffer like the dice pattern condition, and is in fact more consistent with the enumeration accuracies of randomized arrangements. Enumeration accuracy for numerosities one to four

0.6
0.4
0.2
0.0

Method
Participants: Thirty-four subjects volunteered through the
Amazon Mechanical Turk platform. As in Experiment 1, the
task was unavailable to users on mobile platforms.

Enumeration Accuracy

1.0

Divided Att. (Polygon)
Full Att. (Polygon)
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3

4

Number of dots
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6

Figure 3: Accuracy of numerosity judgment in divided and
full attention conditions for regular polygon arrangements.
Error bars indicate standard error.

in the full attention trials exhibits the behavior we originally
predicted for pattern recognition (i.e., no significant performance decrease over different canonical forms). Overall, this
is consistent with our predictions based on initial focus on
shape/outline cues. Interestingly, though, there still appears
to be a significant processing limit of four items in the full
attention case. Whether this is due to relative unfamiliarity of
pentagon and hexagon shapes in an enumeration context (e.g.,
Resnick, Verdine, Golinkoff, & Hirsh-Pasek, 2016), or some
deeper capacity-limitation, requires further investigation (e.g.
Trick, 1992).

General Discussion
The results from our two experiments demonstrate that enumeration of canonical patterns requires attention. More
specifically, enumeration of canonical patterns requires sufficient time to integrate information from all items within a
patterned arrangement. This may be indicative of the need to
deploy attention sequentially: first to establish a set of possible responses consistent with the gist of the arrangement,
then to focus on subregions that would disambiguate between
the multiple possibilities. Regardless, these findings stand in
stark contrast with the predictions made by holistic processing accounts of enumeration by pattern recognition and warrant further work in a variety of directions.
One direction would be establishing whether or not the initial gist of a pattern is solely based on the shape/outline. Despite the evidence that items along the outlines of clusters
strongly affect initial senses of numerosity, we cannot completely eliminate the possibility that information from interior
items is also being integrated. Some holistic models of pattern recognition are based on calculating similarity between
arrangements (e.g., Logan & Zbrodoff, 2003), and patterns
that share contours are likely to be rated as having high sim-
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iliarity. Additionally, visual items in the interior or along the
contours of patterns may be weighted less due to effects such
as crowding (Valsecchi, Toscani, & Gegenfurtner, 2013), further contributing to ambiguity even in the case of holistic processing.
One intriguing implication of our findings concerns how
knowledge of the numerosity of novel patterns is acquired.
If enumeration by pattern recognition is not immediate and
holistic, then learning novel patterns may not be simply a
matter of learning associations between static arrangements
of dots and numbers. Rather, learning to enumerate novel
patterns is a matter of learning how to strategically deploy
attention to uniquely identify particular arrangements. For
instance, in the case of learning complex patterns over a series of repeated sessions (e.g., Wolters et al., 1987), subjects
may be learning to attend to particularly informative subregions of patterns. Based on this view, we would expect that
perturbing items in these informative subregions would affect
enumeration performance more than in other subregions.
Finally, these findings complicate the larger question of
pattern recognition’s role in subitizing. Instead of cleanly
dissociating pattern recognition from general subitizing by
showing that enumeration of canonical forms is uninterruptable, we found that it was interruptable. Moreover, not only
is it interruptable, but it exhibits similar behavioral patterns
as models of subitizing that involve rapid serial deployment
of attention (Briggs et al., 2017). This blurs the line between object-tracking system and pattern recognition based
accounts of subitizing. For example, it is difficult to tease out
whether people are rapidly focusing on four individual items,
or whether they are noticing a triangle arrangement, plus an
extra item.
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Abstract
What factors affect whether learners adopt a new problemsolving strategy? Potential factors include learners’
evaluations of alternative strategies and the degree of similarity
between their existing strategy and the alternatives. A first step
in answering this question is investigating how people evaluate
strategies. This exploratory study investigated how people
evaluate strategies for solving algebraic word problems, and
how these evaluations vary as function of individual
differences. Undergraduates rated three strategies on six
dimensions and judged each pair of strategies for similarity.
Factor analysis showed that evaluations could be reduced to
two constructs: efficiency and intuitiveness. We calculated
factor scores for each participant for each strategy. Efficiency
did not predict similarity ratings on its own, but it did interact
with Need for Cognition. These results suggest stable learner
characteristics and moment-to-moment evaluations of
strategies influence judgments about strategy similarity.
Keywords: strategy change; problem solving; instruction

Introduction
Why do people shift from using one problem-solving strategy
to using another? Explaining why people change their minds
is fundamental for theories of learning (Siegler, 2000). One
factor that has been shown to promote strategy change is
exposure to alternative strategies (e.g., Booth, Lange,
Koedinger & Newton, 2013; Brown & Alibali, 2018; Fyfe &
Rittle-Johnson, 2016), a common occurrence in classrooms.
Thus, understanding how exposure to alternatives leads to
strategy change is also relevant for educational practice.
Past research has focused on two broad classes of factors
in explaining patterns of strategy change. Some studies have
focused on characteristics of the learners, such as their level
of ability or achievement within the target domain (e.g.,
Torbeyns, DeSmedt, Ghesquiere & Verschaffel, 2009), their
encoding of problem features (e.g., Siegler, 1976), or their
confidence in their existing strategies (e.g., Brown & Alibali,
2018). Other studies have focused on features of the context
in which a new strategy is presented, such as whether the
context is more abstract or more situated (e.g., Bassok &
Holyoak, 1989), or whether the strategy is associated with a
specific person. For example, Riggs, Alibali, and Kalish
(2015; 2017) presented middle-school students and adults
with a novel strategy for solving a specific type of algebraic
problems. For some of the participants, the novel strategy was
introduced as tied to a specific person (e.g. “Molly’s

strategy”), and for others, it was not. Both middle-school
students and adults were more likely to use the novel strategy
when it was not tied to a specific person.
Past work demonstrates that the likelihood of strategy
change depends on characteristics of the learners and on the
way in which alternative strategies are presented. In this
research, we consider an additional factor: how learners
perceive the novel strategies to which they are exposed. We
suggest that learners’ evaluations of particular strategies also
influence their likelihood of strategy change. More
specifically, we expect that the degree to which learners view
a novel strategy as a good alternative to their current
approach affects how likely they are to adopt that novel
strategy. From this perspective, it is important to understand
how learners evaluate different strategies, and to determine
the features or dimensions that people use to distinguish
“good” strategies from “bad” strategies.
Past research provides some limited information about the
dimensions that people consider when evaluating strategies.
For example, in a previous pilot study, we asked child
participants to explain their ratings of how “smart” various
strategies were (for a partial analysis of these data, see Alibali
& Prather, 2007). We found that participants invoked a range
of dimensions, including the accuracy of the strategy, the
difficulty of applying the strategy, and the overall “goodness”
or appropriateness of the strategy. Other past research has
shown that adults tend to prefer strategies that they view as
efficient (e.g., Walsh & Anderson, 2009). In the present
study, we considered a range of dimensions along which
people could evaluate strategies.
It is also of interest to understand whether participants view
strategies as “similar” to one another. Participants may be
more willing to adopt a strategy that they view as largely
similar to one they are currently using, and less willing to
adopt a strategy that they view as “far out” or unusual. Thus,
in addition to evaluations of individual strategies, we also
sought information about how similar participants viewed
pairs of strategies.

Constant Change Problems
We address these issues in the domain of constant change
problems, which are algebraic problems in which a rate
changes constantly from the beginning to the end of an
interval of time or space, as in the following example:
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Fuel is pumped into the fuel tank of an airplane for a
period of 13 minutes. The rate at which it is pumped
increases steadily over the interval from 30 gallons per
minute to 186 gallons per minute. How many gallons are
pumped into the tank over the 13-minute interval?

Petty, 1982). We expected that mathematics ability might
influence participants’ understanding of the target strategies,
and NfC might influence their evaluations of features of the
strategies such as complexity. Some research also suggests
that NfC is related to participants’ willingness to adopt new
strategies (Menendez, Brown & Alibali, 2017).

These problems are well-suited for studying strategy change
because there are multiple strategies that can be used to find
the correct answer. In this study we focused on three
strategies, the Discrete, Gauss, and Area strategies.
For the problem shown above, the Discrete strategy
involves finding the constant by which the rate changes
minute to minute, using this constant to calculate the number
of gallons pumped into the tank in each minute, and adding
these numbers together. We refer to this strategy as the
Discrete strategy because it treats the change in rate as
occurring in discrete increments. The Discrete strategy is the
most common strategy used to solve constant change
problems by college undergraduates (Riggs et al., 2015).
Although it yields the correct answer when implemented
correctly, it is error prone and time consuming.
The Gauss strategy involves adding the initial and final rate
and multiplying the sum by half of the time period (e.g.,
𝟏𝟑
(𝟑𝟎 + 𝟏𝟖𝟔) × ). This strategy is less common than the
𝟐
discrete strategy, but it is an efficient and accurate way to
solve constant change problems.
The Area strategy involves creating a geometric model of
the problem (see Figure 1) and finding its area using either an
algebraic formula (i.e., for the area of trapezoid) or using
integration. Spontaneous use of this strategy is rare among
college students. Although this strategy yields the correct
answer, it may be perceived as complex because it involves
drawing a model of the problem. The Area strategy may also
be viewed as less intuitive because the link between the area
of a diagram and the amount of fuel pumped into the tank
may not be readily apparent to all learners.

Current Study
In brief, the goal of this exploratory study was to investigate
how people evaluate different strategies. This study is a first
step in determining how people’s perceptions of strategies
influence strategy change. We presented participants with
constant change problems and introduced each of the
strategies described above. Participants were asked to rate
each strategy along six dimensions: goodness, commonness,
complexity, length, easiness to remember, and intuitiveness.
Finally, participants were asked to judge how similar or
different the target strategies were from one another.
Our first goal was to determine whether these six
dimensions could be consolidated into a smaller number of
factors. If this were the case, the resulting factor structure
could give insight into the dimensions that participants find
relevant when evaluating strategies. A second goal was to
investigate potential relations between these factor scores and
similarity ratings. Are strategies that differ more in their
factor scores rated as more different from one another than
strategies that are more similar in factor scores? Finally, we
examined whether this relation changed as a function of
individual differences in NfC and mathematics ability.

Method
Participants
Participants were 32 undergraduate students (20 female, 12
male) from a large Midwestern university; they received
extra credit in Introductory Psychology in exchange for
participation. The sample was 66% Caucasian, 25% Asian or
Asian-American, 6% Native American or Pacific Islander,
and 3% Hispanic or Latinx. Undergraduates completed the
study individually in a laboratory setting and provided
written consent at the outset of the session.

Materials

Figure 1. Sample drawing for the Area strategy.

Individual Differences
Past research has suggested that individual differences in
ability and experience influence people’s strategy choices.
These factors may influence strategy choice by affecting
strategy evaluations. In this research, we examine whether
patterns of strategy evaluations and similarity judgements
vary as a function of participants’ mathematics ability and
their inclination to engage in effortful cognitive activities,
termed their Need for Cognition (hereafter, NfC, Cacioppo &

In the first part of the experiment, each participant was
presented with two constant change problems. For each
problem, participants saw worked examples of three different
strategies, one at a time. For each strategy, participants made
six different ratings. Thus, this part of the computerized
survey included a total of 36 rating questions.
Each strategy was presented on its own page. For each
strategy, participants were asked to rate how good, common,
complicated, and easy to remember the strategy was. In
addition, participants rated how long it would take to
implement the strategy and the degree to which the strategy
made sense. All ratings were made on a continuous slider
scale from 1 (e.g., not at all) to 5 (e.g., very much). No other
anchors were given.
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Table 1. Mean ratings (and SD) for each strategy. For each column values with different subscripts indicate
significant differences. Across rows, subscripts have no meaning.

Discrete
Gauss
Area

Goodness

Makes sense

Commonness

Complexity

3.79 (0.88) a
2.70 (1.10) b
2.94 (1.04) b

3.94 (0.75) a
2.80 (1.09) b
3.08 (1.03) b

3.55 (0.88) a
2.75 (1.00) b
2.28 (1.02) c

2.89 (0.89) a
2.27 (0.86) b
2.60 (1.00) a,b

To minimize demands, participants first completed the
ratings for all three strategies for the first constant change
problem, before moving to the next problem. The order in
which participants saw the first and the second problem was
counterbalanced. Within problems, the order in which the
strategies were presented was randomized for each
participant and was independent of the order on the previous
problem. The order of the rating questions was fixed for all
problems, strategies and participants.
After rating each strategy for each of the two problems,
participants were asked to explicitly compare the strategies.
We used the same two problems and strategy descriptions as
in the strategy rating section of the survey. For this section,
one strategy was presented on the left and one on the right.
Participants rated similarity on a continuous slider scale that
ranged from 1 (not similar at all) to 5 (very similar). Each
comparison was presented on its own page and participants
were not allowed to go back after leaving a page.
For the similarity ratings, the order in which the problems
were presented was counterbalanced and participants had to
complete all comparisons before moving to the next problem.
The three comparisons were: Discrete vs. Gauss, Area vs.
Discrete, and Gauss vs. Area. The order in which the strategy
comparisons were presented was randomized and the order
for the second problem did not depend on the first.
Participants also reported demographic information,
including SAT/ACT math scores, and completed a NfC scale
(Cacioppo & Petty, 1982). We transformed SAT/ACT scores
into percentile scores for analysis, using records from 2015
(when most participants would have taken the tests).

Procedure
Students participated in this study individually. They first
completed the computer-based survey that requested strategy
ratings and comparisons, and they then reported demographic
information and competed the NfC scale. The study took
approximately 30 minutes to complete.

Results
Strategy Ratings
Each participant was asked to rate each of three strategies on
six dimensions: how good the strategy is, how much sense
the strategy makes, how common the strategy is, how easy
the strategy is to remember, and how long it takes to use the

Easiness to
remember
3.41 (0.83) a
3.54 (1.03) a
3.37 (0.94) a

Length
3.25 (0.88) a
2.19 (0.91) b
2.67 (0.79) c

strategy. We conducted a series of linear mixed effects
models to examine differences in strategy ratings. We used
non-orthogonal contrasts for strategy type and re-centered
appropriately to evaluate all strategy comparisons. Average
ratings for each of the strategies on each of the dimensions
can be seen in Table 1.
We first considered participants’ ratings of how good each
strategy was. On average, participants rated the Discrete
strategy as better than both the Gauss strategy, B = -1.09, F(1,
30.59) = 12.62, p < .01 and the Area strategy, B = -0.82, F(1,
32.05) = 8.95, p < .01. Participants rated the Gauss strategy
and the Area strategy similarly, B = 0.26, F(1, 30.66) = 0.86,
p = .36. Thus, participants viewed Area and Gauss as equally
good, but viewed both as significantly worse than Discrete.
Next, we considered participants’ ratings of how much
sense each strategy made. On average, participants rated the
Discrete strategy higher than the Gauss strategy, B = -1.13,
F(1, 31.03) = 15.30, p < .001, and higher than the Area
strategy on this dimension, B = -0.82, F(1, 38.02) = 16.00, p
< .001. Participants’ ratings of Gauss and Area were
comparable, B = 0.31, F(1, 32.45) = 1.37, p = .25. Thus,
participants thought that the Discrete strategy made more
sense than either of the other strategies.
Third, we considered participants’ ratings of how common
the strategies were. On average, participants rated the
Discrete strategy as more common than both Gauss, B = 0.81, F(1, 32.18) = 9.04, p < .01, and Area, B = -1.26, F(1,
34.36) = 23.87, p < .001. Participants also rated Gauss as
more common than Area, B = -0.5, F(1, 30.84) = 4.25, p <
.05. In sum, participants viewed the Discrete strategy as the
most common, the Area strategy as the least common, and
the Gauss strategy as in between.
Next, we considered participants’ ratings of complexity.
Participants rated the Discrete strategy as more complex than
Gauss, B = -0.59, F(1, 30.93) = 6.03, p = .02, but no different
in complexity than Area, B = -0.31, F(1, 32.27) = 1.67, p =
.21. Participants rated Area and Gauss as similarly complex,
B = 0.28, F(1, 32.79) = 2.07, p = .16. In sum, participants
viewed Gauss as less complex than Discrete, but no other
comparisons were significant.
Next, we considered participants’ ratings of how easy to
remember each strategy was. Overall, participants did not
differentiate among the strategies on this dimension.
Participants rated the Discrete strategy similarly to both the
Gauss strategy, B = 0.12, F(1, 31.68) = 0.23, p =.63, and the
Area strategy, B = 0.003, F(1, 33.16) = 0.0002, p = .99.
Participants also rated the Area strategy as comparable to the
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Gauss strategy, B = -0.11, F(1, 30.29) = 0.29, p = .60.
Finally, we examined participants’ ratings of how long
each strategy would take to implement. Participants believed
that the Discrete strategy would take longer than Gauss, B =
-1.05, F(1, 30.11) = 17.01, p < .001 and longer than Area, B
= -0.62, F(1, 33.28) = 8.66, p < .01. Participants also thought
the Area strategy would take longer than Gauss strategy, B =
0.44, F(1, 32.70) = 4.86, p = .03. In sum, participants viewed
the Gauss strategy as taking the least amount of time to
implement, and the Discrete strategy as taking the longest.

We then examined correlations between factor scores for
each strategy and Need for Cognition. Participants with
higher NfC scores had lower efficiency scores for the
Discrete strategy (r = -0.38, p < .05) and the Gauss strategy
(r = -0.41, p < .05), but not for the Area strategy (r = -0.12,
ns). None of the correlations of NfC with intuitiveness scores
were significant. We also examined correlations between
factor scores and participants’ math percentile scores. None
of these correlations were significant.

Factor Analysis

Participants rated the Discrete and Gauss strategies as the
most similar (M = 2.82, SD = 1.10), followed by the Discrete
and Area strategies (M = 2.79, SD = 1.07). Participants rated
the Gauss and Area strategies as the least similar (M = 2.44,
SD = 1.10). We wanted to explore whether participants’
similarity ratings were related to how efficient and intuitive
they perceived each strategy to be. We were also interested
in how individual differences might moderate these relations.
To address these issues, we first calculated difference scores
for each pair of strategies from the factor scores (e.g.,
Efficiency (Discrete) – Efficiency (Area)), yielding an
efficiency difference score and an intuitiveness difference
score for each strategy comparison. We took the absolute
value of these difference scores, so that higher values indicate
that participants thought that the two strategies differed more
in that dimension. We then used these difference scores to
predict participants’ similarity ratings for each pair of
strategies.
We analyzed these data using a linear mixed effects
model. We predicted participants’ similarity ratings for each
comparison on the basis of their efficiency difference, their
intuitiveness difference, NfC, math percentile, and the
specific strategy comparison (Discrete vs. Area, Discrete vs.
Gauss, or Gauss vs. Area). We allowed NfC and math
percentile to interact with the efficiency difference and
intuitiveness difference. We also included by-subject random
intercepts and by-subject random slopes for strategy
comparison, efficiency difference, and intuitiveness
difference. The model specification was as follows:

We averaged participants’ ratings for each dimension across
problems and strategies. We conducted an exploratory factor
analysis on these six composite scores in order to determine
the underlying factor structure of participants’ ratings. An
examination of the scree plot suggested a two-factor solution.
We extracted two factors using a maximum likelihood
estimator. We first allowed the factors to correlate using a
promax rotation. We found that the factors were correlated (r
= -.42). However, allowing the factors to correlate led to a
Heywood case. Using a varimax rotation, which forces the
factors to be orthogonal, eliminated this issue, so we
proceeded with this model.
Table 2. Factor loadings of strategy ratings.
Complexity
Easiness to remember
Length
Makes Sense
Goodness
Commonness

Efficiency
1
-0.75
0.37
-0.36
-0.22
-0.02

Intuitiveness
-0.05
0.26
-0.09
0.68
0.97
0.56

As seen in Table 2, five of the six rating categories loaded
on only one of the two factors. The only rating category that
loaded onto more than one factor was whether the strategy
made sense. We did not consider this to be an issue because
the factor loading was much higher for one factor than the
other. Complexity, easiness to remember, and length all
loaded onto the first factor. Goodness, commonness, and the
degree to which the strategy made sense all loaded onto the
second factor. The two-factor solution suggests that
participants consider two dimensions when evaluating
mathematical strategies. The first factor reflects the efficiency
of the strategies, including how complex and easy to
remember the strategy seems and the amount of time
participants believe would be needed to implement the
strategy. The second dimension reflects the intuitiveness of
the strategies; it included the degree to which the strategy
makes sense, is common, and is “good.” These two factors
explained 61% of the variance in participants’ ratings.

Individual Differences
We next created factor scores for each strategy for each
participant. This meant that each participant had 6 factor
scores (one for each strategy for intuitiveness and efficiency).

Predicting Similarity Ratings

Strategy Similarity ~ Strategy comparison + Efficiency Difference *
NfC + Intuitiveness Difference * NfC + Efficiency Difference * math
percentile + Intuitiveness Difference * math percentile + (1 +
Strategy comparison + Efficiency Difference + Intuitiveness
Difference| Subject)

This analysis revealed an interaction between NfC and
efficiency difference on similarity ratings, c2(1, N = 32) =
5.53, p = .0187. Although the related simple effects were not
significant, as seen in Figure 2, participants with low NfC
tended to rate strategies as less similar if they perceived them
to be different in efficiency. In contrast, participants with
high NfC tended to rate strategies as more similar if they
perceived them to be different in efficiency. No other effects
were significant, all p’s > .05.
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Figure 2. Similarity ratings as a function of absolute
differences in efficiency factor scores and Need for
Cognition. Higher values on the y-axis indicate greater
similarity. Dots are colored based on Need for Cognition.
The dark line indicates predicted values for participants
who scored high on the Need for Cognition scale (1 SD
above the mean). The light line indicates predicted values
for participants who scored low on the Need for Cognition
scale (1 SD below the mean). Shaded regions represent
95% CIs. A 0 on the x-axis indicates that participants
thought of the two strategies as equal in efficiency.

Discussion
This research examined how participants evaluated different
strategies for solving constant change problems. We found
that participants viewed the Discrete strategy as the most
common, as making the most sense, and as better than the
Gauss and Area strategies. Additionally, we found that
participants rated strategies along two primary dimensions,
which we characterized as intuitiveness and efficiency.
Participants in this study judged the Discrete strategy to be
the most common, which accurately reflects the “ground
truth”, as the Discrete strategy was the most commonly used
strategy in previous studies of constant change problems
(e.g., Riggs et al., 2015). However, participants also saw
limitations of this strategy, noting that it was complex and
took a long time to implement, relative to the other strategy
options. The Discrete strategy was rated highly on all of the
intuitiveness variables and relatively low on efficiency. If
participants notice the drawbacks of this strategy, then why
is it used so frequently?
One possibility is that participants may value intuitiveness
over efficiency. This is a rational choice in situations in which
it is important to solve problems correctly. In such situations,
a strategy that seems likely to result in a correct answer but
that may be laborious may be preferable to a strategy that is
easy but unlikely to result in a correct answer.

However, valuing intuitiveness over efficiency might also
deter learners from adopting new ways to solve problems. If
someone does not care about efficiency, they might choose to
shift only to a more intuitive strategy, and not to a more
efficient one. Valuing intuitive strategies over all else can be
problematic when the most intuitive strategies are not correct.
In the domain of mathematics, this issue has been studied in
children solving equivalence problems (e.g., 3 + 4 + 6 = 3 +
__), a type of math problem with which children often
struggle (McNeil, 2007; Perry, Church, & Goldin-Meadow,
1988). Children often solve equivalence problems using a
strategy that is intuitive given their past experience with
arithmetic (adding all the numbers), but that does not yield a
correct answer on these particular problems (McNeil, 2008).
The current study suggests that it may be especially difficult
for children to abandon such incorrect but intuitive strategies.
Empirical findings support this view. Abandoning such
strategies is a complicated process, often requiring feedback
or extensive practice (McNeil, Fyfe, Petersen, Dunwiddie, &
Brletic-Shipley, 2011).
We found that participants considered efficiency in
evaluating the similarity of pairs of strategies, but the relation
varied depending on participants’ level of Need for
Cognition. For participants with low Need for Cognition,
similar efficiency seemed to be a basis for overall judgements
of similarity, but this was not the case for participants with
high Need for Cognition. More generally, the findings
suggest that individual differences may influence the
dimensions that people view as important when evaluating
strategies and judging their similarity.
The implications of this study extend beyond the domain
of mathematics. Some research suggests that people’s
intuitive theories about the world are often wrong (see
Shtulman, 2017). Recent studies have shown that even
experts continue to endorse intuitive, but incorrect, theories
under certain circumstances (Coley, & Tanner, 2015;
Shtulman, & Harrington, 2016; Shtulman, & Valcarcel,
2012). The present work study suggests that may be precisely
the intuitiveness of these theories that may make conceptual
change difficult.
The contributions of this study should be understood in
the context of its limitations. First and most important, our
sample size was small, so our conclusions are necessarily
tentative.
Second, we did not measure participants’ own strategy
use before or after their ratings. Our aim was to assess how
people think about different strategies to see if this could
inform research on strategy change. We view this work a first
step towards understanding how perceptions of strategies
influence strategy use and strategy change. In future work,
we plan to test whether learners’ own perceptions of various
strategies are related to their willingness to adopt new
strategies.
Third, we included only correct strategies in the current
study. This was an intentional choice in order to identify
differences in factors other than correctness along which
people evaluate strategies. Future research should investigate
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whether the same factor structure is found for incorrect
strategies. It is possible that when rating incorrect strategies,
learners base their judgments on other factors. In future
research, it would also be of interest to examine differences
in evaluations of intuitive but incorrect strategies and
counterintuitive but correct strategies. Such work would help
establish whether people value correctness or intuitiveness
more highly.
Finally, there was a great deal of individual variation in
people’s perceptions of strategies. Although some individual
difference characteristics, such as Need for Cognition, were
related to participants’ evaluations of strategies, others, such
as performance on standardized math tests, were not. Future
research should further investigate what types of individual
differences—such as prior knowledge, confidence, attitudes
towards mathematics, or participants’ own strategy use when
solving these problems—influence strategy evaluations.
In sum, we found that participants judged strategies along
two primary dimensions: intuitiveness and efficiency. The
strategy that scored highest on the intuitiveness ratings (the
Discrete strategy) is the same strategy that prior research had
identified as the most commonly used. This study has
potential theoretical implications for research on strategy use
and conceptual change, as well as practical implications for
teachers and others who may wish to encourage learners to
change the ways that they solve problems.
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Abstract
Research has examined the role of domain-general cognitive
factors in second language (L2) acquisition, with emerging
evidence implicating a role for procedural memory, a longterm memory system (e.g., Morgan-Short et al., 2014). Strong
conclusions regarding the role of procedural memory are
hindered by the lack of knowledge regarding the reliability
and validity of procedural memory assessments. In this study,
participants completed three assessments of procedural
memory that have previously been used to study L2 learning,
along with assessments of declarative memory, working
memory, and an artificial L2 learning task. Results indicated
that the procedural memory assessments generally showed
evidence of reliability and discriminant validity, but,
somewhat surprisingly, evidence for convergent validity was
lacking. Finally, one procedural memory assessment showed
predictive validity for the L2 learning task. Implications for
future research on the role of procedural memory in L2
acquisition will be considered in light of these results.
Keywords: procedural memory; second language acquisition;
reliability; construct validity

Introduction
Cognitive-based research in second language (L2)
acquisition addresses how people learn languages by
examining what mechanisms are involved in the learning
process. In regard to domain-general mechanisms, there has
been a substantial amount of research on the role of
attention, awareness, and working memory in L2 acquisition
(for review, see Dörnyei, 2006), but research on long-term
memory and L2 acquisition is only emerging and merits
further research (Hamrick, Lum, & Ullman, 2018). The
current study focuses on one type of long-term memory
called procedural memory that has been posited to play a
role in learning the grammatical rules of language
(DeKeyser, 2015; Paradis, 2009; Ullman, 2015).
Procedural memory is a type of implicit memory that
supports the acquisition of cognitive and motor skills, as
well as habits (Eichenbaum, 2011; Ullman, 2004; 2015). It
may be contrasted with other memory systems such as
declarative memory that support memory for facts and
personal, episodic experiences (Eichenbaum, 2011; Ullman,
2004; 2015). Procedural memory may be described by a
number of neurocognitive characteristics: (a) Learning is
“implicit,” meaning that it does not involve conscious
awareness (Ullman, 2004; 2015). (b) Procedural memory is

not facilitated by attention, and indeed attention may
interfere with learning in procedural memory (Foerde,
Knowlton, & Poldrack, 2006). (c) The development of
knowledge occurs gradually and improves over multiple
learning trials (Ullman, 2004; 2015). (d) Knowledge is
typically encapsulated, meaning that it is unavailable for use
by other memory systems and generally inflexible with
respect to the contexts in which it can be applied (Ullman,
2004). (e) Procedural memory neuroanatomy involves a
fronto-striatal circuit in which information is relayed from
the cortex to the striatum (part of the basal ganglia), then to
the thalamus, then back to frontal cortex (Eichenbaum,
2011).
Three theories predict a role for procedural memory in L2
acquisition: the Skill Acquisition Model (DeKeyser, 2015),
Ullman’s Declarative/Procedural model (Ullman, 2004;
2015), and Paradis’ claims regarding declarative and
procedural determinants of L2 (Paradis, 2009). These
theories differ with respect to specific predictions about how
procedural memory plays a role in L2 acquisition, but they
all view procedural memory as potentially involved in the
fluent production and comprehension of grammatical
structures in a second language, at least at higher levels of
proficiency. Empirical evidence suggests that procedural
memory contributes to L2 acquisition largely in the manner
predicted by these theories (e.g., Antoniou, Ettlinger, &
Wong, 2016; Faretta-Stutenberg & Morgan-Short, 2018;
Hamrick, 2015; Morgan-Short, Faretta-Stutenberg, BrillSchuetz, Carpenter, & Wong, 2014; see Buffington &
Morgan-Short, in press; Hamrick et al., 2018 for review).
The studies examining procedural memory in L2 have
used four procedural memory tasks: the Alternating Serial
Reaction Task (ASRT), the Serial Reaction Task (SRT), the
Weather Prediction Task (WPT), and the Tower of London
(TOL).1 In the ASRT, used by Faretta-Stutenberg and
Morgan-Short (2018) among others, participants respond to
a filled-in circle whose location alternates in a second-order
pattern. Previous research shows that participants gradually
improve on this task without demonstrating explicit
1 Here we focus on the Alternating Serial Reaction Task rather
than on the Serial Reaction Task as the two tasks are very similar,
and the Alternating Serial Reaction Task has been used more often
in previous L2 empirical work.
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awareness of the pattern (Howard & Howard, 1997), and
other work provides indirect evidence for the use of
procedural memory neural circuits on the ASRT (Fletcher et
al., 2005), with related sequence learning tasks such as the
SRT showing direct evidence of the engagement of
procedural memory neural circuits (e.g., Rauch et al., 1997).
In the WPT, used by Morgan-Short and colleagues (2014)
among others, participants predict fictional weather
outcomes based on probabilistic cues. Previous research
shows that a dual-task version, which involves a secondary
tone-counting task, does not involve declarative knowledge
about cue-outcome associations and is positively correlated
with activity in a procedural memory neural structure
(Foerde et al., 2006). In the TOL, used by Antoniou and
colleagues (2016) among others, participants are instructed
to match a goal configuration of circles by moving the
circles around on pegs. Though developed to assess
executive functions (Kaller, Unterrainer, & Stahl, 2012),
evidence for the use of procedural memory on this task
comes from behavioral research showing implicit, gradual
improvement in accuracy and time to complete the task
(Ouellet, Beauchamp, Owen, & Doyon, 2004), as well as
neuroimaging and neuropsychological research implicating
a role for procedural memory neural structures in task
performance (Beauchamp, Dagher, Aston, & Doyon, 2003;
Owen et al., 1992). In sum, the implicit, gradual acquisition
of knowledge and activation of procedural memory neural
circuits during learning on these three tasks supports the
claim that they assess procedural memory learning abilities.
Though previous research suggests that participants use
procedural memory when learning these tasks, none of the
tasks have been validated as psychometric tools to predict
the role of procedural memory abilities in L2 acquisition.
Morgan-Short et al. (2014) provide data showing that the
WPT and TOL are positively related to each other, but the
WPT also trended to a positive association with a test of
declarative memory, which provides reason to question the
discriminant validity of the WPT. These data motivate a
more thorough examination of the psychometric properties
of tasks used to assess procedural memory in previous work.
Such an examination will permit stronger conclusions in
future work regarding the role of procedural memory in L2
acquisition.
In order to answer these questions, the present study
includes all three assessments in a within-subjects, counterbalanced design, along with assessments of declarative
memory, working memory, and L2 learning. Though
preliminary due to the small sample size, this study will
provide insight into the following questions: (1) Reliability:
Do procedural memory assessments demonstrate internal
consistency? (2) Convergent validity: Do different
procedural memory assessments correlate with each other?
(3) Discriminant validity: Do procedural memory
assessments not correlate with assessments of other
cognitive abilities, such as declarative and working

memory? (4) Predictive validity: Which procedural memory
assessments correlate with L2 learning ability?

Method
Participants
Participants (N = 31, 19 female, age 18-24 years, mean =
19.7 years) were recruited through the psychology subject
pool at the University of Illinois at Chicago. All participants
received course credit for completing the study. There were
no language background or other selection requirements.

Materials and Procedure
Procedural Memory Tasks. Participants completed three
assessments of procedural memory. The first assessment,
the ASRT, was based on the same task from Howard and
Howard (1997) and presented participants with a sequence
learning task in which an item of the sequence consisted of a
circle in a row of four circles being filled in by a dog’s head.
The sequence involved an eight-element alternating
sequence where patterned trials alternated with random
trials. As such, participants might see a repeating sequence
such as 3r1r4r2r, where the numbers correspond to the
location of the dog’s head in the row of circles and “r”
represents a random location from one to four. The task
instructed participants to press a key corresponding to the
location of the dog’s head as quickly and accurately as
possible. Participants would press either the z, c, b, or m
keys on a QWERTY keyboard (using their left and right
middle and index fingers, respectively), with z
corresponding to the leftmost circle position and m to the
rightmost position. The task consisted of 20 blocks, with 85
trials per block (5 random trials followed by 80 alternating
patterned and random trials). Learning was assessed by
comparing reaction times on patterned vs. random trials,
with a greater difference reflecting greater procedural
learning on the task, following Faretta-Stutenberg and
Morgan-Short (2018). Lastly, reliability was assessed by
calculating the Spearman-Brown split-half coefficient.
The second assessment of procedural memory was the
dual-task version of the WPT (Foerde et al., 2006). The
WPT assesses knowledge of probabilistic weather outcomes
associated with combinations of cue cards. The cue cards
combine with each other and each combination is associated
with a certain probability of sunshine or rain. For example, a
combination of a card with circles and a card with squares
may be associated with an 80% chance of sunshine.
Participants were instructed to predict the weather based on
a cue combination, and then the weather outcome appeared
on the screen. In this dual-task version, participants were
also tasked with keeping track of the number of high tones
that occurred during each trial. The high tones were pseudorandomly interspersed with low tones, but participants were
instructed to only count the high tones. This secondary task
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has been shown to impede the use of declarative memory on
the weather prediction component of the task (Foerde et al.,
2006). Thus, each trial consisted of making a weather
prediction while counting the number of high tones. The
task included a total of 320 dual-task trials divided into 8
blocks, with 40 trials per block. Learning was assessed by
examining accuracy of weather prediction on the final dualtask block, where chance performance was 50%, following
Faretta-Stutenberg and Morgan-Short (2018). Reliability
was assessed by calculating Cronbach’s alpha.
The final assessment of procedural memory was the TOL
(Kaller, Unterrainer, & Stahl, 2012). In this task,
participants matched a goal configuration of colored circles
that rest on pegs. In producing the goal configuration,
participants could only move the topmost circle on each
peg, and when moved the circle would fall to the lowest
possible peg position. Participants were instructed to plan
their sequence of moves before beginning the first move,
and to do their best in completing the goal configuration in
the stated number of moves, which began at three moves
and increased to six moves by the end of the task. Per
Antoniou and colleagues (2016), participants repeated this
task immediately after completing it, and procedural
learning was assessed by examining the average total time
to match a goal configuration on the second administration
of the task, normalized relative to the other participants, as a
measure of improvement. Reliability was assessed by
calculating the Spearman-Brown split-half coefficient.
Declarative and Working Memory Tasks. Participants
completed two assessments of declarative memory, a verbal
learning segment of the Modern Language Aptitude Test
(MLAT, Carroll & Sapon, 1959) and the Continuous Visual
Memory Test (CVMT, Trahan & Larrabee, 1988). The
MLAT, a paired-associates learning task, assessed
participants’ learning of English translations of 24 pseudoKurdish words. Participants studied the word-pair list for
four minutes, and then proceeded to a five-option multiple
choice assessment that instructed them to select the correct
English translation given one of the pseudo-Kurdish words.
They had four minutes to complete this assessment.
Accuracy on the assessment was measured as the dependent
variable of word learning, and reliability was indicated by
calculating Cronbach’s alpha.
The CVMT assessed recognition of abstract shapes. In
this task, participants saw a series of abstract images and
responded whether they had previously seen the image.
Seven images were repeated, whereas 63 images were only
presented once. Performance on the CVMT was measured
by computing d’ scores and reliability was assessed by
calculating Cronbach’s alpha. Although the MLAT and
CVMT do not assess exactly the same processes, because
the MLAT is a paired-associates task of verbal learning and
the CVMT is a recognition test of visual learning, both can
be described as declarative memory assessments because

they involve memory for factual information and/or episodic
experiences (Eichenbaum, 2011).
Participants completed three shortened working memory
assessments, taken from Oswald, McAbee, Redick, and
Hambrick (2015): operation span (OSpan), reading span
(RSpan), and symmetry span (SSpan). Oswald et al. present
evidence for highly similar psychometric properties for the
shortened vs. full-length assessments. In each working
memory assessment, participants were asked to make
judgments about a series of items (e.g., decide if an
arithmetic operation is true, decide if a sentence makes
sense) and then recall a list of elements (e.g., letters,
locations in a matrix) so the two essential elements of
working memory, processing and storage, were involved in
each task. Performance on each working memory
assessment was measured as the partial-credit score, which
is the proportion of correctly recalled elements in each trial.
In order to be included in analysis, participants had to score
above 80% on the processing component of the working
memory task. To measure working memory, a composite
score was created by normalizing scores on each task and
then averaging them. Reliability was not calculated because
Oswald et al. (2015) provide data in support of the
reliability of these assessments.
Artificial L2 Task. The artificial L2 in this study comes
from Ettlinger and colleagues (2014), who showed that
learning on this L2 task was associated with procedural
memory. The language consists of 30 noun stems denoting
different animals and two affixes (one denoting plural and
the other diminutive) that can combine with nouns. In
addition, there are two types of word formation rules, a
simple rule involving application of a pattern of morphemes
(L2 pattern), and a complex rule involving vowel changes
that can be learned via analogy with similar words (L2
analogistic). As an example of patterned word formation,
[pag] means dog, [ka-] is diminutive, and [-il] is the plural
morpheme, so [ka-pag-il] denotes “little dogs.” An example
of analogistic word formation involving vowel changes is
[ka-maz-el], meaning “little cows,” which consists of the
underlying morphemes [mez] (cow), [ka-], and [-il]. In the
language, nouns with [-e-] stems trigger the analogistic
word formation rule. Here we focus on the L2 pattern rule
because previous research has shown procedural memory to
be associated with the L2 pattern, but not the L2 analogistic,
rule (Antoniou et al., 2016; Ettlinger et al., 2014). During
learning, participants saw twelve nouns in all four possible
forms (singular, diminutive, plural, and diminutive plural)
and each form was repeated four times, resulting in 192
implicit exposures with words presented auditorily and
paired with the corresponding image. Following this
acquisition phase, L2 grammar learning was assessed by
presenting novel nouns and then asking participants to select
the correct form of the word in a two-option forced-choice
design (e.g., given [tib] “tiger” choose the correct form of
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“little tigers” given the correct [katibil] and the incorrect
[katibel] forms). Accuracy on the assessment phase was
recorded as the dependent measure of L2 grammar learning.
Because words were only analogistic in the diminutive
plural form, which also included words formed with the L2
pattern rule, only questions involving the diminutive plural
were included in analysis (per Ettlinger et al., 2014).
Reliability was measured by calculating Cronbach’s alpha.
Procedure. Participants completed the study over two 2hour sessions scheduled on separate days. The order of tasks
in each session was partially counterbalanced to avoid
fatigue effects, particularly because the procedural memory
assessments are longer assessments (each takes between 2035 minutes to complete). In Session 1, participants provided
informed consent and then completed the WPT, ASRT,
CVMT, and MLAT. The order of the procedural memory
assessments was counterbalanced and the declarative
memory assessments were also counterbalanced across
participants. One of the procedural memory tasks always
occurred as the first task of Session 1, and procedural
memory tasks alternated with declarative memory tasks.
Session 2 consisted of the other procedural memory
assessment (TOL), working memory assessments, and the
artificial L2 task. The order of the TOL and the working
memory assessments was counterbalanced. Per Oswald et
al. (2015) the order within the working memory assessments
was fixed, as follows: OSpan, SSpan, RSpan. The artificial
L2 task was always the final task of Session 2.

Results
Before analysis, the data was cleaned by casewise deletion
of participants who failed to complete one or more of the
cognitive tasks, resulting in the deletion of four participants
for a final total of 27 participants included in the analyses.
Learning on all tasks was considered by the 95% confidence
intervals being above chance performance, which showed
the following (Table 1): (a) For the procedural memory
tasks, learning was evidenced for the ASRT, but not for the
WPT. The TOL scores were normalized so the absolute
numbers are not meaningful. (b) Learning was observed for
both declarative memory tasks, MLAT and CVMT. (c) The
working memory scores were normalized so the absolute
values are not meaningful, but Oswald et al. (2015) provide
convincing evidence that these tasks accurately and reliably
measure working memory capacity. (d) For the L2 tasks,
learning was observed for the L2 pattern rule but not the L2
analogistic rule. The L2 analogistic rule actually showed
significantly below-chance learning, suggesting that
participants were incorrectly applying the L2 pattern rule for
analogistic cases.
To address the first research question, DO PROCEDURAL
MEMORY ASSESSMENTS DEMONSTRATE RELIABILITY?, a
reliability coefficient above .70 was considered “acceptable”
reliability (Lance, Butts, & Michels, 2006). This yielded

acceptable reliability for the WPT and ASRT, but low
reliability for the TOL (Table 1). Table 1 also includes
reliability values for the declarative memory and L2 tasks.
Notably, both L2 tasks showed low reliability, with
particularly low reliability for the L2 analogistic rule.
Table 1: Descriptive statistics and reliability
M
SD
95% CIs
Reliability
WPT
55.76 16.83 49.10, 62.41
.79a
ASRT
5.51
7.01
2.73, 8.28*
.99b
TOL
.48
.30
.37, .60
.54b
MLAT
14.41
5.79 12.12, 16.70*
.87a
CVMT
1.56
0.65
1.31, 1.82*
.90a
WM
0.00
0.77
-0.31, 0.29
NA
L2 Pattern
69.07 20.22 61.07, 77.07*
.65a
L2 Analogistic 34.20 23.47 24.91, 43.48
.32a
Note: 95% CI = 95% confidence interval; *above-chance
learning effect; aCronbach’s alpha; bSpearman-Brown splithalf coefficient
To address the second research question regarding
convergent validity, DO DIFFERENT PROCEDURAL MEMORY
ASSESSMENTS CORRELATE WITH EACH OTHER?, Spearman
correlation coefficients were calculated to examine
correlations among the procedural memory assessments
(Table 2). Significant positive correlations would be
expected if there is convergent validity. Cohen’s (1992)
guidelines for interpreting the effect size of the correlation
coefficient were used, where r = .10 is a small effect size, r
= .30 is a medium effect size, and r = .50 is a large effect
size. The WPT evidenced a medium negative correlation
with the ASRT, which trended towards significance at p =
.05. No other significant correlations were observed. Taken
together, these results do not provide evidence for
convergent validity because none of the tasks showed
statistically significant positive correlations with each other.
To address the third research question regarding
discriminant
validity,
DO
PROCEDURAL
MEMORY
ASSESSMENTS NOT CORRELATE WITH ASSESSMENTS OF
OTHER COGNITIVE ABILITIES?, Spearman correlations were

examined for each procedural memory assessment against
the MLAT, CVMT, and WM composite score (Table 2).
Nonsignificant or negative correlations would be expected if
there is discriminant validity. No significant correlations
were observed, but two trends are notable: (a) Both the
ASRT and TOL showed trending negative correlations with
WM (p = .07 and p = .10, respectively), indicating that
superior ASRT or TOL performance may be associated with
inferior WM capacity. (b) The correlation between the WPT
and CVMT was positive and approximately medium in size,
although not significant. This may have to do with the
visual-spatial processing overlap in both the WPT and
CVMT, but future research should confirm this
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Table 2: Validity of procedural memory assessments
WPT ASRT TOL MLAT
WPT
ASRT
-.37^
TOL
.12
-.03
MLAT
.06
-.29
-.19
CVMT
.23
.05
-.06
.38^
WM
.05
-.36^
-.33
.23
L2 Pattern
.47*
.04
-.12
.23
L2 Analogistic
-.18
-.08
.00
-.28
Note: Spearman correlations; * p < .05; ^ p < .10
speculation.2 Taken together, the nonsignificant, and in
some cases, trending towards negative correlations suggest
that the procedural memory assessments show some
discriminant validity from declarative and working memory.
To answer the fourth research question regarding
predictive validity, WHICH PROCEDURAL MEMORY
ASSESSMENTS ARE POSITIVELY CORRELATED WITH L2
GRAMMATICAL LEARNING ABILITY?, Spearman correlations
between each procedural memory assessment and accuracy
on the L2 pattern word formation rule were examined
(Table 2). Significant positive correlations would be
expected if there is predictive validity. Results indicated that
only performance on the WPT correlated positively with
accuracy on the L2 pattern rule, showing a significant
medium (almost large) positive association.

Discussion
The present study examined the reliability and validity of
procedural memory assessments that have been used to
predict outcomes in L2 acquisition. Regarding reliability, it
was discovered that the WPT and ASRT showed acceptable
levels of reliability, but the TOL did not. Additionally, both
L2 measures had low reliability, indicating that future
research should improve the reliability of the L2 and TOL
tasks or choose more reliable tasks as replacements. There
was evidence for discriminant validity, but no evidence for
convergent validity and only the WPT showed predictive
validity with the L2 pattern rule.
Regarding the unexpected absence of convergent and
predictive validity for the procedural memory tasks, there
are a few considerations to mention. First, much of the
previous empirical work on the role of procedural memory
in L2 acquisition has used composite scores from multiple
tasks to assess procedural memory (e.g., Faretta-Stutenberg
& Morgan-Short, 2018; Morgan-Short et al., 2014). As
such, it is reasonable to ask whether using composite
measures of procedural memory would make a difference
with respect to the observed pattern of findings. Second, it

2 Morgan-Short et al. (2014) observed a similar pattern between
the WPT and CVMT (r = .48, p < .10 in their study). A larger
sample size may confirm the significance of this correlation.

CVMT

WM

.01
.44*
-.09

.08
-.07

was noted in the Introduction that current theory on
procedural memory regards performance on procedural
tasks as encapsulated, in the sense that learning one task in
procedural memory does not necessarily transfer to
performance on another task that also requires procedural
memory. Although this is traditionally regarded as
encapsulation of performance on these tasks, and not
encapsulation of the ability to learn a task in procedural
memory, it may be that the learning abilities in procedural
memory are themselves independent from each other. For
example, it may be that learning serial reaction tasks (e.g.,
the ASRT) is encapsulated, or separated from, learning
probabilistic classification tasks (e.g., the WPT). Under this
view, (a) convergent validity would not be expected, and (b)
predictive validity might differ for the different procedural
memory tasks. Both of these predictions would be
consistent with the results from this study. Third, a
somewhat different approach is to consider the procedural
memory tasks used in this study as drawing on complex
combinations of different types of memory. As in the
previous suggestion, this view would obviate any
expectation of convergent validity and would imply
differing levels of predictive validity because the tasks
would all use slightly different combinations of memory
systems. As noted in the Introduction, the Tower of London
was originally developed as a planning task to assess
executive functions, so using it to assess procedural memory
admits the task’s potential for drawing on multiple cognitive
systems. Again, the results of the current study would be
consistent with a model of these procedural memory tasks
that viewed them as each drawing on different combinations
of memory systems, and thus not being strongly associated
with each other.
Future research should conduct a larger study to enable
more sophisticated analyses, such as latent variable analysis,
in order to elucidate the underlying constructs that these
procedural memory assessments are measuring and seek out
the best task or set of tasks to measure the role of procedural
memory learning abilities in L2 acquisition. Researchers
should also continue to carefully motivate the choice of a
particular procedural memory task based on supporting
evidence from previous literature. The current findings
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indicate that the measurement of procedural memory is a
nontrivial issue and more research is needed to place claims
regarding the role of procedural memory in L2 acquisition
on solid methodological ground.
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The production and comprehension of variable number agreement
Lindsay Butler
University of Connecticut, Storrs, Connecticut, United States
Abstract
The relationship between sentence production and comprehension is at the forefront of psycholinguistic research (e.g.
Meyer et al., 2016). Psycholinguists are increasingly interested in cross-linguistic perspectives (e.g. Norcliffe et al., 2015).
We report studies of the production and comprehension of variable number agreement in Yucatec Maya, an indigenous
language of Mexico. We examined the effects of numerosity through a picture description task involving sets of one,
two and seven humans or animals depicting an intransitive action. In production more numerous sets led to higher rates of
plural production. In a timed acceptability decision task, number agreement rather than numerosity significantly facilitated
comprehension. An interaction revealed that plural marking on the noun facilitated the comprehension of singleton versus
non-singleton sets. In contrast, plural marking on the verb facilitated comprehension of large versus small non-singleton
sets. These results suggest divergent effects of numerosity in the nominal and verbal domains.
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Abstract
Motivated by the close relation of predictive coding and active
inference to cognition, we introduce a dynamic artificial neural network-based (ANN) adaptation process, which we term
REPRISE: REtrospective and PRospective Inference SchEme.
REPRISE first executes a retrospective inference process, inferring the unobservable contextual state that best explains its
recently encountered sensorimotor experiences. It then executes a prospective inference process, inferring upcoming motor activities in the light of the inferred contextual state and
a given goal state. First, the ANN – a recurrent neural network – is trained to learn one sensorimotor temporal forward
model, that is, the sensorimotor contingencies generated by the
behavior of three moving or flying vehicles. During training,
additional three bits are provided as input, indicating which
mode currently applies. After training, goal-directed control
and system state inference are activated: Given a goal state,
the system imagines a motor command sequence optimizing it
with the prospective objective to minimize the distance to the
goal. Meanwhile, the system evaluates the encountered sensorimotor contingencies retrospectively, adapting its vehicle
estimation activities and, in order to maintain coherence, the
neural hidden states accordingly. This ANN’s ’mind’ is thus
continuously imagining the future and reflecting on the past –
showing superior performance on the posed control problems.
The architecture effectively demonstrates that neural error signals and neural activities can be projected into the past and into
the future, respectively, optimizing both neural context codes
that approximately generate the recent past and upcoming behavior in the light of desired goal states.
Keywords: artificial neural networks; forward model learning; inverse sensorimotor control; active inference; dynamics;
adaptation; cognitive systems

Introduction
While the predictive brain and active inference principles
have strongly influenced cognitive science over the last years
(Butz, 2016; Butz & Kutter, 2017; Clark, 2016; Friston,
2009), it remains highly challenging to realize these principles in scalable, temporal dynamic artificial neural network
models. Moreover, it remains unclear how effective abstraction and generalized structures can be realized (Botvinick &
Weinstein, 2014; McClelland et al., 2010). Despite the recent remarkable successes in playing challenging computer
games and the board game GO (Mnih et al., 2015; Silver et
al., 2016), neural systems that are able to infer the current
system state, conceptual abstractions, and goal-directed motor control concurrently remain largely out of reach.
Perceptual processing reveals a strong tendency towards
the segmentation of the continuous sensorimotor stream into

meaningful event and event-transition encodings (Zacks &
Tversky, 2001; Zacks, Speer, Swallow, Braver, & Reynolds,
2007). The theory of event coding has proposed integrative action-effect codes (Hommel, Müsseler, Aschersleben,
& Prinz, 2001). Similarly, forward-inverse control schemes
have modeled human behavior, (Wolpert & Kawato, 1998;
Wolpert & Flanagan, 2016), where the involved forwardinverse models essentially encode interaction events. Even
the memorization of experienced episodes appears eventsegmented and event-focused. Moreover, memorized events
can be used not only for processing current sensorimotor information, but also for reflecting on the past and for imagining potential futures (Schacter et al., 2012). In sum, our
mind seems to cluster sensorimotor contingencies into predictive events (Butz, 2016). As a result, our state of mind
may be viewed as continuously adapting to the current eventrespective circumstances, but also to past, future, or even fully
hypothetical events (Bar, 2009; Buckner & Carroll, 2007).
We present here an retrospective and prospective temporal
inference scheme (REPRISE), which can be applied in recurrent ANNs. REPRISE infers retrospectively the unobservable
current event context (here the controlled vehicle), which best
explains the recent sensorimotor experiences, while it concurrently infers motor control commands prospectively in a goaldirected manner. We thereby build on our previous work,
which had accomplished prospective, active motor control inference (Otte, Schmitt, Friston, & Butz, 2017; Otte, Zwiener,
& Butz, 2017) but not retrospective inference. Our results
suggest that REPRISE can do both, effective goal-directed
control and event-oriented, system state inference.

System Architecture and Inference
Mechanisms
In order to introduce REPRISE, we distinguish between the
actual (not directly observable) dynamical system φ and the
model Φ of this system, which is encoded by a recurrent artificial neural network (RNN). Focusing on a discrete-time dynamical system, at a certain point in time t, the current state
of the dynamical system φ may be denoted by ϑt , such that
the progression through time is determined by
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φ
ϑt 7−−→ ϑt+1 .

(1)

Temporal Forward Model
The model Φ is trained to approximate these dynamics, inferring its parameters from sensorimotor experiences during learning. However, seeing that we are dealing with
a dynamic, partially observable Markov decision process
(POMDP) (Sutton & Barto, 1998), the true system state ϑt
is typically not directly deducible from current observables
st ∈ Rn . Thus, the dynamical system’s internal state σt must
be inferred in each iteration given the current observables st
as well as the current motor activities denoted by xt ∈ Rk .
With the help of the system’s model Φ, the next system state
σt+1 and the consequent sensory expectations s̃t+1 are determined by
Φ
(st , σt , xt ) 7−−→ (s̃t+1 , σt+1 ),
(2)
where the mapping Φ essentially models the temporal forward dynamics of the system. Thus, the next system state
and sensory expectations depend on the current sensor (st )
and motor control (xt ) activities as well as, in principle, on
the entire state history, which is encoded in the (hidden) state
σt ) in a compressed form.
components (σ
While learning the model, that is, while pursuing model
inference, the system essentially attempts to minimize the
quadratic loss between predicted and encountered sensory information over time, that is,
T

n

1
t=1 i=1 2

L = ∑ ∑ (s̃ti − sti )2 ,

(3)

summing the accumulated losses over the gathered experiences {s1 , . . . , sT }.

Multiple Dynamical Systems
In this paper we consider not only a single dynamical system, but an ensemble of multiple systems φ = {φ1 , . . . , φu },
reflecting discretely different dynamic contingencies that can
occur in the world. These systems differ from each other concerning their behavior, but share the same input, state, and
output dimensions. During model inference, the model Φ is
trained to approximate all of these dynamical systems within
one single RNN architecture. Specifically, the task of the temporal forward model inference process is to approximate that
particular dynamical system φi that is currently active, given
observed state st and control commands xt , as well as the internal system state estimation σt .
During model inference, the identity of the currently active
dynamical system φi is represented by means of a context input vector c ∈ Ru , which is simply added as additional input
and which is encoded as a one-hot vector (i-th component is
set to 1, rest to 0). This encoding is closely related to parametric bias encodings, which can be viewed as an indicator
of the current control event the system is situated in (Sugita,
Tani, & Butz, 2011; Tani, 2017).

REPRISE
Given an imagined action sequence, an initial state, and the
identity of the current dynamical system, the RNN can pre-

dict a state progression that is expected when executing the
action sequence by means of the learned temporal forward
model Φ. To effectively control the system, however, the inverse mapping is required, that is, an action sequence needs
to be inferred to approach a desired goal-state (or follow a
sequence of goal-states) from an initial state. This becomes
even more difficult when the identity of the current actual
dynamical system φi is unknown and has to be inferred as
well. In this section we introduce the REPRISE algorithm,
a concurrent retrospective and prospective inference scheme,
which solves the dual system identification and goal-directed
control problem.
Figure 1 shows the dynamic processes REPRISE unfolds
for two consecutive time steps. During each step, both a retrospective and a prospective inference phase are executed.
In the retrospective phase, the gradient is propagated R
time steps into the past, to reflect on the states that were just
experienced. The gradient is fed by the discrepancy between
previously predicted system states s̃t−i , with i ∈ 0, . . . , R, and
the actually observed system states st−i . The discrepancy is
then mapped onto the assumed context input ct−i – essentially
a subvector of st−i – indicating the dynamical system φi that
is presumably currently active. Additionally, the gradient is
used to adapt the RNN’s hidden state at time step t − R − 1,
that is, σt−R−1 , such that it better fits the changing context input. As a result, the RNN avoids disadvantageous or even undefined sensory input, motor command, hidden state combinations. Finally, the neural activities are propagated forward
again to the present time step, with respect to the inferred hidden state and context input, and the already recorded motor
commands and observed system states, yielding an updated
σt . This retrospective inference cycle is executed r times.
In the prospective phase, neural activities are projected P
time steps into the future, starting with the inferred current
internal system state σt and hypothetically executing a sequence of motor commands x̃t+i , which was inferred previously. The discrepancies between the predicted future s̃t+i
?
and desired goal state sequences st+i , with i ∈ 1, . . . , P, are
then propagated backwards through time from the imagined
future back to the present time step, while the gradient is projected onto the individual neurally encoded anticipated motor
activity sequence x̃t+i , effectively optimizing it in the light of
the current system state estimates and the desired goal state.
This prospective inference cycle is executed p times.
After the retro- and prospective inference phases, the inferred motor activity xt is executed by the system φ and the
forward RNN is updated via (2). This closes the processing
loop, repeating REPRISE in the following time step (t + 1).

System Evaluations
Our experiments are based on a two dimensional dynamical
system simulation of u = 3 types of vehicles, constituting
three dynamical systems: φ1 is a multi-copter-like vehicle,
which we call rocket, φ2 is a static omnidirectional vehicle,
which we call stepper, and φ3 is a dynamical, omnidirec-
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Figure 1: Illustration of REPRISE for two consecutive time steps t (top part) and t + 1 (bottom part). Note that there is
only one RNN, whose activities are buffered. The right (green shaded) boxes illustrate future imaginations actively inferring
prospective motor activities, while the left boxes (gray shaded) show retrospections about the recent past for system state
0
inference (including event state ct and hidden state σt ). Black lines indicate context and information forward flow, while the
0
0
red lines indicate gradient flow. x̃t and c̃t refer to the action and context input vectors, respectively, for a particular time step
0
? 0
t 0 . s̃tτ refers to a particular sensory prediction in the τ-th optimization cycle, whereas st refers to a desired sensory goal state.
tional gliding vehicle, which we call glider. The rocket is
influenced by simulated gravity and undergoes inertia. It has
two propulsion motors that are spread at a 45◦ angle from the
vertical axis on both sides, inducing thrust forces in the respective direction. The two other motor inputs are irrelevant
for the rocket. The stepper has four thrust motors that are
spread at 45◦ and 135◦ angle from the vertical axis to both
sides, inducing steps in the opposite direction. Finally, the
glider has the same four thrust motors as the stepper. However, in contrast to the stepper, the glider undergoes inertia
without any friction. Each motor unit can be throttled within
the interval [0, 1]. Upon invocation, each vehicle is positioned
in a rectangular free space of size 3 × 2 units. It is surrounded
by borders, which block the vehicle.

Model Prediction Performance
During training, stochastic backpropagation through time optimized the weights of the considered RNN architectures
based on simulated sensorimotor experiences, learning in a
self-supervised manner. Experiences were generated by executing pseudorandom motor commands x ∈ [0, 1]4 , where
motor command generation was such that sufficient upwards
thrust was generated and a reasonable exploration of the complete rectangular free space was loosely ensured.
At each time step (30Hz) the network is fed with the current position of the vehicle (s ∈ {[−1.5, 1.5], [0, 2]}), the current four motor commands (activities of the four thrust mo-

tors as forces; for the rocket, the second two motor values
have no effect; mass of vehicles is set to .1), and a three bit
one-hot vector, which indicates the vehicle that is currently
controlled, i.e., which φi applies. The network output is the
prediction of vehicle’s resulting change in position.
We trained the considered RNNs in 3000 epochs, consisting of 2000 control steps each. We applied backpropagation through time every 50 iterations and Adam as the weight
adaptation mechanism (Kingma & Ba, 2014). The learning
rate was annealed, such that η = 0.01, η = 0.001, η = 0.0001
during the first, second, and third 1000 sequences (first and
second moment smoothing factors were set to the standard
values β1 = 0.9, β2 = 0.999). Each vehicle was simulated for
2000 time steps (i.e. one epoch), after which the hidden state
of the RNN was reset to zero and a new vehicle was initialized.
Figure 2 contrasts the sensory prediction error development during learning for several RNN architectures, showing averaged mean errors and standard deviations across 20
independently weight-initialized (normally distributed values
with standard deviation 0.1) networks. Standard RNNs with
one hidden layer of 27 (1026), 36 (1692), and 54 neurons
(3510 weights) perform consistently worse than long shortterm memory (LSTM) RNNs with forget gates and peephole connections (Gers, Schraudolph, & Schmidhuber, 2002).
While 16 hidden memory cells (1680 weights) clearly out-
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Online Learning Performance Comparison

pred. error

RNN
RNN
RNN
LSTM
LSTM
LSTM

27:
36:
54:
08:
16:
24:

pred.error
pred.error
pred.error
pred.error
pred.error
pred.error

0.01

0.001
0

500

1000

1500

2000

2500

3000

number of epochs (with 2k control steps each)

Figure 2: Learning progress comparing standard RNNs and
LSTMs with different numbers of hidden units.
perform 8 hidden memory cells (584 weights), the advantage
of yet another 8 hidden cells, that is, 24 cells in total (3288
weights) is less pronounced.

REPRISE Performance
To evaluate the robustness and abilities of REPRISE, including all relevant settings, we contrast the resulting control performance of the RNN with 36 hidden neurons with the LSTM
with 16 hidden units, which have approximately an equal
number of weights (1692 versus 1680, respectively). Each
network was tested to reach a sequence of 50 uniformly randomly positioned targets within a centered inner area of size
1.5 × 1.5 units of the rectangular space of size 3 × 2 units.
Thereby, the simulation is divided into a sequence of discrete
events, where the agent becomes one of the vehicles φi for a
continuous series of 150 timesteps. One of the agents tasks
is to infer which of these events is under way at any given
time. The values in the tables below are averages over the
20 independently trained networks and 50 considered targets,
whereby the target positions and vehicle succession were the
same for all runs.
We applied Adam in all inference processes. Prospective
inference was always looking P = 7 steps into the future,
executing the inference cycle p = 20 times. Detailed evaluations were run contrasting different learning rates ηc and
ησ for the retrospective context c and system state σ inference. In our standard setting, retrospective inference covered
R = 20 time steps into the past, while r = 20 inference cycles were performed. Note that during optimization the motor
commands and the context inputs were clamped to their value
range [0, 1], and the neural hidden states σ were clamped in
accordance to the range of the respective neurons’ activation
function.
Figure 3 shows a typical flight sequence generated by an
LSTM controlled by the REPRISE algorithm, in ten iteration
steps. Although glider and rocket initially slightly overshoot
the target, they quickly zoom in. For the stepper, the projected
path is less direct, which is probably partially the case because the goal is simply not directly reachable in seven steps.
It should be noted that although the images suggest that the

Figure 3: Typical flight sequence for the three vehicle types
controlled by REPRISE, showing 8 screenshots of glider,
rocket, and stepper, which are 10 time steps apart successively in the upper, middle, and bottom two rows, respectively. The green target is approached. The red lines show the
current trajectory anticipation of REPRISE.
motor effort while staying at the goal is minimized, this is
not always the case, as there is currently no incentive in the
system that stresses motor effort minimization.
Tables 1 and 2 show the average distance to the goal location that remained after 150 time steps, that is, control
iterations. The first row of results shows the performance
when the context bits are set to the correct values (no state
inference), resulting in a (much simpler) active motor inference problem. The next four rows show the performance of
REPRISE with different learning rate combinations, without providing the context bit values. Clearly, overly large
or small values yield mediocre performance, however, it appears that quite a large value range yields robust target reaching behavior. Consistently the best setting is with ηc = .01
and ησ = .001, adapting the context bits ten times faster than
the hidden states, which is most likely the case because without proper context inputs, overly fast hidden state estimations
will lead to unstable adaptations. Thus, most robust performance is reached when both context and hidden state activ-
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Table 1: LSTM: Distance to target after 150 control steps

Table 3: LSTM: Average accumulated distance to target

Average

ησ =0

ησ =1e-4

ησ =.001

ησ =.01

ησ =.1

Average

ησ =0

ησ =1e-4

ησ =.001

ησ =.01

ησ =.1

c set
ηc =1e-4
ηc =.001
ηc =.01
ηc =.1

0.006
0.082
0.039
0.024
0.025

0.006
0.057
0.024
-

0.006
0.034
0.011
0.006
-

0.007
0.011
0.007
0.008

0.051
0.055
0.038

c set
ηc =1e-4
ηc =.001
ηc =.01
ηc =.1

0.061
0.157
0.106
0.090
0.092

0.060
0.139
0.100
-

0.060
0.109
0.079
0.072
-

0.061
0.082
0.077
0.077

0.109
0.127
0.115

Rocket

ησ =0

ησ =1e-4

ησ =.001

ησ =.01

ησ =.1

c set
ηc =1e-4
ηc =.001
ηc =.01
ηc =.1

0.014
0.069
0.041
0.026
0.028

0.014
0.052
0.037
-

0.013
0.022
0.013
0.006
-

0.015
0.011
0.011
0.010

0.095
0.069
0.051

Stepper

ησ =0

ησ =1e-4

ησ =.001

ησ =.01

ησ =.1

c set
ηc =1e-4
ηc =.001
ηc =.01
ηc =.1

0.002
0.063
0.037
0.024
0.025

0.001
0.043
0.017
-

0.001
0.022
0.008
0.007
-

0.001
0.014
0.005
0.004

0.006
0.035
0.024

Glider

ησ =0

ησ =1e-4

ησ =.001

ησ =.01

ησ =.1

c set
ηc =1e-4
ηc =.001
ηc =.01
ηc =.1

0.004
0.116
0.040
0.021
0.021

0.004
0.078
0.017
-

0.004
0.060
0.012
0.005
-

0.004
0.009
0.006
0.010

0.053
0.061
0.039

Context Inference Values
LSTM 16 inference: Rocket
Stepper
Glider
RNN 36 inference: Rocket
Stepper
Glider

inferred context activitiy

1
0.8
0.6
0.4
0.2
0
LSTM 16: Rocket

Stepper

Glider

RNN 36: Rocket

Stepper

Glider

Figure 4: Inferred values of the context values c.

Table 2: RNN: Distance to target after 150 control steps
Average

ησ =0

ησ =1e-4

ησ =.001

ησ =.01

ησ =.1

c set
ηc =1e-4
ηc =.001
ηc =.01
ηc =.1

0.037
0.162
0.038
0.040
0.169

0.039
0.019
0.052
-

0.037
0.019
0.020
0.017
-

0.035
0.018
0.019
0.044

0.036
0.029
0.034

ities are adapted, yielding performance that is actually competitive – in the RNN case even superior – to the one when
the context information is provided! In sum, with sufficiently
small state inference learning rates ησ , the additional state
inference (much harder problem, no context bit information
provided) does not affect performance in a negative manner!
Table 1 additionally shows the performance differences
when focusing in on the three different vehicle types in the
LSTM case. While the parameter dependencies are very similar, it appears that the rocket was hardest to control, most
likely due to the fact that gravity needs to be continuously
counteracted.
Table 3 shows for the LSTM case that the average distance
to the target object over the 150 steps averaged over all vehicles is smallest when the context information is provided.
This was indeed the case for all three vehicles (not shown).
This is expectable as context inference inevitably yields erro-

neous behavior during the first control steps, confirming that
the switch in the vehicle identity causes initial disruptions,
which are quickly stabilized.
As a final evaluation result, Figure 4 shows the inferred
context input activations for the three vehicles, contrasting
again LSTM with RNN performance. Clearly, the LSTM
architecture is better-suited to infer the underlying control
system, although the estimates are still far from optimal. It
was observed that once the goal has been reached, the estimates sometimes drifted off towards more incorrect estimates – probably because the sensorimotor information was
not sufficiently informative. This observation in particular
suggests that both context estimation stability could be enforced, switching only when error signals suggest to do so,
and active motor inference may be further optimized to maintain high context estimation certainty (Friston et al., 2015),
thus generating motor commands that minimize uncertainties
in the model states estimates σ.

Summary, Conclusions & Future Perspectives
We have shown that REPRISE maintains ANN activity that
reflects on the past and projects its own state into the future,
thus continuously optimizing its internal (generative) state
estimates about its own body and the environment as well
as imagined upcoming environmental interactions. We have
developed this system as a first step towards sensorimotorgrounded, event-oriented abstractions. Essentially, the context vector c, which was provided as an input vector during training, signals the contextual “event” the system is currently in. Here we have shown that the event was inferable
after model learning. An important next challenge is to foster
the learning of contextual encodings during training – akin
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to parametric bias neural activities (Sugita et al., 2011; Tani,
2017) – probably by using unexpected changes in prediction
errors as an indicator signal for an event change (Butz, 2016;
Gumbsch, Otte, & Butz, 2017).
Once the automatic learning of event encodings is
achieved, event-predictive cognition on the compact eventencoding level will become possible, potentially offering a
step towards conceptual and compositionally re-combinable
event schema abstractions. As an additional challenge, it
should be kept in mind that the implemented processes currently fully rely on error backpropagation through time. Implementations of Bayesian inference or even more general
free-energy-based inference processes along similar lines are
well-imaginable.
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Abstract
Numerous studies have suggested a relationship between working memory and mathematical ability. However, despite the
clear relationship between these two constructs, it is still unclear why working memory might be related to mathematical
ability. In the current study, we tested three possible theories, the Positive Manifold, a mediation model, and a Transactional model. Using path analyses in a structural equation modeling (SEM) framework, fit indices indicated an excellent fit
for the Transactional model, while a poor fit was shown for the remaining models. This finding may suggest that working
memory and mathematical ability interact in a recursive manner over time, and essentially influence one another over a
developmental trajectory. Findings may demonstrate the continued importance of working memory early in development
and understanding how improving working memory may help struggling students in mathematics.
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Abstract

theory, a key difference between subject and object relative
clauses is at the verb in the embedded clause. In both (1a)
and (1b) a retrieval operation must take place when the verb
attacked is encountered; however, whereas in (1a) there is
only one plausible subject (reporter) for attacked, in (1b)
two nouns (reporter and senator), already encoded in
memory, need to be correctly associated with subject and
object roles, and the similarity between them can lead to
memory interference and slower processing.

Memory retrieval and probabilistic expectations are
recognized factors in sentence comprehension that capture
two different critical aspects of processing difficulty: the cost
of retrieving and integrating previously processed elements
with the new input words and the cost of incorrect predictions
about upcoming words or structures in a sentence. Although
these two factors have independently received substantial
support from the extant literature, how they interact remains
poorly understood. The present study investigated memory
retrieval and expectation in a single experiment, pitting these
factors against each other. Results showed a significant
interference effect in both response time to the comprehension
questions and reading time at the last (spillover) sentence
region. We also found that the interference effect on reading
time (but not on comprehension question response time) was
canceled when the word at the retrieval site was highly
predictable. Overall, our findings are consistent with the
hypothesis of a modulatory effect of expectations on memory
retrieval and with the idea that expectation-based facilitation
results from pre-activation of the target word ahead of time.

(1) a. The reporter who attacked the senator admitted the error.
b. The reporter who the senator attacked admitted the error.

Keywords: working memory; interference; expectations; dual
tasking

Introduction
Understanding the nature and the source of processing
complexity in human sentence comprehension has been a
central goal in linguistics and psycholinguistics. The present
work focuses on two classes of explanations: Cue-based
retrieval theory (Lewis & Vasishth, 2005; Lewis, Vasishth,
& Van Dyke, 2006) and expectation theory (Hale, 2001;
Levy, 2008). The cue-based retrieval theory defines
processing difficulty in terms of memory interference from
similar words. The expectation theory characterizes
processing difficulty in terms of degree of experience with
the input in the past: the less common a word or
construction is, the more difficult it will be to process. We
selected these two theories because of their substantial
empirical support from the extant literature and, most
importantly, because they make different theoretical
assumptions that lead to aligned, complementary, or
opposite predictions depending on the nature of the stimuli
and the task at hand.
Consider the examples in (1): both theories correctly
predict that (1b) is more difficult to process than (1a).
Corpus studies (Roland, Dick, & Elman, 2007) show that in
English, subject relative clauses occur more frequently than
object relative clauses, and thus comprehenders’ greater
experience with grammatical structures as in (1a) would
account for the difference in ease of processing between
(1a) and (1b). From the point of view of cue-based retrieval

If in constructions like (1) both theories correctly account
for comprehenders’ performance, they make opposite
predictions in other cases. Consider the sentences in (2)
(Grodner & Gibson, 2005). When the distance between the
noun administrator and the verb supervised is increased,
like in (2b) as compared to (2a), the cue-based retrieval
theory predicts slower (if there is interference) or
comparable (if there is no interference) reading times at the
verb supervised. This effect is explained in terms of possible
greater memory cost (interference) when two elements are
more distant. The expectation theory predicts the opposite
pattern: faster reading times at the verb supervised in (2b)
than (2a). The explanation is that the expectation of a verb
becomes stronger as more material is interpolated between
the initial noun and its verb.
(2) a. The administrator who the nurse supervised ...
b. The administrator who the nurse that was from the clinic
supervised ...

Interestingly, neither of these predictions (comparable or
slower vs. faster reading time with increased distance) holds
up cross-linguistically: the predictions of the cue-based
retrieval theory are correct in English and Russian but not,
for example, in Hindi (Grodner & Gibson, 2005; Levy,
Fedorenko, & Gibson, 2013) and the expectation theory is
incorrect for English but correct in other languages such us
Hindi and German (Levy & Keller, 2013; Vasishth &
Lewis, 2006).
Overall, it appears that the cue-based retrieval theory and
the expectation theory capture different aspects of
processing difficulty: the former a “backward-looking” cost,
that is, the cost of retrieving and integrating previously
processed material with the incoming words; the latter a
“forward-looking” cost, that is, the cost of updating or
dropping predictions that are incompatible with the current
word (Demberg & Keller, 2008). This theoretical difference
is accompanied by data that cannot be fully explained by
either approach. Based on these considerations, many
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researchers now agree that a model of sentence processing
complexity needs to include both memory retrieval and
expectation features in order to explain the full range of data
available (e.g., Demberg & Keller, 2008; Levy et al., 2013;
Staub, 2010; Vasishth & Drenhaus, 2011). Some attempts in
this direction have been made in recent years but no
integrative model has been formulated and a pressing
question remains unanswered: how do memory retrieval and
expectation work together? Here, we hypothesize that
retrieving and integrating a previously processed word is
easier for highly predictable sentences (sharp expectation)
as compared to weakly predictable sentences. According to
this view, expectation-based facilitation at the retrieval site
results from pre-activation of the target word ahead of time.
Our prediction for the current study is therefore that precise
expectations may diminish the damaging effects of memory
interference by boosting the availability of the target
element relative to its competitors.

The Present Study
This study examined the modulatory effect of lexicalsemantic expectation on memory retrieval. In order to
maximize the validity and the comparability of our findings
with previous research, this study combined two established
research paradigms in a single experiment. 1) The effect of
retrieval interference was isolated by using the sentence
reading dual-task paradigm developed by Van Dyke and
McElree (2006). This paradigm has proven to be robust at
identifying retrieval interference effects, as the original
finding has now been replicated several times (e.g.,
Sekerina, Campanelli, & Van Dyke, 2016; Van Dyke,
Johns, & Kukona, 2014). Baseline and interference
conditions were created by crossing memory load and main
clause verb type. Memory load was manipulated such that
participants either did or did not maintain in memory a list
of three nouns (e.g., website–handbag–password) while
reading the stimulus sentence. The interference condition
was determined by whether the nouns in the memory list
were (interference) or were not (no interference) plausible
direct objects for the sentence main verb (e.g., website,
handbag, and password are plausible direct objects for the
verb created but not for the verb performed).
Table 1: Example of experimental items in the Memory
Load condition. Slashes indicate regions of presentation.
Condition Memory list

Sentence

a. NoInt,
LowExp

website-handbag- It was the dance/that the person/who
password
lived/in the city/performed/early last
month.

b. Int,
LowExp

website-handbag- It was the dance/that the person/who
password
lived/in the city/created/early last month.

c. Int,
HighExp.

website-handbag- It was the dance/that the
password
choreographer/who lived/in the
city/created/early last month.

2) The effect of expectation was isolated by manipulating
the main clause verb’s cloze probability, that is, the

predictability of the verb in the context1 of the stimulus
sentence (Taylor, 1953). This manipulation has been
successfully adopted in many studies examining the effect
of expectation on sentence comprehension (e.g., Levy,
2008, 2013). The full design consisted of 6 conditions, with
two levels of expectation examined within the Interference
conditions, but only low expectation within the No
Interference conditions (see Table 1 for examples of Load
conditions). The No Load conditions included the same
sentences, but without the memory list.

Method
Participants
Participants included 36 young adults (15 females) between
22 and 37 years of age (M = 30.3; SD = 5.4). All
participants were native speakers of American English and
reported no history of cognitive or language delay.
Participants' education level is reported in Table 2.

Materials
The experimental material consisted of object cleft
sentences (Table 1). There were 10 trials for each condition
for a total of 10 × 6 = 60 experimental trials. In addition,
there were 120 filler sentences with different syntactic
constructions as in Van Dyke and McElree (2006).
Table 2: Sample education.
Education
High School graduate
Some college, no degree
Associates degree
Bachelors degree
Graduate degree (Masters, Doctorate, etc.)

N
6
6
5
13
6

The experimental material was developed in two stages.
First, we created the stimulus sentences for the 60
experimental trials: some of the sentences were adapted
from Van Dyke and McElree (2006); the remaining
sentences were created following the procedure described in
that study. Second, to determine the cloze probability for the
expectation manipulation we conducted two independent
norming studies using Amazon Mechanical Turk. Cloze
probabilities were obtained for the two Low Expectation
conditions (a. and b. in Table 1: It was the dance that the
person who lived in the city ______ early last month) and
the Interference-High Expectation condition (c. in Table 1:
It was the dance that the choreographer who lived in the
city ______ early last month). Following the standard cloze
procedure, for each norming study fifty native English
speakers were asked to complete the sentences with
plausible words. MTurk workers were allowed to participate
in only one of the two norming studies. From these
responses we selected verbs with probability of 5% or
smaller for the low expectation conditions and verbs with
probabilities greater than 30% for the high expectation
conditions. In addition, the sentence elements that were
1

The contextual element that was varied in the sentence was the
main subject (e.g., person vs. choreographer in Table 1).
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variable across conditions (main clause subject and verb)
were matched on average word frequency and word length
to the greatest extent possible.
Plausibility of the target object and the memory nouns
was verified with an additional norming study using
Amazon Mechanical Turk. Fifty MTurk workers were asked
to judge on a scale from 1 (not at all) to 7 (very well) how
well the target object of the sentence (e.g., dance) and the
three memory nouns (e.g., website, handbag, and password)
fit into the sentence. For this task, workers were presented
with a simplified version of the experimental sentences in
the following form: The person created the _website_. For
plausible objects, we retained only words with average
score greater than 5. For implausible objects, only words
with average score smaller than 2 were kept.

Procedure
Six lists were created such that each item occurred only
once in a list, following a Latin-Square design. The lists
were counterbalanced by subject and presented using
Inquisit Web 4 (Inquisit 4, 2015), which provides
millisecond precision for stimulus presentation and response
time. In the Memory Load condition, first, participants saw
the words of the memory list for 3 seconds and were
instructed to memorize them; then they read the sentence
using the self-paced phrase-by-phrase methods (for details,
see Van Dyke & McElree, 2006). At the end of the
sentence, participants answered a comprehension question
(true/false) by pressing “1” or “3” on the keyboard and then
they typed the words of the memory list into the computer.
In the No Memory Load condition, participants were only
required to read the sentence and answer the comprehension
question. Half of the comprehension questions were true
and half were false. For the experimental sentences, correct
answers required understanding the main clause subjectverb-object relation (e.g., for b. in Table 1, Did the person
create the dance? / Did the person create the password?);
for the filler sentences, the comprehension questions probed
different aspects of the sentences.
Participants for the main experiment were recruited
through MTurk. Only workers who consistently
demonstrated a high degree of reliability in performing a
wide range of tasks across a large number of requesters
were allowed to participate. Requirements included Master
qualification2, approval rate greater than or equal to 99%,
number of HITs approved greater than or equal to 10000,
US location, and screen resolution greater than or equal to
800×600 pixels. Workers were invited to participate in the
study only if they were in a quiet room and had the time to
complete the task in one sitting. Forty-five workers accepted
the HIT but only the 36 subjects described in the
Participants section completed the task and were included in
the present study.
The study required an average of 45 minutes to complete,
and participants received $8 plus a bonus depending on their
performance accuracy: $0.02 for each comprehension
question answered correctly (total for 180 sentences = $3.6
2

For more information about Master qualifications in Amazon
Mechanical Turk, see https://www.mturk.com.

maximum) and $0.02 for each single memory word recalled
correctly (82 lists of 3 words = 246 = $4.92 maximum).
All procedures and materials were approved by the
Institutional Review Board of the City University of New
York.

Data Analysis
Mixed-effects logistic regression analysis was used to
examine comprehension question accuracy, and linear
mixed-effects regression was employed to analyze
comprehension question response time and reading time.
Both response times and reading times were log transformed
before the analyses. All models included random intercepts
for subjects and items and by-subject 3 random slopes
(Baayen, Davidson, & Bates, 2008). As the three
experimental manipulations were not completely crossed, a
single factor with six levels was used as the predictor
variable; then pre-planned contrasts were used to test our
hypotheses: the effect of Load (Load conditions vs. NoLoad
conditions), the effects of Interference and Expectation in
the NoLoad conditions, and the effects of Interference and
Expectation in the Load conditions.
The presence of outliers was examined by looking at
average performance by subject and condition and models
residuals. Absolute standardized values greater than 2.5
were trimmed, with exclusion of less than 4% of the data.
Data were analyzed with R version 3.4.3 (R Core Team,
2017) using the glmer and lmer functions from the lme4
package, version 1.1-15 (Bates, Mächler, Bolker, & Walker,
2015). Contrasts for the effects of Interference and
Expectation were carried out using the emmeans package
(Lenth, Love, & Herve, 2018). The effect of Load was
tested using the linearHypothesis function from the car
package (Fox & Weisberg, 2011).

Results
Recall of Memory List (Load conditions only)
Recall of the memory words was scored according to a
lenient criterion, in which accuracy was determined by the
number of words correctly recalled, regardless of their order
of presentation. Average recall was 93.2% and comparable
in the three conditions, therefore no statistical analysis was
performed. Descriptive statistics are reported in Table 3.
Table 3: Descriptive statistics for recall accuracy (percent).
Condition

Mean

SD

Min

Max

NoInt-LowExp

92.8

11.1

60

100

Int-LowExp

93.6

11.2

53

100

Int-HighExp

93.2

11.3

57

100

Comprehension Questions Accuracy
Response accuracy to the comprehension questions was
above 97% in the NoLoad conditions (NoInt-LowExp =
98%; Int-LowExp = 97%; Int-HighExp = 97%) and higher
than 90% in the three Load conditions (NoInt-LowExp =
3

By-item random slopes were tested but never retained because
of convergence failures.
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95%; Int-LowExp = 91%; Int-HighExp = 92%). Contrasts
following mixed-effects logistic regression analysis
confirmed a statistically significant effect of Load, (χ 2(1) =
23.9, p < .001). None of the contrasts for the effects of
Interference and Expectation in the NoLoad and Load
conditions reached statistical significance (p > .073).

Comprehension Questions Response Time

018). For the NoLoad conditions, it emerged an
Expectation, but not Interference, effect, indicating that
reading time was faster in the HighExp condition than in the
two LowExp conditions. Most importantly, we found
significant, or approaching significance, effects of both
Expectation and Interference in the Load conditions, such
that reading was slowest in the Int-LowExp condition and
fastest in the Int-HighExp condition (Table 5; Figure 1).

The analysis of response time to the comprehension
questions revealed a significant effect of Load (χ 2(1) = 15.1,
p < .001), such that participants’ reaction times were overall
slower in the Load than in the NoLoad conditions (1794 ms
and 1661 ms, respectively). It also emerged a significant
Interference effects in the Load conditions, indicating that
the two interference conditions (Int-LowExp and IntHighExp) were slower than the no interference condition.
No other significant effects emerged (Table 4).
Table 4: Comprehension question response time: Contrasts
for the effects of Interference and Expectation.
Contrasta
1–2
1–3
2–3
4–5
4–6
5–6

Estimate
-0.04
-0.03
0.01
-0.04
-0.07
-0.03

95% CI
[-0.07; 0.00]
[-0.07; 0.01]
[-0.03; 0.05]
[-0.08; 0.00]
[-0.11; -0.03]
[-0.07; 0.01]

t ratio
-1.78
-1.46
0.32
-2.14
-3.52
-1.34

p-value
.076
.144
.752
.032
<.001
.18

Figure 1: Reading time at the spillover region (±SE). More
negative values indicate faster reading times.

Discussion

Note. a1 = NoLoad-NoInt-LowExp; 2 = NoLoad-Int-LowExp; 3 = NoLoadInt-HighExp; 4 = Load-NoInt-LowExp; 5 = Load-Int-LowExp; 6 = LoadInt-HighExp.

Reading Time
To adjust for between subject variability in reading time,
region length, and region position, residual log transformed
reading time was used as the dependent measure (Ferreira &
Clifton, 1986; Trueswell, Tanenhaus, & Garnsey, 1994).
For the critical sentence region (retrieval verb, e.g.,
performed), no significant effects of Load, Interference, or
Expectation were found (p > .18). Therefore, these results
will not be discussed further.
Table 5: Reading time at the spillover region: Contrasts for
the effects of Interference and Expectation.
Contrasta
1-2
1-3
2-3
4-5
4-6
5-6

Estimate
-0.01
0.05
0.06
-0.03
0.02
0.05

95% CI
[-0.03; 0.02]
[0.02; 0.07]
[0.03; 0.08]
[-0.05; 0]
[0; 0.05]
[0.02; 0.07]

t ratio
-0.53
4.01
4.49
-1.99
1.71
3.47

p-value
.599
<.001
<.001
.054
.096
.001

Note. a1 = NoLoad-NoInt-LowExp; 2 = NoLoad-Int-LowExp; 3 = NoLoadInt-HighExp; 4 = Load-NoInt-LowExp; 5 = Load-Int-LowExp; 6 = LoadInt-HighExp.

A different pattern of results was found at the spillover
region (e.g., early last month). Similarly to Van Dyke and
McElree (2006), reading time in the Load conditions was
faster than that in the NoLoad conditions (χ 2(1) = 5.6, p = .

In this paper, we examined the effect of lexical-semantic
expectation on memory retrieval during self-paced reading
of object cleft sentences. The aim of the present study was
twofold. First, although there is substantial empirical
support for the independent contribution of memory and
expectation in sentence comprehension, much less is known
about how they interact during online processing. The
present experiment is one of the first to examine their
interaction by combining two established research
paradigms in a single experiment.
Second, the majority of the studies that examined the
independent effects of memory and expectation
operationalized memory cost using outdated models of
memory, such as variations of the capacity theory, that lead
to memory cost measures based on some sort of distance
between dependent constituents (e.g., number of words or
intervening discourse referents; Gibson, 2000; Just &
Carpenter, 1992; Miller & Chomsky, 1963). Current
memory models in experimental psychology and
psycholinguistics have shifted their focus from global
capacity to the specific content of the memory
representations and whether the target representations can
be reliably retrieved from memory (Van Dyke & Johns,
2012; Van Dyke, Johns, & Kukona, 2014; Van Dyke &
Lewis, 2003). All previously processed items that are stored
in working memory compete during retrieval, and
processing difficulty is related to the reliability of the
retrieval cues for discriminating targets from distracting
information. On this view, it is retrieval interference from
similar items, not the amount of information, that is the
primary source of processing difficulty (Fedorenko, Gibson,
& Rohde, 2006; Fedorenko, Woodbury, & Gibson, 2013;
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Gordon, Hendrick, & Johnson, 2001; Gordon, Hendrick, &
Levine, 2002; Van Dyke, 2007; Van Dyke & McElree,
2006, 2011). The present experiment advances our
understanding of the relation between memory and
expectation by operationalizing memory cost in terms of
retrieval interference.
Two key findings emerged. First, reading time at the
spillover region replicated established memory interference
and expectation effects, thus supporting the validity of the
method adopted. Second, we found that the interference
effect on reading time (but not on response accuracy or
response time to the comprehension questions) was
completely canceled when the word at the retrieval site was
highly predictable.
These results are in line with other, indirect, evidence that
points to a modulatory effect of expectation on memory
retrieval. In the experimental psychology and brain research
literature, for example, recent work has shown that
expectations of upcoming events improve speed and
accuracy of stimulus detection, discrimination, and retrieval
from memory (e.g., Bollinger et al., 2010; Esterman &
Yantis, 2010; Gazzaley & Nobre, 2012; Summerfield &
Egner, 2009). In the psycholinguistics literature, it is worth
mentioning, among others, the study by Husain, Vasishth,
and Srinivasan (2014, see also Nicenboim, Vasishth, Gattei,
Sigman, & Kliegl, 2015). These authors found that locality
effects (increased difficulty with increasing distance
between elements) were detected when expectation was
weak but not when expectation was strong.
Overall, this pattern of results further stresses the need for
a unified framework for memory, expectation, and their
interaction, and seems not to be consistent with additive or
two-factor type of models of language processing. Levy
(2008), for example, proposed a model in which expectation
has an effect on early stages (e.g., lexical processing) and
memory interference on a later, syntactic integration phase.
Although there is evidence supporting such two-factor
models, they do not make any explicit predictions about
possible interactions between memory and expectation
components.
A model that explicitly predicts an interaction between
expectation and memory interference is proposed by Lau
(2009). Lau hypothesizes that a strong enough expectation
may trigger the attachment of the expected element in
advance of its encounter. This is followed by a quick check
of the bottom-up input against the prediction, without the
need for a retrieval operation. However, the mechanisms by
which the predicted elements are maintained active in
memory are not clearly specified.
An interaction between expectation and memory
interference could also be accommodated by left corner
parsers, such as the ACT-R implementation in Lewis &
Vasishth (2005). A transient shift of attention to the cued
representation guided by contextual information can
increase the baseline activation of the target word and
facilitate subsequent memory retrieval.
Overall, our findings are consistent with the hypothesis
that as the relevance of a specific element increases in a
given sentential context, the cued information is
(probabilistically) pre-activated. If we think of memory
retrieval as a gradual accumulation of information in the

focus of attention, expectation would exercise its effect via
an advance accumulation of evidence before the retrieval is
initiated. Such a head start for selection of information
would reduce retrieval interference by boosting the
availability of the target word relative to its competitors.
The pre-activation view of expectation-based facilitation is
not new in psycholinguistics, and received substantial
support in the last decades (e.g., Federmeier, 2007;
Kuperberg & Jaeger, 2016; Pickering & Gambi, in press, for
discussion). This view is also compatible with recent neural
models that describe the brain as a predictive machine, in
which the neural system is assumed to constantly be
predicting upcoming input and monitoring the degree of
match between anticipated information and perceptual input
(e.g., Clark, 2013; Schacter, Addis, & Buckner, 2007).
Future research will need to further investigate the precise
mechanisms by which expectations exercise their effects
and timing of their interactions with memory retrieval.
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Abstract

harmony in Finnish, so the harmony in (2) must spread longdistance over these vowels. The opacity of such potentially
long distance alternations (Kaun, 2004; Finley, 2009) seems
to pose a challenge for learners, yet children do learn them
reliably. A large number of laboratory experiments demonstrate that infants as young as seven months are sensitive to
vowel harmony alternations (Mintz, Walker, Welday, & Kidd,
2018; Van Kampen, Parmaksiz, Vijver, & Höhle, 2008).

Vowel harmony denotes a class of phonotactic constraints
which limit which vowels can co-occur in words. The characteristics of harmony systems have been well-researched from
theoretical, typological, and developmental perspectives. Children are sensitive to harmony very early in their development,
as young as seven months, so the mechanisms responsible for
harmony acquisition must be able to identify its presence as
well as the specifics of individual vowel harmony systems
with little input. Prior computational work has sought either
to detect the presence of harmony without describing the specific implementation or to describe a specific implementation
when the general details are known beforehand. We present
a new computational acquisition approach inspired by phonological notions of restrictiveness which succeeds in automatically detecting harmony in some language and describes the
gross characteristics of the underlying harmony grammar without prior knowledge about the type of system to expect.
Keywords: linguistics; language acquisition; phonology;
computational modeling; vowel harmony;

(2)

Introduction
Vowel harmony describes a broad class of phonotactic constraints which partition a language’s vowels into two or more
classes. Words are restricted from containing vowels from
multiple classes regardless of the intervening consonants
(Bakovic, 2000). A range of geographically and typologically
diverse languages exhibit vowel harmony. It is commonly associated with the Uralic (Finnish, Hungarian, Nenets, etc.),
Turkic (Turkish, Uyghur, etc.), and Mongolic (Mongolian,
Buryat, etc.) families, among many others (Kaun, 2004), and
has occasionally been described for Bantu (kiKongo, Shona,
etc.) as well (Beckman, 1997).
Vowel harmony is often identified by the presence of morphological alternations. For example in Turkish (1), the
vowel in the plural ending changes according to the vowels
within the root that it attaches to. If the root contains front
vowels, then the suffix contains an e, but if the root contains
back vowels, then the suffix contains a corresponding a. The
roots themselves are subject to the harmony constraint, so
they never contain a mix of front and back vowels either.
(1)

a. Göz-ler ve kulak-lar
eye-PL and ear-PL
‘Eyes and ears.’
b. kedi-ler ve boncuk-lar
cat-PL and bead-PL
‘Cats and beads’

Canonical vowel harmony applies across all morphemes
in whole words. Sometimes, as in Finnish, the results are
dramatic. The vowels /i/ and /e/ do not participate in vowel
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a. kumarreksituteskenteleentuvaisehkollaismaisekkuudellisenneskenteluttelemattomammuuksissansakaankopahan
b. epäjärjestelmällistyttämättömyy
dellänsäkäänköhän

While the phonological representation (Bakovic, 2000;
Krämer, 2003) and typological distribution (Aoki, 1968;
Kaun, 2004) of vowel harmony are well-researched, an explicit model of acquisition has thus far been lacking. Here we
present a computational model for the acquisition of vowel
harmony which accounts for a range of known theoretical and
experimental facts. It relies on pointwise mutual information
(PMI) between pairs of tier-adjacent vowels (i.e., vowels that
are adjacent when consonants are disregarded) to correctly
identify the presence or absence of vowel harmony (including secondary harmony), to determine which vowels participate in harmony, and to properly categorize those vowels into
their harmonizing classes, showing that these broad characteristics of harmony systems can be discovered by a learner
with minimal information.
That our learning model operates over local co-occurrence
statistics on the vowel tier is consistent with work demonstrating the sufficiency of such ‘Tier-based Strictly Local’ representations of phonological constraints (Heinz, Rawal, & Tanner, 2011). This restricted computational power is desirable,
so as not to over-generate posited generalization—a common
problem for the application of many modern statistical learning methods to questions of language acquisition. In the next
sections, we review the phonological facts of vowel harmony
systems and discuss previous computational approaches for
describing their acquisition, and then we introduce the present
model and two computational modeling experiments which
offer support for our approach. We conclude with a discussion of implications and directions for future work.

Phonological Theories of Harmony
Phonotactic restrictions are local. The patterns of constraints
that dictate whether a phone can possibly occur in a word

(a) Finnish

(b) Turkish

Figure 1: Venn diagrams showing basic vowel harmony systems of Finnish (left) and Turkish (right). All Turkish vowels
harmonize, but the Finnish system includes two ‘neutral’ vowels which do not respond to or influence vowel harmony.
only operate on that phone and its neighbors. For instance
in English, obstruents occupying the same syllable coda must
share the same value for voicing. That is why ‘cats’ is pronounced /kæts/, but ‘dogs’ is pronounced /dOgz/. The -s is
voiced in the latter but not in the former in order to agree
with the preceding obstruent. This pattern is local because it
only operates over a fixed distance k from the phone in question (k = 1 here). When another phone intervenes between
the obstruents, as in /bAksIz/ ‘boxes,’ the constraint does not
apply. That is not to say, however, that all phonotactics apply locally on the surface. They can apply locally on tiers
as well. For example, vowel harmony applies between vowels and their nearest vowel neighbors regardless of how many
intervening consonants there are. These interactions are still
local over a fixed k distance because nearest vowels on the
surface are adjacent vowels on the vowel-tier.
Like the English example, vowel harmony requires that the
relevant phones share some phonological feature, e.g., frontness, height, roundness, ATR (Aoki, 1968). In Finnish for
instance, there is a harmony alternation between -FRONT and
+FRONT vowels as illustrated in Table 1. For example, in a
simple /a,i,u,e,o/ system with hi/non-hi harmony, words can
contain only high vowels /i,u/ or non-hi vowels /a,e,o/, but
not both. This means that harmonizing sets are not arbitrary.
Cross-linguistically, attested vowel harmony alternations are
over phonologically defined natural classes.
Finnish
pöytä-nä
pouta-na
koti-na
käde-llä
kesy-llä
vero-lla

English
‘table’
‘fine wine’
‘home’
‘hand’
‘tame‘
‘tax’

Case
essive
essive
essive
adessive
adessive
adessive

Table 1: Finnish suffix allomorphy caused by vowel harmony.
Data adapted from Baker (2009)
.
In the simple case, vowel harmony applies to entire words.
All vowels in a word must share some phonological feature
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in common. Keeping the ideas of tier-adjacency in mind, it is
possible to describe this whole word constraint as a local process: vowel harmony just needs to spread from vowel to adjacent vowel to adjacent vowel in order to express this ‘longdistance’ process. But this is an over-simplification. Some
languages have ‘neutral’ vowels which do not participate in
the harmony process.
In some languages, these neutral vowels block harmony
from spreading across them. They are ‘opaque’ because they
sit in the way of the spread of harmony on the vowel-tier
and break tier-adjacency. For instance in Fula, ATR harmony
normally prevents vowels like /i/ and /O/ from appearing in
the same word., but this spreading is blocked by the opaque
vowel /a/ (Gafos & Dye, 2011). This is highlighted by the
alternation in 3a and 3b, compared with the co-occurrence
of /i/ and /O/ when an opaque vowel intervenes as in 3c. In
other languages, neutral vowels are said to be ‘transparent’
because they let harmony pass through them. This can still
be expressed locally if the transparent vowels keep track of
which harmony class their neighbors are in and spread that
feature but then surface without it. For instance, in Finnish
there are two ‘neutral’ vowels /i/ and /e/, which can surface
in words with either +BACK and +FRONT vowels. Figure 1
presents a visual representation of the Finnish system with
neutral vowels.
(3)

a. pEEc-On
crack-DIM . PL
‘Little cracks’
b. peec-i
crack-PL
‘Cracks’
c. bOOt-aa-ri
dinner
‘Dinner’

In addition to neutral vowels, harmony systems are complicated by the presence of multiple harmony alternations.
For example, Turkish not only exhibits primary frontness harmony as in Figure 1, but also a secondary alternation between
round and non-round vowels.

Every harmony pattern discussed so far can be expressed
locally even when surface alternations may appear over long
distances. In fact, it has been argued that all harmony systems
can be expressed locally (Heinz & Lai, 2013). This is backed
up by typological evidence. So far, none of the many conceivable non-local harmony systems has been attested. For
example, one might imagine a ‘sour-grapes’ system in which
a feature only spread at all if every vowel in a guaranteed to
harmonize. e.g. if some opaque vowel exists in a word then
would-be feature spreading does not occur.
The ideas expressed here imply a certain kind of acquisition model. Vowel harmony spreads vowel-to-vowel to tieradjacent neighbors, therefore a learner’s grammar must be
able to operate on that kind of mechanism. A learning model
that operates only on tier-adjacent vowels should only be able
to identify precisely those kinds of patterns and not overpredict unattested systems. This might be contrasted with
a more mathematically powerful model which would need
subsequent constraints so as to match the typologically attested distribution of harmony systems. The model we describe here is sufficient for capturing the types of harmony
described here. While these are not all the possible harmony
systems that exist, these capture the broad patterns that can be
learned without specific reference to morphology or a deeper
understanding of a language’s phonology.

Previous Approaches
Prior computational work on vowel harmony has sought to
describe harmony systems or to model the acquisition process
when the presence and type of harmony was known beforehand. Harrison, Thomforde, and O’Keefe (2004); Sanders
and Harrison (2012) calculate quantitative metrics of harmony over a language. However such a metric for how “harmonic” a language is does not provide an explicit model of acquisition. Similar descriptions and general quantitative metrics of harmony are addressed in Mayer, Rohrdantz, Butt,
Plank, and Keim (2010) and Szabó and Cöltekin (2013), but
they too are meant as tools for phonological analysis rather
than cognitive learning models.
Previous acquisition models, on the other hand, are able to
describe harmony systems but need to know up front whether
there is harmony in the input and how many levels to represent. The most successful of these (Baker, 2009), uses a
two-state Hidden Markov Model (HMM) to characterize harmony status of Turkish, Finnish, with non-harmonizing English and Italian as controls. The approach in Baker (2009)
(which builds on Goldsmith and Xanthos (2009); Goldsmith
and Riggle (2012)) is restricting, however, in that it requires
the researcher to decide upfront how many levels of harmony
to search for, with the wrong parameter choice leading in incorrect output. Secondary harmony can only be processed if
the HMM is setup with four initial states rather than two. The
paper also discusses how a class of models using mutual information (MI) and Boltzmann fields can accurately identify
vowel-to-vowel interactions but does not provide an explicit

1442

means for describing vowel harmony given the results.
The input data for all previous models has been in the form
of word lists. This is important given experimental findings
that infants are sensitive to vowel harmony alternations at as
young as six or seven months (Mintz et al., 2018). This stage
of development predates infants’ ability to segment continuous speech into words (Saffran, Aslin, & Newport, 1996),
and in fact may serve as a cue to aid in doing so. With this
in mind, a full model of vowel harmony acquisition should be
able to function taking in either word lists or unsegmented utterances as input. Our acquisition model improves upon previous work by combining the task of detecting harmony with
the problem of describing the underlying grammar responsible for harmony. Furthermore, it does away with complex
statistical methods in favor of simple local calculations which
are amenable to online implementation.

Current Model
The current model takes a stream of segments as input and
produces a characterization of the input’s harmony system
as output. Due to technical limitations, the model was run
on standard orthographies instead of phonemic transcriptions.
For most languages tested, the orthography maps reasonably
well to phonemes, so this may be viewed as a test of robustness rather than a hindrance since an orthographic record necessarily includes some degree of noise or error compared to
direct phonemic transcription. As the model performs well
over orthographic input, we have confidence that the results
generalize to less noisy input schemes.
The model does not have a means of distinguishing between consonants and vowels on its own at this point, so the
input must be annotated to indicate which characters are vowels. They may be annotated with a basic set of phonological features as well. The notion that infant learners separate
phonological input into distinct consonant and vowel tiers is
well established within language acquisition and phonological processing literature (Maye, Werker, & Gerken, 2002;
Saffran, Newport, & Aslin, 1996; Aslin, Woodward, LaMendola, & Bever, 1996; Saffran, Aslin, & Newport, 1996; Newport & Aslin, 2004), and all major phonological theories include some notion of basic features. These features are used
to pair up harmonizing vowels across harmony sets, but they
are not necessary for identifying harmony or the sets themselves, so the model is agnostic to the particular feature values
posited for any individual language.
Given the input stream, segments are automatically separated into vowel and consonant tiers, and counts of tieradjacent vowels are calculated. For example, in the Finnish
word Kalevala, the tier-adjacent pairs are ‘a-e’, ‘e-a’, and ‘aa’. Once the co-occurrences are tabulated, it is possible to
compute a simple metric related to pointwise mutual information (PMI) between vowels as shown in Eq. 1. The way
PMI is applied here has a fairly intuitive interpretation. We
would like an estimate how likely two vowels are to co-occur.
However, a simple conditional probability is insufficient since

(a) English

(b) Finnish

(c) Turkish

Figure 2: Heat-maps showing PMI between vowels in English (no harmony), Finnish (harmony with neutral vowels e and i,
and Turkish (harmony for all vowels). Green indicates low PMI (high co-occurance) while red corresponds to a high PMI (low
co-occurrence).
it is heavily biased by frequency, so we divide by the probability of the vowel to normalize for that. This is simpler than
true PMI as the model does not include any logarithmic transformations. This metric is something which an infant can, in
principle, compute. It is simply the ratio between transitional
probabilities and raw probabilities—both of which have been
experimentally demonstrated to be computed and utilized by
infants (Saffran, Newport, & Aslin, 1996; Aslin, Saffran, &
Newport, 1998; Pelucchi, Hay, & Saffran, 2009).
PMI(V1 ,V2 ) =

P(V1 |V2 )
P(V1 )

(1)

This process yields a co-occurrence vector for every vowel.
In the absence any phonotactic restrictions, we expect each
vector to be fairly uniform. That is, each vowel is expected to
co-occur with every other vowel at a more or less uniform rate
once the frequencies of both vowels are accounted for. This
is precisely the pattern observed in non-harmony languages
like English. However, with vowel harmony restricting cooccurrences, those vowels that participate in the alternation
should rarely if ever occur with members of the opposite harmony set, yielding skewed distributions. Neutral vowels, on
the other hand, should not show this asymmetry. The heatmaps in Figure 2 show a graphical representation of such patterns as captured by the model.
The PMI calculation reveals many characteristics of the
system. First, there is no harmony if each vowel has a nearuniform distribution, otherwise there is some kind of harmony. Second, vowels with highly skewed distributions can
be contrasted with those with near-uniform distributions in
order to separate neutral vowel from harmonizing vowels.
The remaining vowels can be grouped according to their PMI
vectors to determine to their class memberships.
The model groups the harmonizing vowels into their primary sets by a k-means clustering into two groups, but any
number of suitable alternatives could achieve similar results.
k-Means is desirable because it is fast to compute and can be
performed online. The typical concern with k-means clustering is that the number of clusters needs to be known before-
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hand, but in the problem at hand, k is always 2.
Primary harmonizing classes can be determined without
imposing a feature system on the data. The features come
into play for identifying secondary harmony and mapping
vowels with their counterparts across sets. Vowel distinctions
are collapsed over the identified harmonizing feature—i.e. if
±FRONT harmony were identified, then that feature would be
removed and vowels with identical features treated as identical. The pairs of vowels that collapse together most closely
are those that primary harmony alternates with one another.
Then the co-occurrence tabulation is re-run to find skewed
distributions that were masked during the first pass.

Evaluation
A series of experiments were run to evaluate the performance
of the model. The eight test languages included with five
with productive vowel harmony (Finnish, Hungarian, Turkish, Uyghur, Warlpiri), two with secondary harmony (Turkish and Hungarian), two with no harmony (English, German),
and one which had vowel harmony in the recent past but no
longer has the productive process (Estonian). Of these, Turkish and Uyghur have no neutral vowels in their primary systems, while Finnish, Hungarian, and Warlpiri each have at
least one. English and German serve as a control. It is important to confirm that the harmony detection results actually
depend on the input. Input data were from MorphoChallenge
(Kurimo, Virpioja, Turunen, & Lagus, 2010) when available.
The Uyghur and Hungarian were provided for the DARPA
LORELEI project, and the Warlpiri data is from (Swartz,
1997). Table 2 summarizes the harmony systems of each input language. The corpora varied considerably in how many
harmony violations they have. Turkish was the worst with
about a third of words containing at least one violation.
Experiments were performed using two different preparations of the respective data sets. In the first test, the
model was fed segmented wordlists from each language with
frequency information tabulated from the corpora with extremely infrequent words discarded (those representing less
than 0.00001% of the total corpus). The second test, run

Language
Hungarian
Turkish
Finnish
Uyghur
Warlpiri
Estonian
German
English

Primary
frontness
frontness
frontness
frontness
frontness
(remnant)
–
–

Secondary
rounding
rounding
–
–
–
–
–
–

Neutral Vowels
2/7
(rounding only)
2/8
0
1/3
–
–
–

Model Correct
Primary only
4
4
4
4
(4)
4
4

Table 2: Performance on various test languages. Middle columns indicate the ground-truth system for each language. Checkmarks in the right column indicate that the system was learned exactly. Estonian is indicated in (blue), as the predicted harmony
for Estonian learning infants has not yet been tested empirically. Vowel length was removed from Hungarian orthography.
on Turkish, Finnish, Walpiri, English, and German, evaluated the model on whole unsegmented utterances rather than
wordlists. This is a more difficult evaluation because, without access to the boundaries between words, the distributional
cues required for learning are subject to a much higher degree
of noice. This test of robustness was meant to more closely
capture the type of input available to infants who are still
solving word segmentation for themselves. Performance of
the model was the same in both cases: all known productive
vowel harmony languages were identified as such, and their
vowels properly categorized into the appropriate harmonizing
classes, including the Turkish secondary classes. No harmony
system was detected for either English or German.
Estonian was included because it lacks productive vowel
harmony but had it in the past (Harms, 1962). One might
expect the language to show the residual fingerprint of its
harmony system. That is, the language should show the distributional asymmetries that are typical of its formal vowel
harmony system, but that signal should be degraded since it
is no longer actively maintained in speakers’ grammars. Our
learning model discovers exactly such a fingerprint: a tendency towards frontness harmony that is much weaker than
its close relative, Finnish, but much stronger than either English or German. Though it is obvious that adult Estonian
speakers’ grammars do not obey vowel harmony, it is unclear
how children react to this signal. Given the experimental finding that infants are sensitive to vowel harmony alternations
before word segmentation (Mintz et al., 2018), and crucially,
that this distributional sensitivity is able to be elicited even for
infants primarily exposed to a non-harmony language such
as English, it is conceivable that they do pick it up at some
early stage in learning before dropping it later. Experimental
evidence on young Estonian learners would be necessary to
elucidate this.
A similar note should be made of the model’s failure to
identify secondary harmony in Hungarian. The phonological facts of Hungarian harmony interactions are complex
(Törkenczy, 2016), and it is unknown the stages of acquisition that Hungarian learners may pass through. Without
a fuller accounting of early Hungarian phonological acquisition, e.g., whether secondary harmony learned as early as
primary harmony or if it relies on later lexical or morphological knowledge, it is unclear whether the model’s performance
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in this case is correct or in error.

Discussion
The structure required to fully describe a harmony system
within theoretical phonology requires a number of abstractions on top of acoustic data. Nonetheless, children are
adept learners of such complex systems, and experimental evidences confirms that they are sensitive to harmony in broad
strokes at an early age. In this paper, we introduced an explicit model of vowel harmony acquisition which is able to
account for this process relying only on computationally simple, cognitively plausible tools. This is an improvement over
previous quantitative metrics of harmony which either lack an
explicit learning model, or require additional parameter specification from the researcher. While the present model does
not provide a full specification of a harmony grammar—it
does not distinguish opaque from neutral vowels, or identify the direction of spreading, etc.—such early identification
of harmony broadly matches the empirical findings on infant
sensitivity to harmonic input. It is not clear at what stage of
development more rich harmony representation is acquired.
While the experimental results of the model on the majority of test languages were clear, the case of Estonian is worth
noting. From one perspective, the model fails to correctly
identify the lack of a productive harmony process in modern
Estonian. On the other hand, it does uncover a fact about the
language. It had productive harmony in the past, and it apparently retains the residual effects of harmony in the present. In
this way, the model has something to say about adult linguistic representation.
We also draw attention to the connection between typological facts and models of acquisition. Our acquisition model
treats the learning of multiple harmony processes as a fundamentally sequential process. Aksenova and Deshmukh
(2018) show that within the typology of multiple harmony
systems cross-linguistically, the only attested relations between vowel sets are either disjoint or subset/superset. The
only unattested configuration of multiple vowel harmony is
one in which harmonizing classes are partially overlapping.
Such an overlapping multiple harmony system would require
parallel rather than sequential acquisition. While it requires
more thorough investigation, it is promising that typological
generalizations in vowel harmony are consistent with inde-

pendent predictions of an acquisition model. This account
of vowel harmony acquisition is intrinsically tied to notions
of phonological restrictiveness. The process of tier-adjacent
tabulations means that models of this class can formally capture exactly those, and only those, patterns that are consistent
with Tier-based Strictly Local formal grammars without any
sort of post-hoc or superficial restrictions.
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Abstract
A fundamental question in word learning is how, given only
evidence about what objects a word has previously referred to,
children are able to generalize the total class (Smith & Medin,
1981; Xu & Tenenbaum, 2007). E.g. how a child ends up
knowing that ‘poodle’ only picks out a specific subset of dogs
rather than the whole class and vice versa. The Naı̈ve Generalization Model (NGM) presented in this paper offers an explanation of word learning phenomena grounded in category
formation (Smith & Medin, 1981) The NGM captures a range
of relevant experimental findings (Xu & Tenenbaum, 2007;
Spencer, Perone, Smith, & Samuelson, 2011), including those
which are in conflict with a Bayesian inference theory (Xu &
Tenenbaum, 2007).
Keywords: Language Acquisition; Word Learning; Cognitive
Modeling; Computational Linguistics

Word Learning and Generalization
A crucial facet of language acquisition is the development of
the lexicon. Language learners need to infer the set of vocabulary items belonging to their particular language based on
the patterns of speech produced around them. While much
previous work has focused on referential ambiguity resolution (Yu, 2008), the issue of generalization is less well understood. Consider a simple environment for learning the word
‘dog’: A child hears an adult speaker refer to their pet as
/dOg/. While from the prospective of referential ambiguity
the situation is clear, the space of possible meanings for the
phonetic label /dOg/ is still quite large. The word may be the
particular pets name, or it could mean pets generally. It might
pick out the set of (all and only) dogs.
Experimental work on the acquisition of word meanings
has shown that language learners approach the problem with
strong biases with respect to referents and concepts that
severely limit this potential search space (Markman, 1990;
Landau, Smith, & Jones, 1988; Snedeker, Gleitman, et al.,
2004; Gillette, Gleitman, Gleitman, & Lederer, 1999). Yet,
despite the help of limited search from such biases, word
learning is still able to function even in an impoverished “base
condition” in which the only direct source of information is
the set of referents. A helpful conceptualization of this is that
words are invitations to form categories (Waxman & Markow,
1995). It is striking that infants interpret a word as selecting
members of some kind, rather than simply naming an individual referent.
If hearing a novel word like ‘fep’ prompts the learner to
create a category, we would like to know what knowledge
ends up encoded by that process and how. Once a child has
seen that ‘poodle’ can refer to whatever instances of poodles
they were exposed to, how does he/she know that ‘poodle’
can refer to all (and only) items in the real class of poodles?
This is in contrast to both failing to generalize sufficiently,
e.g. erroneously positing that the word only refers to their

pet, as well as overgeneralizing that the word selects the set
of all dogs.
A popular previous model of word learning functions via
Bayesian inference (Xu & Tenenbaum, 2007). While some
support for this paradigm is offered by the ‘suspicious coincidence effect’ (SCE)—that an increase in sample-size corresponds to more narrow word meanings—conflicting experimental findings (Spencer et al., 2011) contradict predictions
made by Xu and Tenenbaum (2007). Notably the SCE disappears depending on the temporal presentation style in which
stimuli are given to participants (Spencer et al., 2011). While
this gap in SCE under such conditions was first highlighted
by Spencer et al. (2011), they did not provide a computational model to account for the finding. Nonetheless this difference in performance between sequential and parallel presentation is in fact consistent across a range of related studies
(Gelman & Markman, 1986; Lawson, 2017). This variance
across presentation style should thus be viewed as an important cognitive effect worthy of explanation rather than simply
a nuisance data point to capture.
The Naı̈ve Generalization Model (NGM) presented in this
paper offers an explanation of word learning phenomena
grounded in category formation (Smith & Medin, 1981). The
model explains the mechanism by which hearing novel words
invites a learner to create a new category from component
‘features’. Once a representation for a novel word has been
created, the learner is able to evaluate subsequent labeled objects with respect to this hypothesized meaning. Evaluation
of meanings is ‘naı̈ve’ in the sense that it does not optimize
for any particular global value, with both creation and evaluations of word meanings functioning locally. The NGM is
consistent with, and offers an explanation of, a range of previously conflicting experimental findings in word learning and
generalization (Xu & Tenenbaum, 2007; Spencer et al., 2011;
Lawson, 2017).
Below we review the Bayesian account of word learning and discuss relevant experimental findings which cannot straight-forwardly be accounted for on such a theory.
Next, we describe the internal mechanisms of the NGM. This
includes the representation and computation of features for
word learning. We detail the performance of the NGM on two
evaluation schemes, one qualitative and quantitative, with respect to modeling experimental data.

Previous models and experimental findings
Existing models of category generalization in word learning
have been built on hypothesis comparison and global optimization (Xu and Tenenbaum (2007) and subsequent work).
A large set of hypotheses compete based on the relative probability that each hypothesis would be generate the attested
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input data. The task is then re-framed as choosing how words
map onto those concepts by ruling out impossible or less
probable hypotheses until a consistent hypothesis is reached.
The now seminal implementation of this is a Bayesian inference model from Xu and Tenenbaum (2007). Given some set
of attested referents, a Bayesian learner evaluates all hypotheses (h) for candidate word meanings according to Bayes rule,
by computing their posterior probabilities (the likelihood of
each hypothesis given the input data p(h|re f erents)), proportional to the product of prior probabilities p(h) and likelihoods p(re f erents|h).
This family of models is global in two senses. First, calculations of hypothesis-fit to the data are taken over all input received. The learner would need to track some record
of every attested exemplar in order to compute probabilities
over them. The second global notion is that all alternative
hypotheses are also calculated for goodness-of-fit to the input data. This allows for global comparison not only between
total input and some temporary hypothesis but between all
hypotheses themselves.
This makes an intuitive prediction dubbed the ‘suspicious
coincidence effect’, that if a learner is exposed to some new
word ‘fep’ (adapted from (Xu & Tenenbaum, 2007, p.249)):
“It would be quite surprising to observe only Dalmatians
called feps if in fact the word referred to all dogs and if
the first four examples were a random sample of feps in the
world. This intuition can be captured by a Bayesian inference mechanism that scores alternative hypotheses about a
words meaning according to how well they predict the observed data, as well as how they fit with the learners prior
expectations about natural meanings.”

Experimental Findings
Experimental support for this prediction is offered from Xu
and Tenenbaum (2007). The task is that participants are interacting with an ‘alien’ puppet, ostensibly a monolingual
speaker of ‘alien puppet talk’. On each trial, participants are
presented with one or several training objects below the test
grid along with an accompanying monosyllabic nonce wordlabel. For instance, a participant may be shown a picture of
a dalmatian with the label ‘fep’ and asked to pick out all the
other ‘feps’ for the puppet from the simultaneously displayed
test grid. The general findings in this paradigm are consistent
across both child and adult participants.
The test grid consists of photographs of real objects distributed across three different broad categories or genres (animals, vegetables, and vehicles) to be used as stimuli. For
any particular item, we operationally define a ‘basic-level’
term (Markman, 1990; Mervis, 1984; Rosch, Mervis, Gray,
Johnson, & Boyes-Braem, 1976) as the label which would
most likely be given to it in isolation (e.g. a dog) . In relation to the basic-level term, that same item might also be
referred to using a more narrow ‘subordinate-category’ label
such as ‘poodle’ or a broader ‘superordinate-category’ label
such as ‘animal’. Within each genre in the test grid, objects
exist within these three hierarchical label levels. The set of

‘test’ objects is consistent across trials with only their position on the grid randomized.
The broad experimental results are as follows: When only
a single object is presented with a label, then subjects most
commonly generalize to the basic-level category (e.g. selecting all dogs rather than only dalmations given that the single training item was a dalmatian) (Xu & Tenenbaum, 2007;
Spencer et al., 2011). This is consistent with the robust effects of a ‘basic-level’ bias (Markman, 1990). When multiple
training examples are presented simultaneously, then generalization is made narrower (e.g. selecting only dalmatians).
This ‘suspicious coincidence effect’, that category narrowness is linked to the size of the training sample, has been presented in favor of the Bayesian model of word learning. Yet,
Bayesian inference is not the only family of models which
make such a prediction. What’s more, global evaluation models face empirical challenges from conditions under which the
‘effect’ is not obtained. When the same training items are
given a single label but displayed to participants in sequence
rather than all at once, the SCE disappears (Spencer et al.,
2011) (see Table 1 for a summary). i.e. all dogs are chosen
rather than only dalmatians. The lack of a ‘suspicious coincidence effect’ under serial presentation runs counter to the
predictions of Bayesian inference. We note that the temporal gap introduced between referents under sequential vs. simultaneous presentation is only a single second between item
displays.
Category generalization is simply one of a wide range of
cognitive tasks which exhibit a difference in outcome based
on presentation style of exemplars. For instance, inductive
category learning (Carvalho & Goldstone, 2015), visual pattern differentiation (Lappin & Bell, 1972), relational reasoning (Son, Smith, & Goldstone, 2011), property projection
(Lawson, 2017), etc. all show important differences under
sequential vs. simultaneous presentation of stimuli. Taken together, the effects of presentation style across this wide range
of domains and studies should be understood as an important
phenomenon whose root causes make up a core aspect of categorization models.
In the next section, we introduce the Naı̈ve Generalization
Model (NGM), which implements a system of word learning
as category formation. Learners extract properties of objects
and store a mental record of them. Grounded in classic literature on category formation (Smith & Medin, 1981), these
mental representations serve as the basis of word meanings
and generalization. We describe the range of experimental
findings captured by this model, including the effects of presentation style which are not accounted for under a model of
Bayesian inference.

Naı̈ve Generalization Model
Word learning is to construct mental representations of
words. While the Bayesian inference account of this process
posits a global probability optimization over a large set of latent hypotheses, we instead argue that word learning is a dy-
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Trial Type

Level of Generalization

Example Meaning

Single Exemplar

Broad

“Dog”

Multiple Simultaneous Objects

Narrow

“Dalmatian”

Multiple Objects in Sequence

Broad

“Dog”

Table 1: Basic generalization patterns from (Xu & Tenenbaum, 2007; Spencer et al., 2011). Both the size of the training set as
well as the temporal manner of presentation have notable effects on the meanings posited by participants.
namical process. Hypothesized representations are generated
and only locally revised (as needed) based on input data. On
this account, not all plausible hypotheses are simultaneously
available. Meanings are built incrementally; any evaluation
metric functions only over what is generated from input by
the learner.
As this does not necessarily maximize global probability of
the output vocabulary, we term this model the Naive Generalization Model (NGM). The term ‘naive’ here is intended
to highlight the lack of an explicit optimization function.
Rather, empirical pattern in word learning arise from largely
mechanistic means. The NGM is able to capture a range
of previous unaccounted for empirical findings in meaning
generalization with respect to word learning. This includes
the basic-level bias, the ‘suspicious coincidence effect’ that
multiple simultaneous exposures to labeled training instances
narrows hypothesized meanings, as well as the effects of presentation style which seemingly block the ‘suspicious coincidence effect’. On the NGM, word learning is fundamentally
a local mechanism by which mental representations of words
are constructed rather than strictly evaluated.
The generalization model does not function in isolation.
The NGM is embedded within a larger understanding of word
learning and is consistent with previous work regarding other
stages in learning required for vocabulary acquisition. Notably this includes the mechanisms behind referent mapping
posited in (Stevens, Gleitman, Trueswell, & Yang, 2016) The
contribution of the NGM is to explain the way in which representations of meaning are created, updated, and maintained.

tures with elevated prominence (the driving force behind the
basic-level bias) and one for all other features. Of course, the
prototypical-ness of items within a class, or the salience of
certain features depends on the class and the objects themselves. But this is simply a way of formally implementing
the notion that some levels of generalization are privileged
compared to others. It is of theoretical interest that the model
functions with such an impoverished feature space. For instance, the features in use are ‘flat’—without inherent hierarchical relation between them—from the perspective of the
learner. Yet the combination of these ‘flat’ features results in
hierarchically nested extensions for word meanings.
When a learner encounters a new word, the model samples from the appropriate salience distribution for each feature present. The result is a mental representation as a gradient vector of features (Figure 1). Values are allowed to be
any decimal between zero and one. The upper-bound of one is
important because, conceptually, this corresponds to the feature being as present mentally as it is in the physical world.
The learner iterates over the items displayed (if more than
one present) and each feature present in the real world will be
stored in mental representation at a proportion relative to that
feature’s salience.
A representation R is computed for a label w based on an
example set of training items T by sampling all features ∀ f
with salience S( f ). This is adapted from classic approaches
to category membership calculation (Smith & Medin 1981).
Rw =

∑ ∀ f ∈ t p , S( f )

(1)

t∈T

Features
Our implementation follows the classic literature on categories (Smith & Medin, 1981) by representing concepts as
salient features. What we call ‘features’ are simply properties that hold for some item. While any two properties will be
equally true of an object, in the sense that they are formal operators, it should be clear intuitively that some properties are
more salient than others. Consider the number 73. It is probably easier to determine that 73 is odd than it is to determine
that 73 is a prime; it’s not that its prime-ness is less valid than
its being odd, rather it is simply a matter of salience (i.e. how
noticeable it is to an average person quickly).
To simulate the degree to which a property is noticed by
a learner, we model two normal distributions over salience.
These ‘salience distributions’ differ only in mean; one for fea-

t p is the set of features (or properties) of the item t. S( f )
is the salience function for a feature f which returns a value
samples from the normal distribution with mean µ determined
by the hierarchical level of f .
While features for an object in the world are formal operators, the mental stored values for a given feature are gradient. Multiple (simultaneous) exposures for a label causes
entrenchment (Lawson, 2017). We sum the values of each
present feature (until reaching a ceiling condition). This is
in line with previous featural implementations of categories,
e.g. Kruschke (2008): ‘the simplest way [to learn associative strengths] is adding a constant increment to the weight
whenever both its source and target node are simultaneously
activated.’
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Computing distances
The NGM makes a standard distance calculation between any
new objects and extant mental representations. The comparison of that value to a fixed parameter threshold determines
category membership. Distance is then calculated between
a test item and a mental representation for a label (Smith &
Medin, 1981).
There is a distance penalty for any feature present in the
mental representation that is missing in the test object under
consideration. This value is in accordance with the represented featural salience. However, there is no cost incurred
for features which are present in a test item which are missing in the mental representation of a class. For example, every
object in the world is going to be perceived as having some
color value, but that color plays no role in these items membership in any of various natural classes being learned here.
Mutual exclusivity is a powerful and well-established constraint in word learning (Markman, 1990). We formally implement a feature-level adaption of this in the NGM by allowing properties in conflict to block addition to a single mental
representation.

Learning by presentation style
When trained on a single exemplar, the experimental finding
is that learners’ generalization to basic-level items occurs a
substantial proportion of the time. This is driven by the privileged status of certain features for generalization over others.
When training objects are initially presented simultaneously,
whether that is a single exemplar or many, then a hypothesis category needs to be formed in a single shot. Thus when
they are co-present, the function which extracts features from
a scene is able to essentially compare exemplars to exemplars. When features are activated multiple times, they undergo entrenchment —creating stronger links in mental representation (Smith & Medin, 1981). Properties which, when
encountered in isolation, would not have a significant effect
on stored meaning can, through this entrenchment, lead to
more narrow-generalization. The NGM’s mechanistic account
of featural entrenchments thus makes the same predictions
are Bayesian inference with respect to the ‘suspicious coincidence effect’ under parallel presentation.
When the same stimuli are presented in sequence rather
than in parallel, learners’ generalization occurs primarily at
the basic-level rather than the subordinate level. Even though
training objects are shown to learners multiple times, the
learner only constructs an initial hypothesis only once. After the first exemplar has disappeared from view, the learner
needs to construct some mental representation for the presented word. Once a mental representation exists, there is no
onus to change it significantly so long as subsequent objects
picked out by the word are congruent with what’s stored. This
process is analogous to localist models of referent learning
such as Pursuit (Stevens et al., 2016). Learners select a single
hypothesis and either stick with it if evidence is consistent,
or move to a new hypothesis when faced with inconsistent

evidence. When subsequent training instances appear, the
original exemplar(s) have disappeared from view with only
the generated category remaining. This means that learners
are essentially comparing new exemplars to a category representation rather than directly comparing exemplars with each
other. Since all of these trials concern levels of generalization, no new training item will disprove an over-generalized
hypothesis. Therefore, learners will simply continue along
with whatever initial hypothesis was created. Repeat exposures increase a learner’s confidence in the hypothesized
meaning rather than triggering any change in the word’s internal contents. This continues until some ‘convergence point’
is reached and a semantic representation is more or less fixed.
Such a convergence point is a required component of any
model of word learning. The cause of the ‘basic-level bias’
on sequential presentation trials is the same as in the singleexemplar trails: certain types of features lead to privileged
levels of generalization.

Results
Qualitative Evaluation
When evaluating the output of a computational cognitive
model with respect to human experimental performance it is
important to keep in mind the status of qualitative effect presence. The evidence that results from experiments such as Xu
and Tenenbaum (2007); Spencer et al. (2011) is informative
largely on the basis of indicating which experimental conditions drive a significant difference in participant performance.
It is the presence of the performance gap rather than the exact percentage of test items that some sample of participants
selected which we should primarily be concerned with. The
gap in basic-level items selected when training objects were
presented in parallel vs. sequentially happens to be approximately 40% (Spencer et al., 2011). The interpretation of the
experiment, however, would be the same whether the size of
that gap turned out to be 35% or 65% instead.
It is important for the validity of a parameter-dependent
cognitive model that there exist a set of input parameters
which results in approximating true human performance on
a task. However, another crucial question is to determine the
degree to which qualitative effects of model performance are
driven by factors internal to the model itself or dependent on
specific parameter inputs.
To investigate the parameter independent performance of
the NGM, we measured the proportion of parameter configurations which result in qualitatively the same trends as empirical output from Spencer et al. (2011). This is measured
in two parts. First that the ‘suspicious coincidence effect’ is
present under parallel presentation trials. This is defined as
the proportion of basic-level test items selected being at least
15% lower in the parallel presentation trial compared with the
single exemplar trial. Secondly that the sequential presentation demonstrates the same basic trend as baseline generalization. This means that the proportion of test items selected
in the sequential condition be within 15% of the single ex-
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Figure 1: Table showing results comparison between experiments run in Spencer et al. (2011) and output of the NGM. Standard
deviations are given in parentheses.
emplar trials. 15% was chosen has a representative sample
standard deviation based on the results reported in Spencer et
al. (2011).
With multiple parameters in the NGM (means for the
salience distributions as well as standard deviation, category distance cutoff) a large number of parameter configurations are possible for the model to be seeded with. A grid
search with step-size of 0.1 resulted in 432 tested configurations each run with 1000 simulated ‘participants’. The output trends of the NGM were qualitatively consistent with human performance on all trials. The mean size of the ‘suspicious coincidence effect’ under parallel presentation was µ =
58.18% with standard deviation σ = 17.29%. Under sequential presentation the mean gap in generalization from baseline
was µ = 0.8% with standard deviation σ = 0.7%. The qualitative trends required to be captured by the model are, on the
whole, independent of individual parameter setting.

Quantitative Evaluation
Parameter tuning and quantitative testing of the computational model was performed by feeding in the same input data
from published experiments and scoring the resultant output
like the empirical findings. There are seven different trials
types (single exemplar trial, three trials with objects presented
in parallel, and three trials with objects presented simultaneously) which we would like to model the experimental findings for. To ensure fair evaluation (and avoid over-fitting), we
train the model on only two of the cases originally described

in Xu and Tenenbaum (2007) —training over a single exemplar and training over three basic-level matches in parallel.
Testing was then performed on all experimental conditions
from Spencer et al. (2011) varying the hierarchical organization and presentation style of the input. Parameter tuning was
performed by running a five-way stepwise (step size = 0.1)
grid search (two salience distributions means, salience standard deviation, distance threshold, mutual exclusivity threshold).
For each trial, there are three different generalization levels
(sub, basic, super) each with a different proportion. To compute the distance from a parameter setting for the model and
the empirical data we sum the absolute value of the difference
for the proportion for each level. Each trial configuration was
run with 1000 simulated ‘participants’ in the model.
This model captures a broad range of experimental findings in category generalization as shown in (Table 1). The
mean divergence per trial between the experimental data and
the output of the model is 5.67%. 96% of trial configurations
were within a single standard deviation of the empirical finding.
Overall, the output of the NGM is strikingly consistent with
human performance on generalization tasks in word learning. Several general patterns are captured here; the strong
basic-level bias in generalization from a single, labeled training instance, the ‘suspicious coincidence effect’ that generalization is more narrow when multiple labeled training items
are presented simultaneously, as well as the fact that this ef-
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fect is sensitive to temporal manner of presentation. While
for practical reasons the NGM was evaluated on a set of seven
particular experimental conditions, the underlying trends in
generalization are robust under numerous related conditions
(Gentner & Namy, 1999; Lawson, 2017; Spencer et al., 2011)
Capturing and explaining these trends in a single model is an
important contribution.

General Discussion
Previous ‘hypothesis evaluation’ models of word learning
such as (Xu & Tenenbaum, 2007) attempt to solve the problem of generalization by globally computing the posterior
probability of each potential meaning compared to an accumulated set of attested exemplars. While some experimental evidence seems to support this type of globally optimized
computation (Xu & Tenenbaum, 2007), other experimental
findings (Spencer et al., 2011; Lawson, 2017) are in conflict.
The manner in which a fixed set of stimuli is presented to
learners (whether simultaneously or in quick succession for
instance) induces a large difference in inferred word meanings. Models which attempt to maximize the output probability over hypothesized lexicons cannot account for this effect in a straight-forward manner. To date, no model of word
learning has been able to fully capture the range of learner
behavior on these tasks.
The Naı̈ve Generalization Model (NGM) presented in this
paper offers an explanation of word learning phenomena
grounded in category formation (Smith & Medin, 1981). We
argue that word learning is fundamentally to construct mental representations of words rather than strictly evaluate them.
This is a mechanistic yet dynamical process in which hypothesized representations are generated and only locally revised
(as needed) based on input data. This does not necessarily maximize global probability of the output vocabulary, but
rather the evaluation metric for meanings functions only over
what is generated from input by the learner. The NGM explains the mechanism behind meaning generation and generalization for word learning and category formation in a manner that is consistent with and complementary to localist models of referent mapping. Taken together, a more complete
picture of word learning begins to emerge.
The NGM correctly predicts the sensitivity of learners to
presentation style. These effects of presentation style are robust across related domains, so the explanation offered by the
NGM is a real contribution and not simply a method of making
rational-level models fit a set of data.
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Abstract

A Model of Math Learning

A child’s perceived ability, over and above actual ability,
matters for various behavioral outcomes, academic or personal.
In the current paper, we looked at one type of self-efficacy:
children’s perceived ability to regulate their own negative
emotions. Our question was whether regulatory emotional selfefficacy (RESE) affects math learning for children who are
faced with homelessness. The specific math enrichment
centered on child-guided math practice: Children were given a
commercially available app and encouraged to pick out their
own practice problems. Our thought was that RESE might
affect children’s learning when they are given a chance to
determine their own math-practice path. The goal of the current
study was to establish this link empirically. The sample
included 5- to 12-year-olds who attended a summer program
organized for homeless children. Results confirmed our
hypothesis. Children who scored lowest on the RESE scales (N
= 40) benefited less from the math practice than children who
scored highest (N = 46). Specifically, the improvement in math
was correlated with number of practice sessions only for highRESE children, not for low-RESE children. These results
suggest that RESE is an important factor in learning math, to
be considered when developing student-centered pedagogy.
Keywords: learning; math
summer camp

competence; homelessness;

Introduction
Math is a subject that many children find difficult to master.
Even thinking about math can cause children to experience
negative emotions (Wigfield & Meece, 1988). Therefore, it is
likely that regulatory emotional self-efficacy (RESE) plays
an important role in how children learn math. If children do
not believe that they can manage their negative emotions,
they are not likely to respond well when faced with a difficult
math problem. The population of children in the current study
are experiencing homelessness and attending a summer
enrichment camp. As a result, they are at a higher risk of math
difficulty and low RESE than their housed peers, adding to
the troubles. In the current paper, we investigate the role of
RESE in how these children respond to child-guided math
practice. In what follows, we will first discuss the nature of
math and why child-guided practice is necessary. We will
then consider the importance of RESE.

Because math is persistent and cumulative, it becomes easy
for children to get left behind early. When the material
advances quicker than children are able to comprehend, they
continue to fall further behind. For example, soon after
children are introduced to numerical quantities and counting,
they are expected to learn addition, where an ability to count
is crucial. Beyond that, addition is nested within
multiplication, so if addition is not understood, multiplication
is much more difficult to understand and execute.
The material in the classroom moves at a quick pace: by
the end of third grade children are expected to multiply whole
numbers, and by the end of fifth grade they are expected to
multiply fractions. Add to that all of the underlying concepts
necessary to understand multiplication and fractions, and
children can easily become overwhelmed, particularly those
who are already struggling. Without proficiency in
underlying concepts, a child is likely to struggle with
multiplication of fractions when this topic is introduced
through formal classroom instruction. In turn, this could
potentially render formal instruction ineffective, leaving the
child with little more knowledge than they entered with.
The importance of math may not be explicitly evident to
children, and its purpose can easily be misconstrued as
arbitrary. Even children who excel at the subject are not likely
to be interested in seeking out math content during summer
months, let alone children who fell behind. In contrast,
exposure to reading material can be more enjoyable for
children. They can choose to read what they like, so reading
practice can relate to any range of interests they may have.
This is not necessarily true of math, which is limited in what
practice can pertain to that is commonly of interest to
children. In addition, math practice is not as easily carried out
when compared to reading practice. For reading, there are
public libraries that provide free books, and 70% of parents
interviewed in a 2013 report claimed to have taken their
child(ren) to a library within the past year, 87% of those visits
resulted in the child checking out a book (Pew Research
Center, 2013). No such opportunities are publicly available
for math practice, leaving caregivers with the options of
paying for math enrichment programs or taking the time to
developing practice problems and deliver feedback on their
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own. Neither of these options are likely to be feasible for
parents of low-income households.
During the school year, students often sit in a large
classroom with many other students; they receive the same
instruction in the same environment from the same teacher.
This has the advantage of being low-cost: typically, free for
the families, and of minimal cost to the school. It also ensures
uniformity, that each child is given the same information.
Therefore, much research is invested in what teaching
strategies and curriculum are most effective (National
Mathematics Advisory Panel, 2008). However, there are a
multitude of factors that differ among students that contribute
to their differences in mathematical abilities, and those who
perform the lowest can easily be overlooked. With many
classrooms reaching 30 or more students, it can be a difficult
feat to address and account for each individual student’s
strengths and weaknesses in an instructional setting.
An individualized approach is an alternative option that
might better account for each students’ abilities (Horak,
1981). While it is clear that students who are behind need to
catch up, they cannot easily do so by learning the more
advanced topics at the ability of some of their peers. Wholeclass instruction, where a larger group of children are taught
by a single person delivering a lesson to the entire group, has
the disadvantage of neglecting children who have fallen
behind. Specifically, whole-class math instruction can be
problematic for children from low-SES communities who are
more likely to be low-achieving and lack the most resources
outside of school. Further, Klem & Connell (2004) have
stressed the importance of personalization in learning
environments, where the students feel that they are supported
by the teacher. With this support comes a level of
individualization for the teacher to fully engage with each
student.
Technology-based interventions are a promising way to
carry out individualized approaches. These are typically
designed so that children can work on math appropriate for
their skill level, they are engaging by allowing children to
work toward a goal, and they provide immediate feedback
(Gross & Duhon, 2013). One commonly used intervention is
called “Math Facts in a Flash” (MFF). MFF is designed to
improve math fluency and automaticity on the four basic
operations. It is a computer-based software, hierarchically
organized so that children must master a level before moving
on to the next (Burns, Kanive, &DeGrande, 2010). MFF has
been effective for improving elementary school children’s
performance regardless of their skill level, and in some cases
with significantly fewer children rendered at-risk for math
failure at the end of the intervention (Burns et al., 2010).
Another computer-based math intervention that led to
improved math performance had children practice math at
their own level at home on a computer game for 15 minutes
each day (Kucian et al., 2011). Beyond improvements in
math performance, math programs that utilize tablets
specifically are beneficial for positive self-perceptions, selfefficacy, and increased motivation (Hilton, 2016).

The Importance of RESE
Emotional intelligence is a term used to describe the ability
to regulate emotions and navigate information regarding
emotions (Mayer, Salovey, & Caruso, 2004). Studies have
demonstrated that emotional intelligence has a positive
relationship with academic success (Chew, Zain & Hassan,
2013). For example, it has an effect on performance on
cognitive tasks, above and beyond that of general intelligence
(Lam & Kirby, 2002). Regulatory emotional self-efficacy
(RESE) is defined as the perceived ability to regulate one’s
own negative emotions.
General self-efficacy, or perceived control over one’s
situation, plays an important role in well-being (Bandura,
1997). Without confidence in one’s own abilities, there
would be no incentive to push through barriers and persist in
achieving an outcome. If an individual questions whether his
or her actions will affect an outcome, even the smallest
challenge is likely to become a deterrent (cf., Ajzen, 2002).
Self-efficacy affects the perception of roadblocks, which, in
turn, affects the degree of persistence and resilience
(Spillane, Reiser, & Reimer, 2002). Thus, perceived
competence has its own value in well-being, over and above
actual competence.
Math is challenging for many children, which can lead
to negative emotions. During child-guided practice, if a child
chooses a problem that is too difficult, the emotions that
follow direct their decisions about future practice. For
example, if a child with high RESE chooses math that is too
difficult, causing him or her to become frustrated, he or she
may recognize those feelings and use the opportunity to
switch to math at a more appropriate level of difficulty. On
the contrary, if that child with low RESE chooses math that
is too difficult and becomes frustrated, he or she may become
overwhelmed and discontinue practice altogether. This might
also affect their willingness to participate in the future.

Overview of the current study
It is possible that RESE is an important factor in how a child
practices math. The potential link between RESE and math
practice is particularly interesting when considering the
complications that homelessness presents. In this study, we
seek to investigate how children experiencing homelessness
respond to child-guided math practice as a function of their
RESE. During a 7-week summer day camp, children engaged
in practice sessions several times a week. During a typical
session, children used the IXL app on a touchscreen tablet for
40 minutes, and facilitators worked in small groups of two to
four children. Math competence was assessed via two
measures: math fluency and math comprehension. RESE was
assessed via a survey (Canfield, Cartwright, Kloos, Schmerr,
& Aigner, 2018). We predict that more practice will be
correlated with an improvement in math comprehension for
children with high RESE, but not for children with low
RESE.
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Method
Sample
Children included in this study were 182 elementary-school
children who attended the summer camp, ages 5-13 years (M
= 8.93, SD = 2.14). Overall, 44.50% of the children were
girls, 50% were African-American and 38.46% were
Caucasian. They met the guidelines for experiencing
homelessness according to the non-profit group that
organized the summer camp. Participation in the camp was
free to the children, and they were provided with
transportation, as well as two meals.

three groups of children, loosely organized by the grade level
children entered after the summer. The demographics of
children in each of the groups are reported in Table 1, broken
down by site. Academic enrichment was offered during the
mornings (9 AM -12 AM), and child-guided practice took
place during some part of that time. Specifically, practice was
offered three times a week at Site A and one time a week at
Site B. Each practice session lasted approximately 40
minutes. Children occasionally received additional math
lessons, not in conjunction with the child-guided practice, by
a certified teacher during the additional day of academic
enrichment.

Summer Camp
The summer camp was held at two different sites (A and B),
five days per week, for seven consecutive weeks. There were
Table 1: Demographics of the summer camp, organized by age, group, and site.

N
Age in years
M (SD)
Gender (%)
Female
Race (%)
AfricanAmerican
Caucasian
Biracial

Group 1
(Grades 1-2)
Site A
Site B
18
45

Group 2
(Grades 3-4)
Site A
Site B
17
34

Group 3
(Grades 5-6)
Site A
Site B
20
48

6.52(.69)

6.63(1.04)

8.53(.88)

8.89(.63)

11.29(.82)

11.14(1.00)

33.33

46.67

52.94

47.06

45.00

41.67

11.11
66.76
22.22

68.89
26.67
4.44

5.88
82.35
11.76

85.29
8.82
2.94

5.00
75.00
2.00

56.29
29.17
10.42

Facilitators
College students were recruited to serve as facilitators, with
approximately 6-7 in attendance during each session. They
were given a brief 10-minute training that discussed their role
in the program, and additional coaching was provided onsite.
Facilitators were discouraged to explain a math concept or
procedure to the child. Feeling the urge to do so anyway
could serve as a sign that the child is working on a problem
set that is too difficult. Rather than explaining math to
children, children should be encouraged to switch to
something easier. In contrast, if a child was growing bored
and unengaged because the problem set was too easy, the
facilitator should suggest a more difficult problem set. The
monitoring and modulating of problem difficulty were
central to the program and thus was encouraged throughout.

Materials
Math practice app. IXL organizes problems pursuant to the
common core by grade level, math topic, and specific
variations within a math topic. A problem set is one of those
variations (e.g., multiplication tables up to 12), nested within
a topic (e.g., multiplication fluency), which is nested within
a grade level (3rd grade). A problem set presents individual

problems one at a time in a simple format, free from
distracting colors and designs. After a correct answer, the
child is greeted by simple positive feedback (i.e.,
“Fantastic”), awarded points, and then presented with the
next problem. After an incorrect answer, a few points are
deducted, the child is given the correct answer and a
suggestion for how to solve the problem. They can easily
click to move on to the next problem (with or without reading
the explanations). Point progress is displayed as a bar at the
top of the screen, with a goal of 100 points per problem set.
Curriculum matrix. A unique matrix was created for
each age group. Matrices were strategically designed to
include a range of six or seven topic domains that
corresponded with the common core for relevant grade levels.
Specifically, for Group 1, the domains were: counting,
patterns, addition, subtraction, word problems, and fractions.
For Group 2, the domains were: counting, addition,
subtraction, word problems, fractions, multiplication, and
division. Finally, for Group 3, the domains were:
addition/subtraction,
word
problems,
fractions,
multiplication, division, decimals, and pre-algebra. Within
each topic, there were several levels of difficulty. Each cell
of the matrix referenced specific problem sets in IXL so that
children and facilitators could easily find appropriate practice
problems that fit the child’s skill level.
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Measures

Procedure of a Practice Session

Math fluency. The standardized T10 subtest from
Version IV of the Woodcock-Johnson test battery was used
to capture a child’s math fluency. It is a two-page 3-minute
timed test, comprised of single-digit addition, subtraction,
and multiplication problems.
Math comprehension. Math comprehension was
assessed using an existing readiness test (Excel Math
curriculum), modified slightly. Specifically, Group 1
received the readiness test for 1st and 2nd grade; Group 2
received the readiness test for 3rd and 4th grade; and Group 3
received the readiness test for 5th and 6th grade. We also added
a set of fraction problems to supplement the tests. Each group
received 4-9 fraction problems, with increasing difficulty,
reflecting the grade-specific fraction problems in IXL.
Regulatory emotional self-efficacy survey. An eightquestion survey was used to capture a child’s perceived
ability to manage their own emotions. Specifically, it
consisted of questions directed at a child’s ability to control
negative emotions such as “I know how to calm myself down
when I get scared” and “I know how to make myself feel
better when I start worrying about something.” Children
responded on a 5-point Likert-scale, ranging from strongly
disagree to strongly agree.

After logging in, facilitators instructed children to begin their
practice with a warm-up problem set. These problem sets
were designed to be easy and quick, to get all children started
on time and actively engaged in math. During the first few
weeks, the warm-up problem set was pre-determined by the
research team. Children were given a choice between two
problem sets of the same topic, and while both were easy, one
was slightly more difficult than the other. For the remainder
of the weeks, children were encouraged to decide their own
warm-up problem. After each child reached 100 points on
their warm-up problem, they earned a small piece of candy.
During the rest of the session, children had the
opportunity to determine much of what they practiced
themselves. Suggestions were occasionally given and
progress was monitored by the facilitators, but children were
encouraged to self-guide their own practice. In conjunction
with the matrices, the child and facilitator found appropriate
problem sets and the child worked largely independently.
Five minutes before the end of the session, a prompt was
given to the class to finish what they were working on, log
out, and put all materials away. Once all of these were
completed, the child earned a second piece of candy.

Procedure of Data Collection and Scoring
Math fluency. Children were assessed on the math
fluency measure during the first and last week of the camp. It
was administered by a researcher to the entire classroom,
while facilitators enforced the procedures in small groups.
Children were instructed to start on the first page, answer as
many questions as they could during the 3-minutes, and skip
any that they did not know. The raw score was calculated as
a number of how many questions were answered correctly.
Math comprehension. Children were assessed on the
math comprehension measure during the first and last week
of camp. Similar to the math fluency test, it was administered
by a researcher to the entire class, while facilitators enforced
the procedures in small groups. Children were instructed to
complete only the problems they liked, and if they did not
like a problem, or did not know how to do it, to simply cross
the problem out and move on, rather than get too frustrated
or overwhelmed. Teachers, volunteers, and facilitators
assisted if children had questions, but they did not help with
answers. Assessments were scored as a percentage of
questions answered correct (e.g., if a child answered 48% of
the questions correct, they received a score of 48).
Regulatory emotional self-efficacy. During the first
week of camp, the RESE survey was distributed as part of a
larger battery of surveys to children. Only children who were
present on the given day of testing received the survey.
Children who required reading assistance were read each
question aloud by a camp staff member or volunteer. RESE
was scored as an average of each 1-5 response.

Results
To determine whether child-guided math practice improved
children’s math competence, we looked at (1) the number of
practice problems, (2) children’s changes in math fluency,
and (3) children changes in math comprehension. Table 2
provides the descriptive statistics of these variables. Using
the data from the RESE survey, the children were divided into
two groups; children who scored above the mean of 3.95 (SD
= 0.80) were placed in the high RESE group (M = 4.52, SD =
0.40), while children who scored below the mean were placed
in the low RESE group (M = 3.30, SD = 0.64). When
comparing the means of the high and low RESE groups, the
results of the Levene’s test for homogeneity of variance were
significant, F = 7.27, p = .01, so homogeneity was not
assumed. An independent samples t-test revealed a
significant difference between these two means t(62.13) = 10.29, p < .001. In the context of these data, the terms high
and low are used relative to the mean of the sample, rather
than to indicate high and low on the 1-5 scale (where 3.30
would represent neutral rather than low).
At pre-test, there was no difference in performance
between the high- and low-RESE groups on either math
fluency (t[74] = .68, p = .50), or math comprehension (t[83]
= -.58, p = .56). For children with high RESE, as the number
of practice sessions increased, math competence significantly
increased from pre- to post-test, including both math fluency
(r[40] = .35, p = .02) and math comprehension (r[39] = .39,
p = .01). However, for children with low RESE, as the
number of practice sessions increased, math competence did
not increase, either for math fluency (r[32] = .06, p = .74), or
math comprehension (r[34] = .15, p = .38).
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Table 2: Descriptive statistics for practice and math
competence measures.
Group 1
Group 2
Group 3
# of sessions
N
34
35
40
Range
1-20
2-19
0-19
M
9.91
7.94
7.28
(SD)
(5.89)
(5.79)
(6.08)
Math fluency*
N
33
31
33
Pre
Range
0-43
4-90
27-94
M
11.48
35.61
60.24
(SD)
(11.33)
(18.12)
(15.53)
Post
Range
0-40
6-90
4-102
M
11.24
37.81
58.09
(SD)
(10.21)
(20.29)
(21.98)
Math
comprehension**
N
27
28
38
Pre
Range
2-73
3-69
7-45
M
35.76
29.36
21.89
(SD)
(21.97)
(16.61)
(11.10)
Post
Range
2-93
5-85
4-48
M
44.07
32.57
23.76
(SD)
(24.68)
(22.41)
(11.67)
Note. Children who were not assessed both pre- and posttest for the relevant variables were excluded.
*Scored as number of correctly answered problems.
**Scored as a percent of correctly answered problems.

Discussion
Results suggest that there is a relation between personalized
math practice and improvement in math competence.
Children differed in what topics they practiced, how many
questions they answered, and how difficult the problems
were. This could imply that exposure to math, regardless of
specific content, is important in improving competence. It
could help explain why children from low-SES, who have a
lack of exposure to math during the summer, experience
summer learning loss (Burkham, Ready, Lee, & LoGerfo,
2004). Or, rather, it could mean that the personalized, childcentered approach is what is important. There is some
evidence from other studies to suggest that the latter is the
case, such as with Math Facts in a Flash (Burns et al., 2010).
Of particular interest is the difference in effect math
practice had on math competence for children of different
RESE. As a concept, general self-efficacy is derived from
social cognitive theory, which states that one’s beliefs are an
important element to achievement (Bandura, 1997). RESE
refers to how one perceives their own ability to regulate their
emotions, and the perceived ability to achieve a goal can be
thought of as a prerequisite for actualizing the goal (Caprara

et al., 2008; Kirk, Schutte, & Hine, 2008). Therefore, a
child’s belief that they can regulate their emotions is
important in their ability to do so successfully. Given the link
between RESE, emotional intelligence, and academic
success, a logical prediction would be that children with
lower RESE would have lower scores at pre-test than their
high RESE peers. However, this was not the case for either
the measure of math fluency or the measure of math
comprehension.
Rather than focusing on a difference in performance at
pre-test, this study addresses how RESE might affect the
learning that happens as the result of child-guided math
practice. What is the potential for children with low RESE to
learn through a program or intervention that targets learning
gains? Interestingly, results showed that more practice did not
lead to an improvement in math competence if a child had
low RESE. However, more practice did lead to an
improvement in math competence if a child had high RESE.
These findings suggest that in order for personalized math
practice to be effective, children must enter the program with
high RESE.
There are a few possible explanations for this finding.
One is that if a child with low RESE is presented with a
challenging problem and becomes frustrated or angry, he or
she is not prepared to manage those negative emotions
appropriately. Therefore, the child might be hindered from
learning and continuing through the remainder of the session.
Another explanation has been demonstrated empirically:
Emotional self-efficacy moderates the negative effects of
anxiety on math performance (Galla & Wood, 2012). In the
study by Galla & Wood, anxiety was only predictive of math
performance in children with low emotional self-efficacy.
Children with high emotional-self efficacy showed no effect
of anxiety on math performance, inferring that the perceived
ability to manage negative emotions protects children from
the negative effects of anxiety on math performance.
Therefore, while children in the current study were not tested
on any anxiety measures, it is possible that children with high
RESE were protected from any negative effect that might
exist of anxiety on learning. Conversely, it is likely that some
children with low-RESE also had low anxiety, ultimately
affecting their learning experience.

Limitations
Including the community as a partner in the design of the
research can be limiting. Community organizations have
concerns to carry out their programs that take priority over
the integrity of the research. For example, the differences in
demographics between sites are very large. The number of
children in Site A is far less than Site B. The racial makeup
of Site A is majority Caucasian, while Site B is majority
African-American. These details are part of the structure of
the summer camp, which is dependent on outside factors and
resources. Nonetheless, they are important in considering the
findings. Specifically, personalized math practice was only
available for children in Site B once per week. Therefore, in
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correlations that include frequency of practice, children from
Site B only represent data points that are low in frequency.
There are many instances in which this project did not
follow a strict research protocol. Even though the protocol
was designed by the research team and the non-profit
organization, it was not always possible to follow it strictly.
Because it was carried out in the community, the protocol was
left flexible. In some instances, children were particularly
stubborn in refusing to practice predetermined math topics,
measures were not always appropriate for all children (i.e.,
children with disabilities that impaired writing), not enough
facilitators were available to work in predetermined
facilitator-to-child ratios, or the camp was scheduled for
activities that interfered with the regular sessions. In these
instances, accommodations were made so as to benefit the
child, the non-profit organization, and the research as best as
possible, without disregarding any one in particular.

Conclusions
Child-guided math practice was most beneficial when
children had high RESE. This finding posits valuable
questions for future research: Is there a way to improve
children’s emotional self-efficacy? Or rather, is there a way
to structure practice to prevent the child from choosing math
problems that can cause overwhelming emotions? It is
possible that restricting the child’s ability to guide their
practice will only exacerbate the problem.
A lack of improvement in math performance must be
considered in the context of a summer program. Generally, it
is expected that children decline in math performance over
the course of the summer (Cooper et al., 1996). Therefore,
they should experience a portion of that decline between the
beginning and the end of a 7-week camp. On average,
children retained or improved their math performance more
often than they did not (see Table 2), which is an
accomplishment relative to the expected decline.
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Abstract

connecting scientific evidence to theory. One possible
explanation is that the learning practices used do not match
the learning goals. Despite the expectation, across most
STEM courses, that students learn scientific principles
through the study of empirical evidence, most learning
practices are either passive (e.g., reading) or focus on active
learning that promotes memorization of evidence, instead of
extrapolation (e.g., retrieval practice or pre-questions).
In this research, we compare the use of practice questions
and another active learning practice: the predict-observeexplain process. As we discuss in greater detail below, the
use of practice questions has been shown to successfully
improve learning and memory for studied facts, whereas the
predict-observe-explain process promotes predicting and
explaining evidence and therefore has the potential to foster
scientific understanding and inductive processes.

We compared students’ exam performance following one of
two different types of active learning assignments. In one
version students read text describing experimental evidence for
the principle being studied. In the other version, students
instead created a hypothesis and explanation, and then studied
and explained the results. The content was matched across
conditions. Students performed better in exams requiring
generalization to novel situations, after providing hypotheses
and explanations than after reading the text and answering
questions about it. These results suggest that prediction and
explanation cycles might be a better active learning approach
to promote generalization and transfer than practice questions.
Keywords: predict-observe-explain; active learning; retrieval
practice

Introduction
Students learn better when they engage in active learning
(Freeman et al., 2014; Wieman, 2014). Yet, much
instructional practice emphasizes passive learning such as
reading text, attending lectures, and watching videos.
Contrary to evidence of the clear benefits of active learning,
students (and a surprisingly high number of instructors) feel
that passive strategies such as re-reading are useful study
methods (Morehead et al., 2016).
This disconnect between evidence and practice highlights
the need to develop active learning practices that are
grounded in empirical evidence and can support effective
learning. One important step is understanding which types of
active learning practices support transfer of different types of
knowledge. For example, an active learning practice that
supports memorization processes might not be equally
effective for generalization (Koedinger et al., 2011).
As an initial step towards developing better active learning
practices, in this paper we compare two different types of
active learning activities in a psychology course and evaluate
their impact on students’ learning outcomes. Specifically, we
compare active learning that involves responding to
questions after reading a text to active learning that involves
generating hypotheses and explanations.
Previous research has shown that, even following an
introductory course in psychology, students often lack the
ability to provide clear scientific reasoning and identify
methodological issues (Lawson et al., 2015). These
difficulties include generating testable hypotheses and

Practice questions approach
Learning from reading is remarkably poor compared to active
learning. For example, completing more practice activities is
a better predictor of learning in online courses than
completing more readings (Carvalho et al., 2017).
Furthermore, practices that reduce the amount of reading
often improve learning; across multiple studies, learners
remembered more facts when they read only the summaries
instead of the textbook prose, even when the critical
information was highlighted (Reder & Anderson, 1980a).
Several active learning strategies have been suggested to
improve learning from passive information. These often
include questions either before the text (pre-questions; e.g.,
Rickards, 1976a), along with reading the text (Rickards,
1976b), or after reading the text instead of re-reading
(Roediger & Karpicke, 2006). The inclusion of practice
questions, in any of these ways, has been shown to improve
learning compared to having no questions (Pressley,
Tanenbaum, McDaniel, & Wood, 1990; Richland, Kornell, &
Kao, 2009; Rickards, 1976b, 1976a), re-reading the materials
instead of answering the questions (Butler & Roediger, 2007;
Richland et al., 2009), or reading the questions along with the
answers (Carpenter et al., 2017).
Several (not mutually exclusive) mechanisms have been
suggested for why practice questions improve learning.
Practice questions orient the learner towards the critical
aspects of the text or video (Reder, 1980b), they require the
learner to retrieve previous information (Roediger &
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Karpicke, 2006), and they act as metacognitive checks on the
learners’ knowledge (Bjork et al., 2013). Although the exact
mechanisms of why practice questions improve learning are
still debated, the active learning nature of practice questions
compared to only reading is undeniable.
Importantly, most of the research on the benefits of practice
questions has focused on retrieval of information. That is, the
amount of information learners can successfully recall from
the text or video provided. Thus, it is possible that, despite its
high effectiveness in improving learners encoding and recall
of information (compared to passive learning), practice
questions might not elicit induction and refinement processes
(Koedinger et al., 2011). When the goal of learning is to
generalize or induce scientific principles from specific
empirical examples, practice questions may be insufficient.

The Predict-observe-explain approach
Another active learning approach is the use of the predictobserve-explain process to guide learners through learning
materials, often regarding empirical results (White &
Frederiksen, 1998). In the predict-observe-explain (POE)
process, learners are introduced to a scientific question (e.g.,
Are we influenced by group pressure?) and an experimental
setup (e.g., Two groups are answering questions about line
lengths. In one group participants answer questions
individually, in the other group participants answer
questions in a group in which 4 people previously provided
the ostensive wrong answer). Learners are then asked to make
a prediction about the study results (Predict step). After
learners make their predictions, they are presented with the
experimental results (Observe step), usually in the form of a
graph or table, and then asked to explain why the
experimental manipulation yielded such results (Explain
step).
When compared to business-as-usual classroom practices
(passive learning), POE has been shown to improve learning
(Karamustafaoglu & Mamlok-Naaman, 2015; Kibirige,
Osodo, & Tlala, 2014; White & Frederiksen, 1998). The
exact mechanisms through which POE improves learning are
not well understood. It may involve the ability to directly
address a priori misconceptions students might have with
evidence that directly contradicts it (Kowalski & Taylor,
2009). It may also involve creating explanations, which
might improve learning as repeatedly shown with the selfexplanation effect (VanLehn, Jones, & Chi, 1992). In
particular, creating explanations has been shown to promote
generalization and transfer (Lombrozo, 2006), albeit hurting
memory (Williams & Lombrozo, 2010).
Regardless of the exact mechanism, POE has the
distinctive feature of providing active learning, similar to
practice questions. However, POE emphasizes generalization
and extrapolation from data, whereas practice questions
emphasize rote memorization of the information provided in
the text. Thus, it is possible, even likely, that POE leads to
better learning than practice questions when we test students’
ability to generalize evidence covered in class.

The present study
The main goal of this initial study is to compare the learning
benefits of two active learning approaches – practice
questions and predict-observe-explain – for generalization of
empirical evidence to new situations. Unlike previous
research, we compare a POE approach not with business-asusual passive learning practices, but with another active
learning practice shown to also improve learning.
We used an in-vivo procedure in which we embedded an
experimental manipulation in the instructional activities of an
introductory undergraduate Social Psychology course. To
increase power and decrease potential issues related to
individual differences, we used a within-subjects design.
There were two conditions: a practice questions condition
and a predict-explain-observe-explain (PEOE) condition. In
the practice questions condition, students read the description
of three social psychology studies for two different social
psychology topics and were asked to answer questions about
those materials. In the PEOE condition, students studied the
same empirical studies but were only provided the research
question and experimental design before being asked to
predict the outcome, explain their prediction, observe a plot
of the results, and explain the results observed. We included
the additional explanation step compared to the typical POE
to maximize the potential benefit of self-explanations
associated with POE.
Students completed a series of open-ended and multiplechoice questions as part of their exam. None of the questions
in the exam probed memory for the specific studies practiced
or asked about specifics of those studies. Instead, questions
asked students to apply general knowledge about the
principles to novel situations or relate it to other principles
covered in class. We measured students’ performance on
exam questions about the topics covered in the activity,
general exam performance, time spent completing the
activities, and performance on the activities themselves.
We predicted that active learning that involves PEOE will
result in improved generalizable learning and transfer to other
topics.

Method
Participants
One hundred nineteen undergraduate students volunteered to
participate in the study as part of their Social Psychology
course taught by the second author at Carnegie Mellon
University. All students completed all conditions (see below
for details), order counterbalanced across participants. Fortyfour students did not complete at least one assignment before
each exam and their data were excluded from analyses. The
final sample includes data from 75 students.

Materials
Study materials were created using the Open Learning
Initiative (OLI) authoring tools and distributed to students as
assignments using the course’s Canvas website.
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Table 1: Topics of the six assignments and schedule.
Assignment
Topic
Course week
1
Obedience
1
2
Cognitive Dissonance
2
Exam 1
5
3
Conformity
8
4
Social Facilitation
9
Exam 2
10
5
Stereotype Threat
11
6
Misattribution of Arousal
14
Exam 3
15
Final Exam
Finals week

to use the questions as pre-questions or along with the text as
they wished.
The PEOE version of the materials started with a brief
description of the study procedure and background (same
paragraph as in the Practice Questions version). After that
paragraph a series of questions instantiating the predictexplain-observe-explain procedure were presented, one at
time: (1) What do you expect will happen?, (2) Why do you
think [hypothesis selected]?, (3) The graph above shows the
results of this study. What do the results show?, and (4) Why
do you think the results show [results]? (see Figure 2 for an
example)

For assignments 3-6 (see Table 1), we created two
versions: Practice Questions and PEOE. The first two
assignments did not have a PEOE version and were used as a
baseline condition.

Figure 2: Example of one of the assignments in the PEOE
condition.

Figure 1: Example of one of the assignments in the Practice
Questions condition.
Each assignment covered three empirical studies in Social
Psychology about a topic covered in that unit. The studies
were chosen for their relevance and representativeness for the
topic but were not covered by the instructor in class (though
the topic was). Table 1 includes all topics covered.
The Practice Questions version of the materials included a
short description of the study procedure and background, and
description of the hypothesis, predictions, results (including
a plot), and conclusions of the study (see Figure 1). After the
text, students were asked to answer four open-ended
questions about the text they just read: (1) What were the
researchers’ predictions?, (2) Why did the researchers make
those predictions?, (3) What did the results show?, and (4)
Why did participants respond that way?. Answers to each of
these questions were clearly and succinctly stated in the text
students had just read. No feedback was provided for any of
the questions. Although questions were presented after the
text, because they were in the same page, students were free

Questions (1) and (3) were multiple-choice questions in
which the same three possible hypotheses were presented, but
the graph with the experimental results was presented only
along with question (3) and not before students answered (1)
and (2). Questions (2) and (4) were open-ended questions.
Feedback was provided only to questions (3) and (4).
Feedback for question (3) indicated the correct description of
the results and feedback for question (4) indicated the
conclusions extracted by the experimenters in the targetstudy and matched the corresponding paragraph in the
Practice Questions version of the materials.
The two versions of the materials were closely matched for
active engagement/retrieval (in all versions students had to
answer questions) and content (the questions and text were
matched across versions and the same text was used across
conditions where needed).
Students completed three non-cumulative exams during
the semester and a cumulative final exam. For each exam, we
created five questions targeting the topic covered in the
activities. Two were open-ended questions asking students to
apply the principles to novel situations, two were multiplechoice questions targeting students’ understanding of the
principle, and another was a multiple-choice question about
general understanding of research methods. None of the
exams included questions about the specific studies covered
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in the activities but included other questions relating activity
topics with other class topics. The open-ended questions were
scored by a team of course TAs, blind to condition
assignment

Design and Procedure
The study took place over a semester and the study activities
were assigned as homework. Students completed two
assignments before each exam. The first two assignments had
only a Practice Questions version and were used as a baseline
condition for all students. A crossover design was used such
that students were randomly assigned to one of two groups.
The first group completed the Practice Questions version of
assignments 3 and 4 (before Exam 2) and the PEOE version
of assignments 5 and 6 (before Exam 3). The other group
completed the inverse versions – the PEOE version of
assignments 3 and 4, and the Practice Questions version of
assignments 5 and 6. All assignments were due the week the
topic was covered in class, and students received course
points if they completed the assignment, regardless of
performance on the assignment. All students were required to
complete all course exams.

Results
We normalized all measures by calculating z-scores of all
predictor and outcome measures. This allowed us to compare
estimates across analyses as normalized effect sizes and
addressed possible scaling issues related to using very
different variables in regression models.

Time spent completing the activities
Students spent on average more time completing the Practice
Questions version (M = 53 minutes, SD = 54 minutes) than
the PEOE version of the assignments (M = 31 minutes, SD =
35 minutes). This difference was statistically significant
when controlling for average time spent on baseline
assignments (M = 55, SD = 53) and counterbalancing
condition, b = -0.48, t (74) = -4.14, p < .00001.
We also analyzed the logged data to ascertain that students
were completing the practice questions in the corresponding
version of the assignments, and whether they were doing so
before or after reading the text. Only one student did not
complete all questions for all assignments (one question was
left blank). The average number of words written in the
answer to the questions was 26 (SD = 7), and initial
inspection of the responses suggests that students actively
tried to respond and not only directly copy from the text or
provide random strings. Finally, on average, students spent
less than a minute on the page before clicking on one of the
question activities, suggesting that students were using the
questions as guides to read the text (M = 4.81 seconds, SD =
5.01 seconds), and not the other way around.

Exam grades
Next, we looked at students’ exam performance across
conditions, controlling for time spent on the assignments,
counterbalancing condition, performance on the baseline

exam, and time spent on the baseline assignments. Students
performed better on the exams covering topics practiced
using the PEOE version of the assignments than in those with
topics practiced using the Practice Questions version of the
assignments (see Figure 3), b = 0.13, t (82.18) = 2.75, p
=.007. The effect is even larger when we do not control for
time spent in the activities, b = 0.31, t (74) = 2.65, p = .010.

Figure 3. Students’ performance on the exams following
Practice Questions and PEOE activities.
We also looked at the effect of the version of the
assignments (PEOE vs. Practice Questions) on the questions
we included in the exam specifically only about the studies
covered in the assignments. Students showed only slightly
fewer errors on exam questions specifically about the topics
covered in the PEOE version of the assignments (M = 0.07,
SD = 0.10), compared to the Practice Questions version of the
assignments (M = 0.08, SD = 0.10). This difference was not
statistically significant when controlling for time spent in the
activities, counterbalancing condition, performance on the
baseline exam, and time spent on the baseline assignments, b
= 0.01, t (74) = 0.07, p = .945. One potential reason for this
result is the compressed scale. We included only four
questions referring only to the specific topics covered in the
activities and, overall, the range was smaller (between 0%45% error rate), compared to the range of results for the entire
sample (between 0%-58% error rate). Importantly,
performance on the assignment-specific questions was a
strong predictor of performance on the exam, b = 0.50, t (71)
= 8.07, p < .00001. This suggests that the overall exam
differences may be related to potential spillover from
stronger understanding of a considerable portion of the
materials covered on the exam, even if the remaining
questions did not uniquely target assignment topics.

Quality of students’ predictions
Beyond time spent on the assignments (included in all
analyses above), does accuracy on the assignment itself
predict exam performance? Specifically, do students who
make correct predictions in the first step of the PEOE version
benefit more from that assignment activity compared to those
who make the wrong prediction? To answer this question, we
compared performance on the exam for students in the PEOE
condition as a function of their accuracy in the predict step.
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On average, students made the correct prediction on the first
try 54% of the time (SD = 18), and 53% of the time when
considering all tries (SD = 18; mean number of tries = 1.32).
Importantly, students who made correct predictions on the
first try performed better in the exam compared to those who
did not, b = 0.21, t (71) = 2.17, p = .033.
For comparison, and to determine if this effect is unique to
the predict step or reflects general ability or compliance
differences among students, we compared student exam
performance depending on their accuracy responding to the
question about the plot – the observe step. The answer to this
question was presented in the plot if students successfully
read it. Students provided the correct response to this
question on the first try 81% of the times (SD = 15), and 82%
of the times when considering all attempts (SD = 14, mean
number of tries = 1.28). We found no difference on exam
performance depending on the students’ accuracy describing
the graph, b = 0.140, t (71) = 1.44, p = .153. Finally, even
when controlling for accuracy on the predict step, overall
students performed better in the exam following PEOE
activities compared to Practice Questions, b = 0.34, t (82) =
2.78, p = .007.

Discussion
The results of this study suggest that active learning activities
using a predict-explain-observe-explain approach take less
time to complete than reading along with practice questions
while simultaneously yielding better learning, as measured
by exam performance.
The predict-observe-explain approach had been used
before with positive learning outcomes. However, previous
studies focused on comparing the POE approach to businessas-usual classroom activities. The present study is, to the best
of our knowledge, the first study that demonstrates the
benefits of PEOE when compared to another active learning
activity recognized to improve learning.
Reading text materials and answering practice questions is
an intensive, time-consuming activity and students in the
current study seem to use the practice questions as reading
guides, which has been shown to improve learning (Carpenter
et al., 2017). The effortful use of practice questions could
make this type of activity a “desirable difficulty” (Bjork,
1994) – a group of practices that, despite involving greater
effort and worse immediate outcomes, improve learning in
the long run. However, the current study shows that, despite
high compliance and student engagement in the practice
question assignments, students performed better on topics
practiced using the PEOE approach.
Previous research has shown that practice questions are
effective at improving learning compared to many other
approaches (Roediger & Karpicke, 2006). Critically, the
benefit of PEOE compared to practice questions seen here is
likely to be tied to the different types of assessments and
corresponding types of learning (Koedinger et al., 2011).
Previous work assessing the benefit of practice questions has
focused mostly on verbatim memory for the materials studied
or conceptual extrapolations that had been probed in the

practice questions (Butler, 2010; Roediger & Karpicke,
2006). In the present work, however, the exam asked students
to generalize psychological principles from the materials
studied and connect them to other concepts. Under these
circumstances, learners who created and explained
hypotheses performed better on the exam than those who read
the same information and answered questions about it.
Although we did not include on the exam questions testing
verbatim memory for the activities in this first study, future
work will further test this hypothesis by directly comparing
performance on verbatim and generalization questions. This
hypothesis is also consistent with previous evidence showing
that learners who provided explanations in a categorization
task showed better category generalization but worse
memory for specific items studied compared to learners
asked to describe the items (Williams & Lombrozo, 2010).
Any of the differences between PEOE and practice
questions could account for the results presented here,
including the reduced text, asking for explanations, or stepby-step presentation. Although the main goal of this study
was not to identify the specific mechanisms that make POE
(and its PEOE counterpart used here) good for learning, there
are several suggestions from the current literature. Previous
work has suggested that addressing previous misconceptions
by providing hypotheses before seeing the results might
improve learning of scientific phenomena. Our results do not
seem to support this hypothesis. Students who provided the
correct hypothesis on the first try performed better in the
exam than those who did not.
An important aspect of PEOE is the several steps of
explanation required. Providing explanations – even if
incorrect – might improve learning and generalization by
promoting integration of new information with previous
knowledge (Chi, 2000), and by guiding learners’ attention
towards structural features that are relevant for generalization
(Lombrozo, 2006; Rittle-Johnson, 2006). Thus, it is possible
that, compared to practice questions, PEOE led learners to
connect the information in the assignments with other
materials from the textbook or class and emphasized critical
similarities and differences among several examples, within
the assignments and across sources.
Importantly, the present study used an in-vivo approach to
experimentation. That is, we implemented the manipulation
as part of regular classroom activities using relevant
materials. This approach increases the external validity of the
results and their direct relevance for both theory and practice,
while maintaining precise control over the manipulation.
In sum, the present results suggest that asking students to
predict and explain information yields better generalization
and transfer than other practices known to improve learning
over passive learning. Future research is necessary to test the
generalizability of the present results (e.g., does PEOE work
with other materials beyond scientific results?) and to probe
the exact mechanisms of action. The present results also
reiterate the importance of considering the whole learning
context when identifying the best learning approach
(Carvalho & Goldstone, 2015; Koedinger et al., 2011).
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Abstract
Some moral philosophers have suggested that a basic
prohibition against intentional harm ought to be at the core of
moral belief systems across human societies. Yet,
experimental work suggests that not all harm is viewed
equally—people often respond more negatively to harm that
occurs among fellow social group members, rather than
between members of different groups. The present two studies
investigated how concerns about social group membership
factor into the moral judgment system. Adults (N = 111, Study
1) and children (N = 110, Study 2) evaluated instances of
inter- and intra-group harm under varying levels of cognitive
load. Both children and adults responded more slowly to
intergroup harm than to intragroup harm. Furthermore, adults
under cognitive load rated intergroup harm more leniently
than intragroup harm, but adults who were not under load
rated the two types of behaviors similarly. These findings
suggest that across development, evaluations of intergroup
harm rely more heavily on conscious deliberation than
evaluations of intragroup harm. Thus, people's evaluations of
harmful behaviors are made in light of information about the
social category membership of the people involved.
Keywords: moral judgment; social cognitive development;
intergroup cognition

Introduction
In the Fall of 2009, an army major on a United States
military base in Fort Hood, Texas opened fire on his fellow
American soldiers, killing 13 people and injuring more than
30 others. As with other mass shootings, this tragedy evoked
outrage around the country. Yet, this particular event was
quite different from other mass shootings. It was not a
random attack upon people mostly unknown to the attacker
—it was an attack by an American soldier upon fellow
members of the American military. In a statement at a
memorial service for the victims, President Obama stated
that the fact that the attack was committed by an American,
on American soil, “makes the tragedy even more painful,
even more incomprehensible” (The White House, 2009).
This response illustrates a common phenomenon: People
often treat harm against members of the same social group
(e.g., among fellow Americans) as more morally
reprehensible than harm between members of different
groups. Yet, the question of how concerns for social groups
fit into the moral judgment system is a challenging one.

Many moral philosophers and psychologists have argued
that the prohibition against intentional harm is the most
fundamental component of human morality, regardless of
other features of a situation, such as group membership
(Nagel, 1987; Smetana, 2006). By this account, group
membership should not factor into people’s initial
evaluation of a harmful act—people should simply respond
negatively to any sort of harm. Indeed, a general prohibition
against harming others exists across human cultures (Haidt
& Joseph, 2004; Helwig, 2006; Wainryb, 2006).
Yet, experimental work has revealed that not all harm is
viewed equally. People often evaluate harm more or less
severely depending on features of the situation aside from
the harmful behavior itself, such as group membership
(Meier & Hinsz, 2004; Rai & Fiske, 2011; Rozin, Lowery,
Imada, & Haidt, 1999; Shweder, Much, Mahapatra, & Park,
1997). For example, across many human societies, people
actually value violence toward outgroup members,
especially if they identify strongly with their ingroup
(Cohen, Montoya, & Insko, 2006), and viewing harm
against outgroup members is associated with the activation
of brain regions that encode reward (Cikara, Botvinick, &
Fiske, 2011). Thus, it remains an open question exactly how
the moral judgment system weighs concerns for group
membership against more general prohibitions against harm.
Developmental research provides one possible answer to
the question of how group membership factors into the
moral judgment system. Young children have a basic
expectation that social groups mark people who hold
intrinsic, moral obligations toward one another. For
instance, one study introduced 3- to 9-year-old children to
two novel social categories and showed them instances of
intra- or inter-group harm (e.g., someone teasing a member
of their own or another group; Rhodes & Chalik, 2013).
Children were asked to give an initial evaluation of the
harmful action. Then, children were told that there were no
explicit rules prohibiting the harmful behavior in the actors’
context (e.g., there were no rules prohibiting teasing), and
were asked to evaluate the action a second time. When the
actions involved members of the same group, children rated
the action as equivalently bad regardless of the rule,
suggesting that they thought the agent was intrinsically
obligated not to harm a member of the agent’s own group,
regardless of the circumstance. In contrast, when the actions
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involved members of different groups, children evaluated
the action more leniently after they were told there were no
specific rules in place prohibiting the behavior. This pattern
of findings suggests that children have a basic intuition that
people should not harm their own group members, but
require more information (e.g., consideration of local rules)
to determine when intergroup harm is prohibited or
permissible. No prior research, however, has investigated
the role of cognitive resources in these judgments.
Based on these findings, as well as prior work to suggest
that moral judgments vary in the degree to which they rely
on deliberative reasoning (Greene, Sommerville, Nystrom,
Darley, & Cohen, 2001), the present work tests the
hypothesis that deliberative reasoning plays a more critical
role in the evaluation of intergroup harm, whereas the
evaluation of intragroup harm is more reflexive. In other
words, a prohibition against intragroup harm (but not
intergroup harm) is present in the expectations that children
hold very early in life. Because intergroup harmful
behaviors do not violate this prohibition, evaluating these
behaviors as wrong requires more conscious deliberation
(e.g., consideration of local rules and other contextual
features). On the other hand, behaviors that do violate the
basic prohibition against intragroup harm (i.e., harmful
actions among members of the same group) should be
reflexively judged as wrong, and require less deliberation.
To test these hypotheses, we recorded adults’ and children’s
response times to and ratings of negative intra- and intergroup behaviors under varying levels of cognitive load.
We made two predictions: First, if reactions against
intergroup harm require more deliberation than those against
intragroup harm, then people should be slower to evaluate
intergroup harm than they are to evaluate intragroup harm.
Second, since deliberative responses require more cognitive
effort than responses that rely more heavily on intuition
(Chaiken & Trope, 1999; Kahneman, 2003; Stanovich &
West, 2000), cognitive load should interfere more severely
with reasoning processes that require more deliberation.
Thus, our second prediction was that people would evaluate
intergroup harm, but not intragroup harm, more leniently
under cognitive load.

Study 1
Participants
We recruited 111 adults (M age = 20.4, range = 19.0 - 24.0,
82 female) from New York University in exchange for
course credit. Data were collected in the 2015-2016
academic year. An additional 5 participants were tested but
excluded from analysis because they failed to correctly
answer attention check questions. Participants were
randomly assigned to the No Load (n = 55) or Load (n = 56)
conditions.

Procedure
Participants sat in front of a computer. On the screen, they
saw a seven-point scale ranging from -3 to 3, represented
visually by smiley faces (-3 = big frown, 0 = neutral face, 3
= big smile). Participants were told that they would see a
series of social interactions, and for each, they had to choose

the corresponding point on the scale. Participants completed
two blocks of four practice trials each to familiarize them
with this procedure. For each trial, a social interaction
appeared (as a hand-drawn picture) and was described in an
audio recording, and the participant had to press a key
keyboard corresponding to one of the points on the scale
(denoted by images on the keys).
For participants in the No Load condition, the second
block of practice trials was a repeat of the first block. For
participants in the Load condition, the second block of
practice trials included a cognitive load manipulation: In
addition to rating each interaction, participants performed a
trial-by-trial digit span memory task (Longstaffe, Hood, &
Gilchrist, 2014). In each trial, a 5-digit number appeared on
the screen for three seconds, followed by the social
interaction. After rating the interaction, participants were
prompted to enter the string of digits that they had seen
before moving to the next trial. We used this cognitive load
manipulation because we hypothesized that when people
deliberate over moral evaluations, their deliberation centers
around retrieving the relevant social rule (or rules) from
their semantic memory and deciding whether it applies in
the present scenario; for example, when thinking about
stealing, an individual might first think about whether there
exist social rules against stealing, then think about whether
the present behavior violates those rules. Thus, any
manipulation intended to interfere with this process would
need to interfere directly with the retrieval of semantic
knowledge. Because the working memory system acts to
control attention and allow for the retrieval of information
(Engle, 2002), we predicted that a digit span memory task,
which taxes the working memory system, would interfere
with participants’ evaluations of intergroup harm.
After the practice trials, participants read a short story on
the screen in which they were introduced to two novel
groups of children, marked by shirt color and team names
(the “Flurps,” in blue shirts, and the “Zazzes,” in red shirts)
and described as engaged in noncompetitive activities—
each group was working together to build a tower out of
blocks. Participants were not members of either group—this
allows us to test people’s abstract beliefs about intergroup
behavior, rather than their own affective ingroup biases.
Participants completed two attention check questions
(“Look at these two children. Are they in the same group or
different groups?”) to ensure that they recognized the two
groups. Next, participants completed 12 test trials in which
they saw and heard about a social interaction that had
occurred among the characters in the story, then evaluated
the interaction by choosing a point on the scale. Six trials
were about interactions that had occurred among members
of the same group (e.g., between a Flurp and another Flurp),
and six trials were about interactions that had occurred
between members of different groups (e.g., between a Flurp
and a Zazz). The intragroup and intergroup interactions
were presented in blocked counterbalanced order.
Additionally, for each group context, half of the social
interactions were about harmful behaviors (intended to test
our hypotheses about the cognitive processes underlying
judgments about inter- and intra-group harm) and half of the
social interactions were about prosocial behaviors (intended
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as control items to ensure that participants used the full
range of the scale). In the Load condition, the test trials
included the digit span memory task described above.
We recorded participants’ ratings of the behaviors as well
as their reaction times for each rating. Reaction times were
measured from the moment the interaction appeared on the
screen until the moment participants chose a point on the
rating scale. Ratings are presented as participants’ average
rating of how bad the harmful behaviors were, with higher
numbers indicating a more negative rating. Reaction times
were log-transformed for analysis, but for ease of
interpretation are presented in milliseconds. Trials in which
participants took fewer than 500 ms or more than 10,000 ms
to respond were excluded from analysis, as participants
were unlikely to be answering meaningfully on these trials.
All raw data and code are available on the Open Science
Framework at http://osf.io/xr2wh/.

Results
To test our first hypothesis, that people would take longer to
evaluate intergroup harm than they would to evaluate
intragroup harm, we averaged participants’ reaction times
for the three harmful social interactions in each group
context (intergroup and intragroup). We subjected these
times to a repeated measures ANOVA with cognitive load
(Load or No Load) as a between-subjects factor and group
context (intergroup or intragroup) as a within-subjects
factor. We found a main effect of group context, such that
participants responded more slowly for intergroup harm (M
= 3900, CI = 3700 - 4099) than they did for intragroup harm
(M = 3297, CI = 3150 - 3445), F(1,109) = 30.20, p < .001.
There was no main or interactive effect of cognitive load.
To test our second hypothesis, that cognitive load would
selectively interfere with participants’ ratings of intergroup,
but not intragroup, harm, we repeated the above analysis on
participants’ ratings, rather than their reaction times. We
found a main effect of group context, indicating that
participants rated intragroup harm as worse than intergroup
harm, F(1,109) = 4.46, p < .05. We also found a main effect
of cognitive load, indicating that participants in the Load
condition rated behaviors as worse than participants in the
No load condition, F(1,109) = 5.31, p < .05.
Contrary to our prediction, the interaction between group
context and cognitive load was not statistically significant
(F(1,109) = 1.29, p = .26), but an examination of the means
suggests that the effect of context was driven by participants
in the Load condition (see Figure 1). In the Load condition,
participants reliably evaluated intragroup harm (M = 2.67,
CI = 2.50 - 2.83) as worse than intergroup harm (M = 2.44,
CI = 2.24 - 2.63), t(55) = 2.51, p < .05, whereas in the No
Load condition, participants evaluated the two types of harm
similarly (intragroup: M = 2.34, CI = 2.17 - 2.51;
intergroup: M = 2.27, CI = 2.08 - 2.46), p = .53.
To investigate these effects further, as a set of post-hoc
analyses, we tested whether the above effects differed based
on the extent to which participants’ cognitive resources were
taxed in the Load condition: Participants in this condition
correctly reported the number that they had been told to
remember on an average of 4.6 trials (out of the six trials
that involved harmful behaviors). Because this task was

Figure 1: Participants’ ratings of intra- and intergroup harm in each condition. Error bars represent
95% confidence intervals.
designed to interfere with the relevant cognitive processing
for these types of moral evaluations, participants who were
more successful on the task (i.e., who remembered more
numbers correctly) should have had less working memory
capacity available to allow them to deliberate over their
evaluations. We thus tested the correlation between
performance on the memory task and the difference between
participants’ ratings of inter- and intra-group harm. The
difference between participants’ ratings was positively
correlated with memory performance (r = .26, p < .05), such
that participants who remembered more numbers correctly
showed a greater difference between their ratings of intraand inter-group harm (rating intragroup harm as worse than
intergroup harm). This finding supports the conclusion that
our cognitive load manipulation was successful in
interfering with deliberative processing, but also suggests
that a stronger load manipulation (perhaps one that
distinguishes between visual and verbal working memory;
Amit & Greene, 2012) might produce an even stronger
pattern of results.

Discussion
Across both of the measures that we tested (ratings and
reaction times), participants responded differently for intraand inter-group harm. In both conditions, participants
responded more slowly for intergroup harm than for
intragroup harm, suggesting that evaluations of intergroup
harm require more conscious deliberation than evaluations
of intragroup harm; this difference was quite large. Also,
participants rated intragroup harm as worse than intergroup
harm. Furthermore, cognitive load interfered modestly with
evaluations of intergroup harm—participants under load
rated intergroup harm as less bad than intragroup harm,
whereas participants under no load evaluated the two types
of harm similarly (although the interaction effect was not
statistically significant). A post hoc analysis revealed that
the difference between ratings of intergroup and intragroup
harm among participants under cognitive load was more
pronounced for participants whose cognitive resources were
more taxed by the load manipulation. Taken together, these
findings suggests that evaluations of intragroup harm rely
more heavily on reflexive responses, whereas evaluations of
intergroup harm rely more heavily on conscious
deliberation.
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Study 2
In Study 2, we tested whether the effects we documented in
adults are continuous throughout the lifespan by conducting
a similar study with children at the age when a host of social
category-based processes emerge (4-6 years). No prior
research has investigated the role of cognitive resources in
children's evaluations of inter- and intragroup harm. It is
possible that these processes are different from those we
found in adults; although young children certainly use social
categories when evaluating harmful behaviors (Rhodes &
Chalik, 2013), it is possible that the adult evaluations—
evoking more or less deliberation in different group contexts
—emerge slowly over time. On this account, we would
expect deliberative responses, which have been documented
in young children in prior research on moral development
(Smetana, 1985), to play a consistent role in children's
evaluations across various types of behaviors.
It is also possible that the cognitive processes that guide
evaluations of inter- and intragroup harm in adults are
similarly variable in young children. Prior work supports
this possibility; as early as the preschool years, children
treat intragroup harm as a serious moral violation, whereas
they treat intergroup harm as wrong for more conventional
reasons (Rhodes & Chalik, 2013). Thus, there does appear
to be some variation in how children arrive at their
judgments of inter- and intragroup harm. Yet, no work has
examined the cognitive processes underlying these
judgments. If children’s evaluations are driven by the same
variation in deliberation that we found in adults in Study 1,
then we should find similar effects in children’s reaction
times to and their ratings of inter- and intragroup harm.

Participants
We recruited 110 4- to 6-year-old children (M age = 5.35,
range = 3.98 - 7.07, 57 female) at the Children’s Museum of
Manhattan. Researchers approached parents at the museum
and invited them to participate in research. Once parents had
given consent, children participated in a quiet room at the
museum. An additional 9 children were tested but excluded
from analysis because they did not complete the entire
testing session. Children were randomly assigned to the No
Load (n = 52) or Load (n = 58) conditions.

Procedure
Children performed the same task as the adults in Study 1
with the exception that instead of a digit span recall task, in
the Load condition, we used a prospective memory task—
requiring participants to remember to perform a future
action after a cue. Prospective memory tasks have been
shown to interfere with performance in ongoing tasks in 4to 6-year-old children (Leigh & Marcovitch, 2014). Thus, in
the Load condition, children were told that they had to look
for a picture that contained someone wearing green shoes,
and they were instructed to ring a bell when they saw this
special picture. Children saw two prospective memory trials
(pictures containing green shoes) throughout the study—one
after each block of six test trials. Thus, children saw 14
trials total (six intragroup test trials, one intragroup
prospective memory trial, six intergroup test trials, one

intergroup prospective memory trial), counterbalanced in
the same manner as in Study 1. Because the prospective
memory trials required a different type of response from the
test trials, these two trials were not included in our analyses
—thus, our analyses included only the six test trials in each
block. Children therefore completed the same number of test
trials as adults in Study 1 (who did not see prospective
memory trials).
As in Study 1, we recorded participants’ ratings of the
behaviors as well as their reaction times for each rating.
Trials in which participants took fewer than 500 ms or more
than 10,000 ms to respond were excluded from analysis. An
additional two children who took longer than 10,000 ms to
respond on over 25% of trials were excluded from analysis.

Results
To test whether children took longer to evaluate intergroup
harm than intragroup harm, we subjected children’s average
reaction times to a repeated measures ANOVA with
condition (Load or No Load) as a between-subjects factor
and group context (intergroup or intragroup) as a withinsubjects factor. We replicated the main effect of group
context, indicating that children responded more slowly for
intergroup harm (M = 5345, CI = 5108 - 5582) than they did
for intragroup harm (M = 4901, CI = 4607 - 5196), F(1,108)
=10.52, p < .005. There was no main or interactive effect of
condition.
To test whether cognitive load interfered with children’s
ratings of the behaviors, we repeated the above analysis
with rating as the dependent variable. There were no
significant effects, indicating that children responded
similarly for intragroup and intergroup harm in both
conditions (Load: intragroup M = 2.10, CI = 1.76 - 2.43,
intergroup M = 2.26, CI = 1.99 - 2.54; No load: intragroup
M = 2.19, CI = 1.83 - 2.54, intergroup M = 2.02, CI = 1.73 2.31; ps > .13). We then investigated whether the effects
differed based on the extent to which children engaged in
the prospective memory task: Of the 58 children in the Load
condition, 25 successfully remembered to ring the bell on
the first prospective memory trial, and 27 failed to do so
(these children needed prompting to remember that they
were supposed to ring the bell). The remaining six
children’s sessions were not videotaped, and we thus could
not code whether they performed the prospective memory
task. We then repeated the above analysis excluding
children who failed the prospective memory task. Again,
there were no significant effects (ps > .41), indicating that
children responded similarly for intragroup and intergroup
harm in both conditions. Thus, the lack of an effect of
cognitive load here may be due to the fact that the
manipulation was not strong enough to divert children’s
cognitive resources.

Discussion
We replicated our reaction time results from Study 1 in
young children—children responded more slowly for
intergroup harm than for intragroup harm. But contrary to
our findings with adults, we found no effect on children’s
ratings of the behaviors—children rated the harmful
behaviors as equivalently bad, regardless of condition.
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There are several possible explanations for these
discrepant findings across the two measures (ratings and
reaction times). One possibility is that, as we hypothesized,
children were slower to evaluate intergroup harm than
intragroup harm because they use more deliberative
processing to evaluate intergroup harm. From this
perspective, the cognitive load manipulation (the
prospective memory task) should have selectively interfered
with children’s evaluations of intergroup harm, as it did
among adults in Study 1. Yet, perhaps the load manipulation
that we used here was not successful among young children.
Similar manipulations have been used with children of these
ages in previous work (Leigh & Marcovitch, 2014);.
However, the present task was considerably more
complicated than previous studies. Thus, perhaps children
attended only to the evaluation task, because it was more
complicated, and did not devote any cognitive resources to
the prospective memory task. If so, then children in the
Load condition did not experience increased cognitive load,
despite the additional task that we asked them to perform.
The fact that excluding children who failed the prospective
memory task did not alter our findings lends support to this
possibility. If this is the case, then a stronger load
manipulation may selectively interfere with children's
evaluations of intergroup harm.
Alternately, perhaps children were slower to evaluate
intergroup harm not because evaluating these behaviors
requires increased deliberation, but because of some other
feature of the intergroup trials. For example, these trials may
have required children to process more information than the
intragroup trials did (i.e., children had to note the presence
of two category memberships, instead of just one), so
perhaps this additional processing demand in the intergroup
trials caused children to respond more slowly, but not for
any reason that had to do with their evaluations of the
harmful behaviors. If this is the case, we might expect that
children's evaluations of intergroup harm would be
unaffected by an even stronger cognitive load manipulation.
Future research should distinguish these possibilities.

General Discussion
The present studies represent the first evidence that, among
adults, evaluations of intergroup harm rely more on
deliberative responses than evaluations of intragroup harm.
Two pieces of evidence support this claim. First, adults were
slower to evaluate intergroup harm than intragroup harm.
Second, under load, adults evaluated intergroup harm more
leniently than they evaluated intragroup harm, whereas
under no load, they evaluated the two types of harm
similarly. This pattern suggests that evaluations of
intergroup harm may require more deliberation. There was
some evidence for developmental continuity in these effects
—young children were also slower to evaluate intergroup
than intragroup harm. Yet, because children's evaluations
were unaffected by the cognitive load manipulation, it
remains unclear whether similar processes shaped children's
and adults responses to these scenarios.
These studies provide evidence that different cognitive
processes underlie the moral judgments that occur in
different types of intergroup contexts. A great deal of prior

research has shown that concerns for social groups are an
important part of moral codes across human cultures (Haidt
& Joseph, 2004; Meier & Hinsz, 2004; Rai & Fiske, 2011;
Rozin et al., 1999; Shweder et al., 1997), yet no prior work
has attempted to document the actual processes by which
beliefs about social groups operate when people evaluate
moral scenarios. In the present studies, we have shown that
a combination of reflexive and deliberative processes shapes
people’s responses to these types of scenarios. Specifically,
we have shown that scenarios that do not violate people’s
basic intuitions about the function of social categories (i.e.,
harm between people from different groups) evoke more
conscious deliberation than scenarios that do violate those
intuitions (i.e., harm among people from the same group).
These findings have important implications for the study
of moral development. Some theories have posited that
moral evaluation exists as a separate domain from other
types of reasoning. On this account, people make moral
judgments on the basis of whether an action causes harm or
unfair treatment, and only after the initial judgment is made
do they incorporate considerations for parts of the scenario
aside from the behavior itself, such as group membership
(Killen & Rizzo, 2014; Killen, Rutland, Abrams, Mulvey, &
Hitti, 2013). On this account, when people see a harmful
behavior occur, they immediately evaluate the behavior
negatively because it violates their basic intuition that harm
should be avoided. Then, after they have generated an initial
evaluation, they update that evaluation on the basis of
information about social group membership and other
relevant factors (possibly evaluating intragroup harm more
harshly, and intergroup harm more leniently, than they
initially had).
The present findings suggest an alternative account: that
people's initial evaluations of harmful behaviors are made in
light of information about the social category membership
of the people involved. This is the intuition that President
Obama invoked when he noted that an American shooting
Americans on American soil made a tragedy even more
painful.
Our results suggest that children hold the same basic
expectations about the function of social categories very
early in life. Their use of social categories in evaluating
moral scenarios appears to be a very early-emerging feature
of human cognition. Across both studies we designed the
stimuli and language to be simple enough that it could be
used with both children and adults. This approach was
helpful in that it allowed us to run similar studies with
adults and with children, which strengthens the conclusions
that we can draw about the relationship between children’s
and adults' moral evaluations. As such, the present work
suggests that this part of the moral judgment system remains
relatively stable across development. It is thus striking that
we did find such a clear pattern of responses in adults while
using child-friendly stimuli. Still, future work should
investigate adults' responses to a wider range of complex
intergroup scenarios.
Future work should also further investigate the processes
underlying children’s judgments of inter- and intragroup
harm. As noted above, the present studies can be taken as
some evidence for developmental continuity in these
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processes; both adults and children responded more slowly
to intergroup harm than to intragroup harm, suggesting that
across development, evaluations of intergroup harm rely
more on deliberative processing. Yet, because the cognitive
load manipulation used here did not influence children’s
judgments, any conclusions that we are able to draw
regarding developmental continuity remain tentative. To
fully investigate whether children's evaluations are guided
by the same underlying processes as those found in adults,
future work should examine children's evaluations of interand intra-group harmful behaviors while putting them under
a greater degree of cognitive load. If a stronger cognitive
load manipulation selectively interferes with children's
judgments in the same way that it interfered with those of
adults, then we will be able to conclude more strongly that
children, like adults, rely more heavily on deliberative
processing when evaluating intergroup harm than when
evaluating intragroup harm.
Despite these open questions, the present work represents
an important contribution to the literatures on child and
adult moral cognition. These studies have provided the first
step toward documenting the cognitive processes that
underlie people's responses to inter- and intra-group harm.
In doing so, they have expanded our understanding of the
nature of adult moral cognition as well as the processes that
shape moral cognition across development.
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Abstract

Using an eye-tracking paradigm, we examined the strength
and speed of access to lexical knowledge (e.g., our
representation of the word dog in our mental vocabulary) and
semantic knowledge (e.g., our knowledge that a dog is
associated with a leash) via both spoken words (e.g., “dog”)
and characteristic sounds (e.g., a dog’s bark). Results show
that both spoken words and characteristic sounds activate
lexical and semantic knowledge, but with different patterns.
Spoken words activate lexical knowledge faster than
characteristic sounds do, but with the same strength. In
contrast, characteristic sounds access semantic knowledge
stronger than spoken words do, but with the same speed.
These findings reveal similarities and differences in the
activation of conceptual knowledge by verbal and non-verbal
means and advance our understanding of how auditory input
is cognitively processed.
Keywords: speech comprehension; sound processing; lexical
competition; semantic competition; eye-tracking

Introduction
The human auditory system receives and processes different
types of input from the environment. Sounds that come from
an entity typically provide information about a specific
member of a group: the sound of a dog barking usually
reveals that particular dog’s size and location. Words, in
contrast, often refer to a category without providing
information about the specific member of that group. For
example, the spoken word “dog” provides no information
about either the dog’s size or location. Models of auditory
processing take into account words’ and sounds’ unique
features, and propose that these two types of input access
conceptual knowledge via different routes (Chen & Spence,
2011). In the current study, we directly examine and
compare the timecourse of semantic and lexical activation
by spoken words and characteristic sounds.
During speech processing, individual words’ lexical form
and semantic meaning are rapidly accessed (Connolly &
Phillips, 1994; Van Petten, Coulson, Rubin, Plante, & Parks,
1999). Hearing “dog” activates the representation of the
word dog in the mental lexicon, as well as semantic features
associated with the concept of dog (e.g., “barks” and “has
fur”). Evidence of lexical and semantic activation cued by
spoken words can be observed in the form of spreading
activation to related words or concepts. Eye-tracking studies

have shown that upon hearing a spoken word (e.g., “dog”),
people often briefly look at pictures representing words that
are lexically related (e.g., doctor which shares its onset with
the word dog) or semantically related (e.g., cat which
belongs to the same semantic category as dog, or leash
which is associatively related to dog) (Allopenna,
Magnuson, & Tanenhaus, 1998; Huettig & McQueen, 2007;
Yee & Sedivy, 2006).
Characteristic sounds, similar to spoken words, have been
shown to also trigger access to semantic information (Chen
& Spence, 2011, 2013; Edmiston & Lupyan, 2015). Hearing
a characteristic sound, like a dog’s bark, activates an entity’s
semantic features and facilitates picture identification (Chen
& Spence, 2011) and visual search (Iordanescu,
Grabowecky, Franconeri, Theeuwes, & Suzuki, 2010).
However, direct evidence of how sounds access lexical
information is lacking. Furthermore, while current speech
processing models, such as TRACE (McClelland & Elman,
1986), can be adapted to incorporate non-speech sounds,
empirical data comparing word and sound processing are
needed to inform modeling efforts.
The aim of the current study is to directly compare the
strength and rate with which spoken words and
characteristic sounds provide access to information
associated with a concept. In a visual world eye-tracking
experiment, we assessed spreading activation from
auditorily-presented targets (a spoken word, e.g., “dog” or
characteristic sound, e.g., <bark-bark>) to their lexical and
semantic competitors. In lexical activation trials, a picture of
a phonological onset competitor was present on the screen
(e.g., a picture of a cloud when the target was the word
“clock” or a <tick-tock> sound). In semantic activation
trials, a picture of an associative semantic competitor was
present on the screen (e.g., a picture of a bone when the
target was the word “dog” or a <bark-bark> sound). Access
to lexical/sematic information is indexed by visual fixation
patterns to lexical/semantic competitors.
Our predictions are based on the multisensory framework
proposed by Chen and Spence (2011), an extension of
Glaser and Glaser’s reading-naming interference model
(1989). Chen and Spence propose that spoken words and
characteristic sounds cue access to concepts via different
intermediaries. Spoken words have a direct connection to
phono-lexical representations, whereas characteristic sounds
connect directly to semantic representations. The phono-
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lexical and semantic representations are interconnected,
allowing for words and sounds to each access lexical and
semantic information. Based on this framework, we predict
that spoken words will activate lexical representation
stronger and/or faster than characteristic sounds. Likewise,
characteristic sounds will activate semantic representation
stronger and/or faster than spoken words.

Method
Participants
Thirty monolingual English speakers participated in the
study. These participants were randomly assigned to the
characteristic sound condition (n = 15, 14 female) or the
spoken word condition (n = 15, 13 female). Eye-tracking
data for one participant in the characteristic sound condition
was lost due to equipment error. The remaining participants
in the sound and word conditions did not differ in age, nonverbal IQ scores (Wechsler Abbreviated Scale of
Intelligence; WASI, PsychCorp, 1999), phonological
memory scores (digit span and nonword repetition subtests
of the Comprehensive Test of Phonological Processing;
CTOPP, Wagner, Torgesen, & Rashotte, 1999), or English
receptive vocabulary scores (Peabody Picture Vocabulary
Test; PPVT, Dunn, 1997).

Materials
Fifteen sets of stimuli were created for each competitor
type, lexical and semantic. The 15 lexical sets included three
critical items: A target (e.g., clock), a phonological onset
competitor (e.g., cloud) whose name overlapped with the
target, and a control (e.g., lightbulb) that did not overlap.
The 15 semantic sets also included three critical items: a
target (e.g., chicken), an associative semantic competitor
(e.g., egg), and a control (e.g., snowman). In each group of
15 sets, the target word, the lexical/semantic competitor, and
the control did not differ from each other in word frequency
(SUBTLEXUS; Brysbaert & New, 2009), phonological and
orthographic neighborhood size (CLEARPOND; Marian,
Bartolotti, Chabal, & Shook, 2012), familiarity,
concreteness, or imageability (MRC Psycholinguistic
Database; Coltheart, 1981).
These sets were used to create 240 trials; in 50% of these
trials, the target picture was absent from the display. Sixty
of these target-absent trials comprised the set of
experimental trials; analyses were limited to target-absent
trials to ensure that competitor activation was caused by the
auditory stimulus itself, instead of only the pictures on the
screen (see Chabal & Marian, 2015). In 30 competitor trials,
each competitor (e.g., cloud or egg) appeared in a display
with three unrelated pictures. In 30 control trials, the
competitor was replaced with a control object (e.g.,
lightbulb or snowman) in the same location. The 180 filler
trials were designed to mask the experimental manipulation
and to balance the number of times each picture was viewed
in the experiment (i.e., targets, competitors, controls, and
other unrelated items).

Pictures were black and white line drawings from the
International Picture Naming Database (Bates et al., 2000)
or independently normed by 20 English monolinguals using
Amazon Mechanical Turk (http://www.mturk.com). These
pictures were positioned in the four corners of a 3 x 3
invisible square grid. Pictures in the same display were
similar in saturation (i.e., none of the pictures were darker
than the others) and line thickness. Participants were seated
approximately 80 cm away from a computer screen (2560 x
1440 resolution) while their eye-movements were tracked
using an Eyelink 1000 eye-tracking system recording at 250
Hz. The words representing the 30 target items were
recorded by a Midwestern female speaker of Standard
American English. Word and sound stimuli were amplitude
normalized and played through closed-back headphones.
Spoken word durations (M = 731.7 ms, SE = 4.93, Range =
[502, 1066]) were shorter than characteristic sounds (M =
1545.4 ms, SE = 28.53, Range = [329, 3868]), t(29) = 5.33,
p < .001, due to the fact that many continuous sounds do not
have a fixed ending point, as words do. Note that duration
was not correlated with response times (R2 = .001, n.s.). To
account for any potential effects of auditory recording
length on visual fixations, duration was included as an
additional predictor in all models.

Procedure
A fixation cross was shown on the screen for 1500 ms,
followed by the four-object display. The display was shown
for 500 ms before the participants heard either a
characteristic sound or a spoken word. After the onset of the
auditory input, the objects remained onscreen for 4500 ms
before they disappeared. Participants were instructed to
click on the target picture as quickly as possible if the target
was present, and to click on the fixation cross in the center
of the screen if the target picture was absent. Before the
experiment, participants completed a set of practice trials.

Data Analysis
Accuracy was analyzed using linear mixed effects
regression. By-subject and by-item averaged models were
created; with fixed effects of Auditory-input (word, sound),
Condition (lexical, semantic), and Competition (competitor,
control) and their interactions, as well as a random intercept
of either subject or item (mixed effects logistic regression
with subject and item random effects was not possible due
to multicollinearity of fixed effects). Response times were
analyzed for correct trials only, and outliers (greater than the
condition mean plus two standard deviations) were replaced
with M+2SD (4.72% of trials). The RT model included
fixed effects of Auditory-input, Condition, and Competition
plus their interactions, as well as random intercepts of both
subject and item. Significance of fixed effects were obtained
using t-tests and the Satterthwaite approximation for degrees
of freedom. Follow-up pairwise comparisons used the
Tukey correction for multiple comparisons.
The time course of visual fixations to semantic and lexical
competitors was analyzed using growth curve analysis
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(Mirman, Dixon, & Magnuson, 2008). Visual fixations were
analyzed in 25 ms bins for correct trials only, averaged by
items. Fixations were analyzed from 200 ms post-word
onset (the time required to plan and execute an eye
movement, Viviani, 1990) until each condition’s average
RT. Level-1 models used fourth-order orthogonal
polynomials to capture the rise and fall of visual fixations
over time. Level-2 models included all time terms and
random effects of item on all time terms, plus additional
fixed effects of each variable of interest. The difference
between fixations to competitors and controls was analyzed
separately for each combination of Auditory-input (word,
sound) and Condition (lexical, semantic). All models
included each item’s auditory duration (scaled score) on all
time terms, as adding auditory duration significantly
improved each model’s fit (ps < .001). Parameter p-values
were obtained using the Satterthwaite approximation for
degrees of freedom.

Results
Eye movements
Competitor fixations. We found a significant effect of
lexical competition in response to spoken words on the
intercept (β = -0.030, SE = 0.005, t(1245) = -6.39, p < .001),
linear (β = 0.077, SE = 0.031, t(1245) = 2.47, p < .05), and
cubic terms (β = -0.161, SE = 0.031, t(1245) = -5.17, p <
.001). These effects captured a larger, earlier fixation peak
for lexical competitors compared to controls (Figure 1, topleft), indicating rapid lexical access by spoken words.

Duration interacted with competition on the intercept (β =
0.013, SE = 0.005, t(1245) = 2.85, p < .01) and quadratic
terms (β = -0.119, SE = 0.031, t(1245) = -3.81, p < .001);
longer words activated lexical information less strongly.
There was a significant effect of lexical competition in
response to characteristic sounds on the intercept (β = 0.023, SE = 0.005, t(1200) = -5.19, p < .001), quadratic (β =
0.174, SE = 0.029, t(1200) = 5.92, p < .001), and quartic (β
= -0.131, SE = 0.029, t(1200) = -4.47, p < .001) terms.
These effects captured a late divergence between competitor
and control fixations (Figure 1, top-right), indicating
delayed lexical access by sounds. Duration interacted with
competition on the intercept (β = 0.013, SE = 0.005, t(1200)
= 2.95, p < .01) and quadratic terms (β = -0.060, SE = 0.029,
t(1200) = -2.04, p < .05). As with words, sounds with longer
durations activated lexical information less strongly.
There was a significant effect of semantic competition in
response to spoken words on the intercept (β = -0.023, SE =
0.004, t(1305) = -5.57, p < .001), quadratic (β = 0.155, SE =
0.028, t(1305) = 5.54, p < .001), and quartic (β = -0.067, SE
= 0.028, t(1305) = -2.39, p < .05) terms. These effects
captured a large competitor peak above a steady control
baseline in the middle of the analysis window (Figure 1,
bottom-left), indicating late semantic access by spoken
words. Duration had a significant effect on the cubic term (β
= -0.040, SE = 0.017, t(25.1) = -2.34, p < .05), and
interacted with competition on the intercept (β = 0.054, SE =
0.004, t(1305) = 12.93, p < .001), linear (β = 0.056, SE =
0.028, t(1305) = 2.00, p < .05), and quadratic

Figure 1: Activation of lexical and semantic competitors in response to spoken words and characteristic sounds. Lines
represent model fits for fixations to competitors (color) and controls (black). Dots and vertical lines indicate observed values
and standard error, respectively.
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terms (β = -0.100, SE = 0.028, t(1305) = -3.58, p < .001).
These effects captured decreased semantic activation in
response to longer words.
Finally, there was a significant effect of semantic
competition in response to characteristic sounds on the
intercept (β = -0.024, SE = 0.004, t(1185) = -5.86, p < .001),
linear (β = -0.076, SE = 0.027, t(1185) = -2.84, p < .01), and
quartic (β = 0.058, SE = 0.027, t(1185) = 2.15, p < .05)
terms. These effects captured a small, steady increase in
competitor fixations early on, followed by a large late
divergence between competitor and control fixations (Figure
1, bottom-right), which indicates sustained access to
semantic information by sounds. Duration had a significant
effect on the quadratic term (β = 0.065, SE = 0.029, t(15) =
2.27, p < .05), and interacted with competition on the
intercept (β = 0.036, SE = 0.004, t(1185) = 8.72, p < .001),
linear (β = -0.110, SE = 0.027, t(1185) = -4.09, p < .001),
and cubic (β = -0.115, SE = 0.027, t(1185) = -4.30, p < .001)
terms. These effects capture a large effect of duration across
the observed time window. Longer sounds only activate
semantics at a very late stage, whereas shorter sounds
activate semantic information at both early and late stages.
Comparing word and sound access to lexical and
semantic information. To facilitate comparisons across
conditions, difference curves were calculated by subtracting
control fixations from competitor fixations for each of the
four levels of Auditory-input by Condition. A linear mixed
effects regression model was designed, including fixed
effects of Auditory-input (word, sound), Condition (lexical,
semantic), and duration plus their interactions on all time
terms, as well as a random effect of item. Crucially, there
was an interaction between Auditory-input and Condition
on the quadratic term (β = 1.015, SE = 0.16, t(2021) = 6.35,
p < .001), which is followed up in two analyses, one
comparing activation of lexical information by words vs.
sounds, and the other comparing activation of semantic
information by words vs. sounds.
For lexical activation, Auditory input had a significant
effect on the intercept (β = -0.073, SE = 0.02, t(1119) = , p <
.001) and quadratic terms(β = -0.271, SE = 0.12, t(816) = , p
< .05); duration had an effect on the intercept (β = -0.076,

SE = 0.02, t(1042) = -4.60, p < .001) and quadratic terms (β
= -0.324, SE = 0.11, t(689) = -2.99, p < .01), and interacted
with auditory input on the intercept (β = -0.121, SE = 0.03,
t(1194) = -4.10, p < .001) and quadratic (β = -0.815, SE =
0.19, t(943) = -4.19, p < .001) terms. The combined effects
captured the earlier peak of lexical activation for words
(Figure 2, left, dark red) compared to sounds (Figure 2, left,
light orange). These results suggest that words access lexical
information faster than sounds.
For semantic activation, Auditory input also had a
significant effect on the intercept (β = -0.086, SE = 0.02,
t(1090) = -5.58, p < .001) and quadratic terms(β = 0.713, SE
= 0.10, t(1034) = 6.94, p < .001); duration had an effect on
the intercept (β = -0.072, SE = 0.01, t(1060) = -5.74, p <
.001) and quadratic (β = 0.704, SE = 0.08, t(995) = 8.43, p <
.001) terms, and interacted with auditory input on the
intercept (β = -0.129, SE = 0.02, t(1138) = -5.48, p < .001)
and quadratic terms (β = 1.162, SE = 0.16, t(1079) = 7.43, p
< .001). The combined effects manifested differently than
lexical activation: For semantic information, words resulted
in a peak in the middle of the window (Figure 2, right, dark
blue), and sounds peaked closer to the offset of the window
(Figure 2, right, light green). While words and sounds
activated semantic information at the same rate, sounds had
stronger access to semantics with higher peak activation.

Accuracy.
We found a significant three-way interaction (by-subjects,
t(81) = 3.38, p < .001; by-items, t(84) = 2.74, p < .01).
Follow-up pairwise comparisons indicated that the
Semantic-Sound Competitor had lower accuracy (86.5%)
than all other conditions (all higher than 97.6%, ps < .001,
by-subjects and by-items); no other comparisons were
significant. Most errors (83.3%) in the Semantic Sound
condition were caused by clicks on the semantic competitor.

Response time.
There was a significant main effect of Competition (β = 118.72, SE = 19.22, t(1635.3) = -6.18, p < .001) indicating
that the presence of a competitor slowed down participants’
assertion that the target was not present. The

Figure 2: Effect of auditory input on lexical/semantic activation. Left: Words (red) activate lexical information earlier than
sounds (orange). Right: Sounds (green) activate semantic information more strongly than words (blue). Curves represent
predicted model values when auditory duration is set to a constant value (median word duration).
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interaction between Condition and Competition was also
significant (β = 86.83, SE = 38.44, t(1635.3) = 2.26, p <
.05). Follow-up pairwise comparisons showed that RTs
during trials with semantic competitors were 163.56 ms
slower than trials with matched controls, t(1636) = 5.96, p <
.001 and that RTs during trials with lexical competitors
were 77.19 ms slower than trials with matched controls,
t(1634.8) = 2.86, p < .05.

Discussion
The current study examined relative activation of word-form
(i.e., lexical) knowledge and meaning (i.e., semantic)
knowledge while listening to spoken words or characteristic
sounds using eye-tracking in a visual world paradigm.
While sounds and words are processed similarly in many
ways: both are influenced by context, familiarity, and
frequency (Ballas, 1993, Edmiston & Lupyan, 2014, Stuart
& Jones, 1995), and both are similarly influenced by noise
degradation (Aramaki, Marie, Kronland-Martinet, Ystad, &
Besson, 2010, Gygi, Kidd, & Watson, 2004), models of
auditory processing propose that words and sounds may
access conceptual knowledge via different routes (Chen &
Spence, 2011). Our aim was to determine whether sounds
and words vary in how they provide access to lexical and
semantic knowledge. We found different patterns for words
and sounds in their access to lexical/semantic information.
Specifically, spoken words were found to access lexical
information earlier than sounds, but with similar intensity.
In contrast, characteristic sounds were found to access
semantics more strongly than words, but at a similar rate.
By comparing the shape and timecourse of visual
fixations to lexical and semantic competitors, we discovered
privileged access by spoken words to lexical information,
and by characteristic sounds to semantic information. While
lexical competition can be activated by both a spoken word
and a characteristic sound, participants fixated the lexical
competitor several hundred milliseconds earlier when cued
by a word compared to a sound. This result supports the
auditory processing model of Chen and Spence (2011),
which states that spoken words first activate a lexical
representation, whereas sounds first activate a semantic
representation, which then spreads to the lexicon. These
direct and indirect lexical pathways are reflected in the
staggered timing of activation peaks observed in our study.
Our results also demonstrate that non-linguistic sounds
alone can provide fast access to lexical information,
potentially via the concepts they activate.
A different pattern was observed for activation of
semantic information. Once again, both a spoken word and a
characteristic sound created semantic competition. This
finding is consistent with results from cortical processing of
semantic violations, where words and sounds were found to
evoke similar cortical responses using event-related
potentials (Hendrickson, Walenski, Friend, & Love, 2015).
However, while both words and sounds started to increase
semantic activation at the same rate, words reached an
earlier and lower peak than sounds did. Chen and Spence’s

model proposes that characteristic sounds first activate
semantic representations, which then feed forward to lexical
representations. Our results partially support this proposal,
as we find stronger activation of semantics by sounds, but
we do not find a sound advantage in rate – in fact, words
reach earlier peak activation than sounds.
This apparent departure from the model may be resolved
when we consider differences in the nature of the semantic
representation that is primarily accessed by words and
sounds. Words, particularly concrete nouns as used in the
current study, activate prototypical sematic concepts: “bird”
typically makes one think of a songbird animal, rather than
an ostrich or penguin (Hampton, 2016). Characteristic
sounds, on the other hand, are closely linked to their original
source and specific matching referents (Edmiston &
Lupyan, 2013, 2015). In the context of the current study, the
spoken word cue may have first accessed a lexical
representation, followed by a prototypical semantic concept,
which spread activation to related semantic concepts. The
characteristic sound cue may have first accessed a
representation for a specific referent that closely matched
the source sound; this specific representation then spread to
the prototypical semantic concept, and from there to related
semantic concepts (i.e., the semantic competitor). This
additional specific-to-general step for sounds may have
contributed to the slower rate of competitor activation.
Our results also demonstrate the influence of the duration
of an auditory signal on information access. Changes in the
duration of either words or sounds had the same effects,
where shorter durations increased lexical and semantic
activation relative to longer durations. This consistent
duration effect may be related to continuous auditory input
processing. Speech processing models posit that as a spoken
word unfolds, all lexical items that are consistent with the
partially received input become activated, and start to
decline as they diverge from the input (McClelland &
Elman, 1986; Shook & Marian, 2013). During the partiallyproduced stage, activation is spread diffusely among
multiple representations, which decreases the level of any
individual item. It is possible that non-speech sound
processing follows a similar pattern where multiple
representations are initially activated and then pruned,
leading to the same duration effect for sounds that we
observe for words.
We elected to use separate targets to examine lexical and
semantic competition in order to minimize priming effects,
and due to the constraints inherent in selecting identifiable
picture pairs with recognizable characteristic sounds. Now
that distinct lexical and semantic effects have been
established, it will be informative to directly compare them
using target – lexical competitor – semantic competitor
triplets (e.g., clock-cloud-radio). In addition, the issue of
different word and sound durations should be controlled in
future work. Note that the longer sound durations likely
increased the ecological validity of this study, as many
environmental sounds are continuous, compared to spoken
words’ fixed ending points.
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In conclusion, we have identified similarities and
differences in how humans process two types of auditory
input – linguistic spoken words and non-linguistic
characteristic sounds. The observed preferential access to
lexical information by spoken words, and to semantic
information by non-speech sounds, reveals features of the
cognitive architecture used to process sounds. These results
highlight the interconnectivity of the mind, with interactions
observed among linguistic and non-linguistic processing,
auditory and visual processing, and lexical and semantic
processing.
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Abstract
In face recognition, eye gaze to the eye region is reported to
be associated with better performance than to the center of a
face. Nevertheless, Caucasians and Asians differ in how much
they look at the eyes when they scan a face, but have
comparable identification performance. To resolve this issue,
here we test the hypothesis that optimal face recognition
performance involves a balance between global and local face
processing. Thus, Asians may benefit from enhancement of
local processing and vice versa for Caucasians. We showed
that local attention priming using hierarchical letter stimuli
led to more eye-focused eye movement patterns compared to
global attention priming in both Asians and Caucasians.
However, Asians had better performance after local priming
than global priming, whereas Caucasian showed the opposite
effect. These results suggest that engagement of global/local
attention leads to face-center/eye biased eye movements
respectively, and optimal recognition performance involves
both global and local processing/gaze transitions between the
face center and eyes.
Keywords: eye movement, face recognition, cultural
difference, hidden Markov model, EMHMM

Introduction
Humans have a remarkable ability to recognize individual
faces. Nevertheless, it remains unclear what kind of
information use can lead to optimal face recognition
performance. Recent studies have reported substantial
individual differences in eye movement patterns in face
recognition (Peterson & Eckstein, 2013), which may reflect
individual differences in information use and recognition
performance. To account for these individual differences in
eye movement data analysis, Chuk, Chan, and Hsiao (2014)
proposed the Eye Movement analysis with Hidden Markov
Models (EMHMM) approach, in which they modeled each
participant’s eye movement pattern in face recognition with
a hidden Markov model (HMM, a type of machine learning
model for time series data), including personalized regions
of interest (ROIs) and transition probabilities among the
ROIs. Through clustering these individual models according

to their similarities, they discovered two common patterns:
“holistic” pattern, in which observers mainly looked at the
face center; and “analytic” pattern, in which observers
looked at the eye region in addition to the face center.
Interestingly, analytic patterns were associated with better
recognition performance (Chan, Chan, Lee, & Hsiao, 2018;
Chuk, Chan, & Hsiao, 2017; Chuk, Crookes, Hayward,
Chan, & Hsiao, 2017) and higher activations in brain
regions important for top-down visual attention control such
as the frontal eye field and the intraparietal sulcus (Chan,
Wong, Chan, Lee, & Hsiao, 2016). In contrast, holistic
patterns were associated with cognitive decline in older
adults (Chan et al., 2018). Miellet, Caldara, and Schyns
(2011) found that during face viewing, looking at the
nose/face center was associated with global information
processing, whereas looking at the eyes was associated with
local information processing. Accordingly, since analytic
patterns involve looking at both the face center and the eyes,
their advantage in recognition performance may be due to
the use of both global and local information. In other words,
optimal face recognition performance may require both
global and local information processing. Consistent with
this speculation, while global/configural information is
believed to be essential for face processing (e.g., Galton,
1883; Richler, Cheung, & Gauthier, 2011; Tanaka & Farah,
1993), recent studies have suggested the importance of
local/featural information in addition to global information
(e.g., Burton, Schweinberger, Jenkins, & Kaufmann, 2015;
Cabeza & Kato, 2000).
Recent research has suggested that East Asians and West
Caucasians differ in cognitive style: Asians are more likely
to attribute the cause of an event to the context (holistic
cognition), whereas Caucasians are more likely to attribute
the cause of an event to isolated objects (analytic cognition;
e.g., Nisbett & Miyamoto, 2005). This cultural difference is
reflected in their eye movements in scene viewing: Asians
looked at the background more often and are more attuned
to contextual information, whereas Caucasians pay more
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attention to salient foreground objects and are less sensitive
to contexts (e.g., Masuda, Ishii, & Kimura, 2016; Miyamoto,
Nisbett, & Masuda, 2006; Nisbett, Choi, Peng, &
Norenzayan, 2001). Some studies have reported that this
cultural difference could also be observed in eye movements
in face recognition: at the group level, Asians are shown to
predominantly fixate on the face center, whereas Caucasians
fixated mainly on the eyes and the mouth (Blais, Jack,
Scheepers, Fiset, & Caldara, 2008; Caldara, Zhou, &
Miellet, 2010; Kelly, Miellet, & Caldara, 2010; Miellet, He,
Zhou, Lao, & Caldara, 2012). This phenomenon suggests
that during face recognition, Asians may rely more on
global information processing, whereas Caucasians engage
more local information processing. Consistent with this
speculation, when information outside central vision was
restricted, Asians fixated at the eyes and mouth much like
Caucasians, whereas when central vision was masked and
peripheral vision was preserved, Caucasians started to look
at the face center (Caldara, Zhou, & Miellet, 2010; Miellet,
He, Zhou, Lao, & Caldara, 2012). Note however that
regardless of this cultural difference in eye movement
pattern and information use, the two cultural groups did not
differ in face recognition performance (Blais et al., 2008;
Caldara et al., 2010; Miellet et al., 2012). Since previous
studies have suggested that optimal face recognition
performance may involve both global and local information
processing, Asians may benefit from enhancement of local
face processing, whereas Caucasians may benefit from
enhancement of global face processing.
To examine this possibility, here we used the Navon
stimuli (Navon, 1977) to induce global and local face
processing in Asian and Caucasian participants during face
recognition. Navon stimuli are hierarchical stimuli with a
global figure composed of local components and have been
widely used to prime global or local attention biases (e.g.,
Hübner, 2000; Large & McMullen, 2006; Shedden,
Marsman, Paul, & Nelson, 2003; Ward, 1982). We
predicted that local priming may lead to better face
recognition performance than global priming in Asians, and
this effect may be associated with increased eye fixations to
the eye region. In contrast, Caucasians may have better
recognition performance after global priming than local
priming, and this effect may be associated with increased
eye fixations towards the face center.

Methods
Participants
35 Chinese participants (12 male, mean age 22.1, SD = 4.23)
from the University of Hong Kong and 24 Caucasian
participants (13 male, mean age 24.04, SD = 3.98) from the
University of Auckland were recruited. All had normal or
corrected-to-normal vision and reported right-handed except
for 2 left-handers (1 Asian and 1 Caucasian).

Materials
Navon stimuli Sixteen hierarchical letters were created
using letters D, E, F, and H in bold Helvetica font. They
were white in color and presented on a black background.
Each local letter subtended 0.8°× 1.2°visual angle under a
60 cm viewing distance. Each global letter consisted of 13
to 17 local letters and subtended 5.5°×6.7°(Fig. 1).

Figure 1: Samples of Navon letters.
Face stimuli Images of 120 Chinese faces and 120
Caucasian faces with neutral expressions were used (half
male and half female in each race). External features such as
hair and ears were removed. All faces were grey-scaled with
equal luminance and scaled and aligned with standard eyeto-eye and eye-to-mouth distances. Each face subtended 6°
× 8° of visual angle. Chinese faces were used for Asian
participants and Caucasian faces were used for Caucasian
Participants.

Design and Apparatus
The design consisted of a between-subject variable group
(Asian vs. Caucasian) and a within-subject variable priming
level (baseline vs. global vs. local). Stimuli were shown on
a 22’’ monitor with 1024 x 768 resolution. Participants sat
in front of the screen with a chinrest to limit their head
movement. Eye movements were recorded with an Eyelink
1000 eye tracker (sampling rate 1000 Hz). Participants
viewed the stimuli with binocular vision, but only the
dominant eye was tracked. A nine-point calibration
procedure was used before the task. Drift correction was
performed in the beginning of each trial. The calibration
procedure was repeated when drift correction error was
larger than 1°of visual angle.

Procedure
Asian and Caucasian participants performed the same face
recognition task with face stimuli of their own race. Each
participant performed three blocks of old-new judgment
task: baseline, global priming, and local priming blocks. In
the baseline block, during the study phase, 20 faces were
shown on the screen one at a time, for 5 s each. Participants
were asked to view and remember the faces. After a 5minute break, in the test phase, the 20 old faces together
with 20 new faces were presented one at a time in a random
order. The position of each face was randomly assigned to
be either at the upper or lower center of the screen.
Participants made old/new judgments using a keyboard.
Each face was presented until response.
In the global and local priming blocks, participants
performed the same study phase as the baseline block.
Afterwards, instead of having a 5-minute break, participants
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performed a 5-minute Navon task (162 trials) between the
study and test phases1. In each trial, 2 Navon stimuli were
presented simultaneously on the left and right of the screen,
each at 5° of visual angle away from the center. In the
global priming block, participants judged whether the global
form of the stimuli were the same, whereas in the local
priming block, they judged whether the local letters of the
stimuli were the same. Participants made responses through
a keyboard. The test phase procedure was similar to that in
the baseline block, except that in each trial, participants
performed a trial of the Navon task before the presentation
of the face in order to maintain the priming effect. The order
of the 3 blocks was counterbalanced across participants.

Results
Performance of the Navon task in the priming blocks
We conducted a 2 x 2 mixed ANOVA with group (Asian vs.
Caucasian) and level (global vs. local) as the independent
variables. In the 5-minute Navon task prior to the test phase,
participants responded faster in matching global forms (M =
634.78 ms, SE = 16.20) than local letters (M = 786.99 ms,
SE = 17.18), F(1, 57) = 80.24, p < .001. In the Navon trials
during the test phase, participants were more accurate, F(1,
57) = 4.974, p = .030, and faster, F(1, 57) = 75.91, p < .001,
in matching global forms (response time: M = 822.08 ms,
SE = 17.09; accuracy: M = 98.81%, SE = 0.23) than local
letters (response time: M = 960.20 ms, SE = 19.40; accuracy:
M = 98.01%, SE = 0.42). No other main effect or interaction
was found (ps > .12). These results reflected the global
precedence effect in visual perception.

Eye movement pattern analysis
We used the EMHMM approach (Chuk et al., 2014. See
http://visal.cs.cityu.edu.hk/research/emhmm/ for details) to
quantitatively assess eye movement pattern changes due to
priming. Following previous studies (Chuk et al., 2014,
2017; Chan et al., 2018), we used the first three fixations in
each trial in the analysis since these fixations were shown to
be particularly relevant to recognition performance (Chuk et
al., 2017). Chan et al., (2018) identified representative
holistic and analytic eye movement patterns for face
recognition from a large sample across a large age span (34
young and 34 older adults) through clustering using the
EMHMM approach (Fig. 3). The holistic pattern focused at
the face center, whereas the analytic pattern focused at the
eye region in addition to the face center. They assessed the
similarity of an individual’s eye movement pattern to the
representative holistic/analytic pattern as the log-likelihood
of the individual pattern being generated by the HMM of the
representative pattern. They then developed the HolisticAnalytic scale (H-A scale) to quantitatively assess one’s eye
movement pattern along the holistic-analytic dimension: HA scale = (holistic log-likelihood – analytic log-likelihood)
/(|holistic log-likelihood| + |analytic log-likelihood|). Higher
score indicated higher similarity to the holistic pattern. They
found that participants’ H-A scale was correlated with their
cognitive performance. Interestingly, the two representative
models could be used to assess new participants’ H-A scale
of eye movement patterns and show similar correlations.
This result demonstrated the robustness of the representative
models in quantifying one’s eye movement patterns. Since
here we used the same face recognition task and image size
as Chan et al. (2018), we used their two representative

Face recognition performance
Face recognition performance was measured by d’. A mixed
ANOVA showed a significant interaction between group
and priming level, F(2, 114) = 3.714, p = .027 (Fig. 2). Posthoc comparisons showed that in Asians, local priming led to
better performance than global priming, t(34) = 2.21, p
= .025, whereas in Caucasians, a marginal effect indicated
better performance after global priming than local priming,
t(24) = -1.95, p = .055. This result was consistent with our
hypothesis: Asians benefited more from enhancement of
local face processing whereas Caucasians benefited more
from enhancement of global face processing. There was no
main effect of group or priming level, and no significant
effect was found in response time (ps > .17).

1 Chuk, Chan, and Hsiao (2017) found that face recognition
performance did not correlate with the similarity between the eye
movement patterns during face learning and recognition, and it was
only correlated with eye movement patterns during recognition but
not learning, suggested that eye movement patterns during
encoding does not play an important role, but the retrieval of
diagnostic information during recognition is essential for
recognition. Giving that test phase play an important role and to
exclude the confounding of encoding, we only manipulated the eye
movement during test phase.
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Fig. 2. Face recognition performance

Fig. 4. H-A Scale of Asians’ and Caucasians’ eye
movement patterns in face recognition.

Fig. 3. Representative holistic (top) and analytic (bottom)
patterns discovered in Chan et al. (2018) with both young
and older Asian adult participants. The three ellipses on the
large image on the left show the regions of interest (ROIs).
Small images on top show corresponding raw fixations and
fixation heat map respectively. The table shows transition
probabilities among the ROIs; priors indicate the probability
of the first fixation lands on the given ROIs.
Holistic pattern

Analytic pattern

Representative
HMMs

Asians

Caucasians were less holistic than Asians. We also observed
a marginal effect of priming level, F(2, 114) = 2.713, P
= .071 (Fig. 4). When we directly compared the global and
local priming conditions in the posthoc analysis,
participants’ H-A scale was significantly higher after global
priming than after local priming, t(58) = 2, p = .01,
suggesting that priming level difference significantly
influenced participants’ eye movement patterns. There was
no interaction between group and priming level, F(2, 114) =
0.241, P = .786, suggesting that the priming tasks had
similar influence on Asians’ and Caucasians’ eye movement
patterns (see Fig. 5 for corresponding group fixation heat
maps for visualization purposes).
Note that in the baseline condition, Caucasians’ eye
movement patterns were more analytic than Asians, t(57) =
2.313, p = .024 (Fig. 4). However, the two groups did not
differ in recognition performance, t(57) = .153, p = .879
(Fig. 2). This finding was consistent with the literature (e.g.,
Blais et al., 2008; Kelly et al., 2010). Our results further
showed that for both Caucasians and Asians, global priming
led to more holistic eye movement patterns than local
priming. Nevertheless, global priming led to better
recognition performance in Caucasians, whereas local
priming resulted in better recognition performance in Asians.
These results were consistent with our hypothesis,
suggesting that optimal face recognition performance
involves a balance between global and local information
processing.

Caucasians

Baseline

Discussion

H-A: -0.009 (0.0035)

H-A: -0.021 (0.0038)

H-A: -0.008 (0.0035)

H-A: -0.018 (0.0043)

H-A: -0.014 (0.0038)

H-A: -0.023 (0.0040)

Global
priming

Local
priming

Fig.5. Heat maps of Asians’ and Caucasians’ eye
fixations in the baseline, global priming, and local priming
conditions (Mean HA scale score and standard error in each
condition are shown on the bottom). The representative
holistic and analytic eye movement patterns from Chan et al.
(2018) are shown on the top for comparison reasons.
models to calculate our participants’ H-A scales in different
conditions to better quantify their eye movement patterns
along the analytic-holistic dimension.
Results of mixed ANOVA on H-A scale showed a
significant main effect of group, F(1, 57) = 42.992, P = .001:

Here we tested the hypothesis that optimal face recognition
performance involves a balance between global and local
information processing through comparing Asians’ and
Caucasians’ recognition performance and eye movement
pattern changes in response to global and local attention
priming using Navon stimuli. We first showed that without
priming, Asians showed more face-center-focused, holistic
eye movement patterns than Caucacians; nevertheless, the
two groups did not differ in recognition performance. This
result was consistent with previous findings in the literature
(e.g., Blais et al., 2008). We then showed that global
priming elicited more face-center-focused, holistic patterns,
whereas local priming elicited more eye-centered, analytic
patterns. Although this effect was consistent among Asians
and Caucasians, local priming led to better face recognition
performance than global priming in Asians, whereas
Caucasians had better recognition performance after global
priming than local priming. This result was consistent with
our hypothesis, suggesting that optimal face recognition
performance involves a balance between global and local
face processing.
Chuk et al., (2017) examined cultural differences in face
recognition with similar paradigm and eye movement data
analysis methods (EMHMM) to the current study. In
contrast to our results, they did not find strong evidence
suggesting cultural difference in eye movement patterns.
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More specifically, they recruited 24 Asian and 24 Caucasian
young adult participants and discovered three representative
eye movement patterns through clustering: holistic, left-eyebiased analytic, and right-eye-biased analytic. They found
that the two race groups did not differ either in the loglikelihood or in the frequency of adopting the three patterns.
Note however that their representative patterns were directly
discovered from the 48 young adults, whose eye movement
patterns in face recognition are shown to be more eyefocused than older adults (Chan et al., 2018). In contrast, the
representative patterns used in the current study were
developed from a larger sample with both young and older
adults and captured better the difference between eyefocused and face-center-focused eye movement patterns
(Chan et al., 2018). Also, their face images subtended 8°of
visual angle horizontally, larger than the ones used here (6°).
Thus, their representative patterns tend to be more eyefocused in general as compared with the ones used here (Fig.
6). Indeed, previous studies have shown that image
size/viewing distance is an important factor influencing
holistic face processing, as the effect declined sharply at
viewing distances shorter than 2 meters (McKone, 2009;
Ross & Gauthier, 2015). Since the image size used in Chuk
et al. (2017) resembled the size of a real face under a
viewing distance of 1 meter, both Asian and Caucasian
observers might engage less global face processing, and
consequently the cultural difference in eye movement
patterns diminished. Thus, image size/viewing distance may
be an important factor to consider in the examination of
cultural difference in eye movements.

Fig. 6. The representative holistic and analytic eye
movement patterns discovered in (left) Chan et al. (2018),
and (right) Chuk et al. (2017) respectively.
In the current study, we found that global/local attention
priming using Navon stimuli had similar effects on eye
movement patterns in Asians and Caucasians: Participants’
eye movement patterns were more holistic (face-centerfocused) after global priming and more analytic (eyefocused) after local priming. This result is consistent with
Miellet et al. (2011) and Lemieux, Collin and Nelson (2014),
suggesting a strong link between engagement of local/global
attention and eye movements in face recognition.
Nevertheless, regardless of the consistent direction of
change in eye movement pattern, Asians and Caucasians
showed contrasting priming effects on recognition
performance: Asians performed better after local priming
than global priming, whereas Caucasians performed better
after global priming than local priming. Since Asians’ eye

movement patterns were more holistic whereas Caucasians’
were more analytic in the baseline condition, local priming
may have helped Asians to direct attention to the eyes and
global priming helped Caucasians to better process global
information to facilitate recognition. This result suggests
that optimal face recognition performance involves a
balance between global and local information processing,
consistent with recent studies suggesting the importance of
both featural and configural information in face recognition
(Burton et al., 2015; Cabeza & Kato, 2000). This result also
suggests an inverted-U shape relationship between face
recognition performance and eye movement patterns, where
the optimal performance may be observed somewhere
between the two extremes along the holistic-analytic
dimension. Nevertheless, with the current sample, we did
not observe a significant quadratic relationship between
recognition performance and H-A scale of eye movements.
We speculate that the variance in our current sample may be
inadequate to reveal this potential relationship, since all
participants were young adults, whose eye movements tend
to be more analytic than older adults (Chan et al., 2018).
Indeed, the range of H-A scale scores of the older adults in
Chan et al. (2018) was from -.06 to .06, whereas in the
current study with young adults, it was from -.08 to .02.
With this H-A scale score range, we also failed to replicate
the negative correlation between face recognition
performance and H-A scale observed in Chan et al. (2018)
(in the current Asian sample, r(103) = -.030, p = .764).
Future work will examine this potential inverted-U shape
relationship between face recognition performance and eye
movement patterns with a larger, more representative
participant sample.
Note that for both Asians or Caucasians, the priming
procedure adopted here did not significantly improve
recognition performance when compared with the baseline
condition. This may be because in the priming blocks
participants had to perform both the Navon and face
recognition tasks, and thus their face recognition
performance was interfered by the Navon task. Thus, it
remains unclear whether it is possible to use attention
priming to improve one’s face recognition performance.
Indeed, recent studies have suggested that adults have
limited plasticity for face recognition ability due to
abundant experience with faces that may have led to the
maximum level of capacity (Tree, Horry, Riley, & Wilmer,
2017). Future work will examine possible attention priming
procedures that may improve face recognition performance.
In conclusion, here we showed that in face recognition,
global and local attention priming could induce holistic
(face-center-focused) and analytic (eye-focused) eye
movement patterns respectively across cultures, suggesting
a link between eye movement patterns and global/local
information use. Nevertheless, Asians’ face recognition
performance benefited more from local than global attention
priming due to their tendency to adopt a holistic perceptual
style, whereas Caucasians, who were more analytic, showed
the opposite effect. These results suggest that optimal face
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recognition performance involves a balance between global
and local information processing through gaze transitions
between the face center and the eye region.
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Abstract
Childrens poor emotional self-regulation is associated with
poor mental health outcomes. This study presents methods that
improve prediction rates of polite and frustrated speech using
linguistic cues. These improvements can be used to help automatically identify characteristics of poor self-regulation in future studies. This work adds to previous research by considering existing computer science, psychology, and psycholinguistics methodologies and findings. More specifically, features
associated with childrens cognitive control capacities across
age groups are considered to investigate acoustic, semantic,
and syntactic features in speech. The current analyses indicate that the features most predictive for polite and frustrated
speech differ, a combination of features work best for predicting both speech types, and the predictive quality of features
do not vary substantially by age. Further work should be conducted to clarify how well these findings transfer to general and
clinical populations as well as to consider the developmental
norms of different age groups.
Keywords: self-regulation; linguistic features; machine learning

Introduction
Approximately 13 percent of children and adolescents have
been estimated to have clinically significant mental health
problems that impair daily life functioning (Jellinek et al.,
1999; Semansky, Koyanagi, & Vandivort-Warren, 2003).
Many of these mental health problems have been linked to
poor emotional self-regulation (Forbes & Dahl, 2005; Hinshaw, 2002; Kuntsche, Knibbe, Engels, & Gmel, 2007;
Wyman et al., 2009) and difficulty with regulating emotion
during higher levels of distress. Interventions developed to
target self-regulation (Wyman et al., 2010) have been shown
to be effective in decreasing rates of problematic behavior in
schools, and in improving some aspects of functioning in the
classroom (Wyman et al., 2010).
Despite the large number of youths affected and the efficacy of these targeted interventions, there is not an automated
way to identify children with poor emotional self-regulation.
To take initial steps towards developing such a method, this

paper works to identify methods of improving prediction of
polite and frustrated speech using linguistic features present
in child speech.
Several linguistic features have been used to identify emotional states in adults, specifically prosodic and semantic features. These features were linked to various psychological
and emotional states and were used to automatically categorize these states. Features akin to semantic cues have been
used, and word count methods, such as Linguistic Inquiry and
Word Count (LIWC) (Pennebaker, Boyd, Jordan, & Blackburn, 2015), linked emotional states to word distributions in
a range of categories. Researchers participating in the annual
Interspeech Challenge have also sought to determine acoustic features related to emotional speech (Schuller, Steidl, &
Batliner, 2009).
Additionally, some linguistic features have been used to
identify polite or frustrated speech. For example, polite
speech class prediction performance improved through a fusion of acoustic, lexical, and contextual features for children’s speech (Yildirim, Narayanan, & Potamianos, 2011).
Boril, Sadjadi, Kleinschmidt,and Hansen (2010) used results
of tasks measuring cognitive load to improve prediction rates
of frustrated speech in drivers. The study improved prediction rates of frustrated speech using subjects performance on
cognitive tests and the acoustic features of their speech.
However, literature in psychology indicated that there are
additional linguistic features that differentiate polite and frustrated speech. These features have also been observed to
change through development and cognitive load. Developmental changes in language included the comprehension and
production of more complex sentences (Gaer, 1969). Cognitive changes across development included a larger capacity
to overcome cognitive load difficulties (Hsu & Jaeggi, 2013).
The potential impacts of these changes in the linguistic cues
of both polite and frustrated speech are further detailed below.
In both an observational (Gleason, Perlmann, & Greif,
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1984) and experimental study, Greif and Gleason (1980)
found that children use polite speech in structured and formulaic manners. Polite speech was also found to be couched
in routine, often prompted by parents, and reinforced by parents (Gleason et al., 1984). As a result, even when polite
speech was deliberately elicited in children aged two to five,
the frequency of polite speech was very low (Greif & Gleason, 1980). Two-year-olds in this study, thought to be too
young to even understand the nuances of polite speech, still
produced polite speech. The researchers of both studies attributed this phenomenon to the rote and formulaic nature of
speech. The frequency in these studies illustrated the link between the directedness of polite speech and its frequency in
adult speech. The authors in both studies hypothesized that
these differences were also linked to socioeconomic status
and parenting styles, as these types of speech were reflective
of input and directions from parents, rather than developmental factors.

Methods
Corpus
The Children’s Interactive Multimedia Project (ChIMP)
database (Narayanan & Potamianos, 2002) was utilized for
this work. ChIMP is a corpus of child-machine spoken dialogues in a Wizard-of-Oz game setting. Participants played
”Where in the USA is Carmen Sandiego?” and located a cartoon criminal by communicating commands to game agents.
Approximately 100 subjects, both male and female, between
the ages of 7 and 14 participated (Table 1). Subjects formed
three age groups: 7-9 years old (young), 10-11 y/o (middle),
and 12-14 y/o (old).

Table 1: Distribution of subjects and number of utterances
for each emotional class (neutral, polite, frustrated) for each
gender-age group.

Developmental differences in these areas may not have
been as evident, since children as young as two formulaically produced polite speech. The scripted nature of polite
speech should have impacted the semantic and syntactic cues
present. As such, these studies indicated that there were little variability in the types of words, contexts, and language
structures that were utilized when producing polite speech.
Changes in cognitive load similarly should not influence polite speech.
Linguistic cues in frustrated speech, in contrast, have been
found to influence cognitive load. Boril and colleagues (Boril
et al., 2010) improved rates of categorizing frustrated speech
in adults when cognitive factors and acoustic cues were considered. Cognitive factors should similarly influence childrens frustrated speech.
Previous literature dealing with cognitive factors influence on speech found that poor cognitive control influenced
peoples ability to accurately interpret complex sentences
(MacDonald, Just, & Carpenter, 1992) and impacted lexical
associations (Boudewyn, Long, & Swaab, 2012). These factors could be further modulated by changes in cognitive development, as some aspects of cognitive development continue past young childhood (Munakata, Snyder, & Chatham,
2012).
The current study looks to improve prediction processes
of polite and frustrated speech by considering the existing
literature in computer science and psychology. Based on
the reviewed literature, several factors could improve prediction processes of polite and frustrated speech: using a subset
of linguistic features, using combined linguistic characteristics, and using linguistic features known to co-occur with the
cognitive load children experience while calm or frustrated.
These pieces are addressed in the experimental methods outlined below.

Group
7-9 y/o
10-11y/o
12-14 y/o
Female
Male
Total

N
38
35
30
48
55
103

Neutral
3966
4004
3005
5035
5940
10975

Polite
977
1078
694
1513
1236
2749

Frustrated
796
360
705
800
1061
1861

Total
5739
5442
4404
7438
8237
15585

The recorded spontaneous utterances were manually labeled with an emotional tag: polite, neutral, or frustrated (Table 1). The corpus contained over 15,000 labeled utterances,
with approximately 700 unique words. The data set showed
notable variation in age and gender behaviors. The middle
group was more polite and less frustrated than the other two
age groups during the game. The younger and older groups
were nearly twice as frustrated as the middle age group. The
frustration age trend was partially driven by subjects’ exacerbation with the game’s level of challenge or ease. Additionally, frustrated expressions occurred more often in losing
games than in winning instances. By gender, girls were more
polite and less frustrated overall in their interactions during
the game than boys (Arunachalam, Gould, Andersen, Byrd,
& Narayanan, 2001).
ChIMP was used previously to investigate polite and frustrated speech in children. Prior work utilized latent semantic
analysis (LSA) for discourse topics and explored emotional
salience in lexical features to predict polite and frustrated
speech (Yildirim et al., 2011). Variations of this set have
been used to improve uncertainty predictions and to hone
ways to improve machine coding validity (Black, Chang, &
Narayanan, 2008). This work expands on prior research by
exploring LIWC categories, part-of-speech (POS), and word
embeddings (WEs) as features to predict cognitive mechanisms.

1483

Extracted Features
Feature extraction was motivated by the analysis of the childmachine interaction dialogues from ChIMP. Thus, acoustic,
lexical, and syntactic features are proposed.
Acoustic 384 low-level descriptors (LLD) - such as such as
pitch frequency, formant frequency, root mean square (RMS)
energy, and zero-crossing-rate (ZCR) - were extracted using
openSMILE (Eyben, Wöllmer, & Schuller, 2009). These extraction measures build upon the work of (Yildirim et al.,
2011), and were combined with new lexical and syntactic features for analyses, described below.
Lexical Two separate features measure lexical variation LIWC and word embeddings (WEs). LIWC version 2007 was
used to generate the LIWC feature set. LIWC provides information about an utterance’s psychological dimension and
will measure semantic word choice variation. All LIWC categories were considered, and Pearson’s correlation was calculated to determine which categories have more predictive
power for determining polite and frustrated speech.
WEs were mappings of words in the vocabulary of the data
set to vectors of real numbers. This feature captured meaning, semantic relationships, and context for words in ChIMP.
Thus, vocabulary in frustrated utterances were represented in
a feature space that were separate from polite utterances.
Syntactic Part of speech (POS) tags were generated by the Stanford Part of Speech Tagger
(https://nlp.stanford.edu/software/tagger.shtml).
We hypothesized that variation in POS should occur as a product
of cognitive control. Hence, decreased complexity, represented as shallower trees, will align with the childs level of
frustration.

quency of each class (to account for class imbalance). Within
each fold the utterances of approximately 10% of the speakers were separated as a validation set. They were trained for
a maximum of 30 epochs with an early stopping strategy to
terminate if the validation loss did not decrease after three
consecutive epochs, and only the model with the lowest validation loss was retained. Each model was trained in 10 trials
using different random initializations and the reported results
were averaged across these trials.
The feed forward networks consisted of two hidden layers
where the first layer was of equal dimension to the input feature vector and the second hidden layer dimension was 10%
of the first layers’. Both hidden layers had sigmoid activation.
The LSTM networks consisted of an embedding layer at the
input followed by a bidirectional layer of dimension 50 for
the word embedding features and 26 for the POS sequences
(the number of unique POS tags). All the networks had a
softmax activation at the output layer.
Analysis 2 We used decision level fusion to combine the
feature sets to compare the power of multimodality in predicting emotional states. We used the average fusion algorithm (Yildirim et al., 2011) to combine the computed posterior probabilities of each single feature set classifier in order to estimate the posterior probability of a combined classifier. We hypothesized that the fusion of acoustic, lexical, and
syntactic would provide more predictive power than singlefeature models alone.
Analysis 3 We executed training on one age group and testing as well as experiments on the others for age specific performance on politeness and frustration. We expected that the
expression of politeness was age independent, whereas frustration was age dependent.

Analysis

Results

To determine how cognitive and developmental measures correspond to politeness and frustration expression by children,
we conducted three analyses.

We presented results to detect frustrated and polite attitudes
in childrens speech using the selected features for three-way
classification tasks: single feature evaluation, fused features
evaluation, and age specific performance.

Analysis 1 We conducted five-fold cross validation experiments to compare feature sets. Two machine learning techniques were used: feed forward neural network (FFNN) for
utterance level feature sets (acoustic and LIWC features);
long short term memory (LSTM) for sequence based features
(WEs and syntactic features). As a previous study has previously explored a Bayesian classifier to predict polite and
frustrated speech (Yildirim et al., 2011), we expand on those
findings by implementing two new state-of-the-art models in
our study. Five speaker-independent cross validation folds,
approximately balanced across age and gender, were created.
Each neural network was implemented and trained using
Keras (Chollet et al., 2015) with Theano (Theano Development Team, 2016) as the back-end. All the systems were
trained using categorical cross-entropy loss and optimized
using the Adam algorithm (Kingma & Ba, 2014). The loss
function was weighted by class according to the inverse fre-

Analysis 1
The results for this analysis are shown in the solid bars to the
left in Figure 1. For single-feature classifications, WEs provided the best predictive power, while acoustic features displayed the worst performance. To understand how well each
feature predicted the three emotional classes, F1 scores were
determined for each emotion class (Figure 2). It is clear that
acoustic features performed poorly overall due to the poor
predictive power for neutral and polite classes, despite being the best at classifying frustrated utterances. Both LIWC
and POS exhibited good predictive power for neutral and polite speech, but performed poorly for frustrated. The models trained on WEs features were the most successful, but
performed the best at correctly classifying polite utterances.
Overall, the features tended to be more predictive of polite
speech.
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tion, but the inverse trend at predicting politeness. The results
indicated that systems trained on WEs for the middle group
produce the best scores for politeness, while systems trained
on either the acoustic or WEs features for the young or old
groups are able to predict frustration the best. This seemed
to be reflective of the large difference in the politeness and
frustration distributions for the middle group versus the other
two groups rather than reflecting age-related differences.
Table 2: Leave-one-out train versus test F1 score by age
group for each feature for politeness and frustration emotional states.
Emotion
Figure 1: Results from Experiments 1 and 2. Word embeddings (WE) performed the best as a single feature (experiment
1) while the fusion of all features produced the highest prediction rate overall (experiment 2).

Politeness

Frustration

Politeness

Frustration

Politeness

Frustration
Figure 2: F1 scores for emotional states for each features
from Experiment 1.

Politeness

Analysis 2
The results for fusing the selected features are shown in the
striped bars to the right in Figure 1. The majority of the
fused features were more successful at predicting than the
single-feature classification, with the combination of all the
features performing the best (Unweighted average recall of
63.4%) of all the models. Both the WEs+POS and Acoustic+LIWC+WEs+POS fused feature models showed a significant improvement with respect to the best single system result
in Analysis 1 (p<0.01).

Analysis 3
We conducted experiments where each age-group was used
for training and the system was tested on the remaining age
groups to determine age specific prediction for each feature,
summarized in Table 2. In general, systems trained on the
middle group were the least successful at predicting frustra-

Frustration

Age group Young
Acoustic
Young
Middle
51.0
Old
36.5
Young
Middle
31.0
Old
32.6
LIWC
Young
Middle
64.2
Old
61.1
Young
Middle
28.7
Old
28.3
WE
Young
Middle
66.6
Old
65.6
Young
Middle
30.0
Old
34.6
Part of Speech
Young
Middle
60.8
Old
53.3
Young
Middle
10.6
Old
29.7

Middle

Old

51.2
40.2
19.0
16.3

37.6
37.3
34.2
32.1
-

66.8
70.0
11.6
14.9

61.2
57.4
31.5
28.6
-

75.8
71.5
15.7
15.5

62.7
59.9
32.9
29.1
-

56.4
53.0
9.9
12.3

52.2
52.9
32.0
7.3
-

Feature analysis
Finally, we analyzed acoustic and LIWC features. First, we
calculated Pearson correlations to determine the top features
with predictive power with respect to politeness and frustration (Table 3).
The top LLD values for the acoustic feature set showed
positive correlations with frustration, and negative correlations with politeness. The features positively correlated with
frustration deal with signal frame energy, while the features
most correlated with politeness relate to zero-crossing rate of
time signal.
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Table 3: Pearson’s correlation (rho) for acoustic and LIWC
top features.
Acoustic politeness

Acoustic frustration

LIWC politeness

LIWC frustration

Feature
zcr linregerrQ
zcr stddev
RMSenergy de minPos
RMSenergy amean
RMSenergy stddev
RMSenergy range
you
posemo
affect
inhib
i
verb

Table 4: Correlations for utterance level features with politeness and frustration for each age group.

rho
-0.204
-0.199
-0.198
0.165
0.157
0.147
0.432
0.402
0.393
0.123
0.118
-0.078

Politeness
Acoustic
Young
Middle
Old
LIWC
Young
Middle
Old

For LIWC features, politeness showed negative correlation
with affective processes (e.g. affect). The correlations illustrated that the LIWC category inhibition (e.g. inhib) was positively correlated with frustration.
Correlations for age groups were next reviewed for both
features, which can be seen in Table 4. For acoustic features, the top acoustic features were consistent across age for
frustration but not politeness. So, frustration was more consistent in its acoustic expression across age groups whereas
politeness was not. The top LIWC features were consistent
across age for politeness but not frustration. So, expression
of politeness was more uniform across age with respect to
language whereas expression of frustration through language
varies more across age groups.

Discussion
The experiments in this work produced several interesting
findings. First, WEs was the best predictor when looking
at the single-feature systems. Second, the best single feature predictor differed across types of speech, as LIWC and
WEs were more successful when predicting polite speech,
while acoustic features were more successful with predicting
frustrated speech. Third, training the models by age group
yielded differing levels of success. Fourth, several features
correlated well with polite or frustrated speech. Overall, it appeared that several factors influenced predictiveness the most,
mainly semantic features and age groups.
The overall contribution of the WEs could be attributed
to its success in predicting polite speech and the number of
polite speech in the corpus, as these represented double the
number of frustrated utterances. It is possible that WEs and
LIWC categories were the most successful as a result of the
formulaic nature of polite speech (e.g. “thank you”). The result that “you” was the LIWC category most correlated with
polite speech supported this possibility. Additionally, there
were negative correlations with cognitive mechanism words,
which could be attributed to the scripted rather than engaged

Acoustic
Young
Middle
Old
LIWC
Young
Middle
Old

RMSenergy de minPos (-0.212),
zcr stddev (-0.222),
fftMag mfcc[1] linregerrQ (-0.203)
you (0.478),
you (0.462),
you (0.328),
Frustration
RMSenergy amean (0.200),
RMSenergy amean (0.113),
RMSenergy amean (0.178),
inhib (0.202),
social (0.097),
i (0.149),

and thoughtful speech.
In contrast, acoustic cues were most predictive of frustrated
speech. It may be that semantic cues were not reliable and
that there was a lot of variability within the words used. Previous research found that poor cognitive control was associated with different levels of sensitivity to lexical associations
(Boudewyn et al., 2012). Participants who performed poorly
on cognitive tests, particularly those with difficulty on the
suppression tasks, in the study were more sensitive to lexical
associations. It was possible that sensitivity to lexical associations produced speech that was less characteristic with some
of the categories within the LIWC dictionary. An alternative
hypothesis is that frustrated speech was more variable, irrespective of the lexical associations that children might make
when frustrated. Nozari, Freund, Breining, Rapp, and Gordon (2016) described the use of cognitive control on different
stages of language production, one of which required monitoring and revising word choice errors.
Across age groups and speech categories, there were some
differences in the predictive strength for certain features. In
polite speech, LIWC and WEs were very good in training
classification models across time groups. These features did
not change across time. It may be the case that polite speech
in this corpus did vary across age groups. Studies by Gleason,
Perlmann, and Greif (1984) and Greif and Gleason (1980)
found this trend in their studies and attributed it to the scripted
nature and acquisition of the speech.
In frustrated speech, the F-1 scores of the middle age group
in all linguistic feature categories were lower than the other
two age groups. This might result from the smaller number
of frustrated utterances in this age group.
While these findings conform to the trends reported by pre-
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vious literature, the age groups investigated in the current
study was different. Previous studies have generally investigated children in a younger age group (e.g. two to five years
old). There may be additional features that have not been captured by the literature and factors that were not considered by
the classification experiments conducted in this study. It will
be important to further consider the developmental norms of
older age groups, especially if such classification models are
used in clinical and practical settings.
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Abstract
Research has shown that individual variation in our bodies,
such as differential hand dominance, can influence the way that
we interact with and perceive the world (Casasanto, 2009). For
example, right-handed individuals are more likely to associate
their right spatial plane as more positive than their left, an effect
that is switched in left-handed individuals. Here, we explored
whether asking participants to use their dominant (“good”)
versus nondominant (“bad”) hand on a motor task influenced
subsequent valanced face judgment. Results demonstrate that
simply asking a participant to use their right or left hand to
complete a task can have a significant effect on the perceived
valence of neutral faces. These findings add to the evidence
that the way we physically interact with our world may have
important consequences for our perceptions of social stimuli.
Keywords: embodiment; handedness; body specificity; social
cognition; face judgment

Introduction
In our everyday life, we interact with physical objects in ways
that both create and shape our perception of the world. Often
referred to as “embodied cognition” (see Goldinger, Papesh,
Barnhart, Hansen, & Hout, 2016 for review), the study of the
relationship between our bodies, the environment, and
thought has demonstrated remarkable interconnections
between these systems. More recently, the “body specificity
hypothesis” has focused on the nuanced ways that natural
variation in our bodies (e.g., handedness) can influence our
cognitive processes (e.g., Casasanto, 2009; 2014). In the
current series of studies, we ask whether the use of one's

dominant or nondominant hand on a motor task impacts later
social perception.
According to the body specificity hypothesis, people
implicitly associate emotional valence (positive or negative)
with certain spatial planes, an association that is mediated by
motor fluency (Casasanto, 2009; Casasanto, 2014). For
example, right-handed individuals associate the right spatial
plane with positivity or goodness, and the left spatial plane
with negativity or badness. This association is reversed in
left-handed individuals, who associate left with positive and
right with negative (Casasanto, 2009). Such a systematic
difference across right vs. left handed individuals likely
results from systematically different perceptuomotor
experience, involving extended interaction with the dominant
side of the body. Over time, one side becomes the easiest to
use, increasing motor fluency and creating an association
with more positive thoughts (Oppenheimer, 2008).
While valenced associations have been found across a
number of modalities (e.g., sound; McFarland & Kennison,
1989) and body parts (e.g., feet; de la Vega, Graebe, Härtner,
Dudschig, & Kaup, 2015), the most common focus in the
body hypothesis literature is on the connection between
handedness and emotions. For example, research has shown
that individuals prefer and rate objects more positively that
are presented on the side aligning with their dominant hand
(Casasanto, 2009), are quicker to react to positive vs.
negative stimuli using their dominant hand (de la Vega, De
Filippis, Lachmair, Dudschig, & Kaup, 2012), and are more
likely to use their dominant hand when gesturing about ideas
construed as positive (Casasanto & Jasmin, 2010). Similarly,
participants rate words typed on the right side of a QWERTY
keyboard as more positive than those on the left side, even if
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those words are not used in the English language (Jasmin &
Casasanto, 2012). This suggests that, from a correlational
perspective, the dominant side of the body is more strongly
associated with positive conceptualizations.
The body specificity hypothesis is further supported by
intervention studies, where a previously dominant or ‘fluid’
hand is handicapped and subsequent cognitive effects are
assessed. For example, Casasanto and Chrysikou (2011)
found that the right-positive association in naturally righthanded individuals flipped when participants were asked to
wear a bulky ski glove over their dominant hand while
completing a fine-motor task. These effects were similar to
those found in stroke patients, who had previously utilized a
dominant hand that they could no longer control. In fact, even
imagining wearing a ski glove while completing a motor task
is enough to elicit valenced reactions in line with a real
handicap (de la Fuente, Casasanto, & Santiago, 2015).
Therefore, both real and visualized motor experiences can
have a marked effect on later perceptions.
While the previous literature has made a strong argument
for a connection between handedness and general valenced
appraisal, the influence of such an effect on social cognition
is still generally unknown. Studies have focused primarily on
how participants rate the valence of unrelated words (Jasmin
& Casasanto, 2012), sort objects/pictures (e.g., Casasanto,
2009), or naturalistically gesture in accordance with their
dominant versus nondominant planes (Casasanto & Jasmin,
2010). However, few studies to date have explored whether
the hand we use influences the way we perceive social
partners in our world, particularly in relation to the perception
of emotional expression.
As may be evident, it is crucial for humans to be able to
effectively detect the emotions of those around them.
Emotional facial expressions provide a wealth of social
information, including but not limited to communicative
intentions (see Russell & Fernández-Dols, 1997) and social
rejection or acceptance (de Gelder, 2009). In fact, failure to
adequately identify facial emotions is often a hallmark of
those with other social deficits, such as Autism spectrum
disorder (e.g., Loth et al., 2018) or Borderline personality
disorder (e.g., Meyer, Pilkonis, & Beevers, 2004),
highlighting the adaptive importance of this ability.
Even within normative populations, emotional perception
appears particularly influenced by context and priming. For
example, pairing neutral face pictures with either positive or
negative sentences (Wieser et al., 2014) or positive or
negative backgrounds (Lee, Choi, & Cho, 2012) influences
the valence reports of participants. Therefore, if handedness
can influence the perceived valence of neutral words, there is
reason to believe it would also influence the perceived
valence of neutral faces.
Some previous research has suggested a connection
between handedness and certain social judgments in-themoment. For example, individuals are more likely to place
highly vs. weakly valenced faces on the extreme ends of a
continuous horizontal line (Freddi, Brouillet, Cretenet,
Heurley, & Dru, 2016), with the location of these

placements (left or right) corresponding to both participant
handedness and stimulus valence. Similarly, right-handed
individuals are faster to respond to positive socio-emotional
stimuli with their right hands (Kong, 2013), tend to prefer
social partners presented on their right side (Zhao et al.,
2016), and are more likely to rate faces presented on their
right side as positive vs. negative (Brookshire & Casasanto,
2013), the reverse of which is true for left-handed
participants. Together, this body of work suggests a clear
connection between handedness, locations in space (right
versus left), and valenced social judgments. However, it
fails to explore whether dominant vs. non-dominant hand
use could later influence neutral face judgments regardless
of their spatial presentation.
The current study builds upon the literature on motor
fluency, handedness, and social cognition to explore the
connection between dominant (vs. nondominant) hand use
and face judgment. In Study 1, participants completed a
timed jigsaw puzzle task using either their dominant or
nondominant hand, before rating the emotional valence of
facial stimuli. In Study 2, participants completed a timed
domino placing task with their dominant or nondominant
hand before completing the same face judgment task.
Across both studies, it was hypothesized that participants
who used their dominant hand would perceive the neutral
face pictures as more positive compared to those who used
their nondominant hand.

Study 1
Participants
Data from 46 participants between the ages of 17 and 21 years
(M = 19.22, 11 males, 35 females) were analyzed for Study
1. Participants were recruited via introductory psychology
courses at a liberal arts college. Students voluntarily signed
up using the online SONA Systems software (Fidler, 2002),
receiving class credits for participation. Participants were
randomly assigned to one of two conditions: the dominant
hand condition or nondominant hand condition. All
participants consented to the study and were right-handed
according to self-report.

Materials & Procedure
Each participant completed two tasks during the experiment
in the following order: a puzzle completion task and a facial
expression rating task.
During the puzzle task, participants were asked to complete
one of two 25-piece children’s jigsaw puzzles (one depicting
the four seasons, one depicting various occupations, see
Figure 1) while seated at a table. Each participant was
randomly assigned to either the dominant (right, N = 22) or
nondominant (left, N = 24) hand condition, and was
instructed to complete as much of the puzzle as possible in
one minute using only their assigned hand. Participants were
video recorded with a handheld Canon Vixia HFR 72 video
camera mounted on a tripod, and pointed at the table,
recording only the participant’s hands and the puzzle. After
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one minute, the experimenter asked the participant to stop,
even if all of the puzzle pieces were not placed.

Figure 1. Stimuli from Study 1 including a) a photo of the 25-piece
puzzle used in the puzzle task and b) an example of a neutral face
emotion picture and associated Likert scale.

After the puzzle task, participants completed a face
judgment task. During this phase, participants viewed a series
of 20 randomly presented faces on a laptop computer, one by
one (see Figure 1). The face stimuli (2.5 by 2.5 inches) were
presented on a white background and were taken from the
Chicago Face Database (Ma, Correll, & Wittenbrink, 2015).
Individuals in the database wore grey shirts, and photos were
taken from the shoulders up. Faces varied according to both
race and gender. Participants viewed 8 neutral faces (4 white,
4 African American), 6 happy faces (3 white, 3 African
American), and 6 unhappy faces (3 white, 3 African
American). Half of the faces were female (10) and half were
male (10). The happy and unhappy stimuli were used as
distractors, thus necessitating fewer of these faces in the set.
All stimuli and responses were presented with Qualtrics
research software (Qualtrics, Provo, UT).
After viewing each picture, participants were asked to
verbally rate how positive or negative the facial expression of
each picture was on a scale of -4 (very negative) to +4 (very
positive; adapted from Wieser et al., 2014), with positive
ratings on the right. Verbal responses were recorded by an
experimenter so as not require participants to use their hands
when making responses, which might interfere with influence
of the previous puzzle task (Casasanto & Chrysikou, 2011).

Results
Preliminary analyses found no effect of gender, age, or race
on face judgment ratings (all ps > .54), so subsequent
analyses were collapsed across these factors.
A 2 (condition: dominant, nondominant) by 3 (facial
expression: happy, unhappy, neutral) repeated measures
ANOVA with condition as a between-subjects factor was run
to explore the influence of hand use on emotional face
judgment. Results demonstrate a main effect of facial
expression (F(2, 43) = 585.14, p < .001; partial η2 = 0.93).
As might be expected, planned contrast reveal that
participants rated the happy faces as significantly more

positive than the negative faces (happy: M = 3.21, SD=.49;
unhappy: M = -2.54, SD = .71, t(46) = 43.52, p < .001), the
happy faces as significantly more positive than the neutral
faces (happy: M = 3.21, SD = .49; neutral: M = -.24, SD = .43,
t(46) = 41.71, p < .001), and the neutral faces as significantly
more positive than the unhappy faces (neutral: M = -.24, SD
= .43, unhappy: M = -2.54, SD = .71; t(46) = 24.37, p < .001).
There were no other main effects or interactions, suggesting
condition did not have a significant effect on face judgment.
On average, participants correctly placed under one third
of the potential 25-pieces in the puzzle task correctly (M =
7.24 pieces, SD = 3.14, range = 1-15), suggesting that the 1
minute time limit made this task particularly challenging
regardless of which hand was used. An independent sample
t-test found no significant effect of hand condition on the
number of puzzle pieces correctly placed (dominant: M =
8.09, SD = 3.07; nondominant: M = 6.46, SD = 3.08, t(46) =
1.78, p = .078), though the patterns suggest that those using
their dominant hand may have been at a slight advantage.
There were no significant correlations between the number of
puzzle pieces correctly placed and facial expression ratings
within either condition (all ps > .189).

Figure 2. Emotional ratings of neutral faces based on condition
(dominant, nondominant) in Studies 1 & 2. Error bars represent
standard error.

Discussion
Our results showed no significant connection between hand
usage (dominant vs. nondominant) and face judgment.
Though participants were able to adequately distinguish and
rate the facial expression present on the stimulus pictures,
these ratings were not influenced by the previous motor task.
It is possible that the difficulty of the puzzle task was so
high that participants were unable to reach their desired level
of motor fluency even when using their dominant hand.
Indeed, with only one minute to complete the task and 25
pieces to correctly place (absent a reference picture), no
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participants were able to finish the puzzle and often appeared
distressed by this fact. These negative emotions may have
been more pronounced in the dominant hand condition,
where participants knew they were using their “good” hand,
than in the nondominant condition, where poor performance
could be more easily attributed to hand constraints.
Though a byproduct in the current study, such ‘mood
priming’ has been correlated with negative biases on emotion
recognition tasks in the past (Schmid & Mast, 2010).
Therefore, Study 2 we changed the motor task to more
directly align with the previous body specificity literature
(Casasanto and Chrysikou, 2011) and to allow adequate time
for participants to complete the task across conditions.

Study 2
Participants
Data from 59 participants between the ages of 18 and 21 years
of age (M = 19.28, 25 males, 34 females) were analyzed for
Study 2. All were recruited and compensated as in Study 1
and were similarly assigned to either the dominant hand
condition or nondominant hand condition. All participants
consented to the study and were right-handed according to
self-report

Materials & Procedure
The procedure was the same as Study 1, with the following
exceptions: In lieu of the puzzle task, all participants
completed a domino placing motor task (adapted from
Casasanto & Chrysikou, 2011) before the face judgment task.
During the domino task, participants were instructed to
arrange approximately 60 dominos onto two laminated
pictures according to the order and color of the dots on the
stimuli. One of the laminated pictures depicted an ampersand
symbol and the other depicted a star (see Figure 3). The
shapes were outlined with colored dots in rainbow order (red,
orange, yellow, green, blue, black), and the colors of the
dominoes corresponded to the colors of the dots. The
dominoes were to be placed vertically and parallel to one
another. In the case that any dominoes fell over, participants
were instructed to realign them before continuing (as per
Casasanto & Chrysikou, 2011).

Figure 3. Action shot of participant placing dominos onto one
diagram (the ampersand) next to a picture of the second diagram (a
star).

As opposed to Study 1, where participants were only given
1 minute to complete a difficult motor task, Study 2 allowed
participants 10 minutes to place all the dominos. This time
allowed almost all participants (N = 57) to complete the task
with time to spare, while also assuring significantly more
motor priming before moving onto the second task.
After ten minutes, participants stopped the domino task and
were asked to complete the face judgment task as in Study 1.
Furthermore, in Study 2, the “0” was excluded on the
emotional rating Likert scale in order to reduce a central
tendency bias (Garland, 1991).

Results
Preliminary analyses found no effect of gender, age, or race
on face emotion ratings (all ps > .28) so subsequent analyses
were collapsed across these factors.
A 2 (condition: dominant, nondominant) x 3 (facial
expression: happy, unhappy, neutral) repeated measures
ANOVA with condition as a between-subjects factor was run
to determine if there was an interaction between hand use and
subsequent face judgment. As in Study 1, results demonstrate
significant main effect of facial expression (F(2, 57) =
1505.66, p < .001; partial η2 = 0.964), but also a significant
condition x facial expression interaction (F(2, 57) = 3.01, p =
.05, partial η2 = 0.066). There were no other significant main
effects. A series of planned independent t-tests revealed that
participants in the dominant condition rated neutral faces as
more positive (M = 0.24, SD = 0.62) than participants in the
nondominant condition (M = -0.07, SD = 0.58), t(57) = 2.00,
p = 0.05, see Figure 2). There were no significant differences
between ratings of happy (p = .19) or unhappy (p = .41) faces
across conditions.

Discussion
In Study 2, we built upon the findings of Study 1 by creating
a motor task that was more similar to previous body
specificity paradigms (Casasanto & Chrysikou, 2011) while
also allowing adequate time for participants to complete the
task. Consistent with our hypotheses, participants who
completed the domino task with their dominant (right) hand
rated neutral faces more positively compared to participants
who used their nondominant (left) hand on the domino task.
This finding aligns with previous research demonstrating that
people associate their dominant side with more positive
thoughts and ideas (Casasanto, 2009; Casasanto &
Chrysikou, 2011; Casasanto & Jasmin, 2010; Casasanto &
Jasmin, 2012), suggesting that the use of one hand over
another can have real ramifications for social stimulus
perception.

General Discussion
The current set of studies was motivated by findings
demonstrating that handedness can influence the perception
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of traditionally non-motor stimuli (e.g., Casasanto, 2009).
We found that restricting a participant to use either their
dominant or nondominant hand during a motor task had
cascading effects, resulting in differential face judgments.
Interestingly, this effect only appeared if participants were
given a task that was possible to complete, and with enough
time to conceivably complete it (as in Study 2). Under
extreme time restraints on a more difficult task (Study 1),
participants using their dominant hand did not show any
positivity effects, and in fact trended towards a negativity
bias.
Though not a central aim of the study, the differences in
response to the motor tasks of Study 1 and Study 2 highlight
the important influence that task length and difficulty can
have on face judgment. In Study 1, even those in the
dominant hand condition were faced with a task they could
not complete in time, potentially negating any internal
positive feedback they may have received from doing well on
a motor paradigm. In Study 2, allowing dominant condition
participants more time to experience motor fluency and a
chance at completing the task resulted in a more positive
evaluation of subsequent neutral face pictures. Future
research could better disentangle the relative influences of
priming time and task difficulty in order to create a more
comprehensive picture of their respective effect on face
judgment.
It is also possible that the puzzle task used in Study 1 was
not motor-specific enough to create the type of motor fluency
effects seen in previous research (e.g., Casasanto, 2009;
2011; 2014). Indeed, jigsaw puzzles are most commonly used
to study spatial perception, and not motor abilities, in the
psychological literature (e.g., Richardson & Vecchi, 2002).
Furthermore, as our puzzle did not come with a map or
picture to follow, participants often spent a large portion of
task time simply trying to determine the structure and spatial
layout of the complete picture. This may have decreased the
time spent moving puzzle pieces, and also distracted them
from any conscious or unconscious feelings of motor fluency.
Using a task that more closely aligned with the previous
research remedied this issue (Study 2), allowing for a more
motor-specific (vs. spatial) task.
It is also important to mention that without a matched
sample of left-handed participants, it is difficult to determine
whether the current findings are due to relative body fluency,
or due to the effects of using one's right hand when righthanded. Indeed, previous research has suggested that the lefthemisphere of the brain, which controls the right side of the
body, might be particularly relevant for processing
positively-valenced emotions (e.g., Adolphs, Jansari, &
Tranel, 2001). If this is the case, it's possible that individuals
using their dominant (right) hand were simply tapping
underlying neural structures that support positive
perceptions. However, more recent research suggests that
such findings may be better interpreted as body fluency
effects as opposed to hemispheric specialization for emotions
(Brookshire & Casasanto, 2013). In the future, utilizing both
right- and left-handed individuals will help in better

disentangling the relative influence of handedness on face
judgment.
Taken together, our findings underscore the influence that
our bodies can have on judgments of social stimuli. These
results have implications not only for future research, but also
for everyday life interactions. If using one’s dominant hand
can alter the interpretation of social stimuli, it is worth
pondering the ramifications this might have for those forced
to use a certain hand due to injury, disease, or environmental
constraints. Future work is necessary to explore the
ecologically valid bounds of this body-specific effect, further
elucidating the connections between movement and mind.
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Abstract
Table 1: Contingency matrix showing the four different trial
types as a function of whether the cue and outcome are
present or absent.
Outcome Present Outcome Absent
Cue Present
a
b
Cue Absent
c
d

Illusory causation is a consistent error in human learning in
which people perceive two unrelated events as being causally
related. Causal illusions are greatly increased when the target
outcome occurs frequently rather than rarely, a characteristic
known as the outcome density bias. Unlike most experimental
designs using binary outcomes, real-world problems to which
illusory causation is most applicable (e.g. beliefs about
ineffective health therapies) involve continuous and variable
consequences that are not readily classifiable as the presence
or absence of a salient event. This study used a causal
learning task framed as a medical trial to investigate whether
outcome density effects emerged when using a continuous
and variable outcome that appeared on every trial.
Experiment 1 compared the effects of using fixed outcome
values (i.e. consistent low and high magnitudes) versus
variable outcome values (i.e. low and high magnitudes
varying around two means in a bimodal distribution).
Experiment 2 compared positively skewed (low density) and
negatively skewed (high density) continuous distributions.
These conditions yielded comparable outcome density effects,
providing empirical support for the relevance of the outcome
density bias to real-world situations in which outcomes are
not binary but occur to differing degrees.

Equation 1:
∆p = p(O|C) – p(O|~C) = [a/(a+b)] – [c/(c+d)]

Keywords: illusory causation; outcome density; causal
learning; contingency learning

Introduction
Many of the decisions we make in everyday life are
motivated by beliefs about cause and effect. Based on the
perceived contingencies between events, humans act on the
environment in order to maximize desirable outcomes (e.g.
taking vitamin supplements to improve health) or prevent
undesirable ones (e.g. using insect repellent to prevent
mosquito bites). A strategy people often rely on to make
inferences about causal relationships is that the occurrence
of the potential cause should alter the probability of the
outcome (Jenkins & Ward, 1965). Simple contingency
learning experiments test this premise. Typically, they
involve two binary events—one potential cause or cue (C)
and one outcome (O)—yielding four possible combinations
of cause and outcome, shown in Table 1.
Manipulations of the covariation between cue and
outcome are possible by varying the relative frequency of
each trial type, with the resulting contingency conveniently
quantified using the ∆p metric (Allan, 1980), according to
Equation 1.

According to this rule, the contingency between two
events is dependent on the probability of the outcome
occurring when the cue is present and when the cue is
absent. If a cue generates the outcome, ∆p is positive,
whereas if a cue prevents the outcome from occurring, ∆p
has a negative value (i.e. the outcome is more likely to occur
when the cue is absent). Importantly, when a cue has no real
effect on the outcome, p(O|C) = p(O|~C), ∆p is zero.
Although people are often accurate when assessing causal
relationships (Wasserman, 1990), research has shown that
under certain conditions, we are misled to believe a causal
link between a potential (but ineffective) cause and an
outcome (Alloy & Abramson, 1979). Specifically,
judgments of causation consistently deviate from the ∆p rule
when there is no contingency between the cue and the
outcome (i.e. ∆p = 0) and, as described below, when the
frequency of a trial types is relatively high.
The illusion of causality is an important phenomenon
because it represents a consistent error in human learning
that is thought to contribute to the development and
maintenance of superstitious beliefs and pseudoscientific
thinking
(Matute,
Yarritu
&
Vadillo,
2011).
Pseudoscientific beliefs are grounded in causal illusions,
whereby two unrelated events such as consuming echinacea
(i.e. an action or cue) and common cold prevention (i.e.
outcome) are believed to be related in some meaningful way
(Karsch-Völk, Barrett & Linde, 2015; Allan & Arroll,
2014). Despite the lack of supporting evidence for the
efficacy of certain complementary and alternative medical
treatments, many people still believe in their effectiveness
and may even prefer such treatments over those that are
scientifically validated (Lilienfeld, Ritschel, Lynn, Cautin,
& Latzman, 2014).

1494

Illusory causation and event densities
Manipulations that increase cue-outcome coincidences (i.e.
trial type a in Table 1) appear to be particularly effective in
inflating causal judgment, regardless of whether the two
events are actually causally associated with one another
(Wasserman, 1990; Blanco, Matute & Vadillo, 2013).
Many of the studies on illusory causation have thus
explored the frequency of the cue and outcome on
generating a false association.
Outcome density (OD) bias refers to the tendency to
overestimate the relationship between cue and outcome
when the outcome occurs frequently. In a classic example,
Alloy and Abramson (1979) asked participants to determine
the degree of control they possessed over the onset of a
green light by pressing a button. In conditions where the
button press had absolutely no effect on the light,
participants were more likely to overestimate the actionoutcome relationship when the light frequently turned on
than when it rarely turned on. This outcome density effect
has now been replicated across a wide variety of learning
tasks with zero-contingency events (e.g. Blanco & Matute,
2015). A high outcome density increases the frequency of a
and c trials relative to b and d trials (Table 1), even though
contingency remains zero. Similarly, when the probability
of the cue is high (inflating the frequency of a and b trials
relative to c and d trials), participants typically report
greater causal judgments than when the cue rarely occurs
(Allan & Jenkins, 1983).

Causal learning about real-world outcomes
Illusory causation is highly applicable to the formation and
maintenance of beliefs about alternative therapies for minor
illness. For example, complementary and alternative
medicine is regarded as the preferred treatment for back
pain in the United States (White House Commission on
Complementary and Alternative Medicine Policy, 2002); an
illness with a high rate of spontaneous remission analogous
to the light bulb spontaneously turning on frequently in
outcome density experiments (e.g. Alloy & Abramson,
1979; Blanco & Matute, 2015).
Not surprisingly, the assessment of treatment-outcome
relationships in the real world often proves to be more
difficult than when emulated in the laboratory. Complex,
continuous, and variable consequences experienced and
observed in the real world differ substantially from the
deliberately simple, unambiguous and binary outcomes used
in most contingency learning experiments (e.g. a light bulb
turning on or not). Real-world outcomes often involve
continuous and variable changes that do not fit neatly into
the outcome-present versus outcome-absent dichotomy.
This issue was highlighted by Marsh and Ahn (2009) in
the context of parsing ambiguous cues. They noted that the
task of parsing events into discrete categories is often not a
trivial problem, yet is ignored by simple covariation-based
models. Covariation-based models, including associative
learning models (e.g. Rescorla & Wagner, 1972), as well as
causal induction models (e.g. Cheng, 1997) anticipate

illusory learning effects, and the outcome density bias in
particular, by assuming a certain mental representation of
cue-outcome coincidences. These models are usually
implemented by classifying, in a dichotomous fashion,
whether the cue and outcome are each present or absent, in
line with the four discrete trial types shown in Table 1. In
other words, each experience can be classified as supporting
or disconfirming the putative causal relationship.
Most real-life situations are sufficiently complex, which
presents a problem to the way in which these models are
applied. To illustrate, most medical treatments produce
some outcome in varying degrees (e.g. patient is still sick or
patient gets better), and rarely if ever produce no outcome at
all. However, it is unclear whether people readily parse their
experiences of continuous variable events into the presence
versus absence of a target outcome. As such, it is important
to test whether continuous outcomes produce lawful
variations in illusory causal judgments in the same way as a
simple binary outcome. Thus, we were interested in
measuring illusory causation and outcome density effects
using continuous and variable outcomes that are always
present to some extent and may be difficult to dichotomize.

The current study
The aim of the current study was to test whether illusory
causation and outcome density effects could be generated
using an outcome that always occurred but to a varying
degree. Our study used a contingency learning task framed
as a medical trial for a new fictitious drug. Participants were
presented with a causal scenario and instructed to make
judgments about the relationship between a drug cue and
health improvements. Rather than using discrete outcome
events, an outcome was presented on every trial, but its
magnitude varied along a continuous scale. Participants then
observed a series of trials with and without the drug, with
the drug actually having no impact whatsoever on recovery
(∆p = 0 and precisely the same distribution of outcome
magnitudes for trials with and without the drug). In both
Experiments 1 and 2, participants were separated into Low
and High Outcome Density (OD) conditions, where the
outcome was improvement in patient's health. Low OD
participants observed outcomes that were predominantly
low in magnitude (i.e. little improvement in health) with
some high-magnitude outcomes (i.e. large improvement in
health), whereas High OD participants observed
predominantly high-magnitude with some low-magnitude
outcomes.
In Experiment 1, we used distributions of outcomes
centered on a high (80) and low (20) mean value, and tested
whether the presence of variability in the outcome around
these mean outcomes affected illusory causation and
outcome density effects (Variable vs. Fixed outcomes). In
Experiment 2, all participants were presented with
continuous and variable outcomes sourced from a single
skewed distribution, with either a high or low modal value
(see Figure 1). As in most OD studies, the critical measure
was participants' causal judgments about the cue, in this
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case measured using ratings of how effective the drug was
in treating the disease relative to no treatment.

Figure 1: (a) Bimodal outcome distribution presented to
participants in Variable outcome and Low OD condition,
where 80% of outcomes were low in magnitude. (b)
Bimodal outcome distribution presented to participants in
the Variable outcome and High OD condition, where 80%
of outcomes were high in magnitude. (c) Continuous
outcome distribution presented to participants in the Low
OD condition, where 80% of outcomes were below an
outcome value of 50. (d) Continuous outcome distribution
presented to participants in the High OD condition, where
80% of outcomes were above an outcome value of 50.

Experiment 1
Method
Participants. One hundred and twelve participants (78
female, Mage = 22.2, SD = 5.35) completed the study for
class participation or monetary reimbursement. Participants
were randomly allocated to one of four experimental
conditions according to time of arrival (n = 28 in each).
Design. The study used a 2 (OD: High vs. Low) x 2
(Outcome Variability: Fixed vs. Variable) between-subjects
design. For participants in the Variable outcome condition,
the observed outcome was sampled from a low distribution
(M = 20, SD = 5, Range = 13-27) or high distribution (M =
80, SD = 5, Range = 73-87) depending on OD group. In
contrast, participants in the Fixed outcome variability
condition were presented with an exact-value outcome of 80
on 80% of trials and 20 on 20% of trials in the High OD
condition, and an exact-value outcome of 20 on 80% of
trials and 80 on 20% of trials in Low OD condition.
The experiment was programmed using Matlab and the
Psychophysics Toolbox extensions (Brainard, 1997; Pelli,
1997). All participants completed 100 training trials, 50
with and 50 without the treatment cue. Trials were presented
to participants in blocks of 10 such that each block was
representative of the total frequency of high and low
outcomes in the experiment (Table 2).

Table 2: Proportion of total trials (per block and overall) in
low and high outcome density conditions. Blocks of 10
trials were presented 10 times, yielding 100 trials.
Low OD group
High OD group
No
No
Cloveritol
Cloveritol
treatment
treatment
High
Outcome

0.1

0.1

0.4

0.4

Low
Outcome

0.4

0.4

0.1

0.1

Procedure. Participants were asked to imagine they were
a medical researcher investigating a new illness. They were
told a new experimental drug ‘Cloveritol’ had been created
to treat the disease. The objective of the study was to test
the drug’s efficacy in treating the disease. All participants
were told that patients usually take a long time to recover,
and a large improvement in health is indicative of rapid
recovery.
During training, participants were presented with trials in
which they were asked to predict the level of improvement
in the patient’s health. Each trial represented a new patient
and participants were shown if the drug was administered
(represented by a picture of a pill bottle and drug name), or
not administered (‘No treatment’). Below this cue, a scale
was presented ranging from 0% (no improvement) to 100%
(full recovery), and participants were required to predict the
patient’s health in that trial by clicking on a point on the
scale. Once a prediction was made, an identical scale would
appear below with the actual observed health improvement
for that trial animated as a growing horizontal bar across the
scale. Task schematics are illustrated in Figure 2.
X
Cloveritol administered
What level of improvement do you expect?

100%
Full recovery

0%
No
improvement

X
Cloveritol administered

0%
No
improvement

100%
Full recovery

20%

Press any key to continue

X

Cloveritol administered

0%
No
improvement

0%
No
improvement

100%
Full recovery

20%

Observed health improvement:
80%

100%
Full recovery

Figure 2: Typical displays during the training phase in
Experiment 1 and 2. Participants are presented with either
the drug cue (Cloveritol administered) or no cue (No
Treatment) and asked to make a prediction on the patient’s
health improvement. Having done so, a second scale
appears with the observed outcome for that patient.
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During test, participants were instructed to make
judgments about the treatment based on observations during
training. Participants were first presented with the drug cue
and no treatment cue separately with instructions to predict
the level of improvement they would expect on average if a
patient were given Cloveritol or No Treatment. Ratings
were made on the same scale as presented during training.
Subsequently, they were asked to rate how effective they
thought the treatment was relative to no treatment. Ratings
were made on a scale from 0 (Completely Ineffective) to 10
(Completely Effective).

Table 3: Average rating for Cloveritol and No Treatment at
test (SD) as a function of Outcome Density (Low vs High)
and Outcome Variability (Fixed vs Variable).
Low OD
High OD
No
No
Cloveritol
Cloveritol
treatment
treatment
34.1
(13.7)

32.6
(14.0)

68.0
(13.8)

59.3
(17.4)

Exp 1
Variable

34.8
(14.7)
44.1
(12.4)

32.8
(16.1)
36.3
(15.0)

71.5
(15.2)
69.6
(12.4)

67.5
(15.4)
53.3
(16.7)

Exp 2

Results
We focus first on the results of critical importance, namely
the effect of outcome density, and its interaction with
outcome variability, on judgments of treatment efficacy.
Causal judgments of this nature have most consistently
produced OD effects in previous studies and we expected
these ratings to show the effect most reliably in our study.
These efficacy ratings are illustrated in Figure 3. As
predicted, we found a main effect of OD, F(1,108) = 11.3, p
= .001, ηp2 = .094, such that participants in the High OD
condition (M = 4.73, SD = 2.69) reported significantly
greater efficacy ratings than participants in the Low OD
condition (M = 3.11, SD = 2.34).
Critically, we found no significant interaction effect
between OD and outcome variability, F(1,108) = .004, p =
.953, ηp2 < .001, suggesting that the OD effect did not differ
significantly between groups. Indeed, significant OD effects
were found when participants were presented with Variable
outcomes, F(1,108) = 5.43, p = .022, ηp2 = .048, as well as
when they were presented with Fixed outcomes, F(1,108) =
5.83, p = .017, ηp2 = .051.
7
6
5
4
3
2
1
0

Low Outcome Density
High Outcome Density

50
40
30
20
10
0

Variable
outcome

Fixed outcome

Experiment 1

Single
distribution

Exp 2 Efficacy rating (scale: -100 to 100)

Exp 1 Efficacy rating (scale: 0 to 10)

Exp 1
Fixed

Experiment 2

Figure 3: Drug efficacy ratings at test (±SE) as a function of
OD and outcome variability in Experiment 1 (left) and for
Low vs High OD conditions in Experiment 2 (right).
Efficacy ratings were measured on a scale ranging from 0
(Completely Ineffective) to 10 (Completely Effective) in
Experiment 1, and from -100 (Effectively worsens recovery)
to 100 (Effectively improves recovery) in Experiment 2.
Negative efficacy judgments in Experiment 2 indicates that
the drug makes patients feel worse, whereas positive values
suggest the drug improves patient recovery.

Average outcome magnitude predictions for Cloveritol
and No Treatment at test are reported in Table 3. We found
a significant main effect of cue type on average predictions,
F(1,108) = 6.37, p = .013, ηp 2 = .056, with greater average
ratings for Cloveritol (M = 52.1, SD = 22.7) than No
Treatment (M = 48.1, SD = 22.1). This finding suggests an
illusory causation effect. Participants were predicting
greater health recovery when the drug was present than
when it was absent, despite there being no contingency
between cue and outcome. However, this effect of cue type
did not interact with outcome density, F(1,108) = 2.00, p =
.160, ηp 2 = .018; this was true for both outcome variability
conditions, F < 1. This null interaction is not uncommon in
work on illusory causation, which tends to produce outcome
density effects on causal ratings rather than on direct
predictions of the outcome.

Discussion
Experiment 1 found a clear OD effect in efficacy
judgements at test using a variable outcome distribution.
The High OD condition produced greater efficacy ratings
than the Low OD condition and this difference was
consistent across Fixed and Variable outcome conditions.
We consider this result to be highly consistent with other
studies that have used discrete binary outcomes. Similar
outcome density effects were not found when participants
were asked to provide an average prediction for treatment
cue and no treatment cue at test. This discrepancy in causal
judgments as a function of question format has been
extensively discussed elsewhere (see Vadillo & Matute,
2007). Importantly for our purposes, previous research has
consistently found this discrepancy, which supports our
claim that the adopted experimental design did not
significantly differ from traditional binary-outcome
contingency learning paradigms.
In this experiment, the outcome magnitudes were
sampled from two distinct and non-overlapping
distributions, each with relatively low variance. Thus
categorizing them as two discrete outcomes (high and low)
may still be relatively straightforward for the participant. It
is still important to demonstrate that OD biases generalize to
situations in which the distribution is not so distinctly
partitioned. Experiment 2 examined the same outcome
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density effects by using a continuous outcome distribution,
in which all participants experience a full range of outcome
values.

Experiment 2
Experiment 2 was identical to Experiment 1 in all respects
except the way in which outcomes were distributed. Instead
of a bimodal distribution with values centered around 20
and 80, participants experienced outcome values sourced
from a single distribution, and ranging from 1 to 99. Similar
to Experiment 1, participants in the Low OD condition
experienced a majority of low-magnitude outcomes with
some high-magnitude outcomes, and this was reversed for
participants in the High OD condition. All outcomes
presented were independent of the cue.
A central difference between the distribution used in
Experiment 2 and that of Experiment 1 is the addition of
ambiguous outcome values around the mid-range of the
scale that are less readily classifiable as low-magnitude or
high-magnitude outcomes. We were interested in
determining whether we could still obtain outcome density
biases in a trial-by-trial contingency learning task with the
use of continuous and variable outcomes sampled from a
complete range of values, some of which are more
decipherable to the participants (low vs. high) than others.
Ratings of treatment efficacy presented at test were
modified to capture greater variance in responses, with
values ranging from -100 (Effectively worsens recovery) to
100 (Effectively improves recovery) with a midpoint of 0
(Completely ineffective). This modification in Experiment 2
allowed meaningful comparisons to be made between the
group means and zero, the midpoint of the scale, whereas
zero represented an extreme end of the scale in Experiment
1. It is also possible that some participants judge that the
drug actually makes health improvement less likely since
the base rate of recovery without the drug was quite high.

Method
Participants. 56 participants (35 female, Mage = 22.9, SD
= 4.44) completed the study for either class participation or
monetary reimbursement and were randomly allocated to
one of two experimental conditions (n = 28 in each).
Design. The study used a between-subjects design, with
outcome density (Low vs. High OD) as the only
manipulation. For the Low OD condition, the sample of
observed outcomes O was positively skewed, created using
a truncated ex-gaussian distribution with a higher proportion
of low-magnitude outcomes (Distribution parameters: µ=
10, σ = 5, τ = 25, Range = 1-99, yielding sample Mean = 32,
SD = 20). For the High OD condition, we took the
complement of this same distribution (i.e. 100 – O) to
produce a negatively skewed distribution with a higher
proportion of high-magnitude outcomes (sample Mean = 68,
SD = 20). Outcome values were further constrained by the
proportion of trials with an outcome-value below 50:
participants in the Low OD condition experienced .75 of
trials with outcomes below 50, whereas participants in the

High OD condition only experienced .25 of trials with
outcomes below a value of 50. All participants received
identical causal instructions and the procedure of the study
was identical to that of Experiment 1.

Results
Efficacy ratings at test are shown in Figure 3. As predicted,
we found a main effect of OD, F(1,54) = 4.54, p = .038, ηp2
= .078, such that participants in the High OD condition (M =
33.6, SD = 31.7) reported significantly greater efficacy
ratings than participants in the Low OD condition (M =
16.5, SD = 28.3). A comparison of the group means against
zero found a significant difference for both Low OD, t(27) =
3.09, p = .005, d’ = .584, and High OD, t(27) = 5.62, p <
.001, d’ = 1.06. These findings indicate illusory causation
effect in both Low and High OD condition, with greater
difference found in the High OD group. As in Experiment 1,
we did not find an interaction between cue type and
outcome density in average outcome magnitude ratings,
F(1,54) = 3.06, p = .086, ηp2 = .054.

Discussion
In Experiment 2, we found support for the use of continuous
and variable outcomes in generating an outcome density
effect, with significantly greater judgments of treatment
efficacy in the High OD relative to the Low OD condition.
Together, the results from Experiments 1 and 2 indicate
that reliable OD effects emerge even when the outcomes are
presented in a continuous and variable manner, mirroring
some important properties of real-world outcomes.
Importantly, the OD effect obtained using a continuous and
variable outcome was not significantly different to that from
a fixed-value outcome (analogous to binary events),
suggesting that the current experimental paradigm is a
reliable measure of the effect in generating illusory
causation.
To our knowledge, this is the first study showing OD
effects with outcomes that are potentially ambiguous. That
is, the magnitude of these outcomes provides information
that is not always readily classifiable as confirming or
disconfirming the learner’s current causal hypothesis. There
are two opposing explanations for this finding. Firstly,
individuals may parse ambiguous outcome information into
discrete categories and use this information to form
judgments about causal relationships. This ability is
potentially important for accurate contingency learning, but
may also be instrumental in producing the errors of
judgment leading to OD effects. Increasing the frequency of
outcome-present trials, in this case high-magnitude
outcomes, creates an over-representation of cue-outcome
coincidences, resulting in stronger causal judgments. This
interpretation of our findings parallels previous studies with
ambiguous cue information, which has shown learners to
spontaneously
categorize
ambiguous
intermediate
observations in a discrete fashion and use them in
subsequent contingency judgments (Marsh & Ahn, 2009).
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A second interpretation of these findings is that the OD
effect emerges even when the learner is not able to
categorize events into discrete classes. If so, these results
lend themselves to Bayesian models of causal judgment
(Griffiths & Tenenbaum, 2005) in which continuous
representation of the expected outcome magnitude can be
implemented relatively easily. Associative learning models
like the Rescorla-Wagner model can also accommodate
continuous outcomes by assuming that the "teaching signal"
that represents the experienced outcome can take on values
proportional to the outcome magnitude. These theoretical
approaches may be able to account for OD effects and
illusory causation without assuming discrete categorization
of events by the learner. Testing the capabilities of these
models is thus an important future endeavor.
The results from our experiments provide empirical
support for the use of continuous and variable outcomes that
mimic real-world events in obtaining an outcome density
bias. This is particularly relevant for researchers interested
in investigating false causal beliefs in medicine and public
health, where the consequences of choosing the wrong
treatment could have detrimental effects.

Conclusion
Across both experiments, we found a reliable outcome
density effect, where participants who frequently observed
high levels of health improvement judged a fictitious drug
to be more efficacious than participants who observed levels
of health improvement that were frequently low, even when
there was no real contingency between drug and health
outcome. This finding is compelling given the novel
experimental paradigm using continuous and variable
outcomes that occur on every trial but vary in degree. This
approach also produced effects that were not significantly
different from fixed-value outcomes analogous to binary
events adopted in previous contingency learning
experiments. The experimental approach we present here,
that is, representing treatment outcomes in a continuous and
variable fashion that mimic real-world medical
consequences, may be an important stepping-stone to
bridging the gap between experimental research and realworld experience.
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Abstract: When inferring the extent of others’ knowledge
from samples of what they know, certain kinds of samples
imply richer content. One candidate kind is knowledge of
causal mechanism. In the current study, we investigate
whether children and adults think that knowledge about
mechanism generalizes more broadly than non-mechanistic
factual knowledge. We find an early-emerging assumption
that mechanistic knowledge about a basic level category
implies greater knowledge about a superordinate category,
compared to factual knowledge about the same basic level
category. Even young children have a sophisticated sense of
how causal mechanisms generalize across categories, despite
possessing little mechanistic knowledge themselves. These
intuitions likely support the epistemic inferences we make
from early childhood onward.
Keywords: mechanism, causal reasoning,
category learning, epistemic inference

knowledge,

Introduction
To benefit from a world full of information, we must make a
variety of inferences about who possesses useful
information and how much of it they possess. To do so, we
also need a sense of how broadly knowledge and
information generalize. For example, if someone knows
how tractor engines work, should I assume that she is also
knowledgeable about cars? Airplanes? Iguanas? Even
children demonstrate sophisticated intuitions about how
knowledge (Keil et al, 2008) and explanations (Johnston et
al, 2017) generalize across kinds and domains, but it is
unclear what underlies these intuitions. Here, we argue that
a sense of shared understandings of causal mechanisms
plays an important role in the way we generalize knowledge
from one kind to another, and that this sense is evident in
children’s early emerging epistemic intuitions.
A growing literature supports the importance of
mechanism in young children’s strategies for evaluating and
structuring knowledge. For example, preschoolers judge that
someone who can fix an object has more causal knowledge
about it than someone who knows its name (Kushnir
Vredenburgh, & Schneider, 2013). Because children
associate mechanistic knowledge with an ability to fix
(Lockhart et al, under review), intuitions about causal
mechanisms may influence children’s expectations about
who possesses useful information.
Young children also show an appreciation for mechanism
when reasoning about the way knowledge is structured
beyond particular knowers. By age 5, children group
biological and psychological processes separately based on

a notion of shared causal mechanisms (Erickson, Keil &
Lockhart, 2010). As they get older, children develop a
stratified sense of difficulty for the sciences (Keil, Lockhart,
& Schlegel, 2010), suggesting that intuitions about causal
mechanisms affect not only the way children organize
knowledge, but also their attitudes towards it.
Causal mechanism also pervades children’s explanatory
preferences. When requesting information, young children
are often not satisfied with statements of fact or circular
reasons, instead preferring causal explanations (Corriveau &
Kurkul, 2014; Frazier, Gelman & Wellman, 2009; 2016).
Children’s desire for rich information increases with age;
requests for causally rich explanations take up an
increasingly large proportion of children’s questions as they
reach elementary school (Chouinard et al., 2007). For
example, one study found that “how” questions make up
only 3.5% of 3-year-olds’ questions, but 19.8% of 5-year
olds’ questions (Callanan & Oakes, 1992). Furthermore,
young children remember a larger number of causally
relevant features when they explain phenomena, as opposed
to merely reporting on them (Legare & Lombrozo, 2014;
Walker et al, 2017). Preschoolers likewise privilege “deep”
properties in their own explanations, favoring more
inductively powerful features of a system when engaging in
explanation (Walker et al, 2014).
Although there is clear evidence that notions of
mechanism influence children’s reasoning about knowledge
and explanations, what accounts for its utility? Here, we
argue that one critical feature is mechanism’s
generalizability across related kinds. Trouche et al. (2017)
found that mechanism-focused instruction shifted
elementary school children’s complexity intuitions more
than factual non-mechanistic instruction, suggesting that
mechanism cues children to certain properties that other
forms of factual information do not. Children’s mechanisminduced complexity intuitions also propagate to related
entities (Trouche et al, under review), suggesting that
children may expect knowledge of mechanism-related
properties to apply broadly. For example, if someone knows
how a car works, we might expect that knowledge to apply,
at least in part, to tractors because most vehicles work in a
broadly similar way utilizing broadly similar internal
components. Here we investigate whether children think
that mechanistic knowledge about basic level categories
(e.g. cars, clocks, and smartphones) generalizes to
knowledge about their superordinate level categories (e.g.
vehicles, machines, and electronics).
In the current study, children (ages 6 to 9 years old) and
adults were presented with two twins, one possessing
mechanistic knowledge about a basic level category (e.g.,
clocks) and another possessing factual non-mechanistic
knowledge about that category. Participants were then asked
which twin knew more about its superordinate category
(e.g., machines), a subordinate category (e.g., grandfather
clocks), and an unrelated basic level category (e.g., tulips).
A superordinate category was included as the key measure:
differentially generalizing mechanistic knowledge from a
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basic level category to a superordinate level category would
suggest that mechanistic knowledge applies more broadly to
kinds within that superordinate category compared to nonmechanistic knowledge about the same basic level category.
A subordinate category was included to assess the scope of
the generalization inferences: differentially generalizing
mechanistic knowledge from a basic level category to a
subordinate level category would imply that mechanistic
knowledge applies to specific kinds within that basic level
category, an inference that might appeal to young children if
they see mechanistic knowledge as generalizing more
strongly to all instances of the category. Not selectively
generalizing mechanistic knowledge to the subordinate level
would reveal a more nuanced view about mechanistic
knowledge’s generalizability. An unrelated basic level
category was included as a control: not generalizing
mechanistic knowledge to an unrelated category ensures that
participants did not perceive the mechanistic knower as
more intelligent or knowledgeable in general.
Our hypotheses were:
1.
Participants across all ages would judge the twin
possessing mechanistic knowledge as more knowledgeable
about the superordinate category than the twin possessing
factual non-mechanistic knowledge, showing that
mechanistic knowledge about a basic level category is
generalized to its superordinate level category more than
factual knowledge.
2.
Participants across all ages would not judge the
mechanistic twin to know significantly more about the
unrelated basic level category. This result would clarify
evidence in support of our first hypothesis, demonstrating
that mechanistic knowledge does not simply imply greater
knowledge in general, but rather about the superordinate
category in particular, and also that participants do not
perceive the mechanistic twin as merely more intelligent or
knowledgeable in general.
3.
Participants across all ages would not judge the
mechanistic twin to know significantly more about the
subordinate level category. This result would further clarify
evidence in favor of our first hypothesis, demonstrating that
participants perceived the mechanistic and non-mechanistic
twins as possessing approximately the same amount of
knowledge about categories below the basic level category.

Experiment
Method
Participants Twenty-one 6- and 7-year-olds (11 male,
mean age 85 months) and twenty 8- and 9-year-olds (8
male, mean age 106 months) participated in the experiment
via TheChildLab.com online platform (Sheskin & Keil,
under review). On this platform, researchers can engage in
online videoconferences with participants on a web-enabled
device. The study stimuli are presented as a PowerPoint
presentation shared within the videoconference, and
sessions begin with simple warm-up activities (e.g.
following a ball through a tube), established as easy for

most participants in previous research. Thirty-nine adults
participated in the experiment via Amazon Mechanical Turk
for $.50 payment; thirty-one adults (20 male, mean age 32
years) passed all attention checks and were included in the
final sample.
Materials Three stimulus categories were used, with each
matched to a different superordinate category, subordinate
category, and unrelated basic level category. The three
stimulus/superordinate/subordinate/unrelated sets were
clocks, machines, grandfather clocks, tulips; cars, (wheeled)
vehicles, racecars, sharks; smartphones, electronics,
iPhones, tigers. Each category was presented with an image
depicting the category, consisting of 6 category exemplars
in a white square (to emphasize kind rather than token).
These categories were chosen because they represented a
broad sample of artifacts familiar to most children.
Design Each question was focused on which one of two
cartoon children knew more about a kind. Each pair were
introduced as twins, and looked nearly identical except one
twin wore blue clothes and the other wore green clothes.
The twins were referred to by the color of their clothes (i.e.,
as “Blue” or as “Green”). The blue twin was always
described first for each stimulus category, but the blue
twin’s knowledge type (mechanistic or non-mechanistic)
was counterbalanced across participants. The test categories
(superordinate, subordinate, side) were presented in a
consistent order for a given participant across all three
stimulus items, but order was counterbalanced with either
the superordinate category being presented first and the
subordinate category last, or vice-versa. The order of the
stimulus items was randomized across participants. The
study took approximately 8 minutes for children and 5
minutes for adults.
Procedure At the start of the activity, children were
presented with a training example that introduced the
concept of a yellow equal sign, which would be used in the
activity. They were then trained on how to give an answer in
the activity, saying “blue” if they chose the blue twin
(always on the left), “green” if they chose the green twin
(always on the right), and “yellow” if something applied to
both twins the same (the yellow equals sign was always
shown between the twins). A “same” choice was included
because it could reflect a genuine preference, especially for
the unrelated category. Adults did not complete this training
and were instead instructed “in this survey, you are going to
hear about pairs of twins who both read a book about the
same topic, so they both learn a lot of information about the
same thing. However, the books they read are different, so
they each learn different information about the same thing.
You will hear about the kind of things that each twin learns,
and then your job is to decide who knows more about some
different things.” Participants were then introduced to both
twins and told that each twin read a corresponding colored
book, which were identical besides the color of their covers.
Both books were about the same stimulus category, so they
both learned lots of things about that category, but the books
were different so each twin learned different kinds of things
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about it. Participants were told one twin learned about how
the category works (the mechanistic twin), and the other
twin learned facts about the category (the non-mechanistic
twin). They were also given two examples of each twin’s
mechanistic or non-mechanistic knowledge (see Table 1).
Participants were then presented with a test category and
asked which twin knew more about the category, or whether
they thought the twins knew the same amount about it. For
example, children might be asked: “Here are some
machines. Who do you think knows more about machines?
Blue who knows about how clocks work, Green who knows
facts about clocks, or Yellow, do you think they know about
the same amount?” Children were asked about each test
category in sequence, with each test category consisting a
different slide. Adults were presented with all three test
categories in sequence on the same page. Participants
completed this procedure for each stimulus category.
Stimulus

Mechanistic Knowledge

Non-mechanistic Knowledge

Clocks

For example, she learned what
makes the parts of the clock
move. As another example, she
learned how clocks can keep
working for years without
stopping.

For example, she learned where
clocks were first invented. As
another example, she learned
how many clocks are made
every year.

Cars

For example, he learned how car
engines make the car move. As
another example, he learned how
cars’ brakes make the tires stop
spinning.

For example, he learned where
the first car engines were built.
As another example, he learned
how many different companies
make tires for cars.

Smartphones

For example, he learned how
smartphones’ screens recognize
your fingerprint. As another
example, he learned how
smartphones are able to make
many different kinds of sounds.

For example, he learned what
kinds of glass smartphones’
screens are made out of. As
another example, he learned
how many different ringtones
are available for smartphones.

Table 1: Knowledge examples

Categorical Level
Age Group
1 (6-7)

Subordinate

Superordinate

Unrelated

M = .619
p = .056

M = .857
p = .007*

M = -.714
p = .015*

2 (8-9)

M = .1
p = .748

M = .9
p = .014*

M = -.4
p = .104

3 (adults)

M = .452
p = .232

M = 1.645
p < .001*

M = .032
p = .813

Table 2: Mean scores and p-values for one sample t-tests
comparing knowledge attributions across each category
level and age group to chance (* indicates p < .05)
Bonferroni-adjusted post hoc comparisons were also
conducted to investigate how knowledge attributions at each
categorical level differed from each other for each age
group. For age group 1, mechanistic scores differed
significantly between the superordinate and unrelated
categories (p = .011), and between the subordinate and
unrelated categories (p = .023), but not between the
superordinate and subordinate categories (p = 1.0). For age
group 2, mechanistic scores differed significantly between
the superordinate and unrelated categories (p = .025) and
marginally between the superordinate and subordinate
categories (p = .085), but not between the subordinate and
side categories (p = .785). For age group 3, mechanistic
scores differed significantly between the superordinate and
unrelated categories (p < .001), and between the
superordinate and subordinate categories (p = .045), but not
between the subordinate and unrelated categories (p = .821).

Results
2.5

No children were excluded, yielding a sample of 21 6-7 year
olds (age group 1), 20 8-9 year olds (age group 2), and 31
adults (age group 3). For purposes of analysis, choosing the
mechanistic twin was coded as 1, the non-mechanistic twin
as -1, and knowing the same as 0. Scores were aggregated
across stimulus items for each categorical level, yielding a
superordinate level score, a subordinate level score, and an
unrelated category score, which could range from -3 to 3. A
repeated measures ANOVA was conducted with category
level (superordinate, subordinate, and unrelated) as repeated
measures factors and age as a between subjects. A main
effect of category level, F(2, 138) = 19.04, p < .001, η2 =
.21 was found, along with an effect of age, F(2, 69) = 3.26,
p = .045, η2 = .086. There was no significant interaction
between age and category level. One sample t-tests (twotailed) were therefore conducted to compare knowledge
attributions at each categorical level to a chance value of 0
for each age group (see Table 2).

Mechanistic Score

2
1.5
1

6&7
0.5

8&9

0

Adults

-0.5
-1
-1.5

Subordinate

Superordinate

Unrelated

Categorical level

Figure 1: Study 1 mechanistic scores by categorical level
and age group. Error bars indicate standard error.

Discussion
In support of our first hypothesis, each age group judged
the mechanistic twin as more knowledgeable than the nonmechanistic twin about the superordinate level categories. In
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support of our second hypothesis, no age group judged the
mechanistic twin as more knowledgeable than the factual
twin about the unrelated category. Our third hypothesis was
mostly supported: no age group judged the mechanistic twin
as more knowledgeable than the factual twin about the
subordinate level category, although the youngest age group
approached significance. Knowledge attributions at the
superordinate and subordinate levels also did not differ
significantly from each other for the youngest age groups,
although scores at the superordinate level still exceeded
those at the subordinate level for both age groups. In short,
children and adults recognized that knowing how a category
works implies broader knowledge within the same domain,
but not greater knowledge about unrelated categories or, to
an extent, the category itself.
Preferences for the unrelated category shifted across age
groups, with the youngest children holding a nonmechanistic preference, the older children a comparatively
weaker non-mechanistic preference, and adults possessing
no preference. While children may have chosen the nonmechanistic twin strategically to balance knowledge
attributions (i.e., from a fairness motivation to choose each
twin some of the time), this might also reflect a legitimate
preference.
There was also a developmental trend in subordinate level
preferences. Younger children chose the mechanistic twin
for the subordinate level almost as much as they did for the
superordinate level. In contrast, older children and adults
demonstrated a sizably weaker mechanistic preference at the
subordinate level compared to the superordinate level. Thus,
young children appear more optimistic about generalizing
broad mechanistic knowledge to more specific instances of
a category, an assumption that declines with age. This may
reflect young children’s lack of experience with specific
mechanisms. As they begin to encounter them in school,
children’s intuitions about causal mechanisms become
increasingly detailed and diverse, potentially weakening the
perceived similarity between broad mechanistic knowledge
and the mechanisms than obtain in specific kinds.
Alternatively, this developmental trend might be due to
children starting off with relatively less confidence that
factual non-mechanistic information generalizes downward,
and then an increasing awareness of this type of
generalization with age.
In sum, the goal of this study was to investigate whether
even young children appreciate that mechanistic knowledge
generalizes beyond its immediate scope. We found evidence
that children and adults selectively generalize mechanistic
knowledge to immediate superordinate level categories,
while still being aware of its limits within and across
domains.

General Discussion
The current study provides evidence that children and adults
attribute more knowledge about related kinds to individuals
possessing mechanistic knowledge compared to factual nonmechanistic knowledge. In particular, we find evidence that

knowing how a basic level category works implies more
superordinate category knowledge than simply knowing
facts about it. This pattern suggests that a sense of shared
mechanism among members of a kind guides children and
adults’ inferences about the knowledge others possess.
The study compared broadly mechanistic knowledge with
factual non-mechanistic knowledge. One concern is that
mechanistic knowledge was pitted against a particularly
weak or idiosyncratic variety of non-mechanistic
knowledge. To that end, the example pieces of knowledge
varied widely and were chosen to give a broad coverage of
factual non-mechanistic knowledge. Particular care was
taken to avoid knowledge of surface features (such as color
or size) that could be learned through mere observation.
Instead, the facts concerned unobservable traits like history
(e.g. where the first car engines were built) and constitution
(e.g. what kinds of glass smartphones’ screens are made out
of). Also, if a particular component or topic was mentioned
in a mechanistic example, it was also mentioned in the
corresponding non-mechanistic example to minimize a mere
bias for knowledge about internal parts. Importantly, the
vignettes were explicitly labeled as example pieces of
knowledge, and were meant to broadly indicative the kind
of knowledge each twin possessed rather than specify it
exactly. This was further implied when each twin was
directly stipulated to have learned ‘a lot’ about the same
basic level category.
A related concern is that mechanistic and non-mechanistic
information is not truly dichotomous, either theoretically or
cognitively. However, contemporary philosophers of
science have offered broadly converging accounts (Bechtel,
2011; Craver & Darden, 2013). These accounts lay out
several key features of mechanistic explanation in the
sciences, including: a phenomenon being explained (e.g.
how does it work?); a division of components, often
functional, that underlie the phenomenon; a set of causal
relations that obtain between the components, forming a
bounded system; hierarchical organization of components
via constitution, such that components can be unpacked into
constituents and their interactions at a lower level. More
colloquially, mechanistic explanations typically answer
“how” and “why” questions and are compactly described as
“how something works”.
A selective preference for the mechanistic at the
superordinate level shows that children and adults are
capable of making distinct judgments about mechanistic
knowledge when pitted against non-mechanistic factual
knowledge, and that these judgments are reasonably
bounded. Importantly, however, the distinction between
mechanistic and non-mechanistic information is not always
clear in everyday life. The two occur together in most
contexts, and it is difficult to fully isolate a mechanism from
relevant non-mechanistic specifications. For example, the
size of a jet engine’s parts directly impact how it works.
However, the consistent mechanistic preferences at the
superordinate level, despite an option to judge both
knowledge types as equal, suggests that distinguishing
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mechanistic from non-mechanistic knowledge is relatively
easy and consequential when accompanied by a minimal
level of supporting detail.
One limitation of these studies is that all stimulus items
were artifacts, narrowing our findings to that domain.
Artifacts were used for two reasons: first, mechanism is
particularly salient in artifacts, often envisioned as the inner
“clockworks” of objects (Dolnick, 2011); second, no
colloquial phrase exists in English that signifies mechanistic
knowledge about biological entities, in contrast to “how it
works” for artifacts. Although, there is reason to suspect
children generalize mechanistic knowledge across biological
entities as well. Even infants believe the insides of living
things have privileged causal powers (Newman et al, 2008),
and by age six, children are able to make a variety of
abstract inferences about an object’s internal features (Ahl
& Keil, 2017). Taken together, these findings suggest some
form of awareness of internal biological mechanisms by the
early elementary school years. However, the biological
domain may suffer from specific limitations; in particular,
children’s, and even adults’, intuitions about plants are
notably weak and delayed compared to their intuitions about
animals (Stavy & Wax, 1989; Hatano & Inagaki, 1994).
This might lead children to undervalue mechanistic
knowledge about plants. Further research should test
children’s mechanistic intuitions across a broad range of
familiar biological entities, including animals, plants, and
organs.
A final limitation is that, given children’s limited
attention, the current studies did not feature multiple
superordinate level categories for a single stimulus. As a
result, it is unclear exactly how distant two categories within
a domain need to be for mechanistic knowledge about one
to no longer generalize to the other.
The scope of mechanistic knowledge is likely determined
by the same intuitions that lead to it generalizing to related
kinds, namely a sense of shared mechanism amongst those
kinds. But what are these mechanistic intuitions like? How
concrete and detailed are they? How do we acquire them
and how do they change over time? The current studies do
not address these questions, since the aim was to show that
mechanistic knowledge generalizes, not what our
representations of mechanisms are like. To some extent,
these representations are idiosyncratic by nature, dependent
on one’s concrete mechanistic knowledge and experiences
with particular instances of a kind. However, given the
relatively consistent pattern of responses in this study across
all age groups, these representations may share fundamental
features or structure in common. Future study of these
common features could shed light on the nature of epistemic
inference and conceptual cognition more broadly.

Conclusion
The current study examined how children and adults
generalize mechanistic knowledge. The results suggest that
even young children recognize that mechanistic knowledge
about a basic level category implies greater knowledge

about its superordinate level category compared to factual
non-mechanistic knowledge about the same basic level
category. This provides one account of why intuitions about
causal mechanism have such a strong influence on children
and adults’ epistemic inferences. Impressively, children are
able to make systematic inferences about mechanistic
knowledge despite possessing little to none themselves,
suggesting that abstract features of mechanism, rather than
concrete mechanistic details, are chiefly responsible for
mechanism’s influence on children and adults’ intuitions.
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Abstract

region in which the anchor falls. Both theories have support
in the literature and both may contribute to the robust
tendency for estimates to be skewed towards an initial value
(see, e.g., Furnham & Boo, 2011).

Anchoring is a well-known, robust effect causing estimates to
be biased towards previously seen values – regardless of their
relevance. Reducing anchoring bias is important for optimizing
estimation. Herein, we tested the MOLE (More-Or-Less
Elicitation) tool’s ability to limit the impact of anchors on
estimates. In a direct elicitation task, 62 participants’ best
estimates correlated with anchor values at 0.27 whereas, when
using the MOLE, this relationship disappeared (r = .02).
Results also showed, however, that expertise reduces the
impact of anchoring (r = -0.46). We conclude that use of the
MOLE assists in avoiding anchoring and that this will be most
helpful in areas of high uncertainty.
Keywords: anchoring; elicitation; accuracy;
decision making; repeated judgement, MOLE.

Anchoring and Expertise

expertise;

In the face of uncertainty, industry and government often rely
on estimates made by experts to guide decisions – converting
their beliefs into useable, numerical forms via a range of
processes labelled ‘elicitation’ (Wolfson, 2001). Such
estimates are useful, but also prone to systematic errors,
known as biases (Kahneman, Slovic, & Tversky, 1982). One
particularly robust bias arises from ‘anchoring’: the tendency
for people to base estimates on numbers to which they have
recently been exposed, regardless of their relevance (Tversky
& Kahneman, 1974). Tversky and Kahneman (1974)
famously demonstrated this by asking people to estimate the
percentage of African countries in the United Nations, after
judging whether it was higher or lower than a supposedly
randomly selected value (of 10 or 65%). The group who saw
the initial value of 10 provided a median response of 25,
while those seeing 65 provided a median response of 45. This
and numerous other studies have demonstrated the effect of
initial values on subsequent estimates (for a recent review,
see Furnham & Boo, 2011).
There are two well-known theories for mechanisms
underlying anchoring. First, Kahneman and Tversky (1974)
describe it as an anchoring and adjustment process: the
anchor providing a starting value from which a person adjusts
until they reach a value that they believe is reasonable.
Therefore, the process results in people selecting amongst
those values closest to the anchor - from the range they
consider feasible. The second theory of anchoring is
‘selective accessibility’, or priming, where the initial
approach is to consider whether or not the anchor itself is the
true value (Mussweiler & Strack, 1999). If the anchor is
determined not to be the true value, a person will search their
memory for relevant clues as to what the true answer might
be, but the starting point of this search is determined by the

Given our reliance on expert opinion to reduce our
uncertainty in most industries and fields of endeavor, the
extent to which anchoring is reduced by particular expertise
is, logically, of considerable importance; biases are likely to
reduce the accuracy of expert estimates and thus erode the
quality of decisions made based on their opinions.
While it might seem reasonable that people with greater
expertise would produce more accurate estimates - with the
effect of anchoring minimised as they rely on experience and
knowledge in preference to the anchor - there is mixed
evidence regarding anchoring and expertise. Some studies
have found that people higher in knowledge (Wilson et al,
1996) or those more certain of their responses (Chapman &
Johnson, 1994) were less affected by anchoring but others
have demonstrated anchoring in subject matter experts
(Mussweiler, Strack & Pfeiffer., 2000; Northcraft & Neale,
1987). That is, the common observation is that expertise may
reduce but does not eliminate bias arising from anchoring.

More-or-Less Elicitation
More-or-Less Elicitation (MOLE) is a computerised
elicitation tool, which produces a range for the values an
unknown parameter might take, in a manner designed to
decrease both overconfidence in those ranges (i.e.,
‘overprecision’ as per Moore & Healy, 2008) and the effects
of anchoring (Welsh & Begg, 2018; Welsh, Lee, & Begg,
2008, 2009). The basic, MOLE process (described in detail
in the Method selection, below) presents users with two
random values. The user indicates which of these they
believe is closer to the true value, with the process being
repeated numerous times. The MOLE incorporates four key
insights to achieve reduced overconfidence and anchoring.
First, instead of making absolute judgments, the MOLE
allows people to make relative judgements, which have long
been known to be both easier and more accurate (see, e.g.,
Stroop, 1932; Miller, 1956). Instead of directly asking for
estimates, respondents simply select which of two presented
values they believe is more likely/closer to the truth.
Second, the MOLE uses repeated judgements, the average
of which have been shown to be more accurate than single
estimates (see, e.g., Herzog & Hertwig, 2009, Vul & Pashler,
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2008). This allows multiple pairs of values to be presented
for each value being estimated, enabling repeated judgements
of the same value while preventing participants simply
repeating answers, thus meeting the criteria for useful,
repeated judgements from an individual (see, e.g., Herzog &
Hertwig, 2009, Vul & Pashler, 2008).
Third, the MOLE retains portions of the possible range that
users are uncertain of. Values are only excluded when the
respondent’s judgements indicate they are certain that values
are not possible. This contrasts with more typical elicitation
processes where the respondent decides which values to
include – a process that is likely to result in them stopping
their search for values once they move beyond those they are
certain should be included and is thus likely to underestimate
their true uncertainty (an explanation that echoes the
explanation for anchoring invoked by Kahneman, 2011).
Fourth (and key herein), the process is expected to reduce
the effect of any ‘anchor’ seen prior to the elicitation process
– simply because the MOLE requires that the respondent
consider many randomly selected values, thereby preventing
them from focusing on that anchor – in line with the advice
on best practice for avoiding anchoring (see, e.g., Kahneman,
Lovallo & Sibony, 2011). Additionally, the values presented
by the MOLE – being randomly selected – are likely to
include values that would not otherwise have been considered
by the user. This strategy, of considering alternative or
contradictory information has been shown to reduce
anchoring (Mussweiler et al., 2000; Russo & Schoemaker,
1992). When considered in light of the two theories of
anchoring introduced earlier, it appears that the MOLE
should, therefore, overcome the effect of anchoring,
regardless of the underlying mechanism. That is, the MOLE
provides many different values from which a user could begin
adjusting, and all of these values may prime the user to
consider them as the true value. The presence of numerous
potential anchors should, therefore, prevent bias caused by a
focus on any singular value.
Previous studies have demonstrated the benefits of the
MOLE in reducing overconfidence and improving estimates
in perceptual, epistemic and forecasting tasks (Clausen,
2017; Welsh & Begg, 2018; Welsh et al., 2008, 2009). Welsh
and Begg (2018) also demonstrated that the initial values
presented by the MOLE itself do not act as anchors.
However, the tool’s efficacy in preventing anchoring on a
specific, prior value has, as yet, not been directly tested.

Aims
The primary aim of this research is to expand upon previous
studies (Welsh & Begg, 2018; Welsh et al., 2008, 2009),
which have investigated the MOLE with regards to accuracy
and overconfidence, by testing the MOLE’s ability to
overcome the effect of anchoring. Previous work (e.g., Welsh
& Begg, 2018) has made the logical assumption that the
MOLE overcomes the effect of anchors, yet this theory has
not been directly tested. Secondly, the effect that anchoring
has on the best estimates participants produce will be
assessed - to confirm whether anchoring is having a

detrimental effect. While a detrimental effect seems logical,
anchors may provide clues and improve performance in the
case of low subject matter knowledge.
Finally, the
relationship between participant knowledge and anchoring
will be examined – adding to the literature on differential
effects of anchoring resulting from subject matter expertise.

Method
Participants
The study recruited N = 62 participants (38 females and 24
males) aged between 18 and 65 years (M = 31.15, SD =
12.81). One participant was excluded from the study due to
inappropriate responding. Participants were recruited within
the University of Adelaide and from the wider population.
Participation was, initially, encouraged by course credit (1st
Year Psychology students, n = 14) or the opportunity to win
a $100 gift card (n = 17). To speed recruitment, later
participants were offered a $20 gift card (n = 31).

Materials
The study consisted of the various measures and elicitation
tasks (described below) incorporated into a single program,
created by the first author using Visual Basic for Applications
(VBA) in Microsoft Excel.
Demographics Participants were asked to provide
information about themselves, including age, gender and
their engagement with Australian Rules Football (ARF).
Engagement with ARF was measured using four questions,
such as how often participants played ARF or watched ARF
matches. Participants rated their frequency of engagement
for each of four questions on a four-point Likert scale, with a
response of one corresponding to ‘rarely or never’ and four
corresponding to ‘more than once a week’. Possible scores
for engagement with ARF thus ranged between 4 and 16 with
higher scores indicating greater engagement.
Individual Differences A number of measures were
included in the study as possible covariates of performance
on the task or anchoring susceptibility. Specifically: Need for
Closure (Webster & Kruglanksi, 1994; linked to range width
in elicitation tasks by Kaesler, Welsh & Semmler, 2016); the
2-item Openness and Conscientiousness measures from the
Ten Item Personality Inventory (TIPI; Gosling, Rentfrow &
Swann, 2003; Openness having been linked to anchoring
susceptibility by McElroy & Dowd, 2007); and the full-scale
Openness and Conscientiousness measures from the NEOFFI (Costa & McCrae, 1992) for comparison. However, no
significant results were obtained for these and, as a result,
they are not discussed further herein.
Experimental Tasks The study utilised forecasting
questions, specifically related to Australian Football League
(AFL) match results (NB: Australian Rules Football – ARF is the sport and AFL is the national league). AFL results were
chosen as the forecasting measure because they provided a
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sufficiently large set of numerical values of similar difficulty
to predict. Participants were asked to consider the total points
that a team would score in a specific game occurring within
the next two rounds of the competition. For example: “What
will be the total number of points that the St Kilda Saints
score when they play the North Melbourne Kangaroos on
Sunday, the 20th of August?”. Given the study was
conducted in Adelaide, the Adelaide-based AFL teams were
excluded to limit the impact of specialist knowledge. The
study included two methods of eliciting both a best estimate
and the range that the participant was confident that the true
value would fall within – the MOLE and a direct elicitation
task (described below). The study elicited responses from
participants for five questions under each condition.
Anchoring Questions In each case, participants were
initially presented with an anchoring question. The anchoring
question asked if a specific team would score more/less than
a given value (20, 90, 160, 230 or 300), which were linearly
distributed over the MOLE’s initial range of 0-300. For
example, “Will the Collingwood Magpies score less than 160
total points when they play the Geelong Cats on Saturday, the
19th of August?”, where ‘160’ is the anchoring value.
Only after responding to this anchoring question would the
participant be asked to answer the corresponding question:
(e.g.) “What will be the total number of points that the
Collingwood Magpies score when they play the Geelong Cats
on Saturday, the 19th of August?” using one of the two
methods described below.
MOLE At each of 10 iterations within the MOLE process,
participants were presented with two values randomly
selected from a pre-determined widest possible range (for this
study, 0 to 300 points). Participants were then asked to
indicate which they believed would be closer to the true value
by adjusting a slider from the default centre position
(indicating the participant believed the values presented were
equally likely as per the user interface shown in Figure 1).
Adjusting the slider to the extreme left indicated that the
value displayed on the right was not deemed possible and
vice versa, whereas positions between the centre and the endpoints were mapped onto levels of confidence between 50%
and 100% in the selected value being closer to the true value.
If a participant indicated maximum (100%) confidence in
one of the values, the possible range was truncated at the
unselected value. For example, given an initial range of 0 to
300, if the values 95 and 240 were presented and the
participant selected 95 with maximum confidence, then this
would result in the range being truncated at 240 and the
options displayed in later iterations being drawn from the 0240 range rather than 0-300. This follows, logically, from the
descriptions within the GUI, where the ends of the confidence
scale explicitly rule out the alternative value. (NB - previous
studies using the MOLE truncated the range at the midpoint,
rather than the unselected value. This study adopted a more
conservative approach to range truncation in order to lessen
the chance of errors resulting in unrecoverable, overly narrow

ranges as had sometimes been observed in previous work;
Welsh & Begg, 2018.)
Where a participant’s confidence in their selected value
was less than complete, however, the range remained
unchanged as this was taken as evidence that the participant
believed that the alternative value still had some chance of
being closer to the true value.
The remaining range after ten iterations of the MOLE was
recorded as the participant’s 100% confidence range – that is,
the range that they could be assumed to be 100% confident
would contain the true value. At each iteration, the
participant’s estimate of the true value was calculated from
their confidence and the difference between the values. For
example, equal (50%) confidence in the two values 100 and
200 would produce a best estimate of 150 whereas a 90%
confidence that 100 was closer to the true value than 200
produced an estimate of 110. A participant’s overall best
estimate was calculated by the MOLE simply as the average
of these estimates from each iteration.

Figure 1: MOLE user interface
Direct Elicitation The direct elicitation task required
participants enter a minimum value, a maximum value and a
best estimate for the number of points they believed the
specified team would score. The program checked that the
minimum value was lower than the best estimate, which in
turn had to be lower than the maximum; failure to meet these
requirements resulted in the program displaying an error
message, prompting the participant to revise their estimates.
Otherwise, these direct estimates of the end-points of the
range and the best estimate were simply recorded.

Procedure
After participants had registered their interest in the study,
they were emailed a copy of the VBA program. The program
included questions about the next two (weekly) rounds of
AFL matches. Therefore, the specific questions included in
the program changed on a weekly basis. Results were
collected between the 5th of June 2017 and the 19th of
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August 2017. The study used a within-participants design,
with participants completing both elicitation tasks, allowing
for comparison of performance across the tasks.
Participants were randomly assigned to complete either the
MOLE or direct elicitation task first, with the intention of
preventing order effects. While efforts were made to allocate
participants equally to the conditions, the number of
participants varied due to uptake and completion rates, with
the end result that 33 participants completed the MOLE task
first and 29 completed the direct elicitation task first.
The survey began with an information page, where
participants indicated their agreement to participate. The
survey progressed through, in order, demographic questions
and individual difference measures, prior to beginning the
elicitation tasks and concluded with instructions to save the
file and return it to the researcher by email. Participants
could only move forwards through the tasks, once a response
was submitted it could not be altered.

2017.) Analysis confirmed a small to medium, positive
correlation, rrm(247) = .27, p < .001, suggesting that higher
anchor values did, in fact, result in higher best estimates.
Table 1: Descriptive statistics
Variable

Correlation (RM) with 95% CI

Results
Dependent Measures
The dependent measures of the study were defined and or
calculated for each participant within each elicitation
condition as follows, with descriptive statistics presented in
Table 1 alongside the independent measures age and
Engagement (described in the Demographics section above).
Best Estimate. As described above, this was directly
estimated by participants for each of the five questions in the
Direct condition and calculated from their choices and
confidence in the five MOLE questions.
Anchoring Score. The correlation between a participant’s
best estimates and the anchoring values across the five
questions within each condition.
Accuracy Score. The correlation between a participant’s best
estimates and the true values across the five questions within
each condition.
Error. The difference between a participant’s best estimates
and the actual value averaged across the five questions within
each condition.
MOLE and Anchoring Given the typical anchoring effect,
it was expected that there would be a positive correlation
between anchor values and the best estimates participants
produced via direct elicitation.
Repeated measures
correlation (rrm) was used due to there being five data points
for each participant. (Repeated measures correlation is
equivalent to Pearson’s correlation; however, it
accommodates multiple data points per participant,
increasing power, without violating the assumption of
independence. It evaluates overall intra-individual
relationships and can be calculated using a form of ANCOVA
using the rmcorr package in R; see Bakdash & Marusich,

Mean

Age
31.2
Engagement
7.6
Anchoring Score
Direct
.14
MOLE
.01
Accuracy Score
Direct
.02
MOLE
.17
Average Error
Direct
39.9
MOLE
46.3

Median

Min

Max

SD

26.5
8

18
4

65
16

12.8
2.9

.24
.01

-.96
-.96

.99
.93

.50
.51

-.10
.26

-.92
-.96

.99
.94

.54
.50

29.8
36.9

6.8
8.1

226.4
120.4

36.0
26.6

0.5
0.4
0.3
0.2
0.1
0
-0.1
-0.2
Direct

MOLE

Elicitation Method
Figure 2: Correlations between anchors and best estimates by
condition.
Additionally, it was hypothesised that anchoring would not
be evident in the MOLE task. Repeated measures correlation
analysis confirmed this with no correlation detected between
MOLE best estimates and anchor values, rrm(247) = .02, p =
.76. The correlations and their confidence intervals are
displayed in Figure 2, from which it can, from inspection of
the CIs, be seen that two correlations also differ significantly
from one another – providing further support for the linked
hypotheses that anchors would affect best estimates obtained
via Direct elicitation but not those generated by the MOLE.
Anchoring and Accuracy The extent to which anchors
affected best estimates was assessed using two related
measures: accuracy score and error. Firstly, within the direct
elicitation condition, accuracy scores were expected to be
negatively correlated with anchoring scores. Analysis
confirmed a medium correlation of r(60) = -.33, p = .01. This
suggests that participants who were more affected by anchors
produced less accurate best estimates (when accuracy is
defined as the correlation between best estimates and actual
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values, at the individual level). Secondly, error was expected
to be positively correlated to anchoring score in direct
elicitation. Analysis confirmed a large correlation of r(60) =
.44, p <.001. This indicates that participants who were more
affected by anchors produced best estimates that were further
away from actual values. Overall, the results indicate that
anchoring was associated with less accurate best estimates,
regardless of whether accuracy was measured by the average
error between best estimates and actual values, or the degree
to which best estimates correlated with actual values. Finally,
no significant correlations were seen between anchoring and
accuracy in the MOLE condition, which is to be expected as
anchoring was not evident in this condition.
Anchoring and Knowledge It was anticipated that greater
knowledge (specifically, level of engagement with ARF)
would be associated with less anchoring in the direct
elicitation condition. Analysis confirmed a large negative
correlation, r(60) = -.46, p < .001, as shown in the scatterplot
below (Figure 3). That is, participants with greater
knowledge of the subject were less affected by anchors.

Figure 3: Scatterplot of anchoring score versus engagement
with trendline.

Discussion
The results suggest More-or-Less Elicitation (MOLE) is
successful in overcoming the effects of anchoring. In the
direct elicitation condition, a typical anchoring effect was
seen; that is, estimates correlating with the anchor values seen
by participants. The same participants, however, showed no
evidence of anchoring when using the MOLE, supporting the
hypothesis that the large quantity of numbers presented to
MOLE users prevents anchoring on any specific value.
In addition to detecting the presence of anchoring, the
study demonstrated that anchoring was associated with less
accurate estimates. This confirms the detrimental effect of
anchoring on estimation.
The final component of the study was the investigation of
the relationship between knowledge and anchoring. The
positive correlation between accuracy and engagement and
the large negative correlation between the degree to which

participants engaged with the subject matter and their
anchoring scores supports the common-sense expectation
that those with greater expertise produce better estimates and
are less likely to be led astray by anchors.

Caveats and Future research
The above conclusion is an encouraging finding for those
depending on estimates made by experts, but it needs to be
balanced with a key understanding. The processes of
anchoring (adjustment and priming) both imply that a
person’s degree of uncertainty limits the effect that an anchor
can have. Expert opinion is most valuable, however, where
uncertainty is highest and typical elicitation processes may,
thus, occur in situations more akin to lower levels of
knowledge where anchoring remains a problem.
A related result requiring further comment is the negative
slope of the trendline (see Figure 3), which supports the idea
that knowledge reduces anchoring, but also implies that
greater knowledge could be associated with negative
anchoring – that is, more expert people reacting against the
influence of the anchor. If averaged for higher engagement
participants (Engagement ≥8), however, the anchoring values
tend to be close to zero (Engagement  8, M = -.03, Min = .96, Max = .73, SD = .43). Additionally, at the lowest level
of engagement there is a high degree of anchoring
(Engagement = 4, M = .58, Min = -.17, Max = .99, SD = .30).
Thus, it seems likely that the study indicates only that a lack
of knowledge is associated with anchoring, whereas greater
knowledge is associated with less or no anchoring. Future
research with a larger sample could, however, directly test the
possibility of participant reactions against anchors.
Inspection of the scatterplot of engagement versus
anchoring (see Figure 3) also indicates a cluster of
participants at 4 for engagement. This reflects participants
who responded “rarely or never” to all four engagement
questions. In hindsight, this category would have been better
divided into separate categories for “rarely” and “never” to
obtain a better spread of data.
Table 1 indicates that average error is greater for the
MOLE than for direct elicitation. This result seems to
contradict the generally proposed benefits of the MOLE.
However, while the MOLE estimates tend to be further away,
they correlate more closely to actual values. This is likely
due to the estimates being located within a much wider range
of possible answers, with the wider ranges produced by the
MOLE being the key mechanism in reducing overconfidence
(Clausen, 2017). This highlights the benefit of calculating
error in terms of both magnitude and trend. While this result
is not detrimental to the current findings, future research
could investigate improvements to the algorithm that
calculates MOLE estimates.

Conclusions
Anchoring is a fundamental cause of bias in estimation and,
as such, a central concern during the elicitation of expert
opinion. The results support the idea that expertise can limit
the impact of anchors on estimates - with more
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knowledgeable participants in the direct elicitation condition
making estimates that were both more accurate and less
affected by anchors. In contrast, estimates elicited using the
MOLE showed no relationship to the anchoring values,
regardless of participant expertise. That is, it seems the
MOLE process of providing multiple, paired choices washes
out the effect of any previously observed anchoring value in
both knowledgeable and naïve estimators – in addition to
reducing overconfidence as has been shown previously
(Welsh & Begg, 2018). Given this, the MOLE seems to
provide a better alternative to direct elicitation in situations
where anchoring and overconfidence biases are of concern.
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Abstract
Recent research has seen a surge in interest in the role of the
individual in sound change processes. Do fast speakers have a
unique role in sound change processes? Fast speech leads to
greater rates of lenition (reduction). But should it mean that
fast talkers would be more likely to lenite even when speaking slowly? In two corpus studies we show that even when
fast talkers speak more slowly they are (a) more likely to omit
segments and (b) more likely to perform variable reduction of
consonants. This draws attention to habitual speech rate as a
likely factor in the actuation of lenition processes.

keywords: lenition, speech rate, individual differences

Introduction
A growing field of research focuses on social factors that may
contribute to language change (Labov, 2001; Milroy & Milroy, 1985), including the influence of the individual. Studies
of individual difference tend to revolve around different cognitive aspects of speakers, including position on the autism
spectrum (Yu, 2013), attention to linguistic variation within
and outside of personal linguistic subgroups (Garrett & Johnson, 2013), and differences in perception (Ladd et al., 2013).
Other studies correlate the physiological makeup of speakers
as a bias toward particular sound change processes (Moisik &
Dediu, 2015), such that some properties of speech could be
acquired by individuals and become typical of their language
use. Baker, Archangeli, and Mielke (2011) proposes that it
is differing amounts of variability between speakers which
leads to change when an accepted variation by one group is
misinterpreted as a new target by another group.
Individual speakers tend to be consistent in their behavior.
In a study that focused on convergence in speech rate (Cohen Priva, Edelist, & Gleason, 2017), the correlation between
the speech rate of a speaker in a given conversation and their
speech rate in other conversations was very high (β=.79, predictors and predicted values were standardized). In contrast,
speakers’ speech rate was only mildly correlated (convergent)
with the speech rate of their interlocutors in other conversations (β=.05). Though speakers do converge with their interlocutors in speech rate, they are more consistent than convergent or random. Similarly, high self-persistency was found
in Cohen Priva and Sanker (2018) for other phonetic properties such as median pitch (self β=.97 vs. other β=0.018),
pitch variability (self β=.68 vs. other β=0.092), and nonphonetic properties such as uh to um ratio (self β=.79 vs. other

β=.031).1 Speakers are therefore expected to “do what they
always do”, even when the local context demands otherwise
(e.g. to converge). Exemplar-based representation (e.g. Pierrehumbert, 2001) could explain consistency if speakers sample from their own performance, which has many instances
of their behavior, biased in a particular direction. Alternatively, consistency can follow from storage vs. computation
considerations (O’Donnell, 2015) if speakers do not always
compute the appropriate output, but instead sometimes reuse
precomputed stored instances.
Regardless of the actual underlying mechanism, consistency in speech rate has surprising predictions for finegrained phonetic behavior: it suggests that fast speakers
would repeat “fast speech patterns” even when speaking more
slowly. Fast speech has been argued to predict higher rates
of lenition (reduction2 ) at the local context, e.g. in Kirchner (1998); Lavoie (2001); Gurevich (2004); Cohen Priva
(2015). This implies that fast speakers will lenite more than
slower speakers, everything else being equal. If fast speakers
are repeating their fast speech patterns outside of the typical
context, they would also lenite when speaking more slowly,
which would implicate them as possible leaders in lenitiontype sound changes. Theories regarding individual differences in sound change such as Yu (2013) assume that actuation can follow when listeners fail to interpret a particular exemplar as following only from the context in which it appears.
Listeners observing lenition in the context of fast speech can
attribute such effects to the speed the speech was produced. If
lenited forms are produced out of context, when fast speakers
happen to speak more slowly, they may not be attributed to
fast speech, which could then follow the pattern discussed in
Yu (2013). In such cases fast speakers may function as initiators and promoters of new and existing lenition-type sound
change processes.3
We used the Buckeye corpus (Pitt et al., 2007) in several
related studies to investigate the impact of fast speakers and
1 For all reported β values in Cohen Priva and Sanker (2018),
predicted values and both predictors were standardized.
2 Lenition is a poorly defined term surrounded by a signifcant
amount of debate (see e.g. Honeybone, 2008), but we use it here as a
short-hand for generally accepted reduction processes, i.e. degemination, voicing, spirantization, debuccalization, approximantization,
flapping, and deletion.
3 Here we do not mean to refer to stable and established lenitions
(such as e.g. tapping in intervocalic contexts in American English),
but rather new or ongoing sound changes that involve reduction.
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fast speech on non-phonologized obstruent lenition. First, we
investigated deletion, which is evident in the absence of underlying segments in the surface form, and has been used in
the past in the Buckeye corpus (Cohen Priva, 2008, 2015,
2017a; Raymond, Dautricourt, & Hume, 2006). We then
investigated lenition more broadly using a power difference
estimation (Warner & Tucker, 2011). Both studies indicate
that fast speakers do have a greater tendency to reduce segments, even beyond the effects of the speech rate within the
individual phrase. Our findings thus highlight the complex
role of individual speech rate in reduction processes.

Method and materials

/b/

/æ/

[b]

[ɛ]

/k/

/s/

[z]

Figure 1: An example of the alignment of an underlying
form with its surface representation

Corpus
For all studies below we used the Buckeye Corpus of Conversational Speech (Pitt et al., 2007). The Buckeye Corpus is a
detailed corpus of American English composed of data from
40 speakers conversing with one of two interviewers at Ohio
State University. Only the speaker side of each conversation
was recorded. A small amount of demographic information
about the speakers was recorded, including gender and age.
Age was recorded as a binary value (whether a speaker was
older or younger than 40 years of age).
Following established procedure (Cohen Priva, 2015),
phonemes were linked to their surface realization using
a weighted edit-distance program, but unlike Cohen Priva
(2015), the weights were learned from the data algorithmically using a variant of the EM algorithm. The algorithm
minimized the perpelxity of aligning the entire Buckeye corpus by assigining probabilities to every deletion, insertion,
and substitution operation. Each individual underlying form
was aligned to its corresponding surface form by, in essence,
choosing the most probable alignment.4 For example, in a
case where the word /bæks/ was produced as [b3z], the algorithm would align /b/ with [b], /æ/ with [3], /s/ with [z],
and regard /k/ as deleted, as shown in Figure 1. Underlying
representations were taken from the CMU dictionary (Weide,
2008), as the Buckeye provided forms do not include stress
information, which has been previously shown to be relevant
to duration and deletion rates (e.g. Lavoie, 2001). Words that
occurred less than 4 times in the data were omitted to allow
convergence.
Segments that were not aligned with an underlying form
were considered to have been deleted. The intensity in
each sound file was extracted from the corpus using Praat
(Boersma & Weenink, 2008), and aligned to individual segments based on their beginning and ending durations in the
corpus. This was done to compare how loud segments were
relative to the preceding vowel.

Speaker speech rate and phrase-level speech rate
We followed the procedures used in Cohen Priva (2017b) to
measure speech rate. The goal of this procedure is to abstract
4 A side-effect of this process is that mergers were analyzed as a
deletion of the segment less likely to emerge as the aligned surface
form.

away from contextual factors and the phonological makeup
of words, and measure whether words are pronounced faster
relative to their expected pronunciation. The expected duration of each word was defined as the prediction of a linear
regression that used the mean duration of the word in every
context and its contextual predictability (Bell, Brenier, Gregory, Girand, & Jurafsky, 2009; Jurafsky, Bell, Gregory, &
Raymond, 2001). Pointwise speech rate was defined as the
actual duration of a word instance, divided by its expected
duration. Therefore, if a word’s duration was predicted to be
250ms but was pronounced in 300ms, its pointwise speech
rate would be 1.2 (slow), while if that word were pronounced
in 200ms, its pointwise speech rate would be 0.8 (fast). Note
that higher pointwise speech rates indicate slower articulation. Speakers’ speech rates were then calculated as the geometric mean of the pointwise speech rates of all content words
they used in a conversation (function words defined as the
list of words returned by the function stopwords in R’s tm
package, Feinerer & Hornik, 2017). Function words were not
included as they have been argued to be retrieved using a different mechanism than content words (Bell et al., 2009).
All studies contrasted the effects of average speaker speech
rate with phrase-level speech rate. Phrase-level speech rate
was defined as average pointwise speech rate of all words in
the phrase, except the pointwise speech rate of the word for
which lenition was predicted. If a segment had been deleted
from the word in question it would be trivially shorter, a confound between lenition and short duration. By considering
both individual and phrase level speech rate we were able
to compare how relevant an individual’s overall speech pattern was for increased lenition compared to the previouslyobserved effect of fast speech within a phrase or word itself. For each model the interaction between average speaker
speech rate and phrase rate was considered as a variable but
did not have any significant effect on the results, and therefore
it is not included in the models reported here.
Speech rate has been shown to depend on social factors,
such as age and gender (e.g. Cohen Priva, 2017b; Jacewicz,
Fox, & Wei, 2010; Quen, 2008; Yuan, Liberman, & Cieri,
2006). In data taken from the Switchboard and Buckeye cor-
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pora, men were found to generally speak faster than women
(Cohen Priva, 2017b), despite the complete absence of evidence that would indicate that men are better than women in
language use. Age and gender are therefore included as controls in the following studies.

Study 1
For Study 1, we studied the effect of speech rate on obstruent
deletion, a non-phonologized lenition process in American
English. Deletion of a segment is easily detected through the
alignment of segments to their output (or lack thereof, in the
case of a deleted segment) as described above in the description of the corpus and its alignment. In Study 1a, we looked
specifically at intervocalic environment, which is typical for
lenition. In Study 1b, we extended the result to post-vocalic
(pre-consonantal) environment.

Study 1a: Intervocalic deletion
Materials and methods Log odds of deletion were predicted by a mixed effects logistic regression using ˜20,500
(intervocalic) segments. Log phrasal speech rate and log
speaker average speech rate were both variables of interest.
Age (binary), and gender were used as fixed effects. Segment, word, the phonological environment of the segment (no
stress, secondary stress, or primary stress on either vowel),
and speaker were included as random intercepts. All models presented here and below were fitted in R (R Core Team,
2017) using the lmerTest package (Kuznetsova, Bruun Brockhoff, & Haubo Bojesen Christensen, 2016), which encapsulates the lme4 package (Bates, Mächler, Bolker, & Walker,
2015).
Results Age and gender had no effect and were removed
from the model (model comparison p>.21). Faster phrasal
speech rate was indeed correlated with higher propensity
to delete (β=-0.27, SE=0.04, z=-6.725, p<10-10 ), consistent
with current work on lenition.5 Fast individual-level speech
rate also correlated with higher propensity to delete (β=0.32, SE=0.14, z=-2.215, p<0.03), suggesting an influence
of the individual on lenition rates. The results are not due
to collinearity between the two factors, as models that included an interaction term between phrasal and individual
speech rate were not significantly different (or better) than
the model provided here, and did not affect the significance
of the individual-level speech rate.
Discussion High degrees of segment-deletion were known
to correlate with fast speech (e.g. Cohen Priva, 2015), and
many authors suggested that articulatory speed is a cause for
lenition, perhaps by increasing the effort required by speakers
(Kirchner, 1998), or by increasing the chances for hypoarticulation (Bauer, 2008). However, the results of this study do not
have to follow from previous findings: Speech rate is variable,
and speakers could have omitted segments only when speak5 The coefficient is negative here because a larger value for
speech rate indicates slower pronunciation.

ing quickly, and preserved them when speaking more slowly.
The evidence that fast talkers do omit segments even when
speaking slowly could be explained if fast speakers have a
speaking style that facilitates fast speech, and they continue
to use it even when speaking more slowly. Causal direction
here is only implied: an alternative is that perhaps being frequent omitters is the reason why they speak fast. Study 1b
replicates this study in an additional environment.

Study 1b: Post-vocalic deletion
Materials and methods Log odds of deletion were predicted by a mixed effects logistic regression using ˜15,600
(post-vocalic, pre-consonantal) segments. Since the following environment in this case was always a consonant, stress
in the following environment was not included as a random
intercept, but the manner of articulation of the following consonant was. All other variables and controls were the same as
Study 1a.
Results Age and gender were not significant in this model
as well, and were removed following a model comparison
(model comparison p>.5). Phrase rate continued to be a
significantly correlated with deletion in post-vocalic environment (β=-0.3, SE=0.047, z=-6.285, p<10-9 ). Speaker rate,
however, did not have a significant effect (β=-0.087, SE=0.1,
z=-0.843, p=0.399). Models that included an interaction term
between phrasal and individual speech rate were not significantly different (or better) than the model provided here.
Discussion While speakers were more likely to omit segments when speaking quickly, fast speakers were not more
likely to omit segments in post-vocalic positions when speaking more slowly. It is possible that some reduction occurs,
but does not culminate in outright deletion in this environment. Study 2a-b therefore focuses on more variable lenition
types.

Study 2
Although deletion is an easily detected lenition process, it is
also possible that fast speakers play a role in the reduction
of segments to a less severe degree. To capture this, we estimated reduction using the difference in power between the
maximum of the previous segment and the minimum of the
segment under investigation. This has two advantages. The
first is that, as noted, this measurement is able to capture partial reductions rather than only outright deletions. The second
is that the measurement is continuous rather than categorical.
Lenition following modulation of intensity was discussed in
Kingston (2008) and Katz (2016), and the procedure we use
was inspired by Warner and Tucker (2011). The linear regressions in Study 2 predict the power differences for obstruents in American English. A greater power difference
indicates a less lenited, more reduced, or more consonantlike segment. Smaller power differences indicate that the obstruent in question is closer in power to the vowel preceding
it. This approach is more sensitive to variable lenition than
a binary measurement (i.e. lenited or not), as it can capture
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smaller phonetic differences in articulation. Study 2a focuses
on intervocalic environment, while Study 2b focuses on postvocalic, pre-consonantal environment.

Study 2a: Intervocalic lenition
Materials and methods Power differences were predicted
by a mixed effects linear regression using ˜19,300 intervocalic segments (fewer than in Study 1a as deleted segments
are not usable). All other variables and controls were the
same as Study 1a.
Results Gender showed a significant effect, such that male
speakers showed greater reduction in speech (β=-1.384,
SE=0.53, t=-2.614, p<0.05). Younger speakers did not
show a signiicantly different pattern of reduction than older
speakers (β=-0.86, SE=0.52, t=-1.655, p=0.107). As expected, faster phrasal speech rate was correlated with greater
amounts of reduction (β=0.37, SE=0.047, t=7.875, p<10-14 ).
Faster individual speech rate was also correlated with greater
amounts of reduction (β=0.91, SE=0.25, t=3.672, p<0.001),
following the pattern of Study 1a. Unlike Study 1a, the effect
size was greater for individual speech rate than for phrasal
speech rate.
Discussion These results strengthen the findings in Study
1a: Fast speakers are more likely to variably lenite and not
only to omit segments even when speaking slowly. This lends
support to the possibility that speakers are not fully flexible:
speaking fast could affect the way speakers perform regardless of actual speech rate.

Study 2b: Post-vocalic lenition
Materials and methods Power differences were predicted
by a mixed effects linear regression using ˜14600 post-vocalic
pre-consonantal segments. All other variables and controls
were the same as Study 1b.
Results Male speakers were marginally more likely to
reduce segments (β=-1.039, SE=0.59, t=-1.769, p<0.1).
Younger speakers were significantly correlated with greater
reduction of segments (β=-1.505, SE=0.58, t=-2.605,
p<0.05). Faster phrasal speech rate was correlated with
greater amounts of reduction (β=0.6, SE=0.056, t=10.698,
p<10-15 ), as in Study 1b. Unlike Study 1b (and like Study
1a and Study 2a), faster individual speech rate was also correlated with greater amounts of reduction (β=1.12, SE=0.27,
t=4.171, p<0.001), and, like Study 2a, the effect size was
greater than that of phrasal speech rate.
Discussion The results of Study 2b make it more likely that
the absence of an effect for individual speech rate in Study
1b was not because fast speakers do not lenite more in postvocalic environment, but such lenition processes do not necessarily culminate in outright deletion.

General discussion
One general result of this paper is the corroboration of previous lab-based findings that highlight the difference between

casual and careful speech (Warner & Tucker, 2011). This
paper provides an important extension of these results, and
correlates variable lenition (as measured in power difference)
with speech rate in a large detailed corpus and not only in lab
settings.
Our findings demonstrate that the typical speech rate of an
individual does affect their behavior outside of known local
effects. For all models, following the assumptions of most
work in lenition, faster speech rate was found to be significantly correlated with increased rates of reduction. Moreover, in three of the four models (excepting Study 1b), the
effect went beyond phrasal speech rate, the immediate rate
around the word which contained a deletion, and extended
to overall individual speech rate. In Study 1 this was shown
for the deletion rate of intervocalic oral stops, a process not
phonologically licensed in English, while in Study 2 it was
replicated with power differences, a more nuanced measurement of reduction. We therefore conclude that fast speakers
show consistency in their lenition patterns, through greater
reduction in their speech, over and above the effects of local
speech rate.
Importantly, the results draw attention to the inflexible
properties of human speech. Cohen Priva (2017b) shows that
fast speakers are more likely to use frequent words and less
likely to use infrequent syntactic structures such as passive
voice (without implying causal directionality). Though fast
speakers could (and probably do) slow down when producing
infrequent words and structures as suggested by several studies (e.g. Bell et al., 2009), they seem to use them less often.
Speakers can and do change their speech rate while communicating with other speakers, but our results show they are also
likely to adopt typical behaviors compatible with their overall performance. Perhaps fast talkers get accustomed to leniting articulatory patterns and apply them elsewhere, or, alternatively, the adoption of leniting articulatory patterns makes
some speakers fast speakers. At least two mechanisms could
support such patterns, as suggested above. First, speakers
may sample from their own production and operate on sampled values before computing the contextual modification: if
their own exemplar clouds have a high proportion of exemplars created in fast speech conditions, they are more likely
to use them as a basis for subsequent productions. Second,
in storage vs. computation frameworks such as O’Donnell
(2015), speakers sometimes compute the most appropriate
behavior, but sometimes use precomputed stored values: for
fast speakers these are more likely to be lenited forms.
Fast talkers omit more and lenite more than slower speakers regardless of how fast they speak in an individual instance.
For more nuanced reduction (Study 2), this effect coincided
with the additional influence of gender and age, demographic
variables typically found to influence sound change patterns.
We conclude that fast speakers show a different pattern of reduction than slower speakers, and we hypothesize based on
this evidence that fast talkers may play a critical role in the
actuation of lenition-type sound change. Fast speakers may
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be the first to consistently provide lenited forms in non-fast
speech (outside the “natural environment” for lenited forms),
or perhaps their increased use of lenited tokens drives the
phonologization process. This could have its own interesting implications for lenition-driven sound change and sound
change by other means, such as mergers. In our results, male
speakers trended to greater reduction, which goes against typical evidence that women and younger people are often the
innovators of change (Labov, 2001). The result is consistent,
however, with evidence that male speakers of American English tend to have faster speech rates than women, everything
else being equal (Cohen Priva, 2017b; Cohen Priva et al.,
2017).
To sum, this paper offers two conclusions that should affect future research in sound change and in the understanding
of speech. First, it draws attention to fast speakers as likely
initiators of lenition-type processes, as they are more likely to
produce lenited forms overall but particularly in slow speech.
Furthermore, our results show that even lenition-type behavior can be persistent, and follow from other properties such
as speech rate.
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Abstract
We present data on convergence in the Switchboard corpus, addressing differences across measures and across speakers. We
measured convergence in four characteristics, to test consistency in related and unrelated measures: F0 median, F0 variance, speech rate, and odds of the fillers uh and um. Convergence was significant in all measures and exhibited variation
both between individuals and within individuals. Most notably,
convergence in one measure was not predictive of convergence
in other measures, except between closely related measures.
The results demonstrate some of the limitations of generalizing convergence results from one measure to other measures.

keywords: convergence, individual differences, pitch,
speech rate, fillers

Introduction
Speakers’ linguistic patterns are influenced by their recent input; their characteristics tend to shift towards being more similar to speech of interlocutors, in a phenomenon called convergence, among other names (cf. Giles, Taylor, & Bourhis,
1973; Goldinger, 1998). In a study of the Switchboard corpus (Godfrey & Holliman, 1997), we demonstrate that while
convergence is observable across multiple measures, there are
differences between measures, and that individual variation in
convergence is not consistent across measures.
Convergence has been observed in many behaviors, including non-linguistic behaviors such as fidgeting (Chartrand
& Bargh, 1999) and posture (Dijksterhuis & Bargh, 2001)
and also many linguistic characteristics, including vowel formants (e.g. Babel, 2012), VOT (e.g. Nielsen, 2011), F0 (e.g.
Babel & Bulatov, 2011), jitter and shimmer (e.g. Levitan
et al., 2012), lexical choice (e.g. Branigan, Pickering, Pearson, McLean, & Brown, 2011), syntactic constructions (e.g.
Branigan, Pickering, & Cleland, 2000), and timing of turns
and pauses (e.g. Natale, 1975; Street, 1984), among others. For many measures, convergence has been demonstrated both at the conversation level (e.g. Levitan et al., 2012;
Nielsen, 2011) and dynamically within conversations (e.g.
Street, 1984; Vaughan, 2011). Convergent shifts can persist
even after the end of the conversation or exposure to stimuli
(e.g. Babel, 2012; Pardo, 2006).
Convergence is also apparent in holistic measures based
on listeners’ decisions about the similarity of participants’
utterances before and after a task to the utterances of the
model talker (e.g. Goldinger, 1998; Pardo, 2006). There is
* Both

authors contributed equally to this manuscript.

some evidence for a correlation between results from holistic
perceptual measures of convergence and acoustic characteristics (Pardo, 2009), though other studies have found a lack
of correlation between perceptual results and acoustic results
(Babel & Bulatov, 2011; Pardo, Gibbons, Suppes, & Krauss,
2012).
Despite the existence of much data demonstrating that convergence occurs in many characteristics, there is little work
examining whether or not convergence is comparable across
different characteristics. Much work only measures convergence in one characteristic, based on its relevance for a particular phenomenon or theory, e.g. effects of socially salient
dialect differences (Drager, Hay, & Walker, 2010) or generalization across phonological features (e.g. Nielsen, 2011).
Other work includes multiple measures but does not directly
compare the results across characteristics, instead focusing on
testing factors that can influence degree of convergence, such
as race (Babel, 2012), gender (Bilous & Krauss, 1988; Pardo,
Jay, & Krauss, 2010), and status (Gregory & Webster, 1996).
Such work usually does not explicitly address how the choice
of measure might influence the result.
Different measures of convergence have been demonstrated to correlate with some of the same social factors, such
as social characteristics of the speaker (Natale, 1975), partners’ ratings of their relationship (Pardo et al., 2012), and observers’ ratings of the partners’ relationship (Levitan et al.,
2012). Some convergence measures have also been observed
to correlate similarly with the same objective measures, such
as amount of overlapping speech (Levitan et al., 2012).
However, there are few direct comparisons across measures. There is substantial variation in how each characteristic
is influenced by aspects of the task and the participants, such
as word frequency and speaker gender (e.g. Bilous & Krauss,
1988; Pardo, Urmanche, Wilman, & Wiener, 2017), as well
as in the degree of convergence exhibited by different characteristics, both unrelated characteristics, e.g. formants, F0,
and turn durations (Sanker, 2015) and related characteristics,
e.g. formants of different vowels (Babel, 2012).
There is even less data on individual speakers’ tendency
to converge. While previous studies have found variation
in convergence across participants (e.g. Babel, 2012; Pardo
et al., 2010), it is not clear how much of the variation reflects consistent characteristics of particular individuals and
whether these patterns would be present in the same speakers
in different tasks or using different measures of convergence.
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Tamminga, Wade, and Lai (2018) found consistency in individual speakers’ patterns of convergence in two instances
of the same task. Sanker (2015) similarly found consistency
within the same interlocutor pair in different conversational
tasks and in the same speaker in different pairs, but no tendency for individual consistency across different measures.
Bilous and Krauss (1988) also found differences in individual
pairs’ degree of convergence in different measures. On the
other hand, Rahimi, Kumar, Litman, Paletz, and Yu (2017)
found a trend for positive correlations of convergence in some
different measures, though it was not consistent across different comparisons.
Some scholars have identified certain personality traits that
partially predict differences in convergence (Chartrand &
Bargh, 1999; Natale, 1975; Yu, Abrego-Collier, & Sonderegger, 2013), and argue that individual differences in attention
to detail make some individuals more likely to exhibit convergence in laboratory studies and also, on a larger scale, to
propagate sound change (Yu et al., 2013). This model of individual difference suggests that different phonetic characteristics are likely to behave the same way, which is not clearly
reflected in existing data. While such studies offer correlations of convergence or performance in other tasks with these
external measures, they have not demonstrated that individual
variation is consistent across tasks.
In this paper, we examine variation in convergence across
speakers and across measures. Beyond demonstrating that
both types of variation exist, we show that the patterns exhibited by each speaker in one measure are not predictive
of that speaker’s patterns in other measures. To the best of
our knowledge, this study is the first large-scale investigation
of variation in convergence both across measures and across
speakers. It is also the first study to examine individual tendencies in convergence with a method that controls for effects
that could be due to particular conversations and not convergence per se.

Methods
Corpus
The data for this study is the Switchboard Corpus (Godfrey
& Holliman, 1997), a large collection of telephone conversations. Each speaker was randomly paired with other speakers and given a topic for each conversation, providing a large
corpus of natural speech data for many speakers in similar
conversations with several different partners; recordings have
caller identification information that can be used to compare
the conversation with other instances of that caller. Each side
of the conversation is a distinct recording, so measurements
can reliably be taken for each speaker separately.
Each conversation has associated information quantifying
the clarity of the recording; after omitting calls with high levels of background noise, echoing, or other issues, as indicated
in the annotations of these calls, the set of data that we used
had 464 speakers, in 3782 conversations.
Speech rate measures were based on the manually cor-

rected word annotations produced at MS State (Harkins, Feinstein, Lindsey, Martin, & Winter, 2003), which allow measurements of word duration.

Measures Used
The measures used were selected to provide a range of speech
characteristics, both related and unrelated, to compare convergence patterns in different types of measures. The methods for calculating each measure are given below; the F0
measures differ in some ways from more common versions
of these measures established in prior work, in order to minimize errors due to automated measurements in a large corpus.
F0 median: Measured in Mels (Stevens, Volkmann, &
Newman, 1937) and excluding tokens beyond density minima at either end of the distribution, to exclude data points
due to pitch tracking errors. While this might also exclude
some cases of actual extreme F0s, checking some of the apparent outliers confirmed that most of them are the result of
erroneous pitch tracking halving or doubling the actual F0.
F0 range: Log of the ratio of the 75th percentile to 25th
percentile of F0 measurements in Hertz. Using the quotient
rather than the difference was aimed at reducing the artificial
correlation between F0 median and F0 range; with a difference or a standard deviation, the range would scale up in proportion to the center of the distribution in a way that does not
align with listener perceptions (cf. Jessen, Köster, & Gfroerer,
2005; Stevens et al., 1937). Using the quartiles reduced the
sensitivity of the measurements to outliers and the outlier exclusion method employed in the F0 data.
Speech rate: Measured relative to the predicted duration based on each word’s median duration median duration within the Switchboard corpus, the length of the utterance, and the distance from the end of the utterance. See
Cohen Priva, Edelist, and Gleason (2017) and Cohen Priva
(2017) for a discussion of the benefits of measuring speech
rate in this way rather than as a raw value.
Uh-Um log odds: The relative odds of encountering each
of the fillers uh and um in the speech of each talker (cf. Acton, 2011; see also Clark & Fox Tree, 2002). To calculate
log odds, a logistic regression was performed for all pairs of
counts (e.g. <20 um, 2 uh>), and the log odds ratio was
the predicted value of the regression plus the residuals of
the regression. The advantage of using this method is that
it can produce log odds for speakers who never used one or
the other. Usage of fillers has been observed to vary, and
some usage patterns align with interspeaker differences (Acton, 2011).

Measuring Convergence
Convergence was measured by comparing how speakers’ productions within a conversation differ from their baselines in
the direction of their partner’s baselines, measured from all
conversations except for the one with the partner under consideration, i.e. establishing independent baselines for each
speaker and looking at the degree to which partners are converge to the baselines of their interlocutors (cf. Cohen Priva
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et al., 2017). This method is aimed at removing influences
due to the conversation rather than the interlocutor.
Many convergence studies compare speakers’ productions within a conversation to their interlocutor’s productions
within that conversation. Using this method, situations in
which both speakers shift in the same way will appear to be
convergent, even though increase in similarity within a conversation can have a variety of causes that do not depend on
sensitivity to the interlocutor’s speech, e.g. effects of the conversational topic or task.
Some work includes comparisons with other speakers performing the same task, to control for task-related effects (e.g.
Levitan & Hirschberg, 2011; Sanker, 2015), but this does not
control for effects of the particular conversation. There is significantly greater similarity of speakers to their interlocutors
as compared within a conversation than as compared to interlocutors’ characteristics from other conversations (Gregory &
Webster, 1996). While this method may decrease the amount
of actual convergence captured, convergence is still apparent
when tested in this way.
Establishing reliable baselines depends on having a large
corpus, so that baselines are averaged across enough conversations to not be thrown off by the particular characteristics
of any particular conversation.

Statistical Models
Data was analyzed in R (R Core Team, 2017) with mixed
effects models. There were separate models with each of
the linguistic measures as the variable, for a total of four
models. All models had two fixed effects: (1) the mean
of the speaker’s performance in other conversations, and (2)
the mean of the interlocutor’s performance in other conversations. Thus, strong consistency across conversations would
be reflected in high coefficient values for the speaker’s performance in other conversations, and strong convergence would
be reflected in high coefficient values for the interlocutor’s
performance in other conversations. Speaker identity was
not used as a random intercept, because characteristic patterns of individual speakers are better modeled by their respective baselines and models including both factors might
fail to converge due to high collinearity. The models included a random slope for the interlocutor’s baseline performance, which was used to model the different degrees of
convergence different that speakers may exhibit. The coefficients provided below were modeled using the lmerTest package (Kuznetsova, Bruun Brockhoff, & Haubo Bojesen Christensen, 2015) which builds on lme4 (Bates, Mächler, Bolker,
& Walker, 2015) to include a calculation of degrees of freedom and p-values.
Models produced by lme4 returned zero variance for several of the random slopes for speaker, which seemed to be
an unlikely estimate of individual speakers’ consistency in
convergence across conversations. We therefore retrained the
models using the brms package (Bürkner, 2017), which found
more non-zero random slopes, but produced less consistent
results due to its sampling-based nature. In order to estab-

lish a more consistent estimate of individual variation, we repeated the sampling procedure 350 times for each model and
used the median value of per-speaker estimates. These values
are used below when testing correlations between speakers’
convergence in different domains (cf. Tamminga, 2017).

Results
Speaker and interlocutor baselines as predictors
Within the mixed effects models for each speech characteristic, by far the main predictor of that variable is the speaker’s
mean performance in that measure from other conversations,
which was highly significant for all of the four measures investigated, as given in Table 1. That is, speakers were very
consistent in their production patterns across conversations.
Table 1: Speaker baseline as a predictor of each variable
F0 median
F0 var.
log(uh:um)
speech rate

β

SE

t value

p value

0.971
0.676
0.788
0.795

0.00387
0.012
0.009
0.0088

250.71
56.39
87.65
90.37

< 0.0001
< 0.0001
< 0.0001
< 0.0001

Interlocutor baseline as a predictor of each variable was
also significant, though the effect was much smaller than
speaker baseline. This measure was capturing convergence;
the positive coefficient in all cases, as given in Table 2, indicates convergence in all measures.
Table 2: Interlocutor baseline as a predictor of each variable
F0 median
F0 var.
log(uh:um)
speech rate

β

SE

t value

p value

0.0176
0.0924
0.0311
0.0471

0.00404
0.0124
0.0099
0.0088

4.36
7.47
3.14
5.35

< 0.0001
< 0.0001
0.00186
< 0.0001

Some characteristics exhibited more convergence than others, but all measures exhibited significant convergence and
the size of the effect was within the same order of magnitude. The measure which exhibited the strongest evidence of
convergence was F0 variability.

Correlations between measures, by individual
The individual-level variation between speakers in degree of
convergence, i.e. the extent to which their productions were
predicted by the interlocutor’s baseline in a particular measure, would be close to zero if speakers were not consistent
in the degree to which they converged across conversations.
Consistency of convergent behavior within a speaker would
be reflected in non-zero standard deviation for the random
slope in each model. The models generated by the brms package consistently resulted in standard deviation estimates that
were positive and of the same order of magnitude as the coefficient for the interlocutor’s baseline performance; however,

1520

the 95% confidence interval included 0 for all models except
the uh to um ratio model. This result indicates that speakers’
degree of convergence in one conversation was only a weak
predictor of their convergence in other conversations.
However, differences between individual speakers’ convergence tendencies were large enough to allow a comparison of
convergence between different measures, by speaker. Speakers exhibited little consistency in degree of convergent change
across different characteristics, as illustrated in Table 3; a
speaker’s convergence patterns in one measure were not predictive of that speaker’s convergence patterns in other measures.

Table 3: Correlations between speaker-level convergence in
each pair of measures (F0 median, F0 range, log odds of
uh:um ratio, and speech rate).
F0 var.
F0 median Pearson r
Sig. (two-tailed)
F0 var. Pearson r
Sig. (two-tailed)
log(uh:um) Pearson r
Sig. (two-tailed)

0.22
< 0.0001

uh:um

speech rate

0.07200
0.12200

-0.0305
0.5120

0.00027
0.99500

0.0596
0.2000
-0.0702
0.1260

The only comparison in which the correlation in convergence across speakers was significant was between F0 median
and F0 variability. To rule out the possibility that the correlation was due to the strong correlation that exists in production
between F0 variance and F0 median (Jessen et al., 2005), we
fitted a linear regression with cubic functions applied to F0
median in Mels, log F0 median in Hz, and F0 median. We
then used the model to extract the residuals of F0 variance,
i.e. the component of F0 variance that was not explained by
the three predictors. We then repeated the procedure outlined
above for the F0 variance model, using the residualized values. The two measures were still significantly correlated, albeit to a lesser extent (Pearson r = 0.106, p= 0.022).
Among pairs of measures other than F0 median and F0
variability, there were no significant correlations in convergence, nor any trend towards positive correlation. Notably,
there is no intrinsic correlation in production between any of
these pairs of measures. The large number of speakers (n =
464) makes it unlikely that a lack of correlation could result
from an inadequate sample size, which would be a concern
in a smaller scale study. In addition, the significant correlation between F0 variance and F0 median demonstrates that
these methods can capture individuals’ consistency across
measures when a relationship exists, despite individual speakers having only a weak trend towards consistency in convergence across conversations. Thus, the results are likely to be
capturing an actual lack of relationship between convergence
in different measures.

Discussion and Conclusion
In convergence studies, the measure used can have a large impact on the results, as different measures can exhibit different
overall degrees of convergence as well as different influences
(Bilous & Krauss, 1988; Pardo et al., 2017; Sanker, 2015).
We extend the data on this variation within a large corpus of
natural speech, confirming differences in convergence measured in different characteristics.
The different size of the convergence effect in different
measures has potential implications for design of future convergence studies. While all of the measures exhibited significant convergence, the differences are large enough that in a
smaller sample, they might not all reach significance, which
makes the measure with the most convergence, F0 variability,
a promising characteristic to use in measuring convergence,
at least within conversational tasks; it is not frequently used,
though there are some convergence studies that have included
it (e.g. Vaughan, 2011). It may be that measures of variation
have a slight advantage in capturing the dynamic aspects of
convergence, while means and medians obscure some of it by
collapsing over long time spans.
In addition to variation in convergence across measures,
there is variation across speakers. However, speakers were
not strongly consistent in their degree of convergence across
conversations, suggesting that convergence is more influenced by aspects of particular conversations than characteristics of each individual independently. Other work has found
a larger effect of speaker consistency, at least within closely
related tasks: Between instances of same task, either a conversation with a set topic (Sanker, 2015) or shadowing of set
stimuli (Tamminga et al., 2018), or between different conversational tasks with the same partner (Sanker, 2015). Individual tendencies in convergence might be more apparent with
more constrained conditions across the tasks being compared,
because there is less possibility of an effect of contextual factors like interlocutor and conversational topic.
Convergence exhibited by a speaker in one measure was
not correlated with convergence in other measures. The lack
of correlation between measures indicates that variation in
convergence across speakers cannot be attributed to consistent differences in processing style, with different listeners focusing more or less on low-level detail (cf. Yu, 2013). Rather,
the results suggest that individual differences in attention to
detail might depend on the particular characteristic, which is
consistent with variation across listeners in which acoustic
cues they attend to for the same phonological and structural
contrasts (e.g. Hazan & Rosen, 1991; Roy, Cole, & Mahrt,
2017). On the other hand, other studies have found a lack
of correlation in cue weighting between perception and production, e.g. in participants’ use of F0 and VOT as cues for
stop contrasts (e.g. Schertz, Cho, Lotto, & Warner, 2015), so
it is not clear whether perceptual weighting of different cues
would extend to convergence or not. The lack of consistency
in convergence across measures might also in part be due to
speakers’ variability in convergence across conversations.
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The one exception to the independent patterns of convergence in different measures was the relationship between F0
median and in F0 range. Adapting the model for F0 variance to include F0 median as a predictor substantially reduced
the correlation in convergence, which suggests that this correlation is largely an effect of the correlation in production
between F0 median and F0 range. However, the correlation
in convergence between these two measures was still significant in this model, which might suggest a perceptual link,
with attention to low-level detail in F0 reflected in both measures. On the other hand, it could also be due to an indirect effect of other factors that are correlated with both characteristics, though comparing speakers’ productions to their
partners’ baselines rather than their partners’ measurements
within their shared conversations makes this less likely.
Phonetic convergence is often presented as evidence for
episodic memory of utterances, in which speakers store details of each instance of hearing a word or phoneme, with
greater weight given to recent exemplars (e.g. Goldinger,
1998). Though such models do not specifically address predictions about variation across speakers and across linguistic characteristics, the observed differences in convergent behavior could be consistent with a hybrid exemplar model in
which exemplar clouds are shaped by a system of abstractions
(e.g. Pierrehumbert, 2002), such that speakers can differ in
how they weight exemplars for different characteristics. This
different weighting of cues could easily be integrated into the
model, as it already allows differential weighting of recent
and otherwise salient exemplars.
While a shift in representation based on episodic memory
is strongly supported by convergent shifts which continue at
long delays after input, this effect has not been tested for
all measures, and they might not all behave similarly. Some
convergent effects may be based on priming and perceptualbehavioral links rather than a shift in representation, as is
proposed by some analyses, particularly for non-linguistic
convergence (e.g. Dijksterhuis & Bargh, 2001; Giles et al.,
1973). Characteristics which are cues to a phonological contrast, such as vowel formants, might also have different representations than characteristics which are not associated with a
phonological contrast, such as F0 in English. The existence of
multiple explanations underlying convergence would be consistent with different convergence patterns in different measures; comparisons across measures can help test the predictions made by different explanations and representations.
The differences in convergence in different characteristics
demonstrate the importance of considering convergence separately for different measures, not just in building linguistic models but also when interpreting experimental results,
as convergence patterns observed in one characteristic might
not be paralleled in other characteristics. In addition, the
lack of correlation in individuals’ behavior across measures
demonstrates a limitation of using individual variation in results from a single measure to characterize individual differences in perception or phonological processing.
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Abstract
With the integration of emoji into digital keyboards, people are
increasingly using multimodal interactions between text and
image in real-time interactions. One technique of using emoji
is to substitute them into sentences. We here investigate the
online processing of these interactions, by modulating either
the grammatical category of those substitutions (Experiment 1:
nouns vs. verbs) or the type and location of substitutions
(Experiment 2: emoji vs. logos, within sentences vs. at their
end). We found a processing cost for self-paced reading times
of images compared to words, which indeed extended past the
emoji itself, but no difference in comprehensibility ratings
between word and congruent-image substitutions. Overall,
these results suggest that, despite costs of switching modalities,
text and images can be integrated into holistic multimodal
expressions.

Figure 1: Suggestions of emoji for words in Apple iOS

Keywords: multimodality; sentence processing; emoji; visual
language

General Introduction
Human communication is naturally multimodal, exemplified
in face-to-face interaction by the convergence of speech and
gesture (McNeill, 2000). However, digital text-based
communication renders such bodily features unavailable to
speakers. In their place, emoji have become a prevalent nonverbal indicator of emotional and pragmatic information.
Emoji are pictographic expressions integrated as a semistandardized inventory with messaging applications and
computer operating systems (Danesi, 2016). They typically
fall in two distributions relative to sentences: either following
a sentence or substituted into it (Cramer, de Juan, & Tetreault,
2016):

🍕

John loves eating every Friday. 🍕
John loves eating pizza every Friday.
Here, we examine this relationship between emoji and
sentence structure.
The substitution of one modality into another is a possible
feature of nearly all multimodal interactions (Cohn, 2016):
Gestures can replace words in speech (McNeill, 2000),
images can replace written words in sentences, and words can
substitute for images in the structure of a visual narrative
sequence (Cohn, 2016). In all of these cases, the structure of
one modality (syntax, narrative) is retained while a unit from
another modality substitutes for a unit in that dominant
sequence. For emoji, such substitutions are now increasingly
facilitated by messaging programs (Apple Messenger,
WhatsApp) which suggest emoji to replace for words while a
user is typing, as in Figure 1.

Only some research has examined these types of
substitutive relationships between images and words. Potter
et al. (1986) presented participants with sentences at a rapid
presentation rate where images were either congruous or
incongruous with their substituted nouns. Comprehension
and recall of substituted images were only marginally more
strained than regular words, and this effect was maintained
regardless of the substitutions’ ordinal position in the
sentence (middle vs. end) or the number of words which were
replaced. Additional work has also suggested that
participants can accurately interpret sentences whether nouns
or verbs are substituted for images (Mihalcea & Leong,
2008). Nevertheless, these effects were greater for sentences
which are shorter and less syntactically complex, and with
high frequency words.
Additional research has examined the time it takes to read
images or emoji substituted into sentences. In general,
substituting emoji for words in a message requires a reader to
take more time to read than a message of only text
(Gustafsson, 2017). Other work has suggested that the time it
takes to view an image replacing a word can be modulated by
the sentence context. For example, verb aspect can modulate
a replaced-image depending on whether it depicts a state
congruous with the type of event described, i.e., ongoing vs.
completed actions (Madden & Therriault, 2009).
Further studies measuring event-related brain potentials
has implicated that a common semantic system underlies the
processing of both modalities. When images have been
substituted for sentence-final words, incongruous images
elicit neural responses indicating more strained semantic
processing (N400) than substitutions by congruous images,
and these waveforms are similar to those to incongruous or
unexpected words (Federmeier & Kutas, 2001; Ganis, Kutas,
& Sereno, 1996; Nigam, Hoffman, & Simons, 1992). These
results imply that sentence contexts modulate the semantic
processing of images similar to their modulation by words,
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despite the modality-switch. In addition, the inverse effect
has been observed for the substitution of words for images in
visual narrative sequences of comics (such as Pow! replacing
a climactic punch)—words incongruous to the narrative
sequence elicit a larger N400 than congruous words
(Manfredi, Cohn, & Kutas, 2017). Altogether, this work
implies that a common semantic system can be expressed by
multiple modalities, while negotiating the grammatical
structure of one of them (Cohn, 2016).
In this paper, we investigate further aspects of multimodal
text-image interactions in sentences by going beyond
semantic manipulations alone. We used a self-paced reading
paradigm (e.g., Aaronson & Scarborough, 1976) to
investigate the online processing of sentences while
modulating either the grammatical categories of those
substitutions (Experiment 1: nouns vs. verbs) or the type of
image substitutions (Experiment 2: emoji vs. logos).

Experiment 1: Grammatical categories
Prior studies have primarily investigated the semantics of
images substituted for words in sentences, and the
comprehension of those sentences. However, most of these
studies have only substituted images for nouns in sentences.
Nevertheless, perhaps the most well-known image
substitution replaces a verb: I ❤ NY. We thus asked whether
substitutions differ depending on their grammatical category.
A difference in processing noun and verb substitutions by
emoji may be expected, given that objects (typical of nouns)
are easier to depict in a straightforward pictorial
representation than events (typical of verbs). Indeed, the
argument structure of verbs (e.g., Gruber, 1965) means that a
pictorial depiction would collapse across both the verb (e.g.,
run) and its arguments (e.g., a person), thus conveying more
information in one unit (e.g., 🏃). If an emoji were to replace
a verb in this fashion, the arguments may thus be repeated,
and the relationships between the verb and nouns weakened
by the absence of a lexicalized verb. Such a prediction was
made by Potter et al. (1986) in their study of image
substitutions for nouns.
We therefore first asked whether substitutions for verbs
differ in online processing from verbs, and further, whether
emoji more typical of one grammatical category would be
anomalous if perceived in a different syntactic position (such
as emoji replaceable for nouns moved to verb position). In
addition, because previous substitutions have appeared at the
sentence-final position, it did not allow for assessing any
downstream effects of substitutions on sentence processing.
We therefore presented participants with sentences replacing
emoji for nouns and verbs, or reversing their positions, in a
self-paced reading task where we measured how long
participants viewed each word in a sentence. Our analysis
focused on both the critical position, and downstream effects
up to two subsequent positions after the critical word.

Methods
Stimuli We created 32 unique base sentences which
described a variety of actions and events. These “no-emoji”

sentences were manipulated further by creating “normal
substitutions” which replaced an emoji either for a noun (the
grammatical object) or for a verb. “Switched substitutions”
were created by then reversing the positions of the “normal”
noun and verb emoji. For example, as in Table 1 a normal
sentence substitutes a pizza emoji for the noun pizza, and a
heart for the verb loves. In the switched versions, a pizza
replaces loves and a heart replaces pizza. Experimental
conditions were interleaved with additional sentences (see
Experiment 2) which together were counterbalanced across 8
lists in a Latin Square design such that no list repeated a
sentence.
Following Mihalcea and Leong (2008), all sentences
were designed to be simple and easy to read, with no difficult
words. All sentences used the present simple tense and were
based on the available emoji vocabulary set from Apple iOS.
Canonical meanings of emoji were used, as outlined by
Emojipedia.org.
Table 1: Example sentences used in Experiment 1
Noun
Verb
No emoji John loves eating
John loves eating
pizza every Friday. pizza every Friday.
Normal
John loves eating
John ❤ eating pizza
🍕 every Friday.
every Friday.
Switched John 🍕 eating
John loves eating ❤
pizza every Friday. every Friday.
Participants We recruited 72 participants (31 female; mean
age: 26.8, range: 17-62) in the online study. Using a 1 (low)
to 7 (high) scale, participants reported having a fluent level
of English proficiency (M=5.5, SD=1.32) though most
participants were Dutch and spoke English as a second
language. They also reported high levels of frequency of
using texting applications (M = 6.44, SD=.9), using emoji (M
= 4.97, SD = 1.2), and emoji familiarity (M = 5.78, SD = 1.1).
Procedure Participants were presented with an online
experiment via Qualtrics, and we used the jspsych javascript
plugin for the self-paced reading experiment. After
consenting to their participation, participants were given
instructions for the experiment where they were told to read
sentences by pressing a button for each subsequent word.
Trials began with a screen reading “Ready” followed by each
sentence word-by-word, centered on the screen, which
advanced with a button press. After each sentence,
participants rated the sentence for its comprehensibility (How
much did this sentence make sense?) and enjoyability (How
enjoyable was this sentence?) using 7-point Likert scales. If
there was a substitution, they were then asked to fill in which
word they thought the emoji replaced in the sentence.
Data Analysis Reading times were analyzed using a subjects
analysis which collapsed across items. Outlier removal was
performed on reading times which omitted all datapoints
greater than 2.5 standard deviations above the mean, and all
below a threshold of 300 milliseconds. We first used a 2
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Figure 2: Self-paced reading times from Experiment 1 across sequence positions. Error bars depict standard error.
(Category: Noun, Verb) x 3 (Type: No emoji, Normal,
Switched) x 3 (Critical Position: Critical Word, CW+1,
CW+2) repeated measures ANOVA to analyze reading times.
Additional follow up ANOVAs at each critical position were
used to further analyze the relations between sentence types,
and we used post-hoc tests with a Bonferroni correction.
Because both No Emoji conditions (noun and verb) came
from the same sentences, our analysis of comprehension
scores could not use a factorial ANOVA. We therefore
measured ratings using a one-way repeated-measures
ANOVA across all five sentence types. Finally, participants’
accuracy for recognizing which words were replaced by
emoji was assessed with a 2 (Category: Noun, Verb) x 2
(Type: Normal, Switched) repeated-measures ANOVA.

were read longer than after Normal noun emoji (p<.05), but
not after normal verb emoji (p=.05). Words after normal noun
emoji were also slower than those after normal words
(p<.001).
Finally, two positions after the critical word, we found a
main effect of Type, F(2,144)=9.04, p<.001, but not of
Category (p=.258), nor an interaction between them
(p=.164). This arose because words two positions after
Switched emoji were still read slower than after both Normal
emoji and words (p<.001), though words after Normal emoji
and words did not differ (p=1.0). No differences were
observed for those following nouns versus verbs (p=.258).

Results
Our omnibus analysis found main effects of Type and Critical
Position (all Fs>82.1, all ps<.001), but not Category
(p=.233). This arose because, on average, viewing times for
Switched emoji were longer than Normal emoji, which in
turn were longer than normal words. In addition, reading
times at the critical word were longer than those at
subsequent words. Additional interactions appeared between
Type, Position, and/or Category (all Fs>31, all ps>.05).
Analyses at each critical position clarified these findings.
At the critical word, we found a main effect of Type,
F(2,144)=82.8, p<.001, and Category, F(1,72)=4.6, p<.05,
and an interaction between them, F(2,144)=6.3, p<.005.
These results arose because, as depicted in Figure 2, Normal
emoji substitutions were read longer than normal words, and
Switched emoji were even longer than Normal emoji
(p<.005), but only in the Noun position. Normal and
Switched emoji did not differ in the Verb position (p=.44).
At the panel after the critical word, we again found a main
effect of Type, F(2,144)=34.6, p<.001, but not Category
(p=.716), and an interaction between them, F(2,144)=3.1,
p<.05. This arose because again, words after Switched emoji
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Figure 3: Ratings for comprehensibility of sentences
(1=hard to 7=easy to understand) in a) Experiment 1, and b)
Experiment 2. Error bars depict standard error.

A one-way ANOVA across all conditions found that
comprehension scores differed across sentence types,
F(4,288)=37.1, p<.001. As depicted in Figure 3a, sentences
with no emoji did not differ in ratings from those with Normal
Nouns or Verbs (all ps>.07), but these were all rated as more
comprehensible than Switched emoji (all ps<.001). Switched
Nouns and Verbs did not differ (p=1.0).
Finally, in our analysis of participants’ accuracy we
observed main effects of substitution Type, F(1,71)=104.14,
p<.001, and of Category, F(1,71)=4.90, p<.05, but not an
interaction between them, F(1,71)=.33, p=.57. This arose
because the words substituted by emoji for Normal Nouns
(96%) and Verbs (90%) were correctly recognized more
accurately than Switched Nouns (56%) and Verbs (60%).

Discussion
We examined the self-paced reading times to emoji
substituted with nouns or verbs in sentences, or reversed,
compared to those in regular, all-textual sentences. We found
that reading times were slower on the whole for emoji than
for words. These findings are consistent with previous
observations that overall messages were read slower if words
were replaced by emoji (Gustafsson, 2017). However,
reading times did not differ between normal nouns and verbs.
This implies that the lexical differences between nouns and
verbs do not motivate a difference in emoji comprehension.
Overall, these results show that there is a cost for the online
processing of images substituted into sentences.
Nevertheless, “verb” emoji switched into noun position
were even slower than normal emoji. Such slowing did not
occur significantly for the reverse substitutions, of “noun”
emoji in verb position. One reason for this may be the
aforementioned collapsing of argument and verb when using
an emoji as an event/verb. Because an “emoji verb” by
necessity collapses an object with an event, emoji of objects
(here used as nouns) may more readily be construed in a verb
role, while the reverse is less true. That is, a pizza emoji can
imply eating or cooking, because those actions are done to
pizza, but a cooking or heart emoji cannot imply pizza.
While we would not characterize this difference between
nouns and verbs as evidence that emoji play grammatical
roles, they do indicate that there are preferred positions for
image-substitutions in sentences based on their semantic
congruity with the words they are replacing. This is further
supported by the greater accuracy for emoji substituted in
positions with semantic alignment versus those in switched
positions. This aligns at least somewhat with previous work
finding greater processing costs for substituted images that
were incongruous with their sentence context (Federmeier &
Kutas, 2001; Ganis et al., 1996; Nigam et al., 1992).
In addition, these processing costs appeared to be sustained
at positions after the critical word. Both types of substitutions
led to slower reading times at the position after the critical
word, and this maintained at still an additional word for

switched emoji. This suggests that substitutions in general
may have downstream effects on processing sentences.
However, the attenuated reading times for words following
normal emoji substitutions suggests a more rapid integration
into the meaning of the sentence, while the incongruities from
switched emoji persisted.
Despite these costs, ratings suggest that the overall
comprehension of sentences did not suffer from normal
substitutions. These findings are consistent with Potter et al.’s
(1986) observation that reported comprehension does not
differ largely between sentences with or without substituted
images. This finding is further supported by high accuracy
(>90%) for recognizing which words were substituted for
normal emoji. Nevertheless, we did find that comprehension
scores and word-recognition accuracy were lower for those
with emoji of switched positions.
Overall, these results support that images with certain
semantic content have preferential positions in sentences,
while others do not.

Experiment 2: Emoji and Logos
Our second question asked whether the type of image
interacting with sentence structure mattered for processing.
In particular, emoji have become a well-established visual
vocabulary set used in communication, but what about other
highly systematic and conventionalized images that may not
typically appear in a communicative context? For this, we
therefore compared emoji with brand logos from established
companies. Corporate logos are a distinct visual signature for
companies that concisely convey that product (Foroudi,
Melewar, & Gupta, 2014). This makes logos an effective
comparison for emoji, in that they are both single unit
pictograms with fairly entrenched lexicalized associations.
Thus far, no research has compared the processing of emoji
and logos in linguistic contexts. However, emoji have been
looked at for their marketing potential, and companies like
Burger King1 and IKEA2 have created emoji to promote and
market their products.
In addition to manipulating the type of images, we also
examined a different placement than Experiment 1. Here,
emoji/logos were either substituted for words within the
syntax of the sentence, or placed at the end of the sentence,
after the final word. Placement of emoji at the end of
sentences is more frequent than those within sentences, often
with repeated meaning as in a sentence (Cramer et al., 2016;
Kelly & Watts, 2015; Markman & Oshima, 2017; Zhou,
Hentschel, & Kumar, 2017). Varying these positions thus
allowed us to compare the processing of emoji when directly
interacting with the syntactic structure (substitution)
compared to being an external congruent message.

Methods
Stimuli For Experiment 2, we used the 32 base sentences
from Experiment 1, including the no-emoji and normal-noun

1

Burger King: http://shortyawards.com/8th/burger-king-chickenfries-emoji-campaign
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2

IKEA: http://www.ikea.com/nl/nl/campagne/emoticons.html

conditions. To these, we added conditions which moved the
“noun emoji” to the end of the sentence, and also used a brand
logo, which appeared either as a replacement for a noun or at
the end of the sentence (Table 2). Brand logos were well
known in the Netherlands, and included Burger King, Apple,
Starbucks, KLM, and Shell Gas, among others. These logos
were balanced with emoji of a burger, a computer
(resembling an iMac), coffee, an airplane and a gas pump,
respectively. These stimuli were counterbalanced into 8 lists
with those from Experiment 1 using a Latin Square design
such that no sentence appeared twice to a participant.

sentences (p<.001), and emoji at the end were in turn higher
than logos at the end (p<.001).

Table 2: Example sentences used in Experiment 2
Within-sentence
End of sentence
No
John loves eating
John loves eating pizza
emoji pizza every Friday.
every Friday.
Emoji John loves eating 🍕
John loves eating pizza
every Friday. 🍕
every Friday.
Logo

John loves eating
every Friday.

Figure 4: Reading times to critical positions in
Experiment 2. Error bars depict standard error.

John loves eating pizza
every Friday.

Participants The same participants took part in Experiment
2 as Experiment 1.
Procedure The same procedures were used in Experiment 2
as Experiment 1. At the end of the experiment participants
viewed a list of 44 logos including those that appeared in the
experiment along with filler logos. They were asked to
identify which logos they viewed in the experiment.
Data Analysis The same analysis methods were used in
Experiment 2 as Experiment 1.

Results
A 2 (Position: Noun, End) x 3 (Type: No-emoji, Emoji, Logo)
repeated measures ANOVA was used to analyze reading
times of words and images in sentences. For the no-emoji
condition at the “end of sentence” position, we analyzed
reading times to the final word of the sentence.
We found main effects for both Position, F(1,71)=17.13,
p<0.001, and Type, F(2,142)=104.07, p<0.001, along with an
interaction between them, F(1,128)=8.73, p<0.001. As in
Figure 4, these results arose because images at the end of the
sentence were viewed slightly longer than those within a
sentence, but both image conditions were viewed longer than
the no-emoji words, but did not differ from each other.
Though comprehension ratings on the whole were very
high for all sentence types (all above 4 on a 7 point scale; see
Figure 3b), they did differ overall, F(4,288)=11.2, p<.001.
The comprehensibility of sentences with no emoji did not
differ with any other sentence types (all ps>.316), except for
those with logos at the end (p<.001). Emoji and logos
substituted in noun position also did not differ (p=1.0).
However, emoji and logos substituted within sentences were
rated as more comprehensible than those at the end of the

Finally, we examined participants’ recall for which logos
appeared within or at the end of sentences. Participants
recalled logos that were substituted into sentences (M=0.93,
SD=0.16) almost twice as accurately as logos which were
placed at the end sentences (M=0.48, SD=0.01), t(71)=20.60, p<0.001.

Discussion
This experiment compared the reading times of words in
sentences with emoji and logos substituted for nouns, and
with those placed at the end of sentences. Though we found
that both emoji and logos were viewed longer than words,
consistent with Experiment 1, we found no difference
between the viewing times of emoji and logos. This implies
that both emoji and logos are semantically integrated into a
sentence in comparable ways, despite one being integrated
into messaging systems (emoji) and the other being tied to
specific branded items (logos).
Brand logos may be considered as categorically more
specific than the basic level categories conveyed by emoji
(e.g., Rosch, Mervis, Gray, Johnson, & Boyes-Braem, 1976),
and yet do not differ in reading times integrated into a
sentence. It would be interesting to explore whether such
specificity would create an increased incongruity compared
to emoji when switched into non-noun positions (as in
switched verb position in Experiment 1).
We also found that images at the final position were read
significantly longer than those substituting for words. This is
interesting, because emoji are commonly placed at the end of
sentences in online communication (Cramer et al., 2016;
Kelly & Watts, 2015; Markman & Oshima, 2017; Zhou et al.,
2017). One possible reason for the slower emoji at the end of
a sentence could be that they are involved in a sentence wrapup effect (Rayner, Kambe, & Duffy, 2000). However, no
such slowing was found in the final word of sentences,
implying that a wrap-up alone is not at work. Rather,
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sentence-final images may trigger a reanalysis of the sentence
relative to that image, seeking to form connections between
the emoji or logo with the prior meaning in the sentence,
rather than integrating it into a grammatical context, like the
final word of the sentence.

General Discussion
This experiment examined the word-by-word processing of
sentences involved in multimodal interactions with images
like emoji or logos. On the whole, we found that there was a
processing cost evident in the moment-to-moment reading
times of images substituted into sentences, which was greater
for those that were switched from semantically congruent
positions. This is consistent with research on sentence-final
substitutions of images for words (Federmeier & Kutas,
2001; Ganis et al., 1996; Nigam et al., 1992), though here we
show also that substitutions had downstream costs on
subsequent words in the sentence. However, these online
costs for “normal” substitutions of images replacing words
did not appear to negatively affect perceived
comprehensibility of sentences, also in line with previous
research (Potter et al., 1986). Here, we show that such
comprehensibility maintains in different substituted positions
(noun, verb) and with different types of images (emoji,
logos). Such results suggest overall that switches between
modalities may incur costs, but combined text-image
interactions allow for multimodal messages perceived as a
singular semantic expression.
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Abstract
This study reports one eye-tracking and one sentence
completion study investigating the antecedent biases of
Turkish-speaking L2 speakers of English, for anaphor it and
deixis this. Our results show L2 speakers displayed nativelike sensitivity to the type of antecedents while using it and
this in sentence completion, but this sensitivity was not
replicated in our online reading experiment. This shows
limitations in L2 speakers’ use of information in online
reading, and poor performance in making use of pragmatic
changes in context to track the antecedents of it and this.
Keywords: anaphora; demonstratives; processing; reading;
non-native

Referential Expressions: It vs. This
An addresser’s choice of anaphor it and deixis this is not
arbitrary (Çokal, Sturt & Ferreira, 2016; Çokal & Sturt,
2017; Kaiser & Trueswell, 2008; Webber 1991). When an
addresser utters, “It was a fearsome fortress…” in [1a] or
“This was a fearsome endeavour…” in [1b], the types of
referent(s) to which the addresser refers play a role in
his/her choice of referring expression, since they are
encoded with different procedural instructions and direct an
addresser’s attention to different aspect(s)/part(s) of
discourse (Çokal et al., 2016; Çokal & Sturt 2017; Cornish,
2008; Fossard, Garnham, & Cowles. 2012; Kaiser &
Tueswell, 2008; Webber, 1990).
(1a) The Emperor built a huge castle. It was a fearsome
fortress and won the emperor great fame
(1b) The Emperor built a huge castle. This was a fearsome
endeavour and won the emperor great fame.
While this in [1b] refers to a proposition/predication or
event (i.e., a non-NP referent) in the previous
clause/sentence, it refers to a concrete entity (i.e., a noun
phrase (NP) referent) (Webber, 1990; 1988): It refers to a
huge castle built by the Emperor in [1a]), in [1b] this refers
to a proposition (i.e., The Emperor’s building a huge castle).
According to some authors, the selection of referential
expressions also depends on the cognitive effort the
addresser urges the addressee to devote to disambiguate it
and this (Maes, 1997; Webber 1988). Compared with it in
[1a], this is preferred for extra cognitive processing: ‘This –

The Emperor’s building a huge castle – was a fearsome
endeavour.’ The inserted part is a proposition formed by
combining a subject (i.e., the Emperor) with the following
predicate. This reconstructive process of binding a subject
and predicate, arguably involves extra processing
complexity (Çokal et al., 2016; Çokal & Sturt, 2017).
Our previous research (Çokal et al., 2016) tested (1)
whether it and this are preferred as referents for different
types of antecedents (i.e., a non-NP/proposition vs. concrete
entity/NP), (2) whether this information is used on-line in
the reference resolution process, and (3) whether an
addresser has the same referent choices in the production of
these anaphoric expressions. In the eye-tracking experiment,
Çokal et al. (2016) demonstrated that native speakers of
English showed more processing difficulty (reflected in
longer reading times) when it referred to a proposition than
when this referred to a proposition, with a reverse effect
when it or this referred to a concrete entity. Similarly, in the
sentence completion experiment, native speakers of English
used it or this depending on the type of referent, with this
being more likely to refer to a proposition and it to a
concrete entity (NP). Overall, our results show that the
processing and use of anaphoric expressions is affected by
the interaction between the lexical characteristics of
referential forms and different types of referent, possibly
reflecting referent complexity.

L2 Speakers’ Anaphor Perception
L2 speakers (i.e., non-native speakers) have previously
been found to employ different processing strategies from
L1 (i.e., native speakers) in processing of anaphors and
demonstratives (e.g., for review see Cunnings, 2017;
Cunnings, Fotiadou, & Tsimpli, 2017). Such L2 processing
differences may not be related to similarities or differences
in anaphor systems. Even though Dutch and German have
typologically close anaphora systems, low proficiency
Dutch learners did not have asymmetrical antecedent
preferences for personal pronouns or demonstratives (Ellert,
2013). Not surprisingly, since English and German have
different parameters for anaphors and demonstratives,
advanced non-native speakers of German show no clear
1
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preference regarding the referents of demonstratives or have
a weak preference for the subject reference over the object
reference for both pronouns/demonstratives (Wilson, 2009).
The possible underlying reasons for these differences may
not be L1 proficiency or L1 and L2 typological
similarities/differences, but might be attributed to: (1) L2
speakers not using pragmatic or discursive information
when selecting an anaphoric expression; (2) L2 speakers’
not drawing on explicit grammatical knowledge during
processing (Clahsen & Felser, 2006; Papadopoulou &
Clahsen, 2003), or (3) the poor real-time coordination of
anaphoric choices and changing pragmatic conditions in
context (thus irrespective of L1 properties) (Roberts et al.,
2008). Overall, L2 speakers have a processing disadvantage
compared to L1 speakers.

Current Study
The current study is a replication of Çokal et al. (2016)
but with Turkish L2 speakers of English. The aim is to
deepen our understanding of L2 speakers’ production and
comprehension of referential expressions, and preferences
for the antecedents of it and this. This study provides
cross-linguistic online/offline data of a less studied nonnative speaker group, namely Turkish speakers. Based on
the L2 literature, we predicted that advanced Turkish L2
speakers of English would have different ambiguity
resolution strategies and antecedent biases than English L1
speakers, even though both have similar sensitivity to
pragmatic distinctions encoded by referential
expressions (discussed below).
To investigate this, we ran an eye-tracking reading
experiment to index L2 readers’ use of information during
comprehension, and a sentence-completion experiment to
explore L2 writers’ focus of attention and antecedent
preferences regarding information structure without time
pressure (Çokal & Sturt, 2017). Our previous studies have
shown the sentence-completion method to be a reliable
measure for antecedent preferences (e.g., Çokal, Sturt &
Ferreira, 2016; Çokal & Sturt, 2017). In addition, L2
speakers who perform in a non-native-like way on online
tasks often show a native-like bias in offline tasks (Clahsen
& Felser, 2006). Therefore, there is a need to examine L2
anaphora comprehension and production models in both
cognitive domains.

Experiment 1
This current study’s experiment 1 replicated (using L2
speakers of English) Çokal et al.’s (2016) experiment 1,
with L1 speakers.

We designed a 2 × 2 within subject experiment, crossing
two levels of referring expression (it vs. this) and two levels
of referent type (reference to an NP vs. proposition).1 We
manipulated the antecedents of it and this by using
referential expressions after it and this (e.g., job or book):
Conditions 1 and 2: it/this referring to the proposition:
Charlotte wrote a book. It/This was a difficult job but the
sales were spectacular.
Conditions 3 and 4: it/this referring to the concrete entity:
Charlotte wrote a book. It/This was a difficult read but the
sales were spectacular.
(Çokal et al., 2016, p. 276)
Disambiguators such as job or book were used. The
disambiguating NP referred to the proposition/non-NP
expressed by the previous sentence (e.g., This/It was a
difficult job – referring to Charlotte’s process of writing a
book) or to the concrete entity/NP in object position in the
previous sentence (e.g., This/It was a difficult read –
referring to a book). We predicted that if L2 readers exhibit
a preference for it when referring to a concrete entity, and
this to a proposition, then – other things being equal –
processing difficulty should be greater when the proposition
is referred to with it, than with this, with the reverse pattern
for the concrete entity. This interaction should be observed
at the disambiguating region where L2 readers first
encounter the disambiguating information. If L2 readers refixate on the context sentence after disambiguation, then the
interaction will be found in the context region in secondpass reading time and total time, since these measures
include refixations after the reader has progressed beyond
the analysis region. All these would match L1 reader
patterns reported in Çokal et al. (2016).
Overall, this antecedent preference should result in an
interaction between the two experimental factors of
referring expression (it vs. this) and referent type (concrete
entity vs. proposition). In the L1 experiment (Çokal et al,
2016), this interaction was found in the context region in
second-pass and total reading time. It was also observed
where a reader first encounters the disambiguating NPs (i.e.,
job/book). In this design, because of length and frequency
differences between this and it, the main effect of referential
expressions in the anaphor region is not interpretable.
Turkish Referential Expressions
A basic understanding of the Turkish referential system
helps explain how correspondence of referential expressions
works in Turkish and whether L2 speakers’ processing
difficulties are attributable to the Turkish anaphora system.
Turkish translations of our stimuli2 (see below) show the
correspondence of this would be bu, while the
correspondence of it would be a pro-drop. Similar to
English, the use of Turkish referential expressions is also
sensitive to pragmatic distinction encoded by pro-drop (i.e.,
1
L2 speakers show effects in different measures and/or
different regions from L1 speakers, so it is difficult to compare
eye-tracking data. Therefore, the combined analysis of L1 and
L2 speakers was not performed.

2
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it) and bu (i.e., this). Note: a concrete entity is most often
referred to with a pro-drop, whereas a proposition is referred
to with bu.
Condition 1: it referring to a proposition: Charlotte bir
kitap yazdı. Ø Zor bir işti ama satışlar harikuladeydi.
Condition 2: this referring to a proposition: Charlotte bir
kitap yazdı. Bu zor bir işti ama satışlar harikuladeydi.
Condition 3: it referring to a noun phrase: Charlotte bir
kitap yazdı. Ø Okunması zor bir kitaptı ama satışlar
harikuladeydi.
Condition 4: this referring to a noun phrase: Charlotte bir
kitap yazdı. Okunması zor bir kitaptı bu ama satışlar
harikuladeydi.
If Turkish speakers perform as L1 English speakers, then
overlapping features in L1 and L2 will facilitate their
processing. However, if they employ shallow processing,
this is due to poor real-time coordination of anaphoric
choices and changing pragmatic conditions in context
irrespective of L1 properties.
Types of referents of it and this are not taught explicitly in
language class, but Middle East Technical University
(METU) proficiency tests require students to identify
antecedents of this and it in reading texts.

Methods
Participants
The study’s participants were forty paid Turkish nonnative English-speaking METU students (ages 21-24, M =
22; SD = 1.126) all unaware of the study’s purpose. These
L2 speakers were either third- or fourth-year English
language teaching students who had passed the METU
English proficiency exam (listening and writing) at the
beginning of their university education. The mean
proficiency exam score was 80, equivalent to a 102 TOEFL
(IBT) or 7.5 IELTS score, and indicative of an advanced
level of English proficiency. In addition, participants rated
their English speaking, comprehension, writing, reading,
and grammar skills as advanced, and also reported English
was their most frequently used language when reading
books, watching films, or sending Facebook messages. They
were not advanced or intermediate non-native speakers of
any other languages.
To date, studies on demonstratives and anaphora show
non-native speakers with advanced English skills still have
difficulty using anaphors (Blagoeva, 2004; Çokal & Ruhi,
2006; Niimura & Hayashi, 1996; Wilson, 2009). Therefore,
only advanced non-native speakers of English were included
in this study.
Apparatus
We used an Eyelink 1000 eye-tracker and monitor (SR
Research Ltd, Ottawa, Canada) in tower-mounted mode,
with a chin rest to stabilize a participant’s head.

Materials
Following a Latin Square procedure, the forty stimuli
were distributed into four lists, in which each item appeared
in only one condition and each condition appeared an equal
number of times. Each list was assigned to ten participants.
There were 60 fillers and eight practice items, all of which
were similar in length to the experimental sentences. Filler
sample: (1) Vicky opened her bag and realized that she had
forgotten to put her towel in it.
The texts were presented on one or two written lines.
Each line had between 75 and 100 characters. It and this
always appeared near the middle of the line. In addition to
the authors, two native speakers of English checked the
stimuli and confirmed anaphoric relations in the stimuli.
Procedures
We presented 108 texts in Times New Roman 18 font, in
fixed random order, with no two experimental items
adjacent. The experiment began with eight fillers to
familiarize participants with the experimental procedure.
While viewing was binocular, only the right eye was
tracked. Items appeared on a 19” monitor approximately 70
cm from a participant’s eyes. In order for the experimenter
to check the calibration of participants’ eyes, before each
item the participant fixated on a black square. After reading
each item, the participant pressed a button to end the
sentence. For 50% of items, a comprehension question then
appeared, which the participant answered by pressing a
button on the left or right side of the button box.
Comprehension questions (true/false and yes/no) never
probed the referents of it/this. Data were collected in similar
settings in to the study conducted in Scotland, reported by
Çokal et al (2016). After the experiment, L2 speakers were
provided with a list of words (including words used in the
stimuli) and asked if there were any words they did not
know. They reported knowing 95% of the listed words.
Data Analysis
Texts were divided into 5 regions defined in Table 1.
Below, we will report data for the context, anaphor and
disambiguation regions. Fixations of less than 80, or more
than 1200 ms, were excluded from analysis. All participants
scored at least 90% correct in their answers to the
comprehension questions.
Table 1. Analysis regions in experiment 1.
Region
1: Context
2: Anaphor
3: Disambiguation
4: Spillover
5: Final
Critical regions are 1–3.

Sample Stimulus
Charlotte wrote a book.
It/This was
a difficult job/read.
but the
sales were spectacular.

2
Eight native speakers of Turkish checked and approved the
translations of the conditions in Turkish: several of these speakers
were linguists working on Turkish.

3
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Results
We report results for regression path times (the sum of all
fixations from the first entry into the region from the left,
until the first fixation to a later region), second-pass reading
times (i.e., The sum of all fixation durations following the
first exit of the region either to right or left.), and total
reading times (i.e., The sum of all fixations in the region,
reflecting overall processing.). Regression path time was our
measure of early processing, as this reflects the fixation
behaviour that immediately follows the reader’s initial
inspection of a given region. In the analysis, we removed
zeros from regression path times, and such trials were
treated as missing data. On the other hand, for second-pass
reading time, where a region was not re-fixated, this
contributed a value of 0ms, as these zero values are
meaningful (a region did not require a second pass). For
total reading time, regions with no fixations in any given
trial were treated as missing data and removed from total

reading time. All analyses were conducted using linear
mixed effects regression (LMER) and the lme4 R package.
An additional package (plyr) was used to compute p-values.
For each region and measure, an LMER model,
incorporating all fixed effects and their interactions in a
single step, was constructed. Factor labels were transformed
into numerical values and centered prior to analysis, to have
a mean of 0 and a range of 1. The results provide
coefficients, standard errors, and t-values for each fixed
effect and interaction. All analyses reported below
incorporated crossed random intercepts for participants and
items. Random slope parameters (levels of referring
expressions) (e.g., it and this), two levels of referent types
(e.g., noun phrase and proposition), and the interaction in
the slopes (anaphor* referent_type+1|subject) were included
in the maximal model for both participants and items.

Table 2: L1 and L2 speakers’ means (standard errors) for second-pass and total reading times.

Second-pass reading times
It referring to a NP
This referring to a NP
It referring to a non-NP

Context
L1
L2
4561 (29)
666 (58)
1
488 (33)
604 (63)
6002 (37)
721 (82)

Anaphor
L1
L2
87 (12)
1275 (19)
175 (20) 1335 (16)
104 (17) 1106 (15)

Disambiguation
L1
L2
228 (29)
351 (46)
268 (34)
341 (47)
269 (36)
338 (49)

This referring to a non-NP 5212 (33)

678 (85)

159 (18)

1706 (21)

268 (36)

351 (42)

Total reading times
It referring to a NP
This referring to a NP
It referring to a non-NP
This referring to a non-NP

2293 (121)
2335 (110)
2348 (125)
2251 (112)

215 (20)
376 (26)
228 (23)
362 (28)

3987 (23)
5097 (25)
3668 (20)
5388 (27)

676 (30)
697 (34)
721 (38)
702 (39)

1050 (55)
1042 (53)
1044 (48)
1044 (53)

16443 (79)
16803 (99)
18004 (112)
16914 (89)

1

pairwise comparison of it/this referring to a NP: t (40) = .902, p >.05; 2 pairwise comparison of it/this referring to a non-NP:
t (40) = 1.997, p = .049; 3 pairwise comparison: t = .587, p >.05; 4 pairwise comparison: t = 1.545, p > .05; 5 pairwise
comparison: t(40) = -.687, p = p >.05; 6 pairwise comparison: t (40)= -3.536, p = .001; 7 pairwise comparison: t (40) = 5.812, p = .001; 8 pairwise comparison: t (40) = -8.465, p = .001.
L1 speakers
The predicted interaction between referring expression and
referent type was seen in regression path time in
disambiguation region (β = -92.52, SE= 34.33, t = -2.695, p
<. 05; it referring to a NP: M= 561, SE = 28 vs. this
referring to a NP: M= 616, SE = 35; it referring to a non-NP:
M= 620, SE = 31 vs. this referring to a non-NP: M = 585,
SE = 30) as well as second-pass (β = -111.49, SE = 48.00, t
= -2.312, p < .05) and total (β = -147.42, SE = 68.74, t = 2.113, p < .05) time in the context region. The means for the
interaction showed the predicted cross-over pattern, with (1)
longer reading times when it referred to a proposition (a
non-NP) than when this referred to a proposition and (2) the
reverse effect when it or this referred to an entity (see Table
2). Among measures showing an interaction, there were
significant pairwise comparisons for both second pass in the

context region and regression path in the disambiguation
region.
L2 speakers
In regression path times, for the disambiguation region,
there was a main effect of referential expression (β = -64.45
, SE = 31, t = -2.074, p < .05). The same region did not
reveal a main effect of referent type (β = 33.86, SE = 25 , t =
1.386 , p > .05) and an interaction between the two factors
(β = -69.96, SE = 46 , t = -1.537, p > .05; it referring to a
NP: M = 846, SE = 41 vs. this referring to a NP: M= 814, SE
= 33; it referring to a non-NP: M= 914 SE = 57 vs. this
referring to a non-NP: M = 814, SE = 34).
Second-pass and total reading times for the context region
did not reveal any main effects and/or an interaction
between the variables (second-pass reading times: second4
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pass reading: referential expressions: β = -52.51, SE =
40.79, t = -1.287, p > .05; referent type: β = 64.45, SE =
47.24, t = 1.364, p > .05; referential expressions x referent
types: β = 18.27, SE = 73.46, t = 0.249, p > .05; Total
reading times: referential expressions: β = -27.74, SE =
48.08, t = 0.577, p > .05; referent type: β = -11.93, SE =
48.17, t = 0.248, p > .05; expressions x referent types: β = 135.38, SE = 96.17, t = -1.408, p > .05). Second-pass
reading times for the anaphor region showed a main effect
of referential expression (β = 33.85, SE= 12.81, t = 2.642, p
< .05) and a significant interaction between the variables (β
= 50.64, SE = 21.39, t = 2.367, p < .05) (see Table 2).
References to a proposition led to shorter second-pass
reading times for it than this. Participants did not have a
strong preference for either this or it when referring to a
noun phrase. Total reading times for the same region
revealed an interaction with a similar pattern (β = 61.108,
SE= 26.488, t = 2.307, p < .05) as well as a significant main
effect of anaphor (β = 141.571, SE = 14.844, t = 9.537, p
<.05), again probably reflecting a length effect (total reading
times were shorter for it than for this). Neither main effects
nor the interaction between the variables were seen in the
disambiguation, and spill-over regions for regression path,
second-pass, and total reading times.
The results do not show evidence that L2 speakers use
native-like referent preferences for it and this. Although
there were interactions in total time and second-pass reading
time in the anaphor region, this effect was not found in any
other measure or region, raising the possibility that it may
be a Type 1 error, and even if this is a genuine effect, the
pattern of the interaction was opposite to that of the L1
English speakers reported in Çokal et al (2016).

Experiment 2
Experiment 2, in which we explored the role of referent
type in the use of it and this, used L2 speakers of English to
replicate Çokal et al.'s (2016) Experiment 2, which used L1
speakers. Previous studies have shown L2 speakers have
native-like preferences in sentence completion; therefore,
we explored whether our L2 speakers would also show
similar antecedent preferences to those of native speakers of
English, namely using it for references to a concrete entity
and this for references to a predicate/proposition.
Participants were given the sentences used in Experiment 1,
but, unlike in Experiment 1, the rest of the sentence after it
or this was left blank (see sample stimulus below).
1- Jenny felled the sapling. It/this……………….

reading and sentence completion
conducted at least 8 months apart.

experiments were

Materials and procedures
There were 40 experimental and 60 filler stimuli. The
experimental stimuli used context sentences from
Experiment 1. There were two types of referential
expressions (it and this) and this factor was manipulated
within items and subjects. Two versions of each sentence
and two files were constructed. In each file, each sentence
appeared in only one condition, but each condition appeared
an equal number of times. Sentences were presented in a
booklet in a fixed random order. Each participant was asked
to complete the stimuli sentences coherently.

Results
While coding sentence completions, we counted
participants’ antecedent choices for it or this (i.e., a concrete
entity or a proposition). We also coded pre-nominal uses of
this (i.e., this + Noun Phrase [NP]), cleft sentences with it or
unclear references as “other”. Subsequently, we excluded all
trials coded as “other” from further statistical analysis. Two
research assistants independently transcribed the data and
coded the continuations according to predetermined
categories. Any continuations that annotators did not
understand were excluded from data analysis. Figure 1
shows the relative proportions of references to an NP and
proposition for each referential expression.
Because this experiment’s data were categorical, the
statistical analyses in this section involved logistic mixed
effects regression,3 taking the condition (it vs. this) as the
fixed effect and including crossed random intercepts and
slopes for subjects and items.
L1 speakers: 18% of antecedents of this and it were coded
as “others”. L1 speakers had a strong preference for it when
referring to a noun phrase and this to a proposition/non-NP
(β = 3.44, Z= -8.133, p <.05; it: NP:67 % vs. Non-NP: 33%;
this: NP: 30% vs. Non-NP: 70% ) (see Figure 1).
L2 speakers: 14% of antecedents of this and it were coded
as “others”. Analysis yielded a significant effect of
referential expressions (β = 2.335 Z= -2.610, p <. 05).
Participants had a strong preference for it when referring to
an NP, it: NP:62 % vs. Non-NP: 38%; this: NP: 49% vs.
Non-NP:51%.

Methods
Participants
Participants included sixteen Turkish and sixteen English
native speakers of English. To prevent variability due to
participants’ knowledge of English, L2 participants were a
subset of Experiment 1. There was no bias in selecting these
16 participants in regard to proficiency, response accuracy
and processing performance during Experiment 1. The

3

The analyses were computed using the lme4 package in R: (see
http://lme4.r-forge.r-project.org). The official number of lme4 was
999375-35. R 3.0 for Windows was used.
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Figure 1. Proportion of NP or non-NP responses for each
referential expression.
References to a proposition/non-NP with this were slightly
more frequent than with it. L2 speakers showed a sensitivity
to different antecedent preferences for it and this. However,
their preference was stronger for it referring to a
NP/concrete entity than this referring to a proposition. The
interaction between the language groups and condition, β =
0.653, Z= 4.450, p <.05, showing that, although the L2
speakers showed qualitatively the same preferences as the
native speakers, this preference was not as pronounced as it
was for the L1 speakers.

General Discussion
Our previous study (Çokal et al., 2016) showed that native
speakers of English had different antecedent preferences for
it and this irrespective of task type (online reading or
sentence completion). However, in our study with Turkish
non-native speakers, while L2 speakers did not show strong
antecedent preferences in the eye-tracking reading
experiment (and, if anything the preference was the opposite
to those of L1 speakers), their biases matched those of L1
speakers in the sentence completion experiment. Supporting
previous findings, Turkish L2 speakers had native-like
referential dependency in sentence completion (i.e., offline
task) and non-native-like preferences in online tasks (i.e.,
eye-tracking reading) Clahsen & Felser, 2006;
Papadopoulou & Clahsen, 2003). The overall pattern of
findings might be attributable to poor real-time coordination
of anaphoric choices, changing pragmatic conditions in
context, and limited use of cues to resolve ambiguity among
L2 speakers.
Previous studies on L2 speakers’ online processing of
anaphors from a null subject language show contradictory
results. While Cunnings et al. (2017) showed L1 Greek
speakers of L2 English learners from a null-subject
language have nativelike referent dependencies in a non-null
subject L2, Roberts et al. (2008) demonstrated Turkish L2
Dutch speakers did not have native-like preferences for
overt Dutch pronouns. While these studies focused on
personal overt and null pronouns, we investigated a NP and
non-NP cases with it/this. Our online eye-tracking reading
experiment results are in line with Roberts et al. (2008).

Overall, we suggest our L2 speaker online preferences are
due to processing disadvantage (Roberts’ et. al, 2008),
which is attributed two factors: (a) exposure to L2 and (b)
proficiency. Even if L2 speakers frequently use the target
language for education purposes, computing predicatesubject relations requires rapid incremental processing and
thus requires naturalistic input exposure. Compared to the
UK participants, our L2 learners do not have enough
naturalistic input. In addition, while our L2 subjects are
advanced, perhaps rapid online processing requires a higher
proficiency level. Therefore, further research should be
conducted on the processing of highly proficient (e.g., nearnative) L2 learners who have studied abroad with resulting
high levels of exposure to naturalistic input.
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Abstract

formation is controlled for the participant. For example, literature looking at learning outcomes in the form of academic
achievement finds that positive affect (such as group membership) facilitates success (Roeser, Midgley, & Urdan, 1996),
while negative affect (such as performance anxiety) hinders
it (Linnenbrink, 2006; Pekrun, Goetz, Titz, & Perry, 2002).
However, in these studies, information is provided to the participant and there is no measure of the drive to explore and
resolve information to support learning.
In contrast to general positive or negative affective states,
some researchers have suggested that the state of awe links
to feelings of uncertainty and furthermore motivates a desire
to resolve uncertainty through exploration (Valdesolo & Graham, 2014). Here we investigate whether awe causes children
to explore more, and more variably, during play.

Affective states, exploration, and learning are tightly intertwined. For example, research has connected surprise to play
and learning in early development (Stahl & Feigenson, 2015),
but less is known about the potential impact of other affective states and how they might influence exploration and subsequent discovery. Given that past research has suggested that
awe may increase feelings of uncertainty and lead to pursuit
of cognitive accommodation in adults (Valdesolo & Graham,
2014), we posit that awe-induced uncertainty may similarly
lead children to think-outside-the-box and explore more during
play. In Experiment 1, we modify emotion-inducing videos
(Awe, Happy and Calm) and validate them on adult participants using the perceived self-size Circle Task (Bai et al.,
2017). In Experiment 2, children were presented with one of
the three videos and their exploratory play with a novel toy was
recorded. Results revealed both a significant effect of the manipulation (children associated with smaller selves in the Awe
condition) and also an influence of the videos on play. Children
in the Awe condition played more and explored more variably
than children in the control conditions. These results suggest
that awe influences motivation that increases variability and
discovery in exploration.
Keywords: Cognition; Discovery; Emotion; Awe; Development

Awe as an affective state

Introduction
A core component of active learning is the ability to identify
and explore in situations of high uncertainty, which generates evidence to support learning. Even young children seem
equipped to recognize and reconcile uncertainty, as play is a
natural expression of this active learning ability. For example, research has shown that children become more motivated
to playfully explore following uncertainty caused by conflicts with beliefs (Bonawitz, van Schijndel, Friel, & Schulz,
2012). Even infants increase information-seeking play behaviors in response to belief-violating events (Stahl & Feigenson, 2015). These results suggest an important role of surprise in driving exploratory play. However, children also explore more following uncertain events that are not necessarily
surprising. For example, Schulz and Bonawitz (2007) found
that preschoolers recognized causally confounded events and
were more motivated to explore given the uncertainty caused
by this confounding. These results raise the question of
whether other affective and motivational factors may lead to
increases in play given uncertainty.
A large body of literature that has looked at the effects of
emotion on cognition (such as attention and memory), but
this work has focused on how valence (either positive or negative) affects success in learning environments where the in-

Awe arises similarly to surprise, from an unexpected event. It
also resembles wonder or curiosity as it induces the salience
of a knowledge gap with a strong desire to acquire more information. Individuals induced with awe develop a stronger interest in the world around them that does not rely on their past
self-concept or personal goals (Keltner & Haidt, 1999; Zhang
& Keltner, 2016). Awe has been associated with both positive and negative states (Keltner & Haidt, 2003). We are interested in how awe may affect approach behavior, and therefore will be focusing on background and methods looking at
positive awe. Experiences of awe are defined by two main
components: perceived vastness of the world and an inability
to assimilate new information (Keltner & Haidt, 2003).
The experience of perceived vastness of the world comes
about during ‘larger-than-life’ events. It can be elicited across
many domains: from finding majesty in the natural environment or becoming confused by non-intuitive scientific theory.
This yields an expansion in size of the individual’s perceived
universe, relative to the persons self and self-concept (Zhang
& Keltner, 2016). Prototypical experiences of awe lead participants to define their presence as “small or insignificant,”
and leads to diminished self-size when compared to other
positive emotions (Shiota, Keltner, & Mossman, 2007; Bai et
al., 2017). Additionally, experienced awe also leads to feelings of “connectedness to the world” that are highly intense
and meaningful, implying disengagement from the self and
focus on the rest of the world.
The component of awe regarding an inability to assimilate
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new information is what differentiates it from similar epistemic states such as surprise. Those who are awestruck develop an awareness of a knowledge gap within the individual’s concept space (Valdesolo, Shtulman, & Baron, 2017).
Importantly, there is a failure to assimilate the new information presented by the awe elicitor into existing mental structures. This failure results in a need to restructure prior beliefs
(i.e. cognitive accommodation) to meet the demands of understanding the ‘awesome’ elicitor.
Since awe involves an experience of perceived vastness of
the world (and subsequent “smallness” of the self), this could
lead to a“more-than-it-seems” perspective that could affect
interpretation of new events. That is, inducing a state of awe
may lead to “carry-over” effects such that new experiences
are also interpreted as vast. Relatedly, if awe increases a need
for cognitive accommodation, this could lead to approachbehavior that could affect interest in new events. That is, inducing a state of awe may lead to increased exploration in
new learning environments as the learner is primed to reduce
uncertainty.

Awe and Cognition
Given the behavioral tendencies of awestruck individuals, it is
perhaps not surprising that it has been shown to influence various aspects of cognition. Inducing awe on participants leads
to reported altered perception of time and changes in decision
making (Rudd, D.Vohs, & Aaker, 2012). Specifically, Rudd
et al. (2012) found that awestruck individuals are more willing to volunteer their free time to help others and prefer novel
experiences over novel possessions when compared to those
in other emotion-induced groups. Furthermore, awestruck
participants are less impatient and claim to have more free
time available during the day to complete tasks. These studies displayed carry-over effects from the awe-eliciting video
stimuli to unrelated events, such that participants consciously
reported willingness to volunteer and take extra steps in the
unrelated situation despite no personal gain. In addition to
awe’s ability to promote altruistic behavior, inducing awe
may lead to parallel findings of open-mindedness in active
learning situations, such as increased exploratory behavior.
There are also strong claims of awe’s capability in endorsing use of new schema in the face of uncertainty from unexpected, new information and from information-rich environments (Keltner & Haidt, 1999; Shiota, Campos, & Keltner, 2003). In recent findings, experimentally induced awe
led participants to feel increased uncertainty in their judgments and decision making (Griskevicius, Shiota, & Neufeld,
2010). Participants were induced to either feel awe or a neutral state, then were read either a strong or weak persuasive
argument. Awestruck participants reported finding weaker
arguments less persuasive when compared to other participants. Furthermore, in a follow-up experiment, judgments
made by participants in the awe condition were found to be
partially mediated by decreased certainty as reported by certainty appraisals (Scherer, 1997) and demonstrated systematic cognitive processing represented by a higher number of

total thoughts preceding their final decisions. These experiments provide evidence of awe’s influence on cognitive accommodation. Notably, the awe-elicitor involved recollection
of a prior experience brought about by a prompt. This experience of awe was not directly related in content to the arguments evaluated by the participants. Therefore, Griskevicius
et al. (2010) have provided more evidence for awe’s ability to
redirect awareness away from the day-to-day concerns and to
facilitate attention towards new incoming information (Shiota
et al., 2007). Awe’s influence on information-seeking behavior in the form of accommodative (as opposed to assimilating)
schema could lend itself to increasing exploratory behavior in
new learning environments.
In what follows, we present two experiments focused on
awe and exploration. The first experiment with adult participants presents a verification of novel stimuli that induce awe
(as well as two control states, Happy and Calm)1 . In Experiment 2, we investigate whether awe (as compared to Happy
and Calm states) leads preschoolers to engage in greater exploration and discovery using a novel toy paradigm2 . Our
hypothesis posits that children in the Awe condition will perceive the world as larger than before and therefore explore
novel objects more in order to accommodate new information and reduce their uncertainty. Specifically, we predict that
children induced with awe will explore more than children
induced with other control emotions.

Experiment 1: Validation of Stimuli
In Experiment 1, we modified previously used videos reported to induce awe, happy, and calm states that corresponded with adult ratings of experiencing each state
(Valdesolo & Graham, 2014). Stimuli elicitors for the emotional categories (Awe, Happy and Calm) of these past videos
were created per the guidelines presented in Keltner and
Haidt (2003). The Happy and Calm elicitors serve as controls, to support the hypothesis that Awe specifically (rather
than general positive valence or general low arousal) induces
changes. Because we required that the videos be adapted for
use with children, we made the following changes: First, the
background music used in the Happy condition video was
changed. Second, videos were made to be notably shorter
(previously five minutes, now two-and-a-half minutes), with
some ”scenes” being completely cut or spliced as needed.
Third, all direct use of language (song lyrics or narration)
were removed to avoid potential influence of language in the
videos on later tasks.
Our goal was to create new stimuli for later use in eliciting Awe and Control states in preschoolers. To ensure our
modified stimuli successfully induced the target emotions, we
measured ’smallness of self’ using the Circle Task developed
and verified by Bai et al. (2017). Here, experimenters found
1 In past literature (for example, Valdesolo, Park, & Gottlieb,
2016), the Happy and Calm conditions were referred to as Amusement and Neutral, respectively.
2 This well established experimental paradigm is often used in
developmental studies of exploration, e.g. Bonawitz et al., 2011.
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Figure 1: Stimuli used for the Circle Task in Experiments 1
and 2, as well as the pointer (top-left) used with children in
Experiment 2.

that this pictorial measure was highly correlated with aspects
of induced awe (such as feeling small and feeling insignificant). This task serves as a potential method that will be applicable for preschoolers, in contrast to long-form questionnaires that may not be suitable for use with children. For
example, Shiota et al., 2007 use multiple surveys with many
questions which are difficult for preschoolers. Thus, in this
way our modified videos can be verified with a group of adult
participants for later use with child studies.

Participants
74 participants were recruited from Amazon Mechanical Turk
to participate in a short 4-minute study, and were each paid
$0.75 for participation. Each participant was randomly assigned to one of three different conditions (Awe, Happy or
Calm). We excluded 2 participants for failure to complete the
task. The final sample consisted of 72 participants, with 24 in
each condition.

Figure 2: In Experiment 1, adults participants rated their Perceived Sense of Self-Size using the Circle Task as smallest
following the Awe video as compared to the Happy and Calm
control videos.

concepts than those in other positive states, participants were
required to rate their size relative the rest of the world. Participants completed a forced-choice task where they were presented with seven circles (Figure 1), increasing in size from
left-to-right. Above the circles was the prompt: ”Pick the
circle that best represents how big you feel right now.”

Results and Discussion of Validation Study

Procedure
Each participant was randomly assigned to one of the three
emotion-video conditions after providing consent. Each participant was instructed to ensure that their device’s sound was
turned ”On” and to make sure that they pay close attention
to the video. Participants watched the video, followed by a
sound-check asking if they had their sound turned on.
For the Awe condition, clips from the BBC’s Planet Earth
were used. The video depicted scenes of nature (sweeping
shots of grand natural structures such as mountains, forests
and canyons), accompanied with a lyric-free version of Sigur
Ros’s Hoppipolla. For the Happy condition, clips from
BBC’s A Walk on the Wild Side were used, depicting animals in natural settings performing comedic actions (such
as falling down or ”dancing”), accompanied by a lyric-free
Benny Hill’s Yakety Sax. For the Calm condition, a video
containing mundane interactions between small animals in
nature from (The Odd Couple) was shown, removing the
original narration, accompanied by Kevin MacLeod’s Hidden
Agenda.
To replicate past findings, we used the ‘Symbolic self circle’ task from Bai et al. (2017) (referenced as Circle Task,
henceforth) to measure individuals’ perceived sense of selfsize. Following the finding by Valdesolo and Graham (2014)
where individuals experiencing awe reported smaller self-

We compared size ratings from the participants across the
three conditions using a one-way ANOVA, revealing significant differences between the groups (F(2, 69) = 6.85, p <
0.01, ω2 = 0.14; Figure 2). Follow-up Tukey tests revealed
that the mean choice of the Awe conditions (M = 3.54) differed significantly from the Happy (M = 5.2) and Calm (M =
4.79) conditions, such that participants reported feeling significantly smaller following the Awe video, (Awe vs. Happy,
t(46) = -3.14, p < .01, d = 1.02; Awe vs. Calm, t(46) = -2.56,
p < .05, d = 0.76). The Happy and Calm conditions did not
significantly differ from each other, t(46) = 1.12, p = .13, d =
0.25.
Our goal in Experiment 1 was to validate new stimuli such
that we could successfully induce target emotions in a manner
similar to that in past research. Our validated stimuli further
allowed us to reduce the length of the videos, mitigate potential cognitive interference from use of language and maintain
within-domain content (nature). We also ensure the reliability of a simpler reporting method for use with children, as
past research has used longer questionnaires that may not be
suitable for use with younger populations. These validated
stimuli can now be used to investigate the role of inducing
awe in younger participants.
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Figure 3: Novel Toy used with children in Experiment 2.
The Key Function (Happy-Face Slide Whistle) is highlighted.
Other possible actions included actions that could be seen as
an attempted “intervention such as turning the green knobs to
see if they activate lights, looking through a magnifying glass,
or taking the entire box and shaking it. The largest number
of unique actions that could be performed was approximately
30.

Experiment 2: Effects of Awe on preschooler’s
exploration of a novel toy
In Experiment 2 we investigate whether awe leads preschoolers to engage in greater exploration, as shown through play
with a novel toy. If inducing awe causes perceptions of vast
possibilities and increases drives to reduce uncertainty, then
children may perceive the toy as potentially containing more
discoverable functions and be more motivated to explore.
Thus, we proceed with the a priori hypothesis that children
in the Awe condition would show more variable exploration
than children in the Happy or Calm conditions.

Participants
Preschool-aged children participated at local area preschools.
Of the 100 participants, 9 were excluded from final analysis
as a result of sibling, cohort, or caretaker interruption (n = 5)
or refusal to play with the toy (n = 4). Therefore, our final
sample consisted of 91 preschool-aged children (Mage = 56
months, range = 48 - 70 months, 50 females).

Procedure
Each participant was tested individually and randomly assigned to one of three different conditions: 31 in the Awe
condition, 30 in the Happy condition and 30 in the Calm condition. In all conditions, the experimenter introduced the children to the Circle Task stimuli (Figure 1) and taught them how
to use the stimuli. They then received a memory check before
continuing the experiment (locating the smallest, biggest and
’not-too-big, not-too-small’ circles). To complete the task,
children were presented with a pointer (Figure 1) and asked
to place and leave the pointer on the circle best representing
their answer to the experimenter’s questions. Children were
asked the memory check questions until successfully providing correct answers for each location on the stimuli.
Then, one of the three emotion-eliciting videos from Ex-

Figure 4: In Experiment 2, preschoolers’ rated their Perceived
Sense of Self-Size via the Circle Task as smaller in the Awe
condition as compared to the Happy and Calm control conditions.
periment 1 was used to induce one of three target emotions in
the participants. All children viewed the videos on a 15-inch
Windows Laptop Computer. Prior to beginning the video, all
children were told “Alright! Now, we’re going to watch a cool
video about nature! Make sure to pay close attention!” Children were also asked if they could see the screen and hear the
music within the first five seconds of the video. Children then
rated their own size relative the rest of the world, while considering the content of the watched video, being asked “Now,
let’s think about the video we just watched. Could you take
this pointer and show me which circle best shows how big or
small you feel right now?”
The experiment then moved onto the Exploratory Play task
involving a novel toy (Figure 3) and a pedagogical demonstration (“Look, my toy can make a noise!”) while the experimenter pulled on a slide whistle with a happy-face knob
attached. After the demonstration the experimenter said,
“Okay, now it’s your turn to play with the toy. Go ahead
and see if you can figure it out. I’m going to write something down over here, but you can let me know when you
are all done!” If children stopped playing with the toy for
more than 15 seconds, the experimenter prompted “Are you
all done or would you like to play longer?” If children asked
to play longer but again stopped interacting with the toy for
15 seconds, the experimenter returned to the table and the
study ended. If children continued to play with the toy without stopping, the study was ended after seven minutes of play.

Results
Two coders watched videos to record the amount of time
spent playing with the toy as well as the number of unique
actions on the toy. Inter-rater reliability was high for coded
actions (r(89) = 0.86, p < 0.0001) and high for playtime
(r(89) = 0.97, p < 0.0001). Planned contrasts are the main
analysis and used for all reported results due to the a priori
hypotheses. We formalize our predictions such that the Awe
condition will differ from both the Happy and Calm condi-
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Figure 5: Children in the Awe condition (n = 31) showed
marginally more variable play with the novel toy compared
to children in the Happy and Calm conditions (n = 30, each).
Additionally, the subset of children identified as ”successfully
induced with Awe” (n = 17, dashed red box) showed significantly more variable play compared to control conditions.
tions, but that these two control conditions would not differ
from one another; thus the analysis was conducted with the
weights 1, -0.5 and -0.5, respectively. Significance indicates
a difference between the Awe and control conditions, but no
difference between the controls (Happy and Calm).
Perceived Self-Size Assessment Our first measure required
validating that the videos induced awe as found in adult participants in Experiment 1. Comparing the size responses on
the Circle Task revealed non-significant differences among
the three conditions, via one-way ANOVA (F(2, 88) = 1.46,
p = 0.23, ω2 = 0.01; see Figure 4). However, our analysis via planned contrasts yielded significant results between
the Awe and Control conditions (t(88) = -1.62, p = 0.05, d
= 0.35). Specifically, children in the Awe condition reported
significantly smaller self-perceptions than children in either
the Happy or Calm conditions.
Playtime Our first question was whether children in the
Awe condition played longer (M = 291 seconds) on average
than children in either the Happy (M = 254 s) or Calm (M
= 261 s) conditions. Although there were no significant differences in the total seconds of playtime between the Awe
and Control conditions (t(88)=0.98, p = 0.16, d = 0.21), we
suspected that this was due to the unusually high number
of children “maxing” out the allotted 420 seconds of playtime. Indeed, comparing the number of children that reached
the maximum amount of playtime in the awe condition (n
= 17 (55%)) to the other two conditions (n = 10 (33%) and
n = 8 (26%), respectively) revealed marginally significantly
more children were playing in the Awe condition for the max
amount of time (χ2 = 5.61, p = .06).
Actions Children in the Awe condition were marginally
more likely to explore the toy more variably than children
in the control conditions, (t(88) = 1.45, p = 0.07, d = 0.32;

Figure 6: Spearman Rank Correlation. The degree of Awe
induction (as measured by the circle size score) negatively
correlated with the variability of actions during free play with
the novel toy for children in the Awe condition.

see Figure 5). In fact, in the Awe condition, the degree to
which Awe was induced via the circle task score significantly
correlated with the variability of play (rs = -0.41, t(29) = 2.43, p = 0.01). Children who were induced to feel more awe
(as measured by smaller circle ratings) explored the toy more
variably. (See Figure 6). Notably, there were several children for which the awe induction may not have worked as
evidenced by their choice of the maximally large circle 7 (all
but one other child in the Awe condition only chose circles
1 through 5). Follow-up comparisons between these induced
children (n = 17) and children in the control conditions revealed significant differences between this Awe subset and
control conditions, (t(74)=2.17, p = 0.01, d = 0.59).

Discussion
While past research has connected the role of states such as
surprise to learning (Stahl & Feigenson, 2015), there is less
research looking at how other affective states may contribute
to learning. Relatively few studies investigate awe and cognition, and particularly few focus on children. We set out to
investigate whether inducing awe in children led to greater
exploration and discovery. In Experiment 1, we modified
emotion-inducing videos (Awe, Happy and Calm) and validated them on adult participants using the perceived selfsize Circle Task (Bai et al., 2017). In Experiment 2, children
were presented with one of these videos and their exploratory
play with a novel toy was recorded. Our results support our
hypothesis, displaying differences when comparing the Awe
conditions to the other two groups: children associated with
smaller selves in the Awe condition and children who experienced awe explored more variably than their cohorts. These
results suggest that awe may be linked to drives that increase
uncertainty and also the motivation to resolve it.
One limitation of our study results from the lack of significance when comparing the averages across conditions for
total time playing with the toy. We posit that this was a limitation of our experimental design, as evidenced by the over-
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all number of children (35 out of 91 participants (38.4%))
who reached the maximum amount of playtime but were interrupted and had the toy recollected by the experimenter.
Given that more of the children in the Awe condition reached
the maximum playtime compared to the two controls, and the
fact that there was a (non-significant) trend towards a higher
average playtime within the Awe condition, we suspect that
awe does increase motivation as measured by total play time.
Nonetheless, future work should allow for longer exploratory
periods to mitigate ceiling effects.
Our results lend themselves to future work looking at affective states and their roles in different aspects of learning
and motivation. This includes investigation of other cognitive
behaviors in children, such as in decision making paradigms
(i.e. probability inferences and risk taking behavior) or as
teaching tools (i.e. in assessing what kinds of events may
elicit awe in children, such as pedagogical questions (Yu,
Bonawitz, & Shafto, 2017)). Additionally, further work could
look into how affective states induced naturally may affect
children’s performance on cognitive tasks. With adults, common methods used in both measuring and inducing awe involve collecting reports of actual exposure to nature environments (Griskevicius et al., 2010; Valdesolo & Graham, 2014),
in-lab priming with videos of vast natural scenes or promptinitiated recollections of awe-inducing experiences (Zhang &
Keltner, 2016). Children may be more or less predisposed to
experience awe (especially in particular domains), and developmental differences may reveal important insights about this
affective state.
Taken together, our results provide a first glimpse at the
relationship between active learning and affect. Specifically,
our results suggest that awe may influence perceptions of uncertainty and motivate reconciliation, leading to greater exploration and discovery in children’s play. While play may
be awesome, we believe awe can also be playful.
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Abstract
Information initially presented as a likely cause of an event
but turns out to be incorrect can affect people’s reasoning
despite being clearly corrected – a phenomenon known as the
continued influence effect of misinformation. The present
work extends previous findings showing that misinformation
that implies a likely cause of an adverse outcome is more
resistant to correction than misinformation that explicitly
states a likely cause. Participants either read a report
describing a fire or a crash. The difference between implied
and explicitly stated misinformation was replicated with the
fire scenario, which has been commonly used in continued
influence research. There was little evidence of a continued
influence of misinformation for the (novel) crash scenario.
The results constrain the generalizability of the continued
influence effect and suggest that corrections that clearly
invalidate initial misinformation can be effective.
Keywords: Misinformation; Continued Influence;
Correction; Reasoning; Inference; Memory

Introduction
Misinformation often has a lasting effect on people’s
judgments and decisions despite being unequivocally
retracted. A prime example of this is the widespread belief
in the discredited claim that the MMR vaccination causes
autism (Horne, Powell, Hummel, & Holyoak, 2015). The
harmful effects of misinformation and ineffectiveness of
attempts to correct mistaken beliefs have become a great
concern for contemporary society (see Cook, Ecker, &
Lewandowsky, 2015; Lewandowsky, Ecker, & Cook, 2017
for recent discussions).
Decades of laboratory research have shown that
corrections often fail to eliminate the effects of
misinformation (see Lewandowsky, Ecker, Seifert, Schwarz,
& Cook, 2012 for review). The continued influence effect of
misinformation refers to the consistent finding that
information initially presented as true but later shown to be
false1 continues to influence beliefs and reasoning despite
clear and credible corrections (e.g., Ecker, Lewandowsky,
Swire, & Chang, 2011; Ecker, Lewandowsky, Swire, et al.,
2011; Johnson & Seifert, 1994; Rich & Zaragoza, 2016).
In a typical experimental task, participants read a fictional
account of an unfolding event containing a series of
individually presented statements (e.g., a fire at a
warehouse). A piece of target (mis)information that
provides a likely cause for the outcome of the event (e.g.,
carelessly stored oil paint and gas cylinders were on the
1

The term misinformation is used throughout to remain
consistent with the literature on this topic.

premises), is presented but later corrected (i.e., the initial
information is identified as being incorrect), or remains
uncorrected. After reading all the statements, participants’
inferential reasoning and verbatim memory for the story are
assessed through a series of open-ended questions.
Responses to inference questions are coded according to
whether they are consistent with the explanation implied by
the target (mis)information (e.g., “exploding gas
cylinders”), or not (e.g., “faulty wiring”). The sequential
nature of the experimental task (i.e., serial presentation of
misinformation) resembles rolling news coverage.
The typical finding from continued influence studies is
that misinformation continues to influence people’s
inferential reasoning even though they clearly understand
and remember that the information was corrected (Johnson
& Seifert, 1994), even when given prior warnings about the
persistence of misinformation (Ecker et al., 2010). Although
the correction usually does have some impact, reliance on
misinformation is typically halved compared to uncorrected
control group, the misinformation is still referred to
significantly. The fact that corrections are often ineffective
at ‘removing’ misinformation from people’s understanding
of events, emphasizes the need to identify factors that
contribute to the continued influence effect.
There are two leading cognitive explanations for the
persistence of misinformation following a correction.
According to the selective retrieval account, the continued
influence effect occurs when both the correct (i.e., the
correction) and incorrect (i.e., misinformation) are stored in
memory simultaneously, and misinformation is activated
but insufficiently suppressed (Ecker, Lewandowsky, Swire,
et al., 2011). Conversely, the model updating account
maintains that people construct a mental event model ‘on
the fly’ that is continually updated when new information
becomes available. Invalidating a central piece of
information (i.e., a likely cause of the event) leaves people
with a gap in their model. People prefer a coherent but
incorrect model to a correct but incomplete one and
therefore maintain the invalidated information (Ecker,
Lewandowsky, & Apai, 2011; Johnson & Seifert, 1994).
Following this line of reasoning, maintaining invalid
information is sensible; an incomplete model has no
inferential power (i.e., it is a busted flush) whereas a
complete – but erroneous – model at least allows inferences
to be made (see Mercier & Sperber, 2017 for a related view
on the purpose of reasons).
Support for the model updating account comes from the
well-established finding that providing an alternative
explanation for the outcome of the event (e.g., arson
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materials were found in the warehouse) can help people
revise and update their initial mistaken account of what
happened by replacing the ‘gap’ left by invalidating
misinformation (e.g., Ecker, Lewandowsky, & Apai, 2011;
Ecker et al., 2010; Johnson & Seifert, 1994; Rich &
Zaragoza, 2016). Identifying factors that promote the
continuing influence of misinformation can contribute to
both to scientific theory and public policy.

Implied vs. Explicitly Stated Misinformation
One factor that has recently been shown to contribute to
the continued influence effect is whether misinformation
explicitly states or merely implies the cause of an adverse
outcome. Rich and Zaragoza (2016) gave participants a
report describing a theft of valuable jewelry from a couple’s
home while they were on vacation. Participants either
initially learned that the couple had asked their son to check
on the property while they were away or that police
suspected the couple’s son had taken the jewelry from the
house. In the former case the initial misinformation implied
the son’s involvement allowing participants to infer the
cause of the theft. In the latter case the cause was explicitly
stated. Later in the story, participants in the correction
condition learned that the son had actually been out of town
the theft occurred thereby invalidating the initial
misinformation.
When misinformation remained uncorrected, participants
made a similar number of references to implied and
explicitly stated misinformation. Although a correction
reduced reliance on misinformation, the correction was
more effective following explicit misinformation. There was
also a larger effect of correction for explicit misinformation
when the correction was paired with an alternative
explanation informing participants that the actual thief had
been caught.
Rich and Zaragoza (ibid.) argue that a likely explanation
for the findings is that participants who received implied
misinformation had to go beyond the available information
and infer a likely cause of the outcome because causal
relations between elements of the story were not explicitly
stated. Previous research has shown that readers generate
inferences between elements in the story when causal
relations between pieces of information are not explicitly
stated (e.g., Myers, Shinjo, & Duffy, 1987; Pennington &
Hastie, 1988). There is also some evidence that evidential
discrediting is less effective when people self-generate
explanations than when explanations are externally provided
(e.g., Davies, 1997).
Rich and Zaragoza acknowledged the limitations of the
findings because they were only obtained with a single news
story. Story content may interact with an individuals’ preexisting knowledge and beliefs moderating the effects of
implied and explicitly stated misinformation. For example,
Ecker, Lewandowsky, Fenton, and Martin (2014) found that
participants’ pre-existing attitudes (racial prejudice toward
an ethnic minority group) influenced how they used race
related information – although not processing of a

correction. For these reasons it is important to replicate
these findings with different stories in order to establish the
boundary conditions of the continued influence effect.
Accordingly, this paper’s aim is to replicate the finding that
implicit misinformation is more resistant to correction than
explicit misinformation with two different news stories
(event reports).
The present study used a ‘rolling news’ format to situate
the new stories in a familiar context. Rolling news coverage
is just one medium of information dissemination which can
proliferate the spread of misinformation. The format of
rolling news reporting aims to deliver developments in news
stories in real-time. This can result in piecemeal reporting.
As a result, news can be based on incomplete, mistaken, or
inaccurate information. Misinformation propagated in
quickly through live TV and internet coverage is not
corrected as quickly as it spreads (e.g., Starbird, Maddock,
Orand, Achterman, & Mason, 2014).
The structure of the event reports used here differed from
previous continued influence studies. The story in Rich and
Zaragoza’s study included additional information which
could be interpreted as diagnostic of cause implied or
explicitly stated by initial misinformation (e.g., Police are
still attempting to determine whether other valuables are
missing from the home. The television and home computer,
however, had not been disturbed) that the son broke into the
house. If the story includes information that lends credence
to misinformation this might increase the perceived veracity
of the misinformation and decrease the perceived veracity of
the correction. The fact that the additional event information
included in the present stories was designed to be nondiagnostic of misinformation could reduce reliance on
misinformation relative to Rich and Zaragoza’s results. In
addition to this change, the statement provided immediately
before initial misinformation included background or ‘base
rate’ information about common causes of the outcome
described in the story. This information was included in
order to increase the availability of other possible causes of
the outcome. If story content is related to misinformation
type, then the effectiveness of a correction to implied or
explicit misinformation will differ between event narratives.

Method
Participants
In total 168 were recruited but 53 participants who
answered any one of 3 instruction attention check questions
incorrectly were excluded prior to analysis. One-hundred
and fifteen participants recruited from Amazon Mechanical
Turk (67 female; age 38.06±11.25) were included in the
final analysis. Participants were paid $1.50 and took an
average of 18 minutes to complete the experiment. In
addition to the standard reward, participants were given the
opportunity to earn an additional $10 based on high
accuracy scores across instruction check and fact recall
questions.
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Messages 1-3: Event Information

Message 4: Base Rate Information

Message 5: Target (Mis)information
Implied Group

Message 5: Target (Mis)information
Explicitly Stated Group

Messages 6-9: Event Information

Message 10: Critical Information
No Correction Group

Message 10: Critical Information
Correction Group

Messages 11-12: Event Information

Figure 1 Schematic diagram of the version of continued influence effect task used in the present study. Messages
relate to the ‘van crash’ narrative. Messages 1-3 provide general information about the event beginning with the van
accident being reported. Message 4 provides (base rate) information about common causes of vehicular accidents.
Target (mis)information is presented at Message 5 and is then corrected for correction group at Message 10. The
‘warehouse fire’ narrative followed the same structure.

Stimuli & Design
The stimuli were generated in Qualtrics (Qualtrics, Provo,
UT). Participants read one of 8 versions of a fictional news
report that either described a fire at a warehouse or a van
crash, each consisting of 12 discrete messages. The ‘fire’
report was a modified version of stimuli used in previous
research (e.g., (Ecker et al., 2010; Johnson & Seifert, 1994).
The ‘crash’ report was a new story. The two event reports
were constructed to be structurally similar but superficially
distinct.
Fig. 1 illustrates how message content was varied across
experimental conditions, as well as the message presentation
format. The effect of correction information (No Correction,
Correction), Event Report (Fire, Crash), and Misinformation
(Explicitly Stated, Implied) on reference to target
(mis)information was assessed between groups; participants
were randomly assigned to one of the 8 experimental
groups.
The messages were presented in as ‘latest news’ in a
rolling news format that originated from the same fictional
news outlet; each message was no longer than 280
characters. Messages in the same position within the
sequence were matched for length across event narratives.
Each message appeared one at a time for a minimum of 5
seconds each; there was no maximum reading time.
Participants clicked a button to proceed to the next message;
they were unable to return and view previous messages.

The misinformation in the fire report (Message 5) either
implied (Fire Chief Lucas issues statement: “Cans of oil
paint and pressurized gas cylinders were present in
storeroom before fire”) or explicitly stated (Fire Chief Lucas
issues statement: “Investigation team suspect fire caused by
carelessly stored flammable liquids. Cans of oil paint and
pressurized gas cylinders were present in storeroom before
fire”). Message 10 varied depending on condition and either
corrected the target (mis)information (e.g., Correction from
Chief Lucas: No flammable items actually in storeroom. No
paint or gas had ever been present in the warehouse. We
apologize for our earlier error), or remained uncorrected
(e.g., Update from Chief Lucas: The warehouse employees
taken to hospital were treated for smoke inhalation and have
been released. Temporary accommodation is available for
evacuated residents). Additional information in the report
gave further details about the event that could not be
interpreted as evidence in support of the cause implied by
misinformation (e.g., Three warehouse workers working
overtime have been taken to hospital to be treated for smoke
inhalation). The only exception was Message 8 which could
be interpreted as an effect of the cause implied or explicitly
stated by the misinformation (e.g., thick, oily smoke +
sheets of flames hinder firefighter’s efforts, intense heat has
made the fire difficult to bring under control). The crash
report followed the same format and the content of the
messages can be seen in Fig. 1.
After reading all of the messages in the report,
participants completed a questionnaire consisting of 7
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coded as such. References to flammable materials which
did not specifically mention storage (e.g., “It could have
been avoided by keeping flammable objects or items in
place”) were not treated as references to misinformation
because there was no specific mention of gas, paint, liquids,
substances, chemicals, or the fact they were (allegedly) kept
in the storeroom. Similarly, references to driver behavior
that did not mention intoxication or drunkenness were not
counted as references to misinformation (e.g., “by having
him be more alert drinking coffee”).
The maximum individual score for inference questions
was 7. Responses to factual questions were scored for
accuracy; correct or partially correct responses were scored
1 and incorrect responses were scored 0. The maximum
factual score was 7. Correction recall scores were computed
using the same criteria; the maximum individual correction
recall score was 2.
Figure 2 Mean reference to target (mis)information as a
function of event report, correction information, and
misinformation. Error bars represent 95% confidence
interval of the mean. Bracket represent significant
comparisons between correction information conditions.
Dashed lines represent means after excluding participants
who did not recall the correction.
inference questions, 7 fact recall questions and 2 correction
recall questions (16 questions in total). The inference and
fact recall question blocks were intermixed and presented in
a random order; except the question relating to the cause of
the event, which always came last. Inference questions
probed participants’ causal understanding of the news report
(e.g., “Is there any evidence of careless management in
relation to this fire?”), and included a question querying
what participants thought the most likely cause of the fire
was. Fact recall questions enquired about the event details
that were consistent across misinformation and correction
information conditions (e.g., “Which hospital were the
workers taken to?”). Two further questions assessed recall
and understanding of the correction message – this question
was of course only relevant to participants in conditions
featuring a correction. Participants typed a response to each
of 16 questions in a text box, were required to use a
minimum of 25 characters, and encouraged to answer using
full sentences.

Results
Coding of Responses
The main dependent variable extracted from responses to
inference
questions
was
‘reference
to
target
(mis)information’. References that explicitly stated, or
strongly implied, that the target (mis)information caused, or
contributed, to the outcome of the event were scored a 1 or
were otherwise scored as 0. Table 1 shows examples of
responses that was coded as a reference to target
(mis)information and an example of a response that was not

Inter-Coder Reliability Responses were coded by a trained
coder. A second, independent judge then coded 10% of
responses from each narrative. Inter-rater agreement was
0.95 and Cohen’s Κ = 0.89±0.03, indicating a high level of
agreement between coders, both of which are higher than
the benchmark values of 0.7 and 0.6 (Krippendorff, 2012;
Landis, & Koch, 1977), and there was no systematic bias
between raters, χ2 = 1.92, p = .17.
Table 1 Example of response coding criteria
Event
Narrative

Inference
Question

Example of
Response
Scored 1

Example of
Response Scored
0

Van
Accident

How could
this accident
have been
avoided?

If the driver
had not been
drinking.

He was in a court
battle with his exwife.

Warehouse
Fire

How could
the fire at the
warehouse
have been
avoided?

They should
store
flammable
substances
separately.

Pay more
attention to the
signs and smells
of a fire. Not
overworking
workers.

Inferences
Reference to target (mis)information on inference
questions were subjected to a three-way factorial ANOVA.
Fig. 2 shows mean references to target (mis)information
across conditions. The ANOVA yielded a significant third
order interaction, F (1, 107) = 4.15, p = .04, 𝜂"# = .04 [.00,
.13]. Simple second order interaction effects revealed an
interaction
between
correction
information
and
misinformation directness for the fire report, F (1, 45) =
4.29, p = .04, 𝜂"# = 0.09 [.00, .26], but not for the crash
report, F (1, 62) = 0.32, p = .58, 𝜂"# = .01 [.00, .09]. This
was followed up with simple main effects analysis which
showed that, for the fire report, there was a significant effect
of correction information for explicitly stated
misinformation, F (1, 22) = 31.33, p < .001, 𝜂"# = .59 [.27,
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.73], but not implied misinformation, F (1, 23) = 3.80, p =
.06, 𝜂"# 	
  = .14 [.00, .39].
This means that implied misinformation was more
resistant to correction than explicitly stated misinformation,
but only for the people who read the fire report. There were
also a greater number of references to uncorrected
(mis)information when the cause was explicitly stated than
when it was implied. In contrast, a correction to both
implied and explicitly stated misinformation led to a robust
reduction in reliance on misinformation for the crash
narrative. This suggests that story content does interact with
misinformation type (i.e., whether misinformation explicitly
states or implies a likely cause of the outcome). Moreover,
these results also suggest that some misinformation is more
easily updated or that corrections are more effective for
some misinformation than for others. However, given that
there were as few as 11 participants in one cell, and the fact
that the effect size for the third order interaction was small,
caution should be exercised when generalizing from these
results2.

Fact Recall
Manipulations of event report, misinformation type, or
correction information were not expected to affect recall.
Mean fact recall scores ranged from 4.15 to 6.18 (out of 7).
Contrary to expectations, however, the ANOVA revealed a
significant three-way interaction, F (1, 107) = 8.42, p =
.005, 𝜂"# 	
  = .07 [.01, .18]. Further examination of the
interaction, again, showed a significant interaction between
misinformation and correction information, F (1, 45) = 6.29,
p = .02, 𝜂"# 	
  = .12 [.00, .30]. When misinformation was
explicitly stated the group featuring a correction recalled
significantly fewer facts than the uncorrected group, F (1,
22) = 8.31, p = .009, 𝜂"# 	
  = .27 [.02, .51]. The reason for the
difference between these groups is not entirely clear but
could also be the reason that a correction was more effective
in the explicit condition in the warehouse fire narrative.

Correction Recall
Correction recall scores were analysed in to confirm
whether ability to recall accurately differed between event
narratives or misinformation conditions. The no correction
groups were not included in the analysis as their responses
were not informative. There was no interaction between
misinformation and event report for correction recall scores,
F (1, 52) = 0.09, p = .76, 𝜂"# 	
  = .00 [.00, .08]; nor were there
main effects of misinformation, F (1, 52) = 3.44 p =
.07.	
  𝜂"# 	
  = 06 [.00, .21], or event reports, F (1, 52) = 0.10 p =
.75, 𝜂"# 	
  = .00 [.00, .08]. Mean correction recall scores ranged
between 1.62 – 1.89 (out of 2), thus indicating good overall
recall of the correction message.
2
The difference between implied and explicitly stated misinformation was only observed
when analysing data from the restricted sample of participants who did not fail the
instructional attention check questions. This could be due to the fact that participants who
failed the attention checks were also less likely to properly encode the information included
in the story and would therefore be unaffected by the manipulations.

Discussion
Misinformation presented in news stories often influences
beliefs and reasoning about described events even when
refuted. The present work extends on previous findings
showing that misinformation that implies a likely cause of
an adverse outcome is more resistant to correction than
misinformation that explicitly states a likely cause. This is
thought to occur because people’s mental models of events
are more elaborate when they have to infer causal relations
between pieces of information in the story than when causal
relations are explicitly provided.
One limitation of prior work that has compared implied
and explicitly stated misinformation is that findings were
only obtained for a single news story (e.g., Rich &
Zaragoza, 2017). The present study tested the
generalizability of this finding with two different stories
describing events, presented as rolling news reports. One of
the event reports has been commonly used in previous
continued influence studies (e.g., Johnson & Seifert, 1994)
whereas the other was a newly developed story. The event
report used in the present work differed to those used in
previous studies along two main dimensions. First, the event
reports were structured in such that they did not push people
to make misinformation related inferences. More
specifically, most of the additional event information did
was neutral with respect to the likely cause implied or
explicitly stated by the initial misinformation (i.e., the
information provided not evidence in support of the
misinformation).
Second,
information
presented
immediately before misinformation gave information about
other common causes of the adverse outcome (e.g., common
causes of crashes are road conditions or common causes of
industrial fires are electrical problems). This piece of
information was included to encourage participates to think
of other likely causes of the outcome described in the report.
The results of the present study do indeed suggest that
differences between implied and explicit misinformation do
interact with the features of the described event. In the crash
scenario corrections to both implied and explicitly stated
misinformation led to robust reductions in reference to
misinformation. Reference to misinformation was close to
zero for both implied and explicitly stated misinformation
conditions. This finding is clearly not due to the fact that
participants refer to this information less overall, as
participants referred more to the uncorrected misinformation
in the crash than the fire scenarios.
Conversely, in the warehouse fire narrative implied
misinformation was more resistant to correction than
explicitly stated misinformation, consistent with Rich and
Zaragoza’s (2016) findings. The present study also found
that
participants
referred
to
explicitly
stated
(mis)information more than implied misinformation when it
was uncorrected.
The results of the present work provide evidence that
story content not only interacts with explicitly stated and
implied misinformation, but also with a corrections’
effectiveness. One reason that a correction was substantially
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more effective at reducing reference to misinformation in
crash than the fire event report could be related to the type
of the correction in each scenario. The crash correction gave
clear evidence that the driver’s drunkenness was not the
cause of the crash (i.e., that a test showed the driver had no
alcohol in system), thereby eliminating the possibility that
the driver’s drunkenness caused the crash. In contrast, the
correction in the fire report corrected the earlier statement
(i.e., that flammable substances were in the storeroom
before the fire) without providing any evidence of this,
merely indicating the fire did not occur in the way that was
initially stated or implied.
One possible reason that the continued influence effect
was not replicated for the novel scenario is that it is less
ambiguous than scenarios commonly used in continued
influence studies. Although the correction used in Rich and
Zaragoza’s study appeared to give clear evidence in
contradiction of the misinformation (i.e., the son was out of
town and therefore could not have committed the crime),
participants could still have drawn an inference about the
son’s involvement in the theft. For example, he could have
given someone the keys and told them where the jewelry
was kept. In contrast, in the crash scenario once participants
know the driver had no alcohol in his system they are forced
to update their inference and have to rely other possible
causes of the crash, or indeed, conclude that there is
insufficient evidence to infer a clear cause.
It is not entirely clear why explicitly stated
misinformation was referred to more when it was
uncorrected in the fire report but referred to less after a
correction. One possibility is that the information about oil
paint and gas cylinders was made more relevant by stating
that police suspected that this was the cause of the fire and
therefore was more available to participants when answering
questions. In contrast, when the information was corrected
the explicit statement of the cause made the discrepancy
between the correction and misinformation more apparent
and therefore participants were better able to revise their
model (see Ecker, Hogan, & Lewandowsky, 2017 for a
similar point).
Further investigation is necessary to draw firm
conclusions about the continued influence effect did not
appear for the crash story. Given the relatively low sample
size in some conditions following exclusion of participants
who answered instruction check questions incorrectly, the
overall power of the study may have been low. Despite
these limitations, the present study’s results highlight the
importance of testing the boundary conditions of the
continued influence effect. Furthermore, these results
constrain the generalizability of continued influence
findings, more generally, and show that the effect is not
guaranteed to emerge under all conditions.
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Abstract

1995). In this way, the temporal order of cause and effect
provides one basis for asymmetric explanations in science.
A second source of asymmetry appears in reductive
explanations: accounting for a phenomena in terms of more
basic components. Indeed, finding reductive explanations is
often a major goal of modern science. The reductive relations
between different levels of a system impose ordering
constraints on possible explanations: It would be
inappropriate, for instance, to explain the chemical properties
of dopamine by reference to its effects on neurons, but
explanations that run the other way (explaining how neurons
communicate via dopamine) would be acceptable.

People’s reasoning about physical and social explanations is
well understood (Keil, 2008). However, less is known about
how people reason about mathematical explanations (Johnson
et. al., 2017). Experiment 1 replicates the central result of
Johnson et. al (2017), that people impose order on simple
arithmetic explanations, as well as sets the limits of that
preference. Experiment 2 extends the results of a second factor,
the character of the relationship between the operations related
by the explanation.
Keywords: explanations, mathematical reasoning

Introduction
Take a calculator and form a six-digit ‘calculator number’
by taking the three digits on any row, column, or main
diagonal forward and then back (e.g., 789987, formed by
moving across the top row from left to right and back). It is
simple to check that every calculator number is divisible by
37. We might be led to ask why every calculator number is
divisible by 37, and in doing so we are requesting an
explanation for a mathematical fact. Typically, this is done
via proof, though a proof is not necessarily explanatory: We
can show that all calculator numbers are divisible by 37 by
exhaustively checking all cases, but such a proof could hardly
be regarded as explanatory (see Lange, 2014 for a full
discussion of this example).
In contrast to physical explanations, which seek to explain
one event by reference to how it is caused by another,
mathematical explanations seek to demonstrate that one
mathematical fact is implied by another via proof (Mancosu,
2001; Steiner, 1978). However, physical and mathematical
explanations may share an important common feature: both
may depend on an asymmetry between what is being
explained and what is doing the explaining.
A commonly noted feature of physical explanations is that
they are asymmetric: though the length of a building’s
shadow and the height of the sun on the horizon are related in
regular and lawful ways, such that either one can be deduced
from the other, explanations that relate the two abide by the
fact that it is the height of the sun that explains the length of
the shadow, and not the other way around (Bromberger,
1966). Plausibly, this is due to two asymmetrical relations
that frequently appear in physical explanations: causal and
reductive.

Ordering in Mathematical Explanations
Whereas in causal domains inverting the order of an
explanation typically results in a falsehood, many
mathematical explanations may be inverted and still be true
(e.g., “1 + 2 = 3 𝑏𝑒𝑐𝑎𝑢𝑠𝑒 3 − 2 = 1”, and “3 − 2 =
1 𝑏𝑒𝑐𝑎𝑢𝑠𝑒 1 + 2 = 3”). Despite this, we might expect to
find order imposed on explanations in mathematics. People
preferentially write equations in a particular order to reflect
the structure of the system being represented (Mochon &
Sloman, 2004), sometimes leading them to generate false or
uninterpretable equations (Landy, Brookes, & Smout, 2014).
Indeed, two critical features of modern mathematical
practice, axiomatic treatment of domains and the reduction of
mathematical structures to set or category theory, may reflect
the imposition of order on explanations in mathematics.
First, many advanced mathematical texts begin by stating
the axioms of the theory under discussion, and then showing
how the major theorems of the theory are implied by the
axioms. Second, mathematical objects are frequently reduced
to more basic components, analogous to reduction in science.
Reduction is often seen as a major accomplishment, even if it

Ordering in Physical Explanations

Addition
Subtraction
Multiplication
Division
Exponentiation
Root

Causes proceed their effects. Thus, it is not a surprise that
when seeking to explain a particular event (e.g., why Matt is
thirsty), people look for temporally prior information that
would help identify potential causal mechanisms (e.g., that it
is exceptionally hot today; Ahn, Kalish, Medin, & Gelman,
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Figure 1 — Adapted from Johnson et al. (2017). Arrows
between boxes indicate the direction of grounding
relations. Diagonal relations are inverses; vertical
relations involve repeated operations.

doesn’t directly lead to new theorems. For instance, Nicolas
Bourbaki, the pseudonym of a group of early 20th century
French mathematicians, sought to ground all of mathematics
in the theory of sets (Bourbaki, 1968). The goal of this project
was not necessarily to obtain new results, but to provide a
characterization of known results in more basic or simpler
terms (though new results may be obtained).
Deductive relations in math and causal relations in science
may be thought of as analogous. Ordering stems from the
manner that one set of propositions or events is deemed prior
to the other: conceptually for mathematical propositions, and
temporally for events. Similarly, reductive relations in
mathematics and physical science are analogous in the sense
that the truth of the reducing proposition (or the existence of
the reducing phenomena) guarantees the truth of the reduced
proposition (or the existence of the reduced phenomena).
Here, ordering stems from how one domain is considered
more basic or simpler than the other.
While deductive and reductive relations are most evident
in advanced mathematics, they might also be found in more
elementary mathematics. For instance, operations in integer
arithmetic can be conceptualized as having ordered
relationships among themselves: addition is more basic than
subtraction and multiplication, and multiplication is more
basic than division and exponentiation. In this way, relations
among mathematical operations may come to be structured
as they are in Figure 1.
This structure corresponds to the standard way that
arithmetic is taught in American schools: addition is
introduced as aggregating groups of objects before
subtraction is taught as the taking away of objects from a
group. Later, multiplication is taught as aggregating many
groups of even size, and division as dividing a whole into
equal parts. Explanations that ground facts concerning one
operation (subtraction) in a more basic operation (addition)
can be thought of as following this conceptual order, while
explanations that do the opposite (e.g., explaining addition in
terms of subtraction) violate this order.
Johnson, Johnson, Koven, and Keil (2017) presented
participants with a variety of simple arithmetic explanations
and asked them to rate the quality of the explanations on a
ten-point scale. Johnson et al. found that participants rated
explanations that followed the conceptual structure of
mathematics in Figure 1 as better than those that proceeded
in the opposite direction. Johnson et al. interpreted this as
indicating that participants have an ordered conceptual
structure of arithmetic, and use these ordered features to
structure their explanations.
While Johnson et al. (2017) investigated the role that
conceptual order plays in mathematical explanations, order is
not the only structural factor that may be relevant when
evaluating mathematical explanations. In particular, the
manner in which one operator explains another may be
important. Subtraction is the inverse of addition, in the sense
that subtracting X from Y ‘undoes’ the effect of adding X to
Y (similarly with multiplication and division). In contrast, the
effect of multiplying Y by X is the same as repeatedly adding

Y to itself X times (similarly with multiplication and
exponentiation). We can think of addition and subtraction as
different sides of the same processes, a conceptualization that
is borne out by their treatment in the standard axioms for the
real numbers (Rudin, 1976). In contrast, addition and
multiplication enjoy no such relationship in real analysis, and
instead are treated as fundamentally distinct operations by
those axioms. Multiplying 187.3 by π can’t be explained as
adding 187.3 copies of π. It is possible that students who are
familiar with the real number system are sensitive to the
different kinds of relationships being captured by these
explanations. If so, they may treat the diagonal relations in
Figure 1 as more explanatory than the vertical ones.
The present research has two goals: first, to replicate the
main results of Johnson et al. (2017) in a novel paradigm, thus
strengthening the original result and validating the new
paradigm. While Johnson et al. asked participants to
numerically evaluate explanations, the present paradigm asks
participants to compare pairs of explanations and select the
better one. The second objective is to use the new paradigm
to explore the influence of a particular factor, the character of
the relationship between the operators expressed by an
explanation, on participants’ judgments of that explanation’s
value. Do people believe the diagonal relations in Figure 1
(e.g., the relation of addition to subtraction) are more
explanatory than the vertical ones (e.g., the relation of
addition to multiplication)?

Experiment 1
Method
Procedure Participants were shown pairs of explanations
and asked to indicate which explanation they preferred, and
whether they preferred that explanation Strongly,
Moderately, or Weakly. Each trial asked participants to
compare a pair of explanations that used the same operations,
one of which was forward, and the other backward (e.g.,
“3 × 3 × 3 = 27 𝑏𝑒𝑐𝑎𝑢𝑠𝑒 30 = 27”
vs.
“21 =
16 𝑏𝑒𝑐𝑎𝑢𝑠𝑒 2 × 2 × 2 × 2 = 16). The explanations in the
pairs contained different numbers, and presentation order was
randomized across participants.
Participants were told, “Please note that for many of the
questions, both explanations are true, and you must decide
which explanation you prefer based on other criteria.”
Participants allowed to use a calculator to check any of the
math. On average, participants took approximately 4 minutes
to complete the task.
Materials Four lists containing 16 test questions and 4 check
questions were created. Lists differed only in the specific
numbers used in the various explanations. All questions
consisted of two explanations presented simultaneously. All
explanations were of the form “X because Y,” where X and
Y were arithmetic identities that could be transformed into
each other by a simple manipulation, (e.g. “7 − 2 =
5 𝑏𝑒𝑐𝑎𝑢𝑠𝑒 7 = 5 + 2”). Explanations were generated
using four pairs of operators: addition and subtraction,
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addition and multiplication, multiplication and division, and
multiplication and exponentiation.
For each test item, the forward explanation used a more
basic operator to explain a more advanced one (e.g., using
addition to explain subtraction, as in the previous example),
and the backward explanation used a more advanced operator
to explain a more basic one (e.g., using exponentiation to
explain multiplication, as in “3 × 3 × 3 = 27 𝑏𝑒𝑐𝑎𝑢𝑠𝑒 30 =
27”).
In addition, explanations varied in terms of the relationship
between the operations in the explanation. Inverse
explanations explained an operation in terms of its inverse
(e.g., addition and subtraction), while repeated explanations
explained an operation in terms of the repeated application of
another operation, (e.g., addition and multiplication), or the
opposite.
Check questions were of the same form as test questions,
except one of the explanation pairs either contained an
arithmetic error (e.g., “13 − 4 = 8 𝑏𝑒𝑐𝑎𝑢𝑠𝑒 …”) or
explained an arithmetic fact using an irrelevant arithmetic
fact (e.g., “13 − 6 = 7 𝑏𝑒𝑐𝑎𝑢𝑠𝑒 2 × 2 × 5 = 20”).
Participants 29 undergraduate students were recruited from
the Northwestern Introduction to Psychology pool.
Participants were granted course credit for their participation.
7 participants were excluded because they failed the check
questions.

Results
Participant responses were coded so that preference for
forward explanations were positive and preference for
backwards explanations were negative. Strong preferences
were coded as ±2.5, moderate preferences as ±1.5, and weak
preferences as ±.5.
Mean preference roughly corresponded to a Weak
Preference for forward explanations (M=0.44, SD=.92).
Coded responses from each participant were averaged and
entered into a one sample t-test. As expected from Johnson et
al., participants’ average preference was significantly higher
than zero, t(21) = 3.92, p < .001, indicating that they preferred
explanations that conformed to the standard conceptual order
of arithmetic. Participants preferred the forward explanation
60% of the time, not significantly higher than chance (Onesample binomial, p=.076, two-sided).
To examine whether the strength of this preference varied
across operator pairs, a two-way (2x2) repeated measures
ANOVA with operator used in the explanation base (addition
vs. multiplication) and relation between the explanation base
and explanation target (inverse vs. repeated) as within subject
factors was performed. The analysis found no effect of
explanation base, relation type, or their interaction (Fs < 1, ps
> .7). As shown in Figure 2, preference for the forward
direction was consistent across operator pairs.

Figure 2 — The top axis labels indicate the operator used in
the explanatory base, while the bottom axis labels indicate the
relationship expressed by the explanation. Box edges indicate
1st and 3rd quartile of the distribution, while whiskers indicate
1.5 times the interquartile range.

Discussion
The hypothesis guiding Experiment 1 was that, as in Johnson
et al., participants would favor explanations that followed the
conceptual order of arithmetic over those that did not. The
results from Experiment 1 corroborate those from Johnson et
al., strengthening the hypothesis that participants prefer
explanations that proceed in a particular direction, even in
domains without temporal or causal ordering. However,
participants did not distinguish between the inverse and
repeated relations of Figure 1.

Experiment 2
Experiment 2 was designed to retest the hypothesis that
participants take into consideration the kind of relationship
between the arithmetic facts in math explanations.
Experiment 2 also contains a conceptual reproduction of
Experiment 1, with the modification that participants were
permitted to indicate that they don’t have a preference. This
provided a better sense of explanatory direction’s importance
is when participants evaluate arithmetic explanations. In
addition, by having the same participants compare forward to
backward explanations, and inverse to repeated explanations,
we can compare the relative strength of the any preferences
found.

Method
Procedure The procedure was identical to that used in
Experiment 1, with the modification that the response scale
included a middle item. This middle item allowed
participants to indicate that they had No Preference between
the explanations being compared. Participants took
approximately ten minutes to complete the study.
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Inverse Base

Inverse Explanation

Repeated Base

Repeated Explanation
0

1

Addition

9 − 3 = 6 𝑏𝑒𝑐𝑎𝑢𝑠𝑒 3 + 6 = 9

Addition

;<;
;=
3 × 3 = 9 𝑏𝑒𝑐𝑎𝑢𝑠𝑒 :;
3+
3+
3=9

2

Addition

9 − 3 = 6 𝑏𝑒𝑐𝑎𝑢𝑠𝑒 3 + 6 = 9

Multiplication

;<;
;=
3 = 27 𝑏𝑒𝑐𝑎𝑢𝑠𝑒 :;
3×
3×
3 = 27

3

Multiplication

9
= 3 𝑏𝑒𝑐𝑎𝑢𝑠𝑒 3 × 3 = 9
3

Addition

;<;
;=
3 × 3 = 9 𝑏𝑒𝑐𝑎𝑢𝑠𝑒 :;
3+
3+
3=9

4

Multiplication

9
= 3 𝑏𝑒𝑐𝑎𝑢𝑠𝑒 3 × 3 = 9
3

Multiplication

;<;
;=
30 = 27 𝑏𝑒𝑐𝑎𝑢𝑠𝑒 :;
3×
3×
3 = 27

5

Exponentiation

?

Addition

;<;
;=
3 × 3 = 9 𝑏𝑒𝑐𝑎𝑢𝑠𝑒 :;
3+
3+
3=9

6

Exponentiation

?

Multiplication

;<;
;=
30 = 27 𝑏𝑒𝑐𝑎𝑢𝑠𝑒 :;
3×
3×
3 = 27

√9 = 3 𝑏𝑒𝑐𝑎𝑢𝑠𝑒 3@ = 9
√9 = 3 𝑏𝑒𝑐𝑎𝑢𝑠𝑒 3@ = 9

0

0

0

0

0

0

Table 1 — Six example trials from Experiment 2. Inverse explanations on the left were compared to repeated
explanations on the right.
Materials Materials for Experiment 2 were similar to those
for Experiment 1, but new explanations were generated to test
the primary hypothesis at question.
Inverse versus repeated. Inverse explanations explained an
operator in terms of its inverse (e.g., addition and subtraction,
as in “9 − 3 = 6 𝑏𝑒𝑐𝑎𝑢𝑠𝑒 3 + 6 = 9”), while repeated
explanations explained an operator in terms of the repeated
application of another operator (e.g., addition and
multiplication, as in “3 × 3 = 9 𝑏𝑒𝑐𝑎𝑢𝑠𝑒 3 + 3 + 3 = 9”).
As table 1 shows, test items for the main portion of the
experiment compared inverse and repeated explanations. To
construct test items, operator pairs were crossed as best
possible: Test items compared inverse addition to repeated
addition and repeated multiplication, inverse multiplication
to repeated addition and repeated multiplication, and inverse
exponentiation to repeated addition and repeated
multiplication. Example explanation pairs are show in Table
1. Thus, there were 6 trials in this portion of the experiment.
Because the standard course of mathematical education does
not include treatment of operations that can be
conceptualized as the outcome of repeated exponentiations,
there are no repeated exponentiation explanations (though
such explanations would be possible, see Goodstein 1947).
All explanations for this portion of the study were forward.
Forward versus backward. Test items for the reproduction
of Experiment 1 paired forward and backward explanations
using the same operator pairs, as in Experiment 1. In addition
to the four pairs of operators used in Experiment 1, an
additional pair of operators, exponentiation and root taking,
were used in the generation of the explanations to test the
generality and strength of any preferences found. Thus, there
were 5 trials in this portion of the experiment. Test items in
the reproduction of Experiment 1 used a different set of
numbers than those used in the first part of the experiment.

Equations relating operators via repeated application could
be very long (e.g., "3 + 3 + 3 + 3 + 3 + 3 + 3 + 3 = 24").
Furthermore, the large number of terms in the equation could
obscure the relationship being illustrated (i.e., that there are
eight 3’s). To get around this, equations expressing repeated
operations were displayed so that (a) the number of terms
being repeated was indicated by an overhand bracket, and (b)
equations with many terms were abbreviated so that only the
first and last elements of the expression were shown, with the
middle terms replaced with ellipsis. The instructions made
clear how the participants were to interpret this notation.
Check questions. As in Experiment 1, Experiment 2
included 4 check questions. All check questions in
Experiment 2 contrasted a correct explanation with an
explanation containing a simple arithmetic error.
Participants Thirty-seven participants were recruited from
Amazon Mechanical Turk. Those that completed the survey
were compensated $1. Average time to complete the survey
was approximately 15 minutes, resulting in an effective
hourly rate of $4. Seventeen participants were excluded
because they failed the check questions.

Results
Strong preferences were coded as ±3, moderate preferences
as ±2, weak preferences as ±1, and no preference as 0.
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above chance (p=.08, two-sided). A 2x2 repeated measures
ANOVA with base (addition vs multiplication) and relation
type (inverse vs repeated) as within-subject factors failed to
find an effect of explanatory base, relation type, or their
interaction (Fs <1.0).
Comparison of Preferences. Embedding the reproduction of
Experiment 1 in Experiment 2 allows us to compare the
relative strength of preferences in the two comparisons. A
paired t-test comparing participants’ preference for forward
over backward explanations to their preference for inverse
over repeated explanations, omitting inverse exponentiation
explanations, found that preference was stronger for the
latter, t(19)=-4.6, p<.001.
Figure 3 — Top axis labels indicate the base operator used
in the Inverse explanation, while bottom axis labels indicate
the base operator used in the repeated explanation. Box edges
indicate 1st and 3rd quartile of the distribution, while
whiskers indicate 1.5 interquartile range.
Responses were entered into a 3x2 repeated measures
ANOVA, with the base used in the inverse explanation
(addition, multiplication, or exponentiation) and the base
used in the repeated explanation (addition or multiplication)
as within-subject factors. This test revealed a significant
effect of the base used in the inverse explanation, F(2, 38) =
20.18, p <.0001, but no effect of the base used in the repeated
explanation, nor of their interaction (Fs <2.5). A post-hoc
paired t-test found that the preference for the inverse
explanation was weaker when the inverse explanation used
exponentiation as a base, t(19)=-5.6, p<.001. A second posthoc paired t-test found no differences on trials where the
inverse explanation used addition compared to those that
used multiplication, t <1.5.
In light of these results, a second round of post-hoc
analyses was carried out, this time omitting trials where the
inverse explanation used exponentiation. Preference on these
trials fell roughly between No and Weak Preference for
Inverse explanations (M=0.76, SD=1.25). Participants
selected No Preference on these trials only ~7% of the time.
On the ~93% of the trials where the participant expressed a
preference, 73% of the time that preference was for the
inverse explanation, significantly different from chance
(p<.0001, two-sided). Preference for inverse explanations
was reliably above chance, t(19)=2.73, p=.013.
Replication of Experiment 1 The second main question of
Experiment 2 was whether preference for forward
explanations would generalize when participants are given
the option of expressing No Preference. In contrast to
Experiment 1, participants did not reliably favor forward
explanations over backward explanations, as revealed by a
one sample t-test of participant means against 0, t(19)=1.4, p
= .174. Indeed, the modal response was No Preference (40%).
However, of the 60% of trials where participants expressed a
preference, participants favored forward explanations at a
similar rate as in Experiment 1 (61%), though this did not rise

Discussion
While on the whole participants did not take into account
whether the explanation expressed an inverse or repeated
relation, participants gave lower ratings to inverse
explanations that related exponentiation to root taking,
decreasing the average preference for inverse explanations.
After omitting those trials, participants reliably selected the
inverse explanation. In conjunction with Experiment 1, these
data suggest that participants take into account the conceptual
relation expressed by an explanation, but that other factors,
perhaps their familiarity with the concepts involved (as
suggested by the dis-preference for explanations that use
roots) can outweigh this preference.
The specific nature of this preference — inverse
explanations over repeated explanations — suggests that
something like conceptual fit between the operators being
related is taken into account. Because addition and
subtraction are inter-defined operations (as are multiplication
and division), using one to explain the other is better than
using conceptually distinct operations, such as addition and
multiplication.
An alternative interpretation, suggested by Johnson et al.,
is that when evaluating explanations, participants construct a
mental proof which derives the explanatory target from the
explanatory base. Evaluation of explanation-proofs penalize
proofs that require many steps. Inverse explanations have
short proofs: simply move one term to the other side of the
equation. In contrast, repeated application proofs require
grouping many terms and then relating the grouped operation
to another operation. While this account has merits, the
consensus among mathematicians and philosophers is that
proof is distinct from explanation, and the latter does not
cleanly map onto formal features of the former: for instance,
proofs by induction or enumeration are generally thought to
be non-explanatory, despite being rigorous (Lange, 2009).
A secondary goal of Experiment 2 was to test whether the
results of Experiment 1, that participants favored forward
explanations over backwards explanations, would generalize
when participants were given the option of indicating that
they have no preference. In contrast to the results of Johnson
et al. and Experiments 1, the results of Experiment 2 indicate
that participants are on the whole ambivalent to the
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distinction between forward and backwards explanations: the
most common response was “No Preference.”
This should not be considered a failure to reproduce the
results of (Johnson et al., 2017), however: the preference for
forward explanations was weak in both Johnson et al. (2017)
and Experiment 1, and the lower powered design of
Experiment 2 plausibly rendered the effect too small to detect
with small samples. In addition, when participants did
express a preference, it was generally for forward
explanations. However, this result does place limits on how
important conceptual direction is when evaluating arithmetic
explanations. Other factors, such as familiarity with the
operations involved, may be more important.

General Discussion
Across two experiments, participants took structural factors
into account when evaluating explanations in arithmetic.
They favored explanations that proceeded from conceptually
basic operations to advanced ones over those that did the
opposite, and preferred explanations that linked conceptually
similar operations over those that linked dissimilar
operations.
The dis-preference for backward explanations was found
to be weaker than other factors, such as a dis-preference for
explanations that use unfamiliar operations. Indeed, when
given the choice to indicate that ordering didn’t matter,
participants often did so. These results provide evidence
against theories of explanation that require explanations to be
asymmetric and are more consistent with theories of
explanation in which order emerges out of other factors.
Plausibly, the symmetry of arithmetic explanations is a
consequence of a lack of an objective ordering in arithmetic.
Both “3 − 1 = 2 𝑏𝑒𝑐𝑎𝑢𝑠𝑒 1 + 2 = 3” and “1 + 2 =
3 𝑏𝑒𝑐𝑎𝑢𝑠𝑒 3 − 1 = 2” are valid, in the sense that both
summarize valid proofs, and participants’ indication of “No
Preference” may indicate that they are sensitive to this feature
of arithmetic explanations. Thus, it may be that validity of the
explanation, rather than the explanation’s ordering per se, is
the primary criteria by which explanations are evaluated. This
is substantiated by participants’ response to the check
questions in Experiments 1. Participants equally dispreferred explanations containing an error and those that
explained a mathematical fact via an unrelated fact,
indicating that the possibility of constructing a deductively
valid proof linking the explanatory base and target is an
important criterion.
More generally, these results are consistent with a view of
explanations that holds that their formal properties are
inherited from the domain in which they are applied. Causal
explanations are asymmetric because they are generated by a
domain that is best described using asymmetric causal
relations, not because explanations are inherently
asymmetric. In contrast, arithmetic is best described by
symmetric derivation relations, and as such the ordering
constraint is weaker. This would not explain the preference
for forward explanations when forced to choose, however.
Further experiments may be needed to tease out the

respective roles of ordering and validity in causal and acausal
domains.
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Abstract
The goal of this study is to explore the predictive capability of
several psychosocial variables, such as personality and group
cohesion, towards determining multiplayer online battle arena
game outcomes - namely diversity, cohesion, and resilience, on
collective performance. Our study finds that measures of
individual and team perceptions of qualities provided a useful
precursor for match victory. Using individual-level attributes,
our cohesion survey questions provided the highest predictive
value, and higher levels of perceived cohesion were associated
with higher victory odds. In light of our results, we discuss the
implications of using behavioral data derived from online
games and opportunities for future large-scale game data
collection.
Keywords: virtual teams; cohesion; cooperation; online games

Introduction
The current popularity of Multiplayer Online Battle Arenas
(MOBAs) is a largely untapped data source for researchers
interested in studying individual and team behavior at-scale,
one which offers the chance to gather large amounts of data
from a highly polished and engaging interactive team-based
task. MOBAs frequently offer openly available estimates of
objective player skill through published competitive
rankings, they collect on average a half-hour’s worth of task
information metrics per game from anywhere between 2 to
10 players, and function applied problem-solving team-based
tasks within research frameworks of teamwork,
communication, cognitive engagement, and decision making
processes (Ducheneaut, 2010).
Using online games as a means of evaluating social science
research questions is of interest for several reasons. The
prevalence of ubiquitous computing is quickly resulting in
online interactions as a norm rather than a novelty. Using a
game for research purposes provides a useful tool for
matching online team-based behaviors to real-world based

teams (Williams, 2010). We are also interested in how
pertinent qualities may be estimated using relatively noisy
signals and, consequently, be used in large-scale human
behavioral analysis. Concentrating on team behavior allows
us to base online derived signal choices on real-world studies,
allowing researchers to utilize a large body of research that
demonstrates the effects of team composition on workplace
(Stewart, 2006), sports (Ingham et al., 1974), and social
groups (Hill, 1982). Such compositional effects are often
hard to avoid in most real-world team settings but the unique
nature of competitive games lends itself to the controlling of
individual differences, as such games attempt to match
players with similarly skill level players by use of win/loss
ratio ELO metrics (Neumann et al., 2011). Such win/loss
outcomes are used in a prior study by the authors on this
subject as well as within this work, mirroring the historical
use of such metrics as a predictive criterion in the realm of
chess (Masud et al., 2015).
In a concurrent study using the MOBA game League of
Legends (LOL), we predict the winning team of a match by
forming a predictive model which utilized team
compositional attributes of team cohesion and diversity
(Briscoe et al., under review). The game LOL itself is one of
the largest competitive games played at this time (Tassi,
2014), involving teams of 3-5 players competing against
another team of identical size by controlling the offensive,
defensive, and support abilities of in-game character avatars
over an average match length of 30 minutes (Harold, 2017).
Although our prior study was able to utilize LOL’s
publically large API data source to predict match outcomes,
we were limited in our ability to explore the nature of
subjective reports of players about themselves and their team.
The current study serves as an exploratory analysis to
determine the potentially useful contributors to match
victory, as a both a precursor to an inferential approach and a
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Table 1. Administered survey items adapted from the Group Environment Questionnaire
Question

Mean

ATGS

SD
9.2

4.43

“I did not enjoy being a part of the social aspect of this team”

6.95

2.45

“I would want to play with members of this team again”

3.68

2.6

14.93

7.61

“I’m unhappy with my team’s level of desire to win”

6.61

2.59

“This team did not give me enough opportunities to improve my personal performance”

6.43

2.58

“I did not like the map we played on”

4.21

2.73

18.06

8.07

“Our team was united in trying to reach its goals for performance”

6.99

2.13

“We all take responsibility for any loss or poor performance by our team”

7.02

2.32

“Our team members had conflicting goals for the team’s performance”

3.11

2.62

“Our team members did not communicate freely about each member’s responsibilities”

3.74

2.62

ATGT

GIT

means of determining the variables that we map those we
passively collect from game data.
In our prior analysis, our measures included the influential
factors of team cohesion (Evans & Dion, 1991; Spink, 1990),
team diversity (Bell, 2007; Harrison, Price, & Bell, 1998),
and team resilience (Alliger et al., 2015). Our measure of
cohesion was represented by a density function influenced by
how many times players had played with each other in the
past, the degree of matched expectations (appropriate
placement, actions of other teammates), and the outcome of
team cohesion as captured by game assists (helping a
teammate to eliminate an enemy). We calculated diversity
using distance calculations of the game’s characters’ fixed
attributes from one another, each player’s average deviance
in their own character selection choices, and a measure of the
number of unique teammates encountered. Resilience was
calculated by calculating the amount of combative ground
retaken after a loss. Taken together, we found that historical
character diversity was inversely predictive of win
likelihoods, while team cohesion provided a relatively strong
metric for win likelihood. Resilience, as we originally
calculated it, was not found to meaningfully relate to any
other construct in this task environment.

Method
Game
League of Legends is an online game where each player in a
match controls a single champion. In the default game mode,
Summoner's Rift, two teams of five champions play one
another with the goal of destroying the opposing team's
nexus, which is guarded by three lanes of towers. Each
champion begins at level 1. To power up to a level sufficient
enough to take on the enemy's base, a champion must first
focus on killing AI minions for gold and experience, later

shifting to killing minions and then to destroying opponents’
towers. Each match is discrete, with all champions starting
off fairly weak but increasing in strength by accumulating
items and experience over the course of the game. Each
champion has a cooldown reduction which determines the
amount of time before an ability can be used again after
activation, by a percentage.

Sample
A total of 141 individuals participated using a hybrid model
of in-person (n = 78) collection and online (n = 63) data
collection methods. In-person participants were tested at a
local gaming establishment, Battle and Brew, and online
participants were coordinated using the Discord
communication application. Participants were treated as one
sample within analyses, as the interactive tasks during
gameplay, survey response format, and communications
between other players (in-game text) were identical between
collection methods. A total of 19 participants provided
gameplay data but did not complete one or both of our survey
instruments and were excluded from analysis, forming a final
predictive sample of N = 122 (in-person n = 78; online n =
44). Consent was obtained for all participants before data
collection began. Overall, participant ages centered about the
young adult range (M=22.50, SD=3.56), identifying as nearly
entirely male (n = 121) and interested in women (n = 120).
Participants were primarily either White (n = 51) or Asian
identified (n = 63), most reported spiritual beliefs under the
categories of Atheist/Agnostic (n = 60) and Christian (n =
47), and with a highest achieved education of primarily high
school (n = 68) and bachelor’s degrees (n = 52). Participants
reported knowing others on their team (n = 28), the other
team (n = 19), and on both teams (n = 14) before the study,
an effect our sample reported as socially commonplace in this
type of competitive game.
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English fluency was a prerequisite for participation and
only a small portion of the sample reported it as not being
their first language (n = 35). The distribution of participant
income was found to be unusually high for a United States
sample with an average age of 22.5, with 51% (n = 62) of the
sample reporting making above $35,000, 59% of that subset
(n = 30) reporting to make above $95,000. Finally, our
sample of participants indicated that their ideal gaming
environments (n = 86 Normal Light/Low Background
Activity; n = 44 Low Light/Low Background Activity)
matched their typical gaming environments (n = 89 Normal
Light/Low Background Activity; n = 40 Low Light/Low
Background Activity), suggesting that players choose or
modify their gaming environments to fit their preference for
recreation.

Measures
Big Five Inventory-10 (BFI-10): The BFI-10, developed by
Rammstedt and John (2007), is a 10-item version of a longer
44-item inventory developed and tested in both English and
German languages and is compared against the 5-factor
inventory (NEO-PI-R). The BFI-10’s English test items
demonstrated adequate retest reliability (µ = .72), suitable
structural validity (µ = .11), and convergent characteristics
(µ of correlations to NEO-PI-R = .52). The inventory is also
reported to perform better than similar item length
personality inventories (Rammstedt & John, 2007). The 10
items consist equally of negatively and positively valenced
items and, after reverse scoring, each pair is added together
to estimate a factor score.
Group Environment Questionnaire (GEQ): The GEQ was
developed by Carron, Widmeyer, & Brawley (1985) as a
measure of group cohesion. The instrument has been
continually refined since its original use (Brawley, Carron, &
Widmeyer, 1987; Carron, Brawley, & Widmeyer, 2002; Eys,
Carron, Bray, & Brawley, 2007). The survey questionnaire
has been described as a useful tool for examining the task and
social cohesion of teams (Dion, 2000). The tool has a total of
four scales, Individual Attractions to the Group with Social
(ATGS) and Task (ATGT) components, and Group
Integration at Social (GIS) and Task (GIT) levels. As our
research utilized newly-created single-meeting teams, the
subscale GIS was omitted in our survey, as prior group
integration at the social level could not have occurred. To
better fit the nature of the experimental task, we further
modified the items to better capture the task domain of
inquiry (e.g. changing ‘I did not like the style of play on this
team’ to ‘I did not like the map we played on’), with a full
presentation of these questions presented alongside
descriptive information in Table 1.

Materials
League of Legends (LOL): A wide array of game options are
available for customizing the conditions of gameplay by
players. In our study we chose to have game matches on the
‘Twisted Treeline’ map, which uses two teams of three
players for a faster gameplay experience than the more

traditional ‘Summoner’s Rift’, which uses two teams of five
players. Our rationale favored the former due to reductions of
match time (leading to an average of two games within the
scheduled time) as well as fewer difficulties scheduling
participants. Most participants reported rarely playing this
map type, potentially reducing the impact of prior skill
involving map knowledge.
Self-reported skill and Cohesion: Based on our review of
LOL as a gameplay task, we designed a series of 29 questions
oriented around self and other-based estimates of gameplay
abilities, actions, and teamwork to represent self-reported
skill. A series of 12 questions were generated around self and
other-based estimates of cooperative behaviors, including
anticipating each other’s actions and assisting one another.
Questions were presented on a 7-pt Likert scale format
ranging from Strongly Disagree (1) to Strongly Agree (7).
Responses were chosen by dragging response sliders to
whole number responses. As we had no reason to assume
each created item would have an equal loading upon selfreported skill, our reliability analyses utilized Guttman’s
lambda-6. Our reliability for the self-reported skill scale (Λ =
.86) was found to be higher than a standard Cronbach’s alpha
estimate (α = .61), demonstrating a sufficient internal
consistency with differential loadings for this instrument. Our
reliability estimates for our cohesion scale (Λ = .89, α = .83)
possessed a similar pattern. In both cases, particularly for
self-reported skill, a higher value for lambda-6 than for
Cronbach’s alpha supported our assumption of unequal item
loadings.
Secondary measures of in-game performance: Based on
our prior study and interview work with LOL players, we
utilized an existing external measure of player skill, coupled
with a created estimate measure based on available in-game
data. Our first measure was a generated approximation for
actions-per-minute (APM), a common estimate for player
skill in similar game genres (“Actions per minute”, n.d.),
calculated as the amount of time a player spent in cooldown
(number of skill activations * skill activation cooldown) for
each skill slot. These were also aggregated and standardized
by match time (∑ (cooldown total times in seconds for each
skill) / total game time in seconds) to create a measure of what
ratio of game match time was spent using and/or waiting on
character skill cooldowns. Additionally, we utilized an online
skill ranking site for LOL players (www.LOLKING.com),
which publically shows a calculated skill value similar to the
internal (and unavailable to view) LOL matchmaking system
skill values.

Analysis
Personality scores derived from the BFI-10 (µ = .39, SD =
.94) are listed for factors of Openness (µ = .88, SD = 1.68),
Conscientiousness (µ = .54, SD = 1.51), Extraversion (µ =
.09, SD = 2.13), Agreeableness (µ = 1.05, SD = 1.57), and
Neuroticism (µ = -.52, SD = 1.83). GEQ scores for our
sample using our adapted version are listed in Table 1
alongside the adapted questions.
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The predictive models consistently utilized a simultaneous
entry, multiple logistic regression analysis. A total of four
predictive models were tested to predict match victory
outcomes using in-game measures and our included survey
scales. Analyses focused in all cases on using main effects
without interaction terms, as our sample size (N = 122), taken
with the number of predictors tested, was not sufficient to
prevent a significant risk towards overfitting the regression
models. All models tested are listed in Table 2. The first
analysis utilized the primary in-game performance metrics of
the number of enemy kills, number of assists with enemy
kills, and number of friendly deaths. These primary
predictors were each uniquely and independently predictive
of match victory (Model: X2 (3) = 241.21, p < .001, -2LL =
58.23,R2 = .90), and is largely expected based on the design
of the game, and served primarily as a confirmatory and
comparative analysis.

model supported the use of a subset of these predictors
(Model: X2 (7) = 17.28, p < .05, -2LL = 208.24, R2 = .11)
shown in Table 2. Both match time in cooldown and player
skill rankings were unique predictors, as well as the time
spent in cooldown for skill #4 (which itself was used to
construct match time in cooldown). The emergence of skill
#4 is not wholly unexpected as this skill represents each
champion’s most powerful ability (typically with the longest
cooldown) which can easily change the course of a fight or
match compared to other skills. All other individual skill
cooldowns (skills #1-#3) were not found to be significant (p
> .05). Overall, the secondary measures model provided a
weak accounting of victory outcomes.
Next, we examined the included survey scales at both an
individual and team level analysis level. The third analysis
utilized the responses to our survey scales from each
individual player (Model: X2 (7) = 34.24, p < .001, -2LL =

Table 2. Analysis results from in-game metrics and survey-based factors

The second analysis utilized the generated secondary game
performance metrics. Match time spent in cooldown was
rescaled for regression analysis by multiplying by 100 (M=
.03, SD = .03) to generate in-range regression outputs for an
originally small variable (M= .00033, SD= .00029). The

199.52, R2 = .24). The scale of cohesion produced the largest
change in log-odds (1.68), followed by extraversion (.83),
GEQ: GIT (1.11), and self-reported skill (.89) among
significant predictors; highlighting the importance of group
cohesion and teamwork with slight effects found which favor

1557

introverts and those who self-report their skills more
conservatively.
The fourth analysis included the same survey scales
included in the third model, but used team level averages. To
generate this model, averages for each survey scale for each
team were calculated to make a single team level average
which was regressed on match victory (n = 69 teams).
This model was found to be significant (Model: X2 (7) =
33.41, p < .001, -2LL = 62.11, R2 =.51), and provided a
greater degree of predictive ability than the individual
predictor model. Again, the scale of cohesion provided the
largest change in log-odds (3.48), followed by GEQ:GIT
(1.44), extraversion (.59), and self-reported skill (.70) among
significant predictors. Based on these findings, a substantial
impact of match victory outcomes can be tied to the average
team cohesion, followed by averages of team traits such as
agreeableness and introversion, group integration with the
task, and more conservative estimates of skill.

Exploratory Analysis
To further refine our instruments for future work, we
performed a series of exploratory analyses on our survey
questions to further identify useful dimensions of variance for
future work. Using the survey dimensions of personality,
cohesion, and self-reported skill, we ran a series of principal
component analyses to identify which dimensions of the
survey instruments contributed meaningfully to match
victory. In total, we identified two meaningful dimensions
involving personality and three dimensions each for cohesion
and self-reported skill using scree plot observation,
proportion of variance accounted for, and the distribution of
item loadings for each factor.
After weighting the original survey variables by their
respective factorial loadings, we regressed these weighted
items towards match victory using the same method
previously used. An overall summary of these analyses is
reported in Table 2. At the individual level (Model: X2 (8) =
43.90, p < .001, -2LL = 187.47, R2 = .31), a single predictive
factor for personality emerged with two predictive factors for
cohesion and no predictive factors (p > .05) for self-reported
skill or for higher level factorial dimensions. At the team
average level, while our model found significance (Model:
X2 (8) = 91.96, p < .001, -2LL = 194.62, R2 = .48), only the
second factor of cohesion emerged as a significant predictor.
These significant factors were composed of items centering
around "..is outgoing, sociable" (-.51), "..is reserved (.45),
and "..tends to be lazy" (.43) for the personality dimension,
describing a behavioral report of a socially reserved and
relaxed personality. The first cohesion factor, primarily
subsisted on views of anticipation ("..my team anticipated
me" (-.38), "..my team would say I learned their styles of
play"(-.34)) and assistance ("..my team gave me help" (-.34),
"..my team would say I assisted them when they needed
help"(-.30)), in a negative fashion, indicating an
individualistic orientation rather than a team orientation. The
second factor of cohesion, which operated at both the
individual and team aggregate level, positively centered

around concepts of supporting other team members
("..assisted my team when they needed help" (.34), "was not
able to steer the game, but supported others who could" (.40))
and team-oriented attributions ("..our victory/loss was due to
my actions" (-.44), "..my teammates would say I changed the
tide of the game" (-.41)), aligning with a group based
orientation for match behaviors and outcomes. Overall, these
compositional elements of these factors combined with the
directionality produced by the analysis in Table 2
demonstrates that a team-based orientation increases the odds
of a match victory, while an individually-based orientation
decreases those odds.

Discussion
Our analysis centered around predicting match victory
likelihoods with the League of Legends (LOL) game by
applying a collection of psychological inventories (GEQ,
BFI-10) alongside a series of constructed scales (cohesion,
self-reported skill), against a set of primary and secondary
game performance metrics. Our investigation sought to
determine what beliefs about gameplay, interactions with
other team members, and personality dimensions were most
amenable towards matching and explores the use of
predictive metrics originating directly from game matches,
derived metrics from game matches, and psychological
response inventories from players and teams of players to
define the features which contribute towards a successful
gameplay outcome.
Our analysis of gameplay metrics yielded useful
conclusions for future directions using LOL as a useful tool.
Results with primary in-game metrics, the number of assists
with enemy kills provided the largest predictive change per
unit (β = 2.09), while enemy kills (β = 1.70) and friendly
deaths (β = .32) had nearly the same predictive weighting,
despite widespread beliefs in the game community regarding
the importance of the first kill/death in the match (Jaw, 2017,
Sangheili, 2017). These effects were also directionally
straightforward, with events supporting higher team
performance aligned with higher victory odds. Our secondary
in-game metrics were much less robust than the primary
metrics at predictions of match victory outcomes. This may
be due to different contributions of skill use over time (rather
than as an aggregate of the entire match), or due to the more
individualistic and hero-specific nature of most of these
metrics. Regardless, the small directionality in this
relationship indicated higher player rankings (β = 1.001, CI:
1.00, 1.002) and lower time spent in skill#4 (player ultimate
abilities) cooldown (β = .999, CI: .998, 1.00) were associated
with higher victory odds.
Using measures of individual and team perceptions of
qualities provided a useful precursor for match victory. Using
individual-level attributes, our cohesion survey questions
provided the highest predictive change (β = 1.68, CI: 1.28,
2.20), and higher levels of perceived cohesion were
associated with higher victory odds. Following cohesion was
a close collection of self-reported skill (β = .89, CI:.83, .97),
GEQ:GIT (β = 1.11, CI:1.03, 1.20), and extraversion (β = .83,
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CI: .70, .98), with lower levels of self-reported skill, higher
levels of perceived group task integration, and higher levels
of introversion associated with higher victory odds. The
elements of Agreeableness, and GEQ: ATGT and GEQ:
ATGS did not reach significance criteria (p > .05).

Conclusions & Future Work
Here we conducted an exploratory analysis to determine the
potentially useful contributors to match victory. We found
that factors related to individual and team perception of
qualities were predictive of match victory. This work
supports our view that real-world social phenomena data such
as those from MOBAs can serve as accurate sources to
construct and develop predictive models of group level
phenomena. Ideally, we would like to ascertain whether
virtual spaces provide enough realism to make them an
attractive source of behavioral data and athat online games
that require players to work together towards a common goal
are a potentially useful analog space for building principles
to understand an increasingly connected world.
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frequency (Amayreh, 2003). The few studies that have
applied FL to speech development used disparate
methodologies for collecting corpora, calculated FL
differently, and came to different conclusions regarding
its role for development (Pye et al., 1987; Stokes &
Surendran, 2005; Van Severen et al., 2013).
In addition to FL, frequency is a useful predictor of
speech development (Edwards, Beckman, & Munson,
2015). It is also a natural correlate with FL. Unlike
frequency, FL encompasses semantic contrast and mental
lexicon structure. This may be critical for development
since phonetic categories derived from the lexicon, over
those inferred purely from input distributions, have
resulted in more robust category acquisition, at least in
models of infant learners (Feldman et al. 2013).
The relationship between FL and speech development
is intuitive. As children selectively focus upon contrasts
in their ambient language, they acquire phones that
differentiate the most words (Dietrich, Swingley, &
Werker, 2007). Still, it is not clear if the contrastive
importance of a phone always reinforces consonant
emergence. Data from several unrelated languages show
conflicting evidence. Like the relationship between the
speech sound emergence and articulatory complexity of
/l/, the role of FL may differ by language. For example,
Stokes & Surendran (2005) attributed the low predictive
power of FL in Cantonese consonant development to
word structure: with six tones, Cantonese has many
segmental homonyms. This could lower the FL of
individual phones. But Van Severen et al. (2013) found
that FL was a better predictor of productive consonant use
in Dutch than frequency alone. Thus, how individual
languages incorporate the roles of FL and frequency for
development is unclear. Finally, there are multiple
approaches to FL calculation – its role in speech
emergence has not been uniformly evaluated. A standard
FL calculation, measured over several languages, can
address the universality of FL for consonant emergence.
Understanding the varied parameters of speech
development has clear clinical implications. But is the
contribution of FL and frequency the same for all
children? Or does it depend on the language of exposure?
Furthermore, though the negative correlation of FL and
age of consonant emergence is intuitive, the reason why a
child prioritizes highly contrastive phones in phonological
learning is less straightforward. In fact, this distributional
learning mechanism may differ by language. Here this is
addressed by computing FL and phone frequency over the

Frequency often predicts when children will acquire units
of language such as words or phones. An additional
predictor of language development may be a phone’s
functional load (FL), or the contrastive work a sound
performs in a language. A higher FL may correlate with
earlier phone emergence in child speech as children
selectively converge upon the most meaningful contrasts in
their input. This hypothesis is tested across five
typologically diverse languages that vary by phone
inventory size and structure as well as word composition.
Consonant FL was calculated over more than 390,000
words of child-directed speech. Results demonstrate that
the relationship of frequency and FL to speech
development is dependent upon the language of exposure.
Models fit to bootstrapped corpus data suggest that
frequency may be the stronger of the two parameters.
Keywords: language acquisition; child development;
functional load; modeling; entropy

Introduction
Many factors predict when a child will first start using a
sound of their native language: articulatory difficulty,
frequency in the input, and even word structure. Though
all likely contribute to the reliable production of a
consonant, or CONSONANT EMERGENCE, the relative
influence of each factor may vary by language. For
example, with an articulation towards the front, and at
times back, of the mouth, the lateral approximant /l/ has a
complex articulation. It is, accordingly, late to emerge in
child English (Lin & Demuth, 2015). However, children
acquiring Quiché Mayan begin to use laterals like /l/
fairly early in development, as soon as 1;7, perhaps
because /l/ is highly frequent in the ambient language
(Pye, Ingram, & List 1987).
Beyond frequency, another predictor of when children
start using a consonant sound may be functional load
(FL). Formally, FL has been defined as the entropy
reduction a system undergoes due to minimal pair loss
(Hockett, 1955). In implementation, FL can measure the
effect of removing a phoneme from a language by
quantifying how many minimal word pairs that phoneme
distinguishes (e.g. pat~bat). Interest in FL as an
explanatory device for sound mergers in language change
has recently resurfaced (Oh et al., 2013; Surendran &
Levow, 2004; Surendran & Niyogi, 2006; Wedel,
Jackson, & Kaplan, 2013). Its potential as a metric in
speech development is often suggested, though not
implemented (So & Dodd, 1995) or conflated with
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child-directed speech (CDS) of five typologically diverse
languages that vary by phone inventory size and structure
as well as word composition. This cross-linguistic
comparison evaluates the potentially language-specific
role of FL and frequency in child consonant emergence.

There is disagreement concerning best practices for FL
calculation. Stokes & Surendran (2005) justify the choice
to calculate FL only in word-initial position since
“children pay attention to the onsets of words (581).”
However, this is not universal. For example, in early word
production, French children actually tend to omit wordinitial segments, likely due to exclusive word-final stress
in French (Vihman, 2013). Consequently, here FL is
calculated over all segments. Elsewhere, FL calculations
are limited to the lemma (Wedel et al., 2013). But since
Turkish, a highly agglutinating language, is included in
this analysis, all inflected and derived forms in the
remaining languages are also. Unfortunately, including
this morphology biases the occurrence of /s/ and /z/ in
English – the plural allomorphs – and they are extreme
outliers. Consequently, it was decided to exclude /s/ and
/z/ from the English analysis. A larger work will compare
the effects of frequency and FL across morphologically
complex and decomposed forms and will include English
/s/ and /z/.

Formalizing Functional Load
FL has been defined as the system entropy reduction
resulting from minimal pair loss (Hockett, 1955).
Following Surendran & Niyogi (2006), here it is
formalized as information loss:

where a is the linguistic unit (phone or word), C is
entropy, and LU is the lexicon. This calculation was made
at the word level, but phoneme level FL is another
alternative. Phone frequency was measured as the number
of occurrences in the corpus divided by the number of
total phones in the corpus. Van Severen et al. (2013)
found that FL and frequency calculated on word types
correlated more strongly with phone acquisition than
word tokens. Consequently, both FL and frequency were
calculated for consonants over type frequencies (English
[N=1,321], Japanese [N= 10,412], Mandarin [N=2,200],
Spanish [N=2,304], and Turkish [N=2,216]).
FL was measured over the entire consonant inventory
of each language (Table 1) except Japanese geminate
stops such as /pp/1 and Japanese /ʃ/. There was not
developmental data on these segments. Spanish /s/ was
also excluded because the CDS corpus is a ceceo dialect
and the developmental data reports on non-ceceo dialects
(see Lipski 1994). Finally, nasals like /n/ and /m/ are
excluded because they are ubiquitous from early babbling,
likely emerging too early to be lexically meaningful.

Methods
Corpora Preprocessing
FL and frequency were calculated over naturalistic,
monolingual corpora of American English (BernsteinRatner [Bernstein-Ratner, 1987] & Brent-Ratner corpus
[Brent & Cartwright, 1996]), Japanese (MiiPro corpus
[Miyata, 2012]), Shenzhen Mandarin (Tong corpus [Deng
& Yip, 2017]), Peninsular Spanish (Aguirre corpus
[Aguirre, 2000]), and Turkish (Aksu [Slobin, 1982] &
Altinkamis corpus [Türkay, 2005]) available in CHILDES
(MacWhinney, 2000). These languages were selected
because they were either 1) already phonologically
transcribed or 2) relatively orthographically transparent
which permits algorithmic grapheme-to-phoneme
conversion. Only CDS directed towards the child from
1;0-3;0 and from the target child’s mother, father,
grandparents, and adult interlocutors was included.
Though sibling input undoubtedly impacts development,
sibling utterances were excluded since age and presence
was corpus-dependent. To further increase corpus
generalizability, the following were also removed: all
proper nouns, with the exception of familial terms (e.g.
“Mama”), child- and family-specific forms, second
language items, and investigator speech. This resulted in
the following token counts/corpus: English (N=32,993),
Japanese (N=235,705), Mandarin (N=72,908), Spanish
(N=44,440), and Turkish (N=10,977). Discrepancies in
corpus size are counteracted in a bootstrap procedure
before model fitting in Results.
The Mandarin (Pinyin transcription), Spanish, and
Turkish corpora underwent a grapheme-to-phoneme
conversion utilizing the Montreal Forced Aligner
(McAuliffe et al., 2017). Forms without a representation
in the corresponding dictionary were discarded. These
unknown words made up 0.39%, 0.86%, and 10.71% of

1
The only developmental data available was acoustic (Kunnari,
Nakai, & Vihman 2001). For consistency, emergence calculation
was limited to diary data.
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the Spanish, Mandarin, and Turkish corpora, respectively.
Only the relationship of segments and FL is analyzed here
so tone was removed from the Mandarin corpus. The
Brent-Ratner corpus for English was already transcribed
phonologically and the MiiPro Japanese corpus was
transcribed in Hepburn Romanization which is
orthographically transparent (Miyata p.c.).

is not directly comparable between languages but it was
consistent within each language.

Results
Figure 1 maps the relationship of normalized FL to age of
emergence (AoE). To compare FL measurements between
languages, FL was normalized by the sum of all FL
calculations within each language: FL(a) / ∑Fxi. The
negative correlation of FL and AoE for each language
varied: English (Pearson r = -.50), Japanese (r = -.29),
Mandarin (r = -.04), Spanish (r = -.13), and Turkish (r = .58) and meaning that in some languages, children tend to
acquire phones with higher functional load first.
Frequency negatively correlated with AoE in each
language: English (r = -.39), Japanese (r = -.20),
Mandarin (r = -.47), Spanish (r = -.58), and Turkish (r = .29). FL correlated more strongly than frequency with
AoE for three out of the five languages. This suggests that
FL plays a role in consonant emergence for some
languages, but frequency is most predictive.
To confirm the generalization from correlational
statistics, a bootstrapping with replacement procedure was
employed over each of the CDS type-frequency language
corpora in one hundred 750-word samples.2 FL was then
normalized over the sum of phone FL measurements
within each sample.
Stepwise cumulative link mixed effects models, similar
in implementation and interpretation to other hierarchical
(e.g. mixed effects) models but specified for ordinal
response variables, were fit to the bootstrapped data for
each language using the clmm function in the R package
ordinal (Christensen, 2015). Multivariate linear and
even logistic models cannot perform as well as clmms.
Linear models predict values outside of the realistic range
of the response variable. Here this means that the model
would predict a relationship before the age children begin
producing consonants. Since AoE does not evoke a
continuous developmental period, but rather discrete,
chronologically ordered developmental stages, it was
binned into developmental periods of 3 months (e.g. 0;111;1, 1;2-1;5) Forwards stepwise model fitting was
evaluated through log-likelihood tests and AIC
comparison.
When discussing child phonology, an obvious concern
about motor limitations arises. No model of emergence is
complete without an articulatory complexity metric but it
is surprisingly difficult to quantify. The scale used for the
model parameter articulatory_complexity is adopted
with modification from Stokes & Surendran (2005)
(Table 3).

Developmental Data
Age of consonant emergence (AoE) was determined from
previous peer-reviewed works of developmental
phonology for each language. Studies have employed
distinct metrics to qualify a consonant as “emerged” in a
child’s phonological repertoire: if the sound was present
in the child’s inventory at least two times in a given
speech sample (Dinnsen et al., 1990) or, in larger studies,
if 90% of the children produced the sound one time
(Prather, Hedrick, & Kern, 1975; So & Dodd, 1995). Data
collection methodologies – naturalistic, elicited, etc. –
also differ by study. Table 2 lists studies referenced and
the metrics employed. When an age range was specified
(e.g. 18-22 months), the mean month was taken as AoE.

Given the discrepancy between studies, the metric for
consonant emergence is not standard. For example,
consonants appear to emerge much later in the English
data but this is due to the more stringent emergence
criterion that Prather et al. (1975) used. As a result, AoE

2
In Japanese, samples < 750 resulted in a FL of 0 for almost
all segments/sample. This is likely due to heterogeneous
phonotactics and distinct lexical strata in Japanese so a sample
size of at least 750 is required to gauge FL (Itô & Mester, 1999).
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children age, phone FL/frequency decrease. Best model fit
for English was quadratic so a negative coefficient instead
indicates a rising, concave trajectory. Coefficients are scaled
via z-score normalization to compare the relative
importance of FL and frequency for emergence.

Best model fits resulted in parameter values for
frequency and FL that varied by language (table 4).3
Articulatory_complexity was modeled as a random effect
for each language. Negative coefficients signify that as
3

Coefficients in table report on Mandarin model without /ts/ and
Spanish model without /ɾ/. Alone, these phones changed their
respective language model fits. The coefficients for a Mandarin
model with /ts/: (frequency=-1.30 ***, FL=0.43 ***) and Spanish
model with /ɾ/: (frequency=-2.14 ***, FL=1.17 ***).

The significance of FL and frequency for these models
indicates that, alone, articulatory complexity does not
explain when children first produce consonants. For
example, Turkish-, Spanish-, and English-learning children
learn higher FL and higher frequency phones before lowerFL and lower frequency phones, even after controlling for
articulatory complexity. However, FL does not have this
predictive effect in Mandarin or Japanese. Furthermore, the
normalized coefficients permit comparison between model
parameters. So frequency is more predictive than FL in both
English and Spanish. However, FL is more predictive for
emergence in Turkish.
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Discussion
Phone frequency influences consonant development in
children’s speech. The more children hear a sound, the
faster they can focus attention to imitating its articulation
and ensuing acoustic signal. Yet this intuitive relationship
has limitations. Edwards et al. (2015) cite the example of
English /ð/. Due to words like ‘the’ and ‘that’, /ð/ has
exceptionally high token frequency, but low type frequency
in English. This explains, in part, why /ð/ emerges
relatively late for children learning English. So while
frequency is correlated with development, alone, it cannot
complete the picture of speech development.
Likewise, child phonology is rife with examples of
phones that emerge late due to motor limitations and
immature physiology (McGowan, Nittrouer, & Manning,
2004; Nittrouer, 1993). But cross-linguistically, the same
segment can emerge in child speech at different
developmental stages (Edwards & Beckman, 2008). So
articulatory demands also cannot fully predict when sounds
emerge in child speech.
The model here incorporates both of these factors and
tests an additional parameter: functional load. Even when
controlling for type frequency and articulatory complexity,
children learning English, Turkish, and Spanish manipulate
the semantic information in the input to inform their
timeline of early phone production. At least at the segmental
level, children acquiring Japanese and Mandarin do not use
this information. This supports previous findings about the
primacy of the lexicon for speech development in models of
English learners (Feldman et al., 2013). There is of course a
natural circularity to any argument about ambient language
effects and language acquisition. It follows a chicken-orthe-egg logic: do children acquire segments because they
are more frequent in the input or more frequently contrast
words? Or are those sounds more frequent because they are
more “naturally” acquired or easier to articulate? Both
explanations are valid and models here suggest that, crosslinguistically, universals and language-specific parameters
govern speech development.
FL did not predict consonant emergence in Mandarin,
replicating Stokes & Surendran (2005)’s finding from
another tonal language, Cantonese. There, the authors
attributed the finding to the high load of tone in Cantonese.
The same explanation could be offered for the Mandarin
model outlined here. However, it is also possible that, like
Mandarin-speaking adults, Mandarin-speaking children
have a different phoneme awareness than English- or
Spanish-speakers. For example, Mandarin-speaking children
may instead transact contrasts at the syllable level. Though
Japanese is not a tonal language, its consistent syllable
structure (primarily CV) may also mean that children rely
upon this reliable syllable shape, instead of individual
phones, to bootstrap into phonological categories.
In both Spanish and English, frequency was a stronger
predictor for speech sound emergence than FL. This is not a
surprising conclusion given the typological and structural
similarity between the languages. However, FL was a

stronger predictor than frequency for Turkish. This could be
due to the agglutinating nature of Turkish. Instead of
computing contrasts over the entire lexicon, children may
instead compute only across semantically meaningful words
such as nouns and action verbs, ignoring function and
grammatical words. (Note that Wedel et al. (2013) opted to
remove function words entirely from their FL analysis.) In a
language like Turkish, the information typically expressed
in function words – tense, aspect, prepositional relations – is
expressed in suffixes attached to root words. In Spanish and
English, however, function words are separate lexemes.
Computing FL over datasets with and without grammatical
and function words could be a way to test this hypothesis
empirically. Future analyses into the relationship between
emergence and ambient effects should also compute FL
over morphologically decomposed corpora to better
understand which parts of the lexicon children use to
acquire speech sounds.
In conclusion, the intuition that ambient frequency
predicts consonant development was confirmed for all
languages studied. In addition, the ability to contrast words,
calculated by phone FL, also predicts when speech sounds
emerge in Spanish, English, and Turkish. These
relationships are constant even after controlling for the
articulatory demands of phones. These results reaffirm the
dual contributions of environment and physiology on early
language production.
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Abstract
The semantic memory literature has recently seen the emergence
of predictive neural network models that use principles of
reinforcement learning to create a “neural embedding” of word
meaning when trained on a language corpus. These models have
taken the field by storm, partially due to the resurgence of
connectionist architectures, but also due to their remarkable
success at fitting human data. However, predictive embedding
models also inherit the weaknesses of their ancestors. In this paper,
we explore the effect of catastrophic interference (CI), long known
to be a flaw with neural network models, on a modern neural
embedding model of semantic representation (word2vec). We use
homonyms as an index of bias depending on the order in which a
corpus is learned. If the corpus is learned in random order, the final
representation will tend towards the dominant sense of the word
(bank à money) as opposed to the subordinate sense (bank à
river). However, if the subordinate sense is presented to the
network after learning the dominant sense, CI produces profound
forgetting of the dominant sense and the final representation
strongly tends towards the more recent subordinate sense. We
demonstrate the impact of CI and sequence of learning on the final
neural embeddings learned by word2vec in both an artificial
language and in an English corpus. Embedding models show a
strong CI bias that is not shared by their algebraic cousins.
Keywords: semantic models; word2vec; neural networks;
catastrophic interference; statistical learning

Introduction
Distributional models of semantic memory (DSMs; e.g.,
Landauer & Dumais, 1997) have been hugely successful in
cognitive science, explaining how humans transform firstorder statistical experience with language into deep
representations of word meaning. These models are all
based on the distributional hypothesis from linguistics
(Harris, 1970) and specify mechanisms to formalize the
classic notion that “you shall know a word by the company
it keeps” (Firth, 1957). There are dozens of DSMs in the
cognitive literature now, with learning mechanisms inspired
by different theoretical camps ranging from Hebbian
learning to probabilistic inference (see Jones, Willits, &
Dennis, 2015 for a review). The commonality to all these
models is that they use co-occurrence counts of words
across contexts in linguistic corpora, and exploit these
statistical
redundancies
to
construct
semantic
representations.
There has been a recent resurgence of neural network
models across cognitive science and machine learning. This
resurgence has included very successful predictive DSMs
within connectionist architectures based on principles of
error-driven learning core to theories of reinforcement

learning. Earlier work had explored neural networks to learn
distributed semantic representations from artificial
languages using recurrent networks (e.g., Elman, 1990) and
feed-forward networks (Hinton, 1986). But neural networks
were essentially non-existent in the 1990s and early 2000s
as models that scale up and learn from natural language
corpora. Rather, the field became fixated on algebraic
models based on dimensional reduction mechanisms such as
singular value decomposition applied to a matrix of word
counts across contexts in a corpus (e.g., classic Latent
Semantic Analysis; Landauer & Dumais, 1997).
However, the recent literature has hugely reversed this
trend, with the emergence of predictive neural network
models, and the observation that they tend to outperform
classic models on most tasks of semantic similarity that are
commonly used in natural language processing. Rather than
counting words in contexts, these models predict the word
given the context, and backpropagate the error-signal
through hidden layers in a neural network. Although a rather
simple architecture, and essentially the same one studied by
Rogers and McClelland (2004) in their seminal work, these
predictive models have rapidly risen to the top of the DSM
battle in their ability to account for human data across a
range of tasks.
The standard predictive network currently discussed in
the literature is Mikolov et al.’s (2013) word2vec model1.
Word2vec is a feedforward neural network with localist
input and output layers that contain one node per word in
the vocabulary, and a hidden layer of ~300 nodes that is
fully connected to both input and output layers. When a
linguistic context is sampled (e.g., “save money bank”) the
target node is activated at the input layer (+bank) and
activation is forward propagated to the output layer, with the
desired output being the observed context words (+save,
+money). The error signal (observed output – desired
output) is applied to the network with backpropagation to
correct the weights and make it more likely the next time
this target word is encountered that the correct output
pattern will be generated. Although prediction is used to
train the network, it is the final pattern of weights across the
input-to-hidden layer that are exported and used as deep
semantic representations of word meaning. Two words that
1

The word2vec architecture has two possible model directions:
The context may be used to predict the word (referred to as a
CBOW), or the word may be used to predict the context (a
skipgram). Although the theoretical claims here apply broadly to
neural network models, and hence, both directions in word2vec,
we will use skipgram as our demonstration example because it
maps conceptually onto most connectionist models.
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have similar vector patterns across these weights are
predicted by similar contexts, even if they never co-occur
with each other, akin to (but superior in data fit) the secondorder inference vectors learned by traditional algebraic
DSMs.
Word2vec has received considerable attention in the
machine learning literature due to its ability to outperform
all previous models (Baroni et al., 2014). To cognitive
science, this success is of considerable interest as word2vec
implements a potentially biologically plausible neural
architecture and links to classic theories of reinforcement
learning (e.g., Roscorla & Wagner, 1972), drawing
theoretical connections to other areas of cognition with a
unified mechanism. One feature of particular interest in
neural embedding models is that they are incremental
learners, in contrast to earlier algebraic DSMs which were
largely batch learners. The incremental learning of neural
embedding models has been taken by some as additional
evidence in favor of cognitive plausibility of the models.
While the hype surrounding neural embedding DSMs is
certainly warranted given their recent success at fitting
human data, it is important to remember that the models also
inherit the weaknesses of their predecessor neural networks.
One weakness in particular that models such as word2vec
are likely to have is catastrophic interference (CI): The
tendency of neural networks to loose previously learned
associations when encoding new ones. In this sense, the
positive attribute of neural embedding DSMs being
incremental learners is also what opens them up to a
potentially serious flaw that does not exist in their batch
learning algebraic counterparts. The goal of this paper is a
first attempt to document the extent to which CI is affecting
the semantic representations learned by word2vec in
particular, although the problem of CI will apply uniformly
across all neural embedding DSMs that use backpropagation
as a learning mechanism.

Stability-Plasticity Dilemma in Neural Networks
The stability-plasticity dilemma (Grossberg, 1982;
Hasselmo, 2017) refers to the problem of any learning
system to learn new stimuli while preventing the new
learning from distorting existing learning. We need to
balance memory for individual exemplars with abstraction,
recency with primacy, and it is optimal to preferentially
strengthen memories that are more likely to be needed in the
future. While all cognitive systems gradually forget
information, biological organisms exhibit gradual forgetting
of old information as new information is acquired. In
contrast, artificial neural networks have long been known to
forget catastrophically. Catastrophic interference (CI) is thus
defined as the sudden and complete loss of previously
learned associations when learning new associations (see
French, 1999 for a review). CI is a consequence of using
backpropagation as a learning mechanism to reuse neural
connections to tune learning, and is a key flaw to all
feedforward neural embedding architectures that are
currently used as DSMs.

McClosky and Cohen’s (1989) seminal work trained a
standard multilayer network to learn single-digit “ones”
arithmetic facts (e.g., 1 + 1, 9 + 1) using backpropagation
until the network had perfectly learned the associations.
They next trained the same network on a new set of singledigit “twos” facts (e.g., 2 + 1), until the network had been
trained to respond correctly to all of them. While the
network was able to correctly answer the twos facts, it had
completely lost the previously learned ones facts—the
associations that had been trained to zero error were now
lost completely. The learning of new associations with
backpropagation overwrote the previous learning. The CI
pattern was duplicated in a second experiment by McClosky
and Cohen by simulating standard tasks of paired associate
word learning. Further, Ratcliff (1990) demonstrated that in
standard sequential learning paradigms, backpropagation
networks catastrophically forget previous items as new
items are learned, unlike humans performing the same tasks.

Using Homonyms to Measure Representational
Bias in Semantic Space
The standard architecture used by neural embedding
models such as word2vec is susceptible to CI, but it is
unclear if, or to what extent, CI would affect the final
semantic representation. Word2vec uses predictive
association for learning (e.g., bank à save + money) and
backpropagation for error correction. But the final
representations of word meanings are the contained in the
vector of association weights across the input-to-hidden
layer. It is reasonable to expect that if a word predicts very
different contexts, such as homonyms (bank à save +
money; bank à sand + river) that the final semantic
representation for a word will be heavily dependent on the
most recently learned sense association, potentially
producing a great loss of the previously learned sense
association. Hence, homonyms act similarly to classic XOR
stimuli in experimental studies: The same output pattern is
predicted by two (or more) orthogonal input patterns.
The goal of this paper is to explore the impact of the
training sequence of context/target pairs on the final
representational space in the word2vec skipgram
architecture. Hence, we use homonyms as an index of
movement in semantic space. For a homonym with two
equally frequent distinct meaning senses, the semantic
representation of the target word in word2vec should be
equidistant between the two opposing meanings in semantic
space. If the homonym has a dominant and subordinate
sense, then the final meaning will tend towards the more
frequent dominant sense in semantic space. However, if
contexts containing the subordinate meaning are the most
recently learned, then CI may produce a semantic
representation that will erroneously tend towards recency
over the more frequent meaning. Hence, we can use
homonyms as an elegant measure of how a word’s meaning
differs from a randomly sampled corpus when we make
certain sense contexts more or less recently presented to the
backpropagation algorithm.
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Experiment 1 uses a simple engineered language
presented to word2vec. The corpus learned is the same in all
conditions, but the ordering of the contexts is varied (cf.
Ratcliff, 1990). Experiment 2 scales the principles up to a
natural language corpus where contexts containing the
dominant and subordinate senses of the target word are
presented to word2vec, either in random order, or in
sequentially manipulated orders.

Experiment 1: CI in an Artificial Language
As an initial evaluation of CI in word2vec, we created a
simple artificial language inspired by Elman (1990). In the
language, there is a single homonym, bass, with two distinct
senses—bass [fish], or bass [guitar]. There are two actors
(man/woman) who may occur in either sense context.
Hence, a corpus containing the simple language was created
by randomly sampling from:
Man/woman catch/eat trout/bass
Man/woman play/pluck acoustic/bass
We generated a corpus of 8,000 sentences from this
grammar (e.g., “man catch bass,” “woman play bass,” …).
The corpus was generated to ensure that bass occurs an
equal number of times in the fish and guitar contexts, and a
neural embedding model will form a semantic
representation for bass that is an average of its two distinct
sense contexts. To measure the semantic position of bass
relative to its two distinct senses, we compute the cosine to
its two sense-pure synonyms, trout and acoustic. When the
corpus is sampled randomly, bass has an equal similarity to
both trout and acoustic. However when the order of senses
in the corpus is not random but favors a more recent sense,
the position of bass is expected to tend towards the sensepure synonym of that sense.
The word2vec skipgram architecture (Mikolov, et al.,
2013) was trained on the corpus of 8,000 sentences sampled
from the artificial language in three distinct orderings:
random, fish context first, and guitar context first. The exact
same set of 8,000 sentences was presented to the model in
each condition, but the sequencing was varied (i.e., LSA
would produce the exact same representation for all three).
In the sequenced versions, ordering was randomized but
with the additional constraint that one sense occurred in the
first half of the corpus, and the other sense was restricted to
the second half of the corpus.
Because word2vec has stochastic weight initialization, we
ran the model for 200 replications on each ordering of the
corpus. Each training run, the model was presented with the
full corpus (8,000 training epochs) and we recorded the
vector cosine of bass to trout and acoustic.
The skipgram model was trained by minimizing objective
function predicting a target word given its surrounding
context, defined as the average log probability:
1
𝑇

!

log 𝑝 𝑤!!! |𝑤! ,  
!!! !!!

(1)

where log 𝑝 𝑤!!! |𝑤! is implemented with a softmax:

𝑝 𝑤! |𝑤! =

exp 𝑣!! ! 𝑣!
!
!!! exp

𝑣!! ! 𝑣!

(2)

Results
Figure 1 shows the vector cosine of bass to trout and
acoustic in the final semantic space for word2vec across 200
replications, while varying ordering. When the model is
trained on a random ordering of the corpus, bass is
equidistant to trout and acoustic. However, when all the fish
contexts are presented first, followed by the guitar contexts,
the resulting semantic spaces showed a very strong
preference for the more recent sense.
For example, if the contexts representing the fish sense of
bass were presented first, the model learned that bass was
synonymous with trout until the second half of the corpus
when the new sense was introduced. With the introduction
of a guitar sense of bass, word2vec then had to reuse the
connection weights to learn the new context association. As
a result, bass became synonymous with acoustic, and the
previous prediction of fish contexts was almost completely
erased.
The final similarity of bass after learning the corpus in the
order of fish-then-guitar was maximal to the sense-pure
synonym (acoustic), and was reduced to nearly zero for the
originally learned sense-pure synonym (trout). In contrast,
the reverse preference is seen when the ordering of senses is
reversed. Note that a batch model such as LSA would
produce the behavior seen in the random case across all
three orderings. Very similarly to the classic McClosky and
Cohen (1989) experiments, word2vec is largely overwriting
the learning of the first context with training on the second
context, and this pattern is reflected in the final semantic
representation of the homonym.
We next varied the sense dominance of the homonym
bass, to present a dominant and subordinate sense frequency
in the artificial corpus. Rather than sampling randomly from
the two senses, the subordinate sense of the homonym was
sampled to be one-third as likely as the dominant sense.
Hence, one sense is two-thirds more prevalent in the
experienced sentences, and we test word2vec’s sense
preference as a function of training sequence.
The results are presented in Figure 2. In the two randomly
presented conditions (two left clusters of bars), word2vec
prefers the dominant sense of the word over the subordinate
sense— the representation of bass was more similar (closer)
to the dominant sense from the corpus. But a dramatic
reversal can be seen in the ordered conditions (two right
clusters of bars). In both of these cases, the dominant sense
is presented first, followed by one-third as many sentences
from the subordinate sense second. In both cases, CI shows
its effect clearly in the final representations: there was a
strong bias towards the more recently learned sense in the
semantic space, despite the fact that it was less frequent than
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the dominant sense in the corpus. Even if the fish sense of
bass was the dominant sense, recent presentations of the
subordinate guitar sense almost completely overwrite that
learning. Again, note that a batch model such as LSA would
simply show a preference for the dominant sense across all
of these presentation orders, but word2vec is influenced by
CI to produce a recency bias that overrides the standard
frequency bias.
1"
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Figure 1. Cosine similarity of the homonym bass to the
fish or guitar sense as a function of sense presentation
order. When the corpus is sampled randomly, bass is
equally pulled between the two senses. However when one
sense is presented earlier in the corpus, followed by the
other sense, bass is strongly biased towards the more
recently presented sense.
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Figure 2. Cosine similarity of the homonym bass to the
fish or guitar sense as a function of order and varied sense
dominance. When sampled randomly, bass tends towards
the more dominant sense. However, if the subordinate sense
is presented more recently, it outweighs the dominant sense,
losing the association of frequency to recency.

Experiment 2: CI in a Natural Corpus
We next test the influence of CI in the representational
space learned by word2vec when trained on natural
language from the classic TASA corpus (Landauer &
Dumais, 1997). TASA is ideal because it contains linguistic
contexts from textbooks with metadata that tags the topic of
the material (e.g., Science, Language Arts, Health, etc.),
which allowed us to select and track a sample of homonyms
with distinct senses.
We used the homonym norms from Armstrong,
Tokowicz, and Plaut (2012) to identify a sample of 14
homonyms that also exist in TASA with very distinct
meaning senses as rated by human subjects. Of the sample
of homonyms, half have roughly equal frequencies in TASA
between the two senses, and half have a clear and dominant
sense (as per frequency in TASA). An example of a sense
balanced homonym is net—the “fabric that encloses the
sides and back of the goal in various games (such as soccer
or hockey)” sense occurs in an equal number of language
arts contexts across TASA as the occurrence of the “ a net
amount, profit, weight, or price” sense in business contexts.
An example of a sense-balanced homonym is pupil—the
“part of the iris of the eye” sense occurs in an equal number
of science contexts across TASA as the occurrence of the
“young learner in school” sense in social studies contexts.
An example of a sense-imbalanced homonym is firm—the
“business facility” sense occurred in business contexts
across TASA eight times more often than did the “having a
solid structure” sense in science contexts.

Method
We applied a simple heuristic to classify whether a word
had a roughly even balance between its senses, or if it had a
bias towards one sense over the other based on the word’s
contextual uses in TASA. If the occurrence of the homonym
in one sense exceeded the other sense by a factor of two, we
classified it as sense biased, and classified it as sense
balanced otherwise. Five of the homonyms were classified
as balanced (hamper, capital, net, slip, plane), and the
remaining nine were classified as biased (firm, compact,
hull, compound, pitch, cap, gum, bull, pupil).
The distance of the homonym in semantic space must be
measured with respect to some sense-pure synonym,
analogous to the artificial grammar simulations that
measured bass in respect to trout or acoustic. To do this, we
first trained word2vec on the single sense of each
homonym, e.g., training the model separately on the
“student” and “eye” contexts of pupil. For each separate
sense space, we determined the target word’s most similar
semantic associate. Due to the stochastic noise added by the
weight initialization process, we identified each target
word’s closest 10 neighbors across 20 replications for sense
1 (e.g., pupil à student, teacher, learn, classroom, books,
etc.) and sense 2 (e.g., pupil à iris, cornea, eye, vision,
etc.), and selected the single associate the was most often
the highest ranked across the resamples. This word will be
considered the target word’s sense-pure semantic associate
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Results
Figure 3 displays the results for the sense-balanced
homonyms, analogous to Figure 1 from the artificial corpus.
In the random training order, the target homonym is evenly
pulled between its two senses. The homonym representation
learned by the model has an equal similarity to each sensepure associate. However, the next two sets of bars show the
effect of CI that comes with sequential sense training. In
both cases, the target homonym becomes more similar to the
recently learned sense and less similar to the previously
learned sense. Note that the forgetting is not completely
catastrophic. However, this is a very profound effect on the
final learned representation of the homonym considering
that this is the exact same input corpus across all three
training orders.
0.8"

cos(target,+sense)+

0.7"

bars show the results for the sequenced training where one
sense is learned before the other. If the dominant sense is
also the more recently leaned sense (middle cluster of bars),
then the target homonym becomes even more similar to the
dominant sense and less similar to the subordinate sense.
However, the effect of CI is seen prominently as a reversal
in the far right cluster of bars. When the subordinate sense is
learned after the dominant sense, the similarity of the target
homonym favors recency over dominance. In this case, the
target homonym actually becomes more similar to the
recently presented subordinate sense than it is to the
dominant sense. Again, the forgetting is not completely
catastrophic. But the pattern is very powerful: CI produces
an effect that makes recency overpower frequency. The
model believes that the target homonym’s meaning is more
similar to the subordinate sense over the dominant sense,
simply because it was encountered more recently.

0.8"
0.7"
cos(target,+sense)+

as was trout and acoustic in the artificial language, and will
be used as an anchor point to measure the target word’s
representation as a function of corpus training order.
With the sense-pure semantic associate identified for each
sense of each homonym, we then trained on the entire
corpus, which mixed the sense contexts together. In the
random condition, the contexts for the target word were
simply sampled in random order, as in usual applications of
word2vec. In the other two classes of simulations, we first
trained on one sense of the target word first, and then the
other sense.
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Figure 4. Similarity of the homonym representation for the
sense imbalanced cases. In random order, the target
homonym is most similar to the more frequent sense (left
bars). If the dominant sense is also more recent, the
homonym moves closer to the dominant sense and further
from the subordinate one (middle). However, CI produces an
effect that reverses this trend (right bars): if the subordinate
sense is more recently encountered, the homonym
representation favors recency over frequency.

0.3"
0.2"
0.1"
0"
Random"

Sense25Sense1"

Sense15Sense2"

Figure 3. Similarity of the homonym representation from
TASA for the sense balanced cases, trained in random
order or with sequenced senses. The CI effect is illustrated
in the second two clusters of bars where the target
homonym is more similar to the recently encountered
sense and less similar to the previously encountered sense.
Figure 4 plots the results for the sense-imbalanced
homonyms from TASA. Each target homonym here has a
bias in TASA towards one of the competing senses (e.g.,
firm is encountered in many more financial contexts in
TASA than it is in science contexts). When trained in
random order, the target homonym is more similar to the
dominant sense in the corpus. The second two clusters of
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Sense"2"(sub)"

Discussion
The resurgence of predictive neural network models has
already led to reconceptualization of the mechanisms
underlying cognitive phenomena. In addition, the utility of
these models to machine learning demonstrates the
importance of basic cognitive science to solving applied
problems. However, it is crucial to remember our history: CI
is a problem that was never fully addressed in the original
connectionist models of the 90s. We have made a clear first
demonstration here that CI can have a strong impact on the
semantic representations learned by neural embedding
models such as word2vec. This is particularly important
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because the potential source of error goes beyond our basic
science and into the many applications of word2vec.
McCloskey and Cohen (1989) and Ratcliff (1990) used CI
to demonstrate an inherent flaw with neural networks as
theoretical models of cognition. But beyond that, neural
embedding models such as word2vec are being used in a
massive number of NLP and knowledge mining
applications2, bringing the errors that come with CI along
for the ride.
This does beg the question: How big of a problem is CI
really likely to be in the regular application of neural
embedding models? Firstly, CI is still very much a
theoretical flaw with these architectures as theories of
cognition, in that they show forgetting and interference
patterns that are extremely unlike biological systems. But
the version of word2vec that we ran here was essentially
stripped down to a core predictive neural network. The full
word2vec algorithm includes negative sampling, frequency
subsampling, and other machine learning tricks to speed
learning and scale up to large amounts of text. Frequency
subsampling adjusts the sampling of contexts of words
inversely proportionate to their normative frequency. The
idea is to sample word tokens roughly an even amount, and
so the model needs to account for the Zipfian law of word
frequencies or it will be spending far too much time on
already well-learned frequent words, and not enough on
rarer words further out on the Zipfian tail.
However, the addition of frequency subsampling can
potentially allow CI to do even more damage to the final
semantic space than without it. The practice means that
fewer samples are taken from high-frequency words,
meaning that there is a greater likelihood that a single rare
sense of the word lemma could be sampled most frequently,
undoing previous learning for the more common sense of
the word. Frequency subsampling assumes a single sense
for a word, but does not take into account the fact that there
is also a Zipfian distribution of senses within homonyms
and polysemes, which constitute half the lexicon. Clearly,
more research is needed to evaluate how much variance
there is in word2vec’s estimate of a word’s position in
semantic space across multiple replications, and in different
sequential orders, of a training corpus.
With the renewed interest in neural networks, the field has
begun to discuss architectures to insulate networks against
CI. The most promising approaches take their organizations
from the anatomical and functional organization of the
brain. For example, complimentary systems theory
(McClelland, McNaughton, & O’Reilly, 1995) posits that a
slow neocortical processing system and faster hippocampal
encoding system in the human brain allows deep processing
of predictive information while avoiding problems that
come with CI. Other architectures, such as holographic
semantic models (Jones & Mewhort, 2007) have already
been shown to have a near immunity to CI and are
promising continuous learning candidates to pursue.

More recently, new algorithms that capitalize on Elastic
Weight Consolidation (EWC) have shown great promise at
learning new associations while insulating previously
learned associations against forgetting (e.g., Kirkpatrick et
al., 2017). EWC constrains the weight space of a deep
learning network within the optimal parameter space of a
previously learned task, essentially having the effect of a
spring (or elastic) on already learned weights that are
important to a previously learned task. Kirkpatrick et al.
demonstrated that EWC networks could learn new strategies
and associative patterns with minimal loss to previously
learned but orthogonal associative patterns. However, EWC
and its relatives have not yet been implemented in semantic
neural embedding models.
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Abstract
Two experiments examined whether an explicit attention to
another’s perspective fosters perspective-taking. The first
experiment attempted to replicate Todd et al.’s (2010) findings
that a mind-set focusing on self-other differences incites
respondents to adopt another person’s perspective in a
subsequent task. Results showed that perceivers focusing on
self-other differences were just as likely to describe an object’s
location from their egocentric perspective as perceivers
focusing on self-other similarities. The second experiment
intensified perceivers’ awareness of self-other differences by
allocating them to one of the perspective-settings (none, selffocus, other-focus). Participants in the perspective-settings
received explicit instructions to regard their own (self-focus)
or another person’s (other-focus) viewpoint during the
perspective-taking task. Findings revealed that other-focused
respondents were more likely to adopt another person’s
perspective than self-focused respondents. Compared to the
baseline, however, an explicit self- or other-focus did not foster
perspective-taking. Our findings indicate the robustness of
respondents’ egocentric bias.
Keywords: perspective-taking; self-other
egocentricity bias; replication study

differences;

Introduction
Our ability to imaging ourselves in another person’s shoes
is one of the most central components for successful social
functioning (Davis, 1983). Ample research shows, however,
that perceivers often fail to put themselves in another
person’s position even when the social context requires them
to do so (e.g., Wardlow Lane et al., 2006). These failed
perspective-taking attempts are said to be the result of
perceivers’ bias to judge social situations from their
egocentric viewpoint (e.g., Keysar et al., 1998). The ease by
which perceivers have access to their own perspective - in
contrast to the impermeable nature of the other’s mind makes perceivers likely to project (e.g., Ames, 2005) their
own perspective onto others. It seems that without conscious
effort of the perceiver (e.g., Epley et al., 2004), perspectivetaking occurs relatively infrequently. Considering that
perspective-taking is central in social interaction, it is
important to explore what is needed to overcome an
egocentric approach and to engage in perspective-taking.
Research by Todd and his colleagues (2010) has shown
that perceivers are likely to adjust away from an egocentric
interpretation if they see themselves and others as being
unique and distinct. Their research showed that visually
priming perceivers with a mind-set that focuses on visual
differences between pictures translated to acknowledging
differences in perspectives in a subsequent spatial

perspective-taking task. That is, those primed with a
cognitive orientation to acknowledge self-other differences
rather than self-other similarities were more inclined to adopt
another person’s perspective.
The question that is raised here, however, is whether
perceivers’ awareness of self-other differences can also be
activated without the manipulation of obvious, visible
differences, and whether this awareness can be raised during
perceivers’ communicative interaction. This question is
extremely relevant when you think of the common situations
in which perspective-taking between not-so-different others,
such as friends, family members or co-workers, is crucial for
relationship well-being and conflict resolution (e.g.,
Gehlback, 2004). In the absence of visible differential cues,
can a general awareness of differences in perspectives be
activated in the mind of the perceiver?
Third-party interventions, such as family therapists and
mediators, regularly employ interpersonal perception
questions (Tomm, 1985), such as “What does your partner
see/think/believe?”, that explicitly and repeatedly force
receivers of such questions to read the mind of their
interlocutor. These explicit perception questions are said to
stimulate interlocutors to engage in perspective-taking
behavior and to result in interlocutors’ general awareness that
differences in perspectives do exist (Tomm, 1985). To our
knowledge, however, no research has yet examined whether
explicit perception instructions actually contribute to
perceivers’ general awareness of self-other differences in
perspectives. This research aims at providing a first step in
investigating the influence of explicit perception instructions
on perceivers’ subsequent propensity to regard self-other
perspective differences. In particular, we aim to explore the
extent to which these explicit instructions might reduce
perceivers’ tendency to judge situations from their egocentric
viewpoint.

The Present Research
Two experiments investigated the influence of perceivers’
awareness of self-other perspective differences on visual
perspective-taking. The ability to represent how objects
appear to others is argued to be an important skill that
perceivers need to acquire in order to engage in higher levels
of perspective-taking, such as psychological perspectivetaking (e.g., Taylor, 1988). Research even argues that inciting
perceivers to regard visual perspectives also helps them to
accurately represent the other’s psychological perspective
(Erle & Topolinsky, 2017). The first experiment aimed to
replicate Todd et al. (2010) findings that a picture-
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comparison task can activate a difference-mind-set that
subsequently stimulates perceivers to adopt another person’s
spatial perspective. A second experiment examined whether
explicit perception instructions can also activate perceivers’
awareness of self-other perspective differences, and whether
this awareness increases perceivers’ tendency to adopt
another person’s viewpoint. In this way, these two studies
further our understanding of the mechanisms that underlie the
perspective-taking process (i.e., regarding self-other
differences) and the extent to which explicit instructions to
attend to another’s divergent vantage point promotes
perspective-taking.

Experiment 1
The first experiment investigated the influence of a
difference-mind-set on participants’ tendency to adopt the
visual perspective of another person. For this, we fully
replicated the experimental design of Todd et al. (2010) first
experiment, and asked respondents to take part in a spatial
perspective-taking task (e.g., Tversky & Hard, 2009). During
this task, respondents described the location of an object that
could be located from their own spatial perspective or from
the perspective of another person. As in Todd et al., we
predicted that the respondents primed with a difference mindset would be less influenced by their egocentric perspective
and thus more likely to adopt an other-oriented perspective
than respondents primed with a similarity mind-set or
participants in the baseline.

confronted with four singular pictures of drawn houses for
which they were asked to describe them by listing three
attributes for each picture.
Spatial Perspective-Taking After the priming task,
participants completed a spatial perspective-taking task in
which they were shown a photographed scene of a man seated
behind a table facing the participants (figure 1). We reenacted Todd et al. (2010) visual scene, because we wanted
to use different versions of this scene in experiment 2. On the
table, a book and bottle were placed using a clear left and
right distinction. Among several filler questions, participants
answered the critical question “On what side of the table is
the book?”. Answers that located the book from participants’
own viewpoint (“right side”) were scored as (0) self-oriented
responses, whereas answers that located the book from the
man’s viewpoint (“left side”) were scored as (1) otheroriented responses. Descriptions that fit in neither category
(e.g., “at the top” or “in the middle”) were excluded (Ndifferencemind-set = 6; Ncontrol = 4).

Method
Participants and Design
128 participants (46 more than in the original study) were
recruited from Tilburg university and randomly assigned to
one of the three conditions (difference-mind-set, similaritymind-set, or control). The data of four participants were
excluded from the analysis, due to an error in the
experimental procedure (N = 2), or due to their knowledge
about the actual purpose of the experiment (N = 2). This
resulted in 43 participants in the difference-mind-set
condition, 39 in the similarity-mind-set condition and 42 in
the control condition. The age of the participants ranged from
17 to 36 years (M = 21.55; SD = 3.28), and the majority of
participants (72%) was female.

Procedure and Materials
Difference or Similarity Mind-Set The priming materials
were requested from Todd et al. (2010) and translated into
Dutch. On entering the lab, participants were told that they
were participating in a study investigating the effectiveness
of several experimental stimuli. To prime participants with
either a difference- or similarity-mind-set, we replicated the
picture-comparison task from Todd et al. (2010). In this task,
participants compared four pairs of pictures of drawn houses
and listed either three differences (difference-mind-set) or
three similarities (similarity-mind-set) between each
presented pair. Participants in the control condition were only

Figure 1: The photographed scene in the spatial
perspective-taking task.
On top of replicating the experimental procedure of Todd
et al. (2010), we administered three subsequent tasks that
measured respondents’ self-reported perspective-taking
tendency and their abilities to engage in perspective-taking.
This way, we were able to account for possible underlying
mechanisms that could influence perceivers’ spatial
perspective-taking, without harming the replication study.
Self-reported
Perspective-Taking
We
assessed
participants’ tendency to regard the man’s perspective by six
items. Participants indicated how much they agreed with the
declarative sentences (e.g., “I generally tried to imagine how
the man in the picture looked at the situation”) on a 7-point
scale (1 = strongly disagree; 7 = strongly agree). The scale
had a high reliability (α = .77), and the items represented a
one-dimensional scale with all factors loading above .40.
Mental Rotation Ability To account for the possible
influence of participants’ mental rotation ability on their
propensity to regard the spatial perspective of another person,
participants took take part in a shortened version of Cooper
and Shepard’s (1973) mental rotation task. Participants
indicated for 24 experimental trials whether a visual display
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was presented canonically or reflected. The visual displays
were presented in different orientation degrees (i.e., from 0 to
360 degrees). Participants’ mental rotation proficiency was
estimated by calculating their overall error rate (in
proportions).
Autism-Spectrum Quotient Scale Previous research
indicated that people vary in their social and cognitive ability
to engage in perspective-taking (e.g., Baron-Cohen et al.,
2001). We asked participants to respond to an abridged,
validated and Dutch version of the Autism-Spectrum
Quotient Scale (AQ) (original by Baron-Cohen et al., Dutch
version Hoekstra et al., 2011). This allowed us to account for
the differences in participants’ perspective-taking ability.
The abridged version consisted out of 28 declarative
sentences (e.g., “I find it difficult to work out peoples’
intentions”) that were measured on a 5-point scale (1=
strongly disagree; 5 = strongly agree). Higher values
indicated that participants had a low social and cognitive
ability to engage in perspective-taking. The AQ had a very
good internal consistency (α = .89). After filling out the AQShort, we collected participants’ demographics, debriefed
and thanked them, and rewarded them with course credits.

Results
In table 1, the mean proportions of other-oriented location
descriptions in the original Todd et al. (2010) study and in
our replication study are presented.
Table 1: Mean Proportions of Other-Oriented Location
Descriptions as a Function of Condition.
Condition

Other-Oriented Responses
Todd et al. (2010)

Experiment 1

Control

.34 (.48)

.39 (.50)

Similarity

.27 (.45)

.31 (.47)

Difference

.62 (.50)

.27 (.45)

Note. Standard deviations are presented in parentheses.
The proportions of other-oriented responses did not differ
much between the control (M = .39, SD = .50), similaritymind-set (M = .31, SD = .47) and difference-mind-set (M =
.27, SD = .45) conditions. The participants in the differencemind-set condition in our replication study were two times
less likely to produce an other-oriented response, than those
participants in the original study (M = .62, SD = .50).
Todd and his colleagues (2010) performed a one-way
analysis of variance (ANOVA) with planned comparisons to
investigate the influence of the primed mind-sets on the
probability of an other-oriented location description to occur.
We replicated this method of analysis and did not find a
significant main effect of condition, F(2, 111) = 0.69, p =
.503. Participants with a difference-mind-set were just as

likely to provide a location description that was oriented from
the perspective of the man in the photograph as the
participants with a similarity-mind-set, t(111) = 0.35, p =
.365, and the participants in the control condition, t(111) =
1.14, p = .128. Participants’ propensity to provide an otheroriented location description also did not differ between the
control and similarity-mind-set condition, t(111) = 0.81, p =
.210.
Moderation Analysis We construed a conceptual model
(PROCESS model 2; Hayes, 2013) that investigated the
relationship between the primed mind-set and the generated
other-oriented responses, while controlling for participants’
mental rotation (MR) and perspective-taking (AQ) abilities.
We dummy coded our predictors and construed two models:
difference- vs. similarity-mind-set (Di), and difference-mindset vs. control (Dj). We corrected for multiple tests by
employing the Bonferroni correction (a £ .025; Hayes &
Preacher, 2014). The bootstrapped confidence intervals were
obtained over 10.000 iterations, and predictors were centered
before the analysis.
The results of the one-way ANOVA were reflected in the
PROCESS analyses as condition did not have a direct effect
on other-oriented responses (bi = 0.15, SE = 0.52, z = 0.29, p
= .770, 95% BCa CI [-0.86, 1.16]; bj = -0.42, SE = 0.52, z = 0.81, p = .420, 95% BCa CI [-1.44, 0.60]). Participants’ AQscore did not moderate the relationship between the primed
mind-set and other-oriented responses (bi = -0.28, SE = 1.47,
z = -0.19, p = .848, 95% BCa CI [-3.17, 2.61]; bj = 0.18, SE =
1.25, z = 0.14, p = .887, 95% BCa CI [-2.27, 2.63]), nor did
their mental rotation ability (bi = 1.55, SE = 4.21, z = 0.37, p
= .713, 95% BCa CI [-6.70, 9.79]; bj = 3.03, SE = 4.59, z =
0.66, p = .510, 95% BCa CI [-5.97, 12.02]).
Participants’ Perspective-Taking Tendency Participants in
the control (M = 3.92, SD = 1.23), similarity- (M = 3.85, SD
= 0.99) and difference-mind-set (M = 3.85, SD = 1.16)
condition reported the same perspective-taking tendency,
F(2, 121) = .04, p = .958. A follow-up logistic regression
revealed that participants’ self-reported perspective-taking
tendency did, however, significantly predict their behavior
during the spatial perspective-taking task (b = .84, SE = .21,
p < .001, 95% CI [1.54, 3.47]), representing a positive
association. As participants’ perspective-taking increased, so
did the likelihood of them providing an other-oriented
response that located the book from the man’s perspective.

Discussion
The first experiment investigated whether a mind-set
focusing on self-other perspective differences rather than
self-other similarities stimulates perceptual perspectivetaking. Whereas Todd and his colleagues found that priming
participants with a difference- rather than similarity-mind-set
increased the likelihood of perceivers adopting another
person’s visual perspective, we did not replicate this finding.
In our experiment, participants with a primed differencemind-set were just as likely to provide a location description
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that oriented the target object from another’s visual
perspective as participants without or with a primed
similarity-mind-set. This suggests that visually priming
respondents to acknowledge differences between picturepairs does not translate to also acknowledge self-other
differences in perspectives. This might explain why we did
not replicate the effect of the visual priming method on
spatial perspective-taking in this study. The results from
participants’ self-reported perspective-taking tendency and
its positive correlation to actual perspective-taking behavior
strengthen our findings. Participants who reported that they
had regarded the man’s perspective during the spatial
perspective-taking task had also been more likely to locate
the book from the man’s perspective. Interestingly,
regardless whether a self-other difference-, self-other
similarity- or no mind-set was mentally activated, these selfreported tendencies did not differ between the three
conditions. This strengthens the conclusion that the picturecomparison task did not influence participants’ propensity to
adopt another person’s viewpoint.
This replication study further showed respondents’ social
and cognitive ability to regard others’ perspectives (AQscore) and their ability to mentally represent and rotate
objects did not moderate the relationship between the primed
mind-sets and visual perspective-taking.

were recruited during experiment 1. The data of 2 participants
were excluded, due to them having prior knowledge about the
purpose of the experiment. The age of the 120 participants
(32 males, 88 females, Nself-focus = 38, Nother-focus = 40, Ncontrol =
42) ranged from 17 to 36 (M = 21.39; SD = 3.01).

Procedure and Materials
We replicated the complete procedure from the first
experiment with only one important difference: instead of
priming participants with a difference- or similarity-mind-set
before the spatial perspective-taking task, we explicitly
stimulated participants’ self- versus other-focus during the
task itself. At the start of the experiment, all participants filled
out a control version of the picture-comparison task during
which they described four singular pictures of drawn houses
by listing three attributes for each picture. Hereafter, the
spatial perspective-taking task was administered. However,
before participants indicated the location of the book, they
answered four explicit perception questions that were
embedded among fillers. Participants were explicitly
instructed to indicate how objects appeared to themselves
(self-focus) or to the man in the photograph (other-focus)
(table 2).
Table 2: The objects, scenes and object-rotations used for
the explicit perception instructions

Experiment 2
The second experiment examined whether explicit
instructions to acknowledge another person’s viewpoint
might serve as a better stimulant to incite perceivers to adopt
this person’s perspective. Because an awareness of self-other
differences should cue the inappropriateness of egocentric
anchoring (e.g., Epley et al., 2004), we expected that explicit
instructions to acknowledge another person’s distinct
perspective would reduce perceivers’ egocentrism. In
contrast, we expected perceivers’ egocentrism to increase by
explicit instructions to acknowledge their own perspective.
To test these hypotheses, we replicated the previous
experiment and intensified the perspective-awareness
manipulation. Instead of visually priming self-other
differences prior to the spatial perspective-taking, we raised
perceivers’ awareness of self-other differences by explicitly
instructing them to regard another person’s viewpoint during
the spatial perspective-taking task. We explored the extent to
which these explicit instructions stimulated perceivers to step
in another person’s shoes.

Method
Participants and Design
In a between-subjects design, we investigated the extent to
which a perspective-focus (self-focus, other-focus, none)
would influence participants’ propensity to engage in
perspective-taking. We recruited 80 participants from the
university and randomly assigned them to one of the two
perspective conditions (i.e., self-focus, other-focus). For the
control condition, we used the data of the 42 participants that

Object

Rotation

Laptop

Front/Back

Picture
frame

Front/Back

Lamp

Left/Right

Mug

Left/Right

Option 1

Option 2

For example, the first question presented participants with
a scene in which a man looked at a laptop placed before him.
Below this picture, participants saw two pictures of the
laptop: one showing the laptop from the front (option 1) and
one showing the laptop from the back (option 2). Participants
in the self-focus condition answered the perception question:
“How does the laptop appear to you?”, whereas participants
in the other-focus condition answered: “How does the laptop
appear to the man in the picture?”. Participants selected the
option that depicted the laptop in the right rotation. To ensure
the intrusiveness of this perspective-awareness training, we
chose two different object rotations (back/front, left/right). If
participants chose the wrong option, they had to answer the
question again. To disallow routineness, we scrambled the
options for the repeated questions. Afterwards, participants
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indicated the location of the book. We excluded four
responses (Nself-focus = 1, Nother-focus = 3, Ncontrol = 4) that located
the book “in the middle” or “on the upper side”.
The spatial perspective-taking task was followed by
recording participants’ self-reported perspective-taking
tendency (α = .78), and their mental rotation (MR) and
perspective-taking (AQ, α = .91) abilities. After collecting
their demographics, participants were thanked, debriefed and
given a small remuneration for their participation.

Results
Training Performance Perspective errors mainly occurred
in the other-focused condition in which participants indicated
how the objects appeared to the man in the picture (Nother-focus
= 4, Nself-focus = 1). One participant in the self-focused
condition made the same error twice, whereas the other
participants only made the error once. Perspective errors
mainly occurred for the objects with a left/right (Nlamp = 3,
Nmug = 1) versus a front/back (Npicture frame = 1) rotation.
Moderation Analysis The least other-oriented responses
were given in the self-focus condition (M = .16, SD = .37),
followed by the control (M = .39, SD = .50) and other-focus
(M = .51, SD = .51) conditions. We construed a conceptual
model (PROCESS model 2) that investigated the relationship
between the perspective-focus and the other-oriented
responses, while controlling for participants’ mental rotation
(MR) and perspective-taking (AQ) abilities. We dummy
coded our predictors and construed three models: control vs.
self-focus (Di), control vs. other-focus (Dj), self-focus vs.
other-focus (Dk). We employed the Bonferroni correction (a
£ .017) to correct for multiple tests.
Results showed that the direct effect of the explicit selfversus other-focus on oriented responses was significant (bk
= 1.69, SE = .59, z = 2.84, p = .005, 95% BCa CI [0.52, 2.85]).
The direct effect of the control versus self-focus condition (bi
= -1.56, SE = 0.82, z = -1.89, p = .0585, 95% BCa CI [-3.17,
0.06]), and the control versus other-focus condition (bj = 0.11,
SE = 0.71, z = 0.15, p = .880, 95% BCa CI [-1.28, 1.49]) on
other-oriented responses were both non-significant.
A follow-up analysis in which we compared the self-focus
and other-focus conditions revealed that other-focused
participants (M = .51, SD = .51) were 5.4 times more likely
to provide a location description that oriented the book from
the man’s perspective, than self-focused participants (M =
.16, SD = .37), χ2(1) = 10.21, p = .001, representing a medium
association (Cramer’s V = .37).
Participants’ AQ-score did not moderate the relationship
between the trained perspective-focus and the occurrence of
other-oriented responses (bi = 0.23, SE = 1.17, z = 0.19, p =
.847, 95% BCa CI [-2.06, 2.51]; bj = 0.27, SE = 1.08, z = 0.25,
p = .800, 95% BCa CI [-1.84, 2.39]; bk = 0.05, SE = 1.47, z =
0.03, p = .973, 95% BCa CI [-2.83, 2.93]), nor did their
mental rotation ability (bi = 9.62, SE = 5.63, z = 1.71, p =
.087, 95% BCa CI [-1.41, 20.65]; bj = 4.87, SE = 4.11, z =
1.18, p = .237, 95% BCa CI [-3.20, 12.93]; bk = -4.75, SE =
5.29, z = -0.90, p = .369, 95% BCa CI [-15.13, 5.62]).

Participants’ Perspective-Taking Tendency Participants’
self-reported perspective-taking tendency significantly
differed between the three conditions, Welch’s F(2, 75.92) =
49.79, p < .001. Bonferroni post-hoc comparisons revealed
that self-focused participants (M = 3.37, SD = .68) reported a
significant lower perspective-taking tendency than the otherfocused participants (M = 5.15, SD = .88), p < .001, and the
participants in the control condition (M = 3.92, SD = 1.23), p
= .04 Participants in the control condition also reported a
lower perspective-taking tendency than the other-focused
participants, p < .001.
A follow-up logistics regression analysis revealed a
significant positive relation between participants’
perspective-taking tendency and other-oriented location
descriptions (b = 1.05, SE = 0.28, p < .001, 95% CI [1.66,
4.90]).

General Discussion
The second experiment investigated the influence of explicit
perception instructions on visual perspective-taking. Results
showed that perceivers who were explicitly instructed to
acknowledge another person’s perspective were more likely
to adopt this person’s perspective than those stimulated to be
self-focused. Other-focused participants also reported a
higher perspective-taking tendency than self-focused and
control participants, and this tendency was positively
correlated to actual perspective-taking behavior. Those with
a higher self-reported perspective-taking tendency had also
been more likely to adopt another person’s viewpoint.
Interestingly, in the control condition in which perceivers
did not receive explicit self- or other-perception instructions,
the majority located the object on the basis of their own
spatial perspective. Explicit other-focus instructions did not
decrease this egocentric anchoring tendency. That is, otherfocused participants were just as likely to provide a selforiented response and locate the object on the basis of their
own spatial position as the participants in the baseline. This
supports previous findings that the ease by which one’s
egocentric perspective is accessible makes perspectivejudgments likely to be egocentrically biased (e.g., Ames,
2005; Epley et al., 2004).
Important to note is that even though the majority of
respondents used their egocentric perspective as a spatial
anchor point to describe the object’s location, this does not
imply that these perceivers did not recognize that the object,
from another person’s perspective, was located on the other
side of the table. The low error rate of the perspectiveawareness training in the second experiment clearly indicates
that respondents were able to regard the situation from the
other person’s vantage point. The explicit other-focus
instructions during the perspective-awareness training thus
helped perceivers to acknowledge the other person’s different
spatial perspective. It appears, however, that this recognition
of differences in perspectives does not influence how
respondents actually describe the situation that is presented
before them. In the second experiment, explicit instructions
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to perceive the spatial situation from an allocentric vantage
point did not stimulate respondents to describe the object’s
location from an allocentric perspective when we compared
these responses to the baseline.
The question that arises here is whether perceivers’ explicit
awareness of self-other perspective differences encourages
spontaneous perspective-taking when the communicative
setting really demands perceivers to regard differences in
perspectives. The experiments presented in this paper do not
represent truly communicative situations in which the
perceiver and the target interact and in which accurate
perspective-judgments are beneficial to the interaction.
Previous research has shown that perspective-taking does
occur spontaneously when perceivers have a reason to
suspect the target will react on perceivers’ perspective-taking
behavior (e.g., Tversky & Hard, 2009). On the other hand,
studies have also shown that highlighting the importance of
perspective-taking in communicative settings can, ironically,
boost perceivers’ egocentrism (Wardlow Lane et al., 2006).
It thus remains to be investigated whether explicit self-other
perspective differences stimulate respondents to adjust their
initial egocentric response into an allocentric judgement
when the setting requires perspective-taking to occur.
The two studies presented in this paper examined whether
a difference-mind-set (experiment 1) or explicit perception
instructions (experiment 2) raise perceivers’ awareness of
differences in perspectives and, as a result, makes them more
likely to adopt another person’s visual perspective. Findings
of both studies support the existence of perceivers’
egocentricity bias and its robustness. Compared to the
baseline, neither a primed mind-set focusing on self-other
differences (experiment 1) nor explicit and repeated
instructions to acknowledge the visual perspective of another
person (experiment 2) reduced participants’ egocentric
anchoring tendency. Respondents were very likely to
interpret the situation from their own visual perspective, even
though they were made aware of the other person’s different
point of view. Egocentric perspectives seem to come rather
naturally and automatically, and adjusting away from these
fast and rapid anchors– even with cues highlighting different
possible anchor points– remains difficult.
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Abstract
This study investigated whether an explicit and stimulated
attention to the mental states of an uninformed other fosters
perspective-taking. The experimental aim of this study was
twofold. First, we aimed to replicate Keysar’s (1994) curse of
knowledge effect, indicating how privileged information biases
correct perspective-judgments. The second aim was to
investigate whether this curse of knowledge effect diminishes
by explicit instructions to become aware of another person’s
perspective. Findings showed that we replicated Keysar’s
(1994) curse of knowledge effect. Perceivers were more likely
to impute their perception of speaker’s sarcasm onto an
uninformed addressee when their privileged information
suggested that the speaker was being sarcastic rather than being
sincere. Findings further revealed that perceivers were just as
likely to overestimate the extent to which their private
perspective was shared by an uninformed addressee, regardless
of their explicit and stimulated attention to this addressee’s
perspective.
Keywords: perspective-taking; interpersonal perception
questions; curse of knowledge; privileged information;
egocentricity bias.

Introduction
Perspective-taking is the cognitive act of imagining the
situation from another person’s viewpoint, thereby taking
into account this person’s thoughts, knowledge and
intentions. When interlocutors are able to correctly infer these
mental states of others, they are able to more successfully
interact. Perspective-taking is therefore considered to be a
vital process for social functioning (e.g. Davis, 1983). Ample
research has shown, however, that perceivers often fail to
appreciate the other’s different vantage point, even when the
social context requires them to do so (e.g., Damen et al.,
2017; Wardlow Lane et al., 2006). The question whether and
under what circumstances perceivers are able to successfully
infer what is going on in the mind of others has received great
scholarly attention. It has been scarcely investigated,
however, how perspective-takers can be stimulated to
successfully decipher the inner thoughts of others.
One important reason as to why perceivers often fail to
correctly infer the mental states of others is because
perspective-taking is considered to be an egocentric
anchoring and adjustment process (Epley et al., 2004).
Perceivers are argued to use their own perspective as a
referential anchor and adjust away from this egocentric
judgment in effortful, sequential steps to allow for a
perspective-judgment that more accurately reflects the
other’s perspective. These perspective-adjustments,

however, are often not sufficient and are very likely to err in
the direction of perceivers’ egocentric interpretation. This is
because perceivers are likely to accept a perspectivejudgment that easily springs to mind (Epley et al., 2004),
which so happens to be their own. That is, the ease at which
perceivers’ private cognitions are accessible makes it hard for
perceivers to ignore or suppress them as plausible estimates
of the other’s perspective. In this way, perceivers’ own
mental states bias (e.g., Keysar, Barr, & Horton, 1998) or
‘curse’ (Birch & Bloom, 2007) perspective-taking. The
burden of perceivers’ egocentric perspective can result in
instances in which they overestimate the extent to which their
perspective is shared by uninformed others (Keysar, 1994).
Keysar (1994) has shown how perceivers’ egocentric
perspective can curse perspective-taking. In his scenario
study, participants were very likely to impute their
knowledge and perception of a protagonist’s sarcasm onto an
uninformed other. Participants read a scenario in which a
protagonist took his parents to a restaurant recommended by
his colleague. Participants either learned that the protagonist
and his parents had a remarkable dining experience there, or
that the experience had been miserable. The following day,
the protagonist replied by e-mail to his colleague: “You
wanted to know about the restaurant: well, marvelous, just
marvelous”. When participants were asked to indicate how
the colleague would interpret the protagonist’s comment,
Keysar (1994) found that the e-mail communicating a
sarcastic intention (i.e., in the poor dining experience) caused
participants to wrongly infer that the colleague would
interpret the comment to be sarcastic rather than to be sincere.
This in contrast to the e-mail communicating a sincere
intention (i.e., in the remarkable dining experience). Note that
only the participants were privileged with the knowledge that
the dining experience had either been poor or remarkable. For
both experiences, the colleague had no other reason than to
believe that the protagonist was being sincere about his
marvelous dining experience. Hence, participants who
learned about the protagonist’s miserable experience were
cursed by their own knowledge of the protagonist’s sarcastic
intention. Perceivers were unable to suppress their privileged
perspective, which led them to overestimate the extent to
which this perspective was shared by the uninformed
colleague.
Weingartner and Klin (2005) showed that Keysar’s (1994)
findings also generalize to natural reading. In an eye-tracking
experiment, Weingartner and her colleague presented readers
with a target line that described the colleague’s (June)
interpretation of the protagonist’s (David) message. This
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description always reflected a sincere interpretation of the
message, since the June did not have access to David’s
experience. For example in the dining experience where the
David emails that his experience at the restaurant has been
“(…) marvelous, just marvelous”, readers read that June
believed that David indeed enjoyed the restaurant: “June
thought that David really liked the restaurant”. Weingartner
and Klin (2005) showed that this target line did not cause any
interpretation problems when readers knew the experience
had indeed been marvelous. However, when readers had
previously learned that David was being sarcastic because the
dining experience had been miserable, reading June’s sincere
interpretation did cause interpretation problems reflected in a
slowdown in reading. When readers’ privileged information
suggested a sarcastic interpretation (in the negative
experience), reading times on the target line were longer than
when privileged information suggested that the speaker was
being sincere (in the positive experience).
Interestingly, in a follow-up study, Weingartner and Klin
(2005) showed that this curse of knowledge effect slightly
reduced when June was brought into focus before participants
read David’s message. According to the authors, in previous
studies investigating the same phenomenon, the protagonist
(David) was still in the foreground when readers read his
message (e.g., “When David arrived at work the next
morning, he e-mailed to June (…)”). This focus on David
would make all information associated with him accessible
(e.g., Garrod & Sanford, 1990), including readers’
knowledge of his experience. This attention on David’s
perspective would make it hard for readers to disregard their
knowledge of David’s experience while judging the
interpretation of the uninformed June. Weingartner and her
colleague (2005) therefore argued that by bringing June
instead of David into focus (e.g., “When June arrived at work
the next morning, she read an e-mail from David saying (...)”)
would make information associated with her accessible,
including the information that is and isn’t known by her.
Findings showed some preliminary support for this
perspective-focus hypothesis. When June’s perspective was
emphasized before the target line appeared, reading times on
the target line for negative versus positive experiences was
not significantly different only for items (F2), but it was for
subjects (F1). Only the F2 analysis thus showed that the
perspective-focus on June helped readers to more quickly
realize that their privileged information was not accessible to
her. According to the F1 analysis, however, readers’
privileged information about David’s experience still
influenced their judgment of June’s interpretation of the
message. The authors concluded that a stronger perspectivefocus manipulation is needed to hinder this powerful curse of
knowledge effect.
In this study, instead of asking participants to read about
the addressee’s point of view as in Weingartner and Klin
(2005), we explicitly instruct readers to acknowledge the
addressee protagonist’s perspective in a prior perspectivefocus session. We investigate whether these explicit and
repeated instructions to regard the addressee’s point of view

stimulates participants to suppress private cognitions during
subsequent perspective-taking. Instead of using a student
sample as in the original and previous replication studies, we
further aim to replicate Keysar’s findings to a nonstudent,
adult population. This allows us to strengthen the
generalizability of the research findings (Peterson, 2001), and
enables us to investigate whether the curse of knowledge
effect dictates the perspective-taking process of adult
perceivers working in an organizational context in which they
are used to regularly infer intentions through e-mail
correspondences.

Method
Participants
An online questionnaire was sent to 700 employees of a
financial institution in the Netherlands. Out of these 700
employees, 325 accessed the online questionnaire. We
excluded the participants who did not fully complete the
questionnaire and based our analyses on the remaining 229
participants (116 women, 111 men, 2 unknown, Mage = 48.0
years, age range 27-65). Since we distributed the
questionnaire among employees working at different levels
in the organization, we also collected employees’ educational
background. This educational background ranged from
Preparatory Secondary Vocational Education (5.7%) to a
PhD (0.9%), with the majority of the participants having
completed a Higher Vocational Education (33.6%). As a
remuneration, participants were able to take part in a
Perception-Checking workshop conducted by the first author
after data collection had ended. A total of 35 employees
attended the workshop.

Design
Participants were randomly allocated to one of the two
Perspective-Focus conditions (Addressee-Focus, No-Focus).
In each condition, participants read two scenarios in which a
speaker protagonist referred to a past experience (positive,
negative) to an addressee protagonist. We balanced the order
in which participants learned about the speaker’s negative
versus positive experience by allocating half of the
participants to another condition in which they first read a
negative experience, followed by a positive experience. This
resulted in a 2 (Perspective-Focus: Addressee-Focus vs. NoFocus) x 2 (Event Experience: Negative vs. Positive) x 2
(Presentation Order: Negative-Positive vs. PositiveNegative) design in which Perspective-Focus and
Presentation Order were treated as between-subjects factors
and Event Experience as a within-subjects factor.

Materials and Procedure
Event Experience The experimental design followed
Keysar’s (1994) first experiment in which participants
indicated how an uninformed addressee protagonist would
interpret a speaker protagonist’s e-mail message. After
having given their consent, participants read a scenario that
described the speaker’s past experience that had either been
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negative or positive. At the end of the scenario, the speaker
made a comment to the addressee about this experience. In
the case of a negative experience, the speaker communicated
a sarcastic intention, whereas his intention was sincere when
the experience had been positive. Information about the
speaker’s experience was privileged to the participants and
not known to the addressee protagonist. In both cases, the
addressee had no other reason than to believe that the speaker
was being sincere. After reading the speaker’s comment,
participants indicated how the uninformed addressee would
interpret the speaker’s message. In the original study,
participants responded to the question “Did the addressee
take the speaker’s comment as sarcastic?” by circling one of
the three options (yes, maybe, no). To allow for a more
nuanced judgment in which participants could also select a
sincere interpretation (e.g., Galinsky et al., 2006), we allowed
participants to answer the question “How did the addressee
(Maartje) interpret the speaker’s (Tom’s) comment?” on a
seven-point scale (1 = very sincere, 7 = very sarcastic). The
same held for the follow-up question that asked participants
to indicate the speaker’s intention with his conveyed
message. In the original study, this question was formulated
as “Did you think the speaker was being sarcastic?” (yes,
maybe, no). In our study, we also nuanced this question and
asked participants to answer “What was the speaker’s
(Tom’s) intention with his comment he send to the addressee
(Maartje)?” on a seven-point scale (1 = very sincere, 7 = very
sarcastic).
The participants in Keysar’s study received a booklet
containing eight different scenarios that appeared in four
different versions. These versions were based on whether the
speaker spoke or wrote his sincere versus sarcastic message
in the scenario. In contrast to Keysar, we were mainly
interested in the extent to which participants would
overimpute their privileged knowledge onto an uninformed
other, regardless of the modality in which the speaker
conveyed his message. We therefore translated two of
Keysar’s scenarios (Table 1) in which the speaker’s message
was conveyed in written text (i.e., e-mail). The scenarios
described social situations that were familiar to the student
sample used by Keysar. To make sure our employee sample
could still identify with the described situations, we adjusted
the protagonists’ student/professor roles from the second
scenario into colleague/colleague roles. The translated
scenarios including the speaker’s experience and his
comment are presented in Table 1.

Table 1: Scenarios describing speaker’s negative (N) or
positive (P) past experience.
Scenario 1

Scenario 2
Background Information
Tom asked his colleague, Maartje, to Within a few days, a former
recommend a restaurant. Tom’s parents colleague of Tom will be joining
were in town and he wanted to take them Maartje’s
marketing
team.
to a good place. Maartje told Tom: "I can Maartje is curious about this new
strongly recommend this new Italian colleague and she decides to send
restaurant, called Venezia. I just had Tom an e-mail: “How is Karlijn
dinner there last night and it was as a colleague? Is she nice?”. As
marvelous. Let me know how you all it turns out, Tom knows Karlijn
enjoy it”. That evening, Tom took his well. At his former employer,
parents to Venezia.
Tom worked frequently with
Karlijn.
Event Experience
N The food was unimpressive and Tom hadn’t always gotten along
the service was mediocre. The with Karlijn, because she had been
following morning, Tom e- rude to him. With that in mind,
mailed to Maartje: “You wanted Tom responded by e-mail: “Oh
to know about the restaurant, yeah, Karlijn is really nice.”
well, marvelous, just marvelous.”
P

The food was indeed delicious
and the service impeccable. The
following morning, Tom emailed to Maartje: “You wanted
to know about the restaurant,
well, marvelous, just marvelous.”

Tom had always gotten along with
Karlijn. With that in mind, Tom
responded by e-mail: “Oh yeah,
Karlijn is really nice.”

Perspective-Focus We hypothesize that repeated
instructions to acknowledge another person’s perspective
stimulates perceivers to also acknowledge this person’s
perspective in a subsequent task. To investigate this
prediction, we allocated half of the participants to an
Addressee-Focus condition. In this condition, perception
questions explicitly instructed participants to infer the
perspective of the protagonist (i.e., Maartje) who assumed the
role of addressee in the two subsequent scenarios. The
addressee-focus session started by asking participants to read
an introductory scenario that introduced Maartje’s character
and preferences. This information could later on be used
when participants made choices on the bases of Maartje’s
perspective. The introductory scenario is presented below:
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Maartje is 32 years old and employed at the marketing department of a
well-known company in the Netherlands. She leads a very diverse team
with great enthusiasm. Maartje is a true adventurer. Her adventurous
character and her love for nature are perfectly manifested in her hobby
mountain climbing. Maartje spends all her free hours climbing. She
particularly enjoys reaching the top after a few hours of great exertion.
The fact that no mountain is high enough for Maartje is apparent from
her recent victory on the Kilimanjaro in Tanzania; Africa’s highest
mountain. This year, she challenges herself to climb the highest
mountain in the world, the Mount Everest in Nepal. Maartje combines
her love for nature and sport with her love for animals. She regularly
travels across the Netherlands to find sponsors for the foundation
“Animal Care”; a foundation she more than happily supports.

Table 2: Perception questions (Q) and their answer options
(A) (optimal choices are presented in bold).
Q1

Q2

Q3

Q4

Question
Soon,
Maartje’s
employer
organizes an annual outing. To
make sure that the activities are
adapted to the wishes of the
employees, everybody is asked to
choose one activity out of two
available options. Which activity
will Maartje choose?

A1
A2

Answer
A workshop
skydiving
A visit to the local
beer brewery

The mountain sport magazine “To
the top” has a special offer for
Maartje. Since she has been a loyal
customer, she will receive three
editions of a magazine of choice.
Maartje is able to choose one
magazine out of the two following
options. Which option will
Maartje choose?

A1

The organization were Maartje is
working wants to donate a
particular amount to a good cause.
Employees are asked to vote for one
of the two proposed foundations.
Which foundation will Maartje
choose?

A1

This year, Maartje is responsible for
the organization of the monthly
teambuilding outing. Her staff let
Maartje know to be interested in
two possible activities. It is up to
Maartje to decide which one it will
be. Which activity will Maartje
choose?

A1

City game; a joint
quest through a
city of choice.

A2

Wall-climbing; a
sport activity for
the whole team

A2

A2

at the start of the experiment immediately directed to the two
scenarios. Afterwards, demographics were collected and
participants were questioned about the purpose of the study.
No one guessed our hypotheses. The debriefing took place
via e-mail one week after the data collection had ended.

Results
Two separate factorial ANOVAs for Repeated Measures
were run to test for the effect of Event Experience (Negative,
Positive) on (a) participants’ own perception of speaker’s
sarcasm and on (b) participants’ judgment of addressee’s
perception of the speaker’s sarcasm. Both ANOVAs included
Event Experience as a within-subjects factor and Presentation
Order (Negative First-Positive Second, Positive FirstNegative Second) as a between-subjects factor. The second
ANOVA investigating participants’ judgments of
addressee’s perception of sarcasm also included PerspectiveFocus (Addressee-Focus, No-Focus) as a between-subjects
factor. Participants’ educational background was added as a
covariate to control for the large variety in participants’
education level. We reduced the number of educational
backgrounds to two (lower, higher); the Lower- till
Intermediate Vocational Education profiles were allocated to
the lower level, and the Higher Vocational Education through
PhD profiles were allocated to the higher level. Inspection of
the data resulted in the exclusion of three cases that were
considered to be outliers. The analyses are thus based on 117
participants in the Addressee-Focus condition, and on 109
participants in the No-Focus condition.

In Picture; a
magazine for film
fanatics
Nature Life; a
magazine for
nature enthusiasts.

Animal
Foundation;
devoting itself to
protect animals
from negligence
and maltreatment.
Make a Wish;
foundation for
children with a
severe disease

Participants’ Perception of Sarcasm

Subsequent to this introductory scenario, participants
answered four consecutive perception questions that asked
participants to take the protagonists’ perspective (Table 2).
For example, one question described how the protagonist’s
organization asked her employees to choose an outing out of
two available options (option 1 = workshop skydiving, option
2 = a visit to the local beer brewery). Participants answered
the perception question “Which activity will Maartje
choose?”. If participants were to regard the protagonist’s
perspective, they would choose the option that adhered the
most to the protagonist’s perspective (option 1). The options
for all four questions were presented in a counterbalanced
order. The perception questions and their answer options are
presented in Table 2.
Out of the four perception questions, most participants
provided at least twice an answer that was the optimal choice
from the perspective of the addressee Maartje (Moptimal choices =
3.08, SD = 0.84, t(116) = 13.83, p < .001. This indicates that
the addressee-focus session was able to elicit participants’
focus on Maartje’s perspective.
After the addressee-focus session, participants were
directed to the two scenarios. Participants in the no-focus
condition did not receive explicit focus instructions and were

Participants perceived more sarcasm in speaker’s reference
to his past experience when this experience had been negative
(M = 5.33, SD = 1.54) rather than positive (M = 1.75, SD =
0.91), F(1, 223) = 33.34, p < .001, r = .36. This effect was the
same for participants with a lower and higher educational
level, F(1, 223) = 3.11, p = .079, r = .12.
The analysis revealed a main effect for Presentation Order
on participants’ perceptions of speaker’s sarcasm, F(1, 223)
= 18.31, p < .001, η2 = .08, r = .28. Participants’ perception
of sarcasm was higher when they were first confronted with
a negative experience (M = 3.78, SE = 0.08) than with a
positive experience (M = 3.31, SE = 0.08). Presentation Order
did not interact with Event Experience, F(1, 223) = 0.37, p =
.543. Participants did not perceive more sarcasm in the
negative versus positive experience when the negative
experience (M = 5.05, SD = 1.46) was preceded by the
positive experience (M = 1.57, SD = 0.80), than when the
negative experience (M = 5.61, SD = 1.57) was followed by
the positive experience (M = 1.94, SD = 0.98).

Participants’ Judgment of Addressee’s Perception
of Sarcasm
We examined the extent to which participants used privileged
information about the speaker’s past experience to infer the
addressee’s perception of sarcasm. Participants thought the
addressee would perceive sarcasm more when privileged
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information suggested that the speaker was being sarcastic
(M = 3.07, SD = 1.67) rather than being sincere (M = 2.11,
SD = 1.14), F(1, 221) = 14.98, p <.001, r = .25. Event
Experience interacted with participants’ Educational
Background, F(1, 221) = 4.33, p = .039, r = .14. A follow-up
MANOVA revealed that the participants with a lower
educational level were more strongly affected by their
privileged information than speakers with a higher
educational level. Participants with a lower educational level
ascribed higher perceived sarcasm scores when privileged
information suggested that the speaker was being sarcastic
(M = 3.43, SD = 1.72) rather than being sincere (M = 2.01,
SD = 1.06), than participants with a higher educational
background (Mnegative experience = 2.91, SD = 1.63; Mpositive
experience = 2.15, SD = 1.17).
There was no significant main effect of Presentation Order
on participants’ judgments of addressee’s perception of
sarcasm, F(1, 221) = 1.57, p = .212. Presentation Order did,
however, interact with Event Experience, F(1, 221) = 5.29, p
= .022, r = .15. Participants thought the addressee would
perceive sarcasm more when they themselves knew the
speaker was being sarcastic when the negative experience (M
= 3.15, SD = 1.59) was preceded by the positive experience
(M = 1.87, SD = 1.13), than when the negative experience (M
= 2.98, SD = 1.85) was followed by the positive experience
(M = 2.35, SD = 1.09).

Perspective-Focus on Judgments of Perceived
Sarcasm
The mean scores of participants’ judgments of addressee’s
perception of speaker’s sarcasm as a function of PerspectiveFocus (No-Focus, Addressee-Focus) and Event Experience
(Positive, Negative) are presented in Figure 1.

Figure 1: Mean scores of participants’ judgment of
addressee’s perception of sarcasm (1 = very sincere, 7 =
very sarcastic) as a function of Perspective-Focus and Event
Experience. Error bars represent 95% confidence intervals.

Analyses revealed no significant main effect of
Perspective-Focus on participants’ judgments of addressee’s
perception of sarcasm, F(1, 221) = 0.11, p = .741.
Participants’ judgments of addressee’s perceived sarcasm did
not differ between those participants who had followed an
antecedent addressee-focus session, (Mnegative experience = 3.08,
SD = 1.74; Mpositive experience = 2.05, SD = 1.14), and those who
did not follow such session (Mnegative experience = 3.06; SD =
1.60; Mpositive experience = 2.17, SD = 1.13). Perspective-Focus
did not interact with Event Experience, F(1, 221) = 0.33, p =
.566. The difference in participants’ judgment of addressee’s
perceived sarcasm was the same between negative (M = 3.06,
SD = 1.60) and positive (M = 2.17, SD = 1.13) experiences in
the no-focus condition, as between negative (M = 3.08, SD =
1.74) and positive (M = 2.05, SD = 1.14) experiences in the
addressee-focus condition. We ran our analyses again while
controlling for age and gender, but our initial findings
remained unchanged. Both age and gender did not have an
influence on our results.

Discussion
This study aimed to replicate Keysar’s (1994) curse of
knowledge effect that claims that privileged information
‘curses’ perceivers during inferential perspective-taking. We
investigated the curse of knowledge effect in an
organizational context, thereby trying to replicate Keysar’s
findings using a nonstudent, adult sample (Peterson, 2001).
We further investigated whether explicit instructions to infer
the mental states of another person stimulates perceivers to
suppress private cognitions that might influence subsequent
perspective-taking. Results showed that we replicated
Keysar’s (1994) curse of knowledge effect in an adult
population. Participants were more likely to infer that an
uninformed addressee would perceive a speaker’s sarcasm
when participants’ privileged information suggested that the
speaker was being sarcastic rather than being sincere.
Findings further showed that perceivers’ curse of knowledge
was not diminished by explicit instructions to become aware
of the addressee protagonist’s mental state reasoning.
Whether perceivers followed an explicit addressee-focus
session, they were very likely to overimpute their private
perspective onto an uninformed addressee.
These findings suggest that the explicit perception
questions in the addressee-focus session were not able to
stimulate perceivers to successfully acknowledge the
addressee’s (uninformed) perspective during the subsequent
scenario study. It could be that the explicit perception
questions did not lead to sufficient perspective-adjustments
in the subsequent scenario study because perceivers, in
answering the four perception questions, did not select the
choices that reflected the addressee’s perspective. In the
subsequent scenario study, this could have caused these
perceivers to be more aware of their own perspective at the
expense of being aware of the addressee’s perspective. To
test this assumption, we computed the mean-difference score
(Mdiff = 1.59) of participants’ judgments of addressee’s
perception of the speaker’s sarcasm between the two event
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experiences (positive, negative) and tried to predict this score
by the number of non-optimal choices (‘errors’) made during
the addressee-focus session. This follow-up regression
analysis revealed that the number of ‘errors’ made during the
addressee-focus session did not predict this mean-difference
score, F(1,115) = 0.92, p = .341. Perceivers who did not
‘optimally’ complete the addressee-focus session were not
more likely to overimpute their privileged knowledge onto
the addressee’s perspective in the subsequent scenario study
than those perceivers who did chose the optimal choice from
the addressee’s perspective. In addition, in the instances in
which participants did not select the most optimal choice
from the addressee’s perspective during the addressee-focus
session, they still had been forced to represent the addressee’s
perspective. This thus seems to suggest that the addresseefocus session caused perceivers to be aware of the mental
state reasoning of the addressee (whether correct or
incorrect), but this awareness did not cue them to adjust their
egocentric perspective-judgment in the subsequent scenario
study.
The question that arises here is whether the explicit
perception questions influence perceivers’ awareness of the
addressee’s uninformed perspective if these questions
address the mental states that are involved during the
subsequent scenario study itself. Perception questions are not
only used to create a general awareness of interlocutor’s
mental representation of the world, but are especially used to
address the false-beliefs that exist between these interlocutors
(Cobb, 1993). Future research might thus investigate whether
explicit perception questions contribute to perceivers’
inhibition of privileged information during inferential
perspective-taking when these questions are asked during the
concerned mental state reasoning.
Our findings show that the curse of knowledge effect was
stronger for the perceivers with a lower educational level than
for those with a higher educational background. This seems
to support previous findings showing that individual
differences in inhibitory control predict perspective-taking
behavior during language comprehension processes (e.g.,
Brown-Schmidt, 2009). Interestingly, our findings also
showed that the order in which perceiver’s privileged
information was presented influenced the inferences they
made about the addressee’s perception of sarcasm. It seems
that the saliency of perceivers’ privileged information
increased when participants were first confronted with a
positive scenario in which the speaker communicated a
sincere intention. This increased saliency about their
privileged knowledge of the speaker’s sarcastic intention
caused perceivers to be more likely to overestimate the extent
to which the uninformed addressee shared their perception of
the speaker’s sarcasm in the subsequent negative scenario. In
the original study, Keysar (1994) does not mentioned whether
the order of the event experiences also influenced perceivers’
perspective judgments. However, in the original study, a
larger number of scenarios (including more alternated
positive and negative event experiences) was used, which
could have, unintentionally, increased the curse of

knowledge effect. Future research might rule out this
alternative explanation.
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Abstract
To this day, a great variety of psychological theories of reasoning exist aimed at explaining the underlying cognitive mechanisms. The high number of different theories makes a rigorous
comparison of cognitive theories necessary. The present article
proposes to use Multinomial Processing Trees to compare two
of the most prominent theories of syllogistic reasoning: the
Mental Models Theory and the Probability Heuristics Model.
For this, we reanalyzed data from a meta-analysis on six studies about syllogistic reasoning. We evaluate both models with
respect to their overall fit to the data by means of G2 , AIC,
BIC, and FIA, and on a parametric level. Our comparison indicates that a MMT-variant, though having more parameters, is
slightly better on all criteria except of the BIC. Yet, none of the
two models, realized as MPTs, is clearly superior. We outline
the impact of the different theoretical principles and discuss
implications for modeling syllogistic reasoning.
Keywords: Syllogistic Reasoning; Mental Models Theory;
Probability Heuristics Model; Multinomial Processing Trees

Introduction
Consider the following two abstract statements:
(1) No researchers are gods.
Some gods are great reasoners.
What, if anything, follows?
When people are asked to draw a conclusion about researchers and great reasoners based on these two premises,
some conclude that “some researchers are not great reasoners” or that “nothing follows”. Yet, the only logically
valid conclusion would be “Some great reasoners are not researchers”. The two premises each have one of four possible
quantifiers, called moods in their syllogistic combination: All
(abbreviated by A), Some (I), Some...not (O), and None (E).
Four different arrangements of the terms in the premises are
possible. These are called figures and we use the numbering
of the figures as in Bucciarelli and Johnson-Laird (1999):
Figure 1

Figure 2

Figure 3

Figure 4

A-B
B-C

B-A
C-B

A-B
C-B

B-A
B-C

Any syllogism can be described by the respective quantifiers of the first and second premise and its figure. We can
write EI1 to uniquely characterize the syllogism given in (1).
Hence, there are 64 distinct syllogisms.
Since 1908, more than twelve cognitive theories of human
reasoning about syllogisms have been proposed. A metaanalysis conducted by Khemlani and Johnson-Laird (2012)
compared the predictions of these theories based on three
point estimates for each theory. First, the authors calculated
the proportion of hits, measured using the sum of the proportion of the responses that were predicted by the theory and

were also given within the experiments. Second, they used
the proportion of correct rejections measured using the proportion of non-predicted responses that did not occur empirically. Last, they analyzed the overall proportion of correct
predictions, which combines the hits and correct rejections.
In general, these estimates allow for a comparison of different theories focusing on the responses given in an experiment. However, this approach is lacking rigorous quantitative
criteria to compare the different models beyond participants’
predicted conclusions. The predictive power of the proposed
theories remains unclear. We intend to fill this gap by transforming two of the most prominent theories, the Probability
Heuristics Model (PHM, Chater and Oaksford (1999)) and
the Mental Models Theory (MMT, Johnson-Laird and Steedman (1978)) into probabilistic models. The PHM proposes
a set of simple heuristics individuals use to draw a conclusion, whereas the MMT asserts the construction, usage, and
modification of mental models.
Both MMT and PHM assume the existence of latent cognitive processes that occur while solving reasoning problems.
For a fair evaluation and to explicitly encode the assumptions
in the model, we used Multinomial Processing Trees (MPTs).
MPTs are a family of cognitive models for the analysis of categorical data (Riefer & Batchelder, 1988; Moshagen, 2010).
The usage of MPTs in cognitive science and psychology has
grown in the past two decades (Erdfelder et al., 2009). Most
published models refer to various memory paradigms, such as
recognition, source monitoring, and process dissociation, but
also other fields, for instance reasoning and, recently, implicit
attitude measurement, just to name a few (for an overview
see Erdfelder et al., 2009). In this work, we make use of the
MPTinR package (Singmann & Kellen, 2013) in R. Within this
framework, models are fitted as binary trees, where each node
in the tree represents a cognitive state or process. Therefore,
each branch represents a theoretically motivated, assumed sequence of cognitive processes that take place between an input (presented premises) and a response, here possible conclusions (Erdfelder et al., 2009). The probability that a latent
stage is reached thus depends on the successful occurrence
of other, associated processes. The rigorous comparison of
the MMT and PHM requires a weighting between the ability of each model to account for the observed data and to be
generalized to other datasets (its flexibility). In order to find
the model with the best trade-off between goodness of fit and
flexibility, we calculated four measures. The smaller each
of the following measures’ value the better it is. First, the
goodness of fit was measured using the G2 statistic, which
maximizes the likelihood of the frequencies of observations
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given the parameter values. Second, the Akaike Information
Criterion (AIC, Akaike, 1974) and the Bayesian Information
Criterion (BIC, Schwarz et al., 1978) were calculated. Both
information criteria penalize models according to their number of free parameters and indicate how much information
was lost when a model represented the process that generates
the data. Last, the Fisher Information Approximation (FIA,
Wu, Myung, & Batchelder, 2010) was used to measure the
flexibility of the models. The FIA estimates the amount of information that an observed frequency carries about a parameter which models the observation. This allows us to compare
models of different sizes. In the following, we briefly outline
the core principles of both theories and their implementation
as MPTs.

The Theories
Mental Models Theory According to the MMT, syllogistic reasoning involves the construction of iconical representations of situations, for instance, sets of people that belong to different subgroups (e.g., Bucciarelli & JohnsonLaird, 1999; Johnson-Laird, 1975; Johnson-Laird & Steedman, 1978). These representations embody mental models
of the world, from which conclusions can be inferred. The
MMT postulates that first, humans build an initial model of
the two premises. Then, a preliminary conclusion is drawn
from this initial model. Next, using specific operations (see
Figure 1), individuals are assumed to seek for counterexamples to this conclusion analogous to an attempt to falsify it
(Johnson-Laird & Steedman, 1978). If no conflicting models are constructed, the conclusion based on the initial model
is maintained, otherwise it is refuted and another conclusion
is sought (see Johnson-Laird & Steedman, 1978). The more
models that are necessary to draw a conclusion, the harder
the inference becomes (Johnson-Laird & Khemlani, 2013):
Syllogisms with just one valid model are called One Model
Problems (OMP) and are considered to be easier than Multi
Model Problems (MMP) and No Valid Conclusion Problems
(NVCP) (Johnson-Laird & Steedman, 1978). While the earlier stages involve heuristics, the testing step makes the whole
process logically valid, if executed correctly. Thus, the MMT
can account for differences between logically trained and untrained individuals.
Probability Heuristics Model The PHM as proposed by
Chater and Oaksford (1999) is inspired by a Bayesian approach and builds on the idea that naive logical reasoners
employ heuristics that often yield probabilistically valid (“pvalid”) rather than logically rigorous conclusions. The application of these heuristics has two prerequisites: First, a total
order of informativeness of quantifiers, which is obtained by
complementing the existential presupposition (assuming that
“All A are (not) B” implies “Some A are (not) B”, i.e. that
universal claims are not made on empty sets) with a rarity
assumption (attributes in descriptions using natural language
rarely overlap, so E-statements are usually true and therefore
less informative than I-statements), yielding: A > I > E > O.

[A]
[A]

[A]
[A]
[B]
[B]

C

[B]
[B]

C

[A]
[A]

C

C
[B]
[B]

C

[A]
[A]
[B]
[B]

C
C
C

Figure 1: Four illustrative mental models for “No A are B.
Some B are C.” Each row represents the properties of an individual. The square brackets signify that the set of As and Bs
are represented exhaustively. When the left model is the initial model, the second model can be created by adding an individual entailing only property C. The third and fourth model
can be built by merging the first and the fifth entity, respectively. The four models enable the read-off of different conclusion (e.g., for the third model “Some A are C”, which is
refuted by model one and two). Only “Some C are not A” is
a valid conclusion. Note that it is also assumed that reasoners
are able to construct fully explicit mental models (Khemlani
& Johnson-Laird, 2012) representing what is false in addition
to what is true. This is done by using mental footnotes, often
symbolized with the token “¬B” for negation, that prohibit
the existence of co-occurrences with other entities.

Second, quantified assertions can entail others (so called pentailments), either due to the already mentioned existential
presupposition, or due to Gricean Implications (Grice, 1975):
the usage of a particular (I, O) instead of universal (A, E) statement is taken to imply that the universal statement is wrong.
Hence, I and O p-entail each other.
The proposed heuristics comprise three for generating conclusions and two for testing them:
• Min: The preferred conclusion quantifier is that of the less
informative premise (min-premise).
• Entailment: The second preferred conclusion quantifier is
that of the min-premise’s p-entailment.
• Attachment: The end term in the min-premise retains its
position as either subject or predicate in the conclusion.
• Max: Confidence in the generated conclusion is proportional to the informativeness of the more informative
premise (max-premise).
• O: Avoid drawing O-conclusions.
The PHM assumes these heuristics to be a rather complete description of the underlying processes in syllogistic reasoning.
Additionally, it does not make a statement on preference for
the remaining two quantifiers once neither the min- nor the
entailment-heuristic were accepted. Note that in the classical
version of the PHM, the answer NVC is not predicted. We
return to this later as it needs to be included in the MPT.

Construction of the MPTs
Mental Models Theory
We implemented the MMT as an MPT based on the following
stages proposed by the MMT: First, we modeled individual
reasoning parameters estimating the probability with which a
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(a) MMT Tree
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Iac
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Aca

att

Aac

1 − att

Oca

att

Oac

ent
nO

min

maxI

1 − att

1 − att

Eca

att

Eac

NVC

NVC
(c) PHM Tree

Figure 2: The MMT and PHM trees for “No A are B. Some B are C.”(EI1). Capital letters refer to the quantifiers (A = All,
I = Some, O = Some...not, E = None). Manifest, observable variables are drawn as squares (on the left: the premises, the
number indicates the figure; on the right: responses as conclusions, ac indicates A-C and ca C-A conclusions e.g., Eac = “None
of the A is C”; NVC=“no valid conclusion”). In between, the assumed latent states (not observable) are printed borderless.
The MMT tree begins with the reasoning parameter ri (i = Syllogism), followed by the Figural Bias parameter for applicable
syllogisms (e.g., for IE1 the Strong Figural Bias sfb), and (if necessary) the decision between the predicted quantifier (e.g.,
CEI1E ). Finally, the preliminary conclusion is confirmed with l j if correct, with 1 − dl j otherwise, or rejected with the respective
converse probability (here: j = MMP). After rejecting, a new conclusion is sought (see Figure 2b, subtree: R \ {c}, with c
being the discarded conclusion). UD indicates the uniform distribution over all nine conclusions, d
UD over the remaining eight.
The PHM tree begins with the max-heuristic in the case of max-premise being I (maxI), selects quantifier E from min-heuristic
(min), or quantifier O from entailment-heuristic (ent), or either of the remaing two (AoI). In the case of O, the O-heuristic is
applied (nO). Finally, the order of end terms is set using or refusing the attachment-heuristic (att).
response would be produced by a general reasoning or guessing process (Ragni, Singmann, & Steinlein, 2014). The probabilities of the reasoning branch were unrestricted, since we
assumed differences in reasoning for each syllogism based on
difficulty and content effects. The first stage can be referred
to as the “reasoning” stage. For the guessing parameters we
assumed a uniform distribution over all possible conclusions.
In sum, for the implementation of the MPT we had to make a
number of assumptions: A subject will (i) not build more than
one revised model (to limit the depth of the MPT model),
(ii) will neither conclude nor guess an already refuted conclusion, (iii) only answer NVC through refuting two distinct
conclusions or guessing, and (iv) possibly return to guessing
after discarding one conclusion. Normally, the “reasoning”subtree should begin with representing the construction of
an initial model on the basis of heuristics (Johnson-Laird &
Steedman, 1978). However, this process is thought to take

place rapidly and intuitively (e.g., Johnson-Laird & Steedman, 1978; Khemlani & Johnson-Laird, 2016) and failing
to create a model forces a subject to guess. We therefore
subsume this stage in the “reasoning”-parameter, which is
already dependent on the type of syllogism. It is assumed
that building one initial model from both premises is subject
to a heuristic bias towards linking up end items by way of
middle items (Johnson-Laird & Bara, 1984), causing an effect known as the figural bias. The inspection of this initial
model, and thereby the drawing of a preliminary conclusion,
is influenced by this bias. We include this effect by letting
the figural bias model the direction of reading off. Depending
on their figure, syllogisms are divided into three types based
on their affinity towards figural bias: strong, weak and no
figural bias. If the conclusion matches this bias, the respective parameter is appended to the path, otherwise its converse
probability. Sometimes, multiple conclusions with the same
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figure are predicted. Subsequently, another stage with free
variables specific to each syllogism determines which quantifier is concluded.
Finally, a falsification attempt is made. Because this stage
is considered to be easier for OMPs than for MMPs or
NVCPs, this parameter is dependent on this classification of
the syllogisms. A valid conclusion could be given either by
successful testing or not testing at all. In contrast, the refutation of an invalid conclusion definitely requires some logical
assessment of the validity of putative conclusions, i.e., testing. Therefore, we use distinct variables here. Valid conclusions are refuted and invalid ones confirmed with the respective converse probability. Confirming a conclusion will make
a subject answer respectively, while refuting one is likely to
initiate the search for an alternative conclusion. If the participant again fails to find a valid conclusion, the response is
assumed to be that there is no valid conclusion (NVC). Note
that, although it is reasonable to assume that the participant
may give up after two unsuccessful attempts, concluding that
there is NVC, there is no empirical evidence for this assumption as of yet. Moreover, this constrain was chosen for modeling reasons and simplicity. See Figure 2a and 2b for an
example of a tree constructed as detailed above.

Probability Heuristics Model
To construct an MPT representing the PHM, we first need to
look at the dependencies of the heuristics. For a given syllogism, the PHM identifies the quantifier of the max-premise,
the quantifier of the min-premise, the p-entailment of the latter, and the end-term ordering suggested by the attachmentheuristic following the principles outlined above. In the following, parameter names are given in parentheses: Since the
confidence in the preliminary conclusion according to the
max-heuristic depends only on the premises and not on the
actual choice of quantifier or ordering, we decided to prepend
the decision whether or not to discard the preliminary conclusion and answer with NVC instead. Hence, this uses one of
four parameters corresponding to each max-quantifier (maxA,
maxI, maxE, maxO) that is applicable to the given syllogism.
If the choice to give a supposedly valid conclusion is made,
quantifier selection for the conclusion is initialized by first
trying the min-heuristic (min). If it is refused, its respective
p-entailment is considered (ent). If this is refused as well, a
binary decision between the remaining two quantifiers yields
a final quantifier choice (AoI, EoO, AoE). If the quantifier
selected for the conclusion is O, the O-heuristic is applied
through another trial whose failure leads again to NVC (nO).
If it passed or the quantifier is different, the tree ends with
a binary choice for the order of the end terms in the conclusion either in accordance or contradictory to the attachment
heuristic (att). Figure 2c shows the thereby constructed tree
for the same example syllogism as before, EE1.

Method
We used the data from the meta-analysis on syllogistic reasoning provided by Khemlani and Johnson-Laird (2012) in

order to fit the models created for both the MMT and PHM.
The data set consists of six empirical studies (Johnson-Laird
& Steedman, 1978; Johnson-Laird & Bara, 1984; Bara,
Bucciarelli, & Johnson-Laird, 1995; Roberts, Newstead, &
Griggs, 2001) with a total sample size of n = 156 and we used
the aggregated results (see Table 6 in Khemlani & JohnsonLaird, 2012). In all experiments participants were presented
with two premises and instructed to draw their own conclusions to all 64 syllogisms (i. e., participants were, for instance,
asked what followed necessarily from the premises).

MPT Analysis for Model Comparison
A model selection analysis was used to evaluate the two discussed cognitive theories. Each of the proposed models was
fitted to the aggregated data via Maximum Likelihood Estimation using MPTinR (Singmann & Kellen, 2013). The package also makes use of the four introduced measures (G2 , AIC,
BIC, and FIA). The following approach was taken to systematically evaluate the theoretical assumptions of each theory.
First, we fitted a model that only consists of the guessing subtree, modeling a uniform distribution over all possible
conclusions, as a standalone model. This Guessing-Model,
having no reasoning path for any conclusion, served as a
baseline to evaluate the MPT implementations of the MMT
and PHM. If the reasoning subtrees of the theories contribute
in explaining the data considerably, the information criteria
should be better (lower) than those for the Guessing-Model.
Second, we fitted an unrestricted model for each theory, that
does not include any restrictions with the exception of the
guessing parameters. This model served as a reference model
for the following models, that included restrictions proposed
by the theoretical framework. If the assumptions raised in the
theory hold true, the fit of the restricted models should not be
considerably worse than for this unrestricted model. Third,
for the MMT, restrictions were added using a hierarchical,
stepwise approach. Last, the full models were fitted using all
restrictions. In summary, the discussed theoretical assumptions of the MMT can be represented by the following parameter restrictions in the MPT: One Model Problems should be
easier to solve correctly than both Multiple Model and NVC
Problems, since no alternative models are needed to verify a
conclusion. Thus: lnvcp < lomp , lmmp < lomp . These constraints
are included in the full models and the “Number MM” model.
For syllogisms that are subject to the strong figural bias (sfb)
or the weak figural bias (wfb) the corresponding branching
should be taken with a probability higher than 0.5. Also we
should observe that wfb < sfb. For all other syllogisms no figural bias (nfb) is expected, thus nfb = 0.5. These constraints
are included in the full models and the “Figural Bias” model.
The suitability of the different parameter restrictions can be
compared by evaluating the relative performance of the models instantiating them.
For the PHM, we implemented three different sets of possible restrictions: first, no restrictions, second, restricted order of the four max-parameters, and, third, restricted choice
between quantifiers, after min and entailment have failed, to
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Table 1: Results of MPT fits to the aggregated data set of Khemlani and Johnson-Laird (2012).
Model
Guessing
MMT

PHM

Baseline
Unrestricted
Figural Bias
Number MM
Full Model
Unrestricted, Global r
Full Model, Global r
O, none
O, max
O, uniguess Q
not O, none
not O, max
not O, uniguess Q

k
1
96
95
96
95
33
32
11
11
8
10
10
7

G2
17581.69
4224.94
4323.87
4224.94
4323.87
4820.98
4934.86
4844.29
4844.75
5183.02
5052.8
5044.17
5393.04

AIC
17583.69
4416.94
4513.87
4416.94
4513.87
4886.98
4998.86
4866.29
4866.75
5199.02
5072.80
5064.17
5407.04

BIC
17590.84
5103.32
5193.11
5103.32
5193.11
5122.92
5227.66
4944.94
4945.40
5256.22
5144.29
5135.67
5457.09

FIA
8795.645
2323.32
2367.02
2319.20
2364.56
2494.74
2546.24
2463.13
2461.08
2619.88
2565.48
2558.68
2722.67

CFIA
4.80
210.85
205.09
206.73
202.62
84.26
78.80
40.99
38.70
28.38
39.08
36.59
26.15

Note. The resulting model parameters. k indicates the number of parameters. The total number of degrees of freedom is
df = 512 − k, all p < .001. The smallest value per column is printed in bold. CFIA: penalty term for FIA.
be uniform. Additionally, we implemented two variants of
the model: the one described above, and - after initial results
hinted at some conflict between the max- and O-heuristic one where the O-heuristic was omitted.
All models were fitted using 10 optimization runs. FIA was
estimated using 200.000 Markov Chain Monte Carlo samples. The full dataset had 2 × 4 × 64 = 512 available degrees
of freedom.

Results
First, we evaluated the MMT and PHM respective to their
predictive power. Table 1 shows the results of the hierarchical, stepwise fitting approach for both the MMT and PHM as
well as the pure Guessing-Model. As expected, the GuessingModel has the worst fit. Therefore, the reasoning subtrees for
both models add a substantial amount of predictive power.
Considering all information criteria, the MMT fits the data
best. This is not too surprising given that it predicts a larger
set of conclusions for any syllogism than the PHM and also
has the largest number of parameters.
In the next step of the analysis we looked at the reasoningparameters of the MMT models. Assuming that most of the
participants reason instead of randomly guessing when giving
a syllogistic task, the reasoning parameters should be larger
than 0.5 if the MPT makes reasonable predictions. For all
models of the MMT, the mean probability for a reasoningbased response was 90% (M = 0.90 over all ri , SD = 0.08).
The high probability of reasoning processes postulated by the
theory indicates an overall satisfying model fit. Furthermore,
the low standard deviation indicates only minor differences
in ri . Hence, participants’ probability to reason does not differ greatly for individual syllogisms. Based on this finding,
we constructed another set of MPTs identical to the presented
MPT with the exception that this time, we assumed a global
reasoning parameter r, equal for all of the 64 syllogisms, re-

sulting in a more parsimonious tree (number of parameters
k = 32 for the global r-model compared to k = 95 for MPTs
that assume individual ri ). Although this approach reduced
the amount of parameters dramatically resulting in a lower
FIA penalty estimate, the FIA estimate as well as the other
information criteria increased (see Table 1).
Likewise, inspecting the parameter fits for the PHM trees
without restrictions, we find that the predicted probabilities
to choose in accordance with the min- (76%), entailment(70%) and attachment- (68%) heuristics all constitute significant preferences in line with the theory. The order predicted by the max-heuristic is generally matched well by the
fit results, as evident from both the resulting values and the
improved FIA of the restricted over the unrestricted model.
The only exception to this is the order between max-premise
being E and it being O, where in the unrestricted case with
O-heuristic, we find the order barely swapped (46% for E and
44% for O), though this corresponds to only a few syllogisms.
In the case where the O-heuristic is omitted from the model,
the expected order is restored (55% for O and 53% for E).
All in all, this suggests that the theory is well reflected in the
given MPT implementation on the given data set.

General discussion
Multinomial Processing Trees (MPTs) provide a powerful
mathematical framework to model cognitive theories of reasoning and to quantify the impact of cognitive processes. We
have developed MPTs for two prominent theories of syllogistic reasoning making implicit processes explicit: One that
assumes the use of mental models (MMT) and one that uses
a heuristics model inspired by a probabilistic, Bayesian approach (PHM). Our findings are in line with previous results
(e.g., Khemlani & Johnson-Laird, 2012; Ragni et al., 2014)
regarding the ability to explain a sufficient amount of empirical data. In addition to G2 , our implementation of the
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MMT outperforms PHM in respect to AIC and FIA despite
its higher number of parameters, whereas the PHM scores
better in the BIC. An analysis of the contribution of different processes (figures or heuristics) demonstrates that some
formalizations are better than others. This aspect of MPTs,
allowing for a systematic evaluation of the contribution of
processes is more important than an overall comparison, as
it helps to identify the contribution of specific processes. In
order to support the processes, the MPTs can inspire a sequence of experimental studies to systematically manipulate
these cognitive states, so that the manipulation should then,
in turn, also be reflected in the parameters of the MPTs. By
doing so, the various model extensions or modifications proposed in this work could be further supported. In a next step,
the MPT framework allows to analyze combinations of theories, e.g. joint MPTs replacing the guessing part of the MMTMPT with the PHM-MPT. As a result, we may be able to
infer what individual components may lead a person to either use an heuristic or a mental model approach when reasoning. Furthermore, future research could focus on existing
computational frameworks for the modeling of reasoning processes. For instance, a well-developed framework is available
in form of the computational implementation of the MMT,
called mReasoner (Khemlani & Johnson-Laird, 2016). The
implementation also depends on the construction and manipulation of mental models operating stochastically based on
four separate parameters (Khemlani & Johnson-Laird, 2016):
the size of a mental model, the model’s contents, a counterexample search mechanism, and a nested parameter describing what happens when a counterexample is found. Similar to the proposed MPT, mReasoner has found to provide
a close match to aggregated data from syllogistic reasoning
studies (Khemlani & Johnson-Laird, 2016). Yet, the parameters of importance differ from the parameters of our MPT.
A closer examination and comparison of these differences on
a parameter-level is a next step. The great variety of cognitive theories that coexist bear the issue of lacking research on
comparing and evaluating these theories in a unified framework. To solve this issue, we took a MPT modeling approach,
which incorporates some promising features to compare these
theories both in terms of their overall predictive power as well
as their assumed cognitive states. As our work showed, this
methodology is an excellent approach to disentangle latent
processes.
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Abstract
How may controlled breathing be beneficial, or detrimental to
behavior? Computational process models are useful to specify the
potential mechanisms that lead to behavioral adaptation during
different breathing exercises. We present a physio-cognitive model
of slow breathing implemented within a hybrid cognitive
architecture, ACT-R/Φ. Comparisons to data from an experiment
indicate that the physiological mechanisms are operating in a
manner that is consistent with actual human function. The presented
computational model provides predictions of ways that controlled
breathing interacts with mechanisms of arousal to mediate cognitive
behavior. The increasing use of breathing techniques to counteract
effects of stressors makes it more important to have a detailed
mechanistic account of how these techniques may affect behavior,
both in ways that are beneficial and detrimental. This multi-level
understanding is useful for adapting to changes in our physical and
social environment, not only for performance, but for physical and
mental health.
Keywords: ACT-R/Φ; Physio-cognitive model; Breathing,
Adaptation, Cognitive Architecture, HumMod, Stress, Arousal

Understanding the potential effects of slow breathing on
cognition is important for effectively using breathing
techniques to reduce behavioral decrements during stressful
situations. Conscious, controlled breathing may be used to
positively moderate behavior, both in terms of performance
(Neumann & Thomas, 2011) and for anxiety-related behavior
(Bouchard et al., 2012; Brandão et al., 2008).
Previous work on mathematical and computational models
of breathing have been completed to explore physiological
processes related to breathing (Ben-Tal, Shamailov, & Paton,
2014; Molkov et al., 2017). Ben-Tal et al. (2014), for
example, model respiratory modulation of heart-rate as a
closed loop system of processes involving lung mechanics
and gas exchange. This and related mathematical and
computational models (see Molkov et al., 2017 for a
comprehensive review on several computational models that
control respiration) give a picture of the involved local
physiological processes.
These physiological models often fall short in having
straightforward ways to combine with other mechanistic
models. One such computational physiological model that
does provide a system-level account for multiple
physiological processes is the HumMod system (Hester et al.,
2011). This model is useful as it provides a straightforward
way to simulate several physiological changes over time, that

is, they allow us to explore changes in physiological systems
due to perturbations and their interactions.
Though studies and theories that exist elucidate several of
the process interactions at different levels of analysis (e.g.,
Brandão et al., 2008; Panksepp & Biven, 2012; Philippot,
Chapelle, & Blairy, 2002), relatively few provide an account
of interactions between physiological and behavioral (i.e.,
cognitive or otherwise) processes. Even fewer work has
focused on pulling these theories into a computational
process model that can be tested and simulated (though some
more recent work does exist, for example, Fisher et al., 2017
uses ACT-R with a model of drug pharmacokinetics). This
can be a useful step to understand the implications of
premises made that detail interactions between physiological,
affective, and cognitive processes.
We have used the HumMod system in combination with
the ACT-R (Adaptive Control of Thought—Rational)
cognitive architecture (Anderson, 2007; Anderson et al.,
2008) to begin to study ways physiology, affect, and
cognition interact to modulate behavior; we call this
combined hybrid architecture ACT-R/Φ (see Dancy, 2013;
Dancy, Ritter, Berry, et al., 2015; Dancy, Ritter, &
Gunzelmann, 2015; Dancy & Schwartz, 2017 for some
previous work using ACT-R/Φ). Using ACT-R and HumMod
allows us to explore moderators in a manner that is tractable
and that can be combined.
Below, we present a high-level model of physiological and
cognitive interactions in slow breathing modulation of
behavior. We then present the implementation of that model
within ACT-R/Φ architecture. Data from simulating a
physio-cognitive model that runs in ACT-R/Φ indicate that
the physiological system provides a realistic representation
and points to ways controlled slow, deep breathing may
modulate memory processes and behavior.

The Physio-Cognitive Model
Physiology behind the model
Respiratory changes are known to cause several changes in
the autonomic nervous system (ANS), both in the
sympathetic and parasympathetic nervous systems. The
short-term modulation of ANS activity appears to be
predominantly modulated by pulmonary stretch receptors in
the lungs and baroreflex activity (e.g., see Jerath et al., 2006;
Russo, Santarelli, & O’Rourke, 2017; St. Croix et al., 1999).

1590

Thus, we can tie short-term respiratory modulation of ANS
activity to changes in baroflex, chemoreceptors, and
pulmonary stretch receptor activity (in the latter case, that
which is more directly related to cardiovascular activity).
Figure 1 gives a high-level view of some of the interactions
between these two receptor reflexes and ANS activity.

Lungs
(Tidal Volume)

Pulmona ry Stretch

(Parasympathetic)
Chemo recep tors

Cortisol
Lungs
(gas exchange)

Vagus

Baroreflex
Low Pressure
Heart Mechano

ACTH
PVN

LC

(Sympathetic)

NTS

SA-Node Rate
(HR)

PAG

CeA

BLA

Adrenal Medulla
(Epinephrine)

Figure 1. A high-level model of structures involved in
effects of controlled breathing.
Though the picture is quite complex (as one may expect),
there are structures that prove to be useful in understanding
how interactions between cognitive and physiological
processes may occur. Pulmonary stretch receptors,
baroreceptors, and chemoreceptors (which respond to
changes in lung gas exchange) all modulate nucleus tractus
solitarus (NTS) activity, which modulates activity in the
locus coeruleus (LC) downstream (Russo et al., 2017;
Sampaio et al., 2012). NTS activity is also modulated by
peripheral epinephrine via vagal efferent nerves (Miyashita
& Williams, 2006); epinephrine is a peripheral stress
hormone that is released via the sympathetic activation of the
adrenal medulla. It also is useful to break the amygdala into
two structures for the purposes of modeling respiratory, and
indeed arousal, modulation of cognition and behavior. The
basolateral amygdala nuclei (BLA) receives much of the
input (and communicates with neural structures, though they
are not shown above for simplicity purposes). The central
amygdala (CeA) nuclei tend to be responsible for the output
of signals to other neural structures that enact actions
typically ascribed to fight or flight (LeDoux, 2007).

The Model within ACT-R/Φ
The ACT-R/Φ architecture extends the ACT-R cognitive
architecture with HumMod physiological simulation system.
In addition to the general modulatory functions of
physiological systems (e.g., many of those implicated above)
the cognitive and physiological models are connected using
an affect system that acts as a functional connecting layer
(Dancy, 2013). Though those mechanisms aren’t used in this
model, they likely are important for aspects related to
controlled breathing (e.g., anxiety, see discussion for more on
this topic).

Physiology
The HumMod physiological system has the many of
representations shown in Figure 1. All representations that
have a solid outline in Figure 1 are directly represented in
HumMod. The effects of pulmonary stretch receptors (due to
changes in tidal volume) were added to represent the shortterm (i.e., seconds) effects of breathing on ANS activity,
especially as it pertains to deep slow breathing (Jerath et al.,
2006; Russo et al., 2017; St. Croix et al., 1999). These
pulmonary stretch receptors cause a change in cardiovascular
activity, which initially is tied to respiration rate and tidal
volume (i.e., an increase in heart rate during inspiration and
decrease during expiration). Due to the feedback in the
system, this change effects primarily the baroflex and the
chemoreceptors.
Though pulmonary stretch receptors primarily affect
parasympathetic, cardiac variables in the model, the
feedback-related changes in other afferent variables
(primarily baroreflex and chemoreceptor reflex here) cause
systematic changes in the model. This includes modulation of
epinephrine release and the HPA-axis.
As mentioned above, changes to the HPA-axis due to deep,
slow breathing are mediated through baroreflex and
chemoreceptor activity. These afferents modulate
corticotropic releasing hormone (CRH through the PVN),
which mediates release of adrenocorticotropic hormone
(ACTH released in the anterior pituitary). This increase in
ACTH causes release in cortisol from the adrenal cortex.
Affect & Cognition
In ACT-R/Φ, concepts like stress are represented with
homeostatic changes in physiology that modulate
subsymbolic properties of memory elements. These
physiological changes mediate a central arousal parameter
(as represented in Eq. 1). The model is meant to take into
account the effects of epinephrine, CRH, and cortisol on LCNoradrenergic activity and on memory-related structures (see
Joëls, Fernandez, & Roozendaal, 2011; Sara & Bouret, 2012;
Schwabe et al., 2012; Schwabe & Wolf, 2013, for reviews of
some of these effects and evidence for effects on both
procedural memory and declarative memory).
𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 = 𝑓𝑓(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) ∗ [𝛼𝛼 ∗ 𝑔𝑔(𝐶𝐶𝐶𝐶𝐶𝐶) + 𝛽𝛽 ∗ ℎ(𝑒𝑒𝑒𝑒𝑒𝑒)]

(1)

In equation 1, f(cort), g(CRH), and h(epi) represent
transformation of raw values of cortisol, CRH, and
epinephrine (respectively). In this case, the functions are
simply values normalized according to initial state baseline,
such that each function gives an output of 1 when in a normal
state. This representation of arousal is used to modulate
probabilities to retrieve best matching declarative memories
and fire the procedural rules that have the best matching
conditions to a given cognitive state (for a theoretical view of
these mechanisms, see Anderson, 2007).
Arousal modulates these subsymbolic values by affecting
procedural memory utility noise (:egs) and declarative
memory noise (:ans) using Equation 2. This equation gives
a recognizable inverted-u like behavior, where the non-
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linearity can be found within the physiological change. By
default, 𝑎𝑎𝑛𝑛𝑛𝑛𝑛𝑛 is 1 and 𝑎𝑎𝑚𝑚𝑚𝑚𝑚𝑚 is 2 in ACT-R/Φ
𝑎𝑎∗𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 +(𝑎𝑎𝑛𝑛𝑛𝑛𝑛𝑛 −𝑎𝑎)∗𝑎𝑎𝑚𝑚𝑚𝑚𝑚𝑚

𝑎𝑎𝑛𝑛𝑛𝑛𝑛𝑛
𝑚𝑚𝑚𝑚𝑚𝑚 −𝑎𝑎)∗𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 +(𝑎𝑎−𝑎𝑎𝑛𝑛𝑛𝑛𝑛𝑛 )∗𝑎𝑎𝑚𝑚𝑚𝑚𝑚𝑚

𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 = �(𝑎𝑎

𝑎𝑎𝑛𝑛𝑛𝑛𝑛𝑛

, 𝑎𝑎 ≤ 𝑎𝑎𝑛𝑛𝑛𝑛𝑛𝑛
, 𝑎𝑎 > 𝑎𝑎𝑛𝑛𝑛𝑛𝑛𝑛

(2)

Those data collected by Critchley et al. (2015) did not show
a large difference in heart rate. As, one may expect the
physiological variables did not show a large difference when
using the respiration rate and tidal volume shown by
participants as parameters in the controlled breathing
mechanism of the model.

Thus, both low and high arousal can increase noise, which
would then make it difficult to retrieve the correct memory
chunks (declarative memory) or fire the correct rules
(procedural memory). Arousal also has an additional effect
on utility values (procedural memory). Arousal modulates
production rule firing threshold when below the nominal
value. Both noise and threshold are altered; this was done
because of previous work (Aston-Jones & Cohen, 2005),
which indicates that an increase in distractibility occurs when
arousal (reflected by activity in the LC-noradrenergic
system) is below normal values.

Table 2. Mean systolic blood pressure values for breathing
patterns from Critchley et al. (2015) and from the model.
Breathing
Human (SD) (n=20)
Model
FreeHyp
131.7 (1.7)
124.1
NormalHyp
129.6 (1.6)
122
SlowHyp
127.4 (2.8)
119
FreeNorm
132.1 (1.4)
119.6
NormalNorm
129.9 (2.2)
118.4
SlowNorm
130.2 (2.9)
118.8

Systolic Blood Pressure (Normoxia)

Simulation results
Below we first present simulation results from running the
physiological portion of the model for a period. This allows
the understanding of how the mechanisms are functionally
changing variables in the system (physiological and
otherwise). We also present simulation results from running
the physio-cognitive model with controlled breathing during
a mental arithmetic task that has been used to induce stress
(Kase et al., 2017; Kirschbaum, Pirke, & Hellhammer, 1993).
To test out the physiological model, we ran it under
conditions similar to Critchley et al. (2015). In their study
Critchley et al. (2015) record physiological data (peripheral
measures and fMRI data) and subjective experience measures
while study participants were either breathing freely or using
a controlled breathing technique. During these different
breathing exercises, participants were also either exposed to
a normal (consistent with a normal environment breathing)
gas mixture, or a hypoxic gas mixture (13% O2).
Table 1. Mean heart rate values for breathing patterns from
Critchley et al. (2015) and from the model.
Breathing
Human(SD)
Model
FreeHyp
72.8 (2.5)
76.6
NormalHyp
74.2 (2.4)
74.2
SlowHyp
72.5 (2.5)
73.6
FreeNorm
68.3 (2.4)
72.4
NormalNorm
70.1 (2.5)
69.6
SlowNorm
68.6 (2.4)
71.2
80
70
60
50

Heart Rate (Normoxia)

Slow

Normal

Figure 2. Simulated time course (1 minute) for heart rate in
the model.

125
120
115
110
105

Slow

Normal

Figure 3. Simulated time course (1 minute) for systolic
blood pressure in the model.
Given the connections between heart-rate and blood
pressure in the physiological model, it is of no surprise that
we also see the same general pattern when looking at systolic
blood pressure. Both variables are the result of an adaptation
to perturbations in the physiological system (from a steady
state) over time. Looking at Figure 2 and Figure 3, this
becomes clearer as blood pressure and heart rate change are
similar for each type of breathing.
Given the model performs in line with the participants in
this example study (though there were slight deviations,
including with blood pressure, these may be explained by a
difference in initial state due to variables such as age, Hall,
2011), we present a simulation of the physo-cognitive model
completing a mental arithmetic task below.

Breathing, stress, and mental arithmetic
We ran an existing cognitive model of mental arithmetic in
the modified ACT-R/Φ architecture. The model completes
four blocks of serial subtraction, with each block lasting
roughly 4 minutes (for a more detailed account of the model
itself and past results, see Dancy, Ritter, Berry, et al., 2015;
Ritter et al., 2009). Figure 4 gives a simplified view of the
processing steps in the model, as well as the physiological
changes that affect arousal. There are two main effects
present in the model, an ability to become stressed due to
outside factors (e.g., those that would occur before this task;
see Kirschbaum et al., 1993) and due to being of
incorrectness while vocalizing answers and encouraged to
hurry during the task itself, the latter of which occurs on a
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much shorter timescale. The model has also been modified to
represent the stress that typically occurs as a part of this
mental arithmetic task.
Activation of stress systems
(Initial ~15 minutes of
stress)

Begin Subtraction
Problem Setup
(Min
ed, ute c
bac om
k to plet
tas
k)
Retrieve answer to
Retrieval failure

column subtraction

Can retrieve correct
declarative memory
fact

Record and
move to new
subgoal/column

Give answer
based on current
working memory

Deactivation of stress systems
(though variables may still be
changing non-linearly)
Finished
bl
(times ock
up)
1 minute of deep,

slow breathing

Incorrect!

Finished
columns

represent several of the direct physiological changes in the
computational implementation, many of the affective
components are still lacking, some of which will be important
for exploring interactions between deep breathing and other
common practices (e.g., slow breathing as it is integrated with
yoga-related practices Bhavanani et al., 2016). We highlight
some areas and ways they will likely play an important role
in affective modulation of behavior in future iterations of this
work in Figure 5.

Activation of stress
systems
(until deactivated by
end of task or problem setup)

Lungs
(Tidal Volume)

Figure 4. A simplified picture of the cognitive and
physiological processing in the model. The black directed
lines show processing changes that affect the task directly,
while the thicker non-arrowed lines represented parallel
physiological change due to changes in state.

Lungs
(gas exchange)
ACTH

Effects on eating
and sleep

Baroreflex
Low Pressure
Heart Mechano

PVN
Effects on Sleep

LC

Unconditional Stimuli
(e.g., pain)
Panic Behavior

NTS

PAG

Table 3. Comparison between human performance (from
threat group from Kase et al., 2017) and model performance
Human
78.6 (9.1)
84.0 (4.6)
74.9 (9.6)
79.3 (9.7)
79.2 (5.0)

(Paras
Chemorecep tors

Cortisol

The model shows similar performance on the task, albeit
with a lower number of attempts. The model, however, does
show a deviation in the 3rd block. Overall the model predicts
an improved score that one would expect given the effects
stress reduction effects of slow breathing.

B1 (%)
B2 (%)
B3 (%)
B4 (%)
Total (%)

Pulmona ry Stretch

CeA

Model
83.8
85.9
88
79.7
83.4

BLA

(Sympathe

Effects on
dopaminergic
system
(Wanting
behavior)

Adrenal Me
(Epinephr

Affective value based
changes on delcarative memory.
Separate Memory System

Figure 5. There are several behavioral functions that are
likely mediated by structure in the general model presented.
These are likely avenues of continued work for this
computational system

Discussion
General stress effects due to the task make it more difficult
for the model to retrieve the correct facts due to an increase
in declarative memory noise. Controlled deep slow breath has
a two-fold effect on reducing stress in the model. The
refocusing to control breathing causes a reduction in
activation of excitatory mechanisms that increase arousal,
which are themselves caused by focus of attention on the
arousing/stressful stimuli. Slow deep breathing also causes
peripheral physiological change that leads to a decrease in
(sympathetic) excitatory through afferent receptor reflexes.
In future iterations and improvements of this model, using
potential connections between existing ACT-R modules and
neuroimaging (Anderson et al., 2008) may be useful for
further prediction and specification. Though we did not use
the functionality for this set of simulations, ACT-R provides
a built-in model for associating activity in brain areas with
module activity. We plan to explore using this to better
specify modulations of systems due to physio-cognitive
interactions.
The physio-cognitive model is a useful start, however there
still are many areas of potential expansion. Though we

Though general arousal and stress are useful
representations, further specification seems possible and
indeed is likely useful for further elucidating interactions
between processes such as sleep, circadian rhythms, and
eating (all of which are at least affected by the excitatory
neuropeptide Orexin, CRH, and activity in the PVN and the
Suprachiasmatic Nucleus, SCN; Saper, Scammell, & Lu,
2005.) The BLA (and several of the amygdala nuclei in
general) seem to be very important for assigning affective
value to memory and this interacts with PAG behavior, which
is important for behavior and value associated with
unconditioned stimuli, like pain and (central) hypoxia. Many
of these structures also have direct and indirect connections
to the hippocampus and basal ganglia, mediating declarative
and procedural memory.

Breathing and stages of learning
Changes in the human physiological system subsymbolically
affect memory and, thus, the process of skill development.
The current understanding of the learning stages (e.g.,
declarative to procedural) needs to be extended. That is,
actions like breathing can be considered as non-task-related
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memory elements that may have both cognitive and
physiological effects while performing a task.
For example, tactical breathing techniques (Grossman &
Christensen, 2008) can have a physiological effect that
interacts with both attention memory systems. With many
tasks, individuals who are a novice use mostly declarative
knowledge elements from memory to complete that task.
Breathing is an action that may prevent successful declarative
memory retrieval or an element that helps the memory
retrieval process, depending on a person’s arousal state, and
breathing speed and volume.
Weak activation strength in declarative memory elements
caused by a global change in arousal could lead to distraction.
After a sufficient amount of practice, individuals, who are an
expert on a task, use more procedural knowledge. In this
stage, production rules that specify what the learner should
do are to be compiled, and declarative memory activation
values have been strengthened. Practicing the correct
breathing technique (given certain physiological states)
would help the learner move to later stages in learning faster
as they would be less affected by noise in the learning process
due to stressors. We have begun to explore this topic, and
how this improved model may help intelligent tutoring for
psychomotor tasks (Kim, Dancy, & Sottilare, Accepted),
though much work remains in this area.

Modeling breathing and anxiety
Given the neural and peripheral structures involved in
respiratory-related changes in the central and peripheral
nervous system (Sampaio et al., 2012), and the association
between many of these structures and anxiety (Brandão et al.,
2008; Panksepp, Fuchs, & Iacobucci, 2011), it is no surprise
that different breathing techniques have been used as a
potential method to counteract anxiety (Jerath et al., 2015).
Many of these processes may also mediate behavioral effects
of mindfulness, which has been suggested to be useful not
only for anxiety (see Van Vugt et al., 2012 for a mechanistic
model), but also depression (Bellinger, DeCaro, & Ralston,
2015).

Conclusion
Breathing is a continuous mediator of physiological
adaptation, affecting the whole nervous system, and often
interacting with continuous homeostatic change due to
stressors through spontaneous change. Developing
computational mechanistic models of these adaptations,
especially when under conscious controller breathing, and
how they interact with learning and memory are important for
more clearly comprehending the consequences of these
physiological changes on behavior over time. This physiocomputational model brings us closer to developing a
straightforward, tractable, and unified model of
physiological, affective, and cognitive behavior. This type of
multi-level understanding is useful for adapting to changes in
our physical and social environment, not only for
performance, but for physical and mental health.
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Abstract

a role for cognitive science in designing benchmarks that better probe the competences of AI systems, much in the same
way that cognitive scientists have been probing the competences of humans (Ritter et al., 2017; Lake et al., 2018).
Our results show that while the system we test exhibits
poor performance on our compositional test set, much of its
failure can be traced to biases in the training dataset. Furthermore, we see that the system is capable of exhibiting some
compositionality given the right training data, pointing to potential uses for such structured datasets not just as diagnostic
tools, but also for improving training of models.

An important challenge for human-like AI is compositional semantics. Recent research has attempted to address this by using deep neural networks to learn vector space embeddings of
sentences, which then serve as input to other tasks. We present
a new dataset for one such task, “natural language inference”
(NLI), that cannot be solved using only word-level knowledge
and requires some compositionality. We find that the performance of state of the art sentence embeddings (InferSent; Conneau et al., 2017) on our new dataset is poor. We analyze
the decision rules learned by InferSent and find that they are
largely driven by simple heuristics that are ecologically valid
in its training dataset. Further, we find that augmenting training with our dataset improves test performance on our dataset
without loss of performance on the original training dataset.
This highlights the importance of structured datasets in better
understanding and improving AI systems.
Keywords:
datasets

Background
Sentence Embeddings

Sentence embeddings; compositionality; test

Introduction
A hallmark of human intelligence is compositionality: the
ability, in the words of von Humboldt, to “make infinite
use of finite means.” The failure of neural network models
to achieve compositionality has been a recurring (and controversial) theme in cognitive science (Fodor & Pylyshyn,
1988; Gershman & Tenenbaum, 2015; Lake & Baroni, 2017).
However, recent successes of powerful deep learning systems
trained on large corpora have renewed hopes that neural networks can close the gap with humans. In this paper, we explore minimal cases in a “natural language inference” (NLI,
MacCartney (2009); Dagan et al. (2006)) task that cannot be
solved without taking compositional information into account
and thus develop a stringent test for compositionality. We
then ask to what extent the state-of-the-art system for performing this task exhibits a truly compositional understanding of natural language.
Our approach is motivated partly by the need for better
benchmarks to assess AI systems (White et al., 2017; Marelli
et al., 2014; Pavlick & Callison-Burch, 2016; Gershman &
Tenenbaum, 2015). Currently, most systems are trained and
evaluated on large corpora which can be partially gamed by
simple heuristics. For example, Socher et al. (2011) presented
a recursive autoencoder that achieved state-of-the-art performance on paraphrase detection, yet it only performed 10%
better than a baseline method that simply reported the most
frequent class. The fact that these highly sophisticated algorithms may only be doing slightly better than naive baselines
is brought into focus by more diagnostic benchmarks. We see

Vector-based models of word semantics have been successful
in capturing many aspects of word meanings. However, understanding language requires not only understanding words,
but understanding their relations within a sentence. Due to the
combinatorial productivity of language, the number of possible sentences far exceeds the size of the vocabulary; therefore generating similar vector embeddings for sentences has
proven challenging. Recent literature reports several supervised as well as unsupervised approaches to learning sentence
representations using Recurrent neural networks (RNNs) that
account for word ordering (Kiros et al., 2015; Hill et al., 2016;
Conneau et al., 2017). These are intended to capture semantic
content, and do perform reasonably well on transfer tasks—
i.e. other sentence-level tasks which the embeddings were not
specifically trained on. Particularly, the performance of these
sentence models exceeds the performance of bag-of-words
models that patently lack any relational information about the
words (i.e., compositionality). However, it is unclear exactly
what compositional information is gained in RNN sentence
models beyond lexical meaning.

Natural Language Inference classifiers
The sentence embeddings we explore in this paper are from
InferSent (Conneau et al., 2017). We choose to use these
sentence embeddings as they represent the current state-ofthe-art for transfer in semantic tasks, and we expect that
strong performance in transfer tasks indicates a good representation for the semantics of a sentence. These embeddings
were trained end-to-end using the architecture in Figure 1 on
the SNLI (Stanford Natural Language Inference) training set
(Bowman et al., 2015). The training task is to classify pairs
of sentences into ‘entailment’, ‘contradiction’, or ‘neutral’.
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The embeddings were shown to perform well on other tasks
(such as sentiment analysis, semantic textual similarity and
other natural language inference datasets) by re-using the embedding layers and training only the classifier for the specific
task at hand. We train the model using the same protocol as
in Conneau et al. (2017) for use in this work. Our trained
InferSent model gives us 84.73% accuracy on validation and
84.84% accuracy on the SNLI test set, which is comparable
the performance of the classifier reported in Conneau et al.
(2017). For comparison, we also train a bag of words (BOW)
baseline model that averages the GloVe embeddings (Pennington et al., 2014) for all the words in the sentence to form
a sentence embedding. We train a multi-layer perceptron on
these embeddings to give the BOW-MLP classifier we use in
the following. BOW-MLP achieves 53.99% accuracy on the
SNLI test set (comparable to the BOW performance reported
in Conneau et al., 2017).

Figure 1: InferSent architecture (Conneau et al., 2017).

SNLI dataset
The Stanford Natural Language Inference dataset (Bowman
et al., 2015) is a large annotated corpus for NLI that is generated with a crowdsourcing framework. Workers are presented
with a scene description from a corpus of image captions, and
asked to supply sentences that have each of three possible relations (entailment, neutral, and contradiction) to the given
sentence. The freedom to produce entirely novel sentences
leads to a rich set of examples from the set of possible sentences; however, it also leads to some unexpected biases that
we will discuss in later sections.

of abstract rule, for any combinatorially large possible values
for X, Y and Z, is a step to a more general understanding of
compositional representations of sentence structure.

Compositional comparisons dataset
Our goal is to design pairs of sentences such that the NLI
relation within a pair (entailment, neutral or contradiction)
can be changed without changing the words involved, simply
by changing the word ordering within each sentence. We thus
generate sets of sentence pairs which differ by permutation of
words, such that the pairs represent different relations.
Type
Same
More-Less
Not

Entailment hypothesis
X is more Y than Z
Z is less Y than X
Z is not more Y than X

Contradiction hypothesis
Z is more Y than X
X is less Y than Z
X is not more Y than Z

# of pairs
14670
14670
14670

Table 1: Comparisons dataset summary. Set of rules for premise: X
is more Y than Z

By construction, BOW models will perform at chance on
this task, since they cannot distinguish the pairs. This provides a hard baseline for the performance that is possible
without abstract rule understanding. In the literature, any performance above a BOW model is often seen as proof of compositionality. However, this is an unwarranted conclusion—
the BOW model baseline usually receives only averaged word
vectors for the sentence and therefore theoretically also loses
some of the lexical information. We propose to instead gauge
the compositionality of sentence-vector models by seeing
how differently they classify these permuted sets.
We generate our test dataset using comparisons, as these
yield many simple examples of sentence pairs that require
more than word-level data to understand (when comparing
two entities, their order in the sentence matters), and generation of several such sentence pairs can be easily automated.
We consider three sub-types, described below and summarized in Table 1.

Same type
A-B pairs differ only in the order of the words.
A: The woman is more cheerful than the man
B: The man is more cheerful than the woman
CONTRADICTION
A: The woman is more cheerful than the man
B: The woman is more cheerful than the man
ENTAILMENT

Notion of Compositionality

More-Less type

Compositionality can mean many things. The notion that
we focus on for this work is the abstract understanding of
how words combine, in a way that generalizes to words and
phrases that have not previously been encountered. For example, rules of the type in Table 1 hold true for X, Y and
Z that may never have been encountered in that combination
before. In fact, it should generalize to X, Y and Z that have
never been encountered before at all. Understanding this sort

A-B pairs differ by whether they contain the word ‘more’ or
the word ‘less’.
A: The woman is more cheerful than the man
B: The woman is less cheerful than the man
CONTRADICTION
A: The woman is more cheerful than the man
B: The man is less cheerful than the woman
ENTAILMENT
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Not type
A-B pairs differ by whether they contain the word ‘not’.
A: The woman is more cheerful than the man
B: The woman is not more cheerful than the man
CONTRADICTION
A: The woman is more cheerful than the man
B: The man is not more cheerful than the woman
ENTAILMENT
To facilitate comparison with the SNLI dataset, we ensure
that the vocabulary distribution of the Comparisons dataset
is similar to the original SNLI training dataset. Only a few
words differ by more than 1% from their occurrence rate in
SNLI, such as not, a, than, the, is, less, more. This is inevitable given the general structure of the comparison sentence pairs we use.

Classification Analysis
The overall performance of each of the classifiers on the
Comparisons dataset are given in Table 2.

Type
same
more/less
not

BOW-MLP
50.0
30.24
48.98

InferSent
50.37
50.35
45.24

Table 2: Performance on the Comparisons dataset.

BOW-MLP
As expected, BOW-MLP makes classifications that are exactly symmetric across the two true categories in each task,
since members of each category are just permuted versions of
each other and BOW cannot distinguish them (Figure 2). This
also ensures that the performance is capped at 50%. A sign of
using more than word-level information would be asymmetry
between the classifications of the two categories.

InferSent
The performance of InferSent is slightly more asymmetric
(Figure 3), indicating that it is able to use some information
beyond the word level. Yet overall InferSent is extremely
poor at this task, indicating that it fails to fully exhibit the
compositionality needed for these comparison sentences. We
next analyze some of the patterns of classification errors observed.
All same words When the words in both sentences are
the same (the same-type comparisons) they are largely
classified as entailments (Figure 3), despite half being true
contradictions. We observe that in the SNLI dataset, most
contradictory sentence pairs have no overlap in words. For
example, a contradictory sentence pair in SNLI is:
A: Several people are trying to climb a ladder
in a tree.
B: People are watching a ball game.

Figure 2: BOW-MLP confusion matrices, with normalized rows.

CONTRADICTION
Thus, within SNLI, it is much more likely for a sentence
pair to be entailment or neutral if they have significant overlap. In order to quantitatively verify this observation, we rank
of overlap words
all the sentence pairs by overlap rate: # total
# of words (in nonincreasing order). We then look at the top X sentences with
highest overlap. As shown in Table 3, 91.5% of the pairs with
top 1000 maximum overlap between the sentences have the
true label of either entailment or neutral, and are very rarely
true contradiction.

Top
All
10000
1000

Entailment
33.4%
39.5%
50.8%

Neutral
33.3%
35.7%
40.7%

Contradiction
33.3%
24.8%
8.5%

Table 3: Overlap rate of words in SNLI.

Thus, InferSent may be learning the heuristic that high
overlap in words predicts entailment, rather than a compositional semantic representation. This explains the failure of
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X = Contradiction
X = Entailment

P(Antonym | X)
12.2%
3.5%

P( X | Antonym)
61.2%
18.0%

Table 4: Antonym word pair in the SNLI dataset

that a true contradiction predicts the presence of an antonym
pair (12.2%) more strongly than entailment does (3.5%).

X = Contradiction
X = Entailment

P(Antonym | X)
43.5%
8.7%

P( X | Antonym)
28.9%
34.3%

Table 5: Antonym word pair in high overlap subset of SNLI.

Since most of our dataset contains a large amount of overlap between sentences A and B, we check for statistics of
the high overlap set as well (Table 5). Here, the trend of a
true contradiction predicting the presence of an antonym pair
(43.7%) more strongly than entailment does (8.7%), is more
pronounced. However, the presence of an antonym pair no
longer predicts the true label of contradiction at a high rate.
This is likely due to the very low base rate of contradictions in
the high overlap subset of SNLI, as compared to entailments.
Overall, these results suggest, again, that the underlying statistics of the SNLI dataset lead models, including
InferSent, to ignore the order of words when solving our
more/less-type task.

Figure 3: InferSent confusion matrices, with normalized rows.

InferSent to generalize to our same-type task.
Difference of one word When the words in two sentences
differ by just one word, the decision is largely based on
whether those words have opposing meanings irrespective
of the order of the words. We see this from performance
on more-less type comparisons (Figure 3). Here the words
across the pairs differ only in the presence or absence of the
word ‘more’ or ‘less’. Since the relation between the words
‘more’ and ‘less’ is largely contradictory, we hypothesize that
their use in a pair of sentences leads the classifier to presume
the sentences are contradictory, irrespective of the order of
the words.
We evaluate this hypothesis by investigating the statistics
of antonyms in the SNLI dataset. To check whether a sentence pair (A,B) contains antonyms, we go through each word
in sentence A, and consider all synonyms of that word, and
consider all antonyms of those synonyms. Finally, we check
if sentence B contains any of those antonyms.
We observe that this heuristic is fairly consistent with the
SNLI data. Table 4 shows that the presence of antonyms
strongly predicts a true label of contradiction in the SNLI
dataset (61.2% compared to chance at 33.3%). We also see

Negations Comparisons that differ in the presence or absence of the negation ‘not’ are preferentially classified as contradictions (Figure 3). To verify that this heuristic is largely
consistent with the SNLI dataset, we look at sentence pairs
that contain “negating N-grams”: no, not, n’t. (By considering “n’t”, we will consider words such as “don’t” or
“doesn’t”.)

X = Contradiction
X = Entailment

P(Negation | X)
3.3 %
1.1 %

P( X | Negation)
58.4 %
20.0 %

Table 6: Negation in SNLI dataset.

We observe that a “negation difference yields contradiction” heuristic is consistent with the SNLI data. Table 6
shows that the presence of a negation strongly predicts a true
label of contradiction in the SNLI dataset (58.4% compared
to chance at 33.3%). We also see that a true contradiction
predicts the presence of an antonym pair (3.3%) slightly more
strongly than entailment does (1.1%).
We repeat the analysis for the top 10,000 of the high overlap set as well (Table 7). Here, the presence of negation
predicts a contradiction even more strongly than in the full
dataset (despite the lower base rates of contradiction in this
subset of the data), indicating a very strong basis for this
heuristic within the high overlap subset of the SNLI dataset.
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X = Contradiction
X = Entailment

P(Negation | X)
1.3%
0.1%

P( X | Negation)
60.0%
7.5%

Table 7: Negation in the high overlap subset of SNLI.

Summary of heuristics We find evidence for a few heuristics that explain the bulk of the patterns seen in the performance of InferSent on our Comparisons dataset, all of which
have ecological validity in the SNLI dataset. First, we find
that a large overlap in words between two sentences leads InferSent to believe that they entail one another. Second, we see
that the difference of one word between the two sentences,
when the difference is an antonym or a negation, leads InferSent to classify them as contradictions irrespective of word
order. Both of these illustrate a disproportionate dependence
on lexical, rather than compositional meaning in InferSent.
The analysis so far has highlighted word-level heuristics
that InferSent might be using. Yet the confusion matrix results (Figure 3) show a slight asymmetry, indicating at least
minor multi-word effects. One hypothesis is that larger deviations in the order of overlapping words, alone, leads InferSent to dissfavor entailment. This is trivially true for sametype comparisons where the exact same word order results in
an entailment inference, and different word order sometimes
leads to other classifications (top row of the same-type comparisons in Figure 3). But in this case these are the correct
classifications, so the heuristic is indistinguishable from full
compositional reasoning. Critically, in the case of comparatives of the ‘not’ type, pairs that differ more in the word order
are in fact entailments. We see that for this type of example,
InferSent classifies true contradictions as entailments more
than it does true entailments (p = 0.2e 11).
This suggests, though certainly doesn’t prove, a heuristic
that differing word order in the presence of ‘order-promoting’
words like ‘more’ and ’less’ like in our Comparisons dataset,
disfavors entailment judgments. There are other simple uses
of word order that could be in play: for instance, antomynic
pairs of bigrams could generalize the single-word heuristics
described above. However, a systematic analysis of the effect
of word order, and of the ecological validity of such heuristics, is challenging due to the combinatorial explosion in the
number of possibilities. We leave a thorough investigation of
this to future work.

Augmented training
The foregoing results suggest that biases in the SNLI training
data may be enough to lead a sentence encoding model to use
simple non-compositional representations. This leaves open
the question of whether architectures such as InferSent are
capable of representing the relational features needed to succeed at our Compositional task. In this section, we explore
this question by retraining the InferSent model on a combined dataset which includes both the Comparisons dataset
and original SNLI training data. This serves to test whether

simple training on examples of the rules in Table 1, will enable InferSent to generalize these rules to X, Y and Z that it
has previously never seen in that combination. This is a step
towards gauging the compositionality of this sentence representation.
The training subset of our Comparisons dataset consists of
40k sentence pairs (7% of the 550k pair SNLI training set).
Validation and test sets consist of 2000 sentence pairs each.
There is no overlap between any of these sets.

Fine-tuning
We first tried initializing with the model trained on the SNLI
dataset, and then training it on our new Comparisons dataset
(using the same protocols used in Conneau et al. (2017) to
train InferSent). Results are shown in Table 8. We observed
that model performance on the SNLI data task degrades over
the course of training (test accuracy went from 84.84 % to
56.37 %), though it remained higher than the random baseline
of 33.3 %. The final model, however, performs very well on
the Comparisons dataset (99.8 % test accuracy).
So while a decline in the performance of the model on
SNLI points to over-fitting to the data, we see that the model
doesn’t simply memorize the specific training data used from
the Comparisons dataset, and does actually learn the compositional rules (as evidenced by high test and validation performance on the Comparisons dataset). This indicates that the
InferSent model architecture is in theory able to learn such
relational patterns, given the right training data.

Epoch
0
13

Train(Comp)
47.81%
99.91%

Test(Comp)
45.36%
99.8%

Test(SNLI)
84.84%
56.37%

Table 8: Experiment: Finetuning

Retraining
To explore whether it is possible to perform well on both
the Comparisons and SNLI datasets, we next trained a model
from scratch on a training dataset that includes both SNLI and
our Comparisons dataset, again using the same training protocol used in the original paper on InferSent (Conneau et al.,
2017). Results are shown in Table 9. The test accuracy on
SNLI (84.96 %) is comparable to the model trained only on
SNLI (84.84 %). Moreover, test accuracy on the Comparisons dataset (99.55 %) is much higher than the model trained
only on SNLI (45.36 %). Thus we show that it is possible to
train a model such that it has high performance on specially
designed edge-cases like the Comparisons dataset, without
loss of performance on the more general SNLI dataset.
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Epoch
12

Train(Combined)
90.99%

Test(SNLI)
84.96%

Test(Comp)
100.00%

Table 9: Experiment: Retraining From Scratch

This result also verifies our previous hypothesis that the
model learns the simplest ways to accommodate the training
data: the main reason the InferSent model performs badly
on the Comparisons dataset is that its training data licenses
“shortcut” biases, not because of shortcomings in the model
itself. This points to the benefits of understanding potential
biases in training data and including specially designed data
to correct them.

Discussion
This work highlights the inadequacy of mainstream tasks in
truly testing if Natural Language Processing (NLP) models
represent compositional structure beyond the word level. InferSent achieves high performance on the test set of the SNLI
dataset, as well as several other transfer tasks, but fails on our
Comparisons dataset. This indicates that it misses crucial aspects of the compositionality in sentence meaning. How then
does the InferSent model succeed on SNLI? Analysis of the
behavior of the model on our well-controlled dataset allowed
us to conjecture some word-driven heuristics, many of which
we found have ecological validity in the SNLI training data.
This points to the utility of carefully designed datasets both
for testing models’ representational abilities, as well as for
better understanding what they have actually learned. This
is especially useful for models with large parameter spaces
and many local minima, where heuristic solutions can explain
much of the variance in the training data.
Elucidating the blind spots in a system’s encoding of compositionality can then be utilized to improve it. We found that
the InferSent model can be trained to perform better on our
Comparisons comparisons without reducing performance on
SNLI, by just including a part of the comparison dataset in the
training data. This indicates that, for this case, the shortcoming is not in the model architecture, but rather in the poverty
and biases of the training data. By debiasing training corpora and augmenting them with minimal contrasting examples, we can move closer to a truly compositional encoding
of language.

Future Directions
Our Comparisons dataset has the crucial property that, by
construction, it cannot be solved with only word-level information. Building a more general Comparisons dataset with
this property that extends beyond comparison-type sentences
is an important direction for future research. Another clear
direction is to assess how other models, such as SkipThought
(Kiros et al., 2015), perform on these problems, and explore
the heuristics they might be covertly employing. Using techniques for generating interpretable explanations from classification decisions (e.g. Ribeiro et al., 2016) could help to better
understand the strengths and weaknesses of these models on
diagnostic datasets; and in turn perhaps prescribe new training regimes.
Further work on augmented training will be needed to better isolate the benefits of including specially designed data

in training: do the results transfer to other tasks that require
similar aspects of compositionality or even to more distant
aspects of understanding beyond the word level?
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Abstract

High immersion in virtual reality is often hypothesized to
improve learning and memory. This immersion benefit is
frequently attributed to presence, the user’s feeling of being
present inside the computer-generated environment.
Obtaining learning gains due to high immersion may however
be difficult, as is evidenced by the null results of multiple
studies in this area. In the current study we investigated the
role of presence in low- and high-immersion virtual reality
settings. No differences in performance in object location and
spatial memory were found between low- and high-immersive
conditions. Yet, when considering self-report measures of
presence, performance improvements in the high immersive
condition did become apparent. The finding of the importance
to consider the role of presence in virtual reality highlights the
complexity of immersion effects in simulated environments.
Keywords: performance; virtual reality; immersion; presence

Introduction
Immersive Virtual reality (VR) is starting to gain popularity
in the cognitive sciences, likely due to its unique ability to
induce highly realistic experiences. The same is true for VR
applications in various societal sectors, including the
gaming and movie industries, but also the automotive sector,
social media, art, architecture, education and others. An
important part of the realism of VR is brought forth by
presence, which is its ability to give the user a sense of
“being there”, the feeling of existing inside the virtual
environment (Heeter, 1992; Steuer, 1992). Whereas the
sense of being present is subjective, presence itself is the
result of immersion. Immersion, however, is objective and
can be defined as the technological fidelity of VR as
produced by hard- and software (Bowman & McMahan,
2007; Slater, 1999).
A common distinction in VR research is that between low
immersive VR with a small viewing area as provided by
conventional desktop monitors, and high immersive VR
with a large viewing area which surrounds the user, as is
afforded by head-mounted displays (HMD’s) and Cave
automatic environments (CAVE’s) (Bowman & McMahan,
2007). High immersion is assumed to yield improvements in
learning (Meehan, Insko, Whitton, & Frederick P. Brooks,
2002). Importantly however, studies investigating this
hypothesized beneficial effect of immersion on learning
have yielded decidedly mixed results, with benefits present
in some studies and absent in others.

In a study on problem-solving, Kozhevnikov, Gurlitt, and
Kozhevnikov (2013) found improvements on problemsolving skills for an immersive HMD condition compared to
a non-immersive desktop monitor condition. Similarly, in a
study by Limniou, Roberts, and Papadopoulos (2008),
students obtained a better understanding of chemical
reactions after exposure to molecule animations in a CAVE
compared to animations displayed on a desktop monitor.
Conversely, in two experiments on the acquisition and
transfer of knowledge of plants in desktop and HMD
conditions, Moreno and Mayer (2002) found no evidence
for an effect of increased immersion on higher learning
outcomes. Likewise, in a study on the recall of object
location and shape, Mania, Troscianko, Hawkes, and
Chalmers (2003) did not find performance differences
between desktop monitor and HMD conditions.
In light of the mixed results reported in the literature, it can
be questioned whether immersion has a strong positive
effect on learning. As immersion does not appear to
consistently yield learning gains, this presents challenges for
applications of virtual reality and learning which rely
heavily on immersion. Finding an answer to the question
why the effects of immersion are not consistent could aid in
addressing these challenges. The answer may be found in
the concept of immersion itself, which may be modulated by
other factors. A prime candidate for such a factor is
presence, as it is one of the foremost benefits of immersion
and has been linked to positive learning outcomes
(Mikropoulos, 2006; Witmer & Singer, 1998). Despite this,
few studies have investigated the possible modulatory effect
of presence on immersive learning.
The central question of the current study is whether
presence measures can be employed to find performance
differences between low- and high-immersive conditions.
To this aim, an experiment was conducted that compared
learning performance in a low immersive monitor condition
and a high immersive HMD condition, while taking the
modulating factor of presence into account.

Experiment
Object recognition and spatial tasks were selected for the
experiment of the current study as they actively exploit the
rich spatial information immersive VR provides (Bowman
& McMahan, 2007), and are thus a natural fit for comparing
performance between low- and high-immersive conditions.
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In addition to presence, a possible modulatory effect of flow
was examined. Flow is a state of optimal experience in
which the perceived demands and skills of a task are
matched, and has been found to be positively correlated
with presence (Csikszentmihalyi, 2000; Hegarty,
Richardson, Montello, Lovelace, & Subbiah, 2002;
Rheinberg, 2008). Enhanced levels of natural interaction
enabled by immersive VR may lead to increases in flow
(Liao, 2006). Flow may be disrupted when natural
interaction is suboptimal by affecting the balance between
perceived demands and skills.
Lastly, sense of direction on task performance was
assessed. Sense of direction is a measure of spatial ability
relevant for route- and landmark learning, map drawing and
other spatial tasks (Hegarty et al., 2002). Its use is therefore
appropriate in light of the object recognition and spatial
tasks of the current study.
To measure presence, flow, and sense of direction selfreport questionnaires were employed. These questionnaires
and their respective subscales are often presumed to be
independent and are therefore assumed to explain distinct
parts of the variance in the data, as is the case for the
presence questionnaire used for the current study (Lessiter,
Freeman, Keogh, & Davidoff, 2001).
After examining the effect of low versus high immersion,
the presence, flow and sense of direction measures will be
used to examine their influence on performance in these two
immersion conditions. Additionally, the independency of
the measures and their subscales will be tested.

Method
Participants
Thirty-three students of Tilburg University (16 females, age:
M = 24.61, SD = 3.34, range = 18-32) participated in this
experiment either for a monetary reward (15 Euro) or 1.5
course credits. Participants did not have a current or past
condition of migraine or epilepsy, had normal or correctedto-normal vision, did not wear glasses during the
experiment, and were not pregnant. Finally, participants
were excluded if they had visited Japan, as the spatial
navigation task involved Japanese locations.

Apparatus and Materials
Virtual environments were presented with a HMD and a
conventional desktop monitor (HMD: Oculus Rift consumer
edition; horizontal field of view approximately 110 degrees;
resolution 2160 x 1200 pixels; 90 Hz refresh rate. Monitor:
Dell P2214H; 21.5-inch; resolution 1920 x 1080 pixels; 60
Hz refresh rate). The distance to the monitor was
approximately 50 cm. For navigation, a Microsoft Xbox
wireless controller was used which allowed rotations by 45degree increments. Visual stimuli were presented with
HMD and desktop monitor versions of Google Street View
(software: VISO Places, VISO VIRTUAL).
An object recognition and spatial navigation task was
performed using Google Street View 360-degree panoramas

of Asakusa, a district in Taito, Tokyo, Japan. A practice
session used an unrelated area in Burlington, Oklahoma,
United States. Two routes, A and B, of similar complexity
were used. Route A contained 16 decision points (go left,
right, straight) and was 670 m in length. Route B contained
15 decision points and was 708 m in length. Examples of
visual stimuli located along the two routes which were to be
memorized are shown in Fig. 1. An object recognition and
response time test consisted of three object types, namely
specific (object at decision point specifically drawn
attention to by the experimenter during the learning phase);
non-specific (located along the route but not specifically
indicated by the experimenter) and unseen (unseen objects).
Self-report measures of presence, flow and spatial ability
were collected via questionnaires. Presence was measured
using the ITC-Sense of Presence Inventory, one of the few
presence questionnaires compatible with both low- and
high-immersive media types (Lessiter et al., 2001). The
questionnaire consists of 44 items, divided into subscales
measuring spatial presence (sense of being present in the
displayed content), engagement (level of psychological
involvement), ecological validity/naturalness (perceived
realism and naturalness of the displayed content) and
negative effects (unwanted side effects such as dizziness
resulting from media consumption). The internal reliability
ranged between .76 – .94 (Lessiter et al., 2001).
Flow was measured using the Flow Short Scale. This
questionnaire measures flow experience, and additionally
perceived importance (of the task at hand), demand
(imposed by the task), skills (available skills to perform the
task) and perceived fit of demands and skills. (Rheinberg,
Vollmeyer, & Engeser, 2003). The internal reliability of the
scales was approximately .90.
Spatial ability was assessed with the Santa Barbara Sense
of Direction Scale, which has an internal reliability of .88
(Hegarty et al., 2002). All questions were administered
using Qualtrics survey software (Qualtrics, Provo, UT).

Dependent variables
To assess performance differences between monitor and
HMD conditions, we measured participant memory of two
virtual routes and objects present along these routes by
recording route navigation errors as well as correct object
recognition numbers and accompanying response times.
Map drawing quality was determined by comparing drawn
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Figure 1: Examples of visual stimuli located along Google
Street View routes A (top) and B (bottom).

and ideal maps for street length accuracy and correct leftright turns. Lastly, we measured both the number of
correctly placed objects along the route as well as the
deviance from the correct object placement order.

Procedure
After receiving information about the tasks to be performed,
all participants carried out both the low immersive monitor
and high immersive HMD conditions in a randomly
assigned order. Irrespective of condition, in the practice
phase participants first familiarized themselves with a
gamepad used for navigation. This was done on a monitor,
so as to facilitate communication with the experimenter.
Participants in the HMD condition next continued the
practice phase inside the VR headset in order to practice the
use of head rotations for interacting naturally with the
virtual environment. The practice phase lasted between one
and two minutes and was ended when participants
demonstrated proficiency with the interaction methods.
In the learning phase, participants in both conditions
performed an object memory and navigation task in one of
two randomly assigned routes. At the start of the learning
phase, the experimenter used a predefined script to verbally
guide the participants along a predetermined route, which
contained a fixed number of decision points (go left, right,
continue forward). At each decision point, the experimenter
stated the decision point number, asked to look at one
specific object or person visible in the scene, and requested
to look from left to right. This ensured that all main
elements of the scene had been observed by the participants
at least once. After reaching the destination, the participants
were put back at the start of the route, concluding the
learning phase.
The testing phase consisted of four parts and started out
with a navigation test. In the first part, the participants were
asked to travel along the same route as quickly as possible
while minimizing the number of navigation errors at the
decision points. When the correct route was deviated from,
the experimenter halted the participant to ensure he/she
would not get lost, recorded the error and guided the

participant back to the last correct position. This process
was repeated until the destination was reached. In the
second and third parts of the testing phase, participants
completed questionnaires on flow, presence and sense of
direction and performed a yes/no recognition task on objects
visible along the route. Next, for the fourth and last part,
participants used a graph paper to draw a map of the route
they had just virtually travelled, and placed pictures of
objects which were visible along the route at the correct
locations within five minutes. For consistency, the start and
end points of the route were predesignated on the paper. The
procedure was then repeated for the second condition, and
was followed up with a short exit questionnaire. After the
participants were debriefed, the session was completed. The
total session duration was approximately 90 minutes.

Data Analysis
Linear Mixed Effects (LME) models were used on both
accuracy and response time variables. Condition (monitor,
HMD) was dummy coded and used as a fixed factor, as well
as the individual self-report variables of flow, presence and
sense of direction. Route (routes A and B) and route order
(A-B or B-A) were used as random factors. Subject was not
included as random factor in the model as this would
remove the variance of interest.

Results and Discussion
Due to a technical issue, the scores and response times of
the object recognition test of one of the two routes contained
missing values for 8.8% of the data. Missing values were
equally distributed among the tested objects and the
conditions, with route and route order being
counterbalanced, so that the technical issue is not expected
to have affected the variables of interest. Values of ±2.5
standard deviations from the (individual) means were
removed from further analyses. This amounted to 3% of the
data of both the navigation error numbers and the response
times of the recognition test.
The reliability of the presence subscales was good to
excellent, with Cronbach's α ranging between .72

Monitor/HMD
conditions

Practice phase

Learning
phase
Navigation
test

Testing phase

Questionnaires

Time (approximately 90 min.)
Figure 2: Overview of experimental procedure.
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Recognition
test

Exit
questionnaire
and debriefing
Map
task

(ecological validity/naturalness) and .94 (spatial presence).
The Cronbach's α of flow experience of .80 and sense of
direction of .86 were also good. Flow subscale perceived
importance had a Cronbach's α of .36 and was removed
from further analyses as it was below the acceptable limit.

Immersion
An analysis of the main effect of immersion revealed no
significant performance differences between monitor and
HMD conditions for either of the outcome variables. This is
consistent with some of the findings in the literature (Mania
et al., 2003; Moreno & Mayer, 2002), and illustrates that
clear-cut performance benefits due to high immersion can
be difficult to obtain.

Moderator Variables
Immersion effects may be modulated by presence and other
subjective measures. In order to examine this, it was first
assessed whether the high immersive HMD condition
effectively induced presence in the first place. In accordance
with the scoring instructions of the presence questionnaire,
the subscales were analyzed individually. Presence scores
were shown to be significantly higher in the HMD condition
for all four subscales, confirming that the high immersive
condition indeed successfully induced presence. For the
flow questionnaire this pattern was confirmed for flow
experience, but not for the worry, skills and demands scales.
Having determined that the HMD condition induced
presence, we proceeded to investigate a possible modulating
effect of the subjective measures. For each of the outcome
variables we assessed whether the interaction between

condition and the questionnaire scale scores was significant.
The analyses indicated significant interactions between
condition and all four individual presence scales, however
not with the scales of the flow and sense of direction
questionnaires. In the current study, the effect of immersion
was thus solely modulated by presence. With the exception
of the outcome variable object order (correct placement
order of objects on the route map), all significant
interactions coincided with improved estimated marginal
means (EMM’s) in the HMD condition. This demonstrated
that presence can be effectively used for finding differences
between low- and high-immersive conditions, and that
higher presence scores in the HMD condition of the current
study were associated with better task performance. A
summary of the results is presented in Table 1.

Principal Component Analysis
Self-report questionnaires and their subscales are often
presumed to be independent (Lessiter et al., 2001). This will
be examined by conducting a principal component analysis
(PCA) on all scales. If the scales are independent, they are
expected to fall under different components. If they do not,
this may be an incentive for further investigation.
To assess whether a PCA could be conducted, factorability
was tested using the Kaiser-Meyer-Olkin measure of
sampling adequacy (KMO) and Barlett’s test. KMO was
within the bounds of acceptability, KMO = .65 (Field, 2009),
as were the KMO values of all individual moderator
variables, KMO > .50. Barlett’s test indicated a sufficient
correlation of the moderators, p < .001. PCA using varimax
rotation was performed using a cut-off of an eigenvalue of ≥

Table 1: Result summary: coefficient estimates β, standard errors SE(β), test statistic t, significance level p and estimated
marginal means EMM for all significant condition by subjective measure interactions.
Outcome
variable

Object
type

Scale

Coef. β

SE(β)

t

p

EMM
HMD

EMM
Monitor

Condition with
improved EMM

Recognition test
score

Specific

Negative effects

-.086

.034

-2.546

.014

.922

.873

HMD

RT of correct
responses on
recognition test

Nonspecific

Engagement

.597

.273

2.185

.033

1.731

1.585

Monitor

RT of correct
responses on
recognition test

Unseen

Spatial presence

.674

.293

.306

.025

1.808

1.891

HMD

RT of correct
responses on
recognition test

Unseen

Ecological
validity/
Naturalness

.660

.286

2.312

.024

1.805

1.824

HMD

Map: Object
order

NA

Engagement

.175

.083

2.100

.040

.275

.195

HMD

Map: Object
order distance

NA

Negative effects

.801

.369

2.173

.034

2.049

2.618

HMD

Note. Coef. = coefficient estimate; RT = response time; HMD = head-mounted display.
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1 for component extraction and 0.4 for component loadings.
This resulted in three components together accounting for
71.7% of the variance, with loadings as shown in Table 2.
Component 1 was described as Presence, with three of the
four scales of the presence questionnaire being represented,
namely spatial presence, engagement and ecological
validity/naturalness. Component 2 was described as
Competence, as it contained flow experience and skills, both
scales of the flow questionnaire. This component also
contained the single scale of the sense of direction
questionnaire, as well as the fourth presence scale negative
effects. Component 3 was described as Difficulty and is
comprised of demands, skills and perceived fit of demands
and skills, each scales of the flow questionnaire. Of
components competence and difficulty, skills loaded most
strongly on competence and fits most closely here given the
nature of the other loadings of this component. The negative
effects scale had a strong negative loading on competence
whereas the other loadings on this component were positive.
We therefore removed negative effects from this component.
The PCA analysis regrouped ten questionnaire scales into
only three components, despite the fact that the
questionnaires were considered to be independent.
In the previous analysis we tested whether the presumably
independent theoretical constructs in the questionnaires
yielded an effect for immersion. Given the PCA findings it
is worthwhile to determine whether this effect holds for the
questionnaires as determined by the PCA components.
Three variables presence, competence and difficulty were
created by averaging the scores of the scales contained in
each of the components. The new component variables were
used to analyze their modulating effect on immersion, as
was done previously for the individual scales. The results
indicated a significant interaction between condition and the
presence variable for response times of correct answers on
the recognition test for unseen objects, β = .866, SE(β)
= .354, t = 2.450, p = .017. Importantly, the sign of the
interaction coefficient showed that as the average of the

spatial
presence,
engagement
and
ecological
validity/naturalness scale scores improved, persons in the
HMD condition were more likely to have lower response
times on this combination of outcome measure and object
type. This was reflected in the EMM of the HMD condition,
which was lower and therefore improved compared to that
of the monitor condition, HMD EMM = 1.840, monitor
EMM = 1.896. The interactions between condition and the
competence and demands variables were not significant.
In conclusion, after grouping the supposedly independent
scales into a small number of components, a benefit of
immersion on task performance re-emerged by controlling
for the presence component variable. This replicates the
result of the analyses performed for the individual scales,
and fortifies the finding that of the measures of presence,
flow and sense of direction, solely presence was effective
for detecting performance benefits linked to high immersion.
The PCA showed several scales of the same questionnaire
to be grouped under the same component, in spite of their
assumed independence. This finding calls for further
research into the possibilities for reducing the length of
these often extensive questionnaires.

General Discussion
The current study investigated the role of subjective
measures in an immersion experiment. Presence, the sense
of existing inside a virtual environment, is a characteristic
benefit of immersive technology. It is also an established
fact that the same level of immersion may induce different
degrees of presence, as it is subjective and differs between
persons and their mental states. This is of importance, as
presence has been linked to learning gains (Mikropoulos,
2006; Witmer & Singer, 1998). Given the fact that presence
and its susceptibility to interpersonal differences are widely
recognized, it is surprising that studies on immersion and
task performance have rarely taken the effect of presence
into account. This is even more striking as previous studies

Table 2: Three components resulting from the PCA analysis and rotated factor loadings of the scales higher than .40.
Questionnaire

Scale

Presence

Presence

Spatial presence

.84

Engagement
Ecological validity/naturalness
Negative effects
Flow experience
Demands
Skills
Perceived fit of demands and skills
Sense of direction

.91
.90

Flow

Sense of direction
Eigenvalues
Variance explained (%)

Difficulty

-.80
.74
.69

.84
-.41
.82

.54
2.70
30.02
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Competence

2.65
29.42

1.10
12.27

have had difficulty in finding performance differences due
to immersion, which may in part have been caused by not
controlling for critical factors affecting performance, of
which presence is a prime example. The current study
addresses this issue and shows that presence can be
employed to find performance differences due to immersion.
Further studies are required to elucidate why significant
performance differences between monitor and HMD
conditions were found for object recognition and object
order tasks, but were absent for route navigation and map
drawing. One path for improvement would be to use real
walking in the HMD condition instead of using a gamepad,
as proprioceptive and vestibular information has been
shown to improve navigation and the quality of the mental
representation of locations (Ruddle, Volkova, & Bülthoff,
2011). Additionally, regarding map drawing, a solution may
be to reduce task difficulty, which was high, irrespective of
condition. This may be concluded from the small percentage
of completed maps, which was 40% for both conditions.
Immersion is brought forth by a range of technical factors,
and may provide various benefits differentially affecting
behavior and performance. These benefits include presence,
increased spatial awareness and others (Bowman &
McMahan, 2007). An interesting future avenue would
therefore be to parametrize the use of immersive factors
assumed to benefit specific tasks, and to assess the role of
relevant subjective measures, as done here for presence.
The current study demonstrated the importance of
measuring presence when examining the effect of
immersion on performance. When presence is disregarded,
important performance benefits may remain undetected.
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Abstract

To what extent can the similarity structure of categories be
inferred based on paradigmatic vs syntagmatic information?
We explore this question in two studies that aim to capture
paradigmatic information directly: first by having participants
generate near-neighbors to exemplars from 15 basic categories,
and second by having them partially rank the most similar exemplars. After constructing neighborhood graphs of the items
in each category, we derived a local measure (based on direct neighbors) and a global measure (including indirect paths
as well) of paradigmatic information. Both measures predict
independently-obtained human pairwise similarities for each
category, but incorporating indirect information substantially
improves this prediction. In a third study, we contrast these
measures with syntagmatic information obtained from a vast semantic network derived from 3 million judgments. The paradigmatic graphs are better predictors of similarity despite only
encoding a fraction of these data. Broad implications for word
learning and meaning are discussed.
Keywords: similarity; semantic networks; near neighbors;
word associations; mental lexicon

Introduction
When we encounter new words, they usually do not come
conveniently attached to definitions. Rather, we must somehow infer the meaning based on a small collection of cues.
When the new words are learned through reading, the number
of cues drops even more. Despite the difficulty of the task,
people excel at solving this inductive problem and learning
the meaning of words through text based on only a few examples. For example, people can infer geographical locations or
social structures based on text (Louwerse & Connell, 2011),
and even congenitally blind people have representations of
concrete, visible entities that in many ways match those of
sighted people (Lenci, Baroni, Cazzolli, & Marotta, 2013).
What kind of information are they using? As a first step, what
kind of information is most useful?
In considering this question, imagine that while perusing
an interesting novel you see the new word capybara. The text
provides some cues as to its meaning. You might notice its
syntagmatic relationships – the words that co-occur together
in close temporal proximity but have a syntactically distinct
role. In this case, the sentence is “the capybara lives in the
savannah”, so lives and savannah are syntagmatic relations.
Conversely, it also has paradigmatic relationships, which are
related (e.g., in the same category as) and fulfill the same
(syntactic) role in the sentence (e.g., mouse or guinea pig). 1
1 Although

less typical, some paradigmatic relationships may also

From a developmental perspective, the formation of paradigmatic associations depends on the existence of syntagmatic
associations and the former are expected to be better cues
early in word learning compared to the latter (Sloutsky, Yim,
Yao, & Dennis, 2017). Regardless of whether paradigmatic
relations are acquired through some kind of higher-order associative learning (Ervin, 1961) or are directly encoded in
language, the number of plausible paradigmatic relations is
likely to be substantially less than the number of syntagmatic
relations a word participates in at any point in the development. A word like capybara may co-occur with thousands
of other words, whereas a much smaller number fill the same
role. This logic suggests that paradigmatic information (which
might be explicit in language) may be more informative about
the underlying meaning of capybara: if there are relatively
few paradigmatic relations for any given concept, it may imply that each one carries more inferential weight. If so, this
suggests a possible resolution to the sparsity problem: people
can learn so quickly from text because they have access to
data – paradigmatic relations – that is highly informative as to
category meaning.
The idea is intriguing, but the logic is only suggestive at best.
In this study we therefore put it to the test. Our hypothesis
is that paradigmatic relationships are far more informative
about category structure than even orders of magnitude more
syntagmatic data, at least when the information inherent in the
paradigmatic data is appropriately extracted.
We evaluate this hypothesis by using a network approach to
extract the full extent of structure inherent in purely paradigmatic relationships (measured in two different ways in Study
1 and Study 2 respectively). The network captures the notion
that the meaning of each paradigmatically-related word depends on the meaning of all other paradigmatically-related
words. More importantly, it also allows us to build an interconnected structure based on extremely sparse data in which
each word is directly related to only a small number of other
words. Inspired by Collins and Loftus (1975), we implement
a simple mechanism of spreading activation which allows us
to overcome this sparsity problem by considering not only
paths between directly adjacent words, but also longer indirect
paths between more distant words. In this way, we can build
co-occur in language through conjunctions (“capybaras and guinea
pigs”) or similes (“capybaras, like chinchillas”): they are still paradigmatic because of the role they play.
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up a rich representation based on sparse examples of only
paradigmatic information.
For the purposes of this paper we restrict our investigation to
words on the basic level. Thus, our question is to what extent
word meaning can be inferred from paradigmatic relations in
categories like Birds with basic-level exemplars (like ostrich
or sparrow). We focus here because exemplars at the basic
level are special in many ways: they are concrete, acquired
early in life, and carry the most information (Rosch, Mervis,
Grey, Johnson, & Boyes-Braem, 1976). However, it is still
not entirely clear how they are learned or what data are most
informative about their meaning.
The structure of this paper is as follows. We first describe
the pairwise similarity data used for prediction in all of the
subsequent studies. Then, in Study 1 we use a near-neighbor
generation task to derive a network of paradigmatic relationships for 15 basic-level categories, as described above. We
demonstrate that this information predicts the similarity data
reasonably well. In Study 2, we show that this result is not a
byproduct of the particular task; paradigmatic data obtained
from a ranking task shows the same effect. In Study 3, we
contrast these results with predictions based on a vastly larger
quantity of syntagmatic-only information derived from a largescale semantic network. Despite the fact that the syntagmatic
information contains orders of magnitude more data, it predicts
similarity structure worse than the (much sparser) paradigmatic information from Study 1 and Study 2.

Pairwise similarity data
All of the studies in this paper involve predicting human-rated
pairwise similarity data. The data consists of 418 exemplars
from 15 different semantic categories, each of which was rated
for pairwise similarity by at least 15 participants in a previous
study (De Deyne et al., 2008). The categories consisted of
animals (30 Birds, 23 Fish, 26 Insects, 30 Mammals, 20 Reptiles), artifacts (29 Clothing, 33 Kitchen utensils, 27 Music
instruments, 30 Tools, 30 Vehicles, 20 Weapons), and other
categories (30 Fruits, 30 Vegetables, 30 Sports, 30 Professions). All items in this and subsequent studies were in Dutch,
but for clarity are presented as their English translations.

Study 1: Near-neighbor Generation
The near neighbor generation (NNG) task is a production task
similar to both word associations and feature generation. It
differs from both because of how it is censored: in it, only
paradigmatic (i.e., coordinate) responses are valid. By contrast,
in the feature-generation task only syntagmatic responses are
permitted, and a mixture is allowed in word associations. The
NNG task thus yields a set of paradigmatic-only data.

Method
Participants. Participants were an opportunity sample of
363 first-year KU Leuven psychology students who participated voluntarily in a collective testing session exchange for
course credit. As some students were not native Dutch speak-

ers, an additional 41 volunteers were recruited resulting in a
sample of 246 females, 158 males (mean age 20.6).
Stimuli & procedure. The stimuli consisted of each of the
category exemplars for which we have similarity data from
De Deyne et al. (2008). In this study, however, instead of rating
pairwise similarities, participants were asked to generate as
many similar words as possible to the one presented (the cue).
People were shown an example using the cue word museum
and asked to give buildings that are similar to a museum, like
gallery, library, exposition space, church, venue, archive, bank,
or institute. People were asked for as many similar responses
that were also category members as possible and to avoid
restricting themselves to only visual similarities. We also
explained that some words might be harder than others, and in
those cases, the number of responses they could generate might
be smaller. Finally, the instructions highlighted that people
could press “Unknown Word” if a cue word was unknown.
People generated responses like this for 15 random cues,
each corresponding to an exemplar from a different category.2
Thus, although any single participant saw only 15 cues, between everyone each of the exemplars served as a cue multiple
times. During the experiment, the cue word was shown on top,
followed by a question about other category members. For
example, the question for tiger was "What other mammals are
similar to tiger?"

Results
Data preparation. Each of the responses was spelling corrected and normalized to a canonical form. Diminutives, plurals and orthographic and dialect variants (e.g. appelsien and
sinaasappel, both Dutch words for orange) were grouped and
where possible matched to the word forms of our cues. To
account for category size differences, a balanced dataset was
derived in which all cues were judged by exactly 10 participants. Unknown cues, empty responses, or responses identical
to the cue were removed (2% of the data). Next, we excluded
responses that were not paradigmatic, including individuals
(e.g., Nemo), incorrect responses (e.g. jazz as an exemplar
of Sports) and syntagmatic responses (tasty as response to a
Fruit): about 16% of the data total. The resulting exemplar
dataset reveals that participants generated only a small number
of neighbors, averaging 3.7 (SD = 2.36) responses per cue
(median = 3, min = 1, max = 21). Finally, we selected for each
category only those exemplar responses that also appeared as
cues (retaining 52% of the exemplars).
Near neighbor graph. For each category, we derived a
graph G based on the responses given in the NGG task. The
graph was reduced to the largest strongly connected component, which means that only nodes that had both in- and
out-going edges were retained. The weights of the directed
edges were determined by the number of participants who
generated a response for a specific cue divided by the total
2 For technical reasons only the first 14 cues were stored during
the collective session, which only impacted the total presentations.
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Table 1: Study 1: Pearson r between pairwise similarity and similarity estimated based only on local paradigmatic information (direct
neighbors, DN) or derived global paradigmatic information (random walks, RW). nex indicates the number of exemplars; nr is the
number of responses; k is the average number of direct neighbors
(i.e. the node’s out-degree), which captures the sparsity of each NN
graph. The last two columns show confidence intervals (∆ CI) for the
difference between the r’s (RW - DN).

Figure 1: Example neighborhood graph for Birds. Line widths
reflect the frequency with which each cue was generated in response
to each other cue.

number of responses for that cue; that is, the weighted adjacency matrix corresponding to G was row-normalized to make
P. Figure 1 shows the graph for the category Birds.
This graph was used to derive two different variables, described below, which we then use to predict pairwise similarity.
Direct neighbor (DN). We first derive a baseline measure
that captures the purely local similarity between each exemplar in the weighted adjacency matrix in each category. For
two exemplars i and j, the weighted vectors with their direct
neighbors Pi and P j yield a measure of cosine similarity:
cos(Pi , P j ) =

Pi · P j
kPi k2 kP j k2

(1)

Spreading activation through random walks (RW).
Meaning does not have to be determined solely by connections based on direct neighbors; indirect ones may also play a
role. We test the utility of this sort of indirect information by
deriving a measure of similarity between pairs of words based
on the direct and indirect paths they share. For each node, this
representation thus consists of a weighted sum of paths.
r
−1
Grw = ∑∞
r=0 (αP) = (I − αP) .

(2)

In this equation, r is the length of the path, I is the identity
matrix, and α is a damping parameter that governs the extent
to which similarity scores are dominated by short paths or by
longer paths (Newman, 2010). Following previous work, we
fix α = 0.75 (De Deyne, Navarro, Perfors, & Storms, 2016;
De Deyne, Perfors, & Navarro, 2016), although all our results
are qualitatively identical if we instead use the best-fitting
value. As before, we calculate semantic relatedness based on
cosine similarity over this representation.
Results and Discussion. Table 1 shows for each category
the correlations between the pairwise similarity judgments

Category

nex

nr

k

DN

RW

Fruit
Vegetables
Birds
Fish
Insects
Mammals
Reptiles
Clothing
Kitchen utensils
Music instruments
Tools
Vehicles
Weapons
Sports
Professions

30
30
30
22
26
29
20
29
31
27
23
30
17
30
18

821
557
625
366
695
513
536
470
367
586
195
548
203
410
129

11
9
9
6
10
7
10
6
5
8
4
7
6
5
3

.51
.31
.62
.70
.55
.55
.38
.51
.47
.61
.23
.65
.48
.48
.26

.68
.61
.76
.77
.77
.78
.67
.75
.69
.80
.46
.83
.80
.56
.66

.12
.23
.10
.02
.16
.18
.19
.19
.16
.15
.13
.14
.22
.02
.26

.22
.38
.18
.12
.28
.28
.40
.31
.28
.24
.33
.23
.44
.13
.54

392

7021

7.1

.50

.71

.19

.22

All

∆ CI

and the two measures (DN and RW) derived from our nearneighbor graph built from paradigmatic relations only. The
last line shows the results for all categories after standardizing
the human similarity judgments. From here on, all correlations
are significant at p < 0.05 (two-tailed) unless noted otherwise.
Confidence intervals for the correlation difference of overlapping dependent variables for DN and RW were calculated
using the procedure outlined in Zou (2007).
Several things are apparent from this. First, paradigmatic
information alone is somewhat helpful in predicting similarity
within categories, even when it is derived based on a relatively
small number of exemplars: all correlations are significant, and
most are above r = .40. Second, including indirect neighbors
increases the correlations considerably, from an average of
.50 to .71, and this difference was significant with none of
the confidence intervals including zero. Although there is
some variability between categories, it is clear that across the
board, there is a great deal of latent, indirect structure between
paradigmatically-related exemplars, and this structure is useful
for predicting similarity. As a result, we find that only a very
small number of neighbors (k ranging between 3 to 11) are
sufficient to substantially determine the meaning of words
within these categories.

Study 2: Near-neighbor Ranking
One problem with the generation task in Study 1 is that atypical exemplars tend not to be produced as responses. Since
the exemplars in De Deyne et al. (2008) were chosen to cover
both typical and atypical items, this meant that some items for
which we have similarity data were not in the NNG dataset. As
a consequence, the correlations in Table 1 may underestimate
how much can be inferred from the paradigmatic network. To
address this, Study 2 relied on a near-neighbor ranking task
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Table 2: Study 2: Pearson r between pairwise similarity and similarity estimated based only on local paradigmatic information (DN) or
derived global paradigmatic information (RW). nex equals the number
of exemplars; nr is the number of rankings; k is the average number of
direct neighbors. The last two columns show the confidence interval
(∆ CI) for the difference between the r’s of RW minus DN..
Category

nex

nr

k

DN

RW

Fruit
Birds
Mammals
Vehicles
Professions

30
30
30
30
30

900
900
900
900
900

15
15
13
12
14

.63
.56
.67
.69
.49

.80
.78
.82
.82
.77

.14
.18
.11
.10
.23

.21
.27
.18
.16
.34

180

5400

13.8

.61

.80

.17

.21

All

∆ CI

Figure 2: The effect of number of ranked responses m on correla(NNR) that asks participants to rank a set of items presented to
them. It thereby avoids any limitations imposed by exemplar
retrieval issues.
Participants. 81 native Dutch 1st-year economics students
took part in exchange for credit (mean age 18.7 yr, 28 female).
Stimuli & procedure. Participants were given a cue word
and asked to pick m = 6 most similar exemplars from a list of
30 exemplars of a category. As fewer subjects were available
for this study, only five categories (Birds, Fruit, Mammals,
Vehicles and Professions) were included, and each person
judged four cue words from each category.
Data preparation and similarity evaluation. We excluded
cues marked as “unknown”, and obtained a final dataset where
each exemplar was judged by exactly five participants. These
data were used to construct near-neighbor graphs in exactly
the same way as in the NNG task. For each cue, edge weights
were calculated by counting the responses and normalized to
sum to one. For each of the cues the similarity was calculated
based on only direct neighbors (DN) or by including indirect
paths using a random walk (RW).
The results are shown in Table 2. As can be seen from the
average out-degree k, most exemplars were connected to at
most half of the other exemplars in the category. As before,
global similarity (RW) leads to a considerable improvement
over the baseline based only on direct neighbors (DN). For
each category, the correlation differences between DN and
RW had confidence intervals excluding zero. The achieved
RW correlations over all categories of around .80 are fairly
impressive considering that they are only slightly smaller than
the Spearman split-half reliability of the pairwise similarity
ratings themselves (.87 Fruit; .90 Birds; .92 Mammals; .96
Vehicles; .91 Professions).
The role of data quantity One way to estimate the informativeness of this kind of paradigmatic information is to evaluate
how the correlations to pairwise similarity judgment change
when fewer neighbors are used. As Table 2 makes clear, using
m = 6 ranked associates for each cue leads to a graph with 12
to 15 direct neighbors k of each node. What happens if people
ranked different numbers of m exemplars?
The answer to this question, shown in Figure 2, reveals that

tions to pairwise similarity judgments. Both direct (DN) and indirect
neighbor measures (RW) based on paradigmatic information predict
reasonably well even with high data sparsity (low m). This is particularly apparent when the graph incorporates indirect links (RW).

correlations to pairwise similarity are reasonably strong even
when they are based on relatively few ranked responses m. The
effect is especially striking for the information based on global
category structure: RW with only the first-ranked response
outperforms DN with all six (Zou’s test for correlation differences using all six categories: ∆r(2175) = .05,CI = [.03, .08]).
Given that the RW graph derived from m = 1 was based on
only 17% of the data as the DN graph derived from m = 6 (i.e.,
150 vs 900 total judgments), the fact that RW outperformed
DN is an impressive testament to the power of inferred indirect
associational information.

Study 3: Syntagmatic information
In Studies 1 and 2, we used the near neighbor task to construct semantic networks comprised solely of paradigmatic
relations. Despite the extreme sparsity of these networks, we
find that paradigmatic information is strongly correlated with
similarity judgments. In Study 3 we take a complementary perspective, constructing networks based solely on syntagmatic
relations. To do so, we rely on a large-scale semantic network
constructed from Dutch word association data (see De Deyne,
Navarro, & Storms, 2013). The complete data set includes
12,000 cue words and over 3 million responses in total. Using
these data, we construct a semantic network that links words
based on their associations, using a positive point-wise mutual
information (PPMI) method to account for frequency biases
in the word association task (see De Deyne et al., 2016). As
with Studies 1 and 2, we consider two network measures of
similarity, a direct-neighbor (DN) measure and random-walk
(RW) measure. The included exemplars were matched closely
to those included in Study 1 (see column 2, Table 1).
As typically constructed, semantic networks based on word
association data incorporate both the syntagmatic and paradigmatic relations that underpin semantic representation. The
approach we take here, however, uses the data from Study 1
supplemented with common variants (plurals, diminutives, alternate spellings, etc.) to remove as much of the paradigmatic
information as possible. To that end, any edge that appeared
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Table 3: Study 3: Pearson r between judged similarity and similarity
estimates from a large-scale syntagmatic network. As before, we
compare local information (DN) with indirect edges (RW). nex is the
number of category exemplars and k is the number of direct neighbors.
The last two columns show the confidence interval (∆ CI) for the
difference (RW - DN).
Category

nex

k

DN

RW

Fruit
Vegetables
Birds
Fish
Insects
Mammals
Reptiles
Clothing
Kitchen utensils
Music instruments
Tools
Vehicles
Weapons
Sports
Professions

30
30
30
22
26
30
20
29
31
27
24
30
17
30
18

62
65
67
62
75
69
71
78
72
70
82
81
74
72
80

.65
.42
.59
.65
.78
.51
.75
.56
.58
.53
.44
.74
.77
.73
.74

.58
.31
.59
.59
.72
.52
.70
.53
.52
.35
.43
.73
.71
.72
.79

-.11
-.16
-.03
-.10
-.10
-.02
-.08
-.06
-.11
-.22
-.04
-.03
-.10
-.03
.01

-.05
-.06
.02
-.02
-.04
.04
-.02
.00
-.02
-.14
.02
.01
-.02
.01
.09

394

72.0

.61

.57

-.06

-.04

All

∆ CI

in the paradigmatic networks from Study 1 was removed from
the networks in Study 3, and the resulting networks can be assumed to be largely syntagmatic in nature. Doing so removed
only a small amount of information: averaged over categories,
on average 9 out of 72 edges were paradigmatic coordinates,
which corresponds to 12% of all responses.

Results and Discussion
As shown in Table 3, networks based solely on syntagmatic
information do provide a reasonable account of similarity judgments. However, despite the fact that these networks are based
on a vastly larger data set, the correlations are weaker than
those found in Studies 1 and 2 once indirect paths are considered. This suggests that even a small amount of paradigmatic
information may provide as much semantic knowledge as a
much larger quantity of syntagmatic information.
One interesting aspect of these results is that, in marked
contrast to Study 1 and Study 2, the results for the DN baseline
were somewhat better or at least similar to those from the RW
measure that incorporated indirect paths. The only case in
which the correlations were statistically higher was professions where the correlation difference confidence interval was
positive (see column 6 and 7 in Table 3). This replicates previous findings that show a limit to the contribution of indirect
paths within basic-level categories (De Deyne et al., 2016).
In combination with the results from the previous two studies here, our findings suggest that there is a lot of indirect
paradigmatic information within categories, but – at least with
respect to encoding semantic knowledge – not a lot of indirect
syntagmatic information within categories.

General Discussion
Understanding how the mind rapidly acquires and efficiently
represents a massive amount of semantic knowledge is a fundamental question in cognitive science. Even in a small set of
only 30 concepts there are 870 pairwise similarity relations

that need to be encoded, a quantity that scales quadratically
with the number of lexical entries. In this paper we find that
most of this information can be encoded very efficiently using
only a small number of links (about 2–3) per node in a semantic network of paradigmatic relations. The results extend
previous work looking at how people represent the similarities between very dissimilar concepts (De Deyne et al., 2016).
It demonstrated that spreading activation mechanisms over
very sparse networks can capture a remarkable amount of the
shared meaning between words that are not directly linked.
Interestingly, however, a much larger network of syntagmatic
relations does a much poorer job of encoding these similarity
relations, suggesting that a relatively small part of the semantic
network does most of the work in encoding this knowledge.
The results open up a number of questions about how semantic knowledge is encoded. First, in our studies the superior
performance of paradigmatic relations only holds when indirect paths (i.e., RW) between words are included. When
looking only at direct relationships (i.e., DN) the syntagmatic
network performs comparably or even better than the paradigmatic network, albeit on the basis of a much larger training
data set. A little bit of paradigmatic knowledge goes a long
way, but only so long as it is combined with mechanisms that
can exploit the structure of this knowledge.
Second, the poor performance of the random walk model
over the syntagmatic network does not imply that indirect
syntagmatic paths play no role: a ceiling level may potentially
already be hit when a word has about 72 outgoing syntagmatic
edges (see Table 3). However, this possibility seems unlikely:
even when we re-ran the analyses from Study 3 using a much
sparser version of the syntagmatic network (one that included
only one third of the responses from the original data set),
we still found that the random walk model did not improve
the performance of the syntagmatic associations (r = .53 for
DN, r = .52 for RW). More generally, in no version of our
simulations did we find syntagmatic networks performing at
the same level as the random walk model defined over the
much sparser paradigmatic networks.
A third issue pertains to the trade-off between computation and storage. One way of contrasting spreading activation
models with memory storage models comes from work on
mediated priming with items like lion – (tiger) – stripes where
storage accounts like the compound-cue theory have argued
for a direct route between cue and target (McKoon & Ratcliff, 1992). A similar case could be made here: perhaps the
mind actually stores a large number of direct paradigmatic
relationships in long term memory, and the evidence for indirect (RW) effects is simply an artifact of methodological
limitations. This explanation might be plausible with respect
to Study 1 (where participants might have been limited in the
number of responses they could retrieve). However, in Study
2 many of these limitations were relaxed, and it was still the
case that the paradigmatic network was very sparse relative
to the syntagmatic network. Indeed, in order to “censor” the
word association network in Study 3, only a very small num-
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ber of paradigmatic relations needed to be removed. Taken
together, these considerations suggest that the paradigmatic
links genuinely do much of the work in representing meaning.
Finally, there are also theoretical reasons why words can
only be similar to a small number of other words. For example, similarity is often assumed to be exponentially decaying
and only a small number of words can be near each other in
high dimensional spaces (Tversky & Hutchinson, 1986). It is
therefore perhaps to be expected that a paradigmatic network
should be extremely sparse, with similarity relations encoded
via an inferential process (like spreading activation) defined
over that representation.

Future work
This paper only evaluated paradigmatic and syntagmatic inference using pairwise judged similarity. Mapping and inferring paradigmatic relations using NNG and NNR tasks might
also provide a better account of other semantic tasks such
as priming, or category induction. It might also account for
both facilitatory and inhibitory effects in word processing depending on the density of semantic neighborhoods (Pexman,
Hargreaves, Siakaluk, Bodner, & Pope, 2008). Our findings
do suggest that generating near neighbors might be a very
efficient context-independent way to assess semantic knowledge for large domains – more efficient than the data-intensive
process of measuring pairwise similarity. As a result, the NNG
and NNR tasks may be practical and tractable enough to acquire sufficient data to investigate individual differences in the
mental lexicon.
That said, the current work still represents a first step and
therefore has several limitations. First, because participants in
Study 1 and Study 2 were opportunity samples, it is possible
that any differences between them exist because of henceforth
unnoticed differences between psychology and economics
students. That said, these differences are likely to be minor considering the validity of the best-performing measures
across both studies in predicting similarity ratings collected 10
years ago (De Deyne et al., 2008). Second, although the near
neighbor generation task is highly efficient and complements
other procedures like word association or semantic feature
generation, it still has potential to be refined further. For example, in Study 1, despite explicit instructions to only produce
category members, some participants provided other kinds
of associations. Perhaps improved instructions or additional
practice would improve the efficiency and accuracy of the data
generated in these tasks. Finally, the current studies have only
analyzed similarity to the category exemplars in De Deyne
et al. (2008), which of course represents only a subset of
potential category members. We expect that adding more commonly known exemplars could further improve estimates of
similarity.

Conclusions
Altogether, this work makes two important contributions. First,
it shows how word meaning in semantic categories can efficiently be approximated based on paradigmatic information

acquired from a near-neighbor task. The efficiency is derived
from the fact that a great deal of structure can be extracted
from indirect neighbors as we did when we modeled global
graph similarity. This might potentially lead to more efficient procedures to approximate the mental lexicon based on
a single or small number of individuals.
Second, we show that it is theoretically possible to infer a
substantial portion of the meaning of a word based on only a
small amount of data encoded in language. To do so, learners must be attuned to paradigmatic relations and capable
of finding the indirect structure between them. This finding
has implications for how lexico-semantic models might solve
Plato’s problem: perhaps the heavy lifting is accomplished
with a relatively very small portion of the data and specific
kinds of relations.
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IQ and working memory predict plan-based sequential action learning
Roy de Kleijn
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Leiden University, Leiden, Netherlands
Abstract
How people learn and produce sequential actions (e.g., making coffee) has been the subject of empirical and theoretical
scrutiny, for it covers most human activities. One useful distinction is between stimulus-based control, in which action
selection is driven largely by the environment, and plan-based control, which assumes learning of structured sequences of
actions and effects. Task demands, instructions, and participants’ individual abilities and inclinations can all modulate the
control mode used. We investigate two sequence learning tasks, with one key difference: in the cued task either control
mode is possible, while learning in the reinforcement task requires plan-based control. Using measures of visuospatial
working memory (VWM) capacity, locus of control, need for structure, and IQ, we seek to explain individual differences
in choice of control mode and task performance, establishing a link between VWM capacity and performance, as well as
explicit knowledge evidencing plan-based control.
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Optimized behavior in a robot model of sequential action
Roy de Kleijn
Cognitive Psychology Unit, Leiden, Netherlands

George Kachergis
Radboud University / Donders Institute, Nijmegen, Netherlands

Bernhard Hommel
Leiden University, Leiden, Netherlands
Abstract
People learn and use complex sequential actions on a daily basis, despite living in a high-dimensional environment and
body. Sequential action learning is sometimes studied in cognitive psychology using button-pressing tasks such as Nissen
and Bullemers (1987) serial respone time (SRT) task. However, the SRT task only measures the speed of button presses,
neglecting the richand difficult to controltrajectory of the arm, which can show predictive movements and other contextual
effects. In this study, we evolve neural networks to carry out a mouse-based SRT task under conditions of differing
prediction uncertainty. We replicate behaviors found in a recent human experiment, and explore ramifications for human
sequence learning.
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A graph-based model to discover preference structure from choice data
Cristóbal De La Maza (cdelamaz@andrew.cmu.edu)
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Cleotilde Gonzalez (coty@cmu.edu)
Inês Azevedo (iazevedo@cmu.edu)
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Abstract
In this paper we demonstrate how to use graph matching to
uncover heterogeneity in the structure of preferences across
a population of decision-makers. We propose a novel nonparametric approach to formally capture the concept of preference structure using preference graphs, thereafter clustering
decision-makers based on graph embedding methods. We explore the approach with simulated choice and empirical data
from the most common classes of economic and psychological
models. The approach uncovers heterogeneity in preference
structure across a variety of dimensions, without requiring any
prior knowledge of those structures.
Keywords: Heuristics; Preference Structure; Graph Matching;
Clustering; Transitivity

Introduction
The study of preferences and the concept of rational choice
have been relevant for cognitive science from the early conception of the fields (Simon, 1956). Theories of preferences
are often concerned with the invariant axioms that describe
how people decide, or the structure of preference. For over
a century, the dominant paradigm has been a set of axioms
that are necessary and sufficient for behavior to be consistent with the maximization of a well-behaved utility function, an idea dating back to the nineteenth century theorist
Jeremy Bentham (Bentham, 1879). This paradigm requires
decision-makers to be able to consistently rank any set of alternatives that they come across (Pareto, 1906). This wellbehaved description of preference may work well in simple
environments, but it is not clear how accurately represents
preferences in complex, naturalistic settings. Humans are
largely heterogeneous, with preferences that vary over time,
and are often inconsistent (Tsetsos, Chater, & Usher, 2012).
Large amounts of data are currently available that document
choices people make in naturalistic settings. For example,
information about purchase decisions, movie selections, and
transportation patterns is widely available. This trend calls
for new ways to determine insights from human preferences
in the presence of large heterogeneity of naturalistic choices.
The axioms that define well-behaved preferences are both
simple and quite powerful (Von Neumann & Morgenstern,
1944). The most relevant ones state that first, all alternatives
must be comparable, making the preference relation complete. Second, preferences must be transitive. With these
conditions it is possible to define a rank ordering of the alternatives according to the decision-maker’s preferences, and
there exists an ordinal utility function that corresponds to that
ranking. Over the years, this dominant paradigm has not gone

without challenge. Researchers in the decision sciences have
found that, in many circumstances, preferences are not always
well-behaved. Many descriptive theories have proliferated to
explain deviations of human behavior from utility maximization. This includes ground-breaking work on bounded rationality, where decision-makers use short-cuts to deal with the
limits of human cognitive capacities (Simon, 1972). For example, the cognitive burden of selecting the best alternative,
considering all potential costs and benefits of each alternative,
is at best psychologically implausible (Fischhoff, 2005). Instead, humans use simple rules or heuristics (Payne, Bettman,
& Johnson, 1993; Gigerenzer, Todd, ABC Research Group, et
al., 1999). For example, one psychologically plausible way to
deal with complex choices is to simplify the task by choosing
based on the attribute that is most important to the decisionmaker, only examining other attributes if alternatives are sufficiently close on that attribute to be psychologically ”tied”.
Tversky’s lexicographic semiorder is such a process and can
lead to intransitive behavior (Tversky, 1969).
However, there is a blind spot in choice modelling research
that limits our possibilities to discover heuristic structures
(Maturana & Varela, 1987). Researchers develop precise tests
of their proposed models, with that testing limited to a priori
defined patterns. As a result, patterns of choices are classified as either fitting a known model or not. For example, thus far structural tests of preference have been limited
to specific patterns known a-priori, such as weak stochastic
transitivity or the triangular condition (Regenwetter, Dana, &
Davis-Stober, 2010). While this approach is promising and
theory-driven, it potentially misses structures not previously
considered. Some decision processes are clearly identifiable
a-priori, others might not. We are looking at the choice process too closely and at the same time partially blocking our
sight by using tools that are not general enough (Maturana
& Varela, 1987). What is needed is an approach that can
determine preference structure from choice data even when
those data are inconsistent with prior models, suggesting at
the same time new structures to psychological researchers or
confirming old ones, and lending strength to welfare analysis
or undermining it.
Next we describe our approach. The current research proposes a novel non-parametric model to formally capture the
concept of preference structure using preference graphs, clusters decision-makers based on that structure, and can represent types of preferences currently not possible in existing
frameworks (e.g. incomparability (Von Neumann & Morgen-
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stern, 1944)). Because the approach clusters decision-makers
with the same structural pattern of preferences, we provide
unified method that may account for disparate preference patterns. The paper is structured as follows: we first present our
graph-based model; then we test the method in simulations
and in a new empirical implementations of a classic experiment in decisions between risky prospects; finally we discuss
our results and present limitations of the method.

Discovering preference structure heterogeneity
Preference representation as graphs
Both classical utility models and newer descriptive theories
imply specific patterns of choices, or preference structures.
In this work, we exploit the idea that preference structures
can be represented as preference graphs (Bouyssou & Vincke,
2010). For example, classical utility maximization can be
represented as a completely connected chain (Varian, 1983;
Afriat, 1972). This is, of course, not the only preference
structure. For example, a lexicographic semiorder results in
cyclic preferences when decision-makers change the weights
they apply to attributes of alternatives (Tversky, 1969).
Graphs are a general way to represent binary relations
among elements of discrete sets, including preference relations (Bouyssou & Vincke, 2010). Consider a graph G =
(V, E) with vertex set V and edge set E. In a preference graph
the vertices are interpreted as alternatives and edges as binary
relations between alternatives where, for all pairs of alternatives, one and only one of the following three edges exists
between them (Bouyssou & Vincke, 2010): i) if a b, the
decision maker strictly prefers a over b, then a ! b and not
b ! a (strict preference or a P b). If instead, b a, the decision maker strictly prefers b over a (bPa), then b ! a and
not a ! b; ii) If a ⇠ b, the decision maker is indifferent between a and b, then a b are connected by an undirected edge
(indifference or a I b). This can also be represented as a is
preferred to b and b to a or a $ b; and iii) If a is incomparable
with b, then no edge between a and b exists (incomparability or a J b). Figure 1 describes a graph representation of
preferences.
aPb

aIb

aJb

a

a

a

b

b

b

Figure 1: Preference relations in binary choice
An equivalent representation is an adjacency matrix A =
(ai j ) 2 {0, 1}nxn where ai j = 1 if (i, j) 2 EA and B = (bi j ) 2
{0, 1}nxn where bi j = 1 if (i, j) 2 EB , indicating preference

from i to j. Reflexive loops are usually omitted, meaning
the main diagonal of the adjacency matrix has only zeros. In
this work we focus on a particular type of preference graphs,
namely tournaments, where every alternative is compared and
only strict preference is allowed giving a complete directed
graph (Bouyssou & Vincke, 2010). The number of vertices
in a tournament indicates the order. In the simplest case
we find transitive tournaments (Moon, 2015), where all relations are strict preferences and there are no cycles. Following (Bouyssou & Vincke, 2010), consider a total order giving
a tournament with an adjacency matrix that will show only
zeros below the diagonal. A weak order instead, will allow
indifference between alternatives and hence giving a tournament with a stepped shape adjacency matrix below the diagonal. For an irrational decision maker, cycles will be observed,
giving a tournament with an adjacency matrix that will show
elements above and below the diagonal.

Total order

Weak order

semi order

No order

Figure 2: Tournaments with different order structure. Adjacency matrices are colored to ease interpretation with ones in
black and zeros in grey.
Another representation is a format used by Moon (Moon,
2015), where graphs are drawn based on their score vector,
which is the number of times each alternative is preferred
over other alternatives. For example, with four alternatives,
the maximum score is 3 (an alternative that is preferred to
all others), and the minimum is zero (an alternative preferred
to no others). A score vector of s = [3, 2, 1, 0] is a complete
ranking of the alternatives, or a chain. It is drawn by sorting the score vector from highest score at the top to lowest
score at the bottom, then adding down arrows from top to
bottom. If arrows are omitted (to avoid clutter), this means
that the upper alternative is preferred to the lower alternative. Inconsistencies are denoted by upward arrows, where an
alternative with a lower score is strictly preferred to an alternative with a higher score. As shown in Figure 3, there are
exactly 4 non-isomorphic structures for tournaments of four
alternatives (Davis, 1954): a chain, a cycle among the top 3
alternatives, a cycle among the bottom 3 alternatives, and a
single long cycle.
Notice that these structures have very different implications for decision-analysis. Given a choice between any subset of four alternatives, a decision-maker with a chain provides a ranking consistent with the global ranking over four
alternatives. A decision-maker with a cycle at the top can
consistently rank only the worst alternative, and likewise, the
decision-maker with a cycle at the bottom can consistently
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two graphs across all combinations of their automorphisms
gives their structural distance dS (Butts & Carley, 2005):
dS (G1 , G2 ) = min(dH (Aut(G1 ), Aut(G2 ))). If two graphs are
similar (but not isomorphic), their structural distance should
be small. Clusters of decision-makers with small distances
between each other, indicates a common preference structure in a population of decision-makers, partially masked by
noise.
Figure 3: Tournaments on four alternatives. The score vectors
are: chain s = [3, 2, 1, 0], cycle at top s = [2, 2, 2, 0], cycle at
bottom s = [3, 1, 1, 1], long cycle s = [2, 2, 1, 1].
rank only the best alternative. A decision-maker with the long
cycle has a consistent ranking over any subset of alternatives,
but no global ranking.

Preference graph similarity
Our primary analytical tool is a method of calculating the distance between graphs. Formally, a common distance metric between two graphs G1 = (V1 , E1 ) and G2 = (V2 , E2 ),
is the minimum number of edges that need to be rearranged to make them isomorphic, known as the Hamming
distance dH (G1 , G2 ) = ||vec(G1 ) vec(G2 )||1 (Hamming,
1950). Decision-makers that have a small Hamming distance
between their preference graphs tend to choose similar alternatives, or have similar preference content. For a sample of
n individuals, we can store the Hamming distance between
all pairs of decision-makers in a symmetric n ⇥ n dissimilarity matrix D. From D, a weighted dissimilarity kernel K
can be constructed, with values between zero and one (Kevin,
2012). We use standard graph similarity tools to identify clusters of graphs with similar content. This approach is formally
equivalent to Coombs’ multidimensional unfolding (Coombs
& Kao, 1960).
Preference structure cannot be obtained from these Hamming distance computations. For example, two chain preference graphs of equal size with opposing preference content
will have a Hamming distance equal to the total number of
unordered pairs of vertices nx . Even though they are both
chains (identical structures), the Hamming distance indicates
that they are as dissimilar as possible. Thus, we need a metric that indicates that these graphs have the same structure
and hence that there is a structural distance of zero between
them. Two graphs have a structural distance of zero if they
are isomorphic (Babai & Luks, 1983), meaning there is a bijection f : V1 ! V2 such that the edges of all pairs of vertices
u, v 2 V1 in G1 have the same edges for f (u), f (v) 2 V2 in
G2 (and vice versa). An automorphism of a graph G is a
graph that is isomorphic to G, and the automorphism group
Aut(G) is all of the graphs that are isomorphic to G (Babai
& Luks, 1983). We can test whether two graphs are isomorphic by checking whether any of their automorphisms
are isomorphic. This is a well studied problem in computer science, called the graph isomorphism problem (Babai
& Luks, 1983). The minimum Hamming distance between

Inexact graph matching
With a few alternatives the structural distance between graphs
can be quickly calculated using exhaustive search. As the
number of alternatives grows, exhaustive search becomes unfeasible. In general, the problem of calculating structural distance is NP-hard (Livi & Rizzi, 2013), requiring approximation techniques for large graphs with more than 8 alternatives.
To make this approximation feasible, we recast the structural
distance calculation as an inexact graph matching problem
(Livi & Rizzi, 2013), where the objective is to find the permutation matrix P⇤ over the space of permutations that makes
two adjacency matrices A and B as similar as possible (Livi
& Rizzi, 2013):
P⇤ = argmin f (P) = disA!B (P) = ||A
P2P

PT BP||

(1)

where A, B are the adjacency matrices for the preference
graphs of two decision-makers, and P 2 P is in the set of permutation matrices P . If the chosen norm is the Frobenius L2
norm squared the problem is know as quadratic assignment
(QAP) with non-deterministic polynomial time complexity
(Vogelstein et al., 2011). Instead, we replaced the objective
function f (P) by the identity tr(APBT PT ) which leads to a
non-convex problem where —2 f (P) = B ⌦ A + BT ⌦ AT is not
positive definite, relaxing at the same time the non-convex restriction P 2 P and replacing P by its convex hull D , where
D is the set of doubly stochastic matrices (Vogelstein et al.,
2011). We solved this problem with Frank-Wolfe algorithm
(Frank & Wolfe, 1956; Vogelstein et al., 2011).

Clustering
Once content and structural distances ds are determined for
preference graphs of each pair of decision-makers, the matrix
of pairwise structural (or hamming) distances between the
graphs of decision-makers can be analyzed using traditional
clustering techniques to classify decision-makers into groups
with similar preference content and structure. Nonetheless,
nothing ensures that clusters from content and structural dissimilarities will overlap. Therefore, we need to account for
both structural and content dissimilarities simultaneously in
the clustering stage. To do so, we first embed each dissimilarity matrix in a lower dimensional space and hereafter we
bound columns of the resulting embeddings in an n ⇥ d matrix with information about content and structure for each
decision-maker, with d the sum of dimensions of the embeddings of both dissimilarity matrices or embedding fusion.
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We begin by using classical multidimensional scaling to
project each distance matrix onto a lower dimensional space
(Torgerson, 1952), but based on its superior performance we
finally used an autoencoder (Wang, Yao, & Zhao, 2016).
An autoencoder is a neural network model that maps or encodes input space x into a lower dimensional space h(x) at
its output layer and then reconstructs or decodes the original input space as x̂(h) (Wang et al., 2016). We pretrained
the model with a Restricted Boltzmann Machine (Hinton &
Salakhutdinov, 2006). Finally, to achieve a robust solution,
we used k-medians algorithm to determine cluster allocation
(Singh, Yadav, & Rana, 2013). We used the gap-statistic to
determine the number of clusters k (Tibshirani, Walther, &
Hastie, 2001). To provide a more general solution, clusters
are merged when necessary.

Preference structure in simulation
We first describe the results of simulations designed to illustrate the method. In our simulation we evaluate our model’s
ability to separate a popular psychological model, the lexicographic semiorder (Tversky, 1969), from the more traditional expected utility maximization (Von Neumann & Morgenstern, 1944). As an example, consider choosing between
pairs of gambles shown in Table 1 from Tversky’s classic paper on intransitive preferences (Tversky, 1969), along with
three additional gambles (f-h) added to increase graph matching difficulty. The choice task is presented in Figure 4.
Table 1: Gambles from Tversky’s (Tversky, 1969) experiment 1 (a-e) plus three added for the simulation (f-h)
Gamble
a
b
c
d
e
f
g
h

Probability
7/24
8/24
9/24
10/24
11/24
12/24
13/24
14/24

Payoff
5.00
4.75
4.50
4.25
4.00
3.75
3.50
3.25

Expected Value ($)
1.46
1.58
1.69
1.77
1.83
1.88
1.894
1.895

Figure 4: Choice set example alternatives b vs c
Subjects that choose based on expected value should prefer a b c d e, and should have a complete transitive order. Tversky hypothesized that someone following
a lexicographic semiorder decision rule would first choose
based on differences in gambles probabilities. If the difference in probabilities is small enough, the decision maker
would switch to the next attribute and choose based on differences in payoffs. This would result in an intransitive sequence

a b c d e and e a. To demonstrate that our approach can reliably cluster decision-makers into groups based
on the structure of their preferences, we generated graphs for
100 decision-makers, 37 with lexicographic preferences, 33
with risk neutral expected value maximizer preferences, and
30 that would choose at random. We first mapped the simulated choices in an adjacency matrix, then computed dissimilarity matrices between adjacency matrices and finally
we identified clusters of graphs with similar preference content and structure. Figure 5 summarizes our method. As exposed in Figure 5 we can separate successfully lexicographic
semiorders from those who are expected value maximizers.
Here, we assumed subjects would choose deterministically.
A deterministic decision rule will provide structures that are
quite easy to distinguish from others because, under all circumstances, the same graph structure will emerge. Nonetheless, noise in the decision process can make preference structures harder to distinguish. For example, even though a decision rule such as expected value maximization is used, intransitive behavior is still observable if alternatives are harder
to compare, confounding the later decision rule with random
choice. In an extension of our simulation we observed that
above a certain noise level, clustering becomes unfeasible.

An empirical test of the model
We extended Tversky’s classic experiment examining lexicographic semiorders (Tversky, 1969). Participants choose between the pairs of gambles shown in Table 1 from Tversky’s
classic paper on intransitive preferences (Tversky, 1969),
along with the three gambles (f-h) considered in the simulation experiment and two additional gambles (i-j) where a
higher probability is negatively correlated with a higher expected value (in i there is 15/24 chance of winning $3, and
in j a 16/24 chance of winning $2.75). Following (Tversky,
1969), probabilities were presented as pie charts without numeric information. We presented participants with all pair
combinations (45 pairs) in three repetitions with the order
randomized.
We recruited 200 participants using Amazon Mechanical
Turk (Mturk). Inclusion criteria were the following: age of at
least 18 years, IP address in the U.S. and completion of more
than 100 hits with an approval rate of 95% or higher. We
provided a payment of $1 per participant and a $0.5 bonus
if the participant answered an attention check correctly. The
attention question was a choice set with a deterministically
dominated alternative. 95% of the 200 participants was paid
the bonus. Clustering by content and structure six clusters
emerged: four groups with chains and two group with cycles.
Structural and content heterogeneity, rather than homogeneity, is the primary takeaway. Chain graphs, are the most popular pattern. Figure 6 shows the expected adjacency matrices
for the preference graphs in each cluster. Alternatives were
prearranged so a lower triangular adjacency matrix indicates
choices based strictly on probabilities and an upper triangular
matrix indicates choices based strictly on payoffs.

1619

Figure 5: The schema summarizes the four steps of our method for a simulated sample of 100 decision-makers.
semiorder as proposed by Tversky (Tversky, 1969).

(1) 13%

(2) 22%

(3) 30%

(4) 9%

(5) 10%

(6) 16%

Figure 6: Weighted expected adjacency matrix in each cluster
for the transitivity task. We used a color scale to easy ease
interpretation with adjacency matrices colored from one in
darker tones and zeros in lighter tones. Proportion in each
cluster is presented in last row.
To further analyze choices, we used multinomial logit
models per clusters (McFadden, 1973). For all clusters a decision rule based on a single attribute (either probabilities or
payoffs) is more likely than an expected value rule. Decisionmakers in clusters 1, 2 and 3 preferred the alternative with a
higher probability in 87%, 96% and 100% of the choices. It
is possible that this clusters respond to the same decision rule
with differences in discriminant ability. We must highlight
that given that probabilities are not numerically stated, recognizing the alternative with a higher probability in all problems as in cluster 3 requires a superior classification skill.
We decided to merge this clusters in one group. Decisionmakers in cluster 4 consistently chose the alternative with a
higher payoff 93% of times, indicating a single attribute decision rule based on payoffs. Clusters 5 and 6 seem to respond
to a different decision process. In cluster 6 multiple cycles
are observed. The proportion of choices in cluster 6 favoring
the option with the higher probability is significantly distinct
from 50% ruling out random choice (p-value  0.01). Although details of the different choice rules remain uncovered,
we observed a clear tendency to choose based on probabilities
(Lichtenstein & Slovic, 1971; Birnbaum & Gutierrez, 2007;
Brandstätter, Gigerenzer, & Hertwig, 2006). It seems the data
is more consistent with a lexicographic order (up to noise) in
the sense of Fishburn (Fishburn, 1971) than a lexicographic

Figure 7: Logit probabilities of choosing the alternative with
a higher probability of winning (A) per cluster.

Limitations and future work
It must be noted that, although we used a majority rule to
define preference across repetitions, preference strength can
be reflected using weighted adjacency matrices for each individual. Among other limitations, clustering always has some
arbitrariness. For example, the number of dimensions to embed the dissimilarity matrices in a lower dimensional space
is defined using the elbow method. Determining the number
of dimensions in the optimization process can offer a potential improvement. Future applications should also developed
better ways of determining the number of clusters and herein
merging similar clusters. The experimental design also provides some challenges. The number of pairwise comparisons
required to complete a tournament grows exponentially with
the number of alternatives, increasing the risk of observing
mental fatigue. A new experimental paradigm needs to be develop in order determine apriori the minimal number of questions required to recover preference structure. Although our
method is valid for any type of pairwise comparison, empirical tests should be extended to other experimental domains.

1620

Also we could extend the method to experiments with more
than two alternatives expanding choice data by rank-order explosion (Louviere et al., 2008).
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Abstract

Mediation Structures:

People reliably make two errors when making inferences about
three-variable causal structures: they violate what is known as
the Markov assumption (mediation) on causal chains and
common cause structures, and fail to sufficiently ‘explain
away’ on common effect structures. Our goal for the present
study was to quantitatively compare these two errors after
subjects have learned the statistical relations between three
variables using procedures designed to maximize the accuracy
of their learning and inferences. Aligning with prior research,
we found that subjects violated the Markov assumption, and
did not sufficiently explain away. We also found judgments
about mediation were worse than judgments about explaining
away for one inference, but better for another, suggesting that
people are not uniquely worse at reasoning about one structure
than another. We discuss the results in terms of a theory of cue
consistency.

X1

Y

X2

X1

Causal Chain

Y

X2

Common Cause

Common Eﬀect Structure:
X1

Y

X2

Figure 1: Examples of mediation (causal chain, common
cause) and common effect causal structures.

The Markov Assumption on Chain and Common
Cause Structures

Keywords: causal learning; causality; causal structure;
Markov assumption; explaining away

Introduction
Causal learning is a ubiquitous part of our everyday lives,
from determining the efficacy of a new medicine to figuring
out if our new diet/fitness routine is working. Further, often
it is important to understand the causal structure and
statistical relations among several variables in order to
intervene effectively; if one knows that exercise only leads to
weight loss because it creates a caloric deficit, one knows to
avoid other activities that might negate that pathway (e.g.,
eating an extra helping of food). In the current research we
examined how well people understand the statistical relations
among different three-variable structures. Specifically, we
compared the accuracy of judgments of P(X2|Y, X1) on
mediation and common effect structures (Figure 1).
Understanding how well people make this inference
provides insight into how well people understand the
differences in the multivariate distribution (the ways that all
three variables are statistically related to each other) for
different sorts of causal structures. In particular, the goal for
this research is to understand if people have a specific
difficulty understanding the multivariate distribution for
some causal structures (potentially common effect structures)
but are better for others (potentially mediation structures).

An important feature of causal chain and common cause
structures is that the middle variable Y blocks off any direct
connection between X1 and X2. This feature, called the
Markov assumption, means that once a learner knows the
state of Y, X1 is no longer predictive of X2. For example,
consider a chain in which exercise (X1) causes a caloric
balance (whether caloric intake is greater or less than caloric
expenditure) (Y), which influences body weight (X2). The
probability of losing weight given that caloric intake is less
than expenditure is high, regardless of exercise (because
exercise only affects weight via caloric balance).
People reliably violate the Markov assumption; they act as
if X1 and X2 have a hidden connection beyond Y in a chain or
common cause structure (e.g., Park & Sloman, 2013; Rehder,
2014; Rehder & Burnett, 2005; Rottman & Hastie, 2014;
2016). The classic violation involves estimating that
P(X2=1|Y=1, X1=1) > P(X2=1|Y=1, X1=0), when in reality they
are equivalent.1 We call the chain and common cause
‘mediation structures’ as they feature the same statistical
relations between the variables (Steyvers et al., 2003).
However, the violation of the Markov assumption, though
reliable, is not always large. Rehder and Waldmann (2017)
found mean differences between the two judgments of .06
and .15 in two different conditions. Rottman and Hastie
(2016) found differences of .19 and .13 in two studies. Park
and Sloman (2013; Experiment 3) found some judgments that
did not show violations (-01, .01) and some that did (.19, .21).

1

P(X2=1|Y=1, X1=1) can be read as ‘the probability that X2=1
knowing that Y=1 and X1=1.
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Explaining Away on a Common Effect Structure
Common effect structures (e.g., Figure 1) differ from
mediation structures in that it is no longer true that
P(X2=1|Y=1,X1=1)=P(X2=1|Y=1, X1=0); instead, P(X2=1|Y=1,
X1=1) < P(X2=1|Y=1, X1=0). For example, assuming that high
exercise (X1=1) and low caloric intake (X2=1) both cause
weight loss (Y=1), the normative relationship between
exercise and caloric intake hinges on whether weight loss is
known. If the state of Y is unknown, X1 and X2 are
uncorrelated. However, because weight loss can be caused by
either exercise or dieting, if Y=1 (a person is losing weight),
then if they were not dieting, they probably were exercising,
or vice versa: P(X2=1|Y=1, X1=1) < P(X2=1|Y=1, X1=0).
Previous research has found that people have difficulty
making explaining away judgments. Either the amount is
insufficient – the judgments of P(X2=1|Y=1, X1=1) are lower
than P(X2=1|Y=1, X1=0), but not sufficiently lower – or the
two judgments are not statistically different from each other
on average, or sometimes the judgments of P(X2=1|Y=1,
X1=1) are higher than P(X2=1|Y=1, X1=0). For example, in
Rottman and Hastie’s (2016) Experiment 1, the normative
difference – P(X2=1|Y=1, X1=0) - P(X2=1|Y=1, X1=1) – was
.40, but there was no significant explaining away on average;
the mean amount was -.01. In their Experiment 2, the
normative amount was .67, and the mean amount of
explaining away was significant but was only .17. Rehder
and Waldmann (2017) also found insufficient explaining
away; the degree of explaining away was about .15 and .25
in two conditions, whereas it should have been .46.

Cue Consistency Theories
One explanation for both the violations of the Markov
assumption and poor explaining away is a theory we call “cue
consistency”, which suggests when more of the known cues
are in state 1, the learner is more likely to infer that the
unknown cue is 1, and when more of the known cues are in
state 0, the learner is more likely to infer that the unknown
cue is 0. Rehder (2014) called this an “associative bias.”
Rottman and Hastie (2016) called this the “monotonicity
assumption,” and Rehder and Waldmann (2017) called it the
“rich-get-richer principle.” We think that all of these
principles are essentially the same and we are using “cue
consistency” to capture all of these meanings.
Cue consistency can be thought of as systematically
misunderstanding the multivariate structure among the three
variables as being more similar to the bivariate structure
among pairs of variables than it really is. This cue consistency
principle explains why people tend to judge that
P(X2=1|Y=1,X1=1) > P(X2=1|Y=1, X1=0) for the mediation
structures even though they should be equivalent. The logic
is that they think that X1 provides information about X2 like it
does when judging the bivariate relation between the two.
It also explains why people tend to insufficiently judge that
P(X2=1|Y=1, X1=1) < P(X2=1|Y=1, X1=0) for the common
effect structure. People tend to overestimate P(X2=1|Y=1,
X1=1) or underestimate P(X2=1|Y=1, X1=0) or both. The logic
is that even though X1 and X2 and unrelated in the bivariate

relation, they are negatively related in the multivariate
distribution. Cue consistency theories cannot explain all the
known biases in judgments on three variables (Rottman &
Hastie, 2016; Table 11), but are plausible explanations for
some of the most studied biases including these.

Open Questions
Directly comparing the structures. Comparing the two
prior sections on violations of the Markov assumption and
insufficient explaining away, the violations of the Markov
assumption are on the order of 0-.21; however some of the
explaining away judgments were .30 or .40 less than they
should have been, and there is other evidence of explaining
away judgments significantly in the wrong direction
(Rottman & Hastie, 2014). This raises the question of
whether people understand common effect structures worse
than mediation structures. If so, this finding would be
important because it could be used to predict when people are
especially likely to make poor judgments. To test this, we
compared P(X2|Y, X1) judgments on the two structures.
This could not be accomplished in previous studies because
the normative judgments for the two structures were not
equated. In Rottman and Hastie’s (2016) Experiment 1b,
P(X2=1|Y=1, X1=1) was .75 for the mediation structures but
.60 for the common effect so they could not be compared, and
P(X2=1|Y=1, X1=0) was .75 for the mediation structures but
1.00 for the common effect. Potentially some of the
differences in these comparisons could be due to the fact that
subjective experiences of probability do not map linearly
onto objective probabilities (Tversky & Kahneman, 1992).
In the current study, we created two different versions of
the common effect structure and one version of the mediation
structure, so all of the normative judgments needed for
comparison are .80 to .83. In order to accomplish this, one of
the inferences actually had to be .17, which we flipped to the
upper half of the scale (.83) to compare with other judgments.
Is cue consistency a bias of learning or judgment? Another
important question is whether the biased inferences are
merely due to a low-level bias at the time of judgment, or if
this bias might actually arise through learning? We will lay
out three (not mutually exclusive) possibilities of how such a
cue consistency bias could play out.
In some studies (e.g., Park & Sloman, 2013; Rottman &
Hastie, 2016), all three variables had the same two possible
states (e.g., all three variables could be high or low, which we
represent as 1 vs. 0). In these studies, a reasoner could do a
very simple and low level of perceptual matching: if Y=1 and
X1=1, then probably X2=1 as well.
In other studies, the states of the three variables are
counterbalanced, such that the cue consistency bias can’t
involve a simple perceptual matching. For example, Rehder
and Waldmann (2017; also Rehder, 2014) used the following
variables: high or low interest rates, small or large trade
deficits, and high or low retirement savings. Furthermore, the
stimuli were counterbalanced such that some subjects were
told that low interest rates cause high retirement savings,
others were told that high interest rates cause high retirement

1623

savings etc. Suppose that a subject was told that high interest
rates cause large trade deficits, which cause low retirement
savings. In this case, the typical violation of the Markov
assumption would be inferring that P(high interest rates|large
trade deficits, low retirement savings) > P(high interest
rates|large trade deficits, high retirement savings). The
violation goes against the simple perceptual matching, but
instead follows which states are causally related. We still call
this a cue consistency effect, but consistency refers to the
believed causal relations rather than perceptual matching.
When a study uses this counterbalancing, there are two
ways that a bias could arise. First, the bias could arise if the
instructions in the experiment tell subjects the causal
relations (e.g., telling them that high interest rates cause large
trade deficits, which cause low retirement savings). Second,
even if subjects are not told the causal relations, the bias
could arise if subjects learn the statistical relations from
experience (e.g., high interest rates are correlated with large
trade deficits, which are correlated with low retirement
savings). Rehder and Waldmann (2017) compared conditions
in which participants were told the relations and/or learned
the relations from data; the inferences were most accurate
(smallest violations of the Markov assumption, strongest
explaining away) in the data-only condition suggesting that
the bias might primarily arise from instruction.
In the current study, we wanted to maximize the possibility
that subjects would give accurate judgments, and minimize
the possibility that they are biased by cue consistency. For
this reason, subjects learned the statistical relations between
the variables from experience, the states of the variables were
counterbalanced so that there cannot be an overall perceptual
effect of cue consistency, and subjects were not told the
relations between the variables in instructions. This means
that if they exhibit violations of the Markov assumption, it
must arise from the learning process, and if they
insufficiently explain away, this must have to do with
incorrect or insufficient learning, not a simple perceptual bias
or bias from the instructions. By setting up a situation to
maximize the accuracy of judgments, we have a fairly pure
comparison of mediation vs. common effect inferences.

Method
Participants
Participants (n=230) were recruited via MTurk and were paid
$3.00 for their participation. They were also paid bonuses for
accurate judgments. All participants were located in the
United States, had previously completed at least 100 tasks on
MTurk, and had a task approval rate of at least 95%. The
study took approximately 20 minutes to complete.

Stimuli and Design
There were three sets of learning data: a mediation structure
and two common effect structures (Table 1). These three
datasets were chosen such that the key inferences (bold in
Table 1) were all normatively between .80 - .83, so that they
could be compared. In order to find datasets with these key

inferences, we targeted certain parameters that we knew
would produce inferences in this range. With a limited
number of trials, the datasets cannot fit the parameters
exactly. In Table 1, we listed the number of trials presented
to participants, and the ideal number of trials if the parameters
were followed exactly, to show the closeness of fit.
The data for the mediation structure fit equally well with
the chain or common cause structure, which is why we call it
the more generic ‘mediation’ structure. The generative
parameters for a common cause are P(Y=1) =. 5, P(X1,2 = 1 |
Y = 1) = .85, P(X1,2 = 1 | Y = 0 ) = .15 , or for a chain, P(X1 =
1) = .5, P(Y = 1 | X1 = 1) = P(X2 = 1 | Y = 1) = .85, and P(Y =
1 | X1 = 0) = P(X2 = 1 | Y = 0) =.15.
The idealized Common Effect 1 parameters
are P(X1=1)=P(X2=1)=.40, Power-PC causal strengths of .68
(Cheng, 1997), with an unobserved background cause of
probability .10. The idealized Common Effect 2 parameters
are: P(X1=1)=P(X2=1)=.13, Power-PC causal strengths of
.73, with an unobserved background cause of probability .06.
In order to fit the parameters closely, the datasets had slightly
different numbers of trials ranging from 55-58 (Table 1).
Table 1: Learning Data and Key Inferences
Mediation
Common Common
X1
Y
X2
Structure
Effect 1
Effect 2
Actual and (ideal) number of trials in learning data
1
1
1
8 (8.0)
1 (0.8)
20 (19.9)
1
1
0
4 (3.5)
9 (9.2)
5 (4.5)
1
0
1
1 (0.6)
1 (0.8)
0 (0.1)
1
0
0
4 (3.5)
4 (4.0)
2 (1.5)
0
1
1
4 (3.5)
9 (9.2)
5 (4.5)
0
1
0
1 (0.6)
2 (1.8)
3 (2.6)
0
0
1
4 (3.5)
4 (4.0)
2 (1.5)
0
0
0
20 (19.9)
18 (18.0) 39 (39.4)
Total:
58 (55)
55 (55)
57 (55)
Key Inferences
P(X2=1|Y=1, X1=1)
.83
.47
.17→.83
P(X2=1|Y=1, X1=0)
.80
.82
.63
Note. → means ‘recoded as.’ Bold highlight the key
inferences in the range of .80 - .83. Ideal number of trials if
the parameters were followed exactly in parentheses.
The key inferences were calculated directly from the actual
data subjects saw, not the idealized parameters.
Each trial in the datasets described a fictional microbe. The
microbes could have one of several sets of features (e.g.,
cytoplasm color, long or short cilia, and a circle or oval
shaped nucleus). Overall, there were nine different types of
variables grouped into three clusters of three, and two of the
three clusters were randomly assigned to the datasets, and the
three variable labels were randomly assigned to X1, X2,and Y.
The matching of microbe features to variables in the causal
structure was determined randomly for each participant. For
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example, one participant might see a dataset in which
cytoplasm color corresponds to X1, whereas for another
participant that feature could correspond to Y in the
underlying causal structure. Furthermore, the mapping of the
color of the cytoplasm (blue vs. red) to 1 vs. 0 in Table 1 was
random. Collectively, this randomization means that
participants would not have a perceptual reason to infer a
particular value for X1 given the perceptual states of Y and X2.

Procedure
Participants were told that they would be learning about the
features of microbes (e.g., cilia length, cytoplasm color,
nucleus shape). Their task was to figure out how the
properties related to each other; they were not told if or how
they were related. Participants learned about two datasets. (In
reality, there was a fourth dataset designed for a question not
analyzed here; all subjects learned about two of the four.)
Each scenario (dataset) involved two phases.
In the learning phase, participants engaged in trial-by-trial
learning of the three features. Subjects made predictions of
each of the three features on each trial, which was intended
to make the task engaging and to encourage learning. During
each trial, participants were first shown a blank template of a
microbe (a grey circle). They made a probability judgment
about a target feature (Figure 2A). They were then shown the
state of another feature and asked about the target feature
again (Figure 2B). Finally, they were shown information
about the third feature and asked about the target feature
again (Figure 2C), and were given subsequent feedback about
its state (Figure 2D). Though these judgments give us
detailed measures of the progression of learning, we do not
analyze these judgments in the current paper.
A

B

This microbe has blue factor.

How likely is it that the microbe
will have a CIRCLE / OVAL nucleus?
CIRCLE
50%

How likely is it that the microbe
will have a CIRCLE / OVAL nucleus?
CIRCLE
25%

OVAL
50%

C

OVAL
75%

D

This microbe has blue factor.

This microbe has blue factor.

This microbe has long cilia.

This microbe has long cilia.

How likely is it that the microbe
will have a CIRCLE / OVAL nucleus?
CIRCLE
15%

This microbe has an OVAL nucleus.
OVAL
85%

CIRCLE
15%

OVAL
85%

Figure 2: Trial-By-Trial Prediction and Feedback in
Learning Phase.
After the learning phase, participants completed a test
phase in which they made one-off judgments about microbe
features. For example, participants might see a microbe with

green cytoplasm and a round nucleus, and judge the
likelihood that the microbe has short/long cilia. Participants
made 11 judgments in this phase; in the current manuscript
we focused on judgments of P(X2=1|Y=1, X1=1) and
P(X2=1|Y=1, X1=0), and reported a few others as well.
To encourage participants to engage with the task,
participants also earned bonuses if they guessed within 5% of
the normative answer on five randomly-determined trials in
the learning phase of each scenario. Each bonus was worth
five cents; so it was possible to earn up to 50 cents in bonus
pay. Participants were told the number of bonus trials, but
were not told which trials were scored for bonuses.

Results
We first looked at other judgments that subjects made about
these structures to confirm that they were indeed learning the
probabilistic relations. Table 2 shows that the judgments were
in the correct direction (above .5), confirming that they
learned. (Remember that subjects were not told which states
of the variables were correlated with each other, so they could
not just have made these judgments in the right direction by
the instructions alone or by guessing.) The fact that the
judgments are not as strong as they should be normatively fits
with many prior studies (Rottman & Hastie, 2014). The
degree of weakness is similar to prior studies, suggesting that
learning was not worse in the current study.
Table 2: Normative and observed probability judgments for
basic inferences.
Dataset
Judgment
Norm
Mean (SD)
Mediation P(Y=1|Xi=1)
.83
.70 (.25)
Mediation P(Xi=1|Y=1)
.83
.73 (.22)
Mediation P(Y=1|X1=1, X2=1)
.95
.77 (.28)
CE1
P(Y=1|Xi=1)
.77
.63 (.25)
CE1
P(Y=1|X1=1, X2=1)
.89
.69 (.28)
CE2
P(Y=1|Xi=1)
.75
.76 (.22)
CE2
P(Y=1|X1=1, X2=1)
1.00
.72 (.32)
*Note: Xi denotes combined data for judgments that could
apply to X1 or X2
We then focused more closely on the two key inferences.
Means of the judgments are reported in Table 3, and
histograms are presented in Figure 3. Overall, consistent with
Rottman and Hastie (2016), many of the distributions are
quite spread out, and often exhibit peaks at 0, .5, and 1.
Participants were able to learn the basic relations; some of the
average judgments were clearly in the correct direction.
Table 3: Normative and observed probability judgments for
key inferences.
P(X2=1|Y=1, X1=1)
P(X2=1|Y=1, X1=0)
Dataset
Norm
Mean (SD)
Norm Mean (SD)
Mediation
.83
.75 (.27)
.80
.52 (.31)
CE1
.47
.53 (.34)
.82
.62 (.29)
CE2
.17→.83 .66 →.33 (.32) .63
.55 (.36)
Note: → means ‘recoded as.’
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Comparing the Mediation and Common Effect
Structures
Our primary goal was to compare P(X2=1|Y=1, X1=1) and
P(X2=1|Y=1, X1=0) judgments across the two structures. We
2
Because of the symmetrical nature of our datasets (e.g.,
P(X2=1|Y=1)=P(X1=1|Y=1), we combined judgments about X1 and
X2 and reported them as X2. (E.g., P(X2|Y,X1) includes P(X1|Y,X2).)
3
One limitation is that the normative judgments for P(X2=1|Y=1,
X1=1) is higher than P(X2=1|Y=1, X1=0): .83 vs. .80. We doubt this
slight difference caused the large differences in the judgments.

P(X2 = 1 | Y = 1, X1 = 1)

Mediation

Though the main goal for this research was to compare
P(X2=1|Y=1, X1=1) and P(X2=1|Y=1, X1=0)2 judgments in
mediation vs. common effect structures, we first compared
them within a structure, as they have typically been studied.
Focusing on the mediation structure, it is clear that the
distribution for P(X2=1|Y=1, X1=1) is higher than the
P(X2=1|Y=1, X1=0) distribution (Figure 3). We found a
significant difference between the two judgments (B=2.41,
SE=0.44, p<.001), evidence of a violation of the Markov
assumption.3 Importantly, this must be a learning effect, not
a perceptual similarity effect or an effect from the
instructions. Imagine that for one subject, X2=1 means that
the nucleus is an oval (not a circle), Y=1 means that the
microbe is blue (not green), and X1=1 means that the cilia are
long (not short). The fact that they gave higher judgments
when X1=1 means that they learned the correlations between
long cilia, blue, and oval, and that they overgeneralized these
relations, believing that nucleus shape and cilia length were
still correlated after controlling for the color. Another piece
of supporting evidence is that the judgment of P(X2=1|Y=1,
X1=1), which was .75 on average, is relatively close to the
normative value of .83 (at least on the right side of .50).
Did our subjects appropriately explain away? Within the
Common Effect 1 structure, normatively the judgments of
P(X2=1|Y=1, X1=0) should have been higher by .35 than those
for P(X2=1|Y=1, X1=1). The difference was in the expected
direction, but the mean difference was only .09; the median
split analysis was not significant (B=-0.33, SE=0.29, p=.25).
Within the Common Effect 2 structure, normatively the
judgments of P(X2=1|Y=1, X1=0) should have been higher by
.46 than those for P(X2=1|Y=1, X1=1), but the difference was
only .03 (.55 vs. .52 in Table 3), and was not significant
(B=0.51, SE =0.49, p=.30). This weak explaining away fits
with prior research and with the cue consistency theory.

25

25

20

20

15

15

10

10

5

5

0

P(X2 = 1 | Y = 1, X1 = 0)

0
.00 0.25
.25 0.50
.50 0.75
.75 1.00
0.00
1.00 .00
0

Common Eﬀect 1

Assessment of the Markov Assumption and
Explaining Away

first compared the judgments of P(X2=1|Y=1, X1=1). For the
mediation structure this was normatively .83, and for the
Common Effect 2 structure it was .17; we flipped4 the
judgments from the Common Effect 2 structure so they are
comparable at .83. The judgments are considerably higher in
the mediation structure (Figure 3). Due to order effects, we
analyzed the data from the first scenario only, with the
structure of the dataset as a between-subjects variable.
Participants made higher (more accurate) judgments for
mediation (M=.57) than Common Effect 2 datasets (M=.16),
B=3.70, SE=1.07, p < .001. The mediation judgments were
fairly good, but the common effect judgments were bimodal,
with peaks at 0 and 1 (Figure 3).
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For all inferential tests conducted below, when we
compared two conditions, we conducted median split
analyses because the distributions are not normal. We first
calculated the pooled median judgment of the two conditions,
and then tested whether the percent of judgments greater than
the median was different across the two conditions, using a
random intercept at the participant level and a random slope
to allow the effect of the conditions to vary by participant.
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Figure 3: Histograms of participants’ judgments of
P(X2=1|Y=1, X1=1) and P(X2=1|Y=1, X1=0) for all three
datasets. Dashed line indicates normative judgment.
To analyze the P(X2=1|Y=1, X1=0) judgments, we
compared the Mediation vs. the Common Effect 1 structure,
for which the normative judgments are .80 and .82,
respectively. The judgments were significantly higher (closer
to normative) for the Common Effect 1 dataset (M=.60) than
the mediation dataset (M=.45), B=-0.70, SE=0.24, p=.004.
4
If the variables were present vs. absent, then perhaps it would
not make sense to flip them because the prospect theory probability
weighting function is not symmetric around .5 (Tversky &
Kahneman, 1992). However, in this study, the “lower” vs. “upper”
half of the scales indicates higher/lower likelihoods for circle/oval
nucleus, or long/ short cilia (Figure 2), so they are symmetric.
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Across these two comparisons, sometimes judgments on
the Common Effect structure look better than the mediation
structure, and sometimes the reverse happens. There is no
evidence that reasoning about one structure is uniquely bad.

Discussion
There were two main findings. First, we again found
violations of the Markov assumption and insufficient
explaining away. These findings fit with the cue consistency
theory that subjects overestimate P(X2=1|Y=1, X1=1) and
underestimate P(X2=1|Y=1, X1=0). However, in the current
study the Markov violation arises because of learning, not in
spite of it. Because the variables each have different states
(e.g., long/short cilia, circle/oval nucleus), subjects must
learn the correlations between the variables. They still violate
the Markov assumption in the expected direction based on the
bivariate relations, which implies that this effect is learned. It
does not arise from prior knowledge, perceptual features, or
instruction. Markov violations have also been found in
studies that give subjects causal structures without learning
data (e.g., Park & Sloman, 2013); causal knowledge and
learning are each individually sufficient to yield this error.
Second, we found that judgments about common effect
structures are sometimes better and sometimes worse than
mediation structures; people are not uniquely bad at common
effect structures, as one might think based on previous work.
It can be useful to consider which judgments are fairly
normative, and which are especially bad, in order to
problematize the bad judgments. The P(X2=1|Y=1, X1=0)
judgment was decent for the common effect, but was way too
low for the mediation structure. This finding, that
P(X2=1|Y=1, X1=0) is more problematic than P(X2=1|Y=1,
X1=1) for violations of the Markov assumption, fits with
Rottman and Hastie’s (2016; Figure 3) results. In contrast,
P(X2=1|Y=1, X1=1) was especially problematic for the
common effect. Previous research could not assess this; in
prior studies (e.g., Rottman & Hastie, 2016), P(X2=1|Y=1,
X1=1) and P(X2=1|Y=1, X1=0) were normatively in different
parts of the probability scale and could not be compared.
These findings suggest that subjects’ accuracy of inference
is not determined by the inference question, nor the structure
(the statistical relations), but by an interaction of the two.
One misinterpretation of these results, which we hope to
head off, is that subjects did not learn in the CE2 condition.
Though the distributions for CE2 in Figure 3 are spread out,
there are clumps at 0 and 1, suggesting that some subjects
believed the variables were related; if not, presumably they
would answer near the middle of the scale to reflect
uncertainty. Further, subjects learned the bivariate relations
(Table 2). The difficulty is with the multivariate relations.
We have several future directions. First, a unique aspect of
our design is that subjects made trial-by-trial predictions
about each variable in the learning phase. We intend to
develop learning models to explore how their difficulty with
multivariate judgments could be tied to difficulty learning.
Second, it is unknown whether the current findings apply
beyond certain probability ranges (around .83). The findings

may change in different areas of the probability scale.
Additionally, we only examined structures with symmetric
parameters.
Third, Rehder and Waldmann (2017) presented evidence
that multivariate inferences are worse when subjects know
the causal structures that generated the data as opposed to not
knowing the causal structures. It would be interesting to
compare the current study to a similar one in which subjects
know the causal structures; this would allow us to assess the
degree of bias introduced by knowing the structure, and if
different structures introduce different amounts of bias.
The current work explores how well people make
inferences on three-variable causal structures, and allows for
comparisons across structures by equating the normative
judgments in the probability space. We found evidence that
cue consistency effects can explain violations of the Markov
assumption and insufficient explaining away. Further, we
found that people are not worse at reasoning about some
structures than others, but their accuracy also depends on the
inference being made. This highlights the complexity of
causal inference: people are sensitive to the learning data, but
are also biased, and the bias interacts with the learning data.
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Abstract
The ability to infer other people’s emotions is an important
aspect of children’s social cognition. Here, we examined
whether 4- to 6-year-olds use probability to infer other
people’s happiness. Children saw a scenario where a girl
receives two desired and two undesired gumballs from a
gumball machine and were asked to rate how the girl feels
about this outcome. Children either saw the gumballs come
from a machine that had mostly desired gumballs or a
machine that had mostly undesired gumballs. Five- and 6year-olds rated the girl as being happier when the gumballs
came from a machine that had mostly undesired gumballs.
Four-year-olds, on the other hand, rated the girl’s happiness
similarly regardless of whether the machine held mostly
desired or undesired gumballs. These findings show that by
the age of 5, children use probability to infer happiness.
Further, they demonstrate that children understand that our
happiness with an outcome depends on whether a better or
worse outcome was initially more likely.
Keywords: emotion attribution; happiness; probability; social
cognition; cognitive development

Introduction
Successful social interactions require the ability to infer
whether others are happy or sad. Inferring these emotions
helps us explain people’s past behaviors, predict their future
actions, and lets us know how we should behave towards
them. For example, knowing whether someone is in a
positive or negative mood can help us decide whether it is a
good time to ask them for a favor. These abilities are
especially important during childhood as difficulties in
emotion attribution could significantly disrupt social
interactions and interfere with children’s ability to form
friendships.
Children sometimes infer happiness by relying on
memorized scripts (e.g., Barden, Zelko, Duncan, & Masters,
1980; Harris, Olthof, Terwogt, & Hardman, 1987; Russell,
1990; Widen & Russell, 2010, 2011). For example, children
can remember specific antecedents and consequences of
happiness, and use these to infer happiness in the future
(e.g., people are happy when they eat cake). Children also
infer happiness by considering others’ desires and goals
(e.g., Hadwin & Perner, 1991; Skerry & Spelke, 2014;

Wellman & Bartsch, 1988; Wellman, Phillips, & Rodriguez,
2000; Wellman & Woolley, 1990). For example, young
children understand that a boy will be happy if his desires
are fulfilled, but will be sad if his desires are unfulfilled
(Wellman & Woolley, 1990). Even preverbal infants
understand that an achieved goal should elicit positive
emotions and a failed goal should elicit negative emotions
(Spelke & Skerry, 2014).
However, a more sophisticated understanding of
happiness requires recognizing that people’s happiness can
depend on their expectations. Beliefs are one type of
expectation. Children, like adults, understand that people’s
happiness can depend on their beliefs (e.g., Bradmetz &
Schneider, 1999 Experiment 3; Harris, Johnson, Hutton,
Andrews, & Cooke, 1989; Nguyen & Frye, 1999
Experiment 2; Ong, Asaba, & Gweon, 2016). For example,
in one study, 4- to 5-year-olds, and adults saw scenarios
where two characters were bowling (Ong et al., 2016). One
character believed she would get a gutter ball and the other
character believed she would get a strike, based on the
trajectory of the ball midway down the lane. Both characters
ended up knocking down three pins. Four-year-olds rated
both characters as being similarly happy. However, 5-yearolds, like adults, reported more happiness for the character
who believed she would get a gutter ball. This suggests that
by age 5, children understand that people’s happiness about
identical outcomes can vary depending on their beliefs.
Expectations can also be instantiated in terms of
probability. We expect highly probable events to occur, but
do not expect highly improbable events to occur. Further,
probability can shape how we feel about identical outcomes
– a positive outcome feels better when it is unlikely to occur
compared to when it is likely, and similarly, a negative
outcome feels worse when it is unlikely to occur compared
to when it is likely (e.g., Mellers, Schwartz, Ho, & Ritov,
1997; Shepperd & McNulty, 2002). For example, in a
gambling task, adults were more elated with a win when
their chances of winning were lower compared to higher,
and were more disappointed with a loss when their chances
of losing were lower compared to higher (Mellers et al.,
1997). This demonstrates that probability plays an important
role in adults’ attributions of happiness.
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Although no research has yet examined whether children
use probability to infer happiness, we recently found that
children use probability to infer surprise (Doan, Friedman,
& Denison, in press). By the age of 7, children understand
that people will be more surprised by an outcome if the
likelihood of that outcome is low compared to high. Further,
6-year-olds’ surprise judgments improve when they are
prompted to consider probabilities, but not when they are
prompted to consider people’s beliefs. Thus, it is possible
that children use probability to also infer happiness.
To investigate whether children use probability to infer
people’s happiness, we showed 4- to 6-year-olds a scenario
where a girl stood either before a gumball machine that
contained mostly “yummy” red gumballs and few “yucky”
black gumballs, or a machine that contained the reverse
distribution. In both conditions, the girl wanted red
gumballs, and the machine dispensed 2 red and 2 black
gumballs. Children were asked to rate how the girl felt about
getting these gumballs using a 7-point scale ranging from
extremely sad to extremely happy. If children consider
probability when predicting happiness, they should rate the
girl as happier when the machine has mostly black
gumballs.

Method
Participants
One hundred and eighty children were tested: 60 4-year-olds
(M = 4;6 [years; months]; range = 4;0 – 4;11; 29 girls), 60
5-year-olds (M = 5;5; range = 5;0 – 5;11; 26 girls), and 60
6-year-olds (M = 6;5; range = 6;0 – 6;11; 34 girls). All
children were individually tested at schools and daycares in
a mid-sized Canadian city in Southwestern Ontario.

Materials and Procedure
All materials were shown on a laptop computer. Children
were told a story about a gumball machine containing red
and black gumballs. Children were told that the red
gumballs are yummy and the black gumballs are yucky. A
girl then appeared beside the gumball machine. Children

were told that she wants a red gumball, and were asked a
comprehension check question to confirm that they
understood. The girl then pulled the handle of the machine,
and ended up getting two red and two black gumballs.
Children were next asked to rate how the girl feels using a
7-point happy face scale, ranging from extremely sad to
extremely happy.
Children were randomly assigned to see this story in one
of two between-subjects conditions. In the Mostly Yummy
condition, the gumball machine contained many red
gumballs and just a few black gumballs (46 red; 4 black). In
the Mostly Yucky condition, the gumball machine contained
many black gumballs and just a few red gumballs (46 black;
4 red). See Figure 1 for a sample of the story and script for
the Mostly Yucky condition.

Results
Of interest was whether children are able to use probability
to infer the girl’s happiness. More specifically, we wanted to
see if children’s happiness ratings for the girl would differ
depending on the distribution of gumballs. Figure 2 shows
the mean scores for children’s happiness ratings.
A 2 (condition: Mostly Yummy, Mostly Yucky) x 3 (age:
4, 5, 6) ANOVA revealed a marginal effect of condition,
F(1,174) = 3.40, p = .067, η2p = .019, and no effect of age,
F(2,174) = 2.09, p = .127. There was a significant age by
condition interaction, F(2,174) = 4.39, p = .014, η2p = .048.
We explored each age group separately and found that 6year-olds rated the girl as being significantly happier in the
Mostly Yucky condition (M = 2.13, SD = 1.38) than in the
Mostly Yummy condition (M = 0.83, SD = 1.86), F(1,58) =
9.45, p = .003. Five-year-olds also rated the girl as being
significantly happier in the Mostly Yucky condition (M =
1.63, SD = 1.88) than in the Mostly Yummy condition (M =
0.47, SD = 2.45), F(1,58) = 4.28, p = .043. However, 4year-olds did not show differences between the two
conditions, F(1,58) = 1.39, p = .243.
We also explored each condition separately and found
that children’s ratings in the Mostly Yucky condition
differed by age, F(2,87) = 6.65, p = .002, but their ratings in
the Mostly Yummy condition did not differ by age, F(2,87)
= 0.56, p = .576. In the Mostly Yucky condition, 5- and 6-

Figure 1: Sample slides and script for the Mostly Yucky condition.

1629

Figure 2: Mean scores for children’s happiness ratings, with -3 being extremely sad, and 3
being extremely happy. Error bars show ± 1 standard error of the mean.
year-olds rated the girl as being happier than 4-year-olds
did, t(58) = 2.28, p = .006, and, t(58) = 3.46, p < .001,
respectively. Six-year-olds in the Mostly Yucky condition
also rated the girl as being happier than 5-year-olds did,
t(58) = 1.17, p = .032.

Discussion
In this study, we explored whether 4- to 6-year-old children
use probability to infer other people’s happiness. We
showed children either a scenario where a girl had a high
chance of receiving the desired gumballs, or a scenario
where a girl had a low chance of receiving them. In both
conditions, the girl received two desired and two undesired
gumballs. Children were asked to rate the girl’s happiness
with this outcome. We found that by the age of 5, children
rated the girl as happier when she had a lower chance of
receiving desirable gumballs. This demonstrates that 5-yearolds understand that people’s happiness depends on their
expectations. More specifically, they demonstrate that
happiness with an outcome depends on whether a better or
worse outcome was initially more likely.
This study provides the first evidence that children use
probability to infer people’s happiness. The findings show
that children do not only infer happiness by relying on
memorized scripts (e.g., Barden et al., 1980; Harris et al.,
1987; Russell, 1990; Widen & Russell, 2010, 2011). If
children in our study inferred happiness by relying on
scripts, they should have rated the girl similarly in both
conditions. For example, if children were using a script,
such as, “People are happy when they get (yummy) candy”,
then they should have rated the girl as being similar in
happiness in both conditions because the outcomes were
identical. Further, our data shows that children do not only
infer happiness by considering others’ desires and goals
(e.g., Hadwin & Perner, 1991; Skerry & Spelke, 2014;
Wellman & Bartsch, 1988; Wellman et al., 2000; Wellman

& Woolley, 1990). In both conditions of our study, the girl
wanted the red gumballs, so if children only considered her
desires, then again, they should have rated the girl’s
happiness in both conditions similarly because she obtained
what she wanted in both conditions. Thus, the happiness
differences we find between conditions with 5- and 6-yearolds can only be explained by children considering the girl’s
chances of receiving the desired gumballs.
It is puzzling that 4-year-olds did not show differences
across the two conditions. By this age, children are sensitive
to probability information. For example, in violation of
expectation paradigms, infants look longer at improbable
outcomes than at probable ones (Denison, Reed, & Xu,
2013; Téglás, Girotto, Gonzalez, & Bonatti, 2007; Xu &
Garcia, 2008). Further, children expect the majority item in
a distribution to be sampled most often (e.g., Denison et al.,
2013; Denison, Konopczynski, Garcia, & Xu, 2006; Girotto,
Fontanari, Gonzalez, Vallortigara, & Blaye, 2016), and use
probability in social inferences, such as when inferring
another person’s preferences (Kushnir, Xu, & Wellman,
2010; Ma & Xu, 2011). Thus, it is unlikely that our pattern
of data can be explained by 4-year-olds not understanding
probability. It is also unlikely that 4-year-olds’ difficulty
stemmed from an inability to use our happiness scale, as
preschoolers have successfully used similar scales in other
research (e.g., Gautam, Bulley, von Hippel, & Suddendorf,
2017; Kopp, Atance, & Pearce, 2017; Ong et al., 2016).
A more likely explanation for the younger children’s
insensitivity to our manipulation is that they do not
spontaneously consider probability when making happiness
judgments. In fact, young children may not spontaneously
consider expectations in general. In Ong et al. (2016), 4year-olds rated a girl who believed she would get a strike
and a girl who believed she would get a gutter ball as being
similarly happy with knocking down three pins. This
suggests that they were not able to consider the girls’
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expectations of knocking down pins when inferring her
happiness. However, when they were given explicit
information about the girls’ expectations (e.g., “Sally thinks
that her ball is going to go out and hit none of the pins!” for
the girl who expected to get a gutter ball), 4-year-olds were
able to adjust their happiness ratings. Further, in a recent
study, we found that 6-year-olds improved in their surprise
judgments when they were prompted to consider
probability, compared to when they answered other kinds of
prompt questions (Doan et al., in press). These findings
suggest that children are able to use expectations to infer
emotions if they are made aware of the expectation, but may
have difficulties doing so spontaneously.
In a future study, we could explicitly tell children about
the girl’s expectations or prompt them to consider her
expectations to see if this changes their happiness ratings.
Because expectations can be instantiated in terms of beliefs
(e.g., Bradmetz & Schneider, 1999 Experiment 3; Ong et al.,
2016), or probabilities (e.g., Mellers et al., 1997; Shepperd
& McNulty, 2002), we can prompt children to consider
either the girl’s beliefs or the girl’s chances of getting the
desired (or undesired) gumballs to see whether one, or both
types of expectations can change their happiness judgments.
If prompting children to consider the girl’s chances of
getting the desired gumballs improves children’s happiness
judgments, this suggests that their difficulty to differentiate
the girl’s happiness between our two conditions stems from
an inability to spontaneously use expectations to infer
happiness, and not an inability to see the connection
between probability and happiness.

Conclusion
Probability influences how we feel. Here, we find that even
children understand that the same outcome can elicit
different degrees of happiness, depending on whether a
better or worse outcome was initially more likely. More
specifically, they understand that having a lower chance of
receiving something desirable makes people happier when
they do get it. Our findings are the first to demonstrate that
children consider probability when inferring other people’s
happiness. This research extends our knowledge of the
social importance of probability, and increase our
understanding of the ways in which children attribute
emotions.
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Abstract
Cue competition effects in human contingency learning
appear to be sensitive to the causal nature of cue-outcome
relationships. While blocking effects are reliably
demonstrated in scenarios where cues are presented as causes
of outcomes, several studies have failed to find blocking in
scenarios where cues are presented as effects of outcomes, a
finding that is typically taken as evidence for the involvement
of controlled reasoning processes in cue competition. These
studies typically measure blocking with continuous causal
ratings about individual cues. Previous studies have found
that sensitivity to causal model may depend on how the test
question is phrased. In contrast, the current study tested the
sensitivity of blocking to causal scenarios across different
formats of the same test question. Participants completed a
causal learning task with instructions suggesting either a
predictive (i.e. cue causes outcome) or diagnostic (cue is
caused by outcome) cue-outcome relationship. Participants
were then asked about the likelihood of outcomes occurring
by either giving a continuous rating of each outcome or a
discrete choice about the most likely outcome. When
measured by continuous ratings of individual cues, blocking
was evident in predictive, but not diagnostic scenarios.
However, when measured by discrete choice or using a
compound negation test, blocking was robust and insensitive
to causal scenario. The results suggest that contributions of
predictive memory and causal reasoning to cue competition
effects may depend substantially on the type of measure used.
Keywords: causal model; cue competition; blocking; test
sensitivity

Introduction
Causal model theories propose that people use their
knowledge about causal relationships to guide their learning
and judgements of events (Waldmann & Holyoak, 1992;
Rehder, 2003). While there is no question that people are
capable of reasoning about causality, there is continuing
debate regarding how readily and effectively people use this
kind of knowledge in learning and cognitive tasks, and how
much of performance is a result of simpler associative
memory processes (e.g. Mitchell, De Houwer & Lovibond,
2009). This debate has often centred on the phenomenon of
cue competition, in which the causal status of predictive
cues is ambiguous because they appear simultaneously.
One well-known example of cue competition is the
blocking effect (Kamin, 1969). In a contingency learning
task, blocking is said to occur if judgements about the
strength of a cue-outcome relationship are weaker when that
cue is presented simultaneously with a second cue that is

already established as a good predictor of the outcome (see
Shanks, 2007 for a review). That is, if cue A is repeatedly
paired with an outcome followed by compound cues AB
paired with the same outcome, then outcome recall or
judgements about the relationship between B and the
outcome are reduced. The effect is usually observed by
comparison to a control cue (e.g. D), which has been trained
in compound with another cue that has not been pre-trained.
Some theories attribute blocking to a deficit in learning.
According to most associative models, for instance, the
outcome is already well predicted by A, and therefore there
is little prediction error on AB trials to support learning
about B (Rescorla & Wagner, 1972). In other words,
learning about B is “blocked” by prior learning about the A
association.
Other accounts of cue competition emphasise reasoning
processes at test, based on a consideration of the causal
structure of the cue-outcome relationship. Waldmann &
Holyoak (1992) suggested that the causal structure imposed
by the task should influence the observation of cue
competition effects like blocking. In their study, participants
in two groups responded to cue-outcome trials in the same
manner, but the cover story describing the cues differed. In
a predictive group, cues were described as possible causes
of the outcome, and in a diagnostic group, cues were
described as possible effects of the outcome (see Figure 1).
As participants received the same presentation of cues and
outcomes, associative theories should predict competition
between cues in both groups. Instead, Waldmann &
Holyoak (1992) found competition among cues when they
were described as causes, but not when they were described
as effects. This suggests that people use their understanding
of causal structure during the task. In a predictive structure,
if cue A is established as a cause of the outcome, the causal
status of B is unclear, and is therefore a redundant cue.
Reasoning about causation in this kind of causal model is
therefore conducive to observing blocking effects. In
comparison, in a diagnostic scenario, there is no reason to
assume that B is not an effect of the outcome if cue A is
already an established effect of the outcome. Cue B
therefore still has useful diagnostic value, leading to a
judgment for cue B that is just as strong as for control cues.
In other words, multiple causes should compete for
associative strength, but multiple effects should not
(Waldmann & Holyoak, 1992).
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Diagnostic structure
Effect
Cause
Effect

Figure 1: A schematic of a predictive (cues cause outcome)
and diagnostic (cues are caused by outcome) model
structure where rectangles represent cues and circles
represent outcomes.
The demonstration of asymmetry in cue competition in
predictive and diagnostic models has been taken as key
evidence for causal model theories. Causal model effects
have been replicated in several cue competition paradigms
(e.g., Blanco, Baeyens & Beckers, 2014; Luque, Cobos, and
López, 2008; Waldmann, 2000; 2001). However, other
studies have failed to find this asymmetry (e.g. Arcediano et
al., 2005; Shanks & Lopez, 1996), and several researchers
have suggested causal model effects are dependent on
particular task conditions. For example, one study found
that causal model effects were only evident when the
relevance of the causal structure was specifically
emphasised to participants (Lopez, Cobos and Caño, 2005).
Matute, Arcediano and Miller (1996) found that the wording
of the test question was a critical factor. Asymmetry in cue
competition was observed using causality based questions,
but not using predictive or diagnostic value questions
(which showed competition in both groups), or contiguity
questions (which failed to show competition in either
group).
As Thorwart and Livesey (2016) noted, studies
investigating causal model effects typically measure cue
competition using continuous causal ratings about
individual test cues, and evidence for causal model effects
have often emerged when ratings are close to ceiling.
Therefore the absence of clear differences in ratings for
blocked and control cues described as effects rather than
causes may in part be due to differences in the way
participants use the scale in different conditions. Indeed,
Tangen and Allan (2004) found an influence of causal
scenario when learning was measured by ratings during the
test phase, but found no influence of causal scenario on
trial-by-trial discrete predictions of the presence or absence
of an outcome during training. They suggested that
participants base their outcome predictions on associative
strength between events, while ratings require participants

to consider not only the association between events, but also
the causal status of the cue, or the causal relationship
between cues and outcomes. Therefore continuous ratings
may invite reasoning about causality more than other
measures, and the use of rating scales may be an important
condition for these causal model effects to emerge. While
prior studies have shown that causal model-effects depend
on the nature of the test question (e.g. Matute et al., 1996), it
is not yet known whether the format of the test is important,
when the nature of the test question is held constant. Other
cue competition effects, like highlighting and the inverse
base-rate effect (Medin & Edelson, 1988; Kruschke, 1996;
Don & Livesey, 2017) rely almost exclusively on discrete
choice test measures and negation test trials. Negation tests
are compound trials composed of two cues that were paired
with different outcomes during training, in order to
determine which cue has greater control over responding.
This experiment therefore aimed to assess the sensitivity
of blocking to causal model across different test measures.
Specifically, we compared causal model effects in
continuous ratings and discrete outcome choice. Comparing
differences in responses elicited by causal ratings and
discrete-choice outcome recall questions has proven useful
in teasing apart the influence of controlled and automatic
processes in blocking and learned predictiveness (Mitchell
et al., 2006; Shone, Harris & Livesey, 2015). However,
unlike these studies, here we changed the format of the
question but essentially asked for the same judgement. As
blocking has previously been demonstrated using a
negation-style test measure (Kruschke, Kappenman &
Hetrick, 2005), we also included negation trials to assess
whether they are also sensitive to causal model effects in the
same way as single-cue test trials.
In this experiment, participants completed a modified
allergist task with instructions indicating either a predictive
or diagnostic relationship between cues and outcomes,
manipulated between subjects, while maintaining the same
cue and outcome stimuli between groups. In the predictive
scenario, food cues were described as causes of different
disease outcomes, identified by a name (e.g. Marshall’s
disease), and the task was to determine which foods were
causing which disease. In the diagnostic scenario, food cues
were chosen by different people and thus the outcome (the
person to whom the meal belongs) effectively causes the
cue. Foods were described as being part of that person's
meal (e.g. Marshall’s meal), and the task was to determine
which meal belonged to which person. Learning for cues
was then assessed with either continuous outcome
likelihood ratings, or discrete outcome choice. There were
two kinds of test trials; single-cue trials, and negation trials.
We expect causal model to influence blocking on single-cue
test trials when using continuous causal ratings. We are
interested in whether this effect is also evident when using
discrete choice or when testing blocking using a compound
of cues with competing predictions.
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Method

Table 1: Experiment design.

Participants
Eighty-eight students from the University of Sydney (61
female, mean age = 19.41, SD = 3.33) participated in the
experiment in return for monetary compensation ($15/hr).
Participants were randomly allocated to each condition (n =
22).

Apparatus and Stimuli
The experiment was programmed using PsychToolbox for
Matlab (Kleiner et al., 2007). Participants were tested in
individual cubicles up to four at a time. Experimental
stimuli included 28 300 x 300 pixel images of foods,
accompanied by a label in blue text. Food cues included
apple, avocado, bacon, banana, beef, bread, broccoli,
carrots, cheese, cherries, chicken, chocolate, coffee, corn,
eggs, fish, lemon, mango, milk, mushrooms, pasta, peach,
peas, peanuts, pineapple, prawns, rice, and strawberries. In
both conditions, the outcomes were identified by one of four
names, Marshall, Scarlet, Florence, and Jakob. These
names indicated the names of different diseases in the
predictive scenario (e.g. Scarlet’s disease), or the person to
whom the meal belonged in the diagnostic scenario (e.g.
Scarlet’s meal). For each participant, foods and names were
randomly allocated to the cues and outcomes, respectively,
shown in Table 1.

Design
The experiment was a 2 x 2 design with causal scenario
(predictive vs. diagnostic) and test measure (ratings vs.
discrete choice) as between-subject factors. Training
contingencies are shown in Table 1. In Phase 1, four pretrained cues were each paired with one of four possible
outcomes. In the second phase, the pre-trained cues were
presented in compound with a novel cue (the blocked cue),
and paired with the same outcome. Four compound control
cues were also presented in this phase. Compound and
single cue filler trials were included in Phase 1 and Phase 2,
respectively, so that participants experienced both individual
and compound cues in each phase. Two different kinds of
test trials were included. First, participants made outcome
likelihood responses for each cue presented individually.
Here, blocking would be indicated by reduced accuracy in
responding for the correct outcome for the blocked cues
compared to the control cues. Second, four negation trials
were included, which were composed of one blocked cue
and one control cue presented in compound, which had each
been paired with a different outcome in Phase 2. These trials
determine which cue has greater control of responding.
Thus, blocking is indicated by greater responses for the
outcome previously paired with the control cue than the
outcome previously paired with the blocked cue.

TRAINING
Phase 1
A1 - 1
A2 - 2
A3 - 3
A4 - 4

TEST
Phase 2
Trial type
A 1B 1 - 1
Blocked
B1 - B4
A 2B 2 - 2
Control
C1 - C4
A 3B 3 - 3
D1 - D4
A 4B 4 - 4
C 1D 1 - 1
C 2D 2 - 2
Negation
B 1D 3, B 2D 4,
C 3D 3 - 3
B 3D 2, B 4D 1
C 4D 4 - 4
E 1F 1- 1
G1 - 1
Filler
E1 - E4
E 2F 2 - 2
G2 - 2
F1 - F4
E 3F 3 - 3
G3 - 3
G1 - G4
E 4F 4 - 4
G4 - 4
Note: Letters refer to individual food cues. Numbers refer to
different outcomes.

Procedure
At the start of the experiment, participants were given
instructions that outlined the causal scenario of the task. In
the predictive condition, participants were given the
following instructions:
In this task, you are asked to imagine that you work for
the food safety industry. You have discovered that people
are suffering from several different diseases after eating
certain contaminated foods. Your job is to learn which
foods are causing which disease by observing a number
of meals that have been eaten, and the kind of disease
that occurs.
Participants in the diagnostic scenario were instructed:
In this task, you are asked to imagine that you work for a
catering company that delivers meals to different people.
You have been given a number of meals to deliver to
several regular customers. However, the orders have all
been mixed up. Your job is to learn which meal belongs
to which person, from the food it contains.
On each trial, two food cues appeared on the upper half of
the screen, and participants were required to select one of
the four outcomes presented below. When an outcome was
selected, the options disappeared and corrective feedback
was provided while the food cues remained on the screen.
These trials occurred in an identical manner for both causal
scenario conditions. There were five blocks of randomly
presented training trials in each phase, with each trial type
presented twice per block. The position of compound cues
on the screen (left vs. right) was counterbalanced within
each block. The transition between Phase 1 and Phase 2
occurred without a break.
Half the participants within each causal scenario group
completed a rating test phase, while the other half
completed a discrete choice test phase. Participants were
instructed to use the knowledge they had gained so far to
respond to trials in the test phase. In the ratings groups,
participants were asked to either rate the likelihood of each
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Figure 2: Accuracy for blocked and control cues presented individually at test. Panel A shows the average rating for correct
outcome minus the average ratings for the incorrect outcomes in the rating groups. Panel B shows the proportion of correct
outcome choice in the choice groups. Error bars show standard error of the mean.
disease, given the presented meals had been eaten, or to rate
the likelihood that the meal belonged to each customer. On
each trial, one or two food cues were presented on the upper
half of the screen. Four rating scales were presented on the
lower half of the screen, one for each outcome. Participants
were required to make all four ratings, and could adjust their
ratings before pressing the space bar to move to the next
trial. In the choice conditions, participants were asked to
select the disease they thought was most likely, given the
meal had been eaten, or select which customer each meal
was most likely to belong to. Outcomes appeared on the
lower half of the screen in the same manner as training.
Participants were also able to adjust their choice before
pressing the space bar to move to the next trial. No feedback
was provided in this phase. Test trials included all training
cues presented individually and four negation trials, shown
in random order.

Results
The measures in the rating and choice groups are on
different scales, and were therefore analysed separately.

Single-cue trials
Figure 2 shows accuracy for blocked and control cues
presented individually at test. To assess accuracy, a 2 x (2)
mixed measures ANOVA was run with scenario as a
between-subjects factor and cue (blocked vs. control) as a
within-subjects factor for each test group separately.
Ratings. In the ratings group, accuracy was measured as
the difference between the rating for the correct outcome
and the average rating for the three incorrect outcomes.
There was a significant main effect of cue F(1,42) = 19.91,
p < .001, indicating a significant overall blocking effect.
There was also a significant main effect of scenario F(1,42)
= 4.30, p = .044, indicating greater overall accuracy in the
diagnostic scenario. However this was qualified by a

significant cue x scenario interaction F(1,42) = 9.21, p =
.004, in which there was a stronger blocking effect in the
predictive scenario than the diagnostic scenario. Further
analysis of simple effects revealed a significant blocking
effect in the predictive scenario F(1,21) = 20.06, p < .001,
but not in the diagnostic scenario, F(1,21) = 1.70, p = .207.
This replicates the classic sensitivity of blocking to causal
model found using single cues and continuous ratings.
Choice. In the choice group, accuracy was measured as
the proportion of correct outcome choice. There was a
significant main effect of cue, indicating an overall blocking
effect, F(1,42) = 18.49, p < .001, but no significant effect of
scenario, F(1,42) = 2.65, p = .111, and critically, no
interaction, F < 1.

Negation compound trials
Figure 3 shows responding to negation trials at test.
Ratings. In the ratings group, we compared participants’
ratings for the outcome paired with the blocked cue to
ratings for the outcome paired with the control cue. There
was a significant main effect of cue, indicating overall
higher ratings for the outcome paired with the control cue
than the outcome paired with the blocked cue, F(1,42) =
10.37, p = .002. Although the blocking effect appears
weaker in the diagnostic group, there were no significant
effects of scenario, Fs < 1. There was a significant blocking
effect in both the predictive, F(1,21) = 13.57, p = .001, and
diagnostic, F(1,21) = 9.32, p =.006, groups.
Choice. In the choice group, we compared the proportion
of choice of the outcome paired with the blocked cue and
paired with the control cue. There was a significant main
effect of cue, such that there was greater choice of the
outcome paired with the control cue than the blocked cue,
indicating a blocking effect, F(1,42) =25.40, p < .001. There
were no significant effects of scenario, highest F(1,42) =
1.08, p = .305.
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Figure 3: Responding to negation trials at test. Panel A shows ratings for the outcomes paired with the blocked and control
cues. Panel B shows the proportion of choice of the outcome paired with the blocked and control cues. Error bars show
standard error of the mean.

Discussion
In this experiment, evidence for causal model effects on
blocking was dependent on the format of the test measure,
and the kind of test trial. When measured by accuracy in
continuous ratings using single-cue trials, blocking was
evident in the predictive scenario, but not in the diagnostic
scenario, replicating previous findings (Waldmann, 2000;
Waldmann & Holyoak, 1992). However, when measured by
accuracy in discrete choice, the strength of blocking did not
differ between the two causal scenarios. Causal modeleffects were also less evident when measured by negation
test trials compared to single-cue trials.
Sensitivity to causal model manipulations has classically
been interpreted as evidence that blocking and other cue
competition effects are a result of reasoning at test rather
than deficits in learning a connection between the cue and
the outcome. For instance, the explanation favored by
Matute et al. (1996) is that the blocked and control cues are
learned about equally well, and participants use this
information flexibly in the test phase, such that different test
conditions influence the observation of cue competition
effects. For example, participants may remember the
outcome that was paired with a particular cue, but may give
a lower rating if they infer that the cue does not cause the
outcome. If this were the full story then all of the diagnostic
conditions should, in principle, produce essentially the same
result – equal judgements for the blocked and control cues
(no blocking). Our results require a different explanation.
One hypothesis is that, regardless of the causal model,
there are deficits in learning about the blocked cue, as
predicted by associative learning models, and the strength of
this learning serves as a basis for judgements at test under
some circumstances. However, rational decisions based on
the causal model rather than memory strength come to
dominate test judgements when the conditions of the test are
particularly conducive to reasoning, for instance when using
single cues and a continuous rating. This is also consistent

with research showing that people who score high on
cognitive reflection tests are less likely to show blocking
when inferential reasoning would predict there should be
none (Livesey, Lee & Shone, 2013). The challenge for this
account is to explain why single-cue ratings for the blocked
cue under the diagnostic model are high, if learning about
the blocked cue is supposedly deficient. One must assume
that at least some learning about the blocked cue has
occurred but that the strength of that learning is less relevant
to strength of the judgement, since ratings for the blocked
and control cues may be shifted up or down according to
assumed causal status. This interpretation is consistent with
Tangen & Allan’s (2004) explanation for the presence of
causal model effects in ratings at test, but not in trial-by-trial
predictions during training.
A variation on this hypothesis is that causal models do
affect learning about cues during training, and that a
relatively weak blocking effect in the diagnostic groups is
underestimated by single-cue ratings but overestimated by
negation compound and forced choice conditions. Under a
predictive model, reasoning about causes may lead to
deliberate inattention to the blocked cue (see Mitchell et al.,
2006). Thus although there is some learning deficit for the
blocked cue in both model conditions, this deficit may be
much stronger when reasoning about competing causes of a
common effect. Similar to the first hypothesis, the challenge
for this account is to explain why the choice and ratings
measures are differentially sensitive to differences between
the blocked and control cues.
The conditions that appear to be less susceptible to causal
model effects each involve some form of response
competition. In discrete choice, participants are required to
choose between alternative options, and so choice of one
outcome necessarily prevents choice of another. Negation
trials, which pair two cues associated with conflicting
outcomes, tacitly encourage an appraisal of which outcome
is more likely, which may enhance subtle differences in
prediction strength. In contrast, ratings are non-competitive,
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as each outcome can be rated independently, and multiple
outcomes can be given high ratings. Each cue was only ever
paired with one outcome, such that, provided at least some
learning occurred, single-cue test trials would elicit
relatively little response competition.
Perhaps then there is an influence of response
competition on the way in which participants respond to test
trials. Conditions that require participants to choose between
options may be more sensitive to detecting small differences
in associative strength, because the nature of the choice
emphasizes this type of decision evidence. In contrast,
single-cue ratings trials emphasize causal reasoning because
competition among choices is not very salient. This would
suggest a difference in the way the same evidence is
translated into a decision in different test measures.
Previous research indicates that the sensitivity of cue
competition effects to causal model depends on what is
asked on test. This study shows that it also matters how you
ask it. Causal model effects are more likely to be observed
in continuous ratings for single-cue trials. Further research
should assess whether causal models influence learning or
performance to tease apart potential explanations for these
results. Nevertheless, it is possible that both test sensitivity
and differences in decision processes contribute. The results
also suggest that researchers should consider the sensitivity
of different test measures when interpreting the strength of
learning and causal reasoning effects, and to consider what
processes different test measures may reflect.
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Georges-Köhler-Allee 52, 79110 Freiburg, Germany
Abstract

containing speciﬁc quantiﬁers are more informative than others. The ordering is given by:

In the last decades there was a shift from more logically inspired theories describing human reasoning towards the new
paradigm of probabilistic approaches. One of the most prominent models for syllogistic reasoning is the Probability Heuristics Model (PHM) which has been formulated based on ﬁve
heuristics. The contribution of this article is: (i) to provide an
analysis of different formalizations of the PHM, (ii) to examine the impact of each heuristic, and (iii) to identify possible
violations of underlying assumptions in present implementations. A systematic analysis of the model parameters shows a
surprising variation in parameter values across experiments. A
Bayesian modeling approach explains this variance of parameters. Implications for probabilistic approaches are discussed.

I(A) > I(I) > I(E) > I(O)

The PHM has been formulated based on this ordering (Chater
& Oaksford, 2007) by three generation heuristics (G for
short) predicting the responses of a human reasoner (more
are possible due to reasoning errors):
G1 The min-heuristic: Choose the quantiﬁer of the conclusion to be the same as the quantiﬁer in the least informative
premise (the min-premise). In the example above (AI1) the
min-premise is Some b are c, and so the min-quantiﬁer in
the conclusion is Some (I).

Keywords: Syllogistic Reasoning; New Paradigm of Reasoning; Cognitive Modeling; Heuristics; Bayesian; PHM

Introduction
A classical syllogism consists of two quantiﬁed statements
(sometimes called premises) using one of the quantiﬁers All
(abbreviated by A), Some (I), Some . . . not (O), or None (E).
And the task is to draw an inference from the given information, if possible. Consider the following example:
Premise 1:
Premise 2:

All a are b (Aab)
Some b are c (Ibc)

What, if anything, follows?
Most participants [74%, (Khemlani & Johnson-Laird, 2012)]
conclude that Some a are c (Iac) follows. The given conclusion is, when evaluated with ﬁrst-order logic, not correct. If
we allow only answers between the two terms ‘a’ and ‘c’ (in
either direction), the 4 quantiﬁers above, or no valid conclusion (NVC), then only the latter is correct in terms of ﬁrstorder logic. Four different arrangements of the terms in the
premises are possible. These are called ﬁgures, where we use
the numbering of the ﬁgures in (Khemlani & Johnson-Laird,
2012) notation:
Figure 1

Figure 2

Figure 3

Figure 4

A-B
B-C

B-A
C-B

A-B
C-B

B-A
B-C

(1)

And so any syllogism can be described by the respective
quantiﬁers of the ﬁrst and second premise and the Figure.
For the example above we can simply write: AI1 to uniquely
characterize the syllogism. While the human responses in experiments often deviate from the inferences of ﬁrst-order logical calculus, Chater and Oaksford (1999) propagated a new
paradigm of reasoning that is inspired by a Bayesian interpretation of cognition. A core idea is that different quantiﬁers
have a different degree of informativeness I, i.e., conclusions

G2 p-entailments: The next most preferred conclusion will
be the p-entailment [see eq. (8)] of the quantiﬁer predicted
by the min-heuristic. In the example above (AI1), the minquantiﬁer is Some (I), which entails Some . . . not (O).
G3 Attachment-heuristic: If just one of the possible conclusion subject noun phrases matches the subject noun phrase
of just one premise, then the conclusion has that subject
noun phrase. In the example above (AI1) this heuristic predicts the terms in the conclusion as a-c.
Furthermore, there are two test heuristics motivating a
parametrization of the possible responses:
T1 Max-heuristic: Be conﬁdent in the conclusion generated
by G1-G3 in proportion to the informativeness of the most
informative premise (the max-premise).
T2 O-heuristic: Avoid producing or accepting O-conclusions,
because they are uninformative relative to other conclusions.
From these heuristics we can observe that: (i) A reasoner
responding ‘No valid conclusion’ is not predicted by PHM.
Hence, the question arises how to deal with such responses
and if an extension of PHM is necessary (like one (Hattori,
2016) proposed). (ii) Different heuristics can generate conﬂicting predictions. Consider as an example the following
syllogism (AO1): All a are b and Some b are not c. Then the
min-heuristic (G1) predicts the O-conclusion Some a are not
c responses, and the prediction is conﬁdent, because of the
A-quantiﬁer and the max-heuristic (T1), but the O-heuristic
(T2) calls for avoiding the O-quantiﬁer. Testing the coherence
of the PHM becomes important. (iii) A systematic analysis of
parameters and their stability to evaluate the goodness-of-ﬁt
on diverse data set including individual data. (iv) A rigorous
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mathematical model allows to evaluate PHM and to develop
a Bayesian implementation of the theory.
The heuristics (of the PHM) have been implemented by
Chater and Oaksford (2007) with 6 parameters: one for each
quantiﬁer ({pA , pI , pE , pO }), an entailment probability (pent ),
and an error probability (perr ). To ﬁt these parameters to experimental data, different strategies can be employed. Originally, Chater and Oaksford “obtained best ﬁt estimates of
these six parameters directly from the mean values of the
relevant quantities in the data”. This procedure minimizes
some deviation on the 256 datapoints excluding the NVC
responses. Recently, it has been implemented by (Hattori,
2016) with an additional ﬁt for NVC and tested on 8 studies (aufzaehlen...) for predicting the quantiﬁers or the NVC
response. Hence there are two implementations of PHM
and to compare the data on common grounds we use the 4
studies not reporting ’Misc’ answers or ’Most’/’Few’ quantiﬁers. We abbreviate these by the individual names of the
studies, BBJ95 (Bara, Bucciarelli, & Johnson-Laird, 1995),
JB84-3 (Johnson-Laird & Bara, 1984), JS78-2a (JohnsonLaird & Steedman, 1978), JS78-2b (Johnson-Laird & Steedman, 1978). Additionally, to examine ﬁgurative effects and
to ﬁt individual data we use a data set that has been published
with the 2017 syllogistic modeling challenge1 . It consists of
139 participants that solved all 64 syllogisms in a paid webexperiment. Participants received the premises with the same
content used in (Chater & Oaksford, 1999) and had to select the respective response. We abbreviate the data (that we
will use to calculate individual performance) by RG16. The
remainder of the article is structured as follows: In the next
section we propose a formalization of the PHM by mathematical equations. In Section 3 we demonstrate the equivalence
of the previous PHM implementations and our formalization
by reproducing the reported results from (Chater & Oaksford,
1999) and (Hattori, 2016). This includes discussing the different parameters. In Section 4 we show that using a full
Bayesian account allows to answer new questions. Limitations and potentials of our formal approach including implications for PHM are discussed.

A New Mathematical Formalization of PHM
The goal of this section is to develop a mathematical framework of the PHM.
PHM as a Binary Decision Diagram. We are ﬁrst representing the PHM as a binary decision diagram (see Fig. 1).
It helps to make the cognitive processes transparent and to
introduce some necessary notation. The attachment heuristic does not depend on the G1 or G2 heuristic. Hence, if
the answer is compatible with the attachment heuristic (G3),
proceed to the min-heuristic (G1). If the quantiﬁer of the conclusion is the min-quantiﬁer, accept it with probability pQmax .
If the min-heuristic fails, check if the entailment of the minquantiﬁer matches (G2). Accept this conclusion with pent if
1 http://www.cc.uni-freiburg.de/data/rg16

G3: Attachment
yes

no

G1: Min-Heuristic
pQmax

perr

G2: Entailment
pent

perr

Figure 1: PHM decision ﬂowchart for forced choice syllogisms with 9 possible answers. For every possible answer, its
compatibility with the generating heuristics is checked and
assigned a probability pQmax , pent , or perr .
the entailment heuristic is satisﬁed, else use perr . For example, for the AI1-syllogism, the answer Oac satisﬁes G3, fails
G1, but satisﬁes G2, thus it get assigned a probability of pent .
Ica satisﬁes G1 and G2, thus the probability is pQmax . The
max-quantiﬁer is A, thus pQmax = pA . All other answers are
accepted with probability perr .
Closed-form equation. In this subsection we demonstrate
how the PHM can be formulated by a closed-form equation.
The information about a syllogism can be written as a set
of two premises {(D0 , Q0 ), (D1 , Q1 )} with a direction (also
called ﬁgure) Di and quantiﬁer Qi of each syllogism, the ordering of the premises is not considered. The quantiﬁers are
again A, I, E, O. To represent the direction we introduce a
predicate D encoding the order of the terms (for simplicity we
assume that the middle term in the premises is always ’b’), so
�
1, for ab, bc, ac
D=
(2)
0, for ba, cb, ca
e.g., the AI1 syllogism ’All a are b, some b are c’ can be
encoded by {(1, A), (0, I)}. The conclusion consists of a direction Dc and a quantiﬁer Qc . The min-quantiﬁer Qmin is
the quantiﬁer among the premises with the least informativeness (cp. heuristic G1 above). So with the informativenessordering taken from Chater and Oaksford (1999) (see equation (1) above) we set
Qmin = argmin(I(Qi ))
i

(3)

The index i is used to make Qi reference the respective quantiﬁer. In the following we will use the delta function. In is
deﬁned as 1 if its indices are equal, otherwise it is 0:
�
1, for x = y
(4)
δx,y =
0, else
Now we can use this delta-function to mimic the minheuristic, it evaluates to 1 if the conclusion quantiﬁer equals
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the min-quantiﬁer, otherwise to 0:
�
1, for Qc = Qmin
δQc ,Qmin =
0, else

other hand, the direction of the conclusion Dc for ﬁgure 1 and
2 is clear:
(5)

This min-heuristic can be combined with the max-heuristic
to obtain the probability of a participant answering with some
quantiﬁer Qc . This conditional probability depends on the human reasoner receiving the premise information and possible
conclusions (symbolized with |Data).
P(Qc |Data) =

with Qmax =

δQc ,Qmin · pQmax

argmaxi (I(Qi ))

(6)

Ent(I) = O,

Ent(O) = I,

Ent(E) = O (8)

This entailment is modeled by probability pent computed on
experimental data. By combining the min/max-heuristic with
the entailment-heuristic, we can formulate an equation describing that a reasoner choses a quantiﬁer either according
to the min-max or to the entailment heuristic:
P(Qc |Data) = δQc ,Qmin · pQmin + δEnt(Qmin ),Qc · pent

(9)

Finally, we add the possibility of erroneously accepting another quantiﬁer with an error rate perr . Chater and Oaksford (1999) choose to let errors occur if no other heuristic is
applied. In our modeling we use an inverse delta-function
(1 − δx y ) to select the cases where neither the entailment nor
the min-max heuristic is used:
P(Qc |Data) =

δQc ,Qmin · pQmax + δEnt(Qmin ),Qc · pent (10)

+(1 − δQc ,Qmin ) · (1 − δEnt(Qc ),Qmin ) · perr

To include effects of the directions, we need to formulate a
mathematical equation for the attachment heuristic (G3).
There are at least two different descriptions (Chater & Oaksford, 1999, 2007), we follow the more recent one. It is not
clear how the Figures 3 and 4 (see the Introduction) need to
be treated. Accepting both directions in the conclusion with
equal probability seems like a plausible interpretation. On the

δD0 ,D1 δDc ,D1 + (1 − δD0 ,D1 ) · 0.5

(11)

If the conclusion direction is not predicted by attachment, we
still accept it with error rate perr :
PD error =

δD0 ,D1 (1 − δDc ,D1 ) · perr

(12)

By combining equations (10), (11), and (12), we get the following formula for PHM:

(7)

The probabilities pQmax actually are 4 ﬁtting parameters, one
for each quantiﬁer (pA , pI , pE , pO ). In the original PHM
framework (Chater & Oaksford, 2007), there is the possibility of answering with the entailment of the min-quantiﬁer
Ent(Qmin ), the entailment heuristic (G2). Originally, there
is only one parameter describing its frequency, pent . Thus, the
entailment heuristic is independent of the max-premise, and
therefore does not follow the max-heuristic, which would require 4 separate parameters or some other dependency on the
max-premise. Thus the original implementation is incompatible with its verbal description (described above). We will follow the original implementation instead of the original verbal
description in the following. The entailment function (i.e.,
which quantiﬁer is entailed by the current quantiﬁer) is taken
from Chater and Oaksford (1999).
Ent(A) = I,

P(Dc |Data) =

P(C|Data) = P(Dc |Data) · P(Qc |Data) + PD error

= [δD0 D1 δDc D1 + (1 − δD0 D1 ) · 0.5]
�
· δQc Qmin · pQmax + δEnt(Qmin ) Qc · pent
+ (1 − δQc

(13)

Qmin ) · (1 − δEnt(Qc ) Qmin ) · perr

+ (1 − max({δDc Di }i )) · perr

�

(14)

i

Evaluating the Formal Model We need to show that our
formalization captures the results computed by Chater and
Oaksford (1999). If we neglect the ﬁgures like they do, we
can insert the 16 moods and 4 quantiﬁers into the formula.
Thus we obtain a 64 × 4 matrix for the syllogistic answers,
where 4 lines are equal due to not considering the ﬁgure.
Setting the parameters to the values provided by Chater and
∗
Oaksford (1999) (denoted by =), the resulting matrix of numbers is identical to the ’Model’ columns of their table:

 

pA pent perr perr
70.14 10.76 1.22 1.22
 pA pent perr perr  70.14 10.76 1.22 1.22 


 
 ..
..
..
..   ..
..
..
.. 
 .

 ∗  .
.
.
.
.
.
.


 
 perr pa perr pent  =  1.22 70.14 1.22 10.76


 
 .
..
..
..   ..
..
..
.. 
 ..


.
.
.
.
.
.
. 
perr pent perr pO
1.22 10.76 1.22 18.04
The full PHM model given in equation (14) can be represented by an analogous 64 × 8 matrix. For each maxquantiﬁer, a separate parameter for the ’NVC’ answer can be
added to normalize the rows to 1, which has technical advantages during ﬁtting and model comparison:
i
pQi + pent + 6 · perr + pQ
nvc = 1

i
pQ
nvc = 1 − pQi + pent + 6 · perr

Giving us a 64x9 matrix:

pa pent perr perr
 perr perr perr perr
 pa
pent

perr perr
2
 p2a
pent

perr perr
2
2

 perr pa perr pent

 .
..
..
..
 ..
.
.
.
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perr

pent
2

perr

po
2

perr
pa

perr
pent

pa
2
pa
2
perr

pent
2
pent
2
perr

perr

pent
2

..
.

..
.

perr
perr
perr
perr
perr
..
.
perr

perr
perr
perr
perr
perr
..
.
po
2


pAnvc
pAnvc 

pAnvc 

pAnvc 

pAnvc 



pO
nvc

Empirical testing

Similarly, Hattori (2016) used a mean of the same metric (eq.
16). Optimizing the RMSE (eq. 15) via BFGS (python code
is provided2 ) improves the ﬁt compared to the ﬁts of Oaksford
and Chater (see Table 1). The best ﬁt values are slightly different from those given by Chater and Oaksford (1999) (also
compare Figure 3).
Table 1: Optimizing parameters with a root mean square error
(RMSE) improves goodness of ﬁt compared to the original
method (CO99). CO99 is similar to optimizing a RMSE on
all data except the NVC column (RMSE−NVC ).
Method

CO99
RMSE−NVC
RMSE

RMSE

pa

pi

pe

po

pent

perr

.101
.101
.099

.70
.70
.68

.31
.31
.35

.19
.19
.18

.18
.18
.17

.11
.11
.11

.01
.02
.02

0.15
RMSE

Improved frequentist ﬁtting. Chater and Oaksford (1999)
originally “computed the ﬁt between data and model over all
ﬁve responses, A, I, E, O, and NVC [. . . ]. Estimates for the
NVC response did not involve introducing any further parameters because they can be derived from a linear combination
of the existing parameters.” To do this, a standard method is
optimizing the root mean square error on all aggregated syllogistic data.
�
1 N mod
2
RMSE =
(15)
∑ (yi − yexp
i )
N i=1
�
� 5
64 �
1
1
exp 2
RMSEHattori =
(16)
∑ � 5 ∑ (ymod
i j − yi j )
64 j=1
i=1

0.1
0.05
0

G2

3

G2+G

G1

3
3
2
G1+G G1+G G1+G2+G

Figure 2: Impact of heuristics on the goodness of ﬁt. The
goodness of ﬁt of the complete PHM model on the RG16
dataset is depicted by the rightmost column. When substituting the attachment heuristic G3 with randomly guessing
a ﬁgure, the error increases (rightmost brown column). Using the PHM without the entailment heuristic G2 results in
slightly larger errors (middle). Determining the quantiﬁers
only via the entailment heuristic (left) results in errors close
to uniform guessing (dashed line).

Falsiﬁcation of the O-Heuristic. There is some incompatibility between high values for pO (how often people accept
O-conclusions for OO-syllogisms) and the O-heuristic (people avoid conclusions with an O-quantiﬁer). All subjects using the O-heuristic implies low values for pO . This is not the
case (see Table 1), values for pO are comparable to those of
pE and pent . Thus the O-heuristic cannot be an universally
used heuristic, or a good description of aggregate data. Also,
there is no evidence of an implementation of the O-heuristic
by Hattori (2016) or in the predictions of the original model.

We want to quantify the contributions of every single heuristic
independently. Equation 6 already deﬁnes the min-heuristic.
Thus, we can compute the impact of the min-heuristic (G1)
alone or in combination with the entailment-heuristic (G2) to
determine how often the conclusion quantiﬁer is predicted.
Additionally, we can test the contribution of the attachment
heuristic (G3) and compare it to uniform guessing of the direction of the conclusion. To do this, we need information
on the direction of the conclusion. This information is not
present in the Hattori (2016) data, but it is in the RG16 data.
Thus, an aggregation of the RG16 data is used for comparing
the goodness of ﬁt. Unsurprisingly, the best ﬁt is archived by
the full PHM model (Figure 2, rightmost bar). Figure 2 further shows that the min-heuristic is the most important contribution, which is suggested in Chater and Oaksford (1999).
Entailment has a surprisingly small inﬂuence on the goodness
of ﬁt, while the effect of attachment is in-between. All of the
heuristics perform better than the baseline goodness of ﬁt of
uniform random guessing. Thus the impact of heuristics on
model performance can be ranked: G1 > G3 � G2.

Posterior P(pI |Data)

Contribution of heuristics
’Model’
CO99
’Data’
RMSE

40
20
0
0.28

0.3

0.32 0.34
Value of pI

0.36

0.38

Figure 3: The pI parameter, estimated with Bayesian methods (bell-shaped curves) or point estimates (straight lines).
Neglecting the NVC answers leads to the estimates on the
left hand side (Bayesian estimation from ’Model’ column by
Chater and Oaksford (1999) and their estimate ’CO99’). Using the full data results in the slightly different estimates on
the RHS (Estimation from the ’Data’ column, and a root mean
squared error ’RMSE’).

2 https://www.cc.uni-freiburg.de/code/phm
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Posterior P(p|Datai )

Bayesian modeling
To quantify the uncertainty in the parameters, we use the
PyMC3-package (Salvatier, Wiecki, & Fonnesbeck, 2016) to
implement a model derived from equation 14 (python code is
provided2 ). The core assumption is that the categorical data
of participant answers comes from a single multinomial distribution. This deﬁnes the likelihood P(Data|Θ) of every parameter Θ. We can infer posterior distributions P(Θ|Data)
of the parameters from their prior distributions P(Θ) and the
data aggregated over all N participants ∑Ni=1 Datai :
N

P(Θ|Data) ∝ P( ∑ Datai |Θ) · P(Θ)
PΣ (Θ|Data) ∝ ∑ P(Datai |Θ) · P(Θ)

40
20
0
0

0.1 0.2 0.3 0.4 0.5 0.6 0.7
Value of parameter p on dataset Datai

(17)

i=1

N

pent
pA
pE
pI

(18)

i=1

Here, posteriors are determined up to a multiplicative factor,
symbolized via the proportionality sign ∝. For comparison,
we also infer individual posteriors from individual data (eq.
18). We chose minimally informative uniform prior distributions on the 6 parameters. The posterior distributions are
estimated via Markov Chain Monte Carlo (NUTS) sampling
5 · 105 times with burn-in and thinning. To validate our approach, we estimate parameter posteriors (Fig. 3, left curve)
using the output of the original model by Chater and Oaksford, the ’Model’ data (Chater & Oaksford, 1999) and retrieve
original parameter values (Fig. 3, lhs vertical line). Maxima of posteriors estimated from the ’Data’ column (Chater &
Oaksford, 1999) agree with parameters optimized via RMSE
minimization, further validating the implementation.

Parameter Instability
Small variations in experimental conditions should not have
a large effect on the cognitive processes which are described
by parameters in the PHM framework. The uncertainty in parameter values due to small experiment size (here, N = 20) is
reﬂected in broader posteriors, if the model assumptions are
correct. One would now expect the parameters to be equal
across experiments. Otherwise, the uncertainty in these parameters ought to explain the difference in the values. This
is the case for some parameters in the PHM, for example the
parameter pent (see Fig. 4, left hand side cluster of curves).

Table 2: Variation of best-ﬁt values for pI occurs under 3
different methods: RSME (eq. 15), Hattori’s version of an
RMSE (eq. 16) or taking the Posterior mean (eq. 17). Column names refer to experiments following Hattori (2016).
BBJ95

JB84-3

JS78-2a

JS78-2b

RG16

RMSE

.4428

.4234

.3016

.2101

.3900

Hattori

.4288

.3817

.3144

.1690

.3993

Posterior

.4423

.4229

.2847

.1737

.3911

Figure 4: Variation of the PHM parameters: The posterior
distributions of most parameters show appreciable overlap
when calculated on the different experiments Datai collected
by Hattori (2016). The posteriors of the parameter for the I
quantiﬁer (pI , red) vary substantially. This is not plausibly
explained by chance alone.
Other parameters like pI vary more than is explained by the
broadness of their posteriors. This variation is not an artifact
of the bayesian parameter estimates, it occurs in comparable
magnitude under three different metrics (see Table 2). It is
also reported by Hattori (2016) but not explained in a satisfactory way.
Inadequacy of the aggregated-data approach. It is assumed that participant answers can be aggregated, which reduces the information content of the data, but makes modeling and data evaluation simpler. This aggregation is supposed to reduce mainly noise, not signal - which is the case
if effects are distributed unimodally, but fails for multimodal
distributions. Aggregating is similar to assuming every subject’s mental processes come from the same distribution. To
this implicit aggregation assumption, we calculate a posterior
distribution for every individual. To better visualize the total
distribution of the population, we then sum these posteriors
(eq. 18).
Some parameters like pent seem to be unimodally distributed in the population (see Fig. 5, upper plot), although
there is considerable asymmetry. These parameters also show
less variation between estimates based on different experiments. For other parameters like pI , the sum of posteriors is
broad and shows multiple modes. Also, the parameter variability is more severe for these parameters. Thus, the singledistribution assumption underlying the aggregation procedure
is clearly violated. This provides a qualitative explanation for
the parameter instability reported by Hattori (2016).

General Discussion
Inconsistencies. Chater and Oaksford described the original implementation of the PHM based on 5 heuristics, all of
them verbally speciﬁed. First, we formalize and thus fully
specify this description (eq. 2 - eq. 14). We show, that this
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Posteriors PΣ (pA |Data)

4
3
2
1
0
2

PΣ (pI |Data)

factor, we propose another explanation. If the underlying
mental processes captured by the PHM differed substantially
between humans, parameters estimated from aggregates of
small (N=20) studies would vary in the same way. We show
that the distribution of PHM-parameters in the subject population is broad and asymmetric. It violates the implicit assumption of unimodality in some cases. Aggregating on populations of this kind results in mean values which do not reﬂect the actual properties of the individual reasoners. This
problem has been discussed in the literature (Estes, 1956).

Individual pent
Chater (1999) pent
Hattori (2016) pent

5

Individual pI
Chater pI
Hattori pI

1.5
1
0.5
0
0

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Value of pQ

Figure 5: Top: the sum of individual posterior distributions
(dark curve, compare eq. 18) shows one mode for the entailment probability pent . Bottom: for the parameter pI , the analogous individualistic distribution (dark curve) is ﬂatter and
shows at least two modes: the peak at pI = 0 and the plateau
around pI = 0.3. Parameter point estimates show substantially more variation in the lower plot..
formalization is functionally equivalent to the original model.
We implement a bayesian model according to these formal
speciﬁcations and show that it retrieves original parameter
values (Fig. 3). We point out three inconsistencies within
the explicit model assumptions:
1. The O-heuristic (i.e. humans tend to not accept O-type
conclusions) is inconsistent with the max-heuristic (i.e.
humans accept conclusions with a probability connected
to the premise quantiﬁer of maximum informativeness).
Also, it is not supported by the model predictions.
2. The max-heuristic is not applied to the entailment and attachment heuristics as stated in the description. Instead, it
only affects the min-heuristic.
3. The attachment heuristic is underspeciﬁed, only the cases
of ﬁgure 1 and 2 are covered. An extension to ﬁgure 3 and
4 is proposed (eq. 11) and tested (Fig. 2)
Limitations. The parameters of the PHM vary across experiments, which leads to paradoxical interpretations. For
example, a high pI value can be interpreted as ”in most
cases, the conclusion drawn by humans will contain the minquantiﬁer”. A low value means that this will almost never
be the case. This variation is reported by Hattori (2016),
but no satisfactory answer is given. Experimental conditions differing between the studies seems like an important

Potential. A great strength of the PHM is its deep theoretical motivation. The problems discussed here are of a technical nature, and can be addressed from within the PHM framework. Due to the modular nature of the PHM, contradictory
heuristics (like the O-heuristic) can be omitted for more parsimony. Components that do not contribute substantial predictive power (like the entailment-heuristic) can be improved
upon separately. Basing the PHM on individual instead of the
currently used aggregate data might address the problem of
excessive parameter variation between experiments. This approach also enables a search for groups of subjects who use
only some heuristics. Thus it provides a natural way to model
heuristics which appear to be contradictory on aggregate data,
like e.g. the O- and max-heuristics.
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Abstract
This paper presents a motivation-based model in order to
explore crowd behavior. The case study is about what motivates
the decision processes of passengers about choice of location on
the station platform for ingressing and egressing trains. The goal
of the research is twofold: to establish a cognitive generic crowd
behavior modeling method and to respond to a major challenge
of public transportation: to reduce dwell time to ensure a high
level of service.
We first introduce motivation-based modeling for the
simulation of the dynamics of numerous cognitive agents and
report the collection of passengers’ dynamics that was done
through an extensive survey observation. Most significant
variables were then extracted from factor analysis to compose
and distinguish six main motivation based strategies that are to
be used for the simulation of crowd behavior in the train station.
Discussion is about the advantages of motivation-based
simulation in terms of robustness and adaptability and
conclusion about how Artificial Intelligence, Cognitive
Psychology and Data Science operate together to model such
complex systems.
Keywords: motivation-based model, crowd behavior, dwelltime, generalized linear model

We provide below (i) the passengers-train context of the
case study used for our applied cognitive science study, (ii)
the presentation of the motivation based model for the
simulation of multi-agents behavior for crowd analysis, (iii)
the method and procedure used for collecting data, modeling
behavior on the platform in order to instantiate the
simulation model. Main results are six strategies of
passengers in station about how to behave while waiting for
the train.

Context and description of the case study
In the transportation literature, dwell time is considered as
a key variable in performance, reliability and quality of
service (Puong, 2000, Hutton, 2013, Fernandez et al., 2015).
Our case study relates on the interest on reducing dwell time
to increase the train transportation capacity, to avoid
congestion situation and, therefore, to improve the level of
service.

Introduction
If the dynamics of crowd behavior are hard to study
because people are not reliable witnesses of their own
behavior. This is mainly because of implicit motives derived
from affective experiences (McClelland et al., 1989) or
when constrained by contextual and situational affordances
provided by (de Lavalette et al., 2009). Otherwise, people
do have cognitively elaborated constructs that sustain their
current goal; as motives of their decision-making for acting
or behaving in a particular way.
Our research work is about a motivation-based method to
analyze and simulate crowd behavior. The case study is the
passenger’s flows transfer when ingressing or egressing
from a train at a given station using a real-time survey:
asking here and now people about the motives of their
behavior. For the train operator, the goal of the simulation is
to find how to modify the station layout and the platformtrain interface for minimizing planned dwell time.

The case study is the decision-making of passengers about
their location on the station platform for ingressing and
1
egressing trains. The train station has an architectural
complex station platform characterized by a high density of
passengers, especially at the end of the day (the peak hours
from 5pm to 8pm). This station has a set of particularities
supposed to implement in a multi-agents model. First, it is
an island platform. This type of platform is known to
generate issues such as overcrowding, especially when two
trains are stopping on either side. It also causes multiple
crossing passenger flows and overcrowding around stairs
and escalators (Yamada et al., 2014). Second, due to traffic
regulation, modifications of the served side of the platform
happen frequently at the last moment, less than 2 minutes
before the train arrival. Passengers are informed through
information’s board and verbal calls. Thus, in addition of
the longitudinal distribution, there is also a transversal
distribution of passengers waiting for their train.
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Crowd behavior and motivation-based modeling
Crowd simulation is the process of simulating dynamics
of numerous moving entities. Due to the expected high
precision of the model, we focus on the agent-based
approach as opposed to more macroscopic approaches
(Henderson, 1995; Zhang et al., 2009; Helbing et al., 1995),
by using a motivation-based model (Spier & McFarland,
1997; Constant et al., 2015).
Agent-based approach serves to model the crowd
behavior of autonomous agents in interaction usually by a
bottom-up construct that emerges from a set of simple rules
that describe agent attributes and behaviors (Macal et al.,
2010). This kind of models is in continuous improving and
enrichment and is operating within human sciences,
providing relevant information on both individual and
collective behaviors. Thus, on the one hand, agent-based
system captures the multidimensionality of social
phenomena (Boero, 2015). On the other hand, motivationbased system allows incorporating a further level in what
might be the hierarchical decomposition of the behavior.
The mechanisms based on motivational tendencies perform
better, are more adaptive, and demonstrate opportunism
(Spier & McFarland, 1997).
Within the motivation-based model, each agent shares a
set of motives. These motives are computed dynamically
and individually according to personal attributes. Those
attributes encompass personality traits, preferences, or even
initial knowledge and are used to calculate the motivation
strength for each agent. In turn, motivations generate the
behaviors used for simulation.

The survey was conducted the evening from a Monday to
Thursday. Participants were 545 passengers recruited in the
train station. The inclusion method of participants was to
randomly select passengers who were waiting on the
platform for their train, having for each zone the same
number of respondents (≈45). Passengers were asked for
their age, motive of displacement, regularity of the trip and
their motivations about their longitudinal position (why this
zone rather than the others) and transversal position (why
this side rather than the other side).
The mean age of the 545 participants is 39.1 (SD =12.9),
with an equivalent men/women proportion (respectively
48.5% and 51.5%). We notice mostly regular users (90.5%)
and a predominant motive of displacement that was going
back home (94.5%)

Results
Among types of motives, at the first place, we distinguish
between intentional (97.4%) and unintentional choices
(2.6%). This means that participants motivate their “being
there” with arguments.
Thus, we classified these intentional choices
distinguishing between three categories (Figure 2). First, is
the “Platform” category that encompasses passengers who
argue caring about the current situation on the platform
(density) and its characteristics (entries position,
information board, space, seats). This category gathers
different attitudes that could be viewed as a result of the
human-environment interactions, whether it is a real-time or
a planned decision. Due to its richness, this category will be
investigated further in more details.

To model and simulate our case study that is the behavior
of passengers at the platform, information are collected
through passengers Real-Time surveys about why currently
they are behaving as they do, in order to collect data about
people's motives as well as the variable parameters of those
motives in the context and situation of the station: entries /
exits, conveniences, information boards....
For the simulation of the passengers’ behaviors, we use
SpirOps Crowd (Buendia, 2003) instantiating its multi-agent
based frameworks with passengers’ motives in the context
of the station with real-time arrivals and departures of trains.

Method
To locate the passengers’ position when ingressing or
egressing from a train, the platform was divided into 12
zones (Figure 1) delimited by the visible visual landmarks
of the platforms pillars that stand at the same distance from
each other.

Figure 1: the platform divided into its 12 zones

Figure 2: the responses’ categories about the longitudinal
distribution of passengers (in percent).
Second is the “Train” category that concerns passengers
who care about the crowdedness’ level inside the train by
selecting their favorite vehicle in a comparative way.
Mainly, this strategy is to ensure obtaining free seats and
guarantees more comfort for the user.
Third is the category “Arrival” that is provided by
passengers planning to minimize the distance to the exit at
the arrival station.
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In some cases, we obtained combinations of these
motives. Therefore, we weighted the responses according to
the number of combined strategies.

Individual and trip characteristics
For each of these three categories, we computed the mean
age (with standard deviation), the gender proportion (female
/ male), the proportion of participants being regular vs.
irregular passengers, traveling alone or in a group and the
number (N) of concerned passengers in order to analyze
how these motives relate to passengers properties.

a regular one, s/he didn’t have yet developed strategies
about where to be located on the platform. At least, it is
more probably a regulatory strategy (regulate position
relative to the entrances, step by step) than a planned one
(choosing a specific place along the platform). In addition,
to be accompanied by another person(s) may divert or
decrease the attention about the possible advantages of
location because one might be engaged in a social
interaction.

Table 1: relationships between Platform, Train and Arrival
categories of motives with passengers’ properties.
Platform
Train
Arrival
38.2
43.1
39.5
Age
(sd: 13.3) (sd: 11.3) (sd: 12.6)
Female
0.47
0.5
0.5
Regular
0.86
0.94
0.94
Going home
0.93
0.95
0.98
Travelling alone
0.95
1.00
1.00
N
191
40
286

No Motive
43
(sd: 13.3)
0.21
0.85
0.71
1.00
14

The relationships between Platform, Train and Arrival
motives and passengers properties were evaluated using the
Generalized Linear Model (GLM) (McCulloch & Nelder
1989). Differences in age and travelling regularly were
significant: the train motives were given mostly by aged
people, and the platform motives less given by regular
passengers that were also less going home.

Figure 3: the clustering of passengers according to
Regular and Individual trip with a slight predominance of
the “Platform” strategy in all Irregular users and
Regular/Group combination.
.
“Train” strategy:
Passengers that have a “Train” motive are more aged than
the other categories: age might enhances motivation of
searching more comfort (Figure 4).

We describe below each of the category of strategies
according to passengers motives and linked properties.
“Intentional” versus “Unintentional” strategies
Mostly, participants motivate their behavior with
arguments. Such an important degree of intentionality could
be explained by the special context of the study: as indicated
before, experiments took place at the end of the day. Most
of the people answering the survey are Regular and going
back Home. Like going to office, going home is a situation
that seems to generate also diverse strategies aiming to
reduce cost (effort) and increase gain (time, comfort).
“Platform” strategy
Focusing on the different factors and their impact on the
intentional decision, we notice that people who adopt
“Platform” motive are less likely to be regular and slightly
more likely to be in groups with other persons compared to
the other categories. Distributions of Regularity and of
traveling alone displayed through Figure 3.
There is a slight predominance of the “Platform” strategy
in all Irregular users and Regular/Group combination. This
result could be inferred to the fact that when a traveler is not

Figure 4: aged participants are more likely to adopt a
“Train” strategy.
For these statistical analyses, the effect of trip duration
wasn’t significant; neither the effect of prior experience of
the station (Regular vs. Irregular), since trying to maximize
one’s own comfort aboard a train requires a prior inside
train knowledge.
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There was a link between age and the number of train
motives: aged people were more likely to be motivated by
comfort inside the train. There was also a link between the
number of train motives and the expectation to find a free
seat inside the train. This may be explained by the following
detail: qualitative interaction between surveyor and user
reveal user’s expectations about seats release at some
stations (e.g., Savigny sur Orge, Time duration = 17mn).
One may also think that the motivation to find a free seat
inside the train increases continuously with the trip duration.
This is not the case. The number of motives increases up to
a threshold (20mn to 40mn) then decreases.
“Arrival” strategy
Finally, passengers of “Arrival” category are more likely
to be Regular and are mostly going home (Figure 5). We
emphasize that the goal of the trip, which is going home,
enhance adopting an “Arrival” strategy.

“Entries” users are those who choose their position by
minimizing the distance from the station entrance to the
platform. “Less crowded” users are passengers who choose
their position according to the decreasing density of people
on the platform. Finally, “Others” category includes a
variety of reasons of choice of location (because of platform
seats, support, snack machine, more pleasant place...).
Table 2 shows that being regular passengers made
providing a smallest number of “Entries” motives and being
in a group of passengers a smallest number of “Others”
motives.
“Entries” strategy:
Results show that “Entries” users tend to include more
Irregular users and this motive was related with shortest
Times duration compared to the other strategies. This could
be explained by the fact that Irregular users do not have
established habits about what they could gain (other than the
distance at the entrance). Also, shortest Times of the journey
may discourage users to make the effort to look for a
strategy as their journey duration is not too long.

Figure 5: the clustering of passengers according to
Regular and Going home goal with a predominance of the
“Arrival” strategy for this combination.
“Platform” strategy - Further subcategories
Concerning “Platform” strategy, as said before, due to its
richness, further analyses include three subcategories
“Entries”, “Less crowded” and “Others”.
Table 2: relationships between Entries, Less crowded or
Others categories of motives with passengers’ properties.
Entries
37.7
(sd:13)

Less crowded
40.5
(sd:11.3)

Female

0.53

0.45

0.42

Regular

0.80

0.90

0.90

Going home

0.94

0.93

0.94

Travelling alone

1.00

0.98

0.89

71

70

50

Age

N

Others
37.4
(sd:13.9)

Figure 6: the relations between Regular and Irregular
users with “Entries” motives.
“Less crowded” strategy:
According to our analyses, “Less crowded” strategy
couldn’t be linked with our individual and trip variables.

Environment and contextual characteristics
The above strategies can be investigated according to
properties of the environment such as entries and exits
destination positions, axle load and density on the platform.
To do so, we compute for each zone,
- the number of persons entering to the platform
(Entrants),
- the number of persons on the platform (Density);
- the exits positions of the top ten destinations and their
corresponding location in the station platform (Exits),
- the number of boarding and alighting passengers (In /
Out),
- the axle load (Load)
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We essentially identify a relation between “Entries”
strategy and the number of entrances on the platform. This
is quite expected since this strategy includes behavior of
clustering around entrances. Also “Less Crowded” strategy
seems to be related to density: as this last decreases, strategy
“Less crowded “ increases.
We do not obtain a significant relation effect between
destination exits position and “Arrival” strategy. However,
we computed these data for the exits location of the most
visited destinations from BFM platform. Descriptively,
users’ locations show normal distributions around these
exits positions and the neighboring zones.
We do not obtain significant effect of relations between
axle load and “Train” strategy; we thought that prior
information about how people are occupying wagons would
have impacted vehicle selection. In our case, it appears a
slight effect of the number of boarding and alighting users.
Maybe the perceived number of other boarding and
alighting passengers influences one own judgment: more
alighting persons from the train implies more free seats.
More boarding implies less chance to obtain a free seat.
Lastly, we evaluate odds values (Table 3).
Table 3: most important odds values for each variable model
Variable
Platform
Exits
Train
Nb Entrants Density
In Out
Entries
1.003
Less crowded
0.98
Arrival
1.14
Train
0.95 1.14

Table 4: Lowest AIC values determines the reported Best
fit models for each strategy
Variable
Best fitting model
Individual / Trip
Contextual
Platform
~ β0 + Volume + Type
Entries
~ β0 + Times + Type
+ Entries
Less crowded ~ β0
+ Density
Others
~ β0 + Volume
Train
~ β0 + Age + Times.Int
+ In + Out
Arrivals
~ β0 + Motif + Type
Times.Int is discretization of times in 10 minutes interval
For more precision, we calculate the odds values for each
variable model. The odd value expresses the chance to see
appearing a strategy per one unit variable.
For example, the odds of the “Platform” strategy are
multiplied for each additional variable: by 2.4 being an
irregular passenger (I) and by 8.5 for traveling in a group
(G).
Table 5: most important odds values for each variable
Variable
Volume Type Motif Gender Time Age
Platform
8.5(G)
2.4(I)
Entries
1.94(I)
1.04
L-crowded
Others
13.05(G)
Train
1.02
Arrival
1.9(R) 2.5(H)
No reason
16.42 3.9(M) 1.04 1.03

Modeling and variable choice
We selected relation between variables and behaviors and
will try to refine our models. Because our Multiple Linear
Regression involves a few predictor variables, we use
Akaike’s Information Criterion (AIC; see, e.g., Akaike,
1973, 1974, 1987) to determine the best model to use (Table
4). Dependants’ Variables (DV) are strategies that we try to
explain through Independent Variable (ID) which are
individual, trip and contextual variables:
DV: Arrivals, Train, Platform including Entries, Less
crowded and Others.
ID: Age, Gender, Type, Motif, Volume, Times, Nb
Entrants, Density, Load, In, Out
We notice that the subcategories “Platform” could in
some way build the “Platform” best fitting model, except
for the “times” variables that appear only for “Entries”
subcategory. It appears to have, at the same time, a
cumulative and neutralizing effect.

Conclusion
In short, we obtain Intentional choices that encompass
Platform, Train, Arrival strategies, which have been
investigated in detail next to individual-specific, trip related
and contextual variables. We established, through GLM, six
models related to these strategies and the cited variables
(table 4), describing sufficiently waiting strategies on
platform.
Our findings correspond to those of Kim et al. (2014)
work: they reported users aiming to minimize distance at
arrival (69.7%), minimizing distance at entrances (16.6%)
and maximize its comfort during journey (13.5%).
In our case, the crowd avoidance component appears
clearly and would be investigated next with proxemic
studies: how people behave in space (Hall, 1966). These
findings will be incorporated onto the SpirOps simulator
(see the SpirOps demo) with respective dependencies. Thus,
we will implements causalities of motivation instead of
observed behavior. The simulation will allows us to
calibrate and valid the model and to improve its robustness
and to ensure obtaining a prospective and predictive tool.
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The next steps will be about understanding transversal
distribution. At this stage, we are able to create a reliable
simulation of waiting platform strategies. As we are
interested on crowd dynamic and it corresponding effect on
dwell-time, this work requires additional investigations on
other contexts: behaviors inside the train and behaviors on
Platform Train-Interface (PTI) while transferring. Many
studies are already focussing on these topics (Berkovich et
al., 2013; Lau, 2005; Hirsch & Thompson, 2011).
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Abstract
This study is an exploratory analysis of young children’s
representation of five spatial terms: above, under, by, next to,
and between. Children (n = 76) and adults (n = 11) indicated
the spatial extent of a grid they thought each term indicated.
Qualitative analyses were used to categorize responses,
separately for each word, and showed more agreement among
adults than children. Furthermore, children who showed adultlike representations were generally older than those who
showed unsystematic responses. Quantitative analyses, using a
median split in age to create two groups of children, compared
representational sizes and distances from the referent(s). For
above, under, and between, adults had larger representations
than children; the trend was reversed but not significant for by
and next to. Furthermore, representation size was correlated for
above and under, but not for by and next to. Analyses of
distances showed a predicted reversal in the vertical dimension
of above and under that interacted with age. There were no
differences across age groups or terms for by and next to, but
between showed a decrease in horizontal distance over
development. These results suggest that children may initially
understand words differently than adults do.
Keywords: spatial
representation

language;

cognitive

development;

Spatial Word Learning
What does it mean to know a word? This question that long
been a center of debate in word learning (e.g., Perry &
Saffran, 2017), and here we consider it specifically for spatial
words in English. Spatial words provide an interesting case
because they vary cross-linguistically in ways that influence
perceptual categorization (e.g., tight- versus loose-fit in
Korean; Choi & McDonough, 2007). Many English spatial
words are polysemous, with meanings that range in abstractness by context (e.g., “on a table”, “on task”, “on time”),
which could affect the learning trajectory over development
(Verspoor & Lowie, 2003). Additionally, some spatial terms
describe similar relations but require attention to relatively
subtle distinctions (e.g., by versus between) to correctly
interpret or produce such terms.
The goal of the current study is to conduct an exploratory
analysis of young children’s representations of five spatial
terms. The literature on spatial word learning is relatively
small, with much more research devoted to broader
categories of words like nouns and verbs, leaving open many
questions about how children represent spatial words as they

learn them. Our question here focus on how similar young
children’s representations of these spatial terms are to each
other’s, and to adults’ representations.
As children learn words, they commonly make two types
of errors: over-extensions, in which they apply a word to
instances outside of the category (e.g., calling most fourlegged animals dog or all round objects ball) or underextensions, in which they fail to apply the word to instances
within the category (e.g., calling golden retrievers dog but not
chihuahuas, calling basketballs ball but not soccer balls).
These phenomena have mostly been described in the
acquisition of nouns and verbs, but can also be found with
other terms including spatial words (e.g., Clark, 1973). It is
unclear whether such errors in children’s use of spatial terms
arise through errors in the production process, or if they
reflect the representations that underlie the spatial terms.
Determining the proper spatial term to use depends on
multiple factors, most of which tax spatial cognition. For
example, 4-year-old children have trouble identifying left and
right on a doll, but do so easily on their own bodies. This
trouble did not extend to the front and back sides (Li,
Shusterman, & McNaughton, 2018). This suggests that some
spatial concepts might be easier to map to words than others
because children can reason about them more fluently even
in non-linguistic contexts. Also, children’s understanding of
the relative nature of by increased with their ability to
remember the objects’ locations (Hund & Naroleski, 2008),
suggesting a parallel between spatial representations and
spatial word learning.
Overlap in spatial term boundaries also plays an important
role in children’s learning. For example, the relation middle
could also be described as between, but the reverse is not
always true (i.e., some between relations are not middle). In
typical learning instances, the nature of this differentiation is
likely not made explicit, but must be inferred across many
experiences with each term. Foster and Hund (2012) studied
young children’s acquisition of these terms and found that
children used between from an earlier age with increasing
frequency, while middle had a slower rate of acquisition.
Perhaps middle was learned more slowly due to its more
specific spatial representation, or due to potential conflict
with the representation of between.
Farran and Atkinson (2016) investigated when children
develop adult-like representations of nine spatial terms using
an odd-one-out task. They used three levels to describe
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performance. Level 1 was a rigid understanding, when children only generalize the term if the scene uses the same
referents and target objects. Level 2 was more abstract, when
children generalized to different objects but only understood
prototypical representations. Level 3 incorporated both
prototypical and non-prototypical examples (e.g., above with
the target offset from the vertical axis). They found that even
at 7 years of age, most children had not reached Level 3
understandings of terms like left and right. At age 4, children
had not developed any Level 3 representations of the nine
terms tested. In, on and under appeared to develop earlier
than behind, above and below, with left and right showing the
latest development. Comprehension and production tasks
showed that increases in spatial term production were
associated with increased understanding with age.
In summary, children’s understanding of spatial terms
undergoes protracted development during early childhood,
but relatively few investigations have systematically
compared representations of multiple terms over development. The goal of the current study was to conduct an
exploratory analysis of children’s representation of spatial
terms using an open-ended task design.

Current Study
We designed a task in which children indicated the extent in
space that corresponds to a target term. This design is a
hybrid between comprehension and production tasks because
it requires children to comprehend the word and produce the
representation. We then compared children’s representations
across age, and to adults’ representations, to determine
whether there are systematic developmental changes.
We had two general predictions for this study. First, we
expected less variance in adults’ representations (i.e., more
similarity across participants) than children’s, due to their
additional experience hearing and producing these words. It
is possible that we will see an age-related reduction in
variance within the child age group, but not enough is known
about the learning trajectories of these terms to ensure that
this change would occur within the age range we sampled.
One goal of this study is to begin to establish the timing of
learning for these terms.
Second, we hypothesized that the size of representations
could change over development. In parallel to over- and
under-extensions in young children’s learning of nouns and
verbs, we might see narrowing or broadening (respectively)
of representations over development, either during childhood
or from children to adults. Although this prediction follows
from the broader word learning literature, it is not known if
all types of words show one of these patterns. Rather, it is
A

B

Figure 1. Grids used as stimuli in the task

possible that for spatial terms children show no systematic
representation of these terms (e.g., some children overextend, some under-extend) until they are well known.

Method
Participants
Seventy-seven 3- to 6-year-old children (age range: 3.06 –
6.48 years, median = 4.13, SD = 0.78; 42 girls) and 11 adults
(5 women) participated in this study. Additionally, one child
and one adult participated but were excluded due to
incomplete data. We divided the child sample into two age
groups, split at the median, resulting in 39 younger children
(M age = 3.58, SD = 0.27; 23 girls), and 38 older children (M
age = 4.88 years, SD = 0.55; 21 girls). Child participants were
primarily recruited and tested within child-care centers (n =
73) or to come into the lab from the surrounding community
using an established database (n = 4). Families that visited the
lab were given a small thank-you gift (e.g., stuffed toy, book)
for participating. Childcare centers were given donations of
educational materials (e.g., books, art supplies) as a thankyou. Adults were recruited through the University of
Wisconsin-Madison’s SONA system within the Psychology
Department and received extra course credit in exchange for
participating. Parents of child participants and adult
participants all gave informed consent before participation.
This study was approved by the University of WisconsinMadison Education and Social/Behavioral Science
Institutional Review Board.

Materials
We chose five spatial terms from a parent spatial vocabulary
checklist used in Miller, Vlach, & Simmering (2017); above,
between, by, next to, and under. We chose these terms as ones
with varying familiarity within this age group, and to provide
some measures of similarity and contrast. Specifically, we
chose above and under as antonyms that most children within
our age range would know (73% and 96%, respectively,
based on parent report data for children aged 3y10m to 5y2m,
combined from Miller & Simmering, 2018; Miller et al.,
2017). We chose by and next to as synonyms that most
children would know (78% and 88%, respectively), and
because the systematicity in children’s ratings of by have
been shown to change during early childhood (Hund &
Naroleski, 2008). Lastly, we chose between as a more
exploratory term. A prior pilot study in our lab suggested that
many 4-year-olds do not produce this word easily, and only
58% of parents in our prior studies indicated that their
children produced this word.
Each response was made on an 11 x 15 grid of circles on a
half sheet of 8.5” x 11” paper, shown in Figure 1. For above,
by, next to, and under, there was one referent object (star)
located in the middle of the grid (Fig.1a). For between, there
were two referent objects (star and triangle) located
equidistant from the edges in the horizontal plane in the
middle of the vertical dimension (Fig.1b).
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Procedure
Children were tested in this task either as the only task (in
childcare settings, n = 37) or following another unrelated task
(in some childcare settings and in the laboratory, n = 40).
Words were presented one at a time and children were asked
to “Show me all the circles that are __ the star” for above, by,
next to, and under; for between, the prompt was, “Show me
all the circles that are between the star and the triangle”. The
experimenter then marked which circles the child indicated.
We chose to have the experimenter mark the circles because,
in pilot testing, children appeared to get off-task if allowed to
color the circles themselves. Terms were presented in one of
two counter-balanced orders for all participants, with relatedmeaning words presented non-sequentially.
Adults were tested on more words than children were, but
we present only the common words here. The task was
presented to adults on multiple sheets of paper with four grids
per sheet, and the relevant word printed above the grid.
Again, related-meaning words were presented nonsequentially to reduce direct influence or interference.
Instructions for adults read “for each grid, color in the circles
that would be described by the word” and were presented at
the beginning of the task. Adults completed the task on their
own after instructions were given unless questions arose.

Results
We conducted both qualitative and quantitative analyses of
participants’ representations of the five terms. The qualitative
analyses gave a broad sense responses, and the quantitative
analyses more precisely assessed developmental change.

Qualitative Analyses
As an assessment of the similarity of representations, we
categorized adults’ and children’s responses subjectively by
the general size and shape of the representation. Adults’
responses were generally quite similar to each other, with
more variability in children’s responses. Tables 1-3 show the
categories established across terms (note that percentages my
not sum to 100 due to rounding). To use the same categories
across age groups, we included more types of representations
within each category for children. The differences in
variability are discussed in the following section on
Quantitative Analyses.
Antonym Terms: Above and Under
For the terms above and under, we found similar categories
reflected around the horizontal axis (see Table 1). Most adults
fell into a Wide category, in which they colored all or nearly
all of the circles on the top or bottom (respectively) half of
the grid. The remaining adults primarily fell into a Narrow
category, coloring only one or three columns of dots in a
vertical line from the referent. Children were more evenly
distributed across the four categories, with a tendency for
older children to produce more adult-like representations. A
notable minority of children indicated the circles surrounding
the referent for these two terms, which we categorized as
Around. It is unclear whether children who produced this

pattern truly believe that representation reflects the word, or
if this was adopted as a ‘best guess’ strategy when the word
was unknown. Children who fell into the Other category,
meaning their representations were unlike any in the other
categories, could similarly be interpreted to not know the
meaning of the term (for all terms).
Table 1: Percentage of participants per category for above
and under, with children’s mean age per category
Term
Above

Under

Category
Wide
Narrow
Around
Other
Wide
Narrow
Around
Other

Adults
(n=11)
64
27
0
9
64
36
0
0

Children
(n=77)
19
27
26
27
31
36
10
22

Child
M Age
4.57
4.27
4.13
4.01
4.29
4.47
4.24
3.69

Synonym Terms: By and Next To
The terms by and next to can be used synonymously, but the
responses from adults suggest some differentiation of the
representations (see Table 2). For by, most adults were
Around, with one coloring just the two circles to the side
(horizontally) of the referent. For next to, most were also
Around, but more adults indicated only the sides and one
adult drew a vertical line on each side of the referent.
Children generally followed the same pattern, with the
majority indicating around the referent, but two patterns in by
seemed noteworthy (each indicated by two children): one was
a cross from the referent to all four edges, and the other
included all circles in the grid. The ages of the children
coloring these patterns were, respectively, notably older and
younger than children in the other categories.
Table 2: Percentage of participants per category for by
and next to, with children’s mean age per category
Term
By

Next to

Category
Around
Sides (hor.)
Cross
All
Other
Around
Sides (hor.)
Sides (vert.)
Other

Adults
(n=11)
91
9
0
0
0
64
27
9
0

Children
(n=77)
56
21
3
3
18
51
31
13
5

Child
M Age
4.29
4.23
4.82
3.65
3.97
4.33
4.22
3.59
4.69

Exploratory Term: Between
We expected the greatest variation in children for the term
between and ended up with the largest number of systematic
categories for children’s responses (see Table 3). Adults
again showed good agreement, with most indicating a single
row between the referents (Flat) and a minority indicating all
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rows between the referents (Tall). The largest percentage of
children fell in the same category as the majority of adults
(Flat), but only two were categorized as the other adult
representation (Tall). A notable minority of children colored
around each referent or around and between, and a number of
children also colored straight across (between the referents
and also extending to the edges of the grid). Almost a third of
child participants fell into these three categories, consistent
with our expectation that children this age may not have a
strong grasp of the meaning of between.
Table 3: Percentage of participants in each category for
between, with children’s mean age per category
Term

Category

Between

Flat
Tall
Around ea.
Around &
between
Across
Other

Adults
(n=11)
64
36
0

Children
(n=77)
43
3
19

Child
M Age
4.59
4.12
4.03

0

4

4.51

0
0

9
22

3.95
3.85

Together, the qualitative analyses suggest that adults’ representations were more similar to each other’s than
children’s, and older children generally showed more adultlike representations. There were some unexpected differences in responses between synonymous words by and next
to. We next used quantitative analyses to assess whether age
differences in representations were statistically robust.

Quantitative Analyses
We conducted quantitative analyses to compare the size of
representations and the distance of representations from the
referent(s) across terms and age groups.
Representational Size
For the size comparisons, we tabulated the number of colored
circles for each participant for each term. Means and standard
deviations are shown in Table 4. This table shows there was
not a global trend with age; rather, developmental differences
depended on the terms.
Table 4: Mean (SD) representation sizes across terms and
age groups
Age
Group
Younger
children
Older
children
Adults

Above

Under

By

15.51
(27.79)
15.50
(18.98)
51.27
(33.33)

17.13
(30.46)
13.63
(19.03)
50.82
(33.77)

16.95
(35.43)
12.79
(9.49)
8.91
(5.32)

Next
to
13.44
(27.06)
14.50
(24.96)
18.00
(24.22)

Between
8.92
(6.08)
10.34
(13.43)
23.18
(25.23)

For above and under, children tended to have smaller
representations than adults, and all age groups showed similar

sized representations across these terms. A two-way ANOVA
comparing sizes with Age Group (younger children, older
children, adults) as a between-subjects factor and Term
(above, under) as a within-subjects factor showed only a
significant main effect of Age Group, F2, 85 = 11.91, p < .001,
η2p = .219, driven by adults coloring more circles than
children. Correlation across these terms showed that
participants colored them similarly (Pearson’s r86 = .617, p <
.001). These analyses converge with our qualitative
description above, showing that the representation of these
two words are related, and changing, over development.
For by and next to, there was a less clear developmental
pattern. Adults tended to color smaller representations for by
than next to, with mean sizes for children in between.
Variability between subjects was also higher for next to than
by, with the exception of younger children (who were quite
variable overall). A two-way ANOVA comparing sizes with
Age Group as a between-subjects factor and Term (by, next)
as a within-subjects factor showed no significant effects (ps
> .48). Although the adults’ means appear quite different, our
study was under-powered to detect the difference in this
analysis. Correlation across these terms was weak (Pearson’s
r86 = .191, p = .075), contrary to expectations.
Finally, for between, the mean size increased over
development. A one-way ANOVA comparing sizes with Age
Group as a between-subjects factor showed a significant
effect, F2, 85 = 5.32 p = .007, η2 = .111. This result is similar
to the effect with above and under, showing broader
representations in adults than in children.
Distance from Referent(s)
We next calculated the average distance of each colored
circle from the referent(s) for each term by computing the
number of neighboring colored circles extending from the
referent on the y-axis (vertical) and x-axis (horizontal)
separately. Vertical distances were coded as positive toward
the top of the page and negative toward the bottom to
preserve relevant directional information. Horizontal
distances were coded positive (i.e., collapsing left and right).
Because direction was irrelevant for by and next to, we also
included a measure of Euclidean distance that each colored
circle was from the referent object by adding each colored
circle’s squared distance from the referents on the x- and yaxes together, then taking the square root. For each distance
measure, we calculated means separately for each participant
for each term, shown in Figure 2. We focus our analyses on
the potential differences of most interest based on the
meaning of each term: vertical distance for above and under,
Euclidean distance for by and next to, and horizontal distance
for between.
A two-way ANOVA comparing vertical distances with
Term (above, under) as a within-subjects factor and Age
Group as a between-subjects factor showed a significant main
effect of Term, F1, 170 = 482.70, p < .001, η2p = .437, which
was subsumed by a significant Age Group x Term
interaction, F2, 170 = 46.93, p = .001, η2p = .042. We compared
means pair-wise to understand this interaction, and found that
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Figure 2. Mean distances (vertical and horizontal for all terms, plus Euclidean by and next to) across age groups (left/red
dots = younger children, middle/green dots = older children, right/ blue dots = adults). Error bars show SE of the mean.
all above-under comparisons were significant (ps < .05), but
comparisons within each term were not. The interaction was
likely driven by opposite directions of developmental change
across terms (positive for above, negative for under), which
lead to larger differences across term for adults than children.
To compare this developmental change more directly, we
conducted a parallel analysis with the sign reversed for under
to see whether these terms differed reliably in distance from
the referent, irrespective of direction. We analyzed the
reversed vertical distance means for under with the same twoway ANOVA (comparing to above) and found a significant
main effect of Age Group, F2, 170 = 46.93, p = .001, η2p = .075.
Pair-wise comparisons (ps < .05) showed that adults’ and
older children’s distances from the referent were significantly
larger than younger children’s, but did not differ from each
other. This result aligns with our size analysis, showing a
general developmental trend for more extended
representations. Together with the analysis of signed vertical
distances, these results indicate that children were correctly
locating above and under relative to the referent, and that the
vertical extent of these terms increased over development.
For by and next to we conducted a two-way ANOVA
comparing Euclidean distances with Term as a withinsubjects factor and Age Group as a between-subjects factor.
This analysis yielded no significant effects, likely due to low
power in our sample of adults relative to the variance in
responses for next to (see Figure 2).
Lastly, a one-way ANOVA comparing horizontal distances
for between with Age Group as a between-subjects factor
showed a significant effect, F2, 85 = 23.90, p < .001, η2p = .198.
Tukey HSD follow-up tests (p < .05) showed that adults and
older children had smaller horizontal spans than younger
children, but did not differ from each other.
Taken together, our quantitative analyses showed some
predictable effects and some unexpected differences. For
above and under, all age groups differentiated the vertical

dimension, as expected. The vertical extent and size of these
representations increased over development, which was not
specifically predicted, but indicates an under-extension by
younger children. For by and next to, there were no
significant differences in size or distance, and sizes were not
strongly correlated across terms despite similar meanings.
Adults appeared to represent these terms differently, but our
study was under-powered to determine whether this
difference was reliable. For between, the size of
representations increased over development (similar to above
and under), but this difference was unexpectedly driven by
changes along the vertical dimension, as the analysis of
horizontal distance showed a developmental decrease.

Discussion
Our results provide a preliminary exploration of how children
and adults represent five spatial terms in English. Qualitative
analyses showed some differences in variability across
participants by term, with the better agreement for the terms
above, under, and between than for by and next to. The
antonym terms above and under showed the expected
opposite structures around the horizontal axis of the grid, as
well as a developmental increase in vertical extent. Although
by and next to may be considered synonyms, our categorization showed differentiation, and the sizes and distances of the
representations was variable even within adults. As expected,
children seemed to have the least consistent understanding of
the term between, with their responses falling into more
different categories than the other terms.
We had two general predictions for this study. First, we
expected less variance across adults than children. All of our
analyses (qualitative and quantitative) generally supported
this prediction, although adults were notably more variable
for the term next to than other terms. We anticipated a
reduction in variability between younger and older children,
but this only reached statistical significance in the horizontal
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distance for between. It is possible we could have found more
significant changes during childhood if we had extended our
age range to include older children, or if we had increased the
difference between our age groups (e.g., comparing 3-yearolds to 5-year-olds) rather than using a median split in a
continuous age range.
Our second hypothesis was that the size of representations
would change over development, although it was unclear
whether we should expect narrowing (suggesting overextension in children) or broadening (suggesting underextension in children). The terms above, under, and between
all showed some evidence for broadening representations,
specifically in the vertical dimension, over development.
These results suggest that children may be under-extending
these terms when they first learn them.
There are two limitations that should be considered in
interpreting these results. First, our comparison of terms
within the same participants may have influenced their
responses. Inclusion of both by and next to may have led
participants to intentionally differentiate their representation
of these terms. We tried to reduce this influence by not
presenting the terms sequentially (and including additional
terms for adults) but cannot rule out such interactions,
especially for adults who may have been approaching the task
more meta-cognitively than children were.
Second, this task design may underestimate children’s
knowledge of these words. Although children’s experience
with picture books and coloring would give them practice
with translating a vertical dimension to a sheet of paper, the
sparse nature of the grid may have made this more
challenging. It could be more effective to present grids
upright (as on a computer screen) and/or to use simple scenes
that include familiar objects. An added benefit of using
familiar objects would be to map the developmental
emergence of intrinsic reference frames in objects; adults
show such effect, for example indicating that alignment with
the opening of a bottle is above even if the bottle is horizontal
(e.g., Carlson-Radvansky & Irwin, 1993).
In conclusion, our study provides initial evidence that
spatial term representations shift systematically over
development. Future studies should attempt to develop
methods that can more closely align to real life uses of terms
to gain a better understanding of how these concepts are
represented. Theorists who are interested in the acquisition of
spatial language should avoid characterizing comprehension
and production as all-or-nothing knowledge and begin to
assess the nature of children’s representations as they gain
experience hearing and producing spatial terms.
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Abstract

Generalization Test
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1st-order Generalization
“wif”

People use rich prior knowledge about the world in order to
efficiently learn new concepts. These priors–also known as
“inductive biases”–pertain to the space of internal models considered by a learner, and they help the learner make inferences
that go beyond the observed data. A recent study found that
deep neural networks optimized for object recognition develop
the shape bias (Ritter et al., 2017), an inductive bias possessed
by children that plays an important role in early word learning.
However, these networks use unrealistically large quantities of
training data, and the conditions required for these biases to develop are not well understood. Moreover, it is unclear how the
learning dynamics of these networks relate to developmental
processes in childhood. We investigate the development and
influence of the shape bias in neural networks using controlled
datasets of abstract patterns and synthetic images, allowing us
to systematically vary the quantity and form of the experience
provided to the learning algorithms. We find that simple neural
networks develop a shape bias after seeing as few as 3 examples of 4 object categories. The development of these biases
predicts the onset of vocabulary acceleration in our networks,
consistent with the developmental process in children.
Keywords: neural networks; inductive biases; learning-tolearn; word learning
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Figure 1: Shape bias generalization tests. The 1st-order test, shown
in (a), assesses if a child has learned to generalize a familiar object
name to a novel exemplar according to shape. This is the first step of
shape bias development. The 2nd-order test, shown in (b), assesses if
the child has learned to generalize a novel name to a novel exemplar
by shape, the second and final step of shape bias development.

Humans possess the remarkable ability to learn a new concept from seeing just a few examples. A child can learn the
meaning of a new word such as “fork” after observing only
one or a handful of different forks (Bloom, 2000). In contrast, state-of-the-art artificial learning systems use hundreds
or thousands of examples per class when learning to recognize the same objects (e.g., Krizhevsky et al., 2012; Szegedy
et al., 2015). Consequently, significant effort is ongoing to
understand what cognitive and neural mechanisms enable efficient concept learning (Lake et al., 2017). In this paper,
we perform a series of developmentally-informed neural network experiments to study the computational basis of efficient word learning.1
If a learner extrapolates beyond the data, then another
source of information must make up the difference; prior
knowledge or “inductive biases” must help constrain the
space of models considered by the learner (Tenenbaum et al.,
2011; Michalski et al., 2013; Lake et al., 2017). For example, children make use of the shape bias–the assumption that
objects that have the same name will tend to have the same
shape–when learning new object names, and thus they attend
to shape more often than color, material and other properties
when generalizing a novel name to new examples (Fig. 1b)
(Landau et al., 1988). Similarly, children assume that object
names are mutually exclusive, i.e. that a novel name probably
refers to a novel object rather than a familiar object (Markman
& Wachtel, 1988). Although the origin of inductive biases is
1 All experiments can be reproduced using the code repository
located at http://github.com/rfeinman/learning-to-learn.

not always clear, results show that children, adults and primates can “learn-to-learn” or form higher-order generalizations that improve the efficiency of future learning (Harlow,
1949; Smith et al., 2002; Dewar & Xu, 2010).
Researchers have proposed a number of computational
models to explain how inductive biases are acquired and harnessed for future learning. Hierarchical Bayesian Models
(HBMs) enable probabilistic inference at multiple levels simultaneously, allowing the model to learn the structure of
individual concepts while also learning about the structure
of concepts in general (Gelman et al., 2013; Kemp et al.,
2007; Salakhutdinov et al., 2012). These models have been
used to explain various forms of “learning-to-learn,” including learning a shape bias (Kemp et al., 2007). However,
it is currently difficult to apply HBMs to the type of highdimensional visual and auditory stimuli that children receive;
there have been successes (Salakhutdinov et al., 2013; Lake
et al., 2015), but neural networks are still the most general
solution to learning effectively from many different forms of
raw data (LeCun et al., 2015). Utilizing this property, here
we use neural networks to study learning-to-learn in different settings of varying stimulus complexity, with the goal of
isolating the fundamentals of the learning dynamics.
Most related to our work here are studies by Colunga &
Smith (2005) and Ritter et al. (2017) investigating neural network accounts of shape bias development. Colunga & Smith
(2005) showed that a simple recurrent neural network, trained
via Hebbian learning, can acquire a shape bias for solid objects and a material bias for non-solid objects. These simulations demonstrate that neural networks can form differ-
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ent expectations for different kinds of objects, but they raise
many new questions regarding the conditions required to develop these types of biases. For example, the authors used
highly simplified bit-vector data, and it is unclear whether
their findings generalize to more complex or realistic stimuli. Furthermore, the authors did not systematically vary the
quantity of experience provided to the networks, and thus we
do not know the exact conditions in which biases arise and
whether these networks can compete with the strong sample
efficiency of HBMs (Kemp et al., 2007). In a recent study,
Ritter et al. (2017) found that performance-optimized deep
neural networks (DNNs) develop the shape bias when trained
on the popular ImageNet object recognition dataset consisting of raw naturalistic images. These results highlight an
exciting possible connection between large-scale DNNs and
developmental psychology, though many questions still remain. ImageNet–which contains about 1200 labeled examples of 1000 different object categories–is a poor proxy for
the experience of a developing child, who typically develops
a shape bias with no more than 50-100 object words in her vocabulary (Gershkoff-Stowe & Smith, 2004). Whether these
networks can acquire the shape bias with more appropriate
training sets is unclear. Furthermore, although the development of the shape bias is known to predict the onset of vocabulary acceleration in children (Gershkoff-Stowe & Smith,
2004), we do not know whether the same holds for DNNs.
In a related study, Hill et al. (2017) trained a neural network agent to navigate around a virtual 3D world and collect objects according to name-based language commands.
Although the authors draw inspiration from developmental
psychology, the agent in this experiment is asked to learn a
variety of tasks simultaneously: visual perception, language
comprehension and navigation. Further work is necessary to
isolate the dynamics of learning-to-learn in neural networks.
We investigate the development and influence of inductive biases in neural networks using artificial object stimuli
that allow us to systematically vary the quality and form of
the experience provided. Specifically, we use an experimental paradigm from developmental psychology (Smith et al.,
2002) to train and evaluate the networks. Beginning with simple bit-vector data akin to Colunga & Smith (2005), we systematically vary the number of categories and the number of
examples in the training set, and for each pairing the trained
networks are evaluated for two different forms of generalization (Fig. 1) as well as for changes in perceptual sensitivity. Parallel experiments are then performed with raw image
data, where each image consists of a 2D object with a particular shape, color and texture. In a final set of experiments,
we examine the dynamics of learning-to-learn by analyzing
the relationship between shape bias acquisition and the rate
of word learning, mirroring an analogous study from developmental psychology (Gershkoff-Stowe & Smith, 2004).

Experiments
We set out to train neural networks with a learning paradigm
used to guide toddlers to the shape bias (Smith et al., 2002).

In this paradigm, the learner acquires new object names that
are organized exclusively by shape, such that different instances of the same object category are identical in shape but
contrast sharply in color and material. This is reflective of
the fact that a child’s early noun vocabulary consists predominantly of shape-based categories (Samuelson & Smith, 1999),
although not with the same purity as the shape bias training.
As in previous computational modeling work (Kemp et al.,
2007; Colunga & Smith, 2005), we focus on purified training with shape-based categories, since it provides a controlled
test of the artificial learner’s ability to make higher-order generalizations across varying quantities of training experience.
In Smith et al. (2002), 17-month-old children were taught
4 new object names (“wif”, “dax”, etc.) over 7 weeks via
weekly play sessions. Objects in the study were 3D formations constructed of various materials; each object contained
a specific shape, color and texture (material), and their names
were organized strictly by shape. During weekly sessions,
children played with each object while an adult announced
its name repeatedly. By the end of the study, the children had
acquired a shape bias–i.e., they had formed the inductive bias
that a novel name should be generalized by shape as opposed
to color or texture. A control group of children who did not
partake in the play sessions did not form this bias.
We use the training paradigm of Smith et al. (2002) to study
inductive bias learning in neural networks with artificial object datasets. We first perform our computational experiments
with abstract bit-vector stimuli, followed by experiments with
raw image data. Each constructed object is assigned a shape,
color and texture. We train simple neural networks to label
objects with category names based on shape. To understand
the necessary conditions for successful inductive bias learning, training is performed with various dataset sizes, varying
both the number of categories and the number of examples of
each category provided to the network. We evaluate the generalization capabilities of the network for each training set
using 2 generalization tests modeled after the 2 tests of Smith
et al. (2002), depicted in Fig. 1.
1st -order generalization test. For this test, toddlers are
first presented with an exemplar object that they have seen
during training (“wif” in Fig. 1a). Then, they are presented
with 3 test objects that they have not seen: 1 that matches the
exemplar in shape (item 1 in Fig. 1a), 1 that matches in color
(item 2), and 1 that matches in texture (item 3). For each potential match, the other 2 stimulus attributes are novel. The
toddlers are asked to select which of the 3 test objects share
the same name as the exemplar. Performance is measured as
the fraction of trials in which the child selected the correct object, i.e. the shape match. To simulate this test, we create an
evaluation set containing groupings of 4 sample objects: an
exemplar, a shape match, a color match, and a texture match.
The activations of our network’s hidden layer are obtained in
response to each object. We then evaluate the cosine similarity between the activations of the exemplar and each test
object to determine which object the network perceives to be
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Figure 2: MLP generalization results for explicit shape bias training with various training set sizes. The number of categories and number
of examples per category provided to the network are shown on the x and y axes, respectively. Plots show accuracy over 1000 trials of the
specified generalization test, averaged from 10 training runs. The same data is shown in both contour and heatmap format. With 2 categories,
only 8 unique examples are feasible; thus, N/A results are blacked out.
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Figure 3: Multilayer perceptron architecture. Shape, color and texture attribute vectors are concatenated and fed to a 30-unit hidden
layer, followed by a classification layer. 3 example input objects are
shown (only one is presented at a time to the network).

most similar. Accuracy is defined as the fraction of groupings
for which the correct (shape-similar) object is chosen.
2nd -order generalization test. For this test, toddlers are
first presented with an exemplar object that has a novel label (e.g., “teema”) as well as a novel shape, color and texture. From there, the trial proceeds similarly to those of the
1st -order: a shape match, color match and texture match are
presented, and the child must select which test object she believes to share a name with the exemplar. All shapes, colors
and textures are novel to the child in this test. We simulate the
2nd -order test with artificial object stimuli similarly to the 1st order case, again using last hidden layer features to evaluate
perceptual similarity.
In all simulations, we record accuracy over 1000 simulated
test trials as the performance metric for each generalization.

Experiment 1: Multilayer perceptron trained on
synthetic objects
Our first experiment aims to study inductive bias learning in
its purest form, using synthetic stimuli with maximal control. Objects are abstract binary patterns, divided into 3 input
pools of 20 binary units each (representing the shape, color
and texture of the objects; see Fig. 3). We varied the number of categories and number of examples per category in the
training set. For datasets with N categories and K examples,

we randomly generate N shape patterns, N color patterns, and
N texture patterns. For all 3 attributes, each pattern is replicated K times, ensuring equal entropy across the 3. The shape
patterns are then aligned with object labels, and the remaining 2 attributes are permuted randomly to create the dataset.
A holdout set of shapes, colors and textures is retained for the
generalization tests.
We train a multilayer perceptron (MLP) to name objects,
as shown in Fig. 3. The network has an input layer of 60
units, a hidden layer of 30 rectified linear units (ReLUs) with
L2 regularization, and a softmax output layer to classify the
object by name. The softmax layer has N units (1 for each
label). We train the network for 200 epochs using negative
2
log-likelihood loss, RMSProp, and batch size min(32, N∗K
5 ).
Results. Initially, as would be expected given the data format, shape is treated the same as other attributes. In the 2nd order generalization test, a randomly initialized network selects test objects with the following ratios, on average (50 trials): shape 35%, color 33% and texture 32%. We then trained
the network with various dataset sizes. Results for the 1st - and
2nd -order generalizations are shown in Fig. 2, where each
setup is an average over 10 networks with different random
seeds. We note that acquisition of the 1st -order generalization
requires less data than that of the 2nd -order, as predicted by
the 2-phase hypothesis (Smith et al., 2002). Success in the
1st -order test indicates that the network is learning successfully and generalizing to new examples of the training classes.
Networks that achieve an accuracy of 0.7 or higher on the 2nd order test show a substantial shape bias, and the MLP reaches
this threshold at the following points: N=2 & K=6 (accuracy
0.71) and N=4 & K=3 (accuracy 0.80). These results reproduce the general pattern of the Hierarchical Bayesian Model
(HBM) in Kemp et al. (2007) and toddlers in Smith et al.
(2002), who neared the 0.7 shape bias threshold with N=4 &
K=2 (although the toddlers also receive external experience).
In contrast, Colunga & Smith (2005) used N=10 & K=100 to
obtain the shape bias in their networks, using similar abstract
2 For details about the selection of architectures and training parameters in Experiments 1 & 2, see Supplemental Material:
http://www.cns.nyu.edu/˜reuben/files/cogsci18-SM.pdf
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Figure 5: Training stimuli for Experiment 2. (a) novel objects with
various shapes and colors (the first 3 input channels). (b) a few examples of textures that might be found in the 4th input channel.
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Figure 4: Perceptual (network) similarity as a function of physical
(attribute) distance. A test stimulus is systematically altered along
either its shape or color dimension. Network similarity scores are
computed between the original stimulus and its altered counterpart.

patterns. Although HBMs are often noted for their data efficiency, in this case, the neural network was competitive for
making 2nd -order generalizations from limited data.
As another way of demonstrating the learned sensitivity to
shape, we perform parametric manipulations of the stimuli.
Using an MLP trained with N=4 & K=6, we probe the shape
bias by selecting a novel test stimulus and systematically flipping bits, recording the network similarity between the modified stimulus and the original. For comparison, a similar test
is also performed with color. Results are shown in Fig. 4a for
1 test stimulus. Clearly, the network is far more sensitive to
changes in shape than changes in color.

Experiment 2: Convolutional network trained on
synthetic objects
Our first experiment used highly simplified training stimuli
for maximal experimental control. One strength of modern
neural network architectures is that they can learn effectively
from data in raw and complex forms, a fact we take advantage
of in developing Experiment 2. Here we ask whether similar
learning-to-learn results can be achieved using synthetic object stimuli presented as raw images. This setup presents a
more challenging learning problem for the neural network,
in terms of making both 1st - and 2nd -order generalizations,
since understanding shape requires making abstractions that
go substantially beyond separating a pool of input units that
directly encode the dimension, as in Experiment 1.
The stimuli are constructed as follows. Each object is a
2D shape of a specified color placed over white background
(200x200). Texture is represented in a fourth image channel,
independent of RGB space.3
3 This design choice was made to avoid an initial shape bias; with

texture overlaid in RGB space, a randomly initialized network ex-

Examples of our objects are shown in Fig. 5. Object shapes
are polygons of random order (uniform 3-10) and randomly
sampled vertices, with preference given to points near image
boundaries in order to ensure visible-sized objects. Colors are
generated to span the RGB vector space with even separation.
We use black and white textures from the Brodatz database
(Brodatz, 1966) for our texture categories. A holdout set of
shapes, colors and textures is again retained for testing.
We train a multi-layer convolutional neural network (CNN)
(LeCun et al., 2015) consisting of two convolution layers with
five feature maps, each followed by a max pooling layer. A
depiction of this architecture is shown in Fig. 7. The last
pooling layer is followed by a fully-connected layer of 25
ReLU units, and the softmax layer again varies in size according to the number of categories. Both the convolutional
layers and the fully-connected layer use L2 regularization, the
latter also with dropout=0.5. Each object is randomly shifted
around image space by a small offset (train and test alike).
Training details mimic the MLP, but with 400 epochs.
Results. The randomly initialized network makes 2nd -order
selections with the following ratios: shape 38%, color 42%
and texture 20%. We trained the network using varying
dataset sizes, as with our MLP. Results are shown in Fig. 6.
Similarly to the MLP, acquisition of the 1st -order generalization requires less data than that of the 2nd -order, supporting
the notion that learning the training classes is a simpler task
than forming higher-order generalizations. Using the same
shape bias threshold of 0.7 2nd -order score, we find a number of important transition points: N=32 & K=3 (accuracy
0.74), N=8 & K=6 (accuracy 0.75), and N=4 & K=12 (accuracy 0.70). The CNN is thus capable of learning a shape
bias from as few as 6 examples of 8 categories, a significant
feat given the scale of the input. Notably, the network is able
to learn this bias with much less data than Colunga & Smith
(2005) using a data form that is significantly more complex.
The CNN of Ritter et al. (2017) used roughly N=1000 &
K=1200, and developed a shape bias of 0.68 on a shape and
color-only task. A key takeaway from our results is that, with
concentrated training effort, it is possible to learn this bias
from much less data using high-dimensional color images.
hibits the shape bias. Furthermore, the participants in Smith et al.
(2002) physically touch each object during play, indicating that they
have access to additional non-visual information.
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Figure 6: CNN generalization results for various training set sizes. Results show the average of 10 training runs. See Fig. 2 for details.

As in Experiment 1, we also parametrically manipulated
the stimuli to analyze the network’s sensitivity to changes
along different stimulus dimensions, finding strong sensitivity to shape but not color (Fig. 4b & 4c; see Supplemental
Material for details). Moreover, in additional experiments,
we found that networks trained on color-based categories develop a color bias, and that this bias requires less data than
the shape bias (see Supplemental Material).

Experiment 3: The onset of vocabulary acceleration
Our previous experiments confirm that simple neural networks can develop the shape bias from a relatively small number of categories and examples. It remains unclear, however,
how the dynamics of bias acquisition relate to the dynamics
of word learning. Gershkoff-Stowe & Smith (2004) showed
that the development of the shape bias in toddlers predicts the
onset of vocabulary acceleration during early word learning,
a phase that begins at ages 16-20 months. Studying 8 children during regular lab sessions at 3-week intervals, the authors found that increasing attention to shape was correlated
with increasing rate of vocabulary acquisition in participants.
Fig. 8a shows the individual growth curves of vocabulary
size and shape response for each child. The former variable
is measured as the cumulative number of nouns in the child’s
vocabulary, and the latter as the cumulative number of times
that the child has selected the shape match in a shape bias
task akin to the 2nd -order test. Although the vocabulary curve
shows cumulative nouns in whole, the authors also recorded
Stimulus
(200x200x4)

*conv and fully-connected
layers use ReLU activation

Object
Name

5x5 Max Pooling

5x5 Max Pooling

Softmax Layer

5x5 Convolution
5x5 Convolution
Fully-connected Layer
(5 feature maps, L2 reg.) (5 feature maps, L2 reg.) (25 units, L2 reg., Drop.=0.5)

Figure 7: Convolutional network architecture. The network receives
4D image stimuli and is trained to label the object in the image with
a category name that is based on shape.

cumulative “count nouns” for each participant, a subset of
nouns that is well organized by shape. We focus on the statistics reported for count nouns, as this subset reflects the type
of vocabulary that is influenced by the shape bias.
The authors found a few interesting correlations: 1) a correlation between increase in cumulative shape choices and
increase in cumulative count nouns across sessions for an
individual participant, averaged over participants [average
r = .75; p < .05 for each], and 2) a correlation between average increase in shape choices over the whole experiment
and average increase in count nouns, computed across participants [r = .81; p < .05].
Methods. Inspired by this study, we train a CNN using our
raw image data with the goal of evaluating related correlation metrics for our networks. The participants of GershkoffStowe & Smith (2004) were not explicitly trained for the
shape bias like those of Smith et al. (2002); they received
natural experience in a home setting, which may have included some words organized by attributes other than shape.
Therefore, we train our CNN to simultaneously label the object’s name, which correlates with shape, as well as its color
and texture names. Thus, there are now 3 softmax layers
in the CNN from Fig. 7, each of which branches independently from the fully-connected layer. The number of categories along each label dimension and the loss weight assigned to that dimension are determined according to the
natural statistics of the early human lexicon (Samuelson &
Smith, 1999).4 The chosen ratios are as follows: 60-20-20
shape-color-texture names (36, 12 and 12 categories, respectively). 10 examples of each shape are used, and colors and
textures are assigned at random to each stimuli from their 12
categories. We keep a cumulative count of the number of
count nouns in the network’s vocabulary, defined as the number of shape categories for which the network has achieved
80% or greater accuracy on the training set. We also keep
a cumulative count of shape choices the network makes in
a 500-trial 2nd -order test. This process is repeated with 20
networks, using a different random seed for each network.
4 Children are taught object, color and material names independently. Loss weighting provides a good analog to this for CNN training. Assigning a weight of 0.6 to object name labeling mirrors presenting this type of name 60% of the time in training. For details on
loss weighting, see Supplemental Material.
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Results. We inspect the “early” word learning period for
our networks, defined as the period in which the average vocabulary size across the 20 networks is less than or equal to
2/3 the total number of count nouns. Beyond this period,
which we find to include the first 30 training epochs, the
network’s learning begins to flatten. We divide this period
into 10 “sessions,” evenly spaced by 3 epochs. The learning curves of our networks are shown in Fig. 8b. We compute correlation metrics for our networks that are analogous
to those of the child study. Looking at increases across the
sessions of a single network (metric 1), we find an average
correlation of r = .53 between increase in cumulative shape
choices and increase in cumulative count nouns [p < .05 for
each]. Further, looking at average increases across the entire 10-session period for each network (metric 2), we find a
correlation of r = 0.76 [p < .001] across the 20 networks.
These analyses confirm that the dynamics of shape bias acquisition and early word learning show a considerable dependency on one another in our CNNs, a phenomenon that is
mirrored in the early word learning of human children.
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Conclusion
Using a set of controlled synthetic experiments, our work provides novel insights about the environmental conditions that
enable learning-to-learn in neural networks. Building on the
work of Colunga & Smith (2005) and Ritter et al. (2017), Experiment 1 showed that simple neural networks can learn a
shape bias from stimuli presented as abstract bit patterns with
as few as 3 examples of 4 categories. Experiment 2 showed
that simple convolutional neural net architectures trained on
high-dimensional images can learn a shape bias with as few
as 6 examples of 8 object categories. Although Hierarchical
Bayesian Models (HBMs) are often noted for their data efficiency, our results indicate that neural networks can approach
both HBMs (Kemp et al., 2007) and children (Smith et al.,
2002) in the amount of data required to develop a shape bias.
Moreover, we show that the complexity of the data (e.g., binary patterns vs. synthetic images) influences the dynamics
of learning, and that neural networks are a powerful tool for
understanding these types of interactions.
The development of the shape bias in children is known
to correlate with accelerated word learning (Gershkoff-Stowe
& Smith, 2004), a phenomenon that Experiment 3 confirmed
can be mirrored in neural networks. One implication of this
finding is that it may be possible to train large-scale image
recognition models more efficiently after initializing these
models with shape bias training. In future work, we hope to
investigate this hypothesis with ImageNet-scale DNNs, using
an initialization framework designed with the intuitions garnered here.
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Abstract
Fairness depends on the principles that people use to justify
their actions, and on the outcomes that they produce. Here we
propose that, from early in childhood, we also judge fairness
based on whether we believe the resulting outcomes were
caused by the underlying principles. In Experiment 1 we show
that four- five- and six-year-olds believe that an agent who paid
attention when distributing resources is more fair than an agent
who was distracted when distributing resources, even when
they both produce identical outcomes. In Experiment 2 we
show that children of the same ages believe that an agent who
counts when distributing resources is more fair than an agent
who does not count, even when both agents attend to how they
distribute their resources and produce identical outcomes.
Together, our findings suggest that children do not judge
fairness based on the outcome alone, and they add to a growing
body of work suggesting that, from early childhood, our
intuitions about fairness are tightly linked with intuitions about
exactness.
Keywords: cognitive development; social cognition; fairness.

Introduction
From early in childhood, humans have a propensity to help
each other (Warneken & Tomasello, 2006; 2007) and
cooperate (Warneken, Chen, & Tomasello, 2006). By
working together, we can achieve things we could not have
done alone, while minimizing the costs and risk involved.
Despite its usefulness, cooperation can create a secondary
problem: deciding how to share or divide what has been
earned.
Our intuitions about what kinds of distributions count as
fair are at work from early in childhood, but they continue to
develop over time (Blake, McAuliffe, & Warneken, 2014;
Kenward & Dahl, 2011; Kuhlmeier, Dunfield, & O’Neill,
2014; Olson & Spelke, 2007). In resource distribution tasks,
young children prefer to distribute resources equally (Sloane,
Baillargeon, & Premack, 2012; Gercai & Surian, 2011;
Liénard, Chevallier, Mascaro, Kiura, & Baumard, 2013), and
they expect others to do the same (LoBue, Nishida, Chiong,
DeLoache, & Haidt, 2011). This preference is so strong that
it prevails even when the agents differ in their merit or their
need (Damon, 1975; Huntsman, 1984), or in their prosocial
behavior (Kenward & Dahl, 2011). When children are the
recipients of a distribution, they are even more likely to be
adamant about an equal distribution or one that benefits
themselves (Smith, Blake, & Harris, 2013; Blake &
McAuliffe, 2011). It is not until at least their sixth birthday
that children begin to systematically produce and endorse
more complex fairness rules (Damon, 1975; Blake &

McAuliffe, 2011; Schmidt, Svetlova, Johe, & Tomasello,
2016; Fehr, Bernhard, Rockenbach, 2008; Smith, Blake, &
Harris, 2013; although see Sloane, Premack & Baillargeon,
2012; Baumard, Mascaro, & Chevallier, 2012 for evidence of
early understanding of merit).
Yet, being fair is not only a matter of having justifiable
principles and producing the right outcome. To be fair, the
principle must produce the outcome. In other words, for us to
judge an agent as fair, we must believe that a motivation to
be fair guided the agent’s actions. For example, consider a
manager who is determining the bonuses that two employees
will receive at the end of the year. Suppose this manager
believes that the employee who worked more should receive
a higher bonus, but, because of a deadline, she ignores the
employees’ progress reports and randomly assigns them to
different bonus categories. Chances are that the bonuses will
not reflect a merit-based distribution. But even if they did, we
would not grant that the manager was fair, even if we agree
that the outcome was fair. For us to judge that the manager is
fair, her belief that merit matters should have caused the
distribution.
Although much research has focused on children’s
understanding of which outcomes count as fair (Sloane,
Baillargeon, & Premack, 2012) and which principles justify
them (Schmidt, Svetlova, Johe, & Tomasello, 2016), far less
is known about children’s intuitions on the relation between
principles and outcomes. One possibility is that children
uniquely focus on the outcome when judging if an agent is
fair, without considering whether there is a reasonable
principle underneath. This view is consistent with children’s
preference for equal distributions of resources and their
difficulty distinguishing between legitimate and arbitrary
principles (DeJesus, Rhodes, & Kinzler, 2014; Schmidt,
Svetlova, Johe, & Tomasello, 2016). Alternatively, however,
children may also judge fairness based on evidence that the
actions are the consequence of a motivation to act fairly.
Under this view, children may endorse equal distributions
because they can infer that the agent’s motivation to be
egalitarian likely produced the outcome. Similarly, children
may be more likely to reject unequal distributions because
they struggle to recognize that these distributions may result
from attempting to implement an exact fairness principle or
to infer which principles are guiding their actions.
Here we propose that, from early childhood, we judge
fairness based on whether the agent’s actions reveal that the
outcome was caused by a motivation to act fairly. Most
directly, this predicts that children should prefer agents who
pay attention while they distribute resources over agents who
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do not, even if both agents produce identical material
outcomes. We test this prediction in Experiment 1.
In addition, children may not only judge fairness based on
attentiveness, but also on precision. A growing set of studies
suggest that people associate fairness with numerical
exactness. First, adults believe that for fairness principles to
be applied correctly, the application cannot be qualitative or
approximate; it must be exact (Maier, et al., in prep).

distribute resources (Jara-Ettinger, Gibson, Kidd, &
Piantadosi, 2015). In this last study, children who could count
were significantly more likely to give more cookies to agents
who worked harder, relative to children who could not count,
suggesting that innumerate children avoided merit-based
distributions, possibly because they did not know how to
apply the principle. Critically, because among the Tsimane’,
children master counting at highly variable ages (Piantadosi,
Jara-Ettinger, & Gibson, 2014), it was possible to establish
an effect of number knowledge on fairness while controlling
for age and years in school.
Thus, although most research on number in fairness has
focused on how children distribute resources, this interaction
suggests that children may believe that fairness principles
ought to be applied with precision. Based on this, we predict
that children will believe that agents who count when they
distribute resources are more fair, provided that the resulting
distribution is also fair. We test this prediction in Experiment
2.
Here we test these predictions on four-, five-, and six-yearolds. The lower age range is chosen because because children
under four do not know how to count (Wynn, 1990) and
children under five do not have a mature understanding of the
meaning of number words (Davidson, Eng, & Barner, 2013).
The highest age is chosen because research suggests that
children may not rely on merit earlier (Damon, 1975;
Huntsman, 1984; although see Baumard, Mascaro, &
Chevallier, 2012). Thus, while we expect that all children will
judge fairness based on attentiveness and precision, we may
also find a developmental trajectory that results from
children’s developing appreciation of merit, or their
acquisition of number and counting.

Experiment 1: Attention and Fairness

Figure 1. Frames from the videos used in Experiment 1 (distracted
vs approximate) and Experiment 2 (approximate vs counting). The
distracted agent (Experiment 1) looked at his phone and did not
pay attention as he distributed cookies to the two puppets. The
approximate agent (Experiments 1 and 2) paid attention as he
distributed cookies in an approximate manner. The counting agent
(Experiment 2) counted each cookie as he gave them to the
puppets. Both experiments used different actors for each agent,
and the role of each actor was counterbalanced across participants

Second, in some contexts, children judge distributions as
fair based on numerical equality rather than on mass or value
equality (Piaget, 1999; Sheskin, Bloom, & Wynn, 2014),
suggesting an early focus on number in fairness. Third,
children who can count rely on this procedure to produce
their intended distributions (Chernyak, Sandham, Harris, &
Cordes, 2016), suggesting that they are motivated to produce
exact, rather than approximate, distributions. Finally, in the
Tsimane’—a farming-foraging society in the Bolivian
Amazon—, mastery of counting predicts how children

In Experiment 1 children watched two agents distribute a
total of ten cookies to two puppets. Before the cookies were
distributed, children were told that both puppets were asked
to clean up their classroom and one of the puppets worked
very hard, while the other puppet did not. Both agents gave
the hard-working puppet seven cookies and the puppet who
did not work very hard three cookies. One agent was
distracted when distributing the cookies by looking at his
phone (Figure 1a). The other agent paid attention to his
actions and split the cookies into two groups in a single
motion (Figure 1b). If children take an agent’s attention into
account, children should believe that the attentive agent is
more fair than the distracted agent. If, instead, children focus
on the outcome alone, independent of how it was produced,
children should see both agents as equally fair and respond at
chance.
Methods
Participants 48 children (mean age 5.43 years, range 4.0-6.8
years) were recruited and tested at a local museum, schools,
and in lab. Eight additional participants were recruited but not
included in the study by decision of a coder (see Results).
Stimuli The stimuli consisted of a short story, a picture of
two puppets, and two videos, each of which depicted an agent
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distributing a total of ten cookies to the puppets (see Figure
1). The stories and the videos were all shown to the child on
a computer.
Procedure Participants were tested individually in a quiet
area, and the child was seated at a table directly across from
the experimenter. The experimenter showed the child a
picture of the two puppets, and began by introducing the
puppets: “Here we have two friends. This is Michael and this
is Joey.” Children were then told that at school, the teachers
had asked Joey and Michael to help clean the classroom.
Either Joey or Michael worked very hard and cleaned a lot,
and the other puppet did not work very hard and did not clean
very much. Introduction order and role of each puppet was
counterbalanced across participants. Children were asked
“which friend worked very hard?” and “which friend did not
work very hard?” If a child responded incorrectly, the
experimenter repeated the story and asked the questions again
(no child responded incorrectly more than once). The
experimenter then explained that when the friends finished
cleaning, the two teachers decided to split a set of cookies
between the two friends, and she showed the videos of the
two agents distributing the cookies (order counterbalanced;
see Figure 1).
Experiment 1
Attention and Fairness

Experiment 2
Exactness and Fairness

b)

100

Percentage of Children Who Chose
Exact Agent Over Approximate Agent

Percentage of Children Who Chose
Attentive Agent Over Inattentive Agent
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Figure 2. (a) Results from Experiment 1. Each bar shows the
percentage of children who said that the attentive agent was more
fair than the inattentive agent. Vertical bars show 95%
bootstrapped confidence intervals. (b) Results from experiment
2. Each bar shows the percentage of children who said that the
exact agent was more fair than the approximate agent.

In one of the videos, the teacher was holding his phone in
one hand while using his other hand to distribute cookies, and
he was clearly looking at his phone the entire time (Figure
1a). The teacher pushed seven cookies towards the child who
worked hard, and pushed three cookies towards the child who
did not work very hard. After the video, the experimenter
explained to the child, “This teacher was distracted and not
paying attention because he was looking at his phone, and
[Joey] got seven cookies and [Michael] got three cookies.” In
the other video, the teacher was looking at the cookies and
put his hands in the middle of the pile and split the cookies to
two sides so that the child who worked hard received seven
cookies and the child who did not work very hard received
three cookies (Figure 1b). After the video, the experimenter
explained to the child, “This teacher was looking at the

cookies and paying attention when he split them up, and
[Joey] got seven cookies and [Michael] got three cookies.”
To control for any actor effects, each kind of distribution was
recorded with two different actors and the videos were
counterbalanced across participants. Video order, distracted
and approximate teacher, and hard-working and not hardworking child were all counterbalanced across participants.
After watching the videos, the experimenter showed
participants side-by-side pictures of the two teachers and
asked “Which teacher was more fair when he gave the
children the cookies?” Finally, the experimenter asked a twopart question for inclusion: “which teacher was paying
attention and split the cookies up? and which teacher was
distracted?”
Results and Discussion
Participants who failed the inclusion questions were
excluded from analysis and replaced (n = 5), and an
additional 3 children were excluded due to experimenter
error, as determined by a coder. Children were coded as
responding as predicted if they chose the teacher who was
paying attention as more fair. Of the 48 children included in
the study, 91.7% (n=44) responded as predicted (95% CI:
85.4-100%1).
Next, we tested for any developmental change. A logistic
regression showed a marginal effect of age on children’s
judgment of an approximate distribution being more fair:
older children were marginally more likely to choose the
teacher that did an approximate distribution as more fair
(β=2.17; p = .052). See Figure 3.
Finally, we analyzed performance within each age group.
81.25% of four-year-olds responded correctly (n = 13 out of
16; 95% CI: 62.5-100%), 93.75% of five-year-olds
responded correctly (n = 15 out of 16; 95% CI: 87.50%100%), and 100% of six-year-olds responded correctly (n =
16 out of 16). See Figure 2. Altogether, these results suggest
that although children’s belief that attentive agents are more
fair becomes stronger as a function of age, children at all ages
are nonetheless more likely to believe that an attentive agent
is more fair than an inattentive agent.

Experiment 2: Exactness and Fairness
In Experiment 2, we tested whether children consider
exactness when judging which of two agents is more fair. In
this task, children again saw two teachers give two puppets
cookies. One agent distributed the cookies one by one while
silently counting (Fig 1c). The second agent divided the
cookies approximately, by splitting them in a single motion
(Fig 1b). Thus, in Experiment 2, the “approximate” agent was
the same agent as the “attentive” agent in Experiment 1. As
in experiment 1, both agents gave seven cookies to the hardworking puppet and three cookies to the puppet who did not
work very hard. Children were asked which of the teachers
was more fair when distributing cookies. If children take into
account exactness when determining fairness, they should

1

All reported intervals are 95% bootstrapped confidence intervals
using 10,000 samples.
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General Discussion
The results of this study suggest that from early in
childhood, we judge fairness based on whether the agent who
distributed resources did so attentively and with precision. In

Experiment 1 we found that four- five- and six-year-olds
judged an agent who paid attention while distributing
resources as more fair than an agent who distributed
resources while distracted, even when both agents produced
identical material distributions. In Experiment 2 we found
that children as young as four-years-old judge an agent who
counted when distributing resources as more fair than an
agent who distributed the resources approximately, even
when they both attended to their actions and produced
identical material distributions. Together, these findings
suggest that children judge fairness based not only on the
outcome of the distribution, but also on evidence that the
outcome was produced by a motivation to act fairly.
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believe that the teacher who counted each cookie was more
fair than the teacher who approximately split up the cookies.
If, however, children only take into account the outcome or
the attentiveness, then children should respond at chance.
Methods
Participants 48 children (mean age 5.49 years, range 4.0-6.9
years) tested at a local museum, schools, and in lab. Seven
additional participants were recruited but not included in the
study be decision of a coder (see Results).
Stimuli The stimuli in Experiment 2 were identical to the
stimuli used in Experiment 1 with one exception. Instead of
a video of a teacher being distracted, children were shown a
video of a teacher counting each cookie individually.
Procedure Experiment 2 was identical to Experiment 1 with
the difference that the video of the distracted agent was
replaced with a video of a counting agent (Fig 1C). When
children watched the video of the agent who split the cookies
approximately, they heard an identical explanation to the one
in Experiment 1: “This teacher was looking at the cookies and
paying attention when he split them up, and [Joey] got seven
cookies and [Michael] got three cookies.” When children
watched the video of the agent who counted, the
experimenter said, “This teacher was paying attention and
looking at the cookies and he counted each cookie as he gave
it to the children and [Joey] got seven cookies and [Michael]
got three cookies.” Video order, approximate and exact
teacher actors, and hard-working and not hard-working child
were all counterbalanced across trials.
As in Experiment 1, children were shown side-by-side
pictures of the two teachers and asked the test question, which
teacher was more fair when he gave the children the cookies.
Children were then asked the inclusion questions: “which
teacher just split the cookies up? And which teacher counted
each cookie?”
Results and Discussion
As in experiment 1, children who failed to respond
correctly to the inclusion questions were excluded from
analysis and replaced (n = 6), and one additional child was
excluded due to experimenter error. Children were coded as
responding correctly if they chose the teacher who counted as
more fair. Of the 48 children who responded correctly to the
inclusion questions, 72.92% responded correctly to the test
question (95% CI: 60.42-85.42%).
A logistic regression predicting preference for the counting
agent as a function of age revealed no significant age effects,
(β=-0.08; p = .83). See Figure 3.
Finally, we evaluated performance within each age group.
75% (95% CI: 56.2-100%) of four-year-olds responded
correctly (n = 12 out of 16); 68.8% (95% CI: 50-93.8%) of
five-year-olds responded correctly (n = 11 out of 16), and
75% (95% CI: 56.2-100%) of six-year-olds responded
correctly (n = 12 out of 16). See Figure 2.
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Figure 3. Logistic regression predicting participant’s choices as
a function of age. In both plots, 1 indicates the predicted response
(attentive agent in Experiment 1, and exact agent in Experiment
2). Each point represents a participant and the blue line represents
the logistic regression. For visualization purposes each point has
been jittered on the y-axis, but not on the x-axis.

In Experiment 1 we contrasted an inattentive agent who
distributed resources in an approximate way (Fig 1A) with an
attentive agent who also distributed resources in an
approximate way (Fig 1B). In Experiment 2, we contrasted
an attentive agent who distributed resources in an
approximate way (Fig 1B) with an attentive agent who
distributed resources exactly (Fig 1C). Thus, although we did
not directly contrast an inattentive agent who distributes
resources in an approximate way (Fig 1A) with an agent who
distributes resources in an attentive and exact way (Fig 1C),
our experiments suggest that children should prefer the
attentive and exact agent, as children favor attentiveness over
inattentiveness (Experiment 1) and exactness over
approximate distributions (Experiment 2). These findings are
in line with previous research in other prosocial domains,
such as testimony, that show children value intention over
outcome (Vanderbilt, Heyman, & Liu, 2014) and that young
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children are particularly sensitive to cues of credibility and
accuracy (Birch, Vauthier, & Bloom, 2008).
Our findings in Experiment 2 add to a growing body of
work that suggests that children expect fairness principles to
be applied in an exact manner. If children believed that being
fair is only a matter of producing a qualitative outcome, they
should have performed at chance. Instead, children preferred
an agent who showed evidence of trying to produce an exact,
rather than an approximate, distribution. This is consistent
with other research suggesting that children rely on number
when distributing resources (Chernyak, Sandham, Harris, &
Cordes, 2016) and that knowledge of number influences
which kinds of principles they implement (Jara-Ettinger,
Piantadosi, Kidd, & Gibson, 2015).
In this experiment, we used meritocratic distributions
where the harder-working agent always received more
resources. While, in principle, children’s preferences for
attentiveness and exactness should hold for any kind of
distribution, here we avoided using egalitarian distributions
because equal distributions appear non-random (Bar-Hillel &
Wagenaar, 1991). Thus, it is possible that if children watch
an agent produce an exact distribution through a single
motion, they may infer that the agent’s actions do not reflect
lack of precision, but rather exceptional competence.
In both of our experiments we explicitly used the word fair.
While failure to find systematicity in children’s answers
could have been explained by children not understanding the
meaning of this word, the consistent responses we found
across age groups and studies strongly suggest children
understand the word fair. Even if the word fair is not part of
young children’s speech, there is a wealth of evidence that
comprehension comes before production (Gershkoff-Stowe
& Hahn, 2012; Bergelson & Swingley, 2012).
In both of our experiments we matched the outcomes that
the two agents produced. Therefore, the results of our
experiments only show that children’s intuitions about what
is fair depend on whether the agent was paying attention and
on whether the agent was attempting to produce an exact
distribution, however, they do not reveal the relative
importance of these features relative to the outcome. It is
possible that children may rely more heavily on outcome than
exactness. Suppose, for instance, that an agent carelessly
distributes resources to two other agents, but gives more to
the agent who worked the hardest. At the same time, a second
agent attentively and very precisely distributes resources but
gives more to whomever did the least amount of work. In this
case, children may rely on exactness to make the opposite
judgment: that the agent who carefully gave more resources
to the child who did the least amount of work is less likely to
be fair. Consequently, this suggests that children
conceptualize exactness as more clearly revealing an agent’s
intention, without a unique connection between fairness and
number. Future work may investigate this.
At a higher level, our proposal that people judge an event
as fair only when the principle causes the outcome may be an
instantiation of broader intuitions about intentions. Actions
are perceived as intentional only when the intention causes

the outcome (Chisholm, 1966; Davidson, 1980). For
instance, in Davidson’s (1980) classical example, a rock
climber slips and is left hanging from a rope that a second
rock climber is holding. This second climber realizes that if
he does not let go of the rope, he will also slip and may die.
By realizing this, the climber decides that he must let go of
the rope to save himself at the cost of sacrificing his friend.
While forming this intention, the climber gets nervous and
the rope slips out of his hands. In this case, even though the
rock climber had an intention to let go of the rope, and the
outcome fulfilled his intentions, we do not accept that the
rock climber intentionally released the rope because the
intention did not directly produce the outcome. The same
logic may be behind our intuitions about fairness. If so,
children’s judgments about fairness in our experiment may
have been mediated by the belief that fairness is only
intentional when the motivation produces the actions.
Our study raises questions about how the development of
number cognition affects how we reason about distributions
of resources. Number is not a universal cognitive tool (Frank,
Everett, Fedorenko & Gibson, 2008) and the timeline of
acquisition varies greatly across cultures (Piantadosi et al.,
2014). Previous work has found that pre-numerical children
appreciate the role of merit in fairness, but they still prefer
egalitarian distributions (Sloane, Baillargeon, & Premack,
2012; Kannigiesser & Warneken, 2012), suggesting that this
discrepancy may occur because of a lack of ability or a lack
of confidence in how to produce appropriate merit-based
distributions. Consistent with this, past work has established
that among the Tsimane’, children who can count are more
likely to produce merit-based distributions, independent of
their age (Jara-Ettinger, et al., 2015). However, it is unknown
if this effect is guided by children’s increased confidence
with set manipulations, or if the acquisition of number
changes how children conceptualize fairness. Future work
may investigate that.
Altogether, our findings show that children’s early
intuitions about fairness are not uniquely driven by
expectations of how resources ought to be distributed, but
also by evidence that an agent was attentive to the distribution
and attempting to implement a fairness principle. Moreover,
that from early on in childhood, children may already expect
that fairness principles should be implemented in an exact,
rather than an approximate way.
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Abstract
People frequently offload cognitive tasks onto the environment by,
for example, digitally storing information they want to remember
later. This frees up cognitive resources, leading to an increased
ability to learn new information (the “Saving-Enhanced Memory
Effect”). We tested whether this effect would generalize beyond
the digital realm. On every trial, participants studied two printed
lists of words before being tested on their memory for both lists.
For half the trials, participants shredded the first list before
attempting to learn the second one. For the remaining trials, they
saved the first word list in a folder before learning the second list.
Results revealed a robust Saving-Enhanced Memory Effect, as
people remembered more words on average from the second list
when they had saved the initial word list. These findings suggest
that the effects of offloading memories onto the external world are
similar for information stored in digital and physical formats.
Keywords: Saving-Enhanced Memory Effect, cognitive
offloading, physical information format, extended cognition

Introduction
The philosopher Andy Clark has argued that Homo
sapiens are “natural born cyborgs,” able to seamlessly
integrate tools and artifacts into our cognitive ecology to
enhance our mental faculties (Clark, 2003). This claim goes
beyond prosthetic sense organs, neural implants, and other
staples of science fiction; Clark suggests that even
(relatively) simple cultural technologies like writing (and
other forms of symbolic representation) leverage the
plasticity of the human brain to boost our cognitive powers.
Consider, for example, the simple act of writing something
down you wish to remember—like a grocery list, which
dramatically increases your ability to successfully fill your
cart. The prospect of installing a computer system in your
skull to increase your memory capacity—as featured in
popular Keanu Reeves films from the 1990’s like The
Matrix and Johnny Mnemonic—is simply an extension of
this basic process.
In recent years, researchers have begun to investigate the
consequences of this sort of cognitive offloading—a term
that characterizes how people exploit features of the
environment or use tools or physical actions to reduce
cognitive task demands (Risko & Gilbert, 2016; Wilson,
2002). While most of the emphasis has been placed on how
cognitive offloading facilitates performance (e.g., by
changing the information processing requirements of the
task at hand; Clark, 2003; 2008; Clark & Chalmers, 1998;
Kirsh & Maglio, 1994; Risko & Gilbert, 2016; Wilson,
2002), some research has raised concerns about how an
over-reliance on digital technologies could disrupt our own

internal, biological cognitive processes (e.g., Carr, 2011;
Henkel, 2014; Loh & Kanai, 2016; Sparrow, Liu, &
Wegner, 2011; Stothart, Mitchum, & Yehnert, 2015; Ward,
Duke, Gneezy, & Bos, 2017).
Henkel (2014), for example, found that participants on a
museum tour remembered less about objects they were
instructed to photograph than about objects they were
simply instructed to observe (though this effect disappeared
when they were told to zoom in on a small section of the
objects before taking the photograph. See also Barasch,
Diehl, Silverman, & Zauberman, 2017, for evidence that
volitional photography sometimes enhances visual
memory). These findings suggest that when people expect to
have future access to externally stored information they may
expend fewer cognitive resources trying to remember the
information on their own.
In an explicit test of this hypothesis, Sparrow, Liu, and
Wegner (2011) conducted an experiment where participants
typed a series of 40 trivia statements onto a computer and
were led to believe that the computer would either save or
delete the information. The results showed that participants
who thought the computer erased the trivia file remembered
more statements than those who believed the computer had
successfully saved the file. This was the case whether or not
participants were explicitly instructed to try to remember the
statements. In other words, the expectation that digitally
stored information could be accessed at a future time was
associated with worse free recall of the stored information,
even when participants were actively trying to remember the
information for themselves.
On the other hand, external “memory” storage may also
confer a cognitive advantage: because internal cognitive
resources are not being taxed to retain digitally stored
information, it may be easier for people to learn and
remember new information. Storm and Stone (2015) dubbed
this the “Saving-Enhanced Memory Effect.” In their
research on the topic, participants completed six trials of a
basic word recall task on the computer. On each trial,
participants had to memorize two PDF lists of common
nouns (List A and List B) before being tested on their
memory for both lists. On half the trials, participants deleted
List A before attempting to study List B. On the other half
of trials, participants saved List A in a folder before
studying List B (which meant they would be able to re-study
List A before being tested on it). Participants were then
tested on their memory for List B first, followed by List A.
The results of three experiments revealed a robust SavingEnhanced Memory Effect: people remembered more words
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from List B when they had saved List A than when they had
deleted it (though only if they believed the saving process
itself was reliable and the word lists contained at least eight
words). In other words, saving List A appears to reduce the
effects of proactive interference observed on the deletion
trials.
One important question is whether the cognitive
consequences of memory offloading are exclusive to digital
technologies, or whether they generalize to other forms of
information storage (e.g., writing something down with a
pen in a notebook). On the one hand, the effects observed by
Sparrow, Liu, and Wegner (2011) and Storm and Stone
(2015) might reflect a generic cognitive response to
expectations of future information access. If this is the case,
then the format of information storage should not matter.
Indeed, Clark and Chalmers (1998) used a pen-and-paper
notebook example to illustrate this very point in their
seminal philosophical treatment of the “extended mind”
(i.e., their famous “Otto’s notebook” thought experiment).
And historically speaking, concerns about the effects of
writing on memory have been traced as far back as Ancient
Greece, where Socrates warned that writing things down
might do more harm than good (Konnikova, 2012).
On the other hand, people today are so used to relying on
modern computer systems to store and access information
that those born and raised in this technological milieu may
have fundamentally different ways of attending to and
processing digital—as compared to physical—forms of
information (Carr, 2011; Loh & Kanai, 2016). The
consistent, fast, and reliable interconnections between an
individual and their smartphone or computer that enables
almost immediate retrieval of stored data at any time may be
a critical component of extended cognition (Clark, 2003).
Therefore, it is possible that (some of) the cognitive
consequences of external information storage could be
unique to digitally stored content.
In the present study, we investigated this issue by
adapting the methods of Storm and Stone (2015) to test
whether participants would show a Saving-Enhanced
Memory Effect when they studied, stored, and destroyed
physical word lists printed on paper. In a series of
exploratory analyses, we also examined whether individual
differences using physical versus digital technologies in the
classroom and at home among our student sample
moderated behaviour in our task. In addition to providing a
conceptual replication of a significant finding from the
recent literature on extended cognition and memory, the
results of this study help illuminate the scope of the SavingEnhanced Memory Effect and offer novel insights into the
nature of cognitive offloading.

Experiment
Methods
Participants We recruited 50 participants (37 female) from
an Introduction to Psychology course at a public liberal arts
college in the northeastern United States. Ages ranged from
18-22 (M = 19.2, SD = 1.0) and participants received course

credit used to help fulfill a research participation
requirement.
Sample size was determined through a conservative
power analysis based on the results of Storm & Stone
(2015); they recruited 20-24 participants for the key
condition in each of their three experiments and observed
relatively large effect sizes (d = 0.72-0.93) for the SavingEnhanced Memory Effect. By more than doubling the
sample size from their experiments, we ensured that we
would be able to detect even a moderately sized effect (as
low as d = 0.4) with roughly 80% power.
Materials & Procedure The study used a within-subjects
design and was modeled after Experiment 1 from Storm and
Stone (2015). Word list stimuli consisted of 12 individual
lists of ten common nouns drawn from Storm and Stone
(2015), printed on standard 8.5” by 11” sheets of white
printer paper. The words were typed in 26-point, Times
New Roman font, centered on the page, with each word
appearing on its own line (single-spaced).
When participants entered the lab room they were seated
at a low table across from the experimenter and invited to
fill out a consent form and a brief demographics
questionnaire (described in more detail below). An
AmazonBasics 6-sheet cross-cut paper and credit card
shredder was positioned on the table within arm’s reach.
After completing the questionnaire, participants were
handed a plain manila folder and instructed to write their
name on it. Next, they were told to pay close attention to the
instructions, and were informed that during the experiment
they should place word lists in their folder when they were
instructed to “save” them, and place the lists in the shredder
when they were instructed to “shred” them.
The experiment itself consisted of six trials. On each trial,
participants were first handed one of the word lists (List A
for that trial) and told they would have 20 seconds to study
it in order to remember as many words as possible. After 20
seconds, depending on the trial, participants were instructed
to either save or shred the list. Participants were then handed
a second word list (List B) and were instructed to study it
for 20 seconds before returning it to the experimenter. After
studying List B, participants were told to count backwards
by threes from 100 for 20 seconds. They were then handed a
sheet of paper that included ten blank spaces and told to
write down as many words as they could remember from
List B. They were given 30 seconds to respond.
On Save trials, participants were then told to retrieve and
re-study List A from their folder for 20 seconds, after which
they were given another sheet of paper with ten blank
spaces and given 30 seconds to write down as many words
as they could remember from List A. On Shred trials,
participants simply took a 20 second break after recalling
the List B words before they were handed a new answer
sheet and told to write down all of the List A words they
could remember.
Participants completed the three Save and three Shred
trials in an interleaved fashion, with half of the participants
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receiving a Save trial first and half receiving a Shred trial
first. The order in which the 12 word lists were used across
all six trials was counterbalanced so that each list would
appear in a different position (1-12), trial type (Save vs.
Shred), and list type (A vs. B) across participants.
The demographics questionnaire participants completed at
the beginning of the study included gender, age, and year in
school, as well as the following free response questions
(coding schemes in parentheses): (1) Do you take notes in
class during lectures? (yes/no/sometimes); (2) If so, what is
your preferred method of taking notes (handwritten/typed);
(3) Do you take notes on readings at home?
(yes/no/sometimes); (4) If so, what is your preferred method
of taking notes (handwritten/typed); (5) Do you think you
remember information better when you write things by hand
or type them out? (handwritten/typed). We also included
one self-report memory ability question that participants
rated on a 7-point scale: If you had to rate how good your
memory is in general, what would you say? (1 = Very
Weak, 7 = Very Strong). See Table 1 for a summary of
responses to these questions.

trials (M = 3.89, SD = 1.59) than on Shred trials (M = 3.29,
SD = 1.50. See Figure 1).

Table 1. Summary
questionnaire

Figure 1. Mean number of List B words remembered on
Shred and Save trials. Error bars represent within-subject
95% confidence intervals (Cousineau, 2005)

of

responses to

Variable
Gender: Female, Male
Age
Do you take notes in class?
[Yes, Sometimes, No]
If so, preferred class note method:
[Handwritten, typed]
Do you take notes at home?
[Yes, Sometimes, No]
If so, preferred home note method:
[Handwritten, typed]
How do you remember better:
[Handwritten, typed]
Self-reported memory rating

demographics

Total N = 50
74%, 26%
M = 19.2 (SD = 1.0)
88%, 6%, 6%
82%, 18%
38%, 32%, 30%
78%, 22%
94%, 6%
M = 4.7 (SD = 0.9)

Results
We restricted our analysis to List B recall performance, as
this is the key indicator of a Saving-Enhanced Memory
Effect (Storm & Stone, 2015. Note that participants were
able to re-study List A on Save, but not Shred trials, making
a comparison of recall performance for List A words
relatively uninformative). We computed the average number
of words participants remembered correctly from the B lists
on the three Save trials and the average number of words
they remembered correctly from the B lists on the three
Shred trials. Words “recalled” that did not appear on the list
being tested (or any list at all) were considered errors and
were excluded from analysis.
A paired-samples t-test revealed a statistically significant,
medium-sized Saving-Enhanced Memory Effect, t(49) =
3.35, p = 0.002, d = 0.47, 95% CI [0.24 – 0.96]; On average,
participants remembered about 18% more words on Save

Figure 2. Mean Saving-Enhanced Memory Effect (mean
number of List B words remembered on save trials minus
shred trials), broken down by how participants responded to
the note-taking demographics questions. Error bars
represent SEMs
We also conducted a series of exploratory analyses to
determine whether individual differences in self-reported
memory abilities or preferred note-taking methods—which
we reasoned would be one of the predominant forms of
memory offloading in our student sample—moderated the
Saving-Enhanced Memory Effect. In fact, none of these
variables seemed to matter. A series of repeated-measures
ANOVAs that included trial type (Save vs. Shred) as a
within-subjects factor and each of the four key
demographics variables (whether participants took notes in
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class; their preferred class note-taking medium; whether
participants took notes on readings at home; their preferred
at-home note-taking medium) as a between-subjects factor
revealed that none of these demographics variables were
reliable predictors of memory performance (all p’s > 0.3).
Importantly, the effect of trial type remained significant in
each case, and there were no significant interactions
between any of the demographics variables and trial type
(see Figure 2). In addition, there was no relationship
between self-reported memory ability and the magnitude of
an individual’s Saving-Enhanced Memory Effect (mean
number of Save trial words remembered minus mean
number of Shred trial words remembered), r(48) = 0.2, p =
0.16.

Discussion
One reason human behaviour is so sophisticated is that
people are adept at offloading cognitive tasks onto the
environment, making them easier to accomplish and
amplifying the ability to get things done. Offloading
memories represents one common strategy: by storing the
information we wish to recall in a readily accessible format
on a computer or smartphone, people can exponentially
increase their capacity to accumulate and accurately retrieve
memories. While some research suggests that memory
offloading reduces people’s ability to recall the stored
information for themselves (Henkel, 2014; Sparrow, Liu, &
Wegner, 2011), other studies have shown that it can free up
cognitive resources, leading to an increased ability to learn
new information (i.e., the “Saving-Enhanced Memory
Effect”; Storm & Stone, 2015).
In the present study, we tested whether the SavingEnhanced Memory Effect would replicate beyond the digital
realm. Participants completed a series of six trials where
they had to study two printed lists of words before being
tested on their memory for both lists. On half the trials,
participants destroyed the first word list in a paper shredder
before attempting to learn the second list. On the remaining
trials, they saved the first word list in a folder before
learning the second list. Results revealed a robust, albeit
moderately-sized Saving-Enhanced Memory Effect (d =
0.47); people remembered more words on average from the
second list when they had saved the initial word list in a
folder. Though the magnitude of this effect is somewhat
smaller than what Storm and Stone (2015) observed for
memory storage on the computer, a reduced effect size is a
common occurrence in replication research (Aarts et al.,
2015). Therefore, these findings appear to suggest that the
effects of offloading memories onto the external world are
similar for information stored in digital and physical
formats.
We also conducted a series of exploratory analyses to
examine whether individual differences in note-taking
habits moderated the Saving-Enhanced Memory Effect. We
reasoned that for our undergraduate participants, note-taking
during lecture or while completing course readings at home
represents a common and recurrent form of memory

offloading. Therefore, these analyses enabled us to test
whether the consequences of externally storing to-beremembered information depends on habitual experience
using a specific information storage medium. We found that
all groups of participants showed a similarly-sized SavingEnhanced Memory Effect, whether or not they regularly
took notes during class or while doing reading assignments,
and whether they relied on handwriting or typing their
notes. This provides some additional evidence that the
Saving-Enhanced Memory Effect reflects a generic
cognitive response to expectations of (reliable) future
information access and that individual experience using a
specific offloading format does not really matter.
That said, there are several limitations which prevent
strong conclusions from being drawn from these exploratory
analyses. First, the self-report questions we used may have
been too coarse to yield an accurate measure of the memory
offloading strategies our participants favor in daily life. In
addition, our sample size was likely too small to observe
subtle differences between sub-groups of participants,
especially since a large proportion reported a preference for
handwritten notes. Indeed, a vast majority of participants
(94%) indicated they learned better from handwriting (as
compared to typing) their notes—a claim that is actually
supported by recent empirical studies (e.g., Mueller &
Oppenheimer, 2014). This lack of heterogeneity makes it
difficult to assess the effects of personal experience with
memory offloading on the Saving-Enhanced Memory
Effect. Future research that seeks to explore the relationship
between individual differences in memory offloading and
the cognitive consequences of such offloading should
include larger samples sizes and perhaps employ a withinsubjects design that requires participants to complete both
digital and physical information storage trials.
Taken together, however, the results of the present study
clearly demonstrate that the Saving-Enhanced Memory
Effect replicates beyond the digital realm. This work
provides evidence that the cognitive consequences of
memory offloading are the result of general expectations of
reliable future information access and are not formatspecific in nature.
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Abstract
While statistical learning (SL) has long been described as a
learning mechanism that operates automatically across ages
and modalities, there are a growing number of cases in which
statistical regularities are not learned automatically, and in
which attention seems to impact learning. We examined the
role of attentional instruction on adults’ ability to learn two
statistical patterns simultaneously. Results suggest that even
without explicit instruction to attend to either pattern,
participants automatically learn both patterns, and that
explicit instruction to attend to one or both streams improves
learning, but only for the attended stream(s). In addition,
when attention is directed at only one stream, the learning
benefit for that stream is coupled with a learning cost for the
unattended stream. This adds to our understanding of the
nuanced relationship between attention and SL, by suggesting
that when more than one structure is present attention
selectively improves SL of attended information in adults, but
at the cost of unattended information.
Keywords: Statistical Learning; Attention; Learning

Introduction
SL has been described as an implicit learning process that
allows us to automatically extract structure from our world
(Aslin, Saffran, & Newport, 1998); and indeed, SL often
occurs without subjects’ awareness (c.f. Batterink, Reber,
Neville, & Paller, 2015). It is also broadly available to a
variety of learners: functioning in human adults and infants,
monkeys, and even rats (Hauser, Newport, & Aslin, 2001;
Kirkham, Slemmer, & Johnson, 2002; Toro & Trobalón,
2005) and is thus a very useful learning system for a wide
range of inputs, allowing us to effortlessly parse language
and form expectations about our experience.
Still, we know surprisingly little about (1) how SL
interacts with other cognitive processes, especially attention
or effort, and (2) how well it can account for the learning of
more complex structure, especially when two structures are
presented simultaneously. Some answers can be gained by
taking a careful look at the—albeit rare—instances of when
SL fails.

When Statistical Learning Fails
Following thinking that SL is implicit, is the assumption
that is operates continuously and in all learning contexts,
including ones that are noisy and more complex than what
typically occurs in the lab. However, it seems that SL does
not always operate continuously; when adult participants
were exposed to two different auditory patterns in
succession, they failed to show learning of the second
pattern unless they were presented with a clear cue to start
tracking a new pattern, like a pause or voice change

(Bulgarelli & Weiss, 2016; Gebhart, Aslin, & Newport,
2009).
SL also does not seem to operate equally well when the
stimuli are more complex. For example, infants were unable
to successfully track the statistical patterns in a stream of
artificial speech if there were two voices present during their
exposure (Graf Estes & Lew-Williams, 2015). And infants
who were exposed to a stream of artificial speech made up
of both two- and three-syllable nonce words were unable to
successfully segment that stream of speech, presumably
because of this increased variability (Johnson & Tyler,
2010). Furthermore, cross-modality studies indicate that
when information is present across modalities, adults’
learning is more successful when the information in the two
modalities is correlated (Glicksohn & Cohen, 2013; Mitchel
& Weiss, 2011)
Collectively, these instances all raise questions about how
automatic and continuous SL is, especially when the stimuli
are more complex. One reason why we observe these
failures in learning could have to do with the fact that other
cognitive processes, like attention, might be more important
for SL than originally thought.

Attention
Indeed, attention appears to boost SL and can sometimes
even be necessary for learning. Toro et. al. (2005) showed
auditory SL was negatively impacted when there were high
attentional demands from a simultaneous task in the same
auditory stream, a different auditory stream, or an
accompanying visual stream. It was also shown that
instructions to attend to one pattern (i.e., words) improved
the learning of that pattern, possibly at the expense of others
(i.e., the grammar governing the relationship between those
words; Finn, Lee, Kraus, & Hudson Kam, 2014).
It has also been shown that when attention is directed
toward only one of two structures, learning of only the
attended structure occurs; when participants were asked to
perform an attentionally demanding task (an n-back) over
the green elements of a green sequence that was interleaved
with an independent sequence (that appeared in red),
participants only learned the green sequence (Turk-Browne,
Jungé, & Scholl, 2005). However, a modified replication of
this design showed no impairment in learning the
unattended stream, although the task differed: participants
were instructed to press for stimulus X in a given color, but
not for stimulus X in the other color. (Musz, Weber, &
Thompson-Schill, 2015).
Given this work, it is not entirely clear whether and how
attention boosts SL, nor in which learning contexts. It
remains especially elusive as to how attention facilitates SL
in learning more complex stimuli. For example, when there
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are multiple patterns to learn from, how does increasing
attention to one impact learning of the other? As noted, one
study demonstrated learning of only one stream, but was
this preserved or boosted relative to if no attention was
directed to either stream? Another study showed learning of
both even though only one was attended. Why? As these
authors note, it could be because the target stimulus appears
in the other stream, thus boosting attention to it. This
highlights a gap in our understanding: mechanistically, we
do not yet know how attention impacts learning. Does
attention prioritize some information for learning at the
expense of other information? Or, might attention improve
the learning of all information (relative to no-attention)? As
yet, no studies have provided a clear comparison between
learning when attention is not manipulated (learning is
passive), to when attention is directed to a single aspect of a
learner’s input (one stream), to when attention is directed
globally at all aspects of a learner’s input (both streams).
Another important note about the role of attention in SL
has to do with how attention is manipulated. In previous
work probing the learning of two streams (red and green)
mentioned above, attention was manipulated by asking
participants to complete a task that was specifically
designed to be unrelated to the statistical structure
participants saw. The logic was that, in order to preserve the
implicitness of SL, the attentional manipulation should not
draw attention to the sequential structure of interest for SL
outcomes. However, this circumvents the critical reason for
studying SL and attention: if, as eluded to above, attention
interacts with SL, then SL may not be a simply implicit
learning mechanism as it was originally conceived
(Batterink et al., 2015). To the best of our knowledge, only
one previous study has manipulated attention in a structurefocused (rather than stimulus-focused) way, in which the
authors operationalized attention as learners exerting effort
toward learning certain patterns present in their input (Finn
et al., 2014). Yet, this approach is potentially more akin to
some real-world learning (for example, parents may instruct
their children to pay attention to aspects of their
environment they are trying to learn from, or adult language
learners may be instructed to try and learn particular
patterns in a foreign language class). To ask whether
attention to structure itself impacts SL, we manipulate
attention in a structure-focused way, rather than a stimulusfocused way.

The Current Research
We created a visual statistical learning (VSL) paradigm in
which participants were exposed to two overlaid visual
patterns. This differs from previous multi-stream VSL
experiments by presenting the two patterns at exactly the
same time (rather than in an interleaved manner). We then
conducted a series of studies to ask: 1) Can people learn two
statistical patterns simultaneously? 2) How does explicit
instruction to attend to structure in one or both streams
impact learning for either stream? Answering these
questions will help make sense of the differing findings

regarding the role of attention in SL and help understand
how it interacts with other cognitive mechanisms to enable
learning.

Experiment 1
Method
Participants 32 students from the University of Toronto
participated in exchange for course credit (Mean Age =
18.03 years, 81% female).

B.

A.

Figure 1. Exposure Stimuli for Exp. 1 and Exp. 2 (Nine
distinct colors are represented here as textures to indicate
uniqueness in greyscale)
Stimuli and Familiarization All stimuli appeared on an
Apple desktop computer screen, and were presented using
PsychoPy (Peirce, 2009). Stimuli displays consisted of two
streams of visual objects. The first stream was made up of 9
distinctly colored squares, which appeared in 3 predictable
triplets (Figure 1, C1, C2, C3). The second stream consisted
of 9 distinct shapes. These shapes were also divided into
three triplets. In both streams, the transitional probability
(TP) within a triplet was 1.0, and the TP between triplets
was 0.5. One shape appeared in the center of each colored
square. The streams were correlated such that each object in
one stream could appear in tandem with three colors from
the second stream, and vice versa. Consequently, while
there was a correlation between the two streams, one color
was not uniquely associated with only one shape.
Participants watched a 7-minute sequence of overlaid
images, in which triplets from each stream were offset so
that the dip in TP which signaled a triplet boundary in one
pattern did not correspond with the TP dip in the other
pattern (the first item in a shape-triplet was overlaid on the
second item in a color-triplet). In each stream, the order of
the triplets was randomly generated for each participant
with the constraint that one triplet could not immediately
follow an instance of the same triplet. All triplets appeared
an equal number of times. Each image was presented for
600ms with an inter-stimulus interval of 200ms. A pilot
study (n=32) indicted that both streams were learnable when
presented individually (Color Mean = 77%, Shape Average
= 89%).
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Scoring AFC data were analyzed by scoring participants'
responses on whether they correctly chose the previously
presented triplet, and calculating an average response
accuracy for each participant, separately for each test type.
Forced recall scores were coded as the number of correct
within-triplet transitions a participant recalled (maximum
correct = 6). This was calculated separately for color and
shape streams.

Results

shape stream (M = 58% correct, one-sample t-test: t(31) =
1.98, p = .056, d = 0.35; Fig. 1A). A within-subjects t-test
showed that performance on the color and shape streams did
not differ (t(61.25) = 1.26, p = .21, d = 0.32; Fig. 1A).
Participants did not show a preference for shape or color
triplets (t(31) = -1.45, p = .16, d = 0.26).
Forced Recall Participants recalled more than zero shape
transitions (M = 2.66; one-sample t-test (t(31) = 8.93, p <
.001, d = 1.58; Fig. 1B). Color pattern recall (M = 2.06, SD
= 0.95), was also greater than 0 (one-sample t-test: t(31) =
12.30, p < .001, d = 2.18; Fig. 1B) and there was no
difference in recall of the color and shape streams (t(49.58)
= 1.58, p = .120, d = 0.40).
A.
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AFC Performance− Exp. 1 (No Inst.)
●●●

●●●

●●●

●●●●
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Transitions
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Tests Participants completed two types of tests to assess
their knowledge of the structure in each stream. First,
participants completed 27 two-alternative force choice
(AFC) questions (made up of three different test types),
where they saw two sequences and were asked to choose
which seemed more familiar. In all cases, participants chose
between a triplet that was present during exposure and
sequences of three items that were not a triplet during
exposure. In all foils, each item maintained the same
position it had appeared in during exposure, to create
‘position-matched’ foils (For example, a color that had been
the first color in a triplet maintained its position as the first
color in a foil, but was paired with the incorrect second and
third position items). For all tests, both shape and color were
present. One test type (color test) tested learning of the color
stream, by comparing triplets from the color stream to
position-matched color foils. The same shapes appeared
with each choice, and were position-matched shape foils.
Participants completed nine color tests.
The second type of test (shape test) compared triplets
from the shape stream to position-matched shape foils.
Here, the same position-matched color foil was presented
with each choice. Participants completed 9 shape tests. The
third type of test (preference test) asked participants to
choose between a correct color triplet and a correct shape
triplet. Participants completed nine preference tests, which
allowed us to determine if participants had a preference for
the structure of one stream over the other. Participants
completed all tests in a blocked order. Half of the
participants completed the color test first, and half
completed the shape test appeared first. The preference test
appeared last for all participants. For each of these tests,
each item from a triplet (or foil) was presented in succession
on one half of the screen and then disappeared, followed by
the second set of items (either triplet or foil), with
presentation location of the correct item (right or left side of
the screen) randomized between trials.
After completing the AFC tests, participants completed a
forced recall task, in which they wrote down the pattern that
the colors and, separately, the shapes had appeared in. They
were provided a printed bank of all the shapes and the
names of the colors they had seen during exposure.
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Figure 1. Experiment 1 (No Instruction)

Discussion
Experiment 1 shows that participants were able to learn two
statistical streams simultaneously. This demonstrates that
two simultaneously occurring patterns can be learned
without explicit instruction. The results from Experiment 1
lay the groundwork for Experiment 2, which asks how
explicit instruction to one or both stream(s) impacts learning
for both streams.

Experiment 2
Method
Participants 96 students from the University of Toronto
participated in exchange for course credit (Mean Age =
18.84 years, 69% female).
Stimuli and Familiarization All stimuli and devices were
identical to Exp. 1, except for the instructions. In Exp. 2, all
participants were informed, prior to familiarization, that an
order governed the items that they would see, and that they
should try to learn it. 32 participants were told that the
shapes occurred in a particular order (Shape Instruction), 32
were told that the colors occurred in a particular order
(Color Instruction) and 32 were told that both the shapes
and colors occurred in particular orders (Dual Instruction).

Alternative Force Choice Participants showed learning of
the color stream greater than what would be expected by
chance (M = 65% correct, one-sample t-test: (t(31) = 4.10,
p < .001, d = 0.73; Fig. 1A), and marginal learning of the
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Forced Recall Participants recalled more than zero shape
transitions (M = 3.84, SD = 2.13; one-sample t-test: t(31) =
10.22, p < .001, d = 1.81; Fig. 2B). Color pattern recall (M =
1.75, SD = 0.76) was also greater than zero (one-sample ttest: t(31) = 12.30, p < .001, d = 2.18; Fig. 2B). A withinsubjects t-test showed that participants recalled more shape
transitions than color transitions (t(38.83) = 5.24, p < .001, d
= 1.31). In addition, more shape transitions were recalled as
compared to Exp. 1 (between subjects t-test: t(58.29) =
2.63, p = 0.01, d = 0.66). The number of color transitions
recalled did not differ from Exp. 1 (t(59.25) = -1.45, p =
0.15, d = 0.36).
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Alternative Force Choice A one-sample t-test revealed that
participants performed greater than chance on the shape
stream (M = 72% correct, t(31) = 5.26, p < .001, d = 0.93;
Fig. 2A), and performance on this test was better than Exp.
1 (t(62.0) = 2.33, p = .02, d = 0.58; Table 1). An additional
one-sample t-test revealed that there was a trend toward
better-than-chance performance on the color stream (M =
56% correct, t(31) = 1.88, p = .07, d = 0.33; Fig. 2A), and a
trend toward performance on the color test items being
lower than Exp. 1 (between subjects t-test: t(61.25) = -1.80,
p = 0.08, d = 0.45; Table 1). Finally, a within-subjects t-test
revealed that participants chose shape triplets more often
than color triplets (t(31) = -3.26, p = .003, d = 0.58) when
forced to choose on preference tests.
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Dual Instructions
Alternative Force Choice Participants showed shape
stream learning (M = 60% correct, t(31) = 2.29, p = 0.02, d
= 0.40; Fig. 4A), which was not different than shape stream
performance in Exp. 1 (t(61.95) = 0.26, p = 0.79, d = 0.07;
Table 1). They also showed learning of the color stream (M
= 77% correct) that was different from chance (t(31) = 8.30,
p < .001, d = 1.47; Fig. 4A), and higher than chance
performance on the color stream from Exp. 1 (t(61.14) =
2.44, p = 0.02, d = 0.61; Table 1). Participants did not show
a preference for shape or color triplets (t(31) = -0.17, p =
0.87, d = 0.03). Additional between-subjects t-tests also
showed that shape stream performance was lower than with
only shape instructions (t(61.96) = -2.03, p = .046, d =
0.51), and that there was a non-significant trend for color
performance to be lower than with only color instructions
(t(61.87) = -1.72, p = 0.09, d = 0.43).

Color Instructions
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Alternative Force Choice A one-sample t-test indicated
that participants’ performance was greater than chance on
the color stream (M = 85% correct; one sample t-test: t(31)
= 11.17, p < 0.001, d = 1.97; Fig. 3A), which was greater
than in Exp. 1 (between subjects t-test: t(60.38) = 4.09, p <
.001, d = 1.02; Table 1). Their performance was greater than
chance on the shape stream (M = 57% correct, t(31) = 2.12,
p = 0.04, d = 0.37, Fig. 3A), but performance was not
different than Exp. 1 (between subjects t-test: t(59.17) = 0.22, p = 0.83, d = 0.05; Table 1). Finally, a within-subjects
t-test revealed that participants chose color more often than
shape on preference tests (t(31) = 3.45, p = .002, d = 0.61).
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Forced Recall Participants recalled the more than zero
color transitions (M = 3.59, SD = 1.95; one-sample t-test: t =
t(31) = 10.43, p < .001, d = 1.84; Fig. 3B). Shape pattern
recall (M = 2.66, SD = 1.73) was also greater than zero
(one-sample t-test: t(31) = 8.67, p < .001, d = 1.53; Fig. 3B).
A within-subjects t-test showed that participants recalled
slightly more color transitions than shape transitions
(t(61.18) = 2.03, p = .046, d = 0.51). Color pattern recall
was higher than in Exp. 1 (between-subjects t-test: t(44.90)
= 4.00, p < .001, d = 1.00). However, shape recall was not
different than Exp. 1 (between-subjects t-test: t(61.82) =
0.15, p = 0.88, d = 0.00).
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Figure 4. Dual Instruction Performance

Forced Recall Participants recalled the more than zero
shape transitions (M = 3.28, SD = 2.14; one-sample t-test:
t(31) = 8.66, p < .001, d = 1.53; Fig. 4B). Color pattern
recall (M = 2.99, SD = 1.58), was also greater than zero
(one-sample t-test: t(31) = 10.43, p < .001, d = 1.84; Fig.
4B). There was no difference in recall of the color and the
shape streams (t(56.93) = -0.66, p = 0.51, d = 0.17). A
between-subjects t-test also showed recall of the shape
stream was not different than in Exp. 1 (t(58.08) = 1.44, p =
0.16, d = 0.36) while color recall was higher than Exp. 1
(between subjects t-test: t(50.85) = 2.79, p = .007, d = 0.70).
Table 1: Shape and Color Performance
Instructions
Shape AFC
Color AFC
None
58%
65%
Shape
72%
56%
Color
57%
85%
Dual
60%
77%

Preference?
No
Yes, Shape
Yes, Color
No

Discussion
Results from Experiment 2 suggest that participants who
attended to one structure show increased knowledge for that
structure. Results also suggest that unattended information
is learned less well than when the same information is
learned without any instructions. While this supports the
idea that attention benefits SL, it adds the caveat that the
scope of this benefit is limited to the attended information.
Moreover, when multiple sources of structure are attended,
learning is not improved as much as attending to only one
source (be it color or shape).

General Discussion
Our results show that adults are able to learn two
simultaneously presented, but independent, statistical
patterns. Additionally, they show that attention to one
pattern of information improves learning of the attended
information, but that attention to multiple patterns does not
improve performance as much as attending to one pattern
alone. It was previously unknown how attention to structure
would impact the learning of multiple structures
simultaneously. This is a critical piece of information given
that 1) humans are naturally exposed to multiple structures
simultaneously, rather than in isolation and 2) that
attentional capacity has limits (Cowan et al., 2009), with
learners constantly having to prioritize different
information. In the following paragraphs, we will unpack
two important nuances in these data that are central to
guiding our conclusions and then review additional relevant
work.
First, the benefit of attention appears to be limited:
participants who attended to one stream showed greater
performance on the attended stream than participants who
attended to both streams. This suggests that the extent to
which attention can improve SL is limited by how much
attention can be allocated to any source of information.

Secondly, although there was a cost for the learning of
shapes when attending to color, it’s important to note that
performance was still greater than chance for the unattended
information in both color and shape instruction conditions.
This finding stands in contrast to previous work which
reported that participants showed no knowledge of the
structure of the unattended stream (Turk-Browne et al.,
2005). A possible reason for this difference is that—in the
present study—both streams of information were present
simultaneously; this could have made it harder for
participants to ignore the unattended stream (see Musz et al.,
2015 for a similar argument about the difficulty of not
attending to the unattended information). This explanation is
likely. Indeed, a failure to successfully ignore the
unattended information leading to learning mirrors results
from older adults who show can show superior learning
precisely because they have reduced cognitive control
(Amer, Campbell, & Hasher, 2016). Moreover, the
attentional manipulation used here directed participants to
attend to the structure present in one stream. This way of
manipulating attention (in a top-down, structure-focused
way) potentially has very different interactions with SL than
when participants’ attention is manipulated by an unrelated
task in a stimulus-focused way.
Taken together, this pattern of data clearly show that
attention can boost SL when attention is directed toward the
structure itself. How are we to reconcile this with the
observation that SL is available in populations with less
advanced attentional abilities, like preverbal infants and
rats?
One important note is that many of the studies that have
examined the role of attention in SL with infants and nonhuman animals have used simple patterns. Introducing two
statistical patterns suggests that environmental complexity
could impact how attention mediates SL. Furthermore, the
argument that attention is not required for SL because
infants can make use of this learning mechanism
presupposes that the attentional abilities of young infants are
not sophisticated. Yet, there is increasing evidence that the
allocation of attention in young infants is more advanced
than we might presume. For example, infants allocate their
attention to elements of their input that are neither the most
nor the least predictable; instead, they look longer at
elements that are mildly novel (Kidd, Piantadosi, & Aslin,
2014). While these authors did not examine learning
directly, their findings suggest that the attentional abilities
of infants as young as 7 months are more advanced than
initially believed. Furthermore, it suggests that attention
could facilitate learning in infants and adults alike.
Furthering the link between attention and SL may also
shed light on differences in learning that are observed
between children and adults, given that attention matures
throughout childhood. Since children have less focused
attention than adults, it is possible that the highly specific
benefit of attention observed in adults may be less
constrained in children. It is also possible that the highly
selective increase in performance for attended information
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will be more widespread in children, and that they will
improve on unattended information as well. This could
eventually help us understand why it is that children often
out-perform adults on feats like language learning—if the
mechanisms that help children learn language so
successfully interact with cognitive mechanisms that are
more developed in adults, childhood could be a unique
window of opportunity for learning without the influence of
cognitive control mechanisms that emerge later in life.
Understanding how SL interacts with the development of
other cognitive processes, like attention, will be a major
direction for future research. The present findings indicate
that, in adults, attention to structure has the power to
improve knowledge of statistical information, but that this
benefit is both limited and selective. These findings move us
closer towards understanding how SL is able to operate
successfully across learning environments that vary in
complexity, and elaborate on our understanding of how
attention mediates this fundamental learning mechanism.
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Abstract
Scientific communication includes primary scientific
literature written by and for scientists, as well as press
releases written about these scientific articles that are used to
inform the popular press. By the time new scientific findings
are reported by the press, the reporting can often reflect 'spin',
or reporting that minimizes uncertainties and exaggerates
impact, as compared to the original study. In this work, we
examine the role that the press release may play in
communicative change, in particular with respect to
differences in portrayed confidence between abstracts of
scientific articles and press releases. We examine a large
corpus of over 15,000 documents collected from online
databases covering a range of scientific topics, leveraging
automated analysis tools from natural language processing to
examine how the readability, sentiment, subjectivity, and
portrayed confidence varies between primary literature and
press releases. We find that press releases are often easier to
read, portray more positive sentiment, use language that
implies greater objectivity, and demonstrate higher confidence
in the findings. Future work should focus on examining if
these differences between press releases and primary articles
do indeed engender different perceptions in readers.
Keywords: text-mining; science communication; natural
language processing; web-scraping; automated analysis

Introduction
The communication of results is a key component of the
scientific process, both within the scientific community and
to the general public. Scientists primarily share their
findings through scientific articles, with a target audience of
academic peers. Press releases are often written about these
new scientific publications by institutions aiming to share
the results with a broader audience. Based on these press
releases and/or the primary literature, science journalists
may then write articles about the research in the press.
Although science journalists need not source their material
primarily from press releases, it has been shown that press
releases heavily influence the way science journalism
proceeds. Press releases are typically produced for studies
that are expected to be popular in the media (Styker, 2002).
When press releases are written, they often have a
significant impact on the information reported in the media.
For example, a recent case study analysis showed that the
press release was one of three sources that accounted for
85% of the content written about a particular article, with
many sources using almost verbatim text from the press
release (Taylor et al., 2015). Despite their importance, press
releases have been shown to vary in quality and often
neglect to mention important limitations in a way that may

warp the perception of the importance of the findings
(Woloshin & Schwartz, 2002).
Press releases may therefore have a large impact on the
public’s perception and knowledge of science by influencing
news coverage framing the discussion and interpretation of
primary articles. Notably, the mass media is the primary
source of information by which the public stays up to date
in science. Public perception, knowledge, and interest in
science is correlated with support for science funding
(Besley, 2016). Additionally, the degree to which a study is
covered by the popular press also influences how much
other researchers hear about the study, at least in the medical
community (Phillips et al., 1991). Having research
appropriately covered in the popular press is therefore
important for propelling future research.
Given the importance of press releases in influencing how
novel scientific findings are reported in the media, the key
question of interest here is to examine how the framing and
discussion of science differs between the primary literature
and press releases. In particular, we investigate whether
press releases emphasize the confidence in and importance
of novel findings in a way that may ultimately influence
public perceptions of science. Specifically, the hypothesis is
that when writing about scientific studies, press releases
may inflate the confidence in and importance of the
findings. This bias in press releases could then propagate to
the news media that covers the study and ultimately
influence public perceptions of science. Recent work has
indeed shown that press releases that contained ‘spin’,
defined as using reporting practices that emphasize the
beneficial aspect of the research, were associated with news
releases also containing ‘spin’ (Yavchitz et al., 2012).
Here the focus is on bias or ‘spin’ that is introduced after
the primary scientific article is written. It is a separate
question of whether scientists themselves are overinterpreting their results, as has been shown in some cases
(Menachemi et al. 2013; Lazarus et al., 2016). The
assumption here is that the peer review system for primary
literature publication helps to reduce spin by scientists, and
there is some empirical support for this (Lazarus et al.,
2016). In comparison, press releases are written by press
officers with a wide range of editorial oversight, including
often having no oversight (Woloshin & Schwartz, 2002).
The approach here is therefore to consider primary literature
as ‘ground truth’, and investigate how communication
changes after initial publication in ways that potentially
influence subsequent interpretation of the science.
Recent analyses have found that there is exaggeration in
press releases, as compared to primary articles, and that this
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is associated with subsequent exaggeration in news sources
(Sumner et al., 2014, 2016). These prior investigations were,
however, restricted to subsets of medical literature and
utilize labor-intensive methods including manually coding
specific components of how press releases report on journal
articles. Although this is a high fidelity method for
characterizing these documents, the practical implications of
using such laborious approaches severely limit the number
of articles that can be investigated.
In the present work, we therefore seek to extend this line of
inquiry using automated, computational methods developed
in the fields of text-mining and natural language processing
(NLP). Although coarser and noisier, the benefit of such
approaches is that they can be applied across a much larger
set of scientific literature. Here we seek to establish a proofof-concept report of applying NLP methodology across
scientific literature and press releases. These methods are
scalable, and can be used to examine patterns across topics,
institutions, and/or journals at a scale that would be
prohibitive using manual coding methods.
NLP techniques have been utilized for many years as a
way of automatically parsing and characterizing text data.
Broadly, most of these techniques take as input a text
document and calculate weighted sums of specific words
and/or other document features, in order to output a score
reflecting the metric of interest. For example, readability
scores often consist of a weighted sum of average word and
sentence length. These existing metrics have been validated
with respect to the properties that they measure. In this
study, we use measures for readability, sentiment and
subjectivity which are already well-studied.
In addition to the aforementioned existing metrics, a key
goal is to measure something like 'spin', for which there are
no existing automated tools. To approximate this, we
developed an NLP method to measure the portrayed
confidence of documents, and then compare between
literatures, to see how confidence levels change from
journal paper abstracts to press releases. The method
adapted to assess confidence in this study is called
Linguistic Inquiry and Word Count (LIWC). LIWC counts
word occurrences based on predetermined dictionaries of
terms and computes results based on frequency of words
from particular categories (Pennebaker, Francis & Booth,
2001). Variants of this method can be used to measure
different characteristics of writing, for example ‘clout’,
which refers to status, confidence or leadership that people
portray through writing (Kacewicz et al., 2013). To apply
this method to measure portrayed confidence, we curated a
novel corpus of high confidence words, indicating
conclusiveness, and low confidence words, indicating
hedging or uncertainty, which allows for automated analysis
of the confidence or lack thereof in a writing sample.
There are of course expected differences between press
releases based on the distinct audience, context and purpose
of the writing. The key question, therefore, is not whether
there are differences, but specifically whether there are
differences in press releases that could influence
1
2

interpretation in a way that could potentially go on to
generate systematic distortions of the public’s understanding
of science. In terms of the employed measures of
readability, sentiment, and subjectivity, we hypothesize that
primary literature abstracts will have lower scores,
reflecting more complexity, less affective tone, and lower
subjectivity as compared to press releases. With regards to
whether press releases and paper abstracts engender
differential levels of confidence in the results that are being
described, we hypothesize that as compared with paper
abstracts, where writing is tuned to a knowledgeable
scientist audience and the final text is moderated by the peer
review process, press releases will over-emphasis the
confidence in and importance of the research at hand.

Methods
Data Collection
Data, consisting of abstracts from peer-reviewed primary
scientific articles and press releases from press offices of
research institutions, were collected from open-access
databases. To select documents from these sources, a
selection of search terms were chosen to cover topics from
across cognitive science, neuroscience, and the biomedical
sciences, including clinically focused topics which may
have more salience for the general public. We launched
searches on these databases specifying a publication date
within the calendar year of 2017. All documents returned by
these searches were collected and used for this investigation.
Search terms, including the number of documents collected,
are described in Table 1.
The dataset of primary scientific literature was collected
from PubMed, an open database of primary biomedical
literature. We launched searches through Pubmed’s EUtils1,
a public application programming interface (API) for the
Pubmed database, which allows for programmatic querying
and extraction of information from the database. For each
term, approximately a thousand documents published in the
year 2017 were gathered. For each result, collected data
included the title, authors, journal, digital document
identifier (DOI), pubmed ID, and the complete abstract text.
Data for press releases were collected with a similar
procedure using EurekAlert 2, a free online database for
scientific press releases. The same terms and time period
were used to search EurekAlert. Searches were limited to
include only research-based press releases. For each search
result, the data gathered includes the title of the press
release, the institution that published it, and the full text of
the press release. Where available, data was also collected
on the journal, conference, funder, and region for the
research, as well as links to the original posting of the press
release, and to the referenced article.
In total 5659 press releases, and 9913 abstracts were
collected, across the 11 search terms, as described in Table
1. Note that this procedure does not directly match papers
and press releases written about the same individual study.

https://eutils.ncbi.nlm.nih.gov/
https://www.eurekalert.org
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Analysis reported here are collapsed across all topics,
though the patterns of results reported are also broadly
maintained within each topic specifically.
Table 1: Terms & Number of Documents
Term
# of Press Releases # of Abstracts
Autism
321
956
Cognition
346
966
Consciousness
81
954
Dementia
391
927
Diabetes
1694
870
Epilepsy
201
877
Hypertension
337
906
Optogenetics
53
606
Perception
701
980
Stroke
1078
910
Vaccines
456
960
Data Analysis
All documents were analyzed across four dimensions:
readability, sentiment, subjectivity, and portrayed
confidence. Data analysis was done using the Python
programming language, using existing open source tools,
including the natural language toolkit (Loper & Bird, 2002),
as well as custom analysis scripts.
Readability gives a measure of the how difficult it is for a
reader to understand a writing sample, where a lower score
indicates a sample is harder to read. Readability metrics are
calculated using weighted sums over measures including
average syllables per word, average letters per word, and/or
average words per sentence. We focused on the FleschKincaid reading ease measure, a weighted score of word and
sentence length developed for technical documents (Kincaid
et al., 2014). We also computed other related metrics,
including the SMOG Index and the Linsear-Write formula,
which showed the same pattern (results not reported here).
Sentiment analysis refers to the procedure of automatically
scoring the affective state portrayed by a text document,
analyzing them in terms of the opinions, evaluations,
attitudes, and emotions conveyed (Liu, 2012). Common
methods, which we apply here, score texts based on word
use, as defined by pre-existing dictionaries of words that
have been validated as reflecting positive, neutral, or
negative states. For this analysis, the VADER lexicon was
used (Gilbert, 2014), with results also corroborated when
calculated using the Liu-Hi Lexicon (Liu, 2012).
Subjectivity analysis is a subset of sentiment analysis,
distinct from the positive/negative classification discussed
above. Rather, subjectivity refers to the extent to which a
text appears to reflect a subjective state or opinion, as
compared to presenting objective information. For this
analysis, a classifier was trained on an existing available
database that contains labeled examples of subjective and
objective sentences (Pang & Lee, 2004) using a Support
Vector Machine. The input features to the classifier were
tokenized words for each labelled sentence. On a held out
test set of the labelled corpus, this classifier achieved 89%
accuracy (chance level: 50%). For our analysis, each

sentence of each document was classified using this pretrained classifier, with the overall document score consisting
of the number of subjective sentences minus objective
sentences, such that a negative score reflects a document
with an overall objective stance, whereas a positive score
reflects a document with a more subjective stance.
A custom procedure was developed to measure portrayed
confidence using the linguistic inquiry and word count
(LIWC) method (Pennebaker, Francis & Booth, 2001). To
apply LIWC for confidence ratings, a custom corpus of
terms was created, with terms scored as reflecting either
high or low confidence with respect to a claim being made.
This corpus was initially compiled and scored by the
authors, and then qualitatively evaluated by an external
group for consistency to determine the inclusion and score
of individual terms. In total, this dictionary included 100
terms, scored for portrayed confidence. Table 2 includes
examples of scored terms. Using this dictionary, the LIWC
method was used to count occurrences of these confidencerelated words across each document, assigning a score to
each document.
Table 2: Examples of High & Low Confidence Words
High Confidence Words

Low Confidence Words

conclusively
confirms
definitively
demonstrates
establishes
proves

appears
could
may
possibility
seems
suggests

Preprocessing procedures included removing any
documents that received outlier scores, defined as being
outside of four standard deviations of the distribution of
measures within their group for a given metric. This
procedure resulted in 156 documents being dropped from
further analysis. Re-running the analyses with these data
points included did not significantly change the pattern of
results. Paper abstracts and press releases also tended to
differ in terms of their length. To ensure this difference was
not driving the results, all analyses were also performed
while explicitly controlling for document length, and it was
verified that there were no significant changes in the results.

Results
To investigate whether the distinct modes of scientific
communication (primary literature versus press releases)
engender different levels of confidence in the conclusions of
a given study, metrics covering readability, sentiment,
objectivity and portrayed confidence were calculated across
collected documents. We hypothesized that, when compared
to primary scientific abstracts, press releases would be
found to be easier to read, show higher levels of positive
sentiment, include more subjective language, and
demonstrate higher confidence in the conclusions discussed.
Results presented reflect comparisons between document
types, collapsed across all topics, though findings were also
broadly consistent for every measure within every topic.
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The four measures employed display significant but small
magnitude correlations with each other, as described in table
3, suggesting that each captures unique variance in the data.
For each measure, averages, as the mean value, and standard
deviation (std) were calculated. Bartlett's test for equal
variances was used to assess differences in variances
between document type. Since all measures had
significantly different variances, the Welch's independent
samples t-test was used to assess for significant differences
in the means, as it does not assume equal population
variances. Effect sizes were calculated with Cohen's-d.
Table 3: Pearson Correlations Between Metrics

indicate more high confidence terms used. For press
releases, the average was 4.39 (std: 6.67), indicating that
this writing tends to be more confident and conclusive, as
compared to the primary literature that appears to convey
uncertainty more frequently. These group differences
between document type were significantly different
(t(9915)=20.11, p<0.001), with an effect size of 0.36.
We also examined some simple descriptive analyses of the
press releases, finding that only 45.4% of press releases
included a link to their primary article, and only 36.0%
contained a link back to the original press release from the
press office of the institution who wrote and published it.

Readability Sentiment Subjectivity Confidence

Readability

-

0.022*

-0.063**

0.093**

Sentiment

0.022*

-

0.032**

0.110**

Subjectivity

-0.063**

0.032**

-

-0.109**

Confidence

0.093**

0.110**

-0.109**

-

* p < 0.01; ** p < 0.001

In terms of readability, the Flesch-Kincaid Reading Ease
average for paper abstracts across all terms was 29.77 (std:
14.79), reflecting a reading grade level of a college
graduate. The average readability score for press releases
was 39.74 (std: 9.65), reflecting a reading grade level of a
college student. These readability measures between
documents types were statistically significantly different
(t(9915)=50.05, p<0.001), with an effect size of 0.79.
The average sentiment score for paper abstracts across all
terms was 0.33 (std: 1.64), where positive scores indicate
positive affect, suggesting that the primary literature tends
to be relatively neutral, including positive and negative
language and style in approximately equal amounts.
Comparatively, the average sentiment score for press
releases across all terms was 1.17 (std: 3.30), indicating a
trend towards a more positive affect in these documents.
The relatively high variance reflects in part that different
topics tended to have relatively different sentiment scores,
though it was consistent across each topic that press releases
were more polar (further from a sentiment score of 0) than
paper abstracts. Across all topics, these group differences
between document type were significantly different
(t(9915)=17.60, p<0.001), with an effect size of 0.32.
The average subjectivity score for paper abstracts across
all terms was -1.01 (std: 3.58), wherein more negative
scores reflect more objective sentences (and positive scores
reflect more subjective sentences) indicating that primary
literature tends to be relatively neutral, including subjective
and objective language and style in approximately equal
amounts. The average subjectivity score for press releases
across all terms was -3.54 (std: 5.56), indicating that this
type of writing tends towards using more objective language
as compared to abstracts. These group differences between
document type were significantly different (t(9915)=30.40,
p<0.001), with an effect size of 0.54.
The average confidence score for paper abstracts across all
terms was 2.45 (std: 3.78), whereby more positive results

Figure 1: Distributions of metric results, across all topics,
separated by document type (abstracts vs. press releases).

Discussion
In the above computational analysis of writing style, we
found systematic differences in the features of paper
abstracts and press releases, showing press releases to have
a lower reading level, more positive sentiment, more
objectivity, and higher confidence in their findings.
One primary difference between abstracts and press
releases is audience, and this distinction is perhaps best
demonstrated by the readability measure. Press releases are
designed for consumption by scientific journalists rather
than technically-trained scientists themselves, and the
analysis found that press releases had a somewhat higher
readability score, supporting this hypothesis. This difference
in readability may also indicate that press releases may
reduce the complexity and perhaps
nuance which is
conveyed by the scientific paper. Notably, press releases do
still have a high reading level, though this is consistent with
them serving as a middle ground, before further translation
for the news media.
Another important distinction is that press releases are
often intended to convey not only the results, but also the
significance, impact, and valence of a scientific study.
Because of this, they can be hypothesized to be likely to
take a more polar tone in order to communicate the potential
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impact of a study. The analyses here support this
hypotheses. Whereas a paper abstract is designed to describe
the specific details and outcomes of a study, press releases
are more likely to provide context and extrapolate, taking on
more of an affective tone, reflected by the sentiment scores.
A somewhat surprising outcome resulted from the
subjectivity analysis. In this case, the data refuted the
hypothesis, suggesting press releases contain a higher
proportion of objective sentences to subjective sentences as
compared to paper abstracts. This is consistent with both
document types being overall objectively framed, though
press releases seem to be even more so than abstracts. This
may relate to the information contained in the different
documents, as much of the typically longer press releases
could be dedicated to providing context to journalists who
are not presumed to have field-specific training. This
context may be largely factual and objective, with perhaps a
relatively small amount of the press release containing more
subjective content. Other possible explanations for this
phenomenon include that writing about one’s own work (in
abstracts) may include subjective descriptors, and/or that
increased subjective components in abstracts could reflect
hedging or uncertainty of the author. The current analysis
did not offer the resolution to parse out these more nuanced
details, making this an avenue for future work.
Finally, the confidence analysis found press releases to be
notably more confident in their conclusions than primary
scientific literature, supporting the original hypothesis. As
the confidence corpus reflects, these press releases tend to
contain fewer words that would indicate hedging,
uncertainty, or inconclusiveness, instead using words that
highlight the conclusiveness and importance of the findings.
Taken together, these results align closely with the
hypotheses of this experiment. The two types of writing
give rise to distinct features and styles due to their expected
audience and function, though it is important to note that
both serve primarily to communicate scientific findings. The
measured differences, however, demonstrate a more critical
contrast between the two - press releases on average and
across fields tend to show more confidence and
conclusiveness in the findings as compared to their primary
literature counterparts over a number of linguistic features.
The analyses described above indicate that press releases
may not convey as much uncertainty, while taking on a
more positive tone and approach to the literature at hand.
This is consistent with press releases containing more
'spin' (Sumner et al., 2014, 2016), which may lead to
misconceptions by journalists and the public as to the
confidence, and uncertainty of scientific results.
This finding about confidence is important as it suggests
that the known influence of press releases on the news
media (Yavchitz et al., 2012) may serve to give a biased
view of science to the lay public, who may be more likely to
view science as the collection of well described, reliable
facts, as opposed to a constantly evolving process. If the
public has a view of science as being more like a collection
of facts, this could create cognitive dissonance with the
frequent reporting of incompatible results between different
scientific studies. Scientists may be more aware of science
as an evolving process, with a body of knowledge that is

constantly being refined, and at times even re-written, based
on new information. The public, by comparison, may often
build a conception of science using news media which overemphasizes the confidence and importance of findings.
When inconsistent findings are reported, this could
potentially lead to confusion and ultimately a loss of
confidence in the scientific process itself.
A consistent finding across all employed measures is that
the variance for each measure was significantly larger for
press releases than for paper abstracts. The increased
variance in press releases may reflect the relative lack of
editorial oversight in press releases (Woloshin & Schwartz,
2002), allowing for more idiosyncratic writing, as compared
to the peer-review process for primary literature.
We also examined some simple descriptors of how often
press releases link to the primary literature that they are
describing and found a disappointingly low number, with
less that half of press releases doing so. This is a problem in
of itself, as press releases and news media that become
disconnected from the scientific studies upon which they are
reporting make it harder for readers to refer back to the
primary literature.
Limitations
There are several limitations to the study. In the data
collection procedure employed, primary articles and press
releases are not directly linked to each in a 1-1 manner,
confining analyses to group comparisons between topics.
The search procedures also do not ensure that selected
documents are primarily about the searched-for topic, and
may merely mention them. All of this serves to add some
'noise' to the analysis. Similarly, we have only coarse
measures by virtue of the relatively simplified methods
employed here. These methods focus primarily on word
distributions, and as such are rough measures of complex
concepts. Nevertheless, this approach is automated and
scalable allowing for examination of patterns across much
larger datasets in a manner complementary to hand-coding.
Though press releases do have a large impact on the
popular press (Taylor et al., 2015), they are still a step
removed from material that the public actually reads, and so
further work is needed to ascertain both how the reported
findings in press releases influence the popular press and
what impacts this may have on the public. In particular,
further work must investigate what effects the language
used in science reporting actually has on readers. Though
we might expect that the communication of confidence and/
or uncertainties in science may influence readers beliefs,
some work has shown that communication of uncertainties
does not necessarily change beliefs about the nature of
science (Retzbach & Maier, 2015).
Papers and press releases are also difficult to
systematically compare on a specific properties such as
confidence because of their distinct purposes and writing
styles. Each fulfills a different role in the process of
scientific communication causing the two to take on slightly
different forms, though both are primarily informative. Press
releases are often longer than paper abstracts and written to
inform a less scientific audience about both the outcome and
significance of a study. Although we controlled for
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differences such as word length, differences in the document
type and purpose are a potential confound to keep in mind,
in terms of ensuring that the employed measures faithfully
reflect the desired aspects being investigated, and don't
simply reflect trivial differences related to document format.
Future Work
This work sought to demonstrate that automated
procedures such as those employed can be used at scale to
further investigations in a research area that has traditionally
relied on more manual procedures. Further work is still
required to further validate these approaches. In particular,
further work should be done to validate the custom
dictionaries curated here, perhaps using norming studies that
validate the portrayed confidence of the chosen words, and
by an analysis that compares the present methods directly to
a manually scored subset, to investigate the degree to which
these methods are consistent, and/or how they may diverge.
There are also numerous other investigations that can be
run on this data, including using other analysis metrics from
natural language processing, extending the analyses to
include more topics, as well as a potentially fruitful avenue
that would seek to specifically connect individual press
releases to the primary articles they are written about, as
well as to news articles to examine specific instances, rather
than relying on the group approach used here.

Conclusion
The present study sought to examine differences between
the primary scientific literature and press releases,
specifically in terms of how differences in writing and style
may relate to portraying the confidence in and importance of
the work being communicated. We tested the hypothesis that
institutional press releases exaggerate the confidence in and
importance of a given study compared to primary scientific
writing. Using automated analyses across a large dataset, we
found that press releases score higher than paper abstracts in
readability, sentiment, and confidence, and lower in
subjectivity. This suggests that press releases hedge less
frequently and reduce uncertainties which may be conveyed
in primary scientific writing. This potentially influences
subsequent reporting by journalists which could provide the
lay public with misconceptions regarding the scientific
process. Future work should expand on these analyses by
further validating and improving the method for confidence,
comparing results to hand-coded analyses, exploring
popular press articles to get a better understanding of the
entire scientific communication process, and investigating
the impacts of writing style on interpretation.

Code & Data Availability
Project code and the collected dataset are available at:
https://github.com/wdfox/ConfidenceScanner
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The effect of expertise on auditory categorization: a domain-specific or
domain-general mechanism?
Marjorie Freggens
Ohio State University, Columbus, Ohio, United States

Mark Pitt
Ohio State University, Columbus, Ohio, United States
Abstract
Are the perceptual and cognitive changes associated with expertise due to improvements in domain-general abilities or
changes to domain-specific representations? Elmer et al. (2014) measured how controls, language experts, and musicians
categorized perceptually ambiguous sounds (blends of speech and music) and concluded domain-general changes underlie
expertise. Acoustic and perceptual analyses of their stimuli suggested their stimulus creation methodology might have
distorted the results. An experiment replicated and extended their findings with revised stimuli. Results suggest that
expertise leads instead to domain-specific changes in representational weighting or selective attention.
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A Computational Model of the Acquisition of German Case
Daniel Freudenthal, Julian M. Pine, Fernand Gobet
Department of Psychological Sciences, University of Liverpool
Abstract
We present a computational model of the acquisition of
German case that is evaluated against empirical data obtained
from naturalistic speech. The model substitutes nouns into
existing contexts, and proceeds through a number of stages that
reflect increasing knowledge on the part of a child, both of the
determiner-noun sequences that are legal in German, and of the
determiner-noun sequences that are appropriate in specific
sentential contexts (cases). The model provides a natural
account of gender and case errors, the two most common error
types produced by children, and shows the highest error rates
in dative contexts and lowest error rates in nominative contexts,
as is true of children learning German. However, the model’s
error rates in the early stages are considerably higher than those
shown by children, suggesting that children possess a fairly
sophisticated representation of how lexical contexts assign case
from a relatively early age.
Keywords: German Case, Acquisition, Computer Modelling

Introduction
A major question in the study of language acquisition is how
children learn to mark the morphological contrasts that are
distinguished in the language they are acquiring. One such
contrast is grammatical case. Many languages mark the
grammatical role (subject, object) that nouns (and pronouns)
play in the sentence. Languages differ in the complexity of
their case system. English distinguishes three different cases
(nominative, genitive and accusative) and only marks them
on pronouns (he, his, him). The focus of the current paper is
the German case system, a system that is considerably more
complex than the English system, and poses a challenge for
language-learning children.
German distinguishes 4 cases (nominative, genitive, dative
and accusative), which roughly translate to subject,
possessive, indirect object and direct object. German case is
expressed on determiners and adjectives as well as pronouns.
German case is particularly complicated because German
nouns are gendered, and the correct form of the determiner
depends both on the gender and case of the noun. Table 1
shows the different forms of the definite and indefinite article
for the different combinations of gender and case. As can be
seen in Table 1, there is a degree of syncretism in the German
determiner system with only 6 forms covering the 16 cells of
the paradigm for both the definite and indefinite article.

Masc.
Fem.
Neut.
Plural

Table 1: Case marking in German
Nom.
Gen.
Dat.
Acc.
der/ein des/eines dem/einem den/einen
die/eine der/einer
der/einer
die/eine
das/ein des/eines dem/einem
das/ein
die/-der/-den/-die/--

Early acquisition reports (Mills, 1985; Czepluch, 1996)
suggest that the German case system presents a challenge for
children who make errors of omission and commission, and
that errors are most common on the dative, which is relatively
infrequent. However, these findings are based on diary data
or very small samples. More recent and detailed data
(Szagun, 2004) confirm that German children’s acquisition
of the determiner system is protracted and error-prone.
Szagun analyses spontaneous speech samples from normalhearing children as well as children with cochlear implants,
and determines rates of correct use of nominative, accusative
and dative (definite and indefinite) determiners. Szagun
reports data for Mean Length of Utterance (MLU) points of
2.8, 3.8 and 4.8. Because of data sparseness, she collapses
data across the first two MLU points for the analyses of
accusative data, and across all three points for the dative.
The pattern of errors in the normal-hearing group can be
summarized as follows: Error rates on the nominative are
relatively low, ~20% for the first MLU point, decreasing with
increasing MLU. Early errors are largely gender errors – the
child produces a determiner that is inappropriate given the
noun’s gender, though omissions and proto-forms also occur.
Errors on the accusative (which partly derive from a higher
MLU point), are largely case errors – the child produces a
determiner that is appropriate for the noun’s gender, but
inappropriate given its case. These errors mostly take the
form of nominative for accusative errors. On the indefinite
article, this error occurs at roughly 35% for the first two data
points, and at 20% for the third data point. Error rates on the
definite article are lower, and errors are more varied.
Errors on the dative (reported for the definite article only)
occur at rates close to 50%. The most common errors are
nominative for dative and accusative for dative errors (~30%
combined), though omission and case+gender errors also
occur. The fact that these data are collapsed over all three
MLU points suggests that error rates would be considerably
higher if children produced more nouns in dative contexts
during the early stages. They also indicate that children
continue to make errors even at a relatively late stage of
development. Szagun does not report data on the genitive,
which is rare in child language.

Earlier modelling attempts
MacWhinney et al. (1989) develop a connectionist model that
learns German gender, number and case. The model was
shown a number of phonological, morphological and
semantic cues to a noun’s gender, as well as sentential cues
to its case. The task of the (back-prop) model was to associate
these cues on the input layer with the correct form of the
(definite) article that was shown on the output layer. The
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main finding was that the model was capable of learning this
association, and could generalize this knowledge to
previously unseen nouns – even when the (38) gender cues
were replaced with a phonological representation of the stem,
thus providing evidence that German noun gender is
learnable from phonological cues alone. MacWhinney et al.
also report that, halfway through training, the model showed
relatively good mastery of the nominative, showed poor
mastery of the genitive, made some over-generalisation
errors, and made many errors of omission.
However, while the model produced errors that have been
reported in the child literature, it does not appear to provide
a good fit to the child data. Omissions (which reflect the fact
that none of the output nodes was sufficiently activated to be
selected), were by far the most common error type (68% of
all errors), and dative errors were actually less frequent than
nominative and accusative errors. This pattern is clearly
different from that reported by Szagun, who finds the highest
error rates on the dative, and reports omission levels well
below 10%.1 Moreover, it is not clear from MacWhinney et
al.’s data which forms were substituted for which targets, and
hence whether the pattern of overgeneralizations and other
kinds of errors matches that reported by Szagun. Finally,
while it is clearly encouraging that the model was able to
learn both gender and case and generalize them to unseen
items, it is unclear why the model produces the errors that it
does. The current paper aims to improve on this situation by
developing a model of the acquisition of German case that (a)
provides a closer fit to the (developmental) data reported by
Szagun, and (b) provides a clearer account of the types of
errors that it produces.

The current model
The data reported by Szagun suggest that children go through
an initial stage where they are unsure of a noun’s gender and
combine nouns with determiners that are inappropriate given
their gender (gender errors). This stage is relatively shortlived, and children quickly become more sensitive to the
determiners that are paired with specific nouns. However,
children may still produce determiners that are inappropriate
given the context (case) in which a noun occurs. Case errors
tend to take the form of nominative for accusative, and
nominative/accusative for dative. Since nominative contexts
are most frequent, and dative least frequent, this finding
suggests that children’s knowledge of case-appropriate
determiners develops more quickly for contexts that occur
more frequently.
Here, we explore if the pattern of errors reported by Szagun
can be understood in terms of a mechanism that substitutes
nouns into existing contexts, and becomes increasingly
sensitive both to the determiner-noun sequences that are legal
in the language as a whole, and the determiner-noun
sequences that are appropriate in specific sentential contexts.
Our model proceeds through three stages. In a first stage, it
substitutes nouns into existing contexts without considering
1

their gender. Since this stage treats nouns of different genders
as equivalent, it is likely to result in gender errors. However,
the rate of gender errors reported by Szagun is not
particularly high, so the model’s fit to these data may provide
some insight into children’s knowledge of noun gender.
In a second stage, we use input analyses to constrain the
determiners that are paired with novel nouns. We analyse
German Child-Directed Speech and note the most common
determiner that precedes specific nouns and substitute the
noun with its most common determiner into determiner+noun
contexts. Since the most common determiner is very likely to
be gender-appropriate, gender errors are not expected in this
stage. However, since the most common determiner for a
noun may be inappropriate for the noun’s case, case errors
are expected. A process of ‘defaulting’ to the most frequent
form has been reported in several domains and languages
(Laalo, 2003; Aguado-Orea, 2004; Räsänen et al., 2014;
Freudenthal et al., 2015). The main question of interest here
is whether a process of defaulting to the most common
determiner for a given noun results in the basic pattern of
(over-generalization) errors reported by Szagun.
In stage 2 it is assumed that children always select the most
common determiner for a given noun. In stage 3 we
investigate how increasing knowledge of the lexical contexts
that assign a specific case affects children’s ability to select a
case-specific determiner (and hence reduce the number of
defaulting errors from stage 2). This is done by coding nouns
in the input for their grammatical role (case), on the basis of
their position relative to an (increasingly large) set of (main)
verbs, pronouns and prepositions. We then assess which form
of the determiner is most common for a given noun both
overall, and in specific case contexts. The choice of
determiner for a noun in a given case context is determined
by the number of times that noun has been seen in that
context. For nouns that have not been seen frequently (i.e.
less than a threshold value) in the target context, the
mechanism selects the most common determiner (across all
contexts). For nouns that have been encountered in the target
context more frequently the most common determiner for the
given context is inserted instead. We investigate the model’s
performance using three sets of marker words of increasing
size that reflect children’s increasing knowledge of case
contexts. The main questions of interest here are how this
changing knowledge affects the type and rate of case errors
(and their fit to the child data), and how appropriately the
mode is able to mark case across the system. We first provide
a brief description of German case, before describing our
input analysis, and the simulations.

German Case
German distinguishes four cases: nominative, genitive, dative
and accusative. Nominative case is assigned to the subject of
the sentence. It is also assigned to nouns in isolation (citation
forms) and to subject complements expressed using linking
verbs such as the copula. Thus, the noun Hund in the

Szagun only counts omission errors from MLU 2.5 onwards.
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utterance Das ist ein Hund-NOM (That is a dog-NOM) has
nominative case. Genitive case which expresses possession
(e.g. the book of the Man-Gen), is relatively rare, and is not
considered here. Dative case is assigned to indirect objects
and follows certain dative verbs and prepositions (e.g.
schicken (send), or mit (with)). Finally, accusative case is
assigned to direct objects, but is also assigned by certain
prepositions (e.g. für (for)). A complicating factor is that
some prepositions assign either dative or accusative case
depending (roughly) on whether movement is involved.
Thus, the preposition in assigns accusative case in a phrase
like ‘he jumps in(to) the water’, but dative case in a phrase
like ‘he swims in the water’. Overall, however, nouns that
follow a preposition are more likely to be dative than
accusative.

Input Analysis
The input analysis was carried out on the Child-Directed
Speech addressed to 4 children (Corinne, Cosima, Pauline
and Sebastian) from the Rigol corpus, available from the
CHILDES data base (MacWhinney, 2000). The corpus
consists of a range of short recordings of the children between
the ages of 1 and 4 years and contains approximately 150,000
adult utterances.
The main aim of the input analysis was to determine what
words precede specific nouns both overall, and in contexts
that assign nominative, accusative and dative case. The
rationale behind our modelling approach is that children are
likely to provide the correct determiner for a noun in a given
case context, if they have frequently encountered that noun in
that case context. Errors are more likely for nouns that have
been encountered in a given context less frequently.
Moreover, these errors are likely to take the form of the
insertion of a determiner that has frequently been
encountered with the noun across all contexts. That is,
children are likely to default to the most common determiner
for a given noun if the child has limited experience with the
noun in its target context, and they are more likely to produce
the correct determiner if they have encountered the noun it its
target context more often.
Needless to say, the number of times a noun has been
encountered in a given case context is not only a function of
the input that a child hears, but also depends on the child’s
ability to correctly identify a noun’s case. For this reason, we
coded the thematic role of nouns in three ways that are meant
to reflect children’s increasing understanding of which
lexical contexts assign which case. The schemes follow the
same rules and assign thematic roles relative to a set of
marker words consisting of verbs, pronouns and prepositions.
The small marker set included the 50 most frequent verbs, the
10 most frequent pronouns, and the 10 most frequent
prepositions. The intermediate set increased the number of
verbs to 200 and included all pronouns and prepositions. The
2

Only phrases shorter than 7 words were analysed.
As was argued earlier, post-prepositional nouns can be either
dative or accusative. Here we assign them to a single class on the
grounds that, overall, post-prepositional nouns are likely to be
3

large set further increased the number of verbs to 2000. The
three different coding schemes thus reflect an increasing
ability on the part of the child to correctly identify case
contexts, and hence to determine the appropriate determiner
for a noun in a given context.
Coding for thematic roles was done by first dividing the
Child-Directed Speech in the Rigol corpus into phrases by
breaking utterances up at commas. We then searched the
resulting phrases for nouns2, and compiled a list of words that
preceded each noun (i.e. on a noun-by-noun basis). Coding
for thematic role was done by distinguishing between nouns
that were likely to fill the thematic role of subject, object or
that were post-prepositional3:
• Nouns were marked as post-prepositional if they
followed a preposition-determiner sequence.
• Nouns in declaratives were marked as accusative if
they followed a verb (excluding linking verbs such
as the copula) and/or preverbal nouns in an utterance
that contained a pronoun4. Post-verbal nouns in
questions were marked as nominative if the
utterance contained no pronoun, to account for verb
inversion in German question formation
• All other nouns were marked as nominative. This
included nouns in isolation/citation form, as well as
nouns in copula constructions, but also (for the small
and intermediate marker set) nouns following verbs
or prepositions that were not included in the set of
high frequency words.
For each noun, this procedure resulted in four lists of words
that precede it: one each for the three separate cases as well
as the combined list that consists of the words preceding a
noun regardless of case. Note that the coding for case context
(especially nominative case) is necessarily noisy. Thus, even
when coding using the large set, nouns may occur in contexts
that appear nominative but are paired with non-nominative
determiners. Examples of this include isolated determiner
noun sequences that are elliptical answers to questions.
Likewise, object nouns occur preverbally in German
modal/infinitive constructions (I want a cookie-ACC eat),
which may have their pronoun and modal verb elliptically
omitted. However, since the main question of interest here is
what is the most common form of the determiner for a given
noun-case combination, such instances are unlikely to give
rise to high error rates. Results of the input analysis
(collapsed over all nouns) are shown in Table 2.
Table 2 shows that, as expected, nominative case is most
frequent, followed by accusative and then ‘prepositional’
case. It is also apparent that the large marker set classifies
fewer nouns as nominative than the small marker set. This is
not surprising given the nature of the coding scheme, but it is
consistent with nominative case becoming less of a default as
children’s knowledge of case contexts increases.
dative, and that the distinction between accusative and dative
prepositions is a subtle one that is likely to be acquired late.
4 To account for object topicalization
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Table 2: Number of nominative, dative and accusative
contexts for the small, intermediate and large marker sets.
Nom.
Acc.
Dat.
Small
27,407
6,235
5,620
Interm.
25,713
6,979
6,570
Large
25,149
7,543
6,570

The simulations
We evaluated our model by investigating the errors it
produced in 3 different stages. In a first stage, we slotted
nouns into existing sentential contexts and noted the model’s
propensity to substitute nouns of differing genders (and hence
to produce gender errors). In a second stage, we paired nouns
with the most common preceding word, and determined the
pattern of defaulting errors. In a third stage, we used the
results from our input analysis to pair nouns with the most
common word given a specific case. This reflects a stage in
which children start to use their developing knowledge of
case contexts to select a case-appropriate determiner.
Stage 1: Case errors in noun substitutions
The first stage was implemented by selecting from the
input 1,000 utterances that were between 2 and 5 words long
and contained a determiner followed by a singular noun.
Next, we took the 100 most common singular nouns from the
input analysis and substituted these for the nouns in the target
utterances. Since nouns in German are gendered, this
procedure has the potential to substitute nouns for nouns of a
different gender, and hence result in determiner-noun
sequence that are illegal, or inappropriate given the gender of
the substituted noun. As can be seen in Table 1, this will be
the case for the majority of substitutions involving nouns of
a different gender. Since the three genders have no overlap in
nominative and accusative determiners, the cross-gender
substitution of a noun in a context marked for accusative or
nominative case is very likely to result in a determiner-noun
sequence that is illegal (i.e. a gender error). The only
exception is the substitution of a Feminine noun for a
nominative Masculine noun. The nominative Masculine
determiner (der) is appropriate as a dative feminine article.
However, since the context into which the feminine noun is
substituted is a nominative one, the appropriate determiner is
die. Likewise, substitutions in dative contexts give rise to
errors if a feminine noun is involved, but since masculine and
neuter nouns share the determiner dem, these can be
substituted without error.
Analysis of the noun substitutions reveals that roughly twothirds involve nouns of different gender, and hence that the
potential for gender errors is very high – considerably higher
than the maximum of 15% reported by Szagun (2004). The
results of this analysis thus suggest that children’s production
of determiner-noun sequences is either more conservative, or
considerably more sophisticated than simple substitution of

nouns into existing contexts, at least in the MLU range
studied by Szagun.
Stage 2: Defaulting to the most common determiner.
We investigated the latter possibility by substituting not
just the noun, but a two-word sequence consisting of the noun
as well as the most common word5 that preceded it in the
input. Since the most common word preceding a noun is very
likely to be appropriate considering the gender of the noun,
such an approach is unlikely to result in gender errors.
However, since the most common word preceding a noun is
likely to reflect the most common role of a given noun in the
input, rather than the context to which it is inserted,
substitution of determiner noun sequences is likely to give
rise to case errors.
The analysis of case errors was restricted to the Masculine
nouns in the 100 most frequent nouns. As can be seen in
Table 1, Feminine and Neuter nouns take the same
determiner in nominative and accusative contexts (die and
das, respectively). Thus, while errors on the dative can be
identified in all three genders, only the masculine allows one
to identify errors on the nominative and accusative. Table 3
shows the distribution of the case assigned by the most
common word preceding the different nouns. The first row
only considers determiners, while the second row also
considers determiners contracted onto prepositions.
Contractions are common in German. Masculine dative in
dem (in the), is commonly contracted to im.. However, since
the preposition in assigns dative case the contracted form can
always be considered correct.
Table 3: Case of the most common
determiner of masculine nouns.
Nom
Dat
Acc
Determiners
.68
.05
.26
only
Inc.
.59
.18
.23
contractions
It is obvious from Table 3 that the most common
determiner for most masculine nouns is the nominative.
However, around a quarter of nouns occur mostly in
accusative case. Dative case is least common. If children
produce nouns in novel contexts with the determiner they
occur with most often, they are therefore expected to make
the fewest errors in nominative contexts, and the most errors
in dative contexts, as reported by Szagun. Moreover, most
errors would involve the insertion of a nominative determiner
in a non-nominative context. A process of defaulting to the
most common determiner therefore results in the basic
pattern of overgeneralization shown by children acquiring
German case. However, error rates on the accusative and
dative would approach 75% to 80%, which is considerably
higher than the rates reported by Szagun. This suggests that,

5

We only analysed instances where the most common word was
a definite or indefinite article.
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at least in the MLU range studied, children do not simply
insert the most common determiner for a given noun, but
instead show evidence of some knowledge of caseappropriate determiners for the nouns they produce.
Stage 3: Frequency-based insertion of case-specific
determiners
The data in Table 3 reflect a situation where a child produces
a noun with the word that precedes it most often, regardless
of the context it occurs in. We next investigate the situation
where coding for case contexts is taken into account. The
coding rules described earlier were applied using a small,
intermediate, and large set of marker words (verbs, pronouns
and prepositions) for coding case contexts. Nouns were coded
as occurring in post-prepositional (dative), nominative and
accusative context. Next, nouns were probed for the most
common preceding word in these contexts. Where a noun had
occurred in the relevant context a minimum of 10 times, we
inserted the most common determiner for that context. Where
a noun had occurred fewer than 10 times, we inserted the
most common determiner overall (i.e. from Table 3). The
rationale behind this is that, as children become more aware
of which lexical contexts assign which case, they are more
likely to apply case correctly. Tables 4 and 5 give the results
(response distribution in columns) for small and intermediate
marker sets. Rows marked ‘Err < cutoff’ represent the
proportion of (all) errors in a column where a noun has not
occurred in the target context sufficiently often, and the most
common determiner across all contexts is inserted.
Table 4: Response distribution for small marker set
Targets
Nom Dat
Acc
Nom.
.70
.29
.35
Dat.
.00
.52
.06
Acc.
.30
.19
.59
Err. < cutoff .17
.80
.71

Table 2), but marks these with higher accuracy, and hence is
less likely to insert an incorrect determiner.
The large marker set (Table 6), which mainly uses a larger
verb category, identifies more contexts as accusative, leading
to a reduction in error in both the nominative and accusative,
but not the dative. This is not surprising since the number of
(frequent) prepositions is limited and the stricter coding
scheme does not identify more contexts as dative/postprepositional, and thus suggests that many nouns do not occur
in dative contexts very often. We investigated this by
lowering the threshold to 0, meaning we always inserted the
most common determiner for a given context. This lowered
error rates to .06 for the nominative, .13 for the accusative,
and .20 for the dative. These remaining errors reflect noise in
the coding scheme, or in the case of dative/post-prepositional
errors, reflect the fact that, while most prepositions assign
dative case, some actually assign accusative case.
Taken together, the results of analysis 3 show that the
pattern of errors reported by Szagun is consistent with a
mechanism that inserts the most common determiner for
nouns that have been encountered in a given context
infrequently, and a case-appropriate determiner in contexts
that have been seen frequently. However, they also suggest
that error rates on the small marker set are too high, and thus
that children have relatively sophisticated knowledge of the
contexts that assign (nominative and accusative) case.
Table 6: Response distribution for large marker set
Nom
Dat
Acc
Nom.
.89
.24
.20
Dat
.00
.52
.07
Acc.
.11
.24
.73
Err. < cutoff
.50
.70
.50

Conclusions

Table 5: Response distribution for intermediate marker set
Nom Dat
Acc
Nom.
.85
.24
.31
Dat
.00
.52
.06
Acc.
.15
.24
.62
Err. < cutoff .32
.70
.67
Tables 4 and 5 show that error rates are lowest for
nominative case, and highest for dative case, as reported by
Szagun. Errors on nominative case mostly occur over the
threshold value, while errors for dative and accusative case
mostly occur under the threshold value. This reflects the fact
that the coding scheme (correctly) identifies many contexts
as nominative, and most nouns are thus seen in nominative
contexts more than 10 times. The main difference between
coding using the small and intermediate marker set is that
accuracy for the nominative is higher in intermediate coding.
This reflects the fact that the larger set of marker words in the
intermediate set marks fewer contexts as nominative (see

Our model provides a clear account of the types of errors
produced by children acquiring German case. Gender errors
result from cross-gender substitutions into existing contexts,
while case errors result from a process of defaulting to the
most common determiner for a given noun. Analysis 2
showed that such a defaulting mechanism supports the basic
pattern of errors shown by children acquiring German case.
However, both mechanisms produce errors at rates that are
considerably higher than those shown by children, and thus
suggest that children’s knowledge is more sophisticated.
A third stage employed information regarding lexical case
contexts obtained using a small, intermediate or large set of
marker words, and inserted a determiner appropriate for
nominative, accusative or dative contexts when a noun had
been seen in this context sufficiently often. This reduced error
rates, in particular for nominative and accusative case, and
brought the error rates more in line with those reported by
Szagun. However, it could be argued that error rates only
really match those reported by Szagun for the intermediate
(or large) marker set, thus suggesting that children have a
fairly sophisticated grasp of which sentential contexts assign
which case. It should also be noted, however, that the
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(accusative and dative) data reported by Szagun are collapsed
across several MLU points, and thus may obscure high error
rates at lower MLUs.
The pattern of case errors is the same across all three sets
of marker words. Rates of case error are lowest for the
nominative. This reflects the fact that nominative case is the
most common, and hence that nouns are very likely to be
paired with the correct determiner. Errors on the dative and
accusative are more common. For the accusative, they are
largely restricted to nominative errors. For the dative they are
split between nominative and accusative errors (as reported
by Szagun). Error rates on the nominative and accusative are
reduced for the larger sets of marker words, but remain high
for the dative. Thus, the low frequency of nouns in postprepositional contexts means that error rates remain high,
even for the large set of marker words. This matches the
finding that children continue to make dative errors at high
MLUs. However, the finding that error rates are reduced
when the threshold value is lowered does indicate that the
(noisy) coding scheme employed here can result in
reasonably error-free performance.
While the model provides an account of the basic type and
pattern of errors it also has some shortcomings. For one, it
does not distinguish between definite and indefinite articles,
and hence cannot account for differences in the errors they
attract. Thus, Szagun (2004) reports that nominative for
accusative errors are particularly frequent for the indefinite
article where the nominative (ein) is reduced relative to the
accusative (einen). Szagun only reports dative data for the
definite article, but does suggest that accusative for dative
errors may reflect the greater phonological similarity
between the dative and accusative determiners (dem, den –
pronounced as English dame, and dane), relative to the
nominative (der, English deer). Clearly, such phonological
considerations are beyond the scope of the current model.
However, the results reported here do suggest that a
frequency-based account can explain the overall pattern of
errors, including accusative for dative errors.
In a similar vein, the current model equates dative and postprepositional contexts. While it is true that most prepositions
assign dative case, some actually assign accusative case or
accusative and dative case. The task faced by the child is thus
considerably more complex since the child needs to learn
which case is assigned by which prepositions. Again, this task
is beyond the scope of the current model.
Finally, the model presented here is purely lexical, and
only considers around 35 masculine nouns contained in the
most frequent 100 nouns. While this partly reflects the
amount of input available to our model, children are
ultimately able to generalize their knowledge to nouns they
have not seen before. It should be noted, however, that while
the process of acquiring German case may be protracted, the
system is highly regular. That is, a noun’s gender (and hence
its case-appropriate determiners) can be determined on the
basis of a single occurrence in a nominative or accusative
context. Such adult-like performance is also beyond the
current model.

Taken together, the results reported here suggest that a
relatively simple frequentist model that defaults to the most
common form of the determiner for a given context, cannot
only provide a plausible account of children’s errors in the
acquisition of case, but could easily be extended to result in
error-free performance on a larger set of nouns. However,
they also suggest that, despite poor performance in dative
contexts, children actually have quite sophisticated
knowledge of the contexts that assign nominative and
accusative case.
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Abstract
Language that describes people in a concise manner may conflict with social norms (e.g., referring to people by their race),
presenting a conflict between transferring information efficiently and avoiding offensive language. When a speaker
is describing others, we propose that listeners consider the
speaker’s use or absence of potentially offensive language to
reason about the speaker’s goals. We formalize this hypothesis in a probabilistic model of polite pragmatic language understanding, and use it to generate predictions about interpretations of utterances in ambiguous contexts, which we test
empirically. We find that participants are sensitive to potentially offensive language when resolving ambiguity in reference. These results support the idea that listeners represent
conflicts in speakers’ goals and use that uncertainty to interpret otherwise underspecified utterances.
Keywords: politeness; social meaning; pragmatics; Bayesian
cognitive model; Rational Speech Act model

Introduction
Referring to strangers can be challenging. Without knowing
their name, you could describe them by their physical appearance, but not all attributes are equally informative. One problem for speakers is that highly diagnostic attributes can be
potentially offensive (e.g., an overweight person’s weight).
Grice (1975, p. 46) was aware of this problem: “There
are, of course, all sorts of other maxims (aesthetic, social,
or moral in character), such as ‘Be polite’, that are also normally observed by participants in talk exchanges.” In a politeness framework, the avoidance of potentially offensive words
illustrates how speakers balance being informative with social goals (Brown & Levinson, 1987). Specifically, Brown
and Levinson (1987) outline ambiguous speech as a form
of indirect or “off-record” politeness. We draw inspiration
from these ideas and hypothesize that the use or avoidance
of words that carry social meaning prompts listeners to reason about the speaker’s social goals. Do listeners hypothesize
that speakers are constrained to use inoffensive language, and
use this understanding to infer a speaker’s intended meaning
from an ambiguous utterance?
We developed a model in the Rational Speech Act (RSA)
tradition (Frank & Goodman, 2012; Goodman & Stuhlmüller,
2013) to capture the social and epistemic inferences elicited
by words with social meaning, specifically potentially offensive descriptors. Vanilla RSA models predict pragmatic inferences listeners make for literally ambiguous statements by
considering the alternative statements the speaker could have
said. Recent work has modeled inferences about speakers’
social goals, specifically the desire to be kind to the listener

(Polite RSA; Yoon, Tessler, Goodman, & Frank, 2016, 2017).
The polite RSA model defines the social utility of an utterance as the quality of the world it makes the listener believe
they are in. We extend this work by having potentially offensive utterances incur a social cost to the speaker. A listener
who is aware of these social costs can resolve otherwise ambiguous utterances to infer a speaker’s intended referent.
In our experiments, participants were introduced to a world
where the words “blue” or “green” were potentially offensive.
With their new social understanding, they played reference
games in which they were asked to interpret a speaker’s utterance (e.g., “person with the hat”) in terms of which character
in a scene the speaker was trying to refer to (see Figure 1).
We hypothesize that listeners reason about the social cost
of producing potentially offensive speech a) to contextually
understand ambiguous utterances, and b) to evaluate speakers. Experiment 1 tests participants’ inferences about who an
ambiguous utterance refers to. Experiment 2 measured participants’ inferences about the speaker’s goals. Across these
two experiments, we find that our model accounts for the finegrained inferences listeners draw when reasoning about potentially offensive speech.

Computational Model
We built a rational model of communication within the Rational Speech Act framework (Frank & Goodman, 2012; Goodman & Stuhlmüller, 2013). Our model belongs to the class
of “uncertain RSA” models, which involve reasoning about
aspects of the speaker beyond just their intended meaning
(Goodman & Frank, 2016). We used this framework to understand the phenomenon wherein a speaker is underinformative
so as to not use potentially offensive speech, but listeners are
nevertheless able to infer who speakers are referring to. In
other words, when listeners are aware of a speaker’s alterna-
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Figure 1: Example context from Experiment 1.

tive utterances and the associated social costs, they can reason
backwards to infer the speaker’s intended referent.
Specifically, this work builds on an RSA model for polite
language use (Polite RSA; Yoon et al., 2017). The listener in
Polite RSA reasons about whether the speaker was trying to
be epistemically informative (à la Vanilla RSA) or considerate to the listener’s feelings (a social goal). The Polite RSA
model operationalizes the social utility of an utterance u in
terms of the subjective value of the world state that the listener would believe themselves to be in upon hearing u. For
example, positive social utility is incurred by making the listener believe they are in a good state (e.g., that the cookies
they baked were delicious). The model predicts that speakers
who try to balance being informative and kind will choose to
produce more indirect speech (e.g., saying “it wasn’t amazing” as opposed to “it was terrible”), and this prediction was
borne out empirically (Yoon et al., 2017).
We took inspiration from the Polite RSA model, but
parametrized the reasoning slightly differently. We modeled
a listener who reasons about a potential social cost to an utterance. That is, words could be costlier to produce by the
speaker by virtue of their social stigma of use. We assumed,
for example, that a socially-minded speaker would incur a
cost by referring to an overweight person as “fat”. Rather be
on the word form itself, this kind of cost can likely be derived out of a more basic mechanism analogous to that used
by Yoon et al. (2017), a point we return to in the Discussion.

of words possible in an utterance, and ξ parameterizes, then
∑w )
. We introduce a weighting paramP(u) = ∑ exp(−ξ·
w=0:W exp(−ξ·∑w )
eter βepi which captures how much the speaker cares about
reducing the listener’s uncertainty about the true referent.
The second part of speaker S1 ’s utility function represents
a social utility. In our experiments and model, color terms
are potentially offensive. The speaker is aware of a specific color word which is considered potentially offensive
and designated as badWord. The speaker’s social utility is
V (u) = 0 if badWord ∈ u, and 1 otherwise. We introduce another weighting parameter βsoc which captures how much the
speaker cares about avoiding potentially offensive language.
By combining both epistemic and social utility, we get S1 ’s
utility function as follows:

ˆ = βepi · ln PL (r | u,C) · P(u) + βsoc ·V (u)
U(u, r,C, β)
0

Overall, the speaker chooses an utterance softmaxoptimally, where λ1 represents S1 ’s optimality:

ˆ ∝ exp λ1 ·U(u, r,C, β)
ˆ
PS1 (u | r,C, β)
(2)
The pragmatic listener L1 then reasons about the speaker
S1 , jointly inferring the referent r and how much weight the
speaker S1 places on the epistemic βepi and social βsoc utility
(Goodman & Lassiter, 2015). P(r) is uniform over possible
ˆ is a uniform distribution
referents given context C, and P(β)
across the set {.1, .3, .5, .7, .9}.
ˆ · P(r) · P(β)
ˆ
PL1 (r, βˆ | u,C) ∝ PS1 (u | r,C, β)

Model details
The RSA framework models utterances and inferences as deriving from recursive social reasoning: a speaker S1 produces
an utterance u reasoning about how a literal listener L0 would
interpret it. A pragmatic listener L1 interprets the utterance u
reasoning about what speaker S1 would say.
We start with the literal listener L0 , who literally interprets
the meaning of any utterance u to determine the intended referent r within the context C:
PL0 (r | u,C) ∝ [[ f (u)]](r) · P(r)

(1)

[[u]](r) is u’s literal meaning, mapping to 1 if u matches referent r and 0 otherwise given context C. f (u) expresses the
noisy semantics model: with probability γ the listener doesn’t
condition on the utterance heard and instead samples a referent from the prior (Degen, Hawkins, Graf, Kreiss, & Goodman, in prep; Graf, Degen, Hawkins,
& Goodman, 2016).

Mathematically, P f (uw−1 )| f (u) = 1 − γ, ∀ w ∈ u, where
each w represents a word in the utterance u. P(r) is a uniform distribution over possible referents given the context C.
Speaker S1 produces an utterance based on a utility function U, which has two parts. The first part represents an
epistemic utility which we define as the literal listener L0
uncertainty about the
 referent r after hearing the utterance
u: ln PL0 (r | u,C) . This uncertainty is weighted by an
utterance prior P(u) that assigns more probability to utterances with fewer words (uttering words is effortful). If ∑w
is the utterance’s word count, W is the maximum number

(3)

We implemented the model in WebPPL, a probabilistic
programming language (Goodman & Stuhlmüller, 2014).
The model has three free parameters: a parameter for the
noisy semantics (i.e., the overall extent to which utterances
are not truth-functional) γ, a cost to producing more words ξ,
and the speaker optimality parameter λ1 . In parameter fitting,
γ was fixed at .1, and the other parameters were fit to the data,
but restricted to the following ranges (consistent with models
of the same model class): ξ fell between 0-1 and λ1 fell between 1-20 (cf., Yoon et al., 2016, 2017). The best-fitting
parameter settings were: ξ = .5, and λ1 = 20, determined
through minimizing the least-squared error between model
predictions and behavioral results.
In our experiments, utterances u could be any combination
of the following: n/a (in the experiment, we added “person”
to all utterances, so participants saw “the person” instead),
one color term (“blue”, “green”, or “orange”), “scarf”, and
“hat”. So, for example, an utterance could be “the person”
or “the orange person with the scarf”. The intended referent r could be any of the two or three possible referents that
appeared within a context C. The potentially offensive color
term badWord was either “blue” or “green”, counterbalanced
across participants.
We tested our model against human behavior in two experiments. In Expt. 1, listeners inferred the intended referent
r given an utterance u and context C. In Expt. 2, listeners
inferred βˆ given a referent r, utterance u, and context C.
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General Experiment Methods

Results and Discussion

Participants
We recruited participants from Amazon Mechanical Turk,
with U.S. IP addresses and no reported color blindness. In
Experiment 1, 45 participants were recruited, and three were
removed (two for later reporting colorblindness, and one for
failing a catch-trial). In Experiment 2, 46 participants were
recruited, and one removed for later reporting colorblindness.

Stimuli and Procedure
Training Participants began by viewing training scenes.
Training scenes were designed to inform participants that using a particular color (badWord: either “blue” or “green”) was
potentially offensive. Participants first read and were tested
on an explicit description of the manipulation: “In a parallel world, some people are different colors. In this world,
calling someone a ‘[color] person’ is potentially offensive,”
where [color] was badWord. Participants then viewed several
counterbalanced scenes, in which characters were selectively
scolded by other characters for saying badWord.
Main Experiment Following the training scenes, participants viewed reference game contexts in the main experiment. Within each context, two or three people were aligned
left to right, were colored blue, green, or orange, and possibly
wore hats and scarves. In the accompanying text, participants
were observing the possible referents with a speaker named
[Name]. [Name]s were selected by random selection with replacement from a list of 172 names for each context. The
order of the possible referents in the context was randomly
sampled at the beginning of the experiment and was fixed for
all participants. The order of trials was randomized.
Context selection Contexts were selected to test the inference that if a speaker did not explicitly refer to a person by
their color, then perhaps that color was a badWord and potentially offensive. We sought examples that produced a range of
model predictions. Contexts were selected to be roughly consistent across the experiments, so that the different methods of
probing potential offensiveness could be compared. Finally,
contexts were chosen to have built-in controls, such that if
an image was presented where the referent color was badWord, the same image type was presented in a different context where the colors were switched so that the referent was
now not badWord. In the rest of this paper, we describe the
analysis with respect to the badWord being “blue”.

Experiment 1: Inferring the referent
Experiment-Specific Methods
This experiment contained 35 contexts. In each context, a
speaker presented an utterance and the participant was asked
to select which of the 2-3 referents the speaker was likely
referring to (simple multiple-choice task, see Figure 1).

In calculating statistics, because probabilities for the last referent of each context were entirely determined by probabilities assigned to the other referent(s), values from a randomly
chosen referent were removed from further statistical analyses in order to meet assumptions of independence.
Participants’ social inferences closely mirrored the inferences predicted by the model. Specifically, if the speaker’s
statement was ambiguous, participants selected the person
with the potentially offensive color as being the referent, as
predicted by the model (e.g. see contexts 1A, 1G in Table 1).
When no referents of potentially-offensive colors were available, participants and the model were approximately ambivalent between the referents (e.g. see context 1B). In “positive
control” contexts, in which the referent was unambiguously
indicated by an utterance describing the intended referent’s
color (“the blue person”), participants selected the designated
referent, as predicted by the model (e.g. see context 1F).
The left plot in Figure 2 shows a scatterplot with model
predictions and participants’ inferences across all contexts.
Our model explained participants’ inferences to a high degree of quantitative accuracy with bootstrapped 95% confidence intervals for adjusted R2 of [.86,.96] and for Spearman’s ρ of [.88,.97]. The model’s incorporation of social
utility was critical to fit participants’ inferences: when social utility was removed in a lesioned version of the model,
bootstrapped confidence intervals for adjusted R2 dropped to
[.27,.60], and for Spearman’s ρ to [.62,.89] (Figure 2, right).
Moreover, the moderately high correlations from the lesioned
model were mostly driven by the presence of the positive control contexts in Expt. 1, which did not require social knowledge. When the eight positive control contexts were removed,
the lesioned model’s bootstrapped confidence intervals for
adjusted R2 dropped to [0.06,0.43], and for Spearman’s ρ to
[.37,.83].) 10000 samples were drawn in all cases.
While the model generally captured participants’ inferences well, there was a subset of contexts for which the
model’s predictions did not match participants’ inferences.
In these contexts, the model was reluctant to make the inference that the speaker was referring to the person with the
potentially-offensive color when that person wore an item
which was not specified in the utterance. Specifically, first
consider the normal case: in context 1D, the only way to pick
out the blue person would be to refer to their color. Given this
fact, upon hearing “the person” instead, the model correctly
predicted that people would choose the blue person as the
intended referent. However, in context 1C, the blue person
could also be unambiguously identified by referring to their
scarf. Upon hearing the utterance “the person” in this context,
the model was unsure who the intended referent was, whereas
people considered the blue person with the scarf to be most
likely. A similar phenomenon occurred in context 1E. One
possible explanation for the deviation between model predictions and people’s judgments here is that participants may
have learned to associate the utterance “the person” with a
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Table 1: Example Expt. 1 contexts. For each context, the 2-3 referents are separated by “/” and can be blue (“Bl”), green (“Gr”),
or orange (“Or”). Results were collapsed across conditions so that “blue” was the potentially offensive word in all contexts. In
the “Utterance” column, “n/a” stands in for “the person”, and “blue hat scarf” for “the blue person with the hat and the scarf”.
The behavioral, model, and lesioned model (without social inference) proportions allocated to each referent are shown.
1A
1B
1C
1D
1E
1F
1G

Referents (*Bl=potentially offensive)
Or / Bl
Gr-hat / Or-scarf
Or / Bl-scarf / Gr
Or-scarf / Bl / Gr-hat
Bl-hat / Or / Gr-scarf
Bl-scarf-hat / Gr / Or-scarf-hat
Bl-scarf-hat / Or-scarf-hat / Gr-scarf-hat

Utterance
“n/a”
“n/a”
“n/a”
“n/a”
“n/a”
“blue hat scarf”
“hat scarf”

Behavioral Mean (Std.) Props.
.14 (.05) / .86 (.05)
.50 (.08) / .50 (.08)
.17 (.06) / .67 (.07) / .17 (.06)
.10 (.05) / .83 (.06) / .07 (.04)
.57 (.08) / .40 (.08) / .02 (.02)
.93 (.04) / 0 / .07 (.04)
.81 (.06) / .12 (.05) / .07 (.04)

Model Props.
.12 / .88
.5 / .5
.35 / .30 / .35
.02 / .95 / .02
.38 / .44 /.18
1/0/0
.87 / .07 /.07

Lesioned Props.
.5 / .5
.5 / .5
.41 / .17 / .41
.22 / .56 / .22
.22 / .56 / .22
1/0/0
.33 / .33 / .33

three possible referents) was circled, and two possible utterances the speaker could say were shown on the left and right
sides of the screen. Participants moved two separate sliders
ranging from 0 to 100 to indicate which of the two utterances
they considered to be more offensive, and which to be more
ambiguous. The sliders were initially set at 50, which represented ambivalence.

Results and Discussion
Figure 2: Behavioral and model comparison for Expt. 1. Participants saw an utterance and inferred which of the 2-3 referents the speaker was referring to for 35 contexts. Referents
were orange, green, or blue. Results were collapsed across
conditions so that “blue” was the potentially offensive word
in all contexts. Behavioral results show the proportion of participants selecting each referent; model predictions show the
proportions that the model allocated to each referent. Left:
Full model. Right: Lesioned model (social utility set to 0).

blue person based on inferences drawn in previous contexts.

Experiment 2: Inferring speaker goals

Similarities between model predictions and judgments
Overall, the model again provided an accurate account of participants’ inferences. If one utterance better distinguished the
referent, participants rated that utterance as less ambiguous,
as predicted by the model. This rating of lower ambiguity appeared over relatively subtle distinctions, like when the utterance reduced the number of valid possible intended referents
from 3 to 2 (see for example context 2G in Table 2) or from
2 to 1 (e.g. contexts 2D, 2E). If utterances were both equally
informative, participants roughly rated them as equally informative (e.g. context 2B) though behavioral exceptions exist.
With respect to offensiveness, if a single utterance contained the word “blue”, then that utterance was rated as more
offensive (e.g. context 2F). If neither utterance contained

We placed participants in a world where certain words were
potentially offensive in Expt. 1. Given this knowledge, we
found that listeners could infer a speaker’s intended referent
even if the speaker was ambiguous, as predicted by the model.
In Expt. 2, we tested whether listeners could infer a speaker’s
goals (informational or social) based on how the speaker referred to someone.

Experiment-Specific Methods
After viewing the same training scenes that participants
had seen Experiment 1, participants saw additional training
scenes that clarified that the dimension of “offensiveness”
corresponded to the use of badWord, and that the dimension
of “ambiguity” referred to how much the utterance specifically identified the intended referent. Participants answered
a comprehension check question, and then saw 40 different
contexts in the test phase. Figure 3 shows a screenshot of the
test phase. In each context, an intended referent (out of two or
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Figure 3: Example context from Experiment 2.

Table 2: Example Experiment 2 contexts. For each context, referents are separated by slashes (the intended referent is in bold)
and could be blue (“Bl”), green (“Gr”), or orange (“Or”). Results were collapsed across conditions so that “blue” was the
potentially offensive word in all contexts. Each context had two utterances: “Utt. 1” was positioned on the left of the screen
at score 0, and “Utt. 2” was positioned on the right at score 100. Thus, lower scores indicate that Utt. 1 was rated higher
(more ambiguous / offensive) than Utt. 2, and higher scores indicate Utt. 2 was rated higher (more ambiguous / offensive) than
Utt. 1. In the experiment, these utterances were longer than the abbreviations shown here: “the person” was shown rather than
“n/a”, and “the blue person with the scarf” rather than “blue scarf”. In the results columns, “Amb” indicates ambiguity ratings:
behavioral mean and italicized standard errors are shown (“Amb”), as are model predictions (“AmbM”) and lesioned model
predictions without social inference (“AmbL”). “Off” indicates offensiveness ratings.

2A
2B
2C
2D
2E
2F
2G
2H

Referents (*Bl=potentially offensive)
Gr-scarf / Bl-scarf
Bl-scarf / Gr-hat
Gr-hat / Bl-scarf
Bl-scarf / Bl-hat / Gr
Gr-scarf / Gr-hat / Bl
Gr-hat / Bl-hat / Bl-scarf-hat
Gr-hat / Gr-scarf-hat / Bl-hat
Bl-hat / Gr-scarf-hat / Gr-hat

Utt. 1
“blue scarf”
“green”
“hat”
“blue”
“scarf”
“n/a”
“hat”
“hat”

Utt. 2
“scarf”
“hat”
“green hat”
“blue scarf”
“green”
“blue”
“green hat”
“n/a”

“blue”, those utterances were rated as equally (un)offensive
(e.g. context 2G). If both utterances contained the word
“blue”, then those utterances were roughly rated as equally
offensive (e.g. context 2D), but see minor trends below.
Overall, model predictions and participants’ judgments
were highly correlated (Figure 4). Bootstrapped confidence
intervals (alpha = .025, adjusted for multiple comparisons,
104 samples) for adjusted R2 were [.72,.90] for ambiguity and
[.90,.98] for offensiveness; for Spearman’s ρ intervals were
[.85,.96] for ambiguity and [.66,.90] for offensiveness.
Differences between model predictions and judgments
The behavioral responses did, however, differ from the model
in a few systematic ways. An important trend that occurred
in behavior was that people found utterances to be much less
informative if redundant traits were not listed (e.g. context
2H). While the model predicted that saying “the person with
the hat” and “the person” would be equally informative if all
possible referents were wearing hats, participants found “the
person” to be much more ambiguous. While this desire for
“redundant overinformativity” is not captured in our model,
it is often observed in referent games (Degen et al., in prep).
However, some preference for information redundancy was
indeed captured by the model through the noisy semantics
assumption. In context 2C, the model predicted that an utterance with two informative words is less ambiguous than
an utterance with one informative word— because a listener
with “noisy hearing” might miss one.
Another systematic divergence between model predictions
and participants’ judgments was that when asked about ambiguity, the model engaged in social inference more than participants did (e.g. contexts 2A, 2F). For example, if an utterance was “the person” when one possible referent was blue
and the other green, the model made the social inference that
the speaker was trying to refer to the blue person and pre-

Amb
92 (2)
52 (3)
33 (3)
13 (4)
83 (4)
7 (1)
15 (3)
74 (5)

AmbM
74
50
37
9
89
30
14
50

AmbL
90
50
37
9
89
14
14
50

Off
9 (2)
43 (3)
55 (3)
40 (3)
55 (3)
91 (3)
52 (3)
54 (2)

OffM
11
50
50
50
50
92
50
50

OffL
50
50
50
50
50
50
50
50

dicted the utterance “the person” to be less ambiguous than
it would have been without the social inference. However, in
this setup, participants rarely appeared to make this inference.
Instead, participants seemed to treat the ambiguity question as
separate from the knowledge they were demonstrating in the
offensiveness question (in which they were indicating that the
term “blue” was potentially offensive.)
The results comparing the full model to the lesioned model
(social utility set to 0) support the above hypothesis. When
the social considerations were removed, the model predictions for ambiguity became closer to the behavioral results
(e.g. context 2A). Numerically, for ambiguity ratings, bootstrapped confidence intervals (alpha = .025, 104 samples) for
adjusted R2 were [.78,.95] for the lesioned model (compared
to [.72,.90] for the full model) and for Spearman’s ρ were
[.91,.98] for the lesioned model (compared to [.85,.96] for
the full model). (The equivalent comparison with the lesioned
model for offensiveness ratings was trivial by design, as the
lesioned model was always ambivalent over utterances.)
The finding that participants did not engage social reasoning when asked about ambiguity may be due to question framing. “Offensiveness” and “ambiguity” ratings were clearly
delineated in Experiment 2, and the focus on answering each
separately (in addition to the extra training scenes that differentiated them) may have discouraged social reasoning to
crossover into inferences about ambiguity.
On the offensiveness question, the differences between
model predictions and participants’ judgments were relatively
small. Interestingly, participants considered any mention of
color as slightly more offensive than model predictions, even
if that color was non-offensive (e.g. contexts 2B, 2C). Participants also considered it slightly more offensive to say a color
term if no other features were mentioned (e.g. contexts 2D,
2E), or to say “the person” alone (e.g. context 2H). These results are intuitive: if a feature like “blue” is offensive, it sug-
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Figure 4: Behavioral and model comparison for Experiment
2. Participants rated which of two utterances describing a
scene was more ambiguous (left), and which was more offensive (right) in 40 contexts. Behavioral results are the mean
and standard error of participants’ ratings of utterances, ranging from 0 (the utterance to the left of the screen was rated
most ambiguous/offensive) to 100 (the utterance to the right
was rated most ambiguous/offensive). Thus, lower scores indicate that the left utterance was rated more highly (more
ambiguous / offensive) than the right utterance, and higher
scores indicate that the right utterance was rated more highly
than the left utterance. Model responses are the rescaled difference between βepis / βsoc for the left and right utterances.
Adjusted R2 values are reported. Top: Full model. Bottom:
Lesioned model (social utility set to 0).

gests that the general category of color might be be avoided;
and it feels rude to not say anything when referencing someone. Future work will probe how to add these intuitions into a
richer, hierarchical model that draws generalizations (“don’t
refer to color”) from specific instances ( “don’t say blue”).

Conclusion
Some words are potentially offensive. This means that in
some situations, the most efficient way of referring to someone may incur a social cost, creating a tension between efficiency and social adeptness of speech. We hypothesized
that when listeners and speakers have shared knowledge of
this tension, speakers can avoid using offensive speech and
listeners can resolve otherwise ambiguous utterances to correctly infer the speaker’s intended referent.
To make these ideas precise, we built on an existing model
of polite language understanding by introducing a social cost
that a speaker incurs for producing potentially offensive language. The model captures the inference that people make in
determining a speaker’s intended referent given an utterance
that is ambiguous but constrained by social cost (Experiment

1), and also captures the explicit access that participants have
to a speaker’s epistemic and social goals given their utterance
and context (Experiment 2). This work shows how the general mechanism of reasoning about the social function of language employed by the speaker (Yoon et al., 2016, 2017) can
begin to explain how listeners reason from the absence of potentially offensive language to resolve reference in context.
While the model overall provides a very good fit to participants’ inferences and judgments in both experiments, there
were also some discrepancies which motivate future extensions of the model.
In our model, we directly mark potentially offensive words
with a social utterance cost, but the same word might be
offensive in one context and not another, or if said by one
speaker but not another. One possibility is that it is a
derivative property of subjective values associated with world
states, in the style of Yoon et al. (2016), perhaps by speakers putting themselves in the listener’s shoes and imagining
themselves being referred to in a particular way. Another
possibility is that these costs arise from social signaling: the
speaker does not want the listener to infer that they are the
type of person that calls people “blue”. In future work we
hope to investigate how the social cost of potentially offensive speech is grounded in the complex social inferences that
listeners and speakers draw about each other.
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Abstract
Children learning their first language face multiple problems
of induction: how to learn the meanings of words, and how
to build meaningful phrases from those words according to
syntactic rules. We consider how children might solve these
problems efficiently by solving them jointly, via a computational model that learns the syntax and semantics of multiword utterances in a grounded reference game. We select a
well-studied empirical case in which children are aware of patterns linking the syntactic and semantic properties of words –
that the properties picked out by base nouns tend to be related
to shape, while prenominal adjectives tend to refer to other
properties such as color. We show that children applying such
inductive biases are accurately reflecting the statistics of childdirected speech, and that inducing similar biases in our computational model captures children’s behavior in a classic adjective learning experiment. Our model incorporating such biases
also demonstrates a clear data efficiency in learning, relative to
a baseline model that learns without forming syntax-sensitive
overhypotheses of word meaning. Thus solving a more complex joint inference problem may make the full problem of language acquisition easier, not harder.

Introduction
Children face many distinct learning problems as they begin
to understand and speak their first language. At the most
fundamental level, they must infer the basic features of language: that words exist, and that they can be used to refer to
entities in the world. At a higher level, they must work out
what words actually mean, and how those words productively
combine with one another syntactically to form phrases and
sentences.
While every child seems to solve all of these difficult problems on her own, different lines of computational research
have arisen to individually address some of these problems,
each bringing their own respective toolset. Recent models of
learning from noisy instances of perceptually grounded reference, for example, often leverage associationist or connectionist frameworks (Fazly et al., 2010; Chrupała et al., 2015;
Yu and Ballard, 2004), while studies of abstract rule learning
about syntax and object category structure often rely on hierarchical Bayesian inference (Kemp et al., 2007; Perfors et al.,
2011). A productive line of work on the joint learning of lexical syntax and semantics has largely relied on one particular
parsing formalism known as combinatory categorial grammar
(Abend et al., 2017; Steedman, 1996).
This paper demonstrates how ideas from these separate
subfields might be productively combined. We combine a
model which incrementally learns the syntax and semantics
of natural language with a process of structured probabilistic inference. This probabilistic inference allows the learner
to induce linguistic overhypotheses — abstract rules about

the structure of language — which the incremental learning
model leverages to more efficiently generalize from new examples.
There is no shortage of such abstract rules about language
which children observe. The shape bias (Smith et al., 2002;
Kemp et al., 2007) is one of the strongest examples of an
overhypothesis in language learning, according to which children reliably generalize labels for object categories based on
the shape of their referents. Studies of child-directed speech
have revealed that such an abstract rule might be a rational
generalization from the data that children observe: many of
the first nouns which children hear and produce refer to object categories which are defined by their shape (Samuelson
and Smith, 1999).
We investigate a word learning effect which is related to
the shape bias, but involves a more interesting interaction between syntax and semantics. Smith et al. (1992) presented
children from ages 2;11 to 3;9 with novel objects, some of
which shared the same shape with other objects and some of
which shared the same color. In each trial, they labeled a
novel object with either a noun frame (“this is a dax”) or a
prenominal adjective frame (“this is a dax one”). The children were asked to then find all the other “daxes” or “dax
ones.” Children took dax to denote the shape of the novel object less often when it was labeled using the novel adjective
versus the novel noun. This effect became stronger as Smith
et al. used objects and contexts which made the color of the
referents more salient.1
The qualitative effect of interest is that children can appropriately interpret novel words in prenominal position to
denote color properties while interpreting novel nouns to denote shape properties, modulating their inferences according
to the cues of syntax. This effect provides us with a test
case for presenting an enriched model of word learning, in
which the learner induces probabilistic overhypotheses relating abstract syntactic and semantic properties of the words it
learns. Our combined model manages to capture the qualitative generalization behavior of children and demonstrates a
more data-efficient language learning process.

Corpus study
We first examine whether the way children generalize the
meanings of novel prenominal modifiers in these word learn1 Other studies of adjective learning have found that, depending
on the saliency of the relevant cue, children may also infer adjectives
to denote properties relating to material and pattern (Taylor and Gelman, 1988; Mintz and Gleitman, 2002). We do not account for these
saliency cues in the model presented in this paper.
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Figure 1: Relative frequencies of shape and color meanings
denoted by prenominal adjectives in several corpora of childdirected speech. Error bars indicate standard error.

ing experiments might be licensed given the language that
they observe. If this were the case, we would expect to
discover a reliable pattern among the properties denoted by
prenominal modifiers. Concretely, given the experimental
data discussed above, we should find that words in prenominal position are associated more often with color properties
than with shape properties.
We evaluate this prediction in several corpora of childdirected speech, with English-speaking children ranging from
age 1;9 to 3;11 (Bohannon III and Marquis, 1977; Clark,
1978; Demetras, 1986; Morisset et al., 1990; Nelson, 1989),
with syntactic annotations automatically produced by Sagae
et al. (2007). For each corpus, we collected all instances
of simple prenominal modification: phrases with the part-ofspeech pattern <adjective><noun>, in which the adjective
is in a direct dependency relation with the noun.We manually
classified each modifier we found as denoting a color property, shape property, or some other property.
Figure 1 shows the relative token frequency distribution of
color and shape prenominal modifiers across multiple corpora of child-directed speech. We find the same pattern in
each corpus: prenominal modifiers denote color properties
far more often than they denote shape properties.2
This pattern suggests that children’s preference to favor
color interpretations when encountering prenominal modifiers, as reported in Smith et al. (1992), could be the result of
a bias learned from the statistical structure of child-directed
speech. Children could exploit such statistical structure, that
is, to form a belief linking the prenominal syntax of particular
types of adjectives with certain types of property meanings.

Reference game dataset
The findings of the previous section suggest that childdirected speech reliably associates syntactic properties
(prenominal position) with semantic properties (color types).
2 The

corpus study also revealed other more common adjective
meaning classes such as size terms and evaluative terms (“big,”
“nice”). We focus on color and shape in this paper, which are the
dimensions of meaning relevant to the generalization behavior of
children described in Smith et al. (1992). We are not aware of studies evaluating how children generalize with larger sets of salient dimensions, but are interested in testing how this broader set of corpus
statistics drive children’s meaning inferences in future work.

Figure 2: An example scene from our dataset. Given expressions such as “the purple cone,” the task of our language learner is to predict its referent by progressively learn
the mappings between words and the properties they denote,
based only past observations of utterances and their referents.

In the remainder of this paper, we present a computational
model which automatically captures this statistical pattern as
it incrementally learns words in a grounded reference game.
We design a reference game scenario in which a learner
must pick out the intended referent of an utterance made
in the context of some 3D scene. This type of reference
game provides an interesting testbed for word learning models, since learners must generalize from instances of reference alone (without ever receiving explicit supervision on the
meanings of the individual words that are used).
We construct a synthetic reference game dataset in which
short utterances pick out objects in a 3D scene.3 Figure 2
shows an example scene in the dataset. In each of these trials,
some utterance u = w1 , w2 , . . . , wN is used to refer to a referent R, an object within the scene. The 3D objects in these
scenes have several salient perceptual properties, including
color and shape. The utterances in the dataset are of the form
“the x y,” in which y is some noun and x is a prenominal modifier.
We generate reference trials by first randomly sampling
scenes with between 1 and 6 objects, each of which has a
random color (out of 10 possible colors), shape (out of 10
possible shapes), material, and size. For each scene, we enumerate all possible referring expressions of the form “the x
y” which have a unique referent in the scene. Following the
findings of the previous section, we enforce that the prenominal x pick out some color property, and that the noun y pick
out some shape property.
The task of the learner in this dataset is to learn to predict the ground-truth referent R in each reference trial, given
just the utterance u and a representation of the objects in the
scene. The learner must learn to make this prediction using
supervision on the intended referents in each scene, without
any access to the ground-truth meaning representations for
each utterance.
3 Because we do not have access to child-directed speech corpora
with labeled ground-truth referents, we take the synthetic dataset as
a first test of our model. The datasets available with more naturalistic language offer supervision only in the form of explicit meaning
representations, which would not allow us to test the more challenging distantly-supervised learning setting proposed here.
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NP
: ι(x) : λp.λx.p(x) ∧ blue(x) : λx.sphere(x)
NP : λx.sphere(x) ∧ blue(x)
NP : ι(sphere(x) ∧ blue(x))

>
>

Figure 3: An example syntactic derivation of the phrase the
blue ball with the CCG formalism (read from top to bottom).

the right. Whenever such syntactic composition occurs, we
likewise compose the semantic expressions by function application.
The machinery presented so far allows us to derive bottomup syntactic and semantic analyses of sentences. We call the
final lambda calculus expression the logical form of a sentence, and the particular sequence of rule applications the
derivation (analogous to a syntactic parse). For short, given
an input sentence u, let Lu denote the final logical form and
Tu denote the derivation of the sentence.

Incremental word learning model
We first formalize the problem of incrementally learning the
meanings of novel words in the above dataset. At any given
time t, we suppose that the learner has some lexicon Λt , linking wordforms to their inferred syntactic types and semantic
interpretations. (The next paragraphs will define this lexicon in detail and show how it can be learned from data.) For
each referring expression in our dataset, the learner observes
that some utterance ut = w1 , w2 , . . . , wN is used to refer to a
referent Rt , some object in the scene. The most interesting
instances for our purposes are those in which the learner observes some novel word wi 6∈ Λt .
We first introduce an incremental word learning model to
address the problem formalized above. This model allows
us to jointly predict syntactic and semantic analyses of sentences, and forms the base of our final model. It does not,
however, have any capacity to implement overhypothesisstyle beliefs. In the next section, we will augment this incremental word learner with a probabilistic model that supports
such abstract rule learning.
The incremental learner implements the formalism of combinatory categorial grammar (CCG; Steedman, 1996). CCG
is a bottom-up parsing method which jointly yields syntactic
and semantic analyses of input sentences. For our purposes,
a CCG grammar is a structure G = (Λ, R) specifying a lexicon Λ and a set of combinatory rules R. Each lexicon entry
assigns a syntactic and semantic interpretation to a particular sequence of words. For example, the following lexicon is
sufficient to yield an analysis of the phrase the blue ball:
the := NP/NP
blue := NP/NP
ball := NP

: λx.ι(x)
: λp.λx.p(x) ∧ blue(x)
: λx.sphere(x)

Each lexicon entry maps a token sequence to a syntactic
type (e.g. NP/NP, NP) and a semantic expression represented here in the lambda calculus. The rule set R specifies
the legal ways in which entries from the lexicon may combine
to produce constituent phrases. While CCGs support a substantial number of different rules, the only rule relevant to our
particular task is that of forward application. Figure 3 (read
from top to bottom) shows how forward application is applied
to derive an interpretation of the example sentence “the blue
ball.” After first retrieving lexicon entries for each of the tokens in the sentence, we iteratively compose constituents of
the form NP/NP with arguments of type NP appearing to

Probabilistic CCGs
Because we wish to learn lexicon entries incrementally, we
need to support a measure of uncertainty over the lexicon and
the predictions of the CCG model. We associate a single parameter θ j with each lexical entry (w j , s j , m j ), which maps
a particular wordform w j to a syntactic type s j and semantic interpretation m j . With such a weighted lexicon, we can
allow each wordform w j to have multiple possible interpretations, and learn to trade off these interpretations by training
on language input.
The score of a particular sentence derivation hLu , Tu i simply depends on the particular lexical entries it draws on for
each word. These lexical scores are combined in a simple
log-linear model, which can be efficiently and exactly computed via dynamic programming (Zettlemoyer and Collins,
2007):

P(Lu , Tu | u) ∝ exp 



∑

θ j

(1)

(w j ,s j ,m j ,θ j )∈Tu

Validation-based lexical induction and learning
While our CCG model is built to perform inferences over
possible logical forms Lu , its only source of supervision for
any given instance is that an utterance u was used to refer
to some referent R within some grounded scene. In order to
learn from such supervision, then, we rely on a deterministic
validation function V (Lu ) which returns the referent(s) denoted by Lu in the scene in which the sentence u was uttered.4
Using this validation function, we implement a distantly supervised learning process after Artzi and Zettlemoyer (2013),
described below.
For each example utterance u and referent R, we first update the lexicon so that the sentence can be successfully
parsed (see section “Lexical induction”). Using this augmented lexicon, we next retrieve all stored lexical entries for
the words in u. Given these sets of weighted lexical entries,
we perform the inference P(Lu , Tu | u) using the CYK algorithm. We finally use the ground-truth referent R in order to
increase the relative probability of parses Lu where V (Lu ) = R
(see section “Learning”).
4 A logical form inferred by the model may have zero to many
referents depending on the objects visible to the listener and speaker.
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Lexical induction Suppose we encounter sentence u used
to refer to some referent R which the model cannot parse using the lexicon Λ. This may be because the sentence contains
a novel word, or because none of the existing lexical entries
can combine to produce the desired logical form. In either
case, our job is to infer candidate syntactic types and meaning interpretations for the words in question which help us
map the sentence u to the referent R. Let wi denote the word
which requires novel candidate interpretations. We enumerate all possible syntactic and semantic interpretations of the
word wi , subject to two critical constraints:
1. The syntactic type of wi must yield a valid parse when combined with the other words of the sentence.
2. The semantic interpretation of wi must yield a logical form
Lu when composed with the other words of the sentence
such that V (Lu ) = R.
For example, suppose that we observed the sentence shown
in Figure 3 used to refer to a blue ball, but did not have the
words “blue” or “ball” in our lexicon. Given the single available syntactic rule of forward application in our model, we
would immediately be able to conclude that the syntactic type
of “blue” was NP/NP — a prenominal modifier — and that
the syntactic type of “ball” was NP. The semantics are less
constrained, however: we might plausibly infer that “blue”
denotes a property blue and “ball” denotes a property sphere,
but we could also infer that “blue” means sphere and “ball”
means blue. Both interpretations would combine to yield a
semantic analysis which predicts the correct referent.
We temporarily insert all of these possible interpretations
into the lexicon with associated zero weights. Using this
augmented lexicon, we can find the logical form and derivation Lu , Tu which maximize Equation 1. Given this maximal
parse, we retrieve the interpretations of the novel word(s) in
question and permanently add them to the lexicon.
Learning The parameters of the lexicon Λ are optimized
with a stochastic online learning algorithm, as described in
Artzi and Zettlemoyer (2013). We perform a perceptron update on the lexicon weights in order to maximally separate the
computed scores of parses which yield the correct referent R
from those which yield the incorrect referent.5

Overhypothesis model
The model presented so far provides a framework for incrementally learning a lexicon and predicting syntactic and semantic analyses of sentences. In order to capture the phenomenon of interest in this paper, we need to describe how
this process of word meaning inference can be guided by abstract beliefs about the structure of that induced lexicon.
This section proposes an augmented meaning inference
process for novel words within the CCG framework. It leverages the existing knowledge represented in the CCG lexicon to incrementally track beliefs about the abstract relation5 See

Artzi and Zettlemoyer (2013) for algorithm details.

Figure 4: The probabilistic model used
to predict the semantic properties of a
word given its syntactic properties and
surface form. Shaded circles are observed variables and empty circles are
latent. See main text for details.

t

v

s

w

ships between certain syntactic patterns and semantic features. This belief is precisely the overhypothesis which we
expect to link prenominal syntax to particular types of property semantics.

Lexical induction with priors
Note that the CCG model presented so far treats all novel candidate interpretations of a word equally: it simply attempts to
produce derivations with all syntactically legal interpretations
of the word, and picks the top-scoring derivation which predicts the correct referent in a scene.
We modify this lexical induction process by using a probabilistic model to seed initial weights for these candidate interpretations. In our case, each candidate interpretation of a
word w is of syntactic type s ∈ {NP, NP/NP}, and refers to
some object property value (e.g. sphere or blue). Each object property has some abstract type t (e.g. shape or color).
Our model assigns initial weights to these candidate interpretations by predicting a distribution over the possible property
types and particular property values of a word w with a candidate syntactic interpretation s, P(t, v | s, w).
Figure 4 presents a diagram of the probabilistic model
powering this prediction. Here P(t) is a uniform prior over
property types and P(v | t) is a deterministic map, associating
particular property values with particular property types.The
remaining distributions — P(s | t), which specifies how particular property types map to particular syntactic types, and
P(w | v), which specifies how particular property values map
to particular words, can be calculated simply by inspection
of the weighted CCG lexicon. We use the lexicon weights to
build Dirichlet priors on these distributions as follows:
!
1
αs|t ∝ exp
∑ 1{PT(mi ) = t ∧ s = si }θi (2)
τ (w ,s ,m
i i i ,θi )∈Λ
!
1
αw|v ∝ exp
∑ 1{PV(mi ) = v ∧ w = wi }θi
τ (w ,s ,m
,θ )∈Λ
i i

i

i

(3)
Here PT(mi ) represents the property type associated with a
word meaning mi , and PV(mi ) likewise represents the property value. The summand in Equation 2 simply aggregates
the weights of all lexicon entries whose meaning refers to the
attribute type t and whose syntactic type is s. Likewise, the
summand in Equation 3 aggregates the weights of all lexicon
entries which refer to an attribute value v and have surface
form w. These counts are then scaled according to a temperature parameter τ, and are used to predict conditional distribu-
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Predictive performance

tions with mass parameters ρs , ρw :
P(s | t) ∼ Dirichlet(ρs αs|t ); P(w | v) ∼ Dirichlet(ρw αw|v ) (4)
The mass parameters ρs , ρw determine how strongly these
induced counts influence the distributions P(s | t) and P(w |
v). As each ρ term increases, the learner’s prior beliefs are
more likely to influence their inferences about novel words.

We first evaluate how well the two models perform in predicting the referents of utterances in our synthetic dataset.
We evaluate each model after every learning trial on a fixed
dataset, computing the following online accuracy metric:
R=

The integrated learning process
These predicted weights P(t, v | s, w) are used to assign initial scores to candidate interpretations of novel words. This
allows the probabilistic model — which tracks beliefs over
time about the relationship between syntactic properties and
semantic properties — to influence how novel words are interpreted by the learner. Concretely, the integrated learning
process works as follows:
1. Given an utterance u with referent R, perform validationbased lexical induction to derive a set of candidate syntaxes
and meanings for any words which are missing sufficient
lexical entries to map u → R. Each candidate meaning contains some property with type t and value v.
2. Use the inferred distribution P(t, v | s, w) to assign weights
to these candidate meanings.
3. Select the candidate meaning which yields a parse with the
maximal weight P(Lu , Tu | u) as in Equation 1, and augment the lexicon accordingly. Retain the weights for the
winning lexical entries as given by P(t, v | s, w).
4. Update the weights of the augmented lexicon, favoring
derivations which yield the correct referent R.
The probabilistic model P(t, v | s, w) is thus fully integrated
into the existing CCG learning mechanism. Its inference is
driven by prior distributions derived from the lexicon, and the
results of its predictions provide the initial weights for each
new lexical entry. Because this probabilistic model tracks an
abstract property of the lexicon — namely, the correspondence between syntactic type and semantic features — the
CCG learner can begin to exploit any such correspondence in
the data.

Results
We evaluate the proposed overhypothesis model on our synthetic dataset of referring expressions. The CCG parsing and
learning algorithm is implemented using a fork of the Cornell Semantic Parsing Framework (Artzi, 2016), and we implement the overhypothesis inferences using WebPPL (Goodman and Stuhlmüller, 2014).
We compare the overhypothesis model to a standard CCG
learner, referred to in this section simply as the base model.
This model simply randomly initializes the weights of the
candidate meanings it entertains, rather than using the probabilistic inference described in the previous section to power
meaning inferences. Without such integrated probabilistic inference, the base model has no capacity to exploit the structure of the data relating syntactic and semantic properties.

1 M
∑ 1{V (argLmax P(Lu , Tu | ui )) = Ri }
M i=1
u

(5)

= (# correct referent predictions)/(# examples)
Figure 5a shows this online metric computed across many
random restarts of both the overhypothesis model and the
base model. In each random restart, the sequence of scene
and utterance pairs in the dataset is randomly reshuffled.
We run many instances of each model on these shuffled sequences, and use the results from different runs of the sample
model to estimate 95% confidence intervals on the metric R.
The gap between the learning curves in Figure 5a shows
that the overhypothesis model benefits from an increased
data-efficiency over the base model, and that this dataefficiency increases over time.
Figure 5b illustrates the source of this data efficiency. The
red curve (left axis) plots the performance gap: the average
difference in the metric R between the overhypothesis model
and the base model at each timestep (the gap between the two
curves in Figure 5a). The gray curve (right axis) tracks the average belief in the relevant overhypothesis for this model, as
represented across many different learning runs. We compute
this belief by recording the model’s predictions of the quantity p(t = color | s = N/N) after each learning instance. (This
quantity depends directly on the model weights described in
Equation 2.)
At the beginning of the learning process, the gray line
shows that p(t = color | s = N/N) = 0.5 — the average model
has no belief in the overhypothesis. After just a few examples, the overhypothesis belief rapidly strengthens. By 10 examples, the perfomance gap begins to climb along with the
overhypothesis belief curve. The performance gap reaches
a maximum difference in R of about 11%, after which the
base model slowly begins to approach the performance of the
overhypothesis model.
The trend of the gray line also confirms the model’s qualitative fit: by inducing the overhypothesis, our model is increasingly likely to infer that novel prenominal modifiers denote some instance of a color property.

Discussion
This paper connects to a large body of recent work on computational models of word learning. Most relevant is the work
of Abend et al. (2017) and Sadeghi and Scheutz (2018), who
present models which jointly learn both word meanings and
syntactic properties of language. Their models demonstrate
how syntactic knowledge can be leveraged to more quickly
infer the meanings of words. Our contribution is complementary: we introduce more complex structured probabilistic
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(a) Online accuracy curves (see Equation 5) estimated on a fixed test
set after each training example. Shaded region represents bootstrap
estimate of 95% CI.

(b) Syntactic–semantic overhypotheses support rapid learning. The
red line (left axis) plots the mean difference in R between runs of the
overhypothesis model and runs of the base model as learning progresses. The gray line (right axis) tracks the average strength of the
induced overhypothesis p(t = color | s = N/N) in the overhypothesis
model. Shaded region represents bootstrapped 95% CI.

Figure 5: Results from the computational simulation of syntactic–semantic overhypothesis learning.
models supporting a class of overhypothesis linking syntactic
properties of words to certain aspects of their meaning.
Our model is an initial demonstration of how overhypotheses are a clear adaptive feature for a language learner, and
how they can be tractably modeled by linking distinct computational tools. While there is naturally more to children’s
adjective learning than the phenomenon described in this paper, we believe the results support a general conclusion about
the structure of the language learning problem. By explicitly
tracking abstract relations between the syntactic and semantic properties of words at the level of the lexicon, a language
learner can become more efficient at acquiring word meanings over time. Our computational model demonstrates how
such abstract relations can be induced from very little data,
and learned in an efficient and incremental fashion.
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Abstract
Do students learn better with material that is perceptually harderto-process? Previous research has been equivocal concerning this
question. To clarify these discrepancies, the present study
examined two potential boundary conditions to determine when
disfluent text is, and is not, beneficial to learning. The two
boundary conditions examined were: type of judgement of
learning (JOLs) and testing expectancy. Boundary conditions
were examined in separate Group (incidental aggregate JOLs vs.
intentional aggregate JOLs vs. item-by-item JOLs) by Disfluency
(Masked vs. Nonmasked) mixed ANOVAs. Results revealed that
type of JOL did not moderate the disfluency effect, but testing
expectancy did. These results bring forth questions pertaining to
the utility of disfluency on learning.
Keywords: Disfluency; Testing Expectancy; JOLs; Desirable
difficulties; Learning and Memory

Introduction
The desirable difficulty principle (Bjork, 1994)
puts forth the paradoxical idea that making
learning harder (not easier) should have the
desirable effect of improving long-term retention.
One simple strategy to make learning harder (and
thereby improve memory), in both the classroom
and laboratory, is to make material more
perceptually disfluent by changing the material’s
perceptual characteristics (Diemand-Yaumen,
Oppenheimer, & Vaughan, 2011; French et al.,
2013). Visual material that is masked (Mulligan,
1996), inverted (Sungkhasette, Friedman, &
Castel, 2011), uses atypical fonts (DiemandYaumen et al., 2011), or has high-level blurring
(Rosner, Davis, & Milliken, 2015) have all been
shown to produce memory benefits. The desirable
effect of perceptual disfluency on memory has
been called the disfluency effect (DiemandYaumen et al., 2011).
Although appealing as a pedagogical strategy,
there have been several experiments that failed to
find a memory benefit for perceptually disfluent
materials (e.g., Magreehan, Serra, Schwartz &

Narciss, 2016; Rhodes & Castel, 2008, 2009;
Rummer, Scheweppe, & Schewede, 2016; Yue,
Castel, & Bjork, 2013), casting doubt upon the
veracity of the disfluency effect. Much of the
literature examining the disfluency effect consists
of conceptual replications using a wide variety of
manipulations and tasks; this variety makes it
difficult to know whether a replication fails due to
procedural differences or due to the absence of a
true disfluency effect. Given the equivocal
findings in the literature, the current research aims
to identify important moderating or boundary
conditions of the effect (Oppenheimer & Alter,
2014). The present research examined two
potential boundary conditions: type of judgment
of learning (JOLs) and testing expectancy.
Understanding the boundary conditions of the
disfluency effect has important theoretical and
practical implications.
One common feature in studies that did not
obtain the disfluency effect is the use of item-byitem JOLs. JOLs are subjective predictions made
by participants indicating the probability that they
would later judge a word as being remembered.
JOLs are used by researchers to examine how
various cues, such as fluency, may be used by
students to regulate the allocation of attentional
resources during study and re-study (Metcalfe &
Finn, 2008). When the JOLs are made item-byitem, participants immediately provide a judgment
after each studied word on a scale of 0%-100%,
with a JOL of 0% indicating that participants
believe they will not be able to remember a word
at a later time, and 100% indicating that they
believe they will definitely recall the word at a
later time.
Because the use of item-by-item JOLs is
ubiquitous in the disfluency effect literature, it is
quite possible, that the elicitation of item-by-item

1705

JOLs themselves may have had an impact on
actual memory. Therefore, the act of producing
the item-by-item JOLs could have an impact on
memory that distorts or even masks the disfluency
effect. Besken and Mulligan (2013) provide two
possible explanations as to why the elicitation of
item-by item JOLs might attenuate the disfluency
effect. One possible explanation is that item-byitem JOLs require the participant to retrieve the
stimulus again, inducing deeper, more elaborative
processing for both disfluent and fluent stimuli.
Another possible explanation is that the elicitation
of JOLs results in the allocation of more effort to
the JOLs task, thereby leading to less post-lexical
processing of the disfluent stimulus than would
otherwise occur. Regardless of which account is
correct, the elicitation of item-by-item JOLs
appears to influence processing and the
subsequent strength of the memory representation.
Thus, it is important to examine the influence of
type of JOL when examining disfluency.
Although item-by-item JOLs may moderate
the disfluency effect by inducing deeper
processing of all words, the use of item-by-item
JOLs also requires that participants receive
intentional learning instructions; that is,
individuals know that they will have to remember
the words for a later test. It may be that testing
expectancy, and not type of JOL, moderate the
disfluency effect. The current experiment was
designed to explicitly examine the role of type of
encoding instruction (incidental versus
intentional) without the confound of the presence
of item-by-item JOLs.
Three groups were examined: an intentional
item-by-item JOLs group, an intentional
aggregate JOLs group, and an incidental
aggregate JOLs group. The item-by-item group
received instructions that alluded to a recognition
memory test and were required to provide itemby-item JOLs during encoding. The aggregate
JOLs intentional group received instructions that
alluded to a recognition memory test and were
required to provide aggregate JOLs after the
whole list was studied. Finally, the aggregate
JOLs incidental group were not told about a
memory test but were required to provide
aggregate JOLs. In the fluent condition, items

were presented for 2 s; in the disfluency
condition, items were presented for 80 ms and
masked by a row of hashmarks (####).
Naming latencies, accuracy, and JOLs during
study were used to ensure that masked words
were in fact disfluent compared to unmasked
words. The disfluency effect was indexed by the
results of a recognition memory task. To examine
whether type of JOL moderates the disfluency
effect, a 2 (Group: item-by-item intentional JOLs
vs. aggregate intentional JOLs) x 2 (Disfluency:
masked vs. nonmasked) mixed ANOVA was
performed. If an interaction arises between the
two factors, then it would provide evidence that
type of JOL moderates the disfluency effect. To
examine whether testing expectancy moderates
the disfluency effect, a 2 (Group: incidental
aggregate JOLs vs. aggregate intentional JOLs) x
2 (Disfluency: masked vs. nonmasked) mixed
ANOVA was performed. If an interaction arises
between the two factors, then it would provide
evidence that testing expectancy moderates the
disfluency effect. Specifically, we predicted that
participants who expected a later memory test
would be less likely to benefit from the disfluency
manipulation.
Method
Participants and Design
Eighty-four undergraduate students from Iowa
State University participated for course credit; 28
students were assigned to each of the three
groups. All participants were native speakers of
English and self-reported normal or corrected-tonormal vision.
The within-subject variable was whether or not
the words were masked. There were three
between-subject groups: item-by-item JOLs with
intentional instructions, aggregate JOLs with
intentional instructions, and aggregate JOLs with
incidental instructions.
Materials
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Four counterbalancing lists were constructed from
200 four-letter, high-frequency (mean HAL
frequency = 9.7) nouns taken from the English
Lexicon Project (Balota et al., 2007). First, two
separate 100-word lists were created, one to be
used during study and test (old items) and one to
be used only during test (new items). Next, two
versions of each of these lists were created. Half
the items were assigned to the perceptually
disfluent (masked) condition and half to the
perceptually fluent (nonmasked) condition. Lists
were assigned to participants so that across
participants each word occurred equally often in
the four possible conditions: masked old,
nonmasked old, masked new, and nonmasked
new. It is important to note that each new item
was categorized as masked or nonmasked for
counterbalancing purposes. All items on the test
were presented without a mask.
Procedure
Participants were tested individually in a small,
well-lit room, seated approximately 65 cm from
the computer screen. There were two different types
of instructions – one for the intentional encoding
groups and one for the incidental encoding group.
The instructions in in the intentional encoding
groups were:
“During this experiment, you will be
presented with 100 words. Half of the
words will be presented normally, while
the other half will be presented very
quickly, and followed by a row of
hashmarks (####). Your task is to name
each stimulus, as quickly and accurately as
possible. Do your best to remember the
words because your memory will be tested
later.”
The instructions in in the incidental encoding
group were:
“During this experiment, you will be
presented with 100 words. Half of the
words will be presented normally, while

the other half will be presented very
quickly, and followed by a row of
hashmarks (####). Your task is to name
each stimulus, as quickly and accurately as
possible.”
For each group, every trial began with a
fixation cross appearing at the center of the screen
for 1,000 ms. The fixation cross was replaced by a
word in the same location. Words were presented
in a 44-point Courier New font in black on a
white background. Half of the words were
presented under disfluent (masked) conditions and
half under fluent (unmasked) conditions. Masked
words appeared for 80 ms and were backward
masked for 1,920 ms; unmasked words appeared
for 2,000 ms. After each naming response, in the
aggregate JOL groups, a blank 1,000 ms interstimulus interval (ISI) appeared. After all the
words were named, participants were told that 50
clear and 50 masked words had appeared in the
list, and were asked to estimate how many in each
condition they expect to remember on a later test.
The order of the two memory judgements was
counterbalanced across participants. In the
intentional item-by-item JOLs group, immediately
after naming each item, participants used the
keyboard to rate their confidence on a scale of 0
(not confident at all) to 100 (very confident) that
would be able to remember the item they studied
5 minutes from now.
After a short distractor task, participants took
an old-new recognition test. At test, a fixation
cross appeared in the center of the screen for 1000
ms and was followed by a word that either had
been presented during study (“old”) or had not
been presented during study (“new”). Words
stayed on the screen until participants gave an
“old” or “new” response on the button box. For
masked words, study context was not reinstated at
test.
Results
No participants had to be replaced and no items
were discarded. An alpha level of .05 was used.
η2p is reported as the effect size measure. In
addition, alongside traditional analyses that utilize
null hypothesis significance testing, Bayes’
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factors, calculated with the freeware software
program JASP (Version 0.8.5; https://jaspstats.org) for null findings (noted as BF01) are
reported (see Jarosz & Wiley, 2011, for a review).
A Bayes factor of 3 or greater is indicative of
strong or positive evidence in favor of the null.
Study Phase
For naming latencies, RTs faster than 150 ms or
slower than 2.5 times the standard deviation for
each participant were excluded from analysis.
This outlier procedure resulted in the exclusion of
4% of the data. Trials in which there were
microphone malfunctions (i.e., the microphone
did not record a response) and errors were
excluded (10%).
Naming accuracy, naming latency, and JOLs
As a manipulation check, naming latencies,
accuracy, and JOLs were examined for each
group (incidental aggregate JOLs, intentional
aggregate JOLs, intentional item-by-item JOLs),
respectively. Mean naming latencies, accuracy,
and JOLs for each group are displayed in Table 1.
Although accuracy was high in each condition,
individuals in each group performed worse in the
masked condition than the nonmasked condition,
all ts > 2.29, ps < .03. Examining naming
latencies, there were no differences for the
intentional item-by-item and intentional aggregate
group, all ts < .46, ps > .65, BF01 > 4. There was,
however, a speed-accuracy tradeoff in the
incidental aggregate group, t(27) = -2.27, p =.03,
95% CI [-27.24, -1.40], d = .43. Lastly, JOLs in
each group were lower for the masked condition
than the nonmasked condition, all ts > 3.05, ps <
.01. Overall, although participants were not
slower in naming masked words, they were more
error prone (had lower accuracy) and gave lower
JOLs than nonmasked words. This provides
evidence that the masking manipulation was in
fact disfluent.
Test Phase

for both masked and nonmasked conditions in all
three of the groups, we analyzed
unconditionalized data. Memory sensitivity (d’)
for each group is displayed in Figure 1. Separate 2
x 2 ANOVAs examined the moderating influence
of type of JOL and testing expectancy on the
disfluency effect. Examining the influence of
type of JOL, there were no main effects or
interaction, Fs < 2.91, ps > .09. The null model
was preferred over the full model (BF = 11.39).
Examining testing expectancy, no reliable
memory difference arose between masked and
nonmasked items, F(1, 54) = .579, p = .450, η2p =
.01. There was a marginal effect of group, F(1,
54) = 3.68, p = .061, η2p = .06. The intentional
aggregate JOL group tended to have better
memory than the incidental aggregate JOL group.
Finally, there was a significant group by
disfluency interaction, F(1, 54) = 4.06, p = .049,
η2p = .07. A disfluency effect arose for the
incidental aggregate group, but not the intentional
aggregate JOL group.
Table1: Mean Naming Accuracy (in proportions), Naming
Latencies (in milliseconds), and JOLs (in proportions) for
Words in Experiment 1 as a Function of Masking and Group

Condition
Incidental
aggregate
JOLs
Nonmasked
Masked
Difference
Intentional
aggregate
Nonmasked
Masked
Difference
Intentional
item-byitem JOLs
Nonmasked
Masked
Difference

Given the very high naming accuracy rates
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Naming
Accuracy

Naming
Latency

JOLs

.99 (.00)
.98 (.01)
.01

589 (16)
592 (22)
3

.57 (.04)
.50 (.05)
.07

.99 (.00)
.97 (.01)
.02

592 (16)
577 (15)
-15

.49 (.00)
.46 (.01)
.03

.99 (.00)
.98 (.01)
.01

811(43)
805(47)
-6

.54 (.04)
.46 (.04)
.08

Note. Standard errors are shown in parentheses. * p < .05;
** p < .01; *** p < .001. Negative numbers signify that
masked words were responded to faster than nonmasked
words.

Given this pattern of results, type of JOL does
not appear to be a moderator of the disfluency
effect. However, testing expectancy does seem to
moderate the disfluency effect. When not told
about an upcoming test (i.e., incidental
aggregate JOLs group), a disfluency effect was
observed. Being told explicitly about an upcoming
memory test (i.e., intentional aggregate JOLs
group) appeared to attenuate the advantage in
recognition for disfluent stimuli.

moderating factor.
Eitel and Kuhl (2016) posited that testing
expectancy may be an important moderator of the
disfluency effect. They reasoned that if the
disfluency effect arises because of deeper, more
effortful, processing, telling participants about a
memory test should eliminate the effect. This
occurs because testing expectancy would
countervail the effects of disfluency by eliciting
additional processing for both fluent and disfluent
stimuli. In contrast, incidental instructions are less
likely to impact processing of individual items,
leaving effects of processing difficulty on
recognition memory intact. In their study, Eitel
and Kuhl found that testing expectancy lead to
better learning, overall, but they failed to find a
disfluency effect, which makes it difficult to make
inferences about potential moderators. In our
study, we demonstrated that the disfluency effect
is indeed modulated by testing expectancy.
Consistent with this, a disfluency effect was
observed only when aggregate JOLs were used in
conjunction with incidental instructions.
Conclusion

Figure 1: Memory sensitivity (d’) as a function of group
(left - aggregate incidental group; center - aggregate
intentional group; right - item-by-item intentional group
(right)) and fluency (masked vs. masked). Error bars reflect
the within-subject standard error of the mean (Morey,
2008).

Discussion
This study set out to examine two potential
moderating factors of the disfluency effect: type
of JOL and testing expectancy. We did not find
any evidence that type of JOL moderates the
disfluency effect. In the intentional item-by-item
JOLs and intentional aggreagte JOLs groups,
masked words were not better recognized than
nonmasked words. This finding differs from other
studies that did find that type of JOL moderates
the disfluency effect (e.g., Besken & Mulligan,
2013, 2014). Although type of JOL did not
moderate the disfluency effect in this study, it is
important to note that in those studies testing
expectancy was not examined as a potential

Recent studies by Diemand-Yauman et al. (2010)
and French et al. (2013) have recommended that
teachers and students use perceptual disfluency to
enhance learning. Although we have shown that
perceptual disfluency can enhance learning in a
very simplified context (i.e., list learning), its
efficaciousness as a potential learning technique is
tempered by the finding that testing expectancy
can eradicate the effect. In an educational setting,
students are always told about upcoming tests.
Thus, disfluency might not be an effective
manipulation to enhance memory in a more
ecologically valid setting. What is clear from the
current findings is that disfluency’s usefulness as
an educational intervention is not as
straightforward as placing something in a hardto-read font. Future research should continue to
explore the boundary conditions of the disfluency
effect.
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Abstract
Although children become adept problem-solvers early in life,
creating tools to solve novel problems remains challenging
throughout the early school years. To explore this problem,
we gave one group of 4-7-year-old children (N = 25) the
opportunity to compare multiple materials with matching
functional properties across three trials. A second group (N =
26) saw the same materials in each trial. We considered
whether children improved across trials and whether they
transferred any learning to a new exemplar that required a
different functional technique. Although children learned
equally well across the first three trials regardless of
condition, children who had the chance to compare materials
were more likely to improve from the initial trial to the
transfer trial. We discuss the implications for identifying the
origins of innovative problem-solving.
Keywords: innovation; analogy; problem-solving; cognitive
development

Introduction
Discovering new methods for solving challenging problems
is at the core of innovation that has led to feats as diverse as
space travel and cancer treatments. These new methods for
overcoming these kinds of hurdles rarely result from a
“Eureka” moment. Instead, they tend to rely on a variety of
processes, including trial and error, rational thinking, and
analogical reasoning. Investigating the origins of the
capacity to creatively innovate and problem solve is
important for identifying the mechanisms underlying
discovery. In this study, we explore the role of analogical
comparisons on innovative problem-solving in 4-to-7-yearold children.
Although the human species has demonstrated an
exceptional capacity to innovate and problem solve, creative
problem solving is not intuitive or automatic. Solving
problems that have routine strategies laid out is much easier
than forming new solutions to unique problems. This
phenomenon is unsurprising when we consider our own
experiences; following directions takes less effort and
mental energy than finding a new solution to a problem.
Empirical evidence also indicates that this is true

developmentally. Young children learn to use tools, infer
their intended use, and categorize them appropriately within
the first two years of life (Horner & Whiten, 2005;
McGuigan, Whiten, Flynn, & Horner, 2007). Despite the
robust ability to problem solve and understand the nature of
tool-use early in development, young children struggle to
create their own tools for solving problems until about eight
years of age. For example, in research by Beck and
colleagues (Beck, Apperly, Chappell, Guthrie, & Cutting,
2011), 4- to 9-year-old children were required to retrieve a
sticker from a bucket at the bottom of a tube. When given
this task with a premade hook that can be used to retrieve
the bucket, children can succeed at four years. In contrast,
however, when children are given objects that have not yet
been formed into the necessary tools (i.e., a pipecleaner that
needs to be bent to form the hook), only at 8-9 years do
children reliably spontaneously make a hook and succeed at
this task without assistance (Beck et al., 2011). This stark
contrast between capacity to use and create tools could stem
from a variety of sources including cognitive and motoric
limitations (Cutting, Apperly, Chappell, & Beck, 2014).
Research has only begun to explore the cognitive processes
and developmental limitations that are involved in
children’s developing abilities to create new solutions to
problems. Additional work examining 4- to 7-year-old’s
inability to invent a hook themselves indicates that a variety
of cognitive factors that might be logical reasons children
struggle with this task are not the source of the problem. For
example, research indicates that children do not simply
perseverate on a particular strategy (Chappell, Cutting,
Apperly, & Beck, 2013) or fail to explore or understand the
properties of the materials given to them in these tasks
(Beck et al., 2011; Nielsen, Tomaselli, Mushin, & Whiten,
2014). The hurdle does not seem to be purely cognitive or
physical: they have both knowledge about the causal
functioning of hooks (Beck et al., 2011) and the physical
capacity to make hooks (Cutting, Apperly, & Beck, 2011).
The fact that children succeed at this task both when given
tools that are already formed and when shown how to form
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the functional tools (Beck et al., 2011) indicates that the
creative aspect of considering how to solve a new problem
is the missing piece. In a recent study, Beck and colleagues
(2014) built upon evidence that 4-6-year-old children learn
from being shown how to form functional tools (e.g., form
pipecleaners into hooks). After children had seen
demonstrations of how to form a hook out of a pipecleaner,
the researchers asked whether children could transfer this
knowledge to a similar task that differed in appearance.
They found that, when children were given different colored
pipecleaners and distinctly shaped buckets and tubes/boxes,
they were able to transfer knowledge (i.e., that they could
still bend a pipecleaner to solve the problem) from one
demonstration to a new problem. This indicates that children
can transfer their learning to closely related problems. The
children struggled, however, when the materials presented
required a different action in order to solve the problem. For
example, after having seen a demonstration of bending a
pipecleaner in order to create a hook, they were then
presented with a wooden dowel that could be connected in
order to create a hook. Although the goal and function were
similar, children were unable to transfer their creative
problem solving to this new task. Beck and colleagues have
suggested that analogical reasoning (Beck et al., 2014) and
executive functioning (Chappell et al., 2013) are likely to be
critical for generalizing knowledge of tools to new
situations and perhaps for creating new tools. This is
because developments in children’s reasoning skills are
likely to help children draw upon their existing knowledge
in novel situations and because executive function skills
support complex planning and the implementation of these
plans (Romine et al., 2004; Singer-Freeman, 2005).
The difficulty of transferring knowledge between
perceptually dissimilar exemplars is not unique to this
paradigm. In the literature on analogical reasoning, the
difficulty of moving from close-transfer (e.g., recognizing
similarities between two examples that differ only in color)
to far-transfer (e.g., recognizing similarities between two
examples that do not share perceptual features) is frequently
discussed (Kotovsky & Gentner, 1996). Gentner (1988) has
proposed that structural mapping, a domain-general capacity
relying on comparisons between examples with matching
relations, is key to overcoming the problem of transferring
knowledge independent of perceptual features.
According to structure mapping theory (Gentner, 1988),
comparisons between examples that share both perceptual
and relational features facilitate this process. For example,
in a study by Chen and colleagues (Chen, Sanchez, &
Campbell, 1997), 10- and 13-month-old infants were given
problem-solving tasks that required multiple actions to
retrieve a toy. At 13 months, infants who first learned to
solve the toy retrieval task with one set of tools and toys
could transfer this learning to perceptually distinct tools and
toys within a few trials (e.g., color/material of container,
color of cloths, color of strings, and identity of toy changed

across trials). In contrast, 10-month-olds only transferred
learning between trials when either the goal (i.e., toy) or
tools (i.e., cloth/string) were identical to that in previous
trials. Similar effects of transferring novel actions based on
matching goals has been found in subsequent research (e.g.,
Gerson & Woodward, 2013).
In the above-reviewed examples in the problem-solving
domain, researchers found that perceptual similarities
facilitate transfer across examples, consistent with the
findings by Beck et al. (2014). They do not, however,
directly test whether having compared these perceptually
and relationally similar examples allow children to transfer
this functional knowledge to new cases that are perceptually
distinct.
Research in other domains, including categorization and
spatial reasoning, provide evidence that close comparisons
can facilitate far comparisons in some cases (Kotovsky &
Gentner, 1996; Loewenstein & Gentner, 2001). For
example, when three-year-olds have the opportunity to
compare examples of rooms with matching layouts and
identical furniture, they can subsequently transfer relational
knowledge about the location of a hidden object (e.g., a
bone is hiding under the couch that is next to the chair) to a
room with a matching layout but perceptually distinct
furniture. They cannot transfer this spatial relational
knowledge without an opportunity to compare multiple
examples.
This begs the question: Can children transfer learning from
perceptually similar to perceptually distinct examples of
innovate problem solving if they have the chance to make
comparisons? In this research, we refer to the opportunity to
make comparisons when children are presented with
multiple examples that may be spontaneously compared
based on similar functional relations. As far as we are
aware, this has not been addressed in the domain of
innovative problem solving. We directly test this hypothesis
in the current research by combining the tool innovation
paradigm previously used by Beck and colleagues (2014)
and the structural comparison technique adapted by Gentner
and colleagues in other domains (Gentner, 1998; Kotovsky
& Gentner, 1996; Loewenstein & Gentner, 2001).
In the present study, 4- to 7-year-old children were
presented with a sticker retrieval task like that previously
used by Beck and colleagues (e.g., Beck et al., 2014;
Chappell et al., 2013). In this task, children are presented
with a sticker that is placed in a bucket at the bottom of a
tube and are asked if they can retrieve the sticker. They are
given a variety of materials with which they could attempt
to solve the task. None of these materials, without
adaptation, allow the child to retrieve the bucket, but some
can be adapted in order to create a solution. As described
above, for example, a pipecleaner can be bent into a hook in
order to pull the bucket up by the handle. When children
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struggled with this initial task, they were shown a
demonstration of how to solve the problem with the
materials presented. In subsequent trials, children were
either presented with physically similar materials (low
alignability; e.g., other pipecleaners) or functionally
matching but perceptually distinct materials (high
alignability condition; e.g., a rubber wand that could be bent
into a hook). Thus, in the High Alignability Condition,
children had the opportunity to make a comparison between
the materials and identify the critical functional aspects.
Whereas in the Low Alignability Condition, the similarity
between exemplars that was likely to be compared was
about the perceptual, rather than functional, features of the
tools. After three trials, children in both conditions were
presented with distinct materials that required a different
action to achieve the same goal (generalization trial; e.g.,
sticks that could be snapped together to create a hook).
Our analyses focused on the following questions:
1.

2.
3.
4.

Does comparing functionally similar items (High
Alignability condition) lead to better transfer on
generalization trials than using matching items
(Low Alignability condition)?
Did improvement in initial trials (1-3) follow a
similar trajectory across conditions?
Did improvement from the first trial to the
generalization trial differ between conditions?
Are there age differences in performance and
transfer between 4 and 7 years?

(EC.16.04.12.4498R). All parents completed written
informed consent and children gave verbal assent.

Stimuli and Procedure
All children were shown a sticker inside a small bucket and
told that they were going to play a game in which they
needed to rescue a sticker. The bucket was dropped into a
long tube and children were told if they could rescue the
sticker, they could keep it (see Figure 1). After introducing
the task, the experimenter placed an adaptable material (e.g.,
a pliable pipecleaner or connecting pieces that make a hook)
and a non-adaptable material (e.g., a long stick) on the table
and asked if the child could ‘get the sticker out using these
things’. The experimenter then sat back and gave general
encouragement to the child (e.g., ‘you’re doing great’)
without providing any specific information. After one
minute, if the child was unsuccessful, the experimenter
demonstrated the solution. For example, she would bend the
pipecleaner into a hook and use it to pull the bucket up by
its handle until the bucket was raised off the bottom of the
tube but did not quite reach the top of the tube. After the
demonstration, the experimenter returned the tools to their
original state (e.g., unbending the pipecleaner) and allowed
the child an additional 30 seconds to attempt to retrieve the
sticker.

We hypothesized that allowing children the opportunity to
make comparisons between functionally similar materials
would be more beneficial for transfer to a different action
than continuously using matching materials. We expected
children to improve from trials 1-3 similarly across both
conditions but expected the improvement on the
generalization trial to be larger in the High Alignability
Condition. Previous research suggests that children improve
on these tasks from 4 to 6 years (e.g., Beck, Williams,
Cutting, Apperly, & Chappell, 2016) and we expected to
replicate the finding that children improve with age. The
question of whether this improvement is apparent with or
without comparison and generalization is exploratory.

Methods
Participants
Fifty-one children between the ages of four and six years
participated in this experiment. Twenty-six children were
assigned to the High Alignability Condition (HA; 21
females; mean age = 69.15 months) and twenty-five were
assigned to the Low Alignability condition (LA; 14 females;
mean age = 69.10 months). All children were recruited and
tested at a local science museum in a mid-sized British city.
The research was approved by a local ethics committee

Figure 1: This figure depicts examples of the materials
presented to children in each condition (and in the two
counterbalancing cases) on each trial. It also demonstrates
the correct solutions for each material type.
In trials two and three, children in the LA condition received
similar materials for the adaptable item whilst the nonadaptable item only changed in colour. In the HA
condition, children received a different material (e.g., the
adaptable item could be a pipecleaner or a bendable wand,
both of which could be formed into a hook). The procedure
was identical to that of the first trial (with demonstrations
occurring if child unsuccessful after one minute). Order of
materials was counterbalanced across participants and
conditions. In a generalization trial, children in both
conditions received a novel set of objects that could be
adapted in a different manner from that learned in the
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previous three trials (e.g., a stick with a connector piece that
can be made into a hook). The entire session was videotaped
from a profile view for offline coding.

Coding
For each trial, we coded whether children were successful at
retrieving the sticker at each stage: prior to the experimenter
demonstration and after the demonstration. For all presented
analyses, success was measured as succeeding at retrieving
the sticker prior to a hint or demonstration from the
experimenter. We further coded whether children succeeded
by using the expected techniques (e.g., bending the wand or
connecting sticks) or by a different means. For example,
although many children attempted to use a stick to pull the
bucket handle up the side of the tube, most children were
unsuccessful at retrieving the sticker using this method.
Four children in the HA Condition and two children in the
LA Condition, however, managed to succeed using this
technique on one or more trials. They were therefore
removed from further analyses because these children may
have learned that they could succeed without learning the
function of the tools. The coder also noted the time it took
the child to retrieve the sticker on each trial.

the generalization trial than on the initial trial, suggesting
that there may have been some benefit of learning. To
examine this more closely, we first examined the number of
children who succeeded versus failed to retrieve the sticker
before a hint or demonstration was given on Trial 1 and the
generalization trial in each condition. A McNemar test
revealed that number of children who succeeded versus
failed was significantly different between trial 1 and the
generalization trial in the HA Condition (p = .021) but was
not significant in the LA condition (p = .69).
We then examined the number of individual children who
improved from Trial 1 to the generalization trial (i.e.,
children who did not succeed on Trial 1 but did succeed on
the generalization trial) versus those whose performance did
not change (i.e., children who were consistently successful
or unsuccessful on both trials) and children whose
performance decreased (i.e., children who succeeded on
Trial 1 but failed on the generalization trial). A Chi square
test assessing the difference between children who improved
versus did not across the two conditions revealed a marginal
effect such that children in the HA Condition were
marginally more likely to improve than children in the LA
Condition (see Figure 3; X^2 = 3.03, p = .08).

Results

100%

Proportion of Children Successful

Percent of Chilren

Initial analyses confirmed that patterns were similar across
the two counterbalancing types, so all subsequent analyses
were collapsed across counterbalancing types. We first
investigated whether the proportion of children who
succeeded on each trial prior to a demonstration or hint
differed between the HA and LA Conditions. Children
across conditions showed similar success rates in Trials 1-3,
such that all children improved in their ability to
successfully retrieve the sticker without a hint from the first
to the third trial (see Figure 2). Although there was a
descriptive trend in line with our hypothesis that children in
the HA Condition would be more likely to succeed than
children in the LA Condition on the fourth trial, this pattern
did not reach significance (p = .18).

0.25

0
Control
Low Alignability

Trial3

Control
Low Alignability
Decrease

Figure 3: Proportion of children who improved (or did
not) from the initial trial to the fourth trial split by condition.

0.5
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25%

Analogy
High Alignability
Improved
No Change

0.75

Analogy
High Alignability

50%

0%

1

Trial1

75%

Trial4
Generalization Trial

Figure 2: Mean proportion of children succeeding on each
trial in each condition. Error bars represent standard errors.
As shown in Figure 2, within each group, the number of
children who succeeded at the task without a hint increased
from trials 1-3 and then fell again for the generalization
trial. Descriptively, however, more children succeeded on

In order to examine possible effects of age, we then created
a median split based on age for each condition. The mean
ages of younger children in the HA and LA Conditions were
4.84 (SEM = .23) and 5.06 (SEM = .22) years, respectively.
The mean ages of older children in the HA and LA
Conditions were 6.65 (SEM = .10) and 6.38 (SEM = .16)
years, respectively. When reexamining the proportion of
successful children (before a hint) across each trial, patterns
looked similar across age groups (see Figure 4). No
significant differences between age groups or conditions
emerged, and the descriptive trend described above (better
performance on the generalization trial in the HA
Condition) appeared consistent across age groups.
Two additional Chi square tests were conducted to
investigate whether improvement (or lack thereof) from
Trial 1 to the generalization trial differed between
conditions within each age group. No significant differences
were observed in the younger children, c2 = .21, p = .65.
The older children, however, were significantly more likely
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Proportion of Children Successful

to improve in the HA than the LA Condition, c2 = 4.1, p =
.04 (see Figure 5).
1
0.75

innovate new solutions to a presented problem. It also
indicates that any potential differences observed on the
generalization trial were not due to a carryover from
differences in success on trials 1-3.
Similar to past work (Beck et al, 2011; Nielsen et al, 2014;
Whalley et al, 2017), 4-7-year-old children found it difficult
to innovate a hook tool without a hint or demonstration on
the first trial regardless of condition. However, their
performance increased across trials 1-3, seemingly as they
gained experience. Prior experience with a tool may
influence children’s tool making capabilities. Recent work
has shown that prior experience of using or seeing a hook
significantly improved the success of creating a tool in older
(6-7-year-old) children and using a hook tool was especially
beneficial for the younger (4-5-year-old) children (Whalley,
Cutting, & Beck, 2017).
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Figure 4: Mean proportion of children succeeding on each
trial split into conditions and median split age groups. Error
bars depict standard errors.
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Figure 5: Proportion of children who improved (or did
not) from initial to fourth trial split by condition and median
age group.

Discussion
In this research, we investigated the role of analogical
comparisons on innovative problem solving in 4- to 7-yearold children. Below, we restate our research questions and
summarize our findings in relation to each of these
questions.
1.

Does comparing functionally similar items (high
alignability condition) lead to better transfer on
generalization trials than using matching items
(low alignability condition)?

We assessed whether performance on the generalization trial
differed between conditions and found no significant
difference. Although the descriptive trend was in the
expected direction, children were not significantly more
likely to succeed without a hint on the generalization trial
following the opportunity to compare functionally similar
materials.
2.

Did improvement from the first trial to the
generalization trial differ between conditions?

Did improvement in initial trials (1-3) follow a
similar trajectory across conditions?

As expected, children improved between trials 1 and 3 in
both conditions at similar rates. This suggests that children
did not struggle to engage in close transfer when learning to

In this analysis, we examined the proportion of children
who failed to solve the initial problem without a
demonstration and proceeded to succeed on the
generalization trial relative to those who either solved the
initial trial but failed to solve the generalization trial or
maintained performance levels between these two trials. We
found that marginally more children improved between trial
1 and the generalization trial in the HA than in the LA
condition. This provides some evidence that analogical
comparisons facilitated learning in this task, though the
marginal nature of this effect warrants caution.
4.

Are there age differences in performance and
transfer between 4 and 7 years?

No main effects of age were apparent and, when split by
median age, similar trends were observed across trials.
When improvement from trial 1 to the generalization trial
was assessed within each age group, a significant difference
emerged in the older, but not younger, children such that
older children were more likely to improve in the HA than
the LA condition. This suggests that older children (around
6.5 years or older) were more likely to benefit from
analogical comparisons than younger children. Prior work
has shown that younger children are more likely to explore
and older children show a conceptual shift in problem
solving that allows them to create tools (Defeyter &
German, 2003). Our results align with this prior finding, in
that the older children were more likely to use analogy
successfully to create a tool.
Although this research provides initial evidence that
analogy is beneficial for innovative problem solving in
children, the results must be interpreted cautiously due to
marginal findings and relatively small sample sizes,
particularly when analyses were divided by age group.
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Future research should increase the sample size to examine
more closely any potential differences between
counterbalancing types (i.e., connecting versus bending
actions learned/generalized) and age. A median split is a
rough proxy of age and a larger sample size would allow a
more fine-grained analysis of developmental changes in
innovative problem-solving and use of analogical
comparisons.
Additional avenues of future research include examining
how children explored the materials before engaging in
problem solving attempts. As discussed above, younger
children tend to explore their environments more thoroughly
than older children. Whether this means that younger
children might be more likely to succeed on these tasks
given more time is an empirical question. Further, previous
research indicates that children are more likely to identify
similar relations between examples when explicitly
prompted to make comparisons (Christie & Gentner, 2010).
One possibility is that drawing children’s attention to the
comparison to be made between, for example, pipecleaners
and wands bending into hooks, would lead to stronger
effects of analogical transfer.
Despite its limitations, the current research is an important
first step in identifying the mechanisms that facilitate
creative problem solving and innovation in children. The
fact that improvements and transfer of learning was seen
across both bending and connecting actions implies that the
mechanisms are not unique to one instantiation of a
problem. Identifying how and when children begin to
transfer creative problem solving capacities to new and
distinct problems is the gateway to unraveling and
optimizing innovation.
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Abstract

rules rather than verbally predict or prepare for possible
outcomes, may shed new light on this claim.
When two hypotheses accord equally well with the
evidence observed in a causal task, do learners consider
both possibilities simultaneously? Or, do they attend to only
one? Here we investigate whether adults and very young
children—toddlers aged 18 to 30 months—consider
multiple hypotheses simultaneously in a simple causal
reasoning task. Instead of assessing children’s ability to
verbally report or behaviorally prepare for multiple possible
outcomes, the current task taps an early-emerging ability to
generate and evaluate multiple possibilities as causal
hypotheses. This work therefore represents a first step
toward integrating two related, but hitherto distinct (and
often conflicting) lines of research. Can causal learning
illuminate the development of modal reasoning?

Research on the development of future hypothetical and
counterfactual thinking suggests that children as old as five
may be unable to consider multiple, equally probable
possibilities simultaneously. Yet, a large literature on the
development of causal reasoning suggests that much younger
children are able to generate, evaluate, and test causal
hypotheses, often by integrating information about several
candidate causes at once. The current research seeks to bridge
these two bodies of research. In three experiments, adults and
toddlers (18–30 months) observe a sequence of evidence that
is equally consistent with two hypotheses, each occupying a
different level of abstraction (individual vs. relational).
Results suggest that learners generate more than one potential
cause, hold both in mind, and flexibly apply the appropriate
hypothesis to inform their inferences at test. Findings
challenge previous suggestions that much older children fail
to consider multiple, equally probable possibilities.
Keywords: cognitive development; causal
counterfactual thinking; epistemic uncertainty

reasoning;

Reasoning about multiple outcomes
Previous research investigating the development of
counterfactual thinking and reasoning about the outcome of
future hypotheticals suggests that the ability to
simultaneously track multiple hypotheses may not emerge
until the early school years. This research has strongly
suggested that preschoolers and even early school-aged
children have difficulty considering multiple, equally
probable possibilities simultaneously. Instead, these studies
find that children tend to fixate on a single possibility (e.g.,
Beck, Robinson, Carroll, & Apperly, 2006; Ozturk &
Papafragou, 2015; Rafetseder, Cristi-Vargas, & Perner,
2010; Redshaw & Suddendorf, 2016; Robinson, Rowley,
Beck, Carroll, & Apperly, 2006).
Many of these tasks require children to learn rules about
novel systems and make verbal reports about their
predictions. For example, in several studies, children were
required to infer that an object (e.g., a toy mouse) could
emerge from either of two openings at the end of a forked
tube, depending on which type of card was drawn at random
from a deck. Though 3- to 5-year olds could competently
answer questions such as, “What if next time [the mouse]
goes the other way? Where will [it] be?”, they were unable
to prepare for the (equally likely) future possibilities that the
mouse might exit either tube when the outcome was
undetermined (i.e., had yet to occur). In these cases,
children placed only one mat for catching the mouse, rather

Introduction
As both children and adults encounter new data, they
update their hypotheses, revise their beliefs, and adjust their
behavior accordingly. This view—perhaps the central tenet
of modern theories of cognitive development—assumes that
learners have a “hypothesis space” populated by many
possibilities with varying likelihoods (Gopnik et al., 2004).
From this perspective, learning itself may be interpreted as a
process of assessing the probabilities of multiple
possibilities.
In many causal learning studies, participants must use
patterns of statistical contingency to determine which causes
or causal rules best account for observed effects. Strikingly,
even toddlers are often successful in these tasks (e.g.,
Gopnik, Sobel, Schulz, & Glymour, 2001; Gopnik & Sobel,
2000; Gweon & Schulz, 2011; Meltzoff, Waismeyer, &
Gopnik, 2012). Yet puzzlingly, studies that ask much older
children to make predictions about scenarios with multiple
possible outcomes often find that they are unable to consider
those possibilities simultaneously. Some researchers have
posited that this is indicative of a general deficit in
children’s ability to reason about multiple possibilities at
once (e.g., Beck, Robinson, Carroll, & Apperly, 2006;
Redshaw & Suddendorf, 2016). However, causal learning
tasks, which require participants to track and use causal
1
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Tracking Causal Possibilities

than the required two. The researchers interpret these
findings as evidence that preschool-aged children cannot
effectively acknowledge and prepare for multiple, as yet
undetermined possibilities (Beck et al., 2006). Notably,
though, this paradigm requires that children process a large
amount of complex verbal information and logical rules
(i.e., drawing cards coded by color and pattern to determine
the mouse’s path in a sequence, varying from trial to trial).
In a simplified, non-verbal version of the same task,
Redshaw and Suddendorf (2016) found that 2.5-year-old
children perform similarly to apes in a task that requires
catching a ball dropped down a forked tube. Instead of
extending two hands to cover both openings, young children
and apes extend only one hand. Although older children’s
performance improves over sequential trials, fewer than half
of 3.5-year-olds make the appropriate response on the first
trial. The authors conclude that these findings align with
domain-general improvements in executive functioning and
planning capabilities. This includes the ability to
“metarepresent” that an imagined possibility (i.e., ‘the ball
will come out the left tube’) may turn out to be incorrect.
Other types of tasks have assessed children’s ability to
reason about logical constraints and verbal rules that
determine which of several outcomes may be possible in a
given situation. For example, in an experiment conducted by
Robinson and colleagues (2006), 5-year-olds were
introduced to a house with three doors, out of which various
blocks might emerge. The children were then shown two
buckets of blocks: e.g., one composed entirely of black
blocks, and the other composed of an equal amount of green
and yellow blocks. Children were told that the experimenter
would draw a block from each of the bins and push it
through the doors in accordance with the following rules: if
it is black, they would push it out the first door; if it is
yellow, they would push it out the second door, and if it is
green, they would push it out the third door. While children
succeeded in placing a tray to catch the block underneath
the first door when the experimenter drew from the
(determinate) black block box, they failed to use multiple
trays to prepare for the equally likely possibilities that a
block could come out of either the second or third doors
when the experimenter drew from the indeterminate
green/yellow box. Like the children who placed only one
mat for the mouse (Beck et al., 2006) or who extended only
one hand to catch the ball (Redshaw & Suddendorf, 2016),
these children also prepared for only one of two equally
likely possibilities.
These and other instances in which children tend to treat
an indeterminate state of affairs as determinate are known as
“premature closure” (Ozturk & Papafragou, 2015; Robinson
et al., 2006). When confronted with cases of epistemic
uncertainty, children frequently fail to consider multiple,
equally likely possibilities simultaneously. In the present
experiments, we take an initial step at challenging this
assumption.

One reason to expect that even very young children may
be capable of considering multiple hypotheses
simultaneously is the fact that they are sophisticated causal
reasoners. Causal reasoning skills emerge early in
development across a wide range of tasks. Children as
young as 16 to 24 months can observe patterns of statistical
contingency between causes and effects and infer the causal
properties of objects, intervene on causal systems to
generate desired effects, and design novel causal
interventions (e.g., Gopnik et al., 2001; Gopnik & Sobel,
2000; Gweon & Schulz, 2011; Meltzoff et al., 2012).
Recent research has demonstrated that toddlers’ causal
reasoning prowess extends to even more abstract forms of
causality than previous studies have revealed. For example,
previous research has found that toddlers are able to learn
causal rules based on both individual causation, in which a
single entity brings about an outcome, and on relational
causation, in which the abstract relation that holds between
two entities (e.g., sameness or difference) is responsible for
an effect (Walker & Gopnik, 2014; Walker, Bridgers, &
Gopnik, 2016; Walker & Gopnik, 2017). In these studies,
toddlers are presented with a sequence of evidence that
accords with a relational causal rule, such as “two different
blocks placed on a machine will make it play music.” This
evidence includes two trials in which the machine is
activated, interleaved with two trials in which pairs of
“same” blocks fail to activate the machine. At test, toddlers
are presented with a choice between two novel pairs of
blocks, one same pair and one different pair (see Figure 1).
Across studies, toddlers repeatedly succeed at inferring
relational causes from this limited data (e.g., they readily
select a novel pair of two “different” blocks to activate a
machine to play music).

Figure 1. The causal relational match-to-sample task,
“different” condition (Walker & Gopnik, 2014)

2
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The Current Experiments

In both the classic causal learning studies that use
individual causation and these newer studies that probe
toddlers’ ability to infer relational causation, participants are
tasked with tracking several candidate causes and their
corresponding effects (e.g., which blocks will or will not
cause a machine to play music). As such, there is a sense in
which these studies reflect young children’s ability to
consider multiple hypotheses at once. To our knowledge,
however, there are as yet no studies in which toddlers are
trained on ambiguous causal evidence that is equally
compatible with multiple hypotheses.
Given that toddlers are sensitive to both individual and
relational causation, this task presents a method for
exploring our question: If participants are presented with
evidence that supports both hypotheses equally, might they
attend to both possible causes simultaneously?

In the current experiments, we presented participants with a
revised version of the causal relational-match-to-sample
procedure described above (Walker & Gopnik, 2014;
Walker, Bridgers, & Gopnik, 2016; Walker & Gopnik,
2017). We capitalize on the fact that toddlers are able to
learn both individual causation and relational causation
hypotheses from evidence in this context. By presenting
participants with an ambiguous sequence of evidence with
which both individual and relational causation are equally
compatible (i.e., one individual block appears twice, as a
part of two “different” pairs—see Figure 2 and 3 below), we
then compare the results of participants in two separate
conditions who receive a forced choice between either
individual or relational options to cause the machine to play
music. We also test adults, as a basis for comparison.
In Experiment 1, we show that adults are equally likely to
assume an individual causation hypothesis (e.g., “the black
block makes the machine play music”) as they are to assume
a relational causation hypothesis (e.g., “two different blocks
make the machine play music”) from the ambiguous
evidence.
In Experiment 2, we again presented adult participants
with the ambiguous evidence, and then asked them to
produce the effect at test. In contrast to Experiment 1,
however, half of participants received a forced choice
between the block indicated by the individual causation
hypothesis and a decoy block (i.e., another single block that
was associated with the effect). The other half received a
forced choice between two novel pairs, one “same” and one
“different." Adults in both conditions chose the correct
possibility at above chance rates, suggesting that they were
considering multiple possibilities. Experiment 3 replicates
Experiment 2 with toddlers, aged 18–30 months old.

Potential Challenges
While toddlers’ success in learning a relational causal rule
seems promising for their ability to detect and track both an
individual level rule and a relational level rule
simultaneously, there are a variety of reasons why the latter
task may be more difficult. First, attending to individual
objects and attending to the relations between them are
processes often considered to trade off or to be in tension,
particularly in young children. Indeed, in many relational
reasoning tasks with preschoolers, attention to objects seems
to preclude attention to relations (e.g., Christie & Gentner,
2010; Christie & Gentner, 2014). As such, it may be
difficult for participants to hold both hypotheses in mind:
doing so would require that they appreciate a potential
individual cause (e.g., a block of a particular shape and
color) both as an individual and as part of a pair, in relation
to another. However, previous work indicates that toddlers’
relational reasoning abilities may in fact be more readily
available than those in preschoolers (Walker, Bridgers, &
Gopnik, 2016). In particular, this study suggests that
younger children’s weaker priors on individual causation
makes it easier for them to consider the relational option.
This may mitigate concerns for learners at this age.
However, even if toddlers are immune to the type of
object fixation or individual causation bias that older
children typically display, toddlers’ working memory
capacity undergoes large developmental shifts between 12
and 36 months of age (e.g., Alp, 1994; Garon, Bryson, &
Smith, 2008). It may therefore be difficult for children this
young to hold multiple possible hypotheses “online.” As a
coping strategy, they may opt to fixate on only one of the
two, or they may fail to generate a second hypothesis at all.
Despite these potential challenges, we set out to test
whether toddlers consider multiple, equally sound
hypotheses in light of ambiguous evidence. Given that the
ability to track multiple hypotheses simultaneously is
integral to a view of learning as a process in which learners
constantly assess and re-assess possibilities, we predicted
that this skill might be very early emerging.

Experiment 1
Experiment 1 tested adults’ baseline preferences for
individual-level versus relational-level causal hypotheses for
an ambiguous sequence of evidence.

Methods
Participants and Design Participants were N=34 adults
recruited from Amazon’s Mechanical Turk. They viewed a
3-minute video and then made a forced-choice response. Six
additional participants were tested but excluded for
spending fewer than three minutes on the video or for
failing an attention check.
Stimuli & Procedure Participants watched a video in
which an experimenter placed pairs of blocks of distinct
shapes and colors on top of a machine, which sometimes
played music. The experimenter placed a total of four pairs
of blocks on the machine; and the first and third pairs
caused the machine to activate and play music. At test, the
experimenter asked the participant to "Choose the blocks
that will make my machine play music." Participants could
3
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Methods

select one of two equally likely pairs: a “same” pair
comprised of two individual blocks that had appeared in
both successful trials (individual cause hypothesis), or a
“different” pair comprised of the other two blocks that had
appeared in the successful pairs (relational hypothesis) (see
Figure 2).

Participants and Design Participants were N=61 adults
recruited from Amazon’s Mechanical Turk. Participants
were randomly assigned to view one of three, three-minute
videos. Nineteen additional participants were tested but
excluded due to spending fewer than the full three minutes
on the video page or for failing an attention check question.
Stimuli & Procedure In each video, an experimenter
presented the sequence of ambiguous causal evidence from
Experiment 1. Then, the experimenter asked the participant
to "choose the block(s) that will make my machine play
music." At test, half of participants saw a video in which the
experimenter presented a choice between novel pairs: a
"same" pair (does not accord with the evidence) and a
"different" pair (accords with the relational hypothesis). In
the other two videos, participants received a forced choice
between the block that was consistent with the individual
hypothesis and one of the other two blocks that were part of
the pairs in the successful trials. The decoy blocks were
counterbalanced across two videos (see Figure 3).

Figure 2: Stimuli for Experiment 1.

Results & Discussion Adult participants performed
significantly above chance in both conditions. In the
individual causation condition (N=31), 74.2% of
participants chose the appropriate individual block, t(30) =
3.03, p = .005. In the relational causation condition (N=30),
100% of participants chose the appropriate (“different”)
novel pair. Taken together, these results suggest that adults
indeed hold multiple possibilities in mind as potential causal
rules for explaining the ambiguous evidence they observe.
Put differently, if participants were only considering one
possible causal rule, then the results of Experiment 2 would
have resembled those of Experiment 1, with about half of
the participants in each condition reliably tracking either
one or the other of the two hypotheses. Instead, participants
perform well above chance in both conditions.
Figure 3: Stimuli used in both Experiment 2 (adults) and
Experiment 3 (toddlers).

Experiment 3
Experiment 3 replicated the results of Experiment 2 with
toddlers aged 18–30 months.

Results & Discussion Adults showed no baseline
preference for either the individual level or the relational
level hypothesis. Of the 34 participants, 19 chose the
relational option (55.9%) and 15 chose the individual level
hypothesis (44.1%). Results did not differ from chance,
t(33) = 0.68, p = .50. These findings suggest that adult
participants do not have a baseline preference for
individual-level or relational-level causation for this
ambiguous sequence of evidence that accords with both.

Methods
Participants and Design Participants were N=30 toddlers
(Mage = 23.67 months) recruited from children’s museums in
southern California or from a lab database. Children were
tested either in a quiet area of the museum or in a testing
room in lab. Fourteen additional children were excluded
from the sample due to experimenter error (4), failure to
respond (8), failure to complete the task (1), or parental
interference (1). Of the 30 children included in the sample,
N=15 were randomly assigned to the relational causation
condition, and N=15 were assigned to the individual
causation condition.

Experiment 2
Experiment 2 compared the responses of adult
participants between two conditions. Both groups were
trained on the same ambiguous evidence as Experiment 1,
but each group was presented with a separate set of forcedchoice options at test.
4
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Stimuli & Procedure Toddlers observed the same stimuli
as the adults in Experiment 2. The only difference was that
children observed this evidence performed in real time,
rather than in a video. At test, the experimenter asked, “Can
you make my machine play music?” The experimenter then
pushed two trays containing either the two pairs of blocks
(relational causation condition) or the two individual blocks
(individual causation condition) towards the child.
Whichever tray the child touched first was coded as the
child’s response.

indicated by the relational rule or by the individual rule,
depending on the test options available.
Taken together, the results of the latter two experiments
suggest that participants were not simply attending to one
hypothesis or the other, but rather considering both
possibilities simultaneously. While it is possible that adult
participants in Experiment 2 were able to review or “replay”
the evidence sequence they had seen in memory to select the
appropriate response from the choices presented, it seems
highly unlikely that toddlers, with their limited working
memory capacity, would be able to do so (Alp, 1994; Garon,
Bryson, & Smith, 2008). The age of participants in
Experiment 3 thus provides even stronger support for the
notion that these very young learners attended to multiple
hypotheses simultaneously.
To our knowledge, this is the first study to directly assess
whether participants hold multiple causal hypotheses in
mind as they reason from evidence. Furthermore, the causal
possibilities that toddlers and adults must generate and
evaluate in this task are relatively complex. Considering
multiple causal hypotheses that can account for the evidence
in this ambiguous scenario means that participants must
consider the same entity both in the role of individual cause
as well as of part of a pair comprising a relational cause.
Although existing developmental research suggests that
attending to individual entities and abstract relations are in
tension, here toddlers seem to easily consider more than one
type of property at once.
The results of Experiment 3 are especially striking, given
that research with older children has found that preschoolers
and even early elementary school-aged children are unable
to consider more than one distinct, equally likely possibility
at a time (e.g., Beck et al., 2006; Redshaw & Suddendorf,
2016; Robinson et al., 2006). As such, the present findings
raise important questions regarding the ontogeny of logical
and counterfactual reasoning. In particular, these results
suggest that the ability to track multiple possibilities in
causal reasoning—specifically, the ability to track multiple
causal rules or hypotheses—far precedes the ability to
verbally predict or behaviorally prepare for multiple,
equally probable possibilities. Future work should
explore whether and how these different modes of reasoning
about multiple hypotheses may be related.
These results may also carry important implications for
understanding the development of epistemic uncertainty
more generally. Under what circumstances do children
come to appreciate that situations can have alternative
possible outcomes? The same literature that reports that
children cannot consider more than one possibility at once
refers to the phenomenon of "premature closure," or
children's general tendency to treat a determinate state of
affairs as determinate (Robinson et al., 2006). This concept
applies not only to counterfactual thinking but to children's
understanding of language about epistemic modality—i.e.,
what is possible or necessary given the available
evidence (Ozturk & Papafragou, 2015). By contrast, the
present findings suggest that even very young children are

Results & Discussion Toddlers performed significantly
above chance in both conditions. Of the N=15 children in
the relational causation condition, 13 (86.7%) chose the
appropriate pair significantly more often than chance, p =
.007 (exact binomial). Similarly, in the individual causation
condition (N=15), 12 (80%) chose the appropriate individual
block, p = .035. Taken together, these results suggest that
children, like adults, tracked both the individual-level and
the relational-level hypotheses in this ambiguous task.

Figure 4: Results of Experiments 2 (adults) & 3 (toddlers)

General Discussion
The results of these experiments represent initial evidence
that both adults and very young children (aged 18–30
months old) can simultaneously track multiple, equally
likely possibilities in a causal learning task.
First, Experiment 1 established that adult participants
consider a relational cause (“a pair of different blocks makes
the machine play music”) and an individual cause (“this
block makes the machine play music”) at roughly equal
rates for a sequence of ambiguous evidence that was
consistent with both hypotheses, suggesting no specific
preference for one hypothesis over the other when no
correct response was available. Experiments 2 & 3 found
that both adults and toddlers who observed the ambiguous
evidence could flexibly make either the appropriate choice
5
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able to maintain “openness” about the different possible
causal explanations that may account for the evidence they
observe. Is there a fundamental difference between thinking
about causal rules that account for outcomes, versus
predicting those outcomes? Perhaps the former ability may
give rise to the latter.
Although the results from these initial studies are
certainly suggestive, additional work is needed. In
particular, ongoing follow-up studies aim to assess whether
individual toddlers can flexibly switch from one hypothesis
to another, when presented with sequential choices in a
within-subjects design. If the expected results obtain—that
is, if 18–30 month olds demonstrate the kind of “hypothesis
holding” that the current results suggest—this will
strengthen the claim that even very young children are
indeed tracking multiple possibilities simultaneously.
In sum, the present results demonstrate that even very
young children can generate and simultaneously consider
multiple, equally probable possibilities in a causal learning
task. They appear to flexibly consider these multiple
hypotheses, even when they are of very different kinds—i.e.,
individual vs. relational. These results therefore present a
first step towards challenging existing claims that the ability
to consider multiple possibilities is late developing, and
open the door for future research.
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Abstract

Books designed for beginning readers typically intermix text
with illustrations in close proximity. Prior research suggests
this standard layout may reduce literacy skills due to
increased attentional competition between text and
illustrations. The current study extends this work by
examining whether manipulations to the book layout can
enhance reading performance and explores whether individual
differences in executive function and processing speed are
related to children’s decoding and reading comprehension
when reading books which utilize the standard layout.
Separating text and illustrations improved reading
comprehension. Preliminary results also suggest working
memory, inhibitory control, and processing speed are related
to reading performance.
Keywords: attention; selective sustained attention; reading;
reading fluency; decoding; reading comprehension;
illustrations; executive function; inhibitory control; working
memory; processing speed

Introduction
Several lines of research support the idea that enhancements
intended to promote engagement often do so at the cost of
reducing attention to relevant information and thereby
reduce learning. For example, prior research has found
reduced learning outcomes in toddlers’ ability to learn novel
words or content from books with manipulative features
(such as pop-ups) compared to standard picture books (Tare,
Chiong, Ganea, & DeLoache, 2010). Similarly, math
manipulatives that are perceptually rich can have the
unintended consequence of focusing children’s attention on
object features and/or play rather than on the underlying
mathematical principles. For instance, McNeil, Uttall,
Jarvin, and Sternberg (2009) found that elementary school
children who worked with concrete manipulatives (i.e.,
colorful and detailed coins and bills) to solve word
problems involving money made more errors than children
who used no manipulatives as well as children who used
less perceptually rich manipulatives (i.e., black and white

bills and coins in which superfluous details were removed).
Recent research has also found that kindergarten children
spend more time off-task and obtain lower learning
outcomes when the learning environment is decorated (e.g.,
environments containing posters, displays, artwork)
compared to learning environments that are visually
streamlined (Fisher, Godwin, & Seltman, 2014). These
examples all serve to highlight occasions where enrichments
intended to promote engagement may have unintended
consequences for both attention and learning.
When considering books designed for beginning readers,
a similar situation might arise. The standard layout often
intermixes text and illustrations in close proximity (see
Figure 1A). The detailed and colorful illustrations are
intended, in part, to promote engagement and motivation to
read; however, the illustrations may also inadvertently
increase attentional competition between text and
illustrations thereby reducing decoding and perhaps
comprehension (Godwin, Eng, Fisher, 2017).
While there are potentially important reasons for including
illustrations in text (e.g., enhancing motivation, providing
additional information, contributing to text coherence;
Carney & Levin, 2002; Fang, 1996), our work suggests this
standard book layout is less optimal for beginning readers.
Specifically, young children made frequent gaze shifts away
from the text when reading books in the standard layout
(i.e., in which text and illustrations were in close proximity).
Critically, gaze shifts away from the text were negatively
related to decoding (Godwin et al., 2017). These results are
consistent with the possibility that the close proximity of
text and illustrations can create competition for attentional
resources, a situation that may be particularly problematic
for young children given both the protracted developmental
trajectory of attention (see Ruff & Rothbart, 2001 for
review) and their emergent literacy skills.
Reading is a critical skill children must acquire, as
reading becomes a primary tool for future learning –when
students must ‘read to learn’ (National Association for the
Education of Young Children, 1998). For many children,
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learning how to read is a challenging task; a variety of
factors contribute to the difficulty of the task including:
meager pre-reading skills, developmental disorders (e.g.,
ADHD), learning disabilities (e.g., dyslexia), and
weaknesses in general cognitive functioning (e.g., working
memory, processing speed) (e.g., Biederman et al., 2004;
Dykman, & Ackerman, 1991).
Our prior research (Godwin et al., 2017), points to the
possibility that book layout could be augmented to help
promote children’s developing literacy skills. In the present
study, we address this question experimentally to examine
book layouts that may reduce attentional competition. We
also investigate what role individual differences in cognitive
functioning might play on reading performance when
children read books in the standard layout. Specifically, we
investigate whether the typical book layout compounds
issues for decoding and comprehension in children with
weak executive function skills and slow processing speed.
There is reason to believe children with weaker cognitive
functioning will find the standard book layout especially
challenging. For example, children with weak inhibitory
control may find they are unable to resist becoming
distracted by the illustrations, resulting in less time spent
attending to the text thereby disrupting decoding and
reducing reading comprehension. Similarly, children with
low working memory (WM) capacity may struggle to
maintain a coherent representation of a word, sentence, or
story when their attentional focus is continually shifting
between the text and illustrations. Lastly, children who are
less proficient at processing information may be more
vulnerable to distraction. The attentional burden imposed by
the close proximity of text and illustrations may increase as
children spend greater amounts of time processing text.
Consequently, both decoding and comprehension may be
hampered by these frequent disruptions to the reading
process.
Thus, the present research examines (1) whether
separating text and illustrations results in a more optimal
book design for beginning readers and (2) investigates if
executive function (e.g., WM, inhibitory control) and
processing speed influence children’s vulnerability to the
detrimental effects of the close proximity between
illustrations and text, a layout common in books for
beginning readers.

Experiment 1
Participants
Participants included 50 first- and second-grade children
(Cohort 1 N=28, Mage = 7.41 years, SD = 0.54, 14 females,
14 males; Cohort 2 N=22 Mage = 7.20 years, SD = 0.61, 9
females, 12 males, 1 unreported). Participants were
recruited from schools in and around Pittsburgh,
Pennsylvania and tested individually in a quiet room
adjacent to their classroom.

Design and Procedure
To maintain a high level of ecological validity, children read
aloud a commercially available book designed for beginning
readers from the Hooked on Phonics Learn to Read series
(Good Job Dennis by Amy Kraft). The story was presented
on a laptop computer. A RED250 mobile eye tracker was
used to measure children’s patterns of attention allocation
indexed by gaze shifts. Book layout was manipulated
within-subjects. For cohort 1, half of the book was
presented in the standard layout (i.e., with text and
illustrations in close proximity; see Figure 1A) and half of
the book was presented in the partially separated layout (i.e.,
text was presented adjacent to but physically separated from
the illustrations, Figure 1B). For cohort 2, half of the book
was presented in the standard layout and half of the book
was presented in the fully separated layout (i.e., text and
illustrations were presented on separate pages, see Figure
1C). The presentation order (standard or manipulated layout
[i.e., partially or fully separated] first) was counterbalanced
across participants. Decoding was assessed prior to reading
the story using an independent measure, the Word
Recognition in Isolation Test, and also while children were
reading the story using a Running Record. To assess
comprehension, a post-test was administered. Details
regarding all measures are provided below.
Measures
Gaze Shifts
A RED250 mobile eye tracker (SensoMotoric Instruments,
Inc.) was used to measure children’s patterns of attention
allocation. On each page of the book, text, illustration, and
white space AOI’s were created. The SMI BeGaze
Eyetracking Analysis Software was then used to calculate
gaze shifts away from the text AOI’s (i.e., to illustrations or
white space AOI’s) and the average number of gaze shifts
per page was then calculated.
Decoding Measures
Here we use decoding to refer to the accurate recognition or
identification of words in text, which is considered one
important component of reading fluency (Rasinski, 2004).
Two measures of decoding were used: the Word
Recognition in Isolation Task and a Running Record.
Word Recognition in Isolation Task A modified Word
Recognition in Isolation (WRI) task measured participants’
ability to decode words fluently (Morris, 2013). Participants
were shown leveled lists of words. Participant’s scores were
based on the number of words correctly read aloud (out of
100 words) within the time limit.
Running Record (RR) While participants read the story
aloud, the research assistant recorded the participant’s
decoding accuracy for each word in the story. The
proportion of correct responses was calculated (Clay, 1972).
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based on children’s relatively high RR scores (Ms≥.88); see
Table 1.

(A)

Table 1: Descriptive statistics.
Layout

WRI

Standard

.62
(.26)

Partially
Separated

(B)

Standard

.73
(.19)

Fully
Separated

RR

SQ

Retelling

.88
(.21)
.90
(.17)
.96
(5.02)
.96
(6.20)

.66
(.19)
.88
(.18)
.65
(.28)
.65
(.25)

.44
(.27)
.54
(.21)
.39
(.20)
.31
(.15)

Gaze
Shifts
16.38
(12.93)
7.54
(6.07)
7.30
(4.5)
5.37
(4.36)

Note. Means(SD), RR=Running Record, SQ=Story Questions

Figure 1: Panel A shows the Standard layout in which text and
illustrations are presented in close proximity (as designed by the
publisher). Panel B presents the partially separated layout in which
text is presented adjacent to, but physical separated from the
illustrations. Panel C presents the fully separated layout in which
the text and illustration are presented separately and sequentially.

Reading Comprehension Post Test
Retelling Prompt Retelling is a common measure of
reading comprehension used with young children (Nilson,
2008). Retelling measured participants’ recall of specific
story events. Accuracy was scored by calculating the
number of key events recalled correctly for each condition
(standard or manipulated layout [partially or fully
separated]). Scores are the proportion of correct responses.
Story Questions Six story questions (SQ) were
administered to measure participants’ memory for story
details. For example, in the story various animals escape
from a pet store (e.g., cats, dogs, birds, rabbits, frogs).
Children were asked to recall which pets escaped. Children
received full credit if the child identified 4 or more animals
that escaped and 0 points if they provided an incorrect
response or failed to recall the animals. Partial credit was
possible if the child correctly recalled a subset of the
animals. Accuracy on SQ was scored as the proportion of
correct responses for each layout condition.

Results
Reading Performance
Overall children exhibited a level of decoding consistent
with performance of beginning readers (WRI Ms ≥.62). The
text was considered to be of appropriate difficulty level

Effect of Book Layout
Gaze Shifts. Book layout influenced children’s patterns of
attention allocation. Children made more frequent gaze
shifts away from the text in the standard layout compared to
either the partially separated (paired sample t(25)=5.11,
p<.0001) or the fully separated layout (paired sample
t(18)=2.46, p=.024); see Figure 3. It is important to note that
children in cohort 2 (standard vs. fully separated) made far
fewer gaze shifts in the standard layout than children in
cohort 1 (standard vs. partially separated), a concern we
return to in the Discussion.

Mean Gaze Shifts
per Page

(C)

20
15

**

Standard Layout
Partially Separated
Fully Separated
*

10
5
0

Layout Condition

Figure 3: Average gaze shifts away from text as a function of book
layout (Note. * = p<.05; ** = p< .0001).

Decoding and Reading Comprehension. There was no
significant effect of book layout on children’s decoding
(RR) (all paired sample ts ≤ -1.33, ps ≥ .19). In contrast,
book layout had a significant effect on children’s reading
comprehension scores; see Figure 4. The partially separated
layout enhanced comprehension as children obtained
significantly higher SQ scores in the partially separated
layout (M=.88, SD=.18) compared to the standard layout
(M=.66, SD=.19); paired sample t(27)=-4.12, p<.0001. For
retelling, a marginally significant benefit for the partially
separated layout was found (M=.44, SD=.27 vs. M=.54,
SD=.21 standard and partially separated layouts
respectively; paired sample t(27)=-1.8, p=.08). However,
there was no significant difference in SQ scores between the
standard and fully separated layouts (paired sample
t(21)=.0, p =1.0). For retelling, there was some indication
that children performed better in the standard layout
(M=.39, SD=.20) compared to the fully separated layout
(M=.31, SD=.15); although this effect was marginally
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significant (paired sample t(21)=1.97, p =.06). Furthermore,
regardless of book layout, gaze shifts were negatively
correlated with decoding; (WRI: rs≥-.77, ps<.0001; RR:
rs≥-.55, ps≤.004). Thus, children who were less proficient
readers (indexed by both decoding measures: WRI, RR)
tended to make more gaze shifts away from the text.
Standard Layout
Partially Separated
Fully Separated

**

Accuracy

100

+

80

+

60
40
20
0

Story Questions

Retelling

Figure 4: Reading comprehension accuracy (SQ, Retelling) as a
function of layout (Note. + = p<.10; * = p<.05; ** =p<.0001).

The findings from Experiment 1 are consistent with the
hypothesis that close proximity of text and illustrations may
result in competition between these sources of information.
By physically separating text and illustrations (either
partially or fully) gaze shifts away from the text can be
reduced, allowing beginning readers to more readily
maintain their attention to the text. Additionally, less
proficient readers (indexed by the WRI and RR) tended to
make more gaze shifts away from the text than more
proficient readers. This finding may indicate that beginning
readers are relying in part on illustrations to support (or
perhaps to circumvent) decoding, a question we are
exploring in future research. The results also point to the
possibility that comprehension can be enhanced by utilizing
a partially separated layout to increase the spatial separation
between text and illustrations. Thus, the results of
Experiment 1 indicate that the standard layout can be
detrimental to children’s literacy. However, there are likely
individual differences in children’s susceptibility to the
detrimental effects that the standard layout may impose. In
Experiment 2, we begin to examine this possibility.

Experiment 2
Method
Participants
Participants were first-, second-, and third-grade students
(N= 51; 25 females, 26 males; Mage=7.77 years, SD=.88).
Participants were recruited from local schools participating
in a Pre-K-12 educational technology outreach program, and
a youth summer camp both located at a public university in
a Midwestern city in the United States. Children were tested
individually in a room adjacent to their classroom or camp.

Design and Procedure
As in Experiment 1, children read aloud commercially
available books designed for beginning readers in which
text and illustrations were in close proximity. Two new
books were selected to ensure generalizability of the
findings (Ruby’s New Home by Tony and Lauren Dungy
and Gideon by Olivier Dunrea). The books were modified
(text shortened to 161 words) to ensure children could
complete the books within a single session. Children were
randomly assigned to a book (Ruby’s New Home or
Gideon). The procedure and reading measures in
Experiment 2 were analogous to those in Experiment 1,
minor modifications are detailed below. Children also
completed an individual difference assessment (described
below) to measure executive function and processing speed.
Measures
Decoding measures (WRI and RR) and the retelling task
were identical to those used in Experiment 1.
Story Questions As in Experiment 1, six story questions
were administered to measure participants’ memory for
story details. However, in Experiment 2 a multiple-choice
format was utilized. Participants were asked to choose the
correct answer from four pictorial response options. For
example, in the Gideon story, the main character plays in
different locations with various animals. Participants were
asked to identify details about a particular encounter (e.g.,
“Who did Gideon chase in the meadow?”) by pointing to the
corresponding pictorial response option (i.e., butterflies).
Accuracy was scored as the proportion of correct responses.
Individual Difference Assessment Battery
Executive Function Measures
We utilize Miyake et al.’s (2000) theoretical framework,
which asserts that executive function (EF) is comprised of
three interrelated but separable components including:
inhibition, working memory (referred to as updating) and
shifting. In this study we focus on two of these components:
inhibition and working memory. Details regarding the
measures are provided below.
Working Memory (WM) Task Verbal WM was indexed by
a simple and complex word span task. In the simple word
span task, a list of familiar words (judged by the MacArthur
Communicative Development Inventory; Dale & Fenson,
1996) was read aloud and participants were asked to repeat
the words in the same order in which they were presented.
In the complex word span task, participants were asked to
repeat the words in the reverse order. List length increased
after participants correctly completed two lists within a
given set. The minimum set size was a list length of 2 words
and the maximum set size was 6. The participant’s score
was the largest set size recalled correctly.
Inhibitory Control and Processing Speed Task The Heart
and Flowers task (Davidson, Amso, Anderson, & Diamond,
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2006) measured individual differences in inhibitory control
as well as processing speed. In this task, participants are
presented with a series of hearts and flowers on a computer
screen. Participants were instructed to press the response
button on the same side as the stimulus when a heart was
presented and to press the response button on the opposite
side of the stimulus when a flower appeared. The task
included 57 trials over three blocks. In Block 1: 12 heart
trials were presented, Block 2 included 12 flower trials, and
Block 3 was comprised of 33 mixed trials (i.e., both hearts
and flowers could appear). For each block, participants’
speed (RT) and accuracy were calculated. Performance on
the congruent trials (Block 1) was taken as an index of
processing speed as it is thought to tap participant’s
prepotent response. Performance on the mixed block (Block
3) was taken as an index of inhibitory control.

Results
Data collection is currently in progress, preliminary results
are presented below.

SD=.13) was positively and significantly correlated with
decoding (WRI: r=.35, p=.01; RR: r=.36, p=.01)1.
Processing Speed Accuracy and RT on the congruent trials
from the Heart and Flower task were utilized to assess
processing speed. Accuracy (M=.97, SD=.05) was positively
and significantly correlated with decoding (WRI: r=.41,
p=.003; RR: r=.41, p=.003). RT (M=478.80ms, SD=103.29)
was negatively correlated with decoding (WRI: r=-.25,
p=.09); however, this association was only marginally
significant. Accuracy on the processing speed task was also
found to be positively correlated with reading
comprehension (SQ: r=-.37, p=.009).
Table 2: Experiment 2 Correlation Matrix.
2

3

4

5

6

7

8

9

1. WM

.31*

.02

.21

.063

.27+

.18

.31*

-.01

2. ICtrl

1

.35*

.22

-.31*

.35*

.36*

.10

.02

1

-.21

.33*

.01

.02

.01

.05

-.04

.41

*

*

.37

*

-.10

1

-.25+

-.21

.03

.09

*

*

.08

.44*

.08

1

.26+

Measures

3. ICtrl RT
4. PSpd
5. PSpd RT

Reading Performance
Overall children exhibited high levels of decoding as
reflected in their WRI (M=.92, SD=.14) and RR (M=.96,
SD=.11) scores. The decoding measures were significantly
correlated (r=.92, p ≤ .0001). Both the WRI and RR were
significantly correlated with performance on the SQ (rs≥.37,
ps≤.008), suggesting decoding and comprehension are
related. Children’s relatively strong performance on the SQ
(M=.82, SD=.26) indicates participants understood key
elements from the story - despite difficulty recounting the
story in the retelling task (M=.17, SD=.16).
While the results of Experiment 1 indicate that the
standard layout can be detrimental to children’s literacy,
there is likely individual differences in children’s
susceptibility to the attentional competition that the standard
layout may impose. In order to examine what role pertinent
individual differences might play, a correlation analysis was
conducted. The findings are reported below (see Table 2).

1

6. WRI

1

7. RR

.41

.92
1

8. SQ

.37

9. Retell

1

Note. * = p< .05, + = p<.10. ICtrl = Inhibitory Control; PSpd = Processing Speed

Preliminary results from Experiment 2 indicate individual
differences in cognitive functions are associated with
differences in decoding and reading comprehension in the
standard layout and point to the possibility that children
with strong EF skills and better processing speed may be
less vulnerable to the detrimental effects imposed by the
standard layout.

Discussion

Working Memory (WM) Recall that two WM memory
measures were administered: a simple and complex word
span task (M=3.96, SD=.66; M=2.71, SD =.73 respectively)
The tasks were significantly correlated (r=.43, p=.002).
Thus, a WM composite was created by standardizing
children’s scores using Z-scores and averaging the
standardized scores together. A marginally significant
relationship was found between the WM composite and the
independent measure of decoding (WRI: r=.27, p=.06). The
association between WM and SQ, an index of reading
comprehension, was significant (r =.31, p=.03).

Typically, beginning reader books provide textual and
illustrative information in close proximity. We aimed to
create a more optimal book design by physically separating
the text and illustrations. We examined the effect of this
manipulation on children’s decoding and comprehension.
Increasing physical separation between text and illustrations
reduced attentional competition as evidenced by the
reduction in the number of gaze shifts children made away
from the text in both the partially and fully separated layouts
compared to the standard layout. The partially separated
layout also improved children’s comprehension. Although
more research is needed to identify additional features of
optimal book design for beginning readers, the present study
points to the possibility that even small layout changes may
help improve literacy.

Inhibitory Control Accuracy and RT on the Heart and
Flower mixed block (congruent and incongruent trials
presented randomly) were utilized as indices of inhibitory
control. Accuracy on the inhibitory control task (M=.69,

1
Exclusion of a potential outlier (WRI=.22) renders the correlation with
inhibitory control non-significant (p>.05). This effect may stabilize once
the full sample is collected. However, this child is currently the youngest
participant in the study (5.96 years) the possibility of age (or reading
experience) being a potential moderator remains an open question.

Role of EF and Processing Speed
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The present study also investigated whether individual
differences in cognitive functioning impact reading
performance in the standard layout. We hypothesized that
the standard layout compounds issues for children with
weak EF skills and slow processing speed, resulting in
decrements in decoding and reading comprehension. The
preliminary findings are partially consistent with this
hypothesis. Inhibitory control and processing speed
accuracy were positively associated with decoding, which is
an integral component of literacy (Pikulski & Chard, 2005),
while WM and processing speed accuracy were also related
to reading comprehension. Future research is needed to
investigate whether these effects are heightened in certain
clinical populations (e.g., children with Autism, ADHD).
For instance, children with autism may be particularly
sensitive to visual clutter and distractions (e.g., Hanley et
al., 2017). Thus, we might anticipate that these children
would also show greater benefits from reading stories in
which text and illustrations are not in close proximity.
The findings from this work are promising, however, a
number of limitations should be addressed in future
research. First, although children in Experiment 1
consistently made more gaze shifts in the standard layout
compared to the manipulated layouts, there is a sizeable
difference in the number of gaze shifts children made in the
standard layout across two separate samples of children
(cohort 1 and 2). Further replications with larger samples
are needed to better understand these inconsistent gaze shift
patterns. Furthermore, it will be important to connect eye
tracking data with individual difference data to extend the
results from Experiment 2 and determine if children with
weak EF and slow processing speed are more likely to make
more frequent gaze shifts away from the text. Future
research should include additional age groups to evaluate if
the effect of layout is moderated by age and reading
experience. In conclusion, separating text and illustrations is
a promising and easy to implement modification that may
make books more conducive for beginning readers.
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slightly positive (Evans, 2007; Vanhoof et al., 2006). Many
studies show that learners with more positive attitudes
toward statistics perform higher in statistics than learners
with more negative attitudes (Emmioğlu & Çapa-Aydın,
2011; Evans, 2007), partly because learners with more
negative attitudes use fewer cognitive strategies when
learning from statistics text (Budé et al., 2007; Kesici,
Baloğlu, & Deniz, 2011). The positive relationship between
attitudes and performance exists for both aspects of
performance in statistics that are bi-directionally linked to
each other (cf. Gal, 2002): the execution of statistical
computations (i.e., procedural knowledge) and the
knowledge about statistical concepts (i.e., conceptual
knowledge; Evans, 2007).

Abstract
Attitudes toward statistics influence the way students engage
in learning statistics. This study examined how attitudes
toward statistics were related to the comprehension of a
statistics text and the accuracy with which learners judged
their comprehension. Results showed that more negative
attitudes were associated with lower performance on
procedural comprehension questions, but not on conceptual
comprehension questions. At the same time, more negative
attitudes resulted in overestimations of procedural
comprehension when making prospective and retrospective
judgments of comprehension. To explain the findings, we
draw on theoretical models that assume that learners use
different types of cues to make comprehension judgments.
Keywords:
attitudes
toward
statistics;
metacomprehension accuracy; judgment bias

learning;

Metacomprehension Accuracy

Introduction
Many study programs include mandatory courses in
statistics. However, the subject statistics often polarizes
learners because they seem to be either in favor or against
this subject. Such attitudes can dramatically impact learning
because the more negative attitudes toward statistics are, the
lower the performance in statistics usually is (Emmioğlu &
Çapa-Aydın, 2011). Whether attitudes also impact
metacognitive processes in learning, for example, when
learners read a statistics text and judge their comprehension
(i.e., metacomprehension accuracy; Griffin, Wiley, & Salas,
2013), is, however, an open question. Following the cue
utilization approach (e.g., Koriat, 1997) as the theoretical
framework for metacomprehension, attitudes might in fact
misguide learners when they judge their comprehension.
Thus, we examined the role of attitudes toward statistics for
metacomprehension accuracy and text comprehension.

Attitudes Toward Statistics Impact Performance
Attitudes toward statistics are the disposition to view the
domain of statistics, a specific topic in statistics (e.g.,
probability theory), or activities (e.g., performing statistical
computations) with some degree of favor or disfavor
(Zieffler et al., 2008). Learners typically have attitudes
regarding statistics that, on average, range from being
slightly negative (Budé et al., 2007; Zimprich, 2012) to

In addition to engaging in cognitive processes, successful
learning from text requires learners to accurately monitor
and judge their text comprehension. This metacognitive
aspect of learning is called metacomprehension accuracy
(Griffin et al., 2013). Learners are usually poor at accurately
judging their comprehension because they often
overestimate and, in some cases, underestimate their
comprehension (e.g., Golke & Wittwer, 2017; Prinz, Golke,
& Wittwer, 2018). Over- and underestimations can hamper
self-regulated learning. For example, an overconfident
learner is likely to quit studying prematurely which can
result in underachievement (Dunlosky & Rawson, 2012).
Methodologically, metacomprehension accuracy is
mirrored in the match between a comprehension judgment
and actual performance on a comprehension test (Griffin,
Jee, & Wiley, 2009). As comprehension judgments,
research often uses prospective judgments but also
retrospective judgments, both of which refer to the
performance on a comprehension test. Prospective
judgments are retrieved after reading a text but before
answering test questions whereas retrospective judgments
are made after having answered a set of test questions.
According to the cue utilization approach (e.g., Koriat,
1997) which is often used in metacomprehension research
(e.g., Griffin et al., 2009), learners can use various cues for
monitoring and judging their comprehension. The accuracy
of the judgments depends on whether the cues utilized are
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valid indicators of the comprehension that is measured by a
comprehension test. When making prospective judgments,
learners can use heuristic cues that are available whether or
not a text has been read such as self-perceived skills and
resources (e.g., ability, prior knowledge, interest). For
example, a learner with a high self-perceived reading ability
who draws on this self-perception would make a high
comprehension judgment. In addition to heuristic cues,
learners can base a comprehension judgment on cues that
arise from processing a text and constructing a mental
representation of the text (i.e., representation-based cues).
Utilizing representation-based cues instead of heuristic cues
normally results in more accurate judgments because
representation-based cues more closely mirror the actual
comprehension of a specific text. Moreover, learners who
engage more deeply in text comprehension gain more valid
representation-based cues than learners who process a text
on a shallow level because deep processing provides a more
complete picture of how well a text was understood.
Consequently, a deeper text comprehension usually leads to
more accurate judgments (Thiede et al., 2009).
When making retrospective judgments, learners can use
additional cues that emerge from answering the test
questions (e.g., number of unanswered questions,
confidence in retrieved answers). These cues are normally
strong indicators of comprehension (cf. Golke & Wittwer,
2017). Therefore, retrospective judgments are usually less
overconfident or even rather accurate compared with
prospective judgments (Pierce & Smith, 2001).

The Possible Role of Attitudes Toward Statistics in
Metacomprehension Accuracy
Research has paid little attention to the role of attitudes
(toward statistics) for metacomprehension accuracy so far.
Following the cue utilization approach (Griffin et al., 2009;
Koriat, 1997), attitudes might function as a heuristic cue
when learners draw on their attitudes to form a judgment. In
this case, more positive attitudes would lead to more
optimistic judgments and more negative attitudes to more
pessimistic judgments. Given the positive relationship
between attitudes toward statistics and performance in
statistics (Emmioğlu & Çapa-Aydın, 2011; Evans, 2007),
heuristic judgments should be rather accurate. This is
because learners with positive attitudes would provide high
judgments and achieve a high performance while learners
with negative attitudes would produce low judgments and
achieve a low performance. Thus, when used as a heuristic
cue, attitudes toward statistics would not be specifically
related to the accuracy of judgments (higher and lower
levels of attitudes related to rather accurate judgments) but
positively associated with performance.
Alternatively, attitudes toward statistics could be
indirectly related to metacomprehension accuracy if learners
use representation-based cues to judge their comprehension
of a statistics text. This is because attitudes toward statistics
can influence the processing of a statistics text (Budé et al.,
2007): Learners with more negative attitudes are less likely

to engage in deep comprehension of a statistics text than
learners with more positive attitudes. Given that shallow
text comprehension provides less valid representation-based
cues for judgments, learners with more negative attitudes
toward statistics should arrive at more overconfident
judgments than learners with more positive attitudes. In this
case, learners with more negative attitudes are particularly
handicapped because they would gain a low text
comprehension and, due to their overestimations, abstain
from further learning activities that could improve their
understanding.

Present Study
We examined how attitudes toward statistics were related to
the comprehension of a statistics text and to
metacomprehension accuracy. In line with common views
on statistical knowledge (Gal, 2002), the text
comprehension test included conceptual and procedural
comprehension questions. To assess metacomprehension
accuracy,
participants
provided
prospective
and
retrospective judgments. We tested the following
hypotheses.
Hypothesis 1: Learners with more negative attitudes
toward statistics perform lower on the conceptual and
procedural comprehension questions than learners with
more positive attitudes.
Hypothesis 2: Learners in general overestimate their
conceptual and procedural comprehension for prospective
judgments.
Hypothesis 3: Learners in general show no tendency
towards overestimation when making retrospective
judgments of conceptual and procedural comprehension.
Hypothesis 4: Regarding the role of attitudes toward
statistics for metacomprehension accuracy, theory allows
two possible, yet differing assumptions. 4a) When used as a
heuristic cue, attitudes are not specifically related to the
accuracy of prospective and retrospective judgments. 4b)
Alternatively, when learners use representation-based cues
for comprehension judgment, more negative attitudes result
in more overoptimistic prospective and retrospective
judgments, due to their negative impact on text
comprehension, than more positive attitudes.
Hypothesis 5: The accuracy of retrospective judgments is,
in addition to the possible role of learners’ attitudes,
influenced by learners’ experience from answering the test
question. Hence, learners who are overoptimistic on the
correctness of their answers to the test questions produce
more overconfident retrospective judgments.

Method
Sample
Participants were 29 undergraduate students in educational
science from a German university who have been attending
their first course in statistics for five weeks. Students
participated as part of their regular course. In this study, we
presented the students with a new topic in statistics (i.e.,
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variation and variance). Participants’ mean age was 23.03
years (SD = 4.93). The great majority (86%) were female.

Materials
The statistics text described the concepts of variation and
variance including the formulas to calculate each measure.
The text (293 words) was adapted from the German
statistics textbook written by Holling and Gediga (2010).
We used two types of questions to assess comprehension
of the statistics text: conceptual and procedural
comprehension questions. The four conceptual questions
addressed the understanding of critical attributes of the
statistical concepts. Therefore, the answers to these
questions were not explicitly provided in the text but had to
be inferred. An example question is: You calculate the
variation in height of 15 people who differ in height. You
had measured height in cm. If you calculate height in m, not
in cm, how would variation in cm differ from variation in
m? All conceptual questions were presented in single-choice
format with four answer alternatives.
The four procedural questions asked the students to apply
information from the text to calculate a statistical measure
(e.g., the variance). An example is: You have a variable with
the following values: 0, 0, 2, 2. Calculate the variance. All
procedural questions were open-format questions. We
instructed participants to write down the solution and
solution steps.

Instruments and Measures
Attitudes Toward Statistics We used the Survey of
Attitudes Toward Statistics (Schau et al., 1995) that we had
translated into German. The SATS contains 28 items. We
presented the items on a 6-point Likert scale (1 = completely
disagree, 6 = completely agree). A higher total score
represents a more positive attitude. Internal consistency was
very good, Cronbach’s α = .89.
Due to limited access to our sample, we only had one
session to conduct our study. Therefore, we administered
the SATS at the end of this session, not at the beginning.
Given that attitudes are stable (Zieffler et al., 2008), it
should not make a difference whether the questionnaire is
presented at the beginning or at the end of the session.
Accordingly, a pilot study with 28 undergraduate students
who answered the SATS at the beginning and the end of a
session in a statistics course showed that the attitude scores
did not significantly differ from each other, t(27) = 1.59, p =
.124, Mbegin = 3.91, SDbegin = 0.58, Mend = 3.82, SDend = 0.61.
Consequently, we administered the SATS at the end of the
session in our main study so that the cognitively more
challenging reading assignment and comprehension
questions preceded the SATS.
Comprehension Judgments Prior to answering the
comprehension questions, participants indicated how many
questions they thought they would answer correctly (=
prospective judgment). Additionally, after completing the
comprehension questions, participants judged how many
questions they thought they had answered correctly (=

retrospective judgment). The judgments were made
separately for the conceptual and procedural questions. We
converted participants’ judgments into percent values.
Moreover, participants indicated for each comprehension
question whether they were confident or unconfident that
their answer was correct (= response confidence).
Judgment Bias As a measure of metacomprehension
accuracy, we used the judgment bias. It is the signed
difference between a participant’s prospective or
retrospective judgment of comprehension and actual
performance on the comprehension questions. Hence, a
participant who had a negative value of judgment bias had
underestimated his/her comprehension whereas a participant
with a positive value had overestimated comprehension
(using percent values, –100 and +100 were the maximum
under- and overestimation, respectively). The value of
judgment bias was zero when a participant’s judgment
matched actual performance (i.e., accurate judgment).
Metacognitive Sensitivity To determine participants’
accuracy in response confidence, we used the measure d’,
also known as metacognitive sensitivity (Fleming & Lau,
2014). It represents the ability to discriminate between
correct and incorrect answers. Grounded on the signal
detection theory, the measure is based on the hit rate (i.e.,
number of events when a reader provided a correct answer
to a comprehension question and was confident that it was
the correct answer, divided by total number of correct
answers) and false alarm rate (i.e., number of events when a
reader gave an incorrect answer but was confident that is
was the correct solution, divided by the total number of
incorrect answers). The measure d’ is the difference
between the standardized hit rate and the standardized false
alarm rate. Therefore, a positive value of d’ means that the
hit rate is higher than the false alarm rate and, hence, reveals
good sensitivity. A negative value (i.e., higher false alarm
rate than hit rate) indicates poor sensitivity because the
participant more often considered a false answer to be
correct than a correct answer. A value of zero reflects a lack
of discrimination between correct and incorrect responses.
Response Bias The measure c is a participant’s tendency to
accept or avoid false alarms [c = -0.5 * (standardized hit rate
+ standardized false alarm rate)]. A positive value of c
means that the participant is cautious when giving
confidence judgments on single comprehension questions in
order to avoid false alarms. A negative value indicates a
tendency to accept false alarms.

Procedure
We instructed participants to read the statistics text carefully
to gain a complete understanding of the text which would be
tested after reading. After reading the text, participants were
informed about the details of the type and number of
comprehension questions and asked to make prospective
judgments on the conceptual and procedural questions.
Afterwards, participants answered the conceptual questions
and indicated their response confidence in each question.
Subsequently, participants made their retrospective

1731

Table 1: Mean percent performance and judgment bias
(with standard deviation) for the comprehension questions.

judgments of the conceptual questions. Then they continued
with the procedural questions for which they also indicated
their response confidence. After having completed all
procedural questions, participants made their retrospective
judgments of these questions. Finally, participants provided
information on demographic data and answered the SATS.

Bias
Conceptual
questions
Procedural
questions

Scoring and Missing Data
We assigned 1 point to a correct answer and 0 points to an
incorrect answer to the conceptual and procedural questions.
The procedural questions were rated as correct when both
the solution and solution steps were correct. To this end,
two raters independently scored participants’ answers to the
procedural questions. There were four ratings per participant
and 116 ratings for the total sample for each rater. Both
raters agreed on 114 of the 116 ratings, which equaled a
highly satisfying agreement of 98% (Cohen’s κ = .97, 95%
CI [.92, 1.00]).
One participant provided no prospective judgment. Thus,
analyses concerning the prospective judgments were based
on the data of 28 participants.

Results
Attitudes and Text Comprehension
Participants reported attitudes toward statistics that ranged
from 2.61 to 4.75 points (M = 3.75, SD = 0.55) on the 6point scale. Thus, participants differed from each other in
having slightly negative to rather positive attitudes toward
statistics. In line with hypothesis 1, we found that
participants with a more positive attitude showed a higher
procedural comprehension than participants with a more
negative attitude, r = .65, p < .001 (see Table 1 for
descriptive statistics). In contrast, participants’ attitudes
were not related to their conceptual comprehension, r = -.01,
p = .95.

Judgment Bias
As Table 1 shows, participants varied in the extent to which
they over- or underestimated their conceptual and
procedural comprehension of the statistics text. Using t-tests
against zero (which indicates a perfectly accurate
judgment), results showed in line with hypothesis 2 that
participants in general overestimated their conceptual
comprehension when making prospective judgments, t(27)
= 3.95, p < .001, Cohen’s d = 1.06 (large effect). Regarding
the prospective judgments of procedural comprehension,
there was no general tendency towards over- or
underestimation, t(27) = 0.13, p = .897, Cohen’s d = 0.04
(small effect), which disconfirmed hypothesis 2.
Moreover, t-tests showed that the retrospective judgment
bias did not significantly deviate from zero, neither for the
conceptual, t(28) = 1.46, p = .155, Cohen’s d = 0.38 (small
effect), nor for the procedural comprehension, t(28) = -0.29,
p = .774, Cohen’s d = -0.08 (medium effect). This finding
was in line with hypothesis 3.

Performance
39.66
(27.97)
45.69
(42.82)

Prospective
+24.11
(32.26)
+0.89
(36.31)

Retrospective
+9.48
(34.98)
–1.72
(32.00)

Relations Between Attitudes and Judgment Bias
To statistically test hypotheses 4 and 5, we used linear
regression analyses. For the prospective judgments, we
conducted two simple regression analyses with attitudes as
predictor and judgment bias of conceptual and procedural
comprehension, respectively, as criterion. As Table 2
shows, attitudes were not significantly related to judgment
bias of conceptual comprehension. Attitudes were, however,
a significant and negative predictor of the judgment bias of
procedural comprehension. Thus, participants with more
negative attitudes toward statistics more strongly
overestimated their procedural comprehension of the
statistics text when making prospective judgments, which
supported hypothesis 4b.
Table 2: Simple linear regression analyses predicting bias
of prospective judgments of comprehension.
Predictor

B
SE B t(26)
p
Conceptual questions
Constant
-0.23 0.42 -0.56 .582
Attitudes
1.27
0.11
1.15
.262
Procedural questions
Constant
1.17
0.42
2.76
.011
Attitudes
-0.31 0.11 -2.77 .010
Note. Conceptual questions: R2 = .05, F(1, 26) = 1.31, p =
.262, procedural questions: R2 = .23, F(1, 26) = 7.65, p =
.010.
Regarding the retrospective judgments, we performed two
multiple regression analyses using attitudes and, in addition,
metacognitive sensitivity and response bias as predictors
and judgment bias of conceptual and procedural
comprehension, respectively, as criterion. As Table 3
shows, attitudes toward statistics were not significantly
related to the bias of the retrospective judgments of the
conceptual comprehension. Yet, participants’ metacognitive
sensitivity and response bias were significantly and
negatively associated with this bias measure (confirming
hypothesis 5). Thus, participants who were less accurate
when judging the correctness of their responses to the
conceptual questions (i.e., lower metacognitive sensitivity
and response bias) were also more overconfident on the
retrospective judgments of the conceptual comprehension.
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Regarding the bias of the retrospective judgments of the
procedural comprehension, analyses revealed that response
bias (confirming hypothesis 5) and, although to a marginal
extent, attitudes (supporting hypothesis 4b) were significant
and negative predictors. This result suggests that not only
participants who were less accurate when judging the
correctness of their responses to the procedural questions
but also those who had more negative attitudes toward
statistics arrived at more overconfident retrospective
judgments of the procedural questions than those
participants who more accurately indicated response
correctness and who had more positive attitudes.
Table 3: Multiple linear regression analyses predicting
bias of retrospective judgments of comprehension.
Predictor

B
SE B
t(25)
p
Conceptual questions
Constant
-0.54
0.40
-1.34
.192
Attitudes
0.17
0.11
1.59
.124
Sensitivity (d’)
-0.08
0.04
-2.29
.031
Response bias
-0.20
0.09
-2.28
.031
Procedural questions
Constant
0.75
0.44
1.72
.098
Attitudes
-0.21
0.12
-1.77
.089
Sensitivity (d’)
-0.08
0.06
-1.39
.176
Response bias
-0.22
0.07
-3.38
.002
Note. Conceptual questions: R2 = .43, F(3, 25) = 6.28, p =
.003, procedural questions: R2 = .44, F(3, 25) = 6.54, p =
.002.

Discussion
We aimed to expand the understanding of how attitudes
toward statistics are related to learning statistics by
examining the role of attitudes for comprehension and
metacomprehension accuracy. Regarding the results on text
comprehension, we found a strong relationship between
attitudes and procedural knowledge, which is in line with
previous research (Emmioğlu & Çapa-Aydın, 2011; Evans,
2007; Vanhoof et al., 2006): Participants with more positive
attitudes acquired more procedural knowledge than
participants with more negative attitudes. In contrast to our
expectations, the results revealed no substantial relationship
between attitudes and conceptual comprehension. A
possible explanation for the latter finding is that, when
reading the statistics text, participants might have focused
on gathering information to perform statistical computations
(i.e., procedural comprehension) instead of understanding
the underlying concepts.
Moreover, when participants focused mainly on the
procedural information and not on the conceptual
information in the text, this could also explain why
participants overestimated their conceptual comprehension
more strongly than their procedural comprehension.
Learners who mainly processed the procedural text
information (e.g., how to calculate variance) would have
obtained an adequate overview of their (lack of)

understanding. In contrast, learners would have been less
able to judge their conceptual understanding because they
would not have paid enough attention to this specific
information in the text, which results in illusions of
understanding. In line with this finding, overestimations of
comprehension are commonly found in different learning
domains (Thiede et al., 2009).
In general, participants varied strongly in the extent to
which they over- or underestimated their comprehension. In
case of the procedural comprehension, this variance seems
to partially result from participants’ attitudes toward
statistics. More concretely, we found that more negative
attitudes toward statistics were associated with more
overestimation. This negative relationship suggests that
attitudes impacted text comprehension and that participants
utilized the resulting representation-based cues rather than
heuristic cues (cf. Griffin et al., 2009) to judge their
comprehension of the procedural information in the text.
Accordingly, it can be assumed that more negative attitudes
resulted in a surface level of text processing and, thus, in a
more shallow text representation whereas more positive
attitudes led to a more active text processing and, hence, to
a deeper text representation (cf. Budé et al., 2007; Kesici et
al., 2011). As a consequence of using a more shallow text
representation as a basis for judging comprehension,
participants with more negative attitudes were more likely
to overestimate their procedural comprehension than
participants with more positive attitudes.
With respect to conceptual comprehension, we found,
however, no substantial relationship between attitudes and
the bias of prospective and retrospective judgments. This
finding is likely to result from the fact that attitudes were
not related to the performance on the conceptual
comprehension questions.
Despite the interesting results obtained in this study, there
are also some limitations. As we conducted this study within
a regular statistics course, the sample size was rather small.
Furthermore, we used only one statistics text. Therefore, to
examine the generalizability of our findings, further studies
need to include multiple texts and a larger sample.
Moreover, the order of the conceptual and procedural
questions was fixed. To gain further insight into possible
interdependencies of judgment accuracy of different types
of comprehension questions, studies should vary the order
of presentation of conceptual and procedural questions.
Finally, due to the correlational nature of the study, causal
interpretations are limited. Thus, even though it is plausible
to
assume
that
attitudes
causally
affected
metacomprehension accuracy, the exact nature of this
relationship should be examined in future research using
longitudinal or experimental designs.

Conclusions
This study has theoretical and practical implications. As a
primary theoretical implication, this study suggests that
attitudes pertain to a learner’s individual characteristics,
such as domain knowledge (cf. Griffin et al., 2009), that can
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influence metacomprehension accuracy. Therefore, attitudes
should be considered as a relevant factor for learning
domains or texts that trigger learners’ attitudes. Regarding
the practical implications, the key finding of this study is
that learners with more negative attitudes are more likely to
overestimate their comprehension when reading statistics
text than learners with more positive attitudes. Given that
overestimations discourage further reading activities
(Griffin et al., 2013), teachers in statistics should assist their
students, for example, by prompting them to use reading
strategies that enhance the chances of a thorough
understanding of statistics texts.
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Abstract
The present study was conducted to determine the effect of
inhibition and working memory training on analogical
greasoning and theory of mind in young children. We present
the results of 58 4-year-old children who were given a pretest and post-test with analogical reasoning tasks and false
beliefs tasks. Between the pre-test and the post-test a specific
training was provided. Children were divided in three groups
according to the type of the training: a) group with inhibition
training; b) group with working memory training; c) control
group with conservation tasks training. Each training was 7
days long, 25 minutes per child every day. The results
showed a significant increase in the post-test results of the
groups undergoing inhibition and working memory trainings.
The performance of the children tested was significantly
better on the post-test in comparison to both the pre-test and
the control group. The results clearly indicated the relation of
inhibition and working memory to analogical reasoning and
false belief understanding, and also the importance of training
such executive functions in order to increase other cognitive
abilities.

Keywords: analogical reasoning; theory of mind; false
beliefs; training; inhibition; working memory

Introduction
Our main research question explored whether there is an
effect of executive functions on analogical reasoning and
False Beliefs (FB) understanding.
Why is this question so important? Analogical reasoning
and FB as a part of Theory of Mind (ToM) are recognized
as crucial abilities in early cognitive development. ToM is at
the core of social development (Premack & Woodruf, 1978)
and analogical reasoning is essential to human cognition
(Hofstadter, 2001). There is clear evidence that both are
influenced by EF but most of the data are coming from
correlational studies. The possibility to train EF and transfer
the effects of training to analogy and FB would mean
finding a way to support children’s social and cognitive
development.
Different definitions of analogical reasoning agree that it
requires inference about relations. Precisely, reasoning
about the similarity of relations that are held within the
domain, rather than making inference about the similarity
between features of objects (Gentner, 1983). So analogy can
be defined as the ability to think about relational patterns
(Holyoak, Gentner & Kokinov, 2001).
Some theoretical ideas and empirical data suggest that
reasoning by analogy is an early-developing ability, present
at around 3–4 years of age (Gentner, 1983; Goswami &

Brown, 1990) or that even 13-month-old children can solve
problem analogies depending on their knowledge on the
situation (Chen, Sanchez & Campbell, 1997). Two main
types of analogies are usually used for measuring the ability
in early childhood – problem solving analogies and classical
analogies. A well-known problem analogy is the “Genie
problem” (Holyoak, Junn & Billman, 1984). In such tasks
children are presented with two problems – the base and the
target. The successful solution depends on the ability to map
the relational structure of the base to the relational structure
of the target and to transfer the solution from the base to the
target (Gentner, 1983). Classical analogies always follow
the
structure
A:B::C:D
(for
example:
hand:gloves::feet:socks). There are hypotheses claiming
that they are harder for young children because they require
more comparisons of the alternatives (Collins & Burstein,
1989; Chen, Sanchez & Campbell, 1997).
The connection between WM and analogy making is
hypothesized by Halford (1993) who claimed that most
important ability in analogical reasoning is storing conflict
information in the WM and processing complex relations in
parallel. In addition, the theory of cognitive complexity and
control (CCC) claimed that inhibition plays a central role in
analogical reasoning. The first possible answer that comes
to mind is an association but it is not a relevant analogical
answer. Thus the inhibition of this association is needed in
order to make the right inference (Zelazo & Frey, 1998).
Zelazo and Frey claimed that 3-year-olds have difficulties
with this inhibitory mechanism and systematically make
similar mistakes that can also be related to some memory
limitations. According to the CCC theory, what is hard for
young children is to “arrange” the relations in hierarchy and
this overloads the WM (Zelazo & Frey, 1998). Manipulating
the relations is difficult for young children because they
need a certain WM capacity (Halford, 1993).
There is enough evidence to suggest a relation between
analogical reasoning and the development of EF, especially
inhibition and WM. In reasoning by analogy the selection of
a common relational structure requires the inhibition of
salient features of the other alternatives. A series of
experiments found that if the association between A and B
or C and D is weaker and the WM was overloaded, children
display difficulties in response inhibition and thus, choose
an irrelevant answer (Thibaut, French & Vezneva, 2010). In
fact, when a young child is trying to establish structural
similarity and this is in conflict with the tendency to rely on
surface similarity, the inhibitory control and WM are needed
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in order to make the right inference (Morrison et. al., 2004;
Viskontas et. al., 2004).
The other main concept in the present paper is Theory of
mind (ToM), which is a special competence for
understanding the mind. It is our intuitive understanding of
one's own and other people's mental states, such as thoughts,
desires, beliefs, intentions, etc. When it comes to human
species, this ability takes on a central role in consciousness
and social cognition (Perner, 1998). By definition ToM is a
specific cognitive ability to understand others as intentional
agents. We interpret others’ mental world and need to
understand that their mental states could differ from our
own, as well as from reality (Preemak & Woodruf, 1978).
ToM is an early-developing ability between 3 and 5 years
of age, if measured with standard verbal tests (Wellman,
Cross & Watson, 2001). At around 3 years of age they
understand desires and true beliefs. At this age they interpret
the mental world based on their own knowledge and are
able to understand a true belief (TB) situation as long as a
conflict with reality does not exist (Wellman & Bartsch,
1988). The next developmental step is false belief
understanding, which is a prerequisite for the development
of ToM, although by definition it refers to all mental states.
FBs are different from our own beliefs and also different
from reality. The most widely used standard tests for
measuring this ability are “Sally-Anne” (change of location
task) (Baron-Cohen, Leslie & Frith, 1985) and “Smarties”
(deceptive box) (Perner, Leekam & Wimmer, 1987).
According to Perner (1998), in FB task inhibition is
needed when there are two simultaneously existing schemes
competing over which is more relevant to the given
situation. He claimed FB tasks are, by their nature,
executive inhibition tasks, because most FB tasks follow
exactly this common structure of competing schemes
(Perner, 1998). Performance on FB tasks is related to
performance on EF tasks (Carlson et. al., 2004; Devine &
Hughes, 2014). Furthermore, according to the emergence
account, EF are a premise for the emergence of FB
understanding, and children need a certain level of EF to
recognize the possibility of having two perspectives
regarding one and the same situation (Carlson & Moses,
2004). Standard FB tasks pose quite a challenge to young
children and if they have difficulties with inhibitory control,
they might give the wrong answer. The common mistake
they make might also be explained by the last information
held in the WM, which is exactly the wrong answer
(Wellman & Bartsh, 1988). Limited working memory itself
causes children to try out different strategies (Carpenter,
Call & Tomasello, 2002). A well-developed WM alone is
not enough, but in combination with inhibition, the
influence on FB might be crucial to the relation between EF
and FB (Carlson, Claxton & Moses, 2015).
A deficit in the data cited above is that the majority come
from correlational studies. To the extent of our knowledge,
after 20 years of research in the field, there was only one
study to include EF training, precisely inhibition (with card
sorting exercise). The results showed that after the inhibition

training, children performed significantly better on the FB
post-test. There was no other improvement measured, even
after the FB training (Kloo & Perner, 2003).
With regards to analogical reasoning, a longitudinal study
with 539 participants confirmed the relation with EF.
Initially children were tested at 54 months of age with tests
for EF, vocabulary, memory and attention. The second test
consisted of classical verbal analogies (for measuring
analytical thinking) and was done when children were 15
years of age. Results showed clear relations between early
EF and later analytical thinking. Significant relations to
short term memory and attention were not found (Richland
& Burchinal, 2012).

Experimental Study
The goal was to test whether training in inhibition and
working memory could improve children’s performance on
analogy and FB tasks. In addition, we conducted different
training programs in order to test their influence on both
abilities of interest separately.
Hypothesis: A) Training inhibition will significantly
improve children’s performance on FB and analogical tasks;
B) Training WM will significantly improve children’s
performance on FB and analogical tasks.
Design: A mixed design was used.
Within-subject factor with two measurements: pre-test
and post-test for each child with FB tasks and analogy tasks.
Also the improvement in inhibitory control, WM and
conservation were tested.
Between-subject factor with three levels: A) experimental
group (EG) with inhibition training; B) EG with WM
training; C) control group (CG) with conservation tasks
training.
Dependent variables: A) children’s scores on the FB tests
and on the analogy tests; B) children’s performance on
inhibition, WM and conservation tasks.
Independent variable: the type of training in each group.
Stimuli
The FB test consisted of 4 videotaped tasks – 3 FB and 1
TB, which was used as a control task. In the FB task the
child had to adopt the perspective of the protagonist
regarding the content of a container, which was changed
while s/he was outside the room. The test question was
always the same “What is in the bag according to…?” Key
aspects of the story’s structure are presented in Figure 1.
Initially, a book was in the bag and while the princess (the
protagonist) was outside the room, a dice was placed in the
same bag. In the TB situation the protagonist is present
while the object is changed.
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Figure 1: Images from one of the videotaped stories
showing how the FB is created while the protagonist is not
present.
The analogy test consisted of 10 tasks – 7 classical
analogies (A:B::C:D, Figure 2) and 3 problem analogies,
such as the “Genie problem” (Holyoak, Junn & Billman,
1984), which was used originally in our test.

Figure 2: An example of classical analogy used in the
analogical test.
For the inhibition training various tasks were used: card
sorting tasks and motor inhibition tasks (Diamond,
Kirkhman & Amso, 2002); other Stroop-type tasks with
cards of fruit and vegetables in unusual colors.
WM tasks were divided in two categories for both
components (Badeley & Hitch, 1974): A) visuo-spatial
sketchpad – memo games, Corsi-block test adapted for
children (Vandierendonck et. al., 2004), picture recognition
tasks, etc.; B) phonological loop – audio tapes with lists of
animals, objects, numbers, colors, which should be recalled
in different sequences (for example: the list is “dog,
elephant, bee”, one way of recalling is by rearranging them
according to size, starting with the biggest one).
For the conservation training standard tasks of Piaget
were used with real objects like coins, play-doh, paper clips,
plastic cups, etc.
Procedure
The procedure of the study consisted of 2 measurements for
each child in each group (pre-test and post-test, both
consisting of FB and analogy tasks). The groups differed by
the type of training provided (inhibition, WM and
conservation). Each of the three trainings lasted 7 days, 25
min. of individual work per day. Every day children solved
different tasks with an increasing level of difficulty. The
analogy test and FB test were the same for each phase of the
study. The pre- and post-test phases lasted 2 days each,
because children were testes with FB and analogies in
different days. The post-test phase started the day after the
training finished. The procedure was double blinded and
every day different expert worked with the children during
the tests and the trainings, in order to diminish the comfort

in working with one and the same person every day.
Feedback for the participants was provided only during the
trainings, no matter if the answer was correct or wrong, the
experimenter helped the child to explain the logic of the
solved task. Participants were not informed in any way that
the tasks might be related to FB or analogy tasks.
The whole period for finishing a procedural cycle was 2
weeks for each child. The original language of the study is
Bulgarian and the cited instructions are translated in English
for the current paper.
During the FB test participants were excluded from the
final sample if answered correctly to the three FB tasks or
wrong to the TB task (3 children excluded because of this
criteria). Children were also removed for having maximum
score on the analogy test (2 children excluded).
Regarding the training phase in each group, the inhibition,
WM, and conservation training programs were conducted
under similar conditions regarding duration and increasing
difficulty of the used tasks.
In the inhibition training every day children were exposed
to 6 different exercises. An example for easier task is the
card sorting task “day and night” (Diamond, Kirkhman &
Amso, 2002) where children have to say day to the moon
and night to the sun. The tasks with higher level of difficulty
have changing rules as for example, the child has to sort
cards in two boxes according to shape (small and big stars
and small and big balls). Than the rule is changed and the
cards should be sorted according to color (all the blue
shapes in one box and all the red shapes in the other box).
The motor inhibition tasks are games like: “If I knock on the
table once, you knock twice, and if I knock twice, you knock
once”. Harder tasks of this type include for example arms
and legs (“If I clap with my hands, stomp your feet, if I
stomp my feet, you clap with your hands”).
In the WM training every day children were exposed to
visuo-spatial sketchpad and phonological loop exercises.
Easy tasks for the first component are picture recognition
tasks (“How many ducks were there in the picture you
saw?”; “What was the color of girl’s dress on the picture
you saw?”, etc.). For the last days in this training the tasks
are memory-card-games with 6 pairs of animals or Corsiblock test with 3 or 4 glowing squares. Example of an easy
phonological loop exercise is when the child has to
remember 3 animals and make a backward recall. For the
last days the audio tapes consist of 4 or 5 digits, colors that
have to be recalled rearranged according to a rule.
The level of difficulty in the conservation training is
based on the used dimensions for the child’s and
experimenter’s sets. Dimensions like number were used
during the first days, for example two sets of an equal
number of coins. The experimenter transforms one of them
by spreading it farther and asks “Does this row have more
coins or this row have more coins?”. Dimensions like
volume and weight were used during the last days of this
training.
Participants
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The final sample of the study consists of 58 children with an
average age of 54 months, divided as follows: A) EG
inhibition – 20 children; B) EG WM – 18 children; C) CG –
20 children. The sample was balanced according to gender.

the same, we decided to analyze the data separately for both
types of tasks.

number of tasks

number of tasks

Results
The statistical analysis was done in SPSS, Repeated
measures analysis. The results for each comparison are
shown in Figure 3, Figure 4 and Figure 5.

Figure 4: Means for problem analogy measurements in all
groups.

The results for FB understanding showed that there was a
main effect of the manipulation, F(2;55)=3.61, p=.034 and
an effect of the within-subject factor, F(1;55)=18.24,
p<.001. The interaction between the variables (type of
training and FB performance) was with a marginal
significance, F(1;55)=2.51, p=.090. The within-subject
analysis showed an effect of the inhibition and WM
trainings, but not of the conservation task training. In the
EG inhibition children were significantly better on the posttest in comparison to the pre-test (F(1;19)=18.26, р<.001),
and the same applies to the EG WM (F(1;17)=7.65,
p=.013). There was no improvement between the pre- and
post-test in the CG (F(1;19)=0.432, p=.519). Betweensubject analysis presented with effect size (ES) showed that
on the pre-test all children were at a similar starting level
(EG inhibition and CG, ES=0.07; EG WM and CG,
ES=0.14; EG inhibition and EG WM, ES=0.06; p=.918),
differences were not expected to occur in this phase. In the
post-test it turned out, that there are big differences between
some of the groups: A) no difference between the two
experimental groups, ES=0 (р=1); B) but there is a
difference between the EG inhibition and the CG, ES=0.86
(р=.012); C) also a difference between the EG WM and the
CG, ES=0.84 (p=.015).
The whole test for analogical reasoning consists of 10
tasks (7 classical + 3 problem analogies), so the final score
(max. score) is 10. The means for the pre-test phase are: EG
Inhibition, M=4.35; EG WM, M=4.39; CG, M=4.55. For the
post-test: EG Inhibition, M=7; EG WM, M=6.94; CG, M=5.
There is an effect of the within-subject factor, e.g. the
children are better on the post-test (F(1;55)=78.566,
p<.001). There is no effect of between subject factor
(manipulation effect, F(2;55)=1.3, p=.284). Keeping in
mind that some researchers claim that perhaps the abilities
that underlie classical and problem analogies could be not
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number of tasks

Figure 3: Means for FB measurements in all groups.

For problem analogies the analysis showed a main effect
of the manipulation, F(2;55)=5.09, p=.009 and also an
effect of the within-subject factor (the difference between
pre-test and post-test), F(1;55)=6.27, p<.001, there is an
interaction between the variables, F(2;55)=6.17, p=.004. All
these results are caused by differences in the experimental
groups. The interaction between the variables means that the
training provided determined children’s success on FB and
analogy tests. There was an effect of both trainings in the
two experimental groups and children significantly
improved their performance on problem analogy tasks
during the post-test in comparison to the pre-test – EG
Inhibition, F(1;19)=29, p<.001; EG WM, F(1;17)=32,
p<.001. In the CG this difference (F(1;19)=4.41, p=.083) is
a marginal one, which was rather unexpected, because the
mean values were almost equal. A more detailed look at the
results showed that this difference was due to the increased
results of two children, who solved an additional task on the
post-test in comparison to the pre-test. Between-subject
analysis for the pre-test in effect size showed that children
started at the same level (EG inhibition and CG, ES=0.07;
EG WM and CG, ES=0.17; EG inhibition and EG WM,
ES=0.02; p=.86), but in the post-test the groups differ as
follows: A) slight difference between the two experimental
groups, ES=0.3 (р=.35); B) big difference between the EG
inhibition and the CG, ES=1 (р=.002); C) big difference
between the EG WM and the CG, ES=1.3 (p<.001).

Figure 5: Means for classical analogy measurements in the
three groups.

For the classical analogies there was no main effect of the
manipulation, F(2;55)=0.308, p=.736, but there was a
significance of the within-subject factor, F(1;55)=28.85,
p<.001, also an interaction between the variables,
F(2;55)=6.86, p=.002. Within-subject analysis demonstrated
that the increase in the EG Inhibition was significant,
F(1;19)=24.71, p<.001 as well as in the EG WM,
F(1;17)=21.2, p<.001. In the CG there was no difference
between the two measurements, F(1;19)=0.023, p=.88.
Between-subject analysis showed that the balance of the
sample between the groups for the pre-test was good,
because there are no differences between the groups (EG
inhibition and CG, ES=0.14; EG WM and CG, ES=0.17;
EG inhibition and EG WM, ES=0.02; p=.74). In the posttest the differences presented in effect size are medium and
only one is significant: A) between the EG Inhibition and
the CG, ES=0.6 (р=.048); B) the EG WM and the CG,
ES=0.5 (p=.15); C) between the two experimental groups,
ES=0.18 (р=.625).
Additional within-subject analysis showed that the
performance on every 7-days-trained ability improved
significantly between the 1st and last day of performance:
A) inhibitory control, F(1;19)=28.97, p<.001; B) WM,
F(1,17)=12.9, p=.002; C) conservation, F(1;19)=5.04,
p=.037. These results demonstrated once again the
effectiveness of the EF trainings and their relation to FB
understanding and analogical reasoning. The ability to
understand conservation increased too, but did not transfer
to the measured abilities.

Discussion
After the results in the present study, we can state that
children significantly improved their performance on FB
and analogical tasks after training in inhibition and WM.
Such results are not common in previous studies, which
used mostly correlations. To the extent of our knowledge,
there was only one study with inhibition training and
transfer to FB (Kloo & Perner, 2003). In our study there was
no improvement in children’s results in the CG, so we can
say that our trainings had an effect. We can also state that
the present effect was not due to learning effect because of
the identical tasks on the pre-test and post-test. In future
research we will try to find out whether this effect remains
stable over time. There are studies showing that the effects
of such training programs in EF could be retained over a
period of one year regarding academic abilities (Dias &
Seabra, 2016).
In addition, we can conclude that children’s success in
solving FB and analogical tasks depends on inhibition and
WM. All of the children tested performed significantly
better on all post-tests used in comparison to the pre-test.
Regarding FB understanding, there is evidence
demonstrating that this ability depends on good inhibitory
control (Perner, 1998; Kloo & Perner, 2003) and also on
WM (Carpenter, Call & Tomasello, 2002; Rubio-Fernandez
& Geurtz, 2013). According to Carlson et al., the FB task is
a conflict inhibitory control task and requires effort, as well

as good inhibitory ability, and WM participation for holding
and manipulating the whole information in order to give the
right answer (Carlson, Moses & Breton, 2002). As
mentioned above, the combination of inhibition and WM
might be crucial to FB understanding (Carlson, Claxton &
Moses, 2015).
The results concerning the analogy test are very
intriguing. They showed within-subject differences in
classical analogies. Additional analysis showed that even on
the pre-test children’s success is above the chance level
(Т(54)=14.56, p<.001). We can explain this with the fact
that it is possible for the children at this age to already have
the ability to solve classical analogies. This claim is in
contradiction with other explanations that problem analogies
are easier for young children (Collins & Burstein, 1989). On
the other hand, Goswami and Brown (1990) explained that
if children have enough knowledge about the objects and the
relations, they could solve classical analogies even at 3-4
years of age. The children tested showed high success in
classical analogies in all groups, even in the CG, but the
within-subject
differences
showed
a
significant
improvement only in the experimental groups where
children were provided with trainings in EF.
Regarding
problem
analogies,
between-subject
differences were found as well as within-subject ones.
Children performed significantly better on the post-test
rather than the pre-test in both EGs. Unlike the classical
analogy tasks, here the between-subject analysis showed
significant differences with the CG. Present results for the
whole analogy test are consistent with previous claims that
both inhibition and WM are needed for an analogy task to
be solved (Morrison et. al., 2004). This provides additional
evidence in support of our hypotheses.
Another aim of the study was to isolate the influence of
inhibition and WM on FB and analogy. For now, we can
statethat there was no difference between the two EGs
regarding the FB test and problem analogies. This is
consistent with the claims of Carlson, Moses and Breton
(2002) and Morrison et. al. (2004). In the future we plan to
add another EG with training in inhibition and WM together
in order to see if the effect will be stronger. Our contribution
to the field is the finding that each of these factors is enough
to have an effect on children’s ability to solve FB and
problem analogies. Regarding classical analogies, we
managed to isolate the effect of inhibition, which is again
consistent with previous studies (Thibaut, French &
Vezneva, 2010). It is logical to conclude that pictorial
classical analogies require more inhibition rather that WM
because all the alternatives necessary to make the inference
are visible and children might need less WM capacity.
Correlation analysis was made using the performance on
FB and analogy pre-tests (before the training manipulation)
and we found that both abilities are highly positively
correlated (r=0.6**, p=.008), which means that they are
related and change in one direction. After the other results
presented in the paper we can assume that both abilities are
influenced by the trainings in inhibition and WM.
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Finally, children showed significant improvement during
the 7-day trainings, which means that they became better on
the inhibition or WM tasks, and transfer to FB and analogy
tests was observed. This data is consistent with claims that
EF could be developed through training and that is one way
for other educational or cognitive abilities to be improved
(Diamond, 2012). Usually EF training programs are larger
and we succeeded in showing an effect after short training
programs of only 7 days. We plan to find out whether this
effect remains stable over time, because such an
achievement
could
have
far-reaching
practical
implementations and to serve as a tool for improvement of
cognitive and social abilities in young children.
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Abstract
Relational processing has been linked to cognitive capacity
measures, such as working memory and fluid intelligence.
Sufficient capacity, however, does not ensure attention to
relational structure, as propensity for relational processing may
also be driven by an individual’s cognitive style. The current
study took an individual-differences approach to investigate the
prerequisites for relational processing. College students
completed a battery of standardized tests of individual
differences related to fluid intelligence and cognitive style, as
well as a series of experimental tasks that require relational
reasoning. Moderate correlations were obtained between
relational processing and measures of cognitive capacity, while
the influence of cognitive style was restricted to individuals with
greater cognitive capacity. These results support the hypothesis
that a capacity threshold exists, above which cognitive style
impacts relational processing.
Keywords: Relational reasoning, individual differences,
cognitive capacity, cognitive style

Introduction
Relational reasoning—inferential processes constrained by
the relational roles that entities play rather than the specific
features of those entities—is a hallmark of human cognition.
Languages would be severely limited without prepositions
and verbs that represent relations between things (e.g., give
expresses an exchange of something between a giver and a
recipient). Analogical reasoning, in which a familiar source
domain is mapped to a less understood target domain that
shares its relational structure, underlies the powerful ability
to derive plausible inferences about a target based on a
source analog. In many cases, analogical reasoning is
challenging because surface properties differ for entities that
correspond across the analogs (e.g., Gick & Holyoak, 1980).
Given that many school subjects involve relational
knowledge, understanding the cognitive underpinnings of
such knowledge may help to improve education. Virtually
all concepts in STEM fields are relational in nature (i.e.,
defined by shared relations rather than shared features).
Furthermore, expertise in any domain requires rich
knowledge of an interrelated set of concepts, many of which
may themselves be relational in nature. Goldwater and
Schalk (2016) suggest that abstract relational schemas are
prerequisites for knowledge transfer, which is arguably the
end goal of education. In addition, recent research has
shown that effective use of relational processing separates
successful from unsuccessful students (McDaniel, Cahill,
Robbins, & Wiener, 2014). A better understanding of

relational processing, and why some students embrace it
while others do not, could lead to improved educational
outcomes.
A great deal of research indicates that adequate cognitive
capacity (often characterized in terms of concepts such as
working memory, inhibitory control, executive functioning,
and/or fluid intelligence; see Ackerman, Beier & Boyle,
2005) is necessary for relational processing (for a review see
Holyoak, 2012). For example, imposing a working memory
load causes college students to make fewer relational (and
more featural) matches on a picture-mapping task (Waltz,
Lau, Grewal, & Holyoak, 2000). Scores on the Ravens
Progressive Matrices (RPM), a standard measure of fluid
intelligence (Raven, 1938), have been shown to correlate
positively with the probability of spontaneous analogical
transfer in a problem-solving task (Kubricht, Lu, &
Holyoak, 2017). Neuropsychological evidence links
impaired prefrontal functioning with greatly diminished
performance on analogy tasks (e.g., Krawczyk et al., 2008;
Morrison et al., 2004). A number of computational models
of analogical reasoning emphasize the centrality of capacity
constraints (e.g., Halford, Wilson, & Phillips, 1998;
Hummel & Holyoak, 1997, 2003).
While cognitive capacity is clearly an important
contributor to performance in tasks that require relational
reasoning, other sources of individual differences may also
play a role. In particular, substantial evidence implicates
variations in cognitive style—differences in preferred
thinking strategies—in performance on reasoning tasks
(e.g., Stanovich & West, 1997). One measure of cognitive
style is the Need for Cognition (NFC) scale, which
measures preferences for engaging in or avoiding analytic
thinking (Day et al., 2007; Hill et al., 2013).
The relationships among cognitive style, cognitive
capacity, and relational processing have been explored
within a framework developed by Stanovich and colleagues
(Stanovich & West, 1997, 2008). While recognizing the
important contributions of both cognitive capacity and
thinking dispositions to rational behavior, Stanovich (2012)
emphasized that sufficient cognitive capacity is required to
enable individuals to realize thinking dispositions that may
predispose them to favor analytic thinking. If someone does
not have sufficient cognitive capacity to provide an analytic
response in a given situation, that individual’s thinking
disposition will have little impact on their ability to cope
with the situation. This view suggests the possibility of a
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capacity threshold that must be met before a dispositional
preference for analytic thinking will impact performance.
An individual-difference perspective may shed light on
the component processes that underlie relational reasoning.
The present study applied an individual-difference approach
to investigate potentially separable components of relational
reasoning, focusing on cognitive capacity, inhibitory
control, and cognitive style.

Method
Participants
Participants were 202 undergraduate students (mean age =
20.1, 137 female) from the University of California, Los
Angeles who received course credit for participating.

Measures
Each participant completed a series of individual difference
measures, followed by experimental tasks likely to require
relational processing.
Raven’s Progressive Matrices. Participants completed a
shortened, 12-item version of the RPM test, a common
measure of fluid intelligence (Arthur, Tubré, Paul, &
Sanchez-Ku, 1999). In this task, participants view a series of
3x3 grids with shapes in each cell except for the bottom
right cell, which is blank. Systematic patterns are
instantiated across the rows and down the columns of each
matrix. From 8 alternatives, participants choose which shape
correctly completes the matrix by following the relational
rules instantiated in the filled cells. This task is untimed.
Need for Cognition. The NFC, developed by Cacioppo
and Petty (1982), measures whether the individual enjoys
engaging in analytic thinking. The shortened scale was used,
which consists of 18 statements about processing
preferences (e.g., “I would prefer complex to simple
problems”, or “Thinking is not my idea of fun”).
Participants indicate how characteristic each statement is of
themselves on a scale from 1 (extremely uncharacteristic) to
5 (extremely characteristic). Some items were reverse
scored.
Cognitive Reflection Test. The Cognitive Reflection Test
(CRT), developed by Frederick (2005), measures an
individual’s ability to inhibit an automatic response and
engage in more effortful analytic thinking. This test consists
of three problems, all of which have an “obvious” incorrect
answer that immediately springs to mind. To answer these
problems correctly, participants must inhibit these attractive
automatically-generated answers and instead engage in
more effortful processing to compute the correct answer.
The role of inhibitory control as assessed by the CRT is of
particular importance in the current study. To correctly
answer CRT questions, an individual must exercise
inhibitory control to resist reporting the obvious incorrect
answer (Campitelli & Gerrans, 2014). The CRT is weakly
correlated with other measures of inhibitory control, such as
the Stroop task (Toplak, West, & Stanovich, 2011).

Analogical Transfer. In this task (Gick & Holyoak, 1980),
participants read a story containing a source analog (“The
General”) and summarize it. Later, they are presented with
the radiation problem (Duncker, 1945), which has an
analogous “convergence” solution, and are prompted to
solve it. After attempting to solve the problem without any
prompt to use the source analog, participants are given a
hint to think back to the source analog story and write down
a solution that the story suggests. The total solution rate for
the radiation problem is calculated based on convergence
solutions generated either before or after the hint is given.
Algebra Translation Problem. In this task (Martin &
Bassok, 2005; Simon & Hayes, 1976), participants read the
statement, “There are six times as many students as
professors at this university,” and must translate it into an
algebraic expression. Success on this problem requires
successfully avoiding a deceptively-easy syntactic
translation strategy, which would yield the incorrect
expression 6S = P. Producing the correct response, S = 6P,
requires engaging in analytic processing and evaluating the
relation between the number of students and of professors.
Picture-Mapping Task. The final measure of relational
processing employed was a picture-mapping task developed
by Markman and Gentner (1993), with additional items
added by Tohill and Holyoak (2000). In this task,
participants are shown a series of picture pairs and asked to
map one object from the top picture to an object in the
bottom picture. The two pictures are displayed for 10 s, after
which an object in the top picture is visually highlighted.
The participants must then decide which object in the
bottom picture “goes with” the highlighted object in the top
picture. The expression “goes with” is purposefully vague:
for each picture pair, the highlighted object could be
mapped either on the basis of object attributes or the basis of
a shared relational role that each objects fills. The dependent
measure of interest is how many relational mappings a
participant makes out of 10 picture pairs.1

Procedure
Participants completed all tasks individually on a computer,
using the keyboard to input responses. The tasks were
ordered as follows. (1) Participants read the source analog
for the analogical mapping task and summarized it. They
then completed (2) the NFC scale, (3) the CRT, and (4) the
RPM. Next, (5) participants were prompted to solve the
radiation problem for the analogical mapping task; (6) they
completed the algebra translation task; and (7) completed
the picture-mapping task. At the end of the study,
participants were asked whether or not they had seen any of
the tasks in the study previously, and if so to describe them.
The study took one hour to complete.
1

A word classification task developed by Little and McDaniel
(2015) was also administered. However, task performance was
poor (fewer than 33% of participants successfully learned to
classify the words). Consequently, data from this task were not
analyzed and the task will not be discussed further.
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N
198
195
201
198
200

Maximum
Possible Score
12
3
90
2
1

Mean
Std. Deviation
RPM
6.93
2.84
CRT
1.05
1.11
NFC
60.63
10.49
Radiation total
.29
.46
Algebra problem
.53
.50
Relational matches on
148
10
6.35
2.93
picture mapping task
Table 1. Descriptive statistics for each test and dependent measure.
measures are displayed in Table 1. These descriptive results
Results
show that performance on the analogical transfer task was
poor. The spontaneous transfer rate in the current study (.09)
Data from one participant who failed to follow experimental
was close to the solution rate found by Gick and Holyoak
instructions were excluded, leaving a total of 201
(1980) for participants who did not read a source analog
participants for analysis. Data for specific tasks were
(i.e., the control level). The total solution rate (.29) was
excluded for several additional participants. Data from the
much lower than that observed in the same study (.7). The
CRT were excluded for six participants, and data from the
poor performance on this task may have been due to the
analogical mapping problem were excluded for two others,
extended time interval between presentation of the source
because these participants expressed familiarity with the
analog and the target problem, coupled with interference
respective tasks. Data from the RPM were removed for one
from the demanding set of tasks that participants performed
participant who failed to follow instructions and for two
in between. Because spontaneous transfer was not obtained,
others whose mean RTs for each problem exceeded 1.5
total solution rate was used as the dependent measure for
standard deviations below the grand mean of trial RTs
this task.
(39.71 s, SD = 23.59 s), resulting in very low scores. Most
Correlational analyses
seriously, the initial version of the instructions for the
Prior to running analyses, each participant’s score on each
picture-mapping task proved confusing to participants,
task was standardized. A relational composite measure was
requiring us to modify the instructions. Data for the first 41
created by summing participants’ standardized scores on
participants (who received the initial version) were excluded
each of the relational-processing measures (relational
for this task. Data on this task were excluded for 12
responses on the picture-mapping task, score on the algebra
additional participants because they gave five or more
translation problem, and total-solutions score on analogical
responses coded as “other”, indicating a misunderstanding
transfer task).
of the task.
Inter-task correlations are presented in Table 2. Several
Coding
interrelationships among the individual difference measures
Open-ended responses were coded by two independent
are apparent. The moderate correlation between RPM and
raters. Any disagreements were decided by a third party.
CRT (r = .49) is stronger than correlations noted in previous
Analogical transfer. Solutions to the radiation problem
studies, which have found these two measures to be
were scored according to criteria adapted from previous
correlated at about .3 (e.g., Brañas-Garza, García-Muñoz, &
research (Gick & Holyoak, 1980). If participants expressed
Hernán-González, 2012; Hanaki, Jacquement, Luchini, &
at least two out of three critical ideas, they received full
Zylbersztejn, 2016). The weak relationship between RPM
credit: (1) multiple radiation sources, (2) low intensity of
and NFC (.14) is similar to that found in previous studies
rays, (3) arrangement of rays around the tumor with rays
(e.g., Hill et al., 2013). Finally, the somewhat stronger
converging on the tumor. Responses were scored either as
relationship between NFC and CRT (.24) is similar to
correct or incorrect (no partial credit was awarded). In
correlations found in previous studies, supporting the
addition, participants were scored as to whether they had
hypothesis that the CRT is sensitive to both capacity and
solved the radiation problem spontaneously (without the
style components (e.g., Pennycook, Cheyne, Koehler, &
hint) or after receiving the hint. Inter-rater reliability was
Fugelsang, 2016).
high for this task, with Cohen’s Kappa equal to .73.
Table 2 also shows the pattern of correlations among the
Picture mapping. Responses on the picture-mapping task
individual-difference measures and the relational-processing
were scored according to previously established criteria as
measures. Analogical transfer showed a modest but reliable
featural, relational, or other (Markman & Gentner, 1993).
correlation with RPM scores (r = .27, p < .01), comparable
The key dependent measure for this task was the number of
to that observed in previous research (Kubricht et al., 2017),
relational mappings (out of 10 possible) that participants
and a similar correlation with the CRT (r = .31, p < .01),
made. Inter-rater reliability on this task was high, with
suggesting that capacity and inhibitory control are related to
Cohen’s Kappa equal to .84.
performance on this task. Relational responses on the
Descriptive analyses
picture-mapping task were moderately correlated with RPM
Raw means and standard deviations for the three key
(r = .45, p < .01) and with the CRT (r = .37, p < .01), again
individual-difference measures and relational-processing
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1

2

3

4

5

6

1

RPM

1

2

CRT

.49**

1

3

NFC

.14*

.24**

1

4

Radiation total

.27**

.31**

.13

1

5

Algebra problem

.31**

.35**

.23**

.18**

1

6

Picture mapping

.45**

.37**

.03

.22**

.29**

1

7

Composite

.49**

.48**

.17*

.66**

.69**

. 73**

7

1

Table 2. Correlation matrix for all measures. Note: ** denotes p < .01, * denotes p < .05
suggesting the engagement of cognitive capacity and
inhibitory control. The algebra translation problem showed
a moderate correlation with RPM (r = .31, p < .01) and with
the CRT (r = .35, p < .01). Unlike the other two relational
processing tasks, this task was also weakly correlated with
NFC (r = .23, p < .01), suggesting an impact of cognitive
style on performance.
Next, correlations between the individual-difference
variables and the relational composite were examined. The
relational composite measure was correlated moderately
with RPM (r = .49, p < .01) and CRT (r = .48, p < .01), and
weakly with NFC (r = .17, p < .05). This pattern suggests
that relational processing was influenced by cognitive
capacity, inhibitory control, and to a lesser extent, cognitive
style.
The weak relationship between NFC and the relational
composite measure in the full dataset may be an
underestimate of the true relationship. Within the
framework proposed by Stanovich (2012), a certain
threshold level of cognitive capacity may be required to
engage in relational processing. Only if that threshold is met
will variations in cognitive style also impact performance.
Thus if an individual lacks sufficient capacity to engage in
relational reasoning, then their information-processing
preferences will have little impact, as their lack of adequate
capacity will prevent those preferences from manifesting
themselves in task performance.
Table 3 shows mean scores on the relational processing
composite broken down by individuals who scored above
and below the median on RPM and the NFC scale. To
Below median on
RPM
-.62

Above median on
RPM
.56

Below median on
NFC
Above median on
-.82
1.10
NFC
Table 3. Mean score on relational composite measure for
individuals above and below the median on RPM and NFC.

investigate the possibility that a capacity threshold is
important, the data were split based on participants’ scores
on RPM, and correlations were rerun. For participants
whose score was below the median (7) on RPM, the
correlation between NFC and the relational composite
measure was -.04 (n = 60), a negligible value. For
participants who scored above the median on RPM, the
correlation between NFC and the relational composite
measure increased to .26 (n = 68), p < .05. A one-tailed z
test of differences in correlations showed that these two
correlations differed significantly in the expected direction:
for participants who scored above the median on RPM,
cognitive style was reliably related to relational processing
performance, whereas for those who scored below the
median the relationship disappeared (z = 1.7, p = .04). This
pattern suggests that an individual’s cognitive style only
impacts their relational reasoning if that person has
sufficient cognitive capacity.

Discussion
The goal of the current study was to begin an exploration
of the component processes that underlie relational
processing. This aim was accomplished through the
administration of a short battery of individual-difference
measures, including RPM as a measure of cognitive
capacity, the CRT as a measure of inhibitory control and
cognitive style, and the NFC scale as a measure of cognitive
style. These individual-difference measures were examined
in conjunction with three measures of relational processing:
analogical transfer, an algebra translation problem, and
relational matches on a picture-mapping task.
The key findings involve the composite relational
processing measure constructed by summing participants’
standardized scores on the three relational-processing
measures. A moderate correlation was observed between the
composite and both RPM and CRT. For the full dataset, the
NFC was weakly correlated with the composite measure.
However, the correlation between the NFC scale and the
composite differed significantly for participants who scored
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below versus above the median on RPM: negligible for the
former group, significantly larger for the latter.
Our findings are consistent with those of previous studies
that found a link between relational processing and fluid
intelligence (Kubricht et al., 2017; Vendetti, Wu & Holyoak,
2014). The current study also supports previous findings
linking inhibitory control to relational processing (e.g.,
Krawczyk et al., 2008). Although no previous studies have
explored this link using the CRT, this test has been
examined in concert with many other individual differences
and cognitive tasks. For example, studies have found the
CRT to be positively correlated with performance on
various decision-making tasks (e.g., Lesage, Navarrete, &
de Neys, 2013; Toplak, West, & Stanovich, 2011), and rule
transfer in a causal learning paradigm (Don, Goldwater,
Otto, & Livesey, 2016); while it is negatively correlated
with trust in intuition (Pennycook et al., 2016). Given that a
link between relational processing and the CRT has now
been established, the relevance of relational processing to
each of these tasks should be considered. For example, an
individual who is better at processing relations might be
more likely to consider the relations between variables in a
conjunctive probability problem.
The nature of the relationship between the NFC scale and
relational processing found in the present study also
supports previous findings. Specifically, cognitive style as
measured by the NFC was found to be related to relational
processing only for those participants who had sufficient
cognitive capacity, in accord with the proposal by Stanovich
and West (2008). Cognitive style measures are relevant to
whether or not an individual will detect a situation in which
a heuristic response is not warranted; but even if the need
for an override is detected, an individual with insufficient
cognitive capacity may not be able to correctly compute the
appropriate response.
One limitation of the current project is related to the use
of the RPM as a measure of cognitive capacity. Solving
RPM problems requires consideration and integration of
relations between cells in the matrix; thus the RPM itself is
a task that requires relational reasoning. Accordingly,
caution is warranted in interpreting the RPM as a specific
measure of cognitive capacity. Future work should
incorporate other measures of cognitive capacity, such as
working-memory tasks.
The distinct contributions of executive functions and
cognitive style to successful relational processing suggest
two potential pathways to improve relational reasoning
performance. Interventions that improve relational
reasoning performance for individuals with low cognitive
capacity may not benefit those with low propensity to
process relations, and vice versa. Cognitive style and
capacity have been identified as stable individual difference
measures that affect individuals over the course of their
lifetimes (Arthur et al., 1999; Sadowski & Gulgoz, 1992).
Each of these sources of potential improvement should be
explored in future studies.

Previous studies offer examples of the kinds of
interventions that may help individuals with low cognitive
capacity. Kubricht et al. (2017) found that supplying an
animated diagram along with the source analog improved
analogical transfer performance for individuals with low
cognitive capacity as assessed by RPM. Vendetti et al.
(2014) showed that generating solutions to semantically
distant analogies induced a relational set for information
processing, which increased the number of relational
matches made subsequently on the picture mapping task.
Moreover, induction of a relational set reduced the
association between performance on the mapping task and
score on RPM.
Each of the relational processing tasks selected in the
current study involve explicit reasoning with relations.
Some previous research suggests that relational processing
may sometimes proceed implicitly, without recognition by
the reasoner (e.g., Day & Goldstone, 2011). It is unclear
whether the same cognitive mechanisms would be involved
in implicit relational processing; hence future studies should
examine this possibility.
Although other individual-difference measures need to be
investigated, the present study is a step toward
understanding the cognitive processes that underlie
relational processing. There may be two separable pathways
toward improving relational reasoning performance, which
could lead to improved educational outcomes.
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Abstract
Travel behavior research shows that the disutility of waiting times looms larger than the disutility of in-vehicle times.
However, little has been said about the plausibility of the assumption of compensatory behavior in the preferences for
waiting and traveling. Another open question is whether the variability in waiting and in-vehicle times affects transport
decisions in the same way. To answer these research questions, we conducted a lab experiment with university students
from London, UK and Santiago, Chile. Participants were presented with 14 decisions scenarios that manipulated the
average and the variability of waiting and in-vehicle times in two bus routes under the choice paradigms of decisions from
description and from experience. We found that participants did not compensate waiting and in-vehicle times; rather, they
sought to minimize overall journey times. In addition, participants disliked more variability while waiting than traveling.
Interestingly, both behaviors were only observed in the experiential choices.
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Abstract
Learning from expository science texts is challenging. These
studies explore whether difficulties can be attributed to poor
memory or poor reasoning. To eliminate the need for memory
during testing, some students took the tests with the texts
available. To test for the effects of reasoning on performance,
some students were prompted to engage in explanation
activities during or after reading. The effects of these
manipulations were tested on text-based and inference
questions. Allowing the reader access to the texts during testing
improved performance for text-based questions. In contrast,
engaging in explanation activities during reading improved
performance on inference questions. These results suggest that
achieving a better understanding from expository texts depends
on engaging in constructive reasoning processes, and not
simply improving memory for the texts.
Keywords: Text comprehension; Explanation; Inferences;
Situation model; Learning from text

Introduction
The goal of reading an expository science text is often for
the student to construct a situation model (Kintsch, 1994) or
a mental model of a scientific phenomenon, system or
process (Graesser & Bertus, 1998; Mayer, 1989). It is the
development of a situation or mental model that represents
the understanding of how or why a phenomenon occurs, and
this understanding is what allows the reader to transfer their
knowledge to new contexts (Mayer, 1989). However, most
research on text comprehension shows that students struggle
with learning from expository science texts. Even collegeaged students are notoriously poor at learning from
expository science texts, despite the fact that much
instruction still involves self-regulated study from their
textbooks. In two experiments, the present line of research
explored two possible sources of difficulty when readers are
tasked with learning from expository science text: poor
performance due to poor memory for the text in Experiment
1, or due to a failure to engage in appropriate reasoning
processes in Experiment 2.

Experiment 1
The first experiment tested the possibility that one reason
why readers may show poor performance is due to poor
memory for the information that they read. A common

approach that has been used to test whether memory for the
text is an obstacle is by removing this source of difficultly.
This has been accomplished by providing the reader access
to the text while they are testing; hence, the reader no longer
has to rely on memory to answer the test questions. If poor
memory for the text is one reason why readers are struggling,
then when that difficulty is removed, it would be expected
that performance should improve. In one study using a textavailability manipulation, Ozuru, Best, Bell, Witherspoon,
and McNamara (2007) had undergraduate participants read
an expository science text written at a ninth grade level.
Participants answered test questions either without the text or
with the text as a reference. When participants had access to
the text during the testing period, performance on both textbased and inference questions was improved. In contrast,
Ferrer, Vidal-Abarca, Serrano, and Gilabert (2017) had
middle-school students read a single expository text written
at a grade-appropriate reading level. Text availability was
manipulated as a between-participants factor. An interaction
between text availability and question type indicated that
when participants had access to the text during the test,
performance was improved for text-based questions only.
However, no differences were observed for inference
questions. A key difference between these studies may have
been the difficulty of the texts and whether readers were
given readings below or at their grade level. Based on both
these results, it was predicted that having the text available
would improve performance on text-based questions. In
addition, because the present experiment used expository
texts that were written at an appropriate grade level for
undergraduates, it was predicted that access to the text might
be less likely to have an effect on inference-based questions.

Method
Participants Participants (60 females; Mage = 18.4, SDage =
.83) were 96 undergraduates who received course credit for
their participation in the experiment through the introductory
psychology subject pool. Participants were randomly
assigned to one of two conditions: having access the text
while testing (with-text) or testing without the text available
(without-text). A between-participants design was selected
specifically to eliminate the possibility of carryover effects
within participants. Each participant read and was tested on

1748

two of the six texts. Texts were fully counterbalanced so that
each of the 6 texts were assigned to 16 participants in each of
the 2 conditions, resulting in 192 observations.
Materials Passages used in this experiment (adapted from
Thiede, Wiley, & Griffin, 2011) introduced six different
phenomena (e.g. how volcanic eruptions occur, how food
allergies develop, why ice ages occur, what causes the
differences in scores on IQ tests, how monetary policy affects
the economy, how evolution occurs). (See Table 1 for an
example text excerpt and example questions.) The texts were
between 650 and 1000 words in length, and were written at
the 11-12th grade level with reading ease scores in the
difficult range of 31-49 according to Flesch-Kincaid.
The test booklet contained ten questions for each topic, five
of which were text-based questions and five inference
questions (also based in Thiede, Wiley, & Griffin, 2011).
Text-based questions were either explicitly mentioned in the
text or could be found through a verbatim or paraphrased
lexical search. Inference questions required the reader to
apply the information presented in the text to a new situation
or arrive at an answer by integrating multiple pieces of
information from across parts of the text. On the tests,
inference questions were presented first, followed by the
remaining five text-based questions. The answers were
presented in multiple-choice format with the correct answer
and three distractor options. Distractor options were similar
to the correct answers and contained words from the texts.

Table 1.
Text Excerpt and Example Questions
Text: Why do ice ages occur?
The more CO2 there is in the atmosphere, the more longwave radiation is kept from leaving the Earth. The more
radiation that is trapped, the hotter the Earth
becomes. This trapping of radiation works like a
gardener’s greenhouse, and this phenomenon is commonly
known as the ‘Greenhouse Effect’. When a region receives
less solar radiation, there is less energy to warm that
area.
Less
heat
energy
leads
to
cooler
temperatures. Cooler temperatures can cause more snow
and ice to form. Snow and ice on mountaintops can reflect
what little solar energy reaches the surface of the Earth
back into space. The formation of snow and ice can also
steal large amounts of CO2 from the atmosphere and trap
it in a frozen, solid form.
Text-based
Inference
Question
Question
What is the greenhouse
What can cause less solar
effect?
radiation to reach earth?
A. the absorption of
A. when the Earth's
CO2 by growing plants
orbit is closer to the
Sun
B. the trapping of
B. sunspots
radiation
C. the increase in heat
C. the formation of
of the earth due to
more mountain
sunspots
ranges
D. the increase in
D. the seasons
burning of fossil fuels

Procedure Participants were randomly assigned to read
two of the six topics. They were first given an opportunity to
read through both texts at their own pace. Following the
reading phase, participants were presented with the final tests
presented one at a time in the same topic order as they were
read. In the without-text condition, participants took the test
without access to the text. In the with-text condition,
participants took the test with access to the text and were
encouraged to use the text while answering the test questions.

Results
As shown in Figure 1, a 2 (Text Availability: With, Without)
x 2 (Question Type: Text-based, Inference) repeated
measures analysis of variance (ANOVA) indicated a
significant interaction, F(1,190) = 28.83, p < .001, η2 = .06.
There was also a main effect of condition, F(1,190) = 11.77,
p < .001, η2 = .04, and a main effect of question type, F(1,190)
= 136.83, p < .001, η2 = .23 that were subsumed by this
interaction. Overall, inference questions were more difficult
than text-based questions, and test performance was better in
the text-available condition. However, the interaction
emerged because readers who had the text available
outperformed those who did not have the text available
during testing on text-based questions, t(190) = 6.5, p < .001,
d = .94, but not on inference questions, t < 1.

Figure 1. Test performance of readers compared across
conditions by question type in Experiment 1 (Error bars
represent 95% confidence intervals)
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Discussion
The goal of this study was to examine the role that memory
for the text plays on test performance with grade-level
appropriate texts. The results clearly showed that only
performance on text-based questions improved when readers
had the text available during testing, conceptually replicating
the results seen in Ferrer et al. (2017) and in contrast to the
results of Ozuru et al. (2007). This suggests that performance
on text-based questions is based on the ability of the reader
to maintain information from the text in memory and recall it
during testing. However, inference questions were more
difficult, and text availability failed to improve performance
on inference questions with grade-level appropriate texts.

Experiment 2
A second possible reason for poor learning outcomes when
attempting to learn from expository science texts is that
students may fail to engage in appropriate reasoning
processes. What is critical for the construction of a coherent
situation model is that readers go through an active process
of generating connections among ideas in the text and
between ideas in the text and their prior knowledge. This
typically requires a series of causal inferences to integrate
pieces of information into an accurate mental model of the
phenomena (Graesser, Leon, & Otero, 2002; Kintsch, 1994;
Wiley, Griffin, & Thiede., 2005).
There is a substantial body of research that has identified
that prompting students to engage in elaboration or
explanation while reading is an effective instructional
manipulation that can lead to robust improvements in subjectmatter learning (Chi, 2000; Dunlosky, Rawson, Marsh,
Nathan, & Willingham, 2013; McNamara, 2004; Wiley &
Voss, 1999). Explanation activities generally require
generative responses and promote constructive processing by
prompting a student to ask themselves “how and “why”
questions in order to infer the deeper meaning of a passage
(Hinze, Wiley, & Pellegrino, 2013). The constructive
retrieval hypothesis (Hinze et al., 2013) proposes that
engaging in reasoning processes such as these may be
necessary to improve a reader’s performance on test
questions that tap causal inferences and understanding of the
systems or processes introduced within the text.
To test whether constructive retrieval processes improve
understanding to a greater extent than simply retrieving
information from memory, Hinze et al. (2013) had
undergraduates read a series of five short science texts written
at a middle-school level with three different types of learning
activities. They manipulated the level of constructive
processing that the reader was prompted to engage in after
reading a text through either rereading, a free recall activity,
or an explanation activity. Results showed that those who
engaged in explanation activities outperformed both the
rereading and the free recall groups on both text-based and
inference questions. Additionally, it was proposed that the

quality of the reasoning processes that participants engaged
in during the activities would also predict learning from text.
After coding all written responses, it was found that the
quality of explanation was predictive of both text-based and
inference question performance.
Based on this prior work, Experiment 2 manipulated
whether participants engaged in a constructive activity during
or after the reading process. Some participants were
encouraged to engage in constructive processing by writing
short explanations after reading each text. Other participants
were encouraged to engage in constructive processing during
reading by engaging in think-aloud protocols with explicit
prompts to produce explanations embedded within them.
These explanation prompts, presented at five strategic points
within each text, required readers to engage in reasoning
during the reading process. In addition, these students also
produced short written explanations after reading each text.
The goal of each of these activities was to help readers to
construct more coherent situation models of the texts, which
should improve performance on inference questions. Further,
it was predicted that the combination of prompting students
to engage in appropriate reasoning during reading, and
constructive retrieval after reading, would provide the most
support for learners. Finally, based on the relation between
explanation quality and performance found in Hinze et al.
(2013), it was predicted that those engaging in high-quality
reasoning would show the best performance.

Method
Participants Participants (29 females; Mage = 18.8, SDage =
1.0) were 48 undergraduates who received course credit for
their participation in the experiment through the introductory
psychology subject pool. Participants were randomly
assigned to one of two between-participants conditions:
writing an explanation after reading each text (explanation)
or engaging in think-aloud protocols during reading and
writing an explanation after reading (think-aloud). Each
participant read and was tested on two of the six texts. Texts
were fully counterbalanced so that each of the 6 texts were
assigned to 8 participants in each of the 2 conditions,
resulting in 96 observations.
Materials Texts and test questions used were identical to
those in Experiment 1.
Procedure Participants were randomly assigned to read two
of the six topics. Prior to reading each text, participants were
instructed to read for understanding. They were told, “Your
goal while reading this text is to develop an understanding
of… (how food allergies develop). You will be asked to
answer this question after you have finished reading the text,
so pay close attention to elements of the text that help you
answer this question.” When participants finished reading,
they wrote an explanation in response to the question, “How
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did this information help you to understand… (how food
allergies develop)?” without the text available. After reading
and generating an explanation for the first topic, they
repeated this procedure for the second topic.
In the think-aloud condition, after participants read through
the first text at their own pace, a researcher explained that
they would be asked to reread the text in segments; they
would be stopped at five points and asked to “explain what
they were thinking and how the current section of the text
helped them to understand… (how food allergies develop).”
During the think-aloud protocols, participants received no
feedback from the experimenter. Following the think-aloud
protocols, they wrote an explanation of the text, and then
repeated the procedure for the second text.
After writing the second explanation, participants in both
conditions completed the tests without access to the texts.
Explanation Coding Two raters categorized the short
written explanations generated by students as being either
low or high-quality. As seen in Table 2, low quality
explanations were considered to be incoherent, nonsensical,
or contained an inaccurate causal assertion. They commonly
contained only superficial surface features described in the
text. High quality explanations contained an accurate
representation of the causal concepts presented in the text.
These explanations clearly identified a directional or causeeffect relationship between ideas. Interrater agreement
resulted in Cohen’s kappa of .81.

These significant main effects were subsumed by three
significant two-way interactions (Condition x Explanation
Quality: F(1,92) = 4.35, p < .04, η2 = .05; Question Type x
Condition: F(1,92) = 5.18, p < .03, η2 = .05; Question Type x
Explanation Quality: F(1,92) = 4.32, p < .04, η2 = .05). The
three-way interaction did not reach significance, F(1,92) =
1.19, p < .28, η2 = .01.
Follow-up tests to explore the significant two-way
interactions were performed for each question type
separately. Starting first with performance on inference
questions, as shown in Figure 3 a follow-up 2 (Condition) x
2 (Explanation Quality) ANOVA resulted in a significant
interaction, F(1,92) = 6.30, p = .01, η2 = .06. There was also
a significant main effect of explanation quality, F(1,92) =
7.49, p = .007, η2 = .08, which was subsumed by the
interaction. No main effect of condition was found, F <1.
Planned comparisons showed that for those writing lowquality explanations, think-aloud prompts during reading
significantly affected performance on inference questions
over solely explaining the text after reading, t(92) = 2.38, p =
.02, d = .89. No differences across conditions were observed
for those having written high-quality explanations, t < 1.
As shown in Figure 4, the same 2 x 2 ANOVA was
conducted for performance on text-based questions. This
resulted in no main effect due to explanation quality, F < 1,
and no interaction, F = 1.14. The main effect for condition
was not significant, F(1,92) = 2.47, p = .12, η2 = .03, but
trended toward better performance on text-based questions in
the written explanation only (without think-aloud) condition.

Table 2.
Examples of Explanation Quality
Low-Quality Explanation
High-Quality Explanation
The ice ages occur because Ice ages stop when there is
of the temperature
a warming period. The
changes. The water levels
warming period happens
are low and the
because of CO2 gases
temperature in the air is
being produced and when
cold. The earth is cold for a there are more CO2 gases,
period of time and then
radiation is trapped in the
warm for a shorter period
atmosphere, making the
of time.
earth hotter.

Results
A 2 (Condition: Explanation, Think-Aloud) x 2
(Explanation Quality: High Low) x 2 (Question Type: Textbased, Inference) repeated measures ANOVA indicated no
main effect of condition, F < 1, but a main effect of question
type, F(1,92) = 13.43, p < .001, η2 = .13. As shown in Figure
2, inference questions were generally more difficult that textbased questions.
There was also a main effect for explanation quality, as
students who wrote higher quality explanations performed
better on test questions, F(1,92) = 5.68, p < .02, η2 = .06.

Figure 2. Test performance of readers compared across
conditions by question type in Experiment 2 (Error bars
represent 95% confidence intervals)

1751

Advantages in performance on inference questions were seen
for participants who were prompted to engage in constructive
processes both during and after reading. However, no
benefits of the added reasoning activities were seen for textbased questions indicating that text-based questions do not
rely heavily on the reader engaging in appropriate reasoning
processes. Further, the added think-aloud prompts only
benefitted inference test performance for participants who
were writing low-quality explanations. Performance did not
differ for those who wrote high-quality explanations
indicating that those readers were likely already engaging in
the appropriate reasoning processes without the need for
additional scaffolds embedded within the think-aloud.

General Discussion

Figure 3. Performance on inference questions across
conditions and explanation quality level in Experiment 2
(Error bars represent 95% confidence intervals)

Figure 4. Performance on text-based questions across
conditions and explanation quality level in Experiment 2
(Error bars represent 95% confidence intervals)

Discussion
The main goal for this study was to test whether increasing
the level of reasoning that a reader was prompted to engage
in during and after reading would improve test performance.

The main purpose of these studies was to explore two
possible reasons why students struggle with comprehension
from expository science texts. The first possibility was that
students suffer from poor memory for the texts. To test this
hypothesis, the availability of the text during testing was
manipulated. Prior research showed that simply giving
readers access to text during testing improved performance
on both text-based and inference questions when participants
were reading below their grade level (Ozuru et al., 2007).
However, when participants were given a grade-level
appropriate text, only performance on text-based questions
increased with access to the text during testing (Ferrer et al.,
2017). Consistent with predictions based in Ferrer et al.
(2017), a significant difference in performance was seen in
Experiment 1 for text-based questions only.
This dissociation in performance on text-based and
inference questions in Experiment 1 also provides validation
for how these two types of questions were originally designed
(Wiley et al., 2005). The text-based questions were designed
so that answers could be found directly in text. The inference
questions were created with the explicit intent of measuring
a reader’s ability to integrate information and to construct a
coherent situation model, mental model, or causal model of
the system or process being described by the text. That is,
answers to inference questions were not readily accessible in
the text using the same method of verbatim search that could
be used for text-based questions. Experiment 1 showed that
the inference questions were more difficult for students to
answer, and also that performance on inference questions did
not seem to depend on memory for the text.
This leads to the second possibility that was considered in
Experiment 2: that performance on inference questions
depends on the quality of reasoning that a reader engages in
during the reading process. Prior research has shown that the
addition of constructive activities can improve learning
outcomes from expository science texts. Experiment 2
showed a benefit of prompting reasoning both during and
after reading on inference question performance, and it was
particularly the participants who wrote low-quality
explanations that needed this support.
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Although prior work has improved performance on both
memory and inference questions with the same manipulation,
here dissociations were found such that text availability only
altered performance on text-based questions, while the thinkaloud manipulation only improved performance on inference
questions. One salient difference between prior research that
failed to find dissociations between question types and the
current studies is in the complexity of the texts. Inference
questions may be especially challenging when students are
learning from difficult texts, and it may be under these
contexts that memory for text and understanding from text
may be most likely to diverge.

Conclusion
These findings showed that having the ability to reference the
text during testing is sufficient for improving performance on
text-based questions; while improvements on inference
questions may require conditions that support readers in
engaging in appropriate reasoning processes during study.
The overarching goal of the current work is to understand
how students can be assisted in developing a deeper
understanding of ideas presented within a text.
This work suggests that struggling readers may benefit
from additional scaffolds to help them to generate accurate
and appropriate inferences when the goal for reading is to
build a coherent causal model of systems, processes or
phenomena from complex expository texts. Theoretically, the
construction of these models should allow students to transfer
this knowledge to new contexts. One important direction for
future research is to test this assumption with delayed tests.
Additionally, it would be useful to replicate the current
experiments within actual classroom contexts to see the
effects of the manipulations in a higher-stakes environment.
A broader point is that the results found in these
experiments help to reinforce the important differences that
need to be acknowledged between memory for a text and
developing understanding from a text (Kintsch, 1994). There
is a wide variety in the types of items used in standardized
comprehension tests, by teachers in classroom contexts, as
well as by researchers who conduct studies of learning from
text (Wiley & Guerrero, in press). Some may include only
text-based or verbatim memory questions. Some may
emphasize inference questions. Many may include a mix of
different types of questions. Given the dissociations seen here
between performance on text-based and inference questions,
this suggests that one needs to carefully consider the extent
to which a test is assessing memory versus understanding of
a text. Which conditions or activities are best for student
learning is likely to depend on the goal of instruction.
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Abstract
The folk theory of gender seems to involve two contradictory
beliefs that people can hold simultaneously. One belief is that
gender is biologically determined and immutable, and the
other is that one has to earn gender membership by following
gender norms or otherwise risk disqualifying oneself as a real
member of the gender category. To explain this contradiction,
as Leslie (2015) suggested, we turned to the dual-character
concept framework proposed by Knobe, Prasada, and
Newman (2013). Within this framework, we examined
whether gender has two separate, parallel dimensions for
evaluating category membership such that one can be a
member in one sense but not the other. We found that gender
concepts appeared dual-character-like in metalinguistic
judgments but not in judgments of specific individuals who
violate prescriptive gender norms identified by previous
research. We might be witnessing a historical change where
gender categories remain dual-character-like, but adherence
to specific gender norms is no longer seen as definitional.
Keywords: gender, dual-character concepts, categorization,
normative judgment.

Introduction
In the folk psychology of gender, there is a puzzling
contradiction in how people mentally represent gender as a
category. On the one hand, people are susceptible to
psychological essentialism: they often believe that if you
were born a man/woman, you will always be a man/woman,
making gender the most essentialized social category
(Prentice & Miller, 2007). On the other hand, it is also true
that there have been rules that one must follow and traits
one must exhibit to qualify as a “real man” or “real woman”
(Leslie, 2015), or risk disqualifying oneself as a real
member of the gender category (Vandello & Bosson, 2013).
Thus, a person who believes that John was born a man and
will always be a man, might also believe that John is not
truly a man because he is highly emotional and never sticks
up for himself.
How should we make sense of such a contradiction in lay
beliefs about gender? Leslie (2015) argues that there might
be two independent, parallel dimensions to gender
categories, corresponding to two different senses of the
same concept. Leslie illustrated her argument with the
example of Hilary Clinton, who was referred to as the “only
man in the Obama administration”. Hilary Clinton is clearly
not a man on the concrete dimension, but may be viewed as
a man on the dimension of the abstract gendered values,
such as being achievement-driven and having power and
personal strength. In Leslie’s view, the existence of two
such separate, independent dimensions in the mental
representation of gender makes gender categories dualcharacter concepts, an interesting type of concept proposed
by Knobe et al. (2013). Indeed, across a series of studies,

Knobe et al. (2013) demonstrated more generally that dualcharacter concepts allow for two independent dimensions on
which normative judgments about category membership
operate, such that people could think of the individual as a
member of the category in one sense but not the other.
Importantly, Knobe et al. (2013) found that only categories
to which we attribute abstract values and for which we form
normative expectations can be candidates for dual-character
concepts. For example, even though both “artist” and “bus
driver” are social roles, we only form expectations based on
abstract values for artists but not for bus drivers—that is, it
does not sound natural to say someone is a “true” bus driver,
and a bus driver who is capable of driving but does not care
about driving would still be a bus driver, whereas an artist
who creates art only for money and does not care about
creating art that inspires people would be considered an
artist in one sense but not truly an artist in another sense.
In this paper, we present the first empirical examination
of whether gender categories are conceptually represented
as dual-character concepts in people’s lay beliefs.
Specifically, we replicated all four experiments in Knobe et
al. (2013), adding gender categories, to determine whether
they function as dual-character concepts.

Experiment 1
Our first experiment was a direct replication of Exp.1 in
Knobe et al. (2013) with the addition of two gender
concepts. Specifically, Knobe et al. argued that one way of
testing dual-character concepts is to see whether the
concepts can be naturally described with both “good” and
“true” adjectives. Knobe et al. found that when participants
judged whether statements sounded natural, dual-character
concepts were rated significantly higher than were other
concepts when described with the “true” adjective in the
statements (e.g. she’s a true artist), although not when they
were described with the “good” adjective (e.g. she’s a good
artist). Following Knobe et al., the current experiment aimed
to assess whether gender concepts resemble dual-character
concepts more than other concepts in the extent to which
they can be described with both “true” (a true man), which
concerns abstract traits, and “good” (a good man), which
concerns concrete traits.

Method
Participants. We recruited 161 participants on Amazon
Mechanical Turk (38.5% female; 60.9% male; 0.6% nonbinary; average age: 32.48; age range: 19-68).
Materials and Procedure. Participants completed an online
survey with a randomized order of 42 pairs of statements
(20 dual-character, 20 control, and 2 gender concepts). All
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the statements, except those for gender concepts, were
directly adopted from Exp. 1 in Knobe et al. (2013). Each
pair of statements for a specific concept contained a “good”
statement (e.g. Marie is a good artist) and a “true” statement
(e.g. Marie is a true artist) that indicated possession of
concrete traits and abstract values, respectively. Participants
rated both types of statements on a 7-point Likert scale,
ranging from 1(sounds weird) to 7(sounds natural).

Results and Discussion
We first compared whether “man” and “woman” differed
significantly from each other in participants’ ratings for the
two statements by testing a linear mixed-effects (LME)
model with Satterthwaite approximations for degrees of
freedom in R (see https://osf.io/f5y2q/ for model
parameterization and all codes for analyses). No difference
was revealed between “man” and “woman”, as there was
neither a significant interaction between concept and
statement types, F(1,320)=2.44, p=.12. nor differences in
planned comparisons for “good” and for “true” statements,
bs <0.20, ts<1.75, ps>.30. Thus, we treated them as a single
category “gender” in subsequent analyses.
We then examined whether there were significant
differences among dual-character, control, and gender
concepts in how natural participants perceived the “good”
and “true” statements to be for each kind of concepts. The
results revealed a significant interaction between concept
and statement types, F(2,39)=11.20, p<.001. The interaction
was driven by the fact that while the three types of concepts
did not differ significantly from one another in participants’
ratings for “good” statements, F(2,39)=0.19, p=.83, they
differed significantly in “true” statements, F(2,44)=27.72,
p<.001, such that both dual-character and gender concepts
had higher ratings in “true” statements than did control
concepts (bs>1.34, ps<.013), and gender concepts did not
differ from dual-character concepts in this regard, b=-0.35,
SE=0.51, p=0.50 (see Figure 1).
In conclusion, the current experiment fully replicated
Knobe et al.’s results such that dual-character concepts did
not differ from control concepts in “good” statements but
had considerably higher ratings than control concepts for
“true” statements. Moreover, gender concepts were
indistinguishable from dual-character concepts.

Fig. 1: Means of participants’ (N=161) ratings for
“good” and “true” statements for each type of concepts
in Exp.1. Error bars represent 95% confidence intervals.

Experiment 2
Knobe et al. (2013) argued that if one potential member of a
dual-character category has sufficient concrete traits but
lacks the abstract traits, then this person would be
considered a member of that category in one sense but also
not truly a member of that category. Knobe et al. (2013)
demonstrated that after reading a vignette that depicted such
a scenario, participants would equally endorse the statement
“there is a sense in which X is a…” (member statement) and
the statement “ultimately if you think about what it really
means to be a …, you’d have to say X is not truly a …”
non-member statement) only for dual-character concepts.
Following Knobe et al. (2013), we conducted Experiment 2
to examine if participants would also endorse both kinds of
statements for gender categories after reading comparable
vignettes. That is, they would agree both that “there is a
sense in which the character is a man” and that “ultimately
if you think about what it really means to be a man, you’d
have to say the character is not truly a man”.

Method
Participant. We recruited 153 participants on Amazon
Mechanical Turk for Experiment 2. The final sample
included 147 participants, as six participants did not answer
the attention check question correctly (59.2% male; 40.8%
female; average age: 37.24; age range:19-77).
Materials and Procedure. We adopted the same vignettes
from Knobe et al. (2013) for dual-character, natural kind
(e.g. chicken), and control (e.g. cashier) concepts, and
created our own vignettes for gender concepts. We used the
same concepts here as in Knobe et al., which were the ten
most dual-character-like and the ten most control-like
concepts, rather than the full set, from their preliminary
study. All the vignettes described someone or something
that had sufficient concrete traits but lacked the abstract
values/features associated with a certain category.
Extending this paradigm to gender, we created vignettes
based on research examining prescriptive norms for “man”
(Vandello, Bosson, Cohen, Burnaford, & Weaver, 2008)
and for “woman”(Heilman, 2001). Specifically, the “man”
vignette was “John is the father of two children. However,
John is very emotional, as he cries for many small things in
everyday life. John is also a stay-at-home dad who has never
contributed anything to the family’s finance and is very
submissive to his wife. Moreover, he never sticks up for
himself or his family when challenged by others”. The
“woman” vignette was “Linda is the mother of two children.
However, Linda is very dominant, as she never shows even
the slightest hint of weakness and is considered intimidating
by many of her colleagues in construction. Linda is the
breadwinner of her family and is very bossy with her
husband. Moreover, she always sticks up for herself and her
family when challenged by others”.
Participants received all the 32 vignettes in a randomized
order, and after reading each vignette, they first rated the
concrete member statement and then the “ultimately a non-
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member” statement on a 7-point Likert scale ranging from
1(false) to 7(true).

Results and Discussion
As in Exp. 1, we first conducted the same LME model to
compare “man” and “woman”: there was a significant
interaction between concept and statement type,
F(1,292)=57.56, p<.001. Specifically, even though for both
“man” and “woman”, member statements were rated much
higher than were non-member statements, the gap between
ratings for the two statements was larger for “woman”, b=5.18, SE=0.12, p<.001, than for “man”, b=-4.00, SE=0.17,
p<.001. We therefore separated “man” and “woman” in
subsequent analyses.
We then examined whether the five types of concepts
differed significantly in how participants rated the two types
of statements for the concepts. The results revealed a
significant interaction between concept and statement types,
F(4, 27)=37.59, p<.001 (see Figure 2). Planned contrasts
first showed that the results in Knobe et al. (2013)
successfully replicated: the difference between participants’
ratings of the two types of statements differed significantly
for dual-character and control concepts, F(1,5712)=722.88,
p<.001 and also for dual-character and natural kind
concepts, F(1,5712)=1526.53, p<.001. Specifically, for
dual-character concepts, non-member statements did not
differ significantly from member statements, b=-0.14,
SE=0.50, p=.79, whereas for control concepts, non-member
statements had significantly lower ratings than did member
statements b=-2.76, SE=0.42, p<.001, and for natural kind
concepts, non-member statements in fact had significantly
higher ratings than did member statements b=3.59, SE=0.36,
p<.001.
We then conducted planned contrasts to examine how
gender concepts compared to other types of concepts. The
results showed that both “man” and “woman” were similar
to control concepts but significantly different from all other
types of concepts in how the two types of statements
differed from each other in participants’ endorsement (see
Table 1).
Table 1: F-statistics for specific comparisons between
concept types (C = “control”, D = “dual-character”, M =
“man”, N = “natural kind”, W = “woman”) in Exp.2.
Main Effect of
Interaction
Concept
(Concept X Statement)
M/D
M/C
M/N
W/D
W/C
W/N

F(1,9)=0.38, p=.55
F(1,9)=2.72, p=.13
F(1,2939)=1.20, p=.27
F(1,9)=0.02, p=.89
F(1,9)=1.63, p=.23
F(1,2246)=149.9, p<.001

type of concepts that gender concepts were closest to (see
Table 2). The results showed that the control concepts were
the closest to both “man” and “woman”, as the Bayesian
models that equated “man” or “woman” with control
concepts yielded the largest Bayes factors, which exceeded,
by large margins, the Bayes factors from all other models
that equated “man” or “woman” with natural kind or dualcharacter concepts.
Table 2: Bayes factors for linear mixed-effect regression
models that treated “man” or “woman” as the same as one
of the other three types of concepts in Exp.4.
Model
Dual-Character = Man
Control = Man
Natural Kind = Man
Dual-Character = Woman
Control = Woman
Natural Kind = Woman

Bayes Factor
2.70*10862 ± 1.69%
1.18*10921 ± 1.47%
1.57*10692 ± 3%
2.44*10815 ± 2.80%
1.13*10902 ± 1.60%
4.06*10617 ± 2.35%

Fig. 2: Means of participants’ (N=147) ratings for
“member” and “non-member” statements for each type
of concepts in Exp.2a. Error bars represent 95%
confidence intervals.
In summary, the results from Experiment 2 suggested that
when participants based their judgments on vignettes where
the individual possessed sufficient traits on the concrete
dimension but lacked core features on the abstract
dimension, gender concepts did not resemble dual-character
concepts as they did in Experiment 1, but rather became
closer to control concepts.

F(1,9)=5.90, p=.04
F(1,9)=0.91, p=.36
F(1,9)=47.38, p<.001
F(1,9)=10..04, p=.01
F(1,9)=3.46, p=.10
F(1,9)=63.21, p<.001

Experiment 3

We then obtained Bayes factors for a set of regression
models, each of which equated one type of concepts with
another one of the five types of concepts, and all other types
of concepts remained unchanged. We compared all the
models to examine which type of concepts would yield the
greatest Bayes factors when equated with gender concepts
as a single category in the model and thus determine the

So far, we have found that when participants made
decontextualized metalinguistic judgments (Exp. 1) gender
concepts looked like dual-character concepts. They judged
that saying “X is a true man/woman” is an acceptable
sentence. However, in Experiment 2 when participants had
to judge a particular character with traits and properties
fleshed out in a vignette, gender concepts no longer
appeared dual-character-like. Participants disagreed, for
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example, that “there’s a sense in which John is a man, but
ultimately if you think about what it really means to be a
man, you’d have to say John is not truly a man”. We now
turn to replicating Knobe et al. (2013)’s Exp.3, which
returned to rating how natural two different kinds of
statements sound in the absence of vignettes. Following
Knobe et al., the current experiment examined whether it
was natural to say someone could be a man but ultimately
not a man, or someone is clearly not a man but after all
could be seen as a man.

Method
Participants. We recruited 150 participants on Amazon
Mechanical Turk. Three participants failed to pass the
attention check question, leading to a final sample of 147
participants (49.7% female; 50.3% male; average age:
34.82; age range: 18-67).

F(1,27.29)=66.77, p<.001, driven by higher ratings for dualcharacter concepts than for control concepts across
statement types, b=1.17, SE=0.14, p<.001, and a significant
interaction between concept and statement type,
F(1,18.87)=6.62, p=.02. Specifically, the interaction was
driven by the fact that there was no difference between
member and non-member statements for dual-character
concepts, b=0.02, SE=0.14, p=.90, whereas for control
concepts, member statements had significantly higher
ratings than did non-member statements, b=-0.33, SE=0.10,
p=.002. We then conducted planned contrasts using linear
mixed-effect models to how gender concepts compared to
dual-character and control concepts (see Table 3).
Table 3: F-statistics for specific comparisons between
concept types (C = “control”, D = “dual-character”, M =
“man”, W = “woman”) in Exp.3.
Main Effect of
Interaction
Concept
(Concept X Statement)

Materials and Procedure. The same ten dual-character
concepts, ten control concepts, and two gender concepts
from Exp. 2 were included in the current experiment. For
each specific concept, two statements were constructed: (1)
“There’s a sense in which X is clearly a…, but ultimately, if
you think about what it really means to be a X, you’d have
to say that there is a sense in which X is not a…at all”
(ultimate non-member statement), and (2) “there’s a sense in
which X is clearly not a…, but ultimately, if you think about
what it really means to be a…, you’d have to say that there
is a sense in which X is a true…after all” (ultimate member
statement). Participants received the statements for each
concept in a randomized order, and for each concept,
participants rated both statements on a 7-point Likert scale
ranging from 1(sounds weird) to 7(sounds natural).

M/D
M/C
W/D
W/C

F(1,10)=1.28, p=.28
F(1,10)=12.41, p=.005
F(1,11)=6.34, p=.03
F(1,10)=3.015, p=.11

F(1,9)=0.84, p=.38
F(1,10)=14.32, p=.003
F(1,9)=0.001, p=.97
F(1,10)=3.017, p=.11

Results and Discussion
We conducted the same type of LME models as in our
previous experiments to examine whether participants’
ratings for the two types of statements differed for different
types of concepts. The results first showed that “man” and
“woman” differed significantly from each other, as overall,
across statement types, “man” had higher ratings than did
“woman”, F(1,146)=20.57, p<.001, b=-0.47, p<.001, and
there was a significant interaction between concept and
statement type, F(1,146)=4.88, p=.03. Therefore, we
separated “man” and “woman” in the subsequent analyses.
We then examined whether dual-character, control, and
gender concepts differed significantly from one another (see
Figure 4) and found that “man” was considerably similar to
dual-character concepts but different from control concepts,
whereas “woman” was significantly similar to control
concepts but different from dual-character concepts.
Specifically, the results first revealed a significant
interaction between concept and statement type,
F(3,19.26)=3.15, p=.05, such that the difference between
the two types of statements varied for different types of
concepts. To interpret the interaction, we first compared
dual-character concepts to control concepts. We found that
the results in Knobe et al. (2013) successfully replicated,
such that there was both a significant main effect of concept,

Fig. 4: Means of participants’ (N=147) ratings for
“member” and “non-member” statements for each type
of concepts in Exp.3. Error bars represent 95%
confidence intervals.
The results showed that “man” was very similar to dualcharacter concepts, as there was no main effect or
interaction between concept and statement type. In contrast,
“man” differed significantly from control concepts, such
that there was both a significant main effect of concept and
a significant interaction (see Table 3). The main effect was
driven by the fact that overall across statement types, “man”
had significantly higher ratings than did control concepts,
b=1.16, SE=0.33，p=.005. The interaction was driven by
the fact that for “man”, as previously reported, the nonmember statement had significantly higher ratings than did
the member statement, whereas for control concepts, the
non-member statement had significantly lower ratings than
did the member statement.
We then compared “woman” and dual-character concepts,
and the results showed that although there was no
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significant interaction between concept and statement types,
there was a significant main effect such that “woman”
overall had significantly lower ratings than did dualcharacter concepts, b=-0.72, SE=0.28, p=.03 (see Table 3).
Similarly, we compared “woman” and control concepts, and
the results showed that there was neither a significant main
effect of concept nor a significant interaction between
concept and statement type (see Table 3). Therefore, it
seems that “woman” is closer to control concepts than to
dual-character concepts. To further investigate the distance
between gender concepts and dual-character and control
concepts, we conducted the same type of Bayesian model
comparison as in our previous experiments to compare the
Bayes factors obtained (see Table 4). The model
comparisons showed that “man” was much closer to dualcharacter concepts than to control concepts in this case. In
contrast, consistent with the results from the linear-mixed
effect models, “woman” was much closer to control
concepts than to dual-character concepts in this case.
Therefore, Exp.3 showed that in participants’
metalinguistic judgments about whether it sounded natural
to describe something or someone as being a member of a
category in one sense but not in the other, “man” resembled
dual-character concepts, such that it made sense to say
someone is a member of a category in one but not the other
sense. In contrast, “woman” resembled control concepts,
such that, in comparison to “man” and dual-character
concepts, it made less sense to say that one is a member in
one but not the other sense.

man) and the other half assigned to rate only non-member
statements (e.g. John is not a man) after reading the
vignettes.

Results and Discussion
We conducted the same LME models as in Exp. 2 for Exp. 4
with adjustment of random effects due to the betweensubjects design for statement type in the current experiment.
We first examined whether “man” and “woman” differed
from each other and found a significant interaction between
concept and statement type, F(1,141)=15.25, p<.001. We
therefore separated “man” and “woman” in subsequent
analyses.
We then examined how dual-character, control, natural
kind, and gender concepts compared to one another (see
Figure 5). The results showed a significant interaction
between concept and statement type, F(4,27.73)=22.57,
p<.001. Planned contrasts between gender concepts and all
other types of concepts showed that “man” and “woman”
differed significantly from all other types of concepts except
for control concepts (see Table 5).
The results in Exp. 4 were therefore similar to the results
in Exp. 2, where gender did not function as a dual-character
concept when participants read specific vignettes that
indicated the specific information of the characters.
Table 5: F-statistics for specific comparisons between
concept types (C= “control”, D = “dual-character”, N =
“natural kind”, M = “man”, W = “woman”) in Exp.4.

Table 4: Bayes factors for linear mixed-effect regression
models that treated “man” or “woman” as the same as one
of the other three types of concepts in Exp.3.
Model
Dual-Character = Man
Control = Man
Dual-Character = Woman
Control = Woman

M/D
M/C
M/N
W/D
W/C
W/N

Bayes Factor
1.10*10130 ± 1.67%
2.77*10113 ± 2.09%
1.22*10123 ± 2.80%
4.82*10126 ± 1.60%

Main Effect of
Concept

Interaction
(Concept X Statement)

F(1,765)=1.51, p=.22
F(1,7.99)=0.19, p=.67
F(1,137)=8.87, p=.003
F(1,599)=1.26, p=.26
F(1,8.07)=0.05, p=.83
F(1,164)=13.96, p<.001

F(1,9)=5.10, p=.05
F(1,9)=0.74, p=.41
F(1,9)=15.68, p=.003
F(1,9)=8.00, p=.02
F(1,9)=2.98, p=.12
F(1,10)=19.12, p=.002

Experiment 4
Knobe et al. worried that qualifications such as “ultimately”
and “there’s a sense” might have influenced participants’
judgments of the vignettes in Exp.2. Therefore, our Exp. 4, a
direct replication of Exp.4 in Knobe et al. (2013), tested
whether the results in Exp.2 would hold up without these
qualifications.

Method
Participant. We recruited 150 participants on Amazon
Mechanical Turk, and seven participants failed the attention
check question. The final sample therefore included 143
participants (40.6% female; 59.4% male; average age:
33.12; age range: 18-71).
Materials and Procedure. Exp. 4 used the same vignettes
as in Exp. 2, but half of the participants were randomly
assigned to rate only member statements (e.g. John is a

Fig. 5: Means of participants’ (N=143) ratings for
“member” and “non-member” statements for each type
of concepts in Exp.4. Error bars: 95% CIs.

General Discussion
We built on the studies conducted by Knobe et al. (2013) to
examine whether gender categories could be represented as
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dual-character concepts in folk conceptual structure. Our
current findings revealed that gender concepts (especially
“man”)
resembled
dual-character
concepts
in
decontextualized metalinguistic judgments but not when the
judgments were about individual people with particular
traits. That said, across experiments, man looked more like a
dual-character concept than did woman.
First, why might gender concepts resemble dual-character
concepts only in metalinguistic judgments? One possibility
is that in Exp. 2 and 4, with specific vignettes detailing the
counter-stereotypical features and explicit questions asking
about the truth value of the statements, participants might
have been more susceptible to a social desirability bias than
were those asked to judge decontextualized metalinguistic
judgments in Exp. 1 and 3. However, we have some recent
findings showing that framing the statements as reflecting
society’s perspective and thus not asking about participants’
own endorsement did not alter the patterns.
Another possible explanation is that in Exp. 1 and 3
which called for metalinguistic judgments, participants were
acknowledging the naturalness of stating, for example, that
someone “is not a true man” without having to endorse
specific reasons for the disqualification. In contrast, in Exp.
2 and 4, where participants read vignettes depicting specific
qualities of a character that violated stereotypical gender
norms, they denied that the character was “not a true man”.
This suggests that participants might no longer accord
definitional power to the counter-stereotypical behavior
reflected in the vignettes, which were based on long
standing gender norms that might now be considered
historical vestiges. Specifically, recent advances in legal and
social policies could have influenced people’s perceptions
of social norms. For instance, a recent longitudinal study on
perceptions of sexual orientation suggests that the
legalization of same-sex marriage in 2015 radically changed
participants’ perceptions of social norms regarding
sexuality, such that they became much more likely to say
that acceptance of homosexuality is the norm of the current
American society (Tankard & Paluck, 2017). A recent
linguistic study also revealed that the adjectives used to
describe “man” and “woman” also changed greatly over the
past century, with the change being especially prominent for
“woman” (Garg, Schiebinger, Jurafsky, & Zou, 2018). Thus,
people’s beliefs about gender and the related stereotyped
norms and roles might have changed significantly from
those detailed in the vignettes. In other words, the
metalinguistic judgments reflect a long-standing, historical
representation of gender as a dual-character concept where
it makes sense to think of someone as a true man or woman,
but, if people are no longer holding rigid stereotypic gender
roles, then they would reject those concrete instantiations
depicted in the vignettes. Our ongoing studies will further
probe this possibility.
The second question of interest that arose from the current
results is the difference in judgments about “man” versus
“woman”. Across three of our four experiments “man”
resembled dual-character concepts more than did “woman”.
Research on precarious manhood provides helpful
explanations for such a pattern: it is well-documented that

across cultures, manhood is viewed as something that is
earned, needs to be proved, and can be easily lost, whereas
womanhood is considered a natural product of biological
maturation, and thus it is not so easily lost once it is earned
(Vandello & Bosson, 2013). Such a difference in the social
construction of manhood and womanhood across cultures is
likely the reason why “man” appeared more dual-characterconcept-like than did “woman” in the current study.
In conclusion, the current study showed that gender
categories resembled dual-character concepts in metalinguistic contexts but not in substantiated contexts with
detailed portrayals of the traits on each dimension. An
intriguing possibility is that we are witnessing an historical
change in how people view broad gender stereotypes. The
intuition that gender is a dual-character concept where it
seems natural and sensible to judge that someone is “not a
true man” remains robust, but the link between that intuition
and particular stereotyped beliefs may be eroding.
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Abstract

With the advent of social media, the last decade has seen profound changes to the way people receive information. This has
fueled debate about the ways (if any) changes to the nature of
our information networks might be affecting voters’ beliefs
about the world, voting results, and, ultimately, democracy. At
the same time, much discussion in the public arena in recent
years has concerned the notion that ill-informed voters have
been voting against their own self-interest. The research reported here brings these two strands together: simulations involving
agent-based models, interpreted through the formal framework
of Condorcet’s (1785) Jury Theorem, demonstrate how changes
to information networks may make voter error more likely even
though individual competence has largely remained unchanged.

Keywords: vote aggregation; Condorcet jury theorem;
agent-based modelling; voting; communication

Introduction
Recent political developments in the Western world have
prompted renewed focus on questions of voter competence.
To some observers at least, significant numbers of voters
seem to vote for candidates (and with them policies) that go
against their own self-interest, prompting a revival of this
longstanding issue in political science (Sears et al., 1980;
Weatherford, 1980) within the contemporary popular press
(see e.g., Zeitz, 2017; Brooks, 2017). With respect to voter
competence, a case has been made that powerful long-term
developments in the US, in particular, have led to a rejection
of the very notion of expertise (Nichols, 2017). At the same
time, however, political scientists are quick to point out that
there is evidence to suggest that voters have never seemed
particularly well-informed (for the debate about voter
ignorance see e.g., Downs, 1957; Nannestad & Paldam,
1999; Sanders, 2000; Silva & da Silva Costa, 2006). Of
course, voters may have interests and motivations, and
hence reasons, that differ from those observers impute. In
particular they may have reasons other than economic selfinterest or other overtly self-related motivations (Cramer,
206; Tajfel & Turner, 1986; Turner, Oaks, Haslam &
McGarty, 1994; Efferson, Lalive, & Fehr, 2008).
However, as will be explored in this paper, it is entirely
possible that voters have always been comparatively poorly
informed, but that there are nevertheless changes in the links
between those individual information levels and aggregate
outcomes. Specifically, the outcome of a group vote such as
an election has properties that are distinct from those of the
individual votes. And those properties are not just
determined by the intrinsic characteristics of the individual

votes but also the relationships between voters. If those
change, so may the ‘quality’ of the voting outcome.
The present paper explores this through agent-based
modelling set in the contexts of formal results on voting
within the framework of Condorcet’s (1785) jury theorem.
It is demonstrated how changes to inter-agent
communication (prompted, for example, by the advent of
social media) may (negatively) effect the accuracy of
collective judgement.

Background: Vote Aggregation
Much of the research on votes and the aggregation of votes
has been focussed on preferences: in choosing between
political candidates and party platforms, voters are
expressing valuations. It is well-known since Arrow (1957)
that the aggregation of preferences may lead to outcomes
viewed as undesirable by most or even all of those
expressing them.
Preferences are not our focus here. Rather our concern is
with the antecedent facts on which those preferences are
based, particularly in a time that has been called ‘postfactual politics’: are “conservatives the party of economic
competence”, is Hillary Clinton ”crooked”, a “wall street
shill” or a “war hawk”, is Donald Trump a “successful
businessman” or “suffers from dementia”, and can “Brexit
deliver an extra 350 million a week to Britain’s national
health service”?
These are not values, but propositions about the world;
they are putative facts that may be true or false and our
candidate preferences, in turn, depend on them. Where the
perception of voters voting against their own self-interest is
voiced, the assumption is typically that these voters are
mistaken about the relevant antecedent facts.
Setting aside the empirical question of whether such
mistakes have, in fact, played a causal role in recent
electoral suprises, we explore here mechanisms by which
such mistakes could plausibly occur with greater frequency,
despite the fact that individual voters have not changed (or
changed much) with respect to how well informed they are.
The key to this lies in the fact that voting, like other forms
of judgment aggregation, may give rise to ‘wisdom of the
crowd’ effects (see e.g., Surowiecki, 2004; Page, 2008).
Whether it does or not, however, hinges crucially on the
relationship between voters, and not just their individual
competence. If this has fundamentally changed, then
collective perceptions of putative ‘facts’ may become less
accurate, even though voters themselves taken individually
are no more poorly informed than before. The Condorcet
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jury framework provides
understanding such effects.

a

formal

framework

for

Condorcet’s (1785) Jury Theorem
Condorcet’s (1785) jury theorem gives grounds for optimism concerning democracy by showing that majority voting may be a powerful tool for judgement aggregation. The
theorem shows that given two mutually exclusive alternatives, such as the truth or falsity of a claim, a group verdict
based on simple majority vote may outperform the individual judges in terms of accuracy and, as groups size increases,
converge on the truth. Condorcet’s basic result assumes n
voters whose choices are independent of one another, and a
probability p that each voter will pick the correct alternative
which is assumed to be the same for all voters. If that probability is greater than .5 (assuming prior odds for the alternatives that are even), then the probability that the group
choice, PN, will be correct, will not only be higher than p
(i.e. the group verdict will be more accurate than the individual voters), but it will increase rapidly with group size N,
and will approach infallibility in the limit.
This power of majority voting obtains regardless of how
much the voters know, as long as they know something (if
their accuracy is at chance, i.e. p = .5, then the group verdict
too will remain equal to tossing a coin; and, of course, if
they are systematically biased against the right option, i.e.,
p < .5, then the reverse holds: PN will be even lower).
Moreover, the rate of convergence to the asymptotic limit
of “infallibility” is quite fast: for individual accuracy of p =
.08, the probability that the majority vote of just 13 such
voters is correct is greater than .99 (see Grofman, Owen &
Field, 1983).
However, in the real world, the independence assumption
will, more often than not, be unrealistic. People’s judgments
will be correlated because they share common information,
because they communicate with each other, because they
follow supposed ‘experts’, opinion leaders, or because they
belong to certain schools of thought. In the limit, nonindependence can mean that a group verdict is not really a
group judgment at all, because it simply reflects a single
opinion: Imagine, for example, a case where group members
base their verdicts exclusively on the judgment of a single
expert. In this case the groups’ judgment will be no more (or
less) accurate than that single expert.
Even if individuals base their judgments only partly on
that expert, however, it will decrease the group’s accuracy
relative to what it would have been if votes were independent. To illustrate, assume, once again, equal levels of individual competence, p, for all group members (including the
group’s opinion leader) should they cast their votes independently, but assume also that group members have a
certain probability d, of deferring to an opinion leader by
simply adopting that leader’s judgment. Then group competence will again collapse to that of the opinion leader as
soon as d is sufficiently large relative to p. To provide an
example by Grofman et al. (1983), if d = 0.2 and p = 0.6,

then the expected value of PN is 0.6, regardless of group
size N. In other words, the group majority is only exactly as
competent as the leader, since the leader’s voting bloc will
be likely to determine the outcome of the vote.
Of course, in the more realistic case of unequal competence, benefits to overall accuracy may ensue if the opinion
leader is more accurate than some (or even all) of the other
group members. However, there too the benefit in accuracy
will be diminished by the costs of non-independence.
Ladha (1992), provides a more general, and more realistic
version of Condorcet’s theorem, that incorporates both differences in individual competence and non-independence of
voters. Amazingly, whether or not the ampliative effect of
group judgement holds or not, is determined only by the
average probability of correct responding, 𝑝 within the
group, and by the average level of independence, 𝑟. Specifically, Ladha shows that it is possible to calculate a threshold, T(n, 𝑝), such that for a given group size n and mean
competence, 𝑝, levels of average inter-dependence below
that threshold will guarantee that the overall group accuracy
(PN) will be higher than the average accuracy of the individual group members (𝑝):
if 𝑝 > .5, and 𝑟 < 𝑇(𝑛, 𝑝) then 𝑃!

>𝑝

where,

𝑇 𝑛, 𝑝 = 𝑝 −

! (!! .!")(!!!)
!!!

!

(1)

rij, here, is the probability that voters i and j will vote
simultaneously for the correct alternative (rij = P(Vote_i =
correct, ∧ Vote_j = correct), which will be equal to the
product of the individual’s probability of responding
correctly, pipj if the votes are independent, greater than this
if they are positively correlated, and smaller if they are
negatively correlated.
Beyond the threshold of Eq. (1), the group verdict PN will
approach the correct answer with certainty as group size
approaches infinity and mean dependence 𝑟 approaches 𝑝 ! .
In other words, despite some degree of non-independence,
group ‘infallibility’, is still possible, as long as the interdependence is not too high.
As a consequence, individuals may contribute to overall
group accuracy both by raising mean accuracy and by lowering mean dependence. Furthermore, because it is precisely
the mean of individual competence and the mean inter-voter
independence that matter, and not a minimal level of competence or independence that must be met by each group
member, individuals may improve group accuracy even if
their competence is considerably below the mean competence in the group as long as they sufficiently lower the
mean dependence.
Conversely, adding further expertise to the group will only be beneficial if it does not also increase too much the
average interdependence. Additional information that improves accuracy will be most effective where it is not shared
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information between group members. If its effects are too
homogenizing it may actually decrease accuracy. Adding in
the influence of an expert’s opinion may thus be detrimental
even if that expert is far more competent than the other
group members if the expert’s influence is too strong.
These formal results have direct implications for communicating groups: communication may increase individual
accuracy, but it will also decrease diversity. So, whether or
not communication helps or hinders collective accuracy
depends on which of these changes is greater.
That these formal results have bearing on real groups can
be seen from experimental studies manipulating communication empirically and measuring increases or decreases in individual and collective accuracy (e.g. Joensson,
Hahn & Olsson, 2015; for an example of increasing individual, but decreasing collective accuracy, see Lorentz et al.
2011). As a consequence, changing significantly the size
and structure of our everyday communication networks, in
particular through the rise of social media such as Facebook
and Twitter, could have a profound effect on the collective
‘wisdom’ of our votes. Even though voters may have been
no more well-informed in the past, an electorate basing its
individual votes on largely private information about each
voters’ local expertise (“this candidate knows something
about small business”, “this candidate knows something
about farming” etc.) may exhibit a far more accurate factual
picture of candidates collectively than a contemporary society where shared information on Twitter and Facebook
gives rise to significant amounts of shared ‘information’
across voters. The present paper seeks to demonstrate this
through agent-based simulations of a simple Condorcet-like
voting paradigm.

Models & Simulations
Our modelling framework is based on the work of Olsson
(2011, 2013) and involves naïve Bayesian agents that receive both information from the world and communicate
with one another according to the structure of their communication network. At issue is the truth or falsity of a single
proposition. At each time point, there is a probability of an
agent receiving information from the world that states that
this proposition is true (or false) with a given accuracy, p.
In other words, as in the Condorcet theorems outlined
above, p, indicates the probability that this piece of information correctly indicates the truth. At each time step, there
is also a chance that agents will communicate with other
agents with whom they have connections (with connections
bi-directional in these simulations). Agents communicate
the putative truth (or falsity) of the proposition in question
based on their own degree of belief: if that degree of belief
exceeds a certain threshold they communicate that it is true,
otherwise they stay silent (in our simulations that threshold
is a subjective degree of belief p(claim) = .8, and symmetrically, p(not claim)=1 - .8 = .2 where agents believe a
claim to be false). Finally, the agents are naïve Bayesian

agents only (and not optimal Bayesians) because, as in the
real world, they do not have knowledge of the full network
topology (and hence information paths), nor do they have
full knowledge of the accuracy of their sources. Our agents
try to estimate the reliability of their sources on the basis of
the extent to which the evidence they receive (from either
world or others) matches their present beliefs. On receipt of
evidence, they revise not just their belief in the hypothesis,
but also in the reliability of the respective source based on
the match between evidence and current belief (for formal
details see Olsson, 2011). In effect, the simple logic of this
kind of strategy runs like this: if you say to me something
that I think is unlikely to be true, I will nevertheless increase
my belief in what it is you are asserting, but I will also decrease my belief in your reliability. On hearing from someone that the Earth is flat, this strategy will make one think
that this is a bit more likely to be true, but it will also make
one think that person is less reliable than previously
thought. This strategy not only seems intuitive, there is also
experimental evidence for its use in even very simple contexts of testimony (Collins et al. 2018) and philosophers
have considered it to be a rational, normative solution to the
problem of determining the accuracy (reliability) of unknown sources (Olsson, 2011, 2013; Bovens & Hartmann,
2003). For robustness, and to isolate the impact of this strategy, we contrast these agents (who we refer to “update
agents” in the remainder), with even simpler agents, who
simply trust others in the sense that they assign a fixed degree of (moderate) accuracy to all sources (p = .66, “fixed
trust agents”). For detailed examination of the utility, characteristics and problems of both of these strategies vis a vis
a single source, see Hahn, Merdes & von Sydow (subm.).
The agents in our simulation communicate within a small
world network (see Watts & Strogatz, 1998) – a network
structure found in many real-world social and biological
networks that is characterized by short paths despite comparatively low link density. Crucially, to isolate the effects
of communication within a social network, our simulations
include, for each society of communicating agents, an
equal-sized group of “shadow agents”. Each of these shadow agents tracks one of the agents within the network of
communicators by receiving all of the same information
from the world as that agent, but without participating in
any of the communication.
In the simulations reported here, each society is run for 50
times varying across simulations some of the key parameters in the model to explore the impact of communication. In
keeping with the relationship between number of voters and
accuracy of the majority vote set out in the Condorcet
framework, we varied the network size in 21 steps from
N=4 to N=100. Second, we also examined three levels of
individual accuracy of the voters, by setting the probability
that the information they receive from the world is correct to
either p = .55, p = .66, or p = .75.
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Network

Shadow

Figure 1: Displayed are the percentage of votes correct across 100 simulation runs. Dashed lines represent individual
accuracy, solid lines represent collective accuracy (accuracy of the majority vote). The left panel shows the network results,
the right panel the results for otherwise matched, but non-communicating agents. The different colours identify levels of
accuracy for information coming from the world. Parameters “act” and “com” are explained in subsequent text below.

Results
Each data point in our results reflects the average across 100
runs of a society with the given parameter values.1 Our
results compile the following descriptive statistics: at the
end of each run over the 50 time steps, individuals in a society assess their degree of belief in the proposition and cast a
‘vote’ on its truth or falsity: if their degree of belief is > .5
they vote “true”, if it is < .5 they vote “false” and if it is .5
exactly, their vote is split. To compute individual accuracy,
p (which will deviate from the probability of the information received from the world, both because individuals
may receive more than one piece of such evidence, and
because networked agents also receive communication), we
calculate the proportion of correct votes for that individual
across simulation runs. At the same time, the individual

votes are counted to establish the majority vote for the society as a whole. To determine group accuracy, we calculate
the proportion of correct majority vote outcomes across the
100 simulation runs for a given set of parameters.
Figure 1 shows the key results. Dashed lines represent the
individual accuracy and solid lines the accuracy of the group
verdict. The three different colours in each plot represent the
different levels of quality for evidence received from the
world, and the panels show results for the network of communicating agents (left panel) and their non-communicating
shadow agents (right panel). As can be seen from the fact
that the solid lines lie above those of their respective dashed
counterparts in all cases, the collective vote shows a clear
benefit of aggregation in line with the Ladha (1992) results.
However, the size of that accuracy boost for the collective is
considerably reduced among the networked, communicating
agents. A deficit is seen both in the slower rise in the accu-

Network

Shadow

Figure 2: Corresponding results (as before, dashed line = individuals, solid line = collective) having swapped the
probabilities of receiving information from world and via communication in the simulations of Fig. 1.
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Network

Shadow

Com >
Act

Act >
Com

Figure 3: For the fixed-trust agent the top row shows the results for act = .2, com = .5 (cf. Fig. 1), the bottom row shows
act = .5, com = .2 (cf. Fig 2). Dashed lines represent percentage correct for individual votes, solid lines for the majority vote.
racy of the collective vote as a function of group size, and in
the levels of accuracy reached: where evidence quality was
lowest (p = .55), accuracy was almost 20 percentage points
lower even for the largest group. This decreased collective
performance holds even though individual accuracy rise
with communication.
If communication reduces independence, then one should
expect greater accuracy of collective voting where there is
more evidence from the world, relative to evidence coming
from communication.
To explore this, we also varied the degree of activity from
the world (“act”), that is the probability of receiving data
from the world in a given time step, relative to the probabil1

The model formalizes the perceived accuracy of a source
(trust) using a Beta distribution. We use a trust prior with Mean(θ)
= .66, formalizing a plausible default assumption of moderate
accuracy with confidence Beta(2,1). For the fixed-trust agent
perceived accuracy is fixed to .66. We assumed no initial preference for H or Non-H, i.e. P(H) = .5, but in order to be able to
detect potential effects of asymmetries of H and non-H, we set H
to actually be true for 60% and false for 40% of the runs.

ity of communication (“com”). Whereas the results shown
in Figure 1 are based on values of act = .2 and com = .5,
Fig. 2 shows the corresponding results for probabilities act
= .5 and com = .2. As expected, more evidence from the
world leads not only to greater individual accuracy, but the
greater relative proportion of ‘evidence’ coming from the
world as opposed to communication, means that interdependencies are reduced, and a greater accuracy boost
through voting is observed.
These findings are mirrored in the results for “fixed trust”
agents in Figure 3. There is virtually no difference between
the “update” agents and the “fixed trust” agents. That fixed
trust agents are no less accurate than the agents who try to
estimate reliability seems counter-intuitive and surprising,
but the present findings with networks of communicating
agents match those for single agents in Hahn et al. (subm.).

Conclusions
In recent years, the advent of social media has seen a fundamental transformation in how we receive and communicate information: for example, 67% of US citizens now
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receive news via Facebook (Shierer & Gottfried, 2017), and
the size and topology of people’s effective communication
networks has changed (on the topology of Facebook, see
Ugander et al. 2011). Needless to say, most of the complexity of voter relevant communication is not captured in our
simulations. However, the power of the Condorcet framework lies precisely in its abstraction: it is only the resultant
individual accuracies and the degree of dependence that
ultimately matter for collective accuracy; the processes by
which these have been arrived at are ultimately irrelevant.
What matters, then, is whether changes to our information
networks have affected voter inter-dependence, as demonstrated in our simulations. It seems almost certain that they
will have had some effect: so, yes, voters could collectively
now be more ignorant than before even if individual accuracy has largely remained unchanged.
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Abstract

and mutual information on adjective ordering. We then provide an explanatory model of rational adjective use that predicts these effects, and verify that it correctly accounts for the
corpus data.

Across languages, adjectives are subject to ordering restrictions. Recent research shows that these are predicted by adjective subjectivity, but the question remains open why this is
the case. We first conduct a corpus study and not only replicate
the subjectivity effect, but also find a previously undocumented
effect of mutual information between adjectives and nouns.
We then describe a rational model of adjective use in which
listeners explicitly reason about judgments made by different
speakers, formalizing the notion of subjectivity as agreement
between speakers. We show that, once incremental processing is combined with memory limitations, our model predicts
effects both of subjectivity and mutual information. We confirm the adequacy of our model by evaluating it on corpus data,
finding that it correctly predicts ordering in unseen data with
an accuracy of 96.2 %. This suggests that adjective ordering
can be explained by general principles of human communication and language processing.

Corpus Analysis: Subjectivity and Mutual
Information Effects
While previous hypotheses about adjective ordering such as
‘specificity’ and ‘inherentness’ of adjectives to nouns (Ziff,
1960; Whorf, 1945)) suggest that adjective ordering should
depend on the noun, Scontras et al. (2017) found no evidence
for noun-specific effects. As their study used selected out-ofcontext noun phrases, one might wonder whether such effects
can be shown using corpus data. As a formalization of specificity, we consider Pointwise Mutual Information:

Introduction

PMI(Adj, Noun) = log P(Adj|Noun) − log P(Adj)

Across languages, sequences of modifying adjectives show
preferences for some orderings over others. In English, ‘large
wooden table’ is preferred to ‘wooden large table’, and ‘beautiful green shirt’ is preferred to ‘green beautiful shirt’. Such
preferences exist across geographically and typologically diverse languages (Dixon, 1982; Sproat & Shih, 1991).
A variety of explanations for these preferences have been
offered in the literature, including both semantic and syntactic ones. Syntactic accounts assume a rigid syntactic ordering of projections hosting different kinds of adjectives
(Scott, 2002; Cinque, 2010). Semantic accounts have appealed to notions such as specificity (Ziff, 1960), inherentness
(Whorf, 1945), absoluteness (Sproat & Shih, 1991), conceptformability (Svenonius, 2008), and subjectivity (Hetzron,
1978; Hill, 2012; Scontras, Degen, & Goodman, 2017).
While not all of these hypotheses have been verified on
a broader empirical basis, there is strong empirical support
for the idea that adjective subjectivity determines ordering:
Scontras et al. (2017) compared order preferences with ratings of subjectivity for individual adjectives in English, and
showed that subjectivity explained over 60 % of the variance
in order preference ratings. They found that more subjective
adjectives tend to occur before less subjective ones.
If these preferences occurred in only a few languages, it
would be reasonable to accept this as an arbitrary fact of
grammar. But the cross-linguistic stability of the patterns
calls for a general explanation: As they occur in languages
with widely different grammatical structures, we can expect
that such an explanation will make reference to general principles of human communication and cognition. The aim of
this paper is to present such an explanation. We first describe
a corpus analysis, demonstrating effects of both subjectivity

(1)

where P(Adj|Noun) is the probability that the adjective Adj
occurs, given the noun Noun. This concept is a common measure of collocation (Manning & Schuetze, 1999), and measures the degree to which the two words appear together more
frequently than would be expected by chance. If an adjective is specific to a noun, we expect the adjective to appear
more frequently with the noun than with most other nouns,
which is captured by PMI. Following the specificity theory,
our hypothesis is that adjectives with higher mutual information with the noun tend to come closer to the noun. Indeed,
words with high mutual information occur closer together in
language (Qian & Jaeger, 2012; Gildea & Jaeger, 2015).
Methods and Results We used the BookCorpus (Zhu et
al., 2015), a corpus of 11,038 English novels, encompassing
about 74 Million sentences.1 We estimated mutual information between adjectives and nouns from a randomly selected
set of sentences, amounting to about 70 % of the corpus.
The conditional probabilities P(Noun|Adj) are determined by
counting all occurrences where Noun occurred directly after
Adj. However, these counts will be impacted by the existing
adjective ordering preferences, creating a potential confound.
To eliminate this confound, we randomized the order of adjectives occurring in a sequence when counting occurrences.
We then extracted all occurrences of two adjectives between a determiner and a noun from a held-out section
amounting to 10 % of the corpus. We retained those occurrences where both adjectives occurred in the experiment of
1 A reviewer points out that BookCorpus contains duplicate novels, which might result in imprecise MI estimates. Future work
should confirm our results on further datasets.
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PMI A1 – N
PMI A2 – N
Subjectivity A1
Subjectivity A2

β

SE

z

p

−0.501
0.501
8.28
−8.28

0.041
0.041
1.35
1.35

−12.2
12.2
6.12
−6.12

< 2.2 · 10−16
< 2.2 · 10−16
9.36 · 10−10
9.36 · 10−10

Table 1: Logistic mixed-effects model predicting whether
two given adjectives A1 , A2 were ordered as A1 A2 (coded +1)
or A2 A1 (coded 0), from mutual information and subjectivity.
Scontras et al. (2017), in order to use their experimentally
measured subjectivities. 4699 datapoints remained.
For each corpus, we ran a logistic mixed-effects model predicting the order of each pair of adjectives, including as fixed
effects (1) subjectivity of the two adjectives from the data
collected by Scontras et al. (2017), (2) mutual information
between the noun and each of the two adjectives. The two
adjectives were entered as random intercepts. The resulting
models are shown in Table 1. We observed main effects of
both mutual information and subjectivity, such that more objective adjectives and adjectives with higher mutual information with the noun occurred closer to it. Model comparison
with a corresponding model without mutual information predictors (BIC 241, p < 2.2 · 10−16 ) or without subjectivity predictors (BIC 120, p = 2.3 · 10−10 ) confirms that both types of
predictors contribute independently.

whether both people could conceivably be right. These measures were highly correlated (r2 = 0.91).
The latter criterion is known as faultless disagreement:
Adjectives are subjective if people can reasonably disagree,
without anyone having to be in error (Kölbel, 2004). In line
with the ‘faultless disagreement’ diagnostic, subjectivity is
typically understood to refer to judgments whose truth is relative to individuals (Kölbel, 2004; Lasersohn, 2005).
It seems, therefore, that the most natural way of modeling
subjective meaning is by explicitly making reference to the
opinions of different persons. In our model, we will assume
that listeners infer not just properties of objects, but they infer
and reason about judgments made by different speakers.

A Model of Adjective Use
In this section, we describe a simple formal model of adjective use. Given that subjectivity essentially refers to the potential for disagreement across speakers, we will explicitly
model judgments made by different speakers about objects.
Judgments are objective if speakers tend to agree, while they
are more subjective if speakers are less likely to agree.
We formalize adjectives as expressing judgments A ∈
{green, beautiful, ...}, made by a person s about a referent x.
In the case of highly objective adjectives, such as material adjectives, speakers will mostly agree on their judgments, while
they may disagree for more subjective adjectives. The possible states of the worlds are truth-value assignments to the set
of expressions

The Function of Subjective Adjectives

{A(s, x) : A an adjective, x a referent, s a person}

Our goal is a formal model of adjective ordering preferences
that falls out of considerations of communicatively efficient
adjective use. One route is by understanding adjectives as
restricting a set of referents, picking out from contextually
given objects denoted by a noun the one that matches the adjective, as done in much of the literature on content selection in referring expressions (Sedivy, Tanenhaus, Chambers,
& Carlson, 1999). However, establishing reference is not the
only use of noun phrases, nor do all adjectives simply restrict
a set of referents. Adjectives often are used non-restrictively,
describing or commenting on some referent. As an example,
consider ‘Forrest looks at the massive crowd.’ (Roth, 1993)
– this does not mean that there were two crowds, and Forrest
Gump chose to look at the one that was massive – instead, the
sentence means that Forrest looked at the crowd, and the narrator (or Forrest) considered the crowd to be massive. In the
literature, this use is known as non-restrictive use, as opposed
to restrictive use that picks out one of the contextually given
elements matching the noun. Our model will thus be centered not around restriction of reference, but around speakers
communicating descriptions of and attitudes to referents.
Scontras et al. (2017) et al. used two operationalizations
of subjectivity: In their main experiment, they directly asked
participants ‘how subjective’ a given adjective was. They validated this measure by another experiment in which they described two people disagreeing on a judgment, and asking

where A(s, x) indicates that person s judges referent x to have
property A (e.g., green, beautiful, ...). We assume that there
are fixed sets of persons, referents, and properties.
This is illustrated in Figure 1, showing a typical world
state: Two speakers mostly agree on more objective judgments, such as material and color, and agree less on more
subjective judgments such as size or beauty.
In our model, listeners aim to infer not just judgments of
one speaker, but a full world state including multiple persons.
This is useful when we consider that a listener might later
interact with other persons. For instance, we expect that a
listener learning that one of the persons in Figure 1 judges a
referent to be ‘green’ will find it useful to infer that the other
person likely applies the same judgment – that is, listeners
will generalize objective judgments across people.
World Prior and Inter-Speaker Agreement A world state
is a truth value assignment to all the expressions A(s, x),
across adjectives, persons, and objects. Speakers and listeners share probabilistic prior beliefs about which world states
are more or less likely to be true, formalized by a prior distribution over world states. In our setting, adjectives differ
in the correlation between judgments by different speakers
about the same object. Formally, we assume that for each adjective A, there is a number κ(A) such that, under the prior
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METAL
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BEAUTIFUL

X
X
X

X
X
X
X
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GREEN
LARGE
BEAUTIFUL

X
X
X

in the subscript is true, else 0. In Figure 2, we visualize the
incremental updates for the utterance ‘big green tree’.
When choosing which utterance u to utter, speakers trade
off communicative utility U(u) and the cost of production
C(u) using a softmax decision rule:

X
X
X

Figure 1: A typical world state: Speakers are likely to agree
on more objective judgments, and less likely to agree on more
subjective judgments.
over world states, the Pearson correlation between the truth
values of A(s, x) and A(s0 , x) is equal to κ(A), whenever s, s0
are two different speakers. In the special setting where there
are two persons s1 , s2 , this reduces to two Bernoulli variables
with fixed means and correlation, and we can write
A(s1 , x) ∼ Bernoulli(φ)
A(s2 , x) ∼ Bernoulli((1 − κ(A)) · φ + κ(A) · A(s1 , x))

(2)

with φ ∈ [0, 1]. The magnitude of κ(A) formalizes correlation
of judgments across speakers: Adjectives that show agreement across speakers have κ(A) close to 1. For more subjective adjectives, κ(A) is smaller.
Communication: Rational Listeners and Speakers In
our model, speakers aim to communicate judgments about
objects by uttering three-word phrases consisting of two adjectives and a noun. An utterance A1 A2 N is true for the
speaker in a world if the speaker judges that the adjectives
A1 , A2 both apply to the referent of the noun. That is, the
truth value depends on those parts of the world state that relate to the speaker, but not on those that relate to other persons. In this model, we assume that there is a known mapping
from nouns to entities, though this assumption can be relaxed.
Our model is couched in the framework of Bayesian models
of communication (Franke, 2010; Frank & Goodman, 2012;
Goodman & Frank, 2016), consisting of a literal listener and
a speaker reasoning about the listener.
We will start with a listener who hears an utterance, and incrementally updates her belief about the world. While incrementality will not be necessary for deriving the core prediction of our model, we want to make explicit how the model
fits with the known psycholinguistic fact that adjectives are
processed incrementally (Sedivy et al., 1999). When hearing a sequence A1 A2 N, the listener maintains a buffer of the
words heard so far, and conditions her belief by restricting
to those worlds compatible with possible continuations of the
buffer:
0
Plistener
(w) := Pprior (w)
1
0
Plistener
(w) ∝ Plistener
(w) · δ∃u=A1 A02 N 0

: w|=s u

2
1
Plistener
(w) ∝ Plistener
(w) · δ∃u=A1 A2 N 0 : w|=s u
3
2
Plistener (w) ∝ Plistener (w) · δw|=s A1 A2 N

(3)

where w |=s u is a shorthand for ‘the utterance u is true for
the speaker in the world state w’, and δ... is 1 if the condition

Pspeaker (u) ∝ exp(α · (U(u) − β ·C(u)))

(4)

Here, α > 0 indicates the degree of rationality, while β > 0
trades off utility and cost. When the speaker has perfect
knowledge of the world state, a natural choice for U(u) is
the negative surprisal of the true world state under the posterior belief of the listener (Frank & Goodman, 2012). In
our case, the speaker does not have full information about the
world, as she might not know the judgments made by other
speakers. Therefore, we take for U(u) the expected negative
posterior surprisal of the ground truth about the other speakers: This quantity is equal (up to a constant independent of
u) to the negative KL divergence between the speaker’s belief
and the listener’s posterior belief after hearing the utterance
– a common utility function in rational models of language
use (Goodman & Stuhlmüller, 2013; Regier, Kemp, & Kay,
2015):
U(u) := − KL(Pspeaker ||Plistener (·|u))
= ∑ Pspeaker (w) log
w

Plistener (w|u)
Pspeaker (w)

(5)

We assume that Pspeaker is equal to the prior conditioned on
the ground truth judgments of the speaker.
For the cost C(u), we take the surprisal of the utterance
u = A1 A2 N according to a general language model – e.g., describing the statistics of a community’s language use.
C(A1 A2 N) = − log P(A1 A2 N)

(6)

Unlike the utility function, this cost function is purely a
property of the surface string A1 A2 N in the statistics of the
language, without reference to meaning. We assume that
the speaker also computes these probabilities incrementally
word-by-word. We assume that the language model encodes
no prior ordering preference – both orderings of an adjective
pair will have the same probability and thus the same cost as
long as this probability P(A1 A2 N) is evaluated exactly.

Adding Noise
So far, while sequences such as ‘beautiful green tree’ and
‘green beautiful tree’ result in different sequences of belief
updates in the listener, the final result will be identical. Thus,
both sequences so far have the same communicative utility.
Similarly, in a setting where no prior order preferences are
encoded in the language model, they have the same cost.
We now show how processing and specifically memory
limitations break this symmetry, predicting both subjectivity
and mutual information effects. It has by now been established that, during language production and language comprehension, linguistic material further in the past becomes
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Timesteps
New Input
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Compatible
continuations

T0

big beautiful tree
beautiful green car
...
Speaker
Other

T1
big
big
big beautiful tree
big green car
...
Speaker
Other

T2
green
big green
big green tree
big green car
...
Speaker
Other

T3
tree
big green tree
big green tree

Speaker

Other

BEAUTIFUL
BIG
GREEN

Figure 2: Simulated incremental inference in a listener hearing ‘big green tree’, about judgments made by the speaker and
another person about two objects. The listener maintains a buffer of words received so far, and in each step, considers all
possible continuations (top). The bottom part shows the listener’s incremental posterior belief about the world. For expository
purposes, we assume a simple setting where there are two persons, two objects, and three properties, with κ(beautiful) = 0.3,
κ(big) = 0.5, κ(green) = 0.95. The strength of the color in each cell indicates the listener’s degree of belief that the given
person (column) would judge a given property (row) to apply the given object (column). In each step, the listener considers
all world states that are compatible with potential continuations of the buffer, and accordingly updates her belief about the
speaker’s judgments. To the extent that persons tend to agree about properties, the listener can infer that the other person likely
has the same judgments. This effect is strong for the objective property (‘green’), and weak for the subjective property (‘big’).

Timesteps
New Input
Buffer
Compatible
continuations

harder to access and integrate with new material. Classical
families of examples is include dependency locality effects
(Gibson, 1998) and models of cue retrieval in sentence processing (McElree, 2001; Lewis & Vasishth, 2005).
To formally integrate such memory limitations into our
model, we follow Futrell and Levy (2017), assuming that during incremental processing, previous words in the input may
be deleted stochastically. Crucially, the probability of a word
being deleted increases as one goes further back in the sequence (Futrell & Levy, 2017).
In our model, there are two places where incremental processing can be affected by noise: the listener’s incremental
belief updates, and the computation of cost.

T3
tree
??? green tree
beautiful green tree
big green tree
Speaker
Other

BEAUTIFUL
BIG
GREEN
Timesteps
New Input
Buffer
Compatible
continuations

T3
tree
??? big tree
beautiful big tree
green big tree
Speaker
Other

Noisy Belief Updates First, let us consider what happens
when the listener’s buffer is affected by progressive noise. Let
us consider the simple case where, at each step, at most the
two last words were integrated: The belief updates after hearing the two adjectives are as before. When encountering the
noun, the first adjective is the furthest away from the current
input word, and – in this case – deleted from the buffer.
When computing the posterior, only the last two words are
available, and the listener considers the possible completions
of the now incomplete buffer (compare Equation 3):

BEAUTIFUL
BIG
GREEN

Figure 3: Simulated posterior listener belief if the first adjective is lost when the noun is reached, for input ‘big green tree’
(top) and ‘green big tree’ (bottom), in the same setting as Figure 2. If the objective adjective is retained (top), information
generalizes across speakers. Retaining the subjective adjective (bottom) is less useful due to potential for disagreement
between speakers.

3
2
Pblistener
(w) ∝ Plistener
(w) · δ∃A01 :w|=s A01 A2 N

(7)

where, as before, w |=s u is a shorthand for ‘the utterance u is
true for the speaker in the world state w’. As noise is stochastic, utility U(u) is now the expected KL-divergence, where
the expectation is taken over the possible noise patterns.
In Figure 3, we illustrate the listener’s state when reaching
the noun, for the two possible orderings of the more subjec-
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tive adjective ‘big’ and the less subjective adjective ‘green’.
Depending on which adjective was subject to deletion, the listener has different posterior beliefs not just about the speaker,
but also about the other person: Due to the objective nature
of ‘green’, integrating this adjective (top) provides information that generalizes across speakers. As loss is progressive,
the first adjective is more likely to be lost when the noun is
reached. Thus, placing the objective adjective closer to the
noun is predicted to, on average, result in lower levels of uncertainty about the full state of the world.
Noise in the Cost The second place that involves incremental computation and will thus be affected by progressive noise
is the cost term. If the first adjective is lost when computing
the conditional probability P(N|A1 A2 ) of the noun in context,
the calculation marginalizes out the first adjective and the resulting quantity will be P(N|A2 ). Thus, cost will be estimated
as − log P(A1 )P(A2 |A1 )P(N|A2 ) in this case. Using the definition of PMI, we can write
C(A1 A2 N) −C(A2 A1 N) = λ · (PMI(A1 , N) − PMI(A2 , N))
(8)
More generally, Futrell and Levy (2017) show that the estimated surprisal will be biased towards this value when loss is
progressive. Thus, we predict that putting the adjective with
higher PMI with the noun closer to it results in lower cost.

Simulations
We implemented the model in the probabilistic programming
language WebPPL (Goodman & Stuhlmüller, 2014). We constructed contexts with 20 objects, four properties, and two
persons (one speaker and one other person). For simplicity,
we consider the case where only the first adjective is subject
to loss, at loss rate λ ∈ [0, 1]. For inference, we randomly
sample 10,000 worlds from the world prior and compute the
listener model by exact enumeration of these samples.
We have described how the model predicts subjectivity and
mutual information effects, but one might wonder how robust these effects are to changes in parameter values. We
considered the predictions the model makes for different values of the inter-speaker correlations κ(A1 ), ..., κ(Anad j ), the
loss probability λ, the rationality parameters α, β > 0, and
the prior probability φ in (2). We sampled α ∼ Γ(5, 1),
β ∼ Γ(5, 1), λ ∼ Uniform(0, 1), φ ∼ σ(N (0, 0.5)).
We first considered the setup where A1 is more subjective
than A2 – that is, κ(A1 ) < κ(A2 ), while taking PMI(A1 , N) =
PMI(A2 , N). The correlations for other adjectives are uniformly random. We sampled 10,000 parameter settings subject to this constraint. For every single setting, we found
U(A1 A2 N) > U(A2 A1 N) – placing adjectives with higher
inter-speaker correlation closer to the noun increased utility. In Figure 4, we plot utility difference as a function of
κ(A1 ) − κ(A2 ). Utility difference is directly proportional to
the difference in inter-speaker correlations.
We then carried out the same with κ(A1 ) = κ(A2 ) and
PMI(A1 , N) < PMI(A2 , N) – that is, assuming that A2 is more

Figure 4: Left: Utility Difference between Orderings, as a
function of the difference between inter-speaker correlations
κ(A1 ), κ(A2 ). Across parameter settings, putting the subjective adjective earlier results in higher utility. Right: Cost
difference, as a function of PMI difference. Placing the adjective with higher PMI closer to the noun results in lower
cost. Both plots show LOESS-smoothed means.
predictive of the noun. In this case, as shown in Equation 8,
difference in cost is proportional to difference in PMI (Figure 4). Thus, assuming noisy memory, both subjectivity and
MI are predicted to affect order preferences of the speaker.

Testing against Corpus Data
We tested the speaker model against the data from our corpus
analysis described above. For the inter-speaker correlations
κ(A), we took κ(A) to be one minus the average subjectivity
score from Scontras et al. (2017). For the cost term, we used
mutual information data from the corpus analysis.
We used Bayesian data analysis to infer the numerical
parameters of our model (rationality parameters α, β, loss
rate λ, prior probabilty φ) from the BookCorpus data we
used in the beginning. We specified priors α · λ ∼ N (0, 10),
α · β · λ ∼ N (0, 10), φ ∼ σ(N (0, 2)), where σ is the inverselogit function.2 To obtain approximate posterior distributions, we used variational inference with minibatches in Pyro
(http://pyro.ai/). We obtained posterior means α · λ =
5.07 (σ2 = 0.243), α·β·λ = 0.39 (σ2 = 0.033), and φ = 0.095
(logit(φ) = −2.253, σ2 = 0.13). The fitted values suggest
that utility is weighted much more strongly than cost, and
that most judgments are relatively unlikely a priori.
Plugging in the posterior means for these parameters, the
model achieves a classification accuracy of 93.7 % on the task
of predicting adjective order on the dataset.3 A model with
only the cost term would achieve an accuracy of 69 %, while
a model with only the utility term achieves an accuracy of
93.3 %, very close to the accuracy of the full model.4 This
highlights the central role of the utility term – and thus sub2 Our model does not make it possible to obtain independent estimates of α, β and λ.
3 Logistic regression models with surprisal and PMI predictors
would achieve the same accuracy. However, note that our model is
an explanatory cognitive model, as opposed to a data analysis.
4 While the cost term does not contribute much in terms of accuracy, a mixed-effects analysis analogous to the corpus analysis above
confirms that it contributes significantly (p < 2.2 · 10−16 ).
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jectivity – for ordering. To test whether results generalize to
unseen data, we used a further held-out 20 % of the corpus.
Classification accuracy was 93.1 %.
As the prior probability that an adjective is applied to
objects might not be uniform, we also considered the setting where φ in (2) varies with the adjective. We assumed
a hierarchical model with hyperparameters φ0 ∼ N (0, 2),
S2 ∼ N (0, 1), and parameters φ(A) ∼ σ(N (φ0 , S2 )) for each
adjective A. We obtained similar estimates: α · λ = 5.6
(σ2 = 0.25),α·β = 0.36 (σ2 = 0.088), φ0 = −2.1 (σ2 = 0.12),
S2 = 0.31 (σ2 = 0.069). Classification accuracy increases to
97.3 % on the original dataset, and to 96.2 % on the heldout set, which shows that the improvement obtained from the
increase in model complexity generalizes to unseen data. Future research should test the prediction that the inferred values for φ(A) correspond to the prior probability that a speaker
would apply a given adjective to an object (Equation 2).

Discussion
We provided an explanatory cognitive model of adjective ordering, building on the insight that subjectivity and specificity, formalized by mutual information, impact adjective ordering. We first conducted a corpus study and showed that ordering is impacted independently by subjectivity and mutual
information. We then presented a model of adjective use in
which listeners infer judgments made by speakers and other
persons. We integrated this model with a recent model of
memory limitations in language processing, and showed that
it predicts both subjectivity and mutual information effects.
We evaluated the model on corpus data, finding that it predicts adjective ordering with an accuracy of 96.2 %. In the
following, we discuss some of the implications of this work,
and questions that it raises.
Research has shown that subjective material more generally tends to appear at the periphery of phrases and clauses,
and that diachronic meaning change towards more subjective meanings correlates with movement to the periphery
(Traugott, 2010). This is in line with our proposal: Our analysis should equally apply to other types of subjective material,
predicting that memory limitations favor placing them further
away from the head. Future research should test our model on
other types of subjective content.
We have assumed that the speaker’s communicative goal
is communicating descriptions and attitudes, rather than establishing reference. This was motivated by the observation
that adjectives are often not used for establishing reference.
Future research should compare our account with accounts
of adjective ordering preferences that rely on the assumption
that adjectives are used primarily for reference resolution.
In languages where adjectives follow the noun, such
as Spanish or Arabic, typically the reverse order is observed (Dixon, 1982). Our account seems to make the correct prediction: In such languages, the noun is more likely
to be lost when the second (subjective, in this case) adjective
is reached. We furthermore make the prediction that, in such

languages, adjectives with higher mutual information with the
noun will also be more likely to come closer to the noun.
Recently, Dye, Milin, Futrell, and Ramscar (2017) interpreted prenominal modifiers as smoothing entropy, making
nouns more equally predictable, and speculated that this may
account for adjective ordering preferences. A notable difference between this theory and ours is that theirs predicts major differences between ordering patterns of prenominal and
postnominal adjectives, whereas ours is symmetric.
In conclusion, the work reported here suggests that adjective ordering preferences are plausibly the result of efficiently
trading off cost and informational utility of utterances for the
purpose of communicating maximally generalizable information about objects.
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Abstract
A prominent theory posits that time and number are processed by a common magnitude system (CMS). Yet, recent studies
have revealed inconsistencies in quantity processing. For example, identical emotional stimuli evoke temporal overestimation, but numerical underestimation. These data discount the CMS and have led researchers to speculate about the distinct
mechanisms that underlie these unique biases. In particular, differences in arousal have been posited to evoke temporal
overestimation, whereas altered attention results in numerical underestimation. In the current study, we explored adult
temporal and numerical processing under cognitive load, a task that compromises attention. Inconsistent with a CMS,
baseline performance on the temporal and numerical tasks was not correlated. Similar to the work with emotional stimuli,
cognitive load resulted in numerical underestimation, yet marginal temporal overestimation. Together, our data challenge
the CMS, while also providing support for the role of attentional processes involved in numerical underestimation.
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translational invariance—one we might call a “spatial inductive bias” because it builds in specific assumptions about the
spatial structure of the world. Similarly, a relational inductive bias builds in specific assumptions about the relational
structure of the world.

Abstract
While current deep learning systems excel at tasks such as
object classification, language processing, and gameplay, few
can construct or modify a complex system such as a tower of
blocks. We hypothesize that what these systems lack is a “relational inductive bias”: a capacity for reasoning about interobject relations and making choices over a structured description of a scene. To test this hypothesis, we focus on a task that
involves gluing pairs of blocks together to stabilize a tower,
and quantify how well humans perform. We then introduce
a deep reinforcement learning agent which uses object- and
relation-centric scene and policy representations and apply it
to the task. Our results show that these structured representations allow the agent to outperform both humans and more
naı̈ve approaches, suggesting that relational inductive bias is
an important component in solving structured reasoning problems and for building more intelligent, flexible machines.
Keywords: physical construction; reinforcement learning;
deep learning; relational reasoning; object-based reasoning

Introduction
Human physical reasoning—and cognition more broadly—
is rooted in a rich system of knowledge about objects and
relations (Spelke & Kinzler, 2007) which can be composed
to support powerful forms of combinatorial generalization.
Analogous to von Humboldt’s characterization of the productivity of language as making “infinite use of finite means”,
objects and relations are the building blocks which help explain how our everyday scene understanding can operate over
infinite scenarios. Similarly, people interact with everyday
scenes by leveraging these same representations. Some of the
most striking human behavior is our ubiquitous drive to build
things, a capacity for composing objects and parts under relational constraints, which gives rise to our most remarkable
achievements, from the pyramids to space stations.
One of the fundamental aims of artificial intelligence (AI)
is to be able to interact with the world as robustly and flexibly as people do. We hypothesize that this flexibility is, in
part, afforded by what we call relational inductive bias. An
inductive bias more generally is the set of assumptions of a
learning algorithm that leads it to choose one hypothesis over
another independent of the observed data. Such assumptions
may be encoded in the prior of a Bayesian model (Griffiths
et al., 2010), or instantiated via architectural assumptions in a
neural network. For example, the weight-sharing architecture
of a convolutional neural network induces an inductive bias of
∗ Denotes

equal contribution.

While logical and probabilistic models naturally contain
strong relational inductive biases as a result of propositional
and/or causal representations, current state-of-the-art deep reinforcement learning (deep RL) systems rarely use such explicit notions and, as a result, often struggle when faced with
structured, combinatorial problems. Consider the “gluing
task” in Figure 1, which requires gluing pairs of blocks together to cause an otherwise unstable tower to be stable under gravity. Though seemingly simple, this task is not trivial.
It requires (1) reasoning about variable numbers and configurations of objects; (2) choosing from variably sized action
spaces (depending on which blocks are in contact); and (3)
selecting where to apply glue, from a combinatorial number
of possibilities. Although this task is fundamentally about
physical reasoning, we will show that the most important type
of inductive bias for solving it is relational, not physical: the
physical knowledge can be learned, but relational knowledge
is much more difficult to come by.
We instantiate a relational inductive bias in a deep RL agent
via a “graph network”, a neural network for relational reasoning whose relatives (Scarselli et al., 2009) have proven effective in theoretical computer science (Dai et al., 2017), quantum chemistry (Gilmer et al., 2017), robotic control (Wang et
al., 2018), and learning physical simulation (Battaglia et al.,
2016; Chang et al., 2017). Our approach contrasts with standard deep learning approaches to physical reasoning, which
are often computed holistically over a fixed representation
and do not explicitly have a notion of objects or relations
(e.g. Lerer et al., 2016; Li et al., 2016). Further, our work
focuses on interaction, while much of the work on physical
reasoning has focused on the task of prediction (e.g. Fragkiadaki et al., 2016; Mottaghi, Bagherinezhad, et al., 2016;
Mottaghi, Rastegari, et al., 2016; Stewart & Ermon, 2017;
Bhattacharyya et al., 2018) or inference (e.g. Wu et al., 2016;
Denil et al., 2017). Perhaps the most related works to ours are
Li et al. (2017) and Yildirim et al. (2017), which both focus on
building towers of blocks. However, while Li et al. (2017)’s
approach is learning-based, it does not include a relational inductive bias; similarly, Yildirim et al. (2017)’s approach has
a relational inductive bias, but no learning.
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The Gluing Task
Participants We recruited 27 volunteers from within DeepMind. Each participant was treated in accordance with protocols of the UCL Research Ethics Committee, and completed
144 trials over a one-hour session. Two participants did not
complete the task within the allotted time and were excluded
from analysis, leaving 25 participants total.
Stimuli and Design The stimuli were towers of blocks similar to those used by Battaglia et al. (2013) and Hamrick et al.
(2016). Towers were created by randomly placing blocks on
top of each other, with the following constraints: the tower
was constructed in a 2D plane, and each block except the first
was stacked on another block. The set of towers was filtered
to include only those in which at least one block moved when
gravity was applied. In an initial practice session, nine unique
towers (1 each of 2-10 blocks) were presented in increasing
order of size. In the experimental session, 135 unique towers (15 each of 2-10 blocks), which were disjoint from the
practice set, were presented in a random order in 5 sets of 27.
Participants earned points depending on how well they performed the gluing task. They lost one point for each pair of
objects they tried to glue, and earned one point for each block
that remained unmoved after gravity was applied. As a bonus,
if participants used the minimum amount of glue necessary to
keep the tower stable, they received 10 additional points. The
maximum possible scores in the practice and experimental
sessions were 131 points and 1977 points, respectively.
Procedure Each trial consisted of two phases: the gluing
phase, and the gravity phase. The trial began in the gluing phase, during which a static tower was displayed on the

Gluing Phase

Gravity Phase

No Glue

+1pt

Partial Glue

Stimulus

Optimal Glue

This goal of this paper is not to present a precise computational model of how humans solve the gluing task, nor is it to
claim state-of-the-art performance on the gluing task. Rather,
the goal is to characterize the type of inductive bias that is
necessary in general for solving such physical construction
tasks. Our work builds on both the broader cognitive literature on relational reasoning using graphs (e.g. Collins &
Loftus, 1975; Shepard, 1980; Griffiths et al., 2007; Kemp
& Tenenbaum, 2008) as well as classic approaches like relational reinforcement learning (Džeroski et al., 2001), and
represents a step forward by showing how relational knowledge can be disentangled from physical knowledge through
relational policies approximated by deep neural networks.
The contributions of this work are to: (1) introduce the gluing task, an interactive physical construction problem that requires making decisions about relations among objects; (2)
measure human performance in the gluing task; (3) develop
a deep RL agent with an object- and relation-centric scene
representation and action policy; and (4) demonstrate the importance of relational inductive bias by comparing the performance of our agent with several alternatives, as well as
humans, on both the gluing task and several control tasks that
isolate different aspects of the full problem.

-1pt

-1pt

+3pt

-1pt

+16pt

Figure 1: The gluing task. Given an unstable tower of
blocks, the task is to glue pairs of blocks together to keep
the tower stable. Three examples of performing the task are
shown here. Green blocks in the gravity phase indicate stable blocks. Top: no glue is used, and only one block remains standing (+1 points). Middle row: one glue is used (-1
points), resulting in three blocks standing (+3 points). Bottom row: two glues are used (-2 points), resulting in a stable
tower (+6 points); this is the minimal amount of glue to keep
the tower stable (+10 points). See https://goo.gl/f7Ecw8
for a video demonstrating the task.
screen for an indefinite amount of time. Participants could
click on one object (either a block or the floor) to select it,
and then another object to “glue” the two together. Glue was
only applied if the two objects were in contact. If glue had already been applied between the two objects, then the glue was
removed. Both these actions—applying glue to non-adjacent
objects and ungluing an already-glued connection—still cost
one point.1 To finish the gluing phase, participants pressed
the “enter” key which triggered the gravity phase, during
which gravity was applied for 2s so participants could see
which blocks moved from their starting positions. Finally,
participants were told how many points they earned and could
then press “space” to begin the next trial. Physics was simulated using the Mujoco physics engine (Todorov et al., 2012)
with a timestep of 0.01. After the experiment was completed,
participants completed a short survey.
Results The gluing task was challenging for the human participants, but they still performed far above chance. We discovered several trends in people’s behavior, such as working
from top-to-bottom and spending more time before applying
the first glue than before subsequent glue. The results here
represent a preliminary exploration of people’s behavior in
construction tasks, opening the door for future research and
providing a baseline comparison for artificial agents.
1 While this choice of reward structure is perhaps unfair to humans, it provided a fairer comparison to our agents who would otherwise not be incentivized to complete the task quickly.
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Participants achieved an average score of 900 points, with
the lowest score being 468 points and the highest score being 1154 points (out of 1977). There was a small (though not
quite significant) effect of learning, with a Pearson correlation
of r = 0.15, 95% CI [−0.01, 0.30] between trial number and
average scaled reward (confidence intervals were computed
around the median using 10,000 bootstrap samples with replacement; “scaled rewards” were computed by normalizing
rewards such that 0 corresponded to the reward obtained if
no actions were taken, and 1 corresponded to the maximum
achievable reward).
Participants’ response times revealed they were significantly slower to click on the first block in a
pair than the second block, with a difference of t =
4.48s, 95% CI [4.34s, 4.62s]. This suggests they had decided
on which pair to glue before clicking the first block. We found
that people were significantly slower to choose the first gluing
action (t = 4.43s, 95% CI [4.30s, 4.56s]; averages computed
using the mean of log RTs) than any subsequent gluing action
(t = 2.07s, 95% CI [2.00s, 2.15s]; F(1, 12878) = 149.14, p <
0.001). Also, we found an effect of the number of blocks
on response time (F(1, 12878) = 429.68, p < 0.001) as well
as an interaction between the number of blocks and whether
the action was the first glue or not (F(1, 12878) = 14.57,
p < 0.001), with the first action requiring more time per block
than subsequent actions. These results suggest that people
may either decide where to place glue before acting, or at
least engage in an expensive encoding operation of a useful
representation of the stimulus.
On an open-ended strategy question in the post-experiment
survey, 10 of 25 participants reported making glue selections top-to-bottom, and another 3 reported sometimes working top-to-bottom and sometimes bottom-to-top. We corroborated this quantitatively by, for each trial, fitting a line
between the action number and the height of the glue location, and find their slopes were generally negative (β =
−0.07, 95% CI [−0.08, −0.06]).
We compared people’s choice of glue configuration to optimal glue configurations, and found that people were significantly more likely to apply glue when it was not necessary
(73% of errors) than to fail to apply glue when it was necessary (N = 3901, p < 0.001). Additionally, participants were
very good at avoiding invalid actions: although they had the
option for gluing together pairs of blocks that were not in
contact, they only did so 1.3% (out of N = 6454) of the time.
Similarly, participants did not frequently utilize the option to
un-glue blocks (0.29% out of N = 6454), likely because it
incurred a penalty. It is possible that performance would increase if participants were allowed to un-glue blocks without
a penalty, enabling them to temporarily use glue as a working
memory aid; we leave this as a question for future research.

Leveraging Relational Representations
What type of knowledge is necessary for solving the gluing
task? Physical knowledge is clearly important, but even that
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Figure 2: Graph network agent. First, the positions and orientations of the blocks are encoded as nodes, and the presence
of glue is encoded as edges. These representations are then
used to compute a Q-value for each edge, as well as a Q-value
for taking the “stop” action. See text for details.
implicitly includes a more foundational type of knowledge:
that of objects and relations. Inspired by evidence that objects and relations are a core part of human cognition (e.g.
Spelke & Kinzler, 2007), we focus on decomposing the task
into a relational reasoning problem which involves computations over pairs of elements and their relations.

Graph Networks
A key feature of our deep RL agent is that it expresses its
decision-making policy as a function over an object- and
relation-centric state representation, which reflects a strong
relational inductive bias. Specifically, inside the agent is a
graph network (GN), a neural network model which can be
trained to approximate functions on graphs. A GN is a generalization of recent neural network approaches for learning
physics engines (Battaglia et al., 2016; Chang et al., 2017), as
well as message-passing neural networks (Gilmer et al., 2017;
Scarselli et al., 2009). GNs have been shown to be effective
at solving classic combinatorial optimization problems (Dai
et al., 2017), inspiring our agent architecture for performing
physical construction tasks.
Here, we define a graph as a set of N nodes, E edges, and
a global feature G. In the gluing task’s “tower graph”, nodes
correspond to blocks; edges correspond to pairs of blocks;
and global properties could correspond to any global piece
of information, such as the overall stability of the tower. A
GN takes as input a tower graph, and returns a graph with the
same size and shape. The representation of the nodes, edges,
and globals encode semantic information: the node representation corresponds to position (x) and orientation (q), and the
edges to the presence of glue (u). The global features correspond to (or are a function of) the whole graph; for example,
this could be the stability of the tower.
Our model architectures first encode the block properties
into a distributed node representation ni using an encoder,
i.e. ni = encn (xi , qi ; θencn ). For an edge ei j , we similarly
encode the edge properties into a distributed representation
using a different encoder, i.e. ei j = ence (ui j ; θence ). Initially, the global properties are empty and set to zero, i.e.
g = 0. With these node, edge, and global representations, the
standard GN computes functions over pairs of nodes (e.g.,
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Figure 3: Supervised results for scenes with five blocks.
(a) Stability prediction for input graphs with contact information (sparse) or without (full). (b) Optimal glue prediction for
models with different numbers of recurrent steps.
to determine whether those nodes are in contact)2 , edges
(e.g. to determine the force acting on a block), and globals (e.g. to compute overall stability). Specifically, the edge
model is computed as: e0i j = fe (ni , n j , ei j , g; θ fe ); the node
model as n0i = fn (ni , ∑ j e0i j , g; θ fn ); and the globals model as
g0 = fg (g, ∑i n0i , ∑i, j e0i j ; θ fg ). The GN can be applied multiple
times, recurrently, where e0i j , n0i , and g0 are fed in as the new
ei j , ni , and g on the next step.
Applying the GN to compute interaction terms and update
the nodes recurrently can be described as message passing
(Gilmer et al., 2017), which propagates information across
the graph. In the gluing task, such learned information propagation may parallel the propagation of forces and other constraints over the structure. For intuition, consider the tower
in Figure 1. After one application of the edge model, the
GN should be able to determine which block pairs are locally
unstable, such as the top-most block in the figure, and thus
require glue. However, it does not have enough information
to be able to determine that the bottom-most block in Figure 1 also needs to be glued, because it is fully supporting the
block above it. Recurrent message-passing allows information about other blocks to be propagated to the bottom-most
one, allowing for non-local relations to be reasoned about.
Given the updated edge, node, and global representations,
we can decode them into edge-specific predictions, such
as Q-values or unnormalized log probabilities (Figure 2).
For the supervised setting, edges are glued with probability pi j ∝ dece (e0i j ; θdece ). For the sequential decision making setting, we decode one action for each edge in the graph
(πi j = dece (e0i j ; θdece )) plus a “stop” action to end the gluing
phase (πσ = decg (g0 ; θdecg )).

Supervised Learning Experiments
Before investigating the full gluing task, we first explored
how components of the graph network agent could perform
key sub-tasks in a supervised setting, such as predicting stability or inferring which edges should be glued.
To test the GN’s stability predictions, we used towers with
2 These functions are learned and thus these examples are not
literally what the agent is computing, but we provide them here to
give an intuition for how GNs behave.

variable number of blocks, where the input edges were labeled to indicate whether or not glue was present (1 for glue,
0 for no glue). Glue was sampled randomly for each scene,
and stability was defined as no blocks falling. We tested two
settings: fully connected graphs (where the graph included all
block-to-block edges), and sparse graphs (where edges were
only present between blocks that were in contact). In both
cases, GNs learned to accurately predict the stability of partially glued towers, but the sparse graph inputs yielded more
efficient learning (Figure 3a). Results are shown for the case
of 5 blocks, but these results are also consistent across towers with 6-9 blocks. We also tested whether GNs can learn
whether a contact between two blocks should be glued. As
discussed previously, some glue locations require reasoning
about how forces propagate throughout the structure. We
therefore hypothesized that multiple message passing steps
would be necessary to propagate this information, and indeed,
we found that one recurrence was enough to dramatically improve glue prediction accuracy (Figure 3b).

Sequential Decision Making Experiments
From the supervised learning experiments, we concluded that
GNs can accurately predict stability and select individual glue
points. Next we integrated these components into a full RL
agent that performs the same gluing task that people faced,
involving multiple actions and delayed rewards.
Design We considered three agents: the multilayer perceptron (or MLP) agent, the fully-connected graph network (or
GN-FC) agent, the graph network (or GN) agent, and the simulation agent.3 As most deep RL agents are implemented either as MLPs or CNNs with no relational structure, our first
agent chose actions according to a Q-function approximated
by a MLP; as MLPs have a fixed input and output size, we
trained a separate MLP for each tower size. The GN and
GN-FC agents (which had relational knowledge, but no explicit physical knowledge) also chose actions according to a
Q-function and used 3 recurrent steps. The GN agent used a
sparse graph structure with edges corresponding to the contact points between the blocks, while the GN-FC used a fully
connected graph structure and thus had to learn which edges
corresponded to valid actions. Finally, the simulation agent
(which had both relational and physical knowledge) chose actions using simulation. Specifically, for each unglued contact
point, the agent ran a simulation to compute how many blocks
would fall if that point were glued, and then chose the point
which resulted in the fewest blocks falling. This procedure
was repeated until no blocks fell. Note that the simulation
agent is non-optimal as it chooses glue points greedily.
The effect of relational structure Both the MLP and the
GN-FC agents take actions on the fully-connected graph (i.e.,
they both can choose pairs of blocks which are not adjacent);
the main difference between them is that the GN-FC agent has
3 Additional details about the agent architectures and training
regimes are available at: https://goo.gl/ecsDwT
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Figure 4: (a) Comparison of overall reward for humans and
agents. H: human; MLP: MLP agent; GN-FC: GN agent operating over a fully-connected graph; GN: GN agent operating over a sparse graph; Sim: simulation agent. (b) Comparison of scaled reward across towers of different sizes. Rewards are scaled such that 0 corresponds to the reward obtained when no actions are taken, and 1 to the optimal reward.
a relational inductive bias while the MLP does not. This relational inductive bias makes a large difference, with the GNFC agent earning M = 883.60, 95% CI [719.40, 1041.00]
more points on average (Figure 4a) and also achieving more
points across different tower sizes (Figure 4b).
Giving the correct relational structure in the GN agent
further improves performance, with the GN agent achieving
M = 183.20, 95% CI [73.20, 302.40] more points on average
than the GN-FC agent. Thus, although the GN-FC agent
does make use of relations, it does not always utilize the
correct structure which ends up hurting its performance. Indeed, we can observe that the GN-FC agent attempts invalid
glue actions—for example, choosing edges between objects
that are not adjacent, or self-edges—a whopping 31% (out of
N = 1345) of the time. The MLP agent similarly picks “invalid” edges 46% (out of N = 417) of the time.
The GN agents also exhibit much stronger generalization
than the MLP agent. To test generalization, we trained a
second set of agents which did not observe towers of 7 or
10 blocks during training, and compared their test performance to our original set of agents. The GN agent exhibited no detectable degradation in performance for either tower size, with a difference in scaled reward of
M = 0.01, 95% CI [−0.03, 0.05] on 7-block towers and M =
0.05, 95% CI [−0.01, 0.10] on 10-block towers. The GNFC agent interpolated successfully to 7-block towers (M =
−0.04, 95% CI [−0.08, 0.00]), but struggled when extrapolating to 10-block towers (M = 0.44, 95% CI [0.27, 0.61]).
By definition, the MLP agent cannot generalize to new tower
sizes because it is trained on each size independently. We
attempted to test for generalization anyway by training a single MLP on all towers and using zero-padding in the inputs
for smaller towers. However, this version of the MLP agent
was unable to solve the task at all, achieving an average of
M = 78.00, 95% CI [−140.00, 296.00] points total.
The effect of physical knowledge The simulation agent
was the only agent which incorporated explicit physical knowledge through its simulations, and we found

that it also performed the best out of all the agents.
Specifically, the simulation agent earned on average M =
156.20, 95% CI [70.80, 249.60] points more than the GN
agent, perhaps suggesting that there is a benefit to using a
model-based policy rather than a model-free policy (note,
however, that the simulation agent has access to a perfect
simulator; a more realistic implementation would likely fare
somewhat worse). However, we emphasize that the gain in
performance by between the GN agent and the simulation
agent was much less than that between the MLP and GN-FC
agents, suggesting that relational knowledge may be more important than explicit physical knowledge in solving complex
physical reasoning problems like the gluing task.
Comparison to humans Although our goal was not to
build a model of human cognition on the gluing task, we still
compared people’s behavior to that of the GN agent to elucidate any obvious differences. Participants’ average reward
fell between the MLP and GN-FC agents’ (Figure 4a). As
in Figure 4b, both agents and humans had increasing difficulty solving the task as a function of tower size, though this
was expected: as the number of blocks in the tower increases,
there is an exponential increase in the number of possible glue
combinations. Specifically, for a tower with k contact points,
there are 2k possible ways glue can be applied (around 1000
possibilities for a 10-block tower), and optimally solving the
task would require enumerating each of these possibilities.
Our agents do not do this, and it is unlikely that humans do
either; therefore, the drop in performance as a function of
tower size is not surprising.
Looking more closely, we found the GN agent made different patterns of errors than humans within scenes. For example, while we found that people were more likely to make
false positives (applying glue when none was needed), we
did not find this to be true of the GN agent (41% of errors,
N = 155, p < 0.05). This difference might be a result of perceptual uncertainty in humans, which leads to a tendency to
over-estimate the instability of towers (Battaglia et al., 2013).

Discussion
In this paper, we explored the importance of relational inductive bias in performing interactive physical reasoning tasks.
We introduced a novel construction problem—the “gluing
task”—which involved gluing pairs of blocks together to stabilize a tower of blocks. Our analysis showed that humans
could perform far above chance and discovered they used systematic strategies, such as working top-to-bottom and reasoning about the whole glue configuration, before taking their
first action. Drawing on the view from cognitive psychology that humans understand the world in terms of objects and
relations (Shepard, 1980; Spelke & Kinzler, 2007; Kemp &
Tenenbaum, 2008), we developed a new deep RL agent that
uses a decision-making policy based on object- and relationcentric representations, and measured its ability to learn to
perform the gluing task. These structured representations
were instantiated using graph networks (GNs), a family of
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neural network models that can be trained to approximate
functions on graphs. Our experiments showed that an agent
with an object- and relation-centric policy could solve the
task even better than humans, while an agent without such
a relational inductive bias performed far worse. This suggests that a bias for acquiring relational knowledge is a key
component of physical interaction, and can be effective even
without an explicit model of physical dynamics.
Of course, model-based decision-making systems are powerful tools (Silver et al., 2016), and cognitive psychology
work has found evidence that humans use internal physics
models for physical prediction (Battaglia et al., 2013), inference (Hamrick et al., 2016), causal perception (Gerstenberg
et al., 2012), and motor control (Kawato, 1999). Indeed,
we found that the best performing agent in our task was the
“simulation” agent, which used both relational and physical
knowledge. Provisioning deep RL agents with joint modelfree and model-based strategies inspired by cognitive psychology has proven fruitful in imagination-based decisionmaking (Hamrick et al., 2017), and implementing relational
inductive biases in similar systems should afford greater combinatorial generalization over state and action spaces.
More generally, the relational inductive bias possessed by
our GN agent is not specific to physical scenes. Indeed, certain aspects of human cognition have previously been studied
and modeled in ways that are explicitly relational, such as in
analogical reasoning (e.g. Gentner, 1983; Holyoak, 2012). In
other cognitive domains, GNs might help capture how people
build cognitive maps of their environments and use them to
navigate; how they schedule their day to avoid missing important meetings; or how they decide whom to interact with
at a cocktail party. Each of these examples involves a set of
entities, locations, or events which participate in interactive
relationships and require arbitrarily complex relational reasoning to perform successfully.
In sum, this work demonstrates how deep RL can be improved by adopting relational inductive biases like those in
human cognition, and opens new doors for developing formal
cognitive models of more complex, interactive human behaviors like physical scene construction and interaction.
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Abstract
Distributed cognition and decision making has been a topic of
intense research in the recent years. In this paper, a computational model of distributed decision making using a community of predictive coding agents is developed. The agents are
embodied multimodal entities and situated in a shared environment. They have different visibility of the environment due
to unique sensory and generative models. We show that communication between agents helps each of them reach a shared
decision in a way that cannot be reached by brain processes in
a single agent. Using a simulated environment, we show that
sensory limitations may lead to incorrect or delayed causal inferences giving rise to conflicts in the mind of a predictive coding agent, and communication helps to resolve such conflicts
and overcome the limitations.
Keywords: distributed cognition, predictive coding, agent,
embodiment, communication, free energy, active inference

Figure 1: Distributed decision-making through communication between two agents, A1 and A2 , regarding the state of a
third entity, A3 . si j denotes a signal passed from entity Ai to
entity A j which could be a communicative message or a sample of an observable variable related to the state of an entity.

1. Introduction
Distributed decision making has been a topic of intense research in quantitative decision analysis (Schneeweiss, 2012)
and software agent technologies. Our work explores distributed decision-making using a community of predictive
coding agents, each equipped with an independent and unique
sensory-motor system relentlessly executing the perceptionaction loop. Similar to biological entities, none of the agents
can completely observe the reality. Each agent’s version of
the world is a function of its sensory system and internal
model. In the context of decision-making, each agent’s limitations can be overcome to some extent through communication with the other agents. Communication extends an agent’s
perceptual field and allows efficient causal knowledge acquisition by sampling other agents’ internal causal models.
Most of the computational models of communication can
be categorized into one of the following classes: a) predefined communication protocols, b) planning or learning methods, c) evolution or reinforcement learning, and d) cooperative or competitive settings (Sukhbaatar, Fergus, et al., 2016;
Foerster, Assael, de Freitas, & Whiteson, 2016; Foerster et
al., 2016). Friston and Frith (2015a, 2015b) model the communication between two predictive coding agents using the
hermeneutic cycle. Their goal is to facilitate learning a model
of each agent by the other, assuming the generative and sensory systems of the two agents to be the same. Chen et al.
(2016) used the hermeneutic cycle to model interactive behaviors between two robots. Advantages of predictive coding based on free energy minimization over traditional approaches of optimizing agent’s behaviors are discussed in
(Friston, Daunizeau, & Kiebel, 2009; Friston et al., 2013).
In this paper, we propose a computational model of distributed decision making among multiple predictive coding

agents through mutual communication about a common subject. In Figure 1, this problem is illustrated using two agents,
A1 and A2 , communicating regarding a third entity, A3 . The
sensory/generative system of each agent is unique. To make
the problem interesting, each agent is assumed to be multimodal, receiving sensory observation in two modalities: one,
directly from the common subject, and the other from the
other agent(s) due to communication about the subject. The
former modality is unique for each agent while the latter
modality (for receiving communicative inputs) is common
across all agents. At any instant of time, the goal is for all
communicating agents to reach a decision on the state of the
common subject more accurately and quickly than each of
them could have by itself. This goal stems from social cognition research (Di Paolo & De Jaegher, 2012) where communication is construed as dynamic interaction among multiple
individuals which helps reach a shared decision in a way that
could not be reached by brain processes in a single individual.
Communication in our model is at the level of agents’ beliefs
and is not limited to low-level brain/spinal signals.
The rest of the paper is organized as follows. Section 2
introduces the necessary definitions. The proposed model is
described in Section 3, including the computational model
of a single agent and the model for communication between
agents. The experimental results are discussed in Section 4.

2. Definitions
The terms and concepts relevant to the framework are discussed in this section.
Definition 1. (Agent) An agent is anything that can be
viewed as perceiving its environment through sensors and
acting upon that environment through actuators (Russell &
Norvig, 2002). The agent discussed in this paper is implemented in software; its actions are limited to sampling the
environment (simulated) and communication with other sim-
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ilar agents.
Definition 2. (Hermeneutic circle) The hermeneutic circle is used as a model of explaining communication. It refers
to the problem of circularity of understanding (Chandler &
Munday, 2011) where understanding the first agent presupposes understanding the second agent, which in turn presupposes understanding the first agent (Friston & Frith, 2015a).
Definition 3. (Variational free energy) Variational free
energy is a measure of salience based on the divergence between the recognition q(x) and generative density p(ϕ, x)
(Friston et al., 2009): F = − < ln p(ϕ, x) >q + < ln q(x) >q .
Definition 4. (Recognition density) Recognition density
q(x), is a probabilistic representation of causes which is encoded by internal states µ. Assuming it as a Gaussian density, it is also called Laplace approximation (Friston, 2010):
q(x) = N (x; µ, ζ) = √1 exp{−(x − µ)2 /2ζ}
2πζ

Definition 5. (Generative density) Generative density
p(ϕ, x) is a joint probability density relating environmental
states and sensory data. It is usually specified in the form of a
prior p(x) and a likelihood p(ϕ|x) (Buckley, Kim, McGregor,
& Seth, 2017).
Definition 6. (Predictive coding) The biological brain
operates as a generative prediction machine which is hierarchically organized (Rao & Ballard, 1999; Friston, 2005). It
has been proposed that higher-level areas predict lower-level
activity while lower areas feedforward the prediction errors,
thereby removing the predictable or redundant information in
the input (Rao & Ballard, 1999), referred to as predictive coding. In this paper, predictive coding will be used to denote a
class of models that make inferences (predictive and causal),
act and learn by minimizing variational free energy. Predictive coding can be conceptually understood as the SELP cycle
(Banerjee & Dutta, 2014, 2013).
Variables used in the paper are listed in Table 1.
Table 1: Symbols and notations.
Variable
ϕ
µ
εϕ
εp
σϕ
σp
x
xp
a
fs

Description
Sensory data
Belief (expectation of cause)
Sensory prediction error
Prior prediction error
Variance of generative density
Variance of prior density
Environmental variables
Mean of prior density
Action
Sampling frequency

3. Models and methods
In this paper, the interaction of a group of embodied agents is
modeled to infer the states of the environment in which all the
agents are situated. The environment is partially-observable

Figure 2: A schematic representation of two predictive coding
agents with unique internal (generative) models in a shared
environment (modified from (Buckley et al., 2017)). Interactions between generalized internal states (black) and sensory
data (blue) are shown. The agents’ actions on the world are
represented by ai (red). I1 , I2 are the interfaces for agents
A1 , A2 respectively. Everything to the right of I1 , including
A2 and the shared environment, is considered as the external
environment for A1 . [Best viewed in color.]
to each agent due to their sensory limitations.

An agent and its environment
In our framework, each agent has a unique internal model
and shares the environment with other agents. In addition to
perception of the shared environment, each predictive coding agent is required to have a model of other agents as part
of its internal model to anticipate their future actions. Each
agent can act on its environment and change its state. Therefore, even though the agents are independent entities, their
actions and perceptions are not entirely independent. Figure
2 shows the diagram of an environment shared by two predictive coding agents, each with a generative internal model. The
two agents have unique sensors and effectors, and can act on
and perceive from the shared environment. The environmental states cannot be observed directly and have to be inferred
from sensory observations. Similarly, the state inferred by the
other agent is also unobservable and may be estimated from
the sensory observations of that agent’s behaviors.
As a running example throughout this paper, consider two
agents trying to infer the state of their common environment.
One agent is equipped with a sensor that senses the light intensity (a.k.a. light-agent) while the other agent is equipped
with a sensor that senses the temperature (a.k.a. heat-agent).
At any time instant, the environment can be in one of three
states: noEvent, f irework or f ire. Each agent’s goal is to infer the state of the environment at all times. The environment
is modeled as:


noEvent, if x < 0.1
f (x) = f irework, if 0.1 ≤ x < 1
(1)


f ire,
if x ≥ 1
where x denotes the state of the environment. Each agent is
also equipped with an actuator using which it can sample its
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environmental signal, such as light intensity or temperature,
at a frequency of its choice within a range.
The generative density of agent Ai is given by:
p(ϕi |x) = N (ϕi ; gi (x), σϕi )

(2)

where N denotes the normal density with mean gi (x) and
variance σϕi , since the observations are noisy. The generative
model g is unique for each agent; it is a mapping from the
causes to the observations where the observations are function of the sensors or body of the agent. Let A1 and A2 be the
light-agent and heat-agent respectively. Then g1 is defined for
A1 as:

α −1
β −1

xt 1 (1 − t) 1 , if x < 0.1
g1 (x) = xt α2 −1 (1 − t)β2 −1 , if 0.1 ≤ x < 1
(3)

 α3 −1
β
−1
xt
(1 − t) 3 , if x ≥ 1
where αk , βk (k = 1, 2, 3) are predefined parameters and t denotes time. Also, g2 is defined for A2 following the convection equation, as:


xh(Thot1 − Tcold )Bt, if x < 0.1
g2 (x) = xh(Thot2 − Tcold )Bt, if 0.1 ≤ x < 1


xh(Thot3 − Tcold )Bt, if x ≥ 1

(4)

where T denotes temperature in Kelvin, B is the area of exposure, and h is a constant. Thot varies with situations such that
a change in temperature due to f ire is different from that due
to f irework. The agents are initialized with a prior regarding the environmental states which is assumed to be a normal
distribution N (µ; v pi , σ pi ) with mean v pi and variance σ pi for
agent Ai . It is assumed that the frequency of sampling, fsi ,
by Ai of its environment is proportional to the change in its
observation:
dϕi (t)
(5)
dt
An agent samples the environment using its body which constitutes a behavior that is observable to other agents.
Each agent can independently infer the environmental
states by minimizing the free energy, given by:
f si =

Z

F=

−q(x) ln p(x, ϕ)dx +

Z

q(x) ln q(x)dx

(6)

where the first term is the average energy and the second
therm is negative of entropy associated with the recognition
density (Buckley et al., 2017). Assuming q(x) to be a sharply
peaked Gaussian density function (i.e. the Gaussian bell
shape is squeezed towards a delta function), the most likely
value of the environmental state is estimated iteratively using
Bayesian approximation as follows:
∂F
= µ̇ = εϕ g0 (µ) − ε p
∂µ
where εϕ and ε p are updated as follows:

(7)

ε̇ p = µ − x p − σ p ε p

(8)

ε̇ϕ = ϕ − g(µ) − σϕ εϕ

(9)

and the prediction errors are εϕ = (ϕ − g(µ))/σϕ and ε p =
(µ − x p )/σ p . For a detailed derivation of equ. 7 from equ.
6, refer to (Bogacz, 2015). Note that, µ is the belief of an
agent from its observation of the environment without being
influenced by any agent through communication.

Reading others’ minds from their behaviors
In the real world and also in our simulated environment,
agents have different sets of knowledge due to differences
in sensory systems/body and prior experience. Communication with other agents helps to sample from their knowledge.
However, an agent may be so biased towards its own beliefs
that it fails to detect its need for communication. In the context of predictive coding, it means that the agent fails to register a prediction error in which case there is no way to improve
its perception.
Friston and Frith (2015a) observe that there is no way to
verify whether an agent’s interpreted cause of another’s behavior corresponds to the latter’s actual cause or not. The best
the agent can do is to invent a coherent story that minimizes
all conflicts in its mind. The ability to interpret an agent requires a model of that agent to be learned by observing its behaviors. In addition to predicting the environment, a predictive coding agent should be able to predict the other agents’
behaviors. The observable behaviors of our light-agent and
heat-agent are their sampling frequencies which are assumed
to be noisy. The model of agent Ai in the mind of agent A j
is of the form: µi j = H( fs j ; θH ) where H is a mapping from
fs j to µi j given the set of parameters θH , and µi j is Ai ’s belief
based on A j ’s behavior which is different from that due to its
observation of the shared environment.

Multiple agents and their communication
In order to extend our discussion to multiple agents, the lightagent and heat-agent will be equipped with a sensor that can
sense the frequency of sampling of the environment by the
other agents. Each agent has two effectors: one for sampling
the environment and the other for sending communicative
messages to other agents. Thus, each agent receives observations regarding the shared environment from two sources:
one directly from the environment via their light/temperature
sensors and the other from the communicating agent. A conflict arises in the mind of an agent whenever the inferred
causes from these two sources are not in agreement. Such
conflicts have to be resolved by further sampling of the environment and communication. There are many approaches
in the literature for conflict resolution (Adler, Davis, Weihmayer, & Worrest, 1998; Oleary, 1999; Müller & Dieng,
2000; Sobieska-Karpińska & Hernes, 2014). We use belief
revision based on trust. Trust is measured by an agent’s level
of confidence regarding its belief. Communication is a language that both agents ought to understand; that is, they are
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required to have the ability to encode and decode the communicative messages. In our running example, we assume a
message to be a function of the other agent’s belief (µ j ), written as msg(µ j , θcomm ), where θcomm is a set of parameters of
the model and can be learned from data. After receiving a
message from A j , Ai ’s belief is revised as follows:
µ̂i = argmax p(x|ϕi , msg(µ j , θcomm ))

(10)

x

Assuming the noise components to be independent and using Bayes rule, we get (Deneve & Pouget, 2004):

p(x|ϕi , msg) ∝ p(ϕi , msg|x) ∝ p(ϕi |x)p(msg|x)
∝ p(x|ϕi )p(x|msg)
where p(x|ϕi ) and p(x|msg) are Gaussian probability densities. The bimodal estimate can be a linear combination of
the unimodal estimates. For N agents where all agents send
messages to Ai except itself, the bimodal estimate is:



N

msgn 
 µi
+∑
µ̂i = 

σ pi n=1
σ pn
n6=i

,

N

1
σ
m=1 pm

∑

(11)

Here µ̂i is the belief of Ai after communicating with other
agents and weighing their messages. Inverse of σ p j is a measure of Ai ’s trust on A j ’s message. If all weights are equal, i.e.
σ pi = σ p j ∀i, j, i 6= j, the belief of all agents will converge to
the same value which will render all agents except one redundant. Learning a unique model of other agents by each agent
allows the entire multiagent system to store more knowledge
about the shared environment and allows each agent to resolve conflicts with other agents amicably. By sampling from
other agents’ internal models through communication, each
agent acquires causal knowledge more efficiently than by observing the environment as the environment can only present
correlations but an agent can share its causal knowledge.
Inverse of variance is a measure of precision in predictive
coding (Friston et al., 2009). An agent may not have an accurate model of trust from the beginning. To improve the model,
the precision is updated along with minimization of free energy. The update rules for parameters of prior density with
each observation are as follows (Bogacz, 2015):
µ − xp
∂F
= ẋ p =
= εp
∂x p
σp
∂F
1 (µ − x p )2
1
1
= σ̇ p = (
− ) = (ε2p − σ−1
p )
2
∂σ p
2
σp
σp
2

(12)

(13)

x p and σ p converge to mean and standard deviation respectively of an agent’s prior density.

4. Experimental results
This section discusses the experimental results from applying
the proposed distributed decision-making model on the simulated environment for different scenarios consisting of the
three events: noEvent, f ire and f irework. In particular, we
are interested in understanding how the light-agent and heatagent infer the environmental states, independently and after
mutual communication.
Figure 3 shows the inference by each agent independently
for three observation points: x = 0, x = 0.25 and x = 1.25,
representing noEvent, f irework and f ire respectively. The
plots show how each agent’s belief converges to a particular
value of x. Time in these plots refers to the duration of time
an agent requires to analyze its observation and for the responses (activities) to settle down. The agent finds the most
likely value of x by minimizing the free energy. Two prediction errors are involved in the simulation: εϕ is the difference
between observation and its expectation if x = µ, and ε p is the
difference between the belief and the prior expectation.
There is a conflict in the event of f irework when the lightagent believes it to be a f ire. The light-agent, however, does
not realize its inferred cause is incorrect as there is no prediction error because the light intensity due to f ire and f irework
are very similar in its generative model (i.e. they share some
values of x), as shown in Figure 4.

Figure 4: Observations of light-agent for f irework (x=0.25)
and f ire (x=4) are shown. The initial duration of these events
generate the same observation and the agent fails to distinguish between them.
Having the model of heat-agent, the light-agent anticipates
the sampling frequency of heat-agent to increase to the range
that it should be for the case of f ire (x = 4.1). However, it is
surprised as the heat-agent’s behavior does not match its expectation. Light-agent initiates communication to minimize
its prediction error. The results are shown in Figure 5. It
can be seen that the light-agent revised its belief for f irework
since the heat-agent is more confident about its inference
(based on the precision, σ p2 ). Since communication occurs
both ways, the belief of heat-agent is slightly increased. However, it still remains in the range of f irework. Communica-
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(a) noEvent

(d) noEvent

(b) firework

(e) firework

(c) fire

(f) fire

Figure 3: Inference of two agents independently, for a sample of each situation. (Top) Light-agent’s inference. (Bottom) Heatagent’s inference. For f irework, the light-agent (b) converged to µ = 4.1 which is in the range of f ire. That is, the light-agent
made an error in predicting f irework.

Figure 5: Inference of light-agent (left) and heat-agent (right)
regarding f irework, after communication. The light-agent’s
inference is improved (it is in the range of f irework).

tion occurs both ways because the conflict is in the minds of
both agents (i.e. the heat-agent also did not predict the message from light-agent and is surprised). The agents continue
exchanging messages until the conflict is resolved.
With time, the light intensity due to f ire and f irework
start to differ. Temperature due to heat changes slower
than light. Based on these, we construct a scenario of the
events {noEvent, f irework, noEvent, f ire}, each for 100 seconds duration. Light intensity and temperature observations
are shown in Figure 6. The final inferences (after settling
down), independently and after mutual communication, are
shown in Figure 7. Before communication, the agents fail in

two ways: 1) when f irework starts, the light-agent infers the
cause of its observation incorrectly as f ire (µ1 > 1), and 2)
the heat-agent infers the cause of its observation as f ire with
a significant delay (at time 340, when the f ire had started at
300). Both the issues are resolved after communication and
their predictions are in the correct ranges. The incorrect inference by the light-agent is resolved as discussed in the current section just after Figure 4. The delay for heat-agent is
resolved as follows. The light-agent detects the change earlier and increases its sampling frequency. The heat-agent is
surprised by this unexpected change in light-agent’s behavior as the former has not detected any significant change in
temperature yet. So the heat-agent initiates communication
asking the light-agent for the cause of its change in behavior
(i.e. the heat-agent samples the light-agent’s internal model
to minimize its prediction error). The light-agent responds
by informing about a significant change in its belief. The
conflict is resolved via communication since the heat-agent
has learned to trust the light-agent in this situation where the
light-agent has high precision (low variance).

5. Conclusions
A novel computational model of distributed decision making
is proposed. We show that communication helps a community of predictive coding agents, each limited in its sensori-
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Figure 6: Light intensity (left) and temperature (right) for the
simulated scenario of {noEvent, f irework, noEvent, f ire}.

Figure 7: Inference without (left) and with (right) communication. The blue and red lines show the belief of light and
heat agents respectively. Conflicts are resolved after communication. [Best viewed in color.]

motor system, to come up with a decision quickly and accurately regarding the state of their shared environment which
is not possible for any agent operating independently. The
key to this efficiency and accuracy is communication which
initiates when a conflict is detected in the mind of an agent
due to an error in predicting the other agent’s behavior. The
proposed model can be scaled to a large number of predictive
coding agents operating in a shared environment.
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Abstract
Graded effects in morphological processing have been
shown in lexical decision tasks in English (e.g.,
Gonnerman et al., 2007; Quémart et al., 2017).
However, most studies in other languages support a
decomposition view of the processing of complex
words (e.g., Longtin and Meunier, 2005). To determine
whether graded priming effects for morphologically
complex words can be found in other languages,
Quebec French speakers participated in a cross-modal
lexical decision task in which auditory primes varied in
degree of semantic similarity with visual targets (e.g.,
bergerie-berge;
infirmerie-infirme;
fromageriefromage). Results indicate that morphological priming
requires the prime and target to be both semantically
and phonologically similar, with semantic similarity
modulating priming effects in morphologically related
words. This pattern of results is similar to graded
morphological priming previously reported for English
and supports an emergentist view of morphological
processing (Gonnerman et al., 2007).
Keywords: Morphology; priming;
similarity; psycholinguistics.

French;

semantic

Introduction
In many languages, words overlap in form and meaning and
these regularities are often encoded as morphemes.
Typically, morphemes are known as the smallest units of
language which contain meaning. For example, the complex
word painter can be broken down into two morphemes, the
root, paint, and the agentive suffix, er. When these
morphemes are combined to form the word painter, the
meaning of the complex word can be determined based on
the meanings of its parts. The impact of the morphological
structure of a word on processing is not always this
straightforward, however. Take the words painter, walker,
and dreamer, for example. These three words all contain the
agentive suffix –er added to the roots paint, walk, and,
dream. But what about words such as archer and carpenter,
which both seem similar to the other three words containing
the agentive suffix –er. The word carpenter cannot be
broken down into constituent morphemes because carpent
bears no meaning in English. Furthermore, words like
archer can be broken down to constituent morphemes arch
and –er, but the meaning of arch does not contribute to the
meaning of archer in the same way that walk relates to
walker. Morphological processing theories therefore need to

account for all words, not only for the clear cases of
transparent morphemes.
Morphological priming effects have been observed in a
number of studies (e.g., Frost, Forster, & Deutsch, 1997;
Gonnerman, Seidenberg, & Andersen, 2007; Grainger,
Cole, & Segui, 1991; McCormick, Rastle, & Davis, 2008;
Smolka, Preller, & Eulitz, 2014). While there is little
question that these effects exist, the question of why
morphological effects arise persists. One school of thought
is that discrete morphological representations lead to
morphological processing effects (e.g., Baayen, Feldman, &
Schreuder, 2006), another suggests that morphological
effects arise from an interaction between semantic and
orthographic or phonological similarity (Seidenberg &
Gonnerman, 2000, Gonnerman et al., 2007). In examining
morphological processing, several lexical characteristics
have been identified that contribute to the presence of
morphological priming effects, including frequency,
semantic factors, and formal factors (see Amenta and
Crepaldi (2012) for an overview), but as yet no single model
of morphological processing has been agreed upon.
The idea that morphemes are represented in memory as
individual components is called the lexical decomposition
hypothesis (Taft & Forster, 1975). According to this theory,
words are stored in memory as their component morphemes,
and in order to comprehend a word it must be decomposed
into its component morphemes. This theory accounts for the
ability to form new words out of the morphemes that
already exist in the lexicon. While the exact process of
decomposition is debated (Amenta & Crepaldi, 2012),
morphological decomposition has been shown to be an
early, automatic process by many researchers using
behavioural and ERP techniques (e.g., Beyersmann, Castles,
& Coltheart, 2011; Lavric, Clapp, & Rastle, 2007).
One alternative to the lexical decomposition theory is an
emergentist approach which posits that morphological
effects arise from the regularities in interactions between
form and meaning (Gonnerman et al., 2007; McClelland et
al., 2010; Seidenberg & Gonnerman, 2000). This theory
argues that networks of sound, spelling, and meaning units
exist and connections between them are involved in the use
of language (comprehension and production). Morphology
then arises from the regularity across words in the
relationships between form and meaning. The weight of the
mapping between units can account for clearly defined
morphemes like walk in walker or the less clear example of
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carpenter. Based on this approach, morphological effects
should be graded based on the weight of the interaction
between form and meaning.
Semantic similarity has been found to play an important
role in morphological priming in multiple studies (Chateau,
Knudsen, & Jared, 2002; Drews & Zwitserlood, 1995;
Marslen-Wilson et al., 1994; Rastle & Davis, 2008).
Semantic similarity is treated as a binary variable in most
studies. The words selected are coded as either semantically
related or unrelated. Gonnerman et al. (2007) treated
semantic similarity as a continuous variable by obtaining
semantic similarity ratings for the word pairs used in a
cross-modal morphological priming study. By varying
semantic similarity in morphologically related pairs, the
emergentist approach can be tested as priming effects are
predicted to be influenced by the magnitude of semantic
similarity. Gonnerman et al. (2007) did in fact find a
correlation between semantic similarity rating and priming
magnitude, lending support to the connectionist approach.
Studies of morphological processing have dealt mostly
with English, although more languages have been explored
in recent years (e.g., de Oliveira and dos Reis Justi, 2017;
Carlson and Gerfen, 2017). Some studies have examined the
nature of morphological effects in adult French speakers
(e.g., Beyersmann, Cavalli, Casalis, & Cole, 2016; Cavalli
et al., 2016; Giraudo & Grainger, 2000; Giraudo & Voga,
2016; Giraudo, 2005; Longtin & Meunier, 2005; Longtin,
Segui, & Halle, 2003; Meunier & Segui, 2002). However,
among those studies, none has searched for graded
morphological priming effects to determine whether a
connectionist account of processing is viable; generally, a
decomposition account of morphological processing has
been assumed (cf. Diependaele and Grainger, 2005;
Meunier and Longtin, 2007). French morphological
representations may lead to greater facilitation in conditions
with less semantic overlap than would be found in English
as the French language is more morphologically regular.

The Present Study
The present study examines whether French speakers
display the same graded morphological priming effects as
English speakers (Gonnerman et al., 2007). To test this
hypothesis, stimuli were selected with morphologically
related word pairs ranging from low to high semantic
similarity. These word pairs contain a complex prime
composed of a stem and a derivational suffix, and a target
composed of the stem alone (e.g., chanceux - chance). The
magnitude of priming effects is predicted to be positively
related to the degree of semantic similarity of the word
pairs. Two additional conditions were examined with pairs
related in form only (barbecue – barbe) and meaning only
(chandelle – bougie). Priming effects in these conditions
were added to confirm that an overlap in form alone or
meaning alone is not sufficient to elicit a priming effect.
This experiment involves a lexical decision task with
cross-modal priming. Lexical decisions were used as they
elicit a response that requires the participant to access the

meaning of the word. A cross-modal priming paradigm was
chosen to reduce visual repetition. This paradigm also
allowed for comparison with Experiment 1 from
Gonnerman et al. (2007).

Method
Participants
Thirty-eight native French speaking adults from the McGill
University and University of Montreal communities
participated in this study. Participants had a mean age of
30.6 years and included 27 women and 12 men.

Materials
70 prime-target pairs were selected as test items for this
study. These word pairs were selected to fit into 5
conditions containing 14 pairs each. The form only
condition includes prime-target pairs that overlap in
phonology but are not related semantically (e.g., barbecue –
barbe), the prime does not end with a suffix. The low
semantic condition is similar to the first group as the primetarget pairs that overlap in phonology but are not related
semantically, but the prime ends in a suffix (e.g., tortueux –
tortue). The mid semantic condition pairs overlap
phonologically, and the primes end in a suffix; they were
chosen to have a moderate amount of semantic overlap (e.g.,
infirmerie – infirme). The high semantic condition pairs
overlap phonologically and the prime ends in a suffix; these
pairs were chosen to have high semantic similarity (e.g.,
chanceux - chance). All pairs in the low mid and high
semantic conditions are morphologically related, with the
primes ending in a variety of derivational suffixes. The
semantic only condition pairs were chosen to have high
semantic similarity but do not overlap phonologically (e.g.,
chandelle – bougie). For each test pair, a control pair was
created with the same target word and an unrelated prime
word. The control primes were matched with the test primes
on both word frequency and number of syllables to
minimize the effect of those factors on reaction time.
Control pairs had no semantic or phonological overlap
between the prime and the target. See Table 1 for sample
items from each condition.
As this experiment was conducted in Montreal, all items
were selected to be matched for phonological similarity in
Quebec French, with primes and targets varying only in the
addition of the stems. Auditory primes were recorded by a
native Quebec French speaker.
A subset of the participants who participated in this study
also rated each test pair on semantic similarity. Each primetarget pair was rated on a scale of 1 (unrelated) to 7 (highly
related). Participants were presented with three practice
word pairs to rate and told that they were allowed to use the
whole scale when evaluating the word pairs. Feedback was
given for the practice items to ensure that participants
understood the instructions prior to beginning the task.
Mean similarity ratings for each pair type are shown in
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Table 1: Prime – target pair types with example items and mean semantic similarity ratings of the target and the related prime
out of 7 (1 = not similar; 7= highly similar)
Primes
Condition
Form only
Low semantic
Mid semantic
High semantic
Semantic only

Target
barbe
tortue
infirme
chance
bougie

Related
barbecue
tortueux
infirmerie
chanceux
chandelle

Table 1. Using the semantic similarity scores, the condition
placement of each item was validated. Results of the
semantic similarity test showed that items in the form only
and low semantic categories had ratings below 2. The mid
semantic category had ratings between 2 and 5, the high
semantic and semantic only categories had ratings above 5.
Only one pair was moved to a different group based on
the mean semantic similarity rating it received. The pair
pommette - pomme originally selected for the high semantic
group was moved to the mid semantic group due to a mean
semantic similarity rating of 2.9.
In addition to the 70 test pairs and 70 control pairs, 70
filler pairs were created. These pairs had non-word targets.
While these pairs contained non-words, they were created to
resemble the test pairs. Some of the fillers were
phonologically related (e.g., buveur – buve), and others
were not (e.g., terminus – clige). Some phonologically
overlapping filler items like esprit - espe mirrored those in
the form only condition (e.g., barbecue – barbe); in both of
these cases there is no sequence that could act as a suffix at
the end of the prime. Other phonologically related filler
items such as frileux – frile are similar to the low semantic
items (e.g., tortueux – tortue); both of these primes end
with a sequence that could function as a suffix in other
words (e.g., chanceux – chance). To ensure that participants
did not learn to respond to all phonologically overlapping or
suffix-containing pairs as members of the French language,
for example, the proportion of filler items that overlapped in
formal similarity matched that of the real word pairs.
To limit order effects, four presentation orders were
created. First, the real word pairs were separated into two
lists; the first list contained half of the control-prime pairs
and half of the test-prime pairs for a total of 70 items. The
second list contained the remaining 70 real word pairs. To
each of these lists, the 70 filler pairs were added. Both of
these lists were put into two pseudorandom orders, creating
a total of four lists, with 140 items in each list.

Procedure
A lexical decision task with cross-modal priming was
conducted. This task requires participants to answer “yes” if
the target is in fact a word that exists in the French
language, or answer “no” if the word does not exist in
French. The lexical decision task was administered to
participants individually, in a quiet room. During the task,
participants sat in front of a Macintosh computer, on which

Unrelated
cornichon
esthetique
grenadine
discret
cactus

Semantic similarity rating
M
SD
1.06
.11
1.39
.26
3.70
.77
5.53
.24
6.28
.43

stimuli were presented via PsyScope software (Cohen,
MacWhinney, Flatt, & Provost, 1993). The audio primes
were played on speakers placed in front of the participant.
Responses to the lexical decision task were indicated by
pressing a button on a button box placed on the table in
front of the participant.
Before beginning the experiment, participants were
instructed to respond to the lexical decision task by
indicating their decision on the button box. A series of
practice items were presented first and the participant was
given the opportunity to ask questions about the instructions
before beginning the test trials. Participants were instructed
to attend to the auditory primes. Attention to the primes was
tested by periodically presenting the on-screen instruction to
“repeat what you just heard”; those responses were recorded
by the experimenter.
At the beginning of each trial, three asterisks appeared in
the center of the screen as a fixation mark for 1 second. The
auditory prime then played over the speakers. At the offset
of the audio prime, the target appeared on the screen for 200
ms at which point the participant would respond using the
button box. Once the response was recorded, there was a
delay of 500 ms before the onset of the next trial.

Results and Discussion
All analyses were conducted using R version 3.2.2 (R core
team, 2017). Accuracy rates were calculated for each
participant and each item. All participants had accuracy
rates greater than 90% on the lexical decision task and all
items were answered above chance.
For analysis of priming effects, trials with incorrect
responses making up 2.3% of the data were removed.
Reaction times were then trimmed using the R package
trimr version 1.0.1 (Grange, 2015). Trials on which the
reaction time was greater than 2 standard deviations above
the mean reaction time in each category were discarded
resulting in 4.5% of the data being removed. Reaction times
were log transformed to correct for positive skew.
Linear mixed-effect modelling (Baayen, 2008; Baayen,
Davidson, & Bates, 2008) was used to perform analyses. A
backward stepwise model procedure was used to determine
whether fixed and random effects should be retained in the
final models. The first model included 2 random effects
factors: random intercepts for participants and items, 2 fixed
effects factors: prime type (related or unrelated), and
condition (phonological, low semantic, mid semantic, high
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Table 2: Mean reaction times on lexical decision task and mean priming effects (difference between control and test reaction
time) for each condition.

Condition

Example word pair

Unrelated rt (ms)

Related rt (ms)

M

SD

M

SD

140
166
141
137
107

705
671
634
618
607

164
160
142
141
115

Form only
barbecue – barbe
678
Low semantic
tortueux – tortue
692
Mid semantic
infirmerie – infirme
672
High semantic
chanceux – chance
662
Semantic only
chandelle – bougie
619
* = p < .05
semantic, and synonyms), and the interaction between prime
type and condition. Significance of the fixed effects was
established by examining t-values and p-values obtained
using the lmerTest package (Kuznetsova, Brockhoff, &
Christensen, 2017).

Mean priming
effect (ms)
-27
21
39*
44*
12

< 0.001) conditions. The semantic only condition did not
lead to significant priming effects (t = 1.46, p = 0.14).
Results only revealed priming effects in the mid semantic
(infirmerie-infirme) high semantic (chanceux-chance)
conditions only. This indicated that for morphological
priming to occur, the prime and target must overlap in both
form and meaning. In this experiment, neither high semantic
nor high phonological overlap alone are sufficient to induce
facilitation effects. Of greatest interest were the
morphologically related items in the low, mid, and high
semantic conditions as these were expected to reveal
different magnitudes of priming as were found in
Gonnerman et al., (2007). These priming effects are
compared in Figure 1 which plots the results of English
participants in Gonnerman eta al. (2007) to those of the
French participants from this study. Overall, these results
show that the magnitude of priming is greatest in the high
semantic condition, with a lower magnitude of priming in
the mid semantic condition; neither priming effect is
significant in the low semantic condition.

Figure 1. Comparison of the mean priming effects
(difference between the reaction time of the unrelated pairs
and the related pairs) from Engllish participants
(Gonnerman et al., 2007) and the French participants from
the present study. Mean priming effects are reported for the
morphologically related items in the low (tortueux – tortue;
hardly – hard), mid (infirmerie – infirme; lately – late) and
high (chanceux – chance; boldly – bold) semantic similarity
conditions.
Pairwise comparisons were obtained by releveling the
model with each of the five conditions as the baseline in
order to determine whether the effect of prime type was
significant in each condition. See Table 2 for mean reaction
times and priming effects in each condition. There was no
significant priming effect in the form only condition (t =
1.3, p = 0.18) or the low semantic condition (t = 1.88, p =
0.06). Significant priming effects were found in the mid
semantic (t = 4.20, p < 0.001) and high semantic (t = 4.21, p

Figure 2. Relationship between the mean priming effects
(difference between the reaction time of the unrelated pairs
and the related pairs) of morphologically related primetarget pairs and their mean semantic similarity ratings (1 =
not similar; 7= highly similar).
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A second model was specified to confirm whether the
magnitude of priming is influenced by the semantic
similarity of the prime-target pairs. For this analysis, only
the morphologically related words from the low, mid, and
high semantic conditions were included. In these conditions,
the degree of phonological overlap was consistent and the
degree of semantic similarity varied. This model included 2
random effects factors: random intercepts for participants
and items, 2 fixed effects: prime type (related or unrelated),
and semantic similarity (mean ratings on a scale of 1 to 7) as
well as the interaction between prime type and semantic
similarity. The effect of interest, the interaction between
prime type and semantic similarity, was significant (t =
2.26, p < 0.05). See Figure 2 for the mean priming effect of
each morphologically related word pair plotted against
semantic similarity. This result indicates that the magnitude
of priming for the morphologically related items (from the
low mid and high semantic conditions) is influenced by the
semantic similarity of each pair which is in line with the
findings of Gonnerman et al. (2007).

Conclusion
The goal of this study was to determine whether
semantically graded morphological priming effects could be
shown in Quebec French, as would be predicted by the
emergentist view of morphological processing. Research in
English has demonstrated graded priming effects for
morphologically related words which vary in semantic
similarity (Gonnerman et al, 2007), but no such results have
been reported in French, a morphologically richer language.
To answer this question, stimuli were carefully selected
for use in a lexical decision task with cross-modal priming.
Morphologically related word pairs were selected to have
the same level of phonological similarity, but to vary in
semantic similarity which was evaluated by participant
ratings. The morphologically related pairs belonged to three
conditions: low semantic (tortueux – tortue), mid semantic
(infirmerie – infirme) and high semantic (chanceux –
chance) depending on degree of semantic similarity. Two
additional conditions contained pairs related in form only
(barbecue – barbe) and meaning only (chandelle – bougie).
These items allowed for the detection of graded priming
effects as were found by Gonnerman et al. (2007).
The results of this experiment reveal that morphological
priming of Quebec French words only occurs when the
prime is related to the target in both form and meaning.
Neither form nor meaning alone are sufficient to elicit
facilitation effects. Crucially, morphologically related words
exhibit graded priming effects. The magnitude of the
priming effects is modulated by the degree of semantic
similarity of the prime-target pair.
These results can be accounted for by an emergentist
approach to lexical processing in which representations of
form and meaning are distributed across neuron-like
processing units. According to this account, morphology
emerges from systematic regularities of form and meaning

encoded as inter-level representations. The graded priming
effects measured here reflect the degree of semantic
similarity among morphologically related words.
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The difference between languages with regard to the
semantics of placement verbs and the resulting languagespecific focus on particular aspects of placement events (i.e.
a focus on the general movement, or on the figure object)
becomes especially relevant in second language (L2)
production. Previous work (Ellis, 1994) has suggested a
hierarchy of difficulty when learning an L2, depending on the
similarity between the L1 and the L2 in semantic categories.
Within this hierarchy, it is assumed that moving from an L1
with two semantic categories (e.g. the Dutch specific
placement verbs zetten and leggen) to an L2 with one
semantic category (e.g. the English general placement verb
put) is easier than the other way around. Indeed, in line with
this, previous work (Gullberg, 2009) found that speakers of
English have difficulty in describing placement events in L2
Dutch, apparent by the overuse of one of the Dutch specific
placement verbs, zetten. Whether Dutch speakers of L2
English indeed find it easier than English speakers of L2
Dutch to correctly describe placement events is assumed, but
has not been empirically studied yet.

Abstract
There are cross-linguistics differences in the type of verb used
to describe placement events. Dutch uses semantically specific
placement verbs (zetten, leggen), whereas English uses a
semantically general placement verb (put). This semantic focus
is reflected in speaker’s gestures, which can be specific and
object-focused by showing object-incorporating handshapes,
or not. This study investigates the semantic placement event
focus of Dutch L2 speakers of English, by investigating verb
use and gesture production in placement event descriptions.
Results showed that placement verb production was nativelike, with a majority correct usage of put. However, gesture
production showed many object-incorporating handshapes,
similar to L1 Dutch gesture production. These results suggest
that although the Dutch L2 speakers of English sounded nativelike in speech, they were still trying to express Dutch-like
placement verb meaning, by showing a continued focus on the
object, as expressed in their gesture production.
Keywords: gesture; second language acquisition; transfer;
placement events

Placement Events
Placement events are events in which a speaker talks about
the relocation of a figure object towards a goal ground
(Gullberg & Narasimhan, 2010). Descriptions of placement
events occur often in discourse, for example when a speaker
says ‘She puts the book in the cupboard’, or ‘He put the cup
on the table’. Languages can differ in how they describe these
placement events. Specifically, the semantic information
given in the placement verbs may differ (Kopecka &
Narasimhan, 2012). This study will focus on English and
Dutch. Speakers of English tend to use the verb put, which is
a semantically general placement verb indicating movement
and can be used to describe most placement events,
regardless of the type of object being placed and the manner
of placement. Speakers of Dutch however, have to choose
between two more fine grained, or semantically specific,
placement verbs, and this choice depends on the type of
object being placed and on whether the object is being placed
in a vertical manner (zetten) or in a horizontal manner
(leggen). This means that for speakers of Dutch, it is
important to not only focus on the general movement of the
object but also on the object itself and its specific manner of
placement, as this determines which verb needs to be used.
Speakers of English do not need to focus on the figure object,
as the same general placement verb can be used regardless of
the type of object and its specific orientation towards the goal
ground (Gullberg, 2009).

Gesture
Meaning expressed in human communication is multimodal,
consisting of speech and gesture. Speech-accompanying
gestures are temporally, semantically, and pragmatically
coordinated with speech (Kendon, 2004; McNeill, 1992).
Although several theories have been proposed about the exact
details of the speech-gesture relationship (see Wagner,
Malisz, & Kopp, 2014, for an overview), the existence of a
close relationship between speech and gesture is undisputed.
The close relationship between speech and gesture is
reflected in cross-linguistic differences in gesture production,
across various linguistic levels. For example, Kita and
Özyürek (2003) studied motion event descriptions in
Japanese and Turkish and found that cross-linguistic
differences in the number of clauses needed to describe an
event were reflected in the number of gestures produced.
Also at the level of semantics, research has shown that
differences between languages are reflected in differences in
gesture production. For example, Gullberg (2011) describes
how speakers of French, like speakers of English, used a
general placement verb (mettre) indicating general
movement to the goal ground when describing placement
events. Their gesture production also indicated a focus on the
movement, and not on the object, with gestures showing path
only. Speakers of Dutch, however, when describing
placement events, used many semantically specific
placement verbs (zetten and leggen), for which they need to
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focus on the figure object of the placement event. This focus
on the figure object was reflected in their gesture production,
with a majority of gestures showing object-incorporating
handshapes.
The coordination between speech and gesture thus means
that gesture can be studied as an additional vehicle of
meaning. The above mentioned studies focused on native
speakers. A question is what happens when people speak a
second language. Does gesture production reflect the
semantics of L2 speech, or does the L1 still play a role?

Present Study
Previous work by Gullberg (2009) has shown that when
speakers of English are describing placement events, they
often (61%) use the general placement verb put (see Table 1
for a complete overview of English placement verb
distribution), and produce many gestures (63%) indicating
the path of the placement event, without a focus on the
specific object being placed. Speech and gesture thus indicate
that speakers of English focus on the general movement of
the event.
Table 1. Mean proportion of placement verbs in L1
English, from Gullberg (2009)
Verb
Put
Hang
Stick
Lay
Set
Other

Percentage
61%
14%
5%
.05%
.05%
19%

Speakers of Dutch, on the other hand, when they are
describing placement events, focus on the object being
placed, as reflected in their semantically specific placement
verbs (with the verbs zetten ‘set’, leggen ‘lay’, and hangen
‘hang’ comprising 66% of verb tokens) and a majority (59%)
of object-incorporating handshapes in their gesture
production (Gullberg, 2011).
Given this difference in semantics of placement verbs and
the resulting difference in placement event focus between
Dutch and English, a question is what happens when speakers
of Dutch describe placement events in L2 English. As
mentioned previously, given the difference in number of
semantic categories between Dutch and English placement
verbs, the assumption is that speakers of Dutch will not find
it difficult to correctly use the L2 English placement verb.
However, the main question the present study aims to
address is whether Dutch L2 speakers of English have
acquired the semantic meaning of the L2 English placement
verb. This would mean that when they speak English, they do
not focus on the object being placed anymore, but on the
general movement. Here the semantic meaning expressed in
gesture becomes relevant. If Dutch L2 speakers of English
have acquired the semantics of the English placement verb,

then this should be apparent not only in speech, but also in
gesture, with gestures that focus on the general movement,
and not on the figure object. Alternatively, Dutch L2 speakers
of English may not have acquired the semantics of the
English placement verb, and this may be apparent by nonnative-like placement verb usage, and/or gesture production
that does not focus on the general movement, but on the
figure object. This alternative could indicate L1 transfer
(Odlin, 1989) of placement verb meaning, and could occur
even if placement verb production in L2 speech is native-like.
To address the research question, Dutch participants took
part in a placement event description task in L2 English. The
task was identical to the one used in previous studies on this
topic (Gullberg, 2009, 2011).

Method
Participants
In this study, pairs of participants took part. Ten native
speakers of Dutch (6 males, 4 females) took part in the role
of Describer (age range 22-27, M=24.4, SD=1.6). The
experiment was conducted in English. Prior to the
experiment, participants filled out a language proficiency
questionnaire (based on Gullberg & Indefrey, 2003).
Describers reported an average proficiency in English of 3.8
out of 5 (speaking, listening, writing, reading, grammar,
pronunciation).
Three non-Dutch participants (2 males, 1 female) with high
levels of fluency in English and little knowledge of Dutch
took part in the role of confederate Drawer. The pairing of
the Drawers with the Describers meant that the Drawers (age
range 18-27, M= 22.33, SD=3.68) took part several times.
The Describers were not aware that the Drawers took part
more than once.

Materials
The stimulus videos used were identical to the ones used in
Gullberg (2009, 2011) and showed a female actor tidying a
messy room by putting away 32 different objects (see Figure
1). The placement of these 32 objects was divided into 8 short
video clips. In each video clip, the female actor put away 4
objects. In total, 10 of the events depicted horizontal
placement (e.g. putting a bottle on its side), 10 of the events
depicted vertical placement (e.g. putting books on a shelf), 6
were suspension events (e.g. putting a shirt on a hanger), 2
events contained a sticky attachment (e.g. putting chewing
gum under a table), and in 3 events the actor donned pieces
of clothing (e.g. putting a hat on her head). The different
types of placement events occurred throughout the 8 video
clips.
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Coding
The video material was coded using the multimodal
annotation program ELAN (Wittenburg, Brugman, Russel,
Klassmann, & Sloetjes, 2006). The first spontaneous
description of each placement event was transcribed
orthographically. This means that introductions of the figure
object or detailed follow-up descriptions of the object itself
or its placement, provided spontaneously or in response to
questions by the Drawer were excluded. Example 1) below
shows a typical event description structure, with a figure
object introduction (which was not analysed), followed by an
underlined description of the actual placement event (i.e. the
analysed part). For speech, the verbs used to describe the
placement events were of interest. For each placement event
description, one main placement verb was used in the
analyses.

Figure 1. Screen shot from one of the stimulus videos.

Procedure
The event description task was identical to the one used in
Gullberg (2009, 2011). Describers and Drawers were seated
at a table opposite each other (see Figure 2), and were given
written instructions and the opportunity to ask questions. The
Describers then watched the 8 video clips on a laptop. The
videos were not visible to the Drawer. After watching each
video clip, the laptop screen went blank and the Describer
had to describe the placement events seen in the video to the
Drawer. As memory support, the Describer had a piece of
paper listing all objects, in the order in which they were being
shown in the videos, in front of him/her. The Drawer then had
to, on the basis of the description provided, draw the final
location of the objects on a picture of an empty room. These
drawings were not analysed, and merely served as an
ostensible goal to the experiment.
The analyses were based on the speech and gesture in the
placement event descriptions provided by the Describer. The
experiment took part in L2 English, and no mention was
made of gestures. Participants were debriefed at the end of
the experiment.

1) “she has a plush hippopotamus she puts it
right next to the crocodile”
Gesture coding consisted of several aspects. First, it was
coded whether a placement gesture was produced during a
transcribed placement event description. A gesture was
considered a placement gesture if it occurred closely in time
to the description of the stimulus item and if it appeared to
convey meaning of the placement event. The selection
criteria meant that there was a maximum of 1 placement
gesture for each placement event description. The placement
gestures were then coded without sound for form in two
ways: whether the gesture showed path or direction of
movement of the object in lax hands (i.e. “path”), and
whether the gesture showed an object-incorporating
handshape, meaning that the shape of the figure object was
reflected in the gesture (i.e. “handshape”).
Coding was as conservative as possible, e.g. a flat hand
when gesturing about the placement of books was not coded
for showing a handshape, since the flat hand could not only
reflect the books but also the ground on which the books were
placed. Note that the coding for gesture form was not
mutually exclusive; a gesture could show only path or
handshape, but a gesture containing both path and handshape
was also possible.
In short, for each placement event, it was annotated which
placement verb was used, whether a placement event gesture
occurred, and if so, whether this gesture showed the path of
the movement, and/or also an object incorporating
handshape.

Analyses
Figure 2. Experimental setup with the Drawer on the left
and the Describer on the right

Descriptive analyses were done on the type of placement verb
used. Verbs used during the transcribed placement event were
grouped according to their infinitive form. For the gesture
analyses, it was analysed in how many cases the gestures
showed path, and in how many cases the gestures showed a
handshape. Analyses then focused on whether the number of
times path and handshape were shown in the placement
gestures differed from 50% chance level.
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Results
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Verb use
In total, 286 placement verbs were used. This number was
slightly smaller than the total number of stimulus items (10
participants x 32 items) because, despite the memory support,
some participants forgot to describe some of the placement
events. In addition, there were some cases where more than
one item was described in one placement event (e.g. taking
bananas and putting them in a bowl was often described in
one and not 2 placement event descriptions). Of the 286
placement events descriptions, 188 (65%) contained the
placement verb put. The verb put was the most frequently
used verb in 26 of the items. Some other frequently used
placement verbs were hang (9%), which was mainly used for
specific suspension stimuli (e.g. hanging a shirt on a hanger),
and place (8%). The Dutch cognates set and lay were used
sparingly (see Table 2). Other placement verbs were verbs
that were used only once (e.g. throw, kick). For 9 of the 10
participants, put was the most frequently used verb. For one
participant the most frequently used verb was place,
contributing to 15 of 24 cases of the use of this verb.
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Figure 3. Distribution of number of gestures with an
object-incorporating handshape, as compared to number of
gestures showing path only, for each of the 10 participants.

Table 2. Placement verbs by frequency
Verb
Put
Hang
Place
Stick
Lay
Set
Other

Frequency
188
25
24
11
3
2
35

(65%)
(9%)
(8%)
(4%)
(1%)
(1%)
(12%)

Figure 4. Example of participant producing a gesture with
an object-incorporating handshape. The participant was
describing the placement of a bowl, by saying (gesture
during underlined part) “she puts it on the right side of the
desk”.

Discussion

Gesture production
Participants produced a total of 181 placement gestures (i.e.
a placement gesture was produced in 63% of all placement
event descriptions). Of these 181 placement gestures, 149
(82%) showed path. This percentage differed from chance
level (binomial test, p<.0001).
In 64% of the 181 gestures, participants produced a gesture
with an object incorporating handshape. This percentage also
differed from chance level (binomial test, p<.0001, see
Figure 3 for individual differences and figure 4 for an
example of a gesture with an object incorporating
handshape).

In this study, the research question was whether Dutch L2
speakers of English have acquired the semantic meaning of
the English placement verb put. Two sources of expressing
semantic meaning were studied: speech and gesture. Fluent
Dutch L2 speakers of English described 32 placement events
to an interlocutor. Analyses were conducted on the placement
verbs used and the form of the gestures produced during the
placement event description. Results showed that in the
majority of cases (65%), the general placement verb put was
used. Previous work by Gullberg (2009) on native speakers
of English, using these same stimuli, found that the verb put
was used in 61% of cases. When we compare Table 1 and
Table 2, we can see that the use of other placement verbs in
L2 English in the present study was also similar to previous
findings by Gullberg (2009) in L1 English. This means that
the L2 speakers of English in the present study were nativelike in their placement verb production. Speech results thus
suggest that the Dutch L2 speakers of English acquired the
L2 meaning of the placement verb.
Results of the gesture analyses showed that in 64% of the
gestures produced in placement event descriptions by the
Dutch L2 speakers of English, object-incorporating
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handshapes were used. These findings are not in line with
earlier work on gesture production by native speakers of
English. Gullberg (2009) found that in only 37% of gestures
by native speakers of English object-incorporating
handshapes were used. The current gesture findings are,
however, in line with previous work on native speakers of
Dutch. In Gullberg (2011), it was shown that, when
describing these same placement event stimulus videos,
native speakers of Dutch produced object-incorporating
handshapes in 59% of their gestures. Thus, the gesture
findings suggest that the Dutch L2 speakers of English
express a semantic meaning of the placement event which,
like in Dutch, has a focus on the figure object. The Dutch-like
focus on the object is also reflected in the fact that in 18% of
all gestures, participants produced a gesture only containing
an object-incorporating handshape and no direction of
movement (path) at all. Given the almost inherent spatial
excursion of gestures, it is surprising that gestures without
direction of movement were produced.
The findings from this study indicate that although Dutch
L2 speakers of English’ placement event descriptions were
similar in speech to native speakers of English with regard to
placement verb usage, gesture production showed a different
picture. Dutch L2 speakers of English used the verb put most
often in their placement event descriptions, but the objectincorporating handshapes in gesture production suggest a
remaining L1-like focus on the object of the placement event.
In other words, the semantic placement verb meaning
expressed in speech and the semantic meaning expressed in
gesture did not match, and provide evidence of transfer of
Dutch L1 meaning when describing placement events in L2
English. These findings are in line with previous work on
motion events, where it was also found that speakers may be
native-like in their L2 speech, but show gesture use that is
L1-like, or in between their L1 and L2 (Brown & Gullberg,
2008; Stam, 2006). Moreover, we can interpret the findings
as providing evidence that speakers of L1 Dutch, when
talking about placement events in L2 English, show different
thinking-for-speaking patterns (Slobin, 1991) than native
speakers of English.
Naturally, this study has its limitations. Firstly, a limitation
is the small number (10) of participants in this study. Given
the labour intensive nature of gesture analysis, many previous
studies on gesture production, including those on which the
present study is based (Gullberg, 2009, 2011; Gullberg &
Narasimhan, 2010), used a small number of participants. In
this sense this study is not an exception. It is important to
keep in mind though, that even though the close relationship
between speech and gesture means that cross-linguistic
differences in gesture production may be expected, there can
also be large individual differences in gesture production
(Chu, Meyer, Foulkes, & Kita, 2014). Indeed, inspection of
Figure 3 shows that the percentage of gestures with an objectincorporating handshape is more pronounced in some
participants than in others. The small dataset in combination
with these individual differences in gesture production means
that the results do not allow for strong statistical claims.

Hence, the discussion of the results is mainly based on
descriptive statistics. Larger datasets would be needed to
statistically support the current findings.
A second limitation is that the speech analyses are
currently restricted to the type of placement verb used. The
‘mismatch’ (Goldin-Meadow, 1997) between the semantics
of the placement verb used and the semantics of the
placement gestures suggest an L1 transfer, apparent in
gesture only. However, we only analysed the semantics as
expressed in the placement verb. We do not yet know to what
extent other words and phrases in the placement event
descriptions might also be focused only on the movement, in
line with the use of the verb put, or whether they might in fact
be focused on the figure object. It could be the case that the
transferred Dutch-like focus on the figure object is not only
reflected in gestures with object-incorporating handshapes,
but also in e.g. object descriptions that are more detailed or
syntactically more prominent than those given by native
speakers of English. These analyses remain to be done.
A methodological point to note is that the confederate
Drawers were not native speakers of English. Although care
was taken to ensure that the confederates were not native
speakers of Dutch and were fluent in English, it could be
possible that the fact that they were not native speakers of
English might have affected the way in which the participants
described the placement events. Future work would ideally
use Drawers who are native speakers of the language being
studied.
A final point of discussion is whether and why the findings
from this study matter. This study has shown that L1 transfer
of meaning may occur, even in a relatively easy, also
according to Ellis’ (1994) hierarchy of difficulty, switch from
several L1 placement verb categories to a single L2
placement verb category. It can be argued that, since L2
placement verb production in speech was native-like, it may
not matter that much that gesture production expressed a
transfer of Dutch L1 placement verb meaning. After all, if
speech production is native-like, it is not likely that many
communication problems will occur. In other words, one may
claim that an L2 speaker of English having a Dutch ‘manual
accent’ (Kellerman & van Hoof, 2003) is not necessarily
problematic. It can even be argued that the so-called
mismatch between speech and gesture in this study is
enriching the communicated message, in the sense that
gesture provides the interlocutor with information about the
object which is additive to the information given in speech.
There are two points to be made here. Firstly, to the best of
our knowledge, no empirical studies have been done yet on
the effect of gestural transfer, or, in other words, having a
manual accent, on communication. Therefore, we do not
know whether a difference between semantics expressed in
L2 speech and semantics expressed in L2 gesture, caused by
an L1 influence, influences aspects of interaction such as the
ease, effectiveness, or success of communication. We simply
do not know yet whether listeners are sensitive to a gestural
‘accent’. This topic would clearly be relevant to investigate
in future research.
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Secondly, regardless of whether listeners are sensitive to
the L2 speech-gesture mismatches, the current study matters
in particular from a speaker perspective. The findings of this
study show that by analysing not only speech but also gesture,
we can infer what meanings people are trying to express.
Since gestures reflect the kind of information that a speaker
selects for expression (Gullberg, 2011), they can inform us
about the process of second language acquisition (Gullberg,
2006). In this particular case, by considering all vehicles of
meaning, not only speech but also gesture, we have seen that
the Dutch L2 speakers of English are not fully fluent in
English (yet), at least not in the sense that L2 meaning has
not yet been fully reconstructed. Gesture production can thus
be used as an additional source of information about a
speaker’s level of fluency in a foreign language.
In conclusion, by taking gesture into account, this study has
shown that L1 transfer of meaning can exist even in a
supposedly simple switch from specific L1 to general L2
placement verbs, and even when L2 speech production is
native-like. Although the Dutch L2 speakers of English were
apparently proficient in L2 speech, gesture production
showed that the speakers’ meaning expressed in the
placement events was still Dutch-like. When studying the
acquisition of semantic meaning, gestures can therefore be a
valuable source of information.
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Abstract
Previous research has demonstrated that speakers change
phonetic forms in response to variability in their immediate
linguistic milieu, such that they converge with an interlocutor.
While much is known about the impact of social dynamics on
this process, the impact of individual variability in cognition
and perception is less well-explored. The present study seeks
to examine the impact of these individual differences on
phonetic convergence during a naturalistic conversation,
comparing convergence in autism spectrum disorder (ASD)
and typical development. Results showed a small effect of
temporal convergence within typically developing dyads,
compared with evidence of divergence within ASD dyads.
While preliminary, this pattern of results suggests that social
motivation may play a more important role in phonetic
convergence than sensory accounts (such as self-monitoring).
Keywords:
phonetic
convergence;
Communication
Accommodation Theory (CAT); Autism Spectrum Disorder;
ASD

Introduction
Autism spectrum disorder (ASD) is a neurodevelopmental
disorder characterized by deficits in social communication,
as well as the presence of restricted or repetitive behaviors
and atypical sensory processing (American Psychiatric

Association, 2013). Individuals with ASD display
heterogeneous cognitive and linguistic outcomes.
Some research suggests that approximately 30% of
individuals with ASD are functionally non-verbal into
adulthood (Tager-Flusberg & Kasari, 2013). While the
majority of individuals do acquire functional language over
time, they may still exhibit subtle language deficits.
Individuals with ASD may produce speech with less syntactic
flexibility (Eigsti, Bennetto, & Dadlani, 2007), though
evidence for impairments in syntax is mixed (Shulman &
Guberman, 2007). Semantic processing may also be
impacted, with deficits in the perception and production of
mental state verbs (Kelley, Paul, Fein, & Naigles, 2006) and
reduced semantic priming (Kamio, Robins, Kelley,
Swainson, & Fein, 2007).
The most consistent communicative deficits in ASD are
observed in the domain of pragmatics. Individuals with ASD
often fail to respond appropriately to questions or comments
(Capps, Kehres, & Sigman, 1998), leading to more potential
communicative
misunderstandings
(Volden,
2004).
Individuals with ASD also struggle to accurately and
efficiently comprehend prosody (Diehl, Bennetto, Watson,
Gunlogson, & Mcdonough, 2008; Diehl, Friedberg, Paul, &
Snedeker, 2015), leading to difficulties resolving syntactic
ambiguity or understanding a speaker’s intentions (e.g.,
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sarcasm). Deficits in prosodic comprehension are likely not
the result of gross sensory differences, as individuals with
ASD are typically reported to show heightened sensory
acuity (Hubert, Mottron, Dawson, Soulie, & Burack, 2006;
Plaisted, O’Riordan, & Baron-Cohen, 1998).
One potentially informative aspect of pragmatic language
functioning in ASD is that of phonetic convergence. In order
for interlocutors to understand one another, they must
accurately map acoustic speech signals onto mental
representations of phonemes, the sounds that make up a given
language. This task is complicated by variability of this
mapping between and within speakers. Over time, a pair of
interlocutors may approximate each other’s acousticphonetic mappings (Pardo, 2006; Shockley, Sabadini, &
Fowler, 2004). This process is broadly referred to as phonetic
accommodation. Typically this accommodation comes in the
form of convergence, when the acoustic features of
interlocutors become more similar over time. Phonetic
convergence can be observed in several acoustic features,
including duration, voice onset time, and F0 (i.e., pitch), and
likely reflects broader processes of scaffolding (Pickering &
Garrod, 2013).
Differences in sensory sensitivity may lead to greater
salience of phonetic variability in individuals with ASD,
leading to greater convergence. Eigsti & Fein (2013)
demonstrated that greater accuracy in a tone discrimination
task in adolescents with ASD was negatively related to later
achievement of early language milestones, suggesting that
auditory processing differences (specifically, perceiving
small and non-contrastive or within-category phonetic
variability) may lead to language delays by magnifying
speaker variability. A number of auditory processes differ in
ASD (see O’Connor, 2012). However it remains unclear
whether sensory differences relate to communication skills in
fluent speakers with ASD.
The degree to which a speaker converges with an
interlocutor appears also to be influenced in part by social
factors. For instance, Gregory & Webster (1996)
demonstrated that speakers tend to display more
communicative accommodation to individuals with higher
social status (celebrities or politicians). Similarly Babel
(2012) showed that phonetic accommodation was positively
associated with perceptions of an interlocutor’s
attractiveness. Such findings are consistent with
Communication Accommodation Theory, which posits that
accommodation is the result of an individual’s desire to fit in
with the social group (Soliz & Giles, 2014).
The Social Motivation Theory of ASD proposes that
reward circuitry is less engaged during social interactions in
individuals with ASD (Chevallier, Kohls, Troiani, Brodkin,
& Schultz, 2012). If social affiliation is central to phonetic
convergence, we might expect diminished convergence for
speakers with ASD as a result of reduced motivation.
The present study sought to examine whether individuals
with ASD display a different pattern of phonetic convergence
than their typically developing (TD) peers across a
naturalistic conversation. We hypothesized that individuals

with ASD would show less communicative convergence to
their interlocutors due to differences in social motivation.
Alternatively, heightened sensory sensitivity may lead to
increased recognition of and convergence with acoustic
variability of communication partners.

Methods
Participants
Adolescents ages 12-18 with ASD (n=15) and TD (n=15)
were recruited for the study. All participants demonstrated
hearing and IQ scores (>85) in the normal range. TD
participants were excluded if they had first-degree family
members with ASD or a history of developmental or
neurological concerns. The two groups did not differ on age,
gender, or non-verbal IQ (see Table 1).
Diagnoses for the ASD group were verified by trained
clinicians using the Autism Diagnostic Observation Scales,
2nd edition (ADOS; Lord et al., 2012) and the Social
Communication Questionnaire (SCQ; Rutter, Bailey, &
Lord, 2003). The ADOS was completed only by members of
the ASD group, to confirm the diagnosis of ASD. Depending
on each participant’s maturity, Module 3 or Module 4 was
administered. The SCQ, a 40-item parent-report measure,
served to confirm or rule out ASD diagnoses in both groups.
Participants’ parents completed the Lifetime version, which
probes whether autism-related symptoms have ever been
present for a child. Two parents in the TD group did not
return the measure; one parent in the ASD group had many
ambiguous responses which could not be scored, such that
scorable data were available for 27 participants.
All participants in the ASD group scored above the ADOS
cutoff score of 7 for autism spectrum; eleven participants in
the ASD group scored above the ADOS cutoff score of 9 for
autism. Furthermore, the ASD group scored significantly
higher on the Social Communication Questionnaire, a parentreport measure of ASD symptoms (Rutter, Bailey, & Lord,
2003), indicating greater impairment. While four ASD
participants scored below the SCQ cutoff of 15, we judged
them to have ASD, given their reported history of an ASD
diagnosis and expert clinical judgement on the ADOS.
Participants completed two subtests (Matrices and
Vocabulary) of the Stanford-Binet Intelligence Scales, 5th
Ed. (Roid, 2003). Together, these subtests provide a reliable
estimate of full-scale IQ (FSIQ). Performance on each subtest
provided estimates of non-verbal and verbal IQ.
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Table 1: Participant Characteristics
n
Age (years)
Abbreviated IQ
ADOS
SCQ

ASD
15 (11 male)
15.6 (2.0)
105 (10)
9.7 (1.9)
17.6 (8.1)

TD
15 (10 male)
14.6 (1.8)
111 (9)
2.1 (1.6)

p
.17
.13
<.001

Materials
Maps Task (Anderson et al., 1991) The Maps Task is a social
communication problem-solving task. Materials consist of
six pairs of maps. For each pair, a “Guide” map (Figure 1,
left) displays a route around a variety of landmarks; a
“Tourist” map shows landmarks, but no route. All landmarks
were labeled, as shown in Figure 1. Each pair of maps
contained largely identical landmarks, with the exception of
three unique (i.e., non-shared) landmarks in each map.

Figure 1: Guide (left) and Tourist (right) maps, showing
shared and unique landmarks.

was placed between the participant and confederate to
prevent nonverbal communication.
Before and after the maps task was completed, recordings
were elicited from participants and confederates. Each
member of the dyad read a list of sentences which contained
lexical items labeled on the maps. Items were elicited in a
standardized context (e.g. “Number eight is the lighthouse”).

Data Analysis
Speech samples were coded in Praat (Boersma & Weenink,
2011) by trained coders, blind to study hypotheses, to assess
the similarity of temporal and spectral speech properties of
each dyad before and after the maps game; greater similarity
for items produced after the game was taken as evidence of
phonetic convergence. Coders marked regions of acoustic
energy associated with 5 phonemes: /k/, /p/, /t/, /s/, and /ʃ/
(“sh”) and for a standardized subset of ten sentence. These
were the only five phonemes that occurred frequently enough
to permit spectral analysis; and in fact, there were sufficient
quality elicitations for only two phonemes, /s/ and /ʃ/. Praat
scripts were used to analyze coded regions for duration,
spectral center (for phonemes), and fundamental frequency
(for sentences). The mean absolute difference (participant –
confederate) was calculated before vs. after the maps game,
for each of these measures, within each dyad. Three dyads
were excluded from analysis of sentence-level measure
because of insufficient data.

Results

Short Sensory Profile (McIntosh, Miller, Shyu, & Dunn,
1999). The Short Sensory Profile is a 38-item parent-report
measure which rates clinically relevant, sensory-related
difficulties on a five-point scale from Always to Never. Items
describe sensory seeking/avoiding behaviors across all
sensory modalities, including items such as “Is distracted or
has trouble functioning if there is a lot of noise around” or
“Will only eat certain tastes.” Higher scores on the Short
Sensory Profile represent more typical sensory experiences;
lower scores suggest greater atypicality of sensory responses.

Procedure
The present experiment was completed as part of a broader
study of language in ASD. Testing was completed over
approximately five hours across one or two sessions.
Participants completed a number of characterizing measures,
including screening to ensure normal IQ and hearing abilities.
Participants completed the six trials of the Maps Task with
gender-matched confederates blind to the purpose of the
study and participants’ diagnosis. On a given trial, the
“guide” described the route marked on their map to the
“tourist,” who attempted to draw this route on their own map
with a pencil. After each trial, the participant and confederate
alternated roles, such that participants served as “guide” and
“tourist” three times each. Participants and confederates were
able to freely converse throughout the task. An opaque barrier

Segmental Convergence
Differences in temporal convergence (duration) across
diagnostic groups were assessed using a 2x2 repeated
measures ANOVA (diagnosis x time) for both phoneme
measurements. Results showed a significant diagnosis x time
interaction for /s/, F(1,27)=6.38, p=.02, such that TD dyads
showed more similarity in duration after the maps game
compared to before (e.g., greater temporal convergence),
while ASD dyads showed temporal divergence (though the
latter within-group difference was not significant); see Figure
2. For /ʃ/, there was a significant main effect of diagnosis on
duration, F(1,27)=4.67, p=.04, such that ASD dyads
produced /ʃ/ sounds with significantly longer duration than
did TD dyads; see Figure 3. There was no significant
diagnosis by time interaction for /ʃ/.
There were no main effects or interactions for spectral
measures for either /s/ or /ʃ/, p’s > .05.

Prosodic Convergence
Differences in prosodic convergence were assessed using 2x2
repeated measures ANOVAs (diagnosis x time) for sentence
duration. Results indicated no main effects or interactions,
p’s > .05. There was a marginally significant diagnosis by
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Figure 3: Mean difference (±SE) in /ʃ/ duration between
dyads. ASD dyads showed greater overall difference in
duration. There was no significant diagnosis by time
interaction effect.

Figure 2: Mean difference (±SE) in /s/ duration between
dyads. TD dyads displayed decreased difference in duration
from pre- to post-task. ASD dyads showed the opposite
effect.
time interaction on average F0, p=.08, such that the
difference in F0 increased in pre- to post-task recordings for
TD dyads, while the opposite effect was observed for ASD
dyads.

Convergence and ASD Symptoms
Planned analyses additionally assessed the relationship
between ASD symptom severity as measured by the SCQ,
available for both diagnostic groups, and the degree of
convergence in /s/ duration (Pre-Post), as this was the most
reliable measure of convergence in previous analyses. There
was a significant negative relationship between SCQ and
convergence, r(26)=-0.44, p=.03, such that more severe
symptomatology was associated with less phonetic
convergence. Convergence was also correlated with sensory
sensitivity as measured by the Short Sensory Profile, r(26)=0.43, p=.03, such that more atypical sensory sensitivities (i.e.,
lower scores) were related to greater convergence; see Figure
4.

Figure 4: Scatterplot of the relationship between
convergence of /s/ duration and sensory profile score as a
function of diagnosis. Lower sensory profile scores
represent more atypicality. Larger convergence values
indicate that the difference between productions differed
more in the pre- versus post-task elicitation.

Discussion
This study examined the impact of sociolinguistic and
perceptual differences in ASD on phonetic convergence.
Teens with ASD and TD completed a collaborative task with
TD confederates, in which they worked together to
accomplish a goal. Verbal items were elicited before and after
task completion, and subjected to extensive analysis in Praat.
Participants’ parents also completed measures of sensory
processing and ASD-related symptom severity.
Results suggested less convergence with confederates in
the ASD sample, compared to the TD group, though results
were mixed across measures of convergence. Within the most
robust measure of convergence (e.g., /ss/), greater ASD
symptomatology was associated with less convergence. That
is, typically developing individuals and their partners tended
to mimic each other’s speech after they had engaged in a
cooperative task; in contrast, individuals with ASD showed
no such increase in speech similarity. Interestingly,
participants with an atypical sensory profile displayed greater
phonetic convergence. Limitations in the measure of the
Short Sensory Profile make it difficult to fully interpret this
relationship (see Limitations, below).
These findings suggest that individuals with ASD do show
diminished phonetic convergence, consistent with
Communication Accommodation Theory. Indeed, there was
a non-significant tendency towards divergence. This finding
would suggest that social factors are an important contributor
to speaker accommodation, and that either participants with
ASD, or their conversational partners, may be inclined to
accentuate differences. The lack of convergence within the
ASD group in this study may be the result of diminished
motivation for social affiliation, which has been suggested as
a core deficit in ASD (Chevallier et al., 2012). Alternatively,
differences in social perception may make individuals with
ASD less likely to view interlocutors as socially desirable
partners, especially when these interlocutors are strangers.
Previous research has demonstrated that adults with ASD are
more likely to rate happy faces as neutral and neutral faces as
angry (Eack, Mazefsky, & Minshew, 2015). Such
misperception of facial emotion may reflect the accuracy
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with which individuals with ASD are able to appraise the
social standing of an interlocutor. Future work must probe
whether it was the participant or TD confederate whose
speech shifted more.
The present results indicated that greater sensory
atypicality was associated with more convergence. ASD
symptom severity across groups was also strongly associated
with sensory sensitivities; in fact, Figure 4 suggests that this
correlation reflects group rather than individual differences
in sensory processing, and thus that sensory processes are less
likely to contribute to reduced phonetic convergence in ASD.

Limitations
Data analysis was limited by the speech samples obtained.
The list of landmarks did not include sufficient exemplars of
phonemes other than /s/ and /ʃ/ to provide robust and reliable
estimates; as such, analyses were limited to spectral and
temporal components of /s/ and /ʃ/. The results presented here
should be replicated with a broader range of phonemes,
especially in light of the inconsistent pattern of convergence
for these two phonemes.
Another limitation of the study is the lack of a clear
interpretation of the observed relationship between atypical
sensory profile and increased convergence. The Short
Sensory Profile includes items which indicate both sensory
hyper- and hypo-sensitivity; low scores indicate the presence
of sensory differences, but do not indicate the nature of these
differences. Ongoing work in our laboratory aims to directly
measure differences in auditory processing and correlate
these differences to linguistic development.
It is important to note that the degree of convergence noted
here was small (approximately 10ms). Given the
imperceptibility of this change to a real-world interlocutor, it
is unlikely that any difference between diagnostic groups
within one measure would meaningfully impact
communication. However, the convergence of these small
changes across many aspects of speech may have more
appreciable effects. The use of read rather than spontaneous
speech samples may have reduced variability.
Finally, the mean IQ of participants in the ASD group is
not representative of all individuals with ASD. Rather, our
sample represents a high-functioning subset, and the results
presented here may not generalize to the broader population.

Clinical Implications and Future Directions
The present study demonstrated diminished communicative
convergence in individuals with ASD; one important next
question is to determine the impact of such convergence on
communication. It is possible that diminished communicative
accommodation could lead to a less positive responses from
a conversational partner, contributing to difficulties in the
formation and maintenance of positive social relationships.
Future research should examine the impact of reduced
convergence, at multiple levels (phonology, lexicon, syntax,
etc.), on social interactions within ASD (see e.g., Pickering
& Garrod 2013).

Broad differences in communicative accommodation may
also be important factors in the presentation of “frank”
autism. De Marchena & Miller (2017) have discussed the
construct of frankness in clinical diagnostic impressions.
Expert clinicians reported that amongst other symptoms,
reciprocity and prosody represent important components of
frankness. While differences in phonetic convergence are
relatively subtle, a difficulty in accommodating to multiple
facets of communication, including phonetic qualities, nonverbal actions, or shared lexical items, may serve as signals
of frank autism.
It also remains unclear to what extent communication
accommodation is amenable to clinical intervention. Mayo
(2014) demonstrated that a brief intervention was sufficient
for individuals with ASD to improve their syntactic prosody.
Direct interventions which teach individuals with ASD how
to appropriately mimic conversational partners might address
some of the differences observed here. Early intervention in
facial emotion recognition has proven effective (Ofer et al.,
2010), as it seems to improve the accuracy of perceptions of
partner desirability and social status in individuals with ASD.

Conclusion
This study presented evidence of reduced phonetic
accommodation in individuals with ASD, and an association
between this phenomenon and the presence of social deficits.
This effect was elicited over the course of a naturalistic
conversation, rather than under instructions to explicitly
mimic or shadow their partner. While results were limited by
lack of reliable measures for several phonemes, findings are
consistent with the hypothesis that individual differences in
social cognition, rather than sensory processes, may be
critical in phonetic convergence.
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Abstract
Little is known about how categories are learned incidentally
without instructions to group objects, overt decisions about
category identity, or feedback about these decisions. Here we
investigate how category learning may occur based on the
association of categories with behaviorally-relevant events and
actions. Previous research developed the Systematic
Multimodal Associations Reaction Time (SMART) task in
which participants report the location of a visual target with a
keypress. The location of an upcoming visual target is
predicted by the identity of a novel sound category, exemplars
of which precede appearance of the visual target. This
category-to-location mapping supports incidental learning of
auditory categories, with generalization to novel exemplars.
Here, we examined whether this learning is driven by the
category-to-location relationship, or instead by the association
with distinct response alternatives. Across two experiments, we
observe that both a covert, reaction time measure of category
learning and an overt labeling task testing generalization of
learning converge to indicate that the category-to-response
relationship drives incidental learning in the SMART task.
Keywords: incidental learning; category learning; auditory

Introduction
Everyday behaviors - like identifying a series of beeps as a
fire alarm or a cell phone ring, recognizing fruits as edible or
spoiled, and deciding whether an unleashed dog is friendly or
fierce - rely on categorization. The ability to treat distinct
perceptual experiences as functionally equivalent is a vital
component of human cognition. Although there is a rich
literature on category learning, our understanding is largely
based on laboratory studies conducted with visual objects and
across training paradigms that involve explicit
categorization. Typically, participants are aware that the
objects should be sorted, they make overt category decisions,
and receive feedback that directs their future decisions. This
classic approach has provided a rich and informative
literature characterizing category learning (Ashby &
Maddox, 2005 for review). Nonetheless, results obtained
across overt training with visual objects may not generalize,
broadly, across other perceptual modalities or in natural
environments that do not provide explicit training.
Indeed, category learning in natural environments often
occurs under less explicit conditions, without instructions to
search for category-diagnostic dimensions, overt category
decisions or experimenter-provided feedback. These
differences from category learning in the lab create a
disconnect with ecological validity and may be important in
that the stimulus structure, task, and timing of feedback are

known to have an important influence on the mechanisms that
are recruited for category learning (e.g., Ashby, Maddox, &
Bohil, 2002; Maddox & David, 2005).
In the auditory domain, there has been some progress in
developing new approaches to studying category learning
with tasks that do not involve overt category decisions or
explicit feedback about these decisions. In these incidental
category learning studies, sound categories are learned by
virtue of their relationship to success in performing a task
defined along other, largely visuomotor, dimensions.
Although participants do not overtly search for dimensions
diagnostic to category membership and do not receive
explicit feedback, this learning is neither passive, nor entirely
unsupervised or feedback-free (Gabay et al., 2015; Lim et al.
2011; see Seitz et al., 2010; Vlahou et al. 2012). Incidental
learning is thus distinct from unsupervised learning in that
feedback is present. Unlike explicit category learning, this
feedback is not directly related to category decisions, but
rather is provided via elements that are statistically associated
with the categories.
For example, in a task developed by Wade and Holt (2005),
the objective is to navigate a space-themed videogame
environment, targeting approaching aliens with a laser.
Participants are instructed only in how to maneuver in the
game. They are not overtly encouraged to form audio-visual
or audio-motor associations and they are not told the
significance of the sounds, which are embedded in a more
complex soundscape. The videogame task is largely
visuomotor, but it is organized in such a way that sound
category learning can support successful navigation.
Specifically, each alien creature is associated with multiple,
acoustically-variable sounds drawn from an auditory
category. When an alien appears in the videogame, an
associated sound-category exemplar is repeatedly played. As
players advance to higher levels, the pace of play becomes
more challenging and there is increasing opportunity for the
sound categories to support behavior in the primary game
navigation task because participants can hear an approaching
alien before seeing it. Thus, there is an advantage in learning
to categorize across the acoustically-variable sounds
associated with specific aliens. Indeed, participants quickly
learn both novel artificial nonspeech auditory categories
(Wade & Holt, 2005; Lim, Lacerda, & Holt, 2015) and also
non-native speech categories (Lim & Holt, 2011; Lim et al.
2015) and generalize this learning to novel category
exemplars in a post-game overt labeling task in which novel
sounds are matched with alien creatures. Successful
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incidental auditory category learning engages putatively
speech-selective left posterior superior temporal cortex for
newly-learned nonspeech categories (Leech, Holt, Devlin &
Dick, 2009) and warps perceptual space in a manner akin to
speech category acquisition (Liu & Holt, 2011).
Although other-worldly, this task’s demands more closely
approximate those of learning in a natural environment than
traditional explicit or passive-exposure learning paradigms
because sound categories are associated with behaviorallyrelevant events and actions. This laboratory-based paradigm
captures some of the incidental nature of learning categories
in more natural environments. Yet, a trade-off is that it is
difficult to uncover which of its many elements are
responsible for driving learning.
Recognizing this constraint, Gabay, Dick, Zevin, and Holt
(2015) developed a highly simplified task that includes some
aspects of the videogame that may be important in driving
incidental learning. In the Systematic Multimodal
Association Reaction Time (SMART, Figure 1) task
participants rapidly detect the appearance of a visual target in
one of four possible screen locations and report its location
by pressing a key corresponding to the visual screen position.
Critically, a brief sequence of sounds precedes each visual
target. Unknown to participants, the sounds are drawn from
one of four distinct sound categories (Figures 1a, 2). There is
a multimodal (auditory-category to visual-location)
correspondence that relates variable sound category
exemplars to a consistent location into which a visual object
will appear (Figure 1b). This mapping is many-to-one, such
that multiple, acoustically-variable sound category exemplars
are associated with a single visual location. Likewise, sound
categories are predictive of the action required to complete
the task. In the training blocks (Figure 1d), the categories
perfectly predict the location of the upcoming visual
detection target and the corresponding response button to be
pressed. Thus, learning to treat the acoustically-variable
sounds as functionally equivalent in predicting the upcoming
visual target location may facilitate visual detection without
requiring overt sound categorization decisions or even
awareness of category structure. Participants are not
instructed about the utility of the sounds and the many-to-one
association of sounds to locations prevents simple auditoryvisual associations from driving behavior.
Category learning can be measured covertly online during
the SMART task because the fourth block of trials destroys
the association between auditory category and visual location
(Figure 1d). If participants incidentally learn sound
categories to support quick detection of the visual target then
we expect visual detection to be slower in the test block
relative to the training block that preceded it – a reaction time
cost (RT Cost). Additionally, an overt sound categorization
post-test follows the SMART task. In the post-test,
participants hear novel sound exemplars drawn from the
sound categories and guess the location where the visual
target would be most likely to appear; no visual targets appear
and there is no feedback about the correctness of responses.
This provides a measure of generalization, a hallmark of

Figure 1. Overview of SMART Paradigm. (A) Four
auditory categories are defined by multiple exemplars, see
Figure 2. (B) Each category is associated with a particular
visual target location. (C) In Gabay et al., (2015), participants
indicate the target location with a key press. In Experiment 1,
participants indicate target color with a keypress. (D) Blocks
include a Test Block in which the category-to-location
association is destroyed, and an overt labeling post-test
follows SMART training.
robust category learning. It also requires that participants
transfer learning to an explicit task that differs from the
incidental SMART learning context.
Note that although SMART shares some characteristics
with a traditional procedural learning paradigm, the serial
reaction time (SRT) task (Nissen & Bullemer, 1987),
SMART – at least as described above – measures category
learning, not sequence learning; there are no embedded
sequences. SRT and SMART share the fact that participants
are not alerted to a regularity in the training stimuli. This is
done to promote incidental learning conditions, although
there is a good deal of debate about the extent to which such
tasks may be implicit (Shanks, 2003).
Gabay et al. (2015) examined nonspeech auditory category
learning in the simplified SMART paradigm across the same
sound exemplars employed by Wade and Holt (2005) in the
incidental videogame paradigm. Although the task was a
simple visual detection, participants nonetheless learned the
auditory categories. Destroying the association between the
sound categories and the upcoming location of the visual
target resulted in a significant reaction time cost, indicative
of a reliance on auditory categorization to facilitate speedy
visual target detection. Moreover, this learning generalized to
labeling novel auditory exemplars in the post-training test.
Here, we pursue the implications of the Gabay et al. (2015)
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results to better understand the factors that drive incidental
category learning. Specifically, we explore the necessity of
the category-to-location correspondence (Experiment 1) and
the association of the categories with distinct response
alternatives (Experiment 2).

Experiment 1
In the SMART task category membership of the sounds
presented prior to the target predict the location of the
upcoming visual target (Gabay et al., 2015). Participants
report the specific location of the visual target with a unique
keypress such that each of four fingers on the dominant hand
is associated with a unique visual location. This establishes a
situation in which the auditory categories are associated with
the visual characteristics of a trial (target location), as well as
the response (finger reporting location). Experiment 1 tests
which of these factors supports incidental category learning
by decoupling the link between the category-location
association of auditory-visual stimuli and the categoryresponse association of auditory categories to motor
responses.

Methods
Participants Twenty-four young adult participants were
recruited from Carnegie Mellon University or the Pittsburgh
community. They received course credit or a small payment
for their time. All participants had normal or corrected-tonormal vision and reported normal hearing.
Stimuli The auditory categories were defined by nonspeech
sound exemplars identical to those used by Gabay et al.
(2015), as originally developed by Wade and Holt (2005) and
illustrated in Figure 2. These sounds have some of the
spectrotemporal complexity of speech but are unequivocally
nonspeech owing to their noise and square wave sources. Six
unique exemplars from each category were used in SMART
training; an additional 5 novel exemplars were withheld from
training for use in testing generalization of category learning
at post-test. Two categories were defined by a simple acoustic
cue (up- or down-sweep in frequency of a higher-frequency
component, Figure 2a and 2b). The other two categories were
defined in a more complex, higher-dimensional perceptual
space (no single acoustic cue uniquely defined category
membership, Figure 2c and 2d). Each exemplar was 250 ms
in duration and exemplars were matched in RMS amplitude.
Procedure In large part, the procedure followed the SMART
paradigm of Gabay et al. (2015), as described above. As in
Gabay et al. the sound categories predicted the upcoming
location of the visual target (as in Figure 1b). However,
instead of a single visual target (red ‘X’) as in Gabay et al.,
Experiment 1 included four distinct visual targets
distinguished by color (red, blue, green, and yellow ‘X’
targets). Instead of responding to indicate target location,
participants responded to the target color using a standard
keyboard (u, i, o, p keys) with colored stickers to facilitate
the color-response mapping (Figure 1c). Each of the

Figure 2. Auditory Categories. Each higher-frequency
(colored) component is paired with the lower-frequency
(grey) component to create 6 category exemplars for
training. The 5 generalization exemplars are not pictured.
distinctly-colored targets appeared in each location with
equal probability. Whereas sound categories perfectly
predicted the location of an upcoming target, they did not
predict the appropriate color response.
This manipulation decoupled the association of auditorycategory to visual-location from the response mapping. If an
auditory-visual association (category-to-location) is
sufficient to drive incidental category learning then we expect
to observe learning compatible with the results of Gabay et
al. However, if the mapping to the overt response is an
important contributor to learning, then the decoupling of
auditory categories to response should eliminate or reduce
incidental auditory category learning.
On each trial, five distinct 250-ms sound exemplars drawn
from one of the four auditory categories were presented (0 ms
ISI, 1250 ms total duration) preceding presentation of the
visual target. Thus, training trials involved within-category
variability of sound exemplars, similar to an approach
producing robust learning in the Gabay et al. (2015) studies.
Reaction time was measured from the onset of the visual
target to the keypress.
After 8 practice trials (in which sound categories did not
predict target location), participants completed 5 blocks of
the SMART task. The first three blocks were each composed
of 96 trials (4 categories x 6 exemplars x 4 repetitions) for
which the preceding sound exemplars’ category membership
perfectly predicted the location at which the visual target
would appear (but not the color response). The location-tocategory relationship was destroyed in the fourth block;
sound categories were randomly assigned to visual target
location across 48 trials. In the final, fifth, 96-trial block the
category-to-location association present in the first three
blocks was restored. Participants are not alerted to the
relationship of the sounds to the task and the acoustic
variability among within-category sound exemplars assured
that there was no simple sound-location or sound-color
association. Participants were encouraged to take brief, selfpaced breaks between blocks.
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significant RT Cost from Block 3 to Block 4 (t(23)=0.126,
p=.901; mean Block 3, 662.1 ms, S.E.=21 ms; mean Block 4,
662.8 ms, S.E.=23 ms). Category learning was not evident in
the RT Cost measure.
Overt Labeling In a similar manner, there was no evidence
of category learning in the overt labeling task. Participants
were unable to guess the location of an upcoming target based
on sound category exemplars. As shown in Figure 4, labeling
accuracy was no different from chance, t(23)=.531, p=.60.
This was true for both categories defined by a simple
unidimensional cue, t(23)=1.094, p=.285, and also for more
the categories defined by a more complex, multidimensional
pattern of cues, t(23)=-.192, p=.849.

Summary
Figure 3. Target Detection RT. (A) Experiment 1, no RT
Cost. (B) Experiment 2, RT Cost. Error bars are standard
error of the mean.

Gabay et al. (2015) reported robust incidental auditory
category learning across the same stimuli and largely the
same SMART paradigm employed here. Participants in
Experiment 1 experienced the same category-to-location
relationship effective in driving incidental category learning
in the Gabay et al. studies. Only the nature of response,
differed. In Experiment 1, decoupling the response (to color)
from the predictive category-to-location association resulted
in no evidence of category learning the covert or overt tasks.

Experiment 2
The results of Experiment 1 suggest that the alignment of the
response with the auditory-visual association is essential in
driving incidental category learning. If this is the case, then
incidental auditory category learning should be reinstated by
aligning the auditory-visual association with the color
response. To test this, participants in Experiment 2 responded
to the color of the visual target, as in Experiment 1. However,
here, the auditory categories predicted visual target color
(and therefore response) rather than location (see Figure 5).
We predict that reinstating the predictive association between
auditory categories and response along the color dimensions
will result in incidental auditory category learning.

Figure 4. Mean accuracy in the overt labeling post-test.
Plotted as a function of unidimensional versus
multidimensional categories in Experiment 1 and
Experiment 2. Chance performance is 0.25, error bars are
standard error of the mean.

Methods

Results
Reaction Time (RT) Cost Examination of reaction time to
respond to the visual target’s color in Block 4, within which
the relationship of the sound category to the visual location
experienced across the first three blocks is disrupted by
randomization, compared to Block 3 provides a covert
measure of the extent to which categorization supports
performance in the SMART task, without requiring an overt
categorization decision. If participants learned the categories
sufficiently to predict the location of the upcoming target,
they should be slower during the random Block 4.
Trials for which there was a visual detection error (4.6% of
trials) or reaction times shorter than 100 ms or longer than
1500 ms (2.7% of trials) were excluded from analyses.
Figure 3a plots RT as a function of SMART task block.
Consistent with what is apparent visually, there was no

Participants Twenty-one young adults, recruited in the
manner of Experiment 1, participated.
Stimuli The stimuli were identical to those of Experiment 1.
Procedure The procedure was the same as Experiment 1,
except that the sound categories predicted which color would
be associated with the upcoming visual target instead of
which location would be associated with the target.
Participants responded based on color and so, unlike
Experiment 1, the auditory-visual association was aligned
with response, as in Gabay et al. (2015).
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category learning or generalization, participants in
Experiment 2 exhibited evidence of learning in both covert
and overt measures of categorization. What differed across
experiments was the relationship of participants’ response
(visual target color identification) to the auditory categories.
In Experiment 1, auditory categories predicted visual target
location, but not the response dimension color, and led to no
learning. When auditory categories predicted the visual target
dimension associated with response, learning was evident in
Experiment 2. Thus, incidental auditory category learning
appears to be driven more so by the relationship of auditory
categories to responses than of experienced statistical
regularities across auditory-visual modalities.

General Discussion

Figure 5. Paradigm, Experiment 2. (A) Four auditory
categories as in Gabay et al. (2015). (B) Here, each category
is associated with a particular visual target color (blue,
yellow, red, green) appearing equally often at each location.
(C) In Experiment 2, participants indicate target color. (D)
Training and testing as Experiment 1.

Results
Reaction Time (RT) Cost Figure 3b plots RT as a function
of SMART task block. Trials for which there was a visual
detection error (4.5% of trials) or for which reaction time was
shorter than 100 ms or longer than 1500 ms (2.4% of trials)
were excluded from analyses. In contrast to Experiment 1,
there was a significant RT Cost from Block 3 to Block 4,
t(20)=2.66, p=.015; mean Block 3, 567.4 ms, S.E. 30 ms;
mean Block 4, 625.5 ms, S. E., 23 ms).
Overt Labeling The right panel of Figure 4 plots the
proportion of correct responses in the overt labeling task. In
contrast to Experiment 1, participants successfully
generalized category learning from the SMART task to label
novel sound category exemplars according to the expected
color of a visual target, t(20)=4.420, p=.00026. Accuracy was
above chance for both unidimensional categories, t(20)=4.73,
p=.0001, and multi-dimensional categories, t(20)=3.294,
p=.004.
Summary Experiments 1 and 2 were highly similar.
Participants experienced the same sound category exemplars,
with the same number of trials and repetitions. They
performed exactly the same visual task – reporting the color
of the visual target – under the same task demands. Yet,
whereas participants in Experiment 1 exhibited no auditory

Category learning is a central cognitive process required in
everyday behaviors. It involves learning to treat perceptually
distinct objects and events as functionally equivalent. In
contrast to overt training in laboratory studies, category
learning in the world often proceeds under conditions in
which learners do not have instructions to search for
category-relevant information, do not make overt category
decisions, and do not experience feedback directly.
Complementing earlier studies (Wade & Holt, 2005; Lim &
Holt, 2011; Liu & Holt, 2011; Gabay et al. 2015), the present
results emphasize that participants can incidentally learn
perceptual categories as they undertake seemingly unrelated
tasks, if the task demands of the primary task align with the
structure of the categories.
The differences in learning observed across Experiments 1
and 2 help to delineate the nature of these task demands.
Participants in Experiments 1 and 2 had largely the same
experience. The stimuli were identical and presented equally
often thereby equating stimulus experience. The training
protocol was nearly equivalent. The mode of response was
identical, as was the visual display of targets. Yet, when the
behavioral responses were decoupled from the category-tolocation association experienced in the primary visual
detection task, there was no learning. Reinstating this
coupling by introducing category-to-color association and
requiring color responses led to learning.
This begs the question of whether unique category-toresponse mappings (e.g., distinct fingers on distinct keys) are
fundamental to binding acoustically variable sounds together
to form new categories through incidental learning. Such a
view would resonate with dual systems theories of category
learning across explicit training that posit engagement of an
implicit, or reflexive, system that is sensitive to response
mappings (Ashby & Maddox, 2005). Even so, it is important
to point out that Wade and Holt (2005) observed robust
incidental category learning across the same auditory
categories as the present study in a videogame paradigm that
did not involve distinct motor responses for each category.
Thus, unique mappings may support incidental auditory
category learning, without being obligatory. It is possible that
additional associations of the categories to behaviorallyrelevant actions in the videogame supported learning in that
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paradigm. Further research will be needed to characterize
additional contributors.
Finally, it is useful to consider these results in the context
of passive, ‘statistical’ learning. Learning via mere exposure
to distributions of category exemplars has often been taken to
be a more ecologically-realistic alternative to learning from
overt training with feedback and, indeed, under some
circumstances category learning appears to proceed via mere
exposure (e.g., Maye, Werker, & Gerken, 2002). In this
regard, the substantial differences in learning observed across
Experiments 1 and 2 are notable since the studies had highly
similar tasks and shared identical stimuli. Observance of
learning in Experiment 2, but not in Experiment 1, argues
against the possibility that the category learning observed in
Experiment 2 arose from passive exposure to the exemplars.
This conclusion aligns with findings from previous studies
utilizing the same nonspeech sounds as the present
experiments, but in passive-exposure, ‘statistical learning’
paradigms (Emberson, Liu, & Zevin, 2013; Wade & Holt,
2005). In these studies, the multidimensional categories welllearned in Experiment 2 were not acquired via passive
exposure, at least for exposure durations on par with the
duration of training examined in the present experiments.
In this regard, incidental learning may be lie between overt
training with feedback and mere exposure. It is active, rather
than passive, but does not involve overt category decisions or
feedback about categorization responses. Just as, in realworld environments, learners are typically active and can
capitalize on rich multimodal associations existing between
category exemplars with other objects and events, and their
own behaviors, the supportive associations involved in
incidental learning tasks may serve to hasten category
learning that is difficult through mere exposure.
The SMART paradigm (Gabay et al. 2015), and even the
videogame it models (Wade & Holt, 2005), are highly
simplistic compared to the supportive multimodal
correlations potentially available in the natural perceptual
world. But, the present results suggest that the presence of cooccurring visual referents and actions may support category
learning in the context of auditory category learning by
signaling the distinctiveness of acoustically-similar items
across referents or the similarity of acoustically-distinct
exemplars paired with the same referent. Gabay et al. (2015)
referred to these associations as the ‘representational glue’
that binds exemplars together in category learning. The
present studies further clarify this by demonstrating that it is
the association of category exemplars with a consistent
response that is effective in supporting category learning.
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Abstract

Matsuka, 2014; Keren, 2007; McKenzie & Nelson, 2003;
Sher & McKenzie, 2006, 2008). In this article, we discuss
the cognitive processes of speakers’ choice of frame. Particularly, we focus on speakers’ choice of frame based on a
reference point.

Previous studies have shown that when choosing one of the
logically equivalent frames (e.g., “half full” or “half empty”),
speakers tend to choose one based on a reference point. For
example, when the amount of water in a glass with 500ml capacity was originally 0ml (or 500ml) and then increased (or
decreased) to 250ml, speakers tended to express the content
of water in the glass as “half full” (or “half empty”). We examined why speakers chose one of the logically equivalent
frames. In addition, we examined whether an irrelevant reference point affected speakers’ choice of frame. In order to examine these two issues, we conducted three behavioral experiments using a frame choice task. Specifically, participants
were presented with a task-relevant (story-based) or taskirrelevant (prime-based) reference point and then asked to
choose a frame. Following this, they were asked to reveal the
reason for the frame choice. Our findings were summarized
with the following two points. First, when reference points
were task-relevant, many participants chose a frame based on
the reference point with explicit reason. Second, even when
reference points were task-irrelevant, they affected frame
choices and almost all of our participants did not report the effect of the irrelevant reference point. These results indicate
that the effect of reference points on frame choices is robust
and that people do not always notice the effect.

Speakers’ choice of frame: Reference point–based
framing

Keywords: frame choice; reference point hypothesis; reference point

Introduction
Since Tversky and Kahneman (1981) first documented
framing effects, many researchers have examined their
mechanisms from several perspectives (e.g., Keren, 2011;
Kühberger, 1998; Levin, Schneider, & Geath, 1998; Soman,
2004). Most previous studies have examined how differences in framing (i.e., difference in expression) influence
people’s psychological processes, such as decisions, judgments, or evaluations. In contrast, other recent research has
discussed how speakers frame outcomes (e.g., Honda &

McKenzie and colleagues proposed the reference point hypothesis in order to explain frame choice behavior (McKenzie & Nelson, 2003; Sher & McKenzie, 2006, 2008). According to Sher and McKenzie (2006, p. 471), the reference
point hypothesis states that in describing a fixed state of
proportionate affairs, speakers are more likely to describe
the proportion in terms of “X1” when X1 has increased relative to the reference point (the norm, or what one would
have expected) than when X1 has decreased relative to the
reference point. Imagine a glass with a capacity of 500ml
that contains 250ml water. The reference point hypothesis
predicts that people tend to describe the content of the glass
as “half full” when the glass previously contained 0ml rather
than when it previously contained 500ml. In contrast, people
prefer the expression, “half empty,” when the glass previously contained 500ml than when it previously contained
0ml. In other words, a certain frame is chosen in one situation (i.e., when the proportion denoted by the frame is increased relative to a reference point) more often than in the
other situation (i.e., when the proportion denoted by the
frame is decreased relative to a reference point).
The reference point hypothesis states that people
choose one of the logically equivalent frames based on a
reference point. McKenzie and Nelson (2003) as well as
Sher and McKenzie (2006; see also Honda & Yamagishi,
2017; Keren, 2007; Juanchich, Teigen, & Villejoubert,
2010; Moxey & Sanford, 1993a, 1993b; Teigen & Karevold,
2005) showed that speakers’ verbal behaviors were well
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explained in terms of the reference point hypothesis in the
context of conveying quantitative information.

Does a speaker choose a frame based on the reference point with explicit reason?
Previous studies have examined the reference point hypothesis from various perspectives and found that a wide range
of speakers’ verbal behaviors can be explained in terms of
the reference point hypothesis. In other words, when people
choose one of the logically equivalent frames in communicating information about quantity, they focus on the change
in quantity from the reference point to the present situation.
However, we raise the following research question:
Does a speaker report that s/he chose a “full” (or “empty”)
frame because s/he notices that the amount of water has
increased (or decreased) compared to the reference point?
No previous studies have examined this topic in detail.
In particular, the following two points have not
been clarified previously. First, previous studies have not
directly examined the reason why a speaker chooses a particular frame. So far, researchers have mainly examined the
effect of reference points on frame choice by manipulating
the reference point. In other words, previous studies have
mainly analyzed frame choice behaviors. However, to the
best of our knowledge, no studies have directly examined
the reason why a speaker chooses one of the logically
equivalent frames.
Second, previous studies have not examined what
kind of reference point affects speakers’ choice of frame.
They have only examined how a task-relevant reference
point (i.e., a change in quantity from the reference point that
is unequivocally important information in the situation) affects speakers’ choice of frame. These findings indicate that
a speaker tends to focus on the reference point in a communicative situation. Furthermore, many studies on judgment
and decision making have shown that reference points play
an important role in human decisions, judgments, and evaluations (e.g., Allen, Dechow, Pope, & Wu, 2017; Kahneman & Tversky, 1979; Tversky & Kahneman, 1992). Given
that reference points affect various aspects of cognitive processes, even irrelevant reference points in a communicative
situation may affect the speaker’s choice of frame. Furthermore, the speaker may not notice the effect of the irrelevant
reference point on her/his choice of frame.
On the basis of these considerations, we examined
the following two aspects in the present study. First, we
examined the reason a speaker gave for choosing one of the
logically equivalent frames. We did so by directly asking
participants why they chose one of the logically equivalent
frames. Second, we examined whether a task-irrelevant reference point affected the speakers’ frame choice.
In order to examine these two aspects, we conducted three behavioral experiments. In the following sections,
we shall report the results of these experiments.

Experiment 1
In Experiment 1, we used the same experimental paradigm
as that used by McKenzie and Nelson (2003). In particular,
participants were presented with the reference point through
a cover story and asked to choose one of the logically
equivalent frames. As a new experimental procedure in the
present study, participants were also asked to reveal the reason why they chose the frame. In this task, the presented
reference point was relevant information in the communicative situation. We examined whether participants chose a
frame based on task-relevant information about the reference point with explicit reason.

Method
Participants Two hundred Japanese (Mage = 43.75, SDage =
8.69) participated in this experiment. They were recruited
via a website and randomly assigned to one of the two
groups (low or high reference point group).
Task, materials, and procedure Participants were asked to
make a frame choice and reveal the reason for their choices.
In the frame choice, we presented the following cover story
according to McKenzie and Nelson (2003):
A glass with 500ml capacity in front of
you is filled with 0ml water. You then
leave the room briefly and come back in
10 minutes to find that the water is now
at the 250ml water. What is the most
natural way to describe the glass now?
Then, participants were asked to choose which frame was
more natural, “The glass is half full” or “The glass is half
empty.” This cover story was used for the low reference
point group. For the high reference point group, the first
sentence was “A glass with 500ml capacity in front of you is
filled with 500ml water.” After the frame choice, participants were asked to answer why they chose the frame.

Results and discussion
The left panel of Figure 1 shows the result of frame choice.
It was found that participants in the low reference point
group chose the full frame more than those in the high reference point group (χ2(1) = 7.64, p < .01, h = 0.42). This result
was consistent with the prediction of the reference point
hypothesis.
As for the choice reason, we examined whether it
was consistent with the reference point hypothesis for frame
choices that were in accordance with its prediction (i.e., full
frame choice for the low reference point group and empty
frame choice for the high reference point group). In this
examination, two independent evaluators, who did not know
the goal of the present research, were first instructed about
the reference point hypothesis. They then checked whether
each description was consistent with the reference point–
based frame choice. Inconsistent evaluations were resolved
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served as a task-irrelevant reference point. Then, they were
asked to make a frame choice and reveal the reason why
they chose the frame.

Method
Participants One hundred and fifty Japanese (Mage = 44.44,
SDage = 8.28) participated in this experiment. They were
recruited via a website and randomly assigned to one of the
two groups (low or high reference point group).
Tasks, materials, and procedure We conducted three
tasks: a priming task, a frame choice task, and a reason description task. In the priming task, participants were presented with one of the pictures shown in the Appendix and
asked to estimate how much water was in the glass. For this
task, the instruction was: “The glass with 500ml capacity
contains some water. Please estimate how much water the
glass has.” After finishing the estimation, participants were
presented with a picture of the glass (see the bottom panel in
Appendix) and asked to choose the frame that naturally described the content of water. The instruction was:
Here, a glass with 500ml capacity in
front of you is filled with 250ml water
as in the picture. What is the most natural way to describe the glass now?
Participants were asked to choose one of the two frames:
“The glass is half full” or “The glass is half empty.” The
instruction did not reveal anything about the relationship
between the two pictures (i.e., the picture presented in the
priming task and the picture in the frame choice task). Thus,
the picture presented in the priming task was an irrelevant
reference point to infer the previous amount of water in the
glass used in the frame choice task. After the frame choice,
participants were asked to reveal why they chose the frame.

Figure 1. Proportions of frame choice (i.e., “half full” or “half
empty”).

Figure 2. Proportions of frame choice reason for which participants revealed the reference point. The dotted line denotes
the mean proportion along the two groups.

between the evaluators1. The accordance rate of the two
evaluators was 97.4%.
The left panel of Figure 2 shows the proportions of
reference point–based frame choice. We found that the proportions differed between the full and empty frame choices
(χ2(1) = 14.15, p < .001, h = 0.79). In total, around 50% of
participants stated that their choices were based on the reference point.
Taken together, we found that for the task-relevant
reference point presented through the cover story, around
50% of the participants who chose the frame consistent with
the prediction of the reference point hypothesis stated that
their choice was based on the reference point. In other
words, in many cases, participants chose a frame based on
the reference point with explicit reason.

Experiment 2
In Experiment 2, we examined whether a task-irrelevant
reference point affected frame choice. Participants were
presented with a reference point in a priming task, which
1

We evaluated the choice reason results using the same procedure in Experiments 2 and 3.

Results and discussion
First, we checked whether the manipulation of the priming
task worked as we expected. The means of estimation of
water were 87.6 (SD = 73.7) and 457.1 (SD = 65.6) for low
and high reference points, respectively. These estimations
significantly differed (t(148) = 32.5, p < .001, d = 5.30).
Thus, the priming task successfully worked as we expected.
The middle panel of Figure 1 shows the result of
frame choice. It was found that participants in the low reference point group chose the full frame more than those in the
high reference point group (χ2(1) = 4.61, p < .05, h = 0.38).
This result was consistent with the prediction of the reference point hypothesis, indicating that the task-irrelevant
reference point affected the frame choice.
As in Experiment 1, we examined whether choice
reason was consistent with the reference point hypothesis
for frame choices that were in accordance with its prediction.
The accordance rate of the two evaluators was 100%. The
middle panel of Figure 2 shows the proportions of reference
point–based frame choice reason. We found that none of the
participants stated that their choices were based on the reference point (i.e., irrelevant prime), suggesting that they did
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not notice the effect of the irrelevant reference point on
frame choice.
Taken together, we found that the task-irrelevant
reference point presented in the priming task affected frame
choice. More importantly, we also found that none of the
participants reported its effect. These results indicated that
although participants chose a frame based on some reason,
they did not report the effect of the irrelevant reference
point, which represents a lack of awareness about its effect
(Payne, Brown-Iannuzzi, & Loersch, 2016).

Experiment 3
In Experiment 2, we showed that a task-irrelevant reference
point affected the subsequent frame choice. While presenting the irrelevant reference point (i.e., priming task), participants were asked to estimate the amount of water. Thus, a
numerical estimation of the amount of water might have
played the role of a reference point, thereby affecting the
frame choice.
Previous studies have shown that a precedent numerical stimulus, or anchor, affects subsequent numerical
estimation (e.g., Tversky & Kahneman, 1974). Thus, the
priming task in Experiment 2 (i.e., the numerical estimation
of the amount of water in a glass) might have affected the
subsequent frame choice because of the precedent numerical
estimation. In Experiment 3, during the presentation of the
task-irrelevant reference point, participants were asked to
indicate their preference. That is, they did not have to give
any numerical estimation in the priming task. We examined
whether the task-irrelevant reference point affected the
frame choice in the procedure wherein numerical estimation
was not required.
Participants Two hundred and forty Japanese (Mage = 46.85,
SDage = 8.23) participated in this experiment. They were
recruited via a website and randomly assigned to one of the
two groups (low or high reference point group).
Tasks, materials, and procedure We conducted the same
tasks following the same procedure as in Experiment 2.
However, we conducted a different priming task. In Experiment 3, participants were presented with one of the pictures
shown in the Appendix and were asked how much they
liked it. They revealed their preference with “I like,” “Neither like nor dislike,” or “I don’t like.” Thus, unlike the procedure in Experiment 2, participants were not asked to make
a numerical estimation, but were only asked to indicate their
preference for the picture.

more than those in the low reference point group (we discuss the effect of preference on frame choice later).
The right panel of Figure 1 shows the result of
frame choice. It was found that participants in the low reference point group chose the full frame more than those in the
high reference point group (χ2(1) = 7.57, p < .01, h = 0.38).
This result was consistent with the prediction of the reference point hypothesis. As in Experiment 2, the taskirrelevant reference point affected the frame choice. Note
that, as we mentioned above, participants were not asked to
make numerical estimations in the priming task. Thus, these
results indicated that it was not the difference in numerical
estimation, but the change in the amount of water from the
picture in the priming task to that in the frame choice task
that was the influencing factor for the difference in frame
choice.
As described above, preference for pictures unexpectedly differed between the two groups. We examined
whether the preference was related to frame choice. Figure 3
shows the frame choice as a function of preference for a
presented picture in the priming task. We found that preference for pictures did not significantly affect frame choice
(χ2(2) = 0.244, p = .89, φc = 0.02), indicating that the significant difference in frame choice between the two group did
not derive from the difference in preference for the presented pictures.
As with our previous experiments, we examined
whether choice reason was consistent with the reference
point hypothesis for frame choices that were in accordance
with its prediction. The accordance rate of the two evaluators was 97.9%, and inconsistencies were resolved between
them. The right panel of Figure 2 shows the proportions of
reference point–based frame choice. Six participants (two
from the low and four from the high reference point group;
in total 4%) stated that their choices were based on the presented picture in the priming task (e.g., “In the comparison
of the picture presented before, the amount of water increased. The amount of water has changed into the full direction, so it means that the content of glass has become
full”). However, most participants did not state the effect of

Results and discussion
First, we examined whether there was a difference in preference for pictures between the two groups. Proportions of
preference for “I like,” “Neither like nor dislike,” and “I
don’t like” were 0.095, 0.776, and 0.129 for the low reference point group, and 0.274, 0.613, and 0.113 for the high
reference point group, respectively. There was a significant
difference in preference for pictures between the two groups
(χ2(2) = 12.72, p < .01, φc = 0.16). Unexpectedly, participants in the high reference point group preferred the picture
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Figure 3. Results of frame choice in Experiment 3 as a function of preference for the pictures presented in the priming
task.

the task-irrelevant reference point on their frame choice.
Taken together, the results of Experiment 3 were
basically consistent with those of Experiment 2. It was
found that the task-irrelevant reference point presented in
the priming task affected frame choice. Thus, the findings in
both Experiments 2 and 3 indicated that, regardless of the
kinds of priming tasks (i.e., whether or not participants were
asked to make numerical estimations), the task-irrelevant
reference point affected the subsequent frame choice. Furthermore, as in Experiment 2, although participants chose a
frame based on some reason, they did not report the effect
of the irrelevant reference point.

General discussion
We conducted three behavioral experiments and examined
the following two issues: First, we examined the reasons
that participants reported for their frame choice. Second, we
examined whether task-irrelevant reference points (in the
present study, we used the priming paradigm) affected
frame choice. We found that when a reference point was
task-relevant (i.e., when the content of the target glass for
the frame choice task changed from the reference point), the
reference point affected participants’ frame choices, and
participants stated that they made the frame choice based on
the reference point. This result suggests that when a taskrelevant reference point is presented, frame choice based on
the reference point is made with explicit reason. More importantly, we also found that a task-irrelevant reference
point, which was presented in the priming task, affected the
frame choice and that participants did not realize its effect.
The present findings have important implications
for the following two points. First, the effect of reference
points on frame choice is highly robust, and even irrelevant
reference points can affect frame choice behaviors. As we
discussed, reference points play an important role in people’s judgments and decision making. Our findings indicate
that reference points widely affect people’s cognitive processes. Second, a speaker may choose a frame based on factors of which s/he is not aware. Previous studies have shown
that chosen frames can become important linguistic cues by
which listeners can infer background information such as
situational shifts (e.g., difference in the amount of water) or
speakers’ trust (Keren, 2007; Sher & McKenzie, 2006).
Such effective inferences can be achieved since listeners
understand linguistic rules (e.g., when speakers prefer “full”
frames) and make inferences based on the rules. However,
our findings imply that speakers may be affected by the irrelevant information in the communicative situation without
being aware of its effect. Thus, in future research, it is necessary to examine whether listeners can distinguish the informativeness of linguistic cues (e.g., whether a speaker’s
choice is based on a relevant or an irrelevant frame) to
achieve effective communication.
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Appendix: Pictures presented in Experiments 2 and 3.
Experiment 2.
The left (right) picture was presented to the low (high) reference point group.

Experiment 3.
The left (right) picture was presented to the low (high) reference point group.

Picture presented in the frame choice task in Experiments 2 and 3.
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Abstract

properties are often the result of deliberation (Hussak &
Cimpian, 2017).
Several lines of research corroborate the inherence bias in
explanatory reasoning (Cimpian, 2015). Yet, the account
does not explain why reasoners appear to prioritize certain
inherent properties (e.g., tartness) over others (Strevens,
2014): lemonade is often cold and sweet, for instance, but
reasoners tend not to appeal to those properties in their initial
explanations. In what follows, we propose a novel account of
why people construct initial explanations from only a subset
of the inherent properties in memory. We then describe two
studies that corroborate the account.

When reasoners explain everyday patterns and observations,
they tend to generate explanations based on inherent properties
of the observations (Cimpian & Salomon, 2014). Cimpian
(2015) and his colleagues hypothesized that inherent properties
permit rapid explanation, but the mechanism by which
reasoners rapidly build explanations remains unclear. Any
given concept may relate to innumerable inherent properties,
and no theory explains how reasoners avoid protracted
searches through semantic memory. Prasada and colleagues
(2013) describe a novel conceptual framework that
distinguishes between principled and statistical inherent
properties. Here, we argue that the framework can resolve the
predicted link between rapid explanation and the inherence
bias. Two studies provide evidence that people systematically
prefer principled inherent explanations. The finding allows for
an integrated, mechanistic account of how reasoners generate
explanations in which a preference for inherent explanations
emerges from a preference for principled connections.
Keywords: inherence bias, principled
explanation, reasoning, dual-processes

The representation of conceptual knowledge

connections,

Introduction
People have the remarkable ability to rapidly produce
explanations of complex observations (e.g., Cimpian &
Salomon, 2014; Hussak & Cimpian, 2017). When tasked
with explaining everyday patterns in the world, people can
quickly come up with plausible explanations of why these
patterns come about. For instance, how would you explain
why people drink lemonade in summer? The explanation
reasoners often generate is that the drink is tart, which makes
it refreshing. The explanation seems sensible (Hyde &
Pangborn, 1978) and simple enough for people to
comprehend. Yet, it is neither comprehensive nor accurate.
The “tartness” explanation doesn’t explain why people drink
lemonade and not other tart beverages in the summer. An
alternative explanation is that marketing campaigns caused
the popularity of lemonade, but people tend not to consider
such explanations at the outset. Why do people generate
sensible but inaccurate explanations? A recent proposal
argues that reasoners build initial explanations from
restricted and biased retrievals from semantic memory
(Cimpian & Salomon, 2014; Hussak & Cimpian, 2017;
Tworek & Cimpian, 2016). Those biases produce memories
that reference a concept’s inherent properties (e.g., the taste
of lemonade) instead of its extrinsic properties (e.g.,
marketing campaigns). Inherent properties are those that are
internal to the concept, whereas extrinsic properties often act
on a concept but are not part of its composition. The
inherence bias predicts that explanations based on extrinsic

To construct explanations, reasoners apply abstract
conceptual knowledge to concrete situations (Keil, 2006;
Lake, Salakhtutdinov, & Tenenbaum, 2015), and so the
construction process depends on retrieving relevant semantic
memories. Conventional semantic networks efficiently
compute relevance by linking certain concepts, such as
hammer, to other associated concepts, such as hard and metal
(Jones, Willits, & Dennis, 2015; Rodgers, 2008). But, their
efficiency depends on implementing a single type of
connection that associates different concepts. Prasada,
Khemlani, Leslie, and Glucksberg (2013) argued instead that
people represent conceptual knowledge through different
connections between concepts and properties: principled and
statistical connections. Table 1 provides a set of linguistic
tests that distinguish the two connections between the
concept car and two of its properties: four wheels and radio.
As the table shows, both principled and statistical
connections can license generalizations and probabilistic
inferences, but only principled connections license normative
expectations, formal explanations, aspectual inferences, and
inferences about norms. For instance, if a principled property
does not hold for an instance of a concept, then reasoners
infer that something is abnormal, e.g., a car that doesn’t have
four wheels is a defective car, or perhaps not a car at all.
Statistical connections do not permit such an inference, e.g.,
there is nothing abnormal about a radio-less car. As
Khemlani, Leslie, and Glucksberg (2012) argue, the semantic
differences between the two sorts of connections cannot be
modeled by unstructured probabilistic accounts.
Principled connections have implications for social
reasoning in general. Prior work suggests that principled
properties license generalizations (e.g., “lemonade is tart” is
felicitous, but “lemonade is cold” is not; Prasada et al., 2013)
as well as default inferences (e.g., “given no information to
the contrary, this arbitrary glass of lemonade is probably tart”
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seems more plausible than “this arbitrary glass of lemonade
is probably cold”; Khemlani et al., 2012). In daily life, people
make generalizations along racial, gender, sexual, and
religious categories, and they draw default inferences based
on those generalizations. In such situations, principled
properties may yield inferences that are harmful and
fallacious (Leslie, 2013; Rhodes et al., 2012).
Table 1. Linguistic tests that distinguish principled from statistical
connections (see Prasada et al., 2013). The ‘#’ denotes linguistic
formulations that are unacceptable.
Connection
Diagnostic
expectation

Principled
(car → four wheels)

Statistical
(car → radio)

Cars have four
wheels

Cars have radios

Probability

Most cars have four
wheels

Most cars have
radios

Normativity

Cars are supposed to
have four wheels

#Cars are supposed
to have radios

Formal
explanation

That (pointing to a
car) has four wheels
because it is a car

#That (pointing to a
car) has a radio
because it is a car

Aspect

One aspect of being a
car is having four
wheels

#One aspect of
being a car is
having a radio

Normality

All normal cars have
four wheels

#All normal cars
have radios

Generic
generalizations

Nevertheless, while principled connections can lead to
problematic social inferences, they may explain how
reasoners avoid a protracted search through semantic
memory when constructing explanations. We posit that that a
given concept should maintain far fewer principled
connections than statistical ones, and, as a result, principled
connections can explain how people avoid traversing a dense
conceptual network of background knowledge (cf. Prasada
2017). This would resolve how the inherence bias can operate
rapidly to yield commonsense explanations of novel
phenomena. The account predicts that the preference for
inherent explanations should interact with the preference for
principled connections: people should spontaneously retrieve
inherent properties that bear a principled connection to the
concept when they construct an initial explanation. As a
result, they should prefer principled inherent explanations
over statistical inherent explanations. Two studies
corroborated the prediction.

Study 1
The study tested the prediction that reasoners should prefer
principled inherent explanations to statistical inherent
explanations.

Method
Preregistration. The projected sample size and predictions
for Study 1were preregistered through Open Science
Framework. Experimental scripts, analyses, and data are
available at https://osf.io/p7aen/.
Participants. 50 participants participated through Amazon
Mechanical Turk for monetary compensation. In a postexperimental questionnaire, two participants self-reported
that they were not paying attention, and so their data were
excluded from the analyses. However, these exclusions did
not materially affect the results of the study.
Design, materials, and procedure. Prior work on principled
connections, as well as the inherence bias in explanatory
reasoning, used materials that describe simple, everyday
observations (e.g., Why do people drink lemonade in
summer?; see Cimpian & Salomon, 2014; Prasada, 2017).
Although these stimuli are easy to understand, they also
concern familiar topics, which makes it more difficult to
control the number and kinds of inherent and extrinsic factors
people maintain. For a more controlled set of stimuli, we
created a set of descriptions of novel “scientific” phenomena.
We turned to the scientific domain for two reasons: First, it
allowed us to remove the possibility of familiarity accounting
for the effects we observed because we could fabricate the
scientific scenarios given to participants while maintaining a
realistic, believable context. Second, it allowed us to control
the number and kinds of factors that could plausibly be
thought to explain an observation, because we limited the
candidate causes discussed in each vignette. Consequently,
participants received vignettes that described scientific
investigations, such as a vignette about a study on lithium
atoms conducted in a high-altitude location. The vignettes
made explicit the source of an inherent property (something
internal to lithium atoms) as well as the source of an extrinsic
property (something external to lithium atoms, such as the
high-altitude location). Participants selected from sentences
that were formulated to distinguish principled connections
from statistical connections. Principled connections should
license expectations that the property is a natural aspect of its
concept, whereas statistic connections should license
expectations of prevalence (see Table 1).
For each vignette, participants selected the most plausible
explanation from a set of four alternatives: half of the
explanations concerned inherent properties and the other half
concerned extrinsic properties. And half the explanations
were formulated as a generalization to describe principled
connections (“the nature of X”) whereas the other half used a
generalized quantifier, “most”, to describe statistical
connections (“what most X is like”). Hence, participants
chose from four explanations: a principled inherent
explanation, a statistical inherent explanation, a principled
extrinsic explanation, and a statistical extrinsic explanation.
The four explanations reflected a 2 × 2 within-participants
design. The following is a sample vignette with sample
response options:
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Select the most plausible explanation for the observation.
○ Something about the nature of lithium nitride.
[principled inherent]
○ Something about what most lithium nitride is like.
[statistical inherent]
○ Something about the nature of high altitude locations.
[principled extrinsic]
○ Something about what most high altitude locations are
like.
[statistical extrinsic]
The study randomized the order in which the four options
appeared, as well as the order of the six vignettes. The
materials for this study can be found here
https://osf.io/p7aen/.
The materials provided a conservative test of the
prediction: the scientists’ observations were described as
anomalies (e.g., the result “defied their expectations”), which
was designed to make it difficult for participants to prefer a
principled connection, because anomalous situations could
make it less likely that the outcome was the result of a stable,
principled property.

Data analysis. Data were analyzed by performing Bayesian
estimation using the probabilistic programming language
Stan (Gelman et al., 2014) and predictions were tested by
computing Bayes Factors (BFs) on the regression coefficients
from the model. Larger BFs indicate that the data are more
likely under the alternative hypothesis than under the null
hypothesis. Additional information regarding the analyses
can be found at https://osf.io/p7aen/.

Results and discussion
Study 1 tested the prediction that participants should show
a systematic bias toward principled inherent explanations.
Figure 1 shows the proportion that participants selected each
of the four explanations, and it indicates that people chose
principled inherent explanations four times as often as any
other option. To confirm the difference, a Bayesian
multinomial random-effects analysis modeled participants’
responses. The model treated each participant and each
vignette as random effects. Table 2 provides the results of the
analysis.
The study revealed that people strongly preferred
principled inherent explanations to any other explanation (see
Table 2; Bayes factors and parameter estimates were similar
under different prior choices). For all six vignettes,
participants’ selections yielded biases towards choosing
principled inherent explanations. And 40 out of 49
participants displayed the bias when their performance on
individual vignettes was averaged.

Proportion of explanation selected

Chemists working in a lab in Denver, Colorado were
investigating the possibility of using lithium atoms to store
nitride. The chemists found that when they attempted to
store nitride in the atoms, it led to a result that completely
defied their expectations. Instead of the atoms storing 95%
of the nitride, they stored only 2% of the nitride.

0.75

0.75

0.50

0.50

0.25

0.25

0.00

0.00
Principled Statistical Principled Statistical
inherent inherent extrinsic extrinsic

Pr
in

Study 1
Figure 1. The proportion of explanations selected as most plausible
by the participants in Studies 1 and 2.

Study 1 provides evidence for the integrated bias that
privileges inherent properties that bear a principled
connection to the concept. However, the materials in the
study may be confounded in two ways. First, the inherent
explanations referenced nouns that were explicitly mentioned
in the vignettes (e.g., lithium and nitride) whereas the
extrinsic explanations referenced a general property of the
environment described in the vignette (e.g., high-altitude)
instead of referencing the specific location. Second, the
explanations that referenced principled connections used a
formulation that involved the phrase “the nature of”, which
may have been more appealing to participants simply because
it matched the domain of scientific investigation and
“natural” phenomena. Both of the confounds may have
contributed to the effect in Study 1, and so Study 2 eliminated
them. It provided participants with both general and specific
extrinsic descriptions and it used a formulation for principled
connections that made no use of the phrase “the nature of”,
but nevertheless referred to a generalization (see Table 1).
Table 2. A multinomial random effects model predicting responses
on the basis of random effects of participant and vignette in Study
1. The * indicates that statistical inherent explanations served as the
reference in the model.

1817

95% CIs
Estimate

Lower

Upper

BF10

Statistical inherent*

--

--

--

--

Principled inherent

1.58

.73

2.25

50.0

Statistical extrinsic

-1.33

-2.25

-.28

14.3

Principled extrinsic

-0.50

-1.44

.36

.81

Proportion of explanation selected

Proportion of explanation selected

Study 2

0.75 to Study 1 in all respects except for
Study 2 was identical

slight variations that eliminated confounds in Study 1.

Method

Participants. 102
0.50Amazon Mechanical Turk workers
participated in the study for monetary compensation. An
additional participant indicated he or she was not paying
attention, and the corresponding data were excluded from
analyses.
0.25

0.75
0.75

0.75

0.50
0.50

0.50

0.25
0.25

0.25

Materials, design, and procedure. Participants received the
same set of vignettes as in Study 1 and they selected the
explanation they considered most plausible from a set of four
alternatives. The0.00
materials, design, and procedure were
0.00
0.00
otherwise the same as in Study 1 with three exceptions. First,
Principled
Statistical
Principled
PrincipledStatistical
StatisticalPrincipled
LocationStatistical
Property
participants received an Principled
alternativeStatistical
description
of principled
inherent
inherent
extrinsic
extrinsic
inherent
inherent
inherent
inherent
extrinsic
extrinsic
of
location
inherent explanations that made no use of the phrase “the
1 inherent
Study
Study12
nature of”. Instead, participants evaluatedStudy
principled
explanations using the following formulation:
Figure 2. The proportion of explanations selected as most plausible
by the participants in Study 2.

○ Something about lithium nitride.

[principled inherent]
Statistical inherent explanations matched those used in Study
1, e.g.,
○ Something about what most lithium nitride is like.
[statistical inherent]

Second, Study 2 aimed to rule out the possibility that
participants preferred explanations that referred to nouns
explicitly mentioned in the vignette. Hence, half of the
extrinsic explanations in the study included the location
mentioned in the vignette, e.g.,
○ Something about Denver.

[extrinsic: location]
and the other half of the extrinsic explanations referred to a
salient property of the location, e.g.,
○ Something about high altitude locations.
[extrinsic: property of location]

Finally, Study 2 addressed an issue that was peripheral to the
question of whether reasoners exhibit a bias toward
principled inherent explanations. Specifically, the study
tested the assumption that anomalous results should suppress
inherent explanations. The study accordingly varied whether
the vignettes reference anomalies or not. The materials for
this study can be found here https://osf.io/p7aen/.

choices as the dependent variable, and it included random
intercepts that controlled for variation between participants
and vignettes. As in Study 1, the model provided estimates of
the difference between the intercept of principled inherent
responses and the reference group (i.e., statistical inherent
responses; see Table 2).
Study 2 indicated that the intercept of principled inherent
responses was credibly different from the reference group (β
= 1.18, 95% CI [.28 to 1.88]), which indicated that people
reliably preferred principled inherent explanations over any
other explanation type. Here too, we found that for all six
vignettes, participants exhibited a bias toward principled
inherent explanations. The vast majority of participants (81
of 99) had explanation averages in the predicted direction.
Finally, we found that anomalous findings constrained the
bias towards inherent explanations, confirming that
describing scientific vignettes as anomalous provided a
conservative test of the hypothesis that participants would
exhibit a bias towards principled inherent explanations, b =
1.12, 95% CI [.44 to 1.85].
Table 3. A multinomial random effects model predicting responses
on the basis of random effects of participant and vignette in Study
1. The * indicates that statistical inherent explanations served as the
reference in the model.

95% CIs
Estimate

Results and discussion
The results of Study 2 further corroborated a strong bias
towards principled inherent explanations: they were chosen
nearly three times as often as statistical inherent explanations
(see Figure 2). A multinomial random effects model
confirmed the difference; it treated participants’ explanation
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Lower

Upper

BF10

Statistical inherent*

--

--

--

--

Principled inherent

1.18

.28

1.88

11.1

Statistical extrinsic

-.85

-2.31

.98

1.62

Principled extrinsic

-.97

-2.78

1.38

1.41

0.00

Pr
in

General discussion
When asked to explain a pattern in the world, people
quickly generate explanations that oversample the inherent
properties of entities in the pattern (e.g., Cimpian & Salomon,
2014). However, extant work has not reconciled how the
inherence bias enables the rapid production of an explanation
given that numerous inherent properties exist for any given
conceptual category. Two studies resolve the question of how
the inherence bias enables rapid explanatory inference. They
revealed that people preferred inherent explanations that cite
properties that bear a principled rather than a statistical
connection to the concept under consideration. For example,
when asked to explain why a particular group of dogs has
multiple mates over a lifetime, people thought it was more
plausible that “the nature of” the dog was the cause of the
observation than that it was something about “what most
[such dogs] are like”. Principled connections are rare and
privileged (Khemlani, Leslie, & Glucksberg, 2012; Prasada
& Dillingham, 2009; Prasada, 2017; Prasada et al., 2013) in
that they license generalizations, default inferences, formal
explanations, and other sorts of inferences. We posited that
concepts have a limited number of principled connections,
and that reasoners can efficiently construct explanations by
retrieving only those properties that bear a principled
connection to a concept. The restriction yields a bias towards
inherence, and it curtails a protracted search through semantic
memory. Hence, it allows people to rapidly generate
explanations.
The present work suggests that an integrated theory of how
reasoners generate explanations should couple a preference
for inherence with a preference for principled connections,
which together enable the rapid construction of explanations.
The resulting bias in explanatory reasoning has significant
implications that extend beyond controlled vignettes that
describe novel scientific observations. Prior research
suggests that principled properties permit inferences that
statistical properties do not. In many cases, those inferences
are sensible: they allow reasoners to accept the generalization
that “lemonade is tart, so this glass of lemonade is supposed
to be tart” (a default inference), and they reject the same line
of reasoning when it concerns statistical properties (e.g.,
coldness; see Khemlani et al., 2012). But if the concept under
consideration concerns stereotypes about race or gender, then
the inferences permitted by a bias towards principled inherent
properties may be problematic (e.g., Leslie, 2013; Rhodes et
al., 2012). Reasoners may rapidly explain patterns of
individuals on misrepresentative generalizations rather than
on external factors. Hence, the present results are consistent
with the notion that an explanatory process biased towards
principled inherent properties has the downstream
consequence of permitting unwarranted generalizations (e.g.,
Ho et al., 2015) and fallacious inferences (Tworek &
Cimpian, 2016).
The present research suggests that people prefer principled
inherent explanations over any other explanation type.
However, we tested this hypothesis by constructing
principled explanations in such a way that may permit a

reading that denotes a causal rather than a principled
connection. As Prasada et al. (2013) argue, causal
connections are implicated in generalizations such as:
“sharks attack swimmers.” These generalizations appear to
concern a causal, dispositional property between, e.g., sharks
and attacking swimmers, such that sharks are disposed to
cause the attack to come about. The present studies may
concern, not just principled connections, but also causal
connections. A major difference between the two is that
principled connections license formal explanations, whereas
causal connections do not (see Table 1 and Prasada et al.,
2013). Future work could therefore test whether people
accept formal explanations of the scientific phenomena
described above, because formal explanations are diagnostic
of principled connections. The present analysis predicts that
if participants were asked “Why didn't the lithium atom in
this study store only 2% of the nitride?” they should accept
the formal explanation: “Because they’re lithium atoms.”
This study would provide a further test of our account of
explanatory reasoning.
Another limitation of the present work is that in both
studies participants were forced to choose the most plausible
explanation. The task required participants to make a
definitive judgment, and so it could have exaggerated the
extent to which participants preferred principled inherent
explanations. A task that does not impose such a constraint
could might fail to yield this bias, and thus, future research
should examine whether the bias towards principled inherent
explanations is robust to different experimental tasks. Still,
the present results indicate that participants exhibited a large
bias towards principled inherent explanations using new
response options and more general wording (Study 2),
making it unlikely that the entirety of the effect came from
task demands.
A further limitation of the present research is that we tested
our account by constructing anomalous events of scientific
observations. Although this allowed us to exercise tight
control over the stimuli, it narrowed the domain of our
materials to the topic of science rather than everyday
observations. Furthermore, we tested our hypothesis using
only six vignettes. Together, these limitations may limit the
generalizability of our findings. We dealt with these
concerns, in part, by performing mixed effects modeling and
treating vignette as a random effect. It allows us to formally
model and generalize to the population of vignettes we could
have but did not test. Future studies will examine both more
items and domains outside of scientific reasoning to further
test the proposed account of explanatory reasoning.
In sum, the robust bias to construct explanations that
describe inherent features may coincide with, and emerge
from, the underlying representation of the connections
between concepts and their properties. One type of
connection – the principled connection – appears privileged
over others, and the studies we report demonstrate a link
between the inherence bias and the bias towards principled
connections. The results make progress towards a theory of
how explanations are rapidly generated.
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Abstract
Speech-accompanying gestures vary depending on features of
the communicative situation. In the present study, we
examined whether they might also be affected by extraneous
activity in the speaker’s sensorimotor system. We asked
participants to describe short animations that involved vertical
motion while simultaneously watching a display that depicted
vertical motion in either a congruent or an incongruent
direction. Speakers produced gestures depicting vertical
motion at a higher rate when describing the target motion
events when they were simultaneously watching a display that
depicted motion in the same direction than when watching
motion in the opposite direction. These results suggest that
the cognitive basis of gesture lies in the sensorimotor system.
Keywords:
cognition

gesture;

perceptual

simulation;

embodied

Introduction
Gestures are ubiquitous in communication. How much
speakers gesture in a particular situation depends on the
speakers’ cognitive load (e.g., Hostetter, Alibali, & Kita,
2007), as well as on features of the communicative situation
(e.g., Alibali, Heath, & Meyers, 2001). Such effects suggest
that gestures are formed from a communicative intention to
describe the gestured information. The present study
investigates whether gesture production is also affected by
activation of the sensorimotor system more broadly—
including activation that is extraneous to the speaker’s
communicative intent.
There is now ample evidence that language
comprehension involves the activation of sensorimotor
information (Glenberg & Kaschak, 2002; Speed &
Vigliocco, 2013; Zwaan, Stanfield, & Yaxley, 2002).
Participants’ reaction time to judge a sentence as making
sense or not is affected when their motor (Glenberg &
Kaschak, 2002) or perceptual systems (Kaschak et al., 2005)
are simultaneously engaged in a way that mirrors the
meaning of the sentence. For example, Kaschak, Zwaan,
Aveyard, and Yaxley (2006, Experiment 2) asked
participants to listen to a sentence that implied motion in a
particular direction (e.g., The rocket blasted off) while
simultaneously listening to an auditory percept of motion in
a particular direction (e.g., up vs. down). They found that
participants were faster to say that the sentence made sense
when they were listening simultaneously to an auditory
percept that sounded as though it was moving in the same

direction as that implied in the sentence. Other studies have
found that activation of the sensorimotor system actually
inhibits the ability to use the system to process language
simultaneously (e.g., de Vega, Moreno, & Castillo, 2013).
Whether activation of the sensorimotor system results in
facilitation or inhibition of language processing seems to
depend on task demands and on the relative timing of the
sensorimotor stimulation and language comprehension
(Diefenbach, Rieger, Massen, & Prinz, 2013; Kaschak &
Borreggine, 2008). Regardless of whether the result is
facilitation or inhibition of language processing, the
evidence suggests that activating the sensorimotor system
recruits the same processing mechanisms that are involved
in language comprehension.
Although the activation of sensorimotor information in
language comprehension is well documented, there is less
direct evidence for the activation of sensorimotor
information in language production. Nonetheless, it is an
increasingly common assumption that speakers activate
sensorimotor information pertaining to the content of what
they wish to speak about, just as language comprehenders
activate such information about the content of what they
read or hear (e.g., Perlman, Clarke, & Johannson Falck,
2015; Pickering & Garrod, 2013). Indeed, one often cited
source of evidence for this position is that speakers
frequently accompany their speech with hand and arm
movements that depict the sensorimotor content of what
they are describing (e.g., Glenberg & Gallese, 2012). For
example, a speaker who describes a balloon moving up
might move her hand upwards as she talks. On the surface,
such movements appear to support the idea that speakers
activate their sensorimotor system in the interest of
language production, because clearly, gestures are a motor
act: to produce a gesture requires activation of the
sensorimotor system in the interest of planning and
executing the movement. However, it is less clear whether
the sensorimotor system only becomes activated after the
intention for a gesture has been formed, or whether the
activation in the sensorimotor system is actually part of
what elicits the gesture in the first place. Indeed, theories
about the cognitive origin of speech-accompanying gestures
disagree on this point.
Theories about the cognitive origin of gesture vary in
terms of whether they view gestures as originating primarily
from linguistic processes or primarily from visuospatial
processes. On the side of linguistic processing, Butterworth
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and Hadar (1989) propose that gestures arise from lexical
items. When a speaker gestures, he or she activates the
words to be spoken and then plans and produces a gesture
based on the semantic features of the words. Along similar
lines, Wagner, Nussbaum, and Goldin-Meadow (2004)
provide some evidence that gestures may be based on
propositional, rather than spatial, representations. They
found that producing gestures (specifically, pointing
gestures) did not interfere with spatial processing on another
task, as might be expected if the act of producing the gesture
required spatial resources. If gestures emerge from lexical or
propositional representations, then the sensorimotor system
would only become activated after the intention for the
gesture is formed.
In contrast, there are several theories that propose a
visuospatial origin for gesture, in which gestures arise from
visuospatial imagery that is formed when conceptualizing
information for speaking. For example, de Ruiter’s (2001)
Sketch Model proposes that visuospatial images are formed
alongside preverbal messages in the interest of
communication. Features of these visuospatial images are
selected, depending on the speaker’s communicative goals,
and expressed alongside speech as gesture. Similarly, Kita
and Özyürek’s (2003) Interface Model proposes that
gestures arise from spatial features held in visuospatial
working memory that are selected by an action generator for
the purposes of communication. A communication planner
“decides what modalities of expression should be involved”
and engages gesture if deemed relevant. This view assumes
that the sensorimotor system is activated very early during
speech planning, and is part of the representation that gives
rise to gesture.
This view that gestures arise from sensorimotor activation
is articulated most explicitly in the Gesture as Simulated
Action (GSA) framework (Hostetter & Alibali, 2008). The
GSA framework considers gestures to be outward
manifestations of simulated actions and perceptions that are
formed in the interest of communicating. Under this view,
speakers use their motor and perceptual systems to support
conceptualization for speaking, just as they do to support
language comprehension. This motor and perceptual activity
is the precursor for speech-accompanying gestures, which
are only expressed as gestures if they are activated with
enough strength to surpass the speaker’s current gesture
threshold, which is the minimum level of activation that
must be exceeded in order for a gesture to be produced. The
gesture threshold is hypothesized to vary from speaker to
speaker and to change from moment to moment during
speaking depending on factors such as how helpful a gesture
would be for communication, the speaker’s beliefs about the
utility of gesture, and whether the speaker’s cognitive
system is currently taxed. Thus, in the GSA framework, the
speaker does not have to decide whether to gesture or not;
rather, gestures arise spontaneously from activation in the
sensorimotor system that is present at the moment of
speaking.
The GSA framework therefore predicts that gestures

should be the byproduct of more than just a communicative
plan; specifically, activating motor and perceptual
representations in the speaker’s mind at the moment of
speaking should lead to increased gesture about those
representations, even if the activation is not related to
communicative intent. There is some evidence for this
claim. Chu and Kita (2016) found that speakers gestured
more about a mug that afforded physical action than about a
mug that did not afford physical action (because it was lined
with spikes). Although the communicative intent was the
same in both situations (to describe the orientation of the
mugs), speakers gestured more when the representations
they were describing allowed potential actions. Similar
results were obtained by Hostetter and Alibali (2010), who
found that speakers gestured more when they had motor
experience making patterns they were describing than when
they had only viewed the patterns. In these studies,
representations that had stronger ties to previous action
(Hostetter & Alibali, 2010) or possible action (Chu & Kita,
2016) were described with more gestures, even though the
action itself was unrelated to the communicative intent.
The present study tested a stronger version of the claim
that gestures are affected by how strongly sensorimotor
representations are activated during speaking. In previous
demonstrations (e.g., Chu & Kita, 2016; Hostetter &
Alibali, 2010), the representation being described was
manipulated so as to increase its association with imagined
or performed action. However, if the representations that
underlie gestures are more general sensorimotor
representations that are not specific to communication, then
any complementary activation in the sensorimotor system
should result in increased gesture, even if the activation is
extraneous to the specific representation being described.
To test this claim, we asked participants to describe
events with either up or down motion while simultaneously
viewing a perceptual display of either up or down motion.
Our logic is that viewing a perceptual display of, for
example, upward motion activates a representation of
upward motion in the sensorimotor system. At the same
time, speaking about something moving upwards also
involves activating a representation of upward motion. If the
representation of upward motion that gives rise to gesture
during speaking is the same as the sensorimotor
representation that is activated when upward motion is
viewed, then viewing a perceptual display that is moving
upward should increase activation on that representation,
making it more likely that that activation surpasses the
speaker’s gesture threshold and yields a gesture. Thus,
gesture rate should be greater when viewing a congruent
perceptual display. In contrast, if gestures arise from
representations that are formed only for the purposes of
communication, then gesture rate should be unaffected by
concurrent sensorimotor activity.
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Method

Participants

Procedure

Participants were 25 native English speakers (13 female)
who were recruited from Introductory Psychology courses.
Data from an additional seven participants were collected
but discarded because of technical errors in the video
recording software or because they were not native English
speakers. The majority of participants (80%) identified as
white or Caucasian, and smaller percentages identified as
African American (8%), Hispanic or Latinx (8%) or Asian
(4%).

Participants arrived individually to participate in the
study. Each participant was seated in front of a Macintosh
computer with a 25 inch screen that was running PsyScope
software (Cohen, MacWhinney, Flatt, & Provost, 1993).
The experimenter explained that the study was about how
well people can communicate while being visually
distracted. Participants were told that they would view some
short cartoons and then describe them to a video camera
while also engaging in a secondary visual perception task.
After signing the consent form, participants were shown
an example of how the trials would proceed. First, an
animation played on the computer screen that showed
people, animals, or objects moving in various ways.
Immediately after the animation finished, the screen filled
with a distractor video, in which circles of various sizes
moved vertically across the screen. As soon as the circles
appeared, participants were instructed to begin describing
the events that had occurred in the animation they had just
seen. They were told that another participant would watch a
video of each description and attempt to recreate the motion
of the objects in the animation, so it was particularly
important that the speakers describe how the people,
animals, or objects in the animation had moved. During the
example trial, the experimenter gave an example of how to
describe the animation (e.g., “there is a Ferris wheel that
lights up and spins around several times counterclockwise”)
that included one scripted gesture (e.g., right hand index
finger draws circle in air two times).
While retelling each story, participants were instructed to
look straight ahead at the computer screen and watch the
circles on the screen so that they could track the number of
red circles that appeared in each display. Each display lasted
15 seconds, which was long enough for participants to finish
their description of the previous animation. After they were
done with their description, they were instructed to continue
watching the display until the circles stopped moving, at
which point a prompt appeared on the computer screen that
asked participants to report the number of red circles they
had seen in the display. The participants gave their response
out loud and the experimenter, who was sitting across from
the participant, made a note of it. The participant then
pressed any key to proceed to the next trial and display the
next animation.
After hearing the instructions and seeing the example,
the participants completed a practice trial. The experimenter
provided any necessary feedback to reemphasize the need to
describe the motion of the events in the animation or to

Stimuli
Twenty stimulus animations were created for this study
using the program Anime Studio Debut 9. Each animation
lasted 10 seconds and depicted events that involved motion
(UP, DOWN, or OTHER). Six of the animations depicted
upward motion, such as a hot air balloon rising out of the
screen, a cow being abducted by an alien space ship, or a tea
kettle releasing steam into the air. Six of the animations
depicted downward motion, such as a boat dropping an
anchor to the bottom of the sea, a helicopter landing, or a
curtain falling at the end of a performance. Eight animations
depicted non-vertical motion and served as filler trials. The
motion conveyed in the filler videos was side-to-side (e.g., a
car speeding across the screen), circular (e.g., a Ferris wheel
spinning around), or random (e.g., an octopus waving his
legs as he dances). One of these filler animations was used
as an example and one was used as a practice trial. The
remaining six were intermixed with the vertical animations
during the experimental trials, in order to prevent
participants from detecting the specific focus on up and
down motion. Table 1 describes the key motion events in
the animations used in the experimental trials.
In addition, 20 distractor videos were created. Each video
showed circles of various sizes filling the computer screen
and moving across the screen for 15 seconds; half of the
videos depicted the circles moving upwards and half
depicted the circles moving downwards. In order to insure
that participants were attending to the distractor video, they
were asked to track the number of red circles that appeared
during each trial. In each video, the majority of circles were
light blue, with a few circles (either 1, 2, or 3) colored dark
red. The position of the red circles on the screen and the
timing of their appearance was random but was matched
across the down and up distractor videos. That is, for each
upward distractor video, there was a downward distractor
video that showed the same number of red circles appearing
in the same position on the screen at the same time intervals.

Table 1. Target Motion Event from each Animation
Up Animations
Down Animations
Boy’s balloon floats away
Boat drops anchor
Cow is abducted
Curtain falls at end of performance
Kettle releases steam
Raindrops fall through ceiling
Cat is startled and jumps up
Helicopter lands on roof
Hot air balloon floats up
Apple falls from tree
A rocket takes off
Skydiver parachutes out of plane
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Neutral Animations
Octopus waves its arms
Ants march across a picnic
Police car races through scene
A girl eats an ice cream cone
A train comes through a tunnel
A frog eats a fly and hops away

make sure to keep their eyes on the circle display as they
were describing the events. Participants then began the
experimental trials, which consisted of 6 animations
depicting upward events, 6 depicting downward events, and
6 filler trials depicting events with no vertical motion.
The animations were presented in the same preset
randomized order, in which no more than two animations
depicting motion in the same direction occurred in a row.
The 12 experimental trials were intermixed with the 6 filler
trials. Half of the trials displayed a distractor video in which
the circles were moving upward and half displayed a
distractor in which the circles moved downward, so that
over the experiment, each participant experienced 6 trials in
which the direction of the motion they were describing
matched the direction of the circles in the display (i.e., the
Congruent condition) and 6 trials in which the direction of
the motion they were describing was opposite to the
direction of the circles in the display (e.g., the Incongruent
condition). The order of the up versus down distractor
videos was counterbalanced across participants. Thus, each
animation was described in the Congruent condition by half
of the participants and in the Incongruent condition by the
other half of the participants. The number of red circles that
appeared in each display video (1, 2, or 3) varied randomly
across the trials but was held constant across the
counterbalanced orders, so that only the direction of the
circles’ movement, and not the number of red circles,
differed between the conditions.
After completing the 18 trials, participants completed a
brief questionnaire on which they reported at what age they
began learning English and whether they had any suspicions
about the purpose of the study. None of the participants
reported suspecting that gesture was the target of the study,
and data from those who reported learning English after age
5 were discarded.

Coding
Participants’ narrations of the up and down animations
were viewed and coded from the videos. First, all speech
was transcribed and all accompanying representational
gestures were noted. Representational gestures were defined
as movements of the hands or arms that coincided with
speech and conveyed semantic meaning. Individual gestures
were segmented from one another by a change in
handshape, motion, or meaning.
Next, we identified the speech utterances that described
the target event in each animation (e.g., the main event
depicting motion either up or down; see Table 1) and
identified the words produced to describe each key event.
Finally, the gestures that accompanied the speech about the
action in the key event were coded for whether they
conveyed vertical motion. To do this, the relevant section of
the video was re-watched and the motion of the hand during
the gesture was described. Gestures in which the hand
showed vertical displacement from the start of the gesture to
the end of the gesture were coded as depicting vertical
motion, even if the movement was not a straight trajectory.

For example, one speaker described the key event in the
parachute animation by saying “he jumps out of the plane”
while moving her right hand in an arc trajectory slightly up
from chest height, to the left, and then down to her lap. This
gesture was coded as conveying vertical motion because the
endpoint of the gesture was lower than the starting point.
Because our coding was limited to the descriptions of the
action in the key events, all gestures coded as depicting
vertical motion were specifically about the vertical motion
event (e.g., the balloon moving up, not the shape of the
balloon). Further, we also made note of whether each
vertical gesture depicted motion upward or downward; in all
cases, the direction of motion in the gesture matched the
motion being described.
Note that it was not apparent from the video of the
participants’ descriptions which direction the distractor
video was moving during each narration; thus, the coders
were blind to the experimental condition on each trial. The
key events were watched and coded by a second coder. For
92.5% of the trials, the coders agreed exactly on the number
of vertical gestures that occurred. In cases where there was
disagreement, the counts observed by the more experienced
coder were used.

Data Analysis
Our hypothesis is that speakers will gesture more about
vertical direction when they are simultaneously viewing a
display that shows motion in that same direction than when
they are viewing motion in the opposite direction. First, we
wanted to make sure that participants were actually
attending to the displays. We checked this by considering
how successfully participants were able to track the number
of red circles on the distractor task. Participants had near
perfect performance; errors were made on only four trials
across the entire experiment. These four trials were removed
from further analysis. We also discarded 15 trials in which
the participant failed to describe the key vertical motion
event in speech. For example, one speaker said “the boy let
go of the balloon,” but then did not describe how the
balloon floated up and out of the screen.
We calculated each participant’s vertical gesture rate per
100 words while describing the target event in each trial.
We then analyzed these rates using multilevel modeling in
order to account for the large individual variability across
participants and items in gesture rates. We did not include
separate fixed factors for direction (up vs. down) of the
story and distractor because we had too few items per
participant to make meaningful comparisons and because
we did not have a prediction regarding differential effects
for up versus down stories. We included condition
(Congruent vs. Incongruent) as a fixed factor, and we also
included Trial number as a fixed effect, because it seemed
likely that gesture rates would decrease over the experiment
(see Yeo & Alibali, 2017). We used the maximal random
effects structure possible (see Barr, Levy Scheepers, & Tily,
2014), which included random intercepts for participant and
story, as well as random slopes for condition and trial for
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Figure 1. The vertical gesture rate per 100 words
produced as participants described the target motion
events. Error bars represent standard errors of the means.
both participant and story. The analysis was conducted in R
using the lme4 and lmerTest packages. For significance
testing, the lmerTest package uses Satterthwaite
approximations to degrees of freedom.

Results
The Results are shown in Figure 1. As predicted,
condition (congruent vs. incongruent) reliably affected
vertical gesture rate during the descriptions of the key
events, β = 2.87, SE = 1.34, t = 2.14, p = .04. Speakers
gestured about vertical motion more while describing the
target events when they were watching motion in the same
direction (M = 8.75 gestures per 100 words, SE = 2.06) vs.
in the opposite direction (M = 5.88 gestures per 100 words,
SE = 1.38). There was no significant effect of trial number,
β = -.07, SE = 0.18, t = 0.40, p = .70.
We next considered whether there were differences in
how much participants talked across the conditions.
Specifically, did speakers also talk about vertical motion
more when they were watching a congruent vs. incongruent
display? We considered the number of words participants
used to describe the key event in each trial in a mixed linear
model with the same fixed effects and random effects
structure as the model predicting gesture rate. There was no
effect of condition, β = 0.31, SE = 0.54, t = 0.58, p > .05, or
trial number, β = 0.21, SE = 0.11, t = 1.85, p = .08. Thus,
there was no evidence that perceptual input affected how
many words participants used to describe the key motion
events, but it did affect how much they gestured about them.

Discussion
Speakers gestured more about vertical motion when they
were watching a display that moved in the same direction as
the motion they were describing than when they were
watching a display that moved in the opposite direction.
Notably, there was no evidence for differences across
conditions in how much speakers talked about the key
events, suggesting that watching the congruent display did
not focus participants’ attention on the vertical motion and
make it a more prominent part of their communicative

intent. These results suggest that gestures can originate from
activity in the sensorimotor system, even when that activity
is unrelated to the speaker’s communicative intent. These
results are consistent with the claims made in the GSA
framework (Hostetter & Alibali, 2008) that gestures arise
from perceptual and motor simulations that underlie
speaking.
Of course, our claim is not that gestures are completely
unrelated
to
communicative
intent.
Indeed,
in
communicative situations, the speaker’s sensorimotor
system is engaged in simulation for the purposes of
communication; thus, the communicative intent is typically
what motivates the speaker to form a particular
sensorimotor simulation in the first place. However, in the
present paradigm, we boosted activation of this simulation
by exposing participants to simultaneous motion in an
unrelated task. We contend that this extra activation made it
more likely that the target simulation (i.e., the vertical
motion event) would be activated with enough strength to
surpass the speaker’s current gesture threshold. As a result,
speakers expressed more of their vertical motion simulations
in gesture when they were viewing congruent motion than
when they were viewing incongruent motion.
Under this view, we doubt that simply viewing vertical
motion without also being engaged in the communicative
task of describing a motion event would elicit gesture
(although it is not completely out of the question, as cothought gestures can and do occur—see Chu & Kita, 2016).
Rather, in our view, the effect observed here is the result of
a sensorimotor simulation being formed in the interest of
communication, and then that simulation receiving
additional activation from extraneous engagement of the
perceptual system. Indeed, we never observed the direction
of motion in the perceptual system overriding the direction
involved in the simulation being described. For example,
speakers never gestured with a downward motion when
describing a motion event that went up. In a communicative
task like the one used here, the simulation being described
appears to take precedence.
This work was modeled after work investigating the
embodied nature of language comprehension (see Kaschak
et al., 2005; 2006). However, in that work, there are mixed
results regarding whether simultaneous engagement of the
perceptual or motor systems results in facilitation of
language comprehension or inhibition. In prior work that
has shown an inhibitory effect (e.g., Kaschak et al., 2005),
participants were already engaged in the perception task
when the sentence to be comprehended was introduced,
thereby making it difficult for participants to use the same
neural system that was already involved in the perception
task for the language comprehension task. This resulted in
better comprehension when the direction of the display did
not match the direction of the sentence. In contrast, the
communicative goal was introduced first in our paradigm—
participants saw the vignette that they would need to
describe before the perceptual display appeared. Thus,
because the simulation of the vignette was already formed,
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we argue that viewing the congruent perceptual display lent
additional activation to that simulation, rather than
inhibiting it.
It is unclear from the present design whether viewing a
congruent display increases activation of the simulation
being described (as we contend) or whether viewing an
incongruent display decreases activation. To further
consider this possibility, future work should include a
condition with no display or an irrelevant display.
In conclusion, the present findings are compatible with
the view that the representations that give rise to gesture are
the same representations that are activated during perception
of a visual display. The results are not easily explained by
the view that gestures are crafted by speakers solely based
on communicative intent to explain or depict for a listener
(e.g., Clark, 2016), because in the present study, speakers’
communicative intent to describe the vignettes remained the
same regardless of the direction of motion in the perceptual
display. The fact that the extraneous motion in the
perceptual display influenced speakers’ gestures suggests
that gestures are the result of sensorimotor activation in
speakers’ cognitive systems even if it is extraneous to their
communicative task.
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Abstract
In uncertain environments we must balance our need to gather
information with our desire to exploit current knowledge.
This is further complicated in reactive environments where
actions produce long-lasting change. In three experiments, we
investigate how people learn to make effective decisions from
experience in a dynamic four-armed bandit task. In contrast to
the diminishing rewards found in most previous studies,
options were framed as skills that developed greater rewards
when chosen. We find that most individuals learn effective
strategies for coping with reactive environments. We present
a psychological model positing that decision makers move
through three distinct processing phases, and show that it
accounts for key behavioral patterns across experiments.
Keywords: decision making; dynamic environments;
explore-exploit dilemma; decisions from experience

Introduction
Many important choices in life lack detailed descriptions
and require that decision makers learn about alternatives
through experience. In these situations, one must balance
the need to gather information through exploration, with the
desire to exploit current knowledge (see Mehlhorn et al.,
2015). Consider the dilemma of a student choosing which
classes to take. “Commercial Law” and “Introduction to
Programming” both sound interesting and potentially
lucrative over time, so how should one invest in one’s long
term future? Careers in law or IT could both be rewarding,
but it might depend on one’s aptitude, so it is wise to
consider how one’s skills are likely to develop with time.
This scenario presents a difficult decision making
problem: the student needs to estimate her long run rewards,
based on how her skills are likely to develop over time (in
programming or in law), using only information about how
well she performs at the very beginning of the learning
sequence. Unfortunately, some skills can be acquired
quickly and can be rewarding after very little investment,
whereas others mature slowly and provide a delayed reward.
It may be difficult for decision makers to discern that the
eventual reward from a slow-maturing option is greater.
This problem provides an example of a reactive
environment. Not only do the rewards associated with an
option change over time (e.g., salaries fluctuate), they
depend on one’s choices (e.g., how much effort one spends
learning the intricacies of corporate law). There are many
examples of this kind of reactivity: the profitability of a
product is shaped by the way it is advertised, the output of a
farm increases as cultivation techniques are optimized, and
so on. Critically, in a reactive environment our actions
produce long-lasting changes in the world. In such an
environment it is important to learn what options exist and
how one’s actions influence these options over time.

Previous research on decisions from experience has
tended to focus on static environments. Here the optimal
strategy is to “front-load” one’s exploration to maximize
expected long-term rewards (Tversky & Edwards, 1966).
This is not the case when payoffs change over time. In these
dynamic environments, one must monitor the evolution of
each option in case changes occur (e.g. Navarro, Newell, &
Schulze, 2016). Even research involving dynamic
environments (e.g. Gureckis & Love, 2009) has tended to
focus on exploitation-dependent diminishing rewards. In
these tasks, the rewards associated with an option decrease
each time it is chosen.
In the student dilemma described above the opposite
pattern holds: rewards increase each time an option is
chosen. In this paper, we focus on sequential decision
making in a reactive environment that is inspired by this
scenario. Decision makers must strategize their choices so
that they quickly find the options with the most potential for
growth. With enough experience in the same environment,
they can learn to identify promising options more quickly
based on previously encountered growth trajectories,
allowing more time for exploitation and growth.

The Skilled Bandit Task
Our experimental task presented participants with several
options with unknown reward distributions that must be
learned from a sequence of consequential choices. Although
there are studies that employ bandit style problems in a
“resource depletion” scenario, where the rewards decrease
with choice (Gureckis & Love, 2009) or the availability of
options changes over time (Ejova, Navarro, & Perfors,
2009; Shin & Ariely, 2004), comparatively little is known
about how people solve a “resource cultivation” problem
where rewards increase as a function of repeated usage.
We framed our study as a simulation of a “skill
development” scenario in which participants repeatedly
chose which of four skills to develop. Each time a skill was
chosen it produced a reward. However, with each action the
chosen skill would incrementally develop so that it would
offer a higher reward in the future. Options developed
differently, with some initially offering low rewards but
growing substantially. Participants learned about the options
by sampling (i.e. choosing) each and observing the payoffs
they received. Since the number of choices in each game
was fixed, efficient sampling was important. Participants
completed five games in the same environment.
Importantly, in Games 2-5 participants had prior knowledge
of what payoff functions existed in the environment.
Combining this prior information with the payoffs observed
in the current game allows for better inferences about the
long term value of each option.
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Below, we present findings from three experiments using
the skilled bandit task, along with a cognitive model.

Experiment 1
The choice environment involved four options defined by
their growth trajectory: low slow (LS), low fast (LF), high
slow (HS), and high fast (HF). We expected that some
individuals would be attracted by the initial gains of LF, but
would eventually learn to choose the optimal HF. Half of
participants received an additional warning that some
options may seems good at first, but fail to develop. We
predicted that this warning would improve performance.

Method
Participants 201 US-based participants (85 female) were
recruited via Amazon Mechanical Turk. The average
reported age was 35.35 years (SD = 11.56). The experiment
lasted 10 minutes, and participant received $1.70.

The remaining 50% of participants in the detailed
instruction condition were also told:
Each time you practice a skill (i.e. click on a button) you
get better at it (i.e. win more points). But the rate at
which you improve might differ across the different
skills. Just like in life, some skills are quick to learn you improve rapidly - but in the end they may not be as
rewarding as other skills which are slower to learn but,
ultimately, deliver larger rewards. To win the most
points you need to find out which skill (button) will
provide the best rewards overall.
Feedback was given at the end of each game, indicating the
total points earned, as well as the maximum (2600 points)
and minimum (1400 points) possible scores. At the
beginning of each game options were randomly assigned to
buttons A-D. At the end of the experiment, participant were
given a completion code to claim payment via Amazon.
The expected payoff of each option was determined by
the number of times it was chosen. Figure 2 shows the
payoff functions for the four options. To make the
differences between options less obvious, Gaussian random
noise (M = 0, SD = 3) was added to the expected payoffs.

Results

Figure 1: The choice screen in the skilled bandit task after
making six choices.
Procedure & Materials Participants completed the
experiment online. They were shown a choice screen from
the game (Figure 1), and were told to choose one of four
options labelled A to D. After clicking on a button,
participants received a payoff of between 1 and 99 points.
The amount was displayed inside the clicked button for 800
ms. Participants were told that the goal of the game was to
“win as many points as possible”, and that they had a total
of fifty actions (clicks) each game. The points total and
number of remaining actions were displayed on screen at all
times. Half of participants received only vague instructions
that “some ways of playing will work better than others”.
Experiment 1

Figure 3 shows the number of points earned across games
and conditions1. To our surprise, participants in the detailed
condition earned only slightly more points per game (M =
2,055.39, SD = 11.73) than those in the vague condition, (M
= 2,052.30, SD = 11.59), t(198) = 0.07, p = 0.53. A chisquare test confirmed that mean choice proportions were not
significantly different across conditions, Χ2(3, N = 50,250)
= 3.45, p = 0.33, so we collapse across instructions
conditions for all subsequent analyses. The top row of
Figure 4 shows that participants began each game by
choosing from each option but soon developed a preference
for HF. It is noteworthy that the LF option shows a smaller
decrease across trials than HS and LS, suggesting that some
participants were drawn to its rapid early growth.

Experiments 2 & 3

Figure 3: Mean points earned in each game and
experiment. Error bars indicate standard errors.

Figure 2: Payoff functions for Experiments 1-3.

1 We excluded choices from games where the same option was
chosen on every trial. These did not substantially affect our results.
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points with less exploration, participants demonstrated that
they accumulated knowledge about the dynamics of the
environment across games, reducing their need to explore.
The shifting stopping point distributions shown in Figure
4 points to a gradual increase in front-loaded exploration
strategies suggesting that participants focused their efforts
on distinguishing the options from one another at the
beginning of a game. Toward the end of a game,
participants increasingly stopped exploring and committed
to exploiting the best option. Such front-loaded exploration
may also explain why LF was the second most chosen
option. LF’s payoffs increased rapidly at the beginning of
each game, so participants who stopped exploring early on
would likely form an erroneously positive impression of this
option relative to the others.
Figure 4: Results from Experiment 1, across trials (x-axis)
and games (columns). The top row shows mean choice
proportions. The middle row shows switching probability.
The bottom row shows stopping point distributions.
To better understand the strategies people use to solve the
skilled bandit task, we also analyzed people’s exploration
and exploitation behavior. The middle row of Figure 4
shows the probability of switching, defined as choosing a
different option from the one chosen on the previous trial.
Clearly participants began each game with a large degree of
exploration, switching between options often. However, this
exploration quickly gave way to more exploitative behavior,
characterized by lower switching rates. Participants also
engaged in less switching across games, suggesting that
their exploration became more efficient with experience
because they required fewer samples from each option. To
test the effects of game and trial on switching we used a
multilevel generalized linear mixed-effects model with a
binomial distribution and logit link function. In the model
game and trial were fixed effects, with random effects at the
subject level for both predictors. We found significant
effects of both trial (β = -0.155, SE = .008, p < .001) and
game (β = -0.370, SE = .044, p < .001). A similar pattern
can be seen if one considers the point at which an individual
stops exploring and chooses the same option for all
remaining trials. The bottom row of Figure 4 shows the
distribution of these stopping points, defined by the trial
containing the final switch of the game. In Game 1 this
distribution was negatively skewed, with many participants
stopping late (M = 30.14, SD = 14.80). However, across
games, stopping points shifted earlier, with a mean stopping
point of 17.42 (SD = 13.91) in Game 5. A repeated
measures analysis of variance (ANOVA) confirmed that
stopping point decreased across games, F(4,608) = 33.23, p
< .001.

Discussion
Experiment 1 show that people are capable of learning to
make good decisions in a dynamic risky choice environment
characterized by resource growth. Within the first game the
majority of participants quickly found the option offering
the highest payoffs. More impressively, across games,
participants improved their performance. Earning more

Experiments 2 and 3
In Experiments 2 and 3, a target option, T, offered the
highest total payoffs but was virtually indistinguishable
from a lure option, L, early on. This option also offered fast
increasing payoffs for the first ten actions, after which its
payoffs plateaued. To compensate for the increased task
difficulty produced by the lure, the remaining two bad
options, B1 and B2, were made clearly inferior. These
changes allow a strategy where decision makers first
explore their options in order to identify and cull the clearly
inferior alternatives, then try to distinguish the target from
the lure, and exploit it for the remaining trials.
The environmental dynamics in Experiment 2 matched
those from Experiment 1: each time an option was chosen
its expected payoff incremented according to its payoff
function, otherwise options remained unchanged. In
Experiment 3 we explore a different type of environment,
where unchosen options decrement. Inspired by the “use it
or lose it” nature of many real world skills, we incorporated
a simple forgetting function in which each time a participant
failed to choose an option the expected payoff decreased
according to its payoff function. Thus, focusing one’s
efforts on one skill meant becoming “rusty” at other,
neglected skills. We expected this additional complication
to increase the difficulty of the task, especially in Game 1.
These dynamics also complicate the mapping between
actions and outcomes, and require that individuals update
option values in memory. This poses a challenge to many
simple reinforcement learning (RL) models that rely on
immediate feedback and lack robust internal representations.
We expected participants in Experiment 3 to eventually
adapt to their environment by switching between options
less so as to minimize decrements.

Method
Participants 198 and 300 participants (69 and 121 female)
were recruited via Mechanical Turk for Experiments 2 and
3. The average age for participants was 34.98 years (SD =
11.15) and 36.40 (SD = 11.88). Experiments 2 and 3 each
lasted 10 minutes and participant received $1.70.
Procedure & Materials The experimental task, stimuli, and
instructions were identical to those of Experiment 1.
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Approximately half of participants were randomly selected
to receive either vague or detailed instructions. Figure 2
shows the expected payoff functions for the four options in
Experiments 2 and 3. In Experiment 2, the expected payoff
of each option was determined by the number of times it had
been chosen, just as in Experiment 1. In Experiment 3, each
time an option was chosen, its expected payoff incremented,
but the expected payoff for each unchosen option
decremented one action. Options were not allowed to
decrement below their initial values. Random noise was
added to the expected payoffs as in Experiment 1.

with both experiments showing a shift to earlier stopping,
but with larger changes in Experiment 3. Mean stopping
point decreased from 26.20 (SD=14.58) to 19.33
(SD=14.15) in Experiment 2, and from 30.35 (SD=14.91) to
17.45 (SD=13.35) in Experiment 3. Repeated measures
ANOVAs confirmed that participants stopped earlier across
games in Experiment 2, F(4,664) = 11.39, p < .001, and
Experiment 3, F(4,716) = 29.14, p < .001.

Results
Figure 3 shows that for Experiment 2 participants in the
detailed instructions condition earned more points than
those in the vague instructions condition, t(196) = 1.82, p <
0.05 (one-tailed). The same pattern appeared in Experiment
3, but was not significant, t(298) = 1.24, p = 0.11.
Participants earned more points in Experiment 2 (M =
2,352.74, SD = 14.41) compared to Experiment 3 (M =
2,089.47, SD = 16.70), t(496) = 9.07, p < 0.001 (two-tailed).
In both cases detailed instructions increased choices for the
target and decreased choices for the lure.
Figures 5 and 6 show the major experimental results
collapsed across instructions conditions. Participants
developed a strong preference for T and L, though they
chose these more in Experiment 2 (M = 0.85, SD = 0.13)
than Experiment 3 (M = 0.77, SD = 0.23), t(496) = 7.20, p <
.001 (two-tailed). This difference was driven by
performance in early games. In Experiment 2, the
probability of choosing T or L increased from 0.84 to 0.87
across games, F(4,664) = 1.11, p = 0.35. In Experiment 3,
this increase was more striking; rising from 0.70 to 0.83,
F(4,716) = 7.64, p < .001.

Figure 6: Results from Experiment 3.
The “use it or lose it” dynamics of Experiment 3 meant
that that exploration was best done in “streaks”; selecting an
option multiple times to get a sense of its current value and
growth rate. Figure 7 shows that people adopt this strategy.
It depicts the mean streak length calculated across a moving
window of 20 trials, where a streak is defined as a sequence
of consecutive choices for the same option. Comparing the
experiments supports our earlier findings that participants in
Experiment 3 showed more change across games, with
mean streak length increasing from 7.97 (SD=5.62) to 14.06
(SD=4.55) across games compared to an increase of only
9.43 (SD=5.42) to 12.87 (SD=5.31) in Experiment 2. The
effects of environmental dynamics are particularly evident
at the beginning of each game. In Experiment 2 streak
length across the first twenty trials increasing modestly from
2.90 (SD=2.37) to 4.48 (SD=3.62), F(4,664) = 9.70, p <
.001. In Experiment 3, however, participants began Game 1
with short streaks (M=2.57, SD=2.35), but by Game 5 had
learned to concentrate on one option at a time (M=6.25,
SD=4.65), F(4,716) = 28.38, p < .001.

Figure 5: Results from Experiment 2.
Exploration was similar across experiments, though
Experiment 3 saw larger changes across games. Figures 5
and 6 show that the probability of switching decreased
across trials. Across games, sampling became more efficient
and people switched less. This was more notable in
Experiment 3, where the probability of switching in Game 5
was 0.12 (SD=0.15) compared to 0.17 (SD=0.18) in Game 5
of Experiment 2. This pattern repeats for stopping point,

Figure 7: Mean streak length in a moving window of twenty
trials.
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Discussion
In Experiments 2 and 3, participants developed a strong
preference for Options T and L over B1 and B2. However,
they often preferred the suboptimal L most of all. Perhaps
participants failed to learn that T offered better long-term
rewards than L due to insufficient late-game exploration.
However, another possible explanation is that participants
understood the difference between T and L, but could not
distinguish between them before reach a “point of no
return”, after which it would be better to continue with L
than switch to an “undeveloped” T.
Comparing the experiments, performance in Game 1 of
Experiment 3 was adversely affected as participants
struggled to understand the relationship between their
choices and payoffs. Maximization (i.e. choosing T) and
points totals were subsequently low in Game 1 of
Experiment 3. Participants in Experiment 2 had an easier
time distinguishing the options in Game 1. This would
explain why more people were drawn to the lure—which
offered the highest payoffs at the beginning of each game—
in Experiment 2 compared to Experiment 3, where early
advantage of L over T would have been harder to notice.
By Game 5, however, performance in Experiment 3 had
improved substantially, with participants finding the target
option and earning points at rates similar to what we
observed in Experiment 2. Indeed, behavior in Experiment 3
was characterized by substantial changes across games as
participants adapted to their environment. This can be seen
in stopping point and streak length (especially for the first
twenty trials). In Game 1, participants were more
exploratory—with more switching and later stopping
compared to in Experiment 2—but by Game 5 they had
prioritized exploitation of their accumulated knowledge, and
showed less exploration compared to in Experiment 2. Thus,
participants eventually achieved comparable performance,
despite being in a less advantageous environment.

The model also proposes two types of processing
differences across individuals. First, the minimum number
of exploratory choices per option differ, with individual
values drawn from a normal distribution, N(3,1). Second,
agents may or may not enter the monitor state. Most
individuals simply exploit the best option (after
exploration), while others check if it plateaus. The model
represents this monitoring by fitting a line to the ten most
recent payoffs produced by an option. If the slope drops
below 0, the agent switches to exploiting the second best
option for the remaining trials. We use ρ to denote the
proportion of individuals who enter a monitor state.
One of our main objectives is to understand the learning
that occurred across games. Since we hypothesized that
participants became more aware of the underlying payoff
distributions over time, we expected that the number of
individuals monitoring for plateaus would increase across
games. We therefore explore the predictions of the DSM
across a range of ρ values to see how well this captures the
behavioral changes we observed across games.
Although the DSM did well to capture behavior in
Experiment 1, for the sake of brevity we focus here on
Experiments 2 and 3. Figure 8 shows predicted choices for
Experiment 2 are quite accurate. The model reproduces the
crossing over of T and L for a range of ρ values. This effect
is more pronounced when a greater proportion of agents are
monitoring for plateaus. Predicted switching rates match
those observed in the data, although with slightly more early
switches and fewer late switches. This is also reflected in
stopping point distributions, which show that moderate
values were more frequent than was observed. These misfits
could be improved by introducing additional stochastic
variability within or between individuals.

A Cognitive Model for Skilled Bandits
In contrast to many simple RL models, the discrete state
model (DSM) does not rely on one continuous process, but
rather posits that decision makers can possess three distinct
processing states2. In the explore state, agents sample each
option a minimum number of times. After each option has
been sufficiently explored, the agent enters the exploit state.
Here it repeatedly chooses the option that yielded the
highest mean payoff during exploration. Finally, some
agents then enter a monitor state in which they check if the
option being exploited ceases to develop. If this happens,
the agent switches to exploiting the option that produced the
second highest mean payoff during exploration. Thus, DSM
instantiates the simple intuition that participants solved the
skilled bandit task by briefly surveying their options,
quickly transitioning to exploiting the most promising
option, and (in the case of some individuals) switching to
the next best option if the first stops developing.

Figure 8: Predictions of the DSM in Experiment 2.
Figure 9 shows that the DSM, like many participants,
found it harder to identify the advantageous options in
Experiment 3. In line with our observations, preferences for
T and L were weaker than in Experiment 2. That said, the
model performs worse than participants, who rarely chose
B1 and B2 at the end of a game. Qualitatively, predicted
sampling behavior matched participants’, although the
model produces more midgame switching and stopping.

2 We also tested several simple RL models, but none performed
as well as the DSM.
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presents a challenge to RL models that rely on a single,
continuous learning process.

Conclusion

Figure 9: Predictions of the DSM in Experiment 3.

General Discussion
In three experiments, participants learned to make adaptive
choices in a skilled bandit task. Performance was good, with
most individuals exploiting options with high payoffs and
growth. Learning across games was characterized by
increased efficiency in sampling (e.g. less switching, earlier
stopping). With experience, participants were able to find
good options with less exploration. Impressively, this
reduction in sampling coincided with greater maximization,
indicating that participants had learned to make better
decisions using less information. The effects of instructions
were small and did not occur in all experiments suggesting
that vague instructions regarding skill development, coupled
with direct experience of making choices, was sufficient to
understand the task dynamics. Indeed, if verbal instructions
at the beginning of the experiment affected behavior, this
was quickly overshadowed by the learning that occurred in
the task. Experiments 2 and 3 showed that participants
adapted their strategies in response to the choice
environment. When payoffs obeyed a “use it or lose it” rule
(Experiment 3), participants learned to minimize
exploration—sampling less, stopping earlier, and choosing
in streaks—in order to avoid payoff decrements. This
explains why performance across experiments was so
different in Game 1, but was quite similar by Game 5.
However, learning was imperfect and participants often
failed to choose the option that offered the maximum
payoff. In part, this stems from the inherent difficulty of the
skilled bandit task – where decision makers must act on
incomplete information – though it also points to the use of
simple strategies for learning and making decisions.

Our findings suggest that, with experience, individuals can
learn to thrive in complex, uncertain, reactive environments.
Across three experiments, individuals learned to make
adaptive decisions. Across games, they became more
efficient, earned greater rewards and with less exploration.
This suggests that participants accumulated knowledge
about the developmental trajectories of skills. As this
knowledge increased, participants were better able to make
inferences about unexplored options, allowing them to
improve their performance on subsequent games and
reducing their need to explore. The success of the DSM in
using distinct processing stages provides a promising
avenue for future investigations into people’s strategies for
leveraging past experience for effective decision making.
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Modeling Insights
To better understand these strategies, we developed the
DSM based on the idea that decision makers complete each
game in three stages. The model generally reproduced the
observed choice patterns and sampling behavior. However,
it failed to fully capture behavioral changes across games,
indicating that additional learning mechanisms are needed
to explain how processing became more efficient (i.e. more
accurate with less exploration). That said, the success of the
DMS – with its focus on discrete cognitive processes –
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Abstract
We propose a formal model of humans’ intuitive theories of others’ emotions. From a single choice in a social interaction
(e.g. the choice to cooperate in a Prisoner’s Dilemma game), human observers can infer a player’s complex values, such as
prosocial preferences and reputational concerns. When the player then experiences a new situation (the game’s outcome),
observers infer the player’s reaction to the event based on the mental state likely to have produced the player’s action. Here
we capture this process by inverting a richly structured generative model of social gameplay, including social equity and
reputational dimensions, and translate players’ subjective motivations, expectations, and prediction errors into forward
predictions of the emotional experiences of the players. Our model infers players’ values and expectations, generates
patterns of play that match observers’ intuitions, and supports formally generated emotion predictions with substantially
extended breadth and nuance.
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Order matters: Distributional properties of speech to young children bootstraps
learning of semantic representations
Philip Huebner
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Abstract
Some researchers claim that language acquisition is critically dependent on experiencing linguistic input in order of increasing complexity. We tested this hypothesis using a simple recurrent neural network (SRN) trained to predict word
sequences in CHILDES, a 5-million-word corpus of speech directed to children. First, we demonstrated that age-ordered
CHILDES exhibits a gradual increase in linguistic complexity. Next, we compared the performance of two groups of
SRNs trained on CHILDES which had either been age-ordered or not. Specifically, we assessed learning of grammatical
and semantic structure and showed that training on age-ordered input facilitates learning of semantic, but not of sequential
structure. Follow-up analyses suggest that higher noun-density in speech to younger children combined with weight entrenchment could account for this effect. The persistent learning improvement is consistent with the neural commitment
hypothesis in the second language acquisition literature, which asserts that L1 representation reduces neural resources
available for L2 learning. Similarly, exposure to noun-rich input first but not last (age-ordered CHILDES), may induce a
representational advantage for lexical semantic acquisition.
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Abstract
The Iowa Gambling Task (IGT) is an established tool
used for evaluating the role of emotional learning under
conditions of uncertainty. To date, however, the
majority of studies have not explicitly manipulated the
emotional content within the IGT or examined the effect
of doing so on different populations. We address this
gap in the present study, focusing our analysis on two
groups: low vs. high psychopathy individuals in
subclinical populations. Our findings demonstrate that
emotional content boosted learning for the high but not
the low psychopathy group.
Keywords: Iowa Gambling Task; emotional learning;
psychopathy; decision making

Introduction
The Iowa Gambling Task (IGT) is an experimental
paradigm developed by Damasio (1994) to evaluate the role
of emotional learning in decision making. The IGT requires
participants to gain as many points as they can by making
selections from four decks of cards. When turned over, each
card indicates a reward or a punishment (e.g., points or
money). Two of the decks are “good” decks that will yield
winnings over time, while the other two decks are “bad”
decks that will result in losses over time. Thus, to win,
individuals must learn to avoid the bad decks.
Damasio (1994) proposed that the IGT measures
emotional learning, which involves obtaining information
from emotion-related constructs, called somatic markers,
rather than cognitive constructs. In the context of the IGT,
the rewards and punishments over time from a given deck
determine the somatic marker for that deck. These markers
reflect the deck’s long term consequences and so help drive
decision making in future selections.
The IGT is commonly used to evaluate various clinical
populations’ ability for emotional learning, including
individuals with substance abuse problems or psychopathic
traits (Mahmut, Homewood, & Stevenson, 2008). Although
the findings have not always been consistent (Adinoff et al.,
2003; Losel & Schmucker, 2004), in general, it is
established that various clinical populations have trouble

learning to avoid the bad decks compared to healthy
controls (Barry & Petry, 2008; Mahmut, Homewood &
Stevenson, 2008). This inability to learn to avoid the bad
decks is attributed to poor emotional learning.
Despite this established tradition of using the IGT to
evaluate emotional learning, it is not clear that emotional
learning is actually required for the IGT. For instance, there
is no conclusive neural evidence that emotion is involved in
the IGT learning process (Dunn, Dalgleish, & Lawrence,
2006) and Maia and McClelland (2004) have demonstrated
that there is sufficient explicit “rational” information to
account for learning in the IGT. Consistent with this, higher
intelligence scores predict better IGT learning (Webb,
DelDonno, & Killgore, 2014). Likewise, poor performance
on the IGT in clinical populations can be attributed to poor
focus and poor rational thought processes related to the
clinical problem.
The issue with the proposal that the IGT measures
emotional learning is that the constructs of emotional
learning and rational learning are confounded in the IGT.
The higher overall punishment rate in the bad decks is
assumed to create negative emotional associations with
those decks, but the punishments also provide statistical
information indicating the bad decks are a poor choice.
Thus, the IGT provides both emotional and rational
feedback for each deck, making the role of emotion unclear.
To discern the role of emotional learning in the IGT, the
level of emotion experienced during the IGT must be
controlled without altering the rational information
provided by the task. Along these lines, Heilman, Crisan,
Houserm and Miu (2010) and Bollon and Bagneux (2013)
showed that manipulating participants’ emotion before the
IGT influenced IGT performance. For instance, Bollon and
Bagneux (2013) showed that people perform worse on the
IGT when they experienced emotions associated with
uncertainty. However, these results could stem from the a
priori induced emotion affecting rational thinking during
the IGT.
Davies and Turnbull (2011) and Hinson, Whitney,
Holben, and Wirick (2006) went a step further by
associating the entire decks with positive or negative
emotional labels. The labels were either congruent with the
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decks (e.g., positive words with good decks and negative
words with bad decks) or incongruent with the decks (e.g.,
negative words with good decks and positive words with
bad decks). Participants performed better in the congruent
conditions than incongruent ones. However, emotionally
labeling the decks can provide rational cues on a deck’s
utility. Thus, interference from incongruent labeling and
facilitation from concurrent labeling can be interpreted as
interfering or facilitating rational learning processes.
Aïte et al. (2013) further developed the IGT congruency
paradigm to investigate emotional learning. In contrast to
the works cited above, Aïte et al. (2013) associated the
emotional labeling with the rewards and punishments on
individual cards rather than the decks. For example, in the
congruent condition, happy faces were presented following
rewards and fearful faces following punishments. There was
a significant facilitation effect for the congruent condition
over a control condition that did not include emotional
information. This result can be interpreted as the congruent
condition boosting the negative and positive emotional
impact of the punishments and rewards, respectively, but
further investigation is needed to validate these findings.
In general, while these studies produced results consistent
with the presence of emotional learning, the above
discussion also highlights that it is challenging to design an
experiment that can categorically rule out that learning in
the IGT is rational instead of emotional. However, if
emotional learning is a factor then it should be possible to
garner evidence by gathering converging results from
different types of emotional manipulations within the IGT.
With this in mind we designed a different variant of the IGT
to test for emotional learning.

Present Study
The present study included people high and low in
subclinical psychopathy, a population prior work has shown
to have deficits in emotional learning and problems with
learning from punishments (Lykken, 1957; Newman and
Kosson, 1986; Blair et al., 2004). In line with these results,
people higher in psychopathic traits perform poorly on the
IGT than people with lower psychopathic traits (e.g.,
Mahmut et al., 2008; Mitchell, Colledge, Leonard, & Blair,
2004). In theory, people high on psychopathy do poorly on
the IGT because the punishments do not produce an
emotional reaction (or produce a weak emotional reaction),
so emotional learning is impaired due to a lack of emotional
information.
We defined emotional information as information arising
from the strength of emotional responses and emotional
learning as learning from emotional information. This is
distinct from emotional effects on learning, where emotions
impede or facilitate rational learning (e.g., by modulating
attention).
We manipulated emotional information by presenting
negative emotion-inducing images following card selections
resulting in lost points. In each case, the magnitude of the
emotional impact of the image was designed to match the

numerical severity of the punishment. Thus, in the modified
IGT conditions, all of the decks included negative imagery,
since all the decks had punishment cards. Importantly, the
emotional information in the images did not add information
to the task that was not already available in the punishments
amounts.
If the reported inability of people high on psychopathy to
learn the IGT is due to a problem with emotional learning
then boosting the strength of the emotional information
could improve learning. However, if the reported inability
of people high on psychopathy to learn the IGT is due to a
problem with rational learning then redundantly adding the
same punishment information through the severity of the
negative imagery should not improve learning. In our study,
we also included people low on psychopathy to replicate the
effect that higher psychopathy scores predict worse
performance on the IGT.

Method
Participants
The participants were 250 undergraduate students (Mage =
21.12 years, SD = 3.44) who participated for extra course
credit. Due to a software error, 30 participants were not
properly randomized to one of the study conditions. To
avoid bias, we excluded this condition and the present
analysis is based on data from 220 participants (143
identified as female; Mage = 21.20 years, SD = 3.58).

Materials
Standard and Modified Iowa Gambling Task. The
experiment included a standard and a modified version of
the IGT. The decks of cards in each version were identical
(four decks per version with 40 cards per deck). As is
standard in the IGT, two of the decks provided small
rewards in terms of points, but also small punishments (see
Decks C and D in Figure 1, top), while two of the decks had
higher-reward cards but also higher-punishment cards (see
Decks A and B in Figure 1, top).
For the modified IGT, we kept the structure of the task the
same, but added either neutral or affect-inducing images
(depending on the condition), shown immediately after
making a card selection and before displaying the points
earned or lost (see Figure 1, bottom). The 140 images came
from the International Affective Picture System (IAPS;
Lang, Bradley, & Cuthbert, 2008). IAPS images have
validated ratings for valence, arousal, and labels for discrete
emotion categories (Lang et al., 2008; Mikels, Fredrickson,
Lingberg, Magilo, & Reuter-Lorenz, 2005). Thus, IAPS
provides an established way to manipulate emotional
content, since prior work has confirmed the target emotion
is induced by a given image.
Self-report psychopathy scale (SRP). The Self-report
psychopathy scale, SRP (Paulhus, Hemphill, & Hare, in
press) is an established 64-item self-report questionnaire
used to assess the level of psychopathic traits in subclinical
populations; the instrument demonstrates good reliability
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Figure 1: (top) Description of the reward and punishment cards in the risky (R) and advantageous (A) decks; (bottom)
Sample presentation sequence of selecting a reward and punishment card for risky Deck B in each condition: fear, neutral,
disgust, and the standard IGT, left to right.

and validity (Neal & Sellbom, 2012). The SRP asks
participants to rate the degree to which various statement
relate to themselves (e.g., “I have tricked someone into
giving me money”, “It's fun to see how far you can push
people before they get upset”) on a Likert range from 1
(Disagree Strongly) to 5 (Strongly Agree). A higher score
on the SRP indicates a greater degree of psychopathic traits,
with a maximum score of 320.

Procedure
The study was conducted online in a single session that
lasted approximately an hour and a half. After participants
provided consent, they then completed the demographics
and SRP scale (participants also filled in several additional
surveys, which were not included in the present analysis).
Following completion of the surveys, the IGT portion of the
experiment began. Participants were told that the purpose of
the task was to gain as many points as possible, and that
points are gained or lost by selecting cards from the four
decks. Participants were unaware that some decks were
good (or bad).
We used a between-subjects design, with participants
randomly assigned to either the standard IGT condition (n =
67), or one of the modified IGT conditions (neutral IGT, n =
52; disgust IGT, n = 58; fear IGT, n = 43). In all conditions,

participants were shown the four card decks simultaneously
and made selections from the decks – the experiment ended
after a participant made 100 selections (i.e., trials). After a
card selection, participants were immediately shown the
point value of their selection (standard IGT condition), or
an image for 1 second followed by the point value (modified
IGT conditions, see Figure 1, bottom).
Since our goal was to boost the emotion associated with
the punishment cards, the reward cards in all modified IGT
conditions were always followed by an emotionally neutral
image (Figure 1, bottom). In contrast, the punishment cards
varied their emotional content based on the condition (e.g.,
for the disgust condition, images inducing disgust; for the
fear condition, images inducing fear). To determine which
image to show after a card selection, we
1. Mapped the discrete emotion category of an image to a
given condition (e.g., images categorized as “disgust”
according to Mikels et al. (2005) rating system were
assigned to the disgust condition) and
2. Mapped the valence and arousal ratings to the point
value of a given card (e.g., more punishment resulted
in images being shown that were more intense
according to Lang et al.’s (2008) rating system).
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The only exception was that in the neutral condition, the
punishment cards were paired with neutral images designed
to not elicit an emotional response. Thus, this condition is
similar to the standard IGT, but allowed us to control for
any possible stimulation induced by the mere presence of an
image.

Results
In preparation for the analysis we used the standard method
applied in IGT research (e.g., Mitchell et al., 2002, Werner,
Duschek et al., 2009), which involves dividing the 100 trials
each participant completed into five blocks (e.g., Block 1
corresponds to trials 1-20, Block 2 to trials 21-40), and
calculating the number of risky selections (A+B) and the net
score [(C+D) – (A+B)]. Below, we use risky selections as
the dependent variable (note that the results, including the
statistical parameters, are identical if net score is used
instead).
For the present analysis, our primary goal was to
understand the impact of negative emotion induction on
learning to avoid the risky decks. Thus, we collapsed the
two negatively-valenced emotion conditions (fear and
disgust), into a negative valence condition, and the two
neutral conditions (neutral and standard), into a neutral
valence condition. Before doing so, we verified that there
was no difference between the two negatively-valenced
conditions, and no differences between the two neutral
conditions, as confirmed by
- a mixed ANOVA (disgust vs. fear, F(3.5, 367.5) =
0.77, p = .53; neutral vs. standard, F(3.5, 367.5) =
0.77, p = .78,
- visual inspection of graphs showing performance over
blocks in each of the conditions (the graphs for disgust
and fear conditions, with block in the x-axis and
number of risky decks selections on the y-axis were
virtually identical - this was also the case for the
graphs for neutral and standard IGT conditions).
Our sample displayed moderate levels of baseline
psychopathy as captured by the SRP (M = 152.76; SD =
30.64), for instance compared to Neal and Selbom (2012)’s
SRP college sample mean of 121.17. As expected,
psychopathy was positively related to the total mean number
of risky deck selections, r(218) = .27, p < .01, with
individuals higher on psychopathy making more risky deck
selections overall.
To investigate the interaction between psychopathy and
emotion and its impact on IGT performance over time, we
divided individuals into a low psychopathy group (bottom
40% of the SRP scores) and a high-psychopathy group (top
40% of the SRP scores). We did not include the middle 20%
since this has the potential to obscure results (as individuals
closer to the mean are essentially arbitrarily assigned to a
given group). Our results hold if a different split is used,
e.g., bottom and top 33%.

Impact of Emotion Induction and Psychopathy on
Learning
To understand how induced emotion affects learning in the
IGT, as well as how psychopathy interacts with this process,
we used a mixed ANOVA with psychopathy (low, high) and
condition (neutral valance, negative valance) as the two
between-subjects factors and block as the within-subjects
factor.
Of primary interest is the three-way interaction (block x
psychopathy x condition), which informs on how emotion
and low vs. high psychopathy traits influence IGT learning.
The interaction was significant, F(3.5, 619.2) = 2.82, p =
.03, ηp2 = .016. As shown in Figure 2, there was a marked
difference in terms of learning for the low vs. high
psychopathy groups and this difference depended on the
type of emotion induction present (negative vs. neutral). In
the negatively-valenced condition, both the low and high
psychopathy groups show a reduction in the number of risky
deck selections over time, i.e., by block 5, both have a
similar number of risky selections, t(83) = .56, p = .58. In
contrast, in the neutrally-valenced condition, only the low
psychopathy group showed a reduction in the number of
risky selections while the high psychopathy group learning
is flat, i.e., by block 5 the low psychopathy group made
significantly fewer risky selections than the high
psychopathy group, t(73.9) = 4.1, p < .001.
A key implication of these findings is that emotion
induction in the IGT only effected individuals with higher
levels of psychopathy. The low psychopathy group’s graphs
for the two conditions are not significantly different
(confirmed by an ANOVA reporting a non-significant block
x condition interaction, F(3.4, 300.1) = 0.7, p = .55, ηp2 =
.008). In contrast, the high psychopathy group’s graphs do
show an interaction between block and condition
(confirmed with an ANOVA that included only the high
psychopathy individuals, F(3.6, 312.6) = 3.3, p = .014, ηp2 =
.036). As shown in Figure 2, the high psychopathy group in
the negative valence condition made significantly fewer
risky deck selections in block 5 than the high psychopathy
group in the neutral valence condition, t(88) = 2.1, p = .039.

Discussion
Our results indicate that emotional learning does take place
in the IGT. The results for the neutrally-valenced conditions
replicate the finding that participants high on psychopathy
have reduced IGT performance. However, when the
emotional information was boosted through negative
imagery in the experimental condition, the high
psychopathy participants were able to learn to avoid the
risky decks in the IGT (albeit more slowly than the low
psychopathy participants as shown in Figure 2, right).
Overall, this suggests that people high on psychopathic
traits are not unable to learn from emotional information,
but may have weak emotional reactions. However, as our
study only included subclinical psychopathy, these
conclusions should not be extended to clinical psychopaths.
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Figure 2: Interaction between the emotion conditions (neutral vs. negative valence), learning, and psychopathy (low
vs. high).

The images in our study did not add additional information
beyond the punishment amounts as their intensity matched
the punishment amounts. Thus, the only difference between
the conditions was the presence of the emotional imagery.
One could argue that the improvement in performance was
due to an emotional effect on rational learning, by assuming
that the emotional imagery increased motivation to
minimize the punishments and so induced a focused
learning effort. However, this is not likely as we did not find
improvement in performance for the low psychopathy group
in the emotional condition.
In terms of non-clinical populations, Davies and
Turnbull (2011) did not find a facilitating effect for
emotionally labelling the decks, while Aïte et al. (2013) did
get a facilitating effect for emotionally labelling the cards.
There are several explanations for why we did not get an
effect for the low psychopathy participants while Aïte et al.
(2013) did get an effect. First, Aïte et al. (2013) used a
modified payoff scheme, while we did not. Second, Aïte et
al. (2013) provided emotional boosts for both punishments
and rewards, while we boosted only punishments. Finally,
while we provided emotional boosts that matched the
punishment magnitudes, Aïte et al. (2013) provided the
same emotional boost (e.g., the same fearful face for
punishments). Any one of these differences could account
for the discrepancy and more experiments that
systematically manipulate emotional information in the IGT
are needed to address these questions. Another avenue for
future work relates to investigating the effect of positive
emotional information. This could be done through an
experiment where the rewards are paired with positive

images and punishments are paired with neutral images.
This would clarify whether positive emotional information
also impacts IGT performance.
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Abstract
A surge of recent research on fraction representation has
provided substantial insight into how people think about
proportional information in written, symbolic form and in
visual, non-symbolic form. However, how fractions and
decimals are verbally labeled is an often-overlooked aspect of
proportion representation. In the current study, we
investigated how adults label fractions and decimals (Study 1)
and how children in a range of grades label fractions (Study
2), using a novel web-based platform for accessing student
data from real classrooms (ASSISTments). In both studies,
children and adults showed remarkable consistency in the
kinds of labels they used. However, there were some
differences in label preferences across notation and gradelevel. Although the relations between fraction labeling and
fraction ability remain unclear, these studies provide a first
look at the kinds of labels that people typically use and
provide some initial hypotheses for future research into
symbolic representations of proportion.
Keywords: fractions; decimals; labels; ASSISTments

Introduction
Fractions have been an important topic in educational
research for decades. Recently, however, there has been a
resurgence of interest in the topic by both psychology and
educational researchers, motivated by recent findings that
fraction ability and knowledge may be an important
gatekeeper to later math skills (Booth & Newton, 2012).
This research has provided substantial insight into the
mental representation of fraction magnitudes (e.g.,
Schneider & Siegler, 2010) and how people think about
symbolic fractions relative to symbolic decimals (e.g.,
DeWolf, Grounds, Bassok, & Holyoak, 2014; Hurst &
Cordes, 2016, 2018) and non-symbolic representations of
proportion (e.g., Matthews & Chesney, 2015). However,
little research has investigated fraction language. The
current study is a first step to investigating the variety of
ways in which symbolic fractions and decimals are labeled,
and how the use of these labels may relate to children’s and
adults’ experience and ability with rational numbers.
Fraction and decimal symbolic notations are complex,
involving both Arabic numerals and non-numerical symbols
(e.g., vinculum, decimal point), and are quite different from
each other. Importantly, fractions and decimals can also
convey distinct concepts. For example, adults and children
are better able to use magnitude information from symbolic
decimals than fractions (Hurst & Cordes, 2016, 2018). On
the other hand, fractions may be better suited for discrete

contexts in which part-whole information is necessary
(DeWolf, Bassok, & Holyoak, 2015). Although substantial
recent work has shed light on how symbolic, written
notations are processed, substantially less work has
investigated how fraction and decimals may be verbally
labeled.
From research with whole numbers, we know that the
language used to label quantities can have dramatic impacts
on the way people think about the magnitudes represented
by them. For example, children learning languages that use
a more explicit base-10 number system for their verbal
number labels tend to have better counting skills than
children learning English (Fuson & Kwon, 1992; Laski &
Yu, 2014). Some cross-linguistic work with fraction labels
suggests that transparency in fraction labels may also be
critically important. For example, using the labels “of five
parts, three” or “three of five parts” may help young
children learn symbolic fractions better than traditional
English labels like “three fifths” (Mix & Paik, 2008).
Importantly, however, even within the English language
there are a variety of ways to label symbolic fractions. For
example, if presented with the symbol 3/5, we may refer to
it as “three-fifths”, “three over five”, or “three out of five”.
Importantly, all three of these labels are correct and
commonly used in everyday contexts. Yet, these labels are
not the same; each has a different structure. In particular,
“three-fifths” is the abstract and formal label that is taught
in school, but it does not describe the symbol or the relation
in any concrete way. On the other hand, “three over five”
directly describes the formal fraction symbol (i.e., that the
number three is written over the number five) and “three out
of five” describes the fractional relation. Relatedly, decimals
are often taught using formal fraction and place-value labels
(e.g., “seventy five hundredths”), but colloquially the
symbol is simply described (e.g., “zero point seven five” or
“point seven five”).
Thus, these distinct ways of talking about fractions and
decimals may differentially rely on our formal knowledge of
rational numbers, the symbolic notation, and the magnitude
being represented. Despite the high flexibility in the way we
label symbolic fractions and decimals, little is known about
how these types of labels are used across distinct notations
(fractions, decimals) or may depend on the familiarity or
simplicity of the magnitude (unit fractions, non-unit
fractions) and the individuals’ experience and/or ability with
symbolic rational numbers.
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For example, substantial work suggests that “half” may be
a privileged magnitude, even for young children (Spinillo &
Bryant, 1991). Even beyond half, some magnitudes may be
simpler or more common than others. For example, unit
fractions (fractions with a one in the numerator) are the first
types of fractions to be taught (National Governors
Association Center for Best Practices, 2010), and are often
considered easier than non-unit fractions. Therefore, when
investigating how people think about numbers beyond the
count list (i.e., natural numbers), it may be crucial to
consider how the specific notation system (decimals and
fractions) as well as the simplicity of the particular
magnitude may impact the verbal labels used.
In the current study we report two studies addressing
three specific research questions: (1) What kinds of labels
do adults use for fractions and decimals, and do they differ
(Study 1)? (2) Do adults’ preferred labels differ across unit
and non-unit magnitude values (Study 1)? And (3) What
labels do children use for non-unit fractions and are labeling
preferences associated with educational experience (i.e.,
grade) and/or ability (Study 2)?

Study 1
In Study 1, we asked adults to label either fractions or
decimals, in a between-subject design. The values were
taken from both unit fractions with small denominators and
non-unit fractions with larger denominators, as well as the
approximately equivalent decimals (up to rounding error).
Our central goal was to describe the kinds of labels that
adults used for symbolic rational numbers and whether they
differed across notation and the type of magnitude. That is,
are different notations and different magnitudes likely to be
labeled in different ways? In addition, we were interested in
exploring how labeling preferences may be related to
fraction performance, using a symbolic magnitude
comparison task. However, as revealed below, extremely
high consistency in symbol labeling made it impossible to
address this question and thus we will not discuss the
magnitude comparison task any further.

Method
Participants Adults were recruited via Amazon Mechanical
Turk (www.mturk.com). Participants were paid $0.15 for
participation, which took approximately five minutes.
Participants were randomly assigned to complete one of two
versions of the task (fraction or decimal).
In the fraction version, our sample consisted of 109 adults
(age range: 19 – 72 years, M = 35.5 years, SD = 12.7, 46%
male; 12.8% completed high school only, 64.2% attended at
least some college, and 22.9% attended at least some
graduate school). In the decimal version, our sample
consisted of 99 adults (age range: 19 – 71 years, M = 33.9
years, SD = 11.4, 47% male; 10.2% reported only
completing high school, 66.3% attended at least some
college, and 23.5% attended at least some graduate school).

Symbolic Labels Task Each participant was presented with
three unit fractions or the approximately equivalent decimal
value (1/2, 1/4, 1/3 or 0.5, 0.25, 0.3; always presented in
that order) and two non-unit fractions or the approximately
equivalent decimal value (7/9, 5/8 or 0.78, 0.625; presented
in a random order). The order of the two types of
magnitudes (unit fractions (including half) v. non-unit
fractions) was counterbalanced across participants. On each
trial, adults were presented with a single symbol and an
empty text box and asked to type out how they would read
the number out loud before advancing to the next question.
Data Analysis Responses were coded based on the type of
label used. For fractions, labels were coded as: (1) Formal
Labels (e.g., one quarter, seven ninths), (2) Symbol
Descriptive Labels (e.g., one over four), (3) Division Labels
(e.g., one divided by four), or (4) Other. For decimals, labels
were coded as: (1) Formal Labels (i.e., the fraction or place
value labels taught in school; e.g., for 0.25: “one quarter” or
“twenty five hundredths”), (2) Symbol Descriptive Labels
(e.g., “zero point two five” or “point two five”), or (3)
Other. In both cases, other labels included incorrect labels,
responses that were not labels, responses that included
multiple labels, and non-responses.

Results and Discussion
First, we looked at the kinds of labels that adults used for
both notations, separated by the type of magnitude, with
“half” being considered separately (Table 1).
Notably, for adults in the fraction condition, the most
common label by far was the formal fraction label: 83.5% to
91.7% of adults consistently used this label, depending
slightly on the specific fraction. Regardless of whether the
fractions were relatively simple unit fractions (half, third,
quarter) or if they were less common and more difficult (7/9
and 5/8), adults were most likely to use a formal fraction
label and relatively unlikely to use any other label. This high
consistency may be due, in part, to the fact that our
participants were adults who were knowingly responding to
a survey and were likely extremely aware of the “correct”
(i.e., formal) response. Thus, this pattern does not rule out
the possibility that adults would use other labels in other
instances.
On the other hand, for adults in the decimal condition,
most used labels that described the symbol (e.g., “point
five”): 79.8% to 89.9% of participants’ used this label,
depending on the specific decimal. In general, very few
adults used the formal fraction or place-value labels for
decimals equivalent to the unit fractions (excluding half; 3%
of adults) or decimals equivalent to non-unit fractions (2%
of adults), but a slightly greater proportion (11%) used the
formal label “half” for the decimal 0.5.
Thus, adults tended to use distinct types of labels for
fractions and decimals. Although the formal, school-taught
labels were used for fractions, decimals were primarily
labeled using a label that describes the symbolic form itself.
One possibility for this is that adults were less aware of the
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formal, place-value labels (e.g., twenty five hundredths) for
decimals, potentially because of their rarity outside the
classroom. This is discussed further below.

Inconsistent

Half (0.5)
Equiv. Unit
(0.3, 0.25)
Equiv. Non-Unit
(0.625, 0.78)

Other

Unit
(1/3, 1/4)
Non-Unit
(5/8, 7/9)

Division

Decimals
N = 99

Fractions
N = 109

Half (1/2)

Descriptive

Coding Category:

Formal

Table 1: Percent of participants using each label type.

91.7

1.8

0.9

5.5

NA

91.7

1.8

0.9

4.6

0.9

83.5

4.6

2.8

6.4

2.8

11.1

81.8

NA

7.1

NA

3.0

79.8

NA

7.1

10

2.0

89.9

NA

6.1

2.0

Study 2
Given the low variability in adults’ labeling in Study 1, in
Study 2 we investigated whether children who are actively
learning symbolic fractions would show more meaningful
variability in their fraction labeling. Thus, we investigated
how 4th - 12th grade students label symbolic fractions and
how these labeling preferences may be related to experience
and/or ability with various fraction concepts and procedures.
To do this in an educationally relevant setting, we used the
ASSISTments platform (www.assistments.org; Heffernan &
Heffernan, 2014), a web-based adaptive mathematics tutor
that teachers incorporate into their lessons within the
classroom or as homework and external researchers can gain
access to the anonymous data of real students completing
real assignments. In this way, we were able to capture the
labeling preferences of a large number of students who are
actively in the process of learning symbolic fractions, across
multiple classrooms, schools, and states.

Method
Participants Our overall sample consisted of 1581 students
who completed anywhere from 1-4 targeted assignments,
resulting in a total of 2589 assignments, completed using the
ASSISTments platform between 11/2015 and 12/2017.
Teachers assigned the assignments as part of students’
regular education. As such, students were not randomly
assigned to the different assignments and the samples across
the four assignments may vary markedly (e.g., grade, time
of year, state, teacher) and are partially overlapping. In
particular, although some students only participated in one
assignment (n=811), many students participated in more
than one assignment (two assignments n=618; three

assignments n=66; four assignments n=86). The anonymous
data were provided to us from the ASSISTments platform
and the use of the data was approved through an exempt
IRB from Boston College. All datasets used in the current
study are made available through the ASSISTments
Research Team (2017a, 2017b, 2017, 2017d).
The fraction addition sample consists of 840 students (six
4th graders, 69 5th graders, 139 6th graders, 195 7th graders,
21 8th graders, 337 12th graders, and 73 unknown). The
fraction subtraction sample consists of 746 students (76 5th
graders, 164 6th graders, 191 7th graders, 17 8th graders, 10
10th graders, eight 12th graders, and 280 unknown). The
fraction equivalence sample consists of 417 students (eight
4th graders, 30 5th graders, 111 6th graders, 106 7th graders,
two 8th graders, 15 10th graders, 51 11th graders, and 94
unknown). The fraction magnitude comparison sample
consists of 586 students (18 4th graders, 49 5th graders, 168
6th graders, 140 7th graders, three 8th graders, 17 10th graders,
53 11th graders, and 138 unknown). Across all four
assignments, our samples come from 86 teachers, 65
schools, 52 districts, and 12 states.
Design All students first completed two questions about
how they verbally label different fractions. Students then
participated in one of four assignments, tapping different
skills: fraction addition, fraction subtraction, equivalent
fractions, and comparing fraction magnitudes.
These
specific skills were chosen because the skill builders already
existed within the ASSISTments platform, suggesting some
ecological validity to the educational relevance of the skills,
and because they cover a variety of concepts within fraction
learning that span several grades of fraction instruction. All
assignments were completed on a computer, as instructed by
the students’ teachers.
Fraction Labels Task Students were presented with two
questions, one at a time. In both questions, children were
shown a symbolic fraction (presented in their formal and
upright format with a horizontal fraction bar) and asked: “if
you were to read this fraction out loud to yourself, how
would you say it?”. Students were told there was no right or
wrong answer because people read fractions out loud in
different ways. On the first question, students were shown
5/7 and were prompted to type their answer in a textbox
exactly as they would say it. On the second question,
students were shown 3/8 and were given five multiplechoice options to chose from: “three-eight”, “three over
eight”, “three”, “three eighths”, and “three slash eight”.
Skill Builder Tasks Following the label questions, children
were presented with the Skill Builder assigned by the
teacher. A Skill Builder is a unique type of assignment
within ASSISTments that gives students random questions
from a larger question bank, allowing access to hints, until
students respond accurately to three questions in a row. The
basic structure of the skill builder and scoring was identical
across the four skill builders, however the nature of the
problems differed.
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Results and Discussion
Descriptive Analyses First, we looked at the kinds of labels
that students reported and how this differed across the
students’ grade (for those who self reported grade). Table 2
presents the number of students whose response was in each
category for the free response (Table 2A) and multiplechoice (Table 2B) questions.
When looking at the correct labels for both questions, the
two most common responses were the formal label (e.g.,
five sevenths) and the descriptive label using the term
“over” (e.g., five over seven). In order to get a better sense
of changes across grades in the use of these two labels in
particular, we used a binary logistic regression, predicting
label from grade (for the subset of students who reported
grade). For both the fractions 5/7 (n=580 using formal,
n=148 using “over”) and 3/8 (n=688 choosing formal,
n=187 choosing “over”), the model was statistically
significant (5/7: χ2(1) = 57.1, p < 0.001; 3/8: χ2(1) = 40.4, p
< 0.001) and accurately predicted 81.2% and 78.6% of the
cases, respectively. In particular, grade was a significant
predictor in both models. Odds of reporting the “over” label
increase by 1.4 times with each one unit increase in grade
for the fraction “5/7” (Wald χ2(1) = 56.4, p < 0.001) and 1.3
times with each one unit increase in grade for the fraction
“3/8” (Wald χ2(1) = 41.0, p < 0.001). Thus, students from
higher grades were more likely to use the label that
describes the symbol (“over”), than students from lower
grades. This might suggest that children’s use of the
descriptive label may be associated with more experience
with fraction symbols, whereas children’s early experiences
with fraction symbols may be less flexible to using
alternative labels, outside the formal label they are explicitly
taught.
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Division

Out of

1581

58.4

17.5

1.1

1.8

6.8

14.8

30
135
297
390
24
0
27
55
39

73.3
72.6
52.9
61.3
58.3
NA
7.4
65.5
30.8

6.7
3.0
12.5
13.6
12.5
NA
51.9
21.8
59.0

0
0.7
2.7
0.8
0
NA
3.7
0
0

0
1.5
2.0
2.6
4.2
NA
3.7
1.8
0

16.7
10.4
5.1
6.2
4.2
NA
11.1
3.6
2.6

3.3
11.9
24.9
15.6
20.8
NA
22.2
7.3
7.7

Other

Descriptive
(“over”)

Full
Sample
Grade 4
Grade 5
Grade 6
Grade 7
Grade 8
Grade 9
Grade 10
Grade 11
Grade 12

Multiple/
Inconsistent

Table 2A: % of Students Using Each Label Type for 5/7

Formal

Data and Data Analysis Students’ responses on the open
ended label question were categorized into one of the
following label categories: (1) Formal (e.g., five sevenths),
(2) Symbol Descriptive (e.g., “five over seven”), (3)
Division (e.g., five divided by seven), (4) Out-of (e.g., “five
out of seven”), (5) Other, which included incorrect labels
and non-responses, and (6) Multiple or Inconsistent labels.
For formal labels, the responses of “five sevenths”, “five
seventh”, and “five sevens” were all accepted, as they sound
highly similar to the true formal label, however “five seven”
was not accepted (and would have been categorized as an
incorrect label).
We will look at the data in two ways. First, to get a
descriptive picture of the kinds of labels students use across
grades, we will analyze all students, regardless of the skill
builder they participated in. For students who participated in
multiple skill builders, students who reported a consistent
label will be grouped into that label category and students
who were inconsistent in their labels will be categorized as
such (i.e., within “multiple or inconsistent labels”). Second,
to look at the relations between the kinds of labels students
use and their fraction ability, we analyzed each skill builder
separately.
Reported demographic information is based on selfreports within the ASSISTments platform. Since grade (i.e.,
year in school) was not required information many students
did not report it, resulting in substantial missing data
(584/1581 students did not report their grade). Thus,

although we have included some analyses looking at
educational level, these rely on a substantially smaller
subsample of students that have reported their grade.

Total N

The Addition skill builder involved adding two symbolic,
proper fractions with different denominators. On each
question, two symbolic fractions were presented with a “+”
in between and students were asked to find the sum and type
it into a text box either as a reduced proper fraction or as a
mixed number (e.g., 2 ¼).
The Subtraction skill builder involved subtracting one
symbolic, proper fraction from another with different
denominators. On each question, two symbolic fractions
were presented with a “-” in between and students were
asked to find the difference and type it into a text box either
as a reduced proper fraction or as a mixed number.
The Equivalent Fractions skill builder involved finding a
missing value in order to make two fractions equivalent or
converting a single fraction into a different form (e.g.,
simplifying a fraction or converting into a mixed number).
The problems were presented in one of three ways: (1)
symbolically, with two fractions on either side of an equal
sign and a variable in one of the fractions (e.g., 3/6 = x/12),
(2) as a word problem with only one symbolic fraction and a
written statement asking students to find the missing
numerator/denominator of an equivalent fraction (e.g., 3/6:
find the denominator of a fraction equivalent to the given
fraction with a numerator of 30), or (3) as a single symbolic
fraction the student needed to convert (e.g., convert the
improper fraction 23/6 into a mixed number).
In the Magnitude Comparison skill builder, students were
presented with two symbolic proper fractions and asked to
choose which fraction was greatest.

Descriptive
(“over”)

Descriptive
(“slash”)

69.6

20.2

0.2

0.9

0

9.0

30
135
297
390
24
0
27
55
39

83.3
85.9
65.3
69.7
75.0
NA
22.2
65.5
53.8

13.3
3.7
16.5
19.2
20.8
NA
63.0
25.5
46.2

0
0
0
0.8
0
NA
0
0
0

3.3
0
0.7
1.0
0
NA
0
0
0

0
0
0
0
0
NA
0
0
0

0
10.4
17.5
9.2
4.2
NA
14.8
9.1
0

Numerator
Only

Formal

1581

Whole
Numbers

Total N
Full
Sample
Grade 4
Grade 5
Grade 6
Grade 7
Grade 8
Grade 9
Grade 10
Grade 11
Grade 12

Inconsistent

Table 2B: % of Students Using Each Label Type for 3/8

Relation between Labeling and Performance Next, we
investigated the relations between how children labeled
fractions and their fraction ability. Given the partial
overlapping nature of the data from the skill builders, we
opted not to use an overall analysis. Instead, we compared
the average number of problems required to complete the
specific skill builder (higher value = worse performance)
between students who used a formal label versus an “over”
label1 (the difference in sample size across these two groups
resulted in unequal variances and thus the Welch t-tests not
assuming equal variances is reported for all tests). Further,
we are reporting the analyses with and without controlling
for grade. Given the substantial missing data for grade, these
analyses rely on highly different samples and sample sizes,
and may be theoretically different (we discuss this further in
the General Discussion).
For students in the fraction addition and fraction
subtraction skill builders, students who chose the “over”
label performed slightly, though significantly, better than
students who chose the formal label (Addition: nformal = 625,
Mformal = 7.4 problems; nover = 199, Mover = 6.8 problems;
t(458.3) = 2.4, p = 0.02, Cohen’s d = 0.17; Subtraction:
nformal = 576, Mformal = 7.4 problems; nover = 152, Mover = 6.5
problems; t(405.3) = 2.4, p = 0.001, Cohen’s d = 0.22). This
pattern remained marginal in the smaller sample when
controlling for grade in the subtraction skill builder (nformal =
351, nover = 102; p = 0.09, η2partial = 0.006), but not in the
addition skill builder (nformal = 351, nover = 105; p = 0.3,
η2partial = 0.002).
Conversely, for students in the fraction equivalence skill
builder, students who chose the formal label performed
slightly, though only marginally significantly, better than
students who chose the “over” labels (nformal = 297, Mformal =
1
For brevity, we are only reporting results based on students’
labeling on the multiple choice response to 3/8, however results
based on labeling 5/7 show the same results with only one
exception, which is highlighted in-text.

9.9 problems; nover = 115, Mover = 11.4 problems), t(180.7) =
1.9, p = 0.06, Cohen’s d = 0.23. This pattern remained
marginal when controlling for grade in the smaller sample
(nformal = 221, nover = 98; p = 0.09, η2partial = 0.009). Notably,
however, this was not true when students were grouped
based on the open-ended problem with 5/7 (p = 0.7).
The magnitude comparison task did not show any
significant differences between those who used the “over”
versus the formal label (all ps > 0.1).
Together, this might suggest that using descriptive
symbols is associated with basic arithmetic procedures
whereas the formal, abstract label may be associated with
the conceptual aspects of equivalent fractions. However,
given that these patterns were substantially weakened when
controlling for grade, it is unclear whether the relation
between performance and labeling may be reflecting
relations with ability per se, irrespective of experience, or
more tied to experience, as measured through grade.

General Discussion
Across two studies, we explored how adults and children
label symbolic rational numbers, without any overt context.
Overall, the way both children and adults labeled symbolic
fractions and decimals was remarkably consistent within the
samples.
In Study 1, almost all of the adult participants used formal
labels when labeling fractions and symbolic descriptive
labels referencing the decimal point when labeling decimals.
Thus, although there was not variability within our sample,
there was a striking, although also unsurprising, difference
across the two notation systems. That is, not only are
decimals easier to use for thinking about magnitude (Hurst
& Cordes, 2016), they were also labeled in a more
colloquial and less formal way. This colloquial and less
formal label may further highlight adults’ relative comfort
in working with decimal notation and/or may reflect the
difficulty of the formal fraction and place-value labels
typically taught in school.
In Study 2, most children labeled the fractions using
formal fraction labels. However, unlike the adult sample, a
sizeable group of children did use symbolic descriptive
labels using the “over” phrase when labeling fractions.
Furthermore, children from higher grades were more likely
to use the descriptive “over” label than children from lower
grades. This pattern, combined with the small evidence that
children who used the “over” labeled performed better on
addition and subtraction problems, may suggest that
children are more able to use colloquial or less formal labels
as they gain experience with the symbols, particularly for
relatively basic, procedural skills. However, it is worth
noting that our adult sample also overwhelmingly used the
formal labels and did not rely on the “over” label. Thus,
although it is possible that this is a cohort effect (i.e.,
differences in fraction label education across time), it may
also signal a u-shaped pattern in label preferences across
educational experience. Furthermore, although only
marginal, it is worth noting that performance on the

1845

equivalence fraction skill builder showed the opposite
relation: children who used “over” label performed worse
on fraction equivalence than children who used formal
labels. This may be because fraction equivalence relied on
more than just procedural symbol manipulation and required
a deeper understanding of the fraction concept, however,
this is highly speculative and should be further investigated.
Lastly, the magnitude comparison task performance was not
associated with differences in label preference for the
children and we were unable to investigate this question
with the adults.
Taken together, these patterns provide some initial
hypotheses for how labels may be implicated in the way
people think about fractions and decimals. In particular,
although the recent emphasis on whole number bias (e.g., Ni
& Zhou, 2005) may lead to the hypothesis that labels that
rely primarily on the symbolic components (“over” or
“point” labels) may be associated with lower understanding
and experience, this is not what we found. Across both
studies, adults tended to use colloquial or symbolically
descriptive labels more often for easier notation systems
(decimals) and, even for fractions, children from older
grades were more likely to uses this type of label. Thus,
although this type of label is more informal and more
related to the structure of the symbol than the underlying
concept, its use may reflect increased fluency or experience
with the notation. However, this symbol-focused approach
to thinking about fractions in particular may not be equally
beneficial across all aspects of fraction understanding (e.g.,
fraction subtraction v. equivalence). This may be an
important avenue for future research.
In sum, the descriptive patterns of behavior by adults and
children in the current samples provide some initial data for
generating hypotheses about the role of labels in fraction
and decimal learning, an often-overlooked aspect of rational
number representation.
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Abstract
Among the numerous formal and informal theories of the attentional blink, the common theoretical thread is that the deficit
stems from selective attention and working memory processes
being tied up in processing the first target (T1) when the second target (T2) appears. Rusconi & Huber (2017) challenged
this view by proposing the ’perceptual wink’ model of the AB,
which posits that for categorical AB tasks (e.g., number/letter)
the deficit reflects a failure to perceive that T2 belonged to the
target category. The model makes the assumption that perception is ’multi-faceted’; that is, there are separate, independent
perceptual representations for an item’s identity and its category, and that either representation can be used to drive performance (e.g., trigger attentional encoding) depending on the
task demands. To differentiate between attention versus perceptual accounts of the AB, we used a stripped down RSVP
task where participants were asked to either report the identity or category of the third item in a sequence of characters.
In support of the perceptual account, we found priming for
identity or category depending on the task. Furthermore, we
found that the category results were analogous to the AB and
the spread of sparing even though the first character was not
a target and there was no need to selectively filter items into
working memory.
Keywords: perception; attention; priming; attentional blink

Introduction
Through the lens of the attention literature, it may appear that
the representational contents of perception are rather limited
and basic, including low-level properties such as brightness,
orientation, contrast, etc. (e.g. Treisman & Gelade, 1980).
However, there is long-standing, robust evidence supporting
the idea that perception is able to represent higher-level, more
abstract stimulus properties that go beyond the mere configuration of parts; that is, properties that are not inherent in the
low-level features of stimuli. In the present paper, we take
a ‘multi-faceted’ view of perception, which holds that perception is capable of representing a range of low- and highlevel stimulus properties independently, with performance in
different tasks depending on the perceptual dynamics of the
task-relevant properties.
The work inspiring this multi-faceted view shows that an
item’s alphanumeric category (a higher-level feature not inherent in the configuration of its parts) can be represented
independently of that item’s identity (a lower-level feature
that is inherent in the configuration of its parts) in a manner that is consistent with perceptual identification. Most notably, Brand (1971) compared search times for (1) within cat-

egory identity search (e.g., search for the ‘5’ amongst other
numbers), (2) between category identity search (e.g., search
for the ‘5’ amongst letters), and (3) categorical search (e.g.,
search for any number amongst letters). Crucially, condition
(3) yielded the shortest search times regardless of practice
with the task. Brand (1971) concluded that items can be processed categorically and independent of identity, which enables more efficient search. These findings were supported
by Egeth et al. (1972), who found no effect of distractor set
size on reaction time (RT) when searching for a number target amongst letters. Schneider & Shiffrin (1977a,b) added to
this body of work by replicating the above results and showing that such fast, efficient categorical detection can occur for
learned categories with sufficient practice. Taken together,
these findings support the multi-faceted view by showing that
visual displays can be processed in terms of separate, independent perceptual representations: alphanumeric category,
or identity.
If perception is multi-faceted, then visual search paradigms
involving categorically defined targets and distractors might
reflect perceptual dynamics rather than top-down selective attentional processes. Consistent with this idea, Rusconi & Huber (2017) recently argued that categorical AB effects (e.g.,
search for target letters amongst number distractors) can be
explained as perceptual rather than attentional deficits when
the multi-faceted view is considered. In the present paper,
we introduce the AB as an attentional phenomenon, and
then contrast this with Rusconi & Huber (2017)’s ‘perceptual
wink’ explanation. The goal of this paper is to present new
empirical evidence testing counterintuitive predictions of this
perceptual explanation of the AB by examining whether perception for category produces the same patterns of results as
found for AB tasks that require report of identity.

The Attentional Blink
The AB is a robust deficit in the ability to report the identity of
a target (T2) if it appears 200-400 milliseconds after another
target (T1) in an RSVP stream of distractors. The temporal
difference, or ‘lag,’ between T1 and T2 is manipulated by
changing the order of items in the RSVP stream, where items
are presented for 100 ms each. In categorical AB tasks, T2
report accuracy is good, and sometimes even improved if T2
appears immediately following T1 (known as lag 1 sparing),
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and then falls significantly for lags 2 to 4, until it recovers to
some degree by lags 5 or 6. This u-shaped performance curve
across lags is the trademark of the AB.
Many formal and informal theories of the AB have been
proposed (for review, see Dux & Marois, 2009), but all of
these theories assume that the blink occurs when attention
is unable to adequately handle the second target. For example, Raymond et al. (1992) posited attentional inhibition
of perceptual processing to avoid distractor interference as
a cause for the AB, while Chun & Potter (1995) argued that
the deficit stemmed from a bottleneck in attentional resources
while loading T1 into working memory. In these theories,
and most other popular AB theories, the AB deficit is characterized in terms of top-down selective attention; the only
difference between theories is the specific attentional mechanism at play. As a result, most AB theories are committed
to an object-based characterization of the RSVP task. On this
view, a target in the RSVP stream is ‘bound’ into an object
and loaded into working memory in the absence of a blink;
awareness of the target and its features is all-or-none in the
sense that any information about the target and its features
must come from the bound target-object. However, within
the blink, the item remains unbound, implying a failure to
report all of the properties of the missed target.

The Perceptual Wink
Contrary to this view, the perceptual wink account of Rusconi & Huber (2017) posits that the AB can be explained
by ubiquitous perceptual dynamics operating within a multifaceted perceptual system. Specifically, Rusconi & Huber
(2017) argue that there are perceptual nodes (i.e., collections of neurons with similar inputs and outputs) that respond selectively to the categorical features of targets and
distractors, which Rusconi & Huber (2017) term the targetand distractor-detectors for a specific task. According to this
view, the perceptual dynamics of these target- and distractordetectors drives performance in the AB task. In contrast to
object-based attentional theories, this interpretation of the AB
leaves some properties of the target intact: while a deficit in
the target-detector (i.e., a failure to realize that T2 belonged
to the target category) prevents the loading of T2’s identity
into working memory, the perception of T2’s identity (and
other features) might be processed without any deficit, but
soon forgotten.
The perceptual wink model adopts the perceptual dynamics of the neural Responding Optimally with Unknown
Sources of Evidence (nROUSE) model of Huber & O’Reilly
(2003). This hierarchical, multi-layer neural network was
built to explain the temporal parsing of the continuous stream
of visual input. More specifically, nROUSE assumes that
perceptual habituation via synaptic depression (Markram &
Tsodyks, 1997) reduces unwanted blending between recently
viewed items and the current item Huber & O’Reilly (2003).
These perceptual dynamics have successfully explained a
wide range of tasks that show repetition deficits (Huber, 2008;
Tian & Huber, 2010; Rieth & Huber, 2010; Huber, Clark, et

al., 2008; Davelaar et al., 2011; Huber, Curran, et al., 2008;
Tian & Huber, 2013). As applied to the AB, the perceptual
wink model assumes that the AB is just another repetition
deficit, only the deficit in this case is for perception of the
target category.
According to the perceptual wink model, the perceptual input from T1 sends activation to the target-detector node, triggering attentional encoding of the most active identity into
working memory, with the strength of encoding dictated by
the magnitude of the target detector’s activation (i.e., the extent to which the observer appreciates that T1 is a target).
When T2 appears immediately after T1, there is a positive
priming effect for ‘targetness’: T2 is encoded because it rides
off of the categorical activation from T1, giving rise to lag
1 sparing. However, if a distractor appears between the two
targets, there is categorical interference from the distractordetector, compounded with habituation in the target-detector,
which prevents the triggering of attentional encoding 1 . Thus,
at lags 2 through 4, even though T2 is adequately processed
in terms of its identity and features, it is not appreciated as
a target, and as a result, goes unreported. Then, recovery
from the blink past lag 4 is a result of habituation for the
distractor-detector combined with recovery from habituation
for the target-detector.
By examining identity priming within an AB task defined
by letter-case, key predictions of the perceptual wink model
were confirmed, using perceptual dynamics determined from
previously reported perceptual priming results. In addition,
model simulations showed that the model readily handled
a wide range of effects in the AB literature, including the
‘spread of sparing’ (the lag 2 deficit disappears when the intervening item is also a target Di Lollo et al., 2005), and the
subsequent reversal of this effect when a blank screen is inserted Chen & Zhou (2015).

Experiment
Rusconi & Huber (2017) established the perceptual wink
model as a viable alternative to object-based attentional theories of the AB. However, the main argument for preferring the
perceptual wink model was parsimony: use of the same dynamics that previously explained perceptual effects also explained the AB and priming within the AB. The current study
sought to take this a step farther by directly testing the perceptual wink’s core assumption that in the midst of the blink,
independent of top-down selective attention, there is a deficit
in category perception, but identity perception is unaltered.
Thus, we aimed to test whether there are separate, distinct
perceptual dynamics governing category- and identity-based
versions of the same RSVP task that operate independently of
top-down attentional selection, and if so, whether these categorical perceptual dynamics mirror traditional AB findings
1 Importantly, the model is able to explain the persistence of a
reduced AB without distractors entirely through habituation in the
target-detector and its subsequent recovery (modeled in Rusconi &
Huber (2017)); distractor interference is not necessary for the AB, it
simply deepens the deficit.
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(i.e., the deficit, lag 1 sparing, and the spread of sparing). This
was examined with a task that did not require selective attention to items from a target category but rather simple forced
choice decisions about the category or identity (manipulated
between subjects) of a third and final character. With just
three characters, this was well within the capacity of working memory. Furthermore, the first two characters were represented at the time of test to reduce the need to maintain
them in an attempt to disambiguate sequential order. Using
this design, we were able to test boiled down, three-character
analogs of the lag 2 AB deficit, lag 1 sparing, and the spread
of sparing that required no top-down selective attentional filtering into working memory, and to compare performance in
category and identity groups across six identical priming conditions designed to differentially affect identity and category
perception.

Design and Methods
An example trial and more detailed information about the experimental design is presented in Figure 1. On each trial of
the experiment, participants were shown two characters in
RSVP sequence for 100 milliseconds each, and then shown
a third character at perceptual identification threshold (determined for each subject with a calibration block that employed
a staircase method), presented either immediately after the
second character, or after a 400 millisecond blank screen.
This difference in blank screen duration is meant to mirror
lags 2 and 6 of the AB. Then, participants were asked to
complete a two-alternative forced-choice task (2AFC), with
one group (identity group) making a choice between the third
character (the target) versus a different character drawn from
the same category (the foil), while another group (category
group) made a number/letter categorical choice regarding the
target, without needing to indicate it’s identity. While making
their choice, participants were shown the first two characters
of the sequence to reduce any tendency to hold those items in
working memory.
There were six possible trial types, created by crossing
three identity priming conditions with two category priming
conditions. It may be helpful to follow along with the trial examples and figure description in Figure 2 to best understand
how these conditions differ. Identity priming was manipulated through the identity of the first character (the second
character never reappeared as the target or the foil), while category priming was manipulated through the category of the
second character (analogous to the intervening item between
targets in the AB). This design choice was necessary to cross
identity and category priming conditions in a compact way.
The three trial types for identity priming were target-primed,
where the identity of the first item matched that of the target, foil-primed, where the identity of the first item matched
that of the incorrect answer, and neither-primed, where the
category (and thus identity) of the first item differed from
that of the third item. In prior work, it was established that
with immediate repetition priming and no intervening distractor, brief repetition primes produce a target-primed advantage

and a foil-primed deficit, in comparison to the neither-primed
condition (Huber, 2008). The two trial types for category
priming were target-primed, where the category of the second item matched the category of the target, and foil-primed,
where the category of the second item did not match that of
the target. Put another way, there were two versions of the
three typical identity priming conditions: one version where
the category of the intervening item matched the target, and
one where it did not. To ensure that identity was not predictive of the correct answer in any way, there were twice as
many identity neither-primed conditions than identity targetor foil-primed conditions. Both identity and category groups
received the same sequences and distribution of trial types.
Importantly, these trial types mirror critical conditions of
the AB task. The three foil-primed conditions for category
map onto the traditional AB, where two items of the same
category are separated by an item of a different category. In
addition, the three target-primed conditions for category mirror the spread of sparing when all three items belong to the
same category (target- and foil-primed conditions for iden-

Figure 1: An example trial of the experiment. Participants
used the left and right arrow keys to make their decisions
and were given feedback. For the identity group, this trial
is considered foil-primed, because the prime (‘F’) is given as
the foil (incorrect) response option. For the category group,
this trial is also considered foil-primed because the intervening category does not match that of the target. This condition mirrors lag 2 of traditional AB paradigms. Participants
completed a training block, and then a calibration block that
modulated the presentation time of the 3rd character to keep
accuracy between 62.5 and 82.5 percent. After, participants
completed two 160-trial experimental blocks. There were
six trial types crossed with two blank screen conditions, but
there were twice as many neither-primed identity conditions.
This means that there were 20 trials per condition per subject
across both blocks for all conditions, other than the neitherprimed identity conditions, which had 40 trials each.
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tity), and lag 1 sparing when the first item differs in category
from the others (neither-primed condition for identity).
The results of these conditions are crucial for differentiating between attentional and perceptual accounts of the AB.
Because there is no need for attentional selection or loading
of the first two items in the sequence, attentional accounts
predict that these characters will have no effect on the ability to report the target; that is, attentional accounts predict
no difference between target- and foil-primed category conditions, and no effect of blank screen duration (other than
a possible main effect where longer durations yield better
performance due to less perceptual masking). On the other
hand, the perceptual account predicts deficits in the categorical foil-primed conditions and relative benefits in the categorical target-primed conditions when there is no blank screen,
and recovery to a relatively equal baseline for all conditions
with a 400 ms blank screen when the effects of perceptual
habituation and interference have subsided.
Another important divergence in predictions between these
accounts comes from the difference between the identity and
category groups. According to attentional accounts, there
should be no difference between these conditions because in
both cases the target must be bound into an object representation and loaded into working memory to ensure accurate
report. However, the multi-faceted perceptual view predicts
that these groups should show priming effects for the taskrelevant perceptual attribute: the categorical condition should
show priming for category but not for identity, and the identity condition should show priming for identity but not category.

conditions: target-primed, foil-primed, and neither-primed.
Likewise, for the category group, the identity of the first character did not affect performance. Specifically, there was no
difference between conditions 1-3 (p > 0.05), or conditions
4-6 (p > 0.05), so they were collapsed into their corresponding priming conditions: foil-primed and target-primed.
For the priming-collapsed identity group conditions, a significant deficit was found for the foil-primed condition (p <
0.001; difference of means = 0.12), but there was no significant difference between the target- and neither-primed conditions (p = 0.13; difference of means = 0.03). At 400 ms,
there was no significant difference between any of these three
conditions (all p > 0.05). For the priming-collapsed category group conditions, there was a large difference between
target- and foil-primed conditions with no blank screen (p <
0.001; difference of means = 0.27). More specifically, when
the intervening character was from the opposite category (i.e.,
foil-primed), as is the case for the AB, category forced choice
decisions were not statistically different from chance (50 percent). In other words, in this case, observers completely failed
to perceive the category of the target.

Results and Discussion
All p-values reported here were taken from a 2x2x6 (group x
blank screen duration x trial type) mixed ANOVA and posthoc t-tests based on of the ANOVA results (all main effects
and interactions for the ANOVA had p < 0.01). 30 undergraduates from UMass Amherst were run in the identity group,
and 31 were run in the category group. The staircase method
of altering the presentation time of the third character resulted
in a mean of 5 frames (at 8.33 ms per frame) for the identity group, and a mean of 6 frames for the category group.
Proportion correct scores across all possible conditions of the
experiment (6 priming trial types and 2 blank screen durations) are shown in Figure 2. A quick scan of this table shows
that despite seeing identical sequences, the identity and category groups showed huge differences in performance. The
main effect underlying this difference is that performance in
the identity group was unaffected by the category of the intervening item (2nd character), while the category group was, as
predicted by the multi-faceted account. Thus, to make these
data more readable and clear, we collapsed across the 6 trial
types for the identity and category groups to form corresponding priming conditions, depicted in Figure 3. Specifically,
for the identity group, there was no significant difference between conditions 1 and 4, 2 and 5, and 3 and 6 (all p > 0.05),
so these were collapsed into their 3 corresponding priming

Figure 2: Mean performance (proportion correct) across all
possible conditions (6 trial types crossed with 2 blank screen
durations) in the experiment for both the identity and category groups. The ‘Trial Example’ column gives an example
of the three characters that could be displayed in a given trial
type, with the last character being the target. The exact numbers and letters chosen for these examples are arbitrary. The
parentheses in each condition column heading refer to the response option that participants were given at the end of the
trial. For example, the ‘(H or L)’ in the ‘Identity Condition’
column refers to the choice that would be given for the sequences in the ‘Trial Example’ column.
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In contrast, this category deficit greatly diminished with
a 400 ms blank screen (p = 0.2; difference of means =
0.03), and category perception was near ceiling, regardless of
whether the intervening character was the same or different
from the target. Critically, chance performance for the category group at 0 ms occurred even though the very same displays produced well above chance performance for the identity group neither-primed condition. Thus, for sequences corresponding to lag 2 AB deficits, we observed profound category deficits compared to identity perception. In contrast,
at 400 ms, corresponding to lag 6 recovery in an AB task,
category perception was nearly perfect, better than the identity neither-primed condition. This supports the claim that
displays like the AB produce category perception deficits but
not identity perception deficits.
In addition to the basic blink and recovery despite preserved identity perception, particular comparisons highlight
other typical AB effects. Lag 1 sparing occurs when there are
back-to-back items from the target category, and is realized
by comparing condition 6 to condition 3 (refer to Figure 2)
of the category group in the 0 ms condition. The spread of
sparing occurs with three back-to-back items from the target
category, and is realized by comparing condition 5 to condition 2 of the category group in the 0 ms condition. Thus,
despite the lack of selective attention to the first two characters in the stream, results corresponding to the canonical AB
deficit and recovery, lag 1 sparing, and the spread of sparing were found, with this occurring for the same displays that
failed to produce identity deficits (but succeed in producing
identity repetition priming, with the same recovery temporal
profile as recovery from categorical deficits).

At first blush, these results may seem to contradict the results of Raymond et al. (1992) and Chun (1997), where the
AB was eliminated when participants were asked to ignore
T1 and focus on reporting T2 only. Many studies have cited
these results as evidence that the AB is not perceptual. However, in Raymond et al. (1992), the first target was always a

Conclusion
While Rusconi & Huber (2017) established the perceptual
wink model as a viable and more parsimonious account of
the AB, there were no concrete empirical reasons to prefer it
over competing attentional accounts. The present experiment
was designed to test differential predictions of the perceptual wink as compared to attentional theories. The category
group revealed a pattern of results that mirrored all of the basic AB effects, with lag 1 sparing, a lag 2 deficit, recovery
after a 400 ms intervening blank, and the spread of sparing
if the intervening character was also from the same category
as the target. If these results reflected attentional filtering,
despite our efforts to obviate the need for such filtering by
re-presenting the first two characters (and by only testing the
third character), then object-based attentional theories would
predict similar deficits for the identity group because the displays were the same for both groups. In support of the multifaceted view of perception, and as predicted by the perceptual
wink model, the results for the identity group were radically
different, revealing identity priming effects that disappeared
with a 400 ms delay, and, more importantly, a lack of identity deficits for conditions that produced profound category
perception deficits.

Figure 3: Proportion correct for the collapsed priming conditions as a function of blank screen duration. The error bars
show one standard error in both directions. For the identity condition, the target-primed data was collapsed across the
two conditions where the first character matched the identity
of the target (conditions 1 and 4 of previous figure), the foilprimed data was collapsed across the two conditions where
the first character matched the foil option (conditions 2 and
5 of previous figure), and the neither-primed data was collapsed across the two conditions where the first character was
a different category (and thus identity) than the target (conditions 3 and 6 of previous figure). The second character never
matched the identity of the target. For the category condition,
the target-primed data was collapsed across the three conditions where the category of the second character matched
that of the target (conditions 1-3 of previous figure), and the
foiled-primed data was collapsed across the three conditions
where the category of the second character did not match that
of the target (conditions 4-6 of previous figure).
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white letter, and the second target was always a black ‘X’.
Completing such a task requires a sort of task-switch rather
than categorical detection (there is no shared target defining
perceptual attribute between these two targets), so it does
not fall under the scope of the perceptual wink model. Instead, this deficit may reflect attentional switching dynamics, in which case it is unsurprising that there was no deficit
in the absence of a first task. In Chun (1997), targets were
always colored differently, and the color of T2 was always
given at the start of each trial. Again, participants could rely
on a target-detector sensitive to the color of T2 but not T1,
so there is no reason to think that habituation or categorical
interference would play a role in such a task. As a thought
experiment, one could imagine a true categorical AB task in
which participants were asked to ignore the first target but
only report the second (e.g., report the identity of the second
letter in an RSVP stream with two letters and number distractors). According to the perceptual wink model, such a task
should produce a blink. However, in this thought experiment,
the counter argument would be that the first target required
attention so as to know that the second target was indeed second. Thus, the only way to properly address this question is
with a task that did not require any reference to the first target as being a target in any manner. That is what the current
experiment has done, finding profound category perception
deficits that correspond to typical AB results.
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Abstract
This research investigated the acquisition process of the
color lexicon, specifically how color words are initially
grounded and develop into the lexical system possessed
by the adults in the ambient language. We conducted a
longitudinal study in which Japanese-learning 2-yearolds were tested every month on their understanding of
basic words denoting 8 chromatic colors, continuing
until they were able to map these words onto their
referents consistently. The results strongly endorse the
view that acquisition of the color lexicon should be
characterized as a process of system construction,
through which children reorganize prelinguistic color
categories onto the linguistic categories of the ambient
language, thereby representations of individual words
are continuously refined along with the refinement of
the representation of the system as a whole.
Keywords: color word learning; lexical acquisition;
symbol grounding; Bayesian model

Introduction
A great number of researchers have investigated how
children fast map a novel word to its referent and generalize
this mapping to other potential referents. A majority of the
studies have been conducted under the implicit assumption
that the inference of the meaning of a word takes place in
isolation from other words in the lexicon, especially in the
earliest stages of lexical development. However, the lexicon
is not merely an assembly of words each standing on its
own; it is a complexly structured system, in which words are
contrasted to one another along multiple dimensions at
multiple levels (cf. Saussure, 1916/1977). Thus, simply
accumulating a number of words that are not integrated in
the lexicon does not lead to the acquisition of the complexstructured lexicon possessed by adult native speakers (Clark,
1987; Haryu & Imai, 2002; Saji et al., 2011).
Take color words, for example. We cannot say that a child
has acquired the meaning of the English word red if all he

knows is that red is the color of apples: the child has to learn
the range of colors that can be named by this word in the
English-speaking community. Children seem to perceive the
color spectrum categorically well before they start to show
the sign of understanding color words (Bornstein, 1985b;
Skelton et al., 2017; Yang et al., 2016). However, because
languages differ widely in the ways in which they divide the
continuous visible spectrum of color by color names (e.g.,
Berlin & Kay, 1969; Cook, et al., 2005; Roberson et al.,
2005), to be able to apply the word ‘red’ to its appropriate
range of referents, children need to know how red contrasts
with pink, orange, purple, and where the boundaries are
delineated between these words in the lexicon of adult
English speakers.
Importantly, researchers have long noted that color word
acquisition is notoriously slow (Bornstein, 1985b; Kowalski
& Zimiles, 2006; Sandhofer & Smith, 1999). Bornstein
(1985a) suggested that color words were not reliably
acquired until around 4 to 7 years of age. Some
developmental researchers have proposed that it is difficult
because the concept of color is difficult to grasp for young
children: to understand that the term refers to a property,
children need to extract the perceptual property of ‘color’
from diverse kinds of objects that differ not only in color but
also in other properties such as shape, size, and texture (e.g.,
Bornstein, 1985a; Kowalski & Zimiles, 2006; Sandhofer &
Smith, 1999). Wagner, Dobkins, and Barner (2013), in
contrast, argued that the difficulty lies in discovering the
language specific boundaries of color categories, as such
boundaries are not marked anywhere in the visible
environment (see also Braisby & Dockrell, 1999).
Considering these issues, it is not likely that color word
acquisition amounts to a collection of simple mapping
process of prelinguistic color categories onto corresponding
word forms (cf., Yang et al, 2016); it must involve, at least
in part, a process through which children (re)organize
prelinguistic color categories onto linguistic categories of
the ambient language. To investigate the detailed process of
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color lexicon acquisition as an entire lexical system, Saji,
Asano, Oishi and Imai (2015, in submission) examined how
three- to five-year-old children named 93 color patches that
covered the entire spectrum of the color space, including
both typical and less typical color swatches denoted by basic
color words in Japanese. Largely supporting Wagner et al.’s
view (2013), Saji et al. found that, by 3-year-olds, children
are able to apply most basic words (aka (red), ao (blue), ki
(yellow), midori (green), pinku (pink), cha (brown), orenji
(orange), murasaki (purple)) to their typical referents, but
that the boundaries were very messy at that age; the
boundaries became delineated more cleanly with
development, but even at 5, the children’s categories were
still not like those of adults.
These results indicate that children’s color lexicon
develops gradually over time as a connected system, in
which the elements, i.e., the color words, are related one
another to constitute a meaningful structure. However, as
Saji et al. studied the growth of the color lexical system
from 3-years onward, little is known about how the system
is started, expanded, and structured before that time. For
example, in Saji et al. (2015), the proportion of correct
naming for the typical referents of basic color names varied
across words. Typical colors for ‘aka’ (red), ‘ao’ (blue) and
‘ki’ (yellow) were named most accurately, while ‘cha’
(brown) and ‘murasaki’ (purple) were applied much less
accurately. Does this pattern reflect the order in which these
words are grounded onto children’s color lexicon? More
importantly, what the representation of the color lexicon as
a whole is like at the beginning stage of acquisition and how
does it change developmentally?
To address these issues, in the present research, we
conducted a longitudinal study in which Japanese-learning
2-year-olds were tested every month starting from 29.8
months-old (on average)-- the time in which a majority of
children know few color words-- on her understanding of
basic words denoting 8 chromatic colors (‘aka’ (red), ‘ao’
(blue), ‘ki’ (yellow), ‘midori’ (green), ‘pinku’ (pink), ‘cha’
(brown), ‘orenji’ (orange), ‘murasaki’ (purple)), and
continuing until they were able to map all of these words
onto their referents consistently.

colors (‘aka’ (red), ‘ao’ (blue), ‘ki’ (yellow), ‘midori’
(green), ‘pinku’ (pink), ‘cha’ (brown), ‘orenji’ (orange),
‘murasaki’ (purple)) were prepared. In each story, the
experimenter asked the child to name two colors. The storycolor pairings were counter-balanced. The color tokens were
chosen based on a pre-study with adult Japanese speakers.
Twelve adult speakers of Japanese were asked to name 93
color swatches from the Practical Color Co-ordinate System
(PCCS) developed by Japan Color Research Institute 1. The
color swatch that received the highest agreement by the
adults was chosen to be the referent of each word (see Saji
et al., 2015, in submission).
Procedure. In each session, children were tested
individually in a room at the preschool/daycare they were
enrolled in. The experimenter asked the child to point to the
object of the color indicated in the story. The same stimuli
and procedure were used throughout the testing sessions.
The lighting condition was controlled by using Solax XC100AF (Seric Ltd.), which simulated natural daylight (D55).

Results and Discussion
Analysis I: Individual trajectories of acquisition.
We first visualized the developmental trajectory for each
child (Figure 1). To adjust the variability in performance
across sessions within individuals, we calculated the moving
average of accuracy for each child, by taking the average of
the response accuracy across the moving window of five
consecutive sessions, fixing the third as the target. Each line
shows how the accuracy for each child changes through
development. There was a large individual difference in the
speed of development. The overall accuracy increased

Method
Participants A total of 49 Japanese-learning children (31
boys) participated. Testing was started when each child was
between 24 and 35 months (Mean = 29.83). Each child was
tested every month until s/he was able to map all of the 8
words to their correct referent colors in two consecutive
months. Eight additional children who succeeded in all eight
of the word-referent mappings on the first test session were
not tested further. Data from a total of 413 sessions were
obtained from 49 children. The mean number of sessions
per children were 9.45, which means that it took children
9.45 months on average to establish the mappings between
the 8 basic chromatic words and their corresponding colors
(SD = 5.65, range = 1-18).
Stimuli. A picture book consisted of four stories, each
containing objects (e.g., balloons) of 8 basic chromatic

Figure 1: The moving average of accuracy rates for each
child as a function of age.

1

PCCS consist of 14 ‘tone’ categories, each of which has 24 hues.
Tone is a compound concept of metric lightness and metric chroma
(Nayatani, 2003). Colors with the same PCCS tone have the same
perceived lightness and chroma irrespective of hue.
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steadily with age, but when seen more finely, a number of
children underwent minor regression, suggesting that there
is continuous restructuring of the lexicon.

Analysis II: Learning speed for mapping each word
to the corresponding color
We first estimated the learning rates for each of the 8
colors by a logistic regression model separately conducted
for each color with the age (in months) as fixed effects.
Here, we considered accuracy as the degree in which a
given word is correctly mapped to its corresponding color,
without considering the degree in which the word was
overextended to wrong colors. Because the learning speed is
expected to vary largely across children, the age factor was
included in the model as a by-subject random slope factor.
The estimated month-by-month trajectories of the correct
response rates for the 8 words is shown in Figure 2. Four
words—aka (‘red’), ao (‘blue’), ki (‘yellow’), and pinku
(‘pink’) — showed relatively sharp growth rates, as the
probabilities passed 0.8 around 30 months of age. In
contrast, the developmental slopes for the remaining four
words—orenji (‘orange’), midori (‘green’), cha (‘brown’),
murasaki (‘purple’) —appears more gradual and reached
80% accuracy only after 35 months. The results are
somewhat different from the pattern predicted by Berlin and
Kay’s universal hierarchy hypothesis in two respects: midori
(‘green’), which is supposed to be among the earliest
acquired chromatic colors, was learned slowly while pinku
(‘pink’) was learned fast. However, this pattern is consistent
with Saji et al. (2015)’s results from a cross-sectional study.

with older children (3-5 year olds), suggesting that cultural
effects may appear in learning of color words even at this
earliest stage.

Analysis III: Developmental trajectory of the color
lexical system.
Analysis II examined the learning rate of each color word
across children. This analysis, however, does not reveal
how precisely children understand the meaning of each
color word, or how the color lexicon develops as a
connected whole. in that it does not consider the degree of
overextension for each word (e.g., using ‘aka’ to name the
blue color). To understand the development of the color
lexical as a connected system, we should see the pattern of
over- and under-extension across the 8 words, and how this
pattern changes as the learning of the color lexicon evolves
toward more matured system that is closer to that possessed
by adults.
For this goal, we attempted to characterize the
developmental changes in the similarity structure underlying
the 8 words quantitatively. Because the similarity structure
of the color lexicon is expected to be fluid and continuously
changing in the course of development, we employed a
Bayesian version of the Similarity Choice Model (SCM,
Townsend & Landon, 1982).
SCM defines the conditional probability to choose a color
token (e.g., ‘yellow’) for a target word (e.g., aka), as a
function of two parameters: the similarity parameter and the
bias parameter. The former represents the degree of
correspondence between a word and a color token (e.g., ‘ki’
and red, ‘aka’ and yellow, etc), where each pair of the
corresponding color word and token (e.g., ‘aka’ (‘red’) and
red) is assumed to have a fixed similarity 0, and to be
interchangeable (i.e., the similarity parameters between ki
and ‘red’ and that between aka and ‘yellow’ are the same).
The latter parameter represents the degree of a general
response bias for choosing a particular color token (e.g.,
choosing the token of ‘red’ whichever word was given as
the target).
Mathematically, the similarity parameter and the bias
parameter are estimated as the posterior distribution
of
and given the choice count
, where the conditional probability
is the
probability to choose the jth color token given the ith color
word, following the Equation (1) of the Similarity Choice
Model (Townsend and Landon, 1982) for all
.

Figure 2: The logistic regression models predicting the
trajectory of learning rates for each of the 8 words

Five hundred thousand samples of the similarity and the
bias parameters were obtained by the Metropolis-Hasting
method. However, the samples prior to the one with the
maximum posterior probability was discarded as the
transient. After this operation, approximately 100,000
samples were retained for further analyses.
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For each sample, we conducted the multidimensional
scaling on the corresponding
dissimilarity matrix with
its (i, j) element
, using the function ‘mdscale’ (with the
default option) in the MATLAB statistical toolbox to
visualize the similarity structure2.
To capture the developmental changes of the similarity
structure more closely, we divided the dataset into the low-,
middle- and high-performing periods, and conducted SCM
separately for each period. The sessions whose moving
average of accuracy (see Analysis I) were lower than 50%
were considered to belong to the low-performing period and
those whose moving accuracy exceeded 75% were
considered as the high-performing period; 114, 98, and 201
sessions were included in the low-, middle-, and highperforming periods, respectively.
Figure 3 (a)-(c) show the 2 dimensional plane of MDS for
the three performing periods. Each point on the MDS plane
represents the coordinate of the corresponding color for
each estimated similarity parameters. The two ellipses
represent the equal-variance boundary for 1-SD and 2-SD.
Note that the size of the ellipsis reflects the amount of
variability in the estimated similarity between two words in
some degree; but the ellipsis size should not be taken as the
direct index of inconsistency of word-color correspondence,
because it is influenced by the Procrustes transformation,
which is a method of mathematical transformation for
preserving the geometric ‘shape’ of an object in overlaying
the MDS coordinates from different samples onto a single
plane. By this operation, the size of an ellipsis tends to
become larger as it goes away from the center of the plane.
In each MDS configuration, the distance between two colors
directly indicates the likelihood of confusion by children
rather than degree of overlapping visually observed in the
figure, because observed overlaps on the averaged MDS
plane may have arisen from seemingly close points of
multiple distinct MDS configurations, which are not directly
comparable.
For example, in Figure 3b, ‘purple’ and ‘green’ are closer
on average than ‘red’ and ‘pink.’ This indicates that green
and purple were confused each other in a greater degree
than red and pink were.

2

As SCM assumes that the similarity parameter between
a particular pair of a word (e.g., aka) and a token (e.g., red)
is symmetric, each point in the MDS plane represents both a
word and the corresponding token simultaneously.

(a)

(b)

(c)

Figure 3 a-c: The results of the multidimensional scaling.
The points on the MDS plane show the (dis)similarity
parameters calculated from each of the randomly sampled
500,000 sets, which were drawn from the posterior
distribution and 2-SD. (a): low-performing period: (b):
middle-performance period: (c): high-performing period.
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When Figure 3 a-c are compared, it is clear that the
configuration of the similarity among the 8 basic color
words goes through striking changes across the three
periods. At the earliest period, all of the 8 colors are largely
lumped together. In the low-performance period (Fig 3a),
the 8 colors were concentrated around the center, indicating
a great degree of confusion in the system as a whole. In
particular, midori (‘green’), murasaki (‘purple’), and cha
(brown) are almost indistinguishable from one another,
suggesting a great degree of confusion among them and that
the similarity structure in children’s color lexicon is largely
different from the similarity space organized by adults (Saji
et al., 2015; Kuriki et al., 2017).
By the time children have reached approximately 50%
accuracy in word-referent mappings, a cluster of the warm
color words has been formed. ‘Ao’ (blue) is clearly
distinguished from other colors but the four late grounded
words (‘orenji, midori, murasaki, cha’) are still confused
with one another. In Figure 3c, the distance between every
pair of words became greater, suggesting that the words
were much less confused. At this stage, ‘pinku, ao, aka, ki’
were located away from the center toward the edge of the
MDS plane, while ‘orenji, murasaki, cha, midori’ were still
close to one another around the center. This pattern
indicates that the former four words were no longer
overextended at this stage but the latter four words were still
confused one another to some extent.

In order to quantify the degree of confusion
(overextension) for the eight color words, the dissimilarity
matrix was calculated for the samples drawn from the
Bayesian similarity choice model. For each word in each of
the three performance group, the three most confused colors
(i.e. those with least dissimilar parameters
) were
identified, and the index for overextension was calculated
by averaging the dissimilarity values between the target
word and the three most confused colors (Figure 4). The
color words along the X-axis was arranged, from left to
right, from the least confused to the most confused word.
This analysis revealed that that ‘cha, murasaki, and midori’
were highly confused, while ‘pinku, aka, and ao’ were least
overextended. To test whether the degree of overextension
differed across the eight colors, and whether the effect was
modified by the performance groups, we carried out a twoway ANOVA on the 276 samples of dissimilarity drawn
from the Gibbs sampler, where the number of samples is
equalized to the original sample size (828 sessions in total,
276 on average for each group) in order to have the equal
level of statistical power. The analysis found a significant
main effect for the performance group (F(2, 6600)= 7241.4,
p < 0.01) and the color (F(7, 6600)=3226.2, p < 0.01), but
the main effects were modified by a significant interaction
between them (F(14, 6600)= 33.3, p < 0.01).

General Discussion and Conclusion

Figure4. The degree of confusion (overextension) for
each of the 8 colors. The values on the Y axis represents the
degree of confusion (overextension), which was obtained by
calculating the average of the dissimilarity value between
the target color and each of the three most overextended
colors, separately in each of the three performance groups
(Low, Med, High). Larger values on the Y axis show high
dissimilarity (i.e., a small degree of confusion) between the
word and non-target colors. At each point, the three most
overextended colors (first three letter) for the word are
shown in the descending order.

This research investigated the acquisition process of the
color lexicon, asking how color words are initially grounded
and develop into the lexical system through a longitudinal
data collection. When the testing began, a majority of
children seemed to understand that the words are the names
of colors, and that color is a property separate from other
visual properties such as shape, pattern and texture.
However, the learning of mappings between the words and
their typical referents—just 8 of them—is slow, requiring
more than 9 months on average and continuous
reorganization of the boundaries of these words.
We identified that the 8 color words are acquired in the
order of pinku, aka, ao, ki, orenji, midori, cha, and murasaki
both in light of the accuracy of mapping to the category
center, and in light of correct category boundaries. This
order is somewhat different from the pattern predicted by
Berlin and Kay’s universal hierarchy hypothesis in two
respects: midori (“green”), which is supposed to be among
the earliest acquired chromatic colors, was learned slowly
while pinku (‘pink’) was learned fast. However, the
contribution of this research is that it showed how the early
color lexicon was represented and evolved as a connected
system quantitatively.
This research leaves some unsolved questions. In
particular, it is still not clear how biological and cultural
factors play a role in constructing the initial color lexical
system. Prior to this study, we had hypothesized that
biological factors would play the primary role for boosting
the system, and the contribution of cultural factors (e.g.,
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cultural specific preferences for particular colors or cultural
specific distributions of color words) would come in only at
later stages. However, the results of the present research
suggest that this expectation was too simplistic. The pattern
of the results seems to show that both factors are jointly
operating from the very beginning. Further research is
needed to follow up on this possibility.
In any case, what has been made clear is that children are
not acquiring color words by merely attaching labels to
perceptual categories (cf. Yang et al., 2016). The present
research strongly endorses the view that acquisition of the
color lexicon should be characterized as a process of system
construction, through which children (re)organize
prelinguistic color categories onto linguistic categories of
the ambient language.
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Abstract
A common assumption in the cognitive sciences is that
artificial and natural language learning rely on shared
mechanisms. However, attempts to bridge the two have
yielded ambiguous results. We suggest that an empirical
disconnect between the computations employed during
learning and the methods employed at test may explain these
mixed results. Further, we propose statistically-based
chunking as a potential computational link between artificial
and natural language learning. We compare the acquisition of
non-adjacent dependencies to that of natural language
structure using two types of tasks: reflection-based 2AFC
measures, and processing-based recall measures, the latter
being more computationally analogous to the processes used
during language acquisition. Our results demonstrate that
task-type significantly influences the correlations observed
between artificial and natural language acquisition, with
reflection-based and processing-based measures correlating
within – but not across – task-type. These findings have
fundamental implications for artificial-to-natural language
comparisons, both methodologically and theoretically.
Keywords: statistical learning; chunking; language; artificial
language learning; cross-situational learning; non-adjacent
dependencies; learning; memory; serial recall; methodology

Introduction
Connecting individual differences in artificial and natural
language learning is an ongoing endeavor in the cognitive
sciences. These studies operate on the assumption that
artificial language learning tasks designed for use in the
laboratory draw on the same cognitive processes that
underpin language acquisition in the real world (e.g.,
Saffran, Aslin, & Newport, 1996). Yet, attempts to bridge
artificial and natural language learning have yielded mixed
results, often finding weaker correlations between language
measures that should in theory rely on shared computations
(Siegelman, Bogaerts, Christiansen & Frost, 2017). Part of
the problem may lie in the nature of the tests used to
evaluate learning; although artificial and natural language
learning may rely on the same computational processes,

different tests may tap into separate subcomponents of these
skills, making the relationship difficult to unpack.
Artificial language learning tasks are assumed to capture
key aspects of how learners acquire language in the real
world: by drawing on the distributional information
contained in speech. Through exposure to statistical
regularities in the input, the cognitive system picks up on
linguistic units without awareness by the learner (Saffran et
al., 1996). Yet, in adults, statistical learning is typically
tested using measures that require participants to reflect on
their knowledge and provide an overt judgment, such as in
the two-alternative forced-choice task (2AFC); a test that,
while potentially informative, only provides a metacognitive measure of learning. Indeed, language learning
measures can be broadly divided into two categories:
reflection-based measures (e.g., 2AFC), which translate the
primary effects of learning into a secondary response, and
processing-based measures, which rely on the same
computations as the learning itself (Christiansen, 2018). In
psycholinguistic research, it is often the case that the
learning measures employed at test do not align with the
processes employed during learning. We propose that this
disconnect may have constrained prior observations of the
relationship between artificial and natural language skills.
We seek to resolve some of this ambiguity in the study at
hand.
In the current study, we assess the degree to which
statistical learning abilities map onto natural language
acquisition, and evaluate correlations within and between
reflection- and processing-based measures. For the purpose
of this paper, we characterize artificial language learning as
statistical learning in a highly constrained, simplified
context, using the Saffran et al. (1996) familiarization
method. We simulate natural language acquisition by
presenting participants with a more complex crosssituational learning task that utilizes natural vocabulary and
grammar with corresponding referents. For each part of the
experiment, we included two types of tests: reflection-based
tasks (2AFC), and processing-based tasks (recall), to allow
for a comparison of learning between and within task types.
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For our processing-based measure, we employed a
chunking-based recall task, building on the suggestion that
chunking plays a key role in statistical learning and
language acquisition (see Christiansen, 2018, for a review).
In 2AFC tasks, participants are required to indicate their
preference for one stimulus over another, which is taken to
indicate learning. In recall – a task which is thought to rely
on chunking – participants repeat syllable strings that are
either congruent or incongruent with the statistics of the
input, with recall errors acting as a window into learning.
That is, learning is indexed by better recall of consistent
items when controlling for baseline phonological working
memory (Conway, Bauernschmidt, Huang & Pisoni, 2010;
Isbilen, McCauley, Kidd & Christiansen, 2017). If chunking
occurs during language acquisition, chunking-based tasks
may yield a better measure of learning than reflection-based
tasks such as 2AFC.
In the first part of the experiment, participants engaged in
a statistical learning task adapted from Frost and Monaghan
(2016), to test segmentation and generalization of nonadjacent dependencies (the artificial language task). In the
second part, participants learned a fragment of Japanese,
comprising a small vocabulary and simple grammar using a
cross-situational learning task adapted from Rebuschat,
Ferrimand, and Monaghan (2017) and Walker,
Schoetensack, Monaghan and Rebuschat (2017; the natural
language task). We hypothesized that the correlations
observed between artificial and natural language learning
would show a strong effect of task type: reflection-based
measures would be more likely to correlate with other
reflection-based measures, whereas processing-based
measures would be more likely to correlate with other
processing-based measures. Such a pattern would have
important implications for individual differences work, and
about the deductions that can be applied to natural language
acquisition from artificial language learning tasks.

Part 1: Non-adjacent dependency learning in
an artificial language
In Part 1, we tested adults’ learning of an artificial language
composed of non-adjacent dependencies, which are
relationships between linguistic units that occur across one
or more variable intervening units (e.g., in an AXC structure
where units A and C reliably co-occur, but X varies
independently). These dependencies are found at multiple
levels of linguistic abstraction, including morphology within
words and syntactic dependencies between words, thereby
providing a tightly-controlled artificial structure that shares
structural similarity with natural language.
We examined learners’ ability to segment these nonadjacent dependency sequences from speech, and generalize
them to new instances - skills which are integral to natural
language learning. We tested both segmentation and
generalization with a reflection-based task (2AFC), and a
processing-based task, the statistically-induced chunking
recall task (SICR; Isbilen et al., 2017). In the SICR task,

participants are presented with 6-syllable-long strings, that
are either composed of two words from the input, or the
same syllables presented in a random order. If participants
have successfully chunked the items in the artificial
language during training, we expect that they should
perform significantly better on recalling the strings derived
from the statistics of the input language. While 2AFC is
scored as a correct-incorrect binary, SICR is scored syllableby-syllable, which we suggest may provide more in-depth
insights into segmentation and generalization skills.
Building on the results of Frost and Monaghan (2016), we
hypothesized that both tasks would yield evidence of
simultaneous segmentation and generalization. However,
due to the differences in task demands between reflectionand processing-based tests, we expected to see limited
correlations between measurement types.

Method
Participants 49 Cornell University undergraduates (30
females; age: M=19.43, SD=1.30) participated for course
credit. All participants were native English speakers, with
no experience learning Japanese.
Materials The same language and stimuli as Frost and
Monaghan (2016) were used, derived from Peña, Bonatti,
Nespor and Mehler (2002). The language was composed of
9 consonant-vowel syllables (be, du, fo, ga, li, ki, pu, ra, ta),
arranged into three tri-syllabic non-adjacent dependencies
containing three varying middle syllables (A1X1–3C1,
A2X1–3C2, and A3X1–3C3; 9 words in total). Four different
versions of the language were created to control for
potential preferences for certain phoneme combinations.
Syllables used for the A and C items contained plosives (be,
du, ga, ki, pu, ta), while the X syllables contained
continuants (fo, li, ra). The resulting 9 items are referred to
as segmentation words, sequences that were presented
during training. Nine generalization words were also
created, and were only presented at test. The generalization
words contained trained non-adjacent dependencies, but
with novel intervening syllables (thi, ve, zo, e.g., A1Y1-3C1).
The generalization words measure participants’ ability to
extrapolate the knowledge of the non-adjacent dependencies
gained during training to novel, unheard items.
For the 2AFC test, 18 additional foil words were created,
which were paired with segmentation and generalization
words. Foils for the segmentation test comprised part-word
sequences that spanned word boundaries (e.g., CAX,
XCA). Foils for the generalization test were part-words but
with one syllable switched out and replaced with a novel
syllable, to prevent participants from responding based on
novelty alone (e.g., NCA, XNA, CAN, see Frost &
Monaghan, 2016). For the SICR test, 27 six-syllable strings
were created: 9 composed of two concatenated segmentation
words (e.g., A1X1C1A2X2C2), 9 composed of two
generalization words (e.g., A1Y1C1A2Y2C2), and 9 foils.
The foils used the same syllables as the experimental items
in a pseudorandomized order that avoided using any
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transitional probabilities or non-adjacent dependencies from
the experimental items.
All stimuli were created using the Festival speech
synthesizer (Black et al., 1990). Each AXC string lasted
~700 ms, and was presented using E-Prime 2.0.
Procedure For training, the 9 segmentation words were
concatenated into a continuous stream that participants
heard for 10.5 minutes. Participants were instructed to listen
carefully to the language and pay attention to the words it
might contain.
To test learning, two different tasks were used: the 2AFC
task and the SICR task (Isbilen et al., 2017). The order of
the two tests was counterbalanced to account for potential
order effects. In the 2AFC task, participants were presented
with 18 pairs of words: 9 segmentation pairs and 9
generalization pairs, with each pair featuring a target word
and corresponding foil. Segmentation and generalization
trials were randomized within the same block of testing.
Participants were instructed to carefully listen to each word
pair and indicate which of the two best matched the
language they heard during training. In the SICR task, 27
strings were randomly presented for recall: 9 segmentation
items, 9 generalization items, and 9 foils that served as a
baseline working memory measure. Participants were asked
to listen to each string and say the entire string out loud to
the best of their ability. Participants were not informed of
any underlying structure of the strings in either task.

Results and Discussion
First, we examined the data for task order effects (2AFC
first/SICR second versus SICR first/2AFC second), and
language effects (which of the four randomized languages
participants heard). A one-way ANOVA revealed a
significant effect of order on both SICR measures
(Segmentation: F(3,45)=-2.30, p=.026; Generalization:
F(3,45)=-3.30, p=.002), with participants who received
2AFC prior to SICR scoring significantly higher on these
two measures. Similarly, language significantly impacted
SICR generalization performance, F(3,45)=6.94, p=.0006,
suggesting that different syllable combinations may vary in
difficulty when being spoken aloud. All subsequent analyses
involving SICR in the remainder of the paper control for
order, and for SICR generalization, for both order and
language.
2AFC Performance Replicating the findings of Frost
and Monaghan (2016), participants showed simultaneous
segmentation and generalization of non-adjacent
dependencies, with performance on both tasks being
significantly above chance (Segmentation: M=.84, SD=.13;
t(48)= 18.44, p<.0001; Generalization: M=.70, SD=.21;
t(48)= 6.61, p<.0001). Performance was significantly more
accurate on segmentation than generalization trials,
t(48)=5.77, p<.0001, and segmentation and generalization
scores were highly correlated: r(47)=.53, p<.0001.
SICR Performance Participants’ verbal responses from
the SICR task were transcribed by two coders blind to the
study design. The transcriptions were subsequently scored

against the target test items to obtain measures of overall
accuracy (the total number of syllables recalled in the
correct serial position), and non-adjacent dependency
accuracy (the number of A-C pairings recalled from each
item, out of the two possible pairings: e.g., A1xC1A2xC2).
Replicating the results of Isbilen et al. (2017), participants
accurately recalled significantly more syllables in the
correct order for the experimental items than the random
items. These results held for both the segmentation items
(Experimental: M=34.84, SD=10.16; Random: M=13.55,
SD=6.04; t(48)= 23.11, p<.0001), and for the generalization
items (Experimental: M=27.71, SD=10.56; Random:
M=8.35, SD=4.37; t(48)= 15.98, p<.0001). Similarly, the
number of non-adjacent dependencies (syllables in the 1st &
3rd and/or the 4th & 6th serial positions) recalled for
experimental items was significantly higher than those
recalled for the random, both for the segmentation items
(Experimental: M=8.53, SD=4.52; Random: M=2.57,
SD=2.34; t(48)= 13.34, p<.0001), and for the generalization
items (Experimental: M=6.63, SD=4.42; Random: M=1.50,
SD=1.45; t(48)= 9.51, p<.0001). Unlike 2AFC, the SICR
results revealed no significant difference in performance
between the segmentation and generalization difference
scores
(experimental
minus
random),
although
generalization scores were slightly lower due to the
inclusion of unfamiliar syllables. These results held for both
overall recall, and for the total number of non-adjacent
dependencies recalled (p=.10 in both cases). This difference
between 2AFC and SICR may in part stem from differences
in task demands: differences in familiarity between
segmentation and generalization items may influence ratings
in 2AFC more, due to its meta-cognitive nature. SICR
generalization and segmentation performance was
significantly correlated: r(47)=.34, p=.02.
Correlations between 2AFC and SICR To evaluate the
relationship between reflection- and processing-based
measures, correlations were run between 2AFC and SICR
scores. The SICR values used for the correlations were the
total difference scores, to maximize the measures’
comparability to 2AFC (which is akin to a difference score),
while also controlling for baseline phonological working
memory (the subtraction of the random items from the
experimental items). The only significant correlation was
between 2AFC segmentation and SICR segmentation,
r(47)=.31, p=.04 (not correcting for multiple comparisons).1
No other SICR and 2AFC measures were significantly
correlated (all p>.08). In line with our hypothesis, these
findings suggest that reflection- and processing-based
measures appear to capture largely different aspects of
statistical learning skills (Christiansen, 2018; Siegelman et
al., 2017).
The results of Part 1 replicate the results of Frost &
Monaghan (2016) of simultaneous segmentation and
generalization of non-adjacent dependencies using both
2AFC and SICR. Taken together, these findings suggest that
1

In a pilot version of this study, (N=61) no such correlation was
observed, potentially suggesting a type II error: r(59)=-.04, p=.76.
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statistical-chunking processes may be able to account for the
segmentation and generalization of non-adjacent
dependencies, as well as that of sequential dependencies.
Furthermore, we found that although reflection- and
processing-based measures showed evidence of learning,
performance across the two tasks was largely uncorrelated.
To test whether this pattern extends to natural language
acquisition, Part 2 of the experiment evaluated grammar and
vocabulary acquisition using patterns from natural language,
with a comparison of 2AFC and recall task types.

Part 2: Cross-situational language learning of
Japanese
Natural language acquisition involves a host of different
factors, including word segmentation, word-referent
mapping, discovery of sequential structure, and
generalization to novel instances. In the second part of this
experiment, we increased the complexity of the task to
explore the degree to which the learning taking place during
segmentation and the discovery of non-adjacent dependency
structure maps onto more naturalistic language acquisition.
A cross-situational language learning task based on Walker
et al. (2017) was administered, exposing participants to
Japanese sentences co-occurring with complex scenes.
Cross-situational learning simulates naturalistic language
learning in the lab by analogy to infants’ acquisition of
word-referent mappings non-ostensively, through hearing
instances of a word occurring with the same referent across
different contexts. Similar to Part 1, both reflection-based
and processing-based measures were used to evaluate
learning. 2AFC tests of noun, marker, and verb learning
were performed. Additionally, a combined forced-choice
and recall task was also administered to test syntax
acquisition: participants repeated whole sentences they
heard out loud, after which they rated the grammaticality of
each sentence. We hypothesized that vocabulary and
grammatical regularities would be acquired simultaneously,
similar to the concurrent segmentation and generalization in
the non-adjacent dependency task. Furthermore, we
anticipated that while all tests would show some evidence of
learning, only within task-type correlations would be
significantly related.

Method
Participants The same 49 participants from Part 1
partook in Part 2 immediately following the first task.
Materials A small lexicon of Japanese words was used
for this experiment, taken from Rebuschat et al. (2017). The
language consisted of 6 nouns (fukuoru, owl; kame, turtle;
niwatori, chicken; shimauma, zebra; ushi, cow; zou,
elephant), four verbs (kakusu, hide; mochiageru, lift; taosu,
push; tobikueru, jump), and two case markers (-ga and -o),
which were appended to the end of each noun to indicate
whether the noun was the subject (-ga) or the object (-o) of
the sentence. For instance, the sentence “kamega
shimaumao taosu” would indicate that the turtle (subject)
pushes the zebra (object). The language also used Japanese

syntax, with sentences having two possible grammatical
orders: subject-object-verb (SOV), and object-subject-verb
(OSV). For training, 192 sentences were generated. For test,
96 additional sentences were presented: 24 for each of the
marker, noun, and verb tests, and 24 for the combined
syntax and recall task. Of the syntax stimuli, 12 were
ungrammatical items that used word orderings that are
invalid according to Japanese syntax (OVS, VOS, VSO,
SVO). The frequency, order, and object-subject assignment
of each word were all balanced. All auditory training and
test stimuli were created by a native Japanese speaker.
With each sentence, complex scenes depicting cartoon
animals as the referents for the nouns were also presented,
engaging in the action indicated by the verb of each
sentence (hiding, lifting, pushing, or jumping). During
training, two such scenes were presented, one the target
scene and the other a distractor, to allow for the accrual of
word-referent mappings through the use of cross situational
statistics. During the syntax test, only the target scene was
presented. All stimuli were presented in E-Prime 2.0.
Procedure The experiment consisted of two training
blocks, and two test blocks. During training participants
heard a Japanese sentence while watching two scenes play
on the computer screen: one displaying the target, and the
other the foil. The foil scene varied from the target both in
terms of the nouns and actions depicted. Participants were
asked to judge to the best of their ability which scene the
sentence referred to. Unknown to the participant, the last
trials of training tested their knowledge of the nouns, verbs,
and markers of the language, using the same method by
varying the two scenes by just one property (e.g., only one
object was different, or only the action was different, or
only the subject/object roles were different). Following
training, 12 syntax test trials were administered, which
presented a sentence paired with a single scene. Participants
were told that the speaker of these sentences were learning
Japanese, and that their task was to repeat the speaker’s
sentence out loud (the recall measure), and then indicate
whether the speaker’s sentence sounded “good” or “funny”
(the forced-choice measure). While this task is slightly
different from the other 2AFC measures in this experiment,
in which participants choose between a target and a foil,
they both require participants to engage in reflection about
learned material.
After the conclusion of the first training block and syntax
test, the same procedure was completed once more, starting
with training and ending with another syntax test. Each
training block contained 4 marker test trials, 4 verb test
trials, and 6 noun test trials. Each syntax test block
contained 12 test trials: 6 grammatical, and 6 ungrammatical
sentences. No feedback about participants’ performance was
provided at any time during training or test.

Results and Discussion
2AFC results Following the methods employed by Walker
et al. (2017), data from both testing blocks were pooled for
the analyses. With the exception of noun learning (M=.54,
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SD=.20; t(48)=1.58, p=.12), scores on all 2AFC measures
were significantly above chance (Marker test: M=.57,
SD=.19; t(48)=2.80, p=.0075; Verb test: M=.60, SD=.14;
t(48)=5.52, p=.0075; Syntax test: M=.61, SD=.14;
t(48)=5.52, p=.0075). Thus, our results showed that
vocabulary and grammatical acquisition of natural language
structure can occur simultaneously. The lack of significant
noun learning, while inconsistent with the findings of
Walker et al. (2017), may be explained by the fact that the
nouns in this task were longer (containing more syllables),
which may have contributed to reduced learning. The only
2AFC tests that were significantly correlated with each
other were performance on the syntax and verb test,
r(47)=.39, p=.0065, which is consistent with the findings of
Walker et al. (2017).
Syntax recall results Participants’ verbal responses were
transcribed by a coder blind to the study design, and were
scored against the targets, with a point given for each
syllable recalled in the correct serial position. Overall, no
effect of grammaticality was found on recall performance,
with participants recalling approximately equal numbers of
syllables in the correct order for both the grammatical
(M=73.08, SD=19.46) and ungrammatical items (M=72.14,
SD=18.57; t(48)= .60, p=.55). However, unlike the artificial
language stimuli, the natural language recall items vary in
the total number of syllables, ranging from 8 to 14 syllables.
A linear mixed effects model of the raw recall data revealed
that while grammaticality and string length had no effect
independently on recall performance, the interaction of
grammaticality and string length was significant,
t(1147)=2.78, p=.0055, with length relating to significant
detriments in recall scores for ungrammatical items, but not
grammatical ones. This suggests that learning the statistical
structure of the language stabilized recall of the grammatical
items independent of length, whereas the ungrammatical
items were more severely impacted by memory limitations.
Correlations between 2AFC and recall To investigate
the connection between the reflection- and processing-based
measures in the cross-situational learning task, correlations
were run between all 2AFC measures in Part 2 of the
experiment, and the recall difference scores. No significant
correlations were found between any of the 2AFC measures
and recall performance (all p>.14). These results may be
taken as further evidence that reflection- and processingbased tests do not measure the same aspects of learning.

The relationship between artificial & natural
language learning
To determine the connection between non-adjacent
dependency learning in an artificial context to vocabulary
and grammar acquisition in a natural language context,
correlations were calculated between the data from Parts 1
and 2 of the experiment. These analyses were first
performed within task type, then between task types. We
predicted that the 2AFC measures from Part 1 would only
correlate with the 2AFC measures from Part 2, and that only
the recall measures from Parts 1 and 2 would be correlated.

Parts 1 & 2: Reflection-based measures
Correlations between all reflection-based (2AFC) measures
were performed. However, only two 2AFC measures were
correlated across the two parts of the experiment. First,
participants’ ability to segment words in the non-adjacent
dependency task positively correlated with their ability to
learn the nouns in the cross-situational learning task,
r(47)=.35, p=.0139. Second, generalization ability on the
non-adjacent dependency 2AFC task negatively correlated
with participants’ ability to pick up on the markers on the
cross-situational learning task, r(47)=-.28, p=.0496.

Parts 1 & 2: Processing-based measures
Partial correlations between the SICR and cross-situational
recall performance raw data, controlling for string length,
item type (experimental versus random for SICR, or
grammatical versus ungrammatical for the cross-situational
items) and repeated measures revealed that SICR and crosssituational recall abilities significantly correlated with one
another. SICR segmentation (r(615)=.20, p<.0001)
demonstrated a stronger correlation to cross-situational
recall than did SICR generalization (r(561)=.14, p<.0009).

Parts 1 & 2: Between measure-types
Correlations between reflection- and processing-based tests
from Parts 1 and 2 of the experiment were performed. The
results revealed no significant correlations between task
types from the two parts of the experiment (Table 1).
Table 1: 2AFC and Recall Correlations
Marker
Test
SICR
Seg.
SICR
Gen.
Cross-sit.
recall

Noun
Test

Syntax
Test

Verb
Test

2AFC
Seg.

2AFC
Gen.

.02

.02

.12

.13

.31*

.26

-.09

.08

-.07

.15

.12

.16

-.22

.18

.09

-.02

.17

.15

General Discussion
Bridging artificial and natural language learning is an
important endeavor in the cognitive sciences. A first step to
stabilizing the link between in-lab observations and realworld behavior may come from strengthening the
connection between the tasks used to test learning, and the
computations employed during learning. Here, we argue for
the role of statistically-based chunking as the computational
link between learning and testing.
Short-term memory recall is a robust indicator of longterm learning (Jones & Macken, 2015; McCauley, Isbilen &
Christiansen, 2017), with the accrual of statistical
regularities over time aiding memory retention in the hereand-now. The use of such recall tasks as a measure of in-lab
language learning is motivated by evidence supporting the
notion that chunking may play a key role in statistical
learning, and can account for language acquisition,
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processing, and production more broadly (Christiansen &
Chater, 2016). Our results strengthen this argument by
demonstrating that statistically-based chunking can also
account for the simultaneous learning and generalization of
non-adjacent dependencies: a complex, dynamic linguistic
structure. While our findings appear to support some degree
of separability between segmentation and generalization
skills (see also Frost & Monaghan, 2017), these abilities
also appear to inform one another, with segmentation
performance strongly predicting generalization ability.
While our study has important methodological and
theoretical implications for individual differences work, it
also has a number of limitations. First, although our crosssituational paradigm simulates aspects of natural language
acquisition in the lab, it does not capture language
acquisition exactly as it occurs in the real world. Second,
while this language learning experiment implemented many
separate subcomponents of natural language by design, we
also acknowledge that these features changed the task
demands. Learning in the artificial language task involved
only segmentation and generalization of individual words,
whereas the cross-situational learning task incorporated
complex grammar, referents, and whole sentences. Stronger
correlations may have been observed if the structure of the
two different tasks were more similar (see Siegelman et al.,
2017, for discussion).
Methodologically, our results suggest that the empirical
disconnect between the learning targeted and the measures
used at test may influence the correlations observed between
artificial and natural language outcomes. While the
processes leveraged for both in-lab and real-world language
acquisition may be analogous, the similarity or dissimilarity
of the tasks used to measure learning – and the specific
computations each task relies on – may obscure the
connection between the targeted cognitive processes.
Moreover, there appears to be substantial individual
variation in performance on these two kinds of tasks, as
evidence of learning on one measure does not necessarily
translate to high performance on the other. While both
reflection- and processing-based measures test learning, our
results suggest that they may test slightly different kinds of
knowledge: meta-cognitive reflections over what was
learned, versus processing-based facilitation from accrued
statistics.
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Abstract
How does listeners’ perceptual bias influence their interpretation of an ambiguous multiword utterance? We address this
question by investigating the relationship between word order in a binomial (an expression of type “A and B”) and visual properties of image pairs serving as its potential referents.
We found that listeners’ choices were strongly influenced by
iconicity and relative salience of images within the pair: participants preferred referents where the first mentioned image
was located on the left, as well as pairs where the first image was larger than the second image. The effect of image order tended to be stronger than the influence of image size, and
both were modulated by participants’ general visual field preferences (determined in a separate experimental condition). We
further show that binomial phrase interpretation can be simulated by a Rational Speech Act model that includes both word
order effects and utterance-independent preferences of the participants.
Keywords: pragmatics; binomials; reference resolution; object salience; Rational Speech Act theory

When interpreting a referring expression, listeners take
into account not only its literal meaning, but also various
pragmatic considerations, such as the speaker’s likely communicative goals, alternative utterances, and common ground
information. For example, in the presence of referential ambiguity, listeners tend to favor interpretations of reference to
perceptually salient objects (Clark, Schreuder, & Buttrick,
1983). This inference might stem from a pragmatic inference
that a salient object has a high chance of being in the “common ground” between the listener and the speaker, or simply from reasoning based on egocentric perspective (Keysar,
Barr, Balin, & Brauner, 2000).
For reference beyond the level of the single word, word
order might provide an additional source of information to
listeners. Word order often reflects object salience: in spoken dialog tasks where visual scenes are in common ground,
larger and more centrally located referents tend to be mentioned earlier overall in utterances, as shown by Elsner, Rohde, and Clarke (2014); Clarke, Elsner, and Rohde (2015).
These authors also show that visual search follows order
of mention and can facilitate performance in collaborative
target-search tasks. It is less clear, however, to what extent listeners use word order as a source of information for resolving
referential ambiguity. Such inferences might involve pragmatic reasoning about utterances that a speaker might have
chosen but did not. While multiple studies have shown that
listeners often perform this type of ad-hoc scalar pragmatic
inference (e.g., Frank & Goodman, 2012; Bergen, Goodman,
& Levy, 2012; Degen, Franke, & Jäger, 2013), inference on
the basis of word order in multiword referring expressions has
not yet been investigated.
In this study, we use binomials (multiword expressions

of type “A and B”, such as “salt and pepper”/“pepper and
salt”) to investigate listener sensitivity to word order choice
in resolving referential ambiguity. It is well established that
speakers’ choice of binomial word order is highly sensitive
to multiple linguistic and semantic constraints (McDonald,
Bock, & Kelly, 1993; Benor & Levy, 2006). These constraints include perceptual markedness, according to which
referents that are more salient in any of a number of manners
are referred to first (e.g., proximity: “here and abroad” over
“abroad and here”; Mayerthaler, 1988), and iconic sequencing, according to which referents that are conceptualized as
being in a sequence are mentioned in that sequence (e.g.,
“takeoff and landing” over “landing and takeoff”; Cooper &
Ross, 1975). In a controlled experimental setting, Gleitman,
January, Nappa, and Trueswell (2007) showed that the relative positioning of two objects within an image (left vs. right)
affected binomial order in speaker descriptions of these images, and so did an unconscious attention manipulation procedure. In comprehension, while it has previously been demonstrated that listeners are sensitive to violations of preferred binomial orderings in the absence of visual context (SiyanovaChanturia, Conklin, & van Heuven, 2011; Morgan & Levy,
2016), our study is the first to our knowledge to evaluate
whether and how listeners use binomial word order to resolve
ambiguity among potential visual referents.
In order to test whether word order affects reference resolution in an ambiguous setting, we presented participants with
a binomial phrase of the form “A and B”, followed by three
pairs of images depicting A and B. We manipulated iconic
sequencing by varying relative location of images within the
pair (left side of the screen vs. right side of the screen), as well
as perceptual salience by varying their size (large vs. small).
Participants then picked the image pair that, in their opinion,
best matched the binomial. We hypothesize that, if word order within the binomial has no communicative effect, it would
not elicit any ordering or size effects beyond listeners’ general
visual field preferences. However, if word order affects listeners’ decisions, we would expect the referent image matching
the first word of the binomial to be located on the left (reflecting an iconicity preference) and/or to be larger than the other
referent image (reflecting a saliency preference). Additionally, we quantitatively model our data using several variants
of the Bayesian Rational Speech Act model (Frank & Goodman, 2012), to take into account the effect of prior expectations on referent selection and to evaluate our overall ability
to quantitatively predict comprehender choices1 .
1 The data and code used for this study can be found at
https://github.com/neuranna/binomial-referents
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Figure 2: Position (A) and size (B) preferences of participants
during the prior elicitation task.
Figure 1: Setup of a single trial. Participants are presented
with a binomial, followed by three sets of image pairs. Image
pairs differ in relative order, size, or both.

Experiment
Method
Participants We recruited 106 participants through Amazon.com’s Mechanical Turk. All workers were located in the
US and had at least 95 percent approval rate. The UniqueTurker script2 was used to ensure that participants completed
the experiment only once. All participants were self-reported
native speakers of English.
Stimuli We used the Pool of Pairs of Related Objects
(POPORO) image set (Kovalenko, Chaumon, & Busch, 2012)
as the source of our image stimuli. We selected pairs of images from the dataset based on the following criteria: (1) both
images can be described by count nouns; (2) both images depict concrete objects; (3) the two objects have comparable
sizes. We normed the images using a separate set of participants (N = 36). Each participant was presented with an image of an object and asked to provide a one-word description.
We restricted the final set of image stimuli to those that were
identically labeled by at least 80 percent of the participants.
Design During each trial, a participant was presented with
a binomial (“A and B”), followed by three possible referent
pairs. Referent pairs varied by image location (A on the left,
B on the right, or vice versa), position on the screen (top, center, bottom), and relative size (both large, small A and large
B, small B and large A). Word order within the binomial was
counterbalanced across participants. Figure 1 shows a sample trial. In addition, in 20 percent of the trials the binomial
was replaced by a letter mask. Those trials were later used to
estimate baseline preferences of the participants. We refer to
these trials as the prior elicitation condition.
Procedure The experiment was hosted online on Ibex Farm
(Drummond, 2013). Each participant completed 36 trials, one
for each image pair. A trial consisted of a binomial phrase
presentation lasting for 1000 ms, a 500 ms pause, and then a
screen with three image pairs that served as possible referents.
2 https://uniqueturker.myleott.com

Participants had to select a pair that best matched the referring
phrase. Item presentation order was randomized.
Analysis We assessed evidence for prior and word orderbased preferences through pairwise comparisons between response types using mixed logit regression analysis using R’s
lme4 (Bates, Mächler, Bolker, & Walker, 2015), in all cases
testing the null hypothesis that two response types are equally
preferred. This corresponds to testing the fixed-effects intercept (which we nevertheless refer to as β for familiarity) in
a model that includes by-participants and by-items random
intercepts. Statistical significance was determined using the
likelihood ratio test.

Results
Prior Preferences We evaluated binomial-independent
preferences of the participants’ using data from the prior elicitation trials. We found that both screen position and relative
image size affected people’s choices (Figure 2). Specifically,
they were more likely to choose the image pair in the center
over the image pair at the top (β = .31, p = .002), but also
more likely to select the pair at the top than the pair at the
bottom (β = .25, p = .019). In addition, participants strongly
preferred pairs with images of equal size over pairs where the
left image was larger (β = .86, p < .001). There was no preference for image pairs with larger image on the left vs. pairs
with a larger image on the right (β = .21, p = .115).
Effects of Word Order on the Choice of Referent There
was a robust relationship between word order and image order: participants preferred to choose referent pairs where the
image mentioned first was located on the left (β = 1.88, p <
.001). Word order also affected size preferences: participants
were significantly more likely to choose an image pair where
the object mentioned first was larger over an image pair where
the object mentioned first was smaller (β = .35, p < .001).
Furthermore, they preferred an equal-sized image pair over
image pairs of unequal size (β = 1.17, p < 0.001), as they
did in the prior elicitation condition. Figure 3 shows the effects of order and size on participants’ decisions for illustrative reference pair sets. We conclude that, when deciding on
an image pair matching a binomial expression, participants
tend to pick image pairs that satisfied iconicity and percep-
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Figure 3: Sample trials demonstrating effects of image order (trials 1 and 2) and image size (trials 3 and 4) on participants’
choices. The referring expression in all four trials has the form “circle and square” (actual items varied from trial to trial).
Image sets in trials 1 and 2 differ only in relative order of items in the last row (marked by an arrow), yet this manipulation
drastically changes the distribution of responses among participants. Similarly, image sets in trials 3 and 4 differ only in relative
sizes of items in the third row. This manipulation does not have such a drastic effect, yet increasing salience of the circle by
making it larger does increase the frequency with which participants chose this option.
tual salience constraints.

Discussion
We show that, when presented with a binomial expression,
listeners rely on information about word order within that
expression in order to identify the best matching referent.
Specifically, participants in our experiment tended to choose
referents in which image order matched binomial word order
and in which the image mentioned first was as large or larger
than the image mentioned second. Our finding indicates that
not only does object ordering affect word order during binomial production ( as shown by Gleitman et al., 2007), but it
can also be recovered during comprehension. We also identify a separate factor affecting referent selection, namely, relative image size.
In order to further explore the relationship between word
order and relative image salience, we simulated the reference
resolution process using several computational models and
compared their predictions with behavioral results described
above.

The Model
Model Specification
In order to model the listeners’ inference process, we use
the Rational Speech Act (RSA) framework, first proposed by
Frank and Goodman (2012). The fully specified model incorporates several levels of inference: the literal listener (L0 ),
who interprets the utterance according to its literal meaning, as well as the listener’s prior expectations about possible states of the world; the speaker (S1 ), who considers both
the literal listener’s interpretation and the relative cost of the
utterance; and the pragmatic listener (L1 ), who estimates the
probability of a certain state of the world based on the utter-

ance that the speaker chose to use. Traditional RSA models
evaluate the goodness of fit between an utterance and a reference state using a categorical meaning function (the utterance
either matches the referent or not). However, this approach
does not apply in our case, since the binomial utterance can
in principle refer to all three image pairs presented during a
trial. Instead, we can model the effect of binomial-referent
mismatch in two ways: (a) by replacing a categorical meaning function with an acceptability judgment that reflects the
tendency for a more salient object to be mentioned first (the
non-scalar model); (b) by introducing a production cost at the
level of the speaker (the scalar model). We provide a formal
description of the models below.
Defining the Cost Function The cost function evaluates
the goodness of fit between a binomial and an image pair.
The two image properties that it takes into account are: (a)
relative location of images, and (b) relative size of images.
We make the assumption that, if the binomial has the form “A
and B”, the image depicting A is likely to be on the left and
the image depicting B is likely to be on the right. If that is not
the case, a penalty is added to the cost function. Similarly, for
the binomial of the form “A and B”, a penalty will be imposed
if the image depicting A is smaller than the image depicting
B. This can be expressed as:
C(u|s) = µ ∗ JmK(u, s) + σ ∗ JzK(u, s)

(1)

where µ is the order match parameter, JmK(u, s) is the mismatch function that equals 0 if the word order matches the
image order and 1 otherwise, σ is the size parameter, and
JzK(u, s) is the size mismatch function that equals 1 if the first
mentioned image is smaller than the second image, and 0 oth-
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Figure 4: Comparison between model predictions and participants’ choices. Each dot is an option from an image set with a
particular configuration. The x axis shows the predicted probability of choosing this option, and the y axis reflects the proportion
of participants who chose this option during the experiment.
erwise3 .
Prior-only Model: no effect of word order If the word
order has no effect on referent selection, listeners’ choices
depend only on their prior preferences:
PL0 (s|u) = P(s)

(2)

where s is the state (here, an image pair), u is the utterance
(here, a binomial expression), and P(s) is the prior probability
of the state.
Non-scalar Model: effect at the Level of L0 The simplest
way to introduce the effect of binomial word order is by using
only one level of inference (literal listener, L0 ) and incorporating word order effects as an exponentiated cost function.
Specifically,
PL0 (s|u) ∝ P(s) ∗ exp(−C(u|s))

(3)

where s is a state (here, an image pair), u is the utterance,
and C(u|s) is the cost function that specifies the relationship
between word order within the utterance and image pair properties. This model does not include any inference about the
speaker’s behavior.
Scalar Model: effect at the level of S1 An alternative way
of incorporating the cost term places it at the level of the
speaker (S1 ) instead of L0 . In this case, the literal listener
would assign probabilities to object pairs based solely on
prior preferences, without taking word order into account:
PL0 (s|u) ∝ P(s)

(4)

The speaker, however, would base their choice of utterance
not only on the literal listener’s interpretation, but also on the
production cost of utterance given the image pair (C(u|s)):
3 We also considered a version of the cost function where having
two images of equal size would result in higher cost than having a
large image A and a small image B. However, exploratory analyses
showed that this version of the cost function does not fit the data as
well.

PS1 (u|s) ∝ exp(log(PL0 (s|u)) −C(u|s))
= exp(log (P(s)) −C(u|s))

(5)

= exp(log (P(s))) · exp(−C(u|s))
where PL0 (s|u) is the literal listener’s inference function
from eq. 3. Since P(s) does not depend on u, we can drop the
first exponent, which leaves:
PS1 (u|s) ∝ exp (−C(u|s))

(6)

meaning that the only factor that the speaker is considering
is production cost. The pragmatic listener would then pick a
referent by inferring the speaker’s perspective:
PL1 (s|u) ∝ PS1 (u|s) ∗ P(s)

(7)

Implementation We estimated prior preferences of the participants by reanalyzing data from the prior elicitation condition using the mlogit package in R (Croissant, 2012). Specifically, we constructed the model that estimated coefficients
for position preference (top, center, and bottom) and relative size preference (equal, left larger, right larger). We then
used these coefficients to predict prior probabilities of choosing each option (P(s)). The models themselves were implemented in WebPPL (Goodman & Stuhlmüller, 2014) using
starter code provided by Scontras and Tessler (2017).

Comparing Behavioral Data with Model Predictions
When comparing model predictions with participants’ responses, we aimed to answer three questions: (1) Does binomial word order affect relative size and order of images in
a preferred image pair? (2) Do prior preferences play a role
in referent selection? (3) Do order and size biases arise from
listener’s built-in preferences or from online inference about
the speaker’s production costs? In order to address the first
question, we compared the performance of the baseline prioronly model with the scalar and the non-scalar models. To answer the second question, we evaluated two different versions
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Figure 5: Comparison between behavioral data and model predictions. A: Relative location of the image mentioned first. B:
Relative size of the image mentioned first (compared to the other image).

Table 1: Fitted model parameters. Parameter value is estimated as the median of the posterior distribution; values
within square brackets are 95% confidence intervals.
Parameters
order (µ)
size (σ)
2.25
1.16
Non-scalar, no prior
[2.14 - 2.40] [1.06 - 1.29]
2.43
.46
Non-scalar, with prior
[2.33 - 2.56] [.40 - .54]
2.05
.21
Scalar, no prior
[1.97 - 2.20] [.11 - .38]
2.32
.35
Scalar, with prior
[2.19 - 2.41] [.20 - .50]
Model

of the scalar and the non-scalar models that differed in initial state preferences of the participants: initial probability of
choosing a particular state (P(s)) was based either on chance
(”no prior”) or on predictions obtained from the prior elicitation condition (”with prior”). Finally, to address the third
question, we attempted to determine whether the scalar and
the non-scalar models yield different predictions and whether
those predictions correspond to behavioral data.
We first estimated parameter values that yielded the best
fit between the data and the models (see Table 1). To ensure
unbiased estimates, symmetric [-5, 5] intervals were used as
priors for µ and σ. Resulting parameter values are fairly consistent across models (except for the non-scalar model with
no prior, which places a higher weight on size differences),
and support the results of our previous analyses: image order
is more likely to influence participants’ choices than relative
image size.
Estimated parameter values were then used to simulate the
outcome of each experimental trial for all participants. The

results of the comparison between participants’ responses and
model predictions are shown in Figure 4. We see that only the
models that take into account both the prior and the cost function can capture participants’ responses. The scalar model
slightly outperforms the non-scalar model, with their r2 values equal to .91 and .90, respectively. However, this difference is not large enough to establish which model represents
the best fit to human behavior.
Finally, in order to visualize general trends in the data, we
compared the relative order and size of object pairs picked by
participants across all trials with those selected by the models (Figure 5). We can see that all models except the baseline (prior only) successfully capture the relationship between
word order and image order. However, the size preference is
driven both by prior preference for equally-sized images (as
shown in the experimental section) and by the word order effects (image pairs where the first mentioned image is smaller
are dispreferred), so the resulting pattern is a combination of
these two factors. Therefore, only models that include both
estimates of the prior and effects of word order are successful
at capturing relative size trends, including both the preference for “same” over “larger” (caused by the prior) and the
preference for “larger” over “smaller” (caused by word order
effects).

Discussion
We simulated participants’ behavior during a referent selection task using models based on the Rational Speech Act
(RSA) framework. We show that behavioral data are best
captured by models that incorporate both participants’ prior
preferences and a function that evaluates the goodness of fit
between word order and relative object salience. Our data do
not clearly discriminate between a model without scalar inference (that incorporates word order preferences directly at the
level of a non-pragmatic listener) versus a model with scalar
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inference (that encodes word order preferences at the level
of speaker choice). Future studies may be able to discriminate between such models by using experimental conditions
specifically designed for this purpose.
The mechanisms underlying the mapping between word
order and relative object salience also warrant further research. In order to compare an utterance with a visual stimulus, the listener needs to convert them into compatible representational formats (Clark & Chase, 1972). In our experiment, we show that the binomial phrase exerts an influence on
the subsequent referent selection task, demonstrating that the
order of words within the binomial is stored (at least briefly)
in working memory and can be used to determine the best
matching referent on the basis of optimal alignment between
word order and visual referent features (Huettig, Olivers, &
Hartsuiker, 2011). Eyetracking and other continuous performance measures can be used to further elucidate the nature of language-vision interaction during referent selection
(Anderson, Chiu, Huette, & Spivey, 2011).

Conclusion
We investigated the role of word order on referential ambiguity resolution by presenting participants with a binomial
phrase and having them choose among a set of possible referent pairs. We found that comprehenders’ choices reflect
an iconicity preference (left-before-right) and a perceptual
markedness preference (larger-before-smaller), both of which
have been previously demonstrated in language production.
As is the case in language production (Benor & Levy, 2006),
we found the iconicity preference to be stronger than the perceptual markedness preference. We showed how these preferences can be jointly reconciled in a computational pragmatic
model that is improved by also taking into account utteranceindependent expectations regarding likely referents. Our results demonstrate that listeners infer intended meaning based
not only on the contents, but also on the structure of the referring expression, highlighting the powerful role that word
order can play in resolving referential ambiguity.
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Abstract

addressing two gaps in the literature, namely the (1) accounting of cues in combination, and (2) the mapping of cues to
situational social meaning. Before elaborating on these two
points however (See ”Virtual Agents”), we first provide a review of prior work on physical cues and situational social
meaning in the study of human behavior.

A pressing issue in both psychology and agent-modeling communities is the inability to account for the wide variance in human variability and individual differences. Added to this is the
further complexity of changing goals and social meaning in a
dynamic, sequential interaction. While prior work on artificial
agent design has prominently addressed physical cues and nonverbal behavior, there is a lack of emphasis on (1) examining
cues in combination, and (2) assessing judgments of social situational meaning. In the current work, we present an ontology
of physical behavior (Social Kinematics) that accounts for the
combinatorial effects of multiple cues, as well as the changing
social meaning associated with these different combinations of
cues. Here, we assess individuals social situational judgments
of multiple combinations of ambiguously-defined virtual agent
animations. Ultimately, this paper provides a potentially useful
framework that has relevance for researchers in social robotics,
agent modeling, and cognitive science.

Human Behavior

Keywords: Nonverbal behavior; Social perception; Virtual
agents; Situations; Motivation systems.

Introduction
As humans, we are constantly evaluating and re-evaluating
social information about others. Is this a friend or foe? Attraction or threat? A subtle glance, a stiffening posture, a
quickening gait - Each are basic human physical actions that
progressively bring clarity to perceptions of individuals’ emotional states and intentions.
How then, do humans generate and distinguish between the
social meanings attached to different physical movements?
For instance, under which parameters does a particular proxemic distance shift in social meaning from friendly to threatening? How might we systematically define and measure
these parameters in isolation, as well as in combination?
To address these questions, we take the following steps: (1)
First, we present 4 primary categories of physical movement
cues: distance, direction, speed, and gaze. (2) Next, we use
animated virtual agents to simulate these 4 categories. A critical point here is that we attempt to offer a ”sterilized” contextual framework in the presentation of the virtual agents. That
is, a completely ambiguous and undefined context: We provide no social context or narrative description, we present the
virtual agents upon a ”neutral” blank/white backdrop, and we
present the virtual agents’ facial expressions as neutral and
blank. (3) Finally, we assess individuals’ evaluations of these
animated combinations of physical cues.

Related Work
The current work builds on existing work using virtual agents
to systematically examine human physical movement, while

Physical Cues Interest in social perception of movement
has its roots in work using animated movements of abstract
shapes (e.g., triangles, squares) conducted by Heider and
Simmel (1944). That work involved understanding if and
when humans respond to inanimate entities (e.g., robots, and
intelligent agents) as if they have intentions and goals.
Locomotive movement The Heider-Simmel simulation is
impacted by features of locomotive movement, such as
changes in speed and trajectory, which correlate with greater
perceptions on animacy, and distance and degree of movements, which correlate with intention (Roux et al., 2013).
Moreover, features such as position, velocity, and acceleration of geometric shapes predict event (narrative) segmentation (Zacks, 2004). Further, walking behavior depictions of
human ”biological motion” (Johansson, 1973) is considered
an intentional (Baron-Cohen et al., 1995; Carey, 1999), goaldirected movement (Dittrich, 1993). As such, we conceptualize distance (position), direction (trajectory), and speed as
mechanical features of social kinematics.
Nonverbal Behavior Additional categories of physical
movement include the nonverbal behavior cues of proxemics,
gesture, and gaze. Proxemics, or social distance, (Hall, 1966),
has figured prominently in designing virtual humans (Bailenson et al., 2001, 2003) , and social robots (Mumm & Mutlu,
2011; Walters et al., 2009). Gesture and gaze are unique nonverbal behaviors in that they involve more refined cues than
the locomotion or position of the body. While the function
and utility of certain gestures (emblems that are symbolic) are
largely culturally-specific and socially learned (illustrators
that augment speech), other gestures serve more basic, implicit self-needs and emotions (adaptors) (Ekman & Friesen,
1972). Although Gaze is not necessarily a movement per se,
it is indeed a nonverbal cue that has its roots in intention and
Theory of Mind (Premack & Woodruff, 1978; Baron-Cohen
et al., 1995). Moreover, the design and impact of gaze in
virtual humans has been well-documented (Lee et al., 2007;
Gratch et al., 2002).
Movement Models One prominent framework for codifying human movement is the Laban Movement Analysis
(LMA), which has previously been applied in generating ges-
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ture animations for virtual agents (Chi et al., 2000; Cassell et al., 2001; Gratch et al., 2002) and robots (Nakata et
al., 1998). LMA is composed of four components (Zhao &
Badler, 2001): Body, Effort, Shape, and Space, where Body,
Shape, and Space define what motion is performed, while Effort describes how a motion is performed. Specifically, Body
specifies body parts and the sequencing of a motion, Space
describes the location and paths of a motion, and Shape describes the body’s changing forms. Of these LMA components, Shape and Effort are most relevant to the current paper.
Another prominent taxonomy of body movement is that of
Wallbott (1998), which includes detailed specifications about
the upper body, shoulders, head orientation, arms movement,
and hand shapes (i.e., fists, pointing). Wallbott’s categorization has high explanatory power and specificity in terms of
individual body components particularly in terms of describing arm and hand movements. This categorization, however,
does not account for locomotive movement.
According to both the Labanian and Wallbott models, gesture is a cue that entails a completely distinct set of specifications. That is, we would have to account for a complete
ranges and shapes of arm and hand movements. For instance,
the body-specific features of Distance, Direction, and Speed
directly map onto mechanical arm-specific features of Position, Direction, and Speed (of arm movements), respectively.
As such, we will not address Gesture as a variable in the current work, instead engaging in more comprehensive analysis
of Gesture in our forthcoming work.
Social Situational Meaning Pervin (1978) suggested situations retained a narrative structure consisting of: who is involved, where is the action occurring, and what activities are
involved. Adapted from the above, Read and Miller (1998)
used a model of neural network-based constraint satisfaction
processes to organize knowledge structures into a coherent
narrative-based structure that include components about who
(or what) did what to whom (or what) under what circumstance, why, where, how, with what effect (e.g., emotional
outcome) (Read & Miller, 1998). While various cues (facial expressions, speech, etc.) are in play in this meaningconstruction process, we focus strictly on physical movements and nonverbal behavior of the body.
Rauthmann et al. (2014) recently introduced the DIAMONDS, a taxonomy-based behavioral assessment of personality characteristics, situations, and behaviors. The DIAMONDS consist of situational categories that correspond to
its acronym: Duty (e.g. work, tasks), Intellect (e.g., aesthetic,
profound), Adversity (e.g., threat, criticism), Mating (e.g. romance, sexuality), pOsitivity (e.g., pleasant, nice), Negativity
(e.g., unpleasant, bad), Deception (e.g., deceit, lies), and/or
Sociality (e.g., interaction).
Motivation Systems Read et al. (2017) argue for a conceptualization of situations in terms of motivation-based systems, such as the approach-avoidance system (Elliot & Covington, 2001). That is, all situations may be reduced to two
motivations: Do I engage, or disengage? Indeed, the DI-

Figure 1: Social Kinematics Model
AMONDS may diverge according to positive and negative
judgments (Rauthmann et al., 2014), which align with approach and avoidance characteristics, respectively (Lewin,
1936; Osgood et al., 1957).

Virtual Agents
As mentioned earlier, the current study addresses two gaps
in the literature using virtual agents to study physical cues:
(1) Accounting for the combinatorial effects of multiple simultaneous cues, and (2) A structured system of mapping
movement parameters onto the perception of situational social meaning, which is critical to understanding human behavior (Nisbett & Ross, 1991; Wagerman & Funder, 2009).
Physical Cues While prior work using artificial agents have
indeed examined the social impact of physical cues, these
are limited in that they often examine cues and situations, in
isolation. For instance, many have addressed the impact of
proxemic distance using social robots (Breazeal et al., 2009;
Mumm & Mutlu, 2011; Hüttenrauch et al., 2006; Walters et
al., 2009) and virtual humans (Bailenson et al., 2001, 2003).
Recently, however, there has greater focus on the explicit integration of multisensory information in a social context (Zaki,
2013). Further building on this framework, recent work on
HRI emphasizes the importance of congruency between cues
(Kennedy et al., 2017). Our approach attempts to add to this
prior work by presenting a step towards accounting for the
combinatorial effects of multiple simultaneous cues. We emphasize that this is the first of a series of planned studies,
and although we lay out a comprehensive theoretical model
of Social Kinematics and situational meaning, we acknowledge that the analysis in the current paper is by no means
comprehensive.
Situational Meaning Prior work has made comprehensive
applications of movement categorization into gesture representation in artificial agents (Chi et al., 2000), and examined the impact of categorizations of different body features
on emotions (Wallbott, 1998) and personality characteristics (Neff et al., 2010). A gap exists however, in a structured
system of mapping movement parameters onto the perception
of situational social meaning, which along with personality,
represent critical components to understanding and measuring human behavior (Nisbett & Ross, 1991; Wagerman &
Funder, 2009). Our approach attempts to adds to these prior
work by using an established social situations measurement
instrument to assess individuals’ judgments of different com-
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binations of physical cues.

Social Kinematics
Building specifically on the body of literature in developmental psychology (i.e., Heider-Simmel), nonverbal behavior, and drawing inspiration from the Laban Movement Analysis and Walbott’s Categorization of Movement, we present
a typology of movement that 1) distinguishes between bodyspecific movement (locomotion) and arm-specific movement
(gesture), 2) distinguishes between movements performed
while standing and while walking, and 3) focuses specifically
on contextually meaningful movement. That is, we focus
on movements with a social component, as opposed to mere
functional movements.
We define Social Kinematics as the socially meaningful
features of physical, body-specific movement generated by
a social agent (human or non-human) in relation to one or
more other social agents. We conceptualize Social Kinematics into features that characterize either body-specific movement (proxemics, locomotion) or gaze. Taken together, we
include the following 4 categories in our typology of Social Kinematics, each including 2 levels of features: Distance
(near, far), Direction (towards, away), Speed (slow, fast), and
Gaze (direct, averted). Specifically, Speed corresponds to the
LMA component of Effort, and Distance and Direction correspond to the LMA component of Space and Shape, respectively. Levels (Figure 1) of each Social Kinematic Feature
(i.e., Towards-Away Directional movement) are similar to the
LMA sub-components of Shape and Effort.

Method1
Participants
197 participants (145 female, 52 male) were recruited from a
undergraduate subject pool at a university in the United States
in exchange for course credit.

Experimental Design
The statistical design of this study was a 2x2x2x2 (Distance,
Direction, Speed, Gaze) 4-way repeated measures MANOVA
to examine the effect of different combinations of movement
each at 2 levels (Far-Near, Towards-Away, Gaze-No Gaze,
Slow-Fast) on ratings of the 8 situational DIAMONDS (Duty,
Intellect, Adversity, Mating (Romance), pOsitivity, Negativity, Deception, Sociality).
Statistical Approach In addition to main effects of individual Social Kinematics, we also examine the 2-way, 3way, and 4-way interaction effects of each feature. Effect
sizes in the present work are reported as partial eta-squared.
Though the general rules of thumb for ANOVAs is to measure effect size with eta-squared (Miles & Shevlin, 2001),
partial eta-squared (ηp2 ) arguably apply more to repeatedmeasures ANOVAs as it more closely approximates what etasquared would have been for the factor had it been a one-way
ANOVA (Dunlap et al., 1996).
1 Data, syntax available for access at https://tinyurl.com/y7j68l8u

Figure 2: Virtual agent walking away (Distance: Far, Direction: Away, Speed: Slow, Gaze: Direct).

Materials
Participants were presented 16 different randomized videos
on Qualtrics, which included virtual agent animations of the
unique combinations of the 4 categories of Social Kinematic
cues. Please refer to Figure 2 for an example of a stimulus
condition. We further elaborate on the construction of this
stimuli below. After viewing the 16 stimuli videos, participants then provided ratings on the likelihood that the above
visual stimuli would involve a DIAMONDS situation on a
graphical slider that ranged from 0-7. The decision to use
a graphical slider as opposed to a conventional Likert-scale
was to mitigate the reliability issues that arise from forcing
participants to select whole integers as values of judgment.
An example of an item that addressed the Duty element of
the DIAMONDS was, ”How likely is this situation to involve
work, tasks, or duties?” This wording of the items were derived from Serfass and Sherman (2015).
Stimuli We used virtual agents as stimuli because we felt
that virtual agents could reliably represent various forms of
human movement. We built visual stimuli used in this experiment using the animation software Smartbody (Thiebaux
et al., 2008), an open source modular framework for animating virtual humans and other embodied characters developed
by the USC Institute for Creative Technologies. Smartbody
is an engine that allows BML behavior descriptions to be
converted into real-time 3D character animations (Shapiro,
2011) (e.g., walking/jogging, facial expressions, gaze, gestures, head nods), making it an ideal platform to generate
human-like movement animations for the current study. For
the purposes of this study, we adapted a GUI of Smartbody
that enabled simple manipulation of the relevant movement
cues (Distance, Direction, Gaze, Speed). See Figure 2 for a
sample of the study stimuli.

Results
Multivariate Effects
Multivariate main effects were observed for all 4 cues, but
we will not report individual main effects due to space limi-
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Table 1: Univariate Main Effects (F scores)
DIAMONDS

(Distance) (Direction)

(Speed) (Gaze)

Duty
Intellect
Adversity
Romance
Positivity
Negativity
Deception
Sociality

.000
.368
2.221
.824
7.442**
.044
.224
8.279**

3.793
1.395
1.7
.017
3.898
.177
1.096
.408

66.646***
98.907***
63.851***
99.859***
194.279***
137.069***
123.011***
133.526***

.334
2.382
2.076
1.111
1.337
6.295*
6.590*
6.768*

* p <.05, ** p <.01, *** p <.001

tations. 2-way multivariate interaction effects were observed
for Gaze and Direction (F(8, 189) = 2.734, p = .007, Wilks’
Λ = .896, ηp2 = .104), and Speed and Direction, (F(8, 189)
= 5.913, p <.001, Wilks’ Λ = .800, ηp2 = .2) . Significant 3-way multivariate interaction effects were observed for
Distance, Speed, and Direction, F(8, 189) = 3.81, p <.001,
Wilks’ Λ = .861, ηp2 = .139). Finally, there was a significant 4-way interaction effect of Distance, Speed, Gaze, and
Direction, F(8, 189) = 2.641, p = .009, Wilks’ Λ = .899, ηp2
= .101. While a discriminant analysis may better reveal how
the 4 categories differ from each other in multivariate terms,
this was not feasible due to the repeated measures design of
the study and data collection.

Univariate Effects
Univariate main effects Among the 4 kinematic variables,
Direction (towards, away) demonstrated the strongest direct
effects on social judgments. Univariate main effects of Direction were observed for all 8 DIAMONDS (See Table 1 for
reporting). Post hoc test using the Bonferroni correction revealed that movement Away was associated with Adversity,
Negativity, and Deception whereas movement Towards was
associated with Duty, Intellect, Romance, Positivity, and Sociality. Here, we observe an alignment of positive and negative judgments with towards and away direction, respectively.
Univariate main effects of Distance were observed for Positivity, F(1, 196) = 7.44, p = .007, and Sociality, F(1, 196) =
8.28, p = .004. A post-hoc test using the Bonferroni correction revealed that participants judged the virtual human to be
more Positive and Social when he was near as opposed to far.
Univariate main effects of Gaze were observed for Negativity, F(1, 196) = 6.30, p = .013, Deception, F(1, 196) = 6.59,
p = .011, and Sociality, F(1, 196) = 6.77, p = .01. A post-hoc
test using the Bonferroni correction revealed that judgments
of Direct Gaze were significantly greater than judgments of
Averted Gaze for Negativity, Deception, and Sociality. No
univariate main effect of Speed was observed (See Table 1).
Univariate 2-way interaction effects A univariate 2-way
interaction effect of Distance-Speed was observed for Mating
(Romance), F(1, 196) = 4.39, p = .037. A univariate 2-way
interaction effect of Direction-Speed was observed for Intellect, F(1, 196) = 7.94, p = .005, Adversity, F(1, 196) = 7.72,

p = .006, Romance, F(1, 196) = 9.46, p = .002, Positivity,
F(1, 196) = 22.03, p <.001, Negativity, F(1, 196) = 23.12, p
<.001, Deception, 38.29, p <.001, and Sociality, F(1, 196) =
7.82, p = .006. A univariate 2-way interaction effect of GazeDirection was observed for Adversity, F(1, 196) = 5.88, p =
.016, Negativity, F(1, 196) = 7.67, p = .006, Deception, F(1,
196) = 17.40,p <.001, and Sociality, F(1, 196) = 7.43, p =
.007. No other 2-way interaction effects were observed.
Univariate 3-way interaction effects A univariate 3-way
interaction effect of Distance-Gaze-Speed was observed for
Positivity, F(1, 196) = 5.73, p = .018, Negativity, F(1, 196)
= 8.85, p = .003, and Deception, F(1, 196) = 3.89, p = .05
– albeit marginally. A univariate 3-way interaction effect of
Direction-Distance-Speed was observed for Adversity, F(1,
196) = 13.77, p <.001, Positivity, F(1, 196) = 7.80, p = .006,
Negativity, F(1, 196) = 6.91, p = .009, and Deception, F(1,
196) = 21.76, p <.001.
Multi-level Mean Ratings Thus far, we have seen that
there are significant main effects, as well as 2-way and 3-way
interaction effects. Although we found no 4-way interaction
effects, below we present high and low mean scores across
each Kinematic feature (4-way) for each DIAMONDS. This
may provide some insight into the physical characteristics of
each situational variable in an itemized format. Due to space
constraints, we will only report on Duty and Romance here
as exemplars. Complete results for the other DIAMONDS
are available upon request.
Duty The highest values for Duty were observed for Moving Towards, Fast, Direct Gaze, from a Far Distance (m =
2.738). Duty was generally associated with movement Towards, and there appear to be little effect of the nature of the
Gaze, corroborating the lack of Gaze-related results above.
The lowest value for Duty was observed for movement Away,
Slowly, with Averted Gaze, from a Far Distance.
Romance None of the 16 virtual human conditions were
rated highly in terms of Romance, raising a unforeseen limitation of the stimuli in that it only involves one virtual human character. Among the 16 conditions, the highest rating
for Romance was observed for movement Towards, Quickly,
with Averted Gaze from a Near Distance (m = 2.25). The
lowest rating for Romance was observed for movement Away,
Quickly, with Direct Gaze from a Far Distance (m = 1.09).

Discussion
The current study examines the intersection of Social Kinematic cues and situational social meaning using virtual
agents. Analyzing the simultaneous perception of binary levels of Distance, Direction, Speed, and Gaze, we find strongest
effects for directional movement (towards, away) on social
judgments of multiple situational items, relative to distance,
speed. Specifically, away direction was associated with negativity while towards direction was more associated with
positivity (although more ambiguously defined), consistent
with prior connections of physical directional movement to
approach-avoidance motivation systems (Elliot & Covington, 2001). Gaze was also more impactful on social judg-
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ments than more mechanistic cues like Distance and Speed.
We present this work as an initial exemplar of potential
methodology to analyzing multiple cues in combination. Although space constraints limit our complete reporting of the
analysis of cue combinations, the study considers all possible
combinations of the identified social kinematics categories.
We reiterate that the situational context for the social kinematic stimuli was intentionally designed as ambiguous and
ill-defined (e.g., blank backdrop, no narrative description).
The objective here was to control for any potential confounds
to individuals’ judgments of the social kinematic cues. Inevitably however, there were indeed implicit confounds to
judgments (e.g., gender, race, appearance, attire) that we discuss further in the limitations section below.

Limitations
There are several limitations of the present work that should
be addressed. First, the present study is quite minimal in
terms of combinatorial analysis, and future work should account for both more cues and levels of cues. For example, our
failure to account for Gesture presents a significant concern as
a framework of socially impactful movement cannot exclude
gesture. That said, we plan to account a separate typology for
gesture kinematics in our forthcoming work.
Second, we note that the stimuli used in the present study
was entirely based on one male virtual human. The gender and the appearance of the virtual human would certainly
impact different participants’ (i.e., a male or female participants’) social judgments, and as such future work should
work to eliminate gender, appearance, and race confounds.
Relatedly, in our design of the experiment, we failed to prepare for the general creepy nature of an expressionless virtual human walking and running in different patterns. Again,
facial expression and appearance would have a clear impact
of inferred social meaning. These effects may potentially
be mitigated in future work by blurring faces, by designing
animated silhouettes (rather than complete virtual humans),
or by introducing different variations of expressions as additional conditions.
Third, our use of the DIAMONDS measure is not without
its flaws. Most notably, some of its dimensions, such as positivity and negativity, should be defined as higher-order levels
that nests on top of the other dimensions. We also suggest
expanding on the DIAMONDS to a measurement more appropriate for the perception of nonverbal cues.

Implications
While this work contributes our understanding of social
meaning construction and human movement, we also feel it
contributes to the development of autonomous virtual agents.
Indeed, the future goal of this project is to build a framework
for both the generation and perception of socially meaningful
virtual agent movement.
A pressing issue in both psychology and agent-modeling
communities is the inability to account for the wide variance
in human variability and individual differences. Added to

this is the further complexity of changing human goals in
response to sequential turn-taking. Therefore, in our future
work, we plan to develop a computational model of this social
complexity in order to ultimately design intelligent agents capable of responding dynamically to a wide range and combination of cues, in a wide range of social situations.

Conclusion
In this paper, we present a systematic explication of Social Kinematics, which is empirically based on developmental psychology (Heider-Simmel), Laban Movement Analysis, and nonverbal behavior. We also introduce a framework for studying inferred situational social meaning that includes narrative components, behavioral measurements, and
approach-avoidance motivation systems. Centrally, this paper
explores the mapping of Social Kinematics onto situational
social meaning using artificial agents as stimuli.
Our forthcoming work will focus on a more systematic use
of virtual agents to examine the perception of different nonverbal cues. Namely, we plan to design contextualized virtual
scenarios where participants may engage in a more dynamic
interaction with the virtual agent. Such a virtual agent model
would adjust its nonverbal behavior according to a specific
situational parameter (i.e., less creepy), and attempt to induce
greater sense of such a parameter in the human subjects (i.e.,
feeling more comfortable), which we would evaluate with
a questionnaire (more refined than the DIAMONDS). Using
such a virtual agent model would enable a more refined ”tuning” of social parameters as experimental stimuli, aiding not
only the development of research into human kinematics, but
also the development of an autonomous virtual agent systems.
Ultimately, the current paper provides a potentially useful
framework that has relevance for social robotics and agentbased modeling fields, where it is desirable to develop social
agents that can enact social kinematics. By the same token,
a taxonomy of social kinematic events, and results regarding
their social significance are of importance to cognitive science researchers as well. As humans, we constantly use theory of mind to infer social meaning from other individuals’
cues. Our vision for our future work is to extend such meaning construction into machine perception of social kinematics
in intelligent agents.
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Abstract
Events unfold over time, i.e., they have a beginning and
endpoint. Previous studies have illustrated the importance of
endpoints for event perception and memory (Lakusta &
Landau, 2005, 2012; Papafragou, 2010; Strickland & Keil,
2011; Zacks & Swallow, 2007). However, this work has not
compared endpoints to other potentially salient points in the
internal temporal profile of events (e.g., midpoints) and has
only discussed events with a self-evident endpoint. In the
present study, we explored sensitivity to event endpoints and
midpoints in events of different types. Our results show that
people are more disturbed by interruptions at the end
compared to interruptions in the middle of an event – but
only when perceiving a bounded event (i.e., an event with an
inherent endpoint). This finding reveals complex tracking of
the abstract internal temporal structure of events during
event perception.
Keywords: endpoint, boundedness, event perception

Introduction
Events unfold over time and can be defined as temporal
segments with “a beginning and an ending” (Zacks &
Tversky, 2001). Much work has explored how viewers
identify the beginning and ending of an event. People
perceive an event boundary when significant changes in
physical features such as direction, location or speed of action
occur (e.g., a train arriving at the station; Zacks, Speer,
Swallow, Braver, & Reynolds, 2007); more importantly,
people encode event boundaries by making use of conceptual
features such as goal-directedness, or causation (e.g., a
researcher arriving at a conclusion; Zacks & Swallow, 2007).
Event boundaries such as the beginning and the ending of
an event have a privileged status in memory and provide
anchors for later learning and describing (Swallow, Zacks, &
Abrams, 2009). Furthermore, event endpoints appear to be
particularly important compared to event beginnings. For
instance, many studies on motion events have revealed a
source-goal asymmetry: the goal of motion (i.e., the endpoint,
as in Maria ran to the store) is more accurately encoded in
both language and memory as opposed to the source (as in
Maria ran away from the house; Lakusta & Landau, 2005,
2012; Papafragou, 2010; Regier & Zheng, 2007; Wagner,
2009). Furthermore, the absence of an endpoint can trigger
rapid reactions from event viewers. When the endpoint is not
in sight, even infants as young as 12 months old can actively
infer it from observed actions (Csibra, Biro, Koos, & Gergely,
2003). Relatedly, when the endpoint of a causally active

event within an event chain remains unseen, adults form
inferences about this event within seconds. For instance, after
watching videos of someone launching an object (e.g.,
kicking a soccer ball) followed by the object’s directed
motion (e.g., the ball flying into a goal), participants
mistakenly reported that they saw the moment of contact at
launching (i.e., the endpoint of the kicking event), even when
it was actually omitted from the display (Strickland & Keil,
2011).
Previous studies on event structure leave open two issues.
A first issue is that, apart from beginnings and endpoints,
other potentially salient temporal landmarks such as
midpoints have not received much attention. To our
knowledge, only one recent study has compared event
midpoints to both event starting points and endpoints (Gold,
Zacks, & Flores, 2017). In this study, participants watched
movies of everyday activities (e.g., setting up for a party)
which were composed of a series of meaningful events (e.g.,
taking plates and napkins out of a bag, laying the table, etc.).
Some of the movies were edited by placing cues (a bell sound
along with an arrow pointing to the affected object) either at
event midpoints or at event boundaries. It turned out that cues
at event midpoints improved subsequent memory of movies,
although the cues were less effective than cues at event
boundaries. These findings suggest that event midpoints,
although informative to some extent, are less salient
compared to event starting points and endpoints.
A second issue is that past literature on event boundaries
has focused on events that have well-defined endpoints.
Nevertheless, for a broader range of events, endpoints may
not be specified and notions of endpoint (and event
boundaries more generally) may turn out to be very abstract.
Inspired by the extensive linguistic literature on aspect (i.e.,
the linguistic encoding of the internal temporal profile of
events; see Bach, 1986; Harley, 2003; Jackendoff, 1991), one
could distinguish between two types of events with different
internal structures and different ways in which they come to
an end. Bounded events such as (1) have an inherent endpoint
“which is there from the outset and culminates if not
interrupted” (Mittwoch, 2013). In the example in (1), the
endpoint is the moment when the last card is added to the pile.
Unbounded events such as (2) lack an inherent endpoint and
may terminate at any arbitrary moment. In the example in (2),
the endpoint is not different from any other time slice of the
event. Sentences encoding the two types of events can be
modified by different temporal phrases. Bounded events go
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with in X time, an interval adverbial specifying a delimited
time span within which the endpoint has been achieved.
Unbounded events can only be modified by for X time, a
duration adverbial expressing how long the event has lasted.
(1) The girl piled up the poker cards in / *for 1 minute.
(2) The girl shuffled the poker cards *in / for 1 minute.
A recent study (Ji & Papafragou, 2017) showed that
viewers can form categories corresponding to bounded and
unbounded events after watching a series of video clips, even
though they are better with bounded events (presumably
because of the presence of defined endpoints that made such
events ‘atomic’ and easier to compare and generalize over).
The fact that viewers detect event boundedness reveals that
event perception is sensitive to abstract considerations of
event structure. This result strongly raises the possibility that
the psychological representation of event boundedness has
broader, testable implications about how people perceive the
internal temporal structure of events (including midpoints as
well as event boundaries) across different event types.
In the present study, we address this possibility. We build
on observations about the internal composition of bounded
and unbounded events that were initially formulated within
linguistic theory. In this literature, bounded events are
considered developments leading to a “built-in terminal point”
(Comrie, 1976), “climax” (Vendler, 1957) or “culmination”
(Parsons, 1990). If we divide a bounded event into temporal
slices with minimal duration, each slice represents a different
stage of development. For the bounded event in (1), if the
girl’s piling up of the poker cards takes one minute, then a
one-second slice of the event is likely to be a distinct stage of
the event (e.g., adding a card to the pile). By contrast,
unbounded events are homogenous (Hinrichs, 1985) or
cumulative (Krifka, 1989, 1998; Taylor, 1977). An
unbounded event can be divided into any number of temporal
slices and each slice can still be regarded as an event of the
same kind. For the unbounded event in (2), if the girl’s
shuffling of the poker cards lasts for one minute, then each
one-second slice of her action is still an event of shuffling the
poker cards. This difference in internal homogeneity makes
the bounded-unbounded distinction in the event domain
reminiscent of the object-substance distinction in the object
domain (with bounded events resembling ‘atomic’,
structured objects such as a sandcastle and unbounded events
resembling non-atomic, mass-like entities lacking internal
structure such as sand; cf. Bach, 1986 for linguistic
arguments).
We propose that these differences in abstract internal
event structure should affect how viewers process and weigh
temporal slices of different events. Since bounded events
have a finely differentiated internal structure that is defined
on the basis of the availability of an inherent endpoint, we
expect that endpoints should be particularly salient over other
event slices such as midpoints for such events. By contrast,
since unbounded events have a largely undifferentiated
internal structure, endpoints should be treated largely

similarly to midpoints or other points within the event’s
temporal profile. To test this prediction, we experimentally
compare viewers’ sensitivity to disruptions at different time
points in the temporal profile of bounded vs. unbounded
events. We expect that, for bounded events, disruptions
during temporal endpoints should be dispreferred compared
to disruptions during midpoints; for unbounded events, the
endpoint-midpoint difference should disappear.

Experiment
Method
Participants One hundred and twenty adults (Mage = 19.6)
participated in the experiment. All were undergraduates at the
University of Delaware and received course credit for
participation. Data from an additional group of 7 adults were
collected but excluded due to experimenter error.
Stimuli Sixteen videos of bounded events and sixteen videos
of closely related unbounded events were created (see Table
1). Related bounded-unbounded videos (i.e., each row in
Table 1) had the same duration (range: 4.5s-13s; M = 8.6s)
and involved the same actor wearing a yellow shirt. All of the
videos began with the actor picking up an object or tool to
perform an action, and came to an end with the actor putting
down the object or tool and removing her hand. To create the
videos, we were inspired by the linguistic literature detailing
the factors that can determine whether an event is bounded or
unbounded (see Filip, 2004; Tenny, 1987; cf. also Ji and
Papafragou, 2017) and used two sources to create the contrast
in boundedness across related events —the nature of the
action and the nature of the affected object. For half of the
cases, the bounded-unbounded events involved the same
object but differed in terms of the nature of the action
performed on the object: the bounded event displayed an
action that caused a clear and temporally demarcated change
of state in the object (e.g., fold up a handkerchief) while its
unbounded counterpart did not involve such a change (e.g.,
wave a handkerchief). For the other half of the cases, the
bounded and unbounded events involved the same action but
differed in terms of the nature of the affected object: the
bounded event involved a single object (e.g., draw a balloon)
but its unbounded counterpart involved either an unspecified
plurality of objects or a mass quantity (e.g., draw circles).
To ensure that all video stimuli would instantiate the
contrast in boundedness, a separate group of 18 adults from
the same population was asked to watch a subset of the clips
and describe what happened in a full English sentence. The
descriptions of stimulus events in Table 1 were the most
frequent descriptions given by the participants. Participants’
descriptions were tested for boundedness using the in X time
versus for X time diagnostics. It turned out that the stimuli of
bounded events elicited bounded descriptions 96.7 % of the
time and the stimuli of unbounded events elicited unbounded
descriptions 91.2 % of the time.
To increase the visual variety of the stimuli, we created an
additional version of the videos that was identical to the first
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Table 1: Stimulus events.
Phase

Boundedness Source
Nature of Action

Training
Nature of Affected
Object

Nature of Action
Testing
Nature of Affected
Object

No.
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16

Bounded Events
fold up a handkerchief
put up one’s hair
pile up a deck of cards
group pawns based on color
draw a balloon
tie a knot
eat a pretzel
flip a postcard
dress a teddy bear
roll up a towel
fill a glass with milk
scoop up yogurt
peel a banana
blow a balloon
tear a paper towel
paint a star

No.
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32

Unbounded Events
wave a handkerchief
scratch one’s hair
shuffle a deck of cards
mix pawns of two colors
draw circles
tie knots
eat cheerios
flip pages
pat a teddy bear
twist a towel
shake a bottle of milk
stir yogurt
crack peanuts
blow bubbles
tear slices off paper towels
paint stuff

Figure 1. Examples of a training trial for a bounded event (folding up a handkerchief) that includes the two versions of the event:
(a) mid-interruption (actor in yellow shirt), (b) end-interruption (actor in blue shirt).
except that the actor wore a blue shirt. All videos were then
edited to introduce an interruption during which the screen
turned blurry. Each video was edited twice, once to create a
mid-interruption and once to create an end-interruption,
depending on where the interruption was placed. In all cases,
the interruption took up one-fifth of the total video duration.
Procedure We adopted a variant of the “picky puppet task”
(Waxman & Gelman, 1986). Participants were invited to
watch a couple of videos. The experimenter told participants
that the girl in the videos liked performing, but was very
picky about her videos: she liked some videos but not the

others. The task was to figure out what kind of videos the
picky girl liked.
Participants were randomly assigned to one of two
conditions depending on the event type (bounded or
unbounded) that they were exposed to throughout the
experiment. In the training phase, participants watched a total
of 16 videos. These were comprised of 8 events (No. 1-8 in
Table 1 for bounded events, or 17-24 for unbounded events,
presented in a random order), each with two versions shown
in succession in the center of the screen. The two versions
differed in terms of both the actor’s shirt color (blue vs.
yellow) and in terms of the placement of the interruption
(mid-interruption vs. end-interruption - see Figure 1 for an

1879

liked mid-interruptions and end-interruptions (t (58) = -.13, p
= .898).

Proportion of correct responses

example). Within this phase, half of the time midinterruptions occurred when the actor wore a blue shirt and
the other half they occurred when the actor wore a yellow
shirt. Even though our hypothesis targeted detection of a midvs. end-interruption, we added the change of shirt color to
ensure that participants would treat the two (highly similar)
versions of each event as different tokens. The order of midinterruptions and end-interruptions, as well as shirt colors,
was counterbalanced.
After each version the experimenter said either, “The girl
likes the video”, or “The girl doesn’t like the video”.
Participants were randomly assigned to one of two conditions.
In the “Likes mid-interruption” condition, they were always
told that the picky girl liked the video after mid-interruptions
but did not like the video after end-interruptions. In the
“Likes end-interruption” condition, the girl’s preference was
reversed.
In the testing phase, participants watched a total of 8 videos
corresponding to 8 new events (No. 9-16 in Table 1 for
bounded events, or 25-32 for unbounded events, presented in
random order). Half of these events were presented in their
mid-interruption version and the other half in their endinterruption version. Participants were randomly assigned to
one of two lists. Each list included one interruption version
(mid- or end-) of each event; the agent’s shirt color was kept
constant for that event across lists. Types of interruptions and
shirt color changes were evenly split within each list. After
watching each video, participants were asked: “Will the girl
like this video or not?” They were requested to give a Yes/No
response on an answer sheet.

100%
90%
80%
70%
60%
50%
40%
30%
20%
10%
0%

Bounded
Likes mid-interruption

Unbounded
Likes end-interruption

Figure 2: Proportion of correct responses. Error bars
represent standard error.

Discussion
For bounded (internally structured) events, blocking the
endpoint was more disturbing to event viewers than blocking
the midpoint (and hence it was harder to accept that the girl
liked end- compared to mid-interruptions for such events).
For unbounded (internally unstructured, homogeneous)
events, there was no such difference. Together, our findings
suggest that the salience of endpoints in event perception is
tied to the internal structure of events.

General Discussion

Results
A preliminary ANOVA performed on the proportion of
correct responses with Source of Boundedness (i.e., Nature
of Action vs. Nature of Affected Object) as a within-subjects
factor revealed no significant effect of that factor (F (1, 119)
= .569, p = .452). Therefore, answers to questions targeting
the two sources of boundedness were collapsed for further
analysis.
Results are shown in Figure 2. An ANOVA with the
proportion of correct responses as the dependent variable,
Condition (Likes mid-interruption vs. Likes end-interruption)
and Event Type (Bounded vs. Unbounded) as betweensubjects factors was performed. There was a significant effect
of Condition (F (1, 116) = 6.26, p = .014): participants
performed better when the picky girl liked mid-interruptions
compared to end-interruptions. No effect of Event Type was
detected (F (1, 116) = .70, p = .406): response accuracy did
not differ across bounded and unbounded events. However,
there was a significant interaction between Condition and
Event Type (F (1, 116) = 7.12, p = .009). When participants
watched videos of bounded events, they were better at
identifying a preference for mid-interruptions compared to a
preference for end-interruptions (t (38.24) = 3.39, p = .002).
By contrast, when participants watched videos of unbounded
events, they were equally good at identifying that the girl

The present experiment tested the hypothesis that people
represent aspects of the internal temporal profile of events
such as midpoints and endpoints differently depending on the
perceived nature of the event (bounded vs. unbounded). For
bounded events (i.e., those with an inherent endpoint and a
finely differentiated structure), we expected that interruptions
of the visual stimulus would be less disruptive is they
appeared in the middle compared to the end of the event. For
unbounded events (i.e., those lacking inherent endpoints and
with a homogenous structure), we expected no difference
between midpoint and endpoint interruptions. Our results
confirmed these predictions. We conclude that people attend
to abstract event structure in event perception. Furthermore,
viewers process aspects of how an event develops differently
depending on these abstract considerations.
Our findings provide new evidence for the importance of
event endpoints, extending and enriching previous literature
that compared endpoints with starting points in motion events
(Lakusta & Landau, 2005, 2012; Papafragou, 2010; Regier &
Zheng, 2007; Wagner, 2009). More importantly, our results
connect the salience of endpoints and other event slices to a
broader framework concerning the fundamentals of event
structure that has its roots in the linguistic literature.
According to a widely shared assumption within this
literature, “the notions ‘bounded’ and ‘unbounded’ belong to
a finite set of primitives that characterizes parts of conceptual
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structure.” (Filip, 1993, p.10). Our results offer some of the
first experimental demonstrations that event structure is
indeed sensitive to such linguistically-inspired concepts (see
also Ji & Papafragou, 2017). In this sense, even though our
experiment did not ask participants to describe the events
they viewed, and hence did not contain an overt linguistic
task, its findings can be used to support the presence of
parallels between event language and event perception (Folli
& Harley, 2006; Lakusta & Landau, 2005; Malaia, 2014;
Papafragou, 2015; Strickland et al., 2015; Tversky, Zacks,
Morrison, & Hard, 2011).
The present data leave several directions open for further
research. Our video stimuli have the clean setting of a lab
room which highlights the actor, the action and the affected
object with minimal information provided from the context.
In reality, however, events occur in more informative and
more complex contexts, which can influence whether an
event is encoded as bounded or unbounded. For instance, in
a setting where a couple of friends are about to play a poker
game, shuffling the cards can be interpreted as a bounded
event: it comes to an end when the cards are ready for the
game. In this case, the inherent endpoint that defines a
bounded event is provided by a salient intention (Depraetere,
2007). The boundedness of an event seems also to depend on
one’s knowledge about the larger scene (Filip, 2001). Future
research needs to address how this type of higher-level
knowledge works to constrain event construals.
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Abstract

our economic behavior. Nassim Taleb has argued that
people fall prey to a narrative fallacy in which we
confabulate narrative explanations for random phenomena
(Taleb, 2007). The Nobel laureates Robert Shiller and
George Akerlof have suggested that powerful stories
capture the public’s imagination in times of mania and
panic (Akerlof & Shiller, 2009) and that these narratives
generate feedback loops causing a boom and bust cycle.
Interviews with professional money managers (Tuckett,
2011) support the idea that professional investors rely on
narratives to make investment decisions. Institutional
investors face impossibly large amounts of information and
must filter out only a minuscule fraction of this information
to inform their decision-making. Moreover, these investors
routinely make judgments not only about accounting data,
but also about managers’ abilities and intentions, the
choices of governments, the outlook for the economy, and
the whims of consumers. In situations of such profound
uncertainty, what choice do investors have but to best guess
what story fits the facts?
Despite this sense that narratives are crucial to choice
(Chater & Loewenstein, 2016), little experimental work
has implicated narratives in economic decisions. There is
some evidence that narratives are used in other domains.
For example, juries are more swayed when testimony is
arranged to tell a story, holding the information constant
(Pennington & Hastie, 1992) and consumers respond more
strongly to information presented in a narrative rather than
equivalent list (Adaval & Wyer, 1998).
Perhaps most suggestively, people often treat beliefs as
“digital” rather than “analog,” acting as though a possibility
is certainly true even when it is uncertain (e.g., Johnson,
Merchant, & Keil, 2015). For example, when people
believe that there is a 70% probability that the government
will loosen fiscal policy (but a 30% probability that the
government will not), they predict future asset prices in
accordance with the belief that there is a 100% probability
of looser fiscal policy (Johnson & Hill, 2017). Thus, even
as people acknowledge uncertainty, they nonetheless adopt
a single narrative to make tractable the problem of
prediction.
Here, we study lay investors’ reactions to news about
companies’ performance. This is useful for contrasting
theories of financial decision-making, because news
announcements have been studied in great detail by
financial economists and because plausible theories of
investor behavior make sharply divergent predictions.
Our experiment asked participants to make predictions

Story-telling helps to define the human experience. Do
narratives also inform our predictions and choices? The
current study provides evidence that they do, using financial
decision-making as an example of a domain where,
normatively, publicly available information (about the past
or the future) is irrelevant. Despite this, participants used
past company performance information to project future
price trends, as though using affectively laden information
to predict the ending of a story. Critically, these projections
were stronger when information concerned predictions
about a company’s future performance rather than actual
data about its past performance, suggesting that people not
only rely on financially irrelevant (but narratively relevant)
information for making predictions, but erroneously impose
temporal order on that information.
Keywords: Intuitive theories; folk psychology; judgment &
decision-making; behavioral economics.

Introduction
There is little more fundamental to our humanity than
story-telling. Story-telling emerges early in development,
is cross-culturally universal, and goes (at least) as far back
as history itself. Further, stories powerfully shape our
cognition: They pervade our memories and form the
backbone of our identity (Bartlett, 1932).
Conversely, we must often make decisions in domains
for which we have no evolved intuitions and limited
expertise. For example, financial markets deal in highly
abstract assets, such as streams of future dividends or
bundles of loans. Moreover, the value of such assets
depends not on the value of the underlying asset as such,
but on what other people believe this value is.
Compounding all this, traders in financial assets receive
feedback that is extremely noisy given market volatility,
making it difficult to learn from experience.
The root problem is that financial choices, like many
others, often fall outside the domain of risk—in which
possibilities can be readily enumerated and probabilities
defined. They fall instead in the domain of radical or
Knightian uncertainty (Knight, 1921) with no principled
way to assign probabilities to possible outcomes: What is
the probability that a company’s technological innovation
can be completed in a timely way, that consumers will take
to a new product, or that an economic downturn will tighten
consumers’ discretionary spending?
Given the relative facility that people have for stories,
compared with the challenges of understanding markets,
several thinkers have proposed that storytelling influences
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about the future stock prices of realistic, but fictitious,
companies. For each company, participants learned that an
hour previous to the most recent stock quotation, an
announcement was made by financial analysts concerning
either the company’s performance in either the past quarter
or its future quarter, which were either positive news or
negative news. Participants were then asked to predict the
future trajectory of the price, at intervals of one day, two
weeks, and one year. Three distinct theories of financial
decision-making offer divergent predictions about how
participants would complete this task.
Rational expectations. According to financial theory,
stock prices are the market’s best guess as to the value of a
security’s future dividends. In an efficient market, stock
prices change as new information is revealed that is
relevant to determining the company’s future profitability.
However, unless an individual investor has access to
information that is not public, that investor can do no better
than chance at predicting future price movements: that is,
stock prices take a random walk (Fama, 1965). This
follows from the logic of arbitrage. If future stock prices
were predictable on the basis of publicly available news
information, then a “smart money” arbitrageur would be
able to capitalize on this predictability by buying or selling
shares of the stock before the market moved. Because there
are many traders attempting to predict the trajectory of the
market, such arbitrage opportunities last for only a very
short time. Financial theorists have argued from this
unpredictability that financial markets can be efficient,
incorporating all known information into security prices.
Thus, neoclassical theory predicts that positive or
negative corporate news announcements will be followed
rapidly by a shift in the company’s share price, and that
prices afterwards will follow a random walk from that new
price. Therefore, if a share price is quoted after a news
announcement (as in our experiment), investors with
rational expectations would predict that share prices
gradually increase over time at a rate that is roughly the
historical rate for a stock of equivalent risk. The nature of
the news announcement is irrelevant to future share prices
because all publicly available information is already
embedded in the share price. This is true whether the
announcement is positive or negative relative to previous
expectations, and whether the announcement concerns
actual past performance or predicted future performance.
Therefore, if people have rational expectations about
future stock prices, there should be no difference between
predictions given positive or negative surprises (since the
predictions are made after the information has been priced
in), nor for surprises about the past versus the future.
Behaviorally-informed expectations. An individual
investor really would be hard-pressed to beat the market.
Nonetheless, a variety of anomalies have been detected in
stock price data, which, though modest in magnitude,
diverge from strict efficiency (e.g., Sheffrin, 2002). Might
people intuit these divergences and thereby make
predictions that are actually more accurate than

neoclassically rational expectations?
As it happens, stock prices do not follow a strict random
walk after corporate earnings announcements. Instead,
investors appear to initially underreact to earnings
announcements (Bernard, 1992). That is, if a security
outperforms expectations, the instantaneous increase in
share price (predicted by market efficiency) is followed by
a continued upward drift in share prices for a period of up
a few weeks up to a few months (Bernard, 1992). The
converse is seen when a security underperforms
expectations: the initial drop in share value is followed by
an extended downward drift in share prices. Put differently,
earnings announcements trigger a period of short-term
price momentum. Although these abnormal returns
(relative to the market rate of return) are modest in
magnitude (perhaps 2%), they are difficult to explain in a
strict efficient markets framework.
Importantly, this initial underreaction over short
timeframes gives way over longer timeframes to
overreaction (De Bondt & Thaler, 1985). After a positive
performance surprise, share prices will drift upward for up
to a few months, but will drift back downwards afterwards.
Conversely, after a negative performance surprise, share
prices will drift downward for a time, but drift back
upwards afterwards. That is, security prices drift too far in
this initial period of up to a few months, and adjust back to
an equilibrium price afterwards so that the long-run return
of the security is no different from the market overall. What
comes up (out of equilibrium) must come down (back to
equilibrium) and vice versa. That is, price momentum is
followed by reversion.
Various financial models have been proposed to explain
this pattern, but there is no consensus on its causes. For our
purposes, we simply note that agents with behavioral
expectations would account for this pattern in their
predictions. Although we certainly would not expect
amateur investors to learn about these patterns from the
academic literature, it may be plausible that investors could
intuit them. After all, investors cause them.
Therefore, if people have behavioral expectations, we
would expect a difference between predictions following
positive and negative performance surprises at shorter time
frames (2 weeks later) but not longer time frames (1 year
later). Since we are not aware of any econometric work
documenting divergences in price momentum between
surprises in past versus future performance, we do not
believe that a behaviorally-inclined participant would
differentiate between past and future information.
Narrative expectations. Although both of the above
positions would be in keeping with existing financial
theory, in one way or another, we predicted a different
pattern of predictions because we believe that people
construct narratives to make sense of complex, uncertain
systems (a position known as Conviction Narrative Theory,
fleshed out in the General Discussion and in Tuckett &
Nikolic, 2017). To motivate our predictions, we note that
narratives are fundamentally goal oriented (and thus

1884

emotionally valenced) and temporally oriented.
First, stories (like investments) are goal oriented. Their
protagonists want to achieve certain objectives and
developments in the narrative either facilitate or thwart
these objectives. Therefore, stories take on an emotional
valence as goals become closer or more distant. If people
use narratives to generate predictions, then they should use
the valence of information to inform their future
predictions. Simply put, a happy development increases the
chance of a good ending, whereas a sad development
increases the chance of a sad ending.
Second, stories are temporally oriented. They have a
beginning, middle, and end, and causality flows in a single
direction. If we can be informed directly about the future,
that is a better clue to how the story ends compared to what
has already happened in the past. Indeed, several results
suggest that the future is more psychologically “real” than
the past (e.g., Caruso, Gilbert, & Wilson, 2008). When it
comes to prediction, we would therefore expect futureoriented information to be weighed more heavily than pastoriented information, even if equally (ir)relevant
normatively.
The narrative expectations hypothesis thus makes two
predictions. First, both positive and negative trends should
be projected into the future at all time horizons. Second,
the effect of valence should be stronger when the news
concerns predicted future rather than actual past
performance: Predicted abnormal returns induced by news
should be amplified (more positive or negative), following
stronger predicted future performance.

a Dallas-based company that designs and markets
business software to medium- and large-size firms.
Here is the most recent price quotation for shares in
RWQ stock: $56.00.
Then, participants were asked to make baseline predictions
about the price trajectory of the shares (“Given that RWQ
shares currently trade at $56, please estimate what you
think the share price will be on the following dates”) at time
horizons of “tomorrow,” “in two weeks,” and “in one year.”
These ratings were made on a sliding scale centered at the
current price, and ranging from 50% less than the current
price ($28 for RWQ) up to 50% more than the current price
($84 for RWQ). This measure was taken to measure
participants’ default expectations about the price trajectory
of each stock (without performance data) as a comparison
to the experimental conditions.
On the next screen, participants read a piece of news
from financial analysts concerning the security, which
instantiated our experimental manipulations of valence
(positive or negative) and time (past-oriented or futureoriented information). Critically, in both conditions, the
news information was said to have come out an hour before
the price quotation. Thus, the market would have already
incorporated this news into its valuations.
In the past condition, this information described past
performance relative to average performance (bracketed
text varying across the positive and negative conditions):
About an hour prior to the most recent price quotation
($56) for Remlon’s stock (RWQ), the following piece
of news was revealed:

Method
We recruited 225 American participants from Mechanical
Turk; 40 were excluded due to inattentiveness.
About half (49%) of participants held some financial
assets (such as stocks, bonds, or mutual funds) about half
(53%) had taken at least one finance course, and 14% of
participants majored in a business field. Thus, although
Mechanical Turk participants are generally not expert
investors, they reasonably represent the investing
experience of the American public. Although this
population is not nearly as experienced as professional
traders, financial models often assume that lowinformation investors (“noise traders”) drive market pricing
anomalies. Thus, it is important to characterize these
investors’ actual beliefs and behaviors for building accurate
economic theory, as well as for distinguishing among
psychological theories of choice.
Each participant completed four items pertaining to
different fictitious companies. The companies were
balanced with the four experimental conditions (past/
positive, future/positive, past/negative, and future/
negative) using a Latin square.
For each company, participants first read background
information about the company and its current price. For
example, one item read:

Although average sales growth is expected for the next
quarter, analysts determined that Remlon experienced
[above-average / below-average] levels of sales
growth over the past quarter.
Conversely, in the future condition, the news described
expected future performance:
Although average sales growth was observed for the
past quarter, analysts anticipate that Remlon will
experience [above-average / below-average] levels of
sales growth over the next quarter.
Below this information, participants were asked to make
a new prediction, using the same scale and time horizons
as the baseline prediction.
After the main task, participants a set of recognition
memory check questions, and participants answering more
than 30% of these questions incorrectly were excluded
from analysis (N = 40). However, the conclusions of the
key significance tests are not altered when these
participants are included in the analysis.

Results
For statistical analyses, we converted price estimates
into percentage changes relative to the initial price, as

Remlon Software Corporation (stock symbol RWQ) is
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shown in Table 1. Overall, the results support the narrative
account. Participants predicted much more bullish price
changes after a positive surprise, relative to the baseline,
and much more bearish price changes after a negative
surprise. Moreover, for the positive surprises, these
predicted changes were larger in light of future- rather than
past-oriented performance information.

at longer time intervals. That is, the performance surprise
led to a predicted premium of +4.3% at 1 day and +6.0% at
2 weeks, with the latter premium significantly larger
[t(184) = 5.28, p < .001, d = 0.25], with a yet larger
premium of +7.4% at 1 year [t(184) = 2.92, p = .004, d =
0.15]. In other words, the alleged predictive signal
associated with the news announcement actually grew
larger rather than smaller over longer time frames. Thus,
participants predicted strong price momentum, with
investors underreacting to news announcements—a belief
that is at least qualitatively consistent with empirical
studies of asset prices. However, whereas in reality these
trends reverse in the longer run, participants predicted an
ever-increasing effect of positive news announcements.
The story was similar for negative surprises, but even
more dramatic (in line with other asymmetries between
positive and negative events; e.g., Baumeister et al., 2001).
Collapsing across time conditions, participants predicted
decreases of –2.8% at 1 day, –4.5% at 2 weeks, and –5.9%
at 1 year intervals. Needless to say, these predictions
diverged sharply from the baseline predictions [ts > 9.2, ps
< .001, ds > 0.93] and from the positive surprise condition
[ts > 10.4, ps < .001, ds > 1.3]. And once again, the
predicted shortfall relative to baseline increased at longer
time horizons, with a shortfall of –4.5% at 1 day versus –
8.8% at 2 weeks [t(184) = 9.50, p < .001, d = 0.54] and an
even larger shortfall of –14.6% at 1 year [t(184) = 8.68, p
< .001, d = 0.48]. Participants again predicted both shortand long-term momentum, rather than long-term reversion
as has been found empirically.
Time reference of news. Though not as strong as the
effect of valence, participants also used the time reference
of news, inconsistently with financial theory. Predictions
tended to be more extreme (i.e., positive after positive news
and negative after negative news) in light of futurecompared to past-oriented information. Collapsing across
valence, future-oriented predictions were 0.6% more
extreme at a 1-day horizon [t(184) = 1.84, p = .066, d =
0.14 vs. 0% in a one-sample test], 0.8% more extreme at a
2-week horizon [t(184) = 2.29, p = .023, d = 0.17], and
1.6% more extreme at a 1-year time horizon [t(184) = 2.50,
p = .013, d = 0.18]. Thus, overall our prediction was
supported that future-oriented information would be
weighted more heavily than past-oriented information due
to the inherently temporal nature of narrative thinking.
However, these effects were not symmetric across
valences, but were instead driven by the positive valence
conditions. For positive news, there was a substantial effect
of time reference at all horizons (1.0%, 1.9%, and 2.8%),
whereas there was no significant effect at any horizon for
the negative valence items (0.2%, –0.2%, and 0.4%). One
possibility is that participants were hesitant to predict more
negative price changes than –6% in light of information is
only moderately negative, especially given that the stock
market was looking quite bullish at the time of the
experiment (March 2017). That is, our manipulation may
have run into a tacit floor. If this is the case, then more

Table 1: Results
1-day

2-weeks

1-year

1.7%
(2.6%)

4.3%
(4.9%)

8.7%
(9.9%)

Past

5.5%
(7.8%)

9.3%
(9.6%)

14.7%
(15.4%)

Future

6.5%
(7.7%)

11.2%
(9.0%)

17.5%
(15.4%)

Past

–2.7%
(6.7%)

–4.6%
(7.9%)

–5.7%
(12.8%)

Future

–2.9%
(7.5%)

–4.4%
(8.6%)

–6.1%
(14.1%)

Baseline

Positive
Surprise

Negative
Surprise

Note. Entries are predicted changes from current value, as
percentages. Possible scores range from –50% to +50%. The
baseline column gives the mean of the baseline predictions made
across the four within-subjects conditions, since they were made
prior to the manipulation. SDs in parentheses.

Baseline predictions. At the baseline, prior to reading
any news information, participants expected a moderate
price increase over 1-day (+1.7%), 2-week (+4.3%), and 1year (+8.7%) time horizons. Although the 1-day and 2week predictions are rather optimistic, the 1-year
prediction is consistent with historical market returns. For
example, the S&P 500 index has historically increased in
value at an average nominal rate of 10% per year. Since we
do not know the riskiness of our (fictitious) securities
relative to the market as a whole (and hence their risk
premia), 8.7% is not a bad guess for its expected annual
return. This baseline tells us that our participants’
expectations are not, in general, far out of line.
Valence of news. That said, it was hardly the case that
participants’ predictions matched neoclassical economic
theory. Table 1 shows that predictions markedly differed
depending on the valence of the news.
Looking at the positive surprise items collapsed across
time conditions, participants predicted increases of +6.0%
at a 1-day timeframe, +10.3% at a 2-week timeframe, and
+16.1% at a 1-year timeframe. These predictions were
significantly more positive than the baseline predictions [ts
> 8.9, ps < .001, ds > 0.61], in violation of market
efficiency. Strikingly, the divergences between the
baseline and the positive surprise predictions were largest
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extreme negative events could potentially lead to a timereference asymmetry. However, we have run several other
experiments (described below) using a similar paradigm,
and have tended to find effects of time reference for both
positive and negative news. Thus, the null effect for
negative news may be a false negative.

implausible as a risk premium. It is more plausible that
participants would believe future information to be more
risk-inducing than past information (justifying the higher
expected return for positive future compared to past
surprises). However, the risk account would also predict
that future negative performance surprises should lead to
stronger future returns compared to past negative surprises.
The means generally went in the opposite direction (albeit
non-significantly), and follow-up experiments found
significant effects in the opposite direction. Thus,
inferences about risk are unlikely to drive our results.
The results also conflict with behavioral expectations.
Such investors would predict short-term price momentum,
followed by longer-term reversals. Our participants
diverged from this pattern in three ways. First, their shortterm price momentum was wildly overzealous compared
with econometric findings. Short-term momentum effects
appear to be about 2% on average at their peak, far more
modest than the abnormal returns of 5–9% relative to
baseline that our participants predicted at a 2-week time
horizon. Second, rather than reverting back toward the
market return in the longer-term, participants’ predictions
were precisely the opposite, diverging increasingly at
longer time horizons. Finally, we are not aware of any
evidence that the time reference of company news
empirically predicts stock prices, so it is unclear how the
behavioral account would explain the temporal effect.
Another alternative explanation is that most participants
are unaware of the idea that known news is incorporated
into current prices (explaining the valence asymmetry) and
that this is more true for future-oriented news (explaining
the temporal asymmetry). One prediction made by this
account is that the effects should disappear for those
participants who are especially knowledgeable (e.g., the
14% of participants who majored in economics, finance, or
other business fields). However, not only did the results
hold up at higher levels of expertise, but expertise had no
significant effect on the effect size.
Several other studies we have run in the same paradigm
support these conclusions (Johnson & Tuckett, 2017). We
found that participants also make choices consistent with
narrative expectations—they are more likely to allocate
assets to stocks that recently underwent a positive (rather
than negative) performance surprise, with this effect
stronger for future- rather than past-oriented news.
Moreover, these effects are mediated by emotion, with
positive surprises (particularly about the future) leading to
positive affect, leading in turn to choices.
Both classical economic theory as well as existing
behavioral economic theories, such as prospect theory, are
poorly suited to explaining our results. Although prospect
theory and its extensions capture much about human
behavior in contexts where possibilities are enumerable
and their probabilities are known (such as gambles), they
have less to say about situations of Knightian uncertainty
in which such probabilities are elusive or unknowable. We
propose that in such situations, people use narratives as

Discussion
People are natural story-tellers. Do these narrative
instincts help people to make sense of financial data and to
make economic choices?
The current results support the idea that people rely on
narratives when predicting the price trajectories of
financial assets. Whereas participants with rational
expectations would predict increases in asset prices at the
market rate of return, our participants sharply differentiated
between positive and negative performance surprises,
predicting dramatically superior growth in light of a
positive rather than negative piece of news. This was the
case even though the predicted price changes were made
relative to the price after the news announcement. Instead,
news information appears to trigger narratives in investors’
minds. Since narratives are temporally extended, they can
be used to make predictions.
In addition, participants differentiated between news
concerning the past and future—a finding at odds with both
rational and behavioral expectations. Positive surprises
about past performance were seen as less positive than
surprises about expected future performance. (In follow-up
studies, negative surprises about the past were likewise
seen as less negative than surprises about the future.) If
people think about financial assets like economists—
recognizing that is expectations about the future that
matter, which are quickly priced in to asset prices, whether
new information concerns the past or the future—then the
temporal direction of performance surprises should not
matter. But if people use news information as raw material
for constructing narratives about the company, then
information about the future would indeed be more
diagnostic about the company’s future than information
about the past.
Could these results be reconciled with neoclassical
financial theory on the basis of participants’ inference
about risk? According to standard financial models,
investors prefer, for a given expected return, securities with
lower variance around that expectation. That is, investors
are risk-averse. According to this logic, our participants’
tendency to predict higher returns for some securities than
for others would be consistent with financial theory if they
are due to inferences about risk.
However, this explanation is not workable. For the riskinference account to hold water, people would need to
believe that securities with positive performance surprises
are riskier (in the sense of greater variance) than those with
negative performance surprises. Further, the magnitude of
the difference between the positive and negative surprises
(of greater than 20% at a 1-year horizon) is empirically
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their primary tool for making sense of information and
making choices. This position has come to be known as
conviction narrative theory (Tuckett & Nikolic, 2017).
On this theory, individuals faced with Knightian
uncertainty marshal available information to form a
narrative, drawing upon prior beliefs and lay theories,
causal reasoning abilities, and trusted sources in the social
environment. Because narratives are causally and
temporally extended, they can be used to predict future
events. And because narratives are affectively rich, they
can generate approach and avoidance motivations that
allow an individual to build sufficient conviction to
maintain a sustained decision over time. Interview studies
of professional money managers support these ideas and
we believe these processes capture the phenomenology of
choice under Knightian uncertainty.
The current studies add both to these qualitative data as
well as to past and ongoing experimental work. We pointed
earlier to prior work documenting narrative thinking in
legal and consumer choice. In addition, ongoing work from
our own research groups has begun to pinpoint how these
processes work in financial decision-making. When
predicting the future value of a stock under uncertain states
of the world, investors tend to focus on a single possible
state and act as though it is certain—choosing a narrative
and sticking with it (Johnson & Hill, 2017). Investors are
sensitive to the explanations offered by managers and
analysts for changes in share prices and earnings,
suggesting that these explanations can offer the raw
material for making narrative projections (Johnson,
Matiashvili, & Tuckett, 2018a). Our work has also begun
to examine how people evaluate competing narratives. For
example, rather than naively extrapolating past price
changes into the future when forming price expectations,
people use sophisticated techniques (albeit erroneous, from
the perspective of financial theory) to match past price
patterns to future predictions (Johnson, Matiashvili, &
Tuckett, 2018b). Social influence also plays a role, as
people use seemingly irrelevant cues, such as an expert’s
moral and political values, to assess which financial
advisor to trust (Johnson, Rodrigues, & Tuckett, 2018).
The current findings add to this evidence, showing that
investors are sensitive to news announcements in ways
predicted directly by CNT but not by other frameworks,
such as rational expectations or existing behavioral
theories. We look forward to the possibility that future
research will use this narrative framework to study other
domains of economic activity and everyday life.
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Abstract
When given the chance to choose between two tasks, one will
more likely choose the easier, less demanding task. This
effect has been shown in various domains and referred to as
the law of minimum effort or demand avoidance. The
measure of demand avoidance that is currently used is the
proportion of low-demand choices. We show that the current
measure is not appropriate for accurately assessing individual
differences in demand avoidance, because the process of
demand selection is contingent upon the process of demand
detection. Subsequently, we suggest a new measure of
demand avoidance that combines demand detection and
demand selection. We show that the new measure of demand
avoidance correlates in the expected direction (i.e.,
negatively) with established measures of willingness and
ability to carry out cognitively demanding tasks. We propose
a novel, performance-based measure of cognitive effort
avoidance that can be used to enhance the validity of research
in cognition, perception, and neurosciences.
Keywords: Law of minimum effort; cognitive demand
detection; cognitive demand selection

Introduction and background
Physical and cognitive effort avoidance in humans and other
animals have been reported many times in many contexts.
Some authors suggest that effort avoidance is a trait-like
characteristic that manifests itself in a variety of tasks and
contexts (Kool & Botvinick, 2014; Westbrook, Kester, &
Braver, 2013). Many studies in cognitive neurosciences rely
on the participants’ willingness to expend effort to comply
with experimenter instructions and task demands.
Westbrook et al. (2013) suggest that a trait-like bias toward
low cognitive effort is a pervasive confound in cognitive
and neuroscience research: many measures of
attentional/cognitive control may reflect not only ability but
also motivation. If there is a trait-like bias that underlies
how much effort participants are willing to put into an
experiment and it can be objectively measured, it should be
controlled for. This bias may also underlie the effect known
as “insufficient effort responding” which has been invoked
to pose a significant threat to the validity of survey-based
research (Liu, Bowling, Huang, & Kent, 2013).
Questionnaire-based measures of demand avoidance such as
the industriousness scale (Jackson, Wood, Bogg, Walton,
Harms, & Roberts, 2010), the need for cognition scale
(Cacioppo & Petty, 1982), and the mental effort tolerance
questionnaire (Dornic, Ekehammar, & Laaksonen, 1991)
may have the well-known limitations of self-reports, such as
the social desirability bias and the consistency motif
(Podsakoff & Organ, 1986). Thus, our ability to accurately

measure effort avoidance in a variety of task settings is
critical to the validity of performance-based and surveybased research.
Kool and colleagues (2010) designed the demand
selection task (DST) and showed that, on average, people
manifest demand avoidance in a variety of cognitive tasks.
Here, we use two variants of DST. One of the two is the
task-switching variant of DST adapted from Kool et al.
(2010), hereafter referred to as DST-S. At each trial, the
participants could choose between two options, a lowdemand and a high-demand one. Within each option, the
participants were presented with a task-switching paradigm.
They had to execute one of two tasks (digit magnitude and
digit parity) indicated by a cue (digit color). The probability
of switching between the two tasks was set to 0.1 for the
low-demand option and 0.9 for the high-demand option.
Thus, the demand manipulation for DST-S is implemented
at the trial-sequence level (i.e., only a sequence of trials can
be characterized as low- or high-demand). The probability
of switching between two tasks in a sequence of trials has
been shown to be a relatively poor indicator of effort for
many participants (Gold, Kool, Botvinick, Hubzin, August,
& Waltz, 2014; Dunn & Risko, submitted).
We developed a new DST variant based on the globallocal task (Navon, 1977), hereafter referred to as DST-GL.
The reason for adding a new DST variant to our studies is
twofold: (1) we wanted to test that demand avoidance is
indeed a trait-like characteristic, that is, it is somewhat
consistent within an individual across different tasks and (2)
we wanted to test a new way of implementing different
levels of demand in the two options. At each trial, the
participant performs a global/local task, that is, must report
either the small or the large letter of a stimulus that
represents a large letter made of small letters. A color cue
indicates whether the large or the small letter should be
reported. When the large and the small letters are identical,
the stimulus is said to be congruent; when they are different,
the stimulus is said to be incongruent. The task is more
demanding when the stimulus is incongruent as compared to
a congruent stimulus. The probability of a stimulus to be
incongruent was set to 0.1 for the low-demand option and
0.9 for the high-demand option. Unlike in the DST-S, the
demand manipulation in DST-GL is implemented at the trial
level (i.e., each trial can be characterized as low- or highdemand). We expected that a trial-level demand
manipulation would be easier to detect than a trialsequence-level demand manipulation. Both DST variants
are based on paradigms that involve exertion of cognitive
control. The assumption is that there is a tight link between
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perception of effort and tasks that engage the processes
associated with cognitive control (Botvinick & Braver,
2015).
Kool et al. (2010; 2013) used the proportion of lowdemand choices as a measure of demand avoidance. In this
paper, we argue that Kool et al.’s measure of demand
avoidance ignores the process of demand detection, which
weakens its ability to reliably characterize demand
avoidance in different individuals and populations. When
one uses Kool et al’s measure of demand avoidance, a large
number of participants appear as demand indifferent. In
Kool et al.’s (2010) studies 4 and 5 (for which individual
rates of demand avoidance are presented), 56% and 63% of
the participants, respectively, appear to be demand
indifferent. However, Dunn and Risko (submitted) suggest
that failure to detect differences in demand between the two
options may account for choices around chance level (i.e.,
what Kool et al. characterize as demand indifference). They
show that when detection of demand differences is made
easier (e.g., by providing a salient cue) the rate of demand
avoidance significantly increases. Thus, what Kool et al.’
measure of demand avoidance captured was not demand
indifference but rather inability to detect the demand
manipulation. From an individual-differences perspective, it
is problematic when more than half of the participants’
demand avoidance cannot be validly measured.
In this paper, we report our recent research aiming to
develop a performance-based, objective, and unbiased
measure of cognitive effort avoidance.

Empirical studies
The main objective is to find ways in which the DST
paradigm could be improved. A first question related to this
objective is whether demand avoidance can be manifested
implicitly without the participants being aware of the
demand differences between the two options. Prior
theoretical and empirical work (e.g., Kool et al., 2010)
suggests that demand avoidance is ubiquitous: it applies to
animals and humans in physical and cognitive domains.
Could it manifest itself automatically or implicitly?
Suggestive evidence for implicit demand avoidance has
been provided. For example, Kool et al. (2010) analyzed
post-task self-reports and found that 12 of 42 participants
were not aware of the demand manipulation; of these 12
participants, 8 showed significant demand avoidance. We
developed an ACT-R model that accounted for Kool et al.’s
data based on implicit procedural and declarative learning
mechanisms without the need for an explicit demand
detection process (Larue & Juvina, 2016). These findings
and modeling results suggest that explicit demand detection
may not be necessary for demand selection. This would be
consistent with results from other decision making tasks in
which many subjects report to be unaware of their decision
making biases (e.g., De Martino, Kumaran, Seymour, &
Dolan, 2006). If this were to be the case for the DST as
well, it would make it a valuable tool for characterizing
cognitive effort avoidance, because it would avoid the

known pitfalls of self-report measures. A performancebased, objective, and unbiased measure could replace selfreport measures of demand preference. If demand avoidance
implicitly manifested itself in behavior, the participants
would choose the low-demand option even when not
instructed to settle on one option. In Kool et al.’s (2010)
studies, the participants were instructed to “feel free” to
choose one option more often. We reasoned that there was a
possibility that the participants might have taken this
instruction as a suggestion to settle on one option. In our
first study, we eliminated that part of the instruction and
tested whether the participants “implicitly” settled on the
low-demand option. To the extent that demand avoidance is
an implicit bias, it should not depend on this instruction: the
participants should “sense” the difference in demand for
cognitive control between the two options and settle on the
low-demand one. In our second and third studies, we
reintroduced the suggestion to settle on one option and
added instructions that facilitated demand detection to
various extents. The assumption was that a certain level of
demand detection was necessary for the participants’
demand preference to manifest itself in their behavior.
Consequently, the proportion of participants showing
demand indifference was hypothesized to decrease in study
2 and further in study 3 as compared to study 1. In addition,
we hypothesized that the proportion of demand indifferent
participants will be lower in DST-GL than in DST-S,
because demand differences are easier to detect in DST-GL
than in DST-S.
A second question of interest is whether demand
avoidance is a trait-like bias consistent within individuals
across tasks or paradigms. Several authors have suggested
that the answer to this question is “yes” (Westbrook, Kester,
& Braver, 2013), but the evidence supporting this answer is
at best sparse. Kool et al. (2010) found demand avoidance in
a variety of paradigms, but they did not check for withinsubject consistency across paradigms. We administered two
different variants of DST (i.e., task switching and
global/local) within subjects to test the hypothesis of
consistency between variants. If demand avoidance is
proven to be consistent within individuals, a subsequent
question is whether it correlates with other personality traits
that are (presumably) conceptually related. For example,
given that the demand manipulation involves exertion of
cognitive control, demand avoidance is expected to correlate
to some extent with trait measures of cognitive control. In
line with this prediction, Kool et al. (2013) reported that
demand avoidance correlated negatively with self-control
and inter-temporal choice. Moreover, one would expect a
negative correlation between demand avoidance and needfor-cognition, given that the latter has been defined as a
“tendency to engage in and enjoy effortful cognitive
endeavors” (Cacioppo, Petty, Kao, & Rodriguez, 1986, p.
1033). Both individuals who are high on demand avoidance
and those who are low on need for cognition have been
characterized as cognitive misers (Cacioppo et al., 1986;
Dunn & Risko, submitted). In addition, we used a number
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of other relevant personality measures (i.e., self control,
attentional control, grit, and intelligence - Raven) to test if
demand avoidance consistently correlates with them in the
expected direction. Specifically, we expect to find a
negative correlation between demand avoidance and all
these trait measures of cognitive control.

which one of the two options had a higher probability of
switching (or congruency) or that one of the options was
less demanding. Thirty-seven undergraduate students from
Wright State University participated in the study. The
design, apparatus, stimulus and procedure were the same as
in study 2.

Method for studies 1, 2, & 3

Analysis of the pooled dataset1

In study 1, forty-two undergraduate students from Wright
State University participated. A 2 (DST variant: DST-S,
DST-GL) by 2 (Demand option: low demand, high demand)
within subjects design was employed. The DST-S was
programmed in Java based on the specifications of the
original DST (Kool et al., 2010). At each trial, participants
were presented with two options, a low-demand and a highdemand option equally distant from the center of the screen.
The two options were presented as distinctly colored and
patterned circles. Once the participant placed the mouse
over one of the circles, a colored digit was revealed in the
center of the circle, either yellow or green, to which a
response had to be made. When digits were colored green,
the participants had to make a parity judgment. When digits
were colored yellow, the participants had to make a
magnitude judgment. The probability of switching between
the magnitude and the parity tasks was 0.1 for the lowdemand option and 0.9 for the high-demand option. The
instructions were minimal. They did not contain the
suggestion to settle on one option that was present in Kool
et al.’s (2010) research.
After the DST-S was completed, the DST-GL variant was
administered in the same way. The order of administering
DST-S and DST-GL was not counterbalanced to maintain
our ability to compare the DST-S results with results from
other studies (Kool et al., 2010 and 2013). The last step in
the study procedure was the completion of the abridged
version of the self-control scale (Tangney, Baumeister, &
Boone, 2004).
In study 2, we stated in the instruction that participants
had to explore the two options until they understood how
they differed from each other and then select one of them to
execute as fast and accurately as possible. We also added
more personality measures of executive control: the need for
cognition scale (Cacioppo & Petty, 1982), the attentional
control scale (Derryberry & Reed, 2002), the grit scale
(Duckworth & Quinn, 2009), and a sample of items from
the Raven intelligence test (Raven, Raven, & Court, 2003).
Thirty-five undergraduate students from Wright State
University participated in the study. The design, apparatus,
stimulus and procedure were the same as in study 1.
In study 3, we further attempted to facilitate the process
of demand detection. We hypothesized that the participants
who still had difficulties detecting the demand manipulation
could benefit from being told what the nature of this
manipulation was. Thus, we added information in the
instruction pointing to what the difference between the two
options was about, that is, switching in DST-S and
congruency in DST-GL. However, we did not mention

Given that the three studies presented above only differ with
regard to pre-task instructions, it is useful to pool all data in
a single dataset. This allows us to analyze the effect of
instruction changes across studies and gives us more power
to estimate the correlations between demand avoidance and
trait measures of executive control (disclaimer: the three
studies were not conducted concurrently).
Recall that study 1 did not include any hint that a
difference between the two options might exist or a
suggestion for the participants to settle on one option. In
study 2 and more so in study 3, we added instructions
intended to facilitate detection of demand differences. These
manipulations resulted in increasing levels of demand
avoidance (see Fig. 1) and decreasing levels of demand
indifference from study 1 to study 3.
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Figure 1. Demand avoidance increases with study
Since the proportion of demand indifferent participants
decreases when demand detection is facilitated, one could
question whether the so-called demand indifference (Kool et
al., 2010; 2013) is truly indifference or is just failure to
detect demand differences. We analyzed the participants’
answers to the debriefing questions and classified the
participants in two categories: those who detected and those
who did not detect the demand manipulation. The
participants who detected the demand manipulation were
more likely to manifest significant demand avoidance (20)
than indifference (6) and the participants who did not detect
1
The data on which the conclusions of this paper rely are
publically available at http://psych-scholar.wright.edu/astecca
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the demand manipulation were more likely to appear as
demand indifferent (29) than demand avoidant (17). This is
evidence for a significant relationship between demand
detection and demand selection (chi-square = 9.08, p =
0.003). Interestingly, a relatively large number of
participants (17) show significant demand avoidance and
report unawareness of demand differences between the two
options. This suggests that, at least in some participants,
demand avoidance can manifest itself implicitly, in line with
Kool et al.’s (2010) findings.
To compute the correlations between demand avoidance
and executive control, we combined demand avoidance in
DST-S and DST-GL by taking the average of the two
scores. The correlation between demand avoidance and self
control is negative (as in Kool et al., 2013) but nonsignificant, r(112) = -0.18, p = 0.17. The correlation
between demand avoidance and grit is also negative and
non-significant, r(43) = -0.09, p = 0.57. These two
correlations are in the expected direction, albeit nonsignificant. To our surprise, we found two significant
correlations in the opposite direction: the correlation
between demand avoidance and attentional control, r(41) =
0.35, p = 0.023, and the correlation between demand
avoidance and need for cognition, r(41) = 0.39, p = 0.011.
The correlation between demand avoidance and intelligence
(Raven) was also positive but non-significant, r(39) = 0.15,
p = 0.34. These positive correlations are surprising because
the attentional control scale is presumably measuring the
effortful control of attention (Derryberry & Reed, 2002) and
the need for cognition scale measures trait cognitive
engagement (Cacioppo et al., 1986). Thus, the correlation
should be negative, not positive. To better understand these
surprising correlations we inspected their scatterplots and
observed that, on average, the so-called demand indifferent
participants tended to be lower on attentional control and
need for cognition than the demand avoidant participants.
To check for this new hypothesis, we divided the
participants in two groups based on their demand
indifference: those who showed and those who did not show
demand indifference in at least one of the DST variants. We
found that on average the so-called demand indifferent
participants had lower scores on need-for-cognition, t(38.1)
= 1.97, p = 0.056 and attentional control, t(33.3) = 1.21, p =
0.234, even though the latter is non-significant. Thus,
returning to the surprising positive correlations, they seem
to be driven by the so-called demand indifferent
participants, who do not appear to be indifferent with regard
to their willingness to expend cognitive effort. A point can
be made that these participants could not detect the demand
manipulation because they did not put enough effort into
this task. Under this assumption, they should be
characterized as extremely demand avoidant rather than
demand indifferent. These findings suggest that the demand
detection process itself is a cognitively demanding task and
the effort the participants are willing to put into detecting
demand differences should also be considered in the
measure of demand avoidance.

A new measure of demand avoidance
As mentioned above in section 1.3, Kool et al.’s (2010;
2013) measure of demand avoidance (i.e., the proportion of
low-demand choices) classifies a large number of
participants as demand indifferent. This would be an issue
in and of itself for the so-called “law” of less work that is
supposed to be universal. However, there is a more serious
validity issue here. In our studies presented above (and in
line with Dunn and Risko, submitted), we found that, when
detection of demand differences is made easier, the rate of
demand avoidance increases and the rate of demand
indifference decreases. Thus, what Kool et al.’ measure of
demand avoidance captured was not necessarily demand
indifference, but rather (at least in some cases) inability to
detect the demand manipulation or unwillingness to expend
the effort that would be required for successful detection.
These participants seem to be extremely demand avoidant,
so reluctant to exert effortful cognitive control that they fail
to detect the demand manipulation. Under this assumption,
it is not surprising that their choice behavior hovers around
the indifference point (0.5): they cannot prefer one of the
two options because they don’t know which option is
preferable; as a result, they keep sampling from both
options, which keeps their choice rates around 0.5. Thus, the
bigger problem of the Kool et al.’s measure is that it
classifies a large number of participants as non-avoidant,
when they really are very avoidant. This is reflected in the
surprising positive correlations of demand avoidance with
attentional control and need for cognition.
Here we describe how we turn this problem into an
opportunity. We assume that the demand detection process
requires effortful cognitive control, for example, it requires
keeping track of the amount of task switches in the trial
sequence, or monitoring the amount of stimulus
incongruence in both options. This assumption is supported
by a theoretical consensus on what tasks qualify as
cognitive control tasks (see Dunn & Risko, submitted, for a
more detailed exposition of this argument) and our findings
showing that the so-called demand indifferent participants
are (marginally) lower than the demand avoidant
participants on attentional control and need for cognition.
Based on this assumption, we postulate that whether and
when the detection process is successful can be used as a
measure of cognitive demand avoidance.
The new measure of demand avoidance can be computed
based on the following formula: New demand avoidance =
DDP – CAD, where DDP (demand detection point) is the
trial number where demand detection most likely occurred
and CAD (choice after detection) is the rate of high-demand
choices in the trials that followed the detection point. Both
DDP and CAD are normalized to range from 0 to 1; thus,
the new demand avoidance measure ranges theoretically
from -1 to 1, but practically from slightly below 0 to 1 in
our pooled dataset. The distribution appears clearly skewed,
meaning that most of the participants are demand avoidant,
which is now consistent with the proposition that demand
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avoidance is a “law” in the sense that most people appear to
“obey” it and only a few “violate” it.
The demand detection point (DDP) was computed based
on the following procedure. A sliding window of size n was
set for each DST variant. For each participant i, for each
trial j >= n, a Wilcoxon sign test (alpha = 0.05) was used to
determine whether the participant i’s choice rate in the
window [j-n, j] was significantly different than 0.5. If a
significant test was found for trial j’ and the test remained
significant for all j > j’, the detection point was set to be
equal to j’. If the Wilcoxon test turned non-significant for
any j > j’, the old j’ was discarded and a search for a new j’
was initiated. If a detection point was never found it was set
to the highest trial number. To normalize the detection
points, they were divided by the total number of trials for
each participant and each DST variant. Thus, a detection
point close to zero represents a very early detection and a
detection point equal to 1 represents a detection that never
occurred. The value of the detection point depends on the
size of the moving window (n). Thus, a very low n might
give a lot of false early detection points while a very high n
might miss some late detection points. We searched for an n
value that was able to pick some early detectors while
minimizing the number of participants who were classified
as unable to detect the demand manipulation. This search
was done separately for each DST variant because the
detection process was assumed to be different in the two
variants. The best n was found to be 30 for DST-S and 5 for
DST-GL.
This procedure to determine the detection point comes
with some degree of uncertainty. We did not collect the data
required to fully validate this procedure. However, two
arguments can be brought in support of the validity of this
procedure: (1) the participants who reported to have
detected the demand manipulation have on average
significantly lower (i.e., earlier) detection points (0.80) than
the participants who reported that they were not aware of
the demand manipulation (0.93) (F(1,70) = 11.62, p =
0.001); and (2) the correlation between detection point and
task performance (a composite of accuracy and latency) is
significant and negative, r(110) = - 0.19, p = 0.047, meaning
that the earlier the detection the higher the performance and
vice versa. This would be expected if the detection point
truly indicated demand detection: early detectors would be
able to get higher accuracies and lower response times by
choosing the low-demand option more frequently.
Once detection is successful, do all participants choose
the low demand option exclusively? The data on choice
after detection and the self-reports indicate that some of the
participants deliberately select the high-demand option,
because it is more challenging or interesting.
The new demand avoidance measure shows withinsubject consistency across variants in all three studies (study
1: Spearman’s rho = 0.30, p = 0.057; study 2: rho = 0.45, p
= 0.006; study 3: rho = 0.38, p = 0.022). This suggests that
the new measure is somewhat invariant with regard to how
difficult to detect the demand manipulation is.

Next, we computed the correlations of the new measure of
demand avoidance with the trait measures of executive
control mentioned above (self control: r(112) = -0.19, p =
0.04; attentional control: r(41) = -0.37, p = 0.01; need for
cognition: r(41) = -0.37, p = 0.01; grit: r(41) = -0.15, p =
0.31; Raven: r(39) = -0.19, p = 0.23). All these correlations
are now in the expected direction (i.e., negative), even
though two of them are non-significant. The correlations of
the new demand avoidance measure with attentional control
and need for cognition, respectively, were flipped from
positive to negative. These correlations are now consistent
with the theory of demand avoidance and cognitive control.

General discussion and conclusion
In accord with previous studies, our studies presented here
show that participants manifest a tendency to avoid
cognitive effort after they learn which option is less
effortful. This learning could be implicit as suggested by
Kool et al. (2010); however, more often than not, this
learning must be explicit and requires executive control
processes like exploration, self-monitoring, and selfevaluation, which themselves are effortful. The measure of
demand avoidance used by Kool et al. (2010; 2013) and
others (Dunn & Risko, submitted; Gold et al., 2014) is very
attractive to researchers, not only because of its simplicity,
but also because of its assumption of implicitness. An
implicit measure of demand avoidance would be a very
valuable tool in controlling for motivational effects in
cognition and perception research as well as in survey-based
research. Our previous modeling work (Larue & Juvina,
2016) suggested that, in principle, demand avoidance could
occur implicitly. In the work reported here, we put the
assumption of implicitness to an empirical test and the
results seem to suggest that this assumption is not (entirely)
tenable. This is consistent with other findings suggesting
that demand detection is a key variable in demand selection
(Dunn & Risko, submitted). Even when the demand
manipulation was explicit in the instructions (as in Gold et
al, 2014), detection was not 100%. However, we find the
idea of completely revealing the demand manipulation to
the participants (or using a forced familiarization stage as in
Dunn & Risko, submitted) to be unattractive, because it
renders DST as useful as a questionnaire asking the
participants whether they would prefer the easier of two
options. For our envisioned use of DST, it is not desirable to
explicitly reveal the demand manipulation in the instruction.
This would make DST more like a self-report measure: if
the participants already know which option is easier, the
decision to select one of the options may be influenced not
only by effort-related preferences but also by many other
factors such as social desirability. In our view, the strength
of DST lies in its impenetrability: it requires cognitive effort
to detect demand differences, which makes it harder to
“game” by the participants. We suggest keeping a somewhat
demanding demand detection process, and measuring how
much effort the participants are willing to put into detecting.
We also put Kool et al.’ measure of demand avoidance
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measure to a test of external validity, which it does not seem
to pass, because it creates the situation in which someone
can be truly demand avoidant and yet appear as demand
indifferent. As a consequence, it (surprisingly) shows
positive correlations with attentional control and need for
cognition. Our proposed demand avoidance measure does
better in this respect: it flips these two correlations in the
expected direction and shows a consistent pattern of
correlations with other trait measures of executive control.
The new measure of demand avoidance that we propose
here is able to characterize most individuals in the studied
sample as demand avoidant, as a “law of minimum
cognitive effort” would predict. Even though an
“indifference” point still exists (around 0.4 in our data), it
does not capture the bulk of the data. When the old measure
of demand avoidance is used, the results seem to largely
fluctuate depending on a number of factors such as the
subject population, the task paradigm, and the instruction
(Gold et al, 2014; Dunn & Risko, submitted; Kool et al.,
2010, 2013). We expect that the new measure can
accommodate variations in some of these factors. For
example, as we showed above, two different task paradigms
(i.e., DST-S and DST-GL) yield relatively consistent
demand avoidance scores.
In conclusion, we suggest a new measure of demand
avoidance that compiles demand avoidance from both
demand detection and demand selection. This measure
shows within-subject consistency across two different task
paradigms and correlates in the expected direction with a
number of personality measures of executive control.
Therefore, we propose it to the research community as a
performance-based, objective, and unbiased measure of the
motivational component of executive control.
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Abstract

particular forms they do. There is an increasingly influential proposal that language is shaped by the need for efficient
communication (Piantadosi, Tily, & Gibson, 2011), which
by its nature involves a trade–off between simplicity in an
information–theoretic sense, which minimizes cognitive load,
and informativeness which maximizes communicative effectiveness. Specifically, that good systems of categories have a
near–optimal trade–off between these constraints.

As observed in the World Color Survey (WCS), some universal properties can be identified in color naming schemes over
a large number of languages. For example, Regier, Kay, and
Khetrapal (2007) and Regier, Kemp, and Kay (2015); Gibson et al. (2017) recently explained these universal patterns in
terms of near optimal color partitions and information theoretic
measures of efficiency of communication. Here, we introduce
a computational learning framework with multi-agent systems
trained by reinforcement learning to investigate these universal
properties. We compare the results with Regier et al. (2007,
2015) and show that our model achieves excellent quantitative
agreement. This work introduces a multi-agent reinforcement
learning framework as a powerful and versatile tool to investigate such semantic universals in many domains and contribute
significantly to central questions in cognitive science.

Examples formalized in information-theoretic terms include suggestions that word frequency distributions, syllable
durations, word lengths, syntactic structures, and case marking all facilitate efficient communication. This type of proposal has been particularly successful in explaining aspects
of the structure of utterances as they unfold over time: linguistic structure optimizes information transfer between interacting language users. A different challenge is explaining
the partitioning of semantic spaces—the common recognition
of lexical-semantic differences across a speech community—
likewise in terms of interactive behavior.

Keywords: color naming; world color survey; reinforcement
learning

Introduction
Semantic partitioning of the color space in the
lexicon
Color naming universals have a long history in linguistic
research (Berlin & Kay, 1969). At an individual level,
color perception is subjective; it differs for biological reasons across individuals (extreme examples being colorblindness and tetrachromacy). There are commonly-observed
differences in individual color–naming choices. What is
“turquoise” to one person may be a variant of “blue” to another. Nevertheless, within the same linguistic milieu, there is
overall agreement as to color-naming; most English-speaking
people recognise the typical supermarket tomato as “red”.
Berlin and Kay showed across a survey of 20 languages
that there are strong consistencies in color naming and produced a set of universals: e.g., there are a maximum of eleven
major color categories and, where fewer than eleven are realized for a given language, there is a standard pattern of
emergence. This work came under methodological criticism
(Lucy, 1997; Saunders, 1995), particularly the use of standardized color systems to abstract away from the interactional
and cultural basis of color identification.
Given this methodological conflict, is it really the case that
such universals are artifacts of a non-interactional method
of investigation? Accounting for patterns of wide but constrained variation that have been observed empirically is a
central challenge in understanding why languages have the

Color terms represent a limited semantic domain with easily manipulated parameters. By gradual changes of color
value, an experimenter can manipulate red into orange, unlike other semantic domains, where the distinctions between
potential referents (e.g., “car” vs. “truck”) are not easily captured in explicit terms. In addition, recent work (Regier et
al., 2015; Gibson et al., 2017) argues that color categories in
language should support efficient communication.
Our goal in this paper is to investigate the scientific question of the emergence of color terms via a computational
framework for modeling the partitioning of semantic spaces.
Our framework, DeepColor, is based on a deep reinforcement
learning approach with independent justification as a cognitive modeling paradigm. The framework, inspired by Regier
et al. (2015) and Gibson et al. (2017), takes the form of two
agents, one of which is attempting to communicate a color
to the other through a channel with a limited selection of signals intended to refer to the colors in a commonly-used coloridentification experimentation system. Learning takes place
through a reward system as the agents converge on approximate color-meanings for the signal vocabulary. We show
that the simulations we run in this noisy-channel environment
converge on characteristics similar to cross-language humancollected data using the same color system. This work val-
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idates an approach using deep reinforcement learning with
communicating agents as a research paradigm for color space
partitioning in language.

Communicating color
Developed in 1905, the Munsell color system uses three
color dimensions (hue, value, and chroma) to represent colors
based on an “equidistance” metric calibrated experimentally
by Albert Munsell. The World Color Survey (WCS; e.g. figure 4) uses the Munsell color system in a matrix arranged by
40 hues, 8 values (lightness), and at maximum chroma (saturation). A color map can be developed for a particular language by asking speakers of that language to name each color.
Color identification boundaries can be compared across languages using the WCS mapping.
The WCS color map technique enables the testing of automatic systems to partition colors. Regier et al. (2007) experiment with partitioning the color space using a distance
metric as a clustering criterion. They find a good distance
metric by translating the WCS color map to the CIELAB
space. CIELAB enables the translation of the WCS colors to
a three-dimensional space, wherein the WCS colors appear to
take an irregular spherical form. Regier et al. then use a wellformedness metric based on a similarity/dissimilarity trade–
off to automatically construct color partitions in the CIELAB
space. Regier et al. find correspondences between optimal
color partitions and observed color maps from human surveys
as well as determine that rotating the WCS color space for a
given observed color map causes reduced well-formedness in
the corresponding CIELAB space. This is preliminary evidence for the optimality of color spaces in human language
in relation to a well-formedness trade-off statistic.
Following their earlier work, Regier et al. adopt an
information–theoretic approach (2015) by introducing a communication system between two agents for multiple semantic
domains (including color) and the corresponding notion of reconstruction error as the relative entropy (Kullback–Leibler
divergence). The relative entropy is computed between the
speaker’s model and the listener’s model of the probability
that a particular term encodes a particular color. This becomes the communicative cost of a color labeling system.
Regier et al. (2015) then show that real-world color-naming
systems not only tend to have high well-formedness, but they
also have low communicative cost. A similar framework is
adopted in Gibson et al. (2017).

Reinforcement Learning: a general cognitive
mechanism
Reinforcement learning (RL) studies the way that natural and
artificial systems can learn to predict the consequences of and
optimize their behavior in environments in which actions lead
them from one state or situation to the next, and can also lead
to rewards and punishments (Sutton & Barto, 1998; Wiering & van Otterlo, 2012). Such environments arise in a wide
range of fields, including ethology, economics, psychology,
and control theory. RL, originally born out of mathematical

psychology and operations research, provides qualitative and
quantitative computational-level models of these solutions.
There is an increasing realization that RL may offer more
than just a computational, theory for affective decisionmaking but that RL algorithms appear to be directly instantiated in neural mechanisms, such as the phasic activity of
dopamine neurons (Dayan & Niv, 2008; Niv, 2009; Niv &
Langdon, 2016). That RL appears to be so transparently
embedded implies that it can be seen as a general cognitive
mechanism and used in an immediate way to make hypotheses about and interpretations of a wealth of behavioral and
neural data.
The availability of a growing suite of environments (from
simulated robots to Atari games), toolkits, and sites for comparing and reproducing results about RL algorithms applied
to a variety of tasks (Lazaridou, Peysakhovich, & Baroni,
2016; Havrylov & Titov, 2017; Evtimova, Drozdov, Kiela,
& Cho, 2017; Jorge, Kågebäck, & Gustavsson, 2016) makes
it possible to study cognitive science questions through a different lens. Cognitive science experiments are often carried
out in real life settings involving questionnaires and surveys
which are both costly and suffer from variability in responses.
If RL algorithms are indeed a good proxy for actual human
learning, then insights about questions of universals in language learning could be obtained very cheaply and reliably
via controlled experiments in such in silico settings. We
demonstrate this with a focus on questions about the universality of color categories and words in language.
This paper contributes a model of color partitioning based
in recent advances in deep reinforcement learning that directly simulates an interactive, communication-based model
of arriving at a color term consensus that partitions the color
space for optimal, lowest-cost communication. We thus advance work in measuring the role of communicative cost by
providing a procedure to generate color naming schemes that
reflect those results. Our system is a starting point in developing models to test further hypotheses about universals in
semantic partitioning while preserving a notion of interaction
in the generation of meaning.

Evaluating color–word schemes
An assignment of a color term to each chip corresponds to
a categorical partition of color space this arrangement represents. Given such a partition P , Regier et al. (2007, 2015)
propose quantitative schemes to test the hypothesis that attested color naming systems achieve a near-optimal trade–off
between informativeness and complexity—that is, that they
are nearly as informative as is theoretically possible for their
level of complexity (i.e., for their number of color terms).

Partitions of color space
The first criterion, proposed in Regier et al. (2007), is a measure of color space partition quality. The objective function
measures the extent to which such an assignment of category labels to chips maximizes similarity within categories
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and minimizes similarity across categories. In fact, this measure is well known in theoretical computer science and approximation algorithms as the (weighted) correlation clustering problem (Bansal, Blum, & Chawla, 2004; Giotis & Guruswami, 2006; Ailon, Charikar, & Newman, 2008). Given a
graph G = (V, E) with weights w+ , w− : E → R; the maximizing agreements version of the problem seeks to partition the
vertices into disjoint sets so as to maximize

∑

w+ (i, j) +

∑

w− (i, j).

(1)

cat(i)6=cat( j)

cat(i)=cat( j)

Here cat(i) refers to the subset in the partition to which the
vertex i belongs.
In our case, as in Regier et al. (2007), we take w+ (i, j) :=
sim(i, j) and w− (i, j) := (1 − sim(i, j), where sim(i, j), the
similarity of two colors i and j, is adopted from the psychological literature on categorization:

sim(i, j) := exp −cdist(i, j)2 ,
(2)
where dist(x, y) is the CIELAB distance between colors x and
y, and c is a scaling factor (set to 0.001 for all simulations
reported here). It has a maximum value of 1 when chips x and
y are the same (i.e., dist(x, y) = 0) and a value that falls off
approaching 0 as the distance between chips x and y becomes
arbitrarily large. This similarity function thus captures the
qualitative observation that beyond a certain distance colors
appear ”completely different” so that increasing the distance
has no further effect on dissimilarity.
Given this choice, the problem is to maximize over all partitions P ,
CC(P ) :=

Figure 1: Communication cost (left) and communication efficiency (right) for different levels of noise as a function of
the number of allowed color terms. The points indicate the
mean values from 50 independent runs and the shaded area
constitutes the std. deviation σ/4.
where
s(i) =

sim(i, j)

. This is motivated by an exemplar selection argument (i.e.,
from a category); one tends to select the most representative
exemplar. To get an aggregate measure of the reconstruction
error over all colors in the domain universe of colors, we define n(i) as the need probability for target color i and compute
the expected reconstruction error over all colors as
E := ∑ n(i)e(i).

1 − 2sim(i, j)

∑

∑
j∈Cat(i)

(3)

i

Cat(i)6=Cat( j)

The problem is NP-hard but can be computed exactly for
small sizes with an integer LP. Regier et al. (2007) propose
a heuristic to approximate the optimum.

Hence, E measures the expected information loss incurred
when transferring color information between two agents over
a linguistic communication channel.

Communication efficiency

Information–theoretic analysis: communicating
over a noisy channel

In the work of (Gibson et al., 2017) the related measure communication efficiency is defined as

The second criterion proposed in Regier et al. (2015) takes an
information–theoretic perspective via a scheme in the form
of a speaker and a listener communicating over a noisy channel. The speaker attempts to communicate a color from the
WCS color grid. Each agent maintains a belief in the form
of a probability distribution over colors. The speaker’s distribution s is concentrated on the single color i she is trying
to convey by uttering a word w. After listening to the uttered
word, the listener tries to reconstruct the color, resulting in a
probability distribution ` over colors. The reconstruction error e(i) for color i is the KL divergence D(s||`) which equals
the surprisal − log `(i). The listener distribution ` is concentrated on the category labeled with the word communicated
and
`(t) = s(t)/ ∑ s(i)

1

∑ p(c) ∑ p(w|c) log2 p(c|w)
c

(4)

w

and computes the expected average surprisal of each color
chip c while assuming a uniform prior p(c).

Combined criterion
An alternative suggestion is that the listener selects uniformly
from the category labeled by the received word. In this case,
the surprisal is log2 |Cat(w)|. This suggests we optimize a
combination of the two criteria, the quality of the color space
and the surprisal, that is find a partition P to minimize

i∈Cat(t)
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1
|Cat(w)| log2 |Cat(w)| +CC(P )
n∑
w
= log n − H (P ) +CC(P ).

(5)

Figure 2: Wellformedness for different levels of noise, as a
function of the number of words. The points indicate the
mean values from 50 independent runs and the shaded area
constitutes the std. deviation σ/4..

Figure 3: Combined criterion for different levels of noise as
a function of the number of words.The points indicate the
mean values from 50 independent runs and the shaded area
constitutes the std. deviation σ/4.

where H (P ) is the entropy of the partition P (with uniform
measure on the elements).

into the REINFORCE cost function gives us
Js (Ωs ) = −

A DeepColor framework for communication
We develop a version of the communication setup from
Regier et al. (2015) via two automated agents implemented as
feed forward neural networks trained via reinforcement learning. Though the structure of the model is more general, for
the purposes of our game, the stimulus always consists of a
color coordinate in CIELAB color space and the guess indicates which of the color chips in the palette the receiving
agent believes the sender is trying to communicate. Both the
sender and receiver is modeled using a multilayer perceptron
with one hidden layer of k = 20 units.
The sender decides which message to send by sampling
from its internal distribution over the set of color terms W
w ∼ p(W |t; Ωs ) = softmax(φTs tanh θTs t)
given the stimulus t = CIELAB(c) + β, where c ∼ U and the
noise vector β ∼ N(0, σ2 ). Ωs = {θs ∈ Rk×3 , φs ∈ R|W |×k } is
the parameterization of the sender agent, and the softmax is
|z|
the defined as softmax j (z) = ez j / ∑i ezi . The bias terms have
been omitted for brevity.
The receiver interprets the message and computes a distribution over all color tiles in U given the received message
w as p(U|w; Ωr ) = softmax(φTr tanh θTr w), where Ωr = {θr ∈
Rk×|W | , φr ∈ R|U|×k } parameterize the receiver.
The sender part of the model is trained using the well
known policy gradient method REINFORCE (Williams,
1992), an algorithm that aims to update the parameters of
the model such that to maximize a given reward function. In
our case this reward is chosen as the communication outcome
r := sim(c, argmaxp(U|w; Ωr )), where sim is the color similarity function defined in Equation 2. Plugging this reward

1 Nb
log p(W = wn |tn ; Ωs ) ∗ rn .
Nb ∑
n

where Nb corresponds to the number of games that the cost
is computed over. The receiver objective can be modeled directly, i.e., without using a reward, as the surprisal incurred
by the receiver after seeing the intended color chip c:
Jr (Ωr ) = −

1 Nb
log p(U = cn |wn ; Ωr ).
Nb ∑
n

The final objective function J(Ωs , Ωr ) = Jr (Ωr ) + λJs (Ωs )
combines the sender and receiver parts using the mixing
factor λ = 100, and the model is trained by minimizing
this objective. At the beginning of training all parameters
{Ωs , Ωr } are initialized to random values and the optimization minΩs ,Ωr J(Ωs , Ωr ) is performed using stochastic gradient decent with ADAM (Kingma & Ba, 2014). The batch
size is set to Nb = 100 games, and the model is trained for a
total of N = 10000 games.
After the model has been trained, the resulting color partitions P is extracted from the sender agent as its most probable
message corresponding to each color tile c ∈ U.

Experiments
We conducted experiments to answer three primary questions: (1) Does DeepColor converge on high quality color
partitions measured by both well–formedness of the resulting partitions and the information efficiency of the communication scheme; (2) how does varying noise during training
influence the results in (1); and (3) does noise influence the
number of words that the agents choose to employ?
To answer these questions we trained independent agents
on all combinations of the number of allowed color terms ∈
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Figure 4: Resulting color maps when allowing the agents
to use 5 color terms and adding different amounts of noise
(σ2 ∈ {0, 25, 50, 100}) to the color chips. The color maps are
presented in order of increasing noise from top to bottom.
{3, 4, . . . , 11} and the variance of the noise added to the color
chips σ2 ∈ {0, 25, 50, 100}.
In figures 1-3, we represent the performance of our models relative to the communication efficiency (see equation 4)
communication cost (see equation 3), wellformedness (see
equation 1), and combined criteria (see equation 5). The number of color words has minimal effect on efficiency, particularly at higher noise. As Gibson et al. (2017) suggest, this
indicates the robustness of the WCS investigative paradigm:
in our case, in an artificial agent setting. Our process is highly
tolerant to noise, with the highest-noise scenario having similar overall cost reductions and well-formedness improvements relative to the number of words. More words represent
a reduction in costs, with the curve reaching its asymptote at
the higher number of words.
Figures 4 and 5 display sample color maps generated by
the reinforcement learning process. A bounded region on
each map represents a word that the system assigned to each
color; they are not necessarily contiguous and sometimes
wrap around the table. At 5 color terms, there is considerable stability among regions regardless of noise. At 11 color
terms (this is a maximum, as the system is not obliged to assign all colors), we see more hierarchy and variation in the
maps and more terms exploited as the noise increases. We
also observe large similarities with the 5-color maps in terms
of overall boundaries, with greater subdivisions.
Figure 6 presents a WCS color mode map of the Iduna language. Compared to the five-color maps of figure 4, we see

Figure 5: Resulting color maps when allowing the agents
to use 11 color terms and adding different amounts of noise
(σ2 ∈ {0, 25, 50, 100}) to the color chips. The color maps are
presented in order of increasing noise from top to bottom.
Note that the agents never choose to use all 11 color words
but that the number they choose to use depend on the amount
of noise added to the chips during training.

Figure 6: After Regier et al. (2015). WCS color map of the
Iduna language, which has five color terms.

large overlap in the color boundaries that appear. One major
difference is that Iduna uses one color term for a small number of Munsell chips, in the manner that the noisiest two maps
of figure 5 create singleton or small–group color terms.
Figure 7 shows that noise does have an effect on the
number of words that the agents decided to employ—large
amounts of noise decrease the active vocabulary of the agents,
so precise terms may be less useful when referring to objects
that vary in color. However, we also observe that no noise
can have a similar detrimental effect which may be due to the
noise acting as a stabilizing regularizer during training.
The presented example color maps have been sampled randomly from our experimental results that were compiled after training DeepColor using the hyper-parameters specified
in the previous section.
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Figure 7: Average number of words actually used by the
agents after training under different amounts of noise. The
points indicate the mean values from 20 independent runs and
the shaded area constitutes the std. deviation σ/4.

Conclusions and future work
From where do apparent regularities in color naming patterns across language arise? A recent strain of research explains this via a perceptual well-formedness criterion as well
as communicative cost. Implicit in communicative cost is the
role of linguistic interaction. Our deep reinforcement model
directly implements an interactional learning model, and the
color term maps generated by this model replicate empirical
observations in human–language color mapping.
Compared to other semantic domains, color is a simple
test bed for interaction–based approaches to modeling the
partitioning of meaning spaces. The initial success of this
model not only allows for further experiments and comparisons in the quality and grounding of color partitions, such
as through image data, but application to other semantic domains, such as the partitioning of WordNet synsets. It also
demonstrates the viability of reinforcement learning in implementing information–theoretic approaches to representing
semantic distinctions in linguistic interaction.
Acknowledgments The authors would like to acknowledge
the project Towards a knowledge-based culturomics supported by a framework grant from the Swedish Research
Council (2012–2016; dnr 2012-5738) as well as the SRCfunded Centre for Linguistic Theory and Studies in Probability (CLASP) at the University of Gothenburg.

References
Ailon, N., Charikar, M., & Newman, A. (2008). Aggregating
inconsistent information: Ranking and clustering. J. ACM,
55(5), 23:1–23:27.
Bansal, N., Blum, A., & Chawla, S. (2004). Correlation
clustering. Machine Learning, 56(1-3), 89-113.
Berlin, B., & Kay, P. (1969). Basic color terms: Their university and evolution. California UP.

Dayan, P., & Niv, Y. (2008). Reinforcement learning: The
good, the bad and the ugly. Current Opinion in Neurobiology, 18(3), 1-12.
Evtimova, K., Drozdov, A., Kiela, D., & Cho, K. (2017).
Emergent language in a multi-modal, multi-step referential
game. CoRR, abs/1705.10369.
Gibson, E., Futrell, R., Jara-Ettinger, J., Mahowald, K.,
Bergen, L., Ratnasingam, S., . . . Conway, B. R. (2017).
Color naming across languages reflects color use. Proc Natl
Acad Sci USA, 114(40), 1078510790.
Giotis, I., & Guruswami, V. (2006). Correlation clustering
with a fixed number of clusters. Theory of Computing, 2.
Havrylov, S., & Titov, I. (2017). Emergence of language
with multi-agent games: Learning to communicate with sequences of symbols. In I. Guyon et al. (Eds.), Advances in
neural information processing systems 30 (pp. 2146–2156).
Curran Associates, Inc.
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Scalar Language is Shaped by the Statistical Properties of the Environment
Dariusz Kalociski
Institute of Philosophy, University of Warsaw, Warsaw, Poland
Abstract
One of the driving forces of language evolution is the selection of variants that suit the communicative needs of its users.
Crucially, fitness of linguistic variants may largely depend on the structure of the environment in which language is learned,
transmitted, and used. This hypothesis has gained support in various domains. We apply it in the context of scalar terms
with a major focus on quantifiers, such as ’most’. Based on a model that combines logic and evolutionary game theory, we
argue that such signals might have evolved as stable semantic units through adaptation to general communicative principles
and distributional properties of the environment such as normality.
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Abstract
How does the presence of background noise affect the
cognitive processes underlying spoken-word recognition? And
how do these effects differ in native and non-native language
listeners? We addressed these questions using artificial neuralnetwork modelling. We trained a deep auto-encoder
architecture on binary phonological and semantic
representations of 121 English and Dutch translation
equivalents. We also varied exposure to the two languages to
generate ‘native English’ and ‘non-native English’ trained
networks. These networks captured key effects in the
performance (accuracy rates and the number of erroneous
responses per word stimulus) of English and Dutch listeners in
an offline English spoken-word identification experiment
(Scharenborg et al., 2017), which considered clean and noisy
listening conditions and three intensities of speech-shaped
noise, applied word-initially or word-finally. Our simulations
suggested that the effects of noise on native and non-native
listening are comparable and can be accounted for within the
same cognitive architecture for spoken-word recognition.
Keywords: spoken-word recognition; non-native listening;
noise; computational modelling; deep neural networks

Introduction
The presence of background noise deteriorates speech
perception and this effect is particularly pronounced in nonnative listeners (e.g., Cooke, García Lecumberri, & Barker,
2008; Kilman et al., 2014, Scharenborg, Coumans, & van
Hout, 2017). Theories of spoken-word recognition often
assume that native and non-native listeners are affected by
background noise differentially (Cooke et al., 2008, Meador,
Flege, & Mackay, 2000). The pronounced difficulties of nonnative listeners in noisy listening conditions are thought to
reflect the dual challenge of understanding imperfect speech
signals with imperfect language knowledge (García
Lecumberri, Cooke, & Cutler, 2010). There is a fairly good
understanding of the differential effects of noise on native
and non-native sound perception (see for a review: Garcia
Lecumberri et al., 2010). Far less is known about the effects
of noise on spoken-word recognition upstream of sound
processing, and how these differ in native and non-native
listeners.
A recent study from our lab (Scharenborg et al., 2017)
aimed to address this gap. The study employed an offline
spoken-word identification experiment, in which English and
Dutch students listened to English words in clean listening
conditions and with background noise. Noise was applied at
the onset or the offset of stimuli words and at different

intensities. Scharenborg et al. (2017) found that even though
non-native listeners performed overall worse than native
listeners, the patterns resulting from the systematic
manipulations of the position and intensity of noise were
strikingly similar in the two groups. Based on these results,
Scharenborg et al. (2017) hypothesised that, in contrast to
standard theories of spoken-word recognition (Cooke et al.,
2008; Meador et al., 2000), noise has similar effects on native
and non-native spoken-word recognition and that the lower
overall performance of non-native compared to native
listeners is primarily due to differences in exposure, rather
than fundamental differences between the native and nonnative spoken-word recognition systems.
In this study, we aim to further investigate this hypothesis
from a computational modelling perspective. We developed
a novel computational model of spoken-word recognition
which addresses the effects of noise on native and non-native
listenening. Our model, referred to as ListenIN, is based on
an autoencoder deep neural network (DNN) architecture for
word learning trained on composite representations of words,
consisting of simplified representations of phonological
forms of words (in line with, e.g., the TRACE model,
McClelland & Elman, 1986; see also, Gaskell & MarslenWilson, 1997; Smith, Monaghan, & Huettig, 2017) and their
meanings (cf. Plunkett et al., 1992). The DNN architecture is
cross-linguistically general (cf. Karaminis & Thomas, 2010)
and can be exposed to different linguistic environments (e.g.,
English words only vs. English and Dutch translation
equivalents, with greater exposure to the latter) to simulate
different types of lexical knowledge (‘native English’ vs.
‘non-native English/native Dutch’, correspondingly).
We developed two versions of the model, one
corresponding to a native English listener and one
corresponding to a non-native English/native Dutch listener.
We tested these models on an English spoken-wordidentification task, parallel to the human-listener experiment
(Scharenborg et al., 2017). Crucially, the two models have
emerged from the same initial neural network architecture
being exposed to different linguistic environments. To
foreshadow our results, using this procedure, we found that
the models captured all key patterns in the human data. Our
computational simulations demonstrate that, consistent with
the hypothesis put forward in Scharenborg et al. (2017), the
comparable effects of noise on native and non-native
listening can be accounted for within the same cognitive
architecture for spoken-word recognition.
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The human data
The target empirical data for our model came from an offline
English spoken-word identification task, administered to 61
native Dutch and 50 native English students (Scharenborg et
al., 2017). The target data included two measurements:
overall accuracy in word-identification and the number of
different erroneous responses per incorrectly identified word.
The first measure provides a general evaluation of offline
spoken-word identification performance; the second measure
addresses errors in further detail and taps on the notion of the
(size of the) ‘competitor space’ during the activation process
in spoken-word recognition (Scharenborg et al., 2017).
The stimuli in Scharenborg et al. (2017) consisted of 126
English words (45 disyllabic, 81 monosyllabic). Each word
was presented without added noise (i.e., in the clear), and
with stationary speech-shaped noise (SSN) added wordinitially or word-finally and at three signal-to-noise ratios
(SNRs): 0, −6, and −12 dB. The average number of phones
masked by noise was 2.44 ± 0.54 for the word-initial and 2.70
± 0.94 for the word-final noise condition.
Participants were instructed that they would be listening to
English words partially obscured with noise, and were asked
to type in the word they thought they heard. Each participant
was tested on 168 stimuli, corresponding to 84 words
presented with combinations of the three SNRs with the
word-initial or the word-final condition, and the same 84
words presented in the clear. Obvious spelling mistakes and
homophones were corrected prior to data analysis.
The upper left panel in Figure 1 shows overall accuracy in
spoken-word identification in native (continuous lines) and
non-native (dashed lines) listeners, in the clear listening
condition and the three SNRs, and in conditions of wordinitial (thick lines) and word-final (thin lines) noise. With
regards to accuracy, the key findings consisted of three main
effects and three two-way interactions, which taken together
indicated that there were no large differences in the effect of
background noise on the processes underlying native and
non-native spoken-word recognition. More precisely, the
statistical modelling of the accuracy data showed significant
main effects of SNR, noise position, and (listener) group.
These results suggested that overall accuracy was lower in
higher SNRs, in the word-initial than the word-final masking
condition, and in non-native compared to native listening.
Two-way interactions between the position of noise and
group, the position of noise and SNR, and SNR and group
suggested that the detrimental effects of word-initial relative
to word-final noise were more pronounced in native listeners
and in higher SNRs, and that accuracy decreased with SNR
more rapidly in non-native listeners. However, as these
interactions were ordinal (i.e., the lines did not cross), the
combined results implied that the effects of noise on accuracy
were not drastically different in native and non-native
listeners (Scharenborg et al., 2017).
For a complementary account of this result, the reader may
inspect the upper-left plot of Figure 1. Two forceps-like
patterns, consisting of a thick and a thin line, correspond to
the effects of noise in each group. Crucially, the most

Figure 1: Empirical data (left; from Scharenborg et al.
2017) and simulation results (right) on accuracy rates (top)
and the number of erroneous responses (bottom).

Figure 2: Architecture, training, and testing of the neural
network model. A: training on three types of mapping
(indicated by the three vertical arrows); B: testing on the
novel task of comprehension/word identification (indicated
by the diagonal arrow).
pronounced difference between native and non-native
listening is the downward shift of the forceps-like pattern,
rather than differences in shape, slopes, and direction.
Turning to the number of alternative responses (lower left
panel in Figure 1), the key, statistically significant findings
were the main effects of group, SNR, and noise position
(Scharenborg et al., 2017), showing again no large
differences in the effects of background noise on native and
non-native spoken-word recognition. Thus, not only did nonnative listeners make more errors, they also made more
variable errors. The number of alternative responses
increased with SNR and was higher in the word-initial than
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the word-final condition. The statistical modelling also
included the effects of word frequency (Scharenborg et al.,
2017) and showed that the number of alternative responses
was higher for lower-frequency words (Scharenborg et al.,
2017). Figure 1 again shows that the effects of the systematic
manipulations of noise manifest as forceps-like patterns,
which are highly similar for native and non-native listeners
(group differences accounted for by a vertical shift, rather
than changes in shape/slope/direction).

Computational modelling
Experimental set-up
Our research design involved a training and a test phase.
During training, we developed two versions of the deep
autoencoder neural network shown in Figure 2: one
exhibiting robust knowledge of a monolingual vocabulary of
English words (i.e., the ‘native’ listener); and one exhibiting
knowledge of a bilingual vocabulary of English and Dutch
translation equivalents, however, with less robust knowledge
of English compared to Dutch words due to greater exposure
to the latter (the ‘non-native’ listener) (cf. Filippi, Karaminis,
& Thomas, 2014). The models were trained on composite
word representations, which consisted of phonological forms
and their meanings. The models were exposed to three types
of input-output mapping, illustrated with vertical arrows in
Figure 2A: between phonological forms; between meanings;
and between combinations of phonological forms and their
meanings (see Plunkett et al., 1992).
At test, the models were assessed on their abilities for
comprehension/spoken-word identification − that is, when
presented with a phonological form only (no semantics
input), they should generate the appropriate meaning in the
output layer (diagonal arrow in Figure 2B). The neural
networks received no explicit (supervised) training on these
mappings. Comprehension/word-identification was thus a
novel task for the model and correct word identification
implied that it had learned to auto-associate phonological
forms with their meanings.
We tested the two versions of the trained neural network
on a simulated English word-identification task, parallel to
Scharenborg et al. (2017). In this task, the phonological
representations presented in the input layer included wordinitial or word-final noise at three different intensities, as in
Scharenborg et al. (2017). For each network, we obtained
measures of accuracy in spoken-word identification and of
the number of erroneous responses per incorrect response in
the two conditions for the position of noise and in different
noise intensities. We analysed the model-based measures
with statistical modelling procedures similar to Scharenborg
et al. (2017), and compared our results to the empirical study.
We note that we also performed control simulations in
which we simulated non-native listening by testing ‘native
English/non-native Dutch’ models, that is, models trained on
English and Dutch interleaved with a 3 : 1 ratio. These
simulations (not reported here) showed parallel results to
those reported in this paper, and allowed us to establish that

the differences in performance between native and nonnative models do not depend on whether the ‘native’ version
is exposed to monolingual or bilingual linguistic
environments.

Architecture and representations
The deep autoencoder neural network (Figure 2) used in the
simulations comprised a phonological and a semantics
pathway and had a symmetric structure, horizontally and
vertically. The input and the output layer consisted of 292
units representing phonology and 300 units representing
semantics. The architecture had five hidden layers. The first
hidden layer was bipartite and consisted of two banks of 150
units, one fully connected to input phonology and another
fully connected to input semantics. The second hidden layer
(200 units) was composite, that is, it was fully connected to
all the units of the first layer. The third hidden layer had 150
units. As the autoencoder was symmetric, the fourth hidden
layer was identical to the second hidden layer; and the fifth
hidden layer was identical to the first hidden layer.
The phonological form of words was represented using a
feature-based representational scheme. Our scheme encoded
51 distinct phones, 20 vowels and 31 consonants, using 22
articulatory/phonological features: consonant, vowel,
obstruent, sonorant, aspirated, voiced, plosive, continuant,
nasal, lateral, rhotic, strident, labial, coronal, dorsal, glottal,
distributed, high, mid, low, retracted, and long (cf. Karaminis
& Thomas, 2010).
Phonological forms of words were fitted to a 13-slot
disyllabic template: CCCVVCCCVVCCC, where C denotes
a consonant and V denotes a vowel. We used alignment to
the left (similar to Shook & Marian, 2013) so as to
incorporate in our model the incremental nature of speech
processing. The phonological representations also included
prosodic information, namely syllabic length and syllabic
stress. Syllabic length was represented with thermometer
encoding over 2 bits (monosyllabic = 01; disyllabic = 11),
syllabic stress was represented with 2 one-hot bits. Finally,
language information (2 one-hot units, English or Dutch) was
also included in the phonological representations. This
information is useful for the modelling of production
(producing phonological forms given meanings) in future
extensions of this model but was not used in the current
simulations. In sum, the phonological forms of words are
represented in a distributed manner over a 292-bit vector with
an average of 25.94 ± 6.31 ‘ones’ per word.
Word semantics was represented with a binary scheme
based on a 300-dimensional word-embedding model trained
on a corpus of 100 billion words from Google News
(Mikolov et al. 2012; model retrieved from the gensim
Python library, Řehůřek & Sojka, 2010). The real-numbered
word-embeddings
were
transformed
to
binary
representations by setting all values lower than -0.175 to 1,
and all other values to 0. As a result of this transformation,
word semantics were represented with an average of 52.73 ±
11.48 ‘ones’ over a 300-bit vector.
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Training
The training set of the model consisted of 121 English words,
and their 121 Dutch translations, taken from Scharenborg et
al. (2017) (excluding five word pairs, where the Dutch
translation equivalent was trisyllabic). English and Dutch
translation equivalents had different phonological forms, and
exactly the same semantics.
Training the deep autoencoder combined three techniques,
namely weight initialisation with pretraining, weight finetuning with three phases of training, and denoising. We
included these techniques in the design of the model based on
pilot simulations (not reported here), which suggested that
this combination enabled networks to auto-associate
phonology and semantics, and show abilities for word
comprehension and word production.
Weight initialization with pretraining. The weights of the
deep autoencoder were initialised using a pretraining method
(Hinton & Salakhutdinov, 2006). Weights between the
individual layers of the deep autoencoder (say between ‘Input
Phonology’ and ‘Hidden P0’) were trained separately, within
shallow (one hidden layer) autoencoders, considered
specifically for the pretraining phase. For a demonstration of
this method, see Hinton and Salakhutdinov (2006).
Pretraining was implemented in MatLab with the neural
network toolbox (Release 2016a, The Mathworks, 2016),
using the Scaled Conjugate Gradient Algorithm (Moller,
1993), with sparsity regularisation (Olshausen & Field, 1997)
and the following parameters: 2000 epochs, L2
WeightRegularization = 0.01, SparsityProportion = 0.10.
Weight fine-tuning with three phases of training. After the
weights of the deep network were initialised with pretraining,
they were fine-tuned (within the deep network). Weight finetuning lasted for 1000 epochs and used the back-propagation
algorithm (Rumelhart, Hinton, & Williams, 1986) with the
cross-entropy error criterion (Hinton, 1992) (lr = 0.05,
momentum = 0.0). Similar to Plunkett et al. (1992), the
following three phases are considered: (A) The phonologyto-phonology phase, in which only input phonology was
presented to the network, which was trained on producing the
same phonological pattern in the output layer. No changes
happened in the semantics pathway during this phase; (B)
The semantics-to-semantics phase, which focused learning
on the semantics side of the network; (C) The mixed phase,
in which both phonology and semantics were presented in the
input layer and learning happened across the whole network.
Each epoch included 242 (2*121) training sweeps. In each
sweep, a word was chosen probabilistically and was
presented to the network. The probabilistic training regime
was designed to implement either a ‘native English’
condition, in which networks were presented with English
words only, or a ‘non-native English/native Dutch’ condition,
in which networks were presented to English and Dutch
words with a 1:3 ratio. For a given word, one of the following
two sequences of the learning phases (chosen randomly) was
applied: (A)−(C)−(A) or (B)−(C)−(B). The weight changes

estimated by the learning algorithm were also multiplied by
the log-transformed CELEX word frequencies (cf. Baayen,
Piepenbrock, & Gulikers, 1995).
Denoising. During the fine-tuning phase, random noise was
also injected in the input layer of the network (‘denoising
autoencoder’; see Vincent, Larochelle, Bengio, & Manzagol,
2008; Zur, Jiang, Pesce, & Drukker, 2009). Noise was
injected probabilistically, in half of the training sweeps and
to the phonological part of the input or the semantics part or
both. In all cases, the network should output denoised
activations. The random noise added to a given input unit’s
activation had a zero mean and SD equal to 7 times the SD of
the unit's activation across the representations of the training
set. The injected noise was therefore very high, often
distorting the input patterns.

Simulated spoken-word identification task
In the simulated word-identification task, we presented the
native and non-native versions of the models with
phonological representations of words (and no semantics) at
the input and evaluated whether they produced appropriate
semantics in the output layer. The output was evaluated with
a nearest neighbor criterion (output semantics should be
closer to the appropriate semantics than any other semantics
pattern). Similar to the human-listener experiment
(Scharenborg et al., 2017), we included a zero-noise
condition and three increasing levels of added noise. The
added noise was implemented as a real-numbered vector
selected from a Gaussian distribution with mean = 0 (‘clear’)
and SD = .50 (‘low intensity’), .75 (‘medium intensity’), or
1.00 (‘high intensity’). We also considered conditions of
word-initial and word-final noise, by adding noise only to
either the leftmost or the rightmost slots (correspondingly) of
the phonological template. For individual words, word-initial
and word-final noise was applied to the same phones as in
Scharenborg et al. (2017).
We performed two sets of simulations, with 10 replications
(random seeds for weight initialisation) each. In the first set,
we tested English word identification in models trained only
on English words (i.e., ‘native listeners’). In the second set,
we tested English word identification in the model trained on
English and Dutch translation equivalents interleaved with a
1:3 ratio (i.e., ‘non-native listeners’).

Results
The right panels of Figure 1 present the simulation results on
the accuracy rates (top) and the number of erroneous
responses for incorrect responses (bottom). Visual inspection
of the combined results in Figure 1 suggests that the
modelling results were highly similar to the human data (left
panels) on both measures. The modelling output replicated
the forceps-like patterns for the effects of the systematic
manipulations of noise on the two measures of spoken-word
identification in each group. And again, the effect of
background noise was highly similar in the ‘native’ and ‘nonnative’ models: group differences were accounted for by a
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vertical shift of the forceps-like performance patterns.
However, the model presented bigger differences in the
listening performance in the word-initial and the word-final
condition (forceps-like performance patterns are more open
and overlap in the right panels).
The statistical analysis of the models’ accuracies showed
main effects of group (β = -.348, SE = .144, p = .016), noise
intensity (β = 1.138, SE = .089, p < .001), and position (β = 1.734, SE = .136, p < .001), as well as two-way interactions
between noise intensity and group (β = -.501, SE = .071, p <
.001), position and noise intensity (β = .254, SE = .101, p <
.001), and position and group (β = .393, SE = .143, p < .001).
The models thus captured all six key findings of the human
accuracy data (Scharenborg et al., 2017). Moreover, as
interactions were ordinal: the combined results implied that
the effects of noise on accuracy were not drastically different
in the native and non-native models. This is also in line with
the human data (Scharenborg et al., 2017).
Turning to the number of erroneous responses, our
statistical analysis, which accounted for error rates and word
frequency (cf. Scharenborg et al., 2017), showed main effects
of group (β = .515, SE = .088, p < .001), noise intensity (β =
-1.310, SE = .135, p < .001), and position (β = -.528, SE =
.094, p < .001), and a non-significant trend for an effect of
word frequency (β = -.0854, SE = .051, p = 0.092).
Importantly, there were no significant interactions between
these factors and group. The model therefore captured the key
findings in Scharenborg et al. (2017), including the similar
effects of noise on the number of erroneous responses in
native and non-native listening.

Discussion and Conclusions
In this paper, we present a computational model which is
novel in addressing the effects of noise on the cognitive
processes underlying spoken-word recognition in native and
non-native listening. A key assumption of the model,
grounded on the hypothesis put forward in Scharenborg et al.
(2017), is that a common cognitive architecture underlies
native and non-native spoken-word recognition. Based on
this common architecture, which is differentiated only
through its exposure to two different training sets, our model
emulates human native and non-native lexical knowledge and
captures key effects in the human data from Scharenborg et
al. (2017). Indeed, ‘non-native’ models presented overall
lower accuracy rates and overall higher numbers of erroneous
responses than ‘native’ models. Yet, and consistent with the
human data (Scharenborg et al., 2017), the effects of the
systematic manipulations of noise on the two measures of
spoken word-recognition were similar in the ‘native’ and the
‘non-native’ models (vertical shifts in Figure 1).
Our results support the idea put forward in Scharenborg et
al. (2017) that noise affects the cognitive processes
underlying native and non-native spoken-word recognition in
a similar fashion, and that performance differences between
native and non-native listeners when listening in noise are
mostly due to differences in exposure to the non-native
language. An important question is whether this hypothesis

also applies to online spoken-word comprehension, which
involves subtler temporal dynamics than offline spoken-word
recognition. Our current work focuses on extending our
model, to address human data on online native and non-native
spoken-word recognition in noise (by presenting
phonological input incrementally, see Gaskell & MarslenWilson, 1992) (Hintz & Scharenborg, 2016).
Our model captures the empirical data by bringing
together principles and assumptions of earlier models of the
bilingual lexicon and speech recognition, for example,
feature-based, spatially encoded, representations of
phonology with alignment to the left (Shook & Marian, 2013;
Smith et al., 2017), a simplified scheme for the representation
of word meanings (Smith et al., 2017), bilingual linguistic
environments consisting of translation equivalents (Filippi et
al., 2013; Shook & Marian, 2013, though see Zhao & Li,
2010),
and
(semi-supervised)
autoassociation
of
phonological and semantic representations (cf. Plunkett et al.,
1992).
Our model is not without shortcomings. Firstly, the
feature- and slot-based representations of phonology and the
implementation of speech-shaped noise as a random vector
added to the binary phonological patterns are simplifying
assumptions, which overlook key characteristics of speech.
Future versions should consider input representations that are
closer to speech signals (cf. Norris & McQueen, 2008; Ten
Bosch, Boves, & Ernestus, 2015; Scharenborg, 2010), and
which include more realistic implementations of noise.
Future versions of the model could also employ recurrent
DNN architectures. These are naturally suited to address the
incremental nature of speech input, while they have
supported some important recent advances in automatic
speech recognition (Yu & Deng, 2016). Finally, non-native
language learning involves considerable individual
variability, in the mode, the timing, the exposure to the two
languages, and in language typology. This variability will
also be investigated in future versions of the model.
In conclusion, in this paper, we present a computational
model, which is novel for addressing the effects of noise on
spoken-word recognition in native and non-native listening.
The model successfully simulated human performance in a
spoken-word identification task, which was administered to
native and non-native listeners and included elaborate
manipulations of listening conditions (Scharenborg et al.,
2017). The model’s success in capturing the human data
supports a unified account of spoken-word recognition in
noise in native and non-native listening using a neuralnetwork-modelling framework.
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Abstract

the standard is determined by the population mean, so that to
be a big elephant, the elephant must exceed the mean size of
all elephants (Bierwisch, 1989). Various experimental work
has been done regarding the formula involved in determining the standard of membership (Barner & Snedeker, 2008;
Hansen & Chemla, 2017; Solt & Gotzner, 2012a, 2012b).

Dimensional adjective interpretation is dependent on the comparison class – the set of object representations – against which
the object being modified by the adjective is judged. This paper
explores the factors determining the composition of the comparison class, arguing that real world size information and prototypicality play crucial parts in its determination. Researchers
often implicitly assume that only the objects in immediate visual context constitute the comparison class. However, Exp.
1 shows that this information from the visual context is integrated with knowledge of real world size and category properties to form the comparison class. Exp. 2 shows that prototype
information is utilized when making size judgments of cartoon
images, while size judgments of objects in photographs draw
more heavily on a speaker’s prior knowledge about the actual
size of the objects in the world. Exp. 3 demonstrates that the
effects observed in Exp. 1 and 2 were not caused by the adjectives used, but rather reflect differences between the size of the
objects depicted in the images.
Keywords: semantics; pragmatics; adjectives; context; gradability; scale structure; prototype effects; size perception

However, even were a formula to be arrived at with certainty, the result of its application would still be dependent
on the determination of the comparison class to which it is
applied. As people experience the world around them, and
interact with objects and depictions of objects, they build up
mental representations of distributions for various properties
of those objects, including their size. Thus, when encountering a new token of that object, its size can be compared to the
distribution of sizes of relevant similar objects to determine
whether its size exceeds the standard for counting as big.

Introduction
The interpretation of dimensional adjectives like big, small,
tall, and short is dependent on context. The size an object
needs to be to count as, e.g., big is different depending on
the type of object and the other objects in the context. For
instance, big for an elephant is an entirely different scale of
big than big for a mouse. Similarly, the same elephant could
count as small when standing with one group of elephants but
no longer count as small, or even count as big, when amongst
a different group. These observations indicate that the standard for what counts as big depends on the set that the object
is being compared to, known as a comparison class. Speakers
succeed in converging on similar enough comparison classes
to successfully communicate when using adjectives, but the
exact nature of a comparison class and the way in which it is
contingent on the properties of the modified object have not
yet been adequately explored. This paper argues that speakers utilize both the objects in the immediate visual context in
which the adjective is uttered and prior knowledge about the
relevant category of object in order to determine the comparison class, and therefore interpret a dimensional adjective.
A comparison class (Cresswell, 1976; Kennedy, 1999,
2007; Klein, 1980) can be thought of as as an underlying distribution of degrees of the property denoted by the adjective,
within the category of object (Lassiter & Goodman, 2013,
2015). For example, in order to determine which elephants
count as big, it is necessary to figure out what the distribution
of the property (size) is among members of the class (relevant
elephants). Then, some statistical function determines the
standard of membership, i.e. the degree of size which an object must exceed in order to count as big. One proposal is that

Adjectives, including dimensional adjectives, demonstrate
prototypicality effects, similar to nouns (Dirven, 1988, e.g.).
Thus, elephants can be said, generally, to be big.1 These prototypicality patterns are also part of a speaker’s knowledge
about objects which might influence the comparison class.
Although there has been an implicit assumption in much of
the research on adjective judgments that only the objects in
the immediate visual context determine the comparison class,
there are reasons to suspect otherwise. Initial support for the
idea that other information is also used when determining the
comparison class is found in Tribushinina (2011). She argues
for the integration of real world size knowledge with information from the immediate visual context. However, this evidence is only the beginning. Knowledge of real world size is
conflated there with knowledge about items being classified
as prototypical instances of big and small objects, and the
stimuli used were clip-art images, which may strengthen this
association. Clip-art images emphasize salient, prototypical
features, and may vary widely from the actual appearance of
the objects depicted, whereas a photograph depicts an object
that exists in the real world and had properties with specific
values attached to it. Therefore, clip-art may trigger access to
prototypical, generalized information about object categories,
rather than information about the actual distribution of properties found among these objects in the world. This hypothesis will be further probed to further determine the influence
of world knowledge of various types on the comparison class.

1 This

is most noticeable in child directed speech and children’s
books. Children are in the process of building up these networks
of association and forming category representations (Tribushinina,
2011).
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Experiment 1: Replication and validation
The initial evidence for integration of size knowledge and information from the immediate visual context comes from the
first experiment reported in Tribushinina (2011). This experiment was conducted in Dutch and in a lab, so I conducted
a replication to validate the methodological changes I implemented (see the discussion section for more details). Each
trial displays a series of images, e.g. elephants, and the participant is asked “ Which elephants are big/small?” There are
two main predictions. Since all of the images are smaller
than the objects they depict, they might all be considered
small if only world knowledge were used to determine the
comparison class. If only information from the visual context
were used, symmetry between big and small would predict an
equal number of items considered big as considered small.2
If people integrate both types of information, I predict that
there will be an asymmetry between the adjectives such that
the mean number of images selected as big (the big zone) will
be smaller than the mean number of images selected as small
(the small zone). Additionally, the depicted objects differed
in whether they were considered prototypically big, prototypically small or neither prototypically big nor prototypically
small (designated here as neutral), but the images themselves
were all of the same set of sizes, regardless of the object they
depicted. Therefore, any differences in the number of items
counted as big or as small between objects can be attributed
to the influence of knowledge about their size, rather then
to different size information from the visual context. Thus,
prototypically big objects are predicted to have a smaller big
zone and a bigger small zone than prototypically small objects. Neutral objects are predicted to fall in the middle of the
other two categories.

Methods
Participants I recruited 57 people on-line using Amazon’s
Mechanical Turk (MTurk).
Materials and Design Each trial of the experiment consisted of a slide containing seven cartoon images of the same
object, each scaled to a different size. The images were arranged by size, in either ascending or descending order. They
ranged from 38 to 265 pixels in width, increasing by 38 pixels from image to image (Figure 1). Since the experiment was
conducted using MTurk, the actual size of the slides that participants saw varied between participants. The images scaled
to fit their displays, but were consistent relative to each other
across participants. The images used were identical to those
used in Tribushinina (2011) and acquired from that author.
There were twelve different images, four of prototypically
big objects (elephant, hippo, house, plane), four of prototypically small objects (baby, mouse, chick, gnome), and four of
2 It is not necessary for my argument to assume symmetry between big and small, though Tribushinina (2011) does take this
stance. If world knowledge is not taken into account, the big zone
should be the same across all objects, as they are the same size. This
is shown not to be the case, both in Exps. 1 and 2, and even more so
if these are compared to Exp. 3.

Figure 1: Sample trial slide, showing mice in ascending order,
accompanied by the question “Which mice do you find big?”
neutral objects (monkey, umbrella, cake, balloon)3 . As the
slide was displayed the participant heard the question in (1).
The audio stimuli were created using an online text-to-speech
generator4 in order to maintain consistent prosody across all
of the trials.
(1)

Which [object]s are [big/small]?

Each image could be selected either by clicking on the image
or on the checkbox underneath it.
Procedure The experiment consisted of two introductory
slides, followed by 48 trials, followed by a brief demographic questionnaire. The two introductory slides used objects (flower, car) and adjectives (pretty, ugly) not in the trials.
The purpose of these questions was to introduce participants
to the task and make them aware that they could select multiple answers. In both the introductory phase and in the trials,
as each slide was displayed, the participant heard the audio
prompt, and could not select any images until it was done
playing. The participant was required to make a selection (either at least one of the images or the “None of the above”
box), before clicking on the “Next” button to advance to the
next trial. At the end of the experiment, participants were
asked about their native language and the size of the screen
they used for the experiment. Each participant saw each object, in each order (ascending or descending), for each adjective (big or small) – 48 trials in total. The trials appeared in
a randomized order with the caveat that the same object not
appear twice in a row.
Exclusions A number of criteria were used to ensure that
the participants were cooperating with the task. All participants who reported using a screen smaller than 12 inches
were excluded from analysis, as were those who reported a
native language other than English. Due to the scale structure of big and small, when asked to either select the big objects or the small objects, participants were expected to include the appropriate extreme image (either the biggest or
3 For details on how the prototypicality status was determined,
see Tribushinina (2011). I am assuming that Dutch and English
speakers are sociologically similar enough that the protoypicality
status of the items in Dutch is retained in English. The results of this
experiment provide support for this assumption.
4 https://text-to-speech-demo.mybluemix.net/
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the smallest). If they failed to do so more than 10% of
the time were excluded. Additionally, participants who provided non-consecutive responses5 more than 10% of the time
were excluded. Also excluded were all individual trials in
which no appropriate endpoint was selected or in which nonconsecutive images were selected.

Results
In Exp. 1, two participants were excluded for screen size,
two for language and three for not marking an endpoint on
more than ten percent of trials. Additionally, 26 individual
trials were excluded,6 , leaving a data set of 2373 trials from
50 participants. Despite the methodological differences, I
successfully replicated the results from (Tribushinina, 2011).
The critical measure compares the mean number of images
counted as big (the big zone) in each trial to the mean number of images counted as small (the small zone). As predicted, the big zone (mean = 2.11, sd = 0.81) is indeed
smaller than the small zone (mean = 2.87, sd = 1.09). A
Wilcoxon signed-rank test (SRT) shows that this difference
is significant, Z = −21.44, p < 0.001. Additionally, Friedman tests showed that there were differences within the big
zone (Friedman χ2 = 28.15, d f = 2, p < 0.001) and within
the small zone (Friedman χ2 = 32.56, d f = 2, p < 0.001) between objects of different prototypicality status (Figure 2).7
As predicted, the big zone is significantly smaller for big objects than for neutral objects (Wilcoxon SRT, Z = −2.23, p =
0.02), for neutral objects than small objects (Wilcoxon SRT,
z = −3.57, p < 0.001), and for big objects than small objects
(Wilcoxon SRT, Z = −4.37, p < 0.001). For a prototypically
big object, fewer images were selected as big, than for a prototypically small object, meaning that in order to count as
big, prototypically big objects needed to be bigger than prototypically small ones did. Thus, it is harder to count as
a big object if you are prototypically big, and easier if you
are prototypically small. World knowledge is influencing adjectival judgments. The inverse pattern is displayed in the
small zone, as predicted. The small zone is significantly bigger for big objects than for neutral objects (Wilcoxon SRT,
Z = 3.23, p < 0.001), for neutral objects than small objects
(Wilcoxon SRT, Z = 3.82, p < 0.001), and for big objects
than small objects (Wilcoxon SRT, Z = 5.02, p < 0.001).
Similar to the result above, it is harder to count as a small
object if you are prototypically small, and easier if you are
prototypically big.

Discussion
These results replicate the findings in the first experiment in
Tribushinina (2011), despite the methodological differences
5 A response was non-consecutive, for example, if for big the
largest and third largest images were selected but the second largest
was not.
6 Twelve for having no endpoint, four for having an inappropriate
endpoint and eleven for having non-consecutive images selected.
7 The Friedman test is a non-parametric test for one-way repeated
measures analysis of variance by ranks, similar to a Wilcoxon test,
but can be used when there are more than two groups.

Figure 2: Mean number of objects selected as big and small
by prototypicality status of the object when stimuli images
were cartoons. Error bars represent 95% confidence intervals.

between the experiments. I conducted this experiment in English rather than in Dutch, and on MTurk rather than in a
lab. The shift to MTurk required participants to perform the
task on their own devices, resulting in lack of consistency of
screen size, and thus stimulus size, across participants. Since
they were being asked to judge size, the variation in the size
of the stimuli across participants was a concern. Additionally, in the lab, there was an experimenter asking the questions, and the participants responded by pointing to the images they wanted to select. This interactional format might
have led to more cooperativeness than on MTurk where participants may be multi-tasking and paying less attention to the
task. On MTurk there was also the possibility of misclicking, or thinking you clicked without successfully selecting an
image. These factors necessitated the exclusions described
above, which were not required in the original experiment in
Tribushinina (2011). Despite these changes, the results support an account where world knowledge is integrated with the
information from the immediate visual context in determining
the comparison class used for the adjective judgment. If the
comparison class had been solely determined by the size of
the images in the immediate visual context then, across objects, each zone should be the same size, since each set of images were the same range of sizes. Assuming that the formula
for determining the cut-off point is fixed regardless of the distribution of items in the comparison class, then different sized
zones indicate different distributions of sizes in the comparison class. Therefore, the observed difference between the
size of the big zone for prototypically small objects and for
prototypically big objects indicates that world knowledge is
being used to determine the comparison class.
Exp 1 suggests that world knowledge is a significant factor
in determining a comparison class, but raises the question of
what type of world knowledge is being used. Tribushinina
(2011) argues that it is knowledge of the size of objects in
the world that is being taken into account, and probes this using prototype status. However, it is not clear that these are
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equivalent. Prototype status and real size often, but not always, overlap. For example, a baby, which is taken to be
prototypically small, is actually approximately the same size
as a balloon, taken to be neutral, if not bigger. The stimuli
used were cartoon images. Cartoons evoke salient, stereotypical features of the items depicted. Therefore prototype
status information may be more salient for cartoon images
than for real pictures. On the other hand, when judging photographs of real objects, which more closely resemble the
objects themselves than cartoon renderings do, prototypical
size information may be down-weighted as compared to realworld size information. Exp. 2 examines these differences
using real pictures rather than cartoons in a setup otherwise
identical to that of Exp. 1.

Experiment 2: Photographs
Given the differences between cartoons and phototgraphs, if
real-world size information is given more weight when photographs are judged than when cartoons are judged, I predict
that the difference in the mean number of objects selected
as big or as small between prototypically small and neutral
objects will disappear. Prototypically big objects are still predicted to be distinguishable from the other objects since the
real-world size of the prototypically big objects in this study
is many times the size of the other objects. Since all images
are still smaller then the objects they depict, the overall difference in size between the big zone and the small zone is not
predicted to change from Exp. 1. Namely, the big zone is still
predicted to be smaller than the small zone.

Methods
Participants Using MTurk, I recruited 50 people who had
not participated in Exp. 1.
Materials and Design Exp. 2 used photographs rather than
cartoon images. The photographs showed the same objects
that appeared in Exp. 1, with two exceptions. There was a
duckling instead of a chick, and a bunny instead of a mouse.
The images were substituted out of concern that the largest
image in the relevant set was not actually smaller than a live
mouse or chick. The assumption that the images are smaller
than the objects depicted in them is central to the prediction
that the big zone will be smaller than the small zone. Therefore, two objects that were still prototypically small, and were
similar to the original objects, but were slightly bigger than
them in real life were used instead.8
8 The substitutions might raise some concern that they are in the
direction supporting my hypothesis, since making the size of the
prototypically small objects bigger minimizes the real-world size
distinction between the prototypically small and neutral objects. Initial norming data on the stimuli indicate that chicks and ducklings
are the same size, but did find bunnies to be thought of as bigger
than mice. However, the phrasing of the question there might have
been probing real world size more than people’s conceptions of prototypicality status. Further investigation is required to distinguish
the two.

Procedure The procedure is identical to that of Exp. 1.
Each subject saw two introductory slides (photographs, unlike in Exp. 1), followed by 48 trials, in a random order,
except that the same object could not appear twice in a row.

Results
Nine subjects were excluded from the analysis based on the
exclusion criteria described under Exp. 1: five for using
screens too small, and four for exceeding the threshold for
inappropriate endpoints. Additionally, 35 trials were excluded,9 leaving a total dataset of 1933 trials over 41 subjects. As predicted, since the images are all smaller than the
objects they depict, the big zone (mean = 2.33, sd = 0.8)
is smaller than the small zone (mean = 3.14, sd = 0.8). A
Wilcoxon SRT shows that the difference between the zones
is statistically significant, Z = −16.16, p < 0.001)). However, when broken down by prototypicality status the results
for real pictures differ from those found for cartoon images in
Exp. 1. There are still significant differences within the big
zone (Friedman χ2 = 7.38, d f = 2, p = 0.025) and marginally
significant differences within the small zone (Friedman χ2 =
5.05, d f = 2, p = 0.08) (Fig. 3). These differences are not
the same ones seen in Exp. 1, though. The big zone is
significantly smaller for prototypically big objects than for
neutral objects (Wilcoxon SRT, Z = −2.58, p = 0.008), and
is marginally smaller for big objects than for small objects
(Wilcoxon SRT, Z = −1.34, p (one-tailed)= 0.09).10 However, the difference between the big zone for prototypically
neutral objects and for prototypically small objects is not
statistically significant (Wilcoxon SRT, Z = 0.94, p = 0.35).
Within the small zone, a similar pattern is seen. The small
zone is significantly bigger for prototypically big objects than
for neutral objects (Wilcoxon SRT, Z = 2.65, p = 0.007),
and marginally bigger for prototypically big than for prototypically small objects (Wilcoxon SRT, Z = 1.78, p = 0.07).
However, the difference between the small zone for prototypically neutral and small objects is not significant (Wilcoxon
SRT, Z = −0.007, p = 0.99).

Discussion
The pattern of significant differences found in (Tribushinina,
2011) and in Exp. 1, is not replicated with photographs of
images. Exp. 2 demonstrates that when speakers judge the
size of objects in photographs, prototypicality status is not
taken into account, as opposed to when they judge cartoons.
When judging photographs, the difference between prototypically small and neutral objects is no longer significant. This
difference may be driven by the fact that the real world size
9 22 trials were excluded for having no endpoint selected, 3 for
the wrong endpoint and 10 for non-consecutive images.
10 In a variation on this experiment, in which the order of the images for each trial was randomized, rather than ascending or descending (in order to discourage participants from forming strategies to answer the question without evaluating each display), the big
zone was found to be significantly smaller for prototypically big objects than for small object, as well as for neutral objects, but was not
significantly different for prototypically neutral and small objects.
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are smaller than the objects depicted in them, the images are
photographs of very small objects. Each trial still consisted of
seven images of an object, sized as before, arranged in order,
either ascending or descending from left to right. The objects
in the images were ant, bean, blueberry, candy,11 earring, fly,
hazelnut, ladybug, pill, pin, seed, tack. Since all of the objects
are very small there are no prototypicality status differences
between them. The audio for each display was created using
the same text-to-speech generator as previously.
Procedure As in the previous experiments, there were two
introductory trials (identical to Exp. 2), and then 48 trials.
The trials were in a randomized order for each participant,
with a caveat that objects could not appear twice in a row.
Figure 3: Mean number of objects selected as big and small
by prototypicality status of the object when stimuli images
were photographs. Error bars represent 95% CIs.
of the objects in these two categories is not very different,
whereas it is still different from the size of the prototypically
big objects. While it seems these two experiments support
the theory that real world size information is integrated with
information from the immediate visual context when making
adjectival judgments, an alternate explanation is possible.

Experiment 3: Tiny Objects
An alternative explanation for the observed asymmetry between the big zone and the small zone relates to the difference
in meaning between big and small. There is an asymmetry
between big and small in that while an object can get bigger
and bigger indefinitely, there is a limit on how small it can
get. While the scale of size is unbounded on the upper end,
it is effectively bounded on the lower end. At some point an
object gets so small that the distinctions are no longer relevant. This asymmetry could mean that it is easier in general
to count as small, since the lower limit of smallness is known.
On the other hand, the upper limit of bigness is not, so speakers may be more reluctant to determine that an object in front
of them counts as big. In order to rule out this possible interpretation, I conducted Exp. 3 using a paradigm similar to the
one used in Exps. 1 and 2, but with stimulus images that are
larger than the items they depict. I predict that if speakers are
integrating real world size knowledge with the information
from the immediate visual context when making adjectival
judgments, then the big zone should be bigger than the small
zone. However, if the difference between the zones is simply
due to the different scale structures of big and small then the
effect should be the same as in Exps. 1 and 2, and the big
zone should remain smaller than the small zone.

Methods
Participants Using MTurk I recruited 49 participants who
had not participated in either of the other experiments.
Materials and Design The materials for Exp. 3 are similar
in set up to Exps. 1 and 2, but instead of using images which

Results
Seven subjects were excluded from the analysis based on the
exclusion criteria described for Experiment 1, all for exceeding the threshold for inappropriate endpoints. Additionally,
29 trials were excluded,12 leaving a total dataset of 1987 trials
over 42 subjects. As predicted if the mean zone size differences observed in Exps. 1 and 2 indicate integration of real
world size information with the information from the immediate visual context, the pattern flips when the images judged
are larger than the actual size of the objects depicted in them.
The big zone (mean = 3.81, sd = 1.49) was found to be bigger than the small zone (mean = 1.54, sd = 0.63). The mean
big and small zone findings are summarized in Table 1. A
Wilcoxon SRT shows that the difference between the zones is
statistically significant, Z = 21.76, p < 0.001.

Discussion
Exp. 3 demonstrates that when the stimulus images are bigger than the objects they depict, more images are selected as
big than small, i.e. the big zone is bigger than the small zone.
This result strongly suggests that the zone size effects demonstrated in Tribushinina (2011) and throughout this paper (Table 1), show that speakers integrate real world size information along with the immediate visual context, when making
adjectival judgments. If these effects had been caused by the
different scale structure of big and little then the relative size
of the zones should not have reversed in Exp. 3.

General Discussion
The comparison class of an adjective determines its interpretation – which objects will have a sufficient degree of the denoted property in order to appropriately be described by the
adjective. Previous research has established that the comparison class is context dependent, and this paper further specifies the nature of this context dependency. A null hypothesis
is often implicitly assumed to be that only the objects in the
immediate visual environment of the object being modified
11 An image of a single candy corn piece was used, but the audio
used the label “candy”.
12 11 trials were excluded for no endpoint, 2 for the wrong endpoint and 16 for non-consecutive images.
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Table 1: Comparison of the mean big and small zones in Exps. 1–3.
Experiment
1
2
3

Image type
cartoon
photograph
photograph

Relative size
object bigger than image
object bigger than image
object smaller than image

by the adjective matter for determining the comparison class.
However, Exp. 1 demonstrates that this hypothesis is an oversimplification. The comparison class integrates information
both from the immediate visual context and from prior world
knowledge. The design of this experiment equated prototype
knowledge with knowledge of real size. However, these two
do not always overlap.
Exp. 2 further elaborates this picture, showing that the
type of images being judged influences the composition of
the comparison class. When the images being judged are cartoons, then the prototypical features of the objects depicted
are easily accessed. The comparison class may then be a distribution made up of generalized members of the category,
accessing features such as how this category is conceived of
and spoken of. These images do not depict actual individuals with real dimensions. Therefore the distribution of dimensions they access may be closer to a category average,
or prototype. Those distributions are fairly narrow, with low
variance. In contrast, when the images being judged are photographs of objects, which are closer in appearance to the objects depicted in them, they may render more accessible a
speaker’s experience with the objects themselves. This experience includes information about the real size of these objects. The distribution of dimensions in this class may be
wider, with more variance. This would explain the contrast
between the behavior observed in Exp. 1 and that observed
in Exp. 2. Neutral objects are treated differently depending
on whether they are depicted in cartoons or in photographs.
When they are depicted in cartoons, the big and small zones
for prototypically neutral objects diverge from those for prototypically small objects. However, when they are depicted in
photographs, the big and small zones of prototypically neutral and small objects overlap, corresponding to the similarity
of the real size of these objects. The distributions for prototypically small and neutral objects are distinct for cartoons
since each is narrower, whereas they overlap for photographs
where the distributions are wider. Therefore, prototypicality
becomes more relevant to adjectival judgments for cartoons.
In both these cases it seems that world knowledge of some
type is being integrated with information from the immediate
visual context to determine the comparison class.
Exp. 3 supports my account of the results of Exps. 1 and 2.
It might have been argued that the observed asymmetry between the big zone and the small zone is due to an asymmetry in the scale structure of the adjectives themselves. If this
were the case, the asymmetry should have persisted in Exp.
3. However, the flipped result in Exp. 3 argues strongly that

Big zone
2.11
2.33
3.81

Small zone
2.87
3.14
1.54

Big zone > small zone?
N
N
Y

the results are due to integration of knowledge of real world
size with information from the immediate visual context.
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Abstract
The current research explores the role of two different
motives underlying volunteering (or defecting) in a simple
economic game. We find in Study 1 that in a symmetric
Volunteer’s Dilemma (VoD) the willingness to volunteer is
reduced more strongly by an increase in the payoff for
unilateral defection (suggesting more greed) than by an
increase in the payoff for mutual defection (suggesting less
fear). In Study 2, we replicate this finding when only the
participants’ own payoffs are varied, but not when only the
other player’s payoffs are varied. These findings are
inconsistent with standard (i.e., Nash) game-theoretic
predictions and Schelling’s focal-point hypothesis. Instead,
the empirical patterns suggest that participants approach the
VoD using egocentric decision heuristics.
Keywords: Volunteer’s Dilemma, mixed motives, game
theory, egocentrism

Introduction
Whether it is to clear the driveway after a bomb cyclone or
to call the police after witnessing a murder on the street, a
society is rife with great and small problems that await
someone to step up and take action. In facing these
problems, how do people make a decision of whether to
volunteer or not? Game theorists use experimental games to
study interpersonal dilemmas. In the Volunteer’s Dilemma
(VoD) (Diekmann, 1985), participants choose between
volunteering and defecting in light of a payoff matrix
showing the outcomes resulting from all possible
combinations of choices made by the players (Figure 1).

Player 1

Option B Option A

Player 2
Option A
Option B
R|R

R|T

T|R

P|P

Figure 1. The payoff matrix for the VoD game (Option A =
Volunteer, Option B = Defect).

Using Rapoport’s (1967) notation, the choice to volunteer
(i.e., Option A) yields payoff R (for “Reward”) irrespective
of the other player’s choice. The payoff for defecting (i.e.,
Option B) depends on the other player’s choice. If the other
player volunteers, the participant earns payoff T (for
“Temptation”), but if the other player defects, the payoff is
P (for “Penalty”). In the VoD, the payoffs are ranked such
that T > R > P. Classic and psychological game theory
predicts that the decision to accept the payoff R by
volunteering is susceptible to the differences T – R and R –
P. Following Coombs (1973), Dawes et al. (1986) used the
terms “greed” and “fear” respectively to refer to the desire
to maximize personal profit (i.e., T – R) and the desire to
minimize personal loss (i.e., R – P). Research in public
goods games and other variants of the prisoner’s dilemma –
where defection is the dominating strategy – has shown that
increases in the greed parameter have a stronger negative
effect on cooperation than do reductions in the fear
parameter (Poppe & Utens, 1986; Rapoport & Eshed-Levy,
1989; Yamagishi & Sato, 1986). The question that arises is
whether the same difference holds in the VoD.
Whereas, in public-goods dilemmas, a reduction of fear
refers to having a less negative outcome in case of one’s
unilateral cooperation, a reduction of fear in the VoD refers
to having a less negative outcome in case of mutual
defection. It remains to be seen if the difference between the
greed and the fear effect is the same in the mixed-motive
VoD than it is in the defection-dominated public-goods or
prisoner’s dilemma games. For the present research, we
therefore modified the VoD by either increasing the payoff
T (i.e., more greed) or by increasing the payoff P (i.e., less
fear) relative to a baseline game. In Study 1, these changes
were effectuated for both players at the same time, whereas
they were separately done for the self or the other in Study
2.
In Study 1, we assessed the willingness to volunteer in a
baseline condition, in a more-greed condition, and in a lessfear condition of a two-person VoD with symmetrical
payoffs. Game theory provides the Nash-equilibrium
probability of volunteering which renders the other player
indifferent in the sense that their expected value of
volunteering is equal to the expected value of defecting.
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This theoretical benchmark is given by P(V) = (R-P)/(T-P).
With this, it is possible to generate payoff matrices that are
game-theoretically equivalent (i.e., yield the same P(V)),
but affect volunteering either through increases in the T
payoff (i.e., more greed) or through increases in the P payoff
(i.e., less fear). In this case, the Nash hypothesis predicts
that volunteering decreases in the more-greed and the lessfear conditions by the same amount compared to the
baseline condition.
Alternatively, the greed-dominance hypothesis predicts
that increases in the T payoff (for unilateral defection)
reduce volunteering more strongly than a game-theoretically
equivalent increase in the P payoff (for mutual defection).
This hypothesis is primarily based on empirical findings in
the public-goods game and its variants (e.g., Dawes et al.,
1986). Its psychological interpretation is rather ad hoc.
In Study 2, we expanded this investigation by varying
either the payoffs available to the participating player or the
payoffs available to the presumed opponent or partner. This
extension was motivated by both theoretical and real-life
considerations. In many real-life VoD situations, the cost of
volunteering (i.e., T – R) may often be assessed in the
context of total wealth, suggesting an understanding among
players that the person who stands to gain the most from
defecting be allowed to realize the gain of payoff T.
Drawing on Schelling's (1960) seminal analysis (see also
Harsanyi-Selten, 1988), Diekmann (1993; Przepiorka &
Diekmann, 2013) studied VoDs with asymmetric payoffs.
When payoff R was varied for one player, the player with a
smaller difference T – R was considered “stronger” and
found to volunteer more often than a comparatively weak
player. Specifically, Diekmann (1993) suggested the ratio
T/(T-R) as an index of strength. This “strength” hypothesis
predicts differences among conditions opposite to the ones
predicted by classic game theory (see below). Diekmann’s
(1993) data provided first evidence for the strength
hypothesis. Varying only the R payoff, Diekmann’s (1993)
design confounded the effects of increased greed and
reduced fear. The design of our Study 2 separates these
motives.
The design of Study 2 permitted a test of a third
hypothesis, egocentrism, which states that people approach
interpersonal dilemmas by first focusing on what they
themselves stand to gain or lose. Research on the trust
dilemma shows that participants selectively attend to and
weight self-relevant information when deciding between the
uncertainty of trust and the certainty of a small gain
obtained from distrust (Evans & Krueger, 2011). Recent
research has uncovered the use of similar egocentric
heuristics in the VoD (Krueger, Heck, Wagner, in press). In
this initial work, only the difference T – R (i.e., greed) was
varied. This variation affected volunteering when it
occurred for the participant’s own payoffs, but not when it
occurred for the other person’s payoffs. Despite having full
access to the information about the other player’s payoffs,
people were inclined to make volunteering decisions in an
egocentric manner.

We have reviewed three theoretical approaches to
decision-making in the VoD (Nash equilibrium, player’s
relative “strength,” and heuristic egocentrism). The final
goal of Study 2 was to test – and potentially replicate – the
greed-dominance hypothesis (Dawes et al., 1986). We
predicted that, while being indifferent to the other player’s
payoff changes, people would be least willing to volunteer
when their own T payoff rose.

Study 1
The goal of Study 1 was to explore the effects of reduced
fear (smaller R – P) and increased greed (larger T – R) on
volunteering in the VoD. We presented participants with
three different VoD games — a baseline game and two
variants, one with a raised T payoff and another with a
raised P payoff. Participants reported how much they were
inclined to choose one of the two options. According to the
Nash hypothesis, there would be less willingness to
volunteer in the two modified conditions, compared to the
baseline condition, with no difference between the two
(because the payoffs in these two conditions were arranged
to yield the same Nash equilibrium probability). According
to the greed-dominance hypothesis, however, willingness to
volunteer should be lower when T rather than when P
increased. Table 1 shows a schematic diagram of the
predicted results in directional terms.
Table 1. Predicted results in Study 1.
The Likelihood of Volunteering
Nash
Baseline > Less fear = More greed
Greed-Dominance Baseline > Less fear > More greed

Method
Participants Participants (N = 392) were recruited on
Amazon Mechanical Turk (MTurk) for a flat payment of $1
each. Such modest payments do not appear to threaten the
validity of the findings in experimental games (Amir, Rand,
& Kobi Gal, 2012; Krueger et al., in press). One participant
did not complete the study and 74 failed to pass all 3
comprehension check questions. We analyzed the responses
of the remaining 317 participants (Nmale = 180, Nfemale = 136,
Nother = 1, Mage = 34.66, SDage = 10.29). Study 1 had a oneway (3 Game Type: baseline vs. more greed vs. less fear)
within-subjects design.
Materials All participants responded to the three versions
of the VoD game: baseline, more greed, and less fear
(Figure 2). The more-greed game comprised a T payoff that
was $10 higher for each player than it was in the baseline
condition. The less-fear game comprised a P payoff that was
increased by $5 for each player. This way, according to the
Nash mixed-strategy equilibrium, the probability of
volunteering was the same in the more-greed and less-fear
conditions, P(V) = 0.33, while being smaller than that of the
baseline condition, P(V) = 0.50.
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More Greed

Less Fear

Player 2
Option A Option B

Player 2
Option A Option B

Player 2
Option A Option B

$20 | $20 $20 | $30

$30 | $20 $10 | $10

$20 | $20 $20 | $40

$40 | $20

$10 | $10

Player 1
Option B Option A

Baseline

Player 1
Option B Option A

Player 1
Option B Option A

Study 1

$20 | $20

$20 | $30

$30 | $20 $15 | $15

Figure 2. Study 1. Symmetric VoD games (Player 1 =
Participants).
Procedure After completing a separate study on selfenhancement, participants were informed that they would
play 3 different games with another person. In playing the 3
different games, they were asked to make their decisions for
each game independent from the other games. All
participants were first presented with the baseline game, and
the order of the more-greed game and the less-fear game
was counterbalanced. After reviewing the payoff matrix,
participants indicated their preference on a bipolar 8-point
rating scale of Very likely to choose Option A (1) - A bit
likely to choose Option A (4) - A bit likely to choose Option
B (5) - Very likely to choose Option B (8). Next, they
answered a comprehension check question, which asked
them to choose the most likely final outcomes (payoffs)
from the 4 possible outcomes based on their decisions. At
the end of the study, they answered demographic questions
about their age, gender, and so on.

Results and Discussion
So that higher ratings reflect higher likelihoods of
choosing Option A (Volunteer), we reverse-coded
respondents’ ratings by subtracting them from 9. We then
performed a one-way within-subjects analysis of variance
(ANOVA) with two a priori contrasts. The first contrast
compared the baseline condition with the composite of the
more-greed and the less-fear conditions; the second contrast
compared the more-greed and the less-fear conditions.
As shown in Figure 3, the analyses revealed that,
compared with the baseline condition (M = 6.85, SD =
1.87), participants were less likely to volunteer in the
composite of the more-greed and the less-fear conditions (M
= 6.24, SD = 2.26), F (1, 316) = 33.47, p < .001, ηp2 = .096,
d = .30. Next, we found that participants were less likely to
volunteer in the more-greed condition (M = 6.04, SD = 2.41)
than in the less-fear condition (M = 6.44, SD = 2.09), F (1,
316) = 9.40, p = .002, ηp2 = .029, d = .17. Thus, there was
empirical support for the greed-dominance hypothesis,
while the data were also partially consistent with the Nash
hypothesis.

Figure 3. Study 1. Mean rating of the likelihood of
volunteering in each game. Error bars represent one
standard error of the mean.
Next, we dichotomized the data such that ratings between
1 and 4 to 0 were coded as intended defection and ratings
between 5 and 8 to 1 were coded as intended volunteering.
Table 2 shows the evidence for the greed-dominance
hypothesis in that the probability of volunteering is
nominally the lowest in the more-greed condition. In
addition, there is a considerable discrepancy between the
overall probability of volunteering and game-theoretic
benchmarks (Nash). This discrepancy exceeds earlier
reports of over-volunteering (Krueger, Ullrich, & Chen,
2016; Krueger, et al., in press).
Table 2. A comparison between the probability of
volunteering based on the Nash equilibrium and the actual
proportions of volunteering in Study 1.

Nash
Baseline
0.5
More Greed 0.33
Less Fear
0.33

Data
0.87
0.74
0.82

Study 2
The canonical approach used in Study 1 conflated the
motives of the two players. In Study 2, we modified the
experimental design by varying the T (greed) or the P (fear)
payoffs for one player at a time. While the baseline game
retained its symmetrical structure, the more-greed and the
less-fear games were separated into a self-varied version
(i.e., only Player 1’s payoff was modified) and an othervaried version (i.e., only Player 2’s payoff was modified).
With this modification, we could evaluate 4 distinct
predictions about respondents’ readiness to volunteer. First,
the Nash hypothesis predicts that respondents will be less
likely to volunteer when the other player’s T or P payoffs
are increased. Variations in the player’s own payoffs should
have no effect.

1916

Second, the “strength” hypothesis, which is derived from
Diekmann’s (1993) elaboration of Schelling’s (1960) theory
of strategic conflict, sharply conflicts with the Nash
hypothesis. Using Diekmann’s ratio of T/(T-R) to index a
player’s “strength” (i.e., tolerance of sacrifice), this
hypothesis states that in the self-varied versions of the moregreed and the less-fear conditions, the strength of Player 2
(ratio = 2.0) is stronger than that of Player 1 (ratio = 1.5).
Therefore, respondents (who are Player 1) should be less
likely to volunteer in these conditions than in the baseline
condition, where both players are equally strong.
Conversely, respondents should be more likely to volunteer
in the more-greed and the less-fear conditions than in the
baseline condition, when the other player’s payoffs are
varied. This prediction is the opposite of the prediction
derived from the Nash hypothesis.
Third, the egocentrism hypothesis (Evans & Krueger,
2011; Krueger, 2014) foresees no differences in the
likelihood of volunteering when the other player’s payoffs
are varied. However, if respondents are, as predicted,
selectively sensitive to variations in their own potential
payoffs, the likelihood of volunteering should be lower in
the more-greed and in the less-fear condition than in the
baseline condition.
Fourth, the greed-dominance hypothesis predicts that an
increase in the T payoff has a stronger impact than an
increase in the P payoff. The pure version of this hypothesis
is that this difference should only be seen when the
respondent’s own payoffs vary. The greed-dominance
hypothesis is, in other words, a subset of the egocentrism
hypothesis. Table 3 displays the predictions of the 4
hypotheses schematically.

was raised by $10, while Player 2’s payoff T was identical
to the payoff T in the baseline game. In the self-varied
version of the less-fear game, the payoff P for Player 1 was
increased by $5 but Player 2’s payoff P remained to be $10.
These changes resulted in identical adjustments in the gametheoretic benchmarks (Nash). The other-varied versions of
the more-greed and the less-fear games were made in the
same way, except that it was the payoff for Player 2 that was
modified (Figure 4).

Table 3. Predicted results in Study 2. B stands for Baseline;
LF stands for Less Fear; MG stands for MG.

Procedure Participants first received the instructions on
how to play the games and then viewed a sample payoff
matrix before responding to 3 comprehension check
questions. Participants had to select the cases in which their
payoffs would be the highest and lowest, and the other
player’s payoffs would be the highest.
In the experiment proper, participants were presented with
the same baseline game twice and the more-greed and the
less-fear games in both versions of Target Asymmetry (a
total of 6 games). They were instructed to make their
decisions for every game independent from the other games.
The presentation order of the self-varied versions of the
more-greed and the less-fear games and the other-varied
versions of the more-greed and the less-fear games was
counterbalanced across participants. Within each type of
Asymmetry Target (self-varied vs. other-varied), the
presentation order of the more-greed and the less-fear games
was also counterbalanced. However, the first game was
always the baseline game. As the fourth game, right before
switching to one of the two versions of Asymmetry Target
games, we presented the baseline game again to reinstate the
same reference before they would be introduced to the
games with a new target of asymmetry. An example
presentation order of the 6 games is as follows: 1st baseline,

Nash
Strength
Egocentrism
Egocentrism
w/ Greed-dominance

The Likelihood of Volunteering
Self-varied
Other-varied
B = LF = MG
B > LF = MG
B > LF = MG
B < LF = MG
B > LF = MG
B = LF = MG
B > LF > MG

B = LF = MG

Method
Participants Three hundred and fifty-one participants took
part in Study 2 via MTurk for a flat payment of $0.75 each.
Of these, 36 participants failed all 3 comprehension check
questions and 1 participant did not complete the task. We
analyzed the data of the remaining 314 participants (N male =
174, Nfemale = 138, Nother = 2, Mage = 35.19, SDage = 10.62).
The experimental design was a 3 (Game Type: baseline vs.
more greed vs. less fear) by 2 (Asymmetry Target: selfvaried vs. other-varied) within-subjects design.
Materials The baseline game, which serves as a frame of
reference, was the same as in Study 1. In the self-varied
version of the more-greed game, the payoff T for Player 1

Study 2

$20 | $20 $20 | $30

$40 | $20 $10 | $10

Player 1
Option B Option A

Player 1
Option B Option A

More Greed
Self-varied
Other-varied
Player 2
Player 2
Option A Option B
Option A Option B
$20 | $20 $20 | $40

$30 | $20

$10 | $10

Less Fear

$20 | $20

$20 | $30

$30 | $20 $15 | $10

Other-varied
Player 2
Option A Option B
Player 1
Option B Option A

Player 1
Option B Option A

Self-varied
Player 2
Option A Option B

$20 | $20

$20 | $30

$30 | $20

$10 | $15

Figure 4. Study 2. Asymmetric VoD games (Player 1 =
Participants).
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2nd more-greed in the self-varied version, 3rd less-fear in the
self-varied version, 4th baseline, 5th more-greed in the othervaried version, 6th less-fear in the other-varied version.
For each game, participants were shown the payoff matrix
and prompted to indicate, between Option A and Option B,
which option they would choose, using again a bipolar 8point rating scale of Very likely to choose Option A (1) - A
bit likely to choose Option A (4) - A bit likely to choose
Option B (5) - Very likely to choose Option B (8).

Results and Discussion
We subtracted each rating from 9 before submitting the
data to one-way (3 Game Type: baseline vs. more greed vs.
less fear) repeated measures ANOVAs, one for the selfvaried versions of the games and another for the othervaried versions. As in Study 1, we specified two contrasts
for Game Type. One contrast compared the baseline
condition with the composite of the more-greed and the lessfear conditions; the other contrast compared the more-greed
condition with the less-fear condition. We also ascertained
that there was no significant difference between the first
baseline game and the second baseline game (p = .24). We
therefore used the averaged responses in the two baseline
games to represent the baseline.
In the self-varied versions of the game, we found that,
compared to the baseline condition (M = 5.57, SD = 2.71),
the rated likelihood to volunteer was lower in the composite
of the more-greed and the less-fear conditions (M = 4.82,
SD = 2.78), F (1, 313) = 48.86, p < .001, ηp2 = .14, d = .35.
Although the likelihood of volunteering was nominally
lower in the more-greed condition (M = 4.69, SD = 2.73)
than the less-fear condition (M = 4.95, SD = 2.84), this
difference was not statistically significant. Thus, the results
from the self-varied versions of the VoD games were
consistent with the strength hypothesis and the egocentrism
hypothesis, but not with the Nash hypothesis.
Analyses of the other-varied versions of the games
revealed an additional support for the egocentrism theory.
Here we found that none of the comparisons were
statistically significant. As shown in the right panel of
Figure 5, when the more-greed and the less-fear
manipulation was applied to the other player’s payoff,
participants distinguished neither the baseline condition (M
= 5.57, SD = 2.71) from the composite of the more-greed
and the less-fear conditions (M = 5.54, SD = 2.74) nor the
more-greed (M = 5.50, SD = 2.71) from the less-fear
conditions (M = 5.58, SD = 2.69). This pattern is strikingly
inconsistent with the Nash hypothesis.

Figure 5. Study 2. Mean rating of the likelihood of
volunteering in each game. Error bars represent one
standard error of the mean. The blue lines represent the
average of the two baseline conditions.
In the next step, we calculated the proportions of
volunteering after dichotomizing the ratings. Table 4 shows
that there was again evidence for over-volunteering.
However, in the self-varied versions of the more-greed and
the less-fear conditions, the Nash-based probabilities and
the actual proportions of volunteering are similar. This may
suggest that the Nash hypothesis has a certain degree of
predictive power. But, at the broader level, the Nash-based
predictions were still unsupported because the proportions
of volunteering were higher in the other-varied versions of
the games compared to the self-varied versions of the
games. Considering that the overall proportions of
volunteering in all the conditions went down in Study 2
compared to those in Study 1, the close match between the
Nash-based theoretical probabilities and the actual
proportions in the self-varied versions of the games in Study
2 may be the artifact of the decreased volunteering in all the
conditions. Yet, it is unclear why the proportions of
volunteering were less in Study 2 than in Study 1.
Table 4. A comparison between the probability of
volunteering based on the Nash equilibrium and the actual
proportions of volunteering in Study 2.
Baseline
More Greed
Self-varied
Less Fear
More Greed
Other-varied
Less Fear

Nash
0.5
0.5
0.5
0.33
0.33

Data
0.66
0.5
0.55
0.65
0.68

General Discussion
The main purpose of this research was to investigate the
relative impact of two potential motives concerning
volunteering versus defecting. We operationalized ‘greed’
as the difference between the payoff for unilateral defection
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(T) and the payoff for volunteering (R). We operationalized
‘fear’ as the differences between R and the payoff for
mutual defection (P). To equalize the two with regard to
their implications for a change in the Nash equilibrium, the
change in T for the increase in greed had to be numerically
twice as large as the change in P for the reduction of fear.
Participants’ choices may have been inordinately affected
by these differences in nominal values, which would
represent the operation of a cognitive-perceptual factor
independent of the motivational implication of these
differences. This possibility remains to be investigated.
To review: Study 1 supported the greed-dominance
hypothesis in that the likelihood of volunteering decreased
more with an increase in the T payoff than with an increase
in the P payoff. This result is inconsistent with gametheoretic predictions informed by the Nash equilibrium.
Study 2 yielded weaker support for the greed-dominance
hypothesis, but again shed doubt on the game-theoretic
Nash hypothesis. The critical design feature of Study 2 was
the separation – and hence unconfounding – of differences
in the participants’ own payoffs and differences in the other
players’ payoffs. The calculation of the Nash equilibrium
strategies from one player’s point of view involves the other
player’s payoffs because the definitional feature of the Nash
equilibrium is that it holds the other player in a state of
indifference between available strategies. Overall, we found
a strong tendency for over-volunteering relative to gametheoretic benchmarks. The over-volunteering effect may
have been exacerbated by the hypothetical nature of the
game, but it deserves note that the available strategic
options were labeled neutrally (Options A and B).
In contrast to game-theoretic rationale, participants were
sensitive to differences in their own potential payoffs, while
ignoring the other player’s payoffs. This pattern is in line
with recent theory and research on the use of egocentric
heuristics in strategic interaction (Krueger, 2014). The
neglect of others’ payoffs also ran counter to the
Schellingian “strength” hypothesis, according to which any
payoff change is relevant for the assessment of differences
in players’ ability to tolerate a loss or forego a gain.
A puzzle remains: How is it that ordinary people and
research participants readily perceive the VoD in moral
terms, identifying the decision to volunteer with “the right
choice” (Heck & Krueger, 2017), while at the same time
bringing a pronounced egocentric orientation to the
judgment task? Related research on interpersonal trust
(Evans & Krueger, 2011) and the prisoner’s dilemma
(Krueger, 2014) points in a similar direction. We speculate
that what we have here is a pseudo-problem, namely the
idea that prosocial behavior and outcomes demand prosocial
mental processes. Conceptually, the two are separable,
thereby allowing the empirical patterns we observe. The
optimistic interpretation is that the social good may be
achieved without necessarily having to turn individuals
against their own material interests.
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Cognitive Processes in Numerosity Comparison: Theory and Data
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Abstract
In numerosity comparison, performance is faster, more accurate, and less noisy with the ratio of compared numbers.
Whereas the ratio-dependency has been intensively studied in relation to internal noise, processes of numerosity comparison that may increase internal noise have not been fully understood. In this paper, we propose a process theory that
accounts for non-numerical, visuo-spatial processes in numerosity comparison. Consistent with the theory, we found that
as required processes decreased, performance improved significantly, to the extent that there were no differences between
non-symbolic and symbolic number comparison in reaction time, accuracy, and internal noise. The findings suggest that
comparing numerosities requires multiple processes homogenizing ancillary stimulus dimensions and that the homogenization processes are the major source of fuzziness in approximate number comparison.
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Abstract
Resting state functional connectivity (rsFC) can provide a
window into the neural architecture of functional networks in
the brain. Functional networks measured both during task and
during “resting” (task-absent) state are correlated with
cognitive function, and much development of these networks
occurs between infancy and adulthood. However, rsFC study
in young children has been sparse, mainly due to a paucity of
child-appropriate neural measures and behavioral paradigms.
We present a new paradigm to measure rsFC in children,
utilizing functional near-infrared spectroscopy (fNIRS) and
Freeplay, a behavioral setup designed to approximate resting
state in children. Results suggest this paradigm is practical
and has good construct validity and test-retest reliability.
Keywords: resting state functional connectivity; fNIRS; early
childhood; Freeplay;

Introduction
Brain function arises from the concerted effort of multiple
regions working together in what can be characterized as
networks. Recent research has focused on properties of
these networks and patterns of connectivity that characterize
regions working together to support function (Moussa,
Steen, Laurienti, & Hayasaka, 2012). These networks of
brain regions, which are not necessarily spatially adjacent
but exhibit correlated activity during function, are called
“functionally
connected”.
Specifically,
functional
connectivity is defined as the temporal correlation between
low-frequency fluctuations in activity of anatomically
distinct regions (Friston, 1994). While traditionally studied
in participants during task, Biswal, Yetkin, Haughton &
Hyde (1995) demonstrated that functional correlations are
present even in the absence of a task. Such “resting state”
functional connectivities (rsFC) comprise networks, many
of which overlap with or reflect known functional networks
(Rosazza & Minati, 2011) and are consistent across
individuals. These “resting state networks” (RSNs) -functionally connected networks that show temporally
correlated activity in subjects not performing any task (Fox
& Raichle, 2007) -- are thought to reflect underlying
functional architecture of the brain.

One question that arises is why spontaneous correlations
during resting state overlap with known functional networks
of regions engaged together during task. One possibility is
that regions that tend to be activated together during tasks
also show correlations in their spontaneous fluctuations at
rest, reflecting a kind of memory trace of previous
coordinated activity (Rosazza & Minati, 2011). For
example, Stevens, Buckner & Schacter (2010) demonstrated
that resting state fluctuations in lateral visual areas were
modulated by a visual task presented prior to resting state
collection, seeming to reflect experience-dependent
spontaneous correlations. Although the ontology of RSNs is
not fully understood, RSNs seem crucially linked to
cognitive function.
Several studies have correlated strength of rsFC in RSNs
with task performance or behavior. For example, Seeley et
al. (2007) found that rsFC in regions of the central executive
network was correlated with varying performance on the
trail-making task, a test tapping into executive function.
These and other studies demonstrate a link between resting
state correlations and cognitive function, within known
networks such as the visual, auditory, and executive control
networks (Cordes et al., 2000).
This fortuitous discovery of rsFC and its link to function
has widened the door to investigating mechanisms of
cognitive function by providing some advantages over
task-based studies: 1) whereas measuring functional
connectivity during task provides us with the connectivity of
only those regions specifically involved in the task,
measurement during resting state can provide connectivity
information simultaneously among many regions, since they
are all measurable in resting state; 2) certain populations
(e.g., clinical populations) or cognitive functions (e.g.,
certain motor functions) that are difficult to assess with
tasks in the scanner, are more easily studied in resting state.
RSN research in infants and adults presents a clear
developmental trend: whereas 10-20 RSNs have been
identified in adults, only about 5 of these networks are
found in infants, the rest likely developing throughout
childhood (Jolles et al., 2011; Barkhof et al., 2014). We also
know that patterns of connectivity change over development
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-- a number of studies have shown that children display
more diffuse functional connectivity patterns and increased
connectivity with adjacent regions, while adults show more
focal connectivity patterns and increased connectivity
between distant regions (Supekar, Musen, & Menon, 2009;
Fair et al., 2009). This simultaneous increase in both
segregation (pruning short-range connections) and
integration (strengthening long-range connections) of brain
regions over development likely reflects a transition from
organization around spatial proximity to organization
around higher-order function (Fair et al., 2009). Also, RSN
abnormalities are found in a variety of psychopathologies
(for review, see Barkhof et al., 2013), suggesting that RSN
development may play an integral role in healthy brain and
cognitive development. Together, these findings highlight
the need for studying RSN development in children.
However, study of RSNs in children has been difficult,
mainly for two reasons. First, traditional neuroimaging
methods are difficult to administer with awake children.
Second, the standard procedure for measuring resting state
connectivity -- to sit still for a period of time -- is difficult
for children. Consequently, resting state studies in young
children have been limited (Uddin et al., 2010). The current
study uses functional near-infrared spectroscopy (fNIRS) to
address the first difficulty and introduces a new paradigm
called Freeplay to help address the second difficulty. By
reconstructing characteristic features of resting state
functional connectivity, we demonstrate the feasibility of
this fNIRS-Freeplay set-up for studying resting state
connectivity in preschool and early school-aged children.

regions near the surface of the brain. Our study, however, as
discussed below, measures from the prefrontal cortex, most
of which is accessible by fNIRS.

Challenges in neuroimaging methods Traditionally
studied with fMRI, PET (positron emission tomography),
and EEG/MEG (magnetoencephalography), RSNs have
been studied primarily in adult and sleeping infant
populations, but relatively rarely in child populations, as
these imaging techniques are difficult to use with awake
children (Raschle et al., 2012). For example, since children
have difficulty remaining still for extended periods of time,
a major challenge is the sensitivity of these modalities to
movement artefacts, which can systematically bias
functional connectivity measures (Power et al., 2012).
fNIRS is a relatively recent light-based neuroimaging
method that overcomes many of the challenges with
obtaining brain activity measures in child populations. In
fNIRS imaging, near-infrared light is used to obtain an
estimate of changes in hemoglobin concentrations in an
area. Thus, like fMRI, fNIRS gives an indirect measure of
neural activity based on blood oxygenation levels.
Compared to fMRI or EEG, fNIRS is robust to and
unrestrictive of motion, comfortable, quick to set up, and
cost effective (see Nishiyori, 2016 for comparison of
techniques). These factors make it especially appropriate for
use with children. The main limitation of fNIRS in the
context of studying rsFC is that measurement is limited to

Prefrontal Cortex The prefrontal cortex (PFC) is a major
component of RSNs such as the central executive network
(CEN) and default mode network (DMN). Its development,
from infancy through adulthood, is most prominently linked
to the development of executive function (EF) (Casey,
Giedd, Kathleen & Thomas, 2000), a collective system of
basic cognitive processes that includes inhibition, working
memory, and cognitive flexibility, and supports higher-order
processes such as planning (Diamond, 2006; Diamond,
2013). PFC’s protracted development make it an important
region to study over development. Also, much of the PFC is
well measured by NIRS, as it is close to the surface of the
skull and conveniently placed under the forehead, which
lacks hair (improving NIRS signal quality). Thus, we
focused data collection on the PFC in this validation study.

Challenges in behavioral methods Traditional resting state
studies record from adults instructed to remain still for a
period of time (Patriat et al., 2013). Infant studies are
conducted during sleep (Liu, Flax, Guise, Sukul, &
Benasich, 2008). Unfortunately, neither recording situation
is practical for child populations; children have difficulty
remaining quietly still for an extended time, and unlike with
babies, it is difficult to get a sleeping child into the scanner.
Some studies have used movie clips to help children sit
still and quietly for an extended time while in the scanner
(Barker, Aarabi, & Huppert, 2013; Emerson et al., 2015).
Viewing such clips may engage task-specific networks, such
as those involved in language or audition. In fact, movies
are sometimes used in studies as stimuli or tasks, bringing
into question the validity of using movies for inducing a
state of “rest” (Cantlon & Li, 2013).
Our study proposes an experimental paradigm called
Freeplay in an attempt to closely approximate true resting
state. In this “task”, participants are presented with a set of
simple toys (e.g., blocks, small plastic animals) and asked to
quietly play for a few minutes. The premise is that children
can naturally comply much more easily with sitting still and
quietly for a period of time when presented with even
simple and unengaging toys. Due to the simple nature of the
toys, Freeplay is expected to induce quiet boredom, a state
we expect may closely approximate resting state.

Current study
This study aims to demonstrate feasibility of using fNIRS
and Freeplay to measure rsFC in pre-school and early
school-aged children. We present this paradigm as a
potential means to address the gap in literature on rsFC in
children, stemming from a lack of appropriate measurement
and behavioral tools. This set-up is designed to place
minimal restrictions on the participant, allow sufficient data
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collection, and achieve relatively good signal to noise ratio
(by minimizing sources of noise introduced by both the
measurement tool and the participant). This study aims to
establish fundamental psychometric properties of the
fNIRS-Freeplay paradigm, including construct validity,
test-retest reliability, and feasibility.

Experiment 1
We first investigated whether the fNIRS-Freeplay paradigm
allows us to measure rsFC -- specifically, whether the
paradigm exhibits construct validity. We did this in two
ways. First, we asked whether the fNIRS-Freeplay paradigm
reproduces a characteristic feature of adult resting state
connectivity, namely strong connectivity between
homologous (bilaterally symmetric) regions (Sasai, Homae,
Watanabe & Taga, 2011). Second, we studied whether rsFC
in adults in Freeplay is distinguishable from that in adults in
true resting state, in terms of the ability of machine learning
classifiers to correctly classify instances of each.
Broadly, we hypothesize that adults “at rest” and in
Freeplay will show similar connectivity patterns, suggesting
Freeplay may be a good approximation of resting state.
Confirming this hypothesis would begin to establish
fNIRS-Freeplay as a valid paradigm for measuring rsFC in
adults, and a natural next step would then be to apply this
paradigm to measure rsFC in children. To begin exploring
this (and also to provide a control for our second similarity
measure -- classification error between adults in Freeplay
and “at rest”), we additionally measured NIRS-Freeplay
data in children, hypothesizing that adults and children in
Freeplay will show different connectivity patterns,
consistent with research suggesting significant development
of rsFC from childhood into adulthood (Jolles et al., 2011).

Methods
Participants Participants were 13 undergraduates (aged
18-21) from CMU and 17 children (aged 3 to 8 years, Mage=
4.8) recruited from the community and the Children’s
School, a CMU-affiliated laboratory school. Adults
participated in both the standard resting state task and the
Freeplay task within a single session. Task order was
randomized. Children participated in Freeplay only.
Standard Resting State Task Participants sat still and
quietly at a desk with eyes open for 8 minutes.
Freeplay Set-up Participants sat quietly and freely played
with a set of toys for about 8 minutes. Toys included:
lincoln logs, wooden nuts and bolts, plastic animal figurines,
toy cars, and simple coloring pages (a flower, turtle, duck,
or fish). Toys were chosen to be simple and minimally
engaging, to help induce quiet boredom, a state that we
expect may closely approximate resting state.
fNIRS Set-up Neural activity was recorded at 20 Hz using a

continuous wave (CW6) real-time fNIRS system (Techen,
Inc., Milford, MA, USA), with 4 light sources, each
containing 690-nm (12 mW) and 830-nm (8 mW) laser
light, and 10 detectors, to give oxygenation measures in 12
channels on the PFC. Sensors were arranged in a layout as
depicted in Figure 1. Sensors were snapped into a cap strip
built from foam sheet and plastic mesh, and connected to the
fNIRS system via optic cables. For each participant, the cap
strip was positioned on the head, centered on position FpZ
according to the international 10-20 coordinate system
standard, extending over the Brodmann area 10 (anterior
PFC) and area 46 (dorsolateral PFC) bilaterally. The strip
was secured to the head using a neoprene scuba cap.
fNIRS data was recorded for each participant using
custom data collection software that interfaced with the
fNIRS system, described in Abdelnour and Huppert (2009).
After fitting the fNIRS cap to the participant’s head, signal
quality was checked for each source-detector channel and
adjusted if needed to make sure the fNIRS fiber optics made
good contact with the scalp of the participant, and that light
gain was sensitive to blood oxygenation (identified by
cardiac signal).

Figure 1. Probe layout for Experiment 1 -- Sources are in
red and detectors are in blue. Channels are in black, labeled
1-6 on the right hemisphere and 7-12 on the left.
fNIRS Data Processing Raw light attenuation measures
were converted to oxygenated hemoglobin concentration
changes using the modified Beer-Lambert law (Huppert,
2013). We first removed long-term drifts in the data by
subtracting a least-squares linear fit. We then band-pass
filtered the data to remove cardiac and respiration signals
(0.01-0.1 Hz, as suggested by Sasai et al., (2011)). With the
resulting time series, we computed partial correlations for
each channel pair (CP), given the other channels (since there
were 12 channels, there were 66 (12 choose 2) distinct CPs).
These 66 computed partial correlations, which are
represented graphically in correlation matrices (as in Figure
2) were the main objects studied in this paper.
Data Analysis Strategy Our first goal was to find the
homologous correlations characteristic of rsFC. To test for
significant homologous connectivity, we compared
functional connectivity between regions that were
homologous (bilaterally symmetric) to that between
non-homologous regions.
Our second goal was to test the validity of Freeplay as a
task for measuring resting state. To do so, we compared the
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functional connectivity in adults between the two
conditions, “at rest” and Freeplay. Since it is difficult to
directly measure similarity between functional connectivity
patterns, we did so by estimating the accuracy of classifiers
trained to distinguish different conditions (e.g., between “at
rest” and Freeplay in adults). Higher accuracies suggest
greater distinguishability, and hence greater dissimilarity,
between classes. Given the high-dimensionality (66 CPs) of
our problem, we used logistic LASSO (i.e., logistic
regression with the Least Absolute Selection and Shrinkage
Operator penalty), which should perform relatively well in
our high-dimensional setting (Tibshirani, 1996). Accuracy
was estimated using leave-one-out cross-validation
(LOOCV). Within each LOOCV fold, the LASSO
regularization parameter λ was selected by 10-fold cross
validation. To reduce the chance that results were classifierspecific, we also tried a highly distinct classifier, k-nearest
neighbors (kNN) classification. Accuracy was again
estimated by LOOCV, with k selected within each LOOCV
fold by 10-fold cross-validation (over k=1,…,10, covering a
range of common values (Cunningham & Delany, 2007)).
To provide a baseline for comparison, we similarly
compared data from adults versus children in Freeplay.

Results
All participants (including all child participants) completed
the task and provided usable data.

long-range connections strengthening into adulthood,
although we did not formally test for this.
Adult correlations in Freeplay versus “at rest”
Next,
we compared adult correlations in Freeplay and “at rest”, to
see how Freeplay compares with traditional resting state.
Logistic LASSO, trained to predict Freeplay or “at rest”
from CP correlations, gave a LOOCV accuracy of 45.1%
(worse than chance, 50%) suggesting that the two tasks do
not seem to elicit highly distinct connectivity. The kNN
classification to predict Freeplay or “at rest” from CP
correlations achieved a LOOCV classification accuracy of
57.7%, just over chance.
Adult versus child correlations in Freeplay Next, we
compared correlation matrices between adults and children,
both in Freeplay. Logistic LASSO, trained to predict “adult”
or “child” from CP correlations, gave a LOOCV accuracy of
96.7%, suggesting that adults and children exhibit highly
distinct connectivity in Freeplay.

Experiment 2
In this experiment, we studied reliability of the NIRSFreeplay rsFC measure in children, in terms of consistency
of results across independent scans (intersession, or
test-retest, reliability). To do this, we collected multiple
NIRS-Freeplay scans from children on different days and
used each scan to estimate a connectivity network. We then
measured similarity of this estimated connectivity network
both across scans within subjects and across subjects.

Methods

Figure 2. Group-averaged partial correlation matrices for
children in Freeplay and for adult in Freeplay and at rest.
Channels 1-6 were located on the right hemisphere;
channels 7-12 were located on the left hemisphere.
Homologous CPs are circled in the child panel.
Homologous versus non-homologous CPs First, we
compared all homologous to all non-homologous pairs of
distinct channels, to identify the strong inter-hemispheric
symmetric connections. Specifically, we averaged
homologous and non-homologous CPs within subjects,
forming two sets of measured CP correlations (r-values;
separately for adults and children). This comparison showed
that homologous CPs were significantly more strongly
connected than non-homologous CPs (p<0.001 for both
children and adults, by a two-sample t-test of the Fisher
z-transformed r-values as well as a permutation test). As can
be seen in Figure 2, these homologous correlations appear
stronger in adults, consistent with the trend of RSNs’

Participants Participants were 19 children (aged 3 to 5
years, Mage
 =4.49) recruited from the Children’s School. Data
was collected longitudinally at 2 time points (a few months
apart), with 2 scans (a few days apart) at each time point.
These data were collected as part of a bigger study, and the
longitudinal aspect was not analyzed in this study. 17
participants completed all 4 scans; data from two
participants who were not able to complete all 4 scans due
to scheduling constraints was discarded.

Figure 3. Probe layout for Experiment 2 -- Sources are in
red and detectors are in blue. Channels are in black, labeled
1-5 on the right hemisphere and 6-10 on the left.
Freeplay and fNIRS Set-up The Freeplay set-up was as in
Experiment 1. fNIRS set-up was almost identical to that in
Experiment 1, except with a slightly different sensor layout:
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4 light sources and 8 detectors, to give oxygenation
measures in 10 channels on the prefrontal cortex, with
sensors arranged in a layout as depicted in Figure 3.
fNIRS Data Processing Data was preprocessed and partial
correlations computed as in Experiment 1. Since there were
10 channels in this probe design, there were 45 distinct CPs.
Data Analysis Strategy Because we were interested in the
reliability of patterns of connectivity rather than the exact
connectivity values, we binarized each CP by thresholding
the absolute value of its partial correlation value at a
“connectivity threshold” 𝜃; absolute values below 𝜃 were
replaced with 0 (denoting an unconnected CP), and absolute
values above 𝜃 replaced by 1 (denoting a connected CP).
We then used two indices of inter-scan reliability: the F1
score (a.k.a., Dice coefficient), a general measure of overlap
between two sets (twice the ratio of the number of CPs
functionally connected in both scans to the sum of the
numbers of functionally connected CPs over both scans)
and the Matthews correlation coefficient (MCC), the
correlation between the binarized pattern of 0’s and 1’s,
across all 45 CPs. Accuracy (proportion of agreement)
between the two scans was not used because it is extremely
sensitive to the connectivity threshold; for example, using a
threshold of 0 (full connectivity) or 1 (no connectivity)
results in a perfect accuracy of 1. The raw (continuous,
un-thresholded) correlation was also not used, as it is
relatively difficult to interpret as a measure of reliability.
We chose 𝜃 to maximize (over 1000 equally spaced values
between 0 and 1) each reliability index and used LOOCV to
obtain an unbiased estimate of each reliability index.

Results
The mean (across LOOCV folds) F1 score was 0.683 (95%
CI: 0.050). The mean cutoff threshold chosen was 𝜃=0.547,
corresponding to functional connectivity in an mean of
13.2% of CPs. The mean MCC was 0.483 (95% CI: 0.108),
with mean cutoff threshold 𝜃=0.559, corresponding to
connectivity in a mean of 12.7% of CPs.
We performed a permutation test comparing the F1 score
or MCC to that after randomly permuting the CPs in the
second scan for each participant, to test a null model where
CPs are randomly identified as functionally connected, with
the two scans independent. This test rejected the null for
both F1 score and MCC (ps<0.001; 1000 permutations).
That is, within subjects, we find functional connectivity
consistently in the same channels between scans.
Interestingly, similar tests in which second scans were
randomly permuted across participants (i.e., for a null
model of identical/non-distinct participants) were not
significant (ps>0.1), suggesting consistency across subjects
in Freeplay. This is encouraging from the perspective of
trying to identify a common pattern of functional
connectivity across individuals. However, further work is

needed to understand the sensitivity of the paradigm to
individual differences (that might correlate with other
quantities of interest, such as age, or behavioral measures),
for which we conjecture that the continuous
(un-thresholded) CP correlations may be more informative.

Discussion
This study explored the feasibility of using fNIRS and
Freeplay to measure rsFC in children. Consistent with
previous results, we were able to recover connectivity
features characteristic of rsFC, helping validate our fNIRS
set-up for measuring traditional rsFC. Additionally, in
adults, correlation patterns in Freeplay were similar to that
in traditional resting state -- trained classifiers did not
perform significantly better than chance, suggesting that
Freeplay may produce a state similar to that in the
traditional resting state condition. Since Freeplay was
designed to approximate resting state in children, who
struggle with the usual resting state task, this comparison of
Freeplay to the traditional task in adult participants serves as
an additional check for the viability of fNIRS-Freeplay for
measuring rsFC in children. Crucially, all children
completed the task and provided usable data, speaking to the
practical usability of the Freeplay paradigm for studying
rsFC in children. Further, correlations in adults and children
in Freeplay showed different patterns, from which a trained
classifier was able to predict “adult” or “child” with high
accuracy -- this is in line with our expectations given that
we know RSNs develop significantly with age. Finally,
Experiment 2 demonstrated inter-scan reliability, in that
similar connectivity patterns are found between 2
independent scans of the same individual.
The current study demonstrated the practical feasibility
as well as the construct validity of the Freeplay-fNIRS
paradigm for studying rsFC in children by measuring
correlations between pairs of regions in the PFC. As we
previously discussed, the PFC is a central player in the
CEN, and studying its resting state connectivity patterns
over development may inform us about how the CEN
develops and supports EF. Zhao et al. (2016) recently found
that network properties of rsFC in the PFC, as measured by
fNIRS, were correlated with varying performance in EF
tasks in adults. An important next step will be to extend this
investigation to children. We are especially interested in
exploring, through rsFC in the PFC, the changes in neural
infrastructure that parallel observed cognitive development
in EF. As a practical setup for measuring rsFC in children,
the fNIRS-Freeplay paradigm will allow us to investigate
these questions to advance understanding of the neural
mechanisms of cognitive development.
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Abstract
The ability to plan, inhibit, and execute motor movements are
all necessary for achieving goal-directed behavior. These
processes are closely related to memory, as perceptual input
and memory of that input often recruit motor movements.
Unknown, however, is how the engagement of perceptionaction processes impact the memory of objects. One such
interaction suggests that participants have worse memory recall
for stimuli which elicit inhibition of a motor response than
stimuli which afford the execution of a motor response (Chiu
& Egner, 2015). This effect has been explained through
competition for common neural resources: allocation of
resources toward response inhibition reduces the amount of
resources available for memory. Alternatively, this effect could
be driven at the level of perception-action coupling: engaging
and pairing the motor system with visual perception enhances
the memory of stimuli which elicited the motor preparation or
response. To test these hypotheses, we first replicated Chiu and
Egner (2015). In Experiment 2, we included neutral stimuli that
did not necessitate motor preparation processes. Memory was
enhanced for stimuli presented in conjunction with motor
engagement, providing evidence for an account of memory that
is facilitated when coupled with the motor system.
Keywords: perception-action coupling; goal-directed behavior;
memory; go/no-go; action-induced remembering

Introduction
Coordinating movements with perception is necessary to
achieve external goals. Performing the most elementary of
activities requires perception and action to interact
reciprocally in real-time: perception lends to executing
actions and previous motor associations impact present
perceptions. The bidirectional relationship of perception and
action has been well-established for decades and empirically
reinforced by work such as motor control development
(Corbetta et al., 2014) and the discovery of mirror neurons
(Rizzolatti et al., 1996). Origins of perception-action
coupling have since given way to frameworks such as
embodied cognition and dynamic systems theory. These
viewpoints regard cognitive processes as the softlyassembled properties of perception and action (Thelen,
1996). One obstacle faced by these and similar perspectives
is that of mental representation: How do continuous variables
of perception and action give rise to abstract, higher-level
cognition (Lins & Schöner, 2014)? The current study
attempts to further bridge this gap by investigating a possible
link between systems of action, perception, and cognition.

The structural nature of how perception and action systems
connect with cognition is debated. Traditional theories of
action describe goal-directed behavior unfolding in a
succession of steps: (1) a stimulus is identified and encoded,
(2) an abstract representation is formed and compared to task
goals, (3) decision making processes evaluate this
relationship, deeming if a response should be called for, and
(4) the motor system then executes the selected appropriate
response (Sternberg, 1969). Similarly, a more recent theory,
Adaptive Control of Thought-Rational (ACT-R), explains
cognitive architecture as being comprised of three modules:
perception, action, and a central procedural module of the
frontal cortex to independently interact with the other
systems (Borst & Anderson, 2015). In these contexts, motor
and perceptual systems are isolated from each other; output
of the motor system is based on relayed input from cognitive
processes. This outlook assumes that movement grows from
thought. An alternative account of goal-directed behavior
describes processes of perception and action coinciding with
cognitive domains in real-time feed forward and feedback
loops (Clark, 1997). This view highlights a perception-action
interface, of which information is ever available to cognitive
domains. That is, perception-action interplay is assumed to
be fundamental to cognition.
Beyond perception-action coupling, goal-directed
behaviors include networks of decision making processes
involved in the planning, preparation, and execution of
actions. These processes are in part made possible by the
cognitive and behavioral control mechanisms known as
executive function (Buss & Spencer, 2015). Carrying out
goal-directed actions involves multiple features of executive
functioning: task switching allows for flexibility in adapting
to the demands of the environment, working memory updates
action planning and stores relevant task information, and
response inhibition acts as a stopping mechanism when a
prepared motor behavior becomes unwanted. For example,
consider the processes underlying changing lanes in a
vehicle. In this context, a motor movement is selected and
prepared for moving the steering wheel. However, if you
were to notice a car in the neighboring lane right before the
execution of this movement, then it would be essential to
inhibit that now unwanted movement, update the goal, and
switch tasks to stay in the original lane. Executive functioning
is therefore critical to the organization of behavior in realworld environments, and as such has been shown to be
predictive of a number of positive life outcomes (Allan,
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Mcminn, & Daly, 2016). For that reason, it is important to
consider perception-action systems interplay with executive
functions as real-time streams of environmental demands are
confronted.

Resource-Competition and the Action-Induced
Remembering Hypothesis
One context in which both motor and executive function
processes can be examined is within that of the go/no-go task:
participants are instructed to respond with a button press to
one stimulus type (go) while inhibiting a motor response to
the other type (no-go). One study employed this paradigm to
test the effect of response inhibition on subsequent memory
recall (Chiu & Egner, 2015). Using face stimuli, participants
were instructed to respond to one sex (e.g. females) while
inhibiting a response to the other sex. Participants were then
administered a surprise subsequent memory recall task which
included faces seen from the go/no-go task and a collection
of new, unseen face stimuli. The authors found that go stimuli
had better memory recall ratings than no-go stimuli. Ensuing
fMRI results revealed that engaging in response inhibition
processes to a higher degree resulted in fewer neural
resources available for encoding no-go stimuli (Chiu &
Egner, 2016). Importantly, this reported resourcecompetition was distinct to two systems associated with
memory and response inhibition: the right ventrolateral prefrontal cortex (rVLPFC) and right superior frontal gyrus
(rSFG). In a competitive manner, more activation in the rSFG
left fewer resources available for the encoding of faces in the
rVLPFC and vice versa. In this way, a core component of
executive function, response inhibition, is suggested to play
an adverse role and impairs memory--an effect termed
inhibition-induced forgetting.
Drawing conclusions from resource competition can be
potentially premature when comparing conditions that share
coinciding cognitive processes. The pattern of previous
results could also be explained by an inverse process that
facilitates memory for stimuli associated with the execution
of a motor response. Specifically, in a linear fashion, the
extent to which the motor system is engaged could predict the
likelihood of memory formation. From the perception-action
perspective of cognition, such an effect would be a natural
consequence of coupling the go stimulus with the motor
system. This coupling could serve to reinforce activation
associated with the encoding of the stimulus. Thus, the
current study proposes an alternative account that explains
memory data through facilitation of memory based on the
degree of motor system involvement. In turn, we hypothesize
stimuli which are associated with the preparation or
execution of a motor response will result in superior memory
recall than stimuli presented in the context of no motor
system engagement (visual input only). We term this the
action-induced remembering (AIR) hypothesis. In the
following sections, we review research supporting such an
account, as well as highlight neuroimaging studies of
attention and inhibitory demand in relation to the resourcecompetition hypothesis and response inhibition networks.

Attention and No-go Stimuli
The proposed mechanism of the resource-competition
hypothesis is specific to a lack of attentional resources
available for encoding no-go stimuli. That is, this account
explains response inhibitions effect on memory is mediated
through the suppression of attention. The prefrontal cortex,
where response inhibition is believed to primarily function,
also recruits the top-down control of attention by processing
behaviorally salient stimuli (Rossi et al., 2009). The neural
dissociation of response inhibition from attentional capture
has been contested: the right inferior frontal gyrus (rIFG), for
example, is traditionally implicated for its involvement in
suppressing a motor response, while some argue it is
indicative of attentional capture as it responds to the
unexpectedness of no-go stimuli (Hampshire et al., 2010).
Crucially, Chiu and Egner (2015) did not find rIFG activation
associated with forgotten no-go stimuli. While this debate is
still ongoing, it is difficult to dismiss the role of the rIFG in
inhibition entirely.
Similarly, there has been growing debate regarding
whether no-go stimuli prompt suppression not only at the
level of a motor response, but also at the level of attention. In
the current context, understanding the role attention plays in
inhibition is important given how memory formation and
attention interact. Whether implicit or explicit, attention is
required to consolidate information into memory (Chun &
Turk-Browne, 2007). Thus, if attention is not suppressed
when no-go stimuli are presented, then it is difficult to tie this
process to memory impairment, as the resource-competition
hypothesis would suggest. Barras and Kerzel (2016) explored
such an interaction using EEG and a modified spatial cueing
paradigm. Participants were first cued to a location (of either
a go, no-go, or neutral color), then were tasked with executing
or inhibiting a response to a go or no-go target location.
Results indicated that spatial locations cued with a no-go
stimulus did not result in slower reaction times compared
with neutral cues. Cues associated with the go stimulus,
however, resulted in faster response times. Additionally, the
authors found an increased N2pc response (an attentional
index) to go cues but found no differences between neutral
and no-go cues. These results suggest that attentional sets, in
this context, may exclusively include stimuli which evoke a
motor response (go stimuli). Importantly, these results
provide evidence that no-go stimuli may not be suppressed at
the level of attention compared to stimuli absent of motor
preparation processes.

Inhibitory Demand and Motor Preparation
A common aspect of go and no-go trials is motor
preparation. That is, for response inhibition to occur, the
planning and preparation of a motor movement must come
first. Therefore, the degree of preparation directly contributes
to the demands of inhibiting a response. Taking this
perspective, an index of motor engagement via preparatory
processes may instead account for differences between
subsequent memory of go and no-go stimuli. Go/no-go tasks
can vary inhibitory demand by disproportionately
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distributing go and no-go trials, such that 75% go trials and
25% no-go trials would indicate a need for high inhibition,
whereas the vice versa would return low inhibitory demands.
Behaviorally, this manipulation can be observed in the error
rates and reaction times of go and no-go trials: a high
probability of go trials tend to result in faster reaction times
than low go trial probability, and more errors of responses are
made during a low probability of no-go trials compared to
high no-go trials (Meffert et al., 2016).
Recent research supports the idea that a neural system
involved in motor preparation and execution can facilitate
memory. In a direct comparison of activation between low
and high no-go trial frequency, Kolodny et al. (2017) showed
high inhibitory demand was localized in the posterior parietal
cortex (PPC): a region also found to be important in attention
and memory formation. Specifically, the intra-parietal sulci
had greater activation during high inhibition, or high motor
preparation trials. These results demonstrate the importance
of the parietal cortex in action processes, while raising
questions about the traditional perspective of the frontal
cortex’s role in inhibition. One possible explanation could be
that frontal regions act as the stopping mechanism, while
parietal regions contribute to resolving the inhibitory
demands associated with motor preparation. While more
research is needed to investigate a possible fronto-parietal
network of response inhibition, these findings suggest that
response inhibition, and critically inhibitory demand
processes, reach beyond the rSFG.
When performing goal-directed actions, motor preparation
has been shown to enhance visual processing for spatially
relevant items (Mason, Linnell, Davis, & Velzen, 2015) as
well as distributing visual attention to spatial locations which
are task relevant (Baldauf & Deubel, 2010). The functional
role of motor preparation resides primarily in the presupplementary motor area (pre-SMA) and premotor areas.
The pre-SMA is believed to be involved in motor planning
and motor imagery, in addition to the preparatory periods of
initiating a motor response (Cunnington, Windischberger,
Robinson, & Moser, 2006). Research has also shown that
activation in the pre-SMA comes prior to that of the rIFC,
implicating its involvement in response preparation as well
as inhibition (Swann et al., 2012). Considering the dynamic
function of the pre-SMA in action, the following section will
review the pre-SMA in the specific context of motor
engagement, where we suggest its involvement in memory
formation via an attentional network of the PPC.

The Dorsal Attention Network
The PPC has traditionally been regarded as a sensorymotor hub, involved in motor planning, control, and visually
guided motor behavior (Buneo & Andersen, 2006).
Additionally, recent research has shed light on the
involvement of the PPC in the allocation of top-down
attention and in turn, memory formation. In particular, the
dorsal portion of the PPC, termed the dorsal attention
network (DAN), is responsible for top-down control of
perceptual attention (Sestieri, Shulman, & Corbetta, 2017).

The DAN also has mutual connections with hippocampal
memory regions of the medial temporal lobe (Cabeza,
Ciaramelli, Olson, & Moscovitch, 2009). Beyond that,
research using fMRI and memory recall paradigms have
illustrated a greater hemodynamic response at the time of
encoding and retrieval in the dorsal PPC for remembered
versus forgotten items (Uncapher & Wagner, 2010).
Moreover, the pre-SMA, involved in the preparation and
execution of movements, has reciprocal connections with the
DAN. Importantly, the pre-SMA has been shown to have
sustained neural activation from the preparation phase to the
execution of a movement in response to a stimulus
(Cunnington, Windischberger, Robinson, & Moser, 2006).
Taken together, we hypothesize, given the involvement of the
PPC in perception-action coupling, that a network involving
motor areas and the PPC may interact with and facilitate
memory encoding for objects paired with action. Our study is
aimed at identifying behavioral signatures of such an
interaction.

Experiment 1
The main purpose of Experiment 1 was to investigate
subsequent memory ratings for go and no-go stimuli. Here,
we attempted to replicate the pattern of results found by Chiu
and Egner (2015), such that go stimuli should result in better
memory recall than no-go stimuli.

Participants
Twenty-eight undergraduate students (mean +/- SD age,
20.1 +/- 1.8; 16 females, 12 males) of the University of
Tennessee-Knoxville participated. Participants were
recruited via SONA, the University of Tennessee’s research
participation system. Participants were compensated class
credit upon completion. Participants completed an informed
consent and demographics form upon arrival, approved by
the Institutional Review Board. Two participants were
dropped due to poor behavioral performance.

Stimuli
240 face stimuli (half male/female) were used. All stimuli
were affectively neutral and grayscale. 120 of the stimuli
were used during both the go/no-go task and subsequent
memory task, while the other 120 only appeared during the
memory task. Presentation of stimulus sets were balanced
across participants, such that each stimulus appeared in the
go/no-go task (as an “old” go or no-go stimulus) or only in
the memory task (as a “new” stimulus) an equal set of times.
The filler task included 78 grayscale stimuli (39
house/apartment stimuli). This stimulus set size was chosen
to fulfill a 5-minute encoding-retrieval delay before the
subsequent memory task.

Design and Procedure
Go/no-go Task: Participants were first instructed to
respond to one gender of face stimuli using the spacebar
while withholding a response to the other. Half of the
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participants responded to male stimuli, while the other half
responded to female stimuli. Each trial began with a fixation
cross (250ms), followed by the presentation of a face
stimulus (800ms). During the presentation of the stimulus,
participants had until stimulus offset to execute a response if
it was a go trial. After stimulus offset, a feedback display
appeared (1s), stating either “Correct!” or “Incorrect!”
dependent on their performance; feedback marked the end of
a trial. Inter-trial intervals were distributed equally across
trials and were jittered from 2.5s-4.5s (step sizes of 250ms).
Four blocks were administered during the go/no-go task, with
each face stimulus appearing once per block, thus creating
480 total trials.
Filler Task: Participants then performed a filler task, which
acted solely as an encoding-retrieval delay (5-min) prior to
the subsequent memory task. Participants were presented
with house and apartment stimuli and were tasked to
categorize them using the “z” and “m” keys. Timings were
the same as those utilized in the go/no-go task, except for the
inter-trial intervals, which were set at 2s.
Surprise Subsequent Memory Task: Participants incidental
memory was then tested for the face stimuli presented from
the go/no-go task. To do this, we included the 120 face
stimuli from the go/no-go task, and added an additional 120
new face stimuli, creating 240 total trials. Presentation of new
and old stimuli was randomized. At the start of each trial,
participants were shown a face stimulus (2s), then
immediately after a 6-point scale which ranged from
“definitely new” to “definitely remember”. The scale
remained on the screen until a response was made, however
only responses made within 2s were considered in the
memory data. Additionally, go and no-go stimuli which were
responded to incorrectly during the go/no-go task were
excluded from memory data analyses. Inter-trial intervals
were distributed equally across trials and were jittered from
2.5s-4.5s (step sizes of 250ms).

Results and Discussion
During the go/no-go task, participants overall accuracy was
high as was expected (mean +/- SEM, 98.1% +/- 2).
Additionally, no-go false alarm rates were low across blocks
(mean +/- SEM, 1.46% +/- 1.06). Moreover, a pairwise
comparison revealed a decrease in reaction time to go trials
between the first (M=467.8 ms) and last (M=456.8 ms) block
(t(27)=2.01, p=.05) of the go/no-go task (see figure 1).
We now shift to our primary area of interest in that of the
subsequent memory task. To review, we excluded trials in
which reaction times were longer than 2s, and stimuli which
were responded to incorrectly (for any of the 4 repetitions)
during the go/no-go task. The latter portion was done to
exclusively test memory ratings of inhibitory and response
execution processes. For the analyses, we collapsed
“definitely new”- “maybe new” and “definitely remember”“maybe remember” responses simply into “new” and
“remember” responses. We then calculated d’ (z (hit rate) – z
(false-alarm rate)) across participants to serve as an index of
memory scores for both go and no-go cues. Hit rates for go

Figure 1: Illustrated are reaction times for go trials during
the go/no-go task across blocks (left) and memory ratings
(d’) for go and no-go conditions in the subsequent memory
task (right).
(M=74%) and no-go stimuli (M=69%) were significantly
above chance levels. Replicating that of Chiu and Egner
(2015), we found that go stimuli were recalled significantly
better than no-go stimuli (t (27) =2.39, p=.02) (see figure 1).

Experiment 2
Having replicated prior differences found between go/no-go
stimuli memory, such that memory for go stimuli was
superior to that of no-go, we moved to address our primary
hypothesis. Experiment 2 specifically examined the influence
of perception-action coupling for both go and no-go stimuli
on subsequent memory recall. To do this, we modified the
original go/no-go task to implement three conditions: neutral
(absent of motor processes), go, and no-go. We aimed to
incorporate neutral stimuli in the go/no-go task such that they
remained task relevant with the exception being they did not
call for motor preparatory processes. We predicted that both
go and no-go stimuli would be recalled significantly better
from memory than neutral stimuli, such that this difference
would be specific to the underlying attentional processes
arising from perception-action coupling.

Participants
Twenty-four undergraduate students (mean +/- SD age,
20.32+/- 1.4; 13 females, 11 males) were recruited for
participation. Participants completed an informed consent
and demographics form upon arrival, approved by the
Institutional Review Board. Four participants were dropped
due to poor behavioral performance.

Stimuli
Face stimuli and presentation timing across stimuli were
identical to those of Experiment 1. Face stimulus sets
included 4 groups of 30 (60 male, 60 female), and sets were
equally tested in each of the experimental conditions. In
addition to the face stimuli, we also included a grayscale
image of a streetlight which was used in the go/no-go task.
This stimulus acted independently as a “cue” for participants:
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stimuli appearing before the cue did not require a motor
response, and the stimulus following the cue would either
require a motor response or the inhibition of one (see design
and procedure for more details). There were 30 face stimuli
in the go condition and no-go condition, with 60 cue stimuli
preceding them. Before cue onset, a total of 60 neutral stimuli
(30 male, 30 female) were included.

Accuracy in the go/no-go task portion remained high
(M=97%) despite modifications made to the rule structure.
Additionally, low false alarm rates were committed to neutral
stimuli (0.05%). Replicating Experiment 1, participants
showed enhanced reaction times to go stimuli from the first
(M=476.211) to last block (M=441.12) (t(23)=3.18, p=.02).
Together, these results suggest that the inclusion of the cue
and neutral stimuli did not interfere with go/no-go
performance.

For the memory analyses, we performed the same
exclusion criteria as Experiment 1. Replicating Experiment
1, hit rates for go (80%), no-go (75%) and neutral (61%)
stimuli were all above chance level. A one factor repeated
measures ANOVA revealed a main effect for stimulus type
(F(2,23)=28.627, p<.01) (see figure 2). Pairwise comparisons
using the Bonferroni correction revealed that go stimuli had
better memory recall than neutral stimuli (t(23)=6.830,
p<.01). In addition, no-go stimuli showed superior memory
when compared to neutral stimuli (t(23)=4.94, p<.01).
However, we did not find the original memory effect between
go and no-go stimuli (t(23)=1.288, p=.211).
The primary aim of the present experiment was to test
differences in memory recall between stimuli paired with
motor engagement (go and no-go) and those absent of motor
processes (neutral). We found that stimuli coupled with the
motor system, either preparatory (no-go) or an executed act
(go), resulted in greater recall than stimuli only presented
visually without motor demands (neutral). An alternative
explanation for this finding could be that neutral stimuli
induce less attentional processing because they are not
relevant enough to the current task set. Since stimuli only
appear for 800ms, this explanation is unlikely given the
necessity to detect the cue to fulfill the task goals. However,
it is also possible that neutral stimuli may not demand
processing at the level of sex discrimination in the same way
as go and no-go stimuli.
Interestingly, we did not replicate Chiu & Egner (2015) or
Experiment 1 in that we found no difference between go and
no-go recall. A possible explanation could be that for this
modified design, our sample size was too small to see an
effect. Another account could be that this design is tapping
into more controlled inhibition than automatic inhibition,
altering motor preparation processes (Littman & Takács,
2017). This could be due to the single go/no-go trial
occurrence after the cue, instead of continuous go/no-go task
engagement.

Figure 2: Depicted are memory ratings (d’) across conditions
of go, no-go, and neutral stimuli.

The present study examined the influence of action and
inhibition processes on memory formation. We first
replicated previous research, finding that stimuli paired with
a response (go) resulted in better memory than stimuli
prompting the inhibition of a response (no-go) (Experiment
1). We then asked if these go and no-go memory variations
could instead result from the degree of motor system
engagement such that no-go stimuli prompt only the
preparation of a response while go stimuli elicit response
execution. To test this, in Experiment 2 we included neutral
stimuli that did not engage the motor system but were still
task relevant. Results showed that stimuli which took part in
either aspect of motor engagement (preparation or execution)
had significantly better memory than stimuli uncoupled with
action processes. That is, no-go stimuli were not associated
with poorer recall than baseline, arguing against a direct
adverse role of response inhibition on memory as the
resource-competition hypothesis suggests. Rather, these
findings provide evidence that incorporating action processes

Design and Procedure
Modified Go/no-go Task: We utilized a one factor, withinsubjects design with three levels: neutral, go, and no-go.
Consistent with Experiment 1, participants were instructed to
respond using the space bar to one gender (go) while
withholding a response to the other (no-go). However, this
rule was dependent on the appearance of a cue stimulus:
before the cue appeared, participants were instructed to
visually attend to the screen in anticipation of the cue, and
after cue onset, to initiate in the original go/no-go instructions
for the single face stimulus following the cue. After
participants made or suppressed a response, they were
instructed to visually attend and wait for the next cue.
Timings and stimulus presentations were identical to that of
Experiment 1, except for the text “Wait for the cue!” (1s),
which appeared after feedback for the go/no-go trial type.
The filler task and subsequent memory task was also identical
to that of Experiment 1.

Results and Discussion

General Discussion
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facilitates memory formation. Neuroimaging work could
further elucidate the systems unfolding in the present study.
Specifically, we hypothesize regions of the DAN, the preSMA, and premotor areas may mediate the influence of
responses on subsequent memory recall. That is, memory
recall should be associated with the magnitude of activation
in these regions.
Understanding the perception-action processes which
underlie goal-directed behavior, via successful executive
functioning, could in turn inform future intervention efforts
aimed at human cognitive development and quality of life
outcomes. In this way, the proposed study offers an account
of memory unique to the field, and outlines perception-action
coupling as crucial to the subsequent expression of goaldirected behavior.
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Abstract

that distributional learning of phonetic categories can in general be enhanced by simultaneous distributional learning of
words. However, the implementations of these models are often profoundly psychologically implausible, and may assume
that learners have simultaneous access to the entire batch of
data to learn from, can make multiple passes over that data,
or maintain unlimited amounts of uncertainty.

Human infants have the remarkable ability to learn any human language. One proposed mechanism for this ability is
distributional learning, where learners infer the underlying
cluster structure from unlabeled input. Computational models of distributional learning have historically been principled
but psychologically-implausible computational-level models,
or ad hoc but psychologically plausible algorithmic-level models. Approximate rational models like particle filters can potentially bridge this divide, and allow principled, but psychologically plausible models of distributional learning to be specified and evaluated. As a proof of concept, I evaluate one such
particle filter model, applied to learning English voicing categories from distributions of voice-onset times (VOTs). I find
that this model learns well, but behaves somewhat differently
from the standard, unconstrained Gibbs sampler implementation of the underlying rational model.
Keywords: Computational modeling; Rational models; Particle filters; Language learning; Distributional learning; Speech
perception

Any normally developing human infant can learn any human language, and they can do so without requiring much explicit instruction or guidance. How is this possible? At a basic
level, how can an infant figure out that their language has, for
instance, two different phonetic categories distinguished by
voicing (e.g., “beach” vs. “peach”), and not three, or just one
(Lisker & Abramson, 1964)? One clue comes from the fact
that sounds from the same category tend to sound alike, more
so than sounds from different categories. Infants (and adults)
are sensitive to this cluster structure, and even in the absence
of explicit cues or instructions learn to distinguish between
two sounds better when they occur in two different clusters
than when they occur in a single, unimodal cluster (Maye,
Werker, & Gerken, 2002).
There are a number of different models for this “distributional learning”, which fall into two broad families. On the
one hand, there are computational-level models (in the sense
of Marr, 1982), which focus on the nature of the problem to
be solved, the information that is available from the world,
and the best performance that is possible given the combination of those two factors (e.g., Feldman, Griffiths, Goldwater, & Morgan, 2013). On the other hand, there are cognitive, algorithmic-level models, which focus on psychologically plausible representations and processes (e.g., McMurray, Aslin, & Toscano, 2009; Vallabha, McClelland, Pons,
Werker, & Amano, 2007). Both of these approaches have
provided insight into the process of distributional learning.
Computational-level models set the boundaries on what is
possible in principle. A notable example is the work of Feldman et al. (2013) which shows, somewhat counterintuitively,

Algorithmic-level models, on the other hand, serve as existence proofs that distributional learning is possible, given
particular representational assumptions. These models often
make ad hoc assumptions in order to better fit behavioral data,
as in McMurray et al. (2009) who conclude that “winnertake-all” competitive dynamics are necessary for distributional learning. These models also generally lack the inprinciple guarantees of computational-level models, and thus
it is unclear whether any particular model’s failure or success
reflects fundamental constraints or representational assumptions (though computational-level models are not immune to
this problem; Goldwater, Griffiths, & Johnson, 2009).
Each level of analysis offers insight, but bridging between
these levels is critical for a comprehensive understanding of
human cognition (Marr, 1982). One way to approach such
a bridge is the family of models known as rational approximations of rational models (Sanborn, Griffiths, & Navarro,
2010). These models provide a principled link between
computational-level concerns about the structure of the world
and the nature of the tasks that the mind must solve, and
algorithmic-level concerns about psychologically plausible
representations and processes. In this paper, I explore a psychologically plausible, approximately rational model for phonetic distributional learning: particle filters for Bayesian nonparametric clustering. As a case study, I apply this model to
English stop voicing (e.g., /b/ vs. /p/), and investigate how
the performance of this model is affected by the constraints
of online processing (one data point at a time) and limited
representational resources, relative to an unconstrained distributional learning algorithm.
To start, I review the Bayesian approach to distributional
learning as a problem of statistical inference under uncertainty. Next, I briefly summarize two algorithms for doing
this inference: a batch Gibbs sampler algorithm, and an online particle filter algorithm. I then analyze the performance
of these two models on the same (simulated) phonetic cue distributions, focusing on how well they can recover the true underlying structure, before discussing the implications of these
results.
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Bayesian models of distributional learning
Distributional learning models all attempt to solve the same
problem: given some data points x1:N , we wish to know how
many clusters generated them (and what those clusters look
like). We assume that these data were generated from some
number of clusters K, where K could be (in principle) anywhere between 1 and N (the number of data points). A complete clustering of these data points has two parts: the cluster that each data point is assigned to (denoted c1:N ), and the
properties of the clusters themselves (which in the example
below are the mean µk and variance σ2k of a normal distribution, but in general are the parameters of some probability
distribution).
The first difficulty is that there’s no perfect, un-ambiguous
solution to this problem (in general), since clusters are often
overlapping and of different sizes and frequencies. For this
reason, Bayesian nonparametric models frame this as a problem of statistical inference under uncertainty, and aim to find
the posterior probability for each possible clustering, given
some particular data, p(c1:N , µ1:K , σ21:K |x1:N ) (see Gershman
& Blei, 2012, for an excellent introduction). In many cases,
it’s easier to do this in two stages: first, compute the distribution of cluster assignments p(c1:N |x1:N ) (marginalizing over
possible clusters parameters), and then compute the distribution over cluster properties, conditional on the cluster assignments p(µ1:K , σ21:K |c1:N , x1:N ).1 Here the focus is on the first
part: computing the distribution of cluster assignments given
the data.
In principle, computing the posterior distribution
p(c1:N |x1:N ) is a simple matter of applying Bayes Rule:
p(c1:N |x1:N ) ∝ p(x1:N |c1:N )p(c1:N )
The first term is the likelihood, or the probability that the observed data is generated by a particular hypothetical clustering, which will depend on how similar the data points are
in each cluster, and on the prior distribution over cluster parameters. The second term is the prior, or how likely such a
clustering is before any data is observed. The prior is where
inductive biases for simpler clustering can be introduced.
The particular prior used here is the Dirichlet process. This
prior has a rich-get-richer structure, which is most easily understood by considering the conditional prior p(cn |c1:n−1 )
over cluster assignments for the nth data point, given assignments 1 to n − 1. The prior probability of assigning to a cluster k is

Nk existing cluster
p(cn = k|c1:n−1 ) ∝
α new cluster
where Nk is the the number of other data points assigned to
cluster k. The α parameter is called the concentration parameter and controls how strong the simplicity bias is. If α is
1 One reason for this is that often when using a conjugate prior
for the cluster parameters, there’s no need to actually know the exact
properties of cluster to evaluate how good it is; all that’s needed is
the data points that are assigned to that cluster (and some measure
of how similar they are to each other).

very low, it’s highly unlikely (a priori) that a new cluster will
be created, especially when there are many data points. The
overall prior probability of any complete clustering c1:N can
be computed from these conditional probabilities under the
assumption that the data is exchangeable (that order doesn’t
matter, or that the cluster structure is stable over time), and
is proportional to ∏N2=1 p(ci |c1:i−1 ) ∝ ∏Kk=1 αNk ! (arbitrarily
defining c1 = 1).
The second difficulty is that there are an enormous number of possible combinations of cluster assignments. Even
if we know that there are only K = 2 clusters, there are still
2N possible ways to assign N points to two clusters, each of
which has some probability associated with it. Likewise for
every K from 1 to N. Luckily, most of these values for c1:N
have probability that is so small it’s essentially zero, and thus
the whole distribution p(c1:N |x1:N ) can be approximated by a
reasonably small number of samples, or hypothetical values
of c1:N .

Batch algorithm: Gibbs sampler
One standard method of doing approximate inference by sampling is a Gibbs sampler, a form of Markov Chain Monte
Carlo (MCMC) techniques. These are named because they
work by sampling (the “Monte Carlo” part) a new value for
the quantity of interest given only the data and the previously
sampled value (the “Markov Chain” part).
For a Dirichlet Process mixture model, this algorithm
works by sweeping through the data, one data point at a time,
re-sampling the cluster assignment for that data point conditioned on the other data points. If c−i are the cluster assignments for every point but xi , then the Gibbs sampler will
assign xi to cluster k with probability p(ci = k|x1:N , c−i ) ∝
p(xi |ci = k, x−i , c−i )p(ci = k|c−i )—that is, proportional to the
likelihood of xi given the other data points in cluster k times
the prior probability of k under the Chinese Restaurant Process prior. The likelihood for a new category is based on the
prior for the category parameters (e.g., mean and variance).
Once new assignments have been sampled for every xi , the
new values of ci are one sample from the posterior. Multiple samples are drawn by repeatedly sweeping through the
data in this way, recording the sampled assignments for each
sweep.

Online algorithm: Particle filter
In contrast to MCMC algorithms, sequential Monte Carlo
(SMC) algorithms do not require that all data be available
simultaneously. Rather then generating samples one at a time
based on the entire dataset, they maintain a population of
hypotheses (or particles), that are each updated in parallel
as the data comes in. After n − 1 observations, particle j
( j)
( j)
has an associated weight wn−1 and clustering c1:n−1 . There
are many different strategies for updating particle j based on
the the next observation xn . Here, we follow the approach
of Chen and Liu (2000), as described in, Fearnhead (2004).
First, as in the Gibbs sampler, an assignment is drawn from
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( j)

p(cn = k|c1:n−1 , x1:n ). Next, the weight is updated to be

0.05

( j)

( j)

( j)

wn = wn−1 ×

∑k p((c1:n−1 , k)|x1:n )

0.04

( j)
p(c1:n−1 |x1:n−1 )

0.03

(normalized such that all the new weights sum to 1). The sum
in the numerator ensures that the new weight reflects the ability of this particle to predict the actual data point observed,
rather than just how well the sampled component explains it
(see Chen & Liu, 2000; Fearnhead, 2004, for further discussion).
One common problem with particle filters is that a small
number of particles capture nearly all the weight, which drastically reduces the effective number of samples and hence
the amount of information about the actual distribution they
are approximating. In order to prevent this, when the variance of the weights becomes too high, a rejuvenation step
resamples particles (with replacement) proportional to their
weights, and resets the weights to be equal. The threshold for
the variance of the weights was set to 50% of the mean of the
weights (as suggested by Fearnhead, 2004).

Methods
In order to evaluate the particle filter as a model of phonetic
distributional learning, I applied it to the problem of learning
the English distinction between voiced /b/ and voiceless /p/,
based on voice onset time (VOT). This is the primary acoustic cue to voicing for word-initial stops in English (Lisker &
Abramson, 1964), and exhibits a clear bimodality. In order
to simulate random VOT datasets, I fit two normal distributions to the VOTs for /b/ and /p/ from the Buckeye corpus
(Pitt et al., 2007) by Nelson and Wedel (2017). This particular corpus shows low levels of talker variability in VOT (see
Kleinschmidt, submitted). Fig. 1 shows an example randomly
generated set of VOTs.
The Gibbs sampler and particle filter models were implemented in Julia (Bezanson, Edelman, Karpinski, & Shah,
2017).2 Each was run on 200 randomly generated data sets
of up to 10,000 observations, collecting intermediate results
after 10, 100, and 1,000 observations. For comparison, 6month-old infants in Bergelson and Aslin (2017) heard on
average around 200 tokens of word-initial /b/ and /p/ in a single day, which would be 60,000 extrapolated to an entire year.
For each dataset, the number of particles (or samples for the
Gibbs sampler) varied (10, 100, and 1,000) and the concentration parameter α varied (0.01, 0.1, 1, and 10). The results
for the Gibbs sampler were qualitatively the same across the
number of samples and number of observations, so results are
only shown for 1,000 samples (after 500 burnin) and 1,000
observations.
For the prior distribution over cluster means and variances,
both used a weakly informative conjugate Normal-χ−2 prior
(Gelman, Carlin, Stern, & Rubin, 2003), with µ0 and σ20 set
to the overall mean and variance of all the VOTs, and κ0 =
2 Available
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Figure 1: Example sample of VOTs used to assess distributional learning models. With fewer observations, the cluster
structure is not obvious, but with more clusters it bnecomes
clearer.
0.05 (to allow for significant possible variation in the cluster
means) and ν0 = 2 (to constrain the variances to reasonable
values).
For each run, the approximated posterior distribution of
cluster numbers is recorded. In the case of the Gibbs sampler, this is simply the proportion of samples with each number of clusters K. The calculation is analogous for the particle filter, except that the weights need to be taken into account. If particle j has K ( j) clusters and weight w( j) , then
p(K = k|x1:N ) = ∑ j w( j) δk (K ( j) ) (where δk (x) is the indicator
function, which is 1 if x = k and 0 otherwise).

Results
A natural measure of success is the probability assigned to
K = 2, since the data was generated by a two-component mixture (Fig. 2). Additionally, Fig. 3 shows the expected number
of clusters E(K|x1:N ) = ∑k kp(K = k|x1:N ), and Fig. 4 shows
the full distributions (p(K|x1:N ).

Gibbs sampler
Since the Gibbs sampler provides the “reference” approximation for these models, we first examine those results, shown
as the gray lines in Fig. 2 and Fig. 3. Of the values tested here,
the Gibbs sampler performs best with α = 0.1, allocating the
majority of the posterior probability to K = 2. Nevertheless,
the Gibbs sampler maintains substantial uncertainty, allocating some 15-20%probability to clusterings with more or less
than two clusters. For α an order of magnitude smaller or
larger than this, the Gibbs sampler infers fewer or more (respectively) clusters than there actually are (Fig. 3), again with
some substantial uncertainty.

Particle filter
The particle filter, unlike the Gibbs sampler, works best when
α = 0.01 (the smallest value tested). At this value, with a
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Figure 2: Posterior probability correct (two-cluster solutions)
for particle filter (colors, 95% bootstrapped CIs over runs)
and Gibbs sampler (gray horizontal lines). Gibbs sampler is
shown for 1,000 observations and 1,000 samples.

Figure 3: The expected number of clusters for particle filter
(colors, 95% bootstrapped CIs over runs) and Gibbs sampler
(gray horizontal lines). Gibbs sampler is shown for 1,000
observations and 1,000 samples

larger number particles, nearly 100% probability is assigned
to the true K = 2 (first panel, Fig. 2).3 For larger values of
α, it eventually overshoots and infers more than 2 clusters.
For instance, Fig. 2, second panel (α = 0.1), shows that the
probability assigned to K = 2 clusters rises to a maximum
around 100 data points, but then falls with more data as more
complex clusterings are increasingly preferred (Fig. 4). Even
though the expected number of clusters is just slightly more
than 2 (Fig. 3) as with the Gibbs sampler, there’s no reason to
think that it would continue to increase with more data, since
there’s no way for the particle filter to go back to simpler
solutions once they’ve been forgotten.
Generally, particle filters with more particles better match
the Gibbs sampler. This is not surprising: more particles
mean more tolerance for uncertainty, which means that the
particle filter is less committed to particular classifications
that it made in the past. With few particles, it’s possible (and
indeed likely) that most of the particles agree on how the first
data points should be classified, even if there is (ideally) some
uncertainty there. Furthermore, with few particles, the prior
has outsized influence. For low α, the 10-particle filter undershoots the number of clusters inferred by the Gibbs sampler
(and by more particles), while for high α it overshoots.

ified by the underlying Bayesian model. But they also allow
us to explore—in a formal, quantitative way—how different
kinds of cognitive constraints interact with the structure of the
world to affect human cognition and learning. In the case of
phonetic distributional learning, there is no shortage of cognitively plausible models (e.g., McMurray et al., 2009; Vallabha et al., 2007). The model explored here psychologically
plausible—it takes one data point at a time and only maintains a small, finite number of hypothetical clusters–and also
grounded in a computational-level model of the problem of
distributional learning and its statistically optimal solution.
The approximation to the statistically optimal solution to
distributional learning provided by the particle filtering algorithm of Chen and Liu (2000) can, in fact, recover the
underlying structure of the particular model system I examined here (the American English /b/-/p/ contrast). More importantly, this particular sort of approximation constrains the
model in a similar way that language learners are constrained:
they cannot endlessly re-analyze every single sound they have
ever heard, nor can they maintain an essentially infinite set of
hypotheses about how those sounds should be clustered. In
doing so, it provides some insight into how people actually
solve the statistical problem posed by the computational-level
model of distributional learning. Forgetting its own history
actually helps the particle filter model when there is a strong
bias towards fewer clusters (low α). The particle filter reliably arrives at the correct two-cluster structure for low values
of α, even when the Gibbs sampler fails to do so, since the
Gibbs sampler can continuously second-guess its decisions
to create additional clusters.
The tendency for particle filters to get dug into a particular solution is often a shortcoming, but in this case it may
be a benefit. It also suggests that such limited resources may
actually be a benefit to human learners as well. It does not,

Discussion
Rational approximations to rational models—like the particle filter explored here—provide a natural bridge between
computational-level and algorithmic-level, cognitive models
(Sanborn et al., 2010). These techniques are useful in part because they approximate optimal statistical inference as spec3 Similar results are obtained for a three-component mixture,
modeled after the languages described in Lisker and Abramson
(1964) with three voicing categories. The primary difference is that
more data is required to correctly infer that there are three categories
for low values of α.
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Figure 4: The posterior probability assigned to each possible number of components, as a function of the number of observations, number of particles, and α. Blue vertical lines show the true number of clusters K = 2.
however, require that such limitations change with development (as in Newport, 1990) or require or particularly benefit
from a specific input (as in Elman, 1993). In fact, the constraints imposed by limited tolerance for uncertainty in the
particle filter model examined here are in a sense the opposite
of the “less is more” hypothesis: these constraints allow the
learner to impose stronger a priori preference for simple explanations and still learn, rather than constituting a simplicity
preference in and of themselves. Indeed, one of the advantages of the kind of cognitively constrained rational models
described here is that it allows a principled exploration of the
way that cognitive constraints interact with different kinds of
input and structural assumptions on the part of the learner
(Rohde & Plaut, 1999; Siegelman & Arnon, 2015).
Additionally, specifying and exploring such models of human behavior also has the potential to improve basic computational techniques as well. We know that humans do manage
to learn the underlying cluster structure from unsupervised
input like this. The particular ways in which models fail at
this task can be instructive for creating better models. This
may mean taking into account higher-order structure where
it’s present, like phonotactic and lexical regularities (Feldman et al., 2013). But it might also motivate specific techniques to get around the difficulty of moving from more complex to less complex clusterings, like adding the possibility of
merging clusters when rejuvenating particles (analogously to
reversible-jump MCMC, Green, 1995).

Finally, distributional learning continues even in adult listeners, both in second language learning (e.g., Pajak & Levy,
2011) and in adapting to unfamiliar talkers (Clayards, Tanenhaus, Aslin, & Jacobs, 2008; Xie, Theodore, & Myers,
2017). The same Bayesian models that have been applied
to distributional learning in acquisition can explain many of
the patterns observed in adaptation (Kleinschmidt & Jaeger,
2015). Listeners are able to maintain some uncertainty
about how previous tokens ought to be categorized (Bicknell,
Tanenhaus, & Jaeger, submitted), but it is currently unclear
how this constrains their ability to learn from distributional
information. The models explored here could just as easily
be applied to adaptation in adults as acquisition in children.

Conclusion
Approximately-rational models like the particle filter provide
a possible bridge between computational-level models and
psychologically plausible algorithmic-level cognitive models.
A particle filter model of phonetic distributional learning is
able to learn the underlying cluster structure of the English
/b/-/p/ contrast based only on the distribution of a single cue
(VOT). This shows that it is possible to approximate optimal Bayesian inference in this domain without making the
psychologically-implausible assumptions of batch processing and unlimited tolerance of uncertainty. However, the
behavior of this approximation also diverges in potentially
interesting ways from a less-constrained approximate infer-
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ence model (a Gibbs sampler), suggesting that the constraints
posed by limited cognitive resources are a critical piece of the
puzzle in understanding cognition, even for computationallevel modeling (Marr, 1982).
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Abstract
Research has found that when children or adults attempt
to explain novel observations in the course of learning,
they are more likely to discover patterns that support ideal
explanations: explanations that are maximally simple and
broad. However, not all learning contexts support such
explanations. Can explaining facilitate discovery
nonetheless? We present a study in which participants
were tasked with discovering a rule governing the
classification of items, where the items were consistent
two non-ideal rules: one correctly classified 66% of cases,
the other 83%. We find that when there is no ideal rule to
be discovered (i.e., no 100% rule), participants prompted
to explain are better than control participants at
discovering the best available rule (i.e., the 83% rule).
This supports the idea that seeking ideal explanations can
be beneficial in a non-ideal world because the pursuit of
an ideal explanation can facilitate the discovery of
imperfect patterns along the way.
Keywords: explanation; learning; scientific practice

Introduction
Carl Hempel suggested that two human concerns
provide the basic motivation for all scientific research
(Hempel, 1962): “man’s persistent desire to improve his
strategic position in the world by means of dependable
methods for predicting and…controlling the events that
occur in it,” and “his deep concern to know the world he
lives in, and to explain, and thus to understand, the
unending flow of phenomena it presents to him.”
Hempel isn’t alone in highlighting a special role for
explanations in science: others identify explanatory
theories as the “real payoff” of science (Pitt, 1988).
Explanation is also posited to play a central role within
everyday cognition, often in the context of “intuitive” or
“folk” theories. For example, Murphy and Medin (1985)
suggest that intuitive theories are constituted by mental
explanations. Gopnik (2000) suggests that our
motivation to seek explanations supports learning by
leading us to construct more accurate causal maps of the
world.
Why are explanations at the heart of discovery, both in
science and in everyday cognition? In this paper we
propose that explanations play an important role in
learning – even when the environment does not support
ideal explanations – thereby advancing Hempel’s first
motivation for scientific research: the achievement of a
better strategic position in the world through better
prediction and control. The value of explanation is thus

in large part instrumental (Lombrozo, 2011), with the
quest for explanations driving theory construction, and
the generation of explanations linking theory to
application.
Our proposal is motivated by recent work in cognitive
psychology on the role of explanation in learning. This
work suggests that the process of seeking explanations
prompts children and adults to go beyond the obvious in
search of broad and simple patterns, thereby facilitating
the discovery of such patterns, at least under some
conditions (Lombrozo, 2016).
In the present paper we explore an interesting puzzle
that arises from this research. On the one hand, prior
work suggests that when people engage in explanation,
they aim to achieve an explanatory ideal: obtaining
explanations that are underwritten by simple and
exceptionless generalizations. On the other hand, we
know that in real scientific practice and in everyday life,
such generalizations are rarely to be found. Could it be
that searching for ideal explanations is beneficial in part
because it facilitates the discovery of real but imperfect
generalizations – e.g., those that involve some
complexity and exceptions? In other words, is it
beneficial to seek ideal explanations even in a non-ideal
world? We report an experiment that suggests that it is:
prompting learners to explain makes them more likely to
discover a “good” explanation, even if it is not an ideal
explanation.

The role of explanation in learning
Decades of research reveal that the process of
explaining – even to oneself – can have powerful effects
on learning (e.g., Fonseca & Chi, 2011; Lombrozo,
2012; Chi et al., 1989). Several psychological processes
contribute to this phenomenon. For example, attempting
to explain something can help people appreciate what
they do not know (Rozenblit & Keil, 2002), make them
accommodate new information within the context of
their prior beliefs (Chi et al., 1989; Williams &
Lombrozo, 2013), and lead them to draw new inferences
(Chi, 2000). There is also evidence that when engaged in
explanation, both children and adults seek explanations
that are satisfying, where satisfying explanations are
those that account for what is being explained by appeal
to broad and simple rules or patterns (Lombrozo, 2016).
For example, Williams and Lombrozo (2010, 2013)
found that when presented with an array of items
belonging to two categories, adults who were prompted
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to explain why each item belonged to its respective
category (e.g., why robot A is a “glorp” and robot B is a
“drent”) were more likely than those in control
conditions to discover a subtle classification rule that
accounted for the category membership of all items on
the basis of a single feature (see also Walker et al., 2017).
This was true whether participants in the control
condition were prompted to describe the category
exemplars, to think aloud as they studied them, or to
simply engage in free study.
What is it about broad and simple patterns that satisfies
the demands of explanation? Or conversely, what is it
about patterns with exceptions or additional complexity
that fails to satisfy the demands of explanation? Recent
work by Kon and Lombrozo (in prep., 2017) contrasts
two possibilities: that explainers favor exceptionless
patterns because such patterns maximize predictive
power, or that explainers favor exceptionless patterns
because such patterns make for more virtuous
explanations – that is, for explanations that exhibit the
explanatory virtues of simplicity and breadth. To
differentiate these alternatives, they created learning
tasks in which participants could achieve perfect
predictive accuracy on the basis of two salient features
of the stimuli (thus achieving breadth at the expense of
simplicity), or potentially discover a more subtle pattern
that also supported perfect predictive accuracy, and did
so on the basis of a single feature (thus achieving both
breadth and simplicity, but at the cost of greater
cognitive effort). Participants who were prompted to
explain were significantly more likely than those in a
control condition to discover the more subtle rule. This
suggests that the salient, predictively perfect (but less
virtuous) alternative was insufficient to satisfy their
explanatory drive. This fits well with a familiar
observation from science: the most predictive model
isn’t always the most explanatory. Explanation seems to
require something more than successful prediction.
Despite these synergies between our experimental
studies and observations about science, an important
puzzle remains: scientists rarely succeed in identifying
truly exceptionless laws. Especially within the social
sciences, generalizations are invariably imperfect and
riddled with exceptions. In some domains, accounting
for even 75% of the variance in the manifestation of
some property is a notable achievement. Could it be that
engaging in explanation motivates learners to search for
simple, exceptionless patterns, but that in the course of
doing so, they’re also more likely to discover other subtle
but imperfect regularities that nonetheless constitute an
advance?
Evidence that this could be so comes from Experiment
3 of Kon and Lombrozo (in prep), in which participants
were tasked with learning how to determine whether
novel creatures eat flies or eat crabs. Half the participants
were prompted to write down an explanation for each

observation (i.e., for why a particular creature eats flies
or crabs), and half (in the control condition) were
prompted to write down their thoughts about that
observation. The observations were designed to support
two possible generalizations. First, participants could
learn to predict the diet of all studied examples on the
basis of two features of the stimuli, their habitat and age,
which was a complex but exceptionless pattern. Second,
participants could learn to predict the diet of a majority
of studied examples (75%) on the basis of a single
feature, snout direction, which was a simple rule, but one
with exceptions. Kon and Lombrozo found that
participants who were prompted to explain were more
likely than those in the control condition to discover each
of these rules, presumably because they stumbled across
them in their search for an ideal explanation: one that
was both simple and exceptionless. This finding suggests
that even if a simple, exceptionless pattern describes
some explanatory ideal that is rarely realized, the pursuit
of this ideal could spur meaningful discoveries. In the
current experiment, we pursued a more systematic test of
this possibility.

Experiment
Our experiment investigates whether in the absence of
an ideal pattern (i.e., one that is both maximally simple
and broad), engaging in explanation can nonetheless
facilitate the discovery of the best available alternatives.
To test this, we designed a task in which participants
learned to classify items into one of two categories. As
they studied twelve labeled exemplars (six from each
category), they were prompted either to explain or to
write down their thoughts about the category
membership of the exemplars. Two rules could be used
to categorize the items. One rule was fairly salient and
therefore easy to discover, but only captured the category
membership of 8 of the 12 exemplars (it was thus a “66%
rule”). Another rule was much more subtle, but captured
the category membership of 10 of the 12 exemplars (it
was thus an “83% rule”). So while the latter rule still fell
short of the ideal (i.e., a rule that captured all 12 items, a
“100% rule”), it was superior to the initial rule along the
dimension of breadth.
If explaining facilitates the discovery of the best
possible rule, even if it is imperfect, we would expect
participants prompted to explain to be more likely than
those in the control condition to discover the 83% rule.
By contrast, if effects of explanation are restricted to the
ideal case – an exceptionless rule – then we would expect
participants prompted to explain to perform no better
than those in the control condition.
In addition to the non-ideal world condition just
described, we also considered an ideal world condition,
in which the more salient rule accounted for 83% of
cases. This more familiar situation is a replication of
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THONT SOMP
Figure 1: Flower Stimuli. For these flower stimuli, the better rule (100% in the ideal world condition and 83% in the nonideal world condition) is that SOMP flowers have two concentric circles in their centers whereas THONT flowers have one
circle in their center, and the worse rule (83% in the ideal world condition and 66% in the non-ideal world condition) is that
the petals of SOMP flowers are mostly one color, while the petals of THONT flowers are mostly rainbow-colored. Within
this figure, the green box contains the items in the non-ideal world condition, and the blue box contains the items in the ideal
world condition. The exceptions to the worse rule are in orange boxes and the exceptions to the better rule are in purple boxes

prior research, but with a larger number of training
exemplars (12 versus 8) to accommodate intermediate
percentages. We included this condition in the
experiment in part as an extension of prior research, but
also to serve as a basis for comparison against the nonideal world condition. Thus we can ask not only whether
a prompt to explain facilitates discovery of a “better”
rule when the better rule is an 83% rule (versus a 66%
worse rule), but also whether the magnitude of this effect
is comparable to the effects of explanation when the
“better” rule is a 100% rule (versus an 83% worse rule).

Method
Participants
The sample consisted of 1293 adults1 (after
exclusions)2 recruited through Amazon Mechanical Turk
and paid for their participation. Participation was
restricted to adults with an IP address within the United
States, and with an approval rating of at least 95% on 50
or more previous tasks. The mean age of participants was
34 (SD = 11, min = 18, max = 81); 509 participants
identified as male and 777 as female.
Materials
The stimuli consisted of ten sets of twelve items. The
twelve items in each set depicted flowers, containers,
objects, simple robots, or complex robots from the ideal
world or the non-ideal world. Throughout this paper we
will use flowers as an illustrative example.
Each set contained items from two categories, with six
items belonging to each category. For each set,
participants could use two possible rules to determine
1

Data are from two collections; results are the same within
each subsample (see footnote 6 for full details).
2
An additional 1007 participants failed attention or memory

which category an item belonged to. One rule was
always “better” in the sense that it could be used to
correctly categorize more items than the “worse” rule. In
the ideal world condition, the better rule was a “100%
rule,” and the worse rule was an “83% rule” (see Figure
1). For the non-ideal world condition, the better rule was
an “83% rule,” and the worse rule was a “66% rule.”
Procedure
The task consisted of a study phase followed by a
reporting phase and a rule rating phase. At the start of
the study phase, participants were randomly assigned to
one of four conditions, which were created by crossing
two prompt-types, Explain or Write Thoughts, with two
pattern-types, ideal world or non-ideal world.
Participants were randomly assigned to see one of the
stimulus sets.
In the study phase, all participants were told to study
the items, and that after the study phase they would be
asked questions about how to determine which category
each item belongs to. Participants were presented with a
randomized array of the twelve items corresponding to
their condition’s pattern-type (ideal world or non-ideal
world). They were then prompted to focus their attention
on each item, individually, in a random order, with a
prompt determined by the experimental condition to
which they were randomly assigned. Participants in the
explain conditions were told (for example) to “try to
explain why flower A is a SOMP flower.” Participants
in the write thoughts conditions were told to “Write out
your thoughts as you learn to categorize flower A as a
SOMP flower.” Participants were given 50 seconds to
respond to each prompt by typing into a text box, at
checks (see footnote 4) and were therefore excluded from
analyses. We indicate any cases in which these exclusions
affect the statistical significance of results.
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which time their responses were recorded and the
prompt for the next item appeared.
In the reporting phase, participants were asked to
report all patterns that they noticed that differentiated
SOMPS and THONTS, even if the patterns were
imperfect. In addition to describing the rule they
discovered in a free-response box, participants were
asked how many of the twelve items they thought
followed the rule.
After finishing the reporting phase, participants were
again presented with all twelve items as well as four
candidate rules, presented in a random order, purporting
to explain “why flowers A-F are SOMPS (as opposed to
THONTS).” We will not consider this rating data here.3
Before concluding the experiment, participants
completed an attention and memory check question that
served as the basis for participant exclusion. This
consisted of a fairly long passage that asked them to select
“None of these objects look familiar” and to write in the
category of the item they recognized. Finally, participants

were asked to report their age and sex.

Results
Overall rule reporting. Participants reported finding
an average of 1.23 patterns (SD = 1.23, min = 0, max =
9) that they reported accounted for an average of 8.18
exemplars (SD = 3.13, min = 0, max = 12). Reported
patterns were coded for mention of the better and/or
worse rule.
Better rule reporting. To test whether explanation
prompts affected discovery of the better rule (100% or
83%, depending on pattern-type), and whether effects
differed across pattern-type (see Figure 2), we conducted
a logistic regression predicting whether participants
discovered the better rule (yes vs. no) by prompt-type
(explain vs. write thoughts) x pattern-type (ideal world
vs. non-ideal world) x stimulus-type (flowers vs.
containers vs. objects vs. simple robots vs. complex
robots). This revealed a significant effect of prompt-type
on reporting the better rule (χ2 = 17.23, p < 0.01), with
higher discovery rates for participants prompted to
3

Data on the complex robot stimuli were collected separately
from the other 4 stimulus-types and participants did not
complete the rule rating phase. We combine the data here
because the experimental questions and results were the same.
4
There was also a significant main effect of stimulus-type (χ2
= 112.98, p < 0.01), and a significant interaction between
pattern-type and stimulus-type (χ2 = 13.72, p < 0.01).
5
We initially collected a smaller sample size (1309 participants
before exclusions), but the statistical analyses were
inconclusive. Specifically, we found the expected effect of
explanation (with more participants reporting the better rule
when prompted to explain), but we also (a) failed to find an
interaction between pattern-type and prompt-type, suggesting
that the effects of explanation were comparable across the ideal
and non-ideal world conditions, and (b) failed to find a

explain. There was also a significant main effect of
pattern-type, with more participants reporting the better
rule when it accounted for more items (χ2 = 72.38, p <
0.01). The interaction term between prompt-type and
pattern-type was not significant (χ2 = 0.63, p = 0.43). The
interaction term between prompt-type and stimulus-type
was also not significant (χ2 = 6.99, p = 0.14).4 These
findings suggest that explaining indeed facilitated
discovery of the better rule, regardless of whether the
better rule was ideal, and across a range of different
stimulus types.
The results of this analysis are consistent with the
hypothesis that when explaining, people seek simple and
exceptionless rules, but that in the course of doing so,
they are likely to discover “good” rules that may
nonetheless fall short of this ideal. To verify this pattern
of results for each pattern-type, we ran additional logistic
regressions for the ideal world condition and non-ideal
world condition separately. We found that explainers
reported the better rule significantly more often than
those who wrote their thoughts within the ideal world
condition (χ2 = 15.53, p < 0.01) and also within the nonideal world condition (χ2 = 3.94, p = 0.05).5 These results
further support the claim that engaging in explanation
can facilitate discovery of the best available rule, even
when it is imperfect.
Worse rule reporting. Previous studies have found
that prompting participants to explain can sometimes
decrease worse rule reporting relative to a control
condition (e.g., Edwards et al., 2013; Williams &
Lombrozo, 2010, 2013). To analyze worse rule reporting
we ran another logistic regression: discovered the worse
rule (yes vs. no) by prompt-type (explain vs. write
thoughts) x pattern-type (ideal world vs. non-ideal
world) x stimulus-type (flowers vs. containers vs. objects
vs. simple robots vs. complex robots). The effect of
prompt-type was not significant (χ2 = 0.39, p = 0.53).
The effect of pattern-type was significant (χ2 = 84.79, p
< 0.01): participants reported the 83% worse rule more
often than the 66% worse rule. However, the interaction
between prompt-type and pattern-type was not
significant effect of the explanation prompt when restricting
analysis to the non-ideal world condition, suggesting that
explanation did not have an effect under these conditions.
Because (a) and (b) supported different conclusions, we
collected additional data. It is worth noting that while
increasing the sample size did change the statistical
significance of the effect of explanation within the non-ideal
world condition, the proportions of participants reporting the
rules remained fairly unchanged by the increased sample size
(approximately 15% of the explainers reported the imperfect
better rule in both the initial and increased sample, and
approximately 10% of control participants reported the
imperfect better rule in the initial sample, and approximately
9% reported it in the increased sample). This suggests that the
initial sample was simply underpowered.
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significant (χ2 = 1.00, p = 0.32).6 These findings suggest
that while explaining improved discovery of the better
rule, it did so at no cost to discovery of the worse rule.

The results of our experiment both replicate and
extend prior research. Consistent with prior research, we
found that a prompt to explain facilitated discovery of a
subtle, exceptionless rule. Going beyond prior research,
we also found some support for the possibility that a
prompt to explain facilitates the discovery of a subtle
rule that involves exceptions, albeit fewer exceptions
than a more salient alternative. This helps resolve the
puzzle with which we began. On the one hand, scientists
and everyday learners are often driven to achieve an
explanatory ideal with a prominent role for exceptionless
laws and theories that support simple explanations. On
the other hand, regularities in the natural world quite
often have exceptions, and simple explanations are not
always forthcoming. Our findings suggest that the
process of seeking ideal explanations may be beneficial
because it supports discovery, and that these beneficial
effects on discovery are not restricted to the ideal case:
explaining can facilitate the discovery of subtle patterns
even when those patterns do not account for all cases.
This finding is broadly consistent with the idea of
“Explaining for the Best Inference” (EBI), introduced by
Wilkenfeld and Lombrozo (2015): the process of

explaining can sometimes be beneficial because it has
positive downstream consequences on what we learn and
infer.
Needless to say, our artificial learning tasks are a poor
match to many real-world cases, and our classification
rules are a poor match to rich scientific or folk-theoretic
explanations. The research we present here is no
substitute for more ecologically valid approaches and
more naturalistic studies of advance within and beyond
scientific cases. That said, we expect the learning
mechanisms documented here to apply quite broadly.
For example, findings concerning the effects of
explanation in artificial classification tasks (Williams &
Lombrozo, 2010) have been replicated with propertygeneralization tasks that involve meaningful causal
explanations (Kon & Lombrozo, in prep, 2017). The core
phenomena found with adults have also been
successfully replicated with preschool-aged children
(Walker et al., 2014, 2017). These findings suggest that
effects of engaging in explanation are fairly widespread
and baked into our explanatory activities from a young
age.
Although our findings extend the range of contexts in
which explanation prompts have been shown to be
beneficial, it is worth noting that there are known
contexts in which explanation is not beneficial. In
particular, Williams, Lombrozo, and Rehder (2013)
found that if there is no pattern available to be found,
explanation is actually harmful: participants seem to
perseverate in looking for one, leading to erroneous
overgeneralizations. Our current findings show that as
long as there is some pattern to be found that is beneficial
in a given learning task, explanation can promote its
discovery.
It is also worth noting that there could be interventions
other than explanation that lead to the kinds of benefits
explanation tends to produce. In particular, if explaining
helps by making learners accommodate information in
the context of their prior beliefs (Williams and
Lombrozo, 2013) and extract the broader statistical
structure of a category (Edwards et al., 2013), then we
might expect that other interventions that also
accomplish this could have a similar effect. We have
some evidence that this is the case: in a follow-up to the
experiment reported here, participants received an easier
version of the task in which items were grouped by
category in two 3x2 groups, and participants were asked
to study all items of a category together rather than being
asked about each individually. This change in
presentation format had no effect on explainers, but led
to a significant benefit for non-explainers, leading them
to explainer-level performance. Studies along these lines
can help pin down the mechanisms by which explanation

The effect of stimulus-type was also significant (χ2 = 57.08, p
< 0.01); no interactions were significant (without exclusion

criteria, the interaction between pattern-type and stimulus-type
was significant (χ2 = 13.79, p = 0.01)).

Explain Non-Ideal world
Think Non-Ideal world
Explain Ideal world
Think Ideal world

Better

Worse

Figure 1: The proportion of participants reporting each rule in
Experiment 1, as a function of rule type, condition, and
prompt. Error bars correspond to 95% confidence intervals.
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generates the observed effects, and which are shared
with other cognitive processes.
Some limitations of these studies should be
acknowledged. Our participant pool was restricted to
online participants within the United States, our learning
tasks occurred over a short time scale, and participants
were almost certainly more motivated to receive their
pay than to uncover the structure of our artificial worlds.
Moving forward, it will be important to pursue research
that preserves the experimental control of the studies we
present here while simultaneously overcoming these
limitations. It’s also worth noting that some participants
in our control condition almost certainly engaged in
explanation spontaneously; our comparison is truly
between non-prompted explanation and (what we
presume to be higher levels of) prompted explanation. If
anything, though, this makes the existence and
magnitude of our effects more impressive.
Zooming out, our findings support a functionalist
approach to explanation (Lombrozo, 2011). On this
view, explanation is crucial to science and everyday
cognition because it serves an instrumental role. By
pursuing explanations of the natural world, we’re more
likely to generate discoveries and develop theories that
in turn improve our strategic position in the world,
satisfying Hempel’s first motivation for science by
pursuing the second.
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Abstract
Leading theories of risky choice predict that decision makers
are sensitive to the variability of payoff distributions. Yet, little is known about how experience affects perceived variability. Existing empirical research on risky choice provides only
inconclusive evidence about this issue because choices are not
only affected by perceived variability but also perceived value
and (unobserved) risk preferences. In re-analyses of experimental data and survey data from two nationally representative
panels, we show that perceived variability strongly depends on
sample variability. In a new experiment, we also demonstrate
that perceived variability systematically depends on sample
size, a result consistent with the predictions of a recent theoretical paper by the authors (Konovalova & Le Mens, 2017).
Keywords: Experience, Learning, Risky Choice, Sampling,
Variability

Introduction
A large amount of research has studied decisions under risk.
Leading models such as expected utility theory (Von Neumann & Morgenstern, 2007) or cumulative prospect theory
(Tversky & Kahneman, 1992) assume that choice depends on
the payoff distributions of the available alternatives as well
as the risk preference of the decision maker. Two features
of payoff distributions have received a particular amount of
attention: the mean and the variance (the first and second
moments). Consider, for example, expected utility theory.
According to this theory, a risk-neutral decision maker will
choose an alternative that maximizes expected payoff or, in
other words, with the highest mean of its payoff distribution.
And a risk-averse decision maker who faces a choice between
several alternatives with the same mean payoff will choose an
alternative with minimal payoff variance.
A number of researchers have noted that in many (maybe
most) naturally occurring environments, decision-makers are
not provided with explicit descriptions of the payoff distributions. Instead, they have to learn the relevant features of
these payoff distributions from experience (Hertwig, Barron,
Weber, & Erev, 2004; Weber, Shafir, & Blais, 2004). In such
environments, to be valid, the choice theories which assume
that payoff mean and variance affect risky choice have to invoke perceived mean and variance rather than true mean and
variance.
It is well-known that when people learn about the mean of
the payoff distribution of an alternative by sampling it a number of times, the perceived mean tends to be close to the sample mean (Busemeyer & Myung, 1992; Hogarth & Einhorn,
1992; Denrell, 2005; Le Mens, Kareev, & Avrahami, 2016).

Much less is known, however, about how experience affects
perceived variance. In this paper, we address this issue.
With few exceptions, most of the research that bears to
the question of how experience affects perceived variability
comes from the literature on risky choice from experience
(e.g., Hertwig et al., 2004; Weber et al., 2004). For example, in an influential paper, Weber et al. (2004) provided evidence that the coefficient of variation (the standard deviation
divided by the mean) is a good predictor of risky choice in
a setting where participants learned the payoff distributions
from experience (Experiment 1). This suggests that both perceived mean and perceived variance matter in learning-bysampling environments. The authors provided some evidence
for the link between sample variability and perceived variability. Their study included settings that differed in terms
of the variances of the payoff distribution, but with the same
means. When the variance was higher, choices were more
risk-averse. However, the investigators did not elicit perceived variance nor report the variance of the samples collected by participants. Because choice behavior is also affected by risk preferences and perceived value, the observed
difference in behavior does not unambiguously indicate a difference in perceived variance.
The rest of the paper is made of two main sections. The
first section focuses on the association between sample variance and perceived variance. We discuss existing evidence
and report re-analyses of several existing datasets (an experiment and two datasets extracted from surveys of representative samples of the population of two countries). We find
support for the hypothesis that perceived variance systematically depends on sample variance. We also find evidence that
both sample variance and perceived variance tend to be lower
than the true variance. These later results are consistent with
the theoretical predictions of the model introduced by the authors in a recent paper (Konovalova & Le Mens, 2017). The
second section concerns the sensitivity of perceived variance
to sample size. Our review of the existing evidence and the results of a new experiment indicate that people tend to perceive
larger samples as more variable than smaller samples. This is
again consistent with the predictions of the model analyzed
by Konovalova and Le Mens (2017). Moreover, consistent
with the mechanism proposed by Konovalova and Le Mens
(2017), we find that sample variance mediates this effect. By
contrast to most prior research on decisions from experience,
we do not rely on a task environment where decision makers
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have a hedonic goal. Instead, we directly elicit beliefs about
variance. This eliminates the potentially confounding effects
of perceived mean and unobserved risk preferences.

Sample Variability and Perceived Variability
Existing Evidence

not as strong as it could be. In the study by Kareev et al.
(2002), sample variability did not vary. And in the study by
Weber et al. (2004), the samples observed by the participants
were not analyzed. Next, we analyze data from a study that is
not subject to these limitations.

New Analysis of Existing Experimental Data

Early studies noted that central tendency and extreme observations were more salient than other observations (Hamilos &
Pitz, 1977) and that participants put more weight on smaller
deviations than on larger ones (Beach & Scopp, 1968).
The most comprehensive investigation of the association
between sample variability and perceived variability was conducted by Kareev, Arnon, and Horwitz-Zeliger (2002). Their
Experiment 1 was specifically designed to analyze this association. In this experiment, participants went through two
tasks with the same structure (for brevity, we describe just
one of the tasks): Participants first observed a population of
28 items that differed from each other on just one dimension.
The items were paper cylinders of the same shapes colored up
to a certain height. The height of coloring was the focal dimension. The coloring height was normally distributed with
mean 6 cm and standard deviation 1.955 cm.
Participants then completed a comparison task: They were
shown two additional populations of 28 items and were asked
to identify the population most similar to the original. Unbeknown to the participants, one of the two comparison populations was the same as the population they saw. The other comparison population had higher variability (the distribution of
coloring height had mean 6 cm and standard deviation 2.112
cm) or lower variability (same mean and standard deviation
1.811 cm).
The authors were interested in the proportion of participants who would select the non-identical population when it
had higher or lower variability (the correct choice was to select the identical population). They found that when this alternative had lower variability, it was more likely to be selected
than when it had higher variability. This result indicates that
participants were sensitive to the variability of the population
and that they had a systematic tendency to underestimate the
variability.
Experiment 1 in Weber et al. (2004) also provides evidence
that people are sensitive to sampled variability. These authors
focused on risky choice situations where one of the alternatives had a sure payoff x, and the risky alternative had a probability p to yield a high payoff y > x and 1 − p to yield a low
payoff. Participants made choices based on experience: they
were not provided with a description of the payoff distributions, but instead had to learn by sampling the two alternatives. The authors found that people were less likely to select
the risky alternative when its coefficient of variation (CV) was
high. This indicates that the perceived variability of the risky
alternative was influenced by the sampled variability of that
alternative.
These studies provide suggestive evidence that sample
variability affects perceived variability. Yet, the evidence is

We re-analyzed data collected by Goldstein and Rothschild
(2014). In this online experiment, the authors told the participants that they had a very large bag with balls, that each
ball had a number written on it, and that the range of numbers
was 1 to 10. Participants were then shown 100 balls from the
urn in a random order. It is important to note that the composition of the sample of 100 balls was not ‘random’, but was
generated to be as close as possible to the generating distribution. In particular, the sample variance was essentially the
same as the variance of the generating distribution. After seeing the sample, beliefs about the distribution of numbers were
elicited using a tool designed by the authors called the ‘distribution’ builder. They also elicited the perceived 10%-90%
range.1 Goldstein and Rothschild (2014) write
After observing all 100 numbers from a randomlyassigned distribution and shuffle combination, respondents are told “Now imagine we throw the 100 balls you
just saw back into the bag and mix them up. After that,
we draw again 100 balls at random” [...] Respondents
[were] asked “How many balls of each value (from 1 to
10) do you think we would draw?” By clicking on buttons beneath columns corresponding to the values from
1 to 10, respondents place 100 virtual balls in ten bins,
ultimately creating a 100-unit histogram that should reflect their beliefs about a new sample drawn from the
same population that gave rise to the sample they initially observed.
For the range task, participants were told that instead of 100
balls they would just draw one ball. Then they completed the
following statements: “I am 90% certain the value of this ball
would be greater than or equal to ...” and “I am 90% certain
the value of this ball would be less than or equal to ...”. In a
between participant design, the authors used six distributions
(Figure 1) which had four unique variances.
Figure 2 shows that the variance of the elicited distribution
is increasing in the variance of the sampled distribution. A
one-way ANOVA shows that this effect is strongly significant
(F(3, 117) = 6.76, p < 0.001). Similar but weaker results
hold for the range task (F(3, 116) = 2.50, p = 0.063). These
results indicate that perceived variability strongly depends on
the variability of the sample. Next, we provide concurrent
evidence from two non-experimental settings.
1 The distribution and range tasks were two of the tasks they used,

they also similarly measured percentiles of the distribution. We focus on the data from these two tasks since it is the most comprehensive assessment of the distributional beliefs of the participants.

1946

Variance of the Perceived Distribution

Figure 1: Distributions used in Goldstein and Rothschild (2014).
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Figure 2: Analysis of the Goldstein and Rothschild (2014)
data: Box plot of the impact of the higher variance of the
sampled distribution on the variance of the perceived distribution.

Longitudinal Internet Studies for the Social
Sciences (LISS) data
We analyzed data from the Longitudinal Internet Studies for
the Social Sciences (LISS) panel. These data are from a
representative sample of the Dutch population and were collected by CentERdata in collaboration with Galesic, Olsson,
and Rieskamp (2012). The project explored the relationship
between the social circles of the respondents (the individuals
with whom they interact most frequently) and their perceptions of the national population as a whole. In this study, the
authors asked respondents about ten characteristics related to
their financial situation, friendships, health, work stress and
education. The respondents reported their beliefs about the
distribution of these characteristics on a 7-point scale. They
were also asked to estimate the distribution in the general
population of the Netherlands with questions such as “What
percentage of adults living in The Netherlands fall into the
following categories”. In a second wave, participants were
asked to provide the distribution in their social circle with
questions such as “What percentage of your social contacts

fall into the following categories?”. ‘Social contacts’ were
defined as “all adults you were in personal, face-to-face contact with at least twice this year.” (quoted from the codebook
of the second wave of the study).
The authors were interested in how social sampling impacts beliefs about population characteristics. In their analyses, they assumed that available samples of the population
were made of their social circles. Here, we rely on the same
assumption.
We focus on one specific aspect of the social circle and
perceived population distributions: their variance. For each
of the ten characteristics, we regressed the variance of the
perceived population distribution on the variance of the social circle distribution. The slope coefficient is significantly
positive for all ten characteristics. It is also positive in a regression that pools the data about all ten characteristics and
includes characteristic fixed effects (coefficient = 0.15, see
Table 1). It is worth noting that the coefficients are somewhat
far from 1. This indicates that the distribution in the social
circle is not the only factor affecting the perceived population
distribution. This is not surprising because it is unrealistic
to expect that people’s only source of information about the
population is their social circles. People interact with many
others who are not part of their immediate social circles, read
and watch about others in the media, etc. Yet, these results
provide a clear indication that the variance of the sampled
distribution affects the variance of the perceived population
distribution.
Understimation of True Variability In a recent paper,
Konovalova and Le Mens (2017) demonstrated that for a
number of measures of variability, sample variability (VS ) is
more likely to be below the true variability than above the true
variability (VR ): P(VS < VR ) > P(VS > VR ). This prediction
holds in particular for the case where the measure of variability is sample variance. We tested this prediction using the
LISS panel data. For each characteristic, respondents were
asked to indicate their position on the seven-level scale. This
allowed us to construct the true population distribution. The
data were collected in two waves. In each wave, participants
indicated their position in the distribution. The results dis-
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Table 1: Columns 1-2: Results of the regression analysis
for the variance of the perceived distribution in LISS data.
DV: Variance of the perceived population distribution (VP );
IV: Variance of the social circle (VS ). The results are shown
for each domain (estimated constants are omitted) and for
the whole panel with characteristic fixed effects. ∗∗∗ : p <
0.01,∗∗ : p < 0.05,∗ : p < 0.1. Standard errors are in the parentheses. Columns 4-5: comparison between the variance of
the perceived population distribution (VP ), the variance of the
social circle distribution (VS ) and the variance of the real population distribution (VR ) in LISS Panel Data.
Characteristic
Amount
of Stress
Personal
Income
Household
Income
Wealth
Number of
Friends
Level of
Education
Number of
Problems
Number of
Meetings
Number of
Conflicts
Number of
Dates
Pooled data

VS
0.10***
(0.02)
0.12***
(0.02)
0.13***
(0.03)
0.12***
(0.03)
.16***
(0.02)
0.16***
(0.03)
0.19***
(0.04)
0.21***
(0.03)
0.13***
(0.04)
0.18***
(0.10)
0.15***
(0.01)

N
1,407
(0.04)
1,408
(0.03)
1,407
(0.02)
1,404
(0.03)
1,408
(0.03)
1,410
(0.02)
1,409
(0.02)
1,299
(0.03)
1,087
(0.03)
277
(0.06)
12,516
-

Sample Size and Perceived Variability
Konovalova and Le Mens (2017) also demonstrated that the
underestimation tendency discussed at the end of the previous
section systematically varies with sample size: It is strong
when the sample size is small and milder when sample size
increases. We formalize this in the following prediction: the
probability that sample variability is smaller than true variability is higher than chance and goes down with sample size.
Moreover, if, as we showed in the previous section, sample
variability systematically affects perceived variability, then
we should observe a similar tendency for perceived variability.

P(VP < VR )
.87

P(VS < VR )
.96

.52

.90

Existing Evidence

.72

.94

.70

.94

.67

.93

.26

.87

.72

.92

.78

.93

.33

.88

.20

.74

.61
-

.92
-

Existing evidence bearing on this prediction is limited. According to our literature search, the only published study that
provides a direct test of this prediction is Experiment 2 in
Kareev et al. (2002). Participants saw two populations of
equal variance (this was unknown to the participants) then
they were asked to indicate which of the two was the less
variable. The stimuli were the same as in their Experiment 1
(discussed in an earlier section). Participants were asked to
judge which of the two populations was more variable (on a
unique dimension). Unbeknown to the participants, the two
populations had the same distribution. They saw a sample
from each population. For one population, participants saw
the whole population (28 items). We call it the ‘large sample
population’. For the other, they draw a random sample of 7
items. We call it the ‘small sample population.’ The majority of participants indicated the small sample population as
the less variable. Participants also completed an incentivized
task where the optimal choice was to select the less variable
population (they were told that two items will be drawn from
the selected population and that they would receive a bonus if
they were close enough). Again, the majority of participants
selected the small sample population. Overall, these results
indicate that the participants perceived the small sample population as less variable than the large sample population.
Although this study provides evidence that the perceived
variability of a distribution increases with sample size, an
alternative explanation is possible. Without the information
about the actual sample variability observed by the participants, it is not possible to rule out the hypothesis that the people perceive a large sample population as more variable even
if the observed sample was not more variable. To address this
limitation, we ran a new experiment.

cussed in the text are based on a real distribution constructed
from the responses of participants about their position collected in the first wave. The results are essentially the same
for the distribution based on the second wave responses. 2
Table 1 reports the proportion of respondents for which the
social circle distribution had a variance lower than the variance of the true population distribution (see column P(VS <
VR )). This was higher than 50% for all ten characteristics, as
well as for the pooled data. A similar pattern was found regarding the proportion of respondents for which the perceived
population distribution had a variance lower than the variance
of the true population distribution (see column P(VP < VR )).
This was higher than 50% for most characteristics. In the
pooled data, the proportion of underestimation is 0.61. In
summary, there is a general tendency for perceived variabil2 There

ity to be lower to true variability, although the asymmetry is
not as strong as for the sampled variability.

is a bit of irony in calling the ‘true population distribution’ a distribution constructed on the basis of a sample of smaller
size than the true population (the population of the Netherlands).
But because this sample is large, (about 1,400 people), its sample
variance is very likely to be almost identical to the population variance.

Experiment
Design. Our design is inspired by features of the experiment in Goldstein and Rothschild (2014) and of Experiment
2 in Kareev et al. (2002). The flow of the experiment was as
follows. After providing consent, participants received the
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Table 2: Proportion of participants who indicated the large sample bag as the more variable. 95% Confidence intervals are in
the brackets.
Question
Q1
Q2
Q3
# part.

All
Observations
.61
[.55, .67]
.70
[.65, .75]
.53
[.48, .59]
303

Conditional on
Large Sample Bag Variance: VL > VS
.68
[.61, .75]
.79
[.72, .85]
.64
[.56, .71]
173

following general instructions: “Imagine we have two extremely large bags: one with RED ping pong balls and one
with BLUE ping pong balls. Each ball (both red and blue)
has a value between 1 and 10 written on it. During the experiment, you will observe balls first from one bag and then
from another. In the end, you will have to judge which bag
has the larger variety of numbers on the balls.” Then, participants observed a random sample from one bag and in the
following block a random sample from the other bag. The
sample sizes were 5 and 50. The pairing of the color and the
sample size was randomized as well as the order in which
the two samples were presented. The samples were drawn
from the same distribution. We used a symmetrical distribution which ranged from 2 to 9 with the following frequencies: [0.01, 0.06, 0.17, 0.26, 0.26, 0.17, 0.06, 0.01]. This distribution is a re-scaled and discretized beta distribution with
parameters α = β = 5.
Each participant observed a unique random sequence from
the distribution. Before each sample, the participants saw a
fixation cross for 450 milliseconds. Then digits appeared on
the screen in quick succession (each digit remained on the
screen for 600 milliseconds).
After participants observed the samples from the two bags,
they answered three questions pertaining the perceived variabilities of the two bags.
• Q1: This question was incentivized. Participants were told:
“Suppose you select two balls from one of the two bags.
Let us call A and B the numbers on the balls. Let D be
the difference between these two numbers. You will get
a bonus of D points. That is, the larger the difference between the two numbers, the higher your bonus (the bonus
cannot be negative).” At the end of the experiment, two
balls were randomly drawn from the chosen bag and participants were paid a bonus proportional to D. The goal was
thus to select the bag with the higher variability.
• Q2: Participants were presented with a continuous slider
where they indicated which bag had the larger “variety of
numbers on the balls”. The minimal value of the slider was
−100 (e.g., ‘The Red bag has more variety’). The maximal
value was 100 (e.g.,‘The Blue bag has more variety’) and
had a midpoint at 0 (e.g.,‘The Red and Blue bags have the

Conditional on
Large Sample Bag Variance: VL < VS
.52
[.43 .60]
.58
[.49, .67]
.40
[.32, .49]
130

Difference
in Proportions
.17
[.05, .28]
.21
[.10, .32]
.24
[.12, .35]
–

same variety’). (The colors at the end of the scales were
randomized and the numeric values were not shown to the
participants).
• Q3: Participants were asked to imagine they would pick
two balls from each of the two bags. Then they were asked
to indicate the bag for which they predicted the two numbers to be closer to each other.
Participants. We recruited 303 participants using Amazon
Mechanical Turk. Participants received a fixed payment for
their time and a bonus based on their responses to Q1.
Predictions. Manipulation check: We anticipated that for
most participants the sample variability (variance) of the large
sample bag (VLc ) would be larger than the sample variability
of the small sample bag (VSc ): P(VLc > VSc ) > .5. Prediction
about perceived variability: Most participants will select the
large sample bag as the more variable bag. Prediction about
the effect of sample variability: The proportion of participants
choosing the large sample bag will be higher when the large
sample bag has the higher variability than when it has the
lower variability.
Results. The results are consistent with our prediction. We
report our analyses by using the corrected sample variance as
the estimator of sample variability.
Manipulation check: For 57% of the participants, the sample variance of the large sample bag VLc was larger than
the corrected sample variance of the small sample bag VSc :
P(VLc > VSc ) = .57, 95%CI = [.51, .63].
Sample size and perceived variability: Most participants
perceived the large sample bag as more variable than the
small sample bag. For Q1, 61% of the participants chose
the bag of which they observed a larger sample. This proportion is significantly above 50% (95%CI = [.55, .67]). For
Q2, 70% of the participants selected a response on the scale
that indicated that the large sample bag had “more variety” (95%CI = [.65, .75]). The mean response was 33.33
(95%CI = [26.5, 40.2]). This is significantly higher than the
mid-point of 0. For Q3, 53% of the participants indicated that
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balls from the bag of which they observed a smaller sample
were closer to each other. This proportion is only marginally
significantly different from 50% (95%CI = [.48, .59], p =
.13).
Sample variability and perceived variability: We computed the proportion of participants who chose the large sample bag as the more variable when its sample variance was
larger. For Q1 it is .68 (95%CI = [.61, .75], n = 173). The corresponding proportion conditional on the larger bag having
the lower sample variance is .52 (95%CI = [.43, .6], n = 130).
The difference in proportions is significantly higher than 0:
d = .17, 95%CI = [.05, .28]. Similar results hold for Q2 and
Q3 (see Table 2).
Summary Most participants perceived the large sample option as more variable than the small sample option even
though the samples were generated from the same underlying distribution. Sample size had a positive effect on sample variability and the difference in sample variabilities had
a positive effect on the difference in perceived variabilities.
The tendency to perceive the large sample option as the more
variable is thus at least partly explained by the difference in
sample variabilities.

Discussion & Conclusion
Existing research acknowledges the importance of sample
variance and size but implicitly assumes that the mapping
between the sample and its mental representation is perfect
(Osherson, Smith, Wilkie, Lopez, & Shafir, 1990; Konovalova & Le Mens, 2017). In this paper, we tested this assumption and provided direct (from experimental data) and indirect (from the analysis of survey data from a nationally representative panel of respondents) evidence of the relationship
between sample variance and perceived variability. Additionally, our analysis shows that people’s sample and perceived
variance tends to underestimate the real variability. We also
provided direct evidence that sample size has a positive effect
on perceived variability and that this relation is at least partly
mediated by sample variance.
We assumed that variance (sample variance or variance of
the perceived distribution) is a psychologically relevant measure of variability. Our experiment provides suggestive evidence it is the case in at least some settings. Yet, existing research has shown that other measures of variability are
sometimes more relevant. For example, Weber et al. (2004)
convincingly argued that in risky choice situations, the coefficient of variation (CV) is a better measure of perceived
variability than variance. Uncovering under what task environment sample variance, the coefficient of variation or other
estimators of variability are the most relevant psychological
constructs is an interesting avenue for future research.
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Abstract
In theory, there exists no bound to a causal explanation – every
explanation can be elaborated further. But reasoners rate some
explanations as more complete than others. To account for this
behavior, we developed a novel theory of the detection of
explanatory incompleteness. The theory is based on the idea
that reasoners construct mental models of causal explanations.
By default, each causal relation refers to a single mental model.
Reasoners should consider an explanation complete when they
can construct a single mental model, but incomplete when they
must consider multiple models. Reasoners should thus rate
causal chains, e.g., A causes B and B causes C, as more
complete than “common cause” explanations (e.g., A causes B
and A causes C) or “common effect” explanations (e.g., A
causes C and B causes C). Two experiments validate the
theory's prediction. The data suggest that reasoners construct
mental models when generating explanations.
Keywords: explanatory reasoning, incompleteness, causal
reasoning, mental models

Introduction
Suppose that you begin to sneeze on a hike through the
woods. Here is one explanation for your experience:
1a. Being outside caused you to breathe in pollen.
b. Breathing in pollen caused sneezing.
On the one hand, the explanation may seem complete. On the
other hand, every explanation can be elaborated further:
assiduous readers may wonder what caused you to be outside
in the first place. Their curiosity suggests that reasoners carry
out a process to detect whether an explanation is incomplete.
No theory of causal reasoning exists that accounts for the
process, and so the present paper proposes a novel theory of
how reasoners assess explanatory completeness.
Some philosophers of science hold that the notion of a
“complete” explanation is nonsensical. Hempel, for instance,
observed that an explanation can be judged complete “only if
an explanatory account…had been provided for all of its
aspects”, but that the notion of completeness was “selfdefeating” because any explanation can have “infinitely
many aspects” (Hempel, 1965/2002). And other theorists
concur: for instance, Rescher argued that “the finitude of
human intellect” demands that we do not equate the adequacy
of an explanation with how complete it is (Rescher, 1995, p.
8; see also Josephson, 2000; Railton, 1981, p. 239).
However, while explanatory completeness may be an
intractable notion in the abstract, the finitude of human
intellect does not prevent reasoners in daily life from judging
whether some explanations are more complete than others.
Pioneering work by Miyake (1986) showed that when people

explain a particular phenomenon (e.g., how a sewing machine
works), they often vacillate between feeling, on the one hand,
that their understanding of the phenomenon is satisfactory
and complete, and on the other, that their understanding is in
need of elaboration. Moreover, Miyake’s investigations
demonstrated that when constructing explanations, there
comes a point at which no further elaboration is possible,
either because the relevant information is uncertain or
unavailable, or because reasoners may fail to recognize what
they do not know. As Keil (2006) observes, the
overwhelming complexity of the world puts highly detailed
explanations of phenomena beyond the reach of individuals,
and so people have no choice but to get by with incomplete,
partial explanations. More recently, when Zemla and
colleagues (2017) asked participants to evaluate natural
explanations, they found that assessments of an explanation’s
incompleteness predicted judgments of the explanation’s
quality – the more incomplete an explanation was judged, the
worse it was perceived (r = -.65). But, as Zemla et al.’s
analysis suggests, explanatory completeness and quality can
diverge: it may be possible to generate explanations that are
complete but of poor quality. Likewise, it is routine in
scientific investigation to generate convincing but tentative
explanations, i.e., those that explain available facts but whose
internal mechanisms leave relevant causal relations
unspecified. Contemporary astronomers, for instance, posit
the existence of an as-yet-unobserved ninth planet to explain
why the Solar System wobbles away from its center (Batygin
& Brown, 2016). Such an explanation is “good” insofar as it
accounts for many different observations, but it is incomplete
without an articulation of what the planet is made of and how
it affects its nearest celestial bodies. Hence, assessments of
completeness can diverge from assessments of quality: an
explanation’s quality depends on corroboratory evidence,
while an explanation’s completeness depends on identifying
and connecting relevant causal relations.

Detecting incompleteness with mental models
Detecting explanatory completeness is an online process
that requires reasoners to mentally represent an explanation
and assess its structure for potentially unspecified causal
relations. In what follows, we present a novel theory that
accounts for the mental representations reasoners use to
assess some explanations as relatively more complete than
others. The theory is based on the idea that humans build
small-scale mental simulations – mental models – when they
reason. Its central prediction is that reasoners should
systematically distinguish complete from incomplete
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explanations when they are unable to build an integrated
explanatory mental model.
The mental model theory – the “model” theory, for short –
posits that people reason on the basis of small, discrete mental
representations of possibilities. The theory applies to
reasoning in a variety of domains, including explanatory
reasoning (Johnson-Laird, Girotto, & Legrenzi, 2004;
Khemlani & Johnson-Laird, 2011, 2012), and reasoning
about causal, spatiotemporal, and abstract relations
(Goldvarg & Johnson-Laird, 2001; Goodwin & JohnsonLaird, 2005). The theory makes three central claims: first,
mental models are representations of a conjunction of iconic
possibilities (Khemlani, Byrne, & Johnson-Laird, in press).
Iconicity implies that the structure of a model corresponds to
the structure of what it represents (see Peirce, 1931-1958,
Vol. 4). But models can also include abstract symbols, e.g.,
the symbol for negation (Khemlani, Orenes, & JohnsonLaird, 2012). Second, reasoners distinguish mental models –
which are initial, incomplete representations that represent
only what is true of a given description – from fully-explicit
models that represent both what is true while keeping track of
what is false in a given description. The theory posits two
primary processes of inference: the first, an intuitive
construction process, rapidly builds and scans initial mental
models, but it is subject to various heuristics and biases. The
second, a slower, deliberative process, revises the initial
models into fully-explicit models, and it can eliminate
systematic errors in reasoning (see, e.g., Khemlani &
Johnson-Laird, 2017). A third assumption of the theory is that
reasoners tend to be parsimonious: the more models that are
required to solve a problem, the harder that problem will be,
and most reasoners spontaneously draw conclusions based on
a single mental model.
The model theory explains how reasoners represent and
make inferences from causal relations (Johnson-Laird &
Khemlani, 2017; Khemlani, Barbey, & Johnson-Laird,
2014), which underlie causal explanations. It posits that
people understand a causal relation as a set of possibilities.
For instance, the full meaning of a causal relation with an
unknown outcome, such as “going outside causes X”, refers
to a conjunction of three separate models of possibilities,
depicted in this schematic diagram:
¬
¬

outside
outside
outside

X
X
¬ X

where ‘¬’ denotes negation. Each row in the diagram
represents a different temporally ordered possibility, e.g., the
first row represents the possibility in which the person goes
outside first and then X occurs. The statement rules out the
situation in which the person goes outside and X does not
occur. The model theory accordingly posits that basic causal
relations are interpreted deterministically (Frosch & JohnsonLaird, 2011).
A strong prediction of the theory is that when prompted to
list the possibilities consistent with a given causal statement,
reasoners should list the three possibilities above. Several

studies corroborate the prediction (e.g., Bello, Wasylyshyn,
Briggs, & Khemlani, 2017; Goldvarg & Johnson-Laird,
2001; Khemlani, Wasylyshyn, Briggs, & Bello, under
review). In daily life, however, people do not reason based on
the full meanings of causal statements. Instead, they rely on
a single mental model to represent “going outside causes X”,
e.g.,
outside

X

A single model permits rapid inferences because reasoners
need to maintain only one possibility in memory. It also
permits the rapid construction of a causal chain of events. The
theory posits, for instance, that when reasoners comprehend
the causal description in (1a-b), they should build an initial
model of (1a) first, e.g.,
outside

breathing-pollen

and then they should integrate a model of (1b) with the model
of (1a), e.g.,
outside

breathing-pollen

sneezing

to create a single model of the phenomenon. One advantage
to representing the causal sequence as a single possibility is
that reasoners can scan the possibility to rapidly draw
temporal inferences, e.g.,
2a. The person breathed in pollen before sneezing.
b. The person sneezed after he went outside.
The inference in (2a) comes about as a result of scanning the
possibility from right to left. The inference in (2b) reflects a
scan of the possibility from left to right. Hence, an
explanatory mental model in the form of an integrated
representation of a causal possibility is a productive
representation in that it yields sensible temporal and causal
inferences.
We propose the principle of explanatory completeness,
which extends the model theory of causal reasoning to
account for how reasoners detect incompleteness. The
principle defines a complete causal explanation as a mental
model of a single possibility that represents one or more
causes and one or more effects. One of the effects constitutes
the explanandum, i.e., the thing to be explained. In contrast,
incomplete explanations are those that refer to two or more
models of possibilities that may or may not share causes and
effects. When generating explanations, reasoners should
spontaneously construct complete explanatory models
instead of incomplete ones.
The principle posits that reasoners should deem an
explanation complete if it can be represented by a single
causal mental model, e.g., of (1a-b):
outside

breathing-pollen

sneezing

The principle yields a novel prediction: causal descriptions
known as “common cause” and “common effect”
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explanations (Read, 1988; Rehder & Hastie, 2004; Salmon,
1978) should be considered less complete than “causal
chains” (e.g., 1a-b). For instance, consider the “common
effect” explanation in (3):
3. Being outside caused sneezing and having a cold caused
sneezing.
The model theory predicts that mental models of the
description in (3) should be iconic, i.e., they should reflect
the structure of what they represent. Since the description in
(3) concerns two separate, unrelated causes, reasoners should
construct two separate models to represent the statement, e.g.:
outside
having-a-cold

sneezing
sneezing

One model of (3) would not suffice, because it would
represent the situation in which being outside and having a
cold caused sneezing.
An analogous argument holds for the “common cause” in
(4):
4. Being outside caused sneezing, and being outside
caused frostbite.

Fifty of the participants were native English speakers, and all
but six had taken one or fewer courses in introductory logic.
Task. The experiment invited participants to think of
themselves as teachers who had to evaluate their students’
explanations for why a particular novel event, C, took place.
Participants evaluated whether a putative causal explanation
for C was complete by using a slider bar to indicate a number
on a Likert scale from 1 (definitely incomplete) to 5
(definitely complete).
Materials. The content of the events (A, B, and C) was drawn
from four separate domains (natural, biological, social, and
mechanical). Each set of materials was a collection of
candidate properties or behaviors of a novel entity. These
properties and behaviors were designed such that any one
property or behavior could serve as a cause or a resulting
effect of any other. The materials are available at
https://osf.io/3ezb5. For instance, one set of materials
concerned a mechanical device used in factories called a
“Zindo,” and so some participants were instructed to evaluate
students’ explanations for why the Zindo narrows an
aperture. For example, participants might have evaluated
the following explanation:
Releasing a valve [A] causes the Zindo to engage a pump [B].
Engaging a pump [B] causes the Zindo to narrow an aperture [C].

It requires reasoners to represent two distinct models:
outside
outside

sneezing
frostbite

Some reasoners may spontaneously consult background
knowledge to infer whether the two possibilities can be
reconciled, but, failing that, the principle of explanatory
completeness predicts that the two possibilities should be
considered incomplete.
We describe two experiments that tested the principle of
explanatory completeness. The experiments compared causal
chains with common effect explanations, as in (3), and
common-cause explanations, as in (4), and they served to
provide a definitive test of the model theory of explanatory
completeness. The principle of explanatory completeness
predicts that only causal chains should be represented by a
single mental model, and so causal chain structures should be
considered more complete than the latter two structures.

Experiment 1
Experiment 1 tested how reasoners assess the completeness
of explanations. The model theory predicts that they should
consider explanations in the form of causal chains (e.g., A
causes B and B causes C) to be more complete than those in
the form of common cause (e.g., A causes B and A causes C)
or common effect structures (e.g., A causes C and B causes
C).

Method
Participants. 51 participants completed the experiment for
monetary compensation through Amazon Mechanical Turk.

On each problem, the experiment was programmed to
randomly assign the three properties or behaviors (releasing
valve, engaging a pump, and narrowing an aperture) to the
event positions (A, B, and C) according to the structures of
the problems in the study.
Design and procedure. Participants carried out eight
problems altogether. Half of the problems concerned
explanations that yielded one model (causal chains), and the
other half concerned explanations that yielded multiple
models. Two of the four causal chain problems comprised
two premises, e.g., A causes B and B causes C, while the other
two comprised a single premise, e.g., A causes C, where A,
B, and C stand for various properties and behaviors of
imaginary entities.
The other half of the problems concerned explanations that
should yield multiple models, i.e., explanations that the
theory construes as incomplete. Two of the four multiplemodel problems concerned common cause explanations and
the other two concerned common effect explanations.
Common cause problems provided explanations adhering to
the schematic: A causes B and A causes C, while common
effect problems adhered to the schematic: A causes C and B
causes C. The theory predicts that reasoners should be unable
to construct an integrated mental model from common cause
and common effect explanatory structures, and so they should
be judged relatively less complete.
Participants acted as their own controls and carried out all
eight problems in a fully repeated measures design. The
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experiment was implemented in using the “nodus-ponens”
experimental framework for Node.js (Khemlani, 2017).
Participants completed two practice trials (one yielding a
single mental model, another requiring multiple models), and
they received the rest of the problems in a randomized order.

Completeness

5

Results and discussion
Figure 1 presents the completeness ratings participants gave
for each of the three types of problems presented in
Experiment 1. As a whole, participants rated those problems
that were predicted to yield one model – i.e., causal chains –
as more complete than those predicted to yield multiple
models (M = 3.13 vs. M = 2.93), but the difference between
the two groups was unreliable (Wilcoxon test, z = 1.52, p =
.13). We suspect that the lack of reliability between the two
groups was a result of a confound in the design: only causal
chains appeared as one-premise problems. When the analysis
was restricted to only problems that comprised two premises,
participants provided higher ratings for causal chains (M =
3.56), which can be represented with a single explanatory
mental model, than for common cause (M = 2.84, Wilcoxon
test, z = 3.67, p < .0001, Cliff’s δ = .72) or
common effect problems (M = 3.02, Wilcoxon test, z =2.64,
p = .008, Cliff’s δ = .54), both of which require multiple
models. The pattern corroborates the principle of explanatory
completeness.
Participants gave much lower ratings for causal chain
problems containing only a single premise (M = 2.71) than
for those containing two premises (z = 3.96, p < .0001, Cliff’s
δ = .85). Indeed, their ratings for one-premise causal chain
problems did not differ reliably from common cause or
common effect problems (z = 1.62, p = .11, Cliff’s δ = .23).
The result ran counter to the principle of explanatory
completeness. But it did accord with the results of previous
studies, which showed that people prefer explanations that
concerned both causes and their effects to explanations that
concerned either causes or effects alone (Legrenzi &
Johnson-Laird, 2005). For instance, participants in Legrenzi
and Johnson-Laird’s (2005) study had to select from a set of
plausible explanations for why a package was not received.
They rated this explanation:
The package went astray because it had the wrong address.
as more probable than this one:
The package went astray.
The results of Experiment 1 are sensible in light of Legrenzi
and Johnson-Laird’s (2005) finding, but they imply that a) the
results of Experiment 1 are confounded, because one-model
and two-model problems were unbalanced with respect to the
number of premises they contained, and that b) the principle

4
3
2
1

t
e
n:
n:
f fe c
hai e
h ai s
a us
e
c
c
c
l
l
n
s
e
n
i
o
is
mo
usa m
usa
Ca e pre Ca o prem Comm
om
C
n
O
Tw

Figure 1. Violin plot of participants’ responses to the three
conditions in Experiment 1. The width of each shape is proportional
to participants’ response frequencies.

of explanatory completeness has a boundary condition:
explanations that consist of single explanatory cause, e.g.,
explanations of the form A causes C, should be considered
incomplete. Experiment 2 addressed both issues by dropping
shorter descriptions from the design.

Experiment 2
Experiment 1 provided partial evidence that people consider
explanations that require a single model as more complete
than those requiring multiple models. However, the study
showed that people tend to prefer more elaborated causal
chains (e.g., A causes B and B causes C) to shallow causal
chains (e.g., A causes C). Indeed, one-premise causal chains
fail to provide an explanation containing both a novel effect
and a cause that preceded that effect (Legrenzi & JohnsonLaird, 2005).
Experiment 2 sought to replicate and extend the findings of
Experiment 1 by presenting participants with only twopremise problems. Hence, Experiment 2 eliminated a
confound of Experiment 1, and it served as a stronger test of
the principle of explanatory completeness: if an explanation’s
perceived completeness depends on specific features of
representations – the number of possibilities represented –
and not just the presence or absence of an effect and its
preceding cause, then reasoners’ explicit judgments of
completeness should depend on those representations.

Method
Participants. 50 participants completed the experiment for
monetary compensation through Amazon Mechanical Turk.
All of the participants were native English speakers, and all
but eight had taken one or fewer courses in introductory logic.
Preregistration and data availability. The predicted effects
were pre-registered through the OSF platform:
https://osf.io/sx38c/register/564d31db8c5e4a7c9694b2c0.
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The data, experimental code, and materials for Experiment 2
are available at: https://osf.io/3ezb5/.
Design and procedure. The design and procedure for
Experiment 2 were identical to that of Experiment 1, except
that Experiment 2 included only two-premise problems
across all conditions. As in Experiment 1, half of the
problems described causal chains, and the other half were
split evenly between common-cause and common-effect
structures.

Results and discussion
Figure 2 presents the completeness ratings participants
gave for each of the three types of problems presented in
Experiment 2. As in Experiment 1, participants provided
higher ratings for causal chains, which can be represented
with a single explanatory mental model (M = 3.26), than for
common cause (M = 2.64, Wilcoxon test, z = 3.19, p = .001,
Cliff’s δ = .62) or common effect problems (M = 2.83,
Wilcoxon test, z = 2.05, p = .04, Cliff’s δ = .43).
To control for the variance contributed by materials and
individual participants, data were subjected to a generalized
linear mixed model regression analysis that treated
participants’ judgments of completeness as the outcome
variable and the three types of problem as a fixed effect, and
it controlled for material and participant noise. The analysis
revealed that the problem types reliably predicted judgments
of completeness (B = -0.49, p < .001), further corroborating
the theory’s prediction.

Completeness

5
4
3
2
1
Causal chain

Common
cause

Common
effect

Figure 2. Violin plot of participants’ responses to the three
conditions in Experiment 2. The width of each shape is proportional
to participants’ response frequencies.

General discussion
Reasoners construe “complete” explanations as being better
than incomplete explanations (Zemla et al., 2017). And, early
studies showed that construing an explanation as incomplete
allows reasoners to target questions in order to fill in the
explanation’s gaps (Miyake, 1986). But on any objective
notion of completeness, all explanations are incomplete. So
what makes people judge an explanation as more or less

complete? We argue that, in contrast to philosophical
accounts of explanatory completeness, this phenomenon is
fundamentally psychologistic: that is, it can only be
understood on the basis of subjective, cognitive constraints.
We extended the model theory of causal reasoning to explain
completeness judgments: it posits that a complete
explanation refers to a representation of a single possibility,
whereas an incomplete explanation refers to representations
of multiple possibilities.
The theory uniquely predicts that reasoners should
consider explanations of the form of simple causal chains to
be more complete than explanations in the form of “common
cause” and “common effect” structures (Read, 1988; Rehder
& Hastie, 2004; Salmon, 1978). Two experiments confirmed
the theory’s prediction, and they suggest that reasoners
construct iconic mental representations of causal relations
when they generate and evaluate explanations (Khemlani &
Johnson-Laird, 2011).
No psychological theory of causal reasoning is fixed in
stone, and any of them can be adapted to yield the present
prediction. Indeed, explanatory causal chains have been
examined in previous work on causal islands (Johnson &
Ahn, 2015), explanatory simplicity (Pacer & Lombrozo,
2017), and explanatory coherence (Thagard, 1989). Yet no
account prior to the present one has focused on how and why
reasoners
distinguish
complete
from
incomplete
explanations. Unlike other theories of causal reasoning, the
model theory precisely characterizes the increased
representational burden that incomplete explanations impose
on reasoners: it is easier for people to reason from a single
possibility than it is to maintain multiple possibilities and to
draw inferences from them (Johnson-Laird, 1983; Khemlani
& Johnson-Laird, 2017). The model theory thus makes the
unique prediction that reasoners should detect incomplete
explanations when the burden of representing more than one
possibility is present.
Other accounts focus less on how reasoners maintain
multiple representations and instead on alternative
mechanisms to explain causal inference. For instance, some
theorists argue that causal reasoning can be best characterized
by causal Bayesian networks (Sloman, 2005; Sloman,
Barbey, & Hotaling, 2009). To explain the present data, such
an account would need to be extended with mechanisms that
maintain, align, and compare multiple networks at a time. A
complete causal net would refer a single, integrated network,
whereas an incomplete causal net would refer to multiple
networks whose interdependent links are expected but
unspecified. No such theory has been proposed, but it is a
reasonable extension of other researchers’ proposals (see Ali,
Chater, & Oaksford, 2011). A limitation of this idea,
however, is that causal networks might treat causal chains,
common cause structures, and common effect structures as
equivalently complete, because all three structures refer to a
single, integrated network. As the present experiments show,
reasoners distinguish between causal chains and other kinds
of structures: chains are deemed more complete.
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Abstract

Segmentation is Key to Fluent Event Processing

Human activity generates dynamic, multi-modal sensory
streams. Effectively processing this complex flow of
information on-the-fly is essential if one is to remember and
respond to others’ action, anticipate what they might do next,
and learn how to perform new actions. Selectively attending to
information-rich regions of activity seems key to fluent
processing. However, what counts as information-rich likely
depends on numerous factors including relevance to the causal
structure of the activity, local opportunity for repeated viewing,
and processing goals of the observer. We explored the
influence of these factors on observers’ attention to a dynamic,
novel activity sequence. A performance context elicited
nuanced differences in processing in contrast to a remember
context. Specifically, individuals given a perform context
tuned in to causally distinct regions of the action stream and
fine-level event details. These findings provide altogether new
information regarding how processing rapidly reorganizes
around novel activity and responds to the processing task at
hand.
Keywords: event processing; action segmentation; context
effects

Consider the activity of knitting. No doubt you’ve heard of
this activity, can recognize someone who is engaging in it,
and at least globally understand the actor’s goals (i.e.,
transforming a strand of yarn via a complex, repetitive, and
very extended sequence of stitches into a piece of patterned
material). For those who aren’t knitters, the details are
opaque, but the general gist of the activity is understood. But
what if a non-knitter opted to acquire this skill? Suddenly
knitting behavior would be processed in a very different way,
presumably with a focus on discovering what motions are
actually needed to transform yarn into garments. Precisely
what are these changes in processing that the learner initiates?
The present research took steps toward answering this
question. Finding such answers is foundational to cognitive
science, shedding light on basic processes that make
observational learning possible, with the hope of ultimately
enabling us to assist those for whom observational learning
is difficult or disrupted. We begin by reviewing current
research on event processing and then present a novel study
in which we explore the influence of observers’ processing
goals on their online attention to unfolding activity.

Most research in the domain of event processing focuses on
activities that are at least moderately familiar to observers.
This body of research suggests that, in processing familiar
activity, observers chunk unfolding sensory streams into
discrete units that are demarcated by event boundaries.
Typically, these event boundaries coincide with transitions
between one unit of action and another; for example, the
moment at which an actor’s hand contacts the handle of a
mug when reaching for a cup of coffee. Observers
overwhelmingly agree when asked to explicitly identify the
location of such boundaries in unfolding activity sequences
(e.g., Newtson, 1973; Zacks, Tversky, & Iyer, 2001; Kurby
& Zacks, 2008) as well as when they are asked to scale their
segmentation judgments up or down in terms of the grain at
which they identify boundaries (e.g., Zacks & Swallow,
2007). To illustrate this granularity, the above-mentioned
mug-grasping event might represent a fine-level event
boundary in a coffee-making event sequence. In the same
action sequence, the “coffee making” event might begin with
a coarse boundary at which an actor, having just entered the
kitchen, removes a bag of grounds from the cupboard. The
coarse boundary demarcating the end of the event sequence
– and representing structure within the sequence at more of a
“gist” level – might occur once the actor has finished pouring
herself a cup of coffee and replaces the coffee pot.
Across a variety of implicit probes of processing, including
behavioral tasks, fMRI, and pupillometry, researchers have
demonstrated that such targeting of event boundaries occurs
automatically as observers view unfolding event sequences
(Newtson & Engquist, 1976; Schwan & Garsoffky, 2004;
Zacks et al., 2001; Tanaka & Baldwin, in preparation).
Recently, Hard, Recchia, and Tversky (2011) demonstrated
that observers advancing at their own pace through a
slideshow composed of frames extracted at a regular
increment (e.g., 500 msec) from streaming activity “dwell”
longer on slides depicting event boundaries relative to slides
depicting within-event content. Further, the amount of time
spent dwelling on slides directly corresponds to the level of
event hierarchy represented by the slide content. That is,
viewers dwell longest on slides representing coarse-level
boundaries, dwell less to slides that occur at fine-level
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boundaries, and dwell least on slides representing nonboundary content.
It is also worth noting that viewers’ sensitivity to event
boundaries – whether measured via explicit judgments or
implicit measures such as dwell time – predicts other aspects
of their event processing, such as their memory for event
sequences and the ability to enact such sequences themselves
(Kurby & Zacks, 2011; Sargent et al., 2013; Zacks, Speer,
Vettel, & Jacoby, 2006; Bailey, Kurby, Giovanetti, & Zacks,
2013; Hard et al., 2011). Thus skill at detecting event units as
activity unfolds across time is relevant to memory for that
activity and the ability to enact it oneself, which are both
hallmarks of observational learning.

Event Boundaries are Low-Predictability Regions
Event boundaries thus appear to be moments in the event
stream that are key to observers’ fluent processing of
unfolding activity sequences. A current conception of the role
that event boundaries play in processing is that they represent
information-rich regions of the event stream precisely
because event boundaries are points that coincide with
reductions in the ability to predict what will happen next as
activity unfolds (Kosie & Baldwin, 2016; Kurby & Zacks,
2008; Ross & Baldwin, 2015; Zacks, Kurby, Eisenberg, &
Haroutunian, 2011). For example, once a reach for a coffee
mug has been detected, much is highly predictable, at least
until the coffee mug has been grasped. At this juncture, the
actor could pursue any number of subsequent acts. She might
bring the mug to her mouth to take a drink, move the mug to
the sink to wash it, hand the mug to a friend, and so forth.
Attending to activity at this low predictability juncture would
enable observers to glean important new information about
what occurs next. Increasing attention at event boundaries
therefore enables observers to gather vital information that
guides subsequent processing.
When activity is familiar, this account seems highly
intuitive. However, to return to our initial example, if one has
little understanding of the actual mechanics of knitting, the
ability to target event boundaries seems a significantly more
difficult task. On first viewing of highly novel activity, it is
unlikely that one can efficiently target event boundaries as
almost everything is low predictability and thus informationrich. Recently, Kosie and Baldwin (2016; under revision)
used the dwell-time paradigm to demonstrate that observers’
processing of novel events reconfigures rapidly. Observers
were instructed to advance at their own pace through
slideshows depicting novel and familiar methods of shoelace
tying. On first viewing of the novel method, observers failed
to show the typical systematic increase in attention to event
boundaries. But by the second viewing of the novel tying
method, observers elevated attention to event boundaries,
indicating rapid boundary identification and consequent
reorganization of attention to favor boundaries. In addition,
novice observers tended to linger on the causally distinctive
regions of the event stream that were particularly important
for performing the novel activity, in this case the features of
the shoelace tying event differentiating novel from familiar

methods. Perhaps increasing attention to causally distinctive
regions of the event stream enabled observers to extract the
fine-level structure important for carrying out the novel
activity.
Importantly, in the research just described, observers were
given no instruction to guide their event viewing other than
to advance at their own pace through the unfolding activity.
In particular, they were given no guidance about how to
attend to the shoelace tying event, or to what purpose. Upon
completion of this study, however, a subset of participants
were told that they would have the opportunity to learn to
enact the novel method of shoelace tying. As part of this pilot
study, these participants were invited to advance once more
through the slideshow depicting the novel activity and then
were given the opportunity to try the method themselves.
When participants advanced through the slideshow with the
goal of learning to perform the actions themselves, their
dwell times increased substantially relative to the dwelling
they had displayed on their previous, uninstructed, viewing.
Further, these increases in dwell time were especially
pronounced in relation to causally distinctive regions of
activity. However, these pilot findings don’t clarify expressly
why such dwell-time changes emerged; for example, it is
unclear whether an enactment goal specifically generated
change in dwell-time patterns, or whether any guidance in
how to pay attention would elicit similar alteration.
Prior research supports the notion that context markedly
influences processing of event sequences. For example, in
their change blindness research Simons and Chabris (1999)
famously showed that, when given instructions that focused
attention on detail within an activity stream, many
participants utterly failed to notice a man in a gorilla suit
traipse past in a video of unfolding activity. In contrast, the
man in the gorilla suit was readily noticed by the vast
majority when the context emphasized more global
processing of the activity. Especially relevant to the issues of
specific interest here, Blakemore and Decety (2001) reported
that cortical activation patterns detected in fMRI differed
when participants watched an activity sequence with the
instruction to later perform it, relative to the instruction to
remember it. However, details about what changes in terms
of processing during perform versus remember contexts
remain unclear. The dwell-time paradigm offers a potential
window on the details of such processing differences.

Overview of the Current Study
We employed the dwell-time paradigm to investigate the
extent to which instructions to remember versus perform
yielded differences in observers’ processing of a novel
activity sequence. Participants were asked to view the
slideshow used in Kosie and Baldwin (2016; under revision)
that depicted a novel shoelace tying sequence. Before
participants began, half were instructed to watch the activity
so that they could later perform it themselves while the other
half of participants were instructed to watch so that they
could later remember it. Participants then used a computer
mouse to advance at their own pace through the slideshow, in
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which the actor first tied her right shoe and then her left shoe
(thus they had two viewings of the novel activity). After all
participants had advanced through the slideshow they were
asked to demonstrate, on a wooden shoe with laces, the
method of shoelace tying that they had just viewed.
We anticipated a lower mean per-slide dwell time for
remember than perform instructions. Relative to perform
instructions, the remember processing context was expected
to yield dwell-time patterns more like those observed in
earlier research in which instructions were to simply watch
the novel activity. In replication of our prior research, we
expected that, when given remember instructions: a)
observers would attend longer to event boundaries, with
attention particularly enhanced to coarse-grain level
boundaries, and b) dwell times would be particularly elevated
to distinctive regions of the activity, and especially on second
viewing. However, we also predicted that perform
instructions might elicit increased attention to causally
distinctive content, perhaps resulting in higher dwell times to
fine-level event boundaries and distinctive regions.

Method
Stimuli
In the current study, participants viewed only one slideshow
(depicting the novel method of shoelace tying used in Kosie
& Baldwin, 2016; under revision). This novel twist method
of shoelace tying involved the actor making an initial knot,
slipping her pinky fingers under the laces, making a pincer
grasp, twisting the pincers around to meet in the middle,
grabbing the laces, pulling them through to create a bow, and
double-knotting the shoe. A video depicting this novel
method of shoelace tying can be viewed at:
https://osf.io/8rpkf/. The slideshow was created by extracting
one still frame every second from a 115-second video of an
actor demonstrating the twist method (the resulting slideshow
thus consisted of 115 unique slides). The extraction rate of
one frame per second is consistent with prior research using
the dwell-time paradigm (e.g., Hard et al., 2011).

Slide Classification
Two expert coders, with extensive experience in event
processing research, first defined regions of the slideshow as
causally distinctive (e.g., unique to the twist method of
shoelace tying) versus non-distinctive (e.g., common to any
method of shoelace tying, such as the initial knot at the
beginning and double-knot at the end). Individual slides were
then classified as depicting boundaries or within-unit content,
and boundary slides were further classified at the coarsegrained or fine-grained level of hierarchical structure. These
judgments were validated by a sample of naïve research
participants. As is typical of naturalistic activity, the precise
number of slides falling into the distinctive / non-distinctive

and coarse / fine / within categories differed across viewings
(see Table 1). The slide classification process is described in
further detail in Kosie & Baldwin, 2016 and Kosie &
Baldwin, under revision.
Table 1: Number of slides at each level of structure across
viewings and for distinctive and non-distinctive regions.

Coarse
Fine
Within
Total

Distinctive
First
Second
Viewing Viewing
0
0
5
5
15
16
20
21

Non-Distinctive
First
Second
Viewing Viewing
5
6
8
9
25
20
38
35

Total
11
27
76
114

Note: One slide was classified as the “switch” from first to
second viewing and is thus not included in these values.

Participants and Procedure
130 undergraduates (69% female, Mage = 19 years)
participated in exchange for course credit. During an initial
phase designed to familiarize participants with the self-paced
slideshow format, participants advanced at their own pace
through two brief slideshows unrelated to shoelace tying.
They were then told that they would use the computer mouse
to advance at their own pace through another slideshow (the
shoelace tying activity). At this juncture, participants were
given either remember or perform instructions. Participants
in the remember condition were told: “You will later be tested
for your ability to remember the action that occurred in the
slideshow. Please watch the slideshow so that you can
remember the action later.” Participants in the perform
condition were given the exact same instructions, but with the
word perform instead of remember. The inclusion of either
the word remember or perform in these instructions was the
sole difference between the two conditions; participants’
experiences were otherwise identical.
After hearing these instructions, participants advanced at
their own pace through the novel method of shoelace tying1.
Participants’ dwell times, or latency between mouse clicks
from one slide to the next, were recorded using PsychoPy
(Pierce, 2007), a user-friendly experimental control system
written in Python. After slideshow viewing, regardless of
condition, participants were handed a wooden shoe and asked
to demonstrate the novel method of shoelace tying.

Results
Data Preparation
Raw dwell times were subjected to the standard treatment for
dwell-time data (i.e., Hard et al., 2011; Kosie & Baldwin,
2016; under review). First, as is typical of reaction-time data,

1
Data from a subsequent repetition of this entire task are not
included in the current analyses but will be reported in a later
manuscript.
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dwell times (in milliseconds) were log transformed to remove
positive skew. Next, outlying dwell times (> 3 SD above the
group mean) were removed. Individual participants were
excluded if more than 10% of their dwell times met this
criterion, resulting in the exclusion of one participant. To
account for participants’ tendency to speed up as slideshows
progress, data from the remaining 129 participants (63
receiving remember and 66 receiving perform instructions)
were individually fitted to a power function. Residuals from
these power functions were used as the dependent-variable in
analyses targeting within-subjects effects (i.e., boundary vs.
within; distinctive vs. non-distinctive).
When necessary, a Greenhouse-Geisser correction was
applied to degrees of freedom to address sphericity
violations. To adjust for multiple comparisons, Bonferroni
correction was applied to all post hoc pairwise comparisons.

No Global Dwelling Increase for Perform Versus
Remember
We first examined the overall influence of instructions to
remember versus perform on observers’ processing of the
novel event stream. In this analysis, we simply asked whether
mean per-slide dwell time differed for slideshows in which
participants were instructed that they would later be asked to
remember or later asked to perform the novel shoelace tying
method. For these analyses, we used participants’ log10
dwell times as the process of residualization substantially
attenuates overall group differences. Mean per-slide log10
dwell time for participants receiving remember instructions
(M = 2.71, SD = 0.19) did not significantly differ from that of
participants who received perform instructions (M = 2.73, SD
= 0.20), t(127) = -0.68, p = 0.50, d = -0.12, 95%CI[-0.09,
0.04]. Though the instructions to remember or perform did
not differentially affect participants’ average per-slide dwell
time, mean per-slide dwell times across both levels of
instruction (M = 2.72, SD = 0.19) were significantly higher
than dwell times to the same novel activity in previous
research (in which instructions were simply to observe the
activity sequence) (M = 2.53, SD = 0.19), t(260) = -8.15, p <
.001, d = -1.01, 95%CI[-0.24, -0.15]. Across the two studies,
it seems that processing instructions in general elicit
increased overall dwelling, but instructions to remember or
perform do not differentially influence this global increase in
dwelling. We next turned to exploring the effects of
instructions on more nuanced facets of processing.

Individuals Given Perform Instructions Target
Distinctive Content
In our next analysis, we examined the extent to which
attention to the distinctive versus non-distinctive regions of
the activity sequence differed with respect to instructions and
viewing. The analysis of interest here was a 2 (Instructions:
Remember vs. Perform) x 2 (Viewing: First vs. Second) x 2
(Region: Distinctive vs. Non-Distinctive) ANOVA with
instructions varying between subjects and viewing and region
varying within-subjects. Our dependent-variable for this
analysis was average residualized dwell time.

Most notably, we found a significant interaction between
instructions and slideshow region, F(1, 127) = 8.28, p = .004,
𝜂"# = .06, illustrated in Figure 1 (with means and standard
deviations). There was no main effect of viewing, nor did
viewing interact with instructions or region, ps > .06, 𝜂"# s <
.02. Simple-effects comparisons exploring the locus of the
interaction between instructions and region, revealed that
perform instructions elicited a significant elevation in dwell
times to the distinctive relative to non-distinctive region p =
.05, d = -0.60, whereas remember instructions did not do so,
p = .63, d = 0.35. Furthermore, dwelling to the distinctive
region was significantly elevated by perform relative to
remember instructions, p = .02, d = 0.51, whereas dwelling to
the non-distinctive region was significantly reduced by
perform versus remember instructions, p = .02, d = 0.50.
In sum, individuals given remember instructions did not
differentiate distinctive versus non-distinctive event content
in relation to how they deployed their attention. However,
perform instructions elicited selectively elevated attention to
distinctive event content while reducing attention to nondistinctive content. Together, these findings indicate that
participants responded to the perform instruction by tuning in
to distinctive content, while ignoring information not relevant
to the task at hand (i.e., to learn to enact the novel method of
shoelace tying). Also noteworthy was that these patterns
emerged to an equivalent degree across first and second
viewings. None of the effects involving viewing were
significant, suggesting that, when given perform instructions,
an increase in attention to distinctive regions occurs on first
viewing of novel activity and remains stable.

0.002 (0.02)

-0.005 (0.04)

-0.006 (0.03)

0.011 (0.06)

Figure 1. Average residualized dwell times (+/- SE) to
distinctive and non-distinctive regions across remember and
perform instructions. Means and SDs reported below bars.

Context Influenced Granularity of Processing
Also of particular interest was the extent to which
instructions influenced attention to slides at varying levels of
hierarchical structure and how these effects changed across
repeated viewing. Thus, the goals of our next set of analyses
were threefold: 1) examine replication of previous dwell-time
patterns (i.e., boundary and hierarchical advantage effects),
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2) explore the extent to which these effects differed across
regions of the novel activity sequence, and 3) investigate the
influence of instructions to remember versus perform on
these attentional patterns. Because coarse-level boundaries
occur only in non-distinctive portions of the event stream, the
region factor could not be included in this analysis.
A 2 (Instructions: Remember vs. Perform) x 2 (Viewing:
First vs. Second) x 3 (Slide Type: Coarse vs. Fine vs. Within)
mixed-design ANOVA (with average residualized dwell
times as the dependent variable) revealed no significant main
effects of instructions or viewing, ps > .30. However, a
significant main effect of slide type emerged, F(1.49, 188.87)
= 15.07, p < .001, 𝜂"# = .11, replicating previous dwell-time
research. A more focused examination of this main effect
revealed that average residualized dwell times were longer to
boundary than within-unit slides at both the coarse, p < .001,
d = 0.37, and fine, p < .001, d = 0.62, levels of structure, but
coarse and fine level boundaries did not significantly differ
from one another, p = .49, d = 0.13. Thus, averaging across
instruction type and viewing, observers exhibited a boundary
advantage (replicating previous research using the dwell time
paradigm), but average dwell times did not differ with respect
to hierarchical structure (failing to replicate the previously
observed hierarchical advantage).
However, dwell times related to the slide type variable
interacted with both instructions, F(1.49, 188.87) = 8.23, p =
.001, 𝜂"# = .06, and viewing, F(1.60, 203.94) = 7.16, p = .002,
𝜂"# = .05. These effects are depicted in Figure 2, which
includes means and standard deviations. For those who
received the remember instructions, the effect of slide type
changed significantly across viewing, F(1.56, 96.74) = 6.78,
p = .004, 𝜂"# = .10. Specifically, on first viewing, dwell times
to coarse, fine, and within-unit slides did not differ, ps > .71,
ds < 0.35. By the second viewing, however, dwell times
exhibited the predicted hierarchical linear trend; greater to
coarse-level boundaries than both fine-level boundaries, p <
.001, d = 0.80, and within-unit slides, p < .001, d = 0.96, and
dwell times to fine-level boundaries greater than dwell times
to within-unit slides, p = .003, d = 0.85. Also, for participants
receiving the remember instructions, dwell times to coarse
level boundaries increased across first and second viewing
(though this increase was not statistically significant when
controlling for multiple comparisons, p = .16, d = 0.43).
Dwell times to fine-level boundaries did not differ across
viewing, p = .96, d = 0.29, while dwell times to within-unit
slides decreased, p = .01, d = 0.59. Conversely, for
participants who received the perform instructions, the effect
of slide type was significant, F(1.61, 104.64) = 7.90, p = .001,
𝜂"# = .11, but did not interact with viewing F(2, 122) = 2.12,
p = .12, 𝜂"# = .03. Further analyses of the main effect of slide
type revealed that dwell times to coarse-level boundaries
were shorter than dwell times to fine-level boundaries, p =
.47, d = -0.18, and longer than dwell times to within-unit
slides, p = 0.05, d = 0.25, though neither of these effects were
significant. The locus of this effect thus seemed to be that,
across both viewings, dwell times to fine-level boundaries

were significantly longer than dwell times to within-unit
slides, p < .001, d = 0.87.
Taken together, these results indicate a marked contrast in
participants’ attentional profile in relation to remember
versus perform instructions: when participants were told they
would later have to remember the novel activity, they
progressively increased attention to the coarse level of
structure across viewings. In contrast, participants who were
told they would later have to perform the novel activity
attended to the fine level of structure across viewings. That
is, it appears that instructions to perform elicit processing of
the details required to successfully perform this novel method
of shoelace tying, while instructions to remember elicited
more gist-level processing.

0.011 (0.05) -0.003 (0.02) 0.001 (0.02)

0.032 (0.04)

0.004 (0.03) -0.009 (0.02)

0.005 (0.06)

0.009 (0.06)

0.019 (0.04) -0.014 (0.02)

0.013 (0.04) -0.001 (0.03)

Figure 2. Average residualized dwell times (+/- SE) to
coarse, fine, and within-unit slides across instructions and
viewing. Means and SDs reported below bars.

Discussion
Offering participants a processing goal (i.e., to remember or
perform) elevated their overall attention to a novel activity
sequence relative to previous studies in which participants
viewed the same event in the absence of a processing goal.
Interestingly, in some respects attentional profiles were
unaffected by processing instructions. For example, we found
that observers targeted boundary slides with increased
attention, and that this effect was robust across instructions to
remember or perform. In other respects, different instructions
yielded unique attentional profiles. For example, when given
remember instructions, observers increased attention to
boundaries at the coarse-grained level and did not
preferentially attend to distinctive or non-distinctive regions.
Conversely, when participants were given perform
instructions, they targeted both distinctive regions and finelevel event boundaries with increased attention.
In the current study, coarse-level boundaries occurred only
in non-distinctive regions of activity. Therefore, it was not
possible to directly disentangle whether participants given
the perform instructions were specifically targeting fine- over
coarse-level event boundaries or if the higher dwell times to
fine-level boundaries were simply elicited by observers’
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increased attention to the distinctive region. Though
challenging in naturalistic action, future work would benefit
from using a variety of activity sequences that contain both
coarse- and fine-level boundaries across distinctive and nondistinctive regions of novel activity sequences.
Despite the above-mentioned limitation, it can be
concluded that a simple one-word difference in instructions
elicits changes in online processing of a novel activity. Why
might this occur? Recently, Flores, Bailey, Eisenberg, and
Zacks (2017) demonstrated that simply instructing observers
to segment activity with respect to boundaries resulted in
improved memory for event sequences. Perhaps instructions
to perform function similarly, eliciting increased attention to
fine-level event boundaries (relative to instructions to
remember) and perhaps, consequently, improvements in
memory and performance.
An important next step is thus an exploration of the ways
in which instructions to remember or perform and the
resulting attentional patterns influence observers’ ability to
learn the novel shoelace tying activity. Additionally, if
differences in instructions influence the granularity at which
observers attend to novel action, it seems probable that
memory would reflect such differences in processing. For
example, those instructed to remember might be more likely
to recall gist-level details about an activity, but little about
more fine-grained information, while those instructed to
perform might exhibit the opposite pattern and perhaps be
more likely to recall fine-level details. We are currently
investigating these possibilities.
The findings we report here are the first steps to
understanding how differences in context influence
observers’ attention to unfolding activity. We additionally
showcase the value of the dwell time paradigm for gathering
detailed information about the consequence of such
attentional influences. These results set the stage for asking a
variety of new questions about how learners acquire facility
with novel actions.
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Abstract
Marr’s levels of analysis constitute one influential approach to
the central program of cognitive science—the multilevel analysis of cognition as information processing. The distinctive
aspects of Marr’s framework are an emphasis on identifying
the computational problems and constraints faced in cognition,
and conceptual machinery to relate cognitive mechanisms to
that computational level of analysis. Although related ideas
have been explored in a range of social science disciplines,
Marr’s framework, and particularly its notion of the precise
formulation of computational problems and solutions, has yet
to be applied widely in social analysis. In the present work
we develop a formulation of Marr’s levels for social systems,
provide examples of this approach, and address potential criticisms. The consequence is a computational perspective on the
sociological school of structural functionalism, and an apparatus for conducting multiscale analysis of social systems.
Keywords: Computational social science; Marr’s levels of
analysis; structural functionalism; analytical sociology; computational social theory

Introduction
Marr (1982) famously argued that any information processing
system can be analyzed at three levels, that of (1) the computational problem the system is solving; (2) the algorithm the
system uses to solve that problem; and (3) how that algorithm
is implemented in the “physical hardware” of the system.
This decomposition offers both functional and mechanistic
perspectives on information processing systems. Marr’s main
aim was understanding psychology and the human brain, and
his levels of analysis have proven to be a useful conceptual
tool for generations of cognitive scientists after him.
Considering that aspects of human cognition can be productively viewed as information processing, and that social
groups consist in part of sets of people who exchange information, it is natural think about how Marr’s levels of analysis
could be productively applied in the analysis of social systems. An immediate difficulty occurs with a naı̈ve application, however. Taking the disciplinary commitments of cognitive science for granted, we can clearly model social systems as distributed computer programs. Yet, there is no guarantee at all that the resulting computer programs implement
any coherent distributed solution to particular computational
problems. Far from all human collective behavior, or for
that matter far from all combinations of synthetic intelligent
agent behavior, has any functional purpose. Well-recognized
examples of collective dysfunction resulting even from intelligent agents include information cascades (Bikhchandani,
Hirshleifer, & Welch, 1992), phantom traffic jams (Kerner &
Konhäuser, 1993), and the tragedy of the commons (Ostrom,
2015). The naı̈ve application of Marr’s levels of analysis to
social systems therefore only extends as far as an algorithmic

level of analysis—representing social systems as distributed
computer programs. The naı̈ve application does not necessarily extend through to the computational level, in which the
combination of agent behavior, taken holistically, would have
to yield coherent distributed computation at the population
level. To address this difficulty, we pursue a program of identifying which social behaviors and structures can be productively conceptualized as having computational roles.
There are several existing approaches in the social sciences
related to Marr’s framework. The field of organization science has explicitly adopted information processing perspectives since the seminal work of Herbert Simon. Simon, who
was an early thinker on the topic of information processing
in the context of human behavior (Simon, 1978), also applied
these ideas to organizations. In one famous passage, Simon
writes: “In the post-industrial society, the central problem
is not how to organize to produce efficiently ... but how to
organize to make decisions, that is, to process information”
(Simon, 1973, p. 269–270). Financial markets are also commonly understood as information processing systems. In a
classic economics paper, Hayek states: “the economic problem of society ... is a problem of the utilization of knowledge
not given to anyone in its totality” (Hayek, 1945, p. 519–520).
Marr’s algorithmic and implementation levels are akin to
mechanistic explanations. Mechanistic explanations are popular in the classical area of mathematical sociology, such as
in Schelling’s seggregation model (Schelling, 1971) or Granovetter’s threshold model (Granovetter, 1978), and remain
popular in the modern area of analytical sociology (Hedström
& Bearman, 2009). Recent progress in the field of economics
and computation highlights the algorithmic side of the mathematical notion of game-theoretic equilibrium (Daskalakis,
Goldberg, & Papadimitriou, 2009). Mechanisms have also
been a target of inquiry in organization science, such as in the
study of transactive memory (Wegner, 1987).
These existing lenses in the social sciences fit naturally
within Marr’s framework, and therefore point towards a synthesis of a cognitive, information-processing view of a wide
variety of social systems. At the same time, many of these
classic works did not draw explicit parallels to distributed
computation, or did not leverage the hierarchies of abstraction familiar to computer scientists that Marr deploys. Cognitive scientists have begun to explicitly explore the application of Marr’s levels to social systems. Hutchins (1995)
pioneered the application of Marr’s levels to social systems
in his ethnography of distributed cognition in team behavior
on a naval vessel. To Hutchins, the computation performed
by a naval vessel was that of navigation—calculating where
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you are and determining how to get where you want to go.
Hutchins provided a detailed account of how this function
is accomplished by the crew members and their interactions
with each other and with artifacts on the ship.
Hutchins’ example makes it clear that the explicit application of Marr’s levels can be productive in the context of teams
and organizations. However, one of the reasons this example easily fits into Marr’s framework is because teams and
organizations have well-defined group boundaries and have
functions that are explicit in the goals of these groups. These
goals then dictate the information processing challenges the
groups face. An important outstanding question is to what
extent Marr’s approach can be applied to more loosely organized social systems that are often the subject of sociology.
The functionalist lens, used in sociology for a variety
of less strictly organized and less explicitly engineered social systems, provides reason to believe that there is space
for such an attempt to be fruitful. Structural or sociological functionalism—i.e., the pursuit of understanding social
structures and behavior in terms of how they solve social
problems—is one of the classic theoretical perspectives in sociology. Many early sociologists held views that a variety of
social phenomena played functional roles in society. For instance, Spencer (1898) advocated for an equilibrium view of
society and drew extensive analogies between social and biological function. Durkheim (1893) presented a functionalist
argument that division of labor acts as a mechanism of social solidarity promoting a cohesive social bond. Although
functionalism was and continues to be controversial in sociology (Weber, 1922; Giddens, 1984), scholars still lean on it
in modern studies. Yet, unlike in organization science, explicit information processing analogies are barely ever used
in sociology.
In the present work, we explicate the application of Marr’s
levels to loosely organized social systems, review examples
of recent work that fit within this paradigm, address challenges to this approach, and explore its potential and limitations. The main benefit of Marr’s approach is that computation provides an expressive language for high-level, abstract theory, while providing the conceptual machinery to relate that abstract level to mechanistic explanations. Computational social theory can therefore be precisely specified, and
tested via its relation to algorithmic and behavioral descriptions. At the same time, Marr’s charge to identify computational problems that information processing systems solve
could provide inspiration for research questions in computational social science.

Illustrative Examples
Before more carefully defining Marr’s levels for social analysis, we begin with three motivating illustrative examples.

Waiting in Line
A simple example that illustrates Marr’s three levels of analysis in a social system is waiting in line. A line, for instance
outside a professor’s office, consists of a group of people,

Computational Level:
FIFO Queue Problem
Serve people in order of arrival.
Algorithmic Level:
Distributed Linked List Data Structure
Maintains arrival order.

Implementation Level:

Figure 1: Marr’s levels of analysis for waiting in line.
each standing behind another. This social behavior implements the computation of a first-in, first-out (FIFO) queue. A
FIFO queue is a simple function used in computer science,
for example to prioritize computer processes in the CPU. A
FIFO queue takes as input a stream of entries, maintains the
order of those entries, and outputs entries in that order. The
representation that is used to solve the FIFO queue problem
in the case of waiting in line is to maintain a linked list data
structure between elements of the queue, and pop elements
off the list as needed. A linked list is another data structure used computer science, in which each entry contains a
“pointer” to the next element in the list. To “pop” a linked list
means to remove the head element. In the example of waiting
in line, the distributed algorithm that implements this linked
list is for each person in the line to keep track of who is ahead
of them. The physical implementation used to keep track of
who is ahead of you in the line is simply to stand behind that
person. Figure 1 illustrates this example.
There are many failure modes to standing in line. Two people can arrive at a similar time or be in a similar position and
not be certain who is ahead of whom. Some people cut in
line. Sometimes lines fail to form at all or totally collapse
and become disorganized crowds of people waiting. There
is also cultural variation in how much importance or value
people place on lines as a useful mechanism. Taking Marr’s
approach abstracts away these details and exposes the underlying information processing challenge at the heart of standing in line. Our ability to reason about the computational
function of waiting in line can also suggest other engineered
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solutions. Waiting in line is not the only solution to the FIFO
queue problem. For example, some delis, grocery stores, and
government offices implement ticket and announcement systems that obviate the need to keep your own place in line.

Status Hierarchies
As another example, many species of animals maintain some
kind of social hierarchy, influencing the interactions between
animals in a group and the way that they allocate resources
such as food. At a computational level, this structure can be
viewed as a solution to the problem of performing resource
allocation with a minimum of conflict—an alternative to a
costly free-for-all whenever resources become available. At
the algorithmic level, there are many kinds of algorithms that
can be used to impose an ordering on a group through pairwise comparison (i.e. fights or displays)—a whole branch of
theoretical computer science is devoted to questions about
sorting. However, here the implementation details matter:
most sorting algorithms involve maintaining some kind of
global record of the current ordering of the items being sorted.
In an animal group, each animal needs to maintain such a
record independently. Thus it makes sense to think about
distributed algorithms in which individual animals operate as
computational elements. Flack and Krakauer (2011) applied
exactly this approach to modeling the decisions of monkeys to
engage in fights, viewing these individual decisions as forming “adaptive social circuits”.

Rumors and Collective Sensemaking
As a final motivating example, a classical and now wellsupported sociological theory of rumors conceptualizes rumors as a natural part of a process of collective sensemaking
(Shibutani, 1966; Bordia & DiFonzo, 2004; Huang, Starbird,
Orand, Stanek, & Pedersen, 2015). According to this view,
people try to make sense of the world together when they
find themselves in uncertain environments. A computational
perspective of rumors based on this view is as functioning to
communicate hypotheses about the state of the environment
(Krafft, Zhou, Edwards, Starbird, & Spiro, 2017). This perspective frames rumors as oriented towards a distributed inference problem of inferring the state of the world given the
evidence at hand.

Marr’s Levels for Social Systems
Having motivated computational and algorithmic perspectives of social systems through our examples, we now expand
upon the usage of Marr’s levels of analysis in social systems.

Computational Level
The first level of analysis Marr defined is the computational
level. The computational level describes the problem that an
information processing system is oriented towards solving.
The information processing function that the social system
accomplishes may be explicit due to design or implicit, as
in Merton’s manifest versus latent functions (Merton, 1949).
For this level of analysis to apply, the group must face some

computational problem. The computational problems in our
examples were implementing a FIFO queue, resource allocation, and distributed inference. Other common computational
problems in social systems include aligning group member preferences and solving coordination problems (Krafft,
2018). Unlike in cognition, in which computational problems
are frequently posed by the external environment, many computational problems faced by groups are endogenous. The
need to coordinate is one example. The need to coordinate
is an inherent result of existing as differentiated people. Another type of endogeneity is in problems that are created by
history dependence. For instance, Durkheim offers that one
view of the division of labor could be that by increasing our
ability to create goods to relieve our increasing fatigue, division of labor functions in part to meet the needs created by its
very existence (Durkheim, 1893).
The computational level of analysis is important because it
allows the researcher to answer “why” questions—to understand why people behave in a certain way. In order to justify
a teleological interpretation of a social function, that function
should either be explicitly intended or otherwise be evidently
addressing a problem that threatens the group. For instance,
we can say that conventions about which side of the street to
drive on exist in order to solve a coordination problem. Some
coherent distributed computations do not meet this criterion
of solving a computational problem associated with an intention or a need of the group. In the tragedy of the commons,
rational agents are computing an equilibrium, and therefore
accomplishing a computational function, but this outcome is
neither intended nor meeting a need. Therefore this collective
behavior cannot be productively interpreted as functional, and
Marr’s computational level does not apply.
Another important qualification in the social case is that
the computational problem is one faced by the group, community, or society. Every individual in a group has their own
problems and goals, and some behavior will be oriented towards those individual needs and not any shared needs of the
group. Selfish behavior of this sort is one reason why we cannot treat all compositions of rational behavior as functional
group behavior. This issue is at play in the tragedy of the
commons and other social dilemmas from game theory.
The definition of social functions is also only with respect
to the boundaries of the group being analyzed, and does not
represent a moral judgment. Accomplishing a computational
function in one group can cause problems for other groups;
consider the case of one group finding a new place to build
a settlement and displacing another group. In line with Weber’s interpretive approach (Weber, 1922), insofar as we are
aiming to understand why people are engaging in certain social behaviors, we must interpret function with respect to the
values of the people in the group being analyzed.

Algorithmic Level
Marr’s second level of analysis is the algorithmic level. The
algorithmic level describes the way in which a computational
problem associated with an information processing system is
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solved. An algorithm involves both the representations of information used and the transformations of those representations. In social systems, the fundamental algorithms at play
are most readily conceptualized as distributed algorithms, in
which multiple people are participating as agents akin to networked computer processors. This perspective of social processes as distributed algorithms is closely related to agentbased modeling (Macy & Willer, 2002), the study of social
mechanisms in analytical sociology (Hedström & Bearman,
2009), and the study of natural algorithms in theoretical computer science (Chazelle, 2009).
The critical criterion for an algorithmic explanation within
Marr’s framework is that the behavior being examined offers
a proper solution to the computational problem posed in the
computational level of analysis. This criterion pushes beyond
purely descriptive studies of social mechanisms, as in many
agent-based or rational models, towards a formal relationship
between mechanisms and social functions. In the example of
waiting in line, the FIFO queue is accomplished if each person keeps their place. While deviant behavior such as linecutting could be included in an agent-based model, a strict algorithmic analysis does not accommodate cases when some
people cut in line for no reason other than their own selfinterest, because this behavior undermines the correct computation of the FIFO queue.

coordination, there is a wealth of literature in computer science on engineering distributed systems.
A second benefit is a rigorous approach to providing mathematical evidence for functionalist sociological theories. Taking the rumor example again, suppose we wanted to provide
evidence that rumors function as a mechanism of collective
sensemaking. Suppose we can show that a distributed inference algorithm as a behavioral model explains observed
behavior better than alternative mechanisms, such as a contagion model or a thermodynamic model. The evidence for
that distributed algorithm then in turn provides evidence for
the functional interpretation of rumors since there is a mathematical relationship between the algorithmic model and the
problem of distributed inference.
A final benefit is for design. Once a social problem is specified precisely as a computational problem, then we can do
more than just understand how current social behavior might
address this problem. We can also search for alternative social
behaviors or structures that better solve the problem according to some criteria. The value of precise computational specification is that this search through design space can be automated. An example of this approach is in automated mechanism design (Conitzer & Sandholm, 2003).

Implementation Level

There are several interrelated challenges and potential critiques of the indiscriminate application of Marr’s approach
to social systems. We now address what we view as the
major challenges. Our responses to these challenges center
around an argument that a program of Marr’s approach to
social systems aims to produce useful, idealized hierarchical
mathematical descriptions, but should not be conducted without also paying careful attention to the specifics of the social
context being studied and the political aspects of that inquiry.

The final level of analysis Marr defines is the implementation
level. An algorithm is an abstract process-level description.
The implementation level explains how the algorithm is implemented through actual interaction of basic elements. In
social systems, the definition of the implementation level is
contingent on what elements of the system are taken as primitive. Typically, social systems are reduced to psychological processes, and connections to neural processes are left to
cognitive scientists. This division leaves the implementation
level to be concerned with psychological processes, details
of social interaction, and contextual elements such as geography, social network structure, and artifacts in the environment
as building blocks. The implementation level can be thought
of as a second, lower-level algorithmic analysis.

Benefits of the Approach
There are several potential gains to be had from employing
Marr’s levels of analysis to understand social systems. One
benefit is a deductive approach to discovering mechanisms.
In analytical sociology, the discovery of mathematical descriptions for social mechanisms is often post hoc and inductive from observations. Marr’s levels provide a deductive,
reverse-engineering approach. In this approach, the computational problem being faced by a group is specified first, and
then algorithms to solve that problem are explored. For instance, in the case of conceptualizing rumors as distributed
inference, we can look to the literature on algorithms for distributed inference in search of mechanisms. To understand

Challenges to the Approach

Multiagent Systems versus Human Social Systems
One potential criticism that we can readily dismiss involves
the difference between human social systems and artificial
multiagent systems or distributed computer systems. Computer networks offer quite different affordances and constraints as compared to social systems. For instance, computers can easily communicate their entire internal states with
complete precision to each other. Communication is much
harder for people, but at the same time, people have a richer
range of distinctive forms of communication, including symbolic and cultural systems. Social networks, the physicality of human interaction, social norms and institutions, and
many other contextual factors form additional components
that must be considered in the case of social systems. Although distributed computer systems and distributed social
systems clearly have widely differing constraints and affordances, the mathematical language we use to describe both
types of systems, the classes of algorithms that are employed,
and some fraction of the computational problems each type
of system faces could still be similar.
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Methodological Individualism
A classic criticism of functionalism is that of methodological
individualists or “reductionists”. The view of methodological individualism would assert that a group-level functionalist perspective is unnecessary for explaining the behavior of
social systems. Under such a view, any group-level structure
supervenes on the individual-level beliefs, intentions, plans,
and behaviors. A social system therefore cannot be properly
understood as having a function. To have a function means
that the social system as a whole has a causal role in a broader
ecosystem. But according to the reductionist view, the social
system as a whole plays no causal role in the system dynamics. The only causally relevant entities are the components.
There are several responses to such a criticism. The response requiring the weakest logical commitments is that
function can serve as a useful description that succinctly
summarizes the behavior of the system, without making any
causal claims. The usefulness of the description alone justifies a functionalist inquiry. When conceptualizing social systems “as if” they had functions allows us to better understand
them, then such concepts are valuable. Another response is to
assert that there can be multiple scales of causal explanations,
and functions serve a causal role at an aggregate level. For instance, in a counterfactual world where people have no way
to implement a FIFO queue at the professor’s office, then the
operations of the group—who gets in when—would be fundamentally different. Therefore the operation of office hours
can rightfully be conceptualized as having a dependence on
the ability of people to implement a FIFO queue.
A related response is that certain functions are irreducible
emergent properties of the social system, meaning that the
behavior of the social system cannot be properly understood
without understanding its emergent functions. This argument
asserts that there is downward causality from emergent function to the constituents of the system. For instance, consider
two competing hunting groups whose members must hunt
together to be successful, and suppose the members of one
group have synchronized clocks. It is the ability of the group
to accomplish the task of coordination that allows the group
to be more effective, not anything about the individuals in and
of themselves. If the clocks did not accomplish the function
of coordination, the individuals would not benefit.

Non-adaptive Functions
We argued in our definition of the computational level of analysis that the computational functions being analyzed must be
beneficial to the group in order for the function to have a teleological interpretation, which is an implicit aim of Marr’s
computational level. Some collective behavior implements
coherent computation that is either harmful or epiphenomenal. For instance, Schelling’s (1971) segregation model
showed how small individual biases could lead to a population clustering itself according to attributes such as race.
Clustering or sorting could then be said to be an information
processing function implemented by Schelling’s mechanism.

At the same time, we might think that segregation is actually
a maladaptive characteristic of a population. In a more recent
example, a group of analytical sociologists presented a multiscale analysis of adolescent sexual behavior, and showed
that the behavioral mechanisms of these people led to networks that tended to have structures similar to spanning trees
(Bearman, Moody, & Stovel, 2004). Spanning trees are good
for the sexual health of the community in some ways but bad
in other ways, and thus do not serve a clear function. These
analyses benefit from the same mathematical machinery that
we use in the computational level analysis, but fall outside its
scope in our definition.

Dysfunctional Collective Behavior
Another concern is individual behaviors that lead to incoherent or unstructured collective behavior, and individual or collective behaviors that appear functionally oriented but fail to
accomplish any function. Social behavior that leads to incoherent or unstructured collective behavior, such as people
going about their own individual business within their homes,
simply may not have group-level structure that lends itself to
illuminating interpretation via Marr’s levels. One prominent
and perhaps surprising example of this sort is agent-based
models. Although agent-based models can be described as
computer programs, their aggregate dynamics are sometimes
chaotic or unstructured. The scope of Marr’s levels therefore
is not as wide as the class of all processes that can be described as distributed computer programs. Other behaviors
may appear functionally oriented but are suboptimal or totally dysfunctional. Here, Marr’s approach simply may not
apply if the social system does not have group-level information processing characteristics.

Sociological Critiques
A final set of threats to applying Marr’s levels to social systems are inherited from other challenges to sociological functionalism. Despite still being influential in contemporary sociology, functionalism has been criticized for abstracting and
obscuring many key details of social phenomena. Conflict
theorists have emphasized how functionalism diminishes the
struggle of marginalized groups, the importance of revolutionary change, and the role of individual human agency in
society. In a somewhat separate line of critique, Giddins’
structuration theory explores how function and structure coevolve continuously across space and time and cannot be
neatly separated (Giddens, 1984).
We follow Weber (1922) in responding to these criticisms
by noting firstly that a functional description can still be useful for certain ends, although non-functional aspects must
be considered for a complete treatment of any system; and
a functionalist analysis may still be illuminating to see how
a population deviates from an idealized solution. That said,
we must always keep in mind the balance between the clarity
provided by abstraction and the frequent importance of the
details that are abstracted away.
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Conclusion
Analysis of social systems is challenging in part due to the
diversity and complexity of the people in these systems and
their interactions. Abstraction of social processes should be
approached with caution but can help to highlight generalizable insights and underlying principles at play. In the present
work we have outlined the application of Marr’s levels of
analysis to a broad range of social systems. This framework
provides machinery for abstraction, and for relating abstract
levels to lower levels of explanation.
Given our discussion of criticisms in the previous section,
we can make an informed attempt at outlining the scope of
Marr’s approach for social systems. Marr’s levels have clear
utility and have been used in cases where groups have an
explicit shared goal of executing an information processing
task, such as in teams and organizations. We have argued that
Marr’s levels of analysis can also be useful in cases where
people are self-organized—whether by coincidence, by intention, or through biological or cultural evolution—to execute
coherent information processing. Cases that are less appropriate are when group behavior is unstructured, incoherent, or
structured but not oriented towards information processing.
There are several classes of computational problems
and algorithms that may be useful in deploying Marr’s
levels of analysis for social systems. Multiagent systems is
one of the most relevant areas (Shoham & Leyton-Brown,
2008). The area of multiagent systems provides a wide
variety of formalisms that are useful for both specifying
problems and algorithms, including multiagent decision
problems (Bernstein, Zilberstein, & Immerman, 2000) and
computational models of shared cooperative activity (Grosz,
Hunsberger, & Kraus, 1999). There are also many distributed
algorithms outside the literature on multiagent systems, such
as fault-tolerant distributed algorithms for consensus (Lynch,
1996). Distributed machine learning is another promising
area to draw upon. Future work could deploy Marr’s levels
of analysis to further explore links between developments in
these areas and the study of social systems.
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Abstract

(Richardson & Kirkham, 2004). These experienced an object
(e.g., a toy) jointly with a sound (e.g., boing boing) and immediately after listened to a spatially non-informative boing
sound without the toy present. The infants inspected the side
of the screen that the associated toy had just occupied more
than the other side of the screen. Similarities in children’s
and adults’ visual attention behaviour also emerged during
utterance comprehension. Much like adults, 10-11-year-olds
(Nation, Marshall, & Altmann, 2003) and 2-year-olds (Mani
& Huettig, 2012) rapidly anticipated an upcoming target (a
cake vs. a bird as a distractor object) during eats the when
they listened to The boy eats the big cake (vs. The boy sees
the big cake); but at the age of two this was only the case
for skilled (vs. unskilled) language producers (Mani & Huettig, 2012). Eye-movements in this paradigm also revealed
differences between child and adult language processing. For
instance, while 36-month-olds much like adults rapidly gazed
at a blue car when responding to questions such as ’Can you
find the blue car?’ in the presence of a red and a blue car, 30month-olds shifted their gaze more often towards an incorrect
referent (Fernald, Thorpe, & Marchman, 2010).

German 5-year-olds are able to rapidly recruit depicted actions to assign thematic roles in unambiguous sentences when
these actions can be inspected throughout sentence presentation (Münster, 2016; Zhang & Knoeferle, 2012). In two visualworld eye tracking studies, we investigated whether these findings extend to locally structurally ambiguous utterances and
to short-lived action presentation. In addition, we compared
the action depiction to a character’s wiggling motion. The action and the wiggle served as cues to the agent (subject) in
difficult-to-understand OVS sentences. Participants listened
to structurally ambiguous object-verb-subject (OVS) sentences
about, for instance, a bug being pushed by a bull while inspecting a bull, a bug, and a worm. We manipulated the scene
at verb-onset such that either a) no action no wiggle, b) no
action one wiggle, c) one action no wiggle, or d) one action
one wiggle appeared. Both of these animations caused the
adults and the children to visually anticipate the agent role
filler (corresponding to the subject in the OVS sentence) before its mention. However, in answering post-trial who-doeswhat-to-whom comprehension questions, the children did not
(unlike suggested by previous findings) benefit from the action
depictions. Together the eye-gaze and post-trial comprehension results suggest that the nature of cue presentation (e.g.,
the abrupt onset of an action or a wiggle and limitations on cue
presence) plays an important role in both the immediate visual
attention and somewhat later interpretation effects of such visual cues during children’s language comprehension.
Keywords: Visual-world paradigm, eye movements, child language comprehension, thematic role assignment, depicted actions, wiggle, non-linguistic visual cues

Introduction
Adult comprehenders can exploit a variety of non-linguistic
cues in their incremental interpretation of spoken utterances.
Visual referential context, contrast between objects, object
affordances, depicted actions, or events can each rapidly
influence spoken language comprehension (e.g., Chambers,
Tanenhaus, & Magnuson, 2004; Knoeferle, Crocker, Scheepers, & Pickering, 2005; Sedivy, Tanenhaus, Chambers, &
Carlson, 1999; Tanenhaus, Spivey-Knowlton, Eberhard, &
Sedivy, 1995). The utterance, in turn, can guide visual attention to objects in the scene, and that attention can be ‘anticipatory’ such that adult listeners visually anticipated a referent
even before it was mentioned (Altmann & Kamide, 1999).
For children, however, some but not all of these aspects of
situated language (processing) are present from day one. First
evidence for the close temporal coordination of visual attention and auditory input comes from a study on 6-month-olds

Further differences emerged in referential context effects
during structural disambiguation (Trueswell, Sekerina, Hill,
& Logrip, 1999). Five-year-olds listened to ambiguous (e.g.,
Put the frog on the napkin in the box) and unambiguous (e.g.,
Put the frog that’s on the napkin in the box) instructions and
inspected contexts which contained either one or two possible
referents for the frog (one-referent context: a frog, a horse, an
empty napkin, a box; two-referent context: a frog on a napkin,
another frog, an empty napkin, and a box). In the ambiguous
instruction, on the napkin could either be interpreted as the
location or as the destination of the frog. The 5-year-olds
interpreted the napkin as the frog’s destination even when the
two-referent context biased towards a location interpretation.
Unlike adults, the five-year-olds were unable to infer from the
referential context (two frogs) that on the napkin modified the
frog. These and related findings support the idea that child
language processing differs from adult language processing.
However, children’s thematic role assignment in structurally unambiguous German sentences was influenced by
depicted action events (Münster, 2016; Zhang & Knoeferle,
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2012). While listening to unambiguous subject-verb-object
(SVO: e.g., Der Bär schubst sogleich den Stier. - ‘The bear
(subj) pushes immediately the bull (obj).’) and object-verbsubject (OVS: e.g., Den Bär malt sogleich der Wurm. - ‘The
bear (obj) paints immediately the worm (subj).’) sentences, 45-year-olds inspected scenes containing a bear, a worm, and
a bull. Actions were (vs. weren’t) depicted (e.g., for the verb
push the bear either held its hands towards the bull (vs. close
to its own body). When actions were depicted, children visually anticipated the patient (i.e., the worm vs. agent: the
bull) in SVO sentences before its mention (during sogleich,
‘soon’) and the agent (vs. patient) in OVS sentences (compared with when the actions were not depicted). The results
for the adult control group were similar but adults started to
inspect the target agent one word earlier (during the verb).
Depicted actions further improved children’s (but not adults’)
responses to post-sentence comprehension ‘who does what to
whom’ questions for the OVS sentences. It seems children
can rapidly recruit depicted action events at least for interpreting structurally unambiguous utterances. Adults can even
recruit them for incremental thematic role assignment in locally structurally ambiguous SVO and OVS sentences (Knoeferle et al., 2005).
Prior research has further investigated the effects of different types of information in scenes on language comprehension: speaker gaze vs. a dot cursor (Brennan, Chen,
Dickinson, Neider, & Zelinsky, 2008), speaker gaze vs. an
arrow (Staudte, Crocker, Heloir, & Kipp, 2014), actor gaze
vs. recent action events (Abashidze, Knoeferle, & Carminati,
2015), depicted actions vs. a recent emotional speaker face
(Münster, Carminati, & Knoeferle, 2015), and speaker gaze
shifts vs. depicted actions (Kreysa, Knoeferle, & Nunneman,
2014). Although all of these visual cues rapidly informed
language comprehension in adults, some had similar whereas
others had distinct effects on language comprehension (e.g.,
depicted actions and speaker gaze shifts elicited looks to a
target character with the same time course when they were
both employed as deictic cues; the time courses differed when
the verb had to be processed more in-depth semantically; an
emotional prime face only seemed to affect the listeners’ visual attention when an action was also depicted). The extent
to which distinct visual cues can guide comprehenders’ visual attention and influence their language comprehension is
largely an open question, as is the extent to which they are
processed in a similar fashion by children and by adults for
disambiguating non-canonical sentences. The latter are difficult to process due to an SVO over OVS word order bias in
German. It is further unclear to which extent these cues influence thematic role assignment when they (unlike in prior
research) appear for only a short time during comprehension,
similar to some linguistic cues.

The Present Research
The present research, thus, assessed whether depicted action
events (that are mediated by the verb) rapidly influence children’s thematic role assignment in locally structurally am-

biguous OVS sentences when the action is only co-present
for a short period of time. We explored the influence of further distinct cues (a wiggling motion of a character). A wiggling motion presents an interesting comparison since it is
not mediated by the verb but co-located with the agent (and
might thus attract the listeners’ attention to the agent). The
wiggle could function as a pragmatic/focusing cue to the extent that comprehenders infer that the wiggling (vs. not wiggling) character is the agent, disambiguating sentence structure. Does a wiggling target character help children to correctly assign thematic roles (eliciting agent inspection) or
do they fail to draw pragmatic inferences as suggested by
Trueswell et al. (1999) where children had to infer that the
napkin modified one of the two frogs? If not per pragmatic
inferences, a wiggling character might first attract the comprehenders’ attention through the abrupt motion, resembling
an action, implicating thematic role assignment processes.
The participants inspected a scene (Fig. 1) and listened to
OVS sentences (Fig. 2). Figure 2 depicts cue presentation.
If children and adults rely on distinct short-lived visual cues
for correct thematic role assignment, they should look more
to the target character (the agent: the bull) during or shortly
after they have heard the verb when a visual cue had been
present (vs. absent) during the verb. If one cue is stronger
than the other, we expect a difference in looks to the target
character for the depicted action and the wiggle condition. If
the addition of visual cues (depicted action plus wiggle) has
beneficial effects, we expect a preference to inspect the agent
in the depicted action plus wiggle condition compared to the
depicted action or wiggle (one-cue) condition.
In addition to eye gaze we measured comprehension via
post-sentence comprehension questions. We expected to find
a difference between children and adults. In ambiguously
case marked OVS sentences, case marking on the second
noun phrase disambiguates the sentences. Prior research
has suggested that adults can use case marking for correct
thematic role assignment (Kamide, Scheepers, & Altmann,
2003; Matzke, Mai, Nager, Rüsseler, & Münte, 2002; Zhang
& Knoeferle, 2012). If so, adults should make correct responses independent of cue presence. Children’s ability to
use case marking (in the absence of helpful visual context),
however, seems to be limited to visual contexts that provide
further information such as world knowledge (Özge, Münster, Knoeferle, Küntay, & Snedeker, 2016 but Kröger, Münster, & Knoeferle, 2017; Dittmar, Abbot-Smith, Lieven, &
Tomasello, 2008; Schipke, Friederici, & Oberecker, 2011).
Our visual contexts did not provide any such further information, and children should be at chance in responding in the nocue condition. If children are, however, able to use visual cues
for the correct interpretation of ambiguous OVS sentences,
we should replicate the findings from Zhang and Knoeferle
(2012): Improved accuracy when actions are depicted (vs.
not depicted), perhaps even more in passive voice comprehension questions (Münster, 2016). If the wiggle effects resemble action effects, we expect more correct responses when
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the wiggle is present (vs. absent). If one cue is stronger than
the other, we should observe a difference in the amount of
correct responses between the action and the wiggle cue. If
two visual cues are better than one, we expect more correct
responses in condition d) one action one wiggle compared to
the single-cue conditions b) and c)).

Experiment
Participants
24 young monolingual German adults (mean age = 27.8) and
24 monolingual five-year old German kindergarten children
participated in the experiment. All of them had normal or
corrected vision and hearing. Adults received 5 Euros and
children received a toy and a certificate. Adults and the children’s parents gave written informed consent and the children
gave oral informed consent. The ethics committee of Bielefeld University approved the experiment.

is the agent and the bull the patient. We avoided stereotypicality (a bull is not a more stereotypical pusher of a bug than a
bug in relation to a worm). The scenes were counterbalanced
for left and right direction. In an additional 72 filler items we
varied the number of depicted role fillers such that either one,
two, or three role fillers were depicted and we used different
sentence structures (SVOO, directOVSO, indirectOVSO) and
different adverbs (manner, frequency, place). To avoid a clear
OVS-biasing prosodic structure, half of the filler items were
assigned an OVS-biasing prosody (L*+H on NP1) and half
an SVO-biasing prosody (L*+H on NP1, H* on verb). One
half of the filler items occurred in one of the experimental
conditions and in the other half actions unrelated to the verb
were depicted and characters other than the agent wiggled.
For children, filler items were reduced to 8.
Table 1: Conditions
Condition
a
b
c
d

Materials
A linguistically trained female native German speaker
recorded 24 ambiguously case marked transitive German
object-verb-subject sentences. All sentences were ambiguously case marked on the first noun phrase (i.e., either feminine or neuter case - identical in nominative and accusative)
and were assigned an OVS biasing prosodic contour (L*+H
accent on the first noun phrase). Prosody was not part of the
design, and we did not expect to find effects of prosody (see
Kröger et al., 2017). Case marking on the second noun phrase
was unambiguous and thus disambiguated who does what to
whom. For each sentence, we created four visual scenes containing three clipart animal characters. In condition a) no action no wiggle, the scene contained the role fillers only (Fig.
1). In condition b) no action one wiggle, the agent wiggles
up and down a fixed number of pixels. Condition c) one action no wiggle depicts the agent performing an action (e.g.,
for the verb schubsen ’push’ the character was holding his
hands out). In condition d) one action one wiggle the agent
performs an action and wiggles at the same time (Table1). All
cues were only present during the verb.

Sentence Structure
ambOVS
ambOVS
ambOVS
ambOVS

Visual Cue
no action no wiggle
no action one wiggle
one action no wiggle
one action one wiggle

Procedure
During the experiment, we monitored participant’s eye movements with an Eyelink 1000 eye tracker. In the remote setup
with a 16mm lens, the sampling rate was 500 Hz monocular and the average accuracy 0.5◦ . Scenes were presented on
a DELL laptop (screen resolution 1920x1080 pixels). Before
the experiment, the experimenter conducted a manual calibration using a five-dot scheme. Participants saw the scene 2000
ms before sentence onset. The comprehension question, either in active or in passive voice (active: Wer schubst hier?
’Who pushes here?’; passive: Wer wird hier geschubst ’Who
is being pushed here?’), followed 1500 ms after sentence offset. All visual cues were time-locked to verb onset (Figure
2) because at this point in time the verb referenced the depicted action. The wiggle also occurred at verb onset so that
we could perform a direct comparison between the different
cues. The trials were separated by a drift correct point to verify calibration. Before the experimental items and the final
calibration, practice items (N=4) introduced the experiment.
The duration of each testing session was approximately 40
minutes for adults and 20 minutes for children.

Analysis
Figure 1: Example image: condition a) no action no wiggle.
The middle character was always mentioned at the beginning of the sentence and was thus role ambiguous: it could
act upon or being acted upon by one of the adjacent characters (the NP1 was ambiguously case marked and did thus not
disambiguate who does what to whom). In Figure 1 the bull is
the agent of the scene and the worm the patient. We counterbalanced the role fillers such that in another scene the worm

For the analysis, we predefined two word regions of interest:
verb (verb onset to adverb onset) and adverb region (adverb
onset to NP2 onset). We were interested in the verb region to
observe the effects of the visual cues. We chose the adverb
region for post-verbal effects. Within each scene, we predefined two areas of interest: the left and right role filler (e.g.,
the bull - the agent and the worm - the patient). We did not include the middle role filler in the analyses because our dependent measure was the anticipation of the NP2 role fillers (see
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Accuracy. For adults the overall accuracy was 68.9%. The
analyses of their scores revealed a marginal interaction (p =
.07; the wiggle modulated accuracy in the action present but
not the action-absent conditions; one action one wiggle 75%
vs. the other conditions (a) 66.7%, b) 66%, c) 68.1%). Children’s accuracy was 41.7%. An effect of voice reflected that
children responded more accurately to active than passive
voice questions (p < .001). The active voice data revealed
a marginal effect of wiggle (p = .09). The effect of action
was neither reliable overall nor in the active-question data.
Children responded more accurately to active-voice questions
when the wiggle was present (vs. absent).

Figure 2: Visual cue presentation: Depicted actions: 1a) no
cue 1b) cue depiction 1c) no cue. Wiggle: 2a) no cue, 2b) cue
depiction (target character wiggles up and down 10 pixels the arrow is for visualisation only), 1c) no cue.
also Knoeferle et al., 2005). For the two time windows, we
computed mean-log ratios of looks (see Arai, Van Gompel, &
Scheepers, 2007; Carminati & Knoeferle, 2013). These logratios represented the preference of looks towards the agent
over the patient (ln(agent)/ln(patient)). Negative numbers indicate more looks towards the patient (vs. agent) and positive numbers more looks towards the agent (vs. patient). The
mean-log ratios of looks were subjected to an analysis of variance (ANOVA) by subjects and by items with a 2 (action) x
2 (wiggle) design. Post-sentence comprehension questions
include correct (1) and false/no (0) responses. Based on the
number of possible responses, we calculated the percentages
of corrects responses by condition. We analysed the accuracy
data using Generalised-Mixed-Effects Models (Bates, Mächler, Bolker, & Walker, 2014).

Figure 3: Adults: Mean log-ratios of looks towards the agent
over the patient during the verb and adverb region in all four
conditions. Error bars: 95% confidence intervals.

Results
Eye Movements. The analyses revealed main effects of action and wiggle and an interaction of action and wiggle during the verb and adverb region (all ps < .01) in both age
groups (Figures 3, 4). In both word regions and age groups,
paired-sample t-tests after Bonferroni (.05/6) revealed significant differences for the no-cue condition versus each of the
visual cue conditions (verb, adverb: ps < .01). Adults and
children preferred to look at the agent more when one or two
of the cues were present compared to when no cue was. Descriptively, the adults’ mean-log ratios were higher for the
verb than adverb region, indicating a more pronounced preference to look at the agent (vs. patient) during the verb than
adverb. For children, paired-sample t-tests after Bonferroni
(.05/6) showed a significant difference between condition b)
no action one wiggle and condition d) one action one wiggle
(ps < .01) during the adverb. Children’s preference to look at
the agent (vs. patient) was boosted by the wiggle in the noaction but not the action conditions. In children, the mean-log
ratios were higher during the adverb than verb region.

Figure 4: Children: Mean log-ratios of looks towards the
agent over the patient during the verb and adverb region in
all four conditions. Error bars: 95% confidence intervals.

Discussion
We investigated the influence of distinct short-lived visual cues on thematic role assignment in ambiguously case
marked German OVS sentences in children and adults.
Eye-movements. The results corroborate the rapid depicted action effects reported by Zhang and Knoeferle (2012)
and Münster (2016). But unlike in Zhang and Knoeferle
(2012) and Münster (2016), looks to the target character in
children were not delayed by one word region in our experiment. We did observe some delay, however: Descriptively,
for adults the presence of visual cues resulted in a higher
preference to look at the agent during the verb (vs. adverb)
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whereas children’s preference was higher in the adverb than
verb region. The difference in the time course of gaze patterns
likely resulted from presentation differences. In our study, the
action and wiggle cues were limited to the verb, perhaps eliciting children’s more immediate attentional response, while
they had been present throughout the sentence in prior research. In addition to the action effects, a main effect of wiggle emerged, as well as an interaction of action and wiggle,
all during the verb. While the action-based anticipation of
the target agent was not modulated by wiggle presence in the
children, when no action was present, children inspected the
target agent more when the wiggle was present vs. absent.
Accuracy. For adults, a marginal interaction emerged:
When the action was present, an added wiggle (vs. no wiggle) elicited more correct responses; by contrast, wiggle presence did not influence accuracy when no action was present.
Surprisingly, adult’s overall accuracy was very low (68.9%)
although case marking on the second noun phrase disambiguated the sentences. The low accuracy on critical items
may have resulted from language-scene mismatches in the
fillers. These may have led the adults to interpret the case
marking on the second noun phrase of OVS sentences as a
‘mismatch’, thinking it must be SVO, resulting in incorrect
role assignment and responses to the questions.
For children, we did not replicate the improved accuracy (with vs. without action depiction) reported previously
(Zhang & Knoeferle, 2012). Unlike in the adult data, we
found an effect of voice in the child accuracy data such
that children responded significantly more often correctly to
questions in active than passive voice. Children might have
used the relationship between the visual cue and the agent:
The correct response to active voice questions was the agent.
Since the visual cue was either the agent performing an action
or the agent wiggling, children may have used this relationship in responding to active voice questions. Follow-up analyses on the active-question data revealed a marginal effect of
wiggle such that the wiggle had a positive effect on accuracies for active voice questions. Perhaps the children used the
wiggle to keep the agent representation in working memory,
facilitating access in response to the questions.
Our eye-gaze results, however, do not corroborate the idea
that the wiggle in particular boosts attention. In the adverb
region, children looked significantly more often to the agent
(vs. patient) when one action (vs. one wiggle) was depicted.
Perhaps the wiggle increased the salience and / or focus of the
agent representation in children with some delay only, eliciting increased accuracy when the agent was the question target
but not eliciting more inspection in real time. Future experiments could assess this interpretation.
Why then did the depicted action not boost children’s responses to comprehension questions as was the case in Münster (2016); Zhang and Knoeferle (2012)? One of the reasons
why we failed to observe beneficial effects of depicted actions
might be that our actions were depicted only for a short period
of time. A wiggling target character could, however, also in-

terfere with thematic role assignment. Children acquire verbargument structure and associated abstract knowledge from
an early age (e.g., Bencini & Valian, 2008; Messenger, Branigan, McLean, & Sorace, 2012; Peter, Chang, Pine, Blything,
& Rowland, 2015). Upon hearing a known transitive verb,
children may know that the verb requires two arguments (e.g.,
agent and patient). The depicted action does indeed represent
a two-argument event (e.g., the bug pushes the bull) and is
thus compatible with the argument structure of the verb. The
wiggle could, however, introduce a one-argument event (e.g.,
the bull wiggles) and thus be incompatible with the argument
structure of the verb, perhaps reducing its immediate effects
on eye gaze compared with the action depiction. But the wiggle effects on question accuracy suggests that participants at
least by sentence-end had integrated the wiggle into the argument structure of the verb, perhaps because it had been - in
its presentation - time-locked to the verb.
In summary, our results support the idea that children’s and
adults’ visual attention is immediately (at the verb) guided by
the visual cues. But children’s post-trial response accuracy
differed from previous findings and differed from that of the
adults. Children - unlike in prior research seemed to be affected more by the the wiggle in their responses while adults’
accuracy was highest for the combination of the two visual
cues. Perhaps the temporal limitations in the presentation of
the cues resulted in an immediate boost but with the negative
effect that the children processed the actions less in-depth,
eliminating the previously-observed benefit on their accuracy
in responding to who-does-what-to-whom questions. Since
children around the age of five still seem to struggle in interpreting ambiguous and non-canonical sentence structures
(SVO preference), the use of visual support (even if shortlived) may be helpful to encourage language development.
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Abstract

& Singh, 1995). MF learning offers a simple, computationally cheap approach to learning, while MB learning is more
sophisticated and resource-intensive. In the domain of decision making, MF and MB learning have been used respectively to describe dual-processes including habits vs. goals,
reflexive vs. reflective choice, retrospective vs. prospective
decisions, and Pavlovian vs. instrumental learning (Boureau,
Sokol-Hessner, & Daw, 2015; Dolan & Dayan, 2013).

Model-free (MF) and model-based (MB) reinforcement learning (RL) have provided a successful framework for understanding both human behavior and neural data. These two systems are usually thought to compete for control of behavior.
However, it has also been proposed that they can be integrated
in a cooperative manner. For example, the Dyna algorithm uses
MB replay of past experience to train the MF system, and has
inspired research examining whether human learners do something similar. Here we introduce an approach that links MF
and MB learning in a new way: via the reward function. Given
a model of the learning environment, dynamic programming
is used to iteratively approximate state values that monotonically converge to the state values under the optimal decision
policy. Pseudorewards are calculated from these values and
used to shape the reward function of a MF learner in a way
that is guaranteed not to change the optimal policy. We show
that this method offers computational advantages over Dyna in
two classic problems. It also offers a new way to think about
integrating MF and MB RL: that our knowledge of the world
doesn’t just provide a source of simulated experience for training our instincts, but that it shapes the rewards that those instincts latch onto. We discuss psychological phenomena that
this theory could apply to, including moral emotions.

Introduction
You’re at a dinner buffet and intend to choose a healthy salad
to help achieve your dietary goal of losing weight and staying fit. Nonetheless, you are unable to resist taking a piece of
pie. Eating the pie is pleasurable but afterwards you feel guilt.
Why are our habits so often misaligned with our goals, and
how might emotions like guilt mediate this misalignment?
The interaction between habits and goals – how the former
support or undermine the latter – is a critical and commonplace dilemma faced by people, and an important area of research in psychology and neuroscience (Aarts & Dijksterhuis,
2000; Dolan & Dayan, 2013). Here we present a reinforcement learning architecture that can be used to describe the interaction between a simple learning system (e.g. habits) and
a higher-level, more sophisticated one (e.g. goals).
Dual-process theories – expressing human cognition as the
result of two interacting systems, such as systems that produce habits vs. goals – explain a range of fundamental properties of human decision-making and judgment. Inspired by results in machine learning, recent research in psychology and
neuroscience has explored how the brain might contain two
systems that use different approaches to the problem of learning from environmental rewards, known as model-free (MF)
and model-based (MB) reinforcement learning (RL) (Daw &
Dayan, 2014; Daw, Niv, & Dayan, 2005; Otto, Gershman,
Markman, & Daw, 2013). MF learning relies on direct trialand-error interaction with the environment (Sutton, Barto,
& Williams, 1992), while MB learning leverages knowledge
about the causal structure of the environment (Barto, Bradtke,

Understanding the cognitive and neural relationship between MF and MB learning – and, by extension, between various dual-processes – remains an unresolved question. Historically, animal psychologists viewed these two approaches
as distinct and competing hypotheses, with behaviorists arguing in favor of reflexive, MF learning based on stimulusresponse associations (Thorndike, 1933), and Tolman and
others positing an internal representation of the environment,
or “cognitive map” (Tolman, 1948). Nowadays, while behavioral and neural data indicate that human learning relies
on both systems (Daw et al., 2005; Dayan & Berridge, 2014;
Gläscher, Daw, Dayan, & O’Doherty, 2010), it is typically
assumed that they compete for control of behavior. However,
it is also possible for them to cooperate. The Dyna architecture achieves such cooperation by integrating MF learning
with MB planning (Sutton, 1991). In Dyna, as MF learning
occurs, transitions between states of the environment and the
resulting rewards are stored in a model. That model is used to
replay these past experiences to further train MF state-action
values. Recent behavioral data from people performing a retrospective revaluation task is consistent with a cooperative
architecture like Dyna (Gershman, Markman, & Otto, 2014).
Here we introduce Model-Based Pseudoreward Approximation (MBPA), a method for cooperative interaction between MF and MB learning. The MB system generates pseudorewards that shape the reward function used in MF learning. According to the shaping theorem (Ng, Harada, & Russell, 1999), conditions exist under which the optimal decision policy will remain invariant to such modifications of the
reward function, opening the possibility that pseudorewards
can be used to guide agents toward optimal behavior. That is,
since the optimal policy is guaranteed to remain unchanged,
pseudorewards can potentially be used to guide the agent to
the optimal policy. Using these principles, we show that pseudorewards can provide a link between MF and MB learning
through modification of the reward function.
MBPA offers an appealing alternative to Dyna, both conceptually and practically. With Dyna, the MB replay of past
experience suggests that planning (by internal simulation) is
one way that different learning systems might be linked in hu-
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man cognition. MBPA offers an alternative approach, based
on changing the reward function, which can be tested experimentally in humans. In particular, this offers a new way
to think about the relationship between dual-process theories
that involve MF and MB learning, with pseudorewards providing the crucial link. In the case of eating sweets when
one’s goal is to be on a diet, the emotion of guilt serves as
the (negative) pseudoreward, generated by the MB goal to retrain the MF habitual system. Remorse could serve a similar
function when one behaves unethically.
We begin by reviewing the Dyna architecture for integrated MF and MB learning. We then introduce our method
and its theoretical background. We present two simulations
which show the effectiveness of our method and how it compares with Dyna. The first simulation involves learning in a
maze environment, and the second simulation uses the classic
mountain car problem. We end by discussing how this integrated approach may serve as a metacognitive solution to the
rational use of cognitive resources (Griffiths, Lieder, & Goodman, 2015), and how it may shed light on the function of emotion in mediating the relationship between dual-processes.

where α is the learning rate that determines how quickly the
agent learns from new experience. The terms [R(s, a, s0 ) +
γ maxa0 Q(s0 , a0 ) − Q(s, a)] are called the temporal difference
error. Initially all Q(s, a) are zero, and Q-learning can eventually learn an optimal policy π∗ over time. The agent uses a
decision policy, such as the ε-greedy policy which is used in
our simulations. At each state s, with probability 1 − ε, the
agent chooses the action a ∈ A with the highest value Q(s, a).
With probability ε it chooses an action uniformly at random
(ε calibrates the explore-exploit tradeoff).

Model-based Reinforcement Learning
Unlike MF RL, MB RL has knowledge of the environment
in terms of the transition probabilities between states, P , and
the reward contingencies for state-action pairs, R . One of the
most common MB methods for finding an optimal policy π∗
is dynamic programming which calculates the value of state s
under policy π according to the Bellman equation:
V π (s) = Rπ(s) (s, π(s), s0 ) + γ ∑ Pπ(s) (s, a, s0 )V π (s0 )),

(3)

s0

Background
In this section we introduce the modeling framework for MF
and MB reinforcement learning, and describe a popular algorithm that cooperatively integrates the two.

and finds the value of each state V ∗ (s) under the optimal policy π∗ by recursively updating these values using the Bellman
optimality equation:
V ∗ (s) = max Rπ(s) (s, a, s0 ) + γ ∑ Pπ(s) (s, a, s0 )V ∗ (s0 )).
a

Markov Decision Processes
We describe sequential decision problems that can be modeled as a Markov Decision Process (MDP). The MDP is defined as the 5-tuple: M = {S , A , P , R , γ}, where S is the set
of states, A is the set of actions, and for each (s, a) ∈ S × A ,
P (s, a, s0 ) is the probability of transitioning to state s0 when
action a is selected in state s, R (s, a, s0 ) is the reward received
for transitioning from state s to s0 , and γt is the discount factor
for rewards t time steps in the future, where 0 ≤ γ ≤ 1 (Sutton
& Barto, 1998). A policy, π, is a mapping of states, S , onto
actions, A : π : S 7→ A . A value function, V π (s), is the expected amount of discounted reward generated by following
policy π beginning at state s:
V π (s) = ∑ Pπ(s) (s, a, s0 )(Rπ(s) (s, a, s0 ) + γV π (s0 )).

(1)

s0

An optimal policy, π∗ , is a policy that maximizes the value
function: π∗ (s) = arg maxa V π (s).

Model-free Reinforcement Learning
RL is concerned with learning an effective policy from rewards alone. MF methods require no knowledge about the environment, and the agent learns which state-action pairs lead
to reward through trial-and-error. One of the most common
MF methods, which is employed throughout the simulations
in this paper, is Q-learning (Sutton & Barto, 1998). When
the agent takes action a from state s, leading to state s0 and
reward R(s, a, s0 ), a value Q(s, a) is learned via the update
Q(s, a) ← Q(s, a) + α(R(s, a, s0 ) + γ max
Q(s0 , a0 ) − Q(s, a)), (2)
0
a

(4)

s0

Dyna
Dyna uses MF learning combined with a MB system that replays past experiences, which are used to train the MF system
(Figure 1a). After each real action taken in the environment,
the model stores the state-action pair and reward received.
It then randomly selects n past state-action pairs and replays
them. These planned actions are used to update the MF system as if they were real actions. In Dyna-Q, the MF system
uses one-step tabular Q-learning (which is what we use in our
simulations). The number of simulated planning steps, n, is a
parameter that can be set to any positive integer value. Dyna
typically begins with no knowledge about the causal structure of the environment (that is, transitions between states
and reward contingencies), but builds this knowledge based
on experience. However, Dyna can also inherit a model of
the environment, but this actually slows MF learning.
In addition to being a useful algorithm for integrating direct learning with indirect replay, Dyna has been proposed as
a model of human cognition – behavioral experiments have
found evidence in humans consistent with a Dyna architecture
(Gershman et al., 2014). Participants performed a sequential decision task with separate learning phases that tested behavioral revaluation. When given either more time between
phases or a smaller cognitive load, the magnitude of revaluation was larger, consistent with MB replay of past experience.
There are also neurophysiological data that suggest Dyna-like
cooperation between the two systems. Lansink et al. (2009)
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(a) Dyna archetecture.
(a)
(b)

Figure 2: (a) Maze environment. Colors correspond to state
values under the optimal policy (S = start state, G = goal
state). (b) Monotonic convergence of estimated state values.
Each subplot corresponds to a state in the maze. Red lines are
upper-bound estimates, blue lines are lower-bound estimate,
and dashed lines are optimal state values.

(b) Model-Based Pseudoreward Approximation.

Figure 1: Schematic illustrations of two approaches to cooperative RL: (a) Dyna and (b) our method, MBPA.

identified hippocampal neurons in rats encoding spatial location and striatal neurons encoding reward. During sleep,
the activation of those hippocampal cells correlated with and
proceeded activation of the same striatal cells that encoded
the value of those locations.

Model-Based Pseudoreward Approximation
Dyna integrates MF and MB RL by simulating past experience. We now consider Model-Based Pseudoreward Approximation (MBPA), a different way to merge the two. Our
method uses dynamic programming to approximate state values. These values are used to calculate pseudorewards according to the shaping theorem. By shaping the reward function, pseudorewards provide a link between MB planning and
MF learning. While MBPA can be initialized without a model
of the environment, the cognitive phenomena we wish to describe entail situations where the model is already learned,
but the MF system is misaligned with it. For example, one
may have goals based on a known model of the environment,
but habitually behave inconsistently with such goals. MBPA
describes how the model can be used to align the two systems.

Pseudorewards and the shaping theorem
Pseudorewards offer a way of conferring extra information to
an agent about the reward landscape. Essentially, a small reward is given to the MF agent (a Q-learner in our simulations)
whenever it takes an action that helps the agent move towards
the goal (or, conversely, a negative reward is given for moving away from the goal). Instead of the agent receiving actual
reward R(s, a, s0 ) when moving from state s → s0 , the agent
receives an augmented reward R0 (s, a, s0 ) where
R0 (s, a, s0 ) = R(s, a, s0 ) + F(s, a, s0 ).
(5)
Pseudorewards are defined using shaping functions, F. In
Ng et al. (1999), conditions for which the optimal policy π∗

remains invariant under a shaping function are developed. In
particular, F necessarily must be a potential-based shaping
function to possess this invariance property:
F(s, a, s0 ) = γΦ(s0 ) − Φ(s),
(6)
where Φ is a real-valued function, Φ : S → R. If the shaping
function is not potential-based, it is possible that Q-learning
will converge to a suboptimal solution. The simplest example of invariant pseudorewards uses the difference in optimal
values between the agent’s current state and next state:
F(s, a, s0 ) = γV ∗ (s0 ) −V ∗ (s).
(7)
This method is called the optimal policy pseudoreward – it
encourages the agent to move down the optimal path from its
current state. With an ε-greedy decision policy, if ε = 0, the
agent would move directly to the goal along the shortest path.
With optimal policy pseudorewards the agent can maximize long-term reward simply by taking the most rewarding
action at each step. However, in real-world scenarios, it may
be unrealistic for a human to have such complete information.
Computing the optimal policy may require many iterations of
the Bellman equation, or solving a linear program.

Approximating the value function
Optimal policy pseudorewards require knowing the value
function under the optimal policy, but that may be costly to
compute. Alternatively, the optimal value function can be approximated, requiring less computation. Bounded Real-Time
Dynamic Programming (BRTDP) is a planning algorithm
that attains certain performance guarantees if its lower- and
upper-bounded estimates of state values converge monotonically toward state values under the optimal policy (McMahan,
Likhachev, & Gordon, 2005). This monotonic convergence
toward optimal values is guaranteed to occur if the lower and
upper bounds are initialized properly. Here we take advantage of this monotone property to calculate approximate state
values using dynamic programming. Specifically, any num-
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ber, n, of iterations of the Bellman equation can be used to
approximate state values, and as n increases, the state values
converge toward optimal values. These values after n iterations are used to approximate pseudorewards using the shaping theorem. Thus, there is a tradeoff, determined by n, between the proximity of pseudorewards to their optimal value
and the amount of computation. As discussed later, learning
which n minimizes overall computation is a bounded rationality optimization that can be solved with metacognition.

Linking MF and MB RL with the reward function
Figure 1b provides a schematic illustration of MBPA, wherein
dynamic programming is used to approximate pseudorewards, which in turn shape the reward function and policy
of the MF agent. We are interested in describing situations in
which humans already have a model of the environment and
use this information to train their MF instincts. A model containing state-action pairs and reward contingencies is used to
estimate state values using n iterations of the Bellman equation. These values are used to calculate pseudorewards with
a potential-based shaping function, then added onto real rewards whenever the agent chooses an action. In this way, the
MF agent is guided by pseudorewards that are generated using MB RL. In the remainder of the paper we present simulations focused on evaluating MBPA and comparing it to Dyna.

Simulation 1: Maze learning
Methods
Our first simulation involved an agent learning in a maze environment (Sutton, 1991). The agent (a simple Q-learner),
began each episode in the upper-left corner of a maze, and
was rewarded one point for reaching the lower-right corner
(Figure 2a). The state space consisted of 121 locations, 50
of which were walls, in the grid shown in Figure 2a, and actions consisted of each of the four cardinal directions. The
agent was trained for fifty episodes, with each episode ending when the goal was reached or 2,000 steps were taken. An
ε-greedy decision policy was used with ε = 0.25. The colors
in Figure 2a correspond to state values under the optimal policy. Rewards were discounted with γ = 0.95, and therefor the
value of each state is 0.95d , where d is the minimum number
of steps to the goal. In all simulations, simulations were run
one-hundred times and averaged.
mcmahan2005bounded Approximate pseudorewards
Dynamic programing was used to approximate state values
by iterating over the Bellman equation. In McMahan et
al. (2005) conditions are defined under which initial state
values will provably converge monotonically toward optimal
values. Here, all states were initialized with a lower bound of
zero and an upper bound of one, which in our environment
is known to bound state values. Figure 2b shows that the
approximate state values for each state do indeed converge
monotonically. The point at which each state reaches its
optimal value is exactly equal to the minimum number
of steps that state is from the goal, d. At each state, the

pseudoreward for each action was calculated according to
the shaping theorem as the difference between the value
of the current state and the value of the next state given
that deterministic action. Either the lower-bound or the
upper-bound of state values after n iterations of Bellman
updates was used to approximate pseudorewards.
Trading off MF and MB computation The closer pseudorewards are to their optimal values (to some precision), the
easier the learning for the MF agent. However, whereas Qlearning is simple and quick, the MB method of approximating state values is slower and computationally costly. Therefore, we found the most efficient tradeoff between MB pseudoreward approximation and MF learning. This was done by
computing the CPU time required for each algorithm to learn.

Results
Figure 3a shows the number of steps per episode needed to
reach the goal, averaged across 50 episodes, as a function
of the the number of Bellman updates used to approximate
pseudorewards. As expected, learning is quicker when pseudorewards are closer to their optimal values. We also show
performance of the Dyna agent as a function of the number of
planning steps taken after each real step. While approximate
pseudorewards are calculated just once using n iterations, the
n planning steps used by Dyna are taken after every single
step of every episode.
The number of real steps alone taken by the Dyna agent
do not converge as low as the MBPA agent. With sufficiently
precise pseudorewards, the MBPA agent, on the other hand,
can learn the shortest path on the very first episode. Specifically, 24 Bellman updates are required for this, because the
start state is 24 steps away from the goal state; after 24 iterations of the Bellman equation, optimal state values have
propagated back from the goal state to the start state.
Next, we calculated the actual time required to learn the
shortest path. While the pseudoreward method may take
fewer steps to reach the goal than Dyna, it does not necessarily mean that it is faster; planning steps (which use scalar
operations to update Q-values) are about two orders of magnitude quicker than Bellman updates (which require matrix
multiplication). However, Figure 3b shows that MBPA is still
faster than Dyna. The fastest learning occurs when 24 iterations of the Bellman equation are used; any more than this is
unnecessary and the CPU time increases.

Simulation 2: Mountain car problem
Methods
Simulation 2 explored learning in a standard mountain car
environment (Moore, 1990). The agent begins in a valley between two mountains with the goal of reaching the top of the
right mountain. The agent must learn to apply force such that
it oscillates between the mountain slopes, building momentum until it reaches the top. States consisted of discretized locations and velocities. Actions consisted of discretized forces
applied tangentially to the direction of movement. The agent
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(a)

(b)

Figure 3: (a) MBPA requires fewer steps to reach the goal
than Dyna during maze learning. (b) MBPA learns the shortest path more quickly than Dyna with maze learning.
used Q-learning during 200 learning episodes, where each
episode ended when the car reached the goal state or 1,000
steps were taken. When the agent reached the goal it was
conferred a reward of one. An ε-greedy decision policy was
used where ε = 0.01×0.99i−1 , where i is the episode number.
As before, MBPA was compared with Dyna.

Results
Simulation 2 showed a similar pattern of results as Simulation 1. The upper-bound and lower-bound estimates of state
values converged to optimal values within 48 iterations of the
Bellman equation because 48 is the furthest possible number of steps away from the goal. The total number of Dyna
steps (real steps plus planning steps) far exceeds the number
of steps using MBPA, and the number of real steps alone does
not converge as low as the number of steps taken with MBPA.
The CPU time required to learn the shortest path was similarly faster for MBPA. Although Dyna requires more steps to
learn, because its computations are scalar-based Q-updates, it
is relatively quick, whereas Bellman approximation requires
more costly matrix multiplication. Still, MBPA learns faster.

Discussion
We have introduced MBPA, a new method for cooperatively
integrating MF and MB RL. This method relies on BRTDP
to iteratively estimate state values that converge monotonically to values under the optimal policy. These approximate

values are used to calculate pseudorewards according to the
shaping theorem, such that the reward function is altered but
the optimal policy is invariant. This modified reward function is used for MF learning. Our simulations demonstrate
that this method performs comparably to and even better than
the Dyna algorithm, a popular cooperative RL method.
The relationship between MF and MB RL has received
much attention in cognitive neuroscience research. For example, some work has focused on the neural arbitration between
the two systems (Daw et al., 2005), while other work has
proposed an underlying unification of both systems (Miller,
Shenhav, & Ludvig, 2016). At the computational level of
analysis (Marr, 1982), it has been suggested (Boureau et al.,
2015) that negotiating these two systems could be understood
as a metacognitive solution to a problem of resource rationality (Griffiths et al., 2015). From this perspective, cooperative
RL can be understood as a means for transferring computationally intensive MB knowledge to the MF system for quick
and easy implementation. The metacognitive optimization in
MBPA is the tradeoff between MB state value approximation
and the effectiveness of training the MF system. Our results
show that certain degrees of state value approximation minimize the computation needed to learn, which results in less
computation than Dyna. This point of minimal computation
in Figure 3 represents the optimal resource rational solution.
MBPA links MF and MB RL cooperatively by shaping the
reward function via pseudoreward. Another interesting example of the interplay between habits and goals is in moral
decision-making. It has been suggested that the dual-system
approach to moral psychology is well described by the distinction between MF and MB RL, with the former describing
the emotional, instinctive, action-oriented, habitual system
and the later mapping onto the cognitive, rational, outcomeoriented, and goal-based system (Crockett, 2013; Cushman,
2013). MBPA may provide a direct link between these two
systems, with the MB cognitive system producing particular emotions that function as pseudorewards, shaping the MF
emotional system. For example, when one’s moral behavior
deviates from one’s moral compass, leading to an untoward
outcome, remorse could be generated to correct the actionoriented propensity that produced the misguided behavior.
Another interesting application of cooperative RL and
metacognitive rationality is in the formation of sub-goals, or
“options” (Huys et al., 2015). Sub-goals offer a way of simplifying complex, high-dimension environments into simpler
strategies and MF heuristic-based decisions. MBPA could offer a mechanism for approximating state values of a complex
decision space, and transferring this knowledge to a simpler,
computationally cheap MF system through reward shaping.
By providing a new way to link MF and MB RL, MBPA
offers a new way to think about how the two systems might
interact. As discussed earlier, Dyna is readily likened to using MB imagination to train a MF system, which has a natural psychological interpretation. What might be an analog of
MBPA in human cognition? In particular, how might pseu-
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dorewards – which provide the critical link between systems
– manifest cognitively? For any given task or goal-directed
behavior, certain emotions often have the effect of altering the
reward landscape and functioning as pseudorewards. MBPA
proposes that some emotions may represent the (approximate) values of states that are stored in a model, and then used
to train MF learning by adding bonuses (positive emotions) or
punishments (negative emotions) to certain actions. It is already known that emotions influence MF learning, as in the
case of fear conditioning or positive reinforcement (Fields,
Hjelmstad, Margolis, & Nicola, 2007; Maren, 2001). These
emotions are usually elicited by some external factor; what
we are suggesting with MBPA is that the emotions can be
produced internally, using an already-learned model of the
environment, such as high-level goals.
While we are primarily suggesting that MBPA may function in human cognition, it is interesting to note that humans employ analogous strategies externally. “Temptation
bundling” is a strategy whereby a positive association is
used to override a negative one (Milkman, Minson, & Volpp,
2013). For example, if one feels averse to exercise but has the
goal to get fit, one may watch a favorite television show while
on the treadmill; the aversive reward landscape of exercise is
positively shaped through deliberate coupling with rewarding
behavior. The positive emotions generated from the TV show
function as pseudorewards to guide the person along a more
optimal route toward exercise and fitness.
Finally, because our interest is in describing the relationship between acquired MB knowledge and goals with MF
behaviors or habits, our MBPA algorithm uses a MB system with knowledge of the casual structure of the environment. MBPA can alternatively learn a model of the environment rather than inherit it, but it is not designed to excel under such circumstances. Conversely, Dyna can inherit
such knowledge, but it actually performs worse than the Dyna
agent presented here, because replay becomes less efficient.
“Prioritized sweeping” (Moore & Atkeson, 1993) is a more
efficient version of Dyna, but for the problems we present,
we found that MBPA still performs faster and in fewer steps.
Dual-process theories are abundant in psychology, but
there is a dearth of computational theories for understanding
the precise relationship between dual systems. MBPA offers
a new way to understand interaction between MB and MF
systems, with natural cognitive and affective psychological
interpretations. We hope that MBPA will inspire new questions to be pursued experimentally.
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Abstract

Planning as tree-search

How do people plan ahead when searching for rewards? We
investigate planning in a foraging task in which participants
search for rewards on an inﬁnite two-dimensional grid. Our
results show that their search is best-described by a model
which searches at least 3 steps ahead. Furthermore, participants do not seem to update their beliefs during planning, but
rather treat their initial beliefs as given, a strategy similar to a
heuristic called root-sampling. This planning algorithm corresponds well with participants’ behavior in test problems with
restricted movement and varying degrees of information, outperforming more complex models. These results enrich our
understanding of adaptive planning in complex environments.
Keywords: Planning; Decision Making; Tree Search; Foraging; Reinforcement Learning; Monte Carlo Sampling

Tree-search algorithms are search algorithms that are used
to plan ahead in complex reinforcement learning problems
(Brown et al., 2012). Treating each state as a node of a tree,
these algorithms plan ahead by expanding nodes via speciﬁc
sampling routines. As exhaustive search of all possible action
and state sequences is generally impossible, tree-search algorithms attempt to sample the most promising paths, ignoring
improbable states and unfavorable actions. Because of their
ability to solve challenging reinforcement learning problems,
tree-search routines are highly popular in machine learning
(Silver et al., 2016).
Several psychological studies have investigated the way
people might perform tree-like planning before executing an
action. In a relatively simple two-stage decision task, people show evidence of model-based planning, requiring them
to think ahead for two steps in order to obtain maximum rewards (Daw et al., 2011).
In more complicated and longer sequential decision tasks,
there is evidence that people adapt their search to aspects of
the problem or task demands. For instance, Huys et al. (2012)
showed that subjects adopted a simple tree-search strategy
in which they curtailed any further evaluation of a sequence
as soon as they encountered a large prospective loss (called
pruning). Huys et al. (2015) used a model-based behavioral
analysis to provide a detailed examination of participants’
performance in a moderately deep planning task and found
that participants plan by establishing subgoals in a way that
achieves a nearly maximal reduction in the cost of computing
values of choices. Keramati et al. (2016) developed a threestage decision task and found that increased time pressure
led to shallower planning, suggesting that a speed-accuracy
trade-off controls the depth of planning with deeper search
leading to more accurate evaluation. Interestingly, their analysis revealed that subjects integrate habit-based cached values directly into goal-directed evaluations. Van Opheusden
et al. (2017) also found that people perform shallower tree
search under time pressure, but that they search more as they
improve during learning. Taken together, these studies show
that people can use clever heuristics to adapt the depth of their
search by “pruning” relatively poor branches of the tree or
using cached habit-based values to avoid further computation
along a branch.
Here, we assess participants’ decisions in a challenging reward search task with (potentially) inﬁnite states and depleting resources, providing challenging state-action-state dynamics.

Introduction
An important trait of intelligent agents is their ability to plan
ahead before performing actions, resulting in deliberate behavior that avoids costly mistakes. During planning, chains
of hypothetical actions are played out until a certain depth
based on what is known about the reward structure of the
environment (Huys et al., 2015). For instance, De Groot
(1978) found that amateur chess players can plan between
4 − 6 steps ahead when considering their next move. While
ﬂexible, planning is computationally expensive, and optimal
solutions are frequently intractable (Dolan & Dayan, 2013).
Recently, Balaguer et al. (2016) found that people can think
ahead to solve complex problems by clustering steps into different contexts. Still, surprisingly little is known about how
people plan ahead when searching for rewards. In part, this
may be due to the inherent difﬁculty of separating exploration
from planning.
We investigate participants’ search for rewards in a complex two-dimensional grid world. The task has a rich combinatorial structure in which the reward on a location depends
on row- and column-parameters, and is particularly challenging for many approximate planning algorithms proposed in
the machine learning literature. Our results indicate that participants learn in this task and improve their performance over
time. Further computational model comparison shows that a
search algorithm with a planning horizon of at least 3 steps
describes participants’ decisions better than other cue-based
or associative learning models. Importantly, this model uses
a sampling heuristic which initializes beliefs once at the start
and then reasons about what to do on subsequent steps, rather
than also updating beliefs during the planning process. This
provides a tractable solution to complex and dynamic planning scenarios. Our results advance our notion of how people
plan ahead in a computationally challenging search task.
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Figure 1: Screenshots of the potato farming game. The color and
size of the plants as well as the color and texture of the soil provide
visual cues for a tile’s quality. Further cues are delivered through the
upper panel UI. The game can be played at https://git.io/vpSKp

plant and soil types for each tile represented inferred column
and row parameters, based on past reward frequencies (Figure. 2). Speciﬁcally, there were 5 quality levels which were
represented by distinct soil tones and textures, and by different plant shapes and sizes. Darker soil and larger plant
types represented higher inferred quality. Additionally, the
degree of information certainty, based on past exploration,
was shown through overlaid shades of gray, with more gray
representing less explored tiles.
Information certainty levels were determined by a monotonic rule based on the number of past moves within a row
or column. The criteria were: high uncertainty (0 visits of
row or column), medium uncertainty (between 1 and 4 visits),
and low uncertainty (more than 4 visits). In contrast, inferred
quality levels were presented based on a pseudo-Bayesian updating rule that took into account past exploration and success
rates within a column or row. For every row or column k, this
was calculated as
qk =

Figure 2: Visual cues based on past success and exploration. Displayed soil and plant types served as quality indicators for rows and
columns (counterbalanced). The best soil/ plant type can be seen on
the right, the worst on the left. Shades of gray indicate information
quality, with 3 being unexplored and 1 maximally explored.

The potato farming task
To investigate planning in complex environments, we adapted
a task ﬁrst conceived as a challenging machine learning problem (Guez et al., 2013). In order to make it suitable for human participants, we framed the task as a foraging problem
and implemented it as a browser-based game. Participants
control a farmer on a grid-like ﬁeld in pursuit of potatoes.
Movement is possible horizontally or vertically using the 4
arrow keys (Figure 1). Every tile on the grid may yield a
single potato when visited, and is thereafter depleted. The
underlying structure of the task is determined by sampling,
independently, for each row i a probability pi ∼ Beta(α1 , β1 )
and for each column j a probability q j ∼ Beta(α2 , β2 ). For
a tile in row i and column j, the probability of success (a
potato) is determined by the product of the two probabilities
p(potato) = pi × q j .
While in theory inﬁnite, the number of possible moves was
limited to 100 (open) or 8 (test maps). Only a viewport of
7 × 7 tiles was shown during the game, with the farmer character on the center tile. Upon movement, both farmer and
viewport shifted in the movement direction and the new center tile was harvested with the probability of success as stated
above. Payoff values were —known to participants— temporally discounted with τ = 0.985 per move to further create opportunity costs for exploration, resulting in a 50% reduction
of the original payoff per reward after 45 moves. The game
contained distinct sound effects and animations that made reward pursuit more engaging.
In order to help participants infer the quality of rows and
columns, tiles were displayed with visual cues. Different

αk + ∑ Potatoesk
.
αk + βk + ∑ Explored Tilesk

(1)

At the ﬁrst move of every map, the player is naı̈ve about
the reward structure (Figure 1, left). After every subsequent
move, the inferred quality and information levels for each visited row and column are updated (Figure 1, right). In order to
maximize rewards, players must seek to ﬁnd a route over the
most rewarding tiles, for instance by traversing a column or
row with a high parameter pi or q j .
The experiment was conducted online, and participants were recruited using the Proliﬁc Academic platform (https://proliﬁc.ac), a UK-based crowdsourcing platform solely focused on scientiﬁc studies. A total of 176 participants took part in the experiment, 8 of whom did not sent
data, either due to technical problems (5) or for unknown reasons (3). Thus, 168 participants were included in the analysis
(101 female, mean age=32.1). Participants were paid a ﬂat
participation fee of £2 and an additional bonus dependent on
the number of potatoes harvested. The average reward over
all participants was £2.51, and the average time taken was
19 minutes. Ethics approval was obtained from the UCL Research Ethics Committee.
The experiment contained 2 stages. First, participants navigated 5 open maps, each of which was dynamically generated and allowed for 100 unrestricted moves. Maps were created by sampling the row (pi ) and column (q j ) probabilities
from one of two beta-distributions as a between-subjects condition. For one group the parameters were α1 = 1, β1 = 2,
α2 = 2, and β2 = 1 (henceforth the 2-1-group, Figure 3 right),
and for the other group they were α1 = α2 = β1 = β2 = 0.5
(henceforth the 0.5-0.5-group, Figure 3 left). This was done
to create different reward structures, where rewards in the 2-1
condition were more clustered around rows or columns.
During the second stage, we presented 8 pre-designed test
maps that included unnavigable tiles, displayed as water. The
test maps were presented in random order. Every test map
was created based on a simple trade-off between a proximal

1982

A

B
0.35

Mean outcome

Mean probability

0.32
0.30
0.28
0.26
1

2

3

Block

4

5

0.30
0.25
0.20
0

25

50

Trial

75

100

Beta 0.5−0.5 1−2
Beta 0.5−0.5 1−2
Figure 4: Behavioral results for open maps. A: Participants’ average
reward per block. B: Participants average reward per trial.

Figure 3: Between-subjects conditions for open maps. Probabilities were derived by multiplying realizations of two different Betadistributions, i.e. the 2-1 and the 0.5-0.5 group. In the 2-1 group,
following column j implies a collection of 2q j /3 reward on average
(2/3 is the mean of a Beta(2,1)-distribution) whereas following any
row i implies a collection of pi /3 reward on average. In the 0.50.5 group, the row and column probabilities are more extreme and
rewards more uniformly distributed over the map.

and almost certain reward and a superior, but distal option
covering several tiles at the edge of the display. A limit of
only 8 moves forced participants to pursue either option, and
they could plan their moves from the start: In contrast to the
open maps, information about both uncertainty and quality
levels was revealed from the start (by using pseudo-counts,
suggesting prior experience with columns and rows). There
were two levels for both the degree of movement restriction
and the simulated information certainty (see Figure 5). We
hypothesized that higher certainty would lead to better planning and that more restrictions would lead to improved planning (as less options have to be considered).

Behavioral results
Open maps
We ﬁrst analyzed performance in the open maps. Figure 4A
shows participants’ average number of harvested potatoes
over the 5 consecutive rounds of open map scenarios and
Figure 4B shows the average rewards for the 100 trials (i.e.,
moves) per open map averaged over participants and rounds.
To further assess the effect of trials, rounds, and condition, we
regressed those variables onto rewards (i.e., whether or not a
potato was gained) in a logistic regression. The results of this
model are shown in Table 1.
Table 1: Results of logistic regression for behavior in open maps.
Results are based on ﬁxed effects estimates.

Intercept
Round
Trial
Group 0.5-0.5

Estimate
-1.150
0.040
0.004
0.126

Std. Err.
0.0238
0.0054
0.0003
0.0152

z-value
-48.32
7.41
15.47
8.26

P(>|z|)
<.000
<.001
<.001
<.001

Table 2: Results of mixed-effects regression for behavior in test
maps. Shown estimates are simple ﬁxed effects.

Intercept
High info
Restricted

Estimate
3.79
0.19
0.38

Std. Err.
0.076
0.087
0.088

t value
49.83
2.24
4.30

P(>|t|)
<2e-16
.02
1.83e-05

ing that they were able to learn in this task. Furthermore,
participants in the 0.5-0.5 condition performed better on average than participants in the 2-1 condition. This means that
performance is better if rewards are more extreme and evenly
distributed rather than clustered within rows or columns.

Test maps
Next, we analyzed participants’ performance in the test maps.
Figure 5 shows a heat map of participants’ moves for each
type of test map. Participant trajectories frequently aimed towards the distant, more promising tiles instead of the proximal but less promising ones, indicating that they were indeed
planning ahead.
To further assess participants’ behavior in the test maps, we
created 2 dummy variables, one indicating high vs. low information and one indicating high vs. low movement restriction.
Subsequently, we regressed these two variables onto participants’ total scores per test maps. Results of this regression
(Table 2) indicate that participants performed better in test
maps with higher information certainty. As can be seen in
Figure 5, such maps feature more salient distal rewards. Even
though the distal reward is always superior, increased salience
might inhibit spontaneous movement and increase the likelihood of planning. Additionally, further restricting movement
also improved performance. Thus, participants’ might be able
to further focus their planning on promising paths if the number of options is limited.

Model comparison

As expected, participants improved over rounds (β =
0.039, p < .001) and trials (β = 0.004, p < .001), indicat-

To further assess planning, we deﬁned 4 candidate models
that differed in how they plan ahead and generate predictions
about a movement’s expected value, and assessed how well
they describe participants’ moves on the open maps.

1983

Figure 5: Test maps and corresponding heat maps. Two levels of movement restriction, visualized by water tiles, as well as two levels of
information certainty, resulted in 4 combinations with distal rewards along one corner. Each combination also featured a 90 degree spatial
rotation (not shown here) for a total of 8 maps. Adjacent heat maps highlight participant movement: The most common route always goes to
the better distant location, indicating planning. Both more restriction of movements and more information lead to better planning.

Candidate models
The ﬁrst model is a simple Associative Learning model. This
model learns to select directions more frequently over time
based on how often they have led to success in the past. It is
completely feature-free and involves no planning whatsoever.
Instead, each option’s estimated value at trial t + 1 is driven
by an update of its valence based on the discrepancy between
current valence and outcome, i.e. the prediction error:
Vt (Move) = Vt−1 (Move) + γ (Outcomet −Vt−1 (Move))

where γ is a free parameter governing the speed of the update
over trials, i.e. how strongly the prediction error relates to
adjustments of belief.
The second model is a Neural Network model. We ﬁt this
model to participants’ data from all but one blocks and then
perform leave-one-block-out cross-validation. In particular,
this model takes as input the current observable feature information in a game (the whole 7 × 7 matrix) at a time point t to
predict a move at time point t + 1. To do so, we take a participant’s data for all but one block, ﬁnd the best parameters
to predict movements in this learning set, and then use the
resulting neural network to make out-of-sample predictions
for participant’s moves in the left-out block. This procedure
is repeated for each participant and every block. The neural
network consists of 1 hidden layer that can vary between a
size of 1 to 4 nodes (best size chosen given all but the left-out
blocks). The neural network model provides a good comparison to other, more explicit planning models as it takes in all
available features at a time but is not based on any explicit
planning (although it can capture planning implicitly).
The third model is a Bayesian Monte Carlo search model.
This model takes in the current history of a participant’s

moves and outcomes so far and then calculates the estimates
of the row and column parameters (pi and q j ) using the
pseudo-Bayesian updating formula described in Equation 1.
Afterwards, it plans ahead by executing random moves, collecting the sampled realizations of rewards from the multiplied probabilities, always performing a Bayesian update after each move and sampled outcome. Moreover, this model
also correctly assigns a value of 0 to all previously visited
tiles when planning future moves, thereby taking into account
depleting resources. It is nonetheless still a relatively simplistic planning model as it does not better its moves as it looks
ahead. We approximate the value of moves by using 10,000
random moves of a depth of d = {2, 3, 4, 5} steps to assess
how far participants plan ahead in our task. Although participants might plan further ahead than 5 steps, we did not
include models of higher depth into our model comparison
due to the computational complexity of assessing these models in our task (running a model of depth 5 for all participants currently takes around 2 days on a cluster with 64 active
nodes). We use 10,000 random moves not because we assume
that participants might actually mentally simulate that many
trajectories, but rather to achieve an appropriate estimate for
each move using Monte Carlo samples (i.e., our model would
not work well with only a few samples due to the combinatorics of the task).
The ﬁnal model is a Heuristic Monte Carlo search model.
This models is similar to Bayesian Monte Carlo search, but
instead of performing a Bayesian update after each simulated
move, it only samples realizations of values for pi and q j once
at the start and then executes all actions based on the initial
samples. This strategy is related (but not equivalent) to an approach called root sampling as the probabilities are only sam-
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pled once at the root of the planning tree before the search
commences (Guez et al., 2013). This heuristic can greatly
simplify planning, especially in complex environments and
therefore will be used as a heuristic planning model in our
comparison. We again approximate the value of moves by using 10,000 random moves of a depth of d = {2, 3, 4, 5} steps.
For all models, we use a softmax function to convert the
value of an action Vt (Move) into a choice probability
Pt (Move) =

exp(Vt (Move)/τ)
N
∑ j=1 exp(Vt (Move j )/τ)

where τ is a free temperature parameter. As τ → 0 the highestvalue action is chosen with a probability of 1, and when τ →
∞, all options are equally likely.
We calculate, for every participant and round, a model’s
AIC(M ) = −2 log(L(M )) + 2k and use this to compute a
pseudo-R2 measure as an indicator for goodness of ﬁt, comparing each model Mk to a random model Mrand :
R2 = 1 − AIC(Mk )/AIC(Mrand ).

Modeling results
Figure 6 shows the results of our model comparison procedure. The Heuristic Monte Carlo search models described participants’ moves better than both the neural network (t(167) = 2.89, p < .01, d = 0.22) and the Associative Learning model (t(167) = 23.31, p < .001, d = 1.80).
The Bayesian Monte Carlo Search model also performed better than the Neural Network model (t(167) = 2.63, p < .01,
d = 0.20) and the Associative Learning model (t(167) =
21.78, p < .001, d = 1.68). The Neural Network model described participants’ moves better than the Associative Learning model (t(167) = 7.38, p < .001, d = 0.57). Importantly,
the Heuristic Monte Carlo search model performed better
than the Bayesian Monte Carlo search model (t(167) = 4.72,
p < .001 d = 0.36). Overall, 104 participants were best described by the heuristic Monte Carlo search model, whereas
only 64 participants were best described by the Bayesian
Monte Carlo search model. None of the participants was
best described by either the neural network or the associative learning model. Further analyzing the heuristic Monte
Carlo search model, a planning horizon of 3 described participants signiﬁcantly better than a horizon of 2 (t(168) = 9.35,
p < .001, d = 1.39), whereas planning horizons of higher
than 3 did not lead to any further signiﬁcant improvements
(all p > .05). Thus, a Heuristic Monte Carlo search model
with a planning horizon of a size of at least d = 3 provides a
satisfactory description of human behavior in our task. However, we are currently not able to discriminate between planning horizons of more than 3 steps. Although one would normally conclude that given the same model class any AIC that
is marginally better also implies better model ﬁts, it is not always the case that selecting models this way automatically
implements Occam’s razor such that often times functional
parsimony should also be considered (Rasmussen & Ghahramani, 2001). Moreover, we do not have an appropriate way

Table 3: Model comparison results.

Model
Associative Learning
Neural Network
Bayesian Monte Carlo (3 steps)
Heuristic Monte Carlo (3 steps)

AIC
1353
1194
1107
1100

Loss
-1.35
-1.19
-1.11
-1.09

P. of ex.
.000
.005
.010
.985

of accounting for the fact that deeper planning is computationally more expensive although all of these models have the
same number of parameters; deeper planning always leads to
a large increase of run times in our model comparison. Therefore, based on parsimony, we can currently only conclude that
a planning horizon of at least 3 steps seems to be sufﬁcient to
explain participants’ behavior well in the open maps, but not
exactly how many steps people plan ahead in our task. Table 3 shows the models’ overall AIC, trial-wise log-loss, and
protected probability of exceedance, i.e. the likelihood that
the proportion of participants captured by one model exceeds
the proportion of participants captured by all other models
(Stephan et al., 2009). This shows again that the Heuristic
Monte Carlo model provides a comparatively good ﬁt to participants’ data.
Next, we assessed how well the different models performed
at predicting participants’ moves in the test maps. For this,
we used the parameters estimated from the open maps to perform out-of-sample predictions for participants’ decisions in
the test maps, calculating the overall median performance of
each model per participant over all test maps. As before,
the Bayesian Monte Carlo model performed better than the
Neural Network model (t(167) = 2.56, p < .05 d = 0.20)
and the Associative Learning model (t(167) = 4.7, p < .001
d = 0.36). The Heuristic Monte Carlo model also led to better predictions for the test maps than the Neural Network
(t(167) = 2.54, p < .05 d = 0.20) and associative learning
model (t(167) = 3.55, p < .001 d = 0.27). As before, the
Neural Network lead to better predictions for the test maps
than the Associative Learning model (t(167) = 3.55, p < .001
d = 0.27). The Heuristic Monte Carlo search model captured
participants’ behavior equally well as the Bayesian Monte
Carlo search model (t(167) = 1.87, p = .07, d = 0.19). A
horizon of 3 steps again turned out to be sufﬁcient to explain
participants’ behavior, describing participants’ decisions better than a horizon of 2 (t(167) = 2.78, p < .001 d = 0.21)
and was again indistinguishable from a horizon of 4 or 5 (all
p > .05). Taken together, these results imply that a simple
model without belief updating, which plans the next move
by sampling random sequences of moves with a horizon of
at least 3 steps, describes human behavior in our task better than a purely associative reinforcement learning model, a
simple neuronal network model, and other models of search
with smaller horizons or more sophisticated belief updating.

Discussion and conclusion
Planning ahead to search for rewards is an ubiquitous part
of our everyday lives. Yet the process by which people do
so has previously not gained much scientiﬁc attention. We
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Figure 6: Results of the model comparison procedure. Left: Model ﬁt for different models and horizon length. Error bars represent the
standard error of the mean. Points show mean ﬁt per participant. Right: Number of participants best described by each model.

investigated participants’ planning in a challenging foraging
task with depleting rewards. Our results revealed that participants managed to learn in this task, improving their performance over time and rounds. Using computational modeling,
we deﬁned several models of planning and search and compared them based on how well they described participants’
moves in our experiment. This comparison revealed that people are best-described by a simple heuristic model of search
that —instead of updating beliefs on every step— initializes
beliefs only at the start and plans ahead for at least the next 3
moves. As this mechanism of planning has been found to lead
to competitive performance and similar strategies can lead to
optimal behavior (Guez et al., 2013), people seem to plan
ahead heuristically yet efﬁciently in this complex search task.
In future studies, we aim to assess the importance of generalization in a modiﬁcation of this task in which outcomes are
spatially correlated (Wu et al., 2017), compare more sophisticated mechanisms of exploration (Schulz et al., 2017a) as
well as probe how introducing losses might inﬂuence participants’ search (cf. Huys et al., 2015; Schulz et al., 2017b).
Moreover, we intend to tease apart the different models of
planning further by creating test sets to optimally discriminate between the models. We have also developed an updated
version of the game that makes the visual aids even more explicit (see https://git.io/vpSPf). Importantly, our models only
involved very simplistic planning by random roll-out; comparing more sophisticated tree-search models is therefore the
most promising next step ahead.
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Abstract
Human judgments about the physical attributes of—and causal
relationship between—two colliding objects have been studied extensively over the past seventy years. Recent computational evidence suggests that judgments about the mass ratio
of two colliding objects, as well as their perceived causal relation, can be explained by a coherent framework based on a
Newtonian physical model and probabilistic inference resulting from noisy observations of object movements. However,
it remains unclear how the physical and causal reasoning systems interact with the motion perception system when forming
these judgments. The current study aims to examine whether
high-level judgments are guided by object motion represented
as relative motion with reference to a moving background, or
as absolute motion with reference to a stationary position in
the world. Both experimental evidence and model simulation
results support the notion that physical and causal inference in
object collisions depend on relative motion rather than absolute motion.
Keywords: Intuitive physics; causality; mass judgment; reference frame; Bayesian inference

Introduction
Over the past seventy years, researchers have examined how
human inferences about the attributes of—and causal relationship between—colliding objects vary according to spatiotemporal properties in observed displays (Cohen, 2006;
Gilden & Proffitt, 1994; Leslie, 1982; Michotte, 1963; Natsoulas, 1961; Runeson, 1983; Runeson, Juslin, & Olsson,
2000; Saxe & Carey, 2006; Schlottmann & Anderson, 1993;
Scholl & Nakayama, 2002; Todd & Warren Jr., 1982; White,
2006). In a typical launching event, an initially moving disc
(motor object; or Object A) collides with an initially stationary one (projectile object; or Object B) and causes it to move
forwards in the direction that it is pushed. Physically, the motor object interacts with the projectile object by imparting its
momentum upon it; the sum of the motor and projectile objects’ momentum remains constant over time: i.e., the principle of conservation of momentum.
Michotte (1963) found that when people observe launching
events, they report an immediate and irresistible impression
that the motor object causes the projectile to move forwards.
However, participants’ causal ratings were consistently attenuated when either (1) a spatial gap was placed between the
colliding objects; (2) the projectile object’s movement was
delayed; or (3) the projectile object moved faster/slower than
the motor object following impact (see Figure 1). These findings indicate that causal impressions are highly sensitive to
the spatiotemporal characteristics of observed events. However, Runeson (1983) later pointed out that causal impressions were too subjective to reliably measure and instead

turned his attention towards relative mass judgments. Following Gibson’s (1966) doctrine of direct perception, he theorized that if people reason according to the principle of conservation of momentum, their judgments about which of two
colliding objects is heavier should solely depend on their unbiased and accurate estimates of each object’s pre- and postcollision velocity.
Runeson’s predictions were subsequently tested by Todd
and Warren (1982) who found that people are instead consistently biased towards reporting that the motor object is heavier (i.e., the motor object bias). Moreover, people are more
susceptible to this bias when the objects are relatively inelastic: e.g., deformable vs. rigid balls. To explain these findings,
researchers posited that observers form judgments according
to simplified heuristic rules based on salient perceptual cues:
e.g., which object moves faster after impact and the degree
to which each object deflects off of the other (Gilden & Proffitt, 1994; Runeson et al., 2000). Although the heuristic approach qualitatively explains trends in the reported behavioral
data, a more recent approach has demonstrated that people do
appear to reason about relative mass in accordance with the
principle of conservation of momentum, given that their perception is prone to error and prior beliefs about informative
physical variables are held: i.e., the noisy Newton hypothesis (Sanborn, Mansinghka, & Griffiths, 2013; Sanborn, 2014).

The Noisy Newton Framework
The noisy Newton framework was proposed to explain people’s predictions about dynamic physical situations without
the implementation of arbitrary heuristic rules. It has been
employed across a wide range of physical domains, ranging from the movement of non-solid substances to causal
reasoning through counterfactual simulation (see Kubricht,
Holyoak, & Lu, 2017 for a review). The framework
supposes that people possess an intuitive physics “engine” (Battaglia, Hamrick, & Tenenbaum, 2013) encoded in
neural circuitry (Fischer, Mikhael, Tenenbaum, & Kanwisher,
2016) which approximately emulates the laws of physics
to simulate spatially represented variables forwards in time
(see Battaglia, Pascanu, Lai, & Rezende, 2016; Chang, Ullman, Torralba, & Tenenbaum, 2016; Grzeszczuk, Terzopoulos, & Hinton, 1998 for a computational approach). Moreover, since people’s observations are inherently noisy, inferred estimates of observable variables are consistently biased towards prior expectations.
In the case of object collisions, Sanborn et al.’s (2013)
implementation of the noisy Newton framework adopts the
generic prior in motion perception (i.e., favoring slow motion
in object motion) and a likelihood function which compares
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Figure 1: Three common manipulations to spatiotemporal properties of a collision event display in causal perception tasks. The
dashed grey lines correspond with different time points during the collision event, and the arrows attached to the discs indicate
their magnitude and direction of movement (i.e., velocity). (A) When a spatial gap is placed between the inside edges of two
colliding discs at the moment of impact, perceived causality diminishes. (B) Introducing a pause (temporal delay) between
when the motor object stops and the projectile object begins moving also attenuates perceived causality. (C) The numbers (1 or
2) indicate two possible outcomes; the projectile object moves either slower than the motor object following collision (Outcome
1) or it moves faster (Outcome 2). People report greater causal impressions after observing Outcome 1 relative to Outcome 2.
the observed velocity with the derived velocity from a physical model. The noisy Newton approach explains the motor
object bias and predicts larger biases for relatively inelastic
collisions. In addition, the noisy Newton model can be extended to account for causal judgments by comparing how
well a noisy Newtonian model explains observations compared with a non-physical model (Sanborn et al., 2013; see
Appendix for model details).
Importantly, the noisy Newton framework does not specify
how observable input variables should be represented: e.g.,
in a dynamic stimulus, object motion can be represented as
relative motion with reference to a moving background, or
as absolute motion with reference to a stationary position in
the world. Furthermore, the physical inference may vary depending on whether the reasoning system adopts relative or
absolute motion signals. For instance, imagine that you are
looking out of the left window of a resting train and you see
a vehicle move from your left periphery towards a second vehicle parked on the road nearby. The two vehicles collide,
and the second vehicle correspondingly moves in the direction that it was pushed. You might get an impression that the
two vehicles were equally heavy; but what if the train was
traveling in the same direction as the initially moving vehicle? What if it was traveling in the opposite direction? Would
your judgment about the weight of the two vehicles change?
Would you be equally likely to report that the first vehicle had
launched the second one forwards? Motion perception studies have shown that humans can perceive both relative and
absolute motion with different degrees of sensitivity (Smeets
& Brenner, 1994). For cognitive tasks probing the ability of
physical and causal reasoning, it is important to understand
what perceptual variables are selected and used for high-level
judgments.
The central effort of the current experiments is to examine what motion information is extracted from visual inputs
for physical and causal judgments. Previous work on object
collision judgments have exclusively used stationary backgrounds, providing no distinction between relative and ab-

solute motion. However,in daily life, perceived landmarks
are constantly moving across our visual field as we move
through—and interact with—the environment. In such cases,
representing motion relative to those moving landmarks could
provide a different explanation of physical dynamics than absolute motion does. Across two experiments, we (1) measured human performance in physical and causal judgment
tasks when viewing object collisions on a moving background, and (2) compared noisy Newton model predictions
given absolute and relative motion inputs to test the hypothesis that humans encode relative motion when forming mass
judgments and inferring causality.

Experiment 1: Mass Judgments
The goal of the first experiment was to determine (1) whether
a vertical background grid moving with or against the motion
of two colliding objects influences mass ratio judgments; and
(2) if so, whether the noisy Newton model for mass collisions
with relative motion inputs can explain participants’ performance.

Participants
A total of 20 undergraduate students (14 female; Mean age
= 21.2) were recruited from the University of California, Los
Angeles (UCLA) Department of Psychology subject pool and
were compensated with course credit.

Materials and Procedure
Collision event videos were presented on a 19” Dell
E198WFP LCD monitor with a refresh rate of 40 Hz at 1440
× 900 resolution. Videos were viewed at a distance of approximately 70 cm. In each video, an initially moving object
(termed as motor object) collided with a stationary (uB = 0)
object (termed as projectile object). The pre-collision velocity of the motor object varied across eight values: uA = 1.9,
2.3, 2.6, 3.0, 3.4, 3.7, 4.1, and 4.5 cm/sec. The final velocities
of the two objects were determined by Newtonian principles
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Figure 2: The three panels depict a collision event prior to
impact where the motor object (left) travels towards the projectile object (right). The vertical gray lines indicate a background grid which either (A) moves leftward against the direction of the collision event, (B) remains stationary, or (C)
moves rightward in the direction of the collision event. The
black and gray arrows indicate the motor object and background grid velocities, respectively.
using a fixed restitution value of e = 0.9 and eight mass ratio values: mA /mB = 1/3, 1/2, 2/3, 4/5, 5/4, 3/2, 2/1, 3/1.
In each video, the background also either moved against the
direction of the collision (leftward; -2 cm/sec), with the direction of the collision (rightward; 2 cm/sec), or it remained
at rest (0 cm/sec; see Figure 2). These manipulations yielded
8 (motor speed) × 8 (mass ratio) × 3 (background movement) = 192 collision stimuli presented in a within-subjects
design. Trials were presented in a randomized order, and no
feedback was provided. Each stimulus video lasted 4 sec with
impact occurring 2 sec into each collision event; the impact
location was always at the center of the display. The collision videos were rendered using MATLAB Psychophysics
Toolbox 3. The motor and projectile objects were depicted as
black (RGB = 0 0 0) discs with 2.7 cm diameter. The vertical grid lines spanned the height of the screen (25.4 cm) and
were colored gray (RGB = 150 150 150). Each line was 0.08
cm wide with a horizontal line separation of 2.7 cm.
Prior to the testing trials, participants were informed that
they would be watching a series of videos where two discs
interact with one another. They were told that there would
be vertical lines behind the two discs in each display and that
they would either move leftward/rightward or remain at rest.
In each trial, participants viewed a collision video and then
reported which of the two objects (left or right) they thought
was heavier. Participants were provided with the opportunity
to take two breaks which occurred 1/3 and 2/3 of the way
through the experiment, which lasted approximately 20 minutes.

Human Results
The proportion of participants choosing the motor object as
appearing heavier in each mass ratio and background movement condition is displayed in the left panel of Figure 3. Participants’ responses—either 0 or 1—were averaged across the
pre-collision motor velocity (uA ) conditions prior to analy-
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Figure 3: The measured (left panel) and model predicted
(right panel) proportions of participants choosing the motor
object as appearing heavier. Separate lines indicate whether
the background (BG) moved leftward/rightward or remained
at rest. Proportions are averaged across pre-collision velocity
(uA ) conditions.
sis. A two-way repeated measures ANOVA was conducted on
the response proportions to determine whether mass ratio and
background movement influenced mass judgments. Results
from the analysis indicated a significant interaction between
mass ratio and background movement, F(14, 6) = 7.37, p =
.01, indicating that the impact of background movement on
mass judgments varied according to mass ratio. As evident
in Figure 3, participants were more likely to report that the
motor object was heavier than the projectile object when the
background moved leftward against the direction of the collision (Figure 2A), and less likely when it moved rightward
in the same direction (Figure 2C). In other words, the point
of subjective equality (PSE; i.e., the mass ratio where each
judgment is equally likely) occurred at a minimum mass ratio
with leftward background movement, PSE = 0.62, a moderate ratio when the background was at rest, PSE = 0.70, and a
maximum ratio with rightward background movement, PSE =
0.99. In the following section, we explore whether the noisy
Newton model for mass ratio judgments can explain this behavioral trend.

Model Results
The noisy Newton model for mass ratio judgments (Sanborn
et al., 2013) takes as input the velocities of the motor and
projectile objects and outputs the likelihood of an observer
choosing the motor object as appearing heavier. In the original noisy Newton model, the input of observed velocity is
specified relative to a fixed point on the display; we will
refer to these velocities as absolute velocities. This model
can account for the motor object bias and predicts that the
probability of choosing “motor object heavier” changes as
a sigmoid function of the true mass ratio. The noisy Newton model with absolute velocity inputs is represented by
the black curve in Figure 3 (right panel) and reveals a fit of
r2 (22) = 0.91 (95% CI = [0.80, 0.95]). However, critically,
the model’s performance is not influenced by the presence
and direction of background movement—nor do the model
predictions differ—since the absolute velocity inputs do not
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change across the three background movement conditions.
Therefore, the model predicts the same PSE in each background condition, PSE = 0.95.
Alternatively, the noisy Newton model can take as input the
motor and projectile velocities specified relative to a moving
point fixed to the background grid. The result is relatively
large velocities when the background moves leftward and
relatively small velocities when it moves rightward. Since
observation noise in the noisy Newton model increases for
larger velocity magnitudes, the influence of the slow motion
prior is greatest in the leftward background condition and
smallest in the rightward background condition. As shown
by the separate curves in the right panel of Figure 3, the noisy
Newton model with relative velocity inputs explains people’s
increasing bias towards reporting “motor object heavier” in
the leftward versus rightward background movement condition. The model also provides a superior fit to human judgments, r2 (22) = 0.97 (95% CI = [0.91, 0.98]), and predicts
human PSEs: Leftward PSE = 0.54, Rest PSE = 0.95, Rightward PSE = 1.09. The model results for Experiment 1 used
the same parameters reported in Sanborn et al. (2013): i.e., σ
= 2, kv = .1, wv = .15.

Experiment 2: Causal Ratings
Our first experiment showed that the magnitude of the motor object bias depends on the background movement direction in a collision event. The noisy Newton model with relative motion inputs accounts for human mass ratio judgments
well across a range of testing conditions. The purpose of the
second experiment was to determine whether the same background manipulation affects perceived causality, and whether
the noisy Newton model can account for human performance.

Participants
A total of 29 undergraduate students (20 female; Mean age
= 20.5) were recruited from the University of California, Los
Angeles (UCLA) Department of Psychology subject pool and
were compensated with course credit.

Materials and Procedure
The apparatus was the same as in Experiment 1. The stimuli in Experiment 2 were also the same as previously indicated, except two differences: (1) the motor object was always stationary after impact (i.e., vA = 0 cm/sec) and (2) the
motor object moved comparatively faster: uA = 6, 11, and 15
cm/sec. Instead of using mass ratio, restitution, and each object’s pre-collision velocity to determine their post-collision
velocities in each trial, the ratio of the motor object’s precollision velocity to the projectile object’s post-collision velocity (see Figure 1C) was directly manipulated across trials:
uA /vB = 0.5, 0.7, 1, 1.4, 2. In addition, a temporal delay (see
Figure 1B) was placed between the moment of impact and
the projectile object’s initial movement: t = 0, 70, 140, 210,
280 msec. These manipulations yielded 3 (motor speed) × 5
(velocity ratio) × 5 (temporal delay) × 3 (background movement) = 225 collision stimuli presented in a within-subjects
design. The trials were presented in a randomized order and
no feedback was provided. The experiment lasted approximately 30 minutes.

Participants began the experiment by viewing a set of instructions informing them that they would be viewing videos
of two (equally heavy) discs in motion. Once again, they
were informed that there would be vertical grid lines behind
the discs that would move leftward/rightward or remain at
rest. Following each video, participants were asked, “Did the
left object launch the right object?” and responded on a scale
from 1 (Definitely No) to 9 (Definitely Yes) with a middle
rating of 5 (Unsure).

Human Results
As in the previous experiment, we averaged individual participants’ ratings across the three trials with different precollision motor velocity (uA ). Mean ratings in each of the
temporal delay, background movement, and velocity ratio
conditions are displayed in the top panels of Figure 4. A
three-way repeated measures ANOVA was conducted on the
mean causal ratings with three within-subjects factors. There
was a significant two-way interaction between temporal delay and velocity ratio, F(16, 13) = 2.90, p = .03, indicating
that the impact of velocity ratio on causal ratings depended
on the magnitude of temporal delay. The three-way interaction and remaining two-way interactions were not statistically
significant.
The impact of velocity ratio on causal ratings was examined in each temporal delay condition. First, we examined the condition without temporal delay (t = 0 msec) and
found that causal ratings were significantly impacted by velocity ratio, F(4, 25) = 4.33, p < .01, which replicated Michotte’s original finding that causal perception of the launching effect depends on the ratio between the two objects’ preand post-collision speeds. However, when a noticeable temporal delay was introduced, participants rated their causal
impression primarily based on the length of the temporal
delay—with much less attention given to velocity ratio—as
there was no significant simple main effect of velocity ratio
in the t = 70, 140, 210, 280 msec temporal delay conditions,
F(4, 25) = 2.73, .58, 1.07, 1.36; p = .052, .68, .39, .28, respectively.
The impact of relative vs. absolute motion on causal ratings of observed launching events was examined in the absence of temporal delay (t = 0 msec), because it was in this
condition that velocity had an impact on causal ratings. We
found that causal ratings, in fact, were impacted by background movement at a 0 msec delay, F(2, 27) = 4.02, p = .03
(see Figure 4, top left panel). Specifically, ratings in the rightward background condition were significantly smaller than
ratings in the rest background condition, F(1, 28) = 7.94, p
< .01, as well as smaller than the leftward background condition, F(1, 28) = 5.35, p = .03. These results indicate that
when the relative motions of two colliding objects (with respect to a moving background) are slow, people are less likely
to report that the motor object launches the projectile object
forwards.

Model Results
Predictions from the noisy Newton model with absolute velocity inputs are indicated by the black curves in the bottom
panels of Figure 4. The model predictions were compared
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Figure 4: Human (top) and model predicted (bottom) causal ratings averaged across pre-collision motor speed (uA ) for each
velocity ratio (uA /vB ) condition. Separate plots (left to right) indicate different temporal delay conditions, and separate lines
indicate different background (BG) movement conditions. Vertical error bars indicate standard error of the mean.
with human ratings in the t = 0 msec condition because it
was here that background movement had a significant impact.
The absolute model reveals a fit of r2 (13) = 0.314 (95% CI
= [0.004, 0.718]). The model’s predictions are not influenced
by the background movement condition, so it cannot explain
the behavioral result that rightward background movement
yielded lower causal ratings than resting and leftward background movement.
However, the causal noisy Newton model with relative motion inputs—as defined in the previous section—can qualitatively explain the impact of background movement on causal
perception. Although the model fit with relative velocity inputs is comparable to the absolute velocity model fit, r2 (73)
= 0.376 (95% CI = [0.013, 0.761]), the predicted causal
ratings are systematically influenced by background movement (see separate curves in bottom panels of Figure 4).
While there was no observable difference between the leftward and rest background predictions, the model shows comparatively lower ratings in the rightward background condition compared with the leftward condition, which is consistent with human results. The model also captures Sanborn
et al.’s (2013) finding that a 1/1 velocity ratio corresponds
with peak causal ratings. Also note that model ratings achieve
floor values at a temporal delay of approximately 210 msec.
This occurs because large temporal delays disagree with the
prior expectation of a 0 msec delay and thus generate a small
temporal likelihood term. Human ratings also appear to reach
floor values at around the same temporal delay. We chose the
following model parameters in Experiment 2 to account for
the human data: σ = 972, kv = .319, kt = .004, wv = .059,
P(O|NC) = 2 × 10−5 . Note that a separate set of model parameters were chosen since the range of velocity input values

was significantly greater than in the previous experiment.

Discussion
The results reported herein demonstrate that (1) the motor object bias in mass ratio judgment is strengthened or attenuated
when the background on which colliding objects travel moves
either against or with the direction of their motion, respectively; and (2) impressions of launching are similarly influenced by moving backgrounds when there is no temporal delay between the movements of the two objects. The noisy
Newton model (Sanborn et al., 2013) for object collisions
was implemented and compared with human data in both a
mass ratio judgment and causal rating task. For mass ratio
judgment, the model with relative motion inputs accounts for
human performance well across a range of experimental conditions. The goodness of the fit suggests that humans use
perceived relative motion as the input to high-level cognitive
systems when inferring observable physical properties. For
causal perception, the model with relative motion inputs explains the finding that background movement with the motion
of colliding objects negatively impacts causal ratings.
In summary, our results show that impressions about the attributes of—and relationships between—entities in the world
are systematically influenced by low-level spatiotemporal
characteristics in observed scenes. However, it remains unclear whether the influence of more abstract contextual properties (e.g., Mayrhofer & Waldmann, 2014) on causal impressions can be explained by their spatiotemporal characteristics alone. Another question is whether human counterfactual
reasoning (Gerstenberg, Goodman, Lagnado, & Tenenbaum,
2015; Gerstenberg, Peterson, Goodman, Lagnado, & Tenenbaum, 2017) in object collision tasks are also systematically
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influenced by background movement. It would be beneficial
for future work to explore these possibilities.
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Appendix: Noisy Newton Model Details
The noisy Newton model for mass judgment uses Bayes’ rule to calculate a posterior distribution of collision attributes, A, given noisy
observable information O:
P(A|O) =

P(O|A)P(A)
,
P(O)

(1)

where P(A) represents prior knowledge people have about hidden
attributes in collision events. Those attributes are mass, mA and mB ,
and restitution, e, which is a constant between 0 and 1 that represents
the elasticity in a collision. The model assumes that all restitution
values are equally likely and objects are more likely to be light than
heavy: e ∼ Uniform(0,1); mA , mB ∼ Exponential(1). The P(O|A)
term indicates the likelihood of observed velocities (O = uA , uB , vA ,
vB ) given a potential set of attributes (A = e, mA , mB ). Here, uA
and uB are the pre-collision velocities of Objects A and B, and vA
and vB are the post-collision velocities. Post-collision velocities are
calculated based on the pre-collision velocities, the object masses,
and the collision’s restitution coefficient via the following equations:
vA =

mA uA + mB (uB + e(uB − uA ))
mA + mB

(2)

va =

mB uB + mA (uA + e(uA − uB ))
mA + mB

(3)

A noisy observation model then links true, hidden variables Ō with
observed variables O such that their difference ε is normally distributed in logarithmic space: ε ∼ Gaussian(0, kx2 ). Given a weighted
logarithmic transformation function f (x) = sign(x)log(w|x| + 1), the
difference between observed and true observations is expressed as
ε = f (O) − f (Ō).
With the noisy observation model, the P(O|A) in Equation 1 can
be expanded to include both O and Ō:
Z

P(O|A) =

Ō0

P(O|Ō0 )P(Ō0 |A)dŌ0 ,

(4)

where the P(Ō|A) term is further separated into initial and final velocities: i.e., P(Ō|A) = P(v̄A , v̄B |A)P(ūA , ūB ). Note that pre-collision
velocity does not depend on the collision attributes. Instead, values
for ūA and ūB are drawn from the slow motion prior such that ūA ,
ūB ∼ Gaussian(0, σ2 ). Post-collision velocities are then calculated
from Equations 2 and 3.
The noisy Newton model can also be used to predict the marginal
probability of a causal relationship, C, given noisy observable information, O:
P(C|O) =

P(O|C)P(C)
.
P(O|C)P(C) + P(O|NC)P(NC)

(5)

The P(O|C) term in Equation 5 can be expanded to the following
integral:
Z

P(O|C) =

Ō0 ,A0

P(O|Ō0 )P(Ō0 |A0 ,C)P(A0 )dŌ0 dA0 .

made the assumption that causal and noncausal models were equally
likely: i.e., P(C) = P(NC).

(6)

Note that temporal delay, t, can be included as an observable variable
with log-normal uncertainty and a delta function prior centered at 0
msec: P(t¯) = δ(t¯). For the P(O|NC) term, Sanborn et al. (2013)
set this value as a free parameter in their model. The authors also
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Abstract
I motivate and articulate a dispositional account of aversive
racism. By conceptualizing and measuring attitudes in terms
of their full distribution, rather than in terms of their mode or
mean preference, my account of dispositional attitudes gives
ambivalent attitudes (qua attitude) the ability to predict
aggregate behavior. This account can be distinguished from
other dispositional accounts of attitude by its ability to
characterize ambivalent attitudes such as aversive racism at
the attitudinal rather than the sub-attitudinal level and its
deeper appreciation of the analogy between traits and
attitudes.
Keywords: implicit attitudes; implicit bias; dispositional
attitudes; attitudes

Introduction
Aversive racism is characteristic of individuals who
consciously endorse egalitarian ideals but harbor less
favorable feelings towards the relevant racial group –
feelings which may or may not “be admitted inwardly”
(Kovel, 1988, pp. 54-5) and cause subtle patterns of
discriminatory behavior against members of that group
(Dovidio & Gaertner, 2004). There are many reasons, both
intellectual and practical, to make our account of what it is
to have an attitude answerable to this phenomenon. Socially,
aversive racism is thought to be partly responsible for
persisting racial gaps on health, education, employment, and
economic outcomes despite Americans’ increasing tendency
over the last half-century to endorse ideals of equality
(Bobo, 2001; Dovidio & Gaertner, 2004). Psychologically,
the case of aversive racism against blacks serves as the
archetypical case for measuring and explaining how explicit
and implicit attitudes can come apart (Greenwald et al.,
2009). And, philosophically, norm-discordant conditions
like aversive racism seem “to mandate such a radical
reconceptualization of the relation between cognition and
behavior that traditional notions like belief seem quaint and
inadequate” (Gendler 2008b, p. 642).
What characterization of “attitude” best accounts for the
attitudes held by aversive racists? In progressive debates
about how to draw our “periodic table of attitudes”
(Gendler, 2008b, p. 560), philosophers have pursued two
strategies. One strategy preserves some core notion of belief
(as propositional, norm-sensitive, and consciouslyaccessible) while adding a new, contrasting category – such
as aliefs (Gendler, 2008a, 2008b), patchy endorsements
(Levy, 2015), structured beliefs (Mandelbaum, 2015), or coactivated representational contents (Holroyd, 2016) – to the

taxonomy.1 Although these theorists disagree about how
best to distinguish their newly posited attitude of art from
beliefs, they adopt a common strategy for characterizing
aversive racists: aversive racists hold egalitarian beliefs that
are discordant with the new attitude type. An important
advantage of this style of approach is that it allows us to
explicate aversive racism in terms of scientifically informed
but folk-ready categories.2 However, a recurring concern
about this approach is skepticism about “whether the
phenomena that we see are sufficient to motivate wheeling
in the big gun of a new fundamental taxonomical category”
for attitudes (Egan, 2011, pp. 67-8) rather than
accommodating them with conceptual resources already at
our disposal (Mandelbaum, 2013; Kwong, 2012).
The second strategy for explicating aversive racism hews
to a single attitude category. It adverts to the lower-level
basis of the attitude – such as belief-fragments (Egan, 2008,
2011), mental states/processes (Machery, 2016), and finergrained dispositions (Schwitzgebel, 2010, 2013) – to
identify aversive racism as discordance among those subattitudinal elements. An advantage of this view is that it
sidesteps positing a new taxonomical category. However, it
does so by silencing our ability to ascribe aversive racism at
the attitudinal rather than sub-attitudinal level: attitudes are
not ascribable to those with the fragmented (Egan, 2011),
ambivalent (Machery, 2016), or in-between (Schwitzgebel,
2002, 2010, 2013) dispositions of aversive racists.
I will introduce an account of attitude that enjoys the
advantages of and avoids the disadvantages of these
taxonomical strategies. I will explain how we can describe
aversive racism at the attitudinal (rather than the subattitudinal) level while positing only one kind of attitude
type. However, rather than cast aversive racism into a
traditional mold (Kwong, 2012), my solution looks forward
by leveraging innovative methods for measuring
psychological constructs to better characterize aversive
racism and other norm-discordant attitudes.

1

Unlike Gendler, Mandelbaum and Levy believe that implicit
attitudes are, like explicit beliefs, propositional and norm-sensitive.
Despite this, they do not take implicit attitudes to “belong to the
same natural kind” as beliefs (Mandelbaum, 2015, p. 636) or to be
sufficiently sensitive to other mental representations “to properly
be considered beliefs” (Levy 2015, p. 800).
2
Social psychologists have preferred to explain aversive racism
by adding a new type of attitude, namely implicit attitudes (for a
dissenting view, see Fazio, 2007). This allows them to describe
aversive racists as those who simultaneously hold egalitarian
explicit attitudes and racist implicit attitudes towards the same
social group (Son Hing, Li, & Zanna, 2002).
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The particular view I will introduce adopts a dispositional
account of attitude. Like other dispositional accounts
proposed by philosophers (Machery, 2016; Schwitzgebel,
2010, 2013), I will explicate my view by drawing an
analogy between attitudes and personality traits. However, I
will deepen this analogy in a way that reflects, not just how
the structure of traits and attitudes mirror each other, but
how meta-theoretical debates about and methods for
characterizing traits and attitudes should mirror each other.
Moreover, unlike other dispositional accounts – which deny
the very possibility of attributing ambivalent attitudes
(Machery, 2016, p. 124; Schwitzgebel, 2010, p. 544) – this
view has the capacity to describe the contradictory
tendencies of ambivalent attitudes such as aversive racism
qua attitude.

Dispositional Accounts of Attitudes
According to a dispositional approach to conceptualizing
attitudes, attitudes are tendencies to cognize and behave
towards an object (Cronbach & Meehl, 1955; Krosnick,
Judd, & Wittenbrink, 2005; Eagly & Chaiken, 2007;
Greenwald & Nosek, 2008). Dispositions are kept
conceptually separate from and remain agnostic about
claims about the representations and processes underwriting
them (Fazio, 2007; Borsboom, Mellenbergh, & van
Heerden, 2004). Dispositional constructs posited in
psychology include personality traits such as the Big Five
(openness,
conscientiousness,
extraversion,
and
neuroticism).3

The Analogy between Traits and Attitudes
Personality traits and attitudes – when conceived as
dispositional constructs – have a number of structural
features in common. Philosophers who advocate for a
dispositional approach to attitudes have leveraged some of
these commonalities to explicate their views in illuminating
ways (Schwitzgebel, 2002, 2013; Machery, 2016). What
these views have in common with each other and with the
dispositional approach adopted by social psychologists
(Krosnick, Judd, & Wittenbrink, 2005; Eagly & Chaiken,
2007; Greenwald & Nosek, 2008) are the following basic
ideas. Traits/attitudes are broad track dispositions to cognize
and behave in certain ways. These dispositions are modal
generalizations (concerning not just how people do in fact
cognize and behave but how they would tend to across some
relevant
range
of
conditions).
These
dispositions/generalizations hold ceteris paribus. Individuals
can be said to have more or less of a trait/attitude or not,
where individual differences in the degree to which
someone has a trait/attitude can be used to describe and
predict behavior and cognition. Asking individuals to selfreport their own trait/attitude is just one of many methods
3
Constructs are simply theoretical posits that figure in
psychological generalizations and explanations (Shadish Jr., Cook,
& Campbell, 2002). For a classic discussion on the validation of
dispositional constructs, see Campbell and Fiske (1959).

for measuring the presence/degree of the dispositional
construct of interest. Individuals can sincerely but falsely
report the presence/degree to which they hold a trait/attitude
as in cases of self-ignorance and self-deception; and, self
reports can vary by context (Breckler & Wiggins, 1989).
More generally, “manifestations of attitudes, as assessed by
any measurement procedure” are “manifested imperfectly
both by our measurement procedures and by other
observable behaviors that it in part motivates” (Krosnick,
Judd, & Wittenbrink, 2005, p. 23). As such, any method
used to measure traits/attitudes are understood to be
imperfect.
How are attitudes, understood as dispositional constructs,
related to the mental states and processes posited by mental
state theorists who prefer to posit cognitive theories of
attitude? In my view, the way to answer this question is to,
again, think analogically to the study of personality traits.
Like the attitudes literature, the personality trait literature
underwent meta-theoretical, conceptual, and methodological
debates about whether to characterize their psychological
posit of interest at the level of dispositional construct or
representation/process (Fazio, 2007; Mischel & Shoda,
1998). In what I’ll call the “standard approach” to solving
this dilemma, personality theorists characterize traits as
dispositions that are underwritten by representations and
processes that serve as the psychological basis for those
dispositions (Epstein, 1994). Likewise, social psychologists
(Greenwald & Nosek, 2008; Eagly & Chaiken, 2007) and
some philosophers (Machery, 2016) who advocate for a
dispositional approach to characterizing attitudes suggest
that attitudes are dispositions that are underwritten by
representations and processes – representations and
processes that mental state theorists aim to uncover.

Sub-Attitudinal Accounts of Aversive Racism
Social psychologists who posit two types of dispositional
attitude (one implicit and one explicit) can characterize
aversive racism as a conflict at the attitudinal level: e.g.,
between positive explicit attitudes versus racist implicit
attitudes towards the same group). However, philosophers
who posit dispositional accounts of attitude have been
taxonomically more conservative, preferring to posit one
rather than two attitude types. In what follows, I will explain
why, according to these philosophical views, aversive
racism is describable only at the sub-attitudinal rather than
the attitudinal level. I will then explicate my own view,
which draws on new methods for characterizing personality
traits, describes aversive racism at the attitudinal level, and,
in so doing, articulates my solution to the taxonomical
puzzle.

Aversive Racism as an In-Between Attitude
The heart of Eric Schwitzgebel’s dispositional account is the
idea that “[t]o have an attitude is, primarily, to have a
dispositional profile that matches, to an appropriate degree
and in appropriate respects, a stereotype for that attitude,
typically grounded in folk psychology” (Schwitzgebel,
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2013, p. 78). Each dispositional, folk-psychological
stereotype can be broken down into sub-attitudinal
dispositions, including behavioral, cognitive, and
phenomenal dispositions (Schwitzgebel, 2002). For
example, being extraverted is just to have further
stereotypical dispositional tendencies like enjoying meeting
new people, enjoying parties, “to be talkative, and to take
the lead in social situations” (Schwitzgebel, 2013, p. 81).
Likewise, regarding one’s colleagues as a talented group is
to be disposed to feel proud to be among them, be
unsurprised when they win awards, and seek them out for
insight, among other things (Schwitzgebel, 2013).
Schwitzgebel rightly observes that “[f]ew of us are 100%
extravert or 100% introvert, 100% high-strung or 100%
mellow” – that we tend to match such stereotypical
dispositions
imperfectly
(Schwitzgebel,
2013).
Analogously, he observes that we can fail to match
stereotypical
attitude
dispositions
imperfectly
(Schwitzgebel, 2013). In imperfect cases, Schwitzgebel
suggests that “[r]oughly speaking, the greater the
proportion of stereotypical dispostions a person possesses,
and the more central these are to the stereotype, the more
appropriate it is to describe him as having the belief in
question” (Schwitzgebel, 2001, p. 81, italics mine):
methodologically, the injunction is to attribute an attitude
when a subject has the majority of the stereotypical subattitudinal dispositions or just the central ones, whatever
those turn out to be for that particular context.
How does Schwitzgebel’s account of attitude describe
aversive racism? On his view, aversive racism can’t be
characterized as a contradictory attitude since contradictory
attitudes are “in general impossible” (Schwitzgebel, 2010, p.
544): we can’t describe a subject as simultaneously having
the majority/central stereotypical sub-attitudinal dispositions
for and against p. Instead, Schwitzgebel suggests that we
treat aversive racism as an in-between attitude
(Schwitzgebel, 2010, 2013).4 For in-between attitudes, “it’s
not quite right, as a general matter, either to ascribe or to
deny” attitudes/traits “simpliciter” (Schwitzgebel, 2010, pp.
535-7). Instead of trying to describe such cases at the
attitudinal level, he suggests that we move instead to “more
complicated appeals to specific dispositions or sets of
dispositions” (Schwitzgebel, 2002, p. 266): in the case of
aversive racism, we should describe individuals in terms of
sub-attitudinal behavioral, phenomenal, and cognitive
dispositions (e.g., the tendency to report holding egalitarian
views while also tending to differentially attribute
“brilliance” to white rather than black students).
Accordingly, Schwitzgebel’s view accounts for and describe
aversive racism at the sub-attitudinal rather than the
attitudinal level.5
4
Although Schwitzgebel originally characterized his analysis of
in-between cases as cases of in-between belief (Schwitzgebel,
2001), he has since extended the generality of his account to cover
cases of in-between attitude as well (Schwitzgebel, 2013).
5
In passing, Schwitzgebel suggests that an attitude like aversive
racism could be ascribable at the attitudinal level as soon as the

Aversive Racism as an Ambivalent Attitude
On Edouard Machery’s view, to have an attitude is to have a
broad-track disposition “to behave and cognize (have
thoughts, attend, emote, etc.) toward an object (its formal
object) in a way that reflects some preference” (Machery,
2016, p. 112). Machery takes what I call the standard
approach for solving meta-theoretical questions about how
dispositional constructs and mental states/processes relate to
one another: he suggests that attitudes (qua dispositions) are
underwritten by mental states and processes which serve as
the psychological basis of the attitude. For example, the
degree to which a person can be described as courageous
depends on mental states and processes – including “her
moral beliefs (e.g., whether fear is shameful), on the nature
of her fear reactions, on the strength of her pride, on her
capacity for self-control, etc.” (Machery, 2016, p. 112).
Likewise, the degree to which someone can be characterized
as being racist depends on mental states and processes –
including “moral beliefs (e.g., for most of us the belief that
racism is wrong or, for some racists, the belief that racism is
right), on non-propositional associations between concepts
(e.g., an association between the concept of a black man and
the concept of danger), on emotions (e.g., fear when
confronted with black men), and on a weak self-control”
(Machery, 2016, p. 112).
How does Machery deal with the problem of aversive
racism? Aversive racism is a kind of ambivalent attitude,
characterized by cognition and behavior that reflects both
favorable and unfavorable evaluations of the relevant
racial/ethnic group. However, this account denies the
possibility of ambivalent attitudes “except perhaps in
pathological cases” (Machery, 2016, p. 124). To better
motivate and contextualize why Machery might hold this
view, I’ll expand the working analogy between the attitudes
and traits literatures to talk at the methodological level. As I
mentioned before, in personality psychology, the standard
approach conceptualizes traits as dispositional constructs
underwritten by the mental states/processes that form their
psychological basis. Early on, personality theorists
characterized these dispositions as central tendencies –
operationalized as a person’s mean or average tendency to
cognize/behave – so as to describe that person as an
individual and to describe how she differs from others.
When conceptualized in this way, a dispositional construct
is more useful and informative the more closely that
person’s cognitions and behaviors track some average
tendency: it would not be very useful to describe an
individual as “extraverted on average” if she fluctuated
relevant folk stereotype has been established (Schwitzgebel, 2013,
pp. 94-5). So long as our folk psychological repertoire has not been
so changed, Schwitzgebel’s view does not account for and describe
aversive racism at the attitudinal level. Even if/when our folk
psychological concepts make such a shift, I think there are good
reasons to prefer my dispositional view, which adopts a more
standard psychological approach for characterizing what lies at the
sub-attitudinal level and grounds attitude dispositions in
scientifically more satisfying ways.
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wildly between extraversion and introversion on different
occasions (Fleeson, 2004, pp. 83-4).
I think this is why Machery says of ambivalent attitudes
that “[i]f the hypothesized co-referential, differently
valenced mental states” lead people to “act and cognize in a
way that expresses a positive preference in some contexts”
and “a negative preference in other contexts,” then “their
aggregate behavior cannot be predicted (even imperfectly)
by postulating a trait” (Machery, 2016, p. 124, italics mine).
The more that aversive racist cognitions and actions vary,
the less traction we have, conceptually and
methodologically, to attribute attitudes to them. Machery is
not alone in adopting this method of means: social
psychologists who advocate for the existence of one type of
attitude disposition also advert to an individual’s mean
preference for an object when measuring the strength and
direction of their attitude about that object (Eagly &
Chaiken, 2007).6

Sub-attitudinal versus attitudinal accounts
As we have seen, competing dispositional accounts of
attitude can describe aversive racism, but do so by adverting
to sub-attitudinal elements rather than appeal to an attitude
proper.
Pace these accounts, I will explain how it is conceptually
possible for dispositional accounts to characterize
ambivalent attitudes such as aversive racism. By
conceptualizing aversive racism as an attitude, we provide a
perspicuous way to speak about how individuals belonging
to that category will cognize/behave in the future, how they
are similar to each other, and how they differ from those
who hold different attitudes towards the same racial/ethnic
group.

A New Dispositional Account
I think that we can address limitations to Machery’s view by
drawing from advances in psychology. Like Machery, I will
adopt the “standard view” for resolving the dispositional
construct versus mental state/process debate. However, I
will advocate for a finer-grained method for characterizing
dispositional attitudes.7
6

Some social psychologists who advocate for mental state views
also take the means approach, whereby “attitudes are defined as
summary evaluations” (Fazio, 2007, p. 608, italics mine).
7
Because of hard limits on space, I will not be able to provide
an argument for dispositional accounts of attitude over mental state
accounts here. Schwitzgebel favors his dispositional account over
more traditional mental state approaches because his view, unlike
all-or-nothing mental state approaches, could characterize inbetween atttiudes at the sub-attitudinal level (Schwitzgebel, 2002,
2001, 2010). However, mental state theorists have since adopted
more complex views to accommodate in-between cases (Gendler
2008b; Mandelbaum, 2015; Levy, 2015). Machery uses an
inference to best explanation to argue for a dispositional approach
over a mental state approach (Machery, 2016). However, he and I
disagree about what inferences should be drawn from the mixed
psychometric evidence (Lee, forthcoming). I think that there are
other reasons for preferring a dispositional account, including its

To get us started with the basic idea, let’s consider a
stylized example from the domain of moods. Let’s imagine
we are trying to characterize the emotional lives of two
individuals. We ask them to report their mood along a single
scale that ranges from the negative range (sad) to the
positive (happy) many times over a multi-week period.
Imagine that the two individuals turn out to have the same
mean/average mood (which lies mid-way on our scale).
However, one individual is almost always in a neutral
emotional state while the other rapidly cycles between being
extremely happy and extremely sad in equal amounts. If we
were to characterize their emotional lives simply in terms of
their mean mood, we would lose crucial information that
could be used to capture what distinguishes these distinctive
individuals.
This is what happens when we characterize dispositions in
terms of mean scores while overlooking information about
their full distribution of scores. When we discard
information about the distribution of scores, we forgo
characterizing and drawing distinctions between finergrained psychological categories. My proposal is to amend
the method of means by characterizing dispositions not
simply in terms of their mean tendency but also in terms of
their distribution.
William Fleeson proposed and fruitfully applied this
methodological injunction to the study of personality traits:
personality traits should be distinguished not simply by their
means, but also by distributions over time and contexts:
personalities should be said to differ not simply when their
means differ but when their distributions differ (Fleeson,
2001). Characterizing traits in terms of means and
distributions
allows
personality
psychologists
to
accommodate within-person variability while still
characterizing traits as stable distributions, so long as an
individual’s mean and distribution are stable attributes of
that individual. Here, variability in cognition and behavior is
its own kind of stable individual-differences characteristic
(Fiske, 1961; Larsen, 1989; Murray, 1938). So, if an
individual veers wildly between low and high extraversion,
but that fluctuation is a stable property of that individual
across a suitably large range of times and contexts, we can
characterize and distinguish her as a different kind of
extravert than the consistently moderate extravert who has
the same mean extraversion score.
I propose that we carry over this methodological
injunction to the case of attitudes. Conceptualizing attitudes
in terms of an individual’s mean and distribution of
reflected likings and dislikings gives us an intuitive and
powerful way of characterizing attitudes – especially,
ambivalent attitudes. To see this, let’s consider another
stylized example: how should we characterize the aversive
racist versus an individual who holds relatively neutral
views about the relevant racial/ethnic group?8 Here, the
epistemic modesty, which can have pragmatic benefits from a
stakeholder/institutional perspective (Lee, forthcoming).
8
In making this comparison, I adopt the working assumption in
psychology that neutral attitudes can be distinguished from
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neutral individual demonstrates a more consistent
indifference, reflecting neither a liking not a disliking for
the racial/ethnic group in their cognition and behavior,
including results from direct tests for explicit attitudes and
indirect tests for implicit attitudes. In contrast, the aversive
racist’s preferences fluctuate between a strong liking and a
strong disliking of the racial/ethnic group on direct and
indirect tests. My approach allows us to distinguish the
attitudes held by the aversive racist and the neutral
individual in terms of differences in the distributions of their
reflected preferences.
By conceptualizing and measuring attitudes in terms of
their full distributions – rather than rely solely on their mode
or means as Schwitzgebel and Machery do – my account of
dispositional attitudes makes it possible for ambivalent
attitudes qua attitude to predict aggregate behavior. Here,
ambivalent attitudes can describe and predict trends in
cognition/behavior so long as there is stability in an
individual’s distribution of reflected preferences across a
suitably large range of times and contexts. (Ambivalent
attitudes do not describe and predict cognition/behavior
strongly enough to predict individual events – there is too
much intra-individual variation for that.) By bestowing
descriptive and predictive power to ambivalent attitudes qua
attitude, my account can thereby describe and ascribe
aversive racism at the attitudinal level, and do so while
positing only one attitude type.

Conclusion
In this paper, I have motivated and articulated a
dispositional account of aversive racism. My account can be
distinguished from other dispositional accounts by its ability
to characterize aversive racism at the attitudinal level and its
deeper appreciation of the analogy between traits and
attitudes.
To evaluate the feasibility and fruitfulness of this account,
future research will need to address further questions about
how to implement this proposed account. First, how are
different attitudes towards an object – characterized by
means and by distributions – distinguished from each other?
For example, on what grounds would we distinguish a
category of strong racist from a weak racist from a neutral
individual, especially if there is intra-individual variability
in scores for each category? Second, how should available
direct and indirect measures/tests for attitudes be
selected/combined to provide an appropriate sample (and
scaling) of attitude scores for characterizing an attitude
ambivalent attitudes by their relative indifference to the object and
the stability of that indifference across contexts (Kaplan, 1972;
Bell, Esses, & Maio, 1996; Jonas, Broember, & Diehl, 2000). As
such, neutral and ambivalent attitudes have different functional
characteristics. For example, ambivalent attitudes can be socially
flexible in ways that neutral attitudes are not, where “the coexistence of positive and negative components allows people to
express their position by putting forward the component that best
fit the specific normative context” without being forced to change
their “general attitude” (Cavazza & Butera, 2008, p. 2).

toward an object?9 These questions should be explored
psychometrically, though such evidence may not point to
unique solutions, since some approaches may be more
suitable for some purposes than others.
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Abstract

Challenge 1: Disagreement about what Implicit
Attitudes Are

Psychologists and philosophers have not yet resolved what
they take implicit attitudes to be; and, some, concerned about
limitations in the psychometric evidence, have even
challenged the predictive and theoretical value of positing
implicit attitudes in explanations for social behavior. In the
midst of this debate, prominent stakeholders in science have
called for scientific communities to recognize and
countenance implicit bias in STEM fields. In this paper, I
stake out a stakeholder conception of implicit bias that
responds to these challenges in ways that are responsive to the
psychometric evidence, while also being resilient to the sorts
of disagreements and scientific progress that would not
undermine the soundness of this call. Along the way, my
account advocates for attributing collective (group-level)
implicit attitudes rather than individual-level implicit
attitudes. This position raises new puzzles for future research
on the relationship (metaphysical, epistemic, and ethical)
between collective implicit attitudes and individual-level
attitudes.

Ideally, stakeholders interested in articulating evidencebased policies do so in ways that create room for scientific
disagreement about and continued discovery of finergrained scientific details that do not impact the soundness of
the policy. This practical constraint has interesting
implications on whether stakeholder claims and policies
should conceptualize implicit attitudes as mental states or as
dispositions.

Implicit Attitudes as Mental States

Keywords: collective implicit attitudes; implicit attitudes;
implicit bias; science policy; dispositional attitudes; attitudes

Introduction
The American Association for the Advancement of Science
and the National Academies of Science – non-profit
organizations tasked with advancing science and providing
science-based advice – have called for scientific
communities to recognize and countenance implicit bias as
an impediment on women and minority participation and
advancement in science, technology, engineering, and
mathematics (STEM) fields (Pinholster, 2016; National
Academies of Science, 2015). How do we interpret their
claims about implicit bias in the face of vociferous debate
about what implicit attitudes are and real limitations to
canonical methods for measuring them – all while creating
evidence-based policies that are resilient to the sort of finegrained empirical debate and progress that would not
undermine the soundness of this call?
In this paper, I will stake out a stakeholder conception of
implicit bias that finesses two major challenges: (current
and future) disagreement about what implicit attitudes are,
and the psychometric limits of the Implicit Association Test
(IAT).1 While responding to the second challenge, I will
argue for the notion of collective implicit attitudes and
identify some of the metaphysical, epistemic, and ethical
questions they raise for future philosophical inquiry.
1
Because there is more evidence on the discriminant validity of
implicit attitudes as measured by the IAT as opposed to other
measures for implicit attitudes, I focus on IAT-related evidence.

Social psychologists advocating the mental state approach
to conceptualizing implicit attitudes have imputed
competing cognitive accounts of the hidden processes and
representations that explain how social behavior is
generated from stimuli in the environment (De Houwer,
Gawronski, & Barnes-Holmes, 2013). For mental state view
advocates, attitudes are evaluative judgments stored in longterm memory (Wilson, Lindsey, & Schooler, 2000) or
constructed, “on the spot” (Schwarz, 2007, p. 650), in
working memory (Gawronsky & Bodenhausen, 2006).
Some mental state theorists advocate for just one kind of
underlying representation to do this work (Fazio, 2007).
Others advocate for the existence of two or more
representations that generate judgments and behavior via
different but interacting types of processes (Wilson,
Lindsey, & Schooler, 2000; Wittenbrink, Judd, & Park,
2001). Yet others suggest that the representational base or
“underlying ingredients” (Krosnick, Judd, & Wittenbrink
2005, p. 24) from which implicit and explicit attitudes are
formed are shared, where observed dissociations between
implicit and explicit attitudes result from different processes
rather than from different, independently stored
representations (Gawronski & Bodenhausen, 2007; Strack
& Deutsch, 2004). In light of such disagreement, some
mental state theorists have suggested that the term “attitude”
could “be used as a general integrative label that subsumes
any aspect of process that is responsible for positive or
negative responses toward a given object” (Gawonski &
Bodenhausen 2007, p. 709, italics mine). Among
philosophers advocating a mental-state-like view, some
suggest we add to beliefs a second type of content-laden
attitude (Gendler, 2008; Levy, 2015; Mandelbaum, 2015;
Holroyd, 2016). For others, “wheeling in the big gun of a
new fundamental taxonomical category” (Egan, 2011, pp.
67-8) may not yet be merited (Kwong, 2012).
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Which of these theories is the right one? The imputation
of representations and processes is constrained by each
other: mental representations can only be retrieved and
generate behavior by means of mental processes (Anderson,
1976; De Houwer, Gawronski, & Barnes-Holmes, 2013;
Machery, 2007); and, processes can only be triggered by
and transform some representations (Gigerenzer &
Hoffrage, 1995; Lee, 2007). However, because there isn’t
consensus about either the representations or processes
involved, the field of possible, empirically permissible
cognitive theories is large enough that “the same behavioral
data” can be explained “as multiple processes operating on a
single representation, one process operating on multiple
representations, or any admixture of representations and
processes” (Greenwald & Nosek, 2008, p. 80). Each of these
cognitive theories – which posit different numbers and types
of representations and processes – can be made and has
been made consistent with the observed evidence. “[T]here
are plausible arguments for any of these positions”
(Gawronski & Bodenhausen, 2007, p. 708).
From a stakeholder perspective, formulating a policy
that’s conditioned on a prediction about the longevity or
superior empirical adequacy of a particular mental
state/process theory seems unwise. Mental state theories are
so pervasively underdetermined (Bechtel, 2005) that
disagreement among empirically adequate cognitive theories
may be the norm rather than the exception (Greenwald,
2012). Even if we refrain from drawing a pessimistic
induction over a longer history of unsettled debates among
competing mental state theories for other kinds of cognitive
capacities (Greenwald, 2012; Laudan, 1981), it is important
to note that psychologists have voiced concerns that
disagreement among competing cognitive theories of
implicit attitudes in particular “will never end and should
never end” (Eagly & Chaiken, 2007, pp. 585-6) and may be
“impossible to resolve” (De Houwer, Gawronski, & BarnesHolmes, 2013, p. 3), with analogies drawn to “the
[unresolved] debate between abstractive and exemplarbased representations in the cognitive literature” (De
Houwer, Gawronski, & Barnes-Holmes, 2013, p. 13).2

Implicit Attitudes as Dispositions
From a stakeholder perspective, conceptualizing a policy
that’s conditioned on a prediction about the longevity or
superior empirical adequacy of any particular cognitive
theory in explaining observed and accepted effects is
unnecessary for their purposes if a dispositional approach to
conceptualizing implicit attitudes is available instead.3
According to the dispositional approach, attitudes – and
implicit attitudes more specifically – are tendencies to
2

Pace Machery (2009), De Houwer et al agree with Barsalou
that “trying to determine whether people use exemplar or
abstracted representations is futile” and “cannot be evaluated on
the basis of behavioral data” (Barsalou, 1990, pp. 61-2).
3
For more on the relative stability of and agreement about
psychological effects versus their cognitive explanations, see
Cummins (1983, 2000).

cognize and behave towards an object, where these
tendencies can be (imperfectly) measured through various
measurement procedures (Cronbach & Meehl, 1955;
Krosnick, Judd, & Wittenbrink, 2005; Eagly & Chaiken,
2007; Greenwald & Nosek, 2008). Dispositions are kept
conceptually separate from and remain agnostic about
claims about the (number of) representations and processes
underwriting them (Fazio, 2007; Borsboom, Mellenbergh,
& van Heerden, 2004). Thus, stakeholders adopting a
dispositional view would be committing to the idea that
while there is some mental state(s)/process(es) underwriting
implicit attitudes, making sense of their policies does not
require theoretical pre-commitment to any particular
cognitive theory at the level of mental states/processes.4
By adopting a dispositional approach, stakeholders would
be adopting a stance of epistemic modesty. Such a stance
would not be unique to the stakeholder perspective – as a
matter of scientific practice, it is also a position that some
psychological researchers adopt. For example, Alice Eagly
and Shelly Chaiken propose characterizing attitudes as
“evaluative tendencies” and “purposefully avoid further
specification of the inner tendency” since “the description of
this inner tendency inevitably changes as attitude research
develops and different theoretical positions emerge, become
popular, and then may erode” (Eagly & Chaiken, 2007, pp.
585-6). Anthony Greenwald and Brian Nosek (2008) adopt
a dispositional approach because they take questions about
the number of underlying representations and processes to
be, at present, “empirically irresolvable” (Greenwald et al.,
2009, p. 32). Going all the way back to 1935, when Gordon
Allport declared the concept of attitude as “the keystone in
the edifice of American social psychology” (Allport, 1935,
p. 798), he noted that the only “common thread” running
through diverging definitions of the concept “attitude”
(Allport, 1935, p. 805) was the idea that attitudes involved a
kind of disposition: “a mental and neural state of readiness,
organized through experience, exerting a directive or
dynamic influence upon the individual’s response to all
objects and situations with which it is related” (Allport,
1935, p. 810).
In general, characterizing attitudes as dispositions does
not demote the insight or priority of research on the
psychological basis of the attitude construct (Machery,
2016) or on psychologists’ and philosophers’ theories about
the cognitive architecture underwriting those attitudes (for
just one nice example of this genre at work, see Huebner,
2016). Nor does it deny the reality of progress in these
domains of research. Indeed, the purpose of characterizing
attitudes as dispositions is to provide an account that is
broad enough to accommodate standard patterns of
scientific disagreement and growth in these discussions. In
the natural lifecycle of an interesting effect, second
generation questions about representations and processes –
studied by identifying boundary conditions and moderators
4
Note that the dispositional approach does not construe implicit
attitudes as behaviorist posits since implicit attitudes are
underwritten by representation-rich processing.
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for the effect (Spencer, Zanna, & Fong, 2005; Bechtel,
2005; Zanna & Fazio, 1982; Fischhoff, 1982) – are fruitful.
They generate new evidence that informs and constrains
future cognitive theories (De Houwer, Gawronski, &
Barnes-Holmes, 2013; Jacoby & Sassenberg, 2011) and
refine our understanding of the original effect (De Houwer,
Geldof, & De Bruycker, 2005; Gawronski et al., 2008).
Indeed, a mental state/process theory’s generative role in
such debate and progress is a critical part of evaluating the
value of any given cognitive theory (De Houwer,
Gawronski, & Barnes-Holmes, 2103). As such, stakeholders
adopting a dispositional approach would not, by any means,
be discounting the importance of second-generation
research on community effects (Dasgupta, 2013), context
effects (for a review see Gawronski & Bodenhausen, 2008),
training effects (e.g., Brauer et al., 2012), or the influence of
competing cognitive processes in conditions where there is
sufficient cognitive capacity and motivation (e.g., Payne,
2005; Maddux et al., 2005). Such mental state research
makes important strides towards elucidating the
psychological basis of our attitudes – i.e., the
representations and processes underwriting our evaluative
tendencies – and the circumstances under which an
individual’s egalitarian convictions are more likely to be
reflected in her cognition and behavior.
Overall, stakeholders interested in articulating evidencebased policies that can create room for scientific
disagreement about and continued discovery of finergrained scientific details can invoke a dispositional rather
than mental state conceptualization of implicit attitudes.
Doing so does not put stakeholders in the awkward position
of betting on the longevity or superior empirical adequacy
of any particular mental state/process theory. Moreover,
such a position allows stakeholders to respect the ways in
which debates at the level of cognitive theory advance our
understanding of implicit attitudes.

Challenge 2: Psychometric Limits of the IAT
Stakeholders must address a second challenge. Some have
invoked psychometric evidence to challenge the predictive
and theoretical value of positing implicit attitudes (Machery
2016; Oswald et al., 2013). In response, I think stakeholders
can draw on a fuller suite of the psychometric evidence to
hold that implicit attitudes are legitimately posited – but, are
best attributed to groups of cognizers rather than to
individuals. As such, this position re-interprets the call to
countenance implicit bias in STEM contexts as a call to
countenance collective implicit bias. I will identify this
view’s methodological and meta-methodological rationale,
its policy implications, and some puzzles it raises about
implicit attitudes.

Psychometric Challenges
When it comes to the construct validity of implicit attitudes,
the psychometric evidence is quite mixed. The IAT has a
low test-retest reliability, which may indicate that much of
the variation in its scores is attributable to random errors of

measurement rather than to the presence of an underlying
construct (for a contrary view, see Cunningham, Preacher,
& Banaji, 2001). The IAT has only small-to-moderate
predictive validity (Greenwald et al., 2009; Oswald et al.,
2013; Greenwald, Banaji, & Nosek, 2015). When we look
beyond the IAT to a fuller set of techniques for measuring
implicit attitudes, we see that these have low convergent
validity with each other (Olson & Fazio, 2003; Rudman &
Kilianski, 2000), which may be interpreted as suggesting
that there isn’t a shared, underlying construct that they all
measure.
On the basis of the evidence above, some have suggested
that we should reconsider whether to posit implicit attitudes
at all (Machery, 2016; Oswald et al., 2013) – a position
standing in direct contrast to the overwhelming view among
psychologists and philosophers that implicit attitudes exist
and are sensibly attributed to individual cognizers (for an
overview, see Gawronski & Bodenhausen, 2006;
Brownstein & Saul, 2016a, 2016b).
In contrast to both these mainstream and radical views, I
think that stakeholders can hold what may, at first, sound
like an unusual position: when considering the fuller suite of
psychometric evidence, stakeholders can support claims
about the construct validity of implicit attitudes, but only
when describing and predicting group-level behavior rather
than individual behavior.

Discriminant Validity
The strongest evidence favoring the positing of implicit
attitudes is evidence of its discriminant validity. This
evidence tends to be ignored or discounted by those
adverting to the psychometric evidence to challenge the
legitimacy of implicit attitudes (Machery, 2016; Oswald et
al., 2013). To propose a new construct, psychologists must
bring to bear evidence that distinguishes it from constructs
already in use (Campbell & Fiske, 1959). As such, much of
the research on implicit attitudes has focused on their
discriminant validity in relation to explicit attitudes. Such
evidence includes low correlations between tests thought to
measure these different constructs (Krosnick, Judd, &
Wittenbrink, 2005): meta-analysis measures demonstrate
that correlations between the IAT and explicit measures
(designed to measure explicit attitudes) are only small-tomoderate (Greenwald et al., 2009). Further evidence for
discriminant validity includes dissociations (Greenwald &
Nosek, 2008): some factors affect implicit but not explicit
attitudes (Karpinski & Hilton, 2001) while other factors
have been shown to impact explicit but not implicit attitudes
(Greenwald et al., 2009). Finally, IAT scores and measures
for explicit attitudes each predict variance not predicted by
the other: the predictive validity of IAT scores begins to
catch up to measures for explicit attitudes when dealing with
socially sensitive topics and then outperforms measures for
explicit attitudes in predicting intergroup behavior
(Greenwald et al., 2009).
Despite the discriminant validity of IAT scores, the IAT’s
low-to-moderate test-retest reliability and low-to-moderate
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predictive validity measures mean that IAT scores cannot be
used diagnostically to predict individual differences in the
“propensity to discriminate” (Oswald et al., 2013, p. 187) –
not without risking “undesirably high rates of erroneous
classifications” (Greenwald, Banaji, & Nosek, 2015, p.
557). As such, some suggest that IAT scores should be used
to characterize cognition and behavior at the group or
societal level (Greenwald, Banaji, & Nosek, 2015).5

Collective Implicit Attitudes
Because of limitations in the psychometric evidence,
stakeholders should adopt the view that implicit attitudes are
best attributed at the group rather than at the individual
level. This reinterprets calls to recognize implicit bias in
STEM as calls to address biases embodied and exhibited by
collectives. Under this lens, previous questions conceived in
terms of individuals are reimagined at the explicitly
collective level: how do collective implicit biases reflect
unjust social structures – and, what should institutions
(including stakeholders in STEM) do to address them? As
such, this collective account of implicit attitude foregrounds
that “broader conception of attitude that is elastic enough to
apply. . . to broad patterns of culture” – the conceptual
“meeting point for discussion and research” between
psychologists and sociologists (Allport 1935, p. 798).
This view also raises a number of difficult philosophical
puzzles. Previous work on collective intentionality has
grappled with a number of important challenges associated
with trying to characterize the relationship between
collective attitudes versus the attitudes of the individuals
belonging to those groups (Gilbert, 1989; Pettit, 2001, 2007;
List & Pettit, 2011). The notion of collective implicit
attitudes raises a number of analogous questions. How
should we characterize the relationship between collective
implicit biases versus the attitudes of the individuals
belonging to those groups? And, what are the ramifications
of these accounts on assessing the epistemic and moral
responsibility of the collective versus its individuals?
Finally, there may be some who remain skeptical about
whether the psychometric evidence is sufficient to begin
thinking or talking about launching interventions at all. Note
that, even if the IAT is not a diagnostically terrific screening
tool for predicting which individuals will commit
discriminatory acts, stakeholders can nevertheless adopt
interventions designed to reduce the overall risk of biased
behavior, even among groups who do not have high IAT
scores; and, some interventions may be inexpensive and
beneficial enough to merit their broad acceptance and
adoption. To understand how this might be the case,
consider this analogy to the case of blood pressure. From an
epidemiological perspective, some take blood pressure
readings to be a poor screening tool when it comes to
5

Note that IAT scores can still inform the evidence base used to
characterize individuals; however, they may be best used fruitfully
towards attributing, not implicit attitudes, but courser-grained
attitudes like aversive racism (Lee, forthcoming; Dovidio &
Gaertner, 2004).

predicting cardiovascular events such as heart attack or
stroke (Law, Wald, & Morris, 2003). However, because
lowering blood pressure is good for decreasing the risk of
cardiovascular events even among groups without high
blood pressure, and because the cost of interventions used to
lower blood pressure are inexpensive and beneficial, it
makes good sense to implement such interventions broadly
(for those above a certain age) regardless of their blood
pressure reading (Law, Wald, & Morris, 2003).

Conclusion
In this paper, I staked out a stakeholder conception of
implicit bias. This position responds to two important
challenges. First, it navigates debates about whether implicit
attitudes should be conceptualized as mental states or as
dispositions by appealing to a form of epistemic modesty
that is savvy to disagreement and growth in psychological
research. This allows stakeholder injunctions (to attend to
implicit bias in scientific communities) to be resilient to
finer-grained forms of scientific debate and progress that
would not impact the ultimate soundness of this call.
Second, it recognizes real strengths and weaknesses in the
psychometric evidence for implicit attitudes by
understanding tests for implicit attitudes (in particular, the
IAT) as tools for characterizing group-level rather than
individual-level behavior. This position raises rich and
pressing philosophical questions about how we should
understand the relationship – metaphysical, epistemic, and
ethical – between collective implicit attitudes and
individual-level attitudes.
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Abstract
Most previous studies on time perception have examined
temporal order and distance judgments in isolation using
controlled stimuli. However, in real life, these two elementary
temporal experiences are related. Here, we examine the effects
of age and event structure on temporal estimation and introduce
a novel timeline estimation paradigm comprising temporal
order and distance judgments with naturalistic stimuli. In two
experiments, we asked participants to view a three-minute-long
video clip and mark the temporal order and distance of a
specific scene of the video on a horizontal timeline. In the first
experiment, we conducted the timeline estimation task with
three different age groups – 6-8-year-olds, 9-11-year-olds and
adults – and found age-related differences in the participants’
accuracy and variability of temporal estimation. The
nonlinearity between their estimates and stimulus distance
decreased as their ages increased. In Experiment 2, we tested
the effect of event structure on participants’ timeline estimation
and observed that more complicated video resulted in more
distorted temporal estimation. In sum, the current study
corroborated the timeline estimation task to be a valuable tool
for assessing temporal judgments across development.
Keywords: temporal order memory; duration judgment; time
estimation; temporal concept development

Previous studies on time perception have primarily examined
temporal distance (duration) perception, temporal order
judgments, and episodic/autobiographical memory (Allman,
Teki & Griffith, 2014; Grondin, 2010). Specifically, the
former two areas have been investigated extensively using
different experimental paradigms in isolation. Regarding
temporal distance perception, prior research has used interval
reproduction, comparison, and temporal bisection tasks with
simple visual shapes or acoustic tones to examine subject’s
temporal distance perception over milliseconds and seconds.
However, the experimental procedure of classical
temporal distance perception has significant limitations for
covering a broad range of intervals. For example, since the
temporal bisection task, one of the most widely used tasks in
the temporal distance perception literature, requires
registering the length of the referent stimulus in the shortterm memory, it cannot be extended beyond several seconds
without secondary strategies such as counting and tapping.
Furthermore, pure interval timing beyond several seconds
would be an unnatural human timing process because in daily
life, temporal distance perception over several seconds would
be accompanied by other cognitive processes, such as event
perception and memory. Lastly, methodological demands
encourage the use of conscious time-keeping strategies

(prospective timing), but these strategies are not commonly
used in everyday life. Therefore, recent studies have argued
that some previous findings in temporal distance perception
are incompatible with ordinary interval timing experiences
(Boltz, 2005; Droit-Volet, Trahanias, & Maniadakis, 2017).
On the other hand, temporal order memory studies have
relied on retrospective timing; thus, the participants did not
know that they would be asked to make a time judgment until
after an event had taken place. Therefore, this paradigm
assesses the temporal relation remembered between events,
which is ecologically more valid. Nonetheless, temporal
order memory studies have investigated controlled stimuli,
similar to the temporal distance perception studies. Although
such stimuli can provide rigorous experimental control, it is
not always clear whether the results of their use can be
generalized to everyday events. Specifically, given the
importance of people’s attention to time perception (Boltz,
1999; Brown, 2008; Grondin, 2010), time perception with
realistic stimuli may be substantially different from that with
the highly-controlled stimuli.
Therefore, it has been argued that the time estimation
literature should have involved tasks with more ecological
validity (Boltz, 2005; Brown & West, 1990; Carell, 2011;
DuBrow & Davachi, 2016). However, the attempts at
conducting empirical research with realistic stimuli (Bisson,
Tobin & Grondin, 2012; Tobin, Bisson & Grondin, 2010,
Droit-Volet, Trahanias, & Maniadaks, 2017, Nielson et al.,
2015) still have not produced conclusive answers about
similarities and dissimilarities between naturalistic and
highly controlled time perception. In addition, they have not
attempted to investigate temporal distance and order
experiences simultaneously as in real life.
Given these limitations, we developed a novel temporal
judgment task (a) involving both temporal distance and order
perception (b) using more natural stimuli (c) ranging from
seconds to minutes (d) under both retrospective and
prospective timing (e) without relying on temporal word
knowledge to investigate the effects of age and event
structure on temporal estimation. In this task, we asked
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Figure 1. An example of a timeline task

In Experiment 1, we present a novel “timeline estimation”
task, which (a) does not rely on participants’ temporal word
knowledge, (b) uses a realistic event as a stimulus, and (c)
involves both temporal distance and order judgments. We
compared the mean estimates and variations of temporal
judgment across different age groups to investigate the
developmental changes for each judgment.

Method
Participants. Experiment 1 included three age groups: 6-8year-old children, 9-11-year-old children and adults. A total
of 105 children were recruited from schools in Columbus,
Ohio. Parents of the children provided written consent. The
adult participants were 34 undergraduate students who
participated in exchange for a course credit at the Ohio State
University.
Materials and Procedure. Participants carried out the
timeline estimation task consisting of initial learning, math
problem solving, and testing phases. In the learning phase,
we presented the participants with a three-minute-long video
clip. To control for the confounding effect of narrative on
temporal judgment, we removed the sound of the stimuli. We
instructed the participants to pay attention to and remember
the contents of the video. After the initial learning phase, we
asked the participants to solve five math problems to control
for the recency effect of short-term memory. We modulated
the difficulty of the math problems according to the
participant’s age. We created 30 still pictures from every six
seconds of the video clip for all participants and randomly
chose 40 of these still pictures for each participant to observe.
In the testing phase, we gave the participants a timeline
estimation task in which we presented a timeline with the 40
still pictures; one picture was shown per trial. In each trial,
we instructed the participants to indicate approximately when
the still picture appeared while they were watching the video
by marking the corresponding place on the timeline using a
mouse click (see Figure 1). We did not provide feedback on
their performance.

|𝑅𝑒𝑠𝑝𝑜𝑛𝑠𝑒 − 𝑆𝑡𝑖𝑚𝑢𝑙𝑢𝑠|
𝑆𝑐𝑎𝑙𝑒 𝑜𝑓 𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑠
Another way of assessing the participants’ efficiency is
by using the CV which was calculated as the standard
deviation of the estimates divided by the mean estimate.
According to one of the most widely accepted ‘scalar
property’ principles in the field of interval timing (Gibbon,
1977), the CV should remain constant across a range of
intervals if temporal perception follows Weber’s law as other
sensory dimension perceptions do. This property is
considered as evidence of any single mechanism by which
given intervals are timed. Thus, we calculated the CV across
subjects and tested whether it was constant across the length
of a timeline and whether there were any developmental
differences according to the CV change.
Lastly, in line with the procedure of Cicchini et al.
(2014) in a number-line study, we regressed the participants’
estimates against the target distance using a combined loglinear regression model:
PAE =

𝑅 = 𝑎 7(1 − 𝜆)𝑇 + 𝜆 ∗

𝑇?@A
∗ ln(𝑇)D
ln(𝑇?@A )

where R denotes the response to the given target distance T,
a is a scaling factor, and Tmax is the distance at the right end
of the timeline (180 in the current study). The degree of
nonlinearity is denoted by λ. If λ equals 0, the relation
between the estimates and target distances is perfectly linear,
whereas if λ is 1, the relation is perfectly logarithmic.
The linear relationship indicates that the participants
perceived the correct temporal order of the given stimuli, as
well as the distance between them, as constant across the time
range. On the other hand, the nonlinear (logarithmic) relation
indicates that the participants overestimated the distance of
the initial events and underestimated the distance of the
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Experiment 1

Analyses. We evaluated the participants’ mean estimates,
percent absolute errors (PAEs), coefficients of variation
(CVs), and nonlinearity scores. One method for obtaining an
overall sense of the participants’ estimate efficiency is the
PAE, which was calculated as follows (Siegler & Booth,
2004):

E s t im a t e ( s )

participants to study a three-minute-long video clip excerpted
from commercial movies; then, we presented participants
with a still picture from the video clip and a concrete
horizontal line, referred to as a ‘timeline,’ and asked them to
identify the temporal position of the still picture on the
timeline.
In Experiment 1, we investigated developmental
changes in different age groups – 6-8-year-olds, 9-11-yearolds and adults – and these groups’ temporal judgment of
minute-range intervals with the mean estimates and variation
of judgments. In Experiment 2, we investigated whether the
event structure of the stimuli and timing paradigms
(prospective/retrospective) affected the adults’ timeline
estimation performance.
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Figure 2. a) Participants’ estimates along the target duration,
b) logarithmic decrease in CV with increase in target duration.

events near the end of the range. In addition, previous studies
using the number line estimation task, which has a similar
task structure to the timeline task, reported a logarithmic to
linear shift across development (Kim & Opfer, 2015; Siegler
& Booth, 2004; Siegler & Opfer, 2003). We also aimed to
examine whether there was a similar shift in temporal
estimation.
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Mean Estimates and CVs. First, as Figure 2a shows, the
mean estimate increased as the target interval increased
across the three different age groups. Although the estimates
and target intervals were not perfectly linear mapped, the
adults and 9-11-year-old children showed a relatively more
linear pattern than the 6-8-year-old children, F(2, 136) = 6.65,
p = .002, η2 = .095, with Geisser-Greenhouse correction (see
Table 1 and Figure 3). Analogous to the results in number
line studies (Booth & Siegler, 2006; Siegler & Opfer, 2003;
Siegler, Thompson & Opfer, 2009), 6-8-year-olds had higher
nonlinearity scores than 9-11-year-olds and adults (see Table
1). A significant age effect was also found for the PAE, F(2,
136) = 6.03, p = .003, η2 = .206.
In terms of variance, 6-8-year-old children showed the
most variable estimates, but the age difference for variance
did not reach statistical significance (see Table 1). As Figure
2b shows, the CV decreased logarithmically as the target
interval increased across the age groups (for 6-8-year-olds, B
= -.593, F(1, 27) = 167, p < .001, R2 = .861; for 9-11-year olds, B = -.782, F(1, 27) = 682, p < .001, R2 = .962; and for
adults, B = -.613, F(1, 27) = 259, p < .001, R2 = .905), which
indicates that the scalar property was violated. This
logarithmic decrease was not compatible with the sub-second
interval perception literature (e.g., Allan & Gibbon, 1991;
Droit-Volet, 2002; Droit-Volet, Clement, & Wearden, 2001).
However, Lewis and Miall (2009) used a similar range of
interval and observed the same logarithmic decrease in CV
with an increasing target interval, which indicates that people
may have relied on different timing mechanisms according to
the range of target intervals.
Moreover, some studies have noted several conditions
that generate a logarithmic decrease in the CV. For example,
people usually use a counting strategy for estimating intervals
greater than approximately 1.2 s (Grondin, Meilleur-Wells,
& Lachance, 1999; Killeen & Weiss, 1987); this strategy
results in a decrease in CV with increasing target interval
(Wearden, 1991). In addition, Wearden and Lejeune (2008)

6~8

9~11

A d u lts

Figure 3. Distribution of nonlinearity score across age groups

reviewed the temporal distance perception literature and
revealed that verbal estimation studies reported a decrease in
CV with increasing target interval, as well as a similar pattern
of mean estimates, similar to the current study. That is, the
participants tended to overestimate short intervals and
underestimate longer intervals (e.g., Penton-Voak et al.,
1996; Wearden et al., 1998). To sum up, although the
variation distribution in the current study did not follow the
scalar property, it still showed a continuous pattern without
breakpoints. These results imply that across age groups and
intervals (1s - 180s), the participants might rely on one
common mechanism for timing the intervals.
The effect of previous estimates. In the number line study
literature, Cicchini, Anobile, and Burr (2014) claimed that the
logarithmic estimate comes from the participants’ decision
bias, such as the central tendency of judgments. That is, under
conditions of uncertainty, people’s responses tend to be
biased toward the mean of the stimulus distribution, and this
regression to the mean predicts a logarithmic pattern of
results for the number line task (Cicchini, Anobile & Burr,
2014). Cicchini and colleagues (2014) suggested that trialby-trial online updating, which they called “dynamic
encoding,” should exist, supporting the regression to the
mean. Thus, we tested whether any serial dependencies exist
between the response to the current trial and the temporal
distance between the current and previous trials; to do this,
we explored the potential cause of the nonlinear mapping of
the temporal estimates.
For our analysis, we regressed the average error of the
estimate against the temporal distance between the current
target interval and the previous one. We found that when a
previous time point was further in the past, the participants
tended to underestimate the current target interval; when a
previous time point was further in the future, they tended to

Table 1
Means and Standard Deviations of the Nonlinearity Score, PAE, and CV in Experiments 1 and 2.

Exp. 1

Exp. 2

Age group
6-8-yearolds
9-11-yearolds
Adults
Adults

(Condition)

Dispersed
Clustered

Nonlinearity score (𝜆)

PAE

CV

.507 (.331)

.216 (.053)

.395 (.049)

.319 (.246)

.181 (.039)

.443 (.065)

.317 (.246)
.199 (.231)
.378 (.293)

.159 (.032)
.152 (.035)
.182 (.053)

.430 (.064)
.246 (.074)
.283 (.086)

2007

Experiment 2
In Experiment 2, we aimed to address two main issues. The
first one was how remembering and estimating temporal
information of natural events compared across prospective
and retrospective paradigms. When previous research results
on temporal distance perception (e.g., Brown, 1985; Miller,
Hicks, & Willette, 1978; see Zacks et al., 2007 for review)
are generalized to timeline estimation, the estimates of
prospective judgments would be larger than those of
retrospective judgments.
The second issue we addressed in Experiment 2 was
how different event structures create different effects on
timeline estimation. Using classical temporal distance
perception paradigms with simple tones, Matthews (2013)
demonstrated that increasing the subdivision of the interval
by adding more markers led to increases in the perceived
temporal distance. Zacks and his colleagues (2007) suggested
that perceptual systems split activity spontaneously into
segments, which enable people to treat an extended interval
of time as a single chunk and serve as anchors in long-term
memory encoding (Kurby & Zacks, 2007). If these two
effects apply to timeline estimation with natural stimuli, we
hypothesize that the participants would break a video clip into
subjective sub-events, and each sub-event would then be used
as a chunk to estimate the temporal distance of the video;
accordingly, a video with more subjective sub-events would
result in prolonged distance perception and distort the
relation between the estimates and stimulus distances.
To address these two issues, we manipulated the
instructions and contents of the video clips during the initial
learning phase. In the first block examining retrospective
timing, we asked the participants to pay attention to the
contents of the video, but the participants were unaware that
they would later be asked to make temporal judgments about
the video. In the second block examining prospective timing,
we informed the participants before the learning phase that
they would be asked the same questions as in the first block,
enabling them to pay attention to temporal information. We

expected them to actively track the passage of time while they
viewed the video.
To investigate the event structure effect on timeline
estimation, we presented two different video clips with
different numbers of sub-events and distributions. Using the
subjective event segmentation procedure (Newtson, 1973),
we asked a separate group of participants to mark points on
the timeline where significant changes occurred in the video
clip. Then, we chose two video clips with the most marked
and the least marked and used them as stimuli in the learning
phase. The video clip marked with the largest number of subevents was ‘Clustered’ so that the marks were clustered near
the beginning of the video. The video clip marked with the
smallest number of sub-events was ‘Dispersed’ so that the
marks were evenly distributed throughout the video.

Method
Participants Twenty-two undergraduates at the Ohio State
University participated in exchange for a course credit, and
10 young adults from Daegu, South Korea, were recruited
and participated with $4.70 compensation. There was no
significant difference in performance between these two
groups (T = 0.2).
Materials and Procedure. Two blocks of the timeline task
were given to the participants. At the beginning of the second
block, we informed them that after the learning phase, they
would be given the same temporal judgment task as in the
first block. To manipulate the event structure, we provided
the two different video clips that were described above. The
order of the video clips was counterbalanced across the
participants. We created 30 still pictures from each sixsecond interval of the video clip and randomly presented all
of the pictures three times during the testing phase. Thus, the
total number of trials in the testing phase was 90. The other
procedures were the same as in Experiment 1.

Results and Discussion
First, as in Experiment 1, an increase in the target interval
resulted in an increase in the participants’ mean estimates and
a logarithmic decrease in the CV (B = -.78, F(1, 28) = 195, p
< .001, R2 = .874). That is, the scalar property was still
violated. The participants’ estimates showed serial
dependence on the previous target distance across the two
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overestimate it. The mean error of the temporal estimate
changed systematically as a function of the temporal distance
between the current and previous target intervals across the
age groups (for 6-8-year-olds, B = -.278, F(1, 56) = 179, p
< .001, R2 = .762; for 9-11 year olds, B = -.176, F(1, 57) =
231, p < .001, R2 = .802; and for adults, B = -.264, F(1, 56) =
77.5, p < .001, R2 = .58). Thus, the estimated interval was
influenced by the previous target interval, which tends to
anchor the next estimate. This strategy might have resulted in
the logarithmic pattern of estimation as Cicchini et al. (2014)
argue. Furthermore, the participants who relied more on a
“dynamic encoding” strategy showed higher error (B = .186,
F(1, 137) = 44.3, P < .001, R2 = .245) and higher non-linearity
in their estimates (B = 1.5, F(1, 137) = 100, p <. 001, R2
= .422) than those who relied less on this strategy. The central
tendency seemed to have the effect of increasing the nonlinearity of the estimates.

1 .0

0 .5

0 .0

C lu s t e r e d

D is p e rs e d

Figure 4. Changes in the distribution of the nonlinearity score
according to the event structure of stimuli.

video clips (for Dispersed, B = -.125, F(1, 58) = 111, p < .001,
R2 = .658; for Clustered, B = .-184, F(1, 58) = 284, p <. 001,
R2 = .83). This finding indicates that the participants in
Experiment 2 might have used the dynamic encoding strategy
like the participants as in Experiment 1. Furthermore, the
participants who relied more on the dynamic encoding
strategy showed less accurate (B = 2.38, F(1, 30) = 114, p < .
001, R2 = .792) and more variable estimations (B = .304, F(1,
30) = 34, p < .001, R2 = .531) than those who did not. The use
of a dynamic encoding strategy was also significantly related
to the nonlinearity of the estimates (B = .368, F(1, 30) = 14.2,
p < .001, R2 = .321).
Next, we observed an effect of the event structure on the
timeline estimation accuracy, T(31) = -3.49, p = .001,
Cohen’s d =-.616, but not on the variability distribution,
T(31) = -1.89, p = .068 (see Table 1). The distribution of the
nonlinearity scores was significantly different between the
two types of video, T(31) = 2.81, p = .009, Cohen’s d = .497.
Specifically, the participants showed a more non-linear
pattern of estimation when they were shown a video with
clustered events (see Figure 4). As Matthew (2013)
suggested, the clustered event distribution of the initial time
period might have led the participants to overestimate the
distance of the initial events, and the relatively sparse event
distribution of the final time period would have resulted in
the underestimation of it.
As some participants watched a “Clustered” video in the
first block and the other participants watched a “Dispersed”
video in the first block, the block effect (i.e., retrospective vs.
prospective timing) was tested separately for each video type.
However, the block order did not produce any significant
differences in the accuracy [ 𝑇EFGHIJGIK 19.2 =
.263, 𝑇RSTGUIJIK 24.5 = .703, with the Welch correction] or
variation of the estimates [ 𝑇EFGHIJGIK 25.2 =
.364, 𝑇RSTGUIJIK 29.2 = .212 , with the Welch correction]
across the video types. Of course, we should caution not to
conclude too much from these null results because the current
experimental
structure
cannot
separate
the
retrospective/prospective timing effect from the practice
effect due to block order.
However, some authors have shown that retrospective
judgments can become as accurate as prospective judgments
when using natural coherent events (Boltz, 2005) and long
intervals with verbal estimates (Grondin & Laflamme, 2015).
According to our results, we suggest that retrospective and
prospective timing effects may have occurred in only the subsecond interval range. Similar to previous findings showing
the violation of the scalar property in specific ranges of
temporal distance (see Wearden & Lejeune, 2008, for
review), the timing process effect may have occurred in a
specific range of intervals. This conjecture could be a
research question for further studies.

General Discussion
The main purpose of the present study was to introduce a
novel timeline estimation task and explore its potential
impact. This procedure examined both temporal distance
perception and temporal order memory for the same task
using realistic stimuli. To the best of our knowledge, this is
the first examination of these two types of temporal processes
using the same procedure with non-linguistic temporal
stimuli 1 . We also extended several findings of previous
interval perception studies and reported novel findings on
development in temporal processing.
Specifically, in Experiment 1, we conducted a timeline
estimation task with three different age groups – 6-8-yearolds, 9-11-year-olds, and adults – and observed that the
accuracy and linearity of temporal estimation increased with
the participants’ age, while the variability decreased.
Specifically, all of the age-related changes in the current
study were observed between ages 8 and 9, which provides
further evidence for the protracted development of temporal
cognition (Friedman & Laycock, 1989; Friedman & Lyon,
2005; Gosse & Roberts, 2013; Pathman et al., 2013; Pathman
& Ghetti, 2014; Zelanti & Droit-Volet, 2011). Because it
does not rely on specific time words, such as before, after,
minutes, and seconds, even preschoolers can perform the
tasks, which could enable us to compare various age groups
within the same experimental paradigm in the future.
In Experiment 2, we tested the effect of event structure
on timeline estimation and extended Matthew’s (2013)
results to this novel temporal judgment task. As in the simple
tone distance task (Matthew, 2013), the participants
overestimated the intervals with more sub-events, which
resulted in more distorted mapping between the estimates and
target intervals. This parallel finding suggests that our
timeline task is appropriate for investigating temporal
distance and order judgments.
Another strength of our task is that any ranges of time
or types of stimuli could be given to participants in the
learning phase. As in the current study, clips from
commercial movies with various lengths can be used to test
the participants’ efficiency in temporal judgment. It is also
easy to manipulate either the contents or structure of the
stimuli. Thus, this task could be more realistic than previous
temporal distance perception tasks with simple tones, and it
could be controlled better than other biographical memory
tasks with individual experiences. To sum up, this novel
timeline task would be a valuable tool for many researchers
in uncovering developmental and individual differences in
integrated temporal processing.

1

We thank Tyler Marghetis for informing us of a recent study
that used a similar timeline task with linguistic stimuli (Tillman et
al., 2017).
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Abstract
Communication is a powerful means to disseminate social
information, and gossip is an effective way of obtaining
updated information about others. However, without a
comprehensive
theoretical
framework
of
social
communication, it is difficult to predict a priori when and why
social information will be disseminated. There are general
theories of human social interaction, however, they do not
sufficiently capture the sociocognitive components underlying
human decision-making in social settings. Therefore, we have
developed a model of social communication, enabling the
characterization of specific conditions under which social
information will be spread: for example, when an agent should
directly communicate with the target of the information, gossip
it to others, or simply do nothing. We describe the model, the
methods used to generate model predictions, and then list nine
predictions derived from it as the current results. We next plan
to test the predictions empirically and develop the model
computationally.
Keywords: decision-making; theory of mind; social
neuroscience; multi-agent system; artificial social intelligence

Introduction
People live in a complex, multi-agent world, and as such,
sophisticated social intelligence is needed. Indeed, to make
accurate predictions about others requires having a model of
their minds — their beliefs, goals and intentions — and
humans have evolved the ability to do so. Moreover, proper
long-term social interaction also requires mental accounting
of what you owe to others (from their help) and what others
owe to you (from your help or their hindrance). At the same
time, rich descriptions of all possible agents become
computationally intractable, so our mental models are also
necessarily limited. One strategy, for example, is to maintain
more comprehensive models of those closest to us.
In any case, gathering information about others is crucial
to maintain accurate models of them. Accordingly,
communication is a critical means by which agents share and
update information about each other. In fact, statistical
assessments have found that sharing social information
consumes a significant portion of daily conversation: ~65%
(Dunbar, 2003). Furthermore, an important component of this
social information exchange involves events that were not
seen by others. When we describe events to others about an
absent target, we call it gossip (see Foster, 2004).
Several studies on gossip suggest many reasons for it, such
as social influence, information sharing, cultural learning,
and social bonding (Baumeister, Zhang, & Vohs, 2004;

Beersma & Van Kleef, 2011; Dunbar, 2003; Ellwardt,
Labianca, & Wittek, 2012; Fernandes, Kapoor, &
Karandikar, 2017; Foster, 2004; McAndrew & Milenkovic,
2007; Wu, Balliet, & Van Lange, 2016). Recent evidence also
shows that, at least under some conditions, gossip can be a
more efficient and effective tool than direct punishment for
promoting and maintaining cooperative behavior (Wu,
Balliet, & Van Lange, 2016). However, without a
comprehensive
theoretical
framework
of
social
communication, it is difficult to predict a priori when and
why social information will be disseminated, and whether
gossip will occur.
There are general theoretical frameworks for human social
interaction, most notably social exchange theory (see Foster,
2004). However, current theories do not sufficiently capture
the sociocognitive components underlying human decisionmaking in social settings. Moreover, they are normally not
specified well enough to make accurate a priori predictions
about specific human social interactions, such as whether
someone will actually gossip in a given situation. Therefore,
here we present our model of social communication,
developed to characterize the specific conditions under which
different types of social communication will occur: for
example, when an agent should directly communicate with
the target of the information, gossip to others, or simply do
nothing. The overall goal of our research program is to
produce a comprehensive model of human social
intelligence. To do so, we believe explicit modeling at
multiple levels of analysis is necessary. In particular, a
general, more qualitative theoretical framework should first
be provided to layout the critical causal factors and their
general interactions from a more top-down perspective. From
this theoretical model, important predictions can be derived
to generate hypotheses for further empirical research, which
in turn test the model. After this, computational specification
can occur in a more informed, meaningful, and
understandable way, ultimately contacting neural circuitry.
In the current paper, we describe our top-level theoretical
model and predictions derived from it. In the following
sections we first describe the details of the model, then the
methods used to generate model predictions; we then list nine
predictions derived from it. In ongoing work, we have
recently conducted a behavioral study with human
participants to test the predictions, and are now specifying the
model computationally.
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The General Model of Social Communication
1. Agents
The central problem-solving agent (A1) is the focal agent
of the social communication process in our model: the one
who takes the information input and decides what to do based
on the set of possible actions and expected outcomes. To
avoid the clunky “his/her” we will denote A1 as female.
Receiver (A2) is the agent (or agents) to whom A1 may
transmit information, i.e., communicate with. A2 can be
characterized by their relationship to A1, e.g., closeness
(family, friends to strangers), relative status, and other group
memberships (such classmates, coworkers, colleagues), with
such characteristics influencing A1’s communication
decisions. Once the information transmission from A1 to A2
is completed, A2 then becomes the next central problemsolving agent in a subsequent state, and then must decide
whether to communicate to receivers, and so on.
Target (A3) is also an essential agent in the process. A3 is the
subject of the information that A1 is contemplating. In other
words, A3 is the agent who took the action that caused the
initial state change. What A3 has done, i.e., the details of the
event surrounding A3’s action — which we call event or
scenario — will influence A1’s decision. Moreover, like A2,
A3 can be categorized based on their relationship to A1 (such
as closeness, status, and other group memberships), which
should also influence A1’s decisions.
Information source (A0) is another agent in the system. The
central agent, A1, receives the information about the target
agent, A3, via either direct observation or via another source
— A0 is the other possible source. Thus, the role of A0 is to
pass the information about A3 to A1. A0 can be a person who
has made a decision to spread the information directly to A1;
A0 can also be a person who decided to spread the
information to many unspecified individuals via various
means such as social or mass media, books, or internet
forums. A1 will evaluate the information received from A0
based on reliability and credibility of A0 (i.e.,
trustworthiness); the outcome of this evaluation will
determine whether A1 continues to assess the information.
The role of each actual agent, then, is not fixed. An
individual who is A1 in one state, for example, can become
A0, A2, or A3 in subsequent states. All the agents in the system
have their own goals to achieve, and to approach their goals,
the agents need to have a good understanding of the others
and self. That is, they have to consider what the other agents
in the system are doing in the current state and are going to
do in future states. Because each agent is attempting to move
toward her own goal state, the system is highly complex and
dynamic, which in turn makes it challenging for the agents to
build an accurate mental representation of each other;
therefore, constant updating of information regarding every
agent in the system is necessary. We capture this in the
current model by focusing on the central agent, A1, and her
“mind”, which also includes her models of the other agents’
minds as well as her model of her own mind.

The mind of the agents is thus currently represented in the
model by what we describe for the central agent A1, but
indeed all agents would have the same model architecture for
their mind. And for A1 to take the proper action, she must
consider the minds of the others, which we describe below.
Our general mind architecture is described throughout
sections 2-5, but in general it follows the basic
‘sensation/perception à cognition (including problem
representation and decision-making) à action’ circuit
(Gazzaniga, Ivry, & Mangun, 2013; Glimcher & Fehr, 2014;
Kralik, 2017). Each component of this circuit is influenced
by both (a) longer-term, more stable characteristics, such as
personal background (e.g., family and educational), personal
traits (like personality in general, such as extroversion vs.
introversion), cultural (e.g., individualism vs. collectivism),
political, and sexual identities, social traits (e.g., morality and
prosociality orientation), and longer-term goals and interests;
and (b) more short-term, ephemeral characteristics, such as
current immediate goals and mood. Our focus here, however,
is directed toward the basic sensation-to-action circuit, with
particular emphasis on social cognition.

2. Goals of the Agents
From A1’s perspective, the goals of all the agents in the
system are valuable pieces of information to make the best
decisions. However, the most important goal that directly
drives A1 to choose a specific action is that of A1 herself.
In the model, all agents’ actions are presumed to be in
pursuit of goals, with each agent’s action choice depending
on what they think will provide the best outcome for
themselves in pursuit of their goals. Goal pursuit in a multiagent environment, however, often requires interaction with
others, especially when help (i.e., cooperation) is needed or
conflict arises; and the expected outcomes of these
interactions must be factored in. In our model, we assume that
benefits (or costs) to others ultimately translate to benefits (or
costs) for the actor via what we call social value or social
equity. For example, if agent A1 helps A2 achieve their goal,
the benefit given to A2 should translate into social equity to
A1 for future help when needed. In this way, reciprocal
altruism is achieved (and fairness upheld). Thus, in general,
there are two types of value — nonsocial and social — that
must be taken into account when considering actions in
pursuit of any given goal.
At the same time, the goal itself (being pursued by a given
agent) can be either nonsocial or social. Nonsocial goals are
perhaps more typically studied even in multi-agent systems,
such as cooperating or competing in pursuit of positive
rewards (e.g., money) in game-theoretic scenarios like
Prisoner’s Dilemma. In contrast, social goals may also be
pursued directly, such as attempting to build friendships
(translating in the model to acquiring social equity). Both
nonsocial and social goals have primary and secondary
elements (Gazzaniga, Ivry, & Mangun, 2013; Glimcher &
Fehr, 2014). Primary social goals are more innately specified,
in which we are “wired” to desire them (both regarding
wanting and liking). For social goals, in general, it is a natural
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tendency to seek social interaction, with primary reward
resulting from it (Barak & Feng, 2016). Secondary elements
are based more on learning and strategy.
Focusing more specifically on social information
communication, such instances are often instigated by actions
taken by a target of interest, A3, that A1 comes to know about
and then must determine what to do: e.g., whether to tell A2,
i.e., gossip. This information about A3 normally precipitates
a new problem for A1 to solve. For instance, consider the
scenario of A3 cheating on a final exam. The new problem
posed to A1 may now be one of fairness: i.e., that the resulting
state is now unfair, with the goal being to reestablish it. A1
then must determine the proper course of action: i.e., whether
to confront A3 directly, tell others (i.e., A2), or do nothing. In
future development we elaborate these concepts of problem
solving and goal pursuit to the solving and pursuit of multiple
problems and goals simultaneously.

Context is comprised of two aspects. The first is the main
multi-agent environment that A1 finds herself in, most
notably, that A2 is present. The second includes other specific
factors, such as location (e.g., school, workplace, restaurant,
conference), or the type of information source (e.g., is it a
newsmagazine or a tabloid magazine; is it from a reliable
source or a random internet forum?).

4. Information Processing by A1
Information about the event and context are thus received
by A1 as the input stimuli. A1 then engages in a series of
internal processes to determine what action to take based on
the newly obtained information about A3, which we now
describe and is depicted in Figure 2.

3. Input Information to A1
There are two general types of information input to A1.
An event consists of three main components: target, content,
and valence (see Figure 1). The target specifies A3, the agent
who has become a subject of information by taking an action
in a previous state. Again, A3 can be characterized by various
factors such as closeness to A1 (e.g., a close friend, a casual
acquaintance, a total stranger), and various identities,
typically from A1’s perspective (e.g., a classmate, a colleague,
a family, a celebrity). Content is the actual body of
information that describes the target’s action, and often sets
up a new problem to be solved that in turn requires its own
problem representation (e.g., cheating on exam, with problem
of fairness to rectify). The content also often divulges aspects
of A3 that enables A1 to use in her model of A3’s mind. If A3
cheated, e,g., it likely evokes a concern of selfishness and
lack of empathy. Finally, valence indicates the polarity (i.e.,
positive or negative) of the information.

Figure 1: Two types of information input to A1: Event & Context.
The event includes information related to who did what, and why it
occurred; The context includes additional details such as setting.

Once information is generated by A3 taking an action, A1
receives the information by one of two means: (1) direct
observation or (2) via A0. The information source itself will
influence A1’s decision as well, discussed further below.

Figure 2: Internal information processing of A1 from sensory
input to action selection based on sociocognitive considerations.

4-1. Sensation and Perception: A combination of the two
types of information (i.e., events and context) is detected as
sensory input and then perceptually processed.
4-2. Evaluation of veracity: After sensory and perceptual
processing, higher-level cognition commences (Gazzaniga,
Ivry, & Mangun, 2013). First, A1 must assess whether the
information warrants further processing: most notably
whether the information can be trusted. To accurately
estimate credibility and reliability of the input information,
A1 must access long-term memory (i.e., prior knowledge)
about the source, target, context, and any other details that
may increase the accuracy of the evaluation. If the
information seems reliable, processing continues.
4-3. Representation of current state: Reliable information
that has passed the evaluation process is now ready to be used
for updating A1’s internal model of A3’s mind; A1 must also
assess and update the representation of the current state
consisting of all agents (including self). As described under
“The mind of the agents” section, all agents have their own
problem representations, with each including all agents and
models of their minds; and although these are not depicted
for A2 and A3, they nonetheless are represented by A1 in her
problem representation, which also illustrates the type of
recursion that takes place in human social cognition (see
Figure 2) (Barak & Feng, 2016; Gazzaniga, Ivry, & Mangun,
2013; Glimcher & Fehr, 2014). And because of the
uniqueness of each individual, and the number of events that
take place (including many out-of-sight of subsets of agents),
the effort to maintain accurate models of others is daunting
(likely providing evolutionary selection pressures leading to
human high-level social cognition) (Dunbar, 2003).
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4-4. Decision-making: As discussed, A1, like all agents,
must select actions to reach a given goal, with an action
policy that attempts to maximize expected value. For any
given action, then, A1 needs to estimate the consequences of
all action options and to choose the action expected to return
the best outcome. More specifically, the decision-making
process is divided into two key sequential steps: valuation
and action selection (Figure 2) (Glimcher & Fehr, 2014).
Valuation. In goal-directed decision-making, each action
option is valuated based on its expected outcome, with A1
attempting to maximize value by reaching the current goal
state efficiently. However, to determine this, A1 must also
consider what the other agents are expected to do, prior to,
simultaneously with, and after A1’s action. Regarding
possible prior or simultaneous actions, game-theoretic
strategies can be undertaken to first determine the others’
possible actions, and to then valuate (and select) one’s own
based on these expectations (Glimcher & Fehr, 2014). For the
current paper, A1 does not expect the others to take further
action prior to A1, and so she must only consider what they
are expected to do subsequent to her action.
Currently, there are three possible options A1 can take
involving the social information about A3 (i.e., the target): (1)
A1 talks directly to A3 about the information; (2) A1 tells
others (A2) about A3; or (3) A1 does nothing with the
information. We consider each action option in turn.
Direct communication. With no intermediary agents
between A1 and A3, direct communication with A3 has both
pros and cons. Potential advantages include (a) an
opportunity for A1 to confirm the veracity of the information
with the target directly (assuming honesty); (b) the ability for
A1 to obtain more circumstantial event details, including A3’s
action intent or stance on the event; and (c) a higher
likelihood of influencing A3 (vs. relying on others via indirect
communication), giving A3 an opportunity to correct matters
without the possible repercussions via spread (and potential
amplifications and distortions) across the social network.
Disadvantages of direct communication include the risk of
A1 being wrong about the information and hurting A3’s
feelings (i.e., decreasing social equity with A3 and perhaps
others based on A3’s future actions). Even if the information
is true, and particularly with negative information, direct
criticism is often considered harsh, rude, or offensive,
potentially leading to repercussions for A1 by both A3 and
others if the information spreads (via A3 or other witnesses).
To minimize such risks, humans have evolved the ability for
indirect communication (Dunbar, 2003; Foster, 2004).
Indirect communication: Gossip. Alternatively, A1 may
choose to tell other agents (i.e., A2) about the information in
A3’s absence. That is, A1 can instigate gossip with others. We
note three major advantages of gossiping. First, it can lower
the risk of confrontation, threat, and retaliation from A3,
while at the same time affecting A3’s behavior via social
influence, and in particular, via reputation (Wu, Balliet, &
Van Lange, 2016). Second, it informs others (A2) so that they
can update their world models (and thus increase their

accuracy), which can enable A2 to either (a) avoid A3, (b) help
rectify the problem produced by A3’s actions, such as righting
injustices (e.g., if A3 were found cheating on exam), or even
(c) rectify A2’s own behavior via social comparison and selfevaluation (e.g., to help see why certain actions are wrong or
others to emulate). And again, these benefits to A2 are
expected to return value to A1 via social equity (for the future).
Third, informing A2 may in fact enable A1 to obtain more
information about A3, to help decipher the information about
A3 (e.g., with respect to cultural norms, mores, rules, and
laws), and determine whether something should be done
about it — that is, A1 can seek others for advice and
consultation. Indeed, this interaction with A2 can also help A1
improve the accuracy of her own world model.
Despite the many advantages to gossiping, there are indeed
risks. For example, if the information is negative in valence
(like catching them cheating or shoplifting), there could be a
threat of retaliation against A1 for damaging A3’s reputation.
Moreover, gossip generally has a bad reputation in and of
itself. Thus, A1 could in fact become a notorious gossiper,
known to “talk behind peoples’ backs”; as a result, social
equity of A1 could significantly drop. Therefore,
sophisticated estimation and prediction of all possible
outcomes must be attempted, but of course cannot be fully
achieved. For example, how many steps into the future (and
number of behaving agents) that can be simulated is
necessarily limited. Such factors show how challenging it is
to make good decisions in our multi-agent world (and how
modeling is necessary as scientists to better understand the
multiple factors and their interactions).
Do nothing. The last option is for A1 to do nothing, and this
choice can be strategic as well. Since the other options (i.e.,
direct and indirect communication) may both entail
significantly high risks of yielding a net negative outcome,
keeping the information private may be the safest option. It
is also possible that the information is not significant enough
in the current state to instigate communication, but yet may
be so in the future, given that the system is constantly
updating and modifying. At some point when the stored
information becomes useful, A1 can retrieve it (from longterm memory) and repeat the decision-making process again
to decide whether or not to use it.
Action selection. After the valuation process, A1 will have
calculated the expected outcomes of all action options: to
confront A3 directly, do nothing, or tell A2 — i.e., to gossip.
At this stage, then, A1 determines which action to select based
on their relative valuations.

5. Take Action, Face Outcome, and Learn
Next, A1 actually executes the action chosen. If A1 chooses
to tell others about the information, the receiver A2 comes
into play, adding more complexity to the system (see Figure
3). That is, there will be consequences after taking the action
that now depend on A2. A1 thus needs to monitor the actual
outcome, assess it, and compare it to the expected outcome.
The outcome may be close enough to expectation, moving A1
closer to her goal; yet it is also possible that the outcome does
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not match expectation, and may move A1 away from the goal.
Either way, learning with take place based on the difference
between the actual and expected values (i.e., the error signal).
Finally, A1 adjusts the valuations and representations
accordingly, leading A1 to a (hopefully) better internal
understanding of the system and better future decisions
(Glimcher & Fehr, 2014).

Methods
The complete model is shown in Figure 4, with implicated
brain regions for each main processing step (Barak & Feng,
2016; Gazzaniga, Ivry, & Mangun, 2013; Glimcher & Fehr,
2014; Lee, 2008). To examine the model, we considered
multiple scenarios in which a target individual A3 engages in
some activity, A1 hears about it, and we asked whether the
model would predict relatively more or less gossip
spreading—i.e., would A1 tell A2 about A3? In each scenario,
we manipulated target identity, content, and content valence.
For target identity, we compared ingroup members to
outgroup members and celebrities. Celebrities are an
interesting comparison group because they not only are
farther removed from the gossiper in terms of relationship
closeness (but closer than outgroup, at least in terms of a oneway interaction), they are important for other reasons as well,
and in particular, based on their higher status. In short, gossip
spreading
rates
in
the
pattern
of
“ingroup>celebrities>outgroup” would provide evidence for
the importance of relationship closeness, and patterns of
“celebrities>ingroup>outgroup” would provide evidence for
social status. For content, we compared eight different
content-domain dimensions: (1-5) the five well-established
dimensions of morality (care/harm, fairness/cheating,
loyalty/betrayal, authority/subversion, sanctity/degradation)
(Haidt, 2007), as well as three other important forms of
sociality, (6) altruism/selfishness, (7) competition (positive
and negative versions), and (8) general social affairs, with the
latter representing more mundane social activities (e.g.,
Person X went to the movies). For content valence, we
included positive acts (e.g., Person Y assisted an elderly
person) versus negative ones (e.g., Person Z shoplifted).

upon hearing information about what A3 had done, with the
scenarios about A3 varying based on target identity (ingroup,
celebrity, or outgroup), scenario content, and content valence
(positive or negative). We present the general findings as a
series of nine predictions about gossiping behavior: two for
target identity, four for content valence, and three for scenario
content.
For target identity, even though celebrities may appear to
garner outsized attention, those people closest to us are
expected to have the largest net effect on our lives in terms of
actual outcome value, and thus information about them
particularly matters. Thus the model’s first prediction is:
Prediction 1: Based on relationship type, more gossiping should
be spread about ingroup compared to outgroup, and in some cases
ingroup over celebrities as well.

Although limited thus far in number, studies support this
first prediction (Foster, 2004). In a study about workplace
gossip, for example, gossip about ingroup members was
spread and shared more than the gossip about outgroup
members (Ellwardt, Labianca, & Wittek, 2012).
And yet because status relates to issues of fairness, equality,
and hierarchical relationships, it is important to us. The model
therefore suggests that scenarios involving these content
domains will generate more celebrity-based gossip,
especially when their behavior does not justify their higher
standing. Thus:
Prediction 2: Status effects should occur whereby certain types of
scenarios should generate more gossiping about celebrities as
compared to the other groups.

Currently, there is evidence that status influences gossiping
behavior (Foster, 2004), although examination across a wider
range of content domains is needed.
For scenario valence, not only does popular sentiment
suspect heightened gossiping of negative events, there also is
substantial evidence for it, whereas the evidence for
gossiping about positive scenarios is much more limited
(Baumeister, Zhang, & Vohs, 2004; Beersma & Van Kleef,
2011; Dunbar, 2003; Ellwardt, Labianca, & Wittek, 2012;
Fernandes, Kapoor, & Karandikar, 2017; Foster, 2004;
McAndrew & Milenkovic, 2007; Wu, Balliet, & Van Lange,
2016). Yet if we assume the gossiper is ultimately attempting
to maximize her own value (whether consciously or not),
positive scenarios should in principle be comparable to
negative ones. We thus predict that when provided with a
more comprehensive set of scenarios, as in our case:
Prediction 3: Positive scenarios will show gossip spreading rates
more comparable to negative ones (with in fact cases where positive
ones spread even more than their negative counterparts).

More specifically, though, for positively valenced
scenarios to ultimately benefit the gossiper, this positive light
shed by the gossiper on the target should reflect on the
gossiper as well — i.e., the gossiper should benefit from the
positivity. Thus, we further predict the following:

Figure 3: Final stages of social communication: A1 takes an action
that produces an outcome, inevitably leading to some expectation
error used for subsequent learning. In determining whether to tell
others, A1 must consider how receiver A2 will respond.

Prediction 4: Greater spreading of positively valenced scenarios
should occur with ingroup targets.

Results & Discussion
The results we obtained are predictions from the model
derived by considering whether the central agent A1 would
gossip information to receiver A2 about the absent target A3

For negative scenarios, in contrast, one may suspect that
higher status people (i.e., celebrities) would be greater targets
of negativity due either to holding celebrities to higher
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Figure 4: The complete model of social information communication. Brain region abbreviations: fusiform gyrus (FG), posterior superior temporal sulcus
(pSTS), medial prefrontal cortex (MPFC), temporoparietal junction (TPJ), amygdala (AMG), insula, right temporal lobe (rTL), interparietal sulcus (IPS),
anterior paracingulate cortex (aPCC), medial precuneus (med. precuneus), anterior insula (ant. insula), anterior cingulate cortex (ACC), orbitofrontal cortex
(OFC), ventral premotor cortex (vPMC), dorsolateral prefrontal cortex (dlPFC), posterior parietal cortex (PPC), posterior superior temporal cortex (pSTC),
caudate nucleus (CD), ventral striatum (VS), mesolimbic dopamine (DA) system, ventral tegmental area (VTA), premotor cortex (PMC), basal ganglia (BG).

standards to justify their position and/or attempting to raise
one’s relative position by lowering theirs (at least within the
gossiper’s community), and our model also predicts the same:

value: e.g., if needed to maintain accurate models of those
whose behavior requires high predictability. Such
considerations lead to our final hypothesis:

Prediction 5: There should be greater spreading of negativity
about celebrities.

Prediction 9: Basic social affairs should in some cases generate
higher spreading rates for ingroup targets, in order to maintain
accurate detailed knowledge about them.

Although again limited, there is evidence consistent with
Predictions 4 & 5 (Foster, 2004): e.g., one study found that
people spread positive information about allies and negative
information about potential enemies, including strangers and
those with high status (McAndrew & Milenkovic, 2002).
At the same time, the model highlights the potential
ramifications of spreading negative scenarios about those in
position to retaliate, and thus the following is also predicted:
Prediction 6: Negativity should be reduced for ingroup targets.

Although studies have found evidence pertaining to
Predictions 4-6, our model shows how specific factors will
need to be isolated to clarify the true nature of the current
findings: for example, whether higher positive spreading for
ingroup is due to heightened positivity or lowered negativity
(and vice versa for celebrities). Studies have yet to tease apart
these factors sufficiently.
For scenario content, it is clear that more impactful events
should be expected to generate more gossip, and thus:
Prediction 7: Dimensions related to morality are predicted to
generate the most gossip, especially those involving more egregious
threats, like harm and cheating.

Multiple studies have indeed found evidence for moral
underpinnings of gossip (Fernandes, Kapoor, & Karandikar,
2017; Foster, 2004), although they have thus far focused
narrowly on one or a few moral dimensions (e.g., fairness).
Our predictions provide hypotheses for more comprehensive
empirical studies, which we are currently undertaking.
Indeed, although the moral dimensions are generally
expected to generate more gossip than others, we also predict:
Prediction 8: Differences should be found among the morality
domains themselves.

Finally, when assessing impact (for value maximizing), a
more complete sociocognitive perspective shows that even
more nondescript events could in principle provide high

In other words, we predict that context matters, also
attesting to the importance of developing a comprehensive
model of social interaction and communication to identify
and specify potentially important context effects.
Along with our current empirical studies to test the model
predictions, we are also developing the model
computationally to specify the causal factors and interactions
underlying the communication of social information at the
next level of analysis, with the ultimate goal of providing a
comprehensive understanding of human social intelligence.
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Abstract
In function learning experiments, where participants learn
relationships from sequentially-presented examples, people
show a strong tacit expectation that most relationships are linear, and struggle to learn and extrapolate from non-linear relationships. In contrast, experiments with similar tasks where
data are presented simultaneously – typically using scatter
plots – have shown that human learners can discover and extrapolate from complex non-linear trends. Do people have different expectations in these task types, or can the results be
attributed to effects of memory and data availability? In a direct comparison of both paradigms, we found that differences
between task types can be attributed to data availability. We
show that a simple memory-limited Bayesian model is consistent with human extrapolations for linear data for both high
and low data availability. However, our model underestimates
the participants’ ability to infer non-monotonic functions, especially when data is sparse. This suggest that people track
higher-order properties of functions when learning and generalizing. Keywords: function learning, function estimation,
resource rationality

Introduction
Many everyday situations require us to make predictions with
very limited information. Consider a situation in which you
are in a holiday flat and want to use the heater. You haven’t
used it before but you will have a general idea of how long it
will take to heat up. Furthermore, it is natural to assume the
relationship between setting and resulting changes in temperature – the temperature should change in continuous fashion
and increase until it reaches the selected temperature. In addition, given few, seemingly unrelated bits of information, like
for example the state of other appliances, you can generalize
and update your beliefs.
Forming generalizations requires acquiring a representation of how known features relate to unknown targets and
contrasting this relation with potential alternatives. Humans
exhibit a remarkable ability to perform these generalizations
and much research in the cognitive sciences and artificial intelligence has centered on understanding or reproducing these
phenomena. One of the most prominent fields of generalization research, categorization, has focused on situations where
the known characteristics are assumed features of some entity and the target is the category of the entity (a categorical label). Function learning takes a more general perspective on the generalization target and allows for continuous
values. Both categorization and function learning research
share fundamental questions about how humans acquire productive representations of these relationships and what sort
of representations allow generalization. For instance, what
kind of relationships can humans learn and generalize from,
and how are extrapolations reflective of particular human biases? In function learning experiments, where experimental

participants learn relationships from sequentially-presented
points, people show a strong bias toward inferring linear functions (Brehmer, 1976; DeLosh, Busemeyer, & McDaniel,
1997; Kalish, Lewandowsky, & Kruschke, 2004). They learn
linear relationships more quickly (Brehmer, 1974; Byun,
1995) and have difficulty making non-linear and especially
non-monotonic extrapolations (Brehmer et al., 1985; Byun,
1995; Bott & Heit, 2004; Kalish, 2013). This has led to the
development of models that attach a special representational
status to linear relationships (DeLosh et al., 1997; Kalish et
al., 2004), or assume that people have a strong inductive bias
favoring linearity (Brehmer et al., 1985). In contrast, when
data are presented simultaneously, usually as scatter plots
(which we will call function estimation tasks) human learners can discover and extrapolate from complex non-linear
trends (Wilson et al., 2015; Schulz et al., 2017; Lucas et al.,
2015; Little & Shiffrin, 2009). How do we reconcile these
experimental results?
One possibility is that people respond to these presentation modes in different ways, for reasons that may be perceptual, cognitively innate, or experience-dependent. An alternative possibility is that the same inductive biases and cognitive
processes support both function learning and function estimation, and differences between these tasks can be attributed to
differences in their memory demands.
In function learning experiments participants have to maintain learned data in memory and update and evaluate the appropriateness of a representation against alternatives, whereas
function estimation allows an effortless recall of the data. We
hypothesize that, due to these differences, many participants
in function learning tasks only maintain sparse representations of the data. Given that only a subset of the data is maintained, extrapolations will resemble inductive biases in the
absence of data. In contrast, having all data visually available, as in function estimation, allows to counteract inductive
biases and facilitates extrapolations resembling richer functions.

Experiment
We set up an experiment to contrast extrapolations in function
learning and function estimation. To distinguish the contribution of presentation from memory requirements imposed by
the experiment, we introduced a new experimental condition
that shared presentational-, but not memory-related characteristics with function estimation. In this new condition data was
presented as scatter plots, but data points disappeared from
display immediately after submission. Since the condition
exhibits similar characteristics to classical function learning
tasks we predicted that extrapolations should more closely re-
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semble function learning conditions, as participants will have
to rely on recollection of the presented data for their extrapolations. We will refer to the scatter plot condition presenting the full data as Scatter+ and the new condition as Scatterthroughout this paper. We will refer to the traditional function
learning conditions as Bar.

Participants

the selected value was not inside the margin the message indicated an unsuccessful submission. Then the selected value
was removed and participants had to resubmit. After erroneous submissions the true y was displayed as a red bar (Bar)
or a red dot (Scatter+ , Scatter- ). Participants had to resubmit
values until a admissible y was chosen. Participants received
40 points in total during the training block.

We recruited 322 participants via Amazon’s Mechanical Turk
service. Participants received 0.4$ for participation and took
an average of 8 minutes to complete the experiment. Participants were randomly assigned to one of the 9 conditions {flin ,
fx2 , fcos } × {Scatter+ , Scatter- , Bar }, as described below.

Linear

Quadratic

Periodic

Material

Procedure
Participants were instructed that they would be presented with
data and that given their understanding of the relationship
in the data they had to predict new values. Then participants proceeded to a block of training trials (the training
block), which provided participants with feedback about the
true function.
Training Block In the Scatter+ and Scatter- conditions the
current test value (x) was marked with a red line spanning the
whole vertical range. Participants were prompted to select a
y value by clicking on the line. Once selected, the input value
was highlighted with a blue point. Selected points could be
updated by reselecting a y value. The selected values were
submitted by pressing the space key. In the Bar condition
current x values were presented as the width of a bar on the
left of the screen and participants selected values by selecting the height of a bar on the right. As in the Scatter+ and
Scatter- conditions, participants could readjust these values.
In all conditions x values were presented sequentially in ascending order. If the selected y value was within the error
margin (±0.05 of the true y), the true value was shown for
600ms in red. Afterwards, a message indicated that the choice
was correct and the remaining number of trials was shown. If
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(a) Three functions generated the underlying data: flin = 0.7x + 0.2,
fx2 = 0.7x2 + 0.18, fcos = −0.3 cos(5πx) + 0.5 (after normalization
and rescaling).

Bar

Scatter-

(b) Procedure for Bar,

Scatter-

Scatter+

Tra
in

The data presented in the experiment was generated by one of
three functions: linear (flin ), quadratic (fx2 ) or periodic (fcos ).
These functions and their parametrization were designed such
as to allow for informative error patterns resulting from human inductive biases. Since previous research reported strong
biases for linear functions with 0 intercept and 11 slope (we
will refer to this function as f (x) = x), we selected a shallower positive slope. The quadratic function was relatively
flat in the training block to test if participants would revert
to linearity or choose non-linear alternatives. Finally, a periodic function, was used to evaluate if participants were able
to extrapolate in non-monotonic fashion. To allow space for
extrapolation beyond the function ranges we normalized the
data to span (0, 1) in both x, y and then rescaled and centered
such as to span 21 of the y-axis. For the full set of materials
after transformation, see Figure 1a.

and Scatter+ conditions.

Figure 1: Participants were randomly assigned to one of the 9
experimental conditions. All participants performed a training block consisting of 40 value pairs with feedback followed
by a test block of 40 extrapolations without feedback.
Test Block The test block followed the same procedure as
the training block, but no feedback was provided. After submitting 40 values in the test block, participants concluded the
experiment by submitting an optional short survey. For the
full procedure see Figure 1b.

Results
Functions and Presentation Form
Consistent with previous findings, mean absolute error
(MAE) in the test block was largest for fcos , MAE = 0.24,
SD = 0.1, n = 108. Errors for fx2 and flin were small, with flin
exhibiting the smallest error, MAEx2 = 0.14, SDx2 = 0.09, nx2
= 106, MAElin(x) = 0.11, SDlin(x) = 0.1, nlin(x) = 108.
The errors in the presentation conditions were compatible
with our hypothesis, with Scatter+ lowest, MAE = 0.1, SD
= 0.1, n = 106 and Scatter- and Bar at similar, higher levels,
MAEBar = 0.19, SDBar = 0.12, nBar = 110, MAEScatter- = 0.19,
SDScatter- = 0.11, nScatter- = 106. For all errors in the subgroups
of function and presentation conditions see Figure 2.

Data Availability and Presentation
To assess the effect of data availability (DA, a binary variable denoting if the condition was Scatter+ , or either Scatter-
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TestError

0.4

ences explainable in terms of condition-independent biases?
In the final section we will explore how differences in availability, imposed by our experimental design reflect in the participants extrapolations. To analyze these extrapolations we
compared human extrapolations to two Bayesian models, one
exhibiting low available data and one considering all available data.

Linear
Quadratic
Periodic

0.3
0.2
0.1

Modeling Function Extrapolations

0.0

The computational problem faced in extrapolation tasks consists in determining new values yn+1 for test values xn+1 , conditional on previously learned xn , yn and a prior belief p( f )
over possible functions. We will adopt a Gaussian process
perspective on regression, an approach that has been applied
successfully in previous function learning research (Lucas et
al., 2015; Schulz et al., 2017).
A Gaussian process specifies a distribution over functions
f (x) ∼ GP(µ, k), where µ(x) = E[ f (x)] and k is the covariance
kernel k(x, x0 ) = cov( f (x), f (x0 )). The kernel specifies how
much values of x0 depend on the other values x and specifies
a similarity measure over x. We assume that two sets of priors
can capture participant extrapolations in our study — a prior
over kernel types describing the space of possible functions
fi ∼ F , and a prior for individual kernel parameters θ fi .

Scatter−

Scatter+

Bar

Figure 2: In all presentation conditions participants exhibited
the lowest errors for linear, followed by quadratic and periodic functions. Boxplots display first, second (median) and
third quartiles. Whiskers show the ±1.5 interquartile range
(IQR). Each point represents the MAE of one participant.
or Bar) and function (flin , fx2 , fcos ) on errors, while controlling for the effect of presentation (Scatter denoting if
the presentation condition was either Scatter+ or Scatter- , or
Bar), we fitted a generalized linear model (GLM): YMAE ∼
β0 + β f ∗ (βScatter + βDA ). The GLM was specified as a Gaussian with identity link function and allowed for interactions
between Scatter and function as well as DA and function.
Table 1: Results of the GLM model assessing if function type
(flin , fx2 , fcos ), presentation (Scatter), or data availability (DA)
were predictive of MAE in the test block. The fcos condition
had a significant positive effect on MAE. In addition, having
all data available (DA, corresponding to condition Scatter+ )
had a significant, small negative effect.
β
β0
0.13
fcos(x)
0.15
f x2
0.02
Scatter
β < 0.01
DA
−0.08
Scatter fcos(x) −0.03
Scatter fx2
0.02
DA fcos(x)
−0.01
DA. fx2
β < 0.01

SE
0.02
0.02
0.02
0.02
0.02
0.03
0.03
0.03
0.03

z
P > |z|
95%CI
8.78 p < 0.001
0.1, 0.16
7.28 p < 0.001
0.11, 0.2
0.75
0.45
−0.03, 0.06
0.22
0.82
−0.04, 0.05
−3.75 p < 0.001 −0.13, −0.04
−1.02
0.3
−0.01, 0.03
0.75
0.46
−0.04, 0.08
−0.24
0.8
−0.07, 0.05
0.04
0.97
−0.06, 0.06

Human Function Priors
To specify a plausible prior over functions F we closely followed Lucas et al. (2015). We used the same prior probabilities for functions F , favoring f (x) = x (Linear+ ) over
negative linear functions (Linear− ), and linear functions over
other monotonic functions (RBF, the radial basis function
kernel). Since our experiment included periodic data that we
did not want to exclude a priori, we added a periodic kernel (Periodic) with good coverage over the range of x, y. We
chose a low prior weight for the periodic to account for the
difficulty in learning non-monotonic functions (Bott & Heit,
2004; Kalish, 2013). For a full list of parameter priors θ, see
Table 2, for samples of the prior functions, see Figure 4.
With the priors F and θ we can express the task faced by
our participants in general terms:
p(yn+1 |xn+1 xn , yn , f ) =

In concordance with previous findings, fcos had a significant positive effect on error. As expected by our hypothesis,
data availability (DA) had a significant small effect on error,
but presentation (Scatter) was not significant. No other main
effect and none of the interaction terms had a significant effect. For the full GLM results, see Table 1. For all extrapolations performed by the participants, see Figure 3.

Learning a Function or Minimizing Error
The results are consistent with our hypothesis that differences
in errors are attributable to differences in data availability.
However, a stronger test of our hypothesis lies in the patterns
of extrapolations that people make. Do these patterns differ
systematically between presentation conditions, or are differ-

Z
f

p(yn+1 |xn+1 , y, f )p( f |x, y)d f

(1)
Given appropriate priors and Equation 1 a variety of human
inductive biases can be accounted for, from strong biases for
f (x) = x, to results in iterated learning experiments (Lucas et
al., 2015).
However, this model assumes that all previously encountered data, x, y, are equally available and inform posterior inference. In some function learning experiments, where participants repeat training until they achieve a very low error
rate, these assumptions may be appropriate. In other contexts, including many sequential function learning problems
in the natural world, it is less plausible.
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Figure 3: All participant extrapolations (gray lines) in the 9 experimental conditions. Submissions within the admissible error
for the training block are displayed on the left-hand side of the dotted vertical line. Extrapolations for the test block are
displayed on the right-hand side. Function conditions are presented by column, presentation conditions by row. As background
color the posterior densities of the models described in the model section, darker colors correspond to higher posterior density.
According to our hypothesis, participants in the Scatter+ condition kept a full representation of the training data available,
corresponding to the full model (top row). In the two bottom rows the model density is conditional on only the last 5 training
points, corresponding to our sparse model.

Modeling Data Availability
We contrasted the predictions of a model trained on the full
dataset (the 40 training points) with a model that had only
a sparse set of data available. As a first approximation of
the effect of data availability we assumed that only the last

k = 5 points in the training block were available in the Bar
and Scatter- conditions. While the amount of data underlying
participants’ extrapolations might differ systematically, our
analysis is not particularly sensitive to the size of the subset.
In general, larger subsets will emphasize the training data,
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1

Figure 4: Four samples for each of the functions constituting
F . F consisted of a linear kernel biased towards f (x) = x, a
negative linear, a quadratic, a periodic and a RBF kernel. All
kernels had additional intercept terms. The distribution over
functions F was chosen to closely match Lucas et al. (2015)
and was proportional to 8, 1, 0.1, 0.01, 0.01.
Table 2: Priors used to specify the two models. All models
had a fixed noise variance of 0.0025, that matched the admissible error in the test set. The lengthscale of the RBF kernel
was θl , while θπ specified the period of the periodic kernel.
The curvature of the quadratic kernel was specified by θc .
σ2
Exp( 16 )
Linear− Exp( 61 )
Quadratic Exp( 61 )
Periodic Exp( 61 )
RBF
Exp( 16 )
Linear+

Model Results
Both sparse and full models captured the strong inductive biases for positive linear functions. Furthermore, our sparse
model predicted the strong inductive bias for f (x) = x in
Scatter- and Bar conditions, aligning well with the participants’ data (see Figure 3).
For fx2 both full and sparse models reflected the strong
prior for positive linearity. As a result the full model did not
capture the extrapolations of participants in Scatter+ . While
the model extrapolated in linear fashion from the available
data, participants performed steeper, quadratic-like extrapo-

0.0

Figure 5: The inferred posterior function probability for each
function condition for both sparse (5 points) and full (40)
models. The full model assigned high probability to the
true underlying function for linear and periodic data. For
quadratic data it favored linear functions, reflecting the prior
and the seemingly linear training data. The sparse model generally reflected the prior.
Linear

Intercept Slope
θc
θl
θπ
1
N(0, 12 ) N(1, 10
)
–
–
–
1
N(1, 12 ) N(-1, 10
)
–
–
–
N( 12 , 1) N(0, 1) N(0, 2)
–
–
N( 12 , 1)
–
–
N(1, 14 ) N( 12 , 14 )
N( 12 , 1)
–
–
N(1, 14 )
–

while smaller sets will result in posteriors emphasizing prior
inductive biases, since the likelihood of the data plays a diminished role. For the posterior probability for functions for
both models see Figure 5.
We compared both models in terms of their ability to account for characteristic biases in human function learning as
well as differences between the extrapolations for Scatter- and
Bar and Scatter- . To evaluate our models, we classified participants’ extrapolations in the test block as either belonging to
full or sparse experimental conditions according to the likelihood of the models (trained on the training block). Then
we contrasted this classification with the true experimental
condition. For confusion matrices for this classification procedure see Figure 6. For examples of the classified extrapolations see Figure 7.
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Periodic
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0.77

0.94

0.06
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0.62
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0.73

0.78

0.22

full

sparse

full

sparse

full

sparse
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Figure 6: We contrasted our classification with the true experimental conditions. Our classification captured the effect
of data availability for flin . However, it exhibited systematic
misclassification for fx2 and fcos . In fx2 we were able to classify participants as belonging to Scatter- or Bar, but failed to
recognize Scatter+ . In fcos our procedure misclassified participants in the sparse conditions, but captured extrapolations in
the Scatter+ condition.
lations (see Figure 3). The sparse model was more predictive
of the participants extrapolations in Scatter- conditions, extrapolating in steep linear fashion. For fcos the sparse model
did not capture the participants extrapolations well (see Figure 6). While the model did favor positive linearity and
extrapolated accordingly, many participants exhibited nonmonotonic, high variance extrapolations (see Figure 3). In
contrast, the full model captured the highly periodic extrapolations in the Scatter+ condition and closely resembled human
extrapolations.

Discussion
We hypothesized that differences between function learning
and function estimation experiments can be attributed to participants having direct access to all data points in the latter.
More precisely, we sought to test the idea that the same inductive biases are at work in both settings, but that the reduced access to data in function learning designs causes these
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Linear Data

Periodic Data

Quadratic Data

1.0

allows us to characterize these interrelations more precisely
and can highlight general similarities between fields like categorization and function learning (Lucas et al., 2015; Jäkel,
Schölkopf, & Wichmann, 2008).
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References
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Figure 7: Five extrapolations with the highest categorization
scores in each function condition. We categorized participants’ extrapolations by contrasting the likelihood of our full
and sparse models.
biases to play a stronger role in shaping participants’ extrapolations. As we anticipated, participants’ behavior in both
Scatter- and Bar was almost indistinguishable, demonstrating the same qualitative patterns, which were clearly different
from those in the Scatter+ conditions.
However, we found mixed support for the more detailed
hypotheses reflected in our Bayesian model. Behavior in all
linear function conditions was as we predicted, with participants in Scatter- and Bar conditions tending to extrapolate according to the f (x) = x function that past research has shown
in favored a priori, rather than the true function.
In the quadratic conditions, our model captured participants’ behavior in the Scatter- , but not in Scatter- and Bar
conditions, where participants were more likely than the
model to infer a non-linear relationship. There are many possible explanations, one of which is that our simplistic assumptions about participants’ memory failed to capture the loss of
precision in the locations of points.
Perhaps the most interesting deviation between the model’s
predictions and participants’ judgments is in the fcos conditions. Contra the model’s predictions – as well as our expectations – individual participants were quick to infer nonmonotonic functions even in the Scatter- and Bar conditions.
This also admits several explanations, but one intriguing possibility is that people are better at tracking high-level, qualitative properties of functional relationships than the details of
those relationships’ parameterizations.
If higher-level properties allow for non-monotonic extrapolations, how do humans acquire these representations and in
which situations do they prove beneficial? One could make an
argument for cognitive economy – coarse-grained representations and extrapolations might serve a learner’s goals well
enough, while maintaining detailed task-specific representations is an intractable or sub-optimal policy for a resourcelimited agent. We are currently exploring the relevance of
resource-efficient non-parametric models to human behavior
in these tasks, where representational complexity scales with
an agent’s goals and the complexity of the task (for a related result in categorization, see Fischer and Holt (2017)).
Adding a computational-level perspective to these questions
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Abstract
The mind adeptly registers statistical regularities in
experience, often incidentally. We use a visual statistical
learning paradigm to study incidental learning of predictive
relations among animated events. We ask what kinds of
statistics participants automatically compute, even when
tracking such statistics is task-irrelevant and largely implicit.
We find that participants are sensitive to a quantity governing
associative learning, DP, independently of conditional
probabilities and chunk frequencies, as previously considered.
DP specifically reflects the uniqueness, as well as strength, of
conditional probabilities; we find that uniqueness is equally
affected by a single strong alternative predictor as by several
weak predictors. Performance is well captured with an
adapted version of the Rescorla-Wagner delta learning rule
(Rescorla & Wagner, 1972). We conclude that incidental
predictive learning is governed by considerations of
uniqueness, and that this is computed by normalizing
conditional probabilities by events’ base-rates. This opens the
possibility of common mechanisms between statistical
learning, associative learning, and causal inference.
Keywords: statistical learning; associative learning

Introduction
Our minds adeptly register stable patterns in experience. For
example, we spontaneously encode the predictive relations
among sequentially presented stimuli (Saffran, Aslin, &
Newport, 1996; Turk-Browne, Jungé, & Scholl, 2005). This
phenomenon, statistical learning, takes place without
conscious effort, feedback, or reward. It suggests the
existence of a learning mechanism operating in the
background of our minds to produce mental models of our
world. Two major questions are just how inferentially
complex this mechanism might be, and what are its relations
to other learning phenomena.
The literature on causal reasoning, contingency learning,
and classical conditioning (for a review: Mitchell, De
Houwer, & Lovibond, 2009) universally describes a core
phenomenon of some inferential complexity: learners do
more than register that two stimuli co-occur, but also
compute whether they predict each other uniquely and
independently, as if attempting to determine a causal model.
Suppose two events A and B coincide, such that after most
occurrences of A, B occurs. However, B also occurs without
A at a very high rate. One would not represent a strong link
between A and B in this case. This consideration is captured
by a foundational learning formula, DP (Allan, 1980;
Rescorla & Wagner, 1972; Shanks, 1985):

This equation states that learning is a product of both how
often B follows A, as well as how often it appears without
it. This consideration is at the core of the Rescorla-Wagner
learning rule, which accounts for phenomena concerning
uniqueness in classical conditioning and contingency
learning, termed cue selection or blocking effects (Kamin,
1968; Rescorla & Wagner, 1972; Shanks, 1985). After
learning that stimulus B coincides with an outcome (B+),
learning that both A and B yield an outcome (AB+) leads to
weak associative strength between A and the outcome; this
less the case than if participants saw only AB+ trials. Thus,
judgments about the predictive importance of A are affected
by whether a different stimulus is also predictive. That is,
learners care about the unique predictiveness of stimuli.
Surprisingly, whether participants’ learning follows this
uniqueness principle in statistical learning tasks has not
been tested (c.f., Sobel & Kirkham, 2006, 2007). The
extension is not trivial because statistical learning tasks
differ substantially from those of causal reasoning and
classical conditioning. There are two important differences.
The first is that in statistical learning of temporal relations,
stimuli typically appear one by one, and do not appear in
compounds like in classical blocking paradigms. The
uniqueness of a prediction from A to X would thus depend
on whether X follows stimuli other than A (e.g., B) on
separate trials. While different in form, this still captures the
deeper principle behind cue selection or blocking: that
causes should increase the probability of their effects above
and beyond what one might expect otherwise. However, the
influence of such BX trials on AX representations would
require a more sophisticated computation than the RescorlaWagner model in standard form (Kruschke, 2008) for
reasons we discuss in depth later, and furthermore, may not
occur as robustly as classic blocking.
A second difference is that learning in statistical learning
tasks is largely incidental. In associative and causal tasks,
the goal to predict the relevant outcomes is strongly
incentivized by task instructions or the inherent value of
stimuli (shocks or rewards). By contrast, in statistical
learning paradigms, participants passively observe streams
of events, with no strategic advantage or instruction to
identify predictive relations. The number of stimuli, and
their rapid, continuous presentation, prevents explicit
tracking of their rates of co-occurrences. Learning thus takes
place incidentally, with contents typically unavailable for
conscious report (Brady & Oliva, 2008; Kim, Seitz,
Feenstra, & Shams, 2009). This is unlike all causal
reasoning experiments and many conditioning experiments
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(Mitchell et al., 2009). But while the learning situations
differ, principles of learning may be preserved (Sobel &
Kirkham, 2007).
In Experiment 1, we demonstrate that statistical learning
is subject to considerations of uniqueness: that learning
reflects not just the conditional probability relating two
events, a cause and an effect, but whether that relation is
unique. Experiment 2 suggests that non-uniqueness can
arise from either a strong alternate predictor, or the overall
base-rate of the effect. We then adapt the Rescorla-Wagner
learning model (Rescorla & Wagner, 1972) to account for
these results. Overall, we suggest that during incidental
learning, conditional probabilities are spontaneously
normalized by events’ base-rates, and that learning takes
place when these relative values are high. This results in
sensitivity to uniqueness. In this way, we suggest that there
is more in common between statistical and associative
learning than previously considered. Experiment materials,
data, and code are available at https://osf.io/up8qz/.

Experiment 1
We tested whether learners are sensitive to uniqueness in a
visual statistical learning (VSL) task. Participants saw two
distinct event sequences, each composed of a unique set of
animated events (Figure 1A). Each sequence contained one
strongly predictive event pair—a cause and an effect—
whose uniqueness we varied. In both sequences, the first
term in the DP formula above was matched: the probability
that the effect appeared given that the cause appeared on the
previous trial was equally high in both1. However, in the
low DP sequence, we increased the value of the second
term, P(effect|~cause), by having the effect follow two other
events and itself more often than in the high DP sequence.
Thus, the two conditions were matched in terms of the
transition probability from cause to effect, as well as in the
number of times a cause-effect pair appeared overall (chunk
frequency), but differed in terms of how uniquely the cause,
rather than other events, predicted the effect. We expected
learning to be worse in the low DP condition.

Stimuli & Design Stimuli were sequences of animated
events which took place surrounding or involving a
continually present object. Each participant was shown two
types of sequences, low DP and high DP, each cued by a
distinct object. Each sequence was 500 events long, split
into a passive preview (100) and two cover task segments
(200 each), and contained eight unique events (1.2s
duration), plus a static event showing object standing still
(3.6s). The eight events formed 4 pairs, which were subtly
visually altered versions of each other (e.g., blue vs. pink
bubbles). One alternate appeared 10% of the time instead of
the other; this was for the purposes of the cover task (see
below).
Eight different events composed the other
sequence. The specific events and novel object assigned to
each sequence type were selected randomly for 20 sets of
materials; then, yoked materials were created by swapping
the event assignments between the two sequence types.
Each yoked set was then used twice, once for each possible
order of presentation of the two sequences, creating
materials for 80 participants fully counterbalanced for order
and stimuli. The order of events in each sequence type was
governed by a distinct pairwise transition matrix (Figure
1B); this was specified over the 4 event types plus static (the
rare alternate replaced its pair on 10% of randomly chosen
instances). Each matrix specified that the effect followed the

Method
Participants 100 participants were recruited and tested via
Amazon Mechanical Turk. Participants provided electronic
consent and procedures were approved by the Institutional
Review Board of the University of Pennsylvania.
Compensation was $3, with a bonus of up to $2.50 based on
task accuracy. Participants were excluded if they had
previously participated in a related experiment or this one
(10), for failing an attention measure (8), for missing data
(1) or reporting a technical glitch (1). 80 participants were
included (43 female, age M = 33, range 19 – 62).

1
DP has been used to describe simultaneous co-occurrences as
well as sequential ones. For example, a patient taking a medicine
and experiencing a headache afterwards is a common example of
the latter (Cheng, 1997).

Figure 1. A) Static images depicting several of the stimuli,
with common vs. rare alternates depicted in the top vs.
bottom row, and the two objects which cued the distinct
sequences. B) Mean transition matrices governing the
appearance of events in each condition, and event
frequencies below.
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cause with a high conditional probability (~98%), whereas
other transitions were lower. The critical manipulation was
of the probability of the effect given other events, including
itself, computed as the proportion of time any event other
than the cause was followed by the effect vs. was not. In the
high DP sequence, the effect was rarely preceded by any
other event, yielding a high DP (97%). In the low DP
sequence, the effect was often preceded by one of the two
other, non-static events or itself, yielding a lower DP (61%).
Individual sequences were generated stochastically
according to an idealized transition matrix; the mean
obtained matrix values are shown in Figure 1B. The
sequence conditions were closely matched on the
conditional probability of seeing the effect given the cause
(high, 97.8%; low 97.4%), and their chunk frequency
(number of times participants saw a cause-effect pair; high
63.28; low 62.18). The conditional probability of the cause
given the effect was lower for the low DP sequence (high
.074, low .027) so that the number of times they saw the
effect-cause pair (high 5.12; low 6.02) was relatively
matched. We address any concerns about minor differences
in the sequence properties in the Results.

To probe explicit (verbalizable) access to the sequence
statistics, participants were given a freeform question asking
“Did certain events follow each other more often than
others? Describe any you noticed for the first set and for the
second set of videos”. They were also asked, “How
confident are you that you detected any systematic order to
the events in the [first/second] set of videos?”, for each set,
and responded on a 1-5 rating scale, with 1 = Definitely
False, 3 = Unsure, and 5 = Definitely True.

Results

Procedure Participants’ cover task was to learn to identify
the “common” vs. “rare” version of each event type. To
ensure task comprehension, static images depicting both
versions were shown (but not which were which), and a 20trial practice task required them to hit the spacebar in
response to the start of each distinct event; 80% accuracy
was required to continue. Subsequently, they watched a
preview video to learn to identify the common vs. rare
events, followed by 2 videos in which they were asked to hit
‘r’ for rare and ‘o’ for common. They then saw the second
sequence type, starting again with static images of the new
events, the practice task, preview, and 2 task videos. They
were given feedback on cover task accuracy following each
task video. Order of the sequence types was
counterbalanced across subjects within yoked stimulus set.
Following all videos, a surprise forced-choice test probed
participants’ knowledge of the cause-effect relation in both
sequences separately. The critical questions (repeated 3
times and responses averaged) showed the cause followed
by the effect in one video, and the effect followed by the
cause in the other; participants had to choose the video that
seemed more typical or familiar. We chose this as the test
question so as to match the two videos on individual
stimulus frequency, and to match question difficulty across
conditions (ensuring they have equal relative transition
probabilities). Only the common stimulus versions were
used in testing. The stimulus pairs appearing in these
questions were also matched in chunk frequency between
the conditions, and accordingly had a slightly larger
difference in transition probability in the low DP condition
(which would make it easier, counter to our hypothesis).
Two filler questions were also presented to avoid giving the
impression that the test was stuck on a single question.

Participants performed well on the cover task for both
sequences (high DP M = 86.99, SE = 1.03; low DP M =
87.37, SE = 0.94; t(79) = -0.39 p = .698). On the critical
questions of the forced choice test, participants were above
chance for the high DP sequence (M = 61.83%, SE = 3.90%,
t(79) = 2.79, p = .007, d = 0.31) but below chance for the
low DP sequence (M = 41.67%, SE = 3.89%, t(79) = -2.16,
p = .034, d = -0.24), which were significantly different from
each other (CI [8.43, 29.90], t(79) = 3.55, p < .001, d =
0.55), as shown in Figure 2. This supports the idea that
participants had a weaker representation of the cause-effect
relationship in the low DP condition—despite the fact that in
both conditions, cause-effect transitions occurred twelve
times as often as effect-cause transitions. To rule out that
this was due to the minor difference in the number of times
participants saw a cause-effect transition relative to an
effect-cause transition in the two conditions, we computed
the difference in the number of times each participant saw a
cause-effect pair vs. an effect-cause pair between the two
conditions (M = 2). This difference was uncorrelated with
the difference in accuracy between the two conditions (r(78)
= -0.03, p = .791). There was no effect of training order
(which sequence participants saw first), p = .273.
Participants’ confidence that they noticed any systematic
order among the events was not reliably above ‘unsure’ for
either condition (high M = 3.20, SE = 0.13, t(79) = 1.57, p =
.121; low M = 3.06, SE = 0.13, t(79) < 1 ), with no effect of
condition (t(79) = 1.52, p = .132). In their freeform
responses, 20/80 participants described a relation between
the cause and effect for one sequence, but only 2/80 did so
for both. However, participants were more likely to describe
it for the high DP events (19/80) than the low DP events
(5/80; C2 (1) = 9.61, p = .002). Thus, the high DP condition

Figure 2. Forced-choice test accuracy by condition in
Experiments 1 and 2. ** = p < .001.
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enabled participants to better notice the predictive pattern.
In contrast, participants were not likely to report effectcause patterns in either condition: there were no cases of
this for the low DP condition, and one in the high DP
condition. This argues against the idea that they strongly
believed in the effect-cause relation in the low DP condition.

Discussion
During a VSL task, participants’ learning of a highly likely
transition between two events (a cause and an effect) was
weaker when the effect was also preceded by other events
(low DP condition), relative to when the effect was uniquely
predicted by the cause (high DP condition). The cause-effect
transition had a higher chunk frequency and transitional
probability than the effect-cause transition in both
conditions: participants saw cause-effect pairs a similarly
high number of times, and effect-cause pairs a similarly
small number of times. However, when asked which was
more typical, participants chose the cause-effect pair
reliably only in the high DP condition.
This finding indicates that participants’ incidental
learning is automatically informed by computations of
uniqueness, in that neither participants’ cover task nor the
test questions demanded it or benefitted from it. Answers
based on chunk frequency or conditional probability were
both valid, and computationally simpler. Thus, the
computation of DP was a product of participants’ incidental
learning process. Furthermore, a high DP between cause and
effect led to a higher rate of reporting of this pattern when
asked to describe any systematic order to the events. It
seems unlikely that participants had noticed that the low DP
cause was nearly always followed by the effect, but were
less willing to report it. We thus conclude that the rate of
awareness was itself influenced by DP.
These results are in line with a related finding that
participants have poor memory—not just low causal
ratings—for non-unique (“blocked”) cause-effect relations
(Mitchell, Lovibond, Minard, & Lavis, 2006). They are also
consistent with demonstrations of more traditional blocking
effects in infants in a paradigm somewhere in between
classical conditioning and statistical learning (Sobel &
Kirkham, 2006, 2007). Here we show that effects of
uniqueness hold in a traditional statistical learning
paradigm, characterized by sequentially presented events,
incidental learning, absence of incentive or reward, and
conditions which exceed the capacity to track event
statistics explicitly.
A puzzling fact of these data is the below-chance
performance in the low DP condition: participants selected
the effect-cause transition more often than cause-effect. It
did not appear that participants strongly believed in this
effect-cause transition, as they did not mention it even once
in their freeform responses. This suggests that participants
may have had an inhibited (implicit) belief in the causeeffect relation.
An additional open question is the source of this
blocking-like effect. Here and elsewhere, it is ambiguous

whether the weakened belief in a low DP cause-effect pair is
due to a strong associative representation of an alternate
event-effect pair, or from an increased base-rate of the
effect’s occurrence. For example, participants might have
developed a strong belief that random event 1 or 2 actually
caused the effect, and subsequently inhibited their belief in
other possible predictors. Alternatively, participants could
compute DP by normalizing the conditional probabilities of
the effect-cause pair by the base-rate of both the effect and
the cause, having tracked that the effect event occurs often
overall. We test this possibility in Experiment 2.

Experiment 2
As in Experiment 1, participants were exposed to two VSL
sequences, each containing a strong predictive relation
between a cause and effect. In the two-cause stream, the
effect also followed a second, equally strong predictor, but
no other events. In the many-cause stream, the effect
followed the three other events and itself with a medium
probability (~18%). Thus, the cause-effect pair in both
conditions had an equal DP value (.80), but from different
sources: a strong alternative or a high overall base-rate. If
learning is impaired specifically due to a salient alternative
cause, participants should perform worse in the two-cause
stream relative to the many-cause stream.

Method
Participants 107 participants were recruited and tested via
Amazon Mechanical Turk. Participants provided electronic
consent and procedures were approved by the Institutional
Review Board of the University of Pennsylvania.
Compensation was $3, with a bonus of up to $2.50 based on
task accuracy. Participants were excluded if they had
previously participated in a related experiment or this one
(7), for failing an attention measure (19), or for missing data
(1). 80 participants were included (47 female, age M = 34,
range 19 – 71).
Stimuli & Procedure Stimuli and procedures were similar
to Experiment 1, except that each sequence contained 5
events plus static, and the first task video was slightly
shorter (150 events). The transition matrices were similar,
except that the two-cause condition had a 96% transition
probability between random1 and effect; and the manycause condition had a ~18% transition probability between
each non-static event and the effect. Conditions had similar
counts for cause-effect and effect-cause pairs, and similar
DP value between cause and effect (.80).

Results
Participants performed well on the cover task for both
sequences (two-cause: M = 85.43, SE = 1.11; many-case: M
= 86.63, SE = 1.09, t(79) < 1). On the critical trials in the
forced-choice test (Figure 2), performance was not different
from chance in either condition (two-cause: M = 51.25%,
SE = 4.17, t(79) < 1; many-cause: M = 48.33%, SE = 4.04,
t(79) < 1) with no difference between them (t < 1).
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Discussion
When shown a cause-effect relation accompanied by either
an alternative strong predictor of the same effect (two-cause
condition) or several weak predictors (many-cause
condition), participants showed equally poor learning of the
effect-cause relation. It seemed not to matter for learning
whether there was a salient alternative cause, or simply a
higher base rate of the effect. Of course, this null finding
must be bolstered by positive evidence that performance is
worse on the many-cause condition relative to an
appropriately matched high DP condition. Preliminary data
from an experiment with this manipulation, and otherwise
identical methods to Experiment 1, are indeed in line with
this prediction (t[37] = 2.30, p = .027, d = 0.53). Overall, the
available evidence makes it unlikely that blocking (i.e.,
weak representation of non-unique relations) strictly
requires a strong alternative predictor, and that rather, it can
arise equally well from a high overall base rate.

Modeling
As introduced earlier, the Rescorla-Wagner (R-W) learning
rule was developed to account for uniqueness effects (i.e.,
blocking) in associative learning tasks (Rescorla & Wagner,
1972). Here we use an adaptation of this learning rule for
sequential stimuli to test whether it can account for our
effects. We thus assume that learners acquire all pairwise
associative weights among the stimuli, which they can
compare to solve the forced choice task.
We first found that a straightforward implementation of
the standard R-W rule did not account for our effect in
Experiment 1: it was only minimally sensitive to the
difference between the two conditions. This is consistent
with prior observations that the R-W rule has difficulty
accounting for certain types of blocking, specifically those
which involve updating weights for stimuli using evidence
(trials) in which those stimuli are not actually present—that
is, using BX trials to update AX representations (Kruschke,
2008; Shanks, 1985). Bayesian models like the Kalman
filter circumvent this problem because they require the
weights from all causes to an effect to sum to 1, since they
must reflect probabilities (Kruschke, 2008). We adopted just
this property here, by adding a normalization step at each
trial: we required the set of weights to each event from all
others to sum to 1. This meant that weights could trade off,
such that stronger AX weights would naturally reduce BX
weights. We found that this simple adaptation enabled us to
capture the difference between conditions.

observation oj, stimulus i is shown. The model compares
this observation with its prediction for oj on the basis of the
preceding n stimuli (oj-n … oj-1, which consists of stimuli k1:n
also in set {1:s}) and the weights between k1:n and i, as
represented in W. Its error in anticipating the stimulus is
used to adjust the entries in W between stimuli k1:n and
stimulus i, which are then used in subsequent predictions.
Formally, the degree of anticipation of stimulus i on trial j is
given by:
ki

For simplification, we set n = 1, such that this is the entry
between the current stimulus i and the preceding stimulus k.
The error is computed by:

Because stimulus i occurred in binary fashion, its observed
value is 1. If this was well anticipated by the previous
stimuli, ai should be close to 1, resulting in a low error. The
corresponding entries in W are adjusted by this error
multiplied by a learning rate parameter a:

Critically, following this adjustment, the columns of W
(input weights to each event) are normalized to sum to 1.

Model Results & Discussion
The event sequences given to human participants in
Experiment 1 served as inputs to the model. The outputs
were the adjusted matrices W, for each set of materials
(‘runs’). We assumed that forced-choice behavior reflects
the relative weight of links between cause & effect and
effect & cause pairs, and thus, compare these entries in W.
Using a learning rate of .5, we found significantly stronger
weights for cause-effect than effect-cause links, in both
conditions (high DP, cause-effect M = 0.70, SE = 0.02;
effect-cause M = 0.11, SE = 0.01, t(79) = 21.92, p < .001;
low DP, cause-effect M = 0.19, SE = 0.01, effect-cause M =
0.07, SE = 0.01, t(79) = 9.07, p < .001), with a significantly
larger difference in the high DP condition (t(79) = 17.35, p <

Model Details
The model learns the weight of links among all pairs of
stimuli 1 to s, represented by matrix W with s ´ s entries.
We allow the learner to know the number of stimuli, and to
begin with the assumption that all transitions are equally
likely; thus, all entries in W are initially set to 1/s. Learning
operates sequentially over observed input stream o, which
consists of a sequence of the stimuli from set {1:s}. At each

Figure 3. Difference in weights between cause-effect and
across runs.
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.001). The same pattern is seen consistently across settings
of the learning rate parameter (.05 - .85; Figure 3). This is
important because, given the relatively weak human
learning, we expect that the actual learning rate is fairly low.
Without column normalization, the model does less well;
while it shows effects of condition at high learning rates
(>.35), it does not reliably do so at lower learning ones, and
across rates, effects are much weaker (Figure 3). This is
intuitive: the weight from B to X will only be affected by
evidence of A to X trials if the weights to X trade off, such
that as one gets stronger, the rest weaken (Kruschke, 2008).
This can also be seen as the effect of representing each link
as proportional to the base rate of X, if the base rate of X is,
as here, captured in how often it appears following the other
events in the state space.
Normalization—conversion to relative rather than
absolute values—is a cognitively realistic and adaptive
mechanism, although future research should investigate the
circumstances under which associative strengths are
normalized or not. Furthermore, our simplistic model will
fail to exhibit the advantages of a Bayesian formulation,
such as in explicit representation of uncertainty (Kruschke,
2008) and should be compared to other versions of the R-W
update rule (Dickinson, 2001). Our ongoing work
investigates whether these factors also describe learning in
VSL tasks.

Conclusions
Our key finding was that participants in a statistical learning
task were sensitive to not only the conditional probability
between two events, but also the uniqueness of that relation.
We suggest that low uniqueness can be established by either
a competing predictor, on the one hand, or an overall high
base rate of the predicted effect, on the other. Both can be
treated as the result of normalization: the assumption that
predictors of the same effect trade off, and to be considered
effective, must raise the probability of the effect above its
rate of occurrence otherwise.
This finding brings statistical learning in closer contact
with the rich literature in associative learning and causal
reasoning, despite differences in the nature of these learning
tasks. Work on causal reasoning has extensively shown that
participants use the uniqueness of a predictive relation to
attribute causality (Cheng, 1997). We find that this
computation additionally takes place incidentally and
automatically, suggesting it is one consideration for how we
register the naturally occurring statistics of our observed
world.
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Abstract
Prior research shows that languages balance syntactic complexity
against morphological complexity. We explore this relationship
using a new measure of syntactic complexity, functional
indeterminacy, which measures the aggregate uncertainty of
mapping from lexical items to syntactic function. We predict that
greater functional indeterminacy for nouns will correlate with
languages having case systems, and for those with case systems,
increased number of cases. We operationalize indeterminacy as the
simple and normalized conditional entropies of the summed
frequency distributions of nouns across syntactic dependencies. We
compute these measures for 44 languages. We then correlate the
measures with presence and number of cases in two regression
analyses, controlling for genetic affiliation between languages.
Results show that as the functional indeterminacy of nouns
increases, languages are more likely to have case systems, and if
so, to have more cases. These data provide new support for the
functionally motivated relationship between morphological and
syntactic complexity.
Keywords: syntax-morphology trade-off; case marking;
cross-linguistic variation; dependency syntax; entropy

Introduction
Languages are structured at multiple levels of
representation. In some cases, these layers of organization
overlap in the information they express. For example,
information about the syntactic functions of words may be
encoded by word order and/or morphology (among other
things; e.g., adpositions, clitics, and so on). A long-standing
theory in linguistics posits that where such overlap occurs,
languages will balance the expressiveness of one layer of
representation against the other. Some languages develop
rich systems of inflectional morphology while leaving word
order relatively free (e.g., Latin, Russian, Hungarian etc.).
Other languages have shallow morphology but rigid
constraints on word order (e.g., English, Vietnamese,
Indonesian, etc.).
These global trade-offs in complexity between
morphology and syntax have been well documented.
Sinnemäki (2008) defines complexity in terms of
“functional load.” He defines functional load relative to four
categorical levels based on the strategies that languages
employ to disambiguate the syntactic roles of core
arguments. He codes a sample of 50 languages for these
levels of functional load in word order and morphological

marking and finds significant inverse correlations between
the two. Koplenig, Meyer, Wolter, & Müller-Spitzer (2017)
provide a more direct, text-based measure of complexity for
syntax and morphology in a sample of over 1,000
languages. They operationalize complexity in morphology
and word order as the increase in entropy that results from
randomizing continuous texts word-internally and wordexternally, respectively. They likewise find strong negative
correlations between the two measures. Other evidence
comes from experimental studies. For example,
Fedzechkina, Newport, & Jaeger (2017) used an artificial
grammar paradigm in which they manipulated the freedom
of word order while including optional case inflections on
nouns. They found that learners of fixed word order
languages relied less on case marking than learners of free
word order languages.
These findings are often interpreted as evidence for
competition between two forces: maximization of clarity
and minimization of effort. The balancing act between
clarity and effort reflects a tendency for languages to
maximize communicative efficiency (see Jaeger, 2010;
Levy, 2008). Languages with rich inflectional morphology
and strict word order double down on effort to maximize
clarity (e.g., Icelandic). Conversely, languages with no
morphology and free word order minimize effort but risk
unlimited ambiguity (e.g., Riau Indonesian; Gil, 1994).
Most languages fall somewhere between these two
extremes, committing to some effort in the morphology or
word order, but permitting some ambiguity. The primary
goal of the present study is to explore whether the ambiguity
of syntactic function – that aspect of linguistic
representation that both word order and morphology aim to
measure – correlates with the accretion of complex
morphology.
Prior work on these issues focuses on word order and
inflectional morphology. The language of 'trade-off' assumes
that word order and morphology are overt manifestations of
the same underlying informational signal. We refer to this
underlying signal as syntactic function. Prior research has
therefore approximated syntactic function by measuring
properties of the mechanisms by which it is conveyed.
Importantly, the association of syntactic function to the
means of its encoding have not been consistent. In some
studies, syntactic function has been unambiguously linked
to a morphological form or position within the clause, but
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for only a highly limited subset of the overall syntacticfunctional space (Fedzechkina, et al., 2017; Sinnemäki,
2008). This scenario is unlikely to arise in natural
languages, introducing the question of scalability. Other
studies measure word order and morphology without
considering syntactic function at all (Koplenig et al., 2017).
To avoid this issue, we measure syntactic function
directly, independently of both word order and morphology.
We focus on nouns, whose syntactic function may differ
based on word order and inflectional morphology in the
form of case marking. Specifically, we operationalize the
ambiguity within syntactic function as the predictability
with which a given noun is mapped into any of the syntactic
functions available to its class. We refer to this dimension as
functional indeterminacy. On analogy to prior findings, we
expect languages with greater functional indeterminacy (i.e.,
less predictable mappings between nouns and syntactic
relations) to develop more robust systems of case marking.
We test this hypothesis using a sample of 44 languages from
seven language families and 17 genera (sub-families).

Case inflection and syntactic function
Case inflection is a form of dependent-marking whereby the
syntactic function of a noun is marked by a morphological
change to the stem, typically by an affix. For example, the
Hungarian stem hegy- ‘mountain’ may be suffixed with –et
to create hegyet, which reflects its syntactic status as direct
object. Case-marking is thus a form of local syntactic
disambiguation. Languages that exhibit case marking differ
in the number of cases they distinguish. Languages with
more cases provide a more powerful system for
disambiguating the syntactic function of nouns in context.
Following Ackerman and Malouf (2013), we refer to this
measure as enumerative complexity.
Other studies have attempted to measure the complexity
of inflectional paradigms like case using frequency
distributions. For example, Moscoso del Prado Martín,
Kostić, and Baayen (2004) show that the uncertainty of the
frequency distributions of nouns across their various
inflected variants influences how quickly they are processed
in the visual lexical decision paradigm. These measures
have the advantage of accounting for the operative
complexity of the case system. For example, a language
may have 7 cases, but speakers may only produce instances
of 5 of those cases with any regularity.
Regarding syntax, we take as our level of analysis the
syntactic relations in which nouns are observed. This
approach complements prior work on word order and
inflectional morphology. In particular, neither word order
nor inflectional morphology, nor even their combination
fully disambiguates the syntactic function of nouns in
context. For example, German syntax allows nouns to
occupy pre- and post-verbal positions, irrespective of the
type of relation (e.g., Die Frau begrüßt das Mädchen / Das
Mädchen begrüßt die Frau1 ‘The woman greets the girl.’).

In addition, German verbs may require specific case
inflections for their argument nouns, irrespective of the
more general syntactic functions of those inflections (e.g.,
antworten ‘to answer’ requires dative case for direct objects
rather than the more productive accusative case). Therefore,
to the extent that a given language exhibits these kinds of
ambiguities, the system of syntactic functions must carry
some information independent of word order and/or
morphology.
Having defined the syntactic space, we must address how
nouns are distributed within that space. Speakers tend not to
combine all nouns in equal proportion to the set of available
syntactic relations. They may favor some relations and
eschew others given the communicative demands of
naturally occurring discourse. These distributional
asymmetries reduce the problem space, rendering some part
of the ostensible complexity moot. We refer to the residual
complexity carried by the syntactic distribution of nouns as
functional
indeterminacy.
Crucially,
functional
indeterminacy may differ cross-linguistically, and part of
this variability may be functionally determined relative to
other components of the grammar, such as inflectional
morphology (Kostić et al., 2003).
Based on these considerations, we formulate the
following two hypotheses (H1-2):
H 1:

As the average functional indeterminacy of nouns
increases, languages will be more likely to have a
case system than not.

H 2:

As the average functional indeterminacy of nouns
increases, the enumerative complexity of the case
system also increases.

H2 assumes that when nouns engage in a diverse array of
syntactic relationships on average (high indeterminacy), the
syntactic function of nouns are generally more difficult to
recover, all else being equal. To counter the functional
indeterminacy, languages develop local, explicit cues to
disambiguate syntactic function. Notice that this prediction
is functionally motivated in that it maximizes
communicative efficiency: speakers compensate for
functional ambiguity by providing explicit, local cues.

Data and Methods
Estimating the functional indeterminacy of nouns requires
parsed corpora. Because we are interested in comparing the
relationship between indeterminacy and case inflection
across languages, the ideal corpora should be parsed
according to comparable standards. We therefore select the
Universal Dependency Treebanks (UDT v2.6), which
contains treebanks for 50 morphosyntactically and
genetically diverse languages. All corpora in UDT have
been parsed according to a central set of standards, with
some variation allowed for language-specific categories.

1

The second formulation, in which the direct object precedes the
verb, is discourse-pragmatically constrained, but not syntactically

illicit.
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Where possible, we extract the number of caseinflectional categories from the World Atlas of Languages
(WALS) database (Iggeson, 2013). For the remaining
languages, this information was extracted from Ethnologue
(Simons & Fennig, 2017). We further extracted genetic
affiliations (at two levels, genus and family) from Glottolog
(Hammarström, Bank, Forkel, & Haspelmath, 2017). We
cross-checked the numbers of cases against reference
grammars. In cases of disagreement, we selected the most
conservative (lowest) number of cases per language. We
only counted cases that surface on lexical nouns, and so
ignore case distinctions made only for pronouns. For
example, WALS states that English has two cases,
presumably referring to the subject/object case distinction
for pronouns (he/him). However, lexical nouns do not reflect
this contrast (dog/dog); therefore, we treat English as having
zero case-inflectional categories. Following WALS, we also
only counted cases that are productive at least at the level of
declension class (where applicable). For example, German
has four cases, but only genitive (for masculine and neuter)
and dative require distinctive forms for the noun stems (with
a third unmarked form for nominatives and accusatives).
Also following WALS, we treated instances of syncretism
across cases within a language as single cases. For example,
Croatian has six cases, but the dative and locative cases
have the same form in all declension classes. Where
syncretism differed across declension classes, we took the
number of cases that are distinguished in at least one
declension class. Finally, the genitive case sometimes
surfaces as a phrasal clitic. We counted the genitive as an
inflectional category only if the genitive morpheme must
attach to the noun stem, and not if it attaches to the edge of
the full NP. For example, English is not considered to have
an inflectional genitive because the morphological genitive
‘s attaches to the end of the NP (e.g., the dog with the brown
spot’s bowl).
Table 1 lists the languages in our final sample, along with
the sample size, number of case-inflectional categories, and
genetic affiliations.
Table 1: Languages in the sample2
Language

Sample size

Cases

Genus

Family

A. Greek

414K

5

Greek

IE

Arabic

1.042M

3

Semitic

Afroasiatic

Basque

121K

12

Basque

Isolate

Belarusian

8K

6

Slavic

IE

Bulgarian

156K

0

Slavic

IE

Catalan

531K

0

Italic

IE

Coptic

11K

0

Egyptian

Afroasiatic

Croatian

197K

5

Slavic

IE

2

Czech

2.222M

7

Slavic

IE

Danish

100K

0

Germanic

IE

Dutch

310K

0

Germanic

IE

English

496K

0

Germanic

IE

Estonian

106K

14

Finnic

Uralic

Finnish

377K

15

Finnic

Uralic

French

1.099M

0

Italic

IE

Galician

164K

0

Italic

IE

German

313K

3

Germanic

IE

Gothic

55K

5

Germanic

IE

M. Greek

63K

4

Greek

IE

Hebrew

161K

0

Semitic

Afroasiatic

Hindi

375K

2

Indic

IE

Hungarian

42K

17

Ugric

Uralic

Irish

23K

2

Celtic

IE

Italian

436K

0

Italic

IE

Japanese

402K

0

Japanese

Japonic

Latin

491K

6

Italic

IE

Latvian

90K

5

Baltic

IE

Lithuanian

5K

7

Baltic

IE

Norwegian

625K

0

Germanic

IE

OCS

57K

7

Slavic

IE

Persian

152K

2

Iranian

IE

Polish

83K

7

Slavic

IE

Portuguese

570K

0

Italic

IE

Romanian

239K

2

Italic

IE

Russian

99K

6

Slavic

IE

Slovak

106K

6

Slavic

IE

Slovenian

170K

6

Slavic

IE

Spanish

1.004M

0

Italic

IE

Swedish

195K

2

Germanic

IE

Tamil

9K

8

S. Dravidian Dravidian

Turkish

74K

6

Turkic

Turkic

Ukrainian

100K

7

Slavic

IE

Urdu

138K

2

Indic

IE

Vietnamese

43K

0

Viet-Muong Austroasiatic

Measures

A. Greek = Ancient Greek; M. Greek = Modern Greek; OCS =
Old Church Slavonic; S. Dravidian = Southern Dravidian; IE =
Indo-European; K = thousand; M = million.

The UDT parses follow the basic structure of dependency
grammar (DG). In this formalism, syntactic structure is
expressed in the form of acyclic graphs whose nodes are
words and whose edges are typed functional relations (this
differs from the more familiar phrase-structure trees, which
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are built of abstract phrasal nodes that bind groups of
terminal nodes into constituents via label-less arcs).
Dependency graphs are hierarchically organized such that
each word is dominated, or headed, by exactly one other
word, though each word may head indefinitely many
dependents, or modifiers. Again, each of these head or
modifier relations is directly labeled for syntactic function.
For example, in the phrase the aged cheese, the word the is
headed by cheese via the DET (determiner) relation, while
the word aged is headed by cheese via the AMOD (adjectival
modification) relation. The and aged are thus modifiers of
the head cheese, while det and amod label their respective
syntactic functions.
We base our measure of functional indeterminacy on the
frequency distribution of nouns across the set of typed
syntactic relations that occur within each language. To
simplify, we ignore whether the target nouns serve as head
or modifier in the relations and the word order of the head
relative to the modifier. To avoid a morphological confound,
we compute these measures over lemmas (i.e., stemmed
forms). Using information theory, the functional
indeterminacy of a noun can be understood as the entropy of
its frequency distribution across the set of dependency
relation types, where the entropy is defined as in Eq. 1.

H ( D )=− ∑ p ( d ) log p ( d )

(1)

d ∈D

In Eq. 1, p(d)3 reflects the probability with which a noun
occurs in a given dependency relation d from the set of all
dependencies D. H(D) is highest when a noun is distributed
evenly across all dependency relations d in D. It approaches
zero as a noun tends to occur only in a single dependency.
Each of these dependency relations is bound up with a
non-target word that co-instantiates the relation (e.g., aged
is bound to the target cheese within the amod relation).
Lexical co-distributions are known to tap into semantics
(Bullinaria & Levy, 2012). If the syntactic relation is fully
or partially redundant given the words that instantiate it,
then the entropy is ambiguous between semantic and
syntactic information. We therefore require some means of
removing the lexical information to arrive at a more
thoroughly syntactic distribution. Otherwise, the
interpretability of the measure is hindered. We handle this
by appealing to the information-theoretic notion of
conditional entropy. Instead of taking p(d) directly,
conditional entropy requires that we take two distributions.
First, we take the joint distribution of the noun across each
combination of dependency relation d and non-target word
w in the set of words W, or p(d,w). Then, we take the
distribution across the non-target words, irrespective of
dependency relation p(w). We take the entropy of each
distribution independently and subtract the lexical entropy
H(W) from the joint entropy H(D,W). This relationship is
3

The true probability is conditioned on the target word t: p(d | t
= target). We simplify the equations by removing the conditioning
expression.

formalized in Eqs. 2-4. Conditional entropy allows us to
remove the information carried by non-target words from
the information jointly carried by non-targets and their
associated dependencies. This leaves us with the
information carried by the dependencies given (i.e., without)
the information carried by the non-targets.

H ( D | W ) =H ( D , W ) − H ( W )

(2)

H (D , W )=H (D)+ H (W )−I ( D ;W ) (3)
I ( D; W )= ∑

∑

p (d , w)log p

d∈ D w∈W

(d , w)
(4)
p(d) p(w)

Estimates of these entropies are subject to an
underestimation bias (Miller, 1955). We therefore correct
the entropies using the estimator introduced by Chao, Wang,
and Jost (2013), which is based on the species accumulation
curve. This estimator is thought to be the least biased by
sample size, making it ideal for handling Zipf-distributed
lexical frequency distributions (Moscoso del Prado Martín,
2016)
The conditional entropy for a given language measures
how much functional indeterminacy speakers actually build
into their utterances. Another dimension of use is whether
speakers are as syntactically indeterminate as they could be
given the structure of the language. To account for this
dimension, we also compute the normalized conditional
entropy. Normalized conditional entropy is defined as the
conditional entropy H(d | w) divided by the maximum
entropy Hmax(d), where Hmax(d) is defined as the logarithm of
the number of possible dependencies in d. The resulting
value is a proportion representing how much of the possible
indeterminacy the speakers of a language actually exploit.
To capture the behavior of the system as a whole, we first
sum the distributions of all nouns within the syntactic space.
We then compute the conditional entropy and normalized
conditional entropy over the summed vectors. We do this for
each language in the sample.

Results
First, we test H1 using a generalized linear mixed-effect
model (GLMM) to predict whether a language has a case
system (+case) or not (-case). While conceptually distinct,
conditional entropy and normalized conditional entropy are
highly correlated (ρ = .96, p < .001). This correlation can
cause problems of interpretation if both measures are
included within the GLMM. To handle this problem, we
perform an Independent Component Analysis (ICA) to
decorrelate the measures. Because the magnitude of
loadings within the ICA is sensitive to scale, we rescale the
measures by taking the z-scores of each. We use ICA to
derive a single component which loads strongly and
positively for both variables. Positive scores for the
component represent increasing conditional entropy and
proportion of maximum conditional entropy. This means
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that the component captures information shared by both
conditional entropy and maximization of conditional
entropy. A visual examination of the ICA scores revealed
two outliers, Vietnamese (-case) and Turkish (+case). We
removed these from the dataset before proceeding. We fit
the GLMM with ICA scores as independent variables and
random intercepts of genus nested into family (to control for
genetic factors; see Jaeger, Graff, Croft, & Pontillo, 2011).
The model with the ICA scores significantly outperformed
the null model (χ2Δ = 4.99; p = .02). As the average
functional indeterminacy of nouns increases for a language,
so does the likelihood that the language will have a case
system (β = 1.23, SE = 0.62, p = .05).
Next, to test H2, we perform a linear mixed effect
regression with number of case-inflectional categories for
only those languages that have cases. The rest of the model
was identical to the GLMM reported above. A Box-Cox
power analysis (Box & Cox, 1964) revealed that we should
take the logarithm of the number of cases to better
approximate normality. We therefore substitute the logtransformed number of cases as dependent variable. This
step is necessary in order to satisfy the assumptions of the
model. The model with the ICA scores significantly
outperformed the null model (χ2Δ = 3.87; p = .05). As
functional indeterminacy increases, so does the number of
inflectional categories (β = 0.14, SE = .06; F(1, 16.26) =
6.41, p = .02). This effect is plotted in Figure 1.

morphological complexity is inversely proportional to
syntactic complexity. One explanation for this relationship
is that languages are organized to minimize both ambiguity
and effort to promote communicative efficiency (e.g.,
Jaeger, 2010). Most of this research has compared word
order to the morphological structure of words. However,
both of these phenomena are overt instantiations of the same
underlying principle, what we refer to as syntactic function.
Using information theory, we developed a novel way to
measure the complexity of syntactic function for nouns
across languages, which we refer to as functional
indeterminacy. Based on the logic of communicative
efficiency, we proposed two new hypotheses relating the
functional indeterminacy to the prevalence of case marking
across 44 languages. We tested these hypotheses in two
regression analyses.
The results of the analyses confirm our hypotheses. First,
case systems are more common for languages that have
more complex functional-syntactic distributions for nouns
on average. Second, for languages with case systems, the
number of cases increases with the indeterminacy of noun
syntax. Importantly, these relationships were predicted
based on a principle of communicative efficiency. If we can
be less sure of the syntactic functions of nouns generally, we
can increase our certainty by changing their form, thereby
making a successful parse on the part of our listeners more
likely. The fact that we demonstrate these relationships
across a broad number of languages supports the more
general argument that typological features, such as the
presence or absence of case marking, are functionally
motivated (e.g., Fedzechkina et al., 2017).

Future Directions

Figure 1: Effect of functional indeterminacy (ICA scores)
on the number of cases in languages with case systems.
More positive values on the x-axis reflect increasing
conditional entropy and proportion of maximum conditional
entropy. Points represent partial residuals per language.

Discussion
Many recent experimental and observational studies have
demonstrated a number of trade-offs in complexity among
the various tiers of linguistic representation (see the papers
in Miestamo, Sinnemäki, & Karlsson, 2008). A notable
finding from this literature concerns the relationship
between syntax and morphology: across languages,

First, our measure of case richness ignores both
phonological and distributional factors, both of which
contribute to the complexity of the case system. This issue is
compounded by the potential differences that may occur
between declension classes within any given language.
Future research should account for these factors, most likely
through multiple competing measures. For example, one
could take the integrative complexity, which is defined
relative to the structural options within languages, as well as
the distributional variability of nouns across their
inflectional categories. Additionally, distribution-based
measures would have to be conditioned on declension class
to account for paradigm-specific behaviors (e.g., Milin et
al., 2009). A crucial problem concerns how to integrate
complexity estimates across declension classes.
Another outstanding issue concerns the relationship
between word order and syntactic function. We have argued
that in natural languages, word order is not an unambiguous
cue of syntactic function, even in languages with highly
inflexible word order. However, this is in fact an empirical
question. It is possible that the majority of languages with
rigid word order have near one-to-one correspondences
between position and syntactic function. This problem may
be addressed using the dependency treebanks used here,
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which also contain information about word order. However,
word order is partially dependent on hierarchical status, that
is, status as head or modifier. At the very least, one would
need to measure the information carried by word order as
conditioned on the hierarchical status of the target word.
Additionally, one would need to strip away the information
carried by the non-target lexemes, for the same reasons that
we describe in Measures. The optimal formalization for
these measures is unclear. A serious problem concerns how
to achieve accurate estimates. These distributions are
multiply conditioned and hence require large corpora to
achieve a reasonable number of observations per cell –
exponentially larger than the majority of samples considered
here.
Future research should also attempt to increase the
typological diversity of the sample. As Table 1 illustrates,
our sample is comprised mostly of languages from the IndoEuropean family. A glaring omission is that we have no
indigenous languages of the Americas, many of which differ
substantially in their inflectional potential from European
languages (e.g., Mithun, 1999). Other omissions include the
languages of sub-Saharan Africa, Australia, and Oceania.
Although we have demonstrated a correlation, we expect
this relationship to be established over time. In particular,
time-series analysis of reasonably sized diachronic corpora
should allow us to determine the direction of causality
between the development of complexity in case marking
and functional indeterminacy. Does case-inflectional
complexity drive increases in functional indeterminacy, or
vice versa? Evidence from Icelandic suggests that changes
in morphological structure drive changes in syntactic
structure (Moscoso del Prado Martín, 2014). This finding
predicts that the behavior of the syntactic system bends to fit
the morphological structure of the language. We await the
development of large-scale, longitudinal corpora, taken
from diverse languages, which would allow us to test this
prediction.
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Abstract
We explore whether de-lexicalized syntactic information impacts
the phonetic duration of nouns. The motivating expectation is that
nouns that carry more syntactic information will be more difficult
to produce in situ, leading to longer durations. We approach this
question from two perspectives: pure diversity of a noun's
distribution across its available syntactic relations, and distance of
this distribution from the average distribution of nouns in the
language at large. The former measure is designed to capture the
interconnectivity between the lexical and syntactic tiers of
linguistic representation. The latter measure targets how well an
individual noun fits the behavior expected for the noun class. We
find that durations are sensitive to both measures in
complementary fashion: nouns with more diverse syntactic
distributions are produced with longer durations, and nouns that
have distinctive (non-prototypical) distributions have shorter
durations.
Keywords: phonetic duration, entropy, syntax-lexis interface,
nouns, naturally occurring speech

Introduction
The last two decades have seen a sharp increase in the
attention paid to how language use – in particular, the
probability of use – shapes linguistic representation and
processing. From phonology, to morphology, to words, and
syntactic structures, probability has repeatedly surfaced as a
significant predictor of performance in a number of
experimental and observational paradigms. A common index
used to gauge the effects of probability on performance is
the time that it takes to articulate a given linguistic unit. One
major finding in this line of research is that words that
appear in less predictable contexts take longer to produce.
This finding has been observed for syntagmatic
(collocational), syntactic, phonological, and prosodic
contexts (e.g., Arnon & Cohen Priva, 2013; Aylett & Turk,
2004; Bell, Brenier, Gregory, Girand, & Jurafsky, 2009;
Gahl & Garnsey, 2004; Jurafsky, Bell, Gregory, &
Raymond, 2001; Kuperman & Bresnan, 2012; Mahovald,
Fedorenko, Piantodosi, & Gibson, 2013; Michelas &
D'Imperio, 2012; Piantodosi, Tily, & Gibson, 2011;
Seyfarth, 2014). These findings have been explained in
terms of the informational load carried by these words.
Words that are less predictable given their context
contribute more information to the signal than words that

are contextually redundant (e.g., Aylett & Turk, 2004;
Jaeger, 2010). This logic can also be expressed in terms of
processing difficulty: informationally heavy (i.e., surprising)
units are more difficult to access, and speakers respond to
this difficulty by increasing phonetic duration. On the
comprehension side, speakers may anticipate that listeners
would benefit from slower production of high-information
content. Cohen Priva (2017) provides evidence that this
response applies throughout the language production
process, rather than as a late-stage modulation of preselected material. That is, articulation is sensitive to the
information carried by multiple levels of representation at
multiple stages during speech production.

Syntax and phonetic duration
The relationship between syntax and phonetic duration has
been studied most extensively in terms of how the
predictability of a word given its immediate context affects
efficiency of processing. Studies in this vein argue that
speakers attempt to maximize communicative efficiency.
One way they accomplish this is to control the flow of
information within the signal. When the prior context
generates predictions that are not satisfied by the following
word, the information carried by that word increases. Faced
with this situation, the speaker risks overloading the
bandwidth of the communicative channel (e.g., Shannon,
1948), which could lead to a breakdown in message
integrity (e.g., disfluency; Jaeger, 2005). One way that the
speaker can mitigate these local spikes in information is to
pronounce the word with a longer duration. In this way, the
information is spread out in time, helping the language
processor to handle the heavier burden. On the other hand,
when the prior context renders the production of a word
redundant, the speaker may contract pronunciation of the
word to preserve articulatory effort and promote informative
communication (Aylett & Turk, 2004; Jaeger, 2010).
The predictability of words given prior syntactic context
has been operationalized in different ways. Many studies
have relied on collocation as a proxy for syntactic
variability. These studies find that words that are highly
predictable given the preceding two or three words tend to
have shorter durations than words that are less predictable
(Arnon & Cohen Priva, 2013; Aylett & Turk, 2004; Jurafsky
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et al., 2001). While not all of these studies interpret these as
syntactic effects, Harald Baayen and colleagues have
recently suggested that surface predictability of this kind
may alone suffice for the learning of “syntactic”
generalizations (e.g., Baayen, Milin, Filipović-Đurđević,
Hendrix, & Marelli,, 2011).
Other studies have looked at the likelihood of a given
syntactic continuation based on the prior context, and how
this relationship effects the durations of words that
instantiate those completions. Gahl & Garnsey (2004) look
at verbs that could be completed by either a direct object
(e.g., The woman saw the package) or a subordinate clause
(e.g., The woman saw the package was from her mother).
When verbs were biased towards the direct-object
completion but produced with a subordinate clause, the
verbs and following nouns had longer durations than when
they were produced as part of the direct-object completion.
Similar effects have been replicated for other syntactic
alternations (e.g., Jaeger, 2010; Kuperman & Bresnan,
2012; Tily, Gahl, Arnon, Snider, Kothari, & Bresnan, 2009).
So far, we have discussed work that uses estimates of
prior probabilities of linguistic units to predict variable
phonetic duration in contexts that are favored or avoided
within those prior distributions. Other work has
demonstrated that prior probabilities can have consistent
effects independent of local context. A good example is the
baseline probability of words. All else being equal, more
frequent words are produced with shorter durations than less
frequent words (e.g., Gahl, 2008). Other effects relate to the
structure of words. For example, Piantodosi et al. (2011)
show that contextually diverse words tend to be shorter
(based on n-gram models of the aggregate distributions of
prior context, as sampled from large corpora; see also
Mahowald, et al., 2013, and Seyfarth, 2014). the segmental
structure of words can affect duration: words that are built
from more frequent segmental n-grams or whose segmental
structure is more similar to other words in the language are
produced with shorter durations (a lower-level replication of
the syntagmatic effects discussed above; Arnon & Cohen
Priva, 2013; Aylett & Turk, 2004; Fox, Reilly, & Blumstein,
2016).
All of the existing studies which claim to relate the
diversity of aggregate syntactic distributions to word
durations rely on n-gram models at the level of words (i.e.,
lexical context; e.g., Piantodosi et al., 2011; Seyfarth, 2014).
However, lexical contexts are known to carry semantic
information (Bullinaria & Levy, 2012). Any measure based
on such distributions is therefore ambiguous: should the
observed effects be attributed to the syntactic or semantic
component of the underlying informational signal?
Moreover, such effects could easily be accounted for by the
a-syntactic assumptions of the discriminative learning
approach (Baayen, et al., 2011). We therefore need some
way to measure syntax in the absence of the purely
collocational signal, which either introduces a confound, or
potentially eliminates the syntactic interpretation in the face
of a purely surface-driven explanation from learning.

In the present study, we attempt to address this gap in the
literature. We introduce a novel information-theoretic
measure of syntactic diversity that can distinguish syntactic
from lexical information. If aggregate lexical contexts
correlate with phonetic duration when words are embedded
in syntactic contexts, then de-lexicalized syntactic
information may also play a role in determining
contextualized phonetic duration. If so, we expect two
things. First, words with diverse distributions, which carry
more syntactic information, should have longer average
durations (Mahowald, et al., 2013; Piantodosi et al., 2011).
From the production side, such words should be more
difficult to access and integrate (for similar effects at the
level of phonotactics, see Shaw & Kawahara, 2017). From
the comprehension side, speakers may intuitively slow
production of such words to accommodate comprehension
given the general informational load borne by these words
(e.g., Cohen Priva, 2017).
We also introduce a measure of the typicality of syntactic
distributions. Other work finds that phonological typicality
facilitates processing in sentential contexts (Farmer,
Mortensen, & Monaghan, 2006). Such effects are
commonly reported for lexical processing in isolation, as
well (e.g., Meyer & Schriefers, 1991). However, words that
activate multiple semantic or syntactic neighbors are known
to show interference effects (Cubelli, Lotto, Paolieri, Girelli,
& Job, 2005; Meyer, 1996). Therefore, we expect words
with more distinctive distributions to have shorter average
durations. This effect should arise because words with more
prototypical distributions share their distributed syntactic
representation with more other words, and so should
resonate with many other words, hindering the lexical
selection process. We test these predictions for nouns in a
corpus of naturally occurring conversation.

Data and Methods
The data for this analysis come from two sources. First, the
syntactic distributions of nouns are estimated using the
Open American National Corpus (OANC; based on the
second release of the full American National Corpus;
Reppen, Ide, & Suderman, 2005). The OANC contains
approximately 15 million words of speech and writing
produced by native speakers of American English. We parse
the corpus for syntactic dependencies using the spaCy
dependency parser (Honnibal & Johnson, 2015). Timing
estimates for the phonetic durations of words were collected
from a word-level force-aligned acoustic analysis of the
Santa Barbara Corpus of Spoken American English
(SBCAE; Du Bois, Chafe, Meyer, Thompson, Englebretson,
& Martey, 2000-2005). Forced alignment was carried out
using the Montreal Forced Aligner (McAuliffe, Socolof,
Mihuc, Wagner, and Sonderegger, 2017),

Measures
To measure syntactic diversity and atypicality, we use the
dependency grammar formalism as implemented in spaCy.
Dependency grammar treats syntactic relationships in terms
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of typed dependency relations between pairs of words (see,
e.g., Nivre, 2005). For example, the sentence A fish swam
would consist of two dependencies: DET(a, fish) and
NSUBJ(fish, swam), where the first word in each tuple is
dependent on the second for its syntactic function within the
given relation. We define a syntactic vector space based on
the set of dependency relations that appear in the spaCy
parses, with the caveat that at least one noun has been
observed in that dependency relation. However, using
dependencies alone conflates two factors: the syntactic
relations and the associated non-target lexical items (the
other halves of the linked pairs of words). Other work has
relied solely on the latter for characterizing syntactic
information; however, lexical co-distributions are known to
reflect semantics (Bullinaria & Levy, 2012). To avoid this
confound, we compute frequency distributions based on
tuples of dependency relations and non-target words for
each noun. For example, we would measure the frequency
of (DET, a) and (NSUBJ, swam) for fish in the previous
example. We compute these frequency distributions using
stemmed (lemmatized) forms of the target nouns.
Conditional entropy is formalized as follows (Eqs. 2-5):

H (D |W )=H ( D ,W )−H (W )

(2)

H ( D , W )=H ( D )+ H (W )−I ( D ;W )

(3)

H (X )=∑ p (X i )log p( X i)

(4)

i =1

I ( D; W )=∑ ∑ p (Di ,W k )log
i=1 k=1

p(Di ,W k )
p (Di) p (W k )

We first construct a syntactic prototype for nouns based
on their distribution across dependencies D. We define the
prototype as the sum of the syntactic distributions across all
noun types. Similar approaches have been adopted
elsewhere in the lexical processing literature (Baayen et al.,
2011; Milin et al., 2009). We then measure the distance of
each noun's distribution from the prototypical distribution.
For this purpose, we employ a symmetrical version of the
Kullback-Leibler Divergence (KLD; i.e. relative entropy),
known as the Jensen-Shannon Divergence (JSD; Lin, 1991),
which is formalized in Eq. (6-8).

1
1
JSD (T || P)= KLD(T || M )+ KLD(P || M )
2
2
KLD( X || M )=∑ p( X i)log
i

1
M = (T + P)
2

(7)
(8)

In Eqs. 6 and 8, T refers to the distribution of the target noun
across the set of dependencies D, and P refers to the
prototypical distribution of nouns across D. In Eq. 7, X
refers to either P or T. To account for bias in the frequency
estimates, we apply the James-Stein plug-in smooth to the
estimated frequencies (Hausser & Strimmer, 2009), which is
optimal for cases in which the number of outcomes are
known a priori (here, we know the number of outcomes
based on the dependencies available to the spaCy parser).

(5)

Eqs. 2-5 state that the information carried by the set of
dependencies D given the non-target words W is equal to the
information carried by the joint distribution of dependencies
and words minus the information carried by the words
alone. If we apply Eq. 2 directly to the observed
probabilities found in a corpus, we arrive at the maximumlikelihood estimate of the entropy. However, maximumlikelihood estimates are known to be biased: they
underestimate the true entropy (Miller, 1955). We correct
the component entropies of Eq. 2 prior to subtraction using
the estimator proposed by Chao, Wang, & Jost (2013). This
estimator, based on the species accumulation curve, has
been proposed to be the optimal (i.e., least biased) means for
correcting linguistic entropies (Moscoso del Prado Martín,
2016).
To capture the prototypicality of nouns, we apply a
different method. We rely solely on the distributional space
defined by D (i.e., without taking the joint probabilities of
dependency relation and non-target word). To our
knowledge, there is no straightforward information-theoretic
method for computing the distances between conditional
spaces.

p( X i )
p ( M i)

(6)

Results
To avoid issues of undersampling, we first removed all
words with token frequency of less than 100 in the OANC
(~7 pMw). We then fit a linear mixed-effect model
predicting phonetic duration (seconds) as dependent
variable. These durations showed a strong positive skew.
Such skew violates the assumptions of the linear model. A
Box-Cox power analysis suggested that a logarithmic
transformation of the durations would best approximate
normality. In addition, several points (n = 168) were
identified as outliers, defined as 1.5 times the interquartile
range. Computing the model with these points resulted in
strongly non-normal residuals, indicating problems with
model fit. Removing these points produced normally
distributed residuals, suggesting that this trim was
necessary.
Besides our critical measure of syntactic diversity and
aytpicality, we include a number of control variables that
can affect the phonetic duration of words1:
1

Lexical measures of the phonological structures of words come
from the Irvine Phonotactic Online Dictionary (IPhOD; Valden,
Halpin, & Hickok, 2009). For all variables, we used the unstressed
variants (correlation between stressed and unstressed versions of
all variables was greater than .95 for the nouns in this sample).
Further we only used the raw measures (unweighted by corpus
frequency).
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Lexical variables
• log frequency
(based on the SUBTLEX-US subtitle corpus)
• length in phonemes
• phonological density (PLD20)
• average biphone probability
• average positional segment probability
(adjusted for length)
• inflectional entropy2

Table 1: Parameter estimates and significance
Predictor

Repeated Measures
• length in seconds of the intonation unit (IU) in
which the noun was observed
• relative position of the word within the intonation
unit (a proportion: 0 = first word, 1 = last word)
• speech rate within the intonation unit
(number of words divided by length in seconds)
The total set of variables is highly collinear (ĸ>40), which
can negatively impact the reliability and interpretability of
parameter estimates in linear models. We therefore
decorrelate the predictors using Independent Component
Analysis (ICA). ICA allows us to produce a set of fully
syntactically decorrelated components. The original
variables load either positively or negatively and with
different magnitudes for each component. These loadings
allow us to interpret the components relative to the original
variables. Prior to applying the ICAs, we used z-scores to
transform each variable to put them on comparable scales.
We applied two ICAs. The first was based on the purely
lexical variables (frequency, phonological length,
phonological density, biphone probability, positional
segment probability, and our critical measures) using the
unique sample of words (i.e., without repetition based on the
SBCSAE sample). The second was based on the repeated
measures per word type (IU length, IU position, and speech
rate). For each ICA, we produced as many components as
ther were variables, yielding eleven total variables. This
procedure reduced collinearity of the entire dataset almost
entirely (ĸ<4). We entered these eleven variables as
surrogates for the raw measures in the final model.
Table 1 reports the results of the model for the ICA
components. The loadings are approximated by the labels:
+/- reflect the direction of correlation between the raw
measures and the component scores. Parameter estimates (β)
and errors (SE) are given in the transformed scale.

2

Inflectional entropy measures the information carried by the
distirbution of nouns between plural and singular instantiations of
the nouns. We compute the frequency distribution of each noun as
it occurs in either its singular or plural form, and take the Shannon
entropy of that distribution (negative sum of the weighted log
probabilities of singular and plural). We include this measures to
ensure that the syntactic measures we take over lemmas (which
ignore number distinctions) are not reducible to morphology.

β

SE

positional segment prob (+)
phonological density (+)

-0.06***

0.01

phonological density (+)
length in phonemes (-)
biphone probability (-)
positional segment prob (-)

-0.10***

0.01

biphone probability (+)

-0.04***

0.00

length in phonemes (+)

0.07***

0.00

inflectional entropy (+)

0.01*

0.01

speech rate (+)

-0.05***

0.00

IU length (+)

0.04***

0.00

relative IU position (+)

0.08***

0.00

atypicality (+)

-0.02***

0.01

freq and diversity (+)

-0.02***

0.01

freq (-) vs. diversity (+)

0.02***

0.01

For reasons of space, we only comment in detail on those
components that correspond to the critical predictors 3. All
other predictors were significant, and in the expected
direction: longer words took longer, but words with higher
(log) frequency, higher average bigram probability, greater
average positional probability, and more dense phonological
neighborhoods were produced faster. One unexpected point
was that variables related to segmental probability and
length were contrasted with phonological density: when
density is low (the word is dissimilar from other words),
biphone probability and positional probability reverse sign
to slow production. Inflectional entropy also exhibited the
expected effect. The more information carried by the
inflectional paradigm, the slower the word was produced.
Likewise, faster speech rates, shorter IUs, and earlier
positions within IUs all correlated with faster production.
Syntactic atypicality loaded positively within its own
component (other variable loadings were near zero). This
component correlated negatively with word durations: the
more atypical the prior syntactic distribution, the faster the
word was produced.
Syntactic diversity surfaced in two components. In the
first of these, both diversity and (log) frequency loaded
positively and at comparable magnitudes. This component
therefore captures the intuition that more frequent words
3

Given the relative complexity of the relationships expressed by
the component loadings, and the lack of space, we forgo reporting
specific F statistics for the signifcance tests.
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will have a greater chance of occurring in a greater number
of syntactic dependencies. In other words, this is the
information expressed by syntactic diversity that is
redundantly carried by lexical frequency. The component
correlated negatively with articulation times: words that are
simultaneously frequent and diverse are produced faster.
But this not the whole story. The final component that was
related to the critical variables contrasted frequency
(positive loading) and diversity (negative loading). The
correlation to production time was positive, which means
that (a) frequent words are produced faster when they are
not syntactically diverse, and (b) syntactically diverse words
are produced slower when they are not particularly frequent.
Thus, while frequency – with or without syntactic diversity
– speeds production (as expected), syntactic diversity
without frequency slows production.

Discussion
The results from diversity and prototypicality present a
coherent picture of the effect of prior syntactic distributions
on variable production durations of nouns. Increased
diversity correlated with longer durations. This fits with the
notion that words that bear a higher informational load are
more difficult to retrieve and prepare for production. A
similar effect was observed for inflectional entropy. These
findings provide strong support that morphosyntactic
diversity – fully divorced from lexical context – is
predictive of word durations. We also found that nouns that
diverged more in their syntactic distributions from the
average noun were produced with shorter durations.
Crucially, these effects held irrespective of a number of
other predictors known to impact speed of articulation.
Taken together, these findings suggest that information
introduced by choices made at both the morphological and
syntactic levels has consequences for downstream processes
in the production pipeline (i.e., articulation).
We interpret the diversity effect as a straightforward
replication of prior work that has found longer durations for
greater informational content (e.g., Piantodosi et al., 2011;
Mahowald, et al., 2013). But why should these nouns be
difficult to process? Perhaps they spread activation to a
greater degree within the syntactic network. Crucially, this
spreading activation would need to be automatic, even when
words are selected to be integrated into particular syntactic
contexts. Thus, when one wants to embed such nouns into a
syntactic structure, one must tamp down a greater number of
semi-active but incompatible syntactic frames to arrive at
the desired syntactic linkage. By this account, speakers
compensate for increased production cost by stretching their
articulation of the problem word.
Turning to prototypicality, nouns that behave similarly to
the greatest proportion of other nouns in the syntactic space
are more likely to be pronounced with longer durations.
This effect is expected if syntactic representations are
shared across nouns. Prototypical nouns would produce the
most potential for interference from other nouns by
activating the most densely populated sub-space within the

syntax-lexis network. In this case, the interference stems
from co-activation at the level of words rather than syntactic
dependencies. This interpretation requires that we
demonstrate that syntactically similar words indeed behave
similarly. Prior work from lexical priming supports this
interpretation. Lester, Feldman, & Moscoso del Prado
Martín (2017) find that nouns with similar syntactic
distributions prime each other independently of
orthographic and semantic similarity in visual lexical
decision. We leave it to future research to investigate such
priming relationships in production.
This research also suggests that there may be more to
lexical representation than a history of surface variability as
modeled in prior studies of aggregate syntactic context, as
well as the naïve discriminative learning model of Baayen
et al. (2011). We do not deny the suitability of these models;
however, our data suggest that other, more abstract levels
carry information completely divorced from the surface
string.
The most important next step is to pit the measures of
syntagmatic and syntactic contextual predictability against
our de-lexicalized measures directly in a single model. We
are especially interested in testing for interactions between
the contextual and de-lexicalized measures. We predict that
de-lexicalized diversity and prototypicality exert their
strongest effects when in situ predictability is at its lowest.
Another important step is to examine the potential for
different aspects of the syntactic system to affect duration
differently (after Lester & Moscoso del Prado Martín,
2016). More fine-grained analyses might compare headship
and directionality of syntactic dependency (is the word
bound to another word to the left or right).
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Abstract
Cultural norms vary dramatically across social groups. Here
we use large scale data to examine the extent to which language
plays a role in shaping one such norm—the gender norm to associate men with careers and women with family. We measure
cross-cultural variability in this gender bias using previouslycollected estimates from the Implicit Association Task (IAT; N
= 663,709). We then try to predict bias variability by the way
that gender is encoded in language semantics and grammar.
We quantify gender bias in semantics using word-embedding
models trained on different languages. Our data suggest that
the linguistic encoding of gender predicts the degree of speakers’ gender bias in the IAT, pointing to a causal role for language in shaping gender norms.
Keywords: cultural norms, IAT, gender, linguistic relativity

Introduction
The language we use to communicate a message shapes how
our listener interprets that message (Loftus & Palmer, 1974;
Tversky & Kahneman, 1981; Fausey & Boroditsky, 2010). A
listener, for example, is more likely to infer that a person is at
fault if the event is described actively (e.g., “she ignited the
napkin”), as opposed to passively (e.g., “the napkin ignited”).
The formative power of language is perhaps most potent in
shaping meanings that necessarily must be learned from others: cultural norms. In the present paper, we consider one
type of cultural norm—gender—and examine the extent to
which differences in language use may lead to cross-cultural
differences in understandings of gender.
Gender provides a useful case study of the relationship between language and thought for several reasons. First, more
abstract domains like gender may be more subject to the influence of language relative to more perceptually grounded
domains like natural kinds (Boroditsky, 2001). Second, many
languages encode the gender of speakers and addressees explicitly in their grammar. Third, a large body of evidence
suggests that language plays a key role in transmitting social
knowledge to children (e.g., Master, Markman, & Dweck,
2012). And, fourth, gender norms are highly variable across
cultures and have clear and important social implications.
For our purposes, we define the hypothesis space of possible relationships between language and gender norms with
two broad extremes: (1) language reflects a pre-existing gender bias in its speakers (language-as-reflection hypothesis);
(2) language causally influences gender biases (languageas-causal hypothesis). We assume that the language-asreflection hypothesis is true to some extent: some of the ways
we talk about gender reflect our knowledge and biases acquired independently of language. For example, we may observe that most nurses are women, and therefore be more

likely to use a female pronoun to refer to a nurse of an unknown gender. Our goal here is to understand the extent to
which language may also exert a causal influence on conceptualizations of gender.
In particular, we explore two possible mechanisms by
which the way we speak may influence notions of gender1 .
The first is through the overt grammatical marking of gender, particularly on nouns, which is obligatory in roughly one
quarter of languages (e.g., in Spanish, “niña” (girl) and “enfermera” (nurse) both take the gender marker -a to indicate
grammatical femininity; Corbett, 1991). Because grammatical gender has a natural link to the real world, speakers may
assume that grammatical markers are meaningful even when
applied to inanimate objects that do not have a biological sex.
In addition, the mere presence of obligatory marking of grammatical gender may promote bias by making the dimension of
gender more salient to speakers.
A second route by which language may shape gender
norms is via word co-occurrences. Words that tend to occur in
similar contexts in language may lead speakers to assume—
either implicitly or explicitly—that they have similar meanings. For example, statistically, the word “nurse” occurs in
many of the same contexts as the pronoun “her,” providing
an implicit link between these two concepts that may lead to
a bias to assume that nurses are female. This second route
may be particularly influential because the bias is encoded
in language in a way that is more implicit than grammatical
markers of gender and thus more difficult to reject.
An existing body of experimental work points to a link between language and psychological gender bias in both adults
(e.g., Phillips & Boroditsky, 2003) and children (e.g., Sera,
Berge, & Castillo Pintado, 1994). For example, Phillips
and Boroditsky (2003) asked Spanish-English and GermanEnglish adult bilinguals to make similarity judgements between pairs of pictures depicting an object with a natural gender (e.g., a bride) and one without (e.g., a toaster). They found
that participants rated pairs as more similar when the pictures matched in grammatical gender in their native language.
While these types of studies provide suggestive evidence for a
causal link between language and psychological gender bias,
they are limited by the fact that they typically only compare
speakers of 2-3 different languages and measure bias in a way
that is subject to demand characteristics.
In what follows, we ask whether the way gender is encoded
linguistically across 31 different languages predicts crosscultural variability in a particular manifestation of a gender
1 These mechanisms are what Whorf (1945) refers to as phenotypes (overt) and cryptotypes (covert).
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Figure 1: (a) Effect size (Cohen’s d) for the bias to associate men with career and women with family, as measured by the IAT.
All 48 countries with available data have a gender bias with red indicating above average and blue indicating below average
bias. (b) Implicit gender bias predicted by an independent measure of gender equality, Women, Peace, and Security Index
(WPS). Each point corresponds to a country with notable points labeled. Contra intuitions, we find that countries with greater
gender equality have larger implicit gender bias.
bias—the bias to associate men with careers and women with
family. We begin in Study 1 by describing cross-cultural variability in psychological gender bias using an implicit measure. In Study 2, we use semantic-embedding models to examine whether variability in lexical semantics predicts variability in psychological gender biases. In Study 3, we ask
whether the presence of grammatical gender in a language is
associated with greater implicit gender bias. Together, our
data suggest that both language statistics and language structure likely play a causal role in shaping culturally-specific notions of gender.

Study 1: Gender bias across cultures
To quantify cross-cultural gender bias, we used data from
a large-scale administration of an Implicit Association Task
(IAT; Greenwald, McGhee, & Schwartz, 1998) by Project
Implicit (Nosek, Banaji, & Greenwald, 2002). The IAT
measures the strength of respondents’ implicit associations
between two pairs of concepts (e.g., male-career/femalefamily vs. male-family/female-career) accessed via words
(e.g., “man,” “business”). The underlying assumption of the
IAT is that words denoting more similar meanings should be
easier to pair together compared to more dissimilar pairs.
Meanings are paired in the task by assigning them to the
same response keys in a 2AFC categorization task. In the
critical blocks of the task, meanings are assigned to keys in
a way that is either bias-congruent (i.e. Key A = male/career;
Key B = female/family) or bias-incongruent (i.e. Key A =
male/family; Key B = female/career). Participants are then
presented with a word related to one of the four concepts
and asked to classify it as quickly as possible. Slower reaction times in the bias-incongruent blocks relative to the bias-

congruent blocks are interpreted as indicating an implicit association between the corresponding concepts (i.e. a bias to
associate male with career and female with family).
In Study 1, we use the IAT to describe how the bias to
associate women with family and men with careers varies
across cultures. We find a gender bias in all countries and—
unexpectedly—that the magnitude of this bias is positively
correlated with objective gender equality.

Method
We analyzed an existing IAT dataset collected online
by Project Implicit (https://implicit.harvard.edu/
implicit/; Nosek et al., 2002). Our analysis included
all gender-career IAT scores collected from respondents between 2005 and 2016 who had complete data and were located in countries with more than 400 total respondents (N =
772,467). We further restricted our sample based on participants’ reaction times and error rates using the same criteria
described in Nosek, Banjai, and Greenwald (2002, pg. 104).
Our final sample included 663,709 participants from 48 countries, with a median of 998 participants per country. Note
that although the respondents were from largely non-English
speaking countries, the IAT was conducted in English. We do
not have language background data from the participants, but
we assume that most respondents from non-English speaking
countries were native speakers of the dominant language of
the country and L2 speakers of English.
Several measures have been used in the literature to quantify the strength of the bias from participants’ responses on
congruent and incongruent blocks on the IAT. Here, we used
the most robust measure, D-score, which measures the difference between critical blocks for each participant while controlling for individual differences in response time (Green-
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wald, Nosek, & Banaji, 2003). For each country, we calculated an effect size as the mean D-score divided by its
standard deviation (Cohen’s d); larger values indicate greater
bias.
In addition to the implicit measure, we also analyzed an
explicit measure of gender bias. After completing the IAT,
participants were asked, “How strongly do you associate the
following with males and females?” for both the words “career” and “family.” Participants indicated their response on a
Likert scale ranging from female (1) to male (7). We calculated an explicit gender bias score for each participant as the
Career response minus the Family response, such that greater
values indicate a greater bias to associate males with career.
We compared implicit and explicit gender biases to a measure of objective gender equality, the Women, Peace, and Security Index (WPS, 2017). This metric describes the degree
of inclusion, justice, and security of women by country, with
larger values indicating higher gender equality.

Discussion

Results

In Study 2, we ask whether participants’ implicit and explicit
gender biases are correlated with the biases in the semantic
structure of their native languages. For example, are the semantics of the words “woman” and “family” more similar in
Hungarian than in English? Both the language-as-reflection
and language-as-causal hypotheses predict a positive correlation between psychological and semantic gender biases. Importantly, we expect psychological and semantic gender biases to be correlated regardless of the direction of the relationship between psychological and objective gender bias (WPS)
found in Study 1.
As a model of word meanings, we use large-scale distributional semantics models derived from auto-encoding neural
networks trained on large corpora of text. The underlying assumption of these models is that the meaning of a word can
be described by the words it tends to co-occur with—an approach known as distributional semantics (Firth, 1957). Under this approach, a word like “dog” is represented as more
similar to “hound” than to “banana” because “dog” co-occurs
with words more in common with “hound” than “banana.”
Recent developments in machine learning allow the idea of
distributional semantics to be implemented in a way that takes
into account many features of local language structure while
remaining computationally tractable. The best known of
these word embedding models is word2vec (Mikolov, Chen,
Corrado, & Dean, 2013). The model takes as input a corpus
of text and outputs a vector for each word corresponding to
its semantics. From these vectors, we can derive a measure of
the semantic similarity between two words by taking the distance between their vectors (e.g., cosine distance). Similarity
measures estimated from these models have been shown to be
correlated with human judgements of word similarity (e.g.,
Hill, Reichart, & Korhonen, 2015).
As it turns out, the biases previously reported using IAT
tests can be predicted from distributional semantics models
like word2vec using materials identical to those used in the
IAT experiments. Caliskan, Bryson, and Narayanan (2017;

Our analyses confirm two key findings in the literature on the
gender-career IAT (Nosek et al., 2002). First, participants
showed an overall bias to associate men with career and females with family (d = 1.08). Figure 1a shows the mean effect
size for each of the 48 countries in our sample, with participants from all countries showing a gender bias (M = 1.05;
SD = 0.07). Second, implicit and explicit bias measures were
moderately correlated both at the level of individual participants (r = 0.15; p < .00001) and at the level of countries (r =
0.31; p = 0.03).
Our independent measure of gender equality—the Women,
Peace, and Security Index—was uncorrelated with explicit
bias (r = -0.01; p = 0.96). Counter to our expectations, we
found that countries such as the Netherlands, with allegedly
high gender equality, have participants who show highest implicit gender bias according to the IAT (r = 0.46; p <.01;
Fig. 1b).
We explored this surprising finding by testing two possible confounds with WPS. First, previous research has shown
that women tend to have a larger implicit gender bias than
men (Nosek et al., 2002). If countries with more gender parity have more female participants, this would explain the observed pattern. The data do not support this: In an additive
linear model predicting IAT effect size with both WPS and
the proportion female participants, proportion female participants was not a reliable predictor of IAT effect size (b = 0.13;
t = 0.8; p = 0.43).
A second possibility is that participants in countries with
greater gender parity have higher English proficiency and
are thus relatively more influenced by the meaning of target
words. We tested this possibility by including a measure of
English proficiency as a covariate with WPS (EF English Proficiency Index, 2017). We find that English proficiency does
not predict IAT effect size (b < .001; t = 0.04; p = 0.97),
inconsistent with this explanation.

In Study 1, we replicate previously reported patterns of gender bias in the gender-career IAT literature, with roughly
comparable effect sizes (c.f. Nosek, et al., 2002: overall: d
= .72; explicit-implicit correlation: r = .17; participant gender effect: d = .1). The weak correlation between explicit
and implicit measures is consistent with claims that these two
measures tap into different cognitive constructs (Forscher et
al., 2016).
The novel finding from Study 1 is the direction of the correlation between the objective gender bias of a country (as measured by the WPS) and implicit gender bias—participants in
countries with greater gender equality have greater implicit
gender bias, even after controlling for possible confounds. In
the General Discussion, we speculate about possible reasons
for this positive correlation.

Study 2: Gender bias and semantics
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Study 2a: Replication of Caliskan, et al. (2017)
Method We use a word embedding model that has been
pre-trained model on the corpus of English Wikipedia using
the fastText algorithm (a variant of word2vec; Bojanowski et
al., 2016).2 The model contains 2,519,370 words with each
word represented by a 300 dimensional vector.
Using the Wikipedia-trained model, we calculate an
effect size for each of the 10 biases reported in CBN which
correspond to behavioral IAT results existing in the literature:
flowers/insects–pleasant/unpleasant, instruments/weapons–
pleasant/unpleasant, European-American/Afro-American–
pleasant/unpleasant,3
males/females–career/family,
math/arts–male/female, science/arts–male/female, mentaldisease/physical-disease–permanent/temporary,
and
young/old–pleasant/unpleasant (labeled as Word-Embedding
Association Test (WEAT) 1-10 in CBN). We calculate the
bias using the same effect size metric described in CBN, a
standardized difference score of the relative similarity of the
target words to the target attributes (i.e. relative similarity of
male to career vs. relative similarity of female to career). This
measure is analogous to the behavioral effect size measure in
Study 1 where larger values indicate larger gender bias.
Results Figure 2 shows the effect size measures derived
from the English Wikipedia corpus plotted against effect
size estimates reported by CBN from two different models
(trained on the Common Crawl and Google News corpora).
With the exception of biases related to race and age, effect
sizes from the Wikipedia corpus are comparable to those reported by CBN. In particular, for the gender-career IAT—the
2 Available

here: https://github.com/facebookresearch/fastText/
3 CBN test three versions of this bias.

Language−Embedding IAT biases
gender−career
(WEAT 6)

instruments−weapons
(WEAT 2)

2

Effect size (Caliskan, et al., 2017)

henceforth CBN) measured the distance in vector space between the words presented to participants in the IAT task.
CBN found that these distance measures were highly correlated with reaction times in the behavioral IAT task. For example, CBN find a bias to associate males with career and
females with family in the career-gender IAT, suggesting that
the biases measured by the IAT are also found in the lexical
semantics of natural language.
CBN only measured semantic biases in English, however.
In Study 2, we use the method described by CBN to measure
gender bias in the range of first languages spoken by participants in Study 1 by using models trained on those languages.
To do this, we take advantage of a set of models pre-trained
on corpora of Wikipedia text in different languages—a different corpus than that used by CBN (Bojanowski, Grave,
Joulin, & Mikolov, 2016). In Study 2a, we replicate the
original set of CBN findings using the model trained on English Wikipedia; In Study 2b, we apply this method to models
trained on Wikipedia in other languages. We find that the implicit gender biases reported in Study 1 for individual countries are correlated with the biases found in the semantics of
the natural language spoken by those participants.

flowers−insects
(WEAT 1)

gender−science
(WEAT 8)

1

mental−physical
(WEAT 9)
gender−math
(WEAT 7)
race
(WEAT 3−5)

0

age
(WEAT 10)

Caliskan et al. model
Common Crawl (GloVe)
Google News (word2vec)

0

1

2

Effect size (Wikipedia corpus)

Figure 2: Study 2a: Effect sizes for the 10 IAT biases types
(WEAT 1-10) reported in Caliskan et al. (2017; CBN). CBN
effect sizes are plotted against effect sizes derived from the
Wikipedia corpus. Point color corresponds to bias type, and
point shape corresponds to the two CBN models trained on
different corpora and with different algorithms.
bias relevant to our current purposes—we estimate the effect
size to be 1.78, while CBN estimates it as approximately 1.85.

Study 2b: Cross-linguistic gender semantics
With our corpus validated, we next turn toward examining
the relationship between psychological and linguistic gender
biases. In Study 2b, we estimate the magnitude of the gendercareer bias in each of the languages spoken in the countries
described in Study 1 and compare it with estimates of behavioral gender bias from Study 1. We predict these two measures should be positively correlated.
Method For each country included in Study 1, we identified
the most frequently spoken language in each country using
the CIA factbook (2017). This included a total of 31 unique
languages. For a sample of 20 of these languages (see Fig. 3),
we had native speakers translate the set of 32 words from
the gender-career IAT with a slight modification.4 The original gender-career IAT task (Nosek et al., 2002) used proper
names to cue the male and female categories (e.g. “John,”
“Amy”). Because there are not direct translation equivalents
of proper names, we instead used a set of generic gendered
words which had been previously used for a different version
of the gender IAT (e.g., “man,” “woman;” Nosek et al., 2002).
4 The language sample was determined by accessibility to native
speakers, but included languages from a variety of language families.
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Behavioral and
Language−Embedding IAT

French

Finnish

Portuguese

1.1
Japanese
Polish
1.0

German

English

Chinese
Korean

Arabic

Russian
Turkish

Danish

Dutch

Grammar Type

Italian

Hebrew

Spanish

No Gender

Behavioral IAT Gender Bias
(effect size)

1.2

Gender

Behavioral IAT and Grammar Type

Swedish

Persian

0.9

Indonesian

0.25

0.50

0.75

Language−Embedding IAT Gender Bias
(effect size)

Figure 3: Study 2b: Behavioral IAT gender bias from Study 1
presented by language, versus language-embedding IAT gender bias. Language-embedding biases are estimated from
models trained on each language.
Behavioral IAT
Explicit Bias
WPS Index
Language IAT

1.0

1.1

1.2

Behavioral IAT Gender Bias
(effect size)

r = 0.48

0.9

Behavioral IAT

Explicit Bias

WPS Index

.24
.50*
.48*

-.09
.23

.25

Table 1: Correlation (Pearson’s r) for all measures in Studies
1 and 2. Asterisks indicate significance at the .05 level.
We used these translations to calculate an effect size from
the models trained on Wikipedia in each language, using the
same method as in Study 2a. We then compared the effect
size of the linguistic gender bias to the behavioral IAT gender
bias from Study 1, averaging across countries that speak the
same language and weighting by sample size.
Results and Discussion Table 1 presents the correlation between language IAT gender bias estimated from the native
language embedding model and all other measures. Language IAT and Behavioral IAT effect sizes were positively
correlated (r = 0.48; p = 0.03; Fig. 3). Explicit gender bias (r
= 0.23; p = 0.33) and WPS index (r = .25; p = .29) were not
reliably correlated with language gender bias.
Thus, as predicted, we find in Study 2 that countries with a
larger gender bias in the semantics of their language tend to
have speakers with greater implicit gender bias.

Study 3: Gender bias and grammar
The findings in Study 2 are consistent with both the languageas-causal and language-as-reflection hypotheses. In Study 3,
we try to distinguish between the two hypotheses by asking
whether there is a relationship between psychological gender
bias and language along a linguistic dimension that is unlikely

Figure 4: Study 3: Behavioral IAT gender bias from Study
1 as a function of whether participants’ native language encodes gender grammatically. Each point corresponds to a language with outliers shown as triangles (jittered for visibility).
to be a subject of rapid change—namely, grammatical gender.
While of course grammars do change over time, they are less
malleable than the meanings of individual words, and thus
less likely to be affected by psychological biases. We predict,
therefore, that if language causally influences psychological
gender biases, languages that encode gender grammatically
will tend to have larger psychological gender biases.

Method
We coded each of the 31 languages in our sample (Study
1) for grammatical gender. We used a coarse binary coding scheme, categorizing a language as encoding grammatical gender if it made any gender distinction on noun classes
(masculine, feminine, common or neuter), and as not encoding gender grammatically otherwise. We coded this distinction on the basis of the WALS typological database (Feature
32a; Dryer & Haspelmath, 2013) where available, and consulted additional resources as necessary. Our sample included
18 languages with and 13 without grammatical gender.

Results and Discussion
Languages that encode grammatical gender tended to have
speakers with greater psychological gender bias (Study 1; M
= 1.07; SD = 0.08) compared to speakers of languages that
do not grammatically encode gender (M = 1.02; SD = 0.07),
though this difference was not reliable (d = 0.68 [-0.08, 1.45],
t(27.48) = 1.87; p = 0.07; Fig. 4). In a post-hoc analysis, we
excluded outliers located more than two standard deviations
from the group mean (Hungarian and Hindi). With these exclusions, we find a reliable difference between language types
(d = 1.29 [0.44, 2.14]; t(25.02) = 3.43; p < .01).
In addition, we find the same pattern for language IAT
(Study 2), with languages that encode gender grammatically
tending to have larger language IAT gender biases, compared
to those that do not (t(17.68) = 2.18; p = 0.04).
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In sum, Study 3 provides suggestive evidence that grammatical gender predicts implicit gender bias, as predicted by
the language-as-causal hypothesis.

General Discussion and Conclusion
Across three studies, we explore the relationship between a
culturally-constructed norm—gender—and the linguistic encoding of that norm. We find evidence for a close correspondence: Languages that have larger gender biases encoded
in their lexical semantics (Study 2) and have grammatical
gender markers (Study 3) tend to have speakers with larger
implicit gender bias. Study 2 is consistent with both the
language-as-reflection and the language-as-causal hypotheses, but Study 3 is most consistent with the language-ascausal hypothesis. Taken together, the most likely interpretation of our data is that both mechanisms are at play and act
synergistically, such that the way we talk about gender shapes
the way we think about it and the way we think about gender
shapes the way we talk about it.
In addition, our work is the first to report the surprising
positive correlation between implicit gender bias and objective gender equality. The source of this correlation is difficult
to interpret in part because researchers do not agree on the
nature of the construct that the IAT measures or its causal relationship to explicit bias and behavior (Forscher et al., 2016).
One provocative implication, however, is that there is a causal
relationship between individual and institutional sexism. We
speculate that greater gender equality could emerge as a consequence of increased attention to gender inequality, leading
to both objective equality but also increased implicit bias at
the individual level. An important next step for understanding this relationship will be to examine whether this pattern
holds for other types of biases, such as race.
More generally, the task for future work will be to specify the dynamics of the causal mechanisms between language
and cultural norms with more precision. The ultimate goal
is to describe the relative influence of different aspects of
language—semantics and structure—on cultural norms and
vice versa, particularly when children are first acquiring cultural knowledge in development. The data here provide an
early step toward this goal.
All code and data for this project are available at
https://github.com/mllewis/IATLANG
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David Lagnado1 (d.lagnado@ucl.ac.uk)
1 Department

2 Department

of Experimental Psychology, University College London, 26 Bedford Way, London, WC1H 0AP, UK
of Psychological Sciences, Birkbeck, University of London, Malet Street, London, WC1E 7HX, UK
˚
equal contribution
Abstract

C1

Recent research suggests that people do not perform well
on some of the most crucial components of causal reasoning: probabilistic independence, diagnostic reasoning, and explaining away. Despite this, it remains unclear what contexts would affect people’s reasoning in these domains. In
the present study we investigated the influence of manipulating
priors of causes and structural complexity of Causal Bayesian
Networks (CBNs) on the above components. Overall we found
that participants largely accepted the priors and understood
probabilistic independence, but engaged in inaccurate diagnostic reasoning and insufficient explaining away behavior. Moreover, the effect of manipulating priors on participants’ performance in diagnostic reasoning and explaining away was significantly larger in a structurally less complex CBN than in a
structurally more complex CBN.
Keywords: Explaining Away; Diagnostic Reasoning; Prior
probability; Causal Bayesian Networks; Network Complexity;
Interpretations of Probability; Propensity
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Figure 1: (a) 3-node CBN and (b) 5-node CBN
0q). Following this, the normative theory of CBNs dictates
how one should compute and infer the probability of any variable(s) in the network being present/absent given any other
variable(s) being present/absent.
Note that the common effect model does not always lead to
explaining away and that the explaining away pattern emerges
only when the following inequality applies (Wellman & Henrion, 1993):

Introduction
Explaining away is a pattern of inference that occurs in situations where independent causes compete to account for an
effect and is best understood in two stages.1 First, an effect
is observed (e.g. a barn is burned down) and via diagnostic
reasoning we update (increase) the probability of each cause
(e.g. careless smoking and faulty electrical wiring). Subsequently, once we observe the presence of one cause (faulty
electrical wiring) we update (decrease) the probability of the
other cause (careless smoking), and we say that faulty electrical wiring explains away the the observation of the burnt barn.
Conversely, if we were to find out about the absence of one
cause (good electrical wiring), we would update (further increase) the probability of the other cause (careless smoking).
This pattern of inference is found in a wide range of contexts
including social attribution, medical diagnosis, and legal domains (Kelley, 1973; Rottman & Hastie, 2016), rendering it a
pivotal building block of causal reasoning.
Situations that involve explaining away can be modeled using Causal Bayesian Networks (CBNs) (Pearl, 2009). Figure 1a illustrates a common effect model, where two causes
(modeled as variables C1 and C2 ) independently cause an effect (modeled as a variable E). To fully parametrize the CBN
one needs to specify the prior probabilities of the two causes
(i.e. PpC1 “ 1q and PpC2 “ 1q2 ) as well as the conditional
probabilities of the effect given the presence and/or absence
of each cause (i.e. PpE “ 1 | C1 “ 1, C2 “ 1q, PpE “ 1 | C1 “
1, C2 “ 0q, PpE “ 1 | C1 “ 0, C2 “ 1q, PpE “ 1 | C1 “ 0, C2 “

PpE “ 1 | Ci “ 0, C j “ 0q PpE “ 1 | Ci “ 1, C j “ 0q
†
(1)
PpE “ 1 | Ci “ 0, C j “ 1q PpE “ 1 | Ci “ 1, C j “ 1q
From Inequality (1) it follows (see Morris & Larrick,
1995):
PpCi “ 1 | E “ 1, C j “ 1q † PpCi “ 1 | E “ 1q
(2)
† PpCi “ 1 | E “ 1, C j “ 0q
The inequalities in (2) follow the general intuition of explaining away reflected in the aforementioned barn example and
serve as a definition of explaining away (see Rehder & Waldmann, 2017; Rottman & Hastie, 2016).
Studies investigating people’s ability to correctly engage in
explaining away, applying the ‘stricter’ definition presented
above by the inequalities in (2), have so far yielded mixed
findings. Overall, results suggest that people tend to explain
away either ‘insufficiently’ or not at all (Fernbach & Rehder, 2013; Morris & Larrick, 1995; Rehder & Waldmann,
2017; Rottman & Hastie, 2016). Some studies have also reported results opposite to explaining away, i.e. PpCi “ 1 | E “
1, C j “ 1q ° PpCi “ 1 | E “ 1, C j “ 0q (Fernbach & Rehder,
2013; Rehder, 2014). Hence, it remains unclear under what
circumstances explaining away displays itself.
1A

related concept to explaining away is discounting (for difference
between the concepts see Rehder & Waldmann, 2017; Rottman &
Hastie, 2014). In this paper, however, we are only going to address
explaining away.
2C “ 1 and E “ 1 indicate that the cause C and effect E are present,
i
i
respectively.
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One of the major shortcomings in the extant literature is
that very few studies allow direct comparisons to be made
between participants’ inferences and the normative model
since the prior probabilities were not explicitly established.
Even among the studies where priors are given, participants
were expected to infer or to calculate them (Rehder & Waldmann, 2017; Rottman & Hastie, 2016). Moreover, it is unclear whether in these studies participants accepted the priors
given to them. Following Rottman and Hastie’s (2016) approach, we manipulated the prior probabilities of the causes
so that they were either ‘medium’ or ‘low’. We addressed the
aforementioned shortcomings by explicitly giving prior probabilities to participants without the need for calculations and
by asking direct questions to gauge whether these priors were
accepted.
Studies that report participants’ insufficient or inexistent
explaining away, likewise report violations of the Markov
parental condition, i.e. PpCi “ 1 | C j “ 1q ° PpCi “ 1 | C j “
0q (Rehder, 2014; Rehder & Waldmann, 2017; Rottman &
Hastie, 2016). In common effect structures such as that of
Figure 1a, the Markov parental condition stipulates probabilistic independence between the two causes (C1 and C2 )
when the state of the effect (E) is unknown (Pearl, 2009).
Studies that draw conclusions on explaining away whilst reporting a violation of probabilistic independence are problematic, since this independence is one of the necessary conditions for explaining away. It has been proposed that the
violation could be due to participants assuming that variables are related by another implicit underlying common
cause, or holding a priori beliefs about the correlation of the
causes (Rehder & Burnett, 2005). In the present experiment
we reverted to a simple coin-tossing scenario (Pearl, 2009)
that should minimize participants’ susceptibility to these issues as coin toss outcomes are intuitively independent of one
another.
Another potential drawback apparent in the existing explaining away literature relates to the manner with which
probability estimates are elicited from participants. For instance, studies including questions relating to diagnostic reasoning often request probability estimates of a cause given an
effect PpCi | Eq, but do not ask participants to consider the
relation and direction of change of this probability compared
to the prior probability of the cause. To rectify this issue, in
the present study, participants were asked a qualitative question, e.g. whether PpC1 | Eq is less than, greater than or equal
to PpC1 q, followed by a quantitative question asking them to
provide a probability estimate of e.g. PpC1 | Eq. Given that
explaining away is a relational concept (inequalities in (2)),
asking both types of questions (i) ensures that we remained
true to the strict definition of explaining away, (ii) facilitated
the elicitation of probabilistic judgments in the context of explaining away, and (iii) increased the informativeness of our
data.
We also explored intercausal reasoning in a more complex 5-node structure (see Figure 1b), originally introduced

by Wellman and Henrion (1993). This allowed us to determine whether the existing findings of explaining away are restricted to 3-node structures (Figure 1a), or if they also extend
to more complex structures. Given the added complexity, we
expected the performance of participants who are asked to
reason with the 5-node structure to explain away less than participants reasoning with the 3-node structure. Introducing a
5-node structure (Figure 1b) additionally enabled us to distinguish between direct explaining away—i.e. explaining away
discussed thus far— and chained explaining away (Wellman
& Henrion, 1993), where, assuming that we know E1 “ 1 and
E2 “ 1, learning C1 “ 1 decreases the probability of C2 “ 1,
which in turn increases the probability of C3 “ 1.

Experiment Overview

In the present experiment we investigated the influence of manipulating priors and structural complexity on independence,
diagnostic reasoning, and explaining away. Participants were
required to reason with one of four models.3 Model 1 was
a 3-node structure where P1 pC1 “ 1q “ P1 pC2 “ 1q “ 0.5,
Model 2 was a 3-node structure where P1 pC1 “ 1q “ 0.2 and
P1 pC2 “ 1q “ 0.1, Model 3 was a 5-node structure where
P3 pC1 “ 1q “ P3 pC2 “ 1q “ P3 pC3 “ 1q “ 0.5 and finally
Model 4 was a 5-node structure where P4 pC1 “ 1q “ 0.1,
P4 pC3 “ 1q “ 0.2, and P4 pC3 “ 1q “ 0.1. In all four models
the presence of one cause entailed the presence of the effect—
PpE “ 1 | Ci “ 1, C j “ 1q “ PpE “ 1 | Ci “ 1, C j “ 0q “
PpE “ 1 | Ci “ 0, C j “ 1q “ 1—and absence of both causes
entailed absence of the effect—PpE “ 1 | Ci “ 0, C j “ 0q “ 0.
This resulted in the base rate for the effect PpE “ 1q “ 0.75
in models with medium priors and PpE “ 1q “ 0.28 in models with low priors. We predicted that these deterministic relations between causes and effect(s) would further facilitate
both diagnostic and explaining away reasoning.

Participants

Methods

A total of 204 participants (NMALE “ 81, MAGE “ 37 years)
were recruited from Prolific Academic (www.prolific.ac).
All participants were native English speakers who gave informed consent and were paid $1.25 for partaking in the
present study, which took on average 16.7 minutes to complete. Seven participants were excluded as they answered incorrectly to the catch trial, leaving a total of 197 participants
in the analyses.

Design and Materials
A mixed-subjects design was adopted. Participants were
randomly assigned to one of four groups (NGroup 1 “ 51,
NGroup 2 “ 47, NGroup 3 “ 49, NGroup 4 “ 50). They were all
given the same coin-tossing cover story wherein simultaneously tossed coins (C; binary variable, assumes the value
of either H or T) in separate rooms could lead to a light
bulb (LB) switching on in a different unit depending on the
outcome of the toss (if at least one coin lands Heads, the
3 By
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a model we mean a structure that has been fully parameterized.

light bulb turns on). Each Group i was assigned a Model
i (where i P t1, 2, 3, 4u) and asked to complete an inference
questionnaire (Models 1 and 2, Nquestions “ 10; Models 3 and
4, Nquestions “ 17).

Procedure

Participants in each group were initially presented with the
cover story and subsequently given information on their
model (i.e. variables present, the priors of coins, and causal
relationships within the model). This was done in both textual
form and in visual form (graphical representation). Moreover,
participants were provided with a textual account by which
each cause could independently bring about the effect.
Subsequently, each participant proceeded to complete
the inference questionnaire. Although the questions varied
among groups, they were all nested within the same inference types (see Table 1) and were presented in the same order.
Participants firstly answered questions regarding prior probabilities of causes, secondly regarding independence of causes,
thirdly regarding diagnostic reasoning, and finally regarding
explaining away. Inferences besides those present in the table
were asked, but will not be discussed at present.
To investigate participants’ diagnostic and explaining away
reasoning, we asked questions in both qualitative and quantitative formats. For example, participants in Groups 1 and 2,
after finding out that the light bulb is on, were asked both a
qualitative diagnostic reasoning question: “Does the probability that Coin 1 landed Heads change after you find out that
the light bulb turned on?” and a quantitative diagnostic reasoning one: “What do you now think is the probability that
Coin 1 landed Heads?”. Qualitative questions were presented
in a multiple choice format with three options: the probability increases, decreases, and stays the same. Quantitative
questions required participants to provide their probabilistic
estimate on a slider with a scale ranging from 0% to 100%.
Questions relating to prior probabilities of the causes were
asked only in the quantitative format, whereas questions relating to independence of the causes were asked solely in the
qualitative format. In addition, some questions prompted participants to provide written explanations for their answers.
Throughout the questionnaire, evidence about the state
of the variables was provided to participants both textually
(e.g. “You walk into Room 1 and see that the light bulb is
on.”) as well as with an updated graphical representation of
the model.

Overall Performance

Results

An overall performance score was computed per participant4
and subsequently converted to a percentage score. An average percentage score was obtained for each group. A
Kruskal-Wallis H test showed no statistically significant difference in the average percentage score across the four groups
(MGroup 1 “ 33.2%, MGroup 2 “ 44.4%, MGroup 3 “ 34.4%,
MGroup 4 “ 33.7%, c2 p3q “ 3.37, p “ 0.34).
To determine whether the average percentage scores differed from the chance level we ran 10,000 simulations per

model.5 These allowed us to conclude that, within each
model, obtaining an average percentage score greater than
or equal to that of participants’ was highly unlikely (p †
0.0001). According to the simulations, the average percentage score at the chance level was 23.8% for Models 1 and 2
and 24.3% for Models 3 and 4.

Priors
Fisher’s Exact test showed a significant difference in the percentage of participants who correctly answered6 all questions related to priors across the four models, p † 0.0001.
More specifically, pairwise comparisons7 showed that Group
1 (100%) significantly differed from both Group 2 (47%),
p † 0.0001 and Group 4 (52%), p † 0.0001. In addition,
Group 3 (94%) significantly differed from both Group 2,
p † 0.0001 and Group 4, p † 0.0001. This suggests that participants accepted priors of causes given to them notably more
when they were medium, than when they were low. However,
even in groups that were given low priors, a notable portion
of participants simply confused the probability of Tails with
the probability of Heads (which can be seen from Figure 2).

Independence
The percentage of participants who correctly answered all
questions related to independence (see Table 1) was 96% in
Group 1, 81% in Group 2, 100% in Group 3, and 94% in
Group 4. These were notably higher than the chance level of
p1{3q2 « 11% (i.e. randomly selecting the correct answer to
each of the two multiple choice questions with three options)
in Groups 1 and 2 and p1{3q3 « 4% (i.e. randomly selecting
the correct answer to each of the three multiple choice questions with three options) in Groups 3 and 4. Overall, the vast
majority of participants correctly reported probabilistic independence between causes regardless of the model they were
assigned to. This implies that there was no violation of the
Markov condition in any of the groups.

Diagnostic Reasoning

The percentage of participants who correctly answered both
qualitative questions related to diagnostic reasoning (see Table 1) was 6% in Group 1, 42.5% in Group 2, 20.4% in Group
4 For

questions about prior probabilities, participants received 0.5
(0.25) points if their answer was within ˘5% (˘10%) of the stated
prior probability; otherwise, they received 0 points. For questions
about independence, participants received 1 point if correctly answered, otherwise 0. For all other qualitative questions, participants received 2 points if correctly answered, otherwise 0. To avoid
artificial inflation of scores, whereby a participant gave a (close to)
correct probability estimate but for the wrong reason, quantitative
questions were conceived as bonus point questions: a participant
received 1 (0.5) point if his/her answer was within ˘5% (˘10%)
of the normative answer and if s/he has correctly answered the corresponding qualitative question; otherwise, s/he received 0 points.
5 One simulation per Model i is N
Group i agents (number of participants in Group i) randomly choosing answers, which were then
scored and the average percentage score for the whole Model i is
taken.
6 An answer is considered to be correct if it falls within ˘5% interval
of the stated prior probability.
7 All pairwise comparisons used adjusted a “ 0.008.
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Table 1: Key inferences per group.
Inference Type
Priors

Key Inferences

Group 1 and 2
P1,2 pC1 “ Hq, P1,2 pC2 “ Tq

Independence

P1,2 pC2 “ H | C1 “ Hq, P1,2 pC1 “ H | C2 “ Tq

Diagnostic Reasoning

P1,2 pC1 “ H | LB “ onq, P1,2 pC2 “ H | LB “ onq

Explaining Away

P1,2 pC1 “ H | LB “ on, C2 “ Hq
P1,2 pC2 “ H | LB “ on, C1 “ Hq
P1,2 pC2 “ H | LB “ on, C1 “ Tq

3, and 30% in Group 4 (the chance level is p1{3q2 « 11%).
Fisher’s Exact test showed that these percentages significantly differed across the four groups, p “ 0.0001. Pairwise
comparisons showed the only significant differences (a “
0.008) were between Group 1 and both Group 2, p † 0.0001
and Group 4, p “ 0.002. The percentage of participants who
correctly8 answered both quantitative questions related to diagnostic reasoning was 0% in Group 1, 11% in Group 2, 10%
in Group 3 and 8% in Group 4. Fisher’s Exact test showed no
significant difference between the groups, p “ 0.07.
These findings suggest that manipulating prior probabilities affected participants’ accuracy on qualitative questions
relating to diagnostic reasoning more in the simple 3-node
model than in the complex 5-node model. The same effect
was not found in relation to performance on quantitative diagnostic reasoning questions.

P3,4 pC2 “ H | C1 “ Hq, P3,4 pC3 “ H | C2 “ Tq,
P3,4 pC3 “ H | C2 “ Hq

P3,4 pC1 “ H | LB1 “ onq, P3,4 pC2 “ H | LB1 “ onq
Direct: P3,4 pC2 “ H | LB1 “ on, C1 “ Hq
P3,4 pC2 “ H | LB1 “ on, LB2 “ on, C1 “ Hq
P3,4 pC2 “ H | LB1 “ on, LB2 “ on, C1 “ Tq
Chained: P3,4 pC1 “ H | LB1 “ on, LB2 “ onq
P3,4 pC3 “ H | LB1 “ on, LB2 “ on, C1 “ Hq

Table 2: Within group explaining away.
Norm. diff. = normative difference, Emp. diff. = empirical
difference, 95% CI of emp. diff. = 95% CI of empirical difference.
Inferences10
Group 1
A´B
C´B
A1 ´ B1
Group 2
A´B
C´B
A1 ´ B1
Group 3
D´E
F´E
D1 ´ E1
Group 4
D´E
F´E
D1 ´ E1

Explaining Away
Direct The percentage of participants who correctly answered all three qualitative questions related to direct explaining away (see Table 1) was 2% in Group 1, 25.5% in
Group 2, 6% in Group 3, and 4% in Group 4 (the chance
level is p1{3q3 « 4%). Fisher’s Exact test showed that these
percentages significantly differed across the four models,
p “ 0.0004. Pairwise comparisons revealed significant differences (a “ 0.008) between Group 2 and both Group 1,
p “ 0.006 and Group 4, p “ 0.003.
Hence, similarly to the findings regarding diagnostic reasoning, there was a significantly larger difference in accuracy
on qualitative questions relating to direct explaining away
between groups reasoning with 3-node models than between
groups reasoning with 5-node models.
A repeated measures ANOVA with a Greenhouse Geisser
correction showed a significant difference in the average
probability estimates related to quantitative direct explaining away questions within Group 1, Fp1.5, 75.6q “ 22.7, p †
0.0001; within Group 2, Fp2.3, 105.6q “ 31.56, p † 0.0001;
within Group 3, Fp2.05, 98.5q “ 63.3, p † 0.0001 and within
Group 4, Fp2.2, 109.9q “ 17.4, p † 0.0001. Post-hoc paired
t-tests on pairs of inferences (see Figure 3) allowed us to obtain 95% CI of the difference in the average probability estimates between inferences9 (see Table 2).

Group 3 and 4
P3,4 pC1 “ Hq, P3,4 pC2 “ Tq, P3,4 pC3 “ Hq

Norm. diff.

Emp. diff.

95% CI of emp. diff.

17
50
17

´1.2
24.2
0.8

r´5, 2.4s
r14.1, 34.3s
r´3.3, 4.9s

26
90
51

11.3
46.2
13.9

r4.2, 18.4s
r32.4, 59.9s
r7.3, 20.5s

17
50
13

5.7
33.3
2.1

r2.8, 8.5s
r26.6, 39.8s
r´0.7, 4.9s

51
80
25

6.3
31.9
7.3

r´0.1, 12.7s
r19.4, 44.4s
r3.2, 11.3s

Comparing answers to quantitative questions showed there
was no sufficient explaining away in any group, since the normative difference was not included in any of the 95% CI in
Table 2. However, different levels of insufficiency were found
between the groups. Only in Group 2 was the amount of explaining away greater than zero in all three comparisons.
Welch’s ANOVA was run on the average estimate given to
inferences C/F (see Figure 3) across all models (MGroup 1 “
76.9%, MGroup 2 “ 78.3%, MGroup 3 “ 82.9%, MGroup 4 “
67.1%). Results showed no significant difference in participants’ average probability estimate on these inferences between models, Fp3, 105.7q “ 2.3, p “ 0.08. In addition, each
group’s average estimate was significantly lower than the re8 Answer

falls within ˘5% interval of the normative answer.
interpretation: lower bound = whether the amount of explaining
away is significantly higher than zero; upper bound = whether the
amount of explaining away is significantly lower than the normative
amount (see Rottman and Hastie, 2016).
10 A1 : P pC “ H | LB “ onq, B1 : P pC “ H | LB “ on, C “ Hq,
1,2 1
1,2 1
2
D1 : P3,4 pC2 “ H | LB1 “ on, LB2 “ onq, E1 : P3,4 pC2 “ H | LB1 “
on, LB2 “ on, C1 “ Hq. A1 , B1 , D1 , and E 1 are not illustrated in
Figure 3.
9 CI
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spective normative answer to inferences C/F, namely 100%
(see Figure 3).
Chained The percentage of participants who correctly answered all qualitative questions related to chained explaining
away (see Table 1) was 4% in Group 3 and 8% in Group 4 (the
chance level is p1{3q2 « 11%). Fisher’s Exact test showed
that these percentages did not significantly differ, p “ 0.36.
This suggests that manipulating priors did not affect participants’ accuracy in qualitative questions relating to chained
explaining away. In addition, after collapsing Groups 3 and 4,
an exact McNemar’s test showed no significant difference between the proportion of participants who correctly answered
qualitative questions related to direct explaining away (5%)
and those who correctly answered qualitative questions related to chained explaining away (4%), p “ 1.
Finally, within each group, we identified participants who
correctly answered both qualitative questions related to diagnostic reasoning and compared their average performance
score on subsequent explaining away questions, to that of
participants who incorrectly answered at least one qualitative question related to diagnostic reasoning. A Welch t-test
showed a significant difference between the average performance scores within Group 2, tp29q “ 4.76, p † 0.0001;
Group 3, tp10q “ 3.5, p “ 0.006 and Group 4, tp22q “ 3.4,
p “ 0.002. No significant difference was found within Group
1, tp2q “ 1.52, p “ 0.26. This suggests that correct qualitative
diagnostic reasoning is predictive of better performance on
explaining away, although this does not hold for participants
who reasoned with a simple 3-node structure with medium
priors (Group 1), which can be attributed to the fact that only
3 participants in Group 1 correctly answered both diagnostic
reasoning questions.

Discussion

In the present study we investigated the impact of manipulating prior probabilities of the causes and structural complexity
on independence, diagnostic reasoning, and explaining away.
Overall, participants accepted priors of causes in all conditions. In stark contrast to the existing literature (Rehder,
2014; Rehder & Waldmann, 2017; Rottman & Hastie, 2016),
we found no violation of the Markov condition in any of the
groups, implying that one of the crucial assumptions of explaining away was satisfied across all groups. This suggests
that an understanding of probabilistic independence might be
contingent on the particular cover story used (i.e. coin tossing) and/or how participants were asked about the independence (i.e. qualitative relational questions).
Manipulating prior probabilities significantly affected performance on qualitative questions related to diagnostic reasoning as well as direct explaining away, in 3-node models
but not in 5-node models. More specifically, Group 2 performed better than all other groups in questions related to
qualitative diagnostic reasoning and explaining away. However, more pronounced explaining away behavior was expected in Group 2 since Model 2 normatively required the
largest amount of explaining away (see Figure 3).

In line with the previous research on explaining away
(Rehder & Waldmann, 2017; Rottman & Hastie, 2014, 2016),
insufficient direct explaining away was observed within all
groups when comparing answers to quantitative questions.
Notably, participants reasoning with a 3-node model with low
priors (Group 2) performed better than participants in other
conditions in quantitative explaining away questions (see Table 2), mirroring the findings of Rottman and Hastie (2016).
Taken together, participants’ answers to both qualitative and
quantitative questions seem to suggests that a 3-node structure with low priors bolsters accurate explaining away reasoning.
By adding structural complexity we were able to investigate the unexplored phenomenon of chained explaining
away (Wellman & Henrion, 1993). Amongst participant
groups reasoning with 5-node models, we did not find a difference in performance between direct and chained explaining away.
Another interesting finding relates to the ‘diagnosticity’ of
diagnostic reasoning. Namely, our results are the first to suggest that correct qualitative diagnostic reasoning is predictive of better performance on explaining away. Additionally,
we found that a significant proportion of participants in each
group remained at their initial (prior) probability estimates of
the causes throughout the questionnaire, i.e. did not update
the probabilities of the causes given evidence. This was most
pronounced in Group 1 where 76% of participants did not
update the probabilities of the causes; in the other groups, although less pronounced, the proportion was still surprisingly
high: 38% in Group 2, 49% in Group 3, and 32% in Group 4.
A possible explanation of the findings discussed thus far
is that a significant number of participants interpreted the
probabilities in our cover story as propensities. A propensity can be thought of as a tendency of a physical system to
produce a certain outcome (see Hájek, 2012; Popper, 1959).
Since our cover story included a coin-tossing mechanism that
tosses coins with an established probability for Heads/Tails, it
is plausible that some participants interpreted updating probabilities in diagnostic reasoning and explaining away questions
as a request to update the coin propensities that were first
given to them (i.e. to update the tendency of a coin-tossing
mechanism to produce a certain outcome). As intuitively
these coin biases (propensities) stay the same, there is no incentive to change these—that people intuitively differentiate
amongst the interpretations of probability has been suggested
in Kahneman and Tversky (1982) and evidentially supported
in Fox and Ülkümen (2011). Moreover, the propensity interpretation may be even more pronounced given the phrasing of the questions (see Procedure) in our questionnaire (see
Ülkümen, Fox, & Malle, 2016). This propensity interpretation would then account for the aforementioned significant
portion of participants who did not update the probabilities
throughout the questionnaire.
Further evidence for the hypothesis that a significant number of participants interpreted probabilities as propensities,
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Figure 2: Distribution of prior probabiliFigure 3: Explaining away inferences. Error bars are 95% confidence intervals.
ties. Black lines are stated priors.
is performance on explaining away inferences C/F (see Figure 3). Here, a significant number of participants did not update the probability to 100% despite the fact that it was a logical and intuitive update to make. In addition, this hypothesis could also partly explain overall poor performance on
diagnostic reasoning and explaining away across groups. It
would then follow that the smaller portion of participants who
exhibited accurate diagnostic reasoning and explaining away,
did not interpret probabilities as propensities, but rather might
have adopted an epistemic (subjective) interpretation. Results
from Study 1 found in Morris and Larrick (1995) where participants interpreted probabilities in an epistemic (subjective)
way and did fairly well on diagnostic reasoning and explaining away questions support this claim.
However, we believe that participants’ differential interpretation of probability is only part of the explanation of
poor/good performance in diagnostic reasoning questions in
the present study. Namely, even participants who were given
low priors and who correctly answered qualitative diagnostic reasoning questions by indicating an increase in probability, gave quantitative estimates of 50% for all causes or a
more sophisticated 66% and 33%, depending on the priors
of the causes. This then suggests that if the prior probabilities of the causes were high (e.g. 90% and 80%), following
the same reasoning, participants would decrease these probabilities, contrary to the normative model. This hypothesis
should be tested in further research. In addition, the above
discussion points can inform a novel study whereby participants adopt a solely epistemic interpretation of probability
when making inferences on independence, diagnostic reasoning, and explaining away.
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Abstract
A large literature has demonstrated an abnormal sense of
agency (SOA) in schizophrenic individuals. One limitation of
such studies is that they focus exclusively on cognitive or
perceptual judgments, thus failing to address affective aspects
of SOA. In our recent work, we have used instrumental
divergence – the distance between outcome probability
distributions associated with available actions – as a formal
measure of agency, demonstrating an influence of this novel
decision variable on behavioral choice preferences and
associated neural computations in neurotypical adults. Here,
we show that the preference for high instrumental divergence
(i.e., for high-agency environments) is significantly
modulated by individual differences in positive and negative
schizotypy dimensions. Implications for future assessments
of clinical populations are discussed.
Keywords: Instrumental divergence; Agency; Schizotypy,
Utility

Introduction
The ability to exert voluntary control over one’s
environment is a central feature of adaptive decision-making
and a hallmark of intelligent systems. It is not surprising,
then, that a range of affective and cognitive disorders are
characterized by an abnormal sense of agency (SOA)1-8.
Schizophrenic individuals, in particular, differ from healthy
controls in their self vs. external attributions of events, as
well as in the degree of intentional binding – a perceived
compression of the time interval between an action and its
consequence1-5. While operational definitions of agency
and volition differ across such findings, they share some
fundamental limitations: First, they often conflate the
estimation or representation of an action-outcome
contingency with the subjective experience of volitional
control. Second, they focus exclusively on cognitive or
perceptual judgments, thus failing to address affective
aspects of SOA. In our recent work, we have used
instrumental divergence – the distance between outcome
probability distributions associated with available actions –
as a formal measure of agency, demonstrating an influence
of this novel decision variable on behavioral choice
preferences and associated neural computations in
neurotypical adults9,10. Here, we assess the relationship
between effects of instrumental divergence and individual
differences in schizotypal traits.

To illustrate the significance of instrumental
divergence, consider the two scenarios represented in
Figures 1A and 1B respectively, each of which entails two
available actions, A1 and A2, and the transition probabilities
of each action into three potential outcome states, O1, O2
and O3. Note that, if the utilities of O1 and O3 are the
same, then according to conventional accounts of economic
choice – from rational choice theory to prospect theory and
reinforcement learning theory – all actions depicted in
Figure 1 have the same expected utility: Consequently, there
should be no preference for one scenario over the other.
And yet, if one considers the dynamic nature of subjective
outcome utilities, the two scenarios clearly differ. For
example, imagine that O1 and O3 represent food and water
respectively, and that, at the point of choosing between the
two scenarios, you are as hungry as you are thirsty,
rendering both outcomes equally attractive. However, after
a large meal without a drop to drink, your desire for O3
would likely be greater than that for O1; conversely, having
thoroughly quenched your thirst, you would prefer O1.
Unlike the scenario illustrated in Figure 1A, the high
instrumental divergence in Figure 1B allows you to produce
the currently desired outcome a)as preferences change, by
switching between actions: Thus, as instrumental
divergence increases, so does the degree of agency and,
consequently, the opportunity to maximize long-term
A2
reward.
A1
O1

a)A

b)

O1

O2
O2

O3

A1

O2

O3

B

A2

O1

O2
O2

O3

A1

A2

Figure 1. Probability distributions over three potential outcomes (O1, O2 & O3)
for two available actions (A1 & A2) across which instrumental divergence is
b)
Figure 1: Probability distributions over three potential
zero (1A) or high (1B).

outcomes (O1, O2 & O3) for two available actions (A1 &
A2) across which instrumental divergence is either zero (1A)
or high (1B).
A1

A2

O3
O2
InO1 previous
work, we have demonstrated a clear
preference for the scenario depicted in Figure 1B over that
in Figure 1A, and have dissociated this influence of
instrumental divergence from that of other motivational and
information theoretic factors, including expected utility,
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outcome entropy, outcome diversity and free vs. forced
choice 9. We have also identified a neural signal scaling
with instrumental divergence in the supramarginal gyrus of
the inferior parietal lobule 10, a brain region known to differ
volumetrically across schizophrenic and neurotypical
individuals 11-15. In the current study, to clarify the nature
of aberrant SOA in schizophrenia, particularly with respect
to its role in motivated behavior, we relate the behavioral
preference for high instrumental divergence to dimensions
of schizotypy.

Methods
Participants Sixty undergraduates at the University of
California, Irvine (47 females; mean age = 21.3 ± 2.7)
participated in the study for course credit. All participants
gave informed consent and the study was approved by the
Institutional Review Board of the University of California,
Irvine.
Press à for
Press ß for
OR
Room 6
Room 2
A1 v. A2

A1 v. A3

Self-Play

Auto-Play

..
.

Figure 2: Task illustration, showing the room-choice screen
at the beginning of a gambling round (left) and the choice
(middle) and feedback (bottom) screens on a trial inside the
selected room.
Task & Procedure The task is illustrated in Figure 2 and
described in detail in 9. Briefly, participants were instructed
that they would assume the role of a gambler in a casino,
playing a set of four slot machines (respectively labeled A1
through A4) that yielded three distinctly colored tokens
(blue, green and red), each worth a particular amount of
money, with different probabilities. In each of several
gambling rounds, they were required to first select a room in
which only two slot machines are available, knowing that
they would be restricted to gamble only on the machines
available in the selected room on several, 4-6, subsequent
trials within that round.
Two distinct probability
distributions over the three possible token outcomes were
used with the assignment of outcome distributions to slot
machines being such that two of the slot machines (either

A1 and A2 or A1 and A3, counterbalanced across subjects)
always shared one distribution, while the other two slot
machines shared the other distribution. This yielded a low
(zero) outcome divergence for rooms in which the two
available slot machines shared the same probability
distribution (as in Figure 1A), and a high (0.49) outcome
divergence for rooms in which slot machines had different
outcome probability distribution (as in Figure 1B). The
primary measure was the decision at the beginning of each
round, between a high- and zero-divergence room: If a high
degree of agency has intrinsic value, participants should
prefer rooms with relatively high instrumental divergence.
While the action-token probabilities (which were pretrained to criterion prior to gambling; see 9) remained the
same throughout the task, the monetary values of the tokens
changed intermittently (every 4th round on average).
Consequently, although changes in value were explicitly
announced, and the current values of tokens always printed
on their surface (to facilitate the computation of expected
utilities), a participant might find themselves in a room in
which the expected utilities of the two available slot
machines had suddenly been altered. These changes in
token values served three purposes: First, they mimicked
dynamic changes in the subjective utility of natural rewards.
Second, they provided important criterion checks,
confirming that participants were sensitive to differences
in expected pay-offs, thus allowing an interpretation of
performance in terms of classical theories of economic
choice. Finally, they allowed us to vary expected monetary
values in the opposite direction of instrumental divergence,
pitting conventional reward against the value of flexible
instrumental control.
Previous work has demonstrated a significant preference
for perceptual diversity among obtainable outcomes 16,17. In
our task, the perceptual diversity of obtainable tokens was
greater in high- than in zero-divergence rooms.
Specifically, in zero-divergences rooms, there was a high
probability of obtaining a blue token, a relatively low
probability of obtaining a red token and a zero probability of
obtaining a green token, with token colors counterbalanced
across participants. In contrast, in high-divergence rooms,
participants were able to obtain blue, red and green tokens,
by switching between actions across trials. Consequently,
even when the expected monetary gain of high- and zerodivergence rooms were identical, the perceptual diversity of
obtainable outcomes was greater in high- than in zerodivergence rooms. One way to address the imbalance in
perceptual diversity would be to make the outcome
distributions in the zero-divergence rooms uniform, which
maintains zero divergence while maximizing perceptual
diversity. However, uniform outcome distributions would
also yield maximum uncertainty about which outcome will
occur given performance of an action; a serious confound
given the reliably demonstrated aversion towards
uncertainty (or risk) in human decision-making 18.
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Here, instead, we address differences in perceptual
diversity using a self- vs. auto-play manipulation. Imagine
that you are allowed to choose between a high- and zerodivergence gambling room, but that once you make your
selection, a computer algorithm chooses between available
slot machines selecting each equally often by alternating
across trials. Given such absence of voluntary choice, the
high-divergence room no longer yields greater instrumental
divergence (since in the absence of free choice, neither the
high- nor zero-divergence condition can be considered
instrumental) but still yields greater perceptual diversity
than zero-divergence rooms. Consequently, if choices are
driven by a desire to maximize perceptual diversity, rather
than instrumental divergence, they should not differ
depending on whether the participant or an alternating
computer algorithm chooses between the slot machines in a
room. In the current study, one room option was always
self-play – participants choose freely between slot machines
available in the selected room – and the other option was
always auto-play – a computer algorithm alternated between
machines across trials – as indicated by labels printed below
options on the room-choice screen (see Figure 2). We
predicted that, consistent with Mistry & Liljeholm 9,
participant would prefer a high divergence room when it
was self-play but not when it was auto-play, and a self-play
room when it had high divergence but not when it had zerodivergence.
Recall that, in addition to differing in terms of self- vs.
auto-play, and high vs. zero divergence, the two room
options presented on the initial choice screen could differ in
terms expected monetary pay-offs.
Importantly, all
monetary amounts were fictive, and participants were
instructed at the beginning of the experiment that they
would not receive any actual money upon completing the
study. Nonetheless, given the previously demonstrated
correspondence between real and fictive monetary rewards,
in both behavioral choice and neural correlates 19-21, we
predicted that participant’s choice preferences would reflect
sensitivity to monetary pay-offs. As noted, such sensitivity
allowed us both to interpret performance in terms of
classical theories of economic choice, and to assess a tradeoff between instrumental divergence and monetary gain. Of
primary interest, however, was the assessment of whether
the preference for high instrumental divergence, previously
demonstrated by Mistry & Liljeholm 9, would be modulated
by individual differences in schizotypal traits, assessed, as
detailed below, by the O-LIFE questionnaire.
The O-LIFE Questionnaire The Oxford-Liverpool
Inventory of Feelings and Experiences (O-LIFE) is a fourscale questionnaire intended to assess dimensions of
schizotypy 22, with scales corresponding, respectively to
“unusual experiences”, “cognitive disorganization”,
“introvertive anhedonia”, and “impulsive non-conformity”.
In particular, unusual experiences and introvertive
anhedonia are phenomenologically related, respectively, to
positive and negative symptoms of schizotypy and, thus, are
of primary interest here. Specifically, we hypothesized that

differences along each of these two dimensions would
predict individual differences in the preference for
instrumental divergence (i.e., for a combination of highdivergence and self-play). The O-LIFE questionnaire was
administered either immediately before or immediately after
the gambling task, counterbalanced across participants.
Computational Variables As in Mistry & Liljeholm 9, we
formalize instrumental divergence as the Jensen-Shannon
(JS) divergence 23 of the token probability distributions for
the two slot machines available in a given room. Let P1 and
P2 be the respective token probability distributions for the
two machines available in a given room, let O be the set of
possible token outcomes, and P(o) the probability of a
particular token outcome.
The instrumental (JensenShannon) divergence is:
ID =

⎛ P (o) ⎞
⎛ P (o) ⎞
1
1
log ⎜ 1 ⎟P1 (o) + ∑ log ⎜ 2 ⎟P2 (o),
∑
2 o∈O ⎝ P* (o) ⎠
2 o∈O ⎝ P* (o) ⎠

where
P* =

1
( P1 + P2 )
2

Note that instrumental divergence is defined with respect
to the sensory, rather than motivational, features of
outcome states – since subjective utilities are constantly
changing, motivational features are intrinsically unstable
as a basis for agency – and with respect to distributions
associated with available action alternatives, rather than
observed actions or Pavlovian cues – since only freely
chosen actions confer agency and flexible instrumental
control.
We defined the expected monetary value of a room as
the sum over the products of token probabilities and
monetary token utilities given a particular slot machine,
summed over the two machines available in the room:
EV = ∑ ∑ p(o | a)u(o)
a∈A o∈O

where A is the set of machines available in a room (e.g., A1
and A2), O is, again, the set of possible token outcomes,
p(o|a) is the probability of a particular token outcome o
conditional on a particular machine a, and u(o) is the
monetary value of token outcome o. The unpredictability
(i.e., Shannon entropy) of token outcomes given a particular
slot machine was held constant across all machines and
rooms.

Results
Mean choice proportions for high over zero divergence,
and for self over auto play, are shown at the top of Figure 3.
Consistent with the findings by Mistry & Liljeholm 9,
participants preferred the high-divergence over the zerodivergence room significantly more often when the highdivergence room was associated with self-play (and the
zero-divergence room with auto-play) than when the highdivergence room was associated with auto-play (and the
zero-divergence room with self-play), t(59)=2.21, p=0.03
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Figure 3: Choice proportions and their correlation with Schizotypy dimensions. Top: Mean proportions of
high- over zero-divergence choices (left) for blocks in which the high-divergence option was auto-play
versus blocks in which the high-divergence option was self-play, and mean proportions of self- over autoplay choices (right) for blocks in which both options had high-divergence (High-div.) versus blocks in
which both options had zero-divergence (Zero-div.). Dashed line indicates chance performance. Error
bars = SEM. * = p < 0.05, ** = p < 0.005, *** = p < 0.0001. Bottom: Residual plots of choice
proportions and schizotypy scores, showing the proportion of high-divergence choices given that the high
divergence option was self-play on the left and the proportion of self-play choices given high-divergence
on the right.
Cohen’s d=0.50. Indeed, when the high-divergence room
was auto-play and the zero-divergence room was self-play,
selection of the high-divergence room did not deviate
significantly from chance, t(59)=0.44, p=0.66. Conversely,
participants preferred self-play over auto-play significantly
more often when choosing between two high-divergence
rooms than when choosing between two zero-divergence
rooms, t(59)=4.79, p<0.0001, d=0.53. Again, when
choosing between two zero-divergence rooms, the
preference for self-play did not deviate significantly from
chance, t(59)=0.56, p=0.57.
This pattern of results demonstrates that, rather than
perceptual outcome diversity, or the mere presence of free
choice, it is the flexible control afforded by high
instrumental divergence that is of value.
To assess how the preference for high instrumental
divergence (i.e., for the combination of high divergence and
self-play) related to positive and negative schizotypal traits,
we computed a set of partial correlations between choice
proportions and schizotypy scores (measured as points
scored out of total possible), illustrated by residual plots in
Figure 3 (bottom panels), controlling for the number of

training blocks required to reach criterion accuracy on
ratings of token probabilities prior to the gambling phase,
and for the order of administration of the O-LIFE
questionnaire. Specifically, we considered associations
between 1) unusual experiences scores and the proportion of
high-divergence choices given self-play, r=-0.29, p=0.03,
2) introvertive anhedonia scores and the proportion of highdivergence choices given self-play, r=-0.33, p<0.01, 3)
unusual experiences scores and the proportion of self-play
choices given high divergence, r=-0.29, p=0.03, and 4)
introvertive anhedonia scores and the proportion of self-play
choices given high divergence, r=-0.42, p<0.001. In
contrast, we did not expect positive or negative dimensions
of schizotypy to be significantly related to choice
proportions for options that did not involve high
instrumental divergence (i.e., rooms with high divergence
but auto-play, or with zero divergence and self-play) and,
indeed, no such associations were found.
Finally, we investigated whether participants were sensitive
to expected monetary pay-offs, and whether such sensitivity
was modulated by instrumental divergence. Specifically, we
assessed the preference for rooms with a greater monetary
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Discussion

Mean choice proporAon

gain when divergence differed in the same versus opposite
direction (i.e., when the room with a greater monetary gain
also had the greater level of divergence versus when the
room with the lesser greater monetary gain had the greater
level of divergence), and when the high-divergence room
was auto-play versus self-play. A 2-by-2 repeated measures
analysis of variance (ANOVA) with player type (auto vs.
self) and direction of difference in divergence (same vs.
opposite of monetary pay-offs) as factors, revealed a
significant interaction F(1,59)=4.27, p<0.05, ηp2=0.067.
Specifically, as can be seen in Figure 4, when the high
divergence room was auto-play, the preference for the room
with greater monetary pay-off was equally strong whether
divergence differed in the same or opposite direction as
monetary gain across rooms, t(59)=0.38, p=0.70, Bayes
Factor in favor of the null hypothesis25 (BF01)=6.589 In
contrast, when the high-divergence room was self-play,
yielding high instrumental divergence, participants’
preferences for the room with a greater monetary pay-off
was significantly greater when instrumental divergence
differed in the same direction across rooms than when it
differed in the opposite direction, t(59)=3.05, p=0.004
d=0.65. Indeed, when instrumental divergence differed
across rooms in the opposite direction of monetary gain, the
mean choice proportion did not deviate significantly from
chance, t(59)=0.51, p=0.61, suggesting a trade-off between
the utility of money and agency. The strong deviation from
chance for all other choice proportions plotted in Figure 4,
all p’s<0.0001, clearly demonstrates a sensitivity to
monetary pay-offs in our task. Notably, no schizotypy
dimension significantly predicted the strong preference for
the option with the greater monetary pay-off when high
divergence was associated with auto-play (i.e., when
instrumental divergence was ruled out as a source of the
preference), all p’s > 0.10.
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Figure 4: Mean proportion of choosing the room with the
greater expected monetary pay-off, when the highdivergence room was auto-play (left side) versus when it
was self-play (right side), given that divergence differed
across rooms in the same (S) versus opposite (O) direction
of expected monetary gain. Dashed line indicates chance
performance. Error bars = SEM. * = p < 0.005, ** = p <
0.0001.

The current study investigated the extent to which
individual differences in schizotypal traits predicted
behavioral preferences for high instrumental divergence – a
formal index of agency. We found that both positive
(unusual experiences) and negative (introvertive anhedonia)
dimensions of schizotypy were negatively correlated with a
preference for high instrumental divergence. In contrast, no
significant relationships were observed between schizotypy
scores and preferences for options that lacked instrumental
divergence but were instead associated with high perceptual
diversity or the mere presence of free choice. The strongest
association with instrumental divergence (i.e., greatest |r|)
appeared to be for the negative schizotypy dimension of
introvertive anhedonia, suggesting that the underlying
process may be tied to motivation. However, critically,
introvertive anhedonia did not predict preferences for
greater monetary pay-offs, specifically implicating the
utility of agency as a target for hedonic modulation in
schiotypy.
Our findings contribute to a growing literature
highlighting the relationship between psychosis and the
sense of agency (SOA). Notably, studies on SOA often
manipulate outcome entropy, contingency, contiguity, or the
mere presence of free choice – factors that profoundly
impact predictive learning, and that have themselves been
implicated in mood and thought disorders24. In contrast,
instrumental divergence provides a novel measure of agency
that varies independently of outcome contiguity and
predictability, and without eliminating volition, thus
disambiguating the contribution of basic instrumental
processes, such as simple contingency learning, to the
apparent dysregulation of agency in schizophrenia.
Moreover, unlike previous assessments of SOA, our
paradigm dissociates motivational aspects of flexible
instrumental control from purely cognitive representations,
at both behavioral and neural levels. By relating agency to
processes underpinning value-based choice, we are able to
explore uncharted lines of inquiry regarding the respective
contributions of affective and cognitive impairments to
aberrant SOA.
The finding that schizotypal traits in healthy individuals
modulate a preference for high instrumental divergence
suggests that effects of instrumental divergence might also
be significantly altered in clinical populations, potentially
accounting for aspects of behavioral pathology in
schizophrenia. Notably, the supramarginal gyrus of the
inferior parietal lobule, implicated in neural computations of
instrumental divergence by Liljeholm et al 10, has been
frequently shown to differ volumetrically across
schizophrenic and neurotypical individuals 11-15, highlighting
a possible anatomical basis for any differences in cognitive
or motivational representations of instrumental divergence.
Future research will be aimed at assessing whether
individuals diagnosed with schizophrenia differ from
healthy controls in their behavioral preference for high
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instrumental divergence and in underlying neural value
computations.
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Abstract
A recent study proposed an alternative account to the
embodied simulation theory to explain interference on
spatially congruent trials. Estes, Verges and Adelman (2015)
suggested that perceptual matching provides an alternative
explanation for the interference and enhancement effects of
language on visual processing, and were able to find both
interference and facilitation effects within a single task.
As part of their explanation for how both effects could
emerge, Estes et al. describe a coding system to account for
the perceptual matching combinations. To illustrate the
coding scheme, imagine a scenario shown in Figure 1, where
you have learnt the word for a novel object, a “Brend”, and
that object always appeared in an upwards location, seen in
the top left panel. You are then given that verbal label again
and an object that matches or mismatches the label, and the
object’s location matches or mismatches the trained location

Previous studies investigating effects of language
comprehension on spatial processing have used existing words
with pre-existing spatial associations. Here participants learnt
novel words and novel objects with spatial associations.
Following training, participants had to judge whether a visual
object matched a word. Objects could match in identity or in
spatial location. In Experiment 1, participants learnt just novel
words and objects; Experiment 2 compared performance with
existing objects with pre-existing spatial associations. We
found mismatching (but task irrelevant) spatial information
interfered with judgements of object identity, but only for
novel words. In Experiment 3, we altered correspondence
between visual targets and semantics using a target
discrimination task, where the target had no relationship to the
verbal cue. We found the opposite results to the previous two
studies, as responses to spatially matching targets were slower
than spatially mismatching targets. We discuss implications for
embodied and non-embodied accounts of these findings.
Keywords: word learning; embodied cognition; spatial
memory; interference; semantics

Introduction
Barsalou (1999) describes how understanding language
may involve the activation of perceptual simulations of
sentences or the concepts that individual words stand for. In
support of this claim, there have been a range of studies
indicating language can facilitate visual processing (e.g.,
Zwaan & Stanfield, 2012), particularly in cases where there
is a match between representations activated by language and
perception. In some cases, however, language appears to
interfere with visual processing. For example, reading a
sentence describing an event directed towards upper visual
space (e.g. “The mule climbed”) can lead to a reduction of
perceptual discrimination performance where there is a
spatial mismatch between the activated semantics and a target
(e.g., discriminating an X or O in the upper visual field;
Bergen, Lindsay, Matlock & Narayanan, 2007).
These results, referred to here as spatial match interference
effects, have been found with sentences (Bergen, Lindsay,
Matlock & Narayanan, 2007) and with single words (Estes,
Verges & Barsalou, 2008), and have been argued to result
from language semantics leading to an automatic shift in
spatial attention. This shift is followed by a perceptual
simulation interfering with perception. This has been
described as a Perky effect (Perky, 1910), and argued to arise
from embodied visuo-spatial simulations interfering with
visuo-spatial perception due to shared resources or
processing (Bergen, 2007).

Figure 1: An illustration of a coding scheme for object and
location matching and a preview of design of the main task
in Experiment 1.
In Figure 1 above, O+ indicates an object match between
the novel word “Brend” and its paired novel object, and Oa mismatch. L+ indicates a location match of a target object
with the typical associated location for a named object, and
L- a mismatch of the location with where it is typically found.
The account of Estes et al. would suggest that hearing
“Brend” should trigger a perceptual search for the referent.
This search would initiate in its typical location. In cases
where a mismatching object appears in the matching
associated location for “Brend” (i.e., O-L+ in the bottom left)
there is a processing cost that explains the spatial matching
interference. This cost is suggested to be due to the
inconsistent codes triggering additional processing to resolve
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the discrepancy, based on other findings indicating that
inconsistent object and location codes can interfere with
responses (Lu & Proctor, 1995)
In previous studies that have shown slower reaction times
to perceptual targets that mismatched typical locations (e.g.,
Bergen et al., 2007; Estes et al., 2008) there has typically been
a mismatch between a target (e.g., a X or O in a perceptual
discrimination task) and language semantics (e.g., a referent
to the word “bird”). Estes et al. (2015) used a task that
manipulated object match, with cue words either matching
objects (e.g., the word “bird” and a picture of a bird) or
mismatching objects (e.g., a picture of a wrench). They were
able to find support for the predictions of the perceptual
matching account, with reaction times faster for matching
objects and matching locations (O+L+; spatial match
facilitation) but slower responses to mismatching objects but
matching locations (O-L+; spatial match interference). This
provides an alternative explanation to embodied simulation
accounts of spatial interference effects by explaining it as the
code-based matching of object and locations. Further
evidence against visual simulations causing spatial match
interference comes from additional findings that visual
strength did not predict the size of effects (Estes et al., 2015),
though spatial association did. This graded effect of spatial
association was used to argue against polarity
correspondence principle explanation of the findings (see
also Santiago & Lakens, 2015).
In the studies described here we investigated these object
and spatial matching effects using novel words and novel
objects. Effects of novel word and novel object pairs offer a
unique contrast to the results obtained by studies with
existing words. For novel word and novel object pairs, the
object will not be part of any existing semantic systems.
When new words are learned for unfamiliar objects it is
hypothesized that associations between them and their typical
locations will be encoded within an episodic memory system.
But it is unknown whether activation of these specific
episodic-based visuo-spatial representations, triggered
through language comprehension, will lead to the same kind
of effects as words from an existing semantic system,
established through a life history of experiencing objects in
the world.
In Experiment 1, we trained participants with novel words
and novel objects that systematically appeared in either top
or bottom locations (see Figure 1, top left, for an example of
a “top” object). Spatial location was always irrelevant to the
training and test tasks. At test, we presented the cue word
followed by an object where the task was to judge if the object
matched the cue word. Objects and locations could either
match or mismatch the recently learned novel objects and
implicit spatial associations.
If perceptual simulation at cued locations leads to perceptual
interference, then performance should be reduced both for
object match and mismatches (O+L+ and O-L+). However,
if perceptual simulation facilitates perception when there is a
close visual match between what is simulated and observed
(as occurs with our novel word-object paradigm), then we

may see facilitation for both object match and mismatches. In
contrast, the perceptual matching account gives a more
nuanced prediction that spatial match interference should
only occur with mismatching objects, as in this case the
object and spatial codes are not congruent (O-L+), and
comparatively, facilitation should be seen with matching
codes (O+L+ & O-L-).

Experiment 1: Novel Words and Object
Recognition
Method
Participants Twenty-eight participants were recruited from
first and second year Undergraduate psychology modules at
the University of Hull and received course credits. All
participants had normal or corrected to normal vision.
Stimuli Sixteen novel words and images were selected from
the NOUN database (Horst & Hout, 2016). Recordings of the
words were from a male British English speaker. Mean
utterance length was 644 ms (SD = 144 ms).
Thirty-two foil images were also selected from the NOUN
database. Following pilot work, to increase memory demands
foils were chosen to match targets in shape and orientation;
see the bottom two O- trials in Figure 1 for an example foil.
Colors were adjusted to increase homogeneity and reduce
visual distinctiveness.
All participants learned the same pairings of novel objects
and words, but during each training and recall task the order
of presentation for each pair was varied randomly. In order to
create systematic spatial associations for the objects, objects
were presented in the higher or lower section of the screen,
and in the same location throughout tasks. For the
mismatching object location trials, the Y co-ordinates were
reversed. With a screen resolution of 1024 x 768 pixels, an
initial base location was created at the mid-point of the X axis
(512 pixels), and either one quarter or three quarters of the
screen on the Y axis (384 and 576 pixels). To produce some
variability in locations, these base coordinates were modified
with Gaussian noise on the X axis (M = 0 pixels, SD = 50
pixels) and Y axis (M = 0 pixels, SD = 40 pixels).
Procedure Participants were taught to associate each of the
16 novel words with a novel object using an exposure task
followed by a verbal cued recall task, repeated as a block,
with each participant completing a minimum of three blocks.
Training was completed if accuracy of recall was greater than
80% by the end of the third block, at which point they then
completed the matching task. Otherwise, additional blocks of
exposure/recall were run until the 80% accuracy criterion had
been met. The order of presentation of word and object
pairings were randomized per participant per task.
Participants were not told that spatial location was important
or to pay attention to the location.
Images were displayed on a 17” computer monitor, with
each image subtending an angle of approximately 2 degrees.
Words were played over headphones. In the exposure task, a
fixation cross appeared for 1000 ms. Then the screen became
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Results
Two participants failed to complete the task due to
experimental software error. Accuracy of matching words to
objects was close to ceiling, for both when word and object
matched and location of the object and the meaning of the
word were the same (O+L+; M = 97%, SD = 4.4%), and for
when the novel word and object matched but the location of
the word was in the opposite part of the screen to the spatial
meaning of the word (O+L-; M = 97%, SD = 5.6%). In
analyses of errors we found no significant effects of condition
or interactions.
To assess object and spatial compatibility effects on
reaction times, a repeated measures analysis of variance was
used with incorrect responses removed. Mean RTs are shown
in Figure 2. There was no significant main effect of object
match, F(1, 25) = 2.99, p = .10, though RTs for when the cue
word and object matched (O+; M = 855 ms, SD = 255 ms)

were higher than non-matching cases (O-; M = 823 ms, SD =
185 ms).
However, there was a significant main effect of location
match. RT’s were slower when the spatial meaning of the
novel word’s location from training mismatched the screen
location of the object on screen (L-; M = 864 ms, SD = 202
ms) compared to location matching trials (L+; M = 815 ms,
SD = 238 ms), F(1, 25) = 10.94, p = .003. This overall pattern
was opposite to a spatial match interference effect.

1000

Reaction Time

blank and there was a variable delay, ranging from 221 ms to
779 ms (M = 605 ms, SD 142 ms), followed by presentation
of the word over speakers. This delay and the word combined
together equaled 1000 ms. Following word offset, the novel
object was displayed in its canonical upper or lower screen
location for 5000 ms.
For the cued recall task, a fixation cross appeared on screen
for 1000 ms, then the novel object appeared in its canonical
location for 5000 ms. Participants were instructed to verbally
produce the associated word, with accuracy immediately
recorded by the experimenter. After 5000 ms, feedback was
provided (regardless of successful recall) by playing the
correct word over headphones.
A schematic for the matching task is shown in Figure 1. In
the matching task there were four blocks of 16 trials.
Matching combinations of word and image stimuli appeared
in four possible combinations; two combinations consisted of
an object match between object and word (O+L+ and O+L-)
and two of a mismatch (O-L+ and O-L-). Objects appeared in
the top or bottom of the screen, which either could spatially
match the trained location training (L+) or mismatch the
trained location (L-; i.e., appear in the opposite vertical
location). There were two counterbalanced lists, inverting the
order of presentation of the matching conditions. Before
starting this task participants had 12 practice trials.
Timings were the same as for the exposure task, but there
was a fixed delay of 250 ms from word offset and
presentation of the object on screen. Participants had to
respond if this object matched the word by pressing the M
key for a match and the Z key for a mismatching object. They
were instructed to respond as fast and accurately as possible.
RT's were calculated from onset of the object of the screen.
We also included a final location recall task to assess
participants’ knowledge of the trained locations. All 16 novel
trained objects were presented one at a time in the center of
the screen, and participants had to use the mouse to “drag and
drop” the objects to where they thought the object appeared
in the training phase.
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Figure 2: Reaction times to an object match and mismatch
(O+ or O-) and location match or mismatch (L+ or L-). Error
bars indicate within-participant 95% confidence intervals for
the L+ vs. L- comparisons. (cf. Cousineau, 2005).
This main effect was qualified by a significant interaction
between object and location match, F(1, 25) = 14.26, p =
.001. When the cue word and object matched (O+),
participants were significantly faster to assess a match when
the location of the object matched the spatial meaning of the
word (O+L+; M = 813 ms, SD = 225 ms) compared to when
object location and the spatial meaning cue word did not
match (O+L-; M = 899 ms, SD = 290 ms). t(25) = 4.27, p <
.001.
In contrast, for object mismatch trails (O-), there was no
significant difference between the location match (O-L+; M
= 817 ms, SD = 184 ms) or mismatched (O-L-; M = 830 ms,
SD = 194 ms), t(25) = .84, p = .41.
Results for the location task showed that participants had
developed a strong memory of the trained location. Mean
pixel offset from trained to located object was -2 pixels, and
in only 2% of trials the object was placed in the opposite half
of the screen to where it was trained.

Discussion
In Experiment 1 we did not find evidence consistent
with the idea that perceptual simulation interfered with
judgements of word-object identity. However, we also did
not find evidence for the prediction of Estes et al.’s (2015)
perceptual matching account that when objects mismatched
but spatial codes matched (O-L+) then spatial match
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matching task, where participants had to watch a five minute
clip from a BBC wildlife documentary over headphones.
In the matching task, as with Experiment 1 there were two
counterbalanced lists and 4 blocks. However, each block
consisted of 32 trials containing both novel objects or existing
objects and words. This task was the same for both novel and
novel words of keyboard presses to indicate if the object
matched or mismatched the verbal cue word.

Results and Discussion
Although we made some modest changes from
Experiment 1 aiming to increase difficulty to reduce ceiling
effects, accuracy was again close to ceiling in Experiment 2
for object matching trials, (M = 96%, SD = 6.6%) as was the
accuracy rejecting object mismatching trials (M = 98%, SD =
3.1%), with no significant effects of errors.
A 2 x 2 x 2 ANOVA was performed with object match
(O+ vs. O-), location match (L+ vs. L-) and word type
(existing vs. novel word), and mean results are shown in
Figure 3.

Experiment 2: Novel and Existing Words and
Object Recognition
Method
Participants Twenty-six participants took part in
Experiment 2 in exchange for a payment of £5. Most were
psychology students at the University of Hull. None had
taken part in Experiment 1.
Stimuli Items had the same design as Experiment 1, but with
the addition of existing words. Sixteen existing concrete
words and 16 matching images were chosen from words
which had been previously normed to either have a strong up
or strong down spatial association (e.g., sun, tower, plane;
shoes, grass, mouse; Bergen et al., 2007). An additional 16
concrete words were selected based on ratings of being
neutral in vertical association. Corresponding object images
of the 32 existing words were selected from the Bank of
Standardized Stimuli (BOSS; Brodeur, Dionne-Dostie,
Montreui, & Lepage, 2010), along with 32 foil images, and
resized to 120 x 120 pixels. The names for these 32 existing
objects were recorded by the same male native English
speaker from Experiment 1.
Procedure Training was the same as Experiment 1, but with
criterion of accuracy in the verbal recall reduced to 75%.
Only the novel word-object pairs were trained. We
introduced a distraction task between training end and the
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inference would occur. Instead, we found evidence for better
performance when spatial location matched the cue word’s
referent’s typical location but only when the object also
matched.
One possible explanation of this finding is attentional
priming, whereby the cue word primed the expected object
location. This could facilitate matching judgements and slow
down processing when the object location mismatched the
cue, due to the need for an attentional shift to a new location
to verify the object match. However, simple spatial priming
does not explain no spatial effect for mismatching objects.
Experiment 1 was successful in its attempt to see whether
novel words and novel spatial meanings could automatically
influence visuo-spatial processing, though we did not find the
spatial match interference seen in Estes et al. (2015). One
question is whether discrepancies in our findings from theirs
arise from using novel words instead of existing words.
Therefore, in Experiment 2, we wanted to directly compare
these novel words and their newly learnt spatial meanings to
words with pre-established spatial associations. Accordingly,
Experiment 2 repeated our paradigm but included existing
words and objects in the test task. As accuracy was close to
ceiling in Experiment 1, we also made changes with the aim
to increase the difficulty of the task to assess if object or
spatial matches could influence errors as well as reaction
times.
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Novel

Figure 3: RTs for Existing and Novel words for object
match and location matches. Error bars indicate withinparticipant 95% confidence intervals for the L+ vs. Lcomparisons.
There was a significant main effect of word type F(1, 25)
= 14.79, p = .001. Overall, existing words (M = 797 ms, SD
= 162 ms) were faster to be correctly matched with their
corresponding objects than novel words (M = 808 ms, SD =
180 ms).
Like Experiment 1, there was no significant main effect of
object match, F(1, 25) = .79, p = .39, and no interaction of
object match and word type, F(1, 25) = .99, p = .33.
There was, however, a significant main effect of location
match F(1, 25) = 4.97, p = .035, with mean RT faster (M =
795 ms, SD = 172 ms) when the spatial meaning of the word
and the object location matched (L+) compared to a mismatch
between location and spatial meaning (L-; M = 810 ms, SD =
167 ms). This indicated an overall benefit on object matching
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Experiment 3: Novel Words and Target
Discrimination
Method
Participants Thirty participants were recruited from the
undergraduate psychology program at the University of Hull
on. All participants had normal or corrected to normal vision
Stimuli and Design The same 16 words and objects were
used from Experiment 1, along the with same training
paradigm. Targets were the symbols and , 11 x 11 pixels
in size, and were the exact mirror image of each other.

Procedure Shortly after the training phase was completed
participants completed the target discrimination task. A
fixation cross appeared in the middle of the screen for 1000
ms between trials. Words were heard over headphones while
participants viewed a white screen. Four hundred ms after
word offset a target appeared on the screen. Targets appeared
in the same coordinates as the associated object for that cue
word, or in the reverse Y coordinates. Participants were
instructed to identify the target as quickly and accurately as
possible by pressing the 2 or 5 key on the number row of the
keyboard. Responses timed out after 1500 ms. There were 32
trials, with each novel word heard twice, with a target
appearing once in its trained location and once in the opposite
location.

Results
Accuracy for L+ trials was 92.4% and 91.7% for L- trials.
A paired samples t-test on correct trials found there was a
significant difference between matches of training location
and target location on reaction times, t(29) = 7.473, p < .001,
d = 1.36. As can be seen Figure 4, responses were slower
when the target matched the trained location, for both words
associated with objects in the top or bottom of the screen.
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performance when the location of the object matched the
meaning of the cue word. This effect was qualified by a
marginal interaction between location match and word type,
F(1, 25) = 3.96, p = .058.
Further explorations of this effect were tested in additional
ANOVAs separating word type. For existing words, there
was no significant main effect of location match, F(1, 25) =
.029, p = .866, no significant interaction effect between
location match and object match, F(1, 25) = .577, p = .455,
and no significant pairwise comparisons.
However, as with Experiment 1, for novel words there was
a main effect of location match. When the location of the
object matched the spatial meaning of the cue word (L+)
reaction times were significantly faster (M = 814 ms, SD =
172 ms) than when the spatial meaning of the cue word did
not match (L-; M = 847 ms, SD = 166 ms), F(1, 25) = 8.34, p
= .008. Unlike Experiment 1, there no significant interaction
between location matching and object matching, F(1, 25) =
2.484, p = .128. However, pairwise comparisons showed the
same pattern as Experiment 1 of significantly faster RTs for
spatial matches on object matching trials, t(25) = 3.09, p <
.01, d = .61, but no significant effect of location on object
mismatching trials (p = .42).
The findings with novel words replicates our key results
from Experiment 1, but we found null effects of spatial match
for the existing words. In both Experiments 1 and 2, we did
not find spatial match interference effects using this
paradigm. While we used an object matching task in
Experiment 1 and 2, involving a direct link between the cue
and target objects, other studies have used a more low-level
target discrimination task with semantically unrelated targets
(e.g., Estes et al., 2008, with discrimination between a X or
O).
In Experiment 3, we used the same training regime for
novel words but used a target discrimination task at test. Here
there was no relationship between the object learned and the
target, but there was an implicit spatial relationship based on
the match between the training location and target location
(i.e., coding of O-L+ or O-L0). We wanted to see if there
were faster responses to matching locations as might be
expected from spatial priming, or if a match interference
effect occurred leading to slower response times, consistent
with previous studies using existing words and sentences.
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Figure 4: Target discrimination RTs for training location
and target location matches and mismatches. Error bars
indicate within-participant 95% confidence intervals for the
L+ vs. L- comparisons.

Discussion
Experiment 2 extended the findings of Experiment 1 by
comparing responses to novel words-object pairs with
recently learnt visuo-spatial associations with objects with
pre-existing spatial associations, formed from a long history
of world interactions. We replicated the findings of
Experiment 1, revealing that visuo-spatial associations
activated by novel words could interfere with object
matching, even when the spatial association was irrelevant to
task performance. These findings show that automatic
activation of spatial word semantics still occurs with recently
learnt words. However, we did not find automatic spatial
interference or facilitation effects for existing words.
Using novel words in Experiment 3, we found the opposite
results, with interference on spatially matching trials. The
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findings of Experiment 3 serve as additional empirical
support for the pattern of spatial match interference using a
target discrimination task following presentation of spatially
associated language, alongside previous results in the
literature using visual target discrimination tasks (e.g.,
Bergen et al., 2007; Estes et al., 2008).
Unlike Estes et al. (2015), we did not find spatial match
interference effects with mismatching objects in Experiment
1 and 2. As with their study, we combined both matching and
mismatching objects in a single task. However, there were
some differences in the tasks other than the use of novel
words. Their task was to discriminate between real objects
(e.g. bird or wrench) and nonsense line-drawings, and the
preceding linguistic cue was not relevant to the task, though
presumably participants were aware that in some cases the
object matched the cue and some cases it did not. Here, the
task was to directly report if the visual object matched the
cue. It is unclear if and why this difference may have reduced
the likelihood of finding spatial match interference,
especially since one might expect that explicitly asking for
object matching may boost object matching effects. In order
to better understand the discrepancy, a more direct replication
of their study could use a similar task to Estes et al. with novel
and existing words.
Another source of uncertainty for explaining the match task
results of Experiments 1 and 2 is why we did not find spatial
match interference with existing words or faster responses for
congruent spatial locations for the existing words, while we
did find them for the novel words. One possible explanation
is that a consequence of training novel objects occurring at
specific locations is that these recently acquired episodic
visuo-spatial representations should be both strong and
specific, given sufficient training. In contrast, hearing the
word “bird” outside of a constraining context could trigger
very heterogeneous and individual representations, with
comparatively less spatial association strength and/or
specificity in visual representations. However, the
heterogenous spatial semantics of existing words does appear
to be sufficiently strong to cause effects with existing words
in other work (e.g., Estes et al., 2015).
One methodological issue is that in Experiment 1 and 2 the
mismatching objects were all unseen foils, as we did not want
to dilute the spatial associations built in the training tasks
during the test task. This meant that participants could
potentially respond based on familiarity and not necessarily
on language-based match. Experiment 3 did not have this
issue and therefore shows a clearer influence of novel
language semantics, but to unconfound this, future studies
using the matching task could use the familiar novel objects
as foils as well as targets.
In summary, by using novel words and novel objects we
were able partially replicate and extend other work showing
the influence of language on perceptual processing. Neither
theoretical accounts of perceptual simulation or perceptual
matching were able to fully explain the set of findings here.
Future work aims to better understand potential mechanisms
by using eye tracking to assess the contribution of reflexive

attention to facilitation and interference effects, along with
more direct tests of the perceptual interference explanation
by using a more graded manipulations of object match within
a single experiment.
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Abstract
Both science and religion offer explanations for everyday
events, but they differ with respect to their tolerance for
mysteries. In the present research, we investigate laypeople’s
perceptions about the extent to which religious and scientific
questions demand an explanation and the extent to which an
appeal to mystery can satisfy that demand. In Study 1, we
document a large domain difference between science and
religion: scientific questions are judged to be more in need of
explanation and less appropriately answered by appeal to
mystery than religious questions. In Study 2, we demonstrate
that these differences are not driven by differing levels of belief
in the content of these domains. While the source of these
domain differences remains unclear, we propose several
hypotheses in the General Discussion.
Keywords: explanation; mystery; science; religion

In different ways, science and religion offer explanations for
the world and for human experience. In science, explanations
help us make sense of our observations and unify disparate
phenomena (Woodward, 2017). In religion, explanations can
provide meaningful narratives to explain otherwise
mysterious events (Hood, Hill, & Spilka, 2009). On many
accounts, achieving such explanations is a central aim of both
science and religion. Harré (1985, p. 168) called scientific
explanations “the crown of science.” Similarly, some regard
“the pursuit of explanation, prediction, and control [as] both
necessary and sufficient for the flourishing of religious life”
(Horton, 1997). Despite these commonalities, scientific and
religious explanations are often perceived as conflicting
(Preston & Epley, 2009; Scheitle, 2011). This raises the
important question of whether and how explanation itself
might vary across domains.
One possibility is that scientific and religious explanations
are similar in their cognitive roles, but sometimes conflict
because they focus on different content or are premised on
different beliefs. Consistent with this idea, there is evidence
that shared cognitive processes underlie both religious and
non-religious explanations for everyday events (e.g., Barrett,
2000, 2004; Hood et al., 2009; Lupfer, Brock, & DePaola,
1992), that religious and scientific explanations can be
integrated in individual minds (e.g., Legare, Evans,
Rosengren, & Harris, 2012), and that religious and scientific
beliefs can co-exist just as distinct sets of factual beliefs coexist (Shtulman & Lombrozo, 2016). At the same time, there
are some theoretical reasons to expect a sharper divide, with

science and religion operating with fundamentally different
attitudes towards explanation and its limits.
One reason to expect explanation itself to differ across
scientific and religious domains comes from each domain’s
tolerance for mysteries, which involve an abdication from
explaining: either there is no need for explanation, or
declaring something a mystery is considered an adequate
response to this need. Within science, declaring something a
mystery is a sign that a scientific theory is inadequate or
incomplete. Yet some religious traditions seem to actively
embrace (some) mysteries (Boudry & Coyne, 2016; Boudry
& De Smedt, 2011; Boyer, 2001; Sperber, 1996). For
instance, some theologians maintain that the trinity is a
mystery (Tuggy, 2016), and some mystical traditions
consider mystical experiences to be “ineffable” in that the
experience or its object cannot be explained (Gellman, 2017).
A first aim of the current paper is to empirically test the
hypothesis that science and religion indeed differ in the extent
to which their respective questions demand an explanation,
and in the extent to which “it’s a mystery” is deemed an
acceptable surrogate for explanation. For instance, does a
question such as “why is rust red?” demand an explanation to
a greater extent than “why is God good?” And is it more
acceptable to declare the latter a mystery than the former? We
refer to these judgments as “need for explanation” (NFE;
Grimm, 2008; Wong & Yudell, 2015) and “mystery
acceptability” (MA), respectively.
A second aim of the current paper is to begin to identify
why science and religion might differ in these ways. One
possibility is that NFE and MA differ only because religious
questions and explanations involve greater uncertainty. That
is, the question “Why is God good?” may elicit a lower NFE
and higher MA than the question “Why is rust red?” because
– on average – people may be more confident in the premise
of the latter (that rust is red) than the former (that God exists
and is good). If this is the case, we might expect that for a
religious believer who is just as confident that God exists and
is good as they are that rust is red, the differences in NFE and
MA across domains will be smaller. But a more intriguing
possibility is that NFE and MA differ even controlling for
strength of belief, and that these judgments instead reflect
differences in our epistemic attitudes and aims across
domains. For instance, it could be that in religious contexts,
accepting that something is a mystery is taken to reflect an
appropriate form of humility towards God or God’s creations.
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In the general discussion, we consider additional
possibilities.
Below we present two studies designed to evaluate three
hypotheses regarding MA and NFE across domains. The first
hypothesis is that NFE and MA do not differ across scientific
and religious domains. This is what we might expect if
science and religion involve equivalent attitudes towards
explanation and its limits, as well as equivalent levels of
uncertainty. Second, it could be that NFE and MA differ
across domains, but only because these domains differ in
average levels of uncertainty. On this view, we would expect
(a.) that religious belief would moderate the difference
between religion and science (tested in Study 1), and (b.) that
differences between science and religion would disappear
once we appropriately control for degrees of belief in the
premise of each question (tested in Study 2). Third, we might
expect that epistemic commitments or practices specific to
each domain lead to genuine differences in the role of
explanation and its limits across domains. Under this
hypothesis, we would expect domain differences in NFE and
MA to persist, even controlling for degrees of belief in the
corresponding religious and scientific content.

measuring religious belief (a = 0.94). We also measured
supernatural beliefs using a subset of the paranormal belief
scale from Tobacyk (2004), as well as domain-general
epistemic preferences using the criteria for belief scale from
Experiment 4 of Metz, Weisberg, and Weisberg (2018). In
the interest of space, analyses of these measures are not
reported here.

Study 1

Procedure Participants were randomly assigned to rate
NFE (N = 106) or MA (N = 102) for each question. Those
who rated NFE responded on a 7-point scale to the prompt
“To what extent does this question demand explanation?” for
each question. Those who rated mystery acceptability were
shown each question and the answer, “It’s a mystery,” and
responded on a 7-point scale to the prompt “How good is this
explanation?” The order of questions was randomized, as was
the position of an attention check, which instructed
participants to select the sixth scale point. After rating NFE
or MA for all 70 questions, participants completed the
religiosity inventory, the modified paranormal belief scale,
and the criteria for belief scale. These three measures were
presented in a random order. Finally, participants reported
their age and gender.

In Study 1, we examine potential domain differences in need
for explanation (NFE) and mystery acceptability (MA). To
do so, we ask participants to rate either NFE or MA in
response to questions from various domains, including
religion and science. We also begin to investigate the root of
possible differences, focusing on general belief within the
domain of religion.

Method
Participants Participants in Study 1 were 208 adults
recruited from Amazon Mechanical Turk (124 males, 84
females, mean age 36, range 20-69). Participation was
restricted to MTurk workers in the United States who had
completed at least 50 HITs with a minimum approval rating
of 95%. Eight additional participants were excluded for
failing an attention check (described below), and one was
excluded for failing to provide responses to more than half of
all items.
Materials Seventy questions were selected from
Answers.com (http://www.answers.com), ten from each of
seven domains based on the website’s classification:
“science,” “math,” “health,” “religion and spirituality,”
“supernatural and the occult,” “psychology,” and
“philosophy and philosophers.” From each category,
questions that contained the word “why” were extracted from
the first 50 pages of questions. From each of these lists, 10
questions were selected and edited lightly for grammar and
readability. See Table 1 for sample questions.
To measure religious belief and religious engagement, we
used the religiosity inventory from Pennycook, Cheyne, Seli,
Koehler, and Fugelsang (2012). This scale included three
items measuring religious engagement (a = 0.89) and six

Table 1: Sample questions from Study 1. Domain
classifications determined by Answers.com users.
Domain
Science
Religion
Health
Math
Philosophy
Psychology
Supernatural

Sample Question
Why do balloons lose helium?
Why did God give us two ears?
Why is calcium helpful in treating
osteoporosis?
Why will a set of data not always have
a mode?
Why should we tell the truth?
Why do people get addicted to
computer games?
Why are demons so powerful?

Results
First, we investigated domain differences in NFE and MA.
For each measure, we fit a multilevel model predicting
participant responses to each item. Domain was included in
the model as a fixed effect (dummy coded, with science as
the reference group). Random intercepts were included for
participant and item, with items nested within domains. For
NFE, there was a significant difference between science
ratings and religion ratings, t(63) = -7.81, p < .001. Similarly,
there was a difference between science ratings and
supernatural ratings, t(63) = -8.83, p < .001, psychology
ratings, t(63) = -3.99, p < .001, and philosophy ratings, t(63)
= -4.22, p < .001. The difference between ratings in the health
and math domains were not significantly different from those
in science (see Figure 1).
For mystery acceptability, the same pattern of results arose.
There was a significant difference between science ratings
and religion ratings, t(63) = 11.16, p < .001. Similarly, there
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was a difference between science ratings and supernatural
ratings, t(63) = 11.57, p < .001, psychology ratings, t(63) =
5.81, p < .001, and philosophy ratings, t(63) = 7.02, p < .001.
There was no difference between ratings in the health and
math domains and ratings in the science domain.
These results provide support for a domain difference in
need for explanation and mystery acceptability, allowing us
to reject the first hypothesis outlined above. Further, they
suggest that domains outside of science and religion also
reflect variability in NFE and MA: the domains of science,
math, and health received similar ratings (high ratings for
NFE, low ratings for MA), the domains of religion and the
supernatural received similar ratings (lower ratings for NFE,
higher ratings for MA), and the domains of philosophy and
psychology received similar ratings (in each case falling
between the other two sets).
Next, we tested whether strength of religious belief could
account for the difference in NFE and MA ratings across the
domains of science and religion (corresponding to
Hypothesis 2, above). For each participant, NFE and MA
ratings were averaged within the science and religion
domains. We then created two difference scores for each
participant, describing the extent to which they thought the
science questions were more in need of explanation than the
religion questions and the extent to which they thought that it
was more acceptable to answer the religion questions than the
science questions by appeal to mystery.
We then fit a regression model predicting each difference
score from the religious belief subscale of the religiosity
inventory. For NFE scores, religious belief was a significant
negative predictor of domain difference, b = -0.27, t(104) = 2.90, p = .005, and for MA scores, religious belief was a
marginally significant negative predictor, b = -0.17, t(100) =
1.70, p = .09. In other words, for both NFE and MA,
increasing religious belief predicted a smaller domain
difference between science and religion. However, these
effects are modest: religious belief explained 7% of the
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Figure 1: Study 1 domain differences in NFE and MA. Error
bars = 1 SEM.

variance in NFE difference scores and 2% of the variance in
MA difference scores. Therefore, a substantial portion of
variance remains unexplained.

Discussion
Study 1 offers good evidence for the hypothesis that NFE and
MA differ across domains and modest evidence against the
hypothesis that differences are driven entirely by strength of
belief. In Study 2, we use a more nuanced measure of belief,
investigating agreement with the premise of each question.
While general religious belief may be a rough proxy for itemlevel belief in the domain of religion, it cannot fully capture
item-level differences. For example, if a person does not
believe that Jesus healed the sick on the Sabbath, this person
is unlikely to judge this event to be in need of explanation.
However, this does not preclude their belief in other religious
claims, and, perhaps, their judgment that questions about
these claims demand explanation. Furthermore, an item-level
measure of belief allows us to account for differences in
agreement with scientific claims as well as religious claims.

Study 2
In Study 2, we test whether domain differences are driven by
differences in item-level belief. We use new stimuli,
restricted to the science domain and the religion domain, for
which belief in the general US population is roughly
matched. We also ask participants to rate their agreement
with the premise of each individual question, and we control
for this item-level measure of belief in our analyses.
We also control for a related confound, which might
explain domain differences in NFE or MA: the extent to
which people believe they already know the answer to the
question.

Method
Participants Participants in Study 2 were 112 adults
recruited from Amazon Mechanical Turk (70 males, 42
females, mean age 33, range 18 to 71). Participation was
restricted to MTurk workers recruited as in Study 1. Seven
additional participants who failed to pass two attention
checks (described below) were excluded.
Materials Five claims or questions about science and five
claims or questions about religion were selected from several
large-scale surveys (Funk & Goo, 2015; Funk & Kennedy,
2016; National Science Board, 2014; Pew Research Center,
2015). These claims were selected so as to match general
acceptance across domains, based on acceptance rates in
these representative national polls. Averaged over the five
claims, general acceptance was 77% in the religion domain
(SD = 0.14) and 77% in the science domain (SD = .07). Each
claim was rewritten as a “why” question. For example, the
claim “The center of the Earth is very hot” was rewritten as
“Why is the center of the earth so hot?” and the question “Do
you believe in hell, where people who have lived bad lives
and die without being sorry are eternally punished?” was
rewritten as “Why is there a Hell?”
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We again used the religiosity inventory from Pennycook et
al. (2012), providing measures of religious engagement (a =
0.89) and religious belief (a = 0.95). We also included the
criteria for belief scale from Metz et al. (2018), but results
from this measure are again not reported in the interest of
space.

Similarly, we investigated domain differences controlling
for knowledge at an item-level. In the interest of space, the
details of these analyses are not reported here. However, they
demonstrate that the domain difference also cannot be
accounted for by differences in perceived knowledge.
Disagree

Need for Explanation

Procedure All participants rated NFE, MA, belief, and
knowledge for each question. For the belief measure,
participants indicated on a seven-point scale how much they
agreed with the truth of the question’s premise (e.g., “Please
rate your agreement with the following: that there is a Hell”).
For the knowledge measure, participants rated on a sevenpoint scale their confidence that they knew the answer to the
question. The belief and knowledge measures were
completed together in a single block. NFE and MA were
completed separately in two additional blocks. The order of
these blocks was randomized.
Next, participants completed the religiosity inventory and
the criteria for belief scale. These measures were presented in
a random order. Within each scale, an attention check
instructed participants to select a given option (“I disagree”
for the religiosity inventory and “bad reason” for the criteria
for belief scale). Finally, participants reported their age,
gender, and highest level of education.
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First, we investigated domain differences in NFE and MA,
controlling for belief at an item-level. For each measure, we
fit a multilevel model predicting participant responses to each
item. Domain (religion vs. science) and belief (continuous
rating from 1 to 7) were included in the model as fixed
effects. Random intercepts were included for participant and
item, with items nested within domains. For NFE, type III
Wald tests revealed a significant main effect of domain, c2(1)
= 6.42, p = .01, and a significant main effect of belief, c2(1)
= 18.10, p < .001. The interaction between belief and domain
was not significant. For MA, type III Wald tests revealed a
marginally significant main effect of domain, c2(1) = 3.82, p
= .0507, a significant main effect of belief, c2(1) = 5.16, p =
.02, and a significant interaction between belief and domain,
c2(1) = 3.85, p = .0496.
These results suggest that domain differences in NFE and
mystery acceptability are not driven only by differences in
belief. However, it remains possible that effects of belief are
non-linear, with claims that are explicitly endorsed (as
reflected in ratings above the mid-point) exhibiting a
different profile. As an additional analysis, we therefore
tested the domain difference only in the subset of ratings
above the midpoint of the item-level belief scale (indicating
agreement with the question’s premise; see Figure 2). The
main effect of domain remained significant for both NFE,
c2(1) = 13.76, p < .001 and for MA, c2(1) = 117.23, p < .001.
Domain differences trended in the same direction even in the
subset of ratings below the midpoint of item-level belief
(indicating disagreement with the question’s premise),
though this difference was not significant for NFE ratings.

Agree

Science

Religion

Science

Domain

Figure 2: Study 2 NFE and MA judgments in each domain,
as a function of item-level belief (“Disagree” = below scale
midpoint; “Agree” = above scale midpoint); data from scale
mid-point not included. Error bars = 1 SEM.

Discussion
Study 2 challenges the hypothesis that NFE and MA differ
across the domains of science and religion merely because of
differing levels of agreement with claims from these
domains. Even holding belief fixed at an item level, and using
items for which belief is roughly matched in the United States
population, we found marked domain differences in both
NFE and MA. Furthermore, these domain differences cannot
be accounted for by perceived knowledge of the correct
explanation for each item.

General Discussion
Despite a growing body of research on explanation (e.g.,
Lombrozo, 2016), very little empirical research has explored
the differences and similarities between attempts to explain
in the domains of science and religion. In the present
research, we demonstrated large domain differences in the
extent to which religious and scientific questions were judged
to be in need of explanation, as well as the extent to which
non-explanations appealing to “mystery” could fulfill this
need. In the science domain, “why” questions were generally
judged to be strongly in need of explanation, and appeal to
mystery was not judged to fulfill this need. However, in the
domain of religion, “why” questions were judged to be less
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in need of explanation, and explanations that appeal to
mystery were judged to be more acceptable (though still not
highly satisfying). Furthermore, these domain differences
were not a result of differences in belief or knowledge across
domains: although both belief and knowledge affected need
for explanation and mystery acceptability, these variables did
not fully account for differences across domains.
These studies have several limitations. First, the questions
in the domain of religion focused very narrowly on JudeoChristian traditions. We initially chose this subset of religious
questions because the Pennycook et al. (2012) measure of
religious belief and religious engagement focused on
corresponding beliefs. Furthermore, while MTurk samples
tend to be less religious than other samples, most religious
MTurk workers are Protestant or Catholic (Berinsky, Huber,
& Lenz, 2012). Nonetheless, we cannot make strong
generalizations about general domain differences until NFE
and MA are investigated across a more representative set of
religious traditions and across a more representative set of
participants.
Furthermore, the studies presented here do not reveal how
our participants interpreted the terms “explanation” or
“mystery.” It is possible that the very interpretation of these
terms varies across domains, or across religious and nonreligious participants.
These studies leave many additional questions open for
future research. For instance, what is the relationship between
a mystery – the idea that something is unexplainable – and
ignorance – the idea that the explanation is simply unknown?
By age 9, children recognize that some facts, such as the
number of leaves in the world, are “unknowable,” and they
favor experts who acknowledge their ignorance about them
(Kominsky, Langthorne, & Keil, 2016). There is also
evidence that both children and adults care that informants be
“well-calibrated” in the sense that they can accurately report
their uncertainty (Bridgers, Buchsbaum, Seiver, Griffiths, &
Gopnik, 2016; Tenney, MacCoun, Spellman, & Hastie,
2007). So while declaring a question a mystery may be
unacceptable in science, recognizing one’s own ignorance
could be a virtue.
Another open question concerns the source of domain
differences in MA and NFE. In the following section, we
propose several hypotheses for future study.

Possible Sources of Domain Differences
A first hypothesis concerns the potential epistemic limits of
our understanding. People might suppose that the topics of
religion are ones that generally reflect the limits of human
understanding. If this is the case, religious questions may be
genuine mysteries that cannot be explained, or at least
believed to be such. While prior work has investigated the
perceived limits of scientific explanation (Gottlieb &
Lombrozo, 2018), little is known about the perceived limits
of explanations of other kinds.
Another hypothesis is that explanation (and its abdication)
play different epistemic roles within science and religion. In
the case of religion, accepting a mystery could be taken to

reflect not only a religious virtue but an epistemic virtue, such
as humility in the face of the divine. Accepting something
without further explanation or evidence could also be seen as
a form of faith that characterizes some people’s religious
beliefs (Buchak, 2012).
A third hypothesis is that domain differences could be
produced by differing metaphysical beliefs about whether
there is a “fact of the matter” in each domain (for related
work, see Goodwin & Darley, 2008; Heiphetz & Young,
2017). Van Leeuwen (2014) argues that religious
“credences” are distinct from factual beliefs in that they are
context dependent, do not govern genuine factual beliefs, and
are non-responsive to evidence (see also Van Leeuwen,
2017). It is clear that these differences may impact need for
explanation and mystery acceptability: why demand an
explanation when there is no “true” explanation?
Finally, epistemic practices across domains could differ
with respect to these domains’ social roles. Van Leeuwen
(2017) suggests that the “evidential invulnerability” that
characterizes religious credence could reflect a non-epistemic
function, such as social signaling (see also Kahan, 2013;
Norenzayan, 2013; Sosis & Alcorta, 2003). Corresponding
empirical work suggests that religious beliefs are treated as
important guides to others’ behavior and social identity (for
a review, see Heiphetz, 2018). We are exploring these
hypotheses in ongoing work.

Conclusion
While science and religion both seek to provide explanations
for everyday events and phenomena, people’s judgments of
need for explanation within these domains seem to be
meaningfully different. In science, unanswered questions are
thought to stand in need of explanation, while in religion,
unanswered questions are sometimes accepted as mysteries.
These differences are not a simple function of differences in
content-specific belief. What is the basis of these differences?
While future research will certainly find an explanation, at
present it remains a mystery.
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Abstract
Theories of event-predictive, anticipatory behavior state that action planning, decision making, and control are realized
by activating future goal states. That is, anticipated and desired final event boundaries as well as sensorimotor-grounded
event codes are activated before actual motor control unfolds. The involved active inference process thereby focuses sensorimotor processing on those upcoming events and event boundaries, in which expected uncertainties need to be resolved.
Here, we investigated anticipatory behavior during object interactions, that is, grasping and placing bottles. We investigated whether peripersonal hand space is remapped onto the to-be grasped bottle during action preparation and whether
this remapping depends on (i) the bottle’s orientation and (ii) the certainty about upcoming sensorimotor contingencies.
To do so, we conducted two experiments in an immersive virtual reality, combining the crossmodal congruency paradigm,
which has been used to study selective interactions between vision and touch within peripersonal space, with a grasping
task. In both experiments, we observed anticipatory crossmodal congruency between vision and touch at the future finger
position on the bottle. Moreover, in the second experiment, a manipulation of the visuo-motor mapping of the participants’ virtual hand while approaching the bottle selectively reduced crossmodal congruency at movement onset. Thus, the
expected movement uncertainty decreased the anticipatory remapping of peripersonal space. Our results support theories
of event-predictive cognition and show how expected uncertainties influence anticipatory, active inference processes.
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Abstract

typically fail to produce gains outside of the trained task or
generalizability to other functions (Diamond & Lee, 2011).
These findings suggest that our current understanding of EF
is limited.

The Dimensional Change Card Sort Task (DCCS) is a measure
of the developmental status of early childhood EF. In this task,
children use verbal rules regarding the features and dimensions
of objects to sort cards by shape or color. A recent dynamic
neural field model explains development in the DCCS task
based on the strength of associations between labels and visual
features. In this project, we explored the role of dimensional
label learning (DLL) in the development of flexibility in the
DCCS task. Three- and 4-year-olds were given DLL tasks
along with the DCCS task. We measured hemodynamic
activity as children performed these tasks using fNIRS. Results
showed that color label production produced activation
throughout frontal and left temporal areas. Importantly,
hemodynamic activation during the DLL tasks predicted
performance in the DCCS. These results suggest that the neural
systems involved in DLL influences children’s ability to
flexibly switch between rules.

Dimensional Change Card Sort (DCCS) Task

Keywords: executive function; dimensional labels; fNIRS

Executive Function Development
Executive functioning (EF) is a term used to refer to higherlevel aspects of cognition such as inhibition, working
memory, and flexibility (Miyake et al., 2000; Buss, Wifall,
Hazeltine, & Spencer, 2014). EF undergoes rapid changes in
the preschool years and continues to develop on into
adolescence and early adulthood. (Best & Miller, 2010; Blair,
Zelazo, & Greenberg, 2005; Huizinga, Dolan, & van der
Molen, 2006). Measures of EF in early childhood are
predictive of later physical health, substance dependency,
personal finances, as well as criminal offending outcomes
(Moffitt et al., 2011). Thus, improving EF during early
childhood could facilitate diverse improvements in
developmental outcomes. Designing effective interventions
for EF development, however, will require understanding its
underlying processes. There is little consensus regarding the
mechanisms or processes that give rise to EF (Happaney &
Zelazo, 2003; Kirkham & Diamond, 2003; Munakata,
Morton, & Yerys, 2003). Various attempts have been made
to improve EF by targeting specific executive functions such
as working memory or inhibition. However, such efforts

One task that has been the focus of many theories of EF
development is the Dimensional Change Card Sort (DCCS)
task. In the standard version of this task, target cards are
affixed to the trays where children sort to show which
features go where for the different sorting rules. The test
cards that children sort match either target along different
dimensions. Children are asked to first sort either by ‘color’
or ‘shape’ in the pre-switch phase. After a series of trials,
children are then asked to switch and sort by the other
dimension. Three-year-olds tend
to perseverate and continue
sorting by the pre-switch rule
whereas 5-year-olds have little
difficulty applying the new postswitch rule.
The
DCCS
imposes
Figure 1:
multiple processing demands.
DCCS Task
Children must maintain an
active representation of the
relevant feature dimension,
inhibit processing of the
irrelevant
dimension,
and
update these processes when the
rules change. Previous theories have focused on the
development of individual components of EF such as
inhibition (Rennie, Bull, & Diamond, 2004; Kirkh am,
Cruess, & Diamond, 2003) or have centered on abstract
representational processes that are localized to frontal cortex
and operate in a top-down manner on information processing
(Morton, & Munakata, 2002; Zelazo et al., 2003). No
explanation so far has managed to integrate lower level
perceptual processes into EF development or even determine
how learning might affect EF.
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Label Learning as a Developmental Mechanism
A recently proposed dynamic neural field model shifts away
from this focus on EF components and instead focuses on the
underlying processes that give rise to EF. The DCCS requires
using verbal rules to sort cards. However, no previous
research has examined children’s comprehension and
production of labels for features and dimensions in relation
to children’s ability to follow rules. A neurocomputational
model proposed by Buss and Spencer (2014) suggests that
children use label representations to enhance processing of
task-relevant visual features. This model has successfully
explained performance and development in the DCCS task
across a wide array of effects.
In the model, learning labels for visual features creates
structure in the connectivity between frontal and posterior
regions. Activation of labels, such as “shape” or “color”
enhances processing of specific, task-relevant dimensions.
Labels and features are
coupled reciprocally such
that labels can lead to
activation of features, and
the activation of features
can result in the activation
of labels. This model binds
features to spatial locations
when making decisions.
The pattern of decisions
made during the preswitch phase causes the
Figure 2: DNF Model
accumulation of memo ry
traces, and these memory traces create a bias during the postswitch phase to continue sorting by the pre-switch dimension.

Dimensional Label Learning
Previous research has demonstrated that mastering
dimensional labels such as “color” involves a system of
mappings, not simply associating a label (‘red’) to an object
property in the environment (Sandhofer & Smith, 1999).
Children first learn that ‘color’ is related to other labels for
colors such as ‘blue’ or ‘red’ (termed word-word mappings).
Next, children demonstrate an understanding that the label
‘blue’ refers to the blue color of an object (word-property
mapping). More difficult still is understanding that two
objects can share the same color, such as a blue cup and a
blue box (property-property mapping). The final mapping
involves the connection from the overall category of color to
a related color label (‘blue’) to a blue object (word-word property mapping).
Previous research has developed tasks to assess the order
of acquisition of these color mappings (Sandhofer & Smith ,
1999). The production task involves asking children “What
color is this?” and targets word-word mappings
(understanding that the category of color involves a series of
color labels, such as blue). When answered correctly, this
task also demonstrates an understanding of property-word
mappings, but this tends to be more difficult for children. The

comprehension task involves presenting children with an
array of objects and asking “Which one is blue?” and assesses
word-property mappings (understanding that the label blue
applies to the ‘blueness’ of an object). Finally, the
comparison or matching task involves presenting children
with two objects that are similar along a dimension and
asking them to find another object that shares that feature out
of an array of other options. This task assesses propertyproperty mappings (understanding that similar and dissimilar
objects can share the same color).
Interestingly, children often have the most difficulty with
these property-property mappings, even if they can reliably
and accurately name colors in the production and
comprehension tasks. While it may seem that children need
the ability to abstract the color of objects before they can
learn color labels, Sandhofer and Smith (1999) proposed that
success in the matching task actually depends on first
learning other color labels. Therefore, this type of label
learning typically occurs later on, after comprehension and
production. Sandhofer and Smith suggested that this
difficulty involves selective attention, as children must first
learn a number of color labels that guide their attention to the
dimension of color in objects, allowing them to match later.
However, no research has yet assessed whether or how
dimensional label learning influences attentional processes.
Typically, children are proficient in their color labels
before they are able to perform the DCCS task. However, the
neural activation dynamics involved in performance on this
DLL may provide a window into the status of children’s
dimensional label knowledge that might be predictive of their
performance on the DCCS task. In the study below, we assess
neural activation while children performed the DLL tasks
from Sandhofer and Smith (1999) and examined whether
neural activation during these tasks was associated with their
performance on the DCCS task

Figure 3: DLL Tasks.
The influences of labels have been examined in the context
of the DCCS in different ways . Some have found that
providing dimensional labels can support switching (Doebel,
& Zelazo, 2013). For example, Kirkham, Cruess, and
Diamond (2003) found that asking 3-year-olds to label the
relevant dimension when sorting facilitated successful postswitch performance, but this was not replicated in another
study (Müller, Zelazo, Lurye, & Liebermann, 2008). Other
research has found that children were able to switch rules
more successfully if they were given uninformative labels,
such as labeling the DCCS generically as a sorting game
instead of a shape or color game, during the pre-switch phase
but informative labels during the post-switch phase (Yerys,
& Munakata, 2006). However, no previous studies have

2073

examined the status of children’s comprehension and
production of labels in relation to DCCS performance.

Examining Associations Between Dimensional
Label Learning and DCCS Performance
We administered the DLL tasks from Sandhofer and Smit h
(1999) and the DCCS task to a group of 3- and 4-year-olds
while measuring fNIRS data from bilateral frontal, left
temporal, and right parietal regions. We focused on these
regions because they have been previously implicated as
important to successful performance on the DCCS task (Buss
& Spencer, in press). In general, lateral frontal is thought to
be a language region. In addition, temporal and parietal areas
have been implicated as being important for object
representation (Martin, 2007).
Our research aims to address two questions. First, what
cortical regions are involved with successful performance on
the DLL tasks? Second, is activation during DLL related to
children’s performance on the DCCS task? We expect 3- and
4-year-olds to be proficient with color labels. However,
neural activation during the DLL tasks could reflect
differences in the quality of learning that underlies their
performance on DLL tasks. To the extent that DLL is related
to children’s dimensional attention skills, we expect
activation during DLL tasks to be predictive of children’s
performance on the DCCS task.

Participants
This project included a sample of 37 children recruited fro m
the Knoxville community. Seven children were excluded for
failing to complete all tasks, and eight children were excluded
for motion artifacts after fNIRS analysis, leaving a total
sample of 22 participants (eight 3-year-olds, M age=42.6
months, 5 males, 3 females; thirteen 4-year-olds, M age=50.1
months, 6 males, 7 females). One participant withheld
demographic information.

Procedure
Children completed the DCCS task along with the
production, comprehension, and comparison tasks for colors
that were used by Sandhofer and Smith (1999). While
studying shape labels would also be of interest, only color
tasks were used to keep each testing session to a reasonable
length (Verdine, Lucca, Golinkoff, Hirsh-Pasek, &
Newcombe, 2016). Tasks were administered on a 42”
touchscreen monitor that was connected to a PC running EPrime software. Each of the 3 DLL tasks included 3 blocks
of six trials (54 trials total) and used 6 different colors (red,
orange, yellow, green, blue, and purple). For the production
tasks, children were shown a single object and were asked
“What color is this?”. The experimenter entered the child’s
responses into 3 categories based on whether the child
responded correctly, incorrectly, or if they refused to give a
response or stated they didn’t know. For the comprehension
tasks, children were shown a circular array of six objects and
were asked, for example, “Which one’s blue?”. Children

responded by touching one of the objects on the screen. For
the matching task, children were shown two objects that were
similar in color and an array of 6 objects that were arranged
in a half-circle and were asked, “Do you see how these two
are the same? [pointing to the two reference objects] Which
one of these is the same like these two? [pointing to the
objects along the imaginary half-circle]” The child was then
allowed to touch one of the objects to indicate their choice.
For the DCCS, children were first given practice with a
physical set of cards, and the pre-switch dimension (shape or
color) was counterbalanced between participants. They were
told “This is the shape/color game. In the shape/color game,
red ones/circles go here [pointing to one target location], and
blue ones/stars go here [pointing to other target location].
Where does this one go in the color/shape game [holds up
card to sort]?” The children then sorted five practice cards.
After, the children completed the task on a touchscreen
computer. There were 5 pre-switch trials, 5 post-switch trials,
and 30 mixed-block trials in which the sorting rules switched
randomly. The first 10 trials used a yellow house and purple
fish for the target cards, and the mixed block trials used a
green bunny and a red chair. Half of the children completed
the DCCS task first and the other half completed the DLL
tasks first. Task order for the DLL tasks was randomized.

fNIRS Data Collection and Analyses
Near-infrared spectroscopy (fNIRS) was used to monitor
cortical activity by measuring levels of oxygenated (HbO)
and deoxygenated (HbR) hemoglobin in the cortical surface
while children completed these tasks (Boas & Franceschini,
2009). Data were collected at 25 Hz using a Techen CW6
system with wavelengths of 830 nm and 690 nm. The fNIRS
probe was designed with 8 channels of data depicted in
Figure 4. Two channels were over bilateral frontal cortex, and
two channels were centered on bilateral temporal-pariet al
cortex.
Using
HomER2
software
(Huppert,
Diamond ,
Franceschini, & Boas, 2009), the mean baseline was
subtracted and data were transformed into an optical density
measure. To remove extreme frequencies slower than .016
Hz and faster than 2 Hz, data were band-pass filtered. A low
pass filter of 2 Hz was used to preserve high frequency
fluctuations that could be due to motion. Next, these motion
artifacts were eliminated from each region by removing trials
with a change in optical density larger than 0.3 absorbance
units within the time-window between 2 seconds before to 12
seconds after the onset of the dimensional cue. Data were
then band-pass filtered again to hold only frequencies
between .016 and .5 Hz. Concentration data were computed
using the known extinction coefficients of oxygenated and
deoxygenated hemoglobin and the modified Beer-Lamb ert
Law (Boas et al., 2001).
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Results
Both 3- and 4-year-olds were at ceiling on the DLL tasks,
with no differences between ages or between tasks (see
Figure 5). Unusually, the DCCS also showed the same
pattern, with no differences in accuracy between the 3- and
4-year-olds.

To assess our hypothesis that DLL activation is related to
DCCS performance, we also examined correlations between
DLL task HbO levels and DCCS performance (see Table 2).
We found a negative correlation in channel 2 indicating that
HbO concentration for the comprehension task was inversely
related to performance in the DCCS. In channels 2, 3, and 7

To
investigate
activation
across
channels, we ran a
series of 3 repeated
measures t-tests per
channel for each
DLL task with an
adjusted p-value of
0.017 (see Table 1).
We observed significant activation (HbO greater than HbR)
for the production task only in channels 1, 2, 4, 5, and 6 (see
Table 1 and Figure 6).
Figure 7: HbO and DCCS Correlations.
the matching task HbO was positively related to DCCS
performance. Finally, production HbO was also positively
related to DCCS performance. Thus, activation during the
DLL tasks varied in a way that was meaningfully related to
children’s performance on the DCCS task.

Discussion
This study provides the first examination of the relationship
between dimensional label learning and performance in the
DCCS task. Our study revealed that 3- and 4-year-olds
performed very well on the DLL tasks but showed variable
performance on the DCCS task, which makes it valuable as a
measure of the developmental status of EF. When examinin g
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patterns of hemodynamic activation during the DLL tasks,
individual variation was meaningfully predictive of
performance on the DCCS task. This suggests that although
group level activation was not observed in the comprehension
or matching tasks, perhaps developmental changes are still
emerging in these regions as children refine their
representations of these labels.
It is interesting to note that most correlations between
hemodynamic activity and DCCS performance were positive,
suggesting that stronger engagement of those cortical regions
during the DLL tasks was associated with better performance
in the DCCS task. However, the correlation between
activation in the comprehension task in left frontal cortex was
negative. This suggests that learning dimensional labels may
involve more than just increasing activation over
development. Indeed, this suggests that there may be a more
subtle tuning of regions or a functional specialization that
involves decreasing activation in lateral frontal cortex during
label comprehension.
There are many theories of DCCS performance but none of
them address how DLL is involved. For example, the
Cognitive Complexity and Control (CCC) theory suggests
that successful rule-use arises from consciously representing
and reflecting on the complex rules of the task (Frye, Zelazo,
& Palfai, 1995). According to this theory, children fail on the
DCCS when they cannot represent complex or hierarchical
rules. Although CCC theory suggests that rule representation
is guided through linguistically mediated reflection on the
task, it is not clear how dimensional labels would be involved
in this framework. A connectionist model has also been
proposed to explain development in the DCCS task.
However, this model implements an abstract rule
representation system (Morton, & Munakata, 2002). The
model could successfully switch in the DCCS when the
recurrent connectivity between the prefrontal cortex (PFC)
units was strengthened locally. Again, however, this leaves
little room for dimensional labels, as DLL requires a variety
of posterior brain regions beyond PFC.
The DNF model by Buss and Spencer (2014) provides a
new way to explain how DLL influences EF processes.
Indeed, this is the first explanation that captures how the
neurocognitive dynamics of learning the associations
between labels and features might affect EF tasks. Learning
dimensional labels recruits activity from frontal and posterior
brain
regions, and strengthening frontal-posterior
connectivity in the model led to switching behavior in the
DCCS reflective of 4-year-old children. This implies that
DLL could provide a foundation leading to successful DCCS
performance. Interestingly, although the children were at
ceiling behaviorally for the DLL tasks, neural activation for
these tasks was variable, indicating there may be neural
changes occurring that weren’t reflected in performance on
the behavioral task. Very little research has been done on the
neural basis of dimensional label learning tasks, and this is
one of the first studies to demonstrate that dimensional label
learning can impact EF. This indicates that DLL seems to be
a promising explanation to pursue for future research in

understanding the processes involved in the development of
EF.
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Abstract
Words show complex dynamics of meaning change. In some
cases, a word may acquire novel senses. In other cases, existing senses of a word may become obsolete. The rates at
which words gain and lose senses may vary, but it is an open
question which factors might account for this variation. Building on work in computational linguistics and cognitive science,
we develop a computational approach that explores this question by leveraging word sense records from a large historical database of English. Our results suggest that polysemous
words tend to gain and lose senses more than words with fewer
senses, and that these effects are robust when word frequency
and length are both controlled for. These results are consistent with recent findings on the mechanisms of emergent word
meanings and they further suggest stability in the temporal dynamics of word meanings.
Keywords: lexicon; word meaning; sense gain; sense loss;
polysemy; lexical evolution; stability

Introduction
Words are core components of the lexicon, but their meanings
tend to change over time. For instance, a word might take on
new senses (e.g., crane acquiring the sense of the construction device), while existing senses of a word might become
obsolete (e.g., awesome losing the sense of ‘inspiring awe’).
Words develop senses at different rates. For example, words
such as mouse, run, and clear have gained a variety of senses
in the history of English, whereas words such as antelope,
waltz, and rainy have developed fewer senses over time. Why
do some words gain or lose senses more rapidly than others?
We explore this question by examining temporal dynamics of
word meanings in history.
Meaning change has been a topic of considerable interest in
linguistics. Prior research has shown that historical changes
in word meaning can take a variety of forms (Traugott
& Dasher, 2001), such as narrowing or widening (Bréal,
1897; Bloomfield, 1933), metaphor (Sweetser, 1991),
metonymy (Panther & Radden, 1999), and grammaticalization (Hopper & Traugott, 2003). Despite this rich literature, few attempts have been made in characterizing the temporal dynamics and stability of word meanings. Although
similar questions have been explored in the evolution of
word forms (Pagel, Atkinson, & Meade, 2007) and morphology (Lieberman, Michel, Jackson, Tang, & Nowak, 2007),
comparably less work has been pursued in the area of meaning change. This difficulty arises in part due to the fact that
meaning change is hard to quantify precisely and at a broad
scale.
Recent work in computational linguistics has made
progress toward these issues by taking a distributed approach to meaning change. In particular, Hamilton and colleagues (Hamilton, Leskovec, & Jurafsky, 2016) have quantified rates of semantic change by measuring differences in

word (meaning) vectors over time, derived from word cooccurrence statistics in large historical text corpora. They
discovered that rates of semantic change correlate negatively
with word frequency but positively with polysemy, which
they approximated by measuring how contextually diverse a
word is in co-occurrence. They also found that the correlation
with frequency is stronger than that with polysemy.
Follow-up work has challenged the validity of these findings on methodological grounds (Dubossarsky, Weinshall, &
Grossman, 2017). Due to biases in the measure of semantic change and how frequency is represented by the word
vectors, both the effects of frequency and polysemy were
shown to be significantly reduced under random control sets.
Furthermore, the polysemy measure used by Hamilton et al.
(2016) shows a bias towards function words (e.g., yet, always), which overestimates the degrees of polysemy in these
words. These methodological concerns suggest that alternative approaches may be needed for characterizing temporal
properties of word meanings.
From a theoretical perspective, several questions remain
open. First, independent research from cognitive science has
suggested that semantic chaining is a key process in the historical emergence of word meanings (Lakoff, 1987; Bybee,
Perkins, & Pagliuca, 1994; Malt, Sloman, Gennari, Shi, &
Wang, 1999; Xu, Regier, & Malt, 2016; Ramiro, Srinivasan,
Malt, & Xu, 2018). On this view, words tend to extend their
meanings by linking an emerging sense to existing senses that
are closely related, effectively forming a network of chainlike structures based on local neighborhood profiles. If this
view is correct, we should predict words with many existing senses to develop more senses over time, because they
potentially offer more points of attachment between existing and novel senses, in comparison to words with fewer
senses. This rich-get-richer hypothesis is supported partly by
previous work that models growth in semantic networks via
preferential attachment (Steyvers & Tenenbaum, 2005). An
empirical question that we investigate in the current work is
whether similar dynamics would be present in the evolution
of word senses over time. Perhaps even less understood are
the dynamic properties of sense loss. One naïve prediction
following the rich-get-richer hypothesis is that polysemous
words should keep gaining senses. However, we do not expect this unbounded sense growth to be applicable for words
at large, because a word form with an ever-increasing number of senses would ultimately become difficult to interpret
(cf. Klein & Murphy, 2001). In contrast, we expect that a
high rate of sense gain might be compensated by a high rate
of sense loss, such that there is stability overall in the temporal dynamics of word meanings.
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To test our proposals, we quantify rates of word meaning change by leveraging a large historical thesaurus. Different from corpus-based methods, our approach provides a
way of measuring both sense gain and sense loss based on
time-stamped sense records in the historical dictionary, independent of corpus-based frequencies. As we will show, this
approach yields a more reliable measure of polysemy, and it
allows us to both test how different factors account for rates
of meaning change as well as our hypotheses about stability
in word meanings.

key predictor, we expect its coefficient to be larger than that of
the other variables in the historical evolution of word senses.

Condition of stable word sense dynamics
To explore the relationship between rates of sense gain and
rates of sense loss, we define net rate of sense change by tak+
ing the difference between these rates. Let r(w)t+ = ds dt(w)
−

and r(w)t− = ds dt(w) be abbreviations of rates of sense gain
and loss. We define net rate of sense change as the following:

Computational formulation

rtnet = r(w)t+ − r(w)t−

We first present a simple computational formulation that characterizes temporal rates of sense gain and loss, extending
work by Hamilton et al. (2016). We then describe the condition under which temporal dynamics of word meanings would
tend toward stability.

If a word gains and loses senses at equal rates, we expect
its net rate of sense change to be zero. It is possible that net
rate of sense change may fluctuate across words, so we test
the condition that the mean rate of sense change should be
near zero over time, across words in a lexicon W of size |W |:

Modelling rates of sense gain and loss

E[rtnet ] =

We consider three variables that could influence rates of word
sense gain and loss: word frequency (denoted by F), word
length (denoted by L), and degree of polysemy (denoted by
S). Frequency and degree of polysemy are both investigated
in Hamilton et al. (2016), but not word length. We describe
how we obtain values for these variables in the next section.
We specify rate of sense gain (s+ (w)) for word w at time t
in terms of a function g(·) that captures the joint influence of
these variables:
ds+ (w)
∝ g(Ft−1 , L, St−1 )
(1)
dt
We consider frequency and polysemy profiles at t − 1 (or
prior to the time of interest) because we are interested in how
these variables at a given time point may predict rate of sense
gain in the future. Word length does not vary over time and
is fixed as L. Because the three variables are correlated (cf.
Zipf, 1949), the critical question is which variable best predicts rates of word sense gain and loss when other variables
are controlled for. To model rates of loss of senses for a word
(denoted by s− (w)), we use the same formulation:
ds− (w)

∝ g0 (Ft−1 , L, St−1 )

(2)

dt
Following work by Hamilton et al. (2016), we assess the
relative contributions of the three variables by specifying g(·)
and g0 (·) as linear mixed effect models with random intercepts on words (zw ), fixed effects per time point (with coefficient βt ), and an error term (εtw ) for noise:
ds+/− (w)
∝ βF log(Ft−1 )+βL (L)+βS log(St−1 )+βt +zw +εtw
dt
(3)
The β coefficients of the three variables represent the relative contributions toward predicting rates of word sense gain
and loss, examined separately. If degree of polysemy is the

1
∑ rtnet ≈ 0
|W | w∈W

(4)

(5)

Equation 5 stipulates that the expected number of senses
that flow in and out of words should be roughly balanced.

Treatment of data
Historical thesaurus
We sourced data from the Historical Thesaurus of English
(HTE) (Kay, Roberts, Samuels, Wotherspoon, & Alexander,
2017), a large digitized lexicon based on the Oxford English
Dictionary. The version of the HTE we worked with includes
approximately 800,000 dated word-sense records from Old
English (around the year 1100) to the present day (up to the
year 2000). Our analyses focused on records from the past
200 years of Modern English, from 1800 to 2000. We chose
to work with this period because earlier records of the HTE
can be relatively sparse, which might introduce biases in the
analysis. Furthermore, this time period corresponds to that in
the previous analyses by Hamilton et al. (2016), so it is useful
for making comparisons with the corpus-based approach.

Word sets
Because the HTE database did not provide information on
word frequency, we worked with two sets of common English words from two independent sources: 1) the 6,000 most
frequent non-stop words (i.e., excluding extremely common
function words such as the, at, and on) from the British National Corpus (BNC) (Kilgarriff, 1995) and 2) the 100,000
most common non-stop words from the Google Books English Fiction corpus (Davies, 2011) used in Hamilton et al.
(2016), for which entries in the HTE are available (n = 9778).

Rates of sense gain and loss
For each word, we calculated its temporal rate of sense gain
per decade by counting the number of novel senses that appeared during the 10 years (i.e., 20 data points from 1800 to
2000), based on the starting dates of word senses recorded in
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the HTE. Similarly, we calculated a word’s rate of sense loss
by counting the number of senses that become obsolete during those 10 years, based on the ending dates of word senses
recorded in the HTE.

Word frequency and length
We estimated word frequencies over the past 200 years based
on the Google Books N-gram corpus (Michel et al., 2011),
provided by Hamilton et al. (2016). We took the orthographic
length of a word as a proxy for word length by counting the
number of letters.

Degree of polysemy
We defined degree of polysemy of a word at a given time t
as the number of total non-obsolete senses (in the HTE) for
that word up to t. To assess the reliability of our measure,
we calculated rank correlation in polysemy for the year 2000
between these measures of polysemy and that from WordNet (Princeton University “About WordNet", 2010). The result indicates that our measure based on the HTE (Spearman ρ = 0.40, p < 0.0001) better correlates with WordNet
than that from Hamilton et al. (2016) (Spearman ρ = 0.26,
p < 0.0001). This difference is statistically significant under
a two-sample bootstrap test with 10,000 samples (t = 926,
p <0.0001). Table 1 shows the most polysemous words from
the English Fiction Google corpus (Davies, 2011), retrieved
from the HTE-based measure and the measure by Hamilton
et al. (2016) separately. As observed, our measure does not
produce a bias towards function words.
HTE database
Hamilton et al. (2016)

slip, shoot, point, take, round,
set, fall, strike, out, run
yet, always, even, little, called,
also, sometimes, great, still, quite

Predicting corpus-based rates of semantic change
Following Hamilton et al. (2016), we performed linear mixed
effect regression on our variables of interest (word frequency,
polysemy, and length) against the rates of semantic change
of individual words. (Hamilton et al. (2016) estimated these
rates by measuring cosine distances between corpus-derived
word vectors for consecutive decades, during the period of
1800-2000.) Figure 1 summarizes the coefficients of regression based on words in the English Fiction corpus, as used in
Hamilton et al. (2016) (we obtained similar results based on
words in the BNC corpus, as reported below).
Our results show that degree of polysemy is the strongest
predictor of rates of semantic change when both word frequency and word length are controlled for. The positive correlation suggests that polysemous words tend to undergo more
rapid semantic change than words with fewer senses. We
also observed that word frequency is negatively correlated
with rates of semantic change, as reported by Hamilton et
al. (2016). However, this correlation is likely to be inflated,
as shown by Dubossarsky et al. (2017).
To assess whether the role of polysemy is dominant across
time, we performed a paired t-test between polysemy and
each of the alternative variables. The results indicate that
the differences in regression coefficients are statistically significant (t = 25.8, p < 0.0001 (polysemy vs. frequency), t
= 15.2, p < 0.0001 (polysemy vs. length) for words in the
English Fiction corpus; t = 24.5, p < 0.0001 (polysemy vs.
frequency), t = 16.2, p < 0.0001 (polysemy vs. length) for
words in the BNC).
These initial analyses provide evidence that polysemy may
be a key predictor of rates of meaning change—measured by
text corpora, but they do not directly address the question of
how the same variables account for gain and loss of word
senses, respectively, which we address below.

Predicting rates of sense gain

Table 1. Ten most polysemous words in the English Fiction
corpus, retrieved from measures based on the HTE database
and Hamilton et al. (2016).

Results
We present results from four analyses. First, we assess the explanatory power of the three variables described in accounting for rates of semantic change estimated from text corpora.
This measure of rates does not distinguish between gain and
loss of word senses, and we take the rate measurements directly from data made available by Hamilton et al. (2016).
Next, we assess how well the same variables predict historical rates of sense gain and loss based on records from the
HTE database, in two separate analyses that distinguish between sense gain and sense loss. In the final analysis, we
assess whether the relationship between rates of sense gain
and loss reflects a tendency toward stability in the lexicon.

We next assessed the explanatory powers of the three variables in accounting for historical rates of word sense gain,
as computed from the HTE database. Following Equation 3, we performed linear mixed effect (LME) regression on these variables, jointly against rates of sense gain
of individual words (i.e., r(w)t+ ) with random intercepts
per word. For all LME regressions, we used the Python
statsmodels package with restricted maximum likelihood
estimation (REML) (Seabold & Perktold, 2010).
Figure 2(a) summarizes the regression coefficients on word
frequency, word length, and degree of polysemy, based on
words in the BNC corpus. The results indicate that degree
of polysemy yielded the highest coefficients of regression
among the three variables, confirming the hypothesis that
words tend to gain senses in a rich-get-richer way. Table 2
further shows that degree of polysemy yielded coefficients an
order of magnitude larger (in absolute value) than the other
two variables.
We also observed that in both datasets, word frequency
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(a) Sense gain

Frequency

Predictor

Predictor

Frequency
Length
Polysemy

Length
Polysemy

−0.05

0.00

0.00

0.05

0.02

0.04

Regression coefficient

Regression coefficient
(b) Sense loss

Figure 1. Summary of results on mixed effect regression of
word frequency (log(Ft−1 )), word length (L), and number of
senses for a word, or degree of polysemy (log(St−1 )), against
rates of semantic change at time t, measured from the English
Fiction corpus (cf. Hamilton et al. 2016). Error bars represent
95% confidence intervals across time points.
positively correlates with rate of sense gain (i.e., similar to
degree of polysemy), while word length negatively correlates with rate of sense gain, suggesting that more frequent or
shorter words tend to have higher rates of sense gain. However, these effects are substantially weaker than those observed with the variable of polysemy.
To further assess whether the predictive power of polysemy
relative to the other variables is statistically significant, we
performed paired t-tests among these variables across time.
Table 3 shows that regression coefficients based on degree
of polysemy are significantly different from those based on
frequency or word length. Overall, these results suggest that
degree of polysemy best accounts for rates of sense gain in
English words, beyond word frequency and length.

BNC
Eng Fic

log(Ft−1 )
+0.00382
+0.000523

L
-0.00259
-0.00226

log(St−1 )
+0.0350
+0.0215

t-stat

Predictor

Length
Polysemy
0.000

0.005

0.010

Regression coefficient

Figure 2. Summary of results on mixed effect regression
against rates of sense gain and loss. (a) Regression coefficients of word frequency (log(Ft−1 )), word length (L), and
degree of polysemy (log(St−1 )) on predicting rates of sense
gain at time t of individual English words in the BNC word
set. (b) Regression coefficients on predicting rates of sense
loss of words in the BNC word set. Error bars represent 95%
confidence intervals across time points.

Predicting rates of sense loss

Table 2. Summary of mean coefficients of regression on
the three variables of interest against rates of sense gain, for
words in the BNC and Google Books English Fiction corpora.

BNC
βS vs. βF βS vs. βL
9.05
11.0

Frequency

English Fiction
βS vs. βF βS vs. βL
11.0
12.4

Table 3. Results of paired t-tests on the difference between
regression coefficients for word frequency, βF , word length,
βL , and degree of polysemy, βS . For all cases p < 0.0001.

To assess how the three variables account for rates in the
loss of word senses obtained from the HTE database, we performed the same mixed regression analysis.
Although degree of polysemy appears to be the strongest
predictor for rates of sense gain, it is possible that it might
not be equally predictive in the case of sense loss. However,
Figure 2(b) indicates that similar to the case of sense gain,
polysemy outperforms the other two variables in accounting
for rates of sense loss. In particular, the average regression
coefficients based on polysemy are still substantially larger in
absolute value than those based on word frequency or length
(as summarized in Table 4). Table 5 further shows that such
differences are statistically significant in paired t-tests across
time, just as what we found in the case of sense gain.
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t-stat

0.4
0.2
0.0

−0.2

log(St−1 )
+0.00937
+0.00569

English Fiction
βS vs. βF βS vs. βL
4.46
4.91

Table 5. Summary of paired t-tests on regression coefficients
of word frequency, βF , word length, βL , and degree of polysemy, βS , against rates of sense loss, over time. For all cases
p < 0.0001.

Evidence for stability
In the final analysis, we assessed how the processes of sense
gain and loss may be related, particularly whether words tend
to gain and lose senses at roughly equal rates.
Following Equation 4, we computed the net rate of sense
change for words in the lexicon. This measure is an indicator
of semantic stability: if this value is near-zero over time, it
suggests that sense gain and loss tend to balance each other
out; if the value shows a clear upward or downward trend
over time, it indicates that the stability criterion that we have
stipulated might not be met.
Figure 3 provides support for the first view. We observed
that the net rates of sense change are roughly constant and
close to zero over time in the BNC dataset (with similar results for the English Fiction dataset). We verified this observation quantitatively by fitting the net rates of sense change
against time via linear regression. The coefficient of the slope
term did not show statistical significance (p = 0.40 (BNC);
p = 0.26 (English Fiction data)), indicating that there is minimal temporal trend in the data. We also found the mean
net rate of sense change across time to be 0.02 (with standard deviation of 0.01), which indicates that words gain only
0.02 senses (i.e., very close to zero) per 20 years, on average. Furthermore, we correlated rates of sense gain vs. rates
of sense loss across words and found a significant positive
correlation between the two variables (Pearson r = 0.455,
p < 0.0001 (BNC); Pearson r = 0.46, p < 0.0001 (English

1980

1960

1940

1920

1900

1880

1860

1840

−0.4

Table 4. Summary of mean coefficients of regression on
the three variables of interest against rates of sense loss, for
words in the BNC and Google Books English Fiction corpora.

BNC
βS vs. βF βS vs. βL
3.83
4.56

0.6

1820

L
-0.000428
-0.000326

0.8

1800

BNC
Eng Fic

log(Ft−1 )
+0.00105
+0.000218

Net rate of sense change

Taken together, our results show that more polysemous
words tend to gain and lose senses at higher rates than words
with fewer senses despite variation in word frequency and
length. These results extend the findings by Hamilton et al.
(2016) by suggesting how these linguistic variables might influence the separate processes of word sense gain and loss,
and how degree of polysemy of a word is the best predictor
among the variables examined.

Figure 3. Net rate of sense change in words from the BNC
corpus over the recent 200 years, binned by 20-year intervals. Boxplots were constructed with 95% confidence intervals across words. Dots represent outlier words. Dashed line
represents the fit from a linear regression.

Fiction)). These results suggest that not only do words gain
senses in a rich-get-richer way and lose senses in a rich-getpoorer way, but they also do so by balancing the amount of
sense gain with the amount of sense loss (hence keeping the
net influx of senses in words relatively stable).
Taken together, our findings provide support for the view
that although words vary in their rates of sense gain and loss
(see Table 6 for words that show the highest rates of sense
gain and loss), the dynamics of sense gain and loss tend to be
relatively stable over time.

Discussion
The fluidity of word meaning raises the fundamental question
of why certain words show rapid historical growth and loss in
meaning, while others are more semantically stable. We have
presented a computational treatment of this problem, leveraging a rich historical thesaurus. We reached two main findings.
First, words gain senses in a rich-get-richer way after controlling for the variables of word frequency and length. Our result
shows that polysemous words tend to attract emerging senses,
more so than words with fewer senses. This finding is consistent with the view that words grow senses in chained mechanisms (Xu et al., 2016; Ramiro et al., 2018), where we expect
more fully fledged sense networks to develop more connective points for developing novel senses. We also showed that
rich-get-richer sense growth is countered by similar dynamics in sense loss, such that the amount of sense gain roughly
equals the amount of sense loss in words in the English lexicon. These findings provide evidence for stability in the temporal dynamics of word meanings.
Our work opens up several directions for future research. A
natural question is whether our findings on semantic change
in the English lexicon would hold for other languages, particularly those outside the Indo-European family. Answers to
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Highest rate of sense gain
Highest rate of sense loss

run (+83), roll (+64), ring (+63), strip (+62), line (+61),
shoot (+60), slip (+59), break (+59), swing (+59), pull (+58)
cast (-26), upon (-25), turn (-23), cross (-18), cut (-18),
tail (-18), top (-18), put (-17), fat (-17), close (-16)

Table 6. Ten words that show the highest rates of sense gain and loss, respectively, between the period of 1800 to 2000, from
the BNC corpus. Numbers in parentheses indicate the total counts in sense change, with signs indicating directions of change.

this question would help to assess the generality of our proposal, but they do rely on rich lexical resources comparable to
those in English that might not be readily available. Another
outstanding issue is why certain senses of a word become obsolete over time, while others do not. Finally, it would be
instructive to explore how factors beyond linguistic variables
examined here (e.g., those due to cultural or social changes)
have influenced the temporal dynamics of word meanings.
Our current research serves as a starting point towards these
open questions in lexical evolution.
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Abstract
In visual word recognition, having more orthographic
neighbors (words that differ by a single letter) generally
speeds access to a target word. But neighbors can mismatch at
any letter position. In light of evidence that information
content varies between letter positions, we consider how
neighbor effects might vary across letter positions. Results
from a word naming task indicate that response latencies are
better predicted by the relative number of positional friends
and enemies (respectively, neighbors that match the target at a
given letter position and those that mismatch) at some letter
positions than at others. In particular, benefits from friends
are most pronounced at positions associated with low a priori
uncertainty (positional entropy). We consider how these
results relate to previous accounts of position-specific effects
and how such effects might emerge in serial and parallel
processing systems.
Keywords: visual word recognition; orthographic neighbor;
letter position; friend; enemy

Introduction
A hallmark of visual word identification is that presentation
of a target word entails not only accessing the target but also
activating a number of related words. A word’s
orthographic neighbors (henceforth, neighbors) are
typically defined as words that differ from the target word
by the substitution of a single letter (Coltheart et al., 1977).
For instance, the neighborhood for LAKE includes BAKE,
LIKE, LACE and LANE. In general, words from larger
neighborhoods are recognized more quickly than words with
fewer neighbors (Andrews, 1997), though the precise way in
which neighbors influence the dynamics of lexical access is
fairly complex and controversial.
As an illustration, consider the interactive model of word
recognition of McClelland and Rumelhart (1981), which
includes excitatory bottom-up connections from letter units
to word units, reciprocal top-down connections from word
units to letter units, and lateral inhibitory connections at
both the letter level and word level. In such an architecture,
a neighbor (e.g., LIKE) directly inhibits a target (LAKE)
through lateral connections. At the same time, the neighbor
reinforces its constituent letters through top-down
connections, and these reinforced letters (L, K and E) in turn
“confirm” the lexical prediction, boosting activation of the

target through bottom-up connections. Thus, neighbors can
inhibit and/or enhance the activation of a target word.
The present work is motivated by the idea that in
assessing the influence of neighbors on word recognition, it
may be useful to consider not only the size of the
neighborhood but also its composition. To this end, every
neighbor can be classified as a friend or enemy of a given
letter position, depending on whether it respectively
matches or mismatches the target word at that position.1 For
instance, CAKE is an enemy of LAKE at the first letter
position but a friend at positions two, three and four.
A consideration of friends and enemies allows for more
nuanced characterizations of many phenomena in letter and
word identification. Consider the word superiority effect
(Reicher, 1969), which is the finding that letter
identification is facilitated if the target letter (e.g., S) is
presented in a word context (SHIP) relative to being
presented in isolation (S). In interactive architectures, this
effect is attributable to the critical letter receiving top-down
support from the word layer. By appealing to friends and
enemies, we are able to capture the slight differences in the
word superiority effect when S is presented in a context like
SINK compared to a context like SHIP. The word SINK has
relatively many enemies at the first position (e.g., LINK,
MINK, PINK, RINK, WINK), whereas the word SHIP only
has two first-position enemies (CHIP and WHIP). Because
there are relatively more possibilities for the first letter of
_INK than _HIP, the word superiority effect is attenuated in
the SINK context compared to the SHIP context, particularly
in visual conditions where the input is slightly degraded
(Broadbent & Gregory, 1968; Johnston, 1978; McClelland
& Rumelhart, 1981).
While the influences of friends and enemies on letter
identification are relatively subtle, previous findings suggest
that the characteristics of the neighborhood may have a
relatively important influence on the dynamics of word
identification. When multiple enemies mismatch a target
1

Here, we use the terms friend and enemy as they are used by
McClelland and Rumelhart (1981). Note that this is distinct from
another use of these terms in the literature, in which they refer to
sets of words with similar or dissimilar phoneme-grapheme
correspondence, respectively (e.g., Kay & Bishop, 1987).
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word at a given letter position, these enemies form a “gang”
and mutually reinforce each other through their interactions
with letter nodes; for instance, all the words that mismatch
the target LAKE in word-initial position constitute an _AKE
gang. Because of mutual reinforcement among gang
members, words in large gangs are relatively more activated
than words in small gangs (McClelland & Rumelhart,
1981). Additional evidence for the influence of enemies on
word recognition comes from a study by Pugh, Rexer, Peter
and Katz (1994), who found that delaying access to a letter
impairs visual word recognition if multiple candidates are
possible at that position (i.e., if there is at least one enemy to
the target word at that position) but not when only one
candidate is possible. More generally, such effects suggest
that the relative number of friends and enemies at each
position has important consequences for the activation
dynamics in word identification. A heretofore unanswered
question is whether it matters which letter positions have
particular ratios of friends to enemies. That is, does the
facilitative influence of orthographic neighbors depend on
where those neighbors mismatch the target word?
The idea that it may be important to consider the relative
location of friends and enemies has its roots in a substantial
body of literature indicating that some letter positions may
be more important for visual word identification than others.
For instance, a number of studies suggest that access to the
initial letter positions in a word is particularly important;
subjects fixate on these letters early on in word naming
tasks, and visual word recognition is speeded when a target
is preceded by a prime sharing word-initial letters more than
if the prime shares word-final letters (Forster, 1979; Inhoff
& Tousman, 1990; O’Regan, 1981). These biases for wordinitial positions appear to reflect the fact that these positions
often have less predictable (i.e., more informative) letters
rather than being pre-lexical in nature. Indeed, participants
employ different fixation strategies when they know the
words they are viewing have higher information content in
word-final positions, and the enhanced priming from wordinitial letters disappears when differences in letter frequency
across letter positions are controlled (Grainger & Jacobs,
1993; O’Regan et al., 1984).
Recent work by Blais et al. (2009) supports the idea that a
word’s information content is not evenly distributed over its
letter positions and thus offers a helpful context for thinking
about how neighbor effects might differ across letter
positions. In their study, participants completed a speeded
naming task with five-letter words in French. On each trial,
a movie of semi-transparent “bubbles” was overlaid on the
word, such that different letter positions were briefly
obscured at different points in time. By sampling across a
range of trials, the authors were able to ascertain that early
access to positions one, three and four was particularly
important for correct naming of five-letter words. The
authors also conducted “ideal reader” analyses to determine
the letter positions where readers should seek to prioritize
information extraction. These analyses used a model that
iteratively identified the best letter position to process next

based on the information identified from previously
processed positions. Note that a critical assumption that
follows from this task and analysis is that information is
sampled serially, letter-by-letter, but not in a simple left-toright or right-to-left fashion. Using this approach, Blais et
al. computed a relative importance metric for each letter
position in four-, five-, six- and seven-letter words in both
French and English; this metric can be thought of as
reflecting the importance of accessing a particular letter
position early in processing. Finally, the authors compared
recognition of five-letter French words in the bubbles task to
the ideal reading strategy their analysis derived for such
words, observing that that reader recognition was most
impaired when access to “more important” positions was
impaired. They thus suggested that readers may process
letters in accordance with their relative importance. Such an
interpretation is striking in light of prominent theoretical
accounts of visual word recognition, which assume that
letters are processed either in parallel (e.g., McClelland &
Rumelhart, 1981) or serially, from left to right for languages
like English (e.g., Coltheart & Rastle, 1994; Whitney,
2008).
In the present investigation, we first ask whether the
relative importance metric of Blais et al. (2009) might be
approximated without assuming any degree of serial
processing; in particular, we consider the a priori amount of
uncertainty (or positional entropy) associated with each
letter position. We then ask how the distribution of friends
and enemies across different letter positions affects
performance on a speeded word identification task, using a
database of trial-by-trial naming data collected for the
English Lexicon Project (ELP; Balota et al., 2007). Finally,
we consider how the degree to which friends at different
letter positions facilitate word recognition relates to the
positional entropy at each letter position.

Methods
A full overview of the ELP database is provided by Balota
et al. (2007). The database includes lexical characteristics
(word frequency, neighborhood size, etc.) for 40,480 words
as well as trial-by-trial data from a speeded naming task
conducted across multiple universities. For each word, we
calculated the number of friends and enemies at each letter
position, as well as the ratio of friends to neighbors at each
position, resulting in a position-specific measurement of the
relative number of friends at position p (RFp):
%&
𝑅𝐹# = ,
'
where F= friends and N = all neighbors. Equivalently, since
any neighbor that is not a friend at position p is an enemy at
position p:
%&
𝑅𝐹# =
.
%& ()&

472 participants contributed to the ELP dataset. We
limited our analyses to 4-, 5-, 6- and 7-letter words that had
at least one neighbor; the latter constraint was a
consequence of our RF calculation. A total of 10,730 words
met these criteria and were included in analyses. Trials were
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Figure 1: The positional entropy at each letter position for words of varying length. In panels A and B, bar plots
represent the probability of each of 26 letters in specific positions for 4-letter words. In panel C, these probabilities are
represented more compactly. For example, in the top left diagram in C, the top row corresponds to the bar chart in
panel A and the second row corresponds to panel B. In the diagrams in C, darker cells indicate higher probability. Row
labels include entropy; a low entropy value corresponds to probability being amassed on a small number of letters,
whereas high entropy indicates probability distributed across many letters.
only included if participants self-reported that they had
pronounced the word correctly, yielding an average of 27.8
(SD = 2.9) observations per item.

Results

in the word. By contrast, our positional entropy metric
offers a coarser measurement of relative importance, as it
does not assume serial processing and probabilities are
computed given only the length of the word. As shown in
Figure 2, even this coarse positional entropy metric can

Positional entropy
The a priori uncertainty about letter identity differs across
letter positions. We quantified uncertainty by computing the
Shannon entropy at each letter position based on all the
words of that length in the ELP. In particular,
𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛𝑎𝑙 𝐸𝑛𝑡𝑟𝑜𝑝𝑦 = −

𝑝(𝑥: ) ∙ 𝑙𝑜𝑔> 𝑝(𝑥: ),

where xi represents each possible letter at a given position
(Figure 1). The smaller the value, the less uncertainty there
is about the letter’s identity (given only information about
word length). If only one letter were possible at a given
position (e.g., if every word in the English language began
with an e), then the entropy at that position would be 0.
Similarly, if all letters were equally probable at a given
position, the entropy would be ¥.
In computing their relative importance values for each
letter position, the ideal reader model used by Blais et al.
(2009) sampled letters serially, and the relative importance
of each letter was conditioned on the identity of other letters
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Figure 2: The a priori positional entropy at each letter
position approximates the (serial) relative importance
metric from Blais et al. (2009). Labels (e.g., 4:2) first
indicate word length then letter position.

Table 1: Regression analysis for 4-letter words.
(Intercept)
Log Freq.
RF1
RF2
RF3
RF4

b estimate
629.51
-10.59
76.17
20.12
44.16
13.74

SE
104.88
0.84
35.46
35.58
35.13
35.32

t value
6.00
-12.64
2.15
0.57
1.26
0.39

p value
< 0.001
< 0.001
0.03
0.57
0.21
0.70

Table 2: Regression analysis for 5-letter words.
(Intercept)
Log Freq.
RF1
RF2
RF3
RF4
RF5

Figure 3: The relative number of friends has a
facilitative effect on response latency (negative
beta weight) at low-entropy positions.

b estimate
855.41
-16.07
13.04
-26.37
-4.88
-13.04
-31.82

SE
48.28
0.79
12.52
13.22
13.00
12.93
12.99

t value
17.72
-20.35
1.04
-2.00
-0.38
-1.01
-2.45

p value
< 0.001
< 0.001
0.30
0.05
0.71
0.31
0.01

Table 3: Regression analysis for 6-letter words.
(Intercept)
Log Freq.
RF1
RF2
RF3
RF4
RF5
RF6

SE
39.42
0.74
8.61
9.42
9.03
9.25
9.25
8.80

t value
21.01
-21.76
2.34
-1.22
-0.22
0.30
-2.70
-0.66

p value
< 0.001
< 0.001
0.02
0.22
0.83
0.76
0.01
0.51

Table 4: Regression analysis for 7-letter words.

Figure 4: The effect of RF on response latency is
more pronounced at positions where there tend to be
relatively more friends.

(Intercept)
Log Freq.
RF1
RF2
RF3
RF4
RF5
RF6
RF7

approximate the relative importance values determined by
Blais et al. (2009) [t(20) = 2.49, p = 0.022, r = 0.487, R2 =
0.237]. In this and subsequent figures, the label on each
point indicates first the length of the word and then the letter
position within the word. For instance, the label 6:2 refers to
the second position of a 6-letter word.

RF effects by position
We used a series of regression analyses to assess the
influence of RFp on response latency in the speeded naming
task2 conducted by Balota et al. (2007). Because positionspecific statistics are contingent on word length, separate
models were used for words of different length. Lognormalized word frequencies from the HAL corpus (Lund &
Burgess, 1996) were included as a nuisance regressor in
2

b estimate
828.32
-16.06
20.11
-11.49
-1.94
2.79
-25.00
-5.83

We acknowledge that these analyses do not establish causality,
but for convenience we adopt the common practice of discussing
"effects" of lexical properties on performance measures.

b estimate
843.11
-16.76
22.54
-2.48
2.05
0.86
-20.16
-14.31
-14.08

SE
29.98
0.81
6.35
7.52
7.77
7.50
8.43
8.20
6.39

t value
28.13
-20.72
3.55
-0.33
0.26
0.11
-2.39
-1.75
-2.21

p value
< 0.001
< 0.001
< 0.001
0.74
0.79
0.91
0.02
0.08
0.03

each model. Model fit improved as word length increased,
with adjusted R2 values of 0.111, 0.140, 0.141, and 0.154
for the 4-, 5-, 6- and 7-letter word analyses, respectively.
Results are summarized in Tables 1-4.
Beta estimates correspond to effects of having relatively
more friends at a particular position on reaction time, where
negative beta weights indicate a facilitative friend effect.
The variability in the beta weights indicates that the relative
number of friends has a more pronounced influence on
reaction times at some letter positions than at others.
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In order to understand why the influence of friends differs
across positions, we compared the size of the RFp effect to
the a priori amount of uncertainty (i.e., the positional
entropy) associated with each letter position. As shown in
Figure 3, the influence of the relative number of friends is
facilitative (i.e., negative beta weights) in low-entropy
positions [t(20) = 2.65, p = 0.015, r = 0.510, R2 = 0.260].
We also compared the size of the RFp effect on response
latency to the mean number of relative friends at each letter
position. As depicted in Figure 4, the RFp benefit for
response times is highly pronounced at positions that have
relatively more friends [t(20) = -4.10, p = 0.001, r = -0.676,
R2 = 0.456]. That is, if there tend to be many friends (on
average) at a particular letter position, then words with more
friends at that position are recognized more quickly than
words with relatively fewer friends at that position.

Discussion
A substantial body of research indicates that a word’s
substitution neighbors play a pivotal role in the process of
word identification, and words with many neighbors are
typically recognized more quickly than words with fewer
(e.g., Andrews, 1997). McClelland and Rumelhart (1981)
noted that every neighbor can be described as an enemy
(competitor) to the letter position where it mismatches the
target and a friend (supporter) to all other letter positions.
The authors further noted that classifying neighbors as
positional friends and enemies might yield a more nuanced
characterization of word and letter identification. Here, we
investigated how differences in the relative number of
friends at each letter position predicted response latencies in
a speeded word naming task (Balota et al., 2007), with
particular interest in comparing these results to recent work
suggesting that some letter positions are more informative
than others are (e.g., Blais et al., 2009).
Our results indicate that the facilitative influence of
friends is more pronounced at some letter positions than at
others. In particular, friend benefits appear to be most
pronounced at positions where there is low a priori
uncertainty about the identity of the letter, as indexed by the
Shannon entropy of the letter position (Figure 3).
Furthermore, the more friends there tend to be (on average)
at a particular letter position, the greater the benefit of
having an additional friend at that position (Figure 4).
To clarify the relationship between friend benefits and
positional entropy, it may be useful to explicitly state the
relationships between entropy, friends and enemies. At lowentropy positions, probability tends to be amassed on
relatively few letters, so it is unlikely for a target word to
have many enemies at these positions; these positions thus
tend to have a relatively large proportion of friends (high
RFp). By contrast, when probability is distributed among
relatively many letters (high entropy), enemies are more
common, so RFp values tend to be lower. Friends have a
particularly facilitative effect on word recognition when
they appear at positions with relatively high RF values.
The present results are useful to consider in conjunction

with a broader literature suggesting that some letter
positions are more informative than others. In one such
study, Blais et al. (2009) ascertained the “relative
importance” of each letter position using an ideal reader
model that assumed that positions are processed in order of
their information content; after processing one letter, the
model would determine which position would be most
informative and process that position next. Blais et al.
further suggested that readers may prioritize particular letter
positions during visual word recognition, as naming
accuracy was impeded to a greater degree when relatively
important positions were obscured. In the present work, we
demonstrate that the a priori degree of uncertainty at each
letter position (positional entropy) approximates the Blais et
al. measure of the relative importance of different letter
positions, suggesting that uncertainty about letter identity
may drive differences among positions in visual word
recognition. Notably, the entropy of each letter position is
calculated independently from other positions (e.g., letter
probabilities for the second position are not conditioned on
letter identities in the first position).
The present results may inform future investigations
about the computational mechanisms underlying visual
word recognition. On the basis of their findings, Blais et al.
(2009) suggested that visual word recognition entails either
a serial processing strategy in which positions are processed
in order of their importance or a partially parallel strategy in
which only letters in the more important positions are
processed simultaneously. It seems possible that the
positional effect observed in the current analyses – namely,
that there are relatively pronounced facilitation effects of
friends in low-entropy places – could emerge in either such
architecture. If readers prioritize extracting information
from letter positions where there is high prior uncertainty
about letter identity, as Blais et al. (2009) suggest, then
friends may be particularly helpful at letter positions that are
not being prioritized, where they can support a reader’s
predictions about letter identity. The strong support of these
friends may facilitate the extraction of information from
high-entropy positions, where there are relatively more
enemies and where it is thus particularly helpful to prioritize
bottom-up feature extraction. Alternatively, the enhanced
relative friend effect observed here might also emerge in a
fully parallel processing system for the simple reason that
low-entropy positions will tend to have more friends,
resulting in greater lexical feedback to these positions and
thus position-specific benefits. Computational modeling is
needed to dissociate between these possible mechanisms for
the emergence of position-specific friend effects.
Finally, while entropy offers a useful way to understand
how friend benefits differ across letter positions during
word identification, it is worth remarking that our entropy
metric considers only orthography. Word naming tasks like
the one used by Balota et al. (2007) also require mapping
from orthography to phonology, and it is striking that the
letters that are most probable in low-entropy positions tend
to be ones with highly irregular grapheme-phoneme
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mappings (e.g., vowels). As such, it may be the case that the
relative priority given to some letter positions reflects not
the information content of the letter position but rather the
likelihood that the position contains a letter that is easy to
map to phonology. That is, readers given a word naming
task may prioritize positions that tend to have regular
phoneme-grapheme correspondence, which may facilitate
word naming by providing useful constraints on how to
produce the irregular letters. The notion that the relative
importance of different letter positions may arise from the
orthography-to-phonology mapping process is in line with a
literature examining the relationship between orthography
and phonology in visual word recognition. For instance,
work by Adelman and Brown (2007) suggests that
neighborhood effects may be a consequence of print-sound
conversion processes rather than of top-down and bottom-up
interactions between the word and letter layers (as is argued
in interactive accounts of visual word recognition).
In summary, the present investigation brings together
work on neighborhood effects in visual word recognition
with research suggesting that various letter positions may be
differentially important in word identification. Specifically,
we focused our analysis on the number of friends (neighbors
that match the target at a given letter position) relative to the
number of enemies (neighbors that mismatch at the given
letter position). Our analyses indicate that the relative
number of friends at a given letter position is a useful
predictor of word identification latency and that friend
benefits for response latencies are most pronounced at lowentropy letter positions, where there is little a priori
uncertainty about letter identity. We defer to future
investigation the question of whether these effects emerge
through a system that entails (at least partially) serial
processing, whereby processing of high-entropy positions is
prioritized, or through a fully parallel processing system.
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Abstract
While explanations provide the power to understand the world
around us, people are often overconfident about their own
understanding. We explored how people’s perceptions of their
understanding of phenomena is related to endorsement of
conspiracy theories. We first tested people’s perceptions of
their understanding of the 2016 Presidential electoral process
and then measured their beliefs that the election itself was
illegitimate, a form of conspiratorial belief. We found that
participants who still endorsed high levels of understanding
after generating an explanation for the 2016 election were also
more likely to endorse the election was illegitimate. However,
this finding only obtained for participants who voted for the
losing candidate. These results suggest interesting avenues for
exploring individual differences that may be related to the
illusion of explanatory depth.
Keywords: illusion of explanatory depth; conspiracy beliefs;
causal understanding; belief revision

Introduction
Explanations are power. Being able to explain the causal
connections between events allows people to anticipate and
control what may happen in the future (e.g., Hagmayer &
Sloman, 2009; Kushnir & Gopnik, 2005; Schulz, Gopnik, &
Glymour, 2007). People crave explanations (Gopnik, 2000),
imposing them quickly and ubiquitously (Lombrozo, 2006).
Despite a drive to explain, people often do not possess a
correct understanding of how things in the world actually
work (Rozenblit & Keil, 2002). Additionally, people are
frequently overconfident in their own explanatory ability,
perceiving that they understand the causal underpinnings of
many events they actually do not (e.g., Fernbach, Rogers,
Fox, & Sloman, 2013; Rozenblit & Keil, 2002; Zeveney &
Marsh, 2016). In this paper, we explore the relation between
confidence in the ability to explain phenomena and its
relation to a notorious domain of incorrect explanations,
namely political conspiracy theories.
Conspiracy theories compose a class of beliefs that
highlight the inaccuracy that people can have in their
explanations for events. Conspiracy theories attribute huge
causal importance to an unknown group or actor as the root
cause of an important world event, action, or outcome. These
theories tend to be non-falsifiable and lacking in causal
complexity (Graeupner & Coman, 2016; Miller, Saunders, &
Farhart, 2016; Sunstein & Vermeule, 2009; Swami & Coles

2010; Uscinski & Parent, 2014). Political conspiracy theories
provide a way for people to explain large-scale events that
feel chaotic and threatening and are commonly endorsed by
people across political ideologies (Goertzel, 1994;
Hofstadter, 1965). Explaining world events through
conspiracy theories has important implications because of
how they can guide important elements of reasoning, like
citizens’ trust in the government, or people’s behaviors, such
as seeking out a vaccination for a child. Further, conspiracy
theories are commonly endorsed and propagated by actors at
the highest levels of political power (Barkun, 2017), and, as
a result, are consequential for public policy (Uscinski &
Parent, 2014). Investigations of the cognitive elements that
predict the existence of conspiratorial thinking is essential to
understand these widespread beliefs.
In this paper we explore the relationship between
confidence in the ability to explain a phenomenon (i.e., the
2016 Presidential election) and endorsement of conspiratorial
beliefs for that phenomenon (i.e., electoral illegitimacy). In
the following we describe research on people’s
overconfidence in their own understanding and a paradigm
used to expose such overconfidence. We then describe our
initial data on the relationship between overconfidence and
conspiratorial thinking to introduce the current experiment
exploring this relationship in the context of the 2016 election.

Everyday Understanding of Explanations
A growing body of evidence suggests that people show a
form of hubris related to their perceived ability to causally
explain phenomena; namely, people believe they understand
causal phenomena much more deeply than they actually do.
This miscalibration of knowledge can be illuminated through
a paradigm originally developed by Rozenblit and Keil
(2002). The basic experiment in Rozenblit and Keil asked
participants to judge their understanding of the workings of
an array of everyday objects (e.g., zipper, cylinder lock).
Following these initial (time 1 [T1]) ratings, participants
generated causal explanations of how those devices worked
with as much detail as they could provide. After generating
these explanations, participants again rated their
understanding of the objects they rated at T1 (time 2 [T2]
rating). Rozenblit and Keil found that the act of explaining
alerted participants to how little they actually understood
about the workings of the objects they rated, illuminating

2090

what they called an illusion of explanatory depth (IOED).
The IOED is hallmarked by a significant drop in ratings at T2
compared to T1. Importantly, this drop only comes when
participants engaged in generating causal explanations;
participants did not reduce ratings if just asked to generate
descriptive details (see also Zeveney & Marsh, 2016).
The power of causal explanations to expose people’s
overestimated sense of understanding has been shown in a
number of domains, including devices (Lawson, 2006; Mills
& Keil, 2004), natural phenomena (Rozenblit & Keil, 2002;
Sloman & Rabb, 2016), mental disorders (Zeveney & Marsh,
2016), and political policies (Alter, Oppenheimer, & Zemla,
2010; Fernbach et al., 2013). Outside of demonstrating the
phenomenon in multiple domains, a large bulk of the work on
the IOED has focused on why people overestimate their
confidence in their explanatory ability (Mills & Keil, 2004;
Sloman & Rabb, 2016; Zeveney & Marsh, 2016). However,
little work has explored how an illusion of explanatory
understanding is related to other held beliefs.

The Relationship Between Explanation and
Conspiracy Beliefs
How might people’s overconfidence about their explanatory
abilities relate to conspiracy theories? In a first exploration of
this question, Vitriol and Marsh (in press) measured
participants’ endorsement of a broad set of politically-related
conspiracy theories (e.g., “In July 1947, the US military
recovered the wreckage of an alien craft from Roswell, New
Mexico, and covered up the fact.”) Participants also
completed an IOED paradigm that asked them to either rate
their understanding of devices or of political issues. We
found a relationship between endorsement of conspiratorial
beliefs and self-perceived levels of understanding after
explanation. Specifically, participants who still expressed
high levels of self-perceived understanding of political
phenomena, despite having explained those phenomena in an
IOED paradigm, were also the participants who showed
higher endorsement of conspiratorial thinking. This finding
held when controlling for the effect of a range of variables
known to covary with conspiracy ideation, including political
and interpersonal trust, political cynicism and efficacy,
political knowledge, and partisan and ideological identity
(Berinsky, 2012; Miller, et al., 2016; Swami & Coles 2010;
for a review, see Douglas, Sutton, & Cichocka, 2017).
Interestingly, T2 ratings for devices were not associated with
conspiratorial thinking, suggesting that conspiracy thinkers
are not more generally immune to belief revision.
These findings suggest that people who remain confident
in their understanding despite explanation may also be more
likely to endorse conspiracy thinking. However, our results
may underestimate the effect generating a causal explanation
could have on conspiratorial beliefs. We asked participants to
generate explanations for political policies that are indirectly
related to the conspiratorial beliefs we tested, which captured
a general orientation towards endorsing political
conspiracies. It is possible that generating a causal
explanation for a specific phenomenon that more directly

implicates specific conspiracy theories could expose flaws or
highlight uncertainty in that theory, and thereby weaken
endorsement of conspiracy beliefs related to that
phenomenon. Consistent with this logic, Fernbach et al.
(2013) found that generating an explanation about the causal
relation among political phenomena reduced extremism in
political attitudes, which previously had been shown to
increase endorsement of conspiracy theories (van Prooijen,
Krouwel, & Pollet, 2015).
In this experiment we explore how explaining a specific
event influences conspiratorial thinking related to that event.
Using an IOED paradigm, we tested the relationship between
post-explanation confidence in one’s understanding of how
the 2016 election was decided and conspiratorial beliefs
about that election, namely beliefs that the election was
determined by illegitimate factors—a commonly held
conspiratorial belief among supporters of a losing candidate
(Edelson, Alduncin, Kreswon, Sieja, & Uscinski, 2017;
Miller et al., 2016). We hypothesized that post-explanation
confidence in understanding of the electoral process for the
2016 U.S. Presidential election would predict intra-individual
increases in perceived electoral illegitimacy (pre-/postelection), especially for supporters of the losing candidate.

Method
We investigated the relationship between post-explanation
belief confidence in one’s understanding of the electoral
processes and perceptions of electoral illegitimacy in the
context of the 2016 U.S. Presidential election. To do so, we
utilized data collected from a larger on-line 2-wave panel
design administered both before and after the 2016 election
(Vitriol & Marsh, in press). Pre-election, participants
completed a survey designed to measure perceptions of the
electoral process (i.e., Do you believe that this election will
be "rigged"?), demographics, and ideological and partisan
identity. Post-election, participants participated in an election
IOED, and then completed another battery of measures that
reassessed their perceptions of the electoral process as well
as their vote behaviors in the 2016 U.S. Presidential election.
This longitudinal methodological design allows us to
examine intra-individual change in perceptions of electoral
legitimacy over time, in a real-world context, as a function of
the IOED and vote choice (see Finkel, 1995; Lenz, 2013).

Participants
Participants were 404 U.S. citizens recruited from Amazon
Mechanical Turk (34% males; age M = 37.94, SD = 13.05;
83% identify as White; and 66.4% have earned at least a
Bachelor’s degree). Ten non-U.S. citizens were excluded
from analyses, as our focus is on American voters. Of the
U.S. citizens recruited pre-election, 69% or 279 were retained
post-election. Further, of the 279 participants retained at postelection, 69 did not vote in the election or did not vote for one
of the two major political party candidates, leaving us with a
final sample of 210 U.S. Citizens who completed both
surveys and voted for either Clinton or Trump.
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Although Mturk samples are not a representative, random
sample of the American public, Mturk samples are older and
more diverse than typical samples of university students, and
more nationally representative than typical internet samples
(e.g., Berinsky, Huber, & Lenz, 2012). By utilizing Mturk,
we were able to obtain a large, non-random sample of
Americans with sufficient variability on demographic
characteristics and the constructs of interest. With the current
sample size (N=210), we observed the following levels of
statistical power in order to detect bivariate relationships
between (a) T2 electoral IOED belief confidence and (b) preto post-election change in perceived electoral legitimacy
(Cohen’s d = .2, Power =65%; Cohen’s d > .5, Power = 99%).

Procedure
The measures of interest were collected as part of a larger
data set collection about conspiratorial beliefs and illusions
of explanatory depth (Vitriol & Marsh, in press). Below we
describe the measures collected pre- and post-election, with
specifics given for the measures of interest in this study.
Pre-election Data Collection Pre-election data collection
was performed on October 18-19, 2016. Participants began
the experiment by completing an IOED task (reported in
Vitrio & Marsh, in press, and unrelated to the current
analyses). Participants then completed a series of scales that
measured different traits, including endorsement of
conspiracy beliefs and thinking, gnosticism, interpersonal
and governmental trust, political identity, and political
knowledge. Embedded in these measures, participants
completed our measure of interest: perceived electoral
illegitimacy. To measure perceived electoral illegitimacy,
participants completed 8 items designed to measure belief in
the existence of illegitimate, conspiratorial influences on the
electoral process. Participants responded on a 7-point scale to
such items as, “Do you believe that this election will be
‘rigged’?” (1=not at all, 7=yes, definitely), “Do you believe
the media is intentionally trying to influence the election in
favor of a particular candidate?” (1=not at all, 7=yes,
definitely), “How confident are you that, across the country,
votes for the president will be accurately cast and counted this
year? “(1=not at all confident, 7=very confident), and “In
your opinion, how fair will the outcome of the 2016
Presidential election be?” (1=not at all fair, 7=very fair;
Reverse coded). Higher values represented increased
perceptions of illegitimacy (a = .87).
After completing the trait measures, participants reported
their age, gender, race, and level of education.
Post-election Data Collection Post-election data collection
took place from November 10-15, 2016 (election day was
November 8, 2016). Participants began the experiment by
completing an IOED task that asked about the 2016 election.
We adapted our paradigm from the basic IOED procedure
developed by Rozenblit and Keil (2002). Participants first
learned how to rate their understanding of phenomena on a 7point scale (1=very vague understanding, 7=very thorough

understanding) using instructions from Rozenblit and Keil
(2002) and a crossbow as an example. Participants then
reported how well they understand “how the 2016 election
was decided” (T1 rating).
After reporting their level of understanding of the electoral
process, participants were asked to explain how the 2016
election was decided as follows (adapted from Rozenblit and
Keil [2002]).
“As best you can, please describe all the details you
know about how the 2016 election was decided, going
from the first step to the last, and providing the causal
connection between the steps. That is, your explanation
should state precisely how each step causes the next step
in one continuous chain from start to finish. In other
words, try to tell as complete a story as you can, with no
gaps. Please take your time, as we expect your best
explanation”.
After generating their explanation, participants then again
rated their level of understanding (T2 rating).
Next, participants reported their vote choice through the
following item: “Which of the following candidates for the
President of the United States did you vote for in the 2016
Election?”, (1 = Donald Trump, 0 = Hillary Clinton).
Participants then again completed the perceived electoral
illegitimacy measure (a = .82). Participants completed
measures related to other purposes of interpersonal and
governmental trust and well as political identity. Finally,
participants were debriefed and thanked for their time.

Results
Our main area of interest was whether participants who were
more confident about their understanding of the 2016
election, after being asked to explain the election, were also
more likely to believe that the election was illegitimate. All
continuous variables were rescaled to run from 0-1 using a
linear transformation for easier interpretation and comparison
of effect sizes. For some analyses, ideological and partisan
identification, and demographics (age, gender, education)
were included as covariates. This allowed us to isolate the
observed effect on pre- to post-election intra-individual
change in perceptions of electoral fairness as a function of the
IOED and vote choice.

An Illusion of Understanding the 2016 Election
To begin, we examined whether people displayed an IOED
for the 2016 election. To do so, a repeated-measures ANOVA
was used to compare differences in self-reported
understanding of the election, before (T1) and after (T2)
explanation. No covariates were included in this model.
Analyses showed a significant effect of time (F(1,
209)=83.79, p < .001; T1 M = .69, SD = .26; T2 M = .40, SD
= .23). Thus, we observe a significant decrease in
participants’ self-perceived understanding from T1 to T2 as
has been shown in previous research, suggesting that the
procedure successfully revealed the IOED (Figure 1).
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Figure 1: Understanding ratings pre- (T1) and post(T2) explanation. Error bars indicate 95% CI.

Explanatory Understanding and Election
Illegitimacy Beliefs
We next examined the relationship between self-reported
understanding of the 2016 electoral process and pre/postelection changes in perceptions of electoral fairness. To do
this, we use an analysis technique frequently used in political
science to measure constructs surrounding political elections,
lagged dependent variable regression model (Finkel, 1995;
Lenz, 2013). Such models are used when data collection
happens for a given variable at multiple points separated by
time and the responses at those different time points are
expected to be highly correlated with each other. In effect,
lagged dependent variable models allow for controlling
baseline levels of responding to detect changes in subsequent
responding on a dependent variable without having to create
difference scores to measure such change. This statistical
technique fits our design well, allowing us to observe pre/post-election change in perceptions of electoral illegitimacy
in relation to our independent variables. For our measure of
explanation understanding, we used T2 IOED ratings. As in
previous IOED research, we focus on belief confidence, as
opposed to belief accuracy (Fernbach et al., 2013; Zeveney
& Marsh, 2016), and therefore used participants’ perceptions
of their understanding. T2 ratings specifically serve as an
indicator of the extent to which participants have confidence
in their causal understanding, even after engaging in the act
of explanation which has been shown to lower belief
confidence (e.g., Rozenblit & Keil, 2002)1. As such,
participants who are still high in confidence after explanation
are participants for whom the IOED paradigm did not reveal
a compelling illusion of understanding. We made the a priori
decision to use robust standard errors in all tests on
coefficients in this section to protect against possible
heteroskedasticity.
1
We did not use a lagged dependent model for T1 and T2 ratings
because a few minute time gap is not enough to justify the use of
such a design. Additionally, we did not use the difference between

.7

Change in Perceived
Electoral Illegitimacy

Understanding

.7

Using a lagged dependent regression model, we first
explored the relationship between T2 belief confidence and
perceptions of electoral illegitimacy. Post-election electoral
illegitimacy was regressed on T2 belief confidence and preelection perceptions of electoral illegitimacy. We found that
T2 belief confidence was significantly associated with pre/post-election increases in perceived electoral illegitimacy
(with covariates, b = .17, 95% CI(.09, .24), p < .001; and
without covariates, b = .17, 95% CI(.09, .45), p < .001).
Given that all variables were coded on a 0-1 interval, these
coefficient estimates indicate that moving from the lowest to
the highest level of post-explanation electoral understanding
was associated with approximately a 17% increase in
perceived electoral illegitimacy post-election.
We next explored whether the relationship between T2
belief confidence and pre/post-election perceptions of
electoral illegitimacy would be moderated by vote choice
(Figure 2). We conducted the same analysis as above, but this
time included an interaction term between T2 belief
confidence and election-day vote choice. This interaction was
significant (without covariates, b = -.22, 95% CI(-.37, -.06),
p = .007; with covariates, b = -.25, 95% CI(-.42, -.09), p =
.003). For Trump voters, the relationship between T2 belief
confidence and change in perceptions of electoral
illegitimacy did not obtain significance (without covariates,
b = -.02, 95% CI(-.14, .11), p = .81; with covariates, b = -.03,
95% CI(-.18, .13), p = .75). However, among Clinton voters,
T2 confidence was associated with increased perceptions of
electoral illegitimacy (without covariates, b = .21, 95%
CI(.12, .25), p < .001; with covariates, b = .22, 95% CI(.12,
.32), p < .001). Thus, moving from the lowest to the highest
level of T2 belief confidence is associated with an
approximately 21% pre-/post-election increase in perceptions
of electoral illegitimacy among supporters of the losing
candidate in the 2016 U.S. Presidential Election.
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Figure 2: The relationship between conspiracy beliefs
and explanatory confidence as a factor of vote choice
T1 and T2 because of the notable concerns that such a difference
score would represent analyzing a new, unmeasured construct (e.g.,
De Los Reyes, 2017; Edwards, 2001; Laird & De Los Reyes, 2013).
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General Discussion
In this paper we explored whether post-explanation
confidence in one’s understanding of the 2016 election was
related to endorsing conspiracy beliefs for that event. This
research takes previous work that found a general
relationship between overconfidence and conspiracy beliefs
(Vitriol & Marsh, in press) and explores whether specific
explanation of an event can reduce conspiratorial beliefs for
that event. We found that people who showed higher
confidence in their own understanding of the 2016 election,
after having to provide a detailed causal explanation of the
election, were people more likely to show an increase in
election illegitimacy beliefs post-election. This was
specifically true for losing candidate voters.
What drives the relationship between high confidence and
increased conspiratorial beliefs? One possibility is that high
confidence in one’s understanding lays the groundwork for
the adoption of conspiratorial beliefs. High T2 confidence
could be an indicator of a person who is more unwilling to
engage in the general act of belief revision. An antirevisionist tendency may make any conspiratorial thinking
more likely to persist and be endorsed.
Alternatively, believing in conspiracy theories could make
people particularly ripe for not revising their own perceived
understanding. Conspiracy theories can come with public
ridicule and may correspond with an expectation of having
one’s beliefs challenged. Being forced to defend conspiracy
beliefs may teach a person to generally hold on to their beliefs
tenaciously, resulting in less general belief revision.
Consistent with this perspective, research on attitude change
suggests that successfully defended one’s opinion in response
to a credible persuasive message, can result in increases in
attitude certainty and stability (Tormala & Petty, 2002).
Our findings related to voter status suggest another
explanation. The relationship between high T2 confidence
and election illegitimacy beliefs held only for Clinton voters;
people who voted for the winning candidate did not show an
increase in electoral conspiratorial beliefs. These findings fit
prominent perspectives that suggest endorsement of
conspiracy beliefs is often motivated by psychological needs
for order, structure, and certainty (e.g., Miller et al., 2016),
and provide an internally consistent and meaningful
explanation for threatening political events (e.g., undesirable
electoral outcomes; Edelson et al., 2017). Within our
experimental paradigm, participants who voted for Clinton
were motivated to generate an explanation for this
undesirable outcome, resulting in an increase in
conspiratorial perceptions that the election was illegitimate.
Similar kinds of identity-based motivated-reasoning
processes has been observed in relation to other kinds of
conspiratorial beliefs (e.g., Carey, Nyhan, Valentino, & Liu,
2016). Our findings suggest that, for individuals who express
high confidence in their understanding of the election,
perceptions of electoral fraud may function to reduce the
uncertainty and threat induced by a threatening electoral
outcome. However, with our design, we cannot rule-out the
reverse: participants who perceived increased levels of

electoral illegitimacy were also motivated to believe that they
had a more valid understanding of the electoral process. We
favor an account in which inflated belief confidence in one’s
understanding of a phenomena serves as an antecedent for
endorsement of conspiratorial beliefs about an event that
threatens one’s understanding of that event. However, future
research should experimentally manipulate these variables in
order to assess the causal relation between these constructs.
We provide an important extension of research on the
IOED. The association of post-explanation understanding
and known individual difference measures like conspiratorial
thinking suggests not all people may revise their beliefs after
explanation in the same way. Our findings represent (to our
knowledge) one of the first explorations of possible
individual differences for the influence of explanation
generation on belief confidence. Future research should
explore more generally what traits or cognitive factors predict
differing levels of belief revision through causal explanation.
Future research should also explore how explanation
accuracy relates to conspiracy beliefs. We followed previous
work on the IOED that emphasized perceptions of
understanding, rather than actual accuracy in explanation
(Fernbach et al., 2013; Zeveney & Marsh, 2016). In our
previous work we found that high T2 confidence in a political
IOED was more strongly associated with an increase in
conspiracy beliefs for people low in political knowledge
(Vitriol & Marsh, in press). This suggests that participants
high in T2 confidence and conspiracy beliefs in this study
may not have had more accurate explanations of the election.
Future work should test the accuracy of causal explanations
and its relationship to conspiracy beliefs.
The findings of this study also suggest new possible ways
to think about combatting conspiracy beliefs. Conspiracy
beliefs are notoriously hard to change (Lewandowsky,
Oberauer, & Gignac, 2013; Nyhan & Reifler, 2010). Notably,
presenting a person who endorses a conspiracy theory with
facts contrary to their theory often results in a stronger
endorsement of the conspiratorial belief (Flynn, Nyhan, &
Reifler, 2017). In our paradigm, participants reporting lower
T2 ratings were less likely to have increased their
conspiratorial beliefs after the election. It is possible that
people who were more affected by the process of generating
an explanation reduced their conspiratorial thinking. In other
words, a strong sense of having the limitations of one’s
understanding exposed may decrease the motivation to adopt
a conspiratorial explanation. It remains a valuable avenue of
future research to determine if an IOED procedure can
successfully reduce adherence to conspiracy beliefs.
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Abstract

At least two rules could generate (1b) from (1a):

Syntactic rules in natural language typically need to make reference to hierarchical sentence structure. However, the simple
examples that language learners receive are often equally compatible with linear rules. Children consistently ignore these
linear explanations and settle instead on the correct hierarchical one. This fact has motivated the proposal that the learner’s
hypothesis space is constrained to include only hierarchical
rules. We examine this proposal using recurrent neural networks (RNNs), which are not constrained in such a way. We
simulate the acquisition of question formation, a hierarchical
transformation, in a fragment of English. We find that some
RNN architectures tend to learn the hierarchical rule, suggesting that hierarchical cues within the language, combined with
the implicit architectural biases inherent in certain RNNs, may
be sufficient to induce hierarchical generalizations. The likelihood of acquiring the hierarchical generalization increased
when the language included an additional cue to hierarchy in
the form of subject-verb agreement, underscoring the role of
cues to hierarchy in the learner’s input.
Keywords: learning bias; poverty of the stimulus; recurrent
neural networks

can
my walrus
can

giggle

Hierarchical rule: Move
the main verb’s auxiliary to
the front of the sentence.

Linear rule: Move the
linearly first auxiliary to
the front of the sentence.

While both rules account for common cases such as (1), they
make different predictions for complex sentences such as (2):
(2)

My walrus that will eat can giggle.

Specifically, the hierarchical rule predicts the correct question
(3a), while the linear rule predicts the incorrect question (3b):

Introduction
Speakers of a language can generalize from finite linguistic
experience to sentences they have never heard or produced
before. Although there are many possible ways to generalize
from a set of sentences, language learners consistently choose
certain generalizations over others. In the syntactic domain,
learners typically learn generalizations that appeal to hierarchical structures rather than linear order. An influential explanation for this fact is that learners never entertain hypotheses
based on linear order: they are innately constrained to assume
that syntactic rules are structure-sensitive (Chomsky, 1980).
To test whether a structure-sensitivity constraint is necessary to account for the generalizations that human language
learners make, we use recurrent neural networks (RNNs),
which are not equipped with such an explicit pre-existing hierarchical constraint.1 We simulate the acquisition of English
subject-auxiliary inversion, the transformation that turns a
declarative statement such as (1a) into a question such as (1b):
(1)

can my walrus can giggle

a. My walrus can giggle.
b. Can my walrus giggle?

1 In fact, RNNs are not just capable of using non-hierarchical
structures but in fact appear to be biased in favor of linear structures
over hierarchical ones (Christiansen & Chater, 1999).

(3)

a. Can my walrus that will eat
giggle?
⇤
b. Will my walrus that
eat can giggle?

Although such examples disambiguate the two hypotheses,
Chomsky (1971) argues that they are highly infrequent, and
thus children may never encounter them. Without these critical examples, according to Chomsky, children can only acquire the hierarchical rule by drawing on an innate constraint
stipulating that syntactic rules must appeal to hierarchy.
This argument, known as the argument from the poverty
of the stimulus (Chomsky, 1980), has been challenged in a
number of ways. Some have disputed the assumption that
children never encounter critical cases such as (3a) (Pullum
& Scholz, 2002). Others have questioned the assumption that
an explicit hierarchical constraint is necessary for hierarchical
generalization. One such approach has been to argue that the
hierarchical rule can fall out of weaker or non-syntactic structural biases. For example, Perfors, Tenenbaum, and Regier
(2011) showed that a learner whose task is to choose between
an innately available hierarchical representation and an innately available linear representation will choose the hierarchical one; and Fitz and Chang (2017) argued that the hierarchical structure of questions is rooted in innately available
structured semantic representations.
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T
No RC
RC on
object
RC on
subject

Training set, test set

T

IDENT
Input: the newt can confuse my yak by the zebra .
Output: the newt can confuse my yak by the zebra .
Input: the newt can confuse my yak who will sleep .
Output: the newt can confuse my yak who will sleep .
Input: the newt who will sleep can confuse my yak .
Output: the newt who will sleep can confuse my yak .

Generalization set

QUEST
Input: the newt can confuse my yak by the zebra .
Output: can the newt confuse my yak by the zebra ?
Input: the newt can confuse my yak who will sleep .
Output: can the newt confuse my yak who will sleep ?
Input: the newt who will sleep can confuse my yak .
Output: can the newt who will sleep confuse my yak ?

Table 1: Examples for each combination of a sentence type and a task. RC stands for “relative clause.”
A second approach has dispensed with pre-existing structural representations altogether. Lewis and Elman (2001) argued that an RNN trained to predict the next word can learn
which questions are well formed, but this conclusion was convincingly called into question by Kam, Stoyneshka, Tornyova, Fodor, and Sakas (2008). The most immediate precursor to our work is Frank and Mathis (2007). Like Lewis and
Elman, they used RNNs, but instead of modeling the wellformedness of the question alone, they followed the traditional framework of transformational grammar in modeling
the generation of a question from a declarative sentence.2
Their results were difficult to interpret because the network’s
generalization behavior depended heavily on the identity of
the auxiliaries in the input sentence, and neither the linear
hypothesis nor the hierarchical hypothesis predict such lexically dependent behavior. We significantly expand on their
experiments, taking advantage of recent technological and architectural advances in RNNs that have shown promise in the
acquisition of syntax (Linzen, Dupoux, & Goldberg, 2016).
To anticipate our results, of the six RNN architectures we
explored, one of the architectures consistently learned a hierarchical generalization for question formation. This suggests
that a learner’s preference for hierarchy may arise from the
hierarchical properties of the input, coupled with biases implicit in the network’s computational architecture and learning procedure, without the need for pre-existing hierarchical
constraints in the learner. We provide further evidence for the
role of the hierarchical properties of the input by showing that
adding syntactic agreement to the input increased the probability that a network would make hierarchical generalizations.

Experimental setup
Languages
The networks were trained on two fragments of English, each
consisting of a subset of all possible declarative sentences
and questions.3 We refer to the first fragment as the no2 This is a simplification—a more psychologically plausible assumption would be that questions are generated from a semantic
representation shared with the declarative sentence (Fitz & Chang,
2017).
3 The vocabulary of the fragments consisted of 66 words. The
full context-free grammar characterizing the fragments, along with
statistics about the generated sentences, can be found in the supplementary materials at https://arxiv.org/abs/1802.09091.

agreement language. Examples of declarative sentences in
this language are given in (4):
(4)

a. the walrus can giggle .
b. the yak could amuse your quails by my raven .
c. the walruses that the newt will confuse can
high five your peacocks .

Each noun phrase in the language had at most one modifier, either a relative clause or a prepositional phrase. Relative
clauses were never embedded inside other relative clauses.
Every verb was associated with one of the auxiliary verbs
can, could, will, and would. Since such modals do not show
agreement, any noun, whether singular or plural, was allowed
to appear with any auxiliary.
The second fragment, the agreement language, was identical to the no-agreement language, except that the auxiliaries
in this language were do, don’t, does, and doesn’t. Subjects
in this language agreed with the auxiliaries of their verbs:
singular subjects appeared with does or doesn’t, while plural
subjects appeared with do or don’t. Examples of declarative
sentences in the agreement language are given in (5):
(5)

a. the walrus does giggle .
b. the yak doesn’t amuse your quails by my raven .
c. the walruses that the newt does confuse do
high five your peacocks .

Both languages reused structural units; for example, the
same prepositional phrases could modify both subject and object nouns. Such shared structure served as a possible cue to
hierarchy because it is more efficiently represented in a hierarchical grammar than a linear one. Subject-verb agreement
in the agreement language provided an additional cue to hierarchy; in (5c), for example, do agrees with its hierarchicallydetermined plural subject of walruses even though the singular noun newt is linearly closer to it. We therefore predict
that hierarchical generalizations will be more likely with the
agreement language than the no-agreement language.

Tasks
The networks were trained to perform two tasks: identity (returning the input sentence unchanged) and question formation. The task to be performed was indicated by a token at the
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Figure 1: Basic sequence-to-sequence neural network without attention.
end of the sentence—either IDENT for identity or QUEST
for question formation. IDENT and QUEST served as endof-sequence tokens in both the input and output.
Table 1 provides examples of these tasks on each of the
three types of sentences in the languages: sentences without relative clauses, sentences with a relative clause on the
object, and sentences with a relative clause on the subject.
During training we withheld the question formation task for
sentences with a relative clause on the subject (the shaded
cell in Table 1); these are the only cases that directly disambiguate the linear and hierarchical hypotheses. The identity
task was included in the training setup to familiarize the networks with the critical sentence type withheld from the question task; without such exposure, the networks could be justified in concluding that subjects cannot be modified by relative
clauses, making it difficult to test such sentences.

one time step to the next. We tested three types of recurrent
units: a simple recurrent network (SRN) (Elman, 1990), a
gated recurrent unit (GRU) (Cho et al., 2014), and long shortterm memory (LSTM) (Hochreiter & Schmidhuber, 1997).
For each type of recurrent unit, we experimented with adding
attention to the decoder (Bahdanau, Cho, & Bengio, 2015);
attention is a mechanism which gives the decoder access to
intermediate steps of the encoding process. For each pair of
an architecture and a language, we trained 100 networks with
different random initializations, for a total of 1200 networks.

Results
Test set

We used two sets of sentences for evaluation, a test set and a
generalization set. The test set consisted of novel sentences
from the five non-withheld cases in Table 1. It was used to assess how well a network had learned the patterns in its training set. The generalization set consisted of sentences from the
withheld case (the question formation task for sentences with
relative clauses on their subjects). This set was used to assess
how the networks generalized to sentence types from which
they had not formed questions during training. The test and
generalization set both contained 10,000 unique sentences
and the training set contained 120,000 unique sentences.

For the test set, all six architectures except the vanilla SRN
(i.e., the SRN without attention) produced over 94% of the
output sentences exactly correctly (accuracy was averaged
across 100 trained networks for each architecture). The highest accuracy was 99.9% for the LSTM without attention. Using a more lenient evaluation criterion whereby the network
was not penalized for replacing a word with another word of
the same part of speech, the accuracy of the SRN without attention increased from 0.1% to 81%, suggesting that its main
source of error was a tendency to replace words with other
words of the same lexical category. This tendency is a known
deficiency of SRNs (Frank & Mathis, 2007) and does not bear
on our main concern of the networks’ syntactic representations. Setting aside these lexical concerns, then, we conclude
that all architectures were able to learn the language.

Architectures

Generalization set

Here we give a very brief bird’s-eye view of our architectures.
For a more precise description, including our hyperparameter
values, see the supplementary materials.
For all experiments we used the sequence-to-sequence
model (Botvinick & Plaut, 2006; Sutskever, Vinyals, & Le,
2014) illustrated in Figure 1. This network has two subcomponents called the encoder and the decoder, both of which
are RNNs. The encoder processes the input sentence one
word at a time to create a single vector representing the entire
input sentence. The decoder then receives this vector (called
the encoding) and, based on it, outputs one word at a time
until it generates a special end-of-sequence token.
The encoder and decoder each possess a component called
a recurrent unit which governs how information flows from

On the generalization set, the networks were rarely able to
correctly produce the full question – only about 13% of the
questions were exactly correct in the best-performing architecture (LSTM with attention). However, getting the output
exactly correct is a demanding metric; the full-question accuracy can be affected by a number of errors that are not directly related to the research question of whether the network
preferred a linear or hierarchical rule. Such errors include
repeating or omitting words or confusing similar words. To
abstract away from such extraneous errors, for the generalization set we focus on accuracy at the first word of the output. Because all examples in the generalization set involve
question formation, this word is always the auxiliary that is
moved to form the question, and the identity of this auxiliary

Evaluation

2098

Without attention

GRU chose the first auxiliary nearly 100% of the time. In
this case, then, attention made a qualitative difference for the
generalization that was acquired. By contrast, for both LSTM
architectures, most random initializations led to networks that
chose the first auxiliary nearly 100% of the time. Both SRN
architectures showed little preference for either the main auxiliary or the linearly first auxiliary; in fact the SRNs often
chose an auxiliary that was not even in the input sentence,
whereas the GRUs and LSTMs almost always chose one of
the auxiliaries in the input. In the next section, we take some
preliminary steps toward exploring why the architectures behaved in qualitatively different ways.

With attention

No agreement
SRN

Agreement

No agreement
GRU

Agreement

LSTM

No agreement

Analysis of sentence encodings

Agreement
0

0.25

0.50

0.75

10

0.25

0.50
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1

Proportion of sentences for which
the main auxiliary was chosen

Figure 2: Accuracy of auxiliary prediction for questions of
the withheld type (with a relative clause on the subject).

is enough to differentiate the hypotheses. For example, if the
input is my yak who the seal can amuse will giggle . QUEST,
a hierarchically-generalizing network would choose will as
the first word of the output, while a linearly-generalizing network would choose can. This analysis only disambiguates
the hypotheses if the two possible auxiliaries are different, so
we only considered sentences where that was the case. For
the agreement language, we made the further stipulation that
both auxiliaries must agree with the subject so that the correct
auxiliary could not be determined based on agreement alone.
Figure 2 gives the accuracies on this metric across the
six architectures for the two different languages (individual
points represent different initializations). We draw three conclusions from this figure:
1. Agreement leads to more robust hierarchical generalization: All six architectures were significantly more likely
(p < 0.01) to choose the main auxiliary when trained on
the agreement language than the no-agreement language. In
other words, adding hierarchical cues to the input increased
the chance of learning the hierarchical generalization.
2. Initialization matters: For each architecture, accuracy
often varied considerably across random initializations. This
fact suggests that the architectural bias is not strong enough to
reliably lead the networks to settle on the hierarchical generalization, even in GRUs with attention. From a methodological perspective, this observation highlights the importance of
examining many initializations of the network before drawing
qualitative conclusions about an architecture (in a particularly
striking example, though the accuracy of most LSTMs with
attention was low, there was one with near-perfect accuracy).
3. Different architectures perform qualitatively differently: Of the six architectures, only the GRU with attention
showed a strong preference for choosing the main auxiliary
instead of the linearly first auxiliary. By contrast, the vanilla

A plausible hypothesis about the differences between networks is that linearly-generalizing networks used representations that contained linearly-relevant information whereas
hierarchically-generalizing networks used representations
that contained hierarchically-relevant information. To test
this hypothesis, we analyzed the final hidden state of the encoder (E6 in Figure 1), which we will refer to as the encoding
of the sentence. In architectures without attention, this is the
only information that the decoder has about the sentence; architectures with attention can use the intermediate encodings
of sentence prefixes as well. We analyze the amount of information that these encodings contain about three properties of
the input sentence: its main auxiliary, its fourth word, and the
head noun of the subject (which, in the simple languages we
used, was always the sentence’s second word). Examples are
shown in Table 2.
Main auxiliary: The main auxiliary of a sentence can appear
in many different linear positions but has a consistent hierarchical position. Therefore, a network whose encodings can
be used to identify sentences’ main auxiliaries must contain
some hierarchical information.
Fourth word: The fourth word of a sentence has a consistent
role in a linear representation but not in a hierarchical one:
the fourth word could be the main verb, the determiner on
a prepositional object, or the auxiliary verb inside a subject
relative clause. Therefore, a network whose encodings can
be used to identify each sentence’s fourth word must contain
some information about linear order.
Subject noun/second word: The head noun of the subject
is always the second word of the sentence in our languages.
Thus, this word can be reliably identified either from a linear representation (as the second word) or from a hierarchical
representation (as the subject noun).
Analysis: For each trained network, we trained three linear
classifiers, one for each of these three properties of the sentence. Each classifier was trained to predict the word that
filled the relevant role—main auxiliary, fourth word or subject noun/second word—from the final hidden state of the
encoder. Each classifier’s output layer had a dimensionality equal to the number of possible classes for that classifier’s
task: 4 for the main auxiliary, 28 for the fourth word, or 26 for
the subject noun. The classifiers were trained on a training set
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Main auxiliary
my unicorns would laugh .
my quail with her yak will read .
his newt who can giggle could swim .

Fourth word
my unicorns would laugh .
my quail with her yak will read .
his newt who can giggle could swim .

Subject noun
my unicorns would laugh .
my quail with her yak will read .
his newt who can giggle could swim .

Table 2: Examples of the entities identified by the linear classifiers.

Main Auxiliary

Fourth Word

Subject Noun = Word 2

Delete 1st
Delete 2nd
Delete none

SRN
SRN + attn
GRU
GRU + attn
LSTM
LSTM + attn
0

0.25 0.50 0.75

10

0.25 0.50 0.75

10

0.25 0.50 0.75

1

Classification Accuracy

Figure 3: Linear classifier results.
chance performance.

Dotted lines indicate

and tested on a withheld test set (see the supplementary materials for details). Figure 3 shows the classification results on
the test set.
Classifiers trained to predict the main auxiliary from the
encodings produced by the SRNs with attention performed
only slightly better than chance; this might explain why the
SRNs with attention generalized poorly to the withheld sentence type in the question formation task. Similar classifiers
trained on encodings from the other architectures did well at
this task. Since the identity of the main auxiliary is the only
information required to perform well on our evaluation of the
networks’ performance on the generalization set based on the
first word produced, these results suggest that the differences
in performance stem not from inability to identify the main
auxiliary but rather from a misinterpretation of the task as requiring fronting of the linearly first auxiliary.
We now consider the fourth word and subject noun classifiers. The classifiers trained on the encodings from both types
of LSTMs as well as the GRUs without attention performed
well at both tasks. Crucially, the classifiers trained on the
encodings from the GRU with attention did poorly on these
tasks. Recall that the main auxiliary could be successfully decoded from the encodings of this architecture. The GRU with
attention therefore appears to use its encoding only for information that could not be straightforwardly obtained from linear order, such as the main auxiliary, rather than information
that could be obtained from linear order even if, like the subject head noun, that information was hierarchically relevant.
On the other hand, the fact that the GRU without attention
and both LSTM architectures performed very well at all three
tasks suggests that they used their encodings for both linear
and hierarchical information. Thus, perhaps the better generalization ability of the GRU with attention arises not from
a better ability to encode relevant hierarchical information—
all four LSTM and GRU architectures have that ability—but

Prepose 1st
7%
0%
4%

Prepose 2nd
24%
3%
21%

Prepose other
4%
0%
2%

Table 3: Analysis of output question types based on which
auxiliary has been deleted (if any) and which auxiliary has
been placed at the start of the sentence. Each number is the
percent of GRU + attention outputs across all 100 random
initializations that fit that category (the total sums to 65% because only 65% of the questions produced by the networks
could be analyzed in that way). 1st and 2nd refer to the first
and second auxiliaries in the input.
rather from an ability to ignore linear information (Frank &
Mathis, 2007).

Comparing RNN Mistakes with Human Mistakes
We now return to the full questions produced by our networks
and compare the networks’ errors to the types of errors that
humans make when acquiring English (Crain & Nakayama,
1987). We restrict ourselves to the GRU with attention networks as those were the networks that generally produced the
correct auxiliary (see Figure 2).
Subject-auxiliary inversion can be decomposed into two
subtasks: placing an auxiliary at the start of the sentence and
deleting an auxiliary within the sentence. Only 65% of the
outputs that the 100 networks collectively produced could
be interpreted as having been formed by inserting an auxiliary before the sentence and deleting zero or one of the auxiliaries in the sentence. Table 3 breaks down those results
based on which auxiliary was preposed and which (if any)
was deleted.4
Two error types are by far the most common. In the first
type, the network preposed the second auxiliary but did not
delete either of the auxiliaries (could his newt who can giggle could swim from his newt who can giggle could swim).
This error type is common among English-learning children
(Crain & Nakayama, 1987) and is compatible with hierarchical generalization. In the other frequent error type, the network deleted the first auxiliary and preposed the second; for
example, it might generate could his newt who giggle could
swim from his newt who can giggle could swim. Such errors were never observed by Crain and Nakayama (1987) and
are incompatible with a hierarchical generalization. In other
4 See the supplementary materials for examples of the remaining
35% of outputs.

2100

words, though the networks’ common error types overlapped
with the common error types for humans, the networks also
frequently made some mistakes that humans never would.

Conclusions and Future Work
Learners of English acquire the correct hierarchical rule for
forming questions even though there are few to no examples
in their input that explicitly distinguish this rule from the linear one. This fact has been taken to suggest that learners must
be innately constrained to consider only hierarchical syntactic rules. We have investigated whether a learner without such
a constraint can learn the hierarchical generalization without
the critical disambiguating examples. Based on the behavior
of one of the architectures we examined (GRU with attention), the answer to this question appears to be yes. The hierarchical behavior of this non-hierarchically-constrained architecture plausibly arose from the influence of hierarchical
cues in the input, a conclusion supported by the fact that the
additional hierarchical cue of agreement increased the likelihood that a network would induce hierarchical generalizations.
Our argument has focused on a strong version of the
poverty of the stimulus argument which claims that language
learners require a hierarchical constraint. However, there remains a milder version which only claims that a hierarchical
bias is necessary. This version of the argument is difficult to
assess using RNNs because, while RNNs must possess some
biases (Mitchell, 1980; Marcus, 2018), the nature of these
biases—which likely arise both from the network architecture
and from the learning algorithm—is currently poorly understood. However, given the linear way in which they process
inputs, it is plausible that all six architectures we used had
a bias toward linear order but that the GRU with attention
was the only one that overcame this linear bias sufficiently to
generalize hierarchically. It is not clear why it was the only
architecture to do so; we intend to examine the differences in
behavior between the recurrent units in future work.
Two caveats are in order. First, our results only cover restricted fragments of English and may not generalize to the
linguistic input that human language learners encounter. In
future work, we will replace our artificial languages with a
corpus of child-directed speech. Second, even if our findings
do generalize to realistic language, we would only be able to
conclude that it is possible to solve the task without a hierarchical constraint; humans certainly could have such an innate
constraint despite it being unnecessary for this particular task.
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Abstract

2012), anthropocentric thinking (Arenson & Coley, 2017),
and psychological essentialism (Gelman & Rhodes, 2012).
These constraints may be related to one another and have
been linked to misconceptions in the biological domain
(Coley, Arenson, Xu, & Tanner, 2017; Coley & Tanner,
2015). For the purpose of understanding biological
variability, the most relevant constraint is psychological
essentialism (Emmons & Kelemen, 2015; Shtulman &
Schulz, 2008). We focus special attention on a subcomponent
of psychological essentialism, featural stability, because it
has been proposed that featural stability makes learning about
metamorphosis difficult (French, Menendez, Herrmann,
Evans, & Rosengren, 2018).

Prior research on biological concepts suggests that people
underestimate within-species variability and reject
metamorphosis as a possible change for unfamiliar organisms.
This may be due to psychological essentialism. This study
investigated whether manipulating perceptions of biological
variability (both within species and between species) led to
increases in endorsement of metamorphosis among
undergraduate students. We manipulated perceptions of
variability by priming students before a lesson and by
highlighting variability in the diagrams used during the lesson.
Priming led to more endorsement of metamorphosis, but only
among those with high prior knowledge. Our results suggest
that manipulating perceptions of variability is not only possible
but might be beneficial for those who have strong prior
knowledge about biology.
Keywords: intuitive theories; psychological essentialism;
metamorphosis

Introduction
Biological variability is a key concept in science education,
and its importance is reflected in the Next Generation Science
Standards (National Research Council, 2013). Differences
between species are an integral part of biodiversity.
Differences within the same species provide the basis for
evolution through natural selection. Differences between
parents and offspring are key to understanding genetic
transmission. Finally, life cycle differences are integral for
understanding processes like aging and metamorphosis.
Despite this emphasis on variability in biology and science
education, little is known about how adults understand
variability in the biological domain and how understanding
of one type of variability (e.g., parent-offspring variability)
could influence understanding of another type (e.g., withinspecies variability).
In this paper, we focus on variability across the lifespan,
specifically variability that arises due to metamorphosis, and
we explore how thinking about biological variability (i.e.,
between- and within-species variability and variability
between parents and offspring) might influence learning
about metamorphosis.

Cognitive Constraints
Some researchers have investigated how people think about
biology and have proposed several cognitive constraints that
might influence biological reasoning. Constraints on
biological reasoning include teleological thinking (Kelemen,

Psychological Essentialism. Psychological essentialism is
the tendency to think of natural kinds as having an underlying
essence that defines the category to which they belong
(Gelman, 2004; Medin & Ortony, 1989). Many researchers
have proposed that some biological concepts are difficult to
grasp because they contradict psychological essentialism
(Coley & Muratone, 2012; Gelman & Rhodes, 2012).
Some researchers have argued that children have an
essentialist view of animal categories, which leads them to
underestimate, and sometimes even reject, within-species
variation (Shtulman & Schulz, 2008; although see Emmons
& Kelemen, 2015). Psychological essentialism could thus
hinder understanding of biological concepts such as
evolution by making it difficult for people to appreciate
within-species variability, which is integral for understanding
natural selection (Shtulman & Calabi, 2012). In support of
this view, adults who have less understanding of withinspecies variability also tend to have more misconceptions
about evolution (Shtulman & Schulz, 2008). This finding
suggests that decreasing essentialist reasoning might lead to
greater acceptance of evolution.
Featural Stability Bias. The featural stability bias is the
tendency to think that the features of an animal will remain
stable over time (French et al., 2018), and so adult versions
of animals will be identical to their juvenile forms except in
size. Featural stability is incompatible with dramatic changes
such as those that occur in metamorphosis. Previous work on
children’s understanding of biological change has shown that
preschool children consider metamorphosis to be an optional
change—one that animals can choose to engage in—rather
than a biological process (Rosengren, Gelman, Kalish, &
McCormick, 1991).
French et al. (2018) showed participants different pairs of
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animals, with each pair presenting the juvenile form and the
adult form of an animal. Relative to the juvenile form, the
adult form could vary in size, vary in color, undergo
metamorphosis, or change species altogether (as a control
item). Children were more likely to accept changes when all
features remained the same except for size. Participants of all
ages preferred change in size rather than naturalistic growth
(i.e., change in the proportions of the animal) when asked to
reason about unfamiliar species. This is surprising given that
naturalistic growth is the type of change most animals,
including humans, undergo (Lorenz, 1971). The authors
suggested that featural stability is a “default” way of thinking
when no other information about the type of change an
animal undergoes is available.

Learning and generalization of metamorphosis
Even after observing animals going through life cycle
changes such as metamorphosis, children and adults rarely
generalize to other animals. Herrmann, French, DeHart, and
Rosengren (2013) placed two displays, one with a pregnant
mouse and another with a caterpillar, in a preschool
classroom for 10 weeks. This ensured that the children
observed both metamorphosis and naturalistic growth. After
being exposed to these displays children were more likely to
accept metamorphosis, but only for the species with which
they had direct experience (the butterfly).
However, a study by Menendez, Rosengren, and Alibali
(under review) showed that providing adults with a formal
lesson on metamorphosis led them to accept metamorphosis,
not only for the animal included in the lesson (i.e., a ladybug),
but also for other insects. In addition, participants who saw
life cycle diagrams that were perceptually simple (bland)
displayed better generalization that participants who saw
diagrams that were perceptually rich. This study suggests that
generalization of knowledge about metamorphosis is
possible, even to unfamiliar species, and that diagrams might
be an effective way to help people understand biological
change.

Importance of prior knowledge
One key finding of Menendez et al. (under review) was that
the effectiveness of the diagram intervention varied as a
function of pretest performance. Adults who had low prior
knowledge benefitted more from the bland diagram than the
rich diagram. This finding aligns with research on
mathematics learning that shows that the effectiveness of
visual representations is moderated by student characteristics
such as prior knowledge (Siler & Willows, 2014). This
literature suggests that visual representations may be an
important aid in helping students learn about biological
variability, but that their effectiveness might depend on
students’ content knowledge prior to the lesson.
Prior knowledge has also been found to influence
categorization. Appropriate prior knowledge in the domain,
however minimal, can speed up learning of new concepts
(Kaplan & Murphy, 2000; Murphy & Allopenna,1994). The
importance of prior knowledge can also be seen learning

about metamorphosis. French et al. (2018) found that, for
unfamiliar species, adults tended to accept only change in
size. Evans and Rosengren (2018) argue that new information
interacts with preexisting mental models of biological change
to create a new mental model that has elements of the
preexisting model; therefore, acceptance of metamorphosis
might depend on participants’ prior knowledge about what
types of changes are possible in the natural world.

Current study
The goal of the present study was to investigate whether
exposing adults to different types of biological variability can
increase how much they learn from a lesson on
metamorphosis. This could occur if exposing adults to
biological variability serves to decrease their essentialist
reasoning. Toward this goal, we used two different
interventions. First, we used texts that a) highlighted withinspecies variability (potentially decreasing essentialist
reasoning), b) highlighted between-species variability
(potentially increasing essentialist reasoning), or c) did not
highlight either form of variability (control). Second, we
created two new life cycle diagrams, one that portrayed
parents and offspring as identical (as is typical in life cycle
diagrams) and one that portrayed parent-offspring variability.
We hypothesized that participants who received the withinspecies variability text would generalize the concept of
metamorphosis more broadly than those in the control
condition, potentially because of a reduction in essentialist
reasoning, whereas those who received the between-species
variability text would generalize more narrowly. This result
could suggest that essentialist thinking impedes
understanding of dramatic biological changes such as
metamorphosis. The effectiveness of the texts might depend
on them activating knowledge that learners already possess;
therefore, we hypothesize that the texts will be more effective
for individuals with higher prior knowledge. Further, we
expected that participants who received the lesson with the
diagram that highlights parent-offspring variability would
transfer their knowledge about metamorphosis more widely
than participants who received a lesson with a diagram the
highlights parent-offspring similarity. Based on prior work
by Menendez et al. (under review), we will also explore
interactions between diagram type, text, and prior
knowledge. In light of past work on understanding of withinspecies variability and evolution (Shtulman & Schulz, 2008),
we will also explore if our manipulation influenced
participants’ beliefs about the origin of species.

Method
Participants
We recruited 240 undergraduates from an Introductory
Psychology course. Participants were 156 women, 82 men,
and 1 non-binary individual (one participant did not report
gender). The racial/ethnic make-up of the sample was: 137
white, 8 Black or African-American, 86 Asian or AsianAmerican, 2 Pacific Islander or Native Hawaiian, 8 Hispanic
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or Latinx. Participants completed the study individually in a
laboratory setting and provided written consent before the
start of the study.

Design
This study used a pretest-intervention-posttest design.
Participants were randomly assigned to one of the three text
priming conditions (within-species variability, betweenspecies variability, control), and one of the two diagram
conditions (different-offspring, identical-offspring).

Materials
All stimuli were displayed on a computer screen. For the
pretest and posttest, we created images that showed three
different types of change: change in size, metamorphosis, and
change in species (Herrmann et al., 2013). Change in size
items showed an original animal and a copy that was either
larger or smaller. For mammals and fish, we included instead
naturalistic growth items (in which the proportions change in
addition to the size), which is common in these species. The
metamorphosis items showed the larva and the adult form of
an insect or an amphibian. Species change items showed an
original animal and an animal of a different species (e.g., a
dog and a cat). This type of change was included to assess
whether participants would endorse any type of change. For
animals that do not undergo metamorphosis, we substituted a
second species change item for the metamorphosis item.
Given the importance of prior knowledge in participants’
acceptance of metamorphosis (French et al., 2018) and the
potential educational implications of this study, we used real
animals rather than artificial animals. Example items can be
seen in Figure 1.
Participants were asked about these types of change in two
different ways that address the connections between juvenile
and adult versions of each animal. In lifespan questions,
participants were asked: “When the one on the left grows up
[point to the juvenile version], could it look like the one on
the right [point to the adult version]?” In offspring questions,
participants were asked: “Could the one on the left [point to
the adult version] have a baby that looks like the one on the
right [point to the juvenile version]?” These questions were
blocked, and the order in which the lifespan and offspring
questions were asked was counterbalanced.
The pretest included five target animals (butterfly,
ladybug, grey ladybug, fish, and dog), and the posttest
included ten target animals (ladybug, Asian beetle, firefly,
stag beetle, ant, butterfly, praying mantis, fish, frog, and dog).
The order of the animals was fixed, but the order of the
questions about different types of change was randomized for
each animal (but not randomized for each participant).
Each prime text was a short paragraph about butterflies.
The between-species variability prime compared two species
of butterflies and explained how they differ:
“Many kids learn about Monarch butterflies in school.
But do you know the difference between Monarchs and
Black Swallowtails? Monarchs have orange wings and
Black Swallowtails are black with yellow and blue.

Monarchs travel long distances, but Black Swallowtails
do not migrate at all. The wings of the two butterflies are
also different. Monarchs have large pointy wings, while
Black Swallowtails have wings that are rounder at the
bottom. These are the differences between these two
types of butterflies.”
The within-species variability prime explained how, even
within the same species, individuals vary greatly:
“Many kids learn about Monarch butterflies in school.
But kids do not know all about Monarchs. Monarchs are
known for their orange wings, but some have wings that
are more red and others have wings that are more yellow.
Many Monarchs migrate long distances, others short
distances and some do not travel at all! The wings of
monarchs are also different. Some have large pointy
wings, others have large skinny wings while some have
small pointy wings. While they are different, all of them
are the same type of butterfly.”
The prime texts were matched in number of sentences and
features mentioned. Participants in the control condition saw
a control text that included the same number of statements, to
control the length of exposure.
“Many kids learn about animals in school. They learn all
sorts of facts about them. Kids learn about how different
animals look. They learn about the life cycles of animals.
They also learn where the animals live and what they eat.
They learn about how animals move. Most kids think
that learning about animals is fun”
The video lesson explained the life cycle of ladybugs. The
only visual shown during the lesson was a life cycle diagram
of a ladybug. Participants in both diagram conditions
received the same lesson; the only difference was the diagram
used in the video. In the identical-offspring condition the
adult form of the ladybug was identical to the parent. In the
different-offspring condition the adult form of the offspring
had a different pattern of spots, fewer spots and different
coloring than the parent. After the lesson, participants were
asked to name each of the stages in the life cycle. Figure 2
shows both diagrams.
After completing the posttest, participants typed their
answers to two questions to assess their beliefs about the

Figure 1. Examples of each type of change for both types of
questions.
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Figure 2. Diagrams used during the lesson. The top diagram
is the identical-offspring diagram. The bottom diagram is the
different-offspring diagram.
origin of species (e.g., “How do you think the first spider got
here to Earth?”). The questions were adapted from Evans
(2000; 2001). Finally, participants completed a modified
version of the Essentialism Belief Scale (modified to be about
animal categories; Haslam, Rothschild, & Ernst, 2000) and
provided demographic information.

Procedure
Participants were randomly assigned to complete either the
lifespan or offspring questions first in the pretest, and this
order was maintained for the posttest. Participants saw a
series of 30 images at pretest. Each image displayed only one
type of change. Participants were asked to endorse (answer
“yes”) or reject (answer “no”) each type of change, and they
were not able to go back to previous questions once they had
answered. Then, participants were also randomly assigned to
read one of the three text prime conditions (between-species
variability, within-species variability, or control). Following
the texts, participants watched a video lesson with one of the
two diagram conditions (different offspring or identical
offspring). Participants were then asked to label each of the
stages in the diagram. After the lessons, participants
completed the posttest (60 images), evolution questions, and
the EBS, and provided demographic information.

interaction of the between versus control contrast and
pretest, F(1, 229) = 6.125, p = .014. Among these
participants, those with high pretest scores endorsed
metamorphosis more if they had read the betweenspecies variability prime rather than the control text,
F(1, 229) = 4.88, p = .028 (Figure 3A). The opposite
was found among participants with low pretest scores;
these participants endorsed metamorphosis more in the
control condition than in the between-species
variability condition, F(1, 229) = 5.12, p = .025. For the
within-species variability prime, these patterns were
less pronounced. Participants with high pretest scores
endorsed metamorphosis more if they received the
within-species variability prime compared to control;
however, this trend was not significant, F(1, 229) =
2.83, p = .094. Among those with low pretest scores,
there was no difference between the within-species
variability prime and the control conditions, F(1, 229)
= 1.37, p = .243. For participants who received the
lesson with the different-offspring diagram, there were
no differences as a function of prime and pretest
(Figure 3B). The results do not differ if we analyze
participants’ endorsement item by item using a
hierarchical linear model, rather than using composite
scores.
Origin of species
We coded participants’ explanations for whether they
mentioned evolution, creationism, or spontaneous generation
(Evans, 2000). We also coded whether participants
mentioned the life cycle of the animal in their answers. A
single explanation could be coded into multiple categories.
Twenty percent of the responses were double coded to assess
reliability; agreement was above 98%.

Results
Understanding of Metamorphosis
Our analysis focused on the number of insect items for
which participants endorsed metamorphosis. We
analyzed the data using a general linear model with
prime condition, diagram, pretest (as a continuous
variable), and their interactions as predictors. We used
non-orthogonal contrasts to examine the effects of the
primes, with the control condition as the reference
group.
There was a three-way interaction between prime
(between vs. control), diagram and pretest, F(1, 229) =
4.54, p = .034. For participants who received the lesson
with the identical-offspring diagram, there was an

Figure 3. Participants’ endorsement of metamorphosis for all
insect items by pretest score. Each line represents a priming
condition. Shaded regions represent the 95% confidence
intervals. (A) Identical-offspring diagram. (B) Differentoffspring diagram.
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Overall, endorsement of evolution was very high with
82.2% of participants providing evolutionary explanations.
Only 6.67% of participants gave creationist explanations, and
only 5.42% referred to spontaneous generation. Many
participants (37.5%) mentioned the life cycle of the animal in
their explanations. We conducted three logistic regressions
examining whether participants’ explanations about the
origin of species reflected evolution, creationism, or
spontaneous generation. We included the interaction of
pretest scores, priming condition, and diagram condition
(with all the respective lower-level effects), and we included
participants’ endorsement of metamorphosis at posttest as a
predictor. We did not find any significant effects for
evolution or creationism (all p’s > .05). However, we found
that participants’ endorsement of metamorphosis at posttest
decreased the odds of participants’ citing spontaneous
generation as the origin of a species, c2 (1, N = 240) = 4.14,
p = .042. No other effects were significant.

Discussion
In this study, we sought to manipulate psychological
essentialism by highlighting different types of biological
variability using text-based primes and diagrams. As
hypothesized, highlighting variability led to increases in
participants’ acceptance of metamorphosis; however, this
was only true among those who scored high at pretest.
Additionally, highlighting more than one type of variability
did not lead to further improvements. Contrary to our
hypothesis, we did not find a difference between the betweenspecies variability and the within-species variability primes,
but the trends were stronger for participants who received the
between-species variability prime.
We expected the within- and between-species variability
primes to have different effects; however, this was not the
case. One potential reason why the primes led to similar
results could be that the between-species variability prime
highlighted within-category variability for the broader
category of insects. Future studies should investigate this
possibility. We did find that the effect of both primes differed
as a function of prior knowledge (i.e., pretest). The primes
were intended to activate knowledge that people already
possessed. We believe the primes were effective only among
adults with high prior knowledge because they were more
likely to have knowledge about within- and between-species
variability. This might also be the reason why the trends were
always stronger for the people who received the betweenspecies variability prime. Adults rarely endorse withinspecies variability (Shtulman & Schulz, 2008), but they
presumably know the difference between different species of
animals.
We also found that there were not additive effects of
highlighting more than one type of variability. For
participants who saw the diagram that highlighted parentoffspring variability, the primes had no effect. This could
suggest that simply highlighting any type of biological
variability makes people more likely to accept
metamorphosis. This opens up the possibility that all types of

biological variability are related in people’s minds, which
could explain why we find similar results when we highlight
between-species, within-species, or parent-offspring
variability—all lead to an increased acceptance of
metamorphosis.
This study has potential implications for the theory of
psychological essentialism. Although some researchers have
argued that there are developmental trends in essentialist
reasoning (Gelman, 2004; Evans & Rosengren, 2018),
essentialist reasoning has been assumed to be an individual
characteristic. Indeed, essentialist reasoning about natural
kinds is fairly constant, and independent of years of
biological education (Coley et al., 2017). Our study suggests
that essentialist reasoning can be decreased, at least for short
periods of time. This decrease might be related to greater
acceptance of biologically accurate but counter-intuitive
information such as metamorphosis.
This work also has potential implications for science
education. Mayr (1982) has argued that essentialist models of
species are predominant in biology, and that these models are
problematic when trying to account for sexual dimorphism,
metamorphosis, and evolution. This study suggests that
instruction that does not rely on an essentialist model of
species might lead to better learning in the biological domain.
Although our study suggests that understanding of
metamorphosis might decrease endorsement of spontaneous
generation, it is still an open question whether teaching
children about metamorphosis and decreasing essentialist
reasoning will lead to downstream effects for learning about
evolution. Future research should look at children who have
not learned about evolution to further examine if there is a
relation between understanding metamorphosis and
acceptance of evolution.
This study should be interpreted in light of its limitations.
First, all the adults in our study probably had already learned
about metamorphosis. Future studies should look at
elementary school children who have received little biology
instruction. This group would allow researchers to determine
if essentialist thinking in biology is a product of how this
subject is taught in the United States. Second, it is not clear
how long lasting the effects of our manipulation would be. If
the effects of our prime manipulation are brief, it would not
be a useful intervention for biology classes.
Biological variability is a key concept in science education.
Understanding how children and adults learn about
variability can further our knowledge of how cognitive
constraints, such as psychological essentialism, influence
learning and generalization and potentially influence
education. We found that highlighting variability was useful
among individuals with high prior knowledge. Our findings
suggest that psychological essentialism might be one reason
why learning about drastic biological change is difficult.
Overall, we found that highlighting any type of biological
variability leads to better generalization from a biology
lesson but that the effectiveness of this manipulation depends
greatly on learner characteristics such as prior knowledge in
the domain.
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Abstract
Fraction knowledge is not only important for later STEM related education achievement but also crucial for employment
and health. However, many children have great difficulties learning fractions. The present study examined predictors
of fraction knowledge performance in second and fifth grade, including both math-specific skills and general cognitive
abilities. Individual differences in non-symbolic ratio acuity, whole number line estimation, and auditory working memory
were significant predictors of symbolic fraction knowledge performance. Non-symbolic ratio acuity made the largest
contribution to symbolic fraction performance compared to other predictors. The implications of these findings for theories
of numerical development and for improving mathematics learning are discussed.
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Abstract

producing them as “dem”, likewise is associated with AAE
speakers. Thus, is there is an effect of speaker dialect on
accurate lexical recall? Furthermore, do these two factors
interact? There are many gaps in our understanding of how
socially-conditioned lexical and phonological variation
influences word recall.

Phonological characteristics of a voice, such as th-stopping
(pronouncing them as “dem”) associated with African
American English (AAE), provide indexical sociolinguistic
information about the speaker. Word usage also signals this
social dialect, i.e. usage of crib to mean house. The current
study examines the effect of these sociolinguistic
characteristics on word recall, as well as the interaction
between the phonological and the lexical levels of variation. In
a modified word recognition task, listeners displayed more
accurate veridical word recall of AAE lexical items and voices.
Furthermore, there was an interaction between phonological
and lexical variation: listeners were even more accurate at
recognizing AAE-specific lexical items heard in an AAE voice.
This study adds to a growing body of work finding that
sociolinguistic information influences word memory.

Word Recall

Keywords: memory, word recognition, lexical variation,
dialect, African American English

Introduction
The factors that influence accurate recall of heard words
inform models concerning the architecture of representations
involved in language processing. For example, listeners
falsely recall hearing the word sleep after hearing a word list
containing several semantically related items, such as tired,
bed, and rest (Roediger & McDermott, 1995), suggesting that
lexical recognition activates semantic neighborhoods.
Attention also mediates lexical encoding: in divided-attention
conditions, lexical recall is more susceptible to the false
memory of a non-presented item, such as sleep, relative to
full-attention conditions (Otgaar et al., 2012; Perez-Mata et
al., 2002). Furthermore, the likelihood of accurate word recall
varies based on lexical categories and properties: recall is
lower for emotional words (joy), relative to concrete (socks),
or abstract (old) words (Bauer et al., 2009).
Yet, there are many other properties of words, and context,
that might influence whether listeners accurately remember
lexical items. Lexical (and phonological) variation can also
carry social meaning: social dialects of American English,
such as African American English (AAE), can be conveyed
through the use of specific lexical items, such as crib for the
Mainstream American English (MAE) house. Do dialectspecific lexical variants trigger different patterns of accurate
word recall? Furthermore, a word’s pronunciation, e.g.,

There are two general types of models recruited to explain
patterns of lexical recall. Single process models posit that
when listeners retrieve a word, form and meaning are
activated at the same time (e.g. Robinson & Roediger, 1997).
For example, once a word is activated, both the word and its
semantic neighborhoods influence false memories equally.
False memories arise from continual activation of a semantic
neighbor. When presenting 3, 6, 9, 12 or 15 items for a single
semantic associate, Robinson and Roediger (1997) found the
likelihood of veridical recall decrease as list length increases,
but false memory increase as a function of list length.
Another type of account is a dual process model which
posits that lexical processing leaves two kinds of memories,
a verbatim form and a gist form, which are stored
independently and, thus, can influence accurate recall
independently. The verbatim form stores exactly what was
said, while the gist form stores themes of the information
being processed. Since they are independent, these forms
influence memory in different ways. It has been shown that
as verbatim memory gradually becomes weaker, gist
extraction drives retrieval of a critical lure, occasioning false
memories (Brainerd & Reyna, 2012).
A central question in the present study is which of these
two models of processing allows for the mediation of social
factors. A recent study by Sumner and Kataoka (2013)
provides a clue. They played listeners word lists produced in
either a British English, General American, or New York
voice. They found that the social information cued by the
talker’s voice influenced word recall: listeners were less
accurate at recalling words produced by the NY talker. They
interpret their result as supporting dual process models,
where both word forms and semantic properties of words are
activated differentially. An unresolved question is what role
lexical variation plays in word recall.
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A fuller understanding of the influence of social
information in the simultaneous mapping of words and social
categories is needed to inform our understanding of linguistic
representations and speech comprehension. Thus, we look at
how socially-conditioned lexical and phonological variation
interact and influence word recall, in order to inform models
of lexical memory.

Phonological and Lexical Variation
Prior work has shown that acoustic-phonetic properties of a
voice convey social information that influence how words are
perceived. For example, perceived gender and sexual
orientation of the speaker influences fricative categorization
(e.g., Strand & Johnson, 1996). Furthermore, phonetically
cued social characteristics of a voice also influence how a
word is encoded. For example, lexical activation of words
with post-vocalic /r/ differs for a British English speaker and
a New York English speaker (Sumner & Samuel, 2009).
These findings indicate that perceived social characteristics
of a speaker conveyed solely through their voice can
influence how listeners encode words. Findings such as these
have been vital in shaping and informing models of lexical
representation. Exemplar-based theories provide a widely
held account of the nature of lexical representations (e.g.,
Goldinger, 1998; Johnson, 2006; Pierrehumbert, 2002). Such
theories posit that a lexical form is represented in memory as
a cloud of traces, and every experienced token, with its
particular phonetic details, leaves a unique memory trace.
One approach to exemplar theory posits that heard tokens are
directly encoded as they are experienced. This explains
frequency effects on lexical encoding: an experienced lowfrequency lexical item has greater representational weighting
since there are fewer prior stored exemplars than a high
frequency token (Goldinger, 1998). This account aligns with
the single route model, insofar as the incoming token
activates the word in form and meaning, regardless of
attentional or social factors. Another perspective on exemplar
theory allows for incoming tokens to be encoded more
strongly if they receive greater attentional or social weighting
(Pierrehumbert, 2002). Pierrehumbert posits that linguistic
and social information are perceptually encoded together via
rich exemplars and that socially idealized properties can
weight exemplars more strongly, pulling the distributional
space for lexical representations in one direction or another
that can influence later perception of sounds and experiences.
This perspective aligns more with a dual process account
where attention is mediating how lexical recall is occurring.
A proposed mechanism to account for the influence of social
information on the sound-to-meaning mapping come from
Sumner et al. (2013), who suggests that spoken word
recognition operates in parallel with social representational
meaning and interactivity between these processes can
modulate linguistic comprehension.
These models of representation and processing tell us that
words are stored with rich phonetic and social details from
experiences and that influences how words are encoded. We

extend this to how words are remembered: does sociolinguistic variation affect accurate word recall?

Current Study
The view that listeners activate linguistic and social
representations simultaneously is supported by evidence that
congruent social and linguistic information has facilitating
effects on lexical memory. For example, listeners better
comprehend Chinese-accented English words when they cooccur with an image of an Asian face, versus a White face
(McGowan, 2015). Similar socio-phonological congruency
effects for AAE are seen: An AAE voice primes words
pronounced with nonstandard (and, critically, specific to
AAE) phonological variants, relative to standard variants
(King & Sumner, 2014). Additionally, Casasanto (2008)
found that listeners not only associate African American
speakers with consonant cluster reduction, but recognized
[mæs] as mast when they co-occurred with an image of an
African American face, and as mass when it co-occurred with
a White face, again demonstrating that knowledge about
sociolinguistic variation influences perception. However, we
do not fully understand how these phonological effects
interact with the encoding and recall of dialect-specific
lexical items. Hence, we ask whether AAE-specific lexical
items are remembered better when produced with AAE
phonological patterns, than with Mainstream American
English (MAE) patterns.
As mentioned earlier, speakers’ pronunciations and word
choices co-vary in systematic ways. The current study
focuses on the interaction between these two levels of
grammatical variation—phonological and lexical—and how
they influence memory for language. It is not well understood
how these two levels of variation interact during lexical
encoding. In the current study, we ask whether dialectspecific lexical variants trigger different patterns of accuracy
in word recognition. Specifically, we ask whether there is an
effect on accurate lexical recall of AAE words in an AAE
voice pronunciation patterns associated with AAE, e.g. thstopping (“dem” for them), -ing/-in variation (“walkin” for
walking), t/d deletion, th-fronting: interdental fricative [θ]
pronounced as a labiodental fricative [f] (“baf” for bath)
(Green, 2002; Thomas, 2007), in addition to lexical variation
such as crib instead of house (Smitherman, 2000).
However, a typical DRM-paradigm, where listeners hear
words (e.g. dream, bed rest and awake) related to a lure (e.g.
sleep), exposes participants to a word lists before testing
lexical recall. This poses a problem for testing lexical
variation of the kind here. Take the example of AAE crib,
equivalent to MAE house. Out of context, it is not clear
whether listeners will recruit the intended AAE usage of crib
to mean house, or the MAE usage of crib to mean baby’s bed.
Therefore, we designed a modified word recognition task:
target word items will be presented to listeners in a story, in
order to provide sentential contexts in which each word can
be perceived with the intended semantic meaning. Thus, we
will test listeners’ accuracy in recalling heard target words
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(and correctly identifying semantic counterparts that were not
heard) as a function of the socio-linguistic indexing of the
speaker (AAE or MAE) and lexical usage (AAE or MAE).

Predictions
Previous research suggests that the phonological similarity
between a token and previously experienced exemplars
decreases the probability that listeners falsely recall nonpresented words. For instance, using the DRM-paradigm
Sumner & Kataoka (2013) find that listeners are less likely to
accurately recall words for a New York English speaker (a
less prestige variety) than for British English and General
American speakers (more prestige varieties). Words spoken
in General American are more frequent for General American
participants than those uttered in various non-General
American accents by any standard measure of global
frequency. This leads to a more robust cluster of GA
episodes. Though episodes of British English are sparse for
General American participants, words uttered in this socially
prestigious dialect have robust representations. The social
prestige of BE has a more robust influence on processing than
NY English, among General American and New York
English participants. Therefore, we might predict that
listeners will be less accurate at recalling words heard by an
AAE speaker, since it is a less prestigious variety.
However, from an episodic approach, an interaction
between lexical type and speaker accent is expected. We
predict that for AAE-specific lexical items, exemplars should
be stored with AAE phonetic detail. Upon hearing the AAE
lexical item, previously experienced exemplars should be
activated. This will increase encoding strength, which should
lead to a benefit in accurate remembrance of AAE words.
Participants exposed to the AAE talker should have higher
rates of veridical word recognition. By this same cognitive
mechanism, we also predict that the previously experienced
exemplars of AAE lexical items should be dissimilar to the
token produced by the Mainstream American English (MAE)
talker. This dissimilarity will decrease the likelihood of
activation for AAE lexical items, and weaken encoding
strength. Participants exposed to the MAE voice should have
lower rates of accurate recognition and higher rates of false
recognition for AAE lexical items, but accurate remembrance
of MAE words is probable.

Methods
Materials and Stimuli
As critical items, we selected 22 pairs of words that had the
same semantic meaning and syntactic category. Each pair
consisted of a AAE lexical item and a MAE lexical item
counterpart. Items are provided in Table 1. Across the two
lexical conditions, we balanced the items for number of
syllables and morphological complexity, to the extent
possible. Across word lists, similar numbers of monosyllabic
target words (AAE=13 items, MAE=14 items) and bisyllabic
(AAE=9 items, MAE=8 items) appeared.

A story was composed, containing slots for one word from
each of the 22 pairs. Four versions of the story were created,
where half of each of the 22 target words was realized as
either an AAE or an MAE variant (e.g., “They go back to the
[hood]/[city]”). In each version 11 AAE and 11 MAE target
word variants occurred, word parings counterbalanced across
the 4 versions. Due to an oversight, the word “dope” occurred
twice in the AAE wordlist.
Two male native speakers of English, one a native AAE
speaker and one a native MAE speaker, produced each story
version. The speakers were recorded in a sound-attenuated
booth with a head-mounted microphone at a sampling rate of
441kHz. Story productions were similar in length and
speaking rate. Recordings were amplitude-normalized.
Table 1: MAE and AAE word pairs.
MAE word
car
cash
city
awesome
cheating
crazy
food
friends
on point
shoes
jewelry
weird
fancy
girlfriend
group
girl
leave
working
house
style
call
great

AAE word
whip
moolah
hood
dope
trifling
cray
grub
homies
on fleek
kicks
bling
whack
banging
boo
crew
shorty
dip
grinding
crib
swag
holla
dope

We aimed to quantify the amount of AAE specific variables.
A phonetically trained coder tabulated the presence of
specific phonological variables known to correlate with AAE
including high rates of [-ɪn] (77.77% occurrence in
conditioning contexts), postvocalic r-dropping (37.5%), t/d
deletion (55%), and th-stopping (68.75%); the MAE speaker
has close to zero proportional usage of these variables.

Participants and Procedure
124 participants completed the study, native speakers of
American English. These subjects, UC Davis undergraduate
students who reported normal vision and hearing, received
partial course credit for their participation.
First, participants heard one of the story recordings (65
heard one of the 4 story versions produced by the AAE
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speaker; 59, heard one of the 4 story versions produced by
the MAE speaker) in a sound-attenuated booth with
headphones. Each participant was randomly assigned to a
speaker and story version.
Following story exposure, participants completed a word
recognition test. In the word recognition test, participants saw
all 44 words (heard and unheard variants) randomized, one at
a time, on a computer screen and indicated whether that word
was heard in the recording or not via a button box response
key press (using E-prime software and response box).

Results
Listener responses were coded for accuracy (1=correctly
identified that they had heard or had not heard a lexical item,
0=incorrect). Since listeners had two response options, an
aggregated pattern of chance performance would be 50%.

can be interpreted as the estimated grand mean (mean of all
conditions). Word Type significantly predicted accurate
word recognition: overall, listeners recalled AAE words more
accurately (61%) than MAE words (53%). Speaker was also
a significant predictor: listeners who heard the AAE speaker
remembered words better (64%) compared to listeners who
heard the MAE speaker, who performed at chance (50%).
Crucially, a significant interaction between Speaker and
Word Type, provided in Figure 1, reveals that listeners who
heard the AAE voice were more accurate at recognizing
AAE-specific lexical items (70%), relative to MAE lexical
items (57%). Meanwhile, listeners who heard the MAE voice
showed no difference between recalling AAE (51%) or MAE
(48%) words, with both being at chance-level performance.
AAE Speaker

Accuracy

Recognition Accuracy
We first examined participants’ accuracy for heard words
(i.e., accuracy for heard words reflects “veridical” perception,
following Roediger & McDermott, 1995). Responses to
heard words were modeled using a logistic mixed-effects
regression model (lme4 package v.1.1-14; Bates et al., 2015)
using the glmer() function in lme4 using R (v.3.2.2). The
model included two fixed-effect predictors. Word Type
(AAE lexical item [baseline], MAE lexical item) tested
whether listener recognition was influenced by the social
dialect of the lexical item. Speaker (AAE speaker [baseline],
MAE speaker) assessed whether the social dialect of the
speaker influenced accurate lexical recognition of heard
words. The two levels of each categorical variables were
hand-assigned numerical weights, under the constraint that
the sum of the weights equals to 0 (Davis, 2010). Thus, the
model tests whether the observed difference in means
between factors is within the sampling error of 0. In addition
to these two main effects, the model also included the
interaction between them to test the critical prediction that
there will be differential recognition of AAE words in the
AAE voice, relative to the MAE voice. The random effects
structure of the model included random intercepts for
participant and word as well as by-participant random slopes
for Word Type (since Speaker was a between-subjects factor,
random slopes for Speaker by participant were not permitted
by the design).

(Intercept)
WordType
Speaker
WordType*Speaker

SE
.16
.13
.11
.07

z
3
2.4
3.5
2.4

p
.002*
.01*
.000*
.01*

Table 2 provides the model output. Since the contrasts
between levels within a predictor sum to zero, the intercept

0.75
0.50
0.25
0.00
AAE Words MAE Words

AAE Words MAE Words

Word Type

Figure 1: Mean recognition accuracy in recognizing heard
words by Speaker and Word Type. Error bars depict
standard errors of the mean.

False Recognition
Accuracy in rejecting non-heard lexical items was assessed,
as well. We modeled responses to unheard lexical items using
the procedure and model structure identical to that used in
assessing heard word recognition. The output of the unheard
data model is provided in Table 3. Figure 2 illustrates the
performance for unheard words across conditions.
Table 3: Output of logistic mixed effects model run on
accuracy data for unheard items.
(Intercept)
WordType
Speaker
WordType*Speaker

Table 2: Output of logistic mixed effects model run on
accuracy data for heard items.
Est.
.48
.33
.41
.18

MAE Speaker

1.00

Est.
.22
.16
.27
.02

SE
.18
.17
.09
.07

z
1.2
.9
2.8
.2

p
.2
.3
.004*
.7

The model assessing accuracy in correctly rejecting unheard
lexical items revealed only a reliable simple main effect of
Speaker: listeners were more accurate, overall, at correctly
rejecting unheard lexical items in the AAE voice (57%),
relative to at-chance performance for the MAE voice (48%).
Listeners who heard the AAE speaker were less likely to
falsely recognize words, overall, than those who heard the
MAE speaker.
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AAE Speaker

MAE Speaker

Accuracy

1.00
0.75
0.50
0.25
0.00
AAE Words MAE Words

AAE Words MAE Words

Word Type

Figure 2: Mean recognition accuracy in identifying
unheard words by Speaker and Word Type. Error bars
depict standard errors of the mean.

Discussion
The current study was designed to investigate the effect of
socially-conditioned phonological and lexical variation on
word recall. We observed that listeners show more accurate
veridical recall of words when they were pronounced with the
constellation of phonological properties associated with
African American English (AAE) varieties than when those
words were pronounced with a Mainstream American
English pronunciation. Additionally, we found an effect of
socially-cued usage of lexical items on accurate word recall.
AAE-specific lexical items were better recalled than MAE
words. Furthermore, we found an interaction between these
two main factors: AAE-specific lexical items were even
better recalled when heard pronounced by an AAE voice.
(Meanwhile, listeners who heard the MAE voice were at
chance in recalling both AAE and MAE word types).
As outlined in the introduction, this study was strategically
designed to address gaps in the literature on lexical recall.
First, prior work has demonstrated that accurate word recall
varies based on lexical and contextual factors. For example,
words heard in greater-attention conditions are recalled more
accurately (Otgaar et al., 2012). Here, we find that social
factors influence accurate word recall. One interpretation of
our finding of better word recall for the AAE voice is that
some socio-linguistic conditions are more likely to elicit
greater attention, leading to differential encoding and recall.
This general observation supports prior work. For example,
Sumner & Kataoka (2013) observed that social dialect
influences word recall. However, the direction of the patterns
between their study and the current one are different. They
observed that words pronounced by British English and
General American voices are similarly recalled, and that both
elicit recall better than words pronounced by a New York
English voice. They interpreted this difference as attentionbased—listeners were more likely to have increased attention
toward the BE voice (due to high social prestige) but divided
attention toward the NY voice (due to negative social
perceptions). However, we observe the opposite pattern:

words in the AAE voice was more accurately recalled,
despite its lower prestige value, relative to MAE. Similar
findings are reported by Szakay et al. (2016). In a study
conducted with Maori L2 listeners, they find that hearing
words in non-standard Maori English and Pakeha, a standard
variant of New Zealand English, primed Maori, but that
Maori English more robustly primed Maori words. Exploring
which particular social factors are driving attention and how
that mediates word recall are avenues for future work.
The present study also explored the interaction of lexical
and phonological variation on word recall. AAE-lexical items
were better recalled in the AAE voice, suggesting that
linguistic recognition is stronger when socially-cued
phonological and lexical variation are correlated. However,
we observe that congruence between socially-conditioned
phonological and lexical variation influences word
recognition asymmetrically—there was not a parallel effect
for MAE lexical items in the MAE voice. Greater attention to
the AAE voice might explain this asymmetry; perhaps there
was greater attention for AAE-specific words when
pronounced in the AAE voice leading to more precise lexical
recall. Meanwhile, there was seemingly less precise recall of
the MAE voice overall. D’Onofrio’s (2016) discussion on
confirmation bias, a concept from the field of social
psychology, can also help explain the asymmetry.
Confirmation bias is a view that listeners’ experiences trigger
a schema that includes sociolinguistic expectancies for future
experiences. Listeners pay more attention to experiences that
fit this schema, while downplaying or ignoring those that
contradict it. This schema modulates how we take in new
episodes in addition to how we might incorrectly recognize
others. Confirmation bias can be recruited to explain our
observed interaction: hearing AAE lexical items that aligned
with the AAE pronunciation lead to more precise recall and
encoding of those words. The schema for the MAE talker is
perhaps more general, thus no particular MAE or AAE word
resonated within it. As mentioned earlier, though, the social
mechanisms mediating attention, and how this might be
influenced by social expectations, are areas for future work.
Furthermore, prior work has outlined two approaches to
lexical memory: single or dual process lexical recall. Our
finding socially-conditioned speaker- and lexical itemspecific factors on word recall support a dual model. The gist
trace in the dual-process stores themes of the information
processed, and social information is one of the matrixes of
thematic information used in the memory reconstruction
process. Also, as mentioned in the introduction, models of
lexical representation and encoding have demonstrated the
role of experience with words and pronunciations in
influencing production and perception. For example, listeners
recognize a word heard in the same voice faster and more
accurately than when the word is pronounced by a different
speaker (Mullinnex et al., 1989). However, it is not clear what
the relationship between facts about representation and
models of word recall is. While there is a large body of work
about the detail stored in lexical representation
(Pierrehumbert 2002; Johnson, 2006), how that interacts with
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lexical recall needs to be further explored, as well. Whether
the main finding that lexical items are better remembered if
they are consistent with that accent is a broader linguistic
pattern is beyond the scope of this paper. Further work using
more speakers and other speaker groups would need to be
done to show that this finding is robust and consistent.
Finally, our findings connect to issues above and beyond
linguistic
representations,
memory,
and
speech
comprehension. In educational, legal and judicial contexts,
AAE is stigmatized, considered incomprehensible, and
lacking intelligibility (Rickford & King, 2016). Our findings
are seemly contradictory to these ideologies. Not only do
listeners correctly comprehend and recall AAE lexical items,
but they do so even better when they are heard in an AAE
voice. This raises larger issues about bias and social
expectations and their role in language ideologies.

Acknowledgments
The authors would like to acknowledge John Rickford,
Meredith Tamminga, Sharese King, Simon Todd, and
participants of the 2018 LSA annual meeting in Salt Lake
City for their feedback on this study.

References
Bates, D., Mächler, M., Bolker, B., & Walker, S. (2014).
Fitting linear mixed-effects models using lme4. arXiv
preprint arXiv:1406.5823.
Bauer, L. M., Olheiser, E. L., Altarriba, J., & Landi, N.
(2009). Word type effects in false recall: Concrete,
abstract, and emotion word critical lures. The American
journal of psychology, 469-481.
Brainerd, C. J., & Reyna, V. F. (2002). Fuzzy-trace theory
and false memory. Current Directions in Psychological
Science, 11(5), 164-169.
Brainerd, C. J., & Reyna, V. F. (2012). Reliability of
children’s testimony in the era of developmental
reversals. Developmental Review, 32(3), 224-267.
Davis, M. J. (2010). Contrast coding in multiple regression
analysis: Strengths, weaknesses, and utility of popular
coding structures. Journal of Data Science, 8(1), 61-73.
D'Onofrio, A. (2016). Social Meaning in Linguistic
Perception (Doctoral dissertation, Stanford University).
Casasanto, L. S. (2008, January). Does social information
influence sentence processing? In Proceedings of the
Annual Meeting of the Cognitive Science Society (Vol. 30,
No. 30).
Green, L. J. (2002). African American English: a linguistic
introduction. Cambridge University Press.
Johnson, K. (2006). Resonance in an exemplar-based
lexicon: The emergence of social identity and
phonology. Journal of phonetics, 34(4), 485-499.
King, S., & Sumner, M. (2014, January). Voices and variants:
Effects of voice on the form-based processing of words

with different phonological variants. In Proceedings of the
Annual Meeting of the Cognitive Science Society (Vol. 36,
No. 36).
McGowan, K. B. (2015). Social expectation improves speech
perception in noise. Language and Speech, 58(4), 502-521.
Mullennix, J. W., Pisoni, D. B., & Martin, C. S. (1989). Some
effects of talker variability on spoken word
recognition. The Journal of the Acoustical Society of
America, 85(1), 365-378.
Otgaar, H., Peters, M., & Howe, M. L. (2012). Dividing
attention lowers children's but increases adults' false
memories. Journal of Experimental Psychology: Learning,
Memory, and Cognition, 38(1), 204.
Pérez-Mata, M. N., Read, J. D., & Diges, M. (2002). Effects
of divided attention and word concreteness on correct
recall and false memory reports. Memory, 10(3), 161-177.
Pierrehumbert,
J.
B.
(2002).
Word-specific
phonetics. Laboratory phonology 7, 4(1), 101.
Rickford, J. R., & King, S. (2016). Language and linguistics
on trial: Hearing Rachel Jeantel (and other vernacular
speakers) in the courtroom and beyond. Language, 92(4),
948-988.
Robinson, K. J., & Roediger III, H. L. (1997). Associative
processes
in
false
recall
and
false
recognition. Psychological Science, 8(3), 231-237.
Roediger, H. L., & McDermott, K. B. (1995). Creating false
memories: Remembering words not presented in
lists. Journal of experimental psychology: Learning,
Memory, and Cognition, 21(4), 803.
Smitherman, G. (1977). Talking and testifying. The
Language of Black America. Boston: Houghton.
Strand, E. A., & Johnson, K. (1996, October). Gradient and
visual speaker normalization in the perception of fricatives.
In KONVENS (pp. 14-26).
Sumner, M., & Samuel, A. G. (2009). The effect of
experience on the perception and representation of dialect
variants. Journal of Memory and Language, 60(4), 487501.
Sumner, M., & Kataoka, R. (2013). Effects of phoneticallycued talker variation on semantic encoding. The Journal of
the Acoustical Society of America, 134(6), EL485-EL491.
Sumner, M., Kim, S. K., King, E., & McGowan, K. B. (2014).
The socially weighted encoding of spoken words: a dualroute approach to speech perception. Frontiers in
psychology, 4, 1015.
Szakay, A., Babel, M., & King, J. (2016). Social categories
are shared across bilinguals ׳lexicons. Journal of
Phonetics, 59, 92-109.
Thomas, E. R. (2007). Phonological and phonetic
characteristics of African American vernacular
English. Language and Linguistics Compass, 1(5), 450475.

2114
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Abstract
Textbooks commonly present scientific results with graphs. However, high school students struggle with interpreting them,
in part because they do not focus on the most relevant comparisons among data values. Using a pre-/posttest design, we
asked whether using visuospatial cues to teach this skill to high school students could improve graph comprehension. Half
of the students were randomly assigned to complete a visuospatial learning module, and the other half completed a nonvisual control learning module. Data comparison performance increased significantly between pretest and posttest for the
visuospatial group, but decreased for the control group. Teaching students how to perceptually judge relevant comparisons
can thus improve graph comprehension.
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Abstract
How much does children’s performance on analogy tasks
reflect general analogical reasoning versus specific
knowledge? We asked this by comparing young children’s
performance on conceptual (e.g., whole, broken) versus spatial
(e.g., above, overlapping) analogies. We asked two primary
research questions. First, does children’s performance correlate
across tasks that depict conceptual versus spatial analogies?
Second, if children complete the easier analogical task first,
does that experience boost performance on the second, harder
task? Successfully solving analogy problems in one domain
could provide insights to children that may carry over to a new
domain. However, if poor performance reflects an underlying
lack of knowledge, rather than weak analogical reasoning, then
additional analogy experience will not be beneficial. Results
showed that children performed significantly better on
conceptual than spatial analogies, and that the order of tasks
did not influence performance. Furthermore, performance was
not correlated across domains. These results suggest that
performance on these two tasks primarily reflects children’s
understanding of the concepts and relations needed to complete
the analogies, rather than analogical reasoning.
Keywords: analogy; spatial cognition; development; early
childhood

Analogical and Spatial Reasoning
Analogical and spatial reasoning are both foundational
cognitive abilities that form the basis of higher order
cognition. Analogical reasoning is defined as the ability to
perceive and use relational similarities between two arrays,
situations, or events (Gentner & Smith, 2012). Spatial
reasoning is the ability to perceive, remember, and
communicate about relations among objects or parts
(Newcombe & Huttenlocher, 2000). There are many
commonalities between spatial and analogical reasoning.
Both skills have a protracted developmental trajectory,
showing continued improvement up to middle childhood
(Sternberg & Rifkin, 1979; Vasilyeva & Lourenco, 2010).
There have also been similar explanations proposed for
developmental improvements in these skills (e.g., language;
Loewenstein & Gentner, 2005; Pruden, Levine, &
Huttenlocher, 2011). Additionally, individual differences in
these skills are present into adulthood and predict success in
science, technology, engineering, and math fields (e.g.,
Dunbar, 2000; Wai, Lubinski, & Benbow, 2009).
Although analogical and spatial reasoning bear these
similarities, it is unknown whether the two skills are related.

It is possible that the processes are unrelated but share
comparable developmental timing and similar mechanisms.
Alternatively, it is possible that the skills are related: due to
common underlying processes; due to domain-general
abilities like abstraction or selective attention (Miller &
Simmering, 2018; Miller, Vlach, & Simmering, 2017); or by
interactions between systems (cf. van der Maas et al., 2006).
The current literature does not directly address this contrast.
On one hand, analogical and spatial reasoning have generally
been studied separately, with each field establishing its own
theories of developmental change. On the other hand, both
the methods developed and the theoretical explanations of
change share common features across domains. Analogy
tasks often involve reasoning about spatial relations
(Loewenstein & Gentner, 2005) and some spatial assessments rely on analogical reasoning (e.g., Huttenlocher &
Levine, 1990). The current study asks whether similarities in
analogical and spatial reasoning are domain specific or
develop from the same domain general processes.
Within domains of analogical and spatial reasoning, some
theorists propose that these skills arise from specific
knowledge within the domains. For example, there is
evidence that infants possess basic analogical reasoning
abilities (Chen, Sanchez, & Campbell, 1997), but the
application to specific analogical tasks depends on familiarity
with the concepts involved. Goswami and Brown (1990)
showed that children as young as 3 years could perform
above chance in an analogy task if it used concepts familiar
to that age group (e.g., cut or broken), in contrast to prior
research that suggested analogical reasoning did not emerge
until middle childhood (e.g., Sternberg & Rifkin, 1979).
These results suggest that analogical reasoning is a basic
skill, evident from early development that can be applied to
increasingly diverse tasks as children gain specific
knowledge. By extension, when children perform poorly on
analogical tasks, it could be reasoned that they lack specific
knowledge within a domain and not a domain general ability.
Within spatial cognition, some theorists propose a typology
of spatial abilities that underlies performance on spatial tasks
(see Uttal et al., 2013, for discussion). For example, Linn and
Petersen (1985) proposed three categories of abilities: spatial
perception, mental rotation, and spatial visualization. Uttal et
al. (2013) suggested a two-dimensional separation of skills,
one differentiating intrinsic versus extrinsic information, and
the other separating static from dynamic tasks. While theorist
differ in their divisions, these typologies suggest that spatial
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abilities could arise from domain-specific abilities that are
not shared with those of analogical reasoning.
Alternatively, other theorists in these domains believe that
analogical and spatial skills develop from general capabilities
that could relate to performance across domains. For
example, Gentner and colleagues proposed that analogical
reasoning skills develop from the “relational shift”: over
development, children move from attending to featural
similarities among entities to attending to relations among
entities (Gentner, 1988). One mechanism purported to drive
this relational shift is the acquisition of relational language
(e.g., Loewenstein & Gentner, 2005; Rattermann & Gentner,
1998b). Another general mechanism is changes in executive
functioning (e.g., Richland, Morrison, & Holyoak, 2006;
Thibaut & French, 2016). For example, performance in
analogical reasoning tasks is thought to depend on the ability
to inhibit distractions (e.g., perceptual similarity and focus on
relational similarity) and to be flexible in identifying
relations. These potential mechanisms of change are general
cognitive abilities that could also be implicated in the
development of spatial cognition.
Similar domain-general mechanisms have been proposed
as explanations of spatial development as well. For example,
some theorists propose that changes in spatial cognition arise
from abilities to use relational words (e.g., Hermer-Vazquez,
Moffet, & Munkholm, 2001; Pruden et al., 2011). Others
suggest that basic attentional skills that are used to identify
task-relevant information could underlie changes in spatial
cognition (Miller & Simmering, 2018; Miller et al., 2017).
Although perspectives differ regarding which mechanisms
support development of analogical reasoning and spatial
cognition, to our knowledge no study has tested how these
processes relate. As a step in this direction, we investigated
relations between analogical and spatial reasoning in the
context of the same type of task. We used modified versions
of two prior tasks, one that has been applied to spatial
domains and one that has been applied to conceptual
domains, to assess whether common processes could account
for young children’s performance across both tasks.
For the spatial task, we used the Spatial Analogies Task
(Huttenlocher & Levine, 1990). In this task, children view a
target image showing a spatial relation (e.g., a small object
above a larger object, two identical object side-by-side) and
are told to pick which of four choices “goes best” with the
target. The correct answer shows the same spatial relation as
the target. Although this task clearly requires making
analogies, it is generally used as an assessment of children’s
spatial reasoning. Young children’s performance in this task
correlates with their performance on other spatial tasks
including the Mental Transformation and Block Design
Tasks, as well as spatial language (Miller & Simmering,
2018; Miller et al., 2017; Pruden et al., 2011). This suggests
that this task relies on or shares mechanisms with other
spatial abilities. However, this task is notably more difficult

for young children than other spatial tasks, even those with
which it correlates, suggesting possible contributions from
other cognitive abilities (i.e., analogical reasoning).
For the conceptual task, we are using an analogies task
developed by Goswami and Brown (1990) that tests abilities
to make analogies based on familiar concepts to young
children. The task uses an A:B::C:D structure, children are
shown an A:B relation, such as a solid chocolate bar and a
melted chocolate bar, and then are shown a target C (solid
snowman) and need to pick which picture D (melted
snowman) finishes the pattern. This task was chosen because
children as young as 3 years of age showed above-chance
performance, suggesting that it is sensitive to younger
children’s abilities in this domain. To our knowledge,
children’s performance has not previously been compared
between conceptual and spatial analogies.
The current study examined correspondence in young
children’s performance across analogy tasks relying on
spatial and conceptual knowledge. We tested 4-year-old
children because this is an age group that has been tested
previously with both types of tasks, ensuring that the tasks
are appropriate for this age. This is also an age point at which
individual differences in spatial skills have been shown to
relate to other cognitive abilities (e.g., Verdine, Golinkoff,
Hirsh-Pasek, & Newcombe, 2017).
The study had two primary goals. The first goal was to
examine whether individual differences in performance were
correlated between the conceptual and spatial tasks. If
performance across tasks is driven primarily by similar
domain-general analogical reasoning abilities, then
performance should be positively correlated. However, if
domain-specific abilities related to spatial and conceptual
knowledge are the primary contributions to performance
across respective tasks, then we should expect no relation
between spatial and conceptual analogies tasks.
Our second goal was to investigate whether children’s
performance on an easier analogy task could support their
performance on a harder one. Based on prior literature, we
expected the conceptual task would be easier than the spatial
task.1 If the two tasks rely on similar processes, despite
assessing different content knowledge, we would expect
carry-over effects. Specifically, we predicted that performing
the conceptual analogies task first would facilitate children’s
performance on the spatial analogies task.

1
See Appendix for a secondary n analysis supporting a
secondary goal, testing whether the A:B::C:D version of the

spatial analogies tasks was easier for children than the
standard version.

Method
Participants
Thirty-eight young children (age range: 3.93-5.10 years, M =
4.33, SD = .29; 17 girls) participated in this study. One
additional child participated but was excluded from analyses
for not answering any test trials correctly. The majority of
participants (n = 33) were recruited through a database
comprising families interested in research participation from

2117

the surrounding area complied by the Waisman Center. The
remaining participants (n = 5) were recruited and tested
within their respective childcare centers in Dane County.
Participants came from primarily White middle-class
backgrounds (individual demographic data were not
collected). Children who participated in the lab were
compensated for their participation with a small prize (e.g.,
stuffed toy, book). Childcare centers were given donations of
educational materials (e.g., books, art supplies) as a thankyou. Parents of participants gave informed consent before
participation. This study was approved by the University of
Wisconsin-Madison Education and Social/Behavioral
Science Institutional Review Board.

Materials
Children completed two analogy tasks that we created for this
study by modifying existing tasks. The spatial analogies task
was adapted from Huttenlocher and Levine (1990) and the
conceptual analogies task was adapted from Goswami and
Brown (1990). Both tasks were presented on 8.5” x 11”
sheets of paper within an easel ring binder. The binder stood
upright in a landscape orientation on a desk in front of the
participant. The task stimuli were presented in an A:B::C:D
format with three foil options (see Figure 1, first panel). In
this format, two pictures (A and B) depicted the target
relation for the analogy, with a third picture (C) and a blank
(D) for the child to complete. Three options were presented
down the right side of the page.
We created our own stimuli for practice trials, which were
taxonomic relations we expected to be highly familiar to
children in this age range (see Appendix). On these practice
trials, we also chose foils that would not be likely to produce
errors. Our goal was to make the trials easy enough for all
children to learn how to perform the task correctly. Note that
these tasks were more similar to the conceptual trials than the
spatial trials, although they differed in that the conceptual
trials (as described below) all included transformations of an
object (e.g., on/off, dry/wet), whereas the practice trials
included more abstract relations (e.g., offspring, clothing).
In the spatial analogies task, we used the same spatial
relations as in the original design but with some substitutions
of objects (e.g., a corded telephone was replaced with an ice
skate; see Figure 1, center panel) and one fewer foil option.
Similarly, in the conceptual analogies task, we used the same
conceptual relations as in the original design with some
modification of objects (e.g., playdough was replaced with a
log; see Figure 1, right panel) and two fewer foil options.

Unlike Goswami and Brown (1990), we did not use
perceptual matches and our foil options were always the same
object as the object depicted in C but with different physical
transformations. The reduction of foil options from four to
three for spatial analogies, and from five to three for
conceptual analogies, was intended to make the tasks less
difficult for young children who may not easily make the
necessary comparisons across all foil options. The relations
used across practice, spatial, and conceptual trials are listed
in Table A1 and shown in Figure A1 in the Appendix.

Procedure
The two tasks were presented in a counterbalanced order,
with half of the participants performing the conceptual
analogies first, and half performing the spatial analogies first.
During the study, the child was seated at a desk facing the
binder either in the lab testing room or a quiet space in a
preschool classroom. The task was introduced to children as
a game where they would find pictures to make patterns. On
every trial the experimenter said, “Look at this pattern” while
pointing to A and B. Then the experimenter pointed to the
response options and said, “Which picture goes best here
[pointing to the empty box] to complete the pattern?”
Each session began with five practice trials, presented in
the same order to all participants. During the practice trials,
if the child made an error, the experimenter pointed out the
correct response and explained the reasoning to ensure the
child understood the goal of the task. For example, if a child
missed the practice trial shown in Figure 1, the experimenter
would point to the pictures and say, “Look, if the dog goes
with the puppy, then the cat should go best with what?” The
child was allowed to choose again, and if the choice was still
incorrect, the experimenter would say “If the dog goes with
the puppy, then the cat goes best with the kitten” while
pointing to the corresponding pictures.
After the practice trials, the experimenter next presented
the spatial analogies trials, followed by the conceptual
analogies trials (or vice versa for the other counterbalanced
order). Within each type of analogy, trials were presented in
either a forward order (shown in Appendix) or a backward
order (reversed), randomly assigned across participants. As
in the practice trials, on each of the test trials the experimenter
said, “Look at this pattern” while pointing to A and B. Then
the experimenter pointed to the response options and said,
“Which picture goes best here [pointing to the empty box] to
complete the pattern?” Unlike the practice trials, the test trials
included no feedback on correctness, but children were
Figure 1.
Sample trials
showing
practice/
taxonomic
(left), spatial
(center), and
conceptual
(right) analogies
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praised for responding. As children made their choices on
each trial, the experimenter marked the choice on a session
sheet for later analysis. Sessions lasted 10-15 minutes.

Results
Table 1 shows descriptive statistics of children’s
performance. As expected, children performed generally
higher on conceptual than spatial analogies. There was a
difference in performance between the orders that was not
predicted, with children who did spatial analogies first
performing overall higher than children who did conceptual
analogies first. For both tasks in both orders, 95% confidence
intervals indicate that children performed above chance (.33).

Discussion

Table 1: Proportion correct across tasks and orders
Order
Conceptual
First (n=19)
Spatial First
(n=19)

Task
Conceptual
Spatial
Overall
Conceptual
Spatial
Overall

M
.49
.39
.43
.53
.45
.48

SD
.16
.13
.10
.18
.17
.13

Figure 3: Probability of correct responses by Age and Task
Type, separately for each Task Order.

95% CI
.42 - .56
.34 - .45
.39 - .47
.45 - .61
.37 - .52
.42 - .54

We addressed a series of research questions with our
analyses. First, we considered whether performance was
correlated across the two different types of analogy tasks,
which would suggest a strong contribution to both from
general analogical reasoning. As shown in Figure 2,
proportion correct was essentially unrelated across
conceptual and spatial analogies (Pearson’s r36 = .06),
providing no support for that
hypothesis. It is possible that a
relation does exist, but we were
unable to detect it due to our
small sample and relatively few
trials per task.
Figure 2: Proportion correct
across Task Type.
Next, we considered whether children did reliably better on
conceptual analogies, and if so, whether completing it first
carried over. We analyzed children’s choices (coding correct
choices as 1 and incorrect choices as 0) across test trials with
a mixed logistic regression model accounting for Task Type
(contrast coded: conceptual, spatial), Order (contrast coded:
conceptual first, spatial first), and Age (mean-centered as a
continuous factor), treating subject as a random effect. Both
Age (b = 1.35, SE = 0.68, χ2(1) = 3.94, p = .047) and Task
Type (b = -0.40, SE = 0.20, χ2(1) = 3.97, p = .046) significantly predicted performance, as shown in Figure 3. The Age
effect reflects a general developmental improvement, and the
Task Type effect indicates better performance on conceptual
versus spatial analogies. Order was not a significant predictor
alone or in interactions (ps > .41), suggesting no benefit from
completing the easier task first.

This study compared young children’s performance across
conceptual and spatial analogies tasks. Our motivation came
from shared characteristics between spatial and analogical
reasoning over development. However, little prior research
has investigated how these skills relate over development.
Our results showed that performance was not correlated
between the two task, suggesting that individual differences
in these tasks primarily reflect children’s knowledge of the
concepts or relations tested, rather than a general ability to
solve analogies. Further, children performed better on the
conceptual analogies than spatial analogies, but that there was
no apparent benefit from completing the easier analogy type
first. Lastly, children’s performance across analogy tasks
generally improved with age.
Overall, our results are consistent with the notion that
young children’s ability to solve analogies relates strongly to
the specific domains being tested (cf. Goswami & Brown,
1990). In order to perform these tasks, children must have at
least basic analogical reasoning abilities. However, if they
lack the knowledge of the concept or relation that forms the
basis of the analogy (e.g., not noticing symmetry, not
recognizing part/whole relations), they will be unable to solve
the task. This idea is consistent with Gentner’s (1988)
relational shift hypothesis, in that children must transition
from focusing on features of objects to thinking about
relations. Rattermann and Gentner (1998a) suggested that
this shift occurs at different times across domains, as children
build domain-specific knowledge. This account, and our
results, contrast with notions that global changes in cognition,
such as increases in executive functioning drive changes in
analogy (e.g., Richland et al., 2006; Thibaut & French, 2016).
Although our results do not suggest a global change in
cognitive abilities that supports analogical reasoning across
domains, the notion of a relational shift in children’s thinking
could connect spatial skills to analogies. Attention to
relations is critical for mature spatial skills, and it is possible
that learning about relations in non-spatial domains could
help children know to look for relations in space. This type
of “learning to learn” phenomenon has been noted in
language acquisition: as toddlers expand their vocabulary,
they learn about regularities in language that help them make
inferences about what new words might mean. This biases
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their attention to certain types of features (e.g., a shape bias
for count nouns) which in turn facilitates learning more words
(Perry & Samuelson, 2011). The timescale of such learning
would be longer than we could observe in a laboratory
session, but perhaps providing children with repeated
exposure to analogies across domains could help facilitate
children’s attention to spatial relations.
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Appendix
As an exploratory question, we asked whether children’s
performance in our modified version of the spatial analogies
task, with the addition of practice trials and the A:B::C:D
format, would facilitate better performance compared to the
standard version. We reasoned that the practice trials could
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help children understand the task goals more clearly.
Additionally, the A:B::C:D format might support children's
performance by highlighting the relevant relation through the
contrast between A and B and also provided two analogical
relations (A to B and A to C) to support identifying the
correct choice for D.
To evaluate this question, we compared mean performance
between our current sample and two previous studies from
our lab. Because the standard version of the task included
four choices, and our modified version included only three,
they differ in levels of chance performance (.25 in the
standard version, .33 in the modified version). We therefore
did not analyze choices using logistic regression, but rather
calculated means, normalizing for different levels of chance.
We normalized scores by taking each child’s proportion
correct minus chance, then dividing by one minus chance,
resulting in scores of 0 for chance performance and 1 for
perfect performance.
Using the normalized scores, children in the current sample
had a mean of .15 (SD=.23) on the modified spatial analogies
task. For comparison, we calculated analogous scores for the
40 children in Miller et al. (2017) and the 55 children in
Miller & Simmering (2018) who all completed the standard
task, resulting in means of .25 (SD=.25) and .18 (SD=.25),
respectively. Inspection of these means indicates that
children in the current study performed numerically worse
than children in the prior studies, leaving no need to
statistically test whether our modifications resulted in higher
performance. This comparison indicates that our speculation
that the current version of spatial analogies would be easier
for children – either through the A:B::C:D structure, or from
the practice trials – was not supported.

Spatial 9
Spatial 10
Spatial 11
Spatial 12
Spatial 13

two objects in vertical mirror image
two different objects facing right
small object in corner of larger object
nested shapes open at bottom
three relative size

Practice

Conceptual

Table A1: Concepts and spatial relations used across trials.
Trial type,
number
Practice 1
Practice 2
Practice 3
Practice 4
Practice 5
Concept 1
Concept 2
Concept 3
Concept 4
Concept 5
Concept 6
Concept 7
Concept 8
Spatial 1
Spatial 2
Spatial 3
Spatial 4
Spatial 5
Spatial 6
Spatial 7
Spatial 8

Spatial

Concept (B/D choices) or spatial relation
offspring (puppy/kitten)
official vehicle (police car/firetruck)
clothing for body part (sock/glove)
utensil (paintbrush/toothbrush)
clothing for season (swim/winter wear)
burning (candle/paper)
dirty (dog/jeans)
closed (door/box)
wet (car/dog)
cut (log/apple)
off (TV/lamp)
melted (chocolate/snowman)
broken (bulb/egg)
two partially overlapping
two relative size
small object above larger objects
multiple objects stacked in triangle
two vertically aligned objects
two objects, one up-side down
two next to and touching
two objects in horizontal mirror image

Figure A1. Images from all
trials, ordered as in Table A1.
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Abstract

especially in complex referential scenes where more competitors next to the target are available in the visual context.

Listener gaze can predict reference resolution as it reflects
listeners’ understanding. Further, speakers commonly refer
in installments to co-present objects by providing a description incrementally. Here, we investigate whether listener gaze
could be utilized to refer incrementally, in spoken installments.
Specifically, we implemented a system that generates instructions, describes objects, and reacts to listener gaze with verbal
feedback. We compared unambiguous vs. ambiguous instructions supplemented by two levels of feedback specificity: either underspecified (“No, not that one!”) or more informative,
contrastive responses (“Further left!”). Our findings show that
ambiguous instructions with underspecified feedback did not
benefit task performance. In contrast, ambiguous instructions
with contrastive feedback (referring in installments) resulted in
more efficient interactions. Moreover, this strategy even outperformed the one providing unambiguous instructions.
Keywords: Human-Machine Interaction, Listener Gaze, Referring in Installments, Reference Resolution, Gaze-sensitive
Feedback

Introduction
Reference resolution plays an important role in achieving
communicative success in situated task-oriented interaction.
A spoken utterance in natural language is usually not interpreted in isolation but other non-verbal channels are considered to reflect understanding (Clark & Krych, 2004; Hanna &
Brennan, 2007; Brown-Schmidt, 2012). Specifically, listener
gaze can reflect reference resolution because listeners look at
those objects present in the visual context that they believe a
speaker refers to (Tanenhaus, Spivey-Knowlton, Eberhard, &
Sedivy, 1995). In the present work, we further examine how
an artificial speaker can make use of this in order to make
instruction-giving more efficient.
In human-machine interaction, Garoufi, Staudte, Koller,
and Crocker (2016) showed that exploiting listener gaze benefits interactions with a natural language generation (NLG)
system. The NLG system gave instructions to guide a human
listener through a virtual maze and to refer to specific buttons
to be pressed. Additionally, the system provided verbal feedback on the basis of button inspections to confirm or reject
these without providing any further information. And indeed,
interacting with the gaze-sensitive system led to better performance than interacting with a baseline system without feedback. Koleva, Villalba, Staudte, and Koller (2015) carried
out a follow-up study and investigated automatic prediction of
success of referential resolution by the listener. They demonstrated on the collected corpus that eye tracking features combined with other observational features improve prediction

In human-human interaction, Brennan, Schuhmann, and
Batres (2013) considered outdoor navigation in a real environment and examined the kind of referring expressions and
lexical choice during remote pedestrian guidance. They observed effects of spatial ability as well as a strong degree
of entrainment but did not examine listener gaze. This was
addressed by Koleva, Hoppe, Moniri, Staudte, and Bulling
(2015), who manipulated gaze availability to the speaker during indoor guidance. The speaker monitored listener behavior
by watching a scene video of the walker’s egocentric perspective overlaid with either the true, a perturbed or no gaze cursor. They report no benefit of showing the gaze position to
the human instructor suggesting that speakers are already extremely efficient at producing referring expressions in such a
setup. Yet speakers produced more often negative feedback
instances in the presence of the gaze cursor and in turn listeners showed deliberate use of gaze right before and just after
instructions.
Further evidence from human-human interactions suggests that speakers commonly provide information in subsequent chunks to the listener. Referring to objects in such
chunks has been termed referring in installments (Striegnitz,
Buschmeier, & Kopp, 2012). Installments facilitate the adaptation to changes in the visual context and also to the listener’s
signals. Zarrieß and Schlangen (2016) demonstrated that an
NLG system can make use of such an interaction strategy and
lead to a higher task performance for object identification on
static images. However, currently there is no evidence if listener gaze can be used to apply installments interactively and
how effective such an approach would be for the generation
of referring expressions.
In this paper we address this issue. We designed and implemented an interactive NLG system that describes real-world
objects in complex scenes to a human listener in an assembly scenario. The system monitors listener gaze and uses this
in real-time to provide verbal feedback to object inspections.
We compared two interaction strategies and tested their effectiveness: a) generating a long, UNAMBIGUOUS instruction vs. b) generating a short, AMBIGUOUS instruction followed by gaze-driven feedback. Furthermore, we examined
the impact of feedback specificity by either providing an UN DERSPECIFIED or a CONTRASTIVE response expressing the
spatial relation of the target relative to the 3D position cur-
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rently gazed at. The aim was to assess whether and how the
more informative responses affect the interaction and whether
listeners can actually benefit from the more interactive and
piece-wise delivery of information based on listener gaze.
Our work is related to the work of Eaddy, Blasko, Babcock, and Feiner (2004) who employed an assistance system
and used gaze to tune verbal feedback. Yet no systematic
evaluation is reported and also to what extent the feedback
was automatically generated remains unclear. Their and our
proposed system realize an interaction design of a perceptual
user interface as previously suggested by Turk and Robertson
(2000). Our results connect well to previous findings from
work with virtual environments, namely that an NLG system
is more helpful when providing gaze-driven feedback. Moreover, we show that AMBIGUOUS instructions followed by
CONTRASTIVE feedback (referring in form of installments)
led to more efficient interactions than when they were followed by UNDERSPECIFIED feedback. Surprisingly, the former even outperformed the UNAMBIGUOUS interaction strategy.

GazInG: An interactive NLG system
GazInG is an interactive instruction-giving system that monitors listener gaze and generates proactive spoken feedback
on the basis of object inspections. The system is flexible, extendable and adoptable to other domains due to its
modular design (Figure 1). The InteractionManager is
the core software component. It steers the interaction flow
and is coupled to the EyeSee3D module (Pfeiffer & Renner,
2014) that transfers the real scene into a virtual 3D situation
model and realizes the semantic mapping of object inspections. The InteractionManager has access to the Domain
knowledge, where the characteristics of the real-world objects are stored. The auditory instruction was generated by
the SpeechSynthesizer MaryTTS (Schröder, Charfuelan,
Pammi, & Steiner, 2011). The programming language used
for the implementation of the NLG system is Java, EyeSee3D
is implemented in C++ and JavaScript. The synchronization
of the different modalities is necessary to realize a smooth
situated interaction. They are aligned using multi-threading

and event-based programming. The inspection threshold was
initially set to 300 ms inspired by Garoufi et al. (2016), who
dealt with long distances between the listener and the target.
However, we adjusted it to 200 ms as we are dealing with
short distances and targets close at hand.

Natural Language Generation
NLG heuristics Each object in the workspace (described
in Setup and Apparatus) is composed of two simple building blocks. We applied a heuristic approach to generate an
identifying instruction containing a referring expression that
describes a composed object. The syntactic structure of the
instructions is fixed. An AMBIGUOUS instruction consists of
a main clause describing the bottom object (1). The head
noun is randomly chosen from a set of synonyms suitable
for the type of object. Size and color are included as premodifiers. For the generation of an UNAMBIGUOUS instruction the system extends an AMBIGUOUS instruction with two
post-modifiers: a) a prepositional phrase (PP) or a relative
clause (RelClause) to specify the characteristics of the top
object and b) an adverbial phrase expressing the absolute
viewer-centered position of the target (2). The workspace is
divided into four squares at the back towards the left or the
right and in the front towards the left or the right.
(1)

AMBIGUOUS

“Pick the big red building block!”

(2)

UNAMBIGUOUS “Pick the big red building block
[with the small yellow one on top]a) [at the back towards the left]b) !”

Verbal Feedback The system generates either UNDER SPECIFIED or CONTRASTIVE feedback. Gazing at a target object triggers positive feedback (e.g. “Yes”, “Exactly”
etc.). The consideration of competitor objects elicits negative feedback, either UNDERSPECIFIED (e.g. “No, not that
one!”) or CONTRASTIVE providing relative direction information (e.g. “Further left!”). While UNDERSPECIFIED feedback excludes only the currently inspected competitor, which
may be sufficient for simple scenes with fewer competitors,
CONTRASTIVE feedback not only discards an intention but
directs listeners’ attention towards the target from her current
gaze position. In this way the system avoids inspections of
other competitors until finding the target and implements the
notion of referring in installments.

Experiment
In our experiment we used a mixed factorial design. The InteractionStrategy chosen by the GazInG system was a within
subjects independent variable, i.e. every participant experienced UNAMBIGUOUS and AMBIGUOUS instructions. In contrast, FeedbackSpecificity was manipulated between subjects.
Figure 1: This diagram depicts the modular software architecture of the GazInG system.

Participants Forty-eight participants, mainly students enrolled at Saarland University, took part in the experiment. The
average age of the first group of participants was 25 years
with a range of 19–35 and in the second 24 years with a
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Interaction Strategy
A MBIGUOUS
U NAMBIGUOUS
G ROUP 1
G ROUP 2

Underspecified Feedback
Contrastive Feedback

3D situation model
with proxy geometries

No Feedback
Contrastive Feedback

Table 1: Interaction strategies (blocked) for each group.

range of 20–31. All participants were German native speakers and reported normal or corrected-to-normal vision and no
red-green color blindness. Their participation was compensated with e8 (first group) and e5 (second group) due to the
slightly shorter duration of the experiment.
Procedure Participants were seated in front of the
workspace and were provided with the task description. They
were told to follow the system’s spoken instructions on which
object to grasp next and to team up with the GazInG system
and solve the task together as precisely as possible. After that
participants were equipped with a pair of eye tracking glasses
and a 3-point calibration procedure was carried out. Calibration was repeated between layouts and whenever necessary.
Prior to the experimental part, participants completed a short
practice session in order to familiarize with the task and the
system’s pace. They had to collect three targets among six objects in total. The experimental part consisted of two blocks,
one for each InteractionStrategy (see Table 1). The order was
balanced across participants. In each block (made up of one
layout) eight targets among 20 composed objects in total had
to be identified and selected. The GazInG system did not instruct the listener on how to assemble the building blocks.
However, participants were encouraged to be creative by giving an additional reward to the most creative LEGO model.
Subsequent to finishing one layout, participants filled in a
questionnaire answering questions about their perception and
impressions of the interaction they just experienced. At the
end, they answered questions about the comparison of both
strategies. The duration of the experiment was between 30
and 45 minutes.

Setup and Apparatus
On Figure 2 our setup is depicted. The domain we chose for
our scenario is LEGO DUPLO. It is appropriate for our setup
because the building blocks are of convenient size, allow various combinations and different ways of assembly. We made
use of SMI Eye Tracking Glasses, a binocular head-mounted
eye tracker, to obtain gaze data. The tracker has a high resolution scene camera (1280 x 960) at 24Hz and two eye cameras
recording at 30Hz. The glasses were connected to a notebook on which the EyeSee3D augmented reality software and
the NLG system were running. We used a Dell Precision
M4800 15,6” WORKSTATION with processor I7 4900MQ
at 2.8GHZ and with 16GB RAM. The speech synthesizer was
located on a remote server and accessed by a client-server architecture.

reconstructed
3D gaze ray
Figure 2: Setup: Listener in front of a workspace before any
objects are collected. The target is circled in green and competitors in red. The listener inspects the competitor object to
the left as highlighted in the virtual 3D model. EyeSee3D
is used to reconstruct the gaze ray in 3D (yellow). The target domain is modeled as a 3D situation model with boxes as
proxies for the assembled structures (turquoise).

Analysis
All measures were collected on a per item basis. The overall
performance measure indicating efficiency is the task completion time. Figure 3 illustrates the three phases of the interaction: The duration of the spoken initial instruction, from
speech onset to offset. The search phase being the time interval from instruction offset to the first inspection of the correct
target, which we analyzed by evaluating the eye tracking data.
Though for the UNAMBIGUOUS interaction strategy there is
an overlap and the search is expected to be shorted because it
begins already during listening contrary to the AMBIGUOUS
one. The last phase is the time until a target was grasped.
The language modality was the independent variable and
manipulated throughout the experiment. However, the verbal
feedback varies because it is driven by the gaze behavior of
the listener. Thus we analyzed the number of feedback instances and also the sequential order they occurred, i.e. time
intervals from instruction offset to feedback onset of the first
positive and also first negative feedback instance.
overlap in unambiguous instructions

Instruction

Search

Grasping..

Task Completion
Total Time Time

Figure 3: For the analysis the interaction was divided in three
phases.
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underspecified

underspecified
contrastive
absent
contrastive

absent
contrastive

contrastive

Results
Performance: Task Completion Time
Task completion time indicates efficiency of the communication with the GazInG system. We obtain very high success rates as only few wrong grasps were detected (8.7%).
Our main findings are visualized in Figure 4. Providing
CONTRASTIVE feedback after an UNAMBIGUOUS instruction was beneficial and participants were faster compared
to when feedback was absent (blue line). Moreover, CON TRASTIVE feedback led to better performance in the AM BIGUOUS condition than UNDERSPECIFIED feedback and,
notably, even outperforms the UNAMBIGUOUS interaction
strategy (red line). Specifically, there was a main effect
of FeedbackSpecificity on task completion time revealed by
model comparison (χ2 (1) = 10.513, p < .01). Further, a
significant interaction of InteractionStrategy and FeedbackSpecificity, (χ2 (1) = 19.038, p < .001) was found. Group one
solved the task faster under UNAMBIGUOUS instruction without feedback (M = 14307.44 ms, SD = 8597.188 ms) than under AMBIGUOUS instruction with UNDERSPECIFIED feedback (M = 17557.62 ms, SD = 10441.538 ms). Group two
received CONTRASTIVE feedback in both conditions and the
effect changed its direction, the AMBIGUOUS condition now
led to shorter task completion time (M = 11955.16 ms, SD =
5605.423 ms) compared to the UNAMBIGUOUS one (M =
12745.13 ms, SD = 4745.216 ms).

was shorter in the UNAMBIGUOUS condition because the instructions specify all target characteristics including its position and so the search takes place as an instruction is unfolding. Analogously to the analysis of the performance measures above, we fitted linear mixed-effects models to this
data set and observed main effects of InteractionStrategy
(χ2 (1) = 36.390, p < .001) and FeedbackSpecificity (χ2 (1) =
7.386, p < .01). That is, listeners searched three times longer
following an AMBIGUOUS instruction with UNDERSPECI FIED feedback (M = 7219.720 ms, SD = 8367.127 ms) than
following an UNAMBIGUOUS one (M = 2166.006 ms, SD =
5122.780 ms). Gaze-driven CONTRASTIVE feedback also
significantly shortened this interval. Again, in the UN AMBIGUOUS interaction strategy, listeners inspected the intended target sooner (M = 1264.525 ms, SD = 2207.747 ms)
than in the AMBIGUOUS one (M = 4213.038 ms, SD =
3800.032 ms).
Table 2 summarizes the trial proceeding consisting of 1)
listening to an instruction, 2) visual search, i.e. the time to first
target inspection, and 3) the time until the target is grasped.

Language: Feedback Occurrences
Since group one did not receive any feedback in the UN AMBIGUOUS interaction strategy, there is no comparison between groups for that condition. We analyzed the number of
negative feedback instances which occurred in the AMBIGU OUS condition across groups. To test if there is a significant
difference, we constructed a generalised linear mixed-effects
model (with a logit link function) fitted to FeedbackOccurInitial
Instruction

Listener Gaze: Visual Search Behavior
Further, we took a closer look to the time interval from
instruction offset until finding and inspecting a target,
i.e. search phase (see Figure 5). As expected, this interval

Search

Grasp

Total

G ROUP 1

For the statistical analyses we used the R statistical programming environment (R Core Team, 2014). We ran linear mixed-effects models using the lme4 package in R (Barr,
Levy, Scheepers, & Tily, 2013) and model comparison in
order to determine the influence of InteractionStrategy and
FeedbackSpecificity. All effects were further validated by applying a mixed-design ANOVA (F1 as well as F2 analysis) on
this dataset using the ez package (Lawrence, 2011).

Figure 5: Time span from the instruction offset to the first
target inspection (log transformed with 95% CI - error bars) .

UNAMB .

7213.311

2166.006

4928.122

14307.44

AMB .

2812.840

7219.720

7525.057

17557.62

G ROUP 2

Figure 4: Task completion time from the instruction onset
until the target is grasped (log transformed with 95% CI error bars).

UNAMB .

7231.044

1264.525

4249.557

12745.13

AMB .

2800.701

4213.038

4941.424

11955.16

Table 2: A trial consists of three phases (see Figure 3). Here
the mean durations in milliseconds are given.
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FEEDBACK

very smooth

smooth

neutral

rather faltering

very smooth

6

8

smooth

8

13

neutral

6

2

rather faltering

3

1

faltering

1

0

faltering

25

19

13

6

0

AMB. +
Undersp.

UNAMB. +
no feedback

AMB. +
Contr.

UNAMB. +
Contr.

5
Figure 7: Participants’ judgement of the interaction
flow measured on a Likert scale in all four conditions.

Figure 6: Time interval from the instruction offset to the
onsets of the first negative and first positive feedback instances for the AMBIGUOUS InteractionStrategy (log transformed with 95% CI - error bars).
rences with FeedbackSpecificity as a fixed effect. Surprisingly, there was no significant difference (β = −0.038, SE =
0.086, z = −0.443, p = .658). Overall there were more positive than negative instances (β = −0.094, SE = 0.048, z =
−1.948, p = .0514). Once the target is identified by the listener, she continues fixating it until it is reached which triggers positive feedback. Negative feedback instances could
occur after a positive feedback instance because listeners turn
quickly to assemble the target. Additionally no neutral fixation position exists such as a fixation cross in the visual
world paradigm. For this reason, we carried out sequential
analysis for the feedback occurrences, i.e. how long after
instruction offset listeners heard negative and positive feedback for the first time. These feedback instances were triggered by the first inspection of a relevant competitor and
of the target respectively and mirror visual search behavior.
Figure 6 depicts the mean time intervals from the instruction offset to the feedback onset for the AMBIGUOUS condition. In line with the expected interaction sequences, positive feedback appeared later than negative feedback, revealed
by a main effect of FeedbackType (χ2 (1) = 123.455, p <
.001). More importantly, this time with FeedbackPresence
as a factor there was a main effect of FeedbackSpecificity
(χ2 (1) = 18.416, p < .001). As expected, for the time to the
first positive feedback instance we observed the same pattern
as for the time to the first fixation. Positive feedback occurred later in the interactions when feedback was UNDER SPECIFIED (M = 10328.157ms, SD = 16912.019ms) compared to when it was CONTRASTIVE (M = 5427.947ms, SD =
5966.655ms). This observation indicates that more informative feedback successfully reduces the search space and the
time until identifying the target. Moreover, the informativity of the feedback similarly influences the time until a competitor fitting the description is inspected. This was revealed
by the investigation of the first negative feedback occurrence: faster competitor consideration under CONTRASTIVE
(M = 1972.350ms, SD = 2683.437ms) than under UNDER SPECIFIED (M = 4067.041ms, SD = 5767.473ms) feedback.

This demonstrates that whenever the listener is expecting a
more informative system response, she uses her gaze more
deliberately in order to get an useful message and be able to
progress in the task.

Perception: Questionnaires
Independent of InteractionStrategy, the interactions with the
GazInG system were judged as natural and participants would
be ready to use such a system in their daily life when assembling something. Listeners rated gaze-driven feedback to be
helpful and not confusing. Altogether the system was well
perceived in terms of pace and flow, which validates our design and choice of system parameters. Further, we assessed
which InteractionStrategy they preferred. Interestingly, both
groups voted for the one providing UNAMBIGUOUS instruction, even though participants in the second group, who experienced the AMBIGUOUS instructions with CONTRASTIVE
feedback (referring in installments strategy), were more efficient. However, the interaction flow for AMBIGUOUS instructions with CONTRASTIVE feedback was judged to be better than with UNDERSPECIFIED feedback (as illustrated on
Figure 7). The former was rated as smooth or very smooth
by 75% (third bar) as opposed to the latter only 58% (first
bar). The interaction flow for the UNAMBIGUOUS strategy
followed by CONTRASTIVE feedback was similar AMBIGU OUS instruction followed by CONTRASTIVE feedback (rated
as smooth or very smooth by 79% of the participants (fourth
bar)). This shows that distributing the information in installments (partial instruction with gaze-driven feedback) is perceived as smooth as to follow UNAMBIGUOUS instructions.

Discussion
There is some evidence that human instruction givers may
not benefit from the availability of listener gaze, at least in
such a specific setting, with listener gaze projected as a cursor
(Koleva, Hoppe, et al., 2015). In contrast, an artificial speaker
(NLG system) can effectively exploit listener gaze for feedback generation in real environments. Thus, our results are
in line with the previous finding from virtual environments
(Garoufi et al., 2016), showing that providing verbal feedback after UNAMBIGUOUS instructions shortened interaction
time compared to when feedback was absent.
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Furthermore, we provide evidence that an NLG system can
use listener gaze to refer to objects efficiently, in installments,
by increasing the informativity of the gaze-driven feedback.
That is, CONTRASTIVE feedback shortened task completion
time and visual search. After an AMBIGUOUS instruction, listeners inspected the target object sooner with CONTRASTIVE
than with UNDERSPECIFIED feedback. This indicates that the
former eliminated wrong intentions faster and, thus, narrowed
down the search for the target. Interestingly, the first inspection of a competitor object also occurred sooner when feedback was CONTRASTIVE. We interpret this to reflect a more
deliberate use of gaze by the listener, driven by the expectation of eliciting a more informative response from the system.
It could further be argued that giving an AMBIGUOUS instruction is rather unnatural and awkward, especially in overloaded scenes with many competitors. However, providing
the listener with supplementary information in form of proactive gaze-driven feedback turns out to be even more efficient
than following a possibly more natural, UNAMBIGUOUS instructions (significant interaction of InteractionStrategy and
FeedbackSpecificity). It is possible that following a long and
exhaustive instruction is more demanding due to memorizing
the many details of the object description at once. However,
the perception results revealed that participants still preferred
UNAMBIGUOUS instructions. We interpret this dichotomy to
indicate that listeners were simply more self confident in the
UNAMBIGUOUS condition about their choices of target objects. Additionally, with AMBIGUOUS instructions, listeners
had to actively engage with the system in order to progress
the interaction and identify the target. The UNAMBIGUOUS
instruction, in contrast, allowed them to be more passive and
wait until all relevant information was gathered. Such a behavior may also contribute to perceiving the UNAMBIGUOUS
condition as more convenient – despite being less efficient.

Conclusion
Our work provides evidence that listeners (in HumanComputer Interaction) benefit from an interactive and piecewise delivery of information, namely in form of installments
consisting of a partial instruction combined with feedback
based on listener gaze. Specifically, we implemented an interactive NLG system and conducted an experiment to investigate the usefulness of gaze-driven feedback after (non)exhaustive descriptions. In this experiment, we examined
UNAMBIGUOUS vs. AMBIGUOUS instructions: the former
supplemented with no or CONTRASTIVE, and the latter supplemented with UNDERSPECIFIED or CONTRASTIVE feedback. Our results are related to previous research and further reveal that AMBIGUOUS instructions with UNDERSPEC IFIED feedback were less efficient than UNAMBIGUOUS instructions. However, the combination of AMBIGUOUS instruction with CONTRASTIVE feedback (referring in installments) was significantly more efficient and, in fact, even outperformed the UNAMBIGUOUS interaction strategy providing
all the information needed to identify a target at once.
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Schröder, M., Charfuelan, M., Pammi, S., & Steiner, I. (2011, 8).
Open source voice creation toolkit for the MARY TTS Platform. In Proceedings of Interspeech 2011. ISCA.
Striegnitz, K., Buschmeier, H., & Kopp, S. (2012). Referring in
installments: A corpus study of spoken object references in
an interactive virtual environment. In Proceedings of the 7th
International Natural Language Generation Conference (pp.
12–16).
Tanenhaus, M. K., Spivey-Knowlton, M., Eberhard, K., & Sedivy,
J. (1995). Integration of visual and linguistic information in
spoken language comprehension. Science, 268(5217), 1632–
1634.
Turk, M., & Robertson, G. (2000, March). Perceptual user interfaces
(introduction). Commun. ACM, 43(3), 32–34.
Zarrieß, S., & Schlangen, D. (2016). Easy things first: Installments
improve referring expression generation for objects in photographs. In Proceedings of the 54th Annual Meeting of the
Association for Computational Linguistics (ACL 2016).

2127

Pupillometry and Multimodal Processing of Beat Gesture and Pitch Accent:
The Eye’s Hole is Greater than the Sum of its Parts
Laura M. Morett (lmorett@ua.edu)
1

1

Department of Educational Studies in Psychology, Research Methodology, and Counseling
University of Alabama, Tuscaloosa, AL, 35401

Jennifer Roche (jroche3@kent.edu)
2

2

School of Health Sciences
Kent, OH 44242

Scott H. Fraundorf (sfraundo@pitt.edu)
3

3

Department of Psychology and Learning Research and Development Center
University of Pittsburgh, Pittsburgh, PA 15213

James C. McPartland (james.mcpartland@yale.edu)
4

4

Yale Child Study Center
New Haven, CT 06520

Abstract

should increase cognitive load because the combination
requires more attentional resources to process than either
alone; thus, fewer cognitive resources are available to
devote to concurrent tasks. The current study evaluates these
two possibilities by investigating how pupil size, an implicit
measure of cognitive load, differs during comprehension of
speech accompanied (or unaccompanied) by gesture.

This study investigated how beat gesture and pitch accent
affect the cognitive load of listeners during language
comprehension. Evidence from pupillometry and dwell time
indicated that more cognitive resources were required to
process the combination of these cues than their absence, and
they suggest that beat gesture may have required more
cognitive resources to process than pitch accent. Additionally,
pupil size positively correlated with reaction time and
decreased as the task progressed, demonstrating its usefulness
as a measure of cognitive processing. These results indicate
that viewing gesture in conjunction with speech may increase
cognitive load during language processing, and that this
increased load may result in enriched representations.

Gesture’s impact on cognitive load

Keywords: beat gesture; pitch accent; cognitive load;
language comprehension; visual world; pupillometry

Introduction
How does gesture that occurs with speech (co-speech
gesture) affect the amount of mental effort (cognitive load)
used during language processing? One prominent theory,
advanced by Susan Goldin-Meadow and her colleagues
(e.g., Goldin-Meadow, 2003), posits that gesture reduces
cognitive load, freeing up cognitive resources for use in
concurrent tasks such as speech production or problem
solving. To date, most research examining gesture’s effect
on cognitive load has examined how gesture production
affects cognitive task performance in speakers; only limited
research has examined how gesture viewing affects
cognition in listeners. One possibility that is consistent with
Goldin-Meadow’s hypothesis is that gesture viewing
reduces cognitive load in comprehenders, similar to gesture
production’s effect on speakers, allowing comprehenders to
devote more cognitive resources to concurrent tasks. We
contrast this view with a novel alternative positing that
combined gesture and speech require more cognitive
resources to process than either alone. According to this
alternative, viewing gesture in conjunction with speech

Consistent with Goldin-Meadow’s hypothesis, there is
evidence that gesture production reduces speakers’
cognitive load. For example, relative to not gesturing,
gesturing while solving math problems improves memory
for lists of words, letters, and grids presented prior to the
problems (e.g., Wagner, Nussbaum, & Goldin-Meadow,
2004). Moreover, inhibition of gesture production impairs
resolution of tip-of-the-tongue states (Frick-Horbury, 2002;
Frick-Horbury & Guttentag, 1998), whereas gesture
production facilitates it (Lucero, Zaharchuk, & Casasanto,
2014). Individuals with low working memory capacity
produce more gestures during narrative recall than
individuals with high working memory capacity (Gillespie,
James, Federmeier, & Watson, 2014), and gesture
production while solving math problems enhances recall of
letters presented beforehand in individuals with low
working memory capacity but not high working memory
capacity (Marstaller & Burianová, 2013). These findings
indicate that gesture production lightens cognitive load via
physical action that enhances information processing,
supporting Goldin-Meadow’s hypothesis.
There is also evidence that gesture viewing facilitates
cognition. For example, viewing teachers’ gestures scaffolds
learning of complex mathematical concepts such as
equivalence and slope (Alibali & Nathan, 2007; Valenzeno,
Alibali, & Klatzky, 2003), as well as L2 vocabulary
1

2128

(Lazaraton, 2004). Moreover, work in which participants
memorize lists of words from their native language
(Igualada, Esteve-Gilbert, & Prieto, 2017; So, Chen-Hui, &
Wei-Shan, 2012) or a novel second language (Allen, 1995;
Bergmann & Macedonia, 2013; Kelly, McDevitt, & Esch,
2009; Kushch, Igualada, & Prieto, 2018; Macedonia,
Müller, & Friederici, 2010; K.M. Mayer et al., 2015; Porter,
2012; Tellier, 2008) indicates that viewing gesture enhances
memory for words (see Krönke et al., 2013 and Rowe, R.D.
Silverman, & Mullin, 2013, for exceptions). Because all of
this work examines how gesture viewing affects learning
and long-term memory, however, it is less clear how it
affects cognitive load in particular. Thus, additional
investigation of gesture viewing’s impact on real-time
processing is needed to determine how it affects
comprehenders’ cognitive load during language processing.
Mechanistically, theories such as Dual Coding (Paivio,
1991) and Multimedia Learning (R.E. Mayer, 2002) posit
that visual and verbal information are processed via
complementary channels. Thus, these theories predict that
processing conceptually-related information by viewing
gesture and hearing speech simultaneously should not
increase comprehenders’ cognitive load beyond that
required to process either cue alone. An alternative,
described by the Split-Attention Effect (R.E. Mayer &
Moreno, 1998), is that processing simultaneous redundant
visual and verbal information requires greater attentional
resources than processing information in either form alone.
If this hypothesis is correct, comprehenders’ cognitive load
should be increased by processing gesture and speech
simultaneously because this task requires division of
attention between the two modalities. In each case, the
presence of both visual and verbal information might result
in enriched representations over the long term, but the realtime consequences for cognitive processing would differ.

Cues to emphasis
This study focuses on beat gesture, simple rhythmic body
movements produced concurrently with speech. We
examine beat gesture because, unlike other types of gesture,
it has a singular purpose: to convey emphasis (McNeill,
1992; 2005). Beat gesture is closely related to pitch accent,
a phonological construct that is realized acoustically as
changes in the fundamental frequency, duration, and
intensity of speech (Ladd, 1996): The timing of beat gesture
is closely synchronized with the timing of pitch accent in
production (Leonard & Cummins, 2011; Roustan & Dohen
2010), and words accompanied by beat gesture are more
likely to be perceived as pitch accented than words
unaccompanied by beat gesture (Krahmer & Swerts, 2007).
Because beat gesture is closely related to pitch accent, it
provides an opportunity to test whether providing similar
information across modalities reduces or increases listeners’
cognitive load during real-time language comprehension.
Unlike previous work examining gesture production’s
impact on cognitive load, which measured memory for lists
of items unrelated to the main task, this study used pupil

size (i.e., pupillometry) as its dependent variable. When
other factors known to affect pupil size (e.g., luminance,
attractiveness) are controlled, pupil size provides a direct,
implicit, and real-time measure of attention and cognitive
processing effort (Laeng, Sirois, & Gredeback, 2012). Thus,
it is ideal for determining the cognitive load imposed by
viewing gesture during language comprehension.
To our knowledge, this study is the first to use
pupillometry to examine gesture’s impact on cognitive load
during language processing. Previous work has shown that
listeners’ pupil size decreases when processing sentences in
which pitch accent is used contrastively (e.g., Did Anne buy
an umbrella? No, Jenny did.), as opposed to sentences in
which pitch accent is not used contrastively when it would
be appropriate to do so (Zellin, Pannekamp, Toepel, & van
der Meer, 2011). No such difference in pupil size was found
for sentences with presentational pitch accent (e.g., Who
bought an umbrella? Jenny did.), suggesting that contrastive
pitch accent reduces comprehenders’ cognitive load when
used appropriately. This finding is consistent with work
demonstrating that pupil size reflects the difficulty of
interpreting other linguistic cues, such as connectives,
during real-time sentence comprehension (Demberg &
Sayeed, 2016). Moreover, it is consistent with work using
other measures of processing, such as reaction time and
grammaticality decisions, indicating that some linguistic
structures and cues require more cognitive resources to
process than others (Gibson, 1998; Lewis, Vashisth, & van
Dyke, 2006; Wagers, Lau, & Phillips, 2009). In light of the
close relationship between pitch accent and beat gesture, the
findings of Zellin et al. (2011) suggest that pupillometry
may be sensitive to gesture’s impact on comprehenders’
cognitive load during language processing, and thus should
reflect the cognitive effort required to integrate gesture with
speech.
To elucidate how beat gesture and pitch accent contribute
to cognitive load individually and conjointly, we examined
how pupil size differed when these cues were manipulated
independently. To examine these processes in online
reference resolution, we incorporated video stimuli into a
visual world paradigm in which participants followed
spoken instructions to interact with objects in a display.
Similar tasks have been used successfully to examine how
representational gesture is integrated with speech (L.B.
Silverman, Bennetto, Campana, & Tanenhaus, 2010), how
pitch accent affects sentence interpretation (Dahan,
Tanenhaus, & Chambers, 2002; Ito & Speer, 2008; Watson,
Tanenhaus, & Gunlogson, 2008), and how pitch accent
affects cognitive load during language processing (Demberg
& Sayeed, 2016). One possibility is that the combination of
beat gesture and contrastive pitch accent recruits more
cognitive resources than the absence of these cues. If this is
the case, pupil size should be larger in trials with both beat
gesture and contrastive pitch accent than in other trials.
Additionally, we expected that pupil size would decrease
over time and that increases in reaction time would predict
increases in pupil size.
2
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Method

Table 1: Experimental design (excluding practice trials).
Type
Context
Critical
Critical
Critical
Critical
Filler
Filler

Participants
Forty adults were recruited from the New Haven community
to participate in this study and a related electrophysiological
study in return for $25 compensation. All participants had
normal hearing and normal or corrected-to-normal vision,
and were not colorblind. Additionally, participants were
screened for factors affecting pupil dilation (e.g., psychiatric
and neurological disorders, drug consumption, medication).

Materials
A total of 656 sentences conveying simple instructions were
audio recorded for this study (see 1a-2b for examples). 16 of
these sentences were used for practice trials, and 640 were
used for experimental trials. For both practice and
experimental sets, half of the sentences were context
sentences (1a), in which both the adjective and the noun had
standard presentational pitch accents (PPA, H* in the ToBI
system for intonational transcription of English; K.
Silverman et al. 1992). The other half of the trials were
continuation sentences, in which pitch accenting was
manipulated on either the adjective or noun. Half of the
continuation sentences were critical sentences, in which
pitch accenting was manipulated on the adjective (2a), and
half were filler sentences, in which pitch accenting was
manipulated on the noun (2b). In critical sentences, the color
adjective always differed from that of the preceding context
sentence, and the noun was either the same or different,
which was not pertinent to this analysis but was pertinent to
another analysis. In half of the critical sentences, the
adjective had contrastive pitch accenting (CPA; L+H* in
ToBI), and in the other half, the adjective had PPA.
Adjectives with CPA and PPA were spliced into identical
carrier sentences (in which the original adjectives had PPA)
to control the acoustic realization of the rest of the sentence.
Similar to critical sentences, in half of filler sentences, the
noun had CPA, and in the other half, the noun had PPA.
Filler sentences were not spliced because eye gaze data were
not examined during them. Table 1 summarizes the
experimental design.
1a. Context: Click on the blue triangle.
2a. Critical: Now click on the red triangle/square.
2b. Filler: Now click on the blue square/triangle.

Contrast
N/A
Adj, both
Adj, both
Adj, both
Adj, both
Noun
Neither

Accent
PPA
CPA
PPA
CPA
PPA
CPA
PPA

Gesture
None
Beat
Beat
None
None
Beat
None

Trials
320
40
40
40
40
80
80

was always paired with the same video. Filler videos were
constructed to maintain the association between beat gesture
and pitch accent present in natural speech, such that beat
gesture appeared with the noun in videos accompanying
sentences with a contrastive pitch accent on the noun, but
beat gesture was absent in videos accompanying fillers
without a contrastive pitch accent.
All videos were recorded separately from audio and were
aligned temporally with audio in post-production. A total of
64 colored shapes (8 colors x 8 shapes) were created for use
in arrays accompanying audio and video stimuli. During the
experiment, videos were presented centrally with a circular
mask, and shapes were positioned equidistant from the
center of the screen in a square configuration (see Figure 1).

Procedure
Before beginning the experimental task, participants were
seated 55-56 cm from the screen (35° 55’ 0.32” visual
angle). Gaze was calibrated to within 0.5° of visual angle
using 13 points of reference. Drift checks and recalibration
were performed between experimental trial blocks.
At the beginning of the experimental task, participants
were told that it tested their ability to follow instructions.
Participants were instructed to respond to all instructions
issued in the paradigm by clicking on the appropriate shape.
In the event they clicked on the wrong shape, participants
were instructed to click on the correct shape to proceed. All
responses for critical experimental trials were correct.
To become familiar with the task, participants first
completed a practice phase of 8 trials. Participants then
proceeded to the experimental phase, which consisted of
four blocks of 40 trials. In both phases, critical and filler

840 videos of a model producing the sentences described
above were recorded to accompany them. 40 of these videos
were used for practice trials, and 800 were used for
experimental trials. 336 of these videos, which accompanied
context sentences, did not contain beat gestures. In the other
504 videos, which accompanied continuation sentences,
beat gesture was either present or absent in conjunction with
either the adjective or noun. Two videos were recorded to
accompany each critical sentence. In one of these videos,
beat gesture was present in conjunction with the adjective;
in the other, beat gesture was absent. Each filler sentence

Figure 1: Schematic of screen configuration.
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trials were randomly intermixed. In each trial, an array of
shapes appeared and a video began playing, and the context
sentence was presented aurally after a 200 ms delay. This
configuration ensured that the apex of the beat gesture
occurred 200 ms prior to the onset of the corresponding
word, which is consistent with the timing of gesture
production relative to speech (Morrel-Samuels & Krauss,
1992) and perceptual biases for gesture relative to speech
(Leonard & Cummins, 2011). Following a correct response,
the video was replaced by a gray circular placeholder for
1000 ms while the array of shapes remained on screen.
Subsequently, the sequence repeated with the continuation
sentence and corresponding video. Following a correct
response, the trial ended and, after a blank screen was
displayed for 1000 ms, a new trial began. Gaze data was
collected remotely from the right eye at a 500 Hz sampling
rate using an EyeLink 1000 eyetracker. Additionally,
response latency and accuracy data were collected.

target shape location. This manipulation check was
conducted to ensure that participants were attending to the
gestures, as reflected in greater dwell times on the video.
This model evaluated dwell time (DV) as a function of
emphasis (Beat + CPA, Beat, CPA, No Emphasis), interest
area (Video or Target Shape), and their interaction as fixed
effects (marginal R = .22, condition R = .54). A significant
main effect of interest area indicated participants spent more
time looking at Videos than Target Shapes, (B = .91, t =
5.51, p < .001). There was also a marginal difference
between Beat + CPA and No Emphasis; participants spent
marginally more time looking at Videos as well as Target
Shapes when both beat gesture and CPA were present than
when both of these cues were absent, (B = -.06, t = -1.68, p
= 0.09). This suggests that more cognitive resources may be
recruited to process the combination of beat gesture and
CPA than neither cue to emphasis. To further test this
hypothesis, the next model evaluated changes in pupil size
by emphasis, time, and reaction time.
2
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Measures
Dwell Time has been used as a measure of cognitive
processing effort, with longer dwell times indicating greater
effort (e.g., Ehrlich & Rayner, 1981; Rayner & Duffy,
1986). This measure refers to the average length of time the
participant looks at particular interest areas—in this case,
the gesture video and the target shape—as the participant
hears the continuation sentence unfolding over time. This
measure was used as a manipulation check, as it was
expected that participants would look longer at the video
because it was centrally-presented and dynamic.
Pupil Size, or pupillometry, is a measure that reflects nonvolitional cognitive processing effort and attention (Laeng,
Sirois, & Gredeback, 2012). Because pupil size can be
influenced by light levels, we kept the ambient light
consistent across trials, standardized video luminance (0.340.76 IRE), and counterbalanced shape arrays across trials to
control for any differences in luminance. Pupil size was
standardized because Eyelink’s software measures pupil
size variation in units derived from eye-to-camera distance
rather than in standard units of measurement (e.g., mm).

Model 2: Changes in Pupil Size were evaluated by
emphasis, time, and reaction time . In this model, emphasis,
time (trial), and reaction time were set as fixed effects
(marginal R = .02; conditional R = .84). The results
indicated that pupil size was larger in trials with beat gesture
and CPA relative to trials with neither of these cues (B =
0.02, t = -2.40, p = .02), and marginally larger relative to
trials with CPA but no beat gesture (B = 0.01, t = 1.85, p =
.06; see Table 2 for descriptive statistics). Additionally,
pupil size decreased over time (B = -0.04, t = -15.67, p <
.001), and reaction time was longer in trials with larger
pupil size (B = 0.01, t = 3.41, p < .001).
3
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Discussion
Consistent with our predictions, both viewing beat gesture
and hearing pitch accent increased listeners’ cognitive load,
as evidenced by marginally longer dwell time and larger
pupil size. Of the two cues, beat gesture appeared to be the
larger contributor, given that pupil size was marginally
larger for the combination of beat gesture and CPA relative

1

Table 2: Mean (standard deviation) pupil size by emphasis.
Difference from Beat + CPA: *p ≥ .05; †p ≥ .09

Results
We used linear mixed effect models with the lme4 package
in R to evaluate changes in dwell time (model 1:
manipulation check), and pupillometry (model 2; find R
scripts here: osf.io/fy6wp). Each model implemented the
maximal random effect structure permitting model
convergence, with participant included as the random effect.
Model 1: Dwell Time Manipulation Check evaluated
differences in dwell time to two areas of interest: video and
As reported by Hayes and Petrov (2017), Eyelink Dataviewer
software calculates pupil size to “form a ratio scale that is layoutdependent of proportionality to millimeters” (p. 5).

1

Emphasis
Beat + CPA
Beat
CPA
No Emphasis

Pupil Size
274.95 (88.47)
273.55 (88.45)
271.48 (86.04)†
269.53 (88.21)*

Because this effect was found for looks to the target shape as well
as the video and was not found for beat gesture alone, it is unlikely
that it is driven solely by the motion associated with beat gesture.
Reaction time was evaluated because it is another measure
sometimes used to measure cognitive load (Barrouillet et al.,
2007). Additionally, reaction time was independently evaluated
and produced no significant effects of emphasis type.

2

3
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to CPA alone, and that there was no difference in pupil size
between the combination of beat gesture and CPA and beat
gesture alone.
Considered together, these results suggest that emphasis
conveyed via both beat gesture and contrastive pitch accent
requires more cognitive resources to process than emphasis
conveyed via CPA alone. This finding is consistent with the
Split-Attention Effect (Mayer & Moreno, 1998), suggesting
that simultaneous occurrence of cues to emphasis in the
visual and verbal modalities may initially tax listeners’
cognitive resources, increasing cognitive load relative to
either type of cue alone. Importantly, previous work
demonstrates superior memory for verbal information
accompanied by both beat gesture and CPA relative to
information accompanied only by contrastive pitch accent
when both cues are present in some cases, but not others
(Kushch & Prieto, 2016; Morett & Fraundorf, 2016). Thus,
the additional cognitive resources necessary to process both
beat gesture and CPA may result in enriched memory traces,
consistent with the predictions of Dual Coding and
Multimedia Learning Theories and “Desirable Difficulty”
theories of memory (e.g., Schmidt & Bjork, 1992).
Notably, this study was the first to use pupillometry to
examine how viewing gesture affects listeners’ cognitive
load during real-time language comprehension. The results
indicate that changes in pupil size provide a reliable
measure of processing effort, given that pupil size and
reaction time were positively related (i.e., longer reaction
time was associated with increased pupil size). Furthermore,
as the task progressed, pupil size decreased, suggesting that
cognitive processing increased in efficiency with repetition.
Considered in conjunction with the findings of other work
using pupillometry to examine variation in cognitive load
during language processing (Demberg & Sayeed, 2016;
Zellin et al., 2011), this work demonstrates that
pupillometry provides insight into the use of cognitive
resources during real-time gesture-speech integration.
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Abstract

comparison to a flashcard method (which is essentially the
same, except the entire answer is shown), or a learning-bytesting method (which is the same but with the response completely blank) may come in several ways. First, it is framed as
a game, and so may be intrinsically more enjoyable or engaging (Veinott et al., 2013, 2014). Second, it provides an orthographic route to solving the clue. This may help either focus
the student on exact spelling, or help produce strong and more
resilient representations because of orthographic processing.
Finally, it can be adaptive, and so have the possibility to benefit students of different levels–if the response cannot be made
from the clue alone, the student gets another chance once additional crossing letters are shown.

Word games such as crossword puzzles are widely used in education to help familiarize students with technical vocabulary.
Despite an extensive literature discussing their use, few published research articles have established their effectiveness on
memory retention and retrieval, especially in comparison to
control study methods. We report two experiments in which
university introductory psychology students studied materials
relevant to their coursework using an on-line interactive word
game. Results showed that word games improved later tests of
the material, both on immediate test and after a delay, and retention was most enhanced in comparison to control when the
clues were solved repeatedly and given with difficult orthographic hints. Importantly, easy clues were not retained over
time even with multiple repetitions. Results suggest that word
games can be effective in this domain, but it depends on how
they are implemented, and several factors predicted by existing
cognitive theory can guide implementation choices.
Keywords: word games; learning; retrieval practice

An extensive body of research has been published that
describes how word games such as crossword puzzles can
be used to help train students in vocabulary and conceptual
knowledge. Reports describing their use have primarily occurred in two areas: (1) foreign language learning, especially for English as a second language (Thanasuan, 2015;
Thanasuan & Mueller, 2016); (2) discipline-specific training
in technical vocabulary, primarily in scientific disciplines (see
Yuriev, Capuano, & Short, 2016). In both areas, most existing published accounts in academic and educational literature
have focused on how the training was implemented, with relatively few validating their effectiveness.
The cognitive rationale for their use is linked to the processes believed to be involved in solving individual clues (see
Mueller & Thanasuan, 2013; Thanasuan & Mueller, 2015,
2016). In a typical example, a student might be shown a
definition or sentence using a word, such as “The originator of the subtractive method.”, and given some hints about
the letters and/or length of the answer, such as “ O E ”,
with the correct response DONDERS. If this were a pen-andpaper exercise the filled-in letters may only be visible when
the crossing clues are solved. In computerized versions, the
number of letters can be generated randomly. Depending on
how it is implemented, students might be encouraged to look
up answers in their textbook, which gives them opportunities
to learn related information. The potential benefits of this in

Thus, we’d expect the greatest benefits for knowledge domains in which orthography is an important aspect of the
knowledge. This is clear for second-language learning (see
Thanasuan, 2015): students need to learn associations between words in two languages that have similar or identical
meanings but different orthography. A crossword puzzle requires reasoning about both aspects simultaneously, and so it
may support learning and awareness of the specific associations that link L2 orthography to L1 conceptual knowledge,
enabling better second-language abilities. However, the benefit of word games in other academic disciplines is less clear.
Depending on the content and the level of the student, there
may be no need to form strong associations between a concept and a novel surface form. There is a real possibility that
word games provide no general benefit to learning, but students and teachers like them anyway.
Yet the benefits might be substantial in domains with a
large technical vocabulary, such as scientific and medical
disciplines. These domains can present challenges for students, because some may never reach the higher-level scientific thinking goals of the STEM classroom if they don’t understand the vocabulary and low-level conceptual issues that
form the basis for higher-order reasoning. This may especially hamper students who perform more poorly overall, and
so using word games may provide a structured way for introducing complex material that they otherwise find difficult.
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Table 1: Review of research validating the effectiveness of crossword-style word games outside of language learning.
Lead author/year
1. Crossman, 1983
2. Berry, 2008
3. Davis, 2009
4. Gaikwad, 2012
5. Coticone, 2013
6. Yuriev, 2016

Field
Psychology
Athletics
Sociology
Pharmacology
Biochemistry
Chemistry

Control
No
Yes
Yes
Yes
Yes
No

Validation
Pre- vs. Post-test
Course test
In-class exams
Post-test
Final exam scores
Class exams

Review of Validation Studies of Word Games in
scientific and medical disciplines
In technical disciplines such as science and medicine, word
games (typically in the form of custom crossword puzzles) have been frequently proposed as an enjoyable way
to learn vocabulary (e.g. Raines, 2007, 2010). Numerous published accounts, usually in educational practice
journals and discipline-specific publications have described
their use and implementation in the classroom. For example, in social sciences, they have been used in economics (Lin & Dunphy, 2013; Martinez Serna & Parra Azor,
2011); local history (Virgin & Goodrow, 1997); sociology
(Childers, 1996; Davis, Shepherd, & Zwiefelhofer, 2009);
and psychology (Crossman & Crossman, 1983). In physical sciences, they have been used in ecology and earth
science(Armenteros Rius, 1989; Barbarick, 2010; McKenny,
1970). For biological sciences, these include: Berry and
Miller (2008a, 2008b), and Franklin, Peat, and Lewis (2003).
For pharmacology and chemistry, reports include Gaikwad
and Tankhiwale (2012); Coticone (2013); Joag (2014); Lee
and Tse (1994); Most (1993); Snead (1975); Yuriev et al.
(2016) For physiology and medicine, research has often focused on medical students or working nurses (Bailey, Hsu,
& DiCarlo, 1999; Ber, 2003; Gagnon, 1995; Htwe, Sabaridah, Rajyaguru, & Mazidah, 2012; Krekeler & O’Neill,
1983; Manzar & Al-Khusaiby, 2004; Saxena, Nesbitt, Pahwa,
& Mills, 2009; Shah, Lynch, & Macias-Moriarity, 2010;
Talavinia-Pasek, 1995; Townsend, 1990). Interestingly, these
reports have primarily demonstrated ONLY the widespread
use of word games across disciplines. Most of the published
reports simply documented their use and construction, or provided a published puzzle teachers might use in their classes.
In fact, only about 1/3 of the reports we have identified
have studied behavioral consequences of the training in any
way–the majority of which used subjective assessments of
effectiveness. These primarily involve survey methods that
asked learners or teachers whether they enjoyed the activity
or thought that it was effective. Although these types of assessments typically show that learners and educators felt the
games are useful, they do not show they are effective, especially in comparison to a properly controlled alternative study
method. After reviewing more than 100 research papers re-

Testing delay
Weeks
Delayed
Days
Immediate
Delayed
Weeks

Results
Post-test better than pre-test
No improvement
No improvement
Significant improvement
No improvement
Students completing more
games performed better.

porting on the use of crossword games as study aids, and
excluding the research conducted on second-language learning, we found that only six evaluated the effectiveness of the
method on a secondary performance test.
These six publications are shown in Table 1, and constitute all known research looking at the performance impact of
crossword puzzles in non-language courses. Of these, two
studies involved no control group: one showed improvement
versus a pre-test (Crossman & Crossman, 1983) and another
showed that students who elected to complete more puzzles
did better on post-tests (Yuriev et al., 2016). These do not
constitute strong evidence of the effectiveness of the method
because of limitations in the design. Three others (Berry &
Miller, 2008b; Coticone, 2013; Davis et al., 2009) examined the impact of crossword study on a later course test, and
found no systematic improvement in comparison to a control group. In these studies, there was no evidence that word
games harmed learning, which may be useful to know, but
also no evidence they were effective. In fact, Gaikwad and
Tankhiwale (2012) is the only study we have found that used a
proper control condition and found improvements in a knowledge test as a result of study via a crossword puzzle. Thus,
it is fair to say that the effectiveness of word-game training
in science and medical fields has not been widely studied or
consistently established. Consequently, we carried out four
studies designed to test the effectiveness of word games for
scientific vocabulary in a controlled study.

Experiment 1A and 1B: Immediate Testing
Experiment 1 involved two studies carried out during three
sessions of an introductory psychology course, using different materials. The study was approved by the MTU IRB.

Participants
Participants were recruited from an introductory psychology
course at Michigan Technological University, in exchange for
partial course credit. Studies were offered during three different semesters, and participants were able to complete either
or both studies. A total of 65 participants completed Experiment 1A, and 40 completed Study 1B.
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Figure 1: Screenshot of crossword training software. The
clue (Heighten) is shown at the top; the partially-filled response at the bottom (correct response: ADDTO), and time
remaining on the right.

as many of the test questions as they chose to, with all test
questions on the same page. Once they completed the test,
they submitted it for credit. To measure performance, one
full point was given for each response that was identical to
the learned material. For several questions, partial credit of .5
points was given for minor mistakes.

Results

Materials and Design
Experiment 1A and 1B each involved a 2x3 mixed factorial
designs. Training materials were counterbalanced across the
conditions for a total of six counterbalancing groups, to which
participants were randomly assigned. Experiment 1A manipulated feedback (fireworks present/absent) between and practice (control, 1x, 2x) within participant. Experiment 1B manipulated clue difficulty (easy or difficult) between and practice (control, 1x, 3x) within participant.
We developed 90 clues/questions, taken from review materials for the introductory psychology class covering the entire
semester of concepts. In Experiment 1A, 45 clues were selected and divided into three sets of 15 items, which were
counterbalanced across the practice conditions. In addition,
half of the participants were given simple correct/incorrect
feedback when each trial was completed, and a second group
was shown a fireworks animation on correct completion,
which was larger when the response was given faster. Animated feedback was manipulated to see if a more game-like
training would be more effective. All trials began with a
random number of starting letters in the clue, so that some
were more difficult and others were easier. In Experiment
1B, the other 45 clues were selected and counterbalanced
across practice condition. All participants were given the fireworks feedback, but difficulty was manipulated as a betweenparticipants factor with either easy (all but 3 letters were
given) and difficult (only 3 letters were given).

Procedure
Each study was comprised of a single 30-minute session,
which took place on-line at a location of the students choosing. Participants were directed to a web page that provided a
sequence of training links for them to complete, with the last
link leading to a knowledge test.
The training rounds were implemented using on-line word
game software described by Thanasuan and Mueller (2016).
During the training rounds, each clue/response pair was provided on the computer screen, and the answer typically had
several letters filled in (see Figure 1). Participants had 30 seconds to complete each clue, after which they were either told
they were correct, or shown the correct answer.
The final link on the page directed them to a testing page,
which was implemented via a Google Drive form. The test
was comprised of the 45 questions with a free response. The
order of the clues was randomized. Participants completed

Results for Experiments 1A and 1B are shown in Figure
2. For Experiment 1A and 1B, we first examined correct
recall scores with a Type-II factorial ANOVA using the R
package ez (Lawrence, 2016). For Experiment 1A, there
was no significant effect of animated feedback (F(1, 59) =
.34, p = .56, ges = .004), a significant effect of repetition
(F(2, 118) = 105, p < .001, ges = .37), and no significant
interaction (F(2, 118) = .12, p = .88, ges = .0007). In Experiment 1B, although there was no main effect of difficulty
(F(1, 36) = 2.9,p = .098, ges = .048), there were significant
effects of repetition (F(2, 72) = 38, p < .001, ges = .28)
and the difficulty x repetition interaction (F(2, 72) = 3.8,
p = .026, ges = .037). The significant interaction indicates
thatwhen the questions were trained, difficult training was
more effective than easy training.
It is also useful to test whether repetition had an effect in
each difficulty condition in Experiment 1B when control materials were excluded. Post-hoc paired t-tests showed that for
the easy learning condition, improvement was marginally significant as repetitions increased from 1 to 3 times (t(18) =
1.9, p = .069, η2 = .43). In contrast, for the difficult learning
condition, recall increased significantly for the same comparison (t(17) = 3.2, p = .005, η2 = .77).

Discussion
Experiment 1 showed that for immediate testing, both repetition and problem difficulty are important predictors of recall.
In contrast, an animation designed to provide feedback had
no impact on later recall.
The animation may have been ineffective for several reasons; it may be that the game-based aspects of word games
already provide an engaging activity, and so additional aspects do not improve performance further. On the other hand,
it may be that because the fireworks animation had no direct
effect on gameplay, it was ignored and neither enhanced nor
interfered with performance.
The effect of difficulty may appear counter-intuitive, but
is in line with the notion of “desirable difficulty” (Bjork &
Bjork, 2011). Here, the easy problems may not have required
deep semantic search and processing, and so they may not
have left robust memory traces as a side-effect of processing.
Thus, these experiments show that word-game training can be
effective at improving immediate retrieval of vocabulary and
conceptual knowledge in a scientific discipline. Such results
have been only shown once previously.
Although effective learning in immediate testing is a
minimally-sufficient bar, it may have important uses in the
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Figure 2: Results from Experiment 1 (top panel) and 2 (bottom panel). Experiment 1 involved immediate tests of retention, and
varied feedback and orthographic difficulty. Experiment 2 involved the same materials but with delayed testing.
classroom. For example, a brief word game at the beginning of a class session may be used to ensure students have
a short-term familiarity with material, allowing them to follow a deeper lecture or applied lesson that puts those concepts
into use and helps solidify knowledge. However, it would be
more important to show that the knowledge learned during
word games is retained after a delay as well. The difficulty
manipulation we examined in Experiment 1B may be especially relevant. Past researchers have extensively examined
how deeper processing (Craik & Lockhart, 1972) promoted
by more difficult activities (Bjork & Bjork, 2011) not only
enhances recall, but produces more resilient and long-term
knowledge. Thus, we may expect that after a delay, the benefit from the difficult learning will remain, while the benefit
from the easy learning condition will be minimal. Experiment
2A and B were designed to investigate this.

Experiment 2A and 2B: Delayed Testing

duce better performance than the easy learning condition.

Participants
All participants were recruited from a single introductory
psychology class at Michigan Technological University, in
exchange for partial course credit. Participation was voluntary. A total of 77 participants completed Experiment 2A,
and 83 participants completed Experiment 2B.

Design
Both experiments used an identical 2x3 design, with repetition (control, 1x, and 3x) a within-participant variable
and difficulty (easy versus difficult letter clues) a betweenparticipant variable. The only distinction between the two
studies was the materials used, which were identical, respectively, to Experiments 1A and 1B.

Procedure

Experiments 2A and 2B used the same materials as in Experiments 1A and 1B, the same methods as Experiment 1B, but
required testing to be done at least one day after the learning
session. We anticipated that retention would be diminished,
but expected that the difficult learning condition would pro-

The basic procedure was identical to Experiemnts 1A and 1B,
except that once participants completed the training phase of
the study, they were instructed that the testing phase could not
begin until at least one day later. The testing phase was made
available daily to participants who had completed the study
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on previous days, but when they completed it (and whether
they completed it at all), was up to the participant.

Results
Results are shown in the bottom panel of Figure 2. We examined correct recall scores with a Type-II factorial ANOVA
using the R package ez (Lawrence, 2016). For Experiment 2A, there was no significant main effect of difficulty
(F(1, 75) = .82, p = .37, ges = .008), a significant effect of
repetition (F(2, 150) = 14.4, p < .001, ges = .04), and a significant interaction (F(2, 150) = 5.9, p = .0035, ges = .017).
The same pattern was seen in Experiment 2B, for difficulty:
(F(1, 85) = 3.3,p = .07, ges = .028), repetition (F(2, 170) =
5.97, p = .003, ges = .017) and the difficulty x repetition interaction: (F(2, 170) = 5.78, p = .003, ges = .017).
As in Experiment 1, it is also useful to test whether repetition had an effect in each difficulty condition when control
materials were not considered. Post-hoc paired t-tests showed
that in Experiment 2A for the easy learning condition, there
was no significant improvement as repetition increased from
1 to 3 times (t(41) = .59, p = .56, η = .09). In contrast,
for the difficult learning condition, recall increased significantly as repetitions increased from 1 to 3 times (t(34) = 3.2,
p = .003, η = .53). For Experiment 2B in the easy learning condition, there was again no significant effect (t(45) =
.1,p = .9,η2 = .015), but in this case only a marginally significant improvement for the difficult condition as repetitions
increased from 1 to 3 (t(43) = 1.88,p = .066,η2 = .28).

Nevertheless, most existing teaching advice has used a single exposure of a crossword game to train vocabulary. We
found that a single training incident typically produced only
small gains in comparison to control, and gains were only
significant and resilient over time when multiple exposures
were given. This likely stems partly from repetition, but also
because the initial exposures often led to failure to retrieve,
and subsequent exposure lead to opportunities for retrieval
practice. But repeated exposure alone is not sufficient. When
completions were relatively easy, neither single nor repeated
exposure produced substantial improvement in performance,
especially after a delay.
It is perhaps ironic that the learning conditions we found
to be least effective appear to be very similar to the preferred
methods students have for studying: reading term-definition
pairs one time, which gives them the impression that they
know the concept, but does not present the retrieval challenge
that is likely to produce long-term resilient memory traces.
These factors, together with other methods we have yet to
investigate such as using multiple distinct clues, examining
spacing of practice, and using adaptive difficulty, may yield
even stronger benefits.
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Abstract
Computer-based navigation aids support navigation by foregrounding route instructions. Using those aids can have detrimental effects on the ability to orient oneself without assistance. Rather than providing allocentric spatial information
in the form of conventional maps, navigation aids may support another form of human spatial memory that is essentially egocentric. In the present study, visualizations for navigation assistance systems were experimentally varied using
a virtual environment. Effects on wayfinding success and orientation after navigation were investigated. Results show
that dynamic, user-aligned views during navigation (providing spatial directional information to unseen targets) reduced
the risk of making erroneous turning decision during navigation and improved orientation after navigation, in contrast to
view-independent representations with a stable north-aligned coordinate system. It is concluded that user-aligned views
can facilitate the acquisition of egocentric survey knowledge while avoiding representational conflicts during navigation.
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1 Computational

Abstract
Storing knowledge of an agent’s environment in the form of a
probabilistic generative model has been established as a crucial ingredient in a multitude of cognitive tasks. Perception
has been formalised as probabilistic inference over the state of
latent variables, whereas in decision making the model of the
environment is used to predict likely consequences of actions.
Such generative models have earlier been proposed to underlie semantic memory but it remained unclear if this model also
underlies the efficient storage of experiences in episodic memory. We formalise the compression of episodes in the normative framework of information theory and argue that semantic memory provides the distortion function for compression
of experiences. Recent advances and insights from machine
learning allow us to approximate semantic compression in naturalistic domains and contrast the resulting deviations in compressed episodes with memory errors observed in the experimental literature on human memory.
Keywords: semantic memory; episodic memory; memory errors; schema; rate distortion; compression

Introduction
Given the physical constraints on memory resources for the
human brain, verbatim storage of all sensory experience is
unfeasible. The normative framework for analysing this problem is provided by information theory, where efficient compression into memory traces hinges on the agent being able to
prioritise information according to its relevance. In information theory these priorities are represented by the distortion
function, which characterises the degree to which a particular form of distortion of the original experience is acceptable
to the agent. While the distortion function is a critical component of efficient compression, the theory is agnostic about
its specific form. Thus, efficient compression raises the question: What is the appropriate distortion function for human
memory, that is, from a continuous stream of experience, how
does the human brain determine what to remember and what
to forget?
Storing knowledge of an agent’s environment in the form
of a probabilistic generative model has been established as
a crucial ingredient in a multitude of cognitive tasks. Perception can be understood as probabilistic inference over the
states of latent variables, where prior knowledge is integrated
with noisy and ambiguous observations (Kersten, Mamassian, & Yuille, 2004). In decision making, the model of the
environment is used to predict likely consequences of actions,
enabling the agent to find the action policy leading to maximal rewards (Sutton & Barto, 1998). Learning is readily formalised as building a probabilistic model of the environment
based on observations. Following previous research, we consider establishing a statistical model of the environment to be

the domain of semantic memory and formalise it as a probabilistic generative latent variable model of the environment
(Káli & Dayan, 2004; Hemmer & Steyvers, 2009; Nagy &
Orban, 2016).
In addition to maintaining a probabilistic model in semantic memory, previous research has pointed out that retaining rich representations of specific experiences is also necessary (Nagy & Orban, 2016; Kumaran, Hassabis, & McClelland, 2016; Lengyel & Dayan, 2009). This form of memory,
usually termed episodic memory, is an expensive representational format, which requires compression. Here, we are
concerned with the nature of this compression. We argue
that in the case of memory, similar to perception, it is the
inferences regarding the causes underlying sensory experience that is most relevant for the organism, which is precisely
the information captured by the latent variables of semantic
memory. Therefore, the information contained in the latent
variables is what memory should prioritise when resources
are constrained. In formal terms, we propose that semantic
memory underlies the compression of episodes through providing the distortion function for episodic memory, a process
we term semantic compression.
Empirically, the distortion function of an information compressing system becomes apparent in the pattern of memory errors that it produces. In the case of human memory,
an extensive body of work has shown that it is indeed far
from a carbon copy of sensory experience. Rather than being random noise however, memory errors show robust and
systematic biases. Such systematic biases are thought to
reflect rational adaptations to computational resource constraints (Schacter, Guerin, & St Jacques, 2011). Making this
assumption explicit, we formalise semantic compression in
the normative framework of lossy compression. This formalisation provides an opportunity for a unifying normative explanation of a wide variety of memory effects. Recent advances in machine learning yielded efficient tools to learn
generative models of complex stimuli. In this study, we harness these advances to compare biases of humans in a recall
task using naturalistic sketch images with distortions introduced by semantic compression.
In the following, we give a short overview of the theoretical framework we use in formalising semantic compression: we introduce the information theoretical framework for
lossy compression called rate distortion theory, define semantic compression formally, and show how it can be approximated through variational inference, highlighting a recently
developed correspondence with approximate methods in rate
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distortion theory. Then, we argue that semantic compression provides a parsimonious unifying explanation of a wide
range of experimentally observed memory errors. Finally, we
present the results of a computational experiment which addresses biases of humans when they are tasked with reconstruction of earlier sketch drawings (Carmichael, Hogan, &
Walter, 1932).

Framework
Rate distortion theory The branch of information theory
that deals with lossy compression is rate distortion theory
(RDT). Optimal encoding in RDT is based on a knowledge
of the statistics of the data. A central insight of RDT is that in
the case of lossy compression there is no single optimal encoding: a trade-off emerges between the memory resources
that are used for storing a given observation (rate) and the
amount of distortion in the recalled memory. This precludes
a single optimal solution but for any memory capacity constraint, a minimal expected distortion can be established. The
RD curve,
R(D) = In fQ (RQ ), s.t.DQ < D,
which designates the minimal rate for any given distortion,
defines the range of possible optimal encoding schemes for a
given distribution over observations. An equivalent formulation can be obtained for convex RD functions by a constrained
minimisation of the distortion with fixed rate, which can be
formulated using the Lagrangian cost function
L = min D + βR.
Any compression method can be associated with a point on
the RD plane, with optimal algorithms lying on the curve.
Assuming the curve is strictly convex, every point on it can
be identified with a single value of β, which is the local slope
of the curve. Thus, β directly corresponds to a particular point
on the rate-distortion trade-off continuum: for example a high
value of β is associated with strong compression, yielding a
low rate but high distortion.
The distortion term, the cost associated with each possible alteration of the memory trace, is defined as the expected
value of the distortion, d, between the original, x, and the
reconstructed observation, x̂, so that D = Ex [d(x, x̂)]. An optimal lossy compression algorithm will selectively prioritize
information such that alterations that are inconsequential according to this measure are discarded first. However, the distortion measure, d(x, x̂), is left unspecified in RDT.
The most widely used distortion function in the engineering domain is the squared distance of the original and reconstructed images, and has also been recruited in recent
approaches to image compression with generative models
(Ballé, Laparra, & Simoncelli, 2017). While convenient, this
is a poor measure of how the human memory weighs deviations from observations: it can be a good approximation to
other forms of distortions at high rates (i.e. when distortions

are very small), but at low rates (high distortion regime) it results in blurry images severely degrading the identification of
image content.
The information bottleneck (IB) method (Tishby, Fernando, & William, 1999) extends RDT such that it guides the
choice of the distortion function. The IB method introduces
the idea of relevant quantization: they argue that distortion
should be defined by identifying the quantities that we are
interested in. The relevant information is then defined by the
mutual information between the encoding (Z) and the relevant
quantities (Y ) so that the loss to be minimized becomes:
LIB = −I(Z,Y ) + βI(X, Z)
Minimising the IB loss function corresponds to a distortion
measure that prioritizes information proportional to its predictiveness regarding the relevant quantities Y , which is formally equal to the distance between the distribution of the
relevant quantity given the observed data and the distribution of the relevant quantity given the encoding: d(x, x̂) =
KL[p(y|x)||p(y|z)].
The IB method provides an algorithm for optimising the
loss function but it is not feasible to apply to high dimensional
naturalistic data. However, it has recently been shown Alemi,
Fischer, Dillon, and Murphy (2016) that in a variational approximation to the objective, the deep variational information
bottleneck (DVIB), an unsupervised version of the objective
corresponds to the loss function of an approximate generative model called the β-VAE, thus establishing a link between
generative models and rate distortion theory.
Semantic compression Efficient compression is based on
a knowledge of the statistics of the environment. We argue
that semantic memory, viewed as a probabilistic generative
model defined over sensory variables, represents the best estimate the brain has of such environmental statistics. Furthermore, it provides latent variables that are shaped by stimulus statistics, rewards, tasks, and predictive success. These
variables include lower level acoustic or visual features such
as phonemes, or objects as well as abstract concepts such as
what constitutes a good chess move or melody. In addition,
they contain the information relevant for predicting future observations. As a consequence, the latent variables summarize
the relevant part of sensory information for the brain and we
propose that this is precisely the information that should be
prioritised when memory resources are constrained.
In our formalisation, observations correspond to snapshots
of the states of sensory variables at a given time or time interval. Sensory experience is then interpreted through inference
of latent variables, z, which are then encoded as the memory
trace:
ẑ(xobs ) = Oz [p(z | x = xobs )],
where Oz stands for a point estimate of the posterior distribution. Such an estimate formally corresponds to an episodic
memory trace. During recall, since semantic memory is assumed to be a generative model over observed variables, it
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can be used to recreate an experience based on the memory
trace by conditioning on the stored values for latent variables.
This results in a predictive distribution over observable variables, a point estimate of which can be regarded as the representation point for the particular value of the latent:
x̂(xobs ) = Ox [p(x | z = ẑ(xobs ))].
Variational autoencoder Implementing semantic compression requires a probabilistic latent variable generative
model of the domain, where inference can be performed over
the latent variables. Inference, that is calculating the posterior
distribution, is typically intractable for complex generative
models capable of handling naturalistic data, thus necessitating the use of approximations. Variational Bayesian inference is a scalable, generally applicable approach to this problem in which the true posterior distribution is approximated
by a distribution from a simpler distribution family. Once
such a distribution family is chosen, the main goal is to minimise the Kullback-Leibler divergence between the true and
approximate posteriors: argminφ KL(q(z|φ) || p(z|x)). While
this term cannot be computed directly, it can be shown that
maximising the evidence lower bound (ELBO),

L (θ, φ, x) = Ez∼qφ (z|x) (log pθ (x|z)) − KL(qφ (z|x)||pθ (z)),
also minimises the KL divergence. The first term of this objective is often called the reconstruction term, alluding to the
fact that it penalises inaccurate reconstruction of the observation. The second term is usually viewed as a regularisation
term, as it penalises complex conditional posteriors. In a variational autoencoder (VAE) (Kingma, Rezende, Mohamed, &
Welling, 2014), the approximating distribution is typically of
a simple form, such as a Gaussian, which is parametrised via
a neural network.
A further benefit of the VAE is that it allows us to relate semantic compression to rate distortion theory through the correspondence with the unsupervised DVIB. In this correspondence, the reconstruction term is identified with the distortion
D and the capacity limiting regularisation term is identified
with the rate R. The sole difference between the objectives is
that in the DVIB case, the regularisation term of the ELBO
is multiplied by the scalar β, which can be identified with the
β in the Lagrangian form of the RD objective. This variation
has also been introduced with a generative modeling motivation in the form of the β-VAE (Higgins et al., 2017). It is
remarkable that these separate lines of argument lead to the
same objective, and we build on this connection to establish
semantic compression in the normative framework for lossy
compression.

Distortions in human memory
Consequences of semantic compression Storing the states
of latent variables of a semantic world model instead of the
original observations implies specific patterns of memory errors. Here we briefly discuss these errors and contrast them
with those described in the experimental literature on human

memory and argue that semantic compression offers a parsimonious normative explanation for a large variety of memory
errors and biases. Finally, we give a detailed demonstration
of a specific effect observed by Carmichael et al. (1932).
Since encoding of a memory trace corresponds to performing probabilistic inference over the latent variables, semantic
compression implies that the uncertainty in inference affects
the accuracy of the recalled memory trace. Classical memory
experiments have shown that providing even a concise context which aids the interpretation of otherwise strongly ambiguous stimuli can greatly increase retention accuracy. For
example in the study of Bransford and Johnson (1972), prose
passages are presented to subjects that are highly abstract
descriptions of relatively simple situations such as washing
clothes. The high level of abstraction renders the interpretation ambiguous therefore providing a simple context (such
as a topic or a hand drawn image) before, but not after, encoding greatly increases recall score. Similar results for abstract nonsensical drawings were obtained (Bower, Karlin, &
Dueck, 1975), where a short interpretation substantially enhanced recall accuracy.
If the states of latent variables are stored instead of the sensory experience, then experiences attributed to the same latent
state will be confused in memory. For latent variables such as
sound textures, this corresponds to compressing sensory experience into sufficient statistics for the particular stimulus.
This interpretation can be used to explain seemingly paradoxical results in auditory memory (McDermott, Schemitsch, &
Simoncelli, 2013): in a task where audio excerpts have to be
discriminated, the authors found that performance decreases
with excerpt duration when the excerpts have the same sound
texture, even though the key determinant of discrimination,
information content, is strictly increases with excerpt length.
The effect is reversed when the excerpts belong to different
textures.
Due to the fact that the statistical model of a particular
stimulus set provides the basis for optimal compression, the
accuracy of this model affects the efficiency with which the
relevant statistics can be extracted from observations. Expertise in a cognitive domain results in a better estimate of
the observation statistics and in representations that are better
suited to tasks in that domain. As a consequence, recall performance is expected to depend on how well a particular stimulus conforms the environmental statistics. Indeed, Baddeley
(1971) show that word recall performance increases as a function of the order to which the words conform to the statistics
of the English language. Further, in a task where chess table
positions have to be reconstructed by subjects, Gobet and Simon (1996) show that the number of pieces recalled correctly
increases as a function of chess skill, however the difference
between experts and non-experts is reduced for randomised
board positions that do not conform to statistics observed during games.
Recall in semantic compression is a reconstructive process,
where the generative model is conditioned on the stored mem-
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ory trace. In case information about some features were lost
during encoding, semantic memory can complement available information by relying on the prior distributions of these
features. This results in a gist-like reconstruction of the stimuli, where values of not retained features are substituted with
what is likely to have been part of the observation. Good
examples of such false memory effects include the DRM effect (Roediger & McDermott, 1995), where a long list of
strongly related words has to be remembered. On a recognition test where ’lure’ words are presented along with observed words, the authors find that when the lures are strongly
related, they are falsely recognised as often as the originally
presented words. Another example is the boundary extension
effect (Intraub & Richardson, 1989): in a task where subjects have to redraw photographs from memory, they robustly
recall surrounding regions not visible on the presented photograph, filling in unobserved but likely details in the scene.

Figure 1: Learned representation. Some component means
are presented along with samples. Intra-component differences are deemed smaller by the learned distortion function
than inter-component differences, capturing human-like semantic distortions.
Memory for sketches In the following, we present a computational approximation to semantic compression in the domain of sketch-drawings under conditions where memory biases are known to emerge in human observers (Carmichael
et al., 1932). We use this computational model to investigate
whether it can enable efficient compression at multiple rates
along the RD curve and demonstrate how it can explain systematic biases in human memory.
In the classical experiment of Carmichael et al. (1932), intentionally ambiguous hand drawn sketches of objects from
common categories were presented to subjects who were
asked to reproduce these images after a given amount of delay. Two separate groups of participants received different
category names along with the drawings. Depending on the
categorical cue, systematic biases were introduced in reproduced images (Fig. 3b).
As an approximation of the semantic model for sketch
drawings, we use the sketch-rnn architecture (Ha & Eck,
2017) and the β-VAE objective. We trained this model on

a dataset containing millions of sketch drawings of specific
object categories that has recently become available in the
Google QuickDraw dataset (Ha & Eck, 2017). To contrast
distortions introduced by semantic compression with reproduction biases revealed by the Carmichael experiment, we
selected potentially ambiguous object-pairs from the data set
and trained the model on 75000 drawings of each category.
Although the QuickDraw data set contains numerous object
categories and rich naturalistic samples from every category,
characteristics of recording the doodles preclude a large number of object pairs from the analysis. The QuickDraw data
was recorded as part of a web browser game, where subjects had 20 seconds to draw an exemplar of a given category.
However, if the drawing gets to a stage where an algorithm is
able to recognise it as belonging to the provided category, a
new trial is initiated. As a result, the data set contains a large
number of half-finished drawings. Another limitation of the
data set is that participants tend to draw prototypical exemplars of the category thus limiting the variance of the samples
compared to natural hand drawings. This means that some of
the designs appearing in the Carmichael experiment are not
present in the data set and thus the model is oblivious to their
interpretation.
Since training of sketch-rnn is unsupervised, category labels can not be integrated during inference. We introduced
these categories by fitting a mixture of Gaussians (MoG)
model on top of the latent representation. The MoG model
had 40 components with spherical covariances, where the
number of components was chosen to allow separate components for varying drawing styles and drawing methods of
the objects. While it might seem tempting to use a single
component per category, the average of the variations of eyeglass drawings and those of a dumbbell are remarkably close
to each other. The covariance of each component in the data
is not hypothesised to be spherical, this constrained form
was chosen solely to make the parameter estimation feasible.
While the high dimensionality of the latent space precludes
direct visualisation of learned distortions, concepts discovered by the MoG model can be investigated by generating
drawings from each component (Fig. 1). Drawings that belong to the same component are considered close in the semantic representation, therefore the cost of confusing stimuli
coming from the same component is relatively lower than that
across components.
Fitting the model at different β values, corresponding to
different trade-offs between rate and distortion, results in
qualitatively different behaviours (Fig. 2). At high rates, compression behaves similarly to a completely episodic system:
latents attempt to capture idiosyncratic details of the input but
there is very limited generalisation and the semantic model
learned in this regime is not capable of producing realistic unconditional samples. At lower rates, recall becomes similar to
a completely semantic system: it leans increasingly on reconstruction via the predictive semantic model rather than retaining details of the observation. Note, that at an extremely low
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Figure 2: Reconstruction at different rates. a) Top row: value of β. Reconstruction: samples from the model with the given input
in the left column. Generation: samples from the model without inputs. With increasing β, we lower the rate of compression:
in reconstruction, idiosyncratic details of the input are lost. At the same time generation improves but also becomes less
variable, at β = 10 producing one prototypical example. b) Blue curve: theoretical limit for no restrictions on parametric model
family. Red curve: RD curve achievable by restricting posteriors to a parametric family such as in the sketch-rnn model. With
increasing rate, compression is more faithful, while with decreasing rate, details are lost, rectangular shaped eyeglasses turn
into more generic circular shaped ones.
Figure 3: Memory distortions. a) Category information manifest in priors over the memory
trace in the space of the latent Z (red and blue
lines). Combined with the likelihood term provided by the memory trace (grey dotted line) induces biases: recall without category label (grey
dot) becomes distorted (red and blue dots) b)
Examples from Carmichael et al. (1932). Middle column: figures shown to subjects. Left and
right columns: distorted reconstructions by participants who received the corresponding category label. c) Our reconstruction of the memory
distortion using the sketch-rnn model on eyeglasses and dumbbells.
rate (β = 10), latents become independent of the actual observation, generating a likely observation based on the marginal
statistics of the data. This behaviour follows from the fact
that maximum likelihood training and thus the ELBO objective does not give an explicit constraint on the latent representation (see Alemi et al. (2017) for details). Actual reconstructions in the Carmichael experiment suggest that human
semantic memory of sketches in this experimental setting is
best represented at some intermediate rate. We have selected
the β = 0.7 model as our estimate: while capturing the level
of variability in human memory experiments would require
a larger β, increasing β results in diluting category-related
structure, suggesting that at high β levels the sketch-rnn architecture is a poor approximation of human semantic representation. Changes in the level of compression are reflected
in the increasing width of the posteriors at higher compression rates (data not shown). Hence, we emulated a higher
compression level by inflating the posterior widths by a fac-

tor of 10, thus increasing compression level while leaving the
representation of categories intact.
To demonstrate that semantic compression results in the
same kind of reproduction biases revealed by the Carmichael
experiment, we trained the model on sketches of specific object pairs and selected potentially ambiguous sketches. When
performing inference, we incorporate the category label provided in the experiment by conditioning on the sketch being
generated from the category. According to the principles of
Bayesian inference the category prior introduces a bias in the
encoding (Fig. 3a), which will also be apparent in the generated drawing, qualitatively matching the bias introduced in
the Carmichael experiment (Fig. 3c).

Discussion
In this paper we gave a normative argument for compressing
events in human memory using the latent variables of semantic memory formalised as a probabilistic generative model of
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the environment. We argued that in the framework of information theory this corresponds to using the conditional likelihood of the model as the basis for the distortion function.
This correspondence enabled us to integrate recent results in
machine learning with memory research to make predictions
on complex, naturalistic data. Our formalisation can parsimoniously explain a variety of memory biases, and here we gave
a detailed demonstration of a classic example in the domain
of reproduction of sketch drawings.
The relevance of RDT for explaining errors and biases in
human visual working memory has recently been pointed out
by Sims (2015); the main difference between the approaches
is that whereas they try to infer the distortion function in a
bottom-up fashion from behavioural data on low dimensional
perceptual tasks, we are attempting to give a normative argument for the appropriate form and comparing its predictions in high dimensional natural memory tasks. Hemmer and
Steyvers (2009) use a dual-route generative model to explain
the effect of semantic memory in a scene recall task, but they
do not relate their method to compression. In our treatment
dual routes are not required, as RDT provides a principled,
continuous trade-off between episodic-like and semantic-like
memory traces. Gregor, Besse, Rezende, Danihelka, and
Wierstra (2016) explores using VAE-s trained with a generative objective for image compression in a machine learning
context, and introduce an architecture for achieving different
rates with the same model by conditioning on different levels of a hierarchy, however they do not relate their method to
RDT or human memory.
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References
Alemi, A. A., Fischer, I., Dillon, J. V., & Murphy, K. (2016).
Deep variational information bottleneck. arXiv preprint,
1612.00410.
Alemi, A. A., Poole, B., Fischer, I., Dillon, J. V., Saurous,
R. A., & Murphy, K. (2017). An Information-Theoretic
Analysis of Deep Latent-Variable Models.
Baddeley, A. D. (1971). Language habits, acoustic confusability, and immediate memory for redundant letter sequences. Psychonomic Science, 22(2), 120–121.
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Abstract
A recent approach based on Bayesian inverse planning for the
“theory of mind” has shown good performance in modeling
human cognition. However, perfect inverse planning differs
from human cognition during one kind of complex tasks due
to human bounded rationality. One example is an environment
in which there are many available plans for achieving a specific
goal. We propose a “plan predictability oriented model” as a
model of inferring other peoples’ goals in complex environments. This model adds the bias that people prefer predictable
plans. This bias is calculated with simple plan prediction. We
tested this model with a behavioral experiment in which humans observed the partial path of goal-directed actions. Our
model had a higher correlation with human inference. We also
confirmed the robustness of our model with complex tasks and
determined that it can be improved by taking account of individual differences in “bounded rationality”.
Keywords: Bayesian Modeling; Theory of Mind; Hierarchical
Model; Bounded Rationality.

(a)

Target = Green

(c)

+

+

(b)

Target = Orange??

=

Figure 1: Complex environment in which Bayesian inverse
planning is mistaken for model human inference. Bayesian
inverse planning infers green door as robots goal in (a), (b).
Humans may infer orange door in (b). (c) is rule for assembling keys.

Introduction
People have a cognitive mechanism called the “theory of
mind” that can estimate peoples purposes and plans through
observation from infancy (Woodward, Sommerville, & Guajardo, 2001). Trials for using this theory of mind as a computational model are of great interest in the cognitive science arena, and there has been a lot of research about this
(Goldman, 2012) (Paul & Cassimatis, 2006).
A recent approach based on Bayesian inverse planning has
been recognized as a method for modeling the theory of mind
(Baker, Saxe, & Tenenbaum, 2009). In this approach, people are modeled as agents who are rational (Dennett, 1987).
When a goal is given, rational agents behave rationally to
achieve it. The posterior probability of a particular goal given
observed behavior is calculated by the product of the prior
probability of the goal and the likely behavior of the rational
agent given the goal.
This approach can be applied to all problems in which rational agents can be designed. There are many examples of
functions used to estimate other peoples’ intentions on the basis of this approach, such as other peoples’ intermediate goals
(Nakahashi, Baker, & Tenenbaum, 2016), preferences toward
navigation (Jara-ettinger, Schulz, & Tenenbaum, 2014), and
so on.
However, this approach may differ from human perception
in some complex situations.

Figure 1 is one example of such a problem. In Figure 1 (a),
the robot wants to open and go through one of the doors. It
wants to go through either the orange door or the green door,
and the doors require a key of the same color to be opened. To
open a door, the robot assembles the required key. To do so, it
is necessary to collect three types of parts as shown in Figure
1 (c). In 1 (a), the robot moved as indicated by the purple
line. Which door is the robot about to open, the orange or
the green one? In this case, many people will answer with
the green one. This is because, if the robot wanted to open
the orange door, it would collect the three parts shown on the
upper half and open the orange door. How about the example
in 1 (b)? Perfectly rational thought leads to the conclusion
that the correct answer is green, as in 1 (a). The reason is that
there is a shorter path to collect the orange key parts than the
current robot path. For this reason, the inference formed on
the basis of the Bayesian inverse planning model will be that
the robot wants to go through the green door in this example.
However, we often infer that the robot wants to go through
the orange door when looking at Figure 1 (b).
This difference is due to the fact that observers cannot completely recognize the rationality of the actors when a problem
is complicated. In the above example, there are many possible
plans to achieve one goal, but it is difficult to evaluate all of
them. On the basis of this reason, human inference is affected
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by the bias towards “easy to predict” plans. This means that
humans only consider a few plans that can be easily predicted.
This is an example of bounded rationality (Simon, 1957).
In this paper, we propose a novel model called the “plan
predictability oriented model” for modeling human inference
with plan predictability bias. We aim to build a more adequate
model of human inference in problem settings in which there
are many plans available to achieve one goal, as shown in the
example. This model is based on Bayesian inverse planning,
but we allowed for bias in plan predictability in the inference
phase. We perform calculation with the likelihood of a future
plan from observed behavior like plan prediction (Charniak
& Goldman, 1993), and we use the likelihood as our plan
predictability bias. We use simple soft-max likelihood base
plan prediction.
To show the advantages of our proposed model, we designed a scenario called “item creating” and carried out subject experiments with it. In this scenario, there is an agent
that collects parts to create a specific item. Participants observe part of the behavior of the agent and are then asked to
estimate the item that the agent wants to create on the basis
of the observation. We compared the correlation between this
participants data and both the inferences formed on the basis
of the full inverse planning model and our model. The result was that our model had a better correlation with human
inference than did the full inverse planning model. Additionally, we confirmed that a higher task complexity made the
accuracy of the full inverse planning model worse, but our
model was not affected. We also show that there are individual differences regarding the bias and that we can improve
our model by considering individual differences.
We wrote a problem setting, detailed the full inverse planning model and plan predictability oriented model, wrote the
details and results of evaluations with the “item creating” scenario, discussed and summarized our approach.

Here, Qg (a) corresponds to the value function in terms of
MDP planning or reinforcement learning which means expected rewards after executing a under g.

Modeling and Calculation
Problem Objective
The objective of our modeling is the posterior probability that
the goal of others is g when observing others action sequence
a.
P(g|a)

Calculating Full Inverse Planning Model In the inverse
planning approach, we reverse the variable dependency in Eq.
2 by using a Bayesian theorem.
P(g|a) ∝ P(a|g)P(g)

P(a|g) ∝

exp (βQg (a))
∑g0 ∈G exp (βQg0 (a))

(4)

exp (βQ p,g (a))
∑ p0 ∈Pg exp (βQ p0 ,g (a))

P(p|g) =

Notation and Problem Setting

P(g|a) =

P(a|p)P(p|g)

P(a|p) and P(p|g) are calculated using Boltzmann noisy
rationality.

Preliminary

We use Boltzmann noisy rationality as the rationality of action for our model. In the definition for Boltzmann noisy rationality, P(a|g) is the probability that an agent executes a
for g in accordance with the Boltzmann distribution of the
“value” of a for achieving g. Equation 1 is the definition of
the probability. β is the temperature parameter of the Boltzmann distribution to define rationality.

∑

p∈Pg

P(a|p) =

Model of Human Rationality

(3)

We assume no prior knowledge about another persons goal.
In other words, we assume P(g) as a uniform distribution.
Therefore, we can ignore P(g) from Eq. 3. To calculate this,
we assume that a human creates a plan in advance and executes their actions according to the plan. Thus, we can factorize P(a|g) into the probability of a plan to be considered as
one achieving g and the probability of executing a under the
plan. The following equation is obtained when summarizing
this factored probability for all available plans.

Computational Model

We denote the set of people’s goals as G and the set of actions
as A . Action sequences are represented as a ∈ A + , and the
set of all plans to achieve goal g ∈ G are represented as Pg .
Since plans are a kind of sequence, Pg ⊂ A + .

(2)

exp (βQg (p))
∑g0 ∈G exp (βQg0 (p))

(5)

Note, that p is a plan for achieving a specific goal. In other
words, if a plan decided, the corresponding goal also comes
uniquely. Thus we can treat Q p,g (a) as Q p (a)
Calculating Plan Predictability Oriented Model In the
plan predictability oriented model, Eq. 3 is the same; however, the way of calculating of P(a|g) is made different in
order to integrate the bias that people prefer predicable plans.
The predictability of a plan is the probability that a plan is executing from observing action sequences, thus that is p(p|a).
We use this instead of P(a|p); thus, we obtain the following
equation.

(1)
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P(a|g) ∝

∑

p∈Pg

P(p|a)P(p|g)

(6)

(a)

(b)
𝑔𝑔
𝑝𝑝

𝑔𝑔

|𝒫𝒫𝑔𝑔 |

𝐚𝐚

𝑝𝑝

|𝒫𝒫𝑔𝑔 |

𝐚𝐚

Figure 2: Graphical model of P(a|g) for (a) full inverse planning model and (b) plan predictability oriented model.

(a)

(b)

(c)

(d)

Here, we use simple Boltzmann noisy rationality for
P(p|a) as follows.
exp (βQ p (a))
P(p|a) =
∑a∈A + exp (βQ p (a))

(7)

Comparison of Full Inverse Planning Model and Plan
Predictability Oriented Model Figure 2 shows the difference in graphical models for P(g|a). As shown Figure 2 (a),
in the full inverse planning model, humans assume that others
decide their plan in advance and then act according to it. This
is the natural process of human planning. In comparison, as
Figure 2 (b), in the plan predictability oriented model, action
sequence affect plans. This means that humans may change
their plans depending on their actions, and this is unintuitive.
We assume that humans cannot calculate the goals of others
on the basis of full inverse planning model because the model
needs all plans of Pg , and this is almost impossible for humans in complex situations. Humans consider several plans
to estimate others’ goal and they tend to consider plans that
they can predict easily. This is the reason that humans tend
to think that others take actions according to such unintuitive
process and this is plan predictability bias.

Experiment
To compare the full inverse planning model and the plan predictability oriented model with human cognition, we did subject experiments. For these experiments, we considered “item
creating” scenarios.
In Figure 3, the upper figure is an example of the scenario.
The environment in this scenario is a kind of grid world.
There is one agent and several parts of items in either grid,
and there is not more than one part in the same grid. Here,
the agent is represented by a purple hexagon. There are four
types of parts (square, triangle, small rectangle, circle), and
there are two to three colors for each type.
The goal of the agent is to create a “goal product” that an
agent wants to create. The “goal product” consists of two to
four types of parts with only one type used one time for each
product (square, triangle), (square, triangle, small rectangle),
(square, triangle, small rectangle, circle). The agent moves to

Figure 3: Example of “item creating” scenarios [for task (4,
2, 2)]. Location of agent is represented as purple hexagon;
other red or blue shapes represent parts. Purple line is partial
agent path. This means agent got green rectangle and blue
triangle. Participants selected and evaluated their inferences
toward “goal product” that agent wanted to create between
lower four candidates.
Full Inverse Planning Model
Plan Predictability Oriented Model

0.765 (p  0.0001)
0.916 (p  0.0001)

Table 1: Pearson correlation between full Bayesian model
and plan prediction oriented model with human inferences

collect the parts that are necessary for its own “goal product.”
The agent has the priority to collect the items. The agent collects the parts in the order of square, triangle, small rectangle,
circle. There are multiple objects of the same color and the
same type in the environment; thus, there is a more than one
combination of objects for generating one object.
Participants We recruited participants for this study using
Yahoo! Cloud Sourcing. Valid participants were 47 adults
located in Japan (13 male, 29 female, 5 unknown). The mean
age was 39 years old.
Procedure of Experiment Experiments were conducted on
the Web via a browser application we made. Subjects were
instructed on the rules of agent behavior and then underwent
a confirmation test to check their degree of understanding.
In this test, participants who were judged to not understand
the rules were given the instructions again. The participants
who passed the confirmation test entered the actual experiment phase. In this phase, participants saw the environment,
part of the agent’s movement path for collecting parts, and
four target candidates for the agent’s “goal product” simultaneously. The subjects selected one that they considered most
likely to be the agent’s “goal product” from the candidates.
Also, participants scored the degree of likelihood for which
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Human inference

Full Inverse Planning Model
Plan Predictability Oriented Model

Avarage degree of human evaluation

1.0

Full Inverse Planning
Plan Predictability Oriented

7
6

0.8

Table 2: Pearson correlation of “Pearson correlation of human inference with each models” with task complexity factor
k−n

Probability

5

0.6

4

0.4

3

0.2
0.0

2

(a)

(b)

(c)

Candidate

(d)

purple line in the upper figure corresponds to the movement
of the agent.

1

Figure 4: Inference of human and computational models for
task (4, 2, 2)
Full Inverse Planning
Plan Predictability Oriented
1.0

Pearson Correlation

0.8
0.6
0.4
0.2
0.0

-0.714 (p = 0.03)
0.116 (p = 0.76)

2-1-2 3-1-2 3-2-2 4-1-2 4-2-2 4-3-2 2-1-3 3-2-3 4-3-3

(k,n,c)

Figure 5: Pearson correlation between full inverse planning
model and plan predictability oriented model with human inferences for each task
they estimated a candidate as being the agents “goal product”
for all the candidates. We adopted a seven-degree score for
the evaluation.
Before analyzing the participants’ results, we excluded the
results of the participants who were invalidated. We defined
invalid participants as participants who gave the same evaluation score to all candidates or did not give the highest evaluation score to the selected candidate as the most likely candidate.
Stimuli We prepared nine stimuli (tasks) with different task
complexities. There are three variables that affect task complexity. k is the number of types of parts included in the
agent’s “goal product,” n is the number of types of parts included in the agent’s path, and c is the number of colors of
parts that have not been collected by the agent yet. We designed nine combinations of complexity for variables k, n,
and c. There were (2, 1, 2), (3, 1, 2), (3, 2, 2), (4, 1, 2), (4, 2,
2), (4, 3, 2), (2, 1, 3), (3, 2, 3) and (4, 3, 3). we made a stimulus corresponding to each combination. In task c = 3, the
only type of part that was not yet collected by the agent had
three colors. The example in Figure 3 is task (4, 2, 2), and the

We designed the placement of parts within the environment
and the agents path within the task to make the inference of
the most likely “goal product” different with the full inverse
planning model and plan predictability oriented model. We
chose four candidates according to four policies: the most
likely candidate for the full inverse planning model, the most
likely candidate for the plan predictability oriented model,
and the candidate that had a low probability for both models. The lower figures in Figure 3 show example candidates
for the agent’s “goal product” for task (4, 2, 2).
Model In the “item creating” scenario, G corresponds to a
set of “goal products”, and A corresponds to a set of individual parts. Pg is a set of all available combinations of parts to
build a “goal product” g. Since there is a more than one combination of objects for generating one object, ∀g, |Pg | > 1.
Here, we defined Qg (p) as −cost(p). cost(p) is the shortest
path length of p. Q p (a) is −cost(p − a). p − a means the
remaining plan of p after a. We set rational parameters as
β1 = 0.3, β2 = 0.3, β3 = 0.5.
Result We evaluated the full inverse planning model and
plan predictability oriented model with a comparative experiment by comparing participant scores. For comparison, we
made a human score vector and model probability vector. The
human score vector was a vector that consisted of the participants’ scores serialized over all results (thus, the length of the
vector was 36) without any normalization. We used the average vector of human score vectors for all valid participants.
To make the model probability vector, we extracted probabilities of candidates for each task and serialized them (the length
of the vector was also 36). Table 1 is a Pearson correlation of
the averaged human score vector between model probability
vectors for both models. The results show that the plan predictability oriented model had a much better correlation with
human inference. Figure 4 is the specific result for task (4,
2, 2). Blue and green are the probability calculated by each
computational model, and the red bar is the average of the
participants’ scores. This figure also shows a good correlation of human inference with the plan predictability oriented
model. We also executed a significance test. First, we calculated the Pearson correlation between human score vectors
and model probability vectors for all valid participants. Thus,
we obtained two sets of Pearson correlations for the two models. Then, we executed t-tests on the sets. The p-value was
0.03 (< 0.05). Thus, we confirmed that there was a significant
difference in correlation between the two models.
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Plan Predictable Oriented
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Figure 6: Scatter plot of Pearson correlation between full inverse planning model and plan predictability oriented model
with human inference for each participant

Relation to task complexity Next, we calculated the Pearson correlation of human inference with both models for each
task. We made an averaged human score vector and model
probability vectors for each task and calculated the Pearson
correlation by using these vectors. Figure 5 is the result. First,
the results show that the plan predictability oriented model
had a much better correlation with human inference for all of
the tasks. The full inverse planning model had a low correlation with human inference for tasks for (3-1-2), (4-1-2), and
(4-2-2) in particular. The common factor in these tasks was
that the remaining number of types of parts, which is represented as k − n, was more than one.
Table. 2 is the Pearson correlation of “Pearson correlation
of human inference with each model” with k − n. In other
words, it is the correlation between the values of Figure 5
and k − n. The full inverse planning model had a strongly
negative correlation with k − n. k − n was strongly related to
the future available paths of the agent. This means that the full
inverse planning model was not effective for tasks that had
many future available paths. This matches with the intuition
that humans may think bounded-rationally, not full-rationally,
in complex situations. The plan predictability oriented model
did not have such negative correlation with k − n. This means
that this model was not affected by task complexity.
Confirmation of individual difference We calculated the
Pearson correlation of human inference with both models for
each participant. Figure 6 is a scatter plot of the results. The
dotted line on the plot shows the boundary where the correlation between both models was equal. Most of the participants
are on the upper left of the plot. This means that most of the
participants’ inference has a good correlation with the plan
predictability oriented model. However, some participants on
the lower right of the plot means that the plan predictability
oriented model cannot model for these participants. The participants could rationally recognize other peoples intentions
completely in this experiment, so they had a good correlation
with the full inverse planning model. These results suggest

0.2

0.4

0.6

Best value of β3

0.8

1.0

Figure 7: Histograms for the number of participants for each
best predictability bias
Full Inverse Planning Model
Plan Predictability Oriented Model (same)
Plan Predictability Oriented Model (individual)

0.513
0.638
0.738

Table 3: Average Pearson correlation of human inference between models for each participant
that there are individual differences in peoples bounded rationality.
We made multiple plan predictability oriented models that
had different β3 . β3 is the parameter for plan predictability
bias. The range of β3 was from 0.0 to 1.0 in increments of
0.1. Figure 7 is a histogram of the number of participants
who had the best correlation with the plan predictability oriented model with β3 . It shows that many of the participants
had a strong bias, but some had a small bias or no bias. Table 3 is the average Pearson correlation for the result of each
participants with the models. Here, (same) means that we
used the same value for β3 , and (individual) means we used
the best value for β3 for individual participants. The individual setting had a higher correlation with humans than the
same correlation. This suggests that adaptating the bias can
improve our model.

Discussion
Essentially, full inverse planning model differs from human
cognition in situations in which there is a difference in the
rationality of the actor and the observer. Since forward planning for taking action towards a particular goal is generally
easier than inverse planning to infer cause from actions observed, these situations might always happen. Therefore, we
think that the model is useful for many situations. In addition, our computational model is based on the inverse planning model and simple plan prediction, so it has the potential
of being adapted to various situations. However, we showed
the actual effectiveness only under the “item creating” scenario. This scenario is one example environment that has a
grid geometric rationality and sequential planning. Explicit
sequential planning is the most basic planning, and a lot of
human planning is based on sequential planning. The grid
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geometric rationality and sequential planning are often used
in the theory of mind (Baker, Jara-Ettinger, Saxe, & Tenenbaum, 2017). Therefore, we think that our model can be used
in broad situations.
Understanding how humans infer others’ intentions is useful for considering good actions when corroborating with others. In the cognitive science area, there is research on how
humans behave when they want to communicate their goal
or purpose (Shafto, Goodman, & Griffiths, 2014). In the artificial intelligence and robotics areas, research on collaborative planning is more popular and important. For example,“legibility” is proposed (Dragan & Srinivasa, 2014). This
is a measure of human expectation toward robots’ intentions
or goals as based on the behavior of robots. There are also
works on using “legibility” for planning (Fisac et al., 2017).
The expansion of our model for larger and more complex
tasks is a very interesting direction for our future work. Introducing hierarchical planning is a promising approach. Our
model can be considered as one type of hierarchical modeling in which the inference of plans is regarded as an intermediate layer. The hierarchical predictive coding framework
(Blokpoel, Kwisthout, & van Rooij, 2012) is one example
of hierarchical modeling for human cognition. This model
has multiple inference layers with different abstraction levels,
and execute step-by-step inference by using MAP estimation.
Similarly, our model can be expanded with multiple planning
layers. Determining whether such a model is better for modeling human cognition would be an interesting next research
step.
Deeper analysis of individual rationality is also interesting.
We just demonstrated that human rationality differs from person to person. However, there might be some factors that decide the degree of bias. Seeking such factors and improving
our model by implementing them would be a valuable study.

Conclusion
In this paper, we proposed a novel computational model
called the “plan predictability oriented model” to infer the
goals of others through their behavior. This model implements bounded rationality for complex tasks that have many
options for one purpose. We confirmed that our model has a
better correlation with human inference than the full inverse
planning model via a subject experiment using the item creating scenario. We also confirmed that the full inverse planning model becomes progressively worse with the increasing
complexity of tasks, while our model remains unaffected by
changes in complexity. This suggests that our model has robustness for complex tasks. We also confirmed the existence
of individual differences in bounded rationality and suggested
that we could improve our model by introducing individualized bounded rationality.
Although there are many limitations and much room for
improvement, the model is valuable as one example of the
theory of mind with bounded rationality. We are confident
that this result can contribute to research on human cognition

and the development of engineering applications under cognitive science.
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Addressing Old Mysteries of Gain Scores in a Pretest-Posttest Educational Setting
Jairo Navarrete
University of the Bo-Bo, Chilln, Chile
Abstract
Gain scores are obtained as the difference between two consecutive measurements of knowledge. Although they are
widely acknowledged as a measure of change, they have been harshly criticized since empirical research has shown its
serious conceptual problems. To gain insight on the nature of these problems, I developed a model for the gains of
knowledge in the setting of a pretest-posttest instructional intervention. The model explains seemingly odd phenomena
associated to gain scores: (a) negative gain-pretest correlations, and (b) lack of correlations between gain scores and
learner’s cognitive abilities. This highlights the potential of the proposed model for investigating the change of knowledge
in a pretest-posttest educational setting and emphasizes the importance of modelling change by using information provided
by specific application areas. Further work may lead to developing novel statistical methods for analysing educational data
and for estimating the change of knowledge in diverse educational contexts.
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Gestures may Help Resolve Disfluencies in Spontaneous Speech
Melvin M. R. Ng
The Chinese University of Hong Kong, Hong Kong, Hong Kong

Wing Chee So
The Chinese University of Hong Kong, Hong Kong, Hong Kong

Sotaro Kita
University of Warwick, Coventry, United Kingdom
Abstract
We gesture when we talk. Nonetheless, our speech is disfluent at times. The present study investigated whether gestures accompanying disfluencies may facilitate speech production by shortening the duration of disfluencies. Fourteen
English-speaking adults were presented with educational videos and told to teach others after seeing these videos. All
their disfluencies and gestures were coded. Results reveal that disfluencies accompanied by representational gestures are
significantly shorter as compared to if they had been accompanied by non-representational gestures or no gestures at all.
There was no significant difference in duration between disfluencies accompanied by the latter two. This suggests that
representational gestures may play a role in aiding speakers in the resumption of their speech. Implications for models of
how gestures may help speech production are discussed.
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What can Associative Learning do for Driving?
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around traffic lights (Palat & Delhomme, 2016). This work
has been in the context of engineering solutions to increase
road safety, rather than looking at how the contingencies of
the lights per se may cue a certain behavior.

Abstract
To improve road safety, it is important to understand the
impact that the contingencies around traffic lights have upon
drivers’ behavior. There are formal rules that govern behavior
at UK traffic lights (see The Highway Code, 2015), but what
does experience of the contingencies do to us? While a green
light always cues a go response and a singleton red a stop, the
behavior linked to amber is ambiguous; in the presence of red
it cues readiness to start, while on its own it cues
"preparation" to stop. Could it be that the contingencies
between stimuli and responses lead to implicit learning of
responses that differ from those suggested by the rules of the
road? This study used an incidental go/no-go task in which
colored shapes were stochastically predictive of whether a
response was required. The stimuli encoded the contingencies
between traffic lights and their appropriate responses, for
example, stimulus G was a go cue, mimicking the response to
a green light. Evidence was found to indicate that G was a go
cue, while A (which had the same contingencies as an amber
light) was a weak go cue, and that R (a stop cue) was
surprisingly responded to as a neutral cue.

Figure 1: The UK traffic light sequence, starting from left.

The Current Studies

Keywords: Associative learning; response inhibition; driving
behavior

Introduction
Driver error is a critical factor in 94% of road incidents
(U.S. Department of Transportation, 2015). Specifically,
with 22% of urban road collisions caused by drivers
ignoring stop signals at traffic lights (Retting, Williams,
Preusser, & Weinstein, 1995) there is a need to address
dangerous behavior at traffic lights. A possible solution is
the use of cameras to enable people to be penalized when
they cross a red traffic light. This can lead to safer driving
and increase compliance (Baratian-Ghorghi, Zhou, &
Franco-Watkins, 2017) but it may be that such a reactive
approach does not address the root cause of the behavior.
Our question is: What role do the contingencies of traffic
lights have upon drivers’ behavior?
The UK traffic light signal follows a set pattern, changing
from green to amber to indicate drivers should prepare to
stop; then to red meaning stop; then to red and amber to tell
drivers to get ready to start, and finally back to green (see
Figure 1). Past research on the contingencies between traffic
lights and behavior has included altering the timings of the
light pattern (Jason, Neal, & Marinakis, 1985) or
investigating how personal factors are predictive of behavior

These studies investigated the effect that the contingencies
between traffic lights and permitted responses
(stopping/starting) have upon driving behavior. We focused
on the contingencies around amber traffic lights. While a
green light always cues a go response and a singleton red a
stop, the behavior linked to amber is ambiguous; in the
presence of red it cues readiness to start, while on its own it
cues "preparation" to stop. By using an incidental go/no-go
task (Bowditch, Verbruggen, & McLaren, 2016), these
experiments exposed subjects to the contingencies between
traffic light signals and stopping and starting, and so
enabled us to see what effect this had on behavior.

Study 1
What would one expect based on standard associative
theories (Rescorla & Wagner, 1972)? If we begin by
ignoring the sequential information inherent in our typical
experience of UK traffic lights, and imagine that people
treat a solo amber traffic light as a warning that they may
have to ‘stop’ and a red and amber compound as ‘go’ this
leads to the following set of contingencies, where ‘+’
denotes ‘stop’ and ‘-’ denotes ‘go’, and R, A, and G stand
for cues playing the role of red, amber and green
respectively: R+, G-, A?, RA-. We used ‘+’ to denote a stop
response as the procedure was designed to cause stopping to
be the effective outcome learned. It is felt that this design,
rather than the traditional ‘-’ to denote ‘stop’, is more
realistic. The default when driving is to make progress and
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so the outcome at traffic lights will be whether one must
stop or not, with stopping requiring an action, i.e.,
depression of the brake pedal.
The “?” encodes the ambiguous nature of amber lights. A
solo amber is not always seen as a ‘stop’ cue with nearly
four out of ten drivers saying they rarely stop at amber lights
(Thrifty, 2011). Accordingly, in implementing this
contingency, A will be treated as 50% stop rather than
always '+', i.e. A±, rather than A+. Clearly R will become
associated with stopping to some extent, and G with not
stopping (i.e. going), The RA- contingency will tend to
cause A± to become a go cue, while the A± cue might
promote a weak stop association to amber. The net effect
may be that A will become a go cue, i.e. more like G than R,
and will significantly differ to a control just trained ±
(average of I and P, see Table 1).

Method
Design and Subjects The experiment used a within-subjects
design comparing performance on experimental versus
control cues. Subjects had to be 18-65 years old, have
normal or corrected vision and not be color blind. The
statistical techniques used to analyze the results meant that
traditional power analyzes were inappropriate, with the
study using a sample of 50 in line with past research
(Bowditch et al., 2016). Subjects from the University of
Exeter participated in exchange for payment of £5 or one
course credit. Six subjects were replaced for having
commission (1) or omission errors (5) greater than two
interquartile ranges from the upper and lower quartile. Of
the final sample, 41 were female with an overall mean age
(with one missing data point) of 21 (SD = 5.43).
To reduce the likelihood of subjects explicitly learning
the experimental design, cues G and RA were set at 75% go
and R set at 75% stop – this also enabled the development
of learning to be investigated though commission and
omission errors. Cue A and the control cues B, I, P, IP, and
J were set at 50% stop. The first four control cues matched
the experimental cues, e.g. B was a control for G, I
controlled for R, P controlled for A, while IP controlled for
RA. Cue J was used for tracking purposes (see later).
Incidental go/no-go task The task required subjects to
press a key or withhold a response depending on the color of
a presented circle stimulus. Each trial started with two
colored shape cues being presented for 250ms on a 50%
grey background. Subjects were informed that these cues
indicated that the trial was beginning but, in fact, they also

stochastically predicted whether a subject was required to
respond. There was one calibration, eight training, and two
test blocks with 10 second breaks between blocks.
Throughout the task a white horizontal bar measuring
19mm by 4mm was displayed in the center of the screen.
Colored shape cues measuring 19mm2 were presented in
vertical alignment above and below and equidistant from
this bar. On single cue trials (e.g. G-) the cue appeared in
both the top and bottom positions, while on compound trials
(e.g. RA-) each cue was randomized to appear at either
position. Following presentation of the cues on go trials, a
19mm diameter white circle appeared to the left or right of
the central bar (separated by 22m edge-to-edge). This
indicated to subjects that they needed to make a spatially
congruent response, e.g. a left side response (‘x’ on a
standard QWERTY keyboard) when a left-side circle was
displayed (right-hand circles required a ‘.>’ key press). On
no-go cues a colored circle was displayed informing
subjects that they needed to withhold a response (see Figure
2 for schematic of a trial). This circle was one of four colors
chosen at random (see below) and differed from the colors
used for the cues. For both trial types, the circle appeared
equally to the left or right of the cue, and the color of the nogo signal was distributed equally across trials. Subjects
received on screen feedback. For commission errors,
regardless of congruency of response or incorrect keypress
feedback read ‘No response required!’ For omission errors
feedback was ‘You should have responded’. On go trials
subjects received feedback on incorrect key presses
(‘Incorrect key pressed, use X or .>’) and wrong direction
key presses (‘'Press the key that matches the side the white
circle appears on'). All feedback was displayed for 500ms
and was accompanied with a 400Hz tone for 150ms
delivered through closed headphones. A tracking procedure
for the whole task was applied to both go and no-go trials
based on cue J and was a 3-down/1-up procedure, so that for
every three correct trials the maximum response window
shortened by 50ms, whilst an error resulted in the window
increasing by 50ms. The window started at 750ms with the
calibration phase setting the initial window for each subject.
There was a variable interval of 250 to 500ms between
trials.
The same cues were used throughout the experiment but
were randomized for each subject. The color of the cues and
no-go circles were randomized for each subject and sampled
from the HSB color-space (Joblove & Greenberg, 1978) by
selecting equally spaced hues whilst constraining saturation
(75-100%) and brightness (50-100%).

Table 1: Summary of Study 1 design. Letters represent colored shapes. Trials are go 75% of the time (-), stop 75% of
the time (+), or stop 50% of the time (±). At test all trials are 50% stop and the cues are non-predictive.
Phase

Blocks

Trials p/block

N p/type

Design

Calibration

1

48

48

Training

8

144

16

G-, R+, A±, RA-

B±, I±, P±, IP±

J±

Test

2

144

16

G, R, A, RA

B, I, P, IP

J

J±
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Reaction times Training RT data was analyzed with a
random intercept (2 = 0.90) model with the main effects of
the fixed effects (conditional R2 = 0.89). The main effect of
cue was significant F(8,841) = 2.03, p = .040 yet all
contrasts were not. At test, a random intercept (2 = 0.68)
model with the main effects of the fixed effects (conditional
R2 = 0.68) was used. There were no significant main effects.
The predicted faster RT for G relative to its control B was
found, b = 0.18 ±0.08, t(841) = 2.26, p = .012 (1-tail), d =
0.18, with subjects having faster RTs for G (M = 367. 29ms,
SD = 64.71) than for B (M = 380.18ms, SD = 64.75).

Figure 2: Schematic of a single cue stop trial.

Results
Data was processed and analyzed using R (R Core Team,
2016). Due to the need for subjects to respond at least once
per cue to obtain RT measurements data was averaged by
cue by block with RTs of error trials being excluded. Training
data was then collapsed into halves to reduce data loss. We
developed linear mixed-effects models using lme4 (Bates,
Mächler, Bolker, & Walker, 2015). Models for the training
phase estimated fixed effects of cue and training half
whereas models for the test phase estimated fixed effects for
cue and test block. Subject was entered as a random
intercept and a random slope term was included for the
effect of cue. We used an information-theoretic approach
based on the Akaike Information Criterion (Akaike, 1974)
to compare models. The model with the lowest score was
considered to be the best fit for the data, and this is the
reported model for each DV. Homoscedasticity and
normality of the residuals were confirmed using a graphical
approach and by reference to the central limit theorem. For
the inferential statistics continuous predictors were
standardized (mean of 0, standard deviation of 1) to allow
for contrast of effect sizes between models (Schielzeth,
2010) and mean RTs were centered to aid interpretation of
the results (Dalal & Zickar, 2012). Conditional R2 values
were estimated using the MuMIn package (Barton, 2017).
The significance of fixed effects was assessed using Wald F
tests with Satterthwaite-approximated degrees of freedom
through lmerTest (Kuznetsova, Brockhoff, & Christensen,
2016). Parameter estimates are presented with ±SE and
effect sizes were calculated from Judd, Westfall, and Kenny
(2017). All tests are two-tailed unless stated. Omission data
is not reported due to the scarcity of data. Contrasts focused
on A± vs. R+, G- vs. B±, R+ vs. RA-, and, crucially for the
hypothesis, A± vs. average of I± and P± (see Figure 3 for
graph of the raw means). To control for multiple
comparisons the alpha level was corrected to .013.

Figure 3: Mean RT and p(respond) by training (grey) and
test (green) phases for Study 1. Error bars are within-subject
confidence intervals (Morey, 2008).
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Commission errors Data was analyzed across training with
a random intercept (2 = 0.06) and slope model with the
main effects of the fixed effects (conditional R2 = 0.21).
There were no significant results. At test, random slopes
models did not converge. The best-fit model was a random
intercept (2 = 0.03) model with the main effects of the
fixed effects (conditional R2 = 0.05). There were no
significant fixed effects. There was a significant difference
between R vs. RA, b = -0.38 ±0.14, t(841) = -2.79, p = .005,
d = 0.39, with subjects displaying more errors for R (M =
0.014, SD = 0.043) than for RA (M = 0.003, SD = 0.018),
and for A vs. R, b = 0.34 ± 0.14, t(841) = 2.48, p = .013, d =
0.35, with subjects displaying more errors for R (M = 0.014,
SD = 0.043) than for A (M = 0.004, SD = 0.021).

Discussion
The results from the training phase suggest that subjects did
not learn the discrimination. However, at test G had clearly
become a go cue on the RT measure. In contrast to our
hypothesis, the evidence for cue A being a go cue at test is
not strong, but it does not seem to be a particularly strong
stop cue either. The unexpected findings at test for
p(respond), with subjects displaying significantly more
commission errors for R (notionally a stop cue) than for RA
(a go cue), contradict the RT data and suggest that R is more
neutral than stop.
There are, however, two issues with the experimental
design that need addressing. First, in attempting to mimic
the contingencies of UK traffic lights the overall
experimental design was unbalanced; subjects were more
likely to ‘go’ than to ‘stop’. While there were two go cues,
there was only one stop cue with the rest being 50/50.
Second, the assumption that the effective outcome being
learned is to stop needs evaluating. The feature-positive
effect can be used to do this. We know that humans
(Newman, Wolff, & Hearst, 1980) show greater excitatory
than inhibitory learning. Consequently, if the outcome of a
task is stop (+), then the discrimination between cues A- vs.
AB+ (a feature-positive discrimination) will be acquired
more readily than the feature-negative discrimination P+ vs.
PQ-. The feature-positive discrimination requires the
excitatory learning to B as well as the extinction of A,
whereas the feature-negative discrimination requires a
subject to first learn that P is an excitatory cue before
learning that Q is an inhibitor, which takes longer. Knowing
that the feature positive discrimination will be learned best
one can see what the outcome of a task is. Noting that in the
current task ‘+’ represents ‘stop’ the pair R+, RA- is a

feature-negative pair, a feature-positive discrimination
needs to be added to the design. If stop is the outcome then
this new pair should be learnt more readily than R+, RA-.

Study 2
Two changes were made to the design (see Table 2), 1) B±
became B+ to reduce the tendency to go, and 2) I±, IP±
became I-, IP+, and thus a feature-positive discrimination.

Method
Design and Subjects The design and inclusion and
exclusion criteria were identical to Study 1. The hypothesis
for A was changed and was now expected to differ
significantly from its new control, P±. A power analysis
using SIMR (Green & MacLeod, 2016) indicated that a
sample size of 55 would give an 80.20% power to detect an
effect for the test phase RT G vs. B contrast. Fifty-five
subjects from the University of Exeter participated in
exchange for payment of £5 or one course credit. Six
subjects were replaced, one subject did not complete the
experiment while five subjects meet the exclusion criteria.
Of the final sample, 41 were female with an overall mean
age of 19 (SD = 3.47). The task was identical to that of
Study 1 bar the design changes outlined above.

Results
Results were processed and analyzed using the approach
outlined in Study 1 with the addition of paired samples ttests on the raw means comparing the differences between Ivs. IP+ and R+ vs. RA-. Cohen’s d for the t-tests were
calculated using Lakens’ (2013) formula. Contrasts focused
on I- vs. IP+, R+ vs. RA-, G- vs. B+, A± vs. R+, and,
crucially for the hypothesis, A± vs. P± (see Figure 4 for
graph of the raw means). To control for multiple
comparisons the alpha level was corrected to .008.
Reaction time Training data was analyzed with a random
intercept (2 = 0.79) model with the main effects of the
fixed effects (conditional R2 = 0.79). There was a significant
effect of training half, F(1, 926) = 39.71, p = < .0001, d =
0.18, with RTs being significantly faster in training half one
(M = 383.66ms, SD = 39.72) than in training half two (M =
391.92ms, SD = 49.45) and a significant difference for cue,
F(8, 926) = 6.64, p = < .0001. There was a significant
difference in the feature-positive contrast, b = 0.24 ± 0.06,
t(926) = 3.88, p = .0001, d = 0.24, with subjects having
faster RTs for I- (M = 383.47ms, SD = 43.48) than for IP+

Table 2: Summary of Study 2 design. Letters represent colored shapes. Trials are go 75% of the time (-), stop 75% of the
time (+), or stop 50% of the time (±). At test all trials are 50% stop and the cues are non-predictive.
Phase

Blocks

Calibration
Training
Test

1
8
2

Trials
p/block
48
144
144

N p/type

Design

48
16
16

G-, R+, A±, RAG, R, A, RA
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B+, I-, P±, IP+
B, I, P, IP

J±
J±
J

(M = 394.27ms, SD = 52.09). The feature-negative contrast
was non-significant, but a paired samples t-test data found a
significant difference between the differences, t(54) = -3.23,
p = .002, 95% CI [-19.35, -4.54], dz = 0.44, suggesting that
the feature-positive discrimination was easier to acquire
than the feature-negative discrimination. The G- vs. B+
contrast was significant, b = 0.32 ± 0.06, t(926) = 5.17, p =
< .0001, d = 0.32, with subjects having faster RT for G- (M
= 378.19ms, SD = 40.24) than for B+ (M = 392.57ms, SD =
44.70). At test, a random intercept (2 = 0.64) model with
the main effects of the fixed effects (conditional R2 = 0.64)
was used. Only the effect of cue was significant, F(8, 926) =
3.07, p = .002. Both the feature-negative and featurepositive contrasts were non-significant as was the difference
between the differences (though the feature-positive contrast
was significant at the standard alpha level, p = .021). There
was again a significant difference for the G vs. B contrast, b
= 0.25 ± 0.08, t(926) = 3.13, p = .002, d = 0.25, with
subjects having faster RTs for G (M = 392.08ms, SD =
70.05) then for B (M = 408.89ms, SD = 65.19).

rather than RA, whereas, in theory one would expect fewer
commission errors for R.

Commission errors Training data for p(respond) was
analyzed with a random intercept (2 = 0.04) and slope
model with the interaction term and main effects of the
fixed effects (conditional R2 = 0.37). In the model only the
main effect of training half was significant, F(1, 756) =
7.51, p = .006, d = 0.16. It should be noted that the
interaction term was only kept in the model as random
intercept models failed to converge otherwise and thus
interaction terms for contrasts will not be reported. The Ivs. IP+ contrast was not significant, however the R+ vs.
RA- was, b = 0.51 ± 0.18, t(122) = 2.78, p = .006, d = 0.65,
with subjects making more commission errors for RA- (M =
0.008, SD = 0.024) than for R+ (M = 0.003, SD = 0.009).
The difference between the differences for these two
contrasts was not significant. The G- vs. B+ was significant
at the standard alpha level (p = .025, one-tail). Test phase
data was analyzed with a random intercept (2 = 0.01)
model with the main effects of the fixed effects (conditional
R2 = 0.03). In the model there were no significant main
effects or contrasts, but the trend for more commission
errors for R than for RA was present, though not significant.

Discussion
Study 2 found evidence for the feature-positive effect (with
+ being the outcome). In both phases for RT the featurepositive discrimination was learnt better than the featurenegative, with the difference between the two being nonsignificant for commission errors. This suggests that the
outcome of the task is indeed stopping, with subjects
looking to successfully withhold rather than respond. As
with Study 1 subjects learnt that G was a go cue. Counter to
the hypothesis there was no significant difference between
cues A and P at test. Unlike Study 1 the contrast for R vs.
RA commission errors at test was non-significant, however
there is once more a trend for more commission errors for R

Figure 4: Mean RT by training (grey) and test (green) phase
for Study 2. Top two panels: traffic light cues and cue B as
an anchoring stop cue. Bottom two panels: feature positive
and feature negative contrasts. Error bars are within-subject
confidence intervals (Morey, 2008).

General Discussion
Across both studies we found evidence that subjects learnt
that cue G was a go cue, giving us confidence that subjects
were experiencing the incidental go/no-go task as expected.
In terms of the main question regarding the effect of
experiences at amber traffic lights on behavior, in Study 1
cue A was similar to a notional stop cue (R), yet in Study 2
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cue A seems to be have shifted towards cue G, a go cue.
Overall, this leaves the impression that amber is a weak go
cue rather than the stop cue that traffic laws would suggest.
Though the results from Study 1 suggested that a stop cue
(R) was unexpectedly experienced as something of a go cue,
the effect was not significantly present in Study 2, leaving
us with a sense of red as a somewhat neutral cue.
Considering that the task has been shown to promote
stopping this result is rather surprising. One might think that
when the default is to go, and one is looking out for a stop
signal this is when learning about red will be optimal, but
our evidence suggests that this is not the case. This is
certainly an avenue worth further exploration as it indicates
that the contingences of UK traffic lights prevent effective
learning of stop cues, at least in a stop task set.
These studies demonstrate how basic science can inform
applied research, highlighting the merit of addressing
behavior at amber traffic lights. With amber being a go cue
interventions should focus on techniques that could change
the automatic response to amber to one of stop. In summary,
the results from the two studies demonstrate how the
contingencies of UK traffic lights affect driver’s behavior,
leading to both amber and red lights being experienced in a
manner likely to increase risky driving and contrary to the
rules of the road.
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Abstract
This study examined the differences among individuals in the
performance of insight problem solving. The problem-solving
characteristics of an individual seemed to be dependent on
what and how they had learned. Thus, we compared the
performances of insight problem solving between
reinforcement and supervised learners. The results showed that
the performances of reinforcement learners were better than
those of supervised learners, although the non-insight problem
solving performance of both learner types was comparable.
This result suggests that insight might be supported by the
cognitive mechanisms underlying reinforcement learning. In
particular, we speculate that the degree of exploration, by
which reinforcement learning is characterized, might have an
impact on the performance of insight problem solving.
Keywords: insight problem solving; reinforcement learning;
supervised learning; exploration

Introduction
Some people can solve daily problems insightfully while
others cannot. Individual differences may impact insight
displayed in daily life. If this is true, where does this
difference originate?
Problem solving has been studied in cognitive science
based on the framework of Newell and Simon (1972), namely,
problem space theory. In their theory, problem solvers
represent a problem environment as a set of possible
situations to be searched to find a solution. This
representation is called the problem space. The cognitive
processes in many types of problem solving have been
investigated based on the problem space.
Insight problem solving is characterized by a sudden
solution, called the “Aha” experience after an impasse; for
example, the famous anecdote on Archimedes. Kaplan and
Simon (1990) suggested that an insight problem is much
more difficult to be solved because its initial problem space
is “ill-defined.” In other words, many irrelevant or
misleading features and properties are incorporated with the

initial problem representation, whereas crucial aspects of the
problem are omitted (Knoblich, 2009). Thus, insight problem
solvers have to change their mental representation of the
problem.
One dominant computational theory of insight problem
solving is the representational change theory (RCT, Knoblich,
Ohlsson, & Raney, 2001; Ohlsson, 1984, 1994). RCT also
suggests that an insight problem solver must change the
representation of the problem. RCT can explain why an
impasse occurs as well as how it is broken.
Another dominant theory is criterion satisfactory progress
theory (CSPT), developed by MacGregor, Ormerod, and
Chronicle (2001). CSPT suggests that a balanced interplay
between different kinds of heuristic values is crucial to
finding the solution for an insight problem, assuming that the
problem space is too large to be explored and thus difficult to
find an appropriate heuristic or method.
Evidence exists for both theories. RCT and CSPT seem to
direct attention to different aspects of insight problem solving.
Öllinger, Jones, Faber, and Knoblich (2013) argued that
CSPT focuses on the search process, whereas RCT focuses
on the initial representation activated by prior knowledge.
Both theories suggest that the nature of insight problem
solving is related to the problem space.
Therefore, we can assume that individual differences in the
performance of insight problem solving are related to
individual differences in the problem space. The initial
problem space, which is “ill-defined” for an insight problem,
should be based on prior knowledge and experience. This
approach leads to the notion that individual differences in
insight could depend on how learners learned in the past.
In computer science, there are three main classes of
learning algorithms: supervised, unsupervised, and
reinforcement learning. As unsupervised learning does not
have a goal, we ignore it here. Reinforcement learning is
characterized as learning by trial and error, whereas
supervised learning is based on exemplars. When supervised
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learning and reinforcement learning are expected to show
equal performances, which learning style is employed for the
exploration of a problem space? An individual’s preferred or
familiar style might be ideal. This preferred learning style can
be assumed to affect the structure of the problem space and
how to search there.
Based on this idea, we investigated the relationship
between an individual’s performance of insight problem
solving and preferred learning style. The findings shed light
on the cognitive processing recruited for insight. This study
could thus be a bridge between insight studies in cognitive
science and learning studies in computer science.

Purpose of the Study
To investigate whether differences in insight among
individuals could depend on their preferred learning style, we
conducted two experimental tasks.
The first was an insight problem solving task that required
participants to change the representation of a given problem.
The second was a simple learning task where reinforcement
and supervised learning were likely to be equally effective.
The participants were classified into two groups, namely,
reinforcement learners (RLs) and supervised learners (SLs),
based on their results in the learning task. We then compared
the insight problem solving performance between the two
groups.

Method
Participants
Forty-five undergraduate students (36 females and 9 males,
19.98 ± 0.723 years old) at Aoyama Gakuin University
participated in the experiments. All were unaware of the
purpose of the experiments, which were conducted as
approved by the Ethics Review Committee on Experimental
Research with Human Subjects at the University of Tokyo’s
Graduate School of Arts and Sciences.

Experimental Tasks
Insight Problem Solving Task
The participants engaged in matchstick arithmetic problems,
including the so-called insight problems (Komazaki &
Kusumi, 2001; Knoblich, Ohlsson, Haider, & Rhenius, 1999).
These problems required solvers to change their
representations to arrive at a solution.
In the matchstick arithmetic problems, the participants
were shown false arithmetic statements written with Roman
numerals (I, II, III, etc.), arithmetic operators (+, -), and equal
signs (=), which consisted of matchsticks.
The participants were asked to move only one matchstick
to transform the given false statement into a true arithmetic
one (Figure 1).
We defined the insight problems in this study as those
shown in Figure 1b. Here, the solution is to make the second
“=” sign by moving the vertical stick in “+,” and to create

tautological equations (III=III=III). This type of problem
should be “ill-defined,” because an assumed initial
representation seems that “an equation has only one equal
sign,” which did not include the path to solution. Therefore,
this could considered an insight problem, which followed the
definition of Kaplan and Simon (1990). We also used a
“tautological equation problem” as an insight problem in this
study. Non-insight problems (Figure 1a) would be solved
without such difficulties caused by the change of mental
representation for an initial problem space.
Learning Task
The second task for the participants was a simple learning
task. This task was the simplest version of a binary choice
task, which is often used in machine learning and in the field
of neuroscience. During this task, the participants were
forced to make a series of choices between two rewards, each
of which was given stochastically and asked to maximize
their accumulated outcome. Thus, the participants must learn
each reward probability from its past reward history to
maximize their outcome (Figure 2). The participants were
instructed that each reward probability was constant in the
experiment and associated with the color of options, red or
green.
This learning task can be understood from two perspectives.
First, this is a task in which the participants learn to make
better choices from trial-and-error, by selecting options and
receiving feedback in the form of rewards. From this
perspective, the learning model for the task is based on
reinforcement learning; the task is regarded as a kind of
bandit task, which is a typical reinforcement learning
problem (Sutton & Barto, 1998). Second, this is a task in
which participants classify the feature of each option (red or
green) into “good” or “bad” based on the success or failure
of the former trials. From this perspective, the task is
regarded as a concept learning task, in which supervised
learning would work (Valiant, 2013).
We designed the learning task, allowing the participants to
employ either of the two learning styles: reinforcement and
supervised learning. Based on each participant’s selection
history, we estimated which of the learning styles they
preferred, using computer modeling and model comparison.

Experimental Procedure
All the participants participated in both the learning and
insight problem solving tasks.
First, they performed 30 trials of the learning task after a
practice session. This practice session comprised 10 trials,
where reward expectation was the same between both options.
In the experimental session, the reward expectations for two
options were 70% and 40%, respectively, which were
assigned randomly to either of the two colors (red or green).
Beforehand, the participants were instructed that each option
had a constant reward probability throughout the experiment
and that they could get a constant outcome, 10 points if
rewarded. The participants selected the right or left option by
pressing a button, and then feedback (a reward or no reward)
was given to them in each trial.
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Then they participated in the matchstick arithmetic task,
which comprised 12 problems (including three insight
problems). Each problem was shown to participants for 30
seconds, then the next problem was displayed automatically.
Participants were asked to solve each displayed problem
within 30 seconds. The order of problems was randomized,
and the display was controlled by a computer.

Learning Models
To classify the participants as reinforcement learners (RLs)
or supervised learners (SLs), we fitted each participant’s
choice history to two models that were explained in this
section.
Reinforcement Learner
Reinforcement learning in computer science is defined as a
dynamic algorithm that learns by interacting with its
environment. The agent receives rewards and updates its
expectation or value by rewards, which were better than
expected, and by penalties, which were worse than expected,
according to value function.
Value function ( Q(a) ) is a function that returns the value
of an action when the action is input. The function continues
to update itself during learning by using the difference
between estimated and actual rewards.
Value ( Q ) for the action choosing red or green option was
calculated in the reinforcement learning model as:

Q(at ) ← Q(at ) + α ( Rt+1 − Q(at ))
t: trial number,

a : {choose red, choose green},

Rt : the

magnitude of reward
Choice probability (P) of each action was estimated by the
following softmax function:

𝑃(𝑎) = 1/(1 + exp(−𝛽(𝒬(𝑎) − 𝒬(𝑎/))))
A parameter “ α ” is the learning rate. It is a step-size
parameter of a positive fraction. It is used to progressively
approximate the optimal policy. The temperature parameter
“ β ” shows how sensitive an agent is to the difference
between the values for actions.
Supervised Learner
Supervised learning in computer science is defined as the
learning in which a function is inferred from labeled training
data. A supervised learning model analyzes the training data
and produces an inferred function. Thus, the training phase
and the subsequent test phase are independent and separated
obviously.
For our supervised learner, first n trials were determined as
the test phase. In machine learning, it is difficult to determine
the appropriate duration of training. However, our purpose
was only to estimate the duration posteriori, thus we
estimated “n” directly as a free parameter. We set the choice
probability in the training phase to be 1/2. After the training
phase, hit probabilities (HP) for red and green options were

calculated. In the test phase, choice probability (P) was
calculated from these hit probabilities (HP) by the following
softmax function:

𝑃(𝑎) = 1/(1 + exp(−𝛽 (𝐻𝑃(𝑎) − 𝐻𝑃(𝑎/))))

a : {choose red, choose green}

We used these two models to fit each participant’s data.
These models are almost the simplest form in the both types
of learning, to elicit characteristics of the participants’
learning styles.

Data Analyses
Our interest is to test whether the performance of insight
problem solving is different between RLs and SLs. For this
purpose, at first, we compared the correct response rate for
insight problems with that for non-insight problems, to check
whether the former were more difficult to be solved the latter.
Then we classified our participants as RLs or SLs according
to the learning models. Finally, we compared the
performance of insight problem solving between the two
learning styles.

Results
Performance in Matchstick Arithmetic Problems
In general, insight problems are more difficult than noninsight ones because of the “ill-defined” problem space for
the former problems. To check whether our insight problems
were more difficult than the non-insight ones, we analyzed
the performance for each type of problem. As a result, the
correct response rate for the insight problems was lower than
that for the non-insight problems (t(44) = 8.637, p < 0.001, as
shown in Figure 3), as we expected. This could be attributed
to our insight problems requiring problem solvers to change
the mental representation of the initial problem space. This
suggested that insight problems could be differentiated from
non-insight ones in our task.

Classification of Participants: Reinforcement or
Supervised Learner
Because the learning task can be solved both by
reinforcement and supervised learning, we applied the two
learning algorithms to the data of the participants’ choices
and compared the goodness of fit between the algorithms for
each participant. Then we classified each participant either as
an RL or SL, according to Akaike’s information criterion
(AIC; Akaike, 1973).
As a result, we classified 23 participants as RLs and 22 as
SLs (Figure 4). We used this classification in our later
analysis.
Moreover, we compared the learning task performances
between RLs and SLs to confirm whether both learning styles
would equally work well. The results showed that the RLs
and SLs showed comparable scores for the learning task,
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Figure 4: Difference in the value of Akaike’s information
criterion (AIC) between fitting by reinforcement learning
model and that by supervised learning model. A value
greater than zero means that the participants’ behavioral
data were better fit by the SL model than the RL model.
Twenty-three participants were RLs, whereas 22 were SLs.
Participants whose AIC difference was close to zero
showed that both learning models were comparable in data
fitting; when the AIC difference became larger, one model
was superior to the other in data fitting.

Figure 3: Correct response rates for insight and noninsight problems. Insight problems were much more
difficult than non-insight ones (t(44) = 8.637, p < 0.001).
Error bars indicate the standard error of the mean (SEM).
(t(43) = 1.711, p = 0.248). Thus, we could say that both
learning styles were beneficial to our learning task (Figure 5).

Insight Problem Solving Performance of
Reinforcement and Supervised Learners
The results for the learning task showed that both types of
learning existed: reinforcement and supervised learning. We
investigated whether there was a difference in the
performances of insight problem solving between RLs and
SLs (Figure 6). For the insight problems, the correct response
rate for RLs was significantly higher than that for SLs (t(43)
= 2.650, p = 0.011), whereas, for the non-insight ones, no
difference was observed (t(43) = 0.517, p = 0.608).
These results showed that the RLs were superior to SLs
only in insight problem solving. Therefore, the nature of
reinforcement learning, and not of supervised learning, has
an impact on insight problem solving.

Discussion
The results showed that the RLs showed better performance
than the SLs only in insight problem solving. This suggests
that the bias for selecting a learning style has an influence on
the results of insight problem solving.
This could not result from the difference of the participants’
general abilities, because we did not find a difference in the
performance of both non-insight problem solving and
learning task. The nature of reinforcement learning, and not
of supervised learning, might have certain advantages in
solving insight problem in which problem space is “illdefined.”
Although reinforcement learning should be active in the
environment, supervised learning learns from the given data.

Figure 5: Mean scores of the learning task for RLs and
SLs. There is no difference in the average score. Therefore,
learning style is neither superior nor inferior to the other in
the learning task (t(43) = 1.711, p = 0.248). The error bars
indicate the SEM.

Additionally, although people can employ both learning
styles, a person primarily employs one style, which seems to
be related to insight problem.
The learning style which supervised learners employed for
the learning task is also interpreted as “explore-then-exploit
strategy” in the computer science domain (Kaelbling,
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Figure 6: Correct response rates for the insight and the non-insight problems by the two types of learning style (supervised
and reinforcement learners). Although the correct response rates for the non-insight problems were comparable between
the SLs and the RLs (t(43) = 0.517, p = 0.608), the RLs showed better performance on the insight problems than the SLs
(t(43) = 2.650, p = 0.011); the participants who preferred reinforcement learning solved the insight problems better. The
error bars indicate SEM.
Littman, & Moore, 1996). Explore-then-exploit strategy is
among the strategies for bandit task, which divides clearly the
task into two phases, namely, exploration and exploitation
phases. During exploration phase, supervised learner
estimates probability of reward by random policy. Then
during the exploitation phase, supervised learner fixes policy
with taking optimal action. On the other hand, reinforcement
learner continuously explores the environment with
Boltzmann distribution even after getting sufficient number
of rewards to take optimal action. The difference between
two learning styles corresponds to that in exploration
strategies. Therefore, the individual difference of exploration
strategy can be measured by model fitness of the AIC
difference in this study. As suggested by RCT and CSPT, a
key in insight problem solving is searching or exploring the
problem space. Taken together, we can assume that the nature
of exploration in reinforcement learning could lead to the
solution of an insight problem. Kaplan and Simon (1990)
stated that flexibility or the willingness to try a variety of
things might facilitate insight.
There are two possible explanations for the way
exploration affected insight problem solving. One is related
to RCT. In RCT, a solver searches the current problem space
quickly while simultaneously searching an appropriate space
to find a path to the solution in a meta-space, which
comprises possible problem spaces. This style requires quick
exploration. Because an RL becomes familiar with the
solution through reinforcement learning, the structure of
her/his problem space might make an extensive exploration
feasible. As a result, such explorations might enable an RL to
change the mental representation of a problem and obtain an
insightful solution rather quickly.

Another explanation is related to CSPT. In CSPT, solvers
manage different kinds of heuristic (maximization and
progress-monitoring heuristics (MacGregor, Ormerod, &
Chronicle, 2001) to explore a large problem space. This is a
merit of reinforcement learning, which allows the
reinforcement learning algorithm to maximize the reward
expectation in balancing exploration for the future outcome
and exploitation of the current knowledge.
In summary, we found that participants who preferred
reinforcement learning showed better performance in insight
problem solving. This suggested that the nature of
exploration in reinforcement learning might facilitate the
search for the goal in problem space. Insight has been
distinguished from an incremental learning process, such as
reinforcement learning, because it is characterized by a
sudden solution with an “aha” experience. Our findings imply
that insight and reinforcement learning might have a link in a
cognitive substrate, intermediated by exploration.
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Abstract
The ability to express negation is an important part of early language. Despite the fact that negation is a complex and abstract
concept, “No” is one of the first words that children produce.
Past analyses have found that children’s early negations tend
to express concepts like refusal (negations expressing that a
child does not want to do something) rather than denial (negations expressing that something is false). Does this mean that
young children are incapable of expressing denial? In Study
1, we examine children’s spontaneous production of negation
and find that some children produce denial negation earlier and
more frequently than past literature suggests. In Study 2, we
examine one possible explanation for individual variation in
children’s negation production: differences in the joint activities that they engage in with their caregivers. A comparison
of two children suggests that reading may be associated with
the production of denial negation. We discuss our data in light
of previous findings, and suggest that certain communicative
contexts are more likely to elicit different types of negation.
Keywords: negation; language production; cognitive development; pragmatics

Introduction
Children begin producing negation at a young age. According
to parent report, 64% of English-learning 16-month-olds produce “no” (Frank, Braginsky, Yurovsky, & Marchman, 2016),
and “no” is some children’s first word (Schneider, Yurovsky,
& Frank, 2015). Negative words like “no” and “not” allow
children to express many different concepts, which poses a
difficult learning problem. What is the developmental trajectory of this abstract, multi-functional word?
Past research has found that preschool-aged children use
negation to express at least three different concepts (Bloom,
1970) and potentially as many as nine (Pea, 1980; Choi,
1988). One of the first types of negation to emerge in children’s speech is refusal, which occurs when children reject
some object or activity. For example, a child might say “no
go outside” in response to a parent asking if they want to go
outside (Bloom, 1970). Refusal is one of the earliest types of
negation to emerge, appearing as early as 13 months of age
(Pea, 1980). Some researchers have also identified prohibition and self-prohibition (Choi, 1988; Pea, 1980) as negations
that children produce when telling another person to stop doing something (e.g. “don’t X”) or issuing a directive to themselves to stop e.g. reaching towards a forbidden object. Refusal, prohibition, and self-prohibition are all similar in that
they are used to influence their own or others’ behavior in the
world, rather than commenting on the true state of the world.
Children also use negation very early to express the concept of nonexistence. For example, a child might say
“no more juice” to describe their empty juice cup (Bloom,
1970). Some researchers have identified two different types

of nonexistence: disappearance, used to describe an object
that has recently disappeared from view, and unfulfilled expectations, which describes the absence of an expected object (Pea, 1980). Nonexistence appears to emerge around the
same time as refusal negation (Bloom, 1970; Pea, 1980).
A third type of negation, denial (sometimes called truthfunctional negation), appears to be the last to emerge. Denial
negations make a statement about the falsity of a proposition.
For example, a child might state “no, apple” in response to
the question, “Is that a biscuit?” (Pea, 1980). Past research
suggests that this type of negation consistently emerges later
than nonexistence and refusal negation, between 18 and 24
months (e.g. Pea, 1980, 1982). From the perspective of children’s logical development, denial is the most abstract and
important type of negation to emerge, and could even subsume other categories of negation (e.g., nonexistence could
be expressed as “it is not the case that X contains objects”).
This order of acquisition, with refusal and nonexistence
emerging early and denial emerging later, has been reported
in several analyses of children’s early negative utterances
(Bloom, 1970; Pea, 1980; Choi, 1988). What is the source
of this developmental trajectory? One possibility is that the
types of negation that emerge earlier are conceptually easier.
Denial negation requires representing and negating a proposition and understanding the abstract concept of falsehood,
whereas refusal negation could be represented in a more affective way (e.g., as an expression of “go away” or “I don’t
want that”), and nonexistence negation could be represented
with a single concept such as “absence” or “empty.” So perhaps when children first begin producing words like “no” to
express refusal, they do not yet have the ability to express
more complex concepts like denial. This line of reasoning
would suggest a constructivist account of children’s acquisition of negation, in which children learn simpler negative
concepts before they develop the abstract concept of denial.
Another possibility, however, is that different contexts give
rise to different functional uses of negation, and that the types
of contexts that young children are typically placed in are
more likely to license refusal or nonexistence compared to
denial negation. For example, when a child is very young and
has little control over her environment, verbally expressing
what she doesn’t want to do or doesn’t want to eat is likely to
be a salient goal. Children learn concepts like nonexistence in
feeding situations (e.g, “all gone”) and through games (e.g.,
“peekaboo”). As children get older and develop more autonomy and a broader range of communicative skills, the goal of
interactions between caregivers and children may shift from
a focus on the child’s wants and needs towards more abstract
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concepts. For example, parents may start to play games with
explicit rules, or ask yes/no questions about abstract concepts
(e.g. pointing to an object and saying “is this an apple?” instead of asking “do you want an apple?”). If the ways that
parents engage with their children changes throughout development, then young children might be more likely to produce
simple negative concepts even if they are capable of representing more abstract and logical types of negation.
In this paper, we explore children’s production of negative
utterances in natural contexts. Our goal is to examine how the
activity or joint action (Clark, 1996) that a child engages in influences negation production. Our results suggest that the developmental trajectory of different types of negation may not
be as consistent across individuals as past researchers have
suggested, and that some differences in children’s early production of logical language may be context dependent.

Study 1
In Study 1 we examined the production of negation in the
spontaneous speech of five children. The goal of Study 1
was to explore whether the pattern of acquisition seen in past
studies (refusal & nonexistence negation emerging early and
denial emerging later) was consistent across children. If this
order of acquisition is consistent across children, it suggests
that the early-emerging negative concepts may be conceptually or linguistically simpler. If some children show diverging
patterns and produce denial earlier, however, then a pragmatic
explanation is possible in which children produce different
types of negation depending on the communicative context.

Method
Corpus We analyzed transcripts of the natural speech of
five children in the Providence Corpus (Demuth, Culbertson, & Alter, 2006). This corpus examines six children1 between one and three years in natural interactions with caregivers in their homes. All children were raised monolingual
in English-speaking homes. Each child was recorded for one
hour twice monthly beginning at the onset of their first words.
Coding We created a database of all utterances in which
the children produced “no”, “not”, or any “-n’t” contraction.
Utterances were presented to coders with ten preceding utterances and two succeeding utterances as context to help correctly identify the function of the utterance. Every negative
utterance was double coded by author AN and a research assistant who was extensively trained on the coding scheme.
We developed a coding scheme with nine classifications
to capture the wide range of meanings that can be expressed
using negation (see Bloom, 1970; Pea, 1980; Choi, 1988):
Denial: A statement that a proposition is false (e.g. “that’s
not an X” or “Is it a triangle?” “No”).
Refusal/Rejection: Negative responses to requests or demands, e.g., “You want me to read you a book?” “No”.
1 One child later received an Autism Spectrum Disorder diagnosis and was excluded from the current analysis.

Prohibition: Negative commands directed at another person, e.g., “Don’t do that”.
Self-Prohibition: Negative commands directed at the self,
e.g., “No” while reaching towards a forbidden object.
Failure: A negation produced when an action doesn’t go
according to plan or a child is unable to execute an action,
e.g. “not work” in response to a broken toy.
Disappearance: A negation expressing that an object that
was recently present is no longer visible, e.g. “no juice” to
describe an empty juice cup.
Unfulfilled Expectations: A negative utterance expressing
surprise when an object is not in the expected places, e.g. “no
cookie” when looking in a cookie jar.
Two additional codes captured utterances that did not fall
into the above categories. Repeat was used for cases where
the child imitated the caregiver’s immediately preceding utterance or repeatedly produced the same word (e.g. For “No
no no!” in response to “Do you want to take a bath?”, only the
first instance would be coded as refusal). Unclear was used
when the meaning could not be inferred from the context or
when the negation did not fit into the above categories.
Data Processing A total of 9,822 utterances were coded
for this analysis. We removed any utterance that was coded
by either coder as repeat (1,445 utterances) or unclear (179
utterances), leaving a total of 8,198 utterances. Reliability between the two coders on the remaining utterances was
κ = .60, p < .001, 73% agreement. This reliability was consistent across age groups: For utterances produced at age one,
κ = .57, p < .001, 73% agreement; for utterances produced
at age two, κ = .60, p < .001, 74% agreement, and for utterances produced at age three, κ = .57, p < .001, 71% agreement. Agreement was highest for the two most common types
of negation, denial (82% agreement) and refusal (72% agreement). These two negation types accounted for 80% of the
utterances for coder 1, and 78% of the utterances for coder 2.
For the analyses presented below we only analyzed utterances where there was consensus between the two coders
(5,971 utterances). Although the reliability and agreement
between the two coders was relatively low due to the ambiguity of many of the transcribed utterances, the results discussed below are consistent even when analyzing the data for
each coder individually; any differences between the consensus data and the individual coder data are noted.

Results and Discussion
We found notably different patterns of negation production
across the five different children. Figure 1 shows the relative
proportion of different types of negation for each child in a
given month of their life (i.e., all proportions within the same
month for a particular child sum to one). Across all children,
the most common negative utterances by far were refusal
(41% of all agreed utterances; 41% for coder AN and 35%
for coder NP) and denial negation (44% of all agreed utterances; 40% for coder AN and 44% for coder NP). Unlike past
studies, we saw very little nonexistence (disappearance or un-
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Figure 1: Relative proportion of different negation types for each child. Different colors represent different types of negation.
Each point represents the proportion of that type of negation within that month of a child’s life (approximately two hours of
natural speech). The size of each point corresponds to the number of negative utterances of that type produced in that month
(ranging from a single utterance to 156 utterances). The vertical dotted line marks 18 months for each child, and gray bands
mark each year. Colored lines represent linear models fit for each negation type for each child.

fulfilled expectations) in any of the children’s speech. For all
children, the relative amount of refusal that children produced
decreased as they got older, while the relative amount of denial that children produced increased. This pattern is consistent with the findings in past literature: refusal emerges early,
while denial emerges later (Bloom, 1970; Pea, 1980).
Contrary to past findings, we found evidence that children
produce denial negation prior to 18 months. Although these
utterances were rare, three of the five children in our sample
produce some denial negation before 18 months of age. Two
of the five children (Violet and Naima) produced as much
or more denial negation than any other type throughout the
duration of the study, and a third (Lily) produced more denial negation than any other type starting at approximately
24 months. Alex and William produced a very different pattern: These two children produced almost entirely refusal in
the first year, and continued to produce more refusal than any
other type of negation throughout the duration of the study.
Why do some children produce denial earlier and more frequently than others? One possibility is that these children
have advanced conceptual development; that is, they may be
capable of forming complex representations and abstract concepts such as “falsity” earlier than their peers. Given that the
recordings in the Providence Corpus begin at the onset of first
words, however, these data suggest that the conceptual development required to produce denial occurs prior to or very
shortly after children begin producing language.
Another possibility–one that appears more consistent with
our data–is that context plays a role in the types of negation
that children produce. That is, children who produce denial
frequently at a very young age may be doing so because of the
interactions that they are engaged in with their parents during
these recorded sessions, rather than advanced conceptual development. The parents of the children who produce denial
frequently may have engaged in more “naming” games (e.g.,
Mother: Is it called a circle? Violet (2;2): No, it’s called a

square) that promote the production of denial negation. This
could be due to persistent differences in how parents interact
with their children, or simply differences in the activities that
parents happened to engage in during the videotaped sessions.
Past researchers may have found that refusal and nonexistence emerged earlier because the contexts that license these
types of negation are very common for young children. For
example, refusal negations may be more common when a parent is feeding a child (e.g., Mother: You want me to cut up
an apple for you? Violet (2;1): No. I wanna drink my drink.)
Nonexistence negation may be more common in these contexts as well, e.g., a child saying “all gone” when she has
finished eating.2 In Study 2, we test the hypothesis that the
individual differences in children’s negation seen in this analysis may be due to the different activities that parents and
children were engaged in during the recording sessions.

Study 2
In Study 2, we examined the activities that children were engaged in during a sample of 24 videotaped sessions from two
of the children in Study 1. Our goal was to explore the possibility that the differences we observed across children are
associated with differences in the kinds of joint activities that
children engaged in with their caregivers.
Method
Corpus Study 2 used the same corpus from Study 1 (Providence Corpus; Demuth et al., 2006). Two children (Alex
and Lily) who exhibited different patterns of negation production in Study 1 were selected for this analysis (Alex tended to
produce more refusal in Study 1, and Lily tended to produce
more denial). Twelve videotaped sessions were selected for
each child. In order to sample videos from the same developmental range for both children, we randomly selected four
2 We did not measure this common implicitly negative expression, perhaps explaining low levels of nonexistence in our analysis.
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Data Processing Because we did not see noticeable differences in negation production across the four different “play”
codes, we collapsed them in the following analyses for simplicity. In the analyses below, we present only five categories:
read: The “Read” code.
talk: The “Talk” code.
eat: The “Eat” code.
play: All four of the “Play” codes
other: “Alone”, “Unknown”, or “Other” codes.

Proportion of overall time
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0.50
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0.25

Results and Discussion

other

0.00
Alex

Lily

Child
Figure 2: Proportion of time spent in different activities for
each child. Colors refer to the different types of activities that
children engaged in with their caregivers.

videos per child from the period when the children were between 18 and 23 months, four from the period between 24
and 35 months, and four from the period between 36 and 47
months. Within each age bin videos were randomly selected
using the sample_ n() function in dplyr version 0.5.0.
Coding Videos were coded using Datavyu by a single coder
using the following coding scheme. For the sake of coding efficiency, each time bin received a single code, with activities
higher in the list below taking precedence. Because we were
specifically examining the joint activities between child and
caregiver (Clark, 1996), children were coded as “alone” anytime they were engaged in a solitary activity.
Alone: The adult is off-screen or not engaging with the
child, even if the child is engaged in a different activity.
Eat: The child is eating food or being offered food, even if
another activity is happening simultaneously.
Read: The parent and child are interacting with a book or
any 2-dimensional pictures (e.g. labeling photographs).
Play-S: The parent and child are engaged in a game like
patty-cake, peekaboo, or singing songs/nursery rhymes.
Play-C: The parent and child are engaged in some creative
activity (e.g. drawing, playing with playdough, etc).
Play-T: Any type of play activity that involves physical objects/toys and does not fall into one of the above categories.
Play-O: Play that does not fall into an above category.
Talk: Any communicative interaction between parent and
child that does not fall into the above categories.
Other: Activities that do not fall into an above category.
Unknown: Used when if the activity cannot be inferred
from context (e.g. child off-screen or poor video quality).

The goal of Study 2 was to examine whether individual differences in negation production might be associated with individual differences in the kinds of joint activities that children
participated in. In Study 1, Alex tended to produce more refusal than denial, and Lily tended to produce more denial than
refusal. Figure 2 shows overall differences in the types of activities that each child engaged in. Alex spent the majority of
his time–78%–engaged in different types of play. Although a
plurality of Lily’s time was also spent in play, this only constituted 36.6% of her time overall. 36.3% of Lily’s time was
spent being read to, compared to 3.5% of Alex’s time.
Next we incorporated the data from Study 1 to examine
whether negation production varied across activities (see Figure 3). Lily produced more denial than any other type of
negation. For most activities Alex showed a different pattern,
producing more refusal than any other negation type. The exception to this was reading; during reading activities 72% of
Alex’s negations were denial compared to 9% for refusal.
Lily and Alex differ in many ways – Lily produced longer
utterances earlier, perhaps leading to more opportunities to
use denial. Nevertheless, both Alex and Lily use much more
denial during reading. Thus, these data suggest that there
might be something special about reading that elicits more denial than refusal. When parents read to children, they might
be more likely to ask children questions about the truth of
statements (e.g., “is that a doggie?”), which are more likely
to give rise to denial negation compared to statements about
a child’s wants or needs (which might elicit more refusal).
For several of the activity categories, individual differences
between the children continued to persist. This was especially
striking when the children were eating: 100% of Alex’s negations during eating episodes were refusal, compared to 43%
for Lily. One possibility is that the caregivers engaged in different kinds of communication during eating episodes. Lily’s
caregiver may have asked questions about the food (e.g., “Are
you eating a cookie?”, which could elicit a denial negation)
whereas Alex’s caregiver may have asked more questions
about wants and needs (e.g., “Do you want a cookie?”, which
could elicit a refusal negation). Another possibility is that
Alex and Lily may have been engaging in other activities simultaneously. A limitation of our coding scheme is that each
time bin only received a single code, and eating took precedence over other activity codes (e.g., an eating activity for
Lily could involve eating and being read to at the same time).
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Figure 3: Proportion of different types of negation produced during different joint activities for each child. Colors represent
the different negation types that children produced.

A more fine-grained analysis of the kinds of joint communication between child and caregiver could give us a clearer
picture of the source of individual variation in future work.

General Discussion
Negative words like “no” and “not” allow children to express
important concepts such as refusal and denial, making them
important but potentially challenging for children to learn.
Past literature has suggested that children first use negation
to express concepts like refusal, and only later acquire denial negation. In Study 1 we examined children’s natural
production of negation, and found that children’s acquisition
of negation was not as consistent as past studies would suggest, with some children producing denial negation earlier
and more frequently than others. In Study 2 we looked at the
joint activities between children and their caregivers as one
possible source of this individual variation, asking whether
children are more likely to produce specific types of negation
in different contexts. We found that reading, in particular,
was associated with increased denial negation.
Why might children produce more denial when they are
being read to? When parents read to children, they may be
more likely to engage in “naming games” – e.g, asking a
yes/no question about an object, or deliberately mis-labeling
an object. Past work has found that children as young as 18
months spontaneously produce “no” or “not” in response to
deliberately false statements (e.g., pointing to an apple and
saying “that’s the biscuit”) (Pea, 1980) and yes/no questions
(e.g., pointing to a dog and asking “is this a cat?”) (Hummer,
Wimmer, & Antes, 1993). These kinds of language games
between parents and children test children’s noun vocabulary and category knowledge, but also inadvertently encourage children to evaluate the truth of their parents’ statement
and produce denial negation when appropriate. Parents may
play these naming games more often when reading books to
children, in order to keep children engaged with the story.

Our analyses in Study 2 cannot fully account for all differences in children’s negation production. Lily produced more
denial than Alex in all activities besides reading. This individual variation might be explained by broad differences in
how parents engage with their children. For example, some
parents may tend to direct their child’s activities rather than
following their child’s lead; these children may then produce
more refusal in an attempt to assert their autonomy. Other
parents might tend to engage in the kind of “language games”
described above even outside of reading activities.
A related possibility is that children with more “advanced”
conceptual development are more receptive to abstract questions about truth (e.g., pointing to a cow and asking “is that
a horse?”), leading parents to engage in this kind of “naming game” more frequently. In our sample, Lily had a higher
mean length of utterance (MLU) compared to Alex (Lily’s
MLU from ages 2-3 was 3.0 compared to 2.2 for Alex; Lily’s
MLU from ages 3-4 was 3.1 compared to 2.6 for Alex)3 .
Thus, it is possible that Lily was more linguistically and cognitively precocious than Alex, leading her to produce more
complex negations and making her more receptive to reading, which could in turn elicit even more denial. Future work
examining children’s negation production in controlled experimental settings could help tease apart the causal role that
reading might play in children’s denial production.
A reasonable critique of Study 2 is whether the videotaped
sessions are accurate representations of these children’s dayto-day lives. For example, Lily spent 36% of her time in these
videos being read to, and while reading may have been a popular activity of Lily’s, it is unlikely that she actually spent a
third of every day engaged in reading. Some (or many) of
the differences between children may reflect differences in
the types of activities parents chose to engage in during the
videotaped sessions, rather than consistent differences in how
3 MLU in words was calculated using childes-db (Sanchez et
al., 2018)
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these children spent their time.
One interesting feature of these data is that all of the children who produced more denial than refusal in Study 1 are
female, and both children who produced more refusal than
denial are male. Could gender be playing a role in these individual differences? We cannot determine if this generalization is reliable with such a small sample of children. Furthermore, past studies of children’s production of negation
examined both boys and girls, so gender cannot explain the
differences between our findings and past work. It is interesting to consider, however, whether gender might interact with
context. For example, parents might be more likely to issue
directives to their male children, or might be more likely to
play naming games with female children. Whether this is the
case (and the possible causal direction of these relationships,
e.g. is this driven by something innate about male vs. female
children, or society’s expectations about how male vs. female
children should behave?) is a potential area for future work.
Our analysis of children’s production of negation here
raises questions about how much children comprehend about
negation. Past studies have found that children as old as three
have difficulty comprehending denial negation (Kim, 1985;
Nordmeyer & Frank, 2014). The results of Study 1, however,
suggest that children do understand denial negation, because
they are producing it spontaneously prior to age 2. Several
studies have found that 3-year-olds’ ability to comprehend
negative sentences depends on pragmatic context (Nordmeyer
& Frank, 2014; Reuter, Feiman, & Snedeker, 2017), and recent studies of children’s comprehension of denial have found
comprehension in children as young as 26 months when
tested in more natural, game-like contexts, (Austin, Theakston, Lieven, & Tomasello, 2014; Feiman, Mody, Sanborn,
& Carey, 2017). These findings suggest that at least some
of children’s difficulty with the comprehension of negation is
contextual. It is possible that children are capable of representing denial negation as young as 18 months, but struggle
to respond correctly to tests of negation comprehension due
to task demands (though see Reuter et al., 2017 for an argument that semantic processing plays an important role in
2-year-olds’ difficulty with negation comprehension).
In sum, the developmental trajectory of negation is not as
consistent as past work has suggested, with noticeable individual variation in children’s production. Children who produce denial very early may do so in part because they are
more frequently engaged in interactions that license denial
(e.g., parents asking yes/no questions about objects, perhaps
especially in book reading contexts). This work supports a
growing body of evidence (e.g. Nordmeyer & Frank, 2014;
Austin et al., 2014; Feiman et al., 2017; Reuter et al., 2017)
suggesting that contextual factors play an important role in
children’s difficulty with negation.
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Abstract
We hypothesized that college biology students difficulty interpreting relationships depicted in evolutionary trees (cladograms) at least partly reflects their responding based on Gestalt grouping principles. Students from non-majors introductory, majors introductory, and upper-level biology classes (N = 310) evaluated two pairs of cladograms after classroom
instruction on evolutionary trees. The cladograms in each pair depicted the same evolutionary relationships among three
target taxa but grouping of those taxa differed due to Gestalt principles. Students were asked which cladogram best represents the specified relationships among the target taxa or whether both cladograms are equally good (the correct answer).
As predicted, for all three biology groups, students responses most often were consistent with the Gestalt principles of
grouping rather than with the pattern of evolutionary relationships (M = 1.28 out of 2; t(309) = 13.55, p ¡ .001). Clearly,
biology instruction needs to address the potentially interfering role of Gestalt grouping.
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Abstract
Simple probability judgments pervade human experience.
Decades of research have revealed a pattern of heuristic errors
in simple random draw predictions of both children and adults.
Participants often make their choice based on the magnitude of
the target or the non-target set without relating the two quantities. In a series of experiments, we demonstrate that this bias
is robust in both timed and untimed tasks (Experiment 1) and
may be overcome when the child is given the adequate amount
and type of feedback (Experiment 2).
Keywords: Probabilistic reasoning; proportional reasoning;
cognitive development; numerical cognition

Introduction
Probabilistic reasoning provides the developing mind with a
powerful domain-general tool for making use of the highly
variable data encountered throughout life. Children in the
US learn the formal principles of probability theory in school
around the age of 12, yet research on children’s understanding of probability indicates children develop intuitions about
uncertain outcomes at much younger ages (Denison & Xu,
2014; Falk, Yudilevich-Assouline, & Elstein, 2012; O’Grady
& Xu, submitted; Teglas, Girotto, Gonzalez, & Bonatti, 2007;
Xu & Garcia, 2008). What is the relation between a child’s
intuitive understanding of probability and their formal understanding?
Children’s ability to quantify probability has been studied
for decades. Piaget & Inhelder (1975) were the ﬁrst to use
the 2-alternative forced choice (2AFC) random draw task to
assess children’s ability to use quantity information. In this
task, the child is asked to choose between two distributions
with varying amounts of different color tokens. Decades of
research on the topic have led to methodological and procedural reﬁnements (Chapman, 1975; Falk et al., 2012; Fischbein,
Pampu, & Mnzat, 1970; Yost, Siegel, & Andrews, 1962) with
the most recent of these reports offering a more accurate assessment of probabilistic decision making.
Falk et al. (2012) devised a strategy assessment task involving 24 binary random draw comparisons to study children’s use of rule-based reasoning in the random draw task.
Falk et al. (2012) distinguished between four possible strategies that children use in the self-paced task. Children are
thought to transition through the four strategies as their understanding of probability becomes more sophisticated. At
ﬁrst, children focus on one-dimension of the problem such
as the target or non-target events. One-dimensional strategies
include choosing the distribution with a greater number of
winning marbles (‘greater win’) as well as choosing the distribution with the smaller number of losing marbles (‘lower
loss’). Eventually they learn to integrate the two-dimensions

into more complex strategies. Two dimensional strategies include choosing the bin with the greater difference between
winning and losing beads (‘greater difference’) as well as the
correct proportional strategy (‘correct proportion’, i.e., number of winning beads out of the total of winning and losing
beads). Importantly, Falk et al. (2012) found that by age 8,
about half of the children in their sample demonstrated the
ability to use the correct proportional strategy and the proportion of children using this strategy increased with age (from
4-11).
Decades of research on proportional reasoning and rational number processing more broadly have shown that young
children (Boyer, Levine, & Huttenlocher, 2008; McCrink &
Spelke, 2016; Mix, Levine, & Huttenlocher, 1999; Sophian
& Wood, 1997) and even infants (Denison & Xu, 2014; McCrink & Wynn, 2007) are capable of accurately representing proportions. Yet, evidence with older children suggests
their probabilistic decisions are sometimes biased toward distributions with a greater number of target marbles (O’Grady
& Xu, submitted). In this study, we used the 2AFC design
with large numbers of marbles presented for a short amount
of time, forcing the participant to rely on approximate representations of number. Results revealed that children and
adults show a ‘whole number bias’ for non-symbolic ratio
comparison tasks (O’Grady, Grifﬁths, & Xu, 2016) and this
bias tends to decline with age (O’Grady & Xu, submitted).
However, it is possible that this ‘whole number bias’ could
be an artifact of the timed nature of the task.
In Experiment 1, we investigate whether children’s response bias is an artifact of the timed nature of the approximation task or whether it indicates an inaccurate understanding of the proportional nature of probability. We hypothesize that children use the same heuristic-based decision strategies when reasoning about both exact and approximate nonsymbolic probabilities. Based on this hypothesis we predict
children will make similar errors in a timed ‘probability approximation task’ and an ‘exact numerical value probability
task’ involving comparisons of proportions. In Experiment
1 we test this by asking children to perform the probability
approximation task as well as a computerized version of the
strategy assessment task used by Falk et al. (2012).

Experiment 1 Methods
Participants
Fifty children between the ages of 7 and 10 were recruited
from museums, schools and homes in the San Francisco Bay
area (N = 50; 9 7-year-olds, Mean age = 7.59, SD = 0.34;
11 8-year-olds, Mean age = 8.3, SD = 0.35; 14 9-year-olds,
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Mean age = 9.45, SD = 0.34; 16 10-year-olds, Mean age =
10.32, SD = 0.27). Parents of the children provided written
informed consent in accordance with regulations established
by the UC Berkeley Committee for the Protection of Human
Subjects. Although Falk et al. (2012) recruited children ages
4-12, we decided to focus our recruiting efforts on the older
children as the older children were more likely to understand
the proportional nature of probability.

Material
We deployed 2 different 2AFC tasks using the psychophysics
toolbox written for the MatLab programming language. In
both tasks, we present children with images depicting two different groups of marbles separated by a black partition. Each
group contained marbles with two different colors and participants were asked to choose one of the two groups in order
to draw a marble of a certain color. In both games, images
were created using Blender (Version 2.78). Figure 1 presents
example images for each trial type used in both tasks.

Exact Numerical Value Probability Task Images consisted of two small groups of green and purple marbles and
trials fell into four categories which were used by Falk et
al. (2012) to differentiate the 4 different strategies children
can use. Following Falk et al. (2012) each trial was internally labeled with the number of green and purple marbles as
well as the trial type designators ‘GGGG’, ‘GGGS’, ‘SSSG’,
and ‘SSSS’. Brieﬂy, the placement of letters represents the
dimension of comparison and the letter itself relates the ‘winning’ to the ‘loosing’ choice. For example, on ‘GGGG’ trials, the ‘winning’ distribution has a greater number of target
marbles (1st G), a greater number of non-target marbles (2nd
G), a greater sum of both target and non-target (3rd G) and
a greater difference between target and non-target marbles
(4th G). For comparison, trials marked with ‘SSSS’ consist
of distributions in which the ‘winning’ choice contains fewer
target, fewer non-target, a smaller total, and smaller difference of marbles than the ‘losing’ choice. Children were instructed to count all of the marbles in each of the groups on
the screen before making a decision. This is in contrast to the
‘probability approximation task’ in which children are prevented from counting by a brief stimulus presentation time
and a large amount of marbles in each group.

Procedure

Figure 1: Example images for trial types in both
probabilty approximation task (A) as well as the
exact numerical value task (B). Red is the target
color marble for the imgaes in (A) and green is
the target color marble in (B).
Probability Approximation Task Images contained two
groups of marbles which varied on the ratio of proportions
of target marbles. Importantly, three different trial types were
used in this task: (1) ‘total equal’ trials contained the same
total number of marbles in each group, (2) ‘number vs proportion’ trials contained a larger number of target marbles in
the group with a lower proportion of target marbles, and (3)
‘area-anticorrelated’ trials contained marbles which varied in
size such that the surface area of target color marbles was
a greater proportion of the total surface area in the ‘losing’
distribution and a smaller proportion of total surface area in
the ‘winning distribution’. If children rely on faulty heuristic
rules such as ‘pick the group with the largest number of target
marbles’ their performance would be signiﬁcantly lower on
‘number vs proportion’ trials compared to both ‘total equal’
and ‘area-anticorrelated’ trials. Importantly, each image was
presented for 1500ms to prevent children from counting.

Children were seated approximately 60 cm away from a MacBook Pro laptop (OSX; Screen resolution 1280 x 800) on
which they viewed the images for each task. For logistical
reasons, 40 of the 50 participants performed the ‘probability approximation task’ ﬁrst and an additional 10 participants
were recruited for the reverse order once data collection for
O’Grady & Xu (submitted) was complete. In the ‘probability
approximation task’ children were instructed to choose the
bin they thought was best of getting a target color marble.
During the instructions for the ‘exact numerical value probability task’, children were given the same instructions except
they were prompted to count all of the marbles in each group
before making a choice and were informed that they could
take as long as they needed to make a decision. Children
completed 24 trials in this manner with a brief intermission
after the ﬁrst 12 trials.

Experiment 1 Results
We ﬁrst calculate each participant’s strategy based on their
responses to the 24 trials of the ‘exact numerical value probability task’. Results revealed that performance was signiﬁcantly positively correlated with age (Pearson’s r = .31, 95%
CI [.04, .54], t(48) = 2.28, p = .027) indicating that children
rely on more complicated and accurate strategies as they get
older. Figure 2 presents the proportion of children using each
of the 4 strategies by age group. Next, we investigated the
relation between children’s strategy as measured by the ‘exact numerical value probability task’ and their performance
on different trial types in the ‘approximate probability task’.
Ten participants did not complete the ‘approximate probability task’ leaving a total of 40 participants with which to com-
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Proportion of Children by Strategy and Age
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In the ‘exact numerical value probability task’, children were
instructed to count the marbles in each group and in the
‘probability approximation’ task they were prevented from
counting yet performance on the two tasks was correlated.
More speciﬁcally, children relying on 2-dimensional strategies outperformed children using 1-dimensional strategies on
the ‘number vs proportion’ trials of the probability approximation task. These results suggest that children used the similar decision making strategies when they knew the exact numerical values of small numbers as well as when they approximated large numbers of marbles presented for 1.5 seconds.
However, since the two tasks were not properly counterbalanced, it is impossible to completely rule out order effects.
While it is clear that children’s strategy use improves with
age it is unclear how this learning process unfolds. In Experiment 2, we investigate the inﬂuence of feedback on children’s strategy use by ﬁrst assessing children’s strategies and
then we presenting them with a series of 2AFC random draw
task trials during which children are given feedback. Finally,
we present test trials designed to investigate whether children
changed their strategy. Based on previous research (Falk et
al., 2012), we hypothesize that young children are capable of
learning to use the correct strategy but only when provided
with examples that do not ﬁt their incorrect understanding.
We predict that children can learn to make correct choices in
the 2AFC random draw task if they are presented with trials
that conﬂict with their strategy.
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Number vs Proportion
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pare the two tasks. Within this subsample, we ﬁnd that (24)
children (60%) used the ‘greater win’, none of the children
used the ‘lower loss’ strategy, (6) children (15%) used the
‘greater difference’ strategy, and (10) children (25%) used the
formally correct proportional strategy.
Children’s strategies in the ‘exact numerical value’ task
were correlated with their performance in the ‘probability
approximation’ task (Pearson’s r = .48, 95% CI [.19, .69],
t(38) = 3.34, p = .002). Furthermore, this correlation was
driven by performance on ‘number vs proportion’ trials (r =
.66, 95% CI [.44, .81], t(38) = 5.47, p < .001) in the probability approximation task as children’s strategies did not correlate with performance on either ‘total equal’ trials (r = .10,
95% CI [−.22, .40], t(38) = 0.64, p = .526) or ‘area anticorrelated’ trials (r = .11, 95% CI [−.21, .41], t(38) = 0.69,
p = .495). Figure 3 presents the proportion of correct choices
by ratio of proportions for children using the 1-dimensional
(A) and 2-dimensional strategies (B). The diamond symbols
on the far-right side of the graph indicate the proportion of
correct responses for the easiest ratio of proportion comparisons and those on the left side represent the most difﬁcult
comparisons. Note that the children using the 2-dimensional
strategies perform at greater than chance levels on many
‘number vs proportion’ trials while children employing the 1dimensional strategy are largely at or below chance for these
same trials as indicated by the red diamonds.
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Figure 3: Performance on the ’probability approximation task’ by ratio of proportions and trial
type. A) Children using one-dimensional strategies. B) Children using two-dimensional strategies’ task. The x-axis plots the log of the ratio of
proportions for trials in the ’probability approximation task’.’

Experiment 2 Methods
Participants
Fifty-seven children between the ages of 6 and 11 were recruited from museums, schools, and homes in the San Francisco Bay area. Data from ten children were excluded from
this sample. One child decided stopped the game early, three
children were coached by their parents, and four children
were excluded due to equipment malfunction or experimenter
error. An additional two children were excluded because their
average reaction time on the assessment phase was lower
than 3 seconds and thus did not have enough time to count
the marbles as instructed. Our current sample consisted of N
= 47 children (5 6-year-olds, Mean age = 6.52, SD = 0.13; 5
7-year-olds, Mean age = 7.5, SD = 0.29; 7 8-year-olds, Mean
age = 8.53, SD = 0.25; 17 9-year-olds, Mean age = 9.5, SD =
0.32; 9 10-year-olds, Mean age = 10.5, SD = 0.29;4 11-yearolds, Mean age = 11.64, SD = 0.34).

Material
We made an additional set of 24 images containing two empty
gumball machines and groups of green and purple marbles to
the side of each machine. We created images with the same
numbers of marbles as each of the 24 trials in the ‘exact numerical value probability task’ in Experiment 1. Figure 4
presents an example image along with two example images
used to provide feedback for the participant’s choice.

Figure 4: Example images used for presentation and feedback in both the ’conﬂict’ and ’test’
phases

Procedure
Experiment 2 consisted of three phases. First, children performed the ‘exact-numerical-value- probability task’ in the
assessment phase in order to identify the child’s strategy. The
Matlab program recorded the participant’s choices and determined the participant’s strategy score. Children using the
‘greater win’ strategy were coded as ‘1’, ‘lower loss’ strategy
was coded as ‘2’, ‘greater difference’ strategy was coded as
‘3’ and the correct proportional strategy was coded as ‘4’.
In the conﬂict phase, children were semi-randomly assigned to one of two conditions in which they were given
feedback about their choices. For each group of strategy
users, children were assigned evenly and pseudo-randomly
into ‘high conﬂict’ or ‘low conﬂict’ conditions consisting of

12 trials. We chose this method to ensure that there were an
equal number of children using each strategy in both high and
low conﬂict conditions. Children were told that in this part of
the game they will get to see what color marble they get by
looking in the tray of the gumball machine that they chose.
Since there was no effect of target color in either task of Experiment 1 we decided that all participants would be asked
to collect green marbles. Importantly, feedback was given
deterministically, meaning that if the child made the mathematically correct choice, they receive a green marble and if
they chose incorrectly they received a purple marble. The set
of 12 conﬂict trials were matched to the strategies children
used such that if the child used their strategy on every trial
they would receive 12 purple marbles and thus children in
this condition experience higher conﬂict between the predictions of their strategy and the actual outcomes. In contrast,
children in the low conﬂict condition as well as children who
used the correct proportional strategy during the assessment
phase were given 12 trials randomly selected from the set of
24 trials. Due to the random trial presentation, some trials in
the low conﬂict condition will conﬂict with their strategy and
provide negative feedback while other trials are in agreement
with their strategy and provided positive feedback. Importantly, the low conﬂict condition is an example of an active
learning scenario in which the trials are a random assortment
of the possible trials. In contrast, the high conﬂict condition
represents a guided learning scenario in which the teacher (in
this case the Matlab program) knows the child’s level of understanding and provides the type of examples necessary for
the child to overcome their errors.
Finally, during the test phase, the children were asked to
play 4 more trials in which they can win prizes depending on
how many green marbles they get. Before the beginning of
the test phase, children are reminded that they should count
the number of marbles in all of the groups and that they can
take as long as they need to make a decision. Children’s responses were recorded and all participants received 2 prizes
to thank them for participating regardless of the number of
green marbles they collected. In this preliminary task we decided to present children with 4 test trials rather than the full
set of trials used in the assessment phase in order to keep the
overall time for the experiment below 20 minutes in length.

Experiment 2 Results
Results from the assessment phase indicated that the majority
of children in Experiment 2 utilized one-dimensional strategies. 27 children (57.45%) used the ‘greater win’ strategy, 5
children (10.64%) used the ‘lower loss’ strategy, 8 children
(17.02%) used the ‘greater difference’ strategy, and 7 children (14.89%) used the correct proportional strategy. Figure
4 presents the proportion of children using each strategy.
In order to compare children in high and low conﬂict conditions we calculated the average number of correct responses
for each child in both the assessment phase and test phase.
Importantly, children who used the correct proportional strat-
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(Best Practices, 2017). In Experiment 2 we demonstrate that
feedback inﬂuences children’s choice strategy but only when
they are provided with decisions in which a correct choice
conﬂicts with their strategy’s choice.

Proportion of Children by Strategy and Age
1.00

Proportion

Experiment 2 Discussion

General Discussion
Findings from Experiments 1 and 2 suggest that children from
the US progress slower in their understanding of the proportional nature of probability compared to children in Israel
(Falk et al., 2012). Importantly, children in the current US
sample appear to use the correct proportional strategy around
the same age that the Common Core State Standards suggest
they should be formally introduced to probability in school
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Figure 5: Proportion of children using each strategy by age group.
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Results from the conﬂict and test phases indicated that children were able to switch strategies after being provided with
enough negative feedback using trials which conﬂicted with
their strategy suggesting that younger children are capable of
using the correct proportional strategy if they are provided
with enough evidence that their original strategy is not working. Previous research has investigated the inﬂuence of instruction and feedback on children’s understanding of probability. Fischbein et al. (1970) presented 5- to 13-year-old
children with a similar 2AFC random draw task. On trials
containing the same ratio of marbles, younger children systematically chose the distribution with the larger number of
target objects. Following instruction, performance on these
trials increased to chance levels. However, since Fischbein et
al. (1970) did not assess children’s strategies their instruction
conditions were not tailored to the child’s prior understanding
of probability. Furthermore, when performance is at chance
level, it is difﬁcult to discern whether children had learned the
correct strategy or whether they were choosing randomly.
Note that in Experiment 2 feedback was provided deterministically in both conditions. While we view this as an
important control for comparing the high and low conﬂict
conditions we recognize this this method limits the ecological validity of the feedback tasks. Falk et al. (2012) investigated whether children will change their choice after viewing
the outcome of a random draw and thus children in their task
were provided with probabilistic feedback. Results revealed
that children’s choices were less consistent following a losing
draw compared to a winning draw and that this difference declined with age. However, since children were only presented
with each trial twice, the authors did not investigate whether
this feedback inﬂuenced their overall strategy. Future work
will address the inﬂuence of probabilistic and deterministic
feedback on children’s probability judgments.

Age

0.4

egy were not included in the analyses of the conﬂict and test
phases because they could not be assigned to a high conﬂict
condition. For the assessment phase, children in the high
conﬂict condition were not signiﬁcantly different from those
in the low conﬂict condition (ΔM = 0.03, 95% CI [−0.13,
0.07], t(35.50) = −0.62, p = .537). However, during the
test phase, children in the high conﬂict condition (74% correct) performed signiﬁcantly better than children in the low
conﬂict condition (32% correct; ΔM = −0.42, 95% CI [0.26,
0.58], t(36.63) = 5.29, p < .001). Figure 5 presents the average performance of children in both conﬂict conditions.

Figure 6: Average test trial performance by condition.
The literature on probabilistic reasoning suggests that even
infants have an intuitive understanding of the proportional nature of probability (Denison & Xu, 2014; Teglas et al., 2007;
Xu & Garcia, 2008) yet ﬁndings from the current study indicate that older children make errors similar to those reported on the ‘whole number bias’ in fraction learning (Ni
& Zhou, 2005). According to the Integrated Theory of Mathematical Development (Siegler, 2016) children learn rational
numbers by analogy to whole numbers. From this perspective, the ‘whole number bias’ occurs when they inappropriately extend whole number properties to rational numbers.
Indeed, previous research on proportional reasoning suggests
that children can make accurate proportional match choices
when provided with continuous proportions compared to dis-
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cretized proportions (Boyer et al., 2008) and it is believed
that familiarity with counting objects plays a role in their errors with discretized proportions. We suggest that a similar
‘whole number bias’ is at work in explaining the errors children make in our probability tasks. When children are given
the right amount of feedback (as in Experiment 2) they realize
that their whole number strategy is wrong and are able to fall
back on their intuitive sense of probability, using proportional
reasoning correctly.
When children enter the classroom, they do not enter as a
blank slate, rather they bring with them their intuitions and
prior beliefs about a particular domain. Modern constructivist theories draw on concepts from Bayesian probability to
express developmental change as the integration of prior beliefs with new information (Fedyk & Xu, 2017; Gopnik &
Wellman, 2012). One of the critical duties of a teacher is
identifying what a learner already knows in order to design
appropriate instruction. Indeed, previous research has found
that the degree to which a teacher draws out and expands upon
a student’s mathematical knowledge can inﬂuence a learner’s
understanding of part-whole relations in fraction representations of mathematical problems (Saxe, Gearhart, & Seltzer,
1999). This ‘guided learning’ approach is critical in probability learning because the uncertainty of outcomes adds noise
to the learning signal. In Experiment 2 we demonstrate that
children change their probabilistic decision making strategy
when provided with examples that disconﬁrm their prior beliefs about probability (high conﬂict condition) but not when
given a mixed set of conﬁrming and disconﬁrming examples
(low conﬂict). These results suggest that a learner’s prior beliefs about probability inﬂuence how they respond to feedback.
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Abstract
Obrecht and Chesney (2016) contend that deliberation supports
greater base rate use. In line with this, they found that
prompting deliberation by evaluating arguments about the
usefulness of base rate and/or stereotype data increased
subsequent use of base rates in judgment tasks. However, an
alternative account of these results is that the intervention
increased base rate use merely by increasing the salience of
base rate information, rather than by increasing deliberation.
Here we examine these accounts in two experiments.
Experiment 1 showed that participants prompted to deliberate
by evaluating arguments used base rates more in subsequent
judgements, compared to participants who were merely
reminded of relevant information. Experiment 2 showed that
participants prompted to deliberate by completing math
problems prior to the judgment task also increased their base
rate use. Taken together, these results support the theory that
tasks that prompt deliberative processes increase normative use
of base rates.
Keywords: statistical inference; judgment; decision making;
base rates; normative behavior; priming; numeracy

Deliberation and Number Use
Many important decisions that people make involve numbers.
However, a large body of work demonstrates that people
often fall short of normative standards when using numerical
information to make decisions (Kahneman & Tversky, 1972,
1973; Reyna, Nelson, Han, & Dieckmann, 2009; Schley, &
Peters, 2014; Smith, McArdle, & Willis, 2010; cf.
Gigerenzer, 2015). A canonical example of this is the
phenomenon of base rate neglect (Tversky & Kahneman,
1974): people tend to underweight the overall frequency of
an occurrence in the population when considering its
likelihood. This phenomenon manifests itself in several
ways. For example, many people, even medical students and
experienced doctors, will grossly misunderstand the
probability that a patient with a positive test result has a
disease when given information about the accuracy of the test
and the base rate of that disease in the population (Casscells,
Schoenberger, & Graboys, 1978; Eddy, 1982). Moreover,
people tend to give more weight to diagnostic or stereotypical
information than to base rate information when making
judgements (Kahneman & Tversky, 1972). This is typified by
people’s responses when making category judgements in
cases where stereotype and base rate information appear to

conflict. For example, consider the following scenario:
“In a study 1000 people were tested. Among the
participants there were 3 doctors and 997 nurses. Paul is a
randomly chosen participant of this study. Paul is 34 years
old. He lives in a beautiful home in a posh suburb. He is well
spoken and very interested in politics. He invests a lot of time
in his career.” (De Neys & Glumicic, 2008).
After reading this scenario, people will typically claim that
it is more likely that Paul is a doctor, rather than a nurse,
despite the fact that nurses vastly out number doctors in the
given population. Here people give more weight to Paul’s
description, which sounds like a stereotypical doctor, than to
the numeric base rate information. This is considered base
rate neglect: although one may think doctors are more likely
than nurses to match Paul’s description this discrepancy is
insufficient to counter the large base rate differences (De
Neys & Glumicic, 2008). Therefore, normatively,
participants should respond that Paul is more likely to be a
nurse than a doctor.
The traditional explanation for non-normative judgments,
including base rate neglect, is rooted in dual-process theory.
According to this theory, humans have two categories of
thinking processes: intuitive processes and deliberative
processes (e.g., Evans, 2003; Kahneman, 2002; Stanovich,
1999; Sloman, 1996). Intuitive processes are swift and
automatic, quickly providing impressions about the world.
Deliberative processes instead require one to engage in
effortful, symbolic reasoning to reach conclusions. Intuitive
processing is less effortful and time consuming than
deliberative processing, but sometimes at the cost of
accuracy. In numerically-based judgment and decision
making (JDM) tasks, such as the one shown above, people
may underutilize numerical information because they rely on
intuitive, rather than deliberative processes: deliberative
processes may be required to fully integrate some numerical
data into judgments (Kahneman, 2002).
However, a growing body of research has shown that this
explanation is incomplete. Recent findings suggest that lay
people do in fact have intuitions about some numbers, but fail
to adequately incorporate numerical information when
making judgments and decisions. For example, Pennycook,
Trippas, Handley, and Thompson (2014) asked participants
to judge category membership based on both diagnostic
stereotype information and base rate information, such as in
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the doctor-or-nurse example above. However, they
contrasted conditions where the stereotype information and
base rate information were congruent, supporting the same
judgment, with conditions where the stereotype information
and base rate information were incongruent, supporting
different judgements. The doctor-or-nurse example above is
an incongruent scenario, as the stereotype information
supports the doctor judgement, while the base rate
information supports the nurse judgment. However, if the
base rate was instead “3 nurses and 997 doctors”, the
information would be congruent. Like De Neys and Glumicic
(2008), Pennycook et al. (2014) found that participants
typically based their judgements on stereotypes. However,
they also found that participants were more confident in their
stereotype judgements when these judgements were also
supported by congruent base rates, compared to when base
rates instead were incongruent with the stereotypical
information. Pennycook et al. (2014) claimed that this
demonstrates that people have intuitions about the base rate
information, although these intuitions were weaker than those
about stereotype information.
Obrecht and Chesney (2016) explored an alternative take
on this phenomenon, which sought to combine these findings
with the more standard deliberative failure account. They
proposed that, while people may have intuitions about base
rates, these intuitions are relatively weak. Deliberation makes
people more aware of the importance of base rate
information. Thus base rates are underweighted in part
because people fail to deliberate, instead relying on intuitive
impressions. It follows that this underweighting of base rates
could be at least partially remedied by prompting
deliberation. To test this experimentally, they randomly
assigned participants - after reading scenarios like the doctoror-nurse example above – to evaluate arguments that
supported the use of base rate and/or stereotypical data in
decision making:
Base rate argument: “Sal argues that Paul is very likely to
be a nurse because 997 out of the 1000 people in the sample
are nurses.”
Stereotype argument: “Sam argues that Paul is very likely
to be a doctor because Paul is 34 years old, lives in a beautiful
home in a posh suburb, is well spoken and very interested in
politics. Also, he invests a lot of time in his career.”
Critically, participants were asked to rate each argument on
a 1 (Extremely Strong) to 7 (Extremely Weak scale). This
was intended to prompt deliberation about the value of the
base rate and/or stereotype data.
After reading the scenarios and rating their assigned
arguments, participants were ask to judge category
membership (e.g., doctor or nurse?). Participants who
evaluated such arguments prior to making their judgments
generally used base rates more than those who did not (e.g.,
they were more likely to think that Paul is a nurse). Even
when participants only considered arguments in favor of
using stereotypical descriptions they nevertheless used base
rates more compared to a control group that didn’t evaluate
any arguments (Obrecht & Chesney, 2016). Obrecht and

Chesney (2016) contend this is because argument evaluation
prompts participants to deliberate, supporting the notion that
deliberative thinking indeed leads to greater base rate use.
However, one limitation of this study is that there was no
manipulation check to establish that reading the arguments in
fact increased deliberation. Thus, an alternative explanation
for the increased use of base rates is that evaluating the
arguments merely refreshed participants’ recollection of the
information from the scenarios that they could use to make
their decision. Such a reminder might increase the salience of
base rate information, and thus the salience of base rate
intuitions, without deliberation. Thus, it might be the case
that it is sufficient to remind participants about of the
information, making base rates salient to intuitive processes.
In this case, deliberation may not be necessary to increase
base rate use.
A second issue left unresolved by Obrecht and Chesney
(2016) is whether induced deliberation must be specifically
about base rate information in order for it to increase base rate
use. It is possible that simply prompting deliberative number
use in general could increase people’s use of base rates. Prior
studies have suggested that ‘numerical priming’, such as
completing number-based tasks, improves performance on
subsequent JDM tasks. For example, Hsee and Rottenstreich
(2004) found that people tend to use numbers non-linearly
when allocating resources: for example, a person who would
give $5.00 to save one panda might only be willing to give
$6.00 to save two, and $7.00 to save four, rather than
increasing donations linearly with the number of pandas.
Hsee and Rottenstreich (2004) attribute this to a lack of
deliberative processing. They propose that people weight
values more steeply, and in a more linear fashion, when
engaged in deliberation using calculation, but instead weight
values in a shallow, curvilinear manner, when engaged in
intuitive processing. To test this, they randomly assigned
participants to complete math problems before making their
allocation judgements. Indeed, participants who completed
this numerical prime were more linear in their allocations
than those who did not. Given Hsee and Rottenstreich’s
(2004) finding that numerical priming can increase
deliberative calculation in a JDM task, it is possible that such
priming may increase deliberation about numerical
information more generally. By increasing general
deliberation about numbers, such priming might increase
base rate use.
Here, we address these questions in two experiments. In
Experiment 1, we examine whether argument evaluation
increases base rate use by prompting deliberation, or whether
simply reviewing the scenario information is sufficient to
increase base rate use. We note that these possibilities are not
mutually exclusive. It is possible that reviewing base rate
information increases base rate use and that inducing
deliberation about base rates yields an additional increase.
We test these hypotheses by comparing participants’ base
rate use in conditions when they a) evaluate arguments, b)
evaluate whether recalled information is accurate, and c)
receive no intervention. We also examine response times in
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Experiment 1
Method
Participants 180 undergraduate students from William
Paterson University and St. John’s University participated
for course credit or extra credit.
Design This study used a 3(intervention: argument, recall,
or control) x 2(congruency: congruent, incongruent) mixed
model design.
Procedure The study was run online using the Qualtrics
survey platform. Undergraduates read 12 scenarios, including
the doctor-or-nurse example shown above, describing a
population of 1000 people. In each scenario most of the
people belonged to one group (e.g., nurses) and a few
belonged to the other group (e.g., doctors). Additionally, a
description of an individual drawn from the population was
given. The description was stereotypical of one of the two
groups in the population. Scenarios were based on those used
by De Neys & Glumicic (2008), with minor updates to reflect
current culture (see Obrecht & Chesney, 2016).
Congruency conditions In half of the scenarios the base
rate and stereotype information was incongruent, meaning
they supported different group judgments. In the doctor-ornurse example above, the base rates suggest Paul is a nurse,
while the stereotypical description suggests he is a doctor. In
the other half of the scenarios the base rates and stereotypes
were congruent such that both base rates and stereotypes
supported the same group judgment (e.g. a congruent version
of the above scenario would instead have 3 nurses and 997
doctors).
Intervention conditions Participants were randomly
assigned to one of three between-subjects conditions:
argument, recall, or control. For the argument condition, we
followed the same procedure as that used by Obrecht and
Chesney (2016), except that scenarios and questions were
presented on separate webpages to better allow for the
collection of response time data. Participants first read the
scenarios presented on one webpage, and then, on a
subsequent webpage, rated the strength of the arguments, like
those given in the introduction, that tout the usefulness of
base rate and/or stereotype information.
Recall condition participants also began each trial by
reading a scenario, but then on a subsequent webpage, were
assigned to evaluate the accuracy of “recall statements” about

base rates and/or stereotype data. For example:
Base rate recall: “Sal reads the above description and then
later recalls that 996 out of the 1000 people in the sample
were women. Please rate the accuracy of Sal’s recall.” (1Extremely Strong to 7-Extremely Weak).
Stereotype recall: “Sam reads the above description and
then later recalls that the person described is finishing a
degree in engineering, and likes to go out cruising with
friends while listening to loud music and drinking beer.
Please rate the accuracy of Sam’s recall.”
We designed the length and structure of these recall
statements to closely match the corresponding base rate and
stereotype arguments.
In the control condition, participants simply read the
scenarios. They did not evaluate any additional statements.
After completing the intervention (argument or recall
statement evaluations; if applicable) participants made each
category membership judgement on a separate webpage.
They rated their confidence that the individual in the scenario
belonged to one group or the other using a 6-point scale (e.g.
1: “Very confident that Paul is a doctor” [stereotype] to 6:
“Very confident that Paul is a nurse” [base rate]). Higher
numbers indicate greater base rate use. Response times were
measured based on the amount of time participants viewed
this page before responding.
Note: As in Obrecht and Chesney (2016), we also
randomly varied between-subjects whether argument and
recall participants evaluated only stereotype statements, only
base-rate statements, or both. However, we collapsed across
these conditions in the current analyses.

Analysis and Results

RT in Seconds

this study: longer response times when making category
judgments may indicate deliberative processes are taking
place. In Experiment 2 we examine whether numerical
priming also increases base rate use. Participants were either
assigned to complete math problems before (primed) or after
(control) the group membership judgment task. To
foreshadow our results, both experiments support the
hypothesis that priming people to engage in deliberative
processes, whether by evaluating arguments or completing
math problems, leads to more normative use of base rates.
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Figure 1: Marginal mean reaction times by statement
condition in Experiment 1. Standard error bars are shown.
Response times As can be seen in Figure 1, participants who
evaluated statements (argument or recall) took longer to
judge which category an individual belonged to compared to
the control group. A 2(congruent vs. incongruent) x 3
(argument, recall, none) repeated measures ANOVA
uncovered a significant main effect of statement type on
mean response time in seconds (F(2, 175)=3.075, p=.049,
𝜂𝑝2 =.034; Marginal means: Argument: M=7.445, SE=.495,
Recall: M=8.242, SE=.505 , None: M=5.789, SE=.857). No
other effects were significant. Note: Due to experimenter
error, one congruent recall question was dropped from this
analysis for 14 participants who saw both stereotype and base
rate statements.
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Mean Rating
--more BR use-->

Base rate use Since Obrecht and Chesney (2016) found the
effect of argument evaluation was only relevant in the
incongruent conditions (in which base rates and stereotypes
conflicted), we focused on the 6 incongruent scenarios for the
analysis of base rate use in judgements.
We found the mean of participants’ group membership
rating judgments for the six incongruent scenarios. Higher
values indicate greater base rate use, while lower values
indicate more reliance on stereotypical descriptions. As
shown in Figure 2, there was a main effect of statement type
such that participants in the argument condition used base
rates more (M=2.631, SE=.100, N=79) than those in the recall
(M=2.333, SE=.107, N=75, t(150.8)=2.033, p=.044, Cohen’s
d=.328) or control conditions (M=2.296, SE=.125, N=27;
t(61.711)=2.088, p=.041, Cohen’s d=.400)

The category membership judgement task consisted of the
12 scenarios (6 congruent and 6 incongruent) that were used
in Experiment 1. However, the judgment questions were
asked on the same webpage as the scenario presentation, as
we were not intending to collect precise RT data.
The math assessment required calculation; participants
completed the Objective Numeracy Scale (ONS; Weller, et
al., 2013). This scale consists of 8 problems that required
participants to use basic math skills, such as transforming
numbers into different scales, for example:
 In the ACME PUBLISHING SWEEPSTAKES, the chance
of winning a car is 1 in 1,000. What percent of tickets of
ACME PUBLISHING SWEEPSTAKES win a car?
 If the chance of getting a disease is 10%, how many people
would be expected to get the disease? ___ out of 1000

Analysis and Results

6
4
2
0
Recall

Argument

None

Figure 2: Mean rating by condition, for incongruent trials in
Experiment 1. Standard error bars are shown.

Discussion
These data are consistent with Obrecht and Chesney’s (2016)
account that argument evaluation prompts deliberation, and
this deliberation subsequently increases base rate use.
Participants in the argument condition indeed used base rates
more than controls. In contrast, no such benefit was seen for
the recall participants, who were merely reminded of the
scenarios’ information, not prompted to deliberate.
Additionally, participants’ in the experimental condition took
longer to make their group judgments than controls, which
suggests they were more likely to engage in deliberative
processes.

As can be seen in Figure 3, priming participants gave greater
weight to base rate information than did control participants
(2 (primed, control) x 2 (congruent vs. incongruent) repeated
measures ANOVA: F(1,215)=4.256, p=.040, 𝜂𝑝2 =.019). This
effect was specific to incongruent items: Primed participants
made more use of base rates (M=2.453, SE=.099, N=99) than
control participants (M=2.220, SE=.078, N=118) on the
incongruent items (t(215)=1.943, p=.053, Cohen’s d=.265),
but on the congruent items, base rate use did not differ (M =
4.705, SE = .080, N=99 for primed vs. M=4.651, SE=.069,
N=118 for control; t(215)=.516, p=.606, Cohen’s d=.070).
This is consistent with our prediction; it is only in the
incongruent trials that intuitively processed stereotype
information
supports
different
judgements
than
deliberatively processed base rate information. Therefore,
one would expect a shift toward deliberative processing to be
seen most clearly in incongruent conditions. The expected
effect of congruence was also seen (F(1,215)=590.384,
p<.0005, 𝜂𝑝2 =.764; Marginal means: Congruent: M=4.678,
SE=.053; Incongruent: M=2.337, SE=.060). The interaction
was n.s.

Experiment 2
Method
Participants 217 undergraduate students from William
Paterson University and St. John’s University participated
for course credit.
Design This study used a 2(intervention: priming vs.
control) x 2(congruency: congruent vs. incongruent) mixed
model design.
Procedure As in Experiment 1, this experiment was
conducted online using the Qualtrics platform. Participants
were randomly assigned to complete a math assessment
either before (primed) or after (control) the category
membership judgment task.

Figure 3: Mean rating by condition, for congruent and
incongruent trials in Experiment 2. Standard error bars are
shown.
We also examined participants’ ONS scores (total correct
out of 8 items). Primed participants, who completed the ONS
task first, had significantly higher ONS scores (M=4.172,
SE=.178, N=99) than control participants, who did the task
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second (M=3.686, SE=.148, N=118; t(215)=2.115, p=.036,
Cohen’s d=.288). This discrepancy cannot be explained by
sex differences in ONS. Males scored slightly higher
(M=4.28, SE=.197, N=69) than females (M=3.76, SE=.142,
N=145) on the ONS overall (t(212) = 2.096, p = .037), but
made up a larger proportion of the control (41 of 118 male),
compared to the primed (28 of 99 male), sample.

Discussion
As was the case in Experiment 1, these results support the
hypothesis that prompting deliberation can increase base rate
use. Moreover, the data provide initial experimental evidence
that completing calculation tasks can prime subsequent use
of numbers when making judgments. The results extend the
findings of Hsee and Rottenstreich (2004) by showing that
not only can calculation tasks improve the use of numbers on
judgement tasks that require calculation (i.e., double the
donation to help double the pandas), but they can also
improve the use of number on tasks where numerical base
rate information merely needs to be taken into consideration:
identifying that having many more nurses than doctors in a
population makes the random selection of a doctor less likely
does not involve calculation per se.
An unanticipated result of this study was that scores on the
calculation task were significantly lower for control
participants than for priming participants. This difference
does not appear to be explained by sex differences, as we had
more males than females in the control group, yet males
scored higher on the calculation task overall. Thus, scores on
the calculation task may susceptible to order effects. This
result is concerning, as many researchers use short
calculation tasks, like the ONS task we used here, to gauge
individual differences in people’s underlying numerical
ability (i.e., numeracy). It is therefore somewhat problematic
that completing a 5-10 minute judgement task is sufficient to
affect numeracy task performance. The effect size here may
appear small, Cohen’s d = .288, but as a point of comparison,
this benefit is more than half of the benefit to scores resulting
from the practice effect, when people repeat this task,
Cohen’s d = .555 (Chesney, Bjälkebring, & Peters, 2015). We
recommend that researchers seeking to measure individual
differences in numeracy carefully track the impact of design
features to insure order effects do not inadvertently influence
their results.

General Discussion
The results presented here indicate that interventions that
prompt people to engage in deliberative processes lead to
greater base rate use. This pattern of results was found both
when participants were prompted to deliberate by evaluating
the strength of arguments, and also when they were prompted
to deliberate by completing math problems. These data are
consistent with the theory that deliberative processes promote
improved judgments. Thus, the current results bolster the
theory that failure to deliberate underlies many nonnormative decisions (Kahneman, & Tversky, 1972).

Limitations
While the data presented here generally support the idea that
inducing deliberation increases base rate use, there are some
caveats. The results of Experiment 1 were somewhat
inconsistent. As predicted, participants who evaluated
arguments showed more base rate use and also took longer to
make category judgements than did participants in the control
group. Further, participants in the recall condition performed
similarly to the control group regarding base rate use.
However, the recall group had longer RTs when making their
category judgments. This is perplexing if longer RTs indeed
indicate deliberation, and deliberation increases base rate use.
If, as the RTs suggest, recall participants were deliberating
more than control participants, then it follows that the recall
group should have used base rates more than controls.
Possible explanations for this inconsistency are that the RTs
were not fully capturing deliberation, or that participants in
the recall condition were not deliberating about the right data.
That is, we cannot assume that longer RTs in the recall and
argument conditions mean that participants were thinking
about the same things. It could be that people in the recall
condition took longer because they were working to recall the
information provided in the scenario, rather than deliberating
on the arguments regarding the usefulness of the data. This
possibility is particularly of interest because it necessitates
that we consider deliberation as a resource that can be
directed along different pathways, rather than as a monolithic
construct that is either present or not present. Further research
is needed to investigate these possibilities.
A second issue that must be addressed is that in Experiment
2, participants in the control group, who completed the
calculation task second, had lower numeracy scores on that
task than participants in the priming group, who completed
the calculation task first. We interpret this to indicate that the
task order influenced numeracy scores. However, an
alternative explanation would be that, by random chance, the
primed participants were more numerate than the control
participants. This is of particular concern, as it may affect the
interpretation of our results. More numerate individuals tend
to make more normative judgements in general (e.g., Peters,
Västfjäll, Slovic, Mertz, Mazzocco, & Dickert, 2006),
showing less susceptibility to some judgment biases
compared to less numerate individuals. Indeed, more
numerate individuals have been shown to make more use of
base rates on the same category judgement tasks we use here
(Obrecht & Chesney, 2016). Thus, an alternative explanation
of our finding that the priming participants made more use of
base rates is that - by chance - they happened to be more
numerate than the controls. Therefore replication is needed to
confirm that these results are not an artifact and that indeed,
calculation priming does improve base rate use.

Future Directions
These results have the potential to aid the development of
number-based decision aids. Our results demonstrate that
short interventions can improve people’s use of numerical
information. This is particularly important as many critical
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life decisions involve numbers. Unfortunately, many people
in the US have difficulty making use of this information
(Kutner, Greenberg, Jin, Boyle, Hsu, & Dunleavy, 2007;
Lipkus, Samsa, & Rimer, 2001). More research is needed
regarding how people make use of numerical information
when making decisions, and how to help improve these
decisions. In the long term, this improved understanding
could lead to the development of tailored interventions to
benefit individuals’ judgment and decision making skills, and
thus, in turn, their life outcomes.
Additionally, our unanticipated finding that order
influenced ONS scores may be useful for future research. It
is implausible that the participants’ underlying numerical
ability (i.e., trait numeracy) changed over the course of the
study. Therefore, the manipulation must have affected their
tendency to use numerical information in the moment (state
numeracy). Thus, some aspects of numeracy may be
susceptible to brief interventions. This might be leveraged to
test for causal effects of numeracy.

Conclusions
The results of the current study lend further support to the
theory that people’s lack of number use in judgements, at
least in part, is due to a lack of deliberation. Moreover, our
data show that short interventions can improve the use of
numbers in judgement tasks. These results may be useful in
the development of future decision aids.
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in the first task, the median of the estimation was 25 percent.
Anchoring effect refers to people’s numerical estimation
being highly affected by the numerical value (anchor)
presented before the estimation, resulting in biased numerical
estimation depending on the anchors.
Previous studies have shown that an anchoring effect can
be found in many situations (Mussweiler, Englich, & Strack,
2004). For example, it occurs in daily life such as in
purchasing behavior in supermarkets (Wansink, Robert, &
Stephen, 1998). Previous studies have shown that experts are
also affected by anchoring effect (Northcraft & Neal, 1987).

Abstract
Anchoring effect, the effect of precedent stimuli on subsequent
numerical estimation, is one of the most studied topics in
judgment and decision making. Many researchers have
examined its psychological processes from many perspectives.
However, few studies have directly compared strength of
anchoring effects generated by different anchor types. The
present study involved a behavioral experiment (numerical
estimation task after presenting an anchor) and compared the
effect size of anchoring effect on numerical estimations among
different five anchors. We found that significant anchoring
effect occurred only in two types of anchor. Common two
features of these two anchors were representation of specific
number and the dimensional equivalence between an anchor
and a target in the numerical estimation task. Thus, these
findings indicated that presentation of a specific number with
dimensional equivalence as in the target of a numerical
estimation task plays an important role in the generation of
robust anchoring effect. Psychological mechanisms on
generation of anchoring effect are discussed.

Different types of anchor: Do they generate the
equivalent anchoring effect?

Keywords: anchoring effect; anchoring and adjustment
model; numerical priming model; selective accessibility model

Introduction
In the research field of judgment and decision making, many
studies have demonstrated that a prior presentation of a
number can change a subsequent numerical estimation
(Tversky & Kahneman, 1974). For example, in Tversky and
Kahneman (1974), participants were asked to answer the
following two questions: 1) judgement on whether the
percentage of African nations in the United Nations is higher
or lower than 65 percent (or 10 percent) and 2) estimation on
the percentage of African nations in the United Nations. In
this experimental procedure, when the high anchor (i.e., 65
percent) was presented in the first task, the median of the
numerical estimation in the second task was 45 percent; in
contrast, when the low anchor (i.e., 10 percent) was presented

Originally, the psychological mechanism of anchoring effect
was explained by the model of anchoring and adjustment
(Tversky & Kahneman, 1974). This model argues that, when
presented with an anchor, people set its value as the basis (i.e.,
starting point) of numerical estimation and adjust the value in
the plausible direction toward the target value. However,
their adjustment tends to be insufficient. Thus, numerical
estimation depends on the anchor (i.e., final estimation tends
to be close to the anchor value), and biased numerical
estimation is generated (Tversky & Kahneman, 1974).
Anchoring effect is so robust that even implausible anchors
can generate anchoring effect. For example, the estimation of
Mahatma Gandhi’s age was affected by the implausible
anchor value of 140 (or 9) (Strack & Mussweiler, 1997).
Furthermore, in Wong and Kwong (2000), the anchor “7300
m” induced a greater numerical estimate than did the anchor
“7.3 km” although the two numbers indicated the same
distance.
In the experimental procedure of the anchoring effect,
anchor value was presented before the target numerical
estimation. Since the anchor can be a prime in the priming
paradigm, some argue that numerical priming is important for

2186

generating anchoring effect. (Jacowitz & Kahneman, 1995;
Wilson et al., 1996; Wong & Kwong, 2000).
Some researchers, however, have argued that anchoring
effect does not always occur, and that it can be explained by
a selective accessibility model (Strack & Mussweiler, 1997;
Mussweiler & Strack, 1999a, b, 2001; Mussweiler, Strack, &
Pfeier, 2000). According to the selective accessibility model,
a presented anchor activates semantic knowledge related to
the anchor, and the activated knowledge affects subsequent
numerical estimation. Based on this model, Strack and
Mussweiler (1997) claimed that anchoring effect is a special
case of semantic priming. In their study, participants were
first asked whether the Brandenburg Gate is wider or
narrower than 150 m (or 25 m) and were then asked about its
height. In this case, they showed that significant anchoring
effect did not occur. According to the selective accessibility
model, these results can be explained as follows: In this
experimental paradigm, the anchor represented a “width”
dimension, and knowledge related to the width dimension
was activated. In the numerical estimation task, participants
were asked to make numerical estimation about the “height”
dimension. Thus, anchoring effect was not generated since
the activated knowledge was about the “width” of the gate,
and such knowledge did not significantly affect numerical
estimation of the “height” of the gate.
Taken together, previous findings can be summarized as
follows. First, a number itself plays an important role in
generating anchoring effect. Actually, since some researchers
call the anchoring effect “numerical priming” (Jacowitz &
Kahneman, 1995; Wilson et al., 1996; Wong & Kwong,
2000), presentation of the number may produce unique
psychological processes for subsequent numerical estimation.
Second, the meanings of the anchor also play an important
role in the generation of anchoring effect. The selective
accessibility model actually states that the activation of
knowledge related to the target in the numerical estimation
task is necessary to generate the anchoring effect.
So far, many researchers have discussed the psychological
mechanisms of anchoring effects. Although many studies
have focused on “mechanisms” of anchoring effect, no
studies have directly examined the strength of anchoring
effect among the different types of anchor in the same context.
Thus, previous studies have not necessarily clarified how
much effect (e.g., almost none, small, medium, or large)
different types of anchor will generate. Furthermore,
previous findings have not necessarily clarified the difference
between anchoring and priming effects. As we described,
some researchers have regarded anchoring effect as one type
of priming effect (e.g., Jacowitz & Kahneman, 1995; Wilson
et al., 1996; Wong & Kwong, 2000). Psychological studies
have reported many types of priming effect. For example,
semantic priming is one of the most known priming effects.
In this priming effect, the number is not always presented as
a prime. Thus, an empirical question remains about the
difference in effect size between effects of semantic prime
and anchor (i.e., numerical prime). Examination of these two
issues will make a substantial contribution toward deep

understanding of psychological mechanisms of the anchoring
effect.
In the present study, we compared, through a behavioral
experiment, the effect size of anchoring among different five
anchors. In the following sections, we shall first explain the
five different anchors we used in the behavioral experiment.
After that, we shall report results of the behavioral
experiment.

Experimental procedure and five anchors
Following the conventional procedure in experimental
studies on anchoring effect, we conducted two tasks:
precedent and numerical estimation tasks. In the precedent
task, participants were asked to answer a simple task. Here,
they were presented with an anchor. The content of task and
anchor differed among the types of anchor. Then, participants
were asked to answer the numerical estimation task.
We used the following five anchors in the behavioral
experiment. Some were based on previous studies, and others
were not examined in the previous studies. We first examined,
by a Wilcoxon rank-sum test, whether significant anchoring
effect could be observed or not for each anchor and calculated
its effect size. We then compared the effect size of anchoring
effect among the five anchors. We demonstrate the specific
examples of the five anchors in the Appendix.
Numerical plus semantic anchor in the same dimension
(NumSemSame) This dimensional equivalence anchor
represents a number whose semantic dimension is the same
as in the numerical estimation task. For example, when the
numerical estimation is about height, the number of “height
150 m” is presented as anchor. Thus, this anchor was used as
the most basic one for examining anchoring effect.
Numerical plus semantic anchor in the same dimension
with high activation (NumSemSameHigh) This
dimensional equivalence anchor is basically the same as
NumSemSame except that a phrase such as “the height of a
very tall gate 150 m” is added. According to the selective
accessibility model, if an anchor strongly activates relevant
semantic knowledge about the target in numerical estimation,
this anchor may strongly affect numerical estimation. To the
best of our knowledge, no previous studies have examined
the effect of this anchor on numerical estimation.
Numerical plus semantic anchor in different dimension
(NumSemDiff) This anchor represents a number whose
semantic dimension differs from that in the numerical
estimation task. For example, when the numerical estimation
is about “the height,” the number of “width 150 m” is
presented as the anchor. According to Strack and Mussweiler
(1997), this anchor will not produce significant anchoring
effect.
Numerical anchor (Num) This anchor simply represents a
numerical symbol. In the present study, participants were
presented with a rather unclear symbol (see Appendix) and
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asked to give a number the symbol represented. Previous
studies have not examined this type of anchor. According to
numerical priming, this anchor may affect numerical
estimation. However, the empirical question of whether this
anchor affects numerical estimation remains.
Semantic anchor (Sem) This anchor only represents
semantic meanings such as “the height of a very tall gate.”
This is the stimulus used in the basic priming paradigm. No
previous studies have directly examined differences in effect
size between numerical (i.e., anchoring effect) and semantic
primes (i.e., priming effect).

Behavioral experiment
Method
Participants Six hundred and sixty-six Japanese (Mage =
44.93, SDage = 8.77) participated in this experiment. They
were recruited via a website and randomly assigned into one
of 20 groups (See Table 1). Numbers of participants in the
groups ranged from 30 to 36.
Task, stimulus, and procedure For the numerical
estimation task, we set two goals: “the height of the
Brandenburg Gate” or “the average weight of Czechs.” There
were 20 groups (two targets, five anchors, and high or low
anchor value were crossed). Participants were first asked to
answer the question in the precedent task and then answered
the numerical estimation task. After these two questions, we
also asked about subjective impression about the anchor
presented. For example, participants were asked how they felt
about the anchor value using a scale labeled "feel short (light,
narrow, weak) very much" on the far left and "feel high
(heavy, wide, strong) very much" on the far right. This rating
scale contained 101 points. Furthermore, in case that
participants know the correct answer for the target numerical
estimation, their answers are not suitable for the present study.
Thus, participants were also asked if they knew the correct
answer for the numerical estimation task before this
experiment.

Results and discussion
We excluded two pieces of data from the following analysis
because their answers can be assumed to be outliers (these
two answers—the estimation of the height of the
Brandenburg Gate is 100000 m, 10000 m)—and excluded six
others because participants knew the correct answers.

Examination of anchoring effect, and comparison
of effect size
Figure 1 showed the distributions of the numerical
estimations of the two targets in five types of anchor.
Wilcoxon rank-sum test showed that, in both targets,
participants in NumSemSame and NumSemSameHigh
groups presented with the high anchor gave significantly
higher numerical estimations than those presented with the

low anchor (in the target of Brandenburg Gate, p < .001, z =
6.32 for NumSemSame, p < .001, z = 4.09 for
NumSemSameHigh; in the target of Czechs, p < .001, z =
5.40 for NumSemSame, p < .001, z = 6.92 for
NumSemSameHigh). However, in the other anchors, no
significant effect was observed (in the target of Brandenburg
Gate, p = .88, z = .14 for NumSemDiff, p = .25, z = 1.14 for
Num, p = .10, z = 1.63 for Sem; in the target of weight of
Czechs, p = .14, z = 1.49 for NumSemDiff, p = .14, z = 1.48
for Num, p = .74, z = .33 for Sem).
Anchoring effect was observed in NumSemSame and
NumSemSameHigh but not in NumSemDiff, Num, and Sem,
showing that not every anchor necessarily affects the
subsequent numerical estimation.
Figure 2 shows the effect size of each anchor. Cohen
(1988) discussed effect sizes as follows: small effect size: r
= .10, medium effect size: r = .30, large effect size: r = .50. It
was found that all effect sizes in NumSemSame and
NumSemSameHigh were above .50, indicating that these
anchors produced large anchoring effects. In contrast, effect
sizes of NumSemDiff, Num, and Sem were around .10,
indicating that effect sizes of anchoring effect generated by
these anchors was small.
In sum, we found that not all anchors produced anchoring
effects. In particular, anchors that represented specific
numbers in the same dimension as in the target in the
numerical estimation produced large anchoring effects. In
contrast, a number, which was not related to the dimension in
the target of the numerical estimation, did not have a
significant effect. In addition, the semantic anchor, which
was expected to activate knowledge relevant to the numerical
estimation, did not produce significant effects.

Subjective impressions on anchor
Figure 3 exhibited the distributions of the ratings for the
subjective impressions for the presented anchors. We
examined whether each anchor produced different
impressions between the high and low anchors. For the
Brandenburg Gate problem, in four of the five anchors,
participants in the high anchor group gave significantly
higher ratings than those in the low anchor group (Wilcoxon
rank-sum test). For the Czech problem, for all anchors,
participants in the high anchor group gave significantly
higher ratings than those in the low anchor group (Wilcoxon
rank-sum test).
We found that participants presented with high anchors
tended to subjectively feel higher to the presented anchor than
those presented with low anchors. This results showed that
high and low anchors activated some semantic knowledge
related to the anchor. Given that differences in subjective
impression between high and low anchors were observed in
most cases, subjective impressions in the explicit level for the
anchors did not always result in producing enough anchoring
effect.
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**

**

**

**

*** : p < .001, NS. : p > .05

Figure 1: The distributions of the numerical estimations of two targets in five types of anchor.

Figure 2: Effect size of anchoring effect generated by five types of anchor.

* : p < .05, ** : p < .01, *** : p < .001, NS. : p > .05

Figure 3: The distributions of the ratings for the subjective impressions for the presented anchor.
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General discussion
The present study examined the effects of five different types
of anchor on numerical estimations. Our main findings are
summarized with the following two points. First, not all
anchors produced anchoring effects. In particular,
presentation of a specific number with dimensional
equivalence as the target in the numerical estimation task
produced large anchoring effect.
Second, activation of semantic meanings (i.e., presentation
of a semantic anchor or adding semantic meaning to a
numerical anchor) did not produce a large anchoring effect.
This result suggests that, although anchoring effect and
semantic priming are highly similar in the theoretical sense
(e.g., Strack & Mussweiler, 1997), they are not equivalent in
the practical sense (i.e., effect size).
Why do the anchors, which represent specific numbers
with dimensional equivalence as in the target in the numerical
estimation, generate the robust anchoring effect? In the
research on judgment and decision making, it is well known
that the compatibility between input and output is important.
When the presented stimulus is more compatible with
response, the presented stimulus affects the responses more
strongly (Tversky, Sattath, & Slovic, 1988; Slovic, Griffin, &
Tversky, 1990). For example, imagine the gamble, “You can
get $100 with 40%” and then being asked, “How much is the
highest price you can pay for playing the gamble?” It is well
known that, for this question, people tend to be affected more
strongly by the amount of money they can get in a gamble
than by the probability. This is because the response (e.g., the
highest price people can pay) is asked with the dimension of
money. Analogous explanations can be applicable to the
present findings; in the conventional anchoring paradigm,
people are presented with a specific number and then make a
numerical estimation. That is, anchor and response mode are
highly compatible. The importance of the consistent
dimension between the anchor and the target is also explained
by this compatibility. Anchors such as NumSemDiff, Num
and Sem, lack compatibility (i.e., compatibility in response
mode or dimension between an anchor and a target in the
numerical estimation). Therefore, the present findings
indicate that compatibility is one of the key factors for
whether anchors produce large effect on subsequent
numerical estimation.
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Appendix: Presented anchors
In the following, we show examples of the five anchors in the precedent task for the Brandenburg Gate.
NumSemSame
Participants were asked to “please estimate whether the height 150 m (or the height 25 m) is taller or shorter compared
to the height of the Brandenburg Gate.”
NumSemSameHigh
Participants were asked to “please estimate whether the height of the very tall gate 150 m (or the height of the very short
gate 25 m) is taller or shorter compared to the height of the Brandenburg Gate.”
NumSemDiff
Participants were asked to “please estimate whether the width 150 m (or the width 25m) is wider or narrower compared
to the width of the Brandenburg Gate.”
Num
Participants were presented with a rather unclear number and asked to answer what number it represented (Figure 4 shows
the numbers that were presented for high and low anchor groups respectively).

25
Figure 4: Number symbols presented in Num. High anchor on the left and low anchor on the right.
Sem
Participants were asked to “please estimate whether the height of the very tall gate (or the height of the very short gate)
is taller or shorter compared to the height of the Brandenburg Gate.”
Table 1 shows summaries of anchors in the present study.
Table 1: Summaries of anchors in the present study.
Target of estimation
The height of the Brandenburg Gate

The average weight of Czechs

Anchor

High anchor

Low anchor

High anchor

Low anchor

NumSemSame

The height 150m

The height 25m

The weight 150kg

The weight 25kg

NumSemSameHigh

The height of the
very tall gate 150m

The height of the
very short gate 25m

The very heavy
person 150kg

The very light
person 25kg

NumSemDiff

The width 150m

The width 25m

The grip 150kg

The grip 25kg

Num

150

25

150

25

Sem

The height of the
very tall gate

The height of the
very short gate

The very heavy
person

The very light
person
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Abstract

of distinguishing three toy models of human sequence prediction. Second, we go beyond toy models and analyze a classic
paper (Medin & Schaffer, 1978) on human category learning
that compared two models using a hand-designed experiment.
Our OED system discovers experiments that are several times
more effective (in an information-theoretic sense) than the
original. Our work opens a number of rich areas for future
development, which we explore in the discussion.

An essential part of cognitive science is designing experiments
that distinguish competing models. This requires patience and
ingenuity—there is often a large space of possible experiments
one could run but only a small subset that might yield informative results. We need not comb this space by hand: If we use
formal models and explicitly declare the space of experiments,
we can automate the search for good experiments, looking for
those with high expected information gain. Here, we present
an automated system for experiment design called webppl-oed.
In our system, users simply declare their models and experiment space; in return, they receive a list of experiments ranked
by their expected information gain. We demonstrate our system in two case studies, where we use it to design experiments
in studies of sequence prediction and categorization. We find
strong empirical validation that our automatically designed experiments were indeed optimal.

Experiment design framework

Introduction
Cognitive scientists often design experiments to test competing computational models. Good experiments are ones where
the models make different predictions, but there is typically
a large space of possible experiments one could run (e.g.,
there could many different possible stimulus sets to present).
Rather than systematically search the experiment space, scientists often rely on intuition to design experiments where
models sufficiently diverge. This intuition may be biased in
a number of ways, such as towards experiments that show
qualitative differences between models even when more informative quantitative differences may exist.
In principle, there is a better way—if we formally declare
the space of models and space of experiments, optimal experiment design (OED) allows us to automate the search for
good experiments (i.e., ones that strongly update our beliefs
about a scientific question). However, while the mathematical foundations of OED are fairly straightforward (Lindley,
1956), it has not enjoyed widespread use in practice. Some
OED systems are too specialized for general use; others are
more general but require too much statistical and computational know-how to be widely adopted (e.g., users must supply their own objective function and derive a solution algorithm for it). In this work, we describe an automated system
that is both general and practical—the user writes the competing models and space of possible experiments in a common
language; a set of potentially informative experiments is then
computed with no further input from the user.
We first describe our framework in general terms and then
apply it in two case studies. First, we consider the problem
* Authors contributed equally to this work.

Imagine that we are studying how people predict elements
in a sequence (e.g., flips of a possibly-trick coin). We want
to compare two cognitive models of people’s behavior: mfair ,
where people believe the coin is unbiased (i.e., H and T are
equally likely), and mbias , where people believe the coin has a
bias that is unknown to them. A priori, one model is not preferred over the other; in Bayesian terms, we have a uniform
prior on the models. We wish to update our beliefs about
these models through an experiment where we show people
4 flips of the same coin and ask them to predict what will
happen on the next flip. There are 16 possible experiments
(i.e., sequences of H and T for the 4 flips);1 as each participant
responds by predicting either H or T, there are 2n possible outcomes for n participants. The models predict how people will
respond in an experiment (i.e., after seeing some particular
sequence of flips). Formally, a model defines a probability
distribution on {H, T}n conditional on the experiment x. For
convenience, we write our models in terms of what a single
person would do and assume that all people respond according to the same model, i.e., participant responses are i.i.d.2
Should we run experiment HHTT? mfair always predicts H and
T with equal probability; for this experiment, mbias learns that
the bias favors H and T equally, and thus also makes the same
prediction. Regardless of the observed outcome (person predicts H or T), the data cannot update our beliefs about the models, so this is a poor experiment. By contrast, the experiment
1
HHHH would be much more informative. Under mfair , p(H) = 2
5
but under mbias , p(H) = 6 (this is the updated probability of
heads after estimating the coin bias). In this case, either experimental response would be informative. If the participant
predicted heads, this would favor mbias and if she predicted
1 Our notion of “experiment” is quite general, including traditional components like stimulus properties (e.g., coin sequence) as
well as other components like dependent measure and sample size.
2 We use this simple linking function throughout this paper but
our approach handles arbitrary linking functions (e.g., hierarchical
models with participant-wise parameters).
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tails, this would favor mfair . HHHH is a better experiment than
for disambiguating the models. The goal of OED is to
automate this kind of reasoning.
Now, we provide formal details. We wish to compare a set
of models M in terms of how well they account for empirical data. A model m is a conditional distribution Pm (Y | X)
representing the likelihood of empirical results y for different
possible experiments x. We adopt a Bayesian model comparison approach—we start with a prior on models P(M) and
seek an experiment whose result will maximally update this
prior. A priori, we do not know what will happen if we run
experiment x. If we were to actually run x and obtain result y,
then we could measure actual information gain (AIG) by:
HHTT

AIG(x) = DKL (P(M | Y = y, X = x) k P(M))

(1)

where DKL is KL-divergence. We can compute the expected
information gain (EIG) of x by imagining hypothetical different experimental results and combining them—that is, we
can marginalize over y:
EIG(x) = E p(y;x) DKL (P(M | X = x,Y = y) k P(M))

(2)

where p(y; x) is the probability of observing y for x. If we
believe that M contains the true model of the data, then a suitable choice for p(y; x) is the predictive distribution implied by
the models: p(y; x) = E p(m) pm (y | x). If, however, we believe
that M does not contain the true model, then an uninformative
distribution p(y; x) ∝ 1 may be more appropriate.
Note that we commit to a Bayesian approach only for
model comparison; the models themselves need not be
Bayesian nor even probabilistic. If the models define a probability distribution specifying predictions for different experiments, they can be be used without further assumptions.
Models that make deterministic predictions can be made into
such a probability distribution by having predictions serve as
the mean of subjects’ responses with actual responses being
normally-distributed around this value; indeed, this implicit
assumption underlies standard data analysis used for such
models. Finally, OED does not need to do exact Bayesian
computation to be useful—approximate OED can still find
experiments that outperform those designed by hand.

Writing models as probabilistic programs
Models are probability distributions. As such, we have the
user express their models in a programming language where
probability distributions and operations on them are first-class
objects. In particular, we use WebPPL (webppl.org), a small
but feature-rich probabilistic programming language embedded in Javascript (Goodman & Stuhlmüller, 2014). WebPPL
supports sampling from primitive probability distributions
and combining these samples in various ways, e.g., adding
Gaussian noise to a Binomial random variable:
var g = function () {
var x = sample ( Binomial ({ n : 4 , p : 0.5}) )
var y = sample ( Gaussian ({ mu : 0 , sigma : 1}) )
x + y // function returns its last expression
}
Infer ( g )

The function g defines a sampling procedure for our compound distribution. This implicitly represents a probability
distribution; to reify this into an actual distribution, we must
perform inference via Infer(g, options). This separation between what we wish to compute from how we try to compute
it is useful when writing larger, more complex models. Note
that in the above snippet, and throughout, we omit the options
object, which specifies which inference algorithm to use.3
WebPPL also supports expressing conditional probability
distributions. For instance, in the model above, we might ask
what values of x and y could lead their sum to be greater than
or equal to 2:
var g = function () {
var x = sample ( Binomial ({ n : 4 , p : 0.5}) )
var y = sample ( Gaussian ({ mu : 0 , sigma : 1}) )
condition ( x + y >= 2)
[x , y ]
}
Infer ( g )

Here, condition rejects any states where x + y < 2.
Given a set of competing models written as WebPPL functions, a space of possible experiments (inputs to the models),
and expectations about the results for different experiments
(i.e., p(y; x), again written in WebPPL), our system webppl-oed
searches for experiments that have high EIG as defined in
Eq. 2. In abstract terms, webppl-oed calculates EIG(x) by
sampling imagined experiment results from p(y; x). For each
sample y, it performs inference to obtain a posterior distribution on models and then measures the KL divergence of this
posterior from the prior. The average of these KL divergences
is an estimate of EIG. The main bottleneck in this process is
posterior inference, which takes a good deal of expertise to
implement correctly and is also computationally challenging.
webppl-oed insulates end users from these technical concerns,
allowing them to concentrate on scientific questions rather
than engineering details. The software is available online at
github.com/mhtess/webppl-oed. We next demonstrate it by using
it to distinguish toy models of sequence prediction.

Case study 1: Sequence prediction
Human judgments about sequences are surprisingly systematic and nonuniform across equally likely outcomes – for example, we might strongly believe the next coin flip in the sequence HHTTHHTT will be H, whereas the sequence THHTHTHT is less
suggestive of a particular next outcome. Several hypotheses
have been articulated about what underlies human intuitions
about such sequences (Falk, 1981; Goodfellow, 1938; Griffiths & Tenenbaum, 2004). Here, we consider three simple
models of people’s beliefs: (a) Fair coin: people assume the
coin is fair, (b) Bias coin: people believe the coin has some
unknown bias that they can estimate from data (i.e., learning
the probability of an H outcome), (c) Markov coin: people believe the coin has some probability of transitioning between
spans of H and T outcomes, also learnable from observations.
3 WebPPL currently provides these inference algorithms:
MCMC (MH, HMC), SMC, enumeration, and variational inference.
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Formalization
The model space M is {mfair , mbias , mmarkov }. For now, we assume that the experiment will collect data from just a single
participant, so the experiment space X is the Cartesian product {1} × {H, T}4 representing the fixed sample size of 1 and
sequence space. Finally, Y is the response set {H, T}1 .
Under mfair , people assume that the coin always has an
equal probability of coming up heads or tails:
var fairCoin = function ( seq ) {
Infer ( function () { flip (0.5) })
}

Here, flip(0.5) is shorthand for sample(Bernoulli(p:0.5)).
Note the type signature of this model—it takes as input an
experiment (seq) and returns a distribution on possible results
of that experiment (the output of flip(..)).
Under mbias , people assume that the coin has some unknown bias, learn it from past observations4 , and use it to
predict the next flip:
var coinWeights = [0.01 , 0.10 , 0.20 , ... , 0.90 , 0.99];
var biasCoin = function ( seq ) {
Infer ( function () {
var w = uniformDraw ( coinWeights )
var biasedCoinFlip = function () { flip ( w ) }
var predictedSeq = repeat ( seq . length , biasedCoinFlip )
condition ( arrayEquals ( seq , predictedSeq ) )
biasedCoinFlip ()
})
}

Using a uniform distribution for p(y; x), we ran OED for
three different model comparisons: fair–bias, bias–Markov,
and fair–bias–Markov and planned to collect data from 20
participants (rather than 1).5 We run OED by writing:
var n = 20 ,
fairGroup = groupify ( fairCoin ) ,
biasGroup = groupify ( biasCoin )
OED ({
M : function () { uniformDraw ([ fairGroup , biasGroup ]) } ,
X : function () {
{ n : n , seq : uniformDraw ([ " HHHH " ,... , " TTTT " ]) }
},
Y : function ( x ) { randomInteger ( n + 1) }
})

We define a uniform prior on models M, an experiment space X
with a fixed number of subjects and all valid coin sequences,
and a result space Y, which is the uninformative prior over
the number of H responses. The results of different model
comparisons are below:
fair vs. bias

bias vs. markov

fair vs. bias vs. markov

TTTT
TTTH
TTHT
TTHH
THTT
THTH
THHT
THHH
HTTT
HTTH
HTHT
HTHH
HHTT
HHTH
HHHT
HHHH
0.0

0.2

0.4

0.6

0.8 0.0

0.2

0.4

0.6

0.8 0.0

0.2

0.4

0.6

0.8

Expected Information Gain from 20 participants

Figure 1: Results for sequence prediction model comparisons

Under mmarkov , people assume that the flips are generated by a
Markov process with transition probability p, which is learned
from past observations:
var markovCoin = function ( seq1 ) {
Infer ( function () {
var p = uniformDraw ( coinWeights )
var markovFlip = function ( lastFlip ) {
flip ( p ) ? ! lastFlip : lastFlip
}
var sampleSeq = function (n , seqSoFar ) {
if ( n == 0) {
seqSoFar
} else {
var nextFlip = markovFlip ( last ( seqSoFar ) )
var nextSeq = append ( seqSoFar , nextFlip )
sampleSequence ( n - 1 , nextSeq )
}
}
var seq2 = sampleSeq ( seq1 . length - 1 , [ flip (0.5) ])
condition ( arrayEquals ( seq1 , seq2 ) )
markovFlip ( last ( sampledSeq ) )
})
}

4 The

Predictions of optimal experiment design

Experiment

As in our earlier example, we consider an experimental setup
where participants see four flips of the same coin and must
predict the next flip.

Consider the fair–bias comparison (Fig. 1, left). Several
experiments have 0 information gain (e.g., HTHT)—the models
make exactly the same predictions in this case (albeit for different reasons, as discussed earlier), so the experiment has no
distinguishing power. The best experiments are HHHH and TTTT.
This is intuitive—the bias model infers a strongly biased coin
and makes a strong prediction, while the fair coin model is
unaffected by past observations.
In the bias–Markov comparison (Fig. 1, middle), the best
and worst experiments actually reverse. Now, HHHH and TTTT
are the least informative (because, as before, the models
make similar predictions here), whereas HTHT and THTH are the
most informative. This makes sense—the bias model learns
a weight of 0.5 and so assigns equal probability of heads and
5 Our models are of a single subject but we lift each
single-participant model into a model of group responses
using an i.i.d.
linking function that we call groupify:

line that uses condition constrains likely values of the coin
weight—this mechanism is used to represent learning in Bayesian
models of cognition. For more, see the Learning as Conditional Inference chapter of the online textbook http://probmods.org.

var groupify = function ( model ) {
var groupified = function ( x ) {
var sequence = x . sequence , n = x . n ;
var singleModel = model ( sequence ) ;
var p = Math . exp ( singleModel . score ( true ) )
Binomial ({ n : n , p : p })
}
groupified
}
Here, singleModel.score(true) returns the log-probability of the value
true under the singleModel distribution.
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Figure 3: AIG vs. EIG for each experiment
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Figure 2: Top three experiments in three-way model comparison: (a) model predictions and (b) EIG versus sample size.

tails to the next flip, whereas the Markov model learns that
the transition probability is high and assigns high probability
to the opposite of the most recent flip (T for THTH and H for HTHT).
In the full fair–bias–Markov comparison (Fig. 1, right), the
worst experiments (e.g., TTHH) are again cases where all models make similar predictions. The best experiments are TTTT
and HHHH, a result that is non-obvious because we are comparing three models rather than two. The best experiment HHHH
is very good at separating the fair model from the other two
models, while still predicting a difference between bias and
Markov (Fig. 2a, right). The second best experiment, HHHT,
predicts three qualitatively different responses for the three
models: bias model above baseline, Markov model below
baseline, and fair model at baseline (Fig. 2a, middle), but this
comes at the cost of less EIG overall. An automated design
tool is especially useful in these settings, where human intuition would likely favor the qualitative over the quantitative
differences.
Finally, an experiment’s EIG varies as a function of sample size (Fig. 2b). This function is non-linear and, crucially,
the rank ordering of experiments can change. For the the
full model comparison, the experiments HTHT and HHHT switch
places after 12 participants. This is particularly relevant when
three models are being compared; small quantitative differences between two models may grow with the sample size.

We validated our system by collecting human judgements for
all 16 experiments and comparing expected information gain
(EIG) with the actual information gain (AIG) from the empirical results. We randomly assigned 351 participants to a
single experiment (sequence). All of the 16 experiments were
completed by ≥20 unique participants.6 Participants pressed
a key to sequentially reveal the sequence of 4 flips and then
predicted the next coin flip (either heads or tails).
For each of the three model comparison scenarios described earlier, we compared EIG to AIG for every experiment x. Figure 3 shows that EIG is a reliable predictor of
AIG—the empirical value of an experiment (minimum r =
0.857). This indicates that the OED tool could be relied on to
automatically choose good experiments for this case study.

Case study 2: Category learning
Here, we explore a more complex and theoretically important set of models and experiments. In addition, whereas the
previous section considered Bayesian cognitive models, here
we consider non-Bayesian models of category learning. In
particular, we analyze a classic paper on the psychology of
categorization by Medin and Schaffer (1978) that aimed to
distinguish two competing models of category learning – the
exemplar model and the prototype model. By hand, Medin
and Schaffer (MS) designed an experiment (often referred to
as the “5-4 experiment”) where the models made diverging
predictions and found that the results supported the exemplar
model. Subsequently, many other authors followed their lead,
replicating and using the 5-4 experiment to test other competing models. Here, we ask: how good was the MS 5-4 experiment? Could they have run an experiment that would have
distinguished the two models with less data?

Models
Both the exemplar and prototype models are classifiers that
map inputs (objects represented as a vector of Boolean features) to a probability distribution on the categorization response (a label: A or B). The exemplar model assumes people
6 N’s were uneven due to randomization. We use the empirical
N’s for comparing EIG to AIG.
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store information about every instance of the category they
have observed; categorizing an object is thus a function of
the object’s similarity to all of the examples of category A
versus the similarity to all of B’s examples. By contrast, the
prototype model assumes that people store a measure of central tendency for each category—a prototype. Categorization
of an object is thus a function of its similarity to the A prototype versus its similarity to the B prototype. For space, we
omit these model implementations but refer interested readers
to the source code available online.

Absolute difference
in model predictions

0.15

0.10

Experiment
MS
Optimal
0.05

0.00

11

11

11

11

10

10

10

10

01

01

01

01

00

00

00

00

11

10

01

00

11

10

01

00

11

10

01

00

11

10

01

00

Experiments

Object

Participants first learn about the category structures in a training phase where they perform supervised learning of a subset of the objects and are then tested on this learning in a test
phase. During training, participants see a subset of the objects
presented one at a time and must label each object. Initially,
they can only guess at the labels, but they receive feedback so
that they can eventually learn the category assignments. After reaching a learning criterion, they complete the test phase,
where they label all the objects (training set and the held out
test set) without feedback.
MS used visual stimuli that varied on 4 binary dimensions
(color: red vs. green, shape: triangle vs. circle, size: small
vs. large, and count: 1 vs. 2). For technical reasons, they
considered only experiments that (1) have linearly separable
decision boundaries, (2) contain 5 A’s and 4 B’s in the training
set, and (3) have the modal A object 1111 and the modal B
object 0000. There are, up to permutation, 933 experiments
that satisfy these constraints.

Figure 4: In MS and optimal experiments, the divergence between model predictions (i.e., the absolute value of the difference in probabilities of being classified as an A by the two
models). The models diverge more in the optimal experiment.
that the optimal experiment we found for a single participant
is indeed better than the MS experiment (n=1, blue greater
than red). For n=1, the mean actual information gain (AIG)
for the optimal experiment is 0.15, whereas it is 0.026 for the
MS experiment. This 5-fold difference is even greater than
the 2.5-fold difference predicted by EIG. In addition, by incrementally introducing more data, we observe that both experiments eventually reach maximal AIG but the optimal experiment takes only 10 participants to do so whereas the MS
experiment takes around 30 participants. Thus, the optimal
experiment could provide the same amount of information for
a third of the experimental cost.

Predictions of optimal experimental design
Using the predictive prior for p(y; x), we computed EIG for
all 933 experiments and found that the optimal experiment
(for a single participant) sets the As to be 0001, 0011, 1100,
1110, 1111 and the Bs to be 0100, 0110, 1000, 1010. By contrast, the MS experiment sets the As as 1110, 1010, 1011,
1101, 0111 and the Bs as 1100, 0110, 0001, 0000. The optimal
experiment had an EIG of 0.08 nats while the MS experiment
had an EIG of only 0.03 nats, a 2.5-fold difference. Indeed,
the MS experiment is near the bottom third of all experiments
(Fig. 5a).
Why is the MS experiment relatively ineffective? One reason is that Medin and Schaffer prioritized experiments that
predict a qualitative categorization difference. In particular,
they argued that the prototype model predicts that object 1110
should be easier to learn than object 1010, whereas the exemplar model predicts the reverse. However, this qualitative difference between two objects comes at the cost of little information gain from the remaining objects (Fig 4). The optimal
experiment better disambiguates the models by maximizing
the information from all test objects simultaneously.

Empirical validation
To validate our EIG calculations, we ran the MS and optimal experiment with 60 participants each. Figure 5b shows

Related work
The basic intuition behind OED—to find experiments that
maximize some measure of expected informativeness—has
been independently discovered in a number of fields, including physics (van Den Berg & Curtis, 2003), chemistry (Huan,
2010), biology (Liepe, Filippi, Komorowski, & Stumpf,
2013; Vanlier, Tiemann, Hilbers, & van Riel, 2012), psychology (Myung & Pitt, 2009), and statistics (Lindley, 1956).
Previous work, however, has either been too narrow for
general use or required too much statistical and computational expertise. For example, Liepe et al. (2013) devised
a method for finding experiments that optimize information
gain for parameters of biomolecular models (ODEs with
Gaussian noise). Myung and Pitt (2009) described a more
general optimization method but this requires users to select
their own utility function for the value of an experiment and
implement inference on their own. For example, they compared six memory retention models using Fisher Information
Approximation as a utility function and performed inference
using a custom annealed SMC algorithm. Such “bring-yourown” requirements impose a significant burden on users and
are a real barrier to entry.
By contrast, our OED system is general and practical,
which allows users to rapidly explore different spaces of mod-
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for optimizing search algorithms. Second, we have examined
model comparison problems where there are a finite number
of models. We believe that our approach also works in (1) parameter learning settings where the goal is to conduct experiments that best update beliefs about continuous parameters of
a model, and (2) model comparison problems where a finite
number of models each have continuous parameters that are
unknown and must be integrated over.
Lastly, we have restricted attention to “one-shot” experiments, but it would be useful to extend our work to sequential
settings such as adaptive testing. Adaptive testing can be formulated as a problem of information gain of sequences of experiments, which produce dependent and non-iid responses.
Some preliminary work suggests that webppl-oed can be profitably extended to the adaptive setting.
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Figure 5: (a) Distribution of EIG for all category learning
experiments on a single participant. MS has low EIG. (b)
AIG versus number of participants in analysis (error bars are
95% bootstrapped confidence intervals). MS requires more
participants to achieve maximum AIG.

els, experiments, and inference algorithms. This approach is
compatible with certain challenging features of cognitive science experiments: participants give noisy responses, experimental results are sensitive to sample size, and models often
require linking functions to convert model output into predictions about experimental data. Additionally, our work is the
first to demonstrate that expected information gain is a reliable predictor of actual information gain.

Conclusion
Cognitive scientists aim to design experiments that yield informative results. webppl-oed partially automates experiment
design, searching for experiments that maximally update beliefs about the model distribution. With our approach, scientists write their models as probabilistic programs, define a
space of possible experiments and results, and hand these to
OED for experiment selection. We stress that the tool complements scientists; it does not replace them. Our tool merely
eliminates the need to manually comb large spaces of potential experiments, which is time consuming, tedious, and
prone to bias, such as a preference for local qualitative differences at the expense of ultimate quantitative information
gain. The real ingenuity—devising empirical paradigms and
building models—must still come from the scientist.
Our approach suggests a number of interesting directions for future work. First, OED can be computationally
challenging—our software currently does not scale up to
huge response or experiment spaces, so there is still room
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Abstract
Making analogies is considered to depend on executive
functions. We examined the role of the central executive in
solving pictorial cross-mapping problems while generating
random digits ranging 1-3 for one group of subjects, and 1-9
for another. We used three indices assessing different aspects
of randomness and a self-report measure to evaluate the effect
of the concurrent task. Subjects who had to generate digits
between 1 and 9 perceived the task to be harder but still
produced more random sequences than those in the smallerrange condition. Although the manipulation of cognitive load
was successful, no difference was observed in the proportion
of relational responses to the cross-mapping task, suggesting
that analogies may not be as cognitively demanding as
otherwise assumed. We also provide correlational support for
the influence of individual differences in fluid intelligence on
relational mapping abilities.
Keywords: analogy; working memory; central executive;
relational mindset; cognitive load

Introduction
Analogies are used across various domains and to achieve
different reasoning goals — to solve problems, to win
arguments, to improve understanding. It seems that analogy
underlies fundamental cognitive processes, such as
perception, memory, categorisation and decision making —
making it the core of human cognition (Gentner, Holyoak,
& Kokinov, 2001).
They were defined as a process of transferring knowledge
we have about one entity (source analog) onto another entity
we are not familiar with (target analog) in order to better
understand and remember it. This transfer is made on the
basis of structural overlapping between the two entities, and
not based on attributional similarities (Gentner, 1983).

Explicit and Implicit Analogies
There is a debate in the field on whether analogies are
always conscious and taxing on attentional resources, or
they can be automatic, unintentional and even unconscious.
Researchers on one side of the debate (Cho, Holyoak, &
Cannon, 2007; Holyoak, 2012; Waltz et al., 2000)
emphasise arguments such as the involvement in analogymaking of areas of the prefrontal cortex and working
memory resources. The role of the PFC is critical for
holding, manipulating and integrating multiple relations and
role bindings (Waltz et al., 1999). It also plays an essential

part in inhibiting distractors during relational reasoning
(Krawczyk et al., 2008). Moreover, Waltz, Laun, Grewal,
and Holyoak (2000) demonstrated that solving analogical
problems under dual-task conditions in which working
memory was loaded by a random-digit generation task
(relying heavily on the central executive component of
working memory), diminished the proportion of relationbased solutions and increased the proportion of attributionbased ones. The same tendency was found by Tohill and
Holyak (2000) when inducing state anxiety in participants.
According to Attentional Control Theory (Eysenck,
Derakshan, Santos, & Calvo, 2007), this detrimental effect
is due to anxiety decreasing attentional control and
increasing attention to threat-related stimuli which naturally
occupy working memory. However, Hristova and Kokinov
(2011) obtained different results indicating that heightened
anxiety leads to superior encoding of relations which,
depending on the complexity of the mapping task, may
improve performance (Hristova, Petkova, & Kokinov,
2013).
Based on the accumulated evidence about the reliance of
analogical reasoning on executive function resources,
Holyoak (2012) argues that analogy-making is an explicit,
effortful process that depends heavily on working memory
and other executive functions. He concludes that any
unintentional analogical transfer is based merely on
relational priming. Nevertheless, Hristova (2017) maintains
that the empirical research behind these arguments is mostly
based on explicit instructions to make, find or verify
analogies.
On the other side of the debate (Hristova, 2017), evidence
is taken into account such as instances of analogical transfer
with no explicit instruction, no awareness and even when
this may hinder task completion. Also, in some of these
cases, relational priming was controlled for and did not
predict the results (Day & Gentner, 2007; Hristova, 2009a,
b, as cited by Hristova, 2017). It can thus be deduced that it
is not relational priming that stands behind these transfers of
knowledge and analogical mapping can indeed be both
explicit and implicit, effortful and effortless, intended and
unintentional. Furthermore, Speed (2010, as cited by
Hristova, 2017) claimed that automatic analogies might be
processed by the same PFC regions as the explicit ones but
since they would involve less activation, they might not be
as easily detectable by neuroimaging techniques.
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Rationale of the Current Study
Our goal was to explore the role of the central executive
component of working memory in analogy-making. A task
that reflects its capabilities is random generation of items
(Baddeley, Emslie, Kolodny, & Duncan, 1998). Random
number generation is used in dual-task research paradigms
to investigate the role of the central executive in different
cognitive processes (e.g. syllogistic reasoning (Gilhooly,
Logie, Wetherick, & Wynn, 1993). Waltz et al. (2000)
reported an experiment (Experiment 2) in which they used
the random number generation (RNG) task with 9
alternatives (digits 1 to 9) to demonstrate the important role
of the central executive in solving analogical problems.
They compared it with that of the phonological loop
component of WM and found no difference in the level of
depletion of the ability to perform relational mapping
between the two conditions, as compared to the performance
of a control group that did not perform a second task.
In this study, we wanted to examine the particular role of
the central executive component more closely through a
comparison between two active groups. Difficulty of the
RNG task depends on two independent factors (Towse,
1998): digit range (the broader the range, the harder the
task) and interval length (the shorter the interval between
generation of two consecutive digits, the harder the task).
We kept the interval the same for the two groups and varied
only the range: 1-9 for the high-load group, and 1-3 for the
low-load group. Towse (1998) found that an important
effect of increasing set range makes representing candidate
responses more difficult: having more digits to select from
makes it harder to choose a suitable alternative to continue
the sequence, which leads to particular digits and two-digit
combinations being chosen too often. It was important to be
able to clearly differentiate between the two groups, so we
obtained subjective measures of perceived difficulty and
objectively scored participants’ performance on the task
using three indices measuring redundancy, randomness and
adjacency (Towse, 1998).
We expected participants would subjectively report
different levels of perceived difficulty of the task and the
group with a bigger set size would perform worse as
reflected by randomness, redundancy and adjacency indices.
The main hypothesis of the study was that (assuming our
manipulation of the level of working memory depletion was
successful), there would be a significant difference in the
number of relational responses given to the analogical
problem between the two groups reflecting analogy-making
dependence on working memory resources.
Last but not least, we added a measure of fluid
intelligence — an abridged excerpt of Raven’s Progressive
Matrices (Raven, Raven, & Court, 2003). Individual
differences in RPM performance (i.e. in fluid intelligence)
have been found to correlate with ability to make relationbased mappings. Bliznashki and Kokinov (2010) reported in
an experiment a weak-to-moderate positive correlation (r
!pbis = .36) between the proportion of correctly solved RPM
trials and probability of providing a relational response to
the target task. Vendetti, Wu, and Holyoak (2014) similarly
report a moderate (r(26) = .41) positive correlation.

Kubricht, Lu, and Holyoak (2017) found that fluid
intelligence influences relational transfer
by aiding in
comprehension of the source analog.
We used the E series of Raven’s Progressive Matrices
which was chosen based on findings that solving RPM
problems which apply rule sets (Distribution of 3,
Distribution of 2, Addition, and Subtraction) that require
analytic reasoning is associated with activation of PFC areas
that are also linked with relational processing (Prabhakaran,
Smith, Desmond, Glover, & Gabrieli, 1997). Successful
solution of these problems involves executive control
processes that are required to analyze complex problems,
derive a set of relations between elements, develop solution
strategies, and monitor and adapt performance as problems
become more complex (Wiley, Jarosz, Cushen, & Colflesh,
2011).

Method
Participants
A total of 59 participants took part in the experiment (19
male, 40 female). Their mean age was 23.1 (SD = 4.92;
range: 18–40). All of them were volunteers and received
course credit. All were informed about the procedure of the
experiment and signed an informed consent form.

Stimuli
We used the 12 items of the E series of Raven’s Progressive
Matrices as a measure of fluid intelligence, as well as items
C9, D3 and D8 for training. For the analogy task 15
grayscale cross-mapping picture pairs were used (see Figure
1). The pictures were the ones used by Hristova et al.
(2013), where some of the stimuli were redrawn versions of
the ones used by Markman and Gentner (1993) and Tohill
and Holyoak (2000) with preserved relations between the
objects, while the others were added by the authors
(Hristova et al., 2013). Fifteen more pictures that did not
contain cross-mapping (but were otherwise similar to the
one shown in Figure 1) were used for the training sessions.
The experiment was conducted on a 13-inch MacBook
Pro laptop (Apple, CA, 2015). Stimuli were presented and
data were collected using a desktop application custommade specifically for this experiment.

Design
The study applied a between-subjects design with one
independent variable: working memory (WM) load level
(high vs. low). The difference between the two groups was
defined by the variation of the concurrent task they were
performing while solving analogical problems: generating
random digits ranging either 1-3 for the low-load group, or
1-9 for the high-load group. The dependent variable was
proportion of relational responses given to the analogy
problems. Participants were randomly assigned to groups.

Procedure
Participants were tested individually with an experimenter
in an experimental cubicle. They gave consent after being
informed about the procedures of the study and that it had to

2199

do with thinking and digit generation. The duration varied
between participants but was generally about 20 minutes.

items they received feedback of whether their answer was
correct, and if not — the correct answer was highlighted.
The experimental task included simultaneous solving of
the 15 cross-mapping pictorial analogy problems and RNG
with a 1,5 s interval. The instruction was purposefully
ambiguous — participants were told to indicate which
object corresponded to the highlighted one without
specifying whether to do so on a relational, or on a featural
basis. Presentation of every stimulus was preceded by a
100-ms fixation cross and the presentation of the pictorial
analogy stimuli was randomized across participants. A
computer mouse was used to indicate answers and the RNG
sessions were recorded. All procedures were approved by
the Ethics Committee of New Bulgarian University,
Department of Cognitive Science and Psychology.

Statistical Analyses of Data
Figure 1: Example of a picture-pair used in the analogy
task. Participants had to indicate which object in the lower
picture corresponded to the highlighted object in the upper
picture. The relational solution for this pair is X (a place for
storing instruments), and the attributional one is Z.
The experiment began with three training sessions:
analogy alone, random number generation alone, and
combined (analogy task along with RNG).
The pictorial analogy tasks comprised of two pictures one
below the other with three-four distinct objects each.
Participants were asked to indicate ‘which of the objects in
the picture below corresponded to the highlighted object
from the picture above’. The training set of picture-pairs
was different from the one used in the actual experiment
both in terms of objects and relations. Also, there were no
cross-mapped objects in the training picture-pair set. Five
picture-pairs were used in the analogy alone and ten in the
combined training task. No feedback was provided.
The aim of the RNG-only training session was for
participants to get used to the procedure of saying out loud a
digit (between 1-3 or 1-9, respectively for the two groups)
each time they heard a tone. The intervals between the tones
decreased from 2,5 s, through 2 s, to 1,5 s (each interval was
used for 40 s which resulted in a 120 s duration of the RNG
training). At the end of this session participants were asked
to rate how difficult they thought the task was on a scale
from 1 (very easy) to 7 (very difficult).
The final training session was a combination of the two
tasks — participants had to solve ten pictorial analogies
while simultaneously generating random digits at a 1,5 s
interval. At the end of this session, too, participants were
asked to rate how difficult the task was on a scale from 1
(very easy) to 7 (very difficult).
Participants completed the training tasks in their own
pace. No additional time was left in-between sessions.
After the training participants solved the 12 items from
the E series of RPM (presented in their usual order). The
original instructions were provided and participants were
told they had one minute to solve each item (although the
time limit was in fact 3,5 minutes). For the three training

The performance on the RNG task was assessed with three
indices which measure different aspects of it (Towse, 1998).
The first one, RNG, is an index of randomness which
measures the distribution of all immediate response pairs
and rises the more frequently one and the same pairs are
produced (e.g. 1 followed by 2, or 9 followed by 6,
repeatedly). Low scores indicate equal use of all possible
pairs. The formula for calculating RNG is the following:
! NG =
R
f log fi j ⟋
f log fi
∑ ij
∑ i
where f! i j is the frequency of each possible pair of responses;
!fi is the frequency of the ith alternative.
The next index, R, measures redundancy and as some
alternatives are generated more or less often than others, R
increases. The formula for R is the following:
! = 100 × (1 − [log 2 n − (
R
(n log n )⟋n]⟋ log 2 m))
∑ i 2 i
where n is the number of digits generated, n! i is the
frequency of the ith alternative, and m is the number of
response alternatives.
The third index is A which equals the percentage of pairs
made up of adjacent digits on the number line (i.e. ‘1,2’ or
‘2,3’ or ‘3,4’). The formula is:
! =
! (number of adjacent pairs!⟋number of response pairs)
A
! × 100
Using these indices to compare sequences between groups
requires standardization because the scores are affected by
different set sizes. We calculated non-randomness as
!(O − E )2 /E, where O is the observed value of the index at
hand, and E — the expected value for a random sequence.
We derived the expected values of the scores from a
computer generator producing 1000 strings of digits for
each set size. The strings were of the same length as the
mean length of strings produced by participants in each
condition. After this standardization process scores show
how much participants’ strings deviated from an appropriate
random sequence (Towse, 1998). Thus, higher scores reflect
less random performance for each index.
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Analogy Task

Results
Preliminary Data Analyses
The data were trimmed based on response time: 37 out of
885 cases were trimmed from the set of analogy-task
responses because they deviated by more than two SDs
above the mean RT, and 30 out of 708 — from the set of
RPM responses following the same procedure.

No significant difference was found in the proportion of
relational answers (see Figure 2) between the high-load (M
= 0.57; SD = 0.31) and the low-load group (M = 0.61; SD =
0.29; t(57) = 0.51; p = .61), nor in the proportion of
attributional answers (M = 0.35, SD = 0.29 for high-load
group; M = 0.34, SD = 0.28 for low-load group; t(57) =
0.22, p = .83).

Random Number Generation Task
All three indices (RNG, R and A) differed significantly
between groups, although not in the direction we
anticipated. The low-load group (set size: 1-3) performed
less randomly as measured by RNG (t(57) = 8.18, p < .001,
d = 2.11), produced more redundant sequences as measured
by R (t(57) = 55.14, p < .001, d = 14.47), and used adjacent
digit pairs more often as measured by A (t(57) = 14.83, p < .
001, d = 3.83; see Table 1 for descriptives).
The subjective ratings of task difficulty showed that
participants found the task to be significantly more difficult
with 9 alternatives than with 3 alternatives, both when they
had to generate digits only (t(57) = 2.38, p = .021, d = 0.61),
and when they had to generate them while solving an
analogy task (t(57) = 2.8, p = .007, d = 0.72; see Table 2 for
descriptives).
Table 1: Descriptive statistics for RNG, R and A scores

RNG

R

A

Group

Mean

95% CI of
Mean

SD

low load

1.11

0.84, 1.38

0.72

high load

0.03

0.01, 0.05

0.05

low load

96.18

95.51, 96.85

1.77

high load

5.99

2.77, 9.21

8.63

Figure 2: Mean proportion relational answers to the
analogical problems by the low and the high load groups.
Difference is not statistically significant.

RPM Task

Group

Mean

95% CI
of Mean

SD

low load

2.59

2.06, 3.12

1.40

There was a weak-to-moderate positive correlation between
RPM scores and proportion of relational answers
(Spearman’s rho(59) = 0.359, p = .005, see Figure 3), and a
weak negative correlation between RPM scores and
proportion of attributional answers (Spearman’s rho(59) =
-0.287, p = .027, see Figure 4). In other words, obtaining a
higher score on the RPM problems meant providing more
relational responses to the pictorial cross-mapping task, and
respectively, a lower RPM score was related to a higher
probability of providing feature-based solutions to the
analogical task. Correlations reported in the literature were
of similar magnitude (see Introduction).

high load

3.43

2.93, 3.93

1.33

Discussion

low load

4.66

4.16, 5.16

1.32

high load

5.60

5.12, 6.08

1.28

low load

570.64 494.11, 647.17 201.22

high load

21.46

11.82, 31.1

25.82

Table 2: Descriptive statistics for subjective measures of
task difficulty (on a 7-point Likert scale where 1 = very easy
and 7 = very difficult)

RNG
only
RNG and
analogies

In this experiment, after inducing a relational mind-set, we
varied the extent of concurrent cognitive load imposed on
two groups of participants by using a dual-task paradigm,
and obtained no difference in their performance on a crossmapping pictorial analogy task. This finding is not in line
with previous studies investigating the link between
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analogy-making and the executive component of working
memory (Waltz et al., 2000).

Figure 3: Correlation between proportion of relational
responses given to the pictorial cross-mapping task and
Raven’s score (presented here as proportion correct out of
12). Spearman’s rho(59) = 0.359, p = .005.

Figure 4: Correlation between proportion of attributional
responses given to the pictorial cross-mapping task and
Raven’s score (presented here as proportion correct out of
12). Spearman’s rho(59) = -0.287, p = .027.
The correlations between Raven’s performance and
proportion of successful relational mappings that we
obtained were similar to previous findings (Bliznashki &
Kokinov, 2010; Vendetti, Wu, & Holyoak, 2014) which
supports the possibility that individual differences in fluid
intelligence may inform individual differences in ability and
tendency to pay attention to and comprehend relations in an
analog (Kubricht, Lu, & Holyoak, 2017). This also endorses
the notion that common executive resources are used for the
two types of tasks.
As for the manipulation of cognitive load level, different
measures of random number generation performance

yielded conflicting results. On one hand, the three indices
used to measure performance objectively showed that the
low-load group’s sequences deviated from randomness more
so than those of the high-load group. On the other hand,
participants subjectively found the task to be more difficult
when the digit range was 1-9 than when it was 1-3, both for
the generation task on its own and when coupled with
analogy making. If we adopt the zero-correlation criterion
proposed by Dienes, Altmann, Kwan and Goode (1995) for
testing conscious and unconscious processing, and
sensitivity of objective and subjective measures of selfawareness (where positive correlation between confidence
and accuracy measures implies the use of conscious
knowledge in assessing one’s own performance), we may
speculate that the discrepancy between our two types of
measures is due to lack of explicit knowledge when
providing a self-assessment of performance. This lack of
agreement between objective and subjective assessment of
task difficulty may be a result of people’s variable
conceptions of what randomness is, depending on the
interpretation of the task at hand (Nickerson, 2002).
Even though the results are inconclusive with respect to
the exact way RNG affects working memory resources, both
measures differentiate between the two groups. So, based on
observations about the dependence of analogy-making on
executive resources, it is expected that there should be a
difference in the proportion of relation-based mappings
between the two groups.
However, we found no differences in the concurrent
analogical task — neither in the proportion of relational
responses, nor in that of attributional ones. These results
challenge the view that analogy-making is a strictly effortful
process that relies heavily on working memory resources.
Moreover, the fact that neither the relational, nor the
attributional choices differed reliably across conditions,
indicates that the same mode of thinking was used in both
conditions.
It is important to note that these results were obtained in a
context of a manipulating the level of cognitive load, and
not merely based on a comparison between an active and an
inactive group. Even though we only had two levels of
cognitive load, the results can still be considered
informative as far as mechanisms involved in the processes
are concerned. Naturally, if a group of participants
performing a single task was compared to a group
performing two tasks simultaneously, their performance
would differ but this is not necessarily indicative of the
nature of the cognitive processes involved. It may just be an
effect of the experimental paradigm used. By contrast,
manipulating the extent of cognitive load puts different
groups in more comparable settings that may yield more
trustworthy results, as long as the manipulation is
successful.
The scope of the current study is limited. More conditions
need to be explored with regards to the resources needed for
relational mapping in order to be able to draw stronger
conclusions about its nature as an effortful and/or effortless
process. That is why our future agenda includes exploring
several more conditions, including control groups with no
concurrent task, so that we may have a good baseline.
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Conclusion
With this study we introduce arguments favoring the
possibility that successful analogical mapping may not
depend heavily on working memory resources and is
possible regardless of their depletion. We emphasise the
importance of applying a research paradigm which varies
cognitive load gradually when the goal is to examine the
extent to which cognitive processes depend on a limitedresource component, such as the central executive, as well
as to determine the mechanisms of its involvement.
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Abstract
A growing number of studies has revealed that humans and nonhuman animals have the ability to process magnitudes of
nonsymbolic ratios. Lewis, Mathews & Hubbard (2015) hypothesized that this ability may depend on a ratio processing
system (RPS) that may help acquire symbolic fractions knowledge. The present study investigated ratio processing in
2nd and 5th graders using functional MRI. In the scanner, children decided which of two ratios was numerically larger.
The stimuli were constructed as pairs of nonsymbolic line ratios, symbolic fractions, and mixed notations. Both 2nd
and 5th graders showed the distance effect the behavioral performance and the neural activation were modulated by the
numerical distance between two ratios. Notably, 5th graders showed greater neural distance effect and more overlaps
in activation across notations when compared to 2nd graders. These results suggest that educational experience might
promote recruitment of the RPS for processing symbolic fractions as well.

2204

SRT and ASRT: Similar Tasks Tapping Distinct Learning Mechanisms?
Olga Parshina (oparshina@gradcenter.cuny.edu)
Rita Obeid (robeid@gradcenter.cuny.edu)
Elizabeth S. Che (eche@gradcenter.cuny.edu)
Timothy J. Ricker (timothy.ricker@csi.cuny.edu)
Patricia J. Brooks (pbrooks1@gc.cuny.edu)
Department of Psychology, the College of Staten Island and the Graduate Center, City University of New York
element in the series (Nissen & Bullemer, 1987). In the
ASRT task, random elements are inserted into the pattern;
hence, the learner must rely on non-adjacent dependencies to
predict upcoming elements (Howard & Howard, 1997).
Although both the SRT and the ASRT tasks rely on SL, to
our knowledge there has been no attempt to assess
relationships in performance across tasks. However, studies
utilizing other SL measures indicate a lack of correlations
across various SL tasks (Misyak & Christiansen, 2012;
Siegelman & Frost, 2015), suggesting that individuals’
sensitivity to statistical regularities may vary as a function of
stimulus modality (e.g., auditory vs. visual-spatial) and rule
type (e.g., adjacent vs. non-adjacent dependencies).
Studies of artificial grammar learning (AGL) have
contrasted the effortless learning of adjacent dependencies
with the more challenging task of acquiring non-adjacent
dependencies (Braine, 1987; Newport & Aslin, 2004).
Vuong, Meyer, and Christiansen (2016) examined
simultaneous acquisition of adjacent and non-adjacent
dependencies within the same AGL task. Although
participants were more sensitive to adjacent than nonadjacent dependencies when making off-line judgements of
grammaticality, their reaction times (RTs) in predicting
successive elements suggested that they were quite capable
of tracking both types of dependencies.

Abstract
The Serial Reaction Time (SRT) and the Alternating Serial
Reaction Time (ASRT) tasks are widely used assessments of
sequence learning (SL) wherein repetitive patterning of visualspatial elements leads participants to anticipate locations of
subsequent elements in the series. In the SRT task, the
predictive dependencies involve adjacent elements whereas in
the ASRT task they involve nonadjacent elements, due to the
insertion of random elements into the pattern. We tested
college students (N = 74) to explore whether the SRT and the
ASRT tasks relied on similar underlying learning mechanisms
while also examining associations between task performance
and nonverbal fluid intelligence, visual-spatial working
memory, and sentence processing ability. There was no
correlation in performance across the two SL tasks (r = –.18),
suggesting distinct learning mechanisms. Whereas 95.9% of
participants demonstrated sequence-specific learning in the
SRT task, only 64.9% demonstrated learning in the ASRT task.
SL in the ASRT but not the SRT task was associated with
nonverbal intelligence, visual-spatial working memory, and
sentence comprehension. The observed results run counter to
the claim that the ASRT relies only on implicit learning
mechanisms presumed to be unrelated to executive functioning
or general intelligence.
Keywords: sequence learning; implicit statistical learning;
working memory; nonverbal intelligence; sentence processing

Introduction
Humans are experts at detecting patterns and regularities in
the environment—a skill often referred to as (implicit)
statistical learning, or sequence learning (SL) (e.g., Conway
& Christiansen, 2006; Jiménez & Méndez, 1999). Learners’
sensitivity to recurring sequences and probabilities of cooccurring events is thought to play a critical role in the
acquisition of complex systems of knowledge, such as
language (Reber, 1993; Romberg & Saffran, 2010). SL often
occurs without any conscious awareness of the sequential
patterns in the input; hence, it is viewed as a form of implicit
learning (Cleeremans, Destrebecqz, & Boyer, 1998;
Perruchet & Pacton, 2006).
Various tasks have been developed to assess SL; here we
focus on the Serial Reaction Time (SRT) and the Alternating
Serial Reaction Time (ASRT) tasks, which assess sequencespecific learning of visual-spatial patterns. These
superficially similar tasks are distinguished by the nature of
the underlying sequential rules: In the SRT task, visualspatial elements follow a fixed order, allowing participants to
use the preceding adjacent elements to predict the next

Statistical Learning and Cognitive Abilities
The current study compared performance across the SRT and
the ASRT tasks in an effort to shed light on underlying
learning mechanisms. Researchers (e.g., Lewicki et al., 1988;
Ullman, 2004) have suggested that SL relies on the
procedural memory system, as opposed to declarative
memory. Hence, SL should be less dependent on general
cognitive abilities, such as nonverbal intelligence or working
memory capacity, whereas explicit analytical problem
solving should be more dependent on these abilities (Gebauer
& Mackintosh, 2007; Reber, Walkenfeld, & Hernstadt,
1991). The extant literature indicates a lack of consensus
regarding this issue (e.g., Danner et al., 2011; Kaufman et al.,
2010). Misyak and Christiansen (2012) reported that
performance on two distinct AGL tasks correlated with
performance on a verbal working memory task, but not with
a measure of nonverbal intelligence. In a review of the
literature, Janascek and Nemeth (2013) concluded that the
relationship between working memory and SL may be
stronger for tasks where SL is more explicit and intentional.

2205

They argued that the ASRT task provides a more implicit
measure of SL than the SRT task due to the insertion of
random elements preventing participants from noticing the
underlying sequential pattern (Janacsek, Fiser, & Nemeth,
2012). Under their view, to the extent that SL is implicit, such
that participants are unable to rely on explicit modes of
thought to predict upcoming events, performance should be
unrelated to individual differences in nonverbal intelligence
and working memory capacity.

Statistical Learning and Language Abilities
Previous studies provide mixed evidence of a relationship
between SL and language processing skills. Although a
recent meta-analysis indicates that children with
developmental language disorder (also called specific
language impairment) perform poorly on the SRT task
relative to age-matched controls (Lum, Conti-Ramsden,
Morgan, & Ullman, 2014), efforts to link individual
differences in performance on the SRT task with specific
language abilities have yielded mixed results (e.g., Kidd,
2012; Kidd & Kirjavainen, 2011; Lum & Kidd, 2012).
Few studies to date have explored links between the ASRT
task and language processing. Nemeth et al. (2011) had adult
participants perform the ASRT task simultaneously with a
sentence comprehension task, a word recognition task, or a
math calculation task. Only the sentence comprehension task
interfered with SL, suggesting that the mechanisms
underlying SL learning of nonadjacent dependencies are
utilized in sentence processing. Similarly, in studies of
second language learning, relationships between ASRT
performance and language learning outcomes have emerged
that are suggestive of overlapping learning and/or processing
mechanisms (e.g., Granena, 2013; Kaufman et al., 2010).

Research Questions
To further elucidate the mechanisms underlying SL, we
addressed the following research questions. (1) Do
participants show similar trajectories in learning visualspatial sequences on the SRT and the ASRT tasks and is
performance correlated across tasks? (2) Is performance on
the SRT or the ASRT tasks related to individual differences
in other nonverbal abilities (general intelligence, visualspatial working memory)? (3) Is performance on the SRT or
Trial 1

Trial 2

Trial 3

the ASRT tasks related to individual differences in sentence
processing ability?

Method
Participants
Participants were 74 undergraduates (37 women; age range
18–44) recruited from a psychology department subject pool
at a large urban public university. Participation was restricted
to native speakers of English.

Tasks and Measures
Serial Reaction Time (SRT) Task We employed the SRT
task of Lum and Kidd (2012), adapted from Nissen and
Bullemer (1987). On each trial, a yellow smiley face
appeared at one of four locations on a computer screen; each
location corresponded to a button on a gamepad (see Figure
1a). Participants were instructed to press the corresponding
button as quickly and accurately as possible each time the
smiley face appeared. After a block of practice trials,
participants received four consecutive blocks of trials
comprising 6 repetitions of a 10-item sequence of locations.
After these four blocks, participants completed a final block
of 60 trials with the smiley face appearing in pseudorandomized locations. To obtain a measure of sequencespecific learning, we calculated the rebound effect by
subtracting the median RT from Block 4 from the median RT
on the final random block. To control for individual
differences in processing speed, participants’ RTs were
transformed to z-scores prior to analysis.
Alternating Serial Reaction Time (ASRT) Task We used
the ASRT task of Nemeth et al. (2010), adapted from Howard
and Howard (1997). On each trial a picture of a dog appeared
in one of four horizontally arranged empty circles on a
computer screen. Participants were instructed to “catch the
dog” by pressing the corresponding keys on the keyboard as
quickly and accurately as possible (see Figure 1b). The
sequence of locations consisted of 8 elements (2, R, 4, R, 1,
R, 3, R) with locations in a fixed sequence (2, 4, 1, 3)
alternating with random locations (R). This 8-element
sequence was repeated 10 times per block to create 80 trials
in each of 20 blocks. Due to the positions of the random

Trial 4

Trial 1
(F = 2)

Figure 1a. Example of four consecutive trials on the SRT.
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Trial 2
(R = 1)

Trial 3
(F = 4)

Trial 4
(R = 3)

Figure 1b. Example of four consecutive trials on the ASRT
task (F = fixed element; R = random element).

elements, sets of three consecutive trials varied in their
frequency of occurrence within each block, allowing
identification of sets of high frequency triplets (e.g., 2 1 4,
generated by 2 R 4) and low frequency triplets (e.g., 1 4 2
generated by R 4 R). To measure of sequence-specific
learning, we computed the difference in median RTs for highfrequency triplets vs. low-frequency triplets, with each
participant’s RTs transformed into z-scores prior to analysis.
Culture Fair Intelligence Test We administered the Culture
Fair Test, Scale 3, Form A (Cattell & Cattell, 1973) as a
measure of nonverbal intelligence. Participants were given a
booklet with four sets of multiple-choice problems (Series,
Classification, Matrices, Conditions). Each problem set had
three examples followed by 10–14 items of increasing
difficulty. Series and Matrices problems required participants
to select an option to complete an abstract geometric series or
matrix. Classification problems required participants to
identify which two out of five stimuli were similar to each
other and different from the other three stimuli. Conditions
problems required participants to identify which option
allowed a dot to be placed within a set of geometric figures
where the placement of the dot would match that of a standard
figure. Participants attempted to solve as many problems as
they could in the allotted time (2.5 to 4 minutes per set). To
obtain a measure of nonverbal intelligence, we summed the
number of correct responses over the four sets.
Visual-Spatial Working Memory Task We used a visualspatial working memory task (Ricker & Hardman, 2017) as
an assessment of short-term storage capacity. We used this
task to avoid any spurious correlations with the language
tasks due to overlap in verbal ability and because it allowed
us to examine some auxiliary hypotheses related to the decay
rate. The task consisted of 10 practice trials and two blocks
of 30 experimental trials. On each trial, the participant was
shown an array of four rings with a dot at some point along
the edge of each ring (see Figure 2). Within each array, the
rings appeared at one of eight locations, randomly selected
without replacement.

screen for 600ms. Upon offset a masking stimulus was
presented for 300ms, followed by a blank retention interval
(RI) (750 or 7750 ms), determined randomly on each trial.
To test memory, each ring was re-presented at the end of
the retention interval, one at a time, in its prior location, with
the dot shown at the center. Participants were instructed to
use the computer mouse to move the dot to the location they
remembered from the array then click the mouse button to
advance to the next item. To obtain a measure of working
memory, we calculated response errors in circular degrees for
each item.
Sentence Processing Task We administered a self-paced
reading task to assess sentence comprehension (Wells,
Christiansen, Race, Acheson, & MacDonald, 2009). The task
included 9 practice items, 20 test items, and 30 filler items,
with test items comprising 10 sentences with a subject
relative clause, e.g., The baker that offended the butcher
carried some boxes out to the curb, and 10 with an object
relative clause, e.g., The representative that the president
denounced slammed the door after the meeting.
At the start of each trial, participants were shown a series
of dashes corresponding to each non-space character in the
sentence. They were told to press a button to view each
successive word. Each button press caused the next word to
appear and the previous word to return to dashes. After
viewing the last word, participants were given a yes/no
comprehension question, e.g. Did the butcher offend the
baker? Comprehension accuracy (% correct) for the 20 test
items served an index of sentence processing ability.

Procedure
Participants were tested individually in a quiet testing booth
in a two-hour session. Task order was counterbalanced with
the constraint that SRT and ASRT tasks were given first and
last, with half of the participants completing the SRT task
first and the other half completing the ASRT task first.

Results
Individual Outcome Measures

Figure 2. Example of a trial of the Working Memory task.
Participants were told to remember the locations of the dots
to reproduce at test. The array of 4 rings was presented on the

SRT Task Accuracy on the SRT task approached ceiling, M
= 97.1% (SD = 4.3; range = 72.3 to 100%). As shown in
Figure 3a, RTs decreased across Blocks 1-4 as participants
learned the task. A repeated-measures ANOVA confirmed a
significant effect of Block on RTs, F(4, 292) = 65.4, p < .001,
ηp2 = .47. Indicative of sequence-specific learning,
participants demonstrated a significant rebound effect, (M =
.47, SD = .32, range –.27 to 1.2) between Block 4 and the
subsequent random block (p < .001), with considerable
variability in its magnitude. Only 4.1% of participants (N =
3) failed to demonstrate sequence-specific learning (i.e., they
did not exhibit faster RTs for Block 4 in comparison to the
subsequent random block). The magnitude of the rebound
effect did not vary by task order.
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Figure 3a. Normalized RT across blocks for the SRT task.

Figure 3b. Normalized RT across epochs for the ASRT task.

ASRT Task Mean accuracy on the ASRT task was 91.8%
(SD = 5.3; range = 62.4 to 99.3%). For the purpose of
statistical analysis, RTs across the 20 blocks of trials were
grouped into four epochs of five blocks (i.e., 1–5, 6–10, 11–
15, 16–20) and analyzed using repeated-measures ANOVA
with Epoch and Triplet Type (high vs. low) as within-subjects
factors. The ANOVA revealed a significant main effect of
Epoch, F(3, 219) = 2.94, p = .03, partial ηp2 = .04, confirming
a significant decrease in RT as participants learned the task
(see Figure 3b).
More importantly, the analysis also revealed a significant
main effect of Triplet Type, F(1, 73) = 9.68, p = .003, partial
ηp2 = .12, indicating sensitivity to statistical probabilities
within the sequence. Note, however, that the mean difference
in normalized RTs between high frequency triplets and low
frequency triplets was only .02 (SD = .06, range –.10 to .21),
which suggests that sequence specific learning of nonadjacent dependencies was a relatively weak effect. Indeed,
35.1% of the participants (N = 26) did not demonstrate
sequence-specific learning (i.e., they failed to exhibit faster
RTs for high frequency triplets as compared to low frequency
triplets). The interaction between Epoch and Triplet Type did
not approach significance in the ANOVA, F(3, 219) = 1.18,
p = .32, suggesting that the effect of sequence-specific
learning did not increase significantly as a function of task
exposure. The magnitude of the effect of Triplet Type did not
vary as a function of task order.
Culture-Fair Intelligence Test (CFIT) Raw scores were
used as a measure of nonverbal intelligence: M correct = 21.9,
SD = 4.9 (range 11 to 34).
Visual-Spatial Working Memory (WM) Task To assess
visual-spatial working memory, we calculated the degrees of
error in reproducing the position of the dot on each ring. The
mean overall error rate was 35.3 degrees (SD = 7.9, range
19.9 to 54.7). A two-way repeated-measures ANOVA
revealed a main effect of Retention Interval, F(1, 73) = 18.9,
p < .001, partial ηp2 = .20, with higher accuracy (smaller
error) for the shorter retention interval (M = 33.9 degrees; SD
= 8.6) than for the longer interval (M = 36.7; SD = 8.1). A
main effect of Serial Position, F(3, 219) = 35.9, p < .001,
partial ηp2 = .33, indicated that participants were sensitive to

the order of appearance of the probe stimuli as well. Mean
error was highly correlated across retention intervals, r = .79,
p < .001, so we use average error in subsequent correlational
analyses.
Sentence Processing (SP) Task Mean accuracy in sentence
comprehension was 70.3% (SD = 12.6%; range 50 to 95%).
Comprehension accuracy was not significantly higher for
sentences with subject relative vs. object relative clauses,
t(73) = .31, p = .76; accuracy across sentence types was
moderately correlated, r = .47, p < .001.

Associations Between Tasks
Table 1. Correlation coefficients across tasks (N = 74).

ASRT
SP
WM
CFIT

Sequence Learning
SRT
ASRT
–.18
.13
.31
.04
–.29
.11
.23

Sentence
Processing

Working
Memory

–.11
.20

–.34

Indices of sequence-specific learning on the SRT and the
ASRT tasks were not correlated (p = .13); see Table 1.
Performance on the ASRT task, but not the SRT task,
correlated positively with sentence processing (p = .008) and
nonverbal intelligence (CFIT) (p = .04), and negatively with
error on the working memory task (p = .01). While error on
the working memory task showed a significant negative
correlation with CFIT (p = .003), neither measure was
associated with sentence processing. (Note, however, that pvalues are uncorrected for multiple comparisons.)
As suggested by a reviewer, we removed the 29
participants who failed to show sequence-specific learning on
the SRT and/or ASRT tasks and recalculated the correlations.
In the reduced sample (N=45), the SRT and ASRT tasks were
significantly negatively correlated (r = –.36, p = .014). SRT
was unrelated to all other variables. ASRT was positively
associated with sentence processing (r = .32, p = .033) and
negatively associated with working memory (r = –.33, p =
.028), but no longer associated with CFIT, (r = .14, p = .36).
CFIT remained significantly correlated with working
memory (r = –.30, p = .046).
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Discussion
SL has been defined as the implicit detection of complex
patterns in the environment (Reber, 1993). Although SL is
presumed to underlie the acquisition of complex systems of
knowledge such as language, there is little consensus on how
to assess SL as an ability (Kaufman et al., 2010; Siegelman,
Bogaerts, & Frost, 2017). In this study, we asked whether
learning of sequence-specific information across two
perceptually similar SL tasks would provide evidence of
shared underlying learning mechanisms. The SRT and the
ASRT tasks are both widely used as indices of procedural
learning, yet differ with respect to the underlying sequential
rules. The absence of a positive correlation in sequence
learning across the two tasks suggests distinct learning
mechanisms for tracking adjacent vs. nonadjacent
dependencies, which runs counter to the view that the ASRT
task is simply a more implicit version of the SRT task, where
intervening elements prevent sequences from entering
awareness. In line with prior research that indicated the
relative difficulty of detecting nonadjacent dependencies (cf.
Braine, 1987), over a third of our participants (35.1%) did not
exhibit sequence-specific learning in the ASRT task. This
contrasted with markedly superior performance on the SRT
task, where only 4.1% of participants failed to exhibit
learning. Differences in task performance were also evident
in the effect sizes for sequence-specific learning (Z-score
units for SRT: .47 vs. ASRT: .02). Although we interpreted
the results as due to task differences in dependency learning,
the SRT and ASRT tasks also differed in the layout of the
response pad and the time course of learning captured (the
last two blocks for SRT; all epochs for ASRT). It remains
possible that these superficial differences contributed to the
differential pattern of correlations we observed.
Our results support proposals that view computations of
sequential dependencies as constrained by the input modality
and the types of distributional probabilities and contingencies
present in the input (Conway & Christiansen, 2006; Frost et
al., 2015). Daltrozzo and Conway (2014) have proposed a
dual-route hypothesis that SL consists of “basic” and
“expert” systems. The basic system captures modalityspecific sequences, extracts recurring chunks of input, and
registers transitional probabilities in a bottom-up fashion.
The expert system, in contrast, utilizes top-down processing
dependent on attention and working memory to construct
abstract representations of sequential patterns that transcend
specific stimuli or stimulus modalities. The basic system
seems to emerge early in life, as evidenced by studies of SL
in infancy (Romberg & Saffran, 2010), and may bootstrap
development of the expert system (Saffran & Wilson, 2003).
Under this view, the two systems interact in hierarchical
fashion, with extraction of concrete contiguous sequences
serving as an initial step in SL (Thiessen et al., 2013).
Although it seems plausible that the SRT task taps into the
basic system, it remains unclear how performance on ASRT
task relates to this account.
In the current study, performance on the ASRT task, but
not the SRT task, correlated with nonverbal intelligence and

visual-spatial working memory. This pattern of results failed
to match Janascek and Nemeth’s (2013) prediction that
working memory resources are more strongly associated with
explicit than implicit SL. The observed associations between
the ASRT and visual-spatial working memory undermine the
view that the ASRT task represents a “pure” measure of
implicit SL. If this were the case then we should not have
observed a significant correlation between working memory
and sequence-specific learning on the ASRT task.
Alternatively, having greater memory capacity may allow
learners to register difficult non-contiguous patterns because
more elements can be concurrently held in working memory
at the same time. Given Nemeth et al.’s (2011) findings that
simultaneous sentence processing is disruptive of learning in
the ASRT task, future research should examine whether
imposing load on visual-spatial working memory disrupts SL
in the ASRT task to a similar extent.
In line with Nemeth et al. (2011), we found SL in the ASRT
to correlate with sentence processing (comprehension
accuracy). Taken together with findings by Misyak and
Christiansen (2012) who linked success in learning AGLs
with either adjacent or nonadjacent dependencies with
accuracy in comprehending complex sentences containing
relative clause constructions, our results imply that
processing of complex syntactic constructions relies on SL
mechanisms that support representations of non-contiguous
long-distance dependencies. The fact that the SRT task was
not associated with any cognitive or language measure in our
study may be due in part to its psychometric properties
(Hedge, Powell, & Sumner, 2017; Siegelman & Frost, 2015).
Although frequently used in group-level research designs
comparing clinical and non-clinical samples (e.g., Lum et al.,
2014; Lum, Ullman, & Conti-Ramsden, 2013), the SRT task
may not be an ideal assessment for detecting individual
differences in SL as virtually all individuals within normative
samples are able to achieve sequence-specific learning with
minimal effort and error.
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Abstract
Research on semi-supervised category learning has been
sparse despite its representativeness of naturalistic category
learning and potential applications. Most of the semisupervised literature to date has focused on establishing the
phenomenon. These efforts have produced mixed results and
have explored a relatively limited set of learning
circumstances. In the current work, we contribute a novel
investigation of semi-supervised learning by extending the
paradigm to relational category learning and evaluating the
role that item similarity plays in the effectiveness of
unsupervised learning opportunities. Our results show firstever evidence of semi-supervised learning in the induction of
relational categories and, further, that the similarity between
supervised and unsupervised examples critically dictates
whether benefits of unsupervised exposures accrue. We
conclude with implications and future directions.
Keywords: semi-supervised learning; relational categories;
similarity; classification learning; transfer

Introduction
A central goal of human category learning research is to
understand what influences the quality, nature, and utility of
the category representations we acquire. Research in pursuit
of this goal has attained a respectable degree of breadth –
ranging from the effect of category structure (e.g., Shepard,
Hovland, & Jenkins, 1961), to learning mode (e.g.,
classification vs. observational: Estes, 1994; Levering &
Kurtz, 2015; classification vs. inference: Jones & Ross,
2011; Yamauchi & Markman, 1998), to whether learning
benefits more from blocking or interleaving categories
during training (e.g., Carvalho & Goldstone, 2017).
Despite the literature’s impressive breadth in many
respects, it has been lopsidedly deep when it comes to the
issue of supervision. A clear majority of studies investigate
learning under full supervision. Within the context of the
canonical classification learning task, supervised learning
(SL) refers circumstances under which learners receive both
a complete example and its associated, experimenterdefined class label on each learning trial. While SL has
enjoyed much attention in the literature, a comparatively
small amount of non-SL research has been conducted.
Further, the majority of non-SL studies have pertained to
fully unsupervised learning tasks such as ‘free
classification’ or ‘restricted classification’ (Garner, 1974)
where the learner must construct her own basis for what
things go together (e.g., Medin, Wattenmaker, & Hampson,
1987).

The value of the SL and UL research programs is clear.
There are many real-world circumstances – such as
pedagogical settings – in which we are informed of a
target’s class membership. Additionally, there are also many
times when we must group things together on our own
without external indication about how they should be
organized. In an ecological sense, however, each of these
programs of research is estranged from the reality of how
we learn most categories – that is, through some supervised
experiences that are nested in a much broader context of
unsupervised experiences. The integration of supervised and
unsupervised learning experiences is known as semisupervised learning (SSL).
The human SSL literature is a nascent, but critical, area
for research. Besides serving to basic research interests, the
study of SSL is highly relevant to educational applications.
Given that a key goal of education is to provide learners
with a set of learning experiences that enable their continued
learning (Bransford & Schwartz, 1999), research that
elucidates how to structure supervised learning to maximize
subsequent unsupervised learning is in direct service of this
goal. It should also be noted that SSL research has been an
important topic in machine learning. As such, research on
human SSL holds the potential to positively influence the
development of novel machine learning algorithms.
What is known about human SSL? Given the recency of
this research area, the findings are somewhat sparse. In fact,
most of the literature hitherto has been devoted to
establishing the existence of the phenomenon – that
category representations formed from supervised
experiences are impacted by unsupervised ones or vice
versa (Gibson, Rogers, & Zhu, 2013; Kalish, Rogers, Lang,
& Zhu, 2011; Lake & McClelland, 2011; McDonnell, Jew,
& Gureckis, 2012; Vandist, De Schryver, & Rosseel, 2009;
Vong, Navarro, & Perfors, 2016; Zaki & Nosofsky, 2007;
Zhu, Rogers, Quian, & Kalish, 2007). Although it presents
as uncontroversial that we do capitalize on both supervised
and unsupervised learning opportunities, the literature on
this topic has been somewhat mixed. Several studies have
demonstrated evidence of SSL in category learning (e.g.,
Kalish et al., 2011; Zhu et al., 2007; Vong et al., 2016)
while others have failed to find any compelling evidence
(e.g., Vandist et al., 2009; McDonnell et al., 2012). Thus,
studies with a novel take on the SSL effect are warranted.
While a few studies have examined factors that impact
whether and to what degree SSL occurs – such as the effect
of category structure and label ambiguity (Vong et al., 2016)
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or the impact of the ratio of supervised to unsupervised
examples (Vandist et al., 2009) – the literature’s
predominant focus on establishing the phenomenon has left
it relatively limited in scope. One way in which the
literature shows reduced scope is in its exclusive usage of
continuous, feature-based categories as the target of
learning. Although the study of feature-based categories is
integral to our understanding of SSL and category learning
generally, much of the category knowledge we possess is
not reducible to a feature-based understanding. Instead, a
plethora of the categories we are knowledgeable about, such
as positive feedback loop and reciprocity, are abstract and
reliant on relationships rather than features. Accordingly,
mounting attention has been devoted the study of relational
categories (Gentner & Kurtz, 2005; Markman & Stilwell,
2001) – categories whose members belong based on a
shared set of relations (i.e., a common relational structure).
It should be noted that relational category membership is
based on deep, relational commonalities and members of the
same category can be quite featurally distinct.
The present investigation represents the first time SSL has
been studied using relational categories. It should be noted
that studying SSL using relational categories carries some
unique benefits, relative to feature-based studies. For one,
many of the concepts that are targeted in formal educational
settings are relational in nature (e.g., Newton’s laws, the
concepts of evolution by natural selection; Goldwater &
Schalk, 2016). Given this, research on relational category
learning holds the potential for high translational value. As a
second point, relational categories have been characterized
as being rule-like in nature (Gentner & Kurtz, 2005). That
is, if a target possesses the requisite set of relationships, and
the viewer identifies those relationships, then an item can be
classified relatively unambiguously as a member of the
category (in a way that is perhaps akin to the ‘classical
view’ of category learning; Murphy, 2002). This may be
contrasted with research in the feature-based realm, where
membership is demonstrably graded in most cases. In effect,
relational categories may more uniformly lend themselves to
classifications that can be interpreted as ‘correct’, which
may increase both the impact that unsupervised
classifications have on learning and the probability of
demonstrating evidence of SSL.
In addition, as an exploratory factor, we also sought to
elucidate the role that similarity between the supervised and
unsupervised item sets plays in whether SSL occurs.
Towards this goal, we included high- and low-similarity
SSL groups in our design. We operationalized similarity
based on surface characteristics and the spatial orientation
of the category-defining core. In the high-similarity group,
items on both supervised and unsupervised trials shared a
common (rock) domain and spatial orientation – that is, they
shared literal similarity. In the low-similarity group, items
encountered during unsupervised trials came from a
different surface domain (mobiles) and had their relational
core reflected over the X-axis. That is, these items were
analogically similar to the supervised set. To be clear,

although the unsupervised stimuli in the two SSL groups
differed on the surface level, the deep, structural aspects of
the target categories were equally preserved in both sets. We
note one study that has examined the effect of similarity on
SSL of feature-based categories (Vong et al., 2016).
However, given the difference between the role of surface
similarity in feature-based versus relational category
learning (predictive vs. non-predictive of membership,
respectively), this investigation of similarity will serve as an
informative contribution.
In the following between-subjects experiment, learners
engaged in one of three classification learning conditions.
The supervised-only control engaged in three blocks of
supervised classification trials. The two SSL conditions
were just like the control, except additional unsupervised
classification blocks were inserted after each supervised
block. In the high-similarity condition, subjects classified
items that were literally similar to the supervised set during
unsupervised blocks. In the low-similarity condition,
subjects classified items that were only analogously similar
to the supervised set during the unsupervised blocks. To be
expressly clear, the SSL groups received many more
stimulus exposures than the supervised-only group (all of
which were unsupervised). Typically, an exposure
imbalance is a methodological shortcoming. However, the
fundamental question at stake – the SSL effect, for which
evidence is currently mixed – is whether unsupervised
exposures add anything at all to what is learned through
supervision. As such, an exposure imbalance is an integral
part of the question and manipulation. Following training,
all conditions engaged in a common assessment sequence
that consisted of a within-domain test followed by an
across-domain transfer test. If learners do indeed integrate
supervised and unsupervised experiences, then we should
observe a benefit for one or both SSL groups over the
supervised-only control. If similarity dictates the degree to
which supervised and unsupervised experiences are
integrated, then we should see performance differences
between the two SSL groups.

Method
Participants
120 undergraduates at Binghamton University participated
for partial fulfillment of a course requirement.

Materials
The stimuli used for supervised training – held constant
across all participants/conditions – consisted of 24 unique
rock arrangements, eight per category. These stimuli have
been used in previous relational category learning research
(see Kurtz, Boukrina, & Gentner, 2013; see also Patterson &
Kurtz, 2015). Each arrangement was made up of rocks that
varied in shape, size, color, and spatial location (see Figure
1). Each of these rock arrangements conformed to only one
of the three following relational categories: monotonicity –
embodied by a monotonic decline in rock height going from
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left to right in the arrangement, support – defined by the
presence of one rock being elevated by two other rocks
below, and mirrored stack – characterized by the presence
of two same-color rocks that were of similar size, shape, and
stacked vertically. The artificial labels used for these
categories in the experiment were Besod, Makif, and Tolar,
respectively.
The stimuli used for unsupervised training consisted of
two subsets – a high-similarity (rocks) set and a lowsimilarity (mobiles) set. The high-similarity set was made
up of 15 unique rock arrangements that were similar to, but
distinct from, those used for supervised training. The lowsimilarity set consisted of 15 mobile stimuli that were
composed of different shapes connected by lines (as if
dangling from above) that varied in size, shape, color, and
spatial location. Besides coming from a domain with
different surface characteristics, the spatial orientation of the
category-defining core was reflected over the X-axis in the
mobiles, relative to the rocks. Thus, performance on these
items was hinged on successful analogical transfer. As with
the supervised set, each stimulus in each of the unsupervised
sets conformed to only one of the target categories, and both
high- and low-similarity sets were balanced by category
with five items per category in each set.
The stimuli used at test consisted of within-domain and
across-domain transfer items. The within-domain test was
used to assess for differences in mastery and neargeneralization ability; it consisted of the 24 ‘old’ rock
arrangements from the supervised set and 12 ‘new’ rock
arrangements not previously experienced by any group.
Given our main interest in learners’ ability to generalize to
new examples, each ‘old’ item occurred once in the set and
each ‘new’ item occurred twice. The ‘old’ and ‘new’ items
were randomly interspersed. The across-domain transfer
items were also novel to all participants. These items were
used to assess for differences in learners’ abilities to transfer
knowledge to surface-dissimilar examples of the categories.
The 36 transfer items were an exact replica of the 24 ‘old’
and 12 ‘new’ rock arrangements from the within-domain
test, except each item was mapped into one of eight
different domains with different surface characteristics (see
Figure 1 for examples). The frequency of each domain was
equated across categories. As with the ‘new’ within-domain
items, the across-domain items each occurred twice (totaling
72 trials) and the order of the examples was randomized.

Design and Procedure
Learning phase Participants were randomly assigned to
one of the three learning conditions: supervised learning
only control (SL-only; n = 38), high-similarity SSL (n =
39), or low-similarity SSL (n = 43). Prior to training, all
subjects were given an archaeological cover story and
condition-specific instructions that informed them of the
upcoming tasks they would engage in – including the test;
subjects were encouraged to learn, as best they could, both
the class labels and what makes an item belong to a
category.

A schematic illustrating the training procedure by
condition can be seen in Figure 2. All three conditions
engaged in three blocks of supervised classification training.
In each block, subjects encountered a new random order of
the same 24 rock arrangements. On each supervised learning
trial, an item was presented in the center of the screen and
remained visible for the duration of the self-paced trial. A
query about the item’s class membership was presented
above the item and three response buttons (one for each
category) below it. After registering a guess using the
mouse, visual confirmation of the selection was shown, and
evaluative feedback was given that included whether the
response was correct and the correct category label of the
presented item (e.g., Correct! This one is a Makif).
Feedback was displayed in green or red for correct and
incorrect responses, respectively. Following feedback,
participants clicked the screen anywhere to proceed to the
next trial. Time to make a classification and evaluate
feedback were both unconstrained.

Figure 1: Sample stimuli for each category in
each phase. Note: within-domain test items (not
shown above) were also rock arrangements.
What distinguished the three conditions from one another
was the type of task that followed each of the supervised
learning blocks. The two SSL groups received blocks of
unsupervised classification trials – three blocks in total. In
the high-similarity SSL group learners made two passes
through the 15 rock arrangements – a random order each
time. Given the mixed results in the literature, we opted for
this more heavy-handed approach of making two passes
through the set. Thus, each unsupervised block consisted of
30 trials. The structure of each unsupervised trial was
identical to that of the supervised trials except no feedback
was given following learners’ classification decisions. The
low-similarity SSL group was just like the high-similarity
SSL group except they made two randomized passes
through the 15 mobile stimuli instead of the rock stimuli.
In contrast to the SSL groups, the SL-only control group
did not engage in unsupervised classification trials. These
learners were instead given an 80 second break after each of
the three supervised learning blocks. The duration of 80
seconds was chosen based on preliminary data that
suggested this was roughly the amount of time SSL learners
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would need to complete each unsupervised block. To
control for visual exposure, during each break, a distinct
‘Where’s Waldo’ image was centered on the screen and a
picture of Waldo was shown in the bottom corner of the
screen. Both remained visible for the duration of the break.
Learners were instructed to rest and were invited to play
‘Where’s Waldo’ if they felt like it. An additional
instruction was included for the Waldo-naïve that taught
subjects how to play ‘Where’s Waldo’ (by finding the guy
shown in the bottom corner of the screen). After the break
time was up, learners were shown where Waldo was for 10
seconds – so as not to leave any Waldo participators
frustrated going into the next block

presented. We note two core effects here. First, the effect of
block was highly significant (Hi-sim: β = 0.37, SE = 0.058,
Z = 6.50, p < .001; Lo-sim: β = 0.54, SE = 0.069, Z = 7.95, p
< .001), which reflects that participants’ accuracy on the
unsupervised items increased as they progressed through
each unsupervised block. Second, the effect of learning
condition was also highly significant (Hi-sim > Lo-sim; β =
0.57, SE = 0.052, Z =11.15, p < .001) – showing that
learners were better able to make near generalizations, as
opposed to more distant transfer. Last, we note a marginal
interaction between block and learning condition that
suggests that learners improved more in their unsupervised
classifications across blocks when they received highsimilarity items (β = 0.17, SE = 0.09, Z = 1.91, p = .057). To
the extent that more accurate generalization contributes
greater learning, these findings suggest the high-similarity
SSL group should demonstrate higher performance than the
low-similarity group in the subsequent metrics.
Table 1: Adjusted condition means and standard
errors across all performance phases.

Figure 2: Block-by-block training procedure by
condition.
Assessment phase After completing the three supervised
classification blocks and the three interleaved blocks of
either unsupervised classification (SSL groups) or break
time (SL-only group), all conditions performed an identical
assessment sequence. Participants were given a notification
when they reached the test phase. Learners first received the
within-domain test. Upon completion, learners were
informed they would then be tested on a different set of
items and subsequently began the across-domain transfer
assessment. On each trial, in both the within- and acrossdomain assessments, subjects were asked to classify the
presented item and were not given feedback.

Results
The accuracy data were modeled trial-wise using logistic
regressions run in the R environment (R Core Team, 2015).
Learning phase models included block, learning condition,
and their interaction as predictors. Assessment phase models
predicted accuracy with learning condition as the lone
predictor. Adjusted means and standard errors can be seen
in Table 1.

Learning Phase Performance
Unsupervised blocks – SSL groups We first look at
performance during the unsupervised learning blocks to
evaluate whether high and low-similarity SSL groups
differed in their ability to classify the items they were

Supervised blocks – All groups On the supervised trials,
block was the only reliable effect (SL-only: β = 0.99, SE =
0.075, Z = 13.21, p < .001; Hi-sim: β = 0.84, SE = 0.074, Z
= 11.41, p < .001; Lo-sim: β = 0.81, SE = 0.068, Z = 11.91,
p < .001). This demonstrates that learners became more
adept at accurately classifying the exemplars across blocks.
We note two additional trends that did not reach
significance. First, there was a trend for high-similarity SSL
over the SL-only group (β = 0.10, SE = 0.061, Z = 1.66, p =
.096), which hints at a possible benefit to receiving highsimilarity unsupervised trials in addition to supervised trials.
Second, we found a trend for the interaction between block
and learning condition for the SL-only and low-similarity
groups (β = -0.17, SE = 0.10, Z = -1.71, p = .086). The
interaction suggests a possibility that learners in the lowsimilarity SSL group were hindered in their ability to learn
across supervised blocks, relative to the SL-only group. In
sum, the supervised blocks provide only a weak suggestion
that the unsupervised learning experiences exerted an effect
on supervised training performance.

Assessment Phase Performance
Within-domain Of critical interest to this investigation was
performance at test. On the within-domain assessment (see
Figure 3) – consisting of a mixture of the ‘old’ and ‘new’
rock arrangements – we found two reliable effects of
condition. The reliable advantage for the high-similarity
SSL group over the SL-only group (β = 0.26, SE = 0.081, Z
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= 3.16, p = .002) indicates that classifying high-similarity
category members without feedback confers an added
benefit. In addition to this effect, we also observed a reliable
advantage for the high-similarity SSL group over the lowsimilarity SSL group (β = 0.19, SE = 0.079, Z = 2.38, p =
.02) – indicating a greater benefit was derived from
experiencing near, as opposed to far, members during
unsupervised exposure. No differences were found between
the SL-only and low-similarity SSL groups.

Across-domain Transfer The across-domain transfer test
mirrored the within-domain results (see Figure 4). We saw a
highly reliable advantage for the high-similarity SSL group
over both the SL-only group (β = 0.21, SE = 0.063, Z =
3.27, p = .001) and the low-similarity SSL group (β = 0.18,
SE = 0.061, Z = 2.98, p = .003). These findings provide
further evidence that unsupervised learning experiences
impact learners’ category knowledge and improve their
ability to accurately identify new examples of a category in
a different domain. However, this benefit only accrues when
the unsupervised experiences are similar to those
encountered under supervision.

Discussion

Figure 3: Within-domain performance. Error
bars represent +/- 1SE.
We can also examine these data by breaking them down
into their separate ‘old’ and ‘new’ subcomponents. On the
‘old’ items, we did not find any reliable effects. However,
two trends mirrored the effects found in the overall
assessment. First, the high-similarity SSL group exhibited a
numerical advantage over the SL-only group that failed to
reach significance (β = 0.22, SE = 0.13, Z = 1.72, p = .085).
Second, the high-similarity group also showed a numerical
advantage over the low-similarity group (β = 0.23, SE =
0.13, Z = 1.84, p = .066). On the ‘new’ items however, we
found a reliable advantage of high-similarity SSL over SLonly (β = 0.29, SE = 0.11, Z = 2.71, p = .007) – suggesting
that high-similarity SSL promotes further within-domain
generalization.

Figure 4: Transfer performance. Error bars
represent +/- 1SE.

There were two primary goals of this study. First, we
sought to make a novel contribution to the SSL literature by
extending the evaluation of SSL, as a phenomenon, to the
realm of relational category learning. Consistent with our
predictions, we found compelling evidence that
unsupervised encounters exert a marked effect on the
quality and portability of category knowledge. Though SSL
was not found to affect accuracy on the better-learned,
supervised training items, we note a prominent effect of
SSL on the extension of category knowledge both to near
members and more distant, surface-dissimilar members. To
our knowledge, these results represent the first evidence of
SSL in relational category learning by induction. Further,
these findings corroborate those studies in the feature-based
literature that validate SSL as a phenomenon (Lake &
McClelland, 2011; Gibson et al., 2013; Kalish et al., 2011;
Zaki & Nosofsky, 2007; Zhu et al., 2007).
We also found that the value of unsupervised exposures is
not uniform. The second primary goal of this study was to
gain insight into the potential role that superficial similarity
plays in whether and to what degree SSL occurs. Our
findings suggest that similarity is a critical determinant of
SSL. Although the high-similarity SSL group showed clear
benefits of unsupervised exposures, its low-similarity
counterpart performed reliably worse at test and appeared to
provide no additional value over SL alone. Understanding
this finding will require additional research, however we
offer three speculative interpretations. Perhaps the most
obvious interpretation is that the analogical mapping was
too challenging for learners to make. Without being
accurately mapped/classified, it’s hard to see how the items
might benefit learning. However, the accuracy data seem to
cast doubt on this as a full account; learners performed
reliably above chance on even the first unsupervised block
and achieved a respectable degree of accuracy by the final
block.
Another possibility is that, although learners
performed reasonably well, the higher degree of error they
faced (relative to high-sim learners) led to more
inappropriate/inaccurate knowledge updates. Under this
view, any benefits of unsupervised classifications might be
corrupted by inaccurate guesses. Lastly, we note the
possibility that learners may have for some reason downweighted the validity of their unsupervised classifications

2215

(despite achieving accuracy), thereby nullifying any benefit.
For example, the distant mappings required in the lowsimilarity group may have contributed to lower confidence
in their classifications. If confidence serves as a moderator
to the amount that category knowledge is updated, this
could explain the discrepancy between the two SSL groups.
Future work should serve to distinguish these possibilities.
There remain many follow-up questions that will need to
be addressed to gain a fuller understanding of relational
SSL. Are certain aspects of our paradigm critical to whether
SSL occurs? For one, we chose the classification learning
mode because it requires the making of a committed guess
on each unsupervised trial – which could increase the effect
of unsupervised exposures. Additional work will need to
establish whether the effect is resilient to other more passive
learning modes. We also chose to block unsupervised
examples together instead of interleaving them with
supervised examples. One could imagine a benefit of
making temporally close comparisons between supervised
and unsupervised examples on subsequent trials. Lastly, it
remains to be seen whether the SSL effect and the role of
similarity are expertise dependent – do these patterns shift at
different stages of learning? Future work will bring the
supervision we seek. But, until then, we’ll just have to go
with our best guess.
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Abstract
The framework of cognitively bounded rationality treats problem solving as fundamentally rational, but emphasises that it
is constrained by cognitive architecture and the task environment. This paper investigates a simple decision making heuristic, Take The Best (TTB), within that framework. We formulate TTB as a likelihood-based probabilistic model, where the
decision strategy arises by probabilistic inference based on the
training data and the model constraints. The strengths of the
probabilistic formulation, in addition to providing a bounded
rational account of the learning of the heuristic, include natural
extensibility with additional cognitively plausible constraints
and prior information, and the possibility to embed the heuristic as a subpart of a larger probabilistic model. We extend the
model to learn cue discrimination thresholds for continuousvalued cues and experiment with using the model to account
for biased preference feedback from a bounded rational agent
in a simulated interactive machine learning task.
Keywords: Bayesian models; bounded rationality; heuristics;
Take The Best

Introduction
Natural environments require agents to make decisions with
incomplete information and in limited time. This, combined
with the agent’s limited information processing capacity, results in use of heuristic ‘good enough’, or ‘satisficing’, algorithms, that do not necessarily consider all possible alternatives (Simon, 1956). One such algorithm is Take The Best
(TTB), which uses subjectively ranked informative cues to
discriminate between alternatives (Gigerenzer & Goldstein,
1996). It searches through the ranked list of cues, until it
finds a cue that discriminates between two choices. At this
point, the search is stopped and decision made solely based on
the last cue. This type of decision-making behaviour can be
analysed under the concept of bounded rationality or computational rationality, where agents aim to maximise expected
utility of their actions, given their architectural bounds as
well as those of the task environment (Gershman et al., 2015;
Howes et al., 2009; Simon, 1956). The power of this approach
is that rational behaviour arises from the structure of the environment and the task.
TTB has been shown to approximate one of the core strategies in human-level decision-making (Bröder, 2000). Schulz
et al. (2016) showed how the heuristic decision strategy
arises from its components, using an approximate Bayesian

computation inspired algorithm (ABC-TTB) to fit probability distributions on the parameters. We build on this idea
and formalize a Probabilistic Take The Best model. Compared to ABC-TTB, the probabilistic TTB formulated here
uses a proper likelihood-based model, with a noise model
included in the model specification. With the proper likelihood model, we can use standard Bayesian computational
tools for posterior inference, and the decision strategy arises
from the posited model structure by conditioning on the training dataset. When used with non-informative (uniform) priors, the model has no tunable parameters. Informative prior
distributions could be used to include prior knowledge.
The benefits of this approach are: (1) It lays out explicitly
the assumptions in the TTB heuristic, and separates computation and model. (2) It provides a principled approach to
learning the parameters of the model and their uncertainty,
and suggests a possibility to extend the model without needing to change the computational framework. (3) It suggests
a possibility of including prior information (or biases) in the
prior distributions. (4) The TTB heuristic can be used as a
component in a larger probabilistic model, such that the uncertainty of parameters in one component propagates in a natural way to other components.
Probabilistic extensions of TTB has also been considered
by others. For example, Lee (2016) introduces a similar error
model to ours, but focuses on model selection among multiple heuristics. Heck et al. (2017) considers a more elaborate
error model, assuming higher rates of errors the more steps a
decision takes. Neither, however, learns the cue search order
and directions probabilistically. Our model could be naturally
extended with more complex error models and used in model
selection contexts.
In the next sections, we specify the model and give computational details. We then demonstrate the benefits of the
formulation by proposing an extension for learning of cue
discrimination thresholds, that is, the minimum differences
in the cues for continuous or ordinal-valued cues required
for discrimination. After comparing the performance to classic TTB, ABC-TTB, and logistic regression on benchmark
datasets, we use the probabilistic TTB model as a component
of a larger probabilistic model and, in particular, simulate a
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function learning case. In the case study, a boundedly rational
(using TTB) agent is assumed, giving us pairwise preferences
on the function evaluated at pairs of points. We show how to
accommodate this bias in the function learning.

enumerate all the possibilities. For larger numbers, Markov
chain Monte Carlo sampling can be used. Computational details are given in the next section.

Probabilistic Take The Best Model

Computational details of the posterior distribution, parameter
inference, and predictive distribution are given in this section.
We first discuss how to simplify the likelihood and integrate
out the flip noise parameter ε analytically, allowing posterior
computation to focus on the cue search order and directions.
We give a Markov chain Monte Carlo algorithm for parameter
inference for cases where exhaustive computation over the
cue orders and directions is infeasible.

Let xi ∈ RM and x j ∈ RM be feature vectors of items i and
j. Let δi j = xi − x j ∈ RM be their difference. Take The Best
(TTB) looks at the features, called cues, one by one in a specific order to select which item is preferred. When it finds
the first cue that discriminates between the items (that is,
(m)
δi j 6= 0), it chooses one of the items as a winner depending on which direction is preferred for this cue. For example,
(m)
assume the mth cue discriminates and δi j > 0, and a large
value is preferred for the mth cue. The winner is then item
i and the output for the comparison is yi j = 1, whereas if a
smaller value would be preferred, then yi j = 0.
The parameters of the TTB model are the cue order and directions. These are classically learned by looking at the correlations of the cues with the criterion quantity in a training
set (Gigerenzer & Goldstein, 1996).
To formulate the probabilistic model, let g denote the cue
order (takes a value of a permutation of the M cues) and
d ∈ {−1, 1}M the directions. For the probabilistic model to
tolerate noise, we allow the outcome of the comparison to
randomly flip (a flip noise likelihood), which brings in a third
parameter, the flip probability ε ∈ (0, 12 ). The probabilistic
model with uniform priors on g and d and a beta distribution
prior on ε (restricted to (0, 12 )) with parameters 1, 1 (uniform)
is
1
,
M!
1
p(dm ) = ,
2

Computational Details

Marginalizing ε and Posterior Distribution
The likelihood given g, d, and ε is given by Equation 1.
This simplifies to ε for the pairs (yi j = 0, Tg,d (xi , x j ) = 1)
and (yi j = 1, Tg,d (xi , x j ) = 0), that is, when the observed
value and predicted value are different (called “wrong predictions” below), and to 1 − ε for (yi j = 1, Tg,d (xi , x j ) = 1)
and (yi j = 0, Tg,d (xi , x j ) = 0), that is, when observed and predicted value are the same (called “correct predictions” below). When Tg,d (xi , x j ) = ∅ (called “undecided predictions”
below), the likelihood of either outcome is 12 .
We can then compute the likelihood for multiple observations of comparisons from a set of pairs P , Y = {yi j ; (i, j) ∈
P }, X = {(xi , x j ); (i, j) ∈ P }, and marginalize out ε:
p(Y | X, g, d) =

Z
0

1
2

∏

p(yi j | xi , x j , ε, g, d)p(ε)dε

(i, j)∈P

 N∅ Z 1
2 N +α−1
1
ε i
(1 − ε)Nc +β−1 dε
2
0
 
1 1 N∅
=
B 1 (Ni + α, Nc + β),
2
Zε 2
(2)
1
=
Zε

p(g) =

m = 1, . . . , M,

1
p(ε) = 2I(0 < ε < ),
2
where the indicator function I(C) = 1 if the condition C holds
and 0 otherwise.
Let Tg,d (xi , x j ) give the prediction of the non-probabilistic
TTB given the cue order g and directions d. Given g, d, and ε,
the observation model (implied by the flip noise assumption)
for yi j in the probabilistic model we introduce is
p(yi j | xi , x j , ε, g, d) =I(Tg,d (xi , x j ) = 1) Ber(yi j | 1 − ε)
+I(Tg,d (xi , x j ) = 0) Ber(yi j | ε)
1
+I(Tg,d (xi , x j ) = ∅) Ber(yi j | ).
2

(1)

The Bernoulli (Ber) distributions model the flip noise. The
last branch, Tg,d (xi , x j ) = ∅ corresponds to the case of no discriminating cues between i and j, with the outcome chosen
randomly with probability 21 .
The number of configurations of cue order and directions
is M! × 2M . For a small number of cues, to compute the posterior distribution p(g, d, ε | D ) given a dataset D , one can

where N∅ , Ni , and Nc are the numbers of undecided, incorrect, and correct predictions by the TTB model with the cue
order g and directions d. Here, Zε is the normalizing constant
of the beta prior with parameters α and β restricted to (0, 12 )
(where α = 1, β = 1 for the uniform prior), and B 1 is the
2

incomplete beta function1 .
Let D = (Y, X) be the observed training set. The posterior
probabilities p(g, d | D ) are proportional to Equation 2, with
the sum Z = ∑g,d p(g, d | D ) being the normalizing constant.
The conditional posterior distribution of ε given g, d is
p(ε | D , g, d) =

εNi +α−1 (1 − ε)Nc +β−1
.
B 1 (Ni + α, Nc + β)
2

This is a beta distribution with parameters Ni + α and Nc + β
restricted to (0, 21 ).
1 “Unregularized” incomplete beta function, as defined by the integral in the second-to-last line of Equation 2.
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Extensions

Markov Chain Monte Carlo Sampling
A collapsed Gibbs sampling algorithm is used. We first integrate over the noise flip probability ε and only sample over
the cue order g and directions d using Algorithm 1.
Algorithm 1: Markov chain Monte Carlo sampler.
Data: D = (Y, X) and g and d priors.
Result: S samples from p(g, d | D ).
Initialize g and d, e.g., randomly.;
for s ← 1 to S do
for m ← 1 to M in random order do
1. Form all cue orders such that the cue m takes
all positions and the other cues remain in the
same order, giving M different cue orders.;
2. With the cue orders above, form all TTB
models with those orders and with the cue m
taking either direction and the directions of the
other cues kept constant, giving 2M models
(configurations of g and d).;
3. Sample the next configuration from these with
probabilities proportional to their unnormalized
posterior probabilities, that is, ∝ p(g, d | D ).;
end
Save the configuration of g and d as the sth sample.;
end

Handling Correlation in the Comparisons
In the above, we have assumed that the yi j are independent
(conditional on the model parameters). This, however, would
often be expected to be violated. For example, we might often
assume (some degree of) transitivity: if i is preferred to j and
j to k, i could be assumed to be preferred to k.
In this work, we use a heuristic approach to account for
transitivity dependencies by downweighting the likelihood
terms of each yi j . When we observe the full set of pairwise
comparisons for N items, we assume that the ranking of the
items would be enough to decide all pairwise comparisons.
Since each pairwise comparison is 1 bit of information and
there are N! ways to rank N items (leading to log2 N! bits of
log N!
information), we assign a weight N2 for each likelihood
(2)
term (the terms are raised to this power). More formal ways
of dealing with dependencies are left for future work.

Cue Discrimination Thresholds

Predictive Distribution
Given a pair of new data points x̃1 and x̃2 , the posterior predictive distribution of their comparison ỹ is

For real-valued cues, practically all elements of δi j = xi − x j
will be non-zero and the first cue will always discriminate.
Yet, a small difference in a cue might be non-informative or
imperceptible for humans (especially, if the cues are not given
as precise numbers but, for example, visually), and large differences are more salient. We can extend the model to include non-negative threshold parameters tm ∈ [0, ∞) for each
(m)
cue, such that only differences |δi j | > tm are considered to
discriminate between the items.
We have extended the MCMC sampling to allow sampling
over a discrete set of pre-specified thresholds for each cue
(assumed to have uniform prior). Extension to continuousvalued thresholds would also be possible.

p(ỹ | x̃1 , x̃2 , D )
Z

=∑

1
2

p(ỹ | x̃1 , x̃2 , ε, g, d)p(ε, g, d | D )dε

g,d 0

= ∑ p(g, d | D )
g,d
S

≈

1
∑
S s=1

Results

Z

1
2

0

Z
0

1
2

We first establish that the probabilistic Take The Best model
is effective at learning from training data, and then demonstrate the model as a part of a larger probabilistic model.

p(ỹ | x̃1 , x̃2 , ε, g, d)p(ε | g, d, D )dε

Performance on Benchmark Datasets

p(ỹ | x̃1 , x̃2 , ε, g(s) , d (s) )p(ε | g(s) , d (s) , D )dε,

where the last line applies in the case we have sampled S samples (g(s) , d (s) ) from the posterior p(g, d | D ).
The integral over ε again gives incomplete beta functions
Z
0

1
2

p(ỹ | x̃1 , x̃2 , ε, g, d)p(ε | g, d, D )dε

 I∅ B 1 (N + α + I , N + β + I )
i
i c
c
1
2
=
,
2
B 1 (Ni + α, Nc + β)
2

where I∅ = I(Tg,d (x̃1 , x̃2 ) = ∅), Ii = I(Tg,d (x̃1 , x̃2 ) 6= ỹ), and
Ic = I(Tg,d (x̃1 , x̃2 ) = ỹ).

The accuracy of the probabilistic TTB (PTTB) model is compared with the classic TTB, ABC-TTB, and logistic regression on four benchmark datasets. Heuristica R-package2 is
used for the classic TTB and logistic regression. ABC-TTB
code is from https://github.com/ericschulz/TTBABC3 .
We used the same parameters for ABC-TTB as were used
for the city dataset by Schulz et al. (2016) and made no effort to tune them for the other datasets. The other models have no tuning parameters. MCMC computation with
1000 samples after burn-in of 100 was used for PTTB
models. The datasets homeless, profsalary, and city were
obtained from https://github.com/ericschulz/TTBABC
2 https://cran.r-project.org/web/packages/heuristica/,
version 1.0.1.
3 With minor bug fixes.
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1

homeless (N=50, 6 cues)

profsalary (N=52, 5 cues)

city (N=83, 9 cues)

mileage (N=392, 7 cues)
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Logistic regression
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ABC-TTB
PTTB
PTTB-CDT
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Training set size
Figure 1: Accuracy on homeless, profsalary, city, and mileage datasets as a function of training dataset size (fraction of full
data). Mileage data has a large number of samples and was run only up to 50% of full data (with fractions 0.01, 0.05 included).
TTB=Take The Best; ABC-TTB=Approximately Bayesian Computed Take The Best (Schulz et al., 2016); PTTB=Probabilistic
TTB; PTTB-CDT=PTTB with cue discrimination threshold learning.
To examine the computational burden of finding good configurations of cue order and directions, Figure 2 shows the
logarithm of the posterior probability of the first 50 iterations
of a single chain of MCMC for each of the datasets, starting
from a random configuration. Already a single iteration of the
MCMC algorithm is enough to locate good models. Figure 3
shows the posterior uncertainty in the cue search order for
PTTB, comparing it to the TTB cue validities. Although they
have roughly similar trends, there are also clear differences.
homeless

1

0.5

homeless
profsalary
city
mileage

0
0

1
2
3
4
5
6
1 2 3 4 5 6
city

20
30
40
50
MCMC iteration
Figure 2: Scaled logarithm of the (unnormalized) posterior
probability for 50 first iterations of MCMC in each dataset,
starting from a random initial setting of parameters. For clear
visualization in one figure, each curve is scaled (over full
trace) such that its lowest value is 0 and highest is 1.

Rank Validity

Scaled log probability

and mileage dataset is from Matlab (“carbig.mat” with data
points containing missing data values removed).
Figure 1 shows the discrimination accuracies as a function
of training set size over 1000 replications of training and test
set splits. The PTTB performs comparably or better compared to TTB and ABC-TTB methods. It also outperforms
logistic regression except in the mileage dataset, where logistic regression is the best method expect in the smallest tested
training set size case. The cue discrimination threshold learning (PTTB-CDT) decreases performance modestly in homeless and profsalary datasets, but increases performance considerably in the mileage dataset.
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Figure 3: PTTB cue rank posterior probabilities (heatmap)
and TTB cue validities (red line; y-axis runs from 0.5 to 1)
learned from full datasets.
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In other words, the likelihood term p(H | XH , XG , w) models how well the observed pairwise preferences H are concordant with a probabilistic TTB model induced by w on the
points XG . The regions with values of w with high concordance will get higher posterior mass. Exact computation of
the probabilistic TTB model by enumeration is used in this
experiment.
For comparison, we also formulate a model that includes
the pairwise observations, but assumes them unbiased. For
this we use the flip-noise likelihood

TTB as a Part of a Larger Probabilistic Model:
Linear Regression with Pairwise Observations
We simulate a situation where we are interested in learning a
function and there is an agent which can give us preferences
over pairwise evaluations of the function, but the preferences
are generated through a biased mechanism, perhaps due to
the limited cognitive abilities of the agent. More specifically,
we consider learning a linear regression function f (x) = wT x,
with regression weights w, where we have a few direct (yi , xi )
observations of the regression and a set of pairwise observations of whether f (xi ) is larger or smaller than f (x j ), generated using the TTB heuristic.
The main task is to learn the posterior distribution of w,
p(w | D , H ), where D = {(yi , xi ); i = 1, . . . , N} and H =
{hi j = ( f ∗ (xi ) > f ∗ (x j )); (i, j) ∈ P }, where P is a set of pairs,
where pairwise preference observations are available, and the
superscript ∗ reminds us that the observations are biased. We
use a Gaussian linear regression with a Gaussian prior on w:
p(yi | xi , w) = N(yi | wT xi , σ2 ),
i = 1, . . . , N,

p(hi j | xi , x j , w, κ) = I((xi − x j )T w > 0) Ber(hi j | 1 − κ)
+ I((xi − x j )T w < 0) Ber(hi j | κ)
1
+ I((xi − x j )T w = 0) Ber(hi j | )
2
with uniform prior on the flip-noise parameter κ ∈ (0, 21 ). The
product of these terms over the observations in H is marginalized over κ to get the factor p(H | XH , w) for this alternative
model.
Figure 4 shows the posterior densities for w computed over
a grid of points for a case with 2 training data points in D
and H containing all pairwise comparisons of a randomly selected set of 10 points xi from a generated grid XG , with true
w being (1, 0.8). The TTB-generated pairwise observations
help to concentrate the posterior density. However, if the biased nature of the observations is not accounted for, the main
bulk of posterior mass misses the true value. For comparison,
the figure also shows the result if we would have unbiased
pairwise observations.

p(w) = N(w | 0, τ2 ),

∏

2
1
w1

where we fix σ2 = 1 and τ2 = 1 and generate a simulated
dataset D by sampling from the true model. The posterior
distribution given D is p(w | D ) ∝ p(w) ∏i p(yi | xi , w) (which
is a multivariate Gaussian distribution).
To simulate an agent generating the pairwise observations,
we first form a grid of points in the covariate space, denoting
the set of points XG . We then form all pairwise comparisons
between these points given the true function f (or equivalently the true weights w) and use them as a training set to
learn a TTB model. The observations H are then predictions
from this TTB at a subset of the grid points. This simulates
an agent who knows the true function, but can only access
it through the heuristic TTB model. (We further included a
threshold such that two covariate values must be further apart
than it for them to discriminate in the TTB model.)
To use the pairwise observations to learn about w, we extend the model to include H through the probabilistic TTB
model, similar to what was used to generate the observations:
p(hi j | xi , x j , ε, g, d)p(ε, g, d | XG , w),

0

−1
−2 No pairwise obs.
−2 −1 0
1
2
w2

TTB obs.
& TTB model

Unbiased obs.
& TTB model

(i, j)∈P

where the latter term is the posterior of a TTB model, where
all pairwise comparisons generated by using w to predict the
function values in the grid XG are used as the training data.
We further marginalize the TTB parameters to get the factor p(H | XH , XG , w), where XH denotes the set of pairs of
points for which we have pairwise observations. That is, the
posterior of w is now

lower

TTB obs.
Unbiased obs.
& unbiased model & unbiased model
Figure 4: Posterior densities p(w | D , H ) computed over a
grid of (w1 , w2 ) values and scaled such that the highest value
in each is 1 (that is, the subfigures are not on the same scale).
The true w is indicated by a red circle.

p(w | D , H ) ∝ p(w) ∏ p(yi | xi , w)p(H | XH , XG , w)

Discussion

i

= p(w) ∏ p(yi | xi , w)×
i

Z

∑

1
2

∏

g,d 0 (i, j)∈P

higher

p(hi j | xi , x j , ε, g, d)p(ε, g, d | XG , w)dε.

We formulated a probabilistic, likelihood-based model of the
Take The Best (TTB) heuristic. The decision strategy, that
is, the cue search order, directions, and the decision uncertainty (or noise), arises from the posited model structure by
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conditioning on the data and using probabilistic inference
(Bayes theorem). The learning performance of the model
compared favourably to classic TTB, ABC-TTB, and logistic
regression. This indicates, together with fast convergence of
the MCMC computation to good configurations of cue order
and directions, that the probabilistic TTB provides a computationally frugal formulation of the Take The Best decision
strategy (although this particular computational strategy is
not uniquely positioned; any that implements Bayesian inference would suffice). We also presented an extension to
learning cue discrimination thresholds for continuous-valued
cues. This moves the TTB heuristic towards a compensatory model, similar to the evidence accumulation model
of Lee & Cummins (2004) that interpolates between noncompensatory (single cue) and compensatory (multi-cue) decision making by learning a stopping rule (evidence threshold). Indeed, the extension considerably increased the decision accuracy in the mileage dataset, the only dataset where
the compensatory logistic regression outperformed the TTB
models.
Our model states that cue order results from rational adaptation, where the agent learns the optimal ordering of cues,
given the task environment (cues and choices). This means
that the principle of cue ordering is cognitively bounded, or
computational, rationality. Another principle that has been
suggested is fluency, where the memory retrieval time or visual saliency determines the cue order (Dimov & Link, 2017).
The principle of cognitively bounded rationality does not exclude the latter possibility. In fact, its analysis of task behaviour that arises from the constraints of the environment
and the cognitive architecture readily accepts such constraints
as memory or vision. Above, we assumed perfect and immediate recall of cues, but it is entirely possible to extend the
model to account for memory fluency. The resulting agent
would – again, using rational adaptation – adjust the cue order based on how readily they are available for recall. Future
work should add such constraints to the model, and investigate how the choice strategies change as their function.
We further demonstrated the benefit of formulating a probabilistic heuristic model by including it as a component in a
function learning task to model preferential feedback from a
biased agent. We believe that formulating joint probabilistic
models of machine learning tasks and cognitive user models will be important, for example, in expert knowledge elicitation and interactive, human-in-the-loop machine learning
(Daee et al., 2017, 2018). Notably, the probabilistic formalism allows naturally capturing our evolving uncertainty about
the user’s decision strategy (e.g., cue search order) in interaction and propagate it to other parts of the system. This highlights a role for cognitive science in the next generation of
machine learning systems that interact and learn together with
human experts and end-users. Cognitive user models can be
used to increase the performance of the systems and allow for
more natural and efficient human–computer interaction. Important future work is to evaluate the presented approach with

human decision data and interaction.
Source code for the probabilistic TTB and the experiments
is available at https://github.com/to-mi/pttb.
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Abstract
Human understanding of relations between objects depends on
the ability to code meaningful role bindings. Computational
models of relational reasoning have proposed that neural
oscillations provide a basic mechanism enabling working
memory to code the bindings of objects into relational roles.
We adapted a behavioral oscillation paradigm to investigate
moment-to-moment changes in representations of semantic
roles. On each trial, a picture was presented showing an action
(chasing) relating two animals, one animal playing an agent
role (chaser) and the other playing a patient role (chased). After
the picture disappeared, the inter-stimulus interval (ISI) was
varied in densely-sampled increments followed by a verbal
probe indicating an animal in a role. Reaction time (RT) to
decide the validity of the verbal probe was recorded. We found
that RTs varied systematically with ISI in an oscillatory
fashion. A task that required memory for a relational role
evoked stronger theta- and alpha-band oscillations than did a
memory task not involving relational roles. The behavioral
oscillation patterns in the role-identification task revealed a
phase shift between the two semantic roles in the alpha band.
Keywords: behavioral oscillation; neural
propositional representation; relations; binding.

oscillation;

Introduction
In order to reason with structured propositions, human
working memory requires some mechanism to solve the
binding problem: keeping track of “who is doing what to
whom.” For example, the proposition lion chases leopard
must be distinguished from leopard chases lion. Although
both propositions are composed of the same elements (i.e.,
same objects and action), their different meanings alter
judgments of which animal is more aggressive. In other
words, the inference depends on which animal is bound to
which role (chaser or chased).
Solving the binding problem is trivial for symbolic systems
that encode propositions in predicate-calculus style, marking
roles by position in a structured list. For example, lion chases
leopard could be represented simply as chase (lion, leopard),
where the order of elements signifies that lion is bound to the
chaser role and leopard to the chased role. However, list
position is not a plausible mechanism for coding role
bindings within a neural system. For a neural representation,
the binding problem poses the threat of catastrophic
superimposition (von der Malsburg, 1985): jointly activating
a distributed set of neurons for each element of a proposition

will not distinguish the roles filled by different objects, or
even distinguish multiple objects as separate entities.
One potential solution to the binding problem within a
neural system exploits the informational capacity of time as a
dimension of neural activity. Neural oscillations can code
role bindings by having pools of neurons respectively
representing a role and an object fire in synchrony if they are
bound together and out of synchrony if not (von der
Malsburg & Buhmann, 1992). Temporal structure in the form
of oscillations is prominent in the brain (Uhlhaas et al.,
2009).
Although no direct evidence connects such oscillations to
the coding of propositions, there is evidence that oscillatory
neural activity supports a variety of cognitive processes.
Findings from numerous electroencephalography (EEG) and
magnetoencephalography (MEG) studies have implicated
alpha-band rhythms (approximately 10 Hz) in selective visual
attention (e.g., Händel, Haarmeier & Jensen, 2011; Song et al.,
2014). One general theoretical proposal is that alpha-band
oscillations are related to the timing of inhibitory processes that
support controlled knowledge access (Klimesch, 2012;
Klimesch, Sauseng & Hansimayr, 2007).
EEG evidence also suggests that phase synchrony within
the frontoparietal network can bind object properties together
in working memory (Philips, Takeda & Singh, 2012).
Synchronous activity within local neural circuits tends to
occur in the high-frequency gamma band (>30 Hz), whereas
entrainment of neural activity across brain regions occurs at
the lower theta band (4-8 Hz) (Canolty & Knight, 2010).
Through cross-frequency coupling (Jensen & Colgin, 2007),
the phase of theta oscillations modulates the power of the
gamma band. Long-distance communication between brain
areas involved in coding propositions (e.g., the prefrontal
cortex and posterior regions that code semantic
representations of object concepts) could be facilitated by
cross-frequency coupling (Knowlton, Morrison, Hummel, &
Holyoak, 2012). Several computational models of relational
reasoning and cognitive control have employed neural
oscillations as a basic mechanism enabling working memory
to code the bindings of objects into relational roles (Doumas,
Hummel & Sandhofer, 2008; Hummel & Holyoak, 1997,
2003; Shastri & Ajjanagadde, 1993; Verguts, 2017).
Behavioral paradigms that tap into oscillatory phenomena
may provide indirect evidence of neural oscillatory patterns.
Several previous studies have demonstrated the rhythmic
nature of perceptual processes based on psychophysical
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measurements of response time and accuracy (for a review
see VanRullen & Dubois, 2011). For example, Lu, Morrison,
Hummel and Holyoak (2006) showed that visual information
presented as temporal flicker in the gamma band can
modulate the perception of spatial relations between multiple
objects in a subsequent display. Other studies have revealed
stimulus-locked fluctuations in behavioral performance
elicited by rhythmic brain activity (Desimone & Duncan,
1995). Such behavioral oscillations have been observed in
studies of attention and visual search (e.g, Dugué, Marque &
VanRullen, 2015; Huang, Chen & Luo, 2015; Song et al.,
2014), as well as multisensory integration (e.g., Fiebelkorn et
al., 2011) and visual categorization (e.g., Drewes, Zhu, Wutz
& Melcher, 2015).
In the current study, we created a behavioral paradigm to
determine whether behavioral oscillations can provide insight
into the neural code for a proposition in working memory. In
general terms, the task required matching relational roles
presented in a picture to verbal probes. By using different
modes (visual and verbal) to present stimuli and probes, we
ensured that the representations used to perform the task were
intermodal in nature. We aimed to answer two basic
questions: (1) is the mental processing of distinct roles in a
relation reflected in behavioral oscillations (specifically, in
periodicities in reaction time); and (2) if so, what frequency
components are involved? Although our behavioral paradigm
does not provide the temporal resolution necessary to detect
very high-frequency oscillations (gamma band), it could
potentially reveal oscillations and phase-differences at slower
frequencies, such as the alpha and theta bands.

Experiment 1
The goal of Experiment 1 was to examining whether
oscillatory behavioral patterns could be revealed when
participants make explicit role-binding judgments (deciding
whether or not a named animal filled a specified role).

Methods
Participants
Thirty-six participants (mean age = 20.7 years; 31 female)
were recruited from the University of California, Los
Angeles (UCLA) Psychology Department subject pool. All
participants had normal or corrected-to-normal vision.
Participants provided written consent via a preliminary online
survey in accordance with the UCLA Institutional Review
Board and were compensated with course credit.
Stimuli
A set of 38 animal images was constructed by manually
drawing each animal as a black-and-white line drawing.
Using this set of individual animals, 28 pairs of animals were
selected and used to generate pictures in which one animal
was chasing the other (see Figure 1). One animal could
appear in more than one pair. Paired animals were used to
create four different pictures, so that each animal was
depicted equally often in the chaser (agent) and chased
(patient) roles. The left/right positions and facing directions

of the chaser and chased were randomly assigned on each
trial to avoid potential biases due to the habit of scanning
from left to right. To ensure all versions of the pictures
depicted plausible chasing relations, paired animals were
selected to have similar values on scales of rated fierceness
and size of animals (Holyoak & Mah, 1981).

Figure 1. Example of a picture of an animal pair used in the
experiments.
Procedure
The experiment was created in Matlab with Psychtoolbox
(Brainard & Vision, 1997). Stimuli were presented on a
1024×768 monitor with a refresh rate of 90 Hz. The
experiment was administered in two sessions. In order to
minimize RT variability due to difficulties in perceptual
encoding, at the beginning of the first session participants
were familiarized with the pictures of individual animals to
be used in the main task. On each trial in this familiarization
phase, a picture of a single animal was presented with four
animal names below it. Participants were asked to click on
the name of the animal in the picture, after which they
received feedback. If they clicked on a wrong animal name,
the trial was repeated at the end of the session. This stage
continued until they clicked all animal names correctly.
After the familiarization phase, the main experimental task
was presented, which involved making judgments about
relational roles (chaser vs. chased). On each trial, a fixation
cross was presented for 500 ms, after which a picture of one
animal chasing another was presented for 3 s (see Figure 1).
The picture then disappeared, and the ISI was varied from
100 ms to 1000 ms with a step size of 33.3 ms, yielding a
total of 28 ISIs.
After the appropriate ISI on a trial, a verbal test probe
appeared. The probe showed the name of either the chaser or
the chased animal on that trial, colored in either red or green.
Participants were instructed (at the beginning of the main
task) that if the word appeared in red, the probe was asking if
the animal was the chaser in the picture. If the word appeared
in green, the probe was asking if the animal was the one
chased. For example, if the word lion appeared in red, the
probe was to be interpreted as lion is chaser. Participants
quickly learned the color code, which was intended to make
the probe as compact as possible so that perceptual
processing time would be minimal. Participants were asked
to indicate whether the probe was true by pressing the up
arrow key for “true” and the down arrow key for “false”
(avoid any confounding with the left/right spatial locations
and orientations of pictured animals). RTs were measured
after each trial (see Figure 2).
Before beginning the main task, participants received
practice trials using pairs of human figures (women and men,
girls and boys). Participants completed at least two practice
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blocks, each of which included 12 trials. If participants did
not complete these two initial blocks with at least 83%
accuracy (i.e., correct on 10 out of 12 trials), they received
additional practice blocks until they completed two
consecutive blocks of practice trials with minimum accuracy
of 83%.
After the practice trials, participants performed the main
task, in which animal figures were used to generate the
picture pairs. Animal pairs were pseudo-randomly selected
for each trial, and the total number of presentations of each
animal pair was equated. A total of 336 trials were presented
in one session (chaser/chased * true/false * 28 ISIs * 3
repetitions), yielding a total of 672 trials over the two
sessions. Each session took around 40 minutes, with the two
separated by 1-7 days. The familiarization phase and practice
trials were only given in the first session.

focused on the object in the agent role, coding it both as the
filler of the agent role and as not the filler of the patient role.
For example, given a picture of a lion chasing a leopard, the
participant might represent not only lion is chaser and
leopard is chased but also not (lion is chased). The latter
representation would provide an additional means of
rejecting a false statement about the object role (e.g., a probe
indicating lion is chased), so that RTs for queries about the
object were faster when the probe was false rather than true.
A second possibility is that the up and down arrow keys were
preferentially associated with high-dominance (i.e., chaser)
and low-dominance (i.e., chased) semantic roles, respectively
(Casasanto & Bottini, 2014). For the chased condition,
pressing the up arrow on true trials may have yielded slow
responses due to conflict between vertical space and valence.
True

fixation: 500 ms
+

RT (ms)

picture: 3000 ms
+

ISI: 100 – 1000 ms
+

probe

lion

False

1200
1100
1000
900
800
700
600

chaser

chased

Figure 3. Mean RTs for true and false probes for agent
(chaser) and patient (chased) roles (Experiment 1).
Figure 2. The basic procedure on a trial in Experiment 1.
After a fixation cross, a picture showing one animal chasing
another was presented for 3 s. Following an ISI varying from
100 ms to 1000 ms, a probe (animal name in red or green)
was presented. The participant then pressed a key to respond
“true” or “false”.

Results and Discussion
Data from two out of 36 subjects were discarded because
overall accuracy was more than 2 SD lower than mean
accuracy across all participants (M = .95, SD = 0.08). Trials
with response times that were outside the range of ± 2 SD
mean RT (M = 1035 ms, SD = 217 ms), or that yielded
incorrect responses, were removed from data analysis. These
criteria resulted in exclusion of about 5% of the total data.
RTs were then averaged across participants for each of the
four conditions (see Figure 3): relational roles (chaser vs.
chased) × probe validity (true vs. false). A two-way ANOVA
revealed a significant interaction between the two variables,
F(1, 33) = 33.71, p < .001, 𝜂"# = 1.0, as well as significant
main effects of both role, F(1, 33) = 20.35, p < .001, 𝜂"# =
0.992, and validity, F(1, 33) = 23.05, p < .001, 𝜂"# = 0.997.
For the chaser role, responses were reliably faster for true
than for false trials, F(1, 33) = 45.26, p < .001, 𝜂"# = 1.0. In
contrast, for the chased role true trials yielded longer RTs
than false trials, F(1, 33) = 791.42, p < .001, 𝜂"# = 1.0.
The interaction between role and validity suggests that in
representing the depicted proposition, participants may have

We then analyzed the frequency components underlying
the change of RTs as a function of ISIs to determine whether
any behavioral oscillations could be identified. Because
responses to false probes appeared to involve multiple
strategies, we confined these analyses to trials with true
probes. RTs were averaged within participants for each role
condition for each of the 28 ISIs. In preprocessing, data were
first detrended (see Figure 4). The trend of the data was
calculated by fitting a linear regression with a sliding window
of 300 ms in 33-ms increments across the entire range of
ISIs. Temporal filtering was performed on the data with a
Hanning window filter to attenuate the extremely low
frequency largely driven by the performance with the shortest
and longest ISI. The filtering operation was performed
separately for each condition. Data were zero-padded by
adding 38 zero points after the RT temporal profile to yield
less noisy outputs from the frequency analysis.
We conducted spectrum analysis using a fast Fourier
transformation (FFT) for each participant in each condition to
calculate the power of frequencies embedded in the RT timeseries data. To assess statistical reliability, permutation tests
were conducted by randomly shuffling each participant’s
time-series data and conducting FFT analyses based on the
shuffled data. FFT results for shuffled data reveal the
frequency distribution generated by random noise. By
repeating this procedure 10,000 times for each condition of
each participant, a distribution of spectral power for each
frequency point was obtained. We calculated the p < .05
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(uncorrected) thresholds for each frequency. If the FFT
amplitude of a frequency in the true signal passes the
permutation line, then this frequency in the true signal is
unlikely to have been generated from random noise (for
details of permutation tests see Huang et al., 2015).
As depicted in Figure 4 (right), these analyses revealed that
true RTs for the chaser probe showed reliable oscillations
within the ranges of 3-5 Hz and 11-13 Hz. True chased
probes evoked oscillations within the ranges of 3-6 Hz and 913 Hz. Considered together, both chaser and chased probes
evoked both 4-5 Hz (theta-band) and 10-12 Hz (alpha-band)
oscillations in RTs.
To investigate the temporal relation in representing true
chaser and chased probes, the phase difference between the
true chaser and chased conditions for each participant was
calculated within the range of frequencies that passed the
permutation tests for either condition. Figure 5 presents a
histogram of phase shifts across participants. The statistic
tests were conducted using the CircStat toolbox (Berens,
2009). At a frequency of 10 Hz (alpha band) in behavioral
oscillations, a reliable phase difference was observed
between the true chaser versus chased probes (one-sample
test for the mean angle, M = 88.24, 95% CI [35.5, 140.9],
Raleigh test, p = 0.05) (see Figure 5).
true trials
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Figure 4. Behavioral oscillations observed in Experiment 1.
Left, raw RT data as a function of ISIs (left) with dashed
lines indicating the trend. Right, after detrending the RT data,
the spectrum analysis revealed frequency amplitudes for true
chased and chaser probes, showing significant oscillation
frequencies in both 3-6 Hz (theta-band) and 9-13 Hz (alphaband).
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This finding is consistent with computational models in
which relational roles are kept distinct in working memory by
phase shifts. However, an alternative possibility is that the
phase shift simply reflects alternating attention to the two
objects in the picture, regardless of their roles in the
proposition.
To evaluate this alternative account, in Experiment 2 we
used the same basic materials, but altered the task so that
relational roles were irrelevant. If the out-of-phase oscillation
in RT observed in Experiment 1 reflected linked
representations for different relational roles, then no such
phase shift should be found when the roles are rendered
irrelevant to the required task.

Methods
Participants
Thirty-three participants (mean age = 20.79 years; 14 female)
were recruited from the UCLA Psychology Department
subject pool. All participants had normal or corrected-tonormal vision. Participants provided written consent via a
preliminary online survey in accordance with the UCLA
Institutional Review Board and were compensated with
course credit.
Stimuli and Procedure
The picture set was identical to that used in Experiment 1,
and the basic procedure was very similar except that the
binary response required in Experiment 2 was “yes/no” rather
than “true/false”. The probe was again an animal name, but
now always presented in red font. The animal name could be
one of the two animals in the picture or an irrelevant animal
name. The irrelevant name was randomly chosen from the
list of animal names, excluding the two animals in the
picture. The task was to decide whether the probe named an
animal presented in the immediately-preceding picture. For
example, if the picture had shown a lion chasing a leopard,
the correct response would be “yes” if the probe word was
either lion or leopard, but “no” if the probe was tiger.
Because all animals were used repeatedly within the
experiment, reliable recognition judgments could not be
based on familiarity, but rather would require recollection of
the specific animals shown in the immediately-preceding
picture (see Yonelinas, 2002).

Results and Discussion
88 degree
p-val < .001

270

Figure 5. Phase shift observed in Experiment 1. Histogram of
phase shifts for true probes (RTs for chaser – chased) across
participants, with a mean shift of 88 degrees at mean phase
angle of 10 Hz.

Experiment 2
The results of Experiment 1 revealed behavioral oscillations
in RTs, with a systematic phase shift in the alpha frequency
band between the agent and patient roles of a proposition.

The same criterion for removing trials that was used in
Experiment 1 was also applied in Experiment 2. The mean
proportion correct overall was .95 (SD = 0.03) and the mean
RT overall was 760 ms (SD = 165 ms). Our criteria resulted
in exclusion of about 6.5% of the total data.
Although the roles (chaser vs. chased) were irrelevant to
the yes/no recognition decision, “yes” probes can be
categorized according to the role played by the animal. A ttest revealed that “yes” responses to chaser animals (M = 707
ms, SD = 149 ms) were slightly but reliably faster than
responses to chased animals (M = 723 ms, SD = 157 ms),
t(33) = 3.33, p = .002. This finding suggests that participants
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automatically processed the relation shown in the picture
even though it was not relevant to the recognition task. The
RT advantage for the chaser over the chased animal supports
the hypothesis (discussed in connection with Experiment 1)
that participants tended to focus greater attention on the
animal in the agent role. RTs for “no” trials (M = 740 ms, SD
= 154 ms) were significantly longer than overall RTs for
“yes” trials (M = 715 ms, SD = 153 ms), t(33) = 2.32, p =
0.027.
FFT analysis of “yes” probes yielded similar frequency
components but weaker spectrum amplitudes compared to
true probes in Experiment 1. As shown in Figure 6 (right),
the spectrum amplitudes in the yes/no task were about half of
those observed amplitudes in the role-judgment task. RTs for
the chaser animal evoked reliable oscillations within the
range of 3-5 Hz and 10-12 Hz, while RTs for the chased
animal evoked reliable oscillations within the range of 4-6 Hz
and 10-12 Hz. Taken together, the “yes” probes evoked thetaand alpha-band oscillations similar to those evoked by the
true probes in Experiment 1; however, the amplitudes of
these oscillations were much weaker in the yes/no
recognition task (Experiment 2) compared to the rolejudgment task (Experiment 1).
An analysis of possible phase shifts was performed in the
same manner as in Experiment 1. Critically, no reliable phase
differences were found at any frequency between RTs to the
chaser vs. chased animal. Accordingly, the out-of-phase
oscillations observed in Experiment 1 can be interpreted as
evidence that phase shifts serve to code relational roles in
working memory, and do not simply reflect variations in
attention to the two animals.
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Figure 6. Raw data (left) and corresponding frequency
amplitudes after detrending (right) for “yes” probes involving
the animal in the chaser or else chased role (Experiment 2).

General Discussion

roles. RTs were faster overall to probes involving the animal
in the chaser role (for false as well as true probes),
suggesting that participants focused greater attention on the
animal in the agent role.
In Experiment 2, participants performed a yes/no
recognition task, deciding whether or not a named animal had
appeared in the picture, regardless of role. Behavioral
oscillations were observed in the same frequency bands as in
Experiment 1, but with greatly reduced amplitudes.
Critically, when the semantic roles were irrelevant to the
decision (Experiment 2), no phase shift was observed
between probes involving the two roles. Taken together,
these findings suggest that phase shifts in behavioral alphaband oscillations reflect the neural code for dynamic bindings
of entities into relational roles to form a proposition.
The present findings are preliminary, and any
interpretation in terms of neurocomputational mechanisms
must be tentative. The phase shift observed in the alpha band
when making judgments about semantic roles (Experiment 1)
might reflect inhibitory processes that aid in focusing
attention on one of the two roles by momentarily suppressing
the other (Knowlton et al., 2012). The theta-band oscillations
may reflect some type of cross-frequency coupling. As
Klimesch (2012) has noted, harmonic frequencies are
expected to optimize between-frequency communication
(also see Palva & Palva, 2007). The faster alpha frequency
(10 Hz) at which oscillations were observed in the present
study is a harmonic of the slower theta frequency (5 Hz) that
was also observed, as is the yet faster frequency typically
associated with the gamma band (40 Hz). Oscillations at the
latter frequency would be too fast to be detectable by the
behavioral paradigm employed here. In general, the present
findings provide support for neurocomputational models that
posit neural oscillations as a code for relational role bindings
held in working memory (Knowlton et al., 2012).
Several limitations of the current study should be
addressed in future studies. We found that the amplitude of
RT oscillations in Experiment 2 (yes/no recognition task)
was smaller than that observed for Experiment 1 (true/false
binding task). This amplitude difference may have resulted
from the difference in overall task difficulty between the two
experiments, and/or from the greater involvement of
semantic role representations in Experiment 1. Similarly, we
cannot rule out the possibility that the difference in phase
shifts between the experiments reflected differential demands
on attention or memory retrieval. Future studies should aim
to address these issues, and also explore the possibility that
behavioral oscillations may be detectable in reasoning tasks
that require integration of multiple relations (e.g., Waltz et
al., 1999). Although definitive evidence regarding the neural
code for thought must await advances in neuroimaging
technology, behavioral evidence may be able to help refine
hypotheses about what form this code may take.

The present study provides the first behavioral evidence that
oscillations may underlie the representation of a proposition
in working memory. After seeing a picture of one animal
chasing another, participants in Experiment 1 responded to a
verbal probe (word in a colored font) indicating that a
particular animal was in a specific semantic role (chaser or
chased). Using a densely-sampled ISI in the range of 100 ms
to 1000 ms, we found that RTs to decide whether the stated
role assignment was true or false yielded behavioral
oscillations. Specifically, RTs to true probes oscillated in the
theta band (approximately 4-5 Hz) and also the faster alpha
Acknowledgments
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Abstract

dog) are commonly used to refer to the same entity in the
world children encounter. This explicit use of multiple category labels can help children learn a better representation
of the taxonomic relations between categories – the implicit
hierarchical structure underlying the world. Different breeds
of dogs form a category not only because of their perceptual
similarity but also because they are referred to by the same label “dog”, implicitly defining a higher level in the taxonomy.
Moreover, forming a hierarchical representation can in turn
help children better generalize to new items; for example, a
new breed of dog, such as a poodle, will be categorized as a
dog because of its similarity on crucial dimensions (e.g., long
snout) to the members of that category.

Modern convolutional neural networks (CNNs) are able to
achieve human-level object classification accuracy on specific
tasks, and currently outperform competing models in explaining complex human visual representations. However, the categorization problem is posed differently for these networks than
for humans: the accuracy of these networks is evaluated by
their ability to identify single labels assigned to each image.
These labels often cut arbitrarily across natural psychological taxonomies (e.g., dogs are separated into breeds, but never
jointly categorized as “dogs”), and bias the resulting representations. By contrast, it is common for children to hear both
dog and Dalmatian to describe the same stimulus, helping to
group perceptually disparate objects (e.g., breeds) into a common mental class. In this work, we train CNN classifiers with
multiple labels for each image that correspond to different levels of abstraction, and use this framework to reproduce classic
patterns that appear in human generalization behavior.

Category Learning in Children and AI
One of the challenges for a child learning a language is identifying what level in a hierarchical taxonomy a word – category label – refers to. After hearing the word “dog” upon observing a Dalmatian called Sebastian, a child needs to learn
whether the category label “dog” refers to only Sebastian, all
the Dalmatians, different breeds of dogs, etc. Psychologists
have extensively studied this problem. A classic line of psychological research examined what level of abstraction (e.g.,
dogs vs. Dalmatians) conveys the most information; this level
is called the basic level (Rosch, 1973; Rosch, Mervis, Gray,
M, & Boyes-Braem, 1976). Another line of research has investigated whether people have an innate or a learned basiclevel bias, i.e., a tendency to generalize a new category label to the members of the basic level of the taxonomy (e.g.,
Golinkoff, Mervis, & Hirsh-Pasek, 1994; Markman, 1991).
Artificial intelligence (AI) systems need to address a similar problem. Given an image of a dog, an AI system needs to
find the best label to describe that image. In computer vision,
this problem is often formulated as an image classification
task where the training data consists of images paired with
single labels from a limited set of categories; a model needs
to learn to predict the correct label for new images. Deep
convolutional neural networks have been very successful at
both achieving state-of-art accuracy in the image classification task (LeCun, Bengio, & Hinton, 2015) as well as learning representations that best explain human psychological
and neural representations for natural images (e.g., Agrawal,
Stansbury, Malik, & Gallant, 2014; Mur et al., 2013; Peterson, Abbott, & Griffiths, 2016).
However, this problem formulation is different from what
children experience. Multiple labels (e.g., Dalmatian and

In this work, we investigate whether using such humanlike supervision (labels from different levels of a hierarchy
for a given entity) can help deep neural networks learn better visual representations. We explore the consequences of
this multi-level classification by training a near state-of-theart image classifier (Szegedy, Vanhoucke, Ioffe, Shlens, &
Wojna, 2015) on a dataset that provides multiple labels for
images, each corresponding to a different level of the hierarchical taxonomy. In particular, we focus on two sets of labels:
basic and subordinate (in the hierarchical taxonomy, subordinate labels, such as “Dalmatian”, are categories that are below
the basic level, such as “dog”).
To examine the learned representations, we perform three
sets of experiments. First, we explore whether the representations learned by each model capture the similarity relations
observed in a hierarchical taxonomy. For example, we expect
that different breeds of dogs will be better clustered together.
We observe that training with basic-level labels results in both
better grouping of similar examples and learning of hierarchical structure. Dendrograms reveal stark differences in hierarchical representations learned from basic as opposed to subordinate labels, resulting in interesting high-level groups not
present in the original representations. Second, we show that
the representations learned by training with basic-level labels
match the performance of more commonly used subordinatelevel label training schemes in explaining human similarity
judgments, indicating that simpler classification tasks are sufficient to capture rich structure in human mental representations. Finally, we show that training with both label sets results in a better match to a classic effect of basic-level generalization bias observed in people using a simple model that
restricts generalization with the number of consistent examples, an effect not previously replicated with a fully learned
representation.
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Background

these important biases – the basic-level bias – that the image
classification model captures.

Exploring Levels of Generalization
Cognitive scientists have extensively studied the problem of
finding the correct level of generalization for a given label.
The seminal work of Rosch (1973) emphasizes the importance of basic-level objects because they are categorized first
during perception and named early during word learning. Research on child word learning suggests that children have a
bias in generalizing a new label to the the basic-level category members (e.g., Golinkoff et al., 1994; Markman, 1991).
Xu and Tenenbaum (2007) further examined the basiclevel bias by studying how children and adults generalize a
new word after observing a few examples. They found that
after observing examples from a subordinate level (e.g., three
Dalmatians) labeled with a new word such as “dax”, the participants often include dogs other than Dalmatians (e.g., poodles) in the category “dax” but exclude animals other than
dogs (e.g., cats). Previous models have successfully predicted
the generalization patterns observed in this experiment; however, they require the use of pre-specified rather than learned
hierarchical taxonomies based on adult similarity judgments
(Xu & Tenenbaum, 2007), or limited feature representations
(Nematzadeh, Grant, & Stevenson, 2015). The main difference between our work and the existing models is that we
explore whether the hierarchical structure of a taxonomy can
be learned simply by jointly classifying natural images with
multiple labels (or by choosing the right labels), mirroring the
multiple references heard by children.

Multi-level and Multi-label Classification

Explaining Human Behavior with Deep Networks

We are interested in examining the extent to which linguistic
labels from different levels of the taxonomy (i.e., basic and
subordinate categories) affect the structure and hierarchical
taxonomy of the learned representations. To examine this hypothesis, we train classifiers using each level separately, and
also using multiple labels (first taking a pretrained model on
one level and tuning it using labels from both levels). Our
goal in the latter case is to more closely mimic a child’s experience in language learning – children are known to make
use of simple labels first (e.g., “dog”; Rosch et al., 1976),
later followed by increasingly sharper distinctions (e.g., “poodle”).1
More specifically, we pose the multi-level labeling problem simply as learning a set of independent softmax classifiers that are unconnected to each other and fully connected to the final representation layer of a deep CNN.
We define the loss function for the multi-level classifiers as
0.5Lbasic + 0.5Lsubordinate . Because these models have already been pretrained on one level, this joint loss can be
thought of as a method to prevent the fine-tuning procedure from overwritting previous knowledge about the original
training domain (i.e., we would like the model to remember
what it learned about basic labels while approaching the new
problem of more fine-grained subordinate labeling, and vice

Another line of related work explores how representations
from deep neural networks can be used to explain complex
human behavior. For example, deep convolutional neural networks (CNNs; LeCun et al., 2015) are specialized for image
processing tasks, and can explain human typicality (Lake,
Zaremba, Fergus, & Gureckis, 2015) and similarity ratings
(Peterson et al., 2016), object memorability (Dubey, Peterson, Khosla, Yang, & Ghanem, 2015), and shape sensitivity
(Kubilius, Bracci, & de Beeck, 2016). Peterson et al. (2016)
found that deep representations could be tuned post-hoc to
improve fit to human similarity judgments by almost 50%.
Although the resulting representations better capture the human mental representations, the size of the image dataset
used was relatively small, defining a limited context. Further,
the reason for the initial discrepancies (and different stimulus
groupings) is unknown, and the nature of the learned tuning
is opaque. For this reason, it may be useful to instead consider training schemes that more closely match the pressures
human categorizors face to more elegantly derive the relevant
representations.
Recent work in explainable AI has emphasized the importance of understanding the biases that the training data or a
model’s architecture can introduce (e.g., Ritter, Barrett, Santoro, & Botvinick, 2017; Zhao, Wang, Yatskar, Ordonez, &
Chang, 2017). Our analysis sheds light on another one of

Computer vision research has recognized the importance of
training multi-label classifiers to take advantage of the available rich linguistic information in tasks such as image understanding (e.g., J. Wang et al., 2016). Some of this work
makes use of labels from different levels of a hierarchy, but
has mostly focused on improving classification performance;
for example, Lei, Guo, and Wang (2017) show that using
coarse-grained labels can improve the classification accuracy
of finer-grained categories. P. Wang and Cottrell (2015) are
the first to take inspiration from the work of Rosch (1973), but
they also focus on improving subordinate-level benchmarks.
They trained CNN classifiers on a set of 308 basic level labels
that encompassed an existing set of 1000 ILSVRC12 competition classes (Russakovsky et al., 2015) that clearly fit the
traditional conception of subordinate categories (Rosch et al.,
1976). They used this network as an initialization that was
then fine-tuned on the original 1000 classes, obtaining higher
accuracy than their baseline model trained without basic level
pre-training. Our work differs in that we assess the structure
of the learned representations and implications on later generalization behavior, both for each label set as the sole source
of supervision, and as simultaneous and potentially competing objectives.

Training Paradigms

1 Another possibility is to train multi-label classifier simultaneously on the two levels which we will explore in future.
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Figure 1: t-SNE visualizations of representations learned for (A) Sub training and (B) Basic training, colored by each of the
35 basic labels with the most subordinate classes for clarity. The basic model has tighter clusters and more distinct boundaries
between categories.
versa). While other alternative approaches exist for defining
the network architecture and loss function, this approach provides a single embedding space for all images, which allows
us to inspect the representations with classic psychological
methods such as hierarchical clustering.
We compare the representations from our multi-level classifiers with ones that are trained using only one level (basic
or subordinate). To train on single levels, we use a k-way
softmax classifier as the final layer, where k is the number of
classes for that level. We report the results for four different
models:
•
•
•
•

Sub: Trained only on subordinate.
Basic: Trained only on basic.
Subbasic : Pretrained on basic; tuned with subordinate.
Basicsub : Pretrained on subordinate; tuned with basic.

To train our multi-level classifiers, we use the model architecture defined in InceptionV3 (Szegedy et al., 2015) since
it obtains high accuracy while still being relatively quick to
train. It contains 159 layers, 23 million parameters, and a
top-1 validation accuracy of nearly 79% on ILSVRC12 using the default subordinate label set. We use the off-the-shelf
pretrained version of this network for the Sub model. For
the Basic model, we reinitialize the network parameters randomly and retrain from scratch. For fine-tuning models, we
freeze all but the weights in the last block of InceptionV3 to
speed training.
Following P. Wang and Cottrell (2015), we use the 1000
labels from ILSVRC12 as our subordinate classes, and basic
level labels provided by the same authors, described in the
previous section.

Exploring Representations
We perform a set of exploratory qualitative visual analyses to
examine whether the representations learned by each model
reflect the grouping of similar objects observed in a hierarchical taxonomy. If representations capture such higher-level

abstractions, not only would examples of Dalmatians cluster close to each other, but also different breeds. To analyze
the learned representations, we extracted a 2048-dimensional
feature vector from the last hidden layer before the output,
and used for all subsequent analyses in this paper.
We first explored the representations using t-SNE (Maaten
& Hinton, 2008), a common visualization method for CNN
representations, shown in Figure 1. The t-SNE method reduces the 2048-dimensional vectors to 2 dimensions so that
we can visually compare learned representations. We find
that the Sub model does not appear to cluster basic level categories very well (e.g., there are multiple spatially separated
clusters of dogs), whereas the Basic model does a much more
effective job of clustering these like subordinate classes together (e.g., dog breeds are now unified under a single tight
cluster). Models trained on both label sets simultaneously,
Subbasic and Basicsub ) exhibited similar clustering to the Basic model, and so they are omitted for this reason.
We also plot dendrograms of the the representations in
Figure 2. The Basic model has a clearly defined hierarchy,
whereas the Sub model does not. The branch we call “artificial” contains images showing artificial objects such as cars,
buildings, household objects, sports, and technology. The
other main branch, the “natural” distinction show animals,
fish, mushrooms, and other natural stimuli. Interestingly, this
high-level distinction is not present explicitly in the basic label set, and is one of the defining categorical divisions found
in human mental representations (Mur et al., 2013). As before, models trained on both label sets (Subbasic and Basicsub )
behaved similarly to the Basic model, suggesting that significant basic-level supervision at any stage of training allows for
the preservation of basic-level clustering.

Predicting Human Similarity Judgments
Another way to evaluate the goodness of the learned representations is examine how well they predict human psychologi-
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Subordinate Label Training

Basic Label Training
dog

natural

artiﬁcial

Figure 2: Dendrograms showing the learned representations. The model trained on subordinate labels (top) has no clear
hierarchical structure. The model trained on basic labels (bottom) has a clearly defined hierarchical structure which divides
the validation data into three top level categories: dogs, images of artificial items, and images of natural items. Over 10%
of Imagenet is images of dogs which is why there is a separate branch specifically for these images. We did not label the
subordinate model because it did not have a definable structure.
cal representations as captured by pairwise human similarity
judgments (Shepard, 1987). As a gold-standard dataset, we
use the similarity ratings collected by Peterson et al. (2016).
This dataset consists of 7, 140 pairwise comparisons of all
120 images presented to MTurk workers, who were asked to
rate their similarity between 0 and 10.
For each model, we compute the similarity between image pairs as the inner product of their learned representations.
Then, we calculate the Pearson correlation between the representations learned by each model and the gold-standard similarity ratings. We report R2 to compare directly with previous work (see Table 1). Interestingly, the performance of the
models that either train solely on basic labels or are tuned
with basic labels greatly surpass those that train solely on
subordinate labels or are tuned with subordinate labels. We
note that previous work has obtained very similar correlations
to our Basic results by using a different (yet comparable)
network trained only on subordinate labels (Peterson et al.,
2016). This may indicate the current network is generally less
apt to predict human similarity judgments, but is more likely
to encode information relevant to people given the right supervision from basic labels. In addition, our results show that
human psychological representations can be approximated
using simpler classifiers with more coarse-grained object distinctions (basic level labels). It is also worth noting that most
of the previous work in explaining human visual representations uses subordinate-label trained networks (Agrawal et al.,
2014; Mur et al., 2013); our results show a new alternative for
predicting these representations.

Generalization Experiments
Xu and Tenenbaum (2007) (henceforth, X&T) examined how
people generalize a novel word label after observing a few examples, and whether the number or the taxonomic level from

R2

Sub
0.38

Basic
0.57

Subbasic
0.41

Basicsub
0.57

Table 1: Variance explained in human similarity judgments
by representations formed by each model.
which the examples were drawn changes the generalization
behavior. For example, the participants heard a word label
such as “dax” while observing one Dalmatian, three Dalmatians, or three different breeds of dogs. Figure 3 shows the
set-up of their experiments.
The experiment set-up of X&T’s can be thought of as a
few-shot learning task. We examine whether our models exhibit the generalization behavior observed in these experiments. We focus on three of their training conditions.
• 1 sub: the model (or a participant in X&T’s experiment)
observes 1 (subordinate) example, such as a Dalmatian.
• 3 sub: the model receives 3 examples from the same subordinate category, such as 3 Dalmatians.
• 3 basic: 3 examples are drawn from a basic-level, such as
a poodle, a Dalmatian, and a Great Pyrenees.
In X&T’s experiments, after training, the participants were
asked to pick everything that is a “dax” from a fixed set of
examples drawn from different levels of taxonomy. We focus
on the test objects that are relevant to our experimental conditions, i.e., two basic-level and two subordinate matches.2
For example, after observing one Dalmatian as a “dax”, the
participants had to decide whether two other Dalmatians, a
poodle, and a golden retriever are also examples of “dax”.
The results of their experiment is shown in Figure 4. Two interesting observations can be made from their results: First,
2 X&T also included superordinate examples (such as an animal
other than a dog). Here we only focus on the subordinate and basiclevel matches because our training data only includes those labels.
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people exhibit basic-level bias since they generalize to the
basic-level after observing only subordinate examples. Second, their degree of basic-level generalization decreases after
observing 3 examples (see “Basic Match” in 1-sub and 3-sub
conditions in plot titled “Human” in Figure 4).
We simulate the different conditions of X&T’s experiments
as a few-shot generalization task, and examine the generalization behavior of models on both subordinate and basic-level
matches.

Figure 3: The setup of X&T’s experiments Xu and Tenenbaum (2007) used in this paper. The first row shows the three
training conditions and the second row is an example of the
test trial. Note that during the test trial, the basic matches (dog
breeds other than Dalmatians) are different from the ones observed during training (in contrary to what is shown here).

Learning from Positive Examples
To mimic generalization experiments with humans, we use
a k-shot generalization formulation meant to learn concepts
from positive examples only. Specifically, we use exponentiated euclidean distance (in the spirit of Shepard (1987), given
that we are interesting in making qualitative comparisons to
human behavior), normalized over distances to all items in
the test set to obtain generalization probabilities:
g(qi , c) =

e−d(qi ,c)
,
∑ j e−d(q j ,c)

(1)

where g is the generalization function, c is concept template
(a single training example or the mean of several training examples), qi is the query (test) image, and d is the euclidean
distance function described above.
It has been demonstrated that human generalization behavior tightens as the number of examples increases (Tenenbaum, 2000). We can represent this phenomenon in our
model through a simple augmentation:
g0 (qi , c) =

e−nd(qi ,c)
,
∑ j e−nd(q j ,c)

(2)

where n is the number of positive examples observed.
Since we care only about the relative differences in generalization probabilities across different levels of testing
stimuli, we further normalize each set of probabilities for
each training set by dividing each probability by the largest
g0 (qi , c) in the set (e.g., the largest probability becomes 1).

To evaluate this model, we sample test and train stimuli
analogous to X&T from 88/308 of the basic level labels in
our set that encompassed at least 3 subordinate classes, a requirement for the final three-example experiment condition.

Generalization Results
The results of the generalization experiments from all four of
our models are shown in Figure 4 (see top left and all bottom plots). To some extent, all models exhibit a basic level
bias (there is some non-zero probability assigned to generalization at the basic level, even when a single example is
given). However, this effect is extremely weak in the Sub
model. In all other models that involve basic labels, a stronger
basic-level bias is apparent after training on 1 example or 3
subordinate examples, strongly resembling more human-like
trends. In addition, this basic-level generalization decreases
as the model processes more examples (compare 1 sub to 3
sub conditions). Moreover, most models also exhibit subordinate and basic-level generalization after observing 3 examples drawn from a basic-level category, further resembling
humans. Note that the observed basic-level bias for the Sub
training, just by capturing the perceptual similarities present
in the data, to some extent learns about the higher-level similarities (groupings) of the examples. However, adding nearly
any form of higher-level supervision (i.e., using basic-level
labels) produces higher basic-level generalization and a better
match to human behavior. We also observe a basic-level bias
with g (not shown), but without incorporating the number of
examples into the formulation, the basic-level generalization
is larger than that of people in the 3-sub condition.

Conclusion
Image classification models are often trained on images
paired with single labels that correspond to the subordinate
level of the hierarchical taxonomy. People, on the other hand,
use multiple labels to refer to the same entity in the world
(e.g., dog and Dalmatian). This explicit use of multiple labels
makes the category learning problem easier as people can use
the labels to identify similarities between the concepts (in addition to other features, such as perceptual cues, that signal
similarity). Moreover, the use multiple labels helps form hierarchical representations that capture different levels of abstraction. For example, two Dalmatians are more similar to
each other than a Dalmatian to a poodle; dalmatians and poodles are still highly similar and should share more relevant
features than a Dalmatian and a cow (body size as opposed
to black and white spots). This hierarchical nature of the representation is in turn helpful in categorizing and labeling a
new entity: a child can use the similarity of an unobserved
breed of dog (a Great Pyrenees) to previously-seen dogs to
categorize and infer a label for it.
In this paper, we show that training on basic-level and subordinate labels (or just basic-level labels) results in representations that better capture the hierarchical structure of taxonomy of real-world objects. We also show that these representations result in a better match to the basic-level bias observed
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Figure 4: The results of generalization experiments from our trained models and the human data from X&T’s experiments.
in human generalization behavior.
Interestingly, we observe that a relatively big portion of ImageNet (10%) are subordinate dog labels. Future work should
look at other datasets with more interesting, less skewed basic label stratifications. Additionally, we only explore basic
and subordinate levels in this work, which are both known to
share many features in common with their members (Rosch,
1978), whereas high-level superordinate classes (e.g., furniture) often have members with few shared features.
Acknowledgements. This work was supported by grant
number 1718550 through the National Science Foundation.
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introducing changes in urban traffic environments. It is
therefore important to note that in practice the introduction
of autonomous cars in mixed traffic environments will not
automatically lead to safer traffic. It might, for example,
cause more misinterpretations among other road users –
both VRUs and human drivers – when it comes to the
interpretation of autonomous cars’ behavior and the
underlying cognitive mechanisms, e.g. the attribution of
goals, beliefs and other mental states to such systems. At
this point, however, relatively little is known about how
people interpret the behavior of autonomous vehicles – or
autonomous robotic systems in general (cf. Thellman et al.,
2017a) – and in particular if and how they attribute
cognitive capacities and mental states to such systems. The
work presented here is a step in that direction.

Abstract
People increasingly interact with different types of
autonomous robotic systems, ranging from humanoid social
robots to driverless vehicles. But little is known about how
people interpret the behavior of such systems, and in
particular if and how they attribute cognitive capacities and
mental states to them. In a study concerning people’s
interpretations of autonomous car behavior, building on our
previous research on human-robot interaction, participants
were presented with (1) images of cars – either with or
without a driver – exhibiting various goal-directed traffic
behaviors, and (2) brief verbal descriptions of that behavior.
They were asked to rate the extent to which these behaviors
were intentional and judge the plausibility of different types
of causal explanations. The results indicate that people (a)
view autonomous car behavior as goal-directed, (b)
discriminate between intentional and unintentional
autonomous car behaviors, and (c) view the causes of
autonomous and human traffic behaviors similarly, in terms
of both intentionality ascriptions and behavior explanations.
However, there was considerably lower agreement in
participant ratings of the driverless behaviors, which might
indicate an increased difficulty in interpreting goal-directed
behavior of autonomous systems.

Related Work

Keywords: autonomous cars; self-driving; human-robot
interaction; folk psychology; human-robot interaction;
attribution; behavior explanation

Introduction
The current state of technological development of
autonomous cars suggests they are soon to become an
everyday reality. Research on what can be expected from
the introduction of autonomous vehicles to public roads is
needed in order to ensure safety. One commonly voiced
expectation is a decrease in road fatalities, both among car
passengers and other road users. Vissers et al. (2017)
recently provided detailed statistics showing that
approximately 25% of road fatalities are so-called
vulnerable road users (VRUs, i.e. pedestrians, cyclists, etc.).
Most VRU fatalities happen in urban traffic and involve a
collision with a passenger car. VRUs could – at least in
theory – potentially benefit significantly from the
introduction of autonomous vehicle technology and
therefore must be taken into account in planning and

Сoncerns have been voiced recently over how autonomous
cars will be able to deal with traffic scenarios that
traditionally require human communication (e.g. Nilsson et
al., 2015). Brooks (2017), for example, discussed
autonomous cars’ inability to understand road user
intentions communicated through body language. Soudi
(2018) questioned how future autonomous vehicles will
interpret flashing headlights, honks, and other forms of
communication that people interpret differently depending
on a variety of factors such as the time of day, the type of
road, weather conditions, and intra-individual differences.
These concerns focus on the technological side, whereas
considerably less attention has been given to the people
interacting with these systems. Road users generally rely on
others to communicate their intentions, and such reliance on
non-verbal human communication might cause difficulties
for the observer in deciphering autonomous cars’ intentions.
Björklund et al. (2005) defined how drivers base their
expectations of other road users on three aspects: traffic
rules, design of the road, and the behavior of other road
users. Moreover, past experiences in similar traffic
situations influence how behavior is interpreted (Renner &
Johansson, 2006). However, in response to the introduction
of autonomous cars in mixed traffic environments people
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may change their approach to handling traffic encounters.
One reason for this is that people might not be able to easily
discriminate between autonomous and manually driven cars.
The common assumption that autonomous cars will
behave as human drivers does not actually hold for the less
mature technologies being introduced nowadays. In urban
traffic environments cars with higher levels of automation
give higher priority to avoiding collisions rather than clear
intention indication. That means, what the car will do next
might be unclear for other road users even if it effectively
maneuvers through the city traffic. A first attempt at
investigating one-on-one interaction between
an
autonomous vehicle (emulated in this case, using a Wizard
of Oz methodology) and a pedestrian was made by
Rothenbuecher et al. (2016). This study intended to provide
answers regarding how VRUs react towards a driverless car
and how they interact with it without human contact. It is
widely considered that road user interaction is defined by
signals and behavior exhibited by both actors. While there
may be a lot of reliance on active signals, such as eyecontact, passive signals as well as driving and walking
behavior contribute highly to interaction and understanding
between agents in dynamic traffic environments.
A recent study by Habibovic et al. (2016) looked at
pedestrians and their understanding of automated vehicles’
intentions as well as further actions when a driver is in the
car, but does not appear to be driving. Rodriguez et al.
(2017) compared how differences in autonomous car
appearance influence pedestrians’ decision to cross the
street in an urban environment. The authors concluded that
the autonomous cars were accepted by pedestrians and
presented no perceived danger to observers. However, the
absence of a driver inside the vehicle, compared to a present
but visibly distracted driver, influenced trust levels and
participants’ decision to interact with the vehicle.
Difficulties detecting the intentions and goals that
determine the behavior of autonomous cars may result in
road accidents and other negative in-traffic experiences.
Different approaches with external interfaces or road design
used to communicate intentions have been tested, however
many questions still remain open. It is therefore important to
understand how people interpret the behavior of
autonomous cars more generally. This might allow
misinterpretations to be mitigated through, for example, the
mindful design of autonomous vehicle appearance and
behavior, altering the traffic environment accordingly, or by
providing VRUs with relevant information about
autonomous vehicles’ limitations and capabilities.

methodology developed by Thellman et al. (2017a, 2017b)1
in a human-robot interaction context, using a recent model
of folk-psychological causal explanation of human behavior
(Böhm & Pfister, 2015) as a starting point. Grounded in
attribution theory, this model specifies seven cognitive
categories assumed to be used by people in both behavior
encoding and behavior explanation: goals, intentional
actions, action outcomes, temporary states, dispositions,
uncontrollable events, and stimulus attributes. Based on this
framework, we compared participants’ interpretations of car
behaviors with and without a driver, to answer three specific
questions: (Q1) How similar are people’s judgments of the
intentionality of driverless vs. human traffic behaviors?
(Q2) How similar are people’s judgments of the causes of
driverless vs. human traffic behaviors? (Q3) How much do
people agree in their judgments of driverless vs. human
traffic behaviors?

Participants & Design
Forty-nine individuals participated in the study (M(age) = 27,
SD = 5.7 years; M(self-assessed technical competence) = 4.94 out of 7,
SD = 1.23; 10% without driver’s license, 15% possession
for less than two years, 75% possession for more than two
years; 22 women, 25 men, 2 unspecified gender).
Participants were invited to complete a survey concerning
traffic behavior. A majority were recruited at the Linköping
University campus using a convenience sampling strategy.
The only precondition for participation was self-assessed
proficiency in the Swedish language. Each participant was
assigned to one of two experimental conditions in a
between-subjects study design: one group was given images
of a car in various traffic scenarios with a human driver
visibly placed behind the wheel. The other group was given
images of a car without a human driver in more or less
identical traffic scenarios (cf. Figure 1). In both conditions,
the images were accompanied with brief written
descriptions of the traffic behaviors. All 49 participants
completed the questionnaire (26 in the human driver
behavior condition, 23 in the autonomous condition).
Distributions of age, gender, self-assessed technical
competence and number of years with a driver’s license did
not significantly differ between experimental conditions.
Out of the 23 participants in the autonomous condition who
were presented with the additional question “Did you notice
that the car was driverless/self-driving?”, 17 selected the
option “yes”, 4 selected “no”, 1 selected “do not know”, and
1 did not answer.

Method
Methodology & Research Questions
In the research presented here, we considered the observer
perspective on the behavior of autonomous versus manually
driven cars, drawing on theory and methodology from
literature on attribution and behavior explanation (for an
overview, see Malle, 2004). We adopted the specific

1

The present study is part of the second author’s PhD thesis
project with the general long-term motivation to understand how,
when and why people take the intentional stance (Dennett, 1989)
in interaction with different types of autonomous systems.
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Figure 1: Descriptions (translated from Swedish) and images of driverless (left in each pair) versus human-driven (right in
each pair) traffic behaviors used as experimental stimuli. Vehicle registration plates were blurred out post experiment.

Stimuli
The aim of the present study was to explore people’s
interpretations of traffic behavior exhibited by driverless
versus human-driven cars. For the purpose of the
experiment, we wanted to generate a relatively broad
stimulus material covering a variety of traffic behaviors
likely to occur in urban traffic environments. Accordingly,
we based our stimuli selection on the four behavior types in
Böhm and Pfister’s (2015) Causal Explanation Network
(CEN) model: actions, outcomes, events, and temporary
states. Böhm and Pfister concluded, from a series of
experiments that involved participants sorting different

behaviors according to their similarity, that “the categories
postulated in the CEN model cover the cognitive concepts
that are relevant in the lay theory of behavior” (Böhm &
Pfister, 2015, p. 8). We also introduced positively and
negatively valenced variations of the four behavior types to
account for positivity bias (cf. Thellman et al., 2017a). This
resulted in the eight behavior types illustrated in Figure 1,
with scenarios reflecting some of the challenges that human
road users might face when encountering an autonomous
car. Four of the eight behaviors illustrated in Figure 1
featured a scenario involving a car giving way to a VRU at a
marked or unmarked crossing. Two behaviors involved a car
interacting with another car at a parking lot. The remaining
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two behaviors were related to the charging state of the car
and did not involve interaction with other road users. It is
important to note that we were not concerned with the
representativeness of the selected behaviors as “good
examples” of their corresponding behavior types; our
purpose was primarily to select a reasonably broad and
varied stimulus material with traffic situations likely to
occur in urban environments.

Instruments & Measures
The questionnaire was presented on a 9.7-inch (246 mm)
screen sized tablet. Each behavior stimulus was presented
on a separate page in a web browser window, with the
image and description of the behavior displayed visibly on
the top of the page and the questions below. The only
difference between conditions was the exposure to images
of an in-traffic vehicle with the presence (human condition)
versus absence (driverless condition) of a human driver
inside. The eight questionnaire pages were presented to
participants in pseudo-randomized order to balance the
influence of potential confounds related to prolonged task
and stimuli exposure.
The questionnaire consisted of ten questions for each of
the eight behavior stimuli illustrated in Figure 1 (resulting in
80 questions in total). The first three questions concerned
the intentionality, controllability and desirability of the
presented behaviors, and the following seven were
concerned with judgments of the plausibility of various
causes (including reasons) as explanations for the behaviors.
The first series of questions were given in the form “Rate
the extent to which the car’s behavior is X” where X was
intentional, controllable, and desirable, respectively. The
subsequent series of questions were given in the form “Rate
how plausible it is that the cause of the car’s behavior is X”,
where X was a conscious goal, an action, an outcome, an
uncontrollable event, a temporary state (psychological or
physical), a disposition and an attribute of someone or
something in the car’s environment2. As mentioned above,
the seven explanation types were derived from the CEN
model (Böhm & Pfister, 2015). All ten questions were
presented with the Likert-style option to select one of seven
ordinal values ranging from “not at all” to “completely”.

Results
Q1: Intentionality
There was no statistically significant overall difference in
participants’ ratings of the behaviors as intentional between
human (M = 4.32, SD = 2.31) and driverless (M = 4.42, SD
2
The Swedish terms used were: (for questions 1–3:) ”Uppskatta
i vilken utsträckning bilens beteende är avsiktligt / kontrollerbart /
önskvärt”; (for questions 4–10:) ”Uppskatta hur troligt det är att
orsaken till bilens beteende är ett medvetet mål / en handling /
resultatet av en handling / ett tillfälligt tillstånd (antingen
psykologiskt eller kroppsligt) / en personlighetsegenskap / en
egenskap hos någon eller någonting i bilens omgivning”.

= 2.35) conditions, t(382.704) = -.452, p = .651. Negative
behaviors (–) were in general seen as more intentional when
enacted by the driverless car (M = 3.71, SD = 2.27) than the
human driver (M = 2.97, SD = 1.86), t(176.462) = -2.469, p
= .014, d = 0.37. Ratings of positive behaviors (+) did not
significantly differ between conditions, t(180.563) =
180.563, p = .080. See Figure 2 for an overview of ascribed
level of intentionality to each of the eight behaviors in
human and driverless conditions.

Figure 2: Interpretations of human and autonomous driving
behaviors as intentional. See Figure 1 for spelled-out
versions of the x-axis labels. *Denotes a statistically
significant difference (p < 0.05).

Q2: Causes
Participants were asked to rate the extent to which the
behaviors enacted by the two types of agents were plausibly
explained by seven different types of causes. The ratings
were similar for human and driverless behaviors in 55 out of
58 individual cases, as assessed using multiple independent
samples t-tests (Table 1). The effect sizes of the three
differential effects were: temporary state as explanation for
positive state (S+), d = 0.73; event as explanation for
negative action (A–), d = 0.63; goal as explanation for
negative state (–S), d = 1.18. The former two effect sizes
might be classified as “moderate” and the latter effect as
“large”.

Q3: Agreement in ratings
Two-way random intra-class correlation coefficients (ICCs)
with an absolute agreement definition were computed as a
measure of the agreement in participant ratings within each
experimental condition. Lower and higher 95% confidence
interval bounds are reported in brackets. We report ICCs for
participants’ average ratings (i.e., across all eight behaviors)
of (firstly) behavior as intentional and (secondly) each of the
seven behavior explanations as plausible.
The average level of agreement in participants’
interpretation of behavior as intentional was .96[0.90, 0.99],
F(7, 175) = 27.83, p < .0005, in the human condition and
.80[0.53, 0.93], F(7, 147) = 4.89, p < .0005, in the driverless
condition (first pair of bars in Figure 3).
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Table 1: Mean ratings of the plausibility of explanation types (rows) for human (left value in cell) and autonomous (right
value in cell) driving behaviors (columns, see Figure 1 for spelled-out versions of the labels).

The average level of agreement in judgments concerning the
plausibility of the seven different behavior causes was as
follows: goal, .94[0.87, 0.99], F(7,175) = 19.16, p < .0005,
in the human condition and .83[0.59, 0.96], F(7, 154) =
5.73, p < .0005, in the driverless condition; action, .92[0.82,
0.98], F(7, 175) = 15.55, p < .0005, in the human condition
and .68[0.29, 0.92], F(7, 154) = 3.52, p < .005, in the
driverless condition; outcome, .50[-.01, 0.87], F(7, 175) =
2.33, p < .05, in the human condition and .15[-0.66, 0.77],
F(7, 154) = 1.22, p = .293, in the driverless condition; event,
.63[0.21, 0.91], F(7, 175) = 3.16, p < 005, in the human
condition and .13[-0.74, 0.77], F(7, 154) = 1.18, p = .319, in
the driverless condition; temporary state, .20[-0.25, 0.73],
F(7, 175) = 1.47, p = .180., in the human condition and
.37[0.01, 0.79], F(7, 154) = 2.48, p < .05, in the driverless
condition; disposition, .66[0.32, 0.91], F(7, 175) = 4.30, p <
.0005, in the human condition and .23[-0.13, 0.72], F(7,
154) = 1.73, p = .107, in the driverless condition; stimulus
attribute, .64[0.27, 0.91], F(7, 175) = 3.68, p < .005, in the
human condition and -.10[-0.66, 0.62], F(7, 154) = 0.86, p =
.543, in the driverless condition. The above ICC values are
represented in Figure 3 (bar pairs 2–8). Values range from
“poor” (< 0.5), “moderate” (0.5–0.75), “good” (0.75–0.9),
to “excellent” (> 0.9) agreement.
In seven out of eight cases the average level of agreement
in participants’ ratings was lower in the driverless condition
than the human driver condition. Hence, agreement was
systematically lower in the driverless condition.

Figure 2: Average level of agreement in ratings of the
intentionality (first bar pair) and plausibility judgments of
causal explanations (second to eighth bar pair) of human
and autonomous driving behaviors. See “Instruments &
Measures” for spelled out versions of the x-axis labels.

Discussion & Conclusions
The results show substantially similar ratings between
human driver and driverless conditions on average, both in
terms of ascribed intentionality and judged plausibility of
behavior explanations. This is a clear indication that people
view autonomous car behavior as goal-directed,
discriminate between intentional and unintentional
autonomous car behaviors, and view the causes of
autonomous and human traffic behaviors similarly.
However, there was considerably lower agreement in
participant ratings of the driverless car behaviors. This
might be taken as an indication that – although understood
similarly on average – some individuals may experience an
increased
difficulty
in
interpreting goal-directed
autonomous car behavior. Agreement was particularly low
in ratings concerning how the autonomous car behaviors
were affected by persons or things in the environment of the
vehicle, uncontrollable events, dispositions on part of the
vehicle itself, and outcomes of the vehicle’s own behavior.
In order for the introduction of autonomous cars to have
an overall positive impact on the traffic ecosystem it is
important that all road users are able to understand
autonomous vehicle traffic behavior to a degree comparable
to their understanding of a human-driven vehicle behavior.
This means that manufacturers will need to work actively on
making sure that the behavior of autonomous cars is
transparent and easy-to-understand for a broad variety of
people with different needs and abilities (e.g., children on
their way to school). The present study thus illustrates the
need to (1) identify the group(s) of people that might
experience increased difficulty interpreting autonomous cars
(if any), and to (2) monitor how people’s interpretations and
understanding change as road users become gradually
familiarized with autonomous vehicles in traffic. These
points are especially important to consider given that
general traffic may very well soon be occupied by cars with
a large variety of configurations and levels of automation –
potentially making it even more difficult for road users to
understand and interact with autonomous vehicles in traffic.
One limitation of the current study concerns the
translation and meaning of the terms used in the
questionnaire. It is possible that results would have been
different if the questionnaire were given in another language
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than Swedish. Furthermore, survey questions are always to
some extent open to interpretation within subjects and
different interpretation across subjects. While we do not
take these limitations to be significant to the interpretation
of our results, we think they warrant some caution in
drawing conclusions based on ratings of individual
questionnaire items.
When designing the stimuli for our experiment we have
made an assumption of a fully autonomous vehicle being
built upon an existing manufacturer’s model with
automation being an option rather than a must.
Nevertheless, given the current trends and promises from
car manufacturers, autonomous vehicles may or may not
have passengers at all times of their operation and must
obey the rules of traffic in any case.
Increasing vehicle automation in the city, where
interaction with pedestrians and cyclists is crucial, has a
potential to reduce the safety imbalance between road users
that currently exists. People expect autonomous vehicles to
follow written and unspoken rules, and to be able to
recognize the intentions and actions of other road users in
order to provide a safe transportation experience. The study
presented here focuses on only a small fraction of what the
future of autonomous vehicles in urban traffic holds.
However, this is a very important aspect of road user
interaction since interpretations of driving behavior play a
crucial – but so far understudied – role in how future
automated vehicles should be designed to communicate
their intentions and thus integrate into the overall
transportation system and traffic environment.
Last, but not least, we would like to emphasize that the
contribution of this work lies not only in the concrete
empirical results presented here. After all, autonomous
vehicles, and human ways of interacting with them, will
keep evolving continually over the next couple of decades,
so these results might very well be very different a few
years from now. At least equally important, in our opinion,
is that our research (cf. also Thellman et al., 2017a) and
related works (e.g. Habibovic et al., 2016) contribute to the
incremental development of appropriate methodologies for
the study of how humans interact with the increasing
number and variety of autonomous technologies that are
entering our society – and in particular how people attribute
cognitive capacities and mental states to such systems.
Cognitive science, we believe, has crucial contributions to
make to the development and study of such interactive
autonomous technologies.
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Abstract

Lexical
knowledge
model

A new Bayesian model of visual word recognition is used to
simulate neighborhood frequency effects in lexical decision.
These effects have been reported as being either facilitatory or
inhibitory in behavioral experiments. Our model manages to
simulate the apparently contradictory findings. Indeed, studying the dynamic time course of information accumulation in
the model shows that effects are facilitatory early, and become
inhibitory at later stages. The model provides new insights on
the mechanisms at play and their dynamics, leading to better
understand the experimental conditions that should yield a facilitatory or an inhibitory neighborhood frequency effect.
Keywords: Visual word recognition; Lexical decision; Visual
attention; Bayesian algorithmic modeling.
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Letter sensory
model

Identifying the processes involved in the recognition of
printed words and their time course is critical for word recognition models. The lexical decision task is commonly used in
behavioral experiments to investigate this issue. In this task,
participants have to indicate whether a printed stimulus is a
real word (YES response) or not. A standard finding is that
high frequency words are processed faster than low frequency
words. The frequency effect on response latency is massive
for high frequency words but for medium and low frequency
words, other effects further modulate performance. Among
these effects, a poorly understood and highly controversial
effect is the neighborhood frequency effect. Latency on YES
responses in lexical decision is modulated by the existence
of higher frequency orthographic neighbors, namely the existence of at least one word of higher frequency that differs
from the target word by a single letter (e.g., LIKE is a higher
frequency neighbor of the target word BIKE).
Some empirical studies report an inhibitory effect (Carreiras, Perea, & Grainger, 1997; Forster & Shen, 1996;
Grainger, 1990; Grainger, O’Regan, Jacobs, & Segui, 1989;
Grainger & Segui, 1990; Perea & Pollatsek, 1998) while
others report a facilitatory effect (Sears, Hino, & Lupker,
1995; Siakaluk, Sears, & Lupker, 2002), that is to say, respectively lower vs. higher latency for low frequency words
with higher frequency neighborhood. Two models of visual
word recognition effectively addressed the neighborhood frequency effect, but none of them could account for conflicting
experimental results and provide explanations to accommodate these results. The MROM model (Grainger & Jacobs,
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Figure 1: Graphical representation of the structure of the
BRAID model. Modules are represented as colored blocks,
and group together variables of the model (nodes). The dependency structure of the model is represented by arrows.

1996) is sensitive to the presence of a high frequency neighbor which produces a strong inhibitory effect on visual word
recognition. On the other hand, in the Bayesian reader (Norris, 2006), word recognition is facilitated by neighborhood
density regardless of their frequencies.
In this paper, we use a new model of visual word recognition and lexical decision, called BRAID (for “Bayesian
word Recognition with Attention, Interference and Dynamics”, illustrated Figure 1). It is a structured and hierarchi-
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cal Bayesian model that includes, on top of a classical threelayer architecture, an additional attention layer, an interference mechanism between adjacent letters, and dynamic models of the temporal evolution of its variables. The model was
previously defined and calibrated, and simulations carried out
to account for a large number of classical effects, including
the frequency effect, the word superiority effect, and the optimal viewing position effect in word recognition (Phénix,
2018). It was also used to simulate word length and letter
transposition effects in lexical decision (Ginestet, Phénix, Diard, & Valdois, submitted). Here, the model is used to account for reference studies of the neighborhood frequency effect in lexical decision.
The rest of this paper is structured as follows. Since a complete mathematical description of BRAID is beyond the scope
of the current paper, we first describe the main features of the
model, detailing its general structure and providing a short
description of its main modules. We then show how Bayesian
inference solves the lexical decision task in the model. We
then present reference experiments about the neighborhood
frequency effects that we aim to replicate, and compare our
simulation results with the behavioral findings using the same
set of stimuli.

Summary of the BRAID model
The general structure of the BRAID model is illustrated in
Figure 1. First, we assume that word recognition relies on
three levels of processing as featured in most previous word
recognition models. The first level, called the letter sensory sub-model, implements low-level visual mechanisms involved in letter identification and letter position coding (Dehaene, Cohen, Sigman, & Vinckier, 2005; Grainger, Dufau,
& Ziegler, 2016). Feature extraction is parallel over the input string but the model further implements an acuity gradient, so that lesser information is extracted from letters as
distance from fixation increases. As in Whitney (2001), acuity is symmetric around fixation and by default, gaze position
is located at word center. Following Gomez, Ratcliff, and
Perea (2008) and Davis (2010), location is distributed in the
sense that information about the features of one letter extends
into adjacent letter positions. This mechanism implements
lateral interference between letters. The second level, called
the letter perceptual sub-model, implements how information
extracted from the sensory input accumulates gradually over
time to create a percept, i.e. an internal representation of the
input letter string. The third level, called the lexical knowledge sub-model, implements knowledge about the 40.481 English words of the British Lexicon Project (Keuleers, Lacey,
Rastle, & Brysbaert, 2012). The probability to recognize a
word is modulated by its frequency.
One major originality of BRAID is to assume the existence
of a fourth level, called the visual attentional sub-model, that
implements an attentional filtering mechanism between the
letter sensory sub-model and the letter perceptual sub-model.
The transfer of information between these two submodels is

modulated by the amount of attention allocated to each letter
position. The distribution of attention over the letter string
is Gaussian. The peak of the distribution is aligned on gaze
position, so that more information on letter identity is transferred for creation of the letter percept at this position. The
further the letter from the attention peak, the less attention it
receives and hence, the less information is transferred.
BRAID further includes a fifth level, called the lexical
membership sub-model, that implements a mechanism to decide whether or not the input letter-string is a known word.
This submodel is critical to simulate lexical decision. It can
be viewed as an “error model”. Assuming the sensory input is
a word, all the letter percepts should match an existing word
of the lexical knowledge submodel. If the input is not a word,
matching should fail on at least one position.
Information propagates dynamically from sensory input,
through perceptual representation, to the lexical submodels.
Technically, this propagation of information is carried out
using “coherence variables” (λ variables in Figure 1, white
nodes), which can be interpreted as information switches
(Bessière, Mazer, Ahuactzin, & Mekhnacha, 2013). Depending on their state (open/closed or unspecified), the coherence
variables allow or do not allow propagation of information
between adjacent submodels. In that sense, they allow to connect or disconnect portions of the model. Propagation is bidirectional between the lexical knowledge and the letter perceptual submodel.

Task simulation by Bayesian inference in BRAID
Mathematically, the BRAID model is defined by a joint probability distribution over the high-dimensional state space over
all variables appearing in Figure 1. Then, using Bayesian
inference, that is to say, applying the rules of probabilistic
calculus in the model, mathematical expressions corresponding to letter recognition, word recognition and lexical decision are automatically obtained. Mathematical definitions
and derivations cannot be provided here in full, due to lack
of space. Instead, we will describe how the model simulates
letter recognition, word recognition and lexical decision. The
lexical decision task is the task of interest here, but since it involves the two previous ones, we describe them in their nesting order, for clarity purpose.
Letter identification The first task we consider is letter
identification, that is, the process of sensory evidence accumulation, from a given stimulus, to perceptual letter identity.
This is modeled by the term:
1:T
1:T 1:T 1:T
).
QP Tn = P(PnT | s1:T
1:N [λP n = 1] µA σA g

(1)

We note with uppercase letters probabilistic variables, that is,
sets of possible values, and with lowercase letters, specific
T
1:T
1:T
values (e.g., s1:T
1:N is a shorthand for [S1:N = s1:N ]). QP n is
T
the probability distribution over the letter of interest (Pn , at
time T and position n, a discrete variable with 26 possible
values), given a presented letter stimulus (s1:T
1:N ), given atten1:T ) and gaze position distribution (characterized by µ1:T
,
σ
A
A
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tion (g1:T ), and given that information propagates through the
model from the sensory level to the letter perceptual model
only at position n (the only “closed” switch is λP 1:T
n ), and not
beyond.
Computing QP Tn involves two main components. The first
component is the dynamical evolution of knowledge about
the perceived letter identity, in which the knowledge about
letters at previous time step is combined with an information
decay term such that, in the absence of stimulus, the probability distribution over letters decays towards its initial state, that
is, a uniform distribution, representing lack of information.
The second component describes sensory evidence accumulation. It relies on the extraction of information from stimulus sT1:N performed by the letter sensory model. Details are
not provided here, but this term features effects of interference from neighbor stimuli, if any, and loss of performance,
due to the acuity gradient, when gaze position is not located
on the letter under process.
Propagation of sensory information from stimulus to letter percepts is modulated by the visual attention submodel,
and, more precisely, by attention allocation. Attention affects
the balance between the two components, respectively information decay and sensory evidence accumulation. In other
words, at spatial positions that receive sufficient attentional
resources to counterbalance information decay, sensory evidence propagates efficiently from the sensory model to the
perceptual model, and the probability distribution over letters acquires information. Over time, the probability distribution QP Tn converges, so that its maximum probability designates the letter recognized from the stimulus (which, provided enough attention, and except for pathological cases, is
the correct letter).
Word identification In a similar fashion as in isolated letter
recognition above, we model word recognition by computing:
1:T 1:T
QW T = P(W T | e1:T [λL 1:T
1:N = 1] µA σA ) ,

Lexical decision The final task we describe here is our task
of interest, lexical decision. It is modeled by computing:
1:T 1:T
QD T = P(DT | e1:T [λD 1:T
1:N = 1] µA σA )

It is a variant of previous questions: here, we allow information to propagate throughout the whole model, by setting
T
[λD 1:T
1:N = 1], and the target variable is D , which is a Boolean
variable that represents lexical membership (i.e., it is true
when the stimulus is perceived to be a known word).
Here, Bayesian inference is more complex, and is best explained by considering, in turn, the two Boolean cases that
compete at each time step. First, consider the hypothesis that
the stimulus indeed is a word (the DT = true case): as before,
a dynamical decay of stored information (toward an initial
state which is a uniform probability distribution) competes
with sensory evidence accumulation. Sensory evidence, here,
is the whole process of word recognition. In other words,
lexical decision proceeds by accumulating evidence from the
observation of the lexical knowledge submodel, so that when
a word is reliably identified from the stimulus, or when a set
of orthographically similar words is activated enough, then
the probability that DT = true is high.
Consider now the hypothesis that the stimulus is not a word
(the DT = false case): this is a variant of the previous case
where accumulating evidence from the probability distribution over words relies under the assumption that there would
be one error in the stimulus, compared to known word forms.
All possible positions for this error are enumerated, and, for
a given error position, word recognition proceeds with the input stimulus in all other positions, and alternative letters in
this position. In other words, the stimulus is likely not to be a
word if changing a letter in the stimulus is required to match
it to a known word. Lexical decision results from the competition of the two processes that accumulate information over
time in support of a word (DT = true) or against (DT = false).

(2)

with et = st1:N [λP t1:N = 1] gt . That is, we compute the probability distribution over words W T , given the same stimulus,
gaze and attention characteristics as when computing QP Tn ,
but we allow information to propagate further in the model,
to the lexical knowledge model, by setting [λL 1:T
1:N = 1].
Once more, a classical “dynamical system simulation / perceptual evidence simulation” structure is obtained. First, information about words gradually decays, in the absence of
sensory information, towards its initial state, which, here, represents word frequency. Second, sensory evidence accumulation is based on the probabilistic comparison between a letter
sequence memorized in lexical knowledge and the perceived
letter identity, as computed by letter recognition QP Tn . This
comparison, in BRAID, is influenced by the similarity between the letters of the stimulus and all words of the lexicon,
so that similar (neighbor) words compete with each other for
recognition.

(3)

Simulations
We now describe two experiments that are representative of
the inconsistency of observed behavioral outcomes about the
neighborhood frequency effect, and how we simulate them
with the BRAID model. Experiment A (Perea & Pollatsek,
1998, experiment 1) shows an inhibitory frequency neighborhood effect, whereas Experiment B (Siakaluk et al., 2002, experiment 2) reveals a facilitatory effect.

Behavioral experiments
Design and material The two experiments manipulate
neighborhood frequency using quite similar material. In both
experiments, the words are English words that have at least
one higher frequency neighbor (1HF) or none (0HF). All
words are of low-to-medium frequency, except for half of
the words that are of very low frequency in Experiment A.
Neighborhood density (the number of orthographic neighbors
of words) is controlled. All words of Experiment A and half
the words of Experiment B have small neighborhood density;
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Figure 2: Behavioral data and simulation results. On the
left, Experiment A (Perea & Pollatsek, 1998, experiment 1)
and on the right, Experiment B (Siakaluk et al., 2002, experiment 2). Behavioral data (yellow) and corresponding simulation results (blue) are presented jointly for each experimental
condition.
the other half of words in Experiment B have large neighborhood density. Ninety-two lowercase 5-to-6 letter words are
used in Experiment A, 60 uppercase 4-to-5 letter words in
Experiment B and as many legal and pronounceable pseudowords.
Procedure The two behavioral experiments follow very
similar experimental designs. At each trial, a fixation point is
presented at the center of the computer screen, followed by a
letter-string displayed until the participant responds. Participants have to indicate as quickly and as accurately as possible
whether the letter-string is a real word or not by pressing one
of two response buttons, for the YES and NO response respectively. Latency (time between the onset of stimulus presentation and the motor response) for the YES responses is
the dependent variable.
Experimental results As shown in Figure 2, a significant
neighborhood frequency effect is reported in Experiment A
but only for the low frequency words. This effect is inhibitory. In contrast, Experiment B reports a facilitatory
neighborhood frequency effect for low-to-medium frequency
words, which is significant for the two conditions of small
and large density.

Simulations with BRAID
Material The stimuli used in the simulations are the same
as in the behavioral experiments, with one exception: the
word CASINO used in Experiment A was removed because
it was not part of the British Lexicon Project (BLP; Keuleers
et al., 2012) used to identify parameters of the lexical knowledge submodel of BRAID.
Procedure The task simulated by BRAID is the lexical decision task computed by Eq. (3), using default values for all

0.9

0.8
Condition
SD/0HF

0.7

SD/1HF
0.6

LD/0HF
LD/1HF

0

100

200

300

400

Time steps

Figure 3: Simulation of the neighborhood frequency effect in a lexical decision task. The x-axis represents simulation time steps and the y-axis the probability of YES response. The dashed line represents the decision threshold
used to compare the behavioral and the simulated results.
parameters (Phénix, 2018). For each stimulus, BRAID provides the full time course of evidence accumulation about
whether or not the input string is a known word. We first
simulate this process for 1,000 iterations. The words that did
not reach 0.97 identification probability after 1,000 iterations
were removed, resulting in an error rate of 1% and 2.5% for
the stimuli used in Simulation A and B, respectively. Then,
we reverse each curve to get the number of iterations required
for the model to reach a given decision threshold. Finally, for
each time step, the average YES response probability is calculated by averaging over all stimuli. Simulation results are
shown in Figure 3.
For comparison of the simulation results with the behavioral data, we first align simulation results with the data in
the first condition of the behavioral experiment and select
the decision threshold that minimizes root-mean-square error (RMSE), so that the remaining three conditions are predicted by the model. The resulting threshold value was found
similar in the two Simulations (set at 0.78). Note that the
same threshold was adopted for the two conditions of large
and small density in Simulation B despite the fact that the
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items were presented by blocks in the behavioral experiment
which may have induced different decision threshold.
Simulated results Figure 2 provides a comparison of the
behavioral and the simulated data, scaling simulated reaction
times by a multiplicative factor to align them on the first condition. In Simulation A, the simulated data well fits the human data in showing an inhibitory effect. Words with a higher
frequency neighbor are processed more slowly than words
with no higher frequency neighbors but only when they are
of low frequency. The frequency neighborhood effect is also
well captured in Simulation B for the two conditions of neighborhood density. The effect is facilitatory. However, while facilitatory effects of similar size are behaviorally reported, the
effect is weaker for words with small neighborhood density
in the simulations.
The dynamic curves provide relevant information on the
simulated effects (see Figure 3). Exploration of the dynamics
of processing time course reveals an inversion of the neighborhood frequency effect with time. The existence of a higher
frequency neighbor is facilitatory at the beginning of processing but turns to inhibitory over time. Although it is observed
for all the experimental conditions in Simulation A and Simulation B, the variation of the effect from facilitatory to inhibitory is modulated by the target word relative frequency
and its neighborhood density. The pattern inversion occurs
earlier for the low frequency words (iteration 188; threshold value=0.68) than for the medium frequency words (iteration 213; threshold value=0.81), and earlier for the words
that have a small vs. large neighborhood density (iteration
217 vs. 239; threshold value = 0.81 vs. 0.85). As shown on
Figure 3 panel B, a slightly lower decision threshold in Simulation B would provide a better fit to the data for the large
density condition of Siakaluk et al. (2002).

Discussion
Our purpose in the current study was to provide new insights
on the origin of the inconsistent findings reported in the behavioral studies on the neighborhood frequency effect, which
was found inhibitory in some experiments (Carreiras et al.,
1997; Forster & Shen, 1996; Grainger, 1990; Grainger et al.,
1989; Grainger & Segui, 1990; Perea & Pollatsek, 1998) but
facilitatory in others (Sears et al., 1995; Siakaluk et al., 2002).
For this purpose, two experiments that report opposite inhibitory and facilitatory effects were selected and the BRAID
model was used to simulate processing latencies for the same
set of words in the lexical decision task. The results nicely
mirror the high frequency neighborhood effect in successfully
simulating the inhibitory effect for low frequency condition,
as reported in Experiment A (Perea & Pollatsek, 1998) and
the facilitatory effect reported in Experiment B whatever the
density condition (Siakaluk et al., 2002). Inspection of the
processing time course further provides an elegant account of
the apparently inconsistent findings reported in the behavioral
studies. In the two experiments, the neighborhood frequency
effect that starts facilitatory turns to inhibitory later on during

processing.
What do we learn from these simulation results? Simulation A shows that the degree of low frequency of the target words modulates the apparition of the inhibitory effect.
This effect occurs earlier during processing for the words of
lower frequency. Simulation B shows that the amplitude of
the facilitatory neighborhood frequency effect is higher for
words with a large density neighborhood than for words with
a small density neighborhood. The facilitatory effect extends
over a longer period of time from the beginning of processing
when the words have a high density neighborhood, which increases the probability to obtain a facilitatory effect on these
words as compared to words with a low density neighborhood. Thus, the degree of low frequency of words and their
neighborhood density are factors that modulate the probability of the neighborhood frequency effect to be either facilitatory or inhibitory.
Simulation results further show that the decision threshold is a critical factor. In both Simulation A and B, different neighborhood frequency effects – inhibitory, facilitatory
or null – could be obtained, depending on decision threshold. Decreasing the threshold would favor the occurrence
of a facilitatory effect while increasing the threshold would
increase the probability of an inhibitory effect. The model
thus predicts that the effects would be either facilitatory or
inhibitory depending on task demand. A facilitatory effect
is predicted for the less-demanding task conditions that trigger rapid responses, thus in conditions that emphasize speed
over accuracy, or use less word-like pseudowords. In contrast, the effect should turn to inhibitory when stressing accuracy over speed, or when using more word-like pseudowords.
These predictions are well in line with previous reports of
inhibitory effects in perceptual identification paradigms that
stress accuracy and encourage unique word identification
(Carreiras et al., 1997) and with evidence for modulations of
the inhibitory-facilitatory effects depending on task instruction and on the pseudoword characteristics (Grainger & Jacobs, 1996).
BRAID is the first computational model that provides an
account of such opposite effects. It is noteworthy that these
opposite effects were here generated while using the model
default parameters, thus the same set of parameters in the two
experiments.
Inhibitory neighborhood frequency effects have been simulated within the IA framework (Jacobs & Grainger, 1992)
and within the Multiple Read-Out model (MROM; Grainger
& Jacobs, 1996) but a facilitatory effect could only be simulated at the cost of high error rate (Siakaluk et al., 2002). Opposite effects are simulated in BRAID while keeping the error
rate low, depending on the time-course of the two processes
that generate the YES and NO responses in lexical decision.
The former process accumulates information from the lexical knowledge sub-model, based on similarity with the perceived letters. The later generates the NO response by integrating into the similarity calculation an error-seeking model,

2245

based on detection of a single letter difference between the
perceived letters and known words. The presence of at least
one more frequent neighbor influences both processes. At the
beginning of processing, noisy information from perceived
letters matches with both the target word and its higher frequency neighbor, so that the later contributes to increasing
lexical contribution in favor of a YES response, which results in a facilitatory effect of neighbourhood frequency. Over
time, more and more information on perceived letters accumulates, increasing the probability to detect a mismatch and
yielding competition between the target word and its higher
frequency neighbor, which results in an inhibitory neighbourhood frequency effect.
The overall findings demonstrate the capacity of BRAID
to handle the opposite neighborhood frequency effects that
remained unexplained in the last three decades. The simulation results demonstrate that facilitatory and inhibitory neighborhood frequency effects are inherent to the time course of
processing in lexical decision, which provides support to the
apparently contradictory findings reported in the behavioral
studies. The probability to observe a facilitatory or inhibitory
effect is further modulated by the target word relative frequency and its number of orthographic neighbors, so that
subtle differences in task demand and material characteristics
may have yielded contradictory and sometimes confusing behavioral results.
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Abstract
Testimony is a fundamental feature of human life: typically, we
receive testimonial evidence from others multiple times each day.
Often, we have more than one source attesting to a particular
claim. This paper examines the way people integrate testimonial
evidence from multiple sources. We find evidence that participants
deviate substantially from the normative expectation. Instead,
results seem indicative of the operation of simple, noncompensatory heuristics, at least some of the time.
Keywords: Judgment; Reasoning; Decision Making; Evidence
Evaluation

Introduction
The role of testimony in our everyday lives is pervasive:
arguably, much of what an individual knows (or believes to
know) relies on the word of others (Lipton, 1998). Crucially
it provides a means of obtaining knowledge from events that
we could not observe directly (Adler, 2006).
Nevertheless, in the philosophical literature, the
importance of testimony was long neglected, due to the
epistemological problem of “vulnerability”: what
justification do we have for taking a speaker’s word for
something, given that speakers may lie, deceive or make
inadvertent errors (Adler, 2006)? As a result, testimony was
long dismissed as a basis for genuine ‘knowledge’. Such a
view enjoyed longstanding support, all the way from ancient
philosophers like Plato, through empiricists such as Locke
to contemporary epistemology (Adler, 2006). Such
dismissal of testimony echoes Socrates’ claim that
testimony is inherently uncertain: unlike knowledge which
is absolute, testimony can only be considered to be a belief,
(Walton, 2008). Testimony, on this view, is merely a means
of transmission and does not speak to knowledge itself
(Lipton, 1998).
This position seems incongruous with the prevalence of
testimony in everyday life, and the fact that there are vast
areas where an individual’s only information is typically
testimonial, yet we intuitively still consider ourselves to
‘know’ about them. In the last 25 years, philosophers have
started to address this tension, seeking to identify ways in
which testimony might justifiably give rise to ‘knowledge’
(Coady, 1994; Lipton, 1998; Hahn, Oaksford, & Harris,
2013). At the same time, the topic of testimony has become
of increasing interest within psychology, spreading from
applied domains such as forensic psychology (Winter &

Greene, 2007), to ‘core’ areas such as cognitive (Harris &
Hahn, 2009) and developmental psychology (Durfkin &
Shafto, 2016) – reflecting an increasing recognition of the
extent to which development and cognition itself are
socially mediated.

Testimony as Evidence
Research on reasoning in forensic contexts has explored the
impact of the perceived reliability of testimony on
judgments of guilt, exploring sensitivity to internal
inconsistencies within testimonies (Berman & Cutler, 1996;
Spellman & Tenney, 2010) or the impact of evidence that
contradicts testimony (Lagnado & Harvey, 2008; Lagnado,
Fenton & Neil, 2013). The impact of consistency between
witnesses has also been examined (Brewer, Potter, Fisher,
Bond, & Luszcz, 1999), illustrating participant sensitivity to
the coherence of multiple testimonies (Harris & Hahn,
2009).
Normatively, that is with respect to what a rational agent
seeking to maximise the accuracy of her beliefs should do
(Pettigrew, 2016), reasoners should be sensitive to both the
number and reliability of witnesses (as well as any potential
dependence between them, see Bovens & Hartmann, 2003).
However, the capacity of lay reasoners to integrate
accurately both the reliability and number of independent
testimonies remains an open question. For instance, do lay
reasoners weight individual reliability above the number of
testimonies or vice versa, or do they show an appropriate
integration of both cues? In particular, are they sensitive to
the fact that multiple, lower reliability witnesses may
together provide stronger evidence than one or more highreliability source? The present paper seeks to shed light on
these issues.

Corroborating Testimony & Evidential Reasoning
The focus of the present paper is on simple cases of
corroborative witness testimony: cases where the essential
details of the testimony of two or more witnesses are in
agreement (Walton, 2008). Crucially, the corroborative
testimony of two or more independent witnesses provides
greater support for a given hypothesis than the testimony of
one alone (Walton, 2008). This is borne out in coherencebased models of evidential reasoning, such as the Bayesian
source credibility model (Bovens & Hartmann, 2003; Harris
& Hahn, 2009). Here, the reliability and number of
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(independent) reports/sources are integrated using Bayes’
theorem (Bayes, 1763). Accordingly, such Bayesian models
provide a normative standard for accurate updating under
uncertainty, and thus provide an expectation for how
reasoners should infer the probative value of corroborative
testimonies from multiple, independent witnesses. While it
may be easy enough to see that multiple independent
sources of equal reliability provide stronger evidence than
one source alone, it is considerably less clear how varying
degrees of reliability and varying numbers of witnesses are
to be traded off. This too is specified by the Bayesian
framework, but is intrinsically harder for people to track.
Moreover, work in judgment and decision-making, among
other domains, has shown individuals often deviate from
normative, computationally complex, calculations (see e.g.,
Tversky & Kahneman, 1974). Accurate integration of the
conditional likelihoods across varying numbers of
independent sources, as required by the normative response,
is demanding (Ajzen & Fishbein, 1975), and appears ripe
for ‘satisficing’ (Simon, 1956) heuristic (or ‘approximate
algorithm’) strategies (Gigerenzer et al., 1999).
Similarly, behavioural models of persuasion, such as the
Heuristic-Systematic Model (HSM; Chaiken, 1980) and
Elaboration Likelihood Model (ELM; Petty & Cacioppo,
1986) have argued that individuals are often prone to
focussing on individual salient cues (rather than the
complete integration of available information): for
example,, focusing on the credibility of a source when
determining the strength of a message from a single source
(Chaiken & Maheswaran, 1994). Hence, the question
remains open as to when laypersons evaluate cases of
corroborative eyewitness testimony in a normative,
Bayesian manner, and when they deploy simpler, heuristic
“operating rules”.

Present Experiment
The aim of this study is to assess whether participants
adhere to normative expectations when evaluating the
degree of support provided by scenarios of varying
corroborative value (in terms of witness reliability and
number).
Participants were presented with a scenario in which a
business was missing petty cash. The target hypothesis in
question was whether the missing cash had or had not been
stolen. To evaluate this hypothesis, participants were
presented with testimonial evidence in the form of reports
from five employees, all of whom stated that the cash was
stolen. One employee, Chris, was much more reliable (at
95% hit rate), compared to the other four (Alan, Brad,
David, and Edward; each at 15% hit rate). It was also stated
that the false positive rate was low at 10% and consistent
across all employee reports. Participants were presented
with varying combinations of witness reports and asked to
rank them from most to least convincing. Table 1 shows the
witness combinations shown to participants, ranked
according to likelihood ratio and posterior probability

calculated via Bayes’ Theorem1, that is, in the normatively
correct rank order.
Participants were also asked to provide a text explanation
of how they determined their order and asked to rate their
confidence in their ranking.
Our research questions can be summarized as follows:
1. Do participant rankings fit those implied by Bayesian
inference (i.e. are responses normatively correct)?
2. If not, what alternative ranking preferences do
participants have and why?
Table 1: Witness combinations ranked by likelihood ratio
and resulting posterior probabilities for the target claim
given the reports.
Witness
Combination

Likelihood
Ratio

P(Theft|E1N)

Ranking

Chris & Alan

14.25

93.44%

1

Chris

9.5

90.48%

2

Alan, Brad, David
& Edward

5.0625

83.51%

3

Brad & David

2.25

69.23%

4

Edward

1.5

60%

5

Methods
Participants 60 (38 female) US participants were recruited
and participated online through the MTurk platform. Among
the participants, 30 had been educated to the level of
Bachelors Degree or above. The mean age of participants
was 38.25 (SD = 10.18). Informed consent was obtained,
and all participants were appropriately compensated for
their time.
Procedure and Materials All participants completed the
survey, conducted using the Qualtrics platform.
The survey consisted of 11 questions in total: Qs 1-3
obtained informed consent; Qs 4-6 obtained demographic
information (age, gender and education level); Q7 obtained
an MTurk ID for reimbursement; Qs 8 & 9 presented the
scenario and obtained participants’ rank order; Qs 10 & 11
obtained explanatory text and confidence ratings.

Analysis
The analysis is split into two parts. First, observed
rankings are compared to normative prescriptions. Second,

1
For the sake of Table 1 and Fig. 1, a prior, P(Theft), of 50% is
assumed for illustrative purposes. Prior probability of theft was not
given in problem statement, as the evidential value of evidence and
relative ranks remain constant irrespective of the prior, and the
prior is thus irrelevant for answering the ranking question.
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Table 2: Descriptive statistics for participant rank selection. Also shown are mean rank, median rank and upper and lower
quartiles of rank
Rank Position:
Witness
Combination
Chris & Alan
Chris
Alan, Brad,
David & Edward
Brad & David
Edward

1

2

3

4

5

Quartiles

N

%

N

%

N

%

N

%

N

%

Mean
Rank

8
22

13.33
36.67

26
10

43.33
16.67

14
3

23.33
5.00

12
6

20.00
10.00

0
19

0.00
31.67

2.50
2.83

2
2

2
1

3
5

29

48.33

6

10.00

22

36.67

0

0.00

3

5.00

2.03

2

1

3

1
0

1.67
0.00

16
2

26.67
3.33

12
9

20.00
15.00

28
14

46.67
23.33

3
35

5.00
58.33

3.27
4.37

4
5

2
4

4
5

variations in the observed ranking of options are analysed to
determine possible ranking strategies among participants.
Normative Comparison In total, only 5 (8.33%) out of 60
participants gave the complete normatively correct rank
order. Participant performance was measured against the
normatively correct rank order, using Kendall’s tau distance
τ (as in Miller and Steyvers, 2017). This metric counts the
number of pair wise disagreements between two orders,
whereby smaller numbers are indicative of greater similarity
and larger numbers are indicative of greater dissimilarity.
Values of τ range from 0 to N(N-1)/2, where N is the
number of items being ordered (in this experiment N=5).
Therefore, when τ=0, the two orders are identical and when
τ=10 the orders are maximally dissimilar (i.e., completely
reversed). Random performance is indicated by an average
score of 5. Normalizing the τ value (dividing τ by N(N1)/2), represents the number of pair wise disagreements as a
percentage. The median normalized Kendall’s tau distance
in our data was 0.3, that is, 30% (lower quartile = 0.1/10%,
upper quartile = 0.5/50%). Therefore, at group level,
differences between participants’ given rank order and the
optimal rank order were considerable, deviating by 30% on
average.
Rank Order Analysis A Friedman test was conducted to
determine if the observed ranking preferences significantly
differed across options or whether selections were made at
random. A statistically significant difference across options,
X2(4) =75.627, p<0.001, was found. Post hoc analysis was
then conducted using a Wilcoxon signed rank test for pair
wise comparisons. To assist understanding of participant
strategy, the top 3 options were compared in 3 pair wise
comparisons: ‘Chris & Alan (1) vs. Chris (2)’ options (Z = 1.651, p =0.099); ‘Chris & Alan (1) vs. Alan, Brad, David

Median
Rank

1st

3rd

& Edward (3)’ options (Z = -1.997, p =0.046); ‘Chris (2) vs.
Alan, Brad, David & Edward (3)’ options (Z = -2.347, p
=0.019). None of these comparisons were found to be
significant once making the appropriate adjustment to the
significance level (0.05/3=0.0167), to account for multiple
comparisons (a result that is in keeping with the fact that the
median rank for all 3 options was 2).

Discussion
This paper has sought to investigate how participants deal
with considerations of witness reliability and number when
integrating multiple testimonies. Participant rankings for the
different witness combination generally failed to adhere to
the correct rankings indicated by a normative (Bayesian)
standard. Most surprisingly, only 8 participants (13.33% of
the sample) correctly ranked ‘Chris & Alan’ above ‘Chris’,
on his own. Moreover, of those 8 participants, only 5 (8.3%)
ranked the entire order correctly. Finally, even though, at
the group level, participants’ rank orders differed
substantially from the normative rank order (at 30% on
average), participants were highly confident in their
judgments, with the average confidence rating at 81.88%.
Given that the majority of participants did not adhere to
the normative rank order, it is of interest to understand more
precisely where and why deviations occur. The majority of
participants had no difficulty ranking the last two options
correctly (“Brad & David” as rank 4 and “Edward” as rank
5), as demonstrated by the dominant obtained rank
preferences and median rank values (see Table 1). Given
that witnesses “Brad” and “Edward” are of equal (modest)
reliability, participants needed only to consider the number
of witnesses in each scenario to correctly rank these options.
Therefore, it is the top 3 options that are most instructive in
explaining participants’ selections. At a group level, there is
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2

3

Figure 1: Bayes Net representation (using Netica) to demonstrate: (1) Probability of each witness reporting the cash “stolen”
given only the prior of .5; (2) “Alan” has testified that the cash was stolen so both belief that the cash was stolen and that
“Chris” will report it “stolen” increase; and (3) Final (normative) belief that the cash was in fact stolen, once testimony from
both witnesses has been received.
no difference in how the top 3 options are ranked. This
could reflect two possibilities: there are different strategies
across distinct subgroups of participants, or, most
participants genuinely cannot distinguish between these
three options. Next, we tentatively consider potential
explanatory strategies.
What can, however, be stated firmly is that participants
have most difficulty with those parts of the rank order that
require attending to both witness reliability and number of
witnesses. It is here that orderings deviate most from the
normative standard and most variable across participants.
This suggests that at least some participants might be using
simple heuristics based on just one of these factors.
Reasoning Shortcuts When considering the use of “singlecue” rules or heuristics, it seems important to distinguish
between rules that have more or less ecological or adaptive
fit. Although heuristics have long been argued to be
adaptive given both cognitive constraints (Simon, 1956) and
efficient use of time and attention (Gigerenzer et al., 1999),
it is necessary to consider more precisely the conditions
under which heuristics (e.g., Take-the-Best (TTB) – a
single-dominant cue decision rule, see Gigerenzer &
Goldstein, 1999) may outperform more computationally
demanding processes (Czerlinski, Gigerenzer, & Goldstein,
1999).
How do the two cues relevant to our task -- witness
number (or “mass”) and high reliability (“reliability”) fare?
To what degree can they be considered ecologically
adaptive? The preference for witness numbers (or “mass”),
in the case of increasing numbers of independent witnesses,

can be considered adaptive in the sense that (all else being
equal) more independent pieces of data do, in fact, make a
stronger case from a normative (Bayesian) perspective.
Furthermore, picking this number cue over perceived
reliability might be considered adaptive given the (arguably
typical) absence of clear reliability cues for testimonial
evidence in many real-world situations. In fact, recent
modelling work has demonstrated how beliefs might be
remarkably accurate even if witnesses are simply assumed
to be fairly reliable, and how such a strategy may do only
slightly less well, and on occasion better even, than one that
seeks to estimate reliability (Hahn, von Sydow & Merdes,
subm.). In particular, where there is more data, posterior
degrees of belief will converge on the right value even
where reliability is mis-estimated, as long as one is correct
about whether the data provide evidence for or against the
hypothesis in question (see Hahn, von Sydow & Merdes,
subm. and references therein). In short, there is reason to
pick number of witnesses as a simple, useful heuristic to
evidential support, and to pick it over reliability.
However, participants do not universally endorse such a
strategy: only a minority pick “Chris & Alan” over “Chris”
in the way a “mass” strategy would suggest. In preferring
“Chris” alone, participants seem to be displaying avoidance
of an additional, less reliable witness. Not only is it hard to
see an adaptive reason for this, it arguably renders
participant responses inconsistent. “Alan” has the same
reliability (accuracy) as all other witnesses bar the more
reliable Chris. The responses on the lower ranks indicate
clearly that participants correctly view those witnesses as
providing positive support for the hypothesis: Only on that
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assumption does it make sense to view 4 of those witnesses
(“Alan, Brad, David & Edward”) as providing stronger
support for the hypothesis than just two (“Brad & David”)
or one alone (“Edward”). However, the number of witnesses
should dominate the choice between “Chris & Alan” and
“Chris” as well. Yet the 22 who choose “Chris” over “Chris
& Alan” 18 prefer “Brad & David” to “Edward” alone. In
other words, they must be doing more than (consistently)
picking the option with the greater number of witnesses.
This suggests that it is the differential reliabilities in the
pairing “Chris & Alan” that are determining the response of
those participants. Normatively, an additional, independent,
corroborating witness will always add support in cases
where that witness’s hit rate is greater than their false
positive rate2 (as was the case in this study). In this case, a
simple counting strategy will come to the same result.
The preference for “Chris” over “Chris & Alan” could be
evidence of averaging (e.g., Lopes, 1985) as an alternative
strategy: the addition of a less reliable witness would lower
the average evidential strength relative to one high
reliability witness alone. Alternatively, this preference could
suggest either a more fundamental mis-understanding of
reliability and/or the connections between the two reports.
Though the witnesses are described as independent,
receiving a positive report from one will (normatively)
influence the expectation of receiving a positive report from
the other, as can be seen from the simple Bayesian network
graphical representation summarising the relevant
calculations in Fig. 1. In other words, corroborating
evidence provides both evidence towards the hypothesis
(i.e. Was the cash stolen?) and, indirectly, evidence about
the other witness (i.e. Chris’s testimony) (Walton, 2008),
which is why coherence matters both for the truth or falsity
of the target hypothesis (see Bovens & Hartmann, 2003)
and for witness reliability (see Schubert, 2012). The present
results suggest that some participants could be treating
Alan’s “corroboration” as tainting Chris’s testimony,
because Alan is less reliable than Chris.
Future work will need to distinguish between these two
possibilities: averaging, or limited understanding of the
effects of corroborating testimony on reliability. At the
same time, however, this potential effect of reliability
suggests that some participants do more than simple single
cue aggregation via number.

Conclusions
In conclusion, we find reasoners do not integrate
testimonies in the manner expected by normative, Bayesian
standards. Instead, simple cue preferences appear to
dominate rankings of relative support provided by witness
combinations for the majority of participants. However, for
those who show an avoidance of supplementary, less
reliable (but nevertheless diagnostic) testimony, a deeper
seated reasoning error seems to be in play, warranting
further research. Overall, what is striking is the extent to
which the majority of participants struggle even in this very
simple context. Given the fundamental importance of the
accurate aggregation of multiple pieces of testimony to
many real-world tasks (e.g. criminal investigation,
intelligence services, military operations, medical
professionals, auditors, etc) the issues raised merit further
investigation. In particular, the simplicity of the paradigm
used holds some hope that deviations from normative
responding observed in more complex tasks (such as in the
context of juror reasoning, see e.g., Winter & Greene, 2007;
Greene, et al., 2002; Chen & Chaiken, 1999; Pennington &
Hastie, 1993) might eventually be better understood.
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& Stanovich, 2013, for the model and responses to the five
criticisms). According to this model, cognition defaults to
Type 1 processes that can be intervened upon by Type 2 processes in response to task demands. However, this model is
still far from the kinds of formal, computational explanations
that prevail in cognitive science.

Abstract
Despite a general recognition that there are two styles of thinking: fast, reflexive and relatively eﬀortless (Type 1) versus slow,
reflective and eﬀortful (Type 2), dual-process theories of cognition remain controversial, in particular, for their vagueness. To
address this lack of formal precision, we take a mathematical
category theory approach towards understanding what underlies the relationship between dual cognitive processes. From
our category theory perspective, we show that distinguishing
features of Type 1 versus Type 2 processes are exhibited via
adjoint and representable functors. These results suggest that
category theory provides a useful formal framework for developing dual-process theories of cognition.
Keywords: dual-process; Type 1; Type 2; category theory;
category; functor; natural transformation; adjoint

ID
C1
C2
C3
C4
C5

Introduction
Intuitively, at least, human cognition involves two starkly different styles of thinking: one style appears to be fast, reflexive
and relatively eﬀortless; the other slow, reflective and eﬀortful
(Evans, 2003; Kahneman, 2011). The former is called Type 1
and the latter Type 2 (Evans & Stanovich, 2013). Distinguishing features are listed in Table 1.
ID
D1
D2
F1
F2
F3
F4
F5
F6
F7
F8
F9
F10
F11
F12
F13
F14

Type 1
no working memory
autonomous
fast
high capacity
parallel
unconscious
biased responses
contextualized
automatic
associative
experience-based
ability-independent
evolved early
animal
implicit
basic emotions

Type 2
working memory
decoupled, simulation
slow
low capacity
serial
conscious
normative responses
abstract
controlled
rule-based
consequence-based
ability-dependent
evolved late
human
explicit
complex emotions

Criticism of dual-process theories
Theories are multitudinous and definitions vague
Type 1/2 distinctions do not reliably align
Cognitive styles vary continuously, not discretely
Single-process theories provide better explanations
Evidence for dual-processing is unconvincing

Table 2: Five criticisms of dual-process theories (Evans &
Stanovich, 2013).
We propose a category theory (Mac Lane, 1998) approach
to understanding dual-process cognition. The attraction of
this approach is the precise formalization of the relationships
between cognitive processes that have some of the distinctive
features of Type 1 versus Type 2 cognition. An intuitive basis
for the category theory that supports this approach is given in
the next section. Examples are sketched in the section that
follows, and this approach is discussed with regard to the five
criticisms in the final section. Technical support appears in
the appendix.

Categories and functors
Here, we provide an intuitive overview of the supporting theory given in the appendix (see, e.g., Awodey, 2010; Mac Lane,
1998, for introductions to category theory). To aid intuition,
formal concepts are interpreted in terms of the more familiar
notion of an analogy between source and target domains. Our
main interest is in adjoint and representable functors, which
depend on the concepts of category, functor and natural transformation. So, we proceed in that order. Some conceptual
correspondences are summarized in Table 3.

Table 1: Definitions/Features (D/F) of Type 1/2 processes
(adapted from Evans & Stanovich, 2013, Table 1).
Dual-process theories of such styles of thinking are controversial. Evans and Stanovich (2013) reviewed five general
criticisms of dual-process theories, which are summarized in
Table 2. Foremost is the acknowledgement that dual-process
theories are multitudinous and vaguely defined. The Intervention model attempts to address this problem (see Evans
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Category theory
category
functor
natural transformation
adjoint (functor)
representable (functor)

Cognitive science
(sub)system, source/target
construction, analogy
comparison (of analogies)
inverse/obverse, Type 1 ↔ 2
representation

Table 3: Corresponding categorical and cognitive concepts.
A proportional analogy serves to bootstrap basic intuitions

about categories, functors and natural transformations: Predecessor is to successor as one is to two; as Monday is to
Tuesday. Analogy is generally recognized as a map of entities
in a source domain to entities in a target domain that preserves their relations (Gentner, 1983): e.g., next(predecessor,
successor) in the order domain maps to next(one, two) in
the number domain; likewise, next(Monday, Tuesday) in the
days-of-the-week domain. In this context, we can interpret:
• a category (definition 1) as a source/target domain, which
consists of a collection of objects (e.g., predecessor, successor), a collection of morphisms (e.g., next) between
objects, and a composition operation for combining morphisms (e.g., next of next);
• a functor (definition 3) as an analogy (e.g., days-of-theweek) from one category (source) to another category (target) that “preserves structure” (e.g., next of next in the order
domain maps to next of next in the number domain); and
• a natural transformation (definition 4) as a comparison of
analogies (e.g., next number and next day) so that the result
of applying a relation to a transformation is the same as the
transformation of the result of applying a relation (e.g. the
day after the first day is the same as the second day).
Natural transformations also appear to be like analogies, but
the appearance belies an important distinction: natural transformations are maps between functors, whereas functors are
maps between categories: 2nd-order contra 1st-order analogy.
With these concepts we can proceed to adjunction, regarded as the centrepiece of ordinary category theory (Mac
Lane, 1998), and the related notion of representable functor. Our motivation is the observation that Type 1/2 processes
are distinguished by counterposing features and immediacy
(e.g., autonomous versus simulated). To illustrate, consider
approximation and precision as conceptual inverses, though
not actual inverses since approximation discards information:
e.g., reals are approximated by integers, but their sets are not
isomorphic. Yet, there is a “second-order isomorphism” between their orders aﬀording comparisons with reals in terms
of integers without loss of precision. We can interpret:
• an adjunction (definition 5) as an “inverse” (obverse) relation between two “anti-parallel” functors: e.g., one functor
sends each real to its ceiling (approximation: e.g., 2.3 7→ 3)
and the other functor sends each integer to its corresponding
real (precision: e.g., 3 7→ 3.0); and
• a representable functor (definition 6) as a construction that
can be represented, or simulated by another functor (e.g.,
comparisons with reals in terms of integers).
The integers, likewise reals, with the usual order form a category (example 1(a)). The two number systems are related
by adjunctions (example 6(a, b)) and associated representable
functors (example 7). Eﬀectively, comparisons of reals to
upper and lower (integer) bounds can be computed in terms

of integers, thus avoiding a need for infinite precision. In
a cognitive context, the infinite real-world is represented by
finite resources. This example also shows how representable
functors convey a second-order isomorphism even though a
first-order isomorphism does not exist.

Categorical perspective on dual-processes
Type 1 and Type 2 processes are distinguished by counterposed features, suggesting adjoint and representable functors
as the formal connection. We sketch cases centred on pairs of
adjoint functors. In each case, we lead with an aspect of cognition that motivates a particular adjunction, which suggests
related distinctions that follow,

Whole/part: diagonal-product functors
One commonly held distinction is whether cognitive processes
operate on cognitive representations wholistically or componentially (whole/part). For example, kicked the bucket can
be interpreted wholistically (idiomatically) as died, or componentially as an act of kicking. The first interpretation is
characteristically associative and the second rule-based (F8).
This whole/part distinction is expressed by functors that
pertain to a componential object called a product. Products
are constructed by the product functor, which is right adjoint to
the diagonal functor (example 6(c)). This case is a conceptual
inverse in the sense of combining parts to form wholes in
one direction (product functor) and contextualizing wholes as
parts in the other direction (diagonal functor).
This adjoint situation was tested in a paired-associates task:
subjects learned to associate pairs of letters to coloured shapes,
where say first letters were associated with colours and second
letters to shapes (Phillips, Takeda, & Sugimoto, 2016). In this
situation, the dual processes are a map of letter pairs versus
of pair of letter maps. Performance on generalization (novel)
trials indicated associative versus rule-based processes, which
correlated with conscious awareness (F4) of the underlying
rule. Unaware subjects did not show correct responses to cues
beyond the context of those seen in training trials: did not
infer an abstract rule that extended to novel letter pairs (F6).
Thus, the diagonal-product functor expresses three distinctive
features of Type 1/2 processes: F4, F6 and F8.

Parallel/serial: product-exponential functors
A second common distinction is between parallel versus serial
cognitive process (F3). Visual search, for example, is classically regarded as involving either a parallel process when
the time to find a target item is independent of the number of
non-targets, or a serial process when time increases linearly
with the number of non-targets (Treisman & Gelade, 1980).
The parallel/serial distinction is expressed by the productexponential adjunction (example 9). As applied to functions,
this adjunction is called the (un)curry transform in computer
science: e.g., +(x, y) ⇔ +(x)(y). Here, the general advantage
of parallel processing is speed, since multiple arguments are
applied concurrently. Thus, the product-exponential adjoint
expresses distinctions F1 and F3.
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Automatic/controlled: free-forgetful functors
A third distinction pertains to automatic versus controlled processes (F7). For example, counting a small number of items,
subitizing, is automatic whereas counting a large number of
items is controlled by an incremental process.
The free-forgetful adjunction (example 10) expresses this
distinction. Counting is modelled as a monoid: the natural
numbers with addition, and zero as the identity element—
counting is a serial process (F3) starting at zero and adding
one until all items are counted. The free functor sends a set
to the free monoid on that set, which aﬀords the counting
process. The forgetful functor sends a monoid to its underlying set, forgetting the monoid operation. So, the free functor
constructs the control process, whereas the forgetful functor
constructs the corresponding automatic process, a map that
obviates the control steps, expressing the distinction between
automatic and controlled processes (F7). The automatic process associates lists of items to their count, the controlled
process steps through each list item (F8), hence the automatic
process is fast (F1) and eﬀectively parallel (F3) since the intermediate counting steps are obviated. Thus, the free-forgetful
adjoint expresses distinctions F1, F3, F7 and F8.

Autonomous/simulated: representable functors
A fourth distinction is between autonomous versus simulated
processes (D2). This distinction is regarded as definitive of
Type 1 versus Type 2 processes, and is sometimes distinguished as on-line versus oﬀ-line processing (Halford, Wilson, Andrews, & Phillips, 2014). The central advantage of
oﬀ-line processing is that one can assess the potential eﬀects
of an action without having to incur its consequences. That
is the advantage of working with a representation, or mental
model of the world, in place of the world itself.
Representable functors express this diﬀerence between autonomous and simulated processes. Every adjunction induces
a pair of representable functors (remark 7). So, all the previous
examples of adjoint functors involve representable functors. A
representable functor does two things: (1) preserves the structure of the domain category in the form of sets and functions
in the category Set, and (2) in such a way that the structure is
represented (or, modelled) by a hom-functor (example 3). For
adjoint functors between categories C and D, the domain of
associated representable functors consists of pairs of objects
and morphisms from C and D. The interaction between these
categories in the form of an adjunction is represented by sets
and functions in Set (D2). Forgetful functors are representable
functors (example 12), so the forgetful functor in the previous
example is representable. This functor is represented by the
natural numbers monoid and its generator (remark 9). This
representation makes explicit the relationship between each
natural number (F13). The natural numbers are represented
by a process that generates them. Thus, representable functors
express distinctions D2 and F13.
This categorical method of representation is generalized
further, by the Yoneda lemma (lemma 1) and functor (defi-

nition 7), in terms of morphisms between objects. Suppose,
e.g., a world as a 2-dimensional space (example 13). In this
context, the Yoneda functor aﬀords a coherent representation
of this world with respect to given reference points A and B
(diagram 3), such as a cognitive agent’s binocular sensors.
Moreover, isomorphisms are preserved (remark 11), in which
case, one view can be used to calibrate the other.

Discussion
In this section, we discuss our category theory approach in
terms of the five general criticisms levelled against dualprocess theories, which were summarized in Table 2, and
then provide some overall perspective.
C1 Dual-process theories are criticized for their vagueness.
Category theory provides a formally precise foundation for
the relationship between cognitive dual-processes, in terms
of adjoint and representable functors. Moreover, although
we have presented several diﬀerent pairs of adjoint and representable functors, all such situations derive from the same
general form. Thus, our categorical approach addresses this
criticism with precision and parsimony.
C2 Another criticism is that distinguishing features do not
align with Type 1 and Type 2 processes. Evans and Stanovich
(2013) countered that only D1 and D2 are supposed to be
definitive of Type 1 and Type 2 processes, wheres F1–14 are
only supposed to correlate with process type. The analogous
situation, here, is that all representable functors derived from
adjoints have the same form, thus they all align with D2. The
correlated features cluster with diﬀerent adjoints. Thus, the
categorical approach is consistent with the role of these features. Note, however, the categorical approach currently does
not say anything about working memory (D1), and several
other correlated distinctions (F2, F5, F9–12, and F14).
C3 To some extent, the categorical approach is neutral with
regard to the criticism that dual-route theories imply discreteness, whereas the data suggest continuity of alternatives. That
is because the nature of the alternative path via natural transformations depends on the nature of the functors being related.
Natural transformations also apply to relations between continuous maps, and were originally introduced to address such
situations. The categorical approach does not necessitate discreteness or continuity of process type. Even for discrete
alternatives, decision criteria may lie on a continuous dimension, such as a cost/benefit trade-oﬀ (see Phillips, Takeda, &
Sugimoto, 2016), giving the appearance of a continuity.
C4 Whether or not category theory provides a better explanation for dual-process cognition remains to be determined.
However, the close relationship between adjoint functors, universal constructions, and systematicity points in favour of a
categorical approach. Adjunctions are another kind of (categorical) universal construction, universal constructions were
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employed to explain systematicity (Phillips & Wilson, 2010),
and one can argue that dual-process is a general systematic
property of human cognition. Thus, category theory provides
a better explanation in this regard.
C5 Evidence favouring dual-process over single-process
theories has been given (see, e.g., Evans & Stanovich, 2013;
Kahneman, 2011). Support for an adjoints approach was provided in an experiment designed to test the diagonal-product
basis for dual-processes (Phillips et al., 2016). With enough
parameters, a single-process model can be devised to fit the
same data. The question is whether such parameters (assumptions) are ad hoc: serve only to fit rather than explain the data.
This question relates to the previous response (C4), so one
area of inquiry is data showing systematicity as a property in
the context of dual-styles of thinking.

A third issue concerns computational mechanisms. Category theory also provides a rigorous foundation for computation, particularly recursion (see, e.g., Hinze & Wu, 2016).
Thus, we expect that category theory will also aﬀord computational methods for cognitive dual-processes.
As a final remark, note the expository style of this work as
an illustration of our adjoint basis for dual-process cognition:
an informal main text on one hand and a formal appendix on
the other. The main text is an approximate, yet more readily accessible exposition with links to the latter more precise,
yet densely written alternative. Ideally, space permitting, the
appendix would also provide links back to the main text (cf.
approximation and precision as adjoints). Bidirectional exploitation of such trade-oﬀs, in general form, is seen as the
quintessential advance of human cognition (Phillips, 2017).
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Perspective
The main advantage of a categorical approach is the precise formalization of the relationship between dual processes.
This advantage is particularly important as dual-process theories are applied to cognitive development (Evans, 2011), since
one needs to know how they are related. The use of adjoints
is particularly relevant to cognitive science, which predominantly bases the notion of structure-sensitive processing on
isomorphism. However, as illustrated, isomorphism is often too strict to be a useful criterion, hence the relevance of
the often cited quote, “Adjoints and everywhere” (Mac Lane,
1998). An adjunction can be regarded as a kind of local (as
opposed to global) isomorphism: bijections between hom-sets
(remark 2), without requiring that the collections of objects
(between the respective categories) be isomorphic. So, one
can reasonably expect adjoint and representable functors to
play a role in other distinctive forms of dual-processing, which
we have not addressed here.
Nonetheless, there are three general issues to be addressed
in further work. The first issue concerns the adjoint basis for
dual-process. Adjunctions pertain to equalities between the
alternative computational paths. Thus, the current approach
does not address cases where the dual processes supply contradictory responses. One possibility is to use adjunctions in
higher category theory where the paths are themselves related
by isomorphisms, instead of equalities.
A second issue concerns the link between the theory and
empirical data. Some work has been done in this direction.
Experiments were designed around the diagonal-product adjunction to test the empirical basis for non-systematic versus systematic properties of cognition (Phillips et al., 2016),
which one can see as an aspect of the associative/rule-based
distinction (F8). A question for any dual-process theory is to
explain why one process is executed over the other. Further
empirical work suggested a kind of cost/benefit trade-oﬀ as an
account of which route (Phillips, Takeda, & Sugimoto, 2017).
The theoretical challenge for our approach is to provide a
categorical basis for such trade-oﬀs.
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Example 2 (Functor). The following are functors.
a Incl : (Z, ≤) → (R, ≤); x 7→ x, see example 1(a).
b Ceil : (R, ≤) → (Z, ≤); x 7→ ⌈x⌉, e.g., ⌈2.4⌉ = 3.
c Floor : (R, ≤) → (Z, ≤); x 7→ ⌊x⌋, e.g., ⌊2.4⌋ = 2.

Appendix A: Category theory
Definition 1 (Category). A category C consists of a collection of objects, O (C) = {A, B, . . . }, a collection of morphisms,
M (C) = { f , g, . . . }—a morphism written in full as f : A → B
indicates object A as the domain and object B as the codomain
of f —including for each object A ∈ O (C) the identity morphism 1A : A → A, and a composition operation, ◦, that sends
each pair of compatible morphisms f : A → B and g : B → C
(i.e. the codomain of f is the domain of g) to the composite
morphism g ◦ f : A → C, that together satisfy the laws of:
• identity: f ◦ 1A = f = 1B ◦ f for every f ∈ M (C), and

d ∆ : C → C × C; A 7→ (A, A), f 7→ ( f , f ).
e Π : C × C → C; (A, B) 7→ A × B, ( f , g) 7→ f × g.
Functors a, b and c preserve order: e.g., x ≤ y ⇒ ⌈x⌉ ≤ ⌈y⌉.
Remark 4. F : Cop → D is called a contravariant functor.
Example 3 (Hom-functor). The following are hom-functors.
a The covariant hom-functor pertains to postcomposition:
Hom(A, −) : C → Set; X 7→ Hom(A, X ), g 7→ g∗ .

• associativity: h ◦ (g ◦ f ) = (h ◦ g) ◦ f for every triple of
compatible morphisms f , g, h ∈ M (C).

b The contravariant hom-functor pertains to precomposition:
Hom(−, B) : Cop → Set; X 7→ Hom(X, B), f 7→ f∗ .

Remark 1. A morphism f : A → B with an inverse g is called
an isomorphism: f ◦ g = 1B and g ◦ f = 1A . We write A  B.

c The bivariate hom-functor combines postcomposition and
precomposition: Hom(−, −) : Cop × C → Set; (A, B) 7→
Hom(A, B), ( f , g) 7→ f∗ g∗ , see remark 3.

Example 1 (Category). The following are categories.
a The integers with the usual order relation, (Z, ≤), form a
category that consists of objects x ∈ Z and morphisms x ≤ y
(identities are x ≤ x), with composition given by transitivity.
b The category Set has sets for objects, functions for morphisms, and function composition as the composition operation. Identity functions are the identity morphisms.
c The opposite category Cop has C-objects with morphisms
reversed, i.e. f : A → B in C is f : B → A in Cop .
d Product category C × D has {(A, B)|A ∈ O (C), B ∈ O (D)}
for its collection of objects, {( f , g)| f ∈ M (C), g ∈ M (D)}
for its collection of morphisms, and pointwise composition.
Remark 2. HomC (A, B) is the set of morphisms in category C
with domain A and codomain B. C is elided when understood.

Example 4 (Bivariate hom-functor). Two additional bivariate
hom-functors are obtained by precomposing with functor
a F : C → D on the left argument: Hom(F−, −) : Cop × D →
Set; (A, B) 7→ Hom(F (A), B), (F ( f ), g) 7→ F ( f )∗ g∗ and
b G : D → C on the right argument: Hom(−, G−) : Cop ×
D → Set; (A, B) 7→ Hom(A, G(B)), ( f , G(g)) 7→ f∗ G(g) ∗ .
Definition 4 (Natural transformation). Let F, G : C → D be
.
functors. A natural transformation η : F → G is a family
of D-morphisms {ηA : F (A) → G(A)|A ∈ O (C)} such that
G( f ) ◦ ηA = ηB ◦ F ( f ) for every morphism f : A → B in C.
Remark 5. A natural isomorphism is a natural transformation
where every ηA is an isomorphism, see remark 1.
Example 5 (Natural hom). Hom-functors relate naturally.
.

Definition 2 (Post/precomposition). Given a morphism f ,

a Covariantly, Hom(h, −) : Hom(A, −) → Hom(B, −).

• postcomposition with f is the operation f ∗ : h 7→ f ◦ h and

b Contravariantly, Hom(−, h) : Hom(−, A) → Hom(−, B).

• precomposition with f is the operation f∗ : h 7→ h ◦ f .

Remark 6. The functors C → D (objects) and their natural
transformations (morphisms) form a category, denoted DC .

.

Remark 3. Postcomposition and precomposition combine,
for example, f∗ g∗ : h 7→ f∗ (g ◦ h) = g ◦ h ◦ f .
Definition 3 (Functor). A (covariant) functor is a “structurepreserving” map from a category C to a category D, written
F : C → D, sending each object A and morphism f : A → B in
C to the object F (A) and the morphism F ( f ) : F (A) → F (B)
in D (respectively) that satisfies the laws of:

Definition 5 (Adjunction). An adjunction from category C to
category D is a tuple, (F, G, η, ε) : C ⇀ D, consisting of functors F : C → D and G : D → C, and natural transformations
.
.
η : 1C → G ◦ F and ε : F ◦ G → 1D such that Gε ◦ ηG = 1G and
εF ◦ Fη = 1F . F is the left adjoint of G (G is the right adjoint
of F), denoted F ⊣ G, and η (ε) is the (co)unit.
Example 6 (Adjunction). The following are adjunctions.

• identity: F (1A ) = 1F (A) for every object A ∈ O (C), and
• compositionality: F (g ◦C f ) = F (g) ◦D F ( f ) for every pair
of compatible morphisms f , g ∈ M (C).

a Ceil ⊣ Incl with unit x ≤ ⌈x⌉ and counit y ≤ y.
b Incl ⊣ Floor with unit x ≤ x and counit ⌊y⌋ ≤ y.
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c ∆ ⊣ Π with unit ⟨1, 1⟩ : Z → Z × Z and counit (π1 , π2 ) :
(A × B, A × B) → (A, B). In Set, π1 : (a, b) 7→ a, etc.
Remark 7. Every adjunction induces a natural isomorphism:
ϕ : Hom(F−, −)  Hom(−, G−) : ψ (Mac Lane, 1998), as
indicated by the following commutative diagram:
HomD (F (A), B) o
Hom(F (h),k)


HomD (F (A′ ), B′ ) o

ϕA,B

/

ψA,B
ϕA′ ,B′
ψA′ ,B′

HomC (A, G(B))

(1)

Hom(h,G(k))

/


HomC (A′ , G(B′ )) ,

which states that Hom(F (h), k) = ψA′ ,B′ ◦ Hom(h, G(k)) ◦ ϕA,B
and Hom(h, G(k)) = ϕA′ ,B′ ◦ Hom(F (h), k) ◦ ψA,B .
Example 7 (Bounds). Instantiating F ⊣ G as:
• Ceil ⊣ Incl yields ⌈x⌉ ≤ y ⇔ x ≤ y, and
• Incl ⊣ Floor yields x ≤ y ⇔ ⌊x⌋ ≤ y (see example 2).
Example 8 (Diagonal-product). The diagonal functor is left
adjoint to the product functor (∆ ⊣ Π, example 6(c)), hence
the bijection Hom((Z, Z), (A, B))  Hom(Z, A × B). In Set
with Z = 1, i.e. singleton set {∗}, the bijection is between two
sets of “points”—a point is a map a : 1 → A; ∗ 7→ a, where
a ∈ A. Thus, diagram 1 specializes and simplifies to
(A, B) o

ϕ
ψ

( f ,g)


(A′ , B′ ) o

ϕ′
ψ′

/

A×B

(2)

f ×g


/ ′
A × B′ ,

Definition 6 (Representable functor). A representable functor
is a functor F : C → Set such that there exists a hom-functor
Hom(A, −) : C → Set naturally isomorphic to F: there exists
a pair (A, ϕ) where A ∈ O (C) and ϕ : Hom(A, −)  F.
Remark 8. Contravariantly, we require ψ : Hom(−, B)  F.
Example 11 (Hom-functor). Hom-functors are representable
functors being isomorphic to themselves.
Example 12 (Forgetful). Forgetful functor U : Mon → Set
(see example 10) is a representable functor, being naturally
isomorphic to the hom-functor Hom(F (1), −), where F (1) is
the free monoid on the singleton set 1 = {∗}. In example 10,
(N, +, 0) is the free monoid on {1}.
Remark 9. The pair (N, 1) is called a representation of U,
where 1 is the generator of the natural numbers.
Lemma 1 (Yoneda). Given functor F : C → Set and object
A ∈ O (C), there is a bijection from the set of natural transformations Nat(Hom(A, −), F ) to the elements of F (A) that is
natural in F and A, written yF,A : Nat(Hom(A, −), F )  F (A).
Remark 10. Setting F to hom-functor Hom(B, −) yields the
bijection Nat(Hom(A, −), Hom(B, −))  HomC (B, A).
Definition 7 (Yoneda functor). A Yoneda functor is a functor
Y : Cop → SetC ; A 7→ Hom(A, −), h 7→ Hom(h, −).
Remark 11. Y is an embedding: injective on objects and
bijective on hom-sets (remark 10), so A  B ⇔ Y (A)  Y (B).
Example 13 (Yoneda functor). The coordinate space R2 is the
category whose objects are points (Ax , Ay ) ∈ R2 , morphisms
AB : A → B are translations (Bx − Ax , By − Ay )—identities are
zero translations—and composition is addition. The Yoneda
functor Y : R2 → Set sends:
• each object A ∈ O (C) to hom-functor Hom(A, −) : X 7→
{AX}, f 7→ f +, where f is an f -translation, and
• each morphism h : B → A to the natural transformation
Hom(h, −), where h is an h-translation.

i.e. the equivalence between a map of pairs and a pair of maps.
Example 9 (Product-exponential). The product functor ΠB :
C → C; A 7→ A × B, f 7→ f × 1B is left adjoint to the exponential functor ΛB : C → C;C 7→ CB , f 7→ f B . In Set, the
object CB is the function space { f : B → C}, hence the bijection Hom(A × B,C)  Hom(A,CB ), which specializes to the
equality: f (a, b) = f˜(a)(b), where f˜ : a 7→ fa and fa : b 7→ c.
This equivalence is called curry-uncurry in computer science.
Example 10 (Free-forgetful). A monoid is a set together with
a binary operation and an identity element, e.g., the naturals
with addition and 0 as the identity, (N, +, 0). Mon is the
category of monoids and monoid homomorphisms. The free
functor F : Set → Mon; S 7→ (S, ⋆, e) sends each set S to the
free monoid on S, e.g., the free monoid on an alphabet A is
the set of all “words” A∗ with the concatenation operation ·
and e as the empty word. The forgetful functor U : Mon →
Set; (M, ⋆, e) 7→ M sends each monoid to its underlying set,
forgetting the operation, which is right adjoint to the free
functor, F ⊣ U. In this situation, the correspondence between
the monoid homomorphism h : (A∗ , ·, e) → (N, +, 0) and the
function h : A∗ → N is word length.

Objects/morphisms are indicated in the following diagram:
3X k

(3)

AX

BX

/

Hom(h,X )
f

Ao

h
Hom(A, f )

Hom(B, f )



/

Hom(h,Y )
AY

B


+Y s

BY

where the arrows between arrows are functions in Set and all
other arrows are translations in R2 . Conceptually, consider A
and B as points of reference with regard to entities X and Y
and their relationship f in the world, R2 , and the commutative
rectangle as a coherent view (representation) of that world.
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Abstract

knowledge; the other suggests that knowledge does not depend on belief, and thus need not be more basic.

We investigate the relationship between evaluations of knowledge and belief in human adult theory of mind, and provide
evidence that evaluations of knowledge are made without prior
evaluations of belief. Our studies find that (1) people can accurately evaluate others’ knowledge before they evaluate their
beliefs; (2) this pattern cannot be not explained by pragmatic
differences; (3) it occurs cross-linguistically and unlikely to
be accounted for by differences in word frequency, and (4) it
also generalizes to the larger class of factive and non-factive
attitudes (to which knowledge and belief respectively belong).
Together, these studies demonstrate that human adults can ascribe knowledge without first ascribing a belief state. More
generally, they lend support to the view that knowledge representations are a distinctive and basic way in which we make
sense of others’ minds.
Keywords: knowledge; belief; theory of mind; factive attitudes; non-factive attitudes; False Belief; knowledge first

Introduction
Ordinarily, we say that a person ‘knows’ some proposition
only if she both believes it and it is true. For instance, it
sounds wrong to say Jane knows that it is raining if there isn’t
a cloud in the sky; likewise if it really is raining, but Jane believes that it is snowing. This relationship is often captured by
the idea that knowledge entails belief (Gettier, 1963; Lehrer,
1968; Williamson, 2002).1 Given this relationship between
knowledge and belief, an obvious hypothesis is that in evaluating whether a person knows something, one must first determine whether they believe that thing. How else would the attribution of knowledge be restricted to cases of belief? While
this first hypothesis might seem highly intuitive, there is also
some evidence that evaluations of knowledge do not depend
on prior evaluations of belief. For example, the capacity for
knowledge representation appears to have evolved first and
to emerge earlier in human development. Our aim is to contribute to this debate by investigating a new question: Can
adults judge what somebody knows faster than they can judge
what somebody believes?

Two opposing views of belief and knowledge
Previous research on theory of mind provides support for two
conflicting ways of understanding the relationship between
knowledge and belief. One view suggests that knowledge
depends on belief, and thus belief must be more basic than
1 In

these experiments are only concerned with propositional
knowledge and not practical knowledge or knowledge-wh. For challenges to the view that knowledge entails belief, see, e.g., Radford,
1966; Myers-Schulz & Schwitzgebel, 2013.

Belief before knowledge Within theory of mind research,
a standard assumption is that the capacity to represent others’
beliefs is among the most basic ways in which we understand
others’ minds. This assumption appeared early in theoretical
work on theory of mind (Dennett, 1987), and continues today in the standard assumption that an ability to represent
beliefs is necessary for a “genuine” capacity for theory of
mind (Baron-Cohen, Leslie, & Frith, 1985; Call & Tomasello,
2008; Leslie, 1987).
A natural extension of this view is that representations of
other mental states, e.g., what others hope for, or suppose,
are often composed over elements including the representation of belief (Snyder et al., 1991). On this view, knowledge
requires belief, but it also extends beyond it. For example,
a standard philosophical view is that knowing that p can be
understood as an instance of (1) having some belief that p,
(2) p being true, (3) being justified in having the belief that
p, and (4) satisfying some number of additional criteria (see
Ichikawa & Steup, 2016, for a helpful overview of the kinds
of criteria that have been proposed). Consistent with this picture, empirical research has provided evidence that the capacity to represent others’ beliefs emerges extremely early in
human development (Onishi & Baillargeon, 2005), and that
even non-human primates may be able to beliefs (Krupenye,
Kano, Hirata, Call, & Tomasello, 2016). Taken together, this
research suggests that the ability to represent beliefs may be
the among the most basic components of theory of mind.
This picture of the relationship between knowledge and belief predicts that human adults should be able to correctly
evaluate others’ beliefs before they are able to correctly evaluate others’ knowledge. After all, attributions of beliefs should
be comparatively simple; moreover, interpreted strictly, this
picture posits belief representation as an input to computations of knowledge.
Knowledge before belief In contrast to this picture, there is
some evidence that representations of knowledge do not actually depend on prior representations of belief. Studies of
language development show that children begin productively
using the term ‘know’ before ‘believe’ or ‘think’ (Bretherton
& Beeghly, 1982). They can also successfully evaluate others’ knowledge states before they succeed in evaluating their
belief states (see, e.g., Mar, Tackett, & Moore, 2010). Similar
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evidence extends beyond the specific concepts of knowledge
and belief. More generally, one of the central differences between knowledge and belief is that representations of knowledge are factive, meaning that one cannot represent others as
knowing something false (while one can represent others as
believing something false).2 Within theory of mind research,
there is an enormous amount of work suggesting that factive
attitude representations (e.g., seeing, hearing, being aware)
may be simpler or more basic that non-factive representations. This is true for example, in developmental work, where
there is clear evidence for the representation of others’ factive mental states substantially before there is any evidence
for non-factive mental state representations (i.e., 6 months
vs. 8-12 months) (Luo & Johnson, 2009; Vouloumanos, Martin, & Onishi, 2014). Additionally, within non-human primate research, there is overwhelming evidence that a range of
non-human primates can represent factive attitudes (Santos,
Nissen, & Ferrugia, 2006), and even some convincing evidence that they fail to represent beliefs (Martin & Santos,
2014, 2016). As a whole, this research paints a picture on
which representations of knowledge may not depend on beliefs, since knowledge representations can occur without the
capacity to represent belief.
On this picture of the relationship between knowledge and
belief, it need not be the case that human adults are able to
correctly evaluate others’ beliefs before they are able to correctly evaluate others’ knowledge. In fact, adults may actually be faster to evaluate knowledge than belief.

(http://www.moralsensetest.com/. Experiment 1b was
an exact replication involving 501 new participants recruited
through Amazon Mechanical Turk.
Stimuli and procedure. Participants began by completing
a demographic questionnaire and two practice trials that familiarized them with the task. Participants then completed
twenty-four trials in which they read short vignettes about
agents and decided whether a sentence about the story was
true or false. Participants were instructed to indicate their responses as quickly as possible by pressing one of two keys on
their keyboard. Twelve of the trials were distracter trials that
were included to prevent participants from anticipating the
critical sentences. In the other twelve trials, participants read
vignettes that described an agent as either having a true belief
about some proposition p (True Belief), being ignorant of p
(Ignorance), or believing some proposition q that was both
false and inconsistent with p (Different Belief), such as:
True Belief: Mira looks at the night sky with her telescope.
She owns the most accurate books on the locations of the
different planets throughout the year. Mira reads in her astronomy books that she can see Neptune through her telescope, and she waits until it’s dark enough outside. She
points her telescope towards the coordinates that her books
specify for Neptune, and sees a bright dot in the middle of
the sky. That bright dot is Neptune. She is excited that she
found the planet she was looking for so easily.
Ignorance: Mira likes looking at the night sky with her
telescope. She owns the most accurate books on the locations of the different planets throughout the year. It is night
and Mira decides not to read her astronomy books and instead just look through her telescope. Ignoring her book,
she sets up her telescope and points it towards a group of
dots that catch her attention. She looks into the telescope
and she sees a bright dot in the middle of the sky. That
bright dot is actually Neptune.

The present studies
A series of four experiments test these two opposing predictions about human adults’ response times in evaluating
others’ knowledge and beliefs. Experiments 1a-b provide a
straightforward test and find evidence that knowledge evaluations are faster than belief evaluations. Experiment 2 asks
whether this difference can be accounted for by differences
in the pragmatics of statements about knowledge versus belief, and finds that it cannot. Experiment 3 then tests whether
this pattern occurs cross-linguistically and provides evidence
that it does. Finally, Experiment 4 demonstrates that this difference in response times generalizes to the larger class of
factive and non-factive attitudes, to which knowledge and belief respectively belong. Together, these experiments suggest
that in determining what others know, human adults do not
first determine what they believe.

Different Belief: Mira likes looking at the night sky with
her telescope. She owns the most accurate books on the
locations of the different planets throughout the year. It
is night and Mira reads in her astronomy books that she
can see Mercury through her telescope. Misreading her
book, she sets up her telescope and points it towards the
coordinates that her books specify for Neptune, which also
happens to be in the sky. She looks into the telescope and
she sees a bright dot in the middle of the sky. That bright
dot is actually Neptune.

Experiment 1a-b
Methods
Participants. In
Experiment
1a,
200
participants (Mage = 32.76, SDage = 12.67; 108 females)
were recruited through a psychology based website
2 Within linguistics, the distinction between factive and nonfactive attitudes is roughly that factive attitude ascription, e.g., pS
knows that pq , presuppose that the complement p, while non-factive
attitude ascriptions, e.g., pS believes that pq , do not presuppose p
(Kiparsky & Kiparsky, 1970).

On these trials, participants evaluated the truth of a sentence about about knowledge, as in (1), or belief, as in
(2). We used ‘thinks’ instead of ‘believes’ to equate for frequency/length.
(1)

Mira knows she is looking at Neptune.

(2)

Mira thinks she is looking at Neptune.
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Analysis approach
In all of our studies, response times for trials on which participants correctly assessed the truth of the knowledge and belief statements were analyzed with linear mixed effects models using the lme4 package in R (Bates, Maechler, Bolker,
Walker, et al., 2014), with both participants and scenario included as random factors. To determine the significance of
particular effects, we compare a model that includes the relevant term in question (as well as all other factors not being
investigated) with a model that differs only in not including
that term. The effect is taken to be significant if the fit of
the two models differs significantly (Barr, Levy, Scheepers,
& Tily, 2013). Participants were excluded from the analysis
if they answered less than 60% of the questions correctly or
if their mean response time was less than 1000ms or greater
than 4000ms. We additionally excluded all trials on which
1000ms > response time > 4500ms. Fewer than 15% of participants were excluded from any study.

Experiment 1a results
The overall analysis of participants response times revealed
no main effect of Belief Condition, χ2 (2) = 1.445, p =
.486, and no Belief Condition × Ascription Type interaction, χ2 (2) = 1.615, p = .446.3 However, there was a significant main effect of Ascription Type, χ2 (1) = 22.382, p <
.001, such that participants were faster to correctly assess the
truth of statements about whether the agent knows something
(M = 2814.45, SD = 935.82) than statements about whether
the agent thinks something (M = 2991.30, SD = 986.34).

Experiment 1b results
The analysis of participants response times in a well-powered
replication of Experiment 1a again revealed no main effect of
Belief Condition, χ2 (2) = 1.716, p = .424, but did reveal a
main effect of Ascription Type, χ2 (1) = 27.687, p < .001,
such that participants were faster to correctly assess the truth
of statements about whether the agent knows something (M =
2485.92, SD = 655.13) than statements about whether the
agent thinks something (M = 2545.73, SD = 660.12). Additionally, there was a significant Belief Condition × Ascription
Type interaction, χ2 (2) = 23.85, p < .001. We next combined
the data from both experiments to ask whether the interaction
was significant across all of the data.

Combined analysis and discussion
The combined analysis again showed no main effect of Belief
Condition, χ2 (2) = 2.215, p = .330, a significant main effect
of Ascription Type, χ2 (1) = 48.418, p < .001, such that participants were overall faster to correctly assess the truth of
statements about whether the agent knows something (M =
3 The fixed and random effects structure for the full model was
specified as: response.time ∼ belief.condition ∗ ascription.type +
(1|scenario) + (belief.condition ∗ ascription.type|subj). We were not
able to include random slopes for the scenario because the crossed
nature of the random effects in our experiment prevented convergence. We employ a similar approach throughout our studies.

Figure 1: Mean response time across Experiment 1a-b for
evaluations of knowledge ascriptions (dark bars) and belief
ascriptions (light bars) as a function of Belief Condition. Error bars depict +/- 1 SEM.
2508.20, SD = 653.03) than statements about whether the
agent thinks something (M = 2587.25, SD = 661.14). Moreover, there was a significant Belief Condition × Ascription
Type interaction, χ2 (2) = 12.352, p = .002. Planned pairwise comparisons revealed that participants’ response times
only differed in the True Belief, t(450) = 2.525, p = .012,
d = 0.121, and Ignorance, t(436) = 5.331, p < .001, d =
0.270 conditions, but not in in the Different Belief condition,
t(442) = 1.959, p > .05, d = 0.097 (see Figure 1).
Our results show clearly that participants can correctly
evaluate knowledge ascriptions before belief ascriptions. We
will return to why this effected is attenuated in the Different
Belief condition in the following experiment.

Experiment 2
Before continuing, we want to directly address the concern
that the observed difference in response times could have
arisen from an unintended pragmatic implicature. More concretely, there is reason to think that there may be something
pragmatically odd about belief ascriptions (as in (2)) but not
knowledge ascriptions (as in (1)) in cases where the agent
seems to actually know the relevant proposition (as in True
Belief), see e.g., Heim, 1991. To test whether this kind of
pragmatic effect could explain the observed difference in response times we collected judgments of felicity for the statement used in our study.
We collected judgments of the felicity of each of the belief
and knowledge ascriptions in each of the three belief conditions for all twelve of the scenarios used in the previous experiments. This data allow us to ask both whether we find
the predicted pragmatic difference in cases of true belief and
whether the response time effect in the other two cases can
also be accounted for by differences in felicity.

Methods
Participants. 537 participants (Mage = 33.97, SDage =
10.95; 250 females) were recruited through Amazon Me-
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chanical Turk.
Stimuli and procedure The procedure used was similar to
that of Experiment 1a-b except that participants were asked
to make a judgment about whether the belief or knowledge
ascription ‘sounded weird’ or ‘sounded normal’ on a Likert scale (in addition to indicating whether the statement was
true or false). Participants were also given unlimited time to
respond. Prior to completing these trials, participants were
trained on the task and completed four practice trials using
statements that were clearly felicitous or clearly infelicitous.

Results and discussion
Felicity judgments for trials on which participants correctly
assessed the truth of the knowledge and belief statements
were analyzed as in the previous studies. This analysis revealed a main effect of Belief Condition, χ2 (2) = 25.588,
p < .001, a main effect Ascription Type, χ2 (1) = 42.238,
p < .001, and a significant interaction effect, χ2 (2) = 28.257,
p < .001. As predicted by theories of pragmatic implicatures, planned comparisons revealed a large difference in felicity judgments in the True Belief condition, t(247) = 7.20,
p < .001, d = 0.629. While not theoretically predicted, we
also observed a small but significant difference in the Ignorance condition, t(228) = 3.29, p = .001, d = 0.209. We
did not observe a significant difference in the Different Belief
condition, t(231) = −1.23, p = .219, d = 0.080.
Accordingly, we next asked whether these differences in
felicity could account for the difference in response times,
starting with the True Belief condition, where this kind of
pragmatic difference would be expected. We first computed
the mean felicity rating for each of the 24 knowledge and belief ascriptions and included these in the linear mixed-effects
model (this is equivalent to ‘controlling’ for differences in
felicity of each statement). We then asked whether the effect of Ascription Type on response times persisted after first
modeling differences in felicity, and found that it did not,
χ2 (1) = 0.942, p = .332. In short, this result suggests that felicity judgments roughly tracked the differences in response
times between knowledge and belief ascriptions, and may account for them.
Given this pattern, we next asked whether felicity judgments could also account for the difference in response times
in the Ignorance and Different Belief scenarios, where it
would not theoretically be predicted. We performed a similar
analysis, but found that the effect of Ascription Type on response times persisted, χ2 (1) = 18.359, p < .001. This result
suggests that differences in the felicity of the knowledge vs.
belief ascriptions in these cases does not explain the difference in response times. Using this same analysis approach,
we tested whether the Belief Condition × Ascription Type
interaction effect remained. It did, and therefore is not accounted for by differences in felicity, χ2 (1) = 8.446, p = .004
We now take up the matter of why this interaction occurs—
specifically, why we do not observe a difference in response
times to belief versus knowledge in the different belief condi-

tion (but do in the other conditions). Possibly, comprehending
the vignettes in which an agent has a false belief requires one
to specifically understand the agent’s mind in terms of what
the agent believes. In other words, the stimulus may bias participants to preferentially compute a belief state rather than a
knowledge state. If correct, this would then specifically facilitate fast truth-value assessments of belief ascriptions but
not knowledge ascriptions. In line with this explanation, we
found that participants’ evaluations of belief ascriptions were
in fact faster in the Different Belief condition (M = 2552.53,
SD = 634.01) than in the Ignorance condition (M = 2641.09,
SD = 664.85), t(405) = −2.379, p = 0.0178. By contrast,
participants’ evaluations of knowledge ascriptions were actually slower in the Different Belief condition (M = 2537.75,
SD = 647.88) than in the Ignorance condition (M = 2461.32,
SD = 645.40), t(478) = 2.549, p = 0.011.
Together, Experiments 1 and 2 provide evidence that people are able to evaluate what others know before they are able
to evaluate what they believe, and that this difference cannot
be fully accounted for by pragmatic differences. Moreover,
there is some evidence that this difference is attenuated when
people are required to represent an agent’s beliefs in order
to understand the stimulus (e.g., because it involves a false
belief representation).
A general limitation of the previous studies is that they
were conducted solely in English, and thus it is possible that
the observed differences arise from some idiosyncratic feature of these English terms rather than reflecting the underlying cognition involved in representing agents as knowing
or believing some proposition. For example, in English the
term ‘know that’ is ≈ 1.52 times more frequent than ’think
that’. We take up this issue in the following experiment by
asking whether the pattern we observed in Experiment 1 occurs cross-linguistically.

Experiment 3
We next conducted a similar experiment in French using
‘savoir’ instead of ‘know’, and ‘penser’ instead of ‘think’.
French provides a particularly strong test case because, unlike English, the French term ’penser que’ is ≈ 1.49 times
more frequent than ‘savoir que’,4 and thus faster evaluations
of knowledge ascriptions in French could not be explained by
lexical frequency.

Methods
Participants 150 participants (Mage = 37.70, SDage =
12.16; 83 females) were recruited and paid through Foule
Factory (https://www.foulefactory.com/).

Stimuli and procedure
The methods and procedures in this experiment were identical to that of Experiment 1a-b, except that the study was
translated into French, and the English names were replaced
4 Lexical frequency was computed using Google NGram for the
most recent year available at the time of calculation (2007-2008).
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with more typical French names. Thus, for example, instead
of evaluating the truth of falsity of (1) or (2), participants evaluated the truth or falsity of (3) or (4).
(3)

Nora sait qu’elle regarde Neptune.

(4)

Nora pense qu’elle regarde Neptune.

Methods
Participants 250 participants (Mage = 33.432, SDage =
9.32; 126 females) were recruited and paid through Amazon
Mechanical Turk.

Stimuli and procedure

Results and discussion
As in Experiment 1, data were excluded at the participantand trial-level, and then analyzed using linear mixed-effects
models. This revealed a marginal effect of Belief Condition,
χ2 (2) = 5.513, p = .064, and a highly significant main effect
of Ascription Type, χ2 (1) = 25.351, p < .001, such that participants were faster to correctly assess the truth of statements
about what the agent knows (M = 2565.27, SD = 722.63)
than statements about what the agent thinks (M = 2729.57,
SD = 719.52). Additionally, there was again a significant Belief Condition × Ascription Type interaction, χ2 (2) = 6.587,
p = .037 (see Figure 2).
Collectively, the previous experiments present crosslinguistic evidence that human adults are able to evaluate the
truth of knowledge ascriptions prior to equivalent belief ascriptions. They also provide evidence against explaining this
difference in terms of word frequencies or pragmatics, and
instead suggest that the difference may reflect some aspect of
underlying theory of mind processing. A final untested question is which aspect of knowledge and belief representation
results in the observed difference in response times. We test
one possibility in a final experiment.

The methods and procedures in this experiment were similar
to the preceding studies except that the term ‘know’ in the
mental state ascription was replaced by one of a set of factive attitude verbs (‘realize’, ‘is aware’, ‘understand’, ‘recognize’), and the term ‘think’ was replaced by a set of nonfactive attitude verbs (‘believe’, ‘guess’, ‘assume’, ‘imagine’). Thus, for example, instead of evaluating the truth of
falsity of (1) or (2), participants may have evaluated the truth
or falsity of (5) or (6), respectively. Critically, these factive
and non-factive terms were chosen such that the non-factive
terms were both shorter in length and more frequent in use
than the factive terms, such as:
(5)

Factive: Mira recognizes that she is looking at Neptune.

(6)

Non-factive: Mira believes that she is looking at Neptune.

Results and discussion
As in the previous experiments, data were excluded at the
participant- and trial-level, and then analyzed using an identical set of linear mixed-effects models. This revealed no
main effect of Belief Condition, χ2 (2) = 4.014, p = .134 and
no Belief Condition × Ascription Type interaction, χ2 (2) =
0.955, p = .620. We did, however, observe a highly significant main effect of Ascription Type, χ2 (1) = 11.127, p <
.001, such that participants were faster to correctly assess the
truth of ascriptions involving factive attitudes (M = 2362.83,
SD = 610.68) than ascriptions involving non-factive attitudes
(M = 2433.10, SD = 640.03) (see Figure 3). While still tentative, these results provide some initial evidence that the
response-time difference observed for evaluations of knowledge and belief ascriptions may generalize to a broader set of
factive and non-factive mental state ascriptions.

General Discussion
Figure 2: Mean response time for evaluations of knowledge
ascriptions (dark bars) and belief ascriptions (light bars) as a
function of Belief Condition. Error bars depict +/− 1 SEM.

Experiment 4
As discussed in the introduction, one fundamental difference
between knowledge and belief is that knowledge is factive but
belief is not. To ask whether this difference may underwrite
the observed difference in response times between knowledge
and belief, we next investigated response times for an independent set of factive and non-factive mental state ascriptions.

The experiments we report seek to clarify the relationship between evaluations of knowledge and belief in human adults.
To recap, Study 1 found that people can accurately evaluate
others’ knowledge before they can accurately evaluate their
beliefs. Study 2 demonstrated that this pattern cannot be not
explained by pragmatic differences. Study 3 found that this
pattern occurs cross-linguistically and is unlikely to be accounted for by differences in word frequency. Finally, Study
4 provided evidence that this difference in response times
generalized to the larger class of factive and non-factive attitudes. Together, these experiments provide new evidence
that correct evaluations of knowledge may occur faster to than
equivalent evaluations of beliefs, and thus that knowledge assessment may often not depend on prior evaluations of belief.

2263

Figure 3: Mean response time for evaluations of factive (dark
bars) and non-factive (light bars) mental state ascriptions as a
function of Belief Condition. Error bars depict +/- 1 SEM.

Our findings fit well with the growing evidence from a
number of different fields that representations of knowledge
and other factive attitudes are more basic than than representations of non-factive attitudes like belief (Nagel, 2017;
Williamson, 2002; Phillips & Norby, 2018). The capacity
for factive mental state representation emerges earlier at a
phylogenetic level (Martin & Santos, 2014), an ontogentic
level (Luo & Johnson, 2009), a linguistic level (Bretherton &
Beeghly, 1982), and also at the level of online processing.

Acknowledgments
We would like to thank Natalie Collins for her assistance with
research. This research was supported by Grant N00014-141-0800 from the Office of Naval Research to JP and FC.

References
Baron-Cohen, S., Leslie, A. M., & Frith, U. (1985). Does
the autistic child have a theory of mind? Cognition, 21(1),
37–46.
Barr, D. J., Levy, R., Scheepers, C., & Tily, H. J. (2013).
Random effects structure for confirmatory hypothesis testing: Keep it maximal. Journal of Memory and Language,
68(3), 255–278.
Bates, D., Maechler, M., Bolker, B., Walker, S., et al. (2014).
lme4: Linear mixed-effects models using eigen and s4. R
package version, 1(7).
Bretherton, I., & Beeghly, M. (1982). Talking about internal states: The acquisition of an explicit theory of mind.
Developmental Psychology, 18(6), 906.
Call, J., & Tomasello, M. (2008). Does the chimpanzee have
a theory of mind? 30 years later. Trends in cognitive sciences, 12(5), 187–192.
Dennett, D. (1987). The intentional stance. Cambridge: MIT
Press.
Gettier, E. L. (1963). Is justified true belief knowledge? Analysis, 23(6), 121–123.

Heim, I. (1991). Artikel und definitheit. Semantik: Ein I
nternationales Handbuch der Zeitgenössischen forschung,
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Abstract
Infancy is the foundational period for learning from adults, and the dynamics of the social environment have long been
proposed as central to childrens development. Here we reveal a novel, naturalistic approach for studying live interactions
between infants and adults. Using functional near-infrared spectroscopy (fNIRS), we simultaneously and continuously
measured the brains of infants (9-15 months) and an adult while they communicated and played with each other in real
time. We found that time-locked neural synchrony within dyads was significantly greater when they interacted with
each other than with control individuals. In addition, we found that both infant and adult brains continuously tracked
the moment-to-moment fluctuations of mutual gaze and infant emotion with high temporal precision. This investigation
marks a new means of understanding how the brains and behaviors of infants both shape and reflect those of their caregivers
during real-life communication.
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Learning from uncertainty: exploring and manipulating the role of uncertainty on
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Abstract

how the other weighs and signals their degree of certainty in
in goal-oriented communication tasks.
In the current paper we present an initial set of results that
establish a proof-of-concept for this research strategy,
focusing on the first three prongs. We first establish that
listeners have a stable preference for a set of different
lexical structures that mark uncertainty (Experiment 1).
Next, we introduce a task that asks speakers to produce
labels for visually displayed objects they are likely to be
perceptually uncertain about, in order to see how perceptual
uncertainty influences the utterances speakers choose for
communicating their labels to another interlocutor
(Experiment 2). We then examined how the use of linguistic
uncertainty affects learning names for novel objects using a
word-learning betting paradigm adapted from research on
decision-making (Experiment 3). Together these studies
establish a methodological and empirical foundation for
future work that systematically examines how interlocutors
convey uncertainty.

Linguistic devices that mark confidence (uncertainty) have
been well documented (e.g., choice of modals, hedges, etc),
yet there has been surprisingly little empirical work that
explicitly measures how uncertainty is signaled and
interpreted. We present an initial report on a project designed
to investigate how interlocutors communicate uncertainty and
use that information in acquiring new information and
integrating interlocutor based input with their prior beliefs.
Experiment 1 establishes that speakers and listeners agree on
the relative degree of uncertainty for a set of phrases.
Experiment 2 manipulated how likely it was that a participant
would recognize an object using images that varied in
recoverability, finding that recoverability mapped onto
certainty. Experiment 3 used a word-learning paradigm to
establish that learners take into account the certainty with
which a speaker labels uses a novel word to label a novel
shape.
Keywords: language; communication; learning; uncertainty;
pragmatics

Introduction
A growing body of research in pragmatics demonstrates
the information about source, in particular, which speaker is
likely to have more reliable knowledge about information
that is being added to common ground, strongly affects the
form of utterances (Bibyk, 2016; Gunlogson, 2008). One of
the ways that speakers communicate the reliability of their
knowledge is to signal their degree of confidence (certainty)
through lexical choices and prosodic markings (e.g., It's a
dog vs. I think/THINK it's a dog).
Linguistic devices that can signal degree of confidence
are well-documented. They include choice of modal,
adverb, use of hedges, and intonational contour. However,
there is a surprising dearth if empirical work that (a) directly
relates objective measures of how confident a speaker
should be with the signals she sends and (b) measures how
the speaker’s confidence affects the listener’s use of
information in the utterances.
We are beginning to fill this gap in the literature using a
four-pronged research strategy. First, we scale the relative
confidence for a set of expressions. Second, we ground the
relative confidence a speaker should have in the information
she conveys by manipulating visual factors known to affect
the likelihood that visual/perceptual information is extracted
from the input, and determine whether that maps onto these
linguistic expressions. Third, we examine how a speaker’s
use of an uncertainty expression modulates a listener’s
behavior. Fourth, we examine how interlocutors adapt to

Experiment 1: Pre-testing materials
This experiment was conducted to norm a set of phrases that
a speaker could use to mark differences in certainty. We
tested eight phrases that we thought marked different levels
of un/certainty. We also examined whether listeners would
be able to reconstruct the certainty of a speaker who used
the phrases.
We tasked several naive speakers with producing these
sentences: by first reading them out loud, and subsequently
reading them out loud while imagining that they might be
uncertain of the correct label for the relevant item. We
predicted that speakers would modulate their speech when
they were asked to mark uncertainty compared to just
reading aloud the same sentences. A different set of
participants were then asked to rate how certain the speaker
was, by listening to these recordings, or by reading each of
the phrases.

Methods
Participants 8 naive graduate students and research staff
from the authors’ department were recruited to record
sentences. Participants knew that their recordings were
being used for a study, but were not informed of the purpose
or hypotheses being tested. Participants were all native
speakers of American English. An additional 176
participants were recruited using Amazon’s Mechanical
Turk (MTurk), and were compensated $0.25 for completing
the task. All participants were self-reported native speakers
of English.
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Recording Procedure Participants were seated at a desk in
front of a laptop. They were told that they would see several
sentences appear one at a time in a random order, and that
their job was to read each sentence out loud. They could
then click the “next” button to proceed to the following
sentence. After recording all eight sentences (see Table 1),
participants were asked to read the sentences again, also in
random order, but this time imagining that it was difficult to
identify the object in the sentence, either because it was
partially occluded, or had been quickly presented. Thus, that
they might be uncertain about whether the label they used
was correct. Recordings were made using the built-in
speakers on a MacBook Pro. Each sound file was trimmed
into individual phrases.
Rating Procedure Participants were told they would hear
(Listen Condition) or read (Read Conditions) sentences
from previous Turkers (workers on MTurk) who were asked
to identify pictures of birds, that may have flashed quickly
or may have been degraded in some way. Their task was to
rate how confident the speaker sounded on a 100-point
scale, where 0 is not at all confident and 100 is completely
confident. Each person heard or read one instance of each of
the phrases (8 total). The order of phrases, which speaker
produced that phrase, and whether the phrase was in readspeech or uncertainty-speech was randomized. After
completing all of the ratings participants were asked to rank
the phrases (written) in order of certainty.

Results and Discussion
Regardless of condition we find a similar order between the
rated certainty, and relative rankings (results listed in Table
1). This demonstrates that: (a) listeners can mark differing
amounts of uncertainty with their lexical choice, and (b) the
phrases we created mark different levels of certainty.

Experiment 2: mapping visual certainty onto
linguistic certainty
To investigate whether speakers similarly pick phrases to
express their un/certainty, we directly manipulated the
perceptual certainty a speaker should have by manipulating
the completeness of mages presented to her and the duration
of time she had to view that image. This permitted us to test
how that speaker would naturalistically mark their certainty.
We used images from a classic perceptual recognition study
(Biederman, 1987), that are known to be more-or-less
difficult to identify at short exposure durations
(intact/recoverable/non-recoverable line drawings). We
presented the images to participants at several varying short
exposure durations. We expected that both the duration of
presentation and the recoverability of the image would
affect both how accurately the speaker identified the
pictured object, and the speaker’s certainty of in their label.
We also predicted a relationship between that certainty and
the likely phrase that the speaker would use to communicate
what she saw, and we expected that relationship to reflect
the listener ratings in Experiment 1.

Methods
Participants. 145 participants were recruited using MTurk,
and were compensated $0.50. All participants were selfreported native speakers of English.
Procedure. Participants were told they would see images
appear quickly on the screen, and their task was to identify
the image. After viewing the image they were asked to label
what they saw by typing into a freeform text box. Half of
the participants were then asked to rate their confidence in
that label. After submitting this information, their label was
piped into the 8 phrases from the Experiment 1, and they
were asked to select which of the phrases they would chose
to describe what they saw to another person.
Each participant saw five items: a mug, a glass, a
watering can, a pair of scissors, and a stool. There were
three renditions of each image: fully intact (complete),
recoverable, and non-recoverable (according to the original

Table 1: Phrases used, confidence ratings, and rank orderings across experiments
Phrase
1. It could be a goose
2. It might be a robin
3. I think it’s a falcon
4. It looks like a hummingbird
5. I’m pretty sure it’s a
woodpecker
6. I’m sure that it’s a sparrow
7. It’s a blackbird
8. It’s definitely a canary
Control

Exp1
Read-text
Confidence
36.99
39.29
49.92
57.08
65.48

Exp 1
Listen
(Read)
37.71
41.09
48.92
61.36
68.11

Exp 1
Listen
(Uncertainty)
36.28
37.49
50.92
52.80
62.84

Exp 1
Read
Rank
7.13
6.38
5.69
5.25
4.06

Exp 1
Listen
Rank
7.06
6.38
5.64
5.38
4.32

Exp 2
(mean
confidence)
25.16
28.80
46.46
45.83
68.58

84.22
86.78
90.94

87.51
88.86
90.25

80.93
84.69
91.62

2.69
2.63
2.19

2.92
2.53
1.78

80.30
91.77
93.19

Exp 3
(mean
confidence)
24.68
25.46

80.40
64.55
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versus non-recoverable / recoverable items, and at longer
rather than shorter viewing times.
We also find a relationship between the certainty
judgments, and the phrases chosen by the other half of
participants (r = 0.66; Figure 3).

Figure 1: Example display stimuli from Experiment 1 with
a non-recoverable, recoverable, and intact picture of a stool
(adapted from Biederman, 1987)
study at short durations the line deletions in the nonrecoverable images made the image more difficult for
participants to identify, than deletions for the recoverable
images; see: Figure 1). The images were presented for either
120, 220 or 750 ms between two random dot arrays to
prevent participants from using an afterimage of the display.
Each participant saw only 5 trials (one trial per possible
image). The order of presentation, the recoverability of each
item, and duration of presentation were completely
randomized for each participant.
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Taken together the findings of Experiment 1 and
Experiment 2 demonstrate that speakers choose their
utterances in a systematic way to express varying amounts
of uncertainty. In addition, listeners are able to accurately
assess that uncertainty. Importantly, speakers can express
their perceptual uncertainty with linguistic uncertainty. This
provides us with a foundation for using visual stimuli (e.g.,
moving dot patterns) where it is possible to quantify
perceptual uncertainty. It also allows us to ask how
linguistic uncertainty maps onto behavior in other domains.
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Figure 3: Relationship (the line represents a linear model,
with 95% CIs) between the modal phrase chosen by half of
the participants and the mean certainty ratings from the
other half by item (top), and the distribution of confidence
ratings for the phrase selected (bottom)

Mentions of Visual Uncertainty
by Time

Recoverability

Experiment 3: Effects of uncertainty on word
learning and memory

Recoverability

Figure 2: Effects of duration and recoverability
manipulations on correct labels and uncertainty. Error bars
represent 95% confidence intervals.

Results
We find evidence to support our manipulations of certainty
(accuracy of label, and mention of visual uncertainty; Figure
2). We see an increase in correct labels by participants when
the image is recoverable and when the images are viewed
for longer durations. Participants report less visual
uncertainty (e.g., reporting that they saw some dots, random
lines, something unrecoverable, etc.) for complete items

Thus far we have seen that speakers and listeners agree on
the relative certainty of a set of phrases, but we have yet to
explore how uncertainty cues affect behavior in
communicative settings. In the current experiment, we ask
participants to evaluate a speaker’s knowledge state about
the correct label for an object. We extend beyond the current
work in the field suggesting that listeners are sensitive to
cues to speaker knowledge (see: Brennan & Williams, 1995;
Smith & Clark, 1993; Swerts, Krahmer, Barkhuysen, & van
de Laar, 2003), to show that listeners are using this
information to calibrate their expectations about an
interlocutors’ referential knowledge.
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We devised a task based on findings in the memory,
metacognition, and decision-making literature. Prior work
suggests a number of factors influence the likelihood that an
individual will report that they know some things with more
confidence than others, despite their accuracy on both sets
of things being equal (Busey & Tunnicliff, 2000). Several
studies demonstrate that perceptual properties such as
clarity, font size, luminance, and even the volume of
information at encoding influence the likelihood that a
participant will recall having learned some information
(Koriat, 2007; Rhodes & Castel, 2009). We extended this
approach to word learning, predicting that listeners will
judge their own knowledge about a word-object pairing
based on the amount of linguistic certainty expressed by the
speaker during learning. We expected that listeners would
be more certain of a word-object pairing when the label was
presented in an utterance that signals higher certainty.
In order to focus on the listeners’ implicit sense of their
own knowledge, we borrow a method from the decisionmaking literature, (Budescu, Weinberg, & Wallsten, 1988;
Heath & Tversky, 1991), asking participants to bet on their
object-label pairing judgments. If a listener is certain that
they have correctly accepted or rejected an object-label pair
they should place a maximum bet. As certainty decreases,
they should adjust their bet to maximize their likely reward,
and minimize their losses.

Methods
Participants 75 participants were recruited using MTurk,
and were compensated $0.35 for completing the norming
task. An additional 64 participants were recruited using
MTurk. They were compensated $0.60 with a bonus of up to
$0.60 for completing the word-learning task. All
participants were self-reported native speakers of English.
Materials The 12 novel objects used in the learning task
were taken from 3 distinct families of Fribbles (Williams,
1998). The names for each of the Fribbles were recorded
using phrases 1, 3, and 7 (“That could be a…”, “I think
that’s a …”, and “That’s a…”) from Experiment 1. Barenoun instructions were created by splicing the noun from the
most certain (#7) recordings.
Norming Procedure: Participants were told that previous
Turkers were taught the names of 16 novel objects. They
were told that at various stages of learning, these Turkers
had been asked to produce the label for each of the objects.
In the current task, participants were told that they would be
shown the object that the speaker was asked to label, and
would hear the label that was produced by that speaker.
Their task was to evaluate how certain the speaker sounded
about their label on a scale of 1 to 100, where 1 was not at
all certain, and 100 was completely certain. Participants
heard the labels for 12 objects, in pseudo-randomized
orders. Each participant heard four objects labeled with each
of the three expressions. A quarter of the participants heard
just the bare-noun expressions. Participants heard one

labeling event for each object, and were only able to play
the audio label once. Expression-object pairing was counterbalanced across conditions.
Word-learning Procedure: Participants were taught the
names of the 12 distinct Fribbles, using the same recordings
as in the norming task. As in the norming task they were
told that they would hear the labels from different stages of
learning. They would hear a label for 12 of the 16 items,
once. After hearing each of the labels they would be asked
to bet on whether or not the correct label was used.
Participants saw each item separately and could click on a
button to hear the recorded label. They were instructed that
they would not be able to hear the label more than once (the
play button turned gray and could not replay the sound after
the first button push). Each participant heard four objects
labeled using each of the three expressions. A quarter of the
participants heard just the bare-noun. Items were presented
in a pseudo-randomized order and expression-object pairing
was counter-balanced across conditions.
During the test phase, participants were shown each of the
items one at a time, with a written label. They were asked
first if they thought the label was correct, and then they
were asked to bet up to $0.05 that their guess was correct
(e.g., that the label was (in)correct). If they were correct
their bonus would increase by the amount they had bet, but
if they were incorrect the amount they had bet would be
taken out of their bonus pot. We predicted that participants
would bet more money for items they felt the most
confident about (either being correct or incorrect). Half of
the object-label pairings matched the label produced by the
speaker.

Results and Discussion
Norming Results: The mean certainty ratings for each
expression are presented in Table 1. Overall we find that
listeners thought that the speaker sounded the most certain
for statements such as “That’s an X”, followed by the barenoun (control) statements. The more uncertain phrases were
rated similarly (t(284) = 0.32, p = 0.75), and their combined
rating was less certain than the other two phrases (t(638) =
27.28, p < .001). As predicted by the previous experiments
we find in a mixed effects linear regression with certainty of
the speaker (high/low) as a random effect and participant
and item as fixed effects, that speaker certainty predicts
certainty ratings (β = -54.09, p <.05).
Word-learning Results We find a relationship between the
bets that listeners placed and their accuracy, suggesting that
listeners are using the betting measure as a proxy for their
certainty. As seen in the top graph of Figure 4, as participant
bets increase we also see an overall increase in participant
accuracy (correct acceptance / rejection of the speaker’s
original label). This confirms the hypothesis that the amount
bet by a participant likely reflects their confidence in their
choice (a signature often found in psychophysical work on
Signal Detection Theory, and in psycholinguistic work on
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the feeling of knowing; (Brennan & Williams, 1995; Busey
& Tunnicliff, 2000; Kunimoto, Miller, & Pashler, 2001;
Macmillan & Creelman, 2005; Sanders, Hangya, & Kepecs,
2016; Smith & Clark, 1993).
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& Thomson, 1971). Furthermore, it is possible that because
the incorrect label-object pairing trials required that the
listener reject a label she has previously encountered
(though, not with that same object), we might expect an
overall yes-bias due to the familiarity of the name
(Snodgrass & Corwin, 1988).
The data from this experiment show that the certainty
expressed by the speaker in producing a name influences the
extent to which a listener is likely to maintain that
information in memory as being true. The results also
establish that the certainty of the speaker at encoding
influences the extent to which a listener feels confident
about that label, demonstrating that they are more willing to
accept a confidently labeled item as being the correct label,
than a label marked with uncertainty. This suggests that the
certainty expressed by a speaker signals to the listener the
reliability of that information.
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Accuracy

0.50
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Figure 4: Relationship between bets placed by participants
and their accuracy (top); the distribution of bets made by
participants by speaker certainty (middle); distribution of
accuracy (by item) by speaker certainty when the test label
was correct vs. incorrect (bottom)
We were particularly interested in asking whether: 1)
speaker certainty influenced listener certainty, and 2)
whether speaker certainty influenced listener accuracy.
Presumably, if a listener took into account speaker certainty
during encoding, then, at retrieval, she might maintain more
uncertainty about the label for an object when the speaker
was uncertain compared to when the speaker was certain.
As a result, we would expect that when queried about the
correct label for an object that participants will be both more
willing to accept the label previously produced by the
speaker when that speaker was more confident, and they
would be more confident in that choice.
As seen in the middle graph in Figure 4, participants bet
more for items that the speaker was more confident about.
The bottom graph in Figure 4 shows that while listeners
seem to be more confident in their responses for items that
were previously described with higher confidence than with
lower confidence, they are more likely to accept the
speaker’s label only for high confidence items (left panel).
Conversely we see no difference in accuracy at rejecting an
incorrect label, regardless of confidence, which may be due
to different processes underlying the decision to reject an
incorrect label as compared to the processes used to accept a
correct label. Evidence from the memory literature, suggests
that there is an asymmetry between the processes underlying
retrieval when accepting a previously seen item, than when
identifying something that was previously not seen (Tulving

The evidence from this series of studies is a first step in
developing methodologies to evaluate how speakers convey
uncertainty and how listeners modulate their expectations
based on the inferred uncertainty of a speaker in a dynamic
communicative setting. We provided several proof-ofconcept studies to show that speakers can make use of
different cues to uncertainty, and that listeners can reliably
interpret that uncertainty (Experiment 1 and 2). We have
shown that we can employ methodologies that allow us to
map speakers’ linguistic uncertainty onto their perceptual
uncertainty. We also show that we can extend this to
applications from other fields such a psychophysics,
memory, decision-making, and word-learning to examine
how linguistic certainty affects behaviors in these domains.
This is demonstrated in Experiment 3 where borrowing
methods from other cognitive tasks allowed us to investigate
the role of linguistic certainty on a listener’s judgment of
their own knowledge, and their memory representations.
This work establishes methods that allow us to directly
manipulate and test both speakers’ and listeners’ certainty
and also manipulate and test the behavioral effects of that
certainty. This work sets the stage for future work that
investigates the relationship between certainty marked in an
utterance, and the kinds of inferences that are drawn by both
the speaker and the listener. We conclude by briefly
describing future work, some of which is ongoing.

Current and Future Directions
Conflicting evidence and uncertainty In a study in
progress we aim to replicate some of the work in the classic
word learning literature (Koenig & Harris, 2005; Scofield &
Behrend, 2008; Vanderbilt, Heyman, & Liu, 2014), pitting a
more certain speaker against a less certain speaker. In this
line of research we aim to investigate how listeners are able
to use certainty to consider the reliability of a source. We
also attempt to examine how this information can cue
expertise, and how this affects perceived reliability.
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Evaluating speaker knowledge In a current study,
following up on previous work (Ibarra, Runner &
Tanenhaus, 2017) about co-operative communication, we
manipulate the perceived expertise or uncertainty of a
speaker, and evaluate how an interlocutor will modulate
their future expressions when talking about a given topic
with that speaker. For example, if a speaker believes that
their interlocutor has expert knowledge about kitchen
utensils they might be more willing to use the proper names
for utensils they have privileged knowledge about,
indicating that they have made a generalization about their
interlocutor’s likely knowledge. By comparison if their
interlocutor shows more uncertainty about the labels of the
same items, a speaker might infer that they have less
knowledge in that domain, and might instead choose to
describe rather than name an item they have privileged
knowledge about (as seen in studies on shared vs. privileged
ground in reference generation; see: Gegg-Harrison &
Tanenhaus, 2016; Gorman, Gegg-Harrison, Marsh, &
Tanenhaus, 2013; Heller, Gorman, & Tanenhaus, 2012).
Reliability of uncertainty cues Our previous work has
shown that interlocutors have expectations for how people
will typically refer to things in the world, and that they can
flexibly adapt these expectations for speakers that deviate
from the norm (Pogue, Kurumada, & Tanenhaus, 2016). We
are currently combining these two lines of research to ask
how interlocutors determine whether a speaker is deviating
from an expected use of certainty cues (e.g., a speaker may
mark uncertainty, despite being fully knowledgeable, or,
conversely may mark certainty for things they have little
knowledge on; see: nervousness vs. “mansplaining”), and
how they might adapt to these deviations. This line of
research also asks how speakers flexibly adapt to listeners
who are mis/interpreting their certainty cues.

Summary
The studies discussed in this paper demonstrate that we can
manipulate the degree of certainty an interlocutor has for a
given piece of information. We can then measure how
speakers linguistically communicate this certainty, and how
listeners make use of that information. The work provides a
foundation for future work on how interlocutors mark
certainty in their interactions with each other, and how they
might update their utterances and expectations by taking
into account how, and with what degree of reliability, their
interlocutor signals or interprets uncertainty.
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Abstract
We tested whether relational knowledge is represented as a set of relations among entities or as a set of relational roles to
which entities are bound. Participants performed four relational processing tasks with the same set of word-pair stimuli:
relational exemplar generation; similarity ranking; analogical verification; and a paired-associate learning task. In the
similarity ranking task, we gathered separate rankings for relational, role and semantic similarity between word pairs.
Relational similarity predicted exemplar generation frequencies, analogical verification accuracy and RTs, and relational
luring in associative memory. Role similarity predicted exemplar generation frequency, and, weakly, analogical verification
RTs. Semantic similarity did not predict any of the tasks, after controlling for the other two factors. Contrary to current
theories which posit that semantic similarity is more important for retrieving relevant analogues, and that analogical
mapping is based on role-filler bindings, relational similarity was the strongest predictor across all tasks.
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Abstract
People’s expectations play an important role in their evaluations and reactions to events. There is often disappointment
when events fail to meet expectations—sometimes even when
the events are still positive overall—and there is a special thrill
to having one’s expectations exceeded. In four studies, we
examined how expectations influence people’s judgments of
events where another person or people were harmed. Participants judged pairs of events where a victim experienced a similar harm, but where victims were at different prior risk of being harmed. We found that people judged these events as being
worse when they were less expected–that is, when the victims
were initially at lower risk of being harmed. We argue that this
bias has pernicious moral consequences.
Keywords: Judgment and decision-making; Moral judgments;
Bias

Introduction
On the evening of November 13th, 2015, a terrorist attack
in Paris left 130 people dead and injured over 300 more.
In the aftermath, millions took to Twitter to express their
shock, horror, and outrage at this tragedy under hashtags
like #parisattacks and #jesuisparis. Yet, most of those
mourning had little to say 15 hours earlier, when another
tragic attack killed at least 43 people in Beirut. Several factors are surely at play in these different reactions (e.g. group
affiliations, Brewer, 1999), yet one potentially fundamental
factor has gone unmentioned: the fact that the Paris attack
was more surprising than the attack in Beirut. In contrast to
France, Lebanon had experienced dozens of terrorist bombings and attacks in recent years. Consequently, Beirut may
seem to many like the sort of place where “these things happen,” whereas Paris is perceived as being stable and safe.
We can see in everyday experience that people’s evaluations of events often depend on their expectations about those
events. There is often disappointment when events fail to
meet expectations, and there is a special thrill to having one’s
expectations exceeded. Anecdotally, these forces seem to
drive people’s tendencies to root for the underdog, hold surprise parties, and foreshadow bad news to ease its delivery
(Bell, 1985).
Indeed, laboratory studies suggest that expectations play
an important role in people’s evaluations of the utility of an
event. For instance, Mellers and colleagues (1997) found that
expectations influenced affective reactions during a gambling
task. Given a gamble with a 10% chance to win $30 and 90%
chance to win $0, little disappointment is felt upon resolving
with the $0 outcome, but considerable elation is experienced
upon winning the $30. Conversely, given a gamble with a
90% chance of winning $60 and 10% chance of winning $0,
the $0 outcome engenders considerable disappointment and

the $60 relatively muted enjoyment. In fact, in gambles similar to these, Mellers and colleagues (1997) found that people
were happier with the smaller unexpected gain than with the
larger but more expected gain (also see Shepperd & Mcnulty,
2002).
Considering the important roles of both utility and affect in
moral judgment (e.g., Greene, Sommerville, Nystrom, Darley, & Cohen, 2001), it is plausible that expectations might
shape how people react to morally harmful events, such as
acts of terrorism. However, unlike in the context of gambles,
in these contexts the effects of expectations on evaluations
may have harmful consequences. When events are shocking,
people may perceive them as more severe and consequently
be roused to action. In contrast, when events harm victims
who are generally considered to be at greater risk–the poor,
sick, or those living in unstable regions of the world, reactions may be more muted. If so, observers who learn of these
events may experience reduced moral concern, and thus be
less likely to donate time or money to aid victims, to take
political action, and so forth.
Here, we examined whether people’s evaluations of
morally harmful events are affected by their expectations
about those events. We asked people to compare pairs of
simple events where a victim suffered an identical harm, but
where the events differed in their prior probability. For each
pair of events, participants were asked to judge which event
was worse. Across four studies, we found that people tended
to view unexpected negative events as worse, even when the
harm to victims was identical.

General Methods
Here we present four studies examining the role of expectations in moral evaluations. In Studies 1a and 1b, using
a forced-choice task, we tested the hypothesis that people
would exhibit stronger reactions toward unexpected as compared to expected negative events. Studies 2a and 2b provided
more stringent tests of our hypotheses by using new items and
a more conservative judgment task to increase the generalizability of our results.

Materials
In all four studies, participants were presented with a series of
trials where they read brief (one sentence) descriptions of two
different events and were asked to indicate which of the two
events seemed worse. In “experimental” trials, the two events
were highly similar, but differed in their prior probabilities:
one event was more expected and one more unexpected. (The
perceived likelihood of a given event was confirmed in prior
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norming studies). These prior expectations were manipulated
by changing the context in which the events occurred. For
example, participants considered the following stimulus:
• “A 30 year old man in California dies in an earthquake”
[Expected]
• “A 30 year old man in Oklahoma dies in an earthquake”
[Unexpected]
In each event, the harm to the victim is the same (here,
death) but one event is should be more expected than the
other, given the different likelihoods of earthquakes occurring
in California versus Oklahoma.
Each study contained between 6 and 12 experimental
event-pairs that spanned a variety of different events and contexts. All experimental materials for these studies are available as supplemental online materials at https://osf.io/
a6pbj/.
Studies 1a and 1b also included “equivalent” filler trials. In
these trials, the two events differed in trivial contextual details
that we did not expect would affect participants’ judgments.
For example:
• “A man in Connecticut starts a house fire.” [Equally expected]
• “A man in New Hampshire starts a house fire.” [Equally
expected]
These filler trials were meant to prevent participants from
becoming explicitly aware of the structure of the experimental trials.
In addition to these filler trials, studies 2a and 2b added
“non-equivalent” filler trials, the two events differed substantially in the degree of harm suffered by a victim, so that one
event was expected to be seen as considerably worse than the
other. For example:
• “An 11-year-old child sets a doll on fire” [Less severe]
• “A 12-year-old child sets a cat on fire” [More severe]
These trials were included to allow participants a chance
to use the extremes of the response scale and to reduce any
task demands that might drive them to make artificially finegrained distinctions between the severity of events.

Exclusions
Each study also made use of attention-check items. These
questions asked participants to enter a particular response to
ensure that they were paying attention and reading the items
as they proceeded through the study. A final question asked
participants if they had paid attention and taken the study seriously, encouraging them to be honest in their replies.

Data Analysis
We analyzed our data by performing Bayesian estimation using the probabilistic programming language Stan (Carpenter
et al., 2017). We tested our predictions by computing Bayes
Factors (i.e. BF01) on the intercept term of our regression
model using the hypothesis function in the R package brms.
As a reminder, Bayes Factors express the ratio of the probability of data under the null hypothesis to the probability of
the data under an alternative hypothesis. Therefore, larger
Bayes Factors indicate that the data are more likely under the
null hypothesis (e.g., that the intercept is not different from
zero) than the alternative hypothesis (e.g., that the intercept is
different from zero), and vice versa. Bayes Factors can be influenced by prior choices so we also performed prior robustness checks to confirm that the prior alone was not accounting
for the effects that we predicted.

Study 1a
Study 1a examined the hypothesis that changes in the prior
probability of an event would affect people’s evaluation of
that event.

Participants
A total of 55 participants were recruited from Amazon’s Mechanical Turk work distribution website (mTurk). Of these,
53 passed attention checks and were included in the final
analyses (24 male, 29 female, median age = 32 years old).
All participants were paid $1.00 for their participation.

Materials and procedure
Participants judged 12 experimental event-pairs and 12 equivalent filler event-pairs. The events were described in the passive voice, and participants were asked to judge which event
seemed worse. For example:
• A 32 year old woman gets food poisoning after eating a
hamburger at a fast food restaurant. [Expected]
• A 32 year old woman gets food poisoning after eating a
hamburger at a four star restaurant. [Unexpected]
On each trial, participants were presented with the eventpair stimulus and had to judge which outcome was worse in
a two-alternative forced choice task. The two events were
labeled “Outcome 1” and “Outcome 2” and their order was
randomized.

Results and discussion
We predicted that people would think that events where unexpected harm occurred were worse than events that entail
similar harm but were comparatively more expected. As indicated in Figure 1, when forced to choose, people judged that
unexpected negative events were worse than expected events.
To confirm this difference formally, we fit a Bayesian logistic
random effects model with participants’ responses as the dependent variable (1 = unexpected event is worse; 0 = expected
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event is worse) and a random intercept for subject. The intercept in this model represents the log-odds of selecting the
unexpected event as being worse. Thus, by examining the
population-level intercept, we can test whether participants
were biased toward selecting the unexpected event (b > 0),
the expected event (b < 0), or were unbiased (b = 0). Consistent with our hypothesis, we found that people were much
more likely to think that unexpected events were worse than
events that were expected, Intercept = 1.141, 95% CI [0.916,
1.386], BF01 < .001. Bayes factors and the estimate of the
intercept were similar under different prior choices.
Figure 2 (panel 1) shows participants’ responses brokendown by individual items. Participants’ bias toward selecting
the unexpected event as worse was largely consistent across
the 12 experimental items.
Study 1a

Study 1b

Study 2a

Study 2b

Proportion of Responses

1.00

analyses (61 male, 49 female, median age = 30 years old).
All participants were paid $1.00 for their participation.
Small sample sizes tend to overestimate effect sizes (Button et al., 2013). Consequently, we also increased our sample
size to confirm that the large effect observed in Study 1a was
robust.

Materials and procedure
Participants judged 6 experimental event-pairs and 6 equivalent filler event-pairs. These event-pairs were adapted from
event-pairs in Studies 1a and 1b in which a victim is harmed
by another person’s actions. The events were rephrased into
the active voice in order to focus on the agent who took the
action rather than the victim who was harmed by it. The actions participants selected between were labeled “Action 1”
and “Action 2.” For example, participants were presented
with the following stimulus and had to judge which action
was worse:

0.75

• “A wanted criminal shoots and wounds a police officer during a drug raid.” [Expected]

0.50

• “A wanted criminal shoots and wounds a police officer during a traffic stop.” [Unexpected]
As in Study 1a, participants were asked to choose which
of the two actions seemed worse in a two-alternative forced
choice task.

0.25

Results and discussion
Neither

Low−risk victims

High−risk victims

Neither

Low−risk victims

High−risk victims

Low−risk victims

High−risk victims

Low−risk victims

High−risk victims

0.00

Response Choice
Figure 1: Proportion of response choices across studies 1-4
(pooled across items). Error bars indicate 95 % bootstrapped
CI.

Study 1b
Consistent with prior work suggesting that people’s utility
evaluations are affected by their expectations (e.g., Mellers
et al., 1999), Study 1a provided evidence that people view
unexpected moral harm as worse than expected moral harm.
To expand on these findings, and conceptually replicate the
results of Study 1a, in Study 1b we asked people to evaluate
other people’s actions rather than the outcomes of events.
This study allowed us to test whether expectations might
also bias people’s judgments of others’ actions.

Participants
A total of 112 participants were recruited from Amazon’s Mechanical Turk work distribution website (mTurk). Of these,
110 passed attention checks and were included in the final

We predicted that people would think that unexpected actions
that caused harm were worse than expected actions that entailed similar harms. Just as we found in Study 1a, people
judged that unexpected actions were worse than expected actions (see Figure 1, panel 2). We confirmed this difference
formally by again fitting a Bayesian logistic random effects
model with participants’ responses as the dependent variable
(1 = unexpected action is worse; 0 = expected action is worse)
and a random intercept for subject. This analysis indicated
that people were more likely to think that actions that were
unexpected were worse than actions that were expected, Intercept = 0.675, 95% CI [0.493, 0.862], BF01 < .001.
Figure 2 shows participants’ responses broken-down by individual items. Participants’ bias toward selecting the unexpected action as worse were reasonably consistent across the
six experimental items but there appeared to be more variation than we observed in Study 1a.
In summary, Study 1b suggests that people think that unexpected actions are worse than expected actions, again indicating that when comparing to events, people’s reactions to
negative events are influenced by their expectations.

Study 2a
In Studies 1a and 1b we found that people’s judgments of
events were biased by their expectations about those events.
When forced to choose between two events, participants
decided that unexpected events were worse than expected
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Figure 2: Responses by item for studies 1-4. Error bars indicate standard errors. Responses in studies 2a and 2b are represented
using scale-means for visualization purposes only (higher scores indicate greater bias toward unexpected event).
events. In Study 2a, we sought to test our hypothesis using a more conservative method. Accordingly we made two
changes in Study 2a: First, we introduced a new type of filler
item “non-equivalent” filler trials and 2) we provided participants with a more expressive response scale so that if they
viewed the events under consideration as equally harmful,
their responses could reflect their attitude.

Participants
A total of 108 participants were recruited from Amazon’s Mechanical Turk work distribution website (mTurk). Of these,
103 passed attention checks and were included in the final
analyses (59 male, 44 female, median age = 31 years old).
All participants were paid $1.00 for their participation.

Materials and procedure
Participants judged 12 experimental event-pairs. In all of
these event-pairs, a victim suffers a negative outcome due to
misfortune, rather than another person’s intentional actions.
Some event-pairs were reused from Study 1a without modification, others were revised or novel to improve the generalizability of our findings. These materials were created by (1)
eliminating materials that may have confounded expectations
with, for instance, an out-group bias and (2) creating novel
items to again increase the generalizability of our findings.
See supplemental online materials for a full list of items used
in each study https://osf.io/a6pbj/.
In addition, participants judged 12 filler event-pairs. We
introduced a new type of filler event-pair: “non-equivalent”
event-pairs. As described previously, these are event-pairs
that clearly differ in the degree of harm suffered or committed. For example, participants were presented with this stimulus and had to judge which was worse:
• “A man in Washington carjacks someone at gunpoint.”

[More severe action]
• “A man in Oregon steals a parked car.” [Less severe action]
These items were introduced to address the concern that the
high similarity within all event-pairs may drive participants to
make overly-fine distinctions in their judgments. Such a task
demand might inflate the effect sizes we observed in Studies 1a and 1b. Of the 12 filler events, six were “equivalent”
event-pairs like those used previous studies and six were nonequivalent event pairs.
As in Study 1a, on each trial of the study, participants
were presented with a pair of actions labeled “Outcome 1”
and “Outcome 2” and were asked, “Which outcome seems
worse?” However, unlike previous studies, in Study 2a participants made their rating on a five-point scale (Outcome 1
seems worse, Outcome 1 seems a little worse, neither seems
worse, Outcome 2 seems a little worse, Outcome 2 seems
worse). By forcing a choice between the two events, experiments 1a and 1b may have inflated the degree of bias participants exhibited. This more expressive response-scale was
used in Studies 2a and 2b to address this concern.

Results and discussion
The events participants were asked to compare were, by design, highly similar. Consequently, we expected that participants’ would typically indicate that neither event seemed
worse. This was by far the choice participants most frequently made (see Figure 1, panel 3). However, we also
observed that when participants did perceive one event was
worse than the other, they were biased to perceive unexpected
negative events as worse than more-expected negative events.
To examine these findings formally, we performed cumulative (ordinal) regression using a Bayesian random effects model with participants’ scale responses as the dependent variable (1 to 5) and a random intercept for subject.
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This model produces four intercept coefficients, representing
the cumulative log-odds of responses at each scale point or
higher. For instance, the second coefficient represents the
log-odds participants chose a 2 (“outcome 2 seems slightly
worse”) or lower on the scale. Similarly, the third intercept coefficient represents the log-odds participants chose a
3 or lower on the scale. By comparing the second intercept coefficient to the inverse of the third intercept coefficient
(thereby representing the log-odds not choosing a 3 or lower–
i.e., choosing a 4 or 5), we can test whether participants were
more likely to choose the expected or unexpected event as
being worse in cases where they did not choose the neither
option. This analysis indicated that people were more likely
to think that events that were unexpected were worse than
events that were expected, BF01 < .001 (see supplemental
online materials for full model results) – when participants
did exhibit a bias in their responses about which event was
worse, they reliably chose the unexpected event was worse
than the expected event.
However, these findings should be qualified by acknowledging the considerable inter-item variability across the 12
items. Figure 2, panel 3 shows participants’ responses across
individual items. For visualization purposes only, we display
these results using the mean response across the 5-point scale.
Participants were strongly biased to perceive the unexpected
event as worse for approximately half of the items, but were
less strongly-biased for others, and slightly biased in the reverse direction for two items.

Study 2b
Participants
A total of 114 participants were recruited from Amazon’s Mechanical Turk work distribution website (mTurk). Of these,
106 passed attention checks and were included in the final
analyses (48 male, 58 female, median age = 31 years old).
All participants were paid $1.00 for their participation.

Materials and procedure
Participants judged ten experimental event-pairs, five “equivalent” filler event-pairs, and five “non-equivalent” filler eventpairs. We created additional items in this study to improve
and expand upon the event-pairs used in Study 1b.
As in Study 1b, these events all involved an action that
harmed a victim. On each trial of the study, participants were
presented with a pair of actions labeled “Action 1” and “Action 2” and were asked, “Which action seems worse?” Using
the same procedure as Study 2a, participants made their rating
on a five-point scale (Action 1 seems worse, Action 1 seems
a little worse, neither seems worse, Action 2 seems a little
worse, Action 2 seems worse).

Results and discussion
Participants pattern of responses were similar to those observed in Study 2a. We found that participants chose the “neither” option in the majority of trials, but when participants did

perceive one action as worse than the other, they were biased
to perceive unexpected negative actions as worse than moreexpected negative actions (Figure 1, panel 4). To examine
these findings formally, we again performed cumulative (ordinal) regression using a Bayesian random effects model with
participants’ scale responses as the dependent variable (1 to
5) and a random intercept for subject. To test our hypothesis, we compared the Bayes Factor for intercept coefficients
representing the log-odds of choosing the expected and unexpected actions as worse or slightly worse. As predicted
and suggested by Figure 1, this analysis indicated that people
were more likely to think that actions that were unexpected
were worse than actions that were expected, BF01 < .001
(see supplemental online materials for full model results).
Here too, our findings should be qualified by acknowledging the considerable variability across the 10 items of Study
2b (see Figure 2, panel 4). As shown in the plot, participants were strongly biased to perceive the unexpected event
as worse for four of the items, but showed almost no bias for
the other six items.

Discussion
The results of four studies suggest that people view unexpected harmful events more negatively than expected harmful
events. Just as people react more strongly to unexpected monetary gains and losses (Mellers et al., 1997), people similarly
react more severely to unexpected moral harm than expected
moral harm–judging those unexpected events as “worse”.
Why should our expectations influence our reactions to
events? A number of researchers have sought to develop theories of disappointment–the psychological reactions that result when experiences fail to meet expectations–and its role in
evaluation and decision-making (e.g., Bell, 1985; Gul, 1991;
Loomes & Sugden, 1986). These theories posit that decisions
and evaluations are affected by the objective (e.g., economic)
utilities of options and events, as well as disappointment individual people experience as a function of their expectations.
Alternately, numerous theories of decision-making, including
Prospect Theory (Kahneman & Tversky, 1979; Tversky &
Kahneman, 1992), have emphasized the role of relative comparisons in evaluation and decision-making. In this vein, expectations might help set the reference points against which
people compare potential future outcomes.
On these accounts, the influence of expectations on evaluation is simply a human quirk, a result of the way we evaluate events and decisions. In contrast, we suspect that expectations may influence evaluation through more principled
means. The surprise of unexpected events may seem irrelevant to moral evaluations, but it is vital to learning. In Information Theory, the information carried by an event is a
direct function of its prior probability, such that low probability events carry more information than high probability
events (Shannon, 1948). Likewise, the violation of expectations has long been recognized as fundamental to associative
and animal learning models (e.g., Rescorla & Wagner, 1972).
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People may learn more about the state of the world when their
expectations are violated by shocking world events, as compared to when they are affirmed by less surprising events. In
this light, it seems intuitive that people would have stronger
reactions to those surprising events. Still, the consequence of
this dynamic is unquestionably suboptimal moral behavior.

Limitations
Although we consistently observed a bias to judge unexpected events and actions as worse than expected events
across four studies, in Studies 2a and 2b, we also observed
that the extent of the bias was quite dependent on the specific
content of the items. This is perhaps an unsurprising consequence of our decision to use relatively naturalistic items
and to manipulate expectations about these events implicitly by manipulating the context in which those events occurred. This technique has the obvious virtue of affording
these items some degree of realism (as compared to artificial
gambling tasks using explicitly stated probabilities that participants may or may not believe), but manipulating context
may also affect other aspects of participant’s interpretation of
these actions, potentially introducing confounds. For example, despite our care in creating them, our items may have
subtly confounded the likelihood of an event with the perceived race or socioeconomic status of the victims that were
affected in the “likely” and “unlikely” events. Thus, it is possible that the expectations effect we observed was, in fact,
driven by differences between the victims that participants
imagined suffering the event. We did guard against this possibility by including a variety of different items and contextual manipulations. Still, future research is needed both to
broaden these findings and to establish converging evidence
through methods that are not subject to these concerns.

Conclusions
The bias to view unexpected harm as worse than more expected harm threatens to impose a vicious and morally pernicious cycle: For instance, people living in geo-politically
unstable regions or in the developing world are often those
who are most affected by terrorism, famine, and natural disasters, and are the very people in greatest need of assistance and
concern from the world at-large. However, for these very reasons, it is often unsurprising when harm befalls people living
in these circumstances. Our findings suggest a bias whereby
the people most likely to suffer and be victimized are the very
people that others are least likely to be moved to help. Future
research should aim to understand the processes by which this
bias arises and to identify how it might be counteracted.
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Abstract

Jost, Gosling, & Potter, 2008) and thus are highly resistant
to being changed (Kahan, Peters, Wittlin, Slovic, &
Ouellette, 2012).
Given that belief polarization and resistance to
evidence may pose significant challenges to society (Flynn,
Nyhan, & Reifler, 2017), understanding the factors that
promote attitude change is necessary to making social
progress; rational attitude change would ideally lead
people to seeing otherwise polarizing issues in a similar
light and thus they may be more likely to find common
ground. To understand the factors that promote attitude
change, researchers have conducted controlled laboratory
studies on select subsets of topics about which people tend
to be most polarized (e.g., political beliefs, Hameiri, Porat,
Bar-Tal, Bieler, & Halperin, 2014; beliefs about race,
Stewart & Payne, 2008). Typically, this research is
conducted by providing participants with information for
or against their beliefs in relatively contrived environments
(e.g., Nyhan, Reifler, Richey, & Freed, 2014; Nyhan &
Reifler, 2015; Horne, Powell, Hummel, & Holyoak, 2015;
Lewandowsky, Oberauer & Gignac, 2013). Although this
method yields tight control, it also makes it hard to
determine how efficacious these interventions would be on
a wider-scale and in more naturalistic environments.
Furthermore, these studies focus on changing beliefs on
individual, highly specific, topics (e.g., political beliefs,
vaccines, climate change) making it difficult to determine
whether the factors that promote attitude change in one
context will generalize to other domains or issues.
To understand the mechanisms underlying attitude
change, we took a different tack: We studied the factors
that promote attitude change by examining how people
change their minds about a variety of social and moral
topics in a (comparatively) more naturalistic setting.
Specifically, we examined the factors that promote attitude
change using data from a popular online community:
Reddit’s Change My View. This forum is a popular Reddit
forum where users post their stance on issues ranging from
gun control to opinions about movies with the
understanding that others will attempt to change their view
by providing arguments opposing their perspective (see
Table 1 below).

People generally ignore evidence that is contrary to their
beliefs (Nickerson, 1998). To examine the factors that
promotes attitude change with a new perspective, this study
examined how people change their beliefs on a range of topics
from gender identity to gun control on the Reddit
forum Change My View. Specifically, we examined how
people on Change My View cite evidence to change other
people’s minds. As prior work suggests, we find that people
are not easily convinced to change their beliefs about social
and moral issues, and this occurs even though people cite
considerably more evidence while discussing these
issues. However, our data provides one source of optimism:
We found that the amount of evidence provided in a
discussion predicts attitude change, suggesting that while
attitude change is hard-won, providing facts and evidence
may nonetheless be an effective persuasive tactic.
Keywords: attitude change, Reddit, Change My View,
naturalistic data

Introduction
When asked about his views on the current state of political
polarization in the United States, former President Obama
stated that “one of the biggest challenges…to our
democracy is the degree to which we don’t share a common
baseline of facts” (Abramson, 2018). As President Obama
noted, it often seems like people differ not only in what
they believe to be true or false, but also what evidence
deserves to be the basis of our beliefs. Evidence, facts,
scientific research and the like, as President Obama
discussed, seem to play little role or are considered
irrelevant in how people form and revise their beliefs.
As one might expect, empirical research on attitude
change echoes our everyday sense of how difficult it is to
find common ground with people we disagree with. Prior
work suggests that, for instance, individuals interpret
evidence to confirm their beliefs (Klayman, 1995;
Nickerson, 1998), and the foundations of beliefs about
issues most central to our identities, such as our moral or
political beliefs, are deeply rooted in our views about who
we are (e.g., Strohminger & Nichols, 2014, 2015; Carney,
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Table 1. Example discussion topics and argument
responses on Change My View.
Discussion topic

that promote attitude change in real life settings about a
variety of topics in a way that cannot be easily studied in
the lab.

Example response to original
post

Unpaid internships should be
illegal

It's sad that unpaid internships
have the effect of freezing out
talented people who can't afford a
few months' living expenses
without generating income.
However, they play an important
role in any developed economy…

There is no moral justification
for eating meat in a first world
country

It really depends on what your
morals are. If one simply does not
see it as being immoral to kill an
animal for its meat, then killing
the animal does not conflict with
that individual's morality. Unless
we were to believe in some
objective sense of morality, in
which case a lot of animals would
be considered immoral for killing
other animals to eat…

Methods
Our study had five procedural components: 1)
Preregistration, 2) Collecting users’ submissions on the
website Change My View, 3) classifying posts as
sociomoral or not 4) categorizing arguments that
successfully change someone’s mind, and 5) quantifying
how much evidence was provided in a given discussion
thread.
Preregistration
We preregistered this project’s procedure and our
hypothesis concerning attitude change in sociomoral posts
on Open Science Framework. The registration for this
study can be found at the following link osf.io/jdxa8.
Submission Collection

As one would expect, some user-generated arguments
are more persuasive than others and thus provide a
naturalistic dataset for examining the factors that predict
attitude change outside of the lab. However, rather than
attempting to extract nuanced but not easily generalizable
linguistic properties of convincing arguments in online
communities (Hidey, Musi, Hwang, Muresan, &
McKeown, 2017; Jo, Poddar, Jeon, Shen, Rose, & Neubig,
2018; Musi, 2017; Tan, Niculae, Danescu-NiculescuMizil, & Lee, 2016), our work looked at global factors of
attitude change across entire discussion threads taking
place online. We did this with the hope that by identifying
these global factors, behavioral scientists and policymakers
could incorporate the lessons of attitude change occurring
in the wild into educational interventions developed in the
lab.
We began to study this rich source of data by
investigating how attitude change varies between posts
focused on “sociomoral” and “non-sociomoral” topics.
Sociomoral posts, as we are defining them, relate to social
and moral issues; the most common sociomoral posts in
this forum concern politics, questions of gender identity,
and current events like recent elections. In contrast, posts
that are not sociomoral are a grab bag of other topics
including humor and debates about movies and fiction. We
sought to address three questions about sociomoral attitude
change, which using this sort of naturalistic dataset can
uniquely address: First, as we would intuitively expect, do
people change their minds less often about sociomoral
issues, in general, compared to non-sociomoral issues?
Second, how do the contents of arguments differ, or do they
differ at all, for these two types of discussions? Finally,
regardless of domain, do facts, evidence, and data promote
attitude change in online forums? By answering these
questions, we sought to understand the overarching factors

We developed a Python script that collected 500 top
Change My View posts using Version 5.3.0 of the Python
Reddit API Wrapper (PRAW) (2017). Top posts are rich
and mature discussions with many reply threads and
participating users. Analyzing top posts allows us to
consider well-developed discussions in their entirety as
opposed to “young” discussions that have few comments.
Submission Classification
We coded a post as sociomoral if it concerned political,
moral, or social issues. Two posts coded as sociomoral in
our dataset were “U.S. military spending is unnecessarily
large” and “Donald Trump has drastically changed the
political landscape”. Alternatively, posts that were coded
as non-sociomoral sometimes involved fictional
components or intended to be humorous. Two examples of
posts coded as non-sociomoral in our dataset were “Thank
You Cards are a waste of time and money” and “Luigi is
the superior Mario Brother”. All 500 posts were coded by
J. Priniski, and then a second hypothesis blind coder
recoded 25% of the posts (N = 125), agreeing on 88.8% of
the original codlings.
Measuring Attitude Change
We sought to examine the factors that promoted attitude
change on Change My View. To this end, we developed a
way to flag posts that changed people’s minds. On Change
My View, there is a protocol—namely, delta awarding—
which serves as a proxy of attitude change. Both the
original poster and others can award comments a delta if
they even partially change their mind about an issue. Delta
awarding occurs when a user signifies that an argument has
changed their mind. A delta can be awarded by replying to
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a comment with one of the following delta strings: “Δ” and
“!delta”.
To find Delta Awarded Comments (DACs), we
traversed the discussion tree returned by the Reddit API
using breadth-first search and string matching each
comment for a delta signification. When a delta string is
encountered, we moved upwards through the node’s
ancestors until the root of the thread is found. This allowed
us to distill the thread of conversation that lead someone to
change their mind. In some cases, there is a back-and-forth
between, for instance, two users until one user is finally
convinced of the argument. In these cases, the thread is
multiple replies in length. In most cases, however, the
thread is only a single reply deep. All delta threads gathered
from the 500 top posts and the code that collected them can
be found at osf.io/yvunj.

participation by predicting the total number of comments
in a discussion thread on the basis of discussion topic (i.e.,
sociomoral or non-sociomoral). As one might expect, we
found that there was considerably more interest in
sociomoral discussions compared to non-sociomoral
discussions (see Table 1).
Table 2. Poisson regression predicting the amount of
comments in a discussion based on topic type.
95% CI
Effect
Estimate
Lower
Upper
Intercept
5.59
5.58
5.60
Sociomoral
0.26
0.25
0.28
Note. Non-sociomoral posts were the reference group

We then examined whether sociomoral posts prompt
people to cite more evidence to support their beliefs than
non-sociomoral posts. We calculated the number of
comments that contained links, the total amount of links in
a discussion, and the total amount of “statistically-oriented
language” used in the discussion. These analyses indicated
that evidence is more frequently provided in people’s
debates about sociomoral topics than non-sociomoral
topics, see Figure 1 and Table 2.

Measuring Evidence Use
In addition to collecting DACs, we also examined how
Change My View users incorporate evidence in their
replies. Since we are using naturalistic data, we were
required to some extent to make some inferential leaps in
just what constitutes evidence in Reddit forums. We
calculated evidence use by considering two measures: (1)
the number of hyperlinks that cite external websites and
documents and (2) a discussant’s use of “statistical
language.” To collect and count hyperlinks, we searched
the markup text returned by the Reddit API for words
containing typical website and document identifiers, such
as: ‘http://’, ‘www.’, ‘.pdf’, ‘.com’, etc. The complete list
of identifiers can be found on the project’s Github:
github.com/jpriniski/CMV. We calculated statistical
language by string matching words in discussion threads
with statistical terms and symbols, such as: ‘data’, ‘%’,
‘stats’, and so on. The code that completes this task can be
found on the Github linked above.

Results

Figure 1. The number of comments using a link, the total
amount of links, and the total use of statistical language
for sociomoral and non-sociomoral discussions.

Analytic Strategy
Rather than performing null hypothesis significance
testing, we performed Bayesian modeling using the
programming language Stan in the R package brms. We
specified priors to guide estimation of the data but these
priors did not predetermine the results of any analysis. All
the analyses reported herein are robust to different prior
choices.
Our first question concerned the ways in which
discussion of sociomoral issues differ compared to
discussions of non-sociomoral issues. We examined how
the rate of participation differs in discussions that
concerned sociomoral and non-sociomoral topics.
Sociomoral issues, by definition, are related to issues
relevant to society at large and thus are more likely to be of
interest to many people. We measured interest and

Table 3. A multivariate negative binomial model predicting
the amount of comments with links, the total amount of
links in a discussion, and the amount of statistical language
based on whether the thread concerned a sociomoral issue
or not.
Effect
Intercept
Comments using
links
Intercept
Total links
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Estimate

95% CI
Lower
Upper

2.76

2.66

2.85

0.19

0.08

0.30

3.13
0.25

3.02
0.11

3.24
0.38

DACs including
-0.22
-0.43
-0.01
Stat. Lang.
Intercept
1.09
0.89
1.30
Deltas
-0.13
-0.37
0.11
Note. Non-sociomoral posts were the reference group.

Intercept
4.35
4.29
4.41
Stat. Lang.
.030
-0.04
0.11
Note. Non-sociomoral posts were the reference group

However, even though users cited considerably more
evidence to advance their arguments, attitude change in
the sociomoral domain is as common it is in the nonsociomoral domain – that is, more evidence yielded
equivalent amounts of attitude change. As Figure 2
shows, we found that total delta awarding and delta
Awarded Comments (i.e., our measures of attitude
change) occur at similar rates in sociomoral and nonsociomoral threads (see Table 3).

Table 5. Attitude change predicted by the amount of
evidence cited in a discussion.
95% CI
Effect

Estimate

Lower

Upper

Effects of comments with links and total links on number of
deltas
Intercept

0.55

0.31

0.79

Comments with
links

0.67

0.48

0.87

Sociomoral
Comments

-0.23
-0.12

-0.45
-0.24

0.00
0.01

Intercept

0.82

0.59

1.05

Total links
0.39
0.22
0.57
Sociomoral
-0.18
-0.41
0.05
Comments
-0.01
-0.13
0.10
Effects of comments with links and total links on number of
DACs
Intercept

Figure 2. Density plots of how the number of Delta
Awarded Comments (DACs), DACs including links,
DACs using statistical language, and the total number of
deltas awarded differ across sociomoral and nonsociomoral discussion topics.

Estimate

0.21

0.55

0.35

0.21

0.48

-0.18
-0.12

-0.33
-0.20

-0.03
-0.03

Intercept

0.56

0.41

0.70

Total links

0.13

0.03

0.23

Sociomoral

-0.15

-0.30

0.01

Comments

-0.04

-0.12

0.04

Effects of statistical language on number of deltas

Table 4. A multivariate Poisson regression predicting the
number of Delta Awarded Comments (DACs), the number
of DACs with links, the number of DACs that include
statistical language, and the total amount of deltas on the
basis of topic type.
Effect

0.38

Comments with
links
Sociomoral
Comments

Intercept
Stat. Lang.
Sociomoral

1.09
0.20
-0.13

0.89
0.05
-0.37

1.29
0.34
0.10

Comments

-0.02

-0.17

-0.13

Effects of statistical language on number of DACs

95% CI
Lower
Upper

Intercept

0.64

0.51

0.77

Stat. Lang.

0.06

-0.03

0.16

Intercept

0.65

0.51

0.77

Sociomoral

-0.13

-0.28

0.03

DACs
Intercept
DACs including
links
Intercept

-0.13
-1.29

-0.28
-1.63

0.02
-0.96

Comments

-0.04

-0.14

0.06

0.00

-0.39

0.41

0.00

-0.18

0.17

Note. We distinguish between Delta Awarded Comments (DACs)
and deltas because they could be distinct measures of attitude
change. For example, very few comments could be awarded
several deltas (one comment could receive 10 deltas).
Alternatively, several comments could each be awarded just a few
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deltas (three comments could each receive two deltas). For this
reason, we thought it was important to distinguish these indicators
of attitude change.

attitudes (see Petty & Cacioppo, 1986, for prior laboratory
based studies suggesting this same conclusion).

Figure 4. A marginal effects spaghetti plot predicting the total
number of deltas awarded in a discussion thread based on the total
number of links to external sources of information. The blue
region of the figure represents 95% Credibility Intervals.

Figure 3. A marginal effects spaghetti plot predicting number of
Delta Awarded Comments based on the number of comments that
contained links to external sources of information. The blue
region of the figure represents 95% Credibility Intervals.

Discussion

These results suggest that even though commenters on
Change My View participate in a forum dedicated to
challenging one’s own views, the members of this
community are not particularly likely to change their
minds. In this way, users on Change My View are perhaps
more representative of how people “in the wild” change
their minds than we might initially expect.
It may appear that our results are compelling evidence
for the pessimistic view that people cannot agree on what
facts, if any, are even relevant to debates about, for
example, politics, morality, or gender. We found that, even
though substantially more evidence is cited in sociomoral
discussions, attitude change is no more common in these
discussions than non-sociomoral discussions.
However, our data provides some reason for optimism:
Consistent with prior behavioral research (e.g., Baesler &
Burgoon, 1994), we observed in a highly naturalistic
dataset and across several measures of “evidence”, citing
sources and referencing data was positively related to
attitude change (see Figure 3 and Figure 4). When a thread
contained, for instance, more citations, links to external
sources, or statistical language, it positively predicted
attitude change. Furthermore, we found that this effect did
not depend on the discussion being sociomoral in nature
(see Table 4 below; more details can be found at
osf.io/s3rny). This result provides “real world” evidence
that when people are motivated to attend to information
relevant to their beliefs, citing sources, providing data, and
so forth can be an efficacious tactic for changing people’s

Here, we examined the factors that promote attitude change
in hotly debated topics, using a naturalistic dataset by
studying attitude change in over 100,000 comments in 500
discussion threads on Reddit’s Change My View. This
study revealed that even though users cite considerably
more evidence while discussing sociomoral topics, they
appear equally likely to revise their beliefs compared to
topics that do not concern sociomoral issues. However, we
also found that regardless of discussion type, providing
evidence for a claim (for example, in the form of links to
external articles) positively impacted people’s willingness
to change their minds. Thus, our work may suggest that
while attitude change is hard-won, providing facts,
statistics, and citations for one’s arguments can convince
people to change their minds.
Limitations and Future Directions. One concern with
using Reddit’s Change My View to understand how
attitudes change “in the wild” is that the people who
participate in this Reddit forum may be particularly willing
to change their minds and to consider statistical evidence
for an argument. This may not be true in the case of the
general population (e.g., Nickerson, 1998), which may
limit the generalizability of our findings. Several facts
speak against this concern, however. First, we observed
that, in a given thread, approximately 400 comments would
yield only two deltas – only two people change their mind
in a thread containing numerous arguments, citations, and
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statistics. This is exactly the kind of proportion we would
expect to observe in the general population where everyday
experience tells us that attitude change rarely occurs, if
ever. Second, we also found that, as we would expect
about the general population, it is harder to change people’s
minds over sociomoral issues compared to non-sociomoral
issues. So, in contrast to this initial hunch about the users
of Change My View, we suspect that our results here would
be more representative of how attitude change occurs
beyond the artificial conditions imposed by the laboratory.
However, there are unquestionably several limitations
of this naturalistic dataset that must be acknowledge. First,
it may be that Redditors are unwilling to award a delta even
when they have experienced attitude change, a limitation
that future research may be able to address by surveying
Redditors. Second, it must be noted that members of this
community are motivated to deliberate on things discussed
in the threads on Change My View. This quality of the
forum users makes it an ideal population to study central
rather than peripheral routes to persuasion (Petty &
Cacioppo, 1986) but may be unrepresentative of the
general population. For this reason, more research is
necessary to understand the extent to which the persuasive
tactics deployed by users on Change My View would
generalize to populations who are not so motivated to
consider the facts relevant to their beliefs.
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Abstract1
The paper investigates the blame blocking effect with respect
to assignments of punishments and pursues the question of
whether the effect generalizes to people with legal education.
The blame blocking effect predicts that an agent is punished
more severely when an intendedly harmful action does not
lead to harm, compared to the case in which the harm results
but is caused independently of the agent (Cushman, 2008).
Firstly, we replicate the blame blocking effect for people
without legal education. Secondly, our findings indicate that
this effect is not present in people with a sufficient degree of
legal training: In contrast to first-year students – who still
seem to exhibit blame blocking – the effect was not observed
for people with more than one year of legal education.
Keywords: blame blocking, causation, punishment, expertise
defense, legal experts, reasoning

Introduction
There is a bulk of research that draws a negative picture
concerning expert judgments. Various types of experts, including physicians, seem to be prone to a number of biases
(e.g., base rate neglect) in the same way lay people are (e.g.,
Kahneman & Tversky, 2000; Gigerenzer, Hertwig & Pachur, 2015).
Likewise, a growing literature is interested in whether this
pattern also applies to philosophical expertise. In particular,
it has been investigated whether professional philosophers
are susceptible to cognitive biases (e.g., order effects) when
evaluating hypothetical scenarios (e.g., Schwitzgebel &
Cushman, 2012; 2015; Schulz, Cokely & Feltz, 2011;
Ryberg, 2012; Tobia, Buckwalter & Stich, 2013; Horvath &
Wiegmann, 2016). One main conclusion thereby is that the
defense of a particular philosophical expertise (expertise
defense) is rather weak (e.g., Machery, 2017).
Whereas the evaluation of hypothetical scenarios has
drawn much attention with respect to philosophical expertise, the evaluation of such scenarios from a legal perspective has been largely ignored. This topic is, however, of
importance since there are clear, practical implications of
whether legal expertise can be defended. In particular, legal
expertise is expected to adhere to legal principles and, due
to this, might depart from reasoning patterns found in people without legal education.
1

Both authors contributed equally to the paper.

A phenomenon that seems particularly relevant in this
context is the blame blocking effect (Cushman, 2008).2 The
blame blocking effect has primarily been investigated outside a legal context and is a particular type of effect that
might seem counter-intuitive when applied to assignments
of punishment or blame. Compare two agents who aim to
harm a person in the same way, and both are unsuccessful.
In the first case, the intended victim is not hurt, whereas in
the second case the victim is hurt but by means that are independent of the agent's intentions and actions (for examples see Appendix). People then tend to punish the agent
less in the case in which harm occurred in comparison to the
case in which the victim was not harmed.
The blame blocking effect is highly relevant for the evaluation of legal expertise defense for the following reason:
While it is controversial whether it involves some kind of
cognitive bias (cf., Martin & Cushman, 2016), it is clearly a
bias from the legal perspective. It is a common feature of
Western penal law systems that in the case of a failed attempt to commit a crime, circumstantial features should be
ignored if they are independent of the agent's intentions and
behaviors. In particular, for the legal assessment of the criminal responsibility of the agent, it is irrelevant whether the
person is harmed independently of the agent's intent and
actions.
The blame blocking effect has been taken as evidence for
the Two-Process Model of Moral Judgment (Cushman,
2008). This model assumes that two independent cognitive
processes contribute to judgments of blame and punishment:
one analyzes the mental states of the agent, another causal
responsibility for the harmful outcome. When the agent tries
to harm the intended victim, and the victim is harmed by
independent causal means, the evaluation of the causal responsibility for harm distracts from the evaluation of the
culpable mental states of the agent or even completely
“blocks” it – leading to a significant decrease in the level of
assigned blame and penalty.
The aim of the paper is not to test this theory. We are, rather, interested in determining whether the blame blocking
2 We use the term blame blocking effect to refer to assignments
of punishments rather than blame. We do so since the term "blame
blocking" is well-established and is used to refer to both blame and
punishment (Cushman, 2008).
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effect (for punishments) can be generalized from people
without law education to legal experts. In other words, we
aim to test to which degree the expertise defense strategy
works for legal expertise with respect to the blame blocking
effect for assignments of punishment.
There is, however, some evidence that seems to put such a
legal expertise defense for the blame blocking effect into
question. Firstly, professional judges’ ascriptions of intentionality to the agent have been found to be affected by the
valence and severity of the caused harm, which conflicts
with the legal concept of mens rea (Kneer & BourgeoisGironde, 2017). This result is relevant here insofar as it calls
into question the systematicity with which legal experts treat
hypothetical moral and legal scenarios.
Secondly, there is direct evidence that people with legal
education still exhibit the blame blocking effect
(Prochownik, 2017). This effect, however, was not stable
but varied according to whether the question concerning the
assignment of punishment was specified. In particular, the
author´s results suggest that the blame blocking effect does
not occur for people with law education when the question
about punishment is embedded in the legal context and explicitly restricted to the total set of the agent's behaviors and
facts (specified) but does occur when the question is without
such specification (see Appendix). This study was however
limited to first-year students of law.
The main purpose of this paper is two-fold. Firstly, we
aim to compare the blame blocking effect in people with
law education with people without law education. This is
because factors that influence blame blocking for people
without legal expertise are far from fully understood.
We are specifically interested whether Prochownik´s
(2017) findings for people with legal education could be
replicated and generalized to people without law education.
To this end, Experiments 1 and 2 focus on both people with
and without legal education. Secondly, we investigate to
which degree the blame blocking effect is present in people
with legal expertise. We address this question in Experiments 2 and 3. To this end, we distinguish between participants with limited exposure to legal education (first-year
students of law) and participants with more exposure ("legal
experts" with more than one year of legal studies).

Experiment 1
This experiment aims to investigate the blame blocking
effect for people without law education. To this end, we
contrast two types of stories: In the first type of story (No
Harm) an agent aims to kill a person and does so unsuccessfully with the outcome that the agent is not harmed. In the
second type of story (Harm) the agent intends to kill the
person, but the person dies for a reason that is unrelated to
the agent's intentions and actions. We used two stories (Allergy and Construction) by Cushman (2008) and
Prochownik (2017), We also added a third story which was
a modified version of the allergy story (see Appendix), since
the observed blame blocking effect for people with law edu-

cation in Prochownik (2017) was largely driven by the construction scenario and not by the allergy case.
We also added a manipulation of how the question was
asked and followed in this regard Prochownik (2017). Furthermore, we made a change in the response format used by
Cushman (2008) and Prochownik (2017). Rather than employing pre-specified categories concerning the amount of
punishment in terms of a prison sentence (None, 6 months,
1/2/4/8/16/32 year(s), Life) we allowed participants to freely
indicate the amount of punishment on a scale from 0 to 40
years (in numbers of years). This not only represents a more
natural response format in our view but also allows for a
simpler analysis in terms of ANOVAs (rather than nonparametric methods).
In line with earlier results, we expected a clear blame
blocking effect for people without law education (Cushman,
2008). Following Prochownik (2017), we hypothesized that
the blame blocking effect would be attenuated when the
question was specified.

Method
Participants. Since the material was in Polish, only native speakers of Polish were included. The sample was
comprised of participants without a university-level law
education. A total of 262 participants resulted. 65.4% were
male, 34.6% female. The average age was 21.62 years
(SD=3.00). 98.9% were students.
Material and Design. All material was in Polish. A between-subjects design (3x2x2) was used with the following
three factors, respectively: (iii) Story, (ii) Specification, and
(ii) Harm. The Appendix describes Stories 1–3, as well as
the two types of punishment question (Specification/No
Specification), used to elicit participants' responses. Each
story had two endings. In one ending no harm occurred. In
the other, the person was harmed in a way that was independent of the agent. The unspecified question directly
asked participants how much punishment the agent deserves, whereas the specified version put the question in a
legal context and asked specifically for punishment according to the total set of agent’s behaviors and facts.
Procedure. Twelve Questionnaires were composed via
Qualtrics, and each condition was randomly assigned to
participants via an anonymous link. Participants were recruited via Facebook and university-intern email lists. The
data were collected from June to August 2017.

Results
An ANOVA (3x2x2, between subject design only) yielded the following results: The factor Harm was significant
(F(1, 250)=4.763, p<.030, 2=.019), whereas Specification
was marginally significant (F(1, 250)=3.053, p<.082,
2=.012). Participants gave less severe punishments when
harm was present in contrast to stories in which no harm
occurred. Furthermore, they tended to punish more severely
when the specified question was asked. In addition, the interaction Harm x Specification was significant (F(1,
250)=11.456, p<.001, 2=.044). If the question was specified, participants punished more severely in the case harm
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was absent, whereas participants' level of punishment did
not differ for both harm and no harm if the question was
unspecified.

Discussion
The results of Experiment 1 are a replication of the
blame blocking effect. Note that these results describe a
clear main effect for Harm, an effect that has not been directly observed in Cushman (2008) and Prochownik (2017).
Participants gave less severe punishments when the targeted
person was harmed that was independent of the agent, compared to the case in which no harm occurred.
However, the pattern described by the interaction of
Harm and Specification did not confirm our predictions. In
fact, the pattern was the reverse of what had been previously
observed by Prochownik (2017). Also, agents were not
judged differently based on the type of story.

Experiment 2
The main aim of Experiment 2 was to test whether the
blame blocking effect occurs for people with legal education
as well. Furthermore, we were interested in whether this
effect differed according to the level of legal education. We
expected that first-year students might still exhibit the blame
blocking effect in contrast to people with more than one
year of legal education. This hypothesis is supported by the
observation that the law curriculum (in Poland) is designed
in such a way that law students learn fundamental principles
applicable to the legal system in general during the first year
of study, and only undergo a systematic training in the particular domains of law (such as penal law) after completing
the first full year. Prochownik's (2017) results, furthermore,
indicate that we should expect no blame blocking effect for
first-year students if the question is specified.

Method
Participants. Only participants with (university-level)
law education were included. Otherwise, all restrictions
from Experiment 1 applied. A total of 235 participants resulted. 53.6% were male, 46% female with one missing value. The average age was 21.25 years (SD=2.71). 98.7%
indicated that they were currently enrolled at a university.
Participants were asked how many semesters they had studied law. Responses were categorized as follows: less than 1
year of legal studies (58.3%), 1 year completed (17.9%), 2
years completed (10.2%) 3 years completed (8.1%), 4 years
completed (4.7%), and 5 years of legal studies or more
completed (.9%).
Material and Design. The same material and design as in
Experiment 1 were used.
Procedure. The same procedure and recruiting strategy
were employed as in Experiment 1. Data were collected
from June to August 2017.

Results
An ANOVA for the full factorial design with factors
Harm, Specification, and Story gave the following results: A
significant main effect was found for Harm
(F(1, 223)=7.997, p<.005, 2=.035) and for Specification
(F(1, 223)=8.205, p<.005, 2=.035).
To test whether the level of legal education has an impact
on the blame blocking effect, we distinguished between
first-year students (participants with less than one year of
legal studies, 58.3 %, n=137) and students with more than
one year of legal education (“legal experts”, 41.7%, n=98).
We then entered the resulting factor, Law Level, as an additional factor into the ANOVA. There were statistically significant effects for Specification (F(1, 211)=6.092, p<.014,
2=.028) and Harm (F(1, 211)=4.830, p<.029, 2=.022):
Higher levels of punishment resulted when either the specified question or the scenario without Harm was used, in
comparison to the unspecified question and the scenario
with Harm, respectively. Also, the interaction between
Harm and Legal Studies was statistically significant, (F(1,
211)=5.624, p<.019, 2=.026): For first-year students, the
punishment was harsher in the No Harm condition compared to the Harm condition, whereas for legal experts no
difference between the Harm and No Harm condition was
observed.

Discussion
The results of the analysis conducted on the total sample
of Experiment 2 seem to indicate that the blame blocking
effect exists for participants with law education: People
punished more harshly when no harm occurred as opposed
to when the intended harm was caused independently of the
agent.
However, an ANOVA that distinguished between firstyear students and legal experts with more than one year of
legal education revealed that the blame blocking effect only
occurred in first-year students but was absent in the legal
experts. This suggests that the blame blocking effect is still
present in first-year students but disappears after that period.
Furthermore, in contrast to Prochownik's (2017) findings,
the blame blocking effect did not disappear for first-year
students if the question was specified. In general, Experiment 2 suggests that legal training of a year or more is effective insofar as legal experts use the professional standards taught in law school rather than the intuitions found in
people without law education.

Experiment 3
The main purpose of Experiment 3 was to replicate the
findings of Experiment 2. We hypothesized that the same
pattern as in Experiment 2 would emerge: The blame blocking effect would be present for first-year students and absent
for legal experts with more than one year of legal education.
Moreover, since we did not find any effect involving Story
in Experiments 1 and 2, we decided to use only Stories 2
and 3.
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Method
Participants. The same exclusion criteria as in Experiments 1 and 2 were applied. A total of 318 participants resulted. 44% were male, 56% female. The average age was
21.47 years (SD=3.79). 95% studied at a Polish university.
Legal experience indicated by the participants was as follows: less than 1 year of legal studies (52.8%),1 year completed (16.4%), 2 years completed (6.3%) 3 years completed
(7.2%), 4 years completed (6.6%), and 5 years or more
completed (10.7%). Only 17.3% had indicated that they had
partaken in a similar study before.
Material and Design. Only Stories 2 and 3 from Experiments 1 and 2 were used. Otherwise, the material was identical. A 2x2x2x2 design (Story x Harm x Specification x
Law Level) resulted, where Law Level distinguishes firstyear students from experts with more than one year of legal
education.
Procedure. The procedure was identical to experiments
one and two. Participants were recruited as in Experiments 1
and 2. The recruitment took place in January of 2018.

Results
The four-way ANOVA yielded only one significant effect, for Story (F(1, 302)=8.453, p<.004, 2=.027).
We also ran the ANOVAs with same factors for the
pooled sample of Experiments 2 and 3. We restricted the
analysis to Stories 2 and 3 to avoid an imbalanced design
(Story 1 was only used in Experiment 2; n=481). We found
a highly significant effect for Harm (F(1, 465)=8.317,
p<.004, 2=.018) and significant effects for Story (F(1,
465)=6.315, p<.012, 2=.013) as well as the interaction of
Harm and Law Level (F(1, 465)= 5.131, p<.024, 2=.011),
and the interaction between Story, Harm, and Specified
(F(1, 465)= 3.902, p<.049, 2=.008).3

Discussion
Experiment 3 did not lend support for the interaction between Law Level and Harm observed in Experiment 2,
whereas the interaction could be confirmed for the pooled
sample of Experiments 2 and 3. One possible explanation
for this finding is the time of the third experiment. The experiment took place in January, thereby ensuring that the
host of first-year students in this sample already had completed their first semester. This sample of first-year students
thus might have already acquired enough legal expertise to
make it hard to distinguish them from either lay people (i.e.,
people without legal education) or people with the legal
education of a year and more, with regards to the blame
blocking effect.
We addressed the high variability hypothesis by running
an ANOVA for the composite sample of Experiments 1-3
(n=650, Stories 2 and 3 only) with the factors Story, Harm,
Specification, and a further factor, Extended Law Level,
3 Since we are interested here only in the interaction of harm and
law education levels, we do not interpret results that do not pertain
to this interaction henceforth.

Figure 1: Means and Standard Errors for the Interaction of
Harm and Extended Law Level in the Composite Sample of
Experiments 1–3 (Stories 2 and 3 only).
which distinguished between three levels of legal expertise:
(a) no legal education, (b) first-year students, and (c) legal
experts with more than one year of legal education. The
interaction of Harm and Extended Law Level was marginally significant (F(2, 626)=2.790, p<.062, 2=.009),4 but manifested the same tendency as our results from Experiment 2.
Both, lay people and first-year students, seemed to exhibit
the blame blocking effect, whereas law experts with more
than one year of law education did not seem to be prone to
the same effect (see Figure 1). Such an interpretation seems
plausible on the grounds that first-year students still lack a
full command of basic penal law concepts and principles
and thus are closer to lay people in their reasoning about
punishments. So, although we could not fully distinguish
first-year students from legal experts in the preceding analyses of Experiment 3, in general they seem to show the
same pattern of blame blocking as lay people do.
To further investigate whether first-year students' responses exhibited the same pattern as lay people, we took
the total sample of Experiments 1–3 and ran an ANOVA
with the factors Story, Harm, and Specification as well as a
new factor Expert Non-Expert, which places legal experts
with more than one year of legal education in one group and
first-year students of law and lay people in the second group
(Stories 2 and 3 only). The ANOVA (n=650) found a significant interaction between Harm and Expert Non-Expert
(F(1, 634)=6.118, p<.014, 2=.010).5 For the group of first4 For the sake of transparency we report here the remaining significant effects, which are as follows: Harm (F(1, 626)=15.511,
p<.001, 2=0.24), Story (F(1, 626)=11.260, p<.001, 2=.018), the
interaction of Harm and Specified (F(1, 626)=4.686, p<.031,
2=.007), the interaction of Harm, Specified, and Extended Law
Level (F(2, 626)=3.258, p<.039, 2=.010), and the interaction between Harm, Story, Specified, and Legal Studies (F(2, 626)=4.731,
p<.009, 2=.015).
5 In addition, the following effects were significant: Story (F(1,
634)=8.462, p<.004, 2=.013), Harm (F(1, 634)=9.844, p<.002,
2=.015) and the interaction between Harm, Specified, and Expert
No Expert (F(1, 634)=4.076, p<.044, 2=.006).
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year students and laypeople, taken together, the blame
blocking effect was observed, whereas no such effect was
found for legal experts with more than one year of legal
education.
In addition, to ensure that we correctly attribute no blame
blocking effect to legal experts, we tested for the existence
of this effect only within legal experts from Experiments 2
and 3. (This was necessary since we observed a main effect
of Harm in some of the combined samples of first-year students and law experts). In the ANOVA (n=221, Stories 2
and 3 only), neither Harm nor any interaction with Harm
was significant.6 Therefore, no blame blocking effect was
observed in legal experts.

General Discussion
We replicated the blame blocking effect for people without law education observed in Cushman (2008), despite the
difference in our response formats (see Experiment 1): People punished more severely in scenarios in which no harm
occurred in comparison to scenarios in which harm occurred
but was caused independently of the agent.
Importantly, the blame blocking effect was only absent in
people with a sufficient amount of legal education. Specifically, it did not occur in people with more than one year of
legal education (legal experts).
The results for the first-year students of law, on the other
hand, were mixed. In Experiment 2, first-year students were
found to exhibit the blame blocking effect but did not show
this effect in Experiment 3. The failure to replicate the finding from Experiment 2 seems to be due to the timing of the
experiments. Experiment 3 took place in January so that a
host of participants had already finished the first semester of
their legal studies. By contrast, Experiment 2 was conducted
from June to August. As a result, many first-year students in
Experiment 2 might have been beginners (starting their legal
studies in September), thus being practically indistinguishable from lay people.
Despite this, the overall group of first-year students still
seems to manifest the blame blocking effect. The comparison with lay people and legal experts (Experiments 1–3)
yielded a tendency of first-year students to exhibit the blame
blocking effect – as in lay people – whereas legal experts
did not show blame blocking (Figure 1). The second comparison in which lay people and first-year students were
grouped as one category yielded the same result (Figure 2).
In contrast, the analysis of the total sample of legal experts
did not support the thesis that the blame blocking effect exists in this group.
Our findings, thus, suggest that legal education has a direct effect on reasoning about legal cases. However, this
training only seems to take full effect after completion of
the first year of study. One possible reason for this is that
students with less than one year of legal education are at
that point not fully acquainted with the principles of criminal liability for failed attempts (see Introduction), and pun6

No main effect or interaction was significant in this sample.

Figure 2: Means and Standard Errors for the Interaction of
Harm and Expert No-Expert in the Composite Sample of
Experiments 1–3 (Stories 2 and 3 only).
ishments foreseen for these crimes by the Penal Code,
which both are expected to have an impact on the presence
of the blame blocking effect after a sufficient amount of
legal training. First-year students of law are not yet fully
familiar with fundamental concepts from a range of domains
in law. The variability of their particular legal expertise is
further aggravated by the fact that students (in Poland) can
often choose in which order to take the basic legal training
courses.
Note that we could not identify a clear effect of the specification of the question for eliciting punishment ratings. In
particular, we were unable to replicate Prochownik's (2017)
finding which indicated that a focus on the totality of behaviors and facts and a contextualization of the question in legal
framework (specification) led to an elimination of the blame
blocking effect.
Our results also run counter to the study of Kneer and
Bourgeois-Gironde (2017). The authors found that professional judges are susceptible to the Knobe effect and the
severity effect (i.e., their attributions of intentionality were
affected by the valence and severity of outcome). However,
based on our study it is hard to judge how both types of effects might impact the blame blocking effect, since we did
not manipulate the valence and severity of outcome, nor did
they investigate whether their findings generalize from attributions of intentionality to assignments of punishment.
This, however, might a fruitful topic for future inquiry.
In light of the general state of expertise defense, the lack
of blame blocking effect for legal experts in our study marks
a positive departure from the otherwise bleak picture. It
suggests that some professional training is effective: Legal
training seems to be successful in eliminating the blame
blocking effect in legal experts, in line with the (Polish) law.
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Appendix
Story 1 (Allergy 1). TOM and MARK are two runners
scheduled to compete in a championship race. Mark holds
the current world record and is widely expected to win the
race. Tom plans to eliminate Mark from the race.
Tom is absolutely sure that Mark is allergic to peanuts, and
that eating peanuts will kill him. Tom decides to sprinkle
some peanuts on Mark’s food if Mark gets up to go to the
bathroom. But it turns out that Tom is incorrect, Mark is not
allergic to peanuts at all.
[Harm Continuation: Instead, Mark is fatally allergic to
shellfish. At the athlete’s banquet a few days before the
race, there are shellfish in the salad that Mark is served.

Mark takes a few bites and then gets up to go to the bathroom. Tom sprinkles peanuts on Mark’s food. Mark comes
back and finishes the salad. The peanuts don’t harm Mark at
all, but because of the shellfish, Mark dies.]
[No Harm Continuation: At the athlete's banquet a few
days before the race, Mark takes a few bites of his salad and
then gets up to go to the bathroom. Tom sprinkles peanuts
on Mark's food. Mark comes back and finishes the salad.
The peanuts don't harm Mark at all.]"
Story 2 (Allergy 2). TOM and MARK are two runners
scheduled to compete in a championship race. Mark holds
the current world record and is widely expected to win the
race. Tom plans to eliminate Mark from the race.
Tom is absolutely sure that Mark is allergic to peanuts, and
that eating peanuts will kill him. Tom decides to sprinkle
some peanuts on Mark’s food if Mark gets up to go to the
bathroom. He is absolutely sure of his decision.
At the athlete’s banquet a few days before the race, Tom
sprinkles peanuts on Mark’s food, when Mark gets up to go
to the bathroom. On his way back, though, Mark changes
his mind and decides that he rather prefers to go back to his
hotel room, and order something to eat from there.
[Harm Continuation: Mark comes back to his hotel room
and orders a salad. There are shellfish in the salad that he is
served. He finishes the salad. Because of the allergic reaction to shellfish, Mark dies.]
[No Harm Continuation: The peanuts don’t harm Mark at
all.]
Story 3 (Construction). TOM and MARK are two engineers working at a construction site. Mark is a current construction manager. Tom believes that if he eliminates Mark
he will be promoted to Mark’s position. Tom plans to kill
Mark.
One night Mark is working alone at installing the electrical
wiring. For safety reasons, the electric current in the wiring
is switched off. Tom decides to sneak over to the wiring
system, turn it on, and kill Mark by inducing electric shock.
He is absolutely sure of his decision. However, Tom does
not know that the electrical wiring is faulty and that no electric current can flow through it. Tom sneaks over to the wiring system and turns it on when Mark is working. Because
the wiring is faulty the electric current does not flow.
[Harm Continuation: Mark is not harmed at all. Suddenly
a strong wind begins to blow and shakes a scaffolding, under which Mark is standing. Due to the wind a heavy beam
breaks away from the scaffolding and knocks over Mark. As
a result of the blow from the beam Mark dies.]
[No Harm Continuation: Mark is not harmed at all.]
Question without Specification. In your opinion, how
much prison time does [agent] deserve?
Question with Specification. Suppose that [agent] were
apprehended by the police and put on trial. Given the complete set of behaviors and facts, in your opinion how much
prison time does he deserve?
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Abstract
The debate about semantic reference between Frege’s (1948)
descriptivism and Kripke’s (1972) causal theory of reference
has recently been approached through experimental
psychology. However, no consensus has been reached on the
direction of the results. While some studies face clear
methodological charges, even those that are currently
uncontested do not reach a mutual conclusion. We propose a
novel experimental paradigm with methodology designed to
evade the problems of previous studies. Contrary to the past
literature, we find a prevalence of descriptivists under lenient
criteria for consistency across trials, while under strict criteria
we find an equal amount of descriptivists and hybrids, with
low numbers of referentialists (causal theory of reference)
under both criteria. We suggest an interpretation of this result,
and where future research might head.
Keywords: proper names; descriptivist theory; causal theory
of reference; semantic reference

1. Introducing the Reference Debate
A central issue in the philosophy of language is the debate
between descriptivism and the causal theory of reference
regarding the meaning and reference of proper names. For
descriptivists the description constitutes the meaning of a
name and thereby picks out the referent. For causal theorists
a description only fixes the name in the initial baptism, after
which the name is passed on through a causal chain of
communication. Kripke’s (1972) widely accepted refutation
of descriptivism relies on thought experiments which
demonstrate how descriptivism reaches wrong reference
judgements. As thought experiments rely on assuming the
generality of the suggested intuitions, some experimental
philosophers have decided to test whether Kripke’s
assumptions hold with non-philosophers as well. Before
introducing such studies, we outline the tension between
Frege’s (1948) descriptivism and Kripke’s causal theory
through Kripke’s objections to cluster descriptivism.
To advance a point against Frege’s descriptivism, Kripke
(1972) differentiates between two roles that descriptions can
have with respect to the reference of proper names: being
synonymous with them or fixing their referent. Kripke
suggests names should be viewed as rigid designators: their
reference will remain the same across possible worlds by
virtue of referring to the objects directly, instead of being
synonymous with their descriptions. Hence names lack
meaning additional to picking out the referent. In contrast,
Frege differentiates between a reference of the proper name
as the object it designates, and the sense of the name as the
mode of presentation of the object, often understood as its
associated descriptive content. Consequently, Kripke

indicates that for Frege proper names are actually
abbreviated descriptions as they have an associated sense
(e.g., Aristotle exists is read as there was a man who did X).
The referent of the name is then picked out through this
description. Such non-essentialist descriptions are, however,
merely contingent facts and therefore, their reference will
change across possible worlds (i.e., there might have been
some other man who did things accredited to Aristotle,
making him ‘Aristotle’). Instead, Kripke suggests people
use some accidental descriptive property of an individual to
fix the reference in the initial baptism, which then fixes the
reference across all possible worlds. Kripke’s theory allows
this description to later turn out false, as it does not
constitute the meaning of the name. Names are then passed
along from speaker to speaker, where the receiving party
must intend to use the same reference as the giving party.
Kripke later introduces and formalizes Searle’s (1958)
cluster descriptivism as the strongest version of simple
descriptivism. Cluster descriptivism changes the focus from
a single property to a whole cluster of properties. He breaks
it down into multiple theses, all of which he rejects,
concluding that the theory fails. As most experimental
philosophy studies focused on the third thesis, we will
outline Kripke’s argument against this thesis only.
The thesis states that if most properties are satisfied by
one unique object X, then X is the referent of the name N
(p.71). Against this assertion, Kripke provides a thought
experiment as a counterexample: unbeknownst to the wider
public, it was Schmidt and not Gödel who proved the
incompleteness of arithmetic – a description usually
associated with the name ‘Gödel’. When we then say
‘Gödel’, seeing as Schmidt satisfies the description
commonly associated with ‘Gödel’, cluster descriptivists
will then have to claim that we are actually referring to
Schmidt. Kripke suggests this is false as surely by ‘Gödel’
we are just referring to Gödel. Hence, the thesis seems false.

2. Previous Experimental Studies on Reference
As demonstrated, a large part of Kripke’s refutation of
descriptivism rests upon thought experiments intended to
support causal theory intuitions. Consequently, some studies
within experimental philosophy have attempted to verify the
legitimacy of these conclusions by testing the intuitions of
non-philosophers on modified Gödel cases. In this section,
we briefly outline and assess some of these studies.
The first experimental study to engage with the reference
debate was Machery, Mallon, Nichols and Stich’s (2004)
study, whose vignettes were based on Kripke’s Gödel case,
phrased in the third-person view. Participants had to answer
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whether a speaker who uses the name ‘Gödel’ is talking
about the discoverer of the incompleteness theorem or the
person who got credited for it. Results indicated that
Westerners gave more causal answers while East Asians
gave more descriptivist answers. The authors took this to
suggest that philosophers should either avoid assuming
universality of their semantic intuitions or that they should
offer an argument for why their intuitions should be superior
to those of the average speaker. Genone and Lombrozo’s
(2012) study confirmed these results and extended it from
people proper names to natural and nominal kind concepts
on which the philosophical theories focus only marginally.
Furthermore, they also found a within-participants
difference, suggesting individuals are not consistently pure
descriptivists or referentialists.
These two studies have been criticized for potentially
testing the speaker’s reference (what the speaker intended to
refer to) instead of the semantic reference (what the name
itself semantically refers to), while only the latter is relevant
for a theory of semantic reference (Devitt, 2011; Martí,
2009). In addition, the said studies seem to investigate metalinguistic intuitions about what the term refers to. Martí
(2009) suggests experiments should focus on linguistic
intuitions about how a term should be used instead.
Li, Liu, Chalmers and Snedeker (2018) confirmed
Machery et al.’s (2004) results from a developmental
perspective, suggesting the differentiation in reference
intuitions happens early on. Namely, they found that both
children and adults from East Asia are more descriptivist
than their Western counterparts. The authors hypothesized
this might be due to culturally different perspective-taking
tendencies. It has been found that Westerners adopt the
perspective of the speaker less readily than East Asians do.
Hence, Westerners might employ the perspective of the
omniscient reader in the third-person vignettes and judge the
truth relative to all the information available to themselves.
Meanwhile, East Asians may adopt the perspective of the
speaker within the vignette and thus judge the referent
relative to the description available to the speaker. The
authors nonetheless acknowledge the above problems
regarding speaker’s reference for their own design as well.
These concerns are addressed by the study of
Domaneschi, Vignolo, and Di Paola (2017) who managed to
experimentally distinguish whether the participants’ answers
were guided by the speaker’s or the semantic reference.
Their results supported the causal theory of reference,
however, they also found an unexpected difference between
people names and geographical names.
Domaneschi et al. (2017) also received indirect support
from Jylkka, Railo and Haukioja’s (2009) experiment which
indicated participants tended to exhibit more semantically
externalist intuitions than internalist and hybrid intuitions
for natural kind concepts. Semantic externalism 1 is usually
taken to be implied by the causal theory of reference, which
thus aligns these results with the findings of Domaneschi et
al. (2017). A recent paper by Tobia, Newman, and Knobe
1

Factors external to the speaker determine a term's meaning.

(2017), however, indicated that participants reported
intuitions based on both externalist and internalist properties
for natural kinds, seemingly supporting the hybrid
externalism that Jylkka et al. (2009) rejected. Similarly,
Nichols, Pinillos and Mallon (2016) suggested an ambiguity
theory of reference for natural kind terms based on their
results. Namely, depending on the context, a natural kind
term sometimes referred through a descriptive mode of
reference and sometimes through a causal one. These results
are also compatible with Genone and Lombrozo’s (2012)
findings, in that they also suggest both descriptive and
causal mechanisms contribute to categorization.
However, the latter two studies—along with Machery et
al. (2004), Li et al. (2018), and Tobia et al. (2017), as those
suggesting an indeterminacy between the two theories—
disagree with the findings of Jylkka et al. (2009) and
Domaneschi et al. (2017) whose results support the causal
theory of reference. While the latter two do not check for
consistency within individuals like Genone and Lombrozo
(2012), their results seem well-founded as they account for
the aforementioned methodological problems of Machery et
al. (2004), Genone and Lombrozo (2012), and Li et al.
(2018). However, this is also seemingly true of Nichols et
al. (2016) and Tobia et al. (2017) whose results disagree
with the former two. Hence, even studies with prima facie
no methodological issues reach different conclusions.
In light of this stalemate, we propose a novel paradigm
for testing reference intuitions that addresses the
methodological flaws of the existing literature. In a basic
vignette, two item names are introduced with two pictures
representing people, fictitious places or fictitious natural
kinds. One of them is assigned a trivial or uniquely
identifying descriptive property which, at the end of the
vignette, gets mismatched with the wrong picture while the
name is left out. The participants are then asked to
determine the name of the item so presented. Referentialists
should choose the picture-based name while descriptivists
should choose the property-based name. Half of the trials
also include an additional step of negation before the
prompt at the end in which the property is negated for the
first item and re-introduced with the other item.
This
setup
addresses
possible
methodological
shortcomings of previous literature in three ways. First,
instead of using third-person reference judgements that
potentially test meta-linguistic intuitions, this paradigm tests
the linguistic intuitions of the participants directly through
employing first-person requests for assigning referents.
Second, the process is reversed as the critical prompt
starts from the referent which is represented by a picture,
after which the participants choose its name. Here,
participants’ intuitions should only be led by the semantic
reference. The possibility of the speaker’s reference driving
the answers is eliminated by reversing the usual paradigm
where the name’s referent has to be determined from the
name itself. Additionally, a first-person vignette excludes
the existence of a third speaker about whose intentions
participants could (mistakenly) cognize.
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Third, the effects of different noun types found in the
literature so far, namely people proper names, natural kinds,
and geographical names, as well as a newly added variable
of uniqueness of the associated descriptive property and a
variable of negation were examined both between and
within participants across multiple trials. These were
included as potential contextual factors which might
influence the saliency of different referential mechanisms.
While there are theoretical reasons for believing uniquely
identifying properties might make descriptivist intuitions
stronger, theories remain mostly agnostic in regards to item
types other than proper nouns. An effect of item type would
hence likely be attributed to some pragmatic factor.
Similarly as for item types, the inclusion of explicit negation
(trial type) is not theory-driven, but it serves to investigate
the possibility that, in addition to the newly corrected
association, participants might still retain the old association
of a name even after it is negated. An effect of trial type
could potentially indicate participants failed to experience a
mismatch in trials containing the negation, as the old
association they retained made the last picture-property
pairing match. This would skew the results to be seemingly
more picture based and hence potentially falsely causal.
Generally, a referentially heterogeneous population would
suggest the public is not uniformly descriptivist or causal
and thus entertains intuitions different to philosophers. A
majority of internally inconsistent participants would
indicate that people perhaps use a combination of the two
theories. In that case, a hybrid theory of reference may hold,
where different contextual factors trigger the opposite
reference mechanisms. All of these would question some of
Kripke’s arguments and indicate the need to identify the
contextual factors behind the different intuitions.

3. Experiment
This experiment had three main aims. The first and the
primary aim was to examine whether the population is
homogeneous in reference intuitions. The second aim was to
determine whether participants had internally consistent
intuitions across trials. The third aim was to investigate
whether different property types, item types and trial types
had explanatory effects on reference intuitions both across
and within participants.

3.1. Method
3.1.1. Participants Forty-four participants completed the
experiment via Mechanical Turk. After checking the control
trials for comprehension checks, 4 participants failed to
satisfy the preset 75% accuracy requirement and were
removed from the analysis. Mean age was 37.15 (SD =
10.66). Out of the remaining 40 participants, 36 were
American and 4 were Indian, with 20 of them having
completed higher education, 9 having completed some
university and 11 having completed only high school. As
the sample was 90% Western, it was assumed nationality
was not explaining the variation within the results.

3.1.2. List of Stimuli Items used in the experiment
belonged to one of the three domains covered within
existing research: people names, natural kinds, and
geographical names. The latter two were fictitious to control
for the participants’ existing knowledge of features of real
natural kinds and geographical places. Properties that were
crossed with the items were either uniquely identifying
(applies to only one individual) or non-uniquely identifying
(applies to many). As these item-property combinations
were further combined with two critical trial types (A and
B) and two parallel control trial types, all of which are
discussed below, the resulting formula of our fully crossed
design yielded 3 item types crossed with 2 property types
which are further crossed with 4 trial types. The total
number of the minimum of fully crossed combinations of all
three variables was hence 24, where there was exactly one
crossing of each trial type with each level of item type and
each level of property type 2. Each participant underwent the
said minimum of trial combinations, which yielded 24 trials
per participant, where half were critical and half were
control trials. We chose to start with only 24 trials due to the
very poor cost-efficiency, where doubling the number of
trials per participant would only result in one additional
crossing between each level of the three variables. This
limitation is discussed further in section 4.
3.1.3. Design and Procedure The experiment was
ethically approved (code 24-1718/1) by the Psychology
Research Ethics Committee at the University of Edinburgh.
In the experiment, participants underwent a series of trials,
each constituted of a vignette and a prompt (Figure 1).
Participants could see all the steps of one trial at once, and
they moved between trials by pressing a key that indicated
their response. In a basic vignette, participants were shown
two pictures of two items paired with their names, N1 and
N2. A specific descriptive property, P, that was either
unique or non-unique, was then introduced as belonging to
the first item. Two trial types diverged at this point in
regards to the existence of explicit negation of property P.
For B-type trials it was revealed that due to some epistemic
mistake, property P actually belongs to the second item,
explicitly negating the property for the first item. For A-type
trials, this negation was left out. Lastly, a picture of the item
which was not last associated with the property was shown
without its name, with the suggestion that this item has the
property P. This created an item-property mismatch. The
participants were then asked to determine whether the item
from the last picture was N1 or N2.
Now, here is an outline of a top-to-bottom screen of a Btype critical trial with human item type and unique property
type: (1) a photo of a woman and “This is Dora”, (2) a
photo of another woman and “This is Jenia”, (3) the first
photo and “Dora is the best speller under the age of 24”,
(4) “Actually, that was false. This no longer holds as this
person turned 25 yesterday”, (5) the second photo and
2 See https://tinyurl.com/ycsx8zbm for the full list of item pairs,
properties, photos, and negation explanations used.
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“Actually, Jenia is the best speller under the age of 24”,
and (6) the first photo and “This person is the best speller
under the age of 24. Who is this, Dora or Jenia?” In an Atype trial, steps (4) and (5) would be missing and in step (6)
the second photo would be shown instead.

unique property should also contribute to the name’s
meaning. Otherwise, some descriptivists will choose a
picture-based name when the property is non-unique, thus
making the results more falsely causal. This will be
accounted for in a follow-up discussed in section 4. For the
purposes of the present experiment, it will be presumed that
the said assumption holds and descriptivists should choose
the names based off both unique and non-unique properties.

3.2. Results

Figure 1: Graphical representation of critical trial types.
Choosing the item name which was last associated with
the property was assumed to privilege the descriptive
property as an identifier, which suggests descriptivist
intuitions. Choosing the picture-based item name, in
contrast, focused on the causal history of the name first
associated with the item, suggesting causal intuitions. All
participants also underwent control trials which contained
no item-property mismatch, as the last picture depicted the
last item associated with the property. These had objectively
correct answers and were used as comprehension checks.
Our reasoning about what makes an answer descriptivist
or causal followed the following theoretical extrapolations.
According to the causal theory, the truth of a name’s
associated descriptions should not dictate whom the name
refers to past the initial introduction. Namely, in baptisms
by description, the property merely fixes the referent of a
name which then rigidly refers to its referent without the
mediation of the property. For descriptivism, however,
people’s choices are led by the name’s associated property
as it constitutes the name’s meaning and picks out the
referent. This should hold even if the picture associated with
the name possesses a number of properties and people
associate some of these properties with the name, in
addition to the single introduced property. At least when the
introduced property is uniquely identifying, it must be
central to the meaning of the name for descriptivists, as such
a property is seemingly essential of the named individual.
Consequently, descriptivists should choose the names based
off unique properties. However, arguably even a
mismatched non-unique property would lead descriptivists
to choose the property-based name. This is because it
remains the only non-picture information that the
participants know about the name it was introduced with.
Hence, if this assumption holds for descriptivists, a non-

For the contextual effects of item type, property type and
trial type that we hypothesized might influence reference
intuitions, we built a maximal and a minimal mixed effects
logistic regression model using the critical trials data, with
name choice (descriptivist vs. causal) as the dependent
binary variable. Both models included participants as
random effects, while the maximal model also had all the
independent variables (item type, property type, and trial
type) and interactions between them as fixed effects.
Comparison of the two models via ANOVA suggested the
two models were not significantly different (X2 (11, N = 40)
= 10.11, p>.05). Hence, the additional variables of the
maximal model did not add to the explanation of the
variance. That is, participants’ reference judgements were
unaffected by different types of items, properties and trials.
Further, for examining the within-participant consistency
and differences across participants, chi-square tests were
used after the participants had been tagged as either
consistently causal, consistently descriptivist or hybrid.
Since there is no objective criteria for how many trials out
of 12 critical trials one should answer in a uniform way to
be considered consistent, the tagging was done over five
instances. The lower cut-off point of the number of uniform
answers for being tagged as consistent ranged from having a
minimum of 7 (very lenient criteria, 58%) to a minimum of
11 (fairly strict criteria, 92%) out of 12 in total.
When looking at the within-participant consistency,
participants tagged as consistently causal or consistently
descriptivist represented the consistent group while the ones
tagged as hybrid represented the inconsistent group. The
two were compared via chi-square for the different criteria.
For 7+, 8+ and 9+ criteria, the results indicated that there
were more consistent than inconsistent participants, while
for the 10+ and 11+ criteria, there was no difference in the
number of consistent and inconsistent participants (Table 1).
Table 1: Frequencies of Consistent Participants (N = 40)
and Chi-Squares against Inconsistent Participants
Criteria
7+
8+
9+
10+
11+
Frequency
38
33
31
26
16
X2 (1, N = 40) 32.40* 16.90* 12.10* 3.60
1.60
Note. *p < .05
Regarding the between-participants differences, when all
three groups were compared to each other via the chi-square
test of goodness-of-fit for the different criteria, all
significantly differed from an equally distributed population
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across all the criteria (see Table 2, Figure 2). For the 7+
criterion,
descriptivists
significantly
outnumbered
referentialists (X2 (1, N = 40) = 18.10, p<.05) and hybrids
(X2 (1, N = 40) = 55.97, p<.05), while referentialists
outnumbered hybrids (X2 (1, N = 40) = 3.79, p<.05). For the
8+ criterion, there was an equal amount of referentialists
and hybrids, both of whom were outnumbered by
descriptivists (X2 (1, N = 40) = 16.71, p<.05). The same
pattern was true of the 9+ criterion, where there was no
significant difference between the amount of referentialists
and hybrids (X2 (1, N = 40) = 0.78, p>.05), while the
number of descriptivists was significantly higher than both
(X2 (1, N = 40) = 21.07, p<.05; X2 (1, N = 40) = 13.00,
p<.05, respectively). For the 10+ criterion, there was no
significant difference between the number of descriptivists
and hybrids (X2 (1, N = 40) = 3.22, p>.05), both of whom
significantly exceeded referentialists in number (X2 (1, N =
40) = 20.57, p<.05; X2 (1, N = 40) = 7.47, p<.05). A
reversal happened for the 11+ criterion, where there were
more hybrids than descriptivists (X2 (1, N = 40) = 4.06,
p<.05) and referentialists (X2 (1, N = 40) = 25.13, p<.05), as
well as statistically more descriptivists than referentialists
(X2 (1, N = 40) = 9.45, p<.05).
Table 2: Chi-Squares for Between-Participant
Frequencies for Different Criteria
Criteria
Des.
Cau.
Hyb.
X2 (2, N = 40)
7+
29
9
2
29.45*
8+
26
7
7
18.05*
9+
26
5
9
18.65*
10+
23
3
14
15.05*
11+
14
2
24
18.20*
Note. *p < .05.
Overall, participants were internally consistent up until
the 10+ criteria, after which the number of consistent
participants equates with the number of inconsistent
participants. In regards to the between-participants
difference, from 7+ to 9+ criteria there were more
descriptivists than referentialists and hybrids. At 10+ criteria
there is an even spread of descriptivists and hybrids which
outnumber the very small number of referentialists, while
after 11+ criteria hybrids take the lead over descriptivists.

Figure 2: Frequencies of between-participants differences
in reference intuitions across the consistency criteria.

4. General Discussion
There seems to be no single conclusive way to make sense
of the findings of this study without choosing a preferred
criteria first. We can nonetheless note that neither the most
lenient nor the most stringent criteria align the results with
Kripke’s theory. Moreover, the results indicate a trend in the
opposite direction while the criteria is lenient, with the
population seeming primarily descriptivist with only a few
scarce referentialists. As the criterion gets stricter, hybrids
gradually outnumber the descriptivists while referentialists
remain almost non-existent. This is in contrast to the past
literature which mostly reported equally heterogeneous
population in regards to descriptivists and referentialists,
with only two studies reporting evidence for a primarily
homogenous population, and both of these results were in
favor of the causal theory of reference. Current results can
either be taken to suggest that the population is primarily
descriptivist, or that a large portion of the population uses
both theories but employs each of them in different
contexts. Both of these interpretations allow us to conclude
that the population does not uniformly share Kripke’s
intuitions regarding the Gödel-like cases.
However, rather than interpreting our results as indicating
that the population is primarily descriptivist, it seems such
results might instead be inviting us to take the conclusions
of this literature with a grain of salt. Namely, it becomes
quite plausible to consider that the phenomenon under
investigation is either sufficiently unstable to vary from
paradigm to paradigm, or even theoretically poorly
operationalized. While one could always combat this by
saying the paradigms are at fault here – that is, they are the
ones failing to operationalize the phenomenon correctly – it
nonetheless seems equally plausible to speculate whether
the phenomenon itself is accurately captured by either of the
two proposed theories. Perhaps neither of the two
philosophical theories adequately describe and explain how
real people use natural language, or specifically proper
names within the natural language, in day to day life.
The possibility remains that the solution lies somewhere
in between, in the combination of the two theories which are
evoked at different times in different contexts. This stays a
valid direction for future research to take in which the
search for the contextual determiners continues. The present
study has contributed to that cause, albeit by providing an
evidence of absence, as contrary to our belief, none of the
contextual factors we investigated affected the reference
intuitions. There remain a few other factors we wish to
examine in the future, whose effects, or the lack of thereof,
might indicate whether this route should ultimately be
relinquished. These are briefly discussed below.
The next follow-up experiment would focus on varying
the number of assigned properties and the amount of them
that is negated. This will account for the possibility that
participants have multiple associated properties, instead of
just the explicitly introduced property, due to the name’s
associated picture. This should show an effect for
descriptivists while it should not show an effect for
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referentialists. Namely, descriptivism would predict
multiple associated properties would always be favored in
picking out an individual over the single associated
property 3. If there is an effect of this manipulation, then it
might be speculated that in the current study there was an
underestimate of descriptivist answers. In that case, some
covert-descriptivists might have chosen the name based off
the picture when the property was not unique, as they
believed the picture retained more of the name’s associated
properties in comparison to the one explicit property that
was mismatched and not unique. This could potentially
explain away some of the apparent hybrids or even the little
referentialists that were found in the present experiment.
Additionally, strength of conviction could be added for
each response in our present design to examine whether
certain intuitions relate to more or less certain participants.
A measure of one’s readiness to accept under-informative
implicatures (e.g., Antoniou, Cummins, & Katsos, 2016)
could also be included, as our vignettes are arguably fairly
ambiguous. Consequently, the results rely on the
participants’ gratuity towards the ambiguity of the vignettes
and the assumption that they do not mistrust the setting.
Future research could also focus on compiling the
different experimental paradigms from the literature and
then test them as a within-participants variable. Doing so
would allow for a comparison of paradigms that have so far
found contrasting results. With that, instead of speculating,
we could begin the discussion about correct
operationalization of the phenomenon at hand in virtue of
both the experimental paradigms and the theories behind it.
Lastly, it is important to note the limitations of the small
sample size used in this study, as well as of the small
number of trials per participant which ensured that a
crossing between each level of each variable occurs only
once. Despite that, our pilot 4 with a sample size of N = 115
yielded the same pattern of results as we did now due to
which we decided to go with a smaller sample size. We are
nonetheless in the process of running this design on a bigger
sample with a larger number of trials and added strength of
conviction per trial. We hope to validate and expand on the
current conclusions in the overpowered sample.
In summary, this study presented a novel experimental
paradigm for inquiring into the question of semantic
reference within the philosophy of language. The
interpretation of the results of the present experiment
depend on the chosen consistency criteria. If we take the
more lenient consistency criteria, then it seems the results
indicate a fairly strong prevalence of descriptivists within
the population, aside a comparably small portion of hybrids
and referentialists. For the lenient criteria, participants
appeared to be predominantly consistent across trials. The
results are interpreted somewhat differently when adhering
to the stricter criteria according to which the number of
3 Based on the third thesis where a referent of a name satisfies
the most of the name's associated properties.
4 In the pilot, one trial was spread across multiple screens, and
the explanations of negations for B-type trials were less elaborate.

hybrids is equal to or greater than the number of
descriptivists. This ultimately leads to an equal amount of
internally consistent and inconsistent participants. For both
criteria, the number of causal participants remains very low
when compared to the number of descriptivists and hybrids.
These findings, especially when read through the lenient
criteria, go contrary to the trends found in the past literature.
These report an equal amount of descriptivists and
referentialists, or alternatively, the predominance of
referentialists. While some might take these results to
motivate a theoretical move towards descriptivism, these
could also be taken to suggest that the phenomenon of
semantic reference is either a variable phenomenon which is
sometimes descriptivist and sometimes causal, or
alternatively, that these two theories have simply failed to
capture the true way in which people use proper names.
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ity that the listener assigns to the object being the target.
To test this hypothesis, we supplement the eye-tracking data
from Leffel et al. (2016) with an ofﬂine incremental decision
task to measure participants’ beliefs about the intended referent at various points in the unfolding sentence, and assess
the extent to which these beliefs predict the eye-tracking data.
The results suggest that the degree to which an object is believed to be the referent is only one factor that affects eye
movements in referential tasks. Preliminary free production
data we have collected for the scenes suggests that utterance
expectations also play a role. We discuss methodological implications of these results for experimental linguistics.

Abstract
A common dependent measure used in visual-world eyetracking experiments is the proportion of looks to a visually
depicted object in a certain time window after the onset of the
critical stimulus. When interpreting such data, a common assumption is that looks to the object reﬂect the listener’s belief
that the object is the intended target referent. While this is
intuitively plausible (at least for paradigms in which the task
requires selecting a referent), relatively little is known about
how exactly the proportion of looks to an object is related to
a listener’s current belief about that object. Here, we test a
simple, explicit linking hypothesis: the proportion of looks to
an object correlates with the probability that the listener assigns to the object being the target. To test this hypothesis,
we supplement the eye-tracking data from Leffel, Xiang, and
Kennedy (2016) with an ofﬂine incremental decision task to
measure participants’ beliefs about the intended referent at various points in the unfolding sentence, and assess the extent to
which these beliefs predict the eye-tracking data. The results
suggest that the degree to which an object is believed to be the
referent is only one factor that affects eye movements in referential tasks. Preliminary free production data we have collected for the scenes suggests that utterance expectations also
play a role. We discuss methodological implications of these
results for experimental linguistics.
Keywords: eye-tracking; visual world; linking functions;
gradable adjectives; vagueness; imprecision; semantics; pragmatics

Figure 1: Visual world paradigm used in Sedivy et al., 1999

Introduction
Eye-tracking experiments using the visual world paradigm
(VWP, Tanenhaus, Spivey-Knowlton, Eberhard, & Sedivy,
1995) are widely used in linguistics (Sedivy, Tanenhaus,
Chambers, & Carlson, 1999; Leffel et al., 2016). In standard
VWP tasks, participants view displays of four objects while
listening to spoken sentences while their eye movements are
monitored (see Fig. 1). A commonly used dependent measure
for evaluating whether experimental conditions – that reﬂect
theoretically interesting conditions – differ from each other is
the difference in proportion of looks to a visually depicted object in a certain time window after the onset of a critical stimulus across condition. When interpreting such data, a common assumption is that looks to the object reﬂect the listener’s
belief that the object is the intended target referent. While
this is intuitively plausible (at least for paradigms in which
the task requires selecting a referent, cf. Salverda & Tanenhaus, 2017), relatively little is known about how exactly the
proportion of looks to an object is related to a listener’s current belief about that object (but see Allopenna, Magnuson, &
Tanenhaus, 1998). Understanding the relation between looks
and beliefs is crucial for the theoretical interpretation of eye
movement data for the purpose of linguistic theory-building.
Here, we test a simple, explicit linking hypothesis: the proportion of looks to an object correlates with the probabil-

A case study: gradable adjectives
We tested the above linking hypothesis on an eye movement
dataset that was collected with the intention of informing the
debate over semantic theories of gradable adjectives such as
empty and big. We recap the theoretical motivation for the
experiment before focusing on testing the linking hypothesis.
According to degree-based approaches to the meaning of
gradable adjectives (e.g., Kennedy, 2007), an object o satisﬁes a gradable adjective A iff o’s degree of A-ness exceeds
a standard of comparison θ. There are empirical differences
between how big and empty are interpreted. Relative adjectives such as big and tall are context-sensitive and vague. In
contrast, maximum adjectives such as empty and straight are
not (or much less) vague: strictly speaking, a glass is empty
iff it exhibits a maximum amount of emptiness (i.e., it is completely empty).1
The maximum/relative distinction is complicated by the
fact that speakers often use these adjectives in an imprecise
way. For example, it is often acceptable to call a glass empty
when in fact there is still a little water in it.
1 There is a third class of gradable adjectives such as bent and
dirty, which only requires a minimum degree as the standard θ. Following Leffel et al. (2016), we do not consider such adjectives.
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(a) Max (empty), contrast

(b) Max (empty), no contrast

(c) Rel (big), contrast

(d) Rel (big), no contrast

Figure 2: Stimuli used in Leffel et al., 2016. Critical sentences are of the form “click on the [adj] [noun]”

Figure 3: Proportions of looks on targets and competitors for
different adjective types (columns) across contrast conditions
(rows) from Leffel et al.’s (2016) visual world study. Blue
lines indicate 200ms after average noun onset.
There is a consensus in the literature that the interpretation of relative adjectives involves resolution of the standard
θ based on contextual information. However, theories differ
in terms of how they analyze maximum adjectives and in particular their imprecise uses. According to recent probabilistic approaches, imprecise uses of maximum adjectives can be
captured by a uniﬁed model of the contextual resolution of
θ, and the differences between maximum and relative adjectives follow from different world knowledge about the various
properties denoted by gradable adjectives (Lassiter & Goodman, 2013, 2015; Qing & Franke, 2014a, 2014b). Following Leffel et al. (2016), we call such approaches the semantic hypothesis about imprecision (HS). In contrast, Leffel et
al. (2016) proposes a pragmatic hypothesis (HP), according
to which maximum adjectives always use maximum degrees
as θ and imprecise uses are due to an additional pragmatic
mechanism that relaxes their strict literal meanings.
Leffel et al. (2016) attempted to use VWP to adjudicate
between these two hypotheses. They conducted a variant of
Sedivy et al.’s (1999) experiment (Fig. 1), in which participants saw displays of four objects and their task was to take
actions according to auditory stimuli such as “touch the tall
glass.” Among the four objects, there was one that uniquely
satisﬁed the full DP the tall glass (the target object). In addition, there was a competitor object that satisﬁed the adjective
but not the noun (the tall pitcher). In half of the displays (the
contrast condition) there was an object (the contrast) that satisﬁed the noun but not the adjective (e.g., the short glass). The

rest of the objects were distractors that satisﬁed neither the
adjective nor the noun (e.g., the comb and the key). The main
ﬁnding, now a classic effect, is what has since been termed
the Referential Contrast Effect (Sedivy, 2003): there was a
difference in proportions of looks between the contrast and
no-contrast conditions when only the adjective information
was available, such that listeners looked more to the target in
the presence of a contrast member, presumably as a result of
pragmatic reasoning about the adjective only being necessary
to distinguish two members of a contrast pair.
Building on Sedivy et al. (1999), Leffel et al. (2016)’s
study leveraged the Referential Contrast Effect to test the
processing of both maximum and relative gradable adjectives
(Fig. 2). Crucially, the competitor object always exhibited a
higher degree of the property denoted by the adjective than
the target (T<C condition), and in the case of maximum adjectives the competitor satisﬁed the adjective perfectly (e.g.,
the perfectly empty cylinder in Fig. 2). Thus, in the case of
maximum adjectives the target object was described by the
adjective only in an imprecise way.

Figure 4: Visual stimulus in the prior window in the incremental decision task. In the adjective window, the adjective
(e.g., big) was additionally displayed; in the noun window,
the noun (e.g., triangle) was also displayed.
They observed a Referential Contrast Effect for maximum
adjectives but not for relative adjectives (Fig. 3). They concluded that this favors HP, based on the following reasoning. (i) If HS were true, the resolution strategy of θ should
be the same for both maximum and relative adjectives and
hence the same processing pattern is expected for both types
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of adjectives. (ii) If HP were true, the resolution strategies
of θ should be different for maximum and relative adjectives
and hence their processing patterns should differ as well. (iii)
Given that RCE was observed only for maximum adjectives,
the empirical ﬁnding is compatible with HP but not HS.
This kind of reasoning is commonplace in experimental semantics/pragmatics and we would like to probe some of the
premises involved. In this paper, we focus on (i). For probabilistic approaches, the resolution strategy of θ is speciﬁed at
the computational level (Marr, 1982). Given that having the
same computational mechanism does not generally guarantee
the same processing pattern (e.g., it takes longer to calculate
the sum of two 30-digit numbers than 3-digit numbers, even
though the underlying computational mechanisms can well
be the same), (i) is not valid without additional assumptions.
In fact, two types of additional assumptions are needed: (a)
an assumption about the computational product of the resolution strategy, e.g., the contrast manipulation will affect probabilistic beliefs about the intended referent in the same way
for both types of adjectives, and (b) a linking hypothesis: an
assumption about the link between the computational product (probabilistic belief about the referent) and the processing
pattern (proportion of looks), e.g., the proportion of looks to
an object reﬂects the probability that the listener assigns to
the object being the intended referent (in the same way for
both types of adjectives).
Given the central role that listeners’ beliefs about the intended referent play in the above assumptions, we directly
measured these beliefs using a novel ofﬂine paradigm (which
we refer to as the incremental decision task). We will focus on the linking hypothesis in (b) for two main reasons.
First, existing probabilistic theories mentioned above are designed for descriptive uses of gradable adjectives (e.g., “John
is tall”) and do not directly make predictions about the referential uses in Leffel et al.’s experiment, Therefore it is unclear whether the assumption in (a) holds. But even if it does,
the linking hypothesis in (b) still needs to hold for (i) to be
the case. More importantly, the linking hypothesis in (b) is
widely assumed in the psycholinguistics literature and is independent of the particular theoretical debate about gradable
adjectives. Testing it therefore is relevant to any area of experimental linguistics that uses visual world eye-tracking.

Experiment 1: Incremental decision task
To directly measure listeners’ beliefs about the intended referent at various points in the unfolding sentence and compare
them with Leffel et al.’s eye movement data, we conducted
an ofﬂine incremental decision task similar to the gating task
used by Allopenna et al. (1998).

Methods
Participants We recruited 100 self-identiﬁed native English speakers via Amazon Mechanical Turk.
Materials We used the same visual stimuli as Leffel et
al., 2016 (examples in Fig. 2). There were 60 critical visual
displays, 20 of which were constructed out of 5 maximum

adjectives (empty, full, straight, ﬂat, and closed) and 40 of
which were constructed out of 5 pairs of relative adjectives
(tall/short, long/short, big/small, wide/narrow, thick/thin).
Half of the displays occurred in the contrast condition and
the other half in the no-contrast condition.
Procedure Participants were told that they were playing
a game with another Turker, who sent a message to instruct
them to click on one of the objects. In addition, they were
told that due to a slow internet connection, they would sometimes need to make a choice even before their partner’s entire
message came through. The critical sentence “Please click on
the [adj] [noun]” was revealed incrementally and participants
clicked on the presumed intended referent after (a) the article
“the” (Fig. 4), (b) the adjective, and (c) the head noun. After
each click the next word or the next display was shown. After
one practice example, each participant saw 120 displays in a
random order, 30 of which were critical displays (10 maximum and 20 relative).

Figure 5: Proportions of clicks on the targets and competitors
in the incremental decision task in different windows (x-axis),
for different adjective types (columns) across contrast conditions (rows). Error bars indicate 95% CIs.

Results
Clicks Proportions of clicks on targets and competitors for
different adjective types and conditions are shown in Fig. 5.
In the prior window (i.e., right after the deﬁnite article the),
participants’ proportions of clicks on the targets and competitors were around .25. In the adjective window, for maximum
adjectives the majority of the clicks were on the competitor, which perfectly satisﬁes the adjective, and fewer clicks
(around .25) were on the target, which only loosely satisﬁes
the adjective. In contrast, for relative adjectives, in the nocontrast condition about half of the clicks were on the competitor and fewer were on the target, which exhibits a lower
degree of the property denoted by the adjective than the competitor, whereas in the no-contrast condition the reverse was
the case: about half of the clicks were on the target and fewer
were on the competitor. Finally, in the noun window, the vast
majority of the clicks were on the target.2
2 Not all of the clicks were on target, apparently because participants found that some of Leffel et al.’s stimuli did not unambigu-
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Figure 6: The 3 windows used in the eye-tracking data
Clicks vs looks To test the linking assumption that the proportion of looks to an object reﬂects the probability that the
listener assigns to the object being the intended referent, we
reanalyzed the eye-tracking data from Leffel et al., 2016 in 3
time windows: prior, adjective, and noun: the prior window is
the ﬁrst 200ms after the onset of the adjective, during which
the information of the adjective has not yet been reﬂected in
eye movement due to planning; the adjective window is the
ﬁrst 200ms after the onset of the noun; the noun window is
500–700ms after the onset of the noun (Fig. 6). The windows
were chosen so that the click data and the eye-tracking data
are maximally comparable: they were late enough so that the
previous information had been processed as much as possible
yet without the inﬂuence of the new information, making it
close to the ofﬂine task that has no time limit.

Figure 8: Correlations between click and eye movement
data in the adjective window for different adjective types
(columns) and contrast conditions (rows)

Figure 9: Correlations between click and eye movement data
in the noun window for different adjective types (columns)

Figure 7: Correlations between click and eye movement data
in the prior window for different adjective types (columns)
In the prior window (Fig. 7), we observed no signiﬁcant
correlations between proportion of looks and proportion of
clicks on an object (r < .03, p > .1 for both adjective types).
In the adjective window (Fig. 8), in the contrast condition,
we observed no signiﬁcant correlation between proportions
of clicks and looks for maximum adjectives (r = .055, p > .1)
but a medium correlation for relative adjectives (r = .462, p <
.01). In the no-contrast condition, we observed a weak correlation for both maximum (r = .281, p < .01) and relative
(r = .256, p < .01) adjectives.
In the noun window (Fig. 9), we observed a strong correlation between proportions of clicks and looks for both maximum and relative adjectives (r > .8, p < .001).

Discussion
The results suggest that the degree to which an object is believed to be the referent correlates with the proportion of
ously pick out the intended referent. For example, some participants
clicked on a perfectly straight arrow when they saw it alongside a
slightly bent line with the request “please click on the straight line”.
Several participants commented that their partner seemed to be using
“line” to descibe arrows, and similarly for certain other shapes.

looks on that object to various extents depending both on the
window and the adjective type.
As the sentence unfolds, the correlation between clicks and
looks generally increases. This is likely due to a tradeoff between exploration and exploitation: In earlier windows, participants were less familiar with the objects. Thus, they were
likely mainly exploring the scene, resulting in eye movements
that were not signal-driven, and consequently their proportions of looks did not necessarily correlate with their belief
about the intended referent. In contrast, in later windows
participants were more familiar with the objects and might
have had more resources available for exploiting their signaldriven beliefs.
We also observed that in the adjective window, adjective
type affects the correlation between clicks and looks and the
correlations are relatively low compared with Allopenna et
al.’s results. Note that in Allopenna et al.’s studies, participants were trained to name all the items so they had no
uncertainty about how the target would be called, whereas
the adjectives in Leffel et al.’s experiments were probably
less expected because modiﬁcation was not necessary in the
no-contrast conditions and presumably color adjectives were
more likely modiﬁers. Therefore we hypothesized that the
differences in correlations were due to different expectations
of hearing the adjectives. If participants hear a less expected
adjective, they will need to explore the scene more, e.g., to
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(a) Sample stimuli

(b) Proportions of ﬁrst word being the target adjective

Figure 10: The free production experiment and results (error bars indicate 95% CIs)
evaluate whether each object satisﬁes the adjective, and hence
the correlation between proportions of looks and beliefs will
be lower. If participants hear a more expected adjective, they
can directly exploit the signal, and hence the correlation between proportions of looks and beliefs will be higher. Given
that it is easy to shift the standard θ in light of the local comparison between the target and the contrast objects for relative adjectives but difﬁcult to do so for maximum adjectives
(Syrett, Kennedy, & Lidz, 2010), and given that there is no
need to use an adjective in the no-contrast condition, we hypothesized that adjectives were most expected in the contrast
condition for relative adjectives.
To test this hypothesis, we conducted a free production experiment on Amazon Mechanical Turk to measure the likelihood of the participants describing the target using the adjective in Leffel et al.’s original experiment and Exp 1.

Experiment 2: Free production task
Methods
Using the same stimuli as in Exp. 1, 100 self-identiﬁed native English speakers were told that they were playing a game
with a partner and their task was to instruct their partner to
click on the target object, which was surrounded by the grey
dashed line that their partner could not see. To familiarize
the participants with the task, they ﬁrst played 8 listener trials
similar to Exp 1 but only with full sentences, then practiced 1
speaker trial, and ﬁnally played 30 speaker trials where they
completed the sentence “please click on the ” for either the
target or the competitor in the critical trials in Exp 1. They
were told not to mention colors or locations to make the game
more challenging. (In a pilot study without this restriction, almost all the adjectives in the responses were color terms.)

Results
Fig. 10b shows the proportions of descriptions of the target
object in which the ﬁrst word was the adjective used in Leffel
et al.’s original experiment and Exp 1 (referred to as the target
adjective). The target adjective was used the most in the contrast condition for relative adjectives, and in the other three
cases the target adjective was used less. Note that the target adjective was not likely to be used right after the deﬁnite

article (probabilities <.1 in all four cases). Instead, participants often used comparative forms (e.g., wider rectangle),
modiﬁers (e.g., almost empty cube), and sometimes different
adjectives (e.g., big instead of tall/wide).

Discussion
The results provide some initial support for our hypothesis
that expectations of the adjectives also play a role in the correlation between looks and clicks. The target adjective was
more likely to be used right after the deﬁnite article the in
the contrast condition for relative adjectives than in the other
3 cases, therefore it was most expected by the listener and
indeed the correlation between looks and clicks was the highest for relative adjectives in the contrast condition. However,
note that in the other 3 cases since the target adjective was
very unlikely to be mentioned (probabilities < .02), we do
not have enough evidence to determine whether expectations
of adjectives can account for their different correlations.

General discussion
Our results suggest that at least in this dataset, the linking
hypothesis stated previously is only partially supported: the
degree to which an object is believed to be the referent is only
one factor that affects eye movements in referential tasks in
which participants’ goal is to interact with the intended referent; utterance expectations also play a role in this referential task. This has methodological implications for how proportions of looks in visual-world eye-tracking experiments
should be interpreted.
Experimental results that manipulation X induces more
looks on the target are often characterized as the manipulation facilitating reference resolution, which in turn often implies that manipulation X induces a stronger belief that the
target is the intended referent (e.g., Leffel et al., 2016; Mulders & Szendroi, 2016; Kurumada, Brown, Bibyk, Pontillo,
& Tanenhaus, 2015; Salverda & Tanenhaus, 2017, among
many others). However, this interpretation is valid only if
the correlation between beliefs and looks is constant across
manipulation X. Our results show that this may not always be
the case. Therefore, additional caution is needed to make sure
that empirical measures such as proportions of looks actually
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track the theoretical constructs that researchers are interested
in. For example, without testing the linking hypothesis, one
might look at Leffel et al.’s results in Fig 3 and conclude from
more looks on the target in the adjective window in the contrast condition for maximum adjectives that participants preferred the imprecise interpretation of maximum adjectives in
the presence of contrast.3 This is at odds with the results from
our ofﬂine incremental decision task that directly measured
participants’ beliefs (Fig. 5).
We note that our study is only a ﬁrst stab at testing explicit linking hypotheses used in visual-world eye-tracking
studies. Further research is required to assess to what extent
these results are robust and generalizable across eye movement datasets in experimental linguistics, but we believe that
the ofﬂine incremental decision task provides a promising
way to start investigating such problems. We are focusing on
referential tasks where participants are instructed to interact
with the referent. Such tasks can be straightforwardly adapted
to ofﬂine incremental decision tasks and the correlations between clicks and looks can be tested. It would also be interesting to extend and apply the ofﬂine incremental decision task
to passive-listening tasks to test correlations between looks
and listeners’ beliefs about the current or upcoming referent.
Finally, the ofﬂine incremental decision task might be useful
to test other linking hypotheses.

Conclusion
In this paper, we supplemented the eye-tracking data from
Leffel et al. (2016) with an ofﬂine incremental decision task
to measure participants beliefs about the intended referent at
various points in the unfolding sentence, and tested a simple,
explicit linking hypothesis: the proportion of looks to an object correlates with the probability that the listener assigns to
the object being the target. Our results suggest that the degree
to which an object is believed to be the referent is only one
factor that affects eye movements in referential tasks. Preliminary free production data we have collected for the scenes
suggests that utterance expectations also play a role in determining the correlation between clicks and looks. When the
adjective is most expected, we observed the highest correlations, i.e., beliefs were a better predictor of eye-movements.
Based on these results, we argue that proportions of looks in
visual-world eye-tracking experiments should be interpreted
with more caution and suggest stating the linking hypothesis
explicitly and test it using the incremental decision task.
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Abstract
We address competing perspectives on how social-indexical
meaning is learned in language, using data from artificial language learning experiments and two studies in small-scale
societies. Our results indicate that learning social-indexical
meaning is primarily allocentric as opposed to egocentric:
speaker success in learning a social-indexical meaning pattern
depends on overall exposure to the pattern more than the pattern’s relative importance to the speaker. We base these claims
on data from American English-speaking adults, Datoogaspeaking children, as well as adults and children speaking
Murrinhpatha. The results highlight the importance of widening the sample of methods and data sources in studying how
variation in language is learned and maintained.
Keywords: language learning, variation, American English,
Datooga, Murrinhpatha

Learning social-indexical meaning
Social-indexical meaning in language refers to the nonlinguistic context, such as the addressee or the setting. Such
meanings together constitute the sociolinguistic norms of a
community (Eckert, 2008).
In this paper, we compare egocentric and allocentric perspectives on learning social-indexical meaning in language.
The distinction comes from the spatial memory literature, indicating (to put it simply) directions that are relative or absolute to the individual (e.g. ‘right/left’ versus ‘North/South’)
(Burgess, 2006). In terms of social-indexical meaning, an
egocentric learner attributes more importance to patterns that
are more relevant to them. In this case, individuals who rely
more on social-indexical variation will show more sensitivity
to it. In contrast, allocentric learning is unweighted statistical
learning, which means that learning success is determined by
exposure to the pattern. This, in turn, will depend on the pattern’s prevalence in the community – not its relevance to the
speaker.
This distinction comes to the fore in classic variationist sociolinguistic discussions of language change above and below the level of consciousness (Labov, 2001), and the robust (though, here, simplified) observation that women are
more likely to adopt both innovative variants ‘from below’
and overtly standard social-indexical variants ‘from above’ –
the so-called ‘gender paradox’.

The allocentric explanation of this pattern is that women in
the West are more likely to be well-connected and upwardly
mobile, and thus more exposed to sociolinguistic variation in
a wider range of fine-grained interactions. As a result, they
are more flexible in using social-indexical meaning in language (Milroy, 1980).
The egocentric explanation is that women are both more
likely to be policed for their language use and rely more on
social capital (Lakoff, 1973). As a result, they are more sensitive to social-indexical meaning. The difference between
the two explanations lies in the emphasis on exposure versus
sensitivity.
The problem is that, in observational data, exposure and
sensitivity can be conflated, and so these explanations are difficult to distinguish from each other. Pressures on sociolinguistic variation are easier to capture during language learning.
However, the learning of social-indexical meaning in language is understudied (Foulkes, 2010). We know children are
sensitive to it from an early age (Smith, Durham, & Richards,
2013; Samara, Smith, Brown, & Wonnacott, 2017), but the
main body of sociolinguistic work comes from surveys of established conventions used by adults in large-scale Western
societies (Labov, 2001).
At the same time, different large-scale societies, such as
Arabic-speaking countries, show a different picture of gendered linguistic variation (Bakir, 1986). What is more,
small-scale societies function on different scales and result
in very different cognitive profiles than large-scale societies
(Henrich, Heine, & Norenzayan, 2010). This means that a
comprehensive study of sociolinguistic variation will benefit
from a broader range of sources and methods.
Here, we rely on psycholinguistic and anthropological
methods to argue for the primacy of allocentricity in learning social-indexical meaning in language. We do so by using limiting cases from different settings: American English
speakers exposed to a controlled artificial language, Datooga,
a language with categorical, gendered speaker variation, and
Murrinhpatha, a language with categorical, context-specific
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word variation.

Aims
We draw on three case studies to look at egocentric versus
allocentric learning of social-indexical meaning. Our aims
are to investigate how social-indexical meaning is learned and
generalised in three different settings and to show that allocentric learning takes primacy: learner accuracy reflects the
overall prevalence of a social-indexical pattern as opposed to
its relevance to the individual (or the individual’s subgroup).

the competitor cue. Any distinction can serve as main cue or
competitor cue for a given participant.
So, for instance, in training, the participant has to learn that
the suffix is ‘-pel’ for a woman and ‘-fis’ for a man, irrespective of their age. The main cue here is gender, the competitor
cue is age. In test, they have to generalise this pattern to female and male conversation partners of a different skin tone.

Artificial language learning with American
English-speaking adults
Design We used a series of short games, played on Amazon
Mechanical Turk, to train American English-speaking adults
on a simple suffixation pattern in an artificial language (AL).
In the game, the participant guides a bird through a series of
rooftops to its nest. Each rooftop has a riddle that the bird has
to answer in order to proceed.
In training, participants see a nonce word and two possible
suffixed variants, as well as a ‘conversation partner’. They
have to choose one suffixed variant. The nonce words name
objects and the suffixed forms denote the diminutive variant
of the object. The correct choice depends on the conversation
partner.
Participants see six words with four conversation partners.
They receive feedback on whether their choice of a suffix was
correct. Training is followed by test. Here, in addition to the
previously seen words and partners, they see six additional
words and four additional partners1 . The layout of a training
and a test trial can be seen in Figure 1. The order of images is
randomised for each participant, and the words and suffixes
are randomly selected from a set of nonce syllables.

Figure 1: Layout of the task: training is daytime (left), test
is nighttime (right). Conversation partner on the right (AL
experiment).
Conversation partners across tasks can be seen in Figure 2. A participant sees two simplified distinctions out
of four: gender (female/male), age (adult/child), ethnicity (darker/lighter), or view (spatial orientation) (front/side).
Participants have to focus on one distinction as the main cue
of the suffixation and ignore a different distinction, which is
1 For

details, see (Rácz, Hay, & Pierrehumbert, 2017, 2018)

Figure 2: Conversation partners across tasks (AL experiment)
369 participants completed the tasks successfully (mean
age = 33, 201 women), with 27-45 participants in a given
across-participants condition.
Hypotheses The allocentric expectation is that learning
success mirrors exposure to the pattern in the real world: The
gender distinction will be the easiest to learn as a main contextual cue in the artificial language. The spatial orientation
distinction will be the hardest. The age and ethnicity distinctions will be in between. Gender is learned early by infants
(Walker-Andrews, Bahrick, Raglioni, & Diaz, 1991) and is
a robust sociolinguistic marker (Labov, 2001). This is likely
because, while gender is not binary, differences are perceptively more bimodal than in the case of either age or ethnicity.
The egocentric expectation ties back to the gender paradox
outlined in the first section. If women rely more on socialindexical knowledge, female participants should show higher
learning success in the task.
Results We used mixed-effects logistic regression to analyse test results, considering random slopes for robust predictors. The outcome is correct answer in the test trials. The
predictors are participant age and gender, whether the participant has seen the trial target item / conversation partner
in training, and the main cue and the competitor cue type in
training.
Participant test accuracy hinges on the main cue. It is lower
with the age and ethnicity cues than with the gender cue.
However, this is mediated by familiarity with the conversation partner: test accuracy is similar across the three main
cues if the conversation partner is familiar from training, but
the age cue and the ethnicity cue fare worse than the gender
cue with new conversation partners (p < 0.05). This can be
seen in Fig 3, showing the raw data. While participant distribution is bimodal, the means are indicative of the overall
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trend. The view (spatial orientation) cue is worse overall.
Fig 3 shows how participants generalise the different cues.
For the gender cue, accuracy is the same with previously seen
and new partners. The pattern is generalised easily. For the
view cue, accuracy is around chance in both cases. For the
two intermediate cues, however, participants are more accurate when they see a conversation partner who is familiar from
training2 .
partner new

partner seen

1.00

correct

0.75

0.50

aries with respect to speaker gender: Datooga name avoidance.

Name avoidance in Datooga
Datooga is a Nilotic language spoken by a traditionally pastoralist ethnic group living in northern Tanzania. They practice name avoidance: married women do not use the names of
many of their husband’s ancestors. These women also avoid
words that sound similar to these names, and instead rely
on a conventionalised avoidance register that is a mixture of
Datooga circumlocutions (‘donkey’ = ‘thing that is loaded’),
phonological mutations, and borrowings from Swahili, the
lingua franca of Tanzania. The register is not used by
men, though they have to understand it to communicate with
women (Mitchell, 2016).
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Figure 3: Response accuracy across main cue type and generalisation (AL experiment)
Older participants have higher test accuracy (p < 0.05), but
self-reported participant gender makes no difference.
Discussion The results speak for the prevalence of allocentric learning. Participant behaviour reflects knowledge of sociolinguistic variation. Gender, which is robust, and learned
early by infants, is relatively easy to learn as a non-linguistic
contextual cue of suffixation. Spatial orientation is very difficult. Distinctions that are also robust but more finely grained
in the ambient language, age and ethnicity, are more restricted
in scope to individual conversation partners and are harder to
generalise to new partners.
Participant accuracy does not depend on participant gender. While the task does not explicitly test weighted learning,
this suggests that even if the gender paradox can be explained
via the heightened sensitivity of American English-speaking
women, this sensitivity is not utilised in this sample.
This simple study offers a controlled way of testing predictions on learning social-indexical meaning. However, sociolinguistic variation in American English is typically diffuse, interlaid, and stochastic. For instance, while gendered
language use is attested, it is not based on categorical distinctions in the speech of sharply distinct social groups (Eckert &
McConnell-Ginet, 1992). We address this by drawing on field
data from two communities and two social-indexical meaning
patterns that offer limiting cases. Our first case is a linguistic
pattern that is explicitly negotiated and draws sharp bound2 We

calculated the Minkowski distance between image pairs to
assess how distinct these are visually. We found no effect of the size
of Minkowski distance between a pair on how easy it was to learn to
contrast the pair.

Design The data presented here come from a name avoidance questionnaire completed by 30 Datooga-speaking children in five locations in Mbulu district of Manyara region in
northern Tanzania3 . The children’s estimated age is between
7-11; 17 are girls.
The questionnaire is read out to each participant by the
fieldworker. It contains a comprehension and a production
part. In comprehension, children hear 10 avoidance terms
and have to give the ordinary term. In production, children
hear 20 ordinary Datooga terms and have to give the avoidance term.
Questions The allocentric expectation is that children who
live in a more mono-ethnic and more mono-lingual environment will be more immersed in avoidance practice and, as
a result, give more accurate responses. The task warrants a
strong egocentric expectation: since only women use the register, we expect girls to be more accurate than boys, especially
in the production task.
Results We used mixed-effects logistic regression to model
the data. The outcome is a correct or incorrect form provided by the participant, the predictors are participant age and
gender, whether the participant goes to school, and task type
(comprehension versus production). Task type is a withinparticipant condition. We used a participant random intercept, grouped under a location random intercept.
Overall, accuracy of both girls and boys in both task types
is low. The best participant has a mean accuracy of 0.5 (15
correct answers), the worst has 0.07 (2 correct answers). Girls
are slightly more accurate than boys (p < 0.05), which either
shows a genuine advantage in the register, or an overall advantage in fluency. (Young girls tend to be more fluent speakers than young boys, and our measures of controlling for this
3 The

design was pre-registered by the Open Science Foundation ( https://osf.io/xfjgq/), the data were collected by Alice
Mitchell during her field trip between March-October 2017. The
data have not been published elsewhere.
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difference in the field have proven ineffective.) There is no
difference in accuracy across task type (Figure 4).
comprehension
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0.0
female

male

female

male

gender

Name avoidance can be seen as a limiting case of genderbased sociolinguistic variation: married women have to produce avoidance terms but men only have to interpret them. It
is very likely that a sample of teens and young adults would
show a different picture, one that is marked by stronger gendered differentiation. Still, the children in our sample do have
some knowledge of name avoidance, without showing robust
gendered variation.
A different limiting case on sociolinguistic variation is one
in which a pattern shows speaker-level variation – it is used by
both men and women (as in the case of variation in American
English) but context-specific word variation is categorical, as
social-indexical meaning has a categorical mapping to the social environment. This is typified in sibling marking in the
verbal morphology in Murrinhpatha.

Sibling morphology in Murrinhpatha
Figure 4: Response accuracy across gender and task type: all
locations (Name avoidance task)
Response accuracy varies strongly across locations of data
collection. Some locations are more rural and mono-ethnic,
have no access to a local school, and are less influenced by
Christianity than others. Children in these locations show
higher overall accuracy. We speculate that the traditional
norm is enforced more strongly in these locations, so that they
run counter to the more general trend that name avoidance is
falling out of use across the Datooga-speaking regions of Tanzania (Mitchell, 2016)4 .
Discussion The artificial language (AL) task tests a suffixation pattern in a nonce language. Participants are adult
speakers of American English. The name avoidance task has
a much smaller sample size and focusses on children, testing their knowledge of a Datooga lexical stratum. The AL
task references social-indexical patterns that are diffuse and
stochastic in American English. The name avoidance task
draws from a register that shows almost no within-speaker
variation and categorical across-speaker variation, that is socially demarcated, involves explicit instruction, and is associated with traditional gender roles in Datooga.
Still, the Datooga data further support the primacy of allocentric learning. Despite the fact that name avoidance has a
radically different role in the life of women and men, we do
not see a substantial gendered difference in children’s knowledge of the avoidance register. At the same time, the rate
of exposure seems important: children who grow up more
immersed in the register show more knowledge. This can be
compared to the success of American English-speaking adults
who are trained with more robust cues in the AL task.
4 We collected data from children whose families avoid names
for up to 2 generations of the male lineage. We had to remove an
outlier, a boy whose family avoids names for up to 5 generations.
Unsurprisingly, this boy was far more accurate than the rest of the
cohort.

Murrinhpatha is an Australian Aboriginal language spoken
as a regional lingua franca predominantly at Wadeye, the former Port Keats mission in Northern Australia5 . Its speakers
are largely monolingual. Its kinship system is classificatory.
Every member of the community can be classified using a kin
term. For example, parallel cousins are classificatory siblings,
whereas cross-cousins are regarded as cousins.
Kinship has infused the Murrinhpatha verbal paradigm. As
in many Indo-European languages, subject and object gender
and number are marked on the verb. If the subject or object
number is either dual (‘two’) or paucal (‘a few’, cf. plural,
‘many’), the shared kinship status of the subjects / objects
– whether they are siblings or not – is also marked. That
is, a Murrinhpatha sentence informs the listener via verbal
inflection on whether the referents are siblings.
Sibling marking likely evolved in a complex way to allow
more discrimination in reference without the use of proper
names, as Murrinhpatha practices the avoidance of the names
of the deceased (Blythe, 2013). In any case, the correct use of
Murrinhpatha requires the speaker to know about the detailed
family relations of everybody that they want to talk about.
Design The data presented here come from a comprehension task completed by 39 Murrinhpatha speakers in Wadeye
(age range: 5-40, mean age 14; 16 females). The task is auditory and visual, and was carried out using a tablet. In the
task, each trial presents an activity (fighting / laughing / pointing / walking / waving) and an audio clip of a Murrinhpatha
sentence is played. The sentence depicts the activity with a
set subject number, gender, and sibling marking (indicating
presence or absence of a sibling relation).
Then, two pictures are presented, both showing members
of the local community (coming from one large and well
known extended family). Participants have to choose the picture that matches the sentence. This is either a match of the
5 The data were collected by Joe Blythe and Jeremiah Tunmuck
in 2015. The data have not been published elsewhere.
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verb’s gender (all males versus at least one female), the number (dual or paucal, i.e. more than two) and sibling marking (siblings or not siblings). The sibling dimension is made
more complex as some of the pairs depict biological siblings versus non-siblings; others depict parallel cousins versus cross-cousins. (Parallel cousins are labelled as siblings in
the Murrinhpatha kinship system.) Figure 5 shows an example of a trial picture pair, depicting fighting, and two pairs of
men in the community (one pair are brothers, the other pair
are not).

correct

0.8

0.6

0.4

A 5_7;9

B 7;10_10;6

C 10;7_13;3

D 13;4_16

E 16;1_40

Age group

Figure 6: Response accuracy across age groups (sibling task).

Questions Murrinhpatha sibling-marking offers a different
angle on allocentric / egocentric learning, focussing on the
word-level, rather than the speaker-level. The allocentric expectation is that distinctions in the verbal morphology are
learned together, irrespective of the amount of social information they require – if this social information were not naturally available, the language would be very hard to learn.
In contrast, the egocentric expectation is that socially conditioned verbal morphology is harder to learn than morphology
based on number and gender. We expect older participants to
be more accurate in the task in either case, but the egocentric expectation is that the additional social knowledge gives
older participants further advantage.
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Matching the correct picture with the sentence requires
prior knowledge of the world. If the match is based on gender
or number, the required knowledge is relatively simple. If it
is based on a sibling / non-sibling contrast, this knowledge is
more complex (entailing which pairs of humans are likely to
be siblings). If it is based on a cross- / parallel-cousin contrast, it is even more complex (entailing specific knowledge
of the kin relations of the community).

nu

Figure 5: Task trial example (sibling task)

In terms of the tested distinction types in verbal morphology, there is no discernible difference between morphological gender, number, and sibling agreement, indicating
that by the time children learn verb agreement, they already
have enough genealogical information to extend agreement
to sibling marking. In contrast, the identification of parallelcousins (but not cross-cousins) as siblings is slightly harder
(p < 0.1, Figure 7). That is, from a genealogical point
of view, generalisation proceeds from specific close-kin relationship to broader classification. From a developmental
point of view, however, by the time children have mastery
of the morphological template for sibling marking, they also
have most of the genealogical information – we see no interaction between participant age and the relative differences in
task type accuracy.

verb agreement type

Results We used mixed-effects logistic regression to model
the responses. The outcome is whether the correct picture is
chosen to pair with the sentence that the participant has heard
(see Figure 5). The predictors are participant gender and age,
as well as type of verb agreement (gender / number / sibling /
classificatory sibling). Verb agreement is a within-participant
condition. We tested for the interaction of participant age and
verb agreement.
Response accuracy is high. Participant age is a strong predictor of response accuracy in the task (p < 0.001). Participant gender makes no difference (Figure 6).

Figure 7: Response accuracy across distinction types (sibling
task).

Discussion Siblinghood in Murrinhpatha is determined by
close relations (having the same biological parents) and more
complex, socially defined relations (making a distinction between parallel- and cross-cousins). This socially negotiated
distinction is unambiguously coded in the verbal morphol-
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ogy. Unlike in Datooga, the linguistic pattern is anchored
firmly in the non-linguistic context (a context of siblings carries sibling-agreement, and so on), and it is used by both female and male speakers of the language. As in our Datooga
and American English case studies, we see no evidence that
female speakers would enjoy an advantage over male speakers.
Murrinhpatha supports the allocentric perspective: the similar rate of learning for morphological gender and number and
siblinghood indicate that social meaning permeates language
acquisition. However, we see a hint of egocentric learning:
more close-knit biological siblings are easier to recognise
than broader, socially constructed sibling relations.

General Discussion
Allocentric and egocentric biases overlap in processing sociolinguistic variation. A speaker’s social position might entail
that they are both more exposed to a social-indexical pattern
and are more sensitive to it. In this paper, we approach exposure versus sensitivity from different angles. Our artificial
language learning experiments reveal that participants bring
their prior knowledge with them into the task, that the overall robustness of the underlying pattern is more important in
predicting participant success, and that women enjoy no advantage over men in learning. This advocates for an allocentric reading, with the addendum that the stochastic nature of
social-indexical meaning in American English renders these
readings difficult to disentangle, even in a controlled experimental task.
The allocentric reading is supported by data on patterns
that are categorical, rather than stochastic, encodings of
social-indexical meaning (in both the Datooga and the Murrinhpatha case) and the use of which is overtly and strongly
gendered (in the Datooga case). While the Datooga example applies to a different linguistic domain (vocabulary, rather
than morphology), it offers a more clear-cut case of gendered
language than other examples from anthropology (Trechter,
1995). The Murrinhpatha case offers a specific example of
learning language alongside indexed social information: for
Murrinhpatha speakers, as for all of us, proficiency in language is necessarily combined with understanding the social
world.
The overall picture that emerges from these specific studies is that our knowledge of social-indexical meaning is built
largely on exposure, not filtered by sensitivity, and that learning social language use is, despite our conscious awareness
of social structure, largely automatic. What is more, this is
not restricted to a sample from a large-scale Western speaker
group.
Needless to say, the egocentric and allocentric perspectives
are not incompatible. In addition, these represent only a small
part of the problem space of learning and maintaining sociolinguistic variation. The types of variation we draw on
here also differ from each other in key aspects of indexicality, which definitely merits further discussion. The results re-

ported here demonstrate the usefulness of a broad toolkit and
an inclusive use of evidence in studying focussed problems in
social language learning, problems that can be generalised to
other aspects of learning theory.
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Rácz, P., Hay, J. B., & Pierrehumbert, J. B. (2017). Social
salience discriminates learnability of contextual cues in an
artificial language. Frontiers in psychology, 8.
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Abstract

of them (Fitting, 1972; see next section). So, the task of
pinning down which modal logic, if any, underlies
reasoning in daily life seems almost insuperable, which
may explain the dearth of studies. Our concern is how
individuals make deductions from modal premises to
modal conclusions, and we compared a theory based on
mental models with a logic that underlies infinitely many
other modal logics. It is known as System K in honor of the
logician Kripke, who showed how to formulate the
semantics of modal logics in a way that relates directly to
their different axioms (see below).

Reasoning about possibilities is fundamental in daily life and in
artificial intelligence. It is formalized in modal logics, of which
there are infinitely many. Two experiments showed that
individuals make inferences that are parsimonious about
possibilities, and that they reject conclusions referring to
possibilities that the premises do not support. Both sorts of
inference contravene modal logics, i.e., the simplest system of
modal logic and the infinite number of systems based on it.
Keywords: Modal logics, mental
reasoning, sentential connectives

models,

possibilities,

Modal logic in a nutshell

Introduction
Human reasoning about possibilities is a major cognitive
ability, and may be a precursor to reasoning about
probabilities. All Indo-European and many other languages
accordingly contain modal terms, such as possibly and
necessarily (Palmer, 2001). These concepts are formalized
in modal logics (Chellas, 1980; Fitting & Mendelsohn,
2012; Hughes & Cresswell, 1996; van Benthem, 2010),
which are useful in software engineering (Kontchakov,
2010), artificial intelligence (Russell & Norvig, 2010), and
philosophy, e.g., the logician Gödel used modal logic for
an ontological proof of the existence of God (Benzmüller
& Paleo, 2014). A crucial goal for cognitive scientists is to
determine how naive individuals, who know nothing of
logic, make modal inferences (Baron, 2008; Nickerson,
2010). Psychologists have studied how children develop
notions of possibility (Piéraut-Le Bonniec, 1980; Sophian
& Somerville, 1988; Shtulman 2007; 2009), and how
adults deduce conclusions about possibilities from factual
claims (Bell & Johnson-Laird, 1988; Bucciarelli &
Johnson-Laird, 2005; Evans et al., 1999; Goldvarg &
Johnson-Laird, 2000; Hinterecker, Knauff, & JohnsonLaird, 2016). But, they have seldom studied inferences
from modal premises. One exception is a pioneering study
of the relation between a simple modal logic and
adolescent performance (Osherson, 1976). What
complicates such studies is the existence of different
concepts of possibility, such as those depending on logic
alone (alethic), on knowledge (epistemic), on norms for
action (deontic), on time (temporal). Another complication
is the number of modal logics. There is a denumerable
infinity

System K combines the sentential calculus, i.e., negation
(not) and connectives, such as: conjunction (&),
disjunction (or), implication (®) with two modal
operators: possibly (¯) and necessarily (☐). These two
operators are interdefinable: if a proposition is possible,
then it is not necessarily impossible. System K is based on
a single modal axiom:
☐ (A ® B) ® (☐A ® ☐B)
That is, the necessity of proposition A implying proposition
B in turn implies that the necessity of A implies the
necessity of B. System K yields inferences that hold in all
normal modal logics, and the effect of adding further
axioms is to make new modal logics that yield additional
inferences.
The proof that there are a denumerably infinite number
of modal logics rests on the iteration of modal operators, as
in: ☐☐p, which asserts the necessity of necessarily p. But,
perhaps whatever is necessary is necessarily necessary.
Modality in daily life seldom concerns such issues: one can
pile on modal operators merely for emphasis, e.g., Perhaps
it is possible that it may rain. In a modal logic, however, it
may be legitimate to collapse three modal operators into
two, but not legitimate to collapse two modal operators into
one. This principle can be arbitrarily extended upwards, so
that it is legitimate to reduce n operators to n - 1, but no
further, where n is a natural number. The result is a
denumerable but infinite set of different modal logics.
The standard semantics for expressions in modal logic is
in terms of ‘possible worlds’. The basic idea is that if a
proposition is possible then there is at least one world in
the relevant set of possible worlds in which it is true. For
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example, if it is possible that it is raining in Yangon, then
there is at least one possible world in which it is raining
there. Logicians accordingly posit a set of possible worlds,
W, which normally includes the actual world, so that for
¯p to be true, p is true in at least one world, w, which is a
member of the relevant set of possible worlds W. Likewise,
for ☐p to be true, p is true in every world w in the relevant
set of possible worlds W. The relevant set of worlds in W
is determined by a relation of accessibility. System K is
the most general modal logic because it has no restrictions
on the accessibility relation. System T is based on System
K but it assumes that any world is accessible from itself,
i.e., accessibility is a reflexive relation. This semantic
assumption corresponds to the axiom (in the formal system
for T):
☐p ® p [If p is necessary then p holds]
This assertion, which seems plausible, cannot be proved in
K, because it lacks the axiom. As Kripke (1963) showed,
different constraints on the accessibility relation yield the
semantics for different axioms for modal logics. Human
reasoners could rely on a tacit modal logic (Osherson,
1976), but an alternative theory is that they make mental
simulations of possibilities (Johnson-Laird, 1983;
Khemlani et al., 2013) in models isomorphic to the world
(Johnson-Laird, Khemlani, & Goodwin, 2015; Ragni &
Knauff, 2013; Ragni, Khemlani, & Johnson-Laird, 2014).
According to this ‘model’ theory, three principles should
apply to modal reasoning. First, all inferences are made in
default of information to the contrary, and so reasoners
abandon conclusions that facts contradict. This procedure
is outside orthodox logic, which allows proofs of any
conclusion whatsoever from such a contradiction. Hence,
many so-called ‘nonmonotonic’ systems exist in cognitive
science to allow them to make tentative inferences that they
may subsequently withdraw (Marek & Truszynski, 2013;
Orenes & Johnson-Laird, 2012; Ragni, Sonntag, &
Johnson-Laird, 2016). The model theory merely gives
preference to a subset of the premises in the case of a
contradiction. Second, reasoners seek to minimize the
number of mental models of distinct possibilities in order
to reduce the load on memory. So, given the opportunity,
they should conjoin separate possibilities into a single
possibility. From the following sort of premise, for
instance:
¯A & ¯B [Possibly A and possibly B]
they should construct the mental models that we represent
in the following diagram in which each row denotes a
possibility:
A B
. . .
The first row denotes a model of the possibility of A and B
occurring together, but there are alternative possibilities,
and the ellipsis is a model that allows for them without
specifying their content. It follows that individuals should
draw this conclusion from the premise (∴ denotes
“therefore”):
∴ ¯ (A & B) [Possibly: A and B]

Here is an example of such an inference, which we used in
our studies:
It is possible that Steven is in Madrid and it is possible
that Emma is in Berlin.
Therefore, it is possible that Steven is in Madrid and that
Emma is in Berlin.
Although the model theory predicts that individuals should
draw this inference, it is invalid in all modal logics, from
System K onwards, because Steven being in Madrid could
imply that Emma is not in Berlin. In this case, both
propositions in the premise remain possibilities and so the
premise is true, but the conclusion is false. A corollary
according to the model theory is that individuals should not
draw the inference if the contents of the premise establish
that one proposition implies the negation of the other.
Third, reasoners take assertions such as disjunctions to
refer to conjunctions of possibilities that hold in default of
information to the contrary (Johnson-Laird et al., 2015).
Hence, the disjunction:
A or B
refers by default to a conjunction of three exhaustive
possibilities:
A
(Possibility 1: Only A holds)
B (Possibility 2: Only B holds)
A
B (Possibility 3: A and B both hold)
When nothing in the premises supports one of the
possibilities in such a conjunction, individuals should balk
at the inference. For instance, they should not make the
inference from the possibility of an exclusive disjunction
to the possibility of an inclusive disjunction:
¯ (A xor B) [Possibly either A or B, but not both]
∴ ¯ (A or B) [Possibly A or B, or both]
where ‘xor’ denotes an exclusive disjunction in which both
propositions, A and B, cannot hold together. Nothing in the
premise supports their joint possibility, which is member
of the conjunction of possibilities to which the conclusion
refers. The inference would violate a fundamental principle
of the model theory: a valid inference calls for the premises
to support each possibility to which the conjunctive
conclusion refers. Yet, the preceding inference is valid in
modal logic, because the truth of the premise in System K
guarantees the truth of the conclusion. The aim of our
research was accordingly to make a crucial comparison
between the model theory and modal logics. We carried out
two experiments to investigate how participants reason
with the modals possible, necessary, and impossible. We
designed the experiments to contrast predictions from the
model theory with those from normal modal logics.

Experiments
Experiment 1
This experiment was an exploratory study to examine a
variety of modal operators: possible, necessary, and
impossible. The participants evaluated 27 different
representative inferences from a single modal premise to a
single modal conclusion. The inferences used three
different modal operators and three different connectives.
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The pioneering study (Osherson, 1976) examined only
inferences that are valid in modal logics K and T. In
contrast, the present experiment also examined inferences
that are invalid in modal logics. There were eight
inferences that the model theory predicts that reasoners
should accept even though they are invalid in System K,
and two inferences that the theory predicts that reasoners
should reject even though they are valid in System K.
Participants. We tested 53 logically naive participants (20
men, 23 women; M = 40.3 years).
Design and materials. The participants carried out 27
inferences consisting of 13 inferences valid in modal
logic K and 14 inferences invalid in modal logic K (see
Table 2). The inferences were presented in a different
random order to each participant. Each inference
consisted of a premise and a conclusion using one of the
three modals possible, necessary, impossible and one of
the connectives: and, or _ or both (inclusive-or), and or
_ but not both (exclusive-or). A large scope modal is one
that governs two clauses in an assertion, such as: It is
possible that Adam is in Berlin and Emma is in Boston.
Small scope modals govern each of the two clauses: It is
possible that Adam is in Berlin and it is possible that
Emma is in Boston. Two-thirds of the inferences had the
same the modal in the premise and the conclusion, but
with different scopes. One third of the inferences had
premises and conclusions with different connectives
such as exclusive ‘or’ inclusive ‘or’. The inferences were
about the location of individuals (common two-syllable
proper names, such as Adam, and Susan) in well-known
cities.
Procedure. The experiment was presented on an online
website (Amazon’s Mechanical Turk, hereafter MTurk).
We took the usual precautions for such a procedure, e.g.,
the program checked that participants were native
speakers of English, and it allowed only one participant
from a given computer. The instructions explained that
the task was not a test of intelligence or personality, but
concerned general patterns of reasoning. The
participants would read first an assertion (“a premise”)
then a second assertion (“a conclusion”), and for each
pair they had to answer the question, “Does the premise
imply that the conclusion is true?” The premise and
conclusion were presented simultaneously. The
participants responded by pressing one of two keys on
their keyboards that were assigned to “Yes” and to “No.”
They could take as much time as they needed, but they
had to try to answer correctly. This experiment and the
subsequent one were implemented in Javascript. Before
we carried out either experiment, we made extensive
tests of this mTurk system to ensure that the responses
were recorded reliably.
Results and discussion. Table 1 summarizes the results of
the experiment in terms of the model theory’s predictions
and of modal logics’ evaluations. Table 2 presents the
results for each of the 27 inferences. They show that the
participants’ evaluations tended to

Table 1. The percentages of ‘Yes’ evaluations of the
inferences as valid, and of ‘No’ evaluations of the
inferences as invalid in Experiment 1, as a function of the
predictions of the model theory and of modal logics based
on system K. The 53 participants acted as their own
controls and evaluated 27 inferences based on contents
concerning the locations of individuals, e.g., ‘Adam is in
Boston’. The participants’ task was to answer the question:
‘Does the premise imply that the conclusion is true?’ and
they made their evaluations by responding ‘Yes’ or ‘No’.
The percentages in bold are those for the mental model
theory’s predictions.
The predictions of the
two accounts
The model Modal
theory
logics

The percentages of the
participants’ evaluations
Yes, the
No, the
premise
premise does
implies the
not imply
conclusion
the
conclusion
83
17

Yes

No

Yes

Yes

80

20

No

Yes

19

81

No

No

27

73

corroborate the model theory. The r2 correlation between
the model theory’s predictions and the results is 0.99,
whereas the r2 correlation between modal logic’s
evaluations and the results is 0.01. Overall, the participants
made 80% of the model theory’s predicted evaluations, but
only 56% of modal logic’s evaluations, which is hardly
better than chance. This difference in the corroboration of
the two accounts was highly robust (Wilcoxon test, z = 6.1,
p < .000001). In particular, for those inferences in which
the model theory and logic diverged, when the model
theory predicted a ‘Yes’ evaluation, it occurred on 84% of
trials, which was reliably greater than modal logics’
predicted ‘No’ evaluation (16%; Wilcoxon, z = 5.9, p <
.000001). Likewise, when the model theory predicted a
‘No’ evaluation, it occurred on 81% of trials, which was
reliably greater than modal logics’ predicted ‘Yes’
evaluation (19%; Wilcoxon, z = 5.2, p < .000001). The
predictions of System K were only correct in so far as they
coincided with those of the model theory.
Table 2. The percentages of ‘Yes’ evaluations of the
inferences as valid, and of ‘No’ evaluations of the
inferences as invalid for each of the 27 inferences in
Experiment 1, as a function of the predictions of the model
theory and of modal logics based on system K. The
notation Y|N signifies that the model theory predicts a ‘yes’
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evaluation (the inference is valid), and its status in modal
logic is ‘no’ (the inference is invalid); or denotes an
inclusive disjunction, and xor denotes an exclusive
disjunction. The inferences are ordered in blocks of three –
each block containing one of the modals possible,
necessary, and impossible.
Inference

¯A and ¯B
\ ¯(A and B)
☐A and ☐B
\ ☐(A and B)
¯(A and B)
\¯Aand ¯B
☐(A and B)
\ ☐A and ☐B
¯A xor ¯B
\¯(A xor B)
¯A xor ¯B
\¯(A and B)
☐A xor ☐B
\☐ (A xor B)
¯(A xor B)
\¯A xor ¯B
¯(A xor B)
\¯(A or B)
☐ (A xor B)
\☐ (A and B)
☐ (A xor B)
\☐ A xor ☐B
☐ (A xor B)
\☐ (A or B)
¯A or ¯B
\¯(A or B)

Classification
of inference

Y|N
Y|Y
Y|Y
Y|Y

Mental models Percentages of
of possibilities inferences that
the model theory
predicts
A
B
. . .
92
A
B
88
A
B
. . .
94
A
B
88
B

90

B

67

B

92

B

81

B

79

B

87

B

67

A
Y|N
A
Y|N
A
N|Y
A
N|N
A
Y|N
A
N|Y

B

83

B
B

87

B
B

92

B
B

65

B
B

90

B
B

85

A
Y|Y
A
A
Y|Y

¯(A or B)
\ ¯(A xor B)

N|N

¯(A or B)
\ ¯A or ¯B

Y|Y

A
A
A
A
A
A
Y|N
A
N|N
Y|Y

Y|Y

Y|N

N|N

Y|N

83
¬A

¬B
. . .

¬A

¬B
. . .

¬A ¬B
. . .
¬A

83

87

62

¬B

83

¬A

Y|Y
Y|Y

¬B

73

¬B

85

¬B

87

¬B

31

¬A
¬A
¬A

Results and discussion. Table 3 summarizes the results of
the experiment. They corroborated the model theory:
The r2 correlation between the model theory’s
predictions and the results is 0.98, whereas the r2
correlation between modal logic’s evaluations and the
results is 0.05. Overall, the participants drew 83% of the
model theory’s predicted conclusions but only 50% of
modal logics’ evaluations (Wilcoxon, z = 6.2, p <

87

¬B

Y|N

¬A

This experiment systematically compared the model
theory and modal logic using a single modal operator,
possible. It examined four sorts of inference:
1. Y|N inferences, for which the model theory predicts
‘Yes, valid’, but they are invalid in modal logics.
2. Y|Y inferences, for which the model theory predicts
‘Yes, valid’, and they are valid in modal logics.
3. N|Y inferences, for which the model theory predicts
‘No, invalid’, but they are valid in modal logics.
4. N|N inferences, for which the model theory predicts
‘No, invalid’, and they are invalid in modal logics.
The premises and conclusions were based on three
sentential connectives: and, xor, and or, and the modal
operator: possible.
A typical Y|N inference was:
Premise: It is possible that Tom is in Bristol or it is
possible that Ann is in Cambridge, or both.
Conclusion: It is possible that Tom is in Bristol and it is
possible that Ann is in Cambridge.
Does the premise imply that the conclusion is true?
And a typical N|Y inference was:
Premise: It is possible that Tom is in Bristol or it is
possible that Ann is in Cambridge, but not both.
Conclusion: It is possible that Tom is in Bristol or it is
possible that Ann is in Cambridge, or both.
Does the premise imply that the conclusion is true?
Participants. We tested 51 logically naive participants
(27m/24f, M = 38.9 years) .
Design, materials, and procedure. The participants acted
as their own controls and evaluated 16 immediate
inferences from a premise to a conclusion as in Study 1.
The inferences consisted of 4 inferences of each the four
sorts shown above: Y|N, Y|Y, N|Y, and N|N. They used
only the modal operator possible, and systematically
varied the connectives: and, or, and xor. And they were
presented in a different random order to each participant.
The contents of the inferences and the procedure were
identical to those of the previous experiment.

A
N|N

N|N

Experiment 2

A
Y|Y

☐A or ☐B
\ ☐(A or B)

☐ (A or B)
\ ☐ A or ☐B
☐ (A or B)
\ ☐ A xor ☐B
¬¯A
and
¬¯B
\ ¬¯(A and
B)
¬¯A
and
¬¯B
\¬¯(A xor B)
¬¯(A and B)
\¬¯A
and
¬¯B
¬¯(A xor B)
\¬¯(A and
B)
¬¯(A xor B)
\¬¯A xor B

¬¯(A xor B)
\¬¯(A or B)
¬¯A or ¬¯B
\¬¯(A or B)
¬¯(A or B)
\¬¯A or ¬¯B
¬¯(A or B)
\¬¯(A xor B)
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.0000001). When theory and logic diverged and the
model theory predicted a ‘Yes’ evaluation, it occurred on
89% of trials, which was reliably greater than modal
logics’ predicted ‘No’ evaluation (11%; Wilcoxon, z =
6.3, p < .0000001). Likewise, when the model theory
predicted a ‘No’ evaluation, it occurred on 76% of trials,
which was reliably greater than modal logics’ predicted
‘Yes’ evaluation (24%; Wilcoxon, z = 5.5, p < .000001).

What the present studies have corroborated is the model
theory’s account of inferences that follow from premises
containing modal operators. Such inferences depend on
two main principles. First, inferences about a modality are
parsimonious. That is, if a premise establishes some
possibilities, they tend to be represented as co-occurring in
the same model. Hence, individuals tend to make the
following sort of inference (Experiment 1):
It is possible that Adam is in Berlin and it is possible that
Anna is in Boston.
Therefore, it is possible that Adam is in Berlin and that
Anna is in Boston.
When information or knowledge establishes that the two
propositions cannot co-occur, as one of our unpublished
studies shows, individual balk at the inference. Otherwise,
humans make such parsimonious inferences even though
they are invalid in modal logics.
Second, as a corollary of the principle that compounds
refer to conjunctions of possibilities, everyday inferences
are only deemed valid when the premises support all the
possibilities to which their conjunctive conclusions refer.
Hence, individuals tend to reject the following sort of
inference (Experiment 2):
It is possible that Adam is in Bristol or it is possible
that Anna is in Cambridge, but not both.
Therefore, it is possible that Adam is in Bristol or it is
possible that Anna is in Cambridge, or both.
They do so according to the model theory, because a case
to which the conclusion refers – it is possible that Adam is
in Bristol and it is possible that Anna is in Cambridge – is
not supported by either of the two possibilities to which the
premise refers. Yet, the conclusion is valid in modal logic.
Proponents of modal logic might argue that our
participants are merely wrong to make the previous sorts
of inference, and that modal logic remains an arbiter of
reasoning in daily life. We are sympathetic to this
viewpoint, but regard it as mistaken. One reason is that the
concept of possibility in daily life allows such assertions
as:
Possibly it’s raining and possibly it isn’t.
It is a tautology in daily life, but not in system K. Moreover,
in daily life, we all distinguish between factual
possibilities, such as:
It may be raining
and counterfactual possibilities that occur when the facts
are known, such as:
It isn’t raining but it might have been.
The distinction is not drawn in modal logic, and so the
preceding assertion is represented as:
(Not raining) & (¯ raining)
It, too, is false in modal logics. Yet, the counterfactual
assertion above is not only sensible in daily life, it may well
be true.
Our findings point to three conclusions: First, reasoning
about possibilities in everyday life is a fundamental ability.
Second, modal logics, despite their power and practical
applications, diverge in fundamental ways from how naive

Table 3. The percentages of ‘Yes’ evaluations and ‘No’
evaluations of the inferences in Experiment 2, as a function
of the model theory’s predictions and modal logics’
predictions (based on System K). The 50 participants acted
as their own controls and evaluated four inferences of each
sort based on contents concerning the locations of
individuals, e.g., ‘Adam is in Boston’. The participants’
task was to answer the question: ‘Does the premise imply
that the conclusion is true?’ and they made their
evaluations by responding ‘Yes’ or ‘No’. The percentages
in bold are those for the mental model theory’s predictions.
The predictions of the two Percentages of particiaccounts
pants’ evaluations
Model theory

Modal logics

‘Yes’

‘No’

Yes

No

89

11

Yes

Yes

92

8

No

Yes

24

76

No

No

25

75

General Discussion
Modal reasoning is ubiquitous in daily life, but rarely
studied in cognitive science. In contrast, modal logics have
flourished in philosophy, artificial intelligence, and in logic
itself. As we outlined earlier, infinitely many modal logics
derive from system K, which combines the sentential
calculus with a single axiom dealing with modality. Human
reasoning, as our experiments have shown, diverge from
all these normal modal logics, and they do so in a way that
the theory of mental models predicts. This model theory
postulates that everyday inferences are always drawn in
default of information to the contrary. When such
information occurs, individuals are happy to explain the
provenance of the inconsistency and to withdraw their
conclusions (see, e.g., Johnson-Laird, Girotto, & Legrenzi,
2004; Khemlani & Johnson-Laird, 2012). The model
theory also postulates that sentential connectives, such as
if, or, and xor, refer to conjunctions of possibilities. Hence,
an inference, such as:
The flaw is in the software or in the connection or both.
Therefore, it is possible that the flaw is in the software.
is readily accepted in daily life (Hinterecker, et al., 2016).
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individuals envisage possibilities. Third, the semantics of
“possible worlds”, which underlies modal logics, is too big
to fit inside one’s head (Partee, 1979), and so a potential
alternative is to base it instead on the same finitary
semantics as everyday probabilities (see Khemlani,
Lotstein, & Johnson-Laird, 2015).
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Abstract

some of the chemists are not artists, which does not imply its
converse.
In general, syllogisms have two premises and a conclusion,
which each contain a single quantifier, e.g., “All the artists”.
Each of these assertions is in one of four moods, which we
present here with their traditional abbreviations:

Many theories of reasoning and many experiments presuppose
that human ability is stable over time, and so people usually
draw the same conclusion from the same premises. The assumption has hitherto had little or no empirical investigation.
We therefore analyzed a study in which 20 participants drew
their own conclusions to the 64 sorts of syllogisms on two
occasions separated by roughly a week. We report the nature of the changes in the participants’ conclusions including
their spontaneous improvement in logical accuracy, and use a
model-based program, mReasoner, to explain the results.
Keywords: cognitive stability; logical improvements; mental
models; reasoning; syllogisms

A:
I:
E:
O:

Introduction
Logically naive individuals are able to make valid inferences.
How they do so is highly controversial. Some theories postulate that they use formal rules of inference akin to those of
logic (e.g., Rips, 1994); some theories postulate that they manipulate probabilities (e.g., Chater & Oaksford, 1999); and
some theories postulate that they derive conclusions from
mental models of the premises (e.g., Johnson-Laird, 2006).
But, theories often take for granted that the inferential mechanism is stable, and so in the absence of variations in an inference, individuals usually draw the same conclusion to the
same premises. Some studies have examined the development of reasoning strategies over sets of similar inferences
(e.g., Bucciarelli & Johnson-Laird, 1999; Lane, Fletcher, &
Fletcher, 1983; O’Brien & Overton, 1982; Van der Henst,
Yang, & Johnson-Laird, 2002). But, our concern is how individuals cope with identical inferences when they encounter
them for a second time. Theories of reasoning need to account for systematic changes in conclusions that cannot be attributed to external factors, such as changes in the premises,
the instructions, or the framing of the inference; or else to
internal factors, such as noise. We analyzed the stability of
reasoning for Aristotelian syllogisms, such as:
(EA1)

None of the artists is a beekeeper.
All the beekeepers are chemists.
What, if anything, follows?

Most people infer: none of the artists is a chemist. But the
inference is invalid. In contrast, a weaker conclusion is valid:

All the A are B.
Some of the A are B.
None of the A is a B.
Some of the A are not B.

There are four different figures, which are arrangements of
the terms, A, B, and C, in the premises (numbered as in
Khemlani and Johnson-Laird, 2012):
Figure 1

Figure 2

Figure 3

Figure 4

A-B
B-C

B-A
C-B

A-B
C-B

B-A
B-C

The example syllogism provided earlier contains premises
that can be abbreviated as: Eab (none of the artists is a beekeeper) and Abc (all of the beekeepers are chemists). It is in
the first figure, and so the syllogism is abbreviated as: EA1.
A valid conclusion to EA1 can be abbreviated as: Oca (some
of the chemists are not artists).
At least 12 psychological theories of syllogistic reasoning
exist. A meta-analysis was feasible for seven of them – the
authors of the remaining theories explained that their theories were unsuited to such an analysis (Khemlani & JohnsonLaird, 2012). The results showed that what best fit the data
were the verbal-models theory (Polk & Newell, 1995) and the
theory of illicit conversions of premises (Chapman & Chapman, 1959; Revlis, 1975). The remaining theories attained
only a mediocre level of accuracy (e.g., Chater & Oaksford,
1999; Rips, 1994). But, the subsequent development of a
computer program, mReasoner, based on the theory of mental models, outperformed all the theories, and had an overall
accuracy of just under 90% in the meta-analysis (Khemlani
& Johnson-Laird, 2013).
One of the first studies to examine all 64 possible pairs of
syllogistic premises tested 20 participants. They drew their
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own conclusions to each syllogism, twice within the course
of about a week. And they did not know that they would
return to the laboratory to be retested until the experimenter
invited them to do so. In the first session, none of the participants drew a valid conclusion to the example above – they
all inferred either Eac, or Eca – but on their second test, three
participants correctly inferred Oca.
Our aim in what follows is three-fold. First, we outline the
theory of mental models that underlies the mReasoner program. Second, we analyze the results of the experiment on the
stability of syllogistic reasoning. And, third, we show how
the model theory and its mReasoner implementation elucidate changes in the conclusions that the participants inferred.

Models and the mReasoner program
The theory of mental models – the “model” theory for short
– was first developed in order to explain syllogistic reasoning (Johnson-Laird, 1983). The modern version of the theory postulates that individuals use their linguistic knowledge
to construct models of premises, and this account is implemented in the mReasoner program (Khemlani & JohnsonLaird, 2013).
mReasoner implements two inferential pipelines: an intuitive pipeline (called “System 1” after Stanovich (1999)),
which builds an initial model from the premises, and a deliberative pipeline (called “System 2”), which can construct
additional models and can revise its initial models.
To illustrate how the two systems operate, consider
premises of the sort:
(EA1)

None of the A is a B.
All the B are C.

Both premises remain true in this model, but the only conclusion that holds for both models is:
Some of the C are not A.
This conclusion is valid. The inference should be difficult in
comparison to syllogisms that yield initial conclusions that
are not susceptible to counterexamples, e.g.:
(IA1)

Some of the A are B.
All the B are C.
What follows?

The initial model of these premises yields the conclusion:
Some of the A are C.
And there is no counterexample to this conclusion. Perhaps
not surprisingly, even seven year-old children can draw valid
conclusions from such syllogistic premises.
In general, syllogistic premises can always be represented
in a single model. If this model yields a valid conclusion, then
the inference is easy. Of the 64 pairs of syllogistic premises,
27 yield valid conclusions, but only 10 of them yield valid
conclusions from their initial models. The remainder call for
a search for counterexamples, and hence are more difficult to
reason about – they take longer, and people make systematic
errors when they draw conclusions from them.
The implementation of the theory in the mReasoner1 program introduces four parameters governing its performance:
1. The λ parameter controls the size of an initial mental
model, i.e., the maximum number of entities it represents.
It bases this number on a sample drawn from a Poisson
distribution of parameter λ.

The model theory’s System 1, which yields intuitive inferences, constructs the following sort of model of these
premises, where each row represents an individual, and ‘¬’
represents negation:

2. An ε parameter (from 0 to 1) is the probability of choosing instances for the model from all the possibilities as opposed to those that are typical, e.g., for All the A are B a
typical instance is an A that is a B, whereas the complete
possibilities include a B that is ¬A.

¬B
¬B
B
B

3. A σ parameter (from 0 to 1) is the probability of searching
for a counterexample (i.e., engaging System 2).

A
A

C
C

The first two individuals in this model accordingly have the
properties of A and not-B. The model yields the conclusion:
(Eac)

None of the A is a C

or its converse:
(Eca)

None of the C is an A.

But, as we noted earlier, neither of these conclusions is valid.
The theory’s System 2, which handles deliberations,
searches for counterexamples to putative conclusions using
various ways to modify models. It finds the following alternative to the model above by adding properties to it:
A
A

¬B
¬B
B
B

C
C
C
C

4. If the program searches for a counterexample, then the parameter ω is the probability that the system weakens the
conclusion, as opposed to responding that no valid conclusion follows. Only weakening can lead to a valid conclusion for certain syllogisms (as in the initial example above).
We show presently how the program fits the results of an experiment, to whose description we now turn.

The experimental data
We outline the original Experiment 2 in Johnson-Laird and
Steedman (1978). The participants were 20 undergraduates from Columbia University who were tested individually in the experiment (carried out under the auspices of the
late Professor Janellen Huttenlocher). They received all 64
1 Source code at http://mentalmodels.princeton.edu/models/
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Table 1: The frequencies of the transitions of the mood of the
conclusions in the first test to the mood of the conclusions
in the second test, where A denotes “All the are ”, I denotes “Some of the are ”, E denotes “None of the is a
”, O denotes “Some of the are not ,” NVC denotes “No
valid conclusion”, and the last column denotes miscellaneous
errors.
Week 2

Week 1

pairs of syllogistic premises in different random orders, and
had to create their own spontaneous conclusions to each of
them. Every participant performed this task twice about a
week apart, but they had no inkling of the second test until they were called for it. The contents of the premises
were one name of an occupation and two names of vocations, e.g.: storekeeper, bowler, gourmet. They were timed
and they were told to be both accurate and as quick as possible. They were also told that their answers should be based
only on what could be deduced with absolute certainty from
the premises, and that they should restrict their answers to
one of the four moods interrelating the two terms occurring in
separate premises, or else they should state that no such valid
conclusion (NVC) followed from the premises. The principal
result was the corroboration of the difficulty of syllogisms depending on the number of models that an inference requires
and on the relation between the order of the terms in a valid
conclusion and the figure of the premises. We now turn to an
analysis of the changes from the first test to the second.

A
I
E
O
NVC
Misc.

A

I

E

O

NVC

Misc.

36
6
0
0
3
1

10
123
0
0
25
3

0
8
100
21
25
5

0
13
43
151
90
6

2
51
37
89
407
10

0
1
2
2
10
0

search for counterexamples yielded 79% changes from the
first test to the second (Wilcoxon test, z = 3.88, p < .00001).

The stability of human reasoning
By far the most important result was that the participants improved in their reasoning from one test to the next. They
spontaneously increased from 58% to 68% logically correct
responses from the first to the second test (19 out of the 20
participants improved, Binomial test, p < .0001), and the percentages were very similar both for valid syllogisms and for
NVC syllogisms. Because the participants had not known
that they would be tested twice, the improvement must reflect
the experience that they gained over the task of syllogistic reasoning. Figure 1 presents the number of changes that each of
the 20 participants made from one test to the other. The mean
was 27.5 changes, which was significant in comparison to no
changes (Wilcoxon test, p < .0001). As the figure shows, the
participants varied from 15 changes (in 64 syllogisms) to 39
changes with a SD = 7.25. The participants differed reliably
one from another in how many changes they made (a resampling test of the observed SD had p < .005). So, not only is
human reasoning unstable, but it also tends to improve, and
its instability varies reliably from one person to another.
Table 1 presents the frequencies of transitions in the moods
of the participants’ conclusions. These transitions show that
changes to conclusions were highly sensitive to the polarity of
conclusions, i.e., whether they were affirmative or negative:
95.9% of changes were to the same polarity and only 4.1% of
changes were to a different polarity (Wilcoxon test, z = 7.11,
p < .001). The changes in polarity were cases in which I
conclusions changed to O or E conclusions.
The 64 syllogisms differed in the number of changes to
conclusions that occurred from the first test to the second test,
and the difficulty of an inference according to the mReasoner
program predicted the tendency for changes to occur. Syllogisms that support a valid conclusion from their initial model
yielded only 52% changes from the first test to the second,
whereas those that support a valid conclusion only from a

Method and procedure
To simulate the participants performance on Week 1 and
Week 2, mReasoner generated simulated datasets for every
possible combination of quantized settings of its four parameters. For each unique parameter setting, the system generated a dataset in which it carried out 64 syllogisms 100 times.
The parameter settings were quantized to span their ranges as
follows:
• λ (size): 2.0, 2.5, 3.0, 3.5, 4.0, 4.5, 5.0
• ε (canonicality): .0, .2, .4, .6, .8, 1.0
• σ (counterexample search): .0, .2, .4, .6, .8, 1.0
• ω (weakening conclusions): .0, .2, .4, .6, .8, 1.0
Hence, the system generated 7 × 6 × 6 × 6 = 1512 separate
simulated datasets. A grid search located the best fitting parameter settings for Week 1 and the best fitting parameter settings for Week 2. mReasoner was set to these parameter settings, and then used to generate two synthetic datasets of 1000
simulated participants, one per week. Those datasets were
analyzed against the data from their corresponding weeks to
assess a fit of the computer model’s performance against the
data.
The computational model captured participants’ performance on the two weeks well. For both weeks, the responses
generated by mReasoner were highly correlated with the individual participants’ performance (r = .84 for Week 1; r = .85
for Week 2).
The model was further applied to simulate the 20 individual participants’ performance on each week. Table 3 presents
the optimal settings of the parameters to model each participants conclusions in Week 1 and in Week 2.
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Table 2: The settings of the four parameters in mReasoner to fit three subgroups of individual reasoners
Settings of the four parameters to model the three sorts of individual reasoner
Subgroup of Ss
Intuitive
Intuitive + deliberative
Deliberative

λ: Size of model

ε: Less typical entities

σ: search for counterexample

ω: weakening conclusion

2.0
3.0
2.0

0.0
0.6
0.0

0.4
0.8
1.0

0.6
0.6
0.8

The fit of the model theory
Most theories of reasoning have been developed to account
for data from a group of participants, and so not all theories
can be adapted to predict the inferences that an individual
makes. A previous study of the participants in our test experiment could be explained using mReasoner (Khemlani &
Johnson-Laird, 2016). A preliminary cluster analysis of the
participants yielded three main subsets of them: individuals
who relied on intuition, on a mixture of intuition and deliberation, or on deliberation. Table 2 presents the parameter
settings for mReasoner that best modeled these three groups.
The settings make sense in characterizing the three groups
performance, and provided a good fit with their conclusions
(with values of r equal to .74, .82, and .9, respectively).
Table 3 presents the optimal settings of the parameters to
model each participants conclusions in the first test and conclusions in the second test. mReasoner fits 60% of the participants’ inferences in the first test and 65% of their inferences in the second test. The best-fitting parameter values for
the two tests were reliably correlated (Kendall’s coefficient of
concordance, W = .87, p < .03). So, if mReasoner predicts
an individual reasoners performance in one test, then it does
so for the other test.
The tendency for changes to be in the same polarity follows
at once from mReasoners procedures for weakening putative
conclusions. Likewise, according to mReasoner, the principal
reasons for an improvement in accuracy is that reasoners have
become more likely to search for a counterexample and more
likely, when they find one, to weaken their conclusion. These
predictions are corroborated in the increase in the value of
σ, the probability of a search for counterexamples, from .66
in modeling the first test to .75 in modeling the second test
(Wilcoxon test, z = 2.76, p < .003, one tail), and, given such
a search, an increase in ω, the probability of weakening the
conclusion, from .52 in modeling the first test to .7 in modeling the second test (Wilcoxon test, z = 2.45, p < .01, one
tail). Neither of the other two parameters changed their values reliably from one test to the next.

General discussion
A common but tacit assumption is that the human reasoning
system is deterministic but noisy. The conclusions that an individual reasoner draws therefore tend to be stable apart from
some slight “jitter”. As a consequence, theories of reasoning often neither allow for alternative inferences nor provide
an inbuilt mechanism for improving the accuracy of inferences. In contrast, the model theory derives from a theoret-

ical tradition embracing non-determinism from its outset. In
one of the first algorithmic accounts of high-level cognition
– an explanation of how individuals select evidence to test
hypotheses – the algorithm allowed for intuitive selections,
deliberative selections, and those that combined elements of
both (see Johnson-Laird and Wason (1970); and Ragni, Kola,
and Johnson-Laird (in press) for a meta-analysis of this theory’s fit to the results of over 200 experiments). Likewise,
the model theorys account of syllogistic reasoning postulates
that individuals use intuition, a mixture of intuition and deliberation, or pure deliberation. These two systems are implemented in the mReasoner program.
Intuition calls only for the premises to be represented in a
model, which can sometimes yield a valid conclusion. Those
premises with this property yield easy deductions. Most syllogisms, however, lack this property. They call for a search
for counterexamples. Individual who combine intuition with
deliberation may use a counterexample to infer that nothing
follows from the premises. In certain cases, however, syllogisms depend not only on the discovery of a counterexample,
but also on weakening an initial conclusion to one that accommodates the alternative model. This exercise in deliberation
can, in principle, yield a valid conclusion to any syllogism.
The mReasoner program embodies these processes, but unknown factors determine an individuals level of performance.
Several questions remain open. No data are available about
the order in which the participants dealt with the syllogisms
in the two sessions in the Johnson-Laird and Steedman (1978)
study. Likewise, we cannot be certain that none of the participants studied syllogistic reasoning between the two sessions.
But, the fact that all but one of them improved in performance
suggests that such interventions are unlikely to explain the
improvement. It results from a shift from intuition to a greater
reliance on deliberation, or from “credulous” to “skeptical”
reasoning (Stenning & Cox, 2006). Current theories of reasoning tend to predict only general patterns of inference, and
have nothing to say the performance of individuals. In contrast, the mReasoner program fitted the results of 20 individual reasoners, who drew their own conclusions to the 64 pairs
of syllogistic premises in two separate sessions. They spontaneously changed their minds about many inferences, and in
general improved in their ability: they were more likely to
search for a counterexample the second time around.
Over the course of drawing conclusions to 64 syllogisms,
individuals are likely to realize that a conclusion drawn from
an initial, and intuitive, model, can be fallible. For example,
given the premises that none of the gourmets is a beekeeper,
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Table 3: The parameter settings of mReasoners best-fitting simulations for each participants performance in the first test and
the second test.
SubjectID

S1

S2

S3

S4

S5

S6

S7

S8

S9

S10

S11

S12

S13

S14

S15

S16

S17

S18

S19

S20

Fit (week1)
Fit (week2)

0.52
0.63

0.53
0.70

0.45
0.56

0.50
0.50

0.81
0.80

0.70
0.80

0.57
0.51

0.78
0.75

0.70
0.78

0.56
0.69

0.73
0.75

0.63
0.53

0.64
0.64

0.58
0.70

0.58
0.64

0.43
0.54

0.55
0.57

0.43
0.57

0.83
0.76

0.49
0.57

λ1
λ2

2.00
2.50

2.00
2.00

3.00
2.00

2.00
2.50

2.00
2.00

2.00
3.00

3.50
2.00

2.00
2.00

2.00
4.00

3.00
2.00

3.00
2.00

2.00
2.00

3.50
3.50

4.00
3.00

2.00
2.00

3.00
3.50

2.00
2.00

2.00
4.00

2.00
4.00

2.00
3.50

ε1
ε2

0.40
0.00

0.00
0.60

0.60
0.40

0.40
0.00

0.00
0.00

0.00
1.00

0.00
0.00

1.00
1.00

0.00
0.60

0.60
0.20

0.40
0.20

0.20
0.00

1.00
1.00

0.40
0.40

0.40
0.60

0.80
0.60

0.20
0.80

0.00
0.00

0.20
0.60

0.00
0.40

σ1
σ2

0.60
0.60

0.60
0.80

0.40
0.60

0.40
0.60

1.00
1.00

0.80
1.00

0.60
0.80

0.80
0.80

0.80
0.80

0.80
0.80

0.80
0.80

0.60
0.60

0.60
0.60

0.60
0.80

0.60
0.80

0.40
0.40

0.60
0.60

0.40
0.60

1.00
1.00

0.80
1.00

ω1
ω2

0.60
1.00

0.60
0.60

0.60
1.00

1.00
1.00

0.80
0.80

0.40
0.60

0.20
0.60

0.40
0.80

0.60
0.80

0.60
0.80

0.80
1.00

0.60
1.00

0.60
0.60

0.20
0.20

0.60
0.60

1.00
0.20

0.20
1.00

0.00
0.20

0.40
0.60

0.20
0.60

and all the beekeepers are French, they may at first infer that
none of the gourmets is French. But, on reflection, the conclusion may strike them as implausible, and so they examine
more carefully whether it follows. Indeed, they may then discover that the premises are compatible with some, or even all,
of the gourmets being French. What continues to hold, however, is that some of the French are not gourmets. The manipulation of models with the aim of refuting conclusions could,
in principle, lead to insights into the need to search for counterexamples, and the need to examine whether a weaker conclusion follows from such a counterexample (Ragni, Khemlani, & Johnson-Laird, 2014). In sum, human reasoning is not
stable. It does not necessarily draw the same conclusion to
the same premises, but instead can spontaneously make more
accurate inferences. Of course, the degree to which people
improve varies reliably from one person to another, just as
the ability to reason does.
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Abstract

realizes assumptions and findings from psychology and neuroscience – the common grounds, the intersection and differences of
the diverse architectures are not yet identified. In this sense each
architecture is a hypothesis by itself, but the different hypotheses
are not compared. To approach this issue, a general framework
independent of a concrete modeling approach is necessary. We
will analyze the preconditions of such a framework. At this point,
a precise distinction between cognitive models and architecture
is required. Cognitive models operate on cognitive architectures
and use the given “infrastructure” provided by the architecture.
A mental representation is localized within the architecture
of the human mind and so a cognitive model can include
domain-dependent operations on the cognitive architecture.

Cognitive architectures are an advantageous tool for creating
cognitive models. They provide a framework integrating general
cognitive structures and assumptions about the mind as for
example the working memory, structural modularity or their
interconnections. A vast number of cognitive architectures have
been developed in the last decades. While the architectures realize
the cognitive perspective, the formal foundation and similarities
of cognitive architectures remain open. To identify the cognitive
substrate of the architectures, we propose a generalized cognitive
framework allowing to embed different cognitive architectures
to analyze their properties and to have a common and formal
ground for comparisons. We demonstrate our approach – as proofof-concept – by embedding the two most popular architectures,
ACT-R and SOAR, and evaluate cognitive models for recognition
memory in our approach. Potentials and limitations are discussed.
Keywords: Formalization; Knowledge Representation; Cognitive
Architecture; Cognitive Modeling; ACT-R; SOAR

1 Introduction
Describing cognitive processes by concepts and terms from computer science allowed for major progress in cognitive psychology
(Newell & Simon, 1972). This includes the distinction between
the underlying cognitive data structure (e.g., working memory)
and operations performed on it (e.g., retrieval of an item). A core
assumption for cognitive modeling is that the data structure is
stable across problems. It is crystallized in a cognitive architecture
that build on associations with brain regions (Anderson, 2007). At
a general and abstract level a cognitive architecture consists of a
data structure, which can contain an arbitrary number of substructures, and a set of operations to manipulate the data structure. Still,
most architectures are built on the idea of production rule systems
operating on different modality specific modules and buffers
(Anderson, 2007; Laird, 2012; Sun, 2001). Architectures have
been developed for each of the levels proposed by Marr (1982).
Recently, hybrid approaches have been introduced (e.g., ACT-R
(Anderson, 2007)) incorporating symbolic and subsymbolic
processes building on concepts from neural nets. There are
more than 26 cognitive architectures that have been descriptively
compared in 20121. In the last 3 years a desire to present a formal
description by employing means from software technique for
ACT-R have led to some abstractions and formalizations, e.g.,
using predicate logic (Albrecht & Westphal, 2014) or constraint
handling rules (Gall & Frühwirth, 2015). A reconceptualization of
ACT-R has been undertaken by Stewart and West (2007) and an
analysis for CLARION was made (Sun, 2007). However, formal
approaches are still rare and while each cognitive architecture
1 bicasociety.org/cogarch/architectures.php

While the response adequacy of the model can be determined
from the given responses of a reasoner for a given task, it is impossible to directly observe the operations and mental representations
a human agent applies. Cognitive models predict typical answers,
response time, and process steps. However, cognitive models are
never just simulation models that reproduce existing experimental
data. A good cognitive model is largely independent of experimental data and has general predictive qualities. At the same time each
cognitive model implemented for a specific architecture cannot
be necessarily transferred to another architecture that is built on a
different data structure. So it is possible that, if models in different
architectures model the same data, they can explain it by different
strategies depending on specifics of the respective architecture.
Consequently, a general framework is necessary that is able to
represent both models and to clarify their different assumptions.
In this paper we propose a formal model general enough to
represent different cognitive architectures, identifying and generalizing essential features of cognitive architectures. We provide
a notion of equivalence in this framework and present a method
about how ACT-R and SOAR (and models in these cognitive
architectures) can be embedded in our formal framework. Furthermore, we illustrate these embeddings by two concrete models of
the Two-High-Threshold model (2-HTM for short), one originally
realized in ACT-R and one in SOAR. While the implementations
of the 2-HTM model look very different, it is possible to compare
them in our framework and we obtain the result that they are
equivalent by employing our notion of response equivalence, i.e.,
these models generate the same response for the same input.
The remainder of the paper is structured as follows. In the next
section we briefly introduce two popular cognitive architectures.
In Section 3, we will present a general cognitive architecture
(GCA), transitions and cognitive models. In Section 4, we demon-
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Figure 1: ACT-Rs modules and buffers and their localization
strate some features and embeddings of the cognitive architectures
ACT-R and SOAR for the domain of memory. In Section 5 we
demonstrate the embeddings on a theory from recognition memory and compare the models. A conclusion discussing the possibilities of a generalized cognitive architecture concludes the article.

2 State-of-the-Art: Cognitive Architectures
Most cognitive architectures are inspired by the General Problem
Solver (GPS), a model that uses means-end analysis as a search
heuristic (Newell & Simon, 1972). It has been reimplemented
as a production rule system, a system that realizes the physical
symbol system hypothesis. These systems are composed of (i)
production rules, consisting of a condition part and an action
part, and an (ii) interpreter that checks if conditions of existing
production rules are satisfied in a given model’s state (they can
fire). We focus on the two architectures with the most published
models: the hybrid cognitive architecture ACT-R and the AI
oriented approach SOAR.
The cognitive architecture ACT-R 7.0 (Anderson, 2007) aims
at a unified cognition approach. It is a hybrid theory, meaning
it consists of symbolic and subsymbolic parts. Its data structure is
oriented on modality specific knowledge modules for perception,
goal and sub-goal representations (goal, imaginal) and interfaces
(so-called buffers) which can be accessed by production rules.
ACT-R uses chunks as the atomic knowledge representation
format with procedural knowledge encoded in production rules
and declarative knowledge that uses the concept of activation.
Cognitive models have been developed for learning and memory,
problem solving, deductive reasoning, perception, attention
control, and human-computer interaction (HCI), many of which
can be found on the website2. Since recently, ACT-R allows even
for the prediction of task-specific brain activations, modeling
findings from fMRI research (see, Fig. 1).
SOAR3 (States, Operators, And Reasoning) is a production
rule system with reinforcement learning built upon the GPS
(Newell, 1990). SOAR separates conceptually between short term
(called working memory) and long term memory (consisting of the
three components production, semantic and the episodic memory).
Working memory contains objects which are similar to chunks in
ACT-R: they consist of a list of key-value-priorities pairs called
Working Memory Elements (WMEs), with constants or links to
other WMEs as values and a list of comparisons attributes for the
2 http://act-r.psy.cmu.edu
3 http://soar.eecs.umich.edu

priorities. In contrast to ACT-R, an object in SOAR may contain
more than one WME with the same key, where the priorities are
used to break a tie between these WMEs. A central aspect of the
SOAR architecture is a special object in the working memory representing the current state. All other relevant objects in the working memory are indirectly connected (via values in WMEs) to
the current state object. Production memory contains production
rules which are similar to the productions in ACT-R. In contrast to
ACT-R, all matching productions in SOAR fire at the same time.
Declarative memory is represented as a net of objects in the semantic memory. The episodic memory saves periodically (partial)
snapshots of the actions in working memory. The semantic and
episodic memory can be accessed by a retrieval mechanism which
adds the result to the working memory. A unique mechanism of
SOAR is the recursive creation of sub states to solve an unambiguously operator tie. The current version SOAR 9 integrates nonsymbolic representations and other learning mechanisms (Laird,
2012). It performs a variety of problems from planning, robotic
systems, interactions with virtual humans, and an air combat
simulation for pilot training at the USAF (Tambe et al., 1995).

3 A General Cognitive Architecture (GCA)
To define the frame of a generalized cognitive architecture (GCA),
we need to capture the essential structural properties of a cognitive
architecture with respect to memory, constraints on the processes,
and interaction with the environment. As introduced above most
cognitive architectures, such as ACT-R or SOAR, have an atomic
information unit, often called a chunk, which we will use in the
following as well. Chunks are lists of key-value pairs, where the
keys and values are based on the set of symbols Σ, e.g., constants
or references to other chunks. Cognitive architectures may allow
the informations that are stored in a chunk to change over time.
Hence, a chunk is not directly identified with its knowledge. Most
architectures have modality specific modules that can contain
these chunks. Some modules can interact with others in a directed
way, shifting information from one into the other, while others
cannot. Hence, we introduce a relation F over the modules. The
implementation of subsymbolic processes in hybrid architectures
leads to two kinds of extensions: (i) the possibility of having a
probabilistic behaviour selecting the next action of the system,
modeled here as nondeterminism; and (ii) the addition of a probabilistic knowledge access mechanism. The access to a chunk
depends on the point in time, events in the record of the chunk,
or on the current state. For the representation of time we differentiate between T, the set of absolute time points, and D, the set of
durations. This definition of time points is relevant for the internal knowledge management in the module. Finally, we introduce
compartments, i.e., data structures that can represent the functional
analogon of modules and buffers in architectures. A compartment
m∈ M may contain chunks and furthermore, some architectures
associate for some specific compartments a subsymbolic process
controlling the retrieval of chunks. An example is the activation
function in ACT-R, or modules that are implemented by a neural
net. To allow such subsymbolic processes we assign to each
compartment m a function gm depending on a time parameter and
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operations Om that can be performed on that compartment, e.g.,
store information etc. To model the effect of subsymbolic mechanisms, each compartment m provides a set of operations Om,
which are used to mark that a specific event occurred. We define
a record as set of elements from T×P (Om), where P (X) denotes
the power set of a set X. The function gm guards if a retrieval of
an information is successful for the given record, and is called the
subsymbolic guard function. Hence, we represent a compartment
m by a tuple (gm,Om). In case of declarative memory in ACT-R,
gm can be for example the base-level activation function, and the
operations are chunk retrieval and chunk storage. The definition
of compartments is general enough to capture the notion of buffers,
too. Altogether we obtain the following definition of a frame:
Definition 1 (Frame of a General Cognitive Architecture)
The frame of a general cognitive architecture A is a tuple
hΣ,Γ,C ,M ,E,F i with
• Σ, a set of internal and Γ⊆Σ, a set of input symbols

trace admissible, if all specified operations are successful, i.e. the
guard function gm evaluates to 1 in every transition of a trace.
We write R∆A for the set of all admissible traces of A consisting
only of traces from ∆ and RA for the set of all traces of A over the
set of all admissible transitions of A . A cognitive computational
model in a given cognitive architecture specifies algorithms based
on (a subset of) operations allowed in the cognitive architecture,
to compute an input-output mapping for the task to be modeled.
While the architecture specifies the data structure, the general
information flow and processes, a model specifies concrete
operations and the given background knowledge.
Definition 4 (Cognitive Model) A cognitive model L of a
cognitive architecture A is a tuple (S,s0,∆,F,α) where
• S is a set of states, s0 ∈ S is the initial state,
• ∆⊆(S ×P (U)×P (O)×D×S ) is a set of transitions.
• F ⊆ S is a set of final states ,i.e., where the computation stops
• α:F ×R∆A → C is an output function.

• C , a set of chunks,
• M , a finite set of modules, each a tuple (gm, Om), where
gm : C ×Om × P (T×Om) → {0,1} is called a guard function,
and Om is a set of operations.
• E ⊆ M , set of modules interacting with the environment,
• F ⊆ M × PS(O)×(M \{mE }), an information flow relation,
where O= m∈M Om is the set of of all operations.
States in a cognitive architecture consists of chunks, an assignment
of the chunks to their content and a location of the chunks.
Definition 2 (State of a Cognitive Architecture) A state S of a
given cognitive architecture A is a triple (C,I,`), with

We introduce a notion of equivalence between models, based on
the ability of producing the same input-output behaviour.
Definition 5 (Response Equivalence of Models) Two cognitive models L1,L2, with Li = (Si,si,∆i,Fi,αi), are called response
equivalent, if for each input string there exist a trace ρ1 for L1
that leads to a final state f1 ∈ F1 iff there exists a trace ρ2 for
L2 that leads to a final state f2 ∈ F2 such that I1(α1( f1,ρ1)) =
I2(α2( f2,ρ2)), where Ii is the interpretation function from fi.
Other forms of equivalence are, e.g., a process equivalence, i.e.,
that arbitrary partial processes of a model are isomorphic to the
processes of a corresponding model, therefore are interdefinable.

• C ⊆ C , a finite subset of the chunks of A ,

4 Embedding Architectures into GCA

P bag(Σ × (C ] Σ)),

In this section we demonstrate an embedding of the two (main)
cognitive architectures ACT-R and SOAR into the GCA. In the
following we restrict our embedding to the most relevant aspects
of the architectures due to space limitations.

• I :C →
an interpretation-function, that
assigns to every chunk in S a multiset of key-value pairs, where
the keys are symbols and each value is either a symbol or chunk,
• ` : M → P (C), a localization-function that assigns to every
module a finite set of chunks.
Each operation performed in a general cognitive architecture is
represented by a transition between two states, where a transition
consists of essential components: the source and target of the transition, the duration of the operation, and which inputs are present.
Additionally a transition specifies which operations are performed
on chunks, represented by a tuple (m1,c,o,m2). The set of all
such operation descriptions is defined as O= M ×C ×O×M .
Definition 3 (Transition) A transition of a cogntive architecture A is a tuple (s1,u,Ω,d,s2) ∈ (S × P (Γ) × P (O) × D × S ),
u,Ω:d
s2.
graphically represented by s1
A set of transitions will be denoted with ∆. Not every transition
is consistent with the information flow restrictions or the guard
functions of the modules formulated in Definition 1. We call
transitions that are not in conflict with the information flow and
guard functions admissible. A sequence over a set of admissible
transitions ∆ is called a trace over ∆. Furthermore, we call a

4.1 Embedding ACT-R in GCA
Following Definition 1, it suffices to show that we can write ACTR as AACT-R = hΣ,Γ, C , MACT-R,EACT-R, FACT-Ri. The concrete
Σ,Γ, and chunks C are model dependant. Hence, we specify the
set of modules MACT-R and the information flow relation FACT-R.
ACT-R consists of the declarative module (md ), the procedural
module (m p), the goal module (mg), the imaginary module (mi),
and the input environment modules EACT-R ={mv,ma}, where mv
is the perceptual modules for the visual input and ma is the module
for the auditory input. Each module m consists of specific operations Om and a guard function gm. So taking the declarative module md as an example, we would have Omd ={retrieve, modify}.
Hence, we can set MACT-R to {md ,mg,mi,mv,ma}. Note that the
production module in ACT-R contains only the production rules
which are represented by the transitions. Buffers are not explicitly
represented in our definition with the exception of the declarative
module, where ACT-R allows to have chunks as well within the
module and as possibly one chunk in the buffer. In our definition
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of a cognitive architecture this could be modeled if necessary
by an additional module mdb simulating the declarative buffer
and the restriction that only chunks of the declarative module can
move from and to mdb, via the information flow function FACT-R.
The production rule system of ACT-R consists of three steps:
match, select, and execute. The matching of production rules is
represented by the transitions between states, i.e., there is only a
transition if the precondition of the corresponding production rule
is satisfied. Depending on whether probabilistic processes, like
noise in the utility calculation, are activated in an ACT-R model,
the transition system is either deterministic, i.e., there is only one
outgoing transition corresponding to the production rule with
the highest utility, or non-deterministic. One transition models
the selection of one matching production rule. The execution of
production rules is visible throughout the states.
The subsymbolic activation of chunks can be modeled with the
retrievability function α of a cognitive model. Depending on the
past retrievals of a chunk c, which are accessible through a trace
ρ, it can be decided if a chunk is retrievable, i.e. if the base-level
activation B(c,ρ) (Anderson, 2007) is above a certain threshold τ.
ACT-R can use in fact up to three components for the activation
of a chunk but due to space limitation we do not outline partial
matching and spreading activity.

4.2 Embedding SOAR in GCA
We will now outline the embedding of SOAR into our GCA.
We have ASOAR = hΣ, Γ, C , MSOAR, ESOAR, FSOARi. Here
MSOAR is the fixed set of modules MSOAR = {mw, ms, me},
where mw represents the working memory, ms the semantic
memory and me the episodic memory. Since SOAR creates
new objects in the working memory for sensory inputs, it is
ESOAR = {mw}. As most information processing in SOAR is
performed in the working memory, we restrict the information
flow in that way that either the source x = (gx , Ox ) or the
target module y = (gy, Oy) is the working memory: formally
2
FSOAR = {(x,o,y) ∈ MSOAR
| o ∈ Ox and (x = mw or y = mw)}. A
concrete SOAR model defines then elements of Σ,Γ and C .
We use a state (C,I,`) of the GCA to represent the memory
content of the SOAR system before the input phase. C is the set
of all objects that appeared in the execution of the SOAR model.
The function I assigns to every object the values of the WMEs and
` assigns to the modules (different memory’s) contained objects.
The production rules in the production memory of a SOAR
model control the specific behaviour of the model. This is
captured by our GCA through a concrete cognitive model
L = hS ,s0,∆,F ,αi. Since states capture the situation of SOAR
before the input phase an embedding of a SOAR model has a
transition (s1,d,Ω1,u,s2) between states s1 and s2 if in SOAR,
after receiving the inputs u, a production employs an operation
Ω1 that is (possibly) selected and following the changes in the
application after time d has passed and output phases leads to
the destination of the transition.

5 Empirical Example
A core motivation for proposing a general framework is to make
implicit (that is partially hidden) modelling approaches explicit.

In the following we consider the current best cognitive model
for recognition memory (Kellen, Klauer, & Bröder, 2013).

5.1 Test case: Modeling recognition memory
A recognition memory experiment consists of two phases: The
first is a learning phase where participants learn several new
items, e.g. from a word list. The second is a recognition phase in
which the participants are presented with items they have already
learned (“old”) and new items. The cognitive processes for this
specific task are modeled by the 2-HTM shown in Fig. 2.
Do
Old
Items

Dn

”Old”
g

”Old”

New
Items

1−Do

”New”
g

”Old”

1−g

”New”

1−Dn
1−g

”New”

Figure 2: The Two-High-Threshold model (2-HTM).
The cognitive model is presented as a multinomial process
tree (MPT) (Singmann & Kellen, 2012). It consists of two trees
with the word type, old or new, specified in the tree’s root. The
tree represents transition probabilities to reach specific states;
in the case that an old item is presented to the participant, she
discovers with probability D0 (state of target detection) that the
item is an already presented item, and gives the response “old”.
If a new word is presented, she discovers with probability Dn that
it is a “new” item. However, the participant can in either case
be uncertain and has to guess the answer. This is represented
by a subtree structure, where if the item is not remembered, the
word is guessed as “old” with probability g and as “new” with
probability 1 − g. We model the 2-HTM both in ACT-R and
SOAR and compare them in our general framework.

5.2 Cognitive Model in ACT-R
For the following ACT-R model, we assume that the learned
words (“old items”) are already stored in declarative memory.
The recognition phase is implemented as follows: First the system
waits for a word to appear on the screen (handled by a production
rule). When a word is shown it is stored in a chunk in the imaginal
buffer. The guessing part is handled through two production rules
with the same preconditions but different answers, guess-old
and guess-new. The production rule with the higher utility is
selected. After the response is determined, it will be returned on
the screen and compared with the real answer.
An intuitive way to model the 2-HTM is to use the activation
threshold of chunks to distinguish between old and new words.
In the experiment phase the model tests if a matching chunk can
be retrieved. If not, the activation is below the threshold or it
is a new word. In this case the model guesses the answer. The
problem of this approach is that the guessing path is considered
every time the retrieval of the chunk failed. The probability of
detecting something as new is not given.
If we do not consider the subsymbolic aspects of ACT-R and
model the 2-HTM directly as in Figure 2, these limitations can be
overcome. We modify the previous model and use the chunk retrieval process solely as a way to distinguish between old and new
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words. We choose a low threshold for chunk retrieval and disable
the base-level learning parameter, meaning that the base-level is
a constant value determined by a parameter. The consequence
is that a matching chunk is always found in the presence of an
old word. If the retrieval process is successful, a specific recall
production rule is triggered, otherwise cannot-recall. Both
production rules solely switch the states to identify if there was
a new or an old word. For each of these production rules we
need more rules to handle either the direct answer or the guessing
phase. Hence, it is possible to model the probabilities of the
2-HTM with ACT-R. We can set an initial utility value for each
production rule and enable a noise parameter with a probability
distribution, which is added to the utility. We tested the ACT-R
model with 10,000 runs4 and the model fits are Dn =31.74 and
Do =47.02, resembling the results by (Bröder & Schütz, 2009).

5.3 Cognitive Model in SOAR
The subsymbolic mechanism of SOAR allows the specification
of probabilities for the breaking of ties for proposed operators.
We can use this to model a decision of the 2-HTM with the three
fixed parameters Dn,Do and g straightforward: if the system gets
an item i as input, the system queries the semantic memory if i
is already known. If the query returns with an answer, the system
proposes two operators o1,o2 and equip o1 with the probability
Dn and o2 with the probability 1 − Dn (respectively Do and
1 − Do). If o1 is selected the system outputs the right result,
otherwise the system proposes in the next step two operators
equipped with the probabilities g and 1 − g, and proceeds in
dependence of the selection.

5.4 Comparing the Models in GCA
Let Wo = {w1,...,wm} and Wn = {wm+1,...,wm+n} two disjunct
list of words, where Wo is the set of words that the participant
received in the learning phase and Wn the set of new items for
the recognition phase of the 2-HTM.
Embedding the ACT-R Model. We can translate the ACT-R
model into our GCA as A = (Σ,Γ,C, MACT-R,EACT-R, FACT-R)
with MACT-R,EACT-R,FACT-R described as above (cf. Section 4.1).
We have the set of chunks C = {co1,...,co10,g,cn1,...,cn10,cv}
with coi for the old words, stored in the declarative memory, g
as goal chunk, cni for the new words and cv as representative for
the word on the screen. The new words are the only inputs from
the environment, i.e. Γ={cn1,...,cn10}.
For the cognitive model LA-2HT we need the set of states S , a set
of admissibile transitions ∆, final states F and the output function
α. The model does not use the base-level activation in the declarative memory which leads to a special guard function of the declarative module: gmd (c,retrieve,ρ)=1 if c∈l(mdb) and 0 otherwise.
Let S = {s0,s1,so2 ...,so9,sn2 ...,sn9} be the states with the final states
F ={so9,sn9}. The states and transitions can be seen in Figure 3a.
In the initial state s0 =(C0,I0,l0) we describe the situation that
the participant has learned the old words, i.e. C0 ={co1,...,co10,g}
with I0(ci)=(word:wi) for all 1≤i≤n and I0(g)=(state:start).
All the chunks are located in the declarative memory, so we have
4 using parameter settings:

(:rt -2, :bll nil, :esc t, :egs 1)

l(md ) =C1 and l(m) = 0/ ∀m ∈ MACT-R,m =
6 md . s1 describes the
state that a word appeared on the screen and the participant has
to read it. Notice that in this state the word has not been read yet
and therefore is not as a chunk in the state yet. Then we change
the state, I1(g) = (state : attending-probe). After the participant
reads a word on the screen, a chunk is created in the visual buffer
and the word is stored in the imaginal buffer. At this point the
system creates a state for each word that may appear but for the
sake of clarity we combine the state of each old word in the state
s02 and the new words in sn2 with
C2 =C0 ∪{cv},l2(mv)=cv,l2(mi)=cv and I2(g)=(state:testing).

In the following we focus on the path for an old word. so3 then
describes the successful retrieval of the word with l3(mdb) = ci,
where ci is the corresponding chunk from declarative memory, and
I3(g) = (state : handle-old-item). In the presence of an old word
the participant either gives the answer directly, so4, or does not
know the answer, so5, and has to guess. The guessing is handled
by the states s6 and s7 for both paths. State so8 then describes that
the answer “old” is given leading to the state so9 where the actual
word appears on the screen. The path of new words is analogous.
Embedding the SOAR Model. Applying the embedding from
Section 4.2 to the SOAR model 2-HTM (see Section 5.3) leads to
the following result: Let ASHTM =hΣ,Γ,C ,MSOAR,ESOAR,FSOARi
with Σ \ Γ = Wo ∪ {s,r,o,n,g,on,oo}, Γ = Wn ∪ Wo
and C = {c1, ... , cm, STATE, OLD, NEW}. Note that
{s,r,o,n,g,on,oo} are symbols from the SOAR model,
that are necessary for the model to be internal self aware of the
states. Due to space reasons we only outline the definition of
the cognitive model LSHTM =(S,s0,∆,F,α): Expanding the space
of reachable states leads to the structure in Figure 3b, where for
every 1 ≤ i ≤ m a copy of the state sir exists (the same applys to
j
sr for all m+1≤ j ≤m+n). For example we obtain sir =(C ,Iri ,`ir )
for all 1 ≤ i ≤ m with Iri (ci) = {word : wk } for all 1 ≤ k ≤ m,
`ir (mw) = {STATE, ci}, Iri (STATE) = {s : r, word : ci} and
out
`ir (ms)={ci |1≤i≤m}. The final states are(
F ={sout
n ,so }, and
OLD x=o
we define the output function as α(sout
x ,ρ)=
NEW x=n
with Ioout (OLD)={result :o} and Inout (NEW)={result :n}.
A comparison. Our core motivation demonstrated on this example is to have a common ground to compare different architectures
and models. As we saw for the 2-HTM in ACT-R, there are some
limitations on the implementation that do not allow for the intuitive
model to represent guessing. We were forced to use the utilities
functionality, which seems to be implausible from a cognitive science perspective. However, if we apply the Definition 5 of equivalency we see that both the SOAR model and the ACT-R model are
response equivalent, i.e., they generate the same response for the
same input. Still, the processes slightly differ as can be seen in Fig.
3. This indicates too that if modules in two different architectures
have a different specification in the GCA then these cannot be
process equivalent. Future work will investigate restrictions.
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(a) Embedding the ACT-R model in GCA
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Figure 3: Embeddings of the 2-HTM into the two architectures ACT-R and SOAR

6 Conclusion
We propose a formal framework general enough to embed different cognitive architectures into it, inspired by the idea that all
architectures represent to some degree insights into the cognitive
processes on the “data structure” of the human mind. The motivation of our approach is twofold. First, to lay the ground for supporting/rejecting, classifying, and categorizing cognitive mechanisms
provided by a cognitive architecture – something which requires a
general framework. Second, to resolve the desire to “fully explore
the space of possible computational cognitive architectures [. . . ]
to further advance the state of the art in cognitive modeling” (Sun,
2007). We outlined conceptually how ACT-R and SOAR can be
translated into the GCA. Furthermore, a notion of equivalence for
cognitive models was formalized based on the GCA, demonstrated
its power on two exemplary 2-HTM models. This is a first step
towards a common ground for comparing more cognitive architectures in a formal way. Future work will focus on embedding more
architectures, compare them on a broader variety of cognitive
models, and investigating the comparison of general concepts of
modeling and the impact of restrictions within this new framework.
Having more embeddings available, the general cognitive architecture will allow us to perform a comparison of the different approaches and to classify the necessary conditions that are required
to model a task. From a theoretical perspective, an analysis of the
different architectures and their implicit and explicit assumption
is possible. Furthermore, it allows a formal analysis of the limitations of recent approaches, e.g., the declarative knowledge module
in ACT-R which makes the incorporation of guessing difficult.
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Bröder, A., & Schütz, J. (2009). Recognition ROCs are curvilinear—or are they? On premature arguments against the two-

high-threshold model of recognition. Journal of Experimental
Psychology: Learning, Memory, and Cognition, 35(3), 587.
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Abstract
In this study, we test the possibility that real-life events induce an
abstract category activation in a way that permits structurally-based
retrievals. We used a free-recall reminding paradigm where
participants had to report any memory that come to mind when faced
with a target cue embodying a familiar concept. This method
allowed us to consider the retrievals of any analog that shares a
meaningful structural similarity in the participants’ own eyes.
Results revealed that most participants predominantly retrieved
Superficially Dissimilar Analogs (SDAs) rather than Superficially
Similar Disanalogs (SSDs). Interestingly, retrievals of SDAs were
preponderant over retrievals of Superficially Similar Analogs
(SSAs). These data suggest that familiar abstract knowledge may
have a more important role in promoting abstract encoding and
structurally-based retrievals than it was supposed to.
Keywords: analogical retrieval; structural similarity; abstract
encoding; abstract categories; free-recall reminding paradigm

Introduction
Some analogies, like the one Rutherford has drawn
between the solar system and the atom, are not within
anyone’s reach. An explanation for the difficulty to find such
analogies is that, despite an important structural overlap
between the source and the target cue situations (they share
similar relations since the sun attracts planets causes the
planets to revolve around the sun, just like the nucleus
attracts electrons causes the electrons to revolve around the
nucleus), they do not share surface/superficial similarity
(they involve objects from different semantic domains: sun
and planets in the source, and respectively nucleus and
electrons in the target cue) (Gentner, 1983). Indeed, the
absence of surface similarity would make a source situation
difficult to access from long term memory since, following
Forbus, Ferguson, Lovett & Gentner (2017), “memory
retrieval is strongly influenced by content, and only weakly
influenced by relational structure” (p. 1164).
However, it is possible that some analogies between
Superficially Dissimilar Analogs (SDAs) are much more
easily generated than the Rutherford one. For instance,
imagine that someone tells you that, after saying to herself
every day that tomorrow she will go to the Do It Yourself

store to buy the lightbulb she needs, she finally bought it at
least two weeks later. Would you be likely to be reminded of
that moment when you had to answer an e-mail, what you
finally did many days later, after saying to yourself several
times a day that you would send it later during the day?
Contrary to the structural similarity lying between the solar
system and the atom, a concept that is familiar for most
people may allow one to encode a common procrastination
structure underlying those daily-life situations. In this paper,
we propose that situations referring to familiar abstract
concepts can elicit structurally-based retrievals.

The relational gap
Numerous studies have addressed the question of
analogical retrieval within a problem-solving context, where
a source problem is provided to the participant with its
solution before an analog target problem has to be solved.
Participants seldom spontaneously notice the structural
similarity lying between two SDA problems (Gick &
Holyoak, 1980). Indeed, the encoding of the problems would
not be sufficiently focused on abstract features to permit a
structurally-based access (Gick & Holyoak, 1983). This
explanation is supported by studies showing that performance
increases when the problems are Superficially Similar
Analogs (SSAs) (Keane, 1987; Ross, 1987).
This conclusion is also supported by story-recall studies,
where source stories are provided before target stories sharing
surface and/or structural similarity are presented. These
studies have shown that analogy-matches (SDA) are seldom
retrieved, whereas literal matches (SSA) are retrieved much
more often (Gentner, Ratterman & Forbus, 1993). The failure
of abstract encoding is even better illustrated by the result
indicating that mere appearance matches (Superficially
Similar Disanalog - SSD) target cues are more efficient than
SDAs in driving retrieval of a source story. The role of
structural similarity in retrieval was questioned since SSAs
were not significantly better retrieved than SSDs and SDAs
were not significantly better retrieved than Superficially
Dissimilar Disanalogs (SDDs).
Trench and Minervino (2015) came to similar findings
with a production paradigm (Blanchette & Dunbar, 2000)
where they controlled the availability of a SSA or a SDA in
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memory. Participants had to generate analogies with their
own experiences to dissuade someone from adopting a given
behavior (e.g. someone who enjoys passion fruit who intends
to incorporate it into cheesecakes, toppings and daiquiri). In
line with previous results, they showed that analogical
retrievals were oriented toward SSA (e.g. having consumed
so much of a new food with the consequence of becoming
disgusted of it), with rare occurrence of SDA retrievals (e.g.
having played a video game so much with the consequence of
getting fed up with it). The contrast between the relative ease
to detect structural similarity when asked to map two SDAs
(Gentner et al., 1993) and the difficulty to base retrieval upon
this structural similarity has been named a “relational gap”
(Holyoak, 2012).

Abstract concepts to fill the relational gap
Gentner, Loewenstein & Thompson (2003) have
suggested that the surface dominance in retrieval is a
consequence of the encoding that would be mainly focused
on surface features. However, there is some empirical
evidence that the encoding is not superficial per se, but
depends on the knowledge one has about the situations.
Indeed, studies on expert populations suggest that familiar
concepts promote an abstract encoding that can fill the
relational gap: experts are able to generate distant analogies
when pursuing specific goals (Christensen & Schunn, 2007;
Kretz & Krawzyk, 2014). Also, they are better able than
novices to transfer solution based on structural similarity
across SDA problems (Novick, 1988). Moreover, the
development of adequate abstract concepts has been
identified as a critical factor allowing experts to reach the
abstract structure of problems (Chi, Slotta & Joram, 1992).
It has been argued that simple and local concepts could
explain why lay participants would mainly base their retrieval
on surface features (Loewenstein, 2017). In this view, the
extraction of an abstract schema could be elicited by specific
experimental settings. Analogical encoding, by which a
participant is instructed to compare two analog source
situations (Gick & Holyoak, 1983; Gentner et al., 2003) or
two target cue situations (Gentner, Loewenstein, Thompson
& Forbus, 2009; Dekel, Burns & Goldwater, 2017) before the
retrieval phase would be a way to induce the extraction of a
schema highlighting the abstract features of the analog
situations.
However, abstract concepts can be activated without a
specific assistance during the encoding of the situations:
Bassok, Wu and Olseth (1995) have shown that novice
participants became able to transfer a solution between
combinatorial problems when they both could be interpreted
through a familiar “get” concept, that is to say, when both
involved objects distributed to humans rather than the reverse.
Further, the activation of relational knowledge seems to be an
automatic process that is elicited while perceiving familiar
objects (Bassok, Pedigo & Oskarson, 2008) and Popov,
Hristova and Anders (2017) showed that familiar objects’
relations are spontaneously encoded with the consequence
that participants falsely recognize two objects words (e.g.

artery – blood) when they had been previously presented with
two other objects usually sharing a similar relation (e.g. pipe
– water). Further, it has been demonstrated that pictures of
real-world situations activate abstract concepts in a way that
primes a lexical decision on these concepts’ labels (McRae,
Nedjadrasul, Pau, Pui-Hei Lo & King, 2018). The view that
abstract knowledge is activated in familiar daily-life
situations is also supported by Schank (1982), showing that
similar high-level structures are involved in situations
occurring in different contexts (e.g. visit to a doctor and visit
to an accountant). According to Hofstadter and Sander
(2013), the abstract encoding of a familiar analog situation
can give rise to a conceptual skeleton that can be reactivated
in new analog situations. This conceptual skeleton becomes
stored in LTM in the form of a category of situations referring
to more and more abstract features, as new analog situations
are encountered and confirm the structural core of this new
category. As they become familiar concepts, these categories
of situations should be spontaneously activated during the
encoding of new analog situations, thus promoting an abstract
encoding that can support analogical retrieval. However,
Jamrozik and Gentner (2013) have shown that participants
that were presented with SSD and SDA stories corresponding
to such category (called schema category) manifested the
surface bias, unless the label of the category was explicitly
provided with the SDAs (e.g. “this is an example of
reciprocity”). Hence, the category would not be
spontaneously activated during the encoding of the situations
in a way that could elicit structurally-based retrievals.
Numerous authors have highlighted that story-recall tasks
do not invite participants to process a deep encoding of the
stimuli (Hammond, Seifert & Gray, 1991; Blanchette &
Dunbar, 2000; Hofstadter & Sander, 2013). Indeed, it is
possible that text-stories make the participants less involved
in the situations than the events that he or she encounters in
daily-life, which bear more personal significance. This
shallow processing conditions may have prevented
participants from encoding the situations through their
respective category. This may have oriented participants
towards the retrieval of SSDs rather than towards SDAs. Also,
Gentner (2010) noted that relations may not be as likely as
objects to be encoded in a uniform way. The author suggests
that this may be one of the reasons why providing a similar
label to relationally similar situations, by encouraging their
uniform encoding, promotes relational retrievals. We propose
that another way of opening the door for relational retrieval
may be to leave to the participants the possibility to retrieve
any source analog that shares a meaningful structural
similarity with the target cue in the participants’ own eyes. In
the present experiment, we used a free-recall reminding
paradigm where participants faced with a target cue situation
which corresponded to a category had to report any memories
that came to mind. Our aim was to assess the structural
superiority hypothesis according to which structural
similarity surpasses surface similarity in driving the retrieval
of events referring to familiar knowledge. As SSAs contain
both structural and surface similarity, their retrievals can be
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both explained by the structural superiority and the surface
superiority accounts for analogical retrieval. Hence, we
focused on SDA and SDD retrievals, and predicted that
source situations sharing structure but no surface would be
predominantly retrieved over situations sharing surface but
no structure.

Experiment
Method
Participants
97 participants (78 women and 19 men, M = 24.3 years,
SD = 7.3 months) took part in the experiment during a
university class.
Material
A booklet was presented with, in its first page, the
instructions and a target cue presenting a short description of
a situation that could be interpreted through a familiar
category. Two target cue situations were constructed, one
referring to procrastination, and the other referring to excuse,
although these labels were not provided to the participants (c.f.
Table 1). The first and the second pages presented altogether
eight plots to be filled with the retrieved memories. Half of
the participants received only the procrastination target cue
and the other half received only the excuse target cue.
Table 1 : The two target cue situations (translated from
French)
Procrastination
I had to go to the Do It Yourself store to buy a lightbulb, but
every day I was saying to myself that I would rather go there
tomorrow, and I only bought it some two weeks later
Excuse
I had the idea to answer that I forgot my glasses when the
photographer offered me to go to his exhibition. The reality
is that I had my glasses with me but I did not want to go
there.

Procedure and experimental design
Contrary to most previous experiments investigating the
retrieval of events from the participants’ own experience
(Blanchette & Dunbar, 2000; Trench & Minervino, 2015), we
did not ask participants to generate analogies. Two reasons
motivated this choice. First, the instruction to generate
analogies is adequate to assess the role of surface similarity
in analogical retrieval, but it may not fit our aim to compare
the role of surface similarity to the one of structural similarity
in retrieval. Indeed, participants prompted to generate
analogies are incited to retrieve structurally similar situations
(SDAs or SSAs rather than SSDs). Second, the explicit goal

to seek for analog situations may invite participants to create
analogs rather than to retrieve real memories (Trench &
Minervino, 2015). Accordingly, the task was presented as a
memory-recall task. The instructions stated that the
participants will have to report a maximum of memories that
the target cue situation reminds them of and to report all
memories that would come to mind. Hence, no goal to
generate analogies could overshadow the instruction to recall
real memories. Additionally, the instructions explicitly stated
that the reported situations had to be real memories and not
situations invented during the task.

Results and discussion
Each memory that was retrieved was coded following
Gentner et al.’s coding scheme (1993; 2009; Jamrozik &
Gentner, 2013), according to the presence or absence of
surface and the presence or absence of structural similarity
(as illustrated with the example provided in Table 2). A SSA
shares both structural and surface similarity, a SSD shares
only surface similarity, a SDA shares only structural
similarity, and SDD does not share any similarity. Retrievals
were coded as preserving the procrastination structure when
they contained each of the three following basic ingredients:
(1) an activity that should be done now (2) is deliberately (3)
postponed. Similarly, the excuse structure was decomposed
in three segments involving (1) pretending (2) an impediment
(3) in order to avoid a given situation. Source situations
containing only two or less of these segments were coded as
a SSD or a SDD according to whether they share surface
similarity or not. The surface similarity was attributed to
source situations containing at least one object that was either
identic or semantically related to one of the target cue’s
objects. Regarding the procrastination target cue, each
source situation referring to a store, handiwork, or a light
were coded as superficially similar. Retrievals were coded as
preserving the surface of the excuse target cue situation when
they involved a cultural activity, a photographer, or glasses
(or any visual disabling). The two first authors independently
coded each reported memory as a SDA, a SSA, a SSD or a
SDD.
Four participants returned blank protocols and were
excluded from the analyses. A total of 312 situations were
reported by the participants. The mean number of memories
reported for each participant was 3.4. The two independent
raters agreed on 89.4% of the 312 situations. Disagreements
were resolved through discussion. Among all retrieved
situations, 46.1% were SDAs, 27.6% were SSDs, 11.9% were
SSAs and 14.4% were SDDs (c.f. Figure 1).
Further analysis was drawn to assert that the
preponderance of SDAs over SSDs in the total number of
retrievals from all participants taken together is not a
consequence of the fact that participants retrieving SDAs
tended to generate more memories than other participants.
Indeed, the comparison of the number of participants
predominantly retrieving SDAs over SSDs and vice versa
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may be a more appropriate measure to assess the structural
similarity superiority.

number of participants who retrieved more SSDs than SDAs
revealed a significant difference (X2 (1, N=81)=8.26, p < .05).

Table 2 : Examples of situations reported by the participants
presented with the procrastination target cue (translated
from French)

60%
50%
40%
30%

Superficially Dissimilar Analog (SDA)
It reminds me of the situation in which I was a few months
ago, when I had to register in the University and ask for a
scholarship. I was so lazy that I postponed this many time and
I finally did it in October.

20%
10%
0%
Procrastination

Superficially Similar Analog (SSA)
I had to go to a shop to buy a gift for a friend of mine, but I
first said to myself that I could rather go there later, at the end
of the month, and I finally took six months to go there.
Superficially Similar Disanalog (SSD)
I went to the Do It Yourself store some months ago with my
father to spend some time with him, but I finally left him
when my girlfriend called me.
Superficially Dissimilar Disanalog (SDD)
My mother wanted me to tidy my room, but I did not want to
do it, so she finally threw my stuffs in the trash.

60%

Majority of SDA

Excuse
Majority of SSD

Figure 2: proportion of participants retrieving more SDAs
than SSDs or the inverse
Results are in accordance with the structural superiority
hypothesis in that participants more frequently retrieved more
SDAs than SSDs rather than the inverse. It reveals that
retrievals are more influenced by structural than surface
similarity. We sought to assess the proportion of participants
who, as far as their retrievals suggest it, processed an abstract
encoding of the situations. We considered that participants
retrieving at least one SDA may have processed such abstract
encoding. Analyses revealed that 74.2% of the participants
retrieved at least one SDA, suggesting that a great majority
of the participants did spontaneously encode the situations
according to their structural features.

50%
60%
40%
50%

30%

40%

20%

30%

10%

20%

0%
SDA

SSD

SSA

SDD

10%

Figure 1: proportion of retrievals of each type of source

0%
SDA

In this line, analysis revealed that 58.1% of the
participants retrieved more SDAs than SSDs (60% for the
excuse target cue and 56.3% for the procrastination target cue,
as can be seen in Figure 2). 30.1% of the participants
retrieved more SSDs than SDAs (31.1% for the
procrastination target cue and 29.2% for the excuse target
cue). A chi square performed on the number of participants
who retrieved more SDAs than SSDs compared to the

SSD

SSA

SDD

Figure 3: proportion of first retrievals for each type of
source
We were also interested in the first retrieval that was
reported by the participants. Indeed, this analysis could reveal
whether participants directly encoded and use the structure of
the target cue situation to drive the retrieval a SDA, or
whether they were more incline to be focused at first on
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surface features, leading to superficially-based retrievals, and
then progressively started to consider structure features.
Among all the first retrievals of the participants, 51.6% were
a SDA, 23.7% were a SSD, 18.3% were a SSA and 6.4% were
a SDD (c.f. Figure 3). A chi square performed on the number
of first retrievals of a SDA compared to the number of first
retrievals of a SSD revealed a significant difference (X2 (1, N
= 69) = 9.66, p < .01). These data suggest a direct encoding
of the structure.

Conclusions
Prior research has emphasized the superior role of
surface similarity over structural similarity in driving
retrieval (Gick & Holyoak, 1983; Gentner et al., 1993; Trench
& Minervino, 2015). Following studies showing the encoding
of structural features in expert populations as well as the
activation of familiar concepts from daily-life when lay
participants encode familiar situations, we assessed whether
the surface dominance applies in familiar situations referring
to an abstract category, which our every day-life abounds
with. A free-recall reminding paradigm was adopted where
participants were allowed to recall any situation from their
own experience, so that the retrieval of any source analog that
the participant had encoded through a similar category could
be considered. Results demonstrated a preponderance of
retrievals of SDAs over SSDs, suggesting that the activation
of an abstract category can fill the relational gap. The
difference between our results and those from Jamrozik and
Gentner (2013) when no category label was presented
highlights the importance of considering the retrieval of
sources from one’s own experience rather than from textstories encoded in an experimental context.
Another difference between our results and previous
findings deals with the proportion of SDAs versus SSAs that
were retrieved. Trench and Minervino (2015) indicated that
16.5% of the SDAs against 45% of the SSAs were retrieved
when faced with a familiar target cue situation (e.g. someone
who enjoys passion fruit who intends to incorporate it into
cheesecakes, toppings and daiquiri). In contrast, our results
showed a reversed pattern with 46.1% of the total retrievals
leading to SDAs and only 11.9% guiding to SSAs. It is
possible that when dealing with a familiar situation such as
eating too much of a pleasant food, the goal to use analog
personal experiences to convince someone orients
participants towards the most similar experience (i.e. not only
at the level of a highly abstracted structure), bearing the
higher predictive power. Another possibility is that the
encoding is made even more abstract when the extraction of
a schema can be supported by the activation of a stored
category. While the structural encoding of familiar situations
such as the ones investigated in Trench and Minervino (2015)
may still contain some surface features, the structural
encoding through an abstract category activation may induce
a direct encoding of the situations’ abstract structure in a way
that analogical retrieval becomes more prompted to reach
source analogs in various semantic domains.

The contrast between the superiority of SDA retrievals
when the structure can be captured through an established
category and the superiority of SSA retrievals in the absence
of such category could make one think of a switch from a
surface superiority to a structural superiority following the
presence or not of a corresponding abstract category. Indeed,
studies showing the superiority of SSA over SDA retrievals
have generally concluded that surface similarity was the
predominant factor leading to such retrievals. In this line,
Trench and Minervino (2015) suggest that “the proficient
analogizer begins by including surface information about the
target in the working memory probe that will be used for
retrieval (…)” (p. 23), consistent with Loewenstein’s (2017)
proposal that while making an analogy with a superficially
similar analog, “we will probably be focused at first on
corresponding surface features (…) ”(p. 8446). However, the
foundation of the surface dominance proposal can be
questioned when considering that SSA may not have only
more surface similarity than the SDA, but may also share a
higher overlap at the level of abstract similarity (e.g. two
episodes where someone intends to abuse of a food he or she
enjoys share abstract features such as the fact the characters
may have a sweet tooth or that he or she risks to put on weight
or to get sick) that an analog from another domain may not
preserve. Although the higher rate of SSDs over SDAs
reported in Gentner et al. (1993) could be considered as an
evidence that surface similarity overpowers structural
similarity in retrieval, it can be noted that the stories sharing
a mere-appearance match do not only share surface, but also
share a substantial part of their structure. Raynal, Clément
and Sander (2017) provided evidence showing that when
surface and structural similarity are dissociated between a
target cue and different source stories, structural similarity
predominantly drives access over surface similarity.
Our study provides new findings inciting a unifying view
of analogy and categorization processes (Hofstadter &
Sander, 2013). Prior research has shown that analogies are at
the heart of the categorization process (Ramcar & Pain, 1992).
Analogies give rise to abstract schemas (Gick & Holyoak,
1983; Gentner et al., 2003; 2009) and abstract categories
(Christie & Gentner, 2010; Hofstadter & Sander, 2013).
Namely, it has been suggested that some particular types of
categories, being characterized by relational features
(relational categories like robbery or thief) as opposed to
entity categories (e.g. vehicule.), would be learned through
analogies (Gentner & Kurtz, 2005). Considering that most
categories possess relational features (e.g. vehicules
transports people from a location to another), one can wonder
to which extent all forms of categories progress through
analogies. Reciprocally, our results suggest that the activation
of abstract categories supports analogical retrievals. Further
studies are needed to investigate the impact of familiar
abstract concepts on the encoding as well as on the
subsequent analogical retrievals within or outside a target
cue’s semantic domain.
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Look at THAT: Deixis reveals developmental changes in verbal prediction
Tracy Reuter
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Abstract
The present study evaluated whether listeners can use spatial deixis (e.g., this, that, these, and those) to predict the plurality
and proximity of speakers’ referents. In an eye-tracking task, adults and 5-year-old children viewed scenes while listening
to deictic sentences (e.g., Look at that beautiful baby) and neutral sentences (e.g., Look at the beautiful baby). We found
that both adults and children used deixis to predict the plurality of the referent (e.g., using this to anticipate a singular
referent). However, only adults used deixis to predict the proximity of the referent to the speaker (e.g., using this to
anticipate referents that were proximal to the speaker, and that to identify distal referents). Thus, the present findings reveal
specific developmental changes in prediction during language processing. We argue that, beyond determining whether
listeners predict, determining how listeners predict is crucial to understand prediction’s role in language processing and
learning.
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eyegaze. We measured participants' eye movements while
viewing events that differed in terms of how much of the
agent was visible, and found that eyegaze patterns
distinguished these two types of events at the beginning of an
event but not at the end. Our results provide support for the
proposal that early fixations to individual scene elements play
an important role in shaping language production (Gleitman
et al., 2007; Myachykov et al., 2012; cf. Griffin & Bock,
2000; Bock, Irwin & Davidson, 2004), and are consistent
with claims that early fixations guide how events are
conceptualized (Bock & Ferreira 2014). At the same time,
only one of our eyegaze measures correlated with degree of
occlusion of the agent, informing our understanding of ways
in which eyegaze does not track cognitive processing.

Abstract
Perceptual aspects of events, such as the visual prominence of
event participants, have been shown to influence how people
describe events. We investigate the relationship between such
perceptual effects and patterns of eyegaze, focusing on a littleexplored perceptual manipulation: the extent to which an event
participant is wholly or partially visible. Using an eyetracking
method, we found a correlation between this perceptual
contrast and patterns of eyegaze at the beginning of the event
but not the end. This finding supports the view that early visual
attention to events has important downstream consequences for
event conceptualization and linguistic description.
Keywords: events; construal; agency; eyetracking; visual
perception; conceptualization

Introduction
When people describe events, they have a variety of linguistic
options at their disposal: depending on your goals and
interests, for example, you could tell your dinner guests I
burnt the soufflé or simply the soufflé got burnt. Decades of
research have addressed how a multitude of conceptual,
linguistic and discourse factors influence language
production choices (see Bock & Ferreira, 2014 for review).
The last decade has seen increased attention to how visual
perceptual aspects of event apprehension affect these choices
(Coco & Keller, 2015; Griffin & Bock, 2000; Gleitman,
January, Nappa & Trueswell, 2007; Myachykov, Garrod &
Scheepers, 2012; Vogels, Krahmer & Maes, 2013). If, for
example, a participant happens to look at one entity in an
event before another, is that entity more likely to be
mentioned as the Subject of the sentence? In the current
study, we test the relationship between visual prominence in
an event and how participants apprehend events through their
eyegaze (e.g., when participants fixate on entities in an event
and for how long). Previous work shows that for simple
agentive events such as a person tipping over a book,
participants are more likely to describe these events using
passive voice when only the agent's hand is visible than when
the face and torso are also visible (Rissman, Woodward &
Goldin-Meadow, under revision). We asked in this study
whether this linguistic effect is reflected in patterns of

The influence of the eyes in language production
While a rich literature has addressed how conceptual features
such as animacy affect linguistic descriptions (Bock, Loebell
& Morey, 1992; Branigan, Pickering & Tanaka, 2008; among
others), we understand less about the influence of visual
perception on event conceptualization and linguistic
encoding. In English, the Subject is usually also the topic
(Lambrecht, 1994). Thus the active and passive sentences the
cat tipped over the water and the water was tipped over share
the same relational structure (i.e., who did what to whom) but
differ in terms of what the sentence is primarily "about."
Influential studies by Bock and colleagues have shown no
relationship between early patterns of eyegaze and Subject
selection (Griffin & Bock, 2000; Bock, Irwin, Davidson &
Levelt, 2003; Bock et al., 2004). Griffin & Bock (2000), for
example, tracked participants' eyegaze while viewing static
illustrations of two animate entities in an event. They found
that entities that were fixated first were not more likely to be
mentioned as the Subject of a sentence.
Subsequent studies, however, have shown relationships
between early eyegaze and language production. In Gleitman
et al. (2007), participants viewed illustrations with two
animate entities, e.g. a cat licking a dog. Just prior to viewing
the illustration, a square flashed briefly over the space where
one of the entities would ultimately appear. Overall, speakers
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usually mentioned the agent as the Subject, but when the
square had flashed over the patient, participants were more
likely to produce a passive description (e.g., the dog was
licked by the cat) than when the square had flashed over the
agent. Directing visual attention to the patient thus increases
the likelihood of that entity surfacing as Subject. Similar
effects have been reported by Forrest (1996), Tomlin (1997),
Myachykov et al. (2012), Vogels et al. (2013) and Coco &
Keller (2015), among others.
Such visual perceptual effects have been primarily
explained in terms of two mechanisms, which are not
mutually exclusive: lexical access and conceptual FigureGround assignment. In the first mechanism, when a
participant views a scene of a dog and a cat, looking at the
dog first makes the word dog more active and subsequently
more likely to be mentioned as Subject. In the second
mechanism, participants are more likely to construe an event
as being "about" a specific entity if this entity is fixated first
-- in other words, that entity is the conceptual Figure.
This literature raises several issues: first, the fact that not
all studies have found effects of early visual perception on
language calls for exploration into a wider range of visual
contrasts, to better understand the robustness of such effects.
Second, if visual prominence affects conceptual FigureGround assignment, we would expect visual effects to be
found even for non-linguistic tasks. Third, what is the
relationship between visual prominence and the eyegaze
itself: at what stages of event apprehension (i.e., beginning,
middle, end) does eyegaze most reflect conceptual and
linguistic processing? We address here each of these issues.
Research approach
We extend previous research showing that English-speaking
adults produce more passive descriptions when less of the
agent is physically visible (Rissman et al., under revision).
These authors found in four separate studies that when
participants describe videos of agentive events such as a
person knocking over a book, they are more likely to produce
a passive description such as the book was tipped over when
the frame of the video contains only the hand of the agent,
and not the face and torso as well (see Figure 1 for examples
of “Full” visibility vs. “Partial” visibility events). Animacy
and agency are both associated with higher conceptual
accessibility (Bock & Warren, 1985). Nonetheless, this
finding shows that perceptual information can override both
the agency and animacy cues in determining which referrent
is mentioned as Subject. We are not aware of previous studies
that have manipulated degree of occlusion of event referents.
Rissman et al. conducted a follow-up comprehension task
which indicated that obscuring the face/torso leads
participants to conceptualize the event as being more "about"
the patient, i.e. a construal where the patient is the Figure. In
this task, participants were shown a Full visibility event
alongside a Partial visibility event such as in Figure 1.
Participants were given either an active sentence or a passive
sentence and were told to select which video best matched the
sentence. In two separate studies, participants were more

Figure 1: Example videos from the Full-Agent and
Partial-Agent conditions. In this scene type, the person
tips over the book onto the table.
likely to select the Full video given an active sentence rather
than a passive sentence. This provides further evidence that
when the agent’s face is obscured, participants construe the
event as being more “about” the patient. In an additional
rating study, participants judged the agent to have the same
degree of animacy in the Full and Partial videos.
If Full and Partial events lead to alternate event
conceptualizations, this difference should be present even
when participants are doing a non-linguistic task. We asked,
therefore, whether patterns of eyegaze would be different for
Full and Partial events, in the absence of a language
production task. Differing event construals need not be
reflected in patterns of eyegaze. These construals may instead
be the result of higher-level conceptual-pragmatic reasoning
with no correlate at the mechanistic level of the gaze.
Participants may reason, for example, that if the
experimenters did not choose to show the entire agent in the
Partial events, then the agent must be relatively unimportant,
or there may be a general dispreference for small subparts of
an entity to be conceptualized as the Figure.
We also investigated when eyegaze would differ over the
course of viewing Full vs. Partial events (if at all). We
hypothesized two possible ways in which patterns of looking
might differ: first, that participants would direct their early
looks to the patient more often for Partial events than for Full
events, consistent with previous findings on the role of early
fixations. In Partial events, there are fewer entities to look at,
since the highly salient face is absent. This does not
automatically mean, however, that participants will be faster
to look at the patient for Partial than for Full events. As a
marker of animacy, a hand is still more conceptually
prominent than an inanimate object, and it may be that
participants in the Partial condition direct their early looks to
the hand at the same rate as participants in the Full condition
direct their early looks to the face/body/hand.
Our second hypothesis about the timing of any eyegaze
effects was that participants would shift their attention in
different ways for Full vs. Partial events. Pilot studies showed
that participants fixate longer on the patient and hand at the
end of the event than at the beginning: thus participants shift
their attention more toward the patient and the hand, and
away from other aspects of the scene, at the end than at the
beginning of the event. Since Partial events are construed
more from the patient’s perspective, we predict that
participants viewing Partial events will shift a higher
proportion of their looking towards the patient than
participants viewing Full events.
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Method

videos as if they were watching TV, and to look at the fixation
cross between each video.

Participants
32 native English-speaking adults from the University of
Chicago community participated (M = 21, F = 11; mean age
= 21). An additional 11 participants were tested but were
excluded due to being non-native English speakers (N = 5),
or due to technical problems with the eyetracker (N = 3), or
because the eyetracker failed to record eyegaze data for over
40% of the samples for that participant (N = 3). All
participants received either $10 or course credit for their
participation.

Data analysis
We report here eyegaze data for the Agent videos. We
analyzed fixations to three areas of interest (AOIs): the Body,
the Hand and the Patient. Examples of each of these AOIs are
shown in Figure 2 for both Full and Partial videos. The
Patient AOI included the regions that the object was
occupying at the beginning and at the end of the event.

Design, Materials & Procedure
We compared patterns of fixation for agentive events where
the person’s face and torso were visible (Full-Agent
condition) against events where only the person’s hand and
forearm were visible (Partial-Agent condition). Examples of
each type of video are shown in Figure 1.
There were eight types of scenes in each of these two
conditions, e.g. a person tipping over a book, a person
pushing a ball into a cup, and a person opening the lid of a
box. In each video, a person sat with their hand resting on a
table. They performed the action and returned their hand to
the initial resting position. Videos were edited so that: 1) the
initial and final resting periods lasted exactly 1 sec each, and
2) the motion component of the event (the person moving
their hand to the object, acting on the object and returning
their hand to the table) lasted exactly the same amount of time
for the Full-Agent and Partial-Agent videos (3-4 seconds for
each type of scene). Partial-Agent videos were filmed with
the person sitting behind a screen. In Full-Agent videos, only
the profile of the person’s face was visible.
In addition to these Agent videos, participants also viewed
No Agent videos, in which a person sat motionless at a table
while the object underwent a change on its own. These No
Agent videos featured the same eight types of scenes as the
Agent videos (e.g., a book tipping over, a ball rolling into a
cup, the lid of a box falling open). As with the Agent videos,
there were variants where the person’s face and torso were
visible, as well as where only the forearm was visible. The
purpose of these stimuli was to prohibit participants from
expecting that the person would move, and thereby make
anticipatory looks. Videos were edited so that the duration of
the motion of the object (e.g., the book moving from vertical
to horizontal position) was the same for No Agent videos as
for Agent videos. For each type of scene, No Agent and
Agent videos were also the same overall length.
Participants viewed 32 videos in total, or four videos for
each of the eight types of scenes. We constructed four random
orders of these videos, and participants were evenly
distributed across these four orders. A centrally-located
fixation cross was shown for 1.5 sec between each video.
Videos were shown on a Tobii T60 XL eyetracker
sampling at 60 Hz. Participants were asked to watch the

Figure 2: Example AOIs from the Full-Agent and
Partial-Agent conditions. In this scene, the person
pushes a ball down a ramp into a cup
We analyzed fixations to these AOIs for only the beginning
and end of the event, when neither the person nor the object
was in motion. Adults need about 200 ms to plan a saccade
(Duchowski, 2007). We therefore analyzed an 800 ms
segment at the beginning of the event (200 ms - 1000 ms;
Beginning segment) as well as the final 800 ms of the event
(End segment).
Eyegaze data were filtered using the Tobii I-VT filter.
Individual trials were excluded if there was less than 67%
gazepoint data for that trial; 4% of trials were excluded for
this reason. For those remaining trials, gazepoint data was
available for 94% of the samples in the trial.
We analyzed two dependent measures: 1) proportion of
participants looking to each of the AOIs early in the trial and
2) total fixation duration to each of the AOIs during the
Beginning and End segments. Fixation duration was
calculated as a proportion of the percentage of the trial for
which there was gazepoint data available.

Results
Early looking
Our first prediction was that participants in the Partial
condition would be more likely to direct their early attention
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Figure 3: Average proportion of participants looking to the Patient and Hand AOIs in the Full
and Partial visibility conditions. The timepoint 0 marks the beginning of the trial. Note different yaxis scales for Patient vs. Hand. Shaded regions show 95% confidence intervals.
to the Patient than participants in the Full condition. Figure
3 shows the proportion of participants who were fixating on
the Patient and Hand AOIs in the Full and Partial conditions
in the first 1000 ms of each trial, binned in 40 ms increments.
Figure 3 shows a steep upward incline in looking to the
Patient AOI in both the Full and Partial conditions, but an
even steeper incline for the Partial condition. By contrast,
looking to the Hand AOI increases slowly over the course of
the beginning of the trial, with looking to the Hand ultimately
more frequent in the Partial than in the Full condition.
Adults need about 200 ms to plan a saccade, and saccades
themselves last 10-100 ms (Duchowski, 2007). To gain
insight into participants' earliest fixations, we measured the
proportion of participants who were looking at the Patient and
the Hand AOIs in the time window 280-320 ms after the start
of the trial. These values are shown in Table 1.
We used mixed model logistic regression and the lme4
package for R (Bates & Maechler, 2009) to model the
likelihood of participants looking to the Patient during this
time window. The best-fitting model included participant and
item random intercepts and the Visibility fixed effect (Full
vs. Partial). Participants in the Partial condition were
significantly more likely than participants in the Full
condition to be fixating on the Patient during this early time
window (β = 1.71, SE = .22, p < .001). The absence of the
face and torso of the Agent does not lead participants in the

Partial condition to redirect their attention to the Hand early
in the trial: indeed paticipants looked to the Hand almost not
at all in the first 400 ms of the trial, in either condition. Our
prediction was thus confirmed that participants in the Partial
condition are more likely to direct their early looks to the
Patient than participants in the Full condition. These results
indicate that differences in construal do in fact correlate with
differences in eyegaze, and that these differences emerge
early in the trial.
Table 1: Proportion of participants fixating on each AOI in
each condition during the 280-320 ms time window
AOI
Patient
Hand
Body

Visibility
Full
Partial
Full
Partial
Full
Partial

prop Ss (95 CI)
.24 (.06)
.57 (.05)
.004 (.008)
0 (0)
.33 (.06)
.04 (.02)

Fixation duration
Figure 4 shows proportional fixation duration at the
beginning vs. the end of the video for each of the AOIs, in the
Full and Partial visibility conditions. Consistent with a
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Figure 4: Proportional fixation duration to the Body, Patient and Hand AOIs in the beginning and end
segments of the video in the Full and Partial visibility conditions. Error bars show 95% confidence intervals.
previous pilot, participants fixated on the Patient and the
Hand AOIs more at the end of the video than at the beginning,
in both the Full condition (beginning = .47 vs. end = .70) and
the Partial condition (beginning = .74 vs. end = .86). Our
research question was whether participants would shift their
attention toward the Patient and Hand in different ways in the
Full vs. Partial condition: if the Partial videos are more
“about” the Patient, then participants might shift a greater
proportion of their gaze toward the Patient.
To address this question, we calculated for each trial the
difference between the fixation duration at the end vs. the
beginning of the trial for each of the Patient and Hand AOIs.
We then divided this difference measure by the proportion of
the beginning segment in which participants were not fixating
to the Patient or Hand, for each of the Full and Partial
conditions (for Full: 1-.47 = .53; for Partial: 1-.74 = .26). This
“proportional shift” statistic is shown in Figure 5.
Impressionistically, there appears to be an effect of AOI,
with participants shifting relatively more of their gaze to the
Patient than to the Hand, but no effect of Visibility:
participants appeared to shift their gaze in the same way in
the Full and Partial conditions. We analyzed these data using
linear regression, which confirmed these impressions: there
was a significant effect of AOI (β = .14, SE = .07, p = .05)
but no effect of Visibility (χ2(1) = .06, p > .1) or interaction
between AOI and Visibility (χ2(2) = .06, p > .1). Given the
null effect of Visibility, we do not find support for our
hypothesis that participants shift their attention differently in
the Full vs. Partial conditions. Thus we did not find that
differing construals were correlated with different patterns of
eyegaze at the end of the events.

highly Agent-oriented events (Full-Agent videos) against
eyegaze for more Patient-oriented events (Partial-Agent
videos), as distinguished by previous linguistic findings
(Rissman et al., under revision). We found that a greater
proportion of participants directed their early looks to the
Patient in the Partial condition than in the Full condition, with
participants in either condition looking almost not at all to the
Hand at the beginning of the event. By contrast, we found no
difference between the Partial and Full condition in terms of
how participants shifted their attention from the beginning of
the events to the end.
The finding that early fixation distinguishes these events is
consistent with Gleitman et al. (2007) and Myachykov et al.
(2012), who found that cuing participants' initial attention
influenced their subsequent linguistic descriptions. Our
results are also consistent with the proposal that early fixation
influences event conceptualization, specifically FigureGround assignment (see Bock & Ferreira 2014; Vogels et al.
2013). Our study cannot, however, determine the direction of
causation between eyegaze on the one hand and event

Discussion
We investigated the relationship between visual prominence,
here the degree to which an agent's body is visible, and
participants' visual apprehension of events, as measured
through eyetracking. We compared patterns of eyegaze for
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Figure 5: Proportion of attentional shift to the Patient
and Hand AOIs in the Full and Partial visibility
conditions. Error bars show 95% confidence intervals.

conceptualization on the other: it may be that participants in
the Partial condition directed their early looks to the Patient,
which led to patient-oriented construals. Alternatively,
participants may have encoded a high-level construal for each
of the Full and Partial videos within milliseconds of viewing
them, which led to the patterns of eyegaze we observed.
Further experimentation is needed to distinguish these
explanations.
Another step for future research is to test whether early
fixations to the Patient are correlated with more passive
descriptions, where the patient is the Subject. Rissman et al.
(under revision) found that participants produced both active
and passive descriptions of Partial videos. If fixating initially
on the Patient leads to more patient-oriented construals, we
predict that it should also be correlated with more passive
descriptions.
Participants in our study were not doing a linguistic task,
yet we see correlations with early fixation parallel to those
reported for linguistic tasks. One explanation for this
similarity is that early fixation helps determine the Figure,
and if participants are doing a linguistic task, the Figure is
more likely to be mentioned as the Subject. This
interpretation comports with evidence that initial
apprehension of a static image influences Figure-Ground
assignment, e.g. which individual is perceived in the classic
ambiguous young lady/old woman drawings (Georgiades &
Harris, 1997; Vecera, Flevaris & Filapek, 2004).
Understanding the relationship between eyegaze and event
conceptualization is important not only for building theories
of grammatical encoding during event processing, but also
for understanding representations of Figure-Ground
assignments in populations that cannot provide linguistic
descriptions, such as infants.
In the literature on grammatical encoding, the formulation
of the "message" component is relatively under-studied.
When we describe events, formulating a message involves
visual perceptual processing, which then serves as input to a
conceptual representation of the event. This study contributes
to our understanding of how visual apprehension can have
important consequences for higher-level event concepts.
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Abstract
Fractions processing is a topic of major interest both in
numerical cognition and mathematics education. The
literature on the processing of common fractions has focused
on whether fractions are compared by their magnitude or
through their components. Only a few neuroimaging studies
have looked at this question. The N400 component,
traditionally seen in linguistic semantic congruency eventrelated-potential (ERPs) experimental designs, has been
adapted to study arithmetic processing. Observing the N400,
allows the study of how different arithmetic components
affect overall processing. In this study, an N400 paradigm is
used to investigate semantic congruency during a fraction
magnitude comparison task (Match/Mismatch) in 24 adults.
Behavioral results reveal interference by shared components
across the compared fractions. EEG analysis results show an
N400-like difference wave between Match and Mismatch
conditions. Shared components modulate the latency of this
N400 effect. These results show the N400 as a viable method
for studying fractions.
Keywords: EEG; ERP; N400;
Processing; Mathematical Cognition

Fractions;

Fraction

Introduction
Mathematical competence is a key cognitive skill for
individual societal advancement, high wage earnings, and
life achievement (Murnane, Willett, & Levy, 1995). On a
larger scale, mathematical knowledge is crucial in the
development of competitive 21st century workforces and in
driving and sustaining overall societal advances in the
information economy, medicine, and science (National
Mathematics Advisory Panel, 2008).
Research in the development of mathematical ability has
highlighted the understanding of fractions as a key
component in the development of mathematics achievement
(Siegler, Fazio, Bailey, & Zhou, 2013). Fraction knowledge
is predictive of overall math achievement (Siegler et al.,
2012) and might underlie the ability to develop
understanding of concepts needed for higher level
mathematics such as algebra (Booth & Newton, 2012).
However, fractions remain one of the least understood
topics by elementary school students (National Mathematics
Advisory Panel, 2008). Furthermore, misconceptions about
fractions are carried to high school and even college
(Vamvakoussi, 2006) .

Fractions are a bipartite representation of rational
numbers in the quotient form a/b. Other representations of
rational numbers include decimal numbers, ratios of the
form p:q, and graphical illustrations. This distinction,
although trivial, is central for understanding the context of
fraction research. Some of the difficulties children
encounter when learning fractions are because bipartite
numbers are unintuitive. One key difficulty is the inability
to perceive fractions’ real magnitude and to fixate instead on
numerator or denominator components as separate whole
numbers (Lewis, Matthews, & Hubbard, 2015; Siegler et al.,
2013). The application of rules and procedures learned from
whole number arithmetic to fractions, has been called the
“whole number bias” (Zhou & Ni, 2005).
Researchers have turned to study numerically fluent
adults to understand whether they compare fractions by
accessing the magnitude of the whole fraction (holistically)
or by attending to the components separately
(componentially). A numerical distance effect (NDE)
paradigm, the increase of reaction time as the numerical
distance between two numbers being compared decreases
(Moyer & Landauer, 1967), has been a primary tool used in
these fraction studies. The response time of a fraction
comparison task can reflect either a numerical distance
between the magnitude of a fraction and a target or a
numerical distance effect between components of the two
fractions being compared, thus discerning whether a
componential or holistic comparison has been made.
One of the first studies to inquire into strategy use in adult
fraction processing provided evidence of componential
processing, instead of holistic magnitude, by showing a
NDE between the denominators of unit fractions (those with
a 1 numerator) being compared to the target 1/5 fraction
(Bonato, Fabbri, Umiltà, & Zorzi, 2007). More recent
studies have highlighted how the nature of the stimuli,
including unit fractions, can influence a componential
comparisons (Toomarian & Hubbard, 2017; Zhang, Fang,
Gabriel, & Szucs, 2014).
To better understand the role that various stimuli have on
a fraction comparison task, two studies structured stimulus
to either share a numerator (2/5 vs. 2/7), a denominator (2/3
vs. 5/3), or have no common components (5/7 vs. 2/9). This
study concluded that there was componential processing
when the denominators were shared; but holistic processing
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when the numerators were shared, suggesting a “hybrid”
strategy (Meert, Grégoire, & Noël, 2010a, 2010b). Another
study also limited componential strategies by restricting
shared components across the fractions being compared and
found a magnitude NDE, suggesting the magnitude of the
whole fraction was being processed (Sprute & Temple,
2011). More than using full componential or holistic
processing strategies, adult participants have the option of
using generalized strategies for processing fractions
depending on task demands. In fact, a study of trial by trial
strategy used in fraction magnitude comparison showed that
strategy used is dependent on stimuli, task, and level of
expertise (Fazio, DeWolf, & Siegler, 2016).
Even though adults engage a hybrid strategy when
comparing fractions, it is still an open question whether this
strategy is the goal that educational instruction should aim
to foster in young learners. One study found 10 and 12 yearolds, like adults, are able to compare fractions through their
magnitude (holistically) but they were susceptible (as seen
in longer reaction times) to interference from shared
components between the two fractions being compared
(Meert et al., 2010a). One additional study also concluded
that the componential aspects of fractions might interfere
with accessing the overall magnitude of fractions (DeWolf
& Vosniadou, 2015). This study suggested that there is an
“on-line” magnitude calculation that emerges out of a ratio
estimation of the two fraction components rather than
retrieving a magnitude in long term memory. Neuroimaging
methods are fit to provide insights into the temporal aspects
of this “on-line” processing.
Only a few neuroimaging studies have looked at fraction
processing. Two functional MRI studies provided similar
evidence of magnitude numerical distance effects in a
fraction comparison task (holistic processing) (Ischebeck,
Schocke, & Delazer, 2009; Jacob & Nieder, 2009). These
studies observed that intraparietal sulcus (IPS) activation is
modulated by the numerical distance between the
magnitudes of two fractions being compared, and not by the
components. Alternately, one EEG study concluded that
amplitude and latency of the P3 component during a fraction
comparison of common fractions to a 1/5 target (a simple
condition) demonstrated evidence of componential
processing that a comparison of fractions and decimals to
the same target did not (a complex condition) (Zhang et al.,
2012). In this study, the complex condition also showed
longer latency and more negative amplitude of the N2
component over frontal electrodes than the simple
condition, suggesting a more taxing cognitive demand.
However, it is not clear whether the patterns observed on the
complex condition comes from a different type of strategy
or from the cognitive load of switching between fractions
and decimals. Given the high temporal resolution of EEG,
the use of event-related-potentials (ERPs) has much to offer
as a method to study fraction processing.

Some numerical cognition studies have made use of the
N400 component, traditionally seen in linguistic
semantically incongruent comparisons, to study numerical
processing in arithmetic tasks (Niedeggen, Rösler, & Jost
1999; Niedeggen, & Rösler, 1999). These studies have seen
a similar ERP component in numerically incongruous trials
(e.g. 7 x 4 = 28 vs. 7 x 4 = 26) as in linguistic ones (e.g.
“The candle has burned” vs. “The ball has dreamed”), when
the evoked potential of the incongruous trials is subtracted
from that of the congruent ones. This evoked potential
difference has been named the “arithmetic” N400.
The arithmetic N400 allows the examination of how
variations of incongruous stimuli modulate the amplitude
and latency of the ERP, for example how unrelated errors
like 3 x 6 = 19 differ from related ones 3 x 6 = 24
(Niedeggen et al., 1999). Similar interference effects are
seen in behavioral tasks such as two digit number
comparisons with slower reaction times when the
comparison of unit digits between the two numbers are
incongruous to the comparison of tenths digit (e.g. 47 vs.
62, 4 < 6 while 7 > 2) (Nuerk, Weger, & Willmes, 2001).
The authors of this study concluded that the unit-decadecompatibility between the numbers being compared
interfered with the number judgment for both small and
large numerical distance. Given this trend in multi digit
number comparisons, an N400 paradigm for fraction
comparison could distill the role that shared components
play in overall processing.
Despite the potential of the N400 component in studying
fraction processing, the N400 paradigm has not yet been
applied to fraction comparison tasks. Doing so can help
understand how erroneous solutions arise and how they are
influenced by the stimulus. In the present study, an N400
paradigm was used during a fraction comparison task where
participants judged the magnitude equivalence of two
fractions on a match/mismatch task paradigm while EEGs
were recorded. The main aim of the study is to show the use
of the N400 as a viable paradigm for studying fractions and
to explore how different fraction stimuli can affect the
reaction time, accuracy, and the event-related-potentials of
magnitude comparisons.

Method
Participants
Twenty-four
right-handed,
native
English-speaking
participants (15 female, M = 20.7 years, SD = 5.31) with no
history of neurological disorders, brain injuries or
developmental disabilities were recruited from the
University of Alabama to participate in this experiment. All
participants gave written consent and were paid $25 for
participating.

Task
Participants judged whether an initial fraction (probe)
presented on the screen had the same numerical value
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(magnitude) as a subsequent fraction (target). Participants
indicated whether the target fraction was a “match” or a
“mismatch” by pressing either the right or left buttons
(counterbalanced across participants) on a gamepad
controller. All stimuli were presented on white color over a
back background in Times New Roman font size 96.
The first fraction was randomly selected from an array of
the first five multiples of the unit fractions 1/2, 1/3, and 1/4.
There were 15 possible probe fractions (see Table 1).
Table 1: Fraction stimuli per condition. Mismatch
combination with shared components are in bold.
First Fraction
2/4, 3/6, 4/8, 5/10, & 6/12
2/6, 3/9, 4/12, 5/15, & 6/18
2/8, 3/12, 4/16, 5/20, & 6/24

Target
1/2
1/3 or 1/4
1/3
1/2 or 1/4
1/4
1/2 or 1/4

after, the probe is presented for 1 second followed by an
inter stimulus interval (ISI) of 500 milliseconds. Whether
the trial was match or mismatch was randomly selected after
the probe was presented. Finally, the target fraction was
presented for 1500 milliseconds or until a response was
detected (see Figure 1). Responses with reaction time
greater than 1500 milliseconds were marked incorrectly.
Participants completed 60 randomized trials per block.
There was a total of 10 blocks, with a total of 600 trials.

EEG Acquisition and Analysis

Condition
Match
Mismatch
Match
Mismatch
Match
Mismatch

The target fraction was limited to unit fractions 1/2, 1/3,
and 1/4 for both the match and mismatch trials. The range of
target fractions was restricted to these three unit fractions in
order to limit the amount of double digit multiples that
could be presented (all unit fractions smaller than 1/4 have
only double digit multiples). Some probe-target combos
shared a component across their numerators and
denominators. Four groups were created across condition
(match vs. mismatch) and component (shared vs.
nonshared): MatchShared (MAS), MismatchShared (MMS),
MatchNonshared (MANS), and MimsatchNonshared
(MMNS).

The experiment took place in a sound attenuated experiment
room. Neurobs Presentation (www.neurobs.com) was used
for presenting the stimulus. A Logitech F310 game
controller was used as the input device. Participants used
their right and left index fingers to provide responses. EEG
Data was collected using a BrainVision 32 Channel
ActiChamp system (www.brainvision.com), with Easy Cap
recording caps using Ag/AgCl electrodes. The 32 electrodes
were attached according to the international 10-20 system at
the locations FP1/2, F7/8, F3/4, FZ, FT9/10, FC1/2, FC5/6,
T7/8, C3/4, CZ, TP9/10, CP1/2, CP5/6, P7/8, P3/4, PZ,
O1/2, OZ and referenced to CZ. BrianVision Recorder was
used to record data (electrode impedance < 10 kΩ, 0.5-70
Hz, 500 samples/sec). A custom MATLAB script using
ERPLAB
(erpinfo.org/erplab/)
and
EEGLAB
(sccn.ucsd.edu/eeglab) functions were used to analyze data.
A mass univariate analysis was conducted using the Mass
Univariate ERP toolbox in Matlab with a family wise alpha
level of .05 (Groppe, Urbach, & Kutas, 2011). Data was
downsampled to 128 Hz using a boxcar filter. Inferential
statistics were conducted with JASP (https://jasp-stats.org).
During the analysis the continuous EEG data was rereferenced to average. 200ms pre-stimulus period was used
for baseline. A simple voltage threshold algorithm was used
for artifact detection. Epochs exceeding the ± 50 µV
threshold were excluded (8% of trials). Only the epochs
that preceded a correct response were included in the
subject-level averaged ERPs (94% of trials). The averaged
ERPs were low pass filtered with a 30 Hz (zero-phase, 12
dB/octave) filter. The reported EEG amplitudes are in µV
(microvolts).

Results
Behavioral Results

Figure 1. Experimental progression.
Trials begun with a fixation line centered on the screen.
This fixation line overlaid on the fraction line between the
two numbers of the fraction presented. Following there was
an inter trial stimulus (ITI) of 1100 millisecond plus a
random jitter between 1 and 300 milliseconds. Immediately

A repeated measures ANOVA of condition (match,
mismatch) x component (shared, nonshared) on accuracy
showed main effects of condition F(1, 23) = 11.25, p < .005,
and component F(1, 23) = 25.65, p < .001, and a significant
interaction between condition and component, F(1, 23) =
65.52, p < .001. Posthoc comparisons indicated a mean
difference for both condition (M = -0.029, SE = 0.012) pbonf
=. 018 and component (M = -0.034, SE = 0.013) pbonf = .004.
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Paired samples t-test showed significant difference for all
groups MAS > MMS > MMNS > MANS (see Figure 2a).
A repeated measures ANOVA of condition (match,
mismatch) x components (shared, nonshared) on RT
revealed a main effect of condition F(1, 23) = 143211.5, p <
.05. The main effect of component did not reach
significance p = .057 but there was a significant interaction
between condition and component F(1, 23) = 117726.5, p =
.003. Posthoc comparison indicated a mean difference for
both condition (M = 0.21, SD = 0.023) pbonf <. 001 and
component (M = 0.049, SD = 0.013) pbonf = .001. Paired
samples t-tests revealed a significant difference between
mean RT of MMS and MMNS, MAS and MMS, as well as
for MNS and MMNS (see Figure 2b).

The Match vs. Mismatch average comparison showed
mainly a centro-parietal cluster difference from 280ms to
420ms (see Figure 3).

Figure 3: Raster plot of significant cluster differences
between the match and mismatch trial groups (a). Grand
average of ERP waveforms for electrodes where the N400 is
traditionally seen (b).

Figure 4: Raster plot showing significant cluster differences
between (a) MatchShared (MAS) and MismatchShared
(MMS) and between (b) MatchNonshared (MANS) and
MismatchNonshared (MMNS) trial groups. (c) Grand
average ERP waveforms for electrodes CZ and FC2
showing each of the four conditions (MAS, MANS, MMS,
MMNS).

Figure 2: Group mean (a) accuracy and mean (b) reaction
time comparisons for all four groups. Error bars are standard
errors of the mean. *p < 0.05.

EEG Results
A mass univariate analysis was conducted using
spatiotemporal clustering. Permutation-based cluster
differences for all 32 electrodes were calculated on the 0 to
600ms time range. Average Match vs. Mismatch differences
were calculated. Follow-up comparisons of MAS vs. MMS
and MANS vs. MMNS) were performed. 10,000 iterations
were used. The threshold for clustering inclusion was 0.05.

MAS vs. MMS comparison reveled a main cluster
between 280ms and 400ms with the most positive peak at
340ms. The difference was observed in a set of electrodes;
central CZ, left fronto-central FT9, FC1, C3, CP1, TP9, and
P3, and only FT10, CP2, and TP10 on the right hemisphere
(see Figure 4a). MANS vs. MMNS comparison revealed a
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significant frontal cluster from 200ms to about 380ms in
electrodes FZ and FC2. The main visible cluster runs from
250ms to 450ms with the most positive peak also at 320ms
occurring over central electrodes FZ, CZ, PZ and bilaterally
over frontal and central electrodes F8, FT9, FT10, FC2, C3,
C4, CP1, CP2, CP5, and temporal and parietal electrodes
TP9, P10, P3, and P4 (see Figure 4b).

children (Van Hoof, Lijnen, Verschaffel, & Van Dooren,
2013). Additionally, the fact that higher levels of inhibition
have been shown to be predictive of fraction comparison
proficiency (Gómez, Jiménez, Bobadilla, Reyes, & Dartnell,
2015) shows that inhibition might be a cognitive function
necessary for successfully carrying out fraction magnitude
processing.

Limitations and Future Directions

Discussion
Participants judged whether 15 different fractions matched
in magnitude to three different unit fractions: 1/2, 1/3, and
1/4. A subdivision of the match and mismatch groups was
made based on whether there was a shared number between
numerators and denominators (shared vs. nonshared).
The match trials showed lower reaction times compared
to mismatch trials, indicating that the mismatch trials were
more taxing. In addition, the presence of shared components
seemed to interfere with comparisons across mismatch
magnitude judgments as seen in significant higher RTs and
lower accuracy for MMS trials but not in the MMNS trials.
This is possibly because sharing a component between two
mismatch fractions is perceived as a conflict that needs to be
resolved before a correct judgment about the match or
mismatch can be made. This requires recruitment of
executive resources for inhibition. Similar effects were
observed when numerical judgments about double digit
numbers were made, with interference based on the singledigit values of the numerals that make up the numbers
processed (Nuerk et al., 2001). These results point to the
presence of a Stroop-like conflict between two fractions’
magnitudes (which don’t match) and their numerical
components (which match). The absence of this conflict in
match shared trials might account for the observed lower
reaction times and higher accuracy.
EEG analysis showed there was an arithmetic N400-like
effect between congruent (Match) and incongruent
(Mismatch) trials complementing the behavioral results.
Furthermore the shared/nonshared status influenced the ERP
waveforms; while the shared conditions did not show a
difference between match and mismatch in the 200 to
300ms window, a match/mismatch difference was observed
on the nonshared condition as early as 200ms. This shows
that when there is a component shared between the two
fractions, the magnitude match judgment is delayed, which
explains the RT effects observed. This hints at the presence
of a executive process necessary to inhibit the information
about the shared components, a pattern also seen in a
multiplication N400 study (Niedeggen & Rösler, 1999).
The N400 effect observed, the influence of shared
components on Match-Mismatch judgments’ RT and the
accompanying ERP effect showing delayed processing
when a component is shared between two fractions point to
a hybrid model of adult fraction processing where holistic
processing is subject to component’s interference. This
finding is in agreement with previous fraction comparison
studies with shared components (Meert et al., 2010b) and
with the slower incongruent fraction judgment seen in

The main limitation of the study is the restricted set of
fraction stimuli selected for both probes and target. Only
three unit fractions were used as targets. This limited the
possibility of observing a numerical distance effect (NDE).
While this was a practical adaptation for using EEG, future
studies should incorporate a wider range of probe and target
fractions (the rest of unit fractions and non-unit fractions as
well). Additionally, future studies can look at the processing
of relative magnitude across fractions and not just
magnitude equivalence. A second limitation was the uneven
number of trials across shared and nonshared subdivisions.
Trials with shared components were one fourth as frequent
as nonshared.

Conclusion
The results indicate the existence of an N400 effect between
match and mismatch conditions during a fraction validation
task. The fraction N400 can be a useful tool for the future
studies on fraction processing. In addition, the study showed
that quick and successful comparisons of fractions in adults
require the inhibition of peripheral associations between
fraction components. Even though inhibition of unrelated
information during numerical performance is not considered
a skill of central importance, it might have a key role in the
development of rational number understanding.
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Abstract
Our central question is: how accurate are laypeople’s
statistical intuitions about probability distributions within the
domain of health? Specifically, can participants produce
entire probability distributions for the duration of illnesses?
While a large body of decision making research has suggested
that people use a flawed process to arrive at decisions, we
posit that participants may be using an optimal process, but
with flawed information. To this end, we assess accuracy in
terms of both the mean and form of distributions for both
acute illnesses for which people might have experience, and
chronic conditions for which people are less likely to have
experience. We find that participants can accurately estimate
the mean and form of distributions for acute illnesses.
Keywords: Decision-making; Probability; Health; Cognition

Introduction
How accurate are laypeople’s statistical intuitions about
probability distributions within the domain of health?
Decision processes are assumed to originate with a person’s
experience with the world, meaning that when someone
makes a suboptimal decision, one of two things is at play:
the person is using a flawed process to arrive at the answer,
or the person is working with faulty information. In this
paper, we focus on the latter: that is, how accurate are
people’s prior expectations?
Biased vs. Optimal use of Expectations
Decision making research often focuses on people’s
apparent inability to make rational choices. People have
discounted future outcomes (Koopsman, 1960) and
anchored their judgments to irrelevant starting points
(Tversky & Kahneman, 1974). While it has been assumed
that this is due to a flawed decision process, it is also
conceivable that people are working with flawed
information.
While much of the Tversky and Kahneman work suggests
that decision processes are flawed (e.g. 1974, 1992), there is
also evidence that people use their expectations optimally
(Griffiths & Tenenbaum, 2006; Robbins & Hemmer, 2017).
For example, people’s predictions for life spans and movie
run times are quite accurate in the aggregate. This suggests
not only that judgments are optimal, but that people’s
expectations are consistent with real-world statistics.
However, it is not clear whether people hold accurate
expectations for the full probability distributions for events.
Normative Model
An alternative explanation for biased decision making is
that people are using a normative model, but with flawed
information. Assuming that the decision process is rational
(Bayesian), decisions are based on a combination of
observed noisy data and an accurate probabilistic model of
the environment (i.e. expectations). However, if those

expectations are incorrect, it can lead to flawed decisions.
This framework can account for flawed decisions under an
optimal framework by assuming differences in prior
expectations, or mapping expectations from a known
domain to an unknown domain. Each time a person
experiences a new event, they should update their prior
probability for that event by integrating the new
information. This should result in events that are
experienced more often having very accurate prior
expectations. For those that are less commonly experienced,
people might adjust their prior expectations using events for
which they have more knowledge, when making inferences.
Probability Distributions Underlying Health Decisions
In this paper, we specifically investigate people’s ability to
produce the entire probability distribution for illness
durations. There are many situations where understanding
only the descriptive statistics (e.g. the mean) of a probability
distribution is inadequate, and knowledge of the full
probability distribution is required. Imagine you have a
cough and high fever, and think you have the flu. The mean
duration of the flu is 3 days, and the range is between 1 and
7 days. Additionally, there is a diminishing likelihood of the
flu after 3 days. If you are applying the wrong probability
distribution, you might misestimate the rate of improvement
you should be expecting, i.e. the decrease after the mean.
Conversely, if you have an accurate understanding of this
distribution and find yourself still sick after 7-10 days, you
might begin to believe you have a different illness. Not only
are you outside the range, but also, you have reached a point
in the distribution where the likelihood of having the flu is
very small. This estimation can be critical, as illness
durations outside the true distribution of durations might
signal an urgent need to seek care.
Furthermore, this investigation is important in the domain
of health for three reasons: (1) health decisions have been
assumed to be irrational, for example, people fail to adhere
to medication regimens with up to 50% non-adherence
(Baroletti & Dell’Orfano, 2010), neglect preventative care
(Peters, McCaul, Stefanek, & Nelson, 2006), and fail to seek
care when necessary (Finnegan et al., 2000). However, it is
unclear whether this is due to a flawed process or a flawed
understanding of illness statistics. (2) Little work has been
done to assess people’s expectations for illness durations.
(3) Illnesses provide a simple way to assess the normative
model, as different illnesses have different degrees of
experience (e.g. between acute and chronic illnesses). For
instance, while you have probably personally experienced
the cold many times, you may not have experienced heart
disease, and therefore you would need to use a different
approach when making inferences about heart disease.
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People may have different representations of the underlying
probability distributions in cases where they do or do not
have personal experience. We use this to motivate our
experimental task, in which we ask participants to construct
illness distributions for both acute and chronic illnesses, to
evaluate how their prior expectations might differ between
the two. While participants are being asked a different
question about chronic illnesses (as they are evaluating time
until death) previous work in this area has illustrated that
people do, in fact, understand that these chronic illnesses
terminate in death (Robbins & Hemmer, 2017).
In addition to an influence of experience, there might also
be individual differences in the representation of probability
distributions. To measure both individual differences, and
differences between acute and chronic illnesses, we adapt
this Distribution Builder of Goldstein, Johnson, & Sharpe
(2003), to measure people’s prior expectations for illness
duration probability distributions. This paradigm has
previously been used to measure people’s ability to
reproduce data they have recently experienced (e.g. numbers
on balls in a bag), finding that people can accurately
represent the mean and form of probability distributions.
In this experiment, we sought to answer the following
questions: (1) can people accurately represent the form of
illness distributions? (2) can people accurately represent the
mean of illness distributions? (3) are there differences in
accuracy between acute and chronic illnesses? (4) are there
individual differences in the strategies people use to
generate these distributions?

Methods
Participants
Twenty Mechanical-Turk workers participated in exchange
for $1 (based on the number of participants used by
Goldstein et al. (2014) in the same task). The task lasted
8.75 minutes on average.

Materials
Illnesses We selected six illnesses, including both acute
(appendicitis, seasonal flu, and the common cold) and
chronic (COPD, type-II diabetes, and chronic heart disease)
illnesses. An acute illness is defined as one which can be
cured with treatment, while a chronic illness is defined as
one that can be managed but not cured. The illnesses were
also intended to span a range of duration and familiarity.
Familiarity was determined based on prevalence statistics
for people diagnosed with that illness each year (see Table
1). Lastly, the ground truth for illness durations, against
which participant accuracy was measured, was determined
from clinical data (see Table 1 and Figures 3 and 4).
Distribution Builder We use a variation of the Distribution
Builder of Goldstein et al. (2003). See Figure 1. Participants
were asked to indicate how many people out of fifty would
have an illness for a given period of time. They were given
fifty ‘virtual people’ to build their distribution. The number
of bins in each column corresponded to the number of
‘virtual people’ (represented as red circles) the participants
needed to place (i.e. the question was to indicate how many

Figure 1: Sample distribution builder as seen by the
participants. Participants could add or remove ‘virtual
people’ from each bin (which represented an amount of
time with an illness) using the plus and minus signs
below that bin. Here, the circles are white because they
have not been filled with ‘virtual people’, if the plus
button is selected the empty bin is filled with a red circle.
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Table 1: Sources for Clinical Data (in order of
prevalence)
Illness
Source of Clinical Data
(Prevalence/10,000)
Acute (in order of prevalence)
Appendicitis (9)
Atema et al. (2015)
Seasonal Flu (1250)
Kohno et al. (2010)
Common Cold (2360)
Gwaltney (1967)
Chronic (in order of prevalence)
COPD (4.5)
Oswald-Mammosser et
al. (1995)
Type II Diabetes (860)
https://taliarobbinsrutgers
.wordpress.com/empirical
-data
Chronic Heart Disease Proudfit et al. (1983)
(1130)

people out of 50 would have an illness for a particular
period of time). These 50 bins allowed participants to assign
all ‘virtual people’ to one column if they chose to.
Below each column were plus and minus buttons that
could be used to add or remove ‘virtual people’ from each
bin. Below the plus and minus signs was the unit of time, in
either hours, days, or years. The columns of the distribution
builder correspond to the periods of time that participants
could use to respond. For each illness, we used the most
common reporting unit of time and the range of available
durations from the clinical data (see results for information
on the clinical distributions). We chose the amount of time
and number of columns to be equivalent within the chronic
and acute illness categories. Each column corresponded to
12 hrs. for appendicitis (12 col.), 1 day for seasonal flu and
common cold (14 col.), 1 year for COPD (18 col.), and 2
years for chronic heart disease and type-II diabetes (18 col.).

Procedure
Participants were first given instructions on how to read and
understand the distribution builder (e.g., what the number of
circles above the durations mean), as well as how to read a
sample graph with a distribution of movie grosses. They
were then randomly shown one of two check questions, to
evaluate whether they understood the probability
distributions. For example, they were shown a distribution
of cake baking times and asked: “The graph below shows
how many of 50 cakes will bake for each amount of time (in
minutes). According to this graph, how many cakes out of
50 will bake for 40 minutes?” If they answered the first
question incorrectly, they were corrected and given a second
check question. If they first received the cake question, they
received a question about movie run times. After these
questions, participants saw task-specific instructions,
explaining how they would use the distribution builder to
create illness duration distributions (e.g. how to add and
subtract ‘virtual people’ by using the plus and minus
buttons). They were then given two questions to evaluate
whether they read the instructions (i.e., “do you need to use
all 50 people when answering a question?”, and “do the
units of time change between questions?”).

Lastly, participants were directed to the task. For each of
six illnesses, presented in random order, participants were
asked “how many people out of 50 have illness x for each
period of time?” Participants could not continue to the next
trial until all 50 ‘virtual people’ had been assigned to bins.

Results
Ground Truth
For each of the six illnesses we assumed a functional form
of Erlang. Illness durations have been found to be well
modeled by a type of distribution known as a survival
function, which includes Gamma, Exponential, and Weibull.
The Erlang distribution is a special case of the Gamma
distribution, where 𝛼 must be an integer, which is often used
to model illness duration and illness stages in transmission
models of infectious disease, and to infer parameters from
clinical data (Krylova & Earn, 2013). See Figure 3 for the
clinical duration distributions for the six illnesses in this
experiment, with corresponding Erlang distribution fits. The
clinical data provides a ground truth for the distributions of
durations (see Table 1 for clinical data sources).

Accuracy and Range of Responses
We first assess participant accuracy as a whole. We
calculated the fractiles for the distributions of all 6 illnesses.
A fractile is defined as the value of a distribution for which
some fraction of the sample lies below (e.g. the 90th fractile
is the value 90% of the sample lies below). We performed a
quantitative analysis of the accuracy for each of the six
illnesses, for the seven key fractiles: 1st, 11th, 26th, 50th, 75th,
90th, and 100th in the same way as Goldstein et al. (2014).
Figure 2 shows the subjective estimates as a function of
normative values of the fractile, where correct answers fall
on the solid black line. The figure shows that participants
are more accurate for the acute illnesses, i.e., their responses
lie closer to the black line than for the chronic illnesses,
which show a systematic pattern of overestimation. The
figure further shows that participants, on average, did not
use all the available units of time for any of the illnesses, as
evidenced by the fact that the 100th percentile is not the
maximum available unit of time.

Figure 2: Accuracy for the 1st, 11th, 26th, 50th, 75th, 90th, and 100th fractiles. Light grey squares are individual responses, sized
proportionately to number of responses. Black squares and error bars represent the mean of individual responses and standard
errors for a given normative value. Dashed lines are linear trends of individual responses with standard error in dark grey.
Axes are scaled for the y axis to include all responses in light grey squares. Normative 100th fractile can be read off the x axis.
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Figure 3: The first and third rows show histograms of clinical data for six illnesses with best fitting Erlang
distributions (excluding diabetes, which could not be fit by the Erlang distribution). Grey bars show the frequency of
each illness duration, black lines show the Erlang fit to clinical data. M gives the distribution mean. The second and
fourth rows (red bars) show histograms of participant data displayed in the same manner as the clinical data.

Figure 4: Samples of strategies used by participants in our task. Each pair of panels shows two samples, one from an
acute (seasonal flu) and one from a chronic illness (type-II diabetes). See figure 2 for clinical data (ground truth). From
top left to bottom right: 1. correctly estimate the distribution for all illnesses (2 pps.) 2. correctly estimate the
distribution for acute but not chronic (6 pps.) 3. consistently use the normal distribution (3 pps.) 4. consistently use the
uniform distribution (3 pps.) 5. consistently overestimate (5 pps.) 6. show no consistent pattern (1 pps.).
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Understanding of distributional form
We then evaluated participants’ ability to represent the form
of the illness distributions. To compare participant
responses to the true clinical data, we simply aggregated
participant responses to reveal the aggregate probability
distributions for each of the six illnesses (see Figure 3). We
first performed a qualitative evaluation of whether
participant responses reflected the distributional form,
specifically the Erlang. For five of the six illnesses
(excluding type-II diabetes) participant responses appear to
be well fit by an Erlang distribution (see Figure 3).
To evaluate whether the Erlang distribution provided a
good fit to participant data, a chi square goodness of fit test
was calculated comparing the observed data to the Erlang
distributional fits. For the five illnesses for which we could
calculate an Erlang fit (excluding type-II diabetes) there was
no significant deviation from the Erlang distribution fits,
meaning that the Erlang provided a good fit to the data. To
evaluate whether another distribution might also provide a
good fit, we checked whether people were using the normal
distribution, as it is a common distribution in the
environment, and one for which there is a standardized test.
We use the Kolmogorov-Smirnov test of normality, and all
distributions were found to significantly deviate from
normality: appendicitis: D(359)=.86, p<.001, seasonal flu:
D(359)=.85, p<.001, common cold: D(359)= .72, p<.001,
COPD: D(359)=.76, p<.001, chronic heart disease:
D(359)=.89, p<.001, type-II diabetes: D(359)=.93, p<.001.

we log transform our data. We found that for appendicitis,
seasonal flu, the common cold, and type-II diabetes,
responses were within threshold of the true mean, i.e.
practically equivalent to the true mean (upper threshold:
appendicitis: t(999)=25.5, p<.001; seasonal flu: t(999)=46.5,
p<.001; Common cold: t(999)=19.9, p<.001; type II
diabetes: t(999)=7.3, p<.01; lower threshold: Appendicitis:
t(999)= -23.1, p<.001; seasonal flu: t(999)= -10.1, p<.01;
common cold: t(999)= -24.5, p<.001; Type II diabetes:
t(999)= -10.2, p<.01). For the other two illnesses, responses
were found to be greater than the lower end of the threshold,
but not less than the higher end of the threshold, suggesting
a pattern of overestimation, (COPD: t(999)=41.5. p<.001,
chronic heart disease: t(999)=63.5, p<.001).

Individual differences in strategy
To examine how participants approached this task on an
individual level, we examined each participant’s
distributions, and divided them into 6 strategies: participants
that 1. correctly estimate the distribution for all illnesses (2
participants (pps.)) 2. correctly estimate the distribution for
acute but not chronic illnesses (6 pps.) 3. consistently use
the normal distribution (3 pps.) 4. consistently use the
uniform distribution (3 pps.) 5. consistently overestimate (5
pps.) 6. show no consistent pattern (1 pp.). Figure 4
provides examples of these strategies. It is important to note
that for those who used a strategy of overestimation 2 out of
5 still used an approximation of the Erlang distribution.

Discussion

Understanding of the mean
Next, we sought to evaluate participant accuracy for the
mean of illness duration distributions. A qualitative
comparison illustrates that the means calculated from
participant data closely aligned with the clinical means for
all the acute illnesses, while overestimating for the chronic
illnesses. See Figure 3 for means.
To perform a quantitative evaluation of whether mean
responses were accurate relative to the clinical mean, we
used a two-one-sided t-test approach (TOST; e.g. Limentani
et al., 2005). This approach allows us to test for practical
equivalence (e.g. Lakens et al., 1993). A one-sample t-test
might find a significant difference between a population
mean of seven days and a participant response mean of eight
days. This places too rigid a standard for our purposes,
leading to an inaccurate conclusion that participants do not
understand the mean illness duration. Another advantage of
the TOST approach is its utility for large data sets like ours
(20 participants x 50 estimates) so that the null hypothesis
can be supported in situations where a one sample t-test
might indicate a significant difference (Lakens, 2017).
For this reason, we set a criterion for accuracy to be two
bins from the true illness duration distributions (see
procedure and Figure 3 for bin sizes). We then conducted a
t-test on either end of this threshold to determine if
participant responses were significantly greater than the
lower threshold, and less than the upper threshold.
Given that we showed our data is not normally
distributed, to perform a t-test (which assumes normality),

The primary question we sought to answer was: how
accurate are people’s statistical intuitions for probability
distributions in the domain of health? We found that, on
average, people have accurate mental representations of
probability distributions for illness duration, and can
produce the full probability distribution.
Recall that this investigation had four central questions,
the first of which was: can people accurately reproduce the
form of illness distributions? We found that for five out of
the six illnesses participant data in the aggregate accurately
reflected the correct form of the distribution (see Figure 3).
Our second question was: can people accurately
reproduce the mean of illness distributions? We found that
for acute illnesses, participants accurately reproduced the
mean, while overestimating for 2 of the 3 chronic illnesses.
Importantly, we limited the range of responses for each
illness, meaning participants could not overestimate as
significantly as they might have, had a wider range of values
been available. However, as illustrated by Figure 3, they
appear to understand that these illnesses have a limited
range, as their mean subjective estimate at the 100th fractile
was less than the maximum available value for all illnesses.
Our third question was, are there differences in accuracy
between acute and chronic illnesses? It is clear that
differences exist, such that participants could reproduce the
mean and form for all three acute illnesses but could only
reproduce the mean of one and form of two chronic
illnesses. High accuracy for the distributional form of
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chronic illnesses illustrates that participants used their
understanding of how illness durations are generally
distributed, and apply this to their understanding of illnesses
they had less experience with.
Our fourth question was, are there individual differences
in the strategies people use to generate these distributions?
While participants used the appropriate Erlang distribution
in the aggregate, we identified six strategies that participants
used on an individual level. Importantly, 8 out of 20
participants used the Erlang distribution as their main
strategy, which was the most popular. Some of the
participants who used a strategy of overestimation also
produced Erlang distributions, meaning a total of 10
participants could produce the correct distributional form.
Taken together, these results help to answer a central
question of this investigation: when a person makes poor
decisions, is the process flawed, or are the prior expectations
flawed? Our results indicate that people’s prior expectations
are, on average, accurate for acute illnesses, but may be
flawed for chronic illnesses. This result helps to inform
research showing that medication adherence for chronic
illnesses is worse than for acute illnesses (Baroletti &
Dell’Orfano, 2010). If people are using the right process to
make decisions about their health, poor decisions for
chronic illnesses may be caused by flawed information.
Future work should focus on how those expectations
might be corrected. For instance, doctor’s expectations for
the knowledge of their patients are often misaligned (Street
& Haidet, 2011). Doctors could use this method to
understand and improve their patient’s expectations. This
direction is further supported by work in which eliciting full
probability distributions allowed financial planners to gain
improved insight into the monetary expectations of people
when planning for retirement (Goldstein et al., 2008).
The work presented here illuminates how people
internally represent real-world statistics, illustrating that
people can produce entire probability distributions. Eliciting
these distributions can help us gain important insight into
the information people are using when making decisions.
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Abstract
Intrinsic
Cues

It is believed that decisions about what information needs
additional study before an upcoming exam are dependent
upon metacognitive processes. While a great deal of research
has explored these processes, far less work has explored how
to optimize restudy decisions. In the present study we
examined both what cues are most predictive of future
retrieval and test two potential ways of nudging learners to
use these cues when making their restudy decisions. All
methods and analyses were pre-registered on the Open
Science Framework. Assessment of cue-utilization revealed
that pre-judgment recall accuracy and pre-judgment retrieval
latency, but not stimulus font size, predicted future retrieval.
Additionally, both feedback about pre-judgment retrieval
accuracy and having participants make retrospective
confidence judgments led learners to more heavily weigh
prejudgment retrieval accuracy when making their restudy
decisions. This increase in relevant cue use, however, did not
carry over into more accurate restudy decisions. These
findings suggest that subtle manipulations can push learners
to utilize more appropriate cues when making their restudy
decisions.
Keywords: Self-guided learning;
Metacognitive Judgments; Cue Use

Restudy

Mnemonic
Cues

Restudy
Decision

Extrinsic
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Figure 1. Model of Cue Utilization Theory

Decisions;

Background
Accurately determining what information still needs to be
studied for an upcoming exam is an important academic
skill thought to be controlled by metacognitive processes
(see Kornell & Finn, 2016 for review). A great deal of
research has explored the underlying mechanisms of
metacognitive judgments, though comparatively little work
has explored the inter-relationship between metacognitive
judgments and decisions about what information should be
studied (or re-studied).
Cue Utilization Theory is a predominant theory for
metacognitive judgments (Koriat, 1997). This theory
proposes that metacognitive judgments are based on
information aggregated from three types of cues, (1)
intrinsic cues, cues related to the specific stimuli (e.g., font
size or relatedness {i.e., ‘traffic – jam’ versus ‘traffic –
phone’}), (2) extrinsic cues, cues related to the learning of
the stimuli (e.g., number of study episodes or amount of
time spent studying), and (3) mnemonic cues, cues directly
related to memory processes (e.g., retrieval accuracy or
retrieval fluency). Mnemonic cues have direct effects on
metacognitive judgments, whereas intrinsic and extrinsic

cues can have direct effects on metacognitive judgments or
indirect effects by influencing mnemonic processes (see
Figure 1). Although cue-utilization theory was developed to
describe metacognitive judgments, we believe that it can
also be useful for understanding restudy decisions.
Objectively, cues vary in their usefulness of predicting
later memory retrieval. For example, the number of study
trials or the orientation of the stimuli are highly predictive
of future retrieval (Kornell & Bjork, 2009; Sungkhasetee,
Friedman, & Castle, 2011), whereas, the font size or
loudness of the to-be-remembered stimuli are unpredictive
of future retrieval (Rhodes & Castle, 2008; Rhodes &
Castle, 2009). Although font size does not predict future
memory retrieval, many studies have shown that when
participants make judgments of learning (JOLs), predictions
of their future memory performance, they erroneously
predict that larger font words will be better remembered
than smaller font words (McDonough & Gallo, 2012;
Mueller, Dunlosky, Tauber, & Rhodes, 2014; Rhodes &
Castle, 2008). This example is just one of many showing the
mismatch between cues that actually predict later memory
retrieval and the cues that learners believe predict later
memory retrieval (see Schwartz & Efklides, 2012 for
review).
To the extent that restudy decision are based on
metacognitive processes, cues that are known to influence
metacognitive judgments should also influence restudy
decisions. Therein, the current study has two goals. The first
goal is to determine what cues are most predictive of future
memory retrieval. Although judgments are based on a
combination of intrinsic, extrinsic, and mnemonic cues, we
believe that mnemonic cues will be most predictive of
future retrieval success. More specifically, we believe an
item’s current retrievability (i.e., retrieval accuracy and
retrieval fluency) will be most predictive of future retrieval.
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Additionally, we expect that a surface level intrinsic cue,
font size, will not be predictive of later memory retrieval.
The second goal of the present study is to determine if
learners can be nudged to focus their attention on these
mnemonic cues, assuming they are the most predictive,
when making their restudy decisions. We hope that nudging
learners to utilize the most effective cues will lead to better
restudy decisions. The first manipulation aimed at shifting
the learner’s attention to the mnemonic cues is providing
feedback on the prejudgment retrieval attempt. Previous
research has shown that learners incorporate previous
retrieval attempts, the memory-for-past-test effect (Finn &
Metcalfe, 2008), into their metacognitive judgments. We
expect that by providing learners with objective information
regarding their prejudgment recall accuracy it will not only
increase the use of this information for their metacognitive
judgments, but also their restudy decisions.
The second manipulation we used is to vary the type of
metacognitive judgment the learners make after their
prejudgment retrieval attempt. Previous research has shown
that retrospective confidence judgments (RCJs) are more
predictive of future memory performance than JOLs
(Dougherty, Robey, Buttaccio, in press; Dougherty, Scheck,
Nelson, & Narens, 2005; Hines, Touron, & Hertzog, 2009;
Robey, Dougherty, & Buttaccio 2017; Wattier & Collins,
2011). It is believed that this effect occurs because RCJs
place a greater reliance on mnemonic cues than JOLs.
Further, Robey et al (2017) showed that RCJs were both
more predictive of future recall and led to more accurate
restudy decisions compared to JOLs. We expect that
compared to making a JOL, having participants make an
RCJ focuses their attention on the current retrievability of
the item, which should in turn increase their utilization of
mnemonic cues.

Method
All aspects of this study were preregistered on the open
science framework, https://osf.io/xug7f.

Participants
A total of 272 participants were recruited from a University
subject pool and all received course credit for participation.
Of those participants, 248 completed the study. Participants
were randomly assigned to one of four metacognitive
judgment conditions: RCJ (n = 62), JOL 10 mins (n = 63),
JOL end of study (n = 64), or no judgment (n = 59). The a
priori sampling goal was 200, however, in order to account
for an unexpected lack of variability in participant
responses, data were collected from an additional 72
participants. Specific numbers of subjects usable for each
analysis are reported in the analysis section.

Design
This study used a mixed 4 Metacognitive Judgment (RCJ
JOL10, JOLend, No Judgment) x 2 Feedback (Feedback,
No Feedback) design. The type of metacognitive judgment

was manipulated between subjects and whether or not
feedback was provided was manipulated within subject.

Materials
Four hundred fifty word-pairs were created using the MRC
Psycholinguistics Database (Wilson, 1988). Words were
limited to 4-8 letter, 1-2 syllable nouns, with high
familiarity, concreteness, and imageability ratings. Pairs
were randomly created using the words, and 56 of the pairs
were randomly selected to serve as the target word pairs. All
remaining pairs went into a pool where they could be
selected for the practice or distractor trials.

Procedure
The design of this study was based on the design of Robey
et al. (2017), which consisted of 4 blocks that each
contained 5 phases repeated 14 times each. Before
beginning the first block participants completed practice
trials of the first 4 phases. In this study, an additional sixth
feedback phase was added to two of the four blocks.
Phase 1: Study. Sets of 4 to 6 word pairs were presented
one at a time and participants were instructed to study the
pairs so that they would be able to recall the second word
when presented with the first (a cued-recall task).
Participants were instructed to study all word pairs;
however, they were only tested on the target word pairs,
which appeared as one of the first three word pairs viewed.
The remaining word pairs served as distractors. Zero to two
distractor pairs were presented before the target word pair
and prevented participants from identifying which word pair
they would be tested on. The number of distractors
presented before the target word pair was randomly
determined for each set. Three distractors were always
presented after the target word pair, which allowed for a
consistent delay between encoding and prejudgment
retrieval of the target word pairs. Although the number of
distractors before the target word pair was randomly
determined for each set, all participants studied the same 56
target word pairs regardless of the number of distractors. All
word pairs were presented for 5 seconds. Additionally, the
font size of each set was manipulated so that all words of a
particular set were either presented in a small font
(text.height = 0.08) or a large font (text.height = 0.18).
Phase 2: Pre-Judgment Recall. Immediately following the
encoding of the last distractor item, participants completed
cued recall for the target word pair. Participants were
presented with the first word of the pair and instructed to
type of second word. All recall was self-paced, and
participants were required to respond to all prompts.
Phase 3: Metacognitive Judgment. Immediately following
pre-judgment recall, participants made a metacognitive
judgment regarding their response. All judgments were
made on a 6-point scale with 1 representing low confidence
and 6 representing high confidence. The specific type of
metacognitive judgment participants made depended upon
their randomly assigned condition. Participants in the RCJ
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condition responded to the question: How confident are you
that the word you just retrieved is correct? Participants in
the JOL 10 minute condition responded to the question: If
given the same word pair on a future test in 10 minutes, how
confident are you that you would be able to retrieve the
correct word? Participants in the JOL end of study
condition responded to the question: If given the same word
pair on a future test at the end of the study, how confident
are you that you would be able to retrieve the correct word?
Participants in the No Judgment condition did not make a
metacognitive judgment, but were told to select a random
number between 1 and 6 to keep their task as similar as
possible to the other conditions.
Phase 4: Feedback. On two of the four blocks, participants
were given feedback regarding the accuracy of their
prejudgment recall. Participants were randomly assigned to
receive feedback either after blocks 1 and 3 or after blocks 2
and 4. Participants were shown a screen that either stated:
The recall attempt you just made was CORRECT! or The
recall attempt you just made was INCORRECT!. In either
case, participants were only given feedback and not shown
the correct answer. For blocks where participants did not
receive feedback they continued immediately from the
metacognitive judgment phase to the restudy decision phase.
Phase 5: Restudy Decision. After making their
metacognitive judgment, or receiving feedback, if it was
provided, participants made their restudy decision.
Participants were asked: If given the opportunity, would you
choose to restudy this item? Participants made a binary
decision by selecting either 1 – “yes restudy” or 0 – “no
restudy”, on the keyboard.
Phase 6: Final Recall. After participants completed the
encoding, pre-judgment recall, metacognitive judgments,
and restudy decision phases for all 14 sets in a block, they
then completed final recall for all target word pairs and 14
randomly selected distractor word pairs from that block.
Although participants were asked if they would choose to
restudy a word pair during the restudy decision, no restudy
opportunities were provided. Similar to pre-judgment recall,
participants completed a self-paced cued-recall task for final
recall by typing in their responses.

Measures
From this design we measured three cues learners could use
when making their restudy decisions: prejudgment recall
accuracy (dichotomous: correct, incorrect), prejudgment
recall fluency (measured by retrieval latency), and font size
(dichotomous: small, large). These cues were used to predict
final recall accuracy, metacognitive judgments, and restudy
decisions. Additionally, the type of metacognitive judgment
and whether feedback was provided were used as
independent variables to determine if either of these
manipulations influenced leaners’ cue use.

Results
The general analysis plan involved Bayesian model
comparison with the BayesFactor package in R using the
default priors. This package calculates a Bayes Factor (BF),
which indexes the support of one model relative to another.
In this manuscript all BFs are subscripted such that values
greater than 1.0 represent support for the alternative or more
complex model and values less than 1.0 represent support
for the null or less complex model. Where appropriate
proportion data were transformed using the logit
transformation and all data were standardized prior to
regression analyses. Due to lack of variability on
dichotomous variables, select participants were excluded for
specific analyses. The total N for each analysis is reported
below.

What cues best predict final recall?
To determine which of the measured cues best predicted
final recall, Bayesian all subsets regression was run
predicting final recall accuracy from prejudgment recall
accuracy, prejudgment recall latency, and stimuli font size.
This analysis included 248 participants. The best model for
predicting final retrieval success included prejudgment
recall accuracy and prejudgment recall latency (BF10= 6.07
x 102396). Including font size did not improve the model
(BF10= 0.06). The two-predictor model fit better than either
prejudgment recall accuracy alone (BF10= 7.73 x 1022) or
prejudgment retrieval latency alone (BF10= 8.55 x 101441).
Additionally, models were run including metacognitive
judgment and feedback as factors. Inclusion of these
variables did not improve model fit relative to the twopredictor model that included prejudgment recall accuracy
and prejudgment recall latency. Standardized slopes for all
predictors are presented in Table 1.
Table 1: Standardized slopes (standard error) predicting
final recall accuracy from measured cues.
Cue
Prejudgment Retrieval Accuracy
Prejudgment Retrieval Latency
Stimuli Font Size (large)

β (se)
0.57 (0.01)
-0.03 (0.003)
-0.008 (0.01)

Do the manipulations nudge learners to utilize
better cues when making their metacognitive
judgments and restudy decisions?
Policy-capturing methodology, widely used within the
decision sciences, was used to determine which cues
learners used when making their metacognitive judgments
and restudy decisions (Hammond, Rohrbaugh, Mumpower,
& Adelman, 1977; Hammond, McClelland, & Mumpower,
1980, Karelaia & Hogarth, 2008). Multiple regressions
predicting both decisions from the three measured cues were
run at the participant level. The regression weights derived
for each participant reflect that learner’s cue-utilization
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Table 2: Mean slope estimates (standard error), and BFs testing difference from zero, for cues predicting metacognitive
judgments for each condition. BFs test cue use against a point null hypothesis of 0.

Metacognitive Judgement
RCJ
JOL10
JOLend
No Judgment

Prejudgment Retrieval
Accuracy
BF10
Mean β (se)
2.89 (0.37)
1.31 x 1030
1.64 (0.21)
8.96 x 1015
2.03 (0.25)
4.59 x 1018
0.12 (0.02)
0.24

Prejudgment Retrieval
Fluency
BF10
Mean β (se)
-0.26 (0.03)
214925567
-0.15 (0.02)
3757.95
-0.18 (0.02)
2245.74
-0.00 (0.00)
0.14

when making a particular decision (metacognitive judgment
or restudy decision). Single-sample Bayesian t-tests were
run to determine if each cue’s beta weights differed from
zero, which signified the cue was being used. Bayesian
ANOVAs were then run separately on the regression
weights of each of the three cues for each decision
(metacognitive judgment and restudy decisions) to
determine if the manipulations influenced the learner’s cue
use. For cue use during metacognitive judgments, only the
type of metacognitive judgment was tested, as feedback,
when provided, appeared after the metacognitive judgment
had been made. For cue use during restudy decisions,
metacognitive judgment, feedback, and a judgment x
feedback interaction were tested. Two-hundred forty-seven
participants were included in metacognitive judgment
analyses and 218 participants were included in the restudy
decision analyses.
Metacognitive Judgments. The mean beta weights and
Bayes factors for cue use in predicting metacognitive
judgments for each group can be found in Table 2. The
group of learners who made RCJs and both groups of
learners who made JOLs utilized prejudgment retrieval
accuracy and fluency when making their metacognitive
judgments. Surprisingly, there was no font-size effect in the
present study with neither JOL group basing their
metacognitive judgment on font size. Supporting the belief
that the no judgment group was truly selecting a random
number, this group’s responses were not related any of the
available cues.
Bayesian ANOVAs revealed a main effect of condition
for the use of prejudgment recall accuracy as a cue when
making metacognitive judgments (BF10 = 28707699).
Follow-up Bayesian t-tests, revealed that the RCJ group
used prejudgment retrieval accuracy more than either of the
JOL groups (JOL10 BF10 = 164777231, JOLend BF10 =
2647.19). Results were inconclusive regarding whether the
two JOL groups used this cue differently (BF10 = 1.27).
There were no differences between metacognitive
judgments in the use of font size as a cue for making
metacognitive judgments (BF10 = 0.11). Results were
inconclusive regarding differences in the use of prejudgment
retrieval latency as a cue (BF10 = 0.80).
Restudy Decisions. The mean beta weights and Bayes
factors for cue use in predicting restudy decisions for each
group can be found in Table 3. When making their restudy
decisions, learners in the RCJ, no judgment and JOLend

Stimuli Font Size
Mean β (se)
0.02 (0.00)
-0.04 (0.00)
-0.03 (0.00)
0.05 (0.01)

BF10
0.16
0.26
0.18
0.24

conditions utilized Prejudgment Recall Accuracy, however
it was inconclusive whether learners in the JOL10 condition
also utilized this cue. Prejudgment retrieval Latency was
only conclusively used by learners in the No Judgment
condition when no feedback was provided. These results
were inconclusive for RCJ learners and JOLend learners
when feedback was provided. Learners in the JOL10
condition never utilized prejudgment retrieval fluency when
making their restudy decisions. No groups used stimuli font
size as a cue when making their restudy decisions, however
findings were inconclusive for learners in the RCJ condition
when they received feedback.
Main effects were found for both the influence of
metacognitive judgment (BF10= 499.70) and feedback
(BF10= 47.15) on the use of prejudgment retrieval accuracy
as a restudy decision cue. There was, however, no
interaction between metacognitive judgment and feedback
(BF10= 0.05). Learners were more likely to use prejudgment
recall accuracy as a cue when feedback was provided (mean
β = -0.34) than when feedback was not provided (mean β = 0.26). Follow-up Bayesian t-tests comparing metacognitive
judgment conditions found that the learners who made RCJs
and the learners who made no judgment were more likely to
use prejudgment retrieval as a cue than learners in either the
JOL10 condition (BFs10= 239.09, 151.90) or learners in the
JOLend condition (BFs10= 13.3, 9.40). There were no
differences in the use of this cue between the RCJ and no
judgment conditions (BF10= 0.26). It was inconclusive
whether prejudgment recall accuracy was used differentially
between the two JOL conditions (BF10= 0.40)
Neither manipulation showed any support for having an
influence on the use of prejudgment retrieval latency
(Condition BF10= 0.06, Feedback BF10= 0.19, Condition x
Feedback BF10= 0.02) or font size as a cue (Condition BF10=
0.03, Feedback BF10= 0.16, Condition x Feedback BF10=
0.02).

Do the manipulations lead to better restudy
decisions?
Accuracy of restudy decisions was calculated at the
individual subject level by computing a Kendall’s tau rank
order correlation between a participant’s restudy decisions
and final recall accuracy. A correlation closer to -1.0
signifies better restudy decisions as one would hope that the
items selected for restudy (restudy = 1) are the items the
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Table 3: Mean standardized slope estimates (standard error), and BFs testing difference from zero, for cues predicting
restudy decisions for each condition. BFs test cue use against a point null hypothesis of 0.

Metacognitive Judgement
Feedback
RCJ
JOL10
JOLend
No Judgment
No Feedback
RCJ
JOL10
JOLend
No Judgment

Prejudgment Retrieval
Accuracy
BF10
Mean β (se)

Prejudgment Retrieval
Fluency
BF10
Mean β (se)

Mean β (se)

BF10

-0.51 (0.07)
-0.14 (0.02)
-0.26 (0.04)
-0.47 (0.06)

892068270
2.45
228.84
9763599

0.03 (0.00)
0.01 (0.00)
0.02 (0.00)
0.02 (0.00)

0.53
0.28
0.30
0.44

0.02 (0.00)
0.00 (0.00)
0.00 (0.00)
-0.01 (0.00)

0.38
0.15
0.15
0.21

-0.37 (0.05)
-0.14 (0.02)
-0.15 (0.02)
-0.37 (0.05)

1307092
2.67
3.26
2547988300

0.04 (0.00)
0.01 (0.00)
0.03 (0.00)
0.06 (0.01)

1.20
0.16
0.84
13.44

-0.01 (0.00)
0.00 (0.00)
0.00 (0.00)
-0.02 (0.00)

0.21
0.15
0.15
0.31

learner is unable to retrieve at final recall (accuracy = 0) and
vice versa. Due to lack of variability in either restudy
decision or final recall accuracy these analyses included
only 169 participants. The mean tau’s for all groups are
presented in table 4.
Table 4: Mean tau (se) between restudy decisions and
final recall accuracy for each condition
RCJ
JOL 10
JOL end
No Judgment

Feedback
-0.39 (0.06)
-0.17 (0.03)
-0.28 (0.04)
-0.35 (0.05)

No Feedback
-0.39 (0.06)
-0.22 (0.04)
-0.29 (0.04)
-0.38 (0.06)

A mixed Bayesian ANOVA was run on the tau’s to
determine if restudy accuracy differed between learners who
made different metacognitive judgments (a between subjects
factor) or between trials when feedback was or was not
provided (a within subjects factor). There was no interaction
between type of metacognitive judgment and feedback on
restudy decisions accuracy (BF10= 0.04) and no main effect
of Feedback (BF10= 0.21). Additionally, although
numerically the correlations were more strongly negative for
the RCJ and no judgment groups compared to JOL groups,
the evidence regarding differences was inconclusive (BF10=
0.82).

Discussion
This study aimed to discover what cues are most predictive
of future memory retrieval and determine if learner’s use of
those cues when making restudy decisions could be
improved leading to better restudy decisions. Of the three
cues included in the present study, prejudgment recall
accuracy and prejudgment recall latency were found to
predict later memory retrieval, whereas stimuli font size was
not. All leaners were found to use these cues when making
their metacognitive judgments, however leaners who made
RCJs placed a greater weight on prejudgment recall
accuracy when making their metacognitive judgments than

Stimuli Font Size

learners who made either type of JOL. Although all learners
appeared to use these cues when making the metacognitive
judgments, learners in the JOL10 condition did not utilize
prejudgment recall accuracy and no learners used
prejudgment recall latency when making their restudy
decisions. Additionally, both providing feedback and having
learners make an RCJ or no judgment, caused learners to
place greater weight on prejudgment recall accuracy when
making their restudy decisions, relative to when no
feedback was provided or when learners made JOLs.
Neither manipulation, however, had an impact on increasing
the use of prejudgment recall latency when making restudy
decisions. Unfortunately, although the manipulations where
able to increase the use of a reliable cue when making
restudy decisions, there was no clear transfer of this
increased use into more accurate restudy decisions.
Although many studies have explored individual cues’
relations to future recall (see Schwartz & Efklides, 2012 for
review), fewer have attempted to look at the importance of
multiple cues from different domains of cue-utilization
theory in one study, or how these cues are utilized when
making restudy decisions. Similar to past research,
mnemonic cues were predictive of later memory retrieval
whereas font size was not. Different from past research
however, none of our learner’s metacognitive judgments
were influenced by stimuli font size. Because the font size
was consistent for an entire set of word-pairs, the
differences in size for the present study may not have been
as detectable as if the font size had varied at the trial level.
Additionally, previous studies examining the font-size effect
have measure immediate JOLs with no prejudgment
retrieval attempt. An alternative explanation is that the
influence of the retrieval attempt is so strong it washes out
beliefs related to font size. Although we did not replicate the
font size effect in the present study, we view this as a
positive that this cue was not used in making either
metacognitive judgments or restudy decisions as font size is
not predictive of future retrieval.
Although both manipulations in the present study
increased reliance on one of our relevant cues, there was no
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support for improvements in the accuracy of restudy
decisions. Numerically, however, restudy decisions appear
to be better for learners who make RCJs or no judgment
relative to learners who make JOLs, consistent with the
findings of Robey et al (2017). Additionally, Dougherty et
al. (in press, study 4), found similar magnitudes of
correlations to the present study when comparing restudy
decisions after making RCJs or JOLs for a test in 10
minutes. Restudy decisions were surprisingly similar when
feedback was and was not provided, but this may be related
to feedback being manipulated within subject. Manipulating
feedback between subjects may provide a clearer picture of
the impact of this factor.
This study serves a first step in learning how to improve
the accuracy of students’ restudy decisions, but there is still
much more work to be done. First, the present study
explored only a very small selection of cues and did not
cover all cue domains from cue utilization theory. Future
research should include a greater variety of cues including
more intrinsic cues such as frequency of the stimuli and
relatedness of the word pairs along with extrinsic cues such
as length of the learning episode, ease of learning, and the
number of learning episodes. Additionally, more
manipulations for improving cue utilization and restudy
decisions should be explored. Both manipulations in the
present study increased the use of prejudgment recall
accuracy, but not prejudgment recall latency. As no
improvements in restudy decisions were found a logical
next step would be to try and increase the use of
prejudgment recall latency, as it too was found to predict
future memory retrieval. The current results show evidence
that leaners’ cue utilization can be influenced with simple
manipulations, but the best manipulations for transfer to
improved restudy decisions remain to be found.
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Abstract
Many people report experiencing their thoughts in the form of
natural language, i.e., they experience ‘inner speech’. At
present, there exist few ways of quantifying this tendency,
making it difficult to investigate whether the propensity to
experience verbalize predicts objective cognitive function or
whether it is merely epiphenomenal. We present a new
instrument—The Internal Representation Questionnaire
(IRQ)—for quantifying the subjective format of internal
thoughts. The primary goal of the IRQ is to assess whether
people vary in their stated use of visual and verbal strategies in
their internal representations. Exploratory analyses revealed
four factors: Propensity to form visual images, verbal images,
a general mental manipulation factor, and an orthographic
imagery factor. Here, we describe the properties of the IRQ and
report an initial test of its predictive validity by relating it to a
speeded picture/word verification task involving pictorial,
written, and auditory verbal cues.
Keywords: Internal representations; inner voice; verbal
representation; cognitive style; learning preference; thought;
language.

Introduction
“Now that cognitive scientists know how to think about thinking,
there is less of a temptation to equate it with language…” (Pinker,
1994, p. 59).

While the above quote conveys unwarranted optimism, it is
true that modern cognitive scientists do not equate thinking
with natural language. The fact remains, however, that the
way many people frequently experience conscious thought
has a certain linguistic property. But is this equally true for
everyone? Do people vary in the degree to which they
experience thought in the form of language? Is inner speech
(for spoken language users) necessarily auditory in format
(an inner voice) or do some people experience inner speech
in a visual format (inner writing)? While there exist validated
instruments for assessing some other aspects of internal
experience, namely visual imagery (Blajenkova,
Kozhevnikov, & Motes, 2006; Kirby, Moore, & Schofield,
1988; Marks, 1973), at present, there are few ways for
quantifying the experience of inner language or speech
(Brinthaupt, Hein, & Kramer, 2009; McCarthy-Jones &
Fernyhough, 2011), though these instruments have been

argue to have poor external validity (Uttl, Morin, & Hamper,
2011). In this work we seek to fill this gap by providing a new
tool: the Internal Representation Questionnaire (IRQ). The
goal of this questionnaire is twofold. First, we seek to
quantify individual variability in how one individuals
experience their thoughts, focusing on the propensity to
verbalize. In order to relate this propensity to well-studied
aspects of phenomenology, namely visual imagery, the
questionnaire incorporates questions assessing visual
imagery. Initial development identified a previously
unstudied source of variability—a propensity to visualize
orthography—which the IRQ also aims to assess. The second
goal is to begin relating these individual differences—
focusing on the propensity to verbalize—to objective
cognitive function as. This is a first step toward
understanding how people with high and low propensity to
verbalize differ in cognitive performance, if indeed they do.
The intuition that some people are more “verbal” than
others does not begin with us. Indeed, the idea of a
‘visualizer–verbalizer’ dimension has been described as one
of the major cognitive styles (Riding, 2001). The intuition
that some people think in more visual ways while others in
more verbal ways has motivated the “learning styles” cottage
industry, according to which preferences in representing
information in more visual or verbal ways have consequences
for how information should be presented to people in
educational contexts, (for review see, Sternberg, Grigorenko,
& Zhang, 2008). While evidence for such a link between
individual differences and educational outcomes is lacking
(Pashler et al., 2008) the existence of individual differences
in the experienced format of conscious thought, and the
extent to which these subjective differences are predictive of
objective measures, are important and poorly understood.
Individual differences in the format of conscious
experience have been studied most in the domain of visual
imagery for over a century. In 1880, Francis Galton published
the results of the first known investigation of individual
differences in visual imagery (Galton, 1880). By his own
admission, Galton had impoverished mental imagery and
considered it inimical to abstract thought. And so it is perhaps
of little surprise that the conclusion of his survey was that
“the great majority of the men of science … protested that
mental imagery was unknown to them, and they looked on
me as fanciful and fantastic in supposing that the words
'mental imagery' really expressed what I believed everybody
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supposed them to mean” (Galton, 1880). More recent
investigations found that scientists do not have reduced
vividness of visual imagery (and indeed, it is a conclusion
contradicted by Galton’s own data). To date, there have been
numerous studies of individual differences in visual imagery
(Amedi, Malach, & Pascual-Leone, 2005; Cui, Jeter, Yang,
Montague, & Eagleman, 2007; Hatakeyama, 1997; Keogh &
Pearson, 2011; Marks, 1973; McKelvie, 1994; McKelvie &
Demers, 1979). In a partial vindication of Galton’s claims
that visual imagery is not universal, a small percentage of
people do seem to not experience visual imagery at all—a
condition termed ‘aphantasia’ (Zeman, Dewar, & Sala,
2015), though at present there is little understanding of the
effects of this condition on cognitive and perceptual function.
The extent to which current instruments measure individual
differences in a habitual approach is limited and not clearly
distinguished from learning preference or ability (Sternberg
& Zhang, 2001, Mayer and Massa, 2003).
Far less research focuses on the idea of inner speech in
general. The Self Talk Scale (STS: Brinthaupt et al., 2009)
includes concepts of ‘self-talk’ though does not explicitly
distinguish between internal and vocalized experience. The
Varieties of Inner Speech Questionnaire (VSIQ: McCarthyJones & Fernyhough, 2011) probes experience of inner
speech, though with a focus on the possible association with
psychopathology, the statements are in a context of selfappraisal e.g., “I hear my mother’s voice criticizing me in my
mind.” Instruments such as the visual-verbal questionnaire
(VVQ; Kirby et al., 1988) have also been used as a means of
getting to this construct (Jonassen & Grabowski, 1993), but
the verbal dimension of the VVQ contains a grab bag of
language-related questions assessing, e.g., how much one
likes to look up words in a dictionary, whether a person
remembers the words to songs, and a preference for reading
instructions rather than being shown how to do something. It
is thus poorly suited for assessing a propensity for
verbalization—the first aim of the present work. Do people
vary in a preference to use verbal strategies in their internal
representations, and does this relate to cognitive
performance?

rephrased. Items were also assessed for poorly functioning
items or gaps in content. A refined 60-item scale was then
administered to adults on Amazon’s Mechanical Turk. A total
of 222 participants were retained. Participants were aged
between 20 and 72 (123 male, 96 female , 3 categorized as
other or preferred not to state, mean age 36 SD 11 years).
Participants used a 5-point Likert scale to report the degree to
which they agreed with each statement from ‘Strongly
Disagree’ to ‘Strongly Agree’. Participants were excluded if
they incorrectly responded to any of three attention checks
included in the study.
Exploratory Factor Analysis was conducted to assess the
dimensionality of the scale. Four factors were retained in the
model, selected based on the point of change on the scree
plot. Items were subsequently dropped that had factor
loadings less than .40, as well as any items that had factor
loadings greater than .40 onto another factor. Items would
also be excluded if analyses revealed that Cronbach’s alpha
would be increased by their exclusion. Homogeneity was also
assessed through interitem correlations. If any correlation for
an individual item was less than .3 with the sub-factor, the
item would also be removed. A total of 37 items were
retained. See Table 1 for example items.
Factor

Visual

Verbal

Manipulation

Constructing the IRQ
We constructed the questionnaire by following standard
guidelines for designing psychometric scales (Clark &
Watson, 1995; Simms, 2008). In the primary phase of scale
construction, we created 82 question items which were
designed to assess different aspects of representing internal
thoughts e.g., visual, verbal, textual. We generated novel
items designed to assess cognitive style specific to
understanding modes of experiencing mental representations
internally. Several visual items of the VVQ VVIQ, and object
and spatial items from the Object-Spatial Imagery
Questionnaire (OSIQ) were also included (Blajenkova et al.,
2006; Kirby et al., 1988; Marks, 1973). The 82 questions
were piloted on 180 students at the University of Wisconsin
Madison. Items that did not correlate higher than .30, or
correlated above .90 with other items were excluded or

Text

Example item
I often enjoy the use of mental pictures to
reminisce.
I can close my eyes and easily picture a
scene that I have experienced.
If I imagine my memories visually they are
more often moving than static.
When I think about someone I know well, I
instantly hear their voice in my mind.
I think about problems in my mind in the
form of a conversation with myself.
My memories often involve conversations
I’ve had.
I can easily imagine and mentally rotate
three-dimensional geometric figures.
I can easily choose to imagine this sentence
in my mind pronounced unnaturally slowly.
I can easily imagine the sound of a trumpet
getting louder.
I find it easy to decide if words rhyme by
seeing their spelling in my mind’s eye.
When I hear someone talking, I see words
written down in my mind.
I rehearse in my mind how someone might
respond to a text message before I send it.

Table 1 Example IRQ items with high loadings on the
named factor. Lowest loading items are italicized.
Cronbach’s alphas for the four subscales were .86
(Propensity to Visualize), .86 (Propensity to Verbalize), .72
(Mental Manipulation) and .79 (Propensity to Textualize).
The Propensity to Visualize factor included 10 items that
described some aspect of visual/pictorial imagery when
thinking and were not directly language based. The
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Propensity to Verbalize factor contained 12 items relating to
an experiencing thought in an inner voice of spoken language
i.e., internally hearing words. Unlike the other factors that
focus on mode of representation, The Mental Manipulation
factor contained 8 items relating to the ability to vividly
imagine a modification to an internal representation e.g.,
orientation or sensation quality. The Propensity to Textualize
factor contained 7 items related to visualizing the written or
textual form of words (a visual counterpart to the spoken
representation of language observed in the Verbal factor).
The factor themes were named based on how the items
clustered, and were not predefined. For a full list of the items
see https://osf.io/8rdzh. Orthogonal rotation was carried out
for the analysis due to sub factor correlations see Table 2.
Visual
Visual
Verbal
Manipulation
Text

.47 **
.42 **
.35 **

Verbal

.29**
.38 **

Manipulation

Text

.31**

Table 2. Correlations between each of the four sub-factors
in the IRQ.
The four factors identified by exploratory factor analysis
were positively correlated with one another other.
Contradicting a popular assumption, a propensity to verbalize
was not inversely related to a propensity to visualize. For
representation of the variability of scores reflecting
individual differences in internal representations across each
of the factors see Figure 1. Zero indicates least agreement and
5 indicates strongest agreement (accounting for reversecoding of questions).

Figure 1Density plots for each of the IRQ Factor Scores.
To assess internal reliability, split-half analysis was
conducted on odd and even questions within each factor. The
split half correlation for the IRQ was .71. The reduced
version of the questionnaire was then retested on a subset of
the 222 participants on Mechanical Turk, of which 125
completed the questionnaire a second time from 65 to 74 days
later. Test re-test reliability correlations for each of the 4
factors: were .78, .68, .65 and .64.

As an initial validation, we sought to examine whether a
propensity to verbalize led people to a greater activation
phonology from visual inputs as assessed by examining
rhyme judgments (e.g., Langland-Hassan, Faries,
Richardson, & Dietz, 2015). Participants took part in a cuetarget verification a task in which cues and targets were
presented in different formats and modalities. Participants
had to indicate whether a word (spoken or written) or
picture matched a subsequently presented word or picture.
Non-match trials included cue-rhymes which were expected
to slow down RTs to the extent that participants activated
phonology of the cue stimulus.
Participants
We recruited 107 University of Wisconsin undergraduates to
complete a speeded verification task followed by the IRQ.
Participants were subsequently excluded if they failed any of
the attention checks in the questionnaire, or made more than
10% errors in the experimental task. Twenty-three
participants were excluded on this basis. Participants were
aged between 17 and 23 (44 male, 40 female, Mage=19).
The verification task consisted of seeing/hearing a cue
followed by target and responding match/mismatch
depending on whether the cue matched the target. The cues
and targets were spoken words, written words, and pictures
of 36 familiar monosyllabic animals/artifacts (e.g., owl, beer,
sock, shell). Participants were required to press a green button
as quickly as possible if the two items matched e.g., cat and
cat, and the red button if the items did not match e.g., cat and
box. A buzzer sound would play for 1000 ms after an error.
Two different exemplars were created of each word in each
modality i.e., two different picture exemplars, two written
exemplars (lower and upper case) and two spoken exemplars
of each word from a single female speaker. The words were
balanced in terms of scores of frequency, concreteness,
imageability and sensory experience rating. In 50% of the
trials the words matched, and 50% of the words did not
match. Of the non-match trials, 50% of the presented cues
and targets did not rhyme or share similarities in spelling e.g.,
‘clock’ and ‘whale’. The rest of the non-match pairs were
randomized to either orthographically rhyme (the rhyme is
congruent with the spelling) e.g., ‘clock’ and ‘sock’; nonorthographically rhyme (the rhyme is incongruent with the
spelling) e.g., ‘whale’ and ‘snail’; or words that were spelt
similarly but did not rhyme e.g., ‘match’ and ‘watch’.
Participants completed three blocks in counterbalanced
order. Each block used the same stimulus type as a cue
(spoken word, written word, or picture) and the remaining
two stimulus types as targets. For example, a Written-Word
block had randomly interspersed within it Written→Spoken
and Written→Image verification trials. Both cues and targets
were presented for 500ms. The ISI between trials was jittered
between 800 and 1200ms in 100ms intervals. Each
participant viewed 432 trial pairs (144 in each block).

Results
External validation of the IRQ
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Cue-Target Verification
Accuracy was high (96%) and all analyses was conducted on
correct RTs. Anticipatory responses <150ms were omitted.
The data were analyzed in R using mixed effects models with
subject, cue items and block items as random effects.
Figure 2 visualizes several basic findings from the cuetarget verification study. First, there was a large effect of
target-type: spoken-word targets required greater time to
process than written words or picture-targets, t’s > 15, p’s <
.0001. When cued by a spoken word, participants responded

Figure 2. Correct RT across Trial Type and Target
Type. Panels represent Cue types. Error bars signify
95% CI of the mean within subjects.
equally fast to picture and written targets.
We then assessed the effect of trial type (non rhymes,
orthographic rhymes, non-orthographic rhymes, and spelling
similarity) on RTs. Responses were faster for match trials,
(M=676 ms.) than for all other trials (t > 15, p < .0001). Nonrhyme trials (M=729 ms.) were faster than orthographic
rhyme trials (M=747 ms.), non-orthographic rhyme trials
(M=747 ms.), and spelling similarity trials M=746 ms., p’s <
0.001. The delay in RT caused by orthographic rhymes was
similar to non-orthographic trials does not differ significantly
between each other, p > .05.
To better understand the rhyming effect, we collapsed the
non-orthographic and orthographic rhymes and contrasted

RTs for these rhyming trials, with RTs on non-rhyme trials
using the following model:
RT~is_rhyme+cue_type+target_type+(1+rhyme|s
ubjCode)+(1|cue)

Rhyme trials had significantly longer RTs, (b=18, t=5.88,
p<.0001). Examining the interactions with cue-type and
target-type revealed that rhyming did not interact with the
cue-type t<1, but did interact with the target-type.
When the cue and target rhymed, RTs were increased
significantly more for spoken-word targets (b=26, t=3.7,
p=.0002) and written-word targets (b=14, t=2.06, p=.04), as
compared to picture-targets. In fact, when the target was a
picture, there was no significant effect of rhymes at all (b=4,
t=.78, p=.44). That is, hearing or seeing the word “box”
followed by the word “fox” (written or spoken) led to slower
“not-a-match” responses compared to an unrelate target.
However, hearing or seeing “fox” followed by a picture of a
fox, did not slow down responses compared to unrelated
picture targets.
We next examined how participants’ IRQ responses related
to their performance on the cue-target verification task. We
began with an exploratory analysis examining how the scores
on the four factors related to overall RT (Figure 3).
Participants with a higher propensity to verbalize had longer
RTs overall, (r=.23, p=.03). Visual examination revealed that
individuals with a higher propensity to verbalize were
particularly slowed when the cue was a picture (r=.29,
p=.006) or written word (r=.22, p<.046). Propensity to
verbalize did not predict RTs when the cues were spoken
words (r=.14, p=.20), but remained positively correlated with
RTs when the targets were spoken words, r=.26, p=.02).
Other IRQ factors did not significantly predict overall RTs.

Figure 3. Regression coefficients for each factor in the IRQ,
predicting correct RTs for the three cue types used in the
verification task. Error bars signify 95% CI of the coefficients.
Asterisks indicate significant differences from 0, p<.05.
We next examined whether the association between the
propensity to verbalize and RTs depended on the relationship
between the cue and target. If those with a higher propensity
to verbalize are generating phonology from the cues to a
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greater extent, we might expect them to take especially long
to respond to trials on which the cue and target rhymed.
Hearing a spoken cue is likely to activate an auditory/verbal
representation for all participants, regardless of their
propensity for verbalization, and so the critical test involves
examining the rhyme effect on trials containing a spoken cue
or target compared to trials that only had written and pictorial
cues/targets and relating this to propensity to verbalize, i.e.,
we are predicting a three-way interaction: spoken cue/target
(is the cue or target spoken) 𝗑 rhyme (do the cue and target
rhyme?) 𝗑 propensity to verbalize. The full model syntax
(using centered predictors, including non-matching trials
only) was:
RT~isSpoken*verbal*rhyme+(1+isMatch+rhyme+i
sSpoken|subjCode)+(1|cue)

The three-way interaction was reliable (b=41, t=2.98,
p=.002), as was the two-way interaction between rhyming
and propensity to verbalize (b=-24, t=2.62, p=.01). On trials
containing a spoken cue or target, rhymes led to longer RTs
(b=21, t=5.10, p<.0001) for people regardless of their
propensity to verbalize (b=8.3, t=1.05, p=.29). On trials with
only written-word or picture cues/targets, there was no
overall rhyming effect (b=3.9, t=.73, p=.45), but the rhyming
effect varied with the propensity to verbalize (b=-32, t=2.96,
p=.003). This latter effect is in the opposite direction of what
was expected. Participants with a lower propensity to
verbalize were slowed down by rhymes while those with a
higher propensity, were slightly sped up by rhymes. We
comment on this unexpected finding below.

high on the IRQ-verbal factor performed differently from
low-scoring individuals specifically when the trial did not
include an explicit phonological stimulus (i.e., written-word
and picture trials).
As a way of investigating a particular correlate of the
propensity to verbalize, we reasoned that participants who
score high on this factor would tend to activate phonology of
written words and pictures to a greater extent. This greater
activation was predicted to show up as a larger rhyming effect
(the slow-down in RTs when the cue and target rhymed). We
found robust rhyming effects, particularly on trials containing
a spoken cue or target. These rhyming effects did not interact
with propensity to verbalize. On trials containing only
written-words and pictures, we found no overall rhyming
effect, consistent with the possibility that participants were
not activating phonological representations to the same
degree. We observed a strong interaction with the propensity
to verbalize factor, but in the opposite direction of what was
expected. Participants with the highest verbal factor scores
actually showed a slightly negative rhyming effect, while
participants scoring low on the factor showed a slightly
positive effect. We hesitate to over-interpret this surprising
result, but an intriguing possibility is that individuals with a
higher propensity to verbalize may be activating
phonological representations with greater precision (though
at a cost of reduced RTs). When presented with a written
word “box” followed by a picture of a fox, participants high
on the verbal factor may activate its name with a high level
of precision, while those with a lower propensity to verbalize
may also activate its name, but in a more diffuse way, leading
to a greater rhyming effect.

General Discussion
The study aimed to quantify individual variability in
propensity to verbalize thought. The IRQ suggests that in
addition to variability in propensity to visualize, people vary
substantially in the degree to which they have a propensity to
verbalize. The IRQ identified a novel orthographic imagery
factor (i.e., frequent visualization of the written form of
spoken words), a previously unreported type of imagery that
warrants further investigation. The IRQ shows high internal
validity and test-retest reliability.
As an initial test of the IRQ’s external validity, we related
participants profiles—focusing on the propensity to
verbalize—to a cue-target verification task in which cues and
targets were written words, spoken words, or pictures. Slower
reaction times in the verification task were moderately
associated with higher scores on the IRQ verbal factor. The
slower responses may be related to activating phonology
from written pictorial cues, or to activating a template
representation against which a target is matched. Whatever
the answer, judging by their longer overall RTs, individuals
with a higher propensity to verbalize, were not obviously
aided by this verbalization.
Consistent with our prediction the propensity to verbalize
was most predictive on written-word and picture trials,
consistent with the interpretation that individuals scoring

Conclusion
The present study represents an early exploration into the
use a of the Internal Representation Questionnaire (IRQ), an
instrument designed to assess people’s reported propensity to
visualize, verbalize (in a phonological form), and verbalize
using orthographic imagery, in various contexts. An initial
validation of the measure to predict performance in a speeded
cue-target verification task suggests that people’s selfreported propensities are tracking aspects of moment-tomoment cognitive processes. To further assess the external
validity of the IRQ, it will be necessary to design tasks that
relate to specific situations in which people report
visualizing, verbalizing, and forming orthographic imagery,
to different degrees.
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Abstract

therefore especially important to address the issue of how
children might come to prefer one of these disparate moral
worldviews.

How can social learning influence children’s inclinations
toward equality-based or merit-based fairness? To investigate
this question, six- and seven-year-olds were first presented
with a pre-test distribution task in which they divided eight
stickers between two hypothetical children, one of whom was
a more productive worker. Participants were then given brief,
direct testimony that advocated either equality- or merit-based
fairness (whichever was not preferred at pre-test), and that
appealed either to emotions or reason. A novel experimenter
then presented participants with a post-test distribution task.
The results indicated that a majority of children changed their
distribution patterns from pre-test to post-test after being
provided with direct testimony. These changes in resource
distribution were accompanied by marked changes in the
kinds of explanations that children provided. This research
indicates that children’s preferences for different forms of just
resource distribution can be heavily influenced by social
communication.

The Development of Distributive Justice

Keywords: fairness; distributive justice; testimony; moral
development

Introduction
The witch in Sondheim’s Into the Woods instructs:
“Careful the things you say; children will listen.” This
expresses a common thread of folk wisdom, reflecting the
popular belief that children will readily absorb anything
they are told – particularly when learning moral values.
Although children are far from being passive sponges
(Koenig & Sabbagh, 2013), research has demonstrated that
they are indeed often credulous, believing what adults tell
them even if it conflicts with their firsthand experience
(Jaswal, 2013). In the present study, we investigated
whether directly communicated information (henceforth,
“testimony”) from an adult could lead children to value one
form of fairness (e.g., equality) above another (e.g., merit),
as measured by third-party resource distributions. This
contrast between equality-based fairness (often conceived as
central to socialism) and merit-based fairness (associated
with capitalism) has been prevalent throughout history and
prominently fuels contemporary political debates and
ideologies in the United States (Dworkin, 2000). It is

Since Piaget (1932), developmental psychologists have
demonstrated that children possess at least two distinct ideas
of how resources should be properly apportioned: according
to equality (also referred to as “parity”) or according to
merit (also referred to as “equity”). Much early research on
the development of fairness beliefs was focused on the
influences of cognitive maturation and logical/mathematical
reasoning, positing that children pass through stable
cognitive stages that lead to changes in fairness concepts
(see Damon, 1977; Hook & Cook, 1979). This body of
research yielded evidence that equality-based fairness is
robust in middle childhood and is then replaced by meritbased fairness, which seems to naturally emerge during late
childhood or early adolescence (Almås, Cappelen, Sørensen,
& Tungodden, 2010; Damon, 1975; Piaget, 1932).
However, other research has yielded suggestive evidence
for a less rigid view of the development of fairness beliefs,
supporting theories that children’s moral beliefs are shaped
at least in part by learning from discourse transmitted by
moral authorities within a given cultural milieu (e.g.,
Edwards, 1987; Shweder, Mahapatra, & Miller, 1987;
Snarey, 1985). For example, children’s distribution patterns
are malleable, changing with context in addition to age
(Huntsman, 1984; McGillicuddy-de Lisi, Watkins, &
Vinchur, 1994; Sigelman & Waitzman, 1991). In addition,
recent research has demonstrated that the concepts of
equality and merit are available even to very young
children. In looking time paradigms, infants are sensitive to
both principles of equality and principles of merit (Sloane,
Baillargeon, & Premack, 2012). Three- and four-year-old
children have been found to apply principles of merit when
distributing resources (Baumard, Mascaro, & Chevallier,
2012; Kanngiesser & Warneken, 2012; Nelson & Dweck,
1977).
The early emergence of both equality-based and meritbased fairness, together with the context-dependence of
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distributive justice, suggests that favoring one form of
fairness over another requires an explanation that
incorporates both sociocultural and cognitive factors.
Despite extensive cognitive developmental research on
children’s third-party resource distribution tendencies,
research is lacking on the forms of social influence that
shape these preferences. Could testimony bring about shifts
in fairness preferences, leading children either to provide
people with equal access to resources or to provide more
industrious people with more resources? The present
research investigates whether patterns of resource
distribution are amenable to being changed through this
ubiquitous form of social communication.

Teaching Children Moral Lessons
Moral lessons are often communicated to children
through indirect forms of social communication, particularly
allegorical storybooks and television shows. However,
previous research has demonstrated that many of these
interventions tend to fail, in part because stories cannot be
easily tailored to a particular situation at hand, and thus
require difficult forms of transfer (Mares & Acosta, 2008;
Narvaez, Gleason, Mitchell, & Bentley, 1999; Walker &
Lombrozo, 2017). In our own research, using the same pretest and post-test reported here, we failed to find robust
support for the hypothesis that storybooks can influence
children’s beliefs about distributive justice (Rottman,
Young, Blake, & Kelemen, 2017). Only 23% of participants
changed their pattern of resource distribution after hearing a
lengthy illustrated storybook about a society of beavers who
decided to distribute wood for building their dams in a way
that conflicted with participants’ pre-test distribution
pattern. The ineffectiveness of these stories was unchanged
across emotional and reasoned appeals and regardless of
whether the stories were advocating equality-based or meritbased distributions.
Despite these negative findings, seemingly indicating the
resilience of children’s fairness beliefs, we hypothesized
that children may readily learn from concise, more
straightforward forms of communication (i.e., “testimony”).
A number of studies have demonstrated that children’s
moral beliefs and prosocial behaviors can be influenced by a
variety of forms of adult testimony (Rosenhan, Frederick, &
Burrowes, 1968; Rottman, Young, & Kelemen, 2017;
Rushton, 1975; Sagotsky, Wood-Schneider, & Konop,
1981; also see Eisenberg, Fabes, & Spinrad, 2006; Harris,
2012). Therefore, we investigated whether a brief direct
statement made by an experimenter would affect children’s
fairness preferences.
Testimony ranges from being highly emotional to being
highly reasoned. This distinction between emotional and
reasoned appeals has been frequently emphasized in the
literatures on persuasion (e.g., Petty & Cacioppo, 1986) and
moral psychology (e.g., Haidt, 2001). To test whether
appeals to emotions are more effective than appeals to
reason (through explicit principles) in leading to belief
change in the domain of distributive justice, we manipulated

the format of the information that was provided to children,
using either reasoned or affectively charged assertions.

Overview of Research
This research addresses the question of whether emotional
and/or reasoned testimony can be an effective tool for
shaping children’s beliefs about fairness. Testimony that
appealed to emotions considered the feelings of victims,
whereas testimony that appealed to reason considered moral
principles.
Participants were assigned to one of four conditions,
which resulted from a 2 (Appeal: Emotional vs. Reasoned)
X 2 (Fairness Type: Merit vs. Equality) design. We
employed a pre-test/post-test intervention to determine
whether direct testimony could alter the fairness preferences
children already possessed. In order to measure fairness
preferences, a third-person distribution task was used to
factor out selfish considerations. When children stand to
gain or lose from their distributions of resources, they tend
to be strategically self-interested (Fehr, Bernhard, &
Rockenbach, 2008; Shaw, Montinari, Piovesan, Olson,
Gino, & Norton, 2014; Sheskin, Bloom, & Wynn, 2014;
Steinbeis & Over, 2017) and do not always behave in
accordance with their principles (Blake, McAuliffe, &
Warneken, 2014). These considerations are not relevant to
impartial third-person allocations, which may more directly
reflect abstract beliefs about justice.
We tested six- and seven-year-old children because
equality-based forms of distribution are heavily entrenched
in early childhood (e.g., Sigelman & Waitzman, 1991) and
are found to be a dominant response even in studies
demonstrating applications of merit in early childhood (e.g.,
Baumard et al., 2012). By around the age of six or seven,
children begin gravitating away from heavily weighting
equality-based forms of distribution and moving toward
merit-based forms of distribution (e.g., Damon, 1975; Hook
& Cook, 1979; Leventhal et al., 1973).

Methods
Participants
Participants were 110 six- and seven-year-old children
(47 female; Mage = 85.06 months; SDage = 5.87 months) who
were recruited from the greater Boston area via a large
participant database and tested in a university laboratory (n
= 38) or who were recruited and tested in local elementary
schools and summer camps (n = 72).
Participants were randomly assigned to hear either an
Emotional appeal or a Reasoned appeal. Because the study
was intended to influence children’s initial preferences for
equality or merit, participants were assigned to the Equality
or Merit conditions based on the preferences that they
demonstrated in their pre-test distributions. This ensured
that each participant was presented with an argument that
ran contrary to his or her initial mode of allocation (i.e.,
equality-distributors at pre-test were assigned to one of the
two merit conditions and merit-distributors at pre-test were
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assigned to one of the two equality conditions). However,
this non-random assignment meant that over-sampling was
necessary in order to have sufficient sample sizes in each
condition. A stopping rule decided prior to data collection
dictated that testing would cease after a total of at least 16
children had been assigned to both the Equality and Merit
conditions for the Emotional appeal and the Reasoned
appeal. Because participants were more prone to equal than
merit-based distributions at pre-test, a greater number of
children needed to be tested before 16 participants were
obtained in each condition: a total of 42 in the Emotional
condition advocating merit, and a total of 27 in the
Reasoned condition advocating merit. Excluding the
additional 37 children (i.e., participants beyond the target
sample size of 64) does not meaningfully affect the findings.

Materials and Procedure
In order to establish a baseline measure of responding, all
participants were initially presented with a distribution task
before hearing the testimony. The first experimenter then
provided brief testimony advocating the opposing form of
distributive justice, after which a second experimenter
administered a second distribution task. The crucial
dependent measure was whether participants distributed the
resources based on equality (by giving four stickers to each
child) or based on merit (by giving more stickers to the child
who completed more of a task).
Pre-test/Post-test The distribution task, adapted from
Leventhal, Popp, and Sawyer (1973), took the form of a
timed “work task”. Participants first completed this
themselves in order to ensure that they understood the
nature of the task, and they were told that time was up after
they had completed exactly 50% of the task. Because this
procedure was repeated in the pre-test and the post-test, two
separate work tasks were used. These were functionally
similar but differed in superficial properties (one involved
adhering colored discs to a strip of colored paper, and the
other involved stamping rubber stamps below corresponding
animal pictures). The order of these two tasks was
counterbalanced across subjects, as were the resources being
distributed (smiley-face stickers or temporary tattoos).
After participants gained experience with the work task,
they were told about two other children (matched for gender
and age), who had participated earlier but needed to leave
suddenly and were not able to receive any prizes. It was
additionally revealed that one of these children had
completed 25% of the task in the time allotted, while the
other had completed 75% of the task. (This discrepancy was
presented visually and through counting the number of discs
or stamps that had been applied to each child’s strip of
paper. The ratio was 15:5 for the discs task and 12:4 for the
stamps task.) At this point, participants were told that their
help was needed in determining the right number of prizes
to allocate to each child, and they were provided with eight
resources to distribute into envelopes. To prevent demand
effects during the post-test, a new experimenter

administered the second task after the intervention had taken
place. After participants had finished distributing resources,
they were asked to explain their reasoning for their
particular division of stickers or tattoos.
Intervention The Emotional and Reasoned testimony were
short declarations (59 words) presented in conversational
language, which appealed to recipients’ feelings (e.g.,
“…dividing up stickers [in the way you demonstrated]
makes these girls feel really upset…”) or abstract moral
principles (e.g., “…each girl should have as many stickers
as she deserves based on what she did to earn them…”),
respectively. For reasons of ecological validity, the
testimony focused on the situation at hand. One example of
the full, verbatim testimony is as follows:
Another way to divide up stickers is for the harderworking boy to get more stickers than the less
hard-working boy. That’s a much better way of
dividing up stickers, because it would have made
the boys much happier if they got exactly the
amount they worked for. Dividing up stickers any
other way makes these boys feel really upset.

Results
Preliminary Results
Across both the pre-test and the post-test, over 90% of
participants either divided stickers based on merit (i.e., they
gave more stickers to the child who was shown to be more
productive in the work task) or divided stickers equally.
However, several participants (n = 9) gave a greater number
of stickers to the less productive child during either pre-test
or post-test. These children were excluded from all analyses,
as they could not be readily classified as Merit or Equality
distributors.
The 101 children who were retained in the sample were
significantly more likely to be equality-distributors (68.3%)
rather than merit-distributors (31.7%) at pre-test, as
demonstrated by a one-sample binomial test, p < .001. Of
the 32 merit-distributors, only 5 children at pre-test divided
in exact proportion to the mathematical difference in
productivity (i.e., a 3:1 ratio), again demonstrating that
children’s merit-based distribution is generally ordinal
rather than exactly proportional. In line with prior research,
six-year-olds were more likely to be equality-distributors
(85.0%) than seven-year-olds (57.4%), which is a
significant difference as demonstrated by an independentsamples Mann-Whitney U Test, p = .004. Distribution
patterns at pre-test did not differ significantly by gender, p =
.686. Importantly, the findings remain virtually the same
when only the first 32 equality distributors are included in
analyses.

Primary Results
Participants were coded as having changed (1) or not
changed (0) their fairness distributions between equality and
merit from pre-test to post-test. A one-sample binomial test
demonstrated that testimony reliably led to changes in
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children’s distribution patterns from pre-test to post-test, p =
.001 (see Figure 1 for frequencies in each condition). This
effect of testimony did not change across age, as shown by
an independent-samples Mann-Whitney U Test, p = .206.
McNemar tests conducted for each of the four conditions
resulting from the 2 X 2 design found significant changes in
the frequencies of equality-distributors and meritdistributors in three of the four conditions: Reasoned Merit,
p = .001; Reasoned Equality, p = .001; Emotional Equality,
p =.039. The Emotional Merit testimony did not lead to a
significant change in resource distribution, p = .227. Chisquare tests indicated that changes in resource distribution
differed across the two kinds of Fairness, χ2(1) = 4.128, p =
.042, demonstrating a tendency for children to be more
easily swayed into endorsing equality than into endorsing
merit, while there was no difference across the two kinds of
Appeal, χ2(1) = 0.773, p = .379. Overall, then, these results
show that children’s fairness preferences are malleable, and
can be robustly influenced through very brief testimony –
particularly in cases when equality is preached.

justification from pre-test to post-test than participants
whose distribution patterns remained constant, χ2(1) =
38.892, p < .001. The tendency for participants to change
the content of their justifications did not differ across the
two kinds of Fairness, χ2(1) = 0.122, p = .727, or across the
two kinds of Appeal, χ2(1) = 0.395, p = .530.
Table 1: Frequencies of justification types between pretest and post-test (split according to whether participants
altered their pattern of resource distribution) for children
provided with merit-based testimony.

% of Children Who Changed
Fairness Preferences

100%
75%
50%
25%

Pre-Test
Frequencies

No Change

Change

Consideration
of Outputs

7
(10.1%)

2
(7.4%)

21
(50.0%)

Consideration
of Inputs

0
(0.0%)

1
(3.7%)

19
(45.2%)

Consideration
of Welfare

19
(27.5%)

14
(51.9%)

0
(0.0%)

Consideration
of Principles

37
(53.6%)

9
(33.3%)

2
(4.8%)

Other/
Uncodable

6
(8.7%)

1
(3.7%)

0
(0.0%)

Table 2: Frequencies of justification types between pretest and post-test (split according to whether participants
altered their pattern of resource distribution) for children
provided with equality-based testimony.

0%

Reasoned Emotional Reasoned Emotional
Merit Testimony

Post-Test Frequencies

Justification
Type

Equality Testimony

Figure 1: The percentage of participants in each condition
who changed their patterns of resource distribution from the
first distribution task (pre-test) to the second distribution
task (post-test).

Justifications
Two naïve coders independently coded children’s
justifications for their resource divisions. Each justification
was assigned a single code based on which of five
predefined categories seemed most representative. The two
coders demonstrated substantial agreement (Pre-test: κ =
.752; Post-test: κ = .759). All disagreements were resolved
through mutual discussion alongside the first author.
Overall, 59/68 (86.8%) of participants who changed their
distribution patterns also changed the content of their
justification for their distribution between pre-test and posttest. This held true for only 8/33 (24.2%) of participants
whose distributions remained consistent between pre-test
and post-test (see Tables 1 and 2). A chi-square test
confirmed that participants who altered their distribution
patterns from equality to merit or from merit to equality
were much more likely to change the content of their

Post-Test Frequencies

Justification
Type

Pre-Test
Frequencies

No Change

Change

Consideration
of Outputs

29
(90.6%)

6
(100%)

5
(19.2%)

Consideration
of Inputs

1
(3.1%)

0
(0.0%)

5
(19.2%)

Consideration
of Welfare

0
(0.0%)

0
(0.0%)

8
(30.8%)

Consideration
of Principles

0
(0.0%)

0
(0.0%)

8
(30.8%)

Other/
Uncodable

2
(6.3%)

0
(0.0%)

0
(0.0%)

Discussion
Overall, this research demonstrates that children’s
fairness preferences are susceptible to the influences of
social communication. Pithy testimony led children to
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rapidly shift their preferences for distributing resources
according to principles of merit or equality. These findings
indicate that shifts from favoring equality to favoring merit
are not fully governed by cognitive maturation, but that
these preference reversals can be enculturated. Both forms
of reasoning may coexist in the minds of young children,
and six- and seven-year-old children can flexibly shift their
preferences for one or another based on the social inputs
they receive – as long as these are provided through direct
instruction and not through storybooks (Rottman, Young,
Blake, & Kelemen, 2017). Contrary to the Piagetian beliefs
that inspired much of the early work on children’s resource
distribution tendencies (e.g., Damon, 1977; Hook & Cook,
1979), children are not limited to thinking about fairness in
a specific way as a result of stage-based constraints.
Shifts in children’s fairness preferences were closely
aligned with changes in their patterns of justifications, and
the content of the justifications suggest that the changes in
resource distribution were driven by changes in patterns of
reasoning produced by the testimony. After being exposed
to testimony advocating equality, participants’ justifications
very closely resembled the justifications provided by
children who preferred equality at pre-test (primarily
focusing on considerations of recipients’ welfare and moral
principles). After being exposed to testimony advocating
merit, half of participants’ justifications resembled the
justifications provided by children who preferred merit at
post-test (primarily focusing on considerations of outputs).
Intriguingly, the other half of participants’ justifications
invoked considerations of inputs (e.g., ability, effort), which
were conspicuously absent during pre-test. This suggests
that, while six- and seven-year-olds do not tend to
spontaneously justify merit-based distributions by appealing
to differential inputs, interventions invoking these reasons
seem to have a pronounced impact on children’s decisions
to allocate more resources to harder workers. More
tentatively, it is possible that some children learned
something new during the merit-based intervention, rather
than switching their preferences to a latent form of fairness
that was merely unexpressed at pre-test.
Despite research suggesting that emotional appeals
(Haidt, 2001) or reasoned appeals to principles (Rottman,
Young, & Kelemen, 2017) should be more effective in
leading to moral change, participants were equally likely to
alter their initial patterns of resource distribution across
emotional and reasoned appeals. However, this research
uncovered an effect of Fairness Type, such that testimony
advocating for equality was more powerful than testimony
advocating for merit. This imbalance may be explained by
the finding that equality is a potent stable attractor in the
moral domain (Baumard et al., 2012; Chernyak & Sobel,
2016; Shaw & Olson, 2012), thus holding greater sway on
fairness preferences than appeals to merit.
There are several limitations to this study, which will be
addressed in future research. First, although demand effects
were substantially reduced by having two different
experimenters providing testimony and administering the

post-test measure, the potential suggestion that participants
had done something wrong in the pre-test may have led
some participants to distribute resources in the way they
thought was expected. A follow-up study will present prerecorded testimony that is less heavy-handed to reduce some
of these potential demand effects. Future research will
additionally reduce some of the discrepancies in the amount
of transfer required between the storybooks in previous
research (Rottman, Young, Blake, & Kelemen, 2017) and
the testimony in the present research, which will allow for
more direct comparisons of the effects of these different
modalities of social communication.

Conclusion
Sondheim’s Witch is correct in her plea for adults to be
cautious of what they say, as children will heed their advice.
The present research demonstrates that this is indeed true in
the domain of fairness; children who were provided with
brief testimony about the benefits of equality- or meritbased distribution readily changed the way they distributed
prizes to third parties. It is therefore possible that children
come to readily adopt fairness preferences – and perhaps
eventually adopt economic ideologies resembling socialism
or capitalism – by internalizing the testimony of adults. Data
about whether and how exposure to particular messages
during early childhood influence children’s preferences will
be an extremely important piece of knowledge to
disseminate to parents, educators, and the general public,
but it is crucial to continue conducting carefully controlled
psychological research on this topic before policies and
practices are developed.
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Abstract
Humans master complex systems of interrelated concepts like
mathematics and natural language. Previous work suggests
learning these systems relies on iteratively and directly revising a language-like conceptual representation. We introduce and assess a novel concept learning paradigm called
Martha’s Magical Machines that captures complex relationships between concepts. We model human concept learning in
this paradigm as a search in the space of term rewriting systems, previously developed as an abstract model of computation. Our model accurately predicts that participants learn
some transformations more easily than others and that they
learn harder concepts more easily using a bootstrapping curriculum focused on their compositional parts. Our results suggest that term rewriting systems may be a useful model of human conceptual representations.
Keywords: Concept learning; Program Induction; Induction;
Function learning; Curriculum learning; Bootstrap learning

Introduction
Human learning is astonishing, quickly mastering complex
systems of interrelated concepts using surprisingly little data
(Tenenbaum, Kemp, Griffiths, & Goodman, 2011). Understanding what concepts are and how humans learn them has
thus long been a key challenge for cognitive science (Bruner,
Goodnow, & Austin, 1956; Carey, 2009; Margolis & Laurence, 1999, 2015; Murphy, 2002; Smith & Medin, 1981).
The challenge remains open, but this work builds on the hypotheses that: 1) concepts can be modeled as expressions in
a mental language or Language of Thought (LOT; e.g. Fodor,
1975); and 2) learning iteratively refines the LOT both by
naming compositions of smaller parts and developing truly
new representations (e.g. Carey, 2009).
Computational models have long worked to implement
these hypotheses using algorithms that learn program-like
structures from observations (Goodman, Tenenbaum, Feldman, & Griffiths, 2008; Lake, Salakhutdinov, & Tenenbaum, 2015; Lenat, 1983; Newell, Shaw, & Simon, 1959; Piantadosi, Tenenbaum, & Goodman, 2016; Sussman, 1973),
a technique known as inductive programming (Flener &
Schmid, 2008; Muggleton & De Raedt, 1994), part of the
broader field of program synthesis (Gulwani, Polozov, &
Singh, 2017). The language in which learning takes place
is typically fixed: primitives cannot be added or removed and
each primitive has a predetermined semantics, often based on
combinatory logic (CL; Dechter, Malmaud, Adams, & Tenenbaum, 2013; Piantadosi, 2017), λ-calculus (LC; Piantadosi,
Tenenbaum, & Goodman, 2012), or first-order logic (FOL;
Goodman et al., 2008; Piantadosi et al., 2016; Ullman, Goodman, & Tenenbaum, 2012). Learning searches through the
(potentially infinite) space of programs in the language to find

some to name and add to a library of expressions that help
explain observations. This library acts as an inductive bias
sitting on top of the base language, but crucially, the base
language itself never changes.
Humans undoubtedly reuse existing concepts, but they also
introduce placeholder concepts that acquire meaning through
conceptual role (Block, 1987; Carey, 2009). This is especially important as the scope of learning grows and primitives for one domain (e.g. color concepts like red or blue)
work poorly in another (e.g. Newtonian mechanics). Rather
than only revising a library implemented in terms of some
fixed language, human learning is thus thought to also revise
the language itself. Models learning libraries over fixed languages cannot easily capture this second type of learning.
This paper makes two contributions toward resolving this
discrepancy. The first contribution is to introduce and assess
a novel concept learning paradigm called Martha’s Magical
Machines, inspired by Piantadosi et al. (2016). This paradigm
uses a game that lends itself well to studying complex relationships between concepts and which participants report
to be fun and engaging. Participants predict how machines,
each representing a concept, transform sequences of numbered packages. Using this paradigm, we find that some concepts are learned more easily than others and that a hard concept is learned more easily when preceded by a bootstrapping
compositional curriculum.
The second contribution is to explore Term Rewriting Systems (TRSs) as a model of conceptual representations. TRSs
define a space of formal languages, specifying for each which
primitives exist and how they behave. We use this to provide
a model of concept learning similar to and inspired by existing models, but in which hypotheses represent not different libraries atop a fixed LOT but completely different LOTs.
We model learning as a search directly among languages defined by a probabilistic grammar over TRS rules. Other work
has learned TRSs to solve inductive programming tasks (e.g.
Kitzelmann & Schmid, 2006; Rao, 2004), but ours is the first,
to our knowledge, to directly compare a TRS-based learning
system with humans. Our model accurately predicts human
learning trajectories for different list concepts and explains
how a curriculum helps when learning challenging concepts.
Concepts come in diverse forms (e.g. objects, agents,
magnitudes, categories and kinds, relationships, and events).
Here, we focus on and use concept to refer to relationships
over objects, specifically, functions over data structures. It
would be surprising if these techniques failed to apply to other
types of concepts, but we do not explore that here.
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Figure 1: Experiment graphics. a: Martha, the scientist. b: A magical machine. c: Packages display 0-9. d: Participants predicted
outputs (right side) for different inputs (left side). + makes another
package appear. Right-clicks remove packages. d: Input/output history. P shows past predictions. Try it at: https://git.io/vNbKc.

Experiment 1: Mapping the order of difficulty
Experiment 1 studied how people learn concepts from examples. In this experiment, participants sequentially predicted
how a concept would transform an input sequence into an
output sequence. To better understand what sorts of concepts
are easy or difficult for humans to learn, we created a set of
12 list concepts of varying complexity (see Listing 1).
Participants and Design We recruited 149 participants (61
female, mean age=36.93, SD=12.20) from Amazon Mechanical Turk. Participants were paid a flat fee of $1. The experiment took 16 minutes on average to complete.
Materials and Procedure Participants played a game
called Martha’s Magical Machines inspired by the paradigm
in Piantadosi et al. (2016). They helped a scientist, Martha
(Fig. 1a), study magical machines. Magical machines (e.g.
Fig. 1b) take numbered packages (i.e. a sequence of numbers)
as input and return numbered packages as output (Fig. 1c).
Participants were asked to predict outputs for different inputs. Each participant interacted with five magical machines,
one in each of five rounds. For each participant round, we
uniformly sampled a concept from a pool of twelve (see Listing 1) without replacement. If the sampled concept returned
a single natural number rather than a sequence, participants
saw a singleton sequence. Within each round, participants
completed 10 consecutive trials sampled randomly without
replacement from a pool of per-concept inputs.
On each trial, participants saw a sequence of one to five
packages waiting to be submitted to the machine (Fig. 1d)
and attempted to predict the machine’s corresponding output
sequence. After clicking Test, the input would be submitted
to the machine and the actual output produced. The history
of inputs, outputs, and participants’ responses was displayed
next to the machine (Fig. 1e). Once a participant submitted 10
predictions for a machine, they were asked to briefly describe
what they thought the machine did, and then moved to the
next round to interact with a new (visually distinct) machine.
The game finished after 5 rounds (i.e. 5 machines).
Results Figure 2 shows mean performance on the last 5 predictions for each block. Participants generally performed best
for concepts involving arithmetical operations (e.g. total,

Figure 2: Experiment 1 performance with concepts ordered by difficulty. Error bars represent the standard error of the mean. Left:
Average probability of a successful prediction over the last 5 trials.
Red triangles mark model predictions. Right: Average quality of
concept descriptions (0: no match; 2: perfect description).

increment). These concepts are likely already well-known;
learning then means recognizing that a particular machine
matches a pre-existing concept. We treat this recognition as
a simple form of induction, one which identifies a newlynamed concept with a pre-existing name rather than a newlydiscovered compositional expression. Concepts indexing the
sequence (e.g. index-in-head, head-or-tail) were generally harder to learn. Mean within-participant performance on
the first 5 trials strongly correlated with performance during
the last 5 trials over all rounds (r(148) = 0.80, p < .001);
some people consistently learned the concepts faster than
others. Performance weakly correlated with round number
(r(148) = 0.04, p = .019), but more strongly correlated with
trial number within a round (r(148) = 0.36, p < .001). Mean
scores on the first 5 trials were indeed significantly different from mean scores on the last 5 trials over all problems
(t(149) = 22.04, p < .001, d = 1.8).
Participants learned the concepts, and additional trials led
to better performance. We thus analyzed how performance
evolved over trials using per-concept learning curves that we
also compare to the learning curves produced by our model
(Fig 3). For some concepts (e.g. total, const), participants
only needed 1-2 examples to perform near ceiling. Other concepts (e.g. length or filter odd) show more graded, even
slow (e.g. count3, index-in-head) progress. Nonetheless,
we found significant positive correlations between trial number and performance for all problems (all p < .001, d f =
149); participants learn the concepts in this task, improving
their performance over time for every concept tested.
We also analyzed the verbal descriptions given for each
concept. Descriptions were coded as 0 if they did not reflect the concept (e.g. “it’s random”, “I don’t know”), 1
for partial correctness (e.g. “removes frequent numbers” for
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deduplicate) and 2 for an exact match (e.g. “removes duplicates” for deduplicate). Figure 2 shows the average
quality of participant descriptions by concept. Description
codes correlate strongly with performance on the last 5 trials
(r(148) = 0.84, p < .001), suggesting that participants generated good predictions primarily by referencing the underlying
concepts rather than by guessing or using other heuristics.
Finally, we analyzed whether the order in which participants learned concepts influenced overall performance. We
compared the correlations between the block in which a
concept appeared and mean performance for the 3 hardest (count3, head-or-tail, index-in-head) and 3 easiest (const, total, increment) concepts. Block and performance were significantly correlated for the hard concepts
(r(149) = 0.13, p < .01), but not for the easiest concepts
(r(149) = 0.04. p = .24). The difference between these correlations was significant (z = 2.07, p < .05). Participants thus
might benefit by reserving harder problems for later rounds
of the experiment, an effect which we explore by examining
how curriculum design affects performance in Experiment 2.

Constant
1.0

0.95

Total

0.81

Increment

0.68

0.8
0.6
0.4
0.2
0.0
Head
1.0

0.94

Sort

0.76

Length

0.87

0.8
0.6

P(Correct)

0.4
0.2
0.0
Deduplicate
1.0

0.78

Cumsum

0.77

Filter odd

0.70

0.8
0.6
0.4
0.2
0.0

# const xs : return 3
# Example : const ([1 ,2,4 ]) = [3]
const ( x_ ) = 3;

Index in head
1.0

0.71

Head or sum of tail

0.69

Count 3

0.77

0.8

# total xs : sum all the elements of xs
# Example : total ([1 ,2,3 ]) = [6]
total ( x_ ) = sum ( x_ ) ;

0.6
0.4

# increment xs : add 1 to each element of xs
# Example : increment ([1 ,2 ]) = [2 ,3 ]
increment ( x_ ) = add (1 x_ ) ;

0.2
0.0
1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10

# head xs : return the first element of xs
# Example : head ([2 ,3,1 ]) = [2]
head ( cons ( x_ y_ ) ) = x_ ;

Trial
Figure 3: Experiment 1 concept learning curves ordered from easy
to difficult. Error bars represent the standard error. Solid curves
are human learners, dashed are model learners. Pearson correlations
between human and model learners are reported for each concept.

# length xs : compute the length of xs
# Example : length ([2 ,3,1 ]) = [3]
length ([]) = 0 ;
length ( cons ( x_ y_ ) ) = succ ( length ( y_ ) ) ;

Experiment 2: Curriculum learning

# sort xs : sort xs
# Example : sort ([3 ,1 ]) = [1 ,3 ]
sort ([]) = [];
sort ( cons ( x_ y_ ) ) = insert ( x_ sort ( y_ ) ) ;

Experiment 2 studied to what extent a difficult concept could
be made more learnable with a curriculum from which learners could bootstrap the difficult concept.

# deduplicate xs : remove all duplicates from xs
# Example : deduplicate ([2 ,1,2,2,1 ]) = [2 ,1 ]
deduplicate ([]) = [];
deduplicate ( cons ( x_ y_ ) ) =
cons ( x_ deduplicate ( remove ( x_ y_ ) ) )

Participants and Design We recruited 91 participants (46
males, mean age=34.51, SD=10.57) from Amazon Mechanical Turk and paid a flat fee of $1. The task took 12 minutes on
average to complete. Participants were randomly assigned to
one of two conditions (random or curriculum) in a betweensubjects design. Random learners attempted three randomly
chosen concepts before attempting the target concept. Curriculum learners attempted concepts (count3, head, & tail)
relevant to the compositional structure of the target. Both
groups had the same target concept: count-head-in-tail.

# cumsum xs : cumulatively sum the elements of xs
# Example : cumsum ([2 ,3,1 ]) = [2 ,5,6 ]
cumsum ([]) = [];
cumsum ( cons ( x_ y_ ) ) = cons ( x_ cumsum ( add ( x_ y_ ) ) )
# filter_odd xs : remove the odd numbers from xs
# Example : filter_odd ([2 ,3,1,4 ]) = [2 ,4 ]
filter_odd ([]) = [];
filter_odd ( cons ( x_ y_ ) ) =
if ( even ?( x_ ) cons ( x_ filter_odd ( y_ ) ) filter_odd ( y_ ) ) ;
# index-in-head xs : return the headth element of the xs
# Example : index_in_head ([2 ,3 ]) = [3]
index-in-head ( cons (0 y_ ) ) = 0
index-in-head ( cons ( succ ( x_ ) y_ ) ) = nth ( x_ y_ ) ;
# head-or-tail : return the larger of head or sum-of-tail
# Example : head_or_tail ([2 ,3,1 ]) = [4]
head-or-tail ([]) = 0;
head-or-tail ( cons ( x_ y_ ) ) =
if ( greater ( x_ sum ( y_ ) ) x_ sum ( y_ ) ) ;
# count3 xs : how often does 3 appear in xs ?
# Example : count3 ([2 ,3,3 ]) = [2]
count3 ( x_ ) = count ( succ ( succ ( succ (0 ) ) ) x_ ) ;

Listing 1: Rewrite rules for the concepts in Experiment 1. See Table
1 for an explanation of the assumed background concepts.

Material and Procedure Participants played Martha’s
Magical Machines as in Experiment 1. However, whereas
curriculum learners saw three fixed concepts (order counterbalanced; Listing 2) before attempting the target concept, random learners interacted with three randomly chosen concepts
from Experiment 1 (matched in complexity and excluding the
curriculum; Listing 1) before attempting the target concept.
# head xs : return the first element of xs
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3

a

1.00

b

cause the curriculum concepts are relevant to the target concept. Performance on the first three rounds correlated significantly with performance on the target round for curriculum
learners (r(49) = 0.53 p < .001), but not for random learners
(r(38) = 0.23, p = .08); only curriculum learners benefited
by learning earlier concepts.
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#correct
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curriculum

0.00

random

curriculum

Training

P(Correct)

random

●

0.8

●

0.6
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0.4
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0.2

●

●
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●
●

●

●
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●

1.00

Standardized β

curriculum

Model

random

Instead of searching over possible libraries for a fixed LOT,
some theories suggest that humans search directly over possible LOTs (e.g. Carey, 2009). We discuss Term Rewriting
Systems (TRSs) as a formalism for modeling this idea, treating learning as searching through a space of TRSs defined
by a probabilistic grammar over TRS rules. Model code is
available at: https://git.io/vNbK6.

Training

c
●

●

d

0.75
0.50
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0.25

●●

0.0
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Trial

0.00

curriculum random
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Figure 4: Experiment 2, by condition. a: mean number of correct predictions during last 5 trials. b: Average description quality
for last round. c: Learning curves (i.e. mean proportion of correct
predictions over trials). d: Standardized β-estimate regressing total
correct predictions in the first 3 rounds onto total correct predictions
in the target round. Error bars represent the standard error.
# Example : head ([2 ,3,1 ]) = [2]
head ( cons ( x_ y_ ) ) = x_ ;
# tail xs : return all but the first element of xs
# Example : tail ([2 ,3,3 ]) = [3 ,3 ]
tail ([]) = [];
tail ( cons ( x_ y_ ) ) = y_ ;
# count3 xs : how often does 3 appear in xs ?
# Example : count3 ([3 ,2,3 ]) = [2]
count3 ( x_ ) = count ( succ ( succ ( succ (0 ) ) ) x_ ) ;
# count-head-in-tail xs : how often is head in the tail ?
# Example : count-head-in-tail ([2 ,3,2 ]) = [1]
count-head-in-tail ([]) = 0;
count-head-in-tail ( x_ ) = count ( head ( x_ ) tail ( x_ ) ) ;

Listing 2: Rewrite rules for the concepts in Experiment 2. See Table
1 for an explanation of the assumed background concepts.

Results We first analyzed performance during the last 5
trials of the target concept (Fig. 4a). Curriculum learners
performed significantly better than random learners (t(89) =
3.02, p < 0.01, d = 0.34). We again coded the quality of participant descriptions for the target concept, using the scheme
from Experiment 1. Curriculum learners wrote better descriptions than random learners (t(89) = 2.51, p = 0.01, d = 0.53,
Fig. 4b), although both scored weakly. More curriculum
learners scored 1 or 2 than random learners (χ2 (2, 91) =
8.46, p = .01). Six participants correctly described the concept; four were curriculum learners. Of 19 participants with
partially correct descriptions, 15 were curriculum learners.
66 participants were completely incorrect; 38 were random
learners. Participant learning curves during the last round
(Fig. 4c) suggest that curriculum learners learned faster and
more accurately than random learners, in particular during
later trials. Finally, we analyzed how the first three rounds affected performance in the target round. Curriculum learners
should be influenced more strongly by past performance, be-

Representing Concepts with Term Rewriting Systems
TRSs, developed and studied as an abstract model of computation, formalize the idea that symbolic forms of computation
can be described by trees of symbols, called terms, and rules
for how those terms compute. Other work describes TRSs in
detail (Bezem, Klop, & de Vrijer, 2003); we focus on applications to cognitive modeling.
A TRS has two parts: a set of operators (symbols with a
fixed arity) called a signature, and a set of rewrite rules. In
this work, each operator is also associated with a type to constrain search, preventing constructions which humans would
be unlikely to consider (e.g. computing the successor of a
list rather than of a number). For example, we could define
an operator for addition, plus, with arity 2 and type Nat ->
Nat -> Nat (take two natural numbers, Nats, as input and
give a Nat as output). Other examples include the number 0,
0, with arity 0 and type Nat, and the successor function, succ,
with arity 1 and type Nat -> Nat. Combined with a countably infinite set of unique variables (written here with trailing
underscores), the signature recursively defines the set of possible terms to include: 1) variables; and 2) operators applied
to n subterms, where n is the arity of the operator. A simple
theory of unary addition might have the following signature:
{plus, succ, 0}

In that case, the following are valid (∗invalid) terms. Assuming that plus represents addition, s represents the successor
function, and 0 represents 0, the valid terms represent 0, 2,
and x + 1 + y, respectively; invalid terms mean nothing:
0
∗succ

succ(succ(0))
∗x (0)

plus(plus(x succ(0)) y )
∗times(x y )

A rewrite rule, l = r, equates terms l and r, called the lefthand-side (LHS) and right-hand-side (RHS), respectively. A
term t can be rewritten to t ′ under some TRS if: 1) t matches
against the LHS of a TRS rule to create a substitution (a structural mapping from variables in the LHS to subterms of t);
and 2) t ′ is the result of applying the substitution to the RHS.
Consider these rules for unary addition:
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plus(0 y ) = y
plus(succ(x ) y ) = succ(plus(x y ))

(IDENTITY)
(INCREMENT)

plus(succ(succ(0)) succ(0)) rewrites with these rules to
succ(succ(succ(0))) as follows (i.e. 2+1 = 3):
plus(succ(succ(0)) succ(0))
succ(plus(succ(0) succ(0)))
succ(succ(plus(0 succ(0))))
succ(succ(succ(0)))

(GIVEN)
(INCREMENT)
(INCREMENT)
(IDENTITY)

See Listings 1 & 2 for more examples of rewrite rules.
When using TRSs to model LOTs, each term expresses a
(potentially compositional) concept; the signature defines the
space of possible terms and thus the space of possible expressions. By themselves, however, these expressions are nearly
meaningless. succ(succ(succ(0))), for example, might
express 3, a procedure for shaking someone’s hand, or a picture of a cat. Relating terms with rewrite rules constrains their
meaning. succ(succ(succ(0))) expresses 3 (or something
isomorphic to 3) only when coupled with rules that use it as
3. In the toy example given here, it expresses 3 only with respect to addition. As additional operators and rules are added
which constrain its behavior more tightly, its meaning can be
further constrained to that of the familiar concept 3.
Learning Concepts with Stochastic Search Like many
existing models of concept learning as program induction, we
model learning as a Bayesian stochastic search (Lake et al.,
2015; Piantadosi et al., 2012,1; Ullman et al., 2012). To ease
search, we fixed the set of operators and provided rules constraining the behavior of several background concepts (Table
1). The hypothesis space is then the space of TRSs containing
these operators and at least these rules. Crucially, however,
the behavior of key operators in each simulation was entirely
determined by learned rewrite rules. Search thus directly revises our LOT representation, rather than revising a library
implemented in terms of some fixed LOT.
Our model uses a description length prior; the log prior
probability of a TRS is the total number of subterms in the
rules. It uses an evaluation-based likelihood; the log likelihood of an input/output pair is the log probability of the output appearing as a normal form in a 50-step evaluation trace
rooted at the input. Search uses two types of proposals; one
deletes a rule uniformly at random from the hypothesis, and
the other samples a new rule and adds it to the hypothesis.
We sample new rules using a generative procedure that relies heavily on types. It first creates a type variable to represent the type of the rule. It then unifies this type variable
against existing operators and variables, as well as a newly
created variable (though the LHS cannot be a lone variable;
such a rule would match every term). Of those elements
whose types unify, one is selected uniformly at random. If
the element is an operator with positive arity, the argument
types are computed, and the process recurses. Once the LHS
has been sampled, its final type is computed, and the RHS is
sampled using the same process, with two modifications: 1)
RHS sampling can use variables bound by the LHS but cannot create new variables (this would allow rewrites to invent
arbitrary terms); and 2) the type of the RHS is fixed to match
the type of the LHS. This procedure defines and samples from

Name & Input/Output Pair

Description

0, 1, 2
constant natural numbers
[]
the empty list
succ(0)
the successor of x
cons(1, [2,3]) = [1,2,3]
prepend x to y
sum([1,2,3]) = [6]
sum x
add(3, [1,2,3]) = [4,5,6]
add x to the elements of y
insert(4, [3,5]) = [3,4,5] insert x into y in sorted order
remove(1, [6,1,4]) = [6,4] remove every x in y
count(7, [7,1,7] = [2])
count every x in y
even(5) = false
true if x is even else false
greater(8, 2) = true
true if x > y else false
if(true, [7], [2,5]) = [7] if x then y else z
nth(3, [9,5,8]) = [8]
the xth element of y
Table 1: Background concepts used in the simulations. In the descriptions, x is the first argument, y the second, and z the third.

a context-sensitive (the set of variables changes during sampling) grammar over rewrite rules.
Simulation Details The simulations mimic Experiments 1
and 2 (See Table 1 for the assumed primitives). Each simulation for Experiment 1 (2) began by running search for 1500
(500) iterations as described above. The likelihood was initially computed over an empty dataset (i.e. search was sensitive only to the prior). After 1500 (500) iterations, the top
ten posterior hypotheses were evaluated on the first input,
and the most likely output returned as the prediction. After
the model had made its prediction, the correct input/output
pair was added to the model’s dataset, and another round of
search began, using this extended dataset when computing
the likelihood of each hypothesis. Inputs were sampled from
a generative model of natural number lists, and outputs were
computed by evaluating a ground-truth implementation of the
function on the sampled input. The number of iterations for
this new round was changed to 150%(3/2) of the previous
round’s iterations if an incorrect prediction was recorded and
to 67%(2/3) for a correct prediction, mimicking patterns of
cautiousness and confidence in human subjects. This pattern
repeated until 10 responses had been recorded (i.e. maximum
dataset size = 9). Thirty simulations were run for each concept, simulating 30 unique subjects. Any learning effects that
might appear in Experiment 1 due to a randomly sampled but
nonetheless useful curriculum are being ignored here. Also,
unlike human participants, the simulation setup allowed us to
distinguish between outputs that were natural numbers and
outputs that were singleton lists; we thus did not require the
model to convert natural number outputs into singleton lists.
Results Our Experiment 1 simulations captured the difficulty of learning across concepts, predicting mean human
performance with a mean correlation of (r(11) = 0.73, p <
.001, Fig 2). Importantly, our model produces averaged learning curves that correlated strongly with participant learning
curves (r = 0.78 p < .001, Fig 3). The partial correlation
between model predictions and participant learning curves,
controlled for the simple baseline of linear improvement over
time, was r = 0.42 with p < .01, suggesting that our model
produces human-like behavior for Experiment 1, even when
compared to a baseline model with a constant learning rate.
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Our Experiment 2 simulations suggest a similar conclusion. Mean simulation performance was significantly higher
for the curriculum condition than the random condition (30
runs, 2 conditions tracking up to 10 most likely hypotheses, t(590) = 5.25, p < .001, d = 0.43, Fig 4a). Curriculum
condition simulations discovered correct implementations of
count-head-in-tail in 9 out of 30 runs; random condition
simulations succeeded in just 1 of 30 runs. These results suggest that our model helps account for the benefit of a bootstrapping curriculum in learning difficult concepts.

Discussion & Conclusion
We modeled human concept learning as program induction.
Our model searches directly in the space of LOTs (here,
Term Rewriting Systems) rather than in the space of libraries defined over a single, fixed LOT as is common in
other program-induction-based models. This shift is small,
but showing that this approach can explain traditional concept learning tasks sets the stage for future work. Conceptual change, whereby a learner abandons one primitive
basis in favor of another, is a key component of learning
(Carey, 2009). Library-learning models, however, cannot
easily model conceptual change; their primitive basis–the
underlying language–is fixed. Searching directly over languages, as in the model discussed here, is more appropriate.
In this initial and exploratory work, the identity of the primitives and much of their semantics were fixed. Future work
must extend the model so that it can introduce placeholder
primitives, infer their types, and quickly relate them to existing primitives to constrain their meaning.
We also introduced Martha’s Magical Machines as a
paradigm for studying list concepts. We intend to develop
this paradigm to better explore what makes concepts easy
or hard to learn and how curricula can better bootstrap difficult concepts. We also plan to explore active learning in
this paradigm, giving participants control over which inputs
to test to better understand what they find informative. Our
findings suggest that the rich structure of list concepts provides a versatile domain for studying concept learning in
humans. Other richly structured domains, including commonsense theories (e.g. Mendelian genetics, number grammars) and textual manipulations (e.g. 12 January 2009 7→
09/01/12), may also be interesting to explore in this paradigm.
Achieving these objectives will require sophisticated
search strategies which better exploit available data and the
program-like structure of conceptual representations. Effective strategies for manipulating computer programs may be
similar to strategies which human learners use to manipulate
program-like concepts in the mind; it may be useful to explore the strategies programmers use when actually programming. Learning-to-learn strategies, allowing the programmer
to learn more efficaciously over time, are of particular interest. Our models, like humans, should not only learn to model
the world around them, but they ought to simultaneously improve the language they use to describe those models and the
tools by which both are learned.
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Abstract
In this pre-registered study, we investigated whether facial
expressions were implicitly encoded when forming
impressions of others, and whether differences between people
in their encoding of angry and happy facial expressions were
related to depressive symptoms. These questions were
addressed using the category confusion or Who Said What
(WSW) paradigm. Results indicated that both angry and happy
emotional expressions from human faces were encoded when
forming impressions of others, with no difference in strength
of encoding between both. We observed no evidence for
associations between encoding of angry or happy facial
expressions and depressive symptoms.
Keywords: who said what; facial expressions; depressive
symptoms; encoding; attention

Introduction
Is a puppy more similar to a parade or to a beetle? Research
has suggested that the answer depends on your emotional
state (Niedenthal, Halberstadt, & Innes-Ker, 1999). For
example, people who received a mood induction were more
likely to pick ‘parade’ in the example above, compared to
people who did not receive a mood induction. Apparently,
after a mood induction, people focus more on the emotional
equivalence of happiness in both a puppy and a parade than
on the taxonomic connection between a puppy and a beetle.
The same holds for words with sad emotional equivalence:
Participants who received a mood induction, relied more on
the sad emotional equivalence in words during a triad task,
compared to people in a neutral state (e.g. selecting ‘poverty’
more than ‘wheelbarrow’, with ‘ambulance’ as target). The
increased focus on emotional equivalence was not
necessarily mood-congruent, in the sense that it was
irrelevant whether a happy or sad mood was induced, and
whether the words were equivalent in terms of happiness or
sadness.
Interestingly, compared to people with low depressive
symptoms, people with high depressive symptoms were more
likely to rely on emotional equivalence in the triad task when

the relevant emotion was sadness, but less likely when the
relevant emotion was happiness (Niedenthal et al., 1999).
Thus, unlike with experimentally induced mood states,
individuals with elevated depressive symptoms appear to rely
on mood-congruent (i.e. sad) emotional equivalence. This
suggests that elevated depressive symptoms are associated
with encoding of mood-congruent content in words.
In the current study, we extended this work on encoding of
mood-related information in four ways. First, instead of
verbal stimuli, we used pictures of people with varying facial
expressions. Second, we used happiness and anger as
emotional content, rather than happiness and sadness,
because high depressive symptoms are associated with
increased fear for interpersonal rejection (e.g. Mellin, 2008),
and thus angry expressions, as they are signaling the
possibility of interpersonal rejection (Leyman, De Raedt,
Schacht, & Koster, 2007), could be especially salient in the
context of depression. Thus, we thought maybe not only
mood-congruent words, but also angry facial expressions
might be more strongly encoded by individuals with high
depressive symptoms, compared to individuals with low
depressive symptoms. Third, rather than a triad task, we
relied on the category confusion or Who Said What (WSW)
paradigm, traditionally used to investigate dimensions of
implicit social categorization (Taylor, Fiske, Etcoff, &
Ruderman; 1978). Finally, before data collection, this study
was registered at https://osf.io/bzqyj/.

Pre-registered Hypotheses
The goal of our study was to investigate whether people
suffering from depressive symptoms would encode angry
emotional expressions more strongly than happy emotional
expressions Our first pre-registered hypothesis was as
follows: “When asked to form impressions of others, we
expected people to rely on emotional categorical information.
In particular, we expected people to encode both angry and
happy facial expressions”. Our second pre-registered
hypothesis concerned: “The positive association between
depressive symptoms and attentional encoding of angry
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emotional expressions is greater than between depressive
symptoms and attentional encoding of happy emotional
expressions.”
To test both hypotheses, we created a WSW task in which
pictures involving different people with either an emotional
or a neutral expression were shown. Two versions of the task
were created: One involving pictures with happy or neutral,
and one with angry or neutral emotional expressions.
Participants were randomly assigned to either the angry or
happy condition, in which respectively, the angry or happy
version of the task was administered.

Pre-registered Exploratory Questions
Although not the main focus of our study, we also
investigated whether people with high (compared to low)
depressive symptoms processed information in a more
piecemeal manner, as opposed to a categorical manner.
Evidence supporting this hypothesis was already obtained in
a task where people (with high or low depressive symptoms)
could rely on either individual traits (piecemeal processing)
or social category membership (categorical processing) when
they judged how much they liked someone else (Edwards, &
Weary, 1993). In the current study, the question concerned
whether even in the case of emotional categorical information
(e.g. angry vs neutral facial expressions), depressive
symptoms would be related to piecemeal processing, as
opposed to categorical processing.
For exploratory purposes, we also investigated the
associations between participants’ current mood, brooding
(or depressive rumination), emotional stability, social
anxiety, and their encoding of angry and happy facial
expressions. Current mood was included because in
Niedenthal et al.’s (1999) study, people in a sad or happy
mood were found to be more likely to categorize words based
on their emotional valence in general. Brooding was included
because it has been associated with an attentional bias for
negative information (Donaldson, Lam, & Mathews, 2007).
Though in a WSW task it is hard to isolate attentional
processes from other cognitive operations, attentional
processing is necessary in order for encoding to occur (Crabb
& Dark, 1999). Emotional stability was included because
there is evidence for preferential processing of negatively
valenced verbal material in people low in emotional stability
(or inversely high in neuroticism), in the sense that people
high in neuroticism have been found to classify negative
words faster than positive (Chan, Goodwin, & Harmer,
2007). Finally, social anxiety was included because people
high in social anxiety were found to show increased
attentional processing of sources of interpersonal threat, such
as angry facial expressions (Horley, Williams, Gonsalvez, &
Gordon, 2004).

Method
We followed our pre-registered protocol exactly, unless
otherwise noted. We reported all data exclusions, all included
questionnaires or measures, and all study conditions. The
exact stimulus statements, the experimental protocol, the data
and the code can be found on https://osf.io/tw7cx/. For all
analyses, we relied on the BayesFactor package, using default
priors (Morey & Rouder, 2018). 1

Participants
A total of 391 psychology students from the University of
Leuven (Belgium) participated in exchange for 0.5 course
credit. Their mean age was 18.36 (SD = 1.14, range = 17-25)
and 85% were women. The sample size was determined as
the number of participants showing up during the two weeks
of data collection (7 November 2017 – 19 November 2017),
available for all first-year psychology students of the
University of Leuven.

Materials
Self-report Questionnaires The Quick Inventory of
Depressive Symptomatology 16-Items Self-Report (QIDS
16-SR, score range = 0-27; Rush et al., 2003) was used to
assess depressive symptoms. By extracting the valence score
of the affect grid (score range = 0-8; Russel, Weiss, &
Mendelsohn, 1989), we assessed current mood. Depressive
rumination was assessed with the brooding subscale of the
Ruminative Response scale (RRS, score range = 5-20; NolenHoeksema & Morrow, 1991). The Ten Item Personality
Inventory (TIPI, score range = 1-7; Gosling, Rentfrow, &
Swann, 2003) assessed the personality trait emotional
stability, and social anxiety was assessed using the Social
Interaction Anxiety Scale (SIAS, score range = 0-80; Mattick
& Clarke, 1998).
Stimuli For the WSW task, a total of 12 pictures were
selected from the Radboud faces database (Langner et al.,
2010). These pictures were chosen based on the results of a
pilot task in which participants had to indicate for a larger set
of 28 pictures which emotional expression they perceived,
and how natural and recognizable they thought the expression
was. The final set of 12 stimuli were all pictures of different
people, four expressing anger, four happiness, and four
having a neutral expression. The pictures with angry
expressions were only used in the angry condition, and the
pictures with happy expressions only in the happy condition,
whereas the pictures with neutral expressions were used in
both. Additionally, twenty-four ambiguous statements (could
be interpreted positively, negatively or in a neutral way) were
created with a length of 37 to 71 characters, loosely based on
Pietraszewski, Cosmides, and Tooby (2014).

1 The pre-registration protocol did not detail whether our analyses
would rely on Bayesian or frequentist analyses.
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Task In the WSW task, pictures of different individuals were
shown, together with statements they made during a fictional
interview. Participants were asked to observe and read the
photograph-statement combinations carefully and to form an
impression of all individuals participating in the interview.
After viewing all pictures and statements, participants
received an unexpected recall task and were asked to match
each statement with the correct picture.
This is a difficult task, usually resulting in many errors.
Due to the particular construction of the stimulus material,
the type of errors are informative as to which stimulus
dimensions were encoded. If, for example, one erroneously
assigns a statement made by individual X to individual Y, it
is assumed that the common attributes between X and Y were
encoded when following the conversation and thus
responsible for the error. For example, if a participant makes
most mistakes by erroneously assigning statements of people
with angry expressions to other people with angry
expressions, and of people with neutral expressions to other
people with neutral expressions (within-category errors), it is
likely that the dimension facial expression (angry-neutral)
was encoded. Contrarily, if mostly between-category errors
are made, in which for example people showing angry
expressions are confused with people showing neutral
expressions, and the other way around, then it is likely that
facial expressions (angry-neutral) were not encoded. As
encoding is assessed by analyzing the errors made on the
matching task, and not by asking for participants’ explicit
recall of the previously seen facial expressions, this can be
interpreted as implicit encoding (Crabb & Dark, 1999).
The WSW task involved the facial expressions as crucial
organizational principle within the pictures. Other possible
dimensions of categorization, such as gender or age were held
constant. As cover story, again loosely based on
Pietraszewski et al. (2014), participants were told they would
be viewing fragments of an interview about community life
and neighbors, consisting of decontextualized statements
together with photographs of the individuals making the
statement. Eight unique individuals were presented, each
combined with three different statements, for a total of 24
photograph-statement combinations. Participants were asked
to form an impression of all interviewed individuals.

countries and capitals as they could. Then, participants
received an unexpected recall task in which they were asked
to recall who said which statements by matching photographs
and statements. All 24 statements were presented in a random
order, and for each statement, participants were asked to
select the individual that supposedly made the statement.
After the WSW task, participants received, in randomized
order, the QIDS 16-SR, the affect grid, the RRS brooding
subscale, the TIPI emotional stability subscale, and the SIAS.
The experiment ended with a forced-choice affect
recognition task in which participants were asked to indicate
for each of the 12 WSW photographs whether they judged
the expression to be neutral or angry (in the angry condition),
or neutral or happy (in the happy condition).

Data Preparation and Analyses
Exclusion Participants with missing values (N = 12), and
participants who did not correctly identify the emotional
expression in at least one of the relevant 2 pictures in the affect
recognition task (N = 42), were excluded from the analyses.
Furthermore, 11 data lines with non-unique id numbers were
excluded from analyses because the according WSW results
were impossible to link to the correct questionnaire data. 3 As
a result, the analyses were performed on a final sample of 326
participants.

After signing the informed consent and answering questions
about their age, gender, and mother tongue, participants
completed the WSW paradigm, either with angry or happy
pictures, depending on the condition they were assigned to
(between-participant design with two conditions, involving
the two task versions).
After viewing each combination during 15 seconds,
participants were subjected to a filler task of one minute, in
which they were asked to think of as many European

Processing The dependent variable was the difference
between same-expression errors and (adjusted) differentexpression errors for each participant. In particular, for each
participant, we counted the number of errors in the recall task
involving the erroneous selection of an individual that had
not made the statement but shared the same facial expression
(same-expression error). Additionally, we counted the
number of errors consisting of the erroneous selection of an
individual with an emotionally different facial expression
(different-expression error). Because the same-expression
errors were less probable a priori, we created adjusted
different-expression errors 4, which were the differentexpression errors multiplied by 0.75. The rationale behind
this is that for every statement, there are eight possible
responses: One is correct, three are erroneous options with
the same facial expression and four are erroneous and have a
different facial expression. After the appropriate correction,
different-expression errors were subtracted from sameexpression errors. A positive difference score (same minus
adjusted different errors) indicated more within-category
confusion than between-category confusing, meaning that the
corresponding participant implicitly encoded the stimuli’s
facial expressions. If emotional expressions were not
encoded, we expected the difference score to be zero, because
in that case there should be an equal number of sameexpression and (adjusted) different-expression errors (the

2 The relevant pictures were angry and neutral pictures in the
angry condition, and, because of a technical error, only happy
pictures in the happy condition.

This exclusion was not specified in the pre-registration protocol.
This adjustment was not described in the pre-registration
protocol, but is standard practice (Taylor et al., 1978).

Procedure
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3
4

errors should be independent of whether the emotional
expressions match or not). 5
Analyses We used a one-sided one sample t-test 6 to test
whether the mean difference score was greater than zero, the
expected value if responses were random regarding encoding
of emotional expressions. To test whether severity of
depressive symptoms was related to stronger encoding of
angry, but not happy expressions, we correlated the
difference scores with depressive symptoms, separately for
each condition.
To investigate whether depressive symptoms might be
associated with more piecemeal processing, and less
categorical processing in general, we correlated depressive
symptoms with the difference scores in general, across both
conditions. Given that a lower difference score reflects less
categorical processing, with a difference score around zero
indicating no categorical processing, a negative correlation
between depressive symptoms and the difference scores in
general would indicate less categorical processing, and
consequently a higher tendency for piecemeal processing.
Regarding all other variables, such as current mood or
brooding, the correlations with the difference scores were
calculated separately for each condition.

Results
Focusing on the WSW task, the error rate was 62%, which is
lower than 87.5%, the error rate when participants would
have guessed the answers.
Across both conditions, people made more sameexpression errors (M = 7.10, SD = 2.74) than (adjusted)
different-expression errors (M = 5.89, SD = 2.20). The
difference score (same minus adjusted different errors) was
convincingly greater than zero (BF10 > 1000, d = 0.35) 7. This
suggests that participants implicitly encoded other’s facial

expressions. The same pattern was observed when analyzing
the data of both conditions separately: BF10 > 250, with d =
0.31 in the happy condition and BF10 > 1000 with d = 0.39
in the angry condition. When comparing the difference scores
of both conditions using an independent samples t-test (angry
condition: M = 1.26, SD = 3.17, happy condition: M = 1.16,
SD = 3.70), we obtained a Bayes factor substantially favoring
the null model: BF01 = 7.91, meaning that the average
difference scores of both conditions were not different from
each other. Thus, angry and happy expressions were encoded
to the same extent. 8
After having established that the emotional dimensions
were encoded in both conditions, we investigated the relation
between elevated depressive symptoms (M = 7.98, SD =
4.82) and encoding of facial expressions. No evidence was
observed for correlations between encoding of angry or
happy expressions and depressive symptoms (r = .14, BF01
= 1.08 in the angry condition, indicating no evidence for
either model, and r = .00, BF01 = 5.46 in the happy condition,
indicating some evidence for the absence of a correlation).
Thus, we found no evidence for the hypothesis that
depressive symptoms are related to stronger encoding of
either angry or happy expressions.
Regarding piecemeal processing in people with elevated
depressive symptoms, we again observed no evidence for a
correlation between depressive symptoms and the difference
scores across both conditions: r = .07, BF01 = 3.10, with the
Bayes factor providing medium evidence for no association
between depressive symptoms and more piecemeal
processing.
Exploratory analyses examining the relation with current
mood, brooding, emotional stability and social anxiety did
not reveal evidence for associations with encoding of
emotional expressions. An overview of all correlation
coefficients and Bayes factors can be found in Table 1,
together with the descriptive statistics. 9

Table 1: Descriptive statistics, Pearson correlation coefficients and associated Bayes factor for the angry and happy conditions.
M

SD

angry
r
Brooding
10.60
2.94
.09
Stability
4.17
1.36
-.06
Anxiety
26.97
13.79
.05
Mood
4.68
1.94
-.02
Note. brooding = RRS brooding subscale score, stability = inversed
mood = valence score of the affect grid.

As is standard practice in analyzing WSW data, this analysis
assumes that the confusion is on the level of the pictures only, and
not on the level of the statements.
6 In the pre-registration document, we incorrectly referred to this
one sample t test as a paired t-test.
7 For ease of interpretation, we report Bayes factors (BF) with the
most likely model in the numerator, with BF10 reflecting the
5

happy
BF01
r
BF01
2.77
-.02
5.27
4.16
-.03
5.16
4.42
-.07
3.83
5.36
.01
5.36
TIPI neuroticism subscale score, anxiety = SIAS score,

alternative model in the numerator, and BF01 the null model in the
numerator.
8 These condition-specific analyses were not included in the preregistered protocol.
9 Though we mentioned in the pre-registration document we
would assess these additional variables, we did not explicitly
mention the correlational analyses.
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Discussion
In this study, we found evidence for more same-expression
errors than adjusted different-expression errors. This
suggests that facial expressions were implicitly encoded, and
both angry and happy expressions were encoded to the same
extent.
The results did not confirm our prediction that higher
depressive symptoms would be associated with stronger
encoding of angry as opposed to happy expressions, as the
data in the angry condition were inconclusive, and the data in
the happy condition provided evidence for the absence of a
correlation. The same was true regarding piecemeal
processing and depressive symptoms: There was no evidence
for depressive symptoms being associated with piecemeal
processing in this study.
Also for current mood, brooding, emotional stability, and
social anxiety, no increased or decreased encoding of either
angry or happy expressions was observed for any of these
variables.
There are a number of possible reasons, some of which
could be considered as limitations of this study, why no
meaningful correlations were found concerning the mood and
trait variables. First, regarding the absence of a strong
association between depressive symptoms and encoding of
angry expressions, it is remarkable that Niedenthal et al.
(1999) did observe a greater focus on sad emotional
equivalence in people with depressive symptoms. We could
question whether sad, as opposed to angry, emotional
expressions would have been better suited to investigate
distortions in cognitive processing in the context of
depression. However, no association was found between
current mood and encoding of happy expressions either,
contrasting Niedenthal et al.’s (1999) findings again. This
makes it unlikely that merely the nature of the expressions
(angry instead of sad) could explain the null results.
A second possible reason for the null results, could be the
use of emotional expressions as stimulus material, instead of
words. However, regarding social anxiety, angry expressions
are considered particularly suited to investigate distortions in
cognitive processes (Horley et al., 2004), and even social
anxiety was not related to increased encoding of angry
expressions in this study.
Third, given that both in Niedenthal et al.’s (1999), and
Edwards and Weary’s (1993) study, the analyses were
conducted on a selected sample consisting of people with
either very low or high depressive symptoms, it could be
possible that only carefully selected samples show
meaningful differences in encoding of emotional material. To
test whether people with extreme scores on the QIDS would
show differential encoding of angry versus happy emotional
expressions, independent t-tests were conducted comparing
the average difference scores of groups with either a score
higher than 15 (severe to very severe symptoms) on the QIDS
or a score lower than 6 (absent to mild symptoms; Rush et al.,
10

2006). 10 People belonging to the severe depressive symptoms
group appeared to show stronger encoding of angry
expressions (difference score: M = 2.79, SD = 3.40) than
people belonging to the absent symptoms group (difference
score: M = 1, SD = 3.38), but an independent samples t-test
showed an inconclusive Bayes factor (BF10 = 1.30).
Similarly, in the happy condition, no evidence was found for
a difference between both groups, with a difference score M
= 3.04, SD = 2.92 in the severe symptoms group, and
difference score M = 1.53, SD = 3.86 in the absent symptoms
group (BF01 = 1.90). Thus, comparing a group with
extremely low depressive symptoms, with a group having
extremely high depressive symptoms did not result in a
convincing difference in encoding of angry (or happy)
expressions either. One important caveat is that the extreme
groups in the current study might have been too small to
detect meaningful differences, as in the angry condition for
example, the group with a QIDS score greater than 15
consisted of only 18 people, and the group with a QIDS score
lower than 6 consisted of 55 people. Preselecting could be a
way to avoid this problem.
Fourth, concerning the absence of piecemeal processing
related to depressive symptoms, it is possible that the
presence of emotional categorical information in this study,
which was not the case in Edwards and Weary’s (1993) study,
triggered the use of categorical information and countered the
expected piecemeal processing.
To conclude, despite the absence of meaningful
associations between encoding of emotional expressions and
mood or trait variables, the general finding that emotional
expressions are encoded when forming impressions of others,
does provide an interesting insight into the way people
organize their perceptions of newly encountered individuals.
Future research could elaborate on the facilitating conditions
and consequences of implicit facial expression encoding.
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Abstract
Redemptive narratives are stories of challenge, failure, or
adversity that in some way acknowledge the goodness or
personal growth that came of the recounted difficult event. In
this paper we use a corpus-statistic based approach to explore
the role of cognition and emotion in these narrative arcs. In
particular, we trace the shift from negative to positive
sentiment (a change in the emotional valence) and vice to
virtue (evidence of cognitive, moral processing) within the
narrative. Our results suggest that cognitive processes, more
than emotion, drive the shift to goodness and growth that is at
the core of redemptive narratives. We discuss the implications
of these results to both narrative psychology and cognitive
psychology.
Keywords: Narrative analysis; Redemption; Latent Semantic
Analysis; Sentiment analysis; Cognitive processes; Affective
processes

Introduction
Narrative psychology explores the ways people tell the
stories of important events in their lives and details the
implications of those stories. Research in this field has
linked the tendency for individuals to include particular
narrative themes in their life stories to a host of
consequential outcomes: prosocial behavior (McAdams,
2006), physical and psychological health (Adler, 2012;
Manczak, Zapata-Gietl, & McAdams, 2014), political
beliefs and behaviors (Hammack, 2006; McAdams et al.,
2008; Rotella, Richeson, & McAdams, 2015), and academic
performance (Jones, Destin, & McAdams, 2018) to name
just a few. In this paper, we use a statistical approach to the
analysis of text, based in Latent Semantic Analysis
(Deerwester, Dumais, Furnas, Landauer, & Harshman,
1990; Landauer, Foltz, & Laham, 1998) to explore cognitive
factors found in such narratives and trace the arc through
which the narrator develops their story.
Redemption is one of the most common and powerful
themes narrative psychologists study. Redemptive themes
are most frequently found in stories about low moments in
individuals’ pasts: personal tragedies, major failures, and
difficult situations. When these stories include an
acknowledgment of the goodness or growth that came out of
the experienced adversity, they are considered redemptive.
Because redemptive narratives show a distinctive arc – from

adversity to goodness and growth – they can be thought of
as following a redemption sequence.
Redemptive sequences can follow a variety of patterns.
McAdams (2006) details six “languages of redemption” he
argues are common in Americans’ life stories: atonement
(sin to forgiveness), emancipation (slavery to freedom),
upward mobility (poverty to wealth), recovery (sickness to
health), enlightenment (ignorance to knowledge), and
development (immaturity to actualization). In all cases, the
redemptive sequence involves two shifts that are believed to
be the result of reflection and reevaluation that have taken
place over time. The first is emotional; the tone of the
narrative moves from negative to positive. The second is
cognitive. The narrator engages in reasoning around the
negative experience in a way that allows them to explain
how what was once a weakness has become a strength or
virtue.
The tendency to employ redemptive sequences when
recounting life events is associated with a number of
positive outcomes. To give just a few examples, adolescents
who can name ways they learned from a personal failure
show more persistence and get better grades (Jones et al.,
2018), convicts who tell their stories in more redemptive
terms are less likely to fall back into crime (Maruna, 2001),
and midlife adults who use many redemptive sequences
when they tell the stories of their lives are more
meaningfully integrated into their communities and behave
in more prosocial ways (McAdams, 2006).

Linguistic analysis of narrative themes
Because narratives are frequently available as texts,
psychologists have also explored the possibility of using
automated text analysis as a method of relating aspects of
some narratives to associated outcomes. In one such
influential account, Rude, Gortner, and Pennebaker (2004)
demonstrate that depressed individuals are more likely to
use negatively valenced words, as well as the word “I”.
While formerly depressed individuals still used “I” in higher
prevalence than never-depressed individuals, they no longer
exhibited an increased use of negatively valenced words.
More recently, Weston et al. (2016) compared predictions
derived from word counting with the performance of human
coders. They found that while word counts accounted for
some variability, they were not consistently correlated with
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the human coder’s identification of redemptive narratives.
Moreover, word counting, while commonly used in studies
of this type, is likely to be of limited utility for identifying
narrative arcs, such as redemptive sequences. A better
approach to analyzing such narrative arcs is to divide a
given narrative into small units and measure the relevant
concepts for each unit. The arc can then be observed as a
shift in those measurements across the course of the
narrative. When the analyzed narrative is short (e.g., the
narratives described in this study, which average less than
300 words), the chances of finding the key words in each
unit necessary to successfully employ the word counting
method become vanishingly small. To effectively explore
such narrative arcs, it is important to be able to use as many
of the words found in the text as possible
Latent Semantic Analysis provides one avenue for such
investigation because it is able to use patterns of word cooccurrence to provide a graded measure of similarity rather
than the binary (found/not found) measure that underlies
methods of word counting, such as Linguistic Inquiry and
Word Count (LIWC, Tausczik & Pennebaker, 2010). In
particular, LSA-based methods have been useful in
exploring other temporal progressions in text, such as the
formation of coalitions during negotiations (Sagi &
Diermeier, 2017).

Linguistic Expression of Redemption Sequences
Our aim in this paper is to use automated text analysis to
examine the properties of redemptive narratives. To this
end, we need to identify the textual components that
construct redemption sequences. As mentioned earlier, one
of two key hallmarks of such sequences is the transition
from negative to positive valence. The narrative begins by
highlighting negative events and closes on a positive note.
The question of whether an utterance is positive or
negative has a long history in the natural language
processing literature. In particular, many studies have
focused on identifying the sentiments expressed by
particular texts (e.g., Hu & Liu, 2004; Kim & Hovy, 2004;
cf. Pang & Lee, 2008 for a review). Borrowing from this
literature, we will use lists of positively and negatively
loaded terms to measure the emotional valence of sentences.
The concept of personal growth is the second hallmark of
redemptive sequences. This concept suggests that the
content of the narrative not merely expresses a sentiment but
describes a cognitive process through which the narrator
analyzed the events and reached conclusions. Such
processes often employ reasoning about the causes and
consequences of events, as well as the intentions of the
individuals involved. In addition, the cognitive processes
employed when people tell redemptive narratives usually
involve themes of morality or the development of virtue.
Individuals do cognitive work to transform what was once
considered bad – some weakness, disadvantage, or
shortcoming – into something good – a hard-won and

valuable personal strength. In fact, a robust body of research
suggests the individuals most likely to tell redemptive
narratives are those who are exceptionally prosocial (e.g.,
Maruna, 2001; McAdams, 2006; McAdams & Guo, 2015).
To represent this aspect of the narratives, then, we will
build on Haidt’s Moral Foundation Theory (Graham et al.,
2013; Haidt & Joseph, 2004) which identifies 5 different
moral concerns (Harm, Fairness, Loyalty, Authority, and
Purity) and argues that each is associated with a different
style of reasoning. Each of these concerns has positive and
negative aspects (e.g., Caring vs. Harming, Loyalty vs.
Betrayal), or, in other words, aspects of virtue and vice. In
redemptive narratives, we will expect virtue to predominate
late in the narrative, when the narrator concludes on a
positive note of personal growth.

Method
Hand Coding of Redemption in Study Dataset
McAdams pioneered the ways in which redemptive
narratives have been coded for the past several decades
(McAdams, Reynolds, Lewis, Patten, & Bowman, 2001),
and other researchers have modified and simplified this
coding procedure to fit their needs and research questions
(e.g., Jones et al., 2018). For this study, we used narratives
from 97 K-12 teachers and former teachers who graduated
from an elite teacher preparation program. They read
commonly used prompts in life story interviews and
responded – in written form, through a computer survey –
by recounting three difficult life events, including a life low
point, a career low point, and career failure or regret (Jones,
2018). To code for redemption sequences, two coders first
established inter-rater reliability. Blind to identifying
information about the participants, they worked together to
code the three difficult events the teachers narrated for any
sense of goodness or growth that resulted from the adversity
they experienced. Each narrative account received a raw
score for the number of redemption sequences found. After
several rounds of preliminary coding, the two coders
attained an intraclass correlation coefficient (two-way
consistency model, single measures) of .836. Once
reliability was achieved, the narratives were split up and
each coder took half. During the preliminary coding stage,
all disagreements were settled by discussion. Once the two
coders had split the narratives in half they re-contacted each
other to discuss narratives that were particularly difficult to
code. In the present study we focus exclusively on the life
low point narratives as they are the narratives that have been
traditionally explored in most studies of redemption.

Automated Text Analysis
The textual measure of redemptive language we use in this
paper is based on the conceptual framing index approach
developed by Sagi, Diermeier, and Kaufmann (2013; see
also Sagi, 2018). At its core, this measure uses Latent
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Semantic Analysis cosine similarity to measure the
similarity between target utterances (i.e., sentences) and key
terms (e.g., positive words such as victory and improve;
negative words such as danger and conflict). The overall
measure of positivity can then be computed as a mean of the
cosine similarity of the positive terms to the target sentence.
Similar measures, based on LSA, have been used to
explore a variety of psychological and linguistic phenomena
in texts, including semantic priming (Chwilla & Kolk,
2002), textual coherence (Foltz, Kintsch, & Landauer,
1998), the representation of moral concerns (Sagi &
Dehghani, 2014), knowledge acquisition (Wolfe et al.,
1998), and coalition formation (Sagi & Diermeier, 2017).
Vectors representing individual words were generated
based on the co-occurrence patterns of words in the written
portion of the British National Corpus (BNC Consortium,
2007) using Infomap (2007; Schütze, 1997; Takayama,
Flournoy, Kaufmann, & Peters, 1998). Each vector
represents the position of a word in a 100 dimension space
and vectors representing whole utterances (e.g., sentences)
are computed by means of vector addition (i.e., averaging).
As mentioned above, the similarity between vectors can
be measured by measuring the cosine of the angle between
the vectors. In the case of unit-length vectors (as were used
here), this cosine measure is mathematically equivalent to
the correlation between the vectors. Consequently, it is
useful to think of this measure as based on the correlation
between the co-occurrence patterns of words.

Textual Measures of Redemptive Language
As discussed earlier, the arc of a redemptive narrative
transforms a negative experience into a positive outlook.
Consequently, we measured both positive and negative
aspects of language. Furthermore, we hypothesized that both
emotion (positivity/negativity) and cognition (virtue/vice)
contribute to this process. This lead us to develop 4
independent measures of language: Positive sentiment,
negative sentiment, positive evaluation, negative evaluation.
The words for measures of positive and negative
sentiment were taken from a comprehensive collection of
such terms originally compiled by Hu and Liu (2004). We
identified all the words in the list that occurred at least 5000
times in the BNC. This resulted in 85 positive terms and 63
negative terms.
Our measures of cognitive evaluation were based on the
Moral Foundations Dictionary (Graham, Haidt, & Nosek,
2009). Moral Foundations Theory recognizes 5 moral
concerns (Harm, Fairness, Loyalty, Authority, and Purity)
which represent different styles of reasoning about morality.
Importantly, the dictionary identifies both positive (virtue)
and negative (vice) polarity words related to each of the
foundations. Since redemptive sequences often involve not
only positive emotion but also personal growth, using words
related to vices and virtues provides us with a good measure

of the negative and positive cognitive evaluations present in
the narrative. Because of the lower frequency of words in
the MFD, we collected all the terms from the MFD that
occurred at least 250 times in the BNC. This resulted in 128
vice terms and 201 virtue terms.
To simplify the overall analysis, we combined the 4
measures into a single measure, representing the
redemptiveness index of each sentence. This index is
computed as an average of the correlation of all the terms
from the 4 lists, with the correlations of each sentence with
terms from the negative lists (vice and negative sentiment)
reversed (i.e., a positive correlation becomes negative and a
negative correlation becomes positive). Essentially, this
measure is higher for sentences that are positively correlated
with positive terms and negatively correlated with negative
terms and lower for sentences that are positively correlated
with negative terms and negatively correlated with positive
terms. As a combined measure, we expect redemptive
narratives to show an increase on the redemptiveness index
as they proceed (and especially at their end).

Results
The 97 narratives are of considerably varied length, with a
median length of 12 sentences. Most of the stories (80%) are
between 6 and 23 sentences long. Forty-six narratives were
hand coded as redemptive (47.4%) and 51 were coded as
non-redemptive.
We computed aggregate vector for each sentence in the
narratives. Of the 4,099 sentences, 65 (1.6%) included no
content words (e.g., “I got in”) and were therefore not
associated with a vector. These sentences were discarded
and not used in the analysis. Next, we calculated the cosine
between each sentence vector and the word vectors for
terms from all 4 valence dimensions (Positivity, Negativity,
Virtue, and Vice). We average the combined correlation as
described earlier to produce our redemptiveness index. The
overall results plotted by quintiles to control for the length
of the narrative are presented in Figure 1.
To test our primary hypothesis, that the redemptiveness
index will increase over the course of redemptive narratives
but not non-redemptive ones, we use a general linear model,
with the redemptiveness index as the dependent variable.
The redemptiveness of the narrative (redemptive or nonredemptive) and the position of the sentence in the narrative
(expressed in percentage to control for length) were the
independent variables. The participant was included as a
random effect.
The model identified no effect of redemptiveness overall,
F(1, 1330) = 1.02, n.s.. There was an overall increase in
positivity over the course of all narratives, F(1, 1330) = 4.1,
p < .05. More importantly, the predicted interaction was
observed. Redemptive narratives showed a greater increase
in positivity than non-redemptive narratives, F(1, 1330) =
8.16, p < .005.
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Position in the narrative
Figure 1: The mean redemptiveness index of sentences as a function of their position in the narrative. Higher values
indicate more overall positivity. The actual numeric values of the index have no intrinsic meaning. Error bars represent
standard error of the mean.
Similar results were obtained from a more comprehensive
model, which separated the measures. The measured
correlation was the dependent variable in this model, while
the valence of measure (positive or negative) and its source
domain (emotion or cognition) were included as additional
independent variables. The primary interaction of interest,
between redemptiveness, position in the narrative, and
valence, was statistically significant, F(1, 5608) = 5.78, p <
.05. Simplified analyses, separating the effect by domain,
showed the three-way interaction for the cognitive domain
(F(1, 2756) = 6.10, p < .05), but not for the domain of
emotions (F(1, 2756) = 1.89, n.s.), suggesting that cognition
is more important than emotion in defining a redemptive
narrative arc.
It is also of interest to examine how each of the measures
relates to the narrative arc independently. To explore this,
we conducted a series of 4 analyses similar to the one we
conducted on the overall redemptiveness index (one for
each measure). Interestingly, only the negative measures
significantly interacted with redemptiveness in this analysis
(Negativity: F(1, 1330) = 14.83, p <.001; Vice: F(1, 1330) =
10.62, p < .005).
We now turn to examining how these measures work
within individual narratives. For this, it is beneficial to
examine the correlation of the redemptiveness index with
each narrative separately. To better control the overall
correlation, we divided each narrative into 5 parts of equal
length (as measured by sentences). We then computed the
correlation of the progression of the narrative with the
average index of each part. Because of excluded sentences,
4 non-redemptive narratives did not have an index in all 5
parts and were excluded from the analysis.
We now turn to examining how these measures work
within individual narratives. For this, it is beneficial to
examine the correlation of the redemptiveness index with
each narrative separately. To better control the overall
correlation, we divided each narrative into 5 parts of equal
length (as measured by sentences). We then computed the
correlation of the progression of the narrative with the

I think the worst time in my life was while I was doing
my master's. I lost my mother a month after I started,
and the workload and financial worries added on to
make things even worse. Midway into the program, the
housing market and Lehman brothers tanked, and I
could then look forward to graduating with scads of
debt into a job market that would be laying off
teachers. This time was horrible because it was so
overwhelming. I couldn't really process my thoughts
and feelings, I spent a lot of time drinking in front of
the TV, zoning out. My hair fell out, I gained weight,
and getting to sleep at night was difficult at best. This
time tested everything in me; the support of my
significant other and my friends was the only thing that
kept me going. I think I've become a lot more
pessimistic and cynical since then, but also more
appreciative.
Figure 2: A redemptive narrative. Each sentence is color
coded based on its redemptiveness index (low
redemptiveness indices in red, high redemptive indices in
green).
average index of each part. Because of excluded sentences,
4 non-redemptive narratives did not have an index in all 5
parts and were excluded from the analysis.
The average correlation for the redemptive narratives
was 0.29 whereas the average correlation for the nonredemptive narratives was 0.00. We further investigated this
pattern by separating narratives with positive correlation
from those with negative correlations. While the nonredemptive narratives were evenly split (23 positive and 24
negative), there were substantially more positive
correlations observed for the redemptive narratives (33
positive and 13 negative). This was confirmed by a
significant chi-square test, χ2(1) = 5.05, p < .05.
In addition to an overall analysis, it is possible to examine
the arc of specific narratives and visually inspect how they
progress. Figure 2 presents a redemptive narrative that is

2385

color coded based on the index. This example highlights
how a narrative that begins very negatively (due to a
confluence of events such as death and financial issues) can
transition to a positive, redemptive, arc (how the support of
friends can help an individual overcome obstacles).
Interestingly, the third sentence in the narrative would
probably be regarded as fairly negative but has a relatively
high redemptiveness index. This demonstrates one of the
limits of the particular method we describe in this paper.
Like most of the other available methods of text analysis,
we ignore syntax and word order and focus on the words in
isolation. These so-called “bag of words” approaches, while
useful, emphasize the meaning of words over the structures
in which they appear. In this case, the sentence uses some
sarcasm (e.g. “look forward to graduating with scads of
debt”) which employs several positive words to convey a
negative meaning. This negative meaning is overlooked by
the statistical analysis, resulting in a higher index for the
third sentence than would be expected.

Discussion
In this paper we described an automated method, based in
corpus statistics, that can be used to trace narrative arcs in
personal stories. We constructed a theoretically-driven
measure of redemptiveness, defining a redemptive sequence
as one in which both emotional and moral transformations
take place. In other words, we hypothesized that in a
redemptive sequence, individuals would (1) move from
negative to positive affect and (2) engage in cognitive
processes that indicated personal, growth, or a progression
from vice to virtue. We found that our automated method
tracing such changes in emotion and cognition over the
course of the narratives predicted hand coded scores for
redemption.
Our results also suggest that reasoning, more so than
affect, is responsible for providing the positive outlook that
is the hallmark of redemptive narratives. The individuals
who redemptively narrated low points in this study, then,
did not describe simple, serendipitous progressions from
bad life events to good, lucky ones. Instead, they seemed to
engage in a kind of moral reasoning as they process their
low points, ending the narrative account as wiser and more
virtuous people. This is an important result because it
highlights the role of cognitive processes in redemption
sequences, which may seem, on their face,to stem from an
emotion-driven process. Moreover, it suggests that personal
growth following adversity can be linked with particular
styles of reasoning that are related to morality. This link
provides an intriguing avenue for exploring the role of
adversity and redemption in driving cognitive processes that
affect future behaviors.
Interestingly, when examining each of the component
measures on their own, we found that the negative measures
were the primary drivers of the results. While somewhat
surprising, it is not entirely unexpected. Narratives of

redemption are predominantly stories of negative events and
most frequently culminate in a positive outlook at their very
end. Consequently, there is much more negativity in such
stories than positivity.
Nevertheless, this suggests that the measure we presented
here can be improved upon by taking such effects into
account. In particular, a linear regression assumes that
change is constant over the course of measurement (in this
case, the course of the narrative) whereas a redemption
sequence is expected to have a sharp transition from
negative to positive towards the end of the narrative.
Incorporating this information into the analysis should
increase its statistical power and effectiveness.
Redemptive themes in narratives are important predictors
of psychological health and positive adjustment in society,
but coding for them is difficult and time-intensive. In this
paper we presented a theoretically-driven method for
identifying such sequences. Even though this method
cannot, by itself, replace the manual coding process, it
provides insight into the linguistic and cognitive factors that
underlie redemptive sequences. It is therefore a promising
avenue of investigation that can, in the future, lead to the
development of systems that can identify similar sequences
and arcs without the need for manual coding. This will
provide researchers in the field with much larger sets of
texts and add to our growing understanding of the
importance of personal stories in peoples’ lives.
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Abstract
Humans not only can effortlessly imagine a wide range of
novel instances and scenarios when prompted (e.g., a new
shirt), but more remarkably, they can adequately generate examples which satisfy a given set of constraints (e.g., a new,
dotted, pink shirt). Recently, Nobandegani and Shultz (2017)
proposed a framework which permits converting deterministic,
discriminative neural nets into probabilistic generative models.
In this work, we formally show that an extension of this framework allows for generating examples under a wide range of
constraints. Furthermore, we show that this framework is consistent with developmental findings on children’s generative
abilities, and can account for a developmental shift in infants’
probabilistic learning and reasoning. We discuss the importance of integrating Bayesian and connectionist approaches to
computational developmental psychology, and how our work
contributes to that research.
Keywords: Cascade correlation neural networks; Deterministic discriminative models; Probabilistic generative models;
Bayesian vs. connectionist modeling of development

1

Introduction

Can you imagine a pink shirt? How about a dotted pink shirt?
Or a slim, dotted, pink shirt? Humans often can not only
effortlessly imagine a wide range of novel instances and scenarios when prompted (e.g., a shirt), but more remarkably,
they can adequately imagine exemplars which satisfy a given
set of constraints (e.g., a dotted, pink shirt), suggesting flexible generative abilities. For example, when given incomplete
sentences or fragments of a picture, people can generate possible completions (Sanborn & Chater, 2016). However, example generation under some constraints appears to be easier
than others (e.g., generating a word ending in ing vs. generating a nine-letter word whose third, fifth, and seventh letters
are x,a,o, respectively), leading us sometimes to settle for
partially satisfied constraints (e.g., a word whose third letter
is x, with the other constraints dropped).
But how could human abilities of example generation under constraints be formalized in computational terms? Given
that example generation can be computationally characterized in terms of sampling from some underlying probability distribution (e.g., Nobandegani & Shultz, 2017; Jern &
Kemp, 2013), constraints can be viewed as an inductive bias
or a prior distribution over the domain of interest.
Bridging the computational, algorithmic, and implementational levels of analysis (Marr, 1982), Nobandegani and
Shultz (2017) presented a framework which allows for
converting cascade correlation neural networks (CCNNs)
(Fahlman & Lebiere, 1989) into probabilistic generative models. CCNNs are a well-known class of self-organized, discriminative (as opposed to generative) models that have been

successful in simulating a variety of phenomena in the developmental literature, e.g., infant learning of word-stress patterns in artificial languages (Shultz & Bale, 2006), syllable
boundaries (Shultz & Bale, 2006), visual concepts (Shultz,
2006), and have also been successful in capturing important
developmental regularities in a variety of tasks, e.g., the balance scale task (Shultz, Mareschal, & Schmidt, 1994; Shultz
& Takane, 2007), transitivity (Shultz & Vogel, 2004), conservation (Shultz, 1998), and seriation (Mareschal & Shultz,
1999).
In this work, we formally show that an extension of the
Nobandegani and Shultz (2017) framework allows for probabilistically generating examples under a wide range of constraints. We show how both equality and inequality constraints can be effectively incorporated into that framework
in the form of prior distributions, thereby tailoring the generated samples into regions of interest. Also, we formally
demonstrate how hard-to-satisfy constraints can be encoded
in a relaxed fashion (i.e., by softening those constraints) such
that they can be partially satisfied. As suggested by Nobandegani and Shultz (2017), converting CCNNs into generative
models also gives rise to the notion of self-organized, probabilistic generative models: probabilistic generative models
possessing the self-constructive property of CCNNs. Such
self-organized generative models could provide a wealth of
quantitative developmental hypotheses as to how the generative and probabilistic abilities of children change over development. We show that the Nobandegani and Shultz (2017)
framework is consistent with developmental findings on children’s generative abilities, and can account for a developmental shift in infants’ probabilistic learning and reasoning.
After a brief overview of CCNNs and the main ingredients of the Nobandegani and Shultz (2017) framework, we
formally present an extension of our framework enabling it
to generate examples under a wide range of constraints, followed by extensive simulations confirming the efficacy of the
proposed extension. We then turn our attention to features
of Nobandegani and Shultz’s (2017) framework which are of
significance for the developmental literature, and conclude by
discussing the importance of integrating Bayesian and connectionist approaches to computational developmental psychology, and how the research presented here may contribute
to that line of work.

2

Background

Cascade-Correlation Neural Nets (CCNNs): CCNNs are
a special class of deterministic, discriminative neural net-
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works, which construct their topology in an autonomous
fashion—an appealing property for simulating developmental phenomena (Westermann et al., 2006). CCNN training
starts with a two-layer network (i.e., the input and the output layer) with no hidden units, and proceeds by recruiting hidden units one at a time, as needed. Each new hidden unit is trained to correlate with residual error in the network built so far, and is recruited into a hidden layer of
its own, giving rise to a deep network with as many hidden layers as the number of recruited hidden units. CCNNs
use sum-of-squared error as an objective function, and typically use symmetric (with range -0.5 to +0.5) or asymmetric
(with range 0 to +1) sigmoidal activation functions for hidden and output units. Some variants have been proposed:
Sibling-Descendant Cascade-Correlation (SDCC) (Baluja &
Fahlman, 1994) and Knowledge-Based Cascade-Correlation
(KBCC) (Shultz & Rivest, 2001). Although this work focuses
on standard CCNN and SDCC, the proposed extension is applicable to KBCC as well.
Nobandegani and Shultz (2017) Framework: Nobandegani and Shultz (2017) presented a framework that converts
CCNNs into probabilistic generative models. Importantly, the
framework bridges computational, algorithmic, and implementational levels of analysis (Marr, 1982). Concretely, this
framework induces a probability distribution p(X|Y) (in the
form a Gibbs distribution for non-probabilistic energy-based
models) on the deterministic input-output mapping f (X;W ∗ )
learned by a CCNN, and uses a Markov chain Monte Carlo
(MCMC) method to sample from the induced distribution:1
p(X|Y = Y ) =

1
exp(−β||Y − f (X;W ∗ )||22 ),
Z1

(1)

where || · ||2 denotes the l2 -norm, β ∈ R+ is a damping factor,
W ∗ the set of weights for a CCNN after training, and Z1 is a
normalizing constant (aka partition factor).
It is worth noting that this framework allows for converting
any deterministic, discriminative neural network into a probabilistic generative model.

3

Example Generation Under Constraints

In this section, we present a formal extension of our framework, allowing probabilistic generation of examples under a
wide range of equality and inequality constraints. As noted
earlier, the notion of example generation under constraints
computationally amounts to sampling from a distribution,
with constraints serving as an inductive bias or a prior distribution over the domain of interest. To further flesh out this
understanding, we formally show that a wide range of equality and inequality constraints (or soft variants thereof) can be
encoded, as an inductive bias, into the expression given in (1)
1 Although our framework advocates a particular neurallyplausible and computationally-efficient gradient-based MCMC,
called the Metropolis-Adjusted Langevin (MAL) (Savin & Deneve,
2014; Moreno-Bote et al., 2011), it can accommodate any MCMC
method.

in the following generic format:
p(X|Y = L j ) =



1
exp − β ||L j − f (X;W ∗ )||22 + γ φ(X) , (2)
Z2

with φ(X) compactly encoding the set of constraints of interest, γ ∈ R+ denoting a trade-off factor, and L j a vector whose
element corresponding to the desired class is +0.5 (i.e., its jth
element) and the rest of its elements are -0.5s. (Likewise, in
case the activation function of the output units are asymmetric
sigmoidals, L j denotes a vector whose element corresponding
to the desired class is +1 and the rest of its elements are 0s.)
Concretely, the parameter γ moderates how deviations from
the desired class (encoded in the term ||L j − f (X;W ∗ )||22 ) and
deviations from the constraints (compactly encoded in φ(X))
should trade off.
Next, we formally articulate how (2) lets us handle a wide
range of equality (Sec. 3.1) and an arbitrary set of inequality
(Sec. 3.2) constraints, in a unified fashion.

3.1

Handling Hard and Soft Equality Constraints

Consider the general case of having a CCNN with n ∈ N inputs and m ∈ N outputs, i.e., X = (x1 , x2 , . . . , xn ) and Y =
(y1 , y2 , . . . , ym ). A broad class of equality constraints corresponds to having a subset of {xi }ni=1 , {x j } j (i.e., {x j } j ⊆
{xi }ni=1 ), expressible as functions of the remaining variables
X \ {x j } j ,: Xrest . That is, formally, ∀ j : x j = c j (Xrest ), with
c j (·) denoting the corresponding function. Note that, in the
simplest case, c j (·) can be a constant function, corresponding
to setting x j to a fixed value. Then, all these equality constraints can be compactly encoded into (2) by having:

p(X|Y = L j ) ∝ exp − β |L j − f (Xrest , {ck (Xrest )}k ;W ∗ )||22 , (3)
Although the above formalism can capture a wide range
of equality constraints, not all equality constraints lend themselves to this formulation. For example, consider the equality
√
constraint x1 sin(x2 ) = 2 exp(x1 3 x2 ). A glance at this expression reveals that x1 cannot be cast as a function of x2 or vice
versa (i.e., separability is not attainable). In such cases, the
idea of only approximately satisfying a constraint (i.e., softening a constraint) comes into play. For example, instead of
aiming at perfectly satisfying the said constraint (i.e., to find
pairs of (x1 , x2 ) which exactly satisfy the constraint), we can
strive for approximate satisfaction of the constraint, by find√ 2
ing pairs of (x1 , x2 ) for which x1 sin(x2 )−2 exp(x1 3 x2 ) is
sufficiently small, with deviations from zero (i.e., loss) being
penalized quadratically. Assuming that L(·) denotes a (nonnegative) loss function, the idea of approximately satisfying a
set of equality constraints of arbitrary forms {(ck (X) = 0)}k
√
(e.g., c1 (X) : x1 sin(x2 ) − 2 exp(x1 3 x2 )) can be compactly
encoded into (2) by having:
φ(X) := ∑ L(ck (X)).

(4)

k

A wide range of loss functions have been entertained in
the mathematical statistics, decision theory, optimization, and

2389

statistical machine leaning literature, e.g., the quadratic loss
function, the 0−1 loss function, the hing loss function, the
l p -norm of the error for various p, etc. The choice of loss
function is made based on the the requirements of the task.
In Sec. 4 we present several simulations to demonstrate the
efficacy of the formalism developed in this section.

3.2

Handling Hard and Soft Inequality
Constraints

task of interest. Also note that, since c(X) ≥ 0 ⇐⇒ c̄(X) ≤ 0
with c̄(X) :, −c(X), all forms of inequality can be cast into
the formalism developed above.
Finally, note that the problem of exactly satisfying an arbitrary set of inequality constraints {(c j ≤ 0)} j can be compactly encoded by having φ(X) := ∑ j L∞ (c j (X)), where L∞
is given in (5). In Sec. 4, we present several simulations to
demonstrate the efficacy of the formalism developed in this
section.

Drawing further on the formalism developed in Sec. 3.1, in
this section we formally articulate how (2) lets us generate examples under an arbitrary set of inequality constraints.
Let us first consider the case of satisfying arbitrary inequality constraints only approximately (i.e., softened inequality
constraints). We then formally discuss the case of satisfying
an arbitrary set of inequality constraints exactly (i.e., without
any approximation, hence hard inequality constraints).
Before presenting our general result, and to convey the intuition behind it, let us consider our old example, but this time
an inequality variant of it: Generating examples under the in√
equality constraint x1 sin(x2 ) − 2 exp(x1 3 x2 ) ≤ 0. Satisfying
exactly this inequality constraint would formally amount to
√
having φ(X) := L∞ (x1 sin(x2 ) − 2 exp(x1 3 x2 )) with the loss
function L∞ (·) defined as:

+∞
if e > 0,
L∞ (e) =
(5)
0
if e ≤ 0,
wherein any pair (x1 , x2 ) violating that inequality constraint
would be assigned zero likelihood (see expression (2), and
note that exp(−∞) = 0), ensuring that such a pair would never
be generated.
A relaxed version the above loss function, Lα (·) (∀α ≥ 1),
as defined below, allows us to satisfy the said inequality constraint only approximately when generating examples:
 α
e
if e > 0,
Lα (e) =
(6)
0
if e ≤ 0,
Simply put, Lα (·) penalizes any violations of an inequality
constraint polynomially with respect to the error, e.
We are now well-positioned to formally present how (2)
allows us to generate examples under an arbitrary set of inequality constraints, with those constraints being only approximately satisfied. Consider again the general case of having a CCNN with n ∈ N inputs and m ∈ N outputs, i.e., X =
(x1 , x2 , . . . , xn ) and Y = (y1 , y2 , . . . , ym ). Let {(c j (X) ≤ 0)} j
denote an arbitrary set of constraints (e.g., in above c1 (X) :
√
x1 sin(x2 ) − 2 exp(x1 3 x2 )). Assuming that L(·) denotes a
(non-negative) loss function, the problem of approximately
satisfying an arbitrary set of inequality constraints {(c j ≤
0)} j can be compactly encoded by having φ(X) := ∑ j L(c j ).
Again, the loss function L(·) can be selected from the many
available loss function already entertained in the mathematical statistics, decision theory, optimization, and statistical
machine leaning literature, or it can be designed according to
the specifications and requirements of the example generation

4

Simulations

Figure 1: A CCNN trained on the continuous-XOR classification
task. Top-left: Training patterns. All the patterns in the gray quadrants are negative examples with label -0.5, and all the patterns in
the white quadrants are positive examples with label +0.5. Red dotted lines depict the boundaries. Top-right: The input-output mapping, f (x1 , x2 ;W ∗ ), learned by a CCNN, along with a colorbar. Bottom: The top-down view of the curve depicted in top-right, along
with a colorbar.

In this section we demonstrate the efficacy of our proposed
formalism (Sec. 3) for generating examples under equality
and inequality constraints through simulations. We particularly focus on learning which can be accomplished by two
input and one output units. This permits visualization of the
input-output space, which lies in R3 . Note that our formalism can handle an arbitrary number of input and output units;
this restriction is solely for ease of visualization. As a running example, we show how we can get a CCNN trained on
the continuous-XOR classification task (Fig. 1) to generate
examples under a wide range of equality (Sec. 3.1) and an arbitrary set of inequality (Sec. 3.2) constraints. The output unit
has a symmetric sigmoidal activation function with range -0.5
and +0.5. After training, a CCNN with 6 hidden layers is obtained whose input-output mapping, f (x1 , x2 ;W ∗ ), is shown
in Fig. 1(top-right).
Following Nobandegani and Shultz (2017), for all the
following simulations (Figs. 2-4), we used the Metropolisadjusted Langevin (MAL) algorithm, with the time-step parameter τ = 5 × 10−3 ; number of generated samples is set
to N = 2 × 104 . Parameter τ featured in MAL (see Noban-
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Figure 2: Generating examples (black dots) from the positive category of continuous-XOR (blue regions) under the equality constraint
x2 = 0.25 sin(8πx1 ) + 0.5 (solid black curve). The quartic loss function L(e) = e4 was adopted. Top-row (left to right): Increasing γ ensures
that deviations from the sin curve are increasingly more penalized, all while lying outside the blue regions is only negligibly penalized (β = 1).
Bottom-row (left to right): Lying outside the blue regions is more heavily penalized (β = 15). (h) The equality constraint is treated as a hard
constraint, hence satisfied exactly, using the formalism introduced in (3).

Figure 3: Generating examples (black dots) from the positive category of continuous-XOR (magenta regions) under the inequality constraint
x2 > 0.25 sin(8πx1 ) + 0.5 (yellow region). Lα (x) with α = 4 was adopted as a loss function; see Eq. (6). Top-row (left to right): Increasing
γ ensures that lying outside the yellow region is increasingly more penalized, all while lying outside the magenta regions is only negligibly
penalized (β = 1). Bottom-row (left to right): Lying outside the magenta regions is more heavily penalized (β = 15).
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degani and Shultz, 2017, Algorithm 1) controls how distant
proposed examples should be from each other, with large values of τ inducing larger distances; the effect of parameter τ is
qualitatively investigated in Nobandegani and Shultz (2017).
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Figure 4: Generating examples (black dots) from the positive category of continuous-XOR (magenta regions) under non-separable,
complicated constraints. (a) Generating examples under the equality
0.5
constraint: (x12 + x22 ) = | cos(8 tan−1 ( xx12 ))| (solid black curve, on
petals’ boundaries); L(e) = e4 was adopted as the loss functions. (b)
0.5
Example generation under the inequality constraint: (x12 + x22 ) <
| cos(8 tan−1 ( xx12 ))| (yellow region, inside the petals); Lα (x) with
α = 4 was adopted as the loss function.

Simulation of Denison et al. (2013)

As a demonstration, we simulated the experiment of Denison et al. (2013) with a neural network learning algorithm
known as Sibling-Descendant Cascade-Correlation (Baluja &
Fahlman, 1994). SDCC has been used to simulate many phenomena in cognitive development and learning (Shultz, 2012;
Shultz & Fahlman, 2010). It automatically constructs the network in between the input and output layers by recruiting as
many asigmoidal hidden units as needed to solve the problem
being learned, thus capturing both development (unit recruitment) and learning (weight adjustment).
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In the experiment, 4.5- and 6-month-olds were shown two
boxes, one containing a ratio of 1 pink to 4 yellow balls, the
other containing the opposite ratio (Denison et al., 2013). The
experimenter drew from, say, the mostly yellow box, removing a sample of either 1 pink and 4 yellow balls (expected)
or 4 pink and 1 yellow balls (unexpected) on alternating trials. Only the older infants looked longer at an unexpected,
improbable sample than at an expected, probable sample.
Because depth of learning, manipulated by the scorethreshold (ST) parameter in SDCC, has been shown to capture many developmental phenomena (Shultz, 2011, 2012),
we set ST to either the default 0.4 to represent the apparent deeper learning of the older infants or the higher value
of 0.6 to represent the apparent shallower learning of the
younger infants. Technically, ST is the maximum distance
from target training values (in this case 0 or 1) considered to
be correct. In both conditions, SDCC was run in the learning cessation mode, which insured quitting when no further
progress is being made in reducing network error (Shultz &
Doty, 2014). Previous work has established that SDCC with
automatic learning cessation accurately learns either discrete
or (un-normalized) continuous probability distributions from
patterns of positive and negative outcomes (Kharratzadeh &
Shultz, 2016). Because SDCC is a deterministic learner,
learning cessation ensures that learning stops when error reduction does. This affords a realistic learning, and compact
representation, of probability distributions.
We trained 20 SDCC networks in each condition on 10
samples illustrating the 1/5 or 4/5 color ratios of the boxes
from Denison et al. (2013). After training, the networks were
tested on 5 samples representing either expected or unexpected outcomes. Fig. 5 shows that these probability distributions were accurately learned only with deeper learning characteristic of the older infants. SDCC recruited 3 hidden units
with a ST of 0.4 and no hidden units with an ST of 0.6. As
in previous work, error on test patterns represents surprise at
seeing an unexpected event, in this case an improbable sample of 5 balls. Fig. 6 shows that this surprise was noted only
by networks which had successfully learned the probability
distribution, with ST of 0.4.
Fully consistent with Nobandegani and Shultz (2017), the
joint probability distribution assigned to an input-output pair
(X, Y) can be modeled by (see the expression given in (1)):
1
exp(−β||Y − f (X;W ∗ )||22 ),
p(X, Y) =
Z3

(7)

with Z3 denoting a normalizing constant. Note that the
term ||Y − f (X;W ∗ )||22 , when unpacked, evaluates to sum-ofsquared error corresponding to the input-output pair (X, Y).
Hence, the probability of observing a sample is proportional
to exp (−βΣ), with Σ denoting the sum-of-squared error corresponding to that sample.
Given the pattern of error observed for 4.5- and 6-montholds reported in Fig. 6, it is clear that the differential lookingtimes of 4.5- and 6-month-olds for the expected, probable

Figure 5: Mean output activations (with SDs) as a function of
score-threshold and test sample. Probabilities are estimated accurately only with deeper learning. The output activation of shallower
networks (ST = 0.6, for 4.5-month-olds) estimates the probability
of both probable and improbable balls as near 0.5. However, the
output activation of deeper networks (ST = 0.4, for 6-month-olds)
accurately estimates the probability of a probable (= 0.8) and an
improbable (= 0.2) sample of balls.

Figure 6: Mean error (with SDs) as a function of score-threshold
and test-pattern expectedness. Substantial surprise to unexpected
events only with deeper learning.

vs. unexpected, improbable sample can be accounted for by
the joint distribution given in (7).
Interestingly, the Nobandegani and Shultz (2017) framework enables sampling from the SDCC-learned probability
distribution, thus quantitatively simulating the samples children would generate; see Fig. 7. In that light, the Nobandegani and Shultz (2017) framework is consistent with a substantial body of work in developmental psychology providing evidence for the sampling abilities of children, including
infants (e.g., Denison et al., 2010; Bonawitz et al., 2014a;
Denison et al., 2013; Bonawitz et al., 2014b).

6

General Discussion

Recently, Nobandegani and Shultz (2017) presented an integrative framework which allows transforming any deterministic, discriminative neural network into a probabilistic, generative model. Most notably, the Nobandegani and
Shultz (2017) framework: (i) bridges computational, algorithmic, and implementational levels of analysis, (ii) gives
rise to self-organized, probabilistic generative models, and finally (iii) connects two dominant schools of thought in cognitive science: connectionism and Bayesian cognition. Importantly, by virtue of being able to handle any MCMC method,
Nobandegani and Shultz’s (2017) framework is consistent
with substantial developmental findings suggesting that children mentally engage in sampling processes closely resem-
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Figure 7: Means (and SDs) of MCMC-generated probable and improbable samples for Denison et al. (2013). The average proportions are plotted for the probable and improbable outcomes within
a sequence of 2 × 105 MCMC-generated samples using 20 SDCC
networks trained in each condition of Denison et al. (2013). Eq. (1)
with β = 2 is used, together with the Metropolis-Hastings MCMC
using a uniform proposal distribution.

2014), with relatively little attention to the implementationallevel. Not long ago, however, the primary focus of computational developmental psychology was on connectionist
approaches to development (Shultz, 2003). By now, evidence for both Bayesian and connectionist approaches to development abounds, calling for a unified take on phenomena linking connectionism and Bayesian cognition. Moving forward, integrated approaches—which bridge computational, algorithmic, and implementational levels of analysis—
become increasingly more imperative to achieve. We believe
the Nobandegani and Shultz (2017) framework, together with
the extension formally outlined and experimentally tested in
this paper would be a satisfying first step in this direction.
Acknowledgments: This works is supported by an operating grant
to TRS from NSERC of Canada.
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Abstract

human-decision making literature. Drawing on the importance sampling paradigm, their account aimed to minimize
the mean squared error (MSE) of an expected utility estimator, as a well-established and normatively-justified measure
of quality of an estimator (Poor, 2013). Since the variance
of the estimator is the asymptotically-dominant term in the
MSE (i.e., for large sample size, variance becomes an accurate proxy for MSE), Lieder et al. (2014, 2017) suggest that
people adopt the following importance distribution (as the importance distribution minimizing the variance):

The Availability bias, manifested in the over-representation of
extreme eventualities, is a well-known cognitive bias, and is
generally taken as evidence of human irrationality. In this
work, we present the first rational, metacognitive account of
the Availability bias, formally articulated at Marr’s algorithmic level of analysis. Concretely, we present a normative,
metacognitive model of how a cognitive system should overrepresent extreme eventualities, depending on the amount of
time available for decision-making. Our Sample-based Expected Utility model also accounts for two well-known framing effects in human decision-making under risk—the fourfold
pattern of risk preferences in outcome probability (Tversky
& Kahneman, 1992) and in outcome magnitude (Markovitz,
1952)—thereby providing the first metacognitively-rational
basis for the aforementioned effects. Empirical evidence confirms an important prediction of our model. Surprisingly, our
model is strikingly robust with respect to its focal parameter.
We discuss the implications of our work for studies on human decision-making, and conclude by presenting a counterintuitive prediction of our model, which, if confirmed, would
have intriguing implications for human decision-making under risk. To our knowledge, our model is the first metacognitive, resource-rational process model of cognitive biases in
decision-making. Notably, our work also contributes to the
fields of artificial intelligence and computational statistics, by
presenting a previously unknown proposal distribution, with
firm rational grounds, broadly applicable to the influential subfield of importance sampling Monte Carlo methods.
Keywords: Availability bias; Decision-making under uncertainty and risk; Metacognitively rational models; Fourfold pattern of risk preferences

1

q(o) ∝ p(o)|u(o) − E p [u(o)]|,

Introduction

Which one comes to your mind more easily? The most horrible car crash of your life, or the event of driving home safely
on any given day? Among the great many cognitive biases
documented in the literature, the Availability bias (Tversky &
Kahneman, 1972) is a notable one: People overestimate the
probability of events that easily come to mind. A number of
notable effects can be explained by this cognitive bias: people’s overestimation of the frequency of extreme events like
an earthquake (Lichtenstein, Slovic, Fischhoff, Layman, &
Combs, 1978) and people’s overreaction to threats like terrorism (Lichtenstein et al., 1978; Rothman, Klein, & Weinstein, 1996, Sunstein & Zeckhauser, 2011). Neurobiological
work shows that the strength of a memory is modulated by
the salience of its positive or negative valance (Cruciani et al.,
2011), thereby providing a possible explanation of the bias.
Recently, Lieder, Griffiths, and Hsu (2014, 2017) proposed
a boundedly-optimal, rational process model of the Availability bias which can explain a wide range of findings in the

(1)

for mental simulations of events. In (1), o denotes an arbitrary
event, p the objective probability of event o, u(o) the utility
of event o, q the probability distribution one adopts for their
mental simulations (i.e., the subjective probability of event
o), and, finally, E p [·] the expectation with respect to p.
Note that the expression in (1) does not depend on the number of samples drawn before deciding (denoted by s). In that
light, Lieder et al.’s (2014, 2017) account implies that time
availability, i.e., the amount of time a decision-maker has at
their disposal, should have no implications on what importance distribution q one adopts. While a cognitively-rational
agent is ignorant about adapting their importance distribution
q based on time availability, a metacognitively-rational agent
would plausibly make such considerations in their choice
of q. That is, the metacognitively-rational agent chooses,
among all q’s, the one which is normatively-justified based
on time availability considerations—this essentially makes
it a strategy selection task guided by time availability. In
agreement with this view, a large body of psychological work
on decision-making suggests that (1) people evoke different
strategies for decision making under time pressure vs. no time
pressure, and (2) people adapt their strategies in accord with
time availability (see e.g. Svenson & Maule, 1993; Svenson,
1993).
In this work, we present the first normative, metacognitive
model of how an agent should over-represent extreme eventualities, depending on the amount of time available at their
disposal for decision making. Concretely, our work serves
as a rational, meta-level model for the work by Lieder et
al. (2017, 2014). More specifically, the importance distribution suggested by Lieder et al. (2017, 2014) naturally follows
from our metacognitive account, when s is large. In contrast to Lieder et al. (2017, 2014), our meta-level account also
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specifies how a decision-maker should rationally choose their
importance distribution when they can only afford to collect
very few samples (i.e. when making decision under extremely
high time pressure).1 Importantly, recent work has provided
mounting evidence suggesting that people often use very few
samples in probabilistic judgments and reasoning under uncertainty (e.g., Vul et al., 2014; Battaglia et al. 2013; Lake et
al., 2017; Gershman, Horvitz, & Tenenbaum, 2015; Hertwig
& Pleskac, 2010; Griffiths et al., 2012; Gershman, Vul, &
Tenenbaum, 2012; Bonawitz et al., 2014), elevating the importance of developing process models specifically directed
at few number of samples.
We show that our model can account for two well-known
framing effects in human decision-making under risk: the
fourfold pattern of risk preferences in outcome probability (Tversky & Kahneman, 1992) and in outcome magnitude (Markovitz, 1952). Despite being often taken as
strong evidence for human irrationality, we provide the first
metacognitively-rational basis for these effects. Furthermore,
empirical evidence, confirms an important prediction of our
model: over-representation of extreme events regardless of
their frequencies. Our model also makes a counterintuitive
(normative) prediction, which, if confirmed, would have surprising implications for human decision-making under risk.

2

Proposed Model

In this section, we formally present our metacognitivelyrational model for the Availability bias (Tversky & Kahneman, 1973). According to the expected utility theory (von
Neumann & Morgenstern, 1944), an agent chooses an action
a, with the highest expected utility
Z

E[u(o)] =

(2)

p(o|a)u(o)do,

where p(o|a) denotes the distribution over outcomes o resulting from taking action a, u(o) the subjective utility associated
to outcome o, and E[·] the expectation operation. Since the
computation of (2) is generally intractable, we assume that
the agent estimates (2) using sampling methods (Hammersley
& Handscomb, 1964). Substantial neural and behavioral evidence supports this hypothesis (see e.g. Fiser, Berkes, Orbán,
& Lengyel, 2010; Vul, Goodman, Griffiths, & Tenenbaum,
2014; Denison, Bonawitz, Gopnik, & Griffiths, 2013; Griffiths & Tenenbaum, 2006). Concretely, following Lieder et
al. (2014, 2017), we assume that the agent estimates (2) using (self-normalized) importance sampling (Hammersley &
Handscomb, 1964; Geweke, 1989), which is shown to be related to both neural networks (Shi & Griffiths, 2009) and cognitive process models (Shi, Griffiths, Feldman, & Sanborn,
2010):
Ê =

1

s

wi u(oi ),
∑sj=1 w j i=1

1 The

∑

∀i : oi ∼ q, wi =

p(oi )
.
q(oi )

(3)

optimality of Lieder et al.’s (2017, 2014) model hinges on
the number of samples s being large. When s is small, Lieder et
al.’s (2017, 2014) model is no longer optimal. Our model, however,
remains rational for both small and large values of s.

In Eq. (3), s denotes the total number of mental simulations
performed by the agent, oi the ith mentally simulated outcome, u(oi ) the utility of oi , p the objective probability of
event oi , q the probability distribution the agent adopts for
their mental simulations (i.e., the subjective probability of
event oi ), and, Ê the (normalized) importance sampling estimator of E[u(o)] given in (2).
The mean-squared error (MSE) of the estimator in (3), as
a standard normative measure of the quality of an estimator (Poor, 2013), can be decomposed as follows: E[(Ê −
E[u(o)])2 ] = (Bias[Ê])2 +Var[Ê], where The bias Bias[Ê] and
variance Var[Ê] of the estimator Ê can be approximated by
(Zabaras, 2010):
Bias[Ê] ≈
Var[Ê] ≈

1
s
1
s

Z

Z

p(o)2
(E p [u(o)] − u(o))do,
q(o)

(4)

p(o)2
(E p [u(o)] − u(o))2 do.
q(o)

(5)

Under mild technical conditions, it can be shown that the
rational importance distribution for minimizing the MSE of
the estimator Ê is given by:
s
√
1 + |u(o) − E p [u(o)]| s
∗
√ , (6)
qmeta ∝ p(o)|u(o) − E p [u(o)]|
|u(o) − E p [u(o)]| s
where p denotes the objective probability of event o, and E p [·]
the expectation with respect to distribution p.2 We refer to
q∗meta given in (6) as the metacognitively-rational importance
distribution the agent should adopt for mental simulation of
events for decision-making under uncertainty.
Comparing expressions
(1) and (6) reveals that the
s
√
1 + |u(o) − E p [u(o)]| s
√ , which we
multiplicative factor
|u(o) − E p [u(o)]| s
term metacognitive rationality factor (MCRF), differentiates
Lieder et al.’s (2014, 2017) cognitively-rational model (see
Eq. (1)) from our metacognitively-rational model. In the remainder of this work, we show that MCRF plays a crucial role
in accounting for two important framing effects in decisionmaking under risk. It is crucial to note that q∗meta takes into
account the amount of time available for making a decision
(i.e., time availability), as evidenced by expression (6) explicitly depending on the number of mental simulations s performed by the agent.
Following Lieder et al. (2017, 2014), and for ease of exposition, we assume E p [u(o)] = 0 hereinafter.

3

Extreme Eventualities are Over-represented
Regardless of their Frequency

A simple investigation of the metacognitively-rational importance distribution q∗meta given in (6) yields an important prediction of our model: Extreme eventualities should be overrepresented in decision-making, regardless of how rare or frequent they are. Importantly, this effect is already empirically
2 For the derivation of the expression given in (6), the reader is
referred to https://arxiv.org/abs/1801.09848
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Proposition 1. When the number of mental simulations s
is large, q∗meta converges to the importance distribution given
in (1). Formally, assuming u(o) − E p [u(o)] 6= 0,
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Figure 1: A metacognitively-rational agent should over-represent
extreme events precisely according to Lieder et al.’s (2014, 2017)
cognitively-rational model, evidenced by the curves converging to
1 as u(o) → +∞. Importantly, however, a metacognitively-rational
agent should also over-represent mundane events significantly more
than what a merely cognitively-rational model prescribes, evidenced
by the curves overshooting at the neighborhood of u(o) = 0.

=

1
p(o)|u(o) − E p [u(o)]|,
Z

(7)

where Z is a normalizing constant (aka partition function).4
Proposition 1 formally establishes that our metacognitively
rational model of Availability bias serves as a rational, metalevel model for the work by Lieder et al. (2017, 2014), with
our model converging to Lieder et al.’s when the number of
samples s is large. Note that, since Lieder et al.’s importance
distribution was specifically derived under the assumption
that s is large, the result presented in Proposition 1 is intuitive,
and, importantly, attests to the claim that our metacognitivelyrational model subsumes Lieder et al.’s cognitively-rational
model, with the rationality of our model holding for both
small and large s’s while that of Lieder et al.’s only for large
s’s.

4

Framing Effect in Decision-Making

confirmed (Lieder et al., 2017). Note that this coverage is
to be expected as our proposed model subsumes the model
outlined in Lieder et al. (2014, 2017).
Importantly, a detailed analysis of MCRF reveals that a
metacognitively-rational agent should over-represent extreme
events precisely according to Lieder et al.’s (2014, 2017)
cognitively-rational model, however, it should also overrepresent mundane events significantly more than what the
cognitively-rational model by Lieder et al. prescribes. These
findings are depicted in Fig. 1.
Next, we formally show that when the number of samples
s is sufficiently large, our proposed metacognitively-rational
importance distribution q∗meta converges to the cognitivelyrational importance distribution of Lieder et al. (2014, 2017)
given in (1).3

Past work has documented that people’s risk preferences are
inconsistent and context-dependent (see e.g., Tversky & Kahneman, 1992; Markovitz, 1952). For example, in choosing between a safe gamble (low payoff with high probability) and a risky gamble (high payoff with low probability),
risk preferences change depending on the probabilities of the
gambles (Tversky & Kahneman, 1992), the amount offered
(Markovitz, 1952), and whether those gambles are framed as
a gain or loss (Tversky & Kahneman, 1992).
In what follows, we show that our metacognitively-rational
model can account for two well-known framing effects in human decision-making under risk: the fourfold pattern of risk
preferences in outcome probability (Tversky & Kahneman,
1992) and in outcome magnitude (Markovitz, 1952). Thus,

accurately, in formal terms, q∗meta converges to (1)
almost surely, except at u(o) = 0. Notice that despite the unboundedness of MCRF at u(o) = 0 (see Fig. 1), q∗meta remains bounded at

u(o) = 0.
4 For a formal proof of Proposition 1, the reader is referred to
https://arxiv.org/abs/1801.09848.

3 More

(a)

(b)

Figure 2: Accounting for the fourfold pattern of risk preferences in outcome probability (Tversky & Kahneman, 1992), with few samples
(s = 2) and the utility function given in (8) based on prospect theory (Tversky & Kahneman, 1992). (a) Our metacognitively-rational model
can account for the fourfold pattern of risk preferences in outcome probability, with s = 2 and the utility function given in (8). (b) The
prediction of Lieder et al.’s (2014, 2017) cognitively-rational model for the probability of choosing the risky choice, with s = 2 and the utility
function given in (8).
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our model establishes the first metacognitively-rational basis
for those effects.

4.1

Fourfold Pattern of Risk Preferences in
Outcome Probability

Framing outcomes as losses rather than gains can reverse people’s risk preferences (Tversky & Kahneman, 1992): In the
domain of gains people prefer a lottery (o dollars with probability p) to its expected value (risk seeking) when p < 0.5, but
when p > 0.5 they prefer the expected value (risk-aversion).
To the contrary, in the domain of losses people are risk averse
for p < 0.5 but risk seeking for p > 0.5. This phenomenon is
known as the fourfold pattern of risk preferences in probability outcome. Next we show that our metacognitively-rational
model can simulate this effect. Following the prescriptions
of the prospect theory (Tversky & Kahneman, 1992), as did
Lieder et al. (2014) postulate, we assume that the agent’s utility function can be modeled by:
 0.85
o
if o ≥ 0,
u(o) =
(8)
−|o|0.95
if o < 0.
Normatively, people should make their choice depending
on whether the expected value of the utility difference ∆u(o)
is negative or positive:

u(o) − u(p × o)
with probability p,
∆u(o) =
(9)
−u(p × o)
with probability 1 − p.
Fig. 2(a) shows that our metacognitively-rational model
can account for the fourfold pattern of risk preferences in outcome probability (Tversky & Kahneman, 1992), with the utility function given in (8) based on prospect theory (Tversky &
Kahneman, 1992) and very few samples (s = 2). This result
is fully consistent with past work suggesting that people often
use very few samples in probabilistic inference and reasoning
under uncertainty (e.g., Vul et al., 2014; Battaglia et al. 2013;
Lake et al., 2017; Gershman, Horvitz, & Tenenbaum, 2015;
Hertwig & Pleskac, 2010; Griffiths et al., 2012; Gershman,
Vul, & Tenenbaum, 2012; Bonawitz et al., 2014).
Fig. 2(b) shows the prediction of Lieder et al.’s (2014,
2017) cognitively rational model for the probability of choosing the risky option, with s = 2 and the utility function
given in (8) based on prospect theory (Tversky & Kahneman,
1992). Lieder et al.’s cognitively-rational model seems unable to account for the probability of risky choice suggested
by Tversky and Kahneman (1992) using a suggested utility
function of prospect theory given in (8); our simulations suggest that this apparent failure also holds for other values of
s. However, Lieder et al.’s (2014, 2017) cognitively-rational
model can partially account for this effect (see Fig. 3) based
on the expected value of the importance sampling estimator
given in (3), E[Ê], replicating the finding reported in Lieder
et al.’s (2014) Fig 3.5
5 Importantly,

the evaluation of E[Ê] hinges on the assumption of
averaging over multiple runs of mental simulations.

Figure 3: Expected value of the importance sampling estimator
given in (3), E[Ê], with s = 2 and and the utility function given in (8),
showing that Lieder et al.’s (2014, 2017) cognitively-rational model
can partially account for the fourfold pattern of risk preferences in
outcome probability. This replicates the finding reported in Lieder
et al.’s (2014) Fig 3. However, Lieder et al.’s (2017, 2014) model
appears to be unable to account for the probability of risky choice
suggested by Tversky and Kahneman (1992), using the utility function given in (8) based on prospect theory; cf. Fig. 2(b).

In their recent work, Lieder et al. (2017) showed that
their cognitively-rational model can better account for the for
the fourfold pattern of risk preferences in outcome probability, provided that the utility function is noisy (efficient neural coding, Summerfield and Tsetsos, 2015); see Fig. 4 in
Lieder et al. (2017).6 The result reported in Fig. 2(a) strongly
suggests that this effect can be accounted for by a purely
metacognitively-rational model together with a utility function fully consistent with prospect theory (Tversky & Kahneman, 1992), without necessarily having to invoke a noisy
utility function (see Lieder et al., 2017, Appendix C).

4.2

Fourfold Pattern of Risk Preferences in
Outcome Magnitude

Past work in behavioral economics has documented another
curious inconsistency in human decision making under risk:
the fourfold pattern of risk preferences in outcome magnitude
(Markovitz, 1952; Hershey & Schoemaker, 1980; Scholten &
Read, 2014). Concretely, in choosing between a sure thing
and a low-probability risky gamble people demonstrate the
following behavioral pattern: In moderate-to-large outcomes,
people are risk-averse for gains and risk-seeking for losses.
This pattern reverses when outcomes are small, with people
being risk-seeking for gains and risk-averse for losses. For
example, people would rather choose a sure 1 million dollar
option rather than a (low-probability) risky gamble yielding
$10 million dollars with probability 0.1 and nothing otherwise (Hershey & Schoemaker, 1980). When framed in the
context of losses, people prefer a risky gamble yielding $10
million dollar loss with probability 0.1 and nothing otherwise,
over a sure loss of $1 million dollars (Markowitz, 1952).
Prospect theory (Kahneman & Tversky, 1979; Tversky
& Kahneman, 1992), in its original form, cannot account
6 Specifically, Lieder et al. (2017) adopt the noisy utility function
o
u(o) = omax −o
+ ε, where ε is an additive Gaussian noise, i.e., ε ∼
min
2
N(0, σ ).
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(a)

(b)

Figure 4: Simulating both the fourfold pattern of risk preferences in outcome probability and in outcome magnitude, with few samples
(s = 2) and the normalized logarithmic utility function in (10) with α = 0.032 and β = 0.0031. (a) Our model can simultaneously account for
both effects: (Top-Right) Moving from left to right along the x-axis within the boxed region clearly shows the risk preference reversal from
risk-seeking to risk-aversion (in losses), back to risk-seeking and finally to risk-aversion (in gains). (Bottom-Right) The fourfold pattern of
risk preferences in outcome probability. (b) Lieder et al.’s (2014, 2017) cognitively-rational model prediction under the same setting as (a).

for the fourfold of risk preferences in outcome magnitude
(Scholten & Read, 2014). However, Scholten and Read
(2014) show that, armed with a particular choice of utility function, prospect theory can accommodate this effect.
Concretely, they show that prospect theory can best account
for this effect by adopting the normalized logarithmic utility
function (Rachlin 1992; Scholten & Read, 2010; Kirby, 2011;
Kontek, 2011):

1

 log(1 + α × o)
if o ≥ 0,
α
unlog (o) =
(10)
λ

 − log(1 − β × o)
if o < 0,
β
where α, β ∈ R>0 , λ ≥ 1 are free parameters.
Using empirical data, Scholten and Read (2014) found the
maximum-likelihood estimates of α and β to be 0.032 and
0.0031, respectively (see Scholten and Read, 2014, Table 4).
Adopting the normalized logarithmic utility function in (10)
with λ = 1, α = 0.032, β = 0.0031, we show that our Samplebased Expected Utility model can simultaneously account for
both the fourfold pattern of risk preferences in outcome probability (Tversky & Kahneman, 1992) and in outcome magnitude (Markovitz, 1952); see Fig. 4(a). However, Lieder et al.’s
(2014, 2017) cognitively-rational model appears to be unable
to account for these effects under the same setting. Again, our
simulations suggest this apparent failure holds for other values of s. These findings indicate that the fourfold pattern of
risk preferences in outcome magnitude could stem from the
optimization of a boundedly-rational agent’s decision strategy at the metacognitive level, as suggested by (6).

5

Sensitivity Analysis

As discussed earlier, a metacognitively-rational agent optimizes their decision strategy (in our case, their importance
distribution for mental simulations) according to time availability. This requires the agent to have a good estimate of the
number of samples s they will likely draw within the given
time frame, using which they can appropriately select their
importance distribution q∗meta . However, a crucial question

immediately presents itself: What happens if the agent is inaccurate at approximating the number of samples they get to
draw before making their decision? After all, it seems plausible to assume that the agent would only have a rough estimate
of the parameter s. Thus, it is very likely that there would be
a mismatch between the number of samples the agent thinks
they can draw, and the actual number of samples they ultimately draw. Our model nicely allows for a quantitative investigation of the effects of such a mismatch. The parameter
s in (6) indicates the the number of samples the agent thinks
they can draw, whereas the parameter s in (3) reflects the the
number of samples the agent actually draws before making
a decision. It is worth noting that the cognitively-rational
model by Lieder et al. (2014, 2017) does not permit the investigation of the possible mismatch alluded to above, as the
parameter s does not feature in Lieder et al.’s importance distribution (Eq. (1)).
Intriguingly, our model demonstrates a striking insensitivity to such mismatches: Even if the the number of sample the
agent thinks they can draw is unimaginably greater (to be precise, 108 times greater) than the the number of samples they
actually draw before making their decision, the agent should
still show the fourfold patterns. Figures are omitted due to
lack of space.

6

General Discussion

People overestimate the probability of extreme events, and
show the fourfold pattern of risk preferences in outcome
probability (Tversky & Kahneman, 1992) and in outcome
magnitude (Markovitz, 1952) in decision-making under risk;
these effects are generally taken as evidence against human rationality. In this work, we presented the first
metacognitively-rational process model which can account
for the aforementioned effects, indicating that these apparent biases may not be signs of human irrationality after all,
but the result of a boundedly-rational decision-maker optimizing their decision strategy (in our case, their importance
sampling distribution for performing mental simulations) in
accord with time availability. In fact, it can be shown that the
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metacognitively-rational importance distribution q∗meta in (6)
allows the decision-maker to ensure an upper-bound on the
MSE of their estimator for the expected value in (2) using
minimal number of samples, thereby demonstrating strong
signs of economy (rational minimalist program, Nobandegani, 2017). Furthermore, our model is unimaginably robust
to inaccurate estimations of its focal parameter s, positioning it as the first rational process model we know of which
scores near-perfectly in optimality, economical use of limited cognitive resources, and robustness, all at the same time.
Intriguingly, this aspect of our model, together with the fact
that Eq. (3) in conjunction with q∗meta can be used to decide
between an arbitrary number of actions a, makes our model
also very appealing to the artificial intelligence community.
The metacognitively-rational process model presented in
this work and Lieder et al.’s (2014, 2017) cognitively-rational
process model seem to suggest that a (boundedly) rationalist approach to understanding human decision-making at the
algorithmic level might be a fruitful endeavor. In fact, the
influential Rescorla-Wagner model (1972) and its extension
temporal-difference learning model (Sutton & Barto, 1987;
Sutton & Barto, 1998) can be given solid rational grounds
based on linear-Gaussian generative models and the Kalman
filtering paradigm, a rational scheme in signal detection theory (Kalman, 1960).
Our model also makes a counterintuitive (normative) prediction, which, if confirmed, would have surprising implications for human decision-making under risk: In choosing between a lottery (o dollars with probability p) and its expected
value (p.o), people should qualitatively behave the same under the following two conditions: (i) making a decision based
on a mere single sample (i.e., under extremely high time pressure) and (ii) making a decision based on a great many samples (i.e., after a along deliberation time). Note that, given
the normative status of our model, this is exactly the behavior that a boundedly-rational agent should manifest, a finding
which would be of great interest for the artificial intelligence
community. If confirmed, this prediction seems to suggest an
intriguing possibility for human decision-making under risk:
People’s performance after long deliberation time is qualitatively similar to their performance under extremely high time
pressure (i.e., s = 1). This clearly serves as a motivation for
avoiding over-thinking.
For their cognitively-rational process model, Lieder et al.
(2017) proposed a neurally-plausible learning mechanism , a
simple modifications of which permits our metacognitivelyrational to be learned in a neurally-plausible manner as well.
Lieder et al. (2017) showed that their model can account
for an impressively wide range of cognitive biases in decisions from experience, decisions from description, and memory recall. Future work should investigate how well our
metacognitively-rational model can account for those biases.
The fact that our model subsumes Lieder et al.’s (2014, 2017)
model (see Proposition 1), greatly elevates the possibility of
our model capturing those effects as well.

To our knowledge, our Sample-based Expected Utility
model is the first metacognitive, resource-rational process
model of cognitive biases. In that light, our work suggests
perhaps those cognitive biases that do not easily lend themselves to cognitive-level accounts, might be better suited to
higher-level explanations (e.g., the metacognitive-level). We
hope to have shed some light on possible rational grounds of
human decision-making.
Acknowledgments: We would like to thank Falk Lieder for fruitful discussions. This works is supported by an operating grant to
TRS from NSERC.
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Abstract

These insights from human perception and cognition
have inspired methods in the field of hierarchical reinforcement learning (HRL), which integrates structured hierarchical representations into the reinforcement learning framework
(Barto & Mahadevan, 2003). Early work in HRL used handdesigned abstractions, such as sub-goals, to demonstrate that
a well-designed hierarchy can significantly speed the discovery of shortest-path solutions (Sutton, Precup, & Singh, 1999)
and enable agents to learn to solve related tasks more quickly
(Konidaris & Barto, 2007). More recent work in HRL has
investigated approaches for learning useful hierarchical representations (Barto, Konidaris, & Vigorito, 2013; Botvinick
et al., 2009; Şimşek & Barto, 2009; Vigorito & Barto, 2010;
van Dijk & Polani, 2011). Across this work, one consistent
finding is that small differences in the formulation of the task
objective may lead to radically different hierarchical decompositions. A natural question thus becomes: given a particular
problem, what defines an “optimal” hierarchy for action?

The importance of hierarchically structured representations for
tractable planning has long been acknowledged. However, the
questions of how people discover such abstractions and how to
define a set of optimal abstractions remain open. This problem
has been explored in cognitive science in the problem solving
literature and in computer science in hierarchical reinforcement learning. Here, we emphasize an algorithmic perspective on learning hierarchical representations in which the objective is to efficiently encode the structure of the problem, or,
equivalently, to learn an algorithm with minimal length. We
introduce a novel problem-solving paradigm that links problem solving and program induction under the Markov Decision Process (MDP) framework. Using this task, we target the
question of whether humans discover hierarchical solutions by
maximizing efficiency in number of actions they generate or by
minimizing the complexity of the resulting representation and
find evidence for the primacy of representational efficiency.
Keywords: problem solving; program induction; hierarchical
reinforcement learning

Introduction
The space of simple actions available to humans navigating
the world is immense. Even a seemingly straightforward task
such as turning a doorknob is composed of smaller actions:
arranging one’s fingers and thumb into a grasping position
and rotating one’s wrist. Each of these actions is composed
of smaller muscular movements, each of which is ultimately
controlled by the firing of neurons in motor cortex. With
even a small number of primitive actions, the space of possible finite-length sequences that an individual can execute
explodes. Despite this, the human brain manages to select
sequences of actions remarkably effectively, constructing and
executing plans that lead to the efficient achievement of goals.
It has long been noted that the inherent hierarchical structure of behavior can be exploited to dramatically reduce the
complexity of a problem space (Simon, 1991). The ubiquity
of hierarchy in neural and cognitive representation is wellknown; evidence for structured hierarchical representations is
found in many domains including language, perception, motor control, and problem solving (Chomsky, 1957; Van Essen
& Maunsell, 1983; Chase & Simon, 1973; Botvinick, Niv, &
Barto, 2009). The formation of hierarchical representations
confers considerable adaptive benefit by supporting efficient
coding, reducing working memory demands, and enabling a
learner to perceive higher-order structure that would otherwise be too computationally costly to extract.

For state-of-the-art hierarchical reinforcement learning algorithms, the utility of a hierarchy is typically assessed by
its effect on the agent’s learning curve—how greatly the hierarchy accelerates the agent’s convergence to the shortestpath solution. In the cognitive science literature, the focus
has been on properties of the hierarchical representation itself, and researchers have aimed to determine hierarchies that
capture the structure of the task. In some cases, hierarchies
optimized to minimize the number of primitive actions used
in the solution and hierarchies optimized to capture the structure of the task may map on to each other. However, these
objectives can deviate in important ways: the shortest-path
solution may not possess the most structured hierarchical representation.
In this paper, we aim to bridge approaches to hierarchy
learning in computer science and cognitive science by introducing a novel problem-solving task that is naturally formulated as a Markov decision process and enables participants to
explicitly articulate algorithmically-structured solutions. Ultimately, this task may facilitate direct comparisons between
the algorithms used for HRL in computer science and the hierarchical solutions generated by humans, and may be used as
a novel benchmark for HRL algorithms. In this paper, we use
this task to examine the properties of the hierarchies that humans generate in problem solving. In particular, we target the
question of whether humans generate hierarchical solutions
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that accord with the objective typically optimized in HRL—
efficiency in terms of primitive actions—or if humans express
a bias to generate hierarchies that capture the structure of the
task and yield lower complexity representations.
We focus here on a general measure of representational
complexity: the length of the shortest program that generates
a sequence of actions. This metric is inspired by Kolmogorov
complexity (Kolmogorov, 1963) and is in accordance with the
principle of efficient coding in neuroscience (Barlow, 1961).
Extending the efficient coding hypothesis to higher-level cognition, we hypothesize that humans possess a bias for algorithmic simplicity and coding efficiency that may guide their
specification of hierarchical solutions in problem solving.
Our perspective emphasizes the importance of representation learning in reinforcement learning and problem solving,
and imports insights from sensory neuroscience into higherlevel cognition. The relevance of this connection has been
expressed by several researchers (Tishby & Polani, 2011;
Botvinick, Weinstein, Solway, & Barto, 2015), and preliminary empirical support for efficient coding in problem solving has been found in a series of studies that show that humans are sensitive to the latent hierarchical structure in flat
solutions and show preferences for maximizing computational efficiency when multiple shortest flat paths are available (Solway et al., 2014). Although these findings are suggestive, the structure present in the flat sequences in these
studies is limited to “bottlenecks” in the state space. Further, the strength of the bias for computational efficiency is
unclear since the computationally efficient solutions are also
maximally efficient in terms of actions. Here, we design contexts that express richer, algorithmic structure and explicitly
tease apart and trade off efficiency of action and representation, finding evidence for the primacy of representational
efficiency.

Background
The theory of Markov decision processes (MDPs; Sutton &
Barto, 1998) provides a computational framework for modeling problem solving as search within a metaphorical problem or state space. Optimal solutions to an MDP may be obtained via dynamic programming or reinforcement learning.
In an MDP, the problem is formalized as a set of states linked
by actions. Transitions between states can be stochastic or
deterministic, and pairs of states and actions yield variable
rewards. The goal is to find the policy governing the selection of actions in each state that yields the greatest expected
reward. The shortest-path solution to a problem is the policy that obtains the greatest expected reward with the fewest
number of steps.
To integrate hierarchical structure, the problem formulation may be extended to include abstractions over the “primitive” actions or states. In the formulation of the task considered in this paper, we introduce hierarchy by distinguishing
primitive actions from sub-processes—stored sequences of
primitive actions that may be executed with a single call—and

we consider deterministic solutions (programs) consisting of
calls to primitive actions and sub-processes. We contrast hierarchical solutions to “flat” solutions that use primitive actions
alone. We further distinguish the flat path of actions that a
program generates from the stored representation of the program itself. The flat path generated by a program may or may
not map onto the optimal flat solution to a problem, which
allows us to tease apart the objectives of action efficiency and
representational efficiency.

Lightbot: An experimental paradigm for
hierarchical problem solving
We present a novel problem-solving context that is rich
enough to elicit explicit hierarchical, algorithmicallystructured solutions from participants and is amenable to formalization in the RL framework. The task is adapted from a
game designed to teach children how to program (Lightbot:
https://lightbot.com; Figure 1)1 .

Figure 1: Lightbot screenshot showing puzzle and program.

In the Lightbot domain, players control a robot in a 3dimensional block world and must determine a sequence of
actions that will lead the robot to turn on all of the light
tiles (blue tiles) in the world. There are five primitive actions (walk, jump, turn right, turn left, and toggle light). Participants may additionally be given the capacity to store sequences of primitive actions as sub-processes. These processes can be called within the main program, within each
other, or within themselves, thus allowing participants to generate hierarchically structured, algorithmic solutions that may
incorporate simple recursion.
Aside from the behavior it elicits, this task has many properties that make it appealing from a methodological perspective: (a) problems of arbitrary complexity and difficulty
can be generated, (b) participants explicitly externalize their
problem-solving strategies by writing down the algorithm
they use to solve the problem, and (c) the process of generating and testing these solutions can be recorded and analyzed.
The task is also interesting from a reinforcement learning
perspective, as it poses an objective function not typically examined in the RL literature. In the Lightbot task, the objective is not simply to maximize reward by turning on as many
lights as possible; the objective here is to do so as computationally efficiently as possible by generating an algorithm
that exploits the abstract structure of the problem. This task
1 The codebase that we adapted was developed by Laurent Haan
(https://github.com/haan/Lightbot)
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provides a bridge for comparing hierarchies generated by humans and by HRL algorithms and may be used as a benchmark for HRL in the future.

solution lengths

flat
solutions

flat compressed
program flat path

hierarchical
solutions

solution lengths

hierarchical flattened
program program

1

46

29

22

87

2

38

11

11

38

3

46

18

15

53

4

13

12

10

15

5

17

15

15

22

6

13

13

13

18

Action efficiency vs. representational efficiency
The length of a program (the representation of the desired
behavior) is defined in this context as the number of instructions stored in the main program and sub-processes. Note
that this often differs from the number of actions that the program will generate. As an illustration, the program in Figure
1 has length 13, but will generate a sequence of 38 actions.
In calculating the length of a program, each action listed in
a sub-process is counted once, and the entire sub-process sequence may then be executed for the cost of a single call in
the main. An efficient program stores sequences of actions
that are repeated multiple times as sub-processes, yielding a
program that is shorter than the length of the flat sequence of
actions it generates. With this task structure, we can design
puzzles that tease apart the objectives of action efficiency and
representational efficiency. We now turn to an empirical examination of human performance on the Lightbot task.

Experiment: Exploring human abstractions
Methods
The Lightbot task We consider the six puzzles in Figure 2,
which illustrates the flat path that the optimal flat (left) and
best hierarchical (right) solutions generate. All puzzles, with
the exception of puzzle 2, are designed to tease apart action
and representational efficiency. To demonstrate the distinction, consider the best flat and hierarchical solutions to puzzle
1. The shortest flat solution to this puzzle is 46 instructions
long. Assuming 4 subprocesses can be stored, the most this
solution can be compressed is into a hierarchical program of
length 29. A considerably shorter hierarchical solution to this
puzzle has length 22 in its compressed version. However,
if one expands this program into the flat sequence of actions
that it generates, the flat version is 87 instructions long. Thus,
compression of the shortest flat solution is not a general strategy for obtaining the optimal hierarchical solution.
For puzzles 1 and 3, the flat paths generated by the best hierarchical solutions are substantially longer than the shortest
flat solutions. Puzzles 4, 5, and 6 were designed to meet the
additional constraint that the shortest flat solution is incompressible or marginally compressible, meaning that there is
little gain achieved by encoding the flat path into a hierarchical program. Puzzle 2 meets neither of these requirements,
but possesses a clear recursive solution and is of interest in
analyzing the efficiency of participants’ programs. This design allows us to study the trade-off between action efficiency
and representational efficiency by examining the length and
compressibility of participants’ flattened solutions.
Optimal flat solutions The flat solutions for these puzzles are found by training a reinforcement learning agent
with Proximal Policy Optimization (PPO) (Schulman, Wolski, Dhariwal, Radford, & Klimov, 2017) with a clipped ob-

Figure 2: Solutions to lightbot puzzles. Paths in yellow and blue
show the execution traces of the best flat (yellow) and hierarchical
(blue) programs. The lengths of the programs and their corresponding compressed (for flat) or flattened (for hierarchical) versions are
displayed for each puzzle.

jective. The state representation contains four components:
the direction the lightbot is facing, the height of the current
square, the coordinates of the lightbot, and a binary array with
an entry for each light, with a value of 1 if that particular light
has been turned on, and 0 otherwise. We encode the state with
a binary vector representation as input two a two-layer neural
network policy, which outputs a probability distribution over
the actions. We also train a value network that estimates the
value of each state. The agent receives -1 reward for each
action taken and +1 reward for each light turned on. Once a
light has been turned on, it cannot be turned back off. For
each puzzle, we train the agent until convergence and then
run 100 random rollouts from the trained policy. We use the
rollout with the fewest number of actions as the standard for
our flat solutions.
Best hierarchical solutions A general method for obtaining optimal hierarchical solutions to Lightbot puzzles remains
an open question. Thus, we consider our best approximations,
which we obtained from the original creators of the task (puzzles 1, 2, and 3) or designed ourselves (puzzles 4, 5, and 6).
Conditions In a between subjects design, we assign participants to four conditions in which they solve the six test
puzzles in variants of the Lightbot task. The four conditions
differ as follows:
1. Efficient Flat: Participants write flat solutions and are not
given the capacity to use sub-processes. Participants are
instructed to write solutions that use the fewest number
of primitive actions and receive monetary bonuses proportional to their performance.
2. Default Flat: Participants write flat solutions and are not
given the capacity to use sub-processes. Participants receive no instructions regarding solution length and receive
a fixed bonus for each puzzle they complete.
3. Efficient Hierarchy: Participants are given the capacity to

2402

In all conditions, there are no imposed limits on the number
of instructions in a sub-process or main program.
Task structure All participants first read through an illustrated tutorial explaining the game objectives and mechanics.
In the Hierarchy conditions, this includes explanations of how
to use sub-processes and how to call a sub-process within itself. In the Efficient Flat and Efficient Hierarchy conditions,
participants additionally receive explanations and examples
of action efficiency (Flat) or program efficiency (Hierarchy).
Participants construct programs by dragging and dropping
instructions into a program frame and are given the capacity
to reorder and delete instructions. Participants can test their
program at any time, which initiates an animation of Lightbot executing the program from the beginning. When a test
of the program results in the completion of the level (all light
tiles turned on), the experiment progresses to the next puzzle. Participants are given the capacity to skip a level after
six minutes but receive no bonuses for skipped levels. Participants in all conditions receive the same set of nine puzzles:
three simple tutorial puzzles presented in fixed order followed
by the six test puzzles displayed in Figure 2. Puzzles 1, 2, and
3 are presented first in random order, followed by puzzles 4,
5, and 6 in random order.
Participants 203 participants were recruited through Amazon Mechanical Turk and completed the Lightbot task in a
web application. We excluded participants who reported experience with computer programming (39 participants) leaving a final participant pool of 164. No participants reported
prior experience with the Lightbot game. The application was
presented in full-screen mode to eliminate participant multitasking. The task required an average of 40 minutes across
all conditions. Participants were assigned to one of four conditions: Efficient Flat, Default Flat, Efficient Hierarchy, and
Default Hierarchy. Participants in the Efficient conditions
were paid $5.00 as a base rate and participants in the Default conditions received a $4.50 base rate. Participants in
all conditions were able to earn up to an additional $3.00 in
bonuses. In the Efficient Flat conditions, all participants who
gave the shortest solution to a puzzle out of the participant
pool received a $0.50 bonus per puzzle. Longer solutions received bonuses that decreased linearly with their distance to
the shortest solution. Participants were not informed the value

of their bonuses during the task. In the Default conditions,
participants received a bonus of $0.50 for each test puzzle
that they completed regardless of program efficiency. Participants received an average bonus of $2.64 across all conditions. For all analyses, we include only data from complete
solutions (not skipped). Thus, we are left with an average of
37 solutions per puzzle in the Efficient Flat condition, 38 in
the Default Flat condition, 35 in the Efficient Hierarchy condition, and 46 in the Default Hierarchy condition.

Results and Analyses
We first examine the efficiency of participants’ flat solutions
in the flat conditions to determine whether participants participants optimize action efficiency for flat solutions.

Flat solutions
Figure 3 shows the mean distance between the lengths of participants’ flat solutions and the optimal flat solutions. Distance is in number of instructions and is normalized per puzzle by the min and max distances of the provided solutions,
to facilitate comparison across puzzles. Across all puzzles,
participants write solutions that are close but significantly
longer than the optimal flat solutions in both the Efficient Flat
(p < .0001) and Default Flat (p < .0001) conditions. There
is a significant difference between the two conditions, with
participants in the Default Flat condition generating solutions
that are farther from the optimal solutions than participants
in the Efficient Flat solutions (t = 2.98, p = .003). Notably,
the mode distance from optimal solutions in both of the flat
conditions is 0; 61% of the solutions participants gave in the
Efficient Flat condition and 55% of the solutions participants
gave in the Default Flat condition are optimal flat solutions.
0.3

normalized distance from
optimal solutions

store four sub-processes per puzzle, which they may call
any number of times. Participants are instructed to write
programs that use the fewest number of stored instructions and receive bonuses proportional to performance. A
counter displaying the length of the participant’s program
is visible while the participant generates solutions.
4. Default Hierarchy: Participants are given the capacity to
store four sub-processes per puzzle, which they may call
any number of times. Participants receive no instructions
regarding program length and receive a fixed bonus for
each puzzle they complete. No program length counter is
present.

0.2

0.1

0.0

efficient
flat

default
flat

Figure 3: Mean normalized distance of the length of participants’
solutions in the flat conditions to the lengths of the optimal flat solutions, across all test puzzles. Error bars show 95% CI.

These results indicate that participants are highly effective
at finding solutions that optimize action efficiency, even without explicit instruction.

Hierarchical solutions
Length of flattened programs We now ask whether the hierarchical solutions given by participants optimize efficiency
in action or representation. We address this question by analyzing the length and compressibility of the “flattened” version of participants’ hierarchical programs. A flattened program consists of all actions that a hierarchical program generates. For example, the flattened program in Figure 1 consists
of 38 instructions, whereas the hierarchical program consists
of 13. If participants optimize efficiency in the number of
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actions their program generates, we would expect to see no
difference in the length of the flattened solutions given by
participants in the Hierarchy condition and participants in the
Flat conditions. Further, all of the puzzles we have used (with
the exception of puzzle 2) are designed so that the flat version
of the best algorithmic solution is longer than the best flat
solution. Thus, if participants generate hierarchical solutions
by minimizing program complexity, we expect to see longer
flattened solutions to these puzzles.
Figure 4 shows the mean lengths of the flattened versions
of programs participants generate, normalized per puzzle by
the min and max flat lengths. Aggregating across all puzzles, the mean normalized flattened length in the Default and
Efficient Hierarchy conditions is significantly greater than in
the Efficient Flat (Default Hierarchy: t = 6.55, p < .0001;
Efficient hierarchy: t = 10.334, p < .0001) and Default Flat
conditions (Default Hierarchy: t = 4.00, p < .0001; Efficient
Hierarchy: t = 7.85, p < .0001). The programs that participants write in the Hierarchical conditions are, however, significantly shorter than the flat solutions provided in the Efficient (Default Hierarchy: t = 3.47, p < .001; Efficient Hierarchy: t = 6.49, p < .0001) and Default Flat conditions
(Default Hierarchy: t = 3.76, p < .001; Efficient Hierarchy:
t = 6.74, p < .0001).

compressibility =

flat length − compressed length
flat length

0.2

0.6

0.0

efficient
flat

default
flat

default
hierarchy

mean normalized compressibility

mean normalized flattened length

0.4

lution generates contains considerable repeated structure that
can be exploited by a hierarchical program. Thus, participants who optimize action efficiency will produce solutions
to these puzzles whose flattened versions will show minimal
compressibility.
To quantify the degree of compressibility in participants’
solutions, we implement a simple algorithm that compresses
a flat sequence of actions into a hierarchical program. The
algorithm iteratively stores the longest, most-repeated subsequence as a subprocess until there are no more repeated
subsequences it can compress, or it has stored 4 subprocesses.
We impose the minimal requirement that the sub-sequence
must contain at least two actions and must be repeated at
least twice to be stored as a sub-process. After compressing a sequence, the algorithm checks whether some recursion
is possible, by identifying whether the main program consists
only of a repeated call to a single subprocess. If it does, the
algorithm appends the sub-process label to the end of that
sub-process and replaces the main program with a single call
to the sub-process.
Given a flat path of actions, this algorithm is able to generate compact, hierarchically structured programs that are close
approximations to optimal programmatic compressions of flat
paths. We use this algorithm to compress the flat and flattened
solutions generated by participants to compute the compressibility of a participant’s solution as:

efficient
hierarchy

Figure 4: Mean normalized flattened program length, across all test
puzzles. Error bars show 95% CI.

This dissociation reflects the trade-off between action and
representational efficiency built in to the solutions and suggests that participants do not simply optimize action efficiency when generating hierarchical solutions. Further, the
flattened versions of solutions participants generate in the
Efficient Hierarchy condition are also significantly longer
than those generated in the Default Hierarchy condition (t =
4.60, p < .0001), despite programs in the Efficient Hierarchy
condition being significantly shorter than those in the Default
Hierarchy condition (t = 5.11, p < .0001), showing that this
dissociation becomes stronger when participants are explicitly instructed to optimize representational efficiency.
To more explicitly target the representational efficiency of
participants’ solutions, we analyze the explicit “compressibility” of participants’ hierarchical and flat solutions.
Compressibility of flat paths Puzzles 4, 5, and 6 were designed so that the shortest flat solutions is only marginally
compressible, whereas the path that the best hierarchical so-

0.4

0.2

0.0

efficient
flat

default
flat

default
hierarchy

efficient
hierarchy

Figure 5: Mean normalized compressibility for puzzles 4, 5 and 6.
Error bars show 95% CI.

Figure 5 shows rates of compressibility for the three relevant puzzles, normalized per puzzle by the min and max
score. Across all three puzzles, participants in the Efficient
Hierarchy and Default Hierarchy condition produce solutions
whose flattened versions are more compressible than those in
the Efficient (Default Hierarchy: t = 6.51, p < .0001; Efficient Hierarchy: t = 8.50, p < .0001) and Default Flat (Default Hierarchy: t = 4.80, p < .0001; Efficient Hierarchy:
t = 9.11, p < .0001) conditions. Taken with the finding that
participants in the Hierarchy conditions generate solutions are
longer in the actions that they generate, this finding supports
the hypothesis that participants are maximizing representational efficiency over action efficiency.
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We also see a significant difference in the compressibility of solutions generated in the Efficient and Default Flat
conditions for puzzles 5 and 6 (5: t = 2.05, p < 0.05; 6:
t = 2.22, p < .05; no significance for puzzle 4: t = .3, p =
.76), for which participants in the Default Flat condition generate solutions that are significantly more compressible than
those generated in the Efficient Flat condition. This is despite
the fact that participants are writing flat solutions (for which
compressibility confers no explicit advantage), as well as the
fact that the compressible solutions are longer than the incompressible, efficient solutions to the problem. Participants
in the Default Flat condition received minimal guidance for
how to solve Lightbot problems, so this condition provides
insight into the ‘default’ method for solving these problems.
Although there is no explicit advantage to using compressible
flat sequences in the Default Flat condition, there is an implicit advantage in reducing working memory demands while
planning. This exemplifies the idea that minimizing representational complexity may be a natural, default objective for a
problem solving task with sufficient algorithmic complexity.

Discussion
The hierarchical reinforcement learning literature has focused
on learning hierarchical abstractions that allow an agent to efficiently navigate the problem space, with less emphasis on
modeling the structure of the specific problem currently under consideration. Indeed, recent work has emphasized learning to chain together temporally-extended actions, such as
learning high level controllers that learn to break tasks down
into subgoals (Vezhnevets et al., 2017; Kulkarni, Narasimhan,
Saeedi, & Tenenbaum, 2016), learning options and their termination conditions simultaneously (Bacon, Harb, & Precup,
2017; Harb, Bacon, Klissarov, & Precup, 2017), and learning reusable behaviors shared across tasks (Frans, Ho, Chen,
Abbeel, & Schulman, 2017; Florensa, Duan, & Abbeel,
2017). However, a problem may exhibit much more algorithmic structure than a linear chain, highlighting the large gap
between the limited expressiveness of current HRL methods
and the rich structure of problems that demand abstraction.
Here, we have introduced a task compatible with the RL
framework that introduces a novel objective: solving the task
as computationally efficiently as possible. With this task, we
find that naive participants show a preference for generating hierarchical solutions that optimize representational efficiency over action efficiency, which emphasizes the importance of representation learning and efficient coding for reinforcement learning. In future empirical work, we plan to
examine other structural properties of the hierarchical solutions participants generate that may trade off with program
length, such as symmetry, balance, depth, and the branching
factors of their execution trees. Our task facilitates conversation between hierarchical approaches to problem solving in
cognitive science and computer science, and may be used as
a benchmark task in future computational work.

of Scientific Research grant number FA9550-18-1-0077.
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Şimşek, Ö., & Barto, A. G. (2009). Skill characterization based
on betweenness. In Advances in neural information processing
systems (pp. 1497–1504).
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Abstract
Folk psychology takes perception and cognition to be two
distinct processes. It seems that when we perceive the world
we are engaged in one kind of activity and when we think about
it we are engaged in a different one. This conception underlies
various discussions within the cognitive sciences, such as on
the architecture and modularity of the mind, and the cognitive
penetrability of perception. But is the distinction justified? This
paper looks for an answer in two opposing paradigms in the
sciences of the mind: traditional cognitivism and ecological
psychology. Even though cognitivism is the dominant
paradigm, we argue that it has thus far failed to give a definite
account of the relation between perception and cognition, and
to support or to deny their separation. Ecological psychology,
on the other hand, rejects the distinction and integrates
cognition with perception. We discuss previous work within
the ecological view and sketch directions for future research.
Keywords: cognition; perception;
cognitivism; ecological psychology

folk

psychology;

Introduction
As you read these words, you are looking at something, be it
the screen of your computer, tablet, or other electronic
device, or perhaps the paper you used to print out this text. In
addition to seeing the screen or paper, you may also see other
objects around you, such as a table, a mug, a chair, a wall,
etc. Seeing each of these things is an instance of perception.
As you keep reading, if you get distracted, you may find
yourself wondering if you locked your front door this
morning, or you will start rehearsing an important email you
plan to send later, or maybe you will try to remember what
groceries you need to buy for dinner. These are instances of
cognition. Part of the process of reading this text might seem
to fall in the latter category as well: reading involves
recognizing certain symbols and understanding what they
mean in combination, which appears to be different from
merely staring at the screen or paper.
These examples from daily life point to a folk
psychological separation between perception and cognition.
We take them to be two different mental activities: when we
perceive something, we do one kind of thing; when we think,
we do something different. Such a separation goes beyond
our ordinary experiences and can be persistently found in the
history of philosophy and the sciences of the mind. For
example, Plato distinguished between the world of
appearances, gathered by the senses, and the world of Ideas,
contemplated only through reason. The Cartesian skeptical

methodology is also based on the distinction between
perception and cognition: the senses can deceive us, but if we
reach certain truth through reason, we are in the right path to
knowledge. And Kantian transcendental idealism, with its
depiction of knowledge as a synthesis between intuition and
understanding, rests on the same distinction.
An overarching task of philosophical and scientific inquiry
is to evaluate our folk conceptions and, when necessary, to
correct them. In the case of this widely accepted distinction
between perception and cognition, the task is to determine
what (if anything) distinguishes the two and how they relate
to one another. For example, the idea that perception and
cognition are distinct could turn out to be right, and if so, an
important task would be to elucidate whether the two interact
and how (e.g., is there unidirectional influence, or is it
bidirectional?). If, however, the distinction turns out to be
wrong, a key task would be to explain the unity of what
appeared to be two different things, and to do this in a way
that does justice to the relative success of the distinction in
everyday contexts.
In light of the task above, our goal in this paper is to
determine how different paradigms in cognitive science fare
in relation to the perception-cognition distinction—i.e., to
determine if different theories mean to support or correct such
a distinction, and how successfully they do that. To this end,
we will contrast cognitivism, the dominant approach in
cognitive science, with the ecological approach to
psychology developed by J. J. Gibson. Cognitivism appears
to take for granted the intuitive distinction between
perception and cognition. Yet, we argue that recent
developments reveal the framework to be inconclusive on
this topic (section 2). Ecological psychology, on the other
hand, is often interpreted as precluding talk of anything
mental, which would seem to entail a rejection of the
perception-cognition distinction on the grounds that
cognition does not exist. We agree that the ecological view
goes against the distinction, but we argue that it does so in a
different way, namely by re-describing cognition as an
extension of perception. We review the main tenets of
ecological psychology (section 3) and we conclude by
sketching how an ecological account of cognition can make
sense of everyday psychological experience (section 4).
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Cognitivism: An Inconclusive Paradigm
Cognitivism is both the foundational and the dominant
paradigm of the cognitive sciences (Miller 2003, Thagard
2005, Clark 2014/2001). It offers a depiction of cognitive
systems as having three main features: modularity,
computation, and representationalism. First, modularity
stands for the compartmentalization of cognitive functions in
different elements of the cognitive systems (Fodor 1983). Put
simply, each cognitive function (e.g., visual perception,
auditory perception, memory, decision making, etc.) is
implemented in and realized by a specific module of the
system. Some instantiations of modularity are, for example,
the cognitive architectures based on the ACT-R models
(Anderson 2007). These models consist of a group of, at least,
seven interconnected modules each one accounting for the
realization of one cognitive function. So, in ACT-R models,
there is a visual module, for example, that carries out the
processes for visual perception. The same applies for auditory
perception, imagination, decision making, and so on.
The second fundamental feature of cognitive systems
according to the main tenets of cognitivism is computation.
Cognitive systems are a kind of computer and, thus, their
processes may be explained in terms of rules or algorithms
that are somehow instantiated in the system and that are
applied to the input arriving to it—for example, a kind of
input might be sensory stimulation. In this sense, every
module of a given cognitive system is realizing a
computational function, and such a computational function is
the cognitive function. In the case of perception, the cognitive
function is the building up of a representation of the outer
world. This is representationalism, the third fundamental
feature of cognitive systems according to cognitivism.
Representations are the objects of perception, and perception
as a cognitive function is defined in terms of their
construction.1
Given this big-picture description of cognitive functions in
terms of cognitivism, the answers to the driving questions of
this paper seem to lead to a paradoxical conclusion. On the
one hand, and because of modularity, it seems that
cognitivism confirms the separation of perception and
cognition. Perception and high-order cognitive functions are
realized by different modules and, in this sense, they are
separated functions. On the other hand, however, perception
is a cognitive function in itself as far as it is the building up
of representations of the outer world by means of processing
stimulation using some internal rules, etc. In other words,
perception is a form of cognition as well, and conceiving
them as separate seems to be wrong after all.
The paradoxical relation between perception and cognition
within cognitivism becomes explicit, for example, in
Pylyshyn’s work on cognitive penetrability (1999). In this
1

Of course, the process of building up a representation is
complex and there are different ways to understand it within
cognitivism, from classic computational models based on the
application of explicit language-like rules to discrete sensations
(Fodor 1975) to network models where representations are

work, he claims that perception is based on some cognitive
resources but, at the same time, he claims that perception is
not cognitively penetrable:
The early vision system carries out complex
computations (...) Many of these computations involve
what is called top-down processing (...) What this
means is that the interpretation of parts of a stimulus
may depend on the joint (or even prior) interpretation
of other parts of the stimulus (...) The early vision
system is encapsulated from cognition, or to use the
terms we prefer, it is cognitively impenetrable.
(Pylyshyn 1999: 343-344; emphasis is ours).

It seems, given this quote, that there are two meanings of
'cognitive' at play. On the one hand, there is a top-down
interpretation of the stimulus. We think that the only sensible
way to understand this claim is that early vision is based on
some cognitive resources and, therefore, is a cognitive
function. On the other hand, early vision is not cognitively
penetrable, so there must be a distinction between early
vision and cognition, and the latter is unable to interact with
the former. In his sense, early vision is not cognitive as far as
it is not part of this other kind of cognition.
One of the consequences of this paradox is that it makes
the distinction between perception and cognition appear to be
arbitrary. Although perception is a cognitive function, what
cognitivists call ‘cognition’ is the set of high-order cognitive
functions defined in opposition to perception; namely,
cognition is the set of cognitive functions that are not the
cognitive function of perception. But accepting this arbitrary
distinction only leads to more confusion. Within cognitivism,
for example, some accounts place a distinction within highorder cognition that makes some forms of allegedly highorder cognitive functions very similar to perception, so they
might be non-cognitive in the same sense the latter is (e.g.,
System 1-System 2 theories; see Kahneman 2011). In the
same flavor, other authors, trying to reject the possibility of
cognitive penetrability or top-down effects in perception,
account for many effects traditionally understood as
instances of high-order cognition, as merely perceptual
effects (see Firestone and Scholl 2016). In both cases, the two
ways of being ‘cognitive’ that cognitivism seems to suggest
are arbitrarily—and differentially—delimited.
Summing up, it seems that perception is both cognitive and
non-cognitive within cognitivism. This situation entails that
it is not clear what counts as perception and what counts as
cognition. Thus, the driving question of this paper seems very
difficult to be answered given the main tenets of the
paradigm: if the distinction between perception and cognition
is not clear, we cannot know whether they are separated or
not, or what kind of relation they hold. This lack of clarity in
cognitivism further motivates paying attention to what a
constructed by a hierarchical bidirectional processing of the sensory
input following, for example, the free-energy principle (Friston
2010). However, the differences between these accounts are not
essential for the aims of this paper.
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different paradigm can tell us about perception and cognition,
their status and their relation. We turn to this now.

Ecological Psychology: A Challenge to
Folk Psychology
In contrast with cognitivism, the Gibsonian ecological
approach to perception locates psychological phenomena at
the ecological scale, naturally shifting the focus away from
psychological explanations based on internal mechanisms
toward psychological explanations based on animalenvironment dynamics (Raja et al. 2017). This shift has been
misinterpreted by many as an attempt to exclude “mental”
phenomena from psychological science, and a form of
behaviorism. Bunge and Ardila (2012), for instance, mention
ecological psychology in their discussion of behaviorism,
stating that the two accept the thesis that “animal behavior is
exclusively determined by environmental circumstances”;
they further add: “Both hold that behavior is the sole effect
of environmental stimuli; both model the organism as an
empty box. The difference between them is that, whereas
ecological psychology focuses on perception, behaviorism is
mainly interested in overt behavior” (Bunge and Ardila 2012:
120). Others have drawn similar comparison between
ecological psychology and behaviorism, both approvingly
(e.g., Barrett 2016) and disapprovingly (e.g., Fodor and
Pylyshyn 1981, Shapiro 2010).
Claims like these suggest that ecological psychology
rejects the cognition-perception distinction by outright
denying the existence of “higher” cognitive abilities. But we
argue that this is not correct. Gibson himself proposed that
the ecological approach to perception calls for a
corresponding ecological account of cognition: “The
ecological theory of direct perception cannot stand by itself.
It implies a new theory of cognition in general” (Gibson
1979/1986: 263), and “the redefinition of perception implies
a redefinition of the so-called higher mental processes” (p.
255). Our goal, then, will be to identify what the ecological
framework entails for the distinction under examination. We
will argue that it undermines the separation between
perception and cognition, but that it does so by integrating
cognition into perception rather than denying its existence.
Before that, however, it will be important to review the main
tenets of ecological psychology.

A Primer on Ecological Psychology
The central ideas in Gibson’s theory of perception are that
perception is direct, active, and action oriented (1966, 1979).
First, saying that perception is direct means that perception is
not mediated by mental representations. The traditional
cognitivist view holds that perception is the construction of
mental representations out of sensory stimulation through
some kind of computational process (Marr 1980, Fodor
1987). Gibson rejects the idea that perception is mediated by
representations: instead, he proposes that we have direct,
unmediated perceptual access to our surroundings. To
perceive is a matter of detecting the relevant environmental

information to control behavior in a specific action. In this
sense, perception is active and for action.
When ecological psychologists claim that perception is
active, they mean perception is something organisms do.
Therefore, perception cannot be equated to passive sensory
stimulation. For example, traditional approaches attempt to
explain visual perception by studying the retina as a
photoreceptor. However, Gibson (1979/1986) explains, a
receptor is “passive, elementary, anatomical” and gets
“stimulated” whenever it is touched by the right type of
energy, such as light in the case of the eye (p. 53). Yet
perception is not merely the passive excitation of our sensory
receptors or external stimuli impinging upon our sense
organs: “the eye is part of a dual organ, one of a pair of mobile
eyes, and they are set in a head that can turn, attached to a
body that can move from place to place” and together, all of
these elements make up our (visual) perceptual system (p.
53). In the ecological view, we cannot understand perception
merely by understanding how sensory receptors work
because perception is the activity of a coordinated system that
is only partly composed by the receptors: “perceiving is an
act, not a response, an act of attention, not a triggered
impression, an achievement, not a reflex” (p. 149).
As perception is direct and active, it is also action oriented
and works in service of action. This amounts to a special
claim about the objects of perception. According to Gibson,
perception is of higher-order relational properties he refers to
as ‘affordances’. When we see an object, we do not first
perceive discrete primary qualities that we then need to
combine in order to decide what we can do with that object.
Instead, in the process of actively exploring our environment,
we directly perceive the possibilities for action afforded by
those objects. ‘Affordances’, as Gibson used the term, are
agent-relative properties, or the “properties of things taken
with reference to an observer” (Gibson 1979/1986: 137); they
have also been described as “relations between the abilities
of organisms and features of the environment” (Chemero
2003: 189). The environment affords various kinds of action:
some surfaces afford walking over, sitting on or leaning
against, and some tools afford grasping, throwing, cutting
with, or writing with. But these action possibilities are all
possible for someone with specific abilities, and it is in this
sense that they are relational or agent-relative properties. Air
affords breathing, and water affords drinking and swimming
as well as drowning—but these properties exist only in
relation to terrestrial animals, and not for fish, who can breath
underwater but do not survive outside it. In Gibson’s view,
then, perception is action oriented in that the objects of
perception are agent-relative properties: in perception we
directly and actively perceive the affordances our
environment provides us.
The main consequence of these features is that, given a
specific action, perception is the picking up of relevant
ecological information. On the notion of ecological
information, Gibson (1979/1986) says: “information about a
world that surrounds a point of observation implies
information about the point of observation that is surrounded
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by a world. Each kind of information implies the other.” (p.
75). And, because perception is based on ecological
information, “self-perception and environment perception go
hand in hand.” (p. 116). This means that the same perceptual
event in which we perceive our surroundings is necessarily
also an instance of perceiving ourselves and how we relate to
that environment: perception tells us about our own situation
and our own action. Ecological information is rich enough to
be informative about all these aspects of our interaction with
the environment. But, is it rich enough that cognitive
scientists can use it to explain events usually regarded as
involving cognition? We explore the answer to this question
in the next section.

between past, present, and future events. One example of this
fact can be found in anticipatory behavior. Cognitive systems
are able to organize their own behavior toward a future state
of affairs relying solely on the present state of affairs as input.
For example, an outfielder is able to catch a fly ball by
predicting its landing location just by seeing the ball in the
present moment. Such a skill is known as anticipation
(Dubios 2003). Anticipation has been classically explained in
terms of an internal model of the environment:
If the organism carries a ‘‘small scale model” of external
reality and of its own possible actions within its head, it
is able to try out various alternatives, conclude which is
the best of them, react to future situations before they
arise, utilize knowledge of past events in dealing with the
present and future, and in every way react in a much
fuller, safer, and more competent manner to the
emergencies which face it. (Craik 1943: 61)

Cognition from an Ecological Perspective
A common interpretation of Gibson’s ideas is that ecological
psychology precludes talk of anything ‘mental’ or
‘cognitive’. And, in fact, the ecological theory of perception,
as seen in the previous section, does not make reference to
any kind of cognitive processing. Moreover, ecological
psychology clearly rejects the idea that perception is
‘cognitive’ in the sense of involving the building up of mental
representations. Yet, this does not mean that ecological
psychology has to deny the existence of, nor remain silent
about, the psychological phenomena we ordinarily call
imagining, remembering, learning, planning, problem
solving, etc. According to Gibson there is continuity between
perception and these sorts of events. He claims that “to
perceive the environment and to conceive it are different in
degree but not in kind. One is continuous with the other,” and
he adds that “knowing is an extension of perceiving” (Gibson
1979/1986: 258). Our goal will be to shed light on these
claims made by Gibson and to identify resources that can be
used in an account of cognition that is compatible with the
principles of ecological psychology. This can provide
guidance for future scientific work as well as a more
conclusive basis for correcting our folk conceptions about
how perception and cognition relate to one another.

Cognitive Extensions of Perception
What does it mean to say that knowing is an extension of
perceiving? And, more generally, what does it mean to say
that there is continuity between perception, on the one hand,
and cognition, on the other? Before we examine answers to
these questions, it is helpful to consider what a non-cognitive
extension of perception would be. A good example is when
we use binoculars, microscopes, or telescopes. These
instruments extend perception by allowing us to see things
that are too far away or too small to see with the naked eye.
This is a legitimate extension of perception, but it does not
amount to the “high” cognitive phenomena we are interested
in. Instead, we will focus on three senses of “extended
perception” which help to explain high cognitive functions in
perceptual terms and in continuity with perception.
The first sense of “extended perception” has to do with the
richness and pervasiveness of ecological information during
perceptual events and its relevance for the distinction

In this case, the organism aims towards a future state of
affairs that is explicitly predicted by a cognitive process.
However, scholars working within the ecological approach
have argued that anticipation may be explained by the online,
embodied interaction of the organism with its environment,
with which the future state of affairs is only implicitly related
(Stepp and Turvey 2009). As Keijzer (2001) states it,
“perhaps behavior is not anticipatory at all, but a result from
immediate organism-environment couplings.” (p. 192). In the
case of an outfielder trying to catch a fly ball, she uses
information that specifies the landing position of the fly ball
through a process of online organism-environment
interaction (see studies by Todd 1981, or Fink et al. 2009). In
other words, a skill like anticipation, supposedly enabled by
cognition as far as it involves events that are not available
online, is just an extension (a direct consequence) of an online
process of perception.
In a similar vein, the first sense of “extended perception”
can be also found by recognizing the spatiotemporal
persistency of perceptual information and perceptual events.
One example relates to memory and expectation (which is a
form of anticipation as well). As William Mace (1986)
emphasizes, the momentary absence of the object
remembered or expected does not entail the absence of
information pickup (i.e., perception): information is not
instantaneous or static; it lasts in time and it also changes over
time. We have seen that information about what surrounds a
point of observation is also information about the point of
observation itself. Similarly, ecological change provides
information about what came before and what comes after
that change as well—or, more precisely, the direction of
change specifies both what the change is toward and away
from. Consider: if you turn away from the computer that is in
front of you so that you can no longer see it, you will still
know that you just need to turn back toward it in order to see
it again. What explains this? Do you “remember” where the
computer was and therefore “predict” you will see it again
when you turn back? Instead of positing memory and
expectation in representational terms, a more parsimonious
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explanation is that the orderly process by which the computer
was occluded (i.e., your turning away in one direction) also
specifies how it can be brought back to sight (i.e., by
performing the inverse movement). This is why Mace claims:
“Orderly optical consequences of a change can constitute
information—even if it occurs over time, even if it continues
to occur for a very long time” (p. 153). As Mace suggests, the
boundaries between present, past and future are not clearly
defined at the ecological scale, and thus cannot determine
what separates memory and expectation from perception.
Accordingly, many ordinary instances of “remembering” or
“anticipating” are continuous with perception insofar as they,
too, are instances of picking up ecological information (and
informational change) over time.
Along similar lines, van Dijk and Withagen (2016)
dissolve the distinction between “online” and “offline”
cognition. Information and perception are not instantaneous
and punctate, but this is not because they are sui generis.
Rather, it is a basic fact of ecology that events occur over
multiple spatiotemporal scales, and the same applies to
psychological phenomena understood from an ecological
perspective. As van Dijk and Withagen argue, the intuition
that we inhabit the abstract time of physics (Newtonian time)
rather than the nested space-time of ecology makes it hard to
explain how we perceive complex structures like houses and
cities. If perception is “locked in the present,” then anything
not currently visible (i.e., not available for “online”
processing) is only accessible if it has been internally
represented (i.e., prepared for “offline” cognition). But, they
suggest, we only need to posit persistent internal structures
(i.e., representations) if we choose to ignore the persistency
of ecological structure. Navigating complex environments
and understanding them in their entirety does not require the
construction of a mental map: “By continuously exploring,
even large scale structures, such as houses or towns, can be
apprehended”; and “through ongoing activity an agent
becomes sensitive to the motions of optical structure, to
information, at any scale” (van Dijk and Withagen 2016: 10).
The perception of affordances in particular vistas (hallways
and doors in a house, streets and landmarks in a city) thus
“become nested into larger structures that are themselves then
also perceivable” (p. 10). Information and information pick
up thus extend back and forward beyond the present time
because they exist at the ecological scale. Accordingly, many
instances of “high cognition” need not be explained in terms
of internal representational structure: “on- and offline
cognition are not different types of cognition but only
different modes of coordinated motion” (p. 7).
The insights articulated in the ecological literature on
anticipatory behavior, along with the ones suggested by Mace
and by van Dijk and Withagen, support what we refer to as a
first sense of cognition as extended perception. This first
sense frames the continuity between perception and cognition
in terms of the spatiotemporal extension of perceptual
information and perceptual events. However, additional
senses of extended perception have not received adequate

attention in the literature. Here we briefly discuss two of
them.
Cognitive abilities can arise as extensions of perception
through action. As we have seen in section 3, perception is
active and for action. But the important point here is that
action can provide cognitive extensions of perception in two
ways, either through the performance of novel actions in the
same environment or through the repetition of the same
action. On the one hand, carrying out novel actions allows us
to fine-tune perception. By changing our actions, we generate
new exploratory patterns of the environment. For example,
by changing the position of our head, or by jumping, we can
gain access to new ecological information. This allows us to
discover new informational variables more optimal to
accomplishing the task at hand. On the other hand, through
the repetition of the same action, and by adjusting the specific
action patterns, we also get to pick up more optimal
information to achieve specific behavioral goals. This is how,
for instance, beginners become experts through practice (e.g.,
becoming an expert wine taster). In other words, either by
changing our actions or by adjusting the same action patterns,
we can fine-tune perception. This fine-tuning of perception
accounts for learning (Jacobs and Michaels 2007). Many
instances of what we ordinarily understand as memory and
problem solving, for example, fall under the same umbrella
and can be understood as continuous with perception, and as
cognitive extensions of perception.
The last and least understood cognitive extension of
perception occurs when information becomes fully detached
from stimulation and the organism can behave based on that
information without stimulation. Consider the following
quote by Gibson:
a perceptual system that has become sensitized to certain
invariants and can extract them from the stimulus flux can
also operate without the constraints of the stimulus flux.
Information becomes further detached from stimulation.
The adjustment loops for looking around, looking at,
scanning, and focusing are then inoperative. The visual
system visualizes. But this is still an activity of the
system, not an appearance in the theater of consciousness.
(Gibson 1979/1986: 256).

This might be the most extreme case of a cognitive
extension of perception. This is because, in principle,
information is not available in the same way it is available
when the stimulus flux is present. However, ecological
psychology provides the resources to understand how, even
in the absence of some particular information to be picked up
from the stimulus flux, we can talk about an event of
extended perception. There are situations in which the agent,
after having interacted with her environment during some
time can perform actions as if the information were available.
Suppose you are in a room you already know well, i.e., you
are familiar with the perceptual information available in the
room. In this case, you will probably be able to navigate the
room quite successfully even in the dark or with your eyes
closed. This is possible, first, because even when some
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particular visual information is not available in the stimulus
flux, you still have some other information available such as
proprioception of different sorts: equilibrium, position of the
limbs, and so on. And second, this is possible because,
through previous interactions with that specific environment,
you have mastered some patterns of action that you can
exhibit even in the absence of their related information. In
this sense, your action may be organized as if the
environmental information were there and without the need
for its appearance in your theater of consciousness. With
enough practice, the visual system can visualize, and you are
able to navigate a well-known room with your eyes closed by
relying on other information available and on action patterns
you have mastered. Much the same happens when you
rehearse navigating a room that you are not currently in. Just
as the visual system can become capable of visualizing a
room as you navigate it in the dark based on non-visual
information and your action patterns, practice and experience
also enables the visual system to visualize navigating the
room even when you are not in fact navigating it but only
“imagining” it.

Conclusion
The three ways of extending perception we have articulated
provide the conceptual framework ecological psychology
needs for its scaling up. These are resources ecological
psychology already has at its disposal and can apply to
develop a full understanding of cognition. By identifying
these resources as revealing cognitive extensions of
perception, our hope is first to make clear why the ecological
approach rejects the cognitive-perception distinction: not
because it denies the existence of high cognitive processes
and abilities, but rather because it places them in continuity
with perception. And second, by sketching this ecological
view of cognition as an extension of perception, we have
shown how the ecological framework can still capture a
variety of important cognitive phenomena and make sense of
ordinary psychological experience. Even though we have not
explicitly argued that ecological psychology gives a better
overall account of cognition than its competitors, our
argument shows that, at the very least, ecological psychology
has been more successful in fulfilling the basic task scientific
theories have of advancing our understanding by providing
clear correctives for folk psychology.
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Abstract
The ability to process social information is a critical component of children’s early language and cognitive development.
However, as children reach their first birthday, they begin to
locomote themselves, dramatically affecting their visual access to this information. How do these postural and locomotor
changes affect children’s access to the social information relevant for word-learning? Here, we explore this question by using head-mounted cameras to record 36 infants’ (8-16 months
of age) egocentric visual perspective and use computer vision
algorithms to estimate the proportion of faces and hands in infants’ environments. We find that infants’ posture and orientation to their caregiver modulates their access to social information, confirming previous work that suggests motoric developments play a significant role in the emergence of children’s linguistic and social capacities. We suggest that the combined use
of head-mounted cameras and the application of new computer
vision techniques is a promising avenue for understanding the
statistics of infants’ visual and linguistic experience.
Keywords: social cognition; face-perception; infancy; locomotion; head-cameras; deep learning

Introduction
From early infancy, children are deeply engaged in learning
from others. Even newborns tend to prefer to look at faces
with direct vs. averted gaze (Farroni, Csibra, Simion, & Johnson, 2002) and young infants follow overt gaze shifts (Gredebäck, Fikke, & Melinder, 2010). Further, when infants attend to video stimuli, they tend to look mostly at faces at the
expense of other visual information – though older infants
start to look towards people’s hands and the actions they are
performing (Frank, Vul, & Saxe, 2012).
Then, however, their view of the world radically changes
(Adolph & Berger, 2006). Infants’ motor abilities improve
dramatically near the end of the first year of life, allowing
them to locomote independently. These motor changes have
significant consequences for what children see. For example,
during spontaneous play in a laboratory playroom, toddlers
are more likely to look at the floor while crawling than while
walking (Franchak, Kretch, Soska, & Adolph, 2011); in general, walking infants tend to have full visual access to their
environment and the people in it, while crawling infants do
not (Kretch, Franchak, & Adolph, 2014).
These motor improvements lead to developmental cascades that impact children’s emerging social, cognitive, and
linguistic abilities in various ways. For example, postural
changes impact how children interact with their mothers:
walking (vs. crawling) infants make different kinds of objectrelated bids for attention from their mothers, tend to hear
more action directed statements (e.g., “open it”), and tend to
∗ These

authors contributed equally to this work.

explore their surroundings more (Karasik, Tamis-LeMonda,
& Adolph, 2014; Thurman & Corbetta, 2017). In an observational study, Walle & Campos (2014) found that children
who were able to walk had both higher receptive and productive vocabularies. Thus, children’s ability to independently
locomote may change their ability to access social information (e.g., faces, gaze) and in turn accelerate their learning.
Recent technological developments allow for testing of
this hypothesis by documenting the experiences of infants
and children from their own perspective. By using headmounted cameras, researchers have begun to record the visual
experiences of infants and children – which even for walking children are extremely different from the adult perspective (and not easily predicted by our own adult intuitions)
(Clerkin, Hart, Rehg, Yu, & Smith, 2017; Franchak et al.,
2011; Yoshida & Smith, 2008). Children’s views tend to be
more restricted and dominated by objects and hands (Yoshida
& Smith, 2008), and computational and empirical work suggests that this restricted viewpoint may be more effective
for learning objects and their labels than the comparable
adult perspective (Bambach, Crandall, Smith, & Yu, 2017;
Yurovsky, Smith, & Yu, 2013). This perspective changes over
the first two years of life, as visual input transitions from primarily containing close up views of faces to capturing views
of hands paired with the objects they are acting on (Fausey,
Jayaraman, & Smith, 2016).
Here, we directly examine whether postural and locomotor developments change the availability of social information – the presence of faces and hands. We recorded the visual experience of a group of infants in three age ranges (8,
12, and 16 months) using head-mounted cameras during a
brief laboratory free-play session; children’s posture and orientation relative to their caregiver were also recorded from
a third-person perspective and hand-annotated. Recent work
directly examined how postural developments change access
to social information in 12 month-olds in a similar paradigm,
finding support for the motoric hypothesis (Franchak, Kretch,
& Adolph, 2017). Here we replicate and extend their main
finding using novel computer vision techniques to allow for
video analysis at scale. In particular, we capitalize on recent
improvements in face and pose detection algorithms (Cao, Simon, Wei, & Sheikh, 2017; K. Zhang, Zhang, Li, & Qiao,
2016) to analyze the frequencies of faces and hands (using
wrists as a proxy for the latter) in the child’s visual environment, both overall and relative to naming events by their caregivers. We predicted that there would be differential access
to social information based on children’s postural developments: crawling infants would see fewer faces because they
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would primarily be looking at the ground, while walking toddlers would have access to a richer visual landscape, thus providing children with greater access to the social information
in their environment.

Methods
Participants Our final sample consisted of 36 infants and
children, with 12 participants in three age groups: 8 months
(6 F), 12 months (7 F), and 16 months (6 F). Participants
were recruited from the surrounding community via state
birth records, had no documented disabilities, and were reported to hear at least 80% English at home. Demographics
and exclusion rates are given in the table below.
Group
8 mo.
12 mo.
16 mo.

N
12
12
12

% incl.
0.46
0.40
0.31

Avg age
8.71
12.62
16.29

Avg video length (min)
14.41
12.71
15.10

To obtain this final sample, we tested 95 children, excluding 59 children for the following reasons: 20 for technical
issues related to the headcam, 15 for failing to wear the headcam, 10 for fewer than 4 minutes of headcam footage, 5 for
having multiple adults present, 5 for missing Communicative
Development Inventory (CDI) data, 2 for missing scene camera footage, 1 for fussiness, and one for sample symmetry. All
inclusion decisions were made independent of the results of
subsequent analyses. Some of these data were also analyzed
in Frank, Simmons, Yurovsky, & Pusiol (2013).

Figure 1: Vertical field of view for two different headcam
configurations (we used the lower in our current study).
Head-mounted camera We used a small, head-mounted
camera (“headcam”) that was constructed from a MD80
model camera attached to a soft elastic headband. Videos
captured by the headcam were 720x480 pixels with 25 frames
per second.1 A fisheye lens was attached to the camera to increase the view angle from 32◦ horizontal by 24◦ vertical to
64◦ horizontal by 46◦ vertical (see Figure 1, above).
Even with the fish-eye lens, the vertical field of view of the
camera is still considerably reduced compared to the child’s
1 Detailed instructions for creating this headcam can be found
at http://babieslearninglanguage.blogspot.com/2013/10/
how-to-make-babycam.html.

field of view, which spans around 100–120◦ in the vertical
dimension by 6-7 months of age (Cummings, Van Hof-Van
Duin, Mayer, Hansen, & Fulton, 1988; Mayer, Fulton, &
Cummings, 1988). As we were primarily interested in the
presence of faces in the child’s field of view, we chose to orient the camera upwards to capture the entirety of the child’s
upper visual field where the child is likely to see adult faces,
understanding that this decision limited our ability to detect
hands (especially those of the child, which are typically found
at the bottom of the visual field).
Procedure All parents signed consent documents while
children were fitted with the headcam. If the child was uninterested in wearing the headcam or tried to take it off, the experimenter presented engaging toys to try to draw the child’s
focus away from the headcam. When the child was comfortable wearing the headcam, the child and caregiver were
shown to a playroom for the free-play session. Parents were
shown a box containing three pairs of novel and familiar objects (e.g., a ball and a microfiber duster, named a “zem”),
and were instructed to play with the object pairs with their
child one at a time, “as they typically would.” All parents
confirmed that their child had not previously seen the novel
toys and were instructed to use the novel labels to refer to the
toys. The experimenter then left the playroom for approximately 15 minutes, during which a tripod-mounted camera in
the corner of the room recorded the session and the headcam
captured video from the child’s perspective.
Data Processing and Annotation Headcam videos were
trimmed such that they excluded the instruction phase when
the experimenter was in the room and were automatically
synchronized with the tripod-mounted videos using FinalCut
Pro Software. These sessions yielded 507 minutes (almost
a million frames) of video, with an average video length of
14.07 minutes (min = 4.53, max = 19.35).
Posture and Orientation Annotation We created custom annotations to describe the child’s physical posture
(e.g. standing) and the orientation of the child relative to the
caregiver (e.g. far away). The child’s posture was categorized as being held/carried, prone (crawling or lying), sitting, or standing. The caregiver’s orientation was characterized as being close, far, or behind the child (independent of
distance). For the first two annotations (close/far from the
child), the caregiver could either be to the front or side of the
child. All annotations were made by a trained coder using the
OpenSHAPA/Datavyu software (Adolph, Gilmore, Freeman,
Sanderson, & Millman, 2012). Times when the child was out
of view of the tripod camera were marked as uncodable and
were excluded from these annotations.

Face and Hand Detection
We used three face detection systems to measure infants’ access to faces. The first of these is the most commonly-used
and widely available face detection algorithm: Viola-Jones.
We used this algorithm as a benchmark for performance, as
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while it can achieve impressive accuracy in some situations,
it is notoriously bad at dealing with occluded faces (Scheirer,
Anthony, Nakayama, & Cox, 2014). We next tested the performance of two face detectors that both made use of recently
developed Convolutional Neural Networks (CNNs) to extract
face information. The first algorithm was specifically optimized for face detection, and the second algorithm was optimized to extract information about the position of 18 different
body parts. For the second algorithm (OpenPose; Cao et al.,
2017), we used the agent’s nose (one of the body parts detected) to operationalize the presence of faces, as any half of
a face necessarily contains a nose.
The OpenPose detector also provided us with the location
of an agent’s wrists, which we used as a proxy for hands for
two reasons. First, as we did not capture children’s entire
visual field, the presence of a wrist is likely often indicative of
the presence of a hand within the field of view. Second, hands
are often occluded by objects when caregivers are interacting
with children, yet still visually accessible by the child and
part of their joint interaction.
Algorithms The first face detection system made use of
a series of Haar feature-based cascade classifiers (Viola &
Jones, 2004) applied to each individual frame. The second
algorithm (based on work by K. Zhang et al. (2016)) uses
multi-task cascaded convolutional neural networks (MTCNNs) for joint face detection and alignment, built to perform well in real-world environments where varying illuminations and occlusions are present. We used a Tensorflow implementation of this algorithm avaliable at https:
//github.com/davidsandberg/facenet.
The CNN-based pose detector (OpenPose; Cao et
al., 2017; Simon, Joo, Matthews, & Sheikh, 2017;
Wei, Ramakrishna, Kanade, & Sheikh, 2016) provided the locations of 18 body parts (ears, nose,
wrists, etc.) and is available at https://github.com/
CMU-Perceptual-Computing-Lab/openpose. The system
uses a CNN for initial anatomical detection and subsequently
applies part affinity fields (PAFs) for part association, producing a series of body part candidates. The candidates are then
matched to a single individual and finally assembled into a
pose; here, we only made use of the body parts relevant to the
face and hands (nose and wrists).
Detector evaluation To evaluate face detector performance, we hand-labeled a “gold set” of labeled frames. To account for the relatively rare appearance of faces in the dataset,
we hand-labeled two types of samples: a sample containing
a high density of faces (half reported by MTCNN, half by
OpenPose) and a random sample from the remaining frames.
Each sample was comprised of an equal number of frames
taken from each child’s video. For wrist detections, the “gold
set” was constructed in the same manner, except frames with
a high density of wrists came only from detections made by
OpenPose. Faces were classified as present if at least half of
the face was showing; wrists were classified as present if any

part of the wrist was showing. Precision (hits / hits + false
alarms), recall (hits / hits + misses), and F-score (harmonic
mean of precision and recall) were calculated for all detectors and are reported in Table 1.
For face detection, MTCNN outperformed OpenPose
when taking into account only the composite F-score (0.89
MTCNN vs. 0.83 OpenPose). Although MTCNN and
OpenPose performed comparably with the random sample,
MTCNN performed better on the high density sample (specifically looking at precision), suggesting that OpenPose generated more false positives than MTCNN. ViolaJones performed quite poorly relative to the other detectors, especially
with respect to the random sample. We thus use MTCNN
detections in the following analyses. For wrist detection,
OpenPose performed moderately well (F = 0.74) with relatively high precision but low recall on the randomly sampled
frames (see Table 1). We thus analyze wrist detections, with
the caveat that we are likely underestimating the proportion
of hands in the dataset.
Algorithm
MTCNN-Faces
MTCNN-Faces
OpenPose-Faces
OpenPose-Faces
ViolaJones-Faces
ViolaJones-Faces
OpenPose-Wrists
OpenPose-Wrists

Sample Type
High density
Random
High density
Random
High density
Random
High density
Random

P
0.89
0.94
0.78
0.72
0.96
0.44
0.66
0.88

R
0.92
0.62
0.93
0.80
0.44
0.38
1.00
0.29

F
0.90
0.75
0.84
0.76
0.60
0.41
0.79
0.43

Table 1: Detector performance on both high density samples
(where proportion of targets detected was high) and random
samples (where frames were randomly selected). P, R, and F
denote precision, recall, and F-score, respectively. Scores in
bold are the highest F-scores for each sample type.

Results
Changes in Posture and Orientation
The proportion of time infants spent sitting decreased with
age, and the proportion of time infants spent standing increased with age. Both 8-month-olds and 12-month-olds
spent equivalent amounts of time lying/crawling, which was
markedly decreased in the 16-month-olds, who spent most of
their time sitting or standing (see Figure 3). We also observed
changes in children’s orientation relative to their caregivers:
the 8-month-olds spent more time with their caregiver behind
them supporting their sitting positions (see Figure 3).

Changes in Access to Faces and Hands
We examined the proportion of face and hand detections
across age (see Figure 4). We observed a slight U-shaped
function in face detections, such that 12-month-olds appeared
to have visual access to slightly fewer faces than 8 or 16month-olds; conversely, hand detections perhaps appeared to
generally increase with age.
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Figure 2: Example face and pose detections made by OpenPose (top row) and MTCNN (bottom row) from a child in each age
group. The last column features a false positive from OpenPose and a false negative from MTCNN.
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Figure 4: Proportion of faces detected by the MTCNN model
(left) and wrists detected by the OpenPose model (right) as a
function of child’s age. Larger dots indicate children who had
longer play sessions and thus for whom there was more data.

orientation

0.75

OpenPose-Wrists

far

0.00
8 m.
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Figure 3: Proportion of time that infants in each age group
spent in each posture/orientation relative to their caregiver.

Age related effects were much smaller than postural and
locomotor changes on children’s visual access to faces and
hands. Children’s posture was a major factor both in how
many faces and hands they saw during the play session. Infants who were sitting saw more faces than infants who were
lying down or being carried, while infants who were standing
saw the most faces (Figure 5, upper panel); this same pattern
was also true for hand detections. Children’s orientation also
impacted their visual access to faces and hands: children who
were far away from their caregiver were more likely to see
faces/hands than children who were close to their caregiver
(Figure 5, lower panel).
To formalize these observations, we fit two generalized linear mixed-effect models for the proportion of faces and the

proportion of hands infants saw in each posture and orientation, with participant’s age, orientation, and posture as fixed
effects and with random slopes for infants’ orientation. Random slopes for posture or interactions between our fixed effects caused the models to fail to converge.
A summary of the coefficients of the models can be found
in Table 2. While infants’ posture and orientation significantly impacted the proportion of faces and hands that infants
saw, age was not a significant predictor in either model. Thus,
these results suggest that infants’ visual access to social information is modulated by their posture and orientation, which
is in turn a function of their general locomotor development.

Access to Faces and Hands During Labeling Events
Finally, we explored how face and hand detections changed
during object labeling events as a function of infants’ posture and orientation. We analyzed a four-second window
around each labeling event (e.g., “Look at the [zem]!”); these
labeling events were hand-annotated and synchronized with
the frame-by-frame face/hand detections. We found that infants’ posture and orientations modulated their visual access
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Figure 5: Proportion of face / wrist detections by children’s age, posture (top panel), and orientation (bottom panel).

to faces and hands during labeling events; infants who were
sitting or standing were more likely to have visual access to
this social information (see Figure 6). However, we did not
find that infants saw particularly more faces or hands during
naming events relative to baseline (avg. difference in proportion of hands, 8 m.o. = 0.012, 12 m.o. = 0.012, 16 m.o. =
0.013; avg. difference in proportion of faces, 8 m.o. = 0.003,
12 m.o. = 0.01, 16 m.o. = 0.018).

General Discussion
We used a head-mounted camera to explore how children’s
postural and locomotor development affects their visual access to social information, here operationalized as the presence of the faces and hands of their caregiver. Children’s
posture and orientation towards their caregiver changed systematically across age, and both of these factors influenced
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Table 2: Model coefficients from generalized linear models
predicting the proportion of faces (upper panel) and hands
(lower panel) seen by children.
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the proportion of faces and hands in the child’s visual field.
Though our cameras were oriented to capture face information, we nonetheless saw an influence of orientation and posture on visual access to hands. Motor development appears to
modulate how infants experience their visual world and the
social information in it.
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Figure 6: Proportion of face and hand detections around a
naming instance (’Look, a Zem’; +/- 2 seconds around each
utterance) as a function of infants’ posture. Error bars represent non-parametric bootstrapped 95 % confidence intervals.
We created a situation in which the context of interaction
was tightly controlled, but as children grow and change, the
activities in which they engage with their caregivers also vary,
leading to differences in the distribution of contexts they experience. Thus, more work is needed to understand how our
results relate to children’s home experiences (Fausey et al.,
2016). The ability to walk is part of a cascade of changes

2416

in children’s experience, and our study captures only a crosssectional slice of this broader, multifaceted trajectory.
Understanding these changes has been a persistent challenge for developmental psychology, but the field of computer
vision has advanced dramatically in recent years, creating a
new generation of algorithmic tools. These tools deal better with noisier, more complicated datasets and extract richer
information than previous systems. We hope that these new
tools can be leveraged to understand the changing infant perspective on the visual world and the implications of these
changes for linguistic, cognitive, and social development.
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Abstract
Research in psychology on reasoning has often been restricted
to relatively inexpressive statements involving quantifiers.
This is limited to situations that typically do not arise in
practical settings, such as ontology engineering. In order
to provide an analysis of inference, we focus on reasoning
tasks presented in external graphic representations where
statements correspond to those involving multiple quantifiers
and unary and binary relations. Our experiment measured
participants’ performance when reasoning with two notations.
The first used topology to convey information via node-link
diagrams (i.e. graphs). The second used topological and
spatial constraints to convey information (Euler diagrams with
additional graph-like syntax). We found that topologicalspatial representations were more effective than topological
representations. Unlike topological-spatial representations,
reasoning with topological representations was harder when
involving multiple quantifiers and binary relations than single
quantifiers and unary relations. These findings are compared
to those for sentential reasoning tasks.
Keywords: inference; diagrammatic reasoning; external
representation; quantifiers; unary and binary predicates

Introduction
In the literature of psychology of reasoning, categorical syllogisms, e.g., All B are A; some B are C; therefore some C
are A, have been intensively studied (for a survey, see Khemlani & Johnson-Laird 2012). However, it may not be true that
categorical syllogisms are most frequently used in our daily
life. Non-syllogistic forms of reasoning have attracted particular attention in the study presented in this paper, which encompasses the case of binary verbs (requiring two terms) and
multiple quantifiers, such as All koalas eat only eucalyptuses.
This is achieved through external graphical representations
where quantification is implicit in the formed statements; examples will be given later.
Some cognitive studies have been already beyond the traditional framework of categorical syllogisms. Johnson-Laird,
Byrne, and Tabossi (1989) dealt with syllogisms involving
verbs, for example, from the premises All A is in the same
place as some B; All B is in the same place as all C to the
conclusion All A is in the same place as all C. However,
the verbs are restricted to spatial binary ones with transitivity
or symmetry. The similar restriction was applied to the recent study of Ragni and Sonntag (2012). These studies adopt
an approach from the viewpoint of mental model theory, and
propose that mental representations for multiply quantified
sentences consist simply of alphabets or dots with different
shapes representing individuals. However, such simple repre-

sentations, by way of only using spatial verbs, hardly represent general cases that use binary verbs.
Geurts and van der Slik (2005) used mixed forms of syllogisms with single and double quantifiers; for example, Most
A played against more than two B and All B were C implies
Most A played against more than two C. They demonstrated
the effect of monotonicity profiles of quantifiers, rather than
specific mental representations and processes. In addition,
non-standard quantifiers, for example, cardinal (numerical)
quantifiers such as more than three (Kroger et al., 2008),
proper nouns such as a is an A (“a” is an individual constant) (Politzer & Mercier, 2008; Khemlani, Lotstein &
Johnson-Laird, 2014), and proportional quantifiers such as
most and few (Ragni, Singmann, & Steinlein, 2014; Sato &
Mineshima, 2016) have been also explored. However, their
scopes of the studies were still restricted to the syllogistic
form consisting of minor, major, and middle terms. Furthermore, each extended case was explored separately and
there have been few comparison between single quantifiers
and multiple quantifiers.
By contrast, recent developments in ontology engineering
cast a new light on natural language inferences, contributing to the expanding coverage of psychological reasoning
tasks. Nguyen et al. (2012) collected deduction patterns (inference tasks), demonstrating the prevalence of a wide variety of forms of reasoning with quantifiers and unary and binary relations. Using novice participants, performance using
the deduction patterns as inference tasks was evaluated. It
was found that there was a difficulty gap between reasoning
with single quantifiers and reasoning with multiple quantifiers, with 76.4% accuracy for (statements involving) single
quantifiers and 59.0% for multiple quantifiers. This leads to
two important questions. What makes reasoning with multiple quantifiers hard? What kind of cognitive processes of
reasoning do people take?
A main concern of these questions is inference tasks, which
are distinguished from interpretations, but inference necessarily follows the process of interpreting premises. So it
is important for the interpretation to be fixed in any way
when exploring the nature of human inferences. Indeed,
Stenning and van Lambalgen (2001) emphasized the distinction of two kind of reasoning: reasoning toward an interpretation of premises and reasoning from a fixed interpretation of premisses.1 Based on the approach of using easy-to-
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1 In

addition, Stenning and van Lambalgen clearly stated that “If

understand representations (Sato & Mineshima, 2015; Sato et
al., 2018), the current study adapts external visual representations, instead of ordinal representations of natural language
sentences, to fix the interpretation of premises and provide a
fine-grained analysis of inference (see the next section). In
particular, we focus on two distinct graphical representations.
The first exploits topology to convey information via nodelink diagrams (i.e. graphs), hereinafter called a topological
representation. The second exploits topological and spatial
constraints to convey information (Euler diagrams with additional graph-like syntax), hereinafter called a topo-spatial
representation. Importantly, both representations convey information that is semantically rich. They give rise to statements involving either single quantifiers (unary relations) or
involving multiple quantifiers along with binary relations.

Task analysis
Topological and topo-spatial representations
As mentioned in the Introduction, human reasoning with
quantifiers is necessary in a wide variety of single and multiple quantified forms, in a line with the recent development of ontology engineering. Historically, ontologies had
been defined using some kinds of graphs (e.g., Brachman &
Schmolze, 1985) since before the formulations of description logics and web ontology languages (W3C OWL Working Group, 2012). As a graph representation for OWL constructs, this study focuses on the Simple Ontology Visualization API: SOVA (Itzik & Reinhartz-Berger, 2014), as shown
in Fig.1a-b. Note here that SOVA graphs are fundamentally
composed of nodes and links but graphs as full ontology representations need more variant kinds of nodes and links.
In SOVA, nodes are mainly used for classes (i.e., sets), individuals, all things (T), nothing (NT), anonymous classes
(A), natural numbers (N), minimum/maximum/exactly cardinalities, negation (¬), intersection (∩), union (∪), binaryverbs with/without universal (all) restriction (∀:) and
with/without existential (some) restriction (∃:). In addition, links are used for the relations of isSubclassOf (whiteheaded arrow), DisjointClasses (double-black-headed reverse
arrow), EquivalentClasses (double-black-headed arrow), IntersectionOf (circle-headed arrow to node ∩), UnionOf (circleheaded arrow to node ∪), ComplementOf (circle-headed arrow to node ¬), InstanceOf (line between concept and individual), binary-verbs (black-headed arrow), binary-verbs
with universal restriction and “everything” in subject term
(white-diamond-headed line), binary-verbs with universal restriction and “everything” in object term (dot-headed line).
SOVA graphs, whilst more complex than those as in Hartley
and Barnden (1997), but are still composed of topological relationships in nodes and links, giving rise to semantic meaning of expressive statements involving quantifiers.
As well as topological relations, spatial relations – such as
inclusion and exclusion – are available. We focus on concept diagrams (Stapleton et al., 2017; 2018) as a topo-spatial
the interpretation is not fixed, what is one actually testing? (p.291)”.

representation of ontologies, as shown in Fig.1c-d. The basic
idea of concept diagrams is that Euler diagrams and graphs
(nodes and links) are merged; for a similar approach, see
Harel (1988), although that system is not expressive enough
to fully represent ontologies. In concept diagrams, rectangles represent all things, named (labelled) curves represent
classes, unnamed curves are used for anonymous classes,
dots for individuals, shading illustrates the absence of things.
Also numbers and inequality symbols (≥ n, ≤ n) place cardinality constraints (e.g., ≥ 1 means at least one thing), solid
arrows with labels (binary-verbs with universal restriction),
dashed arrows with labels (binary-verbs with existential restriction), and dashed arrows with inequalities (binary-verbs
with number restrictions) are used. Furthermore, relations are
divided into two types: set-theoretical one and binary-verb.
Set-theoretical relations (e.g., SubclassOf, DisjointClasses,
EquivalentClasses, IntersectionOf, UnionOf, ComplementOf,
InstanceOf) are expressed by spatial (inclusion and exclusion)
relations of the corresponding syntactic objects. Binary-verb
relations are expressed by arrows from source objects to target objects.

Reasoning with multiple quantifiers in topological
and topo-spatial representations
We can make inferences using topological representations of
SOVA graphs and using topo-spatial representations of concept diagrams. In such diagrammatic reasoning tasks, one
is asked to judge whether the diagram transformations from
premises to a conclusion are valid. Here, the premise diagrams are true and they are transformed into the conclusion
diagram. If the conclusion diagram is true, given the information in the premise diagrams, the transformation is valid.
Otherwise the transformation is not valid.
Fig.1 shows examples of tasks and Fig.2 illustrates possible
intermediate representations generated by merging premise
diagrams. In each figure, (a) and (b) are SOVA cases (c)
and (d) are concept diagram (Euler or Venn diagram) cases.
Cases (a) and (c) give rise to statements about sets and unary
relations involving single quantifiers, hereinafter called the
‘single quantifier’ case, and are translated as Everything is a
darfellan & No grippli is a darfellan; therefore, nothing is a
grippli. Cases (b) and (d) give rise to the statements about
sets and binary relations involving multiple (double) quantifiers, hereinafter called the ‘multiple quantifier’ case, and are
translated as Every daemonfey is related to at least one thing
in both axani and phoera under ’isGuidedBy’ & No axani is
a phoera; therefore, nothing is a daemonfey.
Here we can observe that, in reasoning with single quantifiers, SOVA and concept (Euler/Venn) diagrams are similar
in that unary relations are expressed by one basic component:
SOVA links two nodes and concept diagrams use spatial relations. In SOVA, expressing binary verbs (between quantifies)
requires multiple arrows among nodes.2 Thus, transforming
2 Stenning (2002, Chap.2) pointed out that graph (node-link) representations are essentially same as sentential representations in that
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(a)

(c)

————————————————

(b)

(d)

———————————————————————–

Fig. 1: Task examples. Two premises and one conclusion are divided by a line: (a) topological representations in single
quantifier case; (b) topological representations in multiple quantifier case; (c) topo-spatial representations in single quantifier
case; (d) topo-spatial representations in multiple quantifier case. (a) and (c) mean Everything is a darfellan & No grippli is a
darfellan; therefore, nothing is a grippli. (b) and (d) mean Every daemonfey is related to at least one thing in both axani and
phoera under ’isGuidedBy’ & No axani is a phoera; therefore, nothing is a daemonfey.

(a)

(b)

(c)

(d)

Fig. 2: Possible intermediate representations by merging premise diagrams, corresponding to the cases (a)–(d) in Fig.1
SOVA in reasoning with multiple quantifiers is expected to
require much more cognitive effort than reasoning with single quantifiers. On the other hand, in concept diagrams, binary verbs are expressed by one arrow in which the source
and target are directly specified (since unary relations are expressed by spatial constraints instead of arrows). Thus, reasoning with multiple quantifiers may not require much more
effort than reasoning with single quantifiers.
We therefore make four predictions. (1) reasoning with
single quantifiers: there is no significant difference between
the two representations. (2) reasoning with multiple quantifiers: topo-spatial representations are more effective than
topological representations. (3) reasoning with topological
representations: multiple quantifiers are harder than single
quantifiers. (4) reasoning with topo-spatial representations:
there is no direct correspondence between syntax and semantics.

there is no significant difference between single and multiple
quantifiers.

Experiment
Method
Participants Fourty-five undergraduate students from
classes on elementary computer science in the University
of Brighton were recruited. The mean age was 22.53
(SD = 5.92) with a range of 18 − 48 years. All participants
gave informed consent and were paid for their participation.
The experiment method was approved by the CEM School
Research Ethics Panel of University of Brighton. None had
any prior training of ontology engineering or syllogistic
logic. One participant gave up on the way, and their data
was excluded. Participants were divided into two groups:
the topological group (N = 19) and the topo-spatial group
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(N = 25), following a between group design.
Materials The participants in each group were presented
with premise graphs/diagrams and a conclusion graph/diagrams (such as Fig.1). Participants were asked to answer
the question whether the graph/diagram transformations from
premises to a conclusion were valid. As shown in table 1
(appendix), we presented 20 items in total, out of which 10
items consisted of validly transformed diagrams and 10 items
included invalidly transformed diagrams. The valid 10 items
were selected from the medium difficulty patterns in Nguyen
et al. (2012). The invalid items were created from the valid
ones with minimum changes. Furthermore, the tasks were
divided into singly quantified cases and multiply quantified
cases. The tasks were presented in one of three random orders and as a paper-and-pencil test. There was no time limit
for completing the tasks, although the approximate time (30
minutes) for taking the experiment was instructed.
Procedures All participants were collected in a room. First,
the participants were provided with three pages of instructions on the basic meaning of SOVA graphs or concept diagrams, but not on particular rules to solve inference tasks.
Second, a pretest to check whether they understood the
instructions correctly was conducted; they were asked to
choose, from a list of three possibilities, the sentence corresponding to a given graph/diagram (the potential difference of
familiarities of representations is reduced since both groups
received substantial instruction and underwent practice trials: cf. Sato & Mineshima, 2015). Third, the participants
were provided with one page of instruction on the meaning
of valid transformation (entailment), with two examples of
graphs/diagrams: one was valid and one was invalid.3 After
the instruction phase, the participants were asked to solve the
main tasks on reasoning.

A post-hoc test by Bonferroni’s method was conducted.
Regarding the reasoning with single quantifiers, there was no
significant difference: 63.8% for the topological group and
71.9% for the topo-spatial group F = 1.834, p = 0.071. This
is consistent with our first prediction. Regarding the reasoning with multiple quantifiers, the accuracy rates in the topospatial group were significantly higher than those in the topological group: 53.1% for the topological group and 66.2% for
the topo-spatial group F = 2.938, p = 0.005. This supports
our second prediction. In the topological group, reasoning
with multiple quantifiers were significantly harder than reasoning with single quantifiers, F = 2.849, p = 0.007. This
conforms to our third prediction. In the topo-spatial group,
there was no significant difference between single quantifiers
and multiple quantifiers, F = 1.532, p = 0.134, consistent
with our fourth prediction.
In each comparison between valid and invalid items, there
was no significant difference at the threshold of 5% in twotailed t-tests. (i) 58.1% for valid items vs. 58.8% for invalid items in the topological group (t = −0.085); 71.9 for
valid items vs. 66.2% for invalid items in the topo-spatial
group (t = 1.059) (ii) 66.3% for valid items with single quantifiers vs. 61.3% for invalid items with single quantifiers
in the topological group (t = 0.516); 79.0% for valid items
with single quantifiers vs.64.8% for invalid items with single
quantifiers in the topo-spatial group (t = 1.878) (iii) 50.0%
for valid items with multiple quantifiers vs. 56.3% for invalid items with multiple quantifiers in the topological group
(t = −0.682); 64.8% for valid items with multiple quantifiers
vs. 67.8% for invalid items with multiple quantifiers in the
topo-spatial group (t = −0.370). This shows that the accuracy performance is not different between valid and invalid
items.

General discussion

Results and Discussion
The data of the participants who made mistakes in more than
two items (out of five) of the pretest were removed. In the
following analysis, 3 out of 19 in the topological group, and 4
out of 25 participants in the topo-spatial group were removed.
Figure 3 shows the average accuracy rates of inference
tasks in the two groups; for each task result, see table 1 in
the appendix. The data was subjected to two-way ANOVA
for a mixed design. There was a significant main effect of notation factor (i.e., topological vs. topo-apatial), F = 4.435,
p = 0.042. There was a significant main effect of factor
involving quantifiers (i.e., single vs. multiple quantifiers),
F = 4.712, p = 0.037. There was no significant interaction
effect, F = 0.426, p = 0.518. Regarding the total 20 items,
the accuracy rates in the topo-spatial group were significantly
higher than those in the topological group: 58.4% for the
topological group and 69.1% for the topo-spatial group.
3 For the full details of instruction,
see https://
sites.google.com/site/myardproject/exp/MateInst3
.zip?attredirects=0&d=1

In summary, our experiment suggests that topo-spatial representations, such as concept diagrams, can be more effective
than topological representations, such as SOVA, in reasoning
tasks containing multiply quantified information. In topological representations, reasoning with multiple quantifiers was
harder than reasoning with single quantifiers. But in topospatial representations, there was no significant difference between these cases. That is, in the topo-spatial case, the difficulty of the inference task did not increase when richer information was conveyed by the premises.
Regarding the performance difference between single and
multiple quantifiers, it is noted that the tendency of reasoning from topological representations is similar to those of
sentential reasoning, reported in Nguyen et al. (2012) as
mentioned in the Introduction. This finding sheds light on
the fact that mental representations elicited from sentences
contain simple components only, rather than the hybrid components which realize some efficient way to represent tasks.
Indeed, whether model-like representations based on linked
data points (Johnson-Laird et al., 1989; Ragni & Sonntag,
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Fig. 3: Average accuracy rates of inference tasks in the topological group and the topo-spatial group. Error bars represent one
standard deviation. * refers to a significant difference at p < 0.05. ** refers to p < 0.01.
2012; Greene, 1992) or syntactic representations corresponding to parsing trees/graphs of sentences (Braine, 1998), mental representations to express multiple quantifiers are assumed
to be more complex than those of single quantifiers. Of
course, the complexity can be reduced, for example, by using additional inventions such as set-theoretical and spatial
notions, rather than linking of each simple component. However, the inventions seem to be rarely used spontaneously in
people not-trained in logic and mathematics. Accordingly,
Bucciarelli and Johnson-Laird (1999) pointed out that the use
of Euler circles is a sophisticated method provided by school
education and is not natural as naive people’s mental representations of quantified assertions (p.296).
Can the result that topo-spatial representations were effective in reasoning with multiple quantifiers provide some
implication to cognitive science? The findings of effective
expression of tasks can contribute to task naturalization in
the psychology of reasoning (Politzer, Bosc-Miné & Sander,
2017). If the aim of the current research is measuring people’s
actual logical (not puzzle solving) capability, tasks involving
inference, as opposed to just interpretation, should be set for
participants 4 . Our experiment implies that the way to express
single quantifiers as spatial relations and multiple quantifiers
as topological relations, rather than both types expressed as
topological relations, is natural for the cognitive task of reasoning with multiple quantifiers.
Furthermore, our findings in inference or entailment judgment are in contrast to those of consistency checking (Sato et
al., 2017), where topological representations were more effective than topo-spatial representations. Consistency checking is a kind of logical reasoning in which people are asked to
answer the question of whether the meaning of a diagram was
contradictory. The contrast between these empirical findings
suggests that there are two distinct cognitive process under4 For example, the errors caused by the misinterpretation of
premises should be blocked here, as discussed in the Introduction.

lying logical reasoning from external diagrams. One is a pattern matching strategy, especially based on syntactic forms of
representations. While patterns of conclusions entailed from
premises are unlimited (but in the case of syllogisms, there
are some restrictions), there are certain (common) patterns of
inconsistency that are exhibited by statements. In the tasks
of consistency checking, then, the strategy to syntactically
match patterns to target representations can be reasonable.
This strategy is suitable for notations which are expressed
in a uniform way. Thus, this suggests to us why topological representations were superior than topo-spatial representations in consistency checking tasks. Another strategy is a
more semantic. As shown in Fig.1, the conclusion such as
Nothing is an A requires reasoners to generate some new objects which cannot be found only in syntactic manipulations
of representations. Such processes are available only when
reasoners correctly understand semantic meanings of given
representations. This semantic process might be suitable for
the topo-spatial representations.
In this study, we dealt with deductive inference patterns beyond the forms of syllogisms, but, of course, all of them were
not covered. For example, we did not handle relations between verbs, e.g., ‘bought’ isInverseOf ‘wasSoldBy’, which
is a common style of premise in ontology engineering. So
these should be analyzed in a next step. Through further
extended studies, the nature of human reasoning in general
would be explored.

Appendix
Lists of experimental tasks and their results are shown
in Table 1. #01–10 are valid items; #11–20 are invalid
items. #01–05/#11–15 are relevant to single quantifiers only;
#06–10/#16–20 are relevant to multiple quantifiers.
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Table 1: Lists of experimental tasks and their results.
No
01.
02.
03.
04.
05.
06.
07.
08.
09.
10.
11.
12.
13.
14.
15.
16.
17.
18.
19.
20.

Premises ⇒ Conclusion
(Every A is a B) & (no A is a B) ⇒ (nothing is an A)
(No A is a B) & (every C is an A) & (every D is a B) ⇒ (no C is a D)
(Every A is a (every B is a C)) & (every B is a C) ⇒ (every A is a C)
(Everything is a B) & (no A is a B) ⇒ (nothing is an A)
(Every A is a B) & (every A is non-B) ⇒ (nothing is an A)
(Every A is related to at least one B under R) & (Everything that something is related to under R is a C)
⇒ (every C is related to at least one thing in both B and C)
(Every A is related to at least one thing in both B and C under R) & (no B is a C) ⇒ (nothing is an A)
(Every A is related to at least three things in B under R) & (every A is related to at most one B under R) ⇒ (nothing is an A)
(Every A is related to at least one B under R) & (every B is nothing) ⇒ (nothing is an A)
(Every A is related to at least four things in B under R) & (each thing is related to at most one thing under R)
⇒ (nothing is an A)
(Every B is a A) & (no A is a B) ⇒ (nothing is an A)
(No A is a B) & (every C is an A) & (every B is a D) ⇒ (no C is a D)
(Every A is a (every B is a C)) & (every B is a C) ⇒ (every A is a B)
(Everything is a B) & (every A is a B) ⇒ (nothing is an A)
(Every A is a B) & (every non-B is an A) ⇒ (nothing is an A)
(Every A is related to at least one B under R) & (Everything that something is related to under R is a C)
⇒ (Everything that something is related to under R is both a C and a non-B)
(Every A is related to at least one thing in either B, C, or both, under R) & (no B is a C) ⇒ (nothing is an A)
(Every A is related to at least 1 thing in B under R) & (every A is related to at most three things in B under R)
⇒ (every A is nothing)
(Every A is related to at least one B under R) & (every A is nothing) ⇒ (nothing is a B)
(Every A is related to at least one B under R) & (each thing is related to at most one thing under R) ⇒ (nothing is an A)
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Abstract
In this paper we explored how people represent categories that
include exceptions by examining contributions that features of
regular and exception items make to determining category
membership. We examined performance of 4-year-old children
and adults and found significant developmental differences.
While for 4-year-olds, deterministic features of regular items
and exceptions contributed comparably to determining
category membership, an asymmetry was found in adults. For
adults, deterministic features of regular items contributed more
to determining category membership than features of
exceptions. The results are discussed in relation to the
SUSTAIN clustering model of category learning (Love,
Medin, & Gureckis, 2004).
Keywords: category learning; exceptions; SUSTAIN

Introduction
The primary goal of category learning is to allow for
generalization of acquired knowledge to new instances. If we
know that something belongs to the category of birds, we
could assume that it has feathers, it lays eggs and it has wings
that it uses to fly. However, in order for categories to be
useful and adequately govern predictions and behavior, the
learner needs to discover and encode the key attributes of the
members of the category. If a learner represents birds as
flying creatures, she will misclassify numerous flightless
birds. Thus, learner’s representation of birds would need to
be updated so it includes flightless birds. Although it is hardly
controversial that even young children can learn that penguin
is a bird although it does not fly, there is little evidence on
how such information affects boundaries of previously
learned categories.
It is reasonable to expect that the contribution that features
of penguins have in determining membership in the category
of birds may depend on the nature of the representation of
regular members of the category of birds (flying birds).
Previous studies have shown that while older children and
adults tend to form rule-based representations, focusing
primarily on the most relevant features of the category,
younger children tend to represent categories in a similaritybased manner, relying on both relevant and irrelevant

category features (see Sloutsky, 2010; Deng & Sloutsky,
2015, 2016). Since the way we represent regular members of
categories changes through development, the status of
exceptions and their role in categorization may also change.
The dominant view in categorization literature is that items
that violate category expectations need to be represented
separately (Palmeri & Nosofsky, 1995; Sakamoto & Love,
2004; Davis, Love & Preston, 2012). The special status of
exceptions is based on the assumption that in the case of
regular category members, learners optimize and represent
only the key characteristics of the category – those that are
highly predictive of category membership. Since for
exceptions this kind of optimization may not be possible or
needed (because they are rare), all of their features could be
equally well represented, which could result in better memory
for exceptions (Palmeri & Nosofsky, 1995). Based on this
approach, regular and exception items are represented
differently and thus their features may contribute differently
to category membership decisions. While key features of
regular items should be highly predictive of category
membership, most of the features of exceptions may be
comparably predictive or only predictive when considered
together.
With developmental differences in mind, the special status
of exceptions as described in previous studies (Palmeri &
Nosofsky, 1995; Sakamoto & Love, 2004; Davis, Love &
Preston, 2012) and a need for a separate representation could
be predicted for adults but not for younger children. Since
young children tend to rely on both relevant and irrelevant
features when categorizing regular members of a category
(Sloutsky, 2010; Deng & Sloutsky, 2015, 2016), they may
represent both regular and exception items in the same way
and thus the features of both item types may have comparable
contributions in determining category membership.

Current study
Here we present a study whose main goal was to determine
unique contributions that features of regular and exception
items make to determining category membership. We further
investigated how this may change through development.
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Four-year-old children and adults were trained on two
categories, each including an exception item. Following
training, categorization performance was tested on new
(generalization) items.
Previous studies (Palmeri & Nosofsky, 1995; Sakamoto &
Love, 2004; Davis, Love & Preston, 2012) typically focused
on a particular kind of exceptions – items that violate ruledefined structure by following the contrasting category rule.
While this is an interesting case for models of category
learning to study, this category structure is highly
constraining. Further, it is unclear whether insights based on
this peculiar structure could be generalized to other
categories with exceptions – categories that are not
necessarily represented by rules and exception items that do
not follow the contrasting category rule.
In contrast to the majority of previous studies, we used a
category structure of regular items that could be successfully
learned both by forming a rule and by relying on the overall
similarity between category members. Accordingly,
exceptions from these categories could be represented based
on overall appearance or individual features, since all their
features were unique, different from the features of the
members of their own category and contrasting category
members.

Method
Participants
Participants were 28 four-year-old children (Mage = 54.1
months, range 47.2–59.6 months, 20 girls) and 47 adults
(Mage = 231.3 months, range 216.1–289.7 months, 31
female).
Four-year-olds were recruited from preschools and
childcare centers located in middle-class suburbs of
Columbus. They were tested during their regular school hours
in a quiet room in their preschool or childcare center. Adult
participants were The Ohio State University undergraduate
students. They were tested in a quiet room in the laboratory
located on campus and they received course credits for their
participation.

Materials
Stimuli were two categories of artificial creatures (Figure 1)
that were created using Spore Creature Creator (Electronic
Arts, 2009) and GIMP (GNU Image Manipulation Program;
version 2.6.11; The GIMP Team). The two categories'
creatures were accompanied by two novel labels: Momo and
Lulu.
The Category Structure Participants were trained on two 6dimensional categories (see Table 1). Both categories had
five Regular members and one Exception item. Regular
members had one deterministic and five probabilistic feature
dimensions. The deterministic dimension was fully
predictive, while probabilistic dimensions varied both
between categories and within-category and were predictive
only when taken together. Exceptions had all features unique

(different from within category members and different from
the other Exception). Thus, all dimensions of Exceptions
were fully predictive.
Despite the differences in their feature structure, we will
refer to the features of both Item Types (i.e. Regulars and
Exceptions) as probabilistic and deterministic in accordance
to the structure of the Regular category members.
Table 1 shows kinds of items used during training and test
phase. During training and Categorization test, participants
were presented with Regular and Exception items which had
all of their 6 features presented.
In the Generalization test there were eight kinds of items
(see Table 1). These new items were based on Regular and
Exception items participants saw during the training phase,
but had either some features covered or in addition to some
features being covered also had the deterministic feature
incongruent with either type or category of the probabilistic
features (see Figure 1).
The item structure presented in Table 1, allowed us to test
participants categorization performance when they had to
rely on 3 probabilistic features only (R-3P, E-3P; where R =
Regulars, E = Exception, P = Probabilistic features) and to
compare it to the performance when they could also (in
addition to 3 probabilistic features) rely on deterministic
feature that was either congruent (R-3P+D, E-3P+D; where
D = Deterministic feature) or incongruent, i.e. belonged to
the contrasting category (R-3P+Dc, E-3P+Dc; where Dc =
Deterministic feature of the contrasting Category) or
contrasting Item Type (R-3P+Dt, E-3P+Dt; where Dt =
Deterministic feature of the contrasting Item Type). This
design allowed us to estimate unique contributions of
different types of deterministic features in making decision
on category membership.

Procedure
All instructions and questions were phrased in the same way
for both age groups. For adult participants they were
presented on the screen, while for 4-year-olds they were read
by a trained experimenter. Adult participants responded by
pressing designated keys on a computer keyboard, while
verbal responses of 4-year-olds were collected by a trained
experimenter using a computer keyboard.
Experiment had four phases: instructions, training,
Categorization test and Generalization test.
Instructions Following the cover story, participants were
presented with the prototypes of the two categories. The
prototypes were presented together, on the same screen, and
participants were told that that is how members of the two
categories usually look. Further, each of the six items’
features was introduced. Probabilistic features were
introduced first using the following sentence frame: “Momos
usually have antennas like these, and Lulus usually have
antennas like these”. Deterministic feature was introduced
last using the sentence: “All Momos have this kind of hands,
and all Lulus have this kind of hands”.

2425

Training Participants were presented with the exemplars of
the two categories and asked to classify them. Each item was
presented individually. Participants were provided with
corrective feedback after each response. Feedback was
different for the two Items Types. For Regulars feedback
emphasized the deterministic feature (“That’s right!/Oops!
That’s a Momo (Lulu), because it has Momo’s (Lulu’s)
hands!”). For Exceptions feedback emphasized their
exceptions’ status (“That’s right!/Oops! That’s a Momo
(Lulu), but it is a tricky one!”).
Participants were first presented with 10 Regular category
members, after which additional 20 Regular and 12
Exception items were presented in random order.

Training items
Regular
Prototypes of
training items

Generalization items

Rule

0
1
0
0
0
2

0
0
1
0
0
2

0
0
0
1
0
2

0
0
0
0
1
2

0
0
0
0
0
2

0
1
1
1
1
3

1
1
1
1
1
3

1
0
1
1
1
3

1
1
0
1
1
3

1
1
1
0
1
3

1
1
1
1
0
3

3P+Dc
3 probabilistic
and
contrasting
category
deterministic

R-3P+Dc

E-3P+Dc

3P+Dt

R-3P+Dt

E-3P+Dt

3 probabilistic
and
contrasting type
deterministic

Training (Categorization test)
1
0
Regular 0
0
0
Exception 2

E-3P+D

3 probabilistic
and
congruent
deterministic

Category B
Probabilistic

R-3P+D

3P+D

Table 1: The abstract category structure.

Rule

E-3P

3 probabilistic
features

Generalization test Participants' task was the same as in the
Categorization test, but they were presented with new items
(See Table 1). They were not provided with feedback for their
response. The total number of trials was 64, 8 trials of each
item type.

Probabilistic

R-3P

3P

Categorization test Participants were presented with 8
Regular and 8 Exception items that they saw during the
training phase and they were asked to classify them. There
was no feedback provided. The main purpose of the
Categorization test was to provide an estimate of level of
learning.

Category A

Exception

Figure 1: Examples of stimuli used in the study. Hands are
the rule feature.

Results and Discussion

Generalization test
R-3P
- - 0 0 0 - - 1 1 1 R-3P+D - - 0 0 0 0
- - 1 1 1 1
R-3P+Dc - - 0 0 0 1
- - 1 1 1 0
R-3P+Dt - - 0 0 0 2
- - 1 1 1 3
E-3P
- - 2 2 2 - - 3 3 3 E-3P+D - - 2 2 2 2
- - 3 3 3 3
E-3P+Dc - - 2 2 2 3
- - 3 3 3 2
E-3P+Dt - - 2 2 2 0
- - 3 3 3 1
*R = Regulars, E = Exception, P = Probabilistic features, D
= Deterministic feature, “-“ = bubble (feature is covered), Dt
= Deterministic feature of the contrasting Item Type, Dc =
Deterministic feature of the contrasting Category.

Preliminary Analyses: Categorization
The preliminary analyses focused on participants’
performance on items they were trained on. Table 2 shows
the average proportion of accurately classified items during
the Categorization test.
Both adults’ and 4-year-olds’ overall accuracy was above
chance for both Item Types (one-sample ts > 6.24, ps < .001,
two-tailed). Differences in categorization accuracy were
tested in a 2 (4-year-olds vs. Adults) × 2 (Regulars vs.
Exceptions) mixed ANOVA, with Age as a between-subjects
factor and Item Type as a within-subjects factor. Adults
performed better than 4-year-olds (F(1, 73) = 13.91, MSE =
.044, p < .001, ηp2 = .160), but both age groups performed
equally well on both Item Types (Item Type: F(1, 73) = .04,
MSE = .029, p > .05, ηp2 = .001; Item Type x Age: F(1, 73) =
3.04, MSE = .029, p > .05, ηp = .040).
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Table 2: Mean accuracy (standard deviations) for
performance at Categorization test
Age
4-year-olds
Adults

Regular items
0.73 (0.20)
0.91 (0.13)

(both ps > .10). Advantage for Regulars’ deterministic feature
is expected and it shows that participants learned the category
structure.

Exceptions
0.77 (0.23)
0.85 (0.21)

Based on their performance on the Categorization test
participants were selected for the main analyses. Six
participants (3 from each age group) were excluded due to
extremely poor performance (chance performance on both
Item Types). In order to account for potential effects of
categorization accuracy on generalization patterns, the
remaining participants were classified as good performers
(performed above .75 (6 out of 8) on both Regulars and
Exceptions) or poor performers (performed below .75 on one
of the Item Types). 36 (out of 45) adults and 11 (out of 25) 4year-olds were classified as good performers. We performed
all the analyses both on the subsample of good performers
and on the whole sample. Since there were no differences in
patterns of the results, we will report analyses performed on
the whole sample only.

Generalization
We analyzed how congruent and incongruent deterministic
features influence category decisions. Participants’
performance based on probabilistic features only (baseline:
3P) was compared to their performance when in addition to
probabilistic features they could also rely on deterministic
feature. The deterministic feature was either congruent with
probabilistic features (congruent: 3P+D), or incongruent in
type (incongruent type: 3P+Dt) or category (incongruent
type: 3P+Dc). To remind, in the incongruent category trials,
a D feature from Category B was added to Category A or a D
feature from Category A was added to Category B. In the
incongruent type trials, a D feature from a regular item was
added to an exception item or a D feature from an exception
item was added to a regular item (with both replacements
made within a category).
We estimated unique contributions of different types of
deterministic features by subtracting categorization accuracy
on items containing deterministic feature (3P+D; 3P+Dt;
3P+Dc) from categorization accuracy on 3P items. Estimates
of contribution of a) congruent deterministic feature (3P –
3P+D), b) deterministic feature of contrasting Item Type (3P
– 3P+Dt) and c) deterministic feature of contrasting category
(3P – 3P+Dc) were subjected to 3 separate mixed ANOVAs
with Item Type (Regulars vs. Exceptions) as a withinsubjects factor and Age (4-year-olds vs. Adults) as a
between-subjects factor.
Contribution of Congruent Deterministic Feature. The
contribution of the congruent deterministic feature (see
Figure 2A) was larger for Regular than for Exception items
(F(1, 67) = 8.98, MSE = .046, p < .01, ηp2 = .118). The main
effect of Age and the effect of interaction were not significant

Contribution of Deterministic Feature of Contrasting
Type These data are presented in Figure 2B. The analysis
revealed main effect of Item Type (F(1, 67) = 12.90, MSE =
.048, p = .001, ηp2 = .16) and interaction between Item Type
and Age (F(1, 67) = 5.33, MSE = .048, p < .05, ηp2 = .074).
For 4-year-olds adding deterministic feature of the other
Item Type (but same category) significantly increased
performance for both Regular and Exception items.
However, for Adults, only Exception items benefited from
the deterministic feature of the Regular items, whereas
features of Exceptions did not affect performance on Regular
items. This resulted in asymmetry that can be observed in
Figure 2 (panel b).
Contribution of Deterministic Feature of Contrasting
Category These data are presented in Figure 2C. The
analyses revealed significant main effect of Item Type (F(1,
67) = 20.99, MSE = .060, p < .001, ηp2 = .239) and
significant Age by Item Type interaction (F(1, 67) = 8.79,
MSE = .060, p < .001, ηp2 = .116). The main effect of Age
was not significant.
For both Age groups and Item Types, adding the
contrasting category deterministic features moved
participants membership decisions towards the category
determined by the deterministic feature. Adults’ performance
was again significantly stronger affected by the deterministic
feature of Regular items than Exceptions’, while for children
difference in the contributions of the two Item Types were
small. This pattern is in accordance with the effect observed
in the analyses presented above.
To sum up, we found significant developmental differences
in the contribution of features of Regular and Exception items
in determining category membership.
For younger participants (4-year-olds) features of both
Item Types contributed comparably in determining category
membership. Additionally, contributions were the same when
deterministic features were congruent with probabilistic
features and when they were added to the probabilistic
features of the contrasting Category or contrasting Item Type.
Patterns of responses of Adults have revealed asymmetry
in contributions of the two Item Types. Deterministic features
of Regular items contributed significantly more than ones of
Exceptions, to both Item Types. Note that adult participants
did learn deterministic features of Exceptions, which can be
seen both in small contribution they have when contributing
to the congruent probabilistic features (Figure 2, panel a) and
in a more significant effect they have when added to the
probabilistic features of the contrasting category (Figure 2,
panel c). However, adults did not rely on Exceptions’ features
when determining category membership of Regular items.
On the other side, deterministic features of Regular items
contributed equally when added to the probabilistic features
of Regulars or when added to the probabilistic features of
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Adults. Exceptions were classified more successfully when
they had the deterministic feature of Regular items, than
when they had type congruent deterministic feature.
a.

b.

c.

Figure 2: Proportion of choices consistent with the overall
similarity as a function of Item Type and Age. Error bars
represent standard errors of mean.

SUSTAIN simulation analyses
In order to get a better understanding of the mechanisms
that may drive asymmetry effects in adults, we performed
preliminary modeling analyses using SUSTAIN (Love,
Medin, & Gureckis, 2004). After determining sets of
parameters that predicted the pattern of adult’s categorization
responses, we looked more closely at the representations
formed by SUSTAIN. For each simulation, the model was
given training analogous to that of human participants. We
then examined the particular clustering solution formed by
the model to represent the categories.
One particularly surprising finding was that SUSTAIN
frequently formed a three-cluster representation, wherein for
one category Regulars and Exceptions were represented
separately, but they were represented jointly by a single
hybrid cluster for the other category. Additionally, this threecluster solution can perform surprisingly very well at
categorization for the training items. A slightly more
complex, but similar, five-cluster solution was also common.
Together these two types of representations comprised the
majority of the simulations. The frequency of these
representations seemed to be the main factor driving the
asymmetry effect in the model simulations, as they produced
a large asymmetry in the contributions of Regulars’ and
Exceptions’ deterministic features, while other cluster
solutions produced much smaller asymmetries. This appears
to be because one category’s Exceptions are subsumed in the
same representation as its Regulars, and the hybrid cluster is
more closely associated with the Regulars’ deterministic
feature due to Regulars being more frequent. In other words,
the Regulars’ features overshadow the Exceptions’ for the
category with the joint representation.
Importantly this type of representation structure also makes
the prediction that categorization accuracy should be
unbalanced—for example, that accuracy should be better for
members of Category A than for Category B (or vice versa).
To further assess whether this three-cluster type of
representation accurately characterizes the human data, we
investigated the extent to which participants’ responses were
unbalanced in the predicted way. We classified individual
participants as balanced or unbalanced based on their
categorization responses, and found that a large proportion of
adults were unbalanced. We then examined the pattern of
classification in balanced and unbalanced participants, and
found that the asymmetry effect was much larger in
unbalanced participants. So, the human data appear to
confirm the predictions of SUSTAIN, that unbalanced
representations between the two categories drives the
asymmetry effect. The modeling results are interesting in
that, contrary to the notion that exceptions have a special
status in memory, they suggest Regulars and Exceptions may
sometimes be represented together, leading to unexpected
asymmetries in how individual features of Regulars and
Exceptions contribute to categorization responses.
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General discussion
In early childhood, category membership may be comparably
affected by regular category members and exceptions. In our
study, 4-year-old children relied on both features of regulars
and features of exceptions when categorizing regular-like and
exception-like items. Not only that both types of features
were used when making category decisions, but deterministic
features of regular items were equally useful for deciding on
category membership of items that had probabilistic features
of regulars and for items that had probabilistic features of
exceptions. The same was true for the contribution of features
of exceptions.
On the other hand, regular and exception items may have a
different status in adulthood. Adult patterns showed
asymmetry in contributions that features of regular and
exception items have in categorization. Deterministic
features of regular items made a large contribution to both
categorizing regular-like and exception-like items, while
features of exceptions had small contribution for exceptionlike items and did not affect categorization of regular-like
items.
This pattern is in accordance with our predictions based on
developmental differences in category learning (Sloutsky,
2010; Deng & Sloutsky, 2015, 2016). Based on previous
findings (Deng & Sloutsky, 2015, 2016), adults, but not
young children, are expected to optimize their attention
towards the most relevant category features, which may result
in asymmetry in contribution of deterministic features of
regular and exception items.
The preliminary modeling analyses using SUSTAIN
(Love, Medin, & Gureckis, 2004) gave us further insights
into potential factors that may be driving the asymmetry
effects in adults. The model predicted asymmetry effect by
forming representations wherein regulars and the exception
of one category were represented together, by one hybrid
cluster, while for the other category they were represented by
separate clusters. Since regular items were more frequent,
submersing the exception into the same representation with
the regular items made the deterministic feature of regular
items more closely associated with the category. Importantly,
human data appear to confirm the predictions of SUSTAIN.
We found that a significant proportion of adult participants
formed some kind of unbalanced representations – e.g.
performing significantly better for one category than another.
The finding that regular and exception items may sometimes
be represented together is novel and it contrasts the dominant
view of a need for a special status of category members that
violate category expectations.
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by an agent, versus an inanimate force (i.e. a non-random
but inanimate process)? Two broad types of cognitive
accounts could underlie this tendency.

Abstract
People often believe that orderly structures were created by
agents. We examine the cognitive basis of this tendency,
asking if learned associations or causal reasoning drives us to
link order with agents. Causal reasoning predicts that
knowledge of an alternative physical-mechanical cause
should ‘explain away’ orderliness, weakening the link with
agents. In a preregistered experiment, we manipulated the
context to provide (or not provide) a physical-mechanical
explanation for orderly outcomes, and participants judged if
an object or agent had been present. We compared outcomes
differing in (a)levels of orderliness and (b)whether context
provided an alternative explanation. We found that
environmental context ‘explained away’ orderliness, such that
participants observing order inferred agency only when there
was no alternative explanation. The link between order and
agents is moderated by causal reasoning, and is malleable: It
can be weakened by understanding alternative causal
mechanisms by which order could arise.

Associations with perceptual features account

Keywords: causal reasoning, inference, order, agency,
animacy, music, event perception, social cognition, religion

Introduction
“The visible order of the universe proclaims a supreme
intelligence.” - Jean-Jacque Rousseau, Emile, 1762
Our human environments are full of orderly, complex
structures: We hear orderly sounds, like music (Cross,
2003), create objects with orderly structure, like tools
(Vaesen, 2012); and see order in nature (Paley, 1802;
Dawkins, 1986). How do we perceive and reason about this
‘orderliness’, pattern or regularity?
People readily invoke intentional agents – both physical
and supernatural – to explain the patterns and regularities
they observe (Dawkins, 2006; Swinburne, 1968), and recent
work has shown that this tendency arises early in life (Baer,
Tam, Nancekivell & Friedman, 2013; Friedman, 2001; Ma,
Berthiaume, Hoch, & Xu, 2013; Ma & Xu, 2013; Newman,
Keil, Kuhlmeier, & Wynn, 2010). In effect, we appear to
link orderly outcomes with intentional, animate agents –
whether these agents be human, animal, or supernatural.
This link has broad consequences: For example, it explains
the intuitive nature of creationist beliefs, as these involve
positing a supernatural agent to explain order in nature
(Barrett, 2007; Bering, 2011; Kelemen, 2004).
What underlying cognitive processes cause us to link
order with agents? This goes beyond the question of how we
detect randomness versus regularity (Reimers, Donkin &
LePelley, 2018; Griffiths, Daniels, Austerweil &
Tenenbaum, 2018): Given that one has detected regularity,
what cognitive processes lead us to believe it was produced

Firstly, the tendency to invoke agents could be driven by a
network of associations between agents and the perceptual
features of orderly stimuli (Keil & Newman, 2015). Such
associations could be learned from experience: We often
observe other people organizing objects and producing
orderly things like music and art. We do not often observe
inanimate objects or forces producing orderly outcomes.
With experience, then, we should come to associate people
with the orderly outcomes we have observed. We could then
generalize from ‘people’ to ‘agents’ as a class (Gelman &
Opfer, 2007); and from the specific orderly outcomes we
have seen to other perceptually similar outcomes.
This associative account has penetrated into a diverse set
of literatures, and has been used to explain a wide range of
phenomena. In music cognition, an associative account has
been used to explain why musical patterns evoke agency in
an automatic or obligatory way (Launay, 2015). In religious
cognition, an associative account has been used to explain
why order in nature evokes creationist beliefs, even after
learning about evolution (Barrett, 2007; Bering, 2011;
Cornelius & Lopez-Mobilia, 2013; Kelemen, 2004).
This associative account is consistent with both adult and
developmental findings, e.g. that year-old infants expect
only agents to produce orderly outcomes like neatly stacked
blocks (Newman et al., 2010; Ma & Xu, 2013). Infants
routinely observe people creating order (organizing toys,
laundry), and can generalize between perceptually similar
stimuli and from people to other kinds of agents (Gelman &
Opfer, 2007). In this way, infants could learn an association
between order and agents within the first year. Associative
learning thus provides a plausible, intuitive, and influential
account of the order-agent link.

Causal reasoning (rational inference) account
In contrast to this associative account, the link between
order and agents may instead be a product of causal
reasoning, as an inference to the best explanation (Keil &
Newman, 2015; Lipton, 2004; Ma & Xu, 2013; Tenenbaum,
Griffiths & Kemp, 2006). Under this account, to explain
observed data (i.e. an orderly outcome), people consider
multiple hypotheses about its cause (perhaps it was
generated by a person; by an animal; by gravity; by wind;
etc.). They then choose the hypothesis that is both plausible
a priori and provides a good explanation of the observed
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data (e.g. ‘a person is the most probable cause’). This type
of inferential reasoning occurs in multiple related domains,
including physical-mechanical reasoning, social reasoning,
and mental state inference (Baker et al., 2009; Battaglia,
Hamrick & Tenenbaum, 2013; Teglas et al., 2011).
One signature of this type of inferential reasoning is
‘explaining away’ – the idea that a plausible alternative
explanation should weaken evidence for other explanations.
This phenomenon serves as evidence that the underlying
cognitive representation is rich and structured (Gopnik &
Sobel, 2000; Pearl, 2000; Tenenbaum et al., 2006). If
structured causal reasoning drives the link, then knowledge
of a plausible physical-mechanical cause should ‘explain
away’ the orderliness, reducing the likelihood of inferring
an agent as cause – even for the very same perceptual
stimulus.

The current study
The current study aims to tease apart these two accounts,
asking whether the link between order and agents is driven
by associations, causal reasoning, or both processes
simultaneously. This bears on the malleability of the link
between agency and order (as noted by Meng, Griffiths &
Xu, 2017): Can we weaken or break the link between order
and agents, by understanding alternative causal mechanisms
by which order could arise? If causal reasoning accounts for
the link, we would expect this to be the case; if a learned
association accounts for the link, we would expect it to be
robust even in the face of conflicting high-level causal
knowledge.
To test these ideas, we used methods modeled on previous
work on order and agency (Newman et al., 2010; Ma & Xu,
2013): We presented participants with a particular scene,
occluded the scene from view, and then showed that either
an orderly or disorderly outcome was generated. We then
asked participants to judge whether an inanimate object or
animate character had been behind the occluder (i.e.,
causing the outcome). To tease apart the two theories, we
manipulated whether or not there was a plausible physicalmechanical causal explanation for each outcome, and asked
if this alternative explanation could ‘explain away’ the link
between order and agents.
In particular, the scene took the form of a staircase-like
xylophone, on which striking each stair produced a different
musical note (see Figure 1). For some participants, the
xylophone’s bars were positioned such that a ball simply
rolling down the staircase would produce a descending scale
– a highly ordered sequence of sounds (as verified in a pilot
study; see below). Previous work has shown that orderly
sounds cue agency, just as orderly visual stimuli do (Ma et
al., 2013). Thus, if associations with perceptual features
drive the link between order and agency, orderly sounds
(but not disorderly sounds) should lead observers to invoke
an agent, regardless of their context. In contrast, if causal
reasoning accounts for the tendency to invoke agents, then a
context that provides an alternative physical-mechanical
causal explanation should ‘explain away’ the orderliness,

weakening evidence of the agents’ involvement. This result
would provide evidence that causal reasoning can modulate
the link between order and agency.
We also aimed to test whether the link between order and
agency is driven by causal reasoning alone, or whether
perceptual features of orderly stimuli have an additional
effect, above and beyond the effect of causal reasoning. If
both of these factors contribute to the link between agents
and order, we would expect that a stimulus that was both
perceived as orderly and also causally implausible without
an agent would be more strongly linked with agents than a
stimulus that was causally implausible but not orderly. In
contrast, if causal reasoning alone accounts for the link
between order and agents, then the percept of orderliness
should not result in increased agency attributions above and
beyond the effect of causal reasoning.
We test this prediction by comparing three different
outcomes, including one that is orderly (descending scale),
one that is causally implausible without an agent (scrambled
tones), and one that is both causally implausible and also
highly orderly (ascending scale). If both causal reasoning
and orderly perceptual features drive the link with agency,
we should find that the ascending scale is more strongly
linked with agents than are the scrambled tones. In contrast,
if the ascending scale is linked with agency to an equal or
lesser extent as the scrambled tones, this would suggest that
only causal inference plays a role, and that the perceptual
features of orderly stimuli do not play any additional role in
connecting orderly outcomes with animate agents.

Method
Design
The current study design, sample size, and analyses were
pre-registered before data collection (www.aspredicted.org).
The experiment followed a 2 (environmental context) x 3
(sound outcome) within-subject design (see Figure 1). Each
participant completed six trials, composed of two blocks (by
environmental context: bars-descending xylophone, barsscrambled xylophone) of three test trials each (sound
outcome: descending scale, scrambled tones, ascending
scale). The order of the blocks, and the order of test trials
within a block, were counterbalanced between subjects.
On each trial, the scene was covered with an animated
curtain; one of the sound outcomes occurred; and
participants were asked to judge whether the inanimate ball
or animate agent (named 'Fred') had been present behind the
curtain, on a -2 to +2 scale (Definitely the ball, Probably the
ball, Could be either one, Probably Fred, Definitely Fred).
We manipulated the environmental context such that the
context either did or did not provide a physical-mechanical
explanation for the orderly sounds. In the bars-descending
environmental context, the xylophone’s bars were
positioned in a descending sequence such that a ball simply
rolling downward would produce an orderly descending
scale. In contrast, in the bars-scrambled environmental
context, the bars were positioned such that a ball rolling
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down could not produce an orderly sound sequence, but
would instead play a scrambled sequence of tones.
We tested three sound outcomes: A descending scale,
scrambled tones, and an ascending scale (see Stimuli).
These stimuli were chosen to manipulate whether the
sounds were orderly; causally implausible without an agent
(given the environmental context); or both.
To verify our manipulation of the sounds’ orderliness, we
asked a separate sample of adult participants to judge which
of each pair of sound sequences was more orderly, or if they
were equally orderly (N=40, none of whom participated in
the main experiment). As expected, participants judged the
descending and ascending tones as more orderly than the
scrambled tones (all p’s<0.01, binomial tests), and rated the
descending and ascending scales as equally orderly.

Participants
Sixty participants were recruited from Amazon Mechanical
Turk website and tested online (Age: M = 35.07, Range =
19 to 61; 37 males). Participants were required to have had
at least 93% of their previous work on the MTurk website
judged as acceptable; this criterion was determined a-priori
based on criteria used in the literature (Berinsky, Huber &
Lenz, 2012; Goodman, Cryder & Cheema, 2012; Mason &
Suri, 2011). All participants gave informed consent, and
were paid $0.50 for approximately 5 minutes of their time.
34 additional participants were tested, but excluded
following our preregistered exclusion criteria, for leaving
questions blank (2 participants), failing to identify sounds in
the initial sound check (1), having done a previous similar
experiment (6), or failing the memory check questions (24).

Figure 1: Method. We manipulated the environmental
context, such that it either did or did not provide a physicalmechanical explanation for the orderly sounds (barsdescending, bars-scrambled xylophones). On each trial, the
scene was covered with a curtain; one of three sound
outcomes occurred; and participants judged whether the
inanimate ball or animate agent had been present behind the
curtain. The causal reasoning and perceptual features
accounts make different predictions about when each sound
outcome will be linked with the agent.

Stimuli
Animated videos and accompanying sounds were
constructed using Apple Keynote ’09, Apple GarageBand
’09, and Apple QuickTime Pro 7 software.
We created two videos to demonstrate how the xylophone
produced sound, one for each environmental context (the
bars-scrambled xylophone and the bars-descending
xylophone). Both videos showed a similar scene: A staircase
with colored bars, a pipe at the top of the hill, and small
‘digital display’ on the top left corner of the video, used to
scaffold pitch memory (this displayed a visual record of the
notes that had been played, as numbers; see Figure 1). In
both videos, a mallet entered the scene and played a
sequence of sounds before exiting the scene. The mallet
moved in the same path and struck the same positions in
both videos; but this resulted in a different sequence of
pitches across the two videos. For the bars-descending
xylophone, it played an ascending scale (1-2-3-4-5), two
disorderly five-note sequences (5-2-4-3-1; then 1-3-4-2-5),
and a descending scale (5-4-3-2-1). For the bars-scrambled
xylophone, it played a disorderly five-note sequence (5-2-43-1), an ascending scale (1-2-3-4-5), a descending scale (54-3-2-1), and another disorderly five-note sequence (1-3-4-

2-5). The sequences were designed so that the sounds
played at test would each be equally novel relative to the
sounds participants had previously heard in the experiment.
These videos thus included each of the test sequences one
time, along with an additional five-note sequence.
The sounds indirectly showed that for the bars-descending
xylophone, the stairs were arranged to play the following
pitches from left to right: G, F, E, D, C (or 5, 4, 3, 2, 1, with
fundamental frequencies of 778, 702, 647, 569, and 511
Hz), For the bars-scrambled xylophone, the video indirectly
showed that the bars were arranged to play G, D, F, E, C (5,
2, 4, 3, 1).
During each trial, an additional video was shown in which
the xylophone and pipe was covered by an animated curtain,
and one of three sound outcomes played: a descending scale
(pitch sequence 5-4-3-2-1), an ascending scale (1-2-3-4-5),
and a scrambled sequence of the same tones (1-3-4-2-5). All
tone sequences were of equal duration.
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Procedure

Results
We examined participants’ judgments of whether an agent
or object had been present, asking whether environmental
context affected participants’ judgments (i.e. whether
context ‘explained away’ the link between orderly stimuli
and the agent). We thus conducted a 2 (environmental

Definitely 222
the agent

Bars-Descend ing
Xylophone

Bars-Scrambled
Xylophone

1.5
1.5
11

Inferred presence of
agent or object

Participants were first asked to report age and gender,
before clicking a link to submit these answers and move to a
second page. Throughout the experiment, participants could
not return to previous pages after moving forward to a new
page, preventing revision of answers based on subsequent
information. On a second page, participants were asked to
identify two simple sounds, to ensure that all participants’
computers could play sounds.
On the third page, participants began the main task. They
were instructed to watch a video of a “musical staircase”,
which “demonstrates how it works”. Participants then
viewed one xylophone demonstration video, and were asked
to describe what happened. To check that participants
remembered how the notes mapped to the bars of the
xylophone, participants were asked two multiple-choice
‘memory check’ questions (“Which part of the staircase
plays the highest note?”; “Which part of the staircase plays
the lowest note?”). Participants then moved to a fourth page.
On the fourth page, participants were asked to notice the
pipe on the left-hand side of the scene, and were told that
one of two things could come out of the pipe: An inanimate
ball, or a cartoon character. To provide evidence of the
ball’s inanimacy and the character’s animacy, brief videos
were shown (of the character moving in a self-propelled
way, or the ball rolling with gravity), and they were
identified in ways consistent with inanimacy and animacy:
As a billiard ball, or as cartoon character with a name
(Fred).
Participants then completed three test trials, each
presented on a separate page. On each test trial, participants
watched a video where the xylophone was occluded, and a
brief sound sequence played (either the descending scale,
scrambled tones, or ascending scale). Participants were then
asked to judge: “What came out of the pipe? Was it the ball?
Or Was it Fred?”, on a -2 to +2 scale (Definitely the ball,
Probably the ball, Could be either one, Probably Fred,
Definitely Fred), and asked to explain their answer (“What
made you think that?”).
After completing three test trials, participants read similar
instructions for the second block (the other environmental
context condition), with a new but similar scene introduced
as “a different kind of musical staircase”. They then viewed
the other of the two xylophone demonstration videos, and
completed the same questions and parallel three test trials as
in the first block, but with the videos showing the new
environmental context. Participants lastly were asked if the
ideas in the questions were clear, and to guess what the
experiment was about, before submitting their answers.
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Figure 2: Results. Participant’s judgments of whether an
inanimate object (a ball) or an animate agent had been
behind the curtain when the sounds occurred, for two
environmental contexts (bars-descending, bars-scrambled
xylophones), and three sound outcomes (orderly descending
scale; disorderly scrambled tones; orderly ascending scale).
Causal reasoning (not perceptual features) predicts and
explains when each stimulus was linked with the agent.
context: bars-descending vs. bars-scrambled xylophone) by
3 (sound outcome: descending scale vs. scrambled tones vs.
ascending scale) repeated measures ANOVA with the rating
of likelihood that the agent vs. object was present as the
dependent measure (-2 to +2 probability scale). As
predicted, we found a significant interaction of sound
outcome with environmental context, F(2,118)=46.85, p
<0.001, 𝜂𝑝2 = 0.44 (also a main effect of sound outcome, F(2,
118) = 8.16, p < 0.001, 𝜂𝑝2 = 0.12; and no main effect of the
environmental context, F(1, 59)=0.72, p=0.40, 𝜂𝑝2 =0.01).
Thus, participants’ judgment of whether the agent or
inanimate object had been present differed not only based
on the orderliness of the sound itself; but also depending on
the context in which each sound outcome occurred.
Participants’ agency judgments differed by context for the
same sound outcome, and this only occurred when these
sounds differed in causal plausibility. In the case of the
descending scale, they judged it more likely that the animate
agent had been present in the context of the bars-scrambled
xylophone (M=1.07, SEM =0.17), and more likely that the
inanimate ball had been present in the context of the barsdescending xylophone (M=-0.72, SEM=0.14), Mean
difference=-1.78, d=-1.03; t(59) = -7.99, p<0.001). In the
case of the scrambled tones, the participants judged it more
likely that the animate agent had been present in the context
of the bars-descending xylophone (M=1.2, SEM=0.14), and
more likely that the inanimate ball had been present in the
context of the bars-scrambled xylophone, where a ball
rolling with gravity would result in these tones, M=-0.43,
SEM=0.15, Mean diff.=1.63, d=0.91; t(59)=-7.05, p< 0.001.
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In contrast, animacy ratings on the ascending tones did
not differ across the two environmental contexts, as
predicted by the causal reasoning account, since they were
causally implausible in both cases (bars-descending
xylophone, ascending scale: M=0.82, SEM=0.17; barsscrambled xylophone, ascending scale: M=0.87, SEM =0.18;
Mean difference=-0.05, d =-0.03; t(59)=-0.25, p=0.80).
Overall, in the context of the bars-descending xylophone,
participants judged it more likely that the agent (not the
ball) had been present after hearing the scrambled tones
(M=1.2, t(59)=8.44, p<0.001) or ascending scale (M=0.82,
t(59)=4.84, p<0.001); and judged it more likely that the ball
(not the agent) had been present after hearing the orderly
descending scale (M=-0.72, t(59)=-5.02, p< 0.001).
In contrast, in the context of the bars-scrambled
xylophone, the pattern was reversed: Participants judged it
more likely that the agent had been present after hearing the
ascending scale (M=0.87, t(59)=4.77, p<0.001) or
descending scale (M=1.07, t(59)=6.23, p<0.001); and
judged it more likely that the ball had been present after
hearing the disorderly scrambled tones (M=-0.43, t(59)=2.91, p=0.005). This reversal shows that causal reasoning
can modulate the link between order and agents.
We next examined if whether the outcome was
perceptually orderly or disorderly had an additional effect
on the agency judgments (in addition to the effect of causal
plausibility). The context of the bars-descending xylophone
provided a crucial test case: If orderly perceptual features
have an additional effect, then the ascending scale should be
more strongly linked with agents than the scrambled tones.
In contrast, we found that the two conditions were not
significantly different, and that judgments in the ascending
condition were numerically lower (i.e., less linked with the
agent) than the scrambled tones condition (Ascending:
M=0.82, SEM=0.17; Scrambled tones: M=1.2, SEM=0.14,
t(59)=-1.69, p=0.10).

Discussion
Humans tend to link orderliness with animate agents, and
this idea holds broad implications for our representations of
orderly stimuli in music, art, and nature. We asked whether
this link was malleable, and tested two accounts of the link’s
cognitive basis, asking whether causal reasoning or learned
associations with perceptual features leads people to invoke
agents when observing order. We found that an alternative,
physical-mechanical
explanation
‘explained
away’
orderliness, such that it no longer led people to infer the
presence of an agent. When the very same orderly outcome
occurred in a context that was similar, but did not provide
an alternative explanation, participants readily inferred the
presence of an agent from the same orderly stimulus.
The percept of orderliness did not lead to increased
agency attributions beyond the effect of causal reasoning:
We compared outcomes that were orderly (descending
scale), causally implausible without an agent (scrambled
tones), and both causally implausible and also highly
orderly (ascending scale). If both causal reasoning and

orderly perceptual features drive the link with agency, we
should find that the ascending scale is more strongly linked
with agents than are the scrambled tones. In contrast, we
found that this outcome was judged numerically less linked
to the agent than an outcome that was less orderly, but
similarly causally implausible (scrambled tones).
This shows for the first time that the link between order
and agents is malleable, and can be eliminated by fully
understanding an alternative causal mechanism by which
order could arise. The link between order and agency is not
obligatory, but instead appears to be a rational inference, the
product of rich mental theories of how the physical and
social world works (Battaglia et al., 2013; Gelman & Opfer,
2007; Gopnik, 2012; Tenenbaum et al., 2006).
This has broad implications for how we reason about the
orderly, complex structures in our environment: When we
observe orderly sounds (like music), objects with orderly
structure (like tools), or order in nature, this may not ‘cue’
agent representations in a direct, associative way. Instead,
we may make reasoned inferences about what we believe to
be the most likely cause – leading us to infer the
involvement of an agent when we have no better
explanation.
The causal reasoning account thus predicts and explains
over-attribution of agency in some contexts: Agent
attribution should occur when the observer wrongly believes
there is no alternative explanation, e.g. due to not knowing
or fully understanding the underlying physical-mechanical
mechanism. Causal reasoning is thus consistent with the
idea that people over-attribute of agency to explain order in
nature (i.e., as a result of a failure to fully understand natural
selection as an alternative explanation).
In the situation tested here, there was little ambiguity
about the cause of the outcomes – the context was known,
and two potential causes were specified as hypotheses. In
more naturalistic situations, there may be more ambiguity
about the cause of orderly or disorderly stimuli. Do our
findings generalize to these cases? This is an open empirical
question; however, the framework we apply here – that of
rational inference and causal reasoning – applies equally
well to these more uncertain cases. When we have more
uncertainty about the cause, rather than weighing the
likelihood of each outcome under the single cause, people
could instead weight the likelihood of each outcome under a
variety of causes, and then average over those (weighted by
each cause’s prior probability; Griffiths & Tenenbaum,
2009). Using such a strategy of marginalizing over possible
causes would allow for the same kind of reasoning process
as we demonstrate here in the case of more uncertain causes.
Overall, we find that causal reasoning drives the link
between order and agency, such that the link is malleable
and orderliness can be ‘explained away’ by an alternative
physical-mechanical explanation. This finding provides a
new framework for predicting when and whether orderly
stimuli will be linked with agency, and lays a foundation for
better understanding of high-level representations of a wide
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range of orderly stimuli, including music, artifacts like tools
and visual art, and order in nature.
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Abstract
In this paper, we introduce CALM, a process model that is designed to abstract solutions in simple and complex category
learning tasks. The model includes strong assumptions about
the interaction of processes driving learning behavior, typically
addressed in terms of feature attention, stimulus generalization, rule abstraction and knowledge partitioning. We present
simulations of CALM, showing that the model can account
both for systematic variations in Type II category difficulty,
and for individual differences in extrapolation of an XOR category structure.
Keywords: category learning; process model; associative
learning; abstraction; problem structuring; decision making

Introduction
In their pioneering work on category learning, Shepard, Hovland, and Jenkins (1961) provided a paradigm that became
a benchmark for models that implement assumptions on the
processes underlying category learning. In their tasks, participants learned to categorize stimuli with three binary features,
i.e. colour (black vs. white), shape (square vs. triangle),
and size (small vs. large). They learned six category structures varying in difficulty (problem Types I-VI, Fig. 1A). The
authors found that the learning curves (speed and accuracy)
systematically differed between the problems, such that I >
II > [III, IV, V] > VI (see also Nosofsky, Gluck, Palmeri,
McKinley, & Glauthier, 1994). These findings, especially the
quick learning in Types I and II, can be predicted by existing
category learning models, e.g. ALCOVE (Kruschke, 1992),
assuming that people generalize from instance memory while
focusing their attention on dimensions that reduce error.
However, the empirical findings regarding the performance
in the Type II problem have been recently revised (Kurtz,
Levering, Stanton, Romero, & Morris, 2013), challenging the
current explanatory accounts. Kurtz et al. show that if the
‘use of rules’ is instructed beforehand, the classic findings
hold. Without rule instructions, however, Type II learning
curves fall together with III, IV, and V, without affecting the
remaining pattern. Importantly, the overall decrease in Type
II performance in the absence of rule instructions is an aggregate effect seemingly summarizing a bimodal distribution

Figure 1: (A) Classic category structures Type I-VI (Shepard,
Hovland, & Jenkins, 1961). Coordinates represent stimuli
with three binary dimensions; black and white circles indicate categories. (B) Coordinate grid of the incomplete XOR
structure as trained in Conaway & Kurtz (2017); ‘A’ and ‘B’
refer to categories of trained stimuli. Shaded cells refer to the
extrapolation area for category ‘B’.

of learning success, i.e. without rule instructions some participants perform considerably worse in Type II than e.g. in
Type IV, while other participants perform considerably better
in Type II than in Type IV. Kurtz et al. (2013) discuss that
ALCOVE (Kruschke, 1992) could predict this pattern if systematic population differences in attention learning were assumed. However, with such an assumption ALCOVE would
also predict that Type I is learned more slowly than it is observed, raising unanswered theoretical questions about attention learning (see also Matsuka, & Corter, 2008). Kurtz et
al. therefore suggest that these performance differences in
Type II might be driven by other mechanisms, including the
abstraction of ‘rule-like’ representations, as it was initially
suggested by Shepard, Hovland and Jenkins (1961), as well.
Interestingly, the Type II problem could be solved in terms
of a structured problem (see also Kalish, Lewandowsky, &
Kruschke, 2004), i.e. as one-dimensional rule, e.g. “black
objects belong to category B, and white objects to category
A”, that is inverted conditional on the values of a second di-
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mension (context cue), e.g. “invert the prediction for small
objects, but not for large objects”. This we call contextual
modulation.
In a recent study, the Type II task, also called ‘Exclusive
- Or’ problem (XOR), was extended to explicitly test rule
abstraction, or ‘extrapolation’ behaviour (Conaway & Kurtz,
2017). Participants were trained on a two-dimensional version of the problem (Fig. 1B). However, some stimuli were
left untrained (empty cells in Fig. 1B). Crucially, the untrained stimuli were presented in a subsequent test phase,
where about 31% and 45% of the participants, in Exp. 1
and 2B, respectively, still extrapolated ‘B’ for stimuli in the
lower right quadrant (shaded area in Fig. 1B), while others responded ‘A’. The response pattern of those participants who
extrapolated ‘B’ corresponds to a complete Type II solution,
which could be described in terms of contextual modulation,
as well.
Despite the evident structural similarity to the classic Type
II problem, XOR extrapolation can not be predicted by exemplar models such as ALCOVE (Kruschke, 1992), or SUSTAIN (Love, Medin, & Gureckis, 2004). While the model
DIVA (Kurtz, 2007) has been shown to predict XOR extrapolation to some extent, it seems to be an open question whether
it can account for the behavioural differences in the problem
Types I-VI (see further Kurtz et al., 2013).
Here we assume that differences in contextual modulation
drive the described performance differences in the incomplete
XOR and the Type II problems. In particular, we assume that
there is a learning process that triggers contextual modulation. We call this process ‘contrasting’, i.e. the tendency to
abstract regularities from unobserved instances, which is further explained below.
In the following, we introduce CALM, a Category Abstraction Learning Model. CALM first learns by associating
dimension values to outcomes in a Hebbian fashion (Hebb,
1949), and generates outcome expectations from these associations. To generate these associations, CALM generalizes
from observed, and abstracts from unobserved instances. It
monitors the success of its expectations, and reinforces learning about predictive (diagnostic) dimensions. It can detect
whether its predictions are systematically violated in specific
contexts and modulates these predictions accordingly.
We first give an overview of the model and its theoretical motivation, and describe its core equations. The current
version is formalized for learning binary outcomes, for simplicity. We then present simulations, showing how CALM
meaningfully predicts the whole pattern of performance in
the described tasks.

Description of CALM
CALM represents stimuli using a separate set of ordered dimension nodes for each stimulus dimension (Fig. 2). Stimulus presentation activates the corresponding node on each
dimension, which feeds forward to its own set of dimensionspecific category nodes. The activation of the category nodes

Figure 2: Schematic of CALM. Solid lines are modifiablestrength connections, dotted lines are fixed strength. Components in red indicate initial activity in CALM as the result of
the presentation of a stimulus.
on a dimension m generates a dimension specific prediction
of category membership (Fig. 2; rm ), which is calculated as
the log odds ratio between the strengths of the two node-tocategory associations. They can be positive or negative, predicting category A or B, respectively.
A dimension-specific prediction (rm ) can be modulated by
the active node on another dimension. For example, in Fig.
2, the modulator value for the size dimension (v2 ) might be
negative for horizontal lines, but positive for vertical lines.
Thus, multiplying r2 and v2 would invert the prediction of
the size dimension for horizontal lines, but not for vertical
lines. Passing the product of r2 and v2 to the decision process,
thus, conveniently simplifies our assumptions about contextual modulation in terms of inversion (keep vs. inverse).
Please note, CALM does not represent ‘explicit rules’, e.g.
decision bounds, but simple associations between the cues of
a dimension and the outcomes.
Stimulus presentation can also activate an instance representation (if one has been stored), generating an instancebased prediction of category membership (Fig. 2; H). We
follow the assumption that people store configural stimulus
representations separately from generalized category representations (e.g. RULEX, Nosofsky, Palmeri, & McKinley,
1994). Only one stored instance, most similar to the presented
stimulus, contributes to this prediction by its associations to
the category labels, which determine the magnitude of H.
Thus, CALM differs from exemplar accounts, e.g. GCM
(Nosofsky, 1986), in that it uses nearest neighbour rather than
all-exemplar computations. A decision process sums the category prediction terms, H, and rm vm , and converts this sum
into a prediction of category membership using an exponential ratio rule, for simplicity (Wills, Reimers, Stewart, Suret,
& McLaren, 2000, for a more realistic alternative ).
During learning, CALM interprets feedback, e.g. “It was
category A”, as saying both A is present, and B is absent. Regarding the present category, e.g. A, the associative strengths
between the category node A and the basic nodes of a dimension are increased in a Hebbian fashion (∆wC , Fig. 3). This
additive increase is maximal for the dimension node that was
activated by the stimulus, and decays with the distance from
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Figure 3: Update of associative strengths, exemplified for a
‘size’ dimension with 10 ‘size’ nodes. Red components indicate the active stimulus input node. (A) Update on a dimension that is more diagnostic (αm = 2/3), and (B) that is less
diagnostic (αm = 1/3) than other dimensions. C indicates excitatory generalization of the links to the present category; C̄
indicates contrasting of the links to the absent category.
this node. This excitatory generalization allows CALM to
respond to (novel) dimension cues that are similar to previously presented dimension cues, and was inspired by Shepard’s law of generalization (Shepard, 1987). The decay is
modifiable, however, the overall strength of the update depends on the model’s assumption of the diagnosticity of a dimension. This means, if the nodes on a dimension already
predict category membership better (more diagnostic) than
the nodes on other dimensions, CALM will update the diagnostic dimension more strongly (see Fig. 3A).
Regarding the absent category, e.g. B, the associative
strengths between the category node B and the dimension
nodes are also increased (∆wC̄ , Fig. 3). However, the update
is zero for the dimension node that was activated by the stimulus, and increases with the distance from this node. This
process, henceforth called ‘contrasting’, reflects an awareness that specific dimension cues are not observed together
with specific categories. Related ideas can be found in other
models (Stewart & Brown, 2005; Wagner, Brandon, Klein, &
Mowrer, 1989). The contrasting decay is modifiable, and may
vary independently from the decay of generalization. In the
current version of CALM, however, we assume that contrasting is the inverse of excitatory generalization. Importantly,
a steeper contrasting decay in CALM represents stronger abstraction, as it generates stronger ‘hypotheses’ about how to
respond to (novel) dimension cues that are dissimilar to the
previously presented dimension cues. As for generalization,
the overall strength of contrasting depends on the diagnosticity of a dimension.
CALM’s assumption of dimensional diagnosticity is not
fixed. CALM continuously estimates the extent to which each
dimension predicts different categories, using the standard
deviation of the dimension’s predictions along its dimension
nodes. The corresponding diagnosticity values (αm ) reinforce
or attenuate excitatory generalization and contrasting, which
therefore could be interpreted as focused attention following

associability. The use of αm to indicate diagnosticity is a reference to the Mackintosh (1975) theory of attentional learning (see Le Pelley et al., 2016, for a recent review).
The update of the modulator nodes depends on the success
of a dimension in predicting the present outcome. For example, in Fig. 2, if the size dimension (r2 ) predicts category A
when B is correct, then its modulator node (v2 ) registers this
failure. In this case, the modulator update is negative, otherwise positive, and recurring negative teaching signals eventually lead to contextual modulation.
The associative update is maximal for the modulator node
that was activated by the stimulus, and decays with the distance from this node, following the same decay as for excitatory generalization. Thus, CALM will tend to modulate
a dimension’s prediction in the presence of (novel) context
cues similar to observed context cues. In addition, the update
is weighed by αm which increases learning about the modulators of the most diagnostic dimensions. The update is also
weighed by a similarly calculated diagnosticity value of the
modulator dimension βn . Thus, CALM’s learning depends on
‘focused attention’ on two levels, which has been theorized
previously (Matsuka & Corter, 2008).
One important prerequisite of CALM’s modulation learning is the maintenance of the modulated dimension associations, instead of their correction. This requires ‘conditional
error discounting’. Therefore, CALM gradually suspends the
Hebbian update on a dimension when its corresponding active modulator becomes increasingly negative.
Error discounting is not a new idea, the current implementation, however, deviates from previous suggestions, such as
‘annealing’ parameters that reduce learning rates over time,
e.g. RASHNL (Kruschke & Johansen, 1999). Nonetheless, an overarching ‘annealing’ process is a side-effect of
CALM’s current architecture, due to the Hebbian learning on
a log scale, i.e. the log odds predictions rm of the dimensions are most volatile with early increments of the associative strengths, while later increments have less impact.
The final learning process in CALM concerns the creation
of instance representations in memory. On each trial, CALM
strengthens the association between a configural representation of the presented instance and its category label, with
modifiable learning speed. However, similar but not identical to the error-based formation of exemplar clusters in SUSTAIN, (Love et al., 2004), CALM’s process of storing instances is only effective if the unmodulated dimension predictions predicted the wrong category. Otherwise, the memory
update is very weak, which formally defines strongly memorized instances as exceptions from the generalized category
representations.

Formal Description
The presence of a stimulus S activates the associations wmIk
(initialized to .1) between the corresponding input node I and
the two category nodes k on each dimension m. The vector of
dimension-specific predictions rmIK for category K represents
the log odds ratios between the associative strengths.
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rmIK

wmIK
= ln
wmIk6=K


(1)

Zero values of rmIK indicate equal associative strengths,
positive values predict category K, and negative values predict the other category. The absolute magnitudes of rmIK reflect the strengths of the dimensions’ predictions.
The presence of the stimulus also activates the modulator
associations v0mnJ (initialized to 0) between the prediction of
dimension m and the active input node J on each remaining
dimension n (with n 6= m). However, only one modulator
value vm contributes to the modulation of dimension m, satisfying two constraints on cognitive complexity. In the first
place, dimension m must be diagnostic, i.e. vm is set to 1,
if αm ≤ 1/M , with M = number of dimensions. Second,
the modulator dimension n must be the most diagnostic, i.e.
vm =v0mnJ , if βn = max(βn6=m ). With two or more equally diagnostic modulators, the one with the stronger association is
selected. In the case of same strengths, the values are averaged.1 Both diagnosticity monitors αm and βn are initialized
to equal weights, i.e. 1/M.
The presence of the stimulus also activates the nearest configural instance representation Y , which is associated to the
category labels k with strengths hY k (initialized to 0). Instance selection is based on the absolute distance dy between
y
the values σSmI of the current stimulus and the values σmi of
the stored instances y.
y

dy = ∑ |σSmI − σmi |

(2)

m

For purposes explained below, CALM does not represent
the stimulus values by their physical magnitude. Instead, the
physical values xmi of a dimension m at node i are standardized to σmi , with σmi = (xmi −min(xm ))/(max(xm )−min(xm )), scaling
the maximum value on each dimension to 12 . The selected
instance Y satisfies dY = min(dy ) across all instances. If two
or more instances are equally distant, the instance with the
strongest category association hyk is chosen.
The instance-based prediction HK for category
K is then  obtained by subtraction, i.e.
HK =
hY K − hY k6=k max (abs(vm )), which is positive when
the selected instance predicts K, and negative if it predicts the
other category. The difference is weighed by the maximum
absolute value of the active modulators for scaling, since
rmIK can be amplified by vm (see below), which may vary
between tasks. HK is then passed to an exponential ratio rule,
together with the vectors of the dimension predictions rmIK ,
and their modulation values vm , calculating the probability
p(K|S) of choosing category K given stimulus S.
p(K|S) = 1 + e−HK −∑m rmIK vm

−1

(3)

1 Different active modulator associations having the same
strength might arise with correlated dimensions.
2 E.g. a binary dimension [white, black] is coded as [0,1], while
equally spaced shadings [white, lightgrey, grey, darkgrey, black] are
coded as [0,.25,.5,.75,1].

When feedback is provided, CALM updates the associations between the basic nodes and the category nodes on each
dimension via generalization and contrasting (Fig. 3).
Excitatory generalization is applied to the associations between each node i of dimension m and the category node for
the present outcome C. The update follows a Gaussian decay,
which is maximal at the location I of the stimulus S, and decreases in strength with the distance from this node, governed
by the free generalization parameter g.
−1 h −|σS −σ |2 /2g2 i
(4)
αm e mI mi
∆wmiC = 1 + e−vm
Contrasting is applied to the associations between each dimension node and the category node for the absent outcome
C. The update is identical to excitatory generalization, despite using the inverse of the Gaussian decay. The update for
the active node I is zero, increasing in strength with distance.
∆wmiC = 1 + e−vm

−1

h
i
S
2
2
αm 1 − e−|σmI −σmi | /2g

(5)

Both updates are weighed by the diagnosticity αm of
the dimension, and the conditional error discounting term
−1
(1 + e−vm ) , which approximates 0 with negative values on
the active dimension modulator vm . I.e. if a dimension is currently strongly modulated, the updates are suspended, and the
current associations are maintained.
The updates of the modulator associations v0mn j for the j
nodes of each dimension n modulating the predictions of dimension m follow the same decay as used for excitatory generalization. The update is strongest for the active modulator
node J and decays with distance from this node.
h
i
v
2
2
∆vmnJ = sign(rmIC )αm βn e−|σnJ −σn j | /2g
(6)
The update is weighed by the diagnosticity αm of the modulated dimension m, and the diagnosticity βn of the modulator
dimension n. The current success of dimension m in predicting the correct category C, i.e. sign(rmIC ), determines the
direction of the update, which is -1 if incorrect, and +1 if correct. The strengths of the modulator nodes are reset to +-5 if
they become stronger, which limits the response amplification
when taking the product in Equation 3.
A memory update further strengthens the association hSC
between the instance representation S and the correct category C, where the free parameter λ reflects the learning rate.
∆hSC = λ(1 + e∑m rmIC )−1

(7)

If the correct category C was strongly predicted by the unmodulated dimension nodes, as indicated by the ratio rule,
the update will be nearly 0, regardless of the learning rate λ,
thus, efficiently storing exceptions only. The unmodulated
predictions are chosen, because we think of modulation itself
not as a representation of category space, but an awareness of
when predictions require ‘adjustment’, which may also result
in configural memory representations.
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The final updates concern the diagnosticity values αm and
βn . Dimension diagnosticity αm is formalized as the extent of
variation in the predictions of a dimension m along its nodes
i, by taking the standard deviations SDm of the corresponding
vector of dimension predictions rmi .
∆αm =

SDm (rmi )
∑m SDm (rmi )

(8)

The estimates of ∆αm are normalized across dimensions,
and then averaged with the previous values of αm . In case of
zero variances, αm is reset to 1/M.
The update of the modulator diagnosticity βn is calculated
similarly, by taking the standard deviations of the associations v0mn j along the modulator dimension nodes j. However,
only their sign is taken into account for neglecting variations
unrelated to contextual modulation.
∆βn =

∑m6=n SDn (sign (v0 mn j ))
∑n ∑m6=n SDn (sign (v0 mn j ))

sian distribution with a low mean and a small standard deviation, i.e. g ∼ Gaussian(0,3) (.3, .1). For simulating the
revised pattern, i.e. without rule instructions, 500 values
of g were sampled from a distribution with a high mean
and a large standard deviation, i.e. g ∼ Gaussian(0,3) (.7, .5),
which was also done for simulating CALM’s performance in
the incomplete XOR task, where we presented the problem
(Fig. 1B) in 12 training blocks, followed by a test block including all possible stimuli, as done in Conaway and Kurtz
(2017). The exception learning rate was always sampled with
λ ∼ Gaussian(0,∞) (.15, .05). Figure 4 depicts the results.

(9)

The standard deviation is taken separately for the associations between the nodes of a modulator dimension n and
each remaining dimension m (with m 6= n), before they are
summed across the m dimensions, and normalized across the
modulator dimensions. Thus, βn reflects overall modulator
diagnosticity. The update is then averaged with the previous
values of βn . In case of zero variances, βn is reset to 1/M.
In its current version, CALM has 2 free parameters, i.e.
the exception learning rate λ, and the generalization decay g,
which is inversely related to the contrasting decay. Large values of g indicate strong generalization and weak contrasting,
and vice versa for low values of g. Due to CALM’s standardized dimension values, i.e. a dimension’s maximum is always
1, the impact of g is scaled and g estimates can be directly
compared between tasks that include stimuli with differently
scaled dimensions.

Simulations
In the following, we simulate CALM’s performance for the
six standard category learning tasks, and the incomplete XOR
task (see Fig. 1). To address the initially described differences in task performance, we assume that rule instructions
increase the tendency to abstract category membership, i.e.
increase contrasting (low g) in CALM. This increases the occurrence of prediction errors in specific contexts, which frequently triggers contextual modulation. We consequently assume that the absence of rule instructions leaves contrasting
at a moderate level (high g), such that contextual modulation
is triggered less frequently. Conaway and Kurtz (2017) point
out that they did not instruct the presence of rules in their incomplete XOR task, hence, we again assume moderate contrasting (high g) in this task.
We presented the problem Types I-VI (Fig. 1A) to CALM,
each in 8 blocks of training, as done in Kurtz, et al. (2013).
For simulating the classic pattern, i.e. with rule instructions, 500 values of g were sampled from a truncated Gaus-

Figure 4: CALM simulation results. (A) and (B) depict
CALM’s average learning curves (left) for the six problem
Types I-VI (see Fig. 1A), with strong contrasting in (A), and
weak contrasting in (B). The right columns depict the corresponding distributions of accuracy in the final training block.
(C) and (D) depict the predicted average response gradients
in the incomplete XOR task (test phase) for two sub-groups
of samples. Letters indicate categories of trained items. Response probability is indicated by shading; white=100% ‘B’,
black=0% ‘B’. See text for further details.
As can be seen, CALM with strong contrasting (Fig. 4A)
predicts the classic ordinal pattern of learning. CALM with
weak contrasting (Fig. 4B) predicts the revised pattern, including a bimodal Type II distribution, without affecting the
remaining pattern, well accounting for the described phenomena, by assuming variations in the strength of contrasting.
The simulation results for the incomplete XOR task can
be seen in Figures 4C and 4D. The two plots represent two
groups of sub-samples, i.e. the 500 samples were split by the

2440

mean probability of responding ‘B’ in the lower right quadrant (shaded area in Fig. 1B) being smaller (4C) or larger than
50% (4D). The depicted sub-groups contain 69% and 31%
of the 500 samples, respectively. As can be seen, CALM
predicts the pattern of performance as described (Conaway
& Kurtz, 2017), by assuming individual variations in the
strength of contrasting.

Discussion
We introduced CALM, a Category Abstraction Learning
Model, combining generalization, abstraction and problem
structuring. CALM successfully accounts for the observed
behavioural pattern in the classic benchmark categorization
problems Type I-VI (Shepard, Hovland, & Jenkins, 1961),
as well as for the systematic influence of rule instructions on
Type II performance (Kurtz et al., 2013). This is achieved
by assuming systematic variations in the tendency to abstract
category representations, described by a contrasting mechanism that generalizes from unobserved instances and triggers
the contextual modulation of dimension-specific predictions.
In addition, we have shown that individual differences in this
process might also explain the observed patterns in the incomplete Exclusive-Or problem (Conaway & Kurtz, 2017).
The results of our model simulations suggest that contrasting (inverse generalization) might be a key process in category learning. Importantly, CALM further implements constant monitoring of the network state, for reinforcing learning
about diagnostic dimensions, for selecting potential modulators, and for maintaining associations of modulated dimensions (conditional error discounting).
We thereby put strong assumptions into the model, which
have yet to be tested. CALM provides various predictions
for sophisticated experimental designs, including variations
in learning order, task switching, or the statistical and structural properties of categories. In addition, CALM provides
a framework that includes attention parameters on two cognitive levels, which has been theorized before (Matsuka, &
Corter, 2008).
As a next step, we seek to validate the model in further
studies. We believe, that CALM has the promising potential to provide an alternative approach to human learning behaviour in a wide array of tasks.

Acknowledgments
The work on this project was funded by the Swiss National
Foundation (SNF).

References
Conaway, N., & Kurtz, K. J. (2017). Similar to the category,
but not the exemplars: A study of generalization. Psychonomic bulletin & review, 24(4), 1312–1323.
Hebb, D. O. (1949). The organization of behavior: A neuropsychological theory. New York: Wiley.
Kalish, M. L., Lewandowsky, S., & Kruschke, J. K. (2004).
Population of linear experts: Knowledge partitioning and
function learning. Psychological Review, 111(4), 1072.

Kruschke, J. K. (1992). ALCOVE: An exemplar-based connectionist model of category learning. Psychological review, 99(1), 22.
Kruschke, J. K., & Johansen, M. K. (1999). A model of probabilistic category learning. Journal of Experimental Psychology: Learning, Memory, and Cognition, 25(5), 1083.
Kurtz, K. J. (2007). The divergent autoencoder (DIVA)
model of category learning. Psychonomic Bulletin & Review, 14(4), 560–576.
Kurtz, K. J., Levering, K. R., Stanton, R. D., Romero, J.,
& Morris, S. N. (2013). Human learning of elemental
category structures: Revising the classic result of Shepard,
Hovland, and Jenkins (1961). Journal of Experimental Psychology: Learning, Memory, and Cognition, 39(2), 552.
Le Pelley, M. E., Mitchell, C. J., Beesley, T., George, D. N.,
& Wills, A. J. (2016). Attention and associative learning
in humans: An integrative review. Psychological Bulletin,
142(10), 1111.
Love, B. C., Medin, D. L., & Gureckis, T. M. (2004). SUSTAIN: A network model of category learning. Psychological review, 111(2), 309.
Mackintosh, N. J. (1975). A theory of attention: Variations
in the associability of stimuli with reinforcement. Psychological review, 82(4), 276.
Matsuka, T., & Corter, J. E. (2008). Observed attention allocation processes in category learning. Quarterly Journal of
Experimental Psychology, 61(7), 1067–1097.
Nosofsky, R. M. (1986). Attention, similarity, and the
identification–categorization relationship. Journal of experimental psychology: General, 115(1), 39.
Nosofsky, R. M., Gluck, M. A., Palmeri, T. J., McKinley,
S. C., & Glauthier, P. (1994). Comparing modes of rulebased classification learning: A replication and extension
of Shepard, Hovland, and Jenkins (1961). Memory & cognition, 22(3), 352–369.
Shepard, R. N. (1987). Toward a universal law of generalization for psychological science. Science, 237(4820),
1317–1323.
Shepard, R. N., Hovland, C. I., & Jenkins, H. M. (1961).
Learning and memorization of classifications. Psychological monographs: General and applied, 75(13), 1.
Stewart, N., & Brown, G. D. (2005). Similarity and dissimilarity as evidence in perceptual categorization. Journal of
Mathematical Psychology, 49(5), 403–409.
Wagner, A. R., Brandon, S. E., Klein, S., & Mowrer, R.
(1989). Evolution of a structured connectionist model of
Pavlovian conditioning (AESOP). Contemporary learning
theories: Pavlovian conditioning and the status of traditional learning theory, 149–189.
Wills, A., Reimers, S., Stewart, N., Suret, M., & McLaren,
I. (2000). Tests of the ratio rule in categorization. The
Quarterly Journal of Experimental Psychology: Section A,
53(4), 983–1011.

2441

Complexity Matching in Collaborative Coordination
Daniel S. Schloesser (dschloesser@ucmerced.edu), Alma G. Munoz (amunoz28@ucmerced.edu),
Christopher T. Kello (ckello@ucmerced.edu)
Cognitive and Information Sciences, University of California Merced
5200 N. Lake Rd, Merced, CA 95340 USA
Abstract
Complexity matching—converging temporal correlations
measured by correlating the slopes of power spectra—is a new
measure of coordination based on information exchange between
complex networks. To date, studies have focused on the dyadic
case, but complexity matching may generalize to interacting
complex networks in the left and right hemispheres of a single
brain. We examined complexity matching in a perceptual-motor
task between individuals and dyads. Participants alternated hitting
targets in a Fitts-like task with the left and right hands of one
individual, or analogously between two people. Response coupling
was manipulated by making targets drift randomly (decoupled) or
contingently (coupled). Results showed long-range correlations in
time series of inter-response intervals exhibited complexity
matching for both individuals and dyads, but only when responses
were coupled via contingent drift. We conclude that complexity
matching observed between individuals can similarly occur within
one individual, suggesting a general principle of interaction at
work.
Keywords: complex systems; complexity matching; joint
action; interpersonal dynamics; coordination

Introduction
From simple physical collaborations like moving
furniture, to complex collaborations in sports and multiplayer video games, people coordinate to accomplish shared
goals. Analogous coordination also occurs within
individuals, as in the bimanual coordination necessary for
one person to juggle multiple balls in the air. Similarity in
coordination within and across individuals is demonstrated
by comparing one person juggling with two people juggling
back and forth together. The goal is the same in both cases,
and the hand-eye coordination necessary to juggle is similar
for one or two people. Prior studies have shown that both
dyadic and bimanual coordination are similarly governed by
principles of coupled oscillator dynamics (Haken, Kelso, &
Bunz, 1985). Another principle of coordination studies in
recent years is complexity matching, which is based on a
theory of information exchange between complex networks
(Abney, Paxton, Dale, & Kello, 2014; Marmelat &
Delignières, 2012; West, Geneston, & Grigolini, 2008).
Complexity matching is measured as convergence in the
temporal correlations produced by two given systems, where
convergence is typically measured as a correlation in the
estimated exponents of their respective spectra or detrended
fluctuation functions. To date, studies have focused on the
dyadic case, but the theory may generalize to interacting
complex networks in the brain of one person. In the present
study, we examined how the left and right hands coordinate
to accomplish a collaborative perceptual-motor task when
the hands are controlled by one individual (bimanual),

versus two separate individuals (dyadic). Our aim is to test
whether complexity matching generalizes across individual
and dyadic coordination tasks, and whether it is similarly
affected by manipulations of response coupling between the
left and right hands.
Perceptual-motor coordination has been studied in terms
of timing and movement accuracy (Rosenbaum, Dawson, &
Challis, 2006), phase relations among oscillatory
movements (Coey, Varlet, Schmidt, & Richardson, 2011),
and correlations in movement dynamics (Marmelat &
Delignières, 2012; Schmidt, Morr, Fitzpatrick, &
Richardson, 2012; Stephen, Stepp, Dixon, & Turvey, 2008).
Typically, coordination is measured in terms of a phase
relation like synchronization or syncopation, but more
recently complexity matching has been introduced as an
alternate measure of coordination (Marmelat & Delignières,
2012; Abney, Paxton, Dale, & Kello, 2014). Marmelat and
Delignières (2012) were the first to investigate the
relationship between coupling strength and complexity
matching. Participants worked in groups of two to swing
separate pendulums back and forth using either their left or
right hand. Participants first practiced the task alone using
only one hand, oscillating the pendulum at their own
preferred speed for approximately five minutes. Afterwards,
both participants began a series of three trials in which they
swung the pendulums in synchronous in-phase movements.
The authors manipulated the available amount of
perceivable information about the other partner. In a weakcoupling condition, only peripheral visual information was
provided about the partners’ swinging movements. The
intermediate-coupling condition provided visual and
auditory information, and the strong-coupling condition
provided visual, auditory, and haptic information. Haptic
information was available by instructing participants to
cross their free arms together.
Results indicated that there was significantly less
complexity matching in the weak-coupling condition
compared with the intermediate and strong coupling
conditions (there was no reliable difference between these
latter two conditions). These findings suggest that when
people have predictable information about each other’s
movements, they are better able to coordinate together.
The study by Marmelat and Delignières (2012) shows
how the degree of coupling between individuals can be
quantified in terms of complexity matching. However,
coordinated interactions were not necessary to complete the
tasks. The coordination observed was spontaneous and
emerged implicitly as a result of perceptual-motor coupling.
The actions of each individual in a given dyad were only
indirectly influenced by the other, e.g. through peripheral
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vision (Amazeen, DaSilva, & Amazeen, 2008; Mechsner,
Kerzel, Knoblich, & Prinz, 2001).
Other studies of perceptual-motor coordination have used
tasks that require explicit interaction between multiple
individual’s actions in order to perform a collaborative task
(Jordan, Schloesser, Bai, & Abney, 2017; van der Wel,
Knoblich, & Sebanz, 2011). For example, Jordan and
colleagues (2017) experimented with a collaborative task
that necessarily required dyads to coordinate their left and
right hands in order to complete the task. Dyads could
neither see nor hear the other person they were working
with, and the dyad condition was compared with an
individual condition in which one person performed the
same task with their left and right hands.
The task was to keep a drifting dot inside of a narrow
rectangular box positioned in the center of the computer
screen using two keys. Individuals were in control of both
response keys, while each dyad participant was only in
control of one of the response keys. Based on which key
was being presses, the dot would move around the screen at
a constant velocity. For both conditions, responses between
the left and right hands were necessary for controlling the
dot. If only one key was presses and held down, the dot
would quickly reach the border of the screen and stop.
Therefore, coordination between both hands was necessary
for completing the task.
Jordan et al. (2017) found that individual performance
was higher than the dyad by virtue of being better able to
time and extend individual key presses, allowing for smooth
movement across the screen. Precise timing of key presses
was unavailable to dyads because they could not see or hear
each other. Dyads adapted by pressing their keys quickly, at
similar frequencies, so they could coordinate by adjusting
the phase relation of their two series of key-presses.
Previous research has suggested that visual information
alone is not sufficient for dyads to adopt more efficient
performance strategies (Knoblich & Jordan, 2003). The
dyad strategy was less precise than the individual strategy,
but it utilized available degrees of freedom to make
coordination possible given limits on information exchanged
between partners.
In the present study, we designed an experiment to test
long-range correlations and complexity matching in a task
where cooperative interactions were necessary for
completing the task. We investigated whether complexity
matching depends on coupling strength in a bimanual Fittslike task in which performance was measured in terms of the
time to complete the task (which takes movement speed and
errors into account). We manipulated coupling between
hands in two ways. One way was by instructing participants
to perform the task as either individuals or dyads.
Importantly, in both conditions, participants had to
coordinate the timing of their left-hand and right-hand
responses—the hands could not respond independent of one
another, unlike the prior studies of implicit coordination.
Second, we manipulated response coupling by drifting

targets either at random or based on participant aiming
errors (see below).
We designed our bimanual aiming task to address two
main research questions. First, does the theory of
complexity matching generalize across dyadic and
individual (bimanual) perceptual-motor coordination?
Second, does response coupling have the same effect on
complexity matching in both dyadic and individual
coordination? Prior research suggests that complexity
matching should hold in all conditions because they all
require coordination in the timing of left-hand and righthand responses. We predicted greater complexity matching
when there were more channels for coupling the two
hands—the hand coupled via one nervous system for
individuals, and via target dependencies in the response
coupling condition for dyads.

Method
Sixty-six participants participated from UC Merced for
course credit. Each participant signed a consent form
explaining that participation is voluntary and they could end
the experiment at any time. Of the 66 participants (50
female) who volunteered for this experiment, 47 females
and all 16 males were right handed, based on which hand
they use for writing.

Apparatus
Participants sat roughly 30 cm (11.81 in) in front of a 22inch Planar PCT2235 touch screen monitor at approximately
a 65° angle. The height of each chair relative to the table
was set to a comfortable level for each participant. Two of
these monitors were used, linked between two isolated lab
rooms across from each other. Both rooms were 7 feet by 9
feet in size. The touch response coordinates were collected
from both monitors by the same computer that ran the
program used in this experiment. The program was written
in Python using the Pygame module.

Procedure
The experiment began with verbal instructions about the
overall nature of the task, which was to reach out and touch
red circle targets as they appeared on the touch screen
monitor, one at a time, as quickly as possible. Errors were
also discouraged in that they delayed responding because
participants had to re-touch the screen to hit the target and
continue to the next target. Each red target was 2.3 cm (0.9
in) in diameter, and only one target appeared on the touch
screen at a time (see Figure 1). The targets appeared in a
repeated order. The first target started in the top left
quadrant, the next appeared in the top right quadrant, then
lower left quadrant, and finally the lower right quadrant.
This cycle repeated 300 times in each block.
An auditory tone 200 ms in duration followed each
response to indicate the response time. The pitch of the tone
linearly related to the response time within a bounded range.
The lower bound was 250Hz at 1750 ms or longer, and the
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upper bound was 2000Hz at 0 ms. The tone indicated
performance to participants, with higher pitch meaning
faster performance, and lower pitch meaning slower
performance.

Figure 1. (Top) Depicts the four initial response
locations during the individual and dyadic
conditions. The white dashed lines were not visible
on the screen in the experiment. Approximately to
scale. (Bottom) Depicts the responses during the
individual and dyadic condition. Responses in all
four quadrants was required for both group types.

The left hand responded to targets in the left two
quadrants, and the right hand responded to targets in the
right two quadrants (see Figure 1). Participants in the
individual condition used their left and right hands to
respond to all targets, whereas participants in the dyadic
condition responded to only half the targets. One dyad
participant was chosen at random to respond to left sided
targets with their left hand and the other responded to right
sided targets with their right hand (see Figure 1).
All participants saw all the targets in all four quadrants,
and could see the other participant’s touch responses as brief
gray concentric rings centered on the response location.
Thus, the task stimuli and responses were the same for
individual and dyadic conditions, the only difference being
whether participants responded to half or all the targets.
Each experimental block of 1200 targets was preceded by
40 practice targets. Each individual participant and each
dyad completed one random drift block and one dependent
drift block. The order of blocks was counterbalanced across
participants. Within each block, the target was repositioned
within each quadrant from one response to the next, using
two different algorithms. In the random drift condition, the
position of each next target was determined by generating a
randomly chosen new center position within the area of the
previous target. This new center was translated to the next
quadrant to position the next target. A new center was
randomly chosen the same way after each response to create
a random drift of target locations over the course of the
block. In the dependent drift condition, the new center of
each target was determined by the previous response
location within the previous target. Therefore, dependent
drift was determined by variability generated by the
participants instead of a random number generator.
In both conditions, the distance of each target
repositioning was no more than the target radius. In the
random drift condition, if a newly generated position fell
outside the boundaries of the quadrant, the target was
repositioned in the opposite direction by the same distance.
This boundary check kept the entire target circle in view on
the touchscreen. In the dependent drift condition, newly
generated positions that fell outside the boundaries were not
applied—each vertical and horizontal boundary in the
dependent condition kept at least half the target circle in
view. The possibility of targets drifting off the screen
encouraged participants to avoid the boundaries, given that
they had control over the drift in the dependent drift
condition.

Data collection/processing
Responses both inside and outside the targets were
recorded with respect to response time and the XY response
location within each quadrant. The primary dependent
variable of interest is the time between consecutive target
touches, i.e. the inter-response-interval (IRI). The IRI
represents performance given the goal of completing each
block as quickly as possible. IRIs that were above or below
2.5 standard deviations were replaced with the mean IRI for
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the corresponding block. The 1200 responses in each block
were divided in half to identify the responses produced by
the left and right hands. The last 512 responses of each hand
were retained and analyzed. Figure 2 shows example IRI
time series for the left and right hands from each of the four
different conditions.

Figure 3. Mean time to complete the task as a
function of Group Type and Movement Type.

Spectral Analysis

Figure 2. An example time-series for the individual
random (top left), individual dependent (top right),
dyadic random (bottom left), and dyadic dependent
(bottom right) conditions.

Results
Total Time
We first analyzed overall performance for each condition
in terms of the total amount of time it took to complete each
block. A two-way analysis of variance was conducted with
Group Type as a between-subjects factor (individual versus
dyad), Movement Type as a within-subjects factor (random
versus dependent drift), and individual or dyad as a random
factor. The results indicated a significant main effect of
Group Type, F(1, 42) = 11.93, p = .001, a main effect of
Movement Type, F(1, 42) = 48.08, p < .001, and a
significant interaction, F(1, 42) =5.92, p = .019 (see Figure
3). Individuals were faster than dyads, the coupling of
dependent drift supported faster responses compared with
random drift, and individuals were better able to take
advantage of dependent drift compared with dyads.

Error Rates

We used spectral analysis to measure temporal
correlations in IRI time series, and also to measure the
degree of matching between temporal correlations in
response time fluctuations in the left and right hands (i.e.
complexity matching). Temporal correlations are expressed
as inverse relation between frequency and spectral power,
and this relation can be quantified by fitting a second-order
regression line to the power spectrum in log-log
coordinates. The spectral function will closely follow a
straight line in log-log coordinates if temporal correlations
follow an inverse power law, or the function may bend away
from a power law if random variations or short-range
correlations are present. The slope of the linear coefficients
of the regression line quantify temporal correlations across
responses. More negative linear coefficients indicate
stronger temporal correlations.
We conducted a 2 (Group Type—individual or dyad) X 2
(Movement Type—random or dependent) X 2 (Hand—right
or left hand) mixed ANOVA on linear coefficients for each
IRI spectrum produced by each hand in each block. The
results indicated a significant main effect of Group Type,
F(1, 42) = 20.88, p < .001, Movement Type, F(1, 42) =
25.47, p < .001, and Hand, F(1, 42) = 6.90, p = .012. There
was also a significant two-way interaction between
Movement Type and Hand, F(1, 42) = 7.30, p = .01. All
other main effects and interactions were non-significant, p >
.05. As can be seen in Figure 4, dyads had stronger temporal
correlations than individuals did, and dependent drift caused
stronger temporal correlations compared with random drift.
Also, the right hand produced stronger temporal correlations
than the left hand (not shown in the Figure 4).

The same two-way ANOVA was conducted on the mean
number of errors in each condition. There was only a
significant main effect of Group Type, F(1, 42) = 21.48, p <
.001, showing that individuals responded more quickly at
the expense of more errors.

2445

Figure 4. Spectral analysis: Group Type by
Movement Type.

Figure 6: Dyadic Dependent Condition.

Discussion

Complexity Matching
Next, we tested whether there was convergence in the
temporal correlations produced by each hand, by testing the
slopes of their respective spectra for each condition. There
were significant and marginally significant positive
correlation for the dyadic and individual dependent drift
condition, respectively, but not for random drift: r(22) =
0.38, p = .077 for individuals (see Figure 5), and r(22) =
0.57, p = .006 for dyads (see Figure 6).

Figure 5: Individual Dependent Condition.
These correlations suggest that complexity matching
occurred only when the hands coupled via interdependent
target locations. Interestingly, the degree of complexity
matching as measured by correlation coefficients was
comparable for individuals and dyads, and absent when
targets drifted randomly, even though the same individuals
generated both responses.

The main goal of our experiment was to examine whether
complexity matching is a general principle that applies
similarly to coordination within and between individuals.
Results showed that complexity matching occurred for both
individuals and dyads, but only when responses were
coupled via contingent drift in target positions. It is
surprising and perhaps counterintuitive that complexity
matching was extinguished by decoupling the left and right
hand responses for individuals, even though the left and
right hands were controlled by individual brains in this
condition. It appears that response coupling is the critical
factor in observing bimanual coordination, and not the fact
that lateralized control of the left and right hands is coupled
by the corpus callosum.
To put these results in context, we also found that
individuals performed better overall compared with dyads,
which indicates an advantage when one hand “has
knowledge” of the other by virtue of being attached to the
same brain—that is, when the left hand knows what the
right hand is doing, so to speak. Nevertheless, this
knowledge was not expressed as persistent complexity
matching regardless of how targets drifted. Moreover, the
better performance that this knowledge afforded also
corresponded with weaker long-range correlations. In sum,
complexity matching depended on coupling through the task
itself, whereas performance and 1/f noise depended on the
task as well as the system(s) performing the task.
The observed flexibility of bimanual coordination
suggests that, akin to juggling, coordination in our
experiment was soft-assembled (Kloos & Van Orden, 2009).
Participants recruited the degrees of freedom available to
accomplish the task, while also remaining available to reorganize into other coordinative configurations over time.
Unified control over left and right-hand responses allowed
individuals to coordinate differently from dyads, even
though the task was otherwise the same across conditions.
Dyads needed to communicate through response coupling,
whereas individuals did not. Our results demonstrate that
coupling strength in a bimanual coordination task does
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affect interpersonal coordination, as in Marmelat &
Delignières (2012), and the strength of response coupling
between individuals and dyads influenced measures of
complexity matching.
A more complete examination of the link between
coupling and complexity matching during bimanual
coordination
will
require
further
analysis
and
experimentation. First, continuing to analysis the data using
methods of non-linear statistics will help to clarify the way
in which multiple limbs coordinate in space and time.
Examining the relative phase relationship between the
actions produced by individuals and dyads may reveal the
underlying structure leading to the differing degrees of
complexity matching observed in this task.
Additionally, another coupling condition could further our
understanding of the dependent nature of coupling in
coordinated behaviors. Variability in target locations was
more predictable with dependent drift compared with
random drift. Therefore, it is unclear whether the observed
effects of dependent drift were due to the interactions
between hands that created predictable target locations, or
the predictability itself. We can test these competing
hypotheses by testing a condition in which participants
respond to targets whose locations are “played back” from a
previously recorded block of dependent drift responses. If
predictability is the underlying factor at play, then the
playback condition should yield a similar pattern of results
as the dependent drift condition. Alternatively, if
collaborative interaction is the underlying factor, then the
playback condition should be similar to the random drift
condition.
Finally, further advances may come from further
investigation into the conditions that manifest
complementary coordination instead of simpler forms of
coordination like synchrony and alignment. Other studies
have found performance benefits from synchrony and
alignment (van der Wel, Knoblich, & Sebanz, 2011), and
understanding the principles and factors underlying these
differing forms of coordination will help us know when it is
time to swing to the beat together, or march to the beat of
your own drum.
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Abstract

Minett, Au, & Wang, 2002) is an adapted framework to test
this hypothesis. It is a class of multi-agent models of language emergence and evolution, where pairs of randomly selected individuals try to communicate by referring to some
pre-defined meanings using words. At the beginning, they do
not share any convention about word-meaning associations.
Through repeated decentralized interactions, a common lexicon self-organizes. However, the process can be slow and
pass through a high-complexity phase where agents memorize a lot of conflictual information, in the form of synonyms
and homonyms.

In the process of collectively inventing new words for new concepts in a population, conflicts can quickly become numerous,
in the form of synonymy and homonymy. Remembering all of
them could cost too much memory, and remembering too few
may slow down the overall process. Is there an efficient behavior that could help balance the two? The Naming Game is
a multi-agent computational model for the emergence of language, focusing on the negotiation of new lexical conventions,
where a common lexicon self-organizes but going through a
phase of high complexity. Previous work has been done on
the control of complexity growth in this particular model, by
allowing agents to actively choose what they talk about. However, those strategies were relying on ad hoc heuristics highly
dependent on fine-tuning of parameters. We define here a new
principled measure and a new strategy, based on the beliefs
of each agent on the global state of the population. The measure does not rely on heavy computation, and is cognitively
plausible. The new strategy yields an efficient control of complexity growth, along with a faster agreement process. Also,
we show that short-term memory is enough to build relevant
beliefs about the global lexicon.
Keywords: language emergence, active learning, multi-agent
model, control of complexity growth

Motivations
Lexical conventions constitute an important element of social
interactions. They can emerge, evolve, or be learnt within a
population, without necessarily having a centralized control.
In other words, they can be negotiated through local interactions between individuals. In practice, this happens continuously in human societies, being the spread of new words
and conventions, the acquisition of those conventions by infants or other learners, or even the emergence of new forms of
communication. Despite the high complexity of the processes
involved, humans deal with these issues quite efficiently.
Learning of high complexity tasks in individuals can in
general be facilitated by an active control of the complexity of
learning situations , often driven by intrinsic motivation, like
for example maximization of the learning progress (Gottlieb,
Oudeyer, Lopes, & Baranes, 2013; Baldassarre & Mirolli,
2013; Barto, 2013; Oudeyer, Kaplan, & Hafner, 2007). This
type of mechanism is also argued to be an evolutionary advantage for cognitive abilities (Oudeyer & Smith, 2014), and
can also be found in lexicon acquisition at the individual level
(Partridge, McGovern, Yung, & Kidd, 2015). But does it have
a significant impact on population-wide learning and conventions negotiation dynamics?
The Naming Game (Steels & Kaplan, 1998; Wellens, 2012;
Loreto, Baronchelli, Mukherjee, Puglisi, & Tria, 2011; Ke,

It has already been shown that active learning mechanisms can increase convergence speed towards a shared lexicon in different language emergence models (Cornudella,
Van Eecke, & Van Trijp, 2015; Schueller & Oudeyer, 2016).
The main idea behind those mechanisms is to allow agents
to actively choose the topic of their communication, based
on information collected during their past interactions and
driven by control of complexity growth. However, the algorithms used so far are based on ad hoc heuristics, constrained
interaction scenarios and can depend heavily on fine-tuning
of parameters themselves depending on population size and
number of words and meanings.
In previous work, an approximation of the global state is
built by each agent using the information of past interactions, in the form of an average vocabulary of the population
(Oliphant & Batali, 1997; De Vylder, 2007). Is it possible to
design a new principled algorithm for an active topic choice
based on such a representation? Could decisions be driven by
both the compatibility of an agent’s own lexicon with this average vocabulary, and a reduction of both their complexities?
Such an algorithm should rely on a time scale for the memory of past interactions: Indeed, in the case of uncentralized
negotiation of a lexicon, conflictual conventions will necessarily appear and have to be forgotten in order to converge
to a functional global vocabulary. Remembering them could
slow down the self-organization process.
In this work, we define a principled measure of correlation
between an agent’s lexicon and a local approximation of the
average lexicon of the population. We build a strategy driven
by the maximization of this value without being computationally hard, to be cognitively plausible. We study and discuss
the impact of this strategy on convergence time and complexity growth, depending on a time scale used for memory.
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Methods
The Naming Game
We define here precisely the Naming Game model that we
used (see fig.1 for an overview). We need to explicit:
- The interaction scenario itself
- How agents represent their lexicon
- How they update their lexicon at the end of each interaction
It is a simple modification of the standard Naming Game scenario (Loreto et al., 2011; Wellens, 2012).

Figure 2: Interaction process: Beforehand, 2 individuals have been
randomly selected among a population, an designated as speaker (S)
and hearer (H). 1. S chooses a topic, 2. S checks its vocabulary to
find or invent an associated word, 3. S utters the word, 4. H guesses
the intended meaning, 5. S indicates the intended meaning.

Figure 1: Illustration of the Naming Game model. Out of a population of simulated agents, two are picked and try to communicate,
using/inventing words to refer to meanings. After repeated such interactions, a common lexicon self-organizes. In this example, there
are M=2 possible meanings, W =4 possible words and N=12 agents.

Interaction process We re-use a previously defined interaction process called Speaker’s Choice (Schueller &
Oudeyer, 2016). It allows one of the interacting agents, called
the speaker, choose actively the topic of the interaction.
Each interaction involves two agents, that are picked randomly from the population. One of them is assigned the role
speaker, and the other the role hearer. The speaker chooses
a topic and picks up a word for this topic. If it does not have
a word associated so far to the meaning used as topic, it just
invents a new meaning-word association. It utters this word,
which is interpreted by the hearer as a meaning, if it knows
this word. If the interpreted meaning is the same as the topic,
i.e. the meaning intended by the speaker, the communication
is considered successful. Otherwise, it is considered a failure.
See fig.2 for a detailed illustration of the interaction process.
Vocabulary Representation Vocabularies, or lexicons, are
a set of associations between meanings and words. In this
work, we consider only a finite set of meanings M and a finite
set of words W . In this context, vocabularies can be represented as associations matrices, where each row corresponds
to a meaning, and each column to a word. This representation has been extensively used in related work (Oliphant &
Batali, 1997; Steels & Kaplan, 1998; Ke et al., 2002). Two
parts of the lexicon are distinguished, the coding or production part, which maps a meaning to a set of words weighted by

probabilities of usage, and a decoding or interpretation part,
mapping a word to a set of meanings that can be interpretated
from this word, also weighted by probabilities.
We represent the vocabulary of an agent A as a matrix V (A)
of size M ×W , with values of 1 for each word-meaning association used by the agent. Each agent starts with an empty vocabulary, a matrix filled with zeros. The coding matrix V c (A)
and decoding matrix V d (A) are derived from V (A) by normalizing respectively over rows and columns:
V c (A)mw =

V (A)mw
∑ V (A)mw0
w0

V d (A)mw =

V (A)mw
∑ V (A)m0 w

(1)

m0

Normalization factors are used only if V (A)mw 6= 0. In practice, when coding a meaning m, a word wi is sampled using
the distribution (V c (A)mw )w∈W . When decoding a word w,
a meaning m j is interpreted, sampled from the distribution
V d (A)mw m∈M . In our case, these distributions are uniform
either on the set of words associated to m for coding, or on
the set of meanings associated to w for decoding. Those 2
sets change over time, during the vocabulary update.
Vocabulary Update Policy At the end of each interaction,
each agent takes into account the result of the interaction by
modifying its lexicon. There exists various policies that have
been described and studied in previous work (Wellens, 2012).
We are using the one called Minimal Naming Game.
In this policy, updates work this way: when the communication fails, both agents add the used word-meaning association (meaning used as a topic by the speaker, and word uttered
by the speaker) to their lexicon, and do nothing if they already
had it. If the communication is successful, not only do they
add this association to their respective lexicons, they also remove any conflicting synonyms and homonyms. See fig.3 for
an illustration of the update policy in both cases.
Typically, among existing policies, Minimal NG and another one called Basic Lateral Inhibition are used: they are
more realistic as they allow synonymy/homonymy and yield
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faster agreement. Moreover, Minimal NG has been shown to
yield similar dynamics as Basic Lateral Inhibition, yet being
simple and not depending on any parameter, while the latter
depends on 3. This is the reason why we are using the Minimal NG as vocabulary update policy.

can either estimate it using a snapshot of the population and
a Monte Carlo method with random topic choice, or compute
it. To detail the exact computation formula, we need to first
define the probability of success between two given vocabularies of agents A and B. As detailed in the previous section,
a vocabulary has 2 components: a coding part, used to find
words associated to a meaning, and a decoding part, used to
find meanings associated to a word. For vocabulary V (A),
we would then have the 2 matrices V c (A) and V d (A). If A
is the speaker and B the hearer, A is coding and B decoding,
hence the formula of the probability of success in this case,
averaged over all possible meanings:
TCSs (A, B) =

1
∑ V c (A)m,w ·V d (B)m,w
M∑
m w

(2)

Figure 3: Vocabulary update (Minimal NG). Failure (when the
hearer interpreted the word as another meaning than the topic):
the word-meaning association used by the speaker is added to the
hearer’s vocabulary. The speaker adds it as well if it was just invented. Success (when the hearer interpreted correctly the word as
the topic): both hearer and speaker remove synonyms/homonyms in
conflict with the word-meaning association used during the interaction. In both examples the topic is the apple, and the word rimi.

Measures
The self-organization process happening while simulating the
Naming Game has complex dynamics, and goes through
various states before reaching global consensus. We talk
about those dynamics as a convergence process, towards the
state where all agents share the exact same lexicon, with
exactly one word for each meaning without synonymy and
homonymy. This state is stable, lexicons will not change anymore whatever are the modalities of the interaction – which
agent is the speaker, which is the hearer, and which meanings and words are used. Convergence and stability for different types of Naming Games has been proved analytically
(De Vylder, 2007). In this paper, we do not focus on whether
the model converges or not, but on the speed and complexity properties of the dynamics before convergence. Measures
for each of those aspects, used to describe the system while in
this intermediate state, were defined in previous work (Loreto
et al., 2011). We distinguish local measures –accessible to
each agent– from global measures, computed on the whole
population.
TCS: Theoretical Communicative Success The Theoretical Communicative Success is a measure of distance to the
fully converged state. First, for each meaning, we can consider the probability of having a successful communication
when using this meaning as a topic, given a state of the population. The TCS is the average of those probabilities, over
all possible meanings. In the case of Random Topic Choice,
this measure coincides with the general probability of having
a successful interaction. By definition, it is a global measure,
not accessible to individual agents. To retrieve its value, we

Because before an interaction we do not necessarily know
which agent will be the speaker and which will be the hearer,
the 2 situations (A speaker and B hearer / B speaker and A
hearer) are to be considered, as equiprobable. The final value
TCS(A, B) is the mean of TCSs (A, B) and TCSs (B, A).
To scale up to population level, one can compute an average vocabulary for the whole population V (P), and then the
probability of success for an interaction between this lexicon
and itself. For a large enough population, this value is indeed
a good approximation of the probability of success. V (P) is
an element-wise average of the lexicon matrices of all agents.
When using random topic choice, this value abruptly goes
from 0 to 1 after a certain number of interactions. These dynamics can be seen on fig.4, where the random topic choice
is represented – among active strategies that are explained in
a following section. In practice, we use Monte Carlo estimation for the values at population level over time, and the exact
computation for the active topic choice strategy (see following section), as it requires more precision and the population
vocabulary is already built.
Local Complexity The starting state of an agent’s vocabulary is empty (all-zero matrices), and the end state is identical
coding and decoding matrices, with exactly one distinct word
per meaning. But between those 2 situations, through which
states goes the vocabulary? How much conflictual information (synonymy and homonymy) has to be considered?
For each agent, we can define a local complexity measure,
by counting the number of distinct associations present in the
vocabulary. In our case, this is exactly the sum of all elements of the matrix V (A). At the beginning of a simulation,
while the vocabulary is empty, this measure equals 0. At the
end, its value is the number of meanings M. When using random topic choice, there is a fast growth to a maximum, before
a slow decrease to the final value M (can be seen in fig.4).
This measure is nearly proportional to the minimal memory
needed to represent the lexicon (as a sparse matrix or a list
of word-meaning associations), and therefore should remain
low in a cognitively plausible situation.
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Active Topic Choice Strategy
The main contribution of this work is the definition of an active strategy for the choice of the topic in each interaction,
by comparison to the usual choice of picking meanings randomly (with a uniform distribution over the space of meanings). The strategy has to be local, i.e. use only information
available to the agent, namely its own vocabulary and results
of past interactions it was involved in.
To both converge quickly and control complexity, behavior should be driven by maximization at each interaction of
the Theoretical Communicative Success. However, this value
is a global measure, therefore not accessible at agent level.
Agents only sample information about the global state of the
population, or the average vocabulary V (P), through their interactions as hearer or speaker.
The strategies for active topic choice found in previous
work are separated in two levels of decision (Schueller &
Oudeyer, 2016). First, a decision between exploring a new
meaning (that is associated to no words in the vocabulary
so far) and choosing (exploiting) a meaning among those already used before. Then, if exploiting, deciding which known
meaning to use depending on past interaction results.
The strategy introduced in this work keeps those two levels,
while basing both decisions on a new measure called Local
Approximated Probability of Success (LAPS), using a local
representation of V (P).
LAPS: Local Approximated Probability of Success
Here, we define an approximation of V (P), Ve (P), using information sampled by agents during their interactions. We
construct independently the coding and decoding parts Ve c (P)
and Ve d (P). For every meaning m (and every word w), we use
a sliding window over the recent past interactions – of maximal length τ, the time scale parameter– and count the number
of times it is associated to each word w0 (or meaning m0 ). This
value divided by τ is the local estimation of the probability of
an other agent coding m using w0 (or decoding w as m0 ). With
this, we retrieve the values of both matrices Ve c (P) and Ve d (P).
Let M c (m) be the memory of the past interactions where
m was the topic, if there has been Tm such interactions. wt
denotes the word used during the t th interaction of the agent
using the meaning m. We can now build Ve c (P):
Tm

∑

c

Ve c (P)mw =

M (m) = (wt )1≤t≤Tm

t=Tm −τ+1

δw,wt
(3)

τ

Similarly, by defining M d (w) be the memory of the past
interactions where w was the topic, with Tw such interactions,
we can build Ve d (P):
Tw

∑

M d (w) = (mt )1≤t≤Tw

Ve d (P)mw =

t=Tw −τ+1

τ

δm,mt
(4)

Until τ interactions have been done with a given meaning
or word, ∑ Ve c (P)mw and ∑ Ve d (P)mw do not sum to 1. The rew

m

maining probability weight is assumed to be associated with
failure. If we would normalize to 1, with a single interaction
an agent would already estimate as 100% sure that the same
word-meaning association would be used again with the same
topic for example. Without the normalization, this happens
only after τ interactions. In other words, this reflects lack of
information due to small sample size. We define a Local Approximated Probability of Success, or a local equivalent of
the Theoretical Communicative Success for an agent A with
vocabulary V (A):
LAPSA = TCS(V (A), Ve (P)A )

(5)

For some vocabulary update policies called lateral inhibition,
similar matrices are computed, but used directly as an agent’s
own representation of the lexicon. This usage does not prevent the complexity burst (Wellens, 2012).
Exploration vs. Exploitation The first choice of our new
strategy is between exploring new meanings or exploiting already known ones. Exploration should happen when agents
are confident enough about their agreement with the rest
of the population over their known meanings (Schueller &
Oudeyer, 2016). The LAPS measure in itself is a measure of
confidence, and the simplest way to take this into account is
K
where
to only explore when reaching the maximum value M
K is the number of known meanings and M the total number
of meanings in the world. This value can actually be reached,
thanks to the sliding window of parameter τ.
Multi-Armed Bandit The second decision process concerns the exploitation part, when picking the topic among the
known meanings. We designed a behavior driven by the increase of the LAPS measure. In other words, agents seek
the meaning that would yield the greatest increase of LAPS.
However, computing the expectancy of this value ∆LAPS is
hard computationally speaking, and therefore not suitable for
a model of a cognitive process. We can only consider the process a black box, where following a decision between a finite
set of options, a reward value is obtained. This is exactly the
definition of the Multi-Armed Bandit problem, associated to
a class of reinforcement learning algorithms that have been
extensively studied (Bubeck, Cesa-Bianchi, et al., 2012). The
name comes from an analogy with a person trying to maximize their gain while facing a set of slot-machines (also called
one armed bandit), and being able to use only one at a time.
The probability distribution of the reward of each machine
is unknown, and the player has to both collect information
by playing and exploit the highest rewarding machine – with
limited knowledge of its reward distribution – hence keep balance between exploration and exploitation. In our problem,
we can see known meanings as the possible arms, and the reward ∆LAPS. Our case is quite specific, as: 1) distributions
are non stationary, 2) they depend on past choices, 3) and the
number of arms grows over time (and starts at 0). This specific situation led us to choose an algorithm, where weights
associated to each arm undergo a decay over time, which let
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them stay at the same order of magnitude of the initial weights
of new arms (Clement, Roy, Oudeyer, & Lopes, 2015). Our
algorithm depends on 2 parameters: integrated balance between reward-driven exploitation and random exploration between arms through the parameter γ, and time scale n for the
decay of weights. As a reward, we consider the increase of
LAPS yielded by the interaction, ∆LAPS, or 0 if the latter is
negative in order to avoid negative weights. See algorithm 1.
Algorithm 1 LAPSmax Bandit Multi-Armed Bandit algorithm used as a topic choice strategy maximizing the LAPS
measure. New arms are created with weights wa equal to the
reward ri obtained at the end of an interaction with a new
meaning.
Require: γ rate of exploration for bandit
Require: n time scale for weights decay
Require: vocabularies V and Ve , #meanings M
K ← |V.known meanings()|
K
then
if LAPSA = M
m ← random (V.unknown meanings())
else
for a ∈ Arms do
w̃a = ∑wwa j
j

pa = (1 − γ) · w̃a + Kγ
end for
Sample m ∈ Arms using distribution (pa )a∈Arms
end if
return m
{Interact using topic m and compute reward r}
if m ∈ Arms then
n
wm ← n+1
· wm + r
else
Add m to Arms with wm = r
end if

Figure 4: Theoretical success rate over time and Local Complexity for Random Topic Choice and Active Topic Choice
with several values of the time scale τ used in the LAPS measure. N=M=W =40, γ=0.01, mean over 8 trials.

Results
For all simulations, we set N=M=W =40, compute up to
80,000 interactions and take the mean over 8 trials. The situation M=W is the most constrained and complex to solve, as
synonymy and homonymy are more probable. We ran simulations for 1 ≤ τ ≤ 50, and set n=τ. For the exploration rate,
if the condition 0 < γ  1 is respected, the actual value of
γ does not matter much, as its only function is to avoid rare
cases where some weights reach a value of 0 and cannot be
selected anymore. We set γ=0.01. However, we also ran simulations with pure random choices at the bandit level, to be
able to study the influence of each level of our algorithm. This
case identifies as γ=1.
The evolution of the TCS and complexity over time is represented on fig.4, for several values of the time scale τ. They
are compared on the same plots with Random Topic Choice.
We can see that convergence is faster for low values of τ, the
fastest being for τ=2, which is 4 times faster than Random
Topic Choice. As for complexity, for all configurations ex-

cepted τ=1 values stay below the final level 40. After reaching a first threshold, they increase linearly with time, the slope
being smaller for higher values of τ. For τ=1, the maximum
value is only half of the maximum reached by Random Topic
Choice. It is understandable that τ=1 is an outlier: in this
case LAPS is an autocorrelation with the current interaction,
by definition older interactions are not taken into account.
On fig.5, we can see the dependency of convergence time
on the parameter τ, plotted for configurations γ=0.01, γ=1 and
the value for Random Topic Choice as a reference. Both have
dynamics consistently faster than Random Topic Choice for
low values of τ, however γ=0.01 performs better. Excepted
for τ=1, convergence time increases linearly with τ for both,
with a minimum at τ=2, and a smaller slope for γ=0.01.

Discussion
Results show that the new strategy presented in this paper
1) allows fast convergence, 2) controls efficiently complexity
growth, 3) its dynamics are consistent and highly correlated
with parameter change, 4) the 2 levels of the algorithm each
contribute to the increased performance.
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Figure 5: Convergence time depending on time scale τ used
in LAPS measure, for both γ=0.01 and γ=1, compared with
Random Topic Choice. N=M=W =40, mean over 8 trials.

With τ=2, each agent on average only speaks 15 times
about each meaning before convergence (i.e. less than half
the population), and information has already been both conveyed between all agents and disambiguated. The linearity of
the evolution of TCS and complexity lets think that this algorithm may as well scale efficiently to other values of N, M and
W . Compared to previous work, this topic choice algorithm
is more robust, and optimal parameters are easier to find. It
generalized well to Minimal Naming Game and can be used
for all other Naming Game models.
LAPS is coherent from a cognitive point of view, and corresponds to an actual internal confidence about quality of
communication with the rest of the population. As stated in
the results section, the case τ=1 is an outlier, being a simple autocorrelation with the current interaction. The optimal
value τ=2 is then the lowest possible value taking into account
past interactions, i.e. Ve (P) takes the lowest possible memory,
which is therefore credible for humans. Further work will be
needed to determine for which values of N, M and W τ=2
stays the optimal value.
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Evidence for an Intuitive Physics Engine in the Human Brain
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Abstract
Humans demonstrate a remarkable ability to infer physical properties of objects and predict physical events in dynamic
scenes. These abilities have been modeled as probabilistic simulations of a mental physics engine akin to 3D physics
engines used in computer simulations and video games (Battaglia, Hamrick & Tenenbaum 2013; Sanborn, Mansinghka &
Griffiths 2013), but it is unknown if and how such a physics engine is implemented in the brain. Does the brain represent
quantities corresponding to the key latent variables of physical objects that contribute to their dynamics? To find out,
we used multivariate pattern classification analyses of fMRI data from subjects viewing videos of dynamic objects. The
mass of depicted objects could be decoded, across physical scenarios and object materials, from brain regions previously
implicated in intuitive physics. This invariant representation of mass may serve as a key variable in a generalized engine
for intuitive physics.
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Abstract

and express its distinctive structure and dynamics using
whatever means available.
Currently, many scholars espouse a less dichotomous view
of creativity that incorporates both domain-specific and
domain-general elements (Gabora, 2017; Plucker &
Beghetto, 2004; Kaufman & Baer, 2004c). Nevertheless, we
believe that the domain-generality of creativity is still underappreciated due to emphasis on the final product or output of
the creative process. Even if creative individuals tend to
express themselves in one domain this does not necessarily
mean that prior phases of their creative process are domainspecific. This paper describes a study designed to test the
hypothesis that cross-domain influences play a normal and
natural role in creativity and constitute a ubiquitous part of
the creative process, and that the prominence of cross-domain
influences on creativity is not exclusive to expert creators.

According to the honing theory of creativity, the iterative
process culminating in a creative work is made possible by the
self-organizing nature of a conceptual network, or worldview,
and its innate holistic tendency to minimize inconsistency. As
such, the creative process is not limited to the problem domain,
and influences on creativity from domains other than that of the
final product are predicted to be widespread. We conducted a
study in which participants with varying levels of creative
experience listed their creative outputs, as well as influences
(sources of inspiration) on these outputs. Of the 758 creative
influences, 13% were within-domain narrow, 13% withindomain broad, 67% cross-domain, and 6% unclear. These
findings support the hypothesis that to trace the inspirational
sources or ‘conceptual parents’ of a creative output, and thus
track its cultural lineage, one must look beyond the problem
domain to the creators’ self-organizing, inconsistencyminimizing worldview at large.

Honing Theory

Keywords: art; creativity; cross-domain influence; domaingeneral; domain-specific; innovation; inspiration; music

Introduction
Creativity is thought to involve the restructuring of
information in a creative domain, sometimes referred to as
the problem domain (Runco, 2014), or simply, the domain.
Domain-specific theories of creativity emphasize the nontransferability of expertise from one creative domain to
another (Baer, 2015). They appear to be supported by
findings that creative individuals are rarely creative in more
than a few domains, i.e., someone known for their creativity
in physics is rarely also known for their creativity as a dancer
(Baer, 2012; Kaufman & Baer, 2004a). Support also comes
from studies in which individuals created products for
different domains, such as poems and mathematical
equations, which found a low correlation in the ratings of
individuals’ creativity across domains (Baer, 1991).
Domain-general theories emphasize the generalizability of
creative thinking across different domains (Hong & Milgram,
2010). The domain general view is supported by personality
studies, which suggest that there is something to the notion
of a creative personality type (Batey & Furnham, 2006;
Eysenck, 1993; Feist, 1998; Martindale & Daily, 1996), and
by evidence that when people express themselves in different
creative domains these outputs bear a recognizable style or
‘voice’ (Gabora, O’Connor, & Ranjan, 2012; Ranjan, 2014).
Such findings suggest that the creative mind seeks to explore

Central Aim and Core Concepts. While the central aim of
most theories of creativity is to account for the existence of
creative products, the honing theory of creativity (HT) arose
to account for the cumulative, open-ended nature of cultural
evolution. HT grew out of the view that humans possess two
levels of complex, adaptive, self-organizing, evolving
structure: an organismic level, and a psychological level
(Barton, 1994; Combs, 1996; Freeman, 1991; Gabora, 1998,
2017; Pribram, 1994; Varela, Thompson, & Rosch, 1991).
We refer to this psychological level as a worldview: an
individual’s unique dynamic web of understanding that
provides a way of both seeing the world and being in the
world, i.e., a mind as it is experienced from the inside. In
short, HT posits that the worldview is the hub of a second
evolutionary process—cultural evolution—that rides
piggyback on the first—biological evolution—and that
creative thinking fuels this second evolutionary process
(Gabora, 1998, 2004, 2008, 2013, 2017).
Honing an idea entails reiteratively looking at it from the
different angles proffered by one’s particular worldview,
‘putting ones’ own spin on it’, and make sense of it in one’s
own terms, followed by expressing it outwardly (Gabora,
2017). Honing may involve the restructuring of
representations by re-encoding the problem such that new
elements are perceived to be relevant, or relaxing goal
constraints (Weisberg, 1995), and self-organized criticality,
wherein small perturbations can have large effects (Gabora,
1998). As the creator’s understanding of the task shifts, the
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creative idea may find a form that fits better with the
worldview as a whole, such that the worldview achieves a
more coherent state, as formalized by the notion of
conceptual closure (Gabora, 1998; Gabora & Steel, 2017).
Creative acts and products render such cognitive
transformation culturally transmissible. Thus, it is suggested
that what evolves through culture is not creative contributions
but worldviews, and cultural contributions give hints about
the worldviews that generate them.
Predictions of HT Concerning Cross-Domain Influences.
HT posits that creative output reflects the idiosyncratic,
transformative process by which a worldview restructures
itself in response to perturbations such as the detection of
threats, inconsistencies, ambiguity, or potentiality. Such
perturbations cause arousal-provoking uncertainty (Gabora,
2017), which Hirsh, Mar, and Peterson (2012) refer to as
psychological entropy, and which sets self-organized
iterative honing into motion. HT posits that since the contents
of the mind collectively self-organize, none are a priori
excluded from the creative task, and it is possible for the
domain-specific aspects of an idea to be stripped away such
that it is amenable to re-expression in another form.
Because a worldview can continuously renew its overall
structure, there are no limits on the possible influences or
‘conceptual parents’ of a creative work such as a song or
journal article. For example, consider the situation in which
a book inspires a movie, which inspires an invention. To see
the thread of continuity across this ‘line of descent’ it is
necessary to consider how their creators navigate through
webs of beliefs, attitudes, procedural and declarative
knowledge, and habitual patterns of thought and action that
emerge through the interaction between personality and
experience. In short, HT predicts that cross-domain
influences play a role in the creative processes that fuel the
self-organized transformation of worldviews, and that this in
turn is the driving force of cultural evolution.

Previous Research on Creative Influences
There have been efforts to corroborate anecdotal reports of
creative influences (see Feinstein, 2006) with machine
learning techniques designed to resolve lines of influence
(Saleh, Abe, & Elgammal, 2014). However, these techniques
are not yet able to discern cross-domain influences, wherein
a creator in one domain (e.g., artist) is influenced by another
domain (e.g., music).
Chan, Dow, and Schunn (2015) examined the conceptual
distance of inspirational sources on the quality of design
ideas, and found that conceptually closer sources (which were
defined as sharing a ‘topic’ of closely associated words) were
associated with higher quality solutions. However, as the
authors note, this finding is inconsistent with the relatively
robust finding that problem solvers from outside a given
problem domain often produce the most creative solutions
(Franke, Poetz, & Schreier , 2014; Hargadon & Sutton, 1997;
Jeppesen & Lakhani, 2010). Moreover, since the designers
were not asked to provide all elements that inspired their
work, the scope of study was limited to the kinds of

influences that one might logically expect to have a direct
bearing on the result. Thus, for example, they listed things
like previously generated solutions or design ideas, but not
things like a particular piece of music, or ‘a conversation with
a friend’.
Studies of cross-domain inspiration showed that it is
possible to re-interpret a creative work in one medium into
another medium (Ranjan, Gabora, & O’Connor, 2013;
Ranjan, 2014). When painters were instructed to paint what a
particular piece of music would ‘look like’ if it were a
painting, naïve participants were able to correctly identify at
significantly above chance which piece of music inspired
which painting. Although the medium of expression was
different, something of its essence remained sufficiently
intact for people to detect a resemblance between the new
creative output and its inspirational source. This suggested
that, at their core, creative ideas are less domain-dependent
than is widely assumed. The study supported our intuitive
conviction that when the creative output is not a blend but lies
squarely in one domain, the creative process giving rise to it
may be rooted in different domains. However, due to the
artificial nature of this study it did not provide evidence that
cross-domain plays a role in real-world creative endeavors.
In a precedent to the current study, 66 individuals with
demonstrable accomplishments in a fine arts domain (e.g.,
music, painting, or fiction writing) were asked to list, for each
of their most significant creative works, all influences on the
creative process of generating these works (Gabora &
Carbert, 2015). Of the 65 creative influences provided by the
66 participants, 47% were cross-domain influences (e.g., a
painting influenced by music), 27% were narrow withindomain (e.g., a painting influenced by another painting), 8%
broad within-domain (e.g., a painting influenced by
sculpture), and 18% unclassifiable. Thus, the cross-domain
influences were more widespread than within-domain
influences, even when broad within-domain influences (e.g.,
technology influenced by music) as well as narrow withindomain influences (e.g., music influenced by other music)
were taken into account. This result was surprising, for we
had just been looking to see if cross-domain influence exists
at all; we were not expecting it to predominate.
A limitation of this previous study was that the sample size
was small, and because it included only expert level creative
individuals it did not enable us to make conclusions about
creative processes beyond this exclusive group. The goal of
the current study was to replicate the above study on a
participant population that is not characterized by expertise
in a creative domain.

Method
Participants
The participants were 463 undergraduate students (114
males, 347 females, and two who selected ‘no or different
gender’) from the University of British Columbia. They were
recruited through SONA, an online participant pool approved
by the UBC Research Ethics Board.
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Procedure
The SONA website provided a link to an online questionnaire
hosted by FluidSurvey. After formally consenting to the
study, participants were asked to provide their age, gender,
and occupation. The questionnaire then asked the
respondents to answer the following questions:
1. What is the general category for the creative work for
which you are most known (e.g., art, music, drama,
science)?
2. What is the subcategory for the creative work for which
you are most known (e.g., painting, piano composition,
biochemistry)?
3. Please describe your creative outputs.
4. Please describe as best you can your creative process.
5. Describe all elements that have inspired your work
(natural or artificial, or it may be a particular event or
situation, or something not in the concrete environment,
that is, something abstract that you have been thinking
about), and with each item, if possible, put as much
identifying information as you can about the item it
inspired (e.g., my Sunlight Sonata in B Flat composed in
2012 was inspired by going skiing in the alps with my
sister who had just recovered from pneumonia). Do this
for as many of your creative works as you can, itemizing
them as (a), (b), (c), and so forth. Provide as much detail
as possible.
The first three questions were used to determine the
domains of creative outputs for each participant. Question
five was used to assess the domain of the inspirational source
associated with each creative output. Question four was not
used in this study, as it did not provide additional clarification
regarding either creative outputs or their inspirational
sources. The questions were worded in an open-ended way
so as not to constrain participants’ answers in any way. The
study was designed as an online survey, rather than a personal
interview, so that we could maximize the time we had to
collect as much data as possible.

creative influence. The last category of unclassifiable
questionnaires were those for which both raters
independently found them incomprehensible and impossible
to evaluate. This left 262 completed questionnaires for
analysis, and these questionnaires provided a total of 758
influences.
By comparing the answers to questions one and two with
those for question five, the provided influences were
organized into four categories: within-domain narrow,
within-domain broad, cross-domain, and uncertain. A
response was classified as within-domain narrow (WN) if the
domain of inspiration and the domain of the creative output
fell within the same subcategory, e.g., a painting inspired by
another painting. An example of a within-domain broad
(WB) influence is a photograph inspired by a painting. A
photograph and a painting belong to the same domain of
visual art, but not to the same subdomain. Cross-domain (C)
influences were those for which the domain of the influence
was different from the domain of creative expression. For
example, a song (domain: music) that inspired a software
program (domain: technology) was rated as a cross-domain
influence. An answer was categorized as unclear (U) when
insufficient information was provided to categorize the
influence as WN, WB, or C.
Two raters independently categorized these responses as
either WN, WB, C, or U. Inter-rater reliability between the
raters, calculated using both Cohen’s kappa (κ = .77) and
Krippendorff’s alpha (α = .87) was well beyond what would
be expected by chance (see Davey, Gugiu & Coryn, 2010).
Where there were any inconsistencies between the ratings of
the two raters, they reached a final decision through
discussion.

Results
The total number of influences in each domain category, as
well as the upper and lower limits for the 95% confidence
interval for each domain category, are provided in Table 1.

Analysis
Of the 463 participants, 111 were excluded because they left
one or more of questions one, two, three, or five blank. (They
were able to receive partial course credit whether or not they
completed the questionnaire.) An additional 90
questionnaires were excluded because the participants did not
provide classifiable answers. Some of the questionnaires
were unclassifiable because participants either provided a
description of their creative process, or answered with what
motivated a creative output, rather than providing an
inspiration; e.g., an answer was excluded if the only reason
for engaging in the creative activity was that someone else,
such as a parent, obliged them to participate. The second
category of unclassifiable questionnaires were those in which
no creative outputs were provided in conjunction with a
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Table 1: Frequency and Percentage of Domain
Influences on Creative Output and Lower Limit and
Upper Limit for a 95% Confidence Interval.

The participants’ creative outputs came from a variety of
domains, including drawing, architecture, photography,
scientific experiments, song writing, furniture design,
biochemistry, and athletic performance. They also gave a
wide variety of inspirational sources, ranging from people in
their lives such as family, friends, and strangers, to African
safaris and The Book of Kells. Each participant listed an
average of 2.89 creative influences (SD = 1.92, Mdn = 3,
range: 1-15).
Of the 758 influences provided, 101 (13.32%) were WN,
101 (13.32%) were WB, 508 (67.02%) were C, and 48
(6.33%) were U. Thus, cross-domain influences constituted
more than double the number of within-domain and unclear
influences, even when broad as well as narrow within-domain
influences were included.
Since the participants were encouraged to list all the
influences they could think of that inspired their creative
outputs, there was variation in the number of influences that
each participant provided. A possible explanation for the low
frequency of WN influences could be that there is only one
NW influence that can match a given creative output, but
there is a larger number of WB influences, and a potentially
infinite number of C influences. Thus, once someone has
provided an influence that matches the domain of the creative
output, any subsequent influences they provide will
necessarily be either cross-domain or within-domain broad.
To explore the possibility that our results give more weight
to participants who gave multiple influences, we re-analyzed
the data according to the number of influences provided by
each participant, as shown in Table 2.
Table 2: Percentage and Frequency (in brackets) of
Within-Domain Narrow (WN), Within-Domain Broad
(WB), Cross-Domain (C) and Unclear (U) Influences by
Total Number of Influences (N-Infl) Provided by
Participant. N-Partic is the number of participants who
provided that number of influences.

This re-analysis shows that there may be some merit to this
explanation, for participants who gave only one influence did
indeed have a higher frequency of WN influences than any
other group (26.47% versus between 8.89 – 14.41%) and a
lower frequency of C influences (57.35% versus between
66.08 – 75.56%). However, this does not alter the overall
pattern of the findings that even when only one influence was
given, that influence was more often than not (i.e., 57.35% of
the time) a cross-domain influence.

Discussion
The results of this study concur with previous finding
(Gabora & Carbert, 2015) that the majority of creative
outputs were inspired by cross-domain influences. However,
the current results show that this is not just the case for
individuals with proven success or expertise in a creative
domain; it holds true for non-experts as well. This result has
implications for our understanding of the creative process,
because it demonstrates that it is substantially less domainspecific than it is widely presumed to be. Even if individuals
primarily express their creativity in a single domain, they are
often employing cross-domain thinking when they create.
Although domain-specific knowledge may ensure that tools
of the trade are appropriately applied, and one’s creative
works may consistently be in one particular domain, the
sources that initially triggered these creative processes may
be diverse in nature. To the extent that this is the case,
creativity may involve synthesizing information from
different arenas of one’s life.

Implications for a Theoretical Framework for
Creativity
The finding that cross-domain influences are widespread is
consistent with HT, according to which it is not just one’s
conception of the creative task (or ‘problem domain’) but
one’s worldview as an integrated whole that transforms—
becoming less fragmented and/or more robust—through
immersion in a creative task. Honing entails iteratively
viewing the creative task from a new context, which may
restructure the internal conception of it, and this restructuring
may be amenable to external expression. This external
change may in turn suggest a new context, and so forth
recursively, until the task is complete. The view that creative
honing can bring about sweeping changes to an individual’s
second (psychological) level of complex, adaptive structure
is consistent with findings that creativity is potentially
therapeutic (Barron, 1963; Forgeard, 2013), and that through
immersion in a creative task, a more stable image of the
world, and one’s own relation to it, can emerge (Pelaprat &
Cole, 2011). Thus, it is through the interaction and crossfertilization of knowledge and ideas that conceptual closure
is achieved, and psychological entropy kept to an acceptable
minimum. Although the phenomenon cross-domain
influence in creativity—and by implication, the abstraction
and re-expression of abstract forms—may seem obvious to
artists, it plays no role in the bulk of psychology and AI
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research, in which creativity is portrayed as heuristically
guided search or selection amongst discrete, well-defined
states, guided by domain-specific expertise (e.g., Simonton,
2010; Weisberg, 1995).

Implications for Cultural Evolution
At first glance it might seem that the basic units of cultural
evolution—i.e., the cultural equivalent of the organism in
biological evolution—are such things as catchy songs or
rituals or tools. However, the above evidence for the crossfertilization of different domains suggests that the only way
to delineate the cultural lineage of a given idea is to look to
the creator’s entire loosely-integrated web of knowledge and
understandings, i.e., the creative process transforms—not just
the problem domain—but the worldview as a whole. In this
way, the inspirational sources—or ‘conceptual parents’—of
a sad ballad could include everything from other musicians,
to the patter of rain, to the death of a loved one. Thus, creative
products don’t just serve practical purposes or provide
aesthetic pleasure; they provide tangible external markers of
the evolutionary states of the worldviews that generated
them. This is consistent with the theory that what evolves
through culture is, not creative outputs like songs or tools,
but worldviews, with creative outputs as the externally visible
‘excrement’ of this transformation process (Gabora, 2004,
2008, 2013). In short, research into cross-domain influences
has implications for not just how the creative process works
but for how culture evolves.
As discussed elsewhere, a worldview not only selforganizes in response to perturbations but it is imperfectly
reconstituted and passed down through culture (Gabora,
2013). This is because it is not just self-organizing but selfregenerating: people share experiences, ideas, and attitudes
with each other, thereby influencing the process by which
other worldviews form and transform. Children expose
elements of what was originally an adult’s worldview to
different experiences, different bodily constraints, and
thereby forge unique internal models of the relationship
between self and world. In short, worldviews transform by
interleaving (1) internal interactions amongst their parts, and
(2) external interactions with others. It is through these social
interactions that novelty accumulates, and culture evolves.

Limitations and Future Directions
We attribute the large fraction of respondents who did not
complete the questionnaire to the anonymous nature of the
study, and the fact that they could receive course credit even
if they did not complete it. In future studies, it would be
helpful to consider ways of further incentivizing participants
to complete the questionnaire. Although the open-ended
questionnaire was necessary to enable participants to give
anything as an inspirational source, it may have been less
inviting for those who prefer a structured format. Changing
the format from an online questionnaire to an in-person
interview may elicit a higher response rate. In addition, the
instructions should actively discourage participants from
providing motives (e.g., a desire to be creative) instead of

inspirational sources, and examples of each should be given
so that the distinction is clear. Also, reformatting the
questionnaire so that it is always clear which creative
influence is associated with which creative output would help
clarify the interpretation of the responses.
Another study is planned to examine the hypothesis that
scientists make less use of cross-domain influences than
artists. Further research might also investigate developmental
differences in the ability to employ cross-domain influences.
Future research could investigate the factors that predispose
individuals to employ cross-domain influences, such as their
implicit conception of how the creative process works.
Another direction for future research is to investigate the
extent to which the application of cross-domain influences is
associated with personality traits correlated with creativity,
such as norm-doubting, high aspiration levels, tolerance of
ambiguity, and openness to experience (Batey & Furnham,
2006; Eysenck, 1993; Helson, 1996; Martindale & Daily,
1996). If so, this would suggest that propensity toward crossdomain influence plays a mediating role between personality
and creativity.

Practical Implications
The finding that the majority of creative outputs were
inspired by cross-domain influences has implications for the
development of practices that promote creativity in
education, the workplace, and personal life. It suggests that
creativity may be cultivated by interdisciplinary courses, as
well as activities and cultural objects such as murals of
ecological food chains or poetry about science that foster
connections between different domains.
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Abstract

hand provides also motion information, then the attentional
sensivity in congruent cases can be observed even in 4.5month-old infants (Rohlfing, Longo, & Bertenthal, 2012).

A proper representation of space and a joint attention mechanism are indispensable for an effective deictic communication
with embodied agents. Taking inspiration from developmental psychology may help us to tackle computational challenges
for robots. Although some developmental joint attention models for robots have already been proposed, to the best of our
knowledge, there is no such model that can stand for the effects of pointing gestures on covert attention in infants. Thus
we have designed and implemented a developmental robotics
model for joint spatial attention combining connectionist and
dynamical approaches. The hybrid architecture was structured over two existing computational models: a connectionist
model of gesture comprehension and a Dynamic Field (DF)
model of spatial attention in infants. These models were extended with various perceptual modules and dynamical neural fields, and implemented on the state-of-art iCub humanoid
robot. In this paper, the computational architecture is introduced with some preliminary results that show the model’s capability of representing deixis and perceived objects, and their
effects on attention over space and time.
Keywords: cognitive modelling; cognitive robotics; artificial
neural networks; dynamic field theory; joint attention; pointing
gestures; spatial attention; deixis; grounded cognition

Introduction
Inherently simple tasks, such as jointly attending to a particular object or an event in the scene, might be very challenging
for artificial cognitive agents. Human infants acquire joint
attentional skills very early in infancy, starting from gaze following, later comprehension and production of deictic gestures such as pointing (Tomasello, Carpenter, & Liszkowski,
2007). These abilities are essential for human communication. On the other hand, the ability to accomplish proper deictic communication with humanoid robots, key processing
mechanisms, such as attention synchronisation, object recognition and object indication, are needed (Sugiyama, Kanda,
Imai, Ishiguro, & Hagita, 2007).
Pointing gestures are observed prior to verbal communication and they are universal social tools to direct attention
(Bates, Camaioni, & Volterra, 1975). In attentional cueing tasks, it has been shown that comprehension of pointing gestures occurs several months before their production
(Gredebäck, Melinder, & Daum, 2010) and if the pointing

Developmental (or epigenetic) Robotics is a multidisciplinary field where insights from developmental psychology
guides the implemention of adaptive intelligent embodied
agents (Cangelosi & Schlesinger, 2015). In developmental
robotics, Artificial Neural Networks (ANNs) have been used
to map some of the developmental changes of joint attention
(Nagai, Hosoda, Morita, & Asada, 2003). ANNs were also
used to model pointing gesture comprehension using edge
features in robot-robot interaction (Hafner & Kaplan, 2005),
as well as using the motion and edge information in humanrobot interaction (Nagai, 2005). However, time is not an inherent property of these feed-forward networks. Even if the
number of learning steps can be used to denote the time, once
the network is trained, the network’s output reaction for a
given input is immediate in terms of computation steps. On
the other hand, time is a built-in feature in dynamical systems
approaches, as well as in certain hybrid approaches such as
Nengo, which integrates time dynamics into its framework
using LIF spiking neurons (Eliasmith, 2013).
The Dynamic Field Theory (DFT) is a dynamical approach
to model cognition at the neural population level (Schöner,
Spencer, & the DFT Research Group, 2015). The theory has
been used to model wide variety of cognitive processes, as
well as the developmental aspects of cognition. The DFT is
notably robust to simulate reaction times of the underlying
processes of spatial cognition (Spencer, Simmering, Schutte,
& Schöner, 2007). The DF model of the proposed architecture of this paper was constructed over the existing IOWA
model that can capture the developmental changes in spatial
attention and saccade planning (Ross-Sheehy, Schneegans, &
Spencer, 2015).
It has been proposed that, on the theoretical basis, connectionism and dynamical systems accounts do not have competing positions in child development (Thelen & Bates, 2003).
In this paper, we introduced a computational architecture that
integrates and extends the conceptual link between connec-
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tionism and dynamical modelling approaches. The proposed
developmental robotics model is able to represent the overt
and the covert spatial attention over time and space by extending a connectionist model of deictic gesture comprehension (Nagai, 2005) with the DFT approach.
In the next section, the architecture of the model is explained in detail considering, respectively, the robot and its
related modules, the connectionist parts of the model, and the
integration of the DFT modules. The model is then evaluated
in three case scenarios in the results section. Finally, the paper
is concluded with the discussions and the future directions.

platforms (e.g. Matlab for DFT modules and Python for neural network modules) were also accomplished by implementing modules using YARP’s functionalities.
Motor Control Module This module was implemented to
create an actual saccade on the particular location where the
saccade motor field of the DFT module was indicated. It takes
one dimensional input, turns into a point on a semicircle on
2D plane and sets the motor decoders of the robot’s eyes to
fixate that point.

Learning Pointing Direction via Low Level Features

The Computational Architecture
The cognitive robotics model was designed to interpret the
contribution of the low level features of pointing gestures
such as movement and edge information, to a higher understanding of deixis. To learn the association between the pointing hands and the indicated locations in the space through
the low level features, a variation of a gesture comprehension neural network model was implemented (Nagai, 2005).
This model can learn autonomously the intended direction of
a pointing gesture. However, once the network is trained, it
immediately produces outputs for any given input sequences.
This makes it impossible to model developmental psychology
studies based on reaction time. We extended this model using the Dynamic Field Theory so that the new architecture is
able to represent some parts of the high level cognition such
as spatial attention and spatial working memory. The overall
structure of the model can be seen in Figure 1. Its constitutive modules and their functions are explained in detail in the
following subsections.

The Embodied Agent
The iCub robot was used as an embodied agent of the computational model in this study. This section briefly explains the
robot and associated modules.
iCub Humanoid Robotic Platform The iCub humanoid
robotic platform is an open source robotic platform developed
at the Italian Institute of Technology with the contribution of
more than 20 laboratories. The iCub robot was designed as
a 3 to 4 year-old child (Figure 1) and equipped with binocular vision, binaural audition, haptic and inertial sensors to
perceive the surrounding environment, as well as its bodily
states. It has also 53 degrees of freedom that enables it to
perform wide variety of actions to interact with its environment. The main purpose of the iCub is to provide an interdisciplinary platform for cognitive development research via
HRI and autonomous learning studies (Metta et al., 2010).
YARP Modules Yet Another Robot Platform (YARP) is
an open source robotics middleware that is designed to ease
communication between different hardware and software systems (Metta, Fitzpatrick, & Natale, 2006). In our study,
YARP was used to ensure the link between all physical machines such as server and client PCs, and the iCub’s boards.
The communication of the modules that work on different

The modules that are responsible to get raw data from the
robot’s camera and process them to understand pointed location, are illustrated in the upper half of Figure 1. Pointing
gestures are first captured by the iCub’s left camera and images are transferred to the main computer using YARP protocols. Then, the images are passed separately through preprocessing steps in three modules before they are fed into
neural networks and dynamical neural fields.
Perception Module This module detects the object in the
current scene according to its colour using basic openCV
masking methods and forms the object location into an angle value. This angle value is later sent to the DFT module
and represented as the location of the object on the perception
dynamic neural field.
Feature Detection Modules The Edge Detection (ED) and
the Optic Flow Detection (OFD) modules were implemented
very similarly to Nagai’s model (Nagai, 2005). The centre of
the image (168x168) was considered as foveal area. The ED
detects the edges of the hand image in this area with an orientation selective filter so that each edge pixel has a 4 dimensional vector for 4 different orientations ( ↔, .
%, l, & ). The
foveal region was split into 49 small regions (24x24) called
receptive fields. A cumulative orientation vector was calculated for each receptive fields.
The displacement of the receptive fields between consecutive frames was calculated by the OFD module using a template matching algorithm. For each field, an 8 dimensional
vector is constructed to keep the displacement amounts on 8
different directions (←, ., ↓, &, →, %, ↑, -).
Learning Modules Two separate feed-forward neural networks were implemented in PyBrain (Schaul et al., 2010)
to learn the association between pointing gestures and the
pointed location. The edge neural network (edge-NN) has
three layers. The input layer has 196 neurons which receive
the orientation vectors of the receptive fields as inputs (49x4)
from the ED. The edge-NN also has a fully connected hidden layer consisting of 49 neurons and an output layer of 8
neurons. The output neurons represent the magnitude of the
8 different direction vectors of the indicated location.
The optic flow neural network (flow-NN) has one input
(392 neurons) and one output layer (8 neurons). It receives
displacement information of the receptive fields in 8 direc-
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Figure 1: Architecture of the model
tions (49x8) and outputs an 8 dimensional vector as edge-NN.
The learning of pointing gestures with these networks was
done offline by using 104 labelled videos from the same participant. These videos had 37 different object locations that
were congruent to the pointing hand. Around 2500 image
frames were extracted from these videos to train the networks
for 10000 epochs with a learning rate σ = 0.05.
Dimension Reduction Once the pointed location is determined by neural networks with 8 dimensional vectors, these
vectors are first projected onto 2D plane by taking the means
of horizontal and vertical components of the 8 directions as
in (Nagai, 2005). After that, their dimension is again reduced by using a multi-valued inverse tangent function (i.e.
numpy.arctan2) to an angle in radian ( ] − π; 0[ ). The two
angle predictions of two networks are sent separately to the
DFT module through YARP.

High Level Representation of Pointed Location
To extend the sensorimotor understanding of our connectionist network with spatial attention and spatial working memory
mechanisms, we took advantage of the dynamic field theory
(Schöner et al., 2015). In the DFT, the activation of the neural
populations are represented with dynamic neural fields that
are defined by the following differential equation:

τu̇ = −u(x,t) + h(x) + s(x,t) +

Z

g(u(x0 ,t))k(x − x0 )dx (1)

where u(x,t) is the activation level of the related neural field
over the predefined metric dimension x such as space, τ is the
time constant, h(x) is the resting level of the activation, s(x,t)
is the external input to the field, and the integral term stands
for the convolution of the interaction kernel k (e.g. a Gaussian
function) with the output sigmoid function g(u).
The DFT is a powerful approach to model neural dynamics of high level cognitive processes at the population level.
The DF model of this study has been built by extending the
existing IOWA model (Ross-Sheehy et al., 2015) using the
COSIVINA framework in Matlab. The IOWA model is an infant saccade planning model that can capture developmental
changes in spatial attention and memory. The IOWA model
was extended by adding two other dynamic neural fields,
namely perception field and reference (pointing) field (the
DFT module in Figure 1).
The continuous metric dimension (x) of all the neural fields
is defined as the angles on a semicircle (] − π; 0[) that is centred at the mid horizontal line of the image plane (the dimension reduction in Figure 1).
Visual Perception Field This neural field is used to represent the perceived object location as a peak of activation of a
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neural population. This can be thought as a sort of retinotopic
representation of the object in the current scene by a population of neurons in early visual areas such as V1. The visual
perception field has excitatory projections onto the attention
field so that if the visually salient object remains a sufficient
amount of time on a particular location, that might cause a
peak of activation in the spatial attention for that location.
The field has also lateral interactions so that when a detected
object gives rise to a peak of activation, this peak may became
an attractor state with the local excitation around that location
and the global inhibition over the space dimension.
Pointing (Reference) Field The purpose of the neural population of the pointing field is to stand for the referential relation between the observed space and the pointed location.
The angle values received from two neural nets are projected
onto the pointing field as the summation of two Gaussian
stimuli (i.e. s(x,t) in eq. 2 ) where their centres were characterised by these angles on the field’s metric dimension (x).
The reference field has self excitatory-inhibitory lateral interactions and an excitatory projection onto the attention field
(just as the visual perception field). The field equation of the
pointing field is the following:
τu˙r = − ur (x,t) + hur (x) + s(x,t)
Z

+

kur ur (x − x0 )g(ur (x0 ,t))dx + qξ(x,t)

(2)

where ur is the activation variable of the pointing (reference)
field, τ is the time coefficient, g is the output sigmoid function, ξ is the random noise function and kur ur is a Mexican hat
shaped function for the lateral interaction in the form of:


(x − x0 )2
cexc
exp −
kur ur (x − x ) = √
2σ2exc
2πσexc
(3)


cinhib
(x − x0 )2
−√
exp −
− cglob
2σ2inhib
2πσinhib
0

where c is the strength of the interaction (cexc for excitatory,
cinhib for inhibitory interactions), σ parameters are the width
of the Gaussians and cglob is used for the global inhibition
over the metric feature dimension of the pointing field.
Basically, when the distance between the referential locations related to motion and edge information is small, then
the amplitude of the attractor that appears on that location becomes higher, which then causes an increase in the attention
on that location with its excitatory projection onto the spatial
attention field.
Spatial Attention Field The spatial attention and the saccade motor fields are constructed based on the existing IOWA
model (Ross-Sheehy et al., 2015). The strength of a localised
activation on the spatial attention field represents the amount
of attention on that particular location. The lateral interactions permits the emergence of a rivalry mechanism between different localised activations over its feature dimen-

sion which is the same metric dimension as the others. Our
contributions to its dynamical equation were two excitatory
projections coming from the visual perception (bottom-up)
and the pointing field (top-down) which are defined by the
convolutions of those fields’ outputs with Gaussian kernels.
Once the activation passes the resting level on a particular
location, the strong global inhibition suppresses all the other
rival spots over the feature dimension. Together with the local
excitation, one single attractor state that represents the spotlight of the attention emerges on this field.
If there is a conflicted situation, for example, if a hand
points in the opposite direction while there is a visually
salient object on the other side, the competition increases the
time needed to create an attractor on an attentional locus. This
process is also non-deterministic in terms of who the winner
will be.
Saccade Motor Field This field represents motor areas responsible of saccadic eye movements. It receives excitatory
input from the spatial attention field and this interaction is
done by convolving the sigmoid output function of the attention field with an inverse Gaussian kernel so that foveal areas
are more inhibited while approaching to the center. With this
mechanism, if the spotlight of attention is already at the fovea,
the motor responses are suppressed, on the other hand, if the
attention is on another locus, an attractor state emerges at that
location to saccade and fixate there. Once the resting level
is exceeded, attention field is inhibited to reset the system by
discrete nodes (Ross-Sheehy et al., 2015).

Results
The model was tested with three different videos that were
not in the training dataset for the learning experiments. Each
video had a different scenario. A blue plastic ball was located
in the same place on the table in all cases. No pointing gesture
appears in the scene in the first scenario while a congruent or
an incongruent pointing gesture appears, respectively, in case
II and case III.
The behaviour of the model was illustrated in these scenarios in three columns in Figure 2. Each panel of a column
simultaneously represents the activation patterns on the respective neural field during the associated experimental scenario. In each panel, x-axis stands for the continuous metric
feature dimension that is linked to locations on a spatial map
of the environment. Y-axis represents the computational time
steps whereas z-axis shows the activation levels of the field
over time and space. Except for the saccade motor field, the
surface areas were covered by connected red lines where the
output of the sigmoid activation functions were higher than
0.5. In the saccade motor fields, only the first attractor was
covered in red, since once threshold passed, the location is
sent immediately to the motor control module to direct the
iCub’s eye gaze to that fixation point.
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Figure 2: Behaviours of the dynamical neural fields in 3 different conditions

Case Scenario I - Object Perception
In the first case, the stationary object located at −2π/3 can
be seen on the visual perception field as a continuous peak of
activation over time. Random fluctuations at the resting level
(h = −5) on the pointing field demonstrate that there was no
pointing gesture observed during this scenario. It can be seen
in the attention field that the persistent activation of the perception field triggered an increase in the attention at the same
location and the field’s output function passed its threshold
(i.e. g(ua (x0 ,t)) > 0.5) after around 300 computation cycles.
The projection of this activation then caused a rise on the saccade motor field and created a saccade signal at t = 551.

Case Scenario II - Congruent Pointing
In this case, the stationary object was again located in the
same spot, however this time a moving pointing gesture directed at the object was also included in the scene. Thus, the
peaks of activation can be observed around the object location (−2π/3) on the attention field in this occasion, whilst
the behaviour of the perception field was very similar to that
of the case I. Since the combination of both field activations
left a trace together onto the spatial attention field, in this
scenario the attractor states in the attention field had more
strength than the previous case and more importantly, attractors were formed faster starting after around 200 time steps.
This effect was then reflected also to the motor field and the
saccade reaction time decreased to t = 284.

Case Scenario III - Incongruent Pointing
In the final scenario, the object was positioned in the same
location, and a pointing gesture was presented. However

this time the pointing hand was indicating another spatial region (−π/6) which was incongruent to the object location
(−2π/3) (see the first and the second panels from the top).
In this example, when the activations of the perception and
the pointing fields were forwarded onto the spatial attention
field, the incongruity of the locations initiated a rivalry between two conflicting regions. The localised peaks on the
two sides of the attention field were trying to suppress the
other because of the strong global inhibition defined through
the lateral interaction kernel. Similarly, the strong local excitation was helping these peaks to self-sustain whilst being
under inhibition of the other. Therefore, this attentional rivalry mechanism elicited an increase in reaction time of the
motor field (t = 807).
The pattern of results described here reflect the typical dynamics of the system with the three visual stimulus configurations. Future explorations of the control of the object location
and the pointing hand will help to clarify the full dynamics of
the model.

Conclusion and Future Directions
The proposed cognitive architecture is able to learn and represent the joint attentional intention underlying pointing gestures while also taking into consideration its time dynamics and its deictic nature. The implementation of our computational model is consistent with the formal account of
grounded cognition (Barsalou, 2008). Connectionism was
taken into our hybrid model as a bottom-up understanding mechanism of pointing gestures so that its learning can
be seen similar to ‘sensorimotor toil’ method in the Sym-
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bolic Theft Hypothesis (Cangelosi, Greco, & Harnad, 2002).
Grounding symbols over the pointing neural field might be
possible in future, as, for example, demonstratives are accompanied by pointing gestures in early infancy and the exophoric use of demonstratives is to create a joint attentional
frame (Diessel, 1999). In addition, the model may provide
practical advantages for the design of robots that have more
natural interaction and communication skills.
In this paper, we introduced a cognitive robotics model
and validated its key mechanisms. The next step is to design
experiments to compare the iCub’s behaviours with infants’
reactions to the pointing gestures in attentional cueing tasks
(e.g. Rohlfing et al. (2012)). Moreover, replicating developmental psychology studies with robots may improve our understanding of the underlying mechanisms of cognitive processes. Furthermore, this line of research might also provide
new directions of investigations for developmental psychologists (Cangelosi & Schlesinger, 2015).
Since speech is an essential modality for human communication, it can be an obvious extension for the model in future.
The DFT is again an option as it has been already used for
modelling spatial language (Richter, Lins, Schneegans, Sandamirskaya, & Schoner, 2014), as well as in word learning
tasks (Samuelson, Spencer, & Jenkins, 2013). Another option might be using a deep neural network (DNN) to classify
the speech and gesture couplings.
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Abstract
High-level cognition is often accomplished not by
individuals working in isolation, but by distributed, complex
cognitive systems. Examples include teams of scientists or
collaboratively improvising musicians. These distributed
systems can undergo critical transitions, suddenly moving
from one stable pattern of activity to another. For instance,
in ‘free jazz,’ where musicians improvise without a
predetermined plan or a central leader, the performance will
often settle into a particular texture or style before
transitioning to something entirely new, often quite
suddenly. When do these transitions occur? Are they
foreseeable? Inspired by suggestions that cognitive systems
are, in some sense, a kind of ‘ecosystem,’ we draw on recent
work in quantitative ecology that has begun to describe
generic early warning signals of impending critical
transitions in ecosystems. We apply these techniques to a
corpus of audio recordings of professional jazz quartets
playing improvised music. We find that the same generic
measures that have been used successfully to predict critical
transitions in natural ecosystems describe the complex
dynamics of improvised musical performance in the lead-up
to transitions. By taking seriously the metaphor that
cognition occurs in ‘ecosystems,’ we gain new insights into
how stable patterns of thought can emerge suddenly in
complex cognitive systems.
Keywords: Early Warning Signals; Music; Improvisation; Complex
Adaptive Systems; Distributed Cognition

sudden transformations from one stable pattern of activity to
another. But when? Are these transitions foreseeable?
Consider two examples. First, Hutchins (1995) describes how
sailors on a large navy ship were forced to improvise when the
ship suddenly experienced a catastrophic loss of power. The
typical procedure for tracking the ship’s location relied on
instruments that were no longer operational. The entire distributed
system of sailors and instruments first stabilized around one
procedure for locating the ship on a map; after it became apparent
that this procedure was incorrect, the entire system reconfigured
quite suddenly into a new distributed procedure.
As a second example, consider ‘free jazz’ musicians who
create new improvised music without a score, a central leader,
or explicit advance planning. Free jazz often exhibits
unexpected transitions between qualitatively different musical
textures characterized by stable rhythmic, melodic, or sonic
frameworks — which we will call ‘soundworlds.’ After
exploring a soundworld for some time, a jazz ensemble may
transition to an entirely new soundworld, often quite suddenly,
without apparent warning. These critical transitions between
soundworlds appear to reflect the emergence of a new stable
regime within the distributed system of musicians.
Both these examples illustrate how distributed cognitive
systems can suddenly transition from one stable regime to
another — resulting in entirely novel cognitive procedures or
products. While the existence of these critical transitions is well
known, we know little about why and when these transitions
occur.

An ecosystems perspective

Introduction
A massive team of scientists, entangled with highly advanced
instruments, make a breakthrough discovery in particle physics.
Sailors on a navy vessel creatively reconfigure the way they track
the ship’s location (Hutchins, 1995). Improvising musicians
explore one particular musical texture before suddenly
transitioning to a new style or sound. In each of these examples,
expert reasoning is accomplished not by individuals working in
isolation, but by the whole distributed, complex system. Such
distributed cognitive systems can undergo critical transitions —
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Distributed cognitive systems often involve a heterogeneous
mix of agents that interact across space and time. Inspired by
this, a number of authors have proposed that we adopt an
‘ecological’ perspective on distributed cognitive systems
(Bateson, 1972; Gibson, 1986; Hutchins, 2010). This analogy
between cognitive systems and ecosystems has largely
remained at the level of an evocative image. Over the last
decade, however, ecologists have begun to develop
mathematical tools for analyzing, and perhaps even predicting,
critical transitions in natural ecosystems.
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While many natural ecosystems exhibit considerable
resilience, maintaining a stable regime of activity in the face of
outside perturbations, they can sometimes transition suddenly
to an entirely different regime. A fish population may collapse
suddenly, or a lush ecosystem may experience sudden
desertification. These ‘tipping points’ can seem to appear from
nowhere, but ecologists have recently begun to develop early
warning signals (EWS) of impending critical transitions
(Sheffer et al, 2009; van Belzen et al 2017; Dakos et al, 2012;
Wang et al, 2012).
In particular, many critical transitions are preceded by a
period in which the ecosystem becomes increasingly sensitive
to perturbations. In response to some outside ‘push,’ a resilient
ecosystem will eventually return to a stable state — but in
systems that are susceptible to a critical transition, this process
of restabilization will take longer and longer. This decrease in
the rate-of-return is known as critical slowing down (Fig 1B).
Ecologists have identified a number of indices that an
ecosystem is undergoing critical slowing, including two that we
will deploy here: increased variability, and increased lagged
autocorrelation (Fig 1B).

From forest ecosystems to cognitive ecosystems
Can we gain traction on critical transitions in distributed
cognitive systems by taking seriously the metaphor that
distributed cognitive systems are a kind of ‘ecosystem’? There
are reasons to hesitate. The complex systems that accomplish
human cognition often differ in critical ways from the
ecological systems for which these generic early warning
signals were first developed. Distributed cognitive systems
often involve a large number of distinct roles — think of the
proliferation of precise roles on a navy battleship, or dozen or
more musical parts in a piece of modern orchestra music.
Cognitive systems can also be highly heterogeneous,
combining highly specialized humans with a variety of
technologies, tools, and practices. And cognitive systems
operate on multiple timescales, some of which on multiple
timescales that are of less importance in natural ecosystems; in
addition to evolution and moment-to-moment interaction,
cognitive systems often have a cultural history. Jazz musicians,
for instance, spend years acquiring a set of shared intuitions and
practices.
To investigate whether early warning signals of critical
transitions in natural ecosystems might also predict transitions
in expert cognitive systems, we focused on a system that
exemplifies many of the most rarified and unusual features of
human cognitive activity: ensemble free jazz performance. Free
jazz performance involves multiple humans in hyperspecialized roles, using a range of technologies (i.e.,
instruments), with skills honed over a lifetime, to create new
music without an organizing score. The collective activity of
this distributed system creates entirely novel musical products.
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In the current study, using a corpus of audio recordings of
professional jazz musicians, we quantify the amount of critical
slowing down in the periods leading up to improvised
transitions. If this class of distributed cognitive systems
behaves similarly to natural ecosystems, then critical slowing
down should increase systematically in the lead-up to a critical
transition.

Methods
Corpus of free jazz recordings
The corpus consisted of single-track audio recordings of
improvised free jazz music (~ 20 minutes), taken from two
recording sessions in a professional recording studio. Both
sessions featured a professional jazz quartet consisting of
saxophone, guitar, bass and drums. Although the tracks were
recorded on separate occasions, they feature the same
musicians except for the saxophonist.
The first piece (length: 16m12s) was entirely ‘free’
improvised, making no use of pre-composed material and with
no explicitly stated preconceptions about what was supposed to
happen.
The second piece (length: 2m54s) included some composed
material, interleaved with periods of free improvisation.
Transitions between improvised and composed sections were
determined collectively in the moment, so we consider these to
be improvised. The timing of transitions between composed
and improvised material were determined explicitly by the
score, so we consider these to be composed.

Identifying critical transitions
From the audio recording, a professional musician coded the
onset of transitions between soundworlds. Two critieria were
used to identify critical musical transitions: (1) transitions
needed to demarcate qualitatively different musical textures or
styles, and (2) transitions needed to involve a coordinated
change in playing from two or more individuals. The coder
identified twelve transitions: 8 improvised and 4 composed.
Only improvised transitions were included in our analysis.

Analysis
The audio recordings were transformed into a multidimensional time series using Mel-Frequency Cepstrum
Coefficients (MFCC), which have been widely used in speech
recognition and music classification (Rabiner et al, 1993;
Tzanetakis et al, 2002). The typical procedure to calculate
MFCCs is to (a) apply a sliding window to a short period of the
signal, (b) transform the windowed signal to the frequency
domain by using Discrete Fourier Transform, (c) take the log of
the power of the spectrum, (d) convert the linearly spaced
frequencies into the mel scale, (e) apply Discrete Cosine
Transform, (f) move on to the next frame. MFCCs provide a
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spectral analysis whose small number of coefficients (usually
13) contains a compressed version of the full Fourier spectral
analysis results. On top of that, this compact representation is
more suitable than the original time domain signal with
redundantly high temporal resolution. To further reduce the
dimensionality of our data, each dimension of the MFCC time
series was normalized before performing Principal Component
Analysis. For simplicity, we used only the first four PCA
components (Fig1, top).
From this four-dimensional time series representation of the
musical performance, we computed two indices of critical
slowing down: variability and lag-1 autocorrelation. Each was
computed in a sliding window (17.5s), with a stepsize between
windows of 0.02 seconds. Variability was computed as the
distance between all points in a given window, and
autocorrelation was computed as the mean lag-1 autocorrelation
for each of the 4 components. This produced two time series of
potential early warning signals; one for variability, and one for
autocorrelation (Fig2, bottom).

Figure 1. Audio recordings were transformed into a
multidimensional feature representation, which was used to
calculate putative early warning signals of critical transitions.
(Top) Each single-track audio recording was transformed into
a multidimensional feature representation (MFCC), then
reduced to the first four principal components (colored lines).
When performers transition from one soundworld to another
(vertical rectangle), the performance should move to a new
region of this 4-dimensional state space. (Bottom) From this 4d representation of the audio, we calculated two putative early
signals: variability and lagged autocorrelation. These were
computed within a sliding window (length = 17.5 seconds),
illustrated by the horizontal arrow in the top panel. In this toy
example, both variability and lagged autocorrelation increase
monotonically in the lead up to the critical transition.
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Critical slowing down is indexed by a systematic increase in
variability and lagged autocorrelation. We thus examined the
rate of change in these early warning signals over the course of
the entire performance, in a sliding window of length 35s and
stepsize 0.02s. To quantify the rate of change within these
windows we used Kendall’s tau to measure the correlation
between the early warning signal and time. More positive
values of tau indicate greater monotonic increase. A system
undergoing critical slowing down during a particular time
period (e.g., leading up to a musical transition) should thus
have a positive value of tau for this period.

Results
Soundworlds: sub-regions of musical state space?
We first verified that the multidimensional feature
representation of the audio allowed us to distinguish between
listener-perceived soundworlds. We thus investigated whether
distinct soundworlds inhabited distinct (though perhaps
overlapping) regions of the multidimensional feature space. A
soundworld that consists of entirely the same sound played over
and over should exist within a small region of the
multidimensional feature space; conversely, moments from two
very different soundworlds should be far apart in the feature
space. Following this logic, for each soundworld, we found the
subset of points that fully enclosed all points in the entire
soundworld (i.e., the convex hull) and calculated the volume of
this region. We then compared the size of each soundworldregion to the size of equally-sized random samples from the
entire performance (n = 100 random samples per soundworld).
Each improvised soundworld inhabited smaller regions than
expected by chance (every p < .01). Thus, our multidimensional feature space captured the subjective judgments of
the listener, correctly placing moments from within a
soundworld closer together than to other moments from the
performance.

Critical slowing down before musical transitions?
We next turned to our critical question: Whether critical
musical transitions were preceded by critical slowing down. As
predicted, both indices of critical slowing down — variability
and lagged autocorrelation — increased systematically and
selectively in the period leading up to a critical transition.
These warning signals were increasing monotonically, as
measured by Kendall’s tau, at most critical transitions between
soundworlds, for both variability (75% of transitions; M = 0.24
± 0.19 SEM) and for lagged autocorrelation (75% of
transitions; M = 0.28 ± 0.17 SEM). By comparison, for
instance, these early warning signals were largely flat during
the rest of the second half of the soundworlds (variability: M =
0.05 ± 0.14 SEM; autocorrelation: M = 0.05 ± 0.17 SEM). The
complex systems generating these soundworlds, therefore,

Early warning signals in improvised music 4
appeared to undergo critical slowing down in the lead-up to
transitioning between soundworlds.
To account for non-stationarity, we compared these results to
surrogate time series with the same linear trend but scrambled
noise structure. We fit a linear model to the original
multidimensional feature representation of the audio and
randomly scrambled the residuals across time, creating a
surrogate time series that controlled for drift in the data while
randomizing the temporal spread of the noise structure.
Comparing the early warning signals in the original time series
to equivalent times in the surrogate time series allows us to rule
out the possibility that increases in early warning signals are
driven entirely by non-stationarity.
We analyzed the timecourse and specificity of critical
slowing down with a linear mixed effects model of the tau
values across time. This model had fixed effects of
soundworld-normalized time (start = 0, end = 1), the time series
(actual = 0, surrogate = 1), and their interaction, along with
random by-soundworld intercepts and effects of time series
(actual vs. surrogate).
This model confirmed that both variability and lagged
autocorrelation increased monotonically in the lead-up to a
critical transition (variability: b = 0.43 ± 0.08 SEM, p < 0.001;
autocorrelation: b = 0.30 ± 0.09 SEM, p = 0.02). This increase
was damped significantly in the surrogate time series
(variability: b = 0.32 ± 0.14 SEM, p = 0.047; autocorrelation: b
= -0.32 ± 0.12 SEM, p = 0.04). Finally, critical slowing down
increased significantly over the course of the soundworlds
(variability: b = 0.77 ± 0.15 SEM, p < 0.001; autocorrelation: b
= -0.47 ± 0.18 SEM, p < 0.001) — but this occurred primarily
in the actual time series rather than the surrogate time series
(variability: b = -0.56 ± 0.02 SEM, p < 0.001; autocorrelation: b
= -0.40 ± 0.02 SEM, p < 0.001). In summary, these distributed
systems underwent critical slowing down in the period leading
up to a critical transition.

Figure 2. Early warning signals increased systematically
before critical transitions. The first three plots (blue) show
soundworlds where the early warning signal (vertical axis)
increased systematically leading up to a musical transition
(dashed lines). For comparison, the fourth plot (red) shows a
soundworld where the performance did not exhibit critical
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slowing down before transitioning (i.e., variability decreased,
rather than increased). The predicted increase in the early
warning signals before a transition is captured by the
correlation between the early warning signal and time (i.e.,
Kendall’s tau), plotted in Figure 3.

Figure 3. Mean critical slowing down in the period
immediately before a musical transition (dashed line). The
vertical axis indicates the direction and rate of change (i.e.,
Kendall’s tau) for each early warning signal in a 35-sec.
sliding window ending at that moment. Positive values indicate
monotonic increase. Time (x-axis) is normalized to go from 0 to
1 within each soundworld. Error ribbon = standard error of the
mean.

Discussion
We asked whether adopting an ‘ecosystem’ perspective
might give us empirical traction on an outstanding problem:
understanding when and why critical transitions occur in
distributed cognitive activity. As our case study, we chose the
sudden musical transitions that occur in improvised free jazz
performance. Building on theoretical and empirical
investigations of critical transitions in natural ecosystems, we
calculated generic early warning signals that are thought to
index critical slowing down, a kind of loss-of-resilience that
can precede critical transitions. As predicted, we found that
improvised transitions between musical ‘soundworlds’ were
preceded by a monotonic increase in two measures of critical
slowing down: variability and lagged autocorrelation. In free
jazz ensembles, sudden transitions from one distributed
cognitive regime to another appear to follow the same general
patterns that characterize transitions in natural ecosystems.

Improvised music as a cognitive ecosystem
Some of the most sophisticated and intricate formal systems
invented by humans have arisen in the domain of music: tonal
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harmony of Western classical music, the polyrhythms of
African drumming, melodic counterpoint of the Bach
inventions. In composed music, musical structures (i.e. the
surface realizations of these formal systems) are formulated
ahead of time by an individual composer and dictated to
performers in the form of a written score. But in improvised
music, abstract musical structures emerge spontaneously out of
the distributed activity of the ensemble. Interaction is key in
improvised music. Each individual is continuously adapting to
and influencing the other members of the ensemble (Walton et
al, 2015). Musical meaning is less ascribable to individual
intentions as it is to the ongoing interplay between the various
voices of the ensemble (Borgo, 2005). Improvised music thus
provides us a testbed to study how high-level cognition (in the
form of abstract musical structures) emerges out of distributed
action of embodied, highly specialized agents.
There are many genres of improvised music across the globe.
Each musical tradition can be characterized by distinct
conceptual structures, functional norms and roles aesthetic
guidelines. For example, the raga in Indian classical music
provides a framework for improvising coherent melodies over
long song forms. Jazz musicians master a shared repertoire of
"standard" tunes – melodies with corresponding harmonic
structures, that serve as improvisational templates. Musical
genres also determine functional roles assigned to particular
instruments. In straight ahead jazz for instance, the bassist
typically "walks" (i.e. plays quarter notes to mark time and
passing harmonic structure) while the saxophonist improvises a
melodic solo over the underlying harmony. These culturally
construed functional roles and formal structures are learned in
intimate detail by improvisers ahead of time, whose shared
knowledge facilitates the spontaneous generation of
sophisticated, compelling musical pieces. The existence of
these culturally produced constraints, and of learning on the
part of individual musicians constitutes an interesting departure
of cognitive ecosystems from natural ecosystems.
In this paper we analyzed recordings of free jazz. In free jazz,
musicians with strong training in straight-ahead jazz come
together to improvise without reference to any preconceived
"tune" or template. The musicians have a shared mastery of the
formal structures of straight-ahead jazz, but they are not
confined by them. Functional roles can be challenged, new
systems of harmony and rhythm can be explored. In the course
of this exploration, groups often settle into stable regimes,
which can be characterized by distinct harmonic structures,
rhythmic patterns, or sets functional roles. For example, in the
quartets analyzed in this paper, there might be a cacophonous
section in which everyone is playing as loud and fast as
possible with little to no group coherence. This section may
then yield to an intimate duo with saxophone and guitar
carefully co-constructing melodic and harmonic material.
Most of the periods leading up to transitions between
different stable regimes showed evidence of critical slowing
down. This is due to the collective, decentralized manner in
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which those transitions are executed. Within a given stable
regime, one performer within the ensemble may hint at a new
musical area to explore. This hint might be reinforced by
another musician playing a supporting motif, which might be
further reinforced by a third musician catching onto the
developing theme. In this manner, an ensemble can quickly
transition between qualitatively different stable regimes without
any central locus of control. While this may be the norm, it is
important to note that improvising ensembles also have the
capacity to make centralized transitions. In some cases, an
individual may simply decide to start playing something
different and force the ensemble along an alternate path. An
improvising ensemble's capability to support both decentralized
and centralized dynamics constitutes an interesting distinction
with natural ecosystems.

Future work
In future iterations, we would like to use a more sophisticated
modeling technique in our surrogate analysis. Here drift was
modeled with a linear regression spanning the entire range of
the recording, but it is possible that shorter-spanned nonlinear
trends present in our dataset were not captured by this
approach. Following the example of past works, it may be
beneficial to fit an ARIMA model to the music timeseries
(Wang et al, 2012).
Another extension of this work will be to add more
recordings to the corpus. Doing so will enable increased
statistical confidence in the results, as well as an opportunity to
analyze the behavior of different musical ensembles. Moreover,
adding composed music to our dataset would enable
comparison between improvised versus composed transitions.
If it is true that the CSD observed in the free jazz transitions
owes to the distributed nature of improvised performance, we
should expect to not observe CSD in composed transitions as
they are issued by an a priori script (i.e. the written score).

Conclusion
Much high-level cognition is accomplished by systems that are
complex, distributed, and adaptive. Political consensus requires
multiple individuals bringing their beliefs into alignment.
Scientific activity is almost always a community endeavor.
Great musical improvisation often requires each performer to
cede some autonomy to the emergent will of the group. Each of
these systems can stay in a particular regime for a prolonged
period of time — before suddenly transitioning to a new
cognitive state. One political consensus might break down,
replaced by another. Scientists have eureka moments.
Musicians shock their audiences — and themselves — by
playing something that has never been played before.
Describing when these critical transitions occur is a first step
towards understanding why.
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of such an effect are information cascades, where mutual reinforcement can lead groups to converge upon sub-optimal
solutions, while leaving potentially superior solutions unexplored (Bala & Goyal, 1998; Giraldeau, Valone, & Templeton,
2002; Salganik & Watts, 2008). Finally, individual factors
may impact how social information affects decision-making.
Social influence is often modulated by individuals’ perceived
skill, experience and knowledge about the environment, which
are not always accurately evaluated (Laland, 2004; Moussaı̈d
et al., 2017; Rendell et al., 2010). Additionally, individuals’
aspiration levels may change when observing the rewards of
very successful or unsuccessful others (March, 2006).

Abstract
In many daily life situations, people face decisions involving a
trade-off between exploring new options and exploiting known
ones. In these situations, observing the decisions of others can
influence people’s decisions. Whereas social information often
helps making better decisions, research has suggested that under
certain conditions it can be detrimental. How precisely social
information influences decision strategies and impacts performance is, however, disputed. Here we study how social information influences individuals’ exploration-exploitation trade-off
and show that this adaptation can undermine their performance.
Using a minimal experimental paradigm, we find that participants tend to copy the solution of other individuals too rapidly,
thus decreasing the likelihood of discovering a better solution.
Approximating this behavior with a simple model suggests, that
individuals’ willingness to explore only depends on the value of
known existing solutions. Our results allow for a better understanding of the interplay between social and individual factors
in individual decision-making.
Keywords: Exploration-exploitation trade-off, social learning,
decision-making

Introduction
Social information is crucial to help individuals and groups
adapt to novel circumstances. Through social interaction and
observation, people can collect up-to-date information about
their environment and efficiently deal with its uncertainty
(Hills et al., 2015). For example, by selectively copying successful others, individuals can readily improve their decisions,
while avoiding the costs of trial-and-error learning (Mesoudi,
2011; Rendell et al., 2010; Wisdom, Song, & Goldstone, 2013).
Moreover, the transmission of known solutions in populations
can lead to the accumulation of knowledge, which can be
built upon and refined over time (Boyd, Richerson, & Henrich,
2011; Derex & Boyd, 2015; Tomasello, 1999; Moussaı̈d &
Seyed Yahosseini, 2016).
Yet, theoretical models from a range of disciplines suggest
that social information can also be detrimental for the efficiency of decision-making (March, 1991; Mehlhorn et al.,
2015). Several mechanisms can underlie this counter-intuitive
effect. First, it might be due to the structure of the environment.
When exploration has an opportunity cost, the availability of
social information can motivate people to free-ride and wait
for others to discover a profitable solution, thus reducing the
group’s exploration range (Bolton & Harris, 1999). This is
particularly critical in dynamic environments that change in
time and space, and where social information might be outdated or ill-fitted to one’s own situation (Henrich & Boyd,
1998; Rogers, 1988). Second, the detrimental effects of social
information can be caused by social factors: One example

Recently, empirical studies have delineated how environmental and social factors impact collective performance in
decision problems. It has been shown that reducing the flow of
social information among individuals – e.g., through sparsely
connected social networks – can enhance performance at the
group level (Fang, Lee, & Schilling, 2009; Derex & Boyd,
2016; Mason, Jones, & Goldstone, 2008). However, other
studies suggest the opposite: they show that networks that
facilitate the exchange of information between individuals
tend to enhance group performance (Derex & Boyd, 2015;
Mason & Watts, 2012). These conflicting conclusions suggest
that a clear picture of the processes at play and their interaction between each other are currently not available. As most
simulation studies assume simplified decision rules, while experimental approaches often involve a combined manipulation
of environmental and social factors, making it difficult to understand the contributions of the different factors (Mehlhorn et
al., 2015). How do people respond to social information when
searching for a problem solution? How do they adapt their
exploration and exploitation decisions when exposed to the
behavior of a peer? Addressing these questions helps disentangle the complex interactions between these processes and
facilitates understanding the resulting dynamics in its entirety.
In this paper we show that social information directly affect
individuals’ decision to explore or exploit, that is the used
decision strategy, and as a result hamper performance. We
examine how social information affects individuals’ tendency
to exploit their own best solution, to copy the solution of a
peer, and to explore their environment in search for superior
alternatives. To this end, we designed a experiment in which
we tightly control the value of social information. We aim
to eliminate several common confounding factors stemming
from temporal and spatial heterogeneity in the environment,
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endogeneity of information propagation in the network, and
pre-existing individual variation of knowledge and skills (e.g.,
Mason and Watts (2012); Jayles et al. (2017); Jönsson, Hahn,
and Olsson (2015). This approach allows us to draw a clear
and simple picture of the isolated effects of social information
on how individuals solve an exploration-exploitation task.

Methods
We designed a sequential decision-making task with unidirectional information flow in which participants played the
role of farmers trying to maximize their cumulative payoff
over 30 rounds. In every round, each participant could choose
between three options: (1) plant a new unknown crop (i.e.
explore a new solution), (2) plant the best crop he or she found
so far (i.e. exploit the best known solution), and (3) plant
the crop with the highest value that one other participant had
discovered while taking the same task before (i.e. copy social
information). Figure 1A shows the experimental interface of
the experiment.
Each crop was associated with a fixed payoff ranging from
1 to 100 points. The crop payoffs were randomly drawn from
an exponential distribution with λ = 0.05, capped at 100. That
is, many crops were associated with a low payoff, and a few
of them had a high payoff, with a maximal possible value of
100 (Figure 1B).
Each round, participants could either (1) draw a new value
from the exponential distribution and receive the associated
payoff (explore), (2) receive the payoff Xe associated to the
highest value that was drawn so far (exploit), or (3) receive
the highest payoff Xc that another participant had discovered
(copy). In each round, participants could see the payoffs Xe
and Xc while the payoff for explore was hidden.
Experimental treatment. To systematically examine the effect of social information on individual decision strategies and
performance, we implemented seven experimental treatments
and a control condition in a between-subjects design. In the
control condition, no social information was available, and
participants could only choose to explore or exploit. We gathered the highest payoff found by each participant in the control
condition, that is Xe after 30 rounds of independent search. To
systematically assess the effect of these values on decision
strategies, we selected a subset of them to display as social
information Xc in the experimental treatments. We selected
the following values: 16, 21, 26, 31, 36, 46, and 56. This
setup allows the participants in the experimental conditions to
observe actual social information generated by other participants, and it ensures a uniform sample size over a wide range
of different values of social information. For each participant,
the value Xc was constant over the 30 farming rounds.
Procedure and participants. We ran two sessions of the
experiment on Amazon Mechanical Turk. In the first session
all participants were assigned to the control condition. In the
second session participants were randomly assigned to one of
the seven experimental treatments, where a specific Xc was
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Figure 1: Experimental design. (A) The experimental interface as shown to the participants. In every round (season),
participants could choose to plant a new unknown crop (left
button), to collect the payoff associated to their best discovered crop (middle button) or to collect the payoff associated
to the best crop found by another participant (right button).
(B) The cumulative distribution function of the exponential
random variable used to generate the payoffs every time a
participant decided to plant a new crop. The values of social
information used in our experimental conditions are marked
by red triangles.
selected from the first session.
Participant were informed that the payoffs could range from
1 to 100 and that most crops were associated to a low number
of points. They where also briefed about how the social information was acquired. Participants were instructed to maximize
their cumulative payoff over 30 rounds and informed that at
the end of the experiment, their cumulative payoff would be
converted into real money (2,000 points = US$1). Before starting the experiment, participants completed a short interactive
tutorial and had to pass a comprehension check. At the end
of each round, participants were informed about their payoff
from that round and their cumulative payoff.
In total 322 participants (145 Female, mean age = 36.9
years, SD = 10.9 years) completed the experiment with an
average of 40.2 participants (SD = 4.7) per experimental condition. Participants were rewarded by US$0.75 plus a monetary bonus based on their final score in the experiment (mean
bonus=US$0.62, SD=US$0.24). The average completion time
was 8 minutes. The self-reported understanding of the experimental task was very high, as 97% of the participants reported
≥ 6 points on a 7 point Likert scale.

Models
To gain a deeper understanding of how social information
shapes individual decisions in our experiment, we first introduce two simple models involving different decision strategies:
the benchmark model and the threshold model. In both models,
agents make a decision between (1) explore, (2) exploit, and
(3) copy at any given round t. The payoff ρ(t) that the agent
receives at round t depends on the chosen option as follows:
1. If the agent decides to explore, ρ(t) = x, where x is a
randomly drawn value from the exponential distribution
shown in figure 1B.
2. If the agent decides to exploit, ρ(t) = Xe , where Xe is the
highest value that has been drawn by the agent since the
beginning of the task.
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Figure 2: The building blocks of the threshold model. (A)
Graphical representation of the step function used for the
threshold model. The probability P(explore) equals 1 as long
as the payoff of the best known solution Xmax is lower than
the satisfaction level x0 . Above that level, some exploration
is maintained with a probability p0 , the base exploration rate.
(B) Distribution of the estimated threshold values x0 for all
participants. The the red curve indicates the best log-normal fit
(meanlog = 3.13, sdlog = .78, McFadden’s r2 = .58). (C) Distribution of the estimated values of p0 for all the participants.
The median value p0 = .17 is indicated by the red line.

We fit the step function to the behavioral data of each
participant individually. For that we use the step function with p0 = 0 as a binary classifier to predict if a participant explores. We define exploration as a positive and
exploitation as a negative outcome. We then calculate x0
such that the predictive accuracy of the classifier is maximized. Accuracy is defined as the (number of true positives +
number of true negatives)/30. For the most accurate x0 we
set p0 to the number of false negatives/30. That is, p0 is the
probability that exploration was wrongly classified as exploitation or copy. This procedure provides an estimation of the
parameters x0 and p0 for each participant. The distributions
of the two parameters are shown in figure 2B-C. For the simulations, we generate agents by picking x0 from the log-normal
distribution fitted to the estimated values of the participants
and p0 by the median of those.

Results
3. If the agent decides to copy, ρ(t) = Xc , where Xc is the payoff associated with the crop provided by social information.
For both models we measure performance as the average
payoff that an agent achieves across the 30 rounds. We ran
610,000 repetitions of each model while systematically varying Xc between 0 and 60.
Benchmark Model. In the benchmark model, we assume
that the agents explore their environment during the first τ
rounds (i.e. the exploration phase) of the experiment, and
then choose the most rewarding option between exploit and
copy, during all the remaining rounds (i.e. the capitalization
phase) (Rapoport & Tversky, 1970; March, 1991). The unique
parameter of this normative model is the time τ at which the
agents switch from exploration to capitalization. We call the
optimal switching point τ∗ the value of τ that yields the best
mean performance for a given value of Xc . We estimate τ∗ by
systematically varying τ between 0 and 30 and pick the value
that yielded the best mean performance.
Threshold Model. For the threshold model, we assume a
simple decision strategy to facilitate the comparison with
the experimental results. The threshold model assumes that
the probability to choose the explore option P(explore) in
a given round is solely dependent on the maximum payoff
Xmax = max(Xe , Xc ) that the agent can get by exploiting or
copying. Thus, in each round the agent will either explore
with a probability P(explore) or choose the exploit or copy
option that will yield the higher payoff with a probability
1 − P(explore).
The probability P(explore) is specified by a simple step function:
(
1, if Xmax < x0
P(explore) =
p0 , otherwise
Where x0 is a threshold aspiration level based on Xmax , and p0
is the base exploration rate (see figure 2A).

We now look at our experimental results and compare them to
the predictions from the two models.
Performance. The presence of social information has a
strong and non-monotonic influence on the participants’ performance (Figure 3). We observe a decay in performance in
the conditions where participants received social information
of low value, specifically when Xc ranges between 21 and 31,
but not in case of Xc = 16. Overall, participants who received
no social information performed equally well or better than
those who received social information of value Xc lower than
46. For higher values of Xc social information was beneficial
and allowed participants to improve their performances as
compared to the control condition.
Furthermore, our simulations show that the threshold model
predicts a similar decay in performance around Xc = 26,
whereas the benchmark model – which was not calibrated
on the data but for maximizing performance – suggests that
participants could have reached a much better score with a
different decision strategy, such as exploring early to be able
to assess the relative value of Xc .
Decision strategies. To explain the decrease in performance
observed in our experimental results for values of Xc surrounding 26, and predicted by the threshold model, we analyzed the
underlying decision strategy of the participants. Specifically,
we looked at how frequently participants chose to explore, to
exploit and to copy in each treatment (figure 3B). We anticipated that participants would explore less in the presence of
social information, and indeed participants explored on average 10 rounds (SD = 5.5) in the control condition, while
exploring 8.1 (SD = 5.2) rounds when social information was
available (W = 6761.5, p = .04). Also we predicted that the
frequency of exploration would depend on the value of social
information. Surprisingly the data shows that the exploration
rate changes only marginally between the experimental conditions. For Xc = 16 participants explored on average 7.8 rounds
(SD = 4), very close to the 7.5 rounds (SD = 5.4) of exploration
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Figure 3: Experimental results and model predictions. (A) Average individual performance as a function of social information Xc
as measured in the experiment and predicted by the two models. Average individual performance is calculated as the average
payoff per round, ∑(ρ(t))/30. Error bars indicate the standard error. (B) Proportion of explore, copy, and exploit decisions as a
function of the social information Xc .
for Xc = 56. That is, a reduction of exploration cannot explain
the decay in performance. However, as expected, the overall
tendency to copy increases with larger values of Xc , while the
amount of exploitation decreases at the same time.
Because the average performance of individuals in the control condition – where no social information was available – is
approximately 40 points, copying a crop of value Xc lower than
40 would necessarily be counter-productive. This is indeed
confirmed by the prescriptive simulations of our benchmark
model (blank green and blue circles in figure 3B). Yet, our
results show that for values Xc ≤ 36, people unknowingly copy
too frequently – thus capitalizing on a sub-optimal option. Our
threshold model predicts a similar trend.
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Temporal changes. To draw a more accurate picture of the
decision strategies, we looked at the temporal changes of
behavior across the 30 rounds (figure 4). One striking observation is that the normative assumption that people would
explore first and copy or exploit later, as implemented in the
benchmark model and suggested by optimal stopping theory
(Rapoport & Tversky, 1970), clearly does not capture the
participants’ decisions. On the contrary, copying is the predominant behavior during the first few rounds independent of
the value of Xc . Only later on, if a better Xe is found, copying
rates diminish.
Participants tend to alternate between explore and copy at
the beginning of the experiment and, unsurprisingly, disregard Xc , if Xc is not sufficiently good compared to what has
been sampled in the meantime. This dynamic is captured by
the threshold model. Thus the reduced performance around
Xc = 26, as shown in figure 3, can be explained by the fact
that participants tend to copy social information too frequently
during the first few rounds without being able to assess the
relative value of Xc . Whenever the value of social information
is lower than what they would have sampled independently
(i.e. Xc < 40), individual performance is undermined. Due to
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Figure 4: Proportions of explore, copy, and exploit as a function of the round in our experimental data (left column) and
as predicted by the threshold model (right column). Each row
refers to a different value of social information Xc (as indicated
in the gray rectangles on the right).
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the non-zero base exploration rate of the participants (modeled by p0 > 0) a better solution is eventually discovered
and exploited. But this discovery is delayed as compared to
the control condition, decreasing the number of rounds when
Xe can be exploited, and hence reducing overall individual
performance. For Xc = 16 a better solution for Xe can be discovered very easily and thus the overall performance is not
undermined.

56.2, which is above the average of the payoff distribution.
Thus, copying early could possibly have been beneficial if the
social information given to the participants was representative of the performance in the absence of social information,
which was not the case in our experiment. It is reasonable to
assume that participants expected the social information to be
representative of the underlying distribution of payoffs, which
could have then justified their early copying.

Discussion

Sequential versus simultaneous treatment. Compared to
other studies, one specificity of our design is that the participants completed the experiment sequentially rather than
simultaneously (Mason & Watts, 2012; Toyokawa et al., 2014).
Each participant in the experimental condition was exposed to
the best value found by another participant in the control condition during independent search. Other experimental designs
implemented simultaneous interactions, in which participants
could see what others have found at the end of every round.
In this case, the dynamics might be different, as participants
could not reasonably assume that their peer had extensively
explored the environment beforehand. In this context, the
rationale of the early copying strategy would vanish, and we
would expect people to copy only later in the experiment.
In agreement with this interpretation, late copying has been
reported in experiments involving simultaneous interactions
(Mason & Watts, 2012).

In this paper we investigated how the presence of social information can influence individual strategy and performance.
We studied this question by means of a simple explorationexploitation task. In contrast to existing research, we only implemented the most basic parts of the exploration-exploitation
paradigm, thus focusing on how social information affects decisions. On that account, we ignored the structure of communication networks and considered unidirectional information
flow between two individuals only (Mason & Watts, 2012;
Toyokawa, Kim, & Kameda, 2014; Wisdom et al., 2013). Furthermore, we fixed the social information to one static value
that does not change over time (in contrast to Mason and Watts
(2012); Mesoudi (2011); Toyokawa et al. (2014)), and we eliminated the spatial correlations between the payoffs (in contrast
to Mason et al. (2008); Wu, Schulz, Speekenbrink, Nelson,
and Meder (2017)
With this design, we discovered that social information can
undermine not only the collective, but also the individual performance (cf. Wisdom et al. (2013)). In line with a recent
simulation study conducted by Barkoczi and Galesic (2016),
our results show that the detrimental impact of social information can depend on the decision strategies employed and not
exclusively on the network structure connecting people or the
structure of the environment.
The rationale of early copying. The harmful effect of social information is caused by the participants’ tendency to
copy social information too early in the experiment, without
knowing its relative value compared to what can be discovered
by individual exploration. One common assumption is that
people start exploring their environment and with the help
of the gathered data evaluate the relative value of the social
information, and only then capitalize on the best solution (cf.
our benchmark model and also March (1991)). An alternative
strategy, assuming an already exhaustive search by the previous participant, could be to rely completely on the social
information provided and copy it all the time. Such a strategy would minimize the cost for exploration. However our
results show that participants do not follow either of those
strategies, but rather prefer to copy in the very early phases
of the experiment and only then start to explore. But copying
does not provide any information about the environment, so
why do people adopt this seemingly irrational strategy? Early
copying can actually be reasonable if the payoff of the copied
solution is sufficiently good. In fact, the best crop found by
participants in the control condition had an average payoff of

Accuracy of the threshold model. Despite its simplicity,
the threshold model reproduces our experimental observations
quite closely, suggesting that it has captured key aspects of the
decision strategy. The model assumes that the probability to
search for a new solution only depends on the payoff of the
best available solution. The model therefore ignores most of
the available information, such as the payoff distribution of
previously explored solutions and the remaining number of
rounds. The fact that the model captures key dynamics in the
experiment without explicitly accounting for temporal dimension is surprising, since intuitively, people are likely to explore
less as the end of the experiment approaches. Nevertheless,
given the current quality of the model’s predictions, adding
a temporal component might only yield a marginal improvement of the predictions. Hence, time appears as a cue that has
– if anything – a minor role on the decision strategy. Finally,
whereas the model currently implements a fixed threshold
value, it is also possible to consider an adaptive threshold that
would vary with the observed sample of payoffs.
Future research directions To examine basic aspects of
how social information affects decision strategies of exploration and exploitation, we deliberately started from a simple
task. In future research we will gradually increase the complexity of the decision-making setting – up to the point where
a complete, realistic situation can be described. This will consist of implementing simultaneous interactions, varying group
size, manipulating the communication network, changing the
payoff distribution and injecting private information. These additions would also allow us to determine the predictive power
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of the model, by testing it in different environments.

Acknowledgments
We thank the ARC research group and especially Wouter van
den Bos for fruitful discussions. Samuli Reijula’s research is
supported by the Academy of Finland.

References
Bala, V., & Goyal, S. (1998). Learning from Neighbours. The
Review of Economic Studies, 65(3), 595–621.
Barkoczi, D., & Galesic, M. (2016). Social learning strategies modify the effect of network structure on group performance. Nature Communications, 7, 13109.
Bolton, P., & Harris, C. (1999). Strategic Experimentation.
Econometrica, 67(2), 349–374.
Boyd, R., Richerson, P. J., & Henrich, J. (2011). The cultural
niche: Why social learning is essential for human adaptation. Proceedings of the National Academy of Sciences,
108(Supplement 2), 10918.
Derex, M., & Boyd, R. (2015). The foundations of the human
cultural niche. Nature Communications, 6, 8398.
Derex, M., & Boyd, R. (2016). Partial connectivity increases
cultural accumulation within groups. Proceedings of the
National Academy of Sciences, 113(11), 2982.
Fang, C., Lee, J., & Schilling, M. A. (2009). Balancing
Exploration and Exploitation Through Structural Design:
The Isolation of Subgroups and Organizational Learning.
Organization Science, 21(3), 625–642.
Giraldeau, L., Valone, T. J., & Templeton, J. J. (2002). Potential disadvantages of using socially acquired information.
Philosophical Transactions of the Royal Society of London.
Series B: Biological Sciences, 357(1427), 1559.
Henrich, J., & Boyd, R. (1998). The Evolution of Conformist
Transmission and the Emergence of Between-Group Differences. Evolution and Human Behavior, 19(4), 215–241.
Hills, T. T., Todd, P. M., Lazer, D., Redish, A. D., & Couzin,
I. D. (2015). Exploration versus exploitation in space, mind,
and society. Trends in Cognitive Sciences, 19(1), 46–54.
Jayles, B., Kim, H.-r., Escobedo, R., Cezera, S., Blanchet, A.,
Kameda, T., . . . Theraulaz, G. (2017). How social information can improve estimation accuracy in human groups.
Proceedings of the National Academy of Sciences.
Jönsson, M. L., Hahn, U., & Olsson, E. J. (2015). The kind of
group you want to belong to: Effects of group structure on
group accuracy. Cognition, 142, 191–204.
Laland, K. N. (2004). Social learning strategies. Animal
Learning & Behavior, 32(1), 4–14.
Lazer, D., & Friedman, A. (2007). The Network Structure
of Exploration and Exploitation. Administrative Science
Quarterly, 52(4), 667–694.
March, J. G. (1991). Exploration and Exploitation in Organizational Learning. Organization Science, 2(1), 71–87.
March, J. G. (2006). Rationality, foolishness, and adaptive
intelligence. Strategic Management Journal, 27(3), 201–
214.

Mason, W. A., Jones, A., & Goldstone, R. L. (2008). Propagation of innovations in networked groups. Journal of
Experimental Psychology: General, 137(3), 422–433.
Mason, W. A., & Watts, D. J. (2012). Collaborative learning in
networks. Proceedings of the National Academy of Sciences,
109(3), 764.
Mehlhorn, K., Newell, B. R., Todd, P. M., Lee, M. D., Morgan,
K., Braithwaite, V. A., . . . Gonzalez, C. (2015). Unpacking
the exploration–exploitation tradeoff: A synthesis of human
and animal literatures. Decision, 2(3), 191–215.
Mesoudi, A. (2011). An experimental comparison of human
social learning strategies: Payoff-biased social learning is
adaptive but underused. Evolution and Human Behavior,
32(5), 334–342.
Moussaı̈d, M., Herzog, S. M., Kämmer, J. E., & Hertwig,
R. (2017). Reach and speed of judgment propagation in
the laboratory. Proceedings of the National Academy of
Sciences.
Moussaı̈d, M., & Seyed Yahosseini, K. (2016). Can Simple Transmission Chains Foster Collective Intelligence in
Binary-Choice Tasks? PloS one, 11(11), e0167223.
Rapoport, A., & Tversky, A. (1970). Choice behavior in
an optional stopping task. Organizational Behavior and
Human Performance, 5(2), 105-120.
Rendell, L., Boyd, R., Cownden, D., Enquist, M., Eriksson,
K., Feldman, M. W., . . . Laland, K. N. (2010). Why Copy
Others? Insights from the Social Learning Strategies Tournament. Science, 328(5975), 208.
Rendell, L., Fogarty, L., Hoppitt, W. J., Morgan, T. J., Webster,
M. M., & Laland, K. N. (2011). Cognitive culture: Theoretical and empirical insights into social learning strategies.
Trends in Cognitive Sciences, 15(2), 68–76.
Rogers, A. R. (1988). Does Biology Constrain Culture?
American Anthropologist, 90(4), 819–831.
Salganik, M. J., & Watts, D. J. (2008). Leading the Herd
Astray: An Experimental Study of Self-fulfilling Prophecies in an Artificial Cultural Market. Social Psychology
Quarterly, 71(4), 338-355.
Tomasello, M. (1999). The Human Adaptation for Culture.
Annual Review of Anthropology, 28(1), 509–529.
Toyokawa, W., Kim, H.-r., & Kameda, T. (2014). Human
Collective Intelligence under Dual Exploration-Exploitation
Dilemmas. PLOS ONE, 9(4), e95789.
Wisdom, T. N., Song, X., & Goldstone, R. L. (2013). Social Learning Strategies in Networked Groups. Cognitive
Science, 37(8), 1383–1425.
Wu, C. M., Schulz, E., Speekenbrink, M., Nelson, J. D., &
Meder, B. (2017). Mapping the unknown: The spatially
correlated multi-armed bandit. bioRxiv.

2478

Predicting the Optimal Time for Interruption
using Pupillary Data and Classification
Hagit Shaposhnik (h.shaposhnik@rug.nl)
Jelmer P. Borst (j.p.borst@rug.nl)
Niels A. Taatgen (n.a.taatgen@rug.nl)
Department of Artificial Intelligence, University of Groningen
Nijenborgh 9, 9747 AG, Groningen, the Netherlands

Abstract
In the current study we present an air traffic control (ATC)
task in which we measured pupil dilation to automatically
determine high and low workload periods. We manipulated
working memory (WM) requirements across three conditions:
a no WM condition, a passive WM condition in which
information was accumulated, and an active WM condition in
which information had to be added to and removed from WM.
Results showed that no WM resulted in the least dilation, but
that passive WM and active WM did not differ. Next, we used
the pupil data to train a range of classifiers to differentiate
between high and low workload periods with the ultimate
goal to create an online task-independent interruption
management system (IMS). The best predicting features were
the median and a second-order polynomial fit, going back 12
seconds from the to-be-predicted moment. Using these
features, our classifier was able to predict workload at high
accuracy (77%). We conclude that pupil dilation can be used
to create a reliable IMS.
Keywords: Working memory; Interruptions; Multitasking;
Pupil dilation; Machine learning.

Introduction
Nowadays, we are interrupted continuously throughout the
day. Especially interruptions in the middle of a task are
known to have considerable costs. For example, during
office work people are often interrupted by notifications on
their smartphone, which disrupts their focus and can lead to
large resumption costs. In certain work environments,
interruptions are part of the normal work flow and cannot be
avoided. For instance, air traffic controllers (ATC) follow
aircraft traffic while at the same time instructing pilots and
communicating with other controllers on the ground. In this
case, mistakes due to interruptions may lead to fatal
accidents. To reduce these potentially high costs of
interruptions, the main goal of the current study is to
develop a robust algorithm to automatically determine the
best moment for interruptions. To this end, we employ
pupillary data and machine learning techniques.
Previous studies have shown that the extent to which
performance on a primary task is affected by an interrupting
task depends on the degree of cognitive load in the primary
task (Iqbal & Bailey, 2005). Moreover, interruptions during
high workload increase the duration of the resumption
process to return to the primary task (Altmann & Trafton,
2007; Altmann, Trafton, & Hambrick, 2014; Mark,
Gonzalez & Harris, 2005). Multiple studies have shown that
the less disruptive moment to present an interrupting task is
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between tasks rather than in the middle of a task and more
specifically in low workload periods (Borst, Taatgen & van
Rijn, 2015; Iqbal & Bailey, 2005, 2006; Katidioti &
Taatgen, 2014; Monk, Boehm-Davis & Trafton, 2004;
Salvucci & Bogunovich, 2010). Thus, interruptions during
low workload moments have limited costs compared to high
workload moments. Therefore, if we had an automatic way
of determining workload, we could schedule interruptions at
less disruptive moments.
One way of determining workload is by measuring pupil
size. It has long been known that cognitive workload, and
especially working memory load (WM), causes the pupil to
dilate. For example, Kahneman and Beatty (1966) asked
participants to report from a string of a memorized list of
different digits. Results showed that pupil dilation increased
for each additional digit, and after the last digit decreased
again (for a similar recent study, see Karatekin, 2004).
As these results suggest, a number of studies have shown
that interruptions during moments of high pupil dilation –
and thus high workload – are more disruptive than
interruptions when pupil size was small (Iqbal, Adamczyk,
Zheng & Bailey, 2005; Katidioti, Borst, Bierens de Haan, et
al., 2016). Based on these results, Katidioti, Borst, van Vugt
& Taatgen (2016) designed a rudimentary interruption
management system (IMS), and demonstrated that
interruptions based on pupillary data resulted in better
overall performance than self-interruptions.
Given that interruption can be disruptive and affects one’s
performance, Züger and Fritz (2015) were interested to
measure the interruptibility of programmers. In their study,
they did not use pupil dilation data, but other physiological
sensors such as EEG, eye blinks, heart rate, BVP, EDA
(measuring the activity of heart), and body temperature. In
addition, they used machine-learning techniques to identify
the programmer’s interruptibility state. They found that
based on these measurements their classifier identified the
programmers’ state of interruptability with high accuracy,
which implies that this kind of classifier might be in used to
automatically schedule interruptions during low workload
periods. While this is promising, it seems infeasible to
measure EEG and heart rate variability in a real
environment, which is why we decided to concentrate on
pupil dilation measurements.

Current Study
The main goal of the current study was to classify high and
low workload periods based on pupillary data and improve
the simple threshold technique of Katidioti and colleagues
(2016). To this end, we designed an experiment that
simulated a simplified ATC environment. We aimed to
compare three conditions with different levels of workload:
a condition with no WM requirements, one with a passive
WM load, and one with an active WM load. In the no-WM
condition no memorization was required and decisions wer
based on a given rule. In the passive WM task information
was accumulated and decision-making had to be based on
previous information. In the active WM task information
had to be updated several times throughout the task.
Our goal was to determine whether we can differentiate
between periods in which participants had to make active
decisions versus periods in which they had to wait for the
next series of queries. To this end, we trained a classifier to
make an online assessment of workload.

Method
Subjects
Twenty-five students from the University of Groningen
participated in the experiment for monetary compensation of
14 euros. Data of one participant was not analyzed because
of recording problems. Data of three other participants were
excluded due to an error in the experimental code. Finally,
one participant was excluded due to excessive eye blinks.
This leaves 20 participants (12 females and 8 males, mean

age 24.5 (range 20-30), SD = 2.7). All were right-handed,
and had normal vision.

Design
In the experiment participants interacted with a simple air
traffic control simulator (Figure 1). Each trial lasted 100 sec
and was split into two on-task phases and one off-task
phase. The trials started with a fixation cross in the middle
of a centered circle (10 cm diameter) for 2 sec, which was
followed by the appearance of aircraft entering the screen
(i.e., airspace). Aircraft that were entering into the airspace
flew at a constant speed. Some of the aircraft flew into the
circle and others continued to fly outside of the circle, which
represent the airspace the controller is responsible for.
Aircraft that entered into the circle presented a request. The
requests were either an altitude or a speed change, each
which a specific new speed or altitude. Altitude requests
consisted of 4 digits and speed requests of 2 digits. Requests
were presented for 1.5 sec. The time between the offset of
one request and the onset of the next request was 2.5 sec.
The first on-task phase ended when aircraft started to leave
the airspace, after which no aircraft entered for 26 sec (the
off-task phase). After the off-task phase, a new on-task
phase started in which aircraft entered the airspace again.
After the second on-task phase the trial ended.
The experiment consisted of three conditions: no WM,
passive WM, and active WM. In the no-WM condition, six
aircraft entered into the circle one by one, and each aircraft
presented a speed request. If the requested value was
smaller than 35 it should be rejected, otherwise it should be

Figure 1: The ATC experiment. Participants had to respond to airplanes inside the circle. Here, the altitude change request
should be allowed if none of the other 5 planes is at altitude 5433 – information participants had to maintain in their WM.
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accepted. Thus, memorization of the requests was not
required.
In the passive WM condition, six aircraft entered the
airspace circle and presented altitude requests one at the
time. Participants were required to compare each request to
the previous requests by the other aircraft in the circle. If a
requested altitude was already occupied by another aircraft,
it should be rejected, otherwise it should be accepted. Thus,
previous requests should be maintained in WM.
In the active WM condition 4 aircraft entered into the
airspace circle and presented altitude requests one at the
time, similar to the passive WM condition. After that, two
aircraft would leave the airspace and two additional aircraft
would enter the airspace circle, and present their request.
Similar to the passive WM condition, no aircraft within the
airspace could fly at the same altitude. However, altitudes
can become available again if the aircraft at a particular
altitude left the airspace. This meant that participants needed
to actively update their WM when aircraft were leaving.
Participants had to press ‘Z’ to reject request and ‘/’ to
accept. Participants were required to respond while the
request was still presented on the screen (1.5 sec).
Following the response feedback was given for 1 sec. If the
response was correct, the aircraft was colored by a green
square, if it was incorrect the aircraft was colored by a red
square. The study consisted of 36 trials grouped in 6 blocks.
Within a block, two trials in each of the three conditions
were administered in random order.

quadratic-interpolation after extending the rejection area
with 50 msec before and after the saccades and 100 msec
before and after the blinks. Further, pupil dilation was
down-sampled from 500 Hz to 50 Hz, and normalized by a
moving-average baseline of the last 20 seconds1.
To analyze the data, we used linear mixed effects models;
models were compared using chi-squared likelihood tests.
Contrast testing was performed with Tukey Post-Hoc tests.
Participants and phase were submitted as random effects.
To classify high and low workload moments, we used
binomial logistic regression. Classifiers were trained and
tested with 10-fold cross-validation within-subject. To
predict workload, we used features from the pupillary data.
Features were created by splitting the data into windows of
2, 3, or 4 seconds. From these windows, we calculated the
median, SD, and a second order polynomial fit. We first
thought to examine the slope of each curve but since our
pupillary data is not linear, we decided that polynomial will
fit better to our data. For the second order polynomial fit we
used the following function: 𝑝 𝑥 = 𝑝1𝑥 & + 𝑝2𝑥 ,the
fitting method attempt to fit the best possible coefficients
(p1, p2) to the given curve at each window using the least
squares polynomial fitting algorithm. Thus, for each
window we had four features: the median, the SD, and the
two coefficients of the polynomial fit.

Results
Behavioral Data

Procedure
Participants were tested individually in a windowless room
containing a desk on which a monitor, eye-tracker camera
and chinrest were placed. The seating distance from the 20inch LCD monitor (1600×1200, 60 Hz) to the chinrest with
forehead support was 59 cm.
The room was illuminated using a ceiling lamp, resulting
in ambient light that provided a comfortable level of
luminance to participants. Eye position and pupil dilation of
either left or right eye, depending on each participant’s
dominant eye, was measured at the sampling rate of 500 Hz
using an SR Eyelink 1000 eye tracker. Calibration and drift
correction were performed before the experiment and after
each break, using a randomized target order with 9 points.
Before staring the experiment, participants gave informed
consent. After reading the experimental instruction a verbal
instruction was provided to ensure that they understood the
task. Participants started with a practice block that contained
all three conditions. If, after three practice trials, participants
did not understand the task, they were required to repeat it.
Afterwards, the experiment started.

Analysis and Classifier
To create the optimal predictor for a potential IMS, we
trained a classifier with pupillary data to identify different
workload periods. Before implementing the classifier, the
pupillary data were preprocessed. First, in order to reduce
artifacts, saccades and blinks were detected and replaced by
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Figure 2 shows the average accuracy and average RTs for
each condition. The results show that participants performed
well on 3 conditions with a mean proportion of correct
responses of 0.93 (SD = 0.1). RTs were measured from the
moment of the request to the moment of response. Results
show that mean RTs were 0.65 (SD = 0.07) for the 3
conditions

Figure 2: Average Accuracy and Average Response Time
(RT) per condition.

1

We used a moving-average baseline because the final goal is to
design an IMS that does online interruption management.
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Figure 3: Percentage change in pupil size measured for each
condition across time.

Pupillary Data
Figure 3 shows percentage change in pupil size measured
for each condition across time. Each vertical line represents
a request (1 to 6) in each phase, the white gap represents the
off-task interval period between the two on-task phases. The
red line represents the active WM task, the green line
represents the no-WM task, and the blue line represents the
passive WM task. The initial dilation of the pupil started
after each request and reached a peak after 1.5 sec to 2 sec
and reduced again afterwards. In both WM conditions, pupil
response increased gradually as a function of time. A more
pronounced increase followed the 5th and the 6th request,
after which it decrease below the baseline during the offtask period. In the control task (no-WM) the pupil response
was initially higher than in both other conditions until the
3rd request, but then reduced almost below the baseline.
To analyze the pupillary data, we calculated the average
pupillary peak response for each condition across the two
response phases (Figure 4; there was no difference in
pupillary response between phases; 𝛽 = 0.5 , 𝜒 & 1 = 0,
p=1). First we found a main effect of condition on pupillary
response that showed a significant difference between both
WM tasks and the no-WM task ( 𝛽 = −0.170 , 𝜒 & 1 =
35.3, p<0.001). There was no difference between the active
WM and passive WM tasks (𝛽 = −0.185, 𝜒 & 1 = 0.586,
p=0.443). The effect of Request was found to be significant
( 𝛽 = −0.471 , 𝜒 & 1 = 34.15, p<0.001). Tukey post-hoc
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testing indicated a different pupil response to requests in the
active WM conditions and the no-WM condition (β = 0.342,
SE = 0.626; z = -8.297, padjusted < 0.001; β = 0.342, SE =
0.626; z = -9.93, padjusted < 0.001).

Figure 4: Average pupillary peak response for each
condition as a function of request.
Classification
The classifier was trained to distinguish between two
periods; the on-task period, which included the requests, and
the off-task period in which participants did not perform a
task for a period of approximately 26 sec. As explained
above, 10-fold cross validation was performed for each
subject.

Table 1. Results of the classifier (average accuracy + range) for four different feature combinations, for windows sizes of
2, 3, and 4 seconds.
Median
Condition

4s

Active WM

73%
(49-90)
Passive WM
74%
(54-92)
No WM
69%
(47-83)
All
70%
(49-84)

Median + SD

Polynomial

3s

2s

4s

3s

2s

4s

3s

2s

4s

3s

2s

71%
(50-86)
72%
(52-88)
66%
(43-81)
69%
(50-84)

72%
(50-87)
72%
(52-89)
67%
(52-84)
69%
(50-84)

73%
(50-90)
70%
(48-84)
73%
(50-90)
70%
(48-84)

72%
(47-86)
67%
(47-82)
72%
(47-86)
67%
(47-82)

73%
(49-88)
68%
(52-83)
73%
(49-88)
68%
(52-83)

77%
(52-91)
76%
(53-91)
77%
(52-91)
76%
(53-91)

72%
(47-87)
68%
(54-83)
72%
(47-87)
68%
(54-83)

73%
(55-88)
70%
(54-83)
73%
(55-88)
70%
(54-83)

77%
(50-90)
76%
(55-91)
77%
(50-90)
77%
(55-91)

72%
(49-85)
72%
(51-83)
72%
(49-85)
72%
(51-83)

73%
(56-88)
72%
(53-83)
73%
(56-88)
72%
(53-83)

We explored which features yield the best classification
results. Table 1 shows the overall mean and min-max rates
for different features and window combinations. The first
observation we can make is that larger windows on average
gave the best predictions, that is, it was more effective to go
12 second back in time than less. Second, using the
polynomial fit in each window improved performance over
using either the median, or the median and the SD. Thus,
not only average dilation and its variance are informative,
but also the pattern of dilation inside each window. Third,
the hardest condition to classify was the no-WM condition,
presumably because the difference between on- and off-task
phases was the smallest in this condition (Fig. 3).
The best feature combination were three four-second
windows, for each of which we used the median and a twocoefficient polynomial fit. On average, this resulted in 77%
correct classifications. Figure 5 shows that for a majority of
K-Fold (K=10) Cross Validation
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6
4
2
0

2
1
50-60

Median + Polynomial
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60-70

70-80

80-90

90-100

Precentage of Accuracy

Figure 5: Distribution of classifier accuracy over
subjects.
the participants’ classification was even over 80% in this
case, and only one participant scored below 60%.

Discussion
The main goal of the present study was to develop a
classifier that will predict and differentiate between low and
high workload periods using machine learning techniques
based on pupillary data. In order to do so we designed a
ATC task that simulated a real world scenario and included
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different levels of workload. Based on previous studies we
hypothesized that pupillary size would increase with
increasing memory load and decrease with decreasing load.
The results confirmed the hypotheses; dilation increased
with increased WM load and was smaller when WM load
decreased. Figure 3 clearly shows the change in pupil
dilation during the period of on-task and off-task.
Additionally, it can be observed that during the on-task
pupil size increase proximally 1.5 to 2 seconds after each
request and decrees afterward.
Based on these results, we developed a classifier. In order
to identify high and low workload periods, we applied
binominal logistic regression to the pupillary data. Table 1
shows that it is possible to classify high and low workload
periods based on pupillary data. Using large windows, going
back 12 seconds in time, including the median value and a
polynomial fit per window, gave the best predictions for our
model. This indicates that not only the level of pupil dilation
(median) is relevant to determine workload, but also the
direction of the change in pupil dilation. We hypothesize
that decreasing dilation indicates the start of a low-workload
period, whereas increasing dilation signal the start of a highworkload period.
Figure 5 shows the accuracy of the model for each
participant. These results show that the classifier could
classify above chance for all subjects, and with a high
accuracy for the large majority. Different from our study in
which we focused only on pupillary data, Züger and Fritz
(2015) used several physiological sensors. On the one hand,
this provided more features for the classifier, but it also
makes the classifier less practical to use in a real work
environment, while pupil dilation might be measured with
high-end webcams (Rafiqi, Wangwiwattana, Fernandez,
Nair, & Larson, 2015). Performance of the two classifiers
was comparable, where we reached 77% accuracy on
average, Züger and Fritz (2015) classifier reached 75%.
A notable feature of the pupillary pattern observed in this
study was the way pupil size was affected by the number of
requests. Figure 4 indicates the difference in peak size
between the no-WM condition and both WM conditions as a
function of request. At the first 3 requests, the average peak
size was larger during in the no-WM condition, but it then
decreased sharply compared to both WM conditions. In

contrast, in the WM conditions the average peak response
increased gradually as a function of the number of requests.
This implies that the amount of information that is stored in
memory evoked changes in pupillary size.
We might assume that the average of peak was larger in
the no-WM condition during the first 3 requests because
participants had to decide if a presented value was higher or
lower than the given threshold. This may be confusing at the
beginning but once participants got used to the drill it
becomes an easy task. On the contrary, in the WM
conditions the answer to the first request was automatically
‘YES’, since participants were not required to compare it to
any previous value and no storage or decision-making was
required. Yet, as the task continued more information was
stored in WM and more decision-making was required,
which affected cognitive workload and pupil size.
To conclude, in this study we have shown that it is
possible to use pupil dilation to determine high and low
workload periods. These results will form the basis an
online task-independent IMS. As our next step, we aim to fit
our model across participants. Additionally, we would like
to identify the high and low load periods during the on-task
phase, to enable more fine-grained interruption
management.
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Abstract

and can be learned by non-human primates and rodents.
They arguably offer a clear and simple model of the broader
problem of action selection. There is also extensive research
on the contributions of brain waves, brain regions, cell
types, neurotransmitters, and various other biological factors
to these types decision tasks. This large body of research
provides multi-scale perspectives on the neural basis of
value-based decision making and provides constraints on
any proposed account of choice.
Our conceptual ladder starts with spiking neural networks.
We explain how synchronization in spiking neural networks
offers a general mechanism to understand the emergence of
oscillations. We discuss how oscillations modulate regional
processing in the brain. We argue that the interaction of
oscillations provides a useful active substrate for neural
communication. Lastly, we describe how these properties
can give rise to characteristic patterns of brain activity and
behavior observed in decision making.

Reducing cognitive phenomena to neural activity is seen by
many as lacking in scientific utility. The conceptual chasm
between electrochemical activity and the act of making a
choice is too broad to span in a single step. Instead, we adopt
a multi-scale approach to cognitive neuroscience by
constructing a conceptual ladder that incrementally climbs
from neuronal spikes to cognitive processes with each step
offering theoretic reductions. Here we propose a sequence of
intermediate neurocomputational processes that are promising
for understanding an array of cognitive phenomena. We
illustrate this approach in the context of the dynamics of
choice. These dynamics emerge from serial evaluation
mediated by systems in frontal cortex and the basal ganglia.
The effect is to promote neural oscillations that provide a
substrate for communication through coherence. Both
empirical and simulation studies are described to support this
view of emergent behavior.
Keywords: spiking neural networks; synchrony; coherence

Introduction

Spiking Neural Networks Synchronize

In this paper, we construct a conceptual ladder upon which
we climb from the foundations of neuroscience -- spiking
neurons -- to the dynamical patterns of brain activity and
behavior that arise during decision making. In spite of broad
acceptance of the general idea that, in some way, high level
cognitive processes are grounded in the electrical and
chemical processes of neurons, there are relatively few
instances in which cognition has been clearly mapped onto
cellular actions. In part, this may be due to the tremendous
difference in scale: the human hand is a thousand times
larger than a neuron. Pushing a button takes hundreds of
times longer than sending an electrical impulse down an
axon. Nevertheless, we describe here an account which
ascends these spatial and temporal scales, one rung at a
time, by drawing on emerging perspectives at various levels
of computational and empirical neuroscience, as well as
modern behavioral research. We review some literature
related to each of these levels of analysis and discuss our
own computational simulations of relevant phenomena.
While this conceptual ladder may be a generally useful
framing for a broad array of cognitive processes, we focus
on a category of behavioral experimental paradigms which
target value-based decision making. A simple example is a
two-armed bandit task, in which a participant selects one of
two actions on each trial, guided by the predicted reward for
each action. These kinds of choices can be made reflexively

One of the first lessons learned by every scientist who
attempts to build a spiking neural network model is that
spiking networks synchronize (Brunel, 2000). Synchronous
spiking is the generation of a large fraction of spikes during
narrow, semi-regular temporal bands, separated by relative
silence. This fact often goes unmentioned in the literature,
perhaps because it is so basic and pervasive to the approach,
but it is virtually assured that every successful spiking
neural network model has undergone a period of tuning to
avoid excessive synchrony (c.f. Hahn, et al., 2014).
Excessive synchrony is undesirable, as it reduces the
representational capacity of a spiking network and impairs
spike timing dependent plasticity (STDP). It also leads to
visibly artificial spike raster plots that fail to capture
observed biological spiking patterns.
A common cause of synchronous spiking is recurrent
synaptic connectivity associated with a “reservoir” (Maass,
Natschläger, & Markram, 2002) or cortical layers (Tiesinga
& Sejnowski, 2009). In these cases, feedback loops from
recurrent connectivity drive excitatory spiking interspersed
with inhibitory silencing. Without careful tuning, this
feedback-induced synchrony can overpower activity related
to meaningful stimuli in the network. Nevertheless,
recurrent connections in biological neuronal networks are
ubiquitous.
One of the longest running debates in computational
neuroscience involves the role of spike timing in neuronal
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information processing. Although it is widely agreed that
information is conveyed by neural spikes in aggregate, there
is disagreement over whether that information is encoded in
the precise timing of spikes or only in the rate at which
spikes are generated. In some specific cases, highly
temporally precise sensory information that can be decoded
from spike times (e.g. in binaural spatial cues, Chase &
Young, 2006) beyond that which can be extracted from
firing rates. We suggest that emerging theories that
emphasize the role of spike synchrony in robust neuronal
communication offer a potential route to resolving these
tensions.
Figure 1: This spike raster plot demonstrates synchrony in a
simulated spiking neural network as a result of inhibitory
recurrence. Each row represents a neuron and each dot
represents a spike at a given time. The blue line indicates
the average firing rate of the population in time.

Spike Synchrony Links Spikes to Oscillations
The excitability of neurons in a brain region is correlated
with the phase of ongoing neural oscillations in that region
(Fries, 2005). Local field potentials (LFP) are generated by
fluctuations in membrane potential across many thousands
of neurons in a region (Gold et al., 2006). These fluctuations
are the result of various processes that occur at different
timescales. While spike generation is a distinct feature of
individual neurons, LFPs deemphasize high-frequency
fluctuations, at the timescale of spikes, so that only very
dense concentrations of spikes affect the LFP amplitude.
For this reason, synchronous spiking across a neural
population will give rise to an ongoing LFP oscillation,
while irregular spiking activity will not. Alternative
oscillatory mechanisms are certainly plausible (e.g.
endogenously generated oscillatory currents, Brunel,
Hakim, & Richardson, 2003), but synchronous spiking
offers a parsimonious account for the emergence of
oscillations while simultaneously explaining why LFP
oscillation phase is correlated with neuronal excitability.
The patterns of connectivity which give rise to synchrony
result in periods of inhibition (low excitability) and
disinhibition (high excitability) and these periods will
necessarily be phase-locked to resulting oscillations. Thus,
spike synchrony provides a functional link from the activity
of individual neurons to neural oscillations.
An important consideration in the emergence of
oscillations from synchronous spiking is the role of neuronal
and network parameters in shaping the oscillations which
emerge. Properties such as neuron leak conductance and
excitatory-inhibitory ratio of the network directly affect the
gain in recurrent synaptic pathways. Both the mean and
variance in spike transmission delays alter the length of
feedback loops. These and other structural properties
determine the frequency, phase, and amplitude of intrinsic
neural oscillations (Figure 1).

Neural Oscillations Provide an Active
Substrate for Communication
As described previously, the phase of neural oscillations is
correlated with neuronal excitability. These findings have
led to an emerging consensus concerning the functional role
of neural oscillations. This consensus holds that the
effectiveness of communication between brain regions is
modulated by the coherence of oscillations in the regions.
This hypothesis is called communication-through-coherence
(CTC) (Fries, 2005).
The CTC hypothesis makes clear predictions concerning
neuronal communication in the context of a single dominant
frequency of oscillation (Figure 2). However, biological
neural oscillations typically exhibit power in many distinct
frequency bands. In this case, it is unclear which frequency
might have a dominant effect on neuronal excitability. One
potential solution to this problem involves a mechanism
through which multiple oscillations are entrained, such that
the phase relations between regions are consistent across
multiple frequency bands. Indeed, just such entrainment has
been observed. Cross-frequency-coupling (CFC) describes
the phenomena where ongoing neural oscillations in one
frequency are coupled to oscillations in a different
frequency. CFC is particularly strong between alpha-band
(8-12 Hz) phase and gamma-band (>30 Hz) amplitude
(phase-amplitude coupling). This means that the strength of
the high frequency component of neural oscillations in a
region is modulated by the phase of the low frequency
component. The degree of phase-amplitude coupling in a
region has been linked to the strength of intra-regional
communication versus inter-regional communication. Other
forms of CFC include phase-phase coupling and amplitudeamplitude coupling (Canolty & Knight, 2010).
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Figure 2: Communication-through-coherence between two
regions with the same dominant frequency. In this scenario,
the effectiveness of communication (likelihood of a
transmitted spike to induce a spike at the receiving neuron)
is predominantly affected by the relative phase and spike
transmission delays. The sending population (blue) exhibits
a strong influence on neurons in the receiving population
(orange) with a compatible phase and has minimal impact
on neurons in the inhibitory period of an oscillation.
Receiving neurons are shown with staggered phase to
illustrate the effect of CTC.
Another important clue in deciphering the functional role
of oscillations comes from the spatial scales over which
neural communication occurs. Over long neurophysiological
distances, spike transmission delays and variability both
increase. These increases correspond to a wider temporal
window in which postsynaptic potentials might arrive. To
accommodate this, the frequency of neural oscillation must
be lower, producing increased durations of the periods of
neuronal excitability. In contrast, oscillations at a high
frequency (e.g. gamma-band), with more brief periods of
neuronal excitability, provide a substrate for communication
over short neurophysiological distances. These predictions
are consistent with the behavioral correlates of neural
oscillations (Table 1).
Table 1: Behavioral correlates of neural oscillations
(Canolty & Knight, 2010).
Gamma
Beta
Alpha
Theta
Delta

Frequency
> 30 Hz
20 - 25 Hz
8 - 12 Hz
4 - 8 Hz
< 4 Hz

Correlates
Local network processing
Motor planning, rhythm
Visual attention
Conflict detection
Multisensory integration

Together, CTC and CFC suggest a framework in which
communication across neuronal networks is modulated by a
broad range of interacting oscillations at various spatial
scales. These interacting oscillations provide an active
substrate for communication: a constantly shifting network

of channels vying for the available bandwidth. Rather than a
central coordinator allocating influence to streams of neural
processing, the streams dynamically entrain and diverge
from one another according to learned task demands and
new inputs. As the relative power of oscillation components
fluctuate, and as they shift in and out of relative phase, the
effectiveness of particular channels of communication
increase and decrease. Because the oscillations emerge from
spiking activity, neural spikes drive these shifts in phase and
power. The detailed relationship between spikes and waves
is highly complex, however, making oscillation coherence a
useful intermediate level of analysis.
This framework of activity-driven modulation of neural
communication offers a plausible mechanism for variation
in functional connectivity between larger neural regions
(Akam & Kullman, 2012; Salinas & Sejnowski, 2001). A
vast literature based on fMRI, EEG, and other imaging
methodologies has demonstrated that functional changes in
coupling between regions can occur rapidly in response to
task and context cues (Bullmore & Sporns, 2009). While
functional connectivity between regions can reflect common
inputs, it is often taken to imply selective communication.
These observations have been made without knowledge of
the mechanism by which neural activity might be selectively
processed or ignored. Given that the coherence of
oscillations among regions is rapidly altered by interacting
neuronal activity, CTC and CFC could underlie task- and
context-dependent changes in functional connectivity
throughout the brain.

Dynamics of Choice Arise from Properties of
the Communication Substrate
Perhaps counterintuitively, coherent oscillations supporting
communication between regions do not necessarily improve
information processing between those regions and produce
associated facility in behavior. It is natural to expect greater
amplitudes in task-linked oscillations to be associated with
better communication and, thus, better task performance.
Almost paradoxically, though, high amplitude oscillations
are regularly associated with a lack of strong information
processing. For example, alpha amplitude increases in
visual areas when the eyes are closed and there is
(apparently) no visual attention. Also, conflict-related high
amplitude theta waves in medial frontal and subcortical
regions is linked to slow responses and poor performance
(Zavala, Zaghloul, & Brown, 2015).
In a computational model of the role of thalamocortical
loops in signal selection (Shea, Rodny, Warlaumont, &
Noelle, 2017), we found that this inverse relationship can
emerge from a trade-off between cognitive stability and
sensory signal integration. During periods of low conflict,
such as when a sensory stimulus is clearly distinguished
from its background, the strong stimulus input suppressed
background noise, leading to a stable selection of the signal.
During periods of high conflict, such as when the stimulus
was not clearly distinct from background noise, competition
caused
increased
oscillations,
promoting
greater
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communication. However, if the increased oscillations led
to conflict being quickly resolved, the oscillations then
rapidly faded. If conflict persisted, the oscillations remained
strong as the network failed to pull the signal from the
noise. Thus, in our model, the strength of oscillations is
inversely related to the neuronal network’s performance.

Figure 3: Architecture of a spiking neural network model of
thalamocortical signal selection. The network is based on
recurrent synaptic circuits which connect the thalamus,
cortex, and basal ganglia. Arrow-heads denote excitatory
pathways, circles denote inhibitory pathways. STIM =
stimulus, THL = thalamus, CTX = cortex, DA1 = Striatum
(Da1-Receptors), DA2 = Striatum (Da2-Receptors), STN =
Subthalamic Nucleus, GPI = Globus Pallidus Internal, GPE
= Globus Pallidus External (Shea, Rodny, Warlaumont, &
Noelle, 2017).

The model contained seven populations of leaky
integrate-and-fire spiking neurons and eleven synaptic
pathways comprising a recurrent thalamo-cortico-basal
ganglia circuit (Figure 3). Shaped input currents were
injected at the model thalamus to simulate a stimulus, and
these signal inputs were overlaid with random background
noise. Thalamic activity propagated forward through the
cortex and basal ganglia, where an off-center on-surround
inhibitory dynamic gave rise to neuronal competition. For
weak stimuli, the resulting competition was unstable, and
the excitatory-inhibitory recurrence of the network caused
neurons in every region to synchronize. For stronger stimuli,
suppression of background noise kept recurrent feedback
under control, allowing a stable representation of the signal
to emerge in the cortex (Figure 4).
The task performed by our model is simple: a signal,
represented as increased thalamic activity in a region of an
abstract neural map, is obscured by noise. The network
attempts to amplify the signal by suppressing the noise. This
reflects a single choice task: a Go task as opposed to a
Go/No-Go task. Although this task seems simpler than
many animal behaviors, very complex decisions can be
mapped onto such a signal selection mechanism through a
combination of affordance competition and serial
evaluation.
Many neural network models of two-alternative forced
choice tasks represent relevant features of the alternatives
simultaneously in two different populations of neurons, with

Figure 4: During each trial, the model is presented with a noisy bump-attractor stimulus for 2s. In trials with high
stimulus signal-to-noise ratio (SnR) (4 - 10 s above), the network selects the stimulus and inhibits background noise,
yielding a high evoked SnR. In trials with low stimulus SnR (0 - 4 s above), competition between signal and noise leads
to the emergence of oscillations. The local field potential (LFP) is modeled as the leak, excitatory, and inhibitory currents
of all neurons in a population inversely scaled by the distance to a fixed point in the population.
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choices also represented separately and in parallel. The
neurons representing the alternatives then compete through
recurrent projections, producing some form of a “winner
take all” dynamic (Usher & McClelland, 2001). This
approach is problematic when considering how it might
scale up to situations in which there are many more than
two options. It is unlikely that the brain is equipped with
parallel neural pathways for each possible choice in a large
and novel set, with inhibition appropriately configured to
cause the alternatives to compete when a choice is
presented.
A different account of choice involves serial evaluation.
Alternatives are represented and entertained one at a time,
with relative value information represented, and there is a
process of shifting from one alternative to the next, with
potentially many repeated considerations of a given choice.
Rather than making a parallel forced-choice, there is only an
“accept-reject” decision for the currently represented choice,
with acceptance resulting in the selection of that alternative
and rejection entailing continued serial consideration. This
account scales to multiple alternatives and is consistent with
the proposal that decision making capabilities of this kind
initially evolved in the context of foraging, where potential
choices (e.g. bushes that might contain good berries) are
considered serially, resulting in repeated “accept-reject”
decisions (Hayden, 2018).
There is increasing evidence that serial evaluation is used
in the brain. For example, Rich & Wallis (2016) recorded
ensemble spiking activity and local field potentials from the
orbitofrontal cortex, finding neurons representing the value
of options in a 2-alternative forced choice task, alternatively
encoding the value of one choice and then the other.
If input signals in our computational model are seen as
encoding value, perhaps with noise capturing a background
value standard arising from previously considered options,
then successful signal selection can be an “accept” choice,
while continued strong oscillations could drive a “reject”,
prompting input of another potential choice.
Our computational model of choice is incomplete. Any
form of attentional switching -- triggered by oscillations or
other factors -- is exogenous to the network. The model
illustrates how recurrent communication between cortical
and midbrain decision structures can support both signal
selection, and can promote oscillations necessary for
neuronal communication. Thus, prolonged “deliberation” in
such a circuit will give rise to more effective spike
propagation across a broader region of neural tissue.

Discussion
The problem of grounding cognitive processes in the
activity of the brain is at the core of cognitive science, yet
the mechanisms of brain function which are well understood
operate at a finer scale than what is relevant to behavior. In
investigating the neural mechanisms of serial decisionmaking, we have identified important abstractions, at
different scales, with which we can climb from spikes to
choices. We have proposed that synchrony is a fundamental

property of neuronal networks and argued that synchrony is
the primary mechanism of neural oscillation. There are
counter-arguments to this proposal, yet there is no
alternative which enjoys as much empirical support or as
robustly explains the bidirectional interactions of spikes and
brain waves. We also reviewed evidence that neural
oscillations which emerge from spike synchrony provide a
flexible, dynamic mechanism for selective communication
across spatial and temporal scales: an active substrate. We
then explored how this communication across recurrently
connected brain regions may underlie some of the cognitive
processes of choice.
Mental and behavioral phenomena occurring at the level
of human experience find their causes not only in brain
states, but in the interactions of brains, bodies, and
environments. Specific mental states, it might be argued,
emerge from these interactions. Much of the modern
understanding of neuronal activity has been developed at the
scale of individual cells, whereas it is likely that
qualitatively different properties emerge from brain-scale
collections of neurons. These possibilities invite criticism of
a pure reductionist account of cognition. Nevertheless, we
propose that our conceptual ladder, providing a multi-scale
perspective on neural phenomena, can help bridge the gulf
of understanding between brain and behavior. In our model
of signal selection, we have demonstrated that such a
reductive approach can provide insight.
Finally, we recognize that the precise mechanisms of any
decision task will certainly involve processes beyond those
discussed here. Nevertheless, much cognitive neuroscience
research operates solely at one scale, and we hope that this
limited exploration of choice highlights the benefits of work
at multiple scales. By tying the mechanisms of neuronal
activity to those of oscillatory interactions to those of largescale functional activity, we can begin to offer neural
accounts of behavior which extend beyond a single level of
abstraction. In ongoing work, we plan to explore these
possibilities.
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Abstract
Several computational methods have been proposed to
evaluate the relevance of an instantiated cause to an
observed consequence. The paper reports on an experiment to investigate the adequacy of some of these
methods as descriptors of human judgments about
causal relevance.
Keywords: Actual Causation, Relevant Cause, Counterfactuals, Bayesian Inference, Relevance Theory,
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Introduction
Causes play a central role in the way we conceptualize the
world. Seeking explanations of events, or, stated differently,
attributing responsibility for their occurrence, is common in
practically all human activities. Despite such widespread use,
however, there is yet no established model about how people qualify a cause as pertinent (literally, holding together)
to a specific event. As observed by (Glymour et al., 2010),
most psychological literature focuses on judgments of general causation (about causal regularities), or, when investigating actual causation (about situational interpretation), it focuses on specific applications like the perception of causation
and animacy in minimal “mechanical” settings—see e.g. the
overview in (Rips, 2011)—or on higher-level tasks, like the
attribution of moral responsibility. The logic-philosophical
literature, for its part, focuses for the most on finding and
incrementally resolving paradoxes on existing models, with
little concerns about practical settings. A similar situation
holds on the computational side, where several approaches
compete—with mixed results—for producing human-like inferences about causation. In this context, this paper aims to
assess the gap existing between theoretical models and empirical observations: it considers a short selection of methods
that offer means to compute the relevance of causes and it
investigates if these methods can produce outputs similar to
people’s responses collected in a dedicated experiment. For
better decomposition, the study bypasses the natural language
processing problem, and exploits a domain model for each
task, expressed in forms that can be automatically processed
by the methods to be evaluated.
The document consists of five sections: a brief overview of
the frameworks used as a basis for the study, presentation of
experiment, model, computation, and evaluation of results.

On causation and relevance
Counterfactuals The primary approach to actual causation, rooted in philosophy and logic, builds upon counterfactuals, a construct corresponding to the but-for test used

in law: “but-for” the event A, would the event B have occurred? If not (or if it did), A did (or did not) cause B. In this
form, it is well known that the method suffers from capturing all necessary elements for the generation to occur (without discriminating their relevance), and not the sufficient ones
(cf. the fire squad case: if the sniper who killed hadn’t shot,
the victim would have died anyway). Despite this practical
limitation, many formalizations of counterfactuals have been
proposed in the last fifty years, attempting to find an unified
account satisfying known and newly found paradoxes—see
e.g. the famous work of (Lewis, 1973), based on modal logic,
and the more recent account by (Hitchcock, 2001), based on
structural equations. The interest of these methods resides in
inferring, given a system of counterfactuals, other valid counterfactuals (except some paradoxical cases).
Bayesian inference Intuitively, part of the problem of the
lack of sensitivity of counterfactuals may be due to determinism. Turning to probabilistic methods, and in particular
Bayesian probability, a full research track investigates how to
explain why certain variables are observed in certain states;
see e.g. (Yuan, Lim, & Lu, 2011) for a reasoned overview.
Let us suppose to we are able to encode the domain model
in a Bayesian network (BN). Amongst the proposed choices
for computing the relevance of the occurrence of the event C
to the occurrence of event E, the most commonly used are the
likelihood p(E|C), as in maximum likelihood (ML) estimation, or the product p(E|C) · p(C) as in maximum a posteriori
(MAP) estimation. Alternatively, observing that the occurrence of a cause increases the possibility of occurrence of the
effect, we could capture the raise of probability by computing differences as p(E|C) − p(E) or p(E|C) − p(E|¬C), or
ratios of these terms. By dealing with co-occurrences, these
approaches can be seen as conflating causes to evidential supports. Interestingly, an experimental study on measures of
evidential supports by (Tentori, Crupi, Bonini, & Osherson,
2007) finds empirical alignment of human responses with respect to two measures:1
log

p(E|C)
p(E|¬C)

(1)

p(E|C) − p(E|¬C)
p(E|C) + p(E|¬C)

(2)

Returning to the causal domain, to avoid undesired effects—
like consequences that “cause” causes—additional machinery
is required, e.g. introducing time-related constraints in the
inferences—see e.g. (Williamson, 2009).
Alternatively, (Pearl, 2000) proves that there is strict connection between structural equations and Bayesian networks,
1 From a theoretical point of view, however, the authors argue that
(2) is the only one to satisfy desirable mathematical properties.
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and proposes an unifying notation—causal Bayesian networks (CBNs)—introducing an explicit do notation to distinguish interventions from standard probabilistic events. An
acknowledged problem with this method is that variables relevant to the computation may be unobservable (Zhang, 2008).
At a more fundamental level, however, the problem of
model adequacy, i.e. of which variables to include in the
model, concerns all these computational methods. Intuitively,
a cognitive basis might offer a more robust solution.
Relevance Theory Relevance Theory (RT) identifies general principles that are supposed to govern successful communication. A statement is said to be relevant if the addressee is
able to draw inferences from it. Since inferences may always
be produced from any statement, RT prioritizes those which
can be produced “effortlessly” (Sperber & Wilson, 1986).
This principle is supposed to guide listeners in determining
causal relations, as in the two following examples (Wilson &
Sperber, 1998):
(i) John dropped the glass. It broke.
(ii) I got caught. My best friend betrayed me.
According to RT, causality is inferred because it enriches the
context. In (i), the first statement is understood as a cause of
the second one, because such a material relation is easy to access from experience. In (ii), the friend’s betrayal could be the
consequence of the speaker’s having been caught. However,
the converse causality is preferred because it is more “accessible” (and the speaker would have expressed things differently to mean otherwise). It has been observed that notions
such as “effort” or “accessibility” are crucial for RT to make
predictions and yet remain external to the theory (Levinson,
1989): there is a risk that RT’s principles be bent to justify
any intuitively correct interpretation ex post facto.
Simplicity Theory Simplicity Theory (ST) has been introduced to account for interestingness, and offers an alternative definition of relevance (Dessalles, 2013). Relevant events
must be unexpected, which means that they can be presented
as more complex to generate than to describe. Cognitive complexities of generation and of description are measured as
minimum description lengths (MDL) (Chater, 1999). In particular, generation or world complexity (denoted with CW ),
generalizes the classical notion of (im)probability, as it computes odds without using set extensions. Considering two
events e1 and e2 , the complexity of their sequential composition (denoted by ‘∗’) is (chain rule):
CW (e1 ∗ e2 ) = CW (e1 ) +CW (e2 |e1 )

so CW (c) = 0. Thus, c is a relevant actual cause for e if the
generation complexity CW of e is smaller conditionally to c,
i.e. CW (e|c)  CW (e). A measure of relevance could then be:
CW (e) −CW (e|c)

Consider again example (ii). “I got caught” is relevant as
far as it can be perceived as unexpected: a complex set of
circumstances was supposed necessary for this outcome to
occur. The second statement “My best friend betrayed me”
appears as a relevant cause as far as it makes the minimal
causal path to being caught significantly shorter. Note that (4)
is more constraining than RT’s principles. It states both that
CW (e) is large and that c provokes complexity drop once taken
into account. When several causes are offered, the most relevant one should be the cause that provokes the largest drop.

Experimental test
Participants are asked to read five passages of a short story
and to rank the pertinence of answers to simple why questions
according to the scale NR: irrelevant, 1: low relevance, 5:
high relevance (same ranking allowed).2 They are instructed
to approach each answer as if it were the only answer produced by another locutor.
Passage 1 Johnny is 7 years old. In recent months his
mother has been worried because he developed a craving for
sweet things. She bought some pots of strawberry jam and
put them into the larder (a small room near the kitchen). Then
one afternoon she finds that Johnny has gone into the larder
and has eaten half a pot of strawberry jam.
Q1. Why is ”half a pot of jam gone”?
Q2. Why did ”Johnny eat the jam”?
Q3. Why did ”Johnny go into the larder”?
Each question had the same candidate answers:
a. because of Johnny’s gluttony
b. because Johnny ate it
c. because mother has put the pot in the larder
save the second answer of Q3:
b’. because johnny wanted to eat a pot of jam being there
Passage 2 The mother says: ”That’s naughty. In the future
you are never to enter the larder without my permission.” Several incidents then follow. First, Johnny gets a broom, hooks
the pot of jam from above the shelf without entering into the
larder and helps himself.
Q4. Why did ”Johnny use the broom to hook the pot”?

(3)

a.
b.
c.
d.
e.
f.

where CW (e2 |e1 ) is the conditional complexity of generating
e2 considering e1 already realized.
Neglecting effects due to description complexity, a relevant (tentative) explanation, according to ST, is any piece of
knowledge that diminishes generation complexity. The potential causal contribution of c on e is captured by CW (e) −
CW (e ∗ c). When dealing with actual causation, c is realized,

(4)

because Johnny wanted to take the pot
because of Johnny’s gluttony
because mother has put the pot in the larder
because mother forbade Johnny to enter the larder
because the broom was in the house
because of gravity

2 The story (the “legalistic child” case) is adapted from (Rissland
& Skalak, 1989), in turn revisiting (Twining & Miers, 1982) .
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M

Passage 3 Mother finds Johnny eating the jam, but he says
to her: ”I didn’t enter the larder”. Then another day, the cat
enters the larder and attacks the salmon which mother has
bought for a special occasion.

T

I

H

A

Q5. Why did ”the cat enter the larder and eat the salmon”?

Figure 1: Action-scheme as general model of action

Passage 4 Mother, upstairs, hears Johnny laughing. She
comes down to see Johnny standing outside the larder door
watching the cat eating the fish. ’I may not go into the larder’
he says.
Q6. Why did ”the cat enter the larder and eat the salmon”?
a.
b.
c.
d.
e.

because the cat was hungry
because mother has put the salmon in the larder
because the salmon was in the larder
because mother forbade Johnny to enter the larder
because Johnny made fun of mother

Passage 5 Finally, Johnny’s parents were out and Johnny
was watched by his usually iron-willed babysitter, Maggie.
Johnny’s parents forgot to tell Maggie anything about dinner.
Supper was late and Johnny was hungry. Johnny asked permission from the babysitter to enter the larder. She said OK.
Johnny feasted on jam. The questions were:
Q7. Why did ”Johnny enter the larder”?
Q8. Why did ”Johnny feast on jam”?
The candidate answers were for both:
a.
b.
c.
d.
e.

because he was hungry
because of Johnny’s gluttony
because Maggie granted him permission
because his parents forgot to tell Maggie about dinner
because supper was late

Domain model
Referring to the traditional terminology, each question specifies an explanandum (something which has to be explained),
each answer proposes an explanans or explanation for the explanandum. The test implicitly builds upon three roles: X, the
(virtual) person who asks the why question; Y , the (virtual)
person who gives the answer; and Z, the (actual) respondent,
who evaluates the response given by Y . In order to produce an
answer or to evaluate its relevance, Z requires a model of the
world in which the story has occurred. Such representation is
not required to be isomorphic with the input in all details, but
just to be an adequate synthesis.
General action-scheme All questions are about events—
for the most, actions performed by an agent. Analyzing
verbal reports of legal cases, (Pennington & Hastie, 1993)
found that explanations of human behaviour in legal decisionmaking converge to the following action-scheme—here in the
version proposed by (Bex & Verheij, 2011):
Motive ⇒ Intent ⇒ Action ⇒ Consequences

Q

F

a. because the cat was hungry
b. because mother has put the salmon in the larder
c. because the salmon was in the larder

To cover further cases, we considered additional elements
(Sileno, 2016, Ch. 7); motive is interpreted as a situation perceived by the agent, triggering a preexisting motivation and
producing an intent (here in the sense of specific desire); the
intent develops into a certain action (or a course of actions)
if coupled with perceiving the associated affordance and no
inhibition is put in place by other motivational components;
the action brings about a certain consequence depending on
the actual environmental disposition. The following model
components are then considered:
M
I
A
Q

motivation
intent
action
consequences

T
F
H

motive
affordance of I via A
inhibition of A

For instance, for a boy craving for sweets (M), the fact that
there is a jam pot (T ) “generates” a desire to eat that jam
(I). If he is already able to eat it (F), he just does it (A).
As a side effect, there will be less jam in the pot (Q). The
relative dependencies of the model components are illustrated
in the graph in Fig.1 (for simplicity perceptual with actual
affordance are aligned). Inhibition, specified using an emptycircle arrow, is a negative dependence: the absence of the
parent element enables the child element to occur.
Actions usually have consequences relevant to other actions. For instance the agent might need an additional action
A0 to bring about F (e.g. to go near the pot); in this case the
new action should be added in in A’s action model as a new
element •F, parent of F. Note however that the generation
of the affordance might be independent from the agent; when
the action is intentionally preparatory (i.e. part of a plan to
perform A), •F depends on I as well. Small case letters will
be used in case of ambiguities.
Passage 1 (Fig. 2) The central event for passage 1 is
“Johnny eating the jam”. Reading the propositional content
provided in questions and answers through an action-scheme
centered around this action, the following associations hold:
Q1 “half a pot of jam is gone” is a consequence (Q)
Q2, b “Johnny eats the jam” is the core action (A)
Q3 “Johnny goes into the larder” is a preparatory action
to perform the core action (•F)
a “Johnny is gluttonous” identifies the motivation (M)
c “mother has put the pot in the larder” is an event generating the motive starting the course of action (•T )
b’ “Johnny wanted to eat the jam” is the intent (I)
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Figure 2: Model of passage 1

Figure 4: Model of passage 4 (without the inhibitors, 3)
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Figure 5: Model of passage 5

f

Figure 3: Model of passage 2
Passage 2 (Fig. 3) The easiest way to eat the jam would be
to take it directly (t), however, the prohibition of the mother
to enter (He ) is inhibiting this easier action. Hooking the pot
(h) is an alternative plan. Then, using the broom (u) to hook
the pot (to eat the jam) is a nested preparatory action. The
presence of broom (b) is a necessary condition to perform it,
while gravity (g) is a necessary condition to hook the pot. Q4
(“use the broom to hook the pot”) cannot be modeled simply
as u, a possible option is the composite action u ∗ h.
Passages 3 and 4 (Fig. 4) The core action is the cat eating the salmon. Passage 4 brings to the foreground the nonintervention of Johnny. The boy is normally (n) expected
to stop the cat (s), overriding the prohibition issued by his
mother (•He ). Making fun of her ( f ) is a possible motivation
behind the anomaly. Q5 and Q6 are modeled as •F ∗ A.
Passage 5 (Fig. 5) The action is centered again around
Johnny eating jam. A new motivational state is added: hunger
(h)—caused by the supper being late (l), in turn a consequence of the lack of instructions by the parents ( f ). Hunger
does not enter directly in the action scheme, but only behind
the scenes, as the reason why Maggie gives permission (p) to
enter the larder (e), thus overriding the prohibition.

Computing relevance
The models in the previous section serve as a common ground
for a direct operationalization of the methods presented in the
introduction (except for RT, as it does not specify the notion
of “effort”; its comparative evaluation is then left as an open
question).

ement of our example is modeled as a binary variable associated to the occurrence or the non-occurrence of the event. The
associated set of deterministic structural equations would be:
I := M ∧ T
F := •F

A := I ∧ F
T := •T

Q := A ∧ F
• F := I

Each equation can be seen as encoding counterfactual information related to a causal dependence. Also in this case,
applying Hitchcock’s definition of active route for the determination of actual causes, we qualify positively all answers.
Same results are obtained with the other passages.
Bayesian inference The application of Bayesian inference
requires the domain model to be encoded in a Bayesian network. In principle, these graphs should be diagrammatically
very similar to e.g. Fig. 2. A practical problem arises for
deciding the parameters of the conditional probability tables.
Even acknowledging subjective probability (i.e. capturing degree or strength of belief ), it is not evident to provide solid
backup for these numbers. Nevertheless, this is a required
step to proceed with this method. With subjective estimations
as parameters, we have extracted the relevance measures defined in the introduction, obtaining the results on Table 1.
Simplicity theory The chain rule formula (3) enables us to
run through the models in search of the shortest path from
cause to effect. Path lengths are measured by the sum of
conditional complexities associated to the transitions and the
complexity of nodes with no parents required to proceed in
the path. Let us assume that all the dependencies belonging
to the general action-scheme (Fig. 1) carry similar complexity
of transition C0 . The graph implies:

Counterfactuals Applying informally the but-for test on
the model of passage 1, all answers qualify as causes. Following the formalization given by (Hitchcock, 2001), each el-
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CW (I) = CW (M) +CW (T ) +C0
CW (A) = CW (F) +CW (I) +CW (¬H) +C0
CW (Q) = CW (F) +CW (A|F) +C0 = CW (A) +C0

a

b

c

d

e

f

a

b

c

Q1
Q2
Q3
Q4
Q5
Q6
Q7
Q8

0.15
0.16
0.18
0.67
0.33
0.94
0.14
0.13

0.53
1
0.9
0.13
0.18
0.4
0.15
0.16

0.11
0.11
0.12
0.11
0.19
0.47
0.14
0.12

Q1
Q2
Q3
Q4
Q5
Q6
Q7
Q8

0.83
0.9
0.98
3.69
2.01
0.11
1.49
1.06

3.42
∞
4.17
0.42
1.01
0.08
1.28
1.34

0.23
0.26
0.28
0.11
1.18
0.08
1.47
1.04

d

e

f

p(E|C) · p(C)

p(E|C)

0.12

0.11

0.16
0.12
0.11

0.66
0.13
0.12

0.11

0.03
0.03
0.04
0.06
0.07
0.31
0.04
0.04

0.05
0.1
0.06
0.03
0.09
0.14
0.03
0.03

0.05
0.05
0.06
0.05
0.09
0.16
0.04
0.04

0.28
0.3
0.33
0.86
0.6
0.02
0.48
0.35

0.83
1.0
0.89
0.15
0.34
0.04
0.42
0.43

0.08
0.09
0.1
0.04
0.39
0.04
0.47
0.35

(1)

Q1
Q2
Q3
Q4
Q5
Q6
Q7
Q8

0.11

0.07

0.1

0.06
0.04
0.03

0.22
0.04
0.04

(2)

0.54
0.07
1.08
0.78

1.01

nan

0.1
1.27
0.91

0.18
0.06
0.36
0.26

0.34

c

Q1
Q2
Q3

CW (M)
CW (M)
CW (M)

CW (M) +CW (•T ∗ T ) +CW (F| • F) + 3C0
0
CW (M) +CW (•T ∗ T ) +C0 ≡ CW (I)

CW (•T )
CW (•T )
CW (•T )

a

b

c

d

e

f

Q4

CW (I) +CW (He ) +C0
a
b

CW (M)
c

CW (•T )

CW (He )
d

CW (b)

CW (g)
e

Q5
Q6

CW (M)
CW (M)
a

Q7
Q8

CW ( f ∗ l ∗ h)
CW ( f ∗ l ∗ h)

CW ( f ) +CW (•He ) + 5C0
d
e

c

CW (M)
CW (M)

CW ( f ∗ l ∗ h ∗ p)
CW ( f ∗ l ∗ h ∗ p)

CW ( f )
CW ( f )

3.5 ± 1.3
4.5 ± 1.0
3.1 ± 1.6
4.4 ± 1.1
4.1 ± 1.4
4.0 ± 1.5
3.8 ± 1.6
3.6 ± 1.7

4.5 ± 1.1
1.1 ± 1.8
3.8 ± 1.7
3.1 ± 1.6
2.4 ± 1.8
2.8 ± 1.7
2.9 ± 1.8
4.2 ± 1.3

0.7 ± 1.1
1.1 ± 1.3
3.7 ± 1.5
2.1 ± 1.7
3.5 ± 1.8
3.6 ± 1.7
4.2 ± 1.3
1.8 ± 1.7

Q1
Q2
Q3
Q4
Q5
Q6
Q7
Q8

0.01
0.41
0.3

b

b

c

nan

a

CW (•T ∗ T )
CW (•T ∗ T )

b

d

e

f

4.4 ± 1.2

0.9 ± 1.2

0.7 ± 1.0

0.6 ± 1.1
2.3 ± 1.5
1.9 ± 1.6

0.5 ± 1.0
2.5 ± 1.6
2.1 ± 1.7

Table 3: Ranking attributed to answers: mean ± st.dev.

Table 1: Relevance measures computed using Bayesian networks, with parameters: for passages 1, 2, 5, p(•T ) = 0.5,
p(M) = 0.2, p(•|PT ) = 0.2; for passage 2, p(He ) = 0.6,
p(b) = 0.9, p(g) = 1; for passages 3 and 4, p(M) = 0.2,
p(•T ) = 0.5; for passage 4, p( f ) = 0.1, p(He ) = 0.8; for
passage 5, p( f ) = 0.3.

CW (•T )
CW (•T )

a

CW ( f )

CW ( f ∗ l)
CW ( f ∗ l)

Table 2: Relevance strengths computed as drops of generation
complexity (C0 is the transition complexity of action-scheme
dependencies).
and then constraints as: CW (I) > CW (M) and CW (I) >
CW (T ), etc. Turning upon the passage models3 , by applying
(4) we obtain the expressions reported on Table 2, from which
we can extract similar constraints. Note how this analytical
form does not require to decide the parameters upfront.

Results
Empirical results The participants to our experiment were
102 individuals (54% female, 71% age 31-50), mostly European researchers, recruited via social networks. The test
was conducted online. Analyzing the responses, we initially
quantified the ranking of answers from 0 (irrelevant, NR) up
to 5 (highly relevant), as in the test. The average and standard
deviation of rankings are reported on Table 3. These measures are however not necessarily the most illustrative for our
study, as the resulting histograms have various shapes. We
then considered ordering decreasingly the participants’ rankings and reading the (minimal) ranking value attained by 51%
3 In a context in which A would occur if not inhibited by H:
CW (A|¬H) = C0 , the double inhibition B ( H ( A translates into
CW (¬H|B) = C0 +CW (B) and so CW (A) = 2C0 +CW (B).

a

b

c

4 (3)
5 (4)
3 (2)
5 (4)
5 (4)
5 (3)
5 (3)
4 (3)

5 (5)
0 (0)
5 (3)
3 (2)
2 (1)
3 (1)
3 (1)
5 (4)

0 (0)
0 (0)
4 (3)
2 (1)
4 (2)
4 (3)
5 (4)
1 (0)

d

e

f

5 (4)

0 (0)

0 (0)

0 (0)
2 (1)
2 (0)

0 (0)
3 (1)
2 (0)

Table 4: Minimal rankings for simple (qualified) majorities.
or 75% of the population. This method enables us to associate
to the selected value a majority (simple or qualified) for which
that answer has at least that ranking of pertinence. Table 4 illustrates that the relative ordering of such minimal rankings
is consistent passing from 51% to 75% of the population.
We have also extracted the relative ordering of the rankings given by individual respondents for each question, in
case there were cross-relations between answers that were
lost by the previous analysis. Even if respondents were instructed to consider options as independent, one can indeed
reasonably expect some repositioning effects due to the available choices. These relative orderings, reported on Table 5
(1 means ranked as most relevant by participants), are consistent with the previous results, although they lose information
about the relative gap of pertinence between answers.
Comparative evaluation As we can see on the tables, no
measure of Bayesian inference is fully consistent with our
experiments; likelihood and (1) are more aligned, followed
by (2). In all cases, we observe a pathological response for
Q2b (tautological answer). In many cases, even if the most
pertinent cause is correctly identified, the relative order between the answers does not follow the empirical results. This
may be due to a wrong choice of parameters or even to wrong
dependencies in the model. Unfortunately, the framework is
quite opaque to model correction tasks.
In contrast, the relevance measure computed via ST are
quite aligned to the empirical results, with fewer (constraints
on) parameters and at inferior computational cost. The irrelevance of Q2b is correctly captured. The relative ranking
of Q1 and Q2, in the plausible hypothesis that CW (M) 
CW (•T ) (the child being gluttonous vs putting jam in the
larder), is correct. Q4 is also aligned: a is necessarily the
most pertinent cause; d the second one, at the condition that
CW (He ) is sufficiently high (e.g. by considering a plausible
dependency of He w.r.t. M); b and c are consistent with the
previous ranking; e and f have low pertinence, because their
complexity is very low. For Q4 and Q5, consistency holds if
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Q1
Q2
Q3
Q4
Q5
Q6
Q7
Q8

a

b

c

1.7 ± 0.5
1.1 ± 0.4
2.0 ± 0.8
1.4 ± 0.6
1.3 ± 0.6
1.4 ± 0.7
1.9 ± 1.2
1.8 ± 1.0

1.2 ± 0.5
2.1 ± 0.7
1.4 ± 0.7
2.6 ± 1.2
2.1 ± 0.8
2.1 ± 0.9
2.7 ± 1.5
1.5 ± 1.1

2.8 ± 0.5
2.2 ± 0.5
1.6 ± 0.8
3.3 ± 1.3
1.5 ± 0.6
1.6 ± 0.8
1.5 ± 0.9
3.1 ± 1.2

d

e

1.5 ± 1.0

4.4 ± 1.1

3.5 ± 0.9
3.3 ± 1.3
3.1 ± 1.0

3.6 ± 1.1
3.1 ± 1.3
3.0 ± 1.1

f

the fundamental problem of contextualizing interpretation by
deciding the set of variables under study upfront. This study
was necessarily limited to models made by hand to test the
adequacy of methods; however, the positive confirmation of
good judgment prediction of ST theory is a strong motivation
towards automatizing the model construction process, by inverting the problem: an action-scheme is nothing more than
pertinent answers to a sequence of why questions.

4.6 ± 1.1

Table 5: Relative ordering per question, mean ± st.dev.
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Abstract
Previous research shows that performance is better when a high
pitch is responded with up or right responses and a low pitch is
responded with down or left responses, called the spatial-pitch
association of response codes (SPARC) effect. Despite the intuitive coupling of perception-action, studies investigating the
SPARC effect have, however, used feedback to manipulate the
stimulus-response mapping. Feedback contradicts the purpose
of intuitive stimulus-response mapping by enabling short-term
learning. This study primarily investigates the role of feedback
on SPARC effect. We believe that feedback can facilitate incongruent mapping and can, therefore, reduce the cost between
incongruent and congruent mapping resulting in a diminished
SPARC effect. Our results, however, show that feedback has
no influence on the SPARC effect indicating that long-term
associations can not be overcome by short-term learning due
to robust perception-action coupling. Further, unlike previous
studies, we observed a strong horizontal SPARC effect in nonmusicians as well.
Keywords: response selection, stimulus-response compatibility, cross-modal correspondence, pitch-space mapping,
SPARC effect, feedback, dimensional overlap, automaticity,
dual-route model

Introduction
Stimulus-Response Mapping is essential for an effective response selection which is important in the course of interaction between perception and action (Fitts & Deininger,
1954; Fitts & Seeger, 1953; Kornblum, Hasbroucq, & Osman, 1990). Research has widely referred to such mappings or correspondences between stimulus and response
as stimulus-response compatibility (SRC) effects. Such
stimulus-response mappings exist in stimuli, ranging from
non-spatial attributes such as color i.e. Simon effect (Simon,
1990), to spatial correspondence i.e. stimulus and response
sharing spatial coding such as pitch and number e.g spatialpitch or music association of response codes (SMARC or
SPARC) (Lidji, Kolinsky, Lochy, & Morais, 2007; Rusconi,
Kwan, Giordano, Umilta, & Butterworth, 2006) and spatialnumerical association of response codes (SNARC) respectively (Dehaene, Bossini, & Giraux, 1993). Research shows
that performance is better when stimulus and response share
a common coding than when they do not.
This study primarily addresses the cross-modal correspondence between pitch and space. Pitch-Space mapping was
first investigated by Pratt (1930) who showed that higher

pitches are perceived to originate from a higher position in
space and lower pitches from a lower position. Pitch is also
generally categorically referred to as “high” and “low” in
many languages. Such ubiquity of linguistic association between pitch and space across languages led Stumpf (2013)
to argue that pitch has no spatial characteristics and instead
effective linguistic cross-modal associations occur between
pitch and space. This has led to the argument that the crossmodal correspondence between pitch and space might be entirely due to language. Following Pratt (1930), other studies
(Mudd, 1963; Roffler & Butler, 1968; Trimble, 1934), employing explicit linguistic responses such as high, low, ascending, descending (also called pitch metaphors) also failed
to establish any intrinsic pitch-space mapping because of
the aforementioned arguments. However, studies such as
(Wagner, Winner, Cicchetti, & Gardner, 1981; Walker et al.,
2010) showed supporting results by employing the head-turn
paradigm indicating early development of pitch-space mapping and its automaticity in response. Such contradictory observations have led to subsequent investigations which aimed
to filter out spatial pitch metaphors.
Studies (Beecham, Reeve, & Wilson, 2009; Lidji et al.,
2007; Rusconi et al., 2006) have attempted to investigate the
spatial representation of pitch by employing SRC paradigm.
It seeks to remove the pitch metaphors by pairing pitch to
discrete response locations i.e. by looking into spatial association between stimuli (pitches) and response locations (up vs.
down & left vs. right). Hence, the task becomes a simple keypress task which does not require participants to use explicit
pitch-metaphors or visuo-spatial imagery in order to give responses. Their findings support the spatial mapping between
pitch and the associated response locations by showing better
accuracy and faster response times (RTs) when a high pitch
is responded with up or right response and a low pitch is responded with down or left response than vice-versa.
One of the cognitive foundations for SRC comes from the
seminal study by Kornblum et al. (1990). They proposed
a dimensional overlap model which refers to the fact that
SRC effect is caused by an overlap of dimensions or categories between stimulus and response. This dimensional
overlap can be caused not just by a similarity in physical cat-
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egories between stimulus and response but also when they
refer to the same coding. In the context of this study, we
assume that pitch and response location refer to the same
spatial coding that gives rise to SRC effects - referred generally as spatial pitch association of response codes (SPARC).
The model proposes that when stimulus and response in SRC
tasks share categories, then “elements in the stimulus set automatically activate corresponding elements in the response
set” (Kornblum et al., 1990). When the activated and instructed response coincide, it is called congruent or compatible mapping. When they do not, it is called incongruent or
incompatible mapping.
Traditionally, SRC has also often been explained by dualroute models (De Jong, Liang, & Lauber, 1994; Gevers,
Caessens, & Fias, 2005) which call for two parallel routes:
unconditional or automatic route and conditional or intentional route. According to the model, both routes are activated
on stimulus presentation. The unconditional route automatically activates the corresponding or the compatible response
whereas the conditional route is driven by task instructions.
If the automatically activated response matches the response
generated by the conditional route, the response is executed
relatively fast. On the other hand, if the automatically activated response is in conflict with the intended response, the
former is aborted and the program for intended response is
initiated and executed thereby resulting in increased latency
and decreased accuracy. This implies that there is a degree of
automaticity that is involved in such stimulus-response mappings. Moreover, it is also important to note here that these
categories or dimensions are learned over time and therefore
give rise to such automaticity and subsequently the SRC effects.
Due to the automaticity caused by long-term learning, it
becomes reasonable to assume that such SRC effects can be
intuitively expected and investigated without any explicit manipulation of training and feedback. Why is it expected that
feedback should not have been employed in SRC paradigm?
Feedback has been considered as an essential factor in learning and training for effective and efficient decision making
and knowledge and skill acquisition (Astwood, Van Buskirk,
Cornejo, & Dalton, 2008; de Groot, de Winter, Garcı́a, Mulder, & Wieringa, 2011; Hattie & Timperley, 2007). Studies
have shown that feedback enables conscious or unconscious
error corrections to change the course of any task performance. Positive feedback facilitates, whereas negative feedback inhibits the given task performance (Hattie & Timperley, 2007). Furthermore, it has been discussed, which of the
two: a positive or negative feedback is an effective feedback?
A study on lane-keeping driving simulation (de Groot et al.,
2011), investigating on-target compared to the off-target feedback, shows a different impact on an immediate lane-keeping
performance and a retention phase. No difference has been
observed between the on-target and off-target feedback on
lane-keeping performance. However, the off-target feedback
showed an advantage over the on-target feedback during re-

tention phase, indicating low sensory overload due to the constant feedback on every action. Previous findings show a relationship between learning and the nature of the feedbacks,
whether it is extrinsic (augmented) or intrinsic feedback, i.e.
embedded into the task itself (Anderson, 1994), its temporal
placement, i.e. appearing immediately or delayed by varying number of trials (Anderson, 1994; de Groot et al., 2011;
van Leeuwen, de Groot, Happee, & de Winter, 2011), and the
kind of modality, i.e. visual and audio or combination of the
two or proprioceptive feedback (Anderson, 1994; Goldberg
& Cannon-Bowers, 2015). The aforementioned studies indicate the importance of feedback in a novel task situation for
better learning and training. Therefore, it seems pointless to
employ feedback in case of skilled task performances, which
involve intuitive or automatic information processing such as
SRC effect.
Despite automaticity in pitch-space mapping, studies investigating SPARC effect (Beecham et al., 2009; Rusconi et
al., 2006) have used feedback to manipulate the stimulusresponse mapping. Based on previous findings, it can be
argued that feedback contradicts the purpose of intuitive
stimulus-response mapping. It enables short-term learning
and can, therefore, act as a strong confound. One could predict that this can cause short-term learning in the incongruent mapping. As elements in stimulus automatically activate
the corresponding elements in response, feedback might not
facilitate the congruent mapping as much as it might facilitate the incongruent mapping. Feedback might, therefore,
strengthen the conditional route and could subsequently lead
to a reduction of cost incurred between the incongruent and
the congruent mapping resulting in a diminished SPARC effect.
Considering the aforementioned factor, we found it pivotal to investigate the role of feedback on SPARC effect. We
hypothesize that if feedback enables learning then we will
observe a reduced SPARC effect in the feedback condition.
Both vertical and horizontal spatial representation of pitch is
tested.

Methodology
Participants
We recruited 28 (14 males) participants from International
Institute of Information Technology, Hyderabad for the experiment. All of them were non-musicians, right-handed and
reported normal hearing. The average age was 23.9 years
ranging from 18 to 29. The first language of the participants
was collected. As per the informal consultation with Speech
and Linguistic researchers, we found that unlike Mandarin or
Cantonese, Indian languages are not tonal. Hence we did not
expect any plausible effect of language. The mode of instruction in experiment was English.

Apparatus and Stimuli
Pure tones were used for the experiment and all tones corresponded to musical notes. The tones were generated in Au-
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dacity software (Mazzoni & Dannenberg, 2000). We had C4
(261.63 Hz) as the reference tone with target tones E3 (164.81
Hz), F3# (185.00 Hz), G3# (207.65 Hz), A3# (233.08 Hz)
as “lower” tones and D4 (293.66 Hz), E4 (329.63 Hz), F4#
(369.99 Hz), G4# (415.30 Hz) as “higher” tones. All tones
had a presentation time of 1000ms including 25ms rise and
fall times, shared a constant amplitude and were presented
via headphones (Sennheiser HD 202) at a comfortable listening level.

Fixation = 300ms

+

Reference Tone = 1000ms

+
Response

Target Tone + Response
= 1000 + 1300 ms

ISI = 300ms

Feedback Window = 750ms
(Absent in NoFeedback
condition)

Visual
Feedback

Design and Procedure

ITI = 1000ms
+

Figure 1: Schema of a single trial

colotto, 2002).

Results
Similar to Rusconi et al. (Rusconi et al., 2006), both accuracy
and mean correct RTs were analyzed using a 2×2×4×2×2
mixed ANOVA on the factors mentioned in design section.
RTs faster than 100ms were excluded on the assumption that
no motor habituation should be considered as a response.
Only correct trials RTs were included for the analysis. Both
the alignments (horizontal and vertical) were separately analyzed.

Vertical
Accuracy Analysis Overall accuracy was 90.1% (Feedback88.7% and NoFeedback- 91.6% ). The effect of distance
was significant showing higher accuracy [F(3,78) = 62.475,
p < 0.001] for larger distances; accuracy being significantly
less for distance “1” tone (1: 78.3%, 2: 93.7%, 3: 96.5%, 4:
95.7%). Figure.2 shows the dip in accuracy for close target
tones.
Feedback Congruent

Feedback Incongruent

NoFeedback Congruent

NoFeedback Incongruent

1
0.9

ACCURACY

We employed a 5 factorial mixed group design with 2 (Feedback: feedback vs. nofeedback) as between group × 2 (Pitch
height: low vs. high) × 4 (Distance from the reference tone:
1, 2, 3, 4) × 2 (Response Location: up vs. down or left vs.
right) × 2 (Arm position: arm vs. cross-arm) as within group
factors. The design was used for both vertical and horizontal
alignments. Participants were randomly assigned to the feedback and the nofeedback conditions. The experiment was divided into two sessions corresponding to two alignments with
half the participants starting with the vertical alighment while
the other half starting with the horizontal alignment. The order of arm position and mappings were also counterbalanced
across participants. Mappings, here, refer to the congruent
and incongruent conditions. Congruent condition is the result of compatible mapping of pitch height and response location i.e. higher pitch is paired with up or right response
while lower pitch is paired with down or left response. While
incongruent condition is the result of incompatible mapping
of pitch height and response locations i.e. higher pitch with
down or left response while lower pitch with up or right response.
The task was to compare the pitch of target tones with that
of the reference tone. Participants had to respond whether the
target tone was higher or lower in pitch than the reference and
they reported their judgment by pressing the following keys:
P or Q for the horizontal alignment; 6 or B for the vertical
alignment. Each trial had a fixation of 300ms which was succeeded by the presentation of the reference tone and target
tone one after the other. The inter-stimulus interval (time between the offset of reference and onset of target) was 300ms.
Response window began at the onset of target tone itself and
had an extra 1300ms, so that the participant had a total of
2300ms to respond. Feedback condition had an extra feedback window of 750ms which displayed the visual feedback:
“correct” or “incorrect”. The inter-trial interval was set at
1000ms. There were a total of 80 trials (10 presentations of
each target tone) in a block. Hence, there were a total of 320
trials in a session corresponding to the 4 blocks (2 arm position × 2 mappings). Both accuracy and speed were emphasized and participants were urged to take breaks between the
blocks. They performed the succeeding alignment after 24
hrs. Figure 1 shows schema of a single trial. Accuracy and
response time (RT) were the performance measures. The experiment was conducted in a soundproof room. It was run on
E-Prime psychology software (Schneider, Eschman, & Zuc-

0.8
0.7

0.6
0.5
-4

-3
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-1

1

2

3

4

TARGET - REFERENCE (TONES)

Figure 2: Accuracy as function of target tones in vertical
alignment
RT Analysis Overall mean correct RT was 618 ms (Feedback - 596 ms and NoFeedback condition- 641 ms). The ef-
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Figure 3: Mean RT difference between incongruent and congruent conditions as a function of target tones in vertical
alignment

Figure 4: Accuracy as function of target tones in horizontal
alignment

INCONGRUENT - CONGRUENT (RT)

Feedback

fect of distance was significant showing faster RTs [F(3,78) =
80.1, p < 0.001] for larger distances. Also, pitch height × response location interaction was significant [F(1,26) = 13.642,
p = 0.001] with congruent faster than incongruent by 51ms
indicating SPARC effect.
In both the analyses, feedback had no significant main effect. No main effects or interactions involving arm position
were found. Pitch height × response location interaction was
not significant in accuracy analysis.
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Horizontal
Accuracy Analysis Overall accuracy was 90.6% (Feedback:
89%, NoFeedback: 92%) The effect of distance was significant showing higher accuracy [F(3,78) = 64.433, p < 0.001]
for larger distances; accuracy being significantly less for distance “1” tone (1: 77.8%, 2: 92.3%, 3: 96.2%, 4: 96%).
Feedback × pitch height was significant [F(1,36) = 4.579,
p = 0.042]. Further post hoc analysis revealed that lower
pitches are significantly more accurate in NoFeedback than
Feedback condition (5.7% advantage over higher pitches, p =
0.009). Figure. 4 shows that particularly at “-1” target tone,
NoFeedback is more accurate (11.5% advantage over Feedback) independent of congruent conditions.
RT Analysis Overall mean correct RT was 605 ms (Feedback: 574ms, NoFeedback: 636ms). The effect of distance
was significant with faster RTs [F(3,78) = 72.199, p< 0.001]
for larger distances. Pitch height × response location interaction was also significant [F(1,26) = 9.442, p = 0.005] with
congruent faster than incongruent by 44ms indicating SPARC
effect. A significant main effect of arm position was found
[F(1,26) = 8.43, p = 0.007] with arm faster than cross-arm by
42ms. Feedback × distance × pitch height × response location approached significance [F(3,78) = 2.604, p = 0.058].
Further post hoc analysis showed that in Feedback condition,
only extreme target tones showed significant SPARC effect
(+4: 53ms, p = 0.05; +3: 70ms, p = 0.008; -3: 75ms, p =
0.013; -4: 75ms, p = 0.026) whereas NoFeedback showed
SPARC effect only at “-2” target tone (90ms, p = 0.001). This

Figure 5: Mean RT difference between incongruent and congruent conditions as a function of target tones in horizontal
alignment

can be easily seen in fig. 5. Feedback × arm position × pitch
height × response location was significant [F(1,26) = 7.414,
p = 0.011]. Post hoc revealed that in Feedback, arm condition
(uncross) shows SPARC effect for both high pitches (98ms,
p = 0.01) and low pitches (91ms, p = 0.004. In NoFeedback,
however, cross-arm condition showed SPARC effect only for
lower pitches (66ms, p = 0.015). Distance × arm position ×
pitch height × response location was also significant [F(3,78)
= 6.635, p < 0.001]. Further post hoc interestingly revealed
significant SPARC effect only for arm condition (uncross) albeit at extreme target tones (+4: 74ms, p = 0.026; +3: 66ms,
p = 0.016; -3: 101ms, p = 0.002; -4: 66ms, p = 0.031). Feedback had no significant main effect.
In both the analyses, feedback had no significant main effect. Pitch height × response location interaction was not
significant in accuracy analysis.

Discussion
SPARC Effect
Results show SPARC effect for both horizontal (44ms) and
vertical (51ms) alignments unlike Rusconi et al. (2006) which
showed (a) no SPARC effect in horizontal alignment and (b)
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vertical SPARC effect not just in RT but also in error analysis. The vertical SPARC effect has been consistently obtained across studies irrespective of musical training (Lidji
et al., 2007; Rusconi et al., 2006). However, many studies
including Rusconi et al. (2006) have found significant horizontal SPARC effect in musicians only and have attributed it
to their familiarity with the piano structure which has lower
pitches on the left side and higher pitches on the right side.
Our study, however, shows strong horizontal SPARC effect
for non-musicians as well. Lidji et al. (2007) suggest that
even non-musicians can have the piano as a referent or the effect could be biased by the writing direction. However, in
line with some other studies (Cho, Bae, & Proctor, 2012;
Nishimura & Yokosawa, 2009), we believe that the horizontal SPARC effect might be due to the orthogonal SRC
effect (Cho & Proctor, 2003). An orthogonal (vertical-tohorizontal) SRC effect is obtained when a vertically aligned
stimuli is coupled with a horizontally aligned response and an
advantage for the up-right and down-left pairing is observed
relative to the opposite pairing. The main effect of arm position in horizontal alignment resulting in higher RTs for crossarm condition was expected after the participants consistently
reported the uncomfortability of cross-arm position. Moreover, the significant interaction of distance × arm position ×
pitch height × response location showed that arm condition
(uncross) only contributed to the significance in SPARC effect.
There is no particular fixed pattern of SPARC effect across
the target tones in both the alignments unlike Rusconi et
al. (2006) which showed larger mean RT differences between incongruent and congruent for distant tones. In Figure 3, nofeedback seems to show vertical SPARC effect to
be increasing with the distance of target tones but not feedback. However, the effect was more pronounced with higherpitched tones than lower-pitched tones. In Figure 5, however, exactly the opposite seems to be true - in which horizontal SPARC effect is clearly stronger for the distant tones
than the closer ones in the feedback condition while nofeedback condition shows no such trend. In addition, the horizontal SPARC effect in feedback shows symmetrical pattern
w.r.t. the distance across pitches. The contradictory patterns
suggest that it is difficult to establish a clear-cut pattern of
SPARC effect w.r.t. distance of target tones. This, however,
is not expected in the purview of dimensional overlap model.
As suggested by Kornblum et al. (1990), dimensional overlap
varies in degree depending on the extent of overlap between
the shared attributes. It can therefore be assumed that dimensional overlap between pitch and response location will be
more in the distant target tones than close tones. Our results,
however, do not show this quite adequately. We, therefore,
argue in favor of categorical / propositional spatial representation (Kosslyn, 1994) compared to analog / coordinate spatial representation (Kosslyn, 1994). In addition, the current
results are consistent with Proctor and Cho (2006) finding,
which suggests that pitches are encoded as binary polarities -

(+) polarity for high pitches and (-) polarity for low pitches,
independent of their relative positions on the pitch spectrum.
In other words, if we consider pitch-response coupling as coordinate / analogous representation, i.e. mental pitch line as
suggested by Rusconi et al. (2006), then larger SPARC effect would be expected with distant compared to closer tones
with respect to the reference tone. However, we did not observe any significant difference in SPARC effect for distant
and closer tones. Therefore, it can be concluded that the
current result supports the categorical representation of pitchresponse coupling than analogous representation. This, however, also opens a new line of inquiry in the SPARC research.
Many studies (Cho et al., 2012; Lidji et al., 2007) have only
employed distant tones to investigate the pitch-space mapping
which fail to capture the varying degree of overlap spreading
across the pitch spectrum.

Feedback
Feedback, importantly, had no influence on SPARC effect.
Feedback could not influence the SPARC effect in vertical
alignment indicating towards a more intuitive spatial representation of pitch. This also reinforces the fact that performance in SRC tasks is largely influenced by the unconditional route due to automaticity. The automatic activation of
responses due to long-term learning can not be overcome by
short-term training. Dutta and Proctor (1992) demonstrated
the persistence of SRC effects with extended practice. This
leads us to question whether feedback is required in SRC
tasks such as SPARC effect. As feedback has no role in
modulating the SPARC effect, it might only result in sensory overload. We, therefore, propose that feedback should
not be employed in vertical SPARC effect because of strong
perception-action coupling between pitch and space.
In the horizontal alignment, Feedback × distance × pitch
height × response approached significance. Post hoc revealed
that significant SPARC effect came from the extreme tones
and only in the feedback condition. We do not have any robust explanation for this result as of now.
NoFeedback also showed a trend of better accuracy particularly at “-1” distance tone in both the alignments. We believe
that feedback resulted in sharing of confusion between closer
tones “+1” and “-1” which was absent in nofeedback as participants consistently underestimated the “+1” tone. One possible explanation is that the tones were not loudness equalized
which resulted in loudness acting as a confound to pure pitch
perception. This is to be investigated in our future work.

Conclusion
This study provides interesting results in the domain of pitchspace mapping literature. The novel findings are: a) no
influence of feedback on vertical SPARC effect indicating
strong pitch-space association due to long-term learning, and
b) dominant horizontal SPARC effect in non-musicians suggesting possible orthogonality effect (Cho & Proctor, 2003);
however the effect was limited to the feedback condition only.
Vertical SPARC effect, however, was expected as has been
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shown in previous research (Lidji et al., 2007; Rusconi et al.,
2006). Moreover, the asymmetric SPARC effect across tones
suggest for categorical spatial representation of pitch instead
of a coordinate representation.
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An Embodied Intelligent Tutor for Literal Concepts Recognition
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Abstract
We combine motion captured data with linguistic notions in a game-like intelligent tutoring system, in order to help
elementary school students to better differentiate literal from metaphorical uses of motion verbs, based on embodied information. In addition to the thematic goal, we intend to improve young students attention and spatiotemporal memory, by
presenting sensorimotor data experimentally collected in our motion capturing labs. Furthermore, we examine the accomplishment of games goals and compare it to curriculums approach. Sixty nine elementary school students were randomly
divided in two experimental groups (game and traditional) and one control group. Two way analysis of variance suggests
that the experimental groups showed progress in posttests, with game group showing remarkable progress especially in
the verbs/actions presented during the intervention. This finding was considered as a first indication of attentional and
spatiotemporal memorys improvement, while the games assistance features cultivated students metacognitive perception.
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The Development of a Generative Lexicon: Evidence from Instrument Verbs
Barbora Skarabela
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Abstract
Many words have multiple yet predictably related meanings. For example, in English and in other languages, the same
root morphemes can be used flexibly, to label an action and the instrument used to perform the action (e.g., we hammer
with a hammer and mix with a mixer). Previous findings indicate that four- and five-year-olds have formed abstract
generalizations about these patterns and use them to infer new word meanings, such that they expect a word that has
labeled an action to also label its instrument. But how do these generalizations develop? Across five experiments with
a large sample of English-speaking children, we show that in the third year of life, children begin to generalize words
between actions and instruments: e.g., they expect that if an action involving an instrument and patient has been called
pabbing, then a pab (or a pabber) will refer to the instrument. Additionally, we find that children of the same age also
spontaneously extend words between actions and instruments: e.g., if an action has been called pabbing, children indicate
that the instrument cannot be a neefoo, presumably because they think it should instead be called a pab or a pabber.
Critically, we show that these results do not depend on whether the new word labels an event for which children know
a word (e.g., hammering) or instead labels a novel event involving a novel instrument. These findings suggest that by
age three, children’s knowledge of lexical flexibility is generative and abstract, and may not be constructed through itemspecific learning.
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Robot-Based Gestural Intervention Prevents Delay in the Production of
Intransitive Gestures in Preschoolers with Autism Spectrum Disorder
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Abstract
Children with autism have impairments in communication and social interactions. Past studies have shown that robotbased
interventions are effective in improving their gestural use. The present study asked whether or not children with autism
could meet the level of gestural production found in age-matched children with typical development after intervention.
Four- to six-year-old children with autism in the intervention group (N = 15) took four training sessions in which they
imitated the gestures demonstrated by a social robot in various narratives. Age-matched children with autism in the waitlist control group (N = 15) and children with typical development (N = 15) received the training after the completion of the
research. Children with autism in the intervention condition produced gestures more accurately in the training and novel
stories than those in the wait-list control group in the posttests. Even more promising, the level of gestural production
accuracy in children with autism in the delayed posttest of novel stories was comparable to that in children with typical
development, suggesting that children with autism could catch up to the level of gestural production found in children with
typical development.
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Motivated Manipulators?
A NLP Analysis of Psychopathic Speech
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In previous research on the semantic content of speech
produced by psychopaths, Hancock, Woodworth, and Porter
(2013) transcribed interviews with individuals incarcerated
for murder in which they described the murder they
committed. They found that psychopaths used a greater
number of cause-and-effect descriptors, had a greater focus
on physical needs (food, drink, sex, etc.), used distancing
language, and had a greater number of disfluencies.
Furthermore, Hancock et al. concluded that psychopaths’
speech was less emotional and less pleasant than their nonpsychopathic peers. Recently, similar findings were
obtained through the analysis of PCL-R interviews (Le,
Woodworth, Gillman, Hutton, & Hare, 2017).
However, two studies by Gawda examining individuals
diagnosed with antisocial personality disorder (ASPD)
found a different pattern of results. ASPD is a disorder that
overlaps with the anti-social component of psychopathy.
Participants, were asked to write stories based on pictures
that displayed emotional scenes (Gawda, 2010). Contrary to
Hancock et al. (2013), Gawda found that the ASPD
individuals used more repetitions, pauses, and negations. In
a follow-up study, Gawda (2013) showed that individuals
with ASPD used a greater number of emotional words, and
words of a greater emotional intensity, than a control group.
Intriguingly, she also found that the antisocial individuals
used emotional words of an inappropriate valence for the
situation they were describing. Gawda argues that these
linguistic techniques are tools for persuading the listener.
According to Gawda, the use of repetitions, pauses,
negations, and intense emotional lexicon is a way
emphasizing certain statements, similar to an experienced
orator using these tactics for impact.
Several explanations are possible for why one group of
researchers found results that would seemingly contradict
the view that psychopaths are charming and manipulative,
while others found evidence that confirms the charming
view (albeit sampled from a population that did not have
identical characteristics; i.e., psychopathy versus ASPD).
One starting point for reconciling this discrepancy is to
consider how psychopathy is conceptualized in terms of
cognitive functioning. According to the bottleneck
hypothesis of psychopathy (Newman & Baskin-Sommers,
2012), the behaviours that are commonly associated with
psychopathy (e.g., impulsiveness, risk-taking, emotional
callousness, etc.) are predominantly the result of goaloriented behaviour supressing bottom-up processing. The
result of this response modulation error is that if a cognitive

Abstract
Psychopaths have long been associated with a unique ability
to manipulate others (Hare, 1999). According to the
“bottleneck” hypothesis of psychopathy (Newman & BaskinSommers, 2012), psychopaths’ cognitive abilities are directly
related to goal-directed behavior. To shed more light on
language production in psychopathy, two language
production studies were completed contrasting content and
fluency under different motivational and difficulty conditions.
Individuals high in psychopathy (HP) were less fluent but
maintained a more complex lexicon than their low
psychopathy (LP) counterparts when under high cognitive
load and low motivation. Yet when HP individuals were under
low cognitive load and high motivation, they were more
fluent, but used a less complex lexicon. Furthermore, the HP
group produced more emotional language in both conditions.
The results suggest that HP individuals’ language production
is inherently related to motivation and they attempt to balance
fluency and complexity when cognitive load is increased.
Keywords:
psycholinguistics,
production, NLP

psychopathy,

speech

Introduction

Psychopathy is a personality trait characterized by
emotional callousness, manipulative behaviours, parasitic
lifestyle, and antisocial behaviours. Psychopathic
individuals are also argued to be charming and manipulative
(Hare, 1999), allowing them to perpetuate their lifestyle.
Among other factors, the form, such as fluency, and content,
such as emotionality, of speech is a crucial component of
persuasion and manipulation.
Dual-process models of speech production suggest that
the creation of the abstract message to be conveyed, the
encoding of the message, and subsequent production, are all
discrete processes (Levelt, 2001). Due to its resource
intensive nature, the conceptual message formation stage is
affected to a greater extent by cognitive load than language
encoding. When message formation rate decreases due to
higher cognitive load, the production system begins to
compensate by producing disfluencies (silent and filled),
using simpler, easy to retrieve, words, and reducing the
complexity of the message by, for example, using shorter
sentences to convey each thought. Even though speech
production is a mature area of psycholinguistics, it has not
been studied in the context of psychopathy. This knowledge
gap hinders our understanding of what aspects of a
psychopaths’ speech is “charming and manipulative” and,
by extension, how their use of language differs from
individuals with few psychopathic characteristics.
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process is not directly related to the ongoing attainment of a
rewarding goal, it is inhibited.
Another possibility for the divergent results is variation
in the amount of cognitive load individuals are subjected to
in the experimental tasks. In Gawda’s (2010, 2013) studies
the use of written responses may have relieved much of the
cognitive load associated with the task. In contrast, the
requirement for a spoken response in the Hancock et al.
(2013) and Le et al. (2017) studies arguably imposed a
higher cognitive load.

Measures
Among other measures as part of a larger study,
participants completed the Self-Report Psychopathy Scale
III (SRP-III) (Williams, Paulhus, & Hare, 2007) short
version. A median split was used to divide participants into
LP (mean SRP = 36.75, SD = 5.66) and HP (mean SRP =
64.70, SD = 15.57) groups.

Stimuli
Visual stimuli consisted of six public domain images
depicting the emotional categories of anger, happiness, fear,
disgust, surprise, and sadness.

Present Studies
For the present studies we introduced the variables of
cognitive load and level of motivation. Our goal was to see
if we could reproduce the previous findings of Hancock et
al. (2013) and Gawda (2010, 2013).
In Study 1, a sample of undergraduate participants
produced spoken stories under very low motivation
conditions. We asked participants to a) provide a truthful
recollection of their own choosing; and b) provide us with
fictional stories based on each of Ekman (2003) basic
emotions. Participants dictated their stories into a
microphone with no observers present. In Study 1, the
dependent variables of interest were emotional content and
linguistic complexity. Following Gawda’s (2013) findings,
we hypothesized that the high psychopathy (HP) group
would produce speech content with more emotion words
than the low psychopathy group (LP), but that the valence
would be inappropriate for the emotion they were supposed
to portray. For switching from recall (low cognitive load) to
fictional stories (high cognitive load) we expected the HP
individuals would show a significant deterioration in the
fluency of their speech. However, we did not have a specific
hypothesis about the emotional content.
In Study 2, we analyzed recordings of PCL:YV (Forth,
Kosson, & Hare, 2003) interviews with incarcerated male
youths (Flight, 2004). We predicted that due to the higher
incentive for impression management in a forensic setting,
and reduced cognitive load due to the question-answer style
of the interview, the HP individuals would produce more
fluent language, that is not reduced in complexity, and that
it would have more emotional content.

Procedure
Participants were tested individually in a soundattenuated booth. Instructions, stimuli, and questionnaires
were presented on a PC using PsychoPy software (Peirce,
2007). Participants’ speech was recorded using a headset
microphone and Audacity software (Audacity-Team, 2016).
Each recording session was preceded and succeeded by a
one-second tone denoting the onset and completion of the
recording session. The study required approximately 75
minutes to complete.

Analysis
Speech Data
Speech recordings were manually segmented using
Audacity software to separate the recordings into different
emotional categories. Audio segments were trimmed to two
minutes in length to allow for inclusion of participants who
produced stories that were less than 4 minutes in length, and
to be able to compare the fictional stories with the
recollected stories. A total of 476 minutes of audio recording
was analyzed. The recordings were subjected to high-pass
and low-pass band filters of 500 Hz and 1 kHz, respectively,
to remove non-speech artifacts. Praat software (Boersma &
Weenink, 2016) was used to analyze the speech for silent
disfluencies. Silences were measured by a modified version
of a Praat script, originally created by Lennes (2017), set to
detect silences with duration greater than 200 ms and
intensity lower than 45 db. The 200 ms criterion for silent
disfluencies was based on work by Jameson et al. (2010).
Speech samples with less than 60 seconds of speech or fewer
than 50 pauses detected were manually reviewed. A decision
was then made to accept the results, or to reconfigure the
intensity threshold of silence. Typically, the results were
accepted, but some soft-spoken participants’ recordings
were reanalyzed with a threshold of 30 db. Syllables were
counted using the Syllable Nuclei Praat script (de Jong &
Wempe, 2009).

Study 1
Method
Participants
41 undergraduate students volunteered to participate in
exchange for course credit. From this original group, 7
participants were removed due to not following instructions,
leaving 34 participants (20 female) with a mean age of 20.9
(SD= 7.4) years. Of the remaining participants a large subset
(N=30) had the stories they produced transcribed verbatim.
Four participants were excluded based on the reduced
quality of their recordings. All participants self-identified
English as their primary language.

Semantic Content
Speech from 30 participants was transcribed verbatim,
including the filled disfluencies “um”, “uh” and “so”. The
number of words produced and the number of polysyllabic
words produced were also counted. For each word a rating
of emotionality, frequency and rank were assigned using
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custom Visual Basic scripts. The emotional valence of
words was obtained from the NRC Emotion Lexicon
(National Research Council Canada, 2011). Frequency and
rank values for all the words were assigned according to the
Frequency Words list for the 2016 OpenSubtitles dataset
(David, 2017). The truncated version containing the fifty
thousand most frequent words was used in the present
analysis. The OpenSubtitles dataset was chosen over more
traditional frequency lists because it is based on television
transcripts, which provide a much closer approximation to
spoken language than frequency lists based solely on written
texts. Furthermore, the words were not stemmed to allow for
the inherent complexity contributed by affixes.

stories, nor were significant differences observed between
the HP and LP individuals in the recall or the fictional story
conditions.

Polysyllabic Words
No significant main effect was observed for the number
of polysyllabic words produced as a function of all words
within participants (F(1, 28) = 0.15, p = .70, ηp2 = .01), nor
between participants (F(1, 28) = .50, p = .49, ηp2 = .02).
However, a significant interaction between psychopathy
level and the number of polysyllabic words produced as a
function of all words was observed (F(1, 28) = 4.57, p =
.041, ηp2 = .14). Follow-up pairwise comparisons showed no
significant within group differences when switching from
truthful recall to fictional stories in the number of
polysyllabic words produced for the LP individuals.
Furthermore, no significant group differences were observed
in the recall condition. However, as predicted, the HP group
(M = 0.066, SD = 0.009) produced significantly fewer
polysyllabic words as a function of all words produced in the
fictional story condition compared to the LP group (M =
0.077, SD = 0.0095); F(1, 28) = 10.99, p = .003, d = 1.21.

Results
Participants were divided into HP and LP groups using a
median split based on SRP scores. A series of mixed 2 (LP
vs HP; between) x 2 (truthful recall vs fiction; within)
ANOVAs were performed to test the hypotheses that the HP
group’s fluency and/or linguistic complexity would be
reduced when producing fictional stories relative to recalling
an actual, true event, but a similar trend would not appear in
the LP group. Specifically, we expected to observe in the HP
group: a reduction in the number words produced, a
reduction of polysyllabic words (3 or more syllables)
produced as a function of all words, an increase in silent
pauses, and an increase in verbalized disfluencies; we
predicted that LP individuals’ fluency and complexity would
not significantly change from recall to fiction. As per Rubin
(2017), who argues that family-wise error adjustments in
exploratory research is only needed when multiple tests of
the same hypothesis are performed, each specific hypothesis
was treated as a separate test with follow-up pairwise
comparisons’ significance criteria Bonferroni adjusted to
.0125 (.05/4). All reported alpha values are unadjusted.

Silent Disfluencies
A significant main effect was observed for the sum of
silent intervals within participants (F(1, 32) = 8.33, p = .007,
d = 0.49), with the recall condition containing significantly
fewer silences (M = 35.43, SD = 13.20) than the fictional
story condition (M = 41.49, SD = 11.47), but no between
participants (F(1, 32) = 1.20, p = .28, ηp2 = .04) main effect
was observed. Furthermore, a significant interaction
between psychopathy level and total silence was observed
(F(1, 32) = 4.48, p = .042, ηp2 = .12). Follow-up pairwise
comparisons showed no significant group difference in the
recall condition nor were significant differences observed
within the LP group when switching from recall to fictional
stories. A non-significant between-groups difference was
observed in the fictional story condition with the HP (M =
45.68, SD = 11.12) individuals producing more silent pauses
than the LP (M = 37.29, SD = 10.50); p = .031, d = 0.78.
Finally, as predicted, it was observed that HP individuals
had a significant increase in the total duration of silence
when switching from recall (M = 35.59, SD = 11.79) to
fictional stories (M = 45.68, SD = 11.12); F(1, 16) = 18.04,
p = .001, d = 0.48.

Gender
Male participants, on average, had higher SRP scores (M
= 56.1, SD = 15.7), compared to females (M = 47, SD =
19.4). However, this difference was not statistically
significant (F(1, 33) = 2.10, p = .16, d = 0.52), suggesting
that gender differences in psychopathy did not significantly
affect this study.

Words Produced
No significant main effect was observed for the number
of words produced across all story types (F(1, 28) = 2.62, p
= .12, ηp2 = .09), nor between HP and LP participants (F(1,
28) = .36, p = .55, ηp2 = .01). However, a significant
interaction between psychopathy level and story type was
observed (F(1, 28) = 4.97, p = .034, ηp2 = .15). Consistent
with our hypothesis, pairwise comparisons showed that the
HP group had a significant decrease in the number of words
produced between true (M = 311.7, SD = 76.9) and fictional
stories (M = 274.5, SD = 75); F(1, 16) = 7.95, p = .007, d =
.49. No significant change was observed when the LP
individuals were switching from truthful recall to fictional

Verbalized Disfluencies
For verbalized disfluencies, contrary to our hypothesis,
the omnibus test did not reveal any significant differences as
a function of psychopathy [F(1, 28) = 0.12, p = 0.79, ηp2 =
.04] or story type [F(1, 28) = 1.10, p = 0.30, ηp2 = .04], nor
was there a significant interaction [F(1, 28) = 1.04, p = 0.32,
ηp2 = .04].

Zipf’s Law
To further explore the finding that the HP group’s
fluency suffered due to the added cognitive load of creating
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a fictional story, we modeled the rank and frequency of all
the words produced by the HP and the LP groups in both
conditions (Zipf, 1950). For this analysis, articles and
disfluencies were removed from the corpus. The recall
condition showed virtually no distinction between the
regression slopes of the HP (β = -1.008) and the LP (β = 0.995) groups. However, contrary to our prediction, a model
of the fictional stories showed that the HP group had a
smaller deviation (β = -1.208) from the ideal of -1 than the
LP group (β = -1.243), suggesting that the set of words they
produced are a more optimal conveyer of information (Zipf,
1950).

For further analysis, we submitted the emotional
lexicons to a log-linear model to test if the HP group used a
cognitive trade-off between complexity and appropriateness
of emotional words, similarly to the trade-off they made
between fluency and complexity of words. Once again,
contrary to our hypothesis, the HP group (β = -1.337) and
the LP group (β = -1.350) had virtually no difference in the
slope of their regression lines. This finding suggests that the
emotional lexicon of the two groups does not differ in
complexity.

Conclusion
Study 1 findings provide mixed evidence for our
hypotheses. We found evidence that HP individuals are
affected to a greater extent by increased cognitive demands
in a low-motivation task relative to their LP peers. This
hypothesis was supported by the observed reductions in the
HP individuals’ use of polysyllabic words, and an increase
in silent disfluencies, as well as an overall reduction in the
number of words produced. However, we also observed that,
contrary to our hypothesis, HP individuals produce a more
optimal set of words in their fictional stories than did LP
individuals. Finally, we found that HP individuals produce
more emotional words, but we did not find that the emotions
they were expressing were “inappropriate”.

Emotional Lexicon
Based on the work of Gawda (2010, 2013), we
hypothesized that the HP group would produce stories of a
greater emotional intensity, but the emotional valence would
be less appropriate for the stimuli (e.g., being happy at a
funeral).
Congruent with our hypothesis, HP individuals produced
a significantly greater number (M = 32.5, SD = 5.7) of
emotional tokens in the truthful recollection condition
compared to the LP group (M = 24.2, SD = 4.9); t(28) = 1.86,
p = 0.037, d = 1.57 (See Figure 1).
A one-way ANOVA was used to determine if the HP
group produced more inappropriate emotions than the LP
group. Emotional appropriateness was operationally defined
as the ratio of target emotional tokens and the sum of the
other five emotional tokens. However, contrary to our
hypothesis, no significant group or individual differences
were present in the intensity or the appropriateness of the
emotions produced between the HP and the LP groups for
any of the emotional categories.

Study 2
Participants
Transcripts used in this study were derived from
interviews of individuals recruited in a previous study by
Flight (2004). Flight’s participants were sixty incarcerated
adolescent males who ranged from 16 to 20 years old (M=
17, SD=0.9) when interviewed. These individuals were
incarcerated in Ontario, Canada. From this original group of
60 participants, a subset of 31 was selected for inclusion in
the present study based on the audio quality of the
recordings.

HP

50

LP

Materials

40

20

The data in the present study were derived from 60-90
minute semi-structured interviews that were part of an
evaluation for psychopathy using the Psychopathy
Checklist: Youth Version (PCL:YV) (Forth, Kosson, &
Hare, 2003; Neumann, Kosson, Forth, & Hare, 2006).
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Analysis

30

Speech data from 31 participants were transcribed
verbatim by a team of volunteers. For each interview the
filled disfluencies “um” and “uh” were counted.
Furthermore, the number of words produced, and the
number of polysyllabic words (3 syllables or more)
produced was also counted. For each word, a rating of
emotionality, frequency and rank was assigned using custom
Visual Basic scripts. The emotional valence of words was
obtained from the NRC Emotion Lexicon (National
Research Council Canada, 2011). Frequency and rank
values for all the words were assigned according to the
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Figure 1. Total emotional tokens produced during each
story condition. Error bars indicate 95% confidence
intervals. TR = True Recall.
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Frequency Words list for 2016 OpenSubtitles dataset
(David, 2017).

An incidental finding showed a significant positive
correlation between emotional words produced as a function
of all words produced, and psychopathy scores for Facet 1,
interpersonal manipulation, (rs = .46, p = .015) and Facet 4,
antisocial behaviors, (rs = .40, p = .040). When the emotional
lexicons for the HP and the LP groups were subjected to the
log-linear model, no difference was observed, with LP
group’s regression slope being β = -1.276 and the HP
group’s slope being β = -1.275

Results
Fluency
Because the data were not normally distributed, we used
Spearman’s rho.
Congruent with our hypothesis, a negative relationship
was observed between psychopathy scores and the number
of verbalized disfluencies produced (rs = -.45, p = .019),
with the strength of the relationship increasing when
disfluencies were counted as a function of all words
produced (rs = -.52, p = .006). No significant relationship
was observed between psychopathy and the number of
words produced.
However, findings from analysis of the complexity of the
words used by the HP and the LP groups were contrary to
our hypothesis. First, it was observed that the polysyllabic
words, as a function of all words produced, were negatively
correlated with psychopathy scores (rs = -.42, p = .029).
Furthermore, when the rank and frequency of the words
were subjected to a log-linear model, the LP group had a
much smaller deviation of β = -1.338 from the ideal of -1,
compared to the HP group, with a regression slope of β = 1.432, suggesting that the HP group’s lexicon is less
complex.

Conclusion
We found mixed evidence for the hypothesis that HP
individuals, presumably under high impression management
pressure, would not experience speech production deficits
while producing more emotionally charged content.
Supporting this hypothesis, we found that HP individuals
produced fewer verbalized disfluencies. However, they were
observed to produce less complex content than their peers.
Finally, we observed that, congruent with our hypothesis,
the HP individuals produced a greater number of emotional
tokens.

Discussion
We conducted two studies to evaluate psychopathic
language under different conditions of cognitive load and
motivation. In Study 1, we sampled from an undergraduate
population and manipulated their cognitive load during
speech production under low motivation. In Study 2, we
sampled from an incarcerated population under high
impression management pressure. We hypothesized that
under all conditions the high psychopathy (HP) individuals
would produce more emotional content, but the fluency and
complexity of their speech would fluctuate as a result of
changing motivation and cognitive load.
In Study 1, we found evidence that the HP group’s
fluency deteriorates due to increased cognitive demands.
However, we found mixed evidence with regard to
complexity, with a significant reduction in polysyllabic
words supporting our hypothesis, but the results of log-linear
model contradict our hypothesis. Finally, we did find that the
HP individuals produced significantly more emotional
speech in the low cognitive load conditions, but this
difference disappeared when cognitive load was increased.
Study 2 replicated the finding that HP individuals produce
more emotional words. Similar to other studies (Hancock et
al., 2013; Le et al., 2017), we found that psychopathy is
positively related to the production of angry, and generally
negative emotional words. However, we also found that the
HP individuals produce more words related to disgust and
fear. Furthermore, we also replicated, contrary to our
hypothesis, the finding that psychopathy is negatively
related to linguistic complexity. Finally, we did find support
for our hypothesis that motivation makes HP individuals’
speech more fluent. We interpret this pattern of results as
suggesting that individuals high in psychopathy traits, when
motivated, produce more fluent and emotional language as a

Emotional Lexicon
Congruent with our hypothesis, a significant positive
correlation was observed between the total number of
emotional tokens produced and psychopathy scores (rs = .43,
p = .026); this relationship was also observed when the
emotional tokens were taken as a function of all words
produced (rs = .43, p = .026). Furthermore, a significant
positive correlation was observed for the specific categories
of anger (rs = .49, p = .009), disgust (rs = .38, p = .048), and
fear (rs = .42, p = .030). Overall, words with a negative
emotional valence were positively correlated with
psychopathy scores (rs = .43, p = .027).
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Figure 2. Proportion of emotional tokens produced as a
function of all words produced during PCL-YV interviews.
Error bars indicate 95% confidence intervals.
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manipulation technique, but are more vulnerable to
cognitive load than their low psychopathy peers.
We believe that one reason for the divergence between
our findings and those of Le and colleagues (2017), as well
as Hancock and colleagues (2013), is the use of varying
operational definitions. For example, Le and colleagues
considered a disfluency filler statements (e.g., “you know”,
“like”, etc.), whereas in our study we counted simple
statements towards reduced linguistic complexity. Another
possible source of divergence is the use of analytical tools.
For example, in the current study we used an emotional
dictionary that contained all 6 basic emotional categories,
whereas the dictionaries used in other studies primarily
focus on the distinction of positive and negative valence, as
well as other categories such as “anxiety”. Another source
of variance is that the analysis, and emotional dictionary,
used in our study did not stem words, so that “happy” and
“unhappy” would be rated as polar opposites. Other studies
did not include this information in their methods.
Limitations of this study include the absence of a high
motivation condition with high cognitive load. In the
absence of a manipulation of motivation in the HP group it
is difficult to infer the exact effect that motivation plays in
this group’s speech production. In addition, the range of
psychopathy in Study 1 was limited due to using a sample of
university students. Finally, studies of language use as a
function of personality characteristics are constrained by
small sample sizes that may cause undue sampling error,
which, in turn, may cause different studies to yield different
patterns of results.
Overall, we obtained results that are partially consistent
with previous work and with the theoretical mechanisms
proposed to account for the cognitive processes underlying
psychopathy (i.e., Response Modulation Theory and
capacity limitations in working memory). Clearly,
additional studies are required to resolve differences in
results across studies. Future work must focus on employing
consistent methods (types of participants, stimuli, and tasks,
as well as methods of speech content analysis) to clarify the
relationship between psychopathy and language use.
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Abstract
As demonstrated in previous studies, Alzheimer’s disease
leads to a degradation of vocabulary and communication skills.
Novels by writers who are known to have suffered from this
disease were compared with respect to their lexical richness
and syntactic complexity. Those written after the break-out
of the disease have shown to use a considerably smaller lexicon and a reduced syntactic complexity of the sentences.
This makes us assume that writings of individual authors can
be classified automatically into “pre-Alzheimer’s period” and
“Alzheimer’s period”. But the writing style of an author is
highly individual. Can we still detect whether any given novel
is written by an author who suffers from Alzheimer’s? To assess this, we use a corpus of novels by three well-known writers who were diagnosed with Alzheimer’s: Iris Murdoch, Terry
Pratchett and Agatha Christie. Using a mostly stylistic set of
features we are able to distinguish between novels written under the influence of the disease and novels written by healthy
writers with more than 82% accuracy. The classification of
the novels of a given author into “pre-Alzheimer’s period” and
“Alzheimer’s period” is accomplished with more than 86% accuracy. We also prove that our feature set is versatile enough
to be able to distinguish between authors in general and books
with high precision.
Keywords: Alzheimer’s Detection; Text Classification; Author Identification; Author Profiling

Introduction
Alzheimer’s disease is a degenerative brain disease and the
most common cause of dementia. It is the 6th leading cause
of death in the United States and kills more than breast and
prostate cancer combined. 1 out of 10 people aged 65 and
older suffers from Alzheimer’s, so it is quite clear that the
impact of the disease in today’s society is huge.1
The characteristic symptoms of Alzheimer’s are difficulties
with memory, language, problem solving and other cognitive
skills that affect a person’s ability to perform everyday activities. People with the disease have trouble following conversations, choosing the right vocabulary and articularing precisely
their ideas.
From the natural language processing point of view, the effects of Alzheimer’s can be assessed through the analysis of
the writing style of an author before and after the break-out
of the disease. Several studies in the past carried out such an
analysis on novels of well-known authors; cf., e.g., (Garrard
et al., 2004; Le et al., 2011; Hirst & Wei Feng, 2012), with
the conclusion that a clear decline in vocabulary richness and
syntactic complexity and an increase of repetitions after the
break-out of the disease can be detected in works during the
Alzheimer’s period. As a consequence, it can be expected
that supervised machine learning techniques will be able to
1 https://www.alz.org/facts/

distinguish between the works of an author written before and
after the break-out of the disease. However, a more intriguing research question is whether the language patterns of the
Alzheimer’s disease are generalizable, i.e., whether we can
identify if a novel (or text in general) has been written by an
author with Alzheimer’s or not.
In what follows, we show that indeed the individual works
of an author can be classified as belonging to their “preAlzheimer’s” or “Alzheimer’s” period and that a novel can be
also identified as being written by an author with Alzheimer’s
or by an author who does not suffer from the disease. In
order to explore further to what extent Alzheimer’s leads to
a change of style and (possibly also) to a thematic dispersion, we carry out another experiment, in which we automatically assign fragments of different novels to the corresponding novel and author. Furthermore, we analyze the distinctiveness of each feature, to get insight about how the disease
affects the style of the authors. Such analysis could be very
useful for the implementation of tests that analyze how the
writing style of a user changes with time and to warn users
when a decline is detected with the goal to detect the disease
early and to treat it as effectively as possible.
For our experiments, we retrieved novels from three
well-known authors, Iris Murdoch, Agatha Christie and
Terry Pratchett, who were extremely productive while being
healthy and also wrote some novels under the influence of the
disease.
The rest of the paper is structured as follows. The next
section reviews the related work. Then, we present the experimental setup, introduce the dataset, the selected features and
the results of the implemented experiments. The results are
discussed in a separate section. The last section draws some
conclusions and outlines our future work.

Related Work
Several works have studied how the Alzheimer’s disease affects language. Boyé et al. (2014) study the language of
Alzheimer’s patients in conversation contexts with known interlocutors. Conversations of five Alzheimer’s patients and
five control people are analyzed. The conversations are transcribed and lexical, syntactic and spoken features are extracted. The authors study how these features vary depending on whether the subject is a patient, or a control person.
The outcome shows that people affected by the disease use
fewer words, use more ‘yes’/‘no’ utterances and shorter utterances in general. Paulino and Sierra (2017) looked at interviews conducted with 7 Spanish Alzheimer’s disease patients.
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Rhetorical Structure Theory is used to analyze each dialog
turn. The results indicate that there are significant differences
in the number of rhetoric relations used by Alzheimer’s patients when compared to healthy individuals.
Luzzatti et al. (2003) study the results of a writing task
given to 23 Italian patients. The study shows that the subjects
presented impairment of surface dysgraphia (i.e., the patients
cannot access lexical knowledge, but still use phonologicalto-orthographic conversion rules correctly, misspelling irregular words), phonological dysgraphia (i.e., patients spell correctly words that they have known how to spell, but cannot
spell new words), and in some cases, agraphia (i.e., loss of
the ability to write). For further works on the evolution of
agraphia and language comprehension; see, e.g., (Cummings
& Benson, 1992; Houghton & Zorzi, 2003; Neils-Strunjas,
Shuren, Roeltgen, & Brown, 1998).
As already mentioned in the Introduction, some of the studies also analyzed the writings of well-known authors who
contracted the disease. See e.g., (Garrard et al., 2004) for
an analysis of the works of Iris Murdoch. The authors analyze the syntactic complexity, the lexical variety, the frequency of repetition and the usage of nouns, verbs, descriptors and function words in three novels: her first novel, a
novel on her prime, and the novel written under the influence of the disease. Her last novel appears to use simpler
syntactic structures and a more restricted vocabulary than
the other two studied novels. Le et al. (2011) and (Hirst &
Wei Feng, 2012) study lexical and syntactic changes in 26
novels by Iris Murdoch, 16 by Agatha Christie, and 15 by
P.D. James (who aged healthily). In this case, several features
are studied, namely how vocabulary size, repetition, word
specificity, use of passive and use of auxiliary verbs evolve
with the disease. The study also shows a clear decline of
Iris Murdoch in her last novel, and a more gradual declining
tendency in Christie’s last novels. (Fraser & Hirst, 2016) analyze the semantic changes in Alzheimer’s patients using vector space models. The authors train word representations using healthy control individuals and Alzheimer’s patients and
analyze the contextual differences of specific words. In conclusion, there are several works that analyze the evolution of
linguistic features, but there are none that actually try to automatically distinguish between texts written under the influence of Alzheimer’s and texts whose authors do not suffer
from Alzheimer’s. See also (Chaski, 2012; Koppel, Schler, &
Argamon, 2011; O’Brien, 2013) for more generic approaches
to authorship attribution using stylometric techniques.

Experimental Setup
In this section, we present the setup of our experiments. We
first introduce the corpus on which we carried out the experiments and then the classification features that are used. In the
last subsection, we present the experiments and their results.

Dataset
Our corpus is composed of fragments of books by three authors who are assumed to have suffered from Alzheimer’s,

namely Iris Murdoch, Agatha Christie and Terry Pratchett.
For each author, the same number of books written while
healthy and under the influence of Alzheimer’s have been
selected. Each selected book is divided into 300 instances.
Depending on the total length of the book, the instances may
contain a variable amount of sentences. We ensure that each
instance contains full sentences (we do not split sentences between instances).
For Agatha Christie, the selected books are the following: Curtain, Elephants can remember, and Sleeping Murder (written while with Alzheimer’s) and Mysterious Affair at
Styles, Murder on the Orient Express and The Burden (written while healthy); for Iris Murdoch: Jackson’s Dilemma
(written while with Alzheimer’s), and The Sea (written while
healthy); for Terry Pratchett: Discworld’s 36-37-38-39 (written while with Alzheimer’s) and Discworld 1-2-5-6(written
while healthy). The main reason behind the prominence of
Terry Pratchett in our corpus is that he was diagnosed earlier and was able to write more books while suffering from
Alzheimer’s. Iris Murdoch wrote only one book under the
influence of the disease, and even if Agatha Christie has
never been officially diagnosed with Alzheimer’s, there are
clear signs that her last books were much simpler, which
has been associated with the neurological decline caused by
Alzheimer’s; see e.g., (Le et al., 2011; Hirst & Wei Feng,
2012).
Our dataset is thus not completely balanced: 2400 instances are texts by Terry Pratchett, 1800 by Agatha Christie
and 600 by Iris Murdoch. However, as we will see later, this
does not affect the performance of our classifier.

Feature Set
We implement our experiments as supervised machine learning problems in which a set of features is extracted to characterize an instance with respect to its label. We use Weka’s implementation of LibSVM (Hall et al., 2009) with a linear kernel for classification and 10-fold cross validation in order not
to be biased by the selection of a training respectively test data
subset. The feature set is composed of six subgroups of features introduced below; for their extraction, we use Python’s
natural language toolkit and Bohnet and Nivre (2012)’s dependency parser. Raw text is converted into multidimensional
vectors, where each dimension is a feature.
The feature set is composed of six subgroups of features
introduced below.
Character-based Features are composed of the ratios between upper cased characters, periods, commas, parentheses,
exclamations, colons, number digits, semicolons, hyphens
and quotation marks and the total number of characters in
a text.
Word-based Features are composed of the mean values
of characters per word, vocabulary richness, acronyms, stopwords, first person pronouns, usage of words composed by
two or three characters, standard deviation of word length and
the difference between the longest and shortest words.
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Sentence-based Features are composed of the mean number of words per sentence, standard deviation of words per
sentence and the difference between the maximum and minimum number of words per sentence in a text.
Dictionary-based Features consist of the ratios of discourse markers, interjections, abbreviations, curse words, polar words (positive and negative words using the polarity dictionaries described in (Hu & Liu, 2004)) and emotion words
with respect to the total number of words in a text. The emotion word features are computed using a publicly available resource called “Depeche Mood”, which provides dictionaries
that contain words that evoke the following emotions: fear,
amusement, anger, annoyance, indifference, happiness, inspiration and sadness; for more information, refer to (Staiano &
Guerini, 2014). For each one of these emotions, two features
are computed: the mean number of words per text that correspond to each specific emotion and the percentage of the
emotion words that belong to that particular emotion. The
mean ratio of emotion words per text in general is also computed.
Syntactic Features Three types of syntactic features are
distinguished:
1. Part-of-Speech Features are given by the relative frequency of each PoS tag2 in a text, the relative frequency of
comparative/superlative adjectives and adverbs and the relative frequency of the present and past tenses. In addition
to the fine-grained Penn Treebank tags, we introduce general
grammatical categories (such as ‘verb’, ‘noun’, etc.) and calculate their frequencies.
2. Dependency Features reflect the occurrence of syntactic dependency relations in the dependency trees of the text.
The dependency tagset used by the parser is described in
(Surdeanu, Johansson, Meyers, Màrquez, & Nivre, 2008).
We extract the frequency of each individual dependency relation per sentence, the percentage of modifier relations used
per tree, the frequency of adverbial dependencies (they give
information on manner, direction, purpose, etc.), the ratio of
modal verbs with respect to the total number of verbs, and the
percentage of verbs that appear in complex tenses referred to
as “verb chains” (VCs).
3. Tree Features measure the tree width, the tree depth and
the ramification factor of the tree. Tree depth is defined as
the maximum number of nodes between the root and a leaf
node, the width is the maximum number of siblings at any
of levels of the tree, and the ramification factor is the mean
number of children per level. In other words, the tree features
characterize the complexity of the inner structure of the sentences. These measures are also applied to subordinate and
coordinate clauses.
Analyzing how these metrics evolve with respect to the
health status of an author can give us an idea on whether the
complexity of the syntactic structures decreases as the disease
2 We
use
the
Penn
Treebank
http://www.ling.upenn.edu/courses/
Fall 2003/ling001/penn treebank pos.html

progresses or not.
Lexical Features (or content-dependent features) are used
to complement our mainly structural/stylistic features. This
group contains the frequencies of the 50 most frequent words
of our corpus.
Our full set of features consists thus of less than 200
features, which, compared with most of the state-of-the-art
works on author identification/profiling and on text classification in general, is rather low (and still obtains state-of-the-art
performance). Earlier versions of the feature set have been
successfully used in several tasks (see e.g., (Soler-Company
& Wanner, 2017b, 2015, 2017a)), and we believe that the current version is general enough to tackle different tasks effectively, so it is an appropriate fit for the problem at hand.
To contrast the performance of our feature set, two baselines are chosen. The first one is very simple, the majority
class baseline, which classifies every instance as the class
with more instances in the corpus, showing how challenging
an experiment really is. The second one is a token bigram (sequences of two consecutive words) baseline, which uses the
frequencies of the most frequent 100, 300, 500, 700 and 900
bigrams for classification. We also considered using trigrams
and 4-grams, but their performance was worse than that of
bigrams in all cases, so they were discarded.

Experiments and Results
We carried out several experiments. The first batch of experiments aims to identify, given a text instance, the author, the
book and whether the author of the text has Alzheimer’s or
not. In these experiments, the full dataset is used. The second
batch of experiments tries to distinguish between each author
when healthy vs. the same author when ill. In each experiment from the second batch, only instances of the specific
author are used. For each experiment, we present the performance of our full set of features, of each feature group by
itself and of both baselines.
The results of the first batch of experiments are shown in
Table 1.

tagset
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Table 1: Results of the first set of experiments.
Features Used
Full Set
Character-based
Word-based
Sentence-based
Dictionary-based
Syntactic
Lexical
Majority Class
Token 2-gram 100
Token 2-gram 300
Token 2-gram 500
Token 2-gram 700
Token 2-gram 900

Author Id
96,39%
69,75%
83,44%
61,65%
71,58%
94,71%
57,45%
50%
80,23%
84,15%
85,87%
89,47%
90,87%

Alzheimer’s Id
82,21%
64,91%
70,60%
60,85%
65,56%
73,83%
54,47%
50%
68,44%
72,52%
74,60%
76,66%
78,01%

Book Id
73,02%
35,04%
42,65%
19,25%
33,33%
55,15%
19,98%
6%
33,27%
40,39%
48,06%
52,94%
57,35%

The results of the second batch of experiments are presented in Table 2.
Table 2: Results of the second set of experiments.
Features Used
Full Set
Character-based
Word-based
Sentence-based
Dictionary-based
Syntactic
Lexical
Majority Class
Token 2-gram 100
Token 2-gram 300
Token 2-gram 500
Token 2-gram 700
Token 2-gram 900

Iris Murdoch
98,50%
82,33%
87,17%
68,67%
74,50%
89,51%
75,83%
50%
85,67%
87,01%
88,55%
90,19%
90,66%

Agatha Christie
86,00%
72,67%
68,51%
59,33%
66,50%
76,89%
71,61%
50%
64,50%
65,17%
65,94%
65,39%
69,17%

Terry Pratchett
94,50%
76,63%
85,00%
69,29%
76,50%
86,21%
67,13%
50%
83,71%
85,63%
85,33%
87,95%
88,78%

Discussion
Table 1 shows the performance in the first batch of experiments. It can be observed that the performance of our full set
of features is competitive, achieving more than 96% of accuracy in author identification, more than 82% in Alzheimer’s
identification and finally, in the most challenging experiment,
the book identification case (where the majority class baseline is only 6%), 73,02%. In each case, the classifier with our
features is able to outperform the baselines. The table also
shows the performance of each individual set of features in
each experiment. Some conclusions can be drawn from the
performance of the individual feature groups. In all cases, the
syntactic group of features performs best; it is also the largest
group, and the one that best characterizes the writing style
of the authors, without analyzing specific choices of words.
We see that the baseline achieves good performances in author and Alzheimer’s identification, but has a harder time in
the book classification case. It needs to be noted that the best
performances of the baseline involve the use of 900 features,
which is a much larger number of features compared to our
feature set. We can also observe that the lexical features are
not very effective by themselves and that word-based features
obtain competitive performance in author and Alzheimer’s
identification, which can be due to the fact that this group of
features analyzes the characteristics of words and the vocabulary richness of the authors, one of the characteristics that
can directly be related to the cognitive degradation that the
disease causes.
Figure 1 shows the confusion matrix of the book identification experiment. In general, this matrix shows that the
feature set captures effectively the style of an author and that
books by the same author are often confused between each
other, while books by different authors are confused very infrequently. More specifically, the matrix indicates that Discworld 36 and 37 and Discworld 38 and 39 are often confused
between each other. It is also notable that even though Discworld 37 is often confused (in particular) with 36, 38-39 and

6 (not as frequently), it is never confused with Discworld 1
and 2, and only once with Discworld 5. This shows a clear
evolution of the writing style of Terry Pratchett during the development of the saga. It also shows that books written under
the influence of Alzheimer’s are stylistically similar enough
to be confused with each other often. The case of Iris Murdoch shows that the book written with Alzheimer’s and the
one written while healthy are confused only in two cases,
which shows how different stylistically these two books are.
The books by Agatha Christie are mostly confused between
each other, which shows the consistency of the style of the author even with the disease. In other words, the style of some
authors tends to change significantly or become less distinctive from work to work during the period they suffered from
Alzheimer, while the style of others remained stable.
Table 2 shows the performance of the second batch of experiments. This experiment aimed to distinguish between the
writings of the same author when healthy and when ill. The
table shows that the performance of our classification is rather
competitive in this case as well, with more than 86% of accuracy in all cases. In the Iris Murdoch case, we obtain an
accuracy of 98,50%, which is almost perfect. This can be
due to the fact that there are only 300 instances per class in
this case and the two selected books are very different stylistically. However, looking at the performance of the Terry
Pratchett experiment, we can see that we obtain 94,50% of accuracy while distinguishing books from the same author and
saga, sharing themes, characters, and universe, which makes
the classification task much more challenging. In all cases,
we outperform the baselines by a large margin.
One of the main advantages that our (mainly) stylistic features have against other feature sets such as word embeddings, bag-of-words approaches or other content-based features, is that we can analyze the values of many different linguistic features in different settings. This analysis can provide
very valuable information on the effects of the disease on the
writing style of the analyzed authors. Computing the information gain of the features in each one of the Alzheimer’srelated experiments, we can see the features that were the
most relevant for the classification. Table 3 shows the 10 most
distinctive features in each of the Alzheimer’s-related experiments. Features with ‘SYNPOS’ as prefix represent part-ofspeech frequencies, the ones with ‘SYNDEP’ are dependency
relation frequencies and ‘SYNSHAPE’ are shape-based metrics of the dependency trees
For convenience of the reader, we list the definitions of
these features:3
• SYNPOS POS: Word with possessive ending,
• SYNDEP PRT: Particle (dependent on verb),
• SYNPOS WP: Wh-pronoun,
• SYNPOS RP: Particle,
3 For the definition of the full list of dependencies, see (Surdeanu
et al., 2008).
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Figure 1: Confusion matrix of the book identification experiment.
Table 3: 10 features with more information gain in every Alzheimer’s-related experiment.
Alzheimer’s Id
SYNPOS POS
SYNDEP PRT
SYNPOS WP
SYNPOS RP
SYNDEP OPRD
SYNPOS MD
SYNPOS VBP
SYNDEP SUB
SYNDEP MNR
SYNPOS WRB
• SYNDEP OPRD:
ing/control verb,

Iris Murdoch
SYNDEP compVerbRatio
SYNDEP MNR
SYNDEP APPO
SYNPOS RP
SYNDEP PRT
SYNDEP DIR
SYNPOS WRB
SYNPOS WP
SYNPOS POS
SYNDEP LOC

Predicative

complement

of

rais-

• SYNPOS MD: Modal verb,
• SYNPOS VBP: Verb, non-3rd person singular present,
• SYNDEP SUB: Subordinated clause,
• SYNDEP MNR: Adverbial of manner,
• SYNPOS WRB: Wh-adverb,
• SYNDEP compVerbRatio: ratio of composed verbs vs. total number of verbs,
• SYNDEP APPO: Apposition,
• SYNDEP DIR: Adverbial of direction,
• SYNDEP LOC: Locative adverbial,
• SYNDEP IM: Infinitive verb (dependent on infinitive
marker to),
• SYNPOS VBD: Verb, past tense,
• SYNPOS VBG: Verb, gerund or present participle
• SYNDEP AMOD: Modifier of adjective or adverbial,

Agatha Christie
SYNPOS VBP
SYNDEP OPRD
SYNDEP IM
SYNDEP compVerbRatio
SYNDEP MNR
SYNPOS MD
SYNPOS VBD
SYNDEP LOC
SYNPOS VBG
SYNDEP AMOD

Terry Pratchett
SYNDEP OPRD
SYNDEP IM
SYNDEP SUB
SYNPOS PRP$
SYNPOS MD
SYNPOS POS
SYNDEP APPO
SYNPOS VBP
SYNDEP MNR
SYNPOS WP

the full set of features. As we see, all of these features are
syntactic, showing that the analysis of the syntactic traits is a
good way to measure the stylistic evolution of an author. The
first non-syntactic feature that appears in this feature ranking
is the vocabulary richness, which is also a good indicator of
the lexical variety that an author shows throughout different
moments of his/her career. If we analyze the specific syntactic features that are distinctive, we see that for the general
case (Alzheimer’s Id) and for the case of Terry Pratchett, the
number of subordinate clauses is very distinctive. This could
mean that complex structures such as subordinate clauses
are found more scarcely in the texts written by authors with
Alzheimer’s. Other features such as the ratio of composed
verbs and the usage of adverbial dependencies (which indicate manner, location, direction, etc.) are also very distinctive. The ratio of composed verbs and the usage of adverbial
dependencies are features that indicate that a text gives detailed, precise explanations (specifying locations, manners,
directions, purpose, or extent) and uses complex verb structures. A decline of these features could indicate a decline of
the writing style of the author.

• SYNPOS PRP$: Possessive pronoun.

Conclusions and Future Work

Note that the features that are displayed in Table 3 show
the most distinctive features in each experiment considering

This paper presents classification experiments on the distinction between the writings of authors with Alzheimer’s and
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healthy authors. We show that it is possible to differentiate
between the writings of the same author with and without the
disease very effectively, and even more: that it is possible to
identify whether a novel has been written by an author who
suffers from Alzheimer’s or by an author who does not. Our
book identification experiments, in which we assigned isolated text instances to specific novels, have shown that the
style of a writer may change with Alzheimer’s and become
less distinctive from work to work or remain stable. Further,
broader studies are needed to investigate this issue in more
depth.
From the perspective of feature engineering, we analyze
the features that are most distinctive in all Alzheimer’s disease classification experiments, showing the relevance of syntactic features in the experiments and relating them to the development of the disease. We also analyze the confusions that
emerge from the book identification experiment, which prove
that with the chosen features we are effectively capturing the
writing style of the authors.
In the future, we plan to expand this work using data from
patients to see whether these stylistic patterns also appear
in non-literary texts. We also plan to explore different feature sets and approaches, using texts written in different languages.
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Abstract
A single concept can manifest in many varied forms,
depending on the context in which it is activated. That is,
concepts appear to be flexible rather than static. Here we
implement a compositional model of conceptual knowledge in
which basic-level concepts are represented as graph
theoretical networks, with the specific goal of quantifying
conceptual flexibility. We collect within-concept statistics
using online participants, construct network models, and
validate these models in a classification analysis. We then
extract network measures and find that network diversity and
core-periphery structure correspond to conceptual flexibility
and stability, respectively. These results suggest that a
compositional network model can be used to extract formal
measures that are interpretable and useful in the study of
conceptual knowledge.
Keywords: conceptual
flexibility, semantics

knowledge,

network

science,

Introduction
The APPLE information evoked by “apple pie” is
considerably different from that evoked by “apple picking”:
the former representation is soft, warm, and wedge-shaped,
whereas the latter is firm, cool, and spherical. Though APPLE
is considered to be one basic-level concept, its information
content can be flexibly adjusted to reflect contextual
demands. This conceptual flexibility enables concepts to be
represented in varied and fluid ways, a central characteristic
of the semantic system that has not yet been captured in a
formal model of conceptual knowledge.
Perhaps the most basic form of conceptual flexibility is
that a single concept has many distinct sub-ordinates that
differ from each other. The concept APPLE can be
instantiated as a Granny Smith or as a Macintosh, and either
one can easily be brought to mind. But even a representation
of a single token of APPLE can be flexibly adjusted:
activated properties might be RED and ROUND while
shopping, whereas they might be SWEET and CRISPY while
eating. A concept can also be represented in varied states,
each with their own distinct features: the representation of
an APPLE is FIRM versus SOFT before and after baking, and
SOLID versus LIQUID before and after juicing. Conceptual

flexibility is further evidenced in the frequent non-literal use
of concepts: one should stay away from “bad apples” and
should not “compare apples with oranges;” and, one can use
concepts fluidly in novel analogies and metaphors. Though
conceptual flexibility is a pervasive phenomenon, it poses a
formidable challenge: what kind of conceptual structure
permits this flexibility to occur?
In vector-based approaches, concepts are represented as
vectors of features. These features can span a range of
information-types (e.g., visual, functional, encyclopedic),
consistent with a distributed account of conceptual
knowledge (e.g., McRae et al., 1997; Tyler & Moss, 2001).
Models that represent basic-level concepts in terms of their
constituent features are valuable because they can be
implemented in computational architectures such as parallel
distributed processing models and attractor networks (e.g.
Cree et al., 1999). More generally, they provide an account
of concepts’ internal structure, which is arguably essential
for a theory of conceptual flexibility. However, the featurevectors that represent individual concepts are static and
unchanging — a clear limitation if one aims to incorporate
flexibility into conceptual structure.
In current network-based approaches, individual concepts
are characterized in terms of their relation to other concepts
by virtue of their word-association strengths or text-based
co-occurrence statistics. In this framework, concepts are
represented as nodes in a network, and their relations are
encoded as the links, or edges, between them (e.g., Steyvers
& Tenenbaum, 2005; De Deyne et al, 2016). These models
are valuable because semantic structure can be analyzed
using a rich set of network science tools. However, current
network-based implementations do not provide the internal
conceptual structure that is necessary — we argue — to
model conceptual flexibility. In other words, it is hard to
provide a model of conceptual flexibility (in the sense
described above) when the features that are being flexibly
adjusted are not explicitly represented.
Here we introduce a new model in which concepts are
represented as their own feature-based networks. We
believe that a feature-based conceptual framework paired
with network science techniques provides a platform on
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which to model conceptual flexibility. In our conceptspecific networks, nodes represent individual features and
edges (i.e., the links between the nodes) represent the
statistical relationship between features within that concept.
That is, edges capture the extent to which certain properties
tend to covary with each other within a concept. The
creation of such networks thus requires the calculation of
within-concept statistics. These statistics provide the
scaffolding to build our networks, and also reveal how a
concept’s information may be appropriately adjusted to
form valid, yet varied, instances of that concept. Our
specific goals here are (1) to show that creation of such
networks is possible, (2) that these networks contain
concept-specific information, and (3) that they permit the
extraction of formal measures of conceptual flexibility.
Another phenomenon relating to conceptual flexibility is
the distinction between context-independent and contextdependent conceptual properties (here, we use this
synonymously with “features”; Barsalou, 1982). Contextindependent properties are those that are automatically
activated for a concept in all contexts, and are sometimes
referred to as “core” properties. Context-dependent
properties are those that are only activated when the context
renders them relevant. In the APPLE example, SWEET and
HAS SKIN may be context-independent and –dependent
properties, respectively. Concepts are composed of both
kinds of properties, such that some properties are stable and
occur across all instances, and some are more variable and
only occur some of the time. Furthermore, some concepts
may have a stronger “core” than others, and this might relate
to the flexibility of those concepts. One of our additional
goals was thus to extract network-based measures that
characterize this element of conceptual structure in a formal
way.
Many networks by their very nature permit flexibility,
because a single network can support different states, each
characterized by different patterns of activation across
nodes. This kind of network flexibility is determined by the
connections between nodes and how those connections give
rise to a larger network structure. Most natural systems
exhibit “small-world” network structure (Bassett &
Bullmore, 2006), which means that there are clusters of
nodes in a network with strong connections between them.
These are called “modules”, and nodes can interact with
these modules in different ways. Some nodes may have
links that are highly distributed across the modules in a
network, whereas other nodes may have links only in one
module. This tendency is captured in the diversity
coefficient, a version of the participation coefficient
calculated using normalized Shannon entropy. We
interpreted network diversity as a likely candidate for a
formal flexibility measure, and predicted that it would
correlate with a measure of “semantic diversity” calculated
separately using word co-occurrence statistics (SemD;
Hoffman et al., 2013).
Network science also provides techniques for assessing
core-periphery structure (Borgatti & Everett, 2000). In

network terms, a core is a set of nodes that are densely
interconnected and therefore often co-activated, whereas the
periphery consists of nodes with sparser connections. A
measure can be extracted that represents the extent to which
a given network has a core-periphery structure; some
networks might have more prominent cores than others. We
hypothesized that this construct of core-periphery structure
could provide a way to formally capture the notion of
context-dependent and context-independent conceptual
properties. More specifically, concepts characterized by
large sets of context-independent properties might
correspond with networks characterized by a strong coreperiphery structure. It also seems reasonable to suggest that
concepts with a stronger core might be less flexible in the
ways described above. If we interpret a core as a set of
properties whose activation patterns are stable across
contexts, then there is less room for variability in the
expression of these properties, and therefore less flexibility
overall. We therefore predicted a negative relationship
between our network measures of flexibility and coreperiphery structure.

Methods
General Methods
Network Construction In order to create our networks we
first had to define our nodes. Since our nodes represent
individual conceptual properties, we compiled a list of
properties that applied to all of our target concepts.
Participants were recruited from Amazon Mechanical Turk
and were asked to list all of the properties that must be true
or can be true for each concept. It was emphasized that the
properties do not have to be true of all types of the concept.
Participants were required to report at least 10 properties per
concept, but there was no limit on the number of responses
they could provide. Once these data were collected, we
organized the data as follows. For each concept, we
collapsed across different forms of the same property (e.g.,
“sugar”, “sugary”, “tastes sugary”), and removed responses
that were too general (e.g., “taste”, “color”). For each
concept, we only included properties that were given by
more than one participant. We then combined properties
across all concepts to create our final list of N properties that
will be represented as nodes in our concept networks.
The same participants also provided “sub-concepts”:
these included subordinate concepts and possible concept
states (e.g., chocolate chips, wine bottle). For each concept,
participants were asked to think about that object and all the
different kinds, forms, types, or states in which that object
can be found. For each concept, we removed responses that
we considered properties rather than types (e.g., “sweet
chocolate”), and responses that were non-generic
trademarks (e.g., “Chiquita banana”). We only included
responses that were given by more than one participant,
resulting in a set of K sub-concepts for each concept. It
should be noted that the classification of “concepts” and
“sub-concepts” is arbitrary: networks could theoretically be
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constructed at any level of the conceptual hierarchy (e.g.,
FOOD, CHOCOLATE, DARK CHOCOLATE). We chose to model
basic-level concepts in the present work.
A separate set of participants was presented with one subconcept of each of the target concepts in random order (e.g.,
“chocolate chips”, “frozen banana”), and were asked to
select the properties that are true of that specific subconcept. The full list of N properties was displayed in a
multiple-choice format. For each sub-concept, responses
were combined across participants and represented in a
binary fashion. To reduce noise, a property was only
considered “true” for a sub-concept if more than one
participant made that response. At this point, each concept’s
data include a set of K sub-concepts, each of which
corresponds to a N-length vector that indicates the presence
or absence of each property. Each sub-concept is weighted
equally. We can also view these data as a set of N
conceptual properties, each of which corresponds to a Klength vector that indicates its presence or absence in each
of the sub-concepts.
For each concept, we excluded properties that were not
present in any of the sub-concepts, resulting in a smaller set
of M properties. We created a network by correlating the M
binary property-vectors with each other to create a M x M
symmetrical, weighted correlation matrix. These networks
were filtered using the triangulation filtering method in
order to remove spurious correlations (e.g., Massara et al.,
2016). This filtering approach generates a simpler subgraph
that maximizes information content while reducing the
influence of noise, and is appropriate for graphs where
edges are defined as correlations between nodes, as is the
case here. No parameter fitting is required to apply the filter.
These final, filtered concept networks were then analyzed
using standard network science methods.
We created two sets of randomly-selected object concepts
such that our results would not be specific to particular node
definitions or network sizes. For all analyses, we used rankbased (spearman) correlations and an alpha criterion of 0.05.
Classification Analysis Our primary goal is to extract
measures from concept networks that relate to individual
concept’s flexibility; this will only work if our networks
differ across concepts. In order to establish that this is the
case, we ran a classification analysis to confirm that our
networks could discriminate between new concept
exemplars. Exemplar data were generated from sets of
photographs for each concept; there was at least one image
for each sub-concept, though co-existing states (e.g. dark
chocolate, chocolate chips) precluded a one-to-one
mapping. AMT participants were shown one image per
concept, were presented with the full list of N properties in
multiple-choice format, and were asked to select the
properties that they believed applied to the object in the
image. Individual participants’ responses to each subconcept were represented as N-length property vectors and
were used as test data in the classification analysis.

By performing eigendecomposition on each concept
network (i.e., adjacency matrix) we can assess the extent to
which a property vector is expected given an underlying
network structure (e.g., Medaglia et al., 2017). For each
adjacency matrix A, V is the set of NC eigenvectors, ordered
by eigenvalue. M is the number of ordered eigenvectors to
include in analysis, and designates a subset of V. For each
eigenvector v, we find the dot product with signal vector x,
which gives us the projection of x on that dimension in the
eigenspace of A. That is, it gives us an “alignment” value for
that particular signal and that particular eigenvector. We can
include all eigenvectors in M by taking the sum of squares
of the dot products for each eigenvector. The alignment
value for each signal is defined as
𝑥    =   

!
!!!

𝑣! ∙ 𝑥 ! ,

(1)

where 𝑥 is a property vector, M is the number of
eigenvectors to include in alignment (sorted by eigenvalue),
𝑣!   is one of M eigenvectors of the adjacency matrix, and 𝑥
is the scalar alignment value for signal x with adjacency
matrix A, given the eigenvectors 1-M. In our case, signal x is
a property vector corresponding to a particular exemplar
image, which we align with each of the concept networks.
Each exemplar was restricted to the properties included in
each concept model before transformation; that is, exemplar
data (x) were reduced to NC–length vectors. The concept
network that resulted in the highest alignment value (𝑥)  was
taken as the “guess” of the classifier; each exemplar was
either classified correctly (1), or incorrectly (0). We
averaged these data across all exemplars to calculate the
average classifier accuracy. To calculate a baseline measure
of classification accuracy, we created traditional vector
models for each concept. For each concept, we averaged the
K sub-concept vectors resulting in an NC -length vector
containing mean property strength values. Each concept’s
traditional vector model and network model contained the
same conceptual properties. We ran a separate classification
analysis using these traditional models and a correlational
classifier. Each exemplar property-vector was correlated
with each of the traditional concept vector models; the
concept model that resulted in the highest correlation value
was taken as the guess of the classifier. We calculated
average measures of classifier performance using the same
methods described above, and also calculated classification
accuracy within each concept.
Network Analysis We extracted network metrics from our
concept networks using the Brain Connectivity Toolbox
(Rubinov & Sporns, 2010). The set of nodes in each
network is designated as N, and n is the number of nodes.
The set of links is L, and l is the number of links. The
existence of a link between nodes (i,j) is captured in 𝑎!" :
𝑎!" = 1 if a link is present and 𝑎!" = 0  if a link is absent.
The weight of a link is represented as 𝑤!" , and is normalized
such that 0 ≤ 𝑤!" ≤ 1. 𝑙 ! is the sum of all weights in the
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network. The network metrics we extracted included node
strength, node degree, modularity (𝑄), core-periphery
structure, and diversity coefficients.
Nodes within a network differ in the number and strength
of their connections to other nodes. Node degree (𝑘) is the
number of connections that each node has with other nodes
in the network (Eq. 2; Rubinov & Sporns, 2010). In
weighted (i.e., non-binary) networks, node strength (𝑘 ! ) is
calculated by summing the weights of the connections with
other nodes (Eq. 3; Rubinov & Sporns, 2010). We
separately averaged node strength and node degree within
each network to obtain mean strength and degree measures
for each concept network.
𝑘!    =    𝑗∈𝑁 𝑎!"

(2)

𝑘!!    =      𝑗∈𝑁 𝑤!"

(3)

Modularity (𝑄) is a metric that describes a network’s
community structure. We can attempt to partition a
weighted network into sets of non-overlapping nodes (i.e.,
modules) such that within-module connections are
maximized and between-module connections are
minimized. Some networks exhibit more of a modular
structure than others; 𝑄 ! is a quantitative measure of
modularity for each weighted network (Eq. 4; Rubinov &
Sporns, 2010).
𝑄 !    =     

!
!!

  

!,! ∈𝑁  

𝑤!" −   

!!! !!!
!!

  𝛿!!,!!   ,

(4)

where 𝛿!!,!! = 1 if nodes i,j are in the same module (m),
!!! !!!

𝑤!" is the specific strength between nodes i,j, and !
!
scales 𝑤!" by the total strengths of nodes i,j across the
network. Given a network’s community structure, we can
observe how individual nodes participate with each of the
modules in the set of modules (M):   Nodes may have
connections to many different modules, or have very few
such connections. The diversity coefficient (ℎ!± )  is a
measure ascribed to individual nodes that reflects the
diversity of connections that each node has to modules in
the network. This is a version of the participation
coefficient, and is calculated using normalized Shannon
entropy; we have previously used entropy to model property
flexibility, and so predicted that diversity would be a good
candidate for a network-based measure of conceptual
flexibility. The diversity coefficient (Eq. 5; Rubinov &
Sporns, 2011) for each node is defined as
ℎ!±    =    −
where 𝑝!± 𝑢    =   

!
!"# !
!!± (!)
!!±

±
!∈𝑀 𝑝!

𝑢 log 𝑝!± (𝑢),

(5)

, 𝑠!± 𝑢 is the strength of node 𝑖

within module 𝑢, and 𝑚 is the number of modules in
modularity partition 𝑀. We averaged diversity coefficients

across nodes in a network to obtain a mean measure of
diversity for each concept network.
Core-periphery structure is another way to describe the
structure of a network. Here, we attempt to partition a
network into two non-overlapping sets of nodes such that
connections within one set are maximized (i.e., the “core”)
and connections in the other are minimized (i.e., the
“periphery”). Core-periphery fit (𝑄! ) is a quantitative
measure of how well each network can be partitioned in this
way (Eq. 5), and can be defined as
𝑄! =   

!
!!

  

!,! ∈𝐶𝑐

𝑤!" − 𝛾! 𝑤    −

!,! ∈𝐶𝑝

𝑤!" − 𝛾! 𝑤   
(5)

where 𝐶! is the set of all nodes in the core, 𝐶! is the set of
nodes in the periphery, 𝑤 is the average edge weight, 𝛾! is a
parameter controlling the size of the core, and 𝑣! is a
normalization constant (Rubinov et al., 2015).

Methods: Set 1
The 5 concepts used in Set 1 were CHOCOLATE, BANANA,
BOTTLE, TABLE, and PAPER.
Participants on Amazon Mechanical Turk (N=66)
provided general properties for each concept along with
sub-concepts. An additional group of participants (N=198)
made property judgments on specific sub-concepts, and an
additional group of participants (N=60) generated test data
for the classification analysis by making property judgments
on individual images.
The final property list included 129 properties. The
number of sub-concepts for each concept were as follows:
chocolate=14, banana=15, bottle=11, table=14, paper=20.
In the classification analysis, test data comprised a total of
300 property-vectors, with 60 exemplars/concept.

Methods: Set 2
The 10 concepts used in Set 2 were KEY, PUMPKIN, GRASS,
COOKIE, PICKLE, KNIFE, PILLOW, WOOD, PHONE, and CAR.
Participants on Amazon Mechanical Turk (N=60)
provided general properties for each concept along with
sub-concepts. An additional group of participants (N=108)
made property judgments on specific sub-concepts, and an
additional group of participants (N=30) generated test data
for the classification analysis by making property judgments
on individual images.
The final property list included 276 properties. The
number of sub-concepts for each concept were as follows:
key=19, pumpkin=18, grass=16, cookie=22, pickle=17,
knife=15, pillow=16, wood=22, phone=16, car=20.
In the classification analysis, test data comprised 300
property-vectors, with 30 exemplars/concept.

Results
Classification Results
In order to determine whether our concept networks
contained concept-specific information, we ran a
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Figure 1: Classification results for 5 concepts in Set 1
(left) and 10 concepts in Set 2 (right). Dashed line
indicates chance performance.
classification analysis using eigendecomposition for both
Set 1 and Set 2. We ran multiple analyses using different
ranges of eigenvectors, which were sorted by eigenvalue
(positive to negative). We started by only using the first
eigenvector in each of the concept networks and determined
whether this dimension alone could be used to classify the
property vector. One dimension was enough to classify
exemplars in Set 2 (Mean Accuracy=0.27; SE=0.03;
Chance=0.10) but not Set 1 (M=0.11; SE=0.02;
Chance=0.20). Increasing the number of dimensions
improved classification performance for both sets (Fig. 1):
for example, classification performance is significantly
above chance when only 10 dimensions are used in Set 1
(M=0.38; SE=0.03; Chance=0.10) and Set 2 (M=0.38;
SE=0.03; Chance=0.20). As more dimensions were included
in the analysis, classification performance approaches that
of the vector-based classifier. The increased success of the
vector-based model (Set 1: M=0.85, SE=0.03, Chance=.20;
Set 2: M=0.84, SE=0.03, Chance=0.10) suggests that the
presence or absence of individual features is highly
informative for discriminating between concepts. However,
the success of the network-based model suggests that our
concept networks do contain concept-specific information,
motivating us to look within a concept for structural
elements that relate to conceptual flexibility. It is this main
goal that we pursue in the subsequent analyses.
Network Measures of Conceptual Structure
Networks across the two sets differed in node assignments,
since they were constructed using different properties.
However, once classification and network measures were
extracted, we could pool the concepts together (N=15) and
examine relationships between these network-related
measures and other variables of interest.
We extracted network measures from the concept
networks and explored how they relate to cognitive
measures of conceptual flexibility and stability. Hoffman et
al. (2013) use word co-occurrence statistics to quantify the
context-dependent variations in word meanings found in
language. The authors provide a measure of semantic
diversity (SemD) that captures this variability, and we
extracted SemD values for our 15 concepts. We also
extracted their reported mean cosine similarity of a word’s

Figure 2: SemD predicts mean-diversity of concept
networks.
contexts and used this as a measure of semantic stability
(which we refer to as SemS). As expected, SemD negatively
correlated with SemS across our 15 concepts (r(15)=-0.96,
p=<0.0001).
One of our primary goals was to extract a network
measure that reflects conceptual flexibility. We used SemD
(Hoffman et al., 2013) as a benchmark for conceptual
flexibility and determined whether our hypothesized
network measures of flexibility correlated with SemD across
our 15 concepts. A priori, we hypothesized that the mean
diversity (i.e., the average of a concept network’s diversity
coefficients across nodes) could reflect conceptual
flexibility. This network measure captures the extent to
which properties within a concept associate with different
modules, or property clusters. Another possible candidate
measure was network modularity, which reflects the extent
to which a concept’s network can be partitioned into
separate property clusters. Network modularity (M=0.72,
SD=0.04) was not significantly associated with either SemD
(r(15)=0.22, p>0.4) or SemS (r(15)=-0.19, p>0.5). On the
other hand, mean diversity was positively associated with
SemD (r(15)=0.56, p=0.03; Fig. 2) and negatively
associated with SemS (r(15)=-0.60, p=0.02). Mean diversity
(M=0.07, SD=0.02) was not significantly associated with
either mean node strength (r(15)=0.08, p>0.7) or mean node
degree (r(15)=0.42, p=0.12). These results suggest that the
network measure of mean diversity is a strong candidate for
a quantitative measure of conceptual flexibility.
We also assessed the core-periphery structure for each
concept network, which determines how well a network can
be divided into a highly-connected core and a sparselyconnected periphery. If the core of a concept network
corresponds to the notion of a context-independent
conceptual “core”, we predicted that more stable (i.e., less
flexible) concepts would have networks with a stronger
core-periphery structure. Consistent with this prediction,
core-periphery structure (M=0.56, SD=0.08) was positively
associated with SemS (r(15)=0.54, p=0.038), though the
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relationship with SemD was only marginally significant
(r(15)=-0.50, p=0.059). Furthermore, mean diversity and
core-periphery structure were negatively correlated (r(15)=0.61, p=0.02), suggesting that these measures may be used
to capture conceptual flexibility and stability, respectively.
We also found that core-periphery structure was positively
correlated with classification accuracy using the standard
vector model (r(15)=0.56, p=0.03). This suggests that
standard cognitive models perform better on more stable
concepts, highlighting the need for a model that can
adequately capture conceptual flexibility.

Discussion
Here our goal was to model basic-level concepts using
graph-theoretical networks. We argue that the withinconcept statistics encoded in these models capture useful,
concept-specific information. Using standard network
science tools, we further reveal the usefulness of these
models by extracting formal metrics that relate to cognitive
notions of conceptual flexibility and stability.
A model structured using within-concept statistics
provides a framework in which varied yet appropriate
instantiations of a concept may be flexibly activated. An
APPLE network may contain a strong connection between
CRUNCHY + FRESH and between SOFT + BAKED, enabling the
conceptual system to know what sets of properties should be
activated in a particular APPLE instance — for example, in
the representations evoked by “apple picking” versus “apple
pie.” The property-covariation statistics for a given concept
will determine which sets of properties tend to be coactivated, and how individual properties relate to those sets
and to each other. We thus sought to use our compositional
concept network models, which contain within-concept
statistics, to extract quantitative measures of these
phenomena. We found that mean-diversity and coreperiphery structure can be interpreted as measures of
conceptual flexibility and stability, respectively: a concept
network-model’s mean-diversity positively predicts
semantic diversity (SemD; Hoffman et al., 2013), a
network-model’s core-periphery fit positively predicts
semantic stability (mean cosine similarity; Hoffman et al.,
2013), and these two network measures are negatively
related to each other across our concepts. We also found that
traditional property-vector models were better at capturing
the representation of stable versus flexible concepts,
suggesting that a different kind of conceptual model may be
necessary to capture the intrinsic flexibility of the
conceptual system. We argue that a network-based model of
basic-level concepts is one such option.
Here we have constructed concept network models,
confirmed their ability to capture concept-specific
information, and extracted network measures that relate to
cognitive measures of conceptual flexibility and stability.
We believe the application of network science to conceptual
knowledge will provide a set of tools that will enable the
intrinsic flexibility of the conceptual system to be explored
and quantified.
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Abstract
Two studies investigated how people learn the strength of the
relation between a cause and an effect in a time series setting
in which both variables exhibit temporal trends. In prior
research, we found that people control for temporal trends by
focusing on transitions, how variables change from one
observation to the next in a trial-by-trial presentation (Soo &
Rottman, 2018). In Experiment 1, we replicated this effect,
and found further evidence that people rely on transitions
when there are extremely strong temporal trends. In
Experiment 2, we investigated how people infer causal
relations from time series data when presented as time series
graphs. Though people were often able to control for the
temporal trends, they had difficulty primarily when the cause
and effect exhibited trends in opposite directions and there
was a positive causal relationship. These findings shed light
on when people can and can’t accurately learn causal relations
in time-series settings.
Keywords: causal learning, temporal trend, time-series

Introduction
Much real-world causal induction involves learning about
relationships between causes and their effects as they unfold
over time. This can be a complex task because variables
may undergo temporal trends that obscure the underlying
causal relationships (Yule, 1926). For example, a patient
may experience increasing pain from a chronic disease over
several months and take increasing amounts of pain
medication to cope (a positive correlation), even though the
medicine reduces pain on shorter timescales.
Recently, there have been a couple studies focusing on
how people learn causal relations from time-series data that
exhibit trends (Rottman, 2016; Soo & Rottman, 2018;
White, 2015). In the present research, we investigated how
people learn the strength of causal relationships when the
cause and effect are continuous-valued, and exhibit strong
trends over time. We evaluated if people are able to make
correct causal inferences despite the trends, and what factors
affect their ability to make accurate causal inferences.

Learning Causal Strength from Time-Series
The problem of causal learning from time-series data is
that when a cause (X) and an effect (Y) exhibit trends over
time, time is a confound. Due to the confound, the simple
correlation of the absolute states of X and Y, cor(X, Y),
often fails to capture the true causal strength. We refer to
this model of causal strength induction from states, cor(X,
Y), as rStates.
Soo and Rottman (2018) proposed another model of
how people estimate causal strength from time series data,

which is called rTransitions. rTransitions estimates causal strength
by taking the correlation of the changes in X and the
changes in Y, cor(∆X, ∆Y). ∆ refers to the first order
difference score, the change in a variable from one
observation to the next.1
Unlike rStates, we have argued that rTransitions uncovers the
true causal influence of X on Y when a linear temporal
confound is present. Soo and Rottman (2018; Appendix A)
provide proofs and simulations demonstrating how rTransitions
partials out linear temporal trends in the variables. This is
the same reason that time series analysts use difference
scores to control for non-stationarity (Shumway & Stoffer,
2011). For this reason, we say that using rTransitions helps
people accurately estimate causal strengths.
Soo and Rottman (2018) demonstrated that when
assessing the influence of a cause on an effect from time
series data, peoples’ judgments are sensitive to both rStates
and rTransitions, though they are more sensitive to rTransitions,
meaning that on the whole people tend to correctly infer
causal strength despite temporal trends. (We regard these
inferences as “correct” because we have previously argued
that rTransitions actually uncovers the true causal strength when
there are linear temporal trends.)
Rottman and Soo (2018) presented participants with
observations of a cause and effect. All stimuli had rStates =
.70 or -.70. The datasets were reordered to create versions
with all positive transitions (from one observation to the
next, X and Y changed in the same direction, producing a
strongly positive rTransitions), or all negative transitions (X and
Y changed in opposite directions, creating a strongly
negative rTransitions), or the trials were randomized, producing
a mix of transitions. (The first three columns of Figure 1
display the different orderings of the 20 data points.) The
data were presented to participants in a trial-by-trial fashion
with X and Y represented using vertical gauges (Figure 2).
Although participants’ estimates of causal strength were
influenced by both transitions (rTransitions) and states (rStates),
the effect of transitions was considerably stronger.
Rottman and Soo (2018) also investigated two different
versions of rTransitions. One captured the magnitude of the
change, and another captured only the direction of the
change (∆X and ∆Y are encoded as +1 for increases and -1
for decreases).
1

This model assumes that the influence of X on Y occurs
without a delay; the model associates the change in X from Time 1
to 2 with the change in Y from Time 1 to 2. These studies did not
investigate situations in which the change in X produces a change
in Y at a later time, which we leave for future research.
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Figure 1: Time-series graphs of an example dataset used in Experiment 1, and Experiment 2 (without the monotonic trend condition).
All datasets within the top row, and within the bottom row, have the exact same 20 states, but different orderings.

Though the two models are often highly correlated, we
found that only the version that captured the direction of the
changes explained unique variance in participants’
judgments. Thus, in the current studies we only focus on
this simpler version of rTransitions.

What Happens with Extremely Strong Trends?
In Experiment 1, we sought to further test the theory that
people focus on transitions for causal learning with time
series data. In particular, we examined situations in which
one variable exhibits an extremely strong monotonic trend
such that from one trial to the next, it always increases (or
always decreases) across time. We used the same datasets
from prior studies, but sorted them by X or Y, such that one
of those variables always increased or decreased.
One motivation for studying this case is theoretical. As
explained below, the rTransitions model predicts a causal
strength of zero despite there being very strong rStates
predictions, which further helps to discriminate these two
models. Furthermore, the case of monotonic trends can be
investigated using the same datasets from prior studies by
reordering the trials, allowing us to hold rStates constant.
Another motivation is revealed upon looking at the
“monotonic trend” condition in Figure 1; it is a situation in
which one variable exhibits a smooth monotonic trend and
the other exhibits a noisy but roughly linear trend. Given
that smooth processes exist in the real world, we thought
this was an interesting time series case to study.
The rightmost column in Figure 1 shows the new
monotonic trend condition with a monotonic trend in X.
Consider the top-right panel in Figure 1. Both X and Y
increase over time and the correlation between the two is

quite strong (rStates = .70). However, just because two
variables increase together does not mean that one causes
the other; it could be that they are both just exhibiting
trends. In contrast, consider the positive transitions
condition in which rStates = .70. In that graph, both X and Y
increase overall. Additionally, within a shorter timescale,
increases in X are accompanied by increases in Y, and vice
versa. This pattern provides strong evidence for a positive
causal relation.
Based on the rTransitions model, the monotonic trend
condition does not provide evidence for a causal relation. If
X always increases from one observation to the next, there
is no variance in ∆X (i.e. all the ∆X scores are +1), so
cor(∆X, ∆Y) cannot be computed. For this reason, we
treated the prediction of rTransitions as zero in the trend
condition.2 We predicted that their causal strength
judgments would be close to zero because the variable
exhibiting the monotonic trend does not exhibit much
variance after accounting for the trend. Experiment 1
investigated whether participants would give causal strength
judgments close to zero in the monotonic trend condition, or
whether their judgments would be influenced by the strong
correlation of the absolute states (rStates = .70 or -.70).

2
For the version of rTransitions in which the magnitude of change
scores are encoded, not just the direction, the value of cor(∆X, ∆Y)
is close to zero for all the datasets in this study, so the predictions
are essentially the same for both versions of rTransitions.
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causal strength judgments would be strongest for datasets
with all positive or negative transitions, followed by
datasets with random orderings, and would be weakest for
datasets with a monotonic trend in either the cause or effect
because the rTransitions value was zero.

Method

Figure 2: Visual presentation of stimuli in Experiment 1 and
in the “trial-by-trial gauges” condition in Experiment 2.

Presentation Format Moderates Use of Transitions
How can time-series data be presented to people to optimize
their causal inferences? In our previous research, we found
that people were able to make fairly accurate judgments
from a trial-by-trial presentation that involved two gauges
representing the magnitude of the cause and the effect
(Figure 2). Peoples’ ability to infer causal relations fairly
well in a trial-by-trial format is good news because it
mimics how we often experience events in our daily lives.
We further demonstrated that people are much better in a
naturalistic format (in which the gauge level represents
magnitude) than when presented with trial-by-trial numbers
representing magnitude, presumably because transitions are
more salient when presented naturalistically.
However, lay people also often need to reason about data
presented graphically, such as economic data in news
reports (Fox & Hendler, 2011), and time-series graphs are
the standard visualization for such data (Friendly, 2006;
Javed, McDonnel, & Elmqvist, 2010). Experiment 2
investigated how well people infer causal relations
controlling for temporal trends from time-series graphs.
We predicted that observing the data in a time-series
graph would decrease the salience of transitions relative to
the trial-by-trial presentation, making it harder for people to
accurately infer causal relations. Instead, they might focus
on the correlation between the absolute states of X and Y.
In Experiment 2, we compared causal judgments from
participants observing stimuli presented in a trial-by-trial
visual format (Figure 2) vs. a static time-series graph format
(Figure 1). In addition, we created an intermediate format
which involved a times-series graph, but instead of
participants viewing the entire graph at once, the 20
observations were revealed sequentially. We hypothesized
that revealing the data sequentially could make the
transitions more salient, thereby leading to more accurate
judgments than the static graph format.

Experiment 1
Experiment 1 tested whether learners used transitions in
addition to states to estimate the causal strength between a
cause (X) and an effect (Y) in a time-series setting. We used
datasets in which the states were held constant, but the order
of observations was manipulated to produce varied patterns
of transitions (Figure 1). We predicted that participants’

Subjects 50 participants were recruited on MTurk and were
paid $1.40. The experiment lasted between 7-10 minutes.
Design and stimuli Each learning dataset had 20
observations of X and Y, and each variable could take on
values between 0 and 100. The design was a 2 (positive vs.
negative rStates) × 5 (negative transitions, random order,
positive transitions, monotonic trend in X, or a monotonic
trend in Y) within-subjects design (see Figure 1).
The datasets were created in the following way. Using the
corgen function from the R package ecodist, we generated
20 datasets with rStates = .70. Copies of each dataset with
rStates = -.70 were made by flipping the values of X around
the midpoint of the scale (X = 50). For the random order
conditions, these datasets were presented with the trials in a
random order. In the positive states random order condition
most of the transitions were positive (Mean rTransitions = .59,
SD = .12), but in the negative states random order transition
most of the transitions were negative (Mean rTransitions = -.59,
SD = .12). This is because with random trial orders, rStates
and rTransitions are correlated.
The 20 trials of these datasets were reordered to produce
the other four conditions. In the positive transitions
conditions, the trials were reordered so that increases in X
were always accompanied by increases in Y (rTransitions = 1).
In the negative transitions conditions, X and Y always
changed in opposite directions (rTransitions = -1). Finally, the
conditions with monotonic trends in X or Y were ordered
such that either X or Y always increased or decreased across
the 20 trials; all these datasets had rTransitions = 0. (Datasets
that had repeated values of X or Y (e.g., X was exactly 56
on two trials) were slightly modified (e.g., one trial was
changed to 58) so that the trials could be ordered to increase
monotonically, and this change in the dataset was made to
all the conditions).
Lastly, the observation order was counterbalanced to be
presented forwards or in reverse (i.e. from 1-20 or 20-1 in
Figure 1) randomly for each scenario a participant viewed.
Procedure Participants evaluated how the dosage of a drug
(X) influenced the size of a microorganism (Y) over 20
observations (“days”). On each new day, participants
clicked on a button to view a new drug dosage that was
injected and the microorganism’s resulting size. X and Y
were displayed using gauges (Figure 2). After clicking the
button on each day, the button was disabled for two seconds
before the participant was allowed to advance.
After 20 days, the gauges disappeared and participants
judged the causal strength of the drug on a scale from 8
(“high levels of the drug strongly cause the microorganism
to increase in size”) to -8 (“high levels of the drug strongly
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cause the microorganism to decrease in size”), with zero
indicating there was no causal relationship.
Participants viewed all 10 conditions in randomized order.
Each scenario involved a different drug-microorganism pair.

Results and Discussion
The means for the conditions are displayed in Figure 3.
There was no difference in causal judgments for conditions
with monotonic trends in X vs. Y (p = .32), so we collapsed
those two conditions into a general “monotonic trend”
condition. In the positive states conditions (gray triangles),
the random order condition is displayed to the right of the
monotonic trend condition, because it has positive rTransitions.
In the negative states conditions (black circles), the random
condition is to the left of the monotonic trend condition
because it has positive rTransitions.
There is an effect of rStates such that the rStates = .70
conditions are judged more positively than the rStates = -.70
conditions. The negative transitions, random order, and
positive transitions conditions exhibited the same pattern as
past research; there is a strong effect of transitions such that
the negative transitions conditions are judged much more
negatively than the positive transitions conditions. In the
random order conditions, the judgments are strongly
positive when rStates = .70 but fairly negative when rStates = .70. In conditions in which the states and transitions
conflicted, the transitions “overrode” the states.
The new finding in this study is seen in the monotonic
trend condition; participants’ judgments were quite close to
zero and considerably attenuated compared to the random
transitions conditions. We compared judgments between
these conditions using regressions with by-subject random
intercepts and slopes for rStates and transitions. In the
negative rStates condition, the judgments in the monotonic
6

In summary, Experiment 1 provides additional evidence
that people use transitions for inferring causal relations, and
in particular, when one variable exhibits a very strong
monotonic trend, there is only a small effect of states.

Experiment 2
In Experiment 2, we compared how well people learn causal
relations from time-series data when presented in a trial-bytrial format like Experiment 1 vs. a static time-series graph
vs. a hybrid in which the time-series graph was sequentially
revealed. We predicted that in both the trial-by-trial and
gradually-revealed
graph
conditions,
participants’
judgments would be more strongly influenced by transitions
compared to in the static graph condition.

Method

3

Causal strength

trend condition were significantly higher than the random
order condition (B = 2.40, SE = 0.56, p < .001, partial-R2 =
.11). In the positive rStates condition, judgments in the
monotonic trend condition were significantly lower than the
random order condition (B = -3.15, SE = 0.43, p < .001,
partial-R2 = .23). That said, comparing the two monotonic
trend conditions still revealed a difference between the
positive vs. negative rStates conditions (B = 1.74, SE = 0.44, p
< .001, partial-R2 = .09). In sum, the effect of states was
partially attenuated in the monotonic trend condition.
We also fitted an overall regression predicting all
judgments with each dataset’s rState and rTransition value using
a multivariate regression with a by-subject random intercept
for repeated measures, as well as by-subject random slopes
for rStates and rTransitions. Controlling for transitions, there was
a significant effect of states (B = 1.95, SE = 0.22, p < .001,
partial-R2 = .14). However, the effect of transitions after
controlling for states was two times stronger than the effect
of states in terms of variance explained (B = 3.27, SE =
0.31, p < .001, partial-R2 = .30).

rStates
.70
-.70

0

−3

−6
−1.00

−0.59

0.00

(Negative) (Random) Transitions
(Monotonic
trend)

0.59

1.00

(Random) (Positive)

Average rTransitions
(Condition)

Figure 3: Experiment 1 condition means.
Error bars represent standard errors.

Subjects 150 participants were recruited on MTurk and paid
$0.90. The experiment lasted between 4-7 minutes.
Design and stimuli We used a 2 (positive vs. negative
rStates) × 3 (positive transitions vs. random order vs. negative
transitions) × 3 (trial-by-trial gauges vs. gradual graph vs.
static graph) design. States and transitions were manipulated
within-subjects, like in Experiment 1. We omitted the
conditions with monotonic trends in X and Y for simplicity.
Presentation format was manipulated between-subjects.
The datasets used in the present experiment were the
same as those used in Experiment 1.
Procedure The procedure in the trial-by-trial gauges
condition was identical to Experiment 1. Data in both graph
conditions were shown to participants using line graphs
programmed using d3.js. These graphs were similar in
appearance to those in Figure 1.
In the gradual graph and the static graphs conditions, the
graphs looked very similar to Figure 1 except without
gridlines and labels. In the gradual graph condition,
participants clicked on a button to reveal the observations
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for the next “day”, gradually revealing the entire graph.
After the final day’s observations were revealed, the graph
disappeared from the screen and participants made a causal
judgment for that scenario.
In the static graph condition, the entire graph was
revealed at the beginning of the scenario and kept on the
screen for 40 seconds (this was the time it took to advance
through 20 observations in the trial-by-trial gauges and
gradual graph conditions if participants always advanced
immediately to the next observation after viewing each
transition). After 40 seconds, the graph disappeared from
the screen and participants made a causal judgment for that
scenario.
Attention check We included an attention check because
the static graph condition did not require participants to
actively watch the screen (in the other two conditions,
participants had to wait for the button to become active and
then click it to advance to the next trial, keeping their
attention on the screen). Between 25-35 seconds after the
start of the scenario, a common five-letter word was flashed
on the screen for three seconds. Participants had to report
the word prior to making their causal judgment at the end of
the scenario. Participants knew that the word would appear
sometime during the scenario, but not when, so they had to
remain attentive. Different five-letter words were used on
each scenario. For consistency, the attention check was also
implemented in all three presentation format conditions. In
the other two conditions, the word was flashed between
observations 15-18. Almost all the participants noticed and
could report the word correctly. Two correctly recalled 4 of
the 6 words, 21 recalled 5 out of the 6, and the remaining
127 participants correctly recalled all 6 words. Because
attention seemed to be close to ceiling, and there was not
differential attention across conditions, we did not exclude
any of the data.

to participants’ judgments using multivariate regressions
with by-subject random intercepts and by-subject random
slopes for each model for repeated measures.
In the trial-by-trial gauges condition (the same format as
Experiment 1), there was a significant effect of both states
(B = 2.74, SE = 0.35, p < .001, partial-R2 = .22) and
transitions (B = 2.13, SE = 0.27, p < .001, partial-R2 = .22),
but no interaction between them. The effect of transitions
was weaker than in Experiment 1, possibly because the
attention-check distracted participants from the transitions.
In the gradual graph condition, the effect of transitions (B
= 3.24, SE = 0.40, p < .001, partial-R2 = .31) was much
stronger than the effect of states (B = 1.76, SE = 0.36, p <
.001, partial-R2 = .07), and there was a small but significant
interaction (B = 1.18, SE = 0.31, p < .001, partial-R2 = .03).
People are able to learn from transitions in time-series
graphs if observations are revealed sequentially.
A regression including data from both the trial-by-trial
gauges and gradual graph conditions (including by-subject
random intercepts and slopes for rStates and rTransitions)
revealed a significant interaction between transitions and
presentation format (p = .02); the effect of transitions was
stronger in the gradual graph condition than the trial-by-trial
gauges condition. This was due to the smaller effect of
transitions in the gauges condition compared to Experiment
1 and past experiments (Soo & Rottman, 2018), in which
the effect of transitions was stronger than that obtained in
the gradual graph condition here.
In the static graph condition, the effect of states (B = 3.29,
SE = 0.47, p < .001, partial-R2 = .19) was much stronger
than transitions (B = 1.06, SE = 0.34, p = .003, partial-R2 =
.04). There was a significant interaction between states and
transitions (B = 1.68, SE = 0.38, p < .001, partial-R2 = .05).
In the static graph condition in Figure 4, the effect of
transitions is visibly present in the positive states conditions,
but not in the negative states conditions.
As predicted, the effect of transitions in the static graph
condition was weaker than both the trial-by-trial gauges (p =
.01) and the gradual graph conditions (p < .001). This

Results and Discussion
The means for all conditions are displayed in Figure 4. We
first analyzed data from each presentation format condition
separately. We tested the relative fits of rStates and rTransitions
Trial−by−trial gauges

Gradual graph

Static graph

6

Causal strength

3

rStates
.70
-.70

0

−3

−6
−1.00

−0.59

(Negative) (Random)

0.00

0.59

1.00

−1.00

−0.59

0.00

0.59

1.00

−1.00

−0.59

(Random) (Positive) (Negative) (Random)

(Random) (Positive) (Negative) (Random)

Average rTransitions
(Condition)

Figure 4: Experiment 2 condition means. Error bars represent standard errors.
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1.00

(Random) (Positive)

finding is intuitive; the static graph presentation does not
highlight transitions by sequentially revealing observations.
However, it was surprising that the effect of transitions was
attenuated exclusively in the negative states conditions.
Note, it is not that participants were biased to see a positive
relation (see function learning research by Kalish,
Lewandowsky, & Kruschke, 2004). Instead, the issue is that
they continued to infer a negative relation even when the
causal relation, as revealed by the transitions, was positive.
In the condition with both positive transitions and states,
the fact that X and Y both increase and decrease together is
fairly salient in the graph since the X and Y lines overlap so
strongly (Figure 1). However, in the condition with positive
transitions and negative states, the lines only briefly overlap,
making it harder to see if the transitions in X and Y are in
the same or opposite directions. Participants may be focused
on how X and Y are negatively correlated and infer a
negative causal strength based on rStates.
The effect of presentation format found here suggests that
different methods for communicating temporal data can
greatly influence the inferences people draw from the data.
In particular, the difference between dynamic and static
visualizations can determine the relationships people
perceive between variables.

General Discussion
Prior research on how people infer causal strength from time
series data has found that people rely on both the absolute
states of X and Y at individual points in time, and even
more so the changes in X and Y from observation to the
next. Furthermore, attending to changes or transitions
allows people to control for temporal trends in X and Y,
which can otherwise obscure the underlying causal relation.
In Experiment 1, we gathered further evidence showing
that in time-series settings, people are able to control for
temporal trends by attending to transitions. In particular,
when one of the variables increases or decreases
monotonically over time and the other variable increases or
decreases but with more noise, people give fairly weak
causal strength judgments. This makes sense in that the
monotonic increase could be due simply to a trend over time
rather than any relation with the other variable. Overall, this
finding suggests that attending to the changes from one
observation to the next is a simple heuristic that people
often use and helps them make accurate causal inferences.
In Experiment 2, we tested if people control for trends
when inferring causal strength from data presented in timeseries graphs, which are ubiquitous in scientific and popular
communications of temporal data. We found that people
still attend to transitions when the graph was revealed
gradually. However, presenting data in a static graph
revealed an interesting boundary condition: people do not
learn from transitions when the states of X and Y are
negatively correlated. This suggests there are limits to
peoples’ ability to correctly infer causal relations from timeseries graphs, but we also found that a simple animation
dramatically improved performance.

Why might subjects have performed well in the static
graph condition in Experiment 2 when there was a positive
rStates correlation but not when there was a negative
correlation? We suspect that learning was still good in the
positive states condition because the two lines are largely
overlapping, which could highlight the transitions. In
contrast, in the negative states condition, the two lines cross,
which makes it harder to see how the sequential changes in
one variable correspond to changes in the other variable.
This explanation raises the possibility of another
boundary condition. Even if there is a positive rStates
correlation, it is possible that the two variables could be on
very different scales (e.g., X in the range of 1-50, and Y in
the range of 200-300). In this case, it might again become
difficult to notice the correlations of the transitions.
In sum, subtle and non-obvious features of graphs may
make it easier or harder to notice and compare the
transitions among two variables, which would affect how
well people control for trends and how accurate their causal
inferences are. Future research is needed to determine
guidelines for graphs that are easy to interpret.
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Abstract
We report an individual with music-odor synaesthesia who
experiences automatic and vivid odor sensations when she
hears music. S’s odor associations were recorded on two
days, and compared with those of two control participants.
Overall, S produced longer descriptions, and her associations
were of multiple odors at once, in comparison to controls who
typically reported a single odor. Although odor associations
were qualitatively different between S and controls, ratings of
the consistency of their descriptions did not differ. This
demonstrates that crossmodal associations between music and
odor exist in non-synaesthetes too. We also found that S is
better at discriminating between odors than control
participants, and is more likely to experience emotion,
memories and evaluations triggered by odors, demonstrating
the broader impact of her synaesthesia.
Keywords:
associations

synaesthesia;

odor;

Introduction

music;

crossmodal

When we listen to music, we often experience strong
feelings of emotion (Zentner, Grandjean, & Scherer, 2008).
Similarly, a song might activate a personal memory (Janata,
Tomic, & Rakowski, 2007). Despite agreeing that music can
be a comfort, W. H. Auden pronounced in the poem In
Praise of Limestone that music “can be made anywhere, is
invisible, and does not smell”. Should we accept such a bold
statement about the unitariness of music? Here we
investigate associations between music and odor.
Similarities between the two have been raised before: for
example, like music, perfumes are described as having
“notes” and “composition”. We report for the first time an
individual with music-odor synaesthesia who experiences
strong and automatic olfactory percepts when hearing
music.
Synaesthesia, is a neurological phenomenon where people
experience automatic and vivid associations between the
senses (for review see Rich & Mattingley, 2002).
Synaesthesia involving music has been reported before, with
music eliciting vivid visual experiences; such as musiccolor synaesthesia (Marks, 1975; Ward, Huckstep, &
Tsakanikos, 2006). One of the earliest mentions of such
phenomena can be found in Locke (1690), where a blind
man describes the color scarlet to be “like the sound of a
trumpet”.
Synaesthesia involving the chemical senses, on the other
hand, is rare. There have been reports of synaesthetic
associations elicited by odors; e.g., odor-color synaesthesia
(Speed & Majid, 2018). There is also evidence of
synaesthetic concurrents occurring within the chemical

senses, such as taste: e.g., E.S. experiences tastes on her
tongue when she hears music-tone intervals (Beeli, Esslen,
& Jancke, 2005). There are also synaesthesias with odor as
the concurrent experience. For one individual,
environmental sounds elicited smells; e.g., the sound of a
drill smells like bleach (Jackson & Sandramouli, 2012). In
another unusual case, L.J. experiences olfactory associations
to congruent visual stimuli (Chan et al., 2014); e.g., the
image of a leather shoe smells like leather.
Research in olfaction has highlighted that naming odors is
difficult (Cain, 1979; Majid & Burenhult, 2014), and people
are poor at conjuring mental images of odors (Crowder &
Schab, 1995). There is also a suggestion that language may
not activate olfactory information as specifically as
language in other perceptual modalities (Speed & Majid, in
press). Overall, then, access to olfactory representations
appears to be limited. This makes individuals who
experience olfactory sensations in the absence of real odors
of great interest.
Music-odor associations have been reported in nonsynaesthetes. For example, Crisinel and Spence (2012)
found people matched certain odors to specific types of
musical instrument, such as the odors apricot and blackberry
to the sound of a piano. Odors were also consistently
associated to musical pitch, with matches determined by the
pleasantness and complexity of the odor (Crisinel & Spence,
2012). Similarly, Levitan, Charney, Schloss, and Palmer
(2015) reported odor matches to a diverse range of music,
such that the odor of cloves and the sound of an Indian sitar
had the strongest association.
Here we present for the first time synaesthete S who has
music-odor synaesthesia. In a first experiment, in order to
learn more about S’s music-odor experiences, odor
associations to a variety of music clips were recorded over
two separate days in S and two controls. In Experiment 2, a
new set of participants rated the similarity of odor
descriptions provided in Experiment 1, to assess consistency
of music-odor associations. We predicted S’s associations to
the same music clip (and possibly the same instrument)
would show greater consistency than controls. Finally, we
tested whether music-odor synaesthesia affects aspects of
odor cognition by comparing S’s performance on a number
of odor tasks with that of a control group.

Experiment 1: Eliciting music-odor
associations
Method
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Participants S is 38-year-old female with multiple forms of
synaesthesia. She works as a PR consultant but also designs
fragrances in her spare time. She describes her world as one
in which sensory experiences move between smell, music,
color, texture and numbers. Here we focus on her musicodor associations. Her synaesthetic odor experiences appear
to be quite specific. Here she describes one such episode:
“For example one summer I listened to Muse, “Undisclosed
desires”. It was for me an obvious metallic, iron, berry song
and I developed the idea and composition for a fragrance in
my head with that idea as structure”. Two age- and gendermatched control participants without synaesthesia were
recruited from the Radboud University participant pool.
Material Music was taken from an online music database
(freemusicarchive.org). In order to sample a variety of
music, a total of 34 sound clips were used. There were 12
clips from different genres of music (involving multiple
instruments), and 12 clips from individual instruments, with
a regular and speeded version edited using Audacity (except
for two instruments for which the speeded versions were not
clear). By using regular and speeded versions of the clips,
we could test to what extent associations are based on
features such as timbre, or instead features such as tempo.
Procedure Testing took place on two separate days with a
one-day break in between. The experiment was conducted
using E-prime. In each session, participants listened to all
music-clips through headphones. The clips were presented
in a random order, and each clip was played only once per
session. The music continued to play until the participant
pressed the Enter key to begin their response. S was
instructed to describe her synaesthetic odor experiences and
control participants were instructed to describe any odor
associations they had to the music. Participants typed in
their responses, and were free to leave a response empty if
they had no associations.

single odors. There was also a marked difference in the ease
of reporting odor associations. S’s odor associations came
easily and vividly, whereas controls often struggled to make
an association. C1 responded “no smell” 10 times across
both days, and C2 gave no response twice. S gave responses
for all sounds.
Since S gave multiple responses, it is possible she was
randomly generating odors. One way to check if there is
systematicity in the odors associated to music is to map
similarity of musical stimuli as a function of their odor
associations. To explore this, we created a binary 34-by-34
matrix of musical stimuli based on shared odor associations.
For example, cello and saxophone were both said to smell
like tea, and so were coded as similar. If no shared odor
association appeared, the musical pair was coded as
dissimilar (i.e., binary coding). Separate similarity matrices
for each participant were created and submitted to
multidimensional scaling (MDS) using the ALSCAL
algorithm in SPSS (Version 22) (see Figure 1). Controls
showed little systematic association (as indicated by the
large cluster of items loading 0). However, S’s odor
associations indicated greater systematicity, with items
differentiating across two dimensions. For example, double
bass, drums, fast electric guitar and reggae all received
similar odor associations (e.g., they all evoked the odor of
honey), as did bagpipes, electric guitar, piano and punk
(which all evoked the odor of metal). This indicates S’s—
but not C1’s and C2’s—odor associations are sensitive to
types of musical instrument/genre.

Experiment 2: Rating music-odor associations
Are music-odor associations consistent for S and controls?
To quantify this, a new set of participants read pairs of odor
associations and rated their similarity. We predicted
associations would be more consistent across the two testing
days for the synaesthete than controls.

Method

Results
A repeated measures ANOVA by items revealed a
significant difference between participants in the number of
words used per odor description, F(2, 66) = 31.02, p < .001,
ηp2= .49. S used significantly more words in her descriptions
than Control 1 (C1) (5.93 vs. 3.25, p < .001) and Control 2
(C2) (5.93 vs. 1.66, p < .001). There was also a significant
difference between controls with C2 being particularly
succinct (3.25 vs. 1.66, p = .004).
S’s odor associations tended to be of “smellscapes” rather
than individual odors; for example, one response was
“caramel, tea, metal, water, ambergris, wood, cookies”. In
contrast, the majority of control odor associations were

Participants Thirty participants were recruited on Amazon
Turk (14 females; Mage=34.7, SD=9.59) to rate descriptions
given by S and controls.
Procedure Participants were given pairs of odor
associations from either the same sound clip presented on
both days (identical condition), same instrument at different
speeds (instrument condition), or random pairings of
descriptions (random condition). Participants were
instructed to rate how similar pairs of smell descriptions
were on a scale of 1 to 100 by clicking on a visual analog
scale. All descriptions from S and controls were randomly
presented in one session.
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Figure 1. Two-dimensional MDS of musical stimuli based on odor associations for synaesthete S (stress = .195, RSQ = .794),
and control participants C1 (stress = .157, RSQ = .932), and C2 (stress = .096, RSQ = .982). Musical instruments were played
at normal speed (e.g., cello) and fast speed (e.g., celloF).

Results
A 2-by-3 repeated measures ANOVA with group (control,
synaesthete) and sound (identical, instrument, random) as
within-participants factors revealed a main effect of group,
with odor associations from S rated more similar overall
than associations from controls F(1, 29) = 43.10, p < .001,
ηp2 = .598. There was also a main effect of sound F(2, 58) =
119.69, p <.001, ηp2 = .805. Pairwise contrasts showed—as
predicted—descriptions from identical sound pairs and same
instrument pairs were rated as more similar than random
pairs, F(1, 29) = 140.66, p < .001, ηp2 = .829; F(1, 29) =
133.38, p < .001, ηp2 = .821. However, there was no
difference between identical sound pairs and same
instrument sound pairs, F(1, 29) = 1.75, =.20, ηp2 = .057.
There was no interaction between group and condition F(2,
58) = .84, p = .44, ηp2 = .08, suggesting S’s associations
across sounds were just as consistent as controls. In order to
investigate our predictions further, pairwise comparisons
between each condition were conducted separately by
group. For controls, same instrument pairs and identical
pairs were judged more similar than random pairs (ps <
.001), but there was no difference between identical pairs
and same instruments pairs (p = .15). The same pattern was
true for S, with both same instrument and identical pairs
were judged more similar than random pairs (ps < .001), but
no significant difference between instrument and identical
pairs (p = .79). This suggests S’s music-odor associations
are driven by music timbre or instrument, rather than say

tempo, since
associations.

speed did not affect consistency of

Figure 2: Mean similarity ratings from identical pairs, same
instrument pairs and random pairs. Error bars reflect 1 SE.

Odor cognition in music-odor synaesthesia
Does having synaesthetic associations with odor improve
odor cognition? As part of an investigation into another
form of synaesthesia (odor-color synaesthesia, reported in
Speed & Majid, 2018), S took part in a number of tasks
assessing odor cognition. Here we report comparisons
between S and a set of controls.1

Method
1

Speed & Majid (2018) compared S with controls as part
of a group. Here we used adjusted t-tests to compare S as an
individual to controls.
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Participants S was compared to 17 controls (all female,
Mage=39.76, SD=13.04) who did not have any form of
synaesthesia.
Material To assess odor perception, Burghart’s odor
discrimination and threshold tests were administered
(Hummel, Sekinger, Wolf, Pauli, & Kobal, 1997). Each test
contains 16 triplets of odors, presented in Sniffin’ Stick
pens. To investigate mental imagery of odors, we
administered the Vividness of Olfactory Imagery
Questionnaire (VOIQ: Gilbert, Crouch, & Kemp, 1998).
The questionnaire consists of 16 descriptions of odors for
which participants were instructed to imagine, e.g., “The
smell of your shirt or blouse when you remove it”.
Participants also completed a questionnaire assessing the
importance of olfaction in everyday life (Croy, Buschhüter,
Seo, Negoias, & Hummel, 2010). The questionnaire
contained 20 statements related to smell; e.g., “Without my
sense of smell, life would be worthless”. The questionnaire
assessed three aspects of odor significance: (1) the
association scale reflects the “emotions, memories and
evaluations that are triggered by the sense of smell”; (2) the
application scale reflects how much an individual uses their
sense of smell every day, and (3) the consequence scale
reflects the conclusions an individual draws from their odor
experiences.
Procedure Testing took place over two separate days with a
one day break in between. During the odor threshold and
discrimination tests participants were blindfolded. For the
odor threshold test, participants were presented triplets of
odors, one of which contained variable concentrations of nbutanol, and two with an odorless solvent. Participants
indicated which pen had the odor. Odor threshold was
determined using a staircase procedure. For the odor
discrimination test, participants were presented with triplets
of odors, two of which contained the same odor.
Participants indicated which pen smelled different. Total
number of correct trials was calculated out of 16.
For the VOIQ, participants were instructed to carefully
read each description and rate the vividness of the mental
image from 1, “perfectly clear and vivid as normal vision”
to 5 “No image at all (only “knowing” that you are thinking
of the object)”. Participants wrote their response in a box
next to each description. An average score across questions
was calculated.
The importance of olfaction questionnaire was
administered on the second day of testing. Participants were
instructed to read each statement carefully and respond how
much they agreed using the following options: “totally
agree”, “mostly agree”, “mostly disagree”, or “totally
disagree”. Participants placed a cross in the box
corresponding to their choice. Responses were converted to
scores from 4 for “totally agree” to 1 for “totally disagree”.
Responses were then summed for each subscale separately
(maximum 24).

Results
Scores from control participants were compared with S
using adjusted t-tests (Crawford & Howell, 1998; Table 1
displays means). S was better able to discriminate between
odors than control participants, t = 2.09, p = .05, but odor
thresholds did not differ t = .76, p = .46. There was no
difference between S and controls in vividness of olfactory
imagery t = .89, p = .39, although numerically S reported
greater vividness. However, S differed from controls in
rated importance of odors. She scored significantly higher
on the association scale, t = 2.01, p = .03 (one-tailed), but
there were no significant differences on the application or
consequence scales (although there was a trend for S to
score higher overall). So, odors are more likely to trigger
associations endowed with emotion, memory and
evaluations for S than control participants.
Table 1. Mean and SE (in brackets) for odor tasks.
Odor discrimination
Odor threshold
Odor imagery
Odor significance: Application
Odor significance: Association
Odor significance: Consequence

S
16
9.5
1.81
22
24
22

Controls
11.71 (0.48)
6.59 (0.90)
2.69 (0.23)
16.24 (0.94)
18.12 (0.69)
18.41 (0.69)

General Discussion
We have presented a case of music-odor synaesthesia—a
form of synaesthesia not previously reported to our
knowledge. This is important evidence that olfactory
representations can be automatically activated in the
absence of real odor, a feat thought to be difficult (Speed &
Majid, in press). Our study also discovered music-odor
associations in non-synaesthetes too, in line with previous
findings (e.g., Crisinel & Spence, 2012; Levitan et al.,
2015). Although there were crucial qualitative differences
between S’s odor associations and those of controls—S’s
associations were experienced automatically and vividly,
whereas the controls’ associations required explicit
consideration—controls still showed consistency over time.
Similarly, elsewhere it has been shown that music-color
associations in non-synaesthetes exhibit similar mappings as
those experienced in synaesthetes, such as between pitch
and lightness (Ward, Huckstep, & Tsanikos, 2006). What
gives rise to these associations between music and odors?
Although our study did not directly address mechanisms,
our findings are more consistent with some proposals.
There are several different accounts for explaining
synaesthesia: synaesthesia could arise from cross-activation
of perceptual regions in the brain resulting from reduced
synaptic pruning during brain development (e.g.,
Ramachandran & Hubbard, 2001), or through disinhibited
feedback between brain regions (e.g., Grossenbacher &
Lovelace, 2001). There are also proposals that such
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associations might be semantically-mediated (e.g., Chiou &
Rich, 2014; Meier, 2014). Similarly, associations across the
senses for the general population have been welldocumented (Marks, 1978; Spence, 2011); and are thought
to arise from either innate structural connections, statistical
co-occurrences in the environment, or through language
(Spence, 2011).
For this type of synaesthesia, and for the music-odor
associations found among the non-synaesthetes, it seems
semantically-mediated accounts are less plausible. Music is
a complex inducer that varies in many ways: e.g., pitch,
timbre, tempo. It is unclear how semantic activation of
music—unlike, say, letters or words—could explain these
results. What specific meaning would associate reggae
music with the odor of honey or bagpipes with the odor of
metal? Similarly, music and odor do not occur together
systematically; and, music is not typically described in
terms of odor (aside from perfumers’ descriptions cited in
the Introduction). This would suggest that—as proposed for
synaesthesia—music-odor associations arise from innate
structures of the brain (see Deroy, Crisinel, & Spence,
2013). This is in line with the idea of a synaesthetic
continuum, where the general population are considered
“weak synaesthetes” (Martino & Marks, 2001; but see
Deroy & Spence, 2013). Future investigations of musicodor synaesthesia could systematically manipulate features
of music samples, such as pitch, in order to reveal which
specific features trigger particular odors. A similar line of
work, for example, revealed lexical-gustatory associations
in synaesthete JIW were sensitive to sound-symbolic
features of the inducing words (Bankieris & Simner, 2014).
Another possibility is that music-odor associations in
synaesthesia and the general population are mediated by
emotion. Music (e.g., Blood & Zatorre, 2001) and odor
(e.g., Yeshurun & Sobel, 2010) are closely linked to
emotion, and odor and emotion are closely connected in the
brain (Soudry, Lemogne, Malinvaud, Consoli, & Bonfils,
2011), so it is a likely dimension on which associations
could arise. Levitan et al. (2015) asked participants to rate
music-odor matches, and separately rate the music and
odors on a number of dimensional scales. They found that
music-odor pairs were rated more similar when the music
and odor received similar emotion ratings. This parallels the
finding that music-color associations in non-synaesthetes
are strongly mediated by emotion (Palmer, Schloss, Xu, &
Prado-Leon, 2013; Palmer et al., 2016). To what extent
emotion is involved in music-odor synaesthesia remains
unclear, however, it would be in line with proposals for a
role of anatomical proximity in synaesthesia, where it has
been suggested that proximity of brain regions would lead
to cross-activation of those regions (e.g., Ramachandran &
Hubabrd, 2001; Ward, Simner, & Auyeung, 2005)
The present study sheds light on an understudied form of
synaesthesia. In addition, the existence of synaesthesia with
odor as the concurrent modality has important implications
for general theories of odor cognition. Against the
supposition of weak odor representations (Cain, 1979;

Crowder & Schab, 1995; Olofsson & Gottfried, 2015; Speed
& Majid, in press), music-odor synaesthesia is an intriguing
phenomenon where apparently olfactory information can be
activated without the presence of odor stimuli. S could
easily describe her odor associations, in line with the
proposal that limitations of odor language can be overcome
with the right sorts of experience (e.g., Croijmans & Majid,
2016; Majid & Burenhult, 2014; O'Meara & Majid, 2016;
Speed & Majid, 2018; Wnuk & Majid, 2014). S can also
better discriminate odors, and has stronger associations with
odor, supporting the proposal that olfaction is not as limited
as often thought (see also Majid, Speed, Croijmans, &
Arshamian, 2017; Speed & Majid, 2018).
Our study presents an individual with music-odor
synaesthesia for the first time. Future work is needed to
establish the automaticity and long-term consistency of
these synaesthetic music-odor associations. We also
highlight crossmodal associations between music and odor
in non-synaesthetes. Music may not be invisible, as Auden
proposed, but instead becomes more discernable through its
multimodal perceptual associations.
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Abstract
Comprehending action language recruits the action system.
To what extent do action simulations reflect the fine-grained
parameters of real world action? We investigate whether
action simulations are sensitive to speed of an action. In two
experiments participants completed a motor task where they
moved slowly or quickly, followed by a sentence sensibility
task. We found an overall action effect for sentences
describing hand actions: moving slowly increased accuracy
(Exp.1) and reduced response time (Exp. 2). For sentences
describing full-body actions, responses were more accurate
when movement speed matched the speed implied in the
sentence, in Experiment 1 only. This study demonstrates
online action simulation and provides evidence that speed of
action can be simulated during sentence comprehension.
Keywords: embodiment; mental simulation; action; speed

Introduction
A plethora of studies in the embodied language framework
shows that comprehending action language recruits motor
simulations (see Fischer & Zwaan, 2008, for review). For
example, responses to sentences describing actions towards
or away from the body (e.g., open/close the drawer) were
faster when the direction of motion in the sentence matched
the direction of physical response (Glenberg & Kaschak,
2002). Evidence from brain imaging also shows that action
language activates the motor cortex (Hauk, Johnsrude, &
Pulvermuller, 2004; Tettamanti et al., 2005).
A critical remaining question however, is the level of
abstraction from physical actions to action simulations; it is
unclear to what extent action simulations mirror real-world
actions. They may include coarse representations, coding for
salient features such as effector (Hauk et al., 2004) and
direction (Glenberg & Kaschak, 2002), but may not contain
fine-grained temporal and spatial features that actions
require for precision. The current study was designed to
evaluate whether fine-grained features like the speed of an
action shape mental simulations during comprehension of
action language. We investigated this by assessing for the
first time whether comprehension of sentences describing
fast and slow actions is affected by prior engagement in fast
or slow actions. If action simulations closely mirror realworld actions then we expect parameters vital for accurate
motor performance to be coded in these action simulations.
Recent research has shown that online simulations are
sensitive to speed. When listening to sentences describing

actions with fast and slow connotations (e.g., The lion
dashed/ambled to the balloon) looking times towards a
concurrent visual scene were longer for slow actions
compared to fast actions (Speed & Vigliocco, 2014).
Imaging evidence also shows that sentences about fast
motion are mentally simulated differently to sentences about
slow motion (van Dam, Speed, Lai, Vigliocco, & Desai,
2017). Speed, van Dam, Hirath, Vigliocco, and Desai
(2017) provide crucial evidence that speed of action is
represented in the meaning of speed-related words. In an
explicit semantic similarity judgment task, individuals with
Parkinson’s Disease (PD), who have difficulty moving
quickly, had difficulty making judgments about fast words.
Furthermore, this difficulty was specific to verbs describing
fast actions performed with the hand.
To further this growing evidence, in the present studies
we test the effect of movement speed on sentences about
speed of motion using a sentence sensibility judgment task,
a task more implicit than semantic similarity judgments. We
also further explore the potential difference between
language about speeded hand actions (e.g., to grasp) and
speeded actions involving the whole body (e.g., to run).
How can we modify speed of action in an experiment?
Manipulating physical speed during sentence processing
may lead to unwanted attentional demands, and could
interfere with response time measures of comprehension.
So, we decided to manipulate action speed before the
language task. Other studies have shown that sufficient
motor activity prior to performing a language task can affect
processing of action language. For example, Locatelli, Gatti,
and Tettamanti (2012) found that a 3-week action training
period affected performance on a sentence-picture matching
task for sentences about similar hand actions. In fact,
training the motor system for only 20 minutes can induce
comprehension effects. Glenberg, Sato, and Cattaneo (2008)
had participants move 600 beans from one container to
another, towards or away from the body. After this short
duration the motor system had adapted to a particular
direction, which facilitated responses for sentences
describing movement in a matching direction.
In Experiment 1 we used a motor task where participants
wore weights in order to slow down movement, and in
Experiment 2 participants had to balance balls on the back
of a spoon, which made them move slowly. They then
completed a sentence sensibility task on sentences with fast,
slow, or no motion connotation. If the speed of an action is
encoded in comprehenders’ mental simulations then prior
execution of “fast” or “slow” movements should affect
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comprehension of language denoting “fast” and “slow”
actions. In sum, we predict an interaction between
movement speed (fast or slow) and sentence type (fast or
slow).

Experiment 1 Method

Participants
Seventy-two native English speakers (Mage = 21.24, SD =
2.54, 49 females) were recruited from the University of
South Carolina subject pool and assigned to either the
weights (n = 36) or no weights group (n = 36).

Material
The experiment was divided into two sentence sets, to be
analyzed separately due to matching constraints.
Arm/hand sentences Eleven fast and slow verbs describing
actions with the hand/arm (e.g., to shove vs. to roll) were
placed into sentences (e.g., Rick shoved the bag behind the
cupboard), as well as 11 abstract verbs (e.g., to scare) for
“neutral” sentences. Speed (i.e., fast vs. slow) and
concreteness (i.e., speed vs. abstract/neutral) were
manipulated between items because the fast and slow hand
actions were too different to each other to fit into the same
sentence frame. Each participant saw all sentences.
Full-body sentences Thirteen fast and slow verbs
describing actions with the whole body (e.g., to storm vs. to
sneak) were placed into sentences (e.g., The professor
stormed down the corridor), as well as 13 abstract verbs
(e.g., to mourn) for “neutral” sentences. Speed (i.e., fast vs.
slow) was manipulated within items and concreteness (i.e.,
speed vs. abstact/neutral) was manipulated between items.
Each participant saw only one version of each full-body
sentence.
Norming Each verb used in the experiment was rated for
speed by a separate set of participants (n = 7) on a scale of 1
(very slow) to 7 (very fast) with an option of ‘none’
available. For each sentence set words were matched across
conditions on critical psycholinguistic variables (all ps for
main effect of verb type in a three-way ANOVA were >
0.05): number of letters, log decision frequency, number of
orthographic neighbors, number of phonemes, number of
syllables, lexical decision RT, lexical decision accuracy and
naming RT (taken from the English Lexicon Project; Balota
et al., 2007).

Design
Participants either wore wraps with weights (five pounds on
each ankle and three pounds on each wrist) or without
weights, manipulated between subjects. Sentence speed was
manipulated within subjects (fast, slow, none/abstract).

Procedure
Cover story Participants were told that the study
investigated how skin conductance changes as a function of
movement size: moving cans around a table (large arm
movements) and completing a reading task on the computer
(small hand movements and eye movements). Four fake
recording devices were fitted to each participant along with
wraps that either contained weights or did not. Electrodes
were attached to the forearms and calves of each participant
and simulated a recording system. Wraps were placed
around each subject’s wrists and ankles. Two experimenters
acted out a process of checking an electrode’s signal and
subsequently altering its position.
Movement task Participants stood at one end of a table in
front of five full tin cans. They were instructed to move the
cans, one at a time, using alternate hands, to the other end of
the table and place them as indicated by stickers.
Participants had to move their legs and arms to reach the
location. They then had to move the cans back to the
original position in the same manner. This was completed
eight times.
Sentence sensibility task After completing the movement
task the electrodes were checked again and participants
were reminded that the purpose of the next task was to make
small movements with the hands and eyes. It was explained
that eye-movements were not being recorded but that we
were measuring accuracy on the task to check that they were
actually reading the sentences.
Whole sentences were presented on the screen and
participants had to decide if they made sense or not by
responding “j” for “yes” and “f” for “no” on the keyboard.
There were six practice trials with feedback. All sentence
types were presented in one block in a random order. The
sentence sensibility task took around 15 minutes. Subjects
were then debriefed. No subjects indicated awareness of the
true aims of the study.

Results
Those wearing weights took significantly longer to
complete the movement task (M = 501s, SD = 142s) than
those not wearing weights (M = 437s, SD = 70s), t(69) =
2.32, p = .02). Items were removed from analysis if overall
accuracy was less than 75%: for full-body sentences 6 items
were removed and for hand sentences one item was
removed. Individual trials were removed if RT was outside
2.5SD of a subject’s mean RT(<2% of the data). Three
subjects were removed for having accuracy less than 80%
and one subject was removed for having dyslexia.
Linear mixed effects models (LME) in R (lme4 package)
were used to analyze the data, with subjects and items as
crossed random effects and sentence type and group
(weights vs. no weights) as fixed effects. Loglinear models
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were used for analyses of accuracy. Markov chain Monte
Carlo approximation was used in RT analyses to estimate p
values. For both accuracy and RT each sentence set was
analyzed using a model including all three sentence types,
with neutral sentences as the reference level (Model 1) and
then with a model with neutral sentences removed, in order
to compare fast and slow sentence types (Model 2). The
analyses for each sentence set are reported separately.
Hand/arm sentences Sentences describing both fast and
slow hand movements were responded to faster than neutral
sentences (t = 2.33, p = .02; t = 1.94, p = .05), but there was
no difference between fast and slow sentences (t < 1).
Contrary to expectation, wearing weights led to faster
responses than when without weights (t = 2.06, p = .04).
None of the interactions were significant.
For accuracy there was no difference across sentence
types (z < 1) and no effect of group (z = 1.47, p = .14).
There was however a significant interaction between
sentence type and group for neutral and fast sentences (z =
2.5, p = .01) but not neutral and slow sentences (z = 1.62, p
= .11), although there was a trend for the same pattern.
Responses to fast and slow sentences were more accurate
when wearing weights than when not wearing weights, but
this pattern was not present for neutral sentences. When
collapsing fast and slow sentences into one “speed”
condition, this pattern was reflected in a significant
interaction between sentence type and group (z = 2.55, p =
.01). Wearing weights affected sentence accuracy
differently depending on whether the sentence described a
hand action (regardless of speed) or an abstract (neutral)
action (see Figure 1).

Slow full-body sentences were responded to less
accurately than neutral sentences (z = 2.74, p < .01) but not
fast full-body sentences (z = 1.54, p = .12), and there was no
difference between neutral sentences and fast full-body
sentences. Wearing weights did not affect accuracy and
there was no interaction between group and sentence type in
Model 1 (neutral vs. fast z < 1, neutral vs. slow z = 1.13, p =
.23). In line with predictions however, there was a
significant interaction between group and sentence type in
Model 2 (z = 2.12, p = .03). Responses to fast full-body
sentences were less accurate with weights compared to
without weights, and conversely responses were less
accurate to slow full-body sentences without wearing
weights (see Figure 2). Moving at a certain speed led to
difficulty comprehending sentences describing a different
speed.

Figure 2. Accuracy for full-body sentences Experiment 1.

Discussion

Figure 1. Accuracy for hand/arm sentences Experiment 1.
Full-body sentences Sentences describing both fast and
slow full-body movements were responded to faster than
neutral sentences (t = 2.28, p = .02; t = 2.12, p = .03), but
there was no difference between fast and slow sentences (t <
1). Wearing weights did not affect RT (t = 1.5, p = .13), but
there was a trend for responses to be faster with weights
than without. There were no interactions between weights
condition and sentence type (t <1).

Experiment 1 provides evidence that movement speed
affects comprehension of speed-related sentences. For
sentences describing hand actions the effect of weights was
the same for fast and slow actions, but different compared to
abstract/neutral sentences. Wearing weights (slowing
movement) improved accuracy for fast and slow sentences
but not neutral sentences, reflecting a general effect of
action/motion. For sentences describing full-body actions
however, we did find an interaction between described
action speed and group. Wearing weights (slowing
movement) reduced accuracy in comprehending sentences
describing fast full-body actions, but increased accuracy in
comprehending slow full-body actions. This suggests that
comprehension is better when the action system matches the
speed of the action being simulated.
One criticism of Experiment 1 could be that rather than
movement speed we manipulated another parameter, such as
force (more force was required to move whilst wearing
weights). In order to test the generalizability of our findings,
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in Experiment 2 we introduced a new way of manipulating
movement speed.

Experiment 2 Method
In Experiment 2 we manipulated speed without
manipulating force by using a task in which participants had
to move whilst balancing a ball on a spoon. In the fast
group, participants balanced the ball on the regular side of
the spoon, but in the slow group they balanced the ball on
the back of the spoon, where a small hole had been drilled,
making balancing more difficult.

Participants
72 native English speakers were recruited from the UCL
subject pool (Mage = 26.7, SD = 8.4, 44 female) and were
assigned to the fast movement group (n = 36) or the slow
movement group (n = 36).

Sentence sensibility task After completing the movement
task participants sat down at the computer to begin the
sentence task. The same task instructions as Experiment 1
were delivered. Before the task began, the experimenter
acted out beginning the recording for the motion tracker.
The sentence sensibility task took around 15 minutes.
Subjects were then debriefed. No subjects indicated
awareness of the true aims of the study.

Results
The slow group took significantly longer to complete the
task than the fast group. Items were removed from analysis
if overall accuracy was less than 80%: for full-body
sentences 5 sentences were removed and for hand sentences
4 sentences were removed. Individual trials were removed if
RT was outside 2.5SD of a subject’s mean RT (3.2%). Four
subjects were removed for having accuracy less than 80%.
Analyses proceeded in the same manner as Experiment 1.

Material
The same sentences from Experiment 1 were used. For the
movement task, a wooden spoon with a small hole drilled
into the back, 8 small colored balls and 16 small glass
dishes were used.

Design
Participants balanced balls on the normal side of the spoon
(fast group) or the back of the spoon (slow group),
manipulated between subjects. Sentence speed was
manipulated within subjects(fast, slow, neutral/abstract).

Procedure
Cover story Participants were told that the experiment was
part of a project investigating movement patterns under
different conditions, and that this specific experiment
looked at how concentration affects movements in two
different tasks. The first task (movement task) would focus
on balance and stability, and the second task (sentence task)
would focus on concentration while reading. Participants
were told that their movements were being recorded by a
Vicon motion capture system that was present in the room.
The experimenter attached three markers to each arm of the
participant, and acted out a calibration sequence with them.
Movement task There were two tables in the testing room,
and on each table there were 8 small glass bowls, with 4
containing balls. Participants were instructed to take each
ball one at a time and transfer it to an empty bowl on the
other table by carrying it with the spoon (on the regular side
or back). Once all balls had moved to the opposite table, the
task was completed again until the balls were in their
original position. In total, 16 transfers were made.
Participants were given some time to practice balancing
with the ball before the task began.

Hand/arm sentences In Model 1, there was no difference in
response time between fast and neutral sentences (t = .1, p =
.92), and slow and neutral sentences (t = .3, p = .77), nor an
effect of group (t = .04, p = .97). There was, however, a
significant interaction between sentence type and group for
fast and neutral sentences (t = 2.93, p = .003) and slow and
neutral sentences (t = 2.32, p = .02). Responses to fast and
slow sentences were faster in the slow group than the fast
group, but this was not the case for neutral sentences. When
collapsing fast and slow sentences into one “speed”
condition, there was a significant interaction between
sentence type and group (t = 8.85, p = .003). Moving slowly
affected response time depending on whether a sentence
described a hand action (regardless of speed) or an abstract
(neutral) action.
In Model 2, there was no difference between fast and slow
sentences (t = .39, p = .70), no effect of group (t = 1.75, p =
.08) and no interaction (t = .67, p = .50).

Figure 3. Response time for hand/arm sentences
Experiment 2.
For accuracy there was no difference between fast and
neutral sentences (z = .33, p = .74), or slow and neutral
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sentences (z = 1.49 p = .14), no effect of group (z = .66, p =
.51), and no interactions (z = .05, p = .96; z = 1.81 p = .07)
in Model 1. In Model 2, there was no difference between
fast and slow sentences (z = 1.1, p = .27) and no effect of
group (z = .62, p = .54), but there was a marginal
interaction between sentence type and group (z = 1.9, p =
.06). There was a trend for accuracy to fast words to be
higher in the slow group than the fast group, and conversely
for accuracy to be higher to slow words in the fast group
than the slow group.

Figure 4. Accuracy for hand/arm sentences Experiment 2.
Full-body sentences There was no difference in response
time between fast and neutral sentences (t = .66, p = .51), or
slow and neutral sentences (t = .91, p = .37), no effect of
group (t = .91, p = .36) and no interactions (t = .36, p = .72;
t = .72, p = .48). Similarly, there was no difference in
accuracy between fast and neutral sentences (z = 1.75, p =
.08), or slow and neutral sentences (z = 1.32, p = .19).
There was no effect of group (z = .47, p = .64) and no
interactions (z = .43, p = .67; z = .09, p = .93 ).

Discussion
Experiment 2 provides converging evidence that moving
slowly compared to quickly facilitates comprehension of
language about hand actions. But, in contrast to Experiment
1, effects were found in response time, not accuracy.
Furthermore, movement speed did not affect
comprehension of sentences about fast and slow sentences.
The discrepancies between Experiment 1 and 2 are
discussed below in the General Discussion.

General Discussion
In two experiments we show that the speed of prior
movement affects comprehension of sentences describing
fast and slow motion. This provides supporting evidence for
mental simulation of action, as well as evidence that finegrained motion features (speed) can be incorporated into
mental simulations during language comprehension.

For sentences describing hand actions (e.g., to grasp), we
find that comprehension of both fast and slow sentences is
better after moving slowly compared to moving quickly.
This is reflected in higher accuracy (Experiment 1) and
shorter response time (Experiment 2). The longer movement
time in the slow group may prime the motor system to a
greater extent than in the fast group, thereby facilitating
comprehension of action language. However, we did not
observe any interaction between sentence speed and group,
suggesting the action but not its speed was simulated. One
potential explanation may be that the duration of the
described hand actions are too short for speed to be a salient
feature of the simulation. For example, actions such as
“shove” or “roll” have a shorter duration than walking or
running down a corridor, and the brevity of the simulation
may constrain the speed simulation. Yet Speed et al. (2017)
found that Parkinson’s patients have more difficulty with
verbs about fast hand actions than verbs about slow hand
actions, suggesting speed simulation does occur for hand
verbs. The crucial difference however could relate to the
task. Speed et al. (2017) used semantic similarity
judgements on single verbs, where the judgments explicitly
focused on “movement”, therefore requiring more explicit
processing. Speed simulation of hand actions therefore may
occur during deep processing, but not during shallow
comprehension.
Experiment 1 also showed that prior movement speed can
affect comprehension of sentences describing fast and slow
actions with the whole body (e.g., to dash). Comprehension
accuracy for sentences describing fast full-body actions was
higher after prior slow movement (weights) compared to
prior fast movement (no weights), but this was the opposite
for sentences describing slow action. This suggests that
comprehension is better when the action system matches the
speed to the action being simulated. The results mesh with
the findings of a study of stroke patients (Desai, Herter,
Riccardi, Rorden, & Fredriksson, 2015) where fine-grained
parameters of reaching actions were measured. Total time to
perform the action, and time to initiate the action, were
correlated with speed of processing action verbs and nouns,
relative to that of abstract words, in lexical decision and
similarity judgment tasks. In Experiment 2 here however,
we did not replicate this effect. One explanation for this
could be that although participants did move more slowly in
the “slow” condition, it was the hands that were particularly
restricted in movement (keeping the ball balanced on the
spoon), not the feet. In Experiment 1 however, both the
hands and feet had weights attached, and moving the feet
may be more relevant for the types of actions described.
We also note that effects were observed in measures of
accuracy in Experiment 1, but response time in Experiment
2. Effects are typically observed in error measurements in
tasks that are particularly difficult or when participants are
under time pressure (e.g., Rueschemeyer, Lindemann, van
Rooij, van Dam, & Bekkering, 2010). Rueschemeyer at al.
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(2010) found effects in accuracy but not RT when the
concurrent motor task was quite demanding (Experiment 1)
but effects in RT when the motor task was easy (Experiment
2). In Experiment 1 of the present study, participants
continued to wear weights during the sentence task, which
meant that the hands were slightly restricted in movement
(i.e., responding was more difficult). Additionally,
participants tended to enjoy the balancing task in
Experiment 2 more, seeing it as a challenge, whereas the
task in Experiment 1 was mundane and repetitive. Further
studies could investigate this explanation by manipulating
task difficulty and time pressure and assessing
comprehension accuracy.
Overall, this study has demonstrated that movement speed
can affect comprehension of action language, with greater
movement time facilitating comprehension. We further
demonstrate that speed of action can be simulated during
action sentence comprehension, but that coding of speed
may be effector-specific (i.e., feet vs. hands). Using a
method in which a specific dimension of action can be
manipulated has enabled us to investigate further details and
specifications of action simulation observed during
comprehension. Action simulations may not contain simply
coarse, highly abstracted action information, but reflect at
least some fine-grained motion dynamics that are observed
in real-world actions.
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Abstract
The nature of the mental processes involved in metaphor
comprehension has been the focus of debate. Research related to
this debate has mainly examined the comprehension of simple
nominal metaphors. Here we take an individual-differences
approach to examine the comprehension of slightly more
complex metaphors, some taken from literary sources, using two
types of comprehension tests (selecting an overall interpretation
or else selecting a completion). In a series of metaphorcomprehension experiments with college students, we measured
both fluid intelligence (using the non-verbal Raven’s Progressive
Matrices test) and crystalized verbal intelligence (using a new
Semantic Similarities Test). Each measure had a dissociable
predictive relationship to metaphor comprehension, at least for
those of the more complex literary variety. The pattern of
individual differences suggests that metaphor comprehension
broadly depends on both crystalized and fluid intelligence, with
the latter less important for relatively simple metaphors.
Keywords: metaphor, analogy, conceptual combination,
similarity, individual differences, intelligence

Introduction
Metaphor is the use of language to describe one thing in terms
of something else that is conceptually very different, as in the
poet Theodore Roethke’s lament, “my memory, my prison.”
Metaphor and related cognitive processes have been linked
to creative thinking not only in poetry (Holyoak, 1982, in
press), but also in many scientific fields (e.g., Dunbar &
Klahr, 2012). In artificial intelligence, the goal of
automatically detecting and comprehending metaphors
encountered in text corpora represents a current frontier (e.g.,
Gagliano, Paul, Booten, & Hearst, 2016). Given its evident
importance in human thinking and language, an important
goal for cognitive science is to understand how people grasp
metaphors.
Psychologists, linguists, and philosophers have advanced
many alternative theories, but two general accounts of
metaphor comprehension have been especially influential.
One proposal has been that metaphor comprehension requires
analogical reasoning to relate the target to the source.1 The
idea that metaphor is based on analogy originated with
Aristotle, and was advanced in modern times by Black
(1962). In psychology, the hypothesis was developed further

by Tourangeau and Sternberg (1981, 1982), Trick and Katz
(1986), and Gentner and Clement (1988). An alternative
account, proposed by Glucksberg and Keysar (1992), claims
that nominal metaphors are interpreted as categorization
statements. On this view, when Roethke claims that his
memory is a prison, the target (memory) is stated to be a
member of a category specified by the source (prison), where
the latter takes on an abstract meaning like “location of
extended confinement,” rather than its more specific meaning
of a building that houses prisoners. Metaphor-ascategorization can be modeled as a kind of conceptual
combination (Kintsch, 2000, 2001; Kintsch & Bowles, 2002).
Despite decades of research addressing the question of
whether metaphor comprehension depends on analogy,
categorization, or some mix of both (e.g., Bowdle & Gentner,
2005), no firm answer has emerged (for a recent review see
Holyoak & Stamenković, 2017). Psychological studies have
largely focused on simple nominal metaphors (e.g., “The
lawyer is a shark”). It appears that these can generally be
comprehended without involvement of the brain area most
closely linked to complex analogical reasoning (rostrolateral
prefrontal cortex; see meta-analyses by Bohrn, Altmann &
Jacobs, 2012; Rapp, Mutschler, & Erb, 2012; Vartanian,
2012). Thus available neural evidence does not support the
hypothesis that analogy plays a major role in comprehending
simple metaphors (even when the metaphor is novel; see
Cardillo et al., 2012). At the same time, even proponents of
the categorization view have cautioned that not all metaphors
can be comprehended on the basis of categorization
(Glucksberg & Haught, 2006).
The present study was guided by three major aims. First,
we wished to examine comprehension of metaphors that are
somewhat more complex than the nominal form, including
examples drawn from literary sources. Second, rather than
continuing to focus on specific models of metaphor
comprehension, we stepped back to consider the general role
of metaphor as a bridge between human thinking and
language. Classical theories of intelligence (Cattell, 1971)
distinguish between fluid and crystalized intelligence, where
fluid intelligence involves reasoning (often nonverbal) about
novel problems detached from prior knowledge, and
crystalized intelligence involves reasoning (typically verbal)

1
In linguistics, the terms topic and vehicle are sometimes used for what
we term the target and source. The latter terms are commonly used in
discussions of analogical reasoning.
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that draws upon prior knowledge. Metaphor comprehension
seems likely to tap both of these basic forms of intelligence.
Third, our focus on types of intelligence in turn led us to
adopt an individual-differences approach to investigate
metaphor comprehension.
A relatively small number of previous studies have
investigated individual differences in cognitive factors that
might impact processing of metaphors. Trick and Katz (1986)
found positive correlations between people’s scores on a test
of analogical reasoning and ratings of the comprehensibility
of metaphors, especially when the source and target were
drawn from dissimilar categories. A measure of vocabulary
knowledge (which would be expected to reflect crystalized
intelligence) did not add any predictive power. Nippold and
Sullivan (1987) reported that within a sample of children,
perceptual analogical reasoning was related to verbal
analogical reasoning, as well as to comprehension of
proportional metaphors (albeit weakly). A measure of verbal
analogical reasoning did not add any predictive power. Thus
neither of these studies provided support for a role of
crystalized verbal intelligence in metaphor comprehension.
Kazmerski, Blasko, and Dessalegn (2003) had their
participants complete IQ and working-memory tests, and rate
and interpret a set of metaphors. The IQ measure included
both fluid and crystalized components. They found that lowIQ participants produced poorer-quality interpretations
relative to high-IQ individuals. A vocabulary subtest
predicted interpretation quality (in apparent contrast to the
null finding reported by Trick & Katz, 1986). However, a
measure of spatial working-memory did not correlate with
verbal IQ and did not predict quality of metaphor
interpretations (a finding apparently contrary to that reported
by Nippold & Sullivan, 1987). Thus although overall IQ
predicted quality of metaphor interpretations, Kazmerski et
al.’s findings did not clearly distinguish the impact of fluid
and crystalized intelligence.
In a study by Chiappe and Chiappe (2007), individuals who
scored high on a working-memory test generated higherquality interpretations of metaphors more quickly. Measures
of inhibitory control (based on Stroop interference and
intrusion errors on a memory test) also predicted metaphor
processing (also see Pierce & Chiappe, 2008). Both working
memory and inhibitory control are executive functions
closely linked to fluid intelligence (Ackerman, Beier &
Boyle, 2005). In a production task, Chiappe and Chiappe
found that measures of vocabulary knowledge and exposure
to print (linked to crystalized intelligence) also predicted
metaphor quality. Indeed, the measures of crystalized
intelligence yielded somewhat higher correlations with
metaphor than did the measures of working memory.
Thus although findings have been mixed, at least the study
by Chiappe and Chiappe (2007) suggests that both fluid and
crystalized intelligence have an impact on metaphor
interpretation and production. The present study sought
2

additional evidence of potential individual differences in
metaphor comprehension.

Experiment 1
In Experiment 1 we administered tests of both fluid and
crystalized intelligence to participants who performed a task
requiring comprehension of metaphors, selected from both
literary and nonliterary sources.

Participants
A total of 76 undergraduate students at the University of
California, Los Angeles (UCLA) (female = 50, male = 25,
undeclared = 1; mean age = 21.1) participated in the study for
course credit. They were either native speakers of English, or
bilinguals who spoke English fluently (self-assessed). Data
from an additional five participants were dropped from
analyses based on criteria indicative of carelessness or
inattention on the verbal tasks: score of 12 or lower on the
Semantic Similarities Test (max = 40), or 5 or lower (max =
20) on each set of metaphors, or extremely short overall
response time (under 15 minutes for the entire set of tasks).

Design, Materials, and Procedures
Participants completed three tasks in a fixed order.
Raven’s Progressive Matrices (RPM). Scores on this nonverbal intelligence test (Raven, 1938) correlate highly with
measures of working memory as well as analogical reasoning
(Snow, Kyllonen & Marshalek, 1984). The RPM is generally
considered to be a highly reliable measure of fluid
intelligence; to the best of our knowledge, it has never been
used previously in conjunction with a test of metaphor
comprehension. We used a short form of this test (Arthur et
al., 1999), adapted for computer administration using
SuperLab software.
Semantic Similarities Test (SST). 2 We created a new
instrument to provide a rapid assessment of crystalized verbal
intelligence with face validity of relevance to metaphor
comprehension. The SST is designed to measure participants’
ability to identify similarities between concepts expressed as
single words. The test comprises 20 items (pairs of words),
ordered from easy-to-hard based on preliminary data. For
each pair, participants answered the question, “How are the
two concepts in each pair similar to one another?” The
instructions included two examples (chair-sofa and turtletank, for which the answers provided were “both are types of
furniture” and “both have a form of armor”, respectively).
An answer key was compiled based on pilot testing, which
allowed us to score the participants’ responses as fully correct
(2), partially correct (1) or incorrect (0). An example of an
easy item is bird-airplane (correct answer: “flies”, or “both
have wings”). More difficult is tavern-church (correct
answer: “public building” or “a place of gathering”). The
most difficult pairs were taken from nominal metaphors. An

The SST with scoring key is available from the authors upon request.
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example of a difficult item is love-drug (correct answer:
“addictive”, or “affects brain/thinking”).
The resulting scale had an acceptable level of internal
consistency (Cronbach’s alpha = 0.61, based on data from
280 participants). Whereas the RPM is a formal and
nonverbal test in which semantic knowledge plays virtually
no role, the SST is a verbal test in which semantic knowledge
of word meanings is critical. The task is similar to the
Wechsler Adult Intelligence Scale (WAIS) Similarities
subscale (a measure of verbal comprehension), but with
entirely different items. The RPM and SST thus complement
each other as relatively pure measures of fluid and crystalized
verbal intelligence, respectively. We would, however, expect
scores on the two tests to be correlated, as both should load
on the g factor (general intelligence; Ackerman et al., 2005;
Spearman, 1927).
Metaphor comprehension. The final task in this experiment
consisted of 40 metaphor comprehension items, 20 from
literary sources and 20 nonliterary. The literary metaphorical
statements were selected from a list of literary metaphors
drawn from poetry anthologies by Katz et al. (1988). The
metaphors we chose were rated high on a goodness scale in
the Katz et al. study; e.g., “The tongue is a bayonet.” Their
syntactic forms included nominal (X is Y), nominal with an
adjective modifier, and nominal with a prepositional phrase.
The nonliterary metaphors included 20 items, some of
them adapted from word pairs generated by Green et al.
(2010, 2012) to make proportional verbal analogy problems
in the form A:B :: C:D (e.g., roof:house :: hat:man). By
dropping the D term, we converted some of these items into
proportional metaphors in the form A is the C of B (e.g., “A
roof is the hat of a house”). We augmented the set with
similar items that we created following the same pattern. The
literary and nonliterary items were intermixed and presented
in a randomized order.
Comprehension was assessed by a task requiring selection
of the best interpretation. For each metaphorical statement,
three potential interpretations were provided, and the
participants were asked to select the correct one. Examples of
the interpretation task, for both literary and nonliterary
metaphors, are shown in Table 3. (The examples in Table 3
are drawn from metaphors used in Experiment 2, which
overlapped with those in the sets tested in Experiment 1.)
The stimuli for all three tasks were presented on a computer
screen and participant responses were recorded. Instructions
for each task were given immediately preceding that task.
There was no time limit on any task, but participants were
instructed to complete each task as quickly as possible.

Results
Performance on each task is summarized in Table 1.
Table 1. Descriptive statistics for each test (Experiment 1).
Test

Mean

Max

SD

Range

RPM
SST
Literary metaphors
Nonliterary metaphors

6.64
29.03
15.90
18.49

12
40
20
20

2.90
4.05
2.91
2.33

0–12
19–37
6–20
7–20

Correlation and regression analyses were performed to
assess the interrelationships among the RPM, SST and
metaphor comprehension. RPM and SST scores were
moderately correlated with each other (r(76) = .31, p = .006).
As summarized in Table 2, each individual-difference
measure was correlated with accuracy on the comprehension
test for both literary and nonliterary metaphors (individual
correlations ranging from .37 to .49, p < .01 in all cases).
Multiple regression analyses revealed that for both types of
metaphors, RPM and SST scores each predicted separable
variance in comprehension accuracy, with partial correlations
ranging from .26 (RPM for nonliterary metaphors, p < .05) to
.42 (SST with nonliterary metaphors, p < .001). This pattern
suggests that while both measures have an impact on
metaphor comprehension, RPM (fluid intelligence) may be
somewhat less important than SST (crystalized intelligence)
for the nonliterary metaphors.
Table 2. Correlations and partial correlations of individualdifference measures with metaphor comprehension
(Experiment 1).
Literary
Nonliterary
Partial
Partial
Correlation
Correlation
Correlation
Correlation
.43***
.34**
.37**
.26*
RPM
.43***
.34**
.49***
.42***
SST
*** p <.001; ** p< .01; * p < .05

Experiment 2A
Experiment 2 was designed to extend the findings of
Experiment 1 by using multiple assessments of metaphor
comprehension. In addition to the interpretation task used in
Experiment 1 (select the best interpretation from a set of
options), we also used a completion task (select the best word
to complete a metaphor from a set of options). To avoid
repeating items with different tasks, the 2 x 2 design
(literary/nonliterary metaphors x interpretation/completion
task) was decomposed into two pairs of conditions, which
were run and analyzed separately. Table 4 shows examples
of each type of metaphor with each comprehension task.
Experiment 2A examined literary metaphors with the
completion task and nonliterary metaphors with the
comprehension task; Experiment 2B examined literary
metaphors with the interpretation task and nonliterary
metaphors with the completion task. We will introduce all
four conditions as we describe Experiment 2A.

Participants
A total of 101 undergraduate UCLA students (female = 77,
male = 23, undeclared = 1; mean age = 20.1) participated in
the study for course credit. They were either native speakers
of English, or bilinguals who spoke English fluently (selfassessed). Data from an additional 11 participants were
dropped from analyses based on criteria indicative of
carelessness or inattention on the verbal tasks: score of 12 or
lower on the Semantic Similarities Test (max = 40), or 4 or
lower (max = 15) on each set of metaphors, or extremely
short overall response time (under 15 minutes for all tasks).
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Table 3. Examples of literary and nonliterary metaphors in completion and interpretation tasks (Experiment 2).
Literary Metaphor Comprehension

Nonliterary Metaphor Comprehension

Completion
Interpretation
Water is the blood of soft The expression Water is the blood
_________.
of soft snows means:
1) dreams
1) Water brings coldness.
2) snows*
2) Water originates from soft
3) air
snows.*
3) Soft snows are thicker than
water.

Completion
Interpretation
An election is the __________ of The expression An election is the
votes.
harvest of votes means:
1) cultivation
1) Candidates collect signatures in
2) sowing
an election.
3) harvest*
2) Elections are scheduled at the
same time as harvests.
3) Candidates collect votes in an
election.*
A tire is the __________ of a car. The expression A tire is the shoe
1) shoe*
of a car means:
2) ankle
1) Tires and shoes have the same
3) elbow
patterns.
2) Tires are made in the same way
as shoes.
3) Tires help cars move on the
ground.*
__________ is the morning of The expression Childhood is the
life.
morning of life means:
1) Old age
1) Childhood is initiated before
2) Adulthood
life.
3) Childhood*
2) Childhood comes at the same
time as life.
3) Childhood comes early in life.*

__________ is a leaf in the The expression Man is a leaf in the
gardens of God.
gardens of God means:
1) Goddess
1) God cherishes human beings.*
2) Man*
2) God waters the soil.
3) Mother
3) Human beings love God.

The _________ is a rope that The expression The soul is a rope
binds heaven and earth.
that binds heaven and earth
1) mind
means:
2) body
1) The soul contains both heaven
3) soul*
and earth.
2) The soul is what makes heaven
look like earth.
3) The soul allows one to travel
from earth to heaven.*
* indicates the response scored as correct

Table 4. Descriptive statistics for each test (Experiment 2).

Design, Materials, and Procedures

A: Results of Experiment 2A

As in Experiment 1, all participants completed the RPM,
SST, and metaphor comprehension tasks, in that order. The
metaphors used in Experiments 2A and 2B (15 literary and
15 nonliterary) were generally selected from among those
used in Experiment 1, with a few revisions. We also revised
some of the options, aiming to make them more challenging.
Table 3 presents some examples.
In Experiment 2A, the comprehension task consisted of
two conditions, administered in a fixed order. The first
condition used literary metaphors with a completion task, in
which each metaphor was presented with a blank (e.g.,
Sunlight is a golden ________.) for which a completion was
to be chosen. Three options were presented underneath, one
of which (scored as correct) was from the original metaphor
(for this example, dust).
The second condition used 15 nonliterary metaphors with
the task of choosing the best interpretation, as in Experiment
1. Within all metaphor-related tasks, the items were displayed
in a randomized order for each participant.
For all tasks, stimuli were displayed on a computer screen
and participant responses were recorded. Participants
received the instructions for each task separately, just before
the relevant task. There was no time limit for any task, but
participants were instructed to complete the task as quickly
as possible.

Results
Performance on each task is summarized in Table 4.

Test

Mean Max

SD

RPM
SST
Literary metaphors
(completion)
Nonliterary metaphors
(interpretation)

7.11 12
30.02 40

2.67 2–12
3.83 15–37

Range

10.09 15

1.88 5–15

14.08 15

1.28 7–15

B: Results of Experiment 2B
Test

Mean Max

SD

RPM
SST
Literary metaphors
(interpretation)
Nonliterary metaphors
(completion)

6.55 12
28.99 40
11.49 15

2.27 1–11
3.91 14–37
1.82 7–15

Range

12.02 15

1.66 7–15

As in Experiment 1, correlation and regression analyses
were performed to assess the interrelationships among the
RPM, SST and metaphor comprehension. RPM and SST
scores were again reliably correlated with each other (r(101)
= .32, p = .001). As summarized in Table 5, both individualdifference measures were correlated with accuracy on the
completion task with literary metaphors. Partial correlations
revealed that each of the two individual-difference measures
contributed separately to predicting performance for this
condition. However, for the simpler nonliterary metaphors
used in the interpretation task, only SST scores were a

2545

reliable predictor of performance (based on both raw and
partial correlations).
Table 5. Correlations and partial correlations of individualdifference measures with metaphor comprehension
(Experiment 2).
A: Pattern in Experiment 2A

RPM
SST

Literary
Nonliterary
Partial
Partial
Correlation
Correlation
Correlation
Correlation
.38***
.30**
.19
.10
.36***
.27**
.31**
.26**

B: Pattern in Experiment 2B
Literary
Nonliterary
Partial
Partial
Correlation
Correlation
Correlation
Correlation
.34***
.27**
.17
.08
RPM
.30**
.21*
.32**
.28**
SST
*** p <.001; ** p< .01; * p < .05

Experiment 2B
Method
Experiment 2B was identical to Experiment 2A, except that
the metaphor task consisted of the interpretation condition
with nonliterary metaphors, followed by the completion
condition with literary metaphors.
A total of 103 undergraduate UCLA students (female = 70,
male = 33; mean age = 20.31) participated in the study for
course credit. They were either native speakers of English, or
bilinguals who spoke English fluently (self-assessed). Data
from an additional nine participants were dropped from
analyses based on the same criteria as in Experiment 2A.

Results
Performance on each task is summarized in Table 4B.
Correlation and regression analyses were again performed to
assess the interrelationships among the RPM, SST and
metaphor comprehension. RPM and SST scores were again
reliably correlated with each other (r(103) = .31, p = .001).
As summarized in Table 5B, both individual-difference
measures were correlated with accuracy on the interpretation
task with literary metaphors. Partial correlations revealed that
each of the two individual-difference measures contributed
separately to predicting performance for this condition. For
the simpler nonliterary metaphors used in the completion
task, only SST yielded a significant raw correlation with
metaphor performance, and also a reliable partial correlation.

Discussion
The present study took an individual-differences approach to
examine the cognitive factors that impact comprehension of
metaphors. Following Katz et al. (1988), we differentiated
between metaphors that originated in literary sources and
those from nonliterary sources (generally constructed by
psychologists for experimental purposes). We used two tasks
to assess comprehension (respectively requiring choice of the

best interpretation, or the best completion, for each
metaphor), and also had participants complete two tests that
assess aspects of cognition that might modulate the ability to
grasp metaphors: the RPM (a standard measure of fluid
intelligence), and a new Semantic Similarities Test (SST).
The SST, designed to tap into the kind of crystalized verbal
intelligence that might be expected to impact metaphor
comprehension, has greater face validity than previouslyused verbal measures, such as vocabulary knowledge.
The two ability tests proved to be moderately correlated
with one another, as would be expected given the evidence of
a general (g) factor in intelligence. However, the pattern of
correlations with metaphor comprehension differed between
the two tests. In each of three experiments, scores on the SST
contributed unique variance to prediction of comprehension
accuracy for both literary and nonliterary metaphors. In
contrast, RPM was a robust and separable predictor for
literary metaphors, but its contribution to predicting
performance with the simpler nonliterary metaphors was
weaker (Experiment 1) or statistically undetectable
(Experiments 2A and 2B).
The present findings are in accord with Chiappe and
Chiappe’s (2007) evidence that both fluid and crystalized
intelligence affect metaphor comprehension, with crystalized
intelligence being the more potent factor (at least for simpler
metaphors). Given the strong association between the RPM
and measures of analogical reasoning (Snow et al., 1984), the
relative weakness of the connection between RPM scores and
comprehension of simple metaphors casts further doubt on
the hypothesis that complex analogical reasoning is
necessary to understand such metaphors (Holyoak &
Stamenković, 2017).
Our findings are, however, consistent with the possibility
that analogical reasoning is involved in comprehending more
creative metaphors, such as those that poets produce. But
comprehension of a wide range of metaphors appears to also
depend on reasoning processes that operate at the level of
lexical semantics. Some form of conceptual combination may
be involved (e.g., Kintsch, 2000). Rather than simply
reflecting ease of retrieving vocabulary items, crystalized
verbal intelligence appears to involve active integration of
semantic knowledge—what I. A. Richards (1936) called “the
interanimation of words”.
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Abstract
Generative models of human identity and appearance have
broad applicability to behavioral science and technology, but
the exquisite sensitivity of human face perception means that
their utility hinges on the alignment of the model’s representation to human psychological representations and the photorealism of the generated images. Meeting these requirements is an
exacting task, and existing models of human identity and appearance are often unworkably abstract, artificial, uncanny, or
biased. Here, we use a variational autoencoder with an autoregressive decoder to learn a face space from a uniquely diverse
dataset of portraits that control much of the variation irrelevant to human identity and appearance. Our method generates
photorealistic portraits of fictive identities with a smooth, navigable latent space. We validate our model’s alignment with human sensitivities by introducing a psychophysical Turing test
for images, which humans mostly fail. Lastly, we demonstrate
an initial application of our model to the problem of fast search
in mental space to obtain detailed “police sketches” in a small
number of trials.
Keywords: face recognition, machine learning, generative
models, images

Introduction
Generative models of human identity and appearance have
broad applicability to behavioral science and technology. For
example, psychologists and neuroscientists can use them to
create experimental stimuli, varying the degree of similarity between a target face and a lineup of other faces to test
an observer’s face recognition abilities. Computer vision
researchers can use them to create face-detection and facerecognition technologies for applications in security and social media. And artists can use them to create engaging animated characters in video games.
Any generative model of human identity and appearance
can be cleaved into two parts: (1) a so-called latent “face
space”, the underlying multidimensional psychological space
of perceived features and properties that specifies which faces
are similar to which other faces, and (2) a renderer that converts a point in the face space to an image. The success of a
generative model of human identity and appearance, then, depends on the quality of both the face space and the renderer.
One way to create a high-quality generative model of human identity and appearance is to learn the model directly
from a corpus of portraits, using machine learning methods
such as deep neural networks to construct a latent face space
and renderer that reflect the training data. With an adequately
large and diverse data set that contains variation relevant to
human identity and appearance, such an approach holds considerable promise in achieving the goal of creating generative
*JWS and JCP contributed equally to this submission.

Figure 1: A fictive identity from the model at 512 × 512 px.
models with smoothly navigable and interpretable face spaces
that render into photorealistic portraits representative of human diversity.
The plan of the paper is as follows. We begin by presenting a uniquely diverse dataset of portraits that control much
of the variation irrelevant to human identity and appearance.
Next we train a deep neural network (specifically, a variational autoencoder with an autoregressive decoder) on these
images. We then perform a visual Turing test for assessing
the quality of such models for use with humans, and show
that our best model nearly passes the test. Next, we show that
samples from the model can be enlarged and drastically improved while preserving identity. Lastly, we demonstrate an
initial application of our model to quickly extracting information from human mental representations, yielding expertless
“police sketching”, reducing by tenfold the number of human
judgments required in comparison to previous methods .

Learning a latent face space
for human experiments
The face space learned by a neural network reflects in part
the images used to train it. Many image sets of faces used
for training networks are confounded by variation unrelated
to identity, while lacking representative variation essential to
it. Confounded properties include those of the photographer
and equipment (photographer, camera model, lens model,
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focal length, focal point, aperture, exposure time, distance
to subject, camera placement, light design), the subject’s
ephemeral state (facial expression, pose, arousal), the environment (background imagery, ambient lighting), and postprocessing (resolution, digital format, color grading, white
balance, gamma correction, compression quality, watermarking, and digital alteration of skin complexion, hair color, and
face shape), among others. Though learning a representation
of identity that is invariant with respect to these properties
requires a training set that varies along them, holding these
properties constant greatly simplifies the learning problem in
contexts where such invariance is irrelevant (Zhang & Gao,
2009). And though there are public datasets of human faces
that control much of this variation, they tend to have too few
unique individuals, precluding the possibility of learning a
universal face space.
Because our goal is to produce a latent space of human
identity useful for empirical experiments with humans, it is
just as important that this representation be decodable into
images that are free of distortions and artifacts, because human judgments of such images may often mistake them for
features, or otherwise remove the natural context of the visual stimuli that humans often reason within. This is a difficult problem in machine learning, and will likely require a
dataset with well-controlled variation so it can be learned using current methods, yet it also requires just the right diversity,
avoiding heavy bias towards attractive celebrities and certain
ethnicities.

The Humanæ Dataset
To assist in the effective training of a representative latent face
space for human identity, we use a novel dataset based on Humanæ, an artistic work by Angèlica Dass that explores human
diversity by mapping the gamut of skin tone across over 3, 300
people, with minimal constraints on participant selection. Of
particular note is that the images are so nearly unvaried in their
production that variation across the images focuses solely on
the diversity of human visual identity. The abundance of controlled variation relevant to identity makes the dataset useful
despite its relatively small size when compared to other face
datasets used to train deep neural networks.
The dataset consists of 3, 353 front-facing portraits scraped
from the project’s website (http://humanae.tumblr.com/) with
permission. Portraits were first resized by Lanczos resampling to 1024 × 1024 pixels. Next, the portraits were
aligned through Procrustes superimposition of facial landmarks, which rotates, scales, and translates each portrait to
minimize the squared distances between the detected landmarks and those on a target, here a composite that places each
landmark at its average position across all portraits in the set.
Facial landmarks were detected using a pre-trained ensembleof-regression-trees detector (Kazemi & Sullivan, 2014). After
cropping a 640 × 640 square from the center of each portrait,
they were then downsampled to the training size of 512 × 512
pixels by Lanczos resampling.
We note that, although this dataset is small by the stan-

dards of modern machine learning applications, it is nevertheless effective given its well-controlled production by the
artist. Forty-eight images from this dataset can be seen in Figure 2. The background of each image was matched to the skin
tone of each face by the artist, a property we left intact.

Generative Models
To assess candidate face spaces, we employed two families
of generative models and one hybrid. Generative Adversarial
Networks (GANs; Goodfellow et al., 2014) are a kind of deep
neural network known to produce high-quality samples with
reasonably good latent spaces. In particular, we use a type
of GAN called WGAN-GP (Gulrajani et al., 2017) because
it showed slight improvements over other GANs we tested.
Samples from the best-performing model are shown in Figure
3. As expected, the quality is high, despite numerous artifacts.
The second type of model that we explored are variational
autoencoders (VAEs; Kingma & Welling, 2014), another type
of deep neural network. Most VAEs produce samples and reconstructions that are too smooth for our purposes, appearing
slightly abstract and with a soft focus. To this end, we opted
to train a deep “feature-consistent” variational autoencoder
(DFC-VAE; Hou et al., 2017), which preserves the spatial correlations between features, improving the appearance of the
generated images. Surprisingly, samples from this model are
indeed competitive with WGAN-GP (Figure 4), although the
model has difficulty in rendering hair.
Lastly, we opted not to train autoregressive models, which
sample pixels sequentially, with each pixel depending on the
value of all pixels previously sampled. Though these autoregressive models perform well, they do not provide a navigable
latent space and thus are not suitable for our purposes. Instead, we trained a hybrid model, PixelVAE (Gulrajani et al.,
2016), which provides a navigable face space that captures
course variation, and uses a (partially) autoregressive decoder
only to render finer visual detail. This is a particularly good
match for capturing human identity from portraits because it
allows for an accessible latent space, while encoding fine image detail elsewhere. Indeed, we find that this approach is
effective for our data. The samples in Figure 5 appear perfect
in many respects, including striking detail, variation, and little
to no artifacts. Though it seems clear to us that this model is
superior (and a good candidate for use in human experiments),
each model has its advantages. In the next section, we turn to
a more concrete assessment of sample quality.

Experiment 1: Visual Turing Tests
Though several objective heuristics exist for measuring the visual quality of generated images, because we are developing
a generative model for use in experiments with human participants, it is more important that the generated images are
of high visual quality from the subjective perspective of a human observer. This is particularly true for synthesized faces,
which are notoriously susceptible to the “uncanny valley” effect (Mori, 1970), where synthetic faces near the threshold of
photorealism appear bothersome.
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Figure 2: Sample images from the aligned/cropped Humanæ dataset.

Figure 3: Samples from WGAN-GP trained on humanæ.

Figure 4: Samples from DFC-VAE trained on humanæ.

Figure 5: Samples from PixelVAE trained on humanæ.
To evaluate the degree to which we can traverse this valley,
we use a visual Turing test for synthesized images that draws
on methods from perceptual psychophysics to measure people’s ability to distinguish real from synthesized photographs
of faces, where the synthesized photographs are samples from
each of the candidate models. This stands in contrast to two
other forms of visual Turing test, one in which a human adjudicator determines which of two images was generated by
human behavior (Lake et al., 2015), the other in which a visual
recognition task is used to determine whether the observer
performing the task is a human (Von Ahn et al., 2003; Geman et al., 2015). Our test allows us to answer the question of

which models can successfully fool humans and how this ability interacts with image size. The latter is important because
successful generative models are often trained and tested with
small images, e.g., 32 × 32 px, and it is unclear how many
pixels are required for humans to make sensible judgments.
We collected such judgments from 250 participants recruited from Amazon Mechanical Turk, each of whom performed 40 trials, 10 for each log-spaced size from 16 × 16 px
to 64 × 64 px. On each trial, one image was selected from the
training set and the other was a sample from one of the three
candidate models. We also included a fourth candidate model
as a control, one for which we know participants can easily
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random samples that identities and their composites are preserved, and only the quality and size of the image are improved.
We also tested for overfitting by randomly selecting 8 samples and finding their nearest neighbor in the training set, defined by pixelwise linear correlation. As evident in Figure 9,
samples and their nearest neighbors in the training set depict
different identities.
For our purposes, a useful machine representation is one
that can be explored locally by humans and yield interesting
variations on a concept. Figure 8 shows four levels of variation added to a base sample. This simple procedure allows us
to propose small adjustments to facial features or hair, as well
as large adjustments that dramatically alter identity along several meaningful dimensions. In the next section, we will use
these properties to interact with human explorers.

Image size (px)

Figure 6: Psychophysical detection curves for each model.
PixelVAE performs consistently better, and straddles the dotted line representing chance performance.
distinguish samples from real photographs: a model that generates images by bootstrap resampling pixels from portraits
in the Humanæ dataset. The results are plotted in Figure 6.
WGAN-GP performs worst, likely due to diverse artifacts,
whereas PixelVAE consistently outperforms all other models
in fooling humans. In fact, it stays near or below the line of
chance for all image sizes, effectively traversing the uncanny
valley for this domain. It is notable that near-perfect samples are rarely obtained in generative image models, outside
of small domains such as MNIST (LeCun et al., 2010) and
SVHN (Netzer et al., 2011).

Improving image quality
and exploring the latent space
While our visual Turing tests show that our samples can fool
human participants, they are still relatively small compared to
the average comfortable stimulus sizes used in human experiments. This is an unfortunate feature of most modern generative image networks, which struggle to learn distributions
over large sets of pixels. However, we note that the 64 × 64pixel portraits generated by the PixelVAE carry enough information to convey identity (Bachmann, 1991). This suggests
our samples can be improved by a super-resolution network
that enlarges the image, inventing plausible fine details while
preserving identity.
To do this, we use a generative adversarial network with
an added content loss as our super-resolution upsampler network (Ledig et al., 2016). We train this network to enlarge
64 × 64-pixel portrait inputs to 512 × 512-pixel outputs. Figure 7A shows enlarged PixelVAE samples. To our knowledge,
these are among the highest quality synthesized facial identities produced by a deep neural network. Figure 7B demonstrates through enlargements of linear interpolations between

Experiment 2: Composite sketches via
interactive evolutionary computation
A valuable but challenging application of generative models
of human identity and appearance is the revelation of identities and appearances available only in a person’s mind. For example, in police composite sketching, a trained artist with expertise in portraiture aims to translate witness testimony into a
workable sketch that will enable law enforcement officials to
recognize on sight the perpetrator of a crime (Mancusi, 2010).
Or when creating cover art for a book, an illustrator may wish
to render a character’s likeness using vague suggestions from
the text.
Searching the latent space of a generative model of human
identity provides a way to render these obscured identities.
For example, software-based facial-composite tools used by
some law enforcement agencies guide a witness through a series of sequential decisions about facial features to arrive at a
well-formed composite sketch. When that generative model
has been learned directly from a corpus of human identities,
the model’s latent space may reflect the underlying variation
in a way that benefits the search.
Various search and optimization algorithms are available,
with some having proven particularly useful for human-inthe-loop search. Interactive evolutionary computation, a technique that inserts humans into various stages of an evolutionary process (e.g., as the fitness function), has been successfully used for human-in-the-loop search over digital designs
and in other contexts (Takagi, 2001).
Here, we used a crowdsourced form of interactive evolutionary computation that leverages the human capacity to
compare the relative resemblance of displayed portraits to
a target identity. The particular evolutionary algorithm that
we used comes from a family of so-called “Natural Evolution Strategies” that approximates stochastic gradient descent,
making use of gradient information to efficiently find highscoring pockets of the latent space (Spall, 1992). The search
begins by selecting a seed, a point θt in the latent space, typically the origin. On each round of the search, a lineup of
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Figure 7: a. Decoded random samples drawn from the prior. b. Three decoded 7-point linear interpolations between two random
samples drawn from the prior.

Figure 8: Latent noise perturbations at four levels of intensity.
differences between high- and low-ranked examples to the extent that there is agreement between participants about the resemblance rankings.
Ten participants completed each round of the search. We
found that interactive evolutionary computation over the latent space of our learned PixelVAE model efficiently found
regions of the face space corresponding to target identities.
Figure 8 shows the seeds and example images for 10 rounds
of evolutionary search for three target categories.

Discussion

Figure 9: Samples and nearest neighbors in the training set.
n portraits is generated by adding spherical Gaussian feature
noise εi to the seed. A set of participants then ranks the n portraits according to their resemblance to the target identity (e.g.
“a young boy with red hair”, “Barack Obama”). Each portrait
is assigned a score F(θ) equal to its average rank across all the
1
participants. The next seed, θt+1 is set to θt + α nσ
∑ni=1 Fi εi ,
where α is the learning rate. Thus, the next seed reflects the

Here, we describe a finely tuned coupling between powerful
generative models of human identity and appearance learned
directly from data, and data that provides just the right variation essential to capturing the diversity of human identity and
appearance. The samples produced by the models are interesting in their own right and rival the image quality of many
state-of-the-art model–dataset pairs. However, we find these
models most interesting in terms of what they tell us about humans, and how they can be applied to technology. Our hope is
that the Humanæ dataset will inspire similar approaches, and
that our models can be used as both empirical and practical
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Seed

Samples

1
2

Round

3
4
5
6
7
8
9
10

⋮

“A ﬁve-year-old girl
with long blonde hair”

“A forty-year-old Asian
woman with short black hair”

“A seventy-year-old,
balding, clean-shaven man”

Figure 10: Three 10-round evolutionary searches through the latent space. The final seed for each set of trials represents a
collective mental template for the verbal description at the bottom.
tools. In the future, it will be worth exploring larger datasets,
fine-tuning current models, testing new models, and finding
new applications for interacting with humans and their own
psychological representations of faces. Other questions remain. Can we approximately quantify the extent to which
such spaces are universal? That is, do they contain every
identity? To what extent do these space already align with
human psychological representations of faces? And what are
the limits to how much information about human identity and
appearance can be extracted from a person’s recollections?
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Abstract

Do all languages convey semantic knowledge in the same way?
If language simply mirrors the structure of the world, the
answer should be a qualified “yes”. If, however, languages
impose structure as much as reflecting it, then even ostensibly
the “same” word in different languages may mean quite
different things. We provide a first pass at a large-scale
quantification of cross-linguistic semantic alignment of
approximately 1000 meanings in 55 languages. We find that
the translation equivalents in some domains (e.g., Time,
Quantity, and Kinship) exhibit high alignment across
languages while the structure of other domains (e.g., Politics,
Food, Emotions, and Animals) exhibits substantial crosslinguistic variability. Our measure of semantic alignment
correlates with known phylogenetic distances between
languages: more phylogenetically distant languages have less
semantic alignment. We also find semantic alignment to
correlate with cultural distances between societies speaking
the languages, suggesting a rich co-adaptation of language and
culture even in domains of experience that appear most
constrained by the natural world.
Keywords: word meanings; distributional
word2vec; language; culture; relativity

semantics;

Introduction
English speakers call them “chairs”, Spanish-speakers,
“sillas”, and Turkish speakers “sandalye”. Despite their
varying phonology, these words would seem to denote the
very same objects in the world—namely chairs. But is the
meaning of words even as seemingly straightforward as
“chair” the same across languages? How can we know?
In this work we present one of the first large-scale
quantitative examinations of semantic structure across
languages (see Youn et al., 2016 for an alternate approach).
We examine the extent to which supposed translation
equivalents such as “chair”-“silla” have the same meanings,
as assessed by analyses of distributional semantics. We use
these results to quantify cross-linguistic alignment in various
semantic domains, and examine how this measure of
similarity relates to cultural and historical distance.
To the extent that languages name and describe the world
thereby reflecting “joints of nature” that exist independently
of human observers, we might expect to find for a word in
any language a corresponding word in any other. For
example, we might expect languages to agree on the
meanings of “five”, “rat”, “near”, and “triangle” as long as

speakers of these languages have comparable exposure to the
relevant data. Even the most ardent universalist would not
expect a language spoken in a place without rats to have a
word corresponding to “rat”. On such a universalist position1,
semantic divergence between languages would be expected
to be limited to cases where languages have come to name
different artifacts and institutions. A language spoken by a
culture without cars would not be expected to have a word for
“carburetor”—a type of semantic misalignment. On the other
hand, words for common animals, plants, natural objects,
spatial relations, and common objects would all be expected
to align. And so on a universalist position the primary reason
why the semantic systems of different languages would
diverge is when one language names an entity that is not
named by the other language.
To the extent that language does not simply map onto
existing joints of nature, but plays an important role in
creating them, different languages may take different paths
in the cultural fitness landscape (Lupyan & Dale, 2016).
Consider that the category of human creations is far broader
than it may at first appear. It includes color categories (the
world and our physiology constrains color, but does not give
us definite color boundaries) (Anderson, Biggam, Hough, &
Kay, 2014; Wierzbicka, 2006), spatial terms (the world does
not contain well-marked categories of “in”, “out”, and
“across”) (Bowerman & Levinson, 2001; Majid, Bowerman,
Kita, Haun, & Levinson, 2004), and number systems (there
is nothing natural about a decimal number system) (Calude
& Verkerk, 2016; Harald Hammarström, 2010). In these and
many other domains, there are numerous ways that languages
could carve up the world. This is true even in domains where
one might expect the least variability such as words for
human body parts. Although people speaking different
languages have objectively similar bodies, there are different
solutions to partitioning the body into linguistic categories
(Majid, 2015). As a result, translation equivalents of words
as seemingly simple as “hand” often do not actually mean the
same thing in different languages (Wierzbicka, 2013).
How can we tell if two words mean the same thing?
On first glance, one might assume that the meaning of a
word in one language (L1) and another (L2) is the same if the
two words denote an identical set of entities. If on hearing
“chair” and “silla,” English and Spanish speakers,
respectively, pick out the same objects, we might say the

1

We outline this position as a hypothetical limiting case rather
than as a theory associated with a particular group of researchers.
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words mean the same thing in English and Spanish. If it were
that easy, however, there would be little need to study
semantics. We review some of these difficulties below.
The first problem with this simplified definition of
meaning equivalence is that most words refer to abstract and
relational entities (Lupyan & Winter, 2017). How exactly
would one obtain the set of entities picked out by words like
“fun”? The second problem is that an equivalent word in one
context may not be an equivalent in another context. For
example, in English we “wash” our clothes and wash our
face, but “brush” our teeth. Italian uses the same verb
“lavare” for all three contexts. So does “lavare” mean “to
wash” or doesn’t it? A related problem is that psychologically
informed word meanings are not limited to denotative
referents, but include connotations. For example
“impressive” translates to “impressionante” in Italian, but the
former word has a positive connotation while the latter has a
largely negative connotation. These connotations are
psychologically real for both L1 speakers (Onnis et al., 2008)
and L2 learners (e.g., Partington, 1998).
The final problem is polysemy. Even very concrete words
often have multiple senses. The English word “chair” can
(and in the world of this paper’s readers, often does) denote
people occupying managerial positions. This meaning is not
shared by the Spanish translation equivalent, “silla”. To the
extent that “chair” even partially activates these multiple
senses in the minds of English speakers, the “chair”-“silla”
alignment is reduced. The issue of differential polyseymy is
magnified when we look to more abstract words.
With these caveats (familiar to anyone who has attempted
translation) we may define overall semantic equivalence as
the aggregate similarity in the effect that the words w1 and w2
have on speakers of L1 and L2, respectively. The best way to
actually quantify this measure is through rigorous and
laborious consultation with native speakers (Majid, 2015).
This approach is difficult to scale, however. Here, we take as
a starting point, the idea that word meanings are revealed by
their contexts: “you shall know a word by the company it
keeps” (Firth, 1957). Recent advances in text digitization and
machine-learning have made it possible to construct models
of distributional semantics of unparalleled size (e.g., Mikolov
et al., 2013). By being exposed to large amounts of text, these
models are able to capture semantic relationships to a
surprising degree of subtlety (Baroni, Dinu, & Kruszewski,
2014; Hollis & Westbury, 2016; Nematzadeh, Meylan, &
Griffiths, 2017) though varying considerably for different
kinds of similarity (Hill et al., 2016; Chen, Peterson, &
Griffiths, 2017)
To assess semantic alignment, we take models trained on
different languages and align them by using translation
equivalents. This provides a fairly conservative test of
semantic equivalence in that we restrict our analysis only to
words which are attested to have translation equivalents (so
we are excluding words like “carburetor”, culture-specific
plant and animal names, etc.). We then compute semantic
alignment based on distributional patterns of these translation
equivalents.

To assess the extent to which the results support linguistic
universality versus diversity, we examine how semantic
alignment differs by semantic domain. To reiterate: no
position would predict high alignment across all domains. A
more universal position gains support if the only variable
domains are those that name human constructs. Relativity
gains support if we find lack of semantic alignment in
domains that name allegedly objective joints of nature.
Similarity and Diversity of Word Meanings
Methods
Embedding Models As our primary data we use wordembedding models trained on Wikipedia in different
languages (Bojanowski et al., 2016). These models were
trained using the Skipgram technique (Mikolov et al., 2013),
which positions words in a semantic vector space based
primarily on collocation patterns. From these models we
construct semantic networks by computing the cosine
distance between embeddings for all pairs of relevant
concepts. We are of course aware that Wikipedia datasets in
some languages (e.g., Spanish and Portuguese) are more
similar in content to one another than between other
languages (e.g., English and Russian). We conduct extensive
modeling of these similarities (to be presented elsewhere) to
ensure that the results we report below cannot be explained
by the specific content contained in Wikipedia.
Translation Sets We made use of the NORTHEURALEX
(NEL) dataset (Dellert & Jäger, 2017) which provides word
forms, part-of-speech information and translation equivalents
for 1,016 concepts in 107 languages, covering 20 language
families.
Semantic Domains For semantic domains we used the
chapters of Intercontinental Dictionary Series (IDS) project
(Key & Comrie, 2015). These domains include Kinship,
Time, Quantity, Religion and Belief, and Food & Drink.
From these chapters, we were able to tag semantic domain for
roughly half of the NEL concepts (~600). This subset was
large enough to impute a semantic domain for the remaining
NEL concepts, using multi-class regression on the
embeddings, with around 70% accuracy. We compare these
rankings to Wordnet classifications of each word (details
presented elsewhere).
Combined Data The intersection of these datasets contains
the languages present in both the embedding models and the
NEL data. The concepts in the data are limited to those which
are given parallel wordforms by NEL and vectors by the
embeddings models. After combining data, our primary
dataset consists of 46,089 wordforms across 55 languages
(1485 unique language pairs). This allows us to make
1,012,330 unique comparisons of a concept’s network
structure between language pairs.
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Computing the Semantic Alignment of a Concept
Between Languages Intuitively, our procedure is as follows.
Take a concept, and look around it in semantic space to
identify its near neighbors. Do the same for this concept in
another language. Count up the number of neighbors
common to both languages. Align the common-neighbor
networks in both languages, and measure their agreement.
More formally: for every unique pair of languages (L1 and
L2), we computed, for every individual concept (C) that had
a vector embedding available in both L1 and L2, the following
statistic (which we call 𝑟" ). Compute, in L1, the semantic
similarity between C and all other terms in the
NORHEURALEX set of concepts (for which embeddings are
available in L1). Using these distances, find the N closest
neighbors of C in L1 (words with the smallest cosine distance
to C). Repeat this procedure to find the N closest neighbors
to C in L2. Identify the concepts that appear in both neighbor
lists, and call this set the neighbor intersection. Compute how
strongly the similarity scores between C and the neighbor
intersection in L1 correlate with the similarity scores between
C and the neighbor intersection in L2 using Pearson’s r
(similar results are obtained using Spearman’s rho). Take the
correlation coefficient to be a measure of the structural
similarity of C in L1 and L2. A high coefficient
(𝑖. 𝑒. 𝑟" 𝐿' , 𝐿) → 1) indicates that—at least within the
network of words available to our analyses—C keeps a
similar pattern of company in L1 and L2, and so (on this
definition of semantic equivalence) the word means close to
the same thing in L1 and L2.
As an example, Figure 1A shows neighbor sets for “Friday”
/ “vendredi” in English and French (setting N = 40 for all
analyses presented here; ongoing work is investigating). This
meaning behaves very similarity in these two languages: its
closest neighbors in both languages tend to be in the neighbor
intersection (i.e. if “Friday” has a close neighbor in English,
then the translation of that neighbor is likely a close neighbor
of “vendredi” in French). Neighbors of “Friday” / “vendredi”
that are language specific (i.e. neighbors in only one of the
two languages) tend to be relatively distant semantic
neighbors (low cosine similarity). Therefore, the semantic
alignment of the meaning conveyed by “Friday”/“vendredi”
is quite high: 𝑟-./012 𝐸𝑛, 𝐹𝑟 = 0.94. Figure 1B shows
neighbor sets in French and English for the meaning
correspond to “worker”. The pattern of shared close
neighbors is much reduced: around half of the neighbors of
this meaning are language-specific. “Worker” / “ouvrier”
tends not to have closely concentrated neighbors in either
language per se (note scale differences between A and B in
Fig1). In this respect, our metric identifies a similarity (the
correlation would be lower if the concept had close neighbors
in one language but not the other). In the same way, although
neighbors aren’t generally close, shared neighbors tend not to
show distance disparities between the two languages. These
properties lead “worker” to gain an intermediate alignment ,
𝑟78.9:. 𝐸𝑛, 𝐹𝑟 = 0.5.

Friday / Vendredi

Worker / Ouvrier

Figure 1: Example semantic neighbor sets in English and French
for (A) Friday / Vendredi which shows high alignment, and (B)
for Worker / Ouvrier which show low alignment. Values lower
than 0 indicate that the form was not a neighbor of the target
word in the given language.

Results
We computed this structural alignment statistic for all
available concepts and language pairings. We explored a
number of data filters and subsets (e.g. filtering by Wikipedia
size and quality, or by minimum number of language pairs
per concept, etc.), but found none to challenge the general
pattern of results we report. As such, we simply subset the
data to only those comparisons whose neighbor intersection
included more than five concepts, and to only those semantic
domains which comprise 20 or more unique concepts. Here
we focus on two key results: divisions of the data by semantic
domain and word class.
Cross-linguistic Structural Diversity by Domain Figure 2
shows a ranking of semantic domains by average semantic
alignment across languages. To compute this ranking, we
took the average value of 𝑟 over all concepts tagged within a
domain, over all pairs of languages in which a comparison
could be made. Shared vocabulary relating to Quantity (e.g.
first, second, last, third, sixty, eighty, a thousand, half), Time
(e.g. December, January, Wednesday, tomorrow, winter,
wait, begin), and Kinship (father, old, sister, son, mother,
child, husband, uncle, brother, grandfather, woman, you)
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exhibit the most structural alignment across languages in our
sample. Food and Drink (e.g. dish, cup, egg, boil, ripe,
prepare, onion, hunger, raw) and Social & Political Relations
(e.g. village, town, friend, master, people, invite, king, meet,
help, hinder, power) feature at the opposite end of the
ranking, exhibiting variety. Figure 3 demonstrates this
difference between cross-linguistically regular versus
idiosyncratic domains, showing matched semantic networks
among concepts belonging to the domains Time and Food, in
3 different languages.

Figure 3: Matched Semantic networks for Time (left) and Food
(right) related concepts, in three languages.

rates of phonological change (Meade, Pagel, & Atkinson,
2007).
Semantic Alignment Predicts Language Phylogeny
Given the link to historical change, we can test whether
semantic similarity correlates with historical relatedness.
Figure 2: Overall cross-linguistic semantic alignments of IDS
semantic domains (Top), and parts-of-speech with some words
of interest singled out (Bottom).

Cross-linguistic Structural Diversity by Word Class We
also examined semantic alignment by word-class (Fig. 2
bottom). Semantic alignment of Numerals is around twice
that of next closest word class (note that Quantity in Fig. 2
(top) additionally includes quantifiers like “whole” and
“half”). Two insights stand out. First, Numerals are known
independently to have exceptionally slow rates of diachronic
change in general. Second, the ranking shows a striking
agreement with an independent ranking of word classes by

Methods
Semantic distances For every pair of languages (1485
unique pairs), we calculated the mean pairwise semantic
similarity, 𝜌∗ (𝐿1, 𝐿2), averaging over concepts and domains,
to approximate what we will call the ‘linguistic distance’
between languages, based on semantics. Figure 4 shows the
50 language pairs judged by our model to be most similar,
and their mean similarities.
Phylogenetic differences For 19 Indo-European languages
in our data (171 pairs), established historical distances are
available from a phylogenetic tree based on linguistic forms
(independent of semantics, Bouckaert et al., 2010). Patristic
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distances between languages in the tree are used as a measure
of historical distance between societies.
Results
Mantel test correlations suggest that semantic alignment
between language pairs correlate with their historical
distance (r = -0.39, one-tailed p = 0.003). More historically
distant languages are less semantically aligned.
Semantic Alignment Predicts Cultural Distances
Between Languages
Different societies may conceptualize the world in different
ways, or make finer distinctions in domains that matter to
them. Languages should adapt to these differences
(Lupyan & Dale, 2016), which predicts that semantic
alignment should decrease with greater cultural distance.

Language Pair

Semantic alignment

0.6

…

The models included random intercepts and slopes for the
effect of cultural distance. The second test controls for history
using the phylogenetic tree of Indo-European with a partial
Mantel test.
Results
Linguistic and cultural distances were significantly correlated
under both controls for common history. Controlling for
language family and geographic area (test one) we found a
significant relationship (β= -0.34, χ2=10.2, p=0.001, Fig. 4).
Likewise, linguistic similarities and cultural distances were
moderately correlated in test two (Mantel r = -0.40[-0.54,0.3], one-tailed p=0.02), even when partialing out the effect
of historical divergence (Mantel r= -0.31[-0.45,-0.21], onetailed p=0.04). These results suggest that the semantic
differences between languages are to some extent reflecting
cultural differences. The effect was stronger for concepts
related to kinship, and weaker for those related to agriculture
and vegetation.

General Discussion
0.4

0.2

0.2

0.4

0.6

0.8

Cultural distance

Average Semantic Alignment

Figure 4: Left: Language pairs by semantic alignment; Right:
The relationship between semantic alignment (r) and cultural
distance for 561 language pairs. Regression line derived from
a mixed effects model controlling for shared ancestry.

Methods
We obtained 92 cultural traits (e.g. norms for marital
residence, rules for political succession) for 34 societies from
the Ethnographic Atlas as linked to languages in D-PLACE
(Kirby et al., 2016). Missing values were imputed by multiple
imputation using classification and regression trees (van
Buuren & Groothuis-Oudshoorn, 2010). During testing, this
method imputed the correct value for unseen data 74% of the
time, compared to a random sampling baseline of 19%.
Cultural distances were calculated as the average Gower
distances between traits in 100 imputed sets. We compared
cultural distances between societies to linguistic similarities
between societies, controlling for shared history in two ways:
1: mixed effects modelling with Language-family pair
(according to Glottolog, H. Hammarström, Bank, Forkel, &
Haspelmath, 2018) included as a random effect. This enabled
the model to capture the likelihood that, for example, two
languages from the Indo-European language family will be
more similar to each other than two languages from different
language families. The same was done with geographic area
according to the AUTOTYP database (Bickel et al., 2017).

A vocabulary of a language is an organizational scheme. If
this organizational scheme is largely determined by the
objective joints of nature and shared joints of our minds, we
would expect vocabularies of different languages to largely
align. If, instead vocabularies not only reflect some preexisting structures in the world, but also impose structure, we
might expect different vocabularies to impose detectably
different organizational schemes. In this work we present one
of the first large-scale quantitative investigations of this
question by examining the extent to which word meanings—
defined here using distributional semantics—align across
languages. We found that words pertaining to Quantity and
Time have the greatest semantic alignment. This suggests that
these words have a natural structure, which may result from
objective joints in the world and/or common cognitive
organizing principles. This does not mean that these semantic
domains are not human constructions. Numeric and calendar
systems are human inventions. What the high alignment for
these domains shows is that for languages using decimal
systems, 7 days of the week, etc., the matching words are
closely aligned, a proxy for meaning the same thing.
The domains showing least semantic alignment pertain to
human institutions (as expected), but interestingly, words
relating to Animals (e.g., “fish”) common actions (e.g.,
“wash”) and the physical world (e.g., “stone”, “sea”) show
only intermediate levels of alignment: these domains appear
more variable than expected on a universalist thesis (Youn et
al., 2016) (although a quantifiable baseline is currently
missing). These words do not align in the way they should if
their full meanings simply picked out natural categories in the
world. Our findings support the possibility that languages and
cultures co-adapt to forge a human-constructed
representation of the world that can vary across populations
(Majid, 2015) and is not predicted by the view that lexical
semantics are strongly constrained by objective joints of
nature. While the current data are highly preliminary, our
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approach is capable of making strong predictions about the
semantic variation we should find among native speakers of
the world’s languages. We recognize that our conclusions
derive from semantics based on distributional models that,
while correlating with human judgments, only roughly
approximate psychologically real semantic representations.
Testing model predictions experimentally is a key priority
going forward.
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Abstract
Conceptual frameworks such as religion or politics may play
a pervasive role in people’s interpretation of experience, but
the empirical evidence for such effects is limited. To the
extent that conceptual frameworks are real, they should have
a pervasive impact on how people talk about the world. Such
an influence may be detected in people’s everyday language.
In a series of studies, text from the social media platform
Reddit was used to train machine learning classifiers to
identify people’s association with a particular religion or
mental disorder. Impressively, classifiers trained on text
focusing on religion and mental disorders could be used to
identify people’s association with a particular religion or
mental disorder even when the text was not explicitly about
these topics, such as when it was about buying a car or
playing tennis. Not only could the classifiers predict people’s
religion or mental illness in the present, they could also do so
prospectively, indicating that people’s everyday language
gives away information about the kinds of conceptual
frameworks they may hold in the future. An analysis of the
features learned by the classifier suggested that they learned
features with high face validity for the underlying conceptual
framework. Together, the results provide evidence for the
existence of conceptual frameworks by virtue of the imprint
they leave across a wide range of language contexts.
Keywords: conceptual framework; big data; machine learning;
social media.

Introduction
Intuition suggests that people may use conceptual
frameworks to help interpret experience. They may use their
general views about religion and politics, for example, to
make sense of events and predict the future. Potential
evidence for the existence of these frameworks is now
coming from an unexpected source. Conceptual
frameworks, if they exist, should have an effect across a
wide range of contexts. One’s religion or politics should, for
example, have an impact not only on how one talks about
religion and politics, but also on how one talks about
incidental topics such as weekend activities or bad breakups.
Conceptual frameworks, if real, should impact people’s
everyday talk. Recent studies applying big data techniques
to social media are finding such effects.
The general strategy in these studies has been to train
machine learning models that take people’s everyday
language or behavior as input and output a prediction about
the probability of a particular mental perspective. The
findings show, for example, that people’s online language
gives away information about their mental health (for
review, see Guntuku et al, 2017) and personality (Youyou,

Kosinski, & Stillwell, 2015). Such work has also found that
everyday non-linguistic behaviors such as liking a page on
Facebook (Kosinski, Stillwell, & Graepel, 2013) or
choosing a profile picture (Liu, Petro, Samani, Moghaddam,
& Ungar, 2016) predict people’s demographics and
personality. The success of these classifiers suggests that
people cannot help but give away their general perspective
in their everyday language and behavior.
The results so far potentially support the discovery of
conceptual frameworks, but not necessarily. When trained
on people’s everyday language, the learning algorithms may
not be picking up on people’s overarching conceptual
frameworks, but instead discovering different ways to solve
the same kind of classification problem. Such a possibility is
suggested in the results of several studies investigating
conceptual frameworks. For example, Schwartz et al (2013)
found that women are more likely to say sooo while men are
more likely to use profanity, and Kosinski, Stillwell, &
Grapel (2013) found that liking Britney Spears and the TV
show Desperate Housewives are predictors of
homosexuality. Such features seem quite distant from the
overarching conceptual frameworks associated with sex and
gender.
It should be possible to determine whether a classification
model has learned a general conceptual framework, or has
instead learned a specific set of predictors that solve a
classification problem without necessarily learning a general
perspective. Establishing whether a general perspective has
been acquired can be achieved in two steps. First, a
classifier can be trained on text from a particular context.
Second, the performance of the classifier can be tested on a
very different context. Such a strategy would be able to
show whether the signal captured in the classifier in the first
context represents a general perspective that could be
applied to text from a different context. Because the context
has been changed while the model has not, such
generalization would be evidence for a consistent mental
framework. The proposed strategy is very close to ordinary
cross-validation. The key difference is that in crossvalidation the training and tests sets come from the same set
of contexts, while in the proposed test procedure, the
training and test sets come from very different language
contexts. The proposed strategy also has similarities to
cross-domain text classification in machine learning.
However, cross-domain classification usually focuses on
improving transfer using strategies such as feature
alignment or fine-tuning pretrained models. By contrast, in
this approach we use a model’s ability to transfer to a new
context without such adjustments as a measure of the
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generality of the conceptual framework learned by the
model.
This general strategy can be implemented using the social
media platform Reddit. On Reddit, users (N =234 million)
self-organize into communities called subreddits. These
subreddits sometimes reflect a general perspective (such as
r/politics and r/philosophy), but more often reflect specific
interests (such as r/modeltrains or r/badminton). This
platform thus allows us to identify people having a certain
mental perspective by virtue of their choosing to post to a
particular subreddit. This platform also allows us to observe
the same individuals across a range of contexts, thus
allowing us to address whether the same perspective is
implemented across contexts. If people apply a general
framework across a range of situations, then a classifier that
learns to distinguish general perspectives such as political
orientation or religion should be able to identify those
perspectives in people’s posts from an unrelated context.
Moreover, this generalization should be possible in two
directions. The classifier trained on text from a particular
perspective should generalize to text from a wide range of
perspectives, and a classifier trained on text from a wide
range of perspectives should generalize to text from a
particular perspective. Lastly, this generalization should also
apply over time. A conceptual framework is presumably a
perspective that tends to remain relatively constant over
time, and hence we should be able to use people’s posts
from an earlier point in time to predict their posts in the
future. We tested these predictions in three lines of research.
First, we looked at the transferrability of a religious
perspective. Second, we looked at the generalizability of
mental disorders. Lastly, we looked at whether or not these
generalizations can be extended into the future.

Study 1: Religion
If people’s online posts reveal something about their
conceptual framework, then a model should be able to use
the text of these posts to predict a person’s conceptual
framework. In Study 1 we asked this question by training a
machine learning model to use people’s Reddit posts to
predict which religious subreddit the individual posts on.
We evaluated this model in two separate contexts. First, we
evaluated contexts where people explicitly write about
religion (such as on the subreddit r/christianity). Second, we
evaluated contexts where people write about more everyday
topics (such as r/movies or r/travel). Finally, to evaluate
whether the model learns a general representation across
contexts, we asked whether a model trained in one context
(e.g. writing on r/christianity) can make accurate predictions
about people’s religion in another context (e.g. writing on
r/movies).

subreddits about religion, and a non-religious-context set of
posts submitted to other subreddits not about religion.
Religious-context dataset. We used a Reddit API
(reddit.com/dev/api) to download 5 years of submissions
(2012-2017) to 5 religious subreddits (r/Atheism,
r/Buddhism, r/Christianity, r/Hinduism, r/Islam). 686,453
posts were obtained (range 6,773-418,229 posts/subreddit).
We randomly undersampled these posts to create a balanced
dataset of 33,865 posts, 6,773 posts/subreddit. This dataset
was randomly divided into a training set (27,092 posts,
80%) for model training and a test set of (6,773 posts, 20%)
for model evaluation.
Non-religious context dataset. For each user in the
religious-context dataset, we downloaded all of the user’s
posts to all subreddits, excluding the religious subreddits
above. Users who posted to more than one religious
subreddit were excluded. We then created a dataset
associating all of the posts for each individual (concatenated
into a single post) with the religious subreddit that the
individual had posted to. This dataset consisted of 127,698
users and was randomly undersampled to create a balanced
dataset of 4,810 users (962 users/subreddit). The data was
randomly divided into a training set (3,848 posts, 80%) and
a test set (962 posts, 20%).
Data Preprocesing. Data preprocessing involved two steps.
First, we removed names of religions from the posts,
removing the words atheist, atheism, buddhist, buddhism,
christian, christianity, islam, muslim, islamic, hindu, and
hinduism, words beginning with atheis, christian, buddh,
islam, or hindu, and non-ASCII characters. Second, we
converted posts into machine-readable vectors. We used the
vocabulary from each dataset separately to create tf-idf
transformed 1gram vectors of length 257,559 (religiouscontext) and length 489,339 (non-religious context). Each
element in the vector represents the frequency of writing a
particular word, and the tf-idf transformation down-weights
frequent but uninformative words such as and or the.
Machine Learning Model. We trained a machine learning
model to use the words in people’s posts to predict the
subreddits they submitted to. We trained an L2-penalized
logistic regression model to predict the probability that a
post was submitted to each subreddit using its 1gram vector
as input. The model was implemented in the python library
scikit-learn with default regularization strength C=1 (for
multi-class classification, scikit-learn fits a series of 5 onevs-rest classifiers e.g. r/atheism vs. others). Model accuracy
was calculated using the F score: F = 2 * (precision*recall) /
(precision+recall). In this and future studies, p values were
calculated by creating a null distribution based on 10,000
random draws given the observed sample size.

Results and Discussion

Methods
Data Acquisition. We acquired two separate datasets of
Reddit posts: a religious-context set of posts submitted to

Religious context. If people’s language reveals information
about their religion, then when people explicitly write about
religion, this language should be predictive of which
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religion the individual is writing about. As would be
expected for a model with this number of parameters, the
model learned to predict religion in training data with high
accuracy (81%, where chance = 25%), as also reflected in a
high F score, 0.81. A more interesting test is whether the
model generalizes to previously unseen test data without
further training, which would suggest the model has learned
to fit signal rather than noise in the training data. As shown
in Table 1, the model had strong performance on held-out
test data, F = 0.77, accuracy = 77% where chance = 0.20.
The classifier performed best for Buddhism (F = 0.82) and
Hinduism (F = 0.80) and worst for Atheism (F = 0.62), and
performance was above chance for all religions as revealed
by permutation testing (p < 0.05 for all classes). In future
comparisons we report only this stricter test of performance
based on held-out test data (not performance on the training
data).
Non-religious context. If people’s language reveals
information about their religion, then when they talk about
everyday topics such as movies or travel, this talk may still
be revealing of which religious subreddit the individual also
belongs to. People’s everyday language was revealing of
their religion, as revealed by moderate performance of the
classifier on held-out test data, F = 0.43, accuracy = 43%
where chance = 0.20. The classifier performed best for
Atheism (F = 0.50) and worst for Hinduism (F = 0.35), and
performance was above chance for all religions (p < 0.05 by
permutation testing).
Transfer learning. If people’s language reveals a
conceptual framework that is consistent across contexts,
then learning information about how language relates to
religion in one context should also provide information
about how language relates to religion in another, previously
unseen, context. To test this, we asked whether the machine
learning classifiers trained in either the religious or nonreligious context could generalize, with no further training,
to the other context. Both classifiers generalized moderately
well, although generalization was strongest for the classifier
trained on the non-religious context. The classifier trained
on the religious context transferred well to the non-religious
context (F = 0.41, accuracy = 41%, compared to F = 0.43
for a classifier trained and tested on the non-religious
context). In addition, the classifier trained on the nonreligious context transferred well to the religious context (F
= 0.43, accuracy = 47%, compared to F = 0.77 for a
classifier trained and tested on the religious context). The
accuracies differed significantly from chance (p < 0.05 by
permutation testing). These results suggest that the
classifiers were able to pick up on people’s conceptual
frameworks, although they also learned to categorize the
people on the basis of context specific features.
Discussion. The results showed that people’s Reddit posts
are diagnostic of an element of their conceptual framework:
religion. When people explicitly talked about religion, a

machine learning classifier was able to use the text of these
posts to predict which religion people were writing about
with high accuracy. When people talked about everyday
topics such as movies or travel, their religious subreddit
affiliation could still be identified with moderate accuracy.
Note that it is possible that some of the everyday subreddits
could have included religious content (for example we
exclude r/hinduism but not r/india), but because these
subreddits covered all of reddit, most were likely nonreligious in topic. The conceptual framework learned was
quite general, as evidenced by the ability of both classifiers
to make accurate predictions in a novel context.
Table 1: Religion Classification Performance
Train Context
Religious
Non-Religious
Test Context
Religious
0.77
0.43
Non-Religious
0.41
0.43
Notes: Classification reported as F score, chance = 0.20. All
values significantly differ from chance at p < 0.05.

Study 2: Clinical Psychological Disorders
Study 1 revealed that people’s Reddit posts predict one kind
of conceptual framework: religion. Study 2 investigated
another kind of conceptual framework, the perspective
people bring to experience from having a mental disorder.
This was accomplished using Reddit posts focusing on
clinical psychological disorders. There are many subreddits
for clinical psychological disorders such as r/Depression and
r/Anxiety. We downloaded people’s posts to 4 common
clinical psychological subreddits, and used the same
methods as Study 1 to train a classifier to use these posts to
predict individuals’ membership to subreddits focusing on
clinical psychological disorders. If people’s Reddit posts
reveal a conceptual framework, then a machine learning
classifier trained on their Reddit posts should perform above
chance in classifying membership to subreddits focusing on
clinical psychological disorders.

Methods
Data Acquisition. We acquired two datasets of Reddit
posts: a clinical-context dataset and a non-clinical-context
dataset.
Clinical-context dataset. We used the same methods as
Study 1 to download 5 years of posts (2012-2017) to 4
clinical subreddits: r/ADHD, a/Anxiety, r/Bipolar,
r/Depression. 515,378 posts were acquired, which were
undersampled to create a balanced dataset of 224,036 posts
(56,009 posts/disorder), randomly split into a training set
(179,228 posts, 80%) and a testing set (44,808 posts, 20%).
Non-clinical context dataset. For each user in the clinicalcontext dataset, we used the same methods as Study 1 to
download all of the user’s posts to non-clinical subreddits.
We acquired posts for 121,722 users, randomly
undersampled to create a balanced dataset of 24,436 users
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(6,109 users/disorder) and randomly split into a training set
(19,548 users, 80%) and a testing set (4,888 users, 20%).
Data Preprocessing and Machine Learning Model. Data
preprocessing and the machine learning model were
identical to Study 1 with 2 small changes. In preprocessing
we removed the words anxiety, anxious, depression,
depressed, bipolar, adhd, well as words beginning with anx,
depr, bipol, and add, and non-ASCII characters. Also, new
1gram vectors were generated based on each dataset.

Results
Clinical Context. As with religion, people’s posts on
clinical subreddits were highly diagnostic of the clinical
subreddit they was submitted to. As shown in Table 2, the
classifier achieved F = 0.77, accuracy = 77% on held-out
test data where chance = 0.25. Performance was highest for
ADHD (F = 0.84) and lowest for depression (F = 0.74), and
performance was above chance for all classes (p < 0.05 by
permutation testing).
Non-Clinical Context. As with religion, people’s posts in
non-clinical contexts were diagnostic of the clinical
subreddit they had also submitted to. As shown in Table 2,
the classifier achieved F = 0.38, accuracy = 38% on heldout test data where chance = 0.25. Performance was highest
for depression (F = 0.44) and lowest for anxiety (F = 0.32)
and performance was above chance for all classes (p < 0.05
by permutation testing).
Transfer Learning. As in Study 1, we tested the ability of
the clinical classifier to learn a general conceptual
framework by using the classifiers trained on the clinical
and non-clinical context to predict, with no further training,
data from the other dataset. As shown in Table 2, both
classifiers generalized well although generalization was
strongest for the classifier trained in the clinical context.
The classifier trained on the clinical context transferred well
to the non-clinical context (F = 0.37, accuracy = 38%,
compared to F=0.38 for a classifier trained and tested in the
non-clinical context). In addition, the classifier trained on
the non-clinical context transferred well to the clinical
context (F = 0.55, accuracy = 56%, compared to F = 0.77
for a classifier trained and tested in the clinical context). The
accuracies differed significantly from chance (p < 0.05 by
permutation testing). As with religion, the results show that
the classifiers learned a conceptual framework which was
largely invariant across contexts.
Discussion. The results of Study 2 showed that people’s
Reddit posts are diagnostic not only of religion, but also of
information about clinical psychological disorders. As in
Study 1, people’s explicit talk about clinical disorders was
highly predictive of the clinical disorder being discussed.
The classifier was also moderately accurate in using

people’s everyday language to identify which clinical
subreddit an individual had submitted to, suggesting the
models are able to learn a mindset that crosses over
contexts. Again, we note that it is possible that some of
these everyday subreddits overlapped with clinical topics
(for example we exclude r/adhd but not r/psychiatry), but
most were likely non-clinical. Transfer learning tests
showed that both classifiers learned representations that
were moderately predictive in another context, suggesting
the model learns a framework that is consistent across
contexts. Finally, the accuracies in all of these comparisons
were similar to the model accuracies for predicting religion
in Study 1, again suggesting that Reddit posts contain
information about a broad conceptual framework.
Table 2: Clinical Classification Performance
Train Context
Clinical
Non-Clinical
Test Context
Clinical
0.77
0.55
Non-Clinical
0.37
0.38
Notes: Classification reported as F score, chance = 0.25. All
values significantly differ from chance at p < 0.05.

Study 3: Predicting the Future
Studies 1-2 revealed that people’s language was predictive
their conceptual framework, even when this language was
about everyday topics. Interestingly, these studies relied on
posts submitted on any date, including posts from before an
individual ever joined a clinical or religious subreddit. The
success of these classifiers suggests it may be possible to
predict a person’s future conceptual framework. To assess
this possibility, we re-trained the religion and clinical
classifiers using only posts from before an individual joined
a religious or clinical subreddit. We asked whether this past
language was predictive of which religious or clinical
subreddit the individual joined in the future. If people’s past
language predicts their future conceptual framework, then
both classifiers should perform above chance. Additionally,
the performance of these classifiers can be compared to the
classifiers from studies 1-2 to assess how predictive the past
is relative to all of an individual’s posts.

Methods
Data Acquisition. Two datasets were acquired: the pastreligion and past-clinical datasets. These datasets consisted
of all posts in the non-religious-context and non-clinicalcontext datasets that were submitted before that user every
posted to a religious or clinical subreddit. The past-religion
dataset, after undersampling, consisted of 2,630 users, split
randomly into a training set (2,104 users, 80%) and a testing
set (526 users, 20%). The past-clinical dataset, after
undersampling, consisted of 18,040 users, split randomly
into a training set (14,432 users, 80%) and a testing set
(3,608 users, 20%). Data preprocessing was identical to
studies 1-2.

2563

Data Preprocessing and Machine Learning Model.
Methods were identical to Study 2 except that new 1gram
vectors were generated for each dataset.

Results and Discussion
Religion. As expected, people’s past posts were predictive
of their future conceptual frameworks. People’s past posts
from non-religious contexts predicted which religious
subreddit they later posted to (F = 0.36, accuracy = 36% on
held-out test data where chance = 0.20). The classifier
performed best for Atheism (F = 0.41) and worst for
Buddhism (F = 0.30), and performance was above chance
for all classes (p < 0.05 by permutation testing). Strikingly,
performance of the classifier trained to predict the future
was almost as high the classifier trained in Study 1 to
predict the present (F = 0.36 vs. 0.43).
Clinical Disorders. People’s past posts from non-clinical
contexts predicted which clinical subreddit they later posted
to (F = 0.36, accuracy = 36% on held-out test data where
chance = 0.25). The classifier performed best for depression
and bipolar disorder (both F = 0.39) and worst for anxiety
(F = 0.29), and performance was above chance for all
classes (p < 0.05 by permutation testing). Strikingly,
performance of the classifier trained to predict the future
was almost as high as the classifier trained in Study 2 to
predict the present (F = 0.36 vs. 0.38).
Discussion. The results of Study 3 show that people’s
Reddit posts are not only predictive of their current
conceptual framework, but also of their future conceptual
framework. Classifiers trained to use people’s past posts to
predict their affiliation with religious or clinical subreddits
performed almost as well as classifiers based on past and
future posts. A limitation of Study 3 is that the date a user
subscribes to a subreddits is an imperfect indicator of
mental phenotype. For example, an individual may have
depression before choosing to post to the r/depression
subreddit. Nevertheless, the similar performance of models
trained to predict the future as models trained to predict the
present suggests that a large component of what the models
are learning is a consistent framework over time. We note
also that some of the conceptual frameworks studied,
particularly one’s religious affiliation, do not always change
over time. In the case of religion, one possibility is that our
model learns relative changes in the intensity of the
conceptual framework (for example, joining a religious
subreddit may be a sign of becoming more religious over
time).

Study 4: Representations
When a classifier learns a conceptual framework, it in effect
learns a set of words that predict that framework. These
words are the model’s representation of the framework. An
examination of these representations may prove valuable in

at least two ways. First, an examination of the words can
offer evidence for the hypothesis that the classifiers are, in
fact, learning something about the conceptual frameworks.
If the classifier is working, then the words should form
coherent semantic clusters with clear associations to the
conceptual framework. Second, assuming the classifiers
form coherent semantic clusters, it may then be possible to
use these clusters to gain some insight into the nature of the
conceptual frameworks. It may be possible, for example, to
gain insight into what is experienced by someone who is
depressed or what is emphasized in a Christian world view.
These two aims were pursued in the current study.

Methods
Classifier and Feature Selection. The solutions learned by
classifiers in Study 1 (the religious-context and nonreligious-context classifiers) and Study 2 (the clinicalcontext and non-clinical-context classifiers) were analyzed.
For each classifier we selected the 100 words with the
highest regression weights.
Clustering Analysis. For each set of 100 words, we
performed a cluster analysis. This analysis had three steps.
First, the semantics of each word was specified using prelearned vectors trained on part of the Google News dataset,
which is based on about 100 billion words and contains
approximately
3
million
words
and
phrases
(https://code.google.com/archive/p/word2vec/).
Training
used the Word2Vec learning procedure (Mikolov et al,
2013). The second step was to reduce the dimensionality of
each set 100 vectors down from 300 to 2 dimensions using
the t-SNE algorithm (Maaten & Hinton, 2008). t-SNE was
preferred to PCA because it prioritizes local over global
spatial information, which is especially important for
clustering analysis. In the final step, clusters were identified
using the k-means++ cluster algorithm, which tries to
separate elements into groups by minimizing within-cluster
sum-of-squares. The number of clusters was determined by
running the algorithm for different numbers of k and
choosing the k that maximized the Silhouette Coefficient
(Rousseeuw, 1987).

Results
As expected, the top 100 words for the different religions
and mental illness fell into coherent semantic clusters.
Example clusters for each conceptual framework are listed
in Table 3. Also as expected, the content of the clusters
provides some insight into the nature of the conceptual
frameworks. For example, those with anxiety tended to
mention being nervous and their breath. Those with
depression
mentioned
feelings
of despair
and
meaninglessness. The findings from these clusters are not
necessarily surprising. Importantly, they were derived
automatically and allowed for good classification, even
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when the text concerned topics unrelated to religion and
mental disorders.
Table 3: Word Clusters associated with Conceptual
Frameworks
Framework Words
Christianity angels, demons, heaven, lewis, resurrection, salvation,
Buddhism
Hinduism
Islam
Atheism
Adhd
Anxiety

Bipolar
Depression

sin, sinful, sins, soul
communion, gospel, holy, kingdom, sermon
elightened, philosophy, precepts, teachings, tradition,
truths, wisdom
attachment, mind, nature, path, realms, rebirth, sn
sanskrit, scriptures, shaivism, upanishads, vedas, vedic
bhajan, bhakti, chalisa, gita, kirtan, moksha, namaste
fasting, hajj, halal, iftar, ramadan, ramadhan
alaikum, alaykum, duas, fajr, haram, mecca, pbuh,
argument, evolution, exist, ignorance, intelligent, logic,
santorum, science
actually, crazy, fun, just, ridiculous, scary, stupid
attention, concentration, productive, productivity, task
hyper, hyperfocus, hyperfocused, impulse, sensory,
stimulating, stimulation
afraid, freaked, freaking, nervous, panic, panicked,
panicking, panicky, scared, terrified
breath, breathe, breathing, chest, heart, shaking,
stomach
episode, episodes, highs, lows, psyc, swing, tracking
fearless, grandiose, mania, manic, mood, moods, rage
darkness, despair, emptiness, hopelessness, loneliness,
worthlessness
meaningless, miserable, pathetic, pointless, shittier,
shitty, throwaway, ugly, worthless

Notes: Example clusters of words associated with religions
and mental disorders from Study 4.

General Discussion
The results support the existence of a general mental
framework that people apply across different contexts. In a
series of studies, machine learning classifiers were trained to
use the text of people’s posts on Reddit to predict two
aspects of their conceptual framework: religion and clinical
psychological disorders. As in prior work, the classifiers
could use people’s language to identify their conceptual
framework, both when individuals were explicitly talking
about religion and clinical disorders and when they were
talking about other everyday topics. Extending prior work, a
classifier trained in one context showed moderate to high
generalization to another context with no additional training,
suggesting the representations learned by the model are
indeed a stable conceptual framework. Finally, people’s past
language was almost as predictive of their future conceptual
framework as their past and future language combined. This
ability to predict the future suggests that the conceptual
framework learned by the model is quite stable over time.
The results also have implications for the automated
identification of clinical psychological disorders. An open
question is whether automated methods capture variance
that would not be captured by existing clinical methods, for

example by identifying previously undiagnosed cases
(Guntuku et al, 2017). The results of Study 3 suggest that
one way classifiers add to clinical diagnosis is by
identifying signs that an individual may develop a disorder
in the future. Thus, automated methods may be especially
useful for predictively identifying whether an individual is
likely to develop a disorder in the future.
The results have a few limitations. First, posting on a
particular subreddit is an imperfect indicator of an
individual’s cognitive framework. For example, an
individual can post on r/depression without a clinical
diagnosis of depression. However, the classifiers learned
features with high face validity, suggesting that people’s
talk in these contexts reflects what we think of as a
cognitive framework. Second, the time an individual joins a
forum is an imperfect indicator of their cognitive
framework. For example, an individual may have depression
before they join r/depression. However, the strong
performance of the classifier trained on past posts alone
suggests that a large portion of people’s cognitive
framework is stable over time.
Overall, the results suggest that people have a general
mental framework that they apply across contexts, and that
these frameworks can be identified using machine learning
methods.
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Abstract
Children learn number words slowly, acquiring exact
meanings for their first words in sequence, with many months
in between words. The long delays are surprising in light of
evidence that infants can discriminate, e.g., sets of 2 from 3.
Here, we test the hypothesis that, rather than facing a
perceptual problem, children have difficulty identifying
number as the dimension of meaning encoded by an adjective
like “three.” We trained children on an unknown number word
in the context of a proper noun (a giraffe named “Mr. 3” with
three spots), and found that 1- and 2-knowers were later better
at identifying the giraffe from a lineup, relative to children who
had heard the same giraffe described with an adjective (“with
three spots”). These results support the hypothesis that
identifying number as a dimension of meaning, rather than
visual discriminability or salience, is a bottleneck on early
number word learning.
Keywords: number cognition; number words; word learning;
cognitive development; abstract concepts

Introduction
Learning number words is a first step toward engagement
in formal arithmetic, and poses a difficult challenge for young
children. Even after children learn to recite the count list
(“one, two, three…”) around age 2, it takes several years for
them to demonstrate an understanding of the logic of
counting (e.g., Wynn, 1990, 1992; Le Corre & Carey, 2007).
Prior to learning how the counting procedure is used to
generate precise cardinalities, children pass through a series
of well-documented stages, in which they acquire exact
meanings for their first three or four number words in
sequence, and learn to give appropriate amounts when asked
to do so in a task that has become known as “Give-a-Number”
or “Give-N” (Schaeffer et al., 1974; Wynn, 1990, 1992).
During this time, they transition from being “non-knowers”
(who have meanings for no number words and give random
amounts), to “one-knowers” (who have an exact meaning for
one, and give one when asked for one, but not for larger
numbers, to “two-knowers” (who have exact meanings for
one and two), to “three-knowers”, and then, sometimes,
“four-knowers” before eventually learning that counting
1

A third possibility, which we do not test here, is that children
have to construct a new number concept for each new number word
they learn. Interestingly, Wagner et al. (2015) presented evidence
from bilingual learners suggesting that the difficulty children face is
not one of constructing new concepts, but of appropriately mapping

while pointing at objects can be used to identify the
cardinality of sets (“CP-knowers”). Interestingly, there are
long delays between these stages; for example, it takes
roughly half a year between acquiring an exact meaning for
“one” and an exact meaning for “two.” Why is it that a child
who has already figured out how to give sets of exactly 1 and
2, and can recite the count-list all the way to 10 or higher,
nonetheless struggles for months before being able to
produce a set of 3 in response to requests for “three”?
In the present study, we investigated the cause of these
delays. In particular, we sought to test whether the bottleneck
that children face in acquiring early number words is due to
(1) noise in the perceptual representations of larger sets, or
(2) difficulty identifying which aspect of a stimulus number
words encode.1 To do this, we introduced a linguistic
intervention in which we attempted to train children on the
meaning of an unknown number word - three - by presenting
it as a proper noun rather than as an adjective. Consistent
with the second hypothesis, we show that this manipulation
improves learning of “three” in 1- and 2-knowers: Children
use numerical features to differentiate referents of proper
nouns like Mr. 3 and Mr. 2, but struggle to use the identical
information to define the meanings of number words qua
adjectives.
Despite nearly 40 years of studies using the Give-N
paradigm to explore children’s number knowledge, it remains
unclear why children’s early number word learning is
sequential and so protracted. While the onset and duration of
the “subset-knower” stages (i.e., 1-, 2-, 3-, and 4-knower)
varies across cultures, the same stage-like progression has
been observed in children around the world (e.g.,
Almoammer et al., 2013; Barner, Chow, & Yang, 2009;
Barner, Libenson, Cheung, & Takasaki, 2009; Le Corre et al.,
2016; Piantadosi, Jara-Ettinger, & Gibson, 2014; Sarnecka et
al., 2007). While many studies attempting to solve this
problem have focused on the critical transition from subsetto CP-knower, sparking debates about exactly what new
knowledge CP-knowers acquire (e.g., Davidson, Eng, &
Barner, 2012; Sarnecka & Carey, 2008), here, we focus on
the puzzle of why are there such long delays between the
subset knower stages.
linguistic labels to number concepts they already possess. We focus
here on the issue of why this mapping problem takes so long for
children to solve.
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A.

B.

C.

Figure 1: A. Example slide from training story, which was
verbally accompanied by, in the Proper Noun condition,
“Next, Mr. 3 [point] came to a bench by the road. Look at his
tummy! It has spots on it! On the other side of the bench, he
saw his friend under a tree. This one [point] is not Mr. 3; it’s
his friend. He has spots too, but they’re different!” B.
Example “line-up” of giraffes in Learning trials. C. Example
“line-up” of grandmother giraffes in Transfer trials.
One possible explanation for the delays between learning
number words is related to perception: Children may simply
have a harder time discriminating sets of 2 vs. 3 than sets of
1 vs. 2, and a harder time yet discriminating 3 vs. 4, and so
on. If so, these perceptual limitations may hinder the child’s
ability to form mappings between number words and exact
quantities. Importantly, while previous studies indicate that
infants are already able to discriminate small numbers, these
studies are often limited to reporting whether groups of

infants succeed or fail at small number comparisons, while
remaining neutral with respect to whether some comparisons
within the small number range might be more difficult than
others (e.g., Feigenson & Carey, 2003). Therefore, these
findings do not address whether the increased difficulty of
discrimination might explain delays between the acquisition
of number words.
Furthermore, even if children are able to make the relevant
visual discriminations between set sizes, they may
nonetheless struggle to encode number because they do not
spontaneously attend to it when processing visual scenes;
they may be biased to attend to the shape or function of
objects rather than their membership in sets, and the
properties of these sets like cardinality. In other words, even
if the visual difference between a set of 2 objects and a set of
3 objects is detectable, this property of the visual stimulus
(“threeness”) may not be not particularly salient to the child,
who may be more likely to attend to properties such as shape
(e.g., Landau, Smith, & Jones, 1988). We call this hypothesis,
that attention or perception limits number word learning, the
Perceptual Bottleneck Hypothesis.
A second possibility is that children can perceive and
attend to the relative quantities well enough, but nonetheless
fail to identify the property of number as the domain of
meaning for number-word learning. In other words, even if
numerical quantities present in a scene are perfectly salient,
children may not identify number as relevant to the problem
of learning new words, and therefore to learning a number
word like “three.” We call the hypothesis that children fail to
abstract the property of number as the dimension of meaning
for a new word the Meaning Abstraction Hypothesis.
In order to test these possibilities, we leveraged a
previously-attested difference in children’s interpretation of
proper nouns and adjectives. Previous studies of color-word
learning have shown that children are sensitive to the fact that
adjectives label properties while proper nouns label unique
individuals that can be differentiated according to these same
properties. In one study by Soja (1994), 2-year-olds who had
not yet learned any color words were nevertheless able to use
the perceptual property of color to identify the referent of a
proper noun (Soja, 1994). For example, when shown two
dinosaurs that differed only in color, children learned that the
red one (and not, e.g., the blue one) was named Emily, even
if they couldn’t identify the referent of the word red. These
results indicate that children who can perceptually
discriminate, e.g., red from other colors and use this to learn
proper names, nonetheless struggle to identify color as the
stimulus dimension being labeled, and to form the intended
association between the word red and its target hue.
Can children who have not yet learned the meanings for
small number words nonetheless use numerical properties to
learn proper nouns? If so, this might suggest that the
bottleneck children face when moving from one knowerlevel to the next is not a failure of attention or perception, but
instead one of identifying numerosity as relevant to the
word’s lexical meaning. On the Perceptual Bottleneck
Hypothesis, if children’s difficulty with learning number
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words is due to a failure to discriminate or attend to numerical
quantities, then they should struggle equally when learning
adjectives and proper nouns. However, on the Meaning
Abstraction Hypothesis, if children struggle to identify
number as relevant to word-learning, then they may
successfully learn proper nouns that depend on
discrimination and attention to specific quantities, while
failing to learn adjectives that directly encode these same
properties. To test this, we attempted to teach children the
word “three” as either a proper noun, “Mr. 3,” or an adjective,
the “giraffe with three spots.” While no prior studies have
taught children number words as proper nouns, one trained 2knowers to identify a set of “three dogs” (Huang, Spelke, &
Snedeker, 2010). However, they found no evidence of
transfer to other sets of 3, and did not attempt to teach number
words more than one unit higher than a child’s knower-level.
Here, to also explore whether proper-noun training could
allow children to “skip” a knower-level, we trained both 1and 2-knowers on “three.”

Method
Participants
We conducted two experiments to test our hypotheses.
However, as their methods and the pattern of results they
generated were extremely similar, we present combined data
from both experiments here. In total, 132 2- to 3-year-old
children, identified as 1-knowers or 2-knowers, were
included in this sample. Sixty-one children participated in the
Adjective condition (M age = 3.1 years, range = 2.1-4.0
years), and 71 participated in the Proper Noun condition (M
age = 2.9 years, range = 2.2-3.8 years).2 Children in the
Adjective condition included 31 1-knowers and 30 2knowers. Children in the Proper Noun condition included 39
1-knowers and 32 2-knowers.
An additional 254 children were tested but not included in
these analyses due to not being 1- or 2-knowers (n = 179),
failure to complete the task (n = 30), experimenter error (n =
25), failing the “giraffe pre-test” described below (n = 8),
being outside the target age range (n = 5), parent interference
(n = 3), speaking a primary language other than English (n =
3), and developmental delay (n = 1).

Procedure
Give-N pre-test. To determine their knower levels prior to
training, children first performed a titrated version of the
Give-a-Number task (see Wynn, 1990, 1992) in which they
were asked to put different numbers of toys on a plate on each
trial. Only 1-knowers or 2-knowers continued.3
Giraffe pre-test. After the Give-N pre-test, a subset of
children (n = 89) were also presented with two “giraffe pretest” trials, in order to test whether they were able to correctly
identify the target 3-spotted giraffe prior to training. On each
trial, similar to the Learning test trials described below, the
2

The unequal sample sizes were due to a clerical error resulting
in additional children being tested, exceeding our target N.

child was presented with a 4-alternative forced choice among
cartoon giraffes with 1, 3, 4, or 8 spots (see Fig 1B).
Depending on condition, children were asked either to point
to the giraffe they thought was “Mr. 3” or “the giraffe with
three spots” No feedback was given. After both trials were
complete, the child was shown the target alone and told that
this one was [Mr. 3/the giraffe with three spots]. Children
who answered both giraffe pre-test questions correctly (n = 3
in the Proper Noun condition; n = 5 in the Adjective
condition) were excluded from all subsequent analyses, as we
could not be sure their performance in the test phase was
influenced by training.
Training. In training phase, children viewed a slideshow on
a computer while the experimenter told a story featuring the
3-spotted giraffe (see Fig. 1A for example screen). Seven
times over the course of the story, children in the Proper
Noun condition heard the experimenter label the giraffe as
“Mr. 3” while their attention was drawn to the dots on his
stomach (“This is Mr. 3! Look at his belly! It has spots on
it.”). Children in the Adjective condition heard an identical
story in which the giraffe was instead labelled as “The giraffe
with three spots.” In the story, during a walk to his
grandmother’s house, the target giraffe encountered three
giraffe “friends,” with 1, 4, and 8 spots, once each. These
distractors were labelled contrastively with the target (“This
is not Mr. 3; it’s his friend”). On the final slide, the giraffe
arrived at his grandmother’s house, and her face (but not
body) was shown in the window.
Test. Learning. Immediately following training, the
experimenter said, “That’s the end of the story. Now I need
your help. Can you find [Mr. 3/the giraffe with three spots]?”
On each of four “Learning” trials, the child was presented
with a line-up of giraffes, including the target and the three
distractors from the story (Fig 1B). On each trial, the child
was asked to point to [Mr. 3/the giraffe with three spots].
Transfer. Next, the child completed four “Transfer trials” in
which they were asked to point to either “Mr. 3’s grandma”
in the Proper Noun condition or “the grandma with three
spots” in the Adjective condition. Again, a lineup of giraffes
with 1, 3, 4, and 8 spots was presented (Fig 1C). The
configurations of dots differed from those used on Mr. 3 and
his friends, though the spots were the same size and color.
Recall that the child never saw the spots on the grandmother
giraffe during training.
All children completed the Learning trials prior to the
Transfer trials, but the order of the 4 trials within each test
phase, and the positioning of the 4 giraffes within each trial,
were counterbalanced across subjects.
Give-N post-test. After completing the Transfer trials, most
children (n = 118) also completed a second iteration of the
Give-N task. The procedure was identical to the Give-N pretest, except that a different type of toy object was used.

3

In one experiment, non-knowers were also tested, but these data
are not reported here.
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Results
Learning
First, we asked whether children in the Proper Noun
condition were more likely to learn the identity of the threespotted giraffe than those in the Adjective condition, as
predicted by the Meaning Abstraction Hypothesis. As shown
in Figure 2A, in the Proper Noun condition, 1-knowers
correctly identified the target on 44% (s.e.m. = 6%) of trials,
while 2-knowers did so on 68% (s.e.m = 6%) of trials.
Meanwhile, in the Adjective condition, 1-knowers correctly
identified the target on 33% of trials (s.e.m = 6%), while 2knowers did so on 52% of trials (s.e.m. = 7%). To test
whether Proper Noun training improved children’s learning,
we conducted a mixed-effects logistic regression predicting
the likelihood of choosing the correct target, using Knower
Level (1-knowers vs. 2-knowers) and Condition (Proper
Noun vs. Adjective) as predictors, and including both an
interaction term and a random effect of Subjects. We found
that the effect of Knower Level significantly improved the fit
of this model. Χ2(1) = 11.2, p < 0.001, as did the effect of
Condition, Χ2(1) = 4.6, p = 0.03, but that their interaction did
not, Χ2(1) = 0.16, p = 0.7. In other words, 2-knowers were
better learners than were 1-knowers, and children in the
Proper Noun condition were better learners than those in the
Adjective condition.
Next, we asked whether children’s performance was
significantly better than would be predicted by random
guessing. Because each trial was a 4-alternative forcedchoice, chance was defined as 25% correct. In the Proper
Noun condition, both 1- and 2-knowers performed
significantly greater than chance, indicating that the training
had an effect (Wilcoxon signed-ranks test, both p’s < 0.01).
In the Adjective condition, 1-knowers’ performance was not
significantly greater than chance, p = 0.17, but 2-knowers’
performance was greater than chance, p < 0.01.
Taken together, our findings on the Learning trials show
that, as predicted by the Meaning Abstraction Hypothesis,
children in the Proper Noun condition were more likely to
learn the identity of “Mr. 3” than children in the Adjective
condition were to learn which giraffe was the one “with three
spots.” This was true despite the fact that the perceptual
demands on the task were equal in both conditions.
Moreover, only Proper Noun training allowed 1-knowers to
identify “three,” while their behavior was consistent with
random guessing in the Adjective condition.

Transfer
Next, in order to assess whether children’s knowledge of
“three” extended beyond the specific exemplar they were
trained on, we examined performance on the Transfer trials.
As shown in Figure 2B, we found that, in the Proper Noun
condition, 1-knowers chose “Mr. 3’s grandma” on 27%
(s.e.m. = 4%) of trials, while 2-knowers chose the target
grandmother on 42% (s.e.m. = 5%) of trials. In the Adjective
condition, 1-knowers chose “the grandma with three spots”

Figure 2: A. Proportion of trials on which children correctly
identified either “Mr. 3” in the Proper Noun condition or “the
giraffe with three spots” in the Adjective condition after
training. B. Proportion of trials in which children transferred
their knowledge to correctly select either “Mr. 3’s grandma”
in the Proper Noun condition or “the grandma with three
spots” in the Adjective condition.
on 27% of trials (s.e.m.= 6%), while 2-knowers chose her on
39% (s.e.m. = 7%) of trials. A mixed-effects logistic
regression with the same effects structure as that used on the
Learning trials indicated that the effect of Knower Level
significantly improved the fit of the model, Χ2(1) = 6.0, p =
0.01. However, the effect of Condition (Proper Noun vs.
Adjective) did not, Χ2(1) = 0.1, p = 0.7, and there was no
interaction, Χ2(1) = 0.04, p = 0.8. Furthermore, we found that,
in both conditions, 1-knowers’ performance was no greater
than chance (Wilcoxon signed ranks tests, both p’s > 0.2),
while 2-knowers’ performance was significantly better than
chance, both p’s < 0.01. In other words, only 2-knowers
showed evidence of transfer, and children were equally
(un)likely to transfer the meaning of ‘three’ to other
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exemplars whether they were trained on the term as an
adjective or a proper noun.

Why it is that a child who already has exact meanings for
one and two, and can recite the count list to 10 or above,
nonetheless require several more months to acquire an exact
meaning for three? Here, we investigated this question by

exploring two candidate hypotheses. According to the
Perceptual Bottleneck Hypothesis, the bottleneck on early
number word learning may be due to perceptual factors:
either that children have a harder time visually discriminating
larger arrays (e.g., 3) from their neighbors in the count-list
relative to smaller arrays (e.g., 1 or 2), or that, even if
discrimination is not an issue, children simply don’t visually
attend to the property of number when viewing a new scene.
According to the Meaning Abstraction Hypothesis,
children’s protracted learning of new number words may
instead stem from difficulties identifying the relevant
dimension of the stimulus being labelled for them. For
instance, a child might hear a phrase like “three spots” and
think that “three” refers to the size, shape, or color of each
spot, rather than the quantity of the set.
In support of the Meaning Abstraction hypothesis, we
found that a linguistic intervention in which the number word
“three” was presented in the context a proper noun, Mr. 3,
helped enable both 1- and 2-knowers identify its referent, in
this case a 3-spotted giraffe. Critically, unlike the adjective
“three,” the proper noun “Mr. 3” refers to an individual,
rather than to the property of a set. In principle, children did
not need to know that Mr. 3’s name referenced the quantity
of three dots on his tummy in order to learn his name. Our
finding that removing the need to identify quantity as the
relevant dimension of meaning reduced the difficulty of the
task for children suggests that they may have difficulty
inferring the correct referents of number words as they are
typically used, as adjectives.
Because the giraffes used in our studies differed only in the
quantity of spots on their tummies, in order to learn the
identity of either “Mr. 3” (in the Proper Noun condition) or
“the giraffe with three spots” (in the Adjective condition), the
child needed to attend to the spots and perceptually
discriminate three dots from, e.g., four dots. If the limiting
factor on number word learning were perceptual, we would
expect equally poor performance in both conditions4. Instead,
we found that children in the Proper Noun condition were
more likely to identify the correct giraffe those in the
Adjective condition.
We also found large effects of knower-level: 2-knowers
were more likely to learn and extend the meaning of “three”
than were 1-knowers. While 1-knowers in the Adjective
condition performed no better than chance overall, 2-knowers
succeeded. While both groups performed better than chance
in the Proper Noun condition, the 2-knowers outperformed 1knowers. Furthermore, regardless of training condition, only
2-knowers extended their learning of “three” to another
exemplar. Interestingly, prior studies suggest that while nknowers do not, by definition, have exact meanings for n+1,
they may nonetheless have inexact, lower-bounded meanings
for n+1 (e.g., Barner & Bachrach, 2010). If so, having a
partial meaning for “three” might help explain why 2knowers performed better in the Adjective condition than did

4
Note that perceptual limitations are equal in both conditions
regardless of the particular perceptual strategy children deploy.
However, it is possible that the Proper Noun condition prompted

more children to attend to the overall triangle shape formed by the
dots, as opposed to their quantity per se, and this perceptual
grouping could have aided their memory.

Give-N post-test
Although the prior analyses indicate that many children
who are not yet 3-knowers can nonetheless be trained to
identify “three,” this leaves open the question of whether
such training changes a child’s knower level, i.e., teaching
the child to give exactly 3 objects when asked for 3, and not
to give 3 when asked for other numbers. Following the
training and test phases of the study, 118 children completed
the Give-N post-test. Table 1 shows the relationship between
pre- and post-training performance on Give-N. Strikingly,
irrespective of their performance on the Learning and
Transfer trials, only 5% of children (n = 6) were classified as
3-knowers or above after completing this study. The majority
of children, 69%, were classified as having the same knowerlevel at both time points. Of those whose knower-level
changed (n = 36), 39% improved, while 61% declined.
Table 1: Knower-levels before and after training on “three”
Condition

Proper Noun

Adjective

KL

N

Post-test knower level
0

1

2

3

4

CP

1

34

5

24

5

0

0

0

2

30

1

7

20

0

2

0

1

30

6

21

3

0

0

0

2

23

2

1

16

2

1

1

KL = knower-level prior to training.

Errors
We also performed an exploratory analysis of the types of
errors children made. While the Perceptual Bottleneck
Hypothesis predicts that children would be most likely to err
by choosing the 4-spotted giraffe, which was most
perceptually similar to the target, the Meaning Abstraction
hypothesis makes no specific predictions about children’s
errors. Inconsistent with the Perceptual Bottleneck
Hypothesis, 1-knowers chose the 4-spotted giraffe on 32% of
error trials, and 2-knowers chose the 4-spotted giraffe on 34%
of error trials, neither of which were significantly different
from chance (33%; both p > 0.6).

Discussion
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1-knowers. It remains more mysterious, however, why 2knowers also outperformed 1-knowers in the Proper Noun
condition, since success in this condition should not, in
principle, require knowing any number words. One
possibility is that that more 2-knowers than 1-knowers picked
up on the connection between Mr. 3’s name and the number
of spots on his tummy, and that existing partial knowledge of
“three” helped guide their choices in the test trials. On the
other hand, our finding that 2-knowers in the Proper Noun
condition still outperformed 2-knowers in the Adjective
condition may suggest that not all 2-knowers have partial
meanings for three, or that an inexact meaning is not always
sufficient to map “three” to a precise quantity in this task.
While children in the Proper Noun condition had an
advantage over those in the Adjective condition in the
Learning trials, this was not the case on the Transfer trials.
The lack of a Proper Noun advantage on these trials may be
related to the specificity of names. Another possibility is that
children lacked the intuition that that “Mr. 3’s grandma”
might share some of his perceptual features (i.e., the same
number of spots). If so, this genetic inference component of
the task could have masked a Proper Noun advantage we
might have otherwise observed in the Transfer trials.
A prior study by Huang, Spelke, and Snedeker (2010) also
attempted to train subset-knowers on number words above
their knower-level. In that study, n-knowers were trained on
sets of n + 1. Consistent with the results of our Adjective
condition, they found that 2-knowers could be trained to
identify particular sets of three, like “three dogs.” However,
2-knowers did not generalize “three” reliably to other sets,
such as “three cows.” Huang et al. took their findings in 2knowers as evidence that they had failed to form a mapping
between “three” and an abstract numerical quantity during
training, but, instead created an association with a specific
stimulus. Here, we did find evidence that 2-knowers in the
Adjective condition (but not 1-knowers) generalized the
meaning of “three,” although our transfer was ‘closer’: from
one giraffe/set of spots to another, rather than across noun
categories.
In addition to the long delays between subset-knower
stages, a second puzzle regarding early number-word
learning is why number words are always learned in
sequence. our knowledge, our Proper Noun condition
represents the only successful attempt in the literature to train
n-knowers on a number word higher than n + 1. The finding
that removing the need to represent quantity as the dimension
of meaning allowed 1-knowers to learn “three” also suggests
that the stage-like progression through the knower-levels
may reflect difficulties identifying the intended referents for
number words, rather than the increased perceptual similarity
between larger sets that differ by one.

References
Almoammer, A., Sullivan, J., Donlan, C., Marušič, F.,
O’Donnell, T., & Barner, D. (2013). Grammatical
morphology as a source of early number word
meanings. PNAS, 110(46), 18448-18453

Barner, D., & Bachrach, A. (2010). Inference and exact
numerical representation in early language development.
Cogn Psychol, 60(1), 40-62.
Barner, D., Chow, K., & Yang, S. J. (2009). Finding one’s
meaning: A test of the relation between quantifiers and
integers in language development. Cogn Psychol, 58(2),
195-219.
Barner, D., Libenson, A., Cheung, P., & Takasaki, M. (2009).
Cross-linguistic relations between quantifiers and
numerals in language acquisition: Evidence from
Japanese. J. Exp Child Psychol, 103(4), 421-440.
Davidson, K., Eng, K., & Barner, D. (2012). Does learning to
count involve a semantic induction? Cognition, 123(1),
162-173.
Feigenson, L., & Carey, S. (2003). Tracking individuals via
object-files: evidence from infants’ manual search. Dev
Sci, 6(5), 568-584.
Huang, Y. T., Spelke, E., & Snedeker, J. (2010). When is four
far more than three? Children’s generalization of newly
acquired number words. Psychol Sci, 21(4), 600-606.
Landau, B., Smith, L. B., & Jones, S. S. (1988). The
importance of shape in early lexical learning. Cogn
Dev, 3(3), 299-321.
Le Corre, M., & Carey, S. (2007). One, two, three, four,
nothing more: An investigation of the conceptual sources
of the verbal counting principles. Cognition, 105(2), 395438.
Le Corre, M., Li, P., Huang, B. H., Jia, G., & Carey, S.
(2016). Numerical morphology supports early number
word learning: Evidence from a comparison of young
Mandarin and English learners. Cogn Psychol, 88, 162186.
Piantadosi, S. T., Jara-Ettinger, J., & Gibson, E. (2014).
Children's learning of number words in an indigenous
farming-foraging group. Dev Sci, 17(4), 553-563.
Sarnecka, B. W., & Carey, S. (2008). How counting
represents number: What children must learn and when
they learn it. Cognition, 108(3), 662-674.
Sarnecka, B. W., Kamenskaya, V. G., Yamana, Y., Ogura,
T., & Yudovina, Y. B. (2007). From grammatical number
to exact numbers: Early meanings of ‘one’,‘two’, and
‘three’in English, Russian, and Japanese. Cogn
Psychol, 55(2), 136-168.
Schaeffer, B., Eggleston, V. H., & Scott, J. L. (1974).
Number development in young children. Cogn
Psychol, 6(3), 357-379.
Soja, N. N. (1994). Young children's concept of color and its
relation to the acquisition of color words. Child
Dev, 65(3), 918-937.
Wagner, K., Kimura, K., Cheung, P., & Barner, D. (2015).
Why is number word learning hard? Evidence from
bilingual learners. Cogn Psychol, 83, 1-21.
Wynn, K. (1990). Children's understanding of counting.
Cognition, 36(2), 155-193.
Wynn, K. (1992). Children's acquisition of the number words
and the counting system. Cogn Psychol, 24(2), 220-251.

2571

How can we help others?: a computational account for action completion
Takuma Torii (tak.torii@jaist.ac.jp)

Shohei Hidaka (shhidaka@jaist.ac.jp)

Japan Advanced Institute of Science and Technology
1-1 Nomi, Ishikawa, Japan
Abstract
To help others, we need to infer one’s goal and intention and
make an action which complements one’s action yet to meet
the underlying goal. In this study, we consider the
computational mechanism how a person can infer the other’s
intention and goal from his or her action, which is not
completed or fails to meet the goal. As a minimal motor control
task toward a goal, we analyzed single-link pendulum control
tasks and its variation. By analyzing two types of pendulum
control tasks, we show that a sort of fractal dimension of
movements is characteristic of the difference in the underlying
motor controllers. Further, using the fractal dimension as a
criterion of similarity between movements, we show that the
simulated pendulum controller can make an action toward the
goal, toward which other’s incomplete action was made, but
was not observable in behavior due to its failure.
Keywords: imitation; intention; action; motor control;
dynamical system; fractal dimension;

Introduction: Imitation of Action
As a way of social learning from others, children imitate their
parents’ movements in an early developmental period.
Imitation, as a behavioral basis for understanding other’s goal
and intention, is thought of a mechanism to preserve social
and cultural knowledge. Thus, from the perspective of
cultural evolution, it plays a key role as a “latchet” preventing
human culture from stepping back (Tomasello, 2001).
In a typical imitation, a demonstrator (e.g., parent) shows
an imitator (e.g., child) an action with an intention. In this
paper, by “intention” we mean either a motor plan or a motor
control toward a certain goal, that gives a series of choices on
each step in order to achieve a given goal, and by “action” we
mean a movement with an intention to achieve a certain goal
(Bernstein, 1996).
In this study, we consider a certain type of imitation
learning, where the imitator does not know the
demonstrator’s goal and intention behind its action. Given
this situation we pose, the imitation learning requires to solve
the two major classes of problems: identification of action
features with which two actions with different intentions can
be discriminated, and action completion which extrapolates
an incomplete part of other’s action which fails to meet its
goal, and make an action to meet the goal. The first problem,
identification of features, requires features correlated to the
intentional difference (functional difference in motor control)
behind an action, rather than features which just describes
apparent movements. Inference of an intention or a goal
behind an action is, however, an ill-posed problem in general:
a pair of two similar movements can be produced by two
quite different intentions (motor plans) or by two different
goals. The second problem, action completion, needs the
identification of feature and to apply it to make an action to

meet an estimated goal for an observed part of an incomplete
action which the demonstrator intended to finish but failed.
In this study, we aim to address these two questions by a
form of numerical study on a task to control a physical object
– a single-stick pendulum. We suppose that this simple
control task is minimally sufficient to capture the essential
aspect of goal imitation: how one can recognize the intention
(motor control) behind a given action, and how the one
reproduces it.
Although the control task of a pendulum may be viewed
overly simplified in its structural complexity compared to the
actual human body, we view this task has essentially similar
characteristics with the experimental task reported by
Warneken & Tomasello (2006). In their experiment, 18
months olds were exposed to an adult (experimenter)’s goalfailed behavior, and they investigated whether those children
could infer the adult’s goal, which was not demonstrated
there, and help to complete it. They have suggested children
of this age can infer others’ goals and complete the actions.
In principle, the child in their experiment is required (1) to
recognize the failed goal and intention and (2) to make an
action by controlling his/her own body to meet the goal. The
task (1) and (2) are called recognition and completion task for
goal imitation, respectively. In what follows, we illustrate
how our simulation framework captures the goal imitation
behavior, and then report two simulation studies for
recognition and completion task.

Simulation Design
Rationale: Abstracting Warneken & Tomasello
Here we briefly introduce the experiment of Warneken &
Tomasello (2006) (WT in short hereafter). WT have
investigated whether children can infer the demonstrator’
goal and the intention behind the behavior. In a situation, in
the experimental condition, called out-of-reach situation, a
demonstrator dropped a marker on the floor accidentally and
could not reach for it, whereas in the control condition he
intentionally dropped a marker on the floor. The former
condition implicitly calls for child’s help for the demonstrator
to finish unsuccessful intention, namely to pick up the
marker, but the latter does not. The pair of experimental and
control condition was designed so that the two of the
demonstrator’s apparent bodily movements are similar (e.g.,
both dropped a marker), whereas the underlying intentions
behind the actions were quite different. WT showed that the
children showed helping behaviors more frequently in the
experimental condition than the control condition.
In this study, we design a simulation framework so that it
can capture the essence of WT’s experimental design in a
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minimal form. Specifically, we employed a single-link
pendulum as a simplified human body. Each of the imitator
(i.e., the hypothetical child) and the demonstrator is supposed
to control a pendulum to make an action (i.e., a goal-directed
movement). The goal of the demonstrator is set to keep the
pendulum at the topmost position (opposite to gravity) as
much as possible subject to a given “bodily constraint”, i.e.,
a given set of physical parameters of the pendulum (mass,
length, and so on). The intention of the demonstrator is its
controller of the pendulum, which is angle acceleration
(force) as a function of angle and angular velocity of the
pendulum. An action of the demonstrator is a movement of
the pendulum, represented either by the (x, y) coordinate or a
vector of angle and angular velocity, which is generated by
an initial condition and the controller of the demonstrator.
We think that the essential difference between the
experimental (goal-failed) and the control (goal-achieved)
condition in WT is captured by the degree of optimality of
intention or action for a given goal. Suppose there are
controllers A and B, which are optimal for different goal GA
and GB, respectively. If the demonstrator uses control A for
goal GA, its generated movement would be optimal and
treated as a “successful” action. While, if the demonstrator
uses B for goal GA of A, its generated movement would be
sub-optimal and treated as a “failed” action. The former case
is an analog to the control condition in WT and the latter is to
the experimental condition.
Accordingly, we design two different tasks (combination
of a goal and constraint) for demonstrators. (A) The swingup task has the goal to keep the pendulum being as close as
possible to the top without any obstruct (Figure 1A). The goal
is quantified by the reward function of the angle 𝜃 defined by
𝑟(𝜃) = cos𝜃, where the top position with 𝜃 = 0. (B) The
swing-up-no-hit task constrains the pendulum from moving
to a certain region in angle (infeasible region: the black
region shown in Figure 1B), and the goal is to keep the
pendulum being as close as possible to the top unless it hits
the infeasible region. In the task B, the demonstrator will be
given the least reward when the pendulum is at the infeasible
region (including its boundary); otherwise, the demonstrator
is given reward as a function of angle (𝑟(𝜃) = cos𝜃; the least
value is 𝑟(𝜋) = −1 ) at each time step. The degree of
optimality (match/mismatch between the intention and the
movement) is defined by the cumulative reward function of a
given movement over time relative to its maximum.
In the goal-failed condition of our simulation, that is the
analog to the experimental condition of WT, the demonstrator
works on the task B (with the infeasible region) by
controlling the pendulum with the controller optimal for the
task A (Figure 1C). In the goal-achieved condition, that is
the analog to the control condition, the demonstrator work on
the task B by the controlling it with the controller optimal for
the task B (Figure 1D). Obviously, the demonstrator in the
goal-failed condition (Figure 1C), but not the one in the goalachieved one (Figure 1D), shows a movement sub-optimal
for the task B, which does not match the “intended”
movement being optimal for the task A.

Figure 1: Simulation design analogous to experimental tasks
in Warneken & Tomasello (2006). (A) The swing-up task.
The most rewarding angle is the topmost (𝜃 = 0) and the least
is the bottom (𝜃 = 𝜋). (B) The swing-up no-hit task. There
are three least rewarding angles: the bottom (𝜃 = 𝜋) and the
bounds of the infeasible region (black: 𝜃 = ±𝜋/8). The best
rewarding angle is somewhere closer to the top within feasible
region. It is optimal to keep on swinging without touching the
bounds. (C) Goal-failed demonstration: working on the task B
with the control optimal for the task A. (D) Goal-achieved
demonstration: working on the task B with the control optimal
for the task B.
The imitator, in turn, observes these different actions in the
two conditions. Here we provide two analyses for recognition
and completion of the actions, which are respectively analog
to the child’s sub-tasks, recognizing the difference between
the actions observed in the experimental and control
condition, and making an action to complete the intended
movement to help the unsuccessful demonstrator.

The Pendulum Control
A mathematical model of simple pendulums is composed of
a link of length 𝑙 = 1 and point mass 𝑚 = 1 at the tip of the
link. A state of this pendulum is determined by the angle 𝜃 of
the link and angular velocity 𝜃̇. The angle is relative to the
inverted position 𝜃 = 0. The equation of motion is given by
𝑚𝑙 2 𝜃̈ − 𝑚𝑔𝑙 sin𝜃 = 𝑢 + 𝜀
(1)
where 𝑔 = 9.8 is the gravity constant, 𝑢 is control input
(torque) from a controller 𝑓 , and 𝜀 ∼ 𝑁(0, 𝜎) is intrinsic
noise, a normally distributed random variable.
The pendulum swing-up task is a classic in feedback
control theory (Doya, 1999), originally to design a controller
that can swing the pendulum up and hold it about the inverted
position given by 𝜃 = 0. A controller for this task is defined
by the function 𝑢 = 𝑓(𝜃, 𝜃̇), which outputs torque 𝑢 for a
given state (𝜃, 𝜃̇ ). The goal of a demonstrator is to choose 𝑓
so as to maximize ∑𝑡 𝑟(𝜃𝑡 ) (see the section later for details).

2573

The initial position of the pendulum is set 𝜃̇ = 0 and a
uniformly random value for 𝜃 = ±[𝜋/8, 𝜋).

Energy-based Swing-up Controller
The simple pendulum is characterized well by the mechanical
energy that is the sum of the kinetic and potential energy:
1
𝐸(𝜃, 𝜃̇) = 𝑚𝑙 2 𝜃̇ 2 + 𝑚𝑔𝑙 (cos𝜃 − 1).
(2)
2
In the pendulum swing-up task, its goal state holding at the
inverted position 𝜃 = 0 and 𝜃̇ = 0 corresponds with
𝐸(0,0) = 0 .Without any control input ( 𝑢 = 0 ) and noise
( 𝜎 = 0 ), the simple pendulum preserves the mechanical
energy over time. Thus, the goal of the swing-up task was met
by controlling the mechanical energy be zero (𝐸(𝜃, 𝜃̇) = 0).
Employing this observation, Astrom & Furuta (2000)
proposed the energy-based controller
𝑓(𝜃, 𝜃̇) = − (𝐸(𝜃, 𝜃̇ ) − 𝐸(𝐺, 0)) 𝜃̇ ,
(3)
with which one can control the current energy 𝐸(𝜃, 𝜃̇) to be
closer to the targeted energy 𝐸(𝐺, 0) with the goal angle G.

Goal-achieved and Goal-failed Action
For each of the demonstrator in the swing-up and swing-upno-hit task, different reward function 𝑟(𝜃) is assumed. In the
swing-up task, the reward function is 𝑟(𝜃) = cos𝜃 , that
indicates the top-most position 𝜃 = 0 is the most rewarding
position for the pendulum. In the swing-up-no-hit task with
the infeasible bound at the angle 𝜃min , the reward function is
𝑟(𝜃) = cos(𝜋) = −1 if 𝜃 = 𝜃min and otherwise 𝑟(𝜃) =
cos𝜃. The optimal controllers are different for the two tasks
with different reward functions. The optimal controller for
the swing-up and swing-up-no-hit with the infeasible bound
at the angle 𝜃min = 𝜋/8 are respectively the controller
(Equation 3) with the goal angle 𝐺 = 0 and 𝐺 = 𝜃min .
Controlling the pendulum with Equation 3 with some goal
angle 𝐺 ≠ 0 in the swing-up task, it results in swinging
within the range 𝜃 > 𝐺 . In the swing-up-no-hit task, the
pendulum is constrained within the feasible angle 𝜃 ∈
±(𝜃min , 𝜋] due to the absorbing bound.
Figure 2 shows typical actions (time series of angles) made
by the goal-failed demonstrator with the goal angle 𝐺 = 0
(top) and goal-achieved one with 𝐺 = 𝜃min (bottom)
working on the swing-up-no-hit (Figure 1C and D). Those
movements look similar in angle dynamics, which simulates
the movement similarity in WT (e.g., dropping a marker
accidentally and intentionally), but their mechanical energy,
a direct indicator of their controller, may show some
difference between the two actions.

Feature for Intentional Difference
According to our definition of the goal-failed and goalachieved condition, the intention behind movements, optimal
for the swing-up task, mismatches the swing-up-no-hit task
(Figure 1C). Not only in this particular case, many other
“failed” actions, including WT’s, are supposed to be with this
type of mismatch between some originally intended task and
the actually performing task. One of critical feature common

Figure 2: Representative time series of angle and mechanical
energy made by the goal-failed demonstrator (top two panels)
with 𝐺 = 0, and the goal-achieved demonstrator (bottom two
panels) with 𝐺 = 𝜃min , in the swing-up-no-hit task
in this type is that the task to work has an additional obstacle
which is not expected in the original task.
Beyond specific differences across different tasks, we
hypothesize that this type of failures may be characterized by
the existence of some additional factor complicating the
originally intended task. In the dropping a marker
accidentally in WT, the demonstrator was supposed not to
ready for the situation that requires him to pick the dropped
marker, and the accidental dropping gives the additional
complexity to the originally intended task, to carry the marker
to somewhere (without dropping it). So is the goal-failed
condition in our pendulum simulation: the additional
obstacle, the limitation in the feasible angle, causes the suboptimality of the original motor control in this unexpected
new task.
Accordingly, we suppose that this additional factor of
complexity could be quantified by the degrees-of-freedom
(DoF) of a given system. In the accidental dropping case
again, in order to succeed the unintended task, the
demonstrator needs to have some DoF to choose whether he
flexibly changes the motor plan to solve the new situation
(unexpected dropping). Similarly, the pendulum controller
equipped with an additional DoF resetting the new target
angle may flexibly tune his motor control to be near optimal
for a given new situation. That means, in both two cases
above and perhaps more generally, the unintended new task
introduces some additional complexity or DoF to be solved
by the demonstrator.
In this paper, we specifically employ a sort of fractal
dimension, called pointwise dimension (see Section
“Pointwise Dimensions”), of the actions as an indicator of the
DoF of the underlying controller, and test whether it is
characteristic of the intentional difference underlying the
actions. In the following two sections, we examined our
hypothesis by the two simulations for (1) recognition task and
(2) completion task from the imitator’s perspective.

Simulation I: Recognition Task
In Simulation I, we investigate whether the imitator can tell
the two different intention underlying the actions in the goalfailed and goal-achieved condition. The goal of this
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simulation is to analyze and identify which feature is more
characteristic of the latent intention of actions.
Specifically, we listed angle, angular velocity, power
spectrum, mechanical energy, and pointwise dimension of
movements for this analysis. The angle, angular velocity, and
power spectrum are standardly employed features of
movements in the literature. It is also natural for our
simulation, as the motor control is a function of angle and
angular velocity, and the generated movement is periodic.
The mechanical energy is indeed the very term defining the
motor control (see Equation 3), and thus we expect that the
mechanical energy would be the best possible feature in
theory to characterize the intention (motor control). It is,
however, that a naive imitator such as a child may not be able
to directly access the mechanical energy, as it needs
knowledge of the physical parameter of the pendulum (i.e.,
mass 𝑚 and length 𝑙 in Equation 1). Thus, the mechanical
energy is treated as an indicator for the best-possible
recognition performance in our analysis.
Lastly, pointwise dimension is a feature indicating the
latent DoF of the underlying dynamical system, and we
hypothesize that it is an indicator of task complexity and
would be characteristic of intentional difference between
movements in the goal-failed and the goal-achieved
condition. Our hypothesis predicts that pointwise dimension
is a characteristic feature as good as mechanical energy in the
classification of the movements with different intentions.

transient periods heavily depending on an initial state. The
rest of the time series, corresponding with the last 50 seconds
of the movement, was used as the training data for
classification. We used one single long time series, since the
system seems ergodic: namely, a time series with any starting
initial states eventually converges to the same stationary
near-periodic dynamical system.
In classification, each point in a given time series is treated
as an independent sample, and the angle, angular velocity,
mechanical energy, and pointwise dimension for each point
was computed. The power spectrum of angle was computed
with each part of time series within a moving time window
of size 5 seconds. Then given a set of feature points as a
training data, we used the Gaussian mixture model. This
choice of the classifier is motivated by computational
simplicity to construct two sample probability functions of a
variable (feature). Denote these functions by 𝑝𝐴 (𝑥) for the
goal-achieved and 𝑝𝐹 (𝑥) for the goal-failed demonstrator.
Using these sample probability functions, the imitator asserts
that a given new point 𝑥 is of the goal-failed demonstrator if
𝑝𝐹 (𝑥) > 𝑝𝐴 (𝑥), otherwise the imitator asserts that it is the
point of the goal-achieved demonstrator. The classification
accuracy is defined by the rate of correct response. For each
feature, we reported the classification accuracy of the
Gaussian mixture model with the minimum Bayesian
information criterion.

Pointwise Dimensions

Figure 3 shows the classification accuracy for each feature.
As both the training and testing data contains the equally
balanced number of samples for the two classes, the chance
level for this classification was 50%. The classification
accuracy with angle, angular velocity, and power spectrum
was close to the change level. The accuracy with mechanical
energy was approximately 95% significantly higher than the
chance level. This result is as expected: the intention or motor
control is a function of mechanical energy. We treat this
accuracy on the basis of mechanical energy as an indicator of
the best-possible accuracy in this classification task.
Compared with this best-possible accuracy, the classification
accuracy with pointwise dimension was approximately 90%,
which was comparable to it. Note that pointwise dimension
was computable with only a time series of angles of the
pendulum observable by a naive imitator. This result suggests
that pointwise dimension can be a potential characteristic to
recognize intentions (controllers) behind observed
movements only with observable data.

To characterize complexity in the demonstrator's movements,
we analyze the attractor dimension of the movements treating
it as a dynamical system. Specifically, we exploited a sort of
fractal dimension called pointwise dimension for the
classification analysis. The pointwise dimension is a type of
dimension, which is defined for a small open set or measure
on it including a point in a given set (see Cutler, 1993; Young,
1982 for details). It is invariant under arbitrary smooth
transformation. As it is associated with each point, we can
analyze the distribution of pointwise dimension across points.
Informally speaking, pointwise dimension of a point
characterizes the how many dimension measure spans around
a point. We have developed a statistical technique to estimate
the pointwise dimension for a set of data points (Hidaka &
Kashyap, 2013). Applying this, each point in the dataset is
assigned with that a positive value of pointwise dimension.

Two-class classification
We performed classification analyses of demonstrator types
based on each of those features described above. The
performance of classification is treated as a measure of how
characteristic each feature to discriminate demonstrator
types. Specifically, for this two-class classification task, the
imitator has exposed to a time series of a pair of angle and
angular velocity, which reflects each movement
demonstrated in the goal-achieved and the goal-failed
condition. A part of each time series corresponding with the
first 10 seconds was excluded from the training data, as of

Classification Results

Simulation II: Action Completion Task
One of the key observation in the WT experiment is that the
children can make an action to achieve the demonstrator’s
“goal” by just observing his incomplete action. As the
children did not observe the complete action in their
experiment, it needs to identify the observed incomplete
action to the putative complete action at a certain level of
abstraction. In order to explore this mechanism of the action
completion task, we ask the question how the imitator

2575

observing the goal-failed demonstration can reproduce an
action substantially achieving the unobserved goal. As
pointwise dimension was found reasonably characteristic of
the intentions in Simulation I, we consider an extended use
of pointwise dimension for the action completion task.
In the action completion task, exact identification of the
intention is not necessarily required nor beneficial: as the
imitator (e.g., child) does not necessarily have the same body
as the demonstrator (e.g., adult), and the motor controllers for
different bodies to meet the same goal may be different in
general. In the action completion task, the imitator needs to
identify two actions, which have similar goals but are
different in body and latent motor control.
Figure 3: Results of classification tasks with several features

Action completion model
To this requirement, here we propose to use the similarity
between two actions on the basis of their dynamic transition
patterns in the DoF of the two action generating systems. In
this model, the imitator observes an action and extracts
dynamics of the DoFs in it as already shown in the
recognition task of Simulation I. Next the imitator simulates
a movement by its own body (a given specific pendulum) for
each of a set of candidate controllers. Then the imitator makes
an action which has the DoF dynamics the most similar with
the extracted DoF dynamics of the demonstrated movement.
In this way, this action completion model uses similarity in
DoF dynamics, rather than similarity in apparent movement
such as angle, angular velocity patterns.
Specifically, we suppose that the imitator is exposed to one
time series of angles generated in the goal-failed condition
(Figure 1C), which is sub-optimal for the swing-up-no-hit
task. We assume that the imitator makes an action by
choosing a controller (Equation 3) with goal angle 𝐺 as the
parameter. The other physical parameters, mass 𝑚 and length
𝑙 of the pendulum, are fixed (𝑚, 𝑙) = (1, 1) for both
demonstrator and imitator in the same-pendulum condition,
and are fixed (𝑚, 𝑙) = (4, 1) or (𝑚, 𝑙) = (1, 2) for the
imitator in the two different-pendulum conditions. These
conditions are designed to estimate the robustness of this
action completion model to the physical difference of
pendulums of the imitator and the demonstrator. Given the
goal-failed action, the action completion task of the imitator
is to choose likely controller (i.e., goal angle 𝐺) that generates
a movement similar with the demonstrated movement in
sense of their DoF dynamics. Each controller with the goal
angles 0, 0.05, 0.1, … , 0.9 was analyzed as a candidate for
action completion.

Figure 4: Results of the action completion task. The loglikelihood was computed by the action completion model.
For the same-pendulum condition, the ground truth is 𝐺 = 0.
The vertical dashed line is the boundary of feasible angle
𝜃min = 𝜋/8 . For the different-pendulum conditions,
candidate movements were generated by the pendulums
either (𝑚, 𝑙) = (4, 1) or (1, 2).

Similarity in DoF dynamics

Generation Results

In this study, the degree of freedom (DoF) dynamics of a
system is defined by its temporal change in pointwise
dimension estimated on the time series generated by the
system. Specifically, a pointwise dimension estimator was
constructed for a given demonstrated movement by the
method proposed by Hidaka & Kashyap (2013), and this
estimator was used to estimate a series of pointwise
dimension for each of the demonstrated and candidate

For each of the set of goal angle 𝐺, the log-likelihood was
computed based on similarity in the DoF dynamics between
demonstrated and candidate movement (Figure 4). For each
𝐺 , the figure shows the average log-likelihood over 20
sample actions with different initial values. A controller with
some 𝐺 with higher log-likelihood is more likely to be chosen
as the produced action by the imitator. Figure 4 (red points)
shows that the log-likelihood of goal angle 𝐺 in the same-

movements. The constructed pointwise dimension estimator
consists of multiple distributions, and each of distribution
corresponds with a particular pointwise dimension. For each
of the movements, we computed the matrix of transition
probability from one distribution of a certain dimension to the
other. The likelihood of a certain control parameter is defined
by the multinomial distribution of a transition frequency
generated by the controller with the given transition
probability of pointwise dimension. This method is designed
to abstract away difference between two systems in the
absolute value of pointwise dimension at each step, and
compute similarity in the temporal change in DoF.
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pendulum condition, in case that both demonstrator and
imitator control the same pendulum (𝑚 = 1, 𝑙 = 1). As the
goal angle in the goal-failed demonstrator was 𝐺 = 0, it is
the ground truth to be estimated. Although the log-likelihood
did not take its highest at 𝐺 = 0, it generally showed higher
log-likelihood for one group 0 ≤ 𝐺 < 𝜃min than those for the
other 𝐺 ≥ 𝜃min , where 𝜃min ≈ 0.39 is the boundary angle
between the feasible and infeasible one. These two groups of
log-likelihoods on average were significantly different
(t (139) = 14.64, 𝑝 < 0.01). Thus, this result shows that,
using similarity in the DoF dynamics, the imitator can
generally differentiate the two latent types of candidate
actions, which corresponding with the difference between the
swing-up and swing-up-no-hit task. In other words, the
imitator can reproduce some action which is similar with
what the goal-failed demonstrator wanted to do but could not
(i.e., swing it up through the infeasible region), if he/she were
asked to perform in the swing-up task (no infeasible angle).
How dependent is this action completion model on the
sameness of physical parameters of the demonstrator’s and
the imitator’s pendulums? To see the dependence on the
identical physical setting (𝑚 = 1, 𝑙 = 1), we also analyzed
the same action completion task where the imitator controls
different pendulums with different physical parameters (𝑚 =
4 and 𝑙 = 1 , and, 𝑚 = 1 and 𝑙 = 2 ). In both cases, we
successfully reproduced essentially similar results (the green
and blue points in Figure 4) as that shown further same
pendulum condition (the red points in Figure 4). The two
groups of log-likelihoods on average were both significantly
different (𝑡(139) = 14.10, 𝑡(139) = 8.78, 𝑝 < 0.01). That
is, even with physically different pendulums, the imitator can
differentiate the two general types of intentions (i.e., swingup vs. swing-up-no-hit). Thus, by using the DoF dynamics as
a basis of similarity between movements, the imitator can
successfully abstract away the difference between their
physical dissimilarity in the two pendulums. Note that, using
two physically different pendulums, there is no more “ground
truth” of the motor controller, producing a movement exactly
the same as the demonstrator’s. Thus, in these differentpendulum conditions, it would be difficult for a simple
movement-matching strategy to reproduce some unseen
action of the demonstrator.

General Discussion
Inspired by the psychological experiment by Warneken &
Tomasello (2006), we design our simulation as a minimal
framework account for the mechanism for action recognition
and action completion. We showed that the simulated
imitator can discriminate the goal-failed and goal-achieved
actions, whose movements apparently similar but the
intentions and goals behind differ (Simulation I). Then we
propose an action completion model that can make an action
that generally similar with the action optimal for the swingup task, by just observing the goal-failed action, which is suboptimal to it (Simulation II).
Through these two simulations, we used the DoF dynamics
in actions as a feature of the underlying motor controllers.

Given this theoretical result, that the DoF dynamics is
effective in both action recognition and completion, we
predict that this feature would also play a crucial role in
human action recognition and imitation, which will be tested
in future work.
Here let us discuss the theoretical advantage of DoF
dynamics (pointwise dimension) in the characterization of an
action generating system over other approaches. The inverse
kinematics approach (Wolpert et al., 2003), typically taken in
robotics, needs the fully specified knowledge on the physical
system including the motor controller in model parameter
estimation. The Inverse reinforcement learning (IRL)
approach (Ng & Russel, 2000) is a more general framework
to estimate the unknown reward function by a given
movement, under the assumption that the optimal controller
trained by reinforcement learning generates the movement. It
can well approximate the reward function for the highly
rewarding states as such states are visited more frequently;
otherwise, it may be poor to estimate the reward function for
infrequent states. Therefore, IRL would not work well, if the
most rewarding state is missing in the observed data – like
the case of the goal-failed condition analyzed in this study.
In contrast to these previous approaches, the proposed
model, at least in the minimal physical model such as a
pendulum control task, can reasonably work for action
completion task. We expect to extend the current work to a
more complex action-generating system in future.
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Abstract

imagined problems of over-immigration. As a result, there is
widespread concern about the impact of political ignorance
on the voting public (Somin, 2014). Other work has
examined perceptions of government spending (e.g., Gilens,
2001). We consider both demographic and budgetary as
subtypes of civic proportions, and consider the processes
potentially involved in their estimation.
When asked to give direct numerical estimates of
proportions, people misestimate many critical issues. On
average, Americans estimate that 25% of Americans
immigrated; (Citrin & Sides, 2008); similarly, people
overestimate the proportion of Americans who identify as
LGBT (Newport, 2015), Muslim, or who vote (Ipsos SRI,
2014). People across the world make similar errors (Citrin
& Sides, 2008; Ipsos SRI, 2014).

Across two experiments, we use ordinal ranking to examine
the processing and representations involved in the estimation
of large-scale, real-world proportions. Specifically, in two
experiments people estimated two kinds of important realworld proportions: the demographic makeup of their
communities, and spending by the U.S. Federal government.
Our goal was to assess the metric scaling properties that
characterize perceptions of these quantities. In particular,
previous work in numerical proportions has posited
logarithmic or linear representations (Opfer & Siegler, 2007),
or linear representations with task-dependent rescaling (Barth
& Paladino, 2011; Cohen & Blanc-Goldhammer, 2011). The
current context differs markedly from this prior work in that
the values we are examining are not explicitly presented to
participants, nor directly experienced, but must be estimated
on the basis of masses of complex experiences. Ordinal
ranking of the quantities, combined with a Thurstonian
modeling approach, allows a unique means for estimating the
internal scale properties of numerical structures. We find that
people largely rely on mixed representations that emphasize
log-odds transformations of these vaguely known, but
socially important values. While the budget data explored in
Experiment 1 were unable to distinguish log and log-odds
transformed internal models, the demographic proportions
explored in Experiment 2 favored log-odds models.

Numerical Representation and Processing

Keywords: numerical reasoning; proportion estimation;
probability weighting; mathematical cognition

Introduction
How do people make sense of quantities that go beyond
the possibility of direct experience? While people have
many systems for dealing with everyday, simple quantities
(Feigenson, Dehaene and Spelke, 2004), many socially
important quantities go beyond what can easily be
experienced directly, and are processed only with difficulty
(Resnick, Newcombe, and Shipley, 2017), or by processing
intermediate representations (Landy et al, 2013). Here we
explore two sets of socially important quantities:
demographic proportions in the U.S., and spending in the
U.S. federal budget, with the aim of better understanding
how information about these vague, large, inaccessible
quantities is stored and used.
Demographic proportions--the proportion of people
fitting into a particular category--are important factors to
consider in weighing of public policy, and their perception
has, accordingly, been heavily explored in political science
(e.g., Wong, 2007; Kuklinski et al, 2000). For instance,
roughly 13% of people living in America are immigrants
(about 40 million people). If people massively
misunderstand this proportion, they may go on to endorse
inefficient government policies that, for instance, address

Although it is clear that incorrect beliefs (bias) are a
factor in demographic estimation, our most recent research
(Landy et al., 2017) suggests that the standard measure-asking people for direct estimates of proportions--may fail
to reflect underlying beliefs in a direct way. Instead,
decades of research in both psychophysics (Stevens, 1957)
and numerical estimation (Opfer & Siegler, 2007) suggest
that people systematically transform quantities in ways that
significantly affect responses.
All psychophysical models comprise the composition of
three mathematical functions (see Figure 1): a perceptual
function, a psychological or cognitive function, and a
response function. The perceptual function transforms data
in the world into some kind of perceived format--which one
might call a mental representation, though this specific
pattern may or may not be neurally realized. Secondly a
cognitive function (such as memory decay) is applied to the
mental ‘representation’. Finally, the result of this cognitive
function is transformed by the requirements of a response
(such as a button press, vote for a political candidate, Likert
scale rating, or ordinal ranking). All the theoretical
frameworks we consider assume these three functions, but
they account for responses in very different ways.
In a direct estimation task, one assesses the composed
function Ψ∘c∘r. In order to differentiate these theoretical
models, it is necessary to decompose the functions. One can
assume a response function, and use parameter estimation to
calculate a best-fitting mental representation--but this
representation will be model-dependent and therefore
ambiguous. A common alternative, followed here, is to
change the task. We replace numerical estimates with a
rank-ordering task, which we assume to be executed using a
Thurstonian approach.
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The specific transformational function applied to encode
stimuli depends on the details of the task and situation. In
many circumstances, the function is taken to be a
compressive one, specifically a logarithmic function. In the
context of specifically numerical stimuli, Opfer and
colleagues (2007) have suggested that how and when people
apply particular transformations depends critically on the
situation, the number range, and the students’ age and
expertise. Taken in the context of demographic proportions
specifically, this suggests that numerical estimations may
not accurately reflect participants’ beliefs and knowledge.
However, it is entirely unclear whether and how people
might transform such stimuli. We consider three possible
psychophysical transformations:
log functions: the oldest proposed form of psychological
scaling (Fechner, 1860), log functions have specifically
been proposed in the case of children’s representations of
numbers (Opfer & Siegler, 2007).
log odds functions: Another possibility is that people
attend to the log odds of the relevant proportion, rather than
the value of the quantity itself (Gonzalez & Wu, 1998;
Landy et al, 2017). This extends suggestions that numerical
estimation tasks rest critically on comparisons between the
focal quantity and its complement (Spence, 1990).
identity functions: The simplest possibility, and the
default assumption in nearly all investigations of public
demographic perceptions, is that people use the literal
proportions or values when considering inaccessible
quantities. Adults working with typical number
representations have also been posited to accurately
represent quantity (Opfer & Siegler, 2007) at least over
sufficiently large numbers, Landy, Silbert, & Goldin, 2013).
Of course, it may not be the case that every individual
uses the same psychophysical transformation, and it may
even be that one individual mixes in a continuous way
information that has undergone different transformations
(Kim & Opfer, 2017). Moreover, it is quite possible that
people have substantial biases in information about these
socially relevant quantities. It is therefore quite challenging
to distinguish different underlying transformation functions.

rank ordering, people must only remember which end of the
scale is which). Compared to binary comparisons, an
alternative way of bypassing psychometric transformations,
many decisions are made with each ranking, so data
collection is extremely efficient (Lee et al, 2012, Johnson &
Kuhn, 2013).
Rank ordering is well captured by a Thurstonian model
(Luce, 1994). Thurstonian models assume that ‘beliefs’ of a
person about a quantity are stored as normal distributions in
that metric space. As shown in Figure 2, both the direct
estimation model used previously by Landy and colleagues,
and the rank ordering model begin from a common
assumption of an internal scale. Responses are constructed
by sampling values from this distribution. The two response
forms then diverge: in a Thurstonian rank-ordering model,
the values are placed in a monotonic sequence which is then
the produced order; numerical estimations are realized by
transforming the sample values into the public units (e.g., by
inverting the perceptual function used to initially encode
them).
The simplicity of the (presumed) response function means
that rank ordering provides a powerful technique for
examining encoding functions. It might appear as though
this method would only provide ordering information, but in
fact this is not so. Metric information can be retrieved from
a Thurstonian model because inversions are a result of the
overlap between distributions.
To sum up, in what follows we present two experiments
asking people to rank order civic proportions, and use
MCMC sampling in JAGS to fit Thurstonian models
assuming equal category precision that contain components
for linear, log, and log-odds transformed proportions. We
evaluate the relative contributions of these transformations
to rank ordering across two tasks.

Rank ordering vs. Direct Estimation
Previous research in civic proportions has almost
exclusively used one measure: proportion estimation. Any
single measure confounds the impact of perception,
cognition, and response. Accordingly, while existing work
has postulated, in various forms, log-odds transformations
for demographic proportions (Lee & Danileiko, 2017;
Landy et al, 2017; see also Gonzalez & Wu, 1998), this
assumption has not been tested explicitly. Here we begin
providing constraining information by using a different
response: rank ordering of different items (see Figure 1).
In the rank ordering task employed here, people take a list
of items, and rank order them from least to greatest or from
greatest to least. In this method, participants use quantitative
beliefs, but do not make an explicit numerical judgment an
explicit--and perhaps poorly understood--metric scale (in

Figure 1: Relationships among various theoretical models
considered here. Every psychophysical model composes
three functions, a perceptual transformation (Ψ), a cognitive
updating/storage function, (c), and a response function (r).
Extant work in political science typically assumes that
numerical responses (e.g., 27%) are identity functions,
explaining errors in terms of bias in Ψ and c.
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House to override a presidential veto?”. This scale is scored
from 0-5 with equal weight given to each question. Finally,
participants filled out a questionnaire indicating political
affiliations, gender, political party, ethnic background,
income, and self-reported political involvement.
Analysis: To model contributions of different perceptual
transformation functions, we used a mixture model to
generate mean internal normal distributions for each item,
which combined weights from the 3 transformations:

Figure 2: Comparison of different response tasks: Internal
magnitudes are represented as normal distributions. On the
bottom is the model of direct estimation posited by Landy et
al 2017, in which these magnitudes are transformed to
responses using a psychophysical response transformation.
On the top is the rank-ordering task, in which samples are
drawn and ranked. The relative metric positions of the
samples can be estimated from how often two items are
inverted, e.g., B and C will be inverted more often than A
and B, due to greater overlap in their distributions.

Here the δ’s represent weights distributed as a dirichlet over
a simplex, so that the sum of the δ values is one. ‘p’ is the
perceived true value, which is modeled as the true value
plus a per-item bias due, e.g., to misinformation (Landy et
al, 2017). Biases were distributed with a tight doubleexponential (i.e., LASSO) prior. This prior was designed to
minimize the number of biased items. Precisions were kept
fixed across items (see general discussion), but were
allowed to vary by individual, using a normal distribution at
the group level. Political knowledge, which has been
implicated in other studies as a predictor of precision of
estimates, was also included as a parameter on individual
precision (see Marghetis et al, 2018).

Results

Experiment 1: U. S. Budget Ranking
Materials
Participants: 75 participants were recruited through
Amazon Mechanical Turk and were compensated $1.25.
Procedure: Participants were shown a list of US 2015
federal budget categories in a unique random order on the
survey platform Qualtrics. They were given instructions to
rank the 15 items on the list from greatest (rank 1) to least
(rank 15). The items listed categories of the US federal
budget such as “The percentage of the 2015 U.S. federal
budget that was dedicated to social security and
unemployment (housing assistance, food and nutrition
assistance, etc)” and “The percentage of the U.S. federal
budget that was dedicated to foreign aid (international
humanitarian assistance, development, etc)”; categories
were drawn from the U.S. federal budget functions.
Rank ordering requires remembering correctly which list
endpoint is “most,” and which “least.” Pilot data indicated
that a small number of participants (approximately 5%)
indeed confused the correct list ordering despite instructions
so additional questions were added in which participants
were explicitly asked where they put the “largest” and
“smallest” categories. The model used a ‘flip’ parameter as
well, to estimate whether it was more likely that individuals
had reversed the intended ordering across all items.
After the main task, people completed the updated 2017
version of Delli Carpini & Keeter (1993), a standard
measure of political knowledge. This five-item scale asks
basic questions about politics: for example, “which party is
more conservative at a national level?”, another is “How
much of a majority is required for the U.S. Senate and

People were, on average, fairly inaccurate at estimating
the US Federal budget items (Figure 3). People over-ranked
small items and under-ranked large items, an unsurprising
pattern in light of previous psychophysical work showing
this general pattern in estimation tasks (Landy et al, 2017).
Nevertheless, people did show meaningful knowledge of the
structure of US expenses. Indeed, the correlation between
mean and true rank order was 0.71, while the median
individual correlation was 0.48.
Overall, the model confidently estimated only a very
small contribution for the identity component, while the
components of the log-odds and log models were large and
very equal (see Figure 4). The large uncertainty bars suggest
that the data is simply insufficient to distinguish the two
cases in this set.

Figure 3: Mean response rank vs. true rank for federal
budget expenses in Experiment 1. Perfect correlation is
shown by the blue line. The inset shows correlations for
each individual participant.
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Figure 4: Raw rank means against predicted rank means.
Errors are standard errors. The posterior estimates of δ
values for each model component are shown in the inset in
barycentric coordinates.
Posterior predictive checks confirmed that the model
failed to capture significant biases in human judgments on
specific items. As has previously been reported, people
over-estimated the rank order of spending on foreign aid
(Gilens, 2001), but this was not their only error. People, on
average, also massively overestimated US spending on
agriculture relative to other expenses, and ranked military
spending lower than spending on health care/medicare and
social security, even though military spending is in fact
barely more than half the smaller of these.

Discussion
The model and data indicated that people do perceptually
transform their impressions of U.S. federal budget spending,
but it did not distinguish the relative contributions of logstyle compression of large values relative to low ones,
typically found in absolute estimates, and compression of
the middle relative to both extremes, often found on
proportion judgments. This may be simply because the
distribution of budget spending contains no very large
proportions (the largest is social security, which occupies
around one third of the federal budget). Another
complicating factor is that people on average misranked
several items, suggesting meaningful errors in people’s
errors, which may contribute to systematic biases in
estimations of internal parameters. To further explore the
perceptual transformation function, Experiment 2 had
people rank order demographic proportions which, because
they overlapped, could contain many very large, small, and
middle-sized proportions; separate work suggested that
people had, roughly speaking, relatively unbiased estimates
of these values (Marghetis et al, 2018).

Experiment 2: U. S. Demographics

Procedure: Participants were shown a list of US
subpopulations in a unique random order on the survey
platform Qualtrics. They were given instructions to rank the
30 items on the list from least to greatest The items listed
titles of US subpopulations such as “Percentage of
Americans that identify as Japanese” and “Percentage of
American workers that make less than $30,000 per year”.
As mentioned above, rank ordering requires remembering
correctly which list endpoint is “most”, and which “least”
We again used a ‘flip’ parameter, to estimate whether it was
more likely that individuals had reversed the intended
ordering. After the main task, people completed the updated
2017 version of Delli-Carpini & Keeter (1993).
After the task, participants filled out a debriefing
questionnaire indicating political affiliations. In this
questionnaire we recorded for name, gender, political party,
ethnic background, income, and perceived political
involvement. We do not consider these factors here.

Results
People were substantially more accurate at ranking U.S.
demographics than budget items. Generally, people centered
around the correct ranking, with some tendency to over-rank
low items and under-rank high items (Figure 5), in line with
other data sources (e.g., Marghetis et al, 2018). The median
correlation between the true ordering and the response
ordering was 0.72, suggesting a moderately strong degree of
knowledge about these items.
Figure 6 shows the primary results of the model fitting.
The model strongly favored the log-odds model, although a
few individual participants, were, best fit by the log model.

Figure 5: Rank orderings given by subjects were plotted
against the true rank order of the 28 items. Perfect rank
order is shown by the blue line. Two U.S. subpopulations
(items 9 and 10) had identical population statistics of 13.3%
and were spaced in order to show response distribution for
each item. Inset shows a histogram of individual-level
correlations.

Materials
Participants: 125 participants were recruited through
Amazon Mechanical Turk compensated $1.25.
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Figure 6: Raw rank means against predicted rank means. Errors are standard errors. The posterior estimates of δ values for
each model component are shown in the inset in barycentric coordinates. The barycentric inset shows the per-individual
weighting of three model components.

General Discussion

Discussion
The results confirm and extend the results of Experiment 1.
Like Experiment 1, these results suggest that literal,
untransformed values play little role in guiding ranking
judgments. However, the presence of very large proportions
let us distinguish the upper end, where we found that people
were quite sensitive, in a manner more in line with log-odds
than log transformations; at the same time, the best
supported models involved a mixture of multiple
components, and a small number of individuals were much
better fit by a log-heavy component, suggesting that
individuals may vary in their processing strategies.
Overall bias on these items was much smaller and less
systematic than that for the budget items of Experiment 1.
Some salient trends were that people overestimated
marriage rates, obesity, and immigration, while
underranking the LGBT-identifying proportion, and the
proportion of the population that is Black and Asian.
However, it is worth remembering that this is not a
representative sample, and that individual characteristics
such as respondent race have a large effect on how people
make demographic estimates (Wong, 2007; Guay, Wong, &
Landy, in prep). Nonetheless, it is worth noting that here
people underestimated some demographics, like LGBT
rates, that have previously been identified as the target of
strong overestimation (Gallup, 2014). This accords with
separate reports suggesting that previous accounts that do
not take psychophysical transformations into account may
misconstrue the nature of social biases that affect
demographic and other quantitative estimations (Landy et
al, 2017; Brower et al, 2018).

Two studies used rank ordering to evaluate the perceptual
manifold used in evaluating civically important but vaguely
known quantities. Elements of the federal budget were well
matched by either a log or log-odds model, while
demographic data that covered a larger range of true values
was uniquely captured by a mixture emphasizing the logodds model. Taken together, these results support the
conclusion that log-odds are useful ways to capture
proportional judgments.
Substantial recent work has gone into exploring mental
representations of quantities using line production and
estimation techniques (Opfer & Siegler, 2007; Barth &
Paladino, 2011; Dale Cohen & Blanc-Goldhammer, 2011),
debating whether children’s responses indicate log scaling
of numerosity, or proportional reasoning. Children’s scaling
of number is very different than adults’ estimates of
quantities, and no firm conclusions can be drawn;
nevertheless, our approach suggests a clear reconciliation
under the banner that proportional judgment models, such as
those proposed by Barth & Paladino (2011) are naturally
conceptualized as the result of comparing logs of odds. That
is, it may be both true that people in our experiments
consider proportions (as odds), and that they log scale those
proportions, in reaching judgments.
One caveat is worth noting: the internal metric is itself
fundamentally undefined: there is no natural measure over
that scale. The technique we use--Thurstonian modeling-presumes equal precision of each knowledge component.
We are finding the perceptual transformation under which
all items in our set are equally well known. It may of course
turn out that this assumption fails to be true over these realworld items. Future work should evaluate these
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representational conclusions in lab situations which can
better control the objective experiences of participants.
Ordinal ranking is a method worthy of attention. Despite
widely studied errors in numerical estimates of
demographics, the rank ordering task reveals that people
have substantial implicit knowledge of demographic
proportions, and that some of the observed error in budget
knowledge may stem from failures to appreciate the
importance of perceptual and response scaling functions in
shaping judgment patterns. We feel that the direct
estimation paradigm common in the literature may actually
impede progress in understanding public knowledge. Rank
ordering is a way to quickly collect data, which we have
shown can be usefully analyzed using Thurstonian
models—though sometimes with different conclusions than
those that might be reached by examining direct estimation.
More broadly, competent engagement in civic society
depends on access to correct--at least roughly--information.
Ameliorating widespread misinformation depends in part on
our ability to assess people’s beliefs, and to communicate
with people about them. Both of these goals are enhanced to
the degree that we can understand the core cognitive
constructs that undergird people’s interactions with the
tenuously experienced quantitative information that makes
up so much of the civic environment.
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Abstract
Recent research using attention-monitoring techniques and fMRI has revealed that a shared neurocognitive mechanism
underlies both social decision making concerning the welfare of others and purely economic decision making for oneself.
Such commonalities have been demonstrated mainly in isolated contexts, and it remains to be seen whether they extend
to settings involving interactions with fellow decision makers. Using a behavioral study of distributive choices for others
and gambling decisions for self, we investigated how self-censorship in social contexts may mitigate the cognitive commonalities demonstrated in isolated contexts. Results showed that, in both tasks, individual participants took more time
to respond when they expected subsequent discussion with another participant about reaching a consensus. In addition,
we found a cognitive pattern unique to distributive choices for others only: participants expecting social interaction made
their distributive choices in a more cognitively consistent manner, aligning with a rationale that they thought would be
defensible in subsequent discussion. No such systematic pattern was observed in gambling choices for self. These results
indicate that anticipation of subsequent social interaction triggers self-censoring processes for some (but not all) tasks,
whereby participants pre-edit their individual decisions systematically to prepare for social interaction.
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Abstract
Sensitivity to statistical co-occurrence regularities is present
from infancy. This sensitivity may contribute to learning in
many domains, including category learning. However, prior
research has not examined whether everyday input conveys
category-relevant statistical regularities. This study assessed
whether statistical regularities relevant to real-world categories
are present in a commonly experienced source input –
children’s picture books. We focused on animal categories
because this is a domain in which children receive much
exposure from an early age, while simultaneously holding
persistent misconceptions about category membership beyond
preschool years. Analysis of 80 books revealed that they: 1)
Were likely to contain regularities from which individual
species categories (e.g., “chicken”) might be learned, but 2)
Were unlikely to contain regularities from which broader
taxonomic categories (e.g., “bird”) might be learned. These
findings point to a paucity of taxonomically-relevant statistical
regularities that may contribute to persistent taxonomic
misconceptions.
Keywords: Cognitive Development; Semantic Knowledge;
Semantic Development; Category learning

Introduction
Over the course of development, we are faced with the
challenge of acquiring an extensive body of knowledge about
the world. For instance, we must learn to classify the entities
we perceive around us into meaningful categories, segment
continuous visual input into events, and acquire our ambient
language. Research in the field of cognitive development
over recent decades has highlighted how these feats of
knowledge acquisition may be facilitated in part by a
sensitivity to statistical regularities in the environment. In
some domains, this research has included investigations into
the nature of the statistical regularities that are available in
the environment for learners to pick up on. For example, in
the domain of language acquisition, studies have investigated
the degree to which spoken and written language input
contain statistical regularities to which learners are sensitive,
such as the reliable co-occurrence of speech sounds (Mattys
& Jusczyk, 2001; Pelucchi, Hay, & Saffran, 2009) In
contrast, in other domains where sensitivity to statistical
regularities may play a critical role in knowledge acquisition,
such as category learning, we know little about the statistical
regularities present in the environment.

The overall aim of the present study was to investigate the
degree to which statistical regularities that are relevant to
real-world category learning are actually present in the
environmental input that learners receive, starting early in
development. To conduct this study, we made a set of
evidence-based choices about which real-world categories,
statistical regularities, and sources of environmental input to
investigate.
First, several factors prompted us to focus on statistical
regularities that may foster knowledge of taxonomic
categories of animals, such as “bird”, “mammal”, and
“reptile”. We focused on taxonomic categories because they
are cognitively useful for processes such as inductive
reasoning and integrating new information into memory. The
utility in inductive reasoning comes from the fact that
membership in a taxonomic category tends to reliably predict
the properties that an entity possesses (e.g., if an animal is a
mammal, it will have a four-chambered heart), and therefore
facilitates inferences about such properties without the need
for direct observation (e.g., Heit, 2000). Moreover, recent
evidence suggests that taxonomic category knowledge may
facilitate the integration of newly-learned information about
members of the category into memory (Pinkham, Kaefer, &
Neuman, 2014).
We specifically focused on taxonomic categories the
animal domain in part because it is one in which
environmental input is common and familiar from an early
age. Moreover, the possibility that statistical regularities can
shape category knowledge in the animal domain is supported
by evidence that children show earlier and stronger
knowledge that animals from the same taxonomic category
are related to each other when those animals also co-occur,
versus when they do not (Unger, Fisher, Nugent, Ventura, &
MacLellan, 2016). However, evidence from other lines of
research suggest that the statistical regularities children
experience in the animal domain may often instead lead them
to form an inaccurate understanding of taxonomic category
composition. Specifically, findings from multiple learning
sciences studies suggest that children possess persistent
misconceptions about taxonomic category membership in the
domain of animals that is suggestive of the contributions of
learning from statistical regularities. In comparison to
children’s robust knowledge of the habitat groups within
which animals regularly co-occur (e.g., farm animals, water
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animals, etc.) (Crowe & Prescott, 2003; Kattmann, 1998,
2001; Storm, 1980), their knowledge of taxonomic category
membership (e.g., mammal, bird, reptile, etc.) is often poor.
For example, in a large-scale study of over 450 U.S. students
from elementary school, middle school, high school, and
college, Trowbridge and Mintzes (1988) found that
substantial numbers of students throughout the age-range
miscategorized many animals, such as identifying all animals
that live in water as fish, including whales and marine
invertebrates. Such misconceptions persisted even in college
students who majored in biology (e.g., 20% of biology majors
identified whales as fish). Such misconceptions appear crosscultural (Yen, Yao, & Chiu, 2004). Taken together, these
findings suggest that children form categories of animals in
part based on the regularities with which different animals
co-occur, and that such categories are often inconsistent with
taxonomic category membership. By the same token, these
findings suggest that the statistical regularities that children
experience in the animal domain are not informative about
the composition of taxonomic category membership.
Second, we chose as our statistical regularity of interest the
regularity with which a set of perceptual inputs co-occur
more reliably with each other than with others. Throughout
the remainder of this paper, we refer to these as “cooccurrence regularities”. This choice was motivated in part
by prior research that has shown that a sensitivity to this
regularity is present from very early in development
(possibly birth, e.g., Bulf, Johnson, & Valenza, 2011).
Additional motivation for this choice came from cognitive
neuroscience, computational modeling and behavioral
evidence that co-occurrence may foster category knowledge
by increasing the similarity of mental representations of cooccurring entities (Huebner & Willits, 2017; Schapiro,
Kustner, & Turk-Browne, 2012; Schapiro, Rogers, Cordova,
Turk-Browne, & Botvinick, 2013).
Finally, the source of environmental input in which we
investigated animal taxonomic category-relevant cooccurrence regularities was children’s picture books. One
motivation for this choice was evidence that picture books
represent a common source of environmental input from very
early in development (e.g., Young, Davis, Schoen, & Parker,
1998) This choice was also motivated by evidence that
children’s picture books are a key source from which children
learn about animals (Ganea, Ma, & DeLoache, 2011). Lastly,
we focused on children’s books because they readily lend
themselves to quantifying co-occurrence regularities by
recording which items co-occur on the same page.

Present Study
For the reasons outlined above, we investigated the degree to
which category-relevant statistical regularities are present in
environmental input by measuring the degree to which
animals from the same taxonomic category are likely cooccur on the same page in a large sample of children’s picture
books. Moreover, we analyzed the degree to which such cooccurrences are likely to be informative about the
composition and breadth of taxonomic categories.

Specifically, evidence from prior category learning research
(Oakes, Coppage, & Dingel, 1997; Perry, Samuelson,
Malloy, & Schiffer, 2010) suggests that examples of many
different items from the same category are more informative
about the composition and breadth of that category than are
multiple examples of the same item. Therefore, we tested
whether co-occurrences between members of the same
taxonomic category are primarily between animals of the
same species (e.g., multiple cows depicted on the same page),
or are also between diverse members of the category (e.g.,
multiple different kinds of mammal depicted on the same
page). Finally, to investigate whether the nature of animal
category-relevant statistical regularities to which learners are
exposed changes with age, we measured the relationship
between the regularities present in children’s books and the
target age range for which each book was written.

Methods
Book Sample
The sample of books analyzed consisted of 80 children’s
books about or featuring animals. To afford an evaluation of
co-occurrences between depicted animals, only books in
which multiple pages depicted more than one animal were
included in the sample. To ensure that books were
representative of those to which children are typically
exposed, books were selected on the basis of librarian
recommendations, circulation statistics for children’s books
from the local public library, and amazon.com best sellers.
The selection of books was additionally guided by a
consideration of the diversity of books to which children may
be exposed. Specifically, books were selected to assemble a
sample that included both fiction and non-fiction books
written for a wide range of target age groups (early childhood
through middle school-age). However, due to the real-world
distribution of picture books about animals across genres and
target age groups, the sample was biased towards non-fiction
books written for pre- to early-school-age children. Both the
genre and target age group of each book was recorded for use
in analyses, as described in the Results and Discussion
section below.

Book Coding Schemes
The books in the sample were coded by hypothesis-blind
research assistants in order to yield data from which rates of
co-occurrences of taxonomically related versus unrelated
animals could be measured. The coding procedure was
therefore designed to record the taxonomic category of each
animal that appeared on each page of each book. The
taxonomic categories identified were: Mammal, Bird, Fish,
Reptile, Amphibian, Insect, Arachnid, Crustacean, Mollusk,
and Other Invertebrate. Additionally, pairs of contiguous
pages that are visible at the same time were treated as a single
“page”, because the animals they depict would be
experienced as co-occurring. When large numbers of animals
(e.g., more than 50) were depicted on a page, coders were
instructed to estimate the total number by counting the
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animals from the same taxonomic category is evaluated in the
Results and Discussion section below.

Results
Data collected via the All Animals and Animal Groups
coding schemes were processed separately following the
same approach. First, for each page, the number of cooccurrences between pairs of animals from the same and from
different taxonomic categories was calculated. For example,
if a page was coded as depicting three instances of the
Mammal category and two instance of the Fish category, the
number of same taxonomic category co-occurrences would
be recorded as four, and the number of different taxonomic
category co-occurrences would be recorded as six1. Next, the
total number of same and different taxonomic category cooccurrences was calculated for each book. Finally, the
proportion of same taxonomic category co-occurrences out of
total number of co-occurrences was then calculated for each
book in order to assess the rate at which children are exposed
to taxonomic co-occurrence regularities.

Figure 1. Example of the taxonomic categories of animals
that would be recorded on a page using the All Animals
scheme (top) and the Animal Groups scheme (bottom).
number within a square inch of the page, and multiplying this
number by the number of square inches that comprised the
area over which the animals were depicted.
This general approach was used to code the contents of
books in the sample according to two coding schemes. Two
coding schemes were developed in order to take into account
the possibility that co-occurrences between a diverse set of
animals from the same taxonomic category may be more
informative about the composition of the category than cooccurrences between very similar animals. For example, a
learner may acquire a more complete and accurate sense of
what animals are mammals when presented with a variety of
mammals, rather than multiple exemplars of the same
mammal. This possibility is consistent with evidence that
children learn more inclusive categories when presented with
heterogeneous versus homogeneous exemplars (Oakes et al.,
1997; Perry et al., 2010).
The two coding schemes therefore consisted of: 1) An “All
Animals” scheme, in which the taxonomic category of each
individual animal on each page was recorded, and 2) An
“Animal Groups” scheme, in which multiple exemplars of the
same animal on a page were all grouped as a single instance
of their respective taxonomic category (Figure 1). For
example, if a page depicted three cats, it would be coded as
depicting three instances of the Mammal category according
to the All Animals scheme, but only one instance according
to the Animal Groups scheme. However, if a page depicted
three different mammals such as a cat, moose, and rabbit, it
would be coded as depicting three instances of the Mammal
category according to both schemes. The degree to which the
different coding schemes yield different descriptions of the
rate at which children experience co-occurrences between

1

For the purpose of illustration: Consider the three mammals as M1,
M2, and M3, and the two fish as F1 and F2. The same category cooccurrences would be M1-M2, M1-M3, M2-M3, and F1-F2. The

Figure 2. Distributions of proportions of same taxonomic
category co-occurrences across books according to the
Individual and All Animals coding schemes.

different category co-occurrences would be M1-F1, M1-F2, M2-F1,
M2-F2, M3-F1 and M3-F2.
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depiction of large numbers of the same animal (e.g., schools
of fish, colonies of ants, etc.), rather than multiple different
exemplars of a taxonomic category. When such depictions
are recorded as one instance of a given category in the Animal
Groups coding scheme, rates of same taxonomic category cooccurrence appear much lower.

Predictors of Same Taxonomic Category CoOccurrence

Figure 3. Scatterplot with best-fit lines showing increase
in rates of same taxonomic category co-occurrences with
age in data collected using the All animals and Animal
Groups coding schemes.
The distributions of same taxonomic category cooccurrence proportions across books in the sample according
to the All Animals and Animal Groups coding schemes is
depicted in Figure 2. Examination of these distributions
reveals that the shape of the distribution appears influenced
by the coding scheme. According to the All Animals coding
scheme, books with high proportions of same taxonomic
category co-occurrences are relatively common, whereas
according to the Animal Groups coding scheme, they are
uncommon. These patterns indicate that the high rates of
same taxonomic category co-occurrences in books at the
upper end of the distribution for the All Animals coding
scheme data are likely to have been recorded due to the

To quantitatively evaluate the influence of both coding
scheme and book characteristics, including target age group
and genre (fiction versus non-fiction), we followed a multilevel mixed effects modeling approach in which we first
predicted the outcome variable of Same taxonomic cooccurrence proportion using a null model that included one
random effect of Book, then tested whether the addition of
Coding Scheme (0=All Animals, 1=Animal Groups), Genre
(0=Fiction, 1=Non-Fiction), and Target age group as fixed
effects improved the model fit. For the purpose of this
analysis, the Target age group for a given book was taken as
the age at the midpoint of the range of target ages for that
book. For example, the Target age group a book written for
children aged 3-5 years was recorded as 4.
The results of this analysis revealed that, as inspection of
the distributions for the two coding schemes in Figure 2
suggests, the addition of Coding Scheme to the null model
improved model fit (2(3,4)=40.27, p<.001). The additional
inclusion of Target age group further improved model fit
(2(4,5)=5.19, p<.05). However, model fit was not improved
by either the inclusion of an interaction between Coding
Scheme and Target age (2(5,6)=2.67, p=.10), or the
inclusion of Genre (2(5,6)=0.05, p=.83). The parameters of
the null and two models that incrementally improved fit are
reported in Table 1. The estimates for the fixed effect of
Coding Scheme indicate that, in comparison to the All
Animals scheme, the Animal Groups scheme yielded lower
proportions of same taxonomic category co-occurrences
(which is consistent with distributions depicted in Figure 2).
Moreover, the estimates for the fixed effect of Target age

Table 1.
Estimates of effects for Proportion of same taxonomic category co-occurrences
Null Model

Coding Scheme Model

Coding Scheme+Target Age Model

Estimate

SE

t

Estimate

SE

t

Estimate

SE

t

0.55

.03

21.54

0.67

0.03

21.99***

0.48

0.09

5.49***

-0.24

0.03

7.19***

-0.24

0.03

7.19***

0.03

0.01

2.89*

Fixed Effects
(Intercept)
Coding Scheme
Target Age
Variance

SD

Variance

SD

Variance

SD

0.03

0.17

0.03

0.17

Random Effects
Book
0.02
0.13
Note. *p<.05, **p<.01, ***p<.001
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indicate that proportions of same taxonomic category cooccurrences increased with the age group for which a book
was written (see Figure 3 for graphical depiction of these
patterns).

their environment may not provide them with co-occurrence
regularities that can readily scaffold taxonomic category
knowledge.

Discussion

To date, the sources of environmental input of interest in
research on taxonomic category acquisition have primarily
consisted of visual similarity (Kloos & Sloutsky, 2008;
Quinn, Eimas, & Rosenkrantz, 1993; Younger & Cohen,
1983) and shared labels (Fulkerson & Waxman, 2007;
Robinson & Sloutsky, 2007). In contrast, the contributions of
statistical regularities such as co-occurrence remain the
subject of less direct study. Instead, multiple lines of evidence
have strongly suggested a role for statistical regularities in
shaping the way that children learn to group entities. For
example, in the domain of animal knowledge, multiple
studies have investigated the organization of children’s
knowledge about animals into groups by analyzing the order
in which children spontaneously list animals when asked to
say all the animals that come to mind. Findings from these
studies have revealed that, across childhood, animals that
appear in close sequential order in lists are those that co-occur
in the same habitat (e.g., animals that co-occur in farms,
water, zoos, etc.). Similarly, a series of studies conducted by
Kattmann (Kattmann, 1998, 2001) revealed that, when
prompted to organize animals into groups, children at
multiple levels of education (ranging from ~9 to 13 years of
age) made grouping decisions based on which animals
typically co-occur. Finally, recent studies by Unger et al.
(2016) have revealed that children perceive members of the
same taxonomic category as related both earlier and to a
greater extent when they commonly co-occur in the
environment, versus when they do not.
Taken together, these findings support the possibility that
a sensitivity to statistical co-occurrence regularities
contributes to the way in which children’s knowledge about
the world becomes organized into groups or categories.
However, a more direct investigation of this possible role for
co-occurrence sensitivity ideally consist of research in which
children are exposed to co-occurrence regularities, and the
effects of this exposure on category knowledge are measured.
For example, a follow-on to the present research might
involve comparing the effects on children’s knowledge of
taxonomic animal categories of reading existing books with
high versus low same taxonomic category co-occurrences, or
a books developed in-lab to convey high versus low same
taxonomic category co-occurrences while keeping other
characteristics constant.

Knowledge of taxonomic categories categories is cognitively
useful for processes such as inductive inference and
integrating newly learned information into memory (Heit,
2000; Pinkham et al., 2014). However, even in a domain that
is commonly experienced and familiar from an early age –
i.e., the domain of animals, evidence from large-scale studies
with students at many levels of education suggests that many
students fail to acquire accurate knowledge about the
composition of taxonomic categories (Trowbridge &
Mintzes, 1985, 1988; Yen et al., 2004). The purpose of this
study was to investigate the degree to which statistical
regularities that are informative about the composition of
taxonomic categories in the animal domain are present in
source of input commonly experienced during development
– i.e., children’s books. Specifically, we investigated the
degree to which animals from the same taxonomic category
tended to co-occur on the same page of children’s books.
Our findings indicate that current children’s books about
animals are not likely to provide a source of co-occurrence
regularities that are informative about the composition of
taxonomic categories. Specifically, books in which the
number of same taxonomic category co-occurrences
outnumber different taxonomic category co-occurrences
could provide a source of input that fosters taxonomic
category learning. Our analyses revealed that co-occurrences
between members of the same taxonomic category primarily
consisted of co-occurrences between members of the same
species. Such same-species co-occurrences are likely to be
less informative about the composition of taxonomic
categories that co-occurrences between animals of different
species from the same taxonomic category (e.g., Oakes et al.,
1997; Perry et al., 2010). When co-occurrences between
members of the same species are eliminated from the tally of
same taxonomic category co-occurrences, the number of
books in which same taxonomic category co-occurrences
outnumber different taxonomic category co-occurrences is
small.
These results suggest that children’s books in the
representative sample analyzed in this study do not provide a
source of co-occurrence regularities that are informative
about taxonomic category membership. Moreover, this
deficit is particularly pronounced in books written for young
children. The lack of exposure to informative co-occurrence
regularities in early childhood may play a critical role in the
emergence of persistent inaccurate conceptions of taxonomic
category composition, given that recent research suggests
early childhood is the period during which taxonomic
misconceptions in the domain of animals are formed (Allen,
2015). These findings are consistent with the possibility that,
even in a domain in which children receive a great deal of
exposure from an early age, the input children receive from

Open Questions & Future Directions

Conclusions
Sensitivities to statistical regularities in the environment may
substantially contribute to our development of knowledge
about the world around us. A key part of understanding the
degree to which such contributions do indeed transpire is to
assess the degree to which environmental input actually
contains statistical regularities relevant to a given facet of
knowledge about the world, such as the division of entities
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into meaningful categories. Our present investigation yielded
evidence that, even in a source of environmental input that is
commonly experienced in childhood - i.e., children’s books,
and in a domain that is familiar from an early age – i.e.,
animals, statistical regularities that are informative about the
composition of meaningful categories are relatively rare.
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such exposure heightens the readiness with which categories
may be learned under explicit supervision.

Abstract
Prior evidence suggests that category learning can occur
implicitly by detecting regular co-occurrences of features
within categories. Less studied is whether regularities wherein
category membership predicts other events or actions also
foster category learning. Moreover, we know little about
whether, and to what degree, exposure to these regularities
facilitates subsequent supervised learning. Here, participants
were pre-exposed to exemplars from two categories during a
cover task, while uninformed of their category membership.
Pre-exposure occurred under conditions in which category
membership did (Predictive Mapping) or did not (Mere
Exposure) predict task events to which participants responded.
Baseline participants completed the same task with categoryirrelevant stimuli. Subsequently, all participants were taught
the categories (using pre-exposure exemplars) under explicit
supervision. Whereas neither Predictive Mapping nor Mere
Exposure influenced cover task performance (vs. Baseline),
Predictive Mapping substantially improved subsequent
supervised category learning. These findings point to latent
category learning given pre-exposure to Predictive Mapping
regularities.

Category Membership and Perceptual Features

Keywords: category learning, latent learning, implicit
learning, supervision

Introduction
Learning to group distinct perceptual experiences into
categories is a fundamental cognitive ability that manifests
itself in perception, memory, reasoning, and language. Much
of research on category learning conducted to date has
investigated how we accomplish this feat under explicit
supervision conditions (e.g., Ashby, Maddox, & Bohil, 2002;
Smith et al., 2014). For example, participants are often
informed that the stimuli they will experience belong to
categories whose composition they must try to determine,
often provided with category labels, and given explicit
feedback following their categorization decisions. During
real-world category learning, access to such explicit
information is often very limited. In the absence of explicit
supervision, how does implicit category learning unfold?
Moreover, does implicit learning (or even mere exposure to
stimuli) help learners capitalize on the relatively small
amount of explicit category information they may receive?
Here, we investigate how exposure to to-be-learned stimuli
influence category learning, with an emphasis on whether

In comparison to research on category learning under
explicit, supervised conditions, the body of research
conducted on implicit or incidental category learning is
relatively small, and has focused primarily on learning that is
driven by sensitivity to regularities in the perceptual
characteristics of category members. Moreover, this research
has treated learning from such regularities as entirely separate
from learning from explicit category-relevant information.
Research in this field is motivated by the observation that,
in many naturalistic categories, members of the same
category often resemble each other more strongly than they
resemble members of other categories (Rosch, 1975). Such
family resemblances may be thought of as resulting from
reliable co-occurrences of perceptual features with each other
within exemplars from the same category, but not with
features that occur in exemplars from other categories. As an
example, consider the category of “birds”: In this category,
perceptual features such as feathers, wings, and beaks
reliably co-occur, and rarely occur with features
characteristic of other categories, such as fur.
Evidence from research in infants (Quinn & Johnson,
2000; Younger & Cohen, 1983), children (Kloos & Sloutsky,
2008) and adults (Clapper & Bower, 1994; Nelson, 1984)
suggests that a sensitivity to these perceptual feature
regularities contributes to category learning from an early
age. Moreover, learners who are given implicit or incidental
exposure to category exemplars are more likely to learn
family resemblance categories, in contrast to learners given
explicit supervision, who are more likely to learn rule-based
categories. (Love, 2002; Nelson, 1984). Accordingly, in
many accounts of implicit category learning, sensitivity to
such regular co-occurrences of perceptual features plays a
key role (Quinn & Eimas, 1997; Sloutsky, 2010; Smith &
Heise, 1992). In prior empirical research, implicit,
unsupervised learning from perceptual feature regularities
has been treated as distinct from learning under explicit
supervision. The possibility that such implicit learning might
help learners take advantage of information about category
membership provided by explicit supervision remains largely
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unexplored (though see Folstein, Gauthier, & Palmeri, 2010
for an investigation with equivocal results).

Category Membership and Prediction
Beyond regularities in the features of category exemplars
themselves, the environment may also convey regularities
with which category membership predicts other perceptual
experiences or goal-related actions. With respect to
perceptual experiences, an exemplar’s category membership
may predict the location in which it is seen (e.g., dogs
typically appear on the ground, whereas birds often appear in
the sky), the other entities with which it is seen (e.g., a dog is
often seen with a leash), the type of motion it will exhibit
(e.g., birds often fly, whereas dogs do not), the words that are
heard when it is seen (e.g., the words “dog”, “furry”, etc. are
more likely to be heard when seeing a dog than a bird, even
in the absence of explicit labeling events), and so on.
Similarly, with respect to goal-related actions, an exemplar’s
category membership may predict whether it is an entity to
approach or avoid, the appropriate way in which to interact
with it (e.g., a nail should be hammered, whereas a screw
should be turned with a screwdriver), and so on. Importantly,
these prediction regularities are often implicit: We typically
do not receive explicit feedback when we make a correct or
incorrect prediction. Instead, when predicting a perceptual
experience, we might see what we expect or be surprised, and
when predicting a goal-related action, we might accomplish
or fail at our goal. Both the possibility that such implicit
prediction regularities contribute to category learning, and
how category learning that is fostered by prediction
regularities unfolds, remain relatively unstudied.
To our knowledge, the only research in which implicit,
prediction-driven category learning has been studied to date
consists of a handful of studies conducted in the auditory
domain (e.g., Gabay, Dick, Zevin, & Holt, 2015). In these
studies, participants completed a task in which they made
different responses to visual stimuli that were different from
each other either in appearance, or in the location in which
they appeared. For example, in one version of this task
(Gabay et al., 2015), participants indicated in which of 4
possible locations an X appeared, but were not given
feedback about whether they responded correctly. Critically,
the different visual stimuli were each preceded by taskirrelevant exemplars from the same number of acoustic or
speech sound categories. The absence of corrective feedback
during the task rendered the predictive mapping between
auditory category and perceptual events/visuomotor
responses implicit. Across studies, when the category
membership of the sounds predicted the location or identity
of the stimulus to which participants respond, participants
showed evidence of having learned both this predictive
mapping, and the relevant auditory categories. Moreover, the
category learning that took place in versions of this paradigm
generalized to novel category exemplars.
The success with which category learning took place in
these studies provides initial evidence that predictive
relationships between category membership and perceptual

events/goal-related actions fosters category learning.
However, this evidence consists of a small number of studies
conducted within the auditory domain, which recruits
different brain systems (Ley et al., 2012; Seger & Miller,
2010) and contains qualitatively different categories (e.g.,
ones that are temporally dynamic) from those in the otherwise
more extensively studied visual domain. Moreover, as in
research on implicit category learning from perceptual
feature regularities, this line of research has not investigated
whether implicit learning from prediction regularities
facilitates subsequent learning from explicit supervision.

Present Experiment
As described above, category learning may be facilitated
implicitly by sensitivities both to the reliable co-occurrence
of perceptual features in category exemplars, and the
reliability with which category membership predicts
perceptual events or goal-directed actions. However, the
effects on category learning of the latter are comparatively
unstudied. Moreover, we know little about whether either
sensitivity improves the readiness with which categories are
learned under explicit supervision. These gaps in our current
understanding of category learning led to our two aims. First,
we aimed to compare category learning under conditions in
which participants were either only exposed to categoryrelevant perceptual feature co-occurrences, or additionally
exposed to regularities in which category membership
predicted visual events and goal-related actions. Second, we
aimed to test whether learning under either condition
facilitated subsequent supervised category learning.
To accomplish these aims, we exposed participants to
stimuli that, unbeknownst to them, were members of two
categories within which perceptual features reliably cooccurred. We accomplished this exposure in the context of a
speeded cover task, which we manipulated such that the
category membership of an exemplar did or did not predict
task events and appropriate responses. Specifically, in the
cover task, participants were given a short period of time
(<500ms) during which to indicate whether a stimulus that
first appeared in a central location had then “jumped” to the
left or right. In the “Predictive Mapping” condition, category
membership perfectly predicted the location to which stimuli
jumped, whereas in the “Mere Exposure” condition, category
membership and jump location were unrelated. As a control,
participants in a Baseline condition completed the same task
with stimuli unrelated to the categories in the former two
conditions. Importantly, participants were not asked to
predict where the stimulus jumped, nor were they given
explicit corrective feedback about whether their responses
were accurate (they were only informed when they had failed
to respond within the time allowance given). Accordingly,
the predictive regularities in the Predictive Mapping
condition were incidental to task performance. After
completing the cover task, all participants then were taught
the two categories under traditional explicit supervised
conditions with corrective feedback.
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Using this approach, we investigated: 1) Whether
participants showed evidence of learning the Predictive
Mapping, as indexed by more rapid improvements in RT over
the course of the cover task, and 2) Whether Mere Exposure,
Predictive Mapping, or both facilitated subsequent
supervised category learning.

Method
Participants
Participants were 72 adults (Mage=34.21 SDage=11.89)
recruited from Amazon Mechanical Turk who received $1 for
participation for this ~15min study. Participants were
randomly assigned to one of three conditions (N=24):
Predictive Mapping, Mere Exposure, and Baseline.

Stimuli
Category Exemplars The primary stimuli used in this
experiment were exemplars from two categories: Flurps and
Jalets. These exemplars were colorful images of “creatures”
similar to those used in prior category learning research
conducted by Deng and Sloutsky (e.g., Deng & Sloutsky,
2012). Creatures were composed of 7 binary-valued features
including a head, antennae, body, hands, feet, tail, and button.
Category membership was based on a combination of
deterministic and probabilistic features, such that each
category had a family resemblance structure. Specifically,
one feature (antennae) was perfectly associated with category
membership, and therefore deterministic, whereas five were
Table 1: Category Structure
Feature
Exemplar D P1 P2 P3 P4 P5
Flurps
E1
1
0
1
1
1
1
E2
1
0
1
1
1
1
E3
1
1
0
1
1
1
E4
1
1
0
1
1
1
E5
1
1
1
0
1
1
E6
1
1
1
0
1
1
E7
1
1
1
1
0
1
E8
1
1
1
1
0
1
E9
1
1
1
1
1
0
E10
1
1
1
1
1
0
Jalets
E1
0
1
0
0
0
0
E2
0
1
0
0
0
0
E3
0
0
1
0
0
0
E4
0
0
1
0
0
0
E5
0
0
0
1
0
0
E6
0
0
0
1
0
0
E7
0
0
0
0
1
0
E8
0
0
0
0
1
0
E9
0
0
0
0
0
1
E10
0
0
0
0
0
1
Note: The “D” feature is deterministic, “P”s 1-5
probabilistic, “I” is irrelevant.

I
2
3
2
3
2
3
2
3
2
3
2
3
2
3
2
3
2
3
2
3
are

associated with membership in a given category in 80% of
exemplars, and therefore probabilistic. The remaining feature
occurred equally often in exemplars from both categories,
and was therefore irrelevant to category membership. This
category structure is summarized in Table 1.
Baseline Exemplars An additional set of creatures dissimilar
in appearance from the Category Exemplars were adapted
from stimuli created by Badger and Shapiro (2012) for use in
the Baseline Condition only. Like the Category Exemplars,
these stimuli were composed of binary-valued features.
Unlike the Category Exemplars, the set of Baseline
Exemplars included all possible combinations of feature
values, and was not divided into categories.

Procedure
Participants followed a link on Amazon Mechanical Turk to
the experiment, which was presented using the Gorilla™
platform. During the experiment, participants proceeded
through three phases: A Practice Phase, an Exposure Phase,
and a Supervised Category Learning Phase.
Practice Phase The purpose of the Practice Phase was to
accustom participants to the task in the subsequent Exposure
Phase (see below). The task in this phase was introduced as
the “Color Jump Game”. A schematic of this task as used in
both the Practice and Exposure Phases is provided in Fig. 1.
In the task, participants watched a star that initially
appeared on the center of the computer screen in between a
red panel on the left, and a blue panel on the right. The star
then disappeared, and reappeared on the left red panel or the
right blue panel. Participants were instructed to hit the “q”
key if the star reappeared on the left, and “p” if it reappeared
on the right. Participants were informed that they would have
only a short amount of time to respond, and that they would
receive feedback indicating whether they were correct,
incorrect, or too slow. (As noted below, corrective feedback
was not provided in the Exposure Phase version of this task.)
Participants then completed the task, which consisted of 20
trials. The star reappeared equally often on the left and right,
in a pseudorandomized order. The amount of time

Fig 1: Color Jump Game schematic. Dotted boxes denote
stimulus locations; “xxx” denotes feedback.
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participants had in which to respond after the star reappeared
started at 500ms, then decreased in 25ms increments every 5
trials such that the allowance for the last 5 trials was 425ms.
Exposure Phase In this phase, participants continued to play
the Color Jump Game. However, the star that appeared in the
Practice Phase was replaced by: 1) Category Exemplars
whose category membership perfectly predicted whether they
reappeared on the left red or right blue panel in (Predictive
Mapping Condition), 2) Category Exemplars whose category
membership was unrelated to their reappearance locations
(Mere Exposure Condition), or 3) Baseline Exemplars in the
Baseline Condition. Participation in each of these conditions
was randomly assigned between subjects. To keep any
predictive mapping between category membership and
reappearance location implicit, participants were only given
feedback when they responded too slowly, but were not told
whether their responses were correct or incorrect.
In all conditions, participants completed 80 trials (8 blocks
of 10 trials) of the Color Jump Game. To increase the
potential speed and accuracy benefits of detecting any
predictive mapping between category membership and
reappearance location, the difficulty of the task was increased
every two blocks by reducing the RT allowance. Specifically,
the RT allowance began at 425ms, then decreased by 25ms
every 2 blocks, such that the allowance was 350ms for the
final 2 blocks. Participants were alerted to this reduction in
RT allowance at the beginning of each block in which it
occurred. The outcome measure of interest in this phase is the
rate at which participants’ RTs for accurate trials improved.
Supervised Category Learning Phase The purpose of this
phase was to investigate how well participants in each of the
conditions learned to classify the Category Exemplars into
two categories under traditional supervised learning
conditions. In this phase, participants in all conditions
completed the same task with the same stimuli. First,
participants were informed that they would be learning about
two kinds of creatures: Flurps and Jalets. Participants were
told that for each creature, they should identify whether they
think it is a Flurp or Jalet using onscreen buttons, after which
they would receive corrective feedback.
Participants then proceeded through 30 trials of this task (3
blocks of 10 trials each). On each trial, participants were
presented with a Category Exemplar, and asked whether it
was a Flurp or Jalet. After responding, participants received
a message saying “That’s a [Flurp/Jalet]! preceded by a green
checkmark if they had responded correctly, or a red X if they
had responded incorrectly. The outcome measure of interest
in this phase was participants’ accuracy at categorizing
Category Exemplars over the course of the 3 blocks.

Results
Analyses were conducted in the R environment (R
Development Core Team, 2008) using functions in base R,
1

the lmer function for mixed effects regression from the lme4
package (Bates, Maechler, Bolker, & Walker, 2015), and the
Anova function for deriving F-statistics and p-values for
regression models from the car package (Fox & Weisberg,
2011).
Exposure Phase Overall, RT decreased over the Exposure
Phase. Specifically, in a mixed regression model with RT on
accurate trials as the dependent variable, Trial Number as a
fixed effect, and participant as a random effect, Trial Number
had a significant, negative coefficient (β = -0.65 ms, SE =
0.03, p < .0001).
To test whether exposure to Category Exemplars in either
the Predictive Mapping or Mere Exposure conditions
concurrently influenced performance on the Color Jump
Game during the Exposure phase, we fit regression models
for each participant in which Trial Number predicted RT on
accurate trials. We then used the regression coefficient for
Trial Number as a measure of the rate of change in RT over
the course of this phase. Finally, we analyzed whether rate of
change in RT varied across the three conditions. To conduct
this analysis, we fit a regression model in which Condition
predicted rate of RT change. This model revealed no
significant relationship between Condition and rate of RT
change (F(2,69)=0.10, p=.90)1 (Fig. 2).
Supervised Category Learning Phase The purpose of this
phase was to test whether the success with which participants
learned to categorize the Category Exemplars given explicit
supervision varied according their preceding experience in
the Exposure Phase. We therefore first tested whether
participants in each condition were able to learn the
categories under explicit supervision. We found that
participants in the Predictive Mapping and Mere Exposure
conditions achieved above-chance performance in Block 1 of
the Supervised Category Learning Phase (both ps < .01); by
Block 2, participants in all three conditions achieved abovechance performance (all ps < .01).
To investigate whether experience in the Exposure Phase
influenced the degree to which participants successfully
learned the categories, we took as our outcome variable the
accuracy with which participants categorized Category
Exemplars in each of the 30 trials in this phase, and tested
whether accuracy varied with Condition (Predictive
Mapping, Mere Exposure, and Baseline). Because the 30
trials were organized into three blocks, over which
categorization accuracy may improve, we also tested whether
accuracy varied across blocks. Specifically we fit an omnibus
mixed regression model with accuracy as the dependent
variable, Condition, Block, and their interaction as fixed
effects, and participant and trial number within a block as
random effects. We then derived F-statistics and p-values for
each of the fixed effects. This analysis revealed significant
main effects of both Condition (F(2,69)=5.22, p=.008), and
Block (F(1,2076)=20.82, p<.0001), which did not interact
(p=.16) (see Fig. 2).

Analysis of accuracy also yielded no condition differences.
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Fig 2: RTs during Exposure Phase (top) and Accuracies
during Supervised Category Learning Phase (bottom)
To further investigate these main effects, we compared
each pair of Blocks or Conditions using three fixed effects
models. These models included the same components as the
omnibus model, but each used data from only one pair of
Blocks or Conditions. The pairwise comparisons of Blocks
revealed that Block 1 accuracy was significantly lower than
in Blocks 2 or 3 (both ps < .01), but that accuracies in Blocks
2 and 3 did not significantly differ (p=.22). More importantly,
the pairwise comparisons of Conditions revealed that the
Predictive Mapping condition exceeded both the Baseline
(F(1,46)=8.51, p=.005) and Mere Exposure (F(1, 46)=6.55,
p=.014) conditions. In contrast, accuracies in the Mere
Exposure and Baseline conditions did not significantly differ
(F(1,46)=.118, p=.733). In sum, participants in the Predictive
Mapping condition learned the categories more successfully
than either participants in the Mere Exposure or those in the
Baseline conditions, whereas the success of category learning
for participants in the latter two conditions did not differ.

Discussion
Prior evidence has revealed that exposure to regularities in
which perceptual features co-occur in category exemplars can
implicitly facilitate category learning. However, we know
little about whether exposure to regularities in which

category membership predicts other perceptual events or
goal-directed actions can similarly facilitate category
learning. Moreover, we know little about how either form of
exposure may allow us to more readily learn categories under
explicit supervision.
In this experiment, we exposed participants to exemplars
of two categories that possessed distinct perceptual feature
co-occurrence regularities. This exposure took place within a
cover task, under conditions in which category membership
did (Predictive Mapping) or did not (Mere Exposure) predict
task events to which participants responded. Importantly, this
exposure was implicit: Participants were neither informed
that the stimuli they viewed were members of two categories,
nor alerted of any relationship between stimulus appearance
and task events, or given corrective feedback about their
responses to task events. For comparison, Baseline
participants completed this task with other, non-categorized
stimuli. Subsequently, all participants were taught the two
categories under traditional, explicitly supervised conditions.
Although we found no variation across exposure
conditions in performance on the cover task, participants who
were exposed to the category exemplars under Predictive
Mapping subsequently learned the categories under explicit
supervision substantially more successfully than participants
in either the Mere Exposure or Baseline conditions. In
contrast, participants in the Mere Exposure condition were
not measurably more accurate than those in the Baseline
condition. These findings suggest that exposure to category
exemplars under conditions in which category membership
predicts other perceptual events and goal-directed actions
improves the readiness with which categories are learned
given explicit supervision. Exposure to predictive regularities
may therefore promote latent learning (e.g., Kimble &
BreMiller, 1981), in which such exposure promotes the
formation of mental representations that render learners more
receptive to explicit instruction.

Open Questions
The present experiment sets a foundation for further
investigation into both the influence on category learning of
category-relevant prediction regularities, and how exposure
to category-relevant regularities may facilitate subsequent
supervised category learning.
One question to explore in future research is raised by the
superiority of the Predictive Mapping condition during
supervised category learning, despite the lack of condition
effects during the Exposure Phase. Specifically, the
superiority of supervised category learning in the Predictive
Mapping condition suggests that participants were sensitive
to the regularity with which category membership predicted
Exposure Phase task events and appropriate responses. Such
sensitivity could, in principle, have allowed participants to
increasingly anticipate events in the Exposure Phase task, and
therefore improve more rapidly than participants in the other
conditions. However, we observed no such effect, as
evidenced by comparable RT decreases across conditions in
the Exposure Phase (the Color Jump Game). We therefore do
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not have evidence of sensitivity to predictive regularities
while they were being experienced. One possible explanation
for the lack of condition differences during the Exposure
Phase is that the rate at which we shortened the RT allowance
in the Exposure Phase task pushed participants to the limit of
the rate at which they were able to speed up. Future research
might address this issue in multiple ways. For example, a
future version of this experiment might include “guess” trials
interspersed within the Exposure Phase, in which participants
are asked to predict task events. Sensitivity to predictive
regularities could therefore manifest as the gradual
achievement of above-chance performance on guess trials in
the Predictive Mapping, but not the Mere Exposure
condition.
Another key direction for future research is to illuminate
the nature of what is learned via implicit sensitivity to
category-relevant regularities. For example, does exposure to
these regularities increase attention to category-relevant
features, and away from those that are irrelevant?

Conclusion
In this experiment, we found that supervised category
learning was facilitated when preceded by implicit exposure
to exemplars from family resemblance categories under
conditions in which category membership predicted other
perceptual events and goal-directed actions. This facilitation
occurred above and beyond the effect of mere exposure to the
exemplars themselves. These findings point to implicit
learning due to exposure to category-relevant predictive
regularities that in turn helps learners capitalize on explicit
information about category membership.
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Abstract

Knowledge about categories supports learning and
generalization, and this knowledge is particularly important
early in development. Although most theories of category
knowledge posit a role for experience in acquiring this
knowledge, the current evidence for the presumed role of
experience in category knowledge acquisition remains limited
to correlational evidence, indirect measures of category
knowledge, and computational studies. Here we provide
direct evidence that repeated experience with a biological
domain in an ecologically-valid setting changed children’s
category representations, with increased differentiation of
items within that domain and relative to a second domain. The
implications of these results for understanding the role of
experience in category acquisition, and the contribution of
enrichment experiences to school readiness are discussed.
Keywords: categories; differentiation; learning; development

Introduction
Learning and using categories fundamentally changes
human cognition and learning. For example, adults perceive
items that belong to the same category as being more similar
to one another, use relevant features to discriminate among
categories, and take advantage of category knowledge to
make inferences about new items (Smith & Medin, 1981).
Learning and using categories also plays a fundamental role
early in life, as category knowledge allows children to
efficiently attend to information in the environment (Vales
& Smith, 2017), encode and retrieve information
(Bjorklund, & Jacobs, 1985), and make inferences (Fisher,
Godwin, & Matlen, 2015; Gelman & Markman, 1986).
While much is known about how category knowledge
influences cognition and learning, there is still much we do
not know about how this knowledge is acquired early in
development and how experience shapes knowledge of
categories. Here we provide initial evidence that
ecologically-valid enrichment experiences in a domain
promote changes in how children represent categories both
within that domain and relative to a distinct domain by (1)
increasing the similarity among items of a category within a
domain while decreasing the similarly between items of
different categories within a domain, and (2) decreasing the
similarly between items of distinct domains.
The acquisition of categories and the ability to use
category knowledge in the service of learning – by treating
different items as equivalent for some purpose – allows

humans to go beyond individual items and generalize what
is known about items of a category to other items of the
same category (Badger & Shapiro, 2012; Yamauchi &
Markman, 2000). For example, if one knows that birds can
fly, then one can generalize that a newly-encountered
feathered creature likely can also fly. Using category
knowledge does not always guarantee correct inferences;
nevertheless, category-based generalization is a key feature
of mature cognition. The ability to make category-based
generalizations is likely to be especially important early in
development when much of the information that children
encounter is novel and thus needs to be integrated into
existing knowledge. Indeed, prior research has shown that
the ability to generalize a new property from one item to
another item of the same biological category (e.g., from
lamb to sheep) is related to how similar children perceive
those two items to be (Fisher, Godwin, & Matlen, 2015).
Similarly, children who are “dinosaur experts” can use
relevant prior knowledge in this domain to describe specific
items (e.g., “[this dinosaur is a] plant-eater, ‘cause it has
little teeth that aren’t sharp”), whereas control children are
more likely to describe superficial features (e.g., “[this
dinosaur] has sharp fingers, sharp toes, a big tail”; Gobbo &
Chi, 1986). These individual differences in category
knowledge are likely to also influence performance in
academic settings; for example, background knowledge in a
domain (e.g., how much a child knows about spiders)
predicts how well a child learns new information from text
in that domain (Pearson, Hansen, & Gordon, 1979).
Together, this evidence illustrates how category knowledge
supports learning and generalization in childhood.
Given the importance of category knowledge to learning
and generalization, and that individual differences in
category knowledge exist early in development, an
important question is how young children acquire this
knowledge. The existing literature makes a compelling case
for changes in category knowledge as a result of experience.
For example, when shown pictures of cats and dogs,
children who own pets spend more time visually inspecting
the relevant features of those categories relative to children
who do not own pets (Kovack-Lesh, McMurray, & Oakes,
2014). Similarly, relative to urban children, children of rural
settings and children who spend more time in nature are
more accurate at making category-consistent generalization
in the animal domain (Coley, 2012). It is possibly that these
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children’s experiences with house pets and animals have
changed their stored representations of these categories,
influencing how children visually inspect objects and how
they use category knowledge to make generalizations.
Consistent with this possibility, a training study with infants
has shown that exposing infants to novel object categories
changes how infants visually inspect those categories
(Bornstein & Mash, 2010). Finally, computational studies
show that categories meaningfully organized within- and
across-domains can, in principle, be learned from
accumulating information about individual items in those
categories (Hills et al, 2009; Kemp & Tenenbaum, 2008;
McClelland, & Rogers, 2003; see also Shapiro et al., 2013
for related evidence). For example, Hills et al. (2009) have
shown that the features associated with the nouns known by
most children before age 3 provide sufficient information to
aggregate those nouns into groups that resemble adult-like
domains (e.g., food, animals, vehicles); importantly, as
more features become available, the more differentiated
those domains become. This increase in differentiation
likely reflects both increased similarity within items of a
domain and decreased similarity between domains, akin to
what is seen in categorization training studies with adult
participants (Goldstone, Lippa, & Shiffrin, 2001).
Although the evidence discussed above is consistent with
experience-driven changes in category knowledge, three
open questions remain. First, the evidence relying on preexisting individual differences (e.g., pet ownership, children
from rural vs. urban setting) offers only a correlational link
between experience and category representations. Second,
the experimental evidence available remains limited to
attentional measures, and thus offers only indirect evidence
for changes in category representations and does not specify
how those category representations change as a result of
experience. Third, the predictions from computational
studies on category differentiation as a result of experience
remain largely untested in young children (but see Unger et
al., 2016; Unger & Fisher, 2017). To fill these gaps, we
examined whether participating in informal enrichment
experiences at a botanical garden promoted changes in
category representations in preschool-aged children. We
chose to investigate this question in the context of an
informal learning activity because prior literature has
documented that these experiences (e.g., visiting a science
museum or a botanical garden) expose children to sciencerelevant categories (Crowley & Jacobs, 2002). Young
children are less likely to have differentiated representations
of these categories (e.g., Hatano et al., 1993), and thus an
informal learning context such as the botanical garden offers
an opportunity to examine experience-driven changes in
children’s category differentiation.

The present study
In the present study, we tested the hypothesis that
ecologically-valid, enrichment opportunities change how
children represent categories, specifically increasing
category differentiation within and across domains. To test

this hypothesis, we recruited children who were enrolled in
one of two informal learning programs at a botanical
garden. The two programs had equivalent structures and
activities, but focused on two different biological domains
(bugs and plants). The programs took place daily for 2.5h
over the course of a week. The examples of the activities
from both programs listed in Table 1 highlight the informal
nature of these programs, as does the fact that the activities
involved interaction with social partners in the context of
meaningful activities that made use of hands-on, concrete
tools, and that presented no consequence or direct
assessment of children’s learning (Callanan, et al., 2011;
Rogoff, et al., 2016). Importantly, these activities exposed
children to many items within a domain, conceivably
increasing the availability of features that can be used to
differentiate items within and across domains.
Table 1: Example of activities from the two programs.
Bugs program

Plants program

craft: exoskeleton t-shirts

craft: decorate t-shirts with
plant stamps

hunt for (plastic) bugs

hunt for pumpkin seeds

butterfly lifecycle play

seed lifecycle play

To examine whether these informal learning activities
promoted changes in how children represented biological
categories, children completed a similarity-judgment task
before starting the first day of the program and after
completing the last day of the program. This task, which has
been used in past work to elicit similarity judgments from
both adults and children (Fisher, et al., 2015; Goldstone,
1995), allowed us to collect pairwise similarity judgments
of multiple items both within and across two domains in a
single trial. Children were asked to arrange items on a game
board with a visible grid such that items that were the same
kind of thing were placed close together; these instructions
have been shown to yield judgments of both within- and
across-domain similarity in children (Unger at al., 2016).
We then used the physical distance between items on the
board as a judgment of similarity for each pair of items:
items placed at shorter distances were judged as more
similar. If these informal learning activities, by virtue of
exposing children to many items of a domain, promote
differentiation both within- and across-domains, then we
would expect children’s arrangements of items on the board
to show differentiation of categories within a domain from
before to after completing the program activities, while also
showing differentiation across domains. For example, a
child who participated in the plants program would (1)
judge items that belong to the biological category of ‘fruits’
as more similar (i.e., place them closer together) from preto post-test, (2) better discriminate ‘fruits’ from other nonfruit plants (i.e., place them further apart) from pre- to posttest, and (3) judge items from the domain of ‘plants’ as
more dissimilar to another domain (i.e., ‘bugs’) by placing
them further apart from pre- to post-test. We also probed the
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specificity of these experience-driven changes by including
items both from the domain of the program a given child
completed (e.g., plants) and the domain of the other camp
(bugs in this example), and examining whether changes (1)
and (2) predicted above also occurred for the other domain
(bugs in this example); if changes in category knowledge
are happening as a result of experiencing items of a domain,
then we would expect within-domain differentiation to
occur only for the domain a child experienced.

Methods
Participants
Twelve children (5 girls) between 4 and 5 years of age
(M=4.5, SD=0.5) were recruited from a group of children
enrolled in one of two informal learning programs at the
Phipps Conservatory and Botanical Gardens in Pittsburgh,
PA in the northeastern United States. Three additional
children were recruited but not included in the analyses due
to being unable to complete the post-test session (N=2) and
loss of data (N=1). Caregiver consent was obtained for all
participants, and children received a gift for participating.

Stimuli and Design
We created two sets of stimuli, one for each program
domain (see Fig. 1). For each domain, there were two types
of items: same-category items (that belonged to a biological
category of that domain) and different-category items (that
did not belong to the same category as the same-category
items, but to another category in that domain). The samecategory items included both items that were experienced in
the program (i.e., that were part of the activities) and items
that were not experienced in the program. The two
biological categories tested were insects (defined by having
three body parts and antennae) and fruits (defined by
containing seeds). The different-category items were,
respectively, bugs that are not insects and plants that are not
fruits (i.e., do not contain seeds); the different-category
items were not part of the camp activities. The items were
selected based on the objectives and the activities of the
programs; the educators leading the program activities were
blind to the specific hypotheses of this study. A black and
white line drawing representing each item was printed on
5x5cm cards with a white background, for a total of 18
cards. The cards were arranged by the children on a game
board with a visible 10x10 grid of 6.3cm squares.
Children were tested before starting the program activities
on the first day of their program (pre-test) and after
completing the program activities on the last day (post-test).
Because our predictions concern both within- and acrossdomain differentiation, children were asked to arrange all 18
cards in one trial.

Procedure
Both at pre- and post-test, children sat with an experimenter
at a table in a quiet area of the botanical garden; caregivers

were instructed to not influence the child’s arrangement of
the cards. Children were told that the goal of the game was
to organize cards with animals and plants on the game
board, such that cards depicting items that are the same kind
of thing are placed close together and cards depicting items
that are not the same kind of thing are placed far apart;
while giving these task instructions, the experimenter
brought their hands close together and moved them apart
above the board. The experimenter then laid the cards on the
table, one at a time, while labeling them (e.g., “Here is a
butterfly”); the cards were shuffled before each participant.
Once all cards were labeled by the experimenter, the child
was reminded of the instructions and asked to arrange the
cards on the board; once half of the cards had been placed,
the experimenter reminded the child of the instructions.
Children were also told that they could re-arrange the cards
at any time and could take as long as they wished to arrange
all cards. Once all cards were arranged, children were asked
if they were happy with how their cards looked and if they
wanted to change anything; the experimenter also clarified
any cards that were not clearly placed (e.g., in between 2
grid cells; “Can you show me where this one goes?”). Once
the child confirmed their final arrangement, the
experimenter thanked them for their help, and took a photo
of the board for later coding.
same category

different

category
not
experienced
experienced

bee

bugs

butterfly

ant

cricket

tick

centipide

ladybug

beetle

spider

pumpkin

avocado

lettuce

beans

bell pepper

potato

plants

peas

tomato

carrots

Figure 1: Stimuli used in the experiment; the item names
were not displayed on the test cards.

Results
Data Coding and Scoring
The photo of each subject’s pre- and post-test arrangement
was coded by coders blind to the specific hypotheses of the
study. Coders used the 10x10 grid as a coordinate plane and
coded the coordinates of each card on the board; a second
coder verified the accuracy of all coordinates for all
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children. From the coordinates, we calculated distance
scores for all pairs of items of interest by computing the
Euclidian distance between the points specified by the
coordinates of each card of a pair.

Data Analyses
Our main hypothesis concerns the role of experience with a
biological domain in increasing differentiation both within
that domain and relative to another domain. Specifically, if
experience with a biological domain influences how
children represent categories in that domain and relative to
other domains, then we would expect children to show
increased within-domain differentiation (both by judging
same-category items as more similar from pre- to post-test
and by judging different-category items as more dissimilar
from pre- to post-test) while also showing across-domain
differentiation (by judging items from different domains as
being more dissimilar from pre- to post-test). To examine
these hypotheses, we calculated distance scores for the pairs
of items that reflected the relevant contrasts for each
prediction. For example, to examine whether children judge
in-domain different-category items as more dissimilar from
pre- to post-test, we calculated distance scores for all pairs
within a domain that belong to different categories (i.e., all
pairs that include a bug that is an insect, and a bug that is
not an insect; or a plant that is a fruit and a plant that is not a
fruit). Smaller distance scores, that is, items that were
placed closer together, indicate higher similarity.
Within-domain differentiation Figure 2 depicts the mean
distances scores for pairs of items of the domain a child
experienced vs. did not experience (top vs. bottom panels),
and for same-category vs. different-category items within a
domain (left vs. right panels). The figure suggests that, for
the domain a child experienced, same-category items are
judged to be more similar from pre- to post-test and
different-categories items are judged to be more dissimilar
from pre- to post-test. Importantly, no such change is
apparent for the corresponding pairs of items for the domain
a child did not experience. To examine whether children’s
representations of biological categories from the domain of
the program they experienced changed as a result of
participating in this enrichment experience, we built a linear
model in the R environment using the lme4 package to
analyze the effect of phase (pre- vs. post-test), category type
(same-category vs. different-category), and domain (domain
experienced vs. not experienced) on the distances between
items. We included subject as a random factor, i.e., varying
around a group mean; Wald F tests and respective p-values
were calculated using Kenward-Roger’s approximation. The
model showed that the interaction between phase and
category type was a significant predictor of distance in the
model, F(1,1445)=5.1, p=0.02 as was the three-way
interaction between phase, category type, and domain,
F(1,1445)=4.9, p=0.03; all other interactions and predictors
were not significant predictors of distance (all F<1, all
p>0.34). Thus, whether children’s judgments of similarity
changed from pre- to post-test depends on both the relation

between the items in a pair (same- vs. different-category)
and on whether the pair reflected a relation from the domain
they experienced in their program or from the other domain.
To follow up on this interaction, we conducted planned
contrasts comparing pre- and post-test distances within each
type of category and domain. For the domains children
experienced, these contrasts showed a marginal effect for
same category items (F(1,1451)=2.8, p=0.09) such that
children placed same-category items from the domain they
experienced closer together from pre- to post-test; and a
significant effect for different-category items (F(1,1451)=
8.6, p=0.003), such that children placed different-category
items from the domain they experienced in camp further
apart from pre- to post-test. Importantly, these same
children did not change the relative distance at which they
placed same-category (F(1,1451)=0.04, p=0.84) or
different-category (F(1,1451)=0.07, p=0.79) items from the
domain they did not experience.
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Figure 2: Mean difference scores for pairs of items from
the domain a child experienced vs did not experience (top
vs. bottom panels), and for same-category vs. differentcategory items within a domain (left vs. right panels).

Figure 3: Mean difference scores for pairs of items that
belong to different domains (bugs vs. plants).

Across-domain differentiation Figure 3 depicts the mean
distance for items that belong to different domains (that is,
bugs vs. plants) before (pre-test) and after completing the
program activities (post-test). As can be seen, after
completing the camp activities, children placed items that
belonged to different domains farther apart on the board,
F(1,3659)=15.1, p= 0.0001, thus judging these items to be
more dissimilar after experience with one of those domains.

Discussion
The results of this study provide two main conclusions.
First, children’s representations of biological categories
changed as a result of experiencing multiple items from a
domain; same-category items became more similar and
different-category items became less similar. Importantly,
this change was experience-specific, that is, there was no
change in children’s similarity judgments for equivalent
pairs of a domain they did not experience. Second, the
current results show that experience with items from a
domain also changed how children represented that domain
relative to a second domain; the two biological domains
(i.e., bugs and plants) became more dissimilar as a result of
this experience. These results have important implications
for understanding the role of experience in category
acquisition, and for conceptualizing the contribution of
enrichment experiences to school readiness.
Despite theoretical discussions on how children acquire
category knowledge, most contemporary theories sustain
that experience plays a role in acquiring such knowledge.
Although there is evidence supporting the role of experience
in acquiring category knowledge, most of the existing
evidence is correlational and does not specify how category
representations change as a result of experience. Here, we
provide direct evidence that experience in a domain
specifically changed how children differentiated categories
within that domain. These results are consistent with the
idea that, as children encounter different items within a
domain, they accrue knowledge about the relevant features
for category membership, such that items within a category
(by virtue of sharing more features) become more similar to
one another and more dissimilar to other categories. Prior
computational work has shown that such a mechanism –
tracking the relevant features, and the correlation among
features – can in principle support the aggregation of items
into categories and domains (Hills et al, 2009; Kemp &
Tenenbaum, 2008; McClelland, & Rogers).
Importantly, children not only differentiated among sameand different-category items within a domain, but also
across domains. That is, extensive experience with items of
one domain changed how items in that domain were
perceived relative to items of a distinct domain. We do not
mean to imply that in the period between pre- and post-test,
children had no exposure to items of the other domain;
likely, children encountered bugs and plants in their daily
lives in addition to their experiences at the botanical garden.
Yet, it is noteworthy that a relatively brief experience with
one domain produced measurable differences in how

children represented items of that domain relative to a
second domain. Changes at the global level as a result of
experience with items at the local level are also captured by
models that track regularities in the input (e.g., Plaut, et al.,
1996), and thus it is plausible that experiencing and learning
the features of bugs makes them more dissimilar relative to
plants, and vice-versa. Future work can more directly
examine these possibilities by manipulating the feature
space of categories in children’s experience.
One point of contention in current theories of category
learning concerns the role of perceptual features (perceived
properties of an item, e.g., “it has seeds”) versus conceptual
features (properties of an item that concern its relation to
other items or events, e.g., “it is alive”) in children’s early
category learning (Gelman & Markman, 1986; Sloutsky &
Fisher, 2004), with both views finding evidence that young
children use perceptual and conceptual features when
grouping items and when making category-based inferences.
In our study, children likely experienced both kinds of
features; that is, although the items with which we tested
our participants were organized based on perceptual features
(i.e., having a three-part body and antennae; containing
seeds), the program activities likely exposed children to
both kinds of features. For example, children in the plants
program were exposed to multiple items with seeds inside,
and also had the opportunity to experience the lifecycle of a
seed and thus understand that plants are alive. Prior
computational work suggests that both kinds of features
play a role in acquiring categories organized by domains
(Hills et al., 2009), with perceptual features seemingly
supporting domain inclusion and conceptual features
conceivably supporting domain discrimination. Further, the
acquisition of what one might call “conceptual” features
might result from learning overlapping “perceptual” features
(Smith, Colunga, & Yoshida, 2010). Future work can more
directly test these predictions by manipulating the features
that children experience, and examining the resulting
category representations and category-based inferences.
The current work is also relevant to the broader literature
on school readiness and academic achievement. After
participating in a relatively brief, informal learning
experience, children showed evidence of having acquired
more fine-grained distinctions within the biological domain
they experienced, and relative to another biological domain.
Because learning to classify animals and plants based on
their biological groups is often included in educational
standards at the elementary school level, enrichment
activities such as this one might support the acquisition of
what prior research has identified as “background
knowledge”, a key component for success in academic-like
activities (e.g., Pearson, Hansen, & Gordon, 1979). One of
the key features of development is that it builds itself in
time; past learning both opens and limits opportunities for
new learning. Lack of access to enrichment opportunities
where children can acquire initial distinctions relevant for
academic contexts may limit children’s future school
performance. On the other hand, understanding how these
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experiences change children’s representations of academicrelevant categories can open up new avenues to develop
targeted interventions aimed at improving school readiness.
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Abstract
The disambiguation of syntactically ambiguous sentences can
lead to reading difficulty, often referred to as a garden path effect. The surprisal hypothesis suggests that this difficulty can
be accounted for using word predictability. We tested this hypothesis using predictability estimates derived from two families of language models: grammar-based models, which explicitly encode the syntax of the language; and recurrent neural
network (RNN) models, which do not. Both classes of models correctly predicted increased difficulty in ambiguous sentences compared to controls, suggesting that the syntactic representations induced by RNNs are sufficient for this purpose.
At the same time, surprisal estimates derived from all models systematically underestimated the magnitude of the effect,
and failed to predict the difference between easier (NP/S) and
harder (NP/Z) ambiguities. This suggests that it may not be
possible to reduce garden path effects to predictability.
Keywords: self-paced reading; garden path; neural networks

Language is rife with temporary syntactic ambiguities.
Most of these ambiguities go unnoticed during reading. In
some cases, however, resolving the ambiguity can lead to substantial processing difficulty, as in the following example:
(1) Even though the girl phoned the instructor was very upset
with her for missing a lesson.
When the noun phrase the instructor is first read, it can be interpreted either as the object of phoned or as the subject of an
upcoming clause. The disambiguating words was very upset,
which rule out the direct object analysis, are typically read
more slowly than they would be in an unambiguous sentence.
Temporary ambiguities as in (1) are said to lead the reader
“down the garden path”. Such garden path sentences have
motivated a number of special-purpose reanalysis mechanisms that come into play in syntactically challenging circumstances (Fodor & Ferreira, 1998). A radically different proposal suggests that the words was very upset in (1)
are read more slowly simply because they are unpredictable
(Hale, 2001; Levy, 2008); specifically, a word is read more
slowly the higher its surprisal, defined as follows:
S(wi ) = − log2 P(wi | w1...i−1 )

(1)

The surprisal hypothesis has at least two appealing properties. First, word predictability affects reading times even
in the absence of syntactic ambiguity, and is therefore preferable on parsimony grounds to special reanalysis mechanisms.
Second, surprisal estimates can be derived from any probability distribution over sequences of words (a language model);
this makes it possible to use the variety of language models

(LMs) implemented in the computational linguistics literature
to make quantitative reading time predictions.
In a proof-of-concept demonstration using a fragment of
English, Hale (2001) showed that surprisal from a grammarbased LM can qualitatively account for a particular case of
syntactic disambiguation difficulty.1 Later, surprisal from a
broad-coverage grammar-based LM was shown to correlate
with reading times (Demberg & Keller, 2008). To our knowledge, however, the hypothesis that disambiguation difficulty
in garden path sentences can be reduced to surprisal has not
been empirically tested with a broad-coverage LM.
We test this hypothesis using two types of LMs. First,
grammar-based LMs, which consist of explicit syntactic representations and need to be trained on a large number of
parsed sentences; and second, LMs based on recurrent neural networks (RNNs), which are not designed with symbolic
internal representations of sentence structure and do not require syntactically annotated training data. While it is possible for hierarchical syntax to emerge in RNN LMs without
explicit hierarchical syntax (Elman, 1991), and recent work
has shown that such models are in fact fairly syntactically sophisticated (Linzen, Dupoux, & Goldberg, 2016; Gulordava,
Bojanowski, Grave, Linzen, & Baroni, 2018), it is an empirical question whether the syntactic representations induced by
an RNN are sufficient to produce predictability estimates that
predict garden path effects in reading.
In the rest of this paper, we derive surprisal predictions for
garden path sentences using broad-coverage grammar-based
and RNN-based LMs, and examine whether explicitly modeling the grammar of the language provides an advantage in
deriving the qualitative finding of increased processing difficulty in ambiguous sentences. Going beyond this qualitative
question, we examine whether surprisal can predict the magnitude of disambiguation difficulty across two different types
of ambiguity, NP/S and NP/Z.

Materials
We focus on two classic temporary ambiguities. The first type
is the NP/S ambiguity, illustrated in (2a):
(2) a. The employees understood the contract would be
changed very soon to accommodate all parties.
b. The employees understood that the contract would be
changed very soon to accommodate all parties.
1 For work deriving surprisal estimates for temporarily ambiguous sentences from larger scale grammar-based LMs, see Levy
(2013) and Linzen and Jaeger (2016).
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This ambiguity is referred to as NP/S because the contract
can initially serve either as a noun phrase (NP) complement to
understood or as the subject of a sentential (S) complement.
An unambiguous version of this sentence can be created by
adding the overt complementizer that, as in (2b). Empirically,
would be changed is read faster in (2b) in (2a).
The second ambiguity we investigate is the NP/Z ambiguity discussed in the introduction and repeated here as (3a):
(3) a. Even though the girl phoned the instructor was very
upset with her for missing a lesson.
b. Even though the girl phoned, the instructor was very
upset with her for missing a lesson.
Sentences such as (3a) are referred to as NP/Z sentences because the verb phoned is initially either transitive, with the
noun phrase (NP) complement the instructor, or intransitive,
with a “zero” (Z) complement. An unambiguous version of
this sentence can be created by inserting a comma after the
initial verb (3b); had been drinking is read faster in (3b) than
in the ambiguous (3a). This ambiguity is often perceived to
be harder to resolve than NP/S.

Modeling approach
We derived surprisal estimates from six LMs (described below) and evaluated them against the reading times (RTs)
reported by Grodner, Gibson, Argaman, and Babyonyshev
(2003). Grodner et al. collected word-by-word self-paced
reading (SPR) data from 53 college-aged participants who
read 20 ambiguous or unambiguous NP/S sentences, and 20
ambiguous or unambiguous NP/Z sentences.2 They measured the total garden path effect, defined as the difference
in RTs in the critical region between the ambiguous and unambiguous sentences; the critical region is would be changed
in the NP/S case (2) and was very upset in the NP/Z case (3).
We do not have access to item-by-item RTs since Grodner et
al. only reported condition averages and confidence intervals;
our modeling target is therefore the mean RT.
We averaged word surprisal over the critical region. If syntactic disambiguation difficulty is due entirely to the unpredictability of the disambiguating words, we expect one bit3 of
surprisal to have the same effect on RTs regardless of whether
the word in question is in the disambiguating region or not.
We can therefore use words from outside the disambiguating
region to estimate the slowdown in milliseconds that each bit
of surprisal causes, and convert our surprisal estimates to RT
estimates using that multiplier. Since we did not have wordby-word RTs from Grodner et al. (2003), we estimate this
multipler from Figure B2b in Smith and Levy (2013), which
suggests that every bit of surprisal leads to a slowdown of
approximately 3.75 milliseconds.
2 Grodner et al. included both modified and unmodified variants
of each sentence to test how the length of the ambiguous region affected the magnitude of the garden path effect; we focus here on the
unmodified sentences, demonstrated in (2) and (3).
3 Surprisal is typically measured in bits, reflecting the roots of
this concept in information theory.

Grammar-based models
The grammar-based models all used lexicalized probabilistic
context-free grammars (PCFGs).
Top-down parser: The Roark (2001) parser is trained on
sections 02 to 21 of the Wall Street Journal (WSJ) portion
of the Penn Treebank. Its surprisal estimates are frequently
used in psycholinguistic studies and correlate well with RTs
(Demberg & Keller, 2008; Roark, Bachrach, Cardenas, &
Pallier, 2009).
Left corner parser: The van Schijndel, Exley, and Schuler
(2013) left-corner parser is also trained on sections 02 to 21
of the WSJ corpus. This parser makes use of fine-grained
grammatical distinctions induced by a split-merge procedure,
which clusters syntactic categories based on the contexts in
which they occur. We applied five iterations of split-merge to
the grammar.
Left corner (categorial grammar): The van Schijndel et
al. (2013) parser can be made even more context-sensitive
by first reannotating the WSJ corpus with the Nguyen, van
Schijndel, and Schuler (2012) generalized categorial grammar (GCG) annotation. This annotation produces a high
degree of context-sensitivity reflecting deep syntactic dependencies similar to head-driven phrase structure grammar
(HPSG) (Pollard & Sag, 1994). Three iterations of splitmerge were applied to the annotated grammar.

Neural network models
The neural network models were all RNN models with longshort term memory (LSTM) units (Hochreiter & Schmidhuber, 1997) trained using PyTorch.4 Unlike the grammar-based
models, the RNNs were all trained exclusively on text without
syntactic annotations.
Wall Street Journal: In order to directly compare the performance of RNNs to the PCFGs described above, one RNN
was trained on Sections 02 to 21 of the Wall Street Journal
corpus, just like the PCFGs.5
Wikipedia (2M words): For a larger training corpus, we
trained an RNN on the Wikitext-2 corpus (Merity, Xiong,
Bradbury, & Socher, 2016), using identical hyperparameters
as were used with the Wall Street Journal RNN. Wikitext2 contains around two million words of Wikipedia articles taken from the set of Good and Featured articles on
Wikipedia.
Wikipedia (90M words): For an even larger training corpus, we used a model trained by Gulordava et al. (2018) on
90 million words extracted from English Wikipedia.6
4 LSTM
LM code which estimates surprisal and
other incremental complexity measures is available at:
https://github.com/vansky/neural-complexity.git
5 We used the following hyperparameters: two LSTM layers with
1500 hidden units each, a 1500-dimensional input word embedding
layer tied during training to the output weights, a dropout rate of
0.65, and trained for 40 epochs.
6 This model had two LSTM layers with 650 hidden units each,
650-dimensional word embeddings, a dropout rate of 0.2 and batch
size 128, and was trained for 40 epochs (with early stopping).
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Figure 1: Reading time differences predicted by different LMs in the disambiguating region of ambiguous NP/S sentence
compared to matched unambiguous controls (example (2) in the text). The violin plots show the distribution of predictions
across items; the white dot indicates the median predicted difference. The empirical mean reading time difference reported by
Grodner et al. (2003) is plotted with a dashed line;7 the errors bars reported in that paper are represented using shading.

Results
Grodner et al. (2003) reported longer RTs in the critical region after an ambiguous prefix compared to an unambiguous
one, both in NP/S sentences ((2a) compared to (2b) above)
and in NP/Z sentences ((3a) compared to (3b)). All of our
LMs correctly predicted that the critical region should be read
more slowly in ambiguous than unambiguous sentences. One
sample t-tests showed that the by-item mean surprisal difference in the critical region was significantly higher than 0 for
all of the LMs for both NP/S and NP/Z.8
The magnitude of the predicted differences in NP/S sentences is shown in Figure 1. The median predictions of all
models were significantly lower than the empirical mean RT
difference, though for some models they were on the lower
end of the confidence interval reported by Grodner et al.
(2003). Among grammar-based LMs, this was only the case
for the GCG LM; among RNN models, the model trained on
90M words predicted the largest difference, but the model
trained on 2M words made comparable predictions.
There was a much greater discrepancy between the empirical and predicted RTs in NP/Z sentences (Figure 2). The
empirical RT difference is much larger in NP/Z than in NP/S
sentences (Sturt, Pickering, & Crocker, 1999; Grodner et al.,
2003). The top-down and left-corner (non-GCG) LMs predicted a significantly larger NP/Z garden path effect compared with the NP/S effect, but this difference seems mainly
7 Grodner et al. (2003) state that their mean NP/S effect size was
17 ms, but their plot with error bars shows a 20 ms mean NP/S effect.
We use their plotted error bars but show their reported mean effect.
8 We conducted 55 significance tests in this paper, so our corrected alpha value for significance was 0.0009. All effects we report
as significant had p-values ≤ 0.0005.

due to the very low NP/S predictions of those models. The
remaining models (with the exception of the 2M-word RNN)
also predicted a numerically larger NP/Z effect which is not
significant after correcting for multiple comparisons. Crucially, there was still a massive gap between the predictions
of all of our LMs and even the lower end of the confidence interval for the empirical RTs; it appears unlikely that improvement in LM accuracy could substantially bridge this gap.
For both the NP/S and NP/Z cases, the overall distribution of predictions of the best models in each class (the GCG
LM and the 90M-word RNN) did not differ in a meaningful
way (p = 0.98). This suggests that RNNs can acquire sufficient syntactic knowledge to make predictions for syntactically ambiguous sentences that are similar to the predictions
made by models with explicitly hierarchical structure.

Predictions for Sturt et al. (1999)
We next tested the models on the NP/S and NP/Z stimuli constructed by Sturt et al. (1999), which are similar in structure
to those used by Grodner et al. (2003). The RTs predicted by
our LMs were similar as well: the predicted NP/S effect size
was 2-8 ms (compared to 2-7 ms for the Grodner materials)
and the predicted NP/Z effect size was 5-10 ms (compared to
4-10 ms). Yet the discrepancy between predicted and empirical RTs was even larger in this case, because the empirical RT
differences reported by Sturt are much larger than the effects
reported by Grodner. While the NP/S garden path effect in
Grodner is 17 ms, in Sturt it is 50 ms. Similarly, the NP/Z
garden path in Grodner is 64 ms, while in Sturt it is a massive
152 ms (per word!).9
9 To make the analysis analogous to Grodner’s word RTs, we divided Sturt’s region RTs and our summed surprisals by the average
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Figure 2: Reading time differences predicted by different LMs in the disambiguating region of ambiguous NP/Z sentence
compared to matched unambiguous controls (example (3) in the text). The empirical mean reading time difference reported by
Grodner et al. (2003) is plotted with a dashed line; the errors bars reported in that paper are represented using shading.
Our models made similar predictions across these two
studies, suggesting that the empirical RT differences are unlikely to be due to differences in the lexical properties of the
materials. We hypothesize that the source of the dramatic
difference in RTs between the two studies is in the way the
studies presented their stimuli. Whereas Grodner et al. used
word-by-word self-paced reading, Sturt et al. used region-byregion self-paced reading. For example, an NP/Z sentence
would be revealed region-by-region as follows:
(4) Before the woman / visited the famous doctor / had been
drinking / quite a lot.
The region-by-region display likely encouraged subjects to
chunk the sentence by regions, causing them to strongly commit to the ultimately incorrect parse in which the ambiguous noun phrase the famous doctor is the direct object of the
preceding verb visited. The word-by-word display used by
Grodner et al. appears to us to provide a more ecologically
valid estimate of the RT cost of syntactic disambiguation.

Language model quality and fit to reading times
Goodkind and Bicknell (2018) found a linear relationship between the accuracy of a LM, as measured by its perplexity,
and the extent to which surprisal estimates from the LM are
predictive of RTs in naturally occurring sentences. In this
section we explore whether this general finding holds for the
disambiguating words in NP/S and NP/Z sentences.
We are unable to compare perplexity across the models described earlier since they had different vocabularies (due to
the difference in corpus size). We therefore trained three new
RNN LMs on the 2M words Wikipedia corpus, using three
number of words in each region (2.96 for the critical region).

hyperparameter combinations suggested by the PyTorch developers (see Table 1). All training details were as before.
As expected, larger models obtained better (lower) perplexity. We derived surprisal estimates from all three models for the Grodner et al. NP/S materials. Despite the large
change in linguistic accuracy (a 24% reduction in perplexity) across the models, there was not a correspondingly large
change in the RT predictions (Figure 3). In fact, the mean
NP/S garden path effect estimate of the most accurate model
was numerically further from the human garden path effect
than the least accurate model, though RT predictions are very
similar across the models. While we acknowledge that even
a 24% increase over a 6 ms difference is likely to be difficult to detect with a small number of items, we provisionally
conclude that there is no evidence that the linear relationship
that Goodkind and Bicknell (2018) found between linguistic
accuracy and fit to psycholinguistic reading times extends to
syntactically complex sentences.

Reading time predictions across the sentence
We have so far focused exclusively on the disambiguating region. We now briefly explore whether surprisal from our LMs

Model
Small
Medium
Large

Layers

Units

Dropout

Perplexity

1
2
2

200
650
1500

0.2
0.5
0.65

666.17
570.66
508.44

Table 1: RNN LMs evaluated in Figure 3. The Units column
indicates the number of units in each layer. Perplexity was
calculated on the Grodner et al. (2003) sentences.
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biguous condition, which the models capture by predicting
some surprisal for the additional word. As mentioned earlier, the garden path effect observed by Sturt et al. is much
greater than that reported by Grodner et al. (likely due to the
region-level presentation), but all the models do correctly predicted a significant effect in this region. In the final region, the
conditions are again identical, but the humans exhibit much
slower reading in the ambiguous condition. Only the categorial grammar LM predicted significantly slower NP/S reading
in the region, but all models except the 90M-word RNN predicted significantly slower NP/Z reading in the final region.
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Figure 3: Effect of RNN hyperparameters (see Table 1) on
reading time predictions for NP/S sentences.
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Figure 4: NP/S LM reading time predictions (surprisal converted to milliseconds); self-paced RT differences reported by
Sturt et al. (1999) are plotted with a dashed line.

captures the reading patterns in the other regions of NP/S and
NP/Z sentences. Grodner et al. (2003) did not report RTs for
words after the disambiguating region, so for this analysis, we
used the region-level self-paced RTs reported by Sturt et al.
(1999), despite the caveats mentioned above. We focused on
NP/S sentences because the immense NP/Z garden path effect
reported by Sturt et al. (1999) distorted the scale of the graph,
making interpretation difficult. We subtracted unambiguous
NP/S RTs from ambiguous NP/S RTs and analyzed the region
level differences between those conditions (see Figure 4).
In the first region, the two conditions are identical, so the
models did not predict any difference between the conditions;
likewise, Sturt et al. reported no significant difference. In the
second region, reading was significantly slower in the unambiguous condition; most of our models were able to capture
this pattern.10 Sturt et al. speculated that the slower reading in
this region may be driven by the additional that in the unam10 The lone exception is the WSJ LSTM which predicted a nonsignificant mean effect of -1 ms in the second region.

Classic explanations of disambiguation difficulty in temporarily ambiguous sentences have invoked special syntactic repair and reanalysis mechanisms. Surprisal theory raises
the possibility that the elevated reading times at the disambiguating words are due to the low conditional probability
(high surprisal) of those words in context. We have tested
this hypothesis for two types of temporary syntactic ambiguities, NP/S and NP/Z, using two computational frameworks
for estimating the conditional probability of words: grammarbased language models (LMs), estimated from collections of
parse trees, and recurrent neural network (RNN) LMs, which
are not explicitly constructed to represent syntax.
The best models in both classes correctly predicted that
reading should be slower in the critical disambiguating region
of ambiguous sentences compared to matched unambiguous
sentences. Crucially, however, the predicted difference between the ambiguous and unambiguous sentences was on the
same order of magnitude for the two types of ambiguities
(NP/S and NP/Z). This conflicts with the empirical reading
time effects, which are more pronounced in NP/Z than NP/S.
In addition to examining the qualitative pattern of predicted
surprisal, we derived quantitative reading time predictions.
We reasoned that if syntactic disambiguation difficulty is due
to word predictability, we can estimate the reading slowdown
caused by each bit of surprisal from reading times measured
on sentences outside of the experimental materials. Since we
did not have the full reading time data from the experiments
we modeled (Grodner et al., 2003; Sturt et al., 1999), we derived our estimate from a reading-time corpus study (Smith
& Levy, 2013). Based on this estimate, we found that even
our best models underestimated the NP/S effect by a factor
of more than two (a predicted 6-7 ms slowdown compared
to the empirical 17 ms, although the estimate of 6-7 ms is
within the errors bars for the effects). Surprisal from the LMs
underestimated the NP/Z effect by a much larger factor.
It is certainly possible that surprisal had a larger effect per
bit in the experiments we modeled than in the Smith and Levy
(2013) reading time corpus; for example, the higher proportion of syntactically complex sentences could have caused
participants to read more slowly overall. If the true slowdown
per bit of surprisal was indeed higher than our estimate, the
predictions made by our best LMs for the NP/S case could get
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closer to the empirical effect size, and the NP/S disambiguation effect could indeed reduce to word predictability.
This would not be sufficient for the NP/Z ambiguity, however; for surprisal to account for both this case and the NP/S
case, a LM would need to make dramatically different predictions from the ones that our best LMs made. Given the
high linguistic accuracy of contemporary RNN LMs, it is
more likely that surprisal alone simply cannot account for
NP/Z disambiguation difficulty; an additional mechanism is
required, perhaps along the lines of the special syntactic reanalysis mechanisms proposed in Fodor and Ferreira (1998)
(see also Sturt et al., 1999). It is of course possible that any
such additional syntactic mechanisms are at play in NP/S disambiguation as well, but have a less dramatic effect.
Frank and Christiansen (2018) hypothesized that explicit
hierarchical syntax and the associated parsing algorithms may
not be necessary for modeling sentence processing. The
present findings provide partial support for their hypothesis,
in that reading times in syntactically ambiguous sentences
were predicted comparably by grammar-based and neural
LMs.11 Importantly, our results should not be taken to suggest that the RNN LMs do not induce hierarchical syntactic representations—given that the phenomena they need to
model are hierarchical, and given that their linguistic accuracy in practice is high, it is very likely that they do acquire
hierarchical representations, although those representations
may be imperfect (Linzen et al., 2016). Our results only indicate that such representations do not need to be built into the
architecture of the neural network, and do not need to be presented to the network during training, to obtain comparable
predictions to grammar-based models. It remains to be seen
if the additional syntactic repair mechanisms that appear to be
necessary to account for NP/Z disambiguation difficulty can
be expressed in a neural network, or whether they require an
explicit syntactic representation (Sturt et al., 1999).
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Abstract
Explanations often highlight inductively rich relationships that
support further generalizations: learning that the knife is sharp
because it is for cutting, we correspondingly infer that other things
for cutting might also be sharp. When do children appreciate that
explanations are good guides to generalization? We report a study in
which 108 4- to 7-year-old children evaluated mechanistic,
functional, and categorical explanations for the properties of objects,
and subsequently generalized those properties to novel objects on
the basis of shared mechanisms, functions, or category membership.
Older children, but not younger children, were significantly more
likely to generalize when the explanation they had received matched
the subsequent basis for generalization (e.g., generalizing on the
basis of a shared mechanism after hearing a mechanistic
explanation). These findings shed light on how explanation and
generalization are coordinated over development, as well as the role
of explanations in young children’s learning.
Keywords: explanation, generalization, inductive inference,
prediction, mechanistic, functional, teleological, categorical, formal

A fidget spinner is an object with a ball bearing that allows
it to spin with the flick of a finger, helping the user to relieve
nervous energy. For a child encountering this object and its
properties for the first time, the task of generalizing from a
single example is fraught with peril. For starters, there are
multiple relationships to consider: a mechanistic relationship
between having a ball bearing and spinning, a functional
relationship between spinning and relieving nervous energy,
and a categorical (or “formal”) relationship between some of
these properties and the category membership of the object.
Each of these relationships has the potential to support
generalizations to new objects. For instance, other objects
might spin in a similar way because they have ball bearings
(the mechanistic relationship), because they are for relieving
nervous energy (the functional relationship), or because they
are fidget spinners (the categorical relationship). How do
children navigate this space of possibilities?
In the current paper, we test the hypothesis that explanations
help children generalize from known to novel cases by
highlighting some relationships as more inductively powerful
than others. Specifically, the child who learns that the object
spins “because it has a ball bearing” might be more inclined
to generalize the property of spinning on the basis of the
mechanistic relationship than the child who learns that it
spins “because it is a fidget spinner,” no matter that both
children know that all three relationships (mechanistic,
functional, and categorical) in fact hold for the object being
explained.
This example suggests that when we explain, we do more
than identify true claims that happen to be valid in a
particular case: we highlight generalizable patterns that can
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be extended beyond the particular observation being
explained. Indeed, this idea has motivated accounts of
explanation in both philosophy and psychology (Heider,
1958; Quine & Ullian, 1970). According to the “Explanation
for Export” proposal developed in Lombrozo and Carey
(2006), explanations serve the cognitive function of
supporting generalization beyond the specific case being
explained. Indeed, empirical work with adults supports the
idea that explanations guide generalization. Sloman (1994)
found that whether adults generalize properties from known
to novel cases depends on how they explain the presence of
those properties. For instance, participants gave a high rating
to the claim that “secretaries have a hard time financing a
house” given that “furniture movers have a hard time
financing a house” because both claims support the same
explanation: low wages. Ratings were lower when the claims
involved different explanations – for instance, “secretaries
have bad backs” (from sedentary work) given that “furniture
movers have bad backs” (from heavy lifting).
Along this line, Vasilyeva and Coley (2013) found that an
individual’s explanation for a property predicted subsequent
generalizations of that property, with the additional finding
that different types of explanations corresponded to different
types of generalizations. In their study, participants were
prompted to generalize the properties of living things (e.g., if
substance B6 is found in ducks, what else is likely to have
substance B6?). In doing so, participants often generated
spontaneous explanations for why the property held. When
participants generated category-based explanations (e.g.,
ducks have it because “it’s a bird thing”) or functional
explanations (e.g., because “it protects them from the cold”),
they tended to project the property to targets related
categorically rather than ecologically (e.g., to “other birds”
rather than “their predators”). However, this tendency was
flipped for mechanistic explanations (e.g., “they got it from
their food”). In an experimental task, Lombrozo and Gwynne
(2014) found that participants who received an explanation
that was either mechanistic or functional tended to favor
subsequent generalizations that preserved the kind of
relationship featured in the explanation.
A recent study by Vasilyeva, Wilkenfeld, and Lombrozo
(2017) illustrates the reverse direction of influence: the types
of generalizations that participants anticipated making
affected their evaluations of explanations. Participants were
led to expect that they would make later inferences about the
presence or absence of a target property based on information
about causal mechanisms, functions, or category
membership. This manipulation in turn affected how highly
participants rated mechanistic, functional, and categorical
explanations, respectively, suggesting that participants

favored explanations based on the kind of generalization that
would support their subsequent judgments.
Although there is good evidence that adults can use
explanations of different types to guide generalization, it is
unclear when this ability emerges and how it develops. Do
young children coordinate explanations and generalizations
from the moment they appreciate the distinctions between
different kinds of explanations? Or is this an ability that
develops more gradually, as children learn that explanations
are related to inductive potential? In the current paper, we
investigate whether 4- to 7-year-old children are more likely
to generalize a property on the basis of a given feature (a
causal mechanism, function, or category membership) after
they previously heard an explanation underwritten by a
generalization congruent with that feature (i.e., mechanistic,
functional, or categorical).
Examining how the coordination between explanation and
generalization develops is important because it offers insights
into one of the most basic questions in cognitive
development: how children learn so much from limited input.
Specifically, how do children constrain the range of
hypotheses they entertain when generalizing from the known
to the unknown? Receiving explanations from adults or peers
could be one source of constraint, directing children to the
generalizations that are most likely to be useful. Indeed, a
large literature suggests that seeking, generating, and
receiving explanations is a powerful basis for learning (e.g.,
Chi, de Leeuw, Chiu, & LaVancher, 1994; see Lombrozo,
2012 and Wellman, 2011, for reviews). The link between
explanations and inductive potential could be one reason
explanation has such powerful effects.

The development of explanation and generalization
Children’s early explanatory sophistication suggests that
the coordination between explanation and generalization
could be in place by age 4 or 5. Children as young as 2 years
of age provide and seek explanations (Callanan & Oakes,
1992; Hickling & Wellman, 2001), and they begin to
differentiate explanations from non-explanations by age 3
(Frazier, Gelman, & Wellman, 2009). There is also evidence
that explanation is coordinated with other representations and
judgments from an early age. Three- to 4-year-olds invoke
domain-appropriate mechanisms in their explanations, for
example explaining biological phenomena by appeal to
biological factors (Hickling & Wellman, 2001; Inagaki &
Hatano, 2002; Schult & Wellman, 1997).
Prior work also suggests that young children differentiate
between different types of explanations (mechanistic,
functional, and categorical). By age 4, children request
explanations of different types in different domains (Greif,
Kemler Nelson, Keil, & Gutierrez, 2006), successfully
generalize the form of an explanation (i.e., mechanistic
versus functional) to novel cases (Lombrozo, Bonawitz, &
Scalise, 2018), and appreciate when formal (categorical)
explanations are appropriate (Haward, Wagner, Carey, &
Prasada, In Prep). There is also evidence that through grade
school, children favor functional over mechanistic
explanations (Kelemen, 1999; Kelemen & DiYanni, 2005;
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but see Keil, 1994, 1996; Lombrozo, Bonawitz, & Scalise,
2018).
Finally, there is a great deal of evidence demonstrating that
receiving and generating explanations can affect learning and
subsequent inferences (e.g., Wellman & Lagattuta, 2004;
Walker, Lombrozo, Legare, & Gopnik, 2014; Walker,
Lombrozo, Williams, Rafferty, & Gopnik, 2017). Repeatedly
prompting 3-year-old children to explain a character’s
behavior in a false-belief vignette, for example, can
accelerate their understanding of theory of mind (e.g.,
Amsterlaw & Wellman, 2006). As another example, Walker
et al. (2014) found that prompting 3- to 5-year-old children to
explain why objects made a machine go led them to privilege
invisible properties and category membership, as opposed to
appearance, as a basis for subsequently generalizing a causal
property.
Despite this evidence of explanatory sophistication in the
preschool years, a handful of findings suggest that
explanation is somewhat quarantined from prediction, at least
until age 4. Specifically, several studies have found an
“explanation advantage,” such that successful explanation
precedes accurate prediction. For instance, children are able
to explain why someone did not choose to eat a contaminated
food before they can predict the same event (Amsterlaw &
Wellman, 2006; Bartsch & Wellman, 1989; Legare,
Wellman, & Gelman, 2009). Wellman (2011) explains this
progression in terms of the difference between postdiction
and prediction: in the former case an additional piece of
information (the actual outcome) is known. As a form of
postdiction, explanation could involve a lower cognitive
burden and serve as a stepping stone to later prediction.
By age 8, children are capable of generating sophisticated
and context-appropriate explanations and predictions, but
they do not yet show adult-like coordination between
explanations and generalization. For example, one child in
Vasilyeva and Coley (In Prep) explained why a zebra and
savannah grass are both “sick” with the same disease by
appeal to causal transmission from grass to zebra: “because it
eats grass.” Yet when asked what else might be sick with the
same disease, the child relied on a completely independent
basis for generalization, saying “a werewolf, because both
zebras and werewolves have a tail.” (Admittedly, this was a
demanding paradigm that required children to generate their
own explanations and predictions from prior domain
knowledge, so it could be that task demands masked existing
competence.)
Summing up this research, there are good reasons to expect
that even young children can effectively learn from
explanations, suggesting some level of coordination between
explanation and subsequent generalizations. At the same
time, the coordination of explanation and prediction is
tenuous at age 4 (as reflected in the “explanation advantage”
and other evidence of explanation-prediction asymmetries,
see Nancekivell & Friedman, 2017), and still fragile at age 8
(Vasilyeva & Coley, in prep). In the present study, we thus
focused on 4- to 7-year-olds as an age range during which we
might expect to see developmental change in the
coordination of explanation and generalization.

Experiment
The goal of this study was to investigate when and how
children begin to use explanations as a guide to subsequent
generalizations. Children evaluated a mechanistic, functional,
or categorical explanation for the property of a novel object,
and then guessed whether that property would generalize to a
hidden object, knowing only that it shared a mechanism,
function, or category membership with the initial object.
The main manipulation concerned the “congruence”
between the explanation that was presented, on the one hand,
and the feature that was shared by the two objects, on the
other. On congruent trials, the same feature that was invoked
in the explanation of the property was shared by both objects.
For example, a participant might hear a mechanistic
explanation (e.g., “Why is it sticky? It is sticky because it has
a special tape on one side”), and then be presented with a
hidden object sharing the same mechanism invoked in the
explanation (“it has a special tape on one side…do you think
it is sticky?”). On incongruent trials, the explanation
mentioned one feature (e.g., mechanistic, “because it has a
special tape”), but the hidden object shared a different feature
(e.g., functional, “it can pick up marbles”).
We tested children aged 4 to 7, with the expectation that
with age children would become increasingly likely to use
explanations to guide subsequent generalizations, as reflected
in higher generalization ratings on congruent versus
incongruent trials. The study design also allowed us to
examine whether effective coordination depends on the type
of explanatory relationship involved (i.e., mechanistic,
functional, or categorical). Coordination might emerge earlier
for the kinds of relationships that are most widely applicable
(arguably mechanistic), for those that figure in favored kinds
of explanations (arguably functional; Kelemen, 1999, 2005),
or for those that dominate children’s early generalizations
(arguably categorical; Coley, 2012).

why-question about the middle feature in the causal chain
(e.g., “Why is it sticky?”), addressing a puppet on a laptop
screen. In a short video clip, the puppet provided an
explanation. The child was then asked to evaluate the
explanation using a two-step, four-point thumb scale ranging
from “really bad” to “really good.” After the explanationevaluation, the experimenter repeated the explanation and
removed all the pictures from the table.
In the generalization phase, the experimenter presented a
closed box tied with a ribbon. On top of the box was a
transparent pocket with a face-down card representing an
object feature. The experimenter then said that Julia (another
puppet) wanted to know if the object in the box had a certain
feature (always the middle feature from the causal chain, e.g.,
being “sticky”). The experimenter stated that she did not
know the answer, but that they could check what the box
said. The experimenter flipped the card on top of the box to
reveal a picture representing one of the features (either a
mechanism, function, or category membership feature), and
asked the child to make a guess (“Do you think it is sticky or
not sticky?”). This was followed by a further rating (“For
sure [sticky / not sticky], or maybe [sticky / not sticky]”?) to
obtain a 4-point rating. Then the box was removed, and the
experimenter moved on to the next trial.
Table 1. Sample script from an incongruent trial (mechanistic
explanation, function-based generalization). Arrows were not presented.
Learning phase:

Method
Participants We recruited 54 4- and 5-year-olds (mean age 5
years 2 months; range 4.00-5.98 yrs) and 54 6- and 7-year-olds
(mean age 6 years 11 months; range 6.00-7.96 yrs) from local
museums and preschools. Data from an additional eight
children were not included due to a failure of video-recording
equipment (six children) or experimental error (two
children).
Materials, Design and Procedure
Each participant completed three trials. Each trial involved
a learning phase, an explanation phase, and a generalization
phase (see Table 1).
In the learning phase, the experimenter introduced a novel
type of object (base object; e.g., a “dax”) and presented three
features in the form of a causal chain (e.g., has special tape
on one side à is sticky à can pick up marbles). Each object
and each feature was represented with a color illustration
printed on a laminated card; the feature cards were laid out
one by one, illustrating each feature as it was introduced. The
causal chain was then repeated once.
In the explanation phase, the experimenter laid out a blackand-white silhouette of the same type of object, and asked a
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Explanation phase:
Here’s one. Why is it sticky? Let’s ask my friend Mike. Mike
sometimes says things that are smart, and sometimes says things
that are silly. Let’s see what Mike thinks! Mike, why is this sticky?

Mike says it is sticky
because it has special tape
on one side.
[Explanation rating]
What do you think about Mike’s explanation?
Is it a good explanation or is it a bad explanation?
Is it really [good/bad] or is it kinda [good/bad]?
Ok, remember, Mike said it is sticky because it has special tape on one side.

Generalization phase:
Now, There is something in this box. Julia wants to know if it
is sticky. I don’t know. But let’s see what the box says.
[Experimenter flips the label on top]. It says that it can pick
up marbles.
[Generalization rating] Do you think it is sticky or not
sticky? Is it for sure (not) sticky or maybe (not) sticky?

Table 2. Mechanistic, functional, and categorical explanations.
WhyQuestion
Why is this
sticky?

Mechanistic
explanation
Because it has special
tape on one side.

Functional
explanation
Because that way it’s
easy to pick up marbles.

Categorical
explanation
Because it is a
dax.

Why does
this glow
in the dark?
Why is this
bouncy?

Because it is covered
with special paint.

Because that way it’s
easy to spot it at night.

Because it is a
zark.

Because it has a
spring on one side.

Because that way it can
go higher.

Because it is a
wug.

Trials varied in the object introduced in the learning phase,
in the explanations offered in the explanation phase, and in
the generalizations solicited in the generalization phase. The
explanations were either mechanistic (citing the preceding
feature in the causal chain), functional (citing the final
feature in the causal chain), or categorical (citing category
membership). Across trials, each participant evaluated one
explanation of each type.
The solicited generalizations were based on a shared
mechanism feature, function feature, or category membership
feature, and they were coded as either “congruent” (on one
trial) or “incongruent” (on two trials). On congruent trials,
the generalization target and the base object shared the same
feature that was invoked in the preceding explanation. For
instance, if a functional explanation was offered in the
explanation phase, a congruent generalization trial would
involve generalizing from the presence of the function
feature. On the remaining two trials, participants were
presented with “incongruent generalization” tasks, combining
an explanation of one type and a generalization task of a
different type (e.g., mechanism-based generalization
following a categorical explanation).
The pairing between the three objects, three explanation
types, and three generalization types was counterbalanced
using a Latin square design, producing nine unique conditions.
Across participants, each explanation type was thus paired
with each object and with each generalization type.

Results
Children’s explanation ratings were recoded onto a fourpoint scale (corresponding to “really bad,” “kind of bad,”
“kind of good,” and “really good”). The generalization
ratings were also recoded onto a four-point scale
(corresponding to “for sure does not have,” “maybe does not
have,” “maybe has,” and “for sure has” the target property).
Explanation evaluation. A 2 (age group: younger, older)
x 3 (explanation type: mechanistic, functional, categorical)
mixed ANOVA on explanation evaluation ratings revealed a
main effect of age group, F(1,105)=13.00, p<.001, η =.110:
younger children gave higher ratings (M=3.45) than older
children (M=3.06). There was also a main effect of
explanation type, F(2,210)=22.08, p<.001, η =.174:
mechanistic explanations (M=3.56) were rated higher than
functional explanations (M=3.33, p=.027), which were rated
higher than categorical explanations (M=2.88, p<.001; causal

Figure 1: Mean explanation evaluation ratings as a function of explanation
type and age group. Error bars correspond to 1 SEM; *p < . 05.

vs. categorical p<.001). However, these effects were qualified
by a significant interaction (see Figure 1), F(2,210)=4.23,
p=.016, η =.039. Older children differentiated among all
three explanation types, rating mechanistic explanations
higher than functional (p=.033), and functional higher than
categorical (p<.001). Younger children rated mechanistic
explanations higher than categorical (p=.009), but their
ratings of functional explanations did not differ from either
mechanistic (p=.112) or categorical explanations (p=.316).
Additional one-sample t-tests showed that both age groups
rated all explanations above the scale midpoint (all p’s>.001),
except the older children’s ratings of categorical explanations
(M=2.5, p>.999).
Property generalization. Collapsing across the initial
explanations, a 2 (age group: younger, older) x 3
(generalization type: cause-based, function-based, categorybased) mixed ANOVA on generalization ratings revealed no
significant effects. This suggests that the stimuli were wellmatched across generalization types, providing an even
playing field on top of which the preceding explanations
might exert some effect. Additional one-sample t-tests
showed that both age groups rated all generalizations above
the scale midpoint (all ps>.001).
Relationship between explanation and property
generalization. To test for a relationship between rated
explanations and subsequent generalizations, we first
examined whether generalization ratings were reliably higher
for congruent trials relative to incongruent trials.
Generalization ratings were first analyzed in a 2
(congruence: congruent trial, incongruent trial) x 2 (age group:
younger, older) mixed ANOVA. The analysis revealed a main
effect of congruence, F(1,106)=9.87, p=.002, η =.085, with
higher generalization ratings on congruent trials (M=3.63) than
2
p

2
p

1

2
p

2
p

1
Due to an experimental error or audio/video equipment failure,
data from one explanation trial and four generalization trials were
lost (from two younger and two older children). For a given
analysis, participants with any missing data were excluded.
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Figure 2: Mean generalization ratings as a function of congruence and
age group. Error bars correspond to 1 SEM; *p < .05.

as “high quality” if an explanation received the highest
possible rating of 4, and as “low quality” otherwise. Older
children were significantly more likely to generalize on
congruent trials if they rated the preceding explanation as
“high quality” than “low quality” (M =3.83, M =3.48,
t(49.26)=2.34, p=.023, Cohen’s d=.62). In contrast, the
younger group showed no relationship between their ratings
of explanation quality and subsequent generalizations
(M =3.61, M =3.75, t(52)=-.66, p=.515).
high

*p < .05

Figure 3. Mean generalization ratings as a function of age group,
congruence, and generalization type. Error bars correspond to 1 SEM.

on incongruent trials (M=3.44). This effect was qualified by a
marginal interaction with age group, F(1,106)=3.78, p=.054,
η =.034. Planned contrasts revealed a developmental change in
the relationship between explanation and generalization: the
older children rated congruent generalizations significantly
higher than incongruent generalizations, p<.001; the younger
children did not show a significant effect of congruence,
p=.399 (see Figure 2).
To evaluate whether some kinds of explanations fostered
congruent generalizations more effectively than others (or
equivalently, whether some kinds of generalizations were more
susceptible to the effect of a congruent explanation), we
conducted three 2 (congruence: congruent, incongruent) x 2
(age group: younger, older) ANOVAs, one for each kind of
generalization (mechanism-, function-, or category-based; see
Figure 3).
Mechanism-based generalization was affected by
congruence, F(1,102)=4.57, p=.035, η =.043; this effect was
qualified by a marginal interaction with age, F(1,102)=3.77,
p=.055, η =.036. The older children (p=.003), but not the
younger children (p=.809), favored congruent generalizations.
Function-based generalization was likewise influenced by
congruence, F(1,101)=5.32, p=.023, η =.050. Although the
interaction with age was not significant, F(1,101)=.64,
p=.426, we conducted planned pairwise comparisons; again,
only the older children showed a significant effect of
congruence (p =.029, p =.293).
Category-based generalization was not affected by
congruence or by age group, all ps≥.567. Finally, the main
effect of age group was not significant in any of the analyses
reported in this section, ps ≥.125.
Effects of explanation quality. The preceding analyses
suggest that for older children, congruent explanations indeed
guide subsequent generalization. We next investigated
whether this effect was moderated by the perceived quality of
the rated explanation. That is, were children more likely to
generalize a property on the basis of some feature when they
found an explanation that appealed to that feature good
versus bad? For this analysis, we recoded explanation ratings
p
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2
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young

2

2
We originally intended to perform a median split of explanation
ratings, but the median for both age groups was 4, so we used the
next closest split between ratings of 3 and 4. Splitting the scale in
the middle (between 2 and 3) produced the same pattern of results,
but also resulted in highly uneven group sizes (8 vs. 46, 14 vs. 40),
making the statistical tests less reliable.
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Discussion
The primary aim of this study was to document the
emergence of coordination between explanation and
generalization. We found that by age 6-7, children were
significantly more likely to generalize a property on the basis
of some feature if they had previously heard an explanation
for that property appealing to the same feature. Moreover, the
effect of the explanation was greater for children who judged
it to be a good explanation. Neither of these effects was
found for children aged 4-5.
We also found a developmental shift in how strongly
children differentiated explanations of different kinds. While
6- and 7-year olds reliably favored mechanistic explanations
over functional explanations, and functional explanations
over categorical explanations, the preferences of 4- and 5year-olds were less robust.
We also found potential differences in the relationship
between explanation and generalization depending on the
type of relationship involved. By age 6-7, mechanistic and
functional explanations reliably boosted congruent
generalizations, but there was no such relationship between
categorical explanation and category-based generalization.
The latter is surprising given evidence that young children
readily engage in category-based inference when category
labels are provided (Gelman & Coley, 1990), and that adults
can successfully coordinate categorical explanations and
generalizations (Vasilyeva & Coley, 2013; Vasilyeva,
Wilkenfeld, & Lombrozo, 2017). Along with the finding that
older children’s coordination between explanation and
generalization was moderated by perceived explanation
quality, the moderating effect of explanation type speaks
against the idea that children were simply following a lowlevel strategy of providing higher ratings when a
generalization “matched” what came before.
Our findings prompt a variety of follow-up questions.
What changes between ages 4-5 and 6-7, such that we see
greater coordination between explanation and generalization
alongside greater differentiation between different types of
explanations? Are we right to suggest that congruent
explanations promote generalization, or could it be that
incongruent explanations suppress generalization?
Another open question concerns the role of pedagogy in
our task. Rather than presenting children with an explanation
from an authoritative source, children in our study were
presented with an explanation from a puppet who
“sometimes says things that are silly,” and they were then
asked to evaluate the explanation themselves. It is plausible
that presenting an expert explanation in a pedagogical
context would have a stronger effect on subsequent

generalizations. It’s also possible that such explanations
would not only encourage some generalizations, but actively
restrict others, much like pedagogical demonstrations can
discourage children from more open-ended exploration
(Bonawitz, Shafto, Gweon, Spelke, & Goodman, 2011). This
could be the “dark side” of explanation’s positive inductive
role: by encouraging learners to favor some inductive
hypotheses over others, an explanation could restrict some
forms of exploration or inference (see also Legare, 2012).
In sum, our findings capture an important developmental
transition: from generalization unconstrained by explanation,
to generalization guided by it. As children master the
coordination of explanation and generalization, they can
benefit from the advantages enjoyed by adults, including the
ability to effectively constrain a range of inductive
hypotheses to the most relevant and plausible subset, and to
generate flexible inferences from the same observation
depending on one’s context (Vasilyeva & Coley, 2013) and
goals (Vasilyeva, Wilkenfeld, & Lombrozo, 2017). At the
same time, greater constraint does not come without costs –
children could lose some of the advantages of unconstrained
exploration and an undifferentiated hypothesis space. To
borrow a metaphor from computer science, explanation could
guide the transition from “low-temperature search” to “hightemperature search” (Gopnik, Griffiths, & Lucas, 2015),
driven by a growing appreciation for the high inductive
potential of the relationships that good explanations extract
from the world.
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Abstract
Behavioral studies often warrant the inclusion of computational participants in addition to humans. However, connecting computational cognitive or AI frameworks to GUI-based
software developed for human use is extremely difficult. This
results in researchers either (1) diving into software code to
append an API for computational participants, (2) developing
two separate versions of task code – one for human and one for
computational participants, (3) cherry-picking research tasks
that already include both a GUI and an API, or (4) finding a
way to publish the research “as is” without the potentially useful results from running simulated participants on task. The
seemingly minor nuisance of the API-GUI dichotomy in today’s world of software development is, in fact, responsible
for reduction in scientific progress. This work proposes a
functional-essence approach to software development, and the
use of STAP (Simple Task-Actor Protocol) as a standard UI
interaction language, for overcoming the API-GUI dichotomy
and enabling access to the same software for both human and
computational participants. We envision the adaptation of the
proposed methodology to enable selection of off-the-shelf behavioral tasks, decorative templates, and cognitive/AI frameworks for a more efficient path to research results.
Keywords: behavior research methods; simulations; cognitive
modeling; synthetic users; simulated humans; standards

Introduction
Cognitive Science research often warrants the inclusion of
both human and computationally simulated participants in the
same experiments. Computational participants may be necessary in behavioral studies for deriving baseline performances
or behavioral predictions, for model comparison, or for performance evaluation. Simulated human users may also be required in multi-user tasks and multi-player games, especially
where adding human participats becomes prohibitively expenses. Similarly, in studies focused on AI development, human users may be required for establishing or validating behavioral predictions, functional Turing testing1 , performance
evaluation, and to participate as teammates/adversaries/filler
in multi-agent scenarios. Research efforts in fields involving
human-computer interaction – decision aids, education and
training aids, automation, and human-agent teaming, among
others – all warrant the ability for computational agent access
to human user interfaces.
Providing access for computational agents to task software
that was designed for human participants is often a complicated process. The status quo is either (1) to develop two

separate versions of a given task – one for human participants and another for computational ones, or (2) to develop
two separate interfaces to the task – a GUI (graphical user
interface) for human participants and an API (application
programming interface) for computational ones. Oftentimes
software development is interface-centric to such a degree
that it makes more sense to go with the first of these options.
However, even in the case
where both GUI and API access is available for the same
underlying task logic, the two
interfaces often provide dissimilar experiences for human
and computational users, which can be detrimental to the very
purposes of providing access to both user types.
To make matters worse, enabling machine access to a task
is often a one-off process. That is, there is no standard means
through which a computational user may connect to humancentric software. Most task-software APIs are unique, and
connecting a computational agent to ten different tasks often
requires ten separate and non-trivial software development efforts. If a research effort requires connecting three different
agent frameworks to these ten tasks (e.g. for model comparison), the effort is further tripled.
The seemingly minor nuisances of the API-GUI dichotomy
and of dealing with varied and often idiosyncratic task interfaces has become a major limiting factor for progress in behavioral research. A given empirical study may benefit from
a complementary computational simulation, but the benefits
often do not merit the effort needed to try and connect a cognitive or behavioral simulation framework to the software used
in the human study. In another case, a new computational
model of cognitive processes may benefit from evaluation
across a wide variety of task software where behavioral data
are known and prior modeling results exist, but the development effort needed to parse each task interface (or to redevelop each task for the purposes of having access to their
interfaces) is prohibitive. The development effort needed for
1
Whereas the traditional Turing test is an evaluation of confusion between human and computational participants in the context
of verbal communication, functional Turing testing is more general
in that it examines human/computer confusability in any domain of
interest.
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exhaustive model comparison across a battery of behavioral
tasks is almost always prohibitive, as is the effort needed to
evaluate a decision aid or a cognitive training dummy or any
agent software. Lowering the bar to entry for connecting
computational agent frameworks to a battery of behavioral
software – the same software that is employed in human studies – would enable a better quality of research.
The goal of the current work is to enable plug-and-play interconnectivity between the task software employed in human
studies and varying computational agent and behavioral/cognitive modeling frameworks. We will refer to this goal as
generalized task access.
In this paper we describe a functional-essence approach to
task development as a necessary component for enabling generalized task access, outlining the benefits of the proposed
approach for enabling symmetric human and computational
user access across tasks. We describe the pluses and minuses of some existing methodologies for generalized task
access. Finally we propose use of the Simple Task-Actor Protocol (STAP) as a standard API that adheres to the functionalessence approach and enables generalized task access.

A functional-essence approach to task
development
Oftentimes spacing, layout, button styles, font types, sizes,
colors, and other visual aspects of the graphical user interface (GUI) are tangential to the purpose of the task being performed. For example, in a simple addition task the participant
may be presented with two numbers and required to type the
sum of those two numbers in a textbox and click a “Submit”
button. The style of the “Submit” button, the font style, background color, and spacing are all arbitrary choices from the
perspective of users participating in this task. As long as all
aspects are clearly visible to the participant, the functional
essence of the task is preserved regardless of whether the
numbers are displayed in “Times”, “Tahoma”, or “Courier”.
There is, of course, work that may specifically focus on
the differences between “Times”, “Tahoma”, and “Courier”.
However, even in the cases where font-type differences are
central to the research or to task functionality, there may be
many other visual specifications for the GUI (e.g. button
size and color, margin size, button spacing) that are arbitrary
choices from the perspective of task goals.
The problem is that there is no clear separation between
task-essential affordances and arbitrary design choices in either the source code or the display interface of most software
(unfortunately, the use of CSS in HTML is no exception, see
Current approaches to generalized task access section below). Moreover, many programming paradigms force the developer to make arbitrary design choices throughout the development process. Even in the cases where design decisions
aren’t forced on the developer explicitly, these are implicitly
warranted so as to avoid an “ugly” or “dated” look and feel,
as this may give human users the suggestion that the software
is poorly supported and insecure.

This state of UI development is not problematic when designing behavioral study software exclusively for human participants, but it becomes highly limiting when simulated participants are warranted. It is not realistic to expect that behavioral researchers will be developing computational models and agents that are capable of dealing with all of the visual information that human participants are exposed to. Instead, researchers either pick and choose task software that already provides an Application Programming Interface (API),
or develop task software with this capability. An API provides agents with task-essential information without any arbitrary style choices, reducing the noise in the interface and
enabling more robust, generic, useful computational models
and agents.
For example, if the task of interest is a game of chess,
the 8x8 chessboard layout is task-essential, whereas board
size in pixels is not, all ‘white’ pieces being distinguishable via some common feature from ‘black’ pieces is taskessential, whereas whether that distinguishing feature is color
and whether that color happens to be white is not, and so on.
Thus, whereas human data collection may involve human participants interacting via a rich visual display and fancy graphics, behavioral simulation software may interact entirely over
a stripped-down API comprising only figure identifications
and grid locations.
The result of the GUI/API duality is that tasks created
for human participants are not readily accessible to computational participants, and vice versa. In the scenario where
human-accessible tasks have API’s for access by computational models and agents, those API’s often provide human
and computational participants with different information and
capabilities, sometimes hindering computational participants
as compared to their human counterparts, and sometimes giving them an unfair advantage, making it impossible to run a
fair human-model comparison, or to gather correct behavioral
predictions.

Figure 1. API-first approach to task development. This approach focuses on separating out the functional-essence of the
task from the tangential design choices that can be relegated
to the API-to-GUI layer.
We propose a task-development methodology that flips the
GUI-first-API-second process on its head. We propose an
API-first approach, where tasks are developed for interaction with machine participants, and human interaction is enabled via a separate API-to-GUI software layer (see Figure
1). The focus on a machine-readable API serves to separate
out the functional-essence features of the user interface from
non-essential visual design choices. The non-essential design
choices may be appended for human participants via optional
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templates without increasing any noise in the UI for computational participants.
It may be impossible to completely separate out functionally essential interface features from those that are decorative. For example, if the task describes a visual object, and
the color of the object is important, the developer may still be
required to specify object size, even if it is irrelevant to task
goals. It may also be the case that developers disregard the
functional essence doctrine, employing the methodology we
are proposing here in unintended ways. This, however, is not
a reason to abandon the goals being pursued here. More importantly, putting the functional essence approach at the core
of the API and the surrounding technology will serve to push
developers in the intended direction, reducing the noise in the
interface and enabling more robust agent development.
The functional essence API-first concept is similar to a
setup that may be employed in web applications (web-apps)
where server-side scripts execute task logic and pass taskessential information in a standard machine-readable format
(HTML) either to computational participants or to human participants. Human participants in this setup require a separate standard API-to-GUI software layer (the web browser)
to interpret and interact with the HTML-formatted task interface. Additionally, CSS templates may be used to make nonessential visualization choices for human participants, but can
be ignored by the computational participants.
This described web-app setup makes for a good example
to ground the proposed functional-essence approach. To be
clear, however, we are not arguing for HTML and GET/POST
requests as the solution for enabling generalized task access.
HTML focuses more on document formatting than on interactive task functionality, and requires client-side JavaScript
code for many task-types. In short, existing web-app methodology is not compatible with the suggested functional-essence
approach (we will discuss this in more detail in the Current
methods for generalized task access section below).
The proverbial “baby” among the web-app “bathwater” is
the use of a standard API (i.e. W3C standards) and a crossplatform API-to-GUI software layer (i.e. web browsers). The
described API-first approach is only possible if the API is
standardized; otherwise, the API-to-GUI layer must be reimplemented separately for each task. A standardized API provides the additional benefit of lowering the bar of entry for
connecting varying computational model/agent frameworks
to multiple tasks.
In sum, a functional-essence, API-first approach to task
development would enable near-symmetric experience for
human and computational participants. In the cases where
a standard UI interaction language may be employed, a
functional-essence approach could greatly reduce development costs for both GUI and computational model and agent
development. This approach would provide a solution for
generalized task access, and promote a library of tasks that
may be used in a plug-and-play fashion for behavioral research with both human and computational participants.

On a final note, the functional-essence approach is necessary, but not sufficient for generalized task access. The other
necessary component for this blue-sky vision is a standard
API that is generic enough to represent a majority of potentially desired tasks, and simple enough that any research
group could add an interpreter for it within their computational model or agent framework. The following sections describe some ways in which current methodologies for generalized task address, or fail to address these challenges, and
propose the use of Simple Task-Actor Protocol (STAP) as the
API designed specifically to address these challenges.

Current approaches to generalized task access
Screen pixels
The most universal approach for connecting computational
models and agents to GUI-based software is to change nothing in task software, relying on near-future developments
in computer vision for parsing pixel-by-pixel display information. There have, in fact, been many prior attempts
for cross-task agent evaluation that relied on pixel-by-pixel
screen reading, including a PEBL-based cognitive decathlon
(Mueller, 2010) and the Atari game set used to examine
Google’s DeepMind AI (Mnih et al., 2015). In theory, this
seems like the best and only approach for providing a symmetric experience for human and computational users. It may
be even be argued that any imposition of abstraction in the
form of an API could prevent the kind of deep synergy between perception, cognition, and action that might be a key
enabler of the robustness of human behavior.
In practice, however, there are two major problems with
this approach. First, computer vision does not promise
to be good enough in the near future to enable behavioral
researchers to connect computational participants to GUIcentric software in a plug-and-play fashion. At best, we
may see rapid advances in computer vision research that
enable screen-scraping libraries for popular computer languages. However, the integration and customization of computer vision libraries with the models/agents developed for
behavior research will require non-trivial expertise and development efforts.
Second, as we have mentioned in the previous section, the
pixel-by-pixel approach makes no distinction between taskessential and tangential visual information. The lack of such
a distinction will lead researchers to custom-build computational models and agents for the specific idiosyncrasies of a
given interface. The overly task-specific nature of such models and agents will lead to more arduous development, less
generic and less useful results, and brittle simulations that
may fail when faced with UI perturbations as slight as font
changes.

HTML and web-app technology
Web application technology is the golden standard for
machine-readable cross-platform interface interaction specification. Without the need for scraping screen pixels, a com-

2617

putational user can view the same documents as a human user.
These documents are translated into visual format for human users via standard API-to-GUI software (web browsers).
Computational agents are able to parse such documents directly, as these are in machine-readable format.
The web-app technology comprises multiple standards, including HTML (hyper-text markup language) for specifying
document format and interactive elements, CSS (cascading
style sheets) for specifying additional custom style choices,
and JavaScript for specifying additional custom interaction
and content. The more recent version of these standards is
often referred to as HTML5.2
In fact, HTML5 enables much of what we want to accomplish in this paper in providing universal access to human
and machine task participants. First, it is a well-documented,
standard, cross-platform, machine-readable format. Second,
style-sheets (CSS) allow developers to completely separate
visualization choices from actual task logic. Finally, a major
strength of HTML5 is that it enables just about any visualization and event capturing that a task might require. Moreover,
as human experiment participation over the web has become
more prevalent, more and more behavioral research experiment software is already being written in HTML5 format.
An obvious question becomes – why are there no computational modeling and agent frameworks that are able to
connect to and interact with off-the-shelf web-apps? The answer to this question has to do in part with the complexity of
HTML5, and in part with the fact that this technology does
not aid much with the separation of signal and noise in the
interface.
Unfortunately for our purposes, HTML5 is based on
HTML, which, at its root, is not a task-interface standard,
but rather a document-markup standard. That is, HTML is
all about structure and references, in the service of formatting. The addition of JavaScript brought client-side logic,
interactions, and often task-irrelevant visualization choices.
As the web matured to allow in-browser applications, CSS
was added to separate out visualization choices from task
logic, but actual web applications often employ HTML, CSS,
JavaScript, and separate server-side code interchangeably to
accomplish various task-essential functionality and decorative visualizations.
There are myriads of ways to indicate the same information and functionality in HTML5. For example, the
<select multiple> tag gives the participant multiple boolean
choices. The same thing is often accomplished via a series of
<input type=checkbox> tags. These two control types are
functional synonyms – they only differ in how they appear,
not in their function. Whether a developer decides on one
method over another is a matter of taste, rather than a matter
of user affordances.
HTML5 contains many functional synonyms. To make
matters worse, oftentimes web development involves the addition of JavaScript code to provide the same functionality
that may be provided via an existing tag. For example, the

above is often accomplished via a series of <button> tags
with “onclick” attributes that employ JavaScript to change the
style of the <button> when it’s clicked. Oftentimes the class
of the button is changed rather than its style attribute, or a new
class is appended to the list of classes, depending on what the
CSS specifications allow. Oftentimes, it is not a <button>
tag, but an <input> or <div> or <span> tag that is employed
for the same purpose. Sometimes each user choice is immediately sent to the server where task logic resides, sometimes
the user has to click the Submit button for the information to
be sent, and sometimes no information is sent at all because
some or all of task logic is embedded in HTML5. To interact
with this set of boolean choices, and to comprehend that it is
a decision-point in the first place, a computational participant
must be able to account for a virtually infinite set of such programming choices, and to consider other surrounding HTML
tags (e.g. <form>, <div>).
This overabundance of task-development methodologies
makes it very difficult to develop computational cognitive
agents/models that will interact meaningfully across different
web-tasks. To put it plainly, developing a model/agent that
can interact meaningfully with off-the-shelf HTML5 webapps would be a Herculean effort.
Another non-trivial problem is that HTML is bulky (as
compared to protocols such as JSON), and thus it is not a
preferable format for real-time task-to-user display updates.
The GET/POST requests used to send data from user back
to the task in modern web-apps are not efficient for realtime task interactions either. This greatly limits the use of
HTML5 for dynamic simulations and massive faster-thanreal-time parameter searches.
Despite these shortcomings, HTML5 web-app development provides a strong foundation for separation of functional
affordances from tangential visual design choices (e.g. CSS),
using a machine-readable API to interface between task and
users (i.e. HTML), and using widely available API-to-GUI
software (i.e. the web browser) to enable human interactions
with said API.

Generic game playing protocols
There have been several efforts to create standard API’s for
generic game playing (GGP; Thielscher, 2010). For example, GDL (game description language; Thielscher, 2010) describes which moves are legal, which objects an agent ‘sees’,
and what the goals are, but the translation from these descriptions to a graphical display suited for human users seems difficult to achieve. The GDL website includes a visualization
(API-to-GUI layer) for this protocol, though it is not clear
how simple or general it is (http://gamemaster.stanford.edu).
2

We employ the term HTML5 to signify the combination of
HTML, JavaScript, and CSS because this bundle has become a
standard in practical use, but the W3C HTML5 specifications
(https://www.w3.org/TR/html5/) are actually semi-agnostic about
scripting and style languages. The type attribute of the <script>
tag defaults to “text/javascript”, and the type of the <style> tag defaults to “text/css”, but JavaScript and CSS are not actually a part of
official W3C HTML specifications.
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Another API, VGDL (video game description language;
Schaul, 2013) describes a top-down description of a game
grid. VGDL API-to-GUI layer is simple and generic, as it is
based on Pygame (a popular graphics and interactions library
for the Python programming language), and the description
language itself lends itself to direct translation to a graphical
display.
GGP protocols were all developed with the purpose of
computational agent interaction, and thus they all subscribe to
the functional-essence task development methodology. The
major problem with all GGP protocols is that these focus entirely on game-play, and do not consider non-game tasks that
may be of importance to behavioral researchers. For example,
there is no way that a grid-description language like VGDL
can describe a generic form display with buttons, checkboxes,
selectors, and text inputs.
Moreover, these protocols lack a standard means for specifying stylistic choices that is often desired by task developers. Functionally-tangential stylistic choices may be viewed
in theory as excessive frills. In practice, however, design
choices turn out to be extremely important in conveying
standard interaction functionality to human participants (e.g.
clickable links are usually blue and underlined), and in providing users and experiment participants with confidence that
the task software is up to date, bug-free, and secure. In this
sense, the HTML/CSS generic approach and flexibility provides something that GGP protocols tend to lack.

Summary of current limitations to generalized task
access
In the sections above we discuss the limitations of some current approaches to generalized task access for human and machine agents. We highlight pixel-by-pixel screen-scraping,
HTML5 web apps, and Generic Game Play protocols, as
these are among the most successful and well-known approaches in the domain. There exist many other current and
past approaches for enabling human users and various computational agent interactions with task software. These include real-world embodiment (i.e. robotics), virtual-world
embodiment (e.g. Minecraft, Second Life, Unity 3D, Unreal
engine, Gazebo, Visual Robotics Toolkit, OpenAI Gym), and
OS-specific primitive interaction capture routines (e.g., Neth,
Patton, Banas, Schoelles, & Gray, 2008).
Almost all of these approaches are overly generic to the
point that they suffer from the same noisy-display problem
as pixel-scraping. Task-essential information is not distinct
from task-tangential visual noise, which hinders model and
agent development. In the cases where task-essential information may be siphoned via an API, there are often issues
of symmetry between computational and human user experiences (e.g. virtual world API’s provide different information
to human users than they do to computational agents).
There are also many approaches to generalizing task access
that are tied to some specific behavioral simulation software
framework. That is, the task development process is somewhat altered, such that the GUI for human use includes hooks

that translate it for computational users, as long as those computational users are built on top of a specific AI or cognitive
theory and framework. The reason such methodology is not
widely adopted is that tying exploratory research a priori to
a specific theory and system is, at best, inefficient, and, at
worst, it is bad science.
Of the methods discussed, HTML5 and GGP protocols
seem to hold the most promise for generalized task access.
As we mention above, HTML5 is overly generic in its ability
to describe display and interactions, whereas GGP protocols
are not generic enough. However, HTML5 provides a good
example for side-loading task-tangential style information via
CSS and a widespread API-to-GUI software layer (i.e. the
web browser), and the API-first focus of GGP protocols enables the reduction of noise in display. Optimally, to achieve
generalized task access we would like to marry some of the
elements of GGP protocol methodology with those of webapp technology.

Simple Task-Actor Protocol (STAP)
The Simple Task-Actor Protocol (STAP) is a standard format for serializing and communicating task-essential userinterface (UI) changes and user interactions. STAP messages
are consistent regardless of whether the user is a human or
a computational participant. STAP message format is agnostic of the operating system and programming paradigm
employed on either the task-software side or the user/agent software side. The aim of STAP is to address generalized task
access. This section provides a brief introduction to STAP
and some examples of STAP UI interactions (based on the
latest major release, STAP 7.0). The full specifications for
STAP, along with task and agent software sample code, may
be found in the STAP and stapjs github repositories [see the
links at vdv7.github.io/stap].
Much like GGP protocols, STAP aims at the API-first approach, where messages specifying UI changes contain only
task-essential information. Unlike GGP protocols, and much
like HTML, STAP enables the specification of a separate
style-sheet for task-tangential GUI decoration. Also in keeping with HTML, and unlike GGP protocols, STAP enables
specification of standard software UI elements (e.g. buttons,
text inputs, vector graphics). Unlike HTML, STAP UI options are minimal, avoiding functional synonyms where possible, and enabling a clear separation between task logic and
UI functionality.
STAP is meant to maximize the symmetry between human
and computational user experiences, but also to enable experiences that are unique to these two groups of users – faster
than real-time or slower than real-time simulations for computational models and agents, and aesthetic design choices for
human visualization. STAP is meant to be a suitable interface
language for both symbolic and graphics-intensive tasks, allowing for consistent interpretation for both task types. Finally, STAP is meant to be simple, consistent, and easily
parsable by all modern programming languages, such that
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STAP interpretation modules may be added easily, piecemeal
to existing AI and computational cognitive modeling frameworks.
STAP messages adhere to a widely employed standard
called JSON (JavaScript Object Notation; json.org). JSON
is a simple data format that can contain hierarchies and sequences of values. It is likely that all computational model
and agent frameworks will be able to interact with task software via JSON-compliant messages, since almost every modern programming language has core libraries that can serialize to and deserialize from JSON strings.
As an example, our recent work involved connecting three
popular cognitive frameworks to STAP-compliant tasks –
ACT-R (Anderson, 2007; Anderson & Lebiere, 1998), Soar
(Laird, 2012), and PyIBL (Gonzalez & Dutt, 2011; Morrison
& Gonzalez, 2016) examples. These frameworks are developed in LISP, JAVA, and Python, respectively (moreover, the
models written for these systems are often executed on all
three major PC operating systems). All three of these programming languages include libraries for serializing and deserializing JSON messages into native types, making it very
easy to recognize and parse STAP messages.
For human users it is possible to customize any look
and feel features (that do not change the functional-essence
of the task) via optional templates. In the case of the
API-to-GUI software layer in the stapjs github repository
[github.com/vdv7/stapjs], the optional look and feel may be
specified via standard CSS. For example, Figure 2 shows a
sample GUI generated via the same STAP messages (adding
“Hello, World!” text and a container titled “Click a button”
with two buttons), but rendered via three different templates.

Figure 2. Same text and buttons UI rendered via three different templates.

Summary
This paper proposes the functional-essence approach to software development as a necessary component for enabling
symmetric task access for human and computational participants to the same applications. At the core of this approach is the separation of functional affordances necessary
for the software to run in intended ways and arbitrary decorative choices. We argue that the decorative choices sprinkled
throughout the software may serve an important purpose for
human participants, but actually detract from the ability to
connect computational participants to the same software.
Additionally, we suggest the use of the Simple Task-Actor
Protocol (STAP) as a standard UI language that promotes
the functional-essence methodology and enables generalized
task access. Much like web-app technology (i.e. HTML5),

STAP is machine-readable, platform-independent, and enables specification of any GUI elements and functionality
needed for behavioral study software. Unlike web-app technology, and more akin to generic game-playing protocols,
STAP is an API-first approach that focuses entirely on describing functionally-relevant UI properties (though enabling
specification of decorative choices via separate style templates).
We envision that the use of STAP and the functionalessence approach to experimental software development in
behavioral sciences will enable a faster path to more rigorous scientific research. Specifically, we envision a library
of STAP-compliant task software and a library of commonly
used decorative templates for running behavioral experiments
with human users. Furthermore, we envision that major computational cognitive architectures and AI frameworks will include modules for interacting with STAP UI primitives, enabling behavioral scientists to quickly and easily develop
models and agents to interact with the same task software
that human participants (and other models) are able to interact with. Future work includes the development of such modules for ACT-R, Soar, and other major behavioral/cognitive
modeling frameworks, the development of a battery of STAPcompliant behavioral experiments that may be employed to
assess human and computational participants alike, and further improvements to the stapjs API-to-GUI software layer
and templates.
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Abstract
Social groups highlight latent structure in the social world
and support inductive inferences about individuals. In the
present work, we examined children and adults’ intuitions
about shared preferences within social groups. In Exp.1, 3- to
5-year-old children treated preferences as a consistent property
of social groups; that is, children expected members of a social group to like the same toys that other members have liked.
However, they did not treat preferences as diagnostic of social
groups; they did not expect individuals to belong to a group
that shares their preferences. By contrast, in Exp.2, adults
readily treated preferences as both a consistent and diagnostic property of social groups. These results suggest that children’s inferences about social groups are asymmetric: Children readily infer preferences based on group membership, but
not group membership based on preferences.
Keywords: social cognitive development; social categories

Introduction
Categories organize jumbled, noisy experiences into structured, generalizable knowledge. Members of a category tend
to be similar to one another; for instance, the categories
“dogs”, “cars”, and “children” each contain members that
are outwardly similar to one another and share some internal, non-obvious properties (e.g., cars, but not children, run
on fuel; Gelman & Markman, 1986). Beyond picking out
similarities between objects, categories also highlight which
similarities are relevant and embed these similarities within
a causal, conceptual framework (Keil, 1992). Young children
flexibly use categories to make rich inductive inferences from
sparse data (Carey, 2009). For example, if a child learns that
an object called a “blicket” rattles when she shakes it, she’d
expect that another object called a blicket would also rattle
when shaken (Gopnik & Sobel, 2000).
Children have to learn not only about the objects around
them, but also about new people they encounter: What do
other people like? Who is friends with whom? Whom should
I approach, befriend, or trust? If children had to learn about
each new person in isolation, these questions would be difficult to answer. However, the social world is crowded yet
structured; just as categories allow children to learn efficiently about new objects, children also use social groups to
learn about new individuals (Rhodes & Gelman, 2009).
Members of a social group tend to be similar to one another (Billig & Tajfel, 1973). Some social groups are associated with perceptually identifiable properties, such as gender,
race, and language. Prior research suggests that even young
children readily use these cues as a marker for identifying ingroup and out-group members (Finkelstein & Haskins, 1983;
Maccoby & Jacklin, 1987). However, social groups can also

be defined by latent, unobservable properties that are only
revealed through behavior. For example, children tend to befriend children who play the same games as them (Rubin,
Lynch, Coplan, Rose-Krasnor, & Booth, 1994) or who have
similar personalities to them (Erwin, 1985). Recent work
finds that even infants expect agents in the same group to act
alike (Powell & Spelke, 2013).
One particularly important latent property of social groups
is their preferences—what people like and dislike. While
preferences are not directly observable, adults frequently
broadcast their preferences and befriend people who share
them (Werner & Parmelee, 1979): Groups such as “Trekkies,”
“Red Sox fans,” and “metalheads” are all bound together
by a shared preference. Adults also use preferences to infer deeper, hidden traits, such as personality (Rentfrow &
Gosling, 2006).
Prior work suggests that young children are also sensitive to the social importance of shared preferences. Starting
as early as infancy, children tend to choose the same things
as people who are similar to them: They choose foods that
are endorsed by people of their same gender, language, and
race, rather than those endorsed by people who are different from them (Kinzler, Shutts, DeJesus, & Spelke, 2009;
Shutts, Banaji, & Spelke, 2010; Shutts, Kinzler, McKee, &
Spelke, 2009). This work suggests that children expect preferences to be consistent across members of the same social
group. For example, if a child from a local preschool says that
she likes Coco, her class’s pet chicken, then we might expect
other children in her class to also like Coco. Preschool-aged
children will even enforce preferences within a social group
by negatively evaluating individuals whose preferences differ
from the rest of the group (Roberts, Gelman, & Ho, 2017).
In addition to being consistent within social groups, preferences are also often diagnostic of group membership; knowing that two people share the same preferences might support the inference that they are socially connected. Returning
to the example above, if we meet a different child who says
that she likes Coco, we might infer that she attends the same
preschool, and perhaps even the same class. However, less is
known about whether children treat preferences as diagnostic
of social groups, and—if they do—how strong such expectations are compared to their expectations of consistency.
Some insight comes from prior work on children’s inferences about gender categories. Preschool-aged children infer
biological properties from group membership more readily
than they infer group membership from biological proper-
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ties. For example, after learning that girls have a substance
named “estro” in their bodies, children expect that other girls
also have estro, but not that children who have estro are
girls (Gelman, Collman, & Maccoby, 1986). Thus one possibility is that children’s reasoning about shared preferences
within social groups might show a similar asymmetry. Young
children’s preferences are largely shaped by adults’ choices,
rather than their own. Thus even though children readily expect members of the same group to have shared preferences,
they might not treat preferences as a distinctive feature of
group membership until later in life, particularly in adolescence. If this is the case, while children might consider preferences as consistent but not diagnostic of group membership,
adults might consider them as both consistent and diagnostic.
However, an alternative possibility is that such asymmetry
is specific to biological properties and groups that are associated with such properties, such as gender. Prior work suggests
that biological properties have a privileged status in early development of categories and concepts. Even young children
hold strong beliefs that members of the same biological category have the same deep, internal structure (or “essence”),
such that changing their outward appearance does not change
their category membership (Gelman, 2004). However, such
essentialist beliefs about biological categories might not extend to the domain of preferences. Furthermore, biological
traits are genetically determined, shaped through evolution,
and largely out of an individual’s control, while preferences
are fluid and arbitrary. Therefore, children’s reasoning about
the relationship between preferences and social groups may
differ from their understanding of biological properties and
category membership.
In the present work, we explored children and adults’ intuitions about shared preferences within social groups. In Experiment 1, we examined preschool-aged children’s intuitions
about the relationship between agents’ preferences and their
group membership. Across two conditions, we asked whether
children treat preferences as consistent (Infer Preference) and
diagnostic (Infer Groups) properties of social groups. If children treat preferences as consistent, they might expect individuals to like the same things as people in their social group.
If children treat preferences as diagnostic, they might expect
individuals to belong to the group that shares their preference. Based on prior work Gelman et al. (1986), we predicted
an asymmetry in children’s judgments; specifically, children
might treat preferences as consistent, but not diagnostic. In
Experiment 2, we gauged adults’ intuitions on the same task.
Materials for this project can be found at osf.io/7fmk9.

Experiment 1
Methods
Participants 98 3-, 4-, and 5-year-old children (M(SD) =
4.38 (.88) years, 61% female) were recruited from a nursery school and children’s museum in Palo Alto, CA. Children
were assigned to two between-subjects conditions: Infer Preference (N = 48) and Infer Group (N = 50). In each condition,

we recruited 15-17 children from each age group. An additional 12 children were excluded from analysis because they
did not speak English fluently (N = 1), were too young or too
old for our planned age range (N = 4), or received interference
from parents (N = 1) or peers (N = 6).
Procedure Children saw a short Keynote presentation
about aliens named “gazorps”. The experimenter explained
that gazorps played on different teams: some gazorps were
on the red team, while some gazorps were on the blue team.
Each gazorp had unique facial features and wore a colorful
t-shirt to mark which team it belonged to.
In the Observe Preferences phase, children learned about
the preferences of one member of each team (Figure 1a).
Children saw a screen with two baskets. Each basket contained a different toy, marked by an icon on the basket: one
basket had a car, while the other had a robot. Children then
watched a gazorp from the blue team pick its favorite toy. In
a brief animation, the gazorp announced: “Look at all these
toys!” and hovered to each basket to check its contents. The
gazorp always checked both baskets and picked the toy in the
second basket that it visited. When it arrived at the second
basket, the gazorp bounced and announced: “This one! I really like the toy in this basket.” As a comprehension check,
children were asked to point to the toy that the gazorp liked.
The gazorp then left the screen, and children watched a similar animation where a gazorp from the red team chose the
opposite toy. As a memory check, children were then asked
to recall which toy each gazorp chose. On each trial, children
saw one gazorp from the Observe Preferences phase standing
between the two baskets and were asked to point to the toy
that the gazorp liked.
Finally, children were shown a new target gazorp (Figure 1b–c). The experimenter emphasized that the gazorp was
completely new and asked children to confirm that they had
never seen this gazorp before. Children were assigned to two
between-subjects conditions, which differed in the inference
that children were asked to make about the target gazorp.
In the Infer Preference condition, children were shown
which group the target gazorp belonged to and were asked to
infer its preference. The target gazorp appeared, wearing a tshirt, between the two baskets. The experimenter announced:
“Look! This is a whole new gazorp. This gazorp is on the red
team.” The experimenter then asked the child to guess which
toy the gazorp likes.
In the Infer Group condition, children were shown the target gazorp’s preference and were asked to infer its group. The
target gazorp appeared, without a shirt, between the two toy
baskets. The experimenter explained: “Look! This is a whole
new gazorp. This gazorp lost its shirt.” Children then saw
a brief animation where the target gazorp chose one of the
two baskets. Finally, a red and blue shirt appeared on the
screen equidistant from the gazorp, and children were asked
to guess which team the gazorp belonged to. Children in
both conditions were also prompted to explain their choice.
Two independent raters coded children’s explanations (Co-
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Figure 1: Task structure and stimuli. Left: In both conditions, participants saw one gazorp from each team choose a toy from
a basket. Right, top: Infer Preference condition. Participants were shown which team the target gazorp belongs to and were
asked to guess which toy it likes. Right, bottom: Infer Group condition. Participants were shown which toy the target gazorp
likes and were asked which team it belongs to. Circled options indicate responses that were coded as “matching”.
hen’s k = 0.903) and conferred to resolve disagreements.
We counterbalanced all superficial aspects of the task between participants, including: the order in which the teams
were presented in the Observe Preferences phase, which toy
was associated with each team, the team membership of the
test gazorp (Infer Preference), the preferences of the test
gazorp (Infer Group), and the placement of the shirts in the
critical test question (Infer Group).

Results
We tested two aspects of children’s intuitions about shared
preferences within social groups. First, in the Infer Preference condition, we asked whether children treat preferences
as consistent properties within a group. If so, we expected
that children would match the target gazorp with the same
preferences as its teammate: for example, if children saw a
gazorp from the red team choose a robot, they might expect
another gazorp from the red team to like robots, too.
Consistent with our predictions, overall, 37/48 children
matched the target gazorp with the same toy as its teammate (77.1%; binomial test: p < 0.001, 95% CI: [62.7, 88.0];
Figure 2). This pattern was consistent throughout the age
range studied. 13/16 3-year-olds (81.3%; p = 0.021, 95%
CI: [54.4, 96.0]) and 14/17 4-year-olds (82.4%; p = 0.013,
95% CI: [56.6, 96.2]) matched the target gazorp with the same
toy as its teammates. While only 10/15 5-year-olds matched
(66.7%; p = 0.302, 95% CI: [38.4, 88.2]), a logistic regression of children’s responses as a function of age revealed no

age-related differences in children’s responses (b = 0.33,
z = 0.733, p = 0.463).
Of the 38/48 children who provided an explanation for
their choice, several spontaneously referred to the gazorp’s
team or the preferences of its teammates. 12 children explicitly referred to the preferences of the gazorp’s team or
teammate (e.g., “Because he is on the blue team and the blue
team likes to play with the car”) and 6 children emphasized
which team the gazorp belongs to (e.g., “Because he is a blue
team”). The remaining children restated the toy they had chosen (N = 11; e.g., “Because it likes the car”), described a
property of the toy (N = 4; e.g., “Because [the toy] moves”),
or gave an irrelevant explanation (N = 5; e.g., “I like the car”).
Second, in the Infer Group condition, we asked whether
children treat preferences as diagnostic properties of a group.
If so, children might expect gazorps to belong to the team that
has gazorps who share their preferences. For example, if the
target gazorp chose the car, children would expect the target
gazorp to belong to the red team, because other gazorps on
the red team also like cars. Prior work suggests that children
infer properties (here, preferences) from group membership
more readily than they infer group membership from properties (e.g., Gelman et al., 1986); as a result, we expected that
children would be at chance.
Indeed, children did not reliably match the target gazorp
with the team that shared its preferences. Overall, only 28/50
children chose the matching team (58%; p = 0.322, 95% CI:
[43.2, 71.8]; Figure 2), including 10/17 3-year-olds (58.8%;
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Children
(Exp. 1)

binomial test: all ps > 0.416). In the Infer Group condition
(N = 50), children did not systematically choose a shirt based
on color (24/50 chose red) or based on the team that appeared
most recently in the memory check (22/50 chose the most recent team), and they didn’t choose the shirt on the same side
of the screen that the target gazorp had moved to (27/50; binomial test: all ps > 0.479).
We found that children infer agents’ preferences based on
group membership, but not their group membership based on
preferences. These results suggest that children treat preferences as a consistent, but not diagnostic property of social
groups. In Experiment 2, we tested whether these intuitions
persist into adulthood. Given that adults group themselves
based on shared preferences and derive meaning from what
people like (Rentfrow & Gosling, 2006; Werner & Parmelee,
1979, e.g.,), adults may treat preferences as both a consistent
and diagnostic property of social groups.

Adults
(Exp. 2)

% Matching

100
75
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Infer
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Figure 2: Experiment 1 (left) and 2 (right) results. Yellow
bars show the proportion of participants in the Infer Preference condition who predicted that the target gazorp would
like the same toy as its teammate. Blue bars show the proportion of participants in the Infer Group who predicted that the
target gazorp belonged to the team consistent with its preference. Error bars denote 95% CI.
p = 0.629, 95% CI: [32.9, 81.6]), 8/17 4-year-olds (47.1%;
p = 1.00, 95% CI: [23.0, 72.2] and 11/16 5-year-olds (68.8%;
p = 0.210, 95% CI: [41.3, 89.0]). As before, we found no
age-related differences in children’s responses (logistic regression: b = 0.46. z = 1.23, p = 0.218).
Of the 33/50 children who provided an explanation for
their choice, 6 referred to what the gazorp’s team or teammate liked (e.g., “Because the blue team likes the robot”) and
7 cited what the target gazorp liked or what toy it chose (e.g.,
“Because he picked the robot”). The remaining children restated the team they had chosen (N = 5; e.g., “Because it’s the
blue”), gave a physical description of the gazorp (N = 9; e.g.,
“Because he’s green”), or gave an irrelevant explanation (N =
6; e.g., “Because three”).
We compared children’s rate of matching across conditions; a response was coded as a “match” if the child matched
the target gazorp with the same toy as its teammates (Infer
Preference) or with the team that shares its preferences (Infer Group). We found a marginal difference between conditions (Fisher’s exact test: p = 0.054), providing suggestive
evidence that children matched more often in the Infer Preference condition than in the Infer Groups condition.
Children’s responses were not driven by superficial, counterbalanced features of our stimuli. In the Infer Preference
condition (N = 48), children did not systematically choose
the toy on one side of the screen (20/48 chose the toy on the
left), the toy associated with the most recent memory check
question (23/48 chose the most recent toy), or the toy associated with a particular team (25/48 chose the red team’s toy;

Experiment 2
Methods
Participants Adult participants (N=92) were recruited for
a brief online survey on Amazon Mechanical Turk and randomly assigned to the Infer Preference (N=50) and Infer
Group (N=42) conditions. An additional 15 participants were
excluded from analysis because they failed at least one check
question (see Procedure). All participants had US IP addresses and provided informed consent in accordance with
the requirements of the IRB at Stanford University.
Procedure Stimuli were presented online using jsPsych
(De Leeuw, 2015). The procedure was similar to that of
Experiment 1. Participants watched one member from each
team choose their favorite toy from two baskets; as a memory
check, they were asked to recall which toy each gazorp liked.
Participants were then introduced to a completely new target gazorp; as an attention check, they were asked to confirm
that they had never seen the gazorp before. Participants who
answered either of these check questions incorrectly were excluded from analysis.
As in Experiment 1, participants were asked to make some
inference about the target gazorp. In the Infer Preference condition, participants were shown which team the target gazorp
belongs to and were asked to guess which toy it likes; in the
Infer Group condition, participants were shown which toy the
gazorp likes and were asked to guess which team it belongs
to. Adults were asked two follow-up questions about their
choice: first, they rated how confident they were about their
choice by adjusting a slider (where the extremes were labeled
“Not at all confident” at 0% and “Very confident” at 100%)
and, second, they wrote in an optional explanation for their
choice.

Results
In Experiment 1, we found that children treat preferences as
a consistent, but not diagnostic property of social groups. In
Experiment 2, we tested adults’ intuitions on the same task.
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Adults inferred the target gazorp’s preferences based on its
social group. In the Infer Preference condition, 44/50 participants guessed that the target gazorp would like the same toy
as its teammates (88.0%; binomial test: p < 0.001, 95% CI:
[75.7, 95.5]). Critically, they also inferred the target gazorp’s
social group based on its preferences. In the Infer Group
condition, 38/42 participants guessed that the target gazorp
belonged to the group that shared its preferences (90.5%;
p < 0.001, 95% CI: [77.3, 97.3]). Across the two conditions,
adults inferred the target gazorp’s preferences based on its social group as often as they inferred its social group based on
its preferences (Fisher’s exact test: p = 0.75).
Interestingly, adults were more confident when guessing
the target gazorp’s social group based on its preference. We
examined the confidence of adults who matched the target
gazorp with the same preferences as its team (Infer Preference) or with the team that shared its preferences (Infer
Group). Of these, adults in the Infer Group condition reported higher confidence in their choice compared to those
in the Infer Preference condition (75.8% (4.37) vs. 59.02%
(4.00), W = 502.5, p = 0.002, Wilcoxon rank-sum test).

Discussion
In the present work, we tested children and adults’ intuitions
about shared preferences within social groups. In Experiment 1, children inferred an agent’s preferences from their
group membership; that is, they expected agents to like the
same toy as their teammates. They did not, however, infer
group membership based on preferences. Children’s intuitions about preferences in our task mirror their inferences
about biological properties in previous work (Gelman et al.,
1986). By contrast, in Experiment 2, adults inferred both
agents’ group membership from their preferences, as well as
their preferences from their group membership. Taken together, our work identifies an asymmetry in category-based
induction based on social groups and preferences, as well as
an interesting developmental difference: While adults readily
treat preferences as both a consistent and diagnostic property
of social groups, children consider preferences as consistent,
but not necessarily diagnostic.
The asymmetry in children’s judgments raises the question of whether children generally do not treat any preference as diagnostic of any social category. One possibility
is that children consider specific domains of preferences to
be particularly diagnostic of social group membership. In
particular, recent developmental work suggests that young
children have an early-emerging, domain-specific system for
reasoning about the social nature of food preferences. Preverbal infants expect people who like the same foods to
interact positively with one another, and they also expect
people who interact positively with one another to like the
same foods. By contrast, infants have no such expectations
based on shared preferences for objects (Liberman, Kinzler,
& Woodward, 2014; Liberman, Woodward, Sullivan, & Kinzler, 2016). Given that infants use food preferences to infer

affiliation between individuals, it is possible that food preferences may also signify that an individual belongs to a broader
social group. Even within a domain, certain preferences may
be more diagnostic than others. For example, in the present
work, we used two toys—cars and robots—that were quite
similar to one another. It is possible that children do not treat
preferences for these particular items as diagnostic because
they themselves like both toys, or because they expect that
children from the same category (e.g., boys) like both toys.
Additionally, children may treat preferences as diagnostic when they are associated with specific social categories,
such as gender. From an early age, children gravitate towards
toys and activities that are typical of their gender, such as
blocks for boys and dolls for girls (Berenbaum, Martin, Hanish, Briggs, & Fabes, 2008). Thus, gender may present a
special case where preferences for certain toys are strongly
associated with particular social groups. For example, while
children might not expect a gazorp who likes robots to belong to the blue team, they may expect a child who likes dolls
to be a girl. Indeed, these possibilities are not mutually exclusive, and future work might examine the generality of the
asymmetry observed in the current study.
Unlike children, adults did not show this asymmetry; they
inferred agents’ group membership from their preferences
as well as their preferences from their group membership.
Somewhat surprisingly, adults were actually more confident
in their inferences about group membership than in their inferences about preferences. One interpretation is that, even
though children do not infer social groups from individual
preferences, they might start to consider preferences as diagnostic of social groups later in life. This relationship
might be further strengthened by adults’ own beliefs about
which preferences are worth communicating. Prior work
suggests that adults frequently and spontaneously talk about
their preferences, perhaps because preferences provide information about one’s personality traits (Rentfrow & Gosling,
2006). However, another interpretation is that the current
results merely reflect adults’ pragmatic reasoning about the
task structure. Given simple scenarios with minimal associations between groups and preferences, adults might have
readily matched a novel agent in a way that is consistent
with prior data. However, note that children did not use
this simple matching strategy; furthermore, this interpretation is inconsistent with our prior work, which has found
that adults’ use of preferences for social affiliation judgments,
even within minimal tasks, is flexible and context-dependent
(Vélez, Bridgers, & Gweon, 2016).
Beyond exploring whether children consider preferences as
diagnostic, an important open question is how children come
to appreciate that preferences can be diagnostic. Young children use sparse data to make rich, causal attributions of other
individuals’ behavior, such as what they value or why they
failed to achieve a goal (Gweon & Schulz, 2011; Liu, Ullman, Tenenbaum, & Spelke, 2017). However, less is known
about how children learn the structure of groups and learn to
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attribute properties to individuals based on their group membership. One possible avenue for future work is to examine whether children calibrate their expectations about the diagnosticity of a preference through repeated observations of
members of a social group.
Social groups organize an otherwise crowded and complex social world. Here, we find that children’s inferences
based on social groups are asymmetric: children infer preferences based on group membership, but not group membership based on preferences. Our work invites new questions
about how the social meaning of preferences is learned and
constructed over the course of development.
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Abstract
Humans learn from other knowledgeable informants who
choose data to foster learning. Mathematical models of teaching and learning have formalized this process of learning from
helpful others. While these approaches have been successful in
capturing teaching and learning in a variety of contexts, they
have been limited to relatively simple domains. One of the
open questions regarding Bayesian teaching is whether it can
scale to teach from naturalistic domains with more interesting
datasets. In this work, we show how to apply Bayesian teaching to teach human participants categories learned by a supervised machine learning model. The effectiveness of teaching is
measured by how well the participants can predict the behavior
of the target machine learning model. Our results demonstrate
that Bayesian teaching can be applied to naturalistic domains,
show that the best sets of examples according to the model
yield better learning, and suggest avenues for improving our
ability to automate teaching of image categories.
Keywords: Bayesian teaching; category learning; pedagogy;
prototype model

Introduction
Teaching is a common method of knowledge transmission,
which occurs in both formal and informal contexts (Csibra
& Gergely, 2009). In such pedagogical situations, a knowledgeable and helpful informant—a teacher—provides data or
examples that best communicate concepts to a learner, who in
turn assumes that the data presented is intended to be helpful,
allowing them to learn more efficiently than other methods.
This mutual cooperation toward the goal of learning has been
formalized in probabilistic models of Cooperative Inference,
which involves recursive reasoning by the teacher and learner
(Shafto & Goodman, 2008; Shafto, Goodman, & Griffiths,
2014; Yang et al., 2018), and is a generalization of Bayesian
learning and Bayesian teaching.†
These models of teaching have been successful in capturing teaching behavior, including the implications for learning, in a variety of laboratory studies. For example, Shafto
and Goodman (2008) showed that in a simple concept learning game (the “rectangle game”), participants both selected
examples in line with Bayesian teaching and rapidly identified the target hypothesis when presented with those pedagogical examples. Similarly, work by Bonawitz, Shafto et
al. (2011) showed that when pre-schoolers were shown various functions of a toy, those provided pedagogically caused
∗ Both

authors contributed equally to this paper.
inference does not require that one necessarily be
more knowledgeable, only that there be a target hypothesis.
† Cooperative

them to explore less. Further, Eaves, Fledman, Griffiths, and
Shafto (2016) showed that infant-directed speech is consistent with the sounds Bayesian teaching would produce to
teach phonetic categories of adult speech. Rafferty, Brunskill, Griffiths, and Shafto (2016) used Bayesian teaching in
a planning problem to improve human performance in simple
concept-learning tasks. Finally, Ho, Littman, MacGlashan,
Cushman, and Austerweil (2016) explored Bayesian teaching
for reinforcement learners, showing that examples provided
by teaching differ from following the policy that maximizes
an agent’s utility.
One desideratum for computational models of teaching is
the automatic selection of examples to teach relevant, realworld concepts. However, due to computational constraints,
successes have been limited to small, schematic domains
characteristic of concept learning in the lab. Thus, one of
the open questions regarding this framework is whether it can
scale to teach realistic domains with large, complex, naturalistic data sets. Extracting information from such domains
can be made efficient with machine learning models, which
can process vast datasets much faster than humans do. In
this view, teaching a domain becomes a matter of teaching
the machine learning models that are trained on the relevant
datasets.
In this paper, we explore this problem by investigating Bayesian teaching with image categories. We adapt a
prototype-based machine learning model (Probabilistic Linear Discriminant Analysis; Ioffe, 2006), formalize teaching
for this model, and run a classification experiment to test the
effectiveness on teaching image categories. The effectiveness
of teaching is measured by how well humans can predict the
machine learning model’s predictions. Our results indicate
that Bayesian teaching is helpful for learning what the model
learns about natural image categories.

Bayesian Teaching
The goal of Bayesian teaching is to select small subsets of
data that induce a target model in the learner (Shafto & Goodman, 2008; Shafto, Goodman, & Griffiths, 2014; cf. Griffiths
& Tenenbaum, 2001) . In this paper, given a set of training data D = {d1 , d2 , . . . , dN } and a teaching set size n < N,
Bayesian teaching conveys a target model Θ∗ to a learner by
sampling a teaching set D ⊆D from the space of possible
candidate teaching sets, D = D D ∈ P (D) ∧ |D | = n , ac-
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The posterior predictive probability for a datum u ∗ is given

cording to Bayes’ rule
pL (Θ∗ | D )pT (D )
∑D 0 ∈D pL (Θ∗ | D 0 )pT (D 0 )
pL (Θ∗ | D )
=
,
∑D 0 ∈D pL (Θ∗ | D 0 )

by

PT (D | Θ∗ ) =

pL (uu∗ | u k1 , u k2 , . . . , u kN k ) =
(1)

where P (D) is the power set of D, pT (D ) is the prior over
teaching sets, pL (Θ∗ | D ) is the learner’s posterior and PT (D |
Θ∗ ) is the teacher’s posterior. Since the prior over teaching
sets pT (D ) is assumed to be uniform, the effect of this prior
cancels out, yielding the second equality. Therefore, the posterior probability of selecting a particular teaching set to teach
a target model is proportional to the learner’s posterior probability of the target model after observing the same teaching
set.

Probabilistic Linear Discriminant Analysis (PLDA)
PLDA is a supervised learning model, taking in training data
with class labels and can be used for classification of new,
unlabeled data (Ioffe, 2006). We use PLDA as the basis
for Bayesian teaching of image categories for two reasons:
(1) PLDA has previously been applied to supervised classification of image categories with good performance (Ioffe,
2006) and (2) PLDA is a probabilistic model which makes it
amenable to Bayesian teaching. The model assumes that both
the means of the categories and examples from each category
are samples from multivariate Gaussian distributions, and its
objective is to maximize the distance between the category
means while also minimizing the distance between examples
within each category.
Formally, the generative model is
v k ∼ N(00, Ψ ),
u ki ∼ N(vvk , I ),

(2)

N(vvk |00, Ψ )

where Λ k =

Ψ
N k Ψ +II

and

ūuk

=

1
Nk

k
∑iN u ki .

pL (uu∗ | v )pL (vv | u k1 , u k2 , . . . , u kN k )dvv
(4)

which is used for classification of new, unlabeled data by
computing this for each category k and selecting the category
with the highest posterior predictive probability.
Generating teaching sets requires three steps: (1) train a
PLDA model on labeled data to obtain a target model, (2) use
the target model’s predicted labels (not the training labels) for
teaching because the target model is what we wish to convey,
and (3) generate teaching sets by using Equation (5) below.
Training the target model. The training of the PLDA target model is described in the previous section and is done on
a preprocessed dataset containing images of faces with emotion labels (see the Dataset and Preprocessing sections). To
obtain the target model’s predictions for each image, we first
compute the posterior predictive probabilities with respect to
each category using Equation (4), and then select the category
with the highest probability to be the predicted label.
Generating teaching sets. The representation leading to
the target model’s predictions is defined by the parameters
Ψ , m , and A and the posterior distributions over the mean
of each category. Each of these distributions for category k
is characterized by its mean v ∗ = N k Λ k ūuk , and the teacher’s
objective is to convey these category means to a learner by
generating teaching sets.
To do this, the teacher assumes the learner to have the same
Ψ , m , and A as the target model, but not necessarily the same
category means. Explicitly, as given by Equation (1), the
teaching equation for teaching a particular category learned
using PLDA is:
pL (Θ∗ | D )
∑D 0 ∈D pL (Θ∗ | D 0 )
N(vv∗ |nk λ k ūuk , λ k )
=
,
0
0
∑ūuk0 ∈U N(vv∗ |nk λk0 ūuk , λk )

PT (D | Θ∗ ) =

The category means v k are sampled from a multivariate Gaussian distribution with mean 0 and diagonal covariance Ψ .
Then, for each category k, a sample u ki is drawn from a multivariate Gaussian with mean v k and identity covariance. Finally, samples from all categories are linearly transformed
from latent space to the data space with shift m and rotation
A . Under this model, Ψ , m , and A are free parameters and
fitted via maximum likelihood of the data.
Given the fitted parameters and a set of data d k1 , d k2 , ..., d kN k
for category k, we transform the data to u k1 , u k2 , ..., u kN k in latent
space, and the posterior on v k is

k
∏Ni N(uuki |vvk , I )
=R
k
v|00, Ψ ) ∏iN N(uuki |vv, I )dvv
v N(v
= N(vvk |N k Λ k ūuk , Λ k ),

v

= N(uu∗ |N k Λ k ūuk , Λ k + I ).

d ki = m + A u ki .

pL (Θ∗ | D ) = pL (vvk | uk1 , uk2 , ..., ukN k )

Z

(3)

(5)

D

Ψ
where λ k = nk Ψ
.‡ Here, the teacher samples a teaching set
+II
∗
∗
D to teach Θ = v . Given a dataset size N k and a teaching set
size nk such that N k > nk , the number of possible teaching sets
k
in D is Nnk . To compute the individual pL (Θ∗ | D 0 ), each
data point in D 0 is first transformed into latent space. In latent
k
space, pL (Θ∗ | D 0 ) = N(vv∗ |nk λ k ūuk , Λ k ), where ūuk = n1k ∑ni u ki
and the u ki ’s are the transformed data points. Note, UD simply
denotes the space of ūuk that emerges from applying both the
transformation and computing the average on each teaching
set in D.
Simulating the learner. We simulate human behavior in
the 2AFC task (see Experiment section) using Equation (4).
‡ In

the experiment, since participants were shown three examples from each teaching set, we set nk = 3 for all k.
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We compute the posterior predictive probability of a target
image u ∗ belonging to either category, which are illustrated
by teaching sets with three examples each. Specifically, this
is done by computing the following:
pL (k∗ = T |uu∗ ; u T1:3 , u O
1:3 ) =

N(uu∗ |nT λ k ūuT , λ k + I )
,
0
0
∑k0 ∈{T,O} N(uu∗ |nk λ k ūuk , λ k + I )
(6)

where T is the target category, and O is the other category
(see below).

Experiment
We ran a study involving human participants recruited from
Amazon’s Mechanical Turk to determine whether it is possible to teach a trained machine learning model (PLDA) to participants. In our approach, we presented participants with sets
of examples selected from the Bayesian teaching PLDA (BTPLDA) model, manipulating the helpfulness of these teaching
sets, and determining whether or not participants’ responses
matched the predictions of the target model.

Dataset
In order to teach a target model to participants, we required
a dataset of images (with category labels) to train the target
model with. Our main criteria was to use data sufficiently
challenging for the model to learn completely, while also not
being too easy for humans either.
Hence, we selected the Child Affective Facial Expressions
dataset by LoBue and Thrasher (2015), which consists of images of children expressing a variety of different emotions.
While people have ample experience with facial expressions
of emotions, categorizing faces according to their emotion is
challenging, with performance well under ceiling (LoBue &
Thrasher, 2015). Moreover, in our experiment, we do not
explicitly tell participants the images are categorized by emotion, which further increases the task difficulty.
The dataset consisted of 1192 images of children 2-8 years
old, expressing six basic emotions (angry, disgust, fearful,
happy, sad and surprise), in addition to a neutral facial expression. For the purposes of our task, we used a subset of
this dataset consisting of mouth open versions of the six basic
emotions (excluding neutral faces). This resulted in a dataset
for training the model consisting of 484 images from six emotion categories (84 angry, 95 disgust, 61 fearful, 95 happy, 46
sad and 103 surprise).

Preprocessing
For each of the 484 images, we pre-processed the images by
grayscaling and resizing them to be 400 × 400 pixels. We
then applied Principal Components Analysis to further reduce the dimensionality of the dataset, keeping the first 75
principal components from all of the images, which captured
> 84% of the variance from the original dataset. The target
model for teaching was obtained by fitting PLDA to the preprocessed data.

Participants
105 participants (62 male, 43 female) were recruited from
Amazon Mechanical Turk and paid $1.50 for completing the
task, which took roughly 10 minutes to complete. The mean
age of participants was 35.3 years (SD = 10.0), ranging from
18 to 64 years. 13 participants were not included in the analysis for completing the experiment too quickly (less than one
second per trial).

Design
On each trial, participants were presented with a target image and asked to classify it into one of two categories (A or
B), where one category matched the category of the target
image and the other was randomly selected from one of the
other five emotion categories. These categories were chosen
and matched based on the ground-truth labels at this stage.
The participants were presented with a teaching set of three
example images to represent each category. These images
were chosen not based on the ground-truth categories but
from what the target model predicted to belong to each of
the two categories respectively. These teaching sets varied
in three between-subjects conditions which participants were
randomly assigned to: HELPFUL (N = 36), RANDOM (N = 36)
and UNHELPFUL (N = 33).
To generate the teaching sets for the HELPFUL and UN HELPFUL conditions, we applied Equation (5) to each of the
six category means. Intuitively, this equation corresponds to
the “goodness“ of each teaching set, where a higher probability indicates the Bayesian teacher believes the learner will
more likely infer the target model given that teaching set.
Thus, for the HELPFUL condition, the teaching sets are the
sets with the highest posterior probabilities as given by BTPLDA, while in the UNHELPFUL condition, the teaching sets
are sets with the lowest posterior probabilities instead. For the
RANDOM condition, the teaching sets were randomly sampled from all possible sets for a particular category. This process was repeated for each category independently. Finally,
if a selected teaching set contained the target image, the next
best set not containing the target image was used instead.
According to the target model’s predictions, there were 77
images for angry, 95 for disgust, 84 for fearful, 89 for happy,
59 for sad, and 80 for surprise. The number of possible teachk
ing sets for each category is given by Mnk , where M k is the
number of images the model predicts to be in category k and
nk is set to 3 for all categories, as we select three images in
each teaching set.
Note that since the target model does not perfectly learn to
correctly classify the image categories, the examples from the
teaching sets generated in the various conditions sometimes
included images that were from other categories according to
ground-truth labels.

Procedure
Participants were randomly assigned to one of either HELP FUL , UNHELPFUL , or RANDOM teaching set conditions at the
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Figure 1: Example of a trial from the task. Participants
were shown a target image (left), along with a teaching set of
examples from both the target category (angry, bottom right)
and the other category (surprise, top right), and asked to predict how the model would respond based on the examples
provided. The teaching sets for the target and other categories
were sampled from the set of examples that the target model
considered to be in each category respectively.

Helpful
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0.75
0.50
0.25
0.00

0.25
0.50
0.75
1.00
Probability of simulated learner's response
consistent with the target model prediction

Teaching set condition

beginning of the experiment. They were presented with instructions indicating that a robot had learned to categorize
faces into different categories and that this robot would provide helpful examples to help them understand what the robot
had learned. The goal for participants was to predict the
robot’s choice in categorizing the target images, using the examples provided on each trial to help them out.
On each trial, participants were presented with a target image on the left of the screen and asked “Does the robot think
the following Target face on the left is a member of Category
A or Category B?”. On the right, participants were shown
a row of three examples from the target category and a row
of three examples from one of the other remaining five categories (based on the ground-truth labels). Again, the helpfulness of the examples as predicted by the teaching model varied based on which teaching set condition participants had
been assigned to.
The position (upper or lower row, i.e., Category A or Category B) of the target category examples and the other category examples were randomized on each trial such that on
half of trials, examples from the target category appeared as
examples from Category A (upper row), and on the other half
as examples from Category B (lower row), and vice versa for
the other category. Participants did not receive any feedback
after each response. During the experiment, they completed
120 categorization trials in total, 20 trials for each emotion
category being the target category, while the other categories
were selected randomly based on each trial; no target image
was presented more than once.

Results
Because the target model’s predictions differed from the
ground truth labels of some of the target images, we removed
the set of trials for which the target model’s prediction of the
target image did not match either the target category or the
other category for that trial. This left 88 of 120 trials for
analysis, 78 of which were cases where the prediction of the

Helpful

Random

Unhelpful

Figure 2: How well do simulated learner’s responses
match human responses? As human responses become
more consistent with the target model’s predictions, the simulated learner’s certainty about the same predictions also increases.

PLDA target model matched the target category, and 10 trials
where the prediction matched the other category. The analysis presented here shows the extent to which participants’
responses match the predictions of the target model on these
88 trials, and whether varying the “goodness" of teaching sets
influenced whether participants responses matched the predictions of the target model.
First, did participant’s judgments actually match the behavior of the simulated learner? If so, then the Bayesian teaching
approach holds promise in generating teaching sets that influence human responses. To verify this, for each trial we examined the probability that the simulated learner would choose
the correct category (correct is w.r.t. the target model’s prediction of the target image) given the two sets of examples
using Equation 6, and compared this to how well human behavior matched the target model, which is illustrated in Figure 2. The results indicate that the simulated learner matched
how humans responded in the task (r(262) = 0.49, p < .001).
Second, did the various teaching set conditions lead to
differences in how well participants’ responses matched the
model predictions? Mean performance across the three
teaching set conditions are shown in Figure 3 on the left. Performance was highest for participants in the HELPFUL condition (M = 72.5%, SD = 2.1%), followed by the RANDOM
condition (M = 69.3%, SD = 2.0%) and finally the UNHELP FUL condition (M = 66.6%, SD = 2.4%). We conducted a
planned contrast across the different teaching set conditions
(with HELPFUL = 1, RANDOM = 0 and UNHELPFUL = -1) and
found a significant effect of teaching set condition on accu-
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Figure 3: Performance (percent of responses consistent with the target model’s prediction) across different TEACHING
SET conditions. Mean performance of participants in the UNHELPFUL , RANDOM and HELPFUL conditions. Error bars depict
95% confidence intervals. Overall, results show that performance is best in the HELPFUL condition, followed by the RANDOM
condition and then the UNHELPFUL condition. The same pattern of results holds when breaking down performance by each
emotion category (as predicted by the target model), with performance varying depending on the category.
racy to the target model predictions (F(1, 102) = 6.29, p =
.013).
Furthermore, we explored how well participants’ responses
matched the model’s predictions for each emotion separately,
as shown on the right in Figure 3. A two-way ANOVA
revealed significant main effects for teaching set condition
(F(2, 612) = 8.87, p < .001) and model emotion (F(5, 612)
= 32.48, p < .001). There was a marginal, but not significant
interaction between the two variables (F(10, 612) = 1.84, p
= .051), suggesting that the effect of teaching set condition
was consistent across emotion categories.

Discussion
This work asked two main questions: First, is it possible
to scale the Bayesian teaching approach to more difficult
learning problems such as image categorization? And second, can we use this approach to teach participants what a
trained machine learning model has learned? We augmented
a prototype-based model of categorization to generate teaching sets that varied in quality as predicted by the Bayesian
teaching model and ran an experiment to compare how different teaching sets could teach participants the target model’s
knowledge about different image categories.
Overall, our results provide support to both of these ideas.
The Bayesian teaching PLDA model allowed us to generate
teaching sets of varying quality and the experimental results
show that teaching sets with higher teaching probability in the

BT-PLDA model produced a higher proportion of responses
that matched the predictions of the PLDA target model.
However, the effects of different teaching sets was relatively small. How can we improve their effectiveness? One
possibility is that the BT-PLDA model selected examples to
teach from the target and other categories independently, ignoring both the target image and examples from the other
category provided when generating its teaching sets. Alternatively, taking this information into account when generating
teaching sets could potentially lead to generating more teaching sets that are actually helpful. For example, in Figure 2
many points in the top right are from the UNHELPFUL condition under the current BT-PLDA model but in fact helped
both the simulated learner and human to perform well. Given
the correlation between the human and simulated learner, one
interesting research direction would be to design teaching sets
that are based on the performance of the simulated learner for
a particular task in a particular trial.
A second possibility is that participants may have relied on
existing prior knowledge for this particular set of emotion image categories, and that the set of examples provided by the
teaching model (regardless of the teaching set condition) may
have been insufficient to shift humans from their prior. Further work exploring other image datasets, particularly for domains where people have less prior knowledge may be more
fruitful in determining the effects of teaching sets in learning
image categories.
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This work provides a foundation for further exploration of
using Bayesian teaching for teaching image categories. Further work could include extending the PLDA model to try
and teach not only the category mean, but also the covariance
of each category, or to optimize all of the presented stimuli
simultaneously. This would allow for the testing and comparison of different kinds of teaching models to help determine what kinds of knowledge is most important to convey
for effective learning. Another possibility would be to explore combining teaching examples with feedback. In the experiment presented in this work, participants were only given
information about the model’s knowledge implicitly through
the examples provided, whereas presenting participants with
feedback would allow one to measure learning over time and
whether participants’ knowledge begins to match the trained
model based on which the examples are being generated.
This research presents a first step toward programmatic approaches to scaleable methods of automating teaching of realistic domains of image categories.
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Abstract
This paper explores two experiment designs that seek to
determine the extent to which, if at all, observation can be
free from theory. The two designs are compared and found to
be similar in certain ways. One particular feature critical to
both is that they seek to create conditions that compel test
subjects with diverse theoretical backgrounds to resort to bare
observational skills. If judgments made on the basis of these
skills converge, such convergence would provide support for
the view that theory-neutral observations can be had.
Keywords: theory-ladenness; cognitive penetrability of
perception; observation reports; perceptual beliefs.

Introduction
Genuine tests of theories crucially rest upon the
veridicality of observation reports. Such reports can only be
said to confirm or disconfirm a theory if they truthfully
represent certain things about the world as it is
independently of our conceptions of it. This is precisely the
kind of claim that several advocates of the theory-ladenness
thesis deny. Put simply, the thesis holds that theory
influences the content of such reports to the point of
distortion. In this paper, we compare two experiment
designs that seek to determine the extent to which, if at all,
observation can be free from theory.
The paper is structured as follows. In the ensuing section,
we consider different versions of the theory-ladenness
thesis. Immediately after that, we explore an experiment
design proposed by Schurz (2015). The aim of this design is
to determine the extent to which, if at all, observation can be
free from theory. We then turn to my own proposal for an
experiment design: the stimulus exchange procedure.
Finally, in the last section the two designs are compared and
found to share some vital features. One such feature is that
they both attempt to force test subjects in a position where
they have to rely on their bare observational skills. If
judgments made on the basis of these skills converge, such
convergence would provide support for the view that
theory-neutral observations can be had.

The Many Guises of Theory-Ladenness
There isn’t just one theory-ladenness thesis but many.
Whenever we speak of theory-ladenness in the indefinite we
mean something general like a schema that applies to a
whole family of such theses. Understood thus, theoryladenness has two variables. One takes as values those
things that effect the change. We can call this ‘the input’.
And the other takes as values those things that absorb the
change. We can call this ‘the output’. Up to now, we have
been using theory as a value to the first and observation
reports as a value to the second. Clearly, this approach does

not do justice to the various versions of the theory-ladenness
thesis out there. Besides good old fashioned theories, the
input has been variably interpreted to include one or more of
the following: linguistic frameworks, conceptual schemes,
prior beliefs, factors relevant to sensory physiology and
even environmental cues. And besides observation reports,
the output has been similarly interpreted in a variety of ways
so as to include one or more of the following: sense-data,
perception, experience, observational judgment and
empirical data.1 Whether the resulting theses are indeed
substantively different is not immediately obvious but
depends on the specific interpretation of the relevant
concepts. Even so, let me at least try to demonstrate some of
these differences with a couple of examples.2
Take a theory-ladenness thesis whose input is linguistic
frameworks and whose output is observation reports. This is
sometimes called ‘the language-relativity of observation’.
The linguistic framework one uses affects the way they
report what they observe. Clearly, reports can only be as
detailed as our language allows. So, if one has a very poor
language, say a language that contains only two terms for
colours, then any observational report concerning the colour
of an object will have to be accordingly confined. Similar
remarks apply if we opted for a theory-ladenness thesis that
takes as input conceptual schemes. This would result in the
conceptual-relativity of observation. Poor conceptual
schemes presumably affect the content of observation
reports as much as linguistic frameworks do. Whether these
two versions of the theory-ladenness thesis, the linguistic
and the conceptual, are truly distinct depends on how we
understand the relation between language and thought. If the
two are inseparable, e.g. if linguistic frameworks just mirror
conceptual schemes, then the two theses reduce to one. If,
however, there is some divergence between the two, then
the two theses preserve their autonomy.
Now take factors relevant to sensory physiology as the
input and perception as the output. Consider what would
happen to perception if the channels through which
perceptual processing is made were substantially different,
either from birth or because of subsequent changes. We are
all familiar with cases of colour-blindness – see, for
example, Zeki (1990). The cause of this condition may be
either genetic or acquired. Affected areas vary and may
include one or more of the following: cone cells, the optic
nerve and parts of the brain, e.g. the ventromedial occipital
1

Items like observational reports and empirical data need not be
sourced from lone individuals but may instead be sourced from
scientific groups or instruments.
2
For an in-depth survey and classification of the various kinds
of theory-ladenness, see Brewer (2012).
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lobe. Take two individuals, one with colour-blindness and
one without. Some objects will appear identical in colour to
the colour-blind individual but will appear distinct to the
individual without the condition. Beyond colour-blindness,
there are also less publicised conditions where factors in
sensory physiology play a big role in determining our
perceptual content. Take prosopagnosia, the neurological
disorder that impairs our ability to recognise faces – see, for
example, Towler, Fisher and Eimer (2016). Like colourblindness, it is either congenital or acquired, e.g. through
injury. One of the affected areas of the brain appears to be
the fusiform gyrus. This area helps to coordinate, among
other things, facial perception and memory. Both colourblindness and prosopagnosia involve what are typically
characterised as ‘impairments’ to the normal functioning of
perception. But one can easily imagine individuals with
‘enhanced’, as opposed to ‘impaired’, colour- or facedetection abilities. Such individuals would also deviate from
the aforesaid norm. Since the veridicality of perception is a
point of contention in the philosophical literature, we can
put aside any judgments that such individuals are either
impaired or enhanced and merely note that sensory
physiology differences affect their perceptions.3 That’s
precisely what is needed to understand what a version of the
theory-ladenness thesis that takes sensory physiology as the
input and perception as the output involves.
It may be argued that the sheer diversity of all of the
inputs and outputs makes the use of one umbrella term, i.e.
‘theory-ladenness’, to capture their interactions unwise. The
reason why I want to resist such an argument is that, their
diversity notwithstanding, all of these interactions have the
potential to undermine the neutrality of scientific theory
testing. For if we assume that the outputs, to the extent that
they are distinct kinds, are related stages on the path from
stimulus to observational reports, then it is not unreasonable
to maintain that any change effected early on in that path is
likely to be preserved downstream. To give a toy example,
if the presence of a prior belief can somehow distort what
we perceive, then it is not likely that our observational
judgments or reports are going to nullify that distortion.
It is not hard to show how the debate over the cognitive
penetrability of perception can be related to the current
discussion. Roughly speaking, those advocating the
cognitive penetrability thesis claim that cognitive states, e.g.
beliefs, affect perceptual states. The bringing together of
these two debates, theory-ladenness and cognitive
penetrability, goes back some time and has been explored in
a number of works – see, for example, the introductory
chapter in Zeimbekis and Raftopoulos (2015). As is wellknown, even before the advent of the cognitive penetrability
debate, results in the psychological study of perception were
harnessed to promote specific viewpoints within the
3

One referee rightly noted that psychologists and philosophers
have different reactions on this matter. Moreover, they noted that
psychologists commonly take perception to be partially
constructive – think of perceptual constancy. Here I merely wish to
add that such construction is not incompatible with veridicality.

philosophy of science. Thus, Feyerabend, Hanson and Kuhn
made use of studies from Gestalt and New Look
psychologies to argue for the claim that observations in
science are tainted by theory.
The connection between the psychology of perception and
the philosophy of science was reinforced in the early 1980s,
as the emergence of the cognitive penetrability debate
coincided with a renewed discussion about the possibility of
theory-neutral observation. Indeed, Fodor (1984), who is
one of the founders of the cognitive penetrability debate, is
unequivocal about this connection. He argues that were
perception to be cognitively penetrable, observation would
not be able to occupy the role of neutral adjudicator in
science. In his own words: “The main contention of this
paper is that there is a theory-neutral observation/inference
distinction; that the boundary between what can be observed
and what must be inferred is largely determined by fixed,
architectural features of an organism's sensory/perceptual
psychology” (1984, p. 25). The reasons for Fodor’s defence
of the objectivity of science are well-documented so I will
not dwell on them here. Suffice it to say that he endorses the
view that various brain systems, including perception, are
modular and hence are impervious to outside influences.
Being modular, the integrity of perceptual processing is thus
safeguarded. Another way of expressing roughly the same
thought is that top-down cognitive processes have little to
no effect on bottom-up perceptual processes.4
Fodor targets those who have pushed Feyerabend’s,
Hanson’s and Kuhn’s claims to their social constructivist
extreme. That is, he targets claims to the effect that
observation states (or states denoted by cognate notions) are
cognitively malleable so much so that even in cases of
convergent judgments, the convergence can be explained
away as nothing more than the result of social negotiation.
The implication of course being that observation cannot
reflect any aspect of the world as it is independently of us.
Although Kuhn appears to want to deny such radical
constructivist interpretations (see the ‘Postscript’ in Kuhn
1970), a number of his pronouncements can’t help but fuel
them. When comparing experts to non-experts, for example,
he asserts that “… viewing a cloud chamber [the expert]
sees (here literally) not droplets but the tracks of electrons,
alpha particles, and so on...” (1970, p. 197). In other words,
the expert sees the world differently to the non-expert. And
the same point is made in relation to experts belonging to
different paradigms. Moreover, Kuhn seems to suggest that
there is no such thing as one world being observed when he
asserts that “[p]racticing in different worlds, the two groups
of scientists see different things when they look from the
same point in the same direction” (1970, p. 150).

4
Those who argue against Fodor sometimes point out that there
are top-down perceptual processes that penetrate low-level
perception – think of the memory colour effect. Though not
engaging with Fodor directly – after all, Fodor restricts his claims
to top-down cognitive processes – the threat that such cases pose to
veridicality is still palpable.
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Returning to the topic of importing experimental results
from psychology into the philosophy of science, it would be
foolish to deny that these results teach us something about
the limits of cognition and perception. Isn’t this fact a
ringing endorsement that cognitive effects on perception are
widespread and hence that some version of the theoryladenness thesis holds? No, not exactly. One potential
explanation why so many experiments turn up this way is
that they make for sensational news. Allow me to explain.
Those who conduct such experiments are acutely aware that
it is more headline-grabbing to find cases where cognitive
differences lead to divergent rather than convergent
perceptual judgments. To be clear, the worry is not that the
studies are somehow fraudulently manipulated to produce
the desired results but rather that there is a kind of bias that
favours the performing (and publication) of the former
instead of the latter kind of studies. After all, we must not
forget that there is a strong incentive for journals, especially
leading ones, to publish studies with dramatic and/or
unexpected results – see Young, Ioannidis and Al-Ubaydli
(2008). Less cynical explanations may be more appropriate
here and I would certainly not want to exclude them. The
key point in all of this is that we should at the very least be
careful in what we conclude from such studies.
It is also important not to exaggerate the scope of these
studies. Many experiments done in labs tend to impose
conditions, e.g. short time-intervals between priming a
subject with a specific belief and asking them to make a
perceptual judgment, that cannot be said to faithfully reflect
conditions present in the real world. As Brewer and Lambert
note, stimuli in such experiments are ‘‘either ambiguous,
degraded, or requir[e] a difficult perceptual judgment’’
(2001, p. 179). Indeed, it’s not at all easy to design the kinds
of ambiguous shapes, e.g. Leeper’s famous young/old
woman figure, found in many studies. Otherwise put, if the
kinds of shapes and, more generally, the conditions under
which such studies are conducted are uncommon outside of
the psychology lab then there is less reason to fret about
outputs like perceptual judgments being distorted.
The cognitive penetrability debate, as it is conducted
today, is largely concerned with the level at which such
cognitive effects take place. There are those, like
MacPherson (2012), who argue that cognition affects
perception itself, not just perceptual judgment. On this view,
cognition doesn’t just show up at the level of interpreting
what we have experienced but penetrates deep into
perceptual processing. But there are also those, like Lyons
(2011), who suggest that cognition’s effects are typically
more shallow, e.g. targeting perceptual judgment alone.
Finally, there are those who are getting exasperated with the
lack of progress in the debate. Machery (2015) expresses
this sentiment by arguing that the various experiments
utilised on either side are unable to fix the location of
cognitive penetration. Though it would clearly be invaluable
to know how deep cognition penetrates, it does not really
matter for the purposes of this paper. So long as the effects
are likely to be preserved downstream, it makes no

difference to the theoretical neutrality of observation reports
if they appear early or later. For even if such effects
penetrate all the way to early vision but happen very
infrequently and do not distort the incoming structure of the
stimuli substantially, then scientists employing observation
reports downstream have nothing specific to worry about.
Conversely, if such effects do not penetrate early vision –
see, for example, Raftopoulos (2014) who makes a
compelling case for this view – but nonetheless happen
regularly and with severity, then scientists have something
specific to be concerned about. For these reasons, and unless
otherwise noted, this paper will put the otherwise very
important issue of the locus of penetration to one side.

The Ostensive Learnability Criterion
In the remaining sections, we examine two experiment
designs that seek to determine the extent to which, if at all,
observation can be free from theory. We first turn to a
design that originates in Schurz (2015). Some preliminary
remarks are in order. Schurz concedes that various
observations are theory-laden (or as he calls them ‘theorydependent’). Even so, he indicates that “the existence of
observations that are weakly theory-neutral in the sense that
they don’t depend on acquired background knowledge” may
still be possible (2015, p. 139). To find out whether this is
the case, he proposes a criterion whose purpose is to decide
whether a given concept is theory-neutral or theory-laden.
His focus on concepts is deliberate. Concepts are the basic
constituents of propositions. If what we are after are
observational propositions that are theory-neutral and
therefore apt for the purposes of adjudicating between rival
theories then such propositions must surely have as
constituents theory-neutral concepts.
In his search for a criterion that would enable us to
discriminate between theory-laden and theory-neutral
concepts, Schurz imposes a number of conditions. Any such
criterion must: (a) distinguish theory-neutral from theoryladen concepts along the lines of human sensorial capacities,
(b) itself be empirically testable and (c) not rely on
culturally specific verbal behaviour. He then goes on to
propose a criterion that he claims satisfies these conditions.
He calls it ‘the ostensive learnability criterion’ and provides
an experimental framework within which this criterion can
be put to the test. The experiment has two phases: a training
and a testing phase. In the training phase, a number N of
made-up terms ti (where i  N) each denoting some distinct
concept Ci is introduced to the test subjects. The concepts
are made-up so as to not evoke any meaning associations.
Each time a new such term is introduced, the experimenter
presents the test subjects with a small number of positive
and negative instances of the corresponding concept using
ostension and simple expressions like ‘This is a ti!’ or ‘This
is not a ti !’. An instance being positive or negative is
predetermined by the experimenters. The instances may be
concrete objects, videos or photos. Normal observation
conditions must hold across all the instances. At the end of
the training phase the test subjects are expected to have
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extracted a concept. In the testing phase, a new set of
positive and negative instances is presented to the test
subjects. This time no identification is made about which
instances can or cannot be classed under the given Ci.
Instead, the question is asked: Is this an instance of ti ? The
test subjects reply with a ‘Yes’ or ‘No’. The variables
measured include the individual success rate, i.e. the number
of instances classified correctly by each test subject divided
by the total number of instances, as well as the learning
curve, i.e. how quickly (if at all) the test subjects reach a
success rate threshold – say 90%.
What are we meant to gather from these variables? Schurz
reasons that concepts learned swiftly by “(almost) all” the
test subjects, regardless of their cultural, linguistic and
theoretical background, are theory-neutral. Thus, an implicit
assumption is that the test subject population must be
varied. Conversely, concepts that take time to be learned or
cannot be learned at all are deemed theory-laden. The
rationale is quite simple. The training phase utilises a
teaching method, namely ostension, which does not involve
the communication of theoretical prejudices but rather the
mere sensorial exposure of test subjects to a small number
of positive and negative instances of concepts. Their ability
to learn these concepts is thus a testament to those sensorial
abilities. If the majority of the test subjects reach some high
success rate threshold quickly, it is not unreasonable to
suggest that cultural, linguistic or theoretical baggage does
not interfere with their perceptual judgments. Hence, the
concepts learned are not likely to be theory-laden. To put
this into context, the theory-ladenness thesis targeted by this
criterion is one where cultural, linguistic and theoretical
backgrounds affect the content of concepts.
As Schurz stresses, his view does not imply that all
cultures have the same observation concepts. Rather, it at
best implies that cultures can acquire all theory-neutral
observation concepts through ostensive learning. This
sentiment is captured in the two definitions he proposes:
“Definition 1: A concept φ is a theory-neutral observation
concept (or an observation concept i.n.s. [in the narrow
sense]) iff almost all humans can acquire this concept in an
ostensive learning experiment, under normal observation
conditions, independently of their background information,
language and culture” (p. 151) [original emphasis].
“Definition 2: A concept is the less theory-dependent (or the
more theory-independent), the more humans of a
representative sample with mixed cultural background can
acquire φ in an ostensive learning experiment, and the faster
they can acquire φ” (p. 152) [original emphasis].
As the second definition makes clear, any given concept
may be more or less theory-laden. Thus, on this account,
theory-ladenness comes in degrees and should reveal itself
through the extent to which the learning of concepts is
delayed (or even grinds to a halt) in test populations with
subjects from various backgrounds.

The last thing we need to consider in this section is how
exactly the ostensive learnability criterion is meant to meet
the foregoing adequacy conditions. Take the first condition.
Is this criterion able to distinguish theory-neutral from
theory-laden concepts along the lines of human sensorial
capacities? Presumably yes, as learning how to make correct
classification judgments through ostension involves using
one’s senses. What about the second condition? Is the
criterion empirically testable? Once again, there is good
reason to answer in the affirmative as judgment
convergence it not determined a-priori. For example, there
is no guarantee that almost all test subjects will learn what
we intuitively deem as theory-neutral concepts fast. Finally,
the third condition asks that the criterion not rely on
culturally specific verbal behaviour. This is presumably
achieved by putting almost all the weight of the experiment
on ostension. Moreover, language use is restricted to simple
expressions like ‘This is a ti!’, ‘Is this an instance of ti ?’ and
‘Yes/No’. Presumably these are the kinds of expressions
that are likely to be found in all cultures. This concludes our
introduction to the ostensive learnability criterion.

The Stimulus Exchange Procedure
In this section, I propose the design of an experiment
whose aim is to determine whether differences in the
observational judgments of experts vs. laypersons, where
these exist, disappear under controlled conditions. Clearly,
if that were the case at least sometimes, theory-ladenness of
this sort, i.e. where theoretical beliefs affect observational
judgments, would pose less of a threat to the objectivity of
those judgments and the corresponding reports.
Consider an image of what are presumably cellular details
of organic matter taken with a scanning electron microscope
(SEM). Were an expert to produce an observational report
of this image, they would identify several rich features, e.g.
the structure of the nucleus, the mitochondrion and the
endoplasmic reticulum. Their report would thus be laden
with theoretical descriptions from the field of cellular
biology. A layperson or non-expert, by contrast, would have
no such theory to fall back on, though they may certainly
infuse their observational reports with some theoretical
descriptions of their own. No assumption need be made here
that the relevant theoretical beliefs of the expert, or indeed
the non-expert, distort the content of the observation reports
or judgments, though they may very well do. All that
matters for our purposes is that those reports or judgments
differ on account of the distinct theoretical backgrounds
possessed by experts and non-experts.
Is there some layer of content in those reports or
judgments that is impervious to theory? By design, the
proposed experiment is intended to bring about a set of
primitive or basic observation conditions that allows experts
and non-experts to leave their theory behind; as much as
such theory can be left behind of course. If that’s possible,
then, under such conditions, we should expect to find
agreement between the resulting ‘raw’ observation reports
or judgments of the two groups. This would be tantamount
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to a demonstration that at least some theory-laden effects
can be removed and hence that the specific theory-ladenness
thesis may not be as menacing a threat as first thought.
Let us describe the proposed experiment. Take a number
of experts from the same scientific field and an equal
number of laypersons who meet the following
preconditions: they possess (i) normal visual perception and
(ii) decent drawing skills. Say there are ten such experts and
hence ten non-experts. These will make up our test subjects.
Ask the experts to select twelve instrument-produced
images, e.g. SEM images, from their field. Of these images,
the experts should deem four of them as strongly dissimilar
(call this ‘collection A’), four as moderately dissimilar (call
this ‘collection B’) and four as weakly dissimilar (call this
‘collection C’). Allow me to explain. Any one image in
collection A should be quite easy for an expert to
discriminate from another image in the same collection.
Similarly, any one image in collection B should be
moderately difficult for an expert to discriminate from
another image in the same collection. And, finally, any one
image in collection C should be quite difficult (yet still
feasible) for an expert to discriminate from another image in
the same collection. Now, ask both the experts and
laypersons to each draw a faithful, i.e. no detail spared,
reproduction of all twelve images by hand. Gather all the
resulting drawings together, digitise them using a highresolution scanner and present the digitised images of the
drawings to each individual in a random order on a
computer screen. Ask each individual to judge (in isolation)
which digitised images of the drawings are similar to which
original images. According to the numbers assumed above,
there should be 240 digital images of drawings in total. Each
test subject should thus match each of the original images
with twenty digital images of drawings. Their choices will
then be recorded and the data statistically analysed.
Let us call this experiment design the ‘stimulus exchange
procedure’ on account of the fact that the stimuli associated
with the drawings get exchanged between the test subjects.
What could such an experiment show? To the extent that the
classification judgments of experts and non-experts are
highly convergent across one or more collections, it is
reasonable to conclude that the two groups recognise the
same patterns of features and hence make the same
observational judgments. For how could their observational
judgments turn out to be substantially different if each one
matches images to drawings made by 19 others – some
experts and some non-experts – in at least approximately the
same way as those others do? The stimulus exchange
procedure is designed to create conditions that permit test
subjects to decouple their observational judgments from
their theoretical background. If successful, such decoupling
would mean that the latter cannot distort the former and
hence the former’s veridicality can be safeguarded.

Comparing the Two Designs
Let us begin with features that are not shared. One of
them is concept-dependence. The ostensive learnability

design asks test subjects to make judgments on the basis of
concepts learned in a training phase. This dependence is
absent from the stimulus exchange design as no concepts are
expected to be extracted from the assigned task. The latter
design may thus be seen as having an advantage over the
former. That’s because the possibility of constructing a
concept that (either deliberately or inadvertently) is not
sufficiently detached from concepts already known to the
test subjects does not even arise in the case of the stimulus
exchange design. Take the term ‘meran’. Suppose the
experimenters decide that it denotes the concept blood
orange. In Indonesian as well as Malaysian ‘merah’ means
red. A test group composed of some subjects with
knowledge of either of those two languages is more likely to
gravitate towards the intended concept in an accelerated
manner. After all, blood oranges have a red-ish hue. To be
clear, I don’t think that this is an insurmountable problem.
The point, rather, is that the very possibility of this problem
does not even come up in the stimulus exchange design.
Another feature that the two designs differ on is the
supposition of correctness. In the ostensive learnability
design, one must assume that the made-up concept has
certain positive and negative instances and hence that test
subject judgments in relation to these instances are correct
or incorrect. This requirement is absent from the stimulus
exchange design as the test subjects are only evaluated from
the perspective of whether or not their matching of drawings
to original images converges, not whether the matching is
correct.5 Once again, I take this as an advantage of the latter
design. That’s because by assuming that some judgments
are correct we open ourselves up to accusations of potential
experimenter bias. Generally speaking, the fewer
assumptions made, the better.
Yet another feature that is not shared is scope. The
ostensive learnability design can be applied to individuals
from different cultures, languages and theoretical
backgrounds. By contrast, the stimulus exchange design is
more restricted in scope as it targets differences between
experts and non-experts. Here I find in favour of the former
design as it is more flexible and can potentially determine
neutrality in a greater variety of contexts. This finding is,
however, preliminary. That’s because there is a way to
liberalise our understanding of expertise that allows the
scope of the stimulus exchange design to be expanded. If by
expertise we mean simply the possession of any particular
theoretical background, then any individual not in
possession of that background counts as a non-expert and
hence can be compared to the individual who is indeed in
possession of it. To illustrate: Take two individuals , 
with different religious beliefs, say B and B respectively.
Individual  is a non-expert in relation to ’s theoretical
background, namely B, and individual  is a non-expert in
relation to ’s theoretical background, namely B.
Understood thus, the distinction between experts and non5

Having said this, it is reasonable to assume that convergence is
less likely to occur without correct matching.
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experts enables a broad range of comparisons to be made;
perhaps as broad as those that can be performed in the
ostensive learnability design.
What about features shared by the two designs? Let’s start
with the obvious. Both make use of visual stimuli. In the
ostensive learnability design, these are photos, videos or
concrete objects. In the stimulus exchange design, they are
instrumentally-produced images from a scientific field and
drawings thereof. Another shared feature is that the two
designs approach the problem with a classification task. In
the ostensive learnability design, test subjects are asked to
decide whether a photo, video or concrete object is an
instance of a concept. In the stimulus exchange design, test
subjects are asked to match drawings to the original images.
Indeed the classification task in both designs crucially
depends on the ability to make similar judgments. For
example, to determine whether an object given in the test
phase of the ostensive learnability experiment instantiates a
concept, one needs to compare how similar that object is to
those presented in the training phase. Likewise, to match a
drawing to one of the original images in the stimulus
exchange experiment a similarity judgment is necessary.
The most critical feature shared by both designs is by far
the eliciting of observational judgments under a set of
primitive observation conditions. We have already seen how
this manifests in the stimulus exchange procedure. The
ostensive learnability criterion does something similar. It
attempts to put test subjects in a situation where they leave
theory behind, e.g. by presenting them with made-up terms
and by asking for simple ‘Yes’ and ‘No’ answers to visual
tasks. In both designs, the hope is that the said conditions
will compel test subjects with diverse theoretical
backgrounds to fall back on their bare observational skills.
Convergence of judgment, or lack thereof, under such
conditions would thus be most telling. A positive evaluation
to the question whether theory-neutral observations can be
had is borne out of such judgment convergence. In the
ostensive learnability design, this takes the form of how
swiftly (if at all) the test subjects reach a certain success rate
threshold in the acquisition of a novel concept. In the
stimulus exchange design, this takes the form of the
closeness of expert and non-expert perceptual judgments.
Let me bring this paper to a close by considering an
objection to the very idea that underwrites the aspirations of
these experiments, viz. that we can potentially learn
something about theory-ladenness theses through careful
design. It may be argued that if observations are theoryladen then we cannot use the observations of a proposed
experiment to support (or refute) the theory at hand – in this
case, the theory that theory-laden effects are ever-present
and severe. Although clever-sounding at first, this kind of
objection is ill-conceived and, indeed, self-undermining.
That’s because the main motivation for the view that
observation is theory-laden to the extent that its objectivity
flies out of the window is precisely the aforementioned
experimental results in psychology. If we were to start
doubting the veridicality of observations wholesale, then we

would have to deny the validity of those experimental
results and, as a consequence, remove the most powerful
motivation we have for placing our trust in theory-ladenness
theses. Put another way, to employ such results in support of
theory-ladenness theses one needs to endorse their
veridicality. Moreover, note that there is more than a whiff
of unfalsifiability to the claim that no experiment can
conceivably chip away at theory-ladenness. If the thesis is
not open to the possibility of empirical refutation, how are
we to choose between it and the countless other alternatives,
including the extreme opposite (and in my view also
mistaken) position that all observations are veridical. Logic
alone is clearly not the answer. That’s why the current paper
explores the two experiment designs. We need to find the
most unobjectionable way to determine the extent to which
veridicality can be preserved.
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Abstract

Bilingual individuals rely on adaptive control to
process, switch and maintain each of their languages
across contexts (Green & Abutalebi, 2013). However,
the nature of the relationship between bilingualism and
cognitive control is elusive, particularly in young
adults (Hilchey & Klein, 2011). Some studies have
found that young adults who are bilingual perform
better on measures of cognitive control than their
monolingual peers (e.g. Wiseheart, Viswanathan &
Bialystok, 2016), while others have found no effect of
bilingual language experience on general cognition
(von Bastian, Souza & Gade, 2016).
There are two likely causes for the inconsistency in
results. The first is that there is no uniform method of
measurement or definition of bilingualism that is used
across studies. Bilingual individuals are commonly
defined as individuals who speak two or more
languages on a daily basis (Bialystok, 2009; Grosjean,
2015). However, individuals who fit this description
may have entirely different bilingual experiences
depending on proficiency, age of acquisition, method
of exposure, literacy and typological distance between
the languages, among others (Kaushanskaya & Prior,
2015). Further, most studies have operationalized
cognitive control using tasks that have multiple
underlying target functions (Valian, 2015), show no
correlation with each other (Paap & Greenberg, 2013)
and are ultimately not sensitive measures of cognitive
control (Marton, 2015). Tasks that target specific
processes involved in goal-directed adaptations are the
key to gathering reliable information about the
relationship between bilingualism and cognitive
control.
When Marton and colleagues (2017) used stepwise
experimental manipulations across conditions, they
were able to distinguish the aspects of cognitive
control that are affected by the bilingual experience
from those that are not. For example, performance on
a word categorization task was significantly less

Reports of the relationship between aspects of cognitive
control and bilingual language experience in young
adults have been inconsistent. This study compared
performance between monolingual and bilingual young
adults on working memory (WM) updating as a
measure of cognitive control and examined how
differences in bilingual language experience manifest
in updating performance. A letter N-back task with set
size and lure manipulations was used to measure
updating processes in the presence of increased
memory load and interference. We expected to see an
effect of the bilingual experience on WM updating, as
well as within task variations related to the use of
different updating mechanisms. While the monolingual
and bilingual groups did not perform significantly
differently, high non-English reading proficiency
significantly predicted accuracy and reaction time
within the bilingual group, particularly in high load,
interference conditions. Results showed that young
adults categorized as bilingual in a broadly defined
group may be difficult to uniformly compare to a
monolingual group as they show large variations in
performance depending on their individual language
experience.
Keywords: working memory, updating, bilingualism,
cognitive flexibility, interference

Introduction
Cognitive control is a broad construct that
encompasses processes recruited to configure the
cognitive system for goal-directed behavior.
According to a widely accepted framework, individual
differences in cognitive control are a result of the
adaptability of the cognitive system to immediate
changes in information that is being processed during
task performance (Botvinick, Braver, Barch, Carter &
Cohen, 2001).
A large body of research has been focused on the
effect of aging, occupation, socioeconomic status and
other life experiences on cognitive flexibility.
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affected by proactive interference for bilingual young
adults than monolingual young adults. The advanced
ability to flexibly adjust the cognitive system afforded
by the bilingual experience is affected by unique
aspects of bilingualism and by the methods by which
cognitive control is gauged.

performance.
Paradigm Manipulations The N-back paradigm
developed for this study has manipulations of set size
and interference. For set size, the number of items to
be held in WM vary across three conditions: 1-back,
2-back and 3-back. For interference, proactive and
retroactive lures are presented as distractors (Gray,
Chabris & Braver, 2003). Proactive lures appear
before a target and retroactive lures appear after a
target. The paradigm allows for interpretation of
independent and interactive effects of memory load
and interference and provides information about
underlying updating mechanisms that are recruited in
the face of these manipulations.
Research Questions (1) Do bilingual and
monolingual young adults differ in working memory
updating if the tasks include interfering lures and
manipulations of memory load?
(2) Do any variables of the bilingual experience, such
as age of acquisition and literacy better predict WM
updating performance than spoken language
proficiency in bilingual young adults?
(3) Can the two updating mechanisms explain
differences in within-subject performance patterns and
display how particular aspects of bilingualism
influence WM updating strategies?

Working Memory (WM) Updating
Working memory updating is one process that
particularly reflects the adaptability of the cognitive
control system and may be influenced by the bilingual
experience (Meier & Kane, 2017).
For the purpose of the present study, the Oberauer
(2002) framework of WM will be used to interpret
updating performance, which involves rapidly
refreshing WM representations to focus on
information relevant to the task goal.
The N-back Task One of the most common tasks that
measures WM updating is the letter N-back, which
entails continuously refreshing WM content while
processing incoming information in the form of letters
presented one at a time. The task goal is to judge
whether the current letter matches the letter that was
presented “n” items prior. The participant is required
to accept target items and reject distractor items in
accordance with the task goal. The encoding,
refreshing and retrieval processes during this task
require attribution of each letter (content) to the
appropriate temporal position (context), known as
content-context bindings. Two conceptually different
mechanisms that are necessary for successful updating
may be implicated in patterns of performance on the
N-back task: (1) Strong, stable WM representations of
content-context bindings that permit successful,
recognition-based judgments of target items (2)
Flexible WM representations of content-context
bindings that can be refreshed in the presence of
interference that arises when incoming items are
bound to the same temporal context as previously
relevant items (Oberauer, 2005)

Hypotheses to Question 1: (a) The bilingual group
will perform significantly better than the monolingual
group in the most demanding, third set size condition.
(b) The bilingual group will reject significantly more
proactive distractors than the monolingual group,
particularly in high set size conditions. (c) There will
be no between group difference in performance in the
retroactive interference conditions across set size.
Question 2: Because WM processes are integrated in
several reading mechanisms (Daneman & Carpenter,
1980), English and Non-English reading proficiency
will predict updating performance in the bilingual
group.
Question 3: Reliance on one updating mechanism over
the other may result in different patterns of
performance across the four item types: target, new
distractor, proactive distractor and retroactive
distractor. Bilingual young adults will most likely rely
on the flexibility mechanism as use and maintenance
of multiple language systems have been reported to
heavily influence cognitive flexibility (e.g. Hartanto &
Yang, 2016).

The Present Study
In the present study, we attempt to further understand
the relationship between bilingualism and cognitive
control in young adults with consideration to the
heterogeneity of the bilingual experience and the
necessity for specific measures of cognitive control.
Only a handful of studies have measured WM
updating in bilingual young adults and have often
found ceiling effects on performance across groups
(e.g. Sover, Rodriguez-Fornells & Laine, 2011).
However, an N-back paradigm with manipulations in
task complexity may capture how aspects of the
bilingual
experience
affect
WM
updating

Methods
Participants
Sixty-eight healthy young adults were recruited for
this study (Table 1). Twenty-five were monolingual
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speakers of English and 43 were bilingual speakers of
English and another language. Participants in both
groups reported no history of a communication
disorder, neurological disorder, learning disability or
other deficit. All participants were recruited and
categorized using The Language Experience and
Proficiency Questionnaire and reported a composite
English proficiency of eight or higher. Bilingual
participants also reported a composite proficiency of
eight or higher in another language. Composite scores
were calculated by finding the average of the reported
comprehension and production proficiency (LEAP-Q;
Marian, Blumenfeld & Kaushanskaya, 2007).

the nature of retroactive interference, it could only be
manipulated in set sizes higher than the 1-back.
Stimuli were 26 white letters of the Roman alphabet
and were presented one at a time in the center of a
black screen for a duration of 600 ms. There was an
interval of 2400 ms between each stimulus item.
Participants were required to press the green button for
a target and the red button for a distractor placed on
the “M” or “X” keys. Location of response buttons on
the keyboard and presentation order of each condition
were both counterbalanced across participants.

Table 1: Proficiency and demographic information
Group

n

Age

Mon
Bi

25
43

25.6 (4.4)
22.6 (2.5)

Edu
(years)
16.3(1.5)
15.7(2.0)

Non-English
Proficiency
----------8.9 (1.3)

Stimuli and Procedures
The experimental task was a manipulation of the letter
N-back and involved judgments about whether the
present letter matched the letter that came “n” letters
prior. The paradigm included nine conditions
including a baseline recognition task (0-back) and
three set size conditions: 1-back, 2-back and 3-back.
Each set size consisted of a neutral and proactive
interference condition. The 2 and 3-back set sizes also
consisted of a retroactive interference condition
(Figure 1).

Figure 1: Task paradigm: Presentation of 2-back
condition with interference lures.

Data Analysis
There were two dependent variables used to analyze
data from this task: accuracy and reaction time for all
item types (target, new distractor, proactive distractor
and retroactive distractor). Both variables were
examined using mixed-effects regression analysis,
which allows within- and between-subject effects to be
examined in hierarchical data. In this case, responses
(level-1) were nested within participants (level-2).
Non-linear accuracy data for all conditions were fit
to mixed-effects logistic regressions by specifying
family binomial and link logit. Reaction time data,
which were only analyzed in accurate responses, were
log transformed due to its skewed distribution. Data
for all conditions was fit to mixed-effects regressions
with Maximum Likelihood estimation. The maximal
model of random effects was selected to include
random slope and random intercepts (correlated),
which is most appropriate for confirmatory hypothesis
testing (Barr, Levy, Scheepers, & Tily, 2013).
Outliers for all dependent variables were removed
by fitting each data type to the appropriate models and
plotting level 1 and level 2 residuals. Any residuals 3
standard deviations above or below the mean were
excluded (less than two percent of the data) and the
model was re-fitted.

Set Size The set size condition included a baseline
recognition task of 72 trials, which required the
participant to press the green button when the letter
“X” appeared on the screen. The higher set size
conditions were designed to measure the effect of WM
load on updating performance. The 1-back, 2-back and
3-back contained 75, 78 and 81 trials respectively.
Interference There were two interference conditions
in the paradigm in addition to a neutral condition with
only new distractor items. In the proactive interference
condition, 25% of the distractor items were lures
presented prior to a target item at the n-1 position. This
condition was designed to measure the effect of
previous target items presented as distractors on WM
updating performance across set sizes. In the
retroactive interference condition, 25% of the
distractor items were lures presented after a target item
at the n+1 position. This condition was designed to
measure the effect of post target presentation of
previous distractor items in incorrect temporal
positions on WM updating performance. Because of
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Results

Table 2: Sample size for bilingual predictors
Predictor
Eng AoA
Non-Eng
Reading

Between groups
To examine the first research question, accuracy and
reaction time data were compared between the
bilingual and monolingual language groups. For
accuracy data, three predictors were included in the
logistic regression model: language group, set size and
item type (new distractor, proactive distractor,
retroactive distractor and target). Results related to
proactive and retroactive distractor items are reported
together where the two do not differ. The fitted model
showed significant effects of both set size (p <.001)
and item type (p< .001) on accuracy, but no significant
main or interaction effect of language group. A set size
by item type interaction showed that target item
accuracy was significantly lower in set size two
(p<.001) and set size three (p<.001) than in set size
one. Target item accuracy was significantly lower in
set size three than in set size two (p=.010). Interference
item accuracy was also significantly lower in set size
two (p<.001) and set size three (p<.001) than in set
size one. There was no significant difference in
interference item accuracy between set size two and
three. New distractor item accuracy was not
significantly affected by set size.
For reaction time data, the same three predictors
were included in the linear regression models. Again,
the model showed significant effects of both set size
(p< .001) and item type (p<.001) on reaction time, but
no effect of language group (p=.282). A set size by
item type interaction showed that target item reaction
time was significantly slower in set size two (p=.015)
and set size three (p<.001) than in set size one. Target
item reaction time was significantly slower in set size
three than in set size two (p<.001). Interference item
reaction time was also significantly slower in set size
two (p=.038) and set size three (p<.001) than in set
size one. Interference item reaction time was
significantly slower in set size three than in set size
two (p=.021). New distractor item reaction time was
not significantly affected by set size.

M (SD)
7.4 (8.8)
5.3(7.2)

Min
0
1

Max
14
10

Accuracy Set size significantly predicted accuracy in
that performance across item types and participants
was significantly lower in the second and third set size
condition compared to the first set size condition.
There was also a set size by item type interaction effect
(p<.001). Accuracy on proactive and retroactive
interference distractor items was significantly lower
than accuracy on new distractor items in the 2 (p=.016)
and 3-back conditions (p=.001) and accuracy on target
items was significantly lower than both new distractor
items in the 2 (p=.022) and 3-back condition (p=.004)
and interference items in the 3-back condition
(p<.001). Non-English reading scores significantly
predicted overall accuracy (p=.005) and there was a
non-English reading proficiency by set size by item
type interaction (p<.001; Figure 2). Effects and
interactions of age of acquisition were not statistically
significant.

Figure 2: Effect of non-English reading proficiency
on accuracy across set size (columns 1, 2 and 3) and
item type (new distractor, proactive distractor,
retroactive distractor and target).

Within group; Predictors of bilingual
performance

Reaction Time Set size significantly predicted
reaction time in that performance across item types
and participants was significantly slower in the second
(p<.001) and third (p<.001) set size condition
compared to the first set size condition. There was also
a set size by item type interaction (p<.001). Reaction
time on target items was significantly slower than both
new distractor items in the 2-back (p<.001) and 3-back
(p=.032) conditions and interference items in the 2
(p= .022) and 3-back conditions (p<.001). NonEnglish reading scores significantly predicted overall

To examine the second research question, accuracy
and reaction time data from the bilingual group were
fitted to a model with the following predictors: set size,
item type, English age of acquisition and non-English
reading proficiency.
Each of the reading proficiency predictors were
quantified using Likert scale reports on the LEAP-Q
(Table 2).
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reaction time (p=.027) and there was a non-English
reading proficiency by set size by item type interaction
(p<.001). Reaction time for interference items was not
significantly different than reaction time for new
distractor items. Effects and interactions of age of
acquisition were not statistically significant.

of bilingualism that are related to WM updating in the
current study, within-subject analysis of item and
response types and between-subject analysis of
language experience was conducted with bilingual
participants.
While there were significant effects of WM load and
item type on performance across bilingual
participants, the effect of task complexity on decisionmaking in the N-back was not the same for each item
type across the three set size conditions. As expected,
there was no effect of any manipulation on rejection of
new distractor items. Additionally, the effect of
interference increased with increasing load. However,
the effect of memory load was most prominent in
target item accuracy. In the third set size condition,
recognition of target items was the most difficult
decision for all bilingual participants. This finding was
unexpected and may be indicative of an overall bias
toward rejection. In other words, the threshold for a
“yes” response selection seems to be much higher than
for a “no” response selection as the N-back task gets
progressively more complex. These findings in
relation to the updating theoretical framework show
that bilingual young adults rely more on the flexibility
(mechanism 2) of WM bindings during updating,
which may sacrifice the stability required to recognize
target items.
When we looked at other relevant predictors, we
found that non-English reading proficiency
significantly predicted accuracy and reaction time
performance. This finding is in line with the welldocumented relationship between reading and WM
updating. Individual differences in reading
comprehension abilities have been found to be
associated with WM updating performance (Palladino
et al., 2001). WM updating is also a crucial cognitive
component of sentence comprehension development
in the native language (King & Just, 1991). The
influence of non-English reading proficiency in the
present study may indicate that the relationship
between bilingualism and cognitive control in WM
updating is specific to biliterate populations.
Individuals with high non-English reading
proficiency were significantly better at resisting
proactive interference effects at the highest set size
than individuals with low non-English reading
proficiency. In conditions with high interference,
bilingual young adults with high reading proficiency
in both languages were able to adjust their cognitive
system to allow more flexible bindings that were
resistant to familiarity based judgments caused by
interference.
The role of the bilingual experience in WM updating
and its underlying mechanisms can be highlighted
with a process-specific task involving specific
manipulations. Interestingly, it seems that some

Discussion
The present study aimed to explore the relationship
between bilingual language experience and cognitive
control abilities in young adults. More specifically,
WM updating performance was used to measure how
mechanisms of cognitive adaptability manifest in
individuals with different language proficiencies.
There are three main findings to be discussed. First,
WM updating performance did not distinguish
bilingual and monolingual young adults. Second,
within bilingual participants the effect of increased
WM load was not consistent across item types,
indicating a reliance on the flexibility mechanism
during updating. Third, non-English reading
proficiency predicted performance in the bilingual
young adult group, particularly in high memory load,
interference conditions.
The lack of group difference in performance
between bilingual and monolingual young adults may
point to the inevitable conclusion that WM updating is
not a cognitive process that is affected by frequent use
of more than one language. Yow and Li (2015) found
that the bilingual experience was related to inhibitory
control and attention shifting, but not to resistance to
distractor interference and WM updating. While these
results in addition to the present results may indicate
that WM updating is not relevant to bilingualism, the
operational definition of bilingualism in both studies
must be considered. Yow and Li used balanced
proficiency and balanced use as predictors of n-back
performance in the 2 and 3-back task. The present
study used high, balanced spoken language
proficiency as inclusion criteria for the bilingual
group. While these measures of bilingualism are used
often in this literature, they may be resulting in broadly
defined bilingual groups with individuals that perform
entirely differently on the same measures of cognitive
control. Importantly, performance of such
heterogeneous groups cannot be reliably compared to
performance of their monolingual peers. TeubnerRhodes and colleagues recruited a more homogenous
Spanish-Catalan bilingual young adult group who
performed better on an interference lure condition of a
3-back task than their Spanish monolingual peers
(2016). These results indicate that a bilingual young
adult group with a more consistent language
experience across individuals may be better suited to
highlight the role of bilingualism in WM updating
performance. To further examine the specific aspects
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aspects of the bilingual experience such as literacy
affect the updating performance, while others such as
spoken proficiency may not.

Questionnaire (LEAP-Q): Assessing Language
Profiles in Bilinguals and Multilinguals. Journal of
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Marton, K. (2015). Theoretically driven experiments
may clarify questions about the bilingual advantage.
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Obler, L. K. (2017). Executive control mechanisms
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Abstract
Risk and delay co-occur. Intertemporal choices are rarely
certain; risky choices are rarely atemporal. Behavioral
evidence suggests that risk and time are entangled: time
discounting is different for risky outcomes than for riskless
outcomes. A prominent model of risky intertemporal choice
(Baucells & Heukamp, 2012) combines risk and delay into
psychological distance. It predicts that risk and time will be
entangled for outcome risk (risk with one zero outcome and at
least one positive outcome) but not for amount risk (risk with
three or more positive outcomes) unless assuming noncumulative probability weights. We show that BH does not
quantitatively fit risky intertemporal choices better than a
model assuming risk and time are independent. Many
participants were best fit by a random response model. The
functional form for risky intertemporal choices is difficult to
detect. While risk and time are entangled, they do not seem to
be evaluated as psychological distance.
Keywords: Risky Intertemporal Choice; Choice Modeling;
Individual Differences, Latent Mixture Model

Introduction
Decisions often involve a trade-off realized over different
time periods. When choosing an age to retire you can wait to
receive Social Security payments of $1200 a month or claim
early and receive only $1000 a month (Knoll, Appelt,
Johnson, & Westfall, 2015; Schreiber & Weber, 2016). Many
real-world choices, beyond the delay to receipt, have an
element of risk in the outcome. For instance, when investing
in an individual retirement account (IRA), you know that the
total value at the time of your retirement is uncertain.
However, most models of risk and time treat each aspect
independently. This might be why there is mixed evidence
for the predictive power of intertemporal choices on realworld decision making (Arfer & Luhmann, 2017). To better
predict real world decision making, models should
acknowledge the co-occurrence of risk and delay.
Recent work has proposed an integrated model of risk and
time (Baucells & Heukamp, 2012), but this model implicitly
ignores the fact that risk is rarely binary—you are unlikely to
encounter a prospect which has a 50% chance of $100 and a
50% chance of $0. Your IRA can take on a lot of different
values in the future. Further, as is often the case, a model is
tested via the qualitative behavior effect it produces, not how
well it recovers parameters and predicts actual choices.
The treatment of risk and time as separate is further
perpetuated in experimental work. As opposed to measuring
risk and time together, the dominant paradigm for

investigating temporal preferences is choices between two
certain (i.e., without risk) monetary amounts, each received
at a different point in time. For example, participants might
be asked to make a choice between receiving $100 today or
$110 in 4 weeks. Adding risk can be achieved by specifying
a 50% probability for all monetary amounts (Ahlbrecht and
Weber 1997; Andreoni and Sprenger 2012; Baucells and
Heukamp 2012). This increased realism, however, it also
alters discounting.
Consider the immediacy effect, a phenomenon in which
people display a strong preference for immediate outcomes.
People prefer $100 today to $110 in 4 weeks, but if you push
both options back 26 weeks, people prefer $110 in 30 weeks
to $100 in 26 weeks. The power of immediacy, however,
diminishes in the presence of risk. For instance, Weber and
Chapman (2005) demonstrated that adding outcome risk—
e.g. specifying a 50% probability for all monetary amounts—
attenuates the immediacy effect. In other words, the power of
now may in part be due to the certainty of now. Related work
has reached a similar conclusion: people discount the future
differently if it is risky as compared to if it is certain
(Andreoni & Sprenger, 2012; Hardisty & Pfeffer, 2015).
Taken together, these results suggest that risk and time are
entangled.
In this paper we measure the entanglement of risk and time
by fitting multiple models of risk and time to choices,
including a random response model. We further allow for
individual differences in risk time entanglement.
Entanglement has only been observed in aggregate; however,
this may be due to a subpopulation which has entangled
preferences. Lastly, to increase realism we include choices
which have multiple positive outcomes.
In the next section we discuss two broad categories of risky
intertemporal choice models: one category assumes risk and
time are disentangled and the other assumes they are
entangled. For the entangled model, we focus on the Baucells
and Heukamp (BH) model which reduces to a disentangled
model. In order to see how these models deal with risk with
multiple outcomes, we extend both the entangled and
disentangled models with cumulative and non-cumulative
prospect theory. We then fit the 4 models and a random
response model to choices, allowing each participant to be fit
by a unique model. Our results suggest that risk and time –
while entangled – are not unified under psychological
distance—an assumption of the BH model.
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Two Classes of Risky Intertemporal Choice Models
Models of risky intertemporal choices fall into two broad
categories. The first category assumes that risk and time are
evaluated independently and therefore involves a two stage
process: 1) calculate the certainty equivalent of the risky
option, then, 2) discount it (Abdellaoui, Diecidue, & Öncüler,
2011; Öncüler, 2000). Evaluating time and risk separately
assumes that they are independent of one another, meaning
that, contrary to the evidence presented above, risk should not
affect temporal discounting. The second category, which
evaluates time and risk together, in a single step, assumes that
they are entangled and therefore are dependent on one
another (Baucells & Heukamp, 2012). This combined
evaluation assumes that time and risk are evaluated in
concert, meaning that the effect of risk on value is dependent
upon the delay to receipt and vice versa.
For the entangled category of models, we use the BH
model because it has only three free parameters and has a
psychological interpretation for risk-time entanglement.
Specifically, it assumes that both risk and time increase
psychological distance—which is subadditive. Further, while
the model was originally presented as a quantitative model of
risky intertemporal choice, it was not fit to choices. More
practically for our purposes, BH reduces to a common
probability weighting model Prelec (1998), for immediate
prospects, and a common time discounting model, Ebert and
Prelec (2007), for riskless prospects.
For the disentangled category of models, we use a twostage model that combines the Prelec probability model with
the Ebert and Prelec time discounting model and evaluates
risk and time independently, i.e. the effect of delay is
independent of risk and the effect of risk is independent of
delay. While the BH model also combines the Prelec model
with the Ebert and Prelec model, it evaluates delay and risk
together, e.g. the effect of delay on value depends on how
much risk and the effect of risk on value depends on delay.
More simply, the BH model assumes risk and time are
entangled, while the Prelec then Ebert and Prelec model
assumes risk and time are disentangled.
Disentangled Model Stage 1: Prelec Probability Model of
Probability Weighting
The first stage of our two stage model calculates, given an
objective probability, the decision weight of an outcome. The
decision weight of an unlikely event (𝑝 = .01) is generally
overweighted, while the perceived probability of a likely
event (𝑝 = .99) is generally underweighted. Prelec (1998)
outlines a probability weighting model which defines the
weighted, or perceived, probability w(p) of an objective
probability 𝑝 as
𝑤(𝑝) = exp((−(−ln𝑝)𝛿𝑃 ))
(1)
Where 𝑝 is the probability of the option and the 𝛿𝑃
parameter is the distortion of probabilities. For 𝛿𝑃 = 1 there
is no distortion of probability, but for 𝛿𝑃 = 0.1 probabilities
are very distorted, with extreme overweighting of low

probabilities, 𝑤(.01) = 0.31, extreme underweighting of
high probabilities, 𝑤(.99) = 0.53. The dollar amount 𝑥 is
then multiplied by the weight, 𝑤(𝑝), to get the value,
V(𝑥, 𝛿), of the gamble. For ease of exposition, we are
assuming linear utility1. The Prelec probability weighting
model calculates, ignoring delay, the risk adjusted value of a
prospect. The second stage of our two stage model—the
Ebert and Prelec model of time discounting—then discounts
that value .
Disentangled model stage 2: The Ebert and Prelec Model
of Time Discounting
The Ebert and Prelec (2007) model of time discounting has a
similar functional form as the Prelec model, but instead of
accounting for deviations from linear probability weighting,
it accounts for deviations from exponential discounting.
Specifically, the Ebert and Prelec model calculates the
discount factor 𝑑(𝑡)—the factor by which a present value is
reduced moving 𝑡 days into the future—by:
𝛿𝐸𝑃

𝑑(𝑡) = exp(−(𝑟𝑑𝑎𝑖𝑙𝑦 𝑡) )
(2)
Where t is the delay, 𝑟𝑑𝑎𝑖𝑙𝑦 is the daily discount rate, and
𝛿𝐸𝑃 is the index of time sensitivity. When 𝛿𝐸𝑃 = 1, the Ebert
and Prelec model reduces to exponential discounting. When
𝛿𝐸𝑃 < 1 the model predicts increased discounting for delays
in the near future and decreased discounting for delays in the
far future—more simply, it can account for the immediacy
effect.
Disentangled Model: Combined Prelec and Ebert-Prelec
(PEP) model
The discount factor from the Ebert and Prelec model—
Disentangled model stage 2—is multiplied by the risk
adjusted value—Disentangled model stage 1—to calculate
the utility of the delayed prospect. Specifically, the
probability adjusted discount factor, 𝛼, of a delayed prospect
is the product of the Prelec probability weight and the Ebert
and Prelec discount factor: 𝛼 = 𝑤(𝑝)𝑑(𝑡). The value of a
delayed prospect is: 𝛼𝑥. This combination of the Prelec
probability weighting model and the Ebert-Prelec
discounting model is a two stage model of delayed prospects
which we call the PEP model. The PEP model assumes
disentangled risk and time; it is a foil to the predictions of the
BH Model.
Entangled Model: Baucells and Heukamp
In contrast to the two stage PEP model, Baucells and
Heukamp (2012) assumes that risk and time are entangled.
BH combines the Prelec and Ebert and Prelec models into a
one stage model where risk and time form a single distance
function, which captures the psychological distance to the
outcome. Increasing the amount of time to an option
increases psychological distance; similarly, decreasing the
probability of receiving an outcome increases psychological
distance (Trope & Liberman, 2010). This psychological
distance function is subadditive, such that the combination of
risk and time produces an effect on psychological distance

1

The utility function is similar for both time and risk (Luckman
et al., 2017)
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that is less than the linear combination of risk and time by
themselves.
For a delayed prospect, the BH distance model calculates
probability adjusted discount factor, 𝛼, as:
𝛿𝐵𝐻

𝛼 = exp (−(−ln𝑝 + 𝑟𝑑𝑎𝑖𝑙𝑦 𝑡)
)
(3)
where 𝑝 is the probability with which it will be received and
𝑡 is the delay until receipt. The parameters for calculating
utility are 𝑟𝑑𝑎𝑖𝑙𝑦 —the probability discount rate which
measures the trade-off between probability and time delay—
and 𝛿𝐵𝐻 —the sensitivity to psychological distance. Higher
𝛿𝐵𝐻 values indicate less sensitivity to distance. For lower 𝛿𝐵𝐻
values distance is more subadditive. The BH model reduces
to the Ebert and Prelec time discounting model for certain,
i.e. 𝑝 = 1, intertemporal choices and reduces to the Prelec
Probability Weighting function for atemporal, i.e. 𝑡 = 0,
risky choices (Baucells & Heukamp, 2012; Toubia, Johnson,
Evgeniou, & Delquié, 2012).
In order to keep terms consistent across models, we refer
to the 𝛿 parameter as the deviation parameter. In the Prelec
model it refers to the deviation from linear probability
weighting, in the Ebert and Prelec model it refers to the
deviation from exponential discounting, and in the BH model
it refers to the diminishing sensitivity between risk and time,
e.g., how much does risk and time deviate from risk alone and
time alone.
Two Types of Risk, Two types of decision weights
In pilot studies, we found that BH does not predict that
amount risk alters discounting unless we assume
noncumulative decision weights. This, however, seems
implausible because, for amount risk the total probability
weight can be greater than 1, leading to violations of
dominance. In order to test if noncumulative probability
weights actually fit choices better, here we fit all four
models—BH Cumulative, BH NonCumulative, PEP
Cumulative, PEP NonCumulative—as well as a random
response model to choice data.
A key element of Prospect theory (Kahneman & Tversky,
1979) is the overweighting of small probabilities and the
underweighting of large probabilities. For prospects with two
positive values—½ chance $25 and ½ chance of $100 —
probability weighting can lead to violations of stochastic
dominance. To correct for this this, Kahneman and Tversky
propose editing rules—the prospect assuredly pays out $25
and has a ½ chance of receiving an additional amount.
However, this editing rule does not easily apply to prospects
with, say, four (which is what we use in our experiment)
positive outcomes (Gonzalez & Wu, 1999). Therefore, we
estimate noncumulative decision weights without an editing
rule. For the following prospect, a 1/6 Chance of $125; a 1/6
Chance of $120; a 1/6 Chance of $115; 1/2 chance of $0, we
simply calculate a decision weight for 1/6th and multiply that
by the dollar amount and take the sum.
While noncumulative decision weights can lead to
violations of stochastic dominance and seem to be prima facie
incorrect, there is reason to believe that delay alters
probability weighting. Specifically, the form of decision
weighting may be entangled with time. If people perceive

delay as adding risk, they should weight probabilities
differently when delay is present. As previously mentioned,
when combined with the BH model, noncumulative decision
weights predict behavioral patterns in risky intertemporal
choices, but cumulative decision weights do not.
In order to deal with violations of stochastic dominance
without ad hoc editing rules, Tversky and Kahneman (1992)
created Cumulative prospect theory. What follows is
Gonzalez and Wu's (1999) intuitive specification of
cumulative decision weights. First, the options are placed in
order according to decreasing absolute value. Formally,
where 𝑋1 is the dollar amount for the first option and 𝑝1 is the
probability of receiving the first option, a prospect is
represented by (𝑋1 , 𝑝1 ; … ; 𝑋𝑛 , 𝑝𝑛 ) where |𝑋𝑖 | > |𝑋𝑖+1 | and
all 𝑋's are on the same side of the reference point. The value
of a prospect is the following:
𝑛

𝑖

𝑖−1

𝑤(𝑝1 )𝑢(𝑋1 ) + ∑ [𝑤 (∑ 𝑝𝑗 ) − 𝑤 (∑ 𝑝𝑗 )] 𝑢(𝑋𝑖 ) (4)
𝑖=2

𝑗=1

𝑗=1

where 𝑢 is the utility function, which in our case is linear.
Taking the atemporal prospect outlined in the
noncumulative section, a cumulative probability weighting
proceeds as follows—remember we assume linear utility.
Since the items are already in decreasing order according to
absolute value, “1/6 chance of $125” would be have a
decision weight of 𝑤(1/6) ∗ $125. The weight of $120
would be [𝑤(1/3) – 𝑤(1/6)] ∗ $120, which is the decision
weight of the probability of receiving at least $120 minus the
decision weight of the probability of receiving more than
$120. And similarly to $125, the weight of $115 would be
[𝑤(1/2) – 𝑤(1/3)] ∗ $115, e.g. the probability weight of
receiving at least $115 minus the probability weight of
receiving more than $115. This sets an upper bound on the
sum of decision weights at 1. In the two stage model, the
weighting function, 𝑤, is the Prelec probability weighting
function, but for the one stage model it is the BH model.
For convenience we call prospects with multiple positive
dollar values amount risk. For instance: a 1/3 chance of $100;
a 1/3 chance of $120; a 1/3 chance of $1000 has amount risk
(Blackburn & El-Deredy, 2013; Hardisty & Pfeffer, 2015).
Moreover, the real world presents prospects with many
eventualities, our models should account for this. Outcome
risk, however, is when there are only two outcomes and one
is a zero. For instance, a ½ chance of $100 and a ½ chance of
$0 is outcome risk. Outcome risk (2 outcomes, one is zero) is
a very special case of the broad class of lotteries. This is
admittedly a fuzzy definition, but it’s a useful demarcation
which has been used by other researchers studying risky
intertemporal choices (Blackburn & El-Deredy, 2013;
Hardisty & Pfeffer, 2015). A two outcome prospect is as
simple as it gets and when one of the two options is 0 there is
no need for editing rules.
In addition to investigating amount and outcome risk
individually, we also combined amount and outcome risk.
For instance: a 1/4 chance of $100; a 1/4 chance of $120; a
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Results

1/4 chance of $1000; a 1/4 chance of $0 has amount and
outcome risk.

Mixture Model

Method
Participants
A sample of 18 MTurk participants made the 120 choices
outlined above. Two participants missed more than 2 of the
check questions and were removed from the data 2. In order to
incentivize honest answers, participants were told that one of
their choices would be paid out for real, except that the value
would be 1/100 of the nominal value in the survey. To ensure
attention, participants were told that their bonus payment was
contingent on answering the check choices correctly.

Stimuli and Procedure
To create stimuli, we followed the methodology of Erev et
al., (2014) which sampled from distributions for probabilities
and dollar amount. First to eliminate participant’s editing out
risk common to both options, the smaller present option was
always certain. Second, the algorithm created stimuli with
expected values of about $100. Third, and most importantly
the stimuli had varying delays. The 120 stimuli created from
the algorithm are at https://osf.io/sv5xn/; and the R code used
to create the stimuli is at https://osf.io/xdpmz/. An example
choice with delay, amount, and outcome risk is: 1) $87 for
certain today 2) A 14% chance of $235 in 60 days; A 6%
chance of $775 in 60 days; A 18% chance of $87 in 60 days;
A 62% chance of $0 in 60 days. This design had at minimum
10 check choices for the atemporal arisky choices. Since the
algorithm had random values for some choices, there was an
uncertain number of additional check questions. The random
number seed yielded an additional 7 check choices for arisky
intertemporal choices which had a dominated option, for a
total of 17 check choices—choices in which one item
asymmetrically dominated the other option. In order to have
a completely within subjects design, all 120 stimuli were
presented in a random order to each participant.
To validate our stimuli, we performed two forms of
parameter recovery. First we followed the methodology of
Broomell and Bhatia (2014) which demonstrates the stimuli’s
ability to recover parameters from a large parameter space.
These stimuli were comparable to the other stimuli sets in
Broomell and Bhatia.
The second parameter recovery followed Nilsson,
Rieskamp, and Wagenmakers (2011). Specifically, we
generated synthetic data for 120 participants and used these
data in the hierarchical Bayesian mixture model outlined in
the next section. The model recovered both the generative
parameters and the risky intertemporal choice model which
generated the data. Taken together, the stimuli created do a
good job of recovering parameters and distinguishing
between risky intertemporal choice parameters.
2 While this is an admittedly small sample, there are a larger
number of individual level choices. Rieskamp 2008 used only 30
participants to fit a Cumulative Prospect Theory model. Further, we

When disaggregated, it is possible that for some people risk
and time are entangled, but for other people they are
disentangled. In order to see which of the five models—BH
Cumulative, BH NonCumulative, PEP Cumulative, PEP
Noncumulative, and random responding—fit individual
participants best, we used a latent mixture model. Latent
mixture models—aka latent class models—can be used to
determine which model best fits each individual participant’s
data.
We used a hierarchical modeling framework. Each
participant’s mean 𝛿 was drawn from a population with a
mean and standard deviation, and then was given 0-1 support
via the probit transformation. The same procedure was used
for each participant’s 𝑟 parmeter. For the logit scale
sensitivity parameter, as opposed to the probit
transformation, we used a lognormal transformation.
Of note is the mixing parameter, which is a categorical
variable that indexes which model fit a person’s data the best.
The mixing parameter was not hierarchical. The mixing
parameter has the following structure: 1st group is the
cumulative BH, 2nd group is noncumulative BH, 3rd group is
cumulative pep, 4th group is noncumulative pep, 5th group
was a random response model, which ignored all other
information and essentially flipped a coin for each choice.
The fifth, random response, model was included to ensure
that a participant who was not fit by any of the four models
did not contaminate the hierarchical parameter values. More
importantly, the random response group indicates the number
of participants who have a generative process which is not
well estimated by the other models.

Hierarchical Bayesian Latent Mixture Modeling
Figure 1 shows that most participants were fit nearly
equally well by all models. Further, five of the participants
were better fit by a model of random responding than any of
the four models. While it would be interesting to see if those
who were fit by a random response model showed
entanglement, the stimuli set in our study is not conducive to
a test of behavioral phenomenon.

ran another sample with slightly modified stimuli, and the results
were nearly identical.
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As seen in Figure 2, the hierarchical mean of delta was
almost always near 1. When the delta parameter is higher, the
four models collapse and become nearly identical. The BH
model becomes: exp(−(−ln𝑝𝑖 + 𝑟𝑛 𝑡𝑖 )) and the PEP model
becomes exp(−(−𝑙𝑛𝑝𝑖 )) × exp(−𝑟𝑛 𝑡𝑖 )), and via the
product rule, these two models are the same. Since there is no
probability distortion, 𝛿 = 1, cumulative decision weights
reduce to noncumulative decision weights. It is tempting to
rerun the analyses with an unbounded delta parameter,
however, this makes the assumption that people could
underweight low probabilities and overweight high
probabilities. While the description-experience gap predicts
underweighting of small probabilities, there is reason to
believe this prediction is an artifact due to a large number of
possible decision weights that fit experienced prospects
(Broomell & Bhatia, 2014). A model that predicts anything
predicts nothing.

Figure 2. Joint posterior of the hierarchical means of δ and r.
Each point is a sample draw from the Markov Chain.
Un-Mixing the mixture model
In order to determine if the high 𝛿 in the latent-mixture model
was due to certain choices, we fit models to various subsets
of the data. Specifically, for the choices which were simply
intertemporal choices, we fit the Ebert and Prelec model—all
four models reduce to the Ebert and Prelec model for arisky
temporal choices. For risky items which are atemporal, we fit
the cumulative Prelec model—the cumulative BH model
reduces to the Prelec model for atemporal risky choices. For
all of the remaining choices, e.g. temporal risky choices, we
fit the cumulative BH model.

For arisky temporal choices, the hierarchical Bayesian
model converged—all Rhats < 1.1 and visual inspection of
the traceplots confirmed that the posterior was in a stationary
distribution. Further the mean value for the 𝛿 parameter was
0.86 with a 95% credible interval of [.55 - .99]. This estimate
was higher than previous estimates of the 𝛿𝐸𝑃 parameter .18.6 (Ebert & Prelec 2008). This may be due to participants
adopting a different heuristic when answering risky
intertemporal choices than when they answer solely
intertemporal choices. It is worth considering that
participants only saw 13 pure intertemporal choices, meaning
that the data do not have a chance to overwhelm the diffuse
prior on 𝛿𝐸𝑃 . With a narrower prior, the posterior 𝛿𝐸𝑃 would
be closer to 1. The 𝛿𝐸𝑃 parameter is high in our data for
arisky intertemporal choices, meaning that people’s
discounting is fit by a discount function which is close to
exponential discounting.
For atemporal risky choices, the hierarchical Bayesian
model for the cumulative Prelec model converged—Rhats <
1.1 and traceplots indicated convergence. The mean value of
the delta parameter was .99 with a 95% credible interval of
[.98, .999]. This value means that people’s distortion of
probability is very close to linear. However, we must exercise
caution in interpreting the parameter values because the
model posterior predicted participant’s actual choices less
than 50% of the time. As a secondary check we also fit a
model with just atemporal outcome risk choices and the
model posterior predicted choices 37% of the time. We refit
the exact same model on the simulated parameter recovery
data with 𝛿𝑃 = .6 and the model recovered the parameters
well and had a 92% hit rate.
For the remaining, risky intertemporal choices, the model
converged as well. The mean 𝛿 value was .985 with a 95%
credible interval of [.90 - .9999], this suggests that the delta
value is quite high for these data. Taken together, it seems as
if the empirical delta is too high to fit the latent mixture model
and distinguish between different generative processes.
As another check, we redid the Nilsson et al. (2011)
parameter recovery outlined above, except with a generating
delta of .95. The results were nearly the same as the empirical
data, each participant was fit equally well by all models, and
no participants had more than 50% of the mixing probability
in their true generative process.

Discussion
In this paper we aimed to test the entanglement of multiple
forms of risk and delay. Specifically, we were interested in
individual differences in entanglement and how risk with
multiple positive outcomes related to entanglement. As
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opposed to looking at behavioral phenomenon, we fit these
models to actual choices. Specifically, we fit a mixture model
which allowed participants to be fit best by either the BH
Cumulative, BH NonCumulative, PEP Cumulative, PEP
NonCumulative, or a random response model. Two assumed
entanglement of risk and time and two assumed
disentanglement of risk and time. We were unable to
determine which of the four discounting models fit
participant’s data the best. Nearly 1/3 of participants were fit
better by random responding than by any other model.
Taken together, this suggests that while the behavioral
effects are consistent with a BH model using noncumulative
decision weights, the model is actually not a good fit to the
data. This work implores caution: using solely behavioral
effects as a test of models can be insufficient. To determine
the accuracy of a model, it model needs to be fit to the data.
The current results suggest that while discounting models
can account for many behavioral effects seen in risky
intertemporal choice, they are a poor statistical fit to choices.
Given the predictive power and process evidence of heuristic
models in independent risky and intertemporal choices, it
follows that heuristics operate in combined risky
intertemporal choices. Recent work on risky intertemporal
choices with only two outcomes, found that people spend
relatively more time fixating on risk compared to time
(Konstantinidis, van Ravenzwaaij, & Newell, 2017). When
there are more probabilities—e.g. there is amount risk—
people may focus even more on probability, decreasing their
relative focus on the delay—i.e., if people don’t pay attention
to time then they should seem patient. Decreased relative
attention means that delay plays a lesser role in choice, which
could explain why amount risk has a bigger effect on
discounting than outcome risk.
Konstantinidis, et al. also showed that information
acquisition is inconsistent with amount and time both falling
under psychological distance. We add to their result by
showing that while risk and time are entangled choice models
are inconsistent with risk and time both falling under
psychological distance. Our results also suggest that a
functional form for the discount function of risky
intertemporal choices is difficult to detect and that new
models are needed.
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Abstract

grammatical element, which might be suggestive of a
general tendency to make prominent features appear on the
left in drawings. The first aim of the present study was to
replicate these three effects.
In order to further investigate the degree to which
attentional prominence in general could be linked to leftward positioning in imagery, we tested two additional
discourse elements: deictic linguistic markers, such as
demonstratives, which are known to function as attentional
markers (Diessel, 1999, 2006) and different effects of
gender identification, which could also be imagined to work
as an attractor of attention.

We investigated imagery by making participants (n=530)
draw stick-figure drawings of sentences containing a
transitive action ("She kisses him"). Previous findings show
that prominent features of meaning and sentence structure are
placed to the left in drawings, according to reading direction.
We replicated three findings: the first mentioned element is
placed on the left more often, the agent is placed on the left,
and the grammatical subject is placed on the left. We further
tested hypotheses related to deixis and gender. By adding
adverbs (here and there), that work as demonstratives in
Danish, we tested whether deictic proximity is translated into
a leftward bias. This hypothesis was not supported. Analyses
of gender tested the presence of a gender identification and a
gender stereotype bias, where either own or male gender is
given prominence and thus placed on the left. We were
unable to support for either of the gender hypotheses.

Demonstratives

Keywords: Imagery; reading direction; grammar; gender;
demonstratives

Introduction
Exposure to language and linguistic structure, both written
and spoken, modulates parts of cognitive function that have
hitherto been considered non-linguistic. One such case is
imagery (e.g. Stroustrup & Wallentin, in press; Tylén, et al.,
2010).
A simple way to study an influence on imagery is to ask
participants to make drawings of linguistic content (Dobel,
et al., 2007; Maass & Russo, 2003; Stroustrup & Wallentin,
in press). With this method, it has been found that people
from cultures with left-to-right reading direction
consistently depict the first named item and the agent of the
sentence to the left in the drawing (Dobel, et al., 2007;
Maass & Russo, 2003; Maass, et al., 2014; Stroustrup &
Wallentin, in press). Recently, Stroustrup and Wallentin (in
press) also found that grammatical category plays a role
when Danish speakers make drawings of verbally depicted
scenes. The grammatical subject is more often placed to the
left, regardless of whether it is the first mentioned

All languages have at least two types of demonstrative
terms: a proximal one, i.e. a term roughly expressing that
the intended referent is close to the speaker (or rather, the
deictic center) and a distal term, i.e. another demonstrative
term expressing that the intended referent is at some
distance from the deictic center (Diessel, 1999, p. 2).
English has two forms of demonstratives, the proximal
(this/these) and the distal (that/those).
Based on corpus data, Kirsner (1979, p. 361-364)
suggested that proximal demonstratives are more often
associated with referents perceived to be more important by
the speaker than distal demonstratives, e.g. proximal
demonstratives are more frequently used for human
referents than distals, and they are used more to refer to
singular referents than distal demonstratives. They are used
more to refer to named individuals and more often occur in
the grammatical subject position than distal demonstratives.
We used these findings to hypothesize that sentence
elements referenced with a proximal demonstrative would
be drawn to the left more often than elements referenced by
a distal demonstrative.
In spoken Danish, the most common demonstratives used
both as determiners and as nominals, are a combination of
non-anthropomorphic personal pronouns “den” or “det” (in
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English: “it”) and a spatial adverb, either “her” or “der”
(English: here/there). This system roughly corresponds to
the English “this” or “that”. However, spatial adverbs can
also be coupled to gendered third person pronouns, e.g.
“ham/hende her/der” (English: him/her here/there) (Hansen
& Heltoft, 2011, pp. 556-564). The gendered pronouns in
Danish are case marked, and the demonstrative construction
are almost always in the oblique case (e.g. “hende her” [her
here]). Demonstratives therefore ususally appear in the
object position in sentences.

Gender and prominence
Gendered pronouns (like “he” and “she”) are the only case
marked linguistic elements in Danish (as is also the case for
English). In our previous experiment (Stroustrup &
Wallentin, in press), we therefore used gendered personal
pronouns in order to create distinguishable entities in the
participant’s drawings with unambiguous grammatical roles.
Gender, however, could be imagined to play an independent
role in the formatting of drawings from imagery.
Gender biases exist among both adults (Koenig, et al.,
2011) and adolescents, such as high school students
(Chalabaev, et al., 2013; Steffens, et al., 2010; Ter Bogt, et
al., 2010), that were participants in the present study. In the
Danish high school system, more than 60% of the students
are
female,
according
to
Danmarks
Statistik
(www.statistikbanken.dk), while in a large corpus of written
Danish texts (korpusDK, see www.ordnet.dk), the pronoun
“han” (he) is twice as frequent as the pronoun “hun” (she).
Could such experiental asymmetries cause participants to
have an asymmetric ordering of gender roles in imagery as
well?
Gender biases exist in linearization in written language.
Studies have found that when mentioning both men and
women at the same time in texts, men tend to be named
before women (as in the previous sentence). This has been
found in English language textbooks (Lee, 2016; Porreca,
1984), online grammar guides (Amare, 2007) and in
academic publications (Willis & Jozkowski, 2017). Due to
such biases, listeners may therefore tend to put the male
character to the left of the female in a drawing, regardless of
their actual order in the sentence.
An additional own-gender bias could be hypothesized to
play a role in imagery for sentences with gendered content.
Children are known to exhibit own-gender biases in
memory (Signorella, et al., 1997). Face recognition is
another field where an own-gender bias has often been
observed (Herlitz & Lovén, 2013; Lovén, et al., 2011;
Rehnman & Herlitz, 2006; Wolff, et al., 2013; Wright &
Sladden, 2003). Thus, participants chould be more prone to
draw their own gender on the left, granting it more
prominence than the opposite gender.

47/472/8 left-handed/right-handed/ambidextrous; median
age: 17 years - range: 14-52) participated. Participants were
informed about their rights and all signed a written consent
form.
Stimuli and Materials The experimental sentences were
constructed using 11 Danish transitive verbs: “slår”
[hits/smacks], “sparker” [kicks], “kysser” [kisses],
“angriber” [attacks], “forfølger” [follows], “skubber”
[pushes], “udpeger” [points out], “skyder” [shoots],
“fanger” [catches], “krammer” [hugs], “rammer”
[hits/strikes]. Danish allows both subject-verb-object (SVO)
and object-verb-subject (OVS) word order (Kristensen,
2013; Kristensen & Wallentin, 2015). By including active
and passive sentence forms, we constructed 2x2x2x2
sentences for each verb as illustrated in figure 1.

Figure 1: Example sentences. FF/MF: Female/Male
named First, FA/MA: Female/Male Agent; FS/MS:
Female/Male sentence Subject; DD/PD: Distal
(there)/Proximal (here) Demonstrative.
A total of 11x16 sentences were constructed. We divided
the sentences into 22 stimulus sets of 8 sentences, using
each verb and sentence construction only once per set in a
counterbalanced order.
Sentences were recorded using a NSSpeechSynthesizer
instance on macOS Sierra (Version 10.12.2) interfaced via
the library pyttsx in Python 2.7, in order to standardize
pronunciation as much as possible. During the experiment,
sentences were played using a standard lap-top computer
with portable speakers.
The test materials consisted of 8 numbered frames (17 cm x
10,7 cm) for the drawings, without written sentences. The
frames were supplied in order to standardize the size of the
drawings. The frames were numbered in order for students
to know which box to use for which sentence.

Materials and methods
Participants The experiment was conducted in two Danish
secondary schools (Stenhus Gymnasium and VUC Aarhus).
Five-hundred-thirty students (305/225 female/male;
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Figure 2: Example drawings. Participants were asked to
draw stick figures illustrating the content of sentences read
aloud to them, e.g. using English glossing: A: “This girl, he
is kissed by” [FF, FA, MS, PD]; B: "That girl, he hugs" [FF,
MA, MS, DD]; C: “He is being pointed out by that girl”
[MF, FA, MS, DD]; D: “She shoots this guy” [SF, SA, SS,
PD]; E: “She is being followed by that guy” [FF, MA, FS,
DD]; F: “He kicks this girl” [MF,MA,MS,PD]. See figure 1
for abbreviations
.
Procedure The experiment lasted approximately 15
minutes. It was carried out in 22 different classes. Each
class was tested on a different set of sentences. Each testsentence was played twice. Drawing began immediately
after the 2nd sentence presentation. Participants were given
60 s. to finish each drawing. Participants were instructed not
to focus on the aesthetic qualities of their drawings, but
simply to draw stick figures depicting the contents of the
sentences (see Figure 2).
Coding and Analysis We used a binary coding for the
dependent variable: [1] if the male character was depicted to
the left of the female in the drawings; [0] if the female
character was drawn to the left of the male and [NA] if leftright organization could not be determined. A total of 4240
drawings were coded. Two independent coders, blinded to
the stimuli and experimental hypotheses, judged if the male
character was located to the left. Initial agreement was 96.3
%. Disagreements were solved by discussion. Subsequent
agreement was 99.6%. Drawings that did not contain leftright organization (as judged by both coders) or where the
coders disagreed on coding were discarded, leaving 3840
drawings for analysis.
Data were submitted to a linear mixed-effects logistic
regression analysis using the glmer() function (Bates, et al.,
2015) in R incorporating a maximum likelihood model fit
(Laplace Approximation).
Five categorical main effects were included as fixed
effects. These were: FIRST (FF/MF): Gender of person
named first in the sentence; AGENT (FA/MA): Gender of
the AGENT in the sentence; SUBJECT (FS/MS): Gender of
the grammatical subject of the sentence; GENDER

(FP/MP): Gender of the participant; DEMONSTRATIVE
(PD/DD): Use of proximal (here) or distal (there) adverb in
combination with object pronoun to form a demonstrative
(e.g. “Ham her” “[him here]” or “this guy”). Given that the
demonstrative is bound to the grammatical object of the
sentence, our hypothesis also specifically targeted the
interaction term: SUBJECTxDEMONSTRATIVE as a
model of this relationship. However, to allow for the
observation of unexpected events, we employed an
additional model with all possible interactions. A model
comparison found that the complex model represented no
significant improvement in explaining the data (χ2(25)=32.1,
p=0.15). We therefore report the results of the hypothesisbased model, where PARTICIPANTS and VERBS were
included as random effects. An initial regression analysis
(see supplementary materials) found no effect of handedness
(χ2(2)=4.3, p=0.11), and handedness was dropped as a
variable in order to avoid model inflation.
Inferences were made using type II Wald chi-square tests.
The Benjamini & Hochberg (1995) false discovery rate
correction for multiple comparisons was applied to p-values.

Results
Overall 51.7% of the drawings had the male character on the
left. Using a null-model in glmer() with participants and
verbs as random effects, we did not find a significant overall
gender asymmetry (z=1.44, p<0.15). Distribution across
dependent variables can be seen from Figure 3.

Figure 3: Percentage drawings with the female/male
character on the left for each sentence type. Chance
level=50%. See figure 1 for abbreviations.
Placement of the characters in the drawing was significantly
affected by who (male/female) was named FIRST
(χ2(1)=109.58, p(fdr)<0.0001). An effect was found for
whether the female/male character was the AGENT
(χ2(1)=115.98, p(fdr)<0.0001), and for whether the
female/male character was the grammatical sentence
SUBJECT (χ2(1)=20.75, p(fdr)<0.0001). We found no main
effects of distal/proximal demonstrative use (χ2(1)=1.25,
p(uncorrected)=0.27) and did not see a significant
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interaction between Demonstrative and grammatical subject
(χ2(1)=1.45, p(uncorrected)=0.23). Lastly, we found no
main
effect
of
participant
gender (χ2(1)=1.98,
p(uncorrected)=0.16), i.e. participants were not prone to
draw their own gender more to the left.

Discussion
We replicate previous findings showing how the first
mentioned item in a sentence, the agent and the grammatical
subject of the sentence tends to be depicted to the left in a
drawing (Stroustrup & Wallentin, in press). These findings
add to the increasing number of studies that find effects of
reading habits on non-linguistic cognition, such as the
processing of near/far space (Braine, et al., 1993; Vaid, et
al., 2011), on aesthetic preference (Chokron & De Agostini,
2000; Maass, et al., 2007), and in the perception of violence
(Maass, et al., 2007), also when it applies to calling a foul in
a soccer game (Kranjec, et al., 2010).
Other studies have also shown how linguistic structure is
linked to attention in sentence production experiments
(Gleitman, et al., 2007; Myachykov, et al., 2013;
Myachykov & Garrod, 2008; Myachykov, et al., 2012;
Myachykov & Tomlin, 2008; Myachykov, et al., 2005;
Tomlin, 1995), e.g. Tomlin (1995) found that participants
often mention a given element in a description of a scene
first, if their attention is directed towards it. If an arrow is
pointed towards a dark fish as it is being eaten by a lighter
fish, English speakers will tend to describe the scene with a
passive construction (“the dark fish is being eaten by the
light fish”) whereas they will use an active construction if
an arrow points their attention to the light fish (“the light
fish eats the dark fish”). Similar studies have been
conducted with Russian and Finnish speakers (Myachykov
& Garrod, 2008; Myachykov & Tomlin, 2008).
We find, however, that there are limitations to how much
influence markers of prominence have in their ability to
influence the left-ward bias in drawings. We did not observe
any effects of demonstratives, although they have attested
functions as attention allocators in language (Diessel, 1999).
The reason for this may be that demonstratives primarily are
used in a spoken context. Demonstratives, thus, may not be
associated with a left-ward bias like other attentional
markers, if this bias primarily stems from experiences with
written language.
We did not find support for the two gender hypotheses.
Gender stereotypes do not seem to be so manifest in the
minds of young Danish high school students to make them
pay more attention to the male character in the sentences.
Neither did we find any support for the own gender bias
hypothesis. Three main interpretations may be presented for
these null-findings: 1) either the biases are not there, 2) they
are too weak to be pick picked up by the experiment, or 3)
the experiment is not geared to observing these kinds of
effects.
The observed gender bias effects in other types of
research (see introduction) speaks against the first option,
although gender effects also have a tendency to be inflated

in research (Wallentin, 2009). We note that in both this
experiment and Stroustrup and Wallentin’s previous
(Stroustrup & Wallentin, in press), a non-significant (and
thus weak) nominal effect has been found, pointing in the
direction of males being depicted to the left more often. If
this reflects anything else than noise, it has to be noted, that
the effect thus must be weak compared with the other
effects investigated in our experiments, given that we
cannot find a significant effect with more than 500
participants.
In favor of the latter explanation and the lack of an effect
of demonstratives, one might speculate that it is not
prominence per se that causes sentence elements to be left
lateralized in imagery, but a closer connection between
prominence and leftward positioning in written language.
Although gender stereotypes have linearization correlates as
mentioned in the introduction, these may not be strong
enough to override actual word order as it is played out in
the experimental sentences.
For each drawing, the participant can only choose
between two options in her drawing (male left/female left).
If the participant chooses to draw the male or own gender on
the left, this has to happen in a manner which is statistically
independent of the other independent variables. Due to the
counterbalancing procedures of the experiment, any effect
observed in the present data thus arises from the situations
where the participants choose to draw a particular character
on the left despite the fact that other variables suggest a
different order. A hypothetical gender effect would
therefore reflect trials where participants choose to override
the other factors and place the prominent gender to the left.
This may require a stronger gender bias than what is present
among Danish high-school students.
Further studies with fewer dependent variables or using
other methods may come closer to disentangling these
possibilities. The fact that we find lateralization effects for
other variables consistent with those observed in previous
experiments, points towards the experiment as having the
power for detecting effects if they are strong enough. The
competition from the other variables, however, may
overshadow weaker effects. Conversely, we may conclude
that the effects of being mentioned first, being the agent and
grammatical subject are strong enough to survive in an
experiment with added complexity, underlining the
replicability of these effects.
We found no evidence that biomechanical constraints,
such as handedness, play a role in the distribution of figures
in the drawings. This is to some extent contrary to previous
research that has found that hand use in right-handers
interact with drawing and sentence comprehension (Boiteau
& Almor, 2017; Braswell & Rosengren, 2002), e.g. righthanders have been observed to draw from left to right when
asked to draw with their right hand, but from right to left
when drawing with their left hand (Braswell & Rosengren,
2002) and it has also been observed that the left hand is
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more sensitive to agent/patiant biases during a sentence
comprehension task (Boiteau & Almor, 2017). It seems,
however, that left-handers do not have a similar reversed
pattern of drawing. This supports the notion that the effects
are not simply a matter of handedness, but reflect reading
and writing habits along with what is brought to the
forefront of attention.

Summary
In summary, our experiment replicates previous
experiments showing that the first mentioned element in a
spoken sentence in Danish is imagined as placed to the left
of the second named element; that the agent in a sentence is
displayed to the left, and that the grammatical subject is
placed to the left of the grammatical object. No effects were
found for gender and demonstratives.
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Abstract
Previous research has shown that secondary tasks sometimes
interfere with the perception of time. In this study, we look at
the impact of background music, and the familiarity of music
on the reproduction of a time interval. We hypothesize that
both music listening and attending to time require declarative
memory access, and that conflicts between the two can explain
why the reproduced intervals are longer when participants listen to music. A cognitive model based on the PRIMs architecture, but built from two existing models can explain the data,
including the effect of music familiarity. The model is a combination of two existing models: one of time perception, which
requires occasional memory access to check whether the interval is already over, and one of music perception, which tries
to predict the next musical phrase based on the one currently
perceived. The memory conflict between the two models reproduces the effects found in the data.
Keywords: time perception; music; multitasking; declarative
memory; cognitive model

Introduction
Music is surrounding our daily life: it plays in shopping
malls, in computer games, in movies, etc. There is no doubt
that different aspects of music can influence our perception
of time durations. These influential factors include several
elements of music ranging from volume, genre, pitch, presence and absence, likability, familiarity, etc. (Bailey & Areni,
2006; Kellaris & Kent, 1992; Baker & Cameron, 1996)
Although many studies have shown that secondary tasks affect time perception, the effects of music familiarity on time
estimation have yielded mixed results. Yalch and Spangenberg (2000) found evidence that relative to unfamiliar music,
familiar music causes people to perceive certain time intervals
as being longer. However, Bailey and Areni (2006) found that
when respondents were waiting idly, a particular interval was
reported to be shorter when familiar as opposed to unfamiliar
music was played. Nevertheless, these studies investigated
the effects of ambient music in retail settings rather than controlled laboratories.
The effects of secondary tasks on time perception have
traditionally been explained by the attentional gating theory
(Zakay & Block, 1997). According to this theory, the passage
of time is only perceived if it is attended to, which means
that if one pays less attention to time, it seems to flow faster.
An alternative theory was proposed by Taatgen, van Rijn and
Anderson (2007). They found that in many multitasking situations, time perception itself is not affected at all by secondary tasks. However, if time perception is a component of

one of multiple tasks, it needs to be checked occasionally, and
this checking step may be affected by competing task components. In other words, time perception is not like an alarm that
goes off after the predetermined amount of time has elapsed,
but more like a watch that needs to be checked occasionally
to see whether the interval has finished. According to Taatgen et al., a “time check” requires a (declarative) memory
retrieval followed by a decision. Secondary tasks that have
a heavy memory component are therefore expected to have a
particularly disruptive effect on time perception.
A part of listening to music is the attempt to predict the
next musical phrase based on the current one (Beaudoin et
al., 2009). Given that this prediction requires memory, we expect that if we have to produce a certain amount of time (we
will use 6 seconds in our experiment), our production will be
too long while listening to music, because we check whether
the interval is over less often. It is less clear what to predict regarding the difference between familiar and unfamiliar
music. On the one hand, unfamiliar music may place higher
demands on memory than familiar music, because new information needs to be stored. Hilliard and Tolin (1979), Fontaine
and Schwalm (1979), Etaugh and Michals (1975) and Wolf
and Weiner (1972) found that performance of cognitive tasks
in the presence of familiar background music is better than
in unfamiliar background music. Considering that unfamiliar
background music may have stronger memory demand, and
it will in such a way interfere with time perception, which
causes less frequent checking of time. Thus, the estimation
for unfamiliar music may be longer. On the other hand, familiar music may lead to a chain of successful predictions of
the next music phrases that is harder for the time perception
process to interrupt. Consequently, the estimation for familiar
music may be longer.
The goal of this research is to investigate the influence of
music on time perception in a more controlled laboratory setting, and to construct a cognitive model to explain the results. The model is based on the time estimation model from
Taatgen et al. (2007), and an ACT-R model of music perception named SINGER by Beaudoin et al. (2009). SINGER can
learn a song and recall the learned melody, which separates
music pieces into phrases with a certain length of duration.
There are strong associations between every two adjacent
phrases, while the associations between any other two phrases
are weak, but noise in the model can make the value of associations change. When SINGER needs to recall a melody,
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Year
2016

2015

2014

Rank at the Year
1
2
3
4
5
6
7
8
10
1
2
3
4
5
6
1
2
3
4
5

Week(s) on Chart
5-Dec-15
15-May-10
25-Jun-11
10-Jan-15
3-Dec-11
31-Oct-15
1-Mar-14
17-Mar-12
29-Aug-15
22-May-10
19-Mar-11
10-Oct-15, 24-Oct-15
7-May-16
11-Jul-15, 15-Aug-15
25-Feb-12
13-Feb-10
29-Oct-11
24-Jul-10
26-Dec-15
10-Sep-16

Table 1: List of Familiar Music.
Title
Artist(s)
Love Yourself
Justin Bieber
Sorry
Justin Bieber
One Dance
Drake featuring Wizkid and Kyla
Work
Rihanna featuring Drake
Stressed Out
Twenty One Pilots
Panda
Desiigner
Hello
Adele
Don’t Let Me Down The Chainsmokers featuring Daya
Closer
The Chainsmokers featuring Halsey
Uptown Funk
Mark Ronson featuring Bruno Mars
Thinking Out Loud
Ed Sheeran
See You Again
Wiz Khalifa featuring Charlie Puth
Trap Queen
Fetty Wap
Sugar
Maroon 5
Shut Up and Dance
Walk the Moon
Happy
Pharrell Williams
Dark Horse
Katy Perry featuring Juicy J
All of Me
John Legend
Fancy
Iggy Azalea featuring Charli XCX
Counting Stars
OneRepublic

Table 2: List of Unfamiliar Music.
Top Rank Title
Artist(s)
100
Never Enough
One Direction
100
New Morning
Alpha Rev
100
Teenage Daughters Martina McBride
100
Title
Meghan Trainor
100
Shot For Me
Drake
100
Love Me
The 1975
100
Explosions
Ellie Goulding
100
Thank You
Estelle
100
100 Grandkids
Mac Miller
99
All Or Nothing
Theory Of A Deadman
99
21st Century Girl
Willow
99
Hold Each Other
A Great Big World featuring Futuristic
99
Let Me Love You
Ariana Grande featuring Lil Wayne
99
Like I Can
Sam Smith
99
La Isla Bonita
Glee Cast featuring Ricky Martin
99
Hurry Home
Jason Michael Carroll
99
Lost In Paradise
Evanescence
99
Up On The Ridge
Dierks Bentley
98
Drifting
G-Eazy featuring Chris Brown & Tory Lanez
98
Nights
Frank Ocean

it will retrieve the phrase which has the highest association
with the current phrase, and this phrase-retrieving cycle will
continue during the recalling process. What’s more, auditory representation for each item typically lasts for 0.5 sec to
2 secs (Baddeley, 2000), which is the reason why SINGER
sets all the music phrases with the same time duration.

Methods
Participants
There were 28 participants (21 female) in total taking part in
this experiment. All the participants were between 19 and 29
years old (mean 23) and were mostly students in Groningen
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(from University of Groningen) from 13 different countries.
The age range was determined to make sure most of them
would be familiar with the songs that were designated as familiar. All participants had normal hearing and normal visual
acuity. Informed consent forms have been filled in before the
experiment.

Design
During the test, participants were asked to reproduce a specified time duration for several times while listening to various
music pieces which they are either familiar with or unfamiliar
with.
The music pieces were chosen from Billboard, and they
were all English songs. Familiar music pieces were chosen
from the top 10 from Hot 100 Songs Year-end Charts in the
year 2014, 2015 and 2016. Chart rankings of the Billboard
Hot 100 are based on online streaming, radio playing and
sales (both physical and digital), which ascertained that the
top 10 of recent years year-end charts were probably heard by
most young adults from diverse countries. (See Table 1.) Unfamiliar music pieces were selected from The Hot 100 weekly
charts. These unfamiliar songs were ranked 99 or 100 on
charts from the year 2010 to 2016, and merely on the charts
for one or two weeks, which were possibly the songs not disliked by young adults and unfamiliar to them while having
similar genres and types as the familiar music pieces. (See Table 2.) All the music pieces were segmented into one-minute
long episodes (start from the beginning) with the code from
Tzanetakis, Essl, and Cook (2001). Additionally, they were
all set to the same volume before the experiment.
The time duration that participants had to learn and reproduce was 6 seconds. Participants were presented a yellow circle on the screen. During learning, the yellow circle appeared
and disappeared automatically after 6 seconds. During reproduction, the yellow circle appeared automatically, and the
participants needed to press the spacebar when they thought
the 6 seconds were over. The participants were asked not to
count during reproduction. Moreover, there was no feedback
whether the reproduction was correct.
After the participants heard a piece of music, they were
asked to answer two questions: (1) Did you like this song? (2)
Have you heard of this song before? Answers had to be given
on a scale from 0 to 4: Definitely yes (score zero), Probably
yes (score one), Uncertain (score two), Probably not (score
three), Definitely not (score four). According to Pereira et al.
(2011), likability of music has a strong effect on time perception, so it has been included as a question.

Procedure
The experiment consisted of a learning part and reproduction
part. Music was played only during the reproducing part.
In the learning part, the participants were presented the sixsecond time interval three times.
There were 60 blocks in reproducing section. Among 60
blocks, 20 were in the control condition, which had no sound,
20 were blocks with unfamiliar music, and the remaining 20

were with familiar music. The 60 blocks were presented in
random order.
In each block, participants first learned the six-second duration once again, in order not to drift away from the effects of music they previously heard. Then, they were asked
to produce the time interval they had learned for four times
with music present or absent depending on condition. When
present, the one-minute music pieces started before the first
reproduction, and the music would end after the participants
had finished their fourth reproduction. Finally, the two questions about the music they had heard were asked.

Results
Two participants who had not adhered to instructions of the
task were removed from the dataset. Data with no reproducing time or no answers to the questions were discarded
(0.14% of the data). Outliers in reproducing times outside of
1 to 14 secs were also removed (1.98% of the data). All error
bars are standard errors.

Figure 1: Experiment data results on the influence of different
backgrounds on time perception (No-music, unfamiliar music
and familiar music background).
Figure 1 shows the experiment results of the different conditions (scale uncertain), unfamiliar music (scale Probably no
and Definitely no) and familiar music (scale Probably yes and
Definitely yes) backgrounds. It is clear that when there was
no music in the background, participants tended to reproduce
much shorter time durations. Moreover, familiar background
music tended to make people reproduce longer time durations
than unfamiliar background music.
In order to analyze the effects in more detail we used linear
mixed-effect models (Baayen, Davidson, & Bates, 2008).
Table 3 shows the results of three linear mixed-effect models. Model 1 compares the condition without music to the
conditions with music, which are significantly different. The
unfamiliar and familiar conditions are not significantly different from each other, despite the difference. However, if
we use the familiarity score that subjects have gave to each
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Table 3: Results of fitting mixed-effect models.
Data Used
All Data

Model Number
Model 1

Model Name
With/Without Music

Data Excludes
the Control Condition

Model 2

Familiarity

Model 3

Likability

Factor
Intercept(ms)
With Music
Intercept(ms)
Familiarity
Intercept(ms)
Likability

Beta(SE)
5419.4 (141.89)
473.26 (48.36)
5958.5 (148.14)
-40.34 (18.37)
6055.12 (148.28)
-105.82 (21.43)

t
9.79***
-2.2*
-4.94***

Note: * p <.05, ** p <.01, *** p <.001.

of the music pieces (presumably a better estimate of familiarity), we do find a significant impact of familiarity (Model 2
in Table 3). Moreover, likability is an even stronger predictor
of a longer time estimate (Model 3). Adding both familiarity
and likability, with or without interaction, does not improve
the model.

Model
Based on the results we obtained from the experiment, a cognitive model has been made to explain the results.
This cognitive model is built with PRIMs, which is a cognitive architecture evolved from the ACT-R cognitive architecture (Taatgen, 2013). PRIMs is particularly suitable for
handling multiple parallel goals. There are two primary goals
of the model: reproducing time intervals and listening to music. The two goals compete during a model run. The cognitive
model has six modules to work within this time reproducing
task ranging from the declarative memory module, procedural module, temporal module, aural module, visual module
and manual module (See Figure 2.) The basic assumption of
ACT-R and PRIMs is that modules can operate in parallel,
even on multiple tasks, but that a particular module can only
do a single thing at a time (Salvucci & Taatgen, 2008).
The reproducing-time-intervals part of the cognitive model
is based on Taatgen et al. (2007). The assumption of that
model is that we maintain a mental representation of the interval in our declarative memory. This representation can be
checked against the currently elapsed (subjective) time. To do
this, it has a short procedure that retrieves the representation
from memory, compares it to the current time, and decides
whether the interval is over or not. Figure 2 illustrates this
part of the model.
The listening-to-music part of the model is based on
Beaudoin et al. (2009). A music piece is separated into several different phrases of approximately 0.5 seconds. Whenever the model hears a music phrase, it tries to predict the
next phrase using declarative memory. It can then test this
prediction against the real perceived phrase, and if successful
predict the next. If the prediction is unsuccessful, either because the declarative retrieval fails, or it turns up an inaccurate
phrase, the process is interrupted, and the model has to pick
up the thread again by listening to the next phrase. Figure 3
show the timeline when prediction is successful. In that case,

the music listening part of the model can occupy declarative
and procedural memory for longer periods of time, interfering
with time perception, and causing delays in response. Figure 4 on the other hand shows the case where the model is not
successful in its predictions, opening up more opportunities
for the time perception part of the model to check whether
the interval is already over.
The results of the model are displayed in Figure 5. It
demonstrates that the model is reproducing much shorter time
durations when there is no music in the background. Besides,
when the background music is familiar other than unfamiliar,
the model tends to reproduce longer time intervals.

Discussion
The experiment confirms the hypothesis that background music indeed leads to longer reproduction times. Moreover,
more familiar and likable music leads to even longer reproduction times. The cognitive model is able to capture both
main effects, even though the exact fit is not perfect. One
of the reasons is that the model has a strict division between
unfamiliar and familiar, whereas in participants some of the
unfamiliar music may be familiar, and some familiar music
is unfamiliar. The model has been constructed by combining
two existing models with limited amount parameter estimation (mainly the choice of 0.5 second musical phrases). Even
though PRIMs has inherited many parameters from ACT-R,
these parameters do not affect the qualitative fit of the model.
An aspect of the data that the model currently does not capture is the effect of likability. This may play a role in a better
ability to predict the next phrase. Alternatively, a more likable song can influence the priorities between the two goals:
a more likable song may boost the priority of the listening-tomusic goal. Even though the PRIMs architecture is capable
of modeling such priorities, we refrained from doing so here,
because the extra explanatory power is small compared to the
added parameters.
The model presented here is based on the time perception
model by Taatgen et al. (2007). The data, however, do not
explicitly rule out an explanation along the attentional gating
theory (Zakay & Block, 1997). However, according to the
model presented here, music does not affect time perception
directly, but instead how frequent people think about time.
The conclusions therefore extend to situation in which peo-

2660

Figure 2: An example process timeline of doing time perception tasks without music as background. Time progresses from left
to right in the figure, and each line represents a cognitive module. Boxes on these lines indicate that the module is active, with
the label inside the box indicating what it is doing. Note that in this and subsequent Figures procedural steps take less time than
suggested (around 50–100 ms), whereas declarative retrievals are typically longer.

Figure 3: An example process timeline of doing time perception tasks with familiar music as background. Both tasks compete
for declarative and procedural memory. The assumption of the model is that a perceived musical phrase can trigger a memory
retrieval to predict the next phrase. In this example the familiarity of the music means that predictions are generally successful,
making time perception checks less frequent.

Figure 4: An example process timeline of doing time perception tasks with unfamiliar music as background. If that retrieval
fails because the music is unfamiliar, it has to be restarted, but this also gives time perception a chance to check whether the
interval is over.
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Figure 5: Model results on the influence of different backgrounds on time perception (No-music, unfamiliar music and
familiar music backgrounds).
ple listen to music for longer periods of time than what is
normally studied in interval time perception (typically intervals not exceeding 30 seconds). This means that in situations
where people have to wait for extended periods of time, the
presence of music can help diminish the annoyance of having
to wait. However, this mainly works when the music is familiar and likable, which is not necessarily true for all “elevator
music”.
We have to be a bit careful about drawing conclusions from
this study. The prediction theory, which states that there is an
interaction between the familiarity of music and time perception, may be right but requires further empirical confirmation.
A further caveat is that the model has been built after getting the results, even though it is justified by earlier models.
The number of data points it can predict is limited. Therefore, it would be good to let the model make a prediction that
we can then test. For example, the model can predict doing
other tasks instead of time perception tasks while listening to
familiar and unfamiliar music. These tasks can include visual
perception tasks, memory tasks, etc. Then behavioral experiments are designed and conducted to prove if the prediction is
right. There are also other factors can contribute to the length
of reproducing time, including other musical elements and
factors not concerned with music. Further research can test
these factors and combine them together in one implemented
cognitive model. Therefore, it may predict more reliable and
fitting results.
We feel that the time flies when we listen to the music
which is more familiar to us. Environments, where there are
long queues, can play hot music in the background, which
may be familiar to most people, to make people feel the waiting time shorter.
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Abstract
Children develop a sense of joint commitment and shared
intentionality during collaborative activities, which may
produce prosocial effects in social coordinative activities.
Past studies have found mixed results on the prosocial effect
of shared intentionality. We hypothesized that it is the degree
of coordination and not simply shared intentionality that
facilitates social bonding. In a block-assembly task with 4year-old children, we manipulated degree of coordination.
Children in the continuous high-level coordination condition
were more generous in a Dictator Game and more willing to
help their partner complete a task, compared with children
who engaged in a task with the same end-product that
required less coordination. Surprisingly, we also found that
boys shared more resources than girls, a result that we
attributed to the emphasis on the importance of generosity for
males in Chinese culture.
Keywords: joint action; prosocial behavior; cultural effects
on cognition; cognitive development; social cognition; social
development; cross-cultural gender differences

Introduction
A growing body of literature suggests that from an early age
humans form a sense of joint commitment and “we”
intentionality in joint activities, which may lead them to act
more helpfully and generously during collaboration (e.g.
Gräfenhain, Carpenter & Tomasello, 2013; Tomasello &
Carpenter, 2007). For example, three-year-old children who
have made a joint commitment are more likely to help their
partner in time of need during a collaborative task
(Gräfenhain et al., 2013). Furthermore, when dividing up
the results of the collaboration, children tend to share
resources fairly even when they have the opportunity to
monopolize reward (e.g. Warneken, Lohse, Melis &
Tomasello, 2010). A similar study also shows that children
divide up rewards more equitably after collaborative efforts
than after working in parallel work or in a no-task control
condition (Hamann, Warneken, Greenberg & Tomasello,
2011).

Kirschner and Tomasello (2010) proposed that the
helpfulness and generosity generated by joint commitment
and shared intentionality may extend beyond the original
collaboration and influence children’s interaction in
unrelated subsequent activities. They argued that shared
intentionality and joint goals might lead people to
experience each other as co-active members of a group, thus
increasing prosocial tendencies in later interactions. They
further suggested that shared intentionality may be the
mechanism underlying the well-documented prosocial
effects of coordinated social behaviors such as joint music
making and dancing (Huron, 2001; McNeill, 1995; AshtonJames, van Baaren, Chartrand, Decety & Karremans, 2007;
Cirelli, Einarson & Trainor, 2014).
Some studies find prosocial effects of shared
intentionality when it is combined with synchrony (Reddish,
Fischer & Bulbulia, 2013). Others, however, find that
shared goals have minimal effects on promoting social
bonding (Wolf, Launay & Dunbar, 2015). One possible
explanation for these discrepant findings is that some
studies used tasks emphasizing a mutually desired endproduct or final state (as in a game that requires maximizing
the total score of two players), whereas other studies
focused on more continuous coordinated behavior patterns
(as in partner dancing) (Fiebich & Gallagher, 2013). These
two forms of joint actions involve different levels of
coordination
and
commitment.
More
continuous
coordination requires participants to pay attention to shared
sub-goals. Participants not only have a shared goal but also
have a shared action plan, during which they must closely
monitor and represent each other’s tasks (Vesper, Butterfill,
Knoblich & Sebanz, 2010). Indeed, the constant
representation of collective goals and close interaction with
partners are characteristic of coordinated social behaviors
that are known to increase mutual bonding and prosocial
tendencies (Kirschner & Tomasello, 2010) and subtler
forms of interpersonal coordination that increase prosocial
behavior, such as mimicry.
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We tested the effects of level of coordination by
comparing two similar block-assembly tasks where one task
required only coordination on the final goal (low
coordination) whereas the other task had the same endproduct and equal division of workload but required more
continuous (high) coordination. We measured children’s
prosocial behavior in two subsequent tasks. In the “envelope”
task, children had the option of placing some of their
stickers in an envelope for another child. This task also tests
whether prosocial effects extend beyond the dyad to
strangers; previous studies on generalization have found
mixed results (Cirelli, Wan & Trainor, 2014; Reddish, Tong,
Jong, Lanman & Whitehouse, 2016). We also used a stararrangement task where one child needed a star sticker of a
certain color that the other child had, but didn’t need to use.
We predicted that children in the high-coordination
condition would exhibit more prosocial behavior and would
subsequently be more generous.
We also examined possible gender differences in
generosity and other prosocial behavior. A large body of
literature suggests females are more friendly, helpful,
cooperative and generous than males (e.g. Eisenberg &
Fabes, 1998, but Eagly & Crowley, 1986) and that this is the
case for both adults and children (Eckel & Grossman, 1998;
Maccoby, 2002). From an early age, girls tend to engage in
activities that reinforce nurturance and interpersonal
closeness (Kirschner & Tomasello, 2010). From an
evolutionary perspective, this is often related to the fact that
women are primarily responsible for child-raising in most
cultures (Weisner et al., 1977; Low, 1989).
Socialization might play an important role in shaping
children’s prosocial behavior (Benenson, Pascoe &
Radmore, 2007), through implicit imitation (Rizzolatti &
Craighero, 2004), reward and punishments (e.g. Fehr &
Fischbacher, 2004) and other types of social learning. To the
extent that culture plays a role in shaping generosity and
prosocial behavior, some gender patterns observed in
Western cultures might be mitigated or even reversed in
China.
In Chinese culture, the importance of generosity with
resources is particularly stressed for males. Lack of
generosity in women is more forgivable and sometimes
even considered a virtue, as it could signal a money-saving
wife who smartly manages the household’s finances.
Because Chinese culture emphasizes generosity more for
boys, we hypothesized that boys would be more likely to
give up some of their stickers than would girls.
We examined four-year-old children for two reasons.
First, the first five years of life is a particularly important
age range for prosocial development (Marin & Olson, 2015),
and children around four-year-old have just developed the
ability to collaborate relatively enduringly on problemsolving tasks. Second, children at this age are relatively
sensitive to gender stereotypes and might actively match
themselves to the social expectation of gender roles (Martin
& Ruble, 2004).

Methods
Participants
138 children participated in the experiment. Some children
were excluded typically because they did not follow
instructions. Excluding criteria are described in the results
section. The final sample for the envelope task consisted of
129 children (69 males, mean = 4 years and 6 months, range
= 4.0 to 5.0 years). For the star-arrangement task, the final
sample was 116 children paired in same-sex dyads (58
males, mean = 4 years and 6 months, range = 4.0 to 5.0
years). Children were paired with a familiar partner of the
same gender from the same kindergarten class. The parents
and school provided informed consent for all participants.

Procedure
Manipulation Phase
Block-assembly task. Pairs were randomly assigned to the
high-coordination condition or the low-coordination
condition. In both conditions, children from a pair were
presented with a model that looked like two castles
connected together (Fig. 1). They were told that their task
was to build two castles that looked exactly like the model.
For demonstration purpose, the experimenter then built the
bottom two levels of the castle.
In the high-coordination condition, one child was asked to
build the parts that required the green blocks, while the
other used the orange blocks. In the low-coordination
condition, one child was asked to build the castle on the left
and the other on the right. The assignment of color and side
was random. The blocks were given to children in baskets,
and the number of blocks in the two baskets was similar (the
actual numbers of blocks ranged from 18 to 20). The
experimenter and a research assistant were present during
the block-assembly task to make sure that the children
understood and followed the instructions.

Fig. 1. The block-assembly models. In the high-coordination
condition, each child in the dyad was responsible for one
color of block (green or orange); in the low-coordination
condition, each child in the dyad was responsible for
building a single castle. The left panel shows the model for
the first building task (building the castles), and the right
panel shows the model for the second building task (adding
the flag).
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The tower-assembly task was followed by either of the
two evaluation tasks: the envelope task which focuses on
generosity or the star-arrangement task which assesses a
wider range of behavior. After the first evaluation test, the
pair completed a second assembly task, adding a flag to the
towers, to reinforce the manipulation. Then they proceeded
to the second evaluation task. In the high-coordination
condition, each child was responsible for one block color. In
the low-coordination condition, one child built the bottom
six levels of the flag, and the other built the top six levels.
Test Phase
Envelope task: sharing stickers with an anonymous child
This task took the form of the Dictator Game, and the
design was adapted from Benenson et al. (2007). Before
conducting the study, pilot testing with children from other
kindergartens established that all the scripts and procedures
were understandable to four-year-olds.
The experimenter first asked the children if they would do
her a favor. All of the children happily agreed. She then
emptied a bag of 20 stickers in front of each child and asked
the child to select 10 that he/she liked the best. All children
of both genders or conditions selected their stickers with
great care and confirmed that they liked their
choices. Observation suggested that boys and girls were
equally engaged in choosing their stickers.
The experimenter then told the children that she also
planned to give stickers to other children in the kindergarten
classes. Because she did not have time to go to every class,
she would need help with dividing stickers. Children were
told that they could keep all 10 stickers for themselves or
could give some to the children in the other classes. The
experimenter gave each child two envelopes and drew a
smiley face on one of them. The children were told to put all
of the stickers they wanted to keep in the envelope with the
smiley face and to put any they wanted to share in the
envelope without the smiley face. The experimenter then
showed the children how to seal the envelopes, and
instructed them to seal both envelopes after dividing the
stickers. She then showed the children a basket full of sealed
envelopes, explaining that the envelope without the smiley
face would go into this basket and eventually be handed out
by another teacher to kids in another class. She made sure
the children understood that their choice was completely
anonymous. The two children were then brought to separate
rooms. After explaining the procedure again, the
experimenter left the room, leaving the child to divide the
stickers. Children called out for the experimenter when
he/she was finished.
Star-arrangement task: contributing to the partner’s project
Each child was asked to finish a decoration pattern on a
transparent card with some stickers (Fig. 2). The pattern was
composed of one sun-shaped sticker and five star-shaped
stickers of different colors. The experimenter first showed
both children two finished models of the patterns that used
different colors of stars and asked the children for the names
of all the colors used in the patterns. After making sure that

both children could recognize the colors and count the
numbers of stickers used, each child was given a model.

Figure 2: Star-arrangement task materials. Top Panel
(Model A) is given to Child A: the five stars are yellow, red,
green, orange and purple. Top Panel (Model B) is given to
Child B: the five stars are purple, blue, pink, green and
yellow. Bottom Panel shows the stickers given to Child A
and B, respectively. Note that Child B does not have a pink
sticker which she would need to complete the pattern, while
Child A has a pink sticker that she does not need. For girls
the missing sticker is pink; for boys it is blue.
Each child was given a transparent card approximately
27cm by 9cm with some stickers attached to the left side of
the card; the stickers given to each child are shown on the
bottom panel below the models (Fig. 2). The child was told
to use the stickers on the left side of the card to complete a
decoration pattern on the right side that looked exactly like
the model assigned to him or her. The experimenter told the
children that there might be additional stickers, and they
could do whatever they wanted to with them, such as further
decorating the pattern or putting the stickers on themselves,
which was particularly popular among children in this
kindergarten. Finally, the children were told that whoever
finished the pattern could keep the decoration card as a gift.
All children showed great interest in this gift. After
demonstrating with the sun-shaped sticker, the experimenter
left the room and let the children finish the task.
The two children sat parallel to each other and started the
task. Child B would notice that he/she was missing a starshaped sticker of a particular color (blue for boys and pink
for girls). Child A had a sticker of that color and it was not
needed to complete his or her Model A. On all trials, Child
B reported missing a color. The trial ended when both
children had stopped working on their projects for 10
seconds.
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The entire session lasted around 20 minutes. The order of
the two tasks, the star-arrangement task and the envelope
task, was counterbalanced across pairs and was balanced
across trials. The experimenter (YW) conducted the
experiment with the help of a research assistant.

more likely to fall into Distribution A; children in the highcoordination condition are more likely to fall into
Distribution B, whereas children in the low-coordination
condition are more likely to fall into Distribution A (Fig 5).

Results
Envelope task
The number of donated stickers was our measure of
generosity. We first examined the video recording to
exclude children who did not understand the task. Nine
children were excluded for this reason. For children who
understood the task, we recorded the number of stickers that
each child placed in the envelope.
As shown in Table 1, there are effects of coordination and
gender. There were more donated stickers in the highcoordination condition compared to the low-coordination
condition. Boys donated more stickers than girls. We
evaluated the results using a regression analysis on the
number of stickers donated which included the effect of
both gender and coordination level. It yielded significant
effects of both gender (β = 1.12, t = 3.17, p = 0.002, 95% CI
[0.42, 1.81]) and coordination level (β = 1.07, t = 3.03, p =
0.003, 95% CI [0.37, 1.77]). There was no interaction,
suggesting the effect of the block-assembly task was similar
for boys and girls.

Figure 3: Histogram of numbers of stickers donated. FH
stands for Female/High-coordination, FL Female/Lowcoordination, MH Male/High-coordination, ML Male/Lowcoordination. Note that the number of participants in each
category is not equal, with n(FH) = 33, n(FL) = 27, n(MH)
= 37, n(ML) = 32.

Table 1: Mean number of stickers donated for Envelope
Task (standard deviations are in parenthesis).
Both
Gender/Coordination
High
Low
conditions
Female

2.64 (2.19) 1.44 (1.89) 2.10 (2.13)

Male

3.65 (1.81) 2.69 (2.10) 3.20 (2.00)

Both genders

3.17 (2.05) 2.12 (2.09)

Figure 3 presents a histogram showing how many
children donated each number of stickers, ranging from 0-10,
and the number of boys and girls contributing to each
score. As the figure shows the overall numbers do not
appear to be normally distributed. We therefore used a
Dirichlet Process to infer the number of components of a
Gaussian mixture model.
The best fitting model, as shown in Figure 4, has two
distributions (Distribution A: mean = 0.197, SD = 0.614,
weight = 0.351; Distribution B: mean = 4.022, SD = 1.255,
weight = 0.649). By including 1.5 SDs around the means
into the distribution, we coded the cases of donating 0 and 1
sticker as falling into Distribution A and donating 2 or more
stickers as falling into Distribution B. We used a logistic
regression to test the effects of coordination level and
gender on which distribution that a child was assigned to.
There were significant effects for both (gender: β = 1.21, z =
3.03, p = 0.002, 95% CI [0.44, 2.01]; coordination level: β =
0.98, z = 2.48, p = 0.013, 95% CI [0.22, 1.78]). Boys are
more likely to fall into Distribution B, whereas girls are

Figure 4: Gaussian components of the Gaussian Mixture
Model.

Figure 5: Proportion of each category that falls into
Distribution A or Distribution B.
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Star-arrangement task
For the star-arrangement task, coding was done from video
by (YW) and a research assistant blind to the hypotheses.
Nearly all of the children who were missing a star reported
it to the partner (e.g., “I’m missing a pink star!”). After
excluding the pairs who could not follow instructions, we
coded the interaction between the dyad as falling into one of
the following four categories: (1) active giving (one child
offered the spare sticker before the other child asked), (2)
sharing after being asked (one child handed over the spare
sticker after the other requested), (3) taking (the other child
took the sticker without getting permission), and (4)
refusing to share (one child refused to share after the other
child requested sharing or made an attempt to take the
sticker). Since active giving and sharing after being asked
both showed clear willingness to share, we coded both as
“willing to share.” Inter-rater agreement (κ) was 0.97.
We also coded aggressive behavior. Behavior was
considered to be aggressive if a child made an attempt,
whether successful or not, to take the sticker before asking
for permission (e.g., reaching out and placing fingers on the
desired sticker). Inter-rater agreement (κ) was 0.98.
We computed two dependent measures: willingness to
share and aggression, using logistic regression analyses.
Aggression. The logistic aggression analysis yielded a
significant effect of gender on aggression (β = 1.35, z = 2.36,
p = 0.018, 95% CI [0.26, 2.53]), with boys attempting to
take the sticker in 55% of the trials and girls 24%. There
was no effect of coordination level or interaction between
level of coordination and gender.
Sharing behavior. We found a significant effect of
coordination level on willingness to share (β = 1.62, z =
2.80, p = 0.005. 95% CI [0.52, 2.82]). Children in the highcoordination condition were more likely to contribute to
their partners’ projects (77% of the trials) compared to those
in the low-coordination condition (39% of the trials).
There were no significant effects of gender nor an
interaction between gender and coordination. While this
might seem inconsistent with what we reported for the
envelope task, the numerical trends are consistent with boys
being more generous. Girls were more likely to refuse to
share when asked (31% of the trials) than boys (17% of the
trials) (Category 4), and after being asked (Categories 2 and
4 combined), boys are more likely to say yes (67% of the
trials) than girls (40% of the trials).

Discussion
The current study provided clear evidence that level of
coordination affects prosocial behavior above and beyond
having a shared final goal, with higher levels of
coordination leading to more prosocial behavior than lower
levels of coordination. These effects held across all
measures and for both boys and girls. A possible
explanation is that children engaging in high-level
coordination are likely to pay more attention to each other
and have a stronger feeling of sharing the experience and
acting as a unit (Kirschner & Tomasello, 2010). In addition,

the set of sub-goals could create a stronger sense of
achievement as children complete each step (Reddish et al.,
2013). This might also explain why tasks with continuous
goals, such as mimicry or moving in synchrony, produce
prosocial effects. Interestingly, the emphasis on goal-setting
and task-assignment coincides with that of the longestablished goal-setting theory of group work in
industrial/organizational psychology (Tosi, Locke &
Latham, 1991), which states that specific and challenging
goals along with appropriate feedback contribute to better
task performance, a prediction supported by a large body of
research (Locke & Latham, 2006).
We also found the expected pattern of more aggressive
behavior in boys than girls. Most interestingly, and perhaps
most surprising given the received view that girls are more
generous than boys, boys shared more stickers in the
envelope task which measures generosity. There were
similar patterns in the star-arrangement task in which
generosity is a component of more complex
behaviors. While unexpected in light of previous findings,
greater generosity for boys likely reflects a particular aspect
of socialization and gender stereotyping that differs in the
values emphasized for boys in China. Clearly, further
research is needed to document and isolate the degree to
which these effects generalize to other tasks and age groups.
Nonetheless the current results provide striking support for
the positive effects of coordinated behaviors on prosocial
behavior and the impact that the emphasis on generosity for
males has on behavior in kindergarten-age children.
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Abstract
Do people have dispositions towards visual or verbal thinking styles, i.e., a tendency towards one default representational
modality versus the other? The problem in trying to answer
this question is that visual/verbal thinking styles are challenging to measure. Subjective, introspective measures are the
most common but often show poor reliability and validity; neuroimaging studies can provide objective evidence but are intrusive and resource-intensive. In previous work, we observed
that in order for a purely behavioral testing method to be able
to objectively evaluate a person’s visual/verbal thinking style,
1) the task must be solvable equally well using either visual
or verbal mental representations, and 2) it must offer a secondary behavioral marker, in addition to primary performance
measures, that indicates which modality is being used. We
collected four such tasks from the psychology literature and
conducted a small pilot study with adult participants to see the
extent to which visual/verbal thinking styles can be differentiated using an individual’s results on these tasks.
Keywords: Cognitive styles; mental representation; processing style; representational modality

Motivation
I think in pictures. Words are like a second language to
me. I translate both spoken and written words into full-color
movies, complete with sound, which run like a VCR tape in my
head.... Language-based thinkers often find this phenomenon
difficult to understand, but in my job as an equipment designer for the livestock industry, visual thinking is a tremendous advantage. (Grandin, 2008, p. 3)
Temple Grandin is a well-known professor of animal science
who is also on the autism spectrum. She has observed that she
is a “visual thinker,” in the sense that she has a disposition
towards using visual mental representations instead of verbal ones. She still has access to verbal representations (e.g.,
language), but at least introspectively, her dominant mode of
thinking seems to be visual, not verbal (Grandin, 2008).
Other introspective accounts of this kind of “visual thinking style” in autism have been documented (Hurlburt et al.,
1994). In addition, there is objective evidence from both behavioral and neuroimaging studies that at least some individuals on the autism spectrum do use visual mental representations for certain tasks that are solved verbally by typically
developing controls (Kunda & Goel, 2011). Other evidence
from autism seems to suggest that individuals on the spectrum may show a more bimodal distribution across extremes
of visual and verbal thinking than do typically developing individuals (Joseph et al., 2002).
1 Present

address: Department of Computer Science, Oberlin College, 10 N. Professor Street, Oberlin, OH 44074 USA

Among typically developing individuals, people can successfully be instructed to use one modality over another to
solve the same given task (Reichle et al., 2000). Investigations of the learning styles hypothesis suggest that a person’s
preferred visual/verbal thinking style, i.e., “default” representational modality, is distinct from visual/verbal cognitive ability, i.e., the proficiency with which a person can solve visual
or verbal problems, and also from visual/verbal learning preferences, i.e. whether a person prefers to receive visual or verbal instructional materials (Mayer & Massa, 2003).
These observations collectively raise a very important
question: Do individuals indeed have dispositions towards
visual or verbal thinking styles, in the sense that they reliably exhibit a tendency towards one default representational
modality versus the other?
Many interesting questions follow from this one. To what
extent do people with certain cognitive conditions like autism
show different distributions over thinking styles than do typically developing individuals? Do these different thinking
styles represent important etiological subtypes, i.e. “cognitive phenotypes” within autism or other conditions (Charman
et al., 2011)? To what extent do differences in thinking styles
affect how students learn from different instructional materials (Pashler et al., 2008)? How do individual differences
in the flexibility with which people can switch away from
their default representational modality contribute to overall
metacognitive abilities? (And so on.)

The Problem: How to Measure?
The problem in trying to answer this question is that
visual/verbal thinking styles are challenging to measure.
Subjective, introspective measures do exist, such as the
Verbalizer-Visualizer Questionnaire (VVQ), which asks test
takers to agree or disagree with statements such as, “My
dreams are extremely vivid,” and “I don’t believe that anyone
can think in terms of mental pictures” (Richardson, 1977).
Many studies have attempted to use these and other subjective measures to study visual/verbal thinking styles and to
relate these differences to other variables. However, while
introspection can be valuable for studying human cognition,
these approaches often exhibit poor reliability and validity
(Antonietti & Giorgetti, 1998).
An objective measure of visual/verbal thinking styles can
be obtained by observing a person’s brain activity using fMRI
or other neuroimaging techniques, as visual mental representations are instantiated in the visual processing regions of the
brain, and verbal mental representations are likewise instantiated in auditory and linguistic processing regions (Reichle
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et al., 2000; Kana et al., 2006). However, neuroimaging is
resource-intensive and cannot easily scale to large numbers
of participants or flexible testing settings.
Researchers have repeatedly called for improvements in
this area, emphasizing the need for objective, reliable, easyto-administer measures (Riding & Calvey, 1981) and suggesting that certain negative results in the literature surrounding the idea of visual/verbal thinking styles may be due to the
paucity of effective measures in the past (Kaufmann, 1981;
Pashler et al., 2008). As a result of this gap, we know surprisingly little, in terms of objective and reliable research findings, about individual differences in visual/verbal thinking
styles, including whether most individuals indeed even have
dispositions towards a “default” representational modality.

Our Approach
In order for a task or testing method to be able to objectively
evaluate a person’s visual/verbal thinking style, the task must
meet two key criteria (Kunda & Goel, 2011):
A. The task must be solvable equally well using either
visual or verbal mental representations. If a task can only
be solved using one type of representation, then a person’s
performance on that task can only reflect the level of their
ability on that particular task, not their thinking style. For
example, a person might have a strong visual thinking style,
but when given no other choice, can switch to using verbal
mental representations. Only by providing both options can a
task measure modality preferences/biases.
B. The task must offer a secondary marker of some kind,
in addition to primary performance measures, that indicates which modality is being used. Neuroimaging methods, for example, provide these secondary markers in the
form of measurements of brain activity in different regions.
We focus on identifying secondary markers that are behavioral, so that they can be measured without neuroimaging.
We have identified four such tasks that already exist in the
psychology literature:
Task 1. Serial digit recall. If someone reads you a list of
numbers, and you are asked to repeat them back, do you use
your visual or verbal memory buffer to store the numbers?
While digit recall is sometimes assumed to be a test of verbal
working memory, there is evidence that people can use either
visual or verbal memory for this task (Kunda & Goel, 2011).
A secondary behavioral marker can be obtained by giving
someone a visual or verbal suppression task (a task known
to recruit either visual or verbal cognitive resources) to perform simultaneously with digit recall (Garcı́a-Villamisar &
Sala, 2002). Under this “dual task” paradigm, if a person can
do the two tasks simultaneously and well, then the tasks are
assumed to recruit different pools of cognitive resources. If
performance suffers on either task, then the tasks are assumed
to recruit the same pool of cognitive resources.
Thus, if someone can still recall digits under visual suppression but not as well under verbal suppression, then they
are likely to be doing digit recall verbally. If, on the other

hand, they cannot recall digits as well under visual suppression but can under verbal suppression, then they are likely to
be doing digit recall visually.
Task 2. Serial picture recall. If someone shows you a series
of object pictures, and you are asked to repeat the objects
back, do you use your visual or verbal memory buffer to store
the information? There is evidence that people can use either
visual to verbal representations for this task, and in particular,
there is a developmental progression from visual to verbal
representations in typically developing children (Hitch et al.,
1989).
The secondary behavioral marker is obtained by giving
people lists of objects that are either visually similar, phonologically similar, or not similar along either dimension. If a
person’s accuracy decreases for visually similar stimuli but
not for phonologically similar stimuli, then it is likely that
they are using visual representations, which would be susceptible to inter-stimuli interference from visually similar objects. If, on the other hand, a person’s accuracy decreases for
phonologically similar stimuli but not for visual, then it is
likely that they are using verbal representations for the task.
Task 3. Arithmetic task switching. Task-switching is an
executive ability often studied using arithmetic, i.e., a person alternately adds and subtracts pairs of digits. Arithmetic
task-switching is often thought to involve verbal cognitive resources, but there is evidence that people can use either visual
or verbal resources for the task (Kunda & Goel, 2011).
As with serial digit recall, task switching is often studied using the dual task paradigm, by giving people either visual or verbal suppression tasks and then observing the effects of each type of suppression on performance (Emerson
& Miyake, 2003; Whitehouse et al., 2006).
Task 4. Sentence-picture verification. If someone shows
you a simple sentence like, ”The star is above the plus,” followed by a picture of a star and plus, and you are asked to say
whether the sentence and picture match or do not match, how
are you making this determination? Are you converting the
sentence into a mental picture, and then comparing your mental picture with the actual picture? Or are you remembering
the sentence using verbal representations, and then converting the actual picture into verbal representations as well in
order to make the comparison verbally?
Various patterns of reaction times can be used as secondary
behavioral markers to determine which strategy a person is
using. For example, most people take longer to verbally process a negative sentence like, ”The star is not above the plus,”
than the equivalent, affirmative sentence, ”The plus is above
the star.” For a person solving this task verbally, their reaction
times upon inspecting the picture should be longer for negative sentences than for affirmative sentences. However, for
a person solving this task visually, by the time they start inspecting the picture, they have already converted either type
of sentence (negative or affirmative) into the same mental picture, and so their picture-inspection times should be the same
across negative or affirmative initial sentences.
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Very detailed studies have found several such reaction time
effects in typically developing adult samples (Carpenter &
Just, 1975), including the presence of what appear to be distinct visual and verbal groups (MacLeod et al., 1978). People can also switch strategies on purpose, and the interpretations of resulting reaction time patterns have been confirmed
through neuroimaging (Reichle et al., 2000).

Complexities
In an ideal world, we should be able to give a person any one
of the four tasks listed above, measure whether they are using
visual or verbal mental representations, and be done with it.
However, there are many complexities that make this problem
even more challenging than it already appears to be.
Inter-task variability. Would a person with a visual thinking style be expected to use visual mental representations
across all of these tasks? Perhaps, but perhaps not. If individuals are able to develop different overall dispositions towards visual/verbal thinking, it seems entirely possible that
they could develop more localized dispositions for certain
classes of tasks. In this case, it may be that a person’s visual/verbal thinking style should be characterized more like a
visual/verbal thinking profile, defined across task types.
Another complexity arises if we consider whether each task
is measuring an active preference toward a particular modality versus a more passive inability to switch away from a particular modality. For example, on the sentence-picture task,
there is no particular advantage related to either modality, and
so the task is more like a measure of preference.
However, tasks that use the dual-task paradigm are different in that they are essentially placing the person under
duress, and then we are measuring whether they have the ability to switch to a different modality under those conditions. In
a way, these dual-task setups are a measure of a person’s cognitive flexibility, not preference. (Our task 3 on picture recall,
looking at errors due to stimulus similarity, could be a measure of preference or flexibility depending on how aware the
person is of their performance levels.)
More generally, visual/verbal thinking styles can be differentiated into 1) a person’s capability to use visual or verbal
mental representations on demand, 2) a person’s temporary
preference for one or the other, or 3) a person’s long-term, habitual use of one or the other (Antonietti & Giorgetti, 1992).
Dual task demands. It is difficult to design dual task studies
in which the visual and verbal suppression tasks are of comparable complexity, interact with visual/verbal strategies on
the main task in comparable ways, and are physically possible for a person to do simultaneously with the main task.
We have loosely described simultaneous tasks as using (or
not using) “the same pool of cognitive resources,“ but this is
obviously a simplification; actual task interactions are much
more nuanced and complex (Pashler, 1994).
In addition, these dual task studies do not just measure a
person’s visual/verbal thinking styles; they are also measuring a person’s dual tasking ability. Consider the schematic

Figure 1: Schematic showing the space of possibilities into
which a person’s visual/verbal dual-task scores might fall.
Top-left point: The “ideal” visual thinker who is fully impaired by visual suppression but completely unaffected by
verbal suppression. Bottom-right point: The “ideal” verbal
thinker who shows the opposite pattern. Bottom-left point:
The perfect multitasker who is unaffected by visual or verbal
suppression. Top-right point: A complete inability to multitask, i.e., full interference from both suppression conditions.

shown in Figure 1, which illustrates how a person’s dual task
scores actually place them along two dimensions of variation,
not just one: one dimension (perpendicular distance from the
dotted line) measures the relative effects of visual vs. verbal
suppression, while the other dimension (distance along the
dotted line) measures the overall effects of dual tasking.
Individual versus group differences. All four of the tasks
we adopt appear to have primarily been studied in the context
of group differences. One study of the sentence picture task
does sort individuals into visual and verbal groups, but they
use a clustering algorithm that incorporates data from all participants (MacLeod et al., 1978). How to extract enough “signal” from the relatively small amount of data coming from a
single participant is an important open question in our work.
The obvious solution of collecting more data from each
person adds another layer of complication: will people’s default thinking styles change with practice? One might expect
greater effects of practice on tasks that are measuring modality inflexibility (like the dual task setups) than on tasks that
are just measuring preference (like the sentence picture task).

Methods
While we could no doubt fill up this entire paper with a list
of complexities, at some point one must forge ahead with an
experiment, to engage with these issues more concretely. We
conducted a small pilot study with 12 adult participants recruited from the Vanderbilt University community (8 male
and 4 female, with an average age of 27 years). Participants
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Figure 2: Levels of impairment (decreases in accuracy) on digit recall (Task 1, left) and picture recall (Task 2, center). Degree
of fit (R2 ) with verbal processing model (MacLeod et al., 1978), with thresholds adopted from this original study (Task 4, right).

received a gift card as compensation for their time.
After completing a brief demographic questionnaire, participants were asked to perform the four tasks, with the order
of tasks counterbalanced across participants. Then, participants were asked to complete two introspective, subjective
questionnaires: the Vividness of Visual Imagery Questionnaire (VVIQ) (Marks, 1973), and the Verbalizer-Visualizer
Questionnaire (Richardson, 1977). All tasks that require
computerized elements were created with the open-source experiment software PsychoPy (Peirce, 2007). (Note that we
omit further discussion of the VVIQ measure and results here,
as vividness of imagery is not the focus of this paper.)
What follows is a highly abbreviated description of our task
designs and analysis methods. Due to space limitations, we
cannot detail our full methods here; we did aim to match
the original studies’ methods as closely as possible. Where
applicable, the ordering of conditions was counterbalanced
across participants, and most tasks also included initial practice phases as well as checks for atypical object labeling (Task
2, picture recall) and letter labeling (Task 1, letter rhyming
suppression task).
Task 1: Digit recall. We tested each participant’s digit span
using standard procedures. Then, 10 sequences at span were
given as a baseline condition, following by 10 sequences under visual and verbal suppression. Accuracy was measured as
number of sequences correctly recalled.
Visual suppression took the form of a printed grid-based
labyrinth on paper, in which the participant is instructed to
mark X’s in each box to complete as long a path as possible (Garcı́a-Villamisar & Sala, 2002). We designed a new
verbal suppression task for this study; we wanted a manually
performed task, since the primary task required spoken responses. We printed a sheet with 40 pairs of letters, of which
some rhymed (like “A” and “K”) and some did not (like “E”
and “R”). Participants had to mark whether each pair rhymed.
Task 2: Picture recall. Picture stimuli in this task consisted
of 27 images of common objects. Unbeknownst to the participant, the images were grouped into three categories: visually
similar images (similar shape and orientation) with phonologically dissimilar labels, visually dissimilar images with
phonologically similar labels (rhyming vowel sounds), and

images with neither type of similarity (Hitch et al., 1989).
Participants were then shown two sequences of five images in
each category and asked to recall them. Accuracy was measured as the percentage of pictures correctly recalled at the
correct place in each picture sequence.
Task 3: Arithmetic task switching. In this task, participants
completed three types of arithmetic exercises on paper across
three experimental conditions. The arithmetic exercises were
to 1) add 30 pairs of numbers, 2) subtract 30 pairs of numbers, and 3) switch between adding and subtracting 30 pairs
of numbers. The second number was always three, and the
operation signs were not shown on any of the sheets (Emerson
& Miyake, 2003). The experimental conditions were baseline
(no suppression), visual suppression, and verbal suppression.
So each participant completed a total of 9 sheets.
Verbal suppression involved repeating the word “Monday”
about once per second. Visual suppression involved first (before the sheet) looking at two circular gratings (presented at
20°, 70°, and 115°orientations), completing the sheet, and
then selecting which of two new gratings had changed since
the previous presentation.
We measured total time taken to complete each sheet. To
analyze results, we first calculated the average time for individual adding and subtracting operations in the control and
suppression conditions, separately, by taking the total time
and dividing by the number of operations (thirty). Then, we
were able to calculate the average time taken to switch in each
condition with the following formula:
avgswitch =

total switch − (avgadd ∗ 15) − (avgsub ∗ 15)
29

Note that there are 29 switches for a list of 30 number pairs.
Task 4: Sentence picture verification. The participant is
presented with a sentence that describes a spatial relationship,
such as ”The plus is not above the star,” which advances at
user input, and then a picture with a spatial relation that may
or may not match the sentence. The participant must respond
with whether or not the sentence matches the picture. Each
participant completed two blocks of 64 trials each.
Following previous methods, we computed how well each
participant’s reaction times fit a verbal processing model
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Figure 3: Levels of impairment (average increases in reaction time per operation) under visual and verbal suppression on three
conditions given in arithmetic task (Task 3): all adding, all subtracting, and switching between adding and subtracting.

(MacLeod et al., 1978); please see the original study for more
details. The resulting R2 values from the original study were
clustered into three groups: well-fit (i.e., verbal thinkers),
poorly fit (i.e., visual thinkers), and intermediate fit. Because
we did not have enough participants to support a clustering
analysis, we used the R2 thresholds from this original study
as rough estimates of group boundaries.

Results and Discussion
Here, we present a bird’s-eye view of results from this study.
(Due to space limits, we cannot report on many details.)
Figure 2 shows data for our 12 participants on Tasks 1
(digit recall), 2 (picture recall), and 4 (sentence picture verification). Note that for tasks 1 and 2, we get separate measures
of impairment (decreases in accuracy) due to visual/verbal
suppression (task 1) or similarity (task 2), and so each participant is represented as a 2D point. Negative scores on these
two tasks indicate participants who were more accurate under suppression than on the baseline task, which may reflect
practice effects, general noise, or reallocation of cognitive resources to a different modality. For task 4, we get only a
unidimensional score for each participant.
Figure 3 shows data for our 12 participants on the three
different arithmetic exercises that were part of Task 3: addition, subtraction, and switching. These points illustrate impairment from visual/verbal suppression (increases in average
reaction time per operation). The switch times are calculated
after taking into account potential effects of suppression on
the add and subtract operations themselves, according to the
equation provided in the Methods section.
Figure 4 shows a similar two-dimensional mapping of
participants response scores from the Visualizer-Verbalizer
Questionnaire (VVQ). The x-axis represents participants’ average ratings of “verbal” statements from the VVQ, and the
y-axis represents average ratings of “visual” statements.
Just based on qualitative inspections of these graphs, it appears that digit recall and task switching (and perhaps, to a
lesser extent, addition by itself) recruit participants’ verbal
processes more than their visual processes. The introspective
VVQ is the only task that seems to show a visual preference

for most participants. Participants are more mixed for the picture recall task, sentence picture verification, and subtraction.
To investigate consistency within subjects and across tasks,
we computed each participant’s perpendicular distance to the
visual/verbal divide. For the sentence picture task, we computed each participant’s distance from the midpoint of the
two thresholds. These distance scores are shown in Figure
5. Positive scores indicate a verbal thinking style, and negative scores indicate a visual thinking style. Zero values in
these bar graphs indicate that a participant was right on the
line (though where on the line we cannot say from these bar
graphs). Participant 10 was missing data for task 3; all other
“invisible” bars represent zero values.
Only two of our participants (3 and 9) are completely consistent across tasks, and both fall in the verbal thinking category. This might be expected from our sample; for example,
the picture recall task shows a typical developmental progression from visual to verbal processing, and most or all of our
participants were likely typically developing (we did not ask).
Continued research into developing an objective, quantitative, and reliable measure of visual/verbal thinking styles is
sorely needed. Studies of this kind with larger and more varied samples will yield more insights into effect sizes, etc. In
addition, convergent studies using neuroimaging on the same
or similar tasks would provide a means of validation.

Figure 4: Average ratings (on a scale of 1-5) of affinity/preference for visual and verbal items on the VerbalizerVisualizer Questionnaire (Richardson, 1977).
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Figure 5: For each of 12 study participants, calculated distance from visual/verbal “midline” on four main tasks: 1) digit recall,
2) picture recall, 3) task switching, 4) sentence picture verification, and also on 5) VVQ. (Across-task magnitude comparisons
are not to scale.) +1 is the score for the ideal verbal thinker, and a -1 the score for the ideal visual thinker.
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Abstract
According to mental model theory, spatial reasoning is based
on the construction and variation of mental models
representing spatial arrangements. Several effects in human
spatial reasoning are known to support this theory, for
example the ordering effect. Yet, reasoning effects have been
observed for which the cognitive mechanisms are not entirely
explained. To investigate how these effects can be attributed
to neural computation, we modeled spatial reasoning in the
Neural Engineering Framework.
We selected three experiments to simulate tasks in a cognitive
model based on an internal display. In our model,
performance declines with an increase of objects which is
explained by the neural drift over time. We replicated effects
from the studies which we have found to be due to continuous
premise integration. By modeling and simulating spatial
reasoning tasks, we showed that effects reported in
psychological studies can be explained by the emergent
properties of neural computation.
Keywords: Neural Engineering Framework;
reasoning; relational Reasoning; cognitive Modeling

spatial

Introduction
When interacting with the world, we are in need of
navigating in the immediate moment or planning for the
future. For that, we rarely have complete information about
the relational dependencies so that we have to use the given
information effectively. Deductive relational reasoning
facilitates this process by decompressing implicit
information from the given. By that, we mean inferring the
connections between objects, in this case in space. For
example, imagine that you are planning to visit a friend.
Your friend lives behind the train station which is behind
the old church. Standing in front of the church, you infer
that your friend’s home is behind the church because you
know the relation between train station and church and your
friend’s home and church.
Although relational reasoning is so prevalent, its
mechanisms are still relatively unclear (Hobeika,
Diard‐Detoeuf, Garcin, Levy & Volle, 2016). From a
cognitive perspective, mental model theory (Johnson-Laird,
1983) provides a framework for conceptualizing relational
reasoning as a mental action requiring the engagement of
spatial cognition. It postulates that the solving of relational
reasoning problems functions via the construction of mental
models representing abstracted versions of the objects and
their relations. According to this framework, first the mental
model is constructed, and the abstracted version of the

objects are generated. After that, the information is
integrated into one mental model which is consequently
validated by crosschecking with the given premises or the
proposed conclusion (Knauff, 2013).
Computational models of higher cognition and reasoning
add to the findings we gain from psychological testing and
neuroimaging studies by giving us insights into the
cognitive mechanisms underlying the solving of relational
reasoning problems. Several attempts have been made to
model relational reasoning in frameworks such as ACT-R
for spatial reasoning (Boeddinghaus, Ragni, Knauff &
Nebel, 2006) and Raven’s progressive matrices (Rieman,
Lewis, Young, & Polson, 1994, April) and LISA
(Knowlton, Morrison, Hummel & Holyoak, 2012). Models
in the Neural Engineering Framework (NEF), c.f.
Rasmussen & Eliasmith (2011) for analogical reasoning, are
particularly interesting because a biologically plausible
modeling approach can be taken in which we can try to
bridge subsymbolic and symbolic processing to gain
insights into the effects of neural information processing.
Our previous model of relational reasoning by Wertheim &
Lohmeyer (2017) aimed at simulating relational reasoning
but was intended as an exploration of modeling possibilities
regarding relational reasoning in the NEF. Since mental
model theory suggests that relational reasoning does not rely
on specific rules but on spatial manipulation and
verification, the modeling of relational reasoning in the NEF
remains an interesting domain.
We aim at modeling relational spatial reasoning in the
NEF for which we have constructed a model based on a
spatial display representing the object’s relations. We expect
this to be representative of the mental model theory’s
account of reasoning. With subsequent simulations, we aim
at observing that the model exhibits a sensitivity to
cognitive load in terms of number of premises, the
replication of continuity effects, meaning that continuous
premises are easier to process than discontinuous ones
(Nejasmic, Bucher and Knauff, 2015), and generally an
enhanced understanding of these phenomena.

The Reasoning Tasks
We selected two articles investigating the principles on
which human spatial reasoning is based (see Table 1). In the
experiment by Bucher, Krumnack, Nejasmic and Knauff
(2011), it was tested how reasoners, when confronted with
inconsistent premises, adjust the previously built mental
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model to fit to the last given premise. The reasoners were
confronted with two initial premises:
P1: A is left of B.
P2: C is left of A.
The mental model based on this information is:
C–A–B
Afterwards, the last premise is presented to the reasoner
which can either be consistent (C is left of B) or inconsistent
(B is left of C) with the formerly build model. Afterwards,
the reasoner is asked to adjust the previous mental model so
that the objects’ locations are consistent with the new
premise. For this, two possible scenarios are hypothesized:
either the reasoner relocates the last given object (A – B –
C) or the to-be-located-object (B – C – A). Bucher et al.
(2011) found that in 87.78% of the cases, participants
relocated the to-be-located-object (LO).
The second experiment was conducted by Nejasmic,
Bucher and Knauff (2015). In this experiment, it was
examined how the continuity of the premises’ content
influences participants’ reasoning capabilities. It was found
that it is easier for participants (in terms of enhanced and
faster performance) to construct models from premises that
are continuous (A is left of B, B is left of C, C is left of D)
than semicontinuous (B is left of C, C is left of D, A is left
of B) or discontinuous (C is left of D, A is left of B, B is left
of C) tasks. Reasoners seek to integrate all tokens as fast as
possible and try to avoid relocating objects that are already
represented in the mental model. Moreover, reasoners solve
discontinuous tasks by first constructing one model and then
modifying it if necessary, thereby saving cognitive
resources by working as sparingly as possible (Goodwin &
Johnson-Laird, 2005). In discontinuous tasks, partial models
are connected by a temporary link which is weaker than the
links between the explicitly related objects. If new premises
confirm the link, it is strengthened; if not, the effort is made
to relocate.

The Simulation
For modeling reasoning as explained by mental model
theory, we decided to incorporate the idea of an internal
display (Ragni & Knauff, 2013) for representing the object’s
locations, since the postulates of mental model theory are
conceptually based on the objects being located in twodimensional space. That is why we have initialized rules
about the meaning of the four directions “to the left/right of”
and “above/below of” in terms of the internal display (shift
on the X/Y-axis).
To construct the model, the NEF (Eliasmith & Anderson,
2003) provides a method for connecting spiking neurons
(here we use standard Leaky Integrate-and-Fire neurons)
such that groups of neurons represent values, and
connections between groups of neurons approximate
computations on those values.

Table 1: Experimental tasks.
Exp.

Type

Premises

Concl.

Bucher et
al., Exp. 1

Consistent

P1: A r B
P2: C r A
Model:
CAB
P1: A r B
P2: C r A
Model:
CAB

CrB

Inconsistent

BrC

Belief
revision

Reloc.
last
object:
ABC
Reloc.
LO:
BCA

Nejasmic
et al.,
Exp. 1

P1: Ar B C r D
Continuous
P2: B r C
SemiP1: B r C A r B
continuous P2: C r D
Nejasmic
P1: C r D D r A
Quasidiset al., Exp. continuous P2: A r B
1&4
DisconP1: C r D B r C
tinuous
P2: A r B
Note: Exp.: Experiment, P1, P2: Premise 1, 2, concl.:
conclusion, “r” denotes the relation ‘is to the left of’, reloc.:
relocation, LO: to-be-located-object, “Model” indicates the
mental model after the presentation of premise 2.
For this model, there are two basic things that need to be
represented: the premise currently being considered, and the
current state of the mental model. Importantly, we assume
that only one premise is being considered at a time, and we
do not model the process of deciding to switch from one
premise to the next. As each premise is considered, the
internal mental model should change, such that at the end
we have a mental model that respects all the premises.

Representing Premises
To represent the symbolic nature of the premise, we use the
idea of “semantic pointers” (Eliasmith, 2013). Here, the
neurons are structured so as to represent a high-dimensional
space (here, 256 dimensions), and every point in that space
is a different possible premise. Specifically, we randomly
choose unit vectors in the 256-dimensional space for each of
the basic concepts (A, B, C, leftof, rightof, below, above,
subject, etc.). We then form a premise such as “A leftof B”
by computing A*subject + leftof*relation + B*object, where
* is circular convolution. All of the steps in this process
have been shown to be computable by spiking neurons, and
this is the basis of many existing neural symbolic models
(e.g. Rasmussen & Eliasmith, 2011), allowing for the
compositionality, systematicity, and productivity seen in
human symbol usage. Effectively, this approach means that
each premise will have a unique spiking pattern, and that
neurons can be organized to extract out this information and
respond appropriately.
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Figure 1: Visualization of our neural model of relational
reasoning. Each box consists of the given number of spiking
neurons and arrows show neural connectivity.
Figure 1 shows the overall structure of the neural model.
The PREMISE neurons store the premise (e.g. “A leftof B”)
that is currently being input. The SUBJECT, RELATION,
and OBJECT neurons extract out the individual parts of the
premise (i.e. the connections from the PREMISE neurons to
the SUBJECT neurons are set such that if “B leftof C” is in
the PREMISE, then the SUBJECT neurons will be driven to
fire with the randomly-chosen pattern for “B”).

the neuroanatomy, spiking activity, and temporal dynamics
are matched to empirical data (e.g. Stewart, Choo, &
Eliasmith, 2010).
The core idea is that we specify a set of possible actions,
and the basal ganglia selects which one to perform, and then
this action is executed by the output of the basal ganglia
controlling routing in the model of the thalamus. In this
case, there are two actions for each relation (“leftof”,
“rightof”, “below”, etc.). The first action for “leftof” is the
action that should occur if the pattern in the RELATION
neurons is “leftof” but those objects in the mental MODEL
are the wrong way around (i.e. the X value for the
SUBJECT is larger than the X value for the OBJECT). The
second action is the one that should happen if the objects are
the correct way around.

Representing a Mental Model
The MODEL neurons store the current mental model. This
mental model is also represented as a 256-dimensional
vector. Initially, the neural activity is just the default
background activity which represents the vector 0 and the
all objects are located at position X,Y (0, 0). As the mental
model is built up, the objects are relocated according to the
incoming spatial information from the premises. For
example, if A is at an X,Y position of (0.3, 0.7) and B is at
an X,Y position of (-0.2, -0.5), then we would have the
vector 0.3A*X+0.7A*Y-0.2B*X-0.5B*Y, representing the
object’s positions on the display.
Importantly, this approach means that the MODEL
neurons are highly generic. We can add more objects just
by adding onto that vector. Indeed, we can also add more
spatial relations (Z), or even abstract relations (height, age,
cleanliness, etc.) without modifying the neurons
representing the mental model, since all of those additions
simply result in different 256-dimensional vectors, and the
neurons are optimized to represent any vector in the 256dimensional space. As with all semantic pointer approaches
for representing symbol structures using vectors, the more
information that is combined into the vector, the lower the
accuracy of extracting information from the vector, and
there will be a graceful degradation in this accuracy.

Action Selection and Execution
Given the above neural groups' capability of representing
both the premise and the mental model, the remainder of the
system involves deciding how to modify the mental model
given the premises. We do this by implementing a Neural
Production System using a model of the mammalian Basal
Ganglia and Thalamus. This has been used to model tasks
such as Tower of Hanoi (Stewart & Eliasmith, 2011) and

Figure 2: Output of the model presented with two
premises ("A leftof B" and "B leftof C"). Each row shows
spiking activity of some of the neurons in that region, plus
text and lines indicating the meaning of those spikes.
To select among these actions, each action has a utility
function: a mathematical calculation that takes the vectors
currently stored in the SUBJECT, RELATION, OBJECT,
and MODEL neurons and computes a single scalar value
that represents how relevant this rule is to the current
situation. This calculation is computed in the connections
from those areas into the input to the basal ganglia. The rest
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of the basal ganglia then determines which of those
resulting utility values is largest and selects that action.
If the first action is selected, two things occur. First, the
STATUS neurons are driven towards the pattern for
INVALID (so that we know the neural system has decided
there's something wrong with the mental model), and, more
importantly, the mental model is adjusted. In particular, for
“leftof”, the neurons will have their activity adjusted
towards the pattern for object*X-subject*X (where subject
is the vector for the subject of the premise, such as A, and
object is the object, such as B). This has the effect of
gradually changing the mental model until such a time as
the objects in the mental are the right way around, at which
point the action selection system will stop choosing that first
action, and instead select the second action. The second
action does not change the mental model; instead it just
adjusts the STATUS neurons towards the pattern for
VALID.
Importantly, all of the model presented here is entirely
implemented in spiking neurons with synaptic connections
between them. The only input is the pattern of activity for
the currently considered premise (into the PREMISE)
neurons. This input is manually changed after 0.4 seconds
to the next premise.
Figure 2 shows the neural activity of randomly selected
neurons from different regions of the model as it is
presented with the premises “A leftof B” and “B leftof C”.
Each row shows the spiking activity of individual neurons.
The overlaid text indicates the interpretation of that activity
(each possible value has a different ideal pattern of activity,
and we show the value whose pattern is closest to the
observed activity). For the MODEL neurons, we plot the
current represented X value for the three objects in the
model (A, B, and C).
For the first 0.1 seconds, the system recognizes that its
current model (where A, B, and C are all at X=0) is
INVALID for the given premise “A leftof B”. The effect of
this action is to decrease the X value for A and increase the
X value for B. Eventually, these values are different enough
that the basal ganglia changes to the VALID action, and it
stops adjusting the mental model. At t=0.4s, the premise is
changed to “B leftof C”. Now the basal ganglia recognize
that this premise is invalid, and starts changing the X values
for B and C.
It should be noted that the odd oscillation pattern seen
from t=0.5 to t=0.8 is because neurons do not perfectly store
information. The mental model itself drifts slightly, just due
to randomness in neural firing. This means that the system
is finding the mental model slightly invalid, fixing it,
recognizing it as valid, and then the model drifts back to
being invalid. This sort of neural drift has been useful for
modeling forgetting in working memory (Choo & Eliasmith
2010).
Concerning our tasks, we expect to observe degrading
performance when the number of objects is increased, due
to the inherent randomness of neural computation. Further,
we expect to simulate the effects by Bucher et al. (2011) and

Nejasmic et al. (2015). Considering the former, we expect to
see 1) a correct ordering of the objects, 2) in inconsistency
detection and a preferred relocation of the LO in contrast to
the last object. Considering the latter, we expect a
degradation of the model’s performance from continuous, to
semicontinuous, to quasicontinuous, to discontinuous tasks.

Evaluation and Comparison
After the development of the model, we evaluated it by
comparing the outcomes of the simulation to behavioral
data. For evaluating the model’s performance, we used a
score of either 0 for arrangements inconsistent with the
premises or 1 for arrangements consistent with the premises.
In the case of the inconsistent task by Bucher et al. (2011),
score 0 denotes inconsistent arrangements, score 1 the
relocation of the last object and a score of 2 for the
relocation of the LOs. We have simulated each task 60
times to achieve robust results and evaluated how often the
simulation’s outcome was a correctly arranged set of
objects. We have set the timepoint of evaluation for the
tasks by Bucher et al. (2011) and Nejasmic et al. (2015) to
0.91 seconds, which is 0.11 seconds after the presentation of
the last premise. For the tasks aiming at the cognitive load
of reasoning, we have set the evaluation timepoint at 0.51
seconds for the task with three items and added 0.4 seconds
per additional premise.
Table 2: Behavioral and simulation results.

Task
Bucher et
al., Exp.
1

Nejasmic
et al.,
Exp. 1, 4

Tested for
Correct order
Relocation
LO
Relocation
last object
Continuous
Semicontinuous
Quasidiscontinuous
Discontinuous

Cognitive
load

2 premises
3 premises
4 premises
5 premises
6 premises
Note: Exp.: Experiment.

Exp.
98.64%

Correctness
Simulation [CI 95%]
93.34% [0.84, 0.98]

87.78%

94.00% [0.73, 0.99]

12.22%

5.56% [0.00, 0.27]

92%

78.33% [0.66, 0.88]

79%

6.67% [0.02, 0.16]

81%

80.00% [0.67, 0.89]

59%
(Exp.1)
/ 67%
(Exp.4)

76.67% [0.64, 0.87]
100% [0.95, 1]
80.00% [0.68, 0.89]
40.00% [0.28, 0.53]
15.00% [0.07, 0.27]
1.67% [0.00, 0.09]

Concerning the cognitive load, we have found that the
more objects have to be considered by the model, the lower
the performance (in terms of correct arrangement of the
objects, see Table 2). This is because information is lost
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after several seconds due to the instability accompanying
neural computation, imitating the process of gradual
forgetting. This means that information degenerates over
time. Since each premise is only presented once,
information from the first premises vanished over time (see
Figure 3 for the arrangement of object 1 and object 3).
Concerning the tasks by Bucher et al. (2011), the
correctness in consistent tasks was 98%, which is almost
identical with the behavioral results (98.64%). In
inconsistent tasks, the simulations revealed that the LO is
relocated in 93.75% of the cases. This is because the
information conveyed by the new (third) premise
temporarily overrides the constellations from the former
premises. This explains the findings of Bucher et al. (2011)
why the LO, rather than the last object, is relocated during
the processing of the inconsistent premise.

semicontinuous tasks. This contrasts the behavioral results
which exhibited the following order: continuous,
quasidiscontinuous, semicontinuous and discontinuous
tasks. The performance in continuous tasks has to be set in
relation to the model’s performance in tasks with three
premises (four objects). The correctness levels (81.6% and
80.0%) are similar and performance in this range is
comparable to the general model’s performance when
processing continuous relations with four objects. The
performance in quasidiscontinuous tasks is second highest
in the simulation, because these relations are easy to process
for the model. As can be seen in Figure 3, since the first two
objects are not considered in premise two, these relations
can be held steadily during the processing of the second
premise. Concerning discontinuous tasks, the model can
hold four objects (and their relations) during the first two
premises but when the third premise is presented,
connecting two of the former objects, the former relations
are in some cases confused. A distinctively low performance
is exhibited in semicontinuous relations (6%). In the first
premise, object three is on the (relative) right side (of object
2) and in the second premise, object three is on the (relative)
left side (of object four). This poses a processing difficulty
because information about object three is temporarily
contradictory and the information about the relation
between object two and object three is lost after the
presentation of the second premise.

Directionality

Conclusion

Figure 3: Internal displays during the simulations. Numbers
1-6 indicate the respective objects. Positive directionality
(y-axis) indicates the right side and vice versa., the x-axis
represents time in miliseconds.
Regarding the tasks by Nejasmic et al. (2015), the
simulations showed that the model is most successful in
predicting human performance (regarding correctness) in
continuous tasks. Performance is second best in
quasidiscontinuous and discontinuous tasks and lowest in

Our modeling idea of implementing a two-dimensional
display to solve spatial relational reasoning tasks is based on
findings of behavioral studies from cognitive psychology.
Our intent was to gain insights into the effects of neural
information processing in relational spatial reasoning. We
found that model’s performance deteriorating when more
objects are to be considered in continuous premises. This is
due to information from former premises vanishing over
time due to the drift inherent in neural computation. Also,
we replicated the findings by Bucher et al. (2011), thus our
model relocates the LOs in indeterminate tasks since
information from the premises is integrated continuously,
while temporarily overriding information from former
premises. This effect is also exhibited when considering the
quasidiscontinuous tasks by Nejasmic et al. (2015) in which
the model performs second best since spatial information
about an object is stored most effectively when the next
premise does not contain any spatial relational information
about the former object.
Nonetheless, we faced some limitations concerning the
model. The behavioral data were only reported as
accumulated percentages, which limited our comparison
between model and data. Concerning our decision when to
stop the simulation and evaluate the results, we could have
considered the participant’s reaction times. We decided to
not use this measure since we do not yet expect the model to
reflect all cognitive processes contributing to the reaction
time. Hence we chose preliminary timepoints corresponding
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to the number of objects involved. Concerning the
inconsistent tasks by Bucher et al. (2011), we diverged from
the task presentation they have used. Bucher et al. (2011)
asked participants whether the task would be consistent or
inconsistent and then demanded them to adjust their mental
model in case of inconsistent tasks. In the inconsistent tasks,
we just presented the inconsistent premise and did not
explicitly inquire whether it is inconsistent or not. Lastly,
the model’s performance was considerably lower in
semicontinuous tasks compared to the behavioral results,
due to the effects of continuous premise integration. This
could be averted by magnifying the impact of the earlier
premises and by that preventing the confusion of relational
information about former objects.

Future Work
Since we tested our model on similar reasoning tasks, it
would be interesting to test different task types in the model,
such as tasks involving cardinal directions (Ligozat, 1998)
or abstract relations (Knauff & Johnson-Laird, 2002). This
would be feasible because of the vector space which does
not only work for spatial tasks but also for abstract
dichotomies (e.g. clean and dirty). Concerning the inference
types, we envision improving the model in regard to the
difficulties concerning processing semicontinuous tasks. For
that, information from earlier premises could be valued
more strongly than from latter premises so that later
contradictory relations do not override them. Further, it
would be interesting to conduct a thorough comparison
between our model and the model built by Ragni & Knauff
(2013). In this model, a two-dimensional display was
implemented to simulate spatial relational reasoning. In
contrast to our model, this one is based on different
principles such as the solidity of the entities (they cannot
easily cross each other) and rule-based, rather than dynamic
processing.
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Abstract
One of the principle tenets of modern behavioral ethics is that
human morality is dynamic and malleable. Recent work in
technology ethics has highlighted the role technologies can
play in this process. As such, it is the responsibility of
technology designers to actively identify and address possible negative consequences of such technological mediation. In
this work, we examine dialogue systems employed by current
robotic agents, arguing that they can have deleterious effects
on both the human moral ecosystem and human perception of
the robots, regardless of the robots’ actual ethical competence.
We present a preliminary Bayesian analysis of empirical data
suggesting that the architectural status quo of clarification request generation systems may (1) cause robots to unintentionally miscommunicate their ethical intentions (our two tests for
this yielded Bayes factors of 1319 and 1099) and (2) weaken
humans’ contextual application of moral norms (Bayes factor of 1069). Keywords: natural language generation, moral
norms, robot ethics, experimental ethics

Introduction and Motivation
An empirically supported assumption commonly affirmed in
the behavioral ethics literature is that human morality is both
dynamic and malleable (Gino, 2015). Moreover, it has been
argued that the technologies populating our environment actively mediate human morality, affecting the way we perceive and interact with our world in ethically meaningful
ways (Verbeek, 2011). In this paper, we examine a specific
technology, language enabled robots and the unique way in
which this technology may mediate the moral perception of
human interactants.
Due in part to their embodied nature, robots already occupy a unique spot in humans’ moral landscape. Philosophers
have hotly debated whether or not robots should be considered true moral agents, as demonstrated in Roff (2013)’s discussion of “quasi-agents”, arguments by Peterson and Spahn
(2011), and the diverse perspectives reflected in Kroes and
Verbeek (2014)’s recent collection. But regardless of the
“true” moral status of robots, recent experimental evidence
has suggested that humans may well perceive robots as moral
agents (Kahn Jr et al., 2012; Malle, Scheutz, Arnold, Voiklis, & Cusimano, 2015; Malle, Scheutz, Forlizzi, & Voiklis, 2016; Malle & Scheutz, 2016). As such, even if robots
theoretically (and legally) lack the moral obligations held by
humans, their perception as moral agents suggests that humans may expect them to adhere to humans’ systems of moral
norms all the same.
Compliance with moral norms has been previously acknowledged with respect to robots’ general need for moral
behavior. Scheutz (2016), for example, has argued that robots
must be explicit ethical agents (Moor, 2006), i.e., they must
actively seek to avoid physical (or emotional (Scheutz, 2011))

harm. To develop such robots, Malle and Scheutz (2014) argue that robot designers must first develop social robots that
have moral competence, i.e., a system of moral norms (Malle,
Scheutz, & Austerweil, 2017) and the ability to use those
norms for the purposes of moral cognition (Voiklis & Malle,
2017), moral decision making, and moral communication.
Moral communication is of obvious importance for natural language enabled robots. While all robots may need to
comply with the moral norms followed by humans (in order to behave in a way that is judged as morally sound by
human teammates), language-enabled robots must also make
this compliance clear in their communication. This is important for two reasons. First, if an agent appears to communicate that it would not comply with established moral norms,
it will likely suffer some penalty (e.g., loss of trust, negative
perception) in the eyes of its human teammates. But, more
importantly, it is important for any language-enabled agent
to communicate compliance with moral norms due to the dynamic status of those norms.
It is generally accepted in the behavioral ethics literature
that the norms that inform human morality are not innate,
but rather socially constructed, requiring compliance, transfer, and enforcement by all community members (Göckeritz,
Schmidt, & Tomasello, 2014). As such, a member of a community that communicates that it would not follow a particular norm risks, depending on its status within its community,
either admonishment from that community, or a weakening
of the system of moral norms the community employs.
Not only do humans regard robots as potential moral
agents (Kahn Jr et al., 2012; Malle et al., 2015, 2016;
Malle & Scheutz, 2016), they have also been shown to regard them as in-group members (Eyssel & Kuchenbrandt,
2012), and can attribute human-oriented group membership
to them based on social cues such as (alleged) gender or
nationality (Kuchenbrandt, Eyssel, Bobinger, & Neufeld,
2013). Moreover, these effects are likely to be enhanced
for language-capable robots, as users expect languagecapable robots to be more aware of their socio-cultural context (R. Simmons, Makatchev, Kirby, Lee, et al., 2011), and
as language-enabled robots have already demonstrated their
persuasive capabilities in a variety of scenarios (Briggs &
Scheutz, 2014; Kennedy, Baxter, & Belpaeme, 2014; Midden & Ham, 2012; Siegel, 2008; Strait, Canning, & Scheutz,
2014). This suggests that robots that communicate an unwillingness to follow an established social norm may be subject
to the same consequences (admonishment or norm weakening) as would a human group member.
While developing robots that do not intentionally commu-
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nicate a willingness to eschew human moral norms may seem
straightforward, it may be more challenging to avoid unintentional communication of such willingness, especially when
such communication would not accurately reflect the robot’s
actual moral tendencies. How can a robot unintentionally
communicate that it would not follow a particular norm? As
discussed by Spahn (2012), Habermas (1973) presents four
claims inherent in every speech act: comprehensibility of
their utterance, truth of their propositional content, appropriateness of their illocution, and truthfulness regarding their
intentions; violation of any of which may lead to misinterpretation or misunderstanding (McCarthy, 1978). One area
in which these claims may be violated by current robotic systems is in the generation of clarification requests.

Reconsidering Clarification Requests
While clarification request generation has been of interest to
the field of computational linguistics for many years (Traum,
1994), it has only recently been addressed in situated contexts (Marge & Rudnicky, 2015; Tellex, Thaker, Deits, Simeonov, et al., 2013; Williams & Scheutz, 2017). These works
seek to respond to commands such as “Bring me the mug”
with utterances such as “What do the words ’the mug’ refer
to”, “Do you mean the red mug?”, or “Do you mean the red
mug or the blue mug?”
However, the origin of these clarification requests presents
a potential violation of Habermas’ fourth claim. Take, for example, the utterance “Do you mean the red mug or the blue
mug?” we argue that this utterance would be truthful with
respect to intentions iff the speaker intended to bring the user
one of the two mugs, but was not sure which mug they desired. This is not necessarily the robot’s intention, however.
In current robotic systems, clarification request generation
occurs before intention abduction is attempted. As such, the
robot’s true intention would be better described as wanting to
know what “the mug” disambiguates to, so that it may proceed with further sentence processing. The misunderstanding
that may arise from this difference, and the ethical dimensions of this misunderstanding, can be clearly observed in the
following hypothetical exchange:
Human: I’d like you to run over Tina.
Robot: Would you like me to run over Tina Perez or Tina Ortiz?

Here, by asking for clarification, the robot seems to be implying an intention to comply with the human’s directive, i.e.,
that it would be willing to run over at least one of the Tinas
listed, an action which would clearly violate the ethical norms
that humans would likely apply to the given scenario. And
yet, even if the robot in this scenario were endowed with an
ethical reasoning system that ensured that the robot would
not perform such an action, current robotic systems would
not be able to prevent the generation of such an utterance.
In most current clarification request generation systems, asking for clarification is a special mechanism tightly integrated
with the remainder of the natural language understanding and

generation pipeline: for the sake of efficiency, as soon as a
source of ambiguity is identified, a clarification request generation mechanism is directly triggered. As such, there is no
opportunity for ethical reasoning systems to be employed, as
there is no action under consideration, so far as the system is
concerned. What is more, these algorithms do not sufficiently
consider the broader consequences of language generation.
How severe of an ethical concern is this phenomenon? The
answer, I would argue, likely depends on the answer to two
other questions: (1) How likely is it that humans will actually
infer from a robot’s clarification request that it would be willing to perform the actions about which it is inquiring? And
(2) What deleterious effects might such an inference have?
This paper presents the results of a human-subject experiment designed to examine these questions, conducted
within an experimental ethics framework (Kahane, 2013),
and analyzed within a Bayesian framework (Kruschke, 2010).
Specifically, this experiment tests the following hypotheses:
Hypothesis 1 (H1): By generating clarification requests regarding ethically dubious actions, robots that would not
actually perform the actions in question will miscommunicate their ethical programming to their human teammates.
Hypothesis 2 (H2): By generating such clarification requests, robots will weaken the network of moral norms
their human teammates employ within the scenario.

Methods
To investigate these hypotheses, we conducted a withinsubjects only study using Amazon’s Mechanical Turk crowdsourcing framework (Buhrmester, Kwang, & Gosling, 2011)
in which participants provided responses to several questions
both before and after reading about a described human-robot
interaction. Before further describing this study, we must provide further explanation for this choice of paradigm.
While research has demonstrated that people view robots
very differently in descriptions, observation, and interaction (Bainbridge, Hart, Kim, & Scassellati, 2011; Fischer,
Lohan, & Foth, 2012; Li, 2015; Tanaka, Nakanishi, & Ishiguro, 2014), the use of a description-based survey fulfills two
goals: (1) it allows us to study morally charged situations
“at arm’s length” without running into ethical experimental
issues (Scheutz & Arnold, 2016), and (2) it provides a baseline measurement of participants’ responses that is independent of any particular robot morphology. It is our intention
that the results of this experiment will provide broadly applicable baseline results that may be used as an informative
prior for previous studies, under a Bayesian analysis framework (Kruschke, 2010). We chose to use Mechanical Turk
in part because research has shown it to be more successful than traditional studies using university undergraduates
at reaching a broad demographic sample of the US population (Crump, McDonnell, & Gureckis, 2013)1 .
1 Although, to be clear, Mechanical Turk has its own population
biases (Stewart, Chandler, & Paolacci, 2017).
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Materials and Experimental Procedure
The survey consisted of two stages, to facilitate a withinsubjects experimental design. The survey was produced and
distributed on Mechanical Turk using the psiTurk framework (Gureckis, Martin, McDonnell, Rich, et al., 2016).
Introduction After providing informed consent and demographic information, participants read the following information, over the course of two pages:
“It is important for robots to behave ethically. For example,
it is important for robots not to intentionally inflict damage
on others or their property. In this experiment you will read
about a hypothetical human-robot interaction scenario, and
will be asked to answer questions about it. Please read the
scenario description and all questions carefully.”
“Imagine a robot. This robot has recently undergone some
rudimentary ethical training. In front of the robot are two
computers. These are important pieces of laboratory equipment.”
Here, we leave the type of robot ambiguous to avoid biasing
participants towards one particular robotic form; the robot’s
ethical training is described in such a way to encourage similarly open interpretation; and the objects in the robot’s environment are described so as to be important (and therefore
presumably inappropriate to damage) without involving harm
to any human beings.
Stage One After reading this introductory material, participants provided baseline measurements within the provided
scenario by answering three questions:
1. Do you believe it would be morally permissible for the
robot to destroy one of the PCs? (7-item Likert scale, 7
being “I believe it would be completely permissible.” 1
being “I believe it would be completely impermissible.”)
2. Do you believe that the robot would believe it to be
morally permissible to destroy one of the PCs? (7-item
Likert scale, 7 being “I believe the robot would believe it
to be completely permissible.” 1 being “I believe the robot
would believe it would be completely impermissible.”)
3. If you asked the robot to destroy one of the computers, do
you believe it would comply with your request? (7-item
Likert scale, 7 being “I am completely certain the robot
would comply.” 1 being “I am completely certain the robot
would not comply.”)
Stage Two Next, participants began by reading the following description: “Imagine you say to the robot ‘Destroy the
computer’ and it responds ‘Do you mean the one on the left
or the one on the right?’ ” participants then answered the
same three questions2 .
2 In both stages, after answering these questions, participants also

completed standardized likability and trust questionnaires. Based on
previous reviewer feedback, discussion of those surveys is omitted
from this paper.

Experimental Concerns Our non-counterbalanced withinsubject experiment is a design which typically raises two concerns which must be addressed. The first common concern is
whether participants’ results in the posttest were affected by
events occurring between the posttest and the baseline pretest,
such as participants’ natural maturation or events in the news.
This concern is easily dispatched for this experiment given
its duration (mean 4.2 minutes). The other, more reasonable,
concern is whether the pretest primed participants in a way
that made the manipulation more effective than it otherwise
would have been. Our pretest was indeed designed to ensure
that participants were conscious of the moral status of the action in question because our intention was to test how participants interpreted clarification requests concerning morally
unacceptable actions. But, crucially, we do not believe that
the pretest primed participants in any way with respect to our
intervention itself, i.e., clarification requests.

Participants
47 US subjects were recruited from Mechanical Turk (17 female, 30 male). We originally ran 50 participants through the
experiment, but only 47 provided answers to all questions.
Participants ranged from ages 21 to 68 (M=35.81,SD=11.37).
None had participated in any previous study from our laboratory. Participants were payed $0.50 for completing the study.
Note that this is a smaller number of participants than is
usually seen in Mechanical Turk experiments. In a Bayesian
framework, analysis with small sample sizes is no less valid,
but instead results in increased dependency on the choice of
prior (McElreath, 2016). For this reason, we will provide
robustness analyses with our results.
We also advocate for the use of “appropriate” sample sizes.
While Mechanical Turk makes it easy to collect arbitrarily
large samples, it is not clear whether this is always a responsible approach. Recent research has suggested that the median
MTurk participant has completed over 300 studies (Rand,
Peysakhovich, Kraft-Todd, et al., 2013), suggesting that participant reuse throughout the field is likely a serious problem
(i.e., the Mechanical Turk subject pool is highly experienced
with social science experimental paradigms, potentially impacting their behavior during such experiments). Avoiding
over-sampling throughout cognitive science disciplines may
help to mitigate this issue.

Analysis
We analyzed our anonymized data (available at
https://gitlab.com/mirrorlab/public-datasets/
williams2018hri-longitudinal) using the JASP (Team
et al., 2016) software package for Bayesian statistical analysis. Bayesian paired-samples t-tests (Rouder, Speckman,
Sun, Morey, & Iverson, 2009) and Bayes factor analyses (Morey, Rouder, & Jamil, 2015) were conducted between
pretest and posttest responses for scenario-specific questions
two and three (to evaluate H1), and scenario-specific question
one (to evaluate H2). Our hypotheses were that responses
to each survey item in the posttest would be greater than
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responses to the equivalent survey item on the pretest. All
analysis was performed using the default settings in JASP as
delineated and justified by Wagenmakers et al. (2018). The
JASP analysis files are also included in the data repository
found at the URL specified above. Because this is the first
empirical study of its kind on this topic, an uninformative
prior was chosen (Kruschke, 2010). The results of this study,
however, may be used to form an informative prior for future
experiments.
Before discussing our results, we must briefly justify our
choice of a Bayesian approach to statistical analysis as opposed to the far more popular frequentest approach. There are
several factors which influenced our decision: (1) The use of a
Bayesian approach to statistical analysis provides robustness
to sample size (as it is not grounded in the central limit theorem); (2) This approach allows us to specifically examine the
evidence for and against our hypotheses; (3) This approach
does not require reliance on p-values used in Null Hypothesis
Significance Testing (NHST) which have recently come under considerable scrutiny (Berger & Sellke, 1987; J. P. Simmons, Nelson, & Simonsohn, 2011; Sterne & Smith, 2001);
and (4) We intend for the present study to be the first in a line
of such studies, which may use the results of previous studies
to construct informative priors, thus building upon previous
findings rather than starting anew.

(a) Participants’ Ratings

(b) Robustness Analyses

Figure 1: Perceived (robot-oriented) permissibility

(a) Participants’ Ratings

Results

(b) Robustness Analyses

Figure 2: Predicted compliance

Hypothesis 1
Our first hypothesis was that by generating ethically misleading clarification requests, robots that would not actually perform the actions in question would miscommunicate their
ethical programming to their human teammates. This hypothesis was evaluated by analyzing participants’ beliefs (before and after reading the described interaction) that the robot
would (1) believe it to be permissible to destroy one of the
described computers, and would (2) comply with an order to
destroy one of the described computers.
Our results showed that participants provided markedly
higher ratings for these questions in Stage Two than
in Stage One, supporting our hypothesis. Specifically,
participants more strongly believed that the robot believed it was permissible to destroy one of the computers in Stage Two (M=4.617,SD=1.984) than in Stage One
(M=3.128,SD=1.929), as seen in Figure 1a, with our hypothesis to that effect achieving a Bayes factor of 13193 with
respect to the alternate hypothesis (i.e., that the ratings for
this question in Stage Two would be less than or equal to
the ratings in Stage One), indicating that the ratio of probabilities between our two candidate models is 1319 times
larger when computed using the posterior rather than the
prior; and participants more strongly believed that the robot
would comply with an order to destroy one of the computers in Stage Two (M=5.170,SD=1.736) than in Stage One
3 A Bayes factor of 100 or above is generally taken as “extreme
evidence” in favor of a hypothesis (Jeffries, 1961).

(M=4.149,SD=1.899), as seen in Figure 2a, with our hypothesis to that effect achieving a Bayes factor of 1099 with respect to the alternate hypothesis (i.e., that the ratings for this
question in Stage Two would be less than or equal to the ratings in Stage One), indicating that the ratio of probabilities
between our two candidate models is 1099 times larger when
computed using the posterior rather than the prior.
Bayes factor robustness checks demonstrated that our results were robust to changes in the parameters of our uninformative Cauchy prior distribution (Figures 1b and 2b).

Hypothesis 2
Our second hypothesis was that by generating ethically misleading clarification requests, robots will weaken the network
of moral norms their human teammates employ within the
scenario. This hypothesis was evaluated by analyzing participants’ own beliefs (before and after reading the described
interaction) that it would be permissible to destroy one of the
described computers.
Our results showed that participants provided markedly
higher ratings for this question in Stage Two than in Stage
One, supporting our hypothesis. Specifically, participants
more strongly believed that it was permissible to destroy one
of the computers in Stage Two (M=3.830,SD=2.380) than in
Stage One (M=2.383,SD=1.848), as seen in Figure 3a, with
our hypothesis to that effect achieving a Bayes factor of 1069
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yet clear how such responses will affect human-robot teams,
nor how to maximize the efficacy of such responses.
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Abstract

HRRs within the WMtk to simulate multilayer hierarchical
context reasoning in a working memory system. We show
that our revised model can solve working memory tasks that
are hierarchical in nature. Performance was tested on 3 tasks:
2-layer hierarchical maze, AX-CPT, and 1-2-AX-CPT. In the
maze task, the agent sees a red/green cue in the outer context
loop and then a blue/purple cue in the inner context loop and
determines which memories to gate in or out. The AX-CPT
task is a common hierarchical working memory task in the
cognitive sciences, and shows our model’s ability to handle
multilayer context processing for future comparison with human/animal performance data. The 1-2-AX-CPT task adds
an additional layer of context to the original AX-CPT task.
We also compared our model’s accuracy on the 1-2-AX-CPT
task with a Long Short-Term Memory (LSTM) (Hochreiter
& Schmidhuber, 1997) implementation. LSTM is the stateof-the-art working memory model in sequence learning, thus
making it a natural competitor to our model. Furthermore,
our model can can compete with LSTM in performance while
also providing a more transparent viewing of working memory contents.

The brain’s working memory system relies heavily on the
mesolimbic dopamine system and the delivery of reward signals. The interaction between the prefrontal cortex (PFC) and
the basal ganglia are the main components simulated in working memory models. The Working Memory Toolkit (WMtk) is
a framework that allows the incorporation of working memory
into robotic/artificial systems. The HWMtk is built on top of
WMtk by using holographic reduced representations for concept encoding. This allows end users to adopt the framework
without the need to understand details of the algorithms involved. While the HWMtk captures human and animal performance on some cognitive tasks, tasks with multiple context layers are still problematic. We extended the HWMtk
framework by adding a multilayer context reasoning working memory system. We tested our system on the AX-CPT
task, 1-2-AX-CPT task and a 2-layer context task that is partially observable. Our results show that our model is capable
of learning after a reasonable number of trials, thus making it
amenable for comparison with human and animal performance
data.
Keywords: artificial cognition; cognitive robotics; working
memory; prefrontal cortex; dopamine; reinforcement learning

Introduction
In cognitive neuroscience, the working memory system enables the ability to hold multiple pieces of information in
one’s mind while continuing to process other information. In
the human brain this system is supported by the prefrontal
cortex and the mesolimbic dopamine system (O’Reilly &
Munakata, 2000). Computational models seek to represent
such systems through the use of artificial neural networks.
The Working Memory Toolkit (WMtk) aimed at creating a
working memory framework that could easily be incorporated
in a robotic system (Phillips & Noelle, 2005). The WMtk
used the delayed saccade task to demonstrate the effectiveness of the framework. The WMtk framework was improved
to utilize Holographic Reduced Representations (HRRs) in
order to encode representations of the environment as well as
working memory concepts (Dubois & Phillips, 2017).
While the WMtk has been applied to various robotic tasks
(Kawamura, Gordon, Ratanaswasd, Erdemir, & Hall, 2008;
Busch, Skubic, Keller, & Stone, 2007; Erdemir et al., 2008;
Wang, Tugcu, Hunter, & Wilkes, 2009), it often fails to solve
multilayer hierarchical problems commonly explored in the
cognitive sciences. Therefore, we have extended the use of

Background
Working Memory Architecture
Working memory provides the ability to hold on to taskrelevant information needed for further processing and prevention of distractions/disruptions (O’Reilly & Munakata,
2000). In the prefrontal cortex (PFC), attractors provide
a mechanism for robust active maintenance of information
while counteracting the interference presented by ongoing
processing. In previous models, the neural firing rate encoding of representations was handled by a complex multi-layer
artificial neural network. In our model, we represent the encoding of representations in the form of holographic reduced
representations (HRRs). The use of HRRs in our model reduces the complexity of the network down to a single layer
since the HRRs provide the encoding instead of multiple layers within an artificial neural network (ANN).
The interaction between the prefrontal cortex and mesolimbic dopamine system is key to the emergent behavior of working memory. Additionally, the use of reinforcement learning
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is also important as it pertains to working memory. Literature in the cognitive sciences suggest that learning is driven
by rewards and punishments in response to the changes in
expectation of future events (Schultz, Dayan, & Montague,
1997). The mesolimbic dopamine system is a neural substrate
responsible for reinforcement learning in the brain. This system consists of the basal ganglia and ventral tegmental area
(VTA). Recorded data from the firing of dopamine cells in
monkeys show that dopamine cells fire in response to adjustments in expected future reward (Schultz et al., 1997). The
basal ganglia is responsible for broadcasting dopamine signals to the PFC. The interaction between the PFC and basal
ganglia creates a feedback loop where internal memory updates are chosen based on dopamine signals.
Our working memory model captures the PFC and
dopamine system through the use of the temporal difference
(TD) algorithm. Unlike LSTM, which uses a fully supervised
feedback signal, TD learning simulates the modulation of the
dopamine system through the use of semi-supervised TD error (δ) signals. These TD δ signals aim to simulate how the
basal ganglia computes the firing of dopamine neurons. TD
has traditionally been used to learn action selection, making it
well suited for leaning internal action selection as well. This
would consist of the opening or closing of circuits in the PFC
for either flushing working memory contents or maintaining
them. We will provide a more detailed explanation of the TD
algorithm in a later subsection.

Working Memory Toolkit
The Working Memory Toolkit (WMtk) is a framework that
was created for the purpose of providing a robot control system with the ability to utilize working memory (Phillips &
Noelle, 2005). The utility of the WMtk has been tested on
several robotic tasks. One task aimed to explore the feasibility
of cognitive control systems in humanoid robots (Kawamura
et al., 2008). Another task was a spatial memory task that
required the robot to learn to associate perceptual information with that of a particular location in order solve the task
(Busch et al., 2007). The next task required a robot to explore
different internal scenarios before actually executing an external action(Erdemir et al., 2008). And a final task explored
automatic scene recognition in regard to robotic navigation
(Wang et al., 2009).
The Holographic Working Memory Toolkit (HWMtk) improved upon the Working Memory Toolkit by providing an
interface between the distributive encoding (DE) of artificial neural networks and symbolic encoding (SE) (Dubois &
Phillips, 2017). Through the use of holographic reduced representations (HRRs), the HWMtk was able to automate the
SE/DE conversion problem. Holographic reduced representations (HRRs) are created using a vector of real values taken
from a Normal
√ distribution with mean zero and standard deviation 1/ n, with n being the length of the vector (Plate,
1995). HRRs can be used to encode a particular concept
within a model. Circular convolution allows for complex representations by combining two representations together into a

single HRR of the same vector length. The circular convolution operation can be computed using Fast Fourier transforms
which take O(nlog(n)) time. Another operation is correlation
which uses a HRR as a key in order to retrieve information
from complex HRR containing multiple combined HRR representations.
The HWMtk allows agents to learn to gate in appropriate cues in order to make appropriate action choices later in
time. However, the HWMtk shows selective interference between policies contingent on hierarchically structured cues,
suggesting future work improvement to the framework may
be needed.

Cognitive Tasks
The AX Continuous Performance Test (AX-CPT) is a cognitive task that tests the context processing ability of an individual (Braver, Rush, Satpute, Racine, & Barch, 2005). In
this task, an individual is presented with a pair of letters. The
individual is only rewarded when they see the letter “A” followed by the letter “X” and press the right button. All other
letter combinations are seen as distractors. The presentation
of a letter sequence followed by an action marks the end of
a trial. Performing well on this task requires correctly updating context information after each trial. Our model learns the
correct button to press based on the sequence of letters presented to it. The agent was presented the A-X letter sequence
70% of the time and presented the B-X, A-Y, and B-Y sequences at a rate of 10% each. The particular letter sequence
was determined randomly before each trial.
The 1-2-AX-CPT task is an extension of the AX-CPT task
that adds an extra layer of context that must be maintained by
the working memory system (Frank, Loughry, & O’Reilly,
2001). The target sequence is dependent on a previous context cue and varies depending on which stimulus was observed by the agent. For example, if the agent saw a 1 then
the target sequence will be A-X. Instead, if the agent saw a 2
then the target sequence will be B-Y. In order to successfully
learn the 1-2-AX-CPT task, the agent must maintain the outer
loop of context, which is the task stimuli, and the inner loop
of context, which is the sequence of letters. The context cue,
which lets the agent know whether the target is A-X or B-Y,
was provided to the agent randomly with equal probability at
the beginning of each trial.

Methods
We implemented a multilayer hierarchical model of working
memory that extends the capability of the WMtk. Our model
uses a novel approach to internal working memory updates
that relies on the SARSA TD learning algorithm. This differs
from the approach provided by the WMtk originally, which
uses the value function as a means for action selection and
working memory updates. The utility of our model was determined by testing it on a set of learning tasks. First, we
created a 2-layer hierarchical maze task for proof of concept.
We then tested our model on the AX-CPT task, which is a
common working memory task in the cognitive sciences that
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The value of Q(st , at , wmt ) can be written as:
Q(st , at , wmt ) = r(st+1 ) + γQ(st+1 , at+1 , wmt+1 ),

(1)

where t is the time, s is the set of observable states, a is the
action taken, γ is the discount factor, α is the learning rate and
wm is the set of working memory slots. The error is computed
by taking the difference between the expected and true value
of Q(st , at , wmt ). The Q function is then updated using the
following:
δ(st , at , wmt ) =[r(st+1 ) + γQ(st+1 , at+1 , wmt+1 )]
− Q(st , at , wmt )
Figure (1) 1-2-AX-CPT task without working memory constraints. The graph depicts the mean accuracy of the 1-2-AXCPT task over a 100 trial window. The graph shows the mean
accuracy for all the A-X, B-X, A-Y and B-Y presented during
each trial window.
tests one’s ability to maintain relevant features over time. Finally, to fully observe the multilayer hierarchical learning of
context features, we implemented the 1-2-AX-CPT task. The
1-2-AX-CPT extends the AX-CPT task by adding an additional layer of context, thereby requiring a multilayer context to be learned in order to complete the task effectively.
We then compared the accuracy of our model to that of the
LSTM model. LSTM is the state of the art in sequence learning. The juxtaposition our model and the LSTM model, while
performing the 1-2-AX-CPT task, is key toward displaying
our model’s overall utility. The source code for the AX-CPT
task, 1-2-AX-CPT task, and 2-layer hierarchical maze task
is available online at: https://github.com/arthurw125/
TD learning. Next, we will explain the computational models and tasks.

Multilayer Hierarchical Context Model
The WMtk uses the temporal difference (TD) learning algorithm which learns the correct action to take by learning the
value function V (s), an estimate of the sum of discounted
future rewards, for all states (Sutton, 1988). The SARSA
learning algorithm is another reinforcement learning algorithm. SARSA is similar to TD in the sense that they are both
temporally extended and estimate a value function. The difference is that SARSA learns the state-action-value function
called the Q function, Q(s, a), instead of the state-value function (Sutton, 1988). We learn Q(s, a) by making transitions
from one state-action pair to the next, thus learning the value
of all state-action pairs. Reward is given only to the stateaction pair that transitioned to the goal state. We decided to
use the Q function approach as opposed to the value function
approach used by the WMtk for memory updates.
In order to use SARSA to model working memory, we
modified the Q function to be a state-action-working memory
triplet. The amount of states, actions, and working memory
slots are determined by the particular task being observed.

Q(st , at , wmt ) = Q(st , at , wmt ) + αδ(st , at , wmt )

(2)

(3)

This process is repeated over several episodes until the
Q function is learned for all state-action-working memory
triplets. With this new configuration of the Q function, we can
now begin to apply it as a means towards updating working
memory slots within our model. The exact contents of what is
being held in working memory is available to our model and
can be recalled if needed. This feature of our model is contrasted with LSTM’s mechanism, which stores its memory
information in the weights of the recurrent neural network,
thus making it difficult to see how memory content is being
stored and maintained.
For our model to learn multiple layers of context, we must
provide as many working memory slots as there are contextual layers within the task. We encode the external features
and their internal representations for a task using HRRs. The
HRR size must be an order of magnitude greater than the
number of input permutations (NIP) of the task. This NIP
can be computed by multiplying together all the states, actions, and working memory for a given task. Our model then
learns the hierarchy of a task by computing the Q function
Q(s, a, wm) at each time step to determine whether to gate in
new working memory representation or maintain old working memory representations. Also, external action selection
is determined at this step. This is achieved by computing
all the state-action-working memory combinations within the
Q function and choosing the combination with the highest
value. A weight vector is updated after each state transition
and provides an input to output mapping of the Q function.

2-layer Hierarchical Maze Task
To prove that our model was able to tackle tasks that were
hierarchical in nature, we created the multilayer hierarchical
maze task. The 2-layer hierarchical maze task requires the
agent to learn the location of the goal state within a 1D maze
environment. The agent is dropped in the maze at a random
location. The agent is then flashed the color red or green followed by blue or purple at the beginning of the task. The
agent then must navigate the maze to find the goal state within
the maze. Based on what combination of colors was flashed
initially, the goal will be either in the middle or at the front
of the maze. The objective of the agent is to find the goal
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AX-CPT Task

Figure (2) The 1-2-AX-CPT task with out working memory
made available to the system. The graph depicts the mean
accuracy of the 1-2-AX-CPT task over a 100 trial window.
The graph shows the mean accuracy for all the AX, BX, AY
and BY presented during each trial window.

based on the set of initial cues seen. This task is partially observable because the agent does not have access to cues after
initial sightings. This is why the agent must use its working
memory system to actively hold on to the color cue at both
levels of hierarchy throughout the task. The purpose of the
task is to show the agent’s ability to maintain viable concepts
in its working memory while discarding irrelevant information. Also, this task seeks to show how multilevel context
reasoning can have an effect on the working memory system.
Our computational model for the 2-layer hierarchical maze
task requires HRR representations for states, actions, color
cues, and working memory slots. We then precompute the
convolutions of each representation and store the output of
vectors in an array. We initialize a weight vector and set the
bias equal to 1. We then set the number of action and color
cues to 2. We randomly place the agent in our maze environment by choosing a random number between 0 and the
number of states. This value is then mapped to a location
in a grid maze environment. A color signal is then flashed
to agent, representing either red or green. If the color is red
followed by blue then the goal is in the middle of the maze
environment. Furthermore, if the color is green followed by
purple then the goal will be located in the far-left corner of
the maze environment. We provided 2 working memory slots
to our model so that the agent has the ability to maintain both
the inner and outer cues being relayed from the environment.
A NIP of 8100 was computed for this task. This was evaluated by multiplying all the encoded states, actions, and working memory features. We noticed that in order to achieve
stability in our model, we needed to provide an HRR size that
was an order of magnitude greater than the NIP of the task.
This is why we chose the HRR and weight vector length for
this task to be n = 64000. Also, the learning parameters for
this task are as follows: number of episodes=100000; learning rate=0.1; epsilon-soft=0.01; discount factor=0.9.

The implementation of the AX-CPT task required that we use
the modified SARSA algorithm from equations 1, 2 and 3 for
action selection and HRRs for concept encoding. We encoded
HRRs for 1 working memory slot, 4 different external cues,
and 2 actions. The HRRs were pre-convolved and stored in
an array for later use. We created a weight vector from a
new HRR, and fixed bias weight of 1. The possible working
memory contents that could be used by the agent consisted
of seeing nothing or the outer signal. Using SARSA along
with a softmax function, the outer working memory is chosen
along with an action of 1 or 0 (left or right button). The error
is computed and the weight vector is updated. This process is
repeated until the Q function is learned for the task.
We computed the NIP of this task to be 54. In order to
achieve stable learning, the HRR length for our encoded features had to be an order of magnitude larger than the NIP.
Due to this constraint, the HRR and weight vector length
for this task was n = 128. Also, the learning parameters for
this task were as follows: number of trials=1000; learning
rate=0.1; discount factor=0.9; lambda=0.8; temp=0.1; and
epsilon-soft=0.01.

1-2-AX-CPT Task
The implementation of the 1-2-AX-CPT task required that
we use the modified SARSA algorithm from equations 1, 2
and 3 for action selection and internal memory updates. We
encoded HRRs for 2 different working memory slots, 6 different external cues, and 2 action HRRs. The HRRs were
pre-convolved and stored in an array for later use. We created
a weight vector from a new HRR, and fixed bias weight of 1.
The possible working memory contents that could be used by
the agent consist of seeing nothing or the outer signal for the
outer context stimulus. For the other working memory slot,
the possible working memory contents are nothing or the inner signal. Using the modified SARSA algorithm along with
a softmax function, the outer and inner memory slots are chosen, as displayed in Figure 3, along with an action of 1 or 0
(left or right button). The error is computed and the weight
vector is then updated.
A NIP of 486 was computed for this task. As in the previous models, we observed that in order to achieve stability
in our model we needed to provide an HRR size that was an
order of magnitude greater than the NIP of the task. This
is why we chose the HRR and weight vector length for this
task to be n = 1024. Choosing a learning rate of 0.4 allowed
our model to learn the task at a faster rate, causing the number of trials to equal only 2000, while still being low enough
to allow for convergence. Also, we elected to use an epsilon soft policy set at 0.01 which allowed for exploration
of suboptimal states. This allowed our model’s loss function to avoid getting caught in its local minima. A full list of
the learning parameters for this task were as follows: number of trials=2000; learning rate=0.4; discount factor=0.9;
lambda=0.8; temp=0.1; and epsilon-soft=0.01.
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Figure (4) Mean accuracy of the 1-2-AX-CPT task using
the multilayer hierarchical context model, left, and the 1-2AX-CPT task using a simple one layer context model, right,
presented over a 100 trial window. AX, BX, AY and BY trials
are plotted independently.

Figure (3) Diagram of our working memory model while
solving the 1-2-AX-CPT task. The gating policy is learned
by our modified Q function and is responsible for making internal working memory updates. At time step t1, the agent is
presented with an outer cue of “1”. The gating policy then determines what should be gated into the outer working memory
slot. The options available to gate in at time t1 is as follows:
gate in the current outer cue of “1”, maintain what was previously in the outer working memory slot, or flush the outer
working memory slot. At time step t2, the agent is presented
with an inner cue of “A”. The gating policy then determines
what should be gated into the inner working memory slot.
The options available to gate in at time t2 is as follows: gate
in the current inner cue of “A”, maintain what was previously
in the inner working memory slot, or flush the inner working
memory slot. At time step t3, the Probe State consists of convolving working memory with probe “X”. Finally, the action
”R” is selected and evaluated for correctness.

I would like to point out that without working memory, an
agent within a multilayer hierarchical task is unable to learn
the outer loop context of a task, resulting in performance that
is equivalent to random chance. In Figure 2, we see that for
the A-X and B-Y presentations the model struggles to perform above random chance. Without working memory our
model is still able to learn the B-X and A-Y presentations.
This learning occurred because the target sequence for both
B-X and A-Y did not change during context switches. In order for our model to achieve adequate performance, it was
required that we constrain the possible working memory options made available to the model. The graph in Figure 1 displays how learning can become erratic when constraints are
taken off of the working memory slots. This meant that we
had to limit the options for each working memory slot to only
have the ability to gate in current external stimuli or gate in
nothing. Without these constraints in place the model would
become unstable and unlearn a given task over time.
We used Keras with a TensorFlow backend to implement
the LSTM version of the 1-2-AX-CPT task for comparison

with our own working memory model. We randomly generated test data to be fed into the neural network for learning. The LSTM model contained 3 hidden layers, each with
32 nodes. The output layer used softmax for action selection of either left button press or right button press. The parameters for the compile function in Keras were as follows:
loss=categorical crossentropy; optimizer=rmsprop; and metrics=accuracy. We used the default setting for all other parameters. We then generated 10,000 sequences as training
data and 100 sequences as testing data. The model was fit
using a batch size=64 and epochs=20.

Results
Adding additional layers of working memory slots allowed
our model to retain information in a hierarchical manner without the need for the continuous presence of stimuli. This allowed our model to solve the 2-layer hierarchical maze task
in which the cue was only flashed once and the system had
to determine whether or not to remember the initial cue. The
model was able to learn the correct Q function for the given
task despite multiple distractors. Also, the 2-layer hierarchical maze task has a large state space, so we noticed that the
working memory encoding required large HRRs in order to
get adequate learning. The HRR size needed to increase from
32000 for a 1-layer hierarchical task to 64000. If the HRR
was less than 64000 we observed that the Q function for the
task was unable to properly learn the correct values.
The performance metric we used in order to validate our
model’s ability to learn the 1-2-AX-CPT task was the mean
accuracy per 100 trials. The mean accuracy was gathered by
calculating the mean percentage of correct responses to the
A-X, B-X, A-Y and B-Y letter sequences independently. We
then graphed the mean correct action and saw that the percentages of correct actions maintained levels above 95% accuracy and was stable thereafter (see Figure 4). Small residual error remains due to the epsilon-soft policy employed, indicating our model can successfully solve the 1-2-A-X-CPT
task. Comparatively, the simple one layer model generated
suboptimal accuracy as conveyed in Figure 4. Also, behavioral data showed that human subjects were able to perform
the 1-2-A-X-CPT task at a 95% mean accuracy rate (Nee &
Brown, 2013). Once we set epsilon-soft=0 our model was
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able to exceed human performance and reach 100% accuracy resulting in optimal behavior. We validated our model’s
ability to solve the A-X-CPT task by logging the mean percentage of correct actions per 100 episodes. Similarly, we
logged the agent’s response to the A-X, B-X, A-Y, and B-Y
presentations. We observed our model was able to achieve
performance accuracy of 100% and stabilize for the remaining episodes. Our model’s ability to solve these cognitive
tasks makes it amenable for human and animal performance
data comparison.
The LSTM model was able to successfully learn the 1-2A-X-CPT task. The LSTM model was able to obtain 100%
accuracy rates while learning the task. This makes sense, being that the LSTM model uses a more informative supervised
learning signal, making it easier to learn a given task. In contrast, our model only relies on reinforcement error signals to
adjust the weights for learning. Also, our hierarchical model
is a more biologically plausible simulation of the interaction
between the prefrontal cortex and the mesolimbic dopamine
system. Despite the previously stated constraints, our model
was still able to obtain 100% accuracy rates while learning
the 1-2-A-X-CPT task, just like the LSTM model, once we
set epsilon-soft=0.

Discussion
The ability to model the brain gives us the ability to run
simulations of certain cognitive phenomenon in which we
lack clear understanding. Our working memory models are
based on the interactions between the prefrontal cortex and
the mesolimbic dopamine system. Understanding the role
that the dopamine system plays in relation to cognition is one
aspect that our model focuses on. To model dopamine function, we use learning algorithms based on temporal differences in estimated reward. In addition, we used HRRs which
allowed for us to encode concepts dynamically, as compared
to previous models within the WMtk. Our model extended
the WMtk by allowing for multilayer of hierarchical context
to be learned. Adding multiple layers of working memory
slots gives our model the ability to handle more complex
problems and tasks. Our model’s capacity to learn both the
A-X-CPT and 1-2-A-X-CPT validates our model’s ability to
learn partially observable tasks with hierarchical context reasoning. Unlike the LSTM model, our working memory model
allows for the transparent viewing of the explicit storage of
working memory contents in the PFC.
In the future, we would like to test the model’s ability to
match performance for Parkinson’s patients or others with
known dopamine dysfunction to test the appropriateness of
SARSA for modeling the dopamine system.
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Abstract
This paper proposes a recurrent neural network model that
learns to perform morphological affixation, a fundamental operation of linguistic cognition, and has interpretable relations
to descriptions of morphology at the computational and algorithmic levels. The model represents morphological sequences
(stems and affixes) with distributed representations that support binding of symbols to ordinal positions and position-based
unbinding. Construction of an affixed form is controlled at the
implementation level by shifting attention between morphemes
and across positions within each morpheme. The model successfully learns patterns of prefixation, suffixation, and infixation, unifying these at all levels of description around the theoretical notion of a pivot. Connections of the present proposal to
neural coding of ordinal position, and to computational models
of serial recall, are noted.
Keywords: morphology; distributed representations; recurrent networks; neural attention; multi-level descriptions

Introduction
Affixation operations play a central role in the inflectional
and derivational morphology of natural languages. In elementary cases of prefixation and suffixation, a fixed sequence
is concatenated to the beginning (e.g., unkind) or end (e.g.,
kindness) of a morphological stem. Circumfixation, in which
a single morpheme adds material to both edges of the stem
(e.g., German gesinge ‘singing’), can be analyzed as a combination of prefixation and suffixation. Infixation adds material
at a designated position in the stem that does not consistently
align with either the left or right edge. For example, some
infixes are placed immediately after the first stem consonant
(e.g., Mlabri prluut ‘carving’; Rischel, 1995), while others
appear immediately before the first vowel (e.g., Chamorro
trumisti ‘becomes sad’; Topping & Dungca, 1973).
As in many empirical domains that involve sequence data
(e.g., Bahdanau, Cho, & Bengio, 2015; Chorowski, Bahdanau, Serdyuk, Cho, & Bengio, 2015; Graves & Schmidhuber, 2009; Sutskever, Vinyals, & Le, 2014; Chiu et al., 2017),
deep recurrent networks currently outperform other models
on large-scale tasks of morphological learning and computation (e.g., Faruqui, Tsvetkov, Neubig, & Dyer, 2016; Cotterell et al., 2016; Cotterell, Vylomova, Khayrallah, Kirov,
& Yarowsky, 2017). However, the architecture and mechanics of these networks are currently disconnected from
rich, typologically-informed linguistic theories of morphology (e.g., Spencer & Zwicky, 1998; Spencer, 1991) and from
a long tradition of symbolic approaches to computational
morphology (e.g., Sproat, 1992; Ritchie, Russell, Black, &
Pulman, 1992; Beesley & Karttunen, 2003). Despite continuing efforts to visualize and interpret deep neural networks
(e.g., Karpathy, Johnson, & Li, 2015; Li, Chen, Hovy, &

Jurafsky, 2016; Liu, Mao, Sha, & Yuille, 2017), the way
in state-of-the-art models perform even simple concatenation
operations remains largely opaque.
This paper develops a recurrent network model of affixation that is fully interpretable, in the sense that each of its representations (patterns of activity) and processes (operations
on activity patterns) has a clearly specified role in morphological computation. Several theoretical ideas, drawn from
across the cognitive sciences and from applied research on
neural networks, are integrated in the model. The most crucial elements are a continuous implementation of symbolic
read/write operations and a control system that employs hierarchical neural attention.
The following subsections introduce the model at the computational and algorithmic levels (Marr, 1982). The body
of the paper then provides a description at the implementation level — discussing in detail how the representations
and processes of the implementation approximate those of
the affixation algorithm — and demonstrates that the model
is capable of learning affixation patterns, including infixation, from positive examples. While the model does not attempt to match the achievements of previous deep networks,
its success in this restricted but important domain shows that
interdisciplinary, multi-level research on linguistic cognition
need not sacrifice interpretability to produce interesting performance. Directions for further integrating the model with
what is known about neural coding of ordinal position, and
other types of serial behavior, are noted in the final section.

Computational level
Described at the most abstract level, each instance of the
present model computes an input-output function of the form:
stem → stem[0, pivot] • affix • stem[pivot + 1, ℓ − 1]

(1)

where stem and affix are sequences of symbols from a fixed
alphabet Σ, concatenation is denoted by •, and ℓ = |stem| is
the number of symbols in the stem.
This schema unifies diverse affixation patterns around the
notion of a pivot (Yu, 2007), defined here as the position in
the stem immediately after which the affix is placed. In prefixation, the pivot is consistently 0, the position occupied by
a special stem-initial symbol (⋊). In suffixation, the pivot is
always ℓ − 2, so that the affix is inserted immediately before
the stem-final symbol (⋉). Typological surveys of infixation
patterns (e.g., Ultan, 1975; Yu, 2007) support a parametric
theory of additional pivot positions: attested infixes are located relative to the first or last instance in the stem of one of

2693

a small set of linguistic units (e.g., consonant, vowel, syllable,
or stressed foot).
Regardless of the type of affixation operation that is involved, the pivot can be found by a leftward or rightward
scan of the stem. For example, the pivot for the Chamorro
infix um can be located by iterating rightward from the beginning of the stem and halting when the subsequent symbol
is a vowel (i.e., a member of the vowel natural class V ⊂ Σ).

Algorithmic level
The model has an algorithmic description in terms of three
unbounded arrays, or tapes, that are read from and written to
by a hierarchical control system (see Figure 1). The input to
the algorithm is a delimited sequence on the stem tape (e.g.,
⋊0 k1 i2 n3 d4 ⋉5 ). As part of its parameterization for a specific
affixation operation, the model has an internal sequence on
the affix tape (e.g., n0 e1 s2 s3 ). It is convenient to treat these
two tapes as members of a list or array morphs = [stem, affix]
(line 1). A subroutine L OCATE P IVOT identifies the pivot in
the input stem (line 2) with a leftward or rightward scan as
mentioned above.
Four integer indices are manipulated by the controller.
The integer a indexes the morphemes in morphs (i.e.,
morphs[0] = stem and morphs[1] = affix). The integers
b0 , b1 , and c index ordinal positions on the stem, affix,
and output tapes, respectively. The morpheme-level index
a ∈ {0, 1} can be used to select one of the two position-level
indices b0 or b1 , as indicated by the notation ba .
The controller initializes all indices to the first position in
each sequence (line 3), then enters a loop in which symbols
are sequentially copied from morphs to output (lines 4-13).
In each pass through the loop, a single symbol y is read from
the stem or affix tape — according to the current values of
a, b0 , b1 — and written to the current position of the output
tape (line 5). If a = 0, as initially, the symbol read out is
morphs[0][b0 ] (= stem[b0 ]); otherwise, a = 1 and the symbol
morphs[1][b1 ] (= affix[b1 ]) is read out. In either case, the
symbol is written to output[c].
The controller switches the morpheme-level index from
the value for the stem (= 0) to that of the affix (= 1) after
the symbol at the pivot position is copied (lines 6-7), and
switches it back to the stem value after copying the final symbol of the affix (lines 9-10). At each step the position index
for the current morpheme is iterated (lines 8 and 11), as is the
position index for the output (line 12). The algorithm terminates when the stem-final symbol ⋊ is written to the output
(line 13). Figure 1 shows the input/output mapping, with explicit index values, for the Chamorro example trumisti.

Implementation level
In the network implementation of the model, symbol sequences are realized by continuous embeddings and discrete
read/write operations are replaced by gradient counterparts.
The network has the status of an implementation because,
in clearly-specified limiting cases, its behavior is identical to
that of the algorithm (for outputs up to a maximum length).

The representations and update equations of the network also
stand in a close correspondence to those at the algorithmic
level, with a particularly tight relation holding for the representations of morphological symbol sequences.

Continuous embedding of symbol sequences
Previous research on continuous models of cognitive representation provide many potential embeddings of sequences
and other structured objects (Kanerva, 1988; Plate, 2003;
Botvinick & Watanabe, 2007; Cox, Kachergis, Recchia, &
Jones, 2011; Kelly, Mewhort, & West, 2014). Many of these
are exact or approximate instances of tensor-product representations (TPRs) (Smolensky, 1990; Tesar & Smolensky,
2006). In a TPR, each symbol xi of the alphabet Σ is realized
by a vector xi . The symbol vectors can be localist (‘one-hot’),
random, or substantive encodings that express meaningful
similarity relations (e.g., shared phonological features). Here
we assume only that the symbol vectors are distinct, non-zero,
and of dimensionality m = |Σ|.
In addition to the vectors that realize atomic symbols,
TPRs employ vectors realizing the structural roles that symbols occupy. A natural role set for symbol sequences is provided by the ordinal positions {0, 1, . . . , n − 1}, where n is
the maximum sequence length that the network can represent. Each position r j is realized by the vector r j — here we
assume only that these vectors are linearly independent, unit
length, and of dimensionality n.
The TPR embedding of a symbol sequence is constructed
by binding each symbol vector to its corresponding role vector with the tensor-product operator (⊗), and summing the
results. For example, the embedding of the stem kind, delimited by start and end symbols, is S[⋊0 k1 i2 n3 d4 ⋉5 ] =
⋊ ⊗ r0 + k ⊗ r1 + i ⊗ r2 + n ⊗ r3 + d ⊗ r4 + ⋉ ⊗ r5
where xi ⊗ r j denotes the outer product xi rTj . The embedding
of an affix such as un-, A[u0 n1 ], is constructed in the same
way. Note that the embedding of every morpheme, regardless
of its length in symbols, is a matrix of fixed dimensionality
(namely, m × n).
The assumption that the position vectors are linearly independent is important, because it guarantees that a symbol
vector can be faithfully extracted from an embedding or unbound from its role (Smolensky, 1990). This is accomplished
by defining an unbinding vector u j for each role r j such that
r j · u j = 1 and rk · u j = 0 for all k 6= j. If the role vectors
are arranged into the columns of a matrix R, the unbinding
vectors are exactly the columns of U = (RT )−1 . Then the
matrix-vector product S u j = S U[, j] returns the vector xi that
is bound to r j in S (or the zero vector 0m if there is no symbol
xi bound to r j in the sequence represented by S).
Binding atomic symbols to ordinal roles gives rise to
second-order tensors. Because the binding operation can be
applied recursively (Smolensky, 1990), expressions such as:
M = S[⋊0 k1 i2 n3 d4 ⋉5 ] ⊗ r0 + A[u0n1 ] ⊗ r1
are well-defined third-order tensors in which the embeddings
of a stem and an affix are bound to positions 0 and 1, respec-
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A FFIXATION(stem)
1 morphs ← [stem, affix]
2 pivot ← L OCATE P IVOT (stem)
3 a ← b0 ← b1 ← c ← 0
4 repeat
5
y ← output[c] ← morphs[a][ba ]
6
if a = 0 then
7
a ← a + 1 if b0 = pivot
8
b0 ← b0 + 1
9
else
10
a ← a − 1 if b1 = (|affix| − 1)
11
b1 ← b1 + 1
12
13

morphs

output

stem0

affix1

⋊0 t1 r2 i3 s4 t5 i6 ⋉7

u0 m1

→
⋊0 t1 r2 u3 m4 i5 s6 t7 i8 ⋉9

c ← c+1
until y = ⋉
Figure 1: Algorithmic description of the affixation model (left) and example of Chamorro infixation (right).

tively. In the same way that S u j extracts the vector realizing
the jth symbol (if any) in a morpheme, a suitably defined unbinding vector uk can be used to extract the matrix realizing
the kth morpheme (i.e., M uk ).

ping from a real-valued index to an attention distribution is
defined by:
sµ = −τ(b − µ)2

for µ ∈ {0, 1, . . ., n − 1}

(2)

β = softmax(s)

Attention-based indexation
The discussion so far has presupposed that integer indices are
available to the model (e.g., to select the jth column of the
role matrix R for the purpose of binding a symbol vector to
it, or to select the kth column of the matrix U for the purpose
of unbinding a symbol vector). However, in order to ensure
that the input/output function is differentiable, the implementation instead uses real-valued indices. Therefore, exact column selections such as R[, j] and U[, k] — and the binding
and unbinding operations they support — must be replaced
by approximate alternatives. This can be accomplished with
neural attention, a type of soft indexation that has been been
successfully applied in a wide variety of deep network models (e.g., Graves, Wayne, & Danihelka, 2014; Luong, Pham,
& Manning, 2015; Faruqui et al., 2016; Graves et al., 2016).
The essential idea is that exact extraction of the jth column of a matrix Xm×n can be performed with X e j , where e j
is the canonical basis vector with 1 in the jth position and 0
elsewhere. Notice that e j satisfies the properties 0 ≤ e jk ≤ 1
(for 0 ≤ k < n) and ∑nk=1 e jk = 1; thus e j can be interpreted
as a maximally-peaked distribution of attention over the n
columns of X. In the soft approximation to column extraction, real-valued indices are mapped to generic attention
distributions — distributions that spread attention out more
broadly, becoming maximally peaked only in the limit —
over the ordinal positions {0, 1, . . ., n − 1}.
Specifically, let rbfn denote a layer of classical radial basis
units (Broomhead & Lowe, 1988; Moody & Darken, 1989),
with one unit centered at each ordinal position µ from 0 to
n − 1. A real-valued input b is passed through the layer and
the activities of the units are normalized to yield an attention
distribution β = norm-rbfn (b). For Gaussian units, the map-

where τ > 0 is a precision parameter that determines the
selectivity of each unit in the layer and softmax(s)µ =
exp(sµ )/ ∑µ′ exp(sµ′ ). In the limit τ → ∞, the vector returned
by (2) places all of its attention on the ordinal position that
has the smallest squared distance to b. Otherwise, attention
is distributed across multiple positions in a way that favors
those closer to the input. If b is closest to integer index j
(0 ≤ j < n), then r̃ j = R β will be approximately equal to the
jth role vector (i.e., r j = R[, j]). Similarly, the jth unbinding
vector u j = U[, j] is approximated by ũ j = U β.

Sequential rebinding
The preceding development is sufficient to understand how
the model’s implementation can, approximately, unbind the
vector realizing a symbol in a particular position of the stem
or affix and then bind the vector to a (possibly different) position in the output. Let M be the third-order tensor defined previously (i.e., M = [S0 , A1 ], where matrices S and A realize a
stem and affix, respectively), and let Y be a second-order tensor realizing the output of the affixation operation (initially,
Y = 0m×n ). Further let the morpheme index a and the position indices b0 , b1 , c be as defined in the algorithmic level
description of the model, except that each is now real-valued.
The distribution α = norm-rbf2 (a) divides attention between the two morphemes realized within M, while the distributions β 0 = norm-rbfn (b0 ), β 1 = norm-rbfn (b1 ), and
ω = norm-rbfn (c) allocate attention to ordinal positions in
the stem, affix, and output sequences realized by S, A, and
Y, respectively. The following equations then define the soft
rebinding operation that approximately implements copying
from a morpheme to the output:
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ũ0 = U β0
ũ1 = U β 1
r̃ = R ω

(3)

x̃0 = M0 ũ0 (= M0 U β 0 = S U β 0 )
x̃1 = M1 ũ1 (= M1 U β1 = A U β1 )
ỹ = α0 x̃0 + α1 x̃1
Y = Y + ỹ ⊗ r̃
The first three equations retrieve soft unbinding and binding vectors with attention distributions over ordinal positions.
The two unbinding vectors are then used, again approximately, to unbind a symbol vector from each of the morpheme
embeddings.1 The convex combination of these vectors, with
weights determined by the attention distribution over morphemes, determines the vector ỹ that is ‘read’. Finally, this
vector is ‘written’ to the output by binding it to the soft role r̃
and accumulating the result into the output embedding Y.
When all three attention distributions are sharply peaked,
soft rebinding closes approximates the algorithmic read/write
operations of line 5 in Figure 1. Otherwise, the vector that is
unbound will be a blend of the realizations of possibly multiple symbols from both morphemes, and binding to the soft
role vector will spread it over multiple ordinal positions. As
noted above, the degree of discretization is controlled by the
precision parameters of the radial basis pools rbf2 and rbfn .

Hierarchical neural control
In the algorithm of Figure 1, lines 6-12 specify the control
structure that updates integer indices over the course of processing. The implementation replaces discrete increments
and decrements with continuous changes of the real-valued
indices, as specified by the following series of equations:
s0 = p · β 0

(4)

s1 = C HECK E ND (A, b1 )
a = a + α0 s0 − α1 s1
b0 = b0 + α0
b1 = b1 + α1
c = c+1
where in the first equation p = L OCATE P IVOT(S) assigns a
pivot probability to each position in the stem, and in the second equation C HECK E ND determines the probability that b1
is near the end of the affix.2
1 If the matrix R of role vectors is the identity matrix I
n×n , then so
is the unbinding matrix U. Under this localist encoding of position,
S U β 0 and A U β 1 simplify to S β 0 and A β 1 . The equations in the
text generalize to linearly-independent distributed role vectors.
2 L OCATE P IVOT and C HECK E ND were implemented with simple LSTM subnetworks (e.g., Hochreiter & Schmidhuber, 1997), the
former scanning the stem bidirectionally and the latter scanning leftward only. For example, C HECK E ND(A, b1 ) maps the soft position
after b1 , namely (b1 + 1), to an attention distribution over unbinding

The morpheme index a is incremented by about one unit if
attention is currently focused on the stem (α0 ≈ 1) and b0 is
close to the pivot point (s0 ≈ 1) — thereby softly switching
attention onto the affix. It is decremented by about one unit
when attention is currently directed to the affix (α1 ≈ 1) and
b1 is close to the end of the affix (b1 ≈ 1) — softly switching
back to the stem. Intermediate changes are possible and result in attention being more evenly divided between the two
morphemes. The stem position index b0 is incremented to
the extent that attention is currently focused on the stem, and
similarly for the affix position index b1 . In the one residual
discrete component of the model, the output index c always
advances in unit increments.
The equations in (3) and (4) together describe a recurrent
network that, at each time step, first modifies the output Y
according to the current values of the indices (and the matrices S and A) and then updates the indices. The indices are
initialized as in the algorithm, with a = b0 = b1 = c = 0. The
condition for halting the recurrence can be implemented in
two ways: by checking for similarity between the current y
and the vector realizing the stem-end symbol ⋉ after each
update, as in the algorithmic description; or by allowing the
recurrence to always proceed for n time steps, continuing to
‘read’ and ‘write’ vectors close to 0m after the symbols in the
stem and affix have been exhausted.

Simulation results
Each instantiation of the model implements a single affixation operation, learned from positive examples of the form
hstem, outputi. The model was not explicitly told what type
of operation the examples illustrate (i.e., prefixation, suffixation, or infixation), and the input contained no marking of the
boundaries between stems and affixes. Therefore, the model
had to learn both the form of the affix and the function that
determines the pivot point in any given stem. The learned
parameters of the model were the m × n tensor-product representation of the affix, the precisions of the two radialbasis pools, and the parameters of the LSTMs implementing
L OCATE P IVOT and C HECK E ND. (The parameterization of
C HECK E ND could in principle be hard-coded but was learned
in the present simulations.)
For each input stem, the model generated a soft TPR as
output. This matrix was interpreted probabilistically by iterating through the discrete position roles and transforming the
gradient symbol vector that is bound to role ri into a probability distribution over symbols in the ith position.3 The model
vectors, as described in the text, and then approximately extracts a
symbol vector from the affix matrix A. The first such vector that
is sufficiently similar to 0m signals the end of the affix. This approximates the algorithm of scanning an end-padded affix such as
nessεε · · · to identify the position immediately before the first ε.
3 This was done by computing the Euclidean distance between
the unbound vector and each symbol vector, then normalizing. Symbol and role vectors were random subject to the requirements specified earlier in the text. Precision parameters were initialized to 1 and
other parameters were randomly initialized to small values. Simulations were performed in PyTorch (Paszke et al., 2017) with the Adagrad gradient-based optimizer and an initial learning rate of 0.05.
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attempted to minimize the negative log-likelihood of the correct output symbol at each position, and learning halted when
this objective (summed across positions and averaged over
members of a minibatch) fell below 0.01 or 5000 epochs were
completed, whichever came first. At test, a single predicted
symbol sequence was generated from each output by unbinding the most probable filler for each role until ⋉ was emitted.
The first simulation was performed on 1270 adjective
stems and their nominal forms derived with the highly productive suffix -ness (e.g., hkind, kindnessi), as extracted from
CELEX (Baayen, Piepenbrock, & Gulikers, 1995). The
dataset was randomly divided into two halves (train vs. test),
and in each epoch a minibatch of 40 examples was drawn
at random from the training half. The entire training/testing
procedure was repeated ten times. In nine of the replications,
the model performed perfectly (100% accuracy) on all of the
data; in the tenth, the model achieved 96% correct on the
training forms and 95% on the held-out testing forms.
The second simulation used 338 adjective stems and their
un- prefixed forms (e.g., hkind, unkindi), again taken from
CELEX. The same split-half procedure with multiple replications was performed. The model performed perfectly on both
halves of the data in all replications. In these and the previous
simulations, the objective typically fell below the threshold in
fewer than 500 epochs and accuracy on the training examples
asymptoted even faster. The model thus learns simple prefixation and suffixation patterns from relatively little evidence,
and generalizes systematically beyond its training data.
For the third simulation, 124 examples of Chamorro um- infixation were gathered from a dictionary (Topping &
Dungca, 1973) and other sources. Following the same training and testing procedure, the model performed perfectly on
both halves of the data in seven out of ten replications. For
the remaining three replications it had perfect performance
on the training data but 97% accuracy on the held-out data.
When the model produced erroneous output sequences, these
were one symbol away from the correct outputs. While the
present results are encouraging, future work should investigate whether a larger training corpus or changes to the learning regimen can raise the model’s performance for infixation
patterns to the same level as for prefixation and suffixation.

Conclusion and future directions
Previous studies of the structure and learning of morphology
have focused almost exclusively on a single level of description: the computational level adopted in generative linguistics, the algorithmic level of finite-state models, or the implementation level of classic and modern neural networks. The
recurrent model of morphological affixation developed in this
paper has a consistent interpretation at all three levels, and
combines insights from many different perspectives. The elementary step of morphological affixation, as understood here,
involves copying a symbol from one sequence to another (i.e.,
rebinding; cf. Gu, Lu, Li, & Li, 2016). This operation, trivial to characterize at the computational and algorithmic lev-

els, requires neural attention or a similar mechanism when
implemented with continuous indices. The notion of pivot,
drawn from restrictive theories of linguistic cognition, indicates when copying should switch from one morpheme to
another. The switching process can itself be modeled as a
reallocation of attention over morphemes.
At the implementation level, the model uses unit types
that are familiar from artificial and biological neural networks, and processing interactions among units that may be
canonical in brain-based computation (Carandini & Heeger,
2012). Real-valued indices are mapped to attention distributions with units that are tuned to ordinal positions and interact by divisive normalization. Neurons with ordinal preferences have been identified in single-cell recording studies (e.g., Nieder & Miller, 2004; Jacob & Nieder, 2008);
however, these biological neurons do not appear to have the
symmetric and equal-precision receptive fields assumed here,
suggesting a direction for further research at the implementation level. These neurons have been invoked to account for
serial recall performance (e.g., Botvinick & Watanabe, 2007)
and sequential linguistic behavior (e.g., Dehaene, Meyniel,
Wacongne, Wang, & Pallier, 2015). The connection between
serial recall and morphology is relatively unexplored but clear
from the present analysis: construction of an affixed form
can be understand as grammatically-regulated recall of two
simultaneously active symbol sequences.
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I., Grabska-Barwińska, A., . . . others (2016). Hybrid computing using a neural network with dynamic external memory. Nature, 538(7626), 471–476.
Gu, J., Lu, Z., Li, H., & Li, V. O. K. (2016). Incorporating
copying mechanism in sequence-to-sequence learning. In
Proceedings of ACL (p. 1631-1640).
Hochreiter, S., & Schmidhuber, J. (1997). Long short-term
memory. Neural Computation, 9(8), 1735–1780.
Jacob, S. N., & Nieder, A. (2008). The ABC of cardinal
and ordinal number representations. Trends in Cognitive
Sciences, 12(2), 41–43.
Kanerva, P. (1988). Sparse distributed memory. Cambridge,
MA: MIT press.
Karpathy, A., Johnson, J., & Li, F. (2015). Visualizing and
understanding recurrent networks. In Proceedings of ICLR,
arxiv preprint arxiv:1506.02078.
Kelly, M. A., Mewhort, D. J. K., & West, R. L. (2014). The
memory tesseract: Distributed MINERVA and the unification of memory. In Proceedings of the 36th Annual Meeting
of the Cognitive Science Society (pp. 2483–2488).
Li, J., Chen, X., Hovy, E. H., & Jurafsky, D. (2016). Visualizing and understanding neural models in NLP. In Proceedings of NAACL:HLT (pp. 681–691).
Liu, C., Mao, J., Sha, F., & Yuille, A. L. (2017). Attention

correctness in neural image captioning. In Proceedings of
the Thirty-First AAAI Conference on Artificial Intelligence
(pp. 4176–4182).
Luong, T., Pham, H., & Manning, C. D. (2015). Effective
approaches to attention-based neural machine translation.
In Proceedings of EMNLP (pp. 1412–1421).
Marr, D. (1982). Vision: A computational investigation into
the human representation and processing of visual information. Cambridge, MA: MIT Press.
Moody, J., & Darken, C. J. (1989). Fast learning in networks of locally-tuned processing units. Neural Computation, 1(2), 281–294.
Nieder, A., & Miller, E. K. (2004). A parieto-frontal network
for visual numerical information in the monkey. Proceedings of the National Academy of Sciences, 101(19), 7457–
7462.
Paszke, A., Gross, S., Chintala, S., Chanan, G., Yang, E., DeVito, Z., . . . Lerer, A. (2017). Automatic differentiation in
PyTorch. In Proceedings of NIPS 2017 Autodiff Workshop.
Plate, T. A. (2003). Holographic reduced representation:
Distributed representation for cognitive structures. Stanford, CA: CSLI Publications.
Rischel, J. (1995). Minor Mlabri: A hunter-gatherer language of Northern Indochina. Njalsgade: Museum Tusculanum Press.
Ritchie, G. D., Russell, G. J., Black, A. W., & Pulman, S. G.
(1992). Computational morphology. Cambridge, MA: MIT
Press.
Smolensky, P. (1990). Tensor product variable binding and
the representation of symbolic structures in connectionist
systems. Artificial Intelligence, 46(1-2), 159–216.
Spencer, A. (1991). Morphological theory: An introduction
to word structure in generative grammar. Cambridge, MA:
Basil Blackwell.
Spencer, A., & Zwicky, A. M. (1998). The handbook of
morphology. Oxford: Blackwell.
Sproat, R. W. (1992). Morphology and computation. Cambride, MA: MIT press.
Sutskever, I., Vinyals, O., & Le, Q. V. (2014). Sequence
to sequence learning with neural networks. In Advances
in Neural Information Processing Systems 27 (pp. 3104–
3112).
Tesar, B., & Smolensky, P. (2006). Symbol computation with
activation patterns. In The Harmonic Mind: From neural
computation to Optimality-theoretic grammar (Vol. 1, pp.
235–270). Cambridge, MA: MIT Press.
Topping, D. M., & Dungca, B. C. (1973). Chamorro reference grammar. Honolulu: University of Hawaii Press.
Ultan, R. (1975). Infixes and their origins. In H. Seider (Ed.),
Linguistic Workshop III (pp. 156–205). Munich: Wilhelm
Fink.
Yu, A. C. L. (2007). A natural history of infixation. Oxford:
Oxford University Press.

2698

Pre-Readers at the Alien Zoo: A Preregistered Study of the Predictors of Dyslexia
and Linguistic Sound Symbolism in 6-year-olds
Fei Ting Woon (woon0039@e.ntu.edu.sg)1, Yap-Seng Chong (obgcys@nus.edu.sg) 2,3,
Lourdes Mary Daniel (mary.daniel@kkh.com.sg)4, Birit F. P. Broekman (b.broekman@vumc.nl)3,5,
Shirong Cai (obgcais@nus.edu.sg)2,3, Suzy J. Styles (suzy.styles@ntu.edu.sg)1
1

2

Psychology, School of Social Sciences, Nanyang Technological University, 14 Nanyang Drive, S(637332), Singapore
Department of Obstetrics & Gynaecology, Yong Loo Lin School of Medicine, National University of Singapore, National
University Health System, Singapore
3
Singapore Institute for Clinical Sciences, Agency for Science, Technology and Research (A*STAR), Singapore
4
Department of Child Development, KK Women's and Children's Hospital, Singapore
5
Department of Psychiatry, VU Medical Centre, VU University, Amsterdam, Netherlands

Abstract
Recent studies suggest that multisensory linkages between
speech and vision are implicated in the development of
dyslexia. Current data only address a relationship in adults
with existing diagnoses, but do not inform us about the
developmental trajectory of the association. We conducted a
pre-registered study of multisensory matching in 388 prereaders in Singapore (Age: 5y 10m) using an adaptation of the
bouba-kiki task (the Alien Zoo), and compared children’s
performance on this task to their earlier scores on measures
known to predict dyslexia: phonological awareness,
vocabulary size and letter knowledge. As reported elsewhere,
children’s Alien Zoo scores were lower than adults’(Woon &
Styles, 2017a). The language measures were strongly intercorrelated, suggesting persistent language skills across
multiple domains, However we found no significant
relationship between performance on the Alien Zoo task and
any of the predictors of dyslexia. This may mean that the
relationship is yet to emerge in this population. The children
in this cohort will be tracked and tested at a later time point to
establish the developmental trajectory of this relationship.
Keywords: Dyslexia; Pre-Readers; Multisensory Processing;
Sound Symbolism; Phonological awareness; bouba-kiki

Introduction
A key process in reading is the ability to link up visual word
forms with the phonological representations of the words
they represent. This process relies on learned arbitrary
multisensory mappings between visual symbols and
auditory representations of speech. Recent research has
suggested that people who suffer from reading difficulties
may also exhibit differences in the multisensory mapping of
novel speech tokens to novel visual stimuli.
In a sound-symbol matching task, known as the boubakiki test (Ramachandran & Hubbard, 2001), participants are
asked to decide which of two linguistic strings (e.g., ‘bouba’
and ‘kiki’), goes best with one of two visual shapes (e.g.,
spiky, rounded). Most adults prefer to match word forms
containing phonemes such as /b, m, l, o, u/, to rounded
shapes, and word forms containing phonemes such as /k, t, i,
e/ with spiky shapes, and a recent meta-analysis has shown
that on average 89% of people agree on which one is the
best matching, or ‘congruent,’ choice between canonical

shapes and sounds (Styles & Gawne, 2017). These effects
suggest a common core of non-arbitrary (or iconic)
multisensory processing for the sounds of speech, shared by
the majority of adults. One possible offshoot of this might
be that if the multisensory pathways supporting the boubakiki test are impaired, then other processes, like reading,
may also be impaired. This makes the bouba-kiki test an
interesting candidate for testing the relationship between
general multisensory processing of speech sounds, and the
specific multisensory linkages required for reading.
Recently, Drijvers, Zaadnoordijk, & Dingemanse (2015)
investigated whether dyslexic adults make fewer congruent
choices than typical readers. In their test, participants heard
spoken pseudo words in Dutch, and saw pairs of complex
outline shapes, one with jagged edges and one with rounded
edges. For each pseudoword, participants selected the ‘best
matching’ image from a pair. Adults diagnosed with
dyslexia made fewer congruent choices than typical readers.
The authors suggest that known cross-modal processing
deficits in dyslexic adults may underlie both poor reading
skills and fewer congruent sound-symbol matches.
Multiple possible causal relationships could explain this
pattern over development. Children with weak or impaired
non-arbitrary audio-visual processing may have difficulty
acquiring the arbitrary audio-visual representations required
for fluent reading (hence, weak multisensory processing
causes later dyslexia). Alternatively, children who have
difficulty learning to read may not reinforce the
multisensory pathways that typical readers use in the boubakiki task (hence, weak reading causes later weakness in
multisensory tasks). A third possibility is that both deficits
arise from a common cause (e.g., differences in neural
representation of language cause both deficiencies in
reading, and in multisensory processing of speech). If the
first of these possibilities is correct, then we would expect to
see weak multisensory skills precede the onset of formal
reading instruction in children who later develop dyslexia.
Studies on dyslexic children have revealed deficits in
auditory and auditory-visual processing (e.g., letter/sound
knowledge) (Blau et al., 2010; Blomert & Froyen, 2010).
Since dyslexia manifests as a difficulty in fluent word
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recognition and through weaker spelling and decoding
abilities (Lyon et al., 1995), it can only be diagnosed after
some formal instruction in reading, meaning little is known
about the risk factors that could be detected earlier. Preliterate children at risk for dyslexia have been shown to
demonstrate difficulties in auditory processing (rise-time,
phonetic discrimination) (Goswami, Fosker, Huss, & Mead,
2011). Phonological awareness, vocabulary size and letter
knowledge are also known correlates of dyslexia (Nation
2009). However, no current tests investigate multisensory
processing in pre-readers. The bouba-kiki paradigm
provides a child-friendly possibility for evaluating audiovisual processing outside the domain of letter-sound
knowledge.

naming subscales from the Lollipop test. These data have
not previously been published.
As reported in an earlier presentation, a comparison group
of adult participants were asked to participate in the study
through online invitations (Woon & Styles, 2017a). Of the
111 adult participants, 80 were undergraduates enrolled in
an introductory psychology course and were given course
credits for their participation. 2 participants did not indicate
age or gender. The rest of the participants were aged
between 18 years and 40 years (Mean age bracket: 21-30
years), there were 39 male participants and 70 female
participants. The adult wave of testing was approved by the
IRB of Nanyang Technological University, Singapore.
Digital consent was obtained from adults prior to the task.

Stimuli

Methods
We conducted a preregistered test of the relationship
between the best known predictors of reading (phonological
awareness, vocabulary size, and letter knowledge) and
sound symbolic matching, in a large cohort of pre-school
aged children in Singapore. We developed a novel, childfriendly 16-item test, called the Alien Zoo task, and
compared each individual’s sound symbolic choices with
their previously recorded scores on known predictors of
reading.

Participants
Children were recruited from the largest longitudinal cohort
study in Singapore, Growing Up in Singapore Toward
(healthy) Outcomes (GUSTO). 413 children were available
for the study as part of the annual GUSTO testing schedule,
of which a total of 388 attempted the task. Prior to analysis,
results from 11 children were removed for failure to follow
instructions (10), or dropout (1).
Of the 377 child participants whose results were analysed,
203 were male and174 were female. The children were aged
between 5 years 10 months and 6 years 6 months (Age: M =
5 years 10 months; SD = 3.36). The GUSTO study was
approved by the National Healthcare Group Domain
Specific Review Board (NHG DSRB) and the Sing Health
Centralized Institutional Review Board (CIRB). Written
consent was obtained from mothers at the time of the test.
As part of the GUSTO cohort study, children were tested
on several measures that are known predictors of early
reading: (i) the Singapore adaptation of the Communicative
Developmental Inventory (CDI) (Tan, 2009) at 24 months;
(ii) the Comprehensive Test of Phonological Processing
(CTOPP-2) (Wagner, Torgesen, Rashotte, & Pearson, 2013)
at 48 months; (iii) the Peabody Picture Vocabulary Test
(PPVT-4) (Dunn & Dunn, 2007) at 48 months; (iv) and
Lollipop Test (Chew, 1981) at 48 months. The CTOPP is a
well-established measure of phonological awareness. The
CDI and PPVT measure vocabulary size, and sophistication,
respectively. The Lollipop Test evaluates general school
readiness. We selected the letter identification and letter

Previous bouba-kiki studies involving children have used
simple line drawings or coloured blobs (Maurer, Pathman,
& Mondloch, 2006; Occelli, Esposito, Venuti, Arduino, &
Zampini, 2013). To maintain children’s attention over
multiple trials, we adapted colourful ‘Virus’ images from
stimuli used in a previous adult studies (Styles & Lai, 2017).
The original Viruses stimuli were created from
photographs of pollen and microscopic organisms and then
artificially coloured red, blue, green or purple. A separate
group of adults rated the Viruses on dimensions of Shape
(Round-Spiky), Texture (Rough – Smooth), and Plasticity
(Hard-Soft) and their responses fell into two categories: a
spiky-rough-hard category and a round-smooth-soft
category (Styles & Lai, 2017). To make the stimuli
appealing to children, we added googly eyes. The 32 images
were yoked into 16 round/spiky pairs, each of which was
presented in a single colour.
We used auditory stimuli from Styles & Lai (2017) –
pseudo-words created from phonemes widely recognised as
‘round’ /m, o, u, b, l/ and ‘spiky’ /k, t, p, i, e/. The pseudowords were randomly generated to follow alternating
consonant-vowel structures like CVCVCV (c.f., maluma).
Half of the auditory pseudowords were ‘sharp’ sounding
(e.g., tikit) and half were ‘rounded’ sounding (e.g., mobom).
Pseudowords were recorded by a Singaporean female.
Each pair of visual stimuli was matched with one auditory
token creating 16 unique yoked trials. The order of the trials
and the position of the spiky and rounded shapes were
randomised. None of the shapes were repeated. The study
was configured and presented on a computer screen using an
online programme for surveys (Qualtrics, 2005).

Procedure
To increase task interest, children were told that they had
arrived at the Alien Zoo where the ‘aliens’ were loose.
Children were asked to help Zookeeper Clarice (depicted in
Lego) to sort the aliens. Onscreen prompts were read aloud
by a Research Assistant.
As shown in Figure 1, in each trial, the participants saw a
pair of visual stimuli side by side. The investigator read
aloud the onscreen prompts (e.g., “Which alien do you think
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has this name?”), and initiated the audio token. A detailed
protocol described the kinds of prompts that were allowed
(e.g., repeating or rephrasing the question). When children
pointed to their choice on the screen, the research assistant
highlighted the onscreen image, and confirmed the child’s
choice before moving to the next trial.
Which alien do you think has this name?

[pikeki]

We followed the preregistered decision pathway for
analysis (Woon & Styles, 2017b),: In our Primary
Analysis, we planned to test a positive correlation between
phonological awareness (as measured by the Normalized
Composite CTOPP Scores at 48m) and Alien Zoo scores at
age 5y 10m. If a correlation was observed, the decision
pathway allowed an ANCOVA to further test the influence
of gender (M, F) on Alien Zoo scores, with CTOPP as a covariate. The Analysis Pathway for the Secondary Analysis
also described a check for inter-correlation among language
assessments (CTOPP, CDI, PPVT, Lollipop test), followed
by a Stepwise regression of the predictive power of these
language measures on the Alien Zoo Score.
Given the longitudinal nature of the data used in analyses,
and the variable dropout rate within and between test waves,
all children for whom a pair of measures was available were
considered in each analysis.

Figure 1: Example trial in the Alien Zoo task

Results

At halfway, and at three-quarters through the study,
encouraging messages were provided (e.g., “Good work!
You have sorted half of Clarice’s aliens!”). After the last
trial, a message thanked participants for their effort.
Children concluded the task by answering questions about
their language use with their family, teachers, and friends.
They chose from a list of languages common in Singapore:
English, Mandarin, Malay, Tamil, Hokkien, Teochew,
Cantonese, Hakka, and Others (to be specified). Adult
participants moved on to another online task. At the end of
the task, participants had made 16 forced-choice bouba-kiki
matches.

As reported elsewhere, children’s scores on the Alien Zoo
task were above chance (N = 377; M = 9.48; SD = 2.54),
and lower than the scores of adults from the same linguistic
community performing the same task (N = 111; M = 12.52;
SD = 3.14). The range of the children’s scores was wide
(Max = 16, Min = 3) and normally distributed, giving a
good range for analysis of individual differences (Woon &
Styles, 2017a). We note that adults’ scores are marginally
lower than would be predicted by adult norms for this kind
of maluma/takete task (Styles & Gawne, 2017), which may
be due to the unconventional visual stimuli used.

Predictions
If multisensory processing deficits are a critical factor in the
emergence of dyslexia, such deficits should be evident
before the onset of reading. We therefore predicted a
positive correlation between the best known risk factor for
dyslexia (phonological awareness) and sound symbolic
sensitivity (as measured in the Alien Zoo task). Further, as
rates of dyslexia are reported to be higher in males than
females, we also predicted that if correlated, the strength of
the effect may differ by gender. For preregistration, see
Woon & Styles (2017b). We also preregistered a secondary
exploratory interest in the relative strength of other
language assessments taken at earlier times (2y; 4y) and
their predictive power on the number of congruent matches
made on the Alien Zoo task.

Data-handling and Analysis
For the Alien Zoo task, the number of congruent responses
for each participant was totalled. A total score of 16
indicates that the participant chose the expected Alien for
every trial. A total score of 8 indicates responding at chance
level.

Figure 2: Scatter plot of CTOPP and Alien Zoo Scores.

Phonological Awareness & Sound Symbolism
304 children were administered both the CTOPP task
(M = 27.0, SD = 3.65) and the Alien Zoo task (M = 9.60,
SD = 2.51). Figure 2 shows the relationship between an
individual’s score on the CTOPP at age 2y and the Alien
Zoo at age 5y 10m. Contrary to the primary hypothesis, no
significant relationship was observed (ρ(304) = .007,
p = .91). As CTOPP and the Alien Zoo Score were not
correlated, the ANCOVA with Gender was not performed.
Instead, a t-test revealed that Alien Zoo Scores were slightly
lower for boys than for girls (t(375) = 2.40, p = .017,
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d = .249), however this result should be treated with caution
since it was somewhat underpowered (1-β = .67), despite
the size of the sample.

Vocabulary Size, Letter Knowledge & Sound
Symbolism
Figure 3 shows the relationship between children’s
individual scores on the language assessments performed at
different ages. Inter-correlations between archival language
measures were checked.

English language advantage (age 2 years) tend to sustain
that advantage over time (age 4 years), and in multiple
language domains. As the language variables were heavily
inter-correlated, the planned regression was not performed.
However, as is evident in Figure 4, none of the earlier
language measures correlated with scores on the Alien Zoo
task. (CDI/Alien Zoo: (ρ(187) = .71, p = .33); PPVT/Alien
Zoo: (ρ(313) = .69, p = .33), CDI/Lollipop: (ρ(310) = .16,
p = .77).

Figure 4: Scatter plots of individuals’ archival language
scores and Alien Zoo Scores on the test of sound
symbolism. A: PPVT (4y) and Alien Zoo (6y); B. Lollipop
(4y) and Alien Zoo (6y)

Discussion

Figure 3: Scatter plots of the relationship between
individuals’ scores on different archival language measures.
A. CDI (2y) and CTOPP (4y); B: CDI (2y) and PPVT (4y);
C. CDI (2y) and Lollipop (4y)
Each individual’s score on the earliest language measure
(CDI at 2y) was correlated with their later scores on all
language assessments at age 4y (CDI/PPVT: ρ(291) = .34,
p < .0005;
CDI/CTOPP:
(ρ(285) = .28,
p < .0005;
CDI/Lollipop: ρ(291) = .17, p = .004), and the language
assessments at age 4 were inter-correlated (CTOPP/PPVT:
(ρ(697) = .46, p < .0005); CTOPP/Lollipop: (ρ(697) = .35,
p < .0005); PPVT/Lollipop: (ρ(716) = .47, p < .0005). These
relationships demonstrate that children with an early

We wanted to know if the number of congruent choices
made by children at age 6y correlated with known predictors
of early reading skills. This was largely motivated by
Drijvers et al (2015) who tested dyslexic adults on a twoalternative forced choice bouba-kiki task and found that
they made significantly fewer sound-symbolic matches
(60%) compared to typically reading adult controls (73%).
Dyslexic individuals have auditory processing deficits
(Goswami et al., 2011) and exhibit deficits in auditoryvisual temporal coordination (Meyler & Breznitz, 2005) as
well as letter-speech matching and integration (Froyen,
Willems, & Blomert, 2011). However, many of these audiovisual tasks are reading-related or require reading skills,
making it difficult to assess children with different levels of
reading instruction i.e. before formal schooling.
If the multisensory deficit seen in the Drijvers et al.’s
study (2015) precedes the onset of reading instruction, we
expected that known predictors of early reading ability (e.g.
phonological awareness and vocabulary size) would
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correlate with results from our Alien Zoo task. Our
predictions were not borne out, even though the
standardized language measures were strongly positively
correlated with one another.
Since learning to read requires the linkage of two lowlevel sensory processes – auditory (speech sounds) and
visual (letters/orthographic representations) – measures
such as phonological awareness may tap into different
aspects of reading, that are unrelated to our Alien Zoo task:
The CTOPP investigates auditory processing and
manipulation of speech sounds, which may be discrete from
how these phonemes are connected to other sensations via
cross-modal congruence (i.e., iconic matches) or arbitrary
associations (i.e., letter sound matches); The CDI and PPVT
assess higher level linkages between auditory word forms
and semantic representations, but these associations may be
discrete from more general audio-visual linkages; The
subscales of the Lollipop test provide an indication of early
literacy exposure, which may not be related to an
individual’s multisensory coordination of the letter shapes
with sounds. Thus, while each of these measures has
individually been linked with reading (Nation, 2009), these
processes may be discrete from bouba-kiki style crossmodal
congruence in prereaders.
At the time of test, the children in our study had not
entered primary school, nor been evaluated directly for their
reading skills, so it remains to be seen whether children in
this group will show relationships between reading and the
Alien Zoo task. Children in this sample were not selected
for their risk of reading disorder, however the GUSTO
cohort remains the largest longitudinal study of Singaporean
children, and the large sample provides sufficient power to
detect a moderate effect if around 10% of these children go
on to have reading difficulties.
We investigated the developmental trajectory of soundsymbolism and dyslexia with a prediction that soundsymbolism deficits may precede, and possibly contribute to
reading deficits, since sound-symbolic matching involves
low-level sensory processing systems that are evident before
the onset of reading (Maurer et al., 2006). Recent research
has suggested that sound-symbolism provides a bootstrap
for language learning (c.f. Imai & Kita, 2014), but we found
no evidence that higher scores in the Alien Zoo task are
related to larger vocabulary size in this age group. Future
research involving more implicit measures of soundsymbolic processing (e.g., implicit associations) will be
valuable to unpack these relationships.
However, we do not rule out the possibility that learning
to read actually strengthens sound-to-symbol matching,
hence a better reader will eventually also make more soundsymbolic choices in a bouba-kiki task. Adults in our study
made significantly more congruent choices than children
(Woon & Styles, 2017a). Adults had received years of
formal reading instruction in English and more than a
decade of reading practice, hence, undergoing countless
rehearsals for sound-symbol cross-modal sensory rehearsal.
Synaptic plasticity allows for strengthening and increasing

connections of synapses whose neurons co-activate
regularly and the countless rehearsals of speech-sound/letter
would require co-activations of neurons processing audio
and visual representations, thus altering and strengthening
these connections in brains of literate adults (Owens &
Tanner, 2017). Adults may make more congruent soundsymbolic choices because they are fluent readers.
At this stage, it looks as though the sound-symbolic
deficit shown by Drijvers et al.’s (2015) dyslexic adults is
not related to known predictors of dyslexia in this group of
pre-reading children. It may be the case that after the onset
of reading instruction, the strong readers enhance their
multisensory processing, leaving the dyslexic children
behind in both reading and the Alien Zoo. This would be
evidence of fluent reading generating enhancements outside
the domain of linking auditory and visual word forms. On
the other hand, it may be the case that the children who
performed at the lowest level in our Alien Zoo task go on to
be those who do poorly in the acquisition of reading skills.
This would be evidence that the multisensory skills required
for our Alien Zoo task are indeed important for the early
stages of reading. Indeed, our test may identify a previously
unrecognized dyslexia subtype of children with unimpaired
phonological awareness, but impaired multisensory
processing. Further follow-up with the GUSTO cohort will
be critical to tease apart these possibilities. To this end the
next stage of this project will revisit the children after the
onset of formal reading instruction, to find out whether the
Alien Zoo task at age 6 has predictive value in identifying
which children will go on to exhibit difficulties in the early
stages of reading.
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Abstract

1999; Maki, 1998; Dunlosky et al., 2005). Monitoring cues
can support learning because they prompt the learner to
monitor and evaluate their cognitive activities (e.g., make
judgments of learning), whereas control cues can prompt
learners to regulate their cognitive activities (e.g., make a
study decision or change a study strategy). However, most
studies on metacognitive monitoring were conducted using
explicit metacognitive cues. That is, the metacognitive
monitoring is performed under external instruction to do so
for the sake of monitoring one’s own learning (Dunlosky
& Nelson, 1992; Nietfeld, Cao, & Osborne, 2005; Roebers,
Krebs, & Roderer, 2014; Thiede, Anderson, & Therriault,
2003). It is unclear whether metacognitive monitoring is
still performed and demonstrates the same impact on
learning when explicit monitoring cues are not provided.
However, in many real-world educational settings, students
are often presented with control cues rather than
monitoring cues. For example, a language teacher may ask
a student whether she wants to practice the new grammar
point with more exercises. In this case, the student is
explicitly cued to control (make a study decision) instead
of monitoring. Do learners still monitor learning even
when they are not cued to monitor but cued to control?
Since effective control is dependent on accurate
monitoring (Nelson & Narens, 1990; Renner & Renner,
2001), examining learners’ metacognitive monitoring
performance when there is no explicit cue for monitoring
has important theoretical and practical implications for
learning and education. That is, even if a learner has the
ability to monitor his/her learning effectively when
prompted, it doesn’t necessarily imply that he/she will still
engage in metacognitive monitoring when that monitoring
cue is absent. Poor metacognitive control and low
performance may owe itself more to the lack of
engagement in metacognitive monitoring rather than to the
abilities to monitor. As a result, it is important to
investigate learners’ metacognitive monitoring when no
explicit monitoring cue is present.

Metacognitive monitoring plays an important role in selfregulated learning. Accurate metacognitive monitoring
facilitates effective control, which affects learning
outcomes. Most studies that explore metacognitive
monitoring have investigated learners’ monitoring abilities
when learners are explicitly cued to monitor. However, in
real-world educational settings, learners are more commonly
cued to control their learning. The primary goal of the
current study was to investigate whether learners monitor
their learning processes using retrieval when explicitly cued
to control. Two experiments were conducted in pursuit of
this goal. In the experiments, participants were instructed to
learn Swahili-English word-pairs.
Their learning
performance was tested in subsequent cued-recall tests.
Results suggest retrieval is likely practiced when learners
are explicitly cued to control, but at a lower frequency or a
more shallow level than when learners are explicitly cued to
retrieve. In addition, the current study reported attempts to
measure retrieval-based metacognitive monitoring using
objective and online methods.
Keywords: metacognition; monitoring; control; retrieval;
self-regulated learning;

Introduction
Metacognitive Monitoring
Metacognition refers to the cognition and control of one’s
own cognitive activities. It plays an essential role in selfregulated learning outcomes (Dunlosky & Metcalfe, 2009;
Koriat, 2007). According to Dunlosky & Metcalf (2009),
metacognition consists of three components: metacognitive
knowledge, metacognitive monitoring, and metacognitive
control. Metacognitive knowledge refers to people’s
declarative knowledge about cognition. Metacognitive
monitoring involves the evaluation of an ongoing cognitive
process (i.e., how well information has been learnt and the
perceived likelihood of recalling the information in the
future), whereas metacognitive control refers to the
regulation of cognitive activities (Dunlosky & Metcalfe,
2009). Both the metacognition (Dunlosky & Metcalfe,
2009; Nelson & Narens, 1990; Thiede, Anderson, &
Therriault, 2003) and self-regulated learning frameworks
(Koriat, 2007; Nelson & Leonesio, 1988; Winne &
Hadwin, 1998) postulate that monitoring informs control,
which thereafter influences learning. It suggests effective
monitoring is the prerequisite of effective control. The
current study addresses metacognitive monitoring.
Research demonstrates that metacognitive monitoring
can support learning outcomes (Zimmerman & Kitsantas,

This Study
The current study investigated college students’
metacognitive monitoring in self-regulated learning when
cued to control (i.e., asked to make study decisions).
Judgments of learning (JOLs) are a measure of individuals’
subjective evaluation of their own learning. JOLs made
based on retrieval results (retrievability of the target) are
found to be more accurate than the JOLs made based on
other criteria (Metcalfe & Finn, 2008; Karpicke & Smith,
2012). In addition to that, retrieval practice is also a highly-
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investigated mnemonic strategy that contributes to better
learning and memory performance (Landauer & Bjork,
1978; Rawson & Dunlosky, 2011). Thus, the focus of this
study was narrowed down to the retrieval-based
metacognitive monitoring. This study aimed to determine
whether learners monitor their learning using the retrieval
strategy when cued to control during a self-regulated
learning paradigm, as well as its impact on learning and
memory performance.
Existing assessments of metacognitive monitoring may
have two methodological weaknesses: (1) the dependence
on subjective self-report by participants (Nelson &
Dunlosky, 1991); and (2) the use of offline measures
(Bryce, Whitebread, & Szucs, 2014). Commonly used
measures of metacognitive monitoring are self-reported in
which participants are asked to make subjective judgments
of their own cognitive processes (i.e., JOLs ask
participants to rate how well they have learned the target
materials). This could reduce the reliability of the
measurement. Offline measures might not be able to reflect
what occurs during the task because they are usually
remote from the target cognitive task (i.e., delayed JOLs
are made a period after the learning). Therefore, the
secondary goal of this study was to report the attempts of
measuring retrieval-based metacognitive monitoring using
online and objective measures. It was hypothesized that
learners will: (1) monitor their learning using retrieval
strategies when cued to control in their self-regulated
learning; and (2) the retrieval-based metacognitive
monitoring of learning is measurable with online and
objective measures.

in the final test. The main task was consisted of a learning
phase, a global judgement of learning (a global JOL), and
testing. The learning phase was composed of 70 learning
trials. In each trial, participants were presented with a
Swahili-English word-pair for 8 seconds. Then they were
instructed to solve a distractor task and make a study
decision regarding the next study step. Each item was
presented after a 500-millisecond delay, in which, a blank
screen with a black “+” in the middle of the screen was
presented. The presentation of a word-pair was
immediately followed by a distractor task which was used
to prevent participants from rehearsing the item. The
distractor task was a two-digit mental addition task.
Participants were instructed to type in the answer to the
addition question and press “Enter” key on the keyboard to
submit the answer within 20 seconds. Once an answer was
submitted, the screen would indicate whether it was correct
or incorrect for 1500 milliseconds, and then move to the
study-decision intervention. A lack of response within 20
seconds would be treated as an incorrect response. In the
self-paced study-decision intervention, participants were
presented with two options placed horizontally in the
middle of the computer screen, “Study Again” on the left
side and “Next” on the right side. Participants were
instructed to press the “F” key on the keyboard to see the
same item for another 4 seconds, and press “J” key to
advance to the next item. The study-decision response time
(RT) was the time it took from the onset of the stimuli of
the study-decision intervention, to the time a decision was
submitted.
Upon completion of all the learning trials, participants
were prompted to take a self-paced global judgment of
learning (JOL) on their overall learning performance,
rating how well they thought they had learned all the 70
items on a scale ranging from 0% to 100%. They were
instructed to input a number from 1 to 100 to respond and
press “Enter” key to submit the JOL response. In the end, a
cued-recall test was used to assess participants’ learning
performance of the Swahili-English word-pairs. The pairs
were presented in a random order. In testing, the Swahili
word was presented on the left side of the screen (the cue;
e.g., dunia –?). Participants needed to recall the English
equivalent translation (e.g., world), type the answer into
the designated area on the screen, and submit their
responses by pressing the “Enter” key. A lack of response
within 20 seconds would be treated as an incorrect recall.
An item was scored as correct or incorrect by matching the
typed response with the correct English target. The typed
answers were also manually checked and rescored by
researchers after the experiment. If the response and the
correct answer matched morphologically or semantically,
the response was counted as correct. After participants
completed the final cued-recall test, they were thanked and
dismissed. All participants completed the assessment
within an hour.

Experiment 1
Method
Participants Participants included thirty-nine sophomore
or junior level college students enrolled in an educational
psychology course at a public university in Northeast Ohio.
Students received course credits for participation.
Stimuli All stimulus presentations were programmed and
administered on a computer using the custom program, Eprime 2.0. All participants were assigned to, and seated in
front of a 15-inch desktop computer, with up to four
participants present at the same time. The stimuli included
the Swahili-English paired associates published by Nelson
and Dunlosky (1994), which were normed by difficulty
level. The Swahili-English word-pairs were used as
learning and testing materials in this study (e.g., duniaworld).
Procedure At the beginning of the experiment,
participants were provided a brief overview of the
experiment, including being told they would study 70
Swahili-English word-pairs in this experiment. After two
practice trials, participants were told that the main task
would start. Their task goal was to learn as many wordpairs as possible and recall at least 70% of the word-pairs
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Results
Due to the limit of words, only the most important results
are reported in this document. In the final cued-recall test,
every participant was tested on their memory of the 70
Swahili-English word-pairs. In the test trials, a correct
response was coded as 1, and an incorrect response was
coded as 0. Thus, the mean test accuracy for each
participant ranged from 0 to 1, representing the proportion
of correct recalls out of the total 70 test trials (M = .16, SD
= .13). When a participant decided to restudy an item, the
decision was re-coded as 0. When a participant decided to
advance to the next item, the decision was re-coded as 1.
Thus, the aggregated study-decision responses ranged from
0 to 1, representing the proportion of the decision of
advancing to the next item without restudy. The means and
standard deviations of the test accuracy, study-decision
response, study-decision response time, and global JOL are
presented in Table 1.

n
39
38
39
39

M
.16
25.34
.79
1118.82

Logit
Coeff. (s.e.)
-2.01 (0.17)
-0.02 (0.15)
0.13 (0.04)

Random part
Participant
Swahili-English word-pair

1.20 (1.09)
1.08 (1.04)

Deviance (AIC)

13,761.58

Discussion
The correlation results showed that study-decision RT was
positively associated with test accuracy. That means, when
participants spent longer time (RT) on making study
decisions, they were more likely to choose to restudy, they
were more likely to have a higher proportion of correct
answers in the recall test, and they were more likely to rate
higher on their overall learning performance.
The results in the linear mixed model showed studydecision RT could account for a significant amount of
variance in the final test accuracy, which re-emphasized
the important impact of study-decision RT on test
accuracy. Why would learners remember better after
spending longer time on making study decisions? They
might be guessing or mind-wandering but guessing or
mind-wandering would not enhance memory performance.
According to the literature, retrieval consumes time
(Staszewski, 1988), and contributes to memory and
learning performance (Karpicke and Roediger, 2007;
Karpicke, 2009; Rawson & Dunlosky, 2011). The positive
impact of study-decision RT on test accuracy postulates
that the mechanisms underlying study decision making
may be an attempted retrieval of the target.
On the other hand, there was no significant association
between study decision and test accuracy, indicating the
study decisions that were made didn’t influence the cuedrecall test accuracy even if choosing to restudy could
increase the study frequency and duration. The floor effect
of test accuracy might have largely limited the potential
effects of the cues. However, similar findings are not rare
in the literature on both self-paced or experimenter-paced
study time (see examples in Nelson & Leonesio, 1988;
Zimmerman, 1975). This phenomenon is regarded as
labor-in-vain (Nelson & Leonesio, 1988), that extra study
time sometimes yields little or no extra gain in subsequent
recall. The effect is explained by the notion of attenuationof-attention (Nelson & Lenonesio, 1988) that the learner
pays no more attention to the second repeated presentation.
Therefore, our findings are consistent with the literature.
In conclusion, the results showed that the time spent on
making study decisions was positively associated with
their memory performance. But study decisions, which
influenced study duration and frequency, had little impact
on later retention. Thus, retrieval is possibly the underlying

Table 1: Means and standard deviations of the test
accuracy, study-decision response, study-decision response
time, and global JOL in Experiment 1.
Test accuracy
Global JOL
Study-decision response
Study-decision RT (ms)

Model
Fixed part
Intercept
Study decision
Study-decision RT

SD
.13
15.02
.26
596.69

Correlation analysis showed study-decision RT was
positively correlated to test accuracy (r(39) = .34, p
= .034), and global JOLs (r(38) = .34, p = .04); studydecision RT was negatively correlated to study-decision
response (r(39) = -.33, p = .04). The study decision, on the
other hand, was only correlated with study-decision RT,
but had no correlation with test accuracy, or global JOL.
In order to examine whether study decision and studydecision RT could be used to explain the variance in the
cued-recall test accuracy, a generalized linear mixed model
was run on the full data. In the model, study decision and
study-decision RT were used as independent variables, test
accuracy as a dependent variable, and participants and the
word-pairs as random effects. Test accuracy was coded as
1 = correct, and 0 = incorrect. Study-decision RT was
measured in seconds. The model was significant, F(2,
2727) = 4.77, p = .009. Study-decision RT was found to
account for a significant amount of variance in test
accuracy, F(1, 2727), p = .002, CI [0.05, 0.21], as shown in
Table 2.
Table 2: Results of generalized linear mixed model for the
impact of study decision and study-decision response time
(RT) on final test accuracies in Experiment 1.
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mechanism that occurs during study decision making and
leads to better memory performance. All these suggest
learners may monitor their learning processes using
retrieval when explicitly cued to control their learning
processes (make study decisions).

were asked to complete a distractor task. After the
distractor task, participants were asked to recall the item
they just saw and report whether they still remembered it
(retrieval cue). The distractor task was the same task used
in Experiment 1. In the study-decision intervention,
participants were instructed to make a study decision
between restudy and advancing to the next item (control
cue) after seeing an item for 8 seconds and completing a
distractor task. Participants were informed that no
additional study time was provided regardless of the study
decision. The interventions were self-paced. The amount of
written instruction in the retrieval intervention and studydecision intervention were balanced. After seeing all 20
Swahili-English word-pairs in each condition, participants
were asked to rate their overall learning performance in
that condition on a scale ranging from 0% to 100%.
Participants were instructed to complete a cued-recall test
in the end of each condition. The cued-recall test was
similar to the one used in Experiment 1.

Experiment 2
The findings in Experiment 1 suggested the possibility that
retrieval was involved when learners were asked to make
study decisions. Experiment 2 was conducted to further
investigate the topic using a within-subject design to have
a better control of the study time and possible underlying
cognitive activities. The within-subject design was also to
increase the statistical power.1

Method
Participants Seventy-four college students were recruited
and participated the experiment for course credits. None of
them participated in Experiment 1.

Assumptions of the Underlying Mechanisms

Stimuli The same stimuli as in Experiment 1 were used in
Experiment 2. The number of the Swahili-English wordpairs was reduced to 20 in each of the three conditions to
increase overall test accuracy. Thus, each participant
learned 60 Swahili English word-pairs (20 items * 3
conditions) in Experiment 2.

Assumptions of the underlying mechanisms of the retrieval
and study-decision interventions were made according to
the findings in Experiment 1. When a participant reported
that he/she still remembered the Swahili-English word-pair
in the retrieval intervention, it was inferred that he/she
attempted to retrieve and successfully retrieved the target
item (+ +).2 When a participant reported that he/she didn’t
remember the pair, it was inferred that he/she attempted to
recall but failed to retrieve the word-pair (+ -).3 The
findings from Experiment 1 suggested that learners are
likely to practice retrieval when prompted to make a study
decision. Therefore, we made the following assumptions:
when a participant chose to restudy, it was because that
he/she attempted to retrieve the target information but
failed (+ -). When a participant chose to advance to the
next item immediately, two possible causes were assumed:
he/she attempted to retrieve and succeeded (+ +), or he/she
didn’t even attempt to retrieve the item (- N/A; see Table
3).

Procedure All participants underwent three different
learning conditions – single-study condition, retrieval
condition, and study-decision condition. A break of 20
seconds was applied between two conditions. The order of
the conditions was randomized for each participant. The
difficulty levels of all condition were balanced according
to the difficulty levels of Swahili-English paired associates
published by Nelson and Dunlosky (1994). There were 20
Swahili-English word-pairs in each condition, and 60 items
in the entire experiment. The items in each condition were
presented in random order. The general procedure of
Experiment 2 was similar to that of Experiment 1.
The learning task was the same in each condition: to
learn 20 Swahili-English word pairs, but the interventions
were different. In the single-study condition, the SwahiliEnglish word-pairs were presented one after another with a
500-millisecond delay in between (no cue). Each item was
presented once for 8 seconds. In the retrieval condition,
participants saw each item once for 8 seconds, then they

Table 3: Assumptions of the cognitive processes
underlying the responses in the retrieval and self-study
intervention in Experiment 2. Note: “+” refers to the
practice of the target cognitive process; “-” refers to a miss
practice of the target cognitive process.

1A

small-sample (74 participants), between-subject version of
Experiment 2 was conducted and served as a pilot to test whether
these results in Experiment 1 could be replicated. In the pilot
experiment, participants were randomly divided into four groups:
a single-study group, a restudy group, a retrieval group, and a
study-decision group, and went through similar procedures as in
the corresponding conditions in Experiment 2. No effect of cues
was found on test accuracy. The effect size f was conducted from
means, f = .14. The effect size was small. The statistical power (1β) was as low as .15.

Intervention

Responses

Retrieval

Remember
Not
remember
Next

Studydecision

Study Again
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Cognitive processes
Retrieval
Retrieval
attempt
success
+
+

+
-

+
+

+
N/A
-

Results

Discussion

A repeated measures ANOVA compared the effects of
learning conditions on test accuracies (see descriptive
statistics of test accuracies in Table 4). There was no
significant condition effect on final test accuracies, F(2,
146) = .82, MSe = .02, p = .44, η2 = .01.

The results in Experiment 2 successfully replicated the
findings from Experiment 1 that the retrieval-based
metacognitive monitoring is likely to be performed during
study-decision making.
The results showed the retrieval group was more likely
to successfully recall the items they reported as
remembered over the items they reported as forgotten in
the cued-recall test. The study-decision group was more
likely to successfully recall the items they chose no-restudy
over the items they chose to restudy. The findings indicate
participants were unlikely to make study decisions at
random. What’s more, the cognitive activities underlying
study-decision making in the study-decision group seemed
to resemble the cognitive activities underlying retrievalresult in the retrieval group. The observed significant
within-subject effects of responses on accuracy in retrieval
and study-decision conditions also helped confirm the
assumptions of mechanisms underlying interventions.
Restudy decisions (“study again”) may be resulted from an
unsuccessful attempt of retrieval, while no-restudy
decisions (“next”) may be resulted from a successful
retrieval or no attempt of retrieval (as in Table 3). Thus,
the hypothesis was supported that retrieval is likely to be
practiced when learners are cued to control (i.e., make
study decisions).
However, the statistical analysis also revealed that
reporting retrieval results took more time than making
study decisions. Since the prior findings indicate that
learners attempted retrieval in both retrieval and studydecision interventions, the difference between the retrieval
RT and study-decision RT might be resulted from a
different retrieval fashion underlying the two interventions.
Our explanation is, learners might attempt retrieval more
often or at a deeper level when explicitly asked to retrieve
and report the retrieval results, which lead to longer overall
response time. Thus, when learners are cued to control
(e.g., make study decisions), retrieval is likely to be
practiced at a lower frequency or at a more shallow level
(e.g., feeling of knowing instead of free recall results) than
when learners are cued to retrieve.
Unexpectedly, Experiment 2 also confirmed that the
cues (no cue, retrieval cues, and study-decision cues) don’t
affect later retention. The results suggest retrieval practice
may not affect learning outcomes in the current learning
setting, regardless whether it is cued explicitly.

Table 4: Means and standard deviations of test accuracies
in Experiment 2.

Condition
Single-study
Retrieval
Study-decision

Test Accuracy
n
M
SD
74
.37
.21
74
.39
.23
74
.36
.23

In Experiment 2, it took participants 2496.22 ms (SD =
770.10) on average to report their retrieval results when
learning in the retrieval condition, and it took participants
averagely 2248.51 ms (SD = 868.83) to make a study
decision when learning in the study-decision condition. A
paired sample t-test showed significant difference in the
intervention response time between the retrieval and studydecision conditions, t(73) = -2.71, p < .01, indicating that
participants spent more time on reporting the retrieval
results than on making study decisions.
A paired sample t-test found within-subject effect of
responses on test accuracies: participants achieved higher
test accuracies with the items that they successfully
retrieved (M = .42, SD = .24), than the items that they
failed to retrieve (M = .17, SD = .29) in retrieval
intervention, t(59) = 6.92, p < .001. Participants achieved
higher test accuracies with the items that they decided to
have no restudy (M = .40, SD = .26), t(49)=4.79, p < 0.001
than the items that they decided to restudy (M = .21, SD
= .25), as in Figure 1.

Conclusion
The current study suggest that learners are likely to
monitor their learning processes by using retrieval when
they are explicitly cued to control, but in an inconsistent
fashion in self-regulated learning. Theoretically, the
current study indicates that retrieval may function as a
monitoring tool when learners are cued to control their
learning processes. From a practical perspective, the
current study suggests presenting learning items without
pause may be an efficient presentation strategy. The

Figure 1: Within-subject effect of intervention response on
test accuracies in the retrieval and study-decision
conditions in Experiment 2.
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analysis was primarily based on behavioral data (e.g.,
decision making response time, and final test accuracy),
which suggests the possibility of measuring retrieval-based
metacognitive monitoring using objective and online, but
indirect methods.
The current study has limitations. Firstly, the effect of a
study-decision cue is not clear. The study-decision cue,
which was used as a control cue in this study was expected
to prompt study-decision making only, but it is argued that
the study decision cue might also be indirectly treated as a
monitoring cue. Secondly, metacognitive monitoring in
this study was measured and inferred through the studydecision response time, and final recall accuracy. These
measures are objective and online, but they are not direct
measures of monitoring, and rely heavily on interpretation.
Eye-tracking, as proposed by Veenman (2005), has a
potential of providing objective, online, and direct
evidence of cognitive processes, including metacognitive
processes. It may be used to capture monitoring processes
more directly, which can be followed up by future studies.
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Abstract
Emotional expressions are typically transient; while we may
react emotionally to a new event, we are unlikely to respond
with the same emotion once the event becomes familiar. Here
we look at whether toddlers understand the relationship
between people’s epistemic states and their emotional
responses. Younger (12-17-month) and older (18-24-month)
toddlers were familiarized with a movie in which an observer
was knowledgeable or ignorant about a recurring event. On the
test trial, the observer saw the event and either remained neutral
or changed to a valenced emotional reaction (positive or
negative). We predicted that the change from a neutral to a
valenced expression would be more surprising if the event was
familiar to the observer than if the event was novel. We found
an interaction between epistemic state and emotion for older
but not younger toddlers. These results suggest that before age
two, children begin to understand the transient nature of
emotional reactions and their dependence on people’s
epistemic states.
Keywords: emotion understanding; epistemic state; ignorance;
causal reasoning; toddlers

Introduction
The ability to understand others’ emotions is a critical
component of theory of mind. Although considerable
research has looked at how we might recognize others’
emotions from overt emotional displays (including facial
expressions, vocalizations, body posture, and gait; e.g.,
Ekman & Friesen, 1971; Bachorowski & Owren, 2003;
Meeren, van Heijnsbergen, & de Gelder, 2005; Dael,
Mortillaro & Scherer, 2012), an increasing body of work
suggests that adults have a rich, abstract intuitive
understanding of the conditions that tend to elicit different
emotions (Skerry & Saxe, 2015; Ong, Zaki & Goodman,
2015; Wu, Baker, Tenenbaum & Schulz, 2018; Fontaine,
Scherer, Roesch, & Ellsworth, 2007; Houlihan & Saxe 2017).
This intuitive theory allows us to connect others’ probable
emotional response to an event to their appraisal that the
event was goal congruent, expected, familiar, fair,
controllable, etc. (e.g., Fontaine, Scherer, Roesch, &
Ellsworth, 2007; Scherer & Meuleman, 2013; Ortony, Clore,
& Collins, 1990).
How do children learn this rich intuitive theory of others'
emotions? Prior research suggests that even toddlers
1

We use the term “goal congruence” in a broad sense here. “Goal”
can refer to not only individuals’ goals or desires such as losing
weight, but also more abstract goals such as being alive, healthy and
happy. Thus, although some events investigated in the literature

recognize the importance of goal congruence for predicting
others' emotions in response to events. It is less clear whether
toddlers can incorporate inferences about others' appraisals of
event expectedness, fairness, or controllability into emotion
predictions. As a first step, here we ask whether and when
toddlers incorporate inferences about the subjective novelty
or expectedness of an event into their expectations of others'
emotional reactions.
Developmental research suggests that infants and toddlers
understand the relationship between the goal congruence1 of
an event and the valence of someone’s emotional responses
(Chiarella & Poulin-Dubois, 2013, 2018; DeLoache &
LoBue, 2009; Repacholi & Gopnik, 1997; Reschke, Walle,
Flom, & Guenther, 2017; Skerry & Spelke, 2014; Wu,
Muentener, & Schulz, 2017). For example, ten-month-olds
look longer if an agent expresses a negative (versus positive)
reaction to achieving her objective (Skerry & Spelke, 2014),
and 18-month-olds can use an agent’s positive and negative
emotional responses to identify which of two foods she wants
(Repacholi & Gopnik, 1997). A recent study (Wu, Muentener,
& Schulz, 2017) suggests a more fine-grained understanding
of this relationship: twelve to seventeen-month-olds can
differentiate not only cross-valence, but also within-valence
emotional expressions, connecting diverse positive emotional
vocalizations to their probable external events (e.g., linking
funny events to a laughing response, light-up toys to
excitement, adorable babies to “Aww…”, etc.).
For adult perceivers however, goal congruence is only one
feature of events that is used when predicting others'
emotional reactions. A second key dimension is whether the
event is subjectively familiar and/or expected, versus novel
and/or unexpected. Toddlers are certainly able to track which
events are subjectively novel to other people (even if the
event is not novel for the toddler herself). For instance, in one
classic paradigm, a child plays with two objects and an agent,
then the agent leaves the room and a third object is introduced.
If the agent returns, looks at the three objects and says either
“A modi!” or “Wow! Cool!" followed by "Can you give it to
me?” 18- and even 12-month-olds selectively assign the
object label or hand off the object new to the observer
(Tomasello & Haberl, 2003; Tomasello & Akhtar, 1995; see
also, O’Neill, 1996; Akhtar, Carpenter, & Tomasello, 1996;
(e.g., seeing something funny or scary) were not explicitly framed
as goal congruent or incongruent, the valence of such events was
defined implicitly by their congruence with some conventional goals.
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Liszkowski, Carpenter, Tomasello, 2008; Luo & Baillargeon,
2007).
Thus, toddlers can tell which objects or events are
subjectively novel or unexpected to other people. But do
toddlers incorporate this epistemic state into their predictions
of other's emotional reactions to events? Evidence to date is
unclear. On one hand, a recent study found that by twenty
months, toddlers expect that someone with a false belief will
express surprise (rather than satisfaction) on observing an
unexpected outcome (Scott, 2017). On the other hand, like
many claims about early false belief understanding, this result
is in tension with earlier studies finding that children fail to
predict that someone will be surprised by the unexpected
contents of a container until they are five or six years old
(MacLaren & Olson, 1993; see also Hadwin & Perner, 1991;
Ruffman & Keenan, 1996; Wellman & Banerjee, 1991;
Wellman & Bartsch, 1988).
In the current study, we test directly whether toddlers can
incorporate another person's Knowledge or Ignorance of an
event to predict her emotional reaction. Specifically, adults
expect that both Positive and Negative emotional reactions
are likely to be more intense to novel or unexpected events,
whereas familiar or expected events are more likely to evoke
muted or even Neutral reactions (e.g., Fontaine, Scherer,
Roesch, & Ellsworth, 2007; Scherer & Meuleman, 2013;
Ortony, Clore, & Collins, 1990). Thus, we test toddlers’
ability to predict emotional reactions based on a person's
epistemic state, independent of any prior information about
the goal congruence of the event, or the valence of the
emotional reaction. Do toddlers expect that any vigorous
emotional reaction to an event is more likely if the person was
previously ignorant than if the agent was previously
knowledgeable, regardless of whether the emotional reaction
is positive or negative?
To measure these expectations, we use a looking time task.
Within participants, all toddlers see one sequence in which an
agent remains Ignorant about an event over four
familiarization trials and another sequence in which an agent
is Knowledgeable about the event (order counterbalanced,
with different agents and events between conditions).
Between participants, we manipulate whether the agent’s
final emotional expression to the event is Positive, Negative,
or remains Neutral.
We predict that both Positive and Negative emotional
reactions will be more surprising given an agent who already
knows about the events than given an agent seeing them for
the first time. Thus the primary prediction is that given a
valenced reaction (either Positive or Negative) toddlers will
look longer in the Knowledgeable condition (where the agent
has seen the events and responded neutrally four times before)
than in the Ignorant condition (where the agent first notices
the event on the test trial). Conversely, the Neutral reaction
should be more surprising given an agent first seeing the
events than an agent who has seen the events all along. Thus
the pattern should reverse: given a Neutral reaction, toddlers
should look longer in the Ignorant condition than the
Knowledgeable condition. However, since the events

themselves are not especially emotive, a neutral reaction may
be relatively unsurprising even as a first response, and the
effect in the Neutral condition may well be attenuated. The
Neutral condition serves primarily as a control to ensure that
any change in the predicted direction in infants’ looking is
driven by the valenced emotional reaction, not merely the
shift from ignorance to knowledge. Consistent with previous
work suggesting young toddlers’ ability to distinguish
ignorant and knowledgeable agents (Tomasello & Haberl,
2003; Tomasello & Akhtar, 1995; O’Neill, 1996), we start by
testing these predictions with 12-17-month-olds (Experiment
1; pre-registered on the Open Science Framework:
https://osf.io/xae5f/?view_only=7b655cac3f744bd3a299591
a856301f6). We then run an exploratory experiment
(Experiment 2) testing older toddlers: 18-23-month-olds.

Experiment 1
Method
Participants
A pre-registered sample of N = 48 12-17-month-olds (mean:
15.2 months, range: 12.0-17.7 months; 48% girls) were
recruited from an urban children’s museum. Toddlers were
assigned to three emotion conditions (order counterbalanced):
positive (n = 16, mean: 15.5 months, range: 12.0-17.7
months), negative (n = 16, mean: 15.2 months, range: 13.117.5 months), and neutral (n = 16, mean: 14.9 months, range:
12.1-17.4 months). Twenty-two infants were replaced due to:
fussiness (n = 18), family interference (n = 1), and eyes not
visible from videotapes (n = 3). While most of the children
were white and middle class, a range of ethnicities and
socioeconomic backgrounds reflecting the diversity of the
local population (47% European American, 24% African
American, 9% Asian, 17% Latino, 4% two or more races) and
the museum population (29% of museum attendees receive
free or discounted admission) were represented throughout.
Stimuli & Procedures
We created two comparable sets of movie stimuli. A female
actor and a pink box with a monkey puppet were in one set,
and another female actor and a blue box with a tiger puppet
were in the other (see Figure 1). All movie stimuli can be
downloaded
here:
https://osf.io/va8xg/?view_only=b36670f1ace54908affecee
5b1d11f90.
Toddlers were tested in a dimly-lit room at a children’s
museum. The child’s parent sat in a chair, approximately 63
cm in front of the screen (93 cm wide, 56 cm high), holding
the child. A laptop was used to execute the stimulus
presentation and was concealed behind the screen. After the
parent and child were seated, the experimenter went behind
the screen and started the presentation. The experimenter was
blind to the epistemic state condition (i.e., Knowledgeable or
Ignorant) throughout but could see the child and code her
looking time via a webcam mounted on the screen. A multicolored pinwheel was used as an attention getter and was
presented first. Once the child looked at it, the experimenter
pressed a button to initiate a trial.
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TEST

FAMILIARIZATION

Between-subjects

Within-subjects

Ignorant Condition

Positive

Negative

Neutral

X4
Knowledgeable Condition

X4

Figure 1 Experimental design
Familiarization Phase An actor appeared on the screen and
decision to end a trial in all but three cases; these three
said: “Hi, baby!” Then the screen turned black and a chime
children were dropped and replaced due to premature
sound was played to get the child’s attention. Then the actor
termination of a trial. Only offline coding was used for further
reappeared. She sat on a chair holding a book. On her left,
analyses. Another coder coded whether each child looked at
there was a box with a lid closed. The actor looked at the child
the agent and the puppet at least once during the
for 2 seconds. Then she turned left, looking at the box for 5
Familiarization phase of each trial. All infants passed this
seconds. Then the actor looked back at the child for 2 seconds.
criterion. A different coder, blind to the epistemic state
Then she turned right, reading the book for 5 seconds. Her
condition, coded how attentive children were during the
expression remained neutral throughout. She repeated this
familiarization phase; children were equally attentive to the
procedure four times. In the meantime, a puppet popped up
ignorant (looking time: M = 42.89s, SD = 11.50) and
from inside the box but the timing differed by condition. In
knowledgeable (looking time: M = 43.52s, SD = 10.91; t(46)
the Ignorant condition, the puppet always popped up when
= -.30, p = .769) familiarization events.
the actor was reading the book. Thus, the actor never saw the
Results and discussion
puppet. In the Knowledgeable condition, the puppet always
popped up when the actor was looking at the box. Thus, the
We pre-registered a mixed-effects model to look at the effects
actor was familiar with the puppet. See Figure 1. The
of Epistemic State (Ignorant or Knowledgeable) and Emotion
familiarization phase takes about 70 seconds in total.
(Positive, Negative or Neutral). The fixed factors were
Test Phase After familiarization, the screen turned black and
Epistemic State, Emotion and their interaction, and the
a chime sound was played again to get the child’s attention.
random factor was Subject. No slope was defined. We used
Then the actor reappeared. She looked at the child for 2
the lme function in the R package nlme, version 3.1-131. For
seconds. She then turned left, looking at the box. The puppet
brevity, throughout the paper we only report the main effects
popped up from inside the box in both the Ignorant and
of the fixed factors; detailed summary (e.g., estimated effects,
Knowledgeable conditions. In the positive condition, the
standard errors, ts, and ps) of our models can be found here:
actor expressed a happy facial expression accompanied by a
https://osf.io/s2kzx/?view_only=0db2376533974c28b5d48c
positive vocalization. In the negative condition, the actor
1886e1d47f. Our mixed-effects model suggests that the main
leaned backward and showed a negative face accompanied
effect of Epistemic State was significant (F(1, 45) = 9.71, p
by a negative vocalization. In the Neutral condition, the actor
= .003). There was a non-significant trend towards a main
showed a neutral response, maintaining the same she had
effect of Emotion (F(2, 45) = 2.90, p = .065). Contrary to our
during the familiarization phase. See Figure 1. Then the
predictions however, the interaction between Epistemic State
screen froze and the experimenter started to code the child’s
and Emotion was not significant (F(2, 45) = 1.27, p = .289).
looking. Once the child looked away for two consecutive
As pre-registered, we looked at the effect of Epistemic
seconds, the program automatically moved on to the next trial.
State for each emotion separately. However, there was no
Each child participated in an Ignorant condition using one set
significant difference between the Ignorant and
of stimuli (randomly selected) and a Knowledgeable
Knowledgeable conditions for either the Negative (t(15)
condition using the other set of stimuli. The order of the
= .96, p = 1.000, 95% CI [-2.50, 6.57]; paired-sample t test;
conditions was randomized within participants, and the order
p values were corrected with the Bonferroni method
of the agent’s responses (Positive, Negative or Neutral) was
throughout) or Neutral test condition (t(15) = 1.35, p = .587,
counterbalanced across participants.
95% CI [-1.97, 8.84]). Also contrary to our predictions, in the
Coding
Positive condition, infants looked longer in the Ignorant than
A coder, blind to the epistemic state condition (i.e., Ignorant
the Knowledgeable condition (t(15) = 3.06, p = .024, 95% CI
or Knowledgeable), coded infants’ looking offline from
[2.17, 12.12]).
videotapes. This coding corroborated the experimenter’s
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We then ran an exploratory analysis, using the same mixedeffects model but collapsing across the two valenced
conditions (since we predicted no difference between the
Positive and Negative conditions). Additionally, because
each child participated in both the Ignorant and Knowledge
conditions, and some children looked longer overall than
others, we analyzed both children’s raw looking time and
their proportional looking time in each of the two conditions
(calculated by dividing their looking time in each condition
by their total looking time in both conditions). Again
however, for both the raw looking time and the proportional
looking time, only the main effect of Epistemic State was
significant (raw: F(1, 46) = 9.42, p = .004; proportional: F(1,
46) = 7.47, p = .009). The interaction between Epistemic
State and Emotion was not significant (raw: F(1, 46) = .16, p
= .693; proportional: F(1, 46) = .00, p = .982). Nor was the
main effect of Emotion (raw: F(1, 46) = 2.26, p = .140;
proportional: F(1, 46) = .00, p = 1.000). See Figure 2 a.
Raw Looking Time
Looking Time (s)

25
20
15
10
5
0
Valenced

Neutral

Proportional Looking Time

(a) Experiment 1 (12-17-month-olds)
Proportional Looking Time
1.00
0.75
0.50
0.25
0.00
Valenced

Emotional Response

Neutral

Emotional Response
Epistemic Status

Ignorant

Knowledgeable

Raw Looking Time
Looking Time (s)

40
30
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0
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Neutral

Emotional Response

Proportional Looking Time

(b) Experiment 2 (18-23-month-olds)
Proportional Looking Time
1.00
0.75
0.50
0.25
0.00
Valenced

Neutral

Emotional Response
Epistemic Status

Ignorant

Knowledgeable

Figure 2. Toddlers’ looking time in Experiments 1 and 2.
Error bars indicate bootstrapped 95% confidence intervals.
Thus, 12-17-month-olds showed no evidence of
understanding that a suddenly expressed emotional
expression would be more likely given a previously ignorant
agent than a knowledgeable one. Instead, regardless of the
agent’s emotional response, these toddlers looked longer
when a previously ignorant agent noticed something new
than when a knowledgeable agent saw something familiar.
These results are consistent with previous work (Vaish &
Woodward, 2010) showing that 14-month-olds can use
attention but not emotional cues to predict others’ actions:
they looked longer when an agent reached for an unattended
object than an attended one, regardless of whether she
previously expressed a positive or negative response to the
attended object. As noted however, Scott (2017) suggests that
by 20 months, toddlers are sensitive to the relationship

between surprise and false belief; so in Experiment 2, we test
18-23-month-olds, to see whether older toddlers connect
others’ epistemic states to their emotional reactions.
Additionally, we made a minor change on our stimuli. In
our original stimuli, the screen turned black after the
Familiarization phase (accompanied by a chime sound) and
then the agent reappeared for the Test phase. The short black
screen may have made it more difficult to construe the events
as a continuous sequence and may also have increased the
memory demands of our task. To react to the Test phase as
predicted, children would have to hold their representations
of the familiarization events in mind during this interval. In
our new stimuli, we removed the black screen to reduce some
task demands. We retained the chime sound to ensure we had
children’s attention at the beginning of the Test phase.

Experiment 2
Method
Participants
Forty-eight 18-23-month-olds (mean: 20.7 months, range:
18.2-23.8 months; 46% girls) were recruited from the same
children’s museum. As Experiment 1, they were assigned to
three emotion conditions (order counterbalanced): positive (n
= 16, mean: 20.5 months, range: 18.2-23.7 months), negative
(n = 16, mean: 20.6 months, range: 18.2-23.8 months) and
neutral (n = 16, mean: 21.1 months, range: 18.6-23.1 months).
Sixteen children were replaced due to: fussiness (n = 11),
family interference (n = 3), distraction (n = 1) and not looking
at the test events (n = 1).
Stimuli & Procedures
The stimuli and procedures were the same as Experiment 1
except for one minor change. We removed the black screen
at the beginning of the Test phase to increase continuity
between the Familiarization and Test phases. The modified
stimuli
can
be
downloaded
here:
https://osf.io/va8xg/?view_only=b36670f1ace54908affecee
5b1d11f90.
Coding
As Experiment 1, a coder, blind to the epistemic state
condition, coded infants’ looking offline from videotapes.
This coding corroborated the experimenter’s decision to end
a trial in all cases. Only offline coding was used for further
analyses. Another coder coded whether each child looked at
the agent and the puppet at least once during the
familiarization phase of each trial. All infants passed this
criterion. A different coder, blind to the epistemic state
condition, coded how attentive children were during the
familiarization phase; children were equally attentive to the
ignorant (looking time: M = 52.89s, SD = 12.49) and
knowledgeable (looking time: M = 56.46s, SD = 13.32; t(46)
= -1.47, p = .149) familiarization events.

Results and discussion
We used the same mixed-effects model as Experiment 1 to
look at the effects of Epistemic State (Ignorant or
Knowledgeable) and Emotion (Positive, Negative, and
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Neutral). There was no main effect of Epistemic State (F(1,
45) = 1.01, p = .320) or Emotion (F(2, 45) = .21, p = .812);
nor was there an interaction (F(2, 45) = 2.33, p = .109).
However, because we did not have different predictions for
the positive and negative conditions, we collapsed data across
these two valenced conditions. Specifically, we looked at
whether there was a significant interaction between
Epistemic State (ignorant or knowledge) and Emotion
(valenced or neutral). For the Valenced conditions, we
predicted that children would look longer in the
Knowledgeable than the Ignorant condition but for the
Neutral condition, we predicted that the effect would be, if
anything, reversed. As in Experiment 1, we analyzed both
children’s raw looking time and their proportional looking
time in each of the two conditions.
The older toddlers showed the predicted interaction
between Epistemic State and Emotion both considering their
raw looking time (F(1, 46) = 4.05, p = .050) and the
proportional looking time (F(1, 46) = 6.38, p = .015). In the
Valenced conditions, there was a marginally significant
effect in the predicted direction for the raw looking time (t(31)
= 2.38, p = .076, 95% CI [-12.33, -.39]; paired-sample t tests;
p values were corrected with the Bonferroni method
throughout), and a significant effect for the proportional
looking time (t(31) = 2.74, p = .020, 95% CI [-.30, -.04]). For
the Neutral condition, the Knowledgeable and Ignorant
conditions did not differ either by raw (t(15) = .92, p = .748,
95% CI [-6.37, 15.97]) or proportional looking time (t(15)
= .39, p = 1.000, 95% CI [-.21, .30]).
In sum, collapsing across valence, the results suggest that
18-23-month-old toddlers connect agents’ emotions to their
epistemic states: toddlers are more likely to expect a new
emotional response from a previously ignorant agent than
from a knowledgeable one. However, the results are not
robust to considering each valenced response separately.
Further research must replicate the design and analyses to
establish the strength of the effect.

General Discussion
In two experiments, we found that toddlers between 12 and
17 months old were sensitive to an agent’s epistemic state:
looking longer when an ignorant agent saw something new
than when a knowledgeable agent saw something familiar.
However, they appeared insensitive to the agent’s emotional
response to those events (Experiment 1). By contrast, 18-23month-old toddlers looked longer when a knowledgeable
agent had an emotional response to events she had previously
viewed neutrally than when a previously ignorant agent
changed her expression from neutral to valenced on first
observing the event (Experiment 2). Note that this cannot be
due to ancillary features of contrast between the Ignorant and
Knowledgeable conditions because the pattern did not
emerge when the agent’s expression remained neutral. These
results suggest that at least by the second half of the second
year, toddlers have some understanding of the emotional
consequences of an agent’s epistemic state. They understand
that emotional reactions are more likely to novel than familiar

events even when they cannot specifically predict anything
about the content of the emotion.
This study differs from earlier research showing that
infants as young as 12 months expect someone to attend to
and be excited by novel rather than familiar objects
(Tomasello & Haberl, 2003). In that study, both attentional
and emotional cues were available, and infants may have
primarily used attentional, not emotional, cues to decide that
“Wow! Cool!” referred to the object that was new to the
speaker. By contrast, in our study, we separated the effects of
attention and emotion by looking at the interaction between
the agent’s epistemic state and her emotional response.
Although the younger toddlers were sensitive only to an
agent’s epistemic state, there was an interaction between
epistemic state and emotion in the older toddlers, suggesting
that the emotional cues made a distinct contribution. These
results are consistent with other findings suggesting that
infants and children have an early understanding of some
antecedent causes of others’ emotions (e.g., Chiarella &
Poulin-Dubois, 2013, 2018; DeLoache & LoBue, 2009;
Repacholi & Gopnik, 1997; Reschke et al., 2017; Scott, 2017;
Skerry & Spelke, 2014; Wu et al., 2017).
Note that in the positive and negative conditions, the agent
expressed both an emotional facial expression and an
emotional vocalization to the test event; in the neutral
condition however, the agent maintained her neutral face
without any vocalization. Thus, the valenced conditions
differed from the neutral one both in a change of facial
expression and the presence of an emotional vocalization. We
are agnostic of whether the facial, vocal or both types of cues
drove the effects of our study. However, our data suggest that
the older toddlers did not simply responded to the presence
or absence of novel emotional cues. That is, they did not look
longer overall in the valenced conditions than the neutral
condition (see Figure 2 b). Instead, their looking time was
influenced jointly by whether the agent expressed novel
emotional responses, and whether the agent was ignorant of
or knowledgeable about the event, suggesting that the
toddlers incorporated the agent’s epistemic state in expecting
her emotional reactions to events.
Additionally, the interaction between Epistemic State and
Emotion became significant in Experiment 2 only when we
collapsed across the two valenced conditions (positive and
negative conditions). We did not have enough statistical
power to analyze the effects in the two valence domains
separately. Future work could take a closer look at this as well
as replicating our findings. Our current data, however,
provides initial evidence that at least by the second half of the
second year, toddlers begin to understand that people’s
emotional reactions depend on what they do or do not know
about events. Much work remains to be done to understand
how these early abilities develop into the rich, intuitive theory
of emotion found in human adults (Skerry & Saxe, 2015;
Scherer & Meuleman, 2013; Fontaine et al., 2007; Ortony et
al., 1990; Ong et al., 2015; Wu et al., 2018). However, our
study begins to shed some light on the early emerging
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abilities that may be fundamental to our later-developing
sophisticated understanding of emotions.
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Abstract
This paper aims to answer the fundamental but still unanswered question: how can brains represent 3D objects? Rather
than building a model of visual processing, we focus on modeling the haptic sensorimotor processes through which objects
are explored by touch. This idea is inspired from two main
facts: 1) in developmental terms, tactile exploration is the primary means by which infants learn to represent object shapes;
2) blind people can also represent and distinguish objects just
by haptic exploration. Therefore, in this paper, we firstly establish the relationship between the geometric properties of an
object and constrained navigation action sequences for tactile
exploration. Then, a neural network model is proposed to represent 3D objects from these experiences, using a mechanism
that is computationally similar to that used by hippocampal
place cells. Simulation results based on a 2 × 2 × 2 cube and
a 3 × 2 × 1 cuboid show that the proposed model is effective
for representing 3D objects via tactile exploration and comparative results suggest that the model is more efficient and accurate when learning a representation of the 3×2×1 cuboid with
an asymmetrical geometrical structure than the 2 × 2 × 2 cube
with a symmetrical geometrical structure.
Keywords: tactile exploration; 3D object representations;
constrained navigation action sequences; neural network

Figure 1: An agent (here a snail) exploring with only tactile
feedback can use its egocentric (blue axes) observations to
build up a model of its environment in an allocentric (external, red axes) frame.

Introduction
How is the geometry of 3D objects represented in the mammalian brain? This question has attracted much attention
in cognitive science (e.g. Biederman, 1985; Bülthoff et al.,
1995; Logothetis & Pauls, 1995; Murata et al., 1997). Most
researchers have focussed on deriving 3D object representations from vision (e.g. Georgieva et al., 2009; Logothetis &
Pauls, 1995; Murray et al., 2003). However, retinal representations of 3D objects mean very little in themselves: they only
acquire meaning by being correlated with motor movements,
and in particular motor affordances (Gibson, 1950).
In this paper, we develop a model of how 3D object representations can be learned through tactile exploration. There
are several recent models of this process (see e.g. Gemici
& Saxena, 2014; Natale et al., 2004). In Gemici & Saxena (2014) and Natale et al. (2004), robots are trained to
learn haptic representation of objects through tactile exploration and then manipulate objects. Our model derives from
one particular intuition—namely that the process of exploring
an object using a hand is computationally very analogous to
the process whereby a freely moving agent explores its twodimensional environment. This latter process has been intensively studied: it is known to involve the hippocampal region,
in particular the system of place cells and grid cells in the
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hippocampus and entorhinal cortex (Etienne & Jeffery, 2004;
Frank et al., 2000; Fyhn et al., 2004; Moser et al., 2008).
A place cell’s circuit receives information about the agent’s
locomotion movements (‘dead reckoning’), and also perceptual information about the current environment, derived from
vision (and olfaction in rats; see e.g. McNaughton et al.,
2006). Through these egocentric inputs, it learns an allocentric representation of the local environment (Gramann et
al., 2010; Holdstock et al., 2000; Klatzky, 1998; Vidal et al.,
2004). For example, as shown in Fig. 1, the exploring agent
(i.e. a snail in that figure) can use its egocentric inputs to
build up an allocentric representation of its environment. In
our model, we assume the hand is a ‘navigating agent’, which
can execute various kinds of movements in its own coordinate
system and explore the spatial information of the navigated
environment. We will abstract away from the arm actions
that produce these movements, so the hand is construed as an
autonomous navigator. We will focus on the situation where
this navigating hand is exploring the ‘environment’ of a 3D
object. In this case, it receives various perceptual inputs about
the form of the object, through the sense of touch: it can sense
edges, and other surface features of the object. We then envisage a circuit, analogous to the place cells circuit, that takes
hand-centered representations of hand movements and object
features, and learns an ‘allocentric’ (i.e. object-centered) representation of the object being explored by the navigator.

In this paper, we first introduce a network for navigating
2D environments, which learns allocentric representations of
places similar to those in the hippocampus. We then describe
a modification of this network to model the parietal circuit involved in haptic exploration of 3D objects, that learns objectcentered representations of places on 3D objects. Finally, we
present an evaluation of this 3D model. The main contributions of this paper are as follows.
• Instead of representing 3D objects via vision like most researchers, the proposed model in this paper aims to represent 3D objects via tactile exploration.
• The relationship between navigation action sequences allowed for execution and the navigated object is established. By assuming the hand as a ‘navigating agent’, the
model learns an ‘allocentric’ representation of a 3D object
through navigation action sequences and perceptual inputs.
• Simulative results of the model exploring two 3D objects
are presented and compared, which verifies that the model
is effective on object representations and is more efficient
and accurate for representing a cuboid, owing to its asymmetrical geometrical structure, than a similar cube.

A Model of 2D Navigation Using a Recurrent
Self-Organizing Map
In this section, we describe a neural network, which represents the navigated environment through the navigating
agent’s egocentric dead reckoning information and perceptual
information about environment landmarks.
The neural network of navigation derives from a model by
Takac and Knott (see Dar & Knott, 2018 for an introduction). It is based on a recurrent self-organizing map, named
modified self-organizing map (MSOM; Strickert & Hammer,
2005). In a regular self-organizing map (SOM), the units are
distributed in a two-dimensional plane and each of the units
are fully connected to every input unit via adjustable weights
(Kohonen, 1982). During training, the units compete to be
a winner for a certain input pattern and then the winner’s as
well as its neighborhood’s weights are adapted to be more responsive for this input pattern. Finally, a non-recurrent SOM
comes to represent frequently occurring patterns in its input
units. In an MSOM, apart from the normal input units like
SOM, its input contains a recurrent representation of its own
state at previous time instance. After training, MSOM units
come to represent frequently occurring sequences in its input
units.
The MSOM we describe in this paper is designed to learn
sequences of navigation actions executed when the navigating
agent is exploring some environment. Its representations of
these sequences implicitly encode ‘allocentric’ places in the
environment, because the possible sequences are constrained
by the geometry of the environment. For example, consider
the 2D environment shown in Fig. 2. Say the navigating agent
starts at location L1 facing North, and executes the navigation
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L2
L1
L1
Figure 2: Geometrical description of a 2D environment,
where L1 and L2 denote two different locations.
L1

L2
L3

Figure 3: Geometrical description of a cube, where L1, L2
and L3 denote three different locations.
action sequence ‘F→F→F→L→F→F’ to reach location L2
(where ‘F’ and ‘L’ denote the movements of moving forward
and turning left respectively). L2 is the only possible location
that can be reached with this navigation sequence: the geometry of the environment effectively maps this sequence to a
particular place in the environment. Therefore, by learning
the object constrained navigation action sequences as well as
the perceptual information about the object, the MSOM come
to represent the navigated object.

Adapting the Model for Haptic Exploration of
3D Objects
In this section, we explain how to configure a general MSOM
to represent 3D objects based on hand navigation action sequences. We intend the MSOM as a high-level model of the
parietal circuit that controls haptic exploration of objects by
the hand. There is good evidence that parietal cortex computes object-centered spatial representations. For instance, in
humans, parietal lesions often lead to object-centered neglect
(see e.g. Behrmann & Tipper, 1994), and fMRI has recently
shown object-relative spatial activity (see e.g. Uchimura et
al., 2015). In macaque, cells in parietal area 7a encode target
location relative to an object, rather than in retina- or headcentric coordinates (Chafee et al., 2007).
When a navigating hand explores a 3D object, it can move
directly, which includes moving directly forward, moving directly left, moving directly right and moving directly backward, and it can also move over an edge, which includes moving forward over an edge, moving left over an edge, moving
right over an edge and moving backward over an edge. For
example, with regard to a cube shown in Fig. 3, when the
navigating agent is in location L1 facing East, it can move
directly forward to reach location L2 while it cannot move
forward over the edge. In contrast, when the agent reaches
location L2, the agent cannot move directly forward whereas

parietal cortex

premotor cortex
Next action distribution
MSOM units

tively. Corresponding exploration results are illustrated and
compared in this section.

Performance Indicators

Action selected
Motor system
Surface cues

Figure 4: The architecture of the model for learning to represent 3D objects.

Figure 5: Geometrical description of a 2 × 2 × 2 cube, where
the number denotes available exploration surface of the cube,
and the boundary between two surfaces is denoted by ‘B’ appended with such two surface numbers.
it can move forward over the edge to reach Location L3.
The architecture of the whole model for learning to represent 3D objects is illustrated in Fig. 4. The model aims
to achieve the function of a navigator (i.e., the hand) when
exploring a cuboidal structure. The hand is assumed to be
able to execute the hand-centered navigation actions, which
include movements to move directly (i.e., move directly forward, move directly left, move directly right and move directly back, denoted by ↑, ←, → and ↓ in solid lines respectively in Fig. 4) and movements to move over the edge (i.e.,
move forward over the edge, move left over the edge, move
right over the edge and move backward over the edge, similarly denoted in dashed lines respectively in Fig. 4), and
receive the tactile sensory inputs, like edge in front, edge on
left, edge on right and edge behind. Note that the model is
inspired from the circuit in brains which gleans haptic sensorimotor information of an object from peripheral sensors,
then transfers the inputted information to the somatosensory
cortex and finally obtains the object representation in the parietal cortex as well as the premotor cortex. More details about
the model are shown in Yan et al. (2018).

Simulative Verification and Comparison
To test the performance of the model for learning to represent
3D objects, two typical 3D objects, a 2 × 2 × 2 cube and a
3 × 2 × 1 cuboid, are assigned to the model for exploration
and representation. The length, width and height of the cube
are 2 units and those of the cuboid are 3, 2 and 1 units respec-
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To evaluate the learning ability of the model for representing 3D objects, we first develop three performance indicators:
reconstruction accuracy, geodesic distance between reconstructed positions and actual position and uniqueness rate.
Note that to better evaluate the performance of the model, instead of obtaining average values of designed performance indicators during the whole training process, we utilize average
values of performance indicators within a sliding window.
Reconstruction Accuracy With the agent exploring an object, the MSOM is trained to represent the input patterns.
Based on the representation learnt via tactile exploration, for
a certain MSOM activity pattern, the agent can reconstruct its
position and orientation. To learn about how much information included in MSOM activities, the reconstruction accuracy is used to evaluate the learning ability of the model. At a
given time instance, each position on the object is assumed as
the agent’s actual position with a corresponding probability,
where higher probabilities denote more likely guessed positions. Thus, we design two criteria Pmax and Pinc . We let
φ denote the size of the sliding window, and then we define
Pmax = T (α=β)
and Pinc = T (α>0)
, where T (·) denotes how
φ
φ
many times the given event happened in a given window in
the sliding window series, α denotes the probability of the
actual agent position in the reconstructed probability distribution and β denotes the maximal value in the reconstructed
probability distribution.
Geodesic Distance Between Reconstructed Positions and
Actual Position Another useful performance indicator is
to measure the geodesic distance between reconstructed positions and actual position, which is defined as Dgeodesic .
Specifically, the criterion Dgeodesic is designed to denote the
sum of geodesic distances between each reconstructed position and the agent’s actual position weighted by the reconstruction probability of the corresponding position. We
assume g(i, δ) denotes the geodesic distance between position i and the actual agent position δ, and then we define
4
Dgeodesic = ∑m
i=1 ∑ j=1 g(i, δ)pi j , where m denotes the number
of available exploration positions on the object; j = 1, 2, 3, 4
is used to respectively denote North South East West orientations; pi j denotes the probability of the agent being in location i and with the particular j orientation in the reconstruction distribution.
Uniqueness Rate The above criteria say nothing about how
thoroughly the hand explores the whole of an object. (In
machine learning terms, they emphasize ‘precision’ over ‘recall’.) Our exploration algorithm includes a ‘boredom’ routine, which encourages exploration of unknown places and
avoids exploring objects in a loop, and such a routine is described in more details in Yan et al. (2018). As a measure of
the algorithm’s recall, we introduce another criterion called
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Figure 6: Results of the model for exploring and representing a 2 × 2 × 2 cube. (a) Reconstruction accuracy of the model
for estimating the agent’s position. (b) Geodesic distance between the reconstructed agent’s position and the actual agent’s
position. (c) Uniqueness rate of the model during the exploration.

uniqueness rate U, which is the percentage of unique positions within a sliding window. Specifically, U = τ/ε, where
τ is the number of unique positions within a sliding window
and ε is the size of the sliding window, which is the number
of positions allowing tactile exploration of an object (e.g. 24
for a 2 × 2 × 2 cube).

Example 1: A 2 × 2 × 2 Cube
The geometrical description of the 2 × 2 × 2 cube to be explored and represented is shown in an unfolded view perspective in Fig. 5. Note that in the figure, the numbers are used
to denote different surfaces in the cube and ‘B’ with numbers
appended stands for boundaries of the cube. Additionally, the
number of one surface number in Fig. 5 stands for how many
available exploration positions are in such a certain surface.
As illustrated in Fig. 5, there are 4 available positions to be
explored in each surface and in total, such a cube has 24 available positions. As stated before, the object constrains action
sequences which can be performed to explore the object.
At the beginning, the agent chooses a random initial exploration position and orientation. Then, via executing constrained actions, the model is trained to represent such an object being explored. This training process is divided into 20
epochs and each epoch consists of 100 steps of successfully
performed actions. Note that the unsuccessful action attempt
is not counted and does not train the proposed model, since it
is not allowed by the object which means it does not include
any geometric information about the object being explored.
Results of the three performance indicators when the
model is trained to represent the cube are illustrated in Figs.
6(a), (b) and (c) respectively. As shown in Fig. 6(a), after a short phrase of training (specifically, near 200 steps),
the model can 100% predict the actual agent position with a
nonzero probability, which substantiates the effectiveness of
the model for learning to represent the cube. Additionally, as
we can see from Fig. 6(a), the model becomes progressively
better at predicting the actual agent’s position, which benefits from the representation learning via tactile exploration.
As depicted in Fig. 6(b), the geodesic distance between reconstructed positions and the actual agent’s position becomes
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progressively smaller as the exploration proceeds, which further verifies the effectiveness of the model for representing
the cube as well as other 3D objects. As shown in Fig. 6(c),
the average uniqueness rate is about 60%, which means during 24 steps, the agent explores on average almost 15 unique
positions; that is, it does not simply travel in a loop, which
to some extent indicates the effectiveness of the model. Note
that the model can also accurately predict the actual agent’s
position and orientation at the same time. Since the result of
the model predicting the agent’s actual position and orientation is similar with that shown Fig. 6(a) and (b), we omit
it here for saving space. Therefore, the effectiveness of the
model for representing 3D objects is justified.

Example 2: A 3 × 2 × 1 Cuboid
For further investigating its effectiveness for representing 3D
objects as well as for comparison, the model also explores
a 3 × 2 × 1 cuboid. To save space, we omit its geometrical
description, which is similar to the 2 × 2 × 2 cube.
Results of this exploration, based on a random starting position and orientation, are shown in Fig. 7. As shown in
Fig. 7(a), after about 150 training steps, the model can 100%
predict the actual agent’s position with a nonzero probability,
which substantiates the effectiveness of the model for representing the cuboid. Similarly, the model becomes progressively better at predicting the agent’s actual position as exploration proceeds. Moreover, as we can see from Fig. 7(b),
the geodesic distance between reconstructed positions and the
actual agent’s position becomes progressively smaller as exploration proceeds, which suggests that the model’s representation of the cuboid’s geometry improves over this time. The
average uniqueness rate 63% shown in Fig. 7(c) indicates
during 22 steps, the agent explores 14 unique positions of the
cuboid possessing 22 available positions, which means that
the agent does not explore the object in a loop. Therefore, the
model’s effectiveness is demonstrated again.

Comparison
To further investigate the model’s performance in learning to
represent 3D objects, we quantitively compare simulative re-
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Figure 7: Results of the model for exploring and representing a 3 × 2 × 1 cuboid. (a) Reconstruction accuracy of the model
for estimating the agent’s position. (b) Geodesic distance between the reconstructed agent’s position and the actual agent’s
position. (c) Uniqueness rate of the model during the exploration.

Table 1: Comparison of average values of criteria from step
1 to step 2000 and from step 200 to step 2000, respectively
denoted as avg and avg200, when exploring the 2 × 2 × 2 cube
and 3 × 2 × 1 cuboid
# cube
# cuboid

avg
avg200
avg
avg200

Pmax
40.24%
41.84%
41.72%
43.32%

Pinc
98.09%
100.00%
98.26%
100.00%

Dgeodesic
0.93
0.85
0.97
0.91

U
61.26%
61.95%
63.08%
63.37%

Table 2: Comparison of maximal values of criteria from step
200 to step 2000 when exploring the 2 × 2 × 2 cube and 3 ×
2 × 1 cuboid
Pmax
Pinc
U
# cube
72.00% 100.00% 87.50%
# cuboid 74.00% 100.00% 95.50%

sults of the model obtained when representing the 2 × 2 × 2
cube and 3 × 2 × 1 cuboid via tactile exploration from different perspectives.
Firstly, by studying the time course of evaluation criteria,
the learning ability of the model can be examined. As indicated in Fig. 6(a), the cube needs about 200 steps for the
preliminary training, to the point when the model begins to
have success in predicting the agent’s actual position. By
contrast, the cuboid needs only about 150 steps for the preliminary training, as shown in Fig. 7(a), which suggests that
the model is more efficient in learning to represent the cuboid
compared to the cube. Secondly, we compare average values
of the criteria from step 1 to step 2000 with those from step
200 to step 2000 to study the representation learning ability
of the model, which are shown in Table 1. As we can see from
Table 1, all average values of all reconstruction accuracy criteria for the cube and cuboid from step 200 to step 2000 are
greater than those from step 1 to step 2000, which means that
after a procedure of exploration of objects, the model comes
to predict the agent’s position more accurately. In addition,
all average values of geodesic distance criteria for the cube
and cuboid from step 200 to step 2000 are smaller than those
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Table 3: Comparison of minimum values of criterion from
step 200 to step 2000 when exploring the 2 × 2 × 2 cube and
3 × 2 × 1 cuboid
Dgeodesic
# cube
0.56
# cuboid
0.48

from step 1 to step 2000, which further substantiates the effectiveness of the model for representing 3D objects.
When it comes to the maximal reconstruction accuracy values reached during learning, from Table 2, we can see that
the geometry of the cuboid is learned better than that of the
cube. As illustrated in Table 3, the minimum geodesic distance value of the cuboid reached during learning is smaller
than that of the cube, which verifies again that the model is
more successful in representing the cuboid than the cube.
Based on the above analysis, we can draw the conclusion
that the model is effective for learning to represent 3D objects
via tactile exploration. Moreover, multiple criteria substantiate that the model is more effective and efficient to represent
a cuboid than a cube, which is due to that the extra asymmetrical space information involved in the cuboid contributes to
its representation learning of the model.

Conclusion
This paper has developed a neural network model for learning to represent 3D objects through a navigating agent’s tactile navigation action sequences. Simulative results based on
two 3D objects, i.e., a 2 × 2 × 2 cube and a 3 × 2 × 1 cuboid
have verified the efficacy and accuracy of the proposed model
to learn representing 3D objects via tactile exploration. Finally, having shown a proof of concept for the model, we intend to examine in more detail whether the parietal cortex has
circuitry which could implement it. SOMs are a reasonable
high-level model of cortex (see e.g. Adesnik et al., 2012; Kohonen, 1982, 1993; Ritter et al., 1992); and there are various
recurrent loops involving parietal cortex which could implement the recurrent component of an MSOM - for instance,
the corticostriatal loops of Alexander et al. (1986).
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Abstract
We examined the effect of instructor gesture and distractor
presence on students’ encoding of slope and intercept in
graphs of linear functions. In Experiment 1, participants
watched an instructor avatar introduce a linear graph while
either pointing to the intercept, tracing the over-and-up
increase for slope, or not gesturing (i.e., gaze only). They then
reconstructed the graph on paper. Participants were
significantly more successful at encoding slope after watching
the slope gesture than after watching no gesture. In
Experiment 2, participants watched the avatar either point to
the intercept or trace the slope, each either in the presence or
absence of a visual distractor. Participants were significantly
more successful at encoding slope after watching the tracing
gesture than after watching the pointing gesture. Distractor
presence did not affect performance. Taken together, these
results suggest that teachers’ gestures promote students’
encoding of relevant information and could help explain why
teachers’ gestures often benefit students’ learning.
Keywords: gesture; multimodal instruction; education;
learning; memory

Introduction
Many studies have shown that teachers use gestures during
instruction (e.g., Alibali & Nathan, 2007; Nathan & Alibali,
2011). These gestures have been found to benefit students’
learning. For example, Church, Ayman-Nolley and
Mahootian (2004) reported that first-grade students
displayed deeper learning about Piagetian conservation from
a lesson containing speech and gesture, as compared to a
speech-only lesson. Additionally, Valenzeno, Alibali and
Klatzky (2003) found that preschoolers learning about
symmetry were better at solving posttest problems when
they had watched the lesson with speech and gesture, as
compared to a speech-only lesson. On the topic of
mathematics, Alibali et al. (2013a) found that lessons were
more effective when the teacher used both speech and
gesture together to convey concepts, rather than using only
speech.

What is the basis for this benefit of gestures on learning
outcomes? One possibility is that teachers’ gestures guide
students’ attention to the referents of those gestures (see, for
example, Atkinson, 2002). When teachers gesture to
mathematical representations, students may be more likely
to attend to and appropriately encode the information, and
this may lead to greater learning of lesson content. If this is
the case, then variations in teachers’ gestures should lead to
variations in students’ encoding of instructional material.
Teachers can use a range of gestures to direct students’
attention during a lesson. Prior research on teachers
delivering a mathematics lesson found that pointing and
tracing were especially prevalent in instruction (Alibali et
al., 2013b; Alibali et al., 2014). Specifically, in an algebra
lesson on mapping between an equation and a graph,
pointing was used to direct attention to the intercept of the
graph on a whiteboard. Tracing, on the other hand, was
observed to be used by the teacher to highlight the slope of
the linear graph by depicting the increase of the variable on
the y-axis as a function of a unit increase in the variable on
the x-axis. If these specific gestures support students’
learning by enabling them to encode better, then pointing
gestures directed to the intercept of a graph should lead to
better encoding of the intercept than tracing gestures
depicting the over-and-up unit increase of the slope, and
vice versa.
In a first experiment (Experiment 1), we examined this
prediction. We analyzed participants’ encoding of the
intercept and slope of a linear function after students had
watched video clips containing these different forms of
instructor gesture. We expected students to be more
successful at encoding the intercept or slope, depending on
which gesture the instructor used in the clip, over and above
a baseline condition with no gesture at all.
We also examined whether the presence of distracting,
irrelevant information might enhance the role of gesture in
promoting accurate encoding. During a lesson, visually
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distracting information is not uncommon (e.g., graphs that
were drawn to make a previous point; poorly-erased past
material). Extraneous visual information could distract
students’ attention as they attempt to focus on the lesson. If
gestures promote encoding, they might be particularly
helpful in the presence of potentially distracting
information. In a second experiment (Experiment 2), we
examined whether the presence of a visual distractor
together with instructional gesture would influence students’
encoding. We predicted that students would be more
successful at encoding slope after watching the over-and-up
tracing gesture than after watching the pointing-to-intercept
gesture, and further, that this effect would be larger in the
presence of a distractor. We also predicted that students
would be more successful at encoding intercept after seeing
the pointing gesture than after watching the tracing gesture,
and that this effect would be larger in the presence of a
distractor.
To date, most research into the role of gestures on student
learning has used lessons presented by human teachers.
However, “live” teachers cannot be blinded to the
experimental conditions, so their expectations might affect
the data (e.g., Good, 1987). Furthermore, producing scripted
gesture is difficult, and might incur a cognitive load that
affects speech and other behavior. In this study, we examine
the role of gesture on learning using a computer animated
pedagogical agent (i.e., an instructor avatar). Using a
programmable avatar allows for full control of speech, gaze
and gesture trajectories, which are very difficult to control
with a human actor in a video. Full control over these
factors supports isolating the cause of any performance
differences found in the experiments.

different linear graphs were generated for the pointing and
tracing gesture videos. Thus, the graphs in the pointing
videos were identical with the graphs in the tracing videos,
but these graphs differed from the graphs in the no-gesture
videos. Of the five linear graphs in each set, four had a
positive slope and one had a negative slope. Figure 1
displays a still frame from each of the three gesture
conditions.

Figure 1: Example frames without avatar gesture (top),
with a pointing gesture (middle) and with a gesture tracing
the unit increase of the slope (bottom, depicted with the
arrows that were not present in the actual stimulus).

Experiment 1
Participants
The participants were 60 native English speakers (39
female). All were recruited from an Introductory
Psychology course, and they were compensated with extra
credit.

Materials
Three sets of animated videos were created for this
experiment. Each set consisted of five videos containing
linear graphs presented on a whiteboard (Figure 1). Each
video lasted for six seconds and the avatar introduced the
graph in each video by uttering, “Look at this line”. In one
set of videos, the avatar produced the utterance without
gesturing. In another set of videos, the avatar pointed to the
y-intercept of the graph, and in the final set of videos, the
avatar traced the unit increase of the slope (i.e., by
producing an “over-and-up” tracing gesture). The duration
of the pointing gestures in both sets of videos was
approximately 3 seconds and the duration of the tracing
gestures was approximately 4 seconds. Five different linear
graphs were used for the no-gesture videos. Another five

Procedure
At the start of the experiment, participants were told that
they would see videos of graphs being presented on the
computer screen, and that they would be asked to draw each
graph when prompted to do so through on-screen
instructions. Participants were reminded to start drawing
only after the graph was no longer visible on the screen.
During the experiment, participants were presented with the
animated videos in two blocks in fixed order. In the first
block, they watched the five no-gesture videos. In the
second block, participants were randomly assigned to watch
either the pointing-to-intercept gesture videos or the overand-up-tracing gesture videos. We presented participants
with the no-gesture videos first in order to measure
performance on the task before the influence of the avatar’s
gesture, as we were concerned that the effect of observing
gesture could carry over to subsequent no gesture trials.
Participants reconstructed the graphs using a pencil on paper
(with the graph frame provided) after each video.
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Figure 2: Plot of proportion accuracy for intercept and slope encoding across the no gesture condition (red), the tracing
gesture condition (green) and the pointing gesture condition (blue).
In total, each participant watched ten videos and
reconstructed ten graphs. Thus, each participant was
exposed to the no-gesture condition, while half (n = 30)
were exposed to the pointing gesture condition and half (n =
30) to the tracing gesture condition.

Coding
We coded whether participants produced the correct
intercept and slope in their graph reconstructions. If the
linear graph crossed the y-axis at the correct unit, the
intercept was coded as correct. If the reconstructed graph
contained the correct unit change in y as a function of x, the
slope was coded as correct. Thus, each reconstructed graph
was coded separately for accuracy of intercept and slope.

Results
On average, participants performed close to ceiling on
encoding intercept across all three conditions (89% for the
no-gesture condition; 95% for the pointing gesture condition
and 86% for the tracing gesture condition). They performed
less well on encoding slope, with an accuracy of 64% in the
no-gesture condition, 72% in the pointing gesture condition
and 77% in the tracing gesture condition. Figure 2 presents
scatterplots of proportion accuracy across the three
conditions, and boxplots depicting the distributions.
To analyze whether students were more successful on
encoding the intercept or slope depending on which gesture
the instructor used in the clip, we analyzed a series of nested
binomial multilevel models. All models included participant
and item as random effects; we excluded the random slope
for element by participant, as models containing that term
did not converge. The dependent variable was accuracy
(yes/no). All analyses were conducted in R version 3.2.2.
With regard to our hypothesis, we first examined whether
the interaction between gesture type (no gesture/pointing
/tracing) and element (slope/intercept) accounted for
variation in participants’ encoding, by comparing models

with and without the interaction term1. Including the
interaction significantly improve model fit, c2(2) = 10.99, p
= .0041. Parameters of the model that included the
interaction term indicate that this significant interaction was
driven by a significant interaction between the tracing
gesture and no gesture conditions with element type, B =
1.31, Wald’s z = 3.05, p = .0023. Participants in the tracing
gesture condition performed better on encoding slope on the
gesture trials (M = 0.77, SD = 0.05) than on the no-gesture
trials (M = 0.65, SD = 0.04). Within this model, the
interaction between the pointing gesture and no gesture
conditions with element was not significant, p = .58. Thus,
there was no evidence that participants differed in their
encoding of slope or intercept depending on whether they
had viewed the pointing gesture or no gesture videos.
To examine whether the different gesture conditions
influenced the accuracy of encoding in general, we also
compared models with and without the gesture term.
Including the fixed effect of gesture did not improve model
fit over and above a model that included the fixed effect of
element and the random effects, c2(2) = .26, p = .88. Thus,
there were no significant differences between the three
gesture conditions in the overall accuracy of participants’
encoding.
Finally, we compared a model with element as a fixed
effect to a model with only the random effects. Including
element improved model fit, c2(1) = 104.43, p = <.001.
Participants were more likely to accurately encode the
intercept than the slope.

Discussion
We found that the avatar instructor’s gesture influenced
participants’ encoding of slope. This finding is in line with
our hypothesis that instructor gestures influence students’
encoding of mathematical representations. Hand movements

1
The models compared were: Accuracy ~ gesture*element +
(1|participant) + (1|item) and Accuracy ~ gesture + element +
(1|participant) + (1|item)
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of the instructor can act as a visual information source that
students can rely on to guide their attention appropriately.
Contrary to expectations, we did not detect a significant
effect of pointing gestures on intercept encoding, potentially
because participants’ encoding of intercept was near ceiling.
Apparently, reproducing the intercept was fairly easy for
participants in our sample. To remedy this issue in
Experiment 2, we included visual distractors in the graphs,
in order to make the encoding task more difficult.
In Experiment 1, we also did not counterbalance the order
of the gesture conditions; instead, we always presented the
no-gesture videos first, and participants saw either the
pointing videos or the tracing videos. In Experiment 2, we
pitted the two gesture conditions against one another, in a
fully within-subjects design.

the videos without the distractor, refer to the middle and
bottom sections of Figure 1.

Procedure
The procedure was largely the same as in Experiment 1,
Participants were presented with the animated videos in one
of four pseudo-randomly generated orders. Participants
reconstructed the linear graph using a pencil on paper after
each video. In total, each participant watched twenty videos
and reconstructed twenty graphs.

Experiment 2
We conducted a fully within-subjects experiment with three
factors: gesture type (pointing or tracing), distractor
presence (yes or no), and target element (intercept or slope).
We expected participants to encode slope better after seeing
the over-and-up tracing gesture than after seeing the
pointing gesture. We also predicted that the effect of the
tracing gesture on slope encoding would be larger in the
presence of a distractor. We expected participants to encode
intercept better after seeing the pointing gesture. We also
predicted that the effect of the pointing gesture on intercept
encoding would be larger in the presence of a distractor.

Figure 3: Example still frames with a pointing gesture (top)
and with a gesture depicting the unit increase of the slope
(bottom) with distractor present.

Participants
Participants were 32 native English speakers (20 female).
All were recruited from an Introductory Psychology course
in exchange for extra credit. None of the participants had
taken part in Experiment 1. Sample size as well as the
number of items were determined using simulation methods,
based on the findings from Experiment 1.

Materials
Four sets of stimuli were used in this study. Each set of
stimuli contained five animated videos. Five different linear
graphs were used in each set, and these graphs were
repeated across sets. In two sets of stimuli, the avatar
instructor pointed to the y-intercept on the linear graph, and
in the other two sets of stimuli, the avatar instructor
produced an over-and-up tracing gesture to indicate the
slope of the graph. For each of the two sets of gesture
videos, we created a version with distractors and a version
without distractors. In each case, the distractor was a
parabola beside the linear graph that did not intersect the
straight line. The parabola was always located to the left of
the linear graph. There were 20 videos altogether. Each
video lasted for about 6 seconds. The pointing gestures
lasted for approximately 3 seconds and the tracing gestures
lasted for approximately 4 seconds in each video. Figure 3
displays example still frames of the pointing gesture and the
tracing gesture with the distractor present. For examples of

Coding
Coding was identical to Experiment 1. If the linear graph
crossed the y-axis at the correct unit, the intercept was
coded as correct. If the reconstructed graph contained the
correct unit change in y as a function of x, the slope was
coded as correct.

Results
Participants again performed near ceiling at encoding
intercept (despite the distractors) and they performed less
well on encoding slope. Table 1 presents the average
encoding accuracy percentage across the four conditions.
Table 1: Average encoding accuracy % for intercept and
slope across conditions.
Distractor
Absent
Present

Gesture
Pointing
Tracing
Pointing
Tracing

Intercept %
94.4
91.9
93.8
88.8

Slope %
79.4
80.6
73.8
77.5

We used a series of nested binomial multilevel model
analysis to assess effects of gesture condition and distractor.
The full model predicting encoding from the three-way
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interaction of condition, distractor and element, with
random intercepts for participants and items and a random
slope for gesture condition by participant, did not converge.,
so we did not test the three-way interaction. Because items
were presented in pseudo-random orders, we also included
order as a fixed effect in our models. All models included
participant and item as random effects, along with a random
slope for gesture condition by participant. The dependent
variable was accuracy (yes/no) in encoding slope.
Because intercept encoding was again close to ceiling
levels, we focused our subsequent analysis on slope
encoding. Furthermore, because participants were very
unlikely to encode slope correctly without also encoding
intercept correctly (this occurred on fewer than 1% of
trials), we controlled for accuracy of intercept encoding on
each trial.
We first examined whether the interaction between
gesture type (pointing/tracing) and distractor presence
accounted for variation in participants’ encoding of slope,
controlling for accuracy of intercept encoding and trial
order, by comparing models with the interaction term and
models with only the main effects without the interaction
term. Including the interaction of gesture type and distractor
presence did not significantly improve model fit, c2(1) =
1.23, p = .27.
We then tested whether distractor presence influenced
participants’ encoding of slope, comparing models with and
without a main effect of distractor. Including the fixed effect
of distractor did not significantly improve model fit, relative
to a model that included only gesture type, trial order,
accuracy of intercept encoding and the random effects, c2(1)
= 2.80, p = .09.
Next, we tested if gesture type influenced participants’
encoding of slope, comparing models with and without a
main effect of gesture type while controlling for trial order
and accuracy of intercept encoding. Including the fixed
effect of gesture type significantly improved model fit,
relative to a model that included only trial order, intercept
encoding and the random effects, c2(1) = 4.18, p = .04.
Participants were more likely to encode slope accurately
after seeing the over-and-up tracing gesture than after seeing
the pointing-to-intercept gesture. We also tested whether
trial order influenced participants’ encoding of slope.2
Including trial order significantly improved model fit,
relative to a model that included only gesture type, intercept
encoding and the random effects c2(1) = 25.33, p = < .001;
participants’ encoding of slope improved across trials.

Discussion
The results suggest that instructor gesture can help students
accurately
encode
mathematical
representations.
Specifically, teachers’ gestures appear to support the
encoding of features of mathematical representations that
2
The models compared were: Slope ~ gesture + order +
intercept + (1+gesture|participant) + (1|item) and Slope ~ gesture +
intercept + (1+gesture|participant) + (1|item)

are highlighted by those gestures. Students were
significantly more successful at encoding the slopes of
linear functions after having watched tracing gestures that
indicated the slopes compared to no gesture at all and
compared to gestures indicating the intercept. These
findings suggest that the benefits gained from teachers’
gestures may be due to the gesture improving students’
attention to, and therefore their memory for, information
presented in the lesson. Teachers’ gestures may function as
an external cue that directs students’ attention, helping them
to learn more effectively.
These findings show that the effect of a specific type of
gesture (i.e., indicating the slope) on encoding is confined to
the specific feature of the representation that it highlights.
Thus, gesture is not simply drawing attention to the
instructor or to the accompanying spoken language. Given
findings that teacher gesture is malleable (Alibali & Nathan,
2007; Alibali et al., 2013), one implication of our work is
that it might be fruitful to train teachers to gesture more
purposefully by directing their gestures to align with what
they actually want students to notice and remember.
On the other hand, the results did not show that pointing
to the intercept led to better encoding of intercept, even
though the gesture clearly directed attention to it. One
possible reason for this could be that encoding the intercept
was too simple a task for these participants. Because there
was little variability in encoding, it was impossible for us to
detect any specific effect of gesture. For students who do
not have difficulty encoding the intercept, instructors’
gestures likely do not matter, since they succeed anyway.
These findings highlight the possibility that not all
gestures are useful for all students. Gestures that bring
attention to specific referents may not be helpful if those
referents are easily encoded. Indeed, previous research has
shown that some instructor gestures can even be detrimental
to learning (Yeo, Ledesma, Nathan, Alibali & Church,
2017). These findings emphasize the value of research into
specific types of gestures and their effects for specific
populations of learners. Although teachers’ gestures have
been reported to positively influence learning in many
studies, it remains possible that some gestures may distract
or may not help some students. By focusing on specific
gestures and contexts, further research could help shed light
on the most effective types of instructional gestures,
allowing for more pointed recommendations on the use of
gestures in instruction.
Contrary to our predictions, the presence of a distractor
did not affect encoding of intercept or slope. One possible
reason for this is that the distractor we used may not have
been sufficiently attention grabbing. In the presence of a
visual distractor, we might assume that encoding
performance would be lower in general. We did indeed find
that encoding performance was somewhat lower when the
distractor was present3, B = -0.34, Wald’s z = -1.68;
3
The model used for the reported parameters was: Slope ~
gesture + distractor + order + intercept + (1+gesture|participant) +
(1|item)
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however, this effect was not significant with a = .05 (refer
to Results for details). Therefore, it seems that our distractor
manipulation may not have been strong enough. In future
studies, additional visual “noise” could be employed to
yield a more sensitive test of a distractor effect. For
example, future studies might employ a parabola that
crosses the linear graph or other distracting items on the
whiteboard (e.g., equations, shapes, etc.).
The participants in this study were undergraduates, and
the pattern of findings may not generalize to younger
learners. Younger students might find encoding of intercept
to be a more challenging task. In that case, we could obtain
more variability and could test whether the pointing gesture
helps encoding of intercept in the absence of a ceiling effect.
Furthermore, Hostetter (2011) reported in a meta-analysis
that the effect of speakers’ gestures on listeners’
comprehension is stronger in children than in adults. Thus,
if we were to examine the effect of instructor gestures on
encoding in children, we might even see a stronger effect.
Past research on the effect of gestures on learning has
largely used human teachers who have produced scripted
lessons on video. However, human actors are susceptible to
altering their voices, facial expressions and gaze when they
gesture. Further, the gestures produced by actors might not
always be identical across conditions. Thus, findings
attributed to gestures in past work could be driven by other
co-occurring behaviors. By using the programmable avatar,
we have kept other behavioral cues as consistent as possible,
leaving only gesture to vary. As a result, our findings can be
more definitively attributed to gesture.
These findings demonstrate that the gestures of an
animated avatar can benefit students’ encoding. With the
increasing popularity of animated pedagogical agents, our
study highlights gesture as a factor to consider when
designing lessons with these agents. In line with past work
that reported better student learning with agents that use
multiple modalities as compared to a single modality (Luck
& Atkinson, 2007), our study suggests that gestures are an
important dimension to consider when designing agents that
interact with students and deliver lessons. Specifically, these
findings highlight how specific gestures can be used to
direct students’ attention for better encoding.
Our study demonstrates that gestures are beneficial for
encoding, but it does not address whether gestures are more
effective than other forms of visual cues. One important
future direction would be to examine whether others sorts of
cues, such as prosodic cues or color coding, might also
confer similar benefits, or whether such cues might interact
with gestural cues to promote accurate encoding.
In conclusion, these findings suggest that students encode
specific features of mathematical representations more
accurately when their teachers’ gestures support encoding of
those features. Thus, these findings highlight the value of
teachers’ gestures in promoting appropriate encoding of
instructional material.
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Abstract

memory strength of the event (i.e., contextual association theory and location-based process; Friedman, 1993).

We investigated whether memories of different time scales
(i.e., week, day, hour) are used independently (i.e., independence of scales). To overcome the limitations of previous
studies that have low ecological validity in selecting the test
stimuli, we used experience sampling technology. Participants
wore a smartphone around their neck for two weeks, which
was equipped with an app.that automatically collected time,
images, GPS, audio and accelerometry. After a one-week retention interval, participants were presented with an image that
was captured during their data collection phase, and tested on
their memory of when the event happened (i.e., week, day of
week, and hour). We find that, in contrast to previous studies,
memories of different time scales were not retrieved independently in everyday life. Additionally, we replicated previous
laboratory findings such as correlations between confidence
rating and memory performance, and patterns found between
valence rating and memory accuracy.
Keywords: independence of scales; experience sampling;
episodic memory

Introduction
The ability to remember when a past event happened is one
of the crucial cognitive mechanisms we use in everyday life.
We are also capable of remembering a past event in different
time scales such as remembering the year, day of month, day
of week, and time of day an event happened. Previous studies examining this ability have reported that remembering one
time scale of an event (e.g., month of the event) is independent from remembering another time scale (e.g., day or hour)
of the same event. For example, Friedman & Wilkins (1985)
tested participants using news events (e.g., John F. Kennedy’s
assassination), where they were asked about the exact year,
month, day of month, day of week, and hour of the events.
A reasonable prediction would be that if a finer time scale
such as the hour of the event is remembered, it would be
likely that a larger time scale such as the year of the event
would be remembered as well (e.g., if one remembers that
J.F. Kennedy was assassinated around 12:30pm, it would be
likely that he/she remembers that the year was 1963). However, Friedman found that in some cases remembering a finer
time scale was more accurate than remembering a larger time
scale (i.e., scale effects). The scale effects support the idea
that people could use different cues to retrieve different time
scales of the event rather than only relying on the overall

Evidence for scale effects, which imply that memories of
different time scales are used independently, have been reported in many other studies using different methods. For example, Friedman (1987) asked participants about when a local earthquake happened, Huttenlocher, Hedges, & Prohaska
(1992) asked participants, who previously responded to an
phone survey, the day of week and time of the phone survey, and Larsen & Thompson (1995) asked when events in
participants’ diary happened. These studies have all shown
evidence for scale effects, but at the same time suffer from
a lack of ecological validity. Historical and media events
(e.g., John F. Kennedy’s assassination) might have less selfrelevance than our day to day events, or may be more salient
than the typical events that occur on a daily basis (e.g., local earthquake). Diary studies have the issue of selection
bias, where more salient events would be recorded by the participants than regular events (Sreekumar, 2015). Therefore,
with these methodological drawbacks it is unclear whether
the scale effects would be found in our day to day life events.
An alternative way to examine scale effects with high ecological validity is using experience sampling techniques. Experience sampling has the advantage of collecting each participant’s day to day events automatically without selectionbias, and by utilizing modern smartphones, various modalities can be easily recorded such as time, images, sounds, GPS,
and accelerometry. Previous memory studies using experience sampling techniques have been successful in showing
interesting finding about human memory usage in real life.
These findings range from the kinds of cues people use to remember when an event happened, to how time and space are
represented in the brain (e.g., Dennis, Yim, Evans, & Garrett, 2017; Nielson, Smith, Sreekumar, Dennis, & Sederberg,
2015; Sreekumar, Dennis, Doxas, Zhuang, & Belkin, 2014;
Chow & Rissman, 2017).
Therefore, in the current study we used experience sampling techniques to examine whether memories of different
time scales are independently used (i.e., independence of
scales), and whether scale effects are present in everyday real
life. In the experiment, participants collected their day to day
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events for two weeks using a smartphone which collected various modalities including images and time of the event. Then
participants were presented with images that they had collected and were asked what week, day of week, and time of
day the event depicted by the image happened. Additionally,
we asked how confident the participants were for making each
judgment, and the valence of the event.

Experiment
Methods
Participants Eighteen adults participated in the study (nine
females, M = 26.38 yrs, SD = 6.50 yrs) who were recruited
from flyers posted at the University of Newcastle. Participants were paid AU$100 for their time and effort.
Materials The stimuli used for each participant’s experiment were images that were captured by each participant
during the data collection period. Images were individually prepared after the data collection phase and before
the test phase. First, blurry images were filtered out that
had an entropy values below 17.0 and a variation of the
Laplacian (Pech-Pacheco, Cristobal, Chamorro-Martinez, &
Fernandez-Valdivia, 2000) below 7.0. Then, one image was
selected for each one-hour time slot based on its distance to
images in other time slots (i.e., highest MIN-distance), where
the distance was measured by Euclidean distance using gist
representation of each image (Oliva & Torralba, 2001). Due
to individual differences in collecting the images, the number of images at test differed across participants (M = 67.5,
SD = 27.72, range = 22 − 122).
Procedure There was a two-week data collection phase
followed by a one-hour test phase. The phases were separated by approximately seven days. The data collection phase
started on a Monday and ended on the following Friday. During the data collection phase, participants were told to wear
an Android smartphone around their neck during the weekdays when they were awake (see Figure 1A). The phone was
equipped with the ‘Unforgettable’ app. (Unforgettable Technologies, 2017), which collected image, time, audio (obfuscated), GPS, accelerometer and orientation information at approximately five minute time intervals (see Figure 1B). Participants could turn off the app anytime they needed privacy.
When the phone detects WiFi and is charged, it sends the
stored data automatically to a remote server, which usually
happened once per day at the end of the day when users
charge the phone overnight.
Seven days after the data collection phase (i.e., on the third
Friday), participants were asked to login to an online webpage for the test phase. Participants were presented with a
selection of their images collected during the data collection
phase. The images were presented one at a time on the left
side of the screen with related questions on the right side (see
Figure 1C). Participants were asked in which week, day, and
time the event captured in the image happen, along with a
five scale confidence rating for each response. The valence of

the event was also elicited (i.e., “rate how you felt about the
event that was occurring when the photo was taken.”) using a
five point scale (i.e., very negative, negative, neutral, positive,
very positive). The number of test trials differed based on the
number of images that were collected by each participant during the data collection phase (see Materials).
Additionally, a study-test memory task, which was irrelevant to the current investigation, was administered using the
same pool of images on the third Monday (i.e., approximately
four days before the current test phase). The results of this
task will be reported elsewhere.

Results
All analyses involving statistical inference were conducted
using bootstrapping methods (Efron & Tibshirani, 1997), unless stated otherwise. The group data was taken where each
subject’s raw data was re-sampled 500, 000 times with replacement.
We first examined the accuracy for each time scale (see Table 1). Although chance level for P(hour) would theoretically
be 1/24, we assumed the chance level as 1/12 since the average time range of the collected images across the two-week
interval was 12.88 (SD = 2.11, range = 8−16). Results show
that performance in all time scales were above chance, which
indicate that participants in the current study were capable of
recalling when an event happened with reasonable precision.
Table 1: Accuracy for each time scale with mean accuracy,
chance-level for each time scale, 95% confidence interval
(95% CI), and Bonferroni corrected empirical p-value against
each chance-level derived from bootstrapping.
P(week)
P(day)
P(hour)

M
.61
.34
.22

chance-level
.50 (= 1/2)
.20 (= 1/5)
.08 (= 1/12)

95% CI
[.56, .65]
[.28, 40]
[.19, .25]

p-value
< .001
< .001
< .001

In Figure 2A, we present memory accuracy for each week.
There was no performance difference between the first week
(M = .63, SDbootstrapped = .03) and second week (M = .58,
SDbootstrapped = .02; p = .143). Figure 2B presents memory accuracy for each day of week combined over the two
weeks (M: M = .28, SDbootstrapped = .04; Tu: M = .18,
SDbootstrapped = .02; W: M = .19, SDbootstrapped = .04; Th:
M = .23, SDbootstrapped = .03; F: M = .31, SDbootstrapped =
.07;). Results shows a trend for recency and primacy effects as shown in traditional serial position effects (Ebbinghaus, 1913). The serial position effect was examined by
fitting a quadratic polynomial to the data. Results showed
an excellent fit as shown in Figure 2B in a red curved
line (i.e., ACCURACY = .029 · DAY 2 − .163 · DAY + .410;
root − mean − squareerror = .001, R2 = .963), where there
was a statistically significant coefficient for the second order term (i.e., DAY 2 ; p = .002) and the intercept (p < .001).
The higher performance for Monday and Friday is likely to
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A

C

[Please look at the photo on the left and answer the questions below]
1. In which week was the photo taken?
1st Week

2nd Week

>>> How confident are you in your answer above?
Not at all
Confident

Not very
Confident

A little
Confident

Somewhat
Confident

Very
Confident

Wed

Thu

Fri

A little
Confident

Somewhat
Confident

Very
Confident

2. On which day was the photo taken?

B

Mon

Tue

>>> How confident are you in your answer above?
Not at all
Confident

Not very
Confident

3. At which time of day was the photo taken? (e.g., selecting AM, 2-3 means between 2:00 ~ 3:00 in the morning)
AM
0-1

1-2

2-3

PM
3-4

4-5

5-6

6-7

7-8

8-9

9-10

10-11

11-12

>>> How confident are you in your answer above?
Not at all
Confident

Not very
Confident

A little
Confident

Somewhat
Confident

Very
Confident

4. Please rate how you felt about the event that was occurring when the photo was taken.
Very Negative

Negative

Neutral

Positive

Very Positive

Submit Answers

Figure 1: Apparatus and test-trial example of the study. (A) participant wearing the Android phone for the data collection
phase, (B) layout of the Unforgettable app which was used for data collection, and (C) an example of a trial for the test phase.

be contributed by the salient anchor points created by the
weekends since memories for weekends are better than weekdays (e.g., Huttenlocher, Hedges, & Prohaska, 1992). Using
salient cues from Saturday and Sunday may have aided participants’ ability to retrieve the events.
To evaluate the independence between different time
scales, we used pointwise mutual information (PMI) as in
Equation 1:


P(A, B)
PMI(A; B) = ln
(1)
P(A) · P(B)
http://psych-old.newcastle.edu.au/~hy889/discrim/ExpDiscrim.php

where, P(A, B) is the probability of correctly recalling both
time scale A and B (e.g., week and day) of an event whereas
P(A) and P(B) are correctly retrieving time scale A (e.g.,
week) and B (e.g., day) respectively. PMI ranges from −∞
to min(−logP(A), −logP(B)), and when P(A) and P(B) are
independent PMI is zero. Using bootstrapping methods, we
examined whether PMI(week; day), PMI(week; hour), and
PMI(day; hour) were statistically different from zero. Results are shown in Table 2, where all three PMI values were
statistically different from zero. In contrast to previous studies Friedman & Wilkins (e.g., 1985), the results provide evidence for dependence between all scales (i.e., week and day,
week and hour, and day and hour). The difference in the results may have stemmed from the difference in the stimuli
that where presented to the participants. We will discuss this
more in the General Discussion section.
Confidence ratings for each time scale were analyzed. The
average confidence rating was 1.89 (SDbootstrapped = .24) for

Table 2: Pointwise mutual information (PMI) between different time scales with mean PMI (M), 95% confidence interval,
and empirical p-value against PMI = 0 derived from bootstrapping.

PMI(week; day)
PMI(week; hour)
PMI(day; hour)

M
.12
.09
.26

95% CI
[.050, .193]
[.016, .161]
[.113, .398]

p − value
< .001
.018
< .001

the week response, 1.61 (SDbootstrapped = .21) for the day
response, and 1.89 (SDbootstrapped = .18) for hour response.
The confidence ratings for the three time scales were not
statistically different (F = 0.75, p = .94), which indicates
that the participants’ subjective ratings for remembering each
time scale was not different.
The relationships between accuracy and response confidence at each time scale were also examined by calculating
point biserial correlation coefficient (r pb ; see Figure 3). r pb
for the week (.18), day (.38), and hour scale (.27) all showed
significant correlations (p < .001) replicating previous studies that show positive correlations between confidence and
accuracy performance (Roediger & DeSoto, 2014).
Finally, we examined the valence of the events which the
participants experienced during the data collection phase. As
shown in Table 3, the proportion of extreme valences (i.e.,
very negative and very positive) was less than .04 (4%). The
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B

1.0

ACCURACY = . 029 * DAY 2 . 163 * DAY + . 410

Accuracy

1.0

Accuracy

A

.5
0

1st week

.5
0

2nd week

M

Tu

W

Th

F

Figure 2: Accuracy for (A) each week and (B) each day. The red curved line on panel B represents the quadratic fit to the data
with estimated coefficients above the curve. Dotted lines represent chance level for each time scale, error bars represent the
standard deviation of the bootstrapped samples.

A

Accuracy

B

Week

1.0

C

Day

rbs = . 18* * *

Hour

rbs = . 38* * *

rbs = . 27* * *

.5
0

1

2

3

4

Confidence rating

5

1

2

3

4

Confidence rating

5

1

2

3

4

Confidence rating

5

Figure 3: Accuracy by confidence rating for (A) week, (B) day, and (C) hour. Values on the x-axis represent confidence rating
scores from ‘Not at all confident’ (1) to ‘Very confident’ (5). Dotted lines represent chance level for each time scale, error bars
represent the standard deviation of the bootstrapped samples. Point biserial correlations (rbs ) are presented for each time scale,
where ∗∗∗ represents p < .001.

Table 3: Proportion of valence response for events participants experienced during the data collection phase.
Very
negative
.004

Negative

Neutral

Positive

.058

.649

.253

Very
positive
.035

majority of the events were rated as neutral or positive (.90).
The relationship between memory accuracy and valence ratings was examined by (1) polarity (i.e., negative vs. neutral vs. positive) and (2) strength (i.e., neutral vs. weak vs.
strong). Due to the lack of responses in the extreme categories (i.e., very negative and very positive) we merged the
data in the following way. For the polarity analysis ‘very
negative’ and ‘negative’ responses were merged into Negative response, ‘very positive’ and ‘positive’ responses were
merged into Positive response. In a similar fashion, for the
strength analysis, ‘negative’ and ‘positive’ responses were

merged into Weak response, and ‘Very negative’ and ‘Very
positive’ responses were merged into Strong responses. The
neutral response in both cases remained as Neutral. Figure
4 shows the results from the valence strength analysis. The
results show better memory performance for stronger valence
across all time scales. Figure 5 shows the results from the valence polarity analysis. In general, the results showed better
memory performance when the valence was positive. For the
week and day scales a statistically significant difference was
only shown between the positive and neutral valence (Bonferroni corrected ps < .05), whereas for the hour scale the
positive valence was statistically different from both negative
and neutral valence (Bonferroni corrected ps < .001).

General Discussion
The current study examined whether memories of different
time scales are independently used in real life as suggested
by previous studies which may have suffered from low ecological validity (e.g., Friedman & Wilkins, 1985). We used
experience sampling techniques to overcome this issue. Most
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A

B

Week
**

1.0

+

***

Accuracy

C

Day

Hour

+

***
***

+

.5
0

Neutral

Weak

Strong

Neutral

Weak

Strong

Neutral

Weak

Strong

Figure 4: Accuracy by valence strength for (A) week, (B) day, and (C) hour. Dotted lines represent chance level for each time
scale, error bars represent the standard deviation of the bootstrapped samples. + , ∗ , ∗∗ , and ∗∗∗ represent Bonferroni corrected
p-values that are p < .05, p < .01, p < .005, and p < .001 respectively.

A
Accuracy

1.0

B

Week

C

Day

Hour

+
***

***

.5
0 Negative Neutral

Positive

Negative

Neutral

Positive

Negative

Neutral

***

Positive

Figure 5: Accuracy by valence polarity for (A) week, (B) day, and (C) hour. Dotted lines represent chance level for each time
scale, error bars represent the standard deviation of the bootstrapped samples. + , ∗ , ∗∗ , and ∗∗∗ represent Bonferroni corrected
p-values that are p < .05, p < .01, p < .005, and p < .001 respectively.

importantly, results showed that retrieving memories of all
time scales were dependent on each other, supported by PMI
values above zero.
Our result contradicts a series of previous studies that support independence of scales (e.g., Friedman, 1987; Friedman
& Wilkins, 1985; Huttenlocher et al., 1992; Larsen & Thompson, 1995). It is very possible that this difference stems from
the events that were used at test. Previous studies that tested
the independence of scales used historical events (e.g., assassination of John F. Kennedy), infrequent events from the media (e.g., an earthquake), or events from participants’ diaries.
These events, in general, would be more salient and would
happen more infrequently than events that happen in our everyday lives (c.f., events recorded in one’s diary may have the
selection-bias of being more salient/infrequent events). Additionally, the insignificant events that comprise our daily lives
often demonstrate a repeated structure. As shown in the valence rating, the majority of the events (i.e., 90%) that the participants experienced were neutral or positive, whereas only
a small portion (i.e., 4%) were rated as very negative or very
positive. Moreover, considering that most of the participants
were university students, many of the events they experience
would repeat, and different time scales in these events would
be correlated such as attending a cognitive psychology class
every Monday and Wednesday at 9am, and going to work

every Tuesday and Friday at 6pm. These repeated and correlated structures would make memories of different time scales
more dependent, and as a result retrieving/using memories of
different time scales from these events would be dependent.
Therefore, results from the current study would be more representative of our real life. However, since the current study
used a specific memory period (i.e., two weeks) and retention
interval (i.e., one week), future study should examine whether
using different length of memory period and retention interval would affect the results.
Another interesting finding is the serial position effect
shown by the days of week data. It is unlikely that the effect originated from better encoding at the start of the week
and lesser interference at the end of the week as in traditional
explanation of the serial position effect. It is hard to imagine
participants were more attentively encoding events on both
Mondays and Fridays coupled with the fact that participants
had a week long retention interval. Rather, it is more possible that the weekends acted as anchor points. As weekends
are usually more memorable and contain salient events (c.f.,
Huttenlocher, Hedges, & Prohaska, 1992), it would have been
easier for participants to retrieve the events which were near
these anchor points. Higher accuracy near such salient anchor points have been shown in laboratory experiments (e.g.,
Hintzman, Block, & Summers, 1973; Nairne, 1991). For ex-
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ample, Nairne (1991) presented lists of words and later asked
participants to reconstruct the order of the presented lists and
words in each list. Results showed a similar serial position
effect where the position near the start and end of the each
list and the list at the start and end of the experiment showed
greater accuracy.
Additionally, using experience sampling techniques we
have replicated memory phenomenon that have been examined previously. First, we find a statistically significant correlation between confidence rating and accuracy in all time
scales. Although there are mixed results on the relationship
between confidence rating and accuracy (Roediger, Wixted,
& DeSoto, 2012), studies suggest that the non-significant correlations stem from the structure of non-studied items (i.e.,
similarity structure of lures), and when only testing studied items the correlations are preserved (Roediger & DeSoto,
2014). We also find that the valence of the event affects accuracy. In general, we find that events that were rated as having
stronger valence and positive valence show greater accuracy.
Although laboratory studies find evidence for enhanced accuracy for negative events (Holland & Kensinger, 2010), it is
possible that the current data set does not contain enough negative ratings (i.e., .004 for very negative and .058 for negative
ratings) and lack the power to detect the relationship (also see
the larger error bars for the negative events in Figure 5 compared to other valence categories).
In sum, using experience sampling techniques, we provide evidence that memories of different time scales could be
used and retrieved dependently in everyday life. Moreover,
we replicated several memory phenomena using each participant’s experience that was collected by experience sampling
techniques, providing an example of how to extend memory
experiments outside of the laboratory.
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Abstract
Social gaze-following consists of both reflexive and volitional
control mechanisms of saccades, similar to those evaluated in
the antisaccade task. This similarity makes gaze-following an
ideal medium for studying attention in a social context. The
present study seeks to utilize reflexive gaze-following to develop a social paradigm for measuring attention control. We
evaluate two gaze-following variations of the antisaccade task.
In version 1, participants are cued with still images of a social
partner looking either left or right. In version 2, participants
are cued with videos of a social partner shifting their gaze to
the left or right. As with the traditional antisaccade task, participants were required to look in the opposite direction of the
target stimuli (i.e., gaze cues). Performance on the new gazefollowing antisaccade tasks are compared to the traditional antisaccade task and the highly related ability of working memory.
Keywords: gaze-following; social cues; attention control; antisaccade; working memory

Introduction
At any given moment, our environment is filled with far more
information than we can observe at once. With a seemingly
infinite number of incoming signals, we need some way to
decide what we should pay attention to. To this end, attention control allows us to selectively attend to stimuli in the
environment (Posner & Rothbart, 2007). Attention is typically studied by measuring a person’s ability to orient attention “at will” in the face of a distracting stimuli (Unsworth,
Schrock, & Engle, 2004). To date, the use of simple stimuli
(e.g., flashes of light or basic geometric shapes) to capture
attention has dominated the field of attention research; however, the generalizability of such stimuli has been the subject
of some critique (Kingstone, Laidlaw, Nasiopoulos, & Risko,
2017). Joint attention, specifically the tendency to reflexively
align ones attention with another person via gaze-following,
may provide a unique opportunity to measure attention control in a more complex social context. Despite its potential,
little is known about how joint attention abilities fit into current models of attention. The present study aims to bring together research on gaze-following and traditional models of
attention control to evaluate the potential of using gaze cues
as stimuli for measuring attention control.

Attention Control
Two contrasting processes drive attention control: bottom-up
and top-down selection. Bottom-up or stimulus-driven selec-

tion refers to the passive and involuntary orienting of attention to salient and potentially important stimuli in the environment (Connor, Egeth, & Yantis, 2004). Top-down or goal
driven selection refers to the volitional orienting of attention
to stimuli that is relevant to a persons current behavior or intentions (Theeuwes, 2010). Although top-down selection is
typically associated with attention control, both play important roles in the way we study attention.
Bottom-up selection is responsible for orienting attention
to salient stimuli regardless of the intentions of the observer
(Connor et al., 2004). For example, if there were a sudden
flash of light while you were reading, you would automatically look towards the source of the flash. This behavior has
a significant survival purpose. Salient features such as stark
color and geometric contrast could be a food source, while
sudden movement or sounds could indicate a predator attack
(Connor et al., 2004). Despite their automatic nature, bottomup processes are not in complete control of our attention. Topdown processes allow us to orient attention “at will” to stimuli
that are relevant to our current goals or behaviors (Theeuwes,
2010). Suppose the flash of light from the previous example
came from an unimportant source like a camera flash. Topdown selection would allow you to ignore successive flashes
and return your focus to reading. Top-down control typically
occurs after attention has been captured by a bottom-up stimulus. This is because top-down selection requires recurrent
feedback processes to modulate attention selection - a process reliant on working memory (Shipstead, Harrison, & Engle, 2015; Theeuwes, 2010).

Working Memory and Attention
Without the ability to hold our goals in mind, we would not
be able to orient attention in a way that helps us achieve
them. Working memory, the ability to temporarily maintain and manipulate goal-relevant information, is responsible
for biasing top-down attention towards goal relevant stimuli
through the maintenance of attentional priorities (Shipstead
et al., 2015). Working memory goal maintenance influences
attention at two levels: (1) inhibiting a bottom-up response
that runs counter to the task goal and (2) planning and executing a top-down response in line with the current task goal
(Roberts, Hager, & Heron, 1994; Morey et al., 2012). But just
as attention needs working memory to select what to focus
on, working memory needs attention to continually provide
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goal-relevant information and feedback in order to update the
current active goal (Conway et al., 2005). Because of this bidirectional relationship, attention and working memory are
often studied in parallel. The overlap between these constructs is clearly evident when one examines the paradigms
used to probe attention control abilities.
Attention control is usually measured with tasks that pit
bottom-up and top-down selection against each other. These
paradigms require a person to override a reflexive orienting
response (bottom-up selection) and allocate attention to an alternative goal-related location (top-down selection via working memory goal maintenance) (Heitz & Engle, 2007; Posner
& Rothbart, 2007). As described earlier, working memory,
specifically the goal maintenance aspect, is vital to attention
control. As such, individual differences in working memory
ability can heavily influence performance on attention control
tasks. Individuals with high working memory ability (highspans) resolve competition between bottom-up and top-down
selection quickly (Engle, 2002), while individuals with low
working memory abilities (low-spans) often have difficulty
resisting bottom-up selection (Unsworth et al., 2004). Lowspans tend to make more errors and display slower response
times on attention control tasks because they are more susceptible to goal neglect when attention is captured by a strong
distractor (Morey et al., 2012). When a strong bottom-up distractor is present, low-spans’ goal representations are weakened. Ultimately, this results in a delayed or completely failed
execution of top-down control (Unsworth et al., 2004).
The relationships between working memory and attention control has been heavily studied in the cognitive literature; however, research on social cognition has largely ignored this relationship when evaluating attention control in
the context of social interaction. Critically, this relationship
has been overlooked by researchers trying to develop “realworld” measures of attention control. If psychologist aim to
develop increasingly “real” measures of cognitive functions,
any new or modified attention control task should take this
relationship into account. Doing so will help elucidate the relationship between working memory and attentional control
across a range of bottom-up and top-down constraints.

Social Attention
Recently, researchers have begun to question the generalizability of traditional cognitive tasks that use simple stimuli (e.g., flashes of light or basic geometric shapes) to elicit
bottom-up attention (Driver et al., 1999; Friesen, Ristic, &
Kingstone, 2004; Langton, Watt, & Bruce, 2000; Risko, Laidlaw, Freeth, Foulsham, & Kingstone, 2012). Such stimuli are
considered to be removed from the more real-world domains
where attention is routinely employed, namely in social contexts. In response to this critique, many researchers have begun investigating how social cues influence the allocation of
attention. Joint attention has become a popular medium for
such investigations.
Joint attention is the ability to align our own attention with
another person by following their various social cues. These

cues include low-level behavioral markers of attention such
as the direction of a persons eye gaze, their head turns, and
their gestures (Mundy & Newell, 2007). Early research on
joint attention suggests that the alignment of attention to the
gaze cues of another person, referred to as gaze-cueing or
gaze-following, occurs reflexively (i.e., in a bottom-up fashion) (Driver et al., 1999; Friesen & Kingstone, 1998). This
finding is robust, replicating across various levels and types of
gaze cue stimuli. These stimuli range from schematic-static
eyes (sketches of eyes looking left or right) to dynamic real
faces (videos of real peoples gaze shifts). To date, most gazecueing research has focused on simply identifying whether or
not various gaze-stimuli trigger reflexive bottom-up orienting. This is no small task, as even traditional stimuli range in
their effectiveness.
Researchers have repeatedly found gaze cues to reliably
elicit bottom-up orienting in a way that closely resembles traditional attention cues, namely peripheral sudden onset cues
(Frischen, Bayliss, & Tipper, 2007; Friesen et al., 2004). A
few researchers have even found evidence that gaze-cues may
be a stronger bottom-up stimulus than centrally presented directional cues. For example, Friesen et al. (2004) evaluated
the bottom-up orienting strength of gaze and arrow cues by
modifying the Posner cueing paradigm. They found that participants would orient in the direction of gaze, but not arrows
cues, when the cues were counter-predictive to a targets location. They posited that, although both cue types can be used
to direct attention, only gaze cues do so reflexively when centrally presented. These findings, and others like them (see
Frischen et al., 2007 and Langton et al., 2000 for review; also,
Mundy and Newell, 2007), repeatedly demonstrate that gaze
cues can be used to trigger bottom-up selection in a similar
manner to traditionally used stimuli (e.g., peripheral flashes).
This suggests that gaze cues are an effective medium for
studying attention; however, more research is needed to evaluate how variations in gaze stimuli modulate the way people
allocate their attention.
Despite robust evidence for the reliability of gaze cues to
involuntarily orient attention, variations in gaze stimuli can
have major impacts on this effect. Risko and colleagues’
(2012) review of social stimuli demonstrated that changes in
the “realness” of stimuli greatly impacts its bottom-up orienting strength. For instance, schematic faces elicit a larger
orienting effect than real faces and dynamic gaze cues elicit
stronger orienting responses that static cues. These findings
suggest that not all gaze stimuli are created equal. We have
little knowledge regarding the effect of various levels of gaze
stimuli on the use of gaze cues for psychometric purposes
(i.e., for measuring attention control). If the goal of social attention research is to move towards a more “real-world” evaluation of cognitive abilities, more research is needed to evaluate the orienting potential of various gaze-stimuli for measuring attention control. In addition, research on gaze cues has
largely overlooked the broader literature on attention control.
Critically, it has left the relationship between attention control
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and working memory largely unexplored. The present study
aims to shed further light on these issues.

The Current Study
We aim to evaluate the potential of using gaze cues to measure attention control. We extend previous research on gaze
stimuli in three ways. First, we have modified a traditional
attention control task, the antisaccade, to make the bottom-up
stimuli more social in nature. Specifically, we require participants to override the reflex to look in the direction of another’s eye gaze and intentionally look to an alternative location. We use both still images (i.e., static stimuli) and videos
(i.e., dynamic stimuli) of a real person’s gaze shifts. Second, performance on the gaze-following paradigms will be
directly compared to the original antisaccade task where the
bottom-up stimuli are a simple peripheral flash. Third, we
administer measures of working memory to probe the degree
to which working memory ability supports top-down control
in resisting distraction from increasingly complex and social
bottom-up stimuli.

Procedure
Participants were randomly assigned to one of two gazefollowing groups: static (n = 59) or dynamic (n = 64) gaze
cues. Due to concerns about practice effects in the antisaccade tasks, assignment to gaze-following groups was
between-subjects (Unsworth et al., 2004). After completing the gaze-following AST, participants then completed two
working memory tasks (Operation Span and Symmetry Span
tasks), and the traditional AST.

Tasks
Traditional Antisaccade Task In the traditional AST
(Kane, Bleckley, Conway, & Engle, 2001), an “attractor”
stimulus (Figure 1) is flashed in the participants peripheral
vision on either side of a screen. Participants are instructed to
ignore the flashed stimulus and instead look to the opposite
side of the screen and report the letter they see. The target
letter (P, B, or R) appears briefly on the opposite side of the
flash. Participants completed 70 antisaccade trials.

Hypotheses
Humans tend to prioritize and orient more reliably to social
stimuli than simple stimuli (Friesen et al., 2004). Furthermore, dynamic gaze stimuli have been found to elicit stronger
orienting than static gaze stimuli (Risko et al., 2012). We predict that the dynamic gaze-following AST (antisaccade task)
will be more difficult to perform than the static and traditional
AST. We predict that accuracy rates will be lower and response times will be slower on the gaze-following AST than
the traditional AST. We further predict that accuracy rates
will be the lowest and response times will be the longest in
the dynamic gaze-following AST.
Working memory is responsible for biasing top-down attention towards goal relevant stimuli and minimizing the effects of goal irrelevant stimuli (Heitz & Engle, 2007). As
such, individual differences in working memory ability can
be used to predict performance on attention control tasks
(Conway et al., 2005).We hypothesize that working memory scores will predict performance on all three of the ASTs.
Specifically, we expect to find that individuals with higher
working memory scores will have higher accuracy rates and
faster response times than those with lower scores.

Figure 1: Procedure for the AST.
Gaze-cueing Antisaccade Task We developed two gaze
cueing versions of the AST, which we refer to as the staticgaze and dynamic-gaze AST. Both versions were identical to
the original tasks except for the stimuli used for the fixation
and attractor screens. In the static-gaze version, the fixation
screen (Figure 2) was replaced with a photo of a woman looking straight ahead. The attractor screen was replaced with an
image of the woman looking either left or right. As with the
original task, the direction of the gaze was counterbalanced
and randomized across trials. In the dynamic-gaze version,
the fixation screen was also replaced with a photo of a woman
looking straight ahead. However, the attractor was replaced
with a video of the womans eyes shifting to the left or right.
Participants completed 70 gaze-cueing antisaccade trials.

Participants
142 undergraduate students were recruited from Arizona
State Universitys subject pool. Five were removed for not
following instructions and 13 were removed due to a computer error, resulting in a final sample of 124. There were 99
females, 24 males, and one participant who did not wish to
provide a gender identification. Their mean age was 22.24
years (SD = 3.60). Participants were compensated with either
a $15 gift card or credit towards course requirements.

Figure 2: Procedure for gaze-following AST.
Operation Span Task In the Operation Span task (OSpan),
participants must remember a series of letters while solving
math equations (Unsworth et al., 2004). A to-be remembered
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letter is presented for 800 ms, followed by a math equation. Participants must identify if the solution provided for
the math equation is true or false before they can move on
to the next letter. Each block of trials randomly displays 3-7
to-be-remembered letters. At the end of the trial, participants
must identify the letters they saw in the order in which they
appeared using a 3x4 letter array (Figure 3). OSpan performance is assessed using the partial scoring method prescribed
by Conway et al. (2005). Two participants with less than 80%
accuracy on the math equation processing portion of the task
were removed. Participants completed 10 OSpan blocks.
Judge

Solve

Remember

Remember

800ms

Figure 3: OSpan task example trial, image not to scale.
Symmetry Span Task In the Symmetry Span (SSpan), participants are presented with a 4x4 grid with a randomly determined to-be-remembered red square. Next, participants must
judge if a shape is symmetrical along the vertical axis. Each
block of trials randomly displays 3-5 to-be-remembered red
boxes with symmetry judgments made between each presentation. At the end of the trial, participants must identify the location of all of the red squares they saw in the order in which
they appeared on a 4x4 grid (Figure 4). The partial scoring
method was used and one participant was removed for an accuracy rate below 80% on the symmetry judgments (Conway
et al., 2005). Participants completed 8 SSpan blocks.

650ms

Judge

Remember

Static Group
Traditional
Gaze-following
Dynamic Group
Traditional
Gaze-following

ACC (%)
59.27
87.67

SE
0.82
0.55

RT (ms)
756.15
661.83

SE
6.14
5.50

59.73
75.57

0.81
0.70

734.49
727.46

6.13
5.95

Recall

800ms

Remember

Table 1: Observed mean and standard error for accuracy
(ACC) and response times (RT) on the antisaccade tasks for
the static and dynamic gaze-following groups.

Recall

and the static AST, (2) the traditional and the dynamic AST,
and (3) the static and dynamic AST relative to their respective performance on the traditional task. The second model
compared accuracy rates using the same planned contrasts.
All models shared an initial random effects structure, with intercepts for participants that included random intercepts and
slopes for delay (the time between the fixation screen and attractor onset). If models did not converge, we simplified them
by removing terms from the random effect structure, starting with the higher order terms (see the recommendations of
Bates, Kliegl, Vasishth, and Baayen (2015)), until the most
complex model that converged was obtained. Table 1 shows
overall descriptives for performance on the gaze-following
(static and dynamic) and traditional AST and Table 2 provides a summary of model results
Response Time The overall response time model was significantly different from the null model with only random
effects (X 2 (2,10)=157.92, p<.001, R2 =0.24). Participants
displayed faster response times on the static AST than the
traditional AST (β=-0.05, SE=0.004, p<.001), but there
was no difference in response times between the dynamic
and traditional AST. Furthermore, participants in the static
gaze-following group displayed faster response times than
participants in the dynamic gaze-following group (β=0.06,
SE=0.006, p<.001).
Accuracy Rates The overall accuracy model was significantly different from the null model with only random effects (X 2 (2,9)=1063.9, p<.001, R2 =0.19). Accuracy rates
were higher in the static AST compared to the traditional AST
(B=1.69, SE=0.06, p<.001), and higher in the dynamic AST
compared to the traditional task (B=0.85, SE=0.05, p<.001).
Finally, the accuracy rates were higher on the static AST as
compared to the dynamic AST (B=0.82, SE=0.05, p<.001).

650ms

Remember

Figure 4: SSpan task example trial.

Results
Traditional and Gaze-cueing Antisaccade Tasks
AST difficulty was assessed using participants accuracy rates
and response time, such that lower accuracy rates and longer
response times indicate greater task difficulty (Heitz & Engle,
2007; Shipstead et al., 2015). Two linear mixed-effects models with planned contrasts were used to evaluate differences
in response times and accuracy rates between the three ASTs.
The first model evaluated response times using planned contrasts that allowed comparisons between: (1) the traditional

Solve

800ms

Working Memory and Gaze-cueing Antisaccade
Tasks
A composite working memory score (WM Span) was created by averaging the participants normalized scores on the
OSpan (M=34.51, SE=0.06) and SSpan (M=17.21, SE=0.03)
tasks (Conway et al., 2005). Linear mixed-effects models
were used to evaluate if WM Span predicted response times
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Judge

Response Times by Working Memory Scores

Accuracy Rates by Working Memory

Static Antisaccade Task

Dynamic Antisaccade Task

Figure 5: Response times and accuracy rates by WM Span score for the Static and Dynamic ASTs

Table 2: Results from mixed effects models
Response Time
Static x Traditional
Dynamic x Traditional
Static x Dynamic
Accuracy
Static x Traditional
Dynamic x Traditional
Static x Dynamic

β
-0.05
0.001
0.06
B
1.69
0.82
-0.86

SE
0.004
0.004
0.006
SE
0.06
0.05
0.08

t
-12.60
0.28
9.15
t
26.86
15.26
-10.46

p
<.001
0.78
<.001
p
<.001
<.001
<.001

on the (1) static and (2) dynamic AST. Both models shared
a random effects structure, with intercepts for participants
that included random intercepts and slopes for delay. WM
Span did not predict response times on the static AST; however it was a significant predictor of response times on the
dynamic AST (β=-63.12, SE=26.02, t(63)=-2.43, p=0.02),
such that higher working memory scores were associated
with faster response times (see Figure 5). Simple linear regression models were calculated to predict gaze-cueing AST
accuracy rates based on WM Span. WM Span failed to
predict performance on the static AST; however, it was a
significant predictor of accuracy rates on the dynamic AST
(B=0.06, SE=0.03, t(59)=3.14, p=0.002), such that higher
working memory scores were associated with greater accuracy (F(1,61)=9.88, p=.003, R2 =0.14) (see Figure 5).

Discussion
It has been well established that gaze cues elicit reflexive
bottom-up orienting; but, unlike traditional stimuli, orienting occurs even when gaze cues are centrally presented and
counter-predictive of a targets location (Friesen & Kingstone,
1998; Friesen et al., 2004). Thus, we hypothesized that the
gaze-following AST would be more difficult to perform than
the traditional task. We anticipated lower accuracy rates and

slower response times on the gaze-following AST than the
traditional AST, with performance being the lowest in the dynamic gaze-following AST. Our results were unexpected and
provide interesting insight into the complex nature of gaze
stimuli.
Contrary to our expectations, participants displayed faster
response times and higher accuracy rates in the static gazefollowing AST than the traditional AST. Additionally, working memory was unrelated to static AST performance. These
results suggest that the static gaze stimuli used in this study
likely elicited minimal bottom-up demands on attention control. On the other hand, the dynamic AST was more aligned
with our original predictions. Although accuracy rates were
higher in the dynamic AST task than the traditional task, there
was no difference in response time compared to the traditional AST. Furthermore, working memory span was related
to the dynamic AST such that individual with higher working memory spans responded faster and more accurately than
those with lower spans.
One interpretation of our results is that static, and to some
extent dynamic, gaze-cues of a real face do not tap into attentional capacities as strongly as traditional peripheral stimuli.
However, when limiting our evaluation of performance to just
gaze-cue types, the difference between static and dynamic
AST performance does reveal that increasing the complexity of gaze stimuli (from static to dynamic) requires greater
top-down control to override bottom-up facilitation.
The working memory results also provide some additional
insight into the utility of gaze-cueing for measuring attention control. Given individual differences in working memory ability have been shown to be highly related to attention
control performance (Unsworth et al., 2004), it is not too surprising that there was no relationship with the static eye-gaze
stimuli for this study. But as the stimuli being processed increases attentional demands, as with the dynamic gaze cues,
we would expect working memory ability to predict perfor-
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mance. Indeed, this was the case.

Future Directions
The current study addressed top-down control as both inhibiting a response and reorienting attention following bottom-up
attention capture.It is possible that the static AST was not a
strong enough bottom-up stimulus to tax working memory in
such a way to show a relationship to attention control. Static
cues may have only influenced AST performance via inhibition and wasn’t detected in our paradigm. For example,
Marino, Mirabella, Actis-Grosso, Bricolo, and Ricciardelli
(2015) found gaze cues are more difficult to inhibit than peripheral cues. Future researcher should evaluate if inhibition
or reorientation of attention pays a larger role in performance
on these tasks.
Similar to Risko et al. (2012) we advocate for the need to
systematically compare social stimuli that range in their approximation to real interaction. We also argue that it is critical to evaluate social stimuli within the framework of traditional theories and models of cognition. Although basic gazestimuli are thought to have a similar influence as stimuli used
in traditional peripheral attention control task, when systematically compared to traditional tasks, this assumption might
need further evaluation.
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Abstract

perhaps those who do not are just picky or have different
tastes.
But now consider a different example: you are reading a
scientific article about a particular topic for which there are
two competing theories. All scientists agree that one theory
(Theory A) is about 50% likely to be true. Alternatively,
50% of scientists think that the other theory (Theory B)
must be correct, and the other 50% of scientists think that it
(Theory B) could not possibly be correct. If you had to,
would you opt for high confidence (the latter) or high
consensus (the former)? More importantly: would you
make the same kind of decision in both the objective
scenario (choosing between two scientific theories) and the
subjective scenario (choosing between two books)?

People do not think in isolation. Whether purchasing a new
product on Amazon, deciding what movie to watch, or
evaluating scientific evidence, we often rely on aggregated
sources of information (e.g., product ratings or reviews) to
make decisions. Indeed, the internet has given rise to
unprecedented levels of aggregated information, to the extent
that it is difficult to imagine anything for which we might not
be able to find summary information. In other words, what
we know (or think we know) is constrained not just by our
own knowledge, but by the knowledge of our community
(Sloman & Rabb, 2016). Yet this raises a question: what
happens when a community of knowledge is not in
agreement? Here, we assess this question by pitting cases of
high confidence against cases of high consensus. Results from
two experiments show that 1) individuals are sensitive to both
confidence and consensus; 2) individuals utilize such
information in a predictable but context-dependent manner;
and 3) perceptions of confidence and consensus influence
judgments and decisions in a substantial way, even when
individuals are not aware of the contrast between them.
Taken together, the findings suggest that individuals are
highly sensitive to variability in aggregated information –
rather than merely an average – and that these ‘summary
statistics’ of aggregated information have a substantial,
reliable impact on decision-making.

Confidence versus consensus

Keywords: decision-making; reasoning; summary statistics;
confidence; consensus

Introduction
Imagine that you are interested in purchasing a new book.
Rather than selecting the book with the most enticing cover,
you might instead consult some online reviews. In
particular, you might rely on certain summary statistics in
the form of Likert-esque ratings. If the reviews are
consistently positive, then you would have no trouble
making a decision. But what if there is inconsistency?
Assume you have narrowed down your search to two books:
one of them has consistently mediocre reviews, while the
other has a mix of highly positive and highly negative
reviews. Which book would you choose? Under certain
conditions, at least, you might select the book with higher
variability in its ratings (Sun, 2012). This bias may occur
because people are more drawn to a positive experience than
they are averse to a negative one (e.g., see Dodds et al.,
2015). After all, nothing is stopping you from setting the
book down if you’re not enjoying it. Or perhaps people are
likely to discount highly negative ratings in the presence of
other positive ratings. If many people enjoy a product,

The present work explores confidence and consensus as two
‘summary statistics’ of aggregated information. Though
never contrasted in this way (to our knowledge), confidence
and consensus have been studied in other areas of research.
For example, prior work has identified how and why
individuals are overconfident in the first place (Dunning,
2012, Dunning et al., 2003; Mills & Keil, 2005), and how
assessments of confidence can influence courtroom
decisions (Sporer, et al., 1995; Wells et al., 1979) and
beyond (e.g. Estes & Hosseini, 1988; Park & Park, 2013;
Sniezek, 1992; West & Broniarczyk, 1998). Even children
make sophisticated inferences about the expertise of thirdparties based on their level of confidence (Kominsky,
Langthorne, & Keil, 2016), and understand that a lack of
consensus means something different in matters of taste
versus matters of fact (Wainryb et al., 2004).
In addition, classic studies of conformity reveal that
individuals consistently side with the majority when there is
consensus on a particular issue, even when that majority
appears to disagree with an obvious, objective truth (Asch,
1956). More recent work has shown that even young
children are sensitive to consensus information, with 3-yearolds reliably aligning themselves with the majority when
there is disagreement (Corriveau et al., 2009; Fusaro &
Harris, 2008; for a more nuanced view, see: Einav, 2018).
Additional work has shown that children do not only rely on
consensus, but that they may occasionally prefer, for
example, an expert opinion over a majority (Burdett et al.,
2016). This work demonstrates that consensus may not
always be the best cue to the quality of information. Thus,
the present work aims to understand the trade-off between
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Table 1: Example Objective Scenarios
Category

Vignette

Science

You have been selected to help choose between two new technologies which could be integral in helping to
send spacecraft to Mars.
Two teams of scientists have been independently working on a new means of jet propulsion. However, the
scientific community is uncertain: 100% of scientists believe that Option A has only a 50% probability of
being successful; whereas 50% of scientists think that Option B has a 100% chance of being successful and
the other 50% of scientists think that Option B has a 0% chance of being successful.

Health

You have been selected to help choose between investing in one of two new antibiotics which could help to
eradicate many ailments across the globe.
Two teams of biochemists have been independently working on two separate antibiotics. However, the expert
community is uncertain: 100% of experts believe that Option A has only a 50% probability of being
successful; whereas 50% of experts think that Option B has a 100% chance of being successful and the other
50% of experts think that Option B has a 0% chance of being successful.

Note: These are example scenarios for Experiment 1A only. Control experiments used variants of these vignettes.
consensus and another dimension we may use to assess
collective information: confidence.
For our purposes, confidence refers not to an internal state
of certainty or uncertainty, but rather to a projected certainty
or uncertainty regardless of any underlying mental state.
This distinction is critical in the present work, because we
are studying how people reason about confidence and
consensus as a third party interpreting summary
information. In the real world, when interpreting
information from a distance, we rarely have access to
mental state information. This is akin to studies of
consumer behavior (e.g., Park & Park, 2013; West &
Broniarczyk, 1998), where consensus has been contrasted
with polarity (which roughly maps on to our idea of
confidence).

Current Study
Adults (Spiller & Belogolova, 2016) and children (Wainryb
et al., 2004) differentiate between matters of taste and
matters of fact. Might this mean we also interpret collective
information in these two domains differently? Two sets of
experiments evaluated how individuals use confidence and
consensus to guide decisions in different contexts – namely,
those that involved matters of fact, and those that involved
matters of taste. In the first experiment, naïve participants
made a dichotomous choice in one of four, objective
scenarios (that is, scenarios for which there is ostensibly
some underlying truth; see Table 1). In each case,
participants were told to select one of two possible options:
a case of a high confidence or a case of high consensus. In a
follow-up experiment, participants made a similar
evaluation for subjective scenarios (that is, scenarios for
which there is no underlying truth; see Table 2). Here, too,
participants selected between options of high confidence
and high consensus. Finally, in a second set of studies, we

exposed participants to either a high confidence option or a
high consensus option, and asked them to rate the extent to
which they thought each option would be both factual and
enjoyable.
Here, we find evidence that people’s use of confidence
and consensus is highly context-dependent – such that
individuals reliably prefer confidence in matters of taste and
consensus in matters of fact. Furthermore, our studies show
not only that individuals are sensitive to the distinction
between confidence and consensus, but that it has a
substantial impact on subsequent decision-making.

Experiment 1A: Objective scenarios
Do individuals prefer confidence or consensus when forced
to choose between the two? We first assessed this question
in the most direct way possible: by exposing participants to
objective, scientific scenarios and asking them to evaluate
various debates.
Method
388 adult participants completed a survey online through
Amazon Mechanical Turk. 12 additional participants were
removed for failing an attention check. The sample size was
chosen based on independent pilot data. All participants
lived in the United States.
Participants were exposed to one of four scenarios and
asked to make a dichotomous choice regarding those
scenarios (randomly determined; see Table 1). In each
scenario, participants were asked to evaluate a debate. In
particular, they were told that experts were choosing
between two possible options: an option with high
consensus (but low confidence) and an option with high
confidence (but low consensus). All four scenarios involved
objective scientific scenarios for which there was
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Table 2: Example Subjective Scenarios
Category

Vignette

Book

Imagine that you are interested in purchasing a book, and you have to decide between one of two possible
options. Both of these books cost the same amount, are written by the same author, and are of the same genre.
100% of people have said that Option A is average. If asked to rate the book, people consistently rate it as
being 5 out of 10.
On the other hand, 50% of people think that Option B is exceptional, rating it to be a 10 out of 10. However,
the other 50% think that Option B is terrible, rating it to be a 0 out of 10.

Museum

Imagine that you are interested in visiting a museum, and you have to decide between one of two possible
options. Both of these museums are free to visit, have a similar number of exhibits, and a diverse range of
content.
100% of people have said that Option A is average. If asked to rate the museum, people consistently rate it as
being 5 out of 10.
On the other hand, 50% of people think that Option B is exceptional, rating it to be a 10 out of 10. However,
the other 50% think that Option B is terrible, rating it to be a 0 out of 10.

Note: These are the example scenarios for Experiment 1B only. Control experiments used variants of these vignettes. The
most critical variant of this experiment used exclusively probabilities rather than ratings, as in those in Table 1.
(ostensibly) a clear, measurable outcome. Diverse categories
ensured that any observed effects would be general in scope.
After reading the scenario, participants were told that ‘A
decision needs to be made quickly, and you must choose
one of the options. Which would you choose?’. They then
made their selection.
Participants were asked two questions about their general
level of expertise with each topic. They were asked 1) how
much they know about the topic and 2) how easy it would
be for them to learn about the topic if they had to. Because
level of expertise was unrelated to our findings (in this
experiment and subsequent experiments), these questions
are not mentioned in the results. Participants also provided
basic demographic information.

individuals’ tendency to rely on confidence or consensus
may be context-dependent.

Experiment 1B: Subjective scenarios
Consider the two different scenarios posed in the
introduction. In one case, you were asked to choose
between two scientific theories (much like our vignettes
from Experiment 1A). In another case, you had been asked
to imagine purchasing a new book. Would you also opt for
consensus in this case? Experiment 1B tested the hypothesis
that when reasoning about subjective decisions (like
choosing which book to read), individuals might instead
prefer confidence over consensus.

Method

Results and Discussion
Across all four scenarios, participants opted for high
consensus significantly more often than high confidence
(256 out of 388 selections; binomial test, p<.001).
Critically, this same pattern of results was independently
true for each of the four scenarios (science: p<.001;
humanitarian: p=.025; health: p<.001; business: p=.003; see
Figure 1A).
These results suggest that participants preferred
consensus over confidence. One noteworthy aspect of the
vignettes tested here is the presence of risk, some (health)
even concerning the loss of human life. Does risk alone
explain why participants opt for consensus in objective
scenarios? A series of control experiments which explicitly
manipulated and minimized risk ruled out this possibility
(though not included here, the results of those experiments
are qualitatively identical to those reported here).
But do individuals always prefer consensus over
confidence? Experiment 1B explores the possibility that

356 adult participants completed the survey online through
Amazon Mechanical Turk. 44 additional participants were
removed for failing an attention check. The sample size was
chosen to be identical to that of the prior experiment (before
exclusions). All participants lived in the United States.
All elements of the experimental design were identical to
those of Experiment 1A, except that participants were now
exposed to subjective scenarios (for which there is
ostensibly no underlying, verifiable truth; see Table 2). The
vignettes covered a diverse range of scenarios to ensure
generality of results. Unlike the previous experiments,
participants were given ratings of the choices rather than
probabilities, to make the scenarios more familiar to the
participants (who, like you, may frequently make choices
based on information in this sort of rating format).
However, we ran this exact experiment using both ratings
and probabilities (just like those used in Experiment 1A).
The results were qualitatively identical (and, for that matter,
quantitatively identical), no matter which scale we used.
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Figure 1. The proportion of ‘confidence’ (depicted in red) and ‘consensus’ (depicted in blue) choices for each
of the four categories tested in (a) Experiment 1A (objective scenarios) and (b) Experiment 1B (subjective
scenarios).

Results and Discussion

Method

Across all four scenarios, participants opted for high
confidence significantly more often than high consensus
(266 out of 356 selections; binomial test, p<.001). Note:
this is the opposite pattern from what we observed in
Experiments 1A and 1B. Critically, this same pattern of
results was independently true for each of the four scenarios
(book: p<.001; museum: p<.001; attraction: p=.007; movie:
p<.001; see Figure 1B).
Whereas individuals consistently preferred consensus
over confidence in objective scenarios, the opposite is true
for subjective scenarios. Indeed, this effect was present in
each of the four scenarios tested.
These scenarios differed from the previous scenarios in
two ways. First, as noted previously, we slightly modified
the response scheme. Rather than using probabilities to
differentiate between confidence and consensus, we used
ratings. Additionally, these scenarios carried virtually no
risk. Whereas a decision about a drug that could save
human lives carries obvious risk, selecting which book to
read carries virtually none.
Just as with the prior
experiment, we ran a series of supplemental experiments to
address each of these possibilities. Neither of these factors
altered the tendency to prefer confidence in matters of taste:
the results were qualitatively the same as those reported
here.

174 adult participants completed the survey online through
Amazon Mechanical Turk. 26 additional participants were
removed for failing an attention check. The sample size was
chosen based on the prior studies (each prior experiment had
100 participants/condition, but here there are only two
conditions). All participants lived in the United States.
Participants were told that they were going to be asked
some questions about a textbook. They could be in one of
two conditions. Either they were told that experts exhibited
high confidence but low consensus (i.e. “half of them think
the book is exceptional… however, the other half think that
it is terrible”), or vice versa (i.e. “virtually all of them rated
the book to be average”). They then evaluated the book’s
potential enjoyability and factualness on a Likert scale.

Experiment 2: Between-subjects
The two prior experiments pit confidence and consensus
against one another by forcing participants to make a
dichotomous choice. While the dissociation between
confidence and consensus is striking, it is somewhat
artificial and may not capture natural intuitions: how often
do we choose between such clearly contrasted options in the
real world? To address this concern, we exposed individual
subjects to either a high confidence or a high consensus
option (in the form of product ratings for a textbook). We
then asked them to rate how enjoyable and how factual they
thought the book would be.

Results and Discussion
Results from this experiment are depicted in Figure 2. As is
evident from the figure, participants in the high confidence
condition rated the potential enjoyability of the textbook to
be higher than did participants in the high consensus group,
t(172)=4.84, p<.001, d=.73. Conversely, participants in the
high consensus condition rated the factualness of the
textbook to be higher than did participants in the high
confidence group, t(172)=2.10, p=.037, d=.32.
Overall, these results replicate the results of the previous
experiments, but in a very different context. Here, subjects
were exposed to confidence and consensus options
independently, meaning that they were unaware of the
alternative. Nevertheless, participants still rated the high
confidence option as more enjoyable and the high consensus
option as more factual – mapping on to the object/subjective
distinction we explicitly manipulated between Experiments
1A and 1B. This result converges with the prior results
because a) it demonstrates a dissociation between
confidence and consensus and b) it shows that this
dissociation differentially impacts objective and subjective
measures.
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Figure 2. The mean ‘enjoyability’ and ‘factualness’ scores for each condition tested in Experiment 2.
Error bars represents +/- 1 SE.
The between-subjects design of this experiment rules out
the possibility that the prior results are due to some subtle,
artificial feature of the contrast we created, while also ruling
out the possibility that participants differentiate between
confidence and consensus only when they are aware of the
contrast. Indeed, the level of polarity in the information –
even in such a minimalistic scenario – had a substantial
impact on subsequent decisions. These patterns have clear
implications for factors influencing an individual’s
willingness to purchase a product, to decide which
restaurant to visit, or to adopt a perspective on a contentious
topic.

General Discussion
The present work has shown that individuals use confidence
and consensus information in a predictable but contextdependent manner. Specifically, individuals prefer
consensus over confidence in objective scenarios
(Experiment 1A), but confidence over consensus in
subjective scenarios (Experiment 1B). A separate set of
experiments revealed how the confidence/consensus
distinction influences behavior in a substantial way even
when individuals are unaware of the alternative
(Experiment 2).
Confidence and consensus in the real world
Consider again how often you consult reviews on Amazon
or Yelp, or read a paper that summarizes two opposing
perspectives, or offer your opinion on a highly politicized
matter. In all of these cases, both explicitly and implicitly,
you are making inferences about the patterns of confidence
and consensus across your information sources. If a
scientific theory (in an unfamiliar domain) is highly
contentious, perhaps you would be reluctant to believe
strongly in either perspective. However, if a book has
highly variable reviews, perhaps you would still be willing
to give the book a chance. What explains this dissociation?
Though we did not formally code our participants’
explanations, we did ask them why they made the decisions

that they did. In the objective scenarios, people seemed
confused by how the scientific community could be so
divided over something that presumably relied on some
objective truth. So, they opted for consensus. In the
subjective scenarios, by contrast, individuals seemed to
discount the extremely negative information in the
confidence cases. They would say things like ‘Someone
enjoyed it, so those who don’t must just be especially
picky’. Perhaps when we feel qualified to have our own
opinions, it is easier for us to discount extreme opinions.
When we are less sure, however – because we know that
there must be an objectively correct answer – we like to rely
on the consensus of the group.
In part, these findings help to explain – and possibly
predict – behavior in the real world. If nothing else, this
works demonstrates that individuals making decisions are
sensitive to far more than the average opinion. Indeed,
individuals are highly sensitive to the level of variability in
opinions – and this sensitivity might well influence an
individual’s decision to make a purchase, choose a
destination, or form an opinion for themselves.
These findings may also inform how we ought to
approach contentious topics. Consider the particularly
(albeit mysteriously) divisive issue of climate change: that
faced with overwhelming disagreement, individuals become
only more certain of their own opinions. In other words,
climate change seems like a clear example of the confidence
effect documented here – despite the fact that there is some
underlying truth. Perhaps this tells us something about how
some people perceive the debate in the first place: not as a
matter of science, but as a matter of personal judgment.
Indeed, the issue is sometimes presented as one with two
distinct positions (as opposed to one based on some
objective truth, known or not; see, e.g., Harvey et al., 2017).
Moreover, these results reveal how context influences the
processing of collective information. Though previous work
has examined highlighted the distinction between matters of
fact and matters of taste (e.g., Spiller & Belogolova), little is
known about how people make sense of the information
they receive in each of these domains. The present work
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reveals a clear dissociation between confidence/consensus
and matters of taste/matters of fact. Future work may be
benefit from further unpacking the exact cause of this
dissociation.
In sum, confidence and consensus are two critical
summary statistics used to evaluate aggregated information.
Individuals reliably prefer confidence in matters of taste and
consensus in matters of fact. But beyond simply choosing
between
confidence
and
consensus,
individuals
spontaneously use confidence levels as a cue: the distinction
between confidence and consensus matters, even when no
explicit contrast is made between them. Combined, these
heuristics help explain how we make decisions while
immersed in communities of knowledge that do not always
know the answer, or may sometimes disagree.
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Abstract
Despite its omnipresence in this information-laden
society, statistics is hard. The present study explored the
applicability of a grounded cognition approach to learning
basic statistical concepts. Participants in 2 experiments
interacted with perceptually rich computer simulations
designed to foster understanding of the relations between
fundamental statistical concepts and to promote the ability
to reason with statistics. During training, participants were
asked to estimate the probability of two samples coming
from the same population, with sample size, variability, and
difference between means independently manipulated. The
amount of learning during training was measured by the
difference between participants’ confidence judgments and
those of an Ideal Observer. The amount of transfer was
assessed by the increase in accuracy from a pretest to a
posttest. Learning and transfer were observed when tailored
guidance was given along with the perceptually salient
properties. Implications of our quantitative measures of
human sensitivity to statistical concepts were discussed.
Keywords: grounded cognition; statistical inferences;
statistics education; variability; sample size; mean

Introduction
In this information-laden society, the ability to reason with
statistical ideas and make sense of statistical information,
has become increasingly crucial and desirable. Thanks to the
Internet, statistical information is now everywhere and
easily accessible. In many work-related and everyday
contexts, statistical literacy is no longer optional since it
facilitates basic communication. For example, picking a
product on Amazon usually involves a comparison between
multiple alternatives varying on different statistical
dimensions, such as average ratings, total number of
reviews, and underlying review distribution. Thus, statistics
is no longer a language that only statisticians and scientists
speak and understand, nor does it exist merely in some
academic domains that care about statistical significance.
The omnipresence of data makes statistical literacy a
necessity that helps individuals not only confidently
navigate in a sea of numbers, but understand social and
natural phenomena more accurately.
Despite its generally acknowledge importance and the
great effort made to promote statistics education, statistics is
hard to learn. Compounding the difficulty is the prevalence
of statistics anxiety (e.g., Zeidner, 1991). On the bright side,
technological enhancements enable new ways of presenting
materials otherwise not feasible. One of the most common

implementations is to create perceptually rich stimuli
instantiating various types of interactions that students can
draw upon when learning new concepts. This focus
exemplifies a grounded approach to learning (Black, 2010).
Taken together, we are interested in whether and how
perceptually grounded interaction can foster statistical
reasoning. This question, to our best knowledge, has not
been explicitly documented. In the following paper, we
discuss common difficulties and misconceptions regarding
statistical reasoning. We then present existing efforts on
applying a grounded approach to learning. Finally, we
introduce the computer simulation we developed to explore
how grounding can be applied to bolster statistical reasoning.

Difficulties in Statistical Reasoning
The definition of statistical reasoning takes many forms, but
generally, it refers to the way people reason with statistical
ideas and make sense of statistical information (Garfield &
Gal, 1999). One of the most robust phenomena in statistics
education is that while students can successfully implement
procedures for computing statistics, they have trouble
applying essentially the same statistics in applications
assessing their conceptual understanding (Gardner &
Hudson, 1999). This gap between conceptual and procedural
understanding is interpreted by some researchers as due to
an overemphasis on calculating aggregated values and
plotting graphs for sample data (e.g., Sorto, 2006). In other
words, statistics to many students are still only about
describing the properties of a given data set, but not
generalizing beyond the specific data set to infer what future
data sets would be likely or unlikely. Moreover, successful
statistical reasoning requires an integrated understanding of
fundamental statistical concepts, which unfortunately many
learners lack. An inaccurate or incomplete understanding of
basic statistical concepts interferes with proper reasoning,
such as sampling (e.g., Watson, 2004), variation (e.g., Cobb,
McClain, & Gravemeijer, 2003). Lastly, statistical reasoning
always involves reasoning with uncertainty whose difficulty
has been widely cataloged (Tversky & Kahneman, 1974).
Hence, it is unsurprising to see lasting difficulties in making
sense of diverse statistical phenomena.

A Grounded Cognition Perspective on Education
Dewey states (1986), “There is an intimate and necessary
relation between the process of actual experience and
education.” This assertion echoes the gist of a grounded
cognition perspective, an idea that environment and bodily
experiences are of great importance to the development of
cognitive processes (e.g., Barsalou, 1999). Therefore, many
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attempted have been made to develop perceptually-rich
manipulatives as an aid to scaffold students’ conceptual
learning. Research in this line has suggested three steps
involved in a grounded cognition approach to learning: a)
have a perceptually grounded experience, b) learn to
imagine the perceptually grounded experience, and c)
imagine the experience when learning from symbolic
materials (Black, 2010). Successful attempts to apply a
grounded approach to education have been documented in a
wide variety of fields, such as mathematics (Suh, Moyer, &
Heo, 2005) and physics (Zacharia, 2007). The common goal
of these applications is to help learners develop a “feel” for
what they are learning (Black, 2010)

Present Study
In the current work, we advocate a token representation in
which each individual datum’s measurement is shown by an
intuitive visualization in the same visual dimension. For
example, the height of a manufactured object is indicated by
its height on the screen. So far the closest design to our
proposal of token representation might be the Reese’s
Pieces Samples applet in the Rossman/Chance Applet
Collection (Rossman & Chance, 2004) in which circles are
colored in different shades of yellow that resemble actual
Reese’s pieces, but this coloration is simply used to separate
targeted pieces from non-targeted pieces with no intention
to suggest variation among samples. Because observers can
quickly and accurately compute ensemble statistics about a
display (e.g., Alvarez & Oliva, 2008). Thus, there is good
reason to believe that learners are capable of visually
aggregating tokens to compute aggregated values of interest.
Moreover, immediate feedback is included in our
manipulative because repeatedly producing credible data
that is inconsistent with a learner’s current understanding
can support reflective change of the underlying
misconception (e.g., Chin & Brewer, 1993). The use of
token representation also allows us to investigate how
perceptual scaffolds with special and generic features
influence the effectiveness of perceptual grounding, and
how they affect transfer of learning (if applicable). Not all
physical properties are created equal. Neuropsychological
studies have supported location’s uniqueness. The location
property is processed independently from other properties
on other dimensions (Humphreys,1981).

Experiment 1
Experiment 1 had two goals: on the one hand, on the one
hand, we were interested in identifying and confirming
some common misconceptions that college students have
regarding statistical inference; on the other hand, we would
like to get insights for developing a grounded simulation of
population sampling to tackle these misconceptions.
Participants We recruited 141 undergraduates at Indiana
University, Bloomington in exchange for course credit.
Stimuli The experiment included three parts: pretest,
training, and posttest. Both pretest and posttest probed the

relations between standard deviation, mean, and sample size
and their effects on confidence judgements. The test pool
contained 12 three or four-option multiple choice questions.
Each test had six randomly chosen questions. The pretest
was used to assess students’ statistical reasoning prior to
interacting with simulations and the posttest was used to
detect any changes in their statistical reasoning. It was a
mixed design with conditions (color and location, discussed
below) being a between-subject variable and factor levels
being within-subject variables.
Cover stories. Our cover stories took place in a factory
where two machines produce products (widgets or balls)
under one of the three distinctive settings (i.e., different
levels of means) on any given day, but their settings change
from trial to trial. On some days the two machines had the
same settings whereas on other days they did not. Products’
consistency depended on which operator was in charge,
sometimes with little variation of the products, sometimes
moderate variation, and other times large variation (i.e.,
different levels of variability). After each day, different
sized samples of products were presented to the examiner
(i.e., learner) to estimate the probability that the two
machines were set to the same setting on that day. The cover
story was explicit that there were three levels for each of
three variables: means, standard deviation, and sample size.
To avoid any misleading interpretations, we limited the use
of numerical information and standard statistical language.
Two cover stories for two underlying visual appearances,
color and location, were created with the same gist.
Visuals. We picked two easily recognizable visual
properties: color and location. For each visual dimension,
the mean, variance, and sample sizes could be visually
determined without any numerical information being
required. A color condition (Figure 1 upper panel) featured
green circle widgets at three distinctive average lightness
levels in an RGB color space: (0, 100, 0), (0, 120, 0), and (0,
140, 0) (greater G values produce lighter greens). Because
the greenness level was the average value of a population, G
values of individual widgets were deviated from the mean
by an amount specified by the standard deviation (19, 38,
64). Sample size was represented by the number of widgets
shown. A location condition (Figure 1 bottom panel) was
identical to the color location except that we used bouncing
ball heights as our tokens. We used bouncing heights (the
highest point a bouncing ball reaches after it hits the floor)
to convey location information.

Figure 1. Two examples of a sample trial with left mean = 100,
right mean = 140, sample size = 20, and standard deviation = 19.
Upper panel (a sample color trial): on average, the left side
widget’s shade of green (100) is darker than the right-side widget’s
shade of green (140). Bottom panel (a sample location trial): on
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average, the left side balls’ bouncing height (100) was lower than
the right-side balls’ bouncing height (140).

Feedback. Trial by trial feedback included three parts: The
first part was how close a learner’s guess (𝑃𝑔𝑢𝑒𝑠𝑠 ) was to the
Ideal Observer’s ( 𝑃𝑎𝑐𝑡𝑢𝑎𝑙 ), along with how many points
were
earned
𝑋𝑒𝑎𝑟𝑛𝑒𝑑 = 100 − |𝑃𝑎𝑐𝑡𝑢𝑎𝑙 × 100 −
𝑃𝑔𝑢𝑒𝑠𝑠 × 100|. The Ideal Observer was a Bayesian model
created under the assumption that it always behaved
rationally and gave perfect probability estimates. Its
confidence judgements were made with the same
information made available to participants. 𝑃𝑎𝑐𝑡𝑢𝑎𝑙 was
calculated by Markov Chain Monte Carlo sampling. Hence,
the closer a learner’s guess was to that of the Ideal
Observer, the more points were earned. The second part was
a facial expression. This face initially seemed to be
anticipating a response, and would then present various
levels of happiness depending on how close a guess was
(the closer the happier, see Figure 2). The final part was the
information of underlying settings, including level of
means, standard deviation, sample size (in plain language
matching the cover story), and a larger collection of objects
produced under each setting. The feedback was designed to
encourage participants to attempt to adjust their guesses to
maximize their performance.

Procedure Participants first completed six multiple choice
questions in the pretest with feedback on overall accuracy
upon completion, followed by a cover story as well as
tutorial matching the condition they were randomly assigned
into. They were then instructed to press the “Step 1 Draw
Samples” button to draw two separate samples from behind
a curtain (contained within gray rectangles) and to move a
slider to indicate their probability judgment (Step 2). Step 3
(submit guess) and Step 4 (reveal setting information) were
designed to provide feedback. Participants then pressed
“Step 5 Next Game” to start a new trial, repeating the same
five steps for 144 times. On each trial, their guess, the Ideal
Observer’s estimate, and points earned were recorded.
Figure 3 shows a complete feedback page in a color
condition (the location condition was similar). Upon
completing the 144th trial, participants were given their total
score out of the maximum possible score 14400. They then
completed a posttest containing the six remaining questions
from the question pool. Questions were randomized and
overall accuracy was given after completion.

Figure 2. Facial expression gradient as a function of how close a

participant’s guess was to the Ideal Observer’s estimate.

Training session. The training session had 144 trials, with
each trial asking participants to judge the probability that the
two machines were given the same setting based on selfdrawn samples (statistical inference). The probability was
translated into confidence (in terms of the two settings being
the same or different, not in terms of accuracy in their
judgment). Confidence estimates ranged from 0%
(definitely different) to 100% (definitely same), with 50%
indicating complete uncertainty (increments of 1%). The
samples were manipulated in a 3 (difference between
means) × 3 (standard deviations) × 3 (sample sizes)
repeated measure design. Each factor ranged across three
levels featuring low, medium, and high values: difference
between means (0, 20, 40), standard deviation (19, 38, 64),
and sample size (5,10,20). Each token was normally
distributed with a mean of one of the mean levels, and a
standard deviation of one of the standard deviation levels.
To make judgments simpler, on any given trial, standard
deviation and sample size were the same between two
samples while means may or may not differ. Although the
ground truth was not knowable by either the learners or the
Ideal Observer, we had half same and half different trials.
The numbers of trials with each level of sample size and
standard deviation were equalized accordingly.

Figure 3. Experiment 1’s complete feedback page (a color condition).

Results & Discussions
We calculated a correlation for each participant’s guesses
and the Ideal Observer’ estimates during the training session.
Those whose correlations were two standard deviations
below the mean were excluded (N = 1). Hence, 140
participants were included in the following analysis
(𝑁𝑐𝑜𝑙𝑜𝑟 = 69, 𝑁𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛 = 71).
Difficulties & Misconceptions. Analyses of accuracy with
respect to the Ideal Observer and sensitivity to standard
deviation, sample size, and difference between means were
conducted to reveal the influence of sample factors on
participants’ statistical reasoning.
Accuracy analysis. Answers were transformed to reflect
confidence along the direction of the ground truth. Because
the slider incremented from 0% - 100% in the direction of
sameness and decremented from 100% - 0% in the direction
of difference, values on a same trial were kept as they were
and value on a different trial were flipped on the 100-point
scale. For example, an answer of a 60% was coded as 60 on
a same trial and coded as 40 (100-60) on a different trial.
As demonstrated in Figure 4, the Ideal Observer’s estimates
differed significantly from one level to another of a factor,
so did the averages of participants’ guesses, ps < .001
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except that their judgments barely changed from a medium
to a large sample size, p = .18. Sample factors revealed a
similar pattern: participants were consistently more
conservative than the Ideal Observer.

sample size. Despite being most sensitive to difference
between means, the participants (M = -.33, SD = .27) were
not nearly as influenced by this factor as was the Ideal
Observer (M = -1.16), t(419) = 63.73, p < .001.

Figure 4. Aggregated participants’ guesses and ideal estimates.
Error bars represent one standard error of the mean.

Figure 5. The Ideal Observer and the participants’ sensitivity to
sample factors. Difference between means was plotted against
original estimates while standard deviation and sample size were
plotted against deviation from 50%. Error bars represent one
standard error of the mean.

Sensitivity analysis. Sensitivity was measured by how
steeply estimates changed as the level of sample factors
changed. For difference between means, we used original
estimates. For sample size and standard deviation, we
measured estimates’ deviations from 50%. Because 50%
indicates complete uncertainty, greater deviations regardless
of the direction from 50% suggest greater confidence. This
is important, because factors like increasing sample size
should increase confidence in an answer, but the specific
direction depends on whether the means are truly different.
A zero (large) difference between means is typically
associated with a higher probability of sameness
(difference). Thus, we used original responses to measure
while and a large difference between means are typically
associated with greater confidence.
As suggested by Figure 5, for each sample factor,
interactions between levels of factors and estimators were
observed, ps < .001. Indeed, the Ideal Observer responded
to changes in factors more steeply than participants. We
used the steepness of change as an approximation of
sensitivity. Hence, we interpreted these significant
interactions as suggesting that participants were less
sensitive than the Ideal Observer with respect to changes in
standard deviation, sample size, and difference between
means. A ratio (R) of participants’ sensitivity to the Ideal
Observer’s sensitivity was calculated for each sample factor
to compare relative influence of each factor assuming that
the Ideal Observer reacted perfectly rational to changes in
statistical information embedded in the token representation.
R = 1 implied that participants were influenced by a sample
factor as was the ideal Observer. R > 1 implied over
sensitivity (giving too much weight to a factor) and R < 1
implied under sensitivity (giving too little weight to a
factor). A one-way analysis of variance (ANOVA) revealed
a significant difference between three ratios, F(2,417) =
25.41, p < .001. Specifically, participants gave significantly
more consideration to difference between means (M = .28,
SD = .23) than standard deviation (M = .14, SD = .20),
t(278) = 5.32, p < .001 and sample size (M = .09, SD = .25),
t(278) = 6.54, p < .001. Standard deviation had a marginally
greater impact on participants than sample size, t(278) =
1.87, p = .063. Thus, as demonstrated in Figure 5, it is clear
that participants were influenced by difference between
means the most, followed by standard deviation, and then

Learning & Transfer. Learning was measured by the
correlation between the number of trials completed and the
absolute difference between the Idea Observer’s estimates
and the participants’ guesses. Intuitively, if learning
occurred during the perceptual training, the difference
should decrease as the number of trials increased. No
learning was observed, r(142) = .056, p = .51. Given that the
scenarios in the posttest questions were only distantly
related to the factory-based stories we used in training, we
treated posttest performance as a measure of far transfer. No
transfer was observed, t(139) = 1.08, p = .28.
The findings of Experiment 1 suggested that participants
had difficulty reacting in the mathematically warranted way
to varying levels of sample size, standard deviation, and
difference between means. They were not influenced by any
of these factors as was the Ideal Observer. Specifically, the
participants gave the most weight to difference between
means, less weight to standard deviation, and very little
weight to sample size.
More surprisingly, no learning was observed despite 144
repetitions and immediate, trial-by-trial feedback. The
participants were told that the relevant settings information
should be important for their judgments and encouraged to
explore how difference between means, standard deviation,
and sample size affected ideal estimates. Thus, we speculate
that the absence of learning was due to no explicit
instructions were given as to how participants should
integrate numerical information in the feedback to adjust
their responses. Hence, our findings suggest that explicit
descriptions of how learners’ estimates deviated from the
ideal estimates in accord with each of the three factors
should be given, especially at the initial stage of learning
when participants did not yet have “internal” guidance.

Experiment 2
Experiment 1 revealed that presenting relevant information
without explicit guidance of how to use them in probability
judgments was of little to no use to inducing learning. Thus,
in Experiment 2, we provided tailored instead of generic
feedback. Moreover, different levels of standard deviation,
sample size, and difference between means were used to
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make more clear-cut trials near 0% and 100% judgments.
There were also some aesthetic modifications to avoid
encouraging mistakes due to interface layout. The main goal
of Experiment 2 was to examine whether explicit guidance
of how to use perceptually salient cues could bridge the gap
between perceptually grounded experience and learning, and
perhaps even transfer.
Participants We recruited 239 undergraduates at Indiana
University, Bloomington in exchange for course credit.
Stimuli. The design of Experiment 2 was identical to that of
Experiment 1 with a few modifications to feedback: a) an
ideal estimate was mapped onto an identical slider
immediately below the participants’ slider, in the hope of
letting participants visually see how far their answers were
away from the Ideal Observer’s; b) sliders were centered to
avoid the tendency to always move the thumb to the center
of screen, an act which would lead to higher probabilities of
sameness (we had many flipped answers in Experiment 1);
c) increased differences between each factor level: mean
(100, 125, 150; thus difference between means: 0, 20, 50),
standard deviation (20, 36, 54), and sample size (4, 9, 20);
d) tailored feedback was given to show how the Ideal
Observer reached its estimates (discussed below).
Tailored feedback. Regardless of the direction from 50%
(complete uncertainty), no justification was given when the
deviation between a participant’s guess and the ideal
estimate was smaller than 15% (𝑃difference < 15%). When
𝑃difference > 15% and judgments were in the opposite
directions, difference between means was highlighted to
reveal the wrong judgment of which type was more likely.
When the directions were the same (both below or above
50%) and 𝑃difference > 15% , in an Ideal-Observer-moreconfident-same (different) case, a larger sample size, a
smaller (larger) standard deviation, and a more extreme
difference between the two means were highlighted
whenever applicable. Likewise, in an Ideal-Observer-lessconfident-same (different) case, a smaller sample size, a
larger (smaller) standard deviation, and a more moderate
difference between the two means were highlighted
whenever applicable (see Figure 6).

Figure 6. Experiment 2’s complete feedback page (color condition).
The location condition had an identical layout.

Results & Discussions

We applied the same exclusion criteria used in experiment 1
and included 218 participants for the following analysis
(𝑁𝑐𝑜𝑙𝑜𝑟 = 113, 𝑁𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛 = 105).
Accuracy analysis. Similar to Experiment 1, we flipped
estimates by 100 – estimates when the ground truth was
different. Again, participants were consistently more
conservative than the Ideal Observer across difference
between means, sample size, and standard deviation.
Sensitivity analysis. Identical to Experiment 1’s analysis,
we conducted a sensitivity analysis for Experiment 2 by
analyzing relative steepness of changes in responses.
Interactions between factor levels and the estimator were
observed at each factor, ps < .001. A one-way ANOVA
revealed a significant difference between sensitivity to three
sample factors, F(2,651) = 64.18, p < .001. As demonstrated
in Figure 7, the pattern was identical to that in Experiment
1: participants were influenced by difference between means
the most (M = .56, SD = .21), followed by standard
deviation (M = .35, SD = .29), t(434) = 8.42, p < .001, and
sample size (M = .26, SD = .33), t(434) = 38.79, p < .001.
They were also more influenced by standard deviation than
sample size, t(434) = 3.17, p = .0016.

Figure 7. The Ideal Observer and the participants’ sensitivity to
sample factors. Difference between means was plotted against
original estimates while standard deviation and sample size were
plotted against deviations from 50%. Error bars represent one
standard error of the mean.

Learning & Transfer. Learning was observed as there was
a significant correlation between the absolute deviation
between participants’ guesses and ideal estimates and
number of trials, r(142) = -.18, p = .029 (see Figure 8a).
This effect was not simply due to repetition because
participants in Experiment 1 went through the exact same
procedures without revealing any signs of learning. Transfer
of learning was also revealed by a paired sample t-test, with
higher posttest accuracy (M = .58, SD = .24) than pretest
accuracy (M = .61, SD = .25), t(217) = -2.18, p = 0.030
(Figure 8b). The correlation between learning during
training and transfer of learning, however, was only
marginally significant, r(216) = .12, p = .068. Thus, there
was some suggestion that participants who established a
perceptual grounding of fundamental statistical concepts
during training did not necessarily develop the ability to
apply that new gain to contextually dissimilar but
structurally similar problems.
Overall, the findings of Experiment 2 showed that with
tailored feedback, participants in Experiment 2 showed both
significant learning and transfer of learning. This suggests
the importance of analytic feedback that specifies not just
how good a response was, but what factors were probably
not influencing judgments sufficiently. Meanwhile, the two
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types of improvement seems to indicate that statistical
reasoning is not just one thing. While most people think the
kind of quantitative and immediate feedback we gave in
Experiment 1 is more common, and is perhaps the gold
standard, the type of relatively unusual feedback we use in
Experiment 2 is applicable to many educationally relevant
interventions.

Figure 8a. Learning: Correlation between the nth trial and the absolute
difference between the Ideal Observer’s estimates and the participants’
guesses. Figure 8b. Transfer: Error bars represent one standard error
of the mean.

General Discussion & Conclusion
The central goal of the present study was to assess the
applicability of a grounded cognition approach to learning
the relations between basic statistical concepts. Across two
experiments, we found that tailored guidance along with
perceptually salient properties has the potential to induce
both learning (during training) and transfer of learning.
Psychometrically, the present study proposes a new
paradigm to quantitatively measure people’s sensitivity to
three factors underlying statistical inference (difference
between means, variance, and sample size). Our task is
promising because it 1) allows us to compare learners’
relative sensitivity to these three factors so as to make
quantitative claims about how much each factor is
influencing their judgments, 2) allows us to compare these
influences to an Ideal Observer that makes optimal use of
the information in a display, 3) allows us to quantitatively
measure improvements in the use of these factors over
training, 4) allows us to give learners quantitative and
objective feedback on their task performance, and 5) gives
us a method for quantitatively assessing performance on a
statistical inference task that is potentially independent
from, but possibly correlated with, other explicit measures
of statistical reasoning. This last feature allows us to
empirically determine if implicit and explicit measures of
statistical reasoning are tapping into the same knowledge.
Experiment 2 produces two kinds of improvement: a)
training improvement from beginning to the end and b)
improvement from pretest to posttest, but they are not
correlated. This suggests that reasoning with statistics is not
just one thing. An improved ability to reason with
variability, sample size, and difference between means is
manifested in both a quantitative and a qualitative way. A
quantitative understanding is through improved numerical
integration. Some people improve their ability to integrate
variability, sample size, and difference between means, and
hence improve during training. They learn how to give more
appropriate consideration to the relative weight of each
factor. A qualitative understanding, on the other hand, is

manifested through transfer of learning from a pretest to a
posttest. These people pay attention to the detailed, analytic
feedback and they do better on posttest (Experiment 1 does
not have this kind of feedback). Compared to numerical
judgments during training, pretest and posttest questions are
more concerned with (at a descriptive level) how changing
variability, sample size, or difference between means affects
confidence respectively. Hence, learners who demonstrate a
qualitative understanding learn directionally how important
each factor is in statistical reasoning. More importantly, as
suggested by the lack of correlation between the two
improvements, they do not occur in an all-or-none fashion.
Specifically, integrating statistical information is different
from just being able explicitly state if and how sample size,
variability, and difference between means should affect
judgments.
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Abstract
We investigated whether, and in what, ways people use visual
structures to evaluate mathematical expressions. We also
explored the relationship between strategy use and other
common measures in mathematics education. Participants
organized long sum/products when visual structure was
available in algebraic expressions. Two experiments showed a
similar pattern: One group of participants primarily calculated
from left to right, or combined identical numbers together. A
second group calculated adjacent pairs. A third group tended
to group terms which either produced easy sums (e.g., 6+4),
or participated in a global structure. These different strategies
were associated with different levels of success on the task,
and, in Experiment 2, with differential math anxiety and
mathematical skill. Specifically, problem solvers with lower
math anxiety and higher math ability tend to group by chunks
and easy calculation. These results identify an important role
for the perception of coherent structure and pattern
identification in mathematical reasoning.
Keywords: numerical cognition; mathematical cognition;
cognitive psychology; educational psychology

Introduction
Consider the arithmetic expression 1 + 2 + 3 + 4 + 1 + 2 + 3
+ 4 + 1 + 2 + 3 + 4. What strategy would you use to
calculate this sum (without a calculator)? Do you prefer to
simply add the addends from left to right? Do you find this
one-size-fits-all approach (assuming compliance with the
order of precedence) less mathematically satisfying because
of the visual structure in this expression? Does the repeated
number value catch your attention and encourage you to do
1×3+2×3+3×3+4×3=3+6+9+12=30? Or, alternatively, are
you more sensitive to the three groups of 1+2+3+4 and
decide to parse the expression according to these groups,
eventually calculating 3×(1+2+3+4). Because they can all
lead to a correct answer, there is no right or wrong solution.
Theoretically, the number of possible solutions for an
arithmetic expression can be infinite (e.g., reorganizing a
sequence in a self-preferred way), but some of them appear
more sensible and common than others depending on the
problem structure. For example, grouping same numbers is
not applicable to expressions without repeated numbers.
Nevertheless, many mathematical representations contain
internal coherent structure, and that structure may be an
important determiner of how mathematical reasoners do in
fact choose to solve problems.
A Tale of Two Explanations
At the surface level, the strategy applied to evaluate an
algebraic expression may seem secondary to the answer’s
accuracy. In school, students doing arithmetic worksheets

are often graded based on their answers but not intermediate
steps of their strategies. Oftentimes, teachers and students
only go back to the solution when the calculation is wrong,
hoping to find out where the mistake is. However,
intuitively, many people, including us, do not think all
solutions are created equal. Indeed, multiple “easy and
quick” routes (aka shortcuts) have been proposed (e.g.,
Asimov, 1964). Rearranging an expression so that items can
cancel each other out or make multiples of 10 feels clever,
efficient, and insightful (Benjamin & Shermer, 2006). This
is especially the case when the alternative strategy
substantially reduces computation cost. These alternatives
are usually cognitively driven. Despite different shortcuts, a
common motivation is to reduce intrinsic cognitive load by
grouping interacting elements into chunks (Sweller &
Chandler, 1994; Paas et al., 2003).
Take the expression we started with as an example:
1+ 2 + 3 + 4 + 1 + 2 + 3 + 4 + 1 + 2 + 3 + 4, one solution
path is to realize that (1+ 2 + 3 + 4) + (1 + 2 + 3 + 4) + (1 +
2 + 3 + 4) = 3 × (1+ 2 + 3 + 4) = 3 × 10 = 30. There are at
least two ways to explain the rationale behind this — one is
more cognitively inspired while the other one is more
perceptually inspired. First, the solution exemplifies a
specific mathematical trick – making multiples of 10. We
imagine an individual looking at the problem with the hope
of finding some numbers that add up to 10. Because 1+ 2 +
3 + 4 = 10, that individual chooses to segment the
expression into three groups of 1 + 2 + 3 + 4. This solution
would apply equally well to a problem such as 1 + 2 + 3 + 4
+ 7 + 3, which contains two groups that sum to 10.
However, the former problem also contains a coherent
visual structure and layout. The three groups are identical,
separate, and adjacent, all features of good grouping that
underlie perceptual organization. In line with the idea that
visuospatial organization guides algebraic (Kirshner, 1989;
Landy & Goldstone, 2007) and arithmetic (Landy &
Goldstone, 2010; Braithwaite et al, 2016; Landy &
Goldstone, 2007b) reasoning in the specific case of order of
operation, it is possible that this irrelevant visual structure
also guides mathematical reasoning when calculating
complex sums in which multiple pathways are equally valid
and appropriate—but unequally clever and efficient.
These two explanations are by no means mutually
exclusive, especially given that arithmetic strategies can be
discovered without conscious awareness (Siegler & Stern,
1998). It is worth noting that we do not plan to identify
which account is more accurate. Instead, we wish to explore
whether and in what ways structure, when present, will be
used by people to solve algebraic expressions.
How Perceptual Cues Shape Formal Reasoning
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Making sense of symbols is one of the most powerful and
fascinating cognitive traits that characterize humans. Most
research into formal symbolic reasoning has focused on the
symbolic and abstract aspects of formal symbol systems.
The general conclusion is that symbolic reasoning depends
on internal structural rules, but not external structural forms
(e.g., Gentner, 2003). So visuospatial structure seems
peripheral to symbolic reasoning. This is especially the case
with mathematical reasoning, which is often considered a
purely formal discipline. Still, evidence has shown that
mathematical reasoning is strongly grounded in visual
processing. There is a general relationship between physical
and syntactic proximity in notational mathematics (Kirsher,
1989). For example, the exponent is always closer to the
base than to other terms in an expression, echoing its high
precedence in the order of operations. People are also
sensitive to visuospatial features of abstract representations
in addition to the mathematical contents (McNeil & Alibali,
2004). Recently, there is a growing amount of evidence that
non-formal contexts influence higher-level reasoning in
various fields, such as graph interpretation (e.g., Gattis &
Holyoak, 1996), physics (Larkin & Simon, 1987), and even
mathematics (Landy & Goldstone, 2007b). The visual
system can be trained to grasp and appreciate affordances of
different types of display formats and to extract taskrelevant information from external representations
(Goldstone, Landy, & Son, 2010; Kellman et al., 2008).
The Gestalt Principles of Perception in Mathematics
Research into the role of visuospatial features in
mathematics has continuously gained momentum with the
rise of perceptual training. An important extant question is
whether and when perceptual organization facilitates
mathematical reasoning with symbols, and when it acts as a
crutch or a distraction (Goldstone, Landy, & Son, 2010;
Kellman, Massey, & Son, 2010). Kirshner and Awtry
(2004) argue that employing visual heuristics in
mathematics may block learning of principles and formal
rules, and so impair learning. Nogueira de Lima & Tall
(2008) support this by observing that students with weaker
understanding of algebraic transformations are more likely
to invoke physical analogies over equations, such as
‘moving’ a term to the other side of an equation. Moreover,
the alignment of surface features between equations and
expressions has been identified as an important source of
errors in novices and experts (Landy, Brookes, & Smout,
2014). Incorrect use of visual patterns often leads to
misleading generalizations (Marquis, 1988; Nogueira de
Lima & Tall, 2008). However, there is a long tradition in
psychology, dating back to the Gestalt psychologists, of
invoking perceptual organization as an important factor in
reasoning and problem-solving (Ohlsson, 1984).
Appropriate chunking of input information enables the
discovery of higher-order invariances (Kellman et al, 2008).
Recently, Braithwaite et al (2016) suggested that children
importantly learn relations between visual and formal
properties of mathematics. They note that sensitivity to
spacing variations increased rather than decreased with age

and suggested that perceptual learning provides one way to
off-load mathematical rules onto perceptual systems so as to
decrease load on executive processes. However, a direct link
between mathematical achievement and sensitivity to
perceptual organization has not been shown, nor have
algorithms or strategies been identified that would take
direct advantage of perceptual organization.
The Present Study
In the current work, we explore strategies involved in
computing long arithmetic expressions. We manipulated
operands’ neighboring values to create different kinds of
higher-order organizations (e.g., 4 + 4 + 6 vs. 4 + 6 + 4 with
equal space between adjacent elements). Second, we went a
step further by asking reasoners to compute arithmetic
expressions (long sums/products) instead of judging the
validity of equations. Research into metacognition suggests
that adult problem solvers can monitor their progress and
adjust their methods as they proceed if they realize that the
problem is more complex than they had first thought
(Schoenfeld, 1992). Thus, there are good reasons to think
that the effect of perceptual groupings may differ between
judging and computing arithmetic expressions because the
latter is generally more cognitively demanding.

Experiment 1
Experiment 1 explored whether and how people use
grouping pressure available in long sums/products to
compute arithmetic expressions and whether they are
associated with different levels of arithmetic success.
Participants We recruited 33 undergraduates at Indiana
University, Bloomington in exchange for course credit.
Stimuli The stimuli were a set of 24 long sums and products
questions composed of multiple operators and operands.
Each problem was designed to afford distinguishable
perceptual cues. Questions differed either in lower-level
features (e.g., numerical values) or higher-level structure
(e.g., repetition of a conglomeration of terms). Taking 1 + 2
+ 3 + 4 + 1 + 2 + 3 + 4 + 1 + 2 + 3 + 4 as an example,
grouping cues include: a) high-level relational exactness:1 +
2 + 3 + 4 + 1 + 2 + 3 + 4 + 1 + 2 + 3 + 4 (1+2+3+4 repeated
three times), b) high-level featural exactness: 1 + 2 + 3 + 4
+ 2 + 3 + 4 + 1 + 3 + 4 + 1 + 2 (sums of 1 to 4 presented in
dissimilar orders), and c) lower-level identity: 1 + 1 + 1 + 2
+ 2 + 2 + 3 + 3 + 3 + 4 + 4 + 4 (adjacent common value).
Other times, we varied number values for the same
arrangement (e.g., 17 + 23 + 17 + 23 + 17 + 23 + 17 + 23
and 99 + 101 + 99 + 101 + 99 + 101 + 99 + 101). This
allowed us to explore to what extent perceivers would be
influenced by the actual values.
Procedure Experiment 1 was a within-subjects design in
which participants answered 24 questions. The dependent
measures included subjects’ strategy use and their accuracy.
Subjects were asked to compute each of the questions in the
problem set to the best of their ability, but more importantly,
to demonstrate their arithmetic reasoning by either using
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mathematical notions (e.g., parentheses and lines) or
descriptive language (e.g., group all the 5s together) for
each problem with a pen or a pencil. No calculator was
allowed. They were assured that their overall performance
would not affect their credit. Subjects also reported their age
and sex after they completed the problem set.
Strategy Encoding There is no standard coding system for
evaluating complex arithmetic expressions, and so we
developed an approach tailored for this project. The data
from this experiment were used to create a set of eight nonexclusive properties of subject strategies. Each specific
response could be coded as matching or failing to match
each code. We began from a set of theoretically interesting
categories, including left to right ordering, chunking, and
easy calculation, and added other categories that were
needed to capture what seemed to be major repeated themes.
1) (Group from) left to right: Strict left to right
2) (Group by) common numeral
3) (Group by) neighbors: Group spatially adjacent terms
(may or may not be every term)
4) (Group by) pairs: Break the long sum/product into
shorter adjacent pairs with dissimilar sums
5) (Group into) higher-order patterns: Group into
conglomerations of (at least three) terms
6) (Group by) easy common sum/product: intermediate
steps produce 5 or 10
7) (Group by) sign: Group every same operator together
when there are mixed operators.
8) (Group into) sorted order: Reorder operands in an
ascending or descending order

Note: One participant rewrote all questions vertically and then did
calculations based on decimal place values.

We performed a binary coding for our subjects’ responses.
Each arithmetic question was translated into an eightdimensional vector by applying above rules one at a time.
Responses were encoded based on what was available and
what was shown in participants’ answers. For example, for
those who indicated 3+13+23+33+43–3–3–3–3–3 as 3 + 13
+ 23 + 33 + 43 – (3 + 3 + 3 + 3 + 3), their responses were
encoded both as Neighbor, Numeral, and Sign. Of course,
the participant may only have noticed a subset of these
properties; categories were based on conformance to the
rules, not participants’ (hidden) intentions.

order, and Left to right at varying levels. The strong
correlation between Numeral and Sorted order is partially
due to participants’ tendency to group common numerical
value, followed by reordering. Pair and Neighbor are also
strongly (positively) correlated. This is not surprising
because the definition of Pair implies grouping neighbors.

Figure 1. Correlation matrix for different grouping strategies

Three principal components were retained as they
explained around 85% of variance altogether. Table 1 shows
the factor loadings for grouping strategies in PCA. We
identified three distinctive clusters by visual inspection. For
simplicity, we named the clusters as follows: a) Surface
Properties (N = 14): Go from left to right, sometimes
clustering by numeric value or signs of operators, b) Near
neighbors (N = 5): Group close entities, often into adjacent
groups or pairs, and c) Higher-order patterns (N = 14):
Group terms which were either led to multiples of 10, or
which participated in a global structure (see Figure 2).
Table 1
Rotated factor loadings for grouping strategies

Results & Discussion
Strategy Use Analysis We conducted a principal
component analysis (PCA) on the distribution of strategies
for each subject, followed by k-means clustering. We
represented each subject by collapsing their performance on
the 24 questions. Thus, each subject is an eight-dimensional
vector, with each dimension representing an averaged value
for each grouping pattern. This transformation led to 33 data
points in an eight-dimensional space. The correlation matrix
(Figure 1) exhibits a moderate to strong positive correlation
between Common sum/product and Higher-order patterns,
which are both negatively correlated with Numeral, Sorted

Figure 2. A PCA bi-plot of individuals and strategies with axes
being the first two principal components. PC1 explains 41.6% of
variance and PC2 explains 21.5% of variance
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Accuracy by Cluster Subjects’ response accuracy was also
coded along with each strategy. Questions that were not
given answers were coded as wrong. A failure to calculate
an answer may be indicative of a poor choice of strategy,
because the chosen strategy may involve too many
calculations. Given three distinctive clusters of strategies, a
natural question to ask is whether their accuracy in solving
arithmetic expressions differs. We conducted an analysis of
variance (ANOVA) to examine whether distinctive clusters
led to different success rates. The analysis showed a
significant association between the two, F(2,30) = 7.314, p
= .001, 𝜂𝑝 2 = .33. Tukey’s HSD post hoc test indicated that
the average accuracy of Higher-order Structure (M = .84,
SD = .087) was significantly higher than that of Surface
Properties (M = .66, SD = .18), p = .0039. Similarly, the
average of Near Neighbors (M = .85, SD = .056) was also
significantly higher than that of Surface Properties., p =
.032 (see Figure 3).

Stimuli The arithmetic problems in Experiment 2 were
similar to those in Experiment 1 except that there were 18
questions. The 9-item version of the AMAS was used to
measure math anxiety. Participants rated how anxious they
would feel during specified math-related events. Responses
were on a Likert-type scale, ranging from 1 = Low Anxiety
to 5 = High Anxiety (sample event: Listening to a lecture in
mathematics class). The 4-item BNT was administered to
assess statistical numeracy and risk literacy. A sample BNT
question: Image we are throwing a five-sided die 50 times.
On average, out of these 50 throws how many times would
this five-sided die show an odd number (1, 3, or 5)? (30)
Procedure The procedure of Experiment 2 was identical to
that of Experiment 1 except that participants were instructed
to finish the BNT and AMAS after completing the
arithmetic problems. In addition to age and gender,
participants were also asked to report their math score on
the SAT or ACT.
Results & Discussion

Figure 3. A boxplot of accuracy by cluster.

Overall, Experiment 1 showed that most people were
inclined to use visual structures when they were available in
long sums/products but that they used them differently.
Different grouping strategies were observed and classified
into three groups: Surface Properties, Near neighbors, and
Higher-order Structure. Results also suggest that these
distinctive clusters of strategy are associated with different
levels of success, with people who use surface properties
to evaluate arithmetic expressions having a lower rate of
success than those in the alternative clusters.

Strategy Use Analysis We retained 7 out of 8 strategies in
Experiment 1, excluding (group into) a sorted order as it
was not observed in Experiment 2. PCA and k-means
clustering were applied to classify participants in terms of
strategy use. The correlation matrix in Figure 4 reveals a
pattern similar to the correlational finding in Experiment 1.
Once again, we retained three principal components (Table
2) and observed three clusters: Surface Properties, Near
neighbors, and Higher-order Structure (Figure 5).

Experiment 2
In light of the results of Experiment 1, we were particularly
interested in the relationship between strategy use and
common measures in mathematics education. Experiment 2
was designed to replicate and extend the findings of
Experiment 1 by adding the Abbreviated Math Anxiety
Scale (AMAS) (Hopko, Mahadevan, Bare, & Hunt, 2003)
and the Berlin Numeracy Test (BNT) (Cokely et al, 2012).
By including these two tests, it is possible to conclude
whether the connection between strategy use and arithmetic
success is only an artifact of our stimuli, or it in fact is
associated with different levels of performance on some
well-established measures in mathematics.
Participants We recruited 51 undergraduates at Indiana
University, Bloomington in exchange for course credit.

Figure 4. Correlation matrix for different grouping strategies

Table 2
Rotated factor loadings for grouping strategies
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in Higher-order Structure increases while the proportion of
participants in Surface Properties decreases. This is
especially compelling given that the BNT and our task taps
into different aspects of mathematical knowledge. These
trends suggest an elegant connection between strategy and
basic numeracy and mathematical literacy. By and large,
participants who were better at using higher-order relations
scored higher on the BNT.

Figure 5. A PCA bi-plot of individuals and strategies with axes
being the first two principal components. PC1 explains 46.1% of
variance and PC2 explains 26.9% of variance.

Accuracy by Cluster An ANOVA indicated a significant
effect of strategies on arithmetic success, F(2,48) = 5.914,
p = .0051, 𝜂𝑝 2 = .20. Tukey’s HSD post hoc test indicated
that the average accuracy of participants in the Higherpattern Structure cluster (M = .86, SD = .087) was
significantly higher than that of Near Neighbors (M = .68,
SD = .18), p = .0054. Nonetheless, the average of Surface
Properties (M =.76, SD = .15) did not differ significantly
from either group (see Figure 6).
Relationship to Measures in Mathematics We conducted
an ANOVA for each measure.
Math Anxiety. The ANOVA showed that math anxiety
level indeed associated with strategy use, F(2, 48) = 9.068,
p = .00046, 𝜂𝑝 2 = .27. Tukey’s HSD post hoc test indicated
that participants in Higher-order patterns (M = 17, SD =
4.87) had a significantly lower level of anxiety than those in
either Surface Properties (M = 24.07, SD = 5.79, p
= .00054) or Near Neighbors (M = 22.1, SD = 6.05, p
= .037). In other words, individuals with a lower level of
math anxiety were more likely to group terms which either
led to simple sums (especially multiples of 10) or
participated in a global structure (see Figure 7).
Math Ability & Numeracy. We found reliable differences
between different clusters on a few measures that are
believed to be indicative of math ability and math anxiety.
First, participants in distinctive clusters have significantly
different math score on the SAT or ACT exam (transformed
to the same percentage scale), F(2,34) = 3.37, p = 0.046,
𝜂𝑝 2 = .17 (14 participants were excluded for having not
taken either test). Post hoc comparisons using the Tukey
HSD test indicated that participants in Higher-order
Structure (M = .82, SD = .13) had a significantly higher
accuracy on high-stake standardized math tests than those in
Surface Properties (M = .68, SD = .11), p = .04. A similar
pattern was observed in their BNT scores, F(2, 48) = 4.129,
p = .02, 𝜂𝑝 2 = .15 with those in Higher-order Structure (M
= 2.4, SD = 1.42) scoring significantly higher on the BNT
than those in Surface Properties (M = 1.2, SD = 1.15), p
= .016. Figure 8 illustrates a striking trend that, in general,
as BNT accuracy increases, the proportion of participants

Figure 6. A boxplot of accuracy by cluster.

Figure 7. A boxplot of math anxiety by cluster (the higher the
score the more mathematically anxious were participants).

Figure 8. A stacked bar graph plots the proportion of subjects in
each group at each level of BNT performance. The number of
participants at each level is roughly equal: N = 9, 12, 11, 9, 10 at
BNT score = 0, 1, 2, 3, 4, respectively.

Once again, the results of Experiment 2 supported the
findings in Experiment 1 that people use visual structure to
solve arithmetic expressions. Furthermore, Experiment 2
extended the findings of Experiment 1, revealing a clear
relationship between grouping strategy and other common
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measures in mathematics education. Our results suggest
that grouping by higher-order patterns is usually associated
with lower math anxiety and higher BNT accuracy.

General Discussion & Conclusion
The present study, to the best of our knowledge, provides
the first evidence that problem solvers use visual structural
affordances to solve long sums/products. Across two
experiments, we found that when visual structure was
available, some participants relied on low-level properties
(e.g., similarity between numerical value) while others
tended to take advantage of higher-level patterns (e.g., exact
pattern repetition). Some participants appeared to use fewer
visual perceptual cues as they consistently shortened
questions by pairing neighboring terms. We consider this
difference in recognizing arithmetic patterns to reflect visual
flexibility. People who tend to group math expressions into
higher-order visual patterns are also likely to be able to
solve problems by alternative strategies when necessary.
Consequently, visual flexibility may directly impact
procedural flexibility, which has been argued to be an
important component of mathematical proficiency
(Kilpatrick et al., 2001). However, the former, perceptual,
type of flexibility has been less recognized and thus studied.
Patterning skill is considered by Steen (1988) to be at the
core of mathematics. Many studies have explored relations
between patterning skill and math ability, ranging from how
young children identify and complete pattern extension
tasks (e.g., Fyfe, McNeil, & Rittle-Johnson, 2015) to
whether recurrent patterns can be observed through sets of
analogies (Richland, Holyoak, & Stigler, 2004). Yet, little is
known about patterning skill at the level of arithmetic
expressions. While common core state standards for
mathematics emphasize arithmetic pattern abstraction, the
focus is on observations such as that the sum of two odd
numbers is an even number. Our present study, in this sense,
contributes to the literature on mathematics by showing that
people also seek patterns at an arithmetic level. Moreover,
individual differences in the kinds of arithmetic patterns
spontaneously noticed is associated with measures of
mathematics proficiency and anxiety. We consider visual
flexibility and arithmetic pattern seeking to be an
undervalued factor underlying skill in mathematics.
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Abstract
The Rational Speech Act (RSA) model, which proposes
that probabilistic speakers and listeners recursively reason
about each other’s mental states to communicate, has
been successful in explaining many pragmatic reasoning
phenomena. However, several theoretical questions remain
unanswered. First, will such a pragmatic speaker–listener
pair always outperform their literal counterparts who do
not reason about each others mental states? Second, how
does communication effectiveness change with the number of
recursions? Third, when exact inference cannot be performed,
how does limiting the computational resources of the speaker
and listener affect these results? We systematically analyzed
the RSA model and found that in Monte Carlo simulations
pragmatic listeners and speakers always outperform their
literal counterparts and the expected accuracy increases as
the number of recursions increases. Furthermore, limiting
the computation resources of the speaker and listener so they
sample only the top k most likely options leads to higher
expected accuracy. We verified these results on a previously
collected natural language dataset in color reference games.
The current work supplements the existing RSA literature and
could guide future modeling work.
Keywords: Pragmatic Reasoning.
model.

Figure 1: Pragmatic reasoning in a reference game. The
speaker says my friend has glasses. The listener needs to
guess which one is the speaker’s friend. Adapted from
Goodman and Frank (2016).

Rational Speech Act

Introduction
The Rational Speech Act (RSA) model has successfully
explained a number of psycholinguistic findings in pragmatic
reasoning (Goodman & Stuhlmüller, 2013; Goodman &
Frank, 2016; Frank, 2016; Kao, Bergen, & Goodman,
2014). This model proposes that probabilistic speakers and
probabilistic listeners recursively reason about each other’s
mental states to infer the meaning of utterances and generate
utterances in response. One simple example demonstrating
how RSA works is a reference game scenario (Frank &
Goodman, 2012) in which the speaker and the listener can
both see three faces (Figure 1): one with hat and glasses
(HG), one with only glasses (G), and one with neither (N);
one of these is the speaker’s “friend”. The speaker says “my
friend has glasses”, presupposing that there is a single friend.
The listeners, who know that the only alternative utterance
was “my friend has a hat”, share the intuition that the sentence
“my friend has glasses” refers to G and not HG or N (Stiller,
Goodman, & Frank, 2011). The RSA model provides a nice
explanation for that intuition, as it proposes that the listener
reasons about the speaker’s mental state, and realizes that if
the speaker meant to refer to the one with hat and glasses
(HG), he/she could have said “my friend has a hat” to avoid
any ambiguity. The fact that he/she did not say so implied
that HG was not the referent.
Despite the success of the RSA model in explaining
a variety of pragmatic reasoning phenomena, several

theoretical questions remain unanswered. In this paper we
address three relevant questions:
(1) Will pragmatic listeners and pragmatic speakers
always communicate better than literal listeners and
literal speakers? If so, what is the reason underlying
their advantage? Despite broad empirical evidence showing
that people tend to behave more like pragmatic listeners and
speakers, it’s not clear whether we should always expect that
recursive reasoning will provide an improvement.
(2) How does the number of recursions affect the accuracy
of agents using the RSA model? In previous modeling work
using the RSA model, the depth of recursions was usually
set to two (but see Bergen, Goodman, and Levy (2012) and
Degen, Franke, and Jager (2013)). However, if we expect
a general advantage of applying pragmatic reasoning in
communication, we should expect more recursions to result in
even higher performance in reference games. Although some
studies have shown that deep recursion may not be realistic
in reference games (Degen & Franke, 2012), more recent
evidence has shown deeper recursion in some participants
(Franke & Degen, 2016), consistent with work on economic
games where higher recursion depth in human Theory of
Mind is sometimes found (Camerer, Ho, & Chong, 2004). In
the current paper we extend previous work that has studied
deeper recursion on small meaning matrices to large and
realistic meaning matrices (Franke & Degen, 2016).
(3) How do computational constraints on exact calculation
of the probabilities in the RSA model affect its
performance? Prior work on RSA has focused on the
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setting where the context set is small, such that it is possible
to normalize the posterior probability over all items in the
candidate set. However, if we include all possible world states
in the candidate set for the listener model and all possible
utterances in the candidate set for the speaker model, it would
be impossible, or at least unrealistic, to operate on the entire
candidate set when performing normalization. Therefore, we
explore the effect on accuracy of using only the k most likely
candidates when performing the calculations at each step.
In this paper, we first briefly review the formalization of
a classic RSA model. Then we show that we can simplify
the model under certain assumptions and derive a concise
expression of the expected accuracy in a reference game given
any listener and speaker models. Using this formula, we
run Monte Carlo simulations on random meaning functions
and present our results that address the three questions
mentioned above. The key finding is that as listeners and
speakers perform more recursions of inferring each other’s
mental states, their joint performance gets better. We also
verify that these conclusions hold on a dataset of human
utterances collected in a color reference game (Monroe,
Hawkins, Goodman, & Potts, 2017). Finally, we discuss the
implications of our findings.

xx
blue
cyan

S1 (u|t, M) µ ea(log(L0 (t|u,M))

k(u))

(2)

Here, k(u) is a real-valued cost function on utterances, and
a 2 [0, •) is an inverse temperature parameter controlling
how rational the speaker is. Specifically, if a is large, the
speaker will choose the utterance with highest likelihood,
whereas when a is small, the speaker tends to choose
utterances more randomly and thus suboptimally.
A
pragmatic listener in turn builds his/her own listener model
L2 based on the pragmatic speaker model S1 :
L2 (t|u, M) µ S1 (u|t, M)P(t)

(3)

For the sake of simplicity, we assume the prior over worlds is
uniform, so equation (1) becomes:
L0 (t|u, M) µ M(u,t).

(4)

We also assume the cost function k(u) is a constant function
and a = 1, which amounts to a scenario in which the speaker
and the listener use a matching-probability strategy.
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(b) Literal speaker S0 .
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(c) Pragmatic listener L1 .
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1
0

(d) Pragmatic speaker S2 .

Figure 2: Simulating pragmatic reasoning in a reference game
with a basic RSA model.
Under these assumptions, we can simplify the models to:
L0 (t|u, M) µ M(u,t)

(5)

S1 (u|t, M) µ L0 (t|u, M)

(6)

L2 (t|u, M) µ S1 (u|t, M)

(7)

Similarly, a speaker model can also be derived from the
meaning function:
S0 (u|t, M) µ M(u,t)

(1)

.

1
0

xx
blue
cyan

A classic RSA model (Goodman & Frank, 2016) usually
starts from a literal listener:

where t is a possible world in a set of all possible worlds C,
u is an utterance drawn from a set of possible utterances U, P
is a prior over worlds, and M = M(u,t) is a meaning function
that takes the value 1 if u is true of t, otherwise 0.
A pragmatic speaker would infer a literal listener model
from the meaning function M and then build his/her own
model accordingly:

xx

(a) Meaning matrix M.

Models

L0 (t|u, M) µ M(u,t)P(t),

1
1

xx

(8)

L1 (t|u, M) µ S0 (u|t, M)

(9)

S2 (t|u, M) µ L1 (t|u, M)

(10)

In effect, each step in the recursion simply normalizes
the M across the world states, or across the utterances. To
illustrate how this simulates pragmatic reasoning, we present
a concrete example. In the meaning matrix in Figure 2a, we
see that the word “blue” applies to both of the two colors
and the word “cyan” only applies to the left one. Therefore,
a literal speaker would be equally likely to use “blue” and
“cyan” to refer to the left color. Formally, we can normalize
the columns of the meaning matrix (Equation 8) to get the
literal speaker model S0 (Figure 2b). A pragmatic listener L1
builds a mental representation of the literal speaker model S0
and uses Bayes’ rule to interpret the speaker’s utterance. For
example, if the listener hears the word “blue”, the chance that
“blue” is produced for the left color is only half of the chance
that it is produced for the right color. Therefore, a pragmatic
listener would assign a probability of 31 to the left color and 23
to the right color. Formally, the pragmatic listener normalizes
the rows of the literal speaker model S0 to obtain its own
model L1 (Figure 2c). Finally, a pragmatic speaker mentally
simulates the pragmatic listener L1 and chooses utterances
accordingly, i.e., it normalizes the columns of L1 (Equation
10) to get its own model S2 (Figure 2d).
As shown in Figure 2, the listener model and the speaker
model change after each iteration. For a 2x2 meaning matrix,
the ultimate converged matrix can be explicitly derived as:
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M = [ ac db ]

n!•

! [ 1 p p 1 p p ].

xx
blue
cyan

0
1

xx
1
0

Figure 3: The converged listener model and speaker model
after many recursions using the RSA model.
when ad 6= 0 or bc 6= 0.
This is because lim Ln = lim Sn and both the rows and the
n!•
n!•
columns sum up to 1. To explicitly derive p as a function of
bc
a, b, c, d, it can be shown that the ratio ad
bc (or ad if bc = 0)
remains unchanged under row and column normalizations, so
we have
p2
ad
=
,
(1 p)2
bc
thus

p

ad
p
(11)
ad + bc
Using this formula, we know that after many iterations, the
pragmatic listener and speaker in Figure 2 will both converge
to the matrix in Figure 3, resulting in a one-to-one mapping
between utterances and worlds, i.e., a better communication
protocol. This implies that the recursions in the RSA model
discourage distributions containing non-specific utterances.
Does the observation that RSA optimizes the performance
of a listener-speaker pair in the 2x2 case generalize to
n-dimensional meaning matrices? To answer this question,
we run some simulations using both random and naturalistic
meaning matrices. We first give a mathematical formulation
of the problem.
Starting from a meaning function,
represented by a binary matrix M 2 R p⇥q , we define two
operators. The first is “row normalization”, fL 2 R p⇥q !
R p⇥q , which is used to derive the listener model L. The
second is “column normalization” fS 2 R p⇥q ! R p⇥q , which
is used to derive the speaker model S. According to the basic
RSA model, which assumes the prior over worlds is uniform
and the cost function of each utterance is constant, we have:
p =p

Figure 4: Evaluating the joint performance by a listener
model Ln 1 and a speaker model Sn , where n is the number
of recursions.
and level of recursion n. This derivation allows us to examine
whether the joint performance by a listener–speaker pair is
better at higher levels n. We simulate the reference game in
the following way: 1. Sample a true world w from a uniform
distribution. 2. Given w, sample an utterance u from the
speaker S. 3. Given u, sample a world prediction ŵ from
the listener L. The accuracy of the pair is the probability that
ŵ = w, i.e., the listener model makes a correct response.
Formally, given a world w j , the speaker S picks an
utterance u, according to the probability distribution Sn e j ,
h
iT
where e j = 0 · · · 1 · · · 0 2 Rq , and e j ’s jth entry is 1.
As illustrated by the blue squares with dashed borders in
Figure 4, we pair up a listener with its derived pragmatic
speaker and compute their joint performance. In other words,
we calculate the performance of pair hSn , Ln 1 i. So the
listener L guesses a t according to the listener model given
the utterance the speaker used: LnT 1 Sn e j 2 Rq . The accuracy
is the probability that the listener guesses the world w j , i.e.,
[LnT 1 Sn e j ] j = eTj LnT 1 Sn e j + = (LnT 1 Sn ) j j
As the prior over the world w1 , · · · , wq is uniform, the
expected accuracy, a, can be written as:
1
1
a = ((LnT 1 Sn )11 + · · · + (LnT 1 Sn )qq ) = tr(LnT 1 Sn )
q
q

L0 = fL (M)
S0 = fS (M)
Ln = fL (Sn 1 )

(12)

Using this formula, we first explore how the number of
recursions affects the expected accuracy.

Sn = fS (Ln 1 )

Simulations on Random Matrices

This alternating normalization is also known as the
Sinkhorn-Knopp algorithm (Sinkhorn & Knopp, 1967),
which is shown to converge if and only if A has a positive
diagonal, i.e. there exists a permutation s of {1, . . . , n} such
that Ai,si > 0 for all i. This is a very reasonable assumption for
a meaning matrix, since it implies that every world state has
at least one utterance which refers to it and every utterance
refers to at least one possible world state.
Under this framework, we can derive the expected accuracy
of a listener in a reference game given any meaning matrix M

We first present the results of simulations using random
meaning functions. We generate meaning matrices {0, 1} p⇥p
for p = {10, 20, 30, 40, 50} and each entry independently
containing 1 with probability 0.1. For each matrix size,1 we
randomly generate 200 matrices and compute the expected
accuracy of hSn , Ln 1 i, for n = 1, 2, . . . , 50. The first thing we
find is that regardless of the size of the meaning matrices,
1 The number of rows and the number of columns do not have to
be equal. Here we just use square matrices for simplicity, and the
results are qualitatively the same for non-square matrices.
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Figure 5: Joint reference game accuracy of hLn 1 , Sn i.
more recursions always results in higher performance
(Figure 5). Secondly, although we simulate up to 50
recursions, the gain of doing recursive pragmatic reasoning
is only salient in the first few recursions, especially when the
meaning matrix size is large. This is promising for cognitive
plausibility, since we don’t expect people to perform very
many recursions (due to limited working memory capacity)
and it is important that the benefit of pragmatic reasoning
emerges with a small number of recursions.
Effect of Sampling Next we examine how sampling affects
expected accuracy. When the speaker has a large vocabulary,
it is no longer plausible to enumerate all the utterances and do
column-wise normalization. Instead, he/she may select only
the top k most likely utterances and discard the rest for further
computation, i.e., set the probability of the others to be 0. The
subsequent normalization is then applied only to the vector of
the remaining non-zero probabilities. More formally, for any
column a 2 Rq⇥1 , ai 0, we convert ai to aei , where:
aei =

●

0.5

ai {ai is among the top k elements in a}
.
Â j a j {a j is among the top k elements in a}

Similarly, the listener model can consider only the top k
most likely worlds and will set the probability of the rest
of the worlds to be zero. This process approximates the
expectation of another sampling-based approach in work
on approximate Bayesian cognition (Goodman, Tenenbaum,
Feldman, & Griffiths, 2008), i.e., agents sample a small set of
k elements from the full distribution to realize.
We examine our top-k normalization procedure in two
conditions, “speaker only” and “both”. In the “speaker only”
condition, only the speaker selects the top k utterances and
perform truncated column-wise normalization, whereas in the
“both” condition, both the speaker and the listener model
select the top k elements in their probability distribution and
perform this truncated normalization.
The results are shown in Figure 6. We find that in
the “both” condition, as k decreases, the expected accuracy
increases dramatically. When k = 1, 2, with only the first
few iterations the accuracy rises rapidly. This is because
forcing both the listener model and the speaker model to
choose only the top few options allows them to quickly form a
one-to-one mapping between utterances and worlds. We also
found that, in general, having truncated normalization in both

●
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Figure 6: Expected accuracy of listener-speaker dyads when
both agents (left) or only the speaker (right) consider the k
most likely candidates.
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Figure 7: Entropy of listener-speaker dyads when both of
them consider only the k most likely candidates (left) or only
the speaker considers the k most likely candidates (right).
the listener model and the speaker model results in higher
joint performance. At first this may seem counter-intuitive,
since we naturally expect a larger sampling size to lead to
better reasoning. However, as shown here, when both the
speaker and the listener are aware of each other’s cognitive
constraints and the desire to keep only a small number of
possibilities in their individual mental model, it actually
helps the dyad to quickly converge to a convention that
approximates one-to-one (or few-to-few) mapping.
Supporting this, we found that more recursions reduces the
mean entropy of both the speaker model (Figure 7) and the
listener model (not plotted here). This explains the higher
accuracy associated with more recursions: at higher levels,
listeners and speakers reduce their uncertainty in each other’s
world-utterance mappings.
An interesting finding is that k = 2 leads to even
better accuracy than k = 1. To understand the underlying
mechanism, we examine how the number of non-zero
elements for the listener and speaker changes as a function
of k and number of recursions (Figure 8). We find that,
not surprisingly, choosing only the top 1 option quickly
reduces the number of non-zero elements to 50, which
means the speaker and the listener both form a one-to-one
mapping between worlds and utterances. However, it is
likely that their mappings are different, which will lower their
joint performance. Note that this top-k selection process is
irreversible, in the sense that once an element is set to zero,
it won’t become non-zero in later recursions. That explains
why top-1 accuracy is lower than the top-2 accuracy, as the
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Figure 8: Number of non-zero elements in the listener model
Li (left) and the speaker model S j (right) as a function of
sampling size k and number of recursions n.
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(a) A submatrix of the original probabilistic speaker model S0 .

Simulations on a Naturalistic Dataset

2 Strictly, this is not a literal meaning matrix, but reflects
pragmatic use. However, treating it as a pragmatic speaker model
(e.g., S1 ) does not alter the qualitative results of the simulation.

20
30
N Recursions

Figure 9: Expected accuracy calculated from a meaning
function, which is extracted from human data in a color
reference game (Monroe et al., 2017).

top-2 sampling process allows more elements to be non-zero
at each iteration, thus allowing the speaker and listener to
coordinate through more recursions and jointly optimize their
models. Another way to interpret this result is that k = 2 may
strike a good balance between exploration and exploitation,
as found in previous game-theoretic work (Franke & Jäger,
2014). When k is even larger, the benefit of being flexible is
canceled out by the cost of being less specific, as seen in the
low expected accuracies of models with large k (Figure 6).
In the previous section we ran simulations on binary random
matrices. Next, we verify our results on a realistic meaning
matrix extracted from data collected in a color reference game
by Monroe et al. (2017). They paired Amazon Mechanical
Turkers into dyads, and one of the Turkers was assigned
the role of a speaker and the other was assigned a role of a
listener. The speaker could see a target color alongside two
distractors and needed to describe the color to the listener so
that the listener could identify the target correctly. We limit
our investigation to single-word utterances that appear at least
twice in this corpus, a total of 261 utterances. We also divide
colors on a continuous spectrum into 128 color categories.
We count the frequency of each unigram-color pair in the
corpus and obtained the co-occurrence matrix. We treat this
as our meaning matrix M 2 R261⇥128 . Note that this meaning
matrix is no longer binary, but integer-valued, containing the
information of the utterance prior and the world prior.2
We ran the same simulations on this realistic meaning
matrix and the results are shown in Figure 9. Consistent with
what we found in the simulations on random matrices, we can
see that the accuracy increases as the parameter k decreases.
Limiting k to be small (e.g., 1 or 2) results in a communication
protocol that achieves high accuracy.
A possible concern is that while more recursions allow the
listener and speaker to form a better communication protocol,
they may end up with a world-utterance mapping that is only
interpretable by themselves, and not sensible to other people.
In other words, more recursions may result in a very efficient

10
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(b) A submatrix of the converged probabilistic speaker model Sn .

Figure 10: Examples showing how probabilities in the
speaker model change from the original values to the ultimate
values in the converged matrix.

communication protocol that only works for this specific pair.
We argue that this won’t be the case, since the top k truncated
normalization procedure will guarantee that the support of Ln
is a subset of the support of Sn 1 , i.e., recursive pragmatic
reasoning does not create new world-utterance associations,
but only changes the relative strength of existing associations.
In Figure 10, we show a submatrix of the original speaker
model and the corresponding submatrix of the converged
speaker model. Note that the normalization was still
performed over the entire matrix (all utterances and all
worlds). We can see that the original speaker model S0
becomes more specific after it converges to Sn . In particular,
in the original speaker model S0 , the non-zero probabilities
are very small, indicating that the distribution is spread over
many utterances. However, after a few iterations using the
RSA model, some utterances are assigned large probabilities
and thus dominate the distribution.
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Discussion
In this work, we systematically evaluate how expected
accuracy of a pragmatic listener-speaker dyad in a reference
game changes as a function of: (a) size of vocabulary
and world state space, (b) number of pragmatic reasoning
recursions and (c) number of candidates considered at
each iteration. We find that regardless of vocabulary size
and number of possible worlds, more pragmatic reasoning
recursions always lead to higher accuracy. This is explained
by reduction in entropy, and it is consistent with previous
theoretical work on game-theoretical pragmatics, which has
shown that for agents that maximize expected utility, in
each step of recursive iterated pragmatic reasoning, expected
communicative success is non-decreasing (Jäger, 2011). Our
work confirms this point in the soft-utility-maximization
setting. In addition, we find that considering only a
few candidates at each iteration in the recursion helps a
listener-speaker dyad play the reference task better.
Our work is closely related to multi-agent communication,
a topic that has recently received significant attention in the
machine learning community (Andreas, Dragan, & Klein,
2017; Havrylov & Titov, 2017). For instance, several
previous efforts have focused on training a speaker agent
that can describe a target image in natural or synthetic
language, or to enable a listener agent to identify the target
image (Andreas & Klein, 2016; Lazaridou, Peysakhovich, &
Baroni, 2017). Andreas and Klein trained a speaker model
to generate a context-sensitive caption for a target image in
a reference game. However, the speaker does not explicitly
model the listener model. In other words, their model used
only one round of recursion. According to our simulation,
more recursions is likely to yield better communication
protocols. Therefore, future work should explore whether
adding more recursions in such neural pragmatic speaker and
listener models would lead to performance improvements.
One of the limitations of the current work is that we assume
the speaker and the listener start from exactly the same
meaning matrix, which is a common practice in previous RSA
modeling work. However, in reality, a listener and speaker
might start from slightly different meaning functions. Future
work should examine how small mismatches between the
listener and speaker’s meaning functions might change the
conclusions derived in the current work.
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Children gesture when speech is slow to come
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Abstract
Human conversation is marked by alternation–partners taking
turns speaking and listening. Consequently, language production happens under time pressure; speakers who cannot get
their message out quickly enough lose their turn. When adults
have struggle to retrieve the words they want to say, they can
choose alternatives. But children just beginning to learn language may solve this problem with gesture. If young children’s
production systems reflect a sensitivity to communicative pressure, they should use deictic gesture to refer when they cannot
retrieve a lexical label quickly enough. We confirm this prediction in a longitudinal corpus of naturalistic parent-child interactions, showing that the frequency and recency of a word
in children’s input predict the probability that they will refer to
its referent with gesture, even for words they know.
Keywords: communication; language acquisition; gesture

Introduction
Children learn a striking amount of language in their first few
years of life–thousands of sounds, words, grammatical categories, and the relationships among them that allow their
combination into meaningful utterances. Children also come
to understand what all of this language is for: communicating with other people (E. V. Clark, 2009; Zipf, 1949). There
is good reason to think that these two problems are deeply
intertwined. The language children hear is rarely a running
commentary on the world around them–when a child’s parents return home from work, they are much more likely to say
“whatcha been doing all day?” than “I am opening the door”
(Gleitman, 1990). Knowing that the parent’s goal is not to
talk about the door may help significantly in discovering the
meaning of their words.
Adults routinely make use of inferences about a speaker’s
communicative goal in language processing. These pragmatic
inferences, for instance, are why hearing a speaker say that
they ate “some of the cookies,” causes us to think that some
cookies still remain on the plate (Grice, 1969). Children’s
ability to perform complex inferences of this kind appears relatively late in language development (Noveck, 2001). However, a growing body of empirical evidence shows that a basic
understanding of the communicative purpose of language is
already present in the first year of life. For instance, children
appear to understand that speakers communicate information
to other adults, even if they themselves do not understand
the words being said (Vouloumanos, Onishi, & Pogue, 2012).
Do children also show this understanding of communicative
goals in their production of language?
A core feature of communicative interactions is turn taking: Participants each contribute to the discourse, but only
one at a time (Sacks, Schegloff, & Jefferson, 1974). Turn taking not only appears consistently among both modern and in-

digenous cultures, the length of time between turns is highly
stereotyped–predicted by the same factors across cultures
(Stivers et al., 2009). Evidence from both early observational
studies and more recent experiments suggests that tracking
of turn boundaries emerges early in infancy–perhaps in the
course of scripted interactions like patty cake (Bruner, 1983;
Casillas & Frank, 2017).
The regularity of turns makes communication inherently
time constrained: If you stop talking for too long, you lose
your turn. Adults are sensitive to this time pressure, for instance producing filled pauses like “um” when they are having difficulty retrieving the words they want to produce in
order to signal their desire to hold onto their turn (H. H.
Clark & Fox Tree, 2002). If retrieval is still unsuccessful,
linguistically-proficient adults can opt for an alternative word
or even a description that gives their interlocutor enough information to help retrieve the word for them (H. H. Clark &
Schaefer, 1989). Children still learning their native language,
for whom such strategies are unavailable, might resort to an
alternative mode of communication: pointing.
Children produce deictic gestures early in infancy, and appear to understand that these gestures both direct attention
and communicate intentions by the time they are 12-monthsold (Liszkowski, Carpenter, & Tomasello, 2007; Tomasello,
Carpenter, & Liszkowski, 2007). Around the same time, infants begin producing their first spoken words (Bloom, 2000).
Over the next few years, infants will produce many more
words, and need to rely less on deictic gesture to communicate. However, while children master some words early,
others which are less frequent may remain difficult to retrieve
and produce. If children, like adults, are sensitive to the time
pressures of communication, then then they may use gesture
even for known words if these words are slow to come.

Communication as a race between modalities
When children wish to share their interest in an object with
a caregiver, they have two modalities available to them. One
possibility is to use spoken language, producing the canonical
label for it (e.g. “ball”). Alternatively, they can use a deictic
gesture, e.g. a point, to draw the caregiver’s attention to it.
When should children use each of these modalities?
If the child does not know that the object is called “ball,”
they have no choice but to point. However, if they do know
its label, time pressure on communication produces a race between modalities. If the child can recall the word quickly,
they should prefer to use language–speech is less effortful
than pointing (Zipf, 1949). However, if recalling and producing the word is happening too slowly, the child risks losing
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parent
parent
parent
parent
child
parent
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Figure 1: Reference as as a race between modalities. The drift rate of pointing should be independent of referent, but speech should vary with
properties of words, e.g. frequency.

utterance
do you want to read a
book quick with mom
no
mommy
no
oh you want to wear
your necklaces
uhoh
I think it’s stuck
you need some help
why don’t you just say
help instead of yelling
can you say help
mommy

gesture

spoken
book;mom

gestured

mom
necklace

hold

necklace
mom

Table 1: Referents coded in a few lines of one transcript.
refer to low-frequency referents if they are already in the
current discourse.

their conversational turn and should instead point.
This kind of race model can be formalized nicely as two
competing accumulators (see e.g. S. D. Brown & Heathcote,
2008). Each modality accumulates activation at its own independent rate, and whichever is the first to reach threshold
wins the race and is used to make the intended reference (Figure 1). Although the difficulty of pointing may vary due to
issues of proximity of the speakers to each-other, the location
of the target referent, etc., the difficulty of pointing should in
general be independent of the referent. On the other hand,
the difficulty of recalling and producing a word varies from
word to word. In adults, this difficulty is influenced by many
features of the word, including the phonology and orthography of both the word and its neighbors in the lexicon (see
e.g. Vitevitch, 2008). Here we focus on just one–contributor:
Input frequency (Wingfield, 1968). The more frequently we
hear a word, the easier it is for us to retrieve and produce
it. Children’s language processing shows similar effects of
frequency–children’s speed and accuracy of known words increases as they become more frequent (Swingley, Pinto, &
Fernald, 1999). If their language production is similarly affected by frequency, than the rate of the speech accumulator
should increase as frequency increases, resulting in it winning
the race for reference more often.
This framework makes detailed predictions about the relationship between modality and production time as features of
the target referent change. We test three such predictions in
children’s spontaneous references from 14- to 34-months:
1. As the frequency of a referent in children’s input increases,
children should be more likely to use speech rather than
gesture to communicate about it.
2. As children develop and learn more language, words
should be known better and thus be easier to retrieve. Thus,
speech should win the race more often in older children–
especially for low frequency words.
3. Recent use of a word should make it easier to retrieve. Consequently, children should be more likely to use speech to

Method
The data analyzed here are transcriptions of recordings
parent-child interactions in the homes of 10 children from the
Chicagoland area. Each recording was ⇠90min long, and participants were given no instructions about how to interact–the
goal was to observe the natural ecology of language learning.
Each child was recorded 6 times at 4-month intervals starting
at 14-mo. and ending at 34-mo. (except one child at 30-mo.).

Participants
These children’s data were drawn from the larger Language
Development Project dataset pseudo-randomly to preserve
the socio-economic, racial, and gender diversity representative of the broader Chicago community (Goldin-Meadow et
al., 2014). Of the 10 children, 5 were girls, 3 were Black
and 2 were Mixed-Race. Families spanned a broad range of
incomes, with 2 families earning $15,000 to $34,999 and 1
family earning greater than $100,000. The median family income was $50,000 to $74,999.

Data Processing
The original Language Development Project transcripts consist of utterance-by-utterance transcriptions of the 90 minute
recordings, as well as a transcription of all communicative
gestures produced by children and their caregivers, including
conventional gestures (e.g. waving “bye”), representational
gestures (e.g. tracing the shape of a square), and deictic gestures (e.g. pointing to a ball).
For each of these communicative acts, we coded all concrete noun referents produced in either the spoken or gestural modality (see Table 1). As it is difficult both to gesture
about and to code gestures for abstract entities like “weekend,” we focused only on nouns that could be referred to in
either gesture or speech. Spoken referents were coded only
if a noun label was used (e.g. no pronouns were included),
and only deictic gestures were counted as referential to minimize ambiguity in coding. Synonyms, nicknames, and proper
nouns were all coded according to the manual available in the
github repository linked below.
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Reliability

mom

Inter-Rater Reliability To assess reliability of referent
coding, 25% of the transcripts were double-coded. Reliability
between coders was good (Cohen’s k = 0.76). Issues and discrepancies in coding decisions were discussed and resolved
during the formation of the coding manual.
Presence of referents To ensure that each referent could
have been referred to both speech and deictic gesture, we
coded for concrete nouns. However, when watching a subset of the original videos, we found that not all of these were
physically present in the environment. A referent that was
not physically present could have been difficulty to gesture
to–potentially biasing our analyses (although, c.f. Butcher,
Mylander, & Goldin-Meadow, 1991). After coding all referents from the transcripts, the primary coder judged whether
each was likely to be present in the scene according to a list
of criteria described in the coding manual linked below.
Across the 59 transcripts, 90% of referents were judged to
be present. A mixed effects model predicting presence from
child’s age and whether the speaker was a parent or child
found no significant main effects, but did find a significant interaction between age and speaker (p < .001), with parents of
older children more likely to talk about absent referents. Absent referents were included in estimates of input frequency,
but excluded from analyses of production modality.
Reliability for judgments of referent presence was calculated by comparing 5% of the transcripts to observations of
video data. Reliability was acceptable for child-produced referents (k= 0.79), as well as for all referents in the dataset
(k=0.72).

Results
We set out to test three key predictions of the race model connecting the ease of retrieval and production of a referent’s label to the probability that children refer to it in speech rather
than gesture. Although ease of recall is likely related to a
number of factors (e.g. phonotactic probability, neighborhood
density, etc), we focus here on one easily quantified and wellattested predictor: input frequency (Wingfield, 1968).

Estimating Frequency
To estimate the input frequency of each referent in the corpus,
we summed its frequency of use across all children and parents and across both the speech and gestural modalities. This
estimator is of course imperfect– It assumes, for instance, that
every child receives the same input, and that input frequency
is stationary across development. Nonetheless, because of
the difficulty of estimating these frequencies well, especially
from a corpus of this size, we felt that a more complex estimator was likely to introduce statistical bias.

baby
train

Frequency

In order to ensure the integrity of the coded data for further analyses, we first assessed inter-rater reliability, and then
whether the spoken referents were available in the scene and
could have been referred to in gesture.

1000

nose

100
dinosaur

10
cauliflower

1

windchime

1

10

100

1000

Rank Frequency
Figure 2: Referents varied widely in their frequency of use, appearing approximately Zipfian.
Referents frequent in the input–like baby–should
be be more likely to emerge in speech than infrequent referents like cauliflower
Figure 2 shows the frequency distribution of the 1533 individual referents in this corpus across all recordings. Like
many other frequency distributions in language, referential
frequencies were approximately Zipfian, appearing approximately linear on a log-log scale (Piantadosi, 2014). These
frequency estimates were used to test the predictions of the
race model of communication.

Predictions 1 and 2: The effects of frequency
If the modality that children use for referential communication is the result of a race between speech and gesture, factors
that facilitate lexical retrieval and word production should
make speech win the race more often. As more frequent
words lead to faster retrieval in adults, we hypothesized that
frequency should have the same effect for young children.
Consequently, when children want to refer to things that are
talked about more often, they should be more likely to use
speech (Prediction 1). Further, since exposure to language increases over development, older children should be relatively
more likely than younger children to use speech for referents
that are heard equally often. (Prediction 2).
Figure 3 shows how the probability of speech and gesture changed with referents’ frequency and over development.
We performed all statistical analyses on continuous frequency
data, but to facilitate visualization divided referents into four
quartiles from most frequent (1) to least frequent (4). Children were relatively more likely to use speech for more frequent referents, and more likely to use speech over development. These data are consistent with both of the first two
predictions of our race model for communication.
To test these predictions statistically, we used as our dependent variable the modality of production for each individual
referential event by every child at all six ages. This binary
outcome–speech or gesture–was predicted with a mixed effects logistic regression with fixed effects of frequency, age,
and their interaction, and a random slope of frequency for
each child and random intercept for each referent. As the ef-
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Figure 3: Probability of referential events being expressed in speech (blue) vs. gesture (red) as a
function of frequency and children’s age. For ease of visualization, referents were divided into four
quartiles (1-most frequent). Points show group averaed proportions, error bars show 95% confidence
intervals computed by non-parametric bootrstrap
term
Intercept
log frequency
age
log frequency * age

estimate (SE)
-.41 (0.21)
.25 (0.04)
.98 (0.11)
-.14 (0.02)

Z-value
-1.99
6.71
9.10
-9.14

p-value
0.05
<.001
<.001
<.001

Table 2: Coefficient estimates for a mixed-effects logistic
regression predicting probability of prodution in speech for
a referential event. The model was specified as speech
⇠ log(freq) * scale(age) + (scale(age)|subj) +
(1|referent)

down to only referents that children produced in both speech
and gesture in a single session. All predictors remained significant in the same direction, and numerically similar except
for age, which decreased (as the most well-known referents
were never produced in gesture and thus excluded from analysis). Even by this more conservative analysis, both predictions of the race model were confirmed: Children are more
likely to use speech for more frequent referents, and more
likely to do so as they get older. Even for words that children
can produce, the speed of lexical retrieval and production predict whether they will gesture instead.

Prediction 3: Recent referents get a boost
fect of frequency on memory and processing tends to be linear
in log scale, frequency was log-transformed. In addition, age
was scaled to improve model estimation. Both main effects
were highly reliable, as was the interaction between them (Table 2). Children were significantly more likely to use speech
to refer to more frequent referents, more likely to use speech
as they got older, and the effect of frequency decreased over
development–presumably because the easiest to retrieve referents already win the race even for younger children.
Because these analyses were performed on all references
for all children, some referents were produced only one or
a few times, and thus only in a single modality. When
this modality was gesture, we cannot know whether children
knew the spoken labels for these referents, and thus whether
there was a race at all. To ensure that our results were not
driven by words that children did not know, we subset the data

If children’s referential communications are produced by a
system that is sensitive to the time-pressure on communication, speech should emerge more often as labels become easier to retrieve and produce. The previous analyses confirm
this relationship for one predictor of ease of retrieval: Lexical frequency. However, these references do not occur in a
vacuum: they are embedded in broader communicative discourses. A key feature of these discourses is that referential
events come in bursts: I something is referred to in one utterance, it is likely to be referred to again in the next utterance
(Altmann, Pierrehumbert, & Motter, 2009).
These topical bursts likely occur for functional reasons–
once something interesting has entered the discourse, there
is no reason to drop it right away. But they also have an important consequence for production. Although low-frequency
words are harder to retrieve the first time, subsequent re-
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bus
bag
cup
ball
girl
seat
duck
baby
school
teddy_bear

1
P(new)

trievals in the same discourse become easier; these words get
a recency boost (Pickering & Ferreira, 2008). If the drift rate
for speech is a function of ease of retrieval, then it should be
affected by these bursts as well. Consequently, we predict
that children should be relatively more likely to speech to refer to low-frequency referents within a discourse burst than if
their reference is the first introduction of the low-frequency
referent into the discourse.
In order to test this prediction, we needed to operationalize
the boundaries between discourse bursts. When a referent
appears for the first time in a transcript, it is easy to tag as new
to the discourse. When it is immediately referred to again, it
is also easy to determine that it is part of the same discourse
burst. However, whenever the referent appears again after 5
minutes, it is less obvious whether this is a part of the previous
discourse burst or the start of a new one. To resolve this issue,
we defined a simple bag of referents model for discourse.
In this model, the target of each referential event is modeled an independent draw from the set of all referents with
probability proportional to its frequency (Altmann et al.,
2009). For independent draws from this Poisson sampling
process, the recurrence time (t) between two successive occurrences of the same referent follows an Exponential distribution: t ⇠ le lt , where l is the proportion of all referential
events for which this referent is the target. The expected recurrence time for a referent is thus the reciprocal of this proportion. For example, if DOG occurs 50 times in a discourse
in which there are a total of 1000 referential events, it should
on average occur every t = 20 events.
The bag of referents model then serves as a null model:
Discourse bursts are very low probability events, as they consist of a run of short recurrence times. We thus define the
probability of an event being part of a previous discourse as
the probability of drawing a recurrence time at least that short
for it from the bag of words model. Figure 4 shows a Gleitman plot of a segment of one parent-child interaction (Frank,
Tenenbaum, & Fernald, 2013). Each tile indicates the occurrence of a particular referent on a particular utterance, and
thus read from left to right it describes the emerging conversation over successive utterances in time. The colors of the
tiles show the probabilities assigned by the bag of referents
model that these occurrences are new discourse bursts.
Because referents that have occurred recently should be
easier to retrieve, the race model predicts that referents within
a discourse burst should have faster drift rates and thus come
out in speech more often than if they were retrieved to begin
a discourse burst. We test this prediction by adding the new
discourse burst probability predictor to our previous mixedeffects model predicting the probability that a child’s reference will use the speech modality 3. Both frequency and
age remained highly significant predictors, as did their interaction. In addition, referents starting a new discourse burst
were reliably less likely to be produced in speech, and this effect interacted with both frequency and age. Discourse novelty lead to gesture particularly for infrequent referents and

2050

.5
0
2060

2070

2080

2090

Utterance number
Figure 4: A Gleitman plot of a slice of parent-child interaction. Tiles show which objects are referents of each utterance. Tile color shows predicted probability of being a new
discourse topic under the bag of referents model
term
Intercept
log frequency
age
new discourse
log freq * age
log freq * new disc
age * new disc

estimate (SE)
-.10 (0.22)
.19 (0.04)
.94 (0.11)
-.68 (0.17)
-.15 (0.02)
.11 (0.03)
.18 (0.06)

Z-value
-0.43
4.67
8.45
-4.09
-9.34
3.44
3.30

p-value
0.66
<.001
<.001
<.001
<.001
<.001
<.001

Table 3: Coefficient estimates for a mixed-effects logistic regression predicting probability of prodution in
speech for a referential event. The model was specified as
speech ⇠ log(freq) * scale(age) + new discourse
* log(freq) + new discourse * scale(age) +
(scale(age)|subj) + (1|referent)
for younger children. Thus, children are more likely to use
speech to refer when words that they are generally slow to
retrieve have temporarily gotten a boost.

Discussion
Even before they can produce, or even maybe know, the
words for many objects in the world around them, infants use
deictic gestures like pointing to share attention to objects in
the world with their caregivers (Bruner, 1983; Tomasello et
al., 2007). As infants develop, they will gradually point less
and speak more, communicating with their newly acquired
words instead. However, their ability to retrieve these may
still be fragile, lagging behind their desire to communicate
about them. Our analyses show that that children return to
gesture in exactly these conditions: When retrieving a word
would take too long. We take this as evidence that infants are
tuned to the time pressure of communication, and that their
production systems reflect this tuning.
When children are older, they are notorious for asking endless questions. In her analyses of naturalistic recordings of
2–5-year-old children, Chouinard (2007) reports that these
children ask over 100 questions per hour of interaction with
adults. These questions are powerful, allowing children to si-
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multaneously learn about the world and about the language
people use to explain it. By driving the discourse into predictable areas of content, they can reduce referential ambiguity in learning new language for this content.
Long before they can explicitly direct their input with whquestions, children can sometimes achieve a similar outcome
simply by referring to objects in their environment. Having
observed a referential event, parents will often follow-in with
expansions and additional information about the child’s target of interest (Goldin-Meadow, Goodrich, Sauer, & Iverson,
2007). Our findings add to a growing body of literature suggesting that infants are not merely passive recipients of linguistic input, but active participants in the conversations from
which they learn language (Bruner, 1983; Tamis-LeMonda,
Kuchirko, & Song, 2014).
All code for these analyses are available at
https://github.com/dyurovsky/gesture
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Abstract
Non-adjacent dependencies are ubiquitous in language, but
difficult to learn. Previous research has shown that the presence
of high variability between dependent items facilitates
learning. Yet what allows learning of non-adjacent
dependencies even without high variability in intervening
elements? One possibility is that learning non-adjacent
dependencies highlights similar structures, allowing people to
learn new non-adjacent dependencies that are otherwise
difficult. In two studies, we show how being exposed to
learnable non-adjacent dependencies can change learners’
sensitivity to novel non-adjacent regularities that are more
difficult to detect. These findings demonstrate a new way in
which learning can build on and shape later learning about
complex linguistic structure.
Keywords: non-adjacent dependency, language learning,
grammar, artificial language learning

Introduction
Non-adjacent dependencies are ubiquitous in language.
For instance, English marks number agreement (e.g. The
linguists at the conference are restless) and aspect (e.g.
Babies are learning all of the time) via inflectional
morphemes that establish dependencies between distal items.
Despite their prevalence, non-adjacent dependencies in
artificial grammar learning experiments are difficult to learn,
both for adults and infants (e.g., Newport & Aslin, 2004;
Gómez, 2002). Given their centrality to language structure,
how do we learn non-adjacent dependencies that are not
easily detected in the speech stream?
Previous research suggests that the input can be structured
to support learners’ discovery of non-adjacent regularities.
For example, participants can display successful learning
following extensive exposure, or when the non-adjacent
dependencies are paired with correlated cues, such as related
phonotactic features (e.g., Onnis, Monaghan, Richmond, &
Chater, 2005; van den Bos, Christiansen, & Misyak, 2012;
Vuong, Meyer, & Christiansen, 2016). In addition, the
presence of high variability between dependent items
facilitates learning for both infants and adults (Gómez, 2002).

With inconsistent intermediate elements, learners are better
able to detect the reliable associations between nonsequential elements, suggesting that surrounding information
can help direct learners’ attention to particular regularities.
But what allows learning of non-adjacent dependencies
under less supportive circumstances? One possibility is that
learners might be able to take advantage of prior experience
with related structures. Previous experience can shape
learners’ expectations and change the statistical relations that
they can track (e.g., LaCross, 2015; Lew-Williams & Saffran,
2012; Potter, Wang, & Saffran, 2017). For example,
experiencing some word categories as adjacent dependencies
can subsequently help learners recognize non-adjacent
relationships between the same words (Lany, Gómez, &
Gerken, 2007; Lany & Gómez, 2008). Yet this leaves
unanswered the question of how learners might detect
patterns that they only ever experience as non-adjacent
regularities. In the current studies, we tested the possibility
that learning one set of non-adjacent dependencies in the
presence of high variability (a circumstance favorable to
learning non-adjacent dependencies) later allows learners to
discover novel non-adjacent dependencies they would
otherwise struggle to detect.

Experiment 1
We tested whether being pre-exposed to non-adjacent
dependencies in a learnable context (surrounded by high
variability) would aid participants in recognizing novel nonadjacent regularities that are difficult to learn. Learners were
trained on a set of artificial sentences that contained
learnable, consistent non-adjacent dependencies with high
variability in the intervening elements (Learnable PreExposure Condition). A comparison group was trained on a
set of sentences with high variability in the intervening
elements, but no consistently predictable non-adjacent
dependencies (Non-Learnable Pre-Exposure Condition).
After this pre-exposure, all learners were trained on a new
language with consistent non-adjacent relationships between
a novel set of items with low variability. We predicted that
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participants with pre-exposure to learnable non-adjacent
relations would more readily detect novel adjacent
dependencies in the exposure language.

Method
Participants
67 University of Wisconsin-Madison psychology
undergraduate students (37 female; mean age: 18.8 years, SD
= 1.04; 63 native speakers of English) participated for course
credit. Participants were randomly assigned to either the
Learnable (n = 32) or the Non-Learnable (n = 35) PreExposure Condition.

varying middle elements (aXb, cXd, eXf). Each of the
sequences in the Non-Learnable Pre-Exposure Condition
used the same elements as the Learnable Condition, but
recombined them such that there were no predictable nonadjacent regularities (e.g., the a element could be followed by
b, d, or f with equal probability). The sentences were
presented one at a time with a 750 ms silence between
sentences and in one of two pseudorandomized orders with
the constraint that each non-adjacent dependency (e.g.,
elements of the kind aXb) could occur no more than 3 times
in a row. Across the pre-exposure, participants heard each
sentence twice for a total pre-exposure time of 7m25s.

Stimuli
All stimuli consisted of three-word sentences (e.g., aXb) with
two monosyllabic words as the first and last elements (e.g., a
and b) and a disyllabic word as the middle element (i.e., an X
element). The items in the Pre-Exposure phase consisted of 6
novel monosyllablic words (elements a-f: dak, tood, feep,
nov, lun, kip) and 24 novel disyllabic words (X elements:
balip, bevit, coomo, deecha, fengle, gasser, geeble, ghope,
keeno, koba, lamu, loga, manu, mooper, neller, riffle, rilep,
roosa, skiger, suleb, tasu, toma, vulan, wasil). The items in
the Exposure Phase were 6 new monosyllabic words
(elements g-l: pel, rud, vot, jic, bap, ghob) and 3 new
disyllabic words (Y elements: kicey, puser, wadim). In the
Test Phase, there were three new Y elements to test
generalization (benez, chila, nilbo). The items were recorded
by a female monolingual speaker of English. Monosyllables
and disyllables were each normalized in duration and in
average intensity. The individual items were subsequently
concatenated to form three-item sentences (in the form aXb,
gYh, etc.) according to the Pre-Exposure and Exposure Phase
Design (see Figures 1 and 2), with 100 ms of silence between
each element within a sentence.

Figure 1. Pre-Exposure Phase Design.

Design & Procedure
The experiment consisted of a two-part Training Phase (PreExposure and Exposure) in which participants listened to a
recording of the novel language. Participants’ knowledge was
subsequently probed in the Test Phase.
Training Phase. Participants were instructed to listen to a
novel language through headphones. The training consisted
of Pre-Exposure Phase and an Exposure Phase. The PreExposure Phase transitioned seamlessly into the Exposure
Phase, such that there was no cue to the transition except for
the change in the language elements themselves. Participants
viewed a series of (unrelated) natural landscape images while
listening to the language.
During the Pre-Exposure Phase (see Figure 1),
participants listened to sentences (e.g., aXb) with either
consistent, learnable non-adjacent dependencies (Learnable
Pre-Exposure Condition) or inconsistent non-adjacent
dependencies (Non-Learnable Pre-Exposure Condition). In
the Learnable Pre-Exposure Condition, participants heard
elements that had one of three non-adjacent dependencies but

Figure 2. Exposure Phase Design
During the Exposure Phase (see Figure 2), participants
listened to one of two possible languages (L1 or L2) with
novel non-adjacent dependencies. In contrast to the PreExposure Phase, there were only 3 possible middle elements.
In past studies, non-adjacent dependencies of this kind with
only a limited number of middle elements have proven
difficult to learn (Gómez, 2002). Participants heard each
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test trials, participants in the Learnable Condition (M =
62.0%, 95% CI = [55.0%, 69.0%]) were more accurate
overall than participants in the Non-Learnable Condition (M
= 52.9%, 95% CI = [49.4%, 56.5%]), b = 0.45, Wald 95% CI
= [.09, .82], z = 2.42, p = .016 (see Figure 4).
Participants in the Learnable Condition were more accurate
both for Recognition Test trials (b = 0.42, Wald 95% CI =
[.06, .78], z = 2.31, p = .02) and for Generalization Test trials
(b = 0.41, Wald 95% CI = [.05, .78], z = 2.20, p = .028).
Moreover, participants in the Learnable condition showed
strong evidence of learning the non-adjacent dependency in
the Exposure Phase, while participants in the Non-Learnable
condition did not: in the Learnable condition, accuracy on
Recognition Test trials (b = .58, Wald 95% CI = [.28, .80], z
= 4.03, p < .001) and Generalization Test trials (b = .63, Wald
95% CI = [.23, 1.03], z = 3.09, p = .002) reliably differed
from chance (50% accuracy), while performance in the NonLearnable Condition did not differ from chance (Recognition
Test trials: p = .24; Generalization Test trials: p = .11).

B

1.00

Accuracy - Generalization Test

A

Accuracy - Recognition Test

sentence 24 times across training, for a total exposure time of
11m7s. The items were presented in one of two pseudorandomized orders for each language, with the constraint that
no sentence could be presented twice in a row, and items with
the same non-adjacent dependency (first and third) items
could occur no more than three times in a row.
Test Phase. There were two test blocks: a Recognition
Test block and a Generalization Test block (see Figure 3). In
the Recognition Test block, participants were presented with
18 sentences one at a time in random order. For each
sentence, participants were asked to decide whether the
sentence matched the word order rules of the language they
had just heard. Participants were also instructed that half of
the sentences would match the word order rules of the
language and half would not. Half of the sentences in the
Recognition Test block matched sentences presented during
the Exposure Phase (L1 or L2), while the other half had
identical individual elements but matched the non-adjacent
dependencies presented in the opposite exposure language.
This counterbalancing ensured that items that were familiar
in L1 were unfamiliar in L2 and vice versa.
In the Generalization Test block, participants judged 18
additional sentences (9 consistent with L1 and 9 consistent
with L2) constructed with three new middle Y elements that
were not heard during the Exposure Phase. These types of test
trials were not included in the original Gómez (2002) study,
but they were added here to test the degree to which
participants had learned the non-adjacent dependencies
between the first and last elements as opposed to simply
memorizing specific sentences from the Exposure Phase.
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Figure 4: (A) Recognition and (B) Generalization Test
Accuracy in Experiment 1. Error bars represent +1/ -1 SEs.
We also investigated the relationship between participants’
performance on the two test trial types (Recognition Test vs.
Generalization Test). Performance between Recognition Test
trials and Generalization Test trials was correlated in both the
Learnable Condition (r = .82, p < .001) and in the NonLearnable Condition (r = .34, p = .04), though there was a
significant interaction between test trial type and condition,
suggesting that the relationship was stronger in the Learnable
Condition, t(63) = 3.44, p = .001 (see Figure 4). Thus,
participants who better recognized the sequences that they
had heard during training were also more likely to
demonstrate generalization of the underlying non-adjacent
dependencies.

Figure 3. Test Trial Design.

Results
To test the effect of the Learnable vs. Non-Learnable preexposure, we predicted participants’ correct responses across
all test trials from Condition (centered; Non-Learnable = -0.5,
Learnable= 0.5) in a logistic mixed-effects model with bysubject and by-item random intercepts. Collapsing across all
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1.0

In Experiment 2, we conducted a replication of Experiment 1
with an additional Baseline Condition in which participants
received no pre-exposure experience. We predicted that there
would be a linear effect between the three conditions, such
that performance would be highest in the Learnable
Condition, intermediate in the Baseline condition, and lowest
in the Non-Learnable Condition, with significant differences
between all three conditions. The linear hypothesis and
analytic approach were pre-registered (Zettersten, Potter, &
Saffran, 2017). A pilot study of the Baseline condition (n =
31) allowed us to estimate the approximate size of the linear
effect of condition together with the data from Experiment 1
at ηp = .034.

0.8

0.6

Condition
Learnable Pre-Exposure
Non-Learnable Pre-Exposure
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Figure 5: Experiment 1 correlation between Recognition and
Generalization Test trial accuracy.

Discussion
Previous experience with consistent non-adjacent pairings
with high variability in the intervening middle elements
supported participants’ ability to learn a new set of nonadjacent regularities that are typically difficult to learn.
Participants in the Learnable Pre-Exposure and NonLearnable Pre-Exposure conditions received identical
experience with the target language during the Exposure
phase, yet only those participants who had previously heard
sequences with learnable non-adjacent dependencies
demonstrated learning. These results are consistent with the
hypothesis that prior experience can shape the regularities
that learners are able to detect.
By testing participants’ ability to generalize to new items,
we found strong evidence that participants learned the nonadjacent relationship and did not simply memorize the strings
that they had encountered before. Furthermore, the
significant correlation between performance on the
Recognition and Generalization Test trials suggests that
learning was relatively robust and could be expressed in
multiple ways. The stronger correlation among participants
in the Learnable Pre-Exposure condition provides additional
evidence that the pre-exposure experience influenced
subsequent learning.
Though these results suggest that prior experience affected
learning, it is not clear whether (a) the exposure to learnable
non-adjacent dependencies boosted participants ability to
learn new non-adjacent dependencies, (b) whether the NonLearnable pre-exposure impeded learning of novel nonadjacent dependencies or (c) some combination of both. To
address this question, we conducted a second experiment
with the same conditions as Experiment 1, but with the
addition of a Baseline Condition in which participants were
not exposed to non-adjacent dependencies prior to the
Exposure Phase. This additional condition allowed us to
estimate the degree to which the pre-exposure manipulations
in Experiment 1 aided or suppressed what participants
typically learn about the non-adjacent dependencies in the
Exposure Phase.

Method
Participants
241 University of Wisconsin-Madison psychology
undergraduate students (155 female; mean age: 18.5 years,
SD = .86; 201 native speakers of English) participated for
course credit. Participants were randomly assigned to the
Learnable Pre-Exposure (n = 82), the Non-Learnable PreExposure (n = 79), or the Baseline Condition (n = 80).

Stimuli
The stimuli were identical to the audio recordings used in
Experiment 2.

Design & Procedure
The procedure for the Non-Learnable and the Learnable PreExposure Condition was identical to Experiment 1. In the
Baseline Condition, participants did not complete a preexposure phase of any kind, instead proceeding straight to the
Exposure Phase. Note that as in Experiment 1, the Exposure
Phase and subsequent test for learning of the non-adjacent
dependencies was identical across all conditions.

Results
We fit a logistic mixed-effects model to test the linear
hypothesis that non-adjacent dependency learning would
improve across the three conditions (Non-Learnable <
Baseline < Learnable). We followed the single contrast
approach (Richter, 2015) to analyzing planned contrasts. A
statistical approach that tests the residual variance in addition
to the planned contrast of interest by including a second
orthogonal contrast (Abelson & Prentice, 1997) leads to
identical conclusions. We included Condition (coding the
planned contrast as Non-Learnable: -0.5, Baseline: 0,
Learnable: 0.5 to test for a linear increase across conditions)
as a fixed effect and included by-subject and by-item random
intercepts. There was a significant effect of Condition (b =
0.19, Wald 95% CI = [.02, .37], z = 2.17, p = .030), suggesting
that there was a linear increase in performance across the
three ordered conditions (see Figure 6). A similar linear effect
of Condition was observed for Recognition Test trials (b =
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0.21, Wald 95% CI = [.02, .40], z = 2.18, p = .030), but this
effect was not significant when considering Generalization
Test trials alone (b = 0.15, Wald 95% CI = [-.04, .35], z =
1.56, p = .12).
Next, we tested for differences between each condition
pair by conducting pairwise comparisons, using the same
modeling approach described above. As in Experiment 1,
participants showed better learning in the Learnable
Condition (M = 56.8%, 95% CI = [53.2%, 60.4%]) than in
the Non-Learnable Condition (M = 52.6%, 95% CI = [50.5%,
54.7%]), b = .20, Wald 95% CI = [.01, .38], z = 2.10, p = .036.
However, we found no significant differences between the
Learnable Condition and the Baseline Condition and the
Non-Learnable Condition and the Baseline Condition (M =
53.9%, 95% CI = [51.3%, 56.6%]), ps > .18. Accuracy
reliably differed from chance across all three conditions,
though the effect increased linearly from the Non-Learnable
Condition (b = .10, Wald 95% CI = [.02, .19], z = 2.45, p =
.014) to the Baseline Condition (b = .17, Wald 95% CI = [.06,
.28], z = 2.94, p = .003) and to the Learnable Condition (b =
.34, Wald 95% CI = [.16, .52], z = 3.63, p < .001).
B
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Figure 6: (A) Recognition and (B) Generalization Test
Accuracy in Experiment 2. Error bars represent +1/ -1 SEs.
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Performance between Recognition Test trials and
Generalization Test trials was correlated in the Learnable
Condition (r = .62, p < .001) and in the Baseline Condition (r
= .56, p < .001), but not in the Non-Learnable Condition (r =
.12, p = .12). There was a significant interaction between test
trial type and condition (contrast coded as Non-Learnable: 0.5, Baseline: 0, Learnable: 0.5), suggesting that the
correlation increased across (linearly ordered) condition,
t(237) = 2.63, p = .009 (see Figure 7).

Discussion
In Experiment 2, we replicated our main results from
Experiment 1 and again provided evidence that prior
experience with reliable or unreliable non-adjacent
dependencies can affect subsequent learning. Overall, the
results followed the predicted linear pattern, with accuracy
highest in the Non-Learnable Pre-Exposure condition and
lowest in the Learnable Pre-Exposure condition. Thus, it
appears that prior experience has the potential to both
facilitate and impair later learning.
Though the main effect was consistent with our linear
hypothesis, the individual comparisons between conditions
were not significant. This is not entirely unsurprising, given
the size of the effect for these differences. The pre-registered
analysis was tuned to the size of the linear effect of condition
and was perhaps too small to test for differences between the
Baseline condition and the Learnable condition. Future work
will test the size of the boost to later learning provided by
experiencing consistent non-adjacent dependencies.
One related concern regarding Experiment 2 is that the
Baseline condition has a shorter overall training phase than
the two conditions that include a pre-exposure phase.
Participants in the Baseline Condition may have slightly
improved performance relative to participants in the NonLearnable Pre-Exposure Condition due to less fatigue or due
to experiencing less novel language material in general.
Ongoing work is investigating this question by testing
performance in a Baseline Condition matched to the
Learnable and Non-Learnable Conditions in overall language
exposure (Zettersten, Potter, & Saffran, 2018).
Another question we leave for future analyses is the
existence of individual differences in participants’
performance. The distribution of responses in the Learnable
condition was bimodal, with a small set of participants
showing perfect or near-perfect accuracy (see Figure 6).
What are the characteristics of learners who are readily able
to recognize non-adjacent dependencies? A question of
particular interest is whether these learners show better
performance on other language-related learning tasks.

0.4

General Discussion
0.2
0.25

0.50

0.75

1.00

Accuracy - Recognition

Figure 7: Experiment 2 correlation between Recognition and
Generalization Test trial accuracy.

These studies investigated a proposal for how distributional
learning might build on itself, such that learners develop
expectations at higher structural levels. We found that preexposure to learnable non-adjacent dependency structure - as
compared to inconsistent non-adjacencies - differentially
affected learning. Participants’ learning was malleable and
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susceptible to recent experience. This flexibility suggests that
one way that learners can discover challenging novel
regularities in language is to make use of knowledge
abstracted from similar regularities.
How do the current findings this relate to infant language
acquisition? Previous studies suggest that infants are
sensitive to previously experienced regularities when parsing
novel linguistic input (Lew-Williams & Saffran, 2012;
Thiessen & Saffran, 2007). The current work supports the
notion that once more difficult-to-learn structures are learned
under favorable circumstances, this can support later
learning. A productive next step would be to investigate the
structure and variability surrounding non-adjacent
dependencies that infants are exposed to early on in
development. This could help uncover the extent to which
infants’ early experience of non-adjacent structures is shaped
to bolster initial learning that infants can subsequently build
on.
These results are also consistent with the view that adults’
language learning is constrained by prior language
experience and knowledge (e.g., Bates & MacWhinney,
1981; Seidenberg & Zevin, 2006). In these studies,
participants who had experience with reliable associations
were then able to detect patterns in novel materials. Likewise,
adults learning a second language are better able to acquire
constructions that are consistent with the regularities of their
native language (LaCross, 2015). For example, native
English speakers have significant difficulty with grammatical
gender and often struggle to assign the correct article to a
noun, but learners whose first language uses gender are more
successful (Sabourin, Stowe, & de Haan, 2006). Lifelong
language experience appears to encourage participants to pay
attention to or ignore some structures (such as associations
between articles and nouns) rather than others. Here, we
provide evidence that relatively brief experience can have
substantive consequences for the types of patterns to which
learners are sensitive.
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Abstract
Many everyday decisions are based not only on memories of
direct experiences, but on memories that are integrated across
multiple distinct experiences. Sometimes memory integration
between existing memories and newly learnt information
occurs rapidly, without requiring inference during the
decision. It is known that prior knowledge (i.e. schema)
affects the initial acquisition, and consolidation, of memories.
In this study, we explore the effect of schema on the
integration of acquired memories between paired associates
(e.g. integrating A-B and B-C into A-B-C) that were schema
consistent or inconsistent, as confirmed with a latent semantic
analysis of text corpora. We find that enabling fast learning,
by using material that is consistent with a schema, allows for
fast memory integration. These behavioral results are
consistent with predictions generated from neuroscientific
hypotheses suggesting that an existing schema might enable
neocortical learning that is distinct from a more explicit
hippocampus-mediated integration of new information.
Keywords: Schema; Memory integration;
encoding; Complementary learning system

Integrative

Introduction
Memory is essential in guiding everyday decisions. These
decisions are not only based on memories of direct
experiences, but also rely on knowledge generalized across
multiple distinct events. One process that supports such
generalization is memory integration. Effective memory
integration transforms distinct, but overlapping past
experiences into a cohesive representation (Eichenbaum,
2000; Gluck & Myers, 1993), on which one can base novel
judgments later (Zeithamova, Dominick, & Preston, 2012).
These novel memory decisions can be supported either by
direct integration during the encoding of overlapping
elements (i.e., “integrative encoding”; Shohamy & Wagner,
2008) or by inferring the relations between elements during
retrieval (i.e., “logical inference”; Bunsey and Eichenbaum,
1996; Dusek &Eichenbaum, 1997; Greene, Gross, Elsinger,
& Rao, 2006). Research has suggested that prior knowledge
(i.e. schema consistency or semantic relatedness1) facilitates
the initial acquisition, and consolidation, of memories
(Sommer, 2017; Tse et al., 2007, 2011;). As both relations
and schema impact how information is learned, here we
investigate how the presence of a relevant schema affects
the subsequent integration of overlapping acquired
memories.
* QZ and VP contributed equally and should be considered
co-first authors

Memory integration is most commonly examined with the
associative inference paradigm. In this task, participants
learn separate events with overlapping components (e.g., AB and B-C), and later have to infer the relations between
elements that have not been experienced together but are
indirectly associated (e.g., A-C; Myers et al., 2003; Preston,
Shrager, Dudukovic, & Gabrieli, 2004; Shohamy &
Wagner, 2008). Two different mechanisms have been
proposed to explain how participants make such indirect
inferences. The first mechanism, integrative encoding, is a
fast method of memory integration that takes place during
encoding, possibly through dynamic shifts between
encoding and retrieval states of the hippocampus. This
proposed mechanism is supported by experimental studies
(Shohamy & Wagner, 2008), and is consistent with
computational theories (Hasselmo & McClelland, 1999;
Hasselmo, Schnell, & Barkai, 1995). The second
mechanism, logical inference, does not involve directly
encoding an integrated memory (i.e., A-C), and instead
infers the relationship between A and C after retrieving
separate memories of A-B and B-C (Dusek & Eichenbaum,
1997; Greene et al., 2006).
At the neural level, research has highlighted the
role of the hippocampal system in supporting both
mechanisms. During integrative encoding, related prior
experiences that overlap with the newly encoded
information are reactivated in the hippocampus (Schlichting
& Preston, 2015). Memory integration then takes place at
the time of learning, supported by the integration of new
experiences into existing memory networks by the
hippocampus (Shohamy & Wagner, 2008; Zeithamova &
Preston, 2010). Evidence for this comes from both nonhuman animal and human studies. Animal studies have
demonstrated that the hippocampus can encode similarities
between distinct events (Eichenbaum et al., 1999; Singer et
al., 2010; Wood, Dudchenko, & Eichenbaum, 1999;), and
can reactivate traces of prior events, when learning new
information (Karlsson & Frank, 2009). In humans,
hippocampal activity during encoding predicts subsequent
performance in memory integration (Shohamy & Wagner,
2008; Schlichting, Zeithamova, & Preston, 2014). Similarly,
it has been suggested that the hippocampus also supports the
flexible retrieval of component memories (A-B and B-C)
during logical inference (Greene et al., 2006; Heckers et al.
2004; Preston et al., 2004). In addition to the hippocampus,
the medial prefrontal cortex (mPFC) demonstrates neural
representational changes that are consistent with individual
memories being integrated during encoding (Schlichting,
Mumford, & Preston, 2015). Coupled with the medial
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temporal lobe during retrieval, the mPFC also supports
memory integration through logical inference in which
multiple memories are recalled and flexibly recombined
(Zeithamova & Preston, 2010).
Most neuroscientific research on the associative inference
task has focused on the role of the hippocampal system
because the standard view in the field has been that
neocortical learning occurs more slowly than the typical
delays used in this paradigm. For example, according to the
complementary learning systems theory (Marr, Willshaw, &
McNaughton, 1991; McClelland, McNaughton, & O’Reilly,
1995), the brain keeps two separate memory stores to avoid
interference between new information and existing
memories. Initial learning takes place in the temporal store
supported by the hippocampus. Through system
consolidation involving both time and sleep, newly learnt
information gradually transfers to a more permanent store
supported by the neocortex (Born & Wilhelm, 2012;
Frankland & Bontempi, 2005; Zola-Morgan & Squire,
1990). This standard view suggests that integrating A and C
into one representation shortly after learning A-B and B-C is
still strongly dependent on the hippocampal system.
However, recent findings suggest that system-level
consolidation can take place rapidly. Newly learnt
information that is consistent with pre-existing knowledge
(i.e. schema) becomes independent of the hippocampus
(Sommer, 2017; Tse et al., 2007, 2011;), with the mPFC
shown to mediate the encoding (Bein, Reggev & Maril,
2014; van Kesteren, Ruiter, Fernandez, & Henson, 2012;
van Kesteren et al., 2013). This effect was also supported by
recent simulations under the complementary learning
systems theory, in which assimilating schema-consistent
knowledge occurred rapidly and without interference with
existing neocortical representations (McClelland, 2013).
Recent studies have also shown that word-concept
associations can become rapidly integrated into lexical
memory if related knowledge is accessed during encoding
through a “fast mapping” procedure (Coutanche &
Thompson-Schill, 2014; Coutanche & Thompson-Schill,
2015). This rapid integration draws on neocortical systems
(Merhav, Karni, & Gilboa, 2015), without requiring the
hippocampus (Sharon, Moscovitch, & Gilboa, 2011), and
might share mechanisms with the rapid learning that is
induced by a schema (Coutanche & Thompson-Schill,
2015).
Motivated by such neural evidence, in this study, we
examined the role of schema in facilitating rapid memory
integration in an associative inference task at the behavioral
level. We report findings from participants who learned
person-location associative word pairs, with some pairs that
are schema-consistent (e.g. teacher-classroom, classroomstudent) and others that are schema-inconsistent (e.g. bakertheater, theater-hiker). Our first goal was to examine the
overall degree of memory integration by testing associative
inference (e.g., “Were teacher and student linked in this
experiment?”) depending on schema consistency. Our
second goal was to examine the degree to which integration

is due to integrative encoding versus logical inference in
each condition, by testing two levels of memory integration.
In addition to generalizing A-B and B-C to A-C (i.e., 1-link
integration), we also test generalizing A-B, B-C and C-D to
A-D (i.e., 2-link integration). If participants respond to
overlapping associations based on integrative encoding,
their response times (i.e., RTs) should reflect a direct
retrieval that is independent of the number of links.
Alternatively, if participants respond based on logical
inference, RTs should be dependent on the number of links,
as the inference process involves cognitively traversing each
link.

Methods
Participants
Thirty-five participants (17 females; mean (M) age = 20.7
years, standard deviation (sd) = 3.0; English speakers
without a learning or attentional disorder) contributed to the
study. Informed consent was obtained for each participant
prior to beginning the study. Upon completion, participants
were compensated through course credit or payment for
their time. The University of Pittsburgh Institutional Review
Board approved all procedures. Eight participants were
excluded from the analysis – five participants did not reach
criterion for at least half of the studied pairs (see
Procedure); three participants showed chance performance
during forced-choice testing. Exclusion criteria were
established prior to the start of data collection.

Materials
To test the effects of schema consistency on memory
integration, we implemented a 2 (schema consistency:
consistent vs. inconsistent) x 2 (linked pairs: one-link
integration vs. two-link integration) within-subjects design.
Schema consistency in the present study is based on the
association between a person (e.g., teacher) and a location
(e.g., classroom). Within the experiment, one ‘set’ consists
of three word-pair associations in each schema condition
(e.g. schema consistent: teacher-classroom, classroomstudent, student-dormitory; schema inconsistent: bakermountain, mountain-principal, principal-circus). There are
ten sets within each schema condition, resulting in 60
unique word-pair associations to be studied. Word pairs are
trained in the study phase of the experiment.
Latent semantic analysis (http://lsa.colorado.edu/) was
used to confirm schema consistency. LSA can be used to
measure word associations based on their co-occurrence
within large corpora (Landauer & Dumais, 1997). LSA
values range from -1 to 1, with higher values indicating
stronger semantic associations. Word pairs in the schemaconsistent condition (µ = .42, SE = .04) had higher LSA
scores than word pairs in the schema-inconsistent condition
(µ = .06 , SE = .01; t(58) = 8.59, p < .001).
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Procedure
Study Phase Study phase of the experiment started with a
learning task, where participants were presented with two
words (a person and a location) and instructed to remember
the pairing. To help them remember the words, participants
had to decide how likely it would be to see the
person/profession in the paired location, on a 4-point scale
(very likely, somewhat likely, somewhat unlikely, very
unlikely). Each trial began with a fixation cross presented in
the middle of the screen for 0.5 s., followed by the word
pair, which remained on the screen for 3.5 s. regardless of
when participants responded.
In the second task during the study phase, participants
performed multiple drop-out cycles of cued-recall of all
studied pairs. In each cycle, participants were presented
with all cue words (one of the words they had previously
studied) in a random order, and asked to type in the word
that had been paired with each cue. Participants were
presented with the first letter of the correctly matching
word, and had five seconds to type the remaining letters.
After typing in a word, participants were shown the correct
answer paired with the cue word (regardless of accuracy), to
enable restudying. In the case when participants typed an
incorrect word as the match for the cue word, the cue word
was added to the end of the list and was tested again
following the presentation of all other cue words. This
continued until all pairs were correctly recalled, thus
concluding one learning cycle. The task completed once
each pair had been recalled correctly three consecutive
times without drop-out.
At the end of the study phase, there was a distractor task,
where participants played a game of Tetris
(http://www.freetetris.org/game.php) for 15 minutes. This
distractor task allowed us to eliminate the recently learned
information from working memory, and to prevent rehearsal
of the word pairs.
Test Phase During the test phase, on each trial participants
saw three words, a cue word on top and two choices on the
bottom. Participants completed a forced-choice task by
selecting which of the two words on the bottom had been
associated with the cue word within the experiment – either
because they were studied together or because they were
indirectly connected by studied pairs. To prevent
participants from responding solely based on schema
consistency in the schema consistent condition, the foil was
selected to be as strongly semantically related to the cue (µ
= .28, SE = .02), as was the correct answer (µ = .27, SE =
.02). E.g., if the cue was “teacher” and the correct answer
was “classroom” the distractor was “school”. Words from
the schema inconsistent condition served as foils for the
schema consistent condition and vice versa. Therefore, all
words in the forced-choice recognition task were
encountered in the study phase, and participants could not
respond based on familiarity alone.
Participants were instructed to answer as quickly and as
accurately as possible, as both factors would increase the

amount of points they earned for the task. The points (later
displayed to the participants) were helpful for keeping
participants motivated, without causing additional learning
during the test phase (because the point-feedback was not
provided on the basis of individual trials). There were two
ways in which correct words could be associated with the
cue word: i) direct associations occurred when the two
words (i.e. A-B) had been previously studied; ii) indirect
associations occurred when words had been learned, but
never directly paired together (i.e. A-C, since previously
learned A-B and B-C). Participants were not required to
make the distinction between direct and indirect
associations, but instead simply selected which word was in
some way associated with the cue word. After selecting a
word, participants were asked to indicate their confidence in
their answer on a 3-point scale (guess, probably, sure). After
10 trials, participants were shown a screen with the number
of points they had accrued up to that point and could rest if
needed, before beginning a new set of trials.
There were 100 test trials: 60 containing studied pairs and
40 containing linked pairs. In order to gather more
observations, the testing was repeated 4 times, where each
cycle contained the 100 trials we described in a novel
random order each time.

Results
We analyzed the accuracies, confidence ratings, and RTs via
logistic and linear mixed-effects regression models (Baayen,
Davidson, & Bates, 2008). We excluded incorrect responses
from analyses of confidence ratings and RTs (6-30%,
depending on the condition). Random effects were
determined through restricted likelihood ratio tests and all
final models included varying intercepts for subjects and
individual word pairs (i.e., different subjects and items
differ in their overall accuracy and RT estimates), as well as
varying slopes by subject for the effect of schema
consistency (i.e., the models account for how much
differences in schema consistency varies across subjects).
We inferred the significance of each effect based on
likelihood ratio tests and AIC comparisons of the regression
models that contained the effect in question with identical
models that lacked this contrast.

The effect of schema on learning associations
During the study phase, initial learning differed between
schema-consistent pairs and schema-inconsistent pairs.
Schema-consistent word pairs were correctly recalled more
often on their first presentation in each cued-recall cycle
(Figure 1a; ΔAIC = -34, χ2 (1) = 35.82, p < .001). Schemaconsistent pairs were also recalled faster (Figure 1b; ΔAIC =
-26, χ2 (1) = 27.62, p < .001) and with higher accuracy
throughout the study phase (Figure 1c; ΔAIC = -37, χ2 (1) =
38.97, p < .001), though memory for the pairs was saturated
in both conditions by the end of learning. This is evident by
the subsequent forced-choice recognition performance for
studied word pairs (Figure 3), which were recognized
equally accurately (ΔAIC = -0.7, χ2 (1) = 2.69, p = .101)
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and with similar confidence (ΔAIC = 0.8, χ2 (1) = 0.229, p
= .632) regardless of schema consistency. Schemaconsistent pairs were recognized slightly faster than schemainconsistent pairs, but the effect did not reach significance
(ΔAIC = -1, χ2 (1) = 3.41, p = .065). In summary, while it
took longer to learn schema-inconsistent pairs to criterion,
post-learning recognition accuracy, speed and confidence
did not differ as a function of schema consistency.

easier to reactivate and integrate. To test this explanation,
we included the average accuracy and RTs for each sameset word pair for each participant, as predictors and bysubject random slopes in the mixed-effects regression
model. Memory integration was better when the component
pairs were learned more quickly during study – average
cued recall accuracy for studied pairs predicted subsequent
forced-choice accuracy (ΔAIC = -10, χ2 (1) =12.387, p <
.001) and confidence ratings (ΔAIC = -23, χ2 (1) =24.65, p
< .001) for linked pairs in the set, and the cued recall RTs of
studied pairs predicted forced-choice RTs for linked pairs in
the set (ΔAIC = -4, χ2 (1) =6.21, p = .013). Importantly, the
differences between schema-consistent and schemainconsistent pairs that we outlined above remained
significant even after accounting for the learning rate of
each pair (all p < .01), suggesting that learning rate was not
driving this effect.

Figure 1: Cued-recall performance during learning: a)
distribution of the number of cued-recall cycles on which each pair
was recalled correctly on the first presentation (i.e. without further
drop-out); b) distribution of cued-recall accuracy for each pair
averaged over learning cycles; c) distribution of RTs for correct
cued-recall of each pair.

The effect of schema on integrative encoding

The effect of schema on memory integration

Schema consistent
Links: 1
Links: 2
Difference

0.88
0.81
0.07

2064
2163
-99

2.79
2.61
0.18

Schema inconsistent
Links: 1
Links: 2
Difference

0.79
0.65
0.14

2268
2485
-217

2.67
2.30
0.37

Table 1: Forced-choice performance
Condition

Figure 2: Forced choice a) accuracy, b) RTs (in s.) and c)
confidence for studied and linked pairs depending on whether they
were part of a schema. ** p < .01, *** p < .001

Forced-choice performance in the recognition test of
“linked” pairs (A-C or A-D for A-B, B-C, C-D) revealed
that there was greater memory integration for pairs that were
in schema-consistent sets. Participants were more accurate
(Figure 2a, ΔAIC = -8, χ2 (1) = 10.6, p = < .01), faster
(Figure 2b, ΔAIC = -14, χ2 (1) = 15.68, p < .001) and more
confident (Figure 2c, ΔAIC = -59, χ2 (1) = 65.49, p < .001)
in judging that pairs had been linked, when they were part
of a schema. This is despite accuracy and confidence of
studied pairs being saturated by the end of the study phase.
In summary, all three measures of forced-choice
performance (accuracy, RTs and confidence) indicate that
schema-consistent linked pairs were better integrated during
study. Could the differences in forced-choice performance
for linked pairs be explained by the speed of learning (i.e.,
the number of study trials to reach criterion)? Memory
integration involves reactivating traces for related
information (Karlsson and Frank, 2009; Shohamy and
Wagner, 2008) and since schema-consistent pairs were
learned faster and earlier during the study, they might be

Accuracy

RTs
(ms.)

Confidence

In the last section, we presented evidence that schemaconsistent pairs experience more memory integration. This
section further looks into the extent of fast memory
integration (i.e. integrative encoding). All three measures of
forced-choice performance indicate there was more
integrative encoding for schema-consistent pairs. The extent
of integrative encoding during memory integration is
reflected in the independence of accuracy, RTs and
confidence from the number of links among the linked pairs.
If participants depended more on logical inference to judge
the pairs, then accuracy, RTs, and confidence should have
been worse when they had to cognitively traverse more links
to connect the words. Table 1 shows that the number of
links impacted all measures twice as much for schemainconsistent, than schema-consistent, pairs. The mixed
effects regression models confirmed a significant main
effect of number of links on accuracy (ΔAIC = -26, χ2 (1) =
28.56, p < .001), RTs (ΔAIC = -19, χ2 (1) =21.15, p < .001)
and confidence (ΔAIC = -22, χ2 (1) = 24.30, p < .001). The
effect of number of links interacted significantly with
schema consistency for RTs (ΔAIC = -3, χ2 (1) = 5.04, p =
.025) and confidence (ΔAIC = -7, χ2 (1) = 8.94, p = .003),
but not accuracy (ΔAIC = 0.7, χ2 (1) = 1.26, p = .261). With
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the impact of the number of links on RT larger in the
schema-inconsistent condition than the schema-consistent
condition, we can conclude that memory integration
requires more integrative encoding in the schema-consistent
condition, while decisions in the schema-inconsistent
condition depend more on logical inference.

General Discussion
We have conducted a study in which participants learned
pairs of words with overlapping content (A-B, B-C, C-D)
during a study phase. Shortly after a distraction task,
participants judged whether two elements were indirectly
linked during the study phase (A-C or A-D). We varied the
relation of word pairs to be either schema-consistent or
schema-inconsistent. The results of this study confirmed our
hypothesis that schema not only affects the initial learning
of word associations, but also affects performance during
ilater memory integration (even after accounting for
differences in initial learning rate). In addition, the data
suggest that schema consistency facilitates integrative
encoding through a weaker dependency of inference RTs,
accuracy, and confidence, on the number of links that
connected the two words during study.

Extend the effect of schema to memory integration
It is known that schema affects the initial acquisition, and
consolidation, of memories (Alba & Hasher, 1983). New
information can undergo system-level consolidation (with
hippocampal independence) very rapidly when facilitated by
a schema (Tse et al., 2007). In fact, even among patients
with medial temporal lobe (MTL) damage, intact prior
knowledge structures can support learning new episodic
information that is consistent with schemas (Kan,
Alexander, & Verfaellie, 2009). In contrast, damage to the
mPFC is associated with reduced ability to integrate
incoming information (Schnider, 2003). Recent neural
imaging studies in a healthy population have further verified
that schema-consistent knowledge is mediated by mPFC,
and is integrated with neocortex rapidly, while schemainconsistent knowledge is mediated by the MTL (van
Kesteren et al., 2012; van Kesteren et al., 2013). These
differences in initial acquisition and consolidation of new
memories motivated us to investigate differences in
behavioral markers of memory integration in our current
study.
In particular, we observed not only enhanced learning of
word pairs facilitated by schema, but also enhanced memory
integration, in the form of improved recognition of schemaconsistent linked pairs. This enhanced memory integration
occurred despite both schema-consistent and inconsistent
studied pairs being learned to the same criterion and
recognized equally well during the test phase. In addition,
the facilitation in memory integration is almost immediate
during the encoding stage, rather than occurring (through
logical inference) during the retrieval of initially learnt word
pairs. When combined, these results suggest that schema

plays a key role in fast integration of new information with
existing memories.

Potential mechanism of fast memory integration
Given the differential involvement of the hippocampus or
neocortex based on the use of schema (van Kesteren et al.,
2012; van Kesteren et al., 2013), we hypothesize that the
facilitation effect we observed might reflect different
mechanisms of memory integration performed by the
hippocampus and neocortex. In the hippocampus, fast
memory integration is facilitated by dynamic shifts between
encoding and retrieval states. Encoding of a new but
overlapping event can reactivate a previous event that has
mismatching details (Karlsson & Frank, 2009; Shohamy &
Wagner, 2008). In the neocortex, mPFC demonstrates
neural representational changes that are consistent with
integrative encoding (Schlichting et al., 2015).
Fast encoding that bypasses the hippocampal system is
possible when the new information is consistent with
schema (Tse et al., 2007, 2011), with the mPFC shown to
mediate the encoding (van Kesteren et al., 2012; van
Kesteren et al., 2013). We observed greater (fast) memory
integration for schema-consistent pairings, which might
draw on generalization mechanisms that are more efficiently
implemented in the neocortex than in the hippocampus.

Further implications and future directions
The current study suggests an alternative mechanism that
can support integrative encoding. While the currently
investigated question was motivated by results and proposed
mechanisms at the neural level, it cannot directly test
competing neural theories. Nevertheless, the finding that
schema consistency facilitates memory integration, and
particularly integrative encoding, is novel and highly
informative at the psychological/behavioral level.
Furthermore, it suggests venues for future neuroimaging
research. In particular, based on these behavioral results, we
propose that when there is rapid system-level consolidation
facilitated by schema, memories can also undergo fast
memory integration. Given the short interval between our
study and test phases, it is likely that the learnt material had
not become completely independent of the hippocampus,
even under the effect of schema. The resulting integrative
encoding is therefore likely supported by both the
hippocampus and neocortex, or from an interaction between
the two. Future neural imaging studies with high spatial
resolution in different cortical and sub-cortical areas would
be beneficial to make this distinction. Further neural
imaging studies might also use neural activity during the
encoding stage to predict later memory integration
performance.
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Abstract

Proposal

The present study seeks to substantiate a cognitively-grounded
model of synchronic meaning variation and diachronic meaning change.
We propose that inter-comprehender variability in CONTEXT- SENSITIVITY drives variation in wordmeanings along conceptual structure pathways; we test this
model through English have and its underlying LOCATIONPOSSESSION conceptual structure. Through acceptability ratings, self-paced reading times, and ERPs, we show that
relevant context can facilitate the dispreferred but plausible
LOC interpretation of a have-sentence–the degree of facilitation is predicted by individual differences in CONTEXTSENSITIVITY , indexed here by gender and Autism Quotient.
Altogether, our results suggest that the variation of havesentences’ meanings is principled due to its unified conceptual structure, and that conceptual structure together with context cooperate in guiding comprehension by modulating the
salience of competing variants in real-time. Ultimately, diachronic change is naturally emergent from this model of normal language processing.
Keywords: context; variation; real-time processing; comprehension; semantics; conceptual structure; gender; AQ; selfpaced reading; ERP

We propose that such a conceptual connection serves as
the cognitive pathway fsor the synchronic meaning variation
and consequent diachronic meaning change that we observe
cross-linguistically. While a unified conceptual infrastructure lays the foundation for meaning variation and ultimately
meaning change, individual speaker differences in language
comprehension and usage are what drive linguistic markers
to express different meanings along a given conceptual pathway. Through location-possession meaning phenomena, the
present study seeks to illustrate how conceptually-principled
linguistic variability can be mediated by variability in cognitive attributes of the producer/comprehender, ultimately leading to diachronic meaning change.

Approach
We test this proposal by investigating the lexical item have,
English’s canonical POSS meaning device (4).
(4)

Phenomena
In the domain of location and possession, the world’s languages show synchronic lexical conflation (1-2) of and a unidirectional grammaticalization path (3) from: spatial locative
(LOC) to possessive (POSS) relations (Aristar, 1996; Koch,
2012; Deo, 2015) suggesting a conceptual connection between LOC and POSS (Jackendoff, 2012; Lyons, 1967; Pinker,
1989).
(1)

Le livre, c’est à moi. / Le livre, cest à la bibliothèque.
‘The book, it’s mine.’ / ‘The book, it’s at the library.’

(2)

Nà běn shū zài wǒ zhè’er / Nà běn shu zài
that CL book AT 1.SG here vs. that CL book AT
túshūguǎn
library
‘That book is with me.’ / ‘That book is at the library.’

(3)

Marathi kade: incidental-LOC → non-incidental-LOC
→ temporary control/ownership → alienable-POSS
→ inalienable-POSS

John has a bike.

In line with the cross-linguistic conflations, however, corpus analyses show that despite usage asymmetries, have also
conveys incidental LOC meanings (5).
(5)

The oak tree has a bike near it.

Some proposals in the literature argue that the LOC meaning comes from only the prepositional phrase (Myler, 2014;
Harley & Jung, 2015). In contrast, based on the crosslinguistic observations and a unified conceptual structure
analysis, we argue that the lexical item have itself can express
LOC meanings due to the underlying conceptual connection.
In English, however, these LOC meanings are less frequent
and more ambiguous, leading to a general dispreference of
LOC have-sentences compared to POSS have-sentences. Accordingly, we hypothesize that a supportive context can facilitate the dispreferred, yet possible LOC meaning. Furthermore,
we propose that inter-comprehender variability in the ability to use supportive contextual information in downstream
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processing (CONTEXT- SENSITIVITY) is systematically quantifiable with domain-general cognitive processing style measures.

Conceptual analysis for LOC - POSS
In this unifying conceptual semantics analysis,1 the most fundamental LOC relation represents an inherently transient situation of an EVENT-type (Fig. 1).
E VENT

BE

THING i

PATH

at

PLACE

Figure 1: Conceptual representation of incidental location.
POSS is then built by nesting LOC in the standard CAUSE
frame, creating a unified structure where the possessor is the
EVENT 1 (causal) actor and a possessee is the EVENT2 actor
(Fig. 2).

S ITUATION

CAUSE THING j (EVENT1 ) E VENT2

BE

THING i

PATH

at

PLACE

Figure 2: Conceptual representation of possession
Thus (a) what defines POSS is not only LOC, but the obligatory control of possessor over possessee; (b) retrieving have
entails retrieving this lexico-semantic conceptual structure
(CS). Hence, have should express the wide variety of LOCPOSS meanings observed.
However, while LOC-POSS meanings are part of have’s underlying CS, LOC readings seem to be dispreferred for bare
have-sentences apparently due to lower informativity value
and higher ambiguity potential. If so, to be preferred for bare
have-sentences, LOC meanings should require stronger contextual support.

Individual differences in CONTEXT- SENSITIVITY
In addition to the cognitive pathway laid out by a unified conceptual structure, the other condition for meaning change is
variation produced by different speakers’ strategies within a
speech community. The synthesis and proliferation of such
linguistic variants has been studied largely within the sociolinguistic variationist tradition: Lakoff (1972), McConnellGinet (2014), and Kendall and Tannen (2015) find gender
1 Formalisms

à la (Pinker, 1989; Jackendoff, 1990)

group-level differences in a variety of English phenomena
and suggest that females are more accepting of others’ language, more subtle in their expressions, and more socially
aware of the way they are required to use language, given the
context of their interlocutor. By contrast, males, free from
such strict sociolinguistic conventions, are allowed to remain
less sensitive to context, more independent in their produced
language, and paradoxically, more inflexible with respect to
(socio-)linguistic rules. Labov (1990) applies these socioculturally-based generalizations to linguistic change phenomena, suggesting that the social and linguistic flexibility in female language, due to increased necessity of contextualization, establishes women as linguistic innovators, particularly
in cases where speakers are not conscious of change.
The cognitive neuroscience literature has found neuroanatomical correlates of the generalizations made in the sociolinguistic literature. In one case, Clements et al. (2006)
find a gender difference in phonological and visuospatial processing: males show more bilateral activation in the visuospatial task and more lateralized activation in the phonological task, while females show the opposite distribution.
Kramer, Ellenberg, Leonard, and Share (1996) replicated this
pattern in children between the ages of four and 12. Kaiser,
Kuenzli, Zappatore, and Nitsch (2007), however, find a conflicting pattern in which males, as a group, showed more
bilateral activation in a language production task–though
the differences were not observed at the individual level.
In more generalized cognitive tasks, Abraham, Thybusch,
Pieritz, and Hermann (2014) report that male participants did
show preferential engagement of cortical regions underlying
non-linguistic semantic cognition, rule learning, and decision
making, while females showed preferential engagement in
speech processing and “social perception” areas. Tanner and
Van Hell (2014) find a large degree of individual variance
within monolingual English participants in the biphasic LANP600 response to morphosyntactic violations and conclude
that comprehenders take different neurocognitive routes to
successful comprehension, though they do not quantify these
differences using gender or other measures of CONTEXTSENSITIVITY , instead focusing on working memory, lexical
processing speed, and sinistrality. These sociolinguistic and
neuroscientific proposals, taken together, provide a solid basis for the hypothesis of gender, as one component of cognitive processing style, as a reliable predictor of linguistic
processing differences, and of women as drivers of linguistic innovation.
Yu (2010) extends this framework to sound change and
quantifies linguistic innovators as individuals whose cognitive processing styles, indexed by gender and Autism Quotient (AQ), are the most CONTEXT- SENSITIVE. Yu reports
specifically that low-AQ women (as the most CONTEXTSENSITIVE speaker/comprehenders) under-compensate for
coarticulatory effects, allowing these context-induced phonetic variations to percolate through the speech community,
thus introducing variation and ultimately change. These re-
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sults are the first to link the ability to “mine” relevant linguistic context to an individual’s cognitive processing style, suggesting that individual differences in language processing are
systematic, predictable from domain-general cognitive factors, and potential seeds of variation and change.
Thus, the convergence of synchronic and diachronic linguistic patterns lead us to hypothesize that the process of
change not only operates in real-time over underlying conceptual foundations or pathways but also is actively driven
by individuals’ CONTEXT- SENSITIVITY during comprehension, a process of incremental disambiguation using context
(Swinney, 1979; Altmann & Steedman, 1988, a.o.).

Hypotheses
The linguistic observations and the CS model lead to these
hypotheses: (a) LOC and POSS meanings are part of the
same conceptual representation associated with the lexical
item have, consequently (b) LOC readings of locative havesentences can be made salient and thus more acceptable with
relevant linguistic context, and given independent cognitive
predispositions, (c) the degree of increased acceptance is predicted by an individual’s CONTEXT- SENSITIVITY, indexed
by gender and Autism Quotient (Labov, 1990; Lakoff, 1972;
McConnell-Ginet, 2014; Yu, 2010). We measured the degree to which comprehenders obtain the LOC meaning using a
contextual facilitation paradigm (presenting ambiguous havesentences after differing contexts).

Predictions
We predicted higher acceptability ratings and lower reading times for ambiguous sentences (e.g. The maple tree
has a car.) after LOC vs. (less plausible) POSS contexts,
as speakers will be able to recover the less-canonical LOC
meaning given the appropriate context; we expect more
CONTEXT- SENSITIVE speakers (women/low-AQ speakers) to
show larger effects, as the critical psycholinguistic operation
is contextualization-based.
Our unified conceptual structure (CS) model, which proposes that LOC/POSS meanings are part of the same CS retrieved through have, predicts a late-positivity ERP (Piñango
et al., 2016; Weiland, Bambini, & Schumacher, 2014) at
the complement of have for LOC contexts (a) indexing the
context-modulation effort needed to facilitate LOC meanings
and (b) interacting with individual CONTEXT- SENSITIVITY
levels. That is, the process of contextually supporting the
less frequent LOC meaning of have is a matter of contextintegration, which is variable across comprehenders. Specifically, performing this context-modulation effort will result in a late-positivity; the individual differences therein
will correlate with our indices of context-sensitivity (gender + AQ), in that more context-sensitive comprehenders
(women/low-AQ) should show a greater amplitude during
the late-positivity window than less context-sensitive comprehenders (men/high-AQ), in line with predictions from Yu
(2010, a.o.).

Alternatively, if the syntax-dependent polysemy approach
(Harley & Jung, 2015; Myler, 2014, a.o.), which claims that
the LOC meaning of have is sourced entirely to a LOC-PP,
were correct, a P600, indexing the syntactic repair of LOC-PP
insertion, would be observed with no individual differences.
Both accounts predict an N400, as an index of word-level semantic unexpectedness, after the contextually non-facilitating
POSS context.
Observing N400 and late-positivity components that are
correlated with individual CONTEXT- SENSITIVITY (as indexed by gender + AQ) would support the unified LOCPOSS conceptual structure account, while observing N400
and P600 components with no correlation with CONTEXTSENSITIVITY measures would support a syntactic repair/insertion analysis.

Study 1: Acceptability ratings
We showed six target sentences with four context-types (Tab.
1) in addition to 86 filler sentences for a total of 120 experimental items to two subject populations: 48 Yale University students (26 female, ages 18-29, mean age 20;10) and 91
individuals recruited through the Amazon Mechanical Turk
platform (48 female, ages 18-30, mean age 24;8).
Each target sentence was a have-sentence expressing an incidental proximity relation (LOC). The two entities in each
sentence were selected to prevent bias toward a construal of
possession and to block any plausible containment reading.
The locative context-type provided a similar incidental proximity relation to facilitate the dispreferred LOC interpretation of the target have-sentence, while the possessive contexttype provided an inalienable part-whole relation–a canonical
possession relation expressed by have. Two experimental
control context-types served as baseline measures: the nocontext condition provided the target sentence alone to rule
out mere presence of context as facilitatory and the nonsensical context-type provided the locative context but with a
nonsensical conjunction to illustrate a categorical distinction
between the dispreference of a LOC interpretation of a havesentence and the true semantic unacceptability of the nonsensical conjunction.
Subjects first saw the context alone and were asked to rate
it on a scale from 1-7, and then saw the whole experimental sentence, and were asked to provide a rating, again, on a
scale from 1-7. Each participant saw all sentences in a unique,
pseudo-randomized order.
Mixed-effects models with the acceptability ratings show
that only the LOC contexts significantly facilitated target interpretation (p < .001). Moreover, in line with the predicted gender differences in CONTEXT- SENSITIVITY, females (shown to be more CONTEXT- SENSITIVE) are responsible for the main effect (Fig. 3).
These results suggest that LOC meanings are part of the
unified conceptual structure retrieved through have, and that
comprehenders, especially the more CONTEXT- SENSITIVE
female comprehenders, are sensitive to the contextual con-

2785

Table 1: Study 1 stimuli
Context-type
Locative
Possessive
No-context
Nonsensical

Context
The motorcycle is under the pine tree
The pine tree has a big branches
The maple tree has a car
The motorcycle is under the pine tree

Conj.
and
and
and
or

Target
the maple tree has a car.
the maple tree has a car.
the motorcycle is under the pine tree.
the maple tree has a car.

Table 2: Study 2 stimuli
Context-type
LOC -have
LOC -be
Inalienable-POSS

Context
The pine tree has a silver motorcycle under it
The silver motorcycle is under the pine tree
The pine tree has big branches

Target
and the maple tree has a car that is red.

Mean acceptability rating (1-7)

Note: boldface indicates time-locked segment for ERPs.
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Figure 3: Acceptability ratings by context-type and gender.
ditions that support the LOC meaning of a have-sentence.

Study 2: Self-paced reading
A similar target as in Study 1 was shown to 65 Yale University students (37 female, ages 18-27, mean age 20;8) after 3
context-types (Tab. 2). A total of 50 sentence sets, comprising 150 experimental sentences, with an additional 50 filler
sentences, for a total of 200 stimulus items, were shown to
each participant in a unique, pseudo-randomized order.
A relative clause containing a copular predicate was added
to the end of each target sentence to act as a spill-over buffer–
a series of cost-free windows that isolate delayed sentenceprocessing effects from the sentence-final “wrap-up” effect.
The additional descriptive detail was matched by adding corresponding adjectives to the contexts.
Reading times were residualized for window length and
each subject’s individual reading speed (Gibson & Warren,
2004, a.o.). Mixed-effects models of the residualized reading
times (Fig. 4) show that only the LOC-have context significantly facilitated the target at the complement of have (p’s <
0.01), but that this effect was present in both gender groups.
The timecourse of processing demonstrates that the contextualization effort, significant only in the window containing the noun-complement of have, is part of the standard
processing of have, suggesting that LOC meanings are in-

Figure 4: Self-paced reading times by context-type and gender.
trinsically represented by the conceptual structure underlying
have. Syntactic repairs, specifically LOC-PP insertion, would
have manifested as processing cost delays in the following
segment, where the parser would have discovered the lack
of LOC-PP. Furthermore, the semantically equivalent LOC-be
context showed just as much of a slow-down as the implausible POSS context, suggesting that the joint LOC-POSS structure is indeed retrieved through the lexical item have.
While the gender groups showed significant differences in
the conscious evaluation of LOC have-sentences, they did not
show differences in the locus or magnitude of the contextualization effort, suggesting that introspection alone may not
reflect the entirety of the underlying real-time processing infrastructure.

Study 3: Event-related potentials
The LOC-have and Inalienable-POSS context-types from
Study 2 were shown to 20 Yale University students (12 female, ages 18-24, mean age 20;5) while undergoing EEG
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recording. Electrophysiological measures were recorded using Neuroscan Synamps2 amplifiers and a 64-channel QuikCap with an online Cz reference, at a 1,000 Hz sampling rate.
Horizontal and vertical electrooculograms were recorded
with electrodes above and below the left eye and on both outer
canthi to control for eye-movement artifacts. Impedances
were kept below 5 kΩs for each electrode and ERPs were
time-locked to the onset of the noun-complement of have, following the self-paced reading processing timecourse. Stimulus sentences were presented one word at a time in the center
of the screen; each word was displayed for 500 ms.
The EEG waveforms were first visually inspected for artifact rejection, and then were filtered (1-80 Hz bandpass with
a notch filter at 60 Hz), re-referenced offline to averaged mastoids, epoched around the critical words (200 ms pre- to 999
ms post-stimulus), baseline corrected using the pre-stimulus
interval, and averaged within each condition for each subject.
Linear mixed-effects models were created using the fixed
effects of context-type, gender, scalp location (9 levels: left
anterior, middle anterior, right anterior, left central, middle central, right central, left posterior, middle posterior,
right posterior), and the continuous individual CONTEXTSENSITIVITY (AQ) measures. The random effects included
random intercepts for participants and items as well as byparticipant random slopes for the effect of context-type.
Mean amplitudes were calculated over windows based on semantic context-modulation ERP studies in the literature (e.g.,
400-500 ms post-onset for N400; 600-850 ms post-onset
for P600; and 850-1000 ms post-onset for late-positivity;
(Piñango et al., 2016, a.o.)), and adjusted based on visual inspection (Schumacher, 2014).

a. Men - N400 effect

400-500 ms window in the centro-parietal region; females,
however, showed a longer (400-600 ms) effect, which spread
to frontal electrode regions in the 500-600 ms part of the
window. Mixed-effects models show a context-type-genderAQ interaction for the LOC-have context in the late-positivity
window (850-1000 ms post-onset), revealing that low-AQ
women, as the most CONTEXT- SENSITIVE comprehenders
showed significantly higher amplitudes than low-AQ women
as well as both high- and low-AQ men (p’s < .05, Fig. 6).
No differences between gender + AQ groups was observed in
the Inalienable-POSS context-type, as no context-modulation
is expected. These gender-group differences in duration, area,
and magnitude are consistent with the previous findings that
females, and especially low-AQ females, show greatest sensitivity to contextual modulation.

Figure 6: C ONTEXT- SENSITIVITY indices of gender + AQ
predict magnitude of context-modulation effort (Amplitude
of the late-positivity ERP component.
These results help nuance the self-paced reading time data,
and give more support to the unified LOC-POSS conceptual structure analysis: facilitating the less canonical LOC
meaning of a have-sentence is a matter of standard contextintegration, as shown by the late-positivity component, and
consequently, varies across individual comprehenders based
on their degree of CONTEXT- SENSITIVITY as indexed by
gender + AQ. There were no significant differences observed
in the P600 window, suggesting that no syntactic repair mechanism, such as LOC-PP insertion, took place in the processing
of the have-sentence. Such a process, had it been observed,
would not be predicted to demonstrate inter-comprehender
differences, as it would be an invariant, reflexive response
across all comprehenders.

Summary

b. Women - larger N400 effect
Figure 5: Locative vs. possessive–center-parietal electrodes.
An N400 was observed for the Inalienable-POSS context
(Fig. 5) relative to the LOC-have for all participants in the

The converging results from the three studies detailed above
suggest that normally dispreferred LOC meanings are an intrinsic component of the lexico-conceptual structure retrieved
by the lexical item have and can be facilitated by relevant
context. Such a finding connects English have to the crosslinguistic location-possession patterns, strengthening the argument that these pathways of change are underlain by a
unified conceptual infrastructure; in English, location and
possession meanings are retrieved through the lexical item
have in a gradient contextualization effect, and not a categorical ungrammaticality repair. Furthermore, the degree
of contextual facilitation interacts with cognitive processing
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style (indexed here by gender + AQ), pointing to CONTEXTSENSITIVITY as an critical cognitive component in meaning
composition, and the differentiation of speakers in a speech
community, some of whom (the innovators) will lead consequent change.

Conclusion
Our results suggest that the linguistic distribution of have
is inherently principled due to a unified CS that allows us
to quantify systematic inter-comprehender variation along a
CONTEXT- SENSITIVITY gradient. The underlying CS and
relevant context cooperate in guiding comprehension by increasing the salience of otherwise infrequent but plausible underlying meanings, as comprehension unfolds. We propose
that these linguistic and cognitive factors together form the
core of normal language processing and, with a flexible unified CS, the minimal infrastructure for synchronic variation
and diachronic meaning change.
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Abstract

game instances can help to better understanding why certain game instances are easy or hard. Such complexity measures are a promising supplement to empirical ratings because
they can improve the categorization of the difficuly of game
instances. Computational and logical analysis have proven
themselves as useful tools to study combinatorial properties
of cognitive tasks in order to categorize them into psychologically plausible difficulty classes (for an overview and examples, see, e.g., Isaac, Szymanik, & Verbrugge, 2014; Geurts,
2003; Kemp & Regier, 2012; Feldman, 2000; van Rooij &
Wareham, 2008; Verbrugge & Szymanik, 2018). This approach allows us to formalize a cognitive task and extract parameters of the formalization as indicators of the cognitive
difficulty of the task.

Deductive Mastermind is a deductive reasoning game that is
implemented in the online educational game system Math Garden. A good understanding of the difficulty of Deductive Mastermind game instances is essential for optimizing the learning
experience of players. The available empirical difficulty ratings, based on speed and accuracy, provide robust estimations
but do not explain why certain game instances are easy or hard.
In previous work a logic-based model was proposed that successfully predicted these difficulty ratings. We add to this work
by providing a model based on a different logical principle—
that of eliminating hypotheses (dynamic epistemic logic) instead of reasoning by cases (analytical tableaux system)—that
can predict the empirical difficulty ratings equally well. We
show that the informational content of the different feedbacks
given in game instances is a core predictor for cognitive difficulty ratings and that this is irrespective of the specific logic
used to formalize the game.
Keywords: deductive reasoning; mastermind; educational
game; cognitive difficulty; logical analysis; computational
modeling; dynamic epistemic logic

Introduction
Deductive reasoning is a crucial skill in everyday life as well
as in many professions. Children can train this skill by playing educational games like Deductive Mastermind (DMM),
in which a secret code needs to be deduced from reasoning about given clues. This game has been implemented in
an online educational game system in the Netherlands, Math
Garden (Rekentuin),1 which has resulted in a large and rich
collection of user data: Over 200,000 Dutch primary school
students have been using this system to practice their mathematical and logical thinking skills (van der Maas & Nyamsuren, 2017). Math Garden records players’ speed and accuracy data in solving the game and uses these to compute difficulty ratings (Klinkenberg, Straatemeier, & van der Maas,
2011). These ratings serve as an empirical indicator of the
cognitive difficulty of DMM game instances. Such ratings
are important for the game experience because for an optimal
training-effect it is essential that players are presented with
reasoning tasks of the right difficulty level (Ericsson, 2006).
These empirical ratings provide robust estimations of the
cognitive difficulty of game instances but do not themselves
explain this difficulty. Theoretical complexity measures of
1 More information can be found at mathsgarden.com or rekentuin.nl.

In this study, we use dynamic epistemic logic (DEL) to
analyze the difficulty of the DMM game. We investigate
which parts of the logical structure of the deductive reasoning task can predict the cognitive difficulty of DMM game
instances. We propose a model of the DMM game based on
dynamic epistemic logic, and we derive difficulty measures
using formal aspects of this model. On the basis of results
from Gierasimczuk, van der Maas, and Raijmakers (2013) we
predicted that the different feedback types in the game would
be a core predictor for our model, as it was for their analytical
tableaux model. In DMM, players are presented with clues
that consist of conjectures and corresponding feedbacks. This
feedback can be of different types that give different kinds of
information, like, “right color but wrong position” or “right
color and right position.” Our prediction about the importance
of the different feedback types was confirmed by our results.
The basic features of the DMM game could only explain 27
percent of the variance in difficulty ratings, and adding the
DEL measures that did not parameterize over different feedback types only explained up to 43 percent. Including the
DEL measures that did parameterize over different feedback
types increased the explained variance to 67 percent.
We compare our results with those of Gierasimczuk et al.
(2013), who used a model based on a different logical tool:
the analytic tableaux system, a proof-theoretic method that
uses search trees. Their model is based on the principle of
reasoning by cases, and, in addition, it parameterizes over the
different feedback types. Similarly to our model, it success-
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fully predicted 66 percent of the variance in the difficulty ratings.2 The tableaux model builds a search tree to generate all
possible cases given the clues and then searches through the
tree to find which unique case leads to a solution and which
cases are inconsistent. To make predictions about human reasoning, the tableaux model extends the tableaux method with
an assumption, based on the properties of different feedback
types, about the order of processing the clues in the game.
The complexity measures defined on the basis of this model
depend on its underlying assumptions about the specific reasoning process of players: the assumption of processing clues
one by one and in a specific order, and the assumption that
players reason by cases (building up and searching through a
tree, also in a specific order), via the tableaux method.
We hypothesize, however, that the predictive power of the
tableaux model is independent of these assumptions. We suspect that this model captures something about the underlying
structure of the reasoning task that is essential in determining the cognitive difficulty and that the core determiner for
this difficulty lies in the different feedback types in the clues
in the game. We test this using a model that is based on a
different logical system, namely dynamic epistemic logic.
Our DEL model works via the principle of starting from
the space of all possible solutions and eliminating answers by
updating with the information given by the clues. We present
both an order-dependent and an order-independent model that
use sequential or simultaneous updates, respectively (see Figures 2 and 3). We pitch our model at Marr’s computational
level (Marr, 1982), in the sense that it is meant to capture
the structure or nature of the reasoning task and makes no
commitments about the kind of algorithm or process used to
solve it. Since we found that the tableaux and the DEL models have similar predictive power with respect to the cognitive
difficulty ratings and moreover we found that their complexity measures are highly correlated, our results imply that although these models use a different formalism, they are tapping into the same underlying structure of the deductive reasoning task.

The Deductive Mastermind Game
Mastermind is played by two players: a code-maker and a
code-breaker. The code-maker chooses a sequence of ` color
pegs (also called pins): the secret code. Each round the codebreaker makes a conjecture about the code by choosing a sequence of ` color pegs. The code-maker provides feedback
about this conjecture: a black pin for each peg that is of the
correct color in the correct position and a white pin for each
peg that is of the correct color but in an incorrect position.
Based on this feedback the code-breaker places a new conjecture in the next round. Finally, the code-breaker wins the
game if she finds the secret code within m rounds.
2 For the dataset from 2012 that Gierasimczuk et al. (2013)
used—containing 100 game instances—the tableaux model predicted up to 75 percent of the variance in difficulty ratings. For the
dataset from 2017—containing 355 game instances—it predicted up
to 66 percent of the variance.

` pins

n
clues

k flowers

Figure 1: Screen shot of an example DMM game instance
Deductive Mastermind, or Flowercode, as it is called in
Math Garden, is a one-player game where, instead of coming
up with conjectures, the player is given a sequence of clues.
In Math Garden, instead of color pegs, different types of flowers are used to make the game more attractive for children. A
game instance consists of k possible flower types and a sequence of n clues, which consist of conjectures, sequences
of ` flower pins, and corresponding feedbacks, sequences of `
feedback pins. Each feedback pin in a feedback corresponds
to exactly one of the flower pins in the conjecture. Deducing
which feedback pin corresponds to which flower pin is part
of the game. The order in which the feedback pins are placed
have no meaning. The possible feedback pins that may be
used are green (g), for a correct flower in the correct position; orange (o), for a correct flower in the wrong position;
and red (r), for flowers that do not occur in the secret code.
The game instances are designed in such a way that there exists exactly one answer, one code, that is consistent with the
clues. The goal of the player is to deduce this secret code in
one go. See Figure 1 for an example of a game instance.
Math Garden offers game instances ranging from 2-pin to
5-pin games. We call a game instance with a secret code of
length ` an `-pin game. In this paper, we focus on modeling
the 2-pin games. The fact that the 2-pin games are the most
played instances and that they cover a wide range of difficulty ratings justifies this restriction. The 2-pin games have
conjectures and corresponding feedbacks of length 2. We call
a sequence of ` feedback pins an `-pin feedback. Since the
order of the feedback pins have no meaning, there are six distinct 2-pin feedback types: oo,rr,gr,or,gg, and go. Feedback type gg is ruled out because it would give away the
secret code and feedback type go is ruled out because it is
inconsistent with a secret code of length 2. Therefore, the allowed feedback types for 2-pin game instances are oo,rr,gr,
and or.
By means of a computerized adaptive practice system,
Math Garden calculates an empirical estimation of how difficult a DMM game instance is to solve, based on players’
speed and accuracy data (Klinkenberg et al., 2011; Maris &
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van der Maas, 2012). This system uses the following rating
principle: The more players that can solve a game instance
correctly in a shorter period of time, the easier this game instance is, and vice versa. The calculation of these ratings are
based on the Elo rating system, which is widely used for calculating capability rankings, such as for chess players (Elo,
1978). Math Garden extends the Elo rating system by, in addition to outcomes, also taking into account reaction time.

Dynamic Epistemic Logic Model
We present a model of the Deductive Mastermind game, using dynamic epistemic logic (DEL). This model is based on
the principle of eliminating informational states by updating
an initial epistemic model with new information. These informational states are represented by a collection of nodes,
called possible worlds. In each possible world certain propositions are set to true or false. The truth values of propositional sentences are evaluated relative to the propositional
information that is distributed over the possible worlds.
Dynamic epistemic logic is a particular kind of modal logic
(see, e.g., van Ditmarsch, van der Hoek, & Kooi, 2008).3
Given a set of propositions P, an epistemic model S = (S, ||·||)
is a tuple consisting of a set S of possible worlds and a valuation function || · || : P → P (S) that defines the truth values
of the propositions in the possible worlds. A change in the
information represented by an epistemic model can be represented by an event model. An event model E = (E, pre) is a
tuple consisting of a set of events E and a function pre that
assigns a precondition prei , some propositional sentence, to
each event ei ∈ E. An epistemic model can be updated by an
event model by using the update operator ⊗, which selects
those worlds that satisfy the preconditions of an events (i.e.,
those worlds that are consistent with the event). The updated
model S ⊗ E = (S ⊗ E, || · ||) is an epistemic model with a set
of worlds S ⊗ E = {(s, e) ∈ S × E | s |= pree } and a valuation
function such that ||p||S⊗E := {(s, e) ∈ S ⊗ E | s ∈ ||p||S }.
Given a game instance with n clues, we model the DMM
game as follows. We start from the space of all possible answers, which are all flower sequences of the correct length
with flowers of the allowed flower types. This space is determined by the number of available flower types k, and the
length of the secret code ` (as mentioned earlier, here we
model the case that ` = 2). We model this space by an epistemic model S0 = (S, || · ||) in which each possible world represents exactly one possible flower sequence and all of the
flower sequences are represented by a possible world. See S0
in Figure 2 for an illustration. We represent the flower types
and their position in the flower sequence by means of indexed
propositions.4 We will refer to some flower sequence a-b by
3 For readers that are familiar with the details of DEL it suffices
to know that we use the basic propositional language, the product
update rule, and sphere semantics. This semantics differs from the
standard Kripke semantics for epistemic models, by not having a
relation over the set of worlds. Furthermore, we use a simplified
version of epistemic models and event models, by only using nonpointed models and event models with one event.
4 Technically, this works as follows. Let t , . . . ,t be the allowed
1
k

sentence a1 ∧ b2 (read: flower a at position 1 and flower b
at position 2). Consider the following example with a sunflower and a daisy. Let s stand for sunflower and d for daisy.
The flower sequence sunflower-daisy is represented in some
world w by setting propositions s1 and d2 to true in world w
and setting all other propositions to false. Then the sentence s1 ∧ d2 is true in w.
Next, we continue with the clues in the game instance. The
feedback given on the flower sequence in a clue limits the
number of possible answers; a clue shrinks the space of possible answers to those that are consistent with the clue. The
game instances of DMM are designed in such a way that after
taking into account all the clues, there is exactly one possible
answer left. We translate the informational content (i.e., the
eliminative power), of the different feedback types oo, rr, gr,
and or into preconditions of events in event models. When
updating the initial epistemic model with an event model that
corresponds to some clue Ci , these preconditions will select
only those worlds that represent flower sequences that are
consistent with clue Ci .
We represent each clue Ci in the game instance by an event
model Ei = (E, pre). Each event model consists of a single
event ei ∈ E with a corresponding precondition prei . We define the preconditions of these events as follows. Consider
a clue Ci consisting of flower sequence a1 ∧ b2 and feedback
type σ. We let
prei = b1 ∧ a2 ,
prei = ¬a1 ∧ ¬a2 ∧ ¬b1 ∧ ¬b2 ,
prei = (a1 ∧ ¬b2 ) ∨ (¬a1 ∧ b2 ),
prei = (¬a1 ∧ ¬b1 ∧ a2 ) ∨ (b1 ∧ ¬a2 ∧ ¬b2 ),

for σ = oo;
for σ = rr;
for σ = gr;
for σ = or.

The corresponding precondition prei for feedback type oo in
clue Ci ensures that prei is true in worlds corresponding to
flower sequences in which the positions of the two flowers
are switched in comparison to the flower sequence in Ci . The
precondition prei for rr ensures that prei is true in worlds
corresponding to flower sequences in which neither of the
flower types in Ci occur. The precondition prei for gr ensures that prei is true in worlds corresponding to flower sequences in which one of the flowers in Ci is at the right position and the other flower in Ci does not occur. Finally, the
precondition prei for or ensures that prei is true in worlds
corresponding to flower sequences in which one of the flowers in Ci occurs at a different position, and the other flower
does not occur.
By updating the initial model S0 with event model E1 , we
get epistemic model S1 = S0 ⊗ E1 . Epistemic model S1 represents the space of solutions that are consistent with clue C1 .
Then in turn, we can update model S1 with clue C2 to get
epistemic model S2 = S0 ⊗ E1 ⊗ E2 , which represents the
flower types. Then for each i ∈ {1, . . . , k} and each j ∈ {1, 2} we
define proposition pi, j . Proposition pi, j represents that flower ti is
at position j of the flower sequence. The valuation function || · ||
is defined in such a way that for each flower sequence (pi1 ,1 , pi2 ,2 ),
with i1 , i2 ∈ {1, . . . , k}, there is exactly one world w in the epistemic
model such that propositions pi1 ,1 and pi2 ,2 are true in this world,
and every other proposition is false in this world.
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space of solutions that are consistent with clue C1 and clue C2 .
Then Sn = S0 ⊗E1 ⊗· · ·⊗En represents the space of solutions
that are consistent with all clues C1 , . . . ,Cn . By construction
of the game instance, model Sn consists of exactly one world,
which represents the secret flower code. For an illustration,
see the example in Figure 2.
We can now represent a game instance with n clues by epistemic model S0 and event models E1 , . . . , En . Solving the
game then means answering the question of which flower sequence remains in the final updated model S0 ⊗ E1 ⊗ · · · ⊗ En .
This means asking which sentence ϕ1 ∧ · · · ∧ ϕl , representing a possible flower sequence, is true in the final updated
model Sn .
Sequential and Parallel update series We use two different update series for the model, namely an order-dependent
sequential update and an order-independent parallel update.
The sequential update series updates the initial epistemic
model with the event models for the clues sequentially, in
the top-to-bottom order of the given clues. For i ∈ {1, ..., n}
each updated model Si is defined as Si = Si−1 ⊗ Ei . An example is shown in Figure 2. For the parallel update series,
each updated model Si is defined as Si = S0 ⊗ Ei . This gives
a series of updated models S1 , ..., Sn of which the intersection
is equal to sequential-update model Sn . An example is shown
in Figure 3.
S0
S1 = S0 ⊗ E1
S2 = S0 ⊗ E1 ⊗ E2
clue 1

number of worlds in S, i.e., when S = (S, || · ||), we have
that |S| = |S|. The size of an epistemic model reflects the
number of possible answers and therefore the amount of uncertainty that remains.
Average size of epistemic models We define the sum of
the epistemic models in a sequential update series S0 , . . . , Sn
by SUM(S0 , . . . , Sn ) := ∑ni=0 |Si |. Then we define the average size of the epistemic models by SV(S0 , . . . , Sn ) :=
SUM(S0 , . . . , Sn )/n. The higher the value of this measure,
the longer it is the case that many worlds remain in the epistemic model after updating with the clues—the number of
clues being equal.
Convergence rate We define the complexity measure
CR of a sequential update series S0 , . . . , Sn by the average ratio |Si |/|Si−1 | for i ∈ {1, . . . , n}: CR(S0 , . . . , Sn ) :=
∑ni=1 (|Si |/|Si−1 |)/n. The higher the value of this measure,
the more difference in informational value between the clues.
Size of epistemic models per feedback type We define the complexity measure FB-s of a parallel update series S0 , . . . , Sn . This complexity measure is parameterized
over the different feedback types and in fact consists of four
measures—one for each feedback type σ ∈ {oo,rr,gr,or}.
For each feedback type σ and for each clue Ci that contains σ,
we consider the size |Si | of the updated model Si = S0 ⊗ Ei .
The value of the measure for σ is then defined as the average
of |Si | for all clues containing σ. If there is no clue containing σ, we give the measure for σ the value 0.
Convergence rate per feedback type Furthermore, we define the complexity measure FB-r of a parallel update series S0 , . . . , Sn . For each feedback type σ, and for each clue Ci
that contains σ, we compute the ratio |Si |/|S0 |. The value of
the measure for σ is then defined as the average of |Si |/|S0 |
for all clues containing σ. If there is no clue containing σ, we
give the measure for σ the value 0.
The higher the value of these measures per feedback type,
the more worlds remain in the epistemic model after updating
with the clues.

clue 2

Figure 2: The linear update series for the example in Fig. 1
S0

Results
clue 1

S 1 = S 0 ⊗ E1

clue 2

S2 = S0 ⊗ E2

Figure 3: The parallel update series for the example in Fig. 1

Complexity Measures
We now define several complexity measures over the update
series generated by the DEL model for DMM game instances.
Size of epistemic models A natural parameter of epistemic
models is their size, i.e., the number of worlds in these models. We define the size |S| of an epistemic model S as the

For the statistical analysis we used the ratings based on Math
Garden user data between November 2010 and April 2017.
These data contain 355 DMM game instances with 2 pins.
From these 355 instances, 11 instances involved 2 flower
types, 82 instances involved 3 flower types, 127 instances involved 4 flower types and 135 instances involved 5 flower
types. We tested our complexity measures on this dataset.
We computed the value of the complexity measures based on
our model for all 355 game instances and used multiple linear regression to see how well our dynamic epistemic logic
(DEL) model predicts the variance in the empirical difficulty
ratings for these items.
We consider six different regression models.
First,
Model 0, is a simple model that only includes basic characteristics of the game: the number of flower types, the num-
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ber of clues, and whether all flower types are used in the
clues. Model 0 explained 27 percent of the variance in difficulty ratings. Model DELSV extends Model 0 with complexity measure SV, and it slightly improved on Model 0 by
explaining 36 percent of the variance. Model DELCR extends Model 0 with complexity measure CR, and it slightly
improved the predictions by explaining 43 percent of the variance. Model DELFB-s extends model 0 with complexity measure FB-s, and with 63 percent it explained much more of
the variance. Model DELFB-r extends model 0 with complexity measure FB-r, and with 67 percent it explained the most
variance. So only the measures that parameterize over the different feedback types provided a nice fit. See Table 1 for an
overview of the parameter estimates.
Comparison with the tableaux model Furthermore we included Model TABL, which is the regression model used by
Gierasimczuk et al. (2013). Model TABL extends Model 0
with complexity measures per feedback type, based on the
tableaux model. These measures count the number of nodes
in the minimal search tree that is generates from processing
the feedbacks in the order oo,rr,gr,or. For more details
see Gierasimczuk et al. (2013). Run on the data from 2017
their model explained 66 percent of the variance.
Additionally, we ran a regression for the combined model
including the measures from both DELFB-r and TABL.
With R2 = .68 this combined model did not explain any additional variance (see Table 1). Furthermore, we compared the
feedback measures of the Tableaux and the DELFB-s model
and we found high correlations (see Table 2).

Discussion
We investigated the difficulty of Deductive Mastermind
(DMM) game instances with tools from dynamic epistemic
logic (DEL). We proposed a formalization of DMM, in which
we used epistemic models to represent possible answers and
event models to encode the information in the clues. Based
on parameters of this model we formulated several complexity measures to capture the difficulty of game instances. Our
model was able to successfully predict 67 percent of the variance in the empirical difficulty ratings. Including our complexity measures in the regression model greatly increased
the fit in comparison to the simple model that uses only basic
characteristics. These findings show that the dynamic epistemic logic modeling method has merit.
When comparing the different complexity measures that
we used it is noteworthy that only the complexity measures
that parameterize over the four different feedback types gave
a good fit. The complexity measures that did not parameterize over feedback types were not even able to explain half of
the variance, while the complexity measures that did parameterize over feedback types explained two third of the variance. This confirms our prediction, based on the results by
Gierasimczuk et al. (2013), that the informational content of
the different feedback types is a core determiner of the cognitive difficulty of solving a DMM game instance.

We compared our DEL model with the tableaux model
by Gierasimczuk et al. (2013), which also parameterizes
over the different feedback types. The DEL model and the
tableaux model measure different aspects of the DMM game.
The tableaux model builds a search tree, generating all possible cases, and searches through this tree to find the unique
case that leads to a consistent answer. It measures the length
of the search path in the minimal search tree, per applied feedback type. The DEL model, on the other hand, focuses on the
space of possible solutions and it measures how the size of
this space shrinks by the information in the clues.
Despite the differences in the construction of the two models, their results were very similar. Combining the tableaux
model with the DEL model did not explain any additional
variance, and we found high correlations between their complexity measures. These results imply that the tableaux and
the DEL models capture an essential part of the structure of
the DMM reasoning task and that their predictive power is independent of the specific formalization, i.e., the specific type
of logic, that is used. These results also show that the predictive power of the tableaux model is not dependent on its
assumptions about processing the game in terms of reasoning
by cases, or the fact that the model is order dependent—since
our DEL model is order independent, using a parallel update,
and does not use reasoning by cases.
An aspect that both the DEL and tableaux model can improve on is their restriction to 2-pin games. Future research
may include extending these models to games with codes of
lengths 3, 4, and 5, to predict the variance in difficulty ratings
for all instances of the DMM game in Math Garden. To gain
further insight in the kind of reasoning used in DMM, it is
interesting to look at error patterns in responses. Therefore,
future research may also include investigating and explaining
these patterns in terms of formal aspects of the logical structure of game instances. In addition to this, future research
could look at the learning patterns of successful answers.
For certain game instances (like game instances with only gr
feedbacks, such as shown in the example in Figure 1) players
seem to be learning shortcuts. The DEL model could be used
to investigate whether logical shortcuts based on cross-clue
reasoning can explain such learning patterns.
In this paper, we showed that logic-based modeling
methods can be used successfully to predict the cognitive difficulty of deductive reasoning tasks. We believe that similar
techniques to the one developed in this paper can be used to
better understand factors contributing to the cognitive difficulty of a variety of other cognitive tasks. With this study we
hope to contribute to a growing body of work that shows that
computational models based on logical principles can be of
psychological relevance for investigating human reasoning,
such as applied in deductive reasoning games.
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Table 1: Parameter estimates of the DEL and tableaux regression models
Model 0
(Intercept)
−17.8894***
#flower types
−0.3354
#clues
4.5300***
allflowersinitem −8.8332***
SV
CV
ooD
rrD
grD
orD
ooT
rrT
grT
orT
R2
Num. obs.

0.2679
355

DELSV

DELCR

DELFB-s

DELFB-r

TABL

DELFB-r +TABL

−27.7091***
20.7143***
−4.5951***
−6.3370***
−3.3568***

−42.2720***
−5.7883***
58.0237***
−6.4818***

−10.28256*** −26.8712***
2.47430***
34.6568***
−2.16959*** −7.6840***
−5.02605*** −6.9753***

−14.432994*** −10.1257***
4.562682*** −2.3511***
−1.016774*
1.7511*
−6.089445*** −5.4334***

−8.98402***
−0.04604
0.70094***
1.83475***

−8.3863**
0.2147*
0.8798***
0.7604**
−11.455507*** 0.5752
−2.983262*** −0.9595
0.003135
0.4168*
2.518258***
2.4814**

−75.8919***

0.3581
355

0.425
355

0.6322
355

−55.209***
−46.610***
−41.0523***
−21.3221***

0.672
355

0.6614
355

0.6847
355

The measures for ooD, rrD, grD, and orD are defined by FB-s and FB-s, for DELFB-s and DELFB-r , respectively; the measures
for ooT, rrT, grT , and orT are defined by the tableaux model (corresponding to Model 1 in Gierasimczuk et al., 2013).
*** p < 0.001, ** p < 0.01, * p < 0.05

Table 2: Correlations between the feedback measures of the
Tableau Model (T) and the DEL model (D)
ooD
ooT
rrT
grT
orT

rrD

grD

orD

0.9642 −0.0763 −0.2312 −0.2843
−0.0720
0.7475 −0.0012 −0.2177
−0.3165 −0.0580
0.6448 −0.1270
−0.2674 −0.1293 −0.2096
0.7632
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Abstract
Drift diffusion models of decision-making offer some of the
most robust predictions of response time for a number of
memory manipulations. Some drift diffusion models have
been extended to explain confidence judgments. Many of
these models assume that confidence judgments are
independent and are not systematically related to other task
items. In this paper the authors report a relationship between
confidence judgments in procedural tasks and how the
Memory for Goals model would explain this relationship.
Keywords: confidence, memory
sequential sampling models

for

goals,

priming,

Introduction
How are confidence judgments made? All theories of
confidence suggest that there is a strong relationship
between the target memory and the confidence judgment
itself. Exactly what that relationship is and how the
confidence judgment is made are what differentiates these
theories. The models currently best able to explain how
people make confidence judgments are drift diffusion
models (2DSD, Poisson, RTCON2: Merkle & Van Zandt,
2006; Pleskac & Busemeyer, 2010; Ratcliff & Starns, 2009,
2013; Van Zandt & Maldonado-Molina, 2004).
Drift diffusion models assume that information
accumulates continuously until one of n (typically two) predetermined thresholds is hit and a memory retrieval is made
(Laming, 1968; Link & Heath, 1975; Ratcliff, 1978; Stone,
1960). Confidence judgments are made by interrogating the
same accumulated evidence that the memory judgment was
made (Heath, 1984; Merkle & Van Zandt, 2006; Douglas
Vickers, 2001, 2014, p. 1) or by allowing evidence to
continue to accumulate and then making a judgment based
on post-decision evidence (Pleskac & Busemeyer, 2010).
Other models propose that confidence is measured as the
difference between possible counters (Merkle & Van Zandt,
2006; Van Zandt & Maldonado-Molina, 2004; D. Vickers,

1970), but the basic process between all of the models is
similar.
One interesting aspect of drift diffusion models of
confidence is that confidence judgments are assumed to be
independent of each other. The implication of this
assumption is that confidence judgments should show no
systematic relationship. In procedural tasks, items do have a
systematic relationship where priming plays an important
role in maintaining cognitive control. Some diffusion
theorists have explained priming effects as a faster
execution of the primed response—not part of the memory
machinery per se, but a faster and more vigorous motor
response (Voss, Rothermund, Gast, & Wentura, 2013).
Models with priming mechanisms (Anderson, 1983;
Baddeley, 1997; Neath, 1998; Norman, 1968; Ratcliff &
McKoon, 1988; Tulving & Schacter, 1990) can explain
carry over effects. We are interested in memory and
confidence judgments during procedural tasks (Reason,
1990), so we will focus here on Memory for Goals (MFG:
Altmann & Trafton, 2002) which is written in the ACT-R
cognitive architecture (Anderson, 1982).

Memory for Goals
MFG states that when a person retrieves a goal from
memory, they retrieve the most active goal. Goal activation
is determined by the frequency and recency that a goal is
retrieved and when a goal is retrieved, activation is spread
through associative links. These two constraints, in
combination with the notion that memories decay over time,
allows MFG to make strong predictions about goal
activation and its effect on performance for procedural
tasks.
Altmann & Trafton (2002) explain that cumulative
priming facilitates cognitive control in procedural tasks.
When a goal is retrieved it provides a small amount of
activation to goals that are temporally or semantically
linked. When tasks proceed in the same order, there is a
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cumulative priming effect. For example, if five steps are
completed consistently in the same order, each of the
previous steps will prime the sixth step to a small degree. At
the time of the sixth step, activation should be high relative
to distracters because of cumulative priming (B. Edwards &
Gronlund, 1998).
Altmann & Trafton (2007) showed that when items are
connected in memory they have a systematic relationship to
each other. To demonstrate a systematic relationship,
Altmann & Trafton (2007) investigated the effect of
interruptions on resumption lag (Trafton, Altmann, Brock,
& Mintz, 2003). Resumption lag measures the time taken to
resume a task after a disruption ends. Participants were
trained in a procedural task and, while completing the task,
they were occasionally interrupted with a secondary task.
Altmann & Trafton (2007) measured the resumption time on
the primary task up to ten steps after an interruption.
MFG predicts that performance should suffer because the
interruption cuts off priming from previous goals. As
expected, the authors found a significant increase in
resumption time for the step immediately after the
interruption. Interestingly, the increase in resumption time
persisted, producing a curvilinear pattern where resumption
time slowly decreased until it reached an asymptote around
step 10.
Altmann & Trafton (2007) interpret the curvilinear
pattern as resumption of a cognitively complex process over
time. Participants recovered as cumulative priming built up
again from the retrieval of goals that were associatively
linked.
The results of Altmann & Trafton (2007) are evidence of
a priming mechanism for memory in procedural tasks.
Given the strong relationship between target memory and
confidence, and that MFG makes strong predictions about
target memories in procedural tasks, a priming mechanism
should be present for confidence judgments. If confidence
has a priming mechanism we should see a systematic
change over time following a memory manipulation such as
an interruption. Already, Aguiar, Zish, McCurry, & Trafton
(2016) and Zish, Hassanzadeh, McCurry, & Trafton (2015)
demonstrated that confidence is sensitive to interruptions.
Interruptions decrease confidence and the time to produce a
confidence response. In this study we investigate a possible
priming mechanism for confidence judgments. MFG makes
a clear prediction: interruptions should decrease confidence
in the target memory and confidence should slowly recover
when the task is resumed. If there is no priming mechanism,
as is left unexplained by current drift diffusion models,
confidence should decrease after an interruption and
immediately recover.

Methods
Participants
Fifty-five George Mason
participated for course credit.

University

undergraduates

Tasks
Primary Task The primary task consisted of the financial
management task (Ratwani & Trafton, 2011) where
participants filled out Buy and Sell orders on a simulated
stock exchange. Each order had 12 widgets that needed
different information about the state of the stock market and
the Buy or Sell request (e.g. Stock Symbol, Exchange,
Transaction Type).
To begin, participants were presented with a Buy/Sell
order at the bottom of the screen (colored gray) and a red
arrow that randomly designated which of the 12 widgets
required information first.
Participants located and selected a “Start” button on the
side of the widget designated by the red arrow. Participants
would use information from the gray-colored request and
the stock market information along the middle of the screen
to fill in the widget with the correct information (Figure 1).
Participants repeated the process by finding information for
the next widget. Following the first randomly selected
widget, participants were instructed to complete the form in
a left-to-right and top-down pattern.
A trial ended when another Buy/Sell order and randomly
selected start widget appeared.

Figure 1: Primary task with auto-selected order and widget.
Interruption Task For half of the trials, participants were
given a secondary task that served as an interruption. The
interruption lasted for 20-seconds after completing an order.
The interruption consisted of a series of addition problems.
Addition problems completely occluded the screen until the
secondary task was complete. Participants were instructed to
complete the addition problems as quickly and as accurately
as possible.
Signal Position Question After a trial ended or after a trial
and interruption ended, participants were presented with a
facsimile of the stock order screen. A blue arrow pointed to
one of the 12 widgets with the question: “Is the arrow
pointing to the next correct step?” Participants would
respond by clicking the word “Yes” in the top left corner or
the word “No” in the top right corner (Figure 2). Once the
participant made a selection, they were presented with the
next order to complete with a new Buy or Sell request.

2796

The blue arrow pointed to the correct step half of the time.

about the behavior of the task. Participants could begin once
the experimenter left the room and were debriefed and
dismissed once finished.

Measures
Behavioral data based on mouse clicks was collected for all
participants in addition to screen recordings. Answer
response time (RT) and confidence for identifying the next
step in the task were calculated for correct responses up to
seven trials after an interruption.

Results

Figure 2: Signal Position Question with a blue arrow
pointing at a possible next correct step.
Confidence Question Once the signal detection question
was complete, the screen was replaced with a question that
asked: “How confident are you that the [widget name] was
the next correct step?” The participant selected a button on
the bottom of the screen that represented their confidence on
a scale of 1 through 6 with 1 being “Not at all Confident”
and 6 being “Entirely Confident.”

Fifty-five participants completed the financial management
task. Overall accuracy on the primary task was 90.7%. The
Signal Position Question was answered correctly 3176
times. Answer RT and confidence RT responses greater than
3 standard deviations from the mean were removed leaving
3069 trials for analysis.
To assess the effects of trial position since the interruption
on answer RT and confidence judgments, repeated-measures
ANOVAs were performed. Performance was significantly
different across trial position after the interruption for
answer RT [F(1,54) = 212.80, MSE = 67.08, p < .05, η2 =
.53] and confidence [F(1,54) = 97.84, MSE = 17.04, p < .05,
η2 = .37]. Table 1 shows means for answer RT and
confidence for each trial position since an interruption.
Table 1: Mean Performance by Trial Since Interruption

Design
The study was a 2 factor (interruption/non-interruption)
repeated measures design.
Each participant had 32 interruptions across 64 trials. The
order of screens participants saw was the primary task for 25 completed widgets, a 20-second secondary task after half
of the trials, a signal position question, and a confidence
question.
The 64 trials were equally divided between 2, 3, 4, and 5
completed widgets in length. The length of the trial was
varied to reduce the likelihood that participants could
prepare for an interruption and/or signal position question.
Each participant had half of the signal position arrows
pointing to the next correct step.

Procedure
Participants filled out an approved IRB consent form as well
as biographical information. Participants were seated
approximately 47cm from the computer monitor. The task
was first described using screenshots of the primary and
secondary tasks as well as the signal position and
confidence question.
Three practice trials were completed that were each 12
widgets long. This was to give the participant the
opportunity to experience the order of the widgets before
being given partial orders to fill. The experimenter provided
the opportunity for participants to ask clarifying questions

Trials Since
Interruption
1
2
3
4
5
6
7

Answer RT (ms)

Confidence

4145.62
2718.04
2682.57
2471.10
2377.67
2265.53
2183.88

5.16
5.89
5.90
5.92
5.92
6.00
6.00

To detect any systematic relationship between trial
position after an interruption and response time or
confidence, polynomial contrasts were run for seven trials
after an interruption. Thus, this analysis was trial position
by one of two performance measures.
There was a significant linear and quadratic pattern for
answer RT [Overall: F(6,261) = 42.26, p < .05; Linear: t = 6.15, p < .05; Quadratic: t = 3.46, p < .05]. Similar to
Altmann & Trafton (2007), this curvilinear pattern is
evidence of a systematic priming mechanism at work after
resuming from an interruption in the financial management
task. Figure 3 shows the pattern of answer RT.
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Discussion

Figure 3: Mean answer response times in milliseconds up to
seven trials after an interruption. Error bars are 95%
confidence intervals.
Recall the predictions from MFG and drift diffusion
models for confidence. MFG predicts that there should be a
systematic relationship between steps of a procedural task.
As a result, confidence should be worse after an interruption
and should slowly recover as cumulative priming for later
steps of the task builds. Alternatively, drift diffusion models
of confidence leave priming unexplained. Drift diffusion
models would predict that confidence is worse after an
interruption but immediately recovers.
Figure 4 shows the results of confidence. Confidence
decreases after an interruption and then demonstrates a
pattern of recovery [Overall: F(6,261) = 29.55, p < .05;
Linear: t = 4.28, p < .05; Quadratic: t = -3.29, p < .05). The
recovery of confidence suggests that confidence judgments
are sensitive to the systematic priming mechanism inherent
in procedural tasks.

Figure 4: Mean confidence score up to seven trials after an
interruption. Error bars are 95% confidence intervals.

Participants completed a procedure on the financial
management task. The goal of this study was to investigate
priming in confidence judgments.
We were able to replicate the time course recovery of
Altmann & Trafton (2007) for RT on a different task. For
complex procedural tasks, activation for subsequent steps
slowly builds the more time the task is left uninterrupted.
An interruption cuts off cumulative priming to subsequent
steps in the task resulting in an increase in RT immediately
after an interruption. Task performance recovers after the
task is resumed because of cumulative priming.
A similar pattern can be found for confidence judgments
where interruptions are disruptive but performance
improves over time. As predicted by MFG confidence
judgments are influenced by systematic priming. To the
authors’ knowledge, this is the first study that demonstrates
a priming mechanism for confidence in procedural tasks.
Could drift diffusion models account for priming effects
like those found in Altmann & Trafton (2007) and in this
report? Yap, Balota, & Tan (2013) suggested that semantic
priming effects could be modeled by increasing the drift rate
(the speed and direction of information accumulation), so
adding in a priming component would be theoretically
possible. However, the priming component itself (drift in
this case) would presumably be identical to the formulation
in Altmann & Trafton (2007), making the theories more
difficult to differentiate.
Drift diffusion models are some of the strongest models
of how confidence judgments are made and at explaining
the relationship between confidence, accuracy, and response
time. Many memory effects, such as reduced performance
after an interruption, can be explained by a change in the
drift rate. However, drift diffusion models of confidence
assume a unitary process often found in visual
discrimination and list learning tasks that are popular with
cognitive psychologists that study confidence judgments
(Baranski & Petrusic, 1998; Carroll & Petrusic, 2008;
DeSoto & Roediger, 2014; Dunlosky & Metcalfe, 2008;
Petrusic & Baranski, 2003).
Other models of memory, such as MFG have a ready
explanation for why confidence recovers after an
interruption in a procedural task: cumulative priming from
previous steps increases activation. An open question is how
models of memory, such as MFG would instantiate the
calculation of confidence. MFG was not designed nor
readily provides an explanation for how confidence
judgments are made, just how they should behave.
Using goal activation, ACT-R has successfully predicted
performance measures such as RT (Anderson et al., 2004).
Altmann & Trafton (2007) were able to use the formulation
from Anderson et al. (2004) to accurately determine the
mean RT for any trial position after an interruption. Future
work may determine how goal activation can be used to
calculate confidence judgments for participants in
procedural tasks.
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A Suite of Adaptive Games for Self-Directed Literacy and Numeracy Education
Katherine Adams
New York University, New York City, New York, United States

George Kachergis
Radboud University / Donders Institute, Nijmegen, Netherlands

Hugo Goulart de Lucena
Abstract
250 million children worldwide lack basic literacy and numeracy skills, many of whom have no access to regular schooling.
Inexpensive tablet computers have the potential to scale up the distribution of intelligent tutoring systems to children in
need. We introduce a collection of tablet games presenting core literacy and numeracy concepts in a way that enables
self-directed learning, reinforced by a shared content engine with an adaptive algorithm that re-prioritizes content based
on the accuracy and timing of the learner’s responses to effectively space and distribute practice. The difficulty of each
game’s dynamics adjust to the learner over time. We analyze response data from school children in Tanzania, examining
how they distribute their attention across the games and as a function of performance within each game. We also evaluate
different methods for determining their knowledge state and learning progress based on their responses, and examine how
self-direction influences stimulus spacing.
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Exploring automatic metacognitive monitoring processes: Are errors in equations
detected without intentional calculation?
Shogo AMANO
Osaka Prefecture University, Osaka, Japan

Yoshihiro Nakagawa
Osaka Prefecture University , Osaka, Japan

Masahiko Okamoto
Osaka Prefecture University, Sakai, Osaka, Japan
Abstract
Metacognitive monitoring, like error detection, is crucial for appropriate self-regulating processes. Some researchers
argue that metacognitive monitoring automatically occurs (Spehn & Reder, 2000). Whether the automatic monitoring
processes exist or not and what tasks are needed to investigate the processes have been topics of considerable discussion.
We attempted to observe these automatic metacognitive monitoring processes. Two calculus equations were vertically
presented on a computer screen for 50ms, followed by an auditory cue to indicate one of the two equations. Twenty-seven
university students were asked to judge whether the cued equation was correct or incorrect. The result showed that RT
was longer when the distractor, non-cued equation, was incorrect than when it was correct, although the distractor couldn’t
have been intentionally calculated. This finding suggests that errors in equations were rapidly and automatically detected.
We discuss whether automatic metacognitive monitoring processes are observed in our task.
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Comparing Flanker Effects in Direction and Color over Development
Rebecca E. Leuenberger
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Chelsea Andrews
University of Wisconsin - Madison, Madison, Wisconsin, United States

Kristine Kovack-Lesh
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Vanessa Simmering
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Abstract
The Erikson flanker task is a well-established measure of selective attention for adults. In this task, participants judge
the direction a central target points with flanking distractors that are neutral (no direction), congruent (same direction as
target), or incongruent (opposite direction of target). This task has recently been modified for use with young children,
but it is unclear whether developmental differences in childrens spatial skills and language limit its appropriateness. The
current study tested preschool-aged children in both the classic directional version and new color version (i.e., blue and red
targets, with blue, red, or white flankers). Results showed significantly better performance on the color versus directional
version, with trial types showing the same pattern in both tasks: worst performance on incongruent trials, comparable
performance on congruent and neutral. Ongoing work is comparing the same tasks in adults to see if this difference is
limited to early childhood.
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Strengthening Visual Learned CP Research
Janet Andrews
Vassar College, Poughkeepsie, New York, United States

Josh de Leeuw
Vassar College, Poughkeepsie, New York, United States
Abstract
Learned categorical perception (CP) occurs when judgments of stimulus similarity or discriminability are altered as a result
of learning to categorize the stimuli; for example, there may be enhanced discrimination of items straddling a category
boundary or of differences anywhere along a category-relevant dimension. Typical visual learned CP experiments do
not test for both kinds of effects or employ control groups receiving exposure to the stimuli comparable to that received
by category learning groups, rendering the results ambiguous in multiple ways. We will present results from a new
experimental paradigm that is designed to achieve the following important goals: (a) test for and clearly distinguish
all known types of boundary and dimension-wide effects considered variants of learned CP and (b) determine whether
observed changes in performance are actually due to categorization training by comparing them to the changes caused by
comparable stimulus exposure in the absence of category learning.
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Cross-Cultural Differences in Children’s Conceptions of Space Science
Florencia Anggoro
College of the Holy Cross, Worcester, Massachusetts, United States

Benjamin Jee
Worcester State University, Worcester, Massachusetts, United States
Abstract
Many children struggle to comprehend basic space science, including the scientific explanations of the day/night cycle and
seasonal change (e.g., Plummer, 2014; Vosniadou & Brewer, 1994). With notable exceptions (e.g., Samarapungavan, Vosniadou, & Brewer, 1994), prior research has focused on Westerners’ ideas and experiences. Using structured interviews,
we explored U.S. and Indonesian 3rd graders’ conceptions of the day/night cycle and seasonal change. Children from
both communities had similar explanations of the day/night cycle, often confusing the Sun’s apparent movement as actual
motion. Cross-cultural differences emerged in children’s explanations of seasons: U.S. children were more likely to use
changes in Sun-Earth proximity, whereas Indonesian children tended to provide Earth-centric, geographical explanations
(e.g., ”America gets snow because it is near the North Pole”). These findings reveal an interesting interplay between
children’s geographically limited observations of the sky, the seasons, and their ideas about invisible causal forces in the
solar system.
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Bayesian Generalization of Emojis
Jacqueline Erens
University of Wisconsin - Madison, Madison, Wisconsin, United States

Joseph Austerweil
University of Wisconsin - Madison, Madison, Wisconsin, United States
Abstract
We explore how attributes and relations contribute to generalization of a property across stimuli for ecologically valid
stimuli used often to communicate: emojis. We use the Bayesian Generalization Framework to model generalization
judgments from given triplets of emojis to new triplets of emojis that share either a common relation, common attribute,
both, or neither. Based on the model predictions, we conducted a behavioral experiment investigating the strength of
attributes and relations when generalizing across emojis. The model learned to use attributes or relations appropriately;
however when given triplets that share both a common attribute and relation, it gave more weight to the common attributes
than human participants did. This suggests that people are strongly, but not completely, biased towards using relations
when generalizing a novel property across triplets of emojis.
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Possible Mechanisms of Bilingual Advantage on Creativity
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Abstract
Bilinguals are purported to be more creative than monolinguals, but the mechanism for this bilingual advantage is still
unresolved, with several different accounts proposed. Others have challenged the existence of bilingual advantages in
general. We examine existence as well as hypothesized semantic network difference based mechanisms for the relationship
between bilingualism and creativity here by measuring creativity and fluency for monolinguals and bilinguals. The fluency
measure allowed us to analyze the structure of individuals semantic networks (average shortest path length, clustering
coefficient, and modularity). We found no differences in creativity between monolingual and bilingual participants, with a
Bayesian test showing substantial evidence for the null hypothesis. We did find that aspects of semantic network structure
predicted creativity. These findings suggest that, contrary to previous work, the bilingual advantage does not exist in the
realm of creativity.
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Time perception of intermodal empty intervals when the first marker is auditory
Leila Azari
Department of psychology, Quebec city, Quebec, Canada

Simon Grondin
Department of psychology, Quebec city, Quebec, Canada
Abstract
Previous studies show that auditory intervals are, in general, more accurately discriminated than visual or tactile intervals
(Grondin, 2003). Also for discrimination tasks, when the markers of brief empty intervals are delivered from different
sensory modalities, sensitivity to time is much lower than it is when the markers are delivered from the same modality
(Grondin & Rousseau, 1991). The purpose of this study was to evaluate the effect of intermodality on the temporal
discrimination. Twelve participants (mean = 25.33, SD = 5.12) performed a bisection temporal task. During eight sessions,
three conditions were manipulated: certainty about the origin of the second marker (certainty, uncertainty), standard
duration (300ms, 900ms), and modality (auditory- auditory, auditory- tactile, auditory-visual). Results showed intramodal
intervals are better discriminated than intermodal intervals. In both 300ms and 900ms, intervals were better discriminated
when the second modality was auditory than when it was tactile or visual.
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sighted but not blind individuals can form global representations of spatial layout
based on verbal descriptions of an imaginary environemt
danny ball
university college london, london, london, United Kingdom
Abstract
Human navigation relies on an array of complex cognitive processes. Integral to this is the ability to imagine an environment, then orientate oneself within it relative to imagined features. This is particularly important to those who navigate
the world without vision. The cognitive mechanisms for this process remain unclear and thus require further investigation.
In this study, we investigated the ability of individuals to form mental representations of an environment based on verbal
descriptions. Blind and sighted individuals took part in two separate tasks. In task 1, participants were required to draw
the layout of a described environment, in task 2, judge their orientation relative to a global reference point in an imaginary
path integration task. In line with previous non-verbal description studies investigating navigation in the blind, sighted not
blind individuals could form global representations of spatial layout and orientation that may aid flexible wayfinding.
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Measuring strategy adaptivity
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Abstract
Adapting ones strategy involves two steps: assessing and then modifying a strategy in a problem-solving environment
based on performance. Schunn and Reder demonstrated a positive correlation between working memory and strategy
adaptivity measured with the Air Traffic Control Task, though Schunn, Lovett, and Reder found no relationship between
working memory and adaptivity measured with the Building Sticks Task (BST). We explored this discrepancy by administering a battery of individual differences measures, including BST adaptivity, fluid intelligence, working memory span,
and a new measure of set effects based on the BST, administered to 109 Mississippi State undergraduate participants. Fluid
Intelligence and BST adaptivity were positively correlated, though the relationship was weak. Our measure of set-effect
adaptivity exhibited internal consistency and obvious individual differences, but was uncorrelated with other tasks. Thus
strategy adaptivity may not rely heavily upon working memory and may draw upon distinct cognitive resources, depending
on the underlying task.
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Does a 12 week intervention of metacognitive strategies improve self-efficacy and
lessen test anxiety in high stakes testing for 10-12 year olds?
helen barsham
University of Cambridge, Cambridge, United Kingdom
Abstract
Test anxiety affects girls more than boys (Hembree 1988) and from as young an age as 7-8. Test anxiety is a transactional
construct (Zeidner 1998), which affects performance of the working memory (Eysenck 1992). High Test Anxious students
are more self-centred and more self-critical than Low Test Anxious students (Zeidner and Matthews 2005). One aspect of
Banduras self-efficacy theory (1997) is that self-belief, belief in capability can raise performance. A 12 week intervention
using metacognition of desirable difficulties in the testing effect (Bjork 1974) and interleaved spaced retrieval (Karpicke
and Roediger 2011) was delivered to a small group of Year 6 girls prior to a high stakes (entrance to Senior School)
examination. This pilot intervention aimed to enable 10-12 year olds to believe that as you face an important exam, new
metacognitive knowledge can be used to give self-efficacy in test taking; to believe that testing routes in the brain have
been primed and that belief in oneself is possible because of the mastery of the metacognition of self-efficacy.
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Available referents and prompt specificity influence induction of feature typicality
Claire Bergey
The University of Chicago, Chicago, Illinois, United States

Dan Yurovsky
University of Chicago, Chicago, Illinois, United States
Abstract
Prior work suggests that speakers and listeners use discourse pragmatics to constrain potential referents and make inferences about the relationship of a novel referent to its category. This work addresses the use of discourse specificity and
available referents in combination to make inferences about category feature typicality. In a visual search task and subsequent typicality rating task, participants ratings of typicality for an novel object’s color were affected by whether the
objects color was specified in the search prompt (e.g., Find the (blue) dax), the color of distractor objects (same as or
different from target), and the shape of distractor objects (same as or different from target). Specification of target color
in the prompt decreased typicality ratings, in keeping with work suggesting that over-informative utterances can induce
inference of atypicality.
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Fractions War: An iOS Game to Measure and Train Magnitude Processing with
Fractions
John Binzak
University of Wisconsin - Madison, Madison, Wisconsin, United States

Elizabeth Toomarian
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Percival Matthews
University of Wisconsin - Madison, Madison, Wisconsin, United States

Edward Hubbard
University of Wisconsin-Madison, Madison, Wisconsin, United States
Abstract
Although correlations between magnitude processing and math skills are well established, direct tests of interventions
that improve magnitude processing are scarce, and the few extant studies have depended on lab-based tasks. Advances
in interactive technology create novel opportunities to design learning experiences that also permit directly testing causal
mechanisms in more naturalistic contexts. To capitalize on these opportunities, we developed Fractions War, an iOS app
for tablets to train fractions magnitude representations. Players turn over pairs of cards that create a fraction, and indicate
which player’s fraction has the larger magnitude to gain points. Cards can be altered to present comparisons between
symbolic fractions (2/7), nonsymbolic ratios (2 diamonds over 7 hearts), or mixed representations (traditional cards). We
examine hallmarks of fraction magnitude processing (e.g. the numerical distance effect) using in-game data and discuss
ongoing work testing the effectiveness of Fractions War for improving fractions magnitude processing.
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A deep learning approach to training a brain activity-based trial-by-trial classifier
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Abstract
Image classification aided by brain activity measured during rapid serial visual presentation (RSVP) shows promise to aid
human viewers to quickly triage large volumes of images with support of an EEG technology. Fast perceptual responses
are parsed with a brain-activity classifier operating on EEG signals to select an image subset containing visual information
similar to the viewers target. However, current processes for training brain activity classifiers are experimentally and
computationally expensive. We propose a deep learning model that classifies images based off of brain-activity. Using
the satellite visual images and EEG data provided from Bigdely-Shamlo et al. (2007), we compare different machine
learning (Support Vector Machines) and deep learning (Convolutional Neural Networks and Recurrent Neural Networks)
approaches along with different data manipulation styles for classifying the satellite images. This initial report summarizes
the efforts to establish benchmarks for deep learning, exploring the potential to streamline and improve brain-activity based
classification.
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Characterizing the peripheral bumps of serial dependence in visual working
memory
Daniel Patrick Bliss
NYU, New York, New York, United States

Mark D’Esposito
UC Berkeley, Berkeley, California, United States
Abstract
As the contents of working memory are updated over time, the features of consecutively stored representations are blended
to smooth our visual experience. This phenomenon has been termed serial dependence. The amount of blending that occurs
between representations is tuned as a function of their similarity, and drops off when stimuli are far apart in feature space.
Interestingly, when stimuli are very different, their representations in memory are repelled, rather than blended together.
This negative effect manifests as peripheral bumps in the tuning curve of serial dependence, when stimuli are at opposite
extremes of feature space. In the present work, we characterize the dependence of the peripheral bumps on the memory
delay period and the inter-trial interval. We present preliminary evidence that the peripheral effect is not strictly tied
to the central, positive effect. Serial dependence may comprise two dissociable mnemonic biases, with distinct neural
mechanisms and functional roles.
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MathByExample: Testing the Worked Example Principle in Elementary School
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Abstract
An abundance of empirical evidence has amassed supporting the effectiveness of having students explain why correct
problem solutions are correct (Aleven & Koedinger, 2002; Hilbert, Renkl, Kessler, & Reiss, 2008) as well as why incorrect problem solutions are incorrect (Durkin & Rittle-Johnson, 2012; Grosse & Renkl, 2006). However, despite strong
theoretical background for the approaches (e.g., Sweller, 1999; Siegler, 2002) and the growing amount of empirical evidence collected in real-world classrooms for students in middle school and above (e.g., Adams et al., 2014; Booth et
al, 2015) it is yet unknown whether prompting self-explanation of correct and incorrect examples could be effectively
translated for elementary school mathematics classroom. In this project, we worked with elementary school teachers and
mathematics coaches to construct developmentally appropriate worked-example assignments for 4th graders; the present
study tests the effectiveness of these collaboratively developed assignments for different topics in ethnically diverse 4th
grade classrooms.
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Evaluating models of productivity in language acquisition
Mika Braginsky
Massachusetts Institute of Technology, Cambridge, Massachusetts, United States
Abstract
One of the challenges facing a child learning language is when to generalize over their input and infer productive rules. Two
mathematically precise models of this problem have been proposed recently: Fragment Grammars (ODonnell, 2015) and
the Tolerance Principle (Yang, 2016). Both are based on the learner optimizing computation costs: Fragment Grammars
balance the costs of storing forms whole and decomposing them into parts, while the Tolerance Principle reflects a trade-off
between the processing time of serial search over all forms or only irregular forms. We implement versions of these models
that are directly comparable and perform a series of analyses that show that the models make systematically differing
predictions in some domains and parameter regimes. We then compare these predictions to the empirical literature on the
emergence of productivity over development and evaluate which model under what assumptions provides a more accurate
account of childrens learning.
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What kind of problem is this? Labels guide generalization of math strategies
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Abstract
When students learn a new strategy, how do they determine when to apply it? We examined whether the labels given
to strategies and problems may help guide generalization of the strategies. Participants read a worked example that
demonstrated two different strategies for solving algebraic word problems. Participants then solved a set of four posttest
items. The labels given to the posttest items matched either the label given to strategy A in the lesson or the label given to
strategy B in the lesson. When solving the posttest problems, participants used the strategy whose label matched the label
they saw on the posttest items more often than the alternative strategy, whose label did not match the posttest label. Thus,
learners use labels to guide generalization of problem-solving strategies. These findings suggest that the ways teachers
refer to strategies and problem types may influence students performance.
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Novel methods for measuring the cost of cognitive control in a patchforagingtask
and a demand selection task with Stroop
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Abstract
Evidence suggests exerting cognitive control carries an intrinsic cost and that individual differences in subjective costs may
account for differences in everyday control allocation. We developed two novel methods for quantifying an individuals
subjective control cost and examined their relationship. We modified a standard patch foraging task so that subjects
(N=18) had to complete a control-demanding task (N-Back) to travel between patches. We predicted subjects would accept
diminishing rewards in a patch to avoid control demands, and used the Marginal Value Theorem to quantify the amount of
reward forfeited. In a second task, we estimated how many word-reading Stroop trials subjects would complete to avoid a
(control-demanding) color-naming trial. We found that most subjects treated control as costly (i.e., made demand-avoidant
choices) in both tasks, and that there was a significant positive correlation between the estimated costs across tasks within
a subject.
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Abstract
Many languages assign grammatical gender to inanimate and otherwise genderless nouns like key and hammer. Previous
studies of grammatical gender have largely considered it from the Whorfian perspective: examining mixed cases like key
where disagreements on gender across languages enable researchers to ask whether linguistic gender influences gender
associations in cognition. This approach has sometimes presumed arbitrariness in grammatical gender assignments and
neglected to consider cases like hammer where there is broad agreement on gender (masculine) across both Indo-European
languages and the intuitions of monolingual English speakers, who do not use grammatical gender but agree on the
masculine nature of hammers (Foundalis, 2002). We reanalyze previous findings and present new data to assess whether
common principles underlie both gender assignments in Indo-European languages and the gender associations of English
speakers. Additionally, we explore the role of semantic domain, usage, and semantic features in predicting grammatical
gender and gender association.
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Week-long practice matching 2D objects by shape improves 3D shape bias and
accelerates children vocabulary growth
Paulo Carvalho
Carnegie Mellon University, Pittsburgh, Pennsylvania, United States

Linda Smith
Indiana University, Bloomington, Indiana, United States
Abstract
Young children tend to generalize novel names by shape; when asked to match a novel object to one of two objects
they often choose the one that matches in shape. This shape bias has been shown in laboratory tasks to be connected to
vocabulary learning: children who know less than 50 words do not show this bias and training using object categories
well-organized by shape improves children’s word-learning. An open question is whether experience with real (3D)
objects is necessary or children can transfer from practice matching 2D objects. In this project, we used a week-long at
home intervention with an iPad game. Compared to a version of the game that asks children to establish identity matches,
children who played with 2D shape matches for a week have a more robust shape bias with real-world objects at posttest
as well as a modest effect in vocabulary growth 2 months later.
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Children Acquire Implicit Attitudes From Instructed, But Not From Experienced,
Stimulus Pairings
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Abstract
From the earliest ages testable, children and adults show similar mean-levels of implicit social attitudes. Nevertheless,
meaningful change may exist in how attitudes are acquired across the lifespan. This project explored developmental change
in implicit attitude formation by comparing the separate and joint effects of two learning modalities: evaluative statements
(ES; purely verbal information about upcoming stimulus pairings) and repeated evaluative pairings (REP; exposure to
pairings of category members with valenced images). Like adults (N=2,198, Mage=37 years), children (N=281, Mage=9
years) rapidly formed robust implicit attitudes towards novel groups following ES and ES+REP interventions. Unlike
adults, children showed no learning following REP. Follow-up studies suggest that inattention to category membership or
stimulus valence are unlikely to account for no learning in REP. These findings demonstrate the early-emerging power of
verbal instructions to create implicit attitudes, while also revealing developmental change in the capacity for supposedly
low-level associative learning.
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The Mediation Effect of Context for Empathy on Emotion Judgment
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Jon-Fan Hu
National Cheng Kung University, Tainan, Taiwan
Abstract
This research aimed to study the impact of context on the status of empathy in terms of emotion judgment towards
others. Specifically, how empathy would be mediated by different conditions was further investigated. Descriptions of
moral/unmoral conditions were designed and hypothesized to influence the status of empathy accordingly. Study participants were instructed to rate pictures using TAPS (Taiwan Affective Picture System) for judging the emotion valence
and arousal of human facial expression. As a result, low-level empathy group was found to show an alternation for their
emotion judgments on both valence and arousal as the picture context changed, especially in the moral situation. On
the contrary, high-level group only show an alternation for their emotion judgments on valence, in the unmoral situation
the most. The findings indicated that different status of empathy might be determined the emotion judgments under the
contexts where other social cues are presented.
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The Onset Form Preparation Effect in Korean Single Word Production
Jenn-Yeu Chen
National Taiwan Normal University, Taipei, Taiwan
Abstract
Korean has a simple syllable structure like Mandarin Chinese, but it allows for resyllabification unlike Chinese. Its rhythm
is often perceived as syllable-timed, although the frequent occurrence of taps and strong final lengthening also give it the
stress-timed impression. It uses a script that consists of characters, but the characters are phonologically-based. These
mixed characteristics make it difficult to predict whether the Korean word production system employs the phoneme or the
syllable or even the mora as the proximate unit for phonological encoding. The present study adopted the form preparation
task, in which the onset phoneme (n, g, ch, b) was the shared phonological content among the response words in the
homogeneous context. The participants were 23 college students conveniently recruited from university campuses in
Seoul. The observed onset preparation effect was close to zero. The result rules out the phoneme as the proximate unit in
Korean word production.
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Determinants of Inhibitory Interference in Processing Reflexive-antecedent
Dependencies
Zhong Chen
Rochester Institute of Technology, Rochester, New York, United States
Abstract
This study investigates the mechanism of memory retrieval in sentence processing, e.g. searching for an antecedent for the
reflexive, e.g. himself or herself in English. Cue-based retrieval models (e.g. ACT-R, Lewis and Vasishth, 2005) predict
that such process is delayed when there is a distractor matching the retrieval cues, such as gender and number. However,
this inhibitory interference effect was not found in a recent Bayesian random-effects meta-analysis of 49 experiments (Jger
et al., 2017).
In two self-paced reading experiments, we provide additional evidence of the inhibitory interference effect in processing
antecedent-reflexive dependencies. Reflexives and the following spillover regions were read slower when the distractors
gender matched the retrieval cue. The delay was more significant when the interference was retroactive, i.e. distractors
were located between the reflexive and its antecedent. The distractors prominence, which is related to its syntactic position,
was not found to be a determinant in this process.
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Instruction on the stroke sequence of Chinese characters facilitates childrens
learning of handwriting
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National Cheng Kung University, Tainan, Taiwan
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Abstract
The purpose of the study was to examine whether knowledge of the prescribed stroke sequence matters for learning of
handwriting of a new Chinese character. Twenty five junior primary school children participated in the study and were
asked to write 6 new characters; with 3 characters with stroke sequence instructions and 3 characters without instructions
on a Wacom Intuos 5 digitizing writing tablet. Each character was repeated 40 times. Trajectory, speed, onpaper time,
inair time, and number of changes in velocity direction per stroke (NCV) were measured. The results showed a significant
time effect (practice). The effect of stroke sequence instructions was also significant. With stroke instruction, children
presented faster speed, shorter on-paper time, shorter in-air time and shorter trajectory. But there was no effect of stroke
instruction on NCV. Further the results showed that some measures did not reach plateau even after 40 times of writing. We
interpret the results as indicating that the knowledge of the stroke sequences is important for the learning of handwriting
of Chinese characters. The results also imply that with continuing practice, stroke instruction may continue to improve
handwriting.
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Using eye tracking to examine verb learning in the midst of distractions
Jane Childers
Trinity University, San Antonio, Texas, United States

Blaire Porter
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Abstract
Verbs are central to the syntactic structure of sentences. Children can compare multiple events during verb learning, and
this comparison can help them learn and extend new verbs (e.g., Haryu, Imai & Okada, 2011). To test whether adults use a
similar comparison process, a Tobii x30 eye tracker recorded adults’ eye movements while they watched dynamic scenes
with novel events, and heard new verbs. Some scenes were relevant to the new verb and some were not. We predicted
that as adults compared events, they could deduce over trials that some events were irrelevant, and reduce their visual
attention to them. Results show that when learning trials started with a relevant event, adults did look longer at relevant
vs. irrelevant events. However, when the first learning trial was irrelevant, they looked equally at the events. The study
will be discussed in relation to current theories of verb acquisition.
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Examining the Pre-Test and Interim-Test Effect in Inductive Learning
Heeseon Choi
Yonsei University, Seoul, Korea, Republic of

Hee Seung Lee
Yonsei University, Seoul, Korea, Republic of
Abstract
Recent studies suggest that testing helps learning of materials studied after taking the test. However, it is not yet clear
how testing helps subsequent learning. The current study investigated whether testing benefit was due to test expectancy
or adjustment of study strategies by contrasting pre-test and interim-test conditions in addition to the restudy control
condition. Participants learned the painting styles of various artists that were divided into two sections. Participants had
either a pre-test, interim-test, or interim-restudy on the first section before proceeding to the second section. On the
final transfer test, the interim-test group outperformed those from the pre-test and restudy groups, implying that only the
interim-test effect existed, but not the pretesting effect. The result suggests that in inductive learning simply knowing
about the test format in advance of study session does not really help learning, rather it is important for learners to test
themselves after studying.
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Do humans have two systems to be creative?: Asymmetric underlying mechanisms
of relation-based and property-based conceptual combination
Mingyeong Choi
Pusan National University, Busan, Korea, Republic of

Sangsuk Yoon
Temple University, Philadelphia, Pennsylvania, United States
Abstract
We investigated the time course of property- and relation-based conceptual combination by showing asymmetric activations of intrinsic and extrinsic semantic features in the two different combination types. Participants made lexical decisions
on modifier or head associates at two different time points followed by sensicality judgments on noun-noun compounds
constructed to facilitate either property- or relation-based interpretations. For property-based compounds, lexical decisions on modifier associates (intrinsic features) were facilitated, whereas those on head associates were inhibited. For
relation-based compounds, however, lexical decisions on head associates (extrinsic features) and modifier associates were
equally facilitated. These asymmetric activations of intrinsic and extrinsic semantic features appeared only when the combinatorial processes were completed. Our findings suggest that combinatorial processes can be considered as facilitation
and inhibition of specific semantic features to form new concepts.
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Effects of Visuomotor Engagement on Object Knowledge Retrieval
Evangelia Chrysikou
Drexel University, Philadelphia, Pennsylvania, United States

Hannah Morrow
University of Connecticut, Storrs, Connecticut, United States
Abstract
Behavioral, neuroimaging, and neuropsychological studies have shown that certain aspects of object knowledge (e.g., the
objects function or mode of manipulation) can be accessed independently of more abstract properties (e.g., the objects
name) and faster when participants are presented with three-dimensional relative to two-dimensional objects. Here we
examined whether visual and manual exposure to three-dimensional objects, relative to two-dimensional pictures of these
objects, would allow for differential access to semantic memory under conditions of impromptu relative to canonical goal
achievement (i.e., when a participant has to come up with an unusual, relative to a typical, use for a common object).
Our results showed that the combination of visual and manual exposure to three-dimensional objects interfered with the
generation of uncommon uses, liked due to the facilitated access to sensorimotor object properties associated with the
objects canonical use. We discuss the implications of these results for theories of object knowledge retrieval.
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Investigating the Learning of Classifier in the Learners of Chinese as a Second
Language
Pei-Chuen Chuang
Department of Psychology, National Cheng Kung University, Tainan, Taiwan

Jon-Fan Hu
National Cheng Kung University, Tainan, Taiwan
Abstract
In this research, English and Korean students were divided into 2 groups to find out how one’s semantic structure of
native tongue affects the performance of learning Chinese classifier. The experiment was designed to present participants
the word pairings consisted of sortal/mensural classifiers and Chinese/English/Korean nouns as the priming stimuli. The
participants were asked to decide if the nouns and the classifier are correctly paired for common use. The results showed
that only English speakers judgment of the correct rate for sortal classifiers is higher than the mensural classifiers pairs.
However, both Korean and English students have longer response time for the mensural classifiers. In addition, the priming
effect of nouns appeared in affecting participants performance for judging the correctness of pairing in native Chinese
speakers and the English/Korean learners. The findings indicated that a cross-language semantic activation occurred
despite the competition processing between L1/L2 while learning Chinese classifiers.
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No Changes in Speed and Selectivity in Mobile Dating Choices Over Time
Samantha Cohen
Indiana University, Bloomington, Bloomington, Indiana, United States

Peter Todd
Indiana University, Bloomington, Bloomington, Indiana, United States
Abstract
In speed-dating, the selectivity of liking a partner is relatively constant across events, but individuals change to faster, noncompensatory decision-making strategies to evaluate partners. Online, individuals have more romantic options, which
can also lead the use of non-compensatory decision-making strategies. Some studies have also found lower selectivity in
larger choice sets. These patterns should accelerate as cognitive load increases over the course of the experiment, with less
time and lower selectivity for partner choice as search continues. We tested this hypothesis using a popular, mobile-based
dating application. Forty users spent five minutes evaluating and liking or disliking a sequential stream of real profiles
within the application. We compared the ratio of likes to dislikes and time spent evaluating individual profiles and found
that users spent nearly identical amounts of time evaluating individual profiles and similar levels of selectivity over the
course of the experiment. We compare our results to speed-dating.
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Using Bayesian Hierarchical Modeling and DataShop to Inform Parameter
Estimation with the Predictive Performance Equation
Michael Collins
Air Force Research Laboratory, Wright Patterson Air Force Base, Ohio, United States

Kevin Gluck
Air Force Research Laboratory, Wright-Patterson AFB, Ohio, United States
Abstract
The Predictive Performance Equation (PPE) is a mathematical model of learning and retention that uses regularities seen
in human learning to predict future performance (Walsh, Gluck, Gunzelmann, Jastrzembski, & Krusmark, in press). To
generate predictions, PPEs free parameters must be calibrated to historical performance data, with generally inaccurate
predictions for initial performance events. Prior research (Collins, Gluck, Walsh, Krusmark & Gunzelmann, 2016; Collins,
Gluck, & Walsh, 2017) explored the use of aggregate prior data to inform PPEs free parameters for initial performance predictions. Here we report an extension of our prior research, using Bayesian hierarchical modeling to integrate information
from the historical performance of both prior data and an individual student to generate future performance predictions
over an entire instructional period. Data are sourced from DataShop an online educational data repository (Koedinger et al.
2010). Adding Bayesian hierarchical modeling to the PPE will improve PPEs application in both education and training
scenarios.

2833

Does minimally altering toddlers environments change the words they learn?
Eliana Colunga
University of Colorado Boulder, Boulder, Colorado, United States

Jennifer Ellis
University of Colorado - Boulder, Boulder, Colorado, United States
Abstract
Previous work showed that after 9 weekly visits to the lab in which 17- month-old children repeatedly played with and
heard names for objects alike in shape, children generalized novel nouns by shape and showed a dramatic increase in
acquisition of new object names outside of the laboratory. The present attempts to influence childrens vocabularies by
giving them themed boxes of toys and books about vehicles (organized by shape) or foods (organized by material and
shape). The question is, will minimally altering childrens home environments change their vocabulary composition and
word learning biases? Results show that typically developing children showed the predicted shifts in their vocabulary
composition – children in the food enrichment knew more food words than children in the vehicle enrichment, and vice
versa but no change in word learning biases. In contrast, late-talkers showed increased shape bias in both conditions, but
more so in the vehicle condition.
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When being wrong makes you right: Incorrect examples improve complex concept
learning
Daniel Corral
Iowa State University, Ames, Iowa, United States

Shana Carpenter
Iowa State University, Ames, Iowa, United States

Samara Clingan-Siverly
Iowa State University, Ames, Iowa, United States
Abstract
The use of exemplars can greatly aid concept learning. However, it is unclear how learning is affected when people
encounter incorrect exemplars. We report a study that examines this issue, wherein subjects were shown hypothetical
experiments and were asked to indicate whether or not each was a true experiment. One group of subjects was only shown
true experiments (i.e., correct exemplars), another was only shown non-true experiments, and a third group was shown
both. After each response, some subjects received explanatory feedback, whereas others received no feedback. Subjects
were then given a posttest involving novel hypothetical experiments (comprising true and non-true experiments) and were
asked to classify each. Subjects who were shown both types of exemplars performed best on the posttest, but only if they
were given feedback. These findings suggest that people can indeed learn from incorrect exemplars, but only if they can
recognize that the exemplars are incorrect.
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Learning to read with a machine teacher: Discovering efficient procedures for
training the orth-to-phon relationships in English
Christopher Cox
University of Manchester, Manchester, United Kingdom

Matthew Cooper Borkenhagen
University of Wisconsin-Madison, Madison, Wisconsin, United States

Mark Seidenberg
University of Wisconsin, Madison, Wisconsin, United States
Abstract
Neural network models of reading provide a good account of many aspects of normal and disordered performance, but
the training procedures are unrealistically comprehensive. Unlike models, child learners have limited instructional time
and are explicitly taught only a small subset of the words they will regularly encounter. To address this discrepancy we
investigated alternative learning procedures in a standard orthography-to-phonology multilayer network, to identify ones
which involve a small, teachable subset of words that facilitate learning untrained words with less effort. We also asked,
for any such set, whether the procedure can be improved by optimizing the training sequence. Candidate training sets
and sequences were derived using a model-based procedure and from elementary reading curricula. The results indicate
tradeoffs between the size and composition of the training set and generalization. These procedures suggest pedagogical
solutions to the problem of learning more than there is time to teach.
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When less is not more: Violations of a Gricean maxim facilitate visual search
Reese Cullimore
University of California, Davis, Davis, California, United States

Gwendolyn Rehrig
University of California, Davis, Davis, California, United States

John M Henderson
University of California, Davis, Davis, California, United States

Fernanda Ferreira
Department of Psychology, Davis, California, United States
Abstract
Gricean maxims state that speakers optimize information contained in their utterances for the benefit of both speakers
and listeners (Grice, 1975). However, speakers appear often to violate the maxim of quantity in particular, and violations
may sometimes help listeners (Degen, 2016). This experiment investigated whether providing an informative but noncontrastive modifier would facilitate search in naturalistic scenes. Participants (n=48) searched for a unique target object,
and the search expression contained either no modifier, a location modifier (e.g., on the top left), or a color modifier.
The target was located faster when the verbal instruction included either modifier versus the no-modifier condition, and
was faster for location modifiers than color modifiers (p¡.01). This pattern suggests that quantity violations can facilitate
search. A follow-up study will investigate whether this effect changes when the location modifier is tied to the search
template (e.g., under the table).
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Measuring the vigor of trolley problem lever pulling
Zach Catron
Indiana University East, Richmond, Indiana, United States

Gregory Dam
Indiana University East, Richmond, Indiana, United States
Abstract
Previous research has shown that most people find it morally acceptable to pull a switch-track lever that will sacrifice
one life in order to save five lives. People, however, judge as less morally acceptable the decision to save five lives by
pulling a lever that will open a trap-door to sacrifice an individual standing on it (Greene et al., 2009). We measured
the force participants exert pulling a lever when considering the switch-track and trap-door trolley problem scenarios.
We counterbalanced the presentation order of scenarios and only analyzed the movement force of participants who had
decided to pull the lever in both scenarios. We observed in our preliminary results (n=29) more vigorous lever pulling
during the more morally acceptable switch-track scenario relative to the less morally acceptable trap-door scenario.
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Creating an affordable ,effective, adaptive & personalized attention tasks for
children with developmental disorders.
Amarnath Dasaka
IIIT hyderabad, Hyderabad, Telangana, India

Bapiraju Surampudi
IIIT hyderabad, Hyderabad, Telangana, India
Abstract
The main challenge in studying cognition & designing effective tasks for children with learning disorders is creating
personalized & adaptive tasks in line with the current abilities & mood of the child. The current study confronts this
challenge by testing a new paradigm to access the current state of mind and adapting the tasks based on the current mood
& abilities of the child. Children were given chess puzzles with various levels of difficulty (from just identifying the
pieces, legal moves and eventually even capturing pieces with depth=1). while the children were performing the tasks the
pupil-metric data (for cognitive load), facial expressions and the head pose were used to gauge the current-state and adapt
the puzzles accordingly. Further development of dynamic feedback and providing rewards for looking at the right squares
are also underway. custom software with off the shelf web-cameras were used as the current solutions in the market are
prohibitively expensive for testing on large scale.
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Hierarchical Models of Individuals Engaged in Statistical Learning
Josh de Leeuw
Vassar College, Poughkeepsie, New York, United States

Isabella Destefano
Vassar College, Poughkeepsie, New York, United States
Abstract
Our ability to learn statistically regular patterns present in our environment is central to many cognitive processes. There
are many competing theories about what kind of mechanisms could explain this ability. While different theories make
slightly different predictions about the kinds of patterns that can be learned, they often make very different predictions
about the process of learning. One way to constrain the set of possible theories is to measure the shape of learning curves
as people learn new patterns. To do this, we gathered response time data as people learned new patterns. We fit probabilistic
models to individual-level data using a hierarchical Bayesian nonlinear regression. Our results suggest the learning curves
at the level of individual items tend to have strong inflection points, which is inconsistent with cognitive models that are
based purely on associative and error-driven learning.
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Efficiency in Solving the Traveling Salesman Problem as Predictor of Perceived
Humanness
Serena De Stefani
Rutgers University, New Brunswick, New Jersey, United States

Samuel Sohn
Rutgers University, New Brunswick, New Jersey, United States

Jacob Feldman
Rutgers University, New Brunswick, New Jersey, United States

Mubbasir Kapadia
Rutgers University, Piscataway, New Jersey, United States

Peter Pantelis
Abstract
Many studies have demonstrated that motion can convey intentionality and mental goals; for example, how do we distinguish between a moving avatar thats controlled by a human being and a moving AI agent thats controlled by a computer?
To answer this question, we use the travelling salesman problem (TPS), since it has been widely studied and, when the
number of targets is limited, can be resolved optimally by both computers and human beings, even though with the use
of different computational strategies (MacGregor & Chu, 2000). We asked 25 online participants to evaluate the performance of 5 human subjects and one AI agent in solving the TSP. The performances varied in efficiency. Results show that
optimality is correlated with the perceived humanness of the agent: a lower efficiency in carrying out the task is perceived
as a distinctly human characteristic. Future directions include the analysis of the agent’s gaze direction.
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Testing Effects in Children’s Storybook Reading
Catherine DeBrock
University of Wisconsin-Madison, Madison, Wisconsin, United States

Haley Vlach
University of Wisconsin-Madison, Madison, Wisconsin, United States
Abstract
The integration of testing practice into learning materials benefits long-term retention over simple studying, a phenomenon
known as the testing effect. Although the benefits of testing are observed in adults, it is uncertain whether young children,
who have more constraints on their memory abilities, benefit from learning materials that incorporate testing. Preschoolage children (2-5 years; N=50) learned and were tested on ten novel word-object mappings during repeated storybook
reading. Results revealed that childrens testing performance during storybook reading was related to their performance on
a final, delayed post-test for retention. Additionally, regression modeling revealed that childrens success in testing during
storybook reading predicted later retention above and beyond childrens age. These results suggest that, while challenging
young children through testing can support long-term word learning regardless of age, children need to be successful
during the challenge to benefit from a testing effect.
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Investigating re-representation through categorisation
Shir Dekel
The University of Sydney, Sydney, NSW, Australia

Micah Goldwater
The University of Sydney, Sydney, NSW, Australia

Bruce Burns
The University of Sydney, Sydney, NSW, Australia
Abstract
It is not entirely clear under what conditions people are able to re-represent their knowledge of a situation without top-down
influences, such as explicit hints. Categorisation paradigms can help investigate this problem. Sewell and Lewandowsky
(2011) found that people can change categorisation strategies without further learning relatively quickly in response to
an explicit hint. In their paradigm, the category space is designed such that the exemplars can be categorised accurately
using one of two strategies. As such, the present work used and extended this paradigm in a more knowledge-rich domain,
compared to the visual domain in Sewell and Lewandowsky’s study. In contrast to the previous work, we did not find
evidence for the change in strategy without further learning. Further, re-representation can be measured more clearly by
taking away the critical cue for one strategy after participants learnt it, and measuring the rates of learning.
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Facial thermal responses to moodboards: confirming implicit preferences to colors
as a function of motivation profiles for physical activity
Yvonne Delevoye-Turrell
Lille University, Villeneuve d’Ascq, France

Adamantia Batistatou
Lille 3, Lille, France

Antoine Deplancke
University of Lille, Tourcoing, France
Abstract
Facial thermal reactions were measured to confirm individuals preferences for the colors used in moodboards as a function
of their motivation profile to leisure physical activity (PA). Forty-five individuals were recruited as primary motivated by
Psychological well-being (PSY), beauty appearance (APP) or Physical strength (PHY). Participants performed two tasks
sitting in front of a computer screen. In the first, a SMI-eye tracking system was used to measure fixation durations (in ms)
when color-patches were presented. In the second task, a thermal camera measured emotional reactions to the presentation
of motivation-designed moodboards. Specific eye-tracking patterns and thermal reactions were obtained as a function of
motivation profiles. Green, pink and red/black were the preferred colors for PSY, APP and PHY profiles, respectively.
Data from the thermal camera confirmed the specificity of the profile groups by indicating that greater emotional changes
in face temperature were observed when individuals viewed moodboards that corresponded to their own profile.
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Who sees a flanker? Individual differences in cognitive control
Yinjie (Giselle) Yao
University of Macau, Macau SAR, Macao

Wei (Sophia) Deng
University of Macau, Macau SAR, Macao
Abstract
The ability to regulate mental processes is a critical component of human cognition. People vary in their ability of
cognitive control, with some showing more focused attention and less distractions from environmental stimulus. Who are
these people and what makes them better at cognitive control? This study attempts to answer these questions by examining
the individual differences in cognitive control using variants of executive function tasks. Participants were given a flanker
task which included congruent, incongruent and neutral trials, and all the trials were randomized and blocked based on
different visual angles of flankers ranging from 4.6 to 0.9. Participants were then given a standard Simon task (measure of
inhibition) and color-shape task (measure of switch). Results indicate that as the visual angle decreases, the interference
from flankers increases. More importantly, people who are better at inhibition or switch show a lesser extent of increase
in interference.
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Wandering mice: Computer mouse-tracking as a behavioral measure of mind
wandering
Mariana Rachel Dias da Silva
Tilburg University, Tilburg, Netherlands

Marie Postma
Tilburg University, TIlburg, Netherlands
Abstract
Mind wandering is a state in which an individual’s attention is not fully focused on the task at hand. Mind wandering affects performance in many tasks requiring focused attention, including (online) learning. Previous studies have examined
eye tracking and self-report as a method to assess whether a person is mind wandering. Because the first method requires
specialized technology and the second method may be susceptible to reporting biases, we here examine whether mouse
tracking can be used to predict mind wandering in tasks involving classical computer interfaces. Assuming that mouse trajectories towards a particular response on the screen are continuously updated by time-dependent and temporally-dynamic
cognitive processes, as a behavioral methodology, mouse tracking could provide unique insight into a persons thoughts.
In our experiment, a total of 183 students completed a mouse-based operation span task, during which their thoughts were
probed and their mouse movements recorded. Mixed model analysis of the recordings indicated that initiation time and
average speed can be used as predictors of task-unrelated thoughts. The results show that mouse movements may be able
to provide an objective measure of mind wandering in online tasks.

2846

Initial learning experience affects learners selection of subsequent study schedule
Lan Anh Do
Yonsei University, Seoul, Korea, Republic of

Hee Seung Lee
Yonsei University, Seoul, Korea, Republic of
Abstract
Despite myriad research about the interleaving effect, learners tend to favor blocked schedule (grouping exemplars by
category) over interleaved schedule (intermingling exemplars). We explored critical factors to engage more people in
adopting interleaved schedule by using a painting style learning task. Participants studied the first section in an interleaved
schedule and had either a test or restudy on that section. They were then asked to select their own study schedule for the
subsequent section. The results revealed the interleaving effect regardless of the interim-activity. More importantly, even
though the interim-activity did not make participants selection in the two conditions different, participants performance in
the interim-test significantly predicted their selections, which implied that the better learning in the first section, the more
likely they chose interleaved schedule for the subsequent section. These findings suggest that ameliorating leaners initial
learning experience with interleaved schedule may debias their preferences toward blocked schedule.
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Do Actions During Math Learning Leave a Legacy in Gesture?
Andrea Donovan
University of Wisconsin- Madison, Madison, Wisconsin, United States

Martha Alibali
University of Wisconsin-Madison, Madison, Wisconsin, United States
Abstract
The embodied cognition framework holds that cognition is grounded in action (Glenberg, 2010). This perspective implies
that actions can influence learning. Actions may also influence the gestures made when later recalling the concept learned.
According to the Gesture-as-Simulated-Action hypothesis, gestures derive from action simulations that underlie thinking
and speaking (Hostetter & Alibali, 2008). When concepts are learned through action, those same actions may be activated
when recalling that concept. Thus, learners actions may leave a legacy in their gestures. Moreover, gestures are a form of
action, and as such, gestures may directly influence learning.
This study investigated childrens (N=94) learning about mathematical equivalence both without actions (control), and
using mathematical manipulatives that afforded differing actions (stacking blocks, a pan balance, and buckets and beanbagsin which children simulated a balance scale with their bodies). Working with the manipulatives did not enhance
learning relative to control, but gestures differed.
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Using Machine Learning to Understand Transfer from First Language to Second
Language
Tiwalayo Eisape
Boston College, Chestnut Hill, Massachusetts, United States

Will Merrill
Yale, New Haven, Connecticut, United States

Joshua K. Hartshorne
Boston College, Chestnut Hill, Massachusetts, United States

Sven Dietz
Boston College, Chestnut Hill, Massachusetts, United States
Abstract
Machine learning can identify, with reasonable accuracy, the native language of someone writing in a foreign language
(Joel Tetreault et al., 2013). Intriguingly, native language identification (NLI) can be accomplished looking only at the
syntactic structure, ignoring word choice (Swanson, 2013). This finding has potentially broad relevance to cognitive
science since it suggests a broad-based method to empirically study the effects of first language syntax on second language
(L1-¿L2 transfer). However, that requires interpretation of the resulting models, which is notoriously difficult (Williams
et al., 2017). As a first step, we compare the results of a variety of state-of-the-art machine learning techniques on NLI in
two languages: English and Spanish.
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Exploring model-based versus model-free pupillometry correlates to
reinforcement learning parameters
Chris Endemann
Univerisity of Wisconsin - Madison, Madison, Wisconsin, United States
Abstract
While many recent studies have successfully used reinforcement learning (RL) frameworks to explain large portions of
variance within neurobiological and decision-making datasets, the relatability of such models to the true mechanisms and
dynamics underlying human learning, cognition, and behavior is arguably still quite limited–in part due to the exclusion of
well-defined mechanisms controlling the dynamics of sensory-model updating (particularly during exploratory behavior)
and sensory-model extraction (for use of exploitative behavior) processes. In an attempt to mend this gap, the current
study investigates the diameter of the pupil as a potential signature of both ongoing sensory-model updating and sensorymodel extraction processes. With the use of a hybrid Q-learning model, these hypothesized correlates are found to account
for discrepancies in pupil diameter between model-based and model-free learning strategies during exploratory and exploitative behavior, and simultaneously frame human learning experience as a dynamic interplay between sensory-model
updating and recollection processes.

2850

Causal Questions and Explanations - What do Theories of Causal Reasoning
predict?
York Hagmayer
University of Gttingen, Gttingen, Germany

Neele Engelmann
University of Gttingen, Gttingen, Germany
Abstract
Which information do people seek out when trying to explain everyday events? Previous research (Ahn et al., 1995)
indicates that this may not be the same information that people take into account when provided, and that theories of
causal reasoning consider crucial. In an experiment, we asked participants to generate questions to explain type or token
events, which were familiar or unfamiliar. Based on theories of singular causation, we expected participants to search for
present causes and indicators of actual causation to explain token events, but for causes and their covariations with the
effect when explaining types of events. We assumed participants to inquire about the presence of known causes when
events are familiar, but about potential causes when events are not familiar. We categorised generated questions according
to the information sought. Results partially supported our predictions. We discuss the relevance of the findings for different
theories of causal reasoning.
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Mind wandering during conversations affects subjective but not objective
outcomes
Myrthe Faber
Donders Centre for Cognitive Neuroimaging, Nijmegen, Netherlands

McKenzie Rees
Southern Methodist University, Dallas, Texas, United States

Sidney D’Mello
University of Colorado Boulder, Boulder, Colorado, United States
Abstract
How much do we mind wander during conversations, and how does that affect objective outcomes and subjective perceptions of the conversation? We studied computed-mediated dyadic negotiations during which participants (N = 144)
discreetly reported whenever they were thinking about something else, and whenever they thought their partner was not attending. Participants mind wandered around 19% of the time. Surprisingly, the number of times that a participant thought
that their counterpart was not attending correlated almost perfectly with the first participants own number of mind wandering reports (r-partial = .941), but very poorly with the other participants number of reports (r-partial = .004) (controlled for
time until agreement). Mind wandering negatively affected subjective (F(1, 57) = 6.48, p = .014) but not objective (F(1,
57) = .089, p = .766) outcomes. These findings suggest that mind wandering, and the attribution of mind wandering to
others, leads to worse social psychological outcomes.
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Phonological Representations in Spanish-English Bilinguals: Unitary or Dual
Sets?
James Falandays
University of California, Merced, Merced, California, United States

Michael Spivey
UC Merced, Merced, California, United States

Joseph Toscano
Villanova University, Villanova, Pennsylvania, United States
Abstract
Languages vary in the acoustic properties of their phonemes. For example, the English b is acoustically similar to the
Spanish p. It is unclear whether bilinguals have separate phonological representations for each language, or one set that
is used universally. If separate, we predict bilinguals will respond differently to a given acoustic stimulus depending on
which language-specific representations they access. Bilingual subjects participated in an English or Spanish context,
with a monolingual English group as control. Subjects viewed pairs of pictures with names differing only in their initial
phoneme (e.g. bear & pear, or beso & peso) and heard auditory stimuli consisting of a phoneme (e.g. p). Subjects
were instructed to click the image whose name begins with the phoneme they heard, and mouse data was recorded. If
mouse trajectory varies as a function of language context, this would provide evidence that bilinguals possess separate
phonological representations for each language.
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Faultless disagreement judgments track adults’ estimates of population-level
consensus over adjective-referent pairs
Ruthe Foushee
University of California, Berkeley, Berkeley, California, United States

Mahesh Srinivasan
UC Berkeley, Berkeley, California, United States
Abstract
How do we judge people wrong or right in their use of language? The words we use vary in how much their meanings depend on properties of the world we can all access (”wooden”), versus a speaker’s subjective construal (”pretty”). Previous
studies have obtained empirical estimates of phrases’ subjectivity by asking adults to rate how faultless a disagreement
over that phrase would be (”Could both speakers be right?”). Where does this underlying dimension of subjectivity come
from? We show that adults’ gradient judgments of faultless disagreement are systematically related to their estimates of
population-level consensus (”Out of 100 people, how many would say this is a ’pretty shirt’?”) over utterance-referent
pairs, but that the strength of that relation varies based on semantic class: estimated levels of consensus matter less for
phrases with value adjectives, like ”pretty shirt.” Follow-ups will investigate simulating consensus as a potential developmental mechanism for inferring subjectivity.
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The other Fox News effect: Attractive people and women more strongly impact
belief formation
Vincent Frigo
UW-Madison, Madison, Wisconsin, United States

Timothy Rogers
UW-Madison, Madison, Wisconsin, United States
Abstract
In everyday learning, people often receive conflicting information from different sources. What factors determine which
sources influence learning? In this study, we consider whether social characteristics of a source, such as attractiveness
and gender, affect belief-updating in a simple category learning task. Participants sorted novel stimuli into two categories.
After establishing an initial category boundary, two companions were introduced from whom categorization advice was
received. These sources did not always agree, and participants were never told which of them was correct. Across
participants, the gender and attractiveness of the companions was varied. After 300 trials receiving this feedback for a
range of stimuli, participants category boundaries were again measuredallowing a determination of belief-shifts. For both
male and female participants, attractiveness had a significant impact, and female sources were afforded more weight than
males. Our results suggest that category learning can be influenced by social factors like gender and attractiveness.
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The impact of social network topology on open-ended and fixed solution problems
Riccardo Fusaroli
Aarhus University, Aarhus, Denmark, Denmark

Dan Mnster
Aarhus University, Aarhus, Denmark

Andrea Baronchelli
City University, London, London, United Kingdom

Kristian Tylen
Aarhus University, Aarhus, Denmark
Abstract
How do solution strategies spread in teams? Inspired by the 80s sci-fi movie Close encounters of the third kind, we
set up a networked multiplayer game where participants had to signal peace to invading aliens from space by playing
music. In each round of the game, participants were matched in dyads and through chat had to jointly construct a fourtone melody. Melodies translated to points according to a rugged landscape score system. We compared three network
topologies: a lattice network (participants only play with immediate neighbours), a fully connected network, and dyads.
Furthermore, we manipulated the nature of the problem being either open-ended or with fixed solutions by making the
maximum possible score known or not. With known maximum score, lattice networks show an advantage with increased
propensity to explore and diffusion of good solutions, compared to fully connected networks. No effects are observed
when the maximum score is unknown.
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Leader-follower Dynamics, Agency, and Anxiety in Joint Action Braking: A
First-Order Dynamical Systems Model
Devin Gill
University of Utah, Salt Lake City, Utah, United States

Ian Ruginski
University of Utah, Salt Lake City, Utah, United States

Brandon J. Thomas
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Abstract
Joint actions require successful coordination between two or more individuals toward shared goals. Successful motor
performance can be influenced by agency and anxiety; however, these factors could also serve as regulation mechanisms
that enhance coordination in joint action tasks. The current experiment assessed the influence of anxiety and sense of
agency on the dynamics of action coordination between two people during a car-braking task. Both individuals were
required to contribute toward the braking task to avoid crashing into a stop sign. Using an actor partner interdependence
model (APIM), results suggested that individuals seated to the right decreased their contribution to braking after individuals
seated on the left increased their braking, but the reciprocal relation was not present. Visual feedback appears to influence
action coordination, however no differences in reported anxiety or agency were found. This leader-follower effect suggests
that a driver-passenger dynamic might have emerged.
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Extending an integrated computational model of the time-based resource-sharing
theory of working memory
Joseph Glavan
Wright State University, Dayton, Ohio, United States

Joseph Houpt
Wright State University, Dayton, Ohio, United States
Abstract
The time-based resource-sharing (TBRS) model envisions working memory as a rapidly switching, serial, attentional
refreshing mechanism. Executive attention trades its time between rebuilding decaying memory traces and processing
extraneous activity. To thoroughly investigate the implications of the TBRS theory, we integrated TBRS within the ACT-R
cognitive architecture. This allowed us to test the TBRS model against both participant accuracy and RT data in a dual task
environment and in particular, determine the patterns in these data directly attributable to working memory limitations. In
the current work, we extend the model to include articulatory rehearsal, which allows us to examine suppression effects.
Additionally, we use the model to predict performance under a larger range of cognitive load. These predictions enable a
stronger test of the TBRS model that would not be possible without our complete computational account of TBRS and the
general assumptions of the ACT-R framework.
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A mouse-tracking study of how exceptions to a probabilistic generalization are
learned
Karina Tachihara
Princeton University, Princeton, New Jersey, United States

Kenneth Norman
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Abstract
How are exceptions to a probabilistic generalization learned? The present results suggest exceptions are learned in part
by selectively suppressing the competing category, as opposed to only increasing knowledge of exceptions. Participants
were exposed to a mini-artificial language with a probabilistic generalization (80-20%) that mapped labels to categories of
images (faces and scenes). Mouse-tracking trajectories determined the degree to which the generalization served as a lure
to exceptions, compared to a separate baseline condition. Over time, the generalization became suppressed in a contextsensitive way: for exception items only. This extends retrieval induced forgetting, in which a particular item is suppressed
due to competition from partial retrieval, to include the entire conceptual category. Post-test revealed high item-specific
accuracy, even though category recognition was sufficient for the task.
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Spatial language and visual attention: A new approach to test linguistic relativity.
Florian Goller
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Soonja Choi
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Ulrich Ansorge
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Abstract
It is debated how far-reaching effects of language on cognition are - if they exist at all. Using a visual search paradigm,
we tested whether native Korean and German speakers are differentially sensitive to visual 3D-object composites that
only the Korean, but not the German (nor the English), language semantically distinguishes as tight- versus loose-fit. We
instructed our participants to search for a colour-defined target composite among distractors. However, targets were also
implicitly signalled by their tight- or loose-fit composites. Only Korean speakers picked up on this implicit target-defining
characteristic, reflected in attention capture by target-similar composites. As these concepts are not grammticalised in
the German language, our results demonstrate that language can determine which visual features capture attention. Our
research introduces a novel approach because processing of the linguistically discriminated visual characteristics was
neither instructed nor necessary for the task, demonstrating a case of linguistic relativity of cognition.
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Predicting Reading Comprehension From Eye Gaze
Julie Gregg
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Sidney D’Mello
University of Colorado Boulder, Boulder, Colorado, United States
Abstract
We know that reading involves a coordination between textual characteristics and visual attention, but what does eye gaze
during reading tell us about comprehension? We addressed this question by training random forest models (a machine
learning technique) to predict reading comprehension from ensembles of interacting global gaze features in a persongeneralizable manner. We used data from two prior studies in which readers (Ns = 104, 130) answered multiple-choice
comprehension questions during and/or shortly after ( 30 mins) reading a 6500-word text. The models were highly accurate
at predicting reading comprehension assessed during reading at both the page- (AUROC = .882) and participant- level (r
= .671; computed by aggregating page-level predictions). Accuracy for the post-reading models was lower (AUROCs
between .538 and .552; rs between .343 and .373), but significantly above chance baselines. Collectively, these findings
confirm a link between global eye movement behavior and higher-order outcomes of reading.
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Unexpected problem recognition task reveals semantic differences in arithmetic
word problem representations
Hippolyte Gros
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Emmanuel Sander
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Jean-Pierre Thibaut
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Abstract
Recent evidence suggests that non-mathematical world knowledge influences the semantic encoding of arithmetic word
problems (Gamo, Sander & Richard, 2010; Gros, Thibaut & Sander, 2017). We used isomorphic problems that could
be encoded in two distinct ways to investigate this issue. Depending on the world knowledge evoked by the elements
described in the problem statement, we made the hypothesis that different mathematical relations would be made salient in
the encoded representation. We tested this hypothesis by presenting participants with an unexpected problem recognition
task following a problem solving task. Participants tended to erroneously recognize modified problems in the recognition
task when they had been rewritten so as to explicitly describe the relation that could have been inferred from world
knowledge, but not when the world knowledge evoked during the encoding did not make this relation salient. This
highlights the crucial influence of world knowledge on arithmetic word problems representations.
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Does Testing Change the Way Students Use Their Study Time?
Hyorim Ha
Yonsei University, Seoul, Korea, Republic of

Hee Seung Lee
Yonsei University, Seoul, Korea, Republic of
Abstract
The present study examined how testing of previously studied materials affects learners subsequent study time allocation
when learning new materials. Participants learned the painting styles of various artists through two sections (Section A and
B). After studying Section A for a fixed time, participants took a test or restudied for Section A and then studied another
set of artists in Section B for unlimited time. The results showed that while total study time was not different in Section B,
the test group outperformed the restudy group on the transfer test of Section B. The test group, however, allocated more
time in the early stage of Section B than the restudy group. Interim testing seems to inhibit study time decrease in the
initial phase of learning and encourage learners to use more effective strategies in their subsequent learning. These results
align with the encoding theory of the forward effect of testing.
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Examining the role of the motor system in the beneficial effect of speaker’s
gestures during encoding and retrieval
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Abstract
Co-speech hand gesture facilitates learning and memory, yet little is known about the underlying mechanisms. Ian and
Bucciarelli (2017) investigated this: participants watched videos of a person producing sentences with or without concurrent hand gestures. In one experiment, participants hands were occupied with an unrelated motor task while watching.
Gesture enhanced memory for sentences except when hands were engaged in the motor task, indicating motor system
involvement when gesture enhances memory. We investigated when and how the motor system is engaged in service of
memory. We replicated the above design and cued listeners at retrieval with the same or different manipulation they experienced at encoding (gesture/motor task). We predict that participants in the same motor task condition for encoding and
retrieval will have better recall performance than those in mismatch conditions, suggesting that re-engaging or simulating
previous motor experiences is critical in the relationship between gesture and memory.
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Expertise seeks rewards: Error-related negativities and defensive motivation in
spelling decisions
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Abstract
The error-related negativity (ERN) is an event-related potential (ERP) component generated in anterior cingulate cortex
that reflects reward sensitivity and error aversion (Hajcak & Foti, 2008). In a spelling decision task that included a monetary reward for good performance, Harris, Perfetti, and Rickles (2014) found that mean ERN amplitude was associated
with an offline behavioral measure of spelling knowledge, suggesting that expert spellers are more error-averse during a
reward-based spelling task than those with less expertise. However, task performance alone is an imperfect indicator of expertise, because a correct response could result from guessing or motor error. In the present study, we investigated whether
the left-lateralized N170, an ERP component directly tied to orthographic expertise, was associated with ERN effect size in
the spelling decision task. We found that mean N170 amplitude correlated positively with mean ERN amplitude, indicating
that experts experience greater aversion to errors than non-experts.
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Music, language, and gesture: Neural oscillations and relational cognition
Courtney Hilton
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Micah Goldwater
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Abstract
Music, language, and action involve the ability to combine and flexibly recombine sequences of discrete elements into
hierarchical structures. Can structures in one domain influence the other? Does this sequential structure building process
rely on shared neural resources or shared types of computation? Initially, we tracked a neural correlate of this sequential
structure-building process in each domain individually using steady-state evoked potentials (SSEPs). We then explored
the behavioral effect on sentence comprehension of mismatching linguistic phrase structures with metrical musical ones.
We interpret our findings in terms of the Shared Syntactic Integration Resource Hypothesis. We extend the purview of
this theory beyond harmonic syntax in music to considerations of how the mental organisation of musical elements in time
(meter) can be considered syntactic. Our findings suggest fresh parallels between language and music, and how certain
processes may be shared by more domain-general aspects of our cognitive architecture.
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Hand gesture reflects visual and motor features from multiple memory systems
Caitlin Hilverman
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Abstract
Speakers gestures provide a visual-motor representation from memory of what is being communicated. Yet the cognitive
and neural contributions to gesture form remain unknown. To examine this, we investigated how prior experience was
reflected in gesture in three groups: healthy adults, hippocampal-amnesic patients with declarative memory impairment,
and brain-damaged comparisons. Participants completed a computerized TOH with differing visual/motor experience
(visual curved disk trajectory/button-pressing; no visual disk trajectory/curved mouse-movements). After a 30-min delay
when amnesic patients did not explicitly remember completing the TOH participants explained how to do the TOH. We
analyzed the form of the gestures produced. Comparison participants and amnesic patients gestured in systematically
different ways based on their prior visual and motor experiences. Thus, gesture reflects visual and motor features from
representations in multiple memory systems.
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Inductive Biases in the Evolution of Combinatorial Structure in Language
Matthias Hofer
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Abstract
One key feature of language is duality of patterning, the ability to build utterances from individually meaningful units
(morphemes), which are themselves formed by combining meaningless primitives (phonemes). Recent experimental work
has demonstrated that these primitives can emerge through repeated acquisition and transmission of initially unstructured
input across learners. Here we address open questions about the nature and interplay of different constraints on learning
that are hypothesized to explain this phenomenon. We consider a set of experiments (Verhoef, 2012; 2016) where participants produced auditory signals using a slide whistle. Following recent advances in Bayesian program learning, our
probabilistic model treats the acquisition problem as inference over the latent causes that gave rise to the whistle signals.
We will describe computer simulations that explore how different learning constraints, operationalized as inductive biases
in the model, give rise to structurally different ’languages’ and how well different model variants account for the cited
experimental data.
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Analogical comparison of semantic categories across languages challenges beliefs
about category discreteness
Sarah Q. Husney
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Abstract
People often categorize the world in absolutes, believing that certain words demarcate categories with discrete boundaries.
This belief in category discretenessa signature of psychological essentialismstands in contrast to the observation that category boundaries differ markedly across languages. Here we show that learning about such semantic diversity via analogical
comparison reduces the tendency to think of categories in discrete terms. Participants who compared contrasting categories
from different languages in several semantic domains were less likely to endorse statements about category discreteness
than those exposed to the same categories separately or those in a no-exposure control group. These results suggest that
comparing the semantic systems of different languages, and thereby discerning alignable differences between them, can
facilitate more flexible conceptions of categories. To the extent that cross-language comparison occurs spontaneously in
individuals with access to more than one semantic system, such conceptual flexibility may be a natural consequence of
bilingualism.
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Discrimination difficulty modulates effects of language on perceptual
discrimination
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Abstract
Although much evidence suggests that language influences perceptual discrimination, relatively little research has explored
factors that might modulate such effects. Some have proposed that effects of language may be stronger for more difficult
discriminations than for easier ones, yet previous studies have merely assumed this idea or tested it in a manner that treats
languages influence as all-or-none rather than graded. Here we provide evidence for graded effects of language across
systematically varied levels of discrimination difficulty. Using color as a testbed, we show that categorical perceptionenhanced discrimination at category boundariesincreases with difficulty, defined by the perceptual similarity between colors.
Evidence for the modulatory role of difficulty was observed across two different linguistic category boundaries and two
different perceptual tasks. Our findings provide insight into the conditions under which language shapes perception and
converge with recent models that consider such effects in probabilistic terms.
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Cross-linguistically shared spatial mappings of abstract concepts guide
non-signers inferences about sign meaning
Ruth Rabinovitch
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Abstract
Abstract concepts like valence and magnitude are represented through space in co-speech gestures and linguistic metaphors.
Recent work has shown that such spatial mappings are also reflected in the motion patterns of signs in sign languages,
suggesting that sign languages may reveal cross-linguistically shared ways of spatializing abstract concepts. We probed
this possibility further by testing whether non-signers are sensitive to vertical spatial mappings encoded in signs in American Sign Language (ASL). Non-signers were presented with videos of ASL signs and asked to judge the likely valence
and magnitude of their meanings. Judgments were well predicted by the direction of hand movement along the vertical
axis but not other axes, implying that participants spontaneously relied on vertical mappings of valence and magnitude to
make semantic inferences. These findings suggest that sign languages encode spatial mappings of abstract concepts that
are readily accessible to non-signers, and potentially useful for language learning.
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Spatial categories in language and thought: Evidence for categorical perception at
the cardinal axes
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Abstract
The relationship between linguistic and nonlinguistic spatial categories has been characterized in terms of two contrasting
positions. One position suggests, naturally enough, a close correspondence between the two sets of categories. A second
position suggests a dissociation, in which the boundaries between nonlinguistic categories function as the prototypes for
linguistic categories. The latter account predicts categorical perception (CP)enhanced discrimination at category boundariesat the horizontal and vertical axes, yet this prediction has not been tested directly. We tested it in three experiments.
In perceptual and memory tasks, cross-axis locations were discriminated better than within-axis locations at both axes,
indicating CP. These results suggest that the axes indeed serve as nonlinguistic category boundaries, consistent with the
dissociation account. However, findings from a supplemental naming task revealed that these boundaries are also marked
linguistically, implying some correspondence between linguistic and nonlinguistic spatial categories and a potential reconciliation of the competing accounts.
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Increased similarity between source and target eases explanatory reasoning
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Naval Research Laboratory, WASHINGTON, District of Columbia, United States
Abstract
Explanatory reasoning is a capacity at the core of human cognition. From an early age, children begin asking whyquestions and seem to produce explanations to these questions with remarkable ease. However, the mechanisms underlying
explanatory reasoning are only now being uncovered. Recently, Hoyos and Gentner (2017) revealed that comparison plays
an important role in explanatory reasoning. To further examine this hypothesis, we conducted a study with children
between the ages of 4 and 12 (N = 55) aimed at testing whether the similarity between two concepts affected childrens
ability to explain a relation between these concepts. Specifically, we tested whether children would more rapidly produce
explanations of why-questions like Why are trains bigger than cars? (high-similarity) compared to Why are trains bigger
than row boats? (low-similarity). Consistent with prior work, we found that children more rapidly produced explanations
of the relation between high-similarity concepts compared to low-similarity concepts.
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The Effect of Theory of Mind on Detecting Social Norm Violation
Nai Ching Hsiao
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National Cheng Kung University, Tainan, Taiwan
Abstract
Individuals’ judgments about social norm may have different sensitivities depending on personality and attitude, including
their sensibility to social situation. Therefore, in this study we mainly focused on evaluating whether such perceiving
others mental states (theory of mind) is related to social norm violation. Some social and personality traits also were
explored to examine how they involve the sensitivity to detecting social norm violation. Both asking participants to judge
the appropriateness of various behaviors occurred in different everyday situations/locations and collecting ToM status
and other personality and social trait questionnaires were conducted for investigating the relationships with social norm
violation. As a result, understanding others mind states through non-verbal manners has more tolerance in terms of the
judgments of the appropriateness of social behavior. However, Nationalism was found to cause the opposite relationship.
Furthermore, attitudes of cultural tightness and looseness is found associated with the sensibility of detect norm violations.
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Self-Construals on Tightness and Looseness Culture
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Abstract
It is found that the concepts of interdependence and independence expressed in the measurement of self-consturals may
vary with cultural patterns, which also affects the strength of social norm. Therefore, in this study, we mainly focused on
exploring the effect of social norm on self-construals. Participants who grew up in Taiwan were asked to complete the
questionnaire of tightness and looseness attitude regarding daily life and to proceed the of norm violation task. As a result,
we concluded that cultural pattern of tightness or looseness is related to the strength of social norm. Interestingly the
finding indicated that strong norm would relate to detecting greater freedom, which leads to higher creativity. In addition,
the perception of the tightness of culture would be more related to interdependent self-constural and nation identification.
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The Effect of Facial Expression Bearers Gender on the Assimilation for Emotion
Judgement
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Abstract
The purpose of the present study was to examine the effect of the gender of stimuli on the emotional assimilation between
the context and the target. Pictures of five cartoon figures bearing facial expressions of anger, happiness, and sadness
were presented to 42 participants. Four smaller figures served as the context while a central enlarged figure was placed
as the target. The participants were told to judge the emotion intensity of the target by giving ratings from 1-10. Besides
the types of expression was manipulated to create a difference between ambiguous targets and unambiguous ones. The
results of the present study showed that the gender of the target has an effect on the assimilation of different emotions.
While the assimilation effect was found in male targets, especially for moderate anger and extreme happiness, there was
no assimilation effect when participants saw female targets with moderately angry and extremely sad expressions.

2876

Examining the Representational Change Theory on the interpretation of Remote
Associates Problem Solving
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Abstract
The main purpose of current study is to examine the insight theory on the interpretation of remote associates problem
solving. In our experiment, we manipulated the position of keyword to alter the relaxation of constraint in the problem.
Three kinds of problems were presented: the Keyword-in-Front (KF), Keyword-in-Middle (KM) and Keyword-in-Back
(KB) problems. Fifty-eight undergraduates were recruited and the eye movements while they were solving these three
problems were recorded. The results indicate that, (1) the correct rate of KM problems are higher than KB problems. (2)
When individuals solve the KF problems or KB problems, they would display more regression counts and spend more
time gazing at the fixation region than key region. However, more time and regression counts are spent at the key region
while solving KM problems. The results of current experiment support the explanation of Representation Change Theory
on the solving process of remote associates problems.
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Understanding Direction Giving in the Service of Wayfinding on a University
Quad
Alycia Hund
Illinois State University, Normal, Illinois, United States
Abstract
One goal was to specify the types of details students provide when giving directions to assist others in finding buildings on
their university quad. Another goal was to test whether visuospatial and verbal secondary tasks disrupted direction giving
by reducing the number of details provided. Thirty-three college students (21 women, 12 men) provided wayfinding
directions to campus buildings for a fictitious listener under three secondary task conditions: control (no secondary task),
verbal secondary task (word-nonword judgments), and visuospatial secondary task (clock hand judgments). In general,
students provided landmarks most frequently, followed by cardinal directions and left-right details. Students provided
significantly fewer spatial details when completing the visuospatial secondary task and marginally fewer details when
completing the verbal secondary task relative to control. These findings confirm the role of visuospatial and verbal working
memory in direction giving in the service of wayfinding on a familiar university quad.
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A Perspective-Taking Intervention to Decrease Gender-Based Exclusion
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Abstract
Young children preferentially include same-gender peers in their play, restricting learning opportunities and reinforcing
stereotypical gender roles (Ruble et al., 2006). Two studies aimed to reduce 4-6-year-old childrens gender-based exclusion through a perspective-taking intervention. Study 1 (N=98, M=5.38 years) evaluated whether inviting participants
to consider peers exclusion-related emotions would lead participants to subsequently include (new) other-gender peers.
Participants in the intervention condition were more socially inclusive from pre- to post-test than were participants in a
control condition (p¡0.05). Study 2 (N=101, M=5.37 years) replicated the results from Study 1 (p¡0.05) and demonstrated
that changes in childrens inclusive behaviors from pre- to post-test were not driven by social desirability concerns; children
became more inclusive whether or not an experimenter watched them make their choices (p ¿ 0.75). Ongoing research is
testing whether the effectiveness of the present intervention is amplified when children can see (rather than infer) excluded
childrens emotional reactions.
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A new similarity measure to reveal individual differences and growth in implicit
number conceptions
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Abstract
How are numbers represented in peoples minds? Previous work has used pairwise similarity judgments among numerals
to reveal development in individuals conceptions of number, from exclusively encoding magnitude in elementary school
to including properties like shared factors in adulthood (Miller & Gelman, 1983). We extend this observation to develop a
new, expanded measure comprised of two 10-item sets exemplifying multiple mathematical concepts (e.g., squares, primeness), which can ultimately be used as a subtle pre- and post-test surrounding concept-specific education or interventions.
Initial multidimensional scaling analyses reveal individual differences in clustering of numerals based on mathematical
properties that are not necessarily concordant with the individuals explicit knowledge of the same properties, which we
also solicited. We thus see this as a promising way to measure implicit number conceptions and track the salience of rich
mathematical properties in individuals representations of number.
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Abstract
Many science and mathematics concepts involve complex relationships. Educational materials, such as textbooks, often
convey these systems through visualizations (e.g., Jee et al., 2010; Mayer, 1993). To abstract the key relationships,
students must compare corresponding elements of these visualizations-parts of a structure, steps in a process, etc. Yet,
little is known about the ways in which visual comparisons are presented in textbooks. The present study evaluated images
in science and mathematics textbooks from top U.S. publishers with respect to the support for visual comparisons. The
research team identified several factors that could help vs. hinder visual comparison based on prior research on visual
comparison and analogy, including the spatial arrangement of corresponding elements (Matlen, Gentner, & Franconeri,
2014), the number intervening elements between them, and the ways in which comparisons are formally encouraged
through both verbal and non-verbal cues.

2881

Cross Modal Cue Compensation in Size and Pitch
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Abstract
When attempting to correctly interpret signals from noise, many sources of noise are not random, only unwanted. These
can be discounted by observing cues that predict the noise and canceling or adjusting accordingly. We trained participants
to classify artificial bird calls of different pitches. Pitch was affected by the intended message or word the bird was
communicating, as well as the size of the bird (larger birds were given lower pitch overall). Participants could hear the
call and also see an image indicating the size of the bird, allowing them to predict and counteract the effect of size, which
served as noise when trying to interpret communication. At test, we probed many pitches and sizes outside the range of
training stimuli, and we analyze the patterns by which participants not only compensate for noise, but extrapolate and
generalize their compensation to new situations.
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Children regularize object shape but not object color in visual recognition tasks
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Abstract
When concepts erode with neuropathology, patients lose knowledge of the visual details that differentiate related items,
such as the hump of a camel or the color of a pumpkin. Consequently they fail to differentiate real vs chimeric items
differing in these properties. We assessed whether the same pattern is observed over conceptual development. Children
viewed a real and chimeric item differing in a single property and decided which was real and which silly. For some items,
the correct choice was more prototypic (e.g. a donkey vs a donkey with a hump); for others, less (e.g. a camel vs a camel
with no hump). Stimuli differed in their shape/parts or in color. Like patients with semantic impairments, children more
often failed to recognize items with atypical parts, even when these were successfully named. The reverse pattern was
observed for the color task. These results importantly constrain theories of conceptual development.
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Inferring other people’s relationships by observing their social interactions
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Abstract
Observing how two people act toward one another can sometimes tell you something about their relationship. Although
there has been some work in the social cognition literature on how people represent different types of social relationships
(Haslam, 1994; Fiske & Haslam, 1996), there have been few attempts to study how people make inferences about those
relationships. We present a probabilistic computational model of how people make these inferences that builds on previous
work (Jern & Kemp, 2014). We extend the model to account for social interactions in which two people in an interaction
are each making choices that affect one another simultaneously. We tested the model in two experiments in which subjects
observed the outcome of two players’ choices in games like the prisoner’s dilemma and made inferences about the players’
relationships. The results were largely consistent with the model’s predictions with some notable exceptions.
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Relational Roles and Stem Format in Verbal Analogy
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Abstract
Analogical reasoning entails both one-to-one alignment and relational transfer. Yet the relative reliance on one process
over the other may depend in part on the extent to which role-based relational reasoning is available. We systematically
manipulated two theoretically important item characteristics that impact the extent of role-based relational reasoning in
solving semantically distant verbal analogies: (1) the analogical relation (composition vs. category coordinate), and (2)
the format of the analogy stem (i.e., two vs. three terms). For the categorical analogies (WATERMELON : PINEAPPLE
:: VELVET : SILK), stem format had no effect. Whereas for the composition analogies (WATERMELON : SALAD ::
VELVET : DRESS), participants were faster to solve the 3-term than the 2-term analogies, thereby indicating a facilitative
effect of role-based alignment (e.g., both watermelon and velvet as materials of their respective objects). Thus, results
support analogical models positing the detection and use of relational roles (Holyoak, 2012).
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Facilitating interpersonal action coordination in a movement control task
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Abstract
The present experiment examined how individuals and dyads coordinate action in a movement control task either with or
without additional action effects. Participants pressed computer keys to keep a moving dot stimulus within a rectangle
by certain key-movement mapping. Pressing a key could also cause visual, auditory, or no effect. Participants completed
the task either alone or with a partner they could neither see nor hear. The results showed that individuals had better
performance and longer key-press than dyads. The performance of dyads was improved by auditory effects, whereas
the performance of individuals was not influenced by any additional action effect. In a subsequent STROOP-like task,
participants were asked to press a computer key they used in the movement control task while being primed by either
visual or auditory effects. The results revealed an association between auditory effects and correspondent key, whereas no
such association was found for visual effects.
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Changing our Minds about Truth and Reality: Wild Systems Theory as a 21st
Century Coherence Framework for Cognitive Science
J. Scott Jordan
Illinois State University, Normal, Illinois, United States

Daniel Schloesser
University of California, Merced, Merced, California, United States

Jasmine Mason
Illinois State University, Normal, Illinois, United States
Abstract
The present paper examines the historical choice points the led 20th century cognitive science to its current commitment
to correspondence approaches to reality and truth. Such a correspondence driven approach to reality and truth stands in
contrast to coherence driven approaches that were prominent in the 1800s and early 1900s. Coherence approaches refused
to begin the conversation regarding reality with the assumption that the important thing about it was its independence
of observers. The present paper fleshes out the differences between coherence and correspondence driven approaches to
reality and truth, propose an explanation of why cognitive science came to favor correspondence approaches, describes
problems that have arisen in cognitive science because of its commitment to correspondence theorizing, and proposes an
alternative framework (i.e., Wild Systems theoryWST) that is inspired by a coherence approach to reality and truth, yet is
entirely consistent with science.
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Forming Action-Effect Contingencies Through Observation
J. Scott Jordan
Illinois State University, Normal, Illinois, United States

Jasmine Mason
Illinois State University, Normal, Illinois, United States

Alex Dayer
Illinois State University, Normal, Illinois, United States
Abstract
Recent research reveals overlaps of perception and action-planning areas of the brain, both in the act of doing and the act of
observing. The Theory of Event Coding (TEC) suggests we create action-effect contingencies when performing an action.
However, this study was designed to assess whether these action-effect contingencies could be formed by participants
simply observing different levels of the action effect contingency. The experimenter performed a dot-control task, using
the A and L keys (each keypress was paired with one of two tones). Participants watched the screen and listened to the tones
either with or without access to the actions of the experimenter, and afterwards took a compatibility test to assess response
times when presented compatible or incompatible action-effect pairings. Participants without access to the experimenters
actions showed greater compatibility effects than participants with access, indicating action-effect contingencies can be
learned simply through observation.
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The Development of Deductive Reasoning in Mastermind
Anselm Rothe
New York University, New York, New York, United States

George Kachergis
Radboud University / Donders Institute, Nijmegen, Netherlands

Maartje Raijmakers
University of Amsterdam, Amsterdam, NH, Netherlands
Abstract
We present an information-theoretic approach to modeling childrens performance in a deductive reasoning game. Our
approach takes cognitive limitations into account to model the interpretability of feedback that children receive during the
game. We use data of thousands of children, 5 to 12 years of age, from a popular online educational learning system. In the
Deductive Mastermind game the player seeks to identify a hidden code that consists of a sequence of colors. The player
sees a series of proposed codes together with corresponding feedback providing partial information about the similarity of
each proposal and the hidden code. In Deductive Mastermind games, the proposals are set up such that deductive reasoning
leads to a single possible hidden code. The games vary in code length, the number of possible colors, and the number of
proposals, resulting in game difficulties of various degrees.
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Age, gender, and learning style predict spontaneous explicit learning in an implicit
learning task
Priya Kalra
University of Wisconsin, Madison, Wisconsin, United States
Abstract
Previous studies of implicit learning have demonstrated spontaneous explicit learning in some participants but not others.
We investigated whether differences in spontaneous explicit knowledge could be predicted by individual-level variables.
Ninety-five undergraduates (Mage = 19.91, SDage = 1.5; Nfemale = 85) performed a Serial Response Task in which a
sequence was embedded in some blocks but not others; all participants demonstrated implicit learning (shorter RTs for
sequence blocks compared to random blocks) but only 31 (32%) were able to describe the sequence accurately afterwards.
Neither verbal nor non-verbal IQ, nor working memory span, nor Need for Cognition differentiated those with explicit
sequence knowledge from those without. However, the relationship between sex and any explicit knowledge was significant (2(95) = 4.5, p = .03), and among participants with any explicit sequence knowledge, males correctly recalled more
sequence items than females (Mmale, = 8, Mfemale, = 4.19; t(29) = 3.26, p =.0028).
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Allowing Children Time to Forget Promotes Their Acquisition and Generalization
of Science Concepts
Megan Kaul
University of Wisconsin-Madison, Madison, Wisconsin, United States

Emma Lazaroff
University of Wisconsin-Madison, Madison, Wisconsin, United States

Haley Vlach
University of Wisconsin-Madison, Madison, Wisconsin, United States
Abstract
Research on the timing of learning has revealed that simultaneous and spaced presentations promote childrens generalization. Why does both presenting information at the same time and apart in time support learning? In this study we addressed
this question by examining the effects of presentation schedules on childrens generalization of science concepts. In Experiment 1, children (N = 165) were presented with science concepts on simultaneous, massed, or spaced presentation
schedules, and were tested immediately or after a delay. There were no performance differences at the immediate test and
children had stronger performance on the spaced schedule at the delayed test. Experiments 2 and 3 (N = 87) were conducted to determine why spaced learning led to stronger performance; we investigated whether patterns of visual attention
and forgetting during learning varied across conditions. Taken together, this work suggests forgetting is the mechanism
that drives spacing effects in childrens science concept generalization.
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Integrating Physiological, Emotional, Rational, and Social Cognition
William Kennedy
George Mason University, Fairfax, Virginia, United States

Jim Thompson
George Mason University, Fairfax, Virginia, United States
Abstract
Our poster will facilitate discussion of cognition driven primarily by physiology, emotions, sociality, and reason, i.e., the
rational and beyond rational. First, we take cognition to be the origin of all observable behavior. There is a growing
literature on emotional and social determinants of behavior. Physiological contributions to behavior (e.g., hunger, thirst,
arousal/fatigue) are also being incorporated into recent cognitive models. We offer an approach to integrate these types of
cognition that can explain behavior over a much wider range of situations than current approaches. Their integration ranges
from a recognition that one of the four is the overwhelming driver in extreme conditions, but otherwise their integration
is more nuanced with evidence of a general ordering. We will present and discuss approaches for their integration based
on their relative severity leading to a cognitive architecture that can represent the full spectrum of behavior, i.e., behavior
outside the laboratory.
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When Less Is More: Fewer Shape Types Result In Higher Quality Parent-Child
Shape Talk
Kassie Kerr
University of Chicago, Chicago, Illinois, United States

Sarah Eason
University of Chicago, Chicago, Illinois, United States

Michelle Hurst
University of Chicago, Chicago, Illinois, United States

Alana Dulaney-Foley
University of Chicago, Chicago, Illinois, United States

Amy Claessens
University of Chicago, Chicago, Illinois, United States

Susan C. Levine
University of Chicago, Chicago, Illinois, United States
Abstract
Shape puzzles can elicit parent-child math talk, which is critical for early math learning. However, little is known about
how the features of the puzzles impact parent-child interactions through parents math talk. Two- to four-year-old children and their parents (current N=30; target N=128) completed two shape puzzles. The control puzzle was typical of
commercial puzzles, including nine distinct shapes. The experimental puzzle included multiple exemplars of shapes (e.g.,
three different triangles, three different quadrilaterals). We hypothesized that parents would use richer math talk with the
experimental puzzle. We coded quantity and quality of parent math talk during the interactions. Preliminary results indicate that parents mostly used low-level math talk (naming shapes) for both puzzles, but they used more high-level math
talk (comparing shapes, providing shape definitions) for the experimental than the control puzzle (p=0.054). We discuss
particular puzzle features that can stimulate high-quality math talk during parent-child interactions.
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Effectiveness of generic-parts technique in idea generation
Maho Akao
Nagoya University, Nagoya, Japan

Mayu Yamakawa
Nagoya University, Nagoya, Japan

Sachiko Kiyokawa
Nagoya University, Nagoya, Japan
Abstract
Generic-parts technique (GPT), a method developed by McCaffrey (2012), involves repeatedly breaking an object into
parts and rephrasing their descriptions to not imply fixed functions. A previous study showed that GPT facilitates insight
problem solving. We investigated this methods effectiveness in idea generation. Ninety-four undergraduates were assigned
to either an experimental group using GPT or a control group. In the training phase, the GPT-group participants were
explained how to create a generic-parts diagram with an example of a bell, and they drew two diagrams for other objects
by themselves. The control-group participants were given a word association test of 180 words and were instructed to
write the first word that came to their mind. All participants then engaged in an unusual uses task with an umbrella. The
results showed that the GPT-group generated less ideas than the control group. We concluded that GPT is not particularly
effective in idea generation.

2894

Developmental Differences in Semantic Search Strategies Between Monolingual
and Bilingual Children
Naomi Kline
University of California, Los Angeles, Los Angeles, California, United States

Natsuki Atagi
University of California, Riverside, Riverside, California, United States

Maxim Bushmakin
Brandeis University, Waltham, Massachusetts, United States

Catherine Sandhofer
University of California, Los Angeles, Los Angeles, California, United States
Abstract
In semantic fluency tasks, speakers name as many category exemplars as possible within a time limit. After age 8 to
9 years, bilinguals produce fewer words in semantic fluency tasks than monolinguals (e.g., Friesen et al., 2015). This
effect may result from differences in how monolinguals and bilinguals search their semantic networks (e.g., Sandoval et
al., 2010), which we examined here. Five- to 11-year-old monolinguals and bilinguals (n=300) completed a semantic
fluency task. Monolinguals produced more words with age (r=.27, p=.001), whereas bilinguals did not (r=.11, p=.43).
However, with age, bilinguals (r=-.32, p=.016)–but not monolinguals (r=.04, p=.65)–produced lower frequency words.
Additionally, Latent Semantic Analysis revealed bilinguals to produce more semantically similar words in sequence with
age (bilinguals: r=-.26, p=.05; monolinguals: r=.02, p=.83). These findings suggest bilingual children may develop more
efficient semantic search strategies than monolinguals.
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The Uncanny Valley: Behavioral, Cognitive, and Neurological Evidence
Umesh Krishnamurthy
University of California Merced, Merced, California, United States
Abstract
The uncanny valley hypothesis suggests that human replicas, such as robots and animated characters, which closely (but
do not completely) resemble humans create feelings of discomfort and eeriness in observers. Given the large volume of
research that has sought to assess this hypothesis and explain why some replicas induce such feelings, I have conducted an
integrative review of such research to explore the uncanny valley within behavioral science, neuroscience, and cognitive
engineering. I believe the data suggest that uncanniness can be at least partially attributed to a mental conflict between
the observers knowledge of the replicas artificiality and the observers emotional desire to form a connection with something that looks so human. Nevertheless, the literature has several limitations that must be addressed before definitive
conclusions can be made. This poster will review and integrate this research on the uncanny valley hypothesis.
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Put the apple on the plate but just move the plate: Event perception in German
and Korean speakers.
Alexandra Kroiss
University of Vienna, Vienna, Austria

Florian Goller
University of Vienna, Vienna, Vienna, Austria

Ulrich Ansorge
University of Vienna, Vienna, Austria

Soonja Choi
University of Vienna, Vienna, Austria
Abstract
This study investigates the typological and grammatical influence of language (German and Korean) on linguistic expressions, visual perception, and recognition of caused spatial events. In German, a satellite-framed language, Path of motion
is lexicalized in satellites, whereas in Korean, a verb-framed language, Path is typically lexicalized in the verb root. We
tested German and Korean native speakers in a linguistic description task as well as in a memory task involving eye
tracking. Our results show that both verbal (linguistic expressions) and nonverbal (memory performance, eye movements)
behaviors are determined at least in part by language-specific grammar. While Korean speakers principally categorize
spatial relationships according to degree of fitness, German speakers do so based on containment or support.
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Semi-supervised learning in infancy: Infants integrate labeled and unlabeled
exemplars to learn new categories
Alexander LaTourrette
Northwestern University, Evanston, Illinois, United States

Sandra Waxman
Northwestern University, Evanston, Illinois, United States
Abstract
Labels facilitate infants category learning. Providing the same label for a set of distinct individuals enhances infants
ability to identify the underlying category. In infants daily life, however, many category exemplars will go unlabeled, and
infants will inevitably receive a mix of labeled and unlabeled exemplars when learning real-world object categories. Here,
we ask whether 2-year-old infants can integrate these labeled and unlabeled exemplars when learning a novel category.
To do so, we draw on machine learning research in semi-supervised learning, a class of algorithms designed to learn
from just such mixed data. Our results suggest infants do engage in semi-supervised category learning. Infants learned
categories as successfully in a semi-supervised condition as in a fully-labeled conditionand more successfully than in an
unlabeled condition. These findings reveal that the power of labels extends beyond the exemplars being labeled: labeling
also promotes infants learning from subsequent, unlabeled exemplars.
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The Role of Inquiry in Childrens and Adults Memory, Categorization, and
Explanation of New Information
Emma Lazaroff
University of Wisconsin-Madison, Madison, Wisconsin, United States

Haley Vlach
University of Wisconsin-Madison, Madison, Wisconsin, United States
Abstract
Asking questions is a fundamental part of learning. Previous research has touched on the types of questions we ask
to gather information (e.g., Ruggeri & Lombrozo, 2015), but not yet on whether there are developmental differences in
questions that go unanswered. In this study, we looked at the unanswered questions children and adults ask when presented
with new information. We found that adults asked questions on many topics such as behavior, category membership, and
social relevance, while children mainly asked feature-related questions. Additionally, these unanswered questions were
related to learning outcomes after the questioning period. For instance, results revealed that the presence of feature or
category questions predicted how narrowly or broadly children categorized novel objects. These findings indicate that
unanswered questions may have consequences for learning outcomes, and that there are likely developmental differences
in how unanswered questions affect cognition.
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Modeling dynamics of suspense and surprise
Zhiwei Li
NYU, new york, New York, United States

Neil Bramley
NYU, New York, New York, United States

Todd Gureckis
New York University, New York, New York, United States
Abstract
Activities such as watching a sports match and reading a novel often provoke suspense and surprise (S&S). Computationally, we hypothesize that these feelings derive from the dynamics of our beliefs. In our experiment, participants watch real
videotaped volleyball games or play a card game, where their belief dynamics (e.g. chance of winning) can be affected by
both the stimuli and background information (e.g. game rules and prior beliefs about the teams / the card deck). Following
Ely et al (2015) we formalize instantaneous suspense as a function of expected variance in future belief, and surprise as
related to the magnitude of belief changes. Through probabilistic model we generate point-by-point predictions of S&S.
We find that ratings of S&S for the same games depend on experimentally manipulated in qualitative agreement with our
model, but we also identify several situations where the model fails.
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A Neural Network Model of Complementary Learning Systems
Mika Jain
Stanford University, Stanford, California, United States

Jack Lindsey
Stanford University, Stanford, California, United States
Abstract
We introduce a computational model capturing the high-level features of the complementary learning systems (CLS)
framework. In particular, we model the integration of episodic memory with statistical learning in an end-to-end trainable
neural network architecture. We demonstrate on vision and control tasks that our models behavior aligns with a variety
of behavioral and neural data. In particular, our model performs consistently with results indicating that episodic memory systems aid early learning and transfer generalization. We also find qualitative results consistent with findings that
neural traces of memories of similar events converge over time. Furthermore, without explicit instruction or incentive,
the behavior of our model naturally aligns with results suggesting that the usage of episodic systems wanes with learning.
These results suggest that key features of the CLS framework emerge in a task-optimized model containing statistical and
episodic learning components, supporting several hypotheses of the framework.
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Gene Duplication, Modularity, and the Evolution of Intelligence in Simulated and
Real Robots
Nicholas Livingston
Vassar College, Poughkeepsie, New York, United States

Ben Tidswell
Vassar College, Poughkeepsie, New York, United States

Meghan Willcoxon
Vassar College, Poughkeepsie, New York, United States

Theresa Law
Vassar College, Poughkeepsie, New York, United States

Gabriel Dell’Accio
Vassar College, Poughkeepsie, New York, United States

Mackenzie Little
Vassar College, Poughkeepsie, New York, United States

John Long Jr.
Vassar College, Poughkeepsie, New York, United States

Josh Bongard
University of Vermont, Burlington, Vermont, United States

Ken Livingston
Vassar College, Poughkeepsie, New York, United States
Abstract
A growing body of research suggests that modularity of both gene networks and behavioral phenotypes increases robustness and efficiency of the evolution of intelligence by natural selection. It remains far less clear how modularity itself
evolves in the first place. A smaller body of research points to the importance of considering the co-evolution of morphology and control systems in autonomous agents. We report research using both simulated and real robots that tests
the hypotheses that (1) genotype to phenotype (G-P) maps that allow for gene duplication evolve more modular structures
than those that do not, and (2) more modular agents evolve more rapidly. We also provide preliminary evidence related to
the positive effects of morphology-controller co-evolution as compared with the evolution of controllers alone. An new,
process rather than part based G-P map is also introduced.
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Sign language experience affects comprehension and attention to gesture
Jenny Lu
University of Chicago, Chicago, Illinois, United States

Nicole Burke
University of Chicago, Chicago, Illinois, United States

Susan Goldin-Meadow
University of Chicago, Chicago, Illinois, United States

Amanda Woodward
University of Chicago, Chicago, Illinois, United States
Abstract
Different language experiences could shape how one looks for information in communication, particularly gesture. In a
within-subjects design, deaf signing (n = 12) and hearing participants (n = 30) watched narratives in four conditions: Gesture+Speech without Sound, Gesture+Speech with Sound, No Gesture+Speech without Sound, and No Gesture+Speech
with Sound. Subjects did a forced choice task, choosing between two cartoon vignettes that best matched the narrative.
There were Easy and Hard trials.
Across conditions, speakers spent less time looking to the Face than signers (=-0.17,p¡0.001), but looked more to Gesture
than signers (=0.18,p¡0.001). For comprehension, we focused on our analyses on the G+S without Sound where we
predicted the two groups would differ. For Hard trials signers performed marginally better than speakers (p =.09). Future
work will explore how these different attention patterns emerge in development.
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Measuring representational similarity across neural networks
Qihong Lu
Princeton University, Princeton, New Jersey, United States

Peter Ramadge
Princeton University, Princeton, New Jersey, United States

Kenneth Norman
Princeton University, Princeton, New Jersey, United States

Uri Hasson
Princeton University, Princeton, New Jersey, United States
Abstract
Shared structure in neural responses across people can be obscured because these neural responses sit on different ”coordinate systems”; hyperalignment can recover this shared structure by placing different people’s brain responses into
a common functional space (Chen et al., 2015; Haxby et al., 2011). Here, we apply this framework to understand the
hidden representations of neural networks. Different neural networks can represent the same input-output mapping using
very different weights. We show that hyperalignment can construct a shared representational space that recovers shared
representation structure across neural networks. We formally connect representational similarity analysis and hyperalignment and use simulations to demonstrate the robustness of hyperalignment against several types of transformations that
preserve the representation geometry of the network. We also empirically tested our method on some supervised learning
benchmarks (CIFAR10, MNIST) for both standard and convolutional networks.
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Sixteen-month-olds understand the link between words and mental
representations of their referents without contextual support
Elena Luchkina
Brown University, Providence, Rhode Island, United States

David Sobel
Brown University, Providence, Rhode Island, United States

James Morgan
Brown University, Providence, Rhode Island, United States
Abstract
A proto-understanding of absent reference (reference to absent entities) emerges around 12 months provided with rich
contextual support, infants look and point to the location of a displaced object. When can infants understand absent reference without contextual support? We modified the procedure from Hendrickson and Sundara (2017) who showed that
with very minimal pre-exposure and no demonstration of referent displacement, 14-month-olds identify absent referents of
familiar words. Fourteen- and 16-month-olds first listened to passages containing target words, while viewing a checkerboard. Then, two objects the referent and a distractor appeared on the screen. We analyzed infants’ looking to the target
during 3 seconds from the onset of image display. Only 16-month-olds looked significantly above chance, suggesting
that listening to the passages activated their representations of the referents. These results are the first to show that by 16
months, infants can retrieve mental representations of objects upon just hearing their labels.
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Contextual Separation Shifts Attentional Biases
Michelle Luna
University of California, Los Angeles, Los Angeles, California, United States

Catherine Sandhofer
University of California, Los Angeles, Los Angeles, California, United States
Abstract
The context you learn in influences how you recall information. When there are multiple competing sources of information
to be recalled, context dependency may help activate information that is hard to retrieve. This study examines its effects on
learning shape and texture categories signaled by redundant correlated contextual cues. Three-year-olds learned shape and
texture in two conditions: a contextual separation condition and a contextual overlap condition. Children in the separation
condition learned shape in one context and learned texture in a second context. Children in the overlap condition learned
both shape and texture on both contexts. After training, children were asked to find a texture match to test if they could shift
their attention away from shape. Children in the separation condition chose the texture match more often than children in
the overlap condition, suggesting a benefit of using contextual cues to shift dominant biases.
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Belief bias among believers of the paranormal and the pseudoscience
Yoshimasa Majima
Hokusei Gakuen University, Sapporo, Japan
Abstract
It has been shown that believers of empirically suspect beliefs (ESBs) were less analytic than the skeptics, hence they were
more likely to show the belief bias in syllogistic reasoning in which the conclusion was related to the general knowledge.
However, little is known whether they show the similar biases in the syllogism that the conclusion was related to their
ESBs. The present study investigated whether ESB believers tended to commit the bias than non-believers, and whether
the link between belief and reasoning errors was moderated by cognitive style towards analytical thinking. The results
showed that the paranormal belief was negatively associated with the correct ratio of syllogistic reasoning, whereas this
association was no more significant after the cognitive style and response time were controlled. On the other hand, the
link between the pseudoscientific belief and the reasoning performance remained significant after the cognitive style was
partialled out.
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Natural Human Exploration under Approach and Avoidance Motivation in a
Real-Life Spatial Environment
Deeksha Malhotra
Duke University, Durham, North Carolina, United States

Kimberly Chiew
Duke University, Durham, North Carolina, United States

Mai-Anh Vu
Duke University, Durham, North Carolina, United States

Nicole Heller
Carnegie Museum of Natural History, Pittsburgh, Pennsylvania, United States

Guillermo Sapiro
Duke University, Durham, North Carolina, United States

Alison Adcock
Duke University, Durham, North Carolina, United States
Abstract
Open-ended exploration and learning of novel environments is an activity of crucial evolutionary significance. Extant
literature studying these behaviors in human subjects, however, remains sparse. Our study examined spontaneous human
exploration (characterized using video) and subsequent memory of an art exhibit - a complex, real-life environment - as
a function of approach vs. avoidance motivation contexts and individual differences. Building on our prior findings that
motivational context and individual differences may interact to predict memory, but not exploration time, the present work
uses computer vision approaches to extract more nuanced measures of exploration from video data, such as path length
and curvilinearity. Preliminary analysis suggested that locomotor activity may be greater under approach vs. avoidance
motivation, consistent with models linking approach motivation to dopaminergic function and associated motor activity.
This and other results are discussed in the larger context of research characterizing exploration, locomotion, and memory
encoding processes in motivated behavior.
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Comparison of small sets and number word comprehension
Elisabeth Marchand
University of California San Diego, La Jolla, California, United States
Abstract
Humans can encode number both using non-verbal and verbal systems of representation. Here, we investigated the relationship between 2- and 3-year-old childrens (N=122) understanding of number words and their ability to compare sets
of small sizes (e.g., 2 vs 3) to test whether the acuity of small number representations changes as a function of number
word comprehension. Childrens comprehension of number words was measured using Wynns (1990) Give-Number task,
while small number discrimination was measured using a computerized adaptation of Feigenson and Careys (2005) crawling preference paradigm. We found that children were able to compare small sets within and beyond the small number
range, independent of how objects are presented (i.e., simultaneously vs sequential). We also found no relation between
this ability and children’s comprehension of number words (i.e., knower-level), which argues against the hypothesis that
non-verbal number acuity is related to the acquisition of verbal labels for exact number.
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The embodied, interactional origins of systemic inequality in conversation
Tyler Marghetis
Indiana University, Bloomington, Bloomington, Indiana, United States

Samantha Cohen
Indiana University, Bloomington, Bloomington, Indiana, United States

Peter Todd
Indiana University, Bloomington, Bloomington, Indiana, United States

Robert Goldstone
Indiana University, Bloomington, Indiana, United States

David Landy
Indiana University, Bloomington, Bloomington, Indiana, United States
Abstract
Multi-person conversation is a crucible for social organization and human ingenuity. But not everybody gets equal access.
Members of minority and marginalized groups can struggle to participate. Why? Explanations have focused on institutional factors, socialization (e.g., feminine communication styles), or ubiquitous prejudice. Here, we propose that it may
be a pernicious consequence of otherwise rational processes: namely, the role of experienced-based prediction in negotiating turn-taking during communication (e.g., through gaze allocation). Using an agent-based model, we demonstrate
that this mechanism suffices to explain phenomena that have been reported empirically, but without a unified treatment:
members of minority or marginalized groups talk less; this is more pronounced in larger groups; despite talking less, they
are perceived to talk more; they are more likely to be interrupted. Besides practical implications for increasing participation by underrepresented groups, we discuss theoretical implications for the emergence of group-level inequality from
individual cognitive processes.
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Identifying the structure of hypotheses that guide search during development
Doug Markant
University of North Carolina at Charlotte, Charlotte, North Carolina, United States

Angela Jones
Max Planck Institute for Human Development, Berlin, Germany

Thorsten Pachur
Max Planck Institute for Human Development, Berlin, Germany

Alison Gopnik
University of California at Berkeley, Berkeley, California, United States

Azzurra Ruggeri
Max Planck Institute for Human Development, Berlin, Germany
Abstract
People use hypothesis-driven search to learn about novel concepts, favoring information sources that reduce uncertainty
across a set of hypotheses about a target concept. We used childrens information search to investigate their reliance on two
types of hypothesis spaces: exemplar-based representations or a hierarchical hypothesis space based on cue abstraction.
Five- to seven-year-olds learned to rank monsters according to a hierarchical decision rule involving two cues (shape and
color). Children generated evidence by selecting pairs of monsters and observing which one ranked higher; they were
then tested on whether they learned the decision rule and correct ranking. A comparison of exemplar-based and cuebased Bayesian models revealed that all children made search decisions predicted by the exemplar-based model, but older
children could use collected evidence to infer the underlying hierarchical structure. These results suggest a dissociation
between the representations used to drive search and to make inferences from evidence during development.
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Search Your Feelings 2.0: Online Versus Paper-Pencil Version of a Free
Recall-Based Emotional Fluency Task
Masitah Masitah
The University of Warwick, Coventry, West Midlands, United Kingdom

Li Ying
The University of Warwick, Coventry, West Midlands, United Kingdom

Thomas Hills
University of Warwick, Coventry, United Kingdom
Abstract
Affect scales typically involve recognition of emotions from a predetermined list. However, the emotions that we experience most often may be largely due to recall based processes influenced by what emotions come to mind. Our newly
introduced emotional affect scale based on recall of emotions, called the Emotional Fluency Task, captures dimensions of
emotions that are not available in PANAS but that are nonetheless commonly reported as experienced emotions. Here, we
show that the emotional fluency task is valid and can be reliably measured using paper and pencil. By asking people to rate
their valence and arousal, EFT paper and pencil clearly captured both positive and negative emotions and do so as well or
better than semantic similarity measures. This provides a highly useful scale that can be used across different languages.
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Irrelevant variability and interleaved/blocked training in an artificial orthography
task and connectionist models
Bob McMurray
University of Iowa, Iowa City, Iowa, United States

Tanja Roembke
University of Iowa, Iowa City, Iowa, United States

Eliot Hazeltine
University of Iowa, Iowa City, Iowa, United States
Abstract
Recent work on reading suggests variability in irrelevant elements benefits the learning of sound/spelling correspondences
(Apfelbaum et al, 2013). However, under some conditions similarity helps, perhaps depending on the order of items during
training (Roembke et al., submitted). To investigate this in the laboratory, we trained adults to map abstract four-symbol
strings onto three-finger manual responses. As in reading, there were one-to-one mappings (”consonants”, where one
symbol indicates a specific finger) and two-to-one mappings (”digraph vowels” like AI where two symbols map to one
finger). Participants (N=15/condition) were trained on variable or similar consonant sets, and with vowels either blocked
or interleaved. We found a similarity benefit for interleaved but not blocked training. However, for generalization, there
was a variability benefit. Surprisingly, a simple backpropagation model showed both patternsincluding the blocking effect.
This suggests that blocking effectstypically thought to invoke explicit strategiesmay derive from associative principles.
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Non-Symbolic Ratio Sense Supports Symbolic Fraction Success
Rui Meng
University of Wisconsin Madison, Madison, Wisconsin, United States

Percival Matthews
University of Wisconsin - Madison, Madison, Wisconsin, United States

Edward Hubbard
University of Wisconsin-Madison, Madison, Wisconsin, United States
Abstract
Non-symbolic ratio processing and symbolic fraction processing both involve thinking about relations between two parts
and relational thinking. Despite the close connections between non-symbolic ratio and symbolic fractions, previous research on non-symbolic ratio processing and symbolic fraction learning have proceeded separately. The current research
investigated whether children’s non-symbolic ratio sense support their symbolic fraction success. Using sample of 151
children, we found that non-symbolic ratio sense significantly predicted fraction knowledge assessment scores and symbolic fraction comparison performance, but not for fraction number line estimation performance. The implications of these
findings for theories of numerical development and for improving mathematics learning are discussed.
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Is there a forward bias in human profile portraits?
Helena Miton
Central European University, Budapest, Hungary

Mikoaj Hernik
Central European University, Budapest, Hungary

Dan Sperber
Central European University, Budapest, Hungary
Abstract
Humans favor pictorial representations of agents with more space in front of them than behind them. This preference has
been evidenced in forced choice (Palmer, Gardner, & Wickens, 2008) and drag and drop tasks (Palmer & Langlois, 2017),
and has been referred to as a forward bias in aesthetic preferences for spatial composition. It has also been documented
in depictions of animals and referred to as an anterior bias (Bode et al., 2011). We extend the study of this bias by
looking at the evolution of portrait painting in Europe (where classical rules demanded centering). For this we analyze
profile-oriented portraits from two datasets: one Pan-European subset of the one used in Redies et al. (2007), and a second
one compiled from the London National Portrait Gallerys online collections. We confirm the bias and discuss links with
underlying mechanisms of animacy and agency perception.
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Infant Action Prediction in the Wild
Claire Monroy
Ohio State University Wexner Medical Center, Columbus, Ohio, United States

Chi-hsin Chen
Ohio State University Wexner Medical Center, Columbus, Ohio, United States

Irina Castellanos
Ohio State University Wexner Medical Center, Columbus, Ohio, United States

Derek Houston
Ohio State University Wexner Medical Center, Columbus, Ohio, United States
Abstract
The ability to predict others actions is fundamental to successful joint action, communication, and theory of mind. Research has shown that infants predict other peoples actions across a variety of laboratory tasks. However, it is unknown
whether the action prediction skills that infants demonstrate during screen-based eye-tracking tasks scale up to real-life
action contexts, and whether they relate to general learning abilities. To address these questions, we used head-mounted
eye-tracking to investigate action prediction and visual sequence learning during live parent-child interactions. Findings
reveal that 18-month-old infants predict reaching actions during the majority of trials, and that their gaze latencies become
faster as they learn 3-step action sequences. These findings demonstrate that infants can learn sequence regularities and
anticipate the actions of other people in live, naturalistic contexts, as they have been shown to do in traditional laboratory
contexts. This research contributes new insight into early cognitive and social development.
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Communicative pressure can lead to input that supports language learning
Ben Morris
Dan Yurovsky
University of Chicago, Chicago, Illinois, United States
Abstract
While children must learn language from the statistical structure of the input they receive, parents play a critical role shaping the structure of this input. Even without an explicit pedagogical goal, parents’ desire to communicate successfully may
cause them to produce language calibrated to their child’s linguistic development. We designed a Mechanical Turk study
to experimentally validate this idea, putting Turkers in the role of parents talking with children less familiar with a novel
language. Participants could communicate in 3 ways: pointingexpensive but unambiguous, labelingcheap but knowledgedependent, or both. They won points only for communicating successfully. Participants adapted their communicative
behavior to their own knowledge and their partners knowledge. Teaching emerged when the speaker had more linguistic
knowledge than their partner. We implemented a rational planning model that fits these data and demonstrates that such
patterns could result from maximizing expected utilities, accounting for the expected utilities of future interactions.
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The Influence of Mechanism Knowledge on Causal Interactions
Matthew Myers
Northwestern University, Evanston, Illinois, United States

Alexander LaTourrette
Northwestern University, Evanston, Illinois, United States

Lance Rips
Northwestern University, Evanston, Illinois, United States
Abstract
People rely on mechanism knowledge when making causal inferences that involve multiple causal variables. In particular,
mechanism knowledge can influence whether people use linear or alternative integration rules to predict how multiple
causes will interact to produce an effect. We examine whether general beliefs about mechanism types whether two causes
operate by the same or different mechanisms might mediate such inferences. Experiment 1 demonstrates that when a
causal interaction yields non-linear positive effects, people are more likely to infer that the two causes work via different
mechanisms. Experiment 2 investigates the converse of this inference, showing that people also predict non-linear positive
interactions more often when they know that two causes have different mechanisms.
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Out of the mouth comes evil: a exploration of an anchoring effect of minimum
payment information under ”affect rich” and ”affect poor” situation.
Kuninori Nakamura
Faculty of Social Innovation Seijo, Setagayaku, Japan
Abstract
Stewart (2009) found evidences for anchoring effect of minimum payment information that decisions about repayments
are anchored (Tversky & Kahneman, 1974) upon minimum payment information and people would repay less than they
otherwise would and incur greater interest charges. On the basis of Stewarts (2009) study, this study examined whether
anchoring effect of minimum payment information would differ between affect rich and affect poor situation (e. g.,
Rottenstreich & Hsee, 2001). To accomplish these, this study required participants to answer payment value for donation
to save stray dogs under conditions where the affect rich/poor situations were manipulated by presentation of pictures
of the dogs. Results showed that the manipulations in the experiment significantly affected participants payment prices,
indicating that anchoring effect of minimum prices was enhanced under the ”affect rich” situation.
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Object-based attention in multiple frames of reference
Weizhi Nan
Guangzhou University, Guangzhou, Guangdong, China

Lizhu Yan
Guangzhou University, Guangzhou, Guangdong, China

Jiamin Huang
Guangzhou University, Guangzhou, Guangdong, China

Ya Fan
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Hong Lu
Guangzhou University, Guangzhou, Guangdong, China

Shimin Fu
Guangzhou University, Guangzhou, Guangdong, China
Abstract
Object-based attention acts as people paying more attention to the stimulus within an object. There are various definitions
of the object, from the original definition at the lower processing level (e.g., the frame), to the high semantic level (e.g.,
the Chinese word), to the learned level (e.g., learned object). However, few studies examined the object at the middle
representational level - frame of reference (FOR). Here, we modified the classical two-object task to induce two FORs
with different salience by four cues in four experiments. Results consistently showed that shorter response time (RT) and
lower error rates (ER) in the valid cue condition than that in the invalid cue condition. Whats more, RT was longer and
ER was lower in the invalid cue within the FOR of high salience condition than that in the invalid cue within the FOR of
low salience condition. Our study verified the existence of object-based attention in FORs at the representational level and
offered a new insight of the mechanism of the FOR-object-based attention.
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Sketches and Verbal Descriptions: Indices of Knowledge about Spatial
Environments? Prompts to Refine Knowledge?
Alina Nazareth
Temple University, Philadelphia, Pennsylvania, United States

Allison Jaeger
Temple University, Philadelphia, Pennsylvania, United States

Nora Newcombe
Temple U, Philadelphia, Pennsylvania, United States
Abstract
This study investigated sketch maps and written summaries as measures of large-scale spatial representations as well
as learning aids to improve navigation proficiency. One hundred and fifty-six participants explored a virtual environment
(VE) comprising independent and connecting routes. Participants were then asked to sketch or write a summary describing
the layout of the VE. A free exploration phase followed in which they could learn more. The testing phase comprised two
objective measures of navigation proficiency: a pointing task and a model-building task. Sketches provided significantly
more target and route details about the VE than written summaries, although the quality of both correlated with objective
navigation measures. Thus, both are good measures of spatial representations, despite prior doubts about them. However,
neither sketching nor written summaries positively influenced subsequent exploration or spatial learning. Symbolic representations may not be effective tools for improving navigation skills. Another possibility is that they may be but only
with further represent-explore-feedback cycles.
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Thematic and taxonomic influences in abstract vs. concrete concepts not so
different after all
Jane Neal
Northern Illinois University, DeKalb, Illinois, United States

Katja Wiemer
Northern Illinois University, DeKalb, Illinois, United States
Abstract
Studies using balanced materials have found that both feature-based comparison and thematic integration play a role in
concept organization (e.g. Mirman & Graziano, 2012; Murphy, 2001), a proposal backed up by neurological findings.
This experiment crossed taxonomic and thematic relatedness of abstract vs concrete pairs to examine how these processes
affect perceived similarity. Participants rated similarity of 96 normed word pairs and explained ratings in writing. Linear
mixed effect modeling revealed a 3-way interaction on ratings, with taxonomic relatedness affecting ratings more for
concrete than abstract pairs only when a thematic relation was absent. No other abstractness effects were observed. For
coded explanations, a difference emerged only for pairs related both taxonomically and thematically: concrete pairs were
processed more frequently thematically than taxonomically, with the reverse pattern for abstract pairs. Further, qualitative
analyses of the explanations and Bayesian analyses of the relation between explanations and similarity ratings will be
presented.
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Cognitive interference modulates speech acoustics in a vowel-modified Stroop task
Caroline Niziolek
University of WisconsinMadison, Madison, Wisconsin, United States

Sara Beach
Harvard Medical School, Boston, Massachusetts, United States

Swathi Kiran
Boston University, Boston, Massachusetts, United States
Abstract
How do cognitive processes influence speaking? We used a novel variant of the Stroop test to measure whether cognitive
inhibition could modulate acoustic properties of speech. Participants named the color of words in three categories: 1)
congruent (e.g. red written in red), 2) color-incongruent (e.g. green written in red), and 3) vowel-incongruent, with
phonetic properties that partially matched the text color (e.g. rid written in red). We hypothesized that the cognitive effort
of inhibiting reading in this third conditionsaying red, not ridcould affect the acoustics of the spoken response. A classic
Stroop effect was evident: congruent trials were faster than color-incongruent trials. Interestingly, vowel-incongruent trials
did not show this reaction time difference, but spoken vowels from these trials were systematically biased away from the
visually-presented text. Thus, the inhibition of a competing target is manifest in an accentuation of the acoustic contrast
between the spoken and inhibited words.
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Childrens Generalization of Novel Labels in a System of Contrasting Categories
Nigel Noll
University of Wisconsin - Madison, Madison, Wisconsin, United States

Haley Vlach
University of Wisconsin-Madison, Madison, Wisconsin, United States

Chuck Kalish
University of Wisconsin-Madison, Madison, Wisconsin, United States
Abstract
Children tend to generalize novel labels to new, unlabeled objects (e.g., mutual exclusivity bias) when presented with
one alternative category. Do children generalize in the same manner in a system of multiple alternative categories? In
three experiments, a feature space was partitioned into three regions (i.e., two outer regions separated by an intermediate
region). Preschool-aged children learned labels for two competing categories that occupied the two outer regions of the
feature space. Children were then asked if any labels generalized to the unlabeled intermediate region. In Experiments
1 and 2, the results showed that children generalized neither learned nor novel linguistic labels to the unlabeled region.
In Experiment 3 objects were labeled with category information. Children generalized a single learned label but did
not generalize a novel label. These findings suggest that contrast between multiple alternative categories may decrease
childrens tendency to generalize novel labels to new, unlabeled objects.
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State- and Trait-Creativity as Predictors of Semantic Distance in Verbal Analogy
Generation
Gregory Norville
Lara Jones
Abstract
Creativity is often considered a static trait, but recent work has shown that a creative state can be induced through explicit
instruction to be creative. A two-term verbal analogy generation task (e.g., GLOVE : HAND ::
:
) that included
a randomized instruction to Answer Creatively vs. Answer Quickly was used to explore the impact of state creativity,
and convergent and divergent thinking upon the creativity (i.e., semantic distance) of the generated analogies. Results
confirm that instruction to Answer Creatively yielded more semantically distant analogies. Additionally, the magnitude
of improvement between instructional conditions was predicted by performance in the Quickly condition. Participants
producing less creative analogies in the Quickly condition benefited substantially, whereas participants producing more
creative analogies benefited less. Convergent and divergent thinking predicted more creative analogies in the Quickly
condition but not in the Creatively condition.
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The impact of social information on the dynamics of decision making within
groups
Alan Novaes Tump
Max Planck Institute for Human Development, Berlin, Germany

Tim Pleskac
Max Planck Institute for Human Development, Berlin, Germany

Ralf Kurvers
MPI for Human Development, Berlin, Germany
Abstract
To reduce uncertainty, individuals in groups can use personal and social information (i.e., information provided by others).
Individuals are both emitters and receivers of social information and have to integrate personal and social information,
giving rise to complex, poorly understood, collective dynamics. Here we applied evidence accumulation models (the driftdiffusion model) to group decision making to describe and understand these dynamics. We modelled the choice behavior
as a process where evidence, in the form of sequentially arriving social information from other participants choices, is
accumulated until a threshold is reached. Our results show that highly confident individuals start close to the threshold and
thus respond fast. Such early responders affects the subsequent dynamics, whereby humans weighted social information
as a linear function of the size of the majority for a particular option. Our results provide new insights into how social
information impacts the dynamics of decision making within groups.
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Effect of denominator in the fraction on number line estimation: an exploration of
the list of the basic fraction in Japanese university students
Saho Taniguchi
Osaka Prefecture University, Sakai, Japan

Yuki Tanida
Osaka University, Suita, Osaka, Japan

Masahiko Okamoto
Osaka Prefecture University, Sakai, Osaka, Japan
Abstract
Familiar fractions (e.g., 1/2, 2/3, and 3/4) play a key role in fraction representations. Recent studies showed that, even
in mathematically matured adults, fraction processing was facilitated for familiar fractions (Liu, 2017; Taniguchi, et al.,
2017). The working hypothesis was that fractions with small denominators are represented through retrieval and underpin
the representation of larger denominator fractions (Liu, 2017). However, the list of the distinctive basic denominators has
not been systematically investigated. Thirty university students performed number line estimation of fractions with 2-19
in the denominators. The results showed that the fraction 1/2 showed shorter RT and error distance than fractions with
other denominators. Additionally, fractions with three in the denominator showed shorter RT than other fractions, but were
equivalent in accuracy. This suggests that fractions with two and three in the denominator are distinctive, and those with
larger denominators would need additional processes at least for number line estimation.
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Taking Whorf to School: Does Language Reform Improve Student Learning?
John Opfer
The Ohio State University, Columbus, Ohio, United States

Dan Kim
The Ohio State University, Columbus, Ohio, United States

Pooja Sidney
Kent State University, Kent, Ohio, United States

Charles Fitzsimmons
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Clarissa Thompson
Kent State University, Kent, Ohio, United States
Abstract
East Asian students routinely outperform American peers in mathematics. One source of this learning gap may be linguistic, such as explicitly naming part-whole relations in fractions (e.g., of four parts, one in Korean vs. one-fourth in English).
Our study examined whether adopting such language would improve American children’s number-line estimates. To test
this, 83 10-year-olds were read fractions using either Korean-style or English names over pretest, training, and posttest. In
both conditions, number-line problems either had no landmarks, landmarks that matched the denominator, or landmarks
that did not match the denominator. As expected, we observed a session by problem type interaction (F=2.71, p¡.05),
indicating that feedback improved accuracy most for problems involving matching landmarks. Surprisingly, the effect of
Korean naming was to reduce accuracy across all problems and test phases (ps ¡ .01). Results offer an important warning
against linguistic reform that may be harmful for American students.
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Goodness of ideas is judged based on affective valence: A study using the remote
associates task
Ryo Orita
University of East Asia, Shimonoseki, Yamaguchi, Japan

Masasi Hattori
Ritsumeikan University, Ibaraki, Osaka, Japan
Abstract
This study investigated the possibility that judgment about the goodness of ideas in insight problem solving is influenced
by the solvers affect. In each trial of the remote associates tasks, participants were asked to judge whether or not the target
word was the solution. Immediately before the presentation of the target word, a positively or negatively valenced picture
was presented for a short period of time. Results showed that the presentation of positive pictures facilitated the correct
response towards a solution word and interrupted the correct rejection of a non-solution one. The presentation of negative
pictures had the opposite effect. Notably, participants did not notice the influence of the valenced pictures. These results
indicate that implicit affective feelings can play a crucial role in the search for a solution and may sometimes lead solvers
to the false acceptance of non-solution.
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The Influence of Pretend Play on Children’s and Language and Pre-Literacy Skills
Tanya Paes
University of Cambridge, Cambridge, United Kingdom

Michelle Ellefson
University of Cambridge, Cambridge, United Kingdom
Abstract
The role of pretend play on children’s cognitive development has garnered interest recently. This study examines the
efficacy of a pretend play intervention on the self-regulation and language skills of four- to five-year-olds. Pretend play
includes a pretender projecting a mental representation onto reality. The sample consisted of 60 children who were
randomized into two groups: (a) Pretend play; and (b) Art activities. The intervention included sixteen 30-minute sessions
over 13 weeks, in groups of six children. Each session included: (1) storybook reading; (2) role-playing; and (3) review.
During storybook reading explicit phonological awareness and vocabulary instruction were provided for 18 words in each
book. Role-playing involved giving children props to partake in pretend play. Review consisted of revising the PA and
vocabulary of the target words. The improvements that occurred in the children’s self-regulation and language skills
contribute to a better understanding of pretend play in educational settings.
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Does shifting ability support interleaved learning of new science concepts in
middle school students?
Jimin Park
University of Minnesota, Minneapolis, Minnesota, United States

Keisha Varma
University of Minnesota, Minneapolis, Minnesota, United States

Sashank Varma
University of Minnesota, Minneapolis, Minnesota, United States
Abstract
Prior research has shown that executive function (EF) ability predicts science achievement. Here, we ask whether EF also
predicts science learning. We focus on the shifting EF, and predict that students with high (vs. low) shifting ability will be
able to better learn new science concepts from interleaved (vs. blocked) instruction than students with low shifting ability.
We are evaluating this hypothesis in a study where eighth graders learn about different attributes (origin, texture, composition) of different rock types (igneous, sedimentary, metamorphic) in instruction that is either blocked by or interleaved
across rock types. We are measuring shifting using the WCST and local-global tasks. We are collecting post-test and longterm retention measures of learning and transfer. We predict better performance for high (vs. low) shifting individuals and
for interleaved (vs. blocked) instruction, and an overadditive interaction because shifting ability is critical for noticing the
discriminations that interleaved instruction highlights.
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Is covariance ignorance responsible for the success of heuristics?
Paula Parpart
New York University, New York City, New York, United States

Eric Schulz
Harvard, Boston, Massachusetts, United States
Abstract
Previous work proposes that heuristics, such as Take-The-Best, may succeed because of deliberate ignorance of covariance in their cue weight estimates as opposed to full-information models (logistic regression). Other studies find that
Take-The-Best performs particularly well compared to full-information models in high covariance as opposed to low covariance environments. This poses the question of whether heuristics perform well when there is a mismatch between their
covariance prior and the covariance in the environment? We test this by gradually manipulating solely the level of covariance among cues. Indeed, Take-The-Best performs better as average covariance increases, while tallying, nave Bayes and
logistic regression worsen. Since both nave Bayes and tallying also disregard covariance but integrate across cues, this
indicates the competitive advantage of Take-The-Best stems from relying on a single cue when redundancy is high. We
extend previous work by Rieskamp and Dieckmann (2012) and imply a reinterpretation of past Take-The-Bests successes.
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Do Interactive Simulations in Journal Articles Promote Learning?
Purav Patel
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Abstract
Peer-reviewed scholarly documents like empirical journal articles are the vehicles through which scientific discoveries are
communicated, critiqued, and applied to practical contexts. Whether these papers are published in print journals or hosted
on websites, readers experience significant learning barriers. Consider, for instance, the difficulty of reading experimental
methodologies. Articles usually describe complex methods using static text and images. This approach limits learning
on an individual level and collective scientific progress. Here, I explored whether interactive simulations of experimental
tasks interleaved with text may better convey methodological information in a psychological journal article. In a laboratory
experiment, novice undergraduate students studied an article composed of (1) text and images, (2) text and videos, or (3)
text and interactive simulations of experimental tasks. Posttest scores and responses to a questionnaire favored interactive
simulations. Results are interpreted using multiple learning theories.

2933

Complex coordination: How power dynamics and task demands shape
interpersonal motor synchrony
Alexandra Paxton
University of California, Berkeley, Berkeley, California, United States

Lucien Brown
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Bodo Winter
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Abstract
Interpersonal coordination describes how we change our movements and speech patterns as a result of our interaction
with others. Recent research has begun to understand interpersonal coordination as an phenomenon that emerges from
interactiona complex adaptive system for which different initial conditions and contextual constraints may alter the form
and function of coordination. In this project, we explore the effects of two different constraints on the emergence of interpersonal motor synchrony in dyadic interactions of native Korean speakers: power dynamics and task instructions. Specifically, we analyze a corpus of interactions that differ by power dynamics (i.e., friend-to-friend or professor-to-student) as
well as task (i.e., friendly conversation, directed role-play, storytelling, or problem-solving). Video recordings of these
interactions were analyzed using computer vision algorithms and a nonlinear dynamical systems analysis methodcrossrecurrence quantification analysisto characterize how the interpersonal system responds to these simultaneous contextual
constraints.
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Deriving uniform information density behavior in pragmatic agents
Benjamin Peloquin
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Abstract
The combinatorial expressivity of natural language enables speakers to communicate a single idea in myriad ways. How
do speakers decide which utterance to use? Under the Uniform Information Density (UID) hypothesis, speakers should
plan their utterances to minimize listener comprehension difficulty by spreading out new information, for example, by
using complementizers or avoiding contractions before high-surprisal content. We explore how UID behaviors may result
from pragmatic considerations (e.g., social reasoning in context) using a computational pragmatics model. We show
that artificial pragmatic agents communicating under noise conditions exhibit key UID effects: (A) speakers provide cues
before high surprisal content, (B) given a UID-cue, listeners infer oncoming content is high-surprisal, (C) synthetic corpora
generated from speakers reflects a signature UID effect: a positive relationship between likelihood of optional elements
and surprisal of oncoming content. Thus, UID may follow from more general principles of pragmatic communication in
the presence of noise.
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Kindergarten Predictors of Mathematics: Quantitative, Working Memory and
Linguistic Skills
Marcie Penner-Wilger
King’s University College, London, Ontario, Canada
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Abstract
Which cognitive skills predict childrens math ability? Three types of cognitive predictors were identified in the Pathways
to Mathematics model (LeFevre et al., 2010; Sowinski et al., 2015): quantitative, working memory, and linguistic skills.
In the current research, we evaluated the Pathways to Mathematics model concurrently, in Kindergarten (N = 159 children;
87 girls; mean age = 5 years, 10 months), as the first testing point in a larger longitudinal study. Quantitative skills were
assessed using subitizing and both non-symbolic and symbolic number comparison. Working memory skills were assessed
using phonological and visuo-spatial span tasks. Linguistic skills were assessed using receptive vocabulary and phonological awareness tasks. Consistent with the model, all three factors (quantitative, working memory, and linguistic skills)
accounted for significant unique variance in mathematics performance (betas of .21, .28 & .31, respectively, controlling
for age in months). Jointly the factors accounted for 41% of variance in mathematics performance.
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The role of iconicity in word learning: Insights from child-directed language
(CDL)
Margherita Murgiano
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Abstract
Understanding how children acquire language remains a challenge of language research. Most research assumes that label
and referent are linked by arbitrary convention alone. However, in addition to being indisputably arbitrary, language is
also iconic. Recent evidence has shown that children are sensitive to iconic mappings and that these may bootstrap word
acquisition. However, we know little about the presence of iconicity in the language input children are exposed to. This
talk focuses on iconicity in English CDL across vocal and visual channels: phonology (meow), prosody (loooooong),
gestures (stirring) and hand actions (stirring with spoon). We discuss evidence that caregivers exploit iconicity in CDL,
and use iconicity differentially depending on whether referents talked about are present or not, and familiar or not to the
child. An analysis of the type and amount of iconicity used in CDL is crucial for understanding the role of iconicity in
supporting referential mapping.
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Unsupervised Learning Shapes Emotion Categories
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Abstract
Humans perceive facial expressions categorically, though physical features of emotions vary continuously. How do categorical representations of facial expressions emerge or update? We explored how supervised and unsupervised learning
influence emotion category boundaries. 91 children (6-8-years-old) and 105 adults categorized emotions varying along a
neutral-angry continuum. Participants completed a supervised learning phase, which explicitly taught an emotion category boundary. Then, participants completed an unsupervised learning phase. Without feedback, participants categorized
expressions sampled from statistical distributions that matched or did not match the distribution categorized during supervised learning. Participants learned the boundary via supervised learning, but responses rapidly shifted following
the statistical distribution via unsupervised learning. Thus, participants quickly updated emotion categories, indicating
boundaries are highly context-sensitive. Such flexibility allows individuals to adjust across situations and organize responses based on extant, versus explicitly taught, socio-emotional cues. Follow-up research explores how participants
adjust category boundaries for multiple individuals varying in expressivity.
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Memory for Serial Recall explains Center Embedded Structure
Fenna Poletiek
Leiden University, Leiden, Netherlands
Abstract
A defining characteristic of human language is hierarchical recursion. Recursive loops (i.e. relative clauses) in sentences
can either be embedded in a sentence or cross each other. It is still unknown why center-embedded (CE) recursion is
ubiquitous among natural languages as in The boy A1 the dog A2 chases B2 falls B1 (A1A2B2B1), whereas crosseddependent (CD) orderings of recursion hardly ever occur (A1A2B1B2). Our account of the preponderance of CE is based
on retrieval mechanisms, especially mechanisms of serial recall. It explains that, under conditions that are characteristic
for sentence comprehension, backward retrieval (retrieving dog(A2) first, and boy(A1) next, as required by CE) optimizes
memory performance as compared to forward retrieval (boy( A1) first, and dog (A2) next, as required by CD). We test this
account with independent serial recall data. Our analysis suggests that CE is better molded to human memory for serial
recall than CD.

2939

Learning the goal-structure of actions in a connectionist network without inverse
planning
Robert Powers
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David Plaut
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Abstract
Bayesian inverse planning models have had considerable success in accounting for how humans understand others’ goaldirected behavior. To date, however, this approach has relied on a pre-specified distribution of possible goals, and it is
not clear where knowledge of this goal space comes from. We present an alternative, connectionist model for which
possible goals are not specified a priori; instead, action predictions is derived from statistical regularities across past
visual experiences. The model was evaluated by comparing its prediction performance to mouse-tracking data from
human subjects in a novel trajectory prediction task. Like humans, the model showed an initial bias for efficient motion,
but rapidly adjusted its predictions based on observed trajectories. This pattern of adjustment indicated sensitivity to
continuously varying ”sub-goals” that were not explicitly provided to the model and could not be attributed to participants
a priori.
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A Disadvantage of Comparison and Contrast in Object Label Learning
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Abstract
Multiple studies demonstrate benefits of comparison and contrast for learning relational, taxonomic, and abstract categories. This study examined the effects of comparison and contrast with learning non-relational perceptual information,
specifically on 3-year-old childrens learning of labels for novel shape categories. There were four between-subject conditions: comparison, contrast (informative), contrast (neutral), and one-example. Each condition heard the novel word three
times, the difference was in the number of objects (one-example vs. the rest) and the object presentations (comparative vs.
contrastive). The test asked children to extend the label to a new example of the category. The results counter-intuitively
show that learning from one example outperforms learning from multiple examples via comparison or contrast, suggesting
a detrimental role of comparison and contrast for shape categories for children at this level of vocabulary knowledge.
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The Lesson and the Learner: The Effect of Individual Differences and Task
Scaffolding on Category Learning
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Abstract
The majority of conceptual change studies have investigated either manipulations of the learning environment or examined
the effect of individual differences on conceptual change (Cordova, et al. 2014; Taasoobshirazi & Sinatra, 2011). In either
case, the importance of interactions is left out. The present study investigates whether individual differences in hot and
cold cognitive ability and task scaffolding interact with each other in their effect on conceptual change. Participants
(n = 299) were tasked with determining how best to categorize whether a fictitious bacteria is oxygen resistant across
three learning conditions. The results suggest that a refutational text produces better learning gains than an expository
text, which outperforms feedback alone. Moreover, hot and cold cognitive factors were found to interact with learner
scaffolding differentially. The results of this research project can be used to improve instructional practices, which, in
turn, should aid learners understanding of scientific conceptions.
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Peoples (inconsistent) attitudes about foundational moral beliefs
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Abstract
The idea that morality depends on God is an intuitive and widely held lay belief. Does this belief affect peoples intuitions
about foundational moral claims (e.g., it ismorally wrong to kill someone just for fun)? Here, we discuss data across
multiple studies which investigate how considering Gods omnipotence may affect peoplesintuitions about basic moral
claims. Our evidence suggests that people think it is impossible to alter foundational moral truthsthat is, it is impossible
for moral wrongs to ever be right and for moral rights to be wrong. Yet, people also maintain thatGodcould changethe
truth-values of these same propositions, regardless of their own religious views. We discuss the implications of this
inconsistency both in peoples moral beliefs and in underlying cognitive mechanisms.
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What is the Current Classification Relevance of Neurodevelopmental Brain
Disorders?
Spyridon Revithis
UNSW, Sydney, Australia
Abstract
DSM and ICD classifications fail by design to properly address the biological dimension of mental disorders. A new
approach has been emerging that aims to examine abnormal brain functioning from a different standpoint, inclusive of
biological mechanisms, crossing the boundaries between currently classified disorders and eventually redefining them
under a new diagnostic framework.
We have been investigating associations between biological structures and mechanisms, behavioral traits, and corresponding biologically plausible SOM (Self-Organizing Map) computational structures and mechanisms in two neurodevelopmental disorders, autism and schizophrenia, that are classified as entirely different disorders. Based on the cognitive
modeling work conducted so far, important neurocomputational functional and structural similarities, at the behavioral
and cognitive levels, have been pinpointed between these disorders. It is an open question to what extent the current
classification of these disorders remains relevant at the level of causal and epigenetic neurodevelopmental mechanisms, as
well as the implications for future research.
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The effect of trait labels on the perception of clinical disorders
Samantha Roberts
Arizona State University, Glendale, Arizona, United States

Zachary Horne
Arizona State University, Phoenix, Arizona, United States
Abstract
Syntactic cues can lead people to infer trait-like qualities about novel agents (Gelman & Heyman, 1999). When an
agent is described with a novel label, for instance, as a carrot-eater, children and adults are more likely to think that the
agent has an enduring trait compared to an agent described as eating carrots all the time. Although novel labels may
influence peoples trait inferences in this way, it is less clear this effect would hold for more familiar, real-life descriptions.
Here, we examined whether linguistic cues (i.e., noun vs. verb forms) influence peoples beliefs about lasting stability
of symptoms associated with clinical disorders. Specifically, we examined whether describing a person as, for instance,
having depression vs. feeling extremely depressed, would affect participants inferences about the stability of that persons
depression. We observed no effect of syntactic form on trait inferences. We discuss the implications of this work for
psychological science.
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Pruning incorrect associations in word learning
Tanja Roembke
University of Iowa, Iowa City, Iowa, United States

Bob McMurray
University of Iowa, Iowa City, Iowa, United States
Abstract
Word learning requires associating many words and objects to build a lexicon. A model by McMurray et al. (2012)
suggests this may not only require building associations, but also pruning incorrect ones. Evidence for the importance
of pruning comes from a word learning analog in pigeons, where learning was moderated by the opportunity to prune
incorrect associations during training (Roembke et al., 2016). To investigate pruning in humans, we conducted four
supervised word learning experiments (N=40 adults/exp.). Participants were first trained to link two objects to each word,
and subsequently were tested how quickly these were pruned. We measured association strength using eye-movements
to to-be pruned objects, and a post-training accuracy assessment in which the target was not present. Learners showed
rapid pruning of incorrect associations, though this was moderated by whether the words were auditory, orthographic or
non-linguistic symbols. This suggests that pruning is critical in word learning.
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Language Dynamics in Supreme Court Oral Arguments
Eyal Sagi
University of St. Francis, Joliet, Illinois, United States
Abstract
During conversations, it is not uncommon to notice that interlocutors start using similar words and grammatical structures.
This alignment of language use is thought to help comprehension, as well as lead to an alignment in underlying representations. In the context of negotiations, the degree to which parties exhibit such an alignment can indicate the likelihood
of reaching an agreement. The present study expands this notion to the courts and uses corpus statistics to examine the
relationship between the alignment of semantic content during oral arguments and the decision reached by the justices.
The analysis demonstrates that lawyers that align their language with that of the justices are more likely to have a decision
in their favor. Additionally, as befits the power dynamic between justices and lawyers, lawyers are more likely to align
their language with the justices than the justices are to align their language to that of the lawyers.
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On the Role of Semantic Map in a Socially-Emotional Cognitive Architecture for
Creative Assistants
Alexei Samsonovich
National Research Nuclear University MEPhI, Moscow, Russian Federation
Abstract
Future intelligent virtual co-robots, or cobots, will work as extensions of the human mind and body in creative cognitive
tasks, such as design, invention, or creation of art. Because these tasks depend on emotional attitudes, the cobot needs
to maintain a social-emotional contact with the user. This can be achieved based on a cognitive architecture, in which
the current emotional state of the user is represented in a two-dimensional weak semantic map. Cobot action selection
is determined by this state, the action appraisal, and the currently active M-schema. Main results include a significantly
higher quality of the outcome, compared to the control condition, without a semantic map. It is remarkable that one and
the same cognitive model proves useful in various domains, including creative assistants of a choreographer, a composer,
a designer, and an insight problem solver. The work yields preliminary results that suggest many potential practical
applications. This research is supported by the Russian Science Foundation Grant # 18-11-00336.
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Indexing visual working memory capacity in infancy
Andrew Sanders
UCLA, Los Angeles, California, United States
Abstract
Working memory (WM), central to later-developing executive function, is available to infants from birth. The present
study examined individual- and age-related differences in infant WMC utilizing a range of methodologies to quantify
WM in a sample of 70 6-12-month-olds. We compared performance across a battery of WM tasks varying in levels of
cognitive load. A range of delay durations were introduced within each task to determine maximum delays that infants
may successfully tolerate and still yield above-chance performance. Overall results suggest WM abilities may be readily
assessed as early as 6-months. As task difficulty increased, age-related improvements in WM performance increased
accordingly. Additionally, average performance across tasks and delays significantly increased from 34% at 6-months to
46% at 12-months. Investigation of individual differences across tasks, delays and modalities will be discussed. Outcomes
of this study help to better understand and quantify infant WM and how it matures throughout early development.
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Realtime integration of acoustic cues and semantic expectations in speech
processing: Evidence from EEG
McCall Sarrett
University of Iowa, Iowa City, Iowa, United States

Efthymia Kapnoula
Basque Center on Cognition, Brain and Language, San Sebastian, Spain

Bob McMurray
University of Iowa, Iowa City, Iowa, United States
Abstract
A critical debate in speech perception concerns the stages of processing and their interactions. One source of evidence is
the timecourse over which different sources of information affect ongoing processing. We used electroencephalography
(EEG) to ask when semantic expectations and acoustic cues are integrated neurophysiologically. Participants (N=31) heard
target words from a voicing continuum (bark/park) in which both voice onset time (VOT) and preceding coarticulation
were manipulated. Targets were embedded in sentences predicting one phoneme or the other (Good dogs sometimes). We
used a component-independent analysis every 2 msec to determine when each cue affected the continuous EEG signal. This
revealed an early window (125-225 msec) sensitive exclusively to perceptual information (VOT), a later window (400-575
msec) sensitive to semantic information, and a critical intermediate window (225-350 msec) when VOT and coarticulation
are processed simultaneously with semantic expectations. This suggests continuous cascades and interactions between
lower-level and higher-level processes.
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Context variability in learning
Nicholas Tippenhauer
Vanderbilt University, Nashville, Tennessee, United States

Megan Saylor
Vanderbilt University, Nashville, Tennessee, United States
Abstract
There are conflicting accounts of how context variability affects childrens word learning. In some instances, toddlers and
preschoolers word learning appears sensitive to context changes (e.g., Goldenberg & Sandhofer, 2013; Vlach & Sandhofer,
2011). In other cases, however, children show learning independent of context variability (e.g., Akhtar, 2005). There may
also be instances where context variability promotes label retention (Twomey, Ma, & Westermann, 2017). Inconsistent
findings in this literature could be the result of task demands. Context dependencies may emerge when tasks are more
difficult, because children are unable to suppress irrelevant context features and focus on relevant inputs, which are factors
that can contribute to the strength of context effects (Smith & Vela, 2001). We explored potential context effects in word
and fact learning using a design intended to reduce task load. Under these conditions, fact learning was affected by context
variability, but word learning was not.
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Preschoolers Evaluate Information about Word Meaning
Yuyue Sun
Vanderbilt University, Nashville, Tennessee, United States

Sofia Jimenez
Vanderbilt University, Nashville, Tennessee, United States

Nicholas Tippenhauer
Vanderbilt University, Nashville, Tennessee, United States

Megan Saylor
Vanderbilt University, Nashville, Tennessee, United States
Abstract
We used a between-subjects selective trust paradigm to investigate whether 3-year-olds (N=28) and 5-year-olds (N=28)
evaluate the quality of informants definitions for familiar and unfamiliar words. 3-year-olds did not choose the informative
definer (silly=goofy) over the circular definer (silly=silly) for familiar or unfamiliar words. In contrast, 5-year-olds endorsed the informative definer for familiar (M=.71, t(12)=2.38, p=.04) and unfamiliar (M=.82, t(14)=3.41, p=.004) words.
Additionally, 5-year-olds in the unfamiliar word condition chose to learn new information from the informative definer,
such as asking about novel words (p¡. 001) and novel object functions (p¡.001). The unfamiliar word condition may have
elicited better performance than the familiar word condition because the contrast between the two informants was more
obvious. We are currently investigating whether 3- and 5-year-olds prefer an informant who uses familiar words to define
novel words (meager=small) to one that uses other novel words (meager=paltry).
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Computational Model of Spatial Auditory Attention in ACT-R
Jaelle Scheuerman
Tulane University, New Orleans, Louisiana, United States

Maxwell T. Anderson
K. Brent Venable
Edward Golob
Abstract
We present an extension to the ACT-R audition module developed to support models of spatial auditory attention. This
extension adds support for spatial sounds and models a gradient of spatial auditory attention over 180 in the frontal
horizontal plane. This spatial gradient represents the attentional bias created from interaction between top-down (goal
driven) attention and bottom-up (salient) attention, represented by a Gaussian and inverse Gaussian curve respectively.
Response time to a sound is modeled using a calculated attentional bias, affected by the current goal location and the
sound location. This ACT-R extension is used to model a behavioral task where subjects were told to attend to a spatial
location and respond to sounds at attended and distractor locations. By incorporating this model into ACT-R, we will gain
insights into the interaction between spatial auditory attention and other other cognitive processes, such as learning and
memory.
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How do pragmatic and object cues affect monolingual and bilingual toddlers
visual attention during word learning?
Christina Schonberg
UCLA, Los Angeles, California, United States

Catherine Sandhofer
University of California, Los Angeles, Los Angeles, California, United States

Scott P. Johnson
UCLA, Los Angeles, California, United States
Abstract
Compared to monolinguals, bilingual children attend more to pragmatic cues, especially when they conflict with perceptual
cues (Brojde et al., 2012). This longitudinal eye-tracking study investigated monolingual and bilingual two-year-olds (T1
M age=24.3 months; T2 M age=27.6 months) visual attention in a word learning paradigm containing a conflict between
eye gaze (pragmatic cue) and object salience (perceptual cue). Participants saw videos of a model looked looking at and
labeling either a salient or a nonsalient object. Next, participants saw the objects from the videos side-by-side onscreen, and
heard either the target label or a novel distracter label. At T1, monolinguals (N=14) and bilinguals (N=10) showed similar
looking patterns during learning; at test, bilinguals modulated their looking to target and distracter objects differently than
monolinguals. At T2, monolinguals and bilinguals showed similar looking patterns during all trials. These results suggest
that language background may differentially influence word learning and visual attention across development.
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A word order pattern from silent gesture studies observed in a new natural
language
Marieke Schouwstra
University of Edinburgh, Edinburgh, United Kingdom

Susan Goldin-Meadow
University of Chicago, Chicago, Illinois, United States

Molly Flaherty
University of Edinburgh, Edinburgh, United Kingdom
Abstract
Studying the silent gesture of hearing non-signers is a crucial tool for shedding light on natural language phenomena.
Previous studies have found that properties of the meanings conveyed in silent gesture can influence word order. For
instance, participants prefer SOV ordering for extensional events (man carries ball), while for intensional events (in which
the object is possibly non-existent or dependent on the action; e.g., man thinks of guitar, woman builds house) there is
a cross-linguistic preference for SVO (Schouwstra & de Swart, 2014). Eliciting descriptions of the two event types in
Nicaraguan Sign Language, we found evidence for these lab-documented word order preferences in an emergent natural
language: objects precede verbs for extensional events, but follow verbs for intensional events. However, this word
order pattern is manifested differently in Nicaraguan Sign (the result only surfaced in a sub-string analysis), because the
preference interacts with NSLs language-internal constraint for verb-finalness.

2955

Language production: Shaped by phonological interference and motor
interference
Steven Schwering
University of Wisconsin-Madison, Madison, Wisconsin, United States

Maryellen MacDonald
University of Wisconsin-Madison, Madison, Wisconsin, United States

Tom Wasow
Stanford University, Stanford, California, United States
Abstract
Speakers are known to insert optional words when upcoming material is difficult. In three studies, we investigated how
phonological interference and motor planning difficulty affect production choices. First, analyses of the spoken COCA
corpus (¿100m words) showed lower use of [optional-that] in relative clauses following a that determiner (that boy [that]
we saw) than following other determiners (this boy [that] we saw). Second, a sentence recall study confirmed numerically
lower rates of optional-that use and more recall/production errors in the presence of a homophonous that determiner
compared with sentences with other determiners. These two studies suggest phonological interference reduces the planning
benefits of optional-that. Third, in a separate sentence recall study, we demonstrated optional-that use increases with
motor planning difficulty (concurrent finger tapping). Together, these results demonstrate that speakers balance multiple
constraints when planning speech, and that both phonological interference and concurrent tasks affect language production
choices.
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Age-related change of hand raising behavior in elementary school children
Kazuki Sekine
Radboud University, Nijmegen, Netherlands

Takashi Ito
Hokkaido University, Sapporo, Japan
Abstract
Raising hands is an important behavior in a classroom because children get a chance to participate in the class by doing
it, and teachers use it to monitor how well children have understood the lesson. However, little is known about the
hand raising behavior in a classroom. Thus, we examined to see if hand raising behavior varies with childrens age in an
elementary school. Children in the first, third and fifth grades participated in this study. We recoded the teachers and
childrens behaviors and speech observed in Japanese language class and analyzed their interactions. The results showed
that fifth graders frequently raised their hands, while third graders raised them the least. The incidence of hand raising
during anothers speech was also higher in fifth graders. This suggests that with age, children learn to use teacher and other
childrens speech and non-verbal behavior as a resource to participate in a class.
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Same/different relation detection and word production in 4-year-olds
Ruxue Shao
Northwestern University , Evanston, Illinois, United States

Dedre Gentner
Northwestern University, Evanston, Illinois, United States
Abstract
Relational processing is critical for complex cognition (Gentner, 2003, 2010). Here, we investigate the development of two
fundamental relationssame and different. Previous research suggests that childrens understanding of same may precede understanding of different, and that languageespecially labels for these relationsmay support this understanding (Hochmann
et al., 2017; Christie & Gentner, 2014). We presented 4-year-olds with either a different-only or a same/different mixed
version of the Relational-Match-to-Sample (RMTS) task. Children made relational matches at above-chance rates in
both conditions and performance was comparable with previous findings on a same-only RMTS (Christie & Gentner,
2014; Hoyos, Shao, & Gentner, 2016; replication in process). Across both conditions, children who said the words
same/different outperformed those who did not, suggesting that spontaneous production of the terms indicated better encoding of the relations. Interestingly, children produced the word same more than the word different, even when presented
with match-to-different trials.
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Do Infants Learn Words from Statistics? Evidence from English-Learning Infants
Hearing Italian
Amber Shoaib
University of Notre Dame, Notre Dame, Indiana, United States

Tianlin Wang
University of Notre Dame, Notre Dame, Indiana, United States

Jill Lany
University of Notre Dame, Notre Dame, Indiana, United States
Abstract
Infants track transitional probabilities (TPs) relevant to segmenting words in fluent speech, and learn sequences with high
TPs (HTPs) as object labels. We tested whether HTPs are better learned because they are represented as candidate words,
or because they are easier to encode. If tracking TPs results in identifying candidate words, TPs may have reduced power
to confer lexical status when yielding a unit dissimilar to English words. We found that 20-month-old English-learning
infants, especially those with larger vocabularies, resist learning HTP Italian words as object labels. This suggests that
before infants become highly tuned to their native language, TPs carry a high weight in word learning. However, as
infants accumulate more instances of words in their native language, HTPs no longer give sequences word-like status.
Altogether, this suggests that tracking TPs allows infants to integrate statistical and language-specific cues as they become
more proficient with their native language.

2959

Predicting Choices of Item Difficulty in Self-Adapted Testing Using Hidden
Markov Models
Meirav Arieli-Attali
ACT, Iowa City, Iowa, United States

Lu Ou
ACT, Iowa City, Iowa, United States

Vanessa Simmering
ACT, Inc, Iowa City, Iowa, United States
Abstract
Self-adapted testing is designed to allow examinees to choose the level of difficulty of the items they receive. This
results in different levels of overall difficulty across exams, but examinees ability can be estimated regardless of the
items chosen using Item Response Theory. Here we also evaluated whether an examinees selection process could be
informative in assessing ability, engagement, and mindset. Two groups of examinees completed a self-adaptive general
knowledge test under different instructions, one emphasizing performance (fixed mindset) and one emphasizing learning
(growth mindset). We modeled examinees choices of item difficulty using a Hidden Markov Model to predict whether
they transition between difficulty levels based on their goal condition, the correctness of their last answer, the level of
confidence in their last answer, and the interactions therein. Preliminary results suggest higher likelihood of examinees
choosing more difficult items following correct responses, high confidence, and learning (growth) instructions.
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The Geography of Sport: Evidence for the Domain-Specificity of Cultural
Mindsets.
Daniel Casasanto
Cornell University, Ithaca, New York, United States

Amritpal Singh
Cornell University, Ithaca, New York, United States

Qi Wang
Cornell University, Ithaca, New York, United States
Abstract
Sports are a microcosm of society. A nations sports reflect its peoples values, and contribute to their social identity. Here
we investigated whether countries previously identified as individualistic versus collectivistic tend to excel in individual
sports versus team sports, respectively. Individual sports like golf require athletes to focus on personal goals, whereas
team sports like hockey require players to cooperate and to focus on collective goals. We analyzed the rate of Olympic
medals won in individual versus team sports by 11 countries: 5 Western countries identified previously by sociological
and psychological research as individualistic, and 6 East Asian or Eastern European countries identified as collectivistic.
Paradoxically, results showed that individualistic countries won a greater proportion of medals in team sports, whereas
collectivistic countries won more medals in individual sports. Findings support the view that cultural mindsets and value
orientations are domain-specific, not monolithic.
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Lexical access in the face of degraded speech: The effects of cognitive adaptation
Francis Smith
University of Iowa, Iowa City, Iowa, United States

Bob McMurray
University of Iowa, Iowa City, Iowa, United States
Abstract
Spoken language unfolds over time. Listeners cope with this by activating multiple lexical candidates which compete for
recognition (McClelland & Elman, 1986). Competition dynamics change with degraded speech (Brouwer & Bradlow,
2016; McMurray, Farris-Trimble, & Rigler, 2017; McQueen & Huettig, 2012) but it is unclear whether this reflects the
degraded input, or functional adaptation. In two visual world paradigm experiments, listeners heard different levels of
degraded (noise-vocoded) speech. Experiment 1 manipulated degradation level in blocks or interleaved across trials.
Interleaving led to processing delays beyond that of degradation alone. We also found switch-costs when degradation
level differed between trials. This suggests differences in lexical dynamics are not solely due to degradation level. In
experiment 2, a visual cue indicated the degradation level before each trial. This reduced the delay and switch costs,
suggesting adaptation before the input. These experiments support a role for central processing in dealing with degraded
speech.

2962

What does a dimension that predicts nothing do to human classification learning?
Sean Snoddy
Binghamton University, Binghamton, New York, United States

Kenneth Kurtz
Binghamton University, Binghamton, New York, United States
Abstract
The six types of elemental category structures (Shepard, Hovland, & Jenkins, 1961) for three binary dimensions are
a well-known benchmark in the study of human category learning. We added a non-diagnostic dimension consisting
of four possible values with no predictive power. This increases the size of the training set fourfold. Exemplar models
successfully account for the SHJ ordering based on stimulus generalization plus selective attention. Accordingly, exemplar
models should learn this new task by ignoring the irrelevant dimension and performing nearly as usual. In a behavioral
study, we found that Type I (unidimensional rule) was acquired rapidly, but most learners struggled to make any progress
over an extended training period for Type IV (unidimensional rule-plus-exception) and Type VI (no regularities). We
investigate whether leading formal models can fit this pattern and address implications of these results for theories of
category learning.
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Moral Dynamics: A Computational Model of Moral Judgment
Felix Sosa
Massachusetts Institute of Technology, Cambridge, Massachusetts, United States

Tomer Ullman
Massachusetts Institute of Technology, Cambridge, Massachusetts, United States

Samuel Gershman
Harvard University, Cambridge, Massachusetts, United States

Josh Tenenbaum
MIT, Cambridge, Massachusetts, United States

Tobias Gerstenberg
Massachusetts Institute of Technology, Cambridge, Massachusetts, United States
Abstract
Previous work on morality has proposed psychophysical and/or qualitative models for moral judgment. While these
models capture the data found in their respective studies, we believe they miss the underlying concepts on which people
base their moral judgments. Here, we propose a quantitative model of morality grounded in our current understanding of
intuitive theories of physics, psychology, and causality.
We detail how peoples intuitions of physics and causality can be used to infer the desire and intent of an agent to bring about
or prevent harm and how this process can qualitatively predict empirical findings of previous work on moral judgment and
quantitatively predict results in new scenarios involving an agent harming or helping another.
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Strategy Specificity as a Predictor of Mental Set on the Water Jar Task
Erin Sovansky Winter
University of Illinois at Chicago, Chicago, Illinois, United States

Stellan Ohlsson
University of Illinois at Chicago, Chicago, Illinois, United States
Abstract
Mental set occurs when people become entrenched in the problem-solving strategies they develop. Different strategies
have different properties, and it is plausible that those properties might modify the probability of mental set. However, for
the water jar task (Luchins, 1942), there is still no clear consensus on which strategies people use, and whether strategy
use influences the likelihood of mental set. We identified several common strategies used on the water jar task, and found
that mental set was related to strategy specificity. Specific, algorithmic strategies were associated with a higher rate of
mental set, whereas general problem-solving heuristics were associated with a lower rate. This suggests that people are at
the greatest risk for mental set when they create strategies specific to the problem at hand. Specific strategies may be more
accurate if the problem demands stay the same, but are less flexible for handling a change in the environment.
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A text-based analysis of the effects of personality on the adoption of cultural and
linguistic norms
Samuel Spevack
University of California, Merced, Merced, California, United States

Michael Spivey
UC Merced, Merced, California, United States
Abstract
Cognitive variation due to language and culture has been shown in a range of domains, including visual perception,
emotions, theory of mind, economic strategies, decision making, and categorization. While such patterns are robust,
individuals within a given culture are affected by these cultural patterns differentially. One possible cause for these
individual differences is personality (e.g. extroversion or agreeableness). The personality traits of individuals will affect
how they interact with and adopt cultural patterns. To explore this possibility, we perform analyses on online data from
individuals with self-identified Myers-Briggs personality types (a popularized personality measure that is widely selfreported in social media). In particular, we examine how personality type predicts the rate at which individuals adopt novel
lexical items and conform to the linguistic norms of their surrounding community. The results make explicit predictions
about which individuals will be more affect by cultural and linguistic patterns.
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Between-Language Competition in Early Learner Bilinguals
Cynthia Spivey
University of California, Merced, Merced, California, United States

Samuel Spevack
UC Merced, Merced, California, United States

Greg Wattonville
University of California, Merced, Merced, California, United States
Abstract
Since bilingualism is more common worldwide than monolingualism, studying how bilinguals process language provides
an important insight into how the brain processes language in general. Although often neglected in research, early-learner
bilinguals (who learn both languages before adolescence) have important differences compared to bilinguals who learn
their second language later in life (Kim, Relkin, Lee, & Hirsch, 1997). We compared early- and late-learner SpanishEnglish bilinguals in an eyetracking experiment to investigate how the developmental timing of second language onset
affects phonological competition between languages. For example, when instructed to click the peanut, late bilinguals
frequently looked at the pineapple, because its name in Spanish (pia) is phonologically similar to peanut. By contrast, the
early bilinguals showed no statistically significant competition effects between their two languages. This study aims to
reveal the extent to which second language onset affects competition between languages.
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The ’Goldilocks Effect’ in Preschoolers’ Attention to Spoken Language
Ruthe Foushee
University of California, Berkeley, Berkeley, California, United States

Fei Xu
UC Berkeley, Berkeley, California, United States

Mahesh Srinivasan
UC Berkeley, Berkeley, California, United States
Abstract
How do children decide what language input to learn from? Here, we extend the idea that infants attend to stimuli at
an intermediate level of complexity to the rich, naturalistic domain of spoken language. In our study, 2.5 to 6.5-year-old
children watched two speakers alternate narrating pages of a textless picture book, before selecting which speaker they
wanted to continue listening to. We manipulated the complexity of the speech, such that the Simple speaker used earlieracquired words than the Complex speaker, but both introduced a rare target word each turn. We tested children’s learning
of the target words, tracked their attention via eyetracking, and measured their vocabulary via the PPVT. Children learned
more words from the Simple speaker overall, and were more likely to select the Simple speaker with greater age and
vocabulary, suggesting they discriminated between levels of speech complexity, and selected the more learnable level.
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Effect of Exploration-type on Spatial Knowledge while using Desktop 360-degree
Indirect Visual Display
Priyanka Srivastava
International Institute of Information Technology, Hyderabad, Hyderabad, Telangana, India

Sushil Chandra
Institute of Nuclear Medicine and Allied Sciences, Delhi, India
Abstract
360-degree indirect visual display (IVD) is becoming inevitable for emerging display technologies like security and
surveillance tasks. In this paper, we evaluated the effect of free- compared to goal-oriented exploration of an unknown
virtual environment on spatial knowledge, while using desktop 360-degree IVD. The ’goal-oriented exploration’ in this
study required returning to the starting position in order to complete the exploration. Spatial knowledge was assessed by
comparing the map-sketch score against the exploration-type. We found no difference in spatial knowledge across the
exploration-types. However, participants with gaming experience scored significantly higher map-sketch score across the
exploration-types, indicating the advantage of previous experience.
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Reducing the effects of need for closure on team performance
Evan Stein
The University of Texas at Austin, Austin, Texas, United States

Jonathan Alba
University of Texas, Austin, Texas, United States

Art Markman
University of Texas, Austin, Texas, United States
Abstract
We explored the influence of need for closure (NFC)a propensity to adopt a deliberative versus a locomotor mindseton
team performance under pressure. When teams solve problems under pressure, performance is often compromised by low
quality and uninformed decisions. Research on NFC shows that high pressure situations increase NFC in individuals and
teams when making decisions. This change in motivation increases the tendency to act quickly, often relying on suboptimal
strategies to make decisions. Previous studies on medical teams have found that checklists can increase teamwork and
decrease errors. We hypothesized that using a checklist reduces the effects of NFC by increasing communication and
teamwork. In our study, teams play a video game that requires teamwork and communication to solve puzzles under
pressure, with or without a checklist. The results of our research have implications for a variety situations in which teams
perform under pressure.
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Equality in Dictator Games: Methodological Concerns in Interpreting
Default-Mode Strategies and Norms for Equity
Caden Sumner
Michigan Technological University, Houghton, Michigan, United States

Samantha Verran
Michigan Technological University, Houghton, Michigan, United States

Shane Mueller
Michigan Technological University, Houghton, Michigan, United States
Abstract
Standard behavioral economic games assume that rational actors have stable, well-defined preferences. Two experiments
were created to simulate various priming factors within a standard dictator game. Throughout the first experiment nearly
50% of the participants gave an equal distribution of value between themselves and the recipient. This trend persisted
when the recipient was clearly labelled as a computer. The second study evaluated whether or not the equal distribution
observed in the first experiment was due to an automatic response, where the default mode is to allocate resources equitably.
After providing participants with a time delay and critical thinking prompt, there was a 6% shift in the number of equal
distributions given. These results indicate that equal distributions may be the result of an automatic thinking process.
Methodological implications pertaining to past studies in which automatic behavior was not considered during the use of
dictator games may arise.
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Unlearning to See: Linking the Perceptual and Clinical Effects of Psychedelic
Drugs
Link Swanson
University of Minnesota, Minneapolis, Minnesota, United States
Abstract
Controlled clinical trials using LSD, psilocybin, ayahuasca to treat major mood disorders and addictions have recently
achieved significant results. Psychedelic drugs cause acute alterations in visual object perception, where object borders
within the visual scene exhibit illusory rhythmic movements. What is the relationship between the perceptual effects
and the clinical efficacy of psychedelic drugs? Here, I sketch a novel hypothesis to link the perceptual phenomenology
of psychedelic drugs with their clinical efficacy. I propose that psychedelics temporarily suspend statistical regularities (Bayesian priors) accumulated through past experience across perceptual, affective, and cognitive domains of neural
information processing. This temporary unlearning of established priors can explain both the destabilization of visual
perception and the potential for psychedelics to disrupt unwanted patterns of thinking and emotion associated with mood
disorders and addictions. I support these hypotheses with plausible neurobiological mechanisms and empirical data from
neurophysiological and clinical studies with psychedelic drugs in humans.
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Consistency of Creativity Assessment: Influence of Personality and Assessment
Process
Hitoshi Terai
Kindai University, Iizuka-shi, Fukuoka, Japan

Kazuhisa Miwa
Nagoya University, Nagoya-shi, Aichi-ken, Japan

Mina Nakamura
Kindai University, Iizuka-shi, Fukuoka, Japan
Abstract
In this study, we investigated the consistency of creativity assessment by novice raters. Such naive decision for creativity assessment might be based upon individuals intuitive process. On the other hand, when they have enough time to
decide their assessment for creativity, they might be able to activate their analytical process to do it. Therefore, we investigated difference between intuitive and analytical processes on consistency of creativity assessment. We conducted
experiments of creativity assessment based on repeated measure to investigate interaction between personality and assessment process. Personality regarding preference for intuition and deliberation was measured by questionnaires. Assessment
process included two levels as within-participants factor: intuitive and deliberative processes. We will discuss influence of
personality and assessment process on consistency of creativity assessment.
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Patterns of anxiety in algebraic problem solving in Australian adolescents: A
three-step latent variable analysis
Kelly Trezise
University of Melbourne, Melbourne, Victoria, Australia

Robert A. Reeve
University of Melbourne, Melbourne, Australia
Abstract
Adolescents math anxiety is commonly assessed using questionnaires that identified the anxiety experienced solving arithmetic problems. A more nuanced understanding of math anxiety would be gained by investigating anxiety associated with
math problems encountered in school at the time they are encountered. To this end, we investigated the anxiety associated with algebraic problem solving ability relationships in 129 14-year-olds. We varied problem difficulty and the time
allowed to solve problems, and assessed students anxiety concurrently as they solved problems. Latent variable mixture
modelling revealed meaningfully different patterns of algebra ability and anxiety relationships that changed as a function
of problem difficulty and time pressure. A second study, examining 257 13- to 15-year-olds, successfully replicated the
Study 1 findings. The results highlight the value of using latent variable analysis to identify subgroup patterns of abilities
and caution against making overly general claims about the role of anxiety in math problem solving.
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Interaction, cognitive diversity and abstraction
Kristian Tylen
Aarhus University, Aarhus, Denmark

Johanne Philipsen
University of Southern Denmark, Odense, Denmark

Svend stergaard
Aarhus University, Aarhus, Denmark

Joanna Rczaszek-Leonardi
University of Warsaw, Warsaw, Poland

Frederik Stjernfelt
Aalborg University, Aalborg, Denmark

Riccardo Fusaroli
Aarhus University, Aarhus, Denmark, Denmark
Abstract
Abstraction lies at the heart of human cognition. While most approaches to abstraction implicitly take the individual as a
starting point, we hypothesize abstraction to be contingent on the interactive sharing of diverse perspectives. Interactive
alignment, however, can reduce diversity making group members’ contributions more similar and redundant, especially if
they have not had time to form their own impressions and opinions. We report an experiment investigating the conditions
under which participants arrive at a superior, abstract rule-based solution to a problem: inferring the direction of the last
gear from the rotation of the first in a series of connected gears. Participants were assigned to three different conditions:
1) individual, 2) dyadic, 3) combined: dyad members start individually but are joint mid through the experiment. We find
that performance is significantly higher in the dyadic than in the individual condition, but highest in the combined.
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Contributions of Statistical Regularities to Semantic Development
Layla Unger
Ohio State University, Columbus, Ohio, United States

Vladimir Sloutsky
The Ohio State University, Columbus, Ohio, United States
Abstract
Extensive findings attest to an early-emerging sensitivity to statistical regularities, such as reliable co-occurrence between
perceptual inputs. However, we know little about how such sensitivity may shape the organization of semantic memory
according to relations between concepts. To address this question, we designed a paradigm appropriate for a broad developmental age-range in which participants identify whether either a word or a picture is the same or of the same thing as a
preceding word (e.g., chicken followed by chicken or a chicken picture). Semantic effects are inferred from slower correct
no responses to pairs that are related versus those that are unrelated. We used this paradigm to assess semantic effects in
4-year-old children for pairs that co-occurred in child-directed speech (e.g., shoe-foot) or were taxonomically related (e.g.,
fork-bowl). We found evidence of semantic effects in all conditions, suggesting that co-occurrence sensitivity contributes
to relational knowledge in emerging semantic networks.
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Elementary school students ability to activate related concepts in a domain
predicts domain-based inferential reading comprehension
Catarina Vales
Carnegie Mellon University, Pittsburgh, Pennsylvania, United States

Anna Fisher
Carnegie Mellon University, Pittsburgh, Pennsylvania, United States
Abstract
The ability to make inferences has been identified as crucial for reading comprehension; yet, the mechanisms supporting
such inferences remain poorly understood. We propose that the activation of related concepts in semantic memory supports
the ability to make inferences, including in the context of reading comprehension. Consistent with this hypothesis, 2ndand 3rd-grade students who more strongly co-activated related concepts in a domain (i.e., were more likely to notice the
presence of related distractors when searching for a target) showed better inferential comprehension of written passages
in that domain. This predictive relation was found across three different domains (natural kinds, music, and sports), and
when controlling for individual differences in co-activation of concepts in a control, unrelated domain. We will discuss the
implications of these results for contemporary accounts of reading comprehension and for designing effective interventions
aimed at improving reading comprehension, a key ability in academic contexts.
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The relative amount of information contributed by learning and by
pre-specification in a SRN trained to compute sameness
Juan Valle-Lisboa
Abstract
We analyze the conditions under which Simple Recurrent Networks learn and generalize sameness. This task is difficult
for a generic SRN, and several properties of the network have to be established previous to any learning for generalization
to occur. We show that by selecting a set of narrow weight intervals a network can learn sameness from a limited set of
examples. The intervals depend on the particular training set, and we obtained them from a series of simulations using
the complete training set. We can approximate the relative amount of information provided by the initial structure and
the amount provided by the examples. Although we did not arrive to a general rule, in all our cases the initial structure
provides much more information than the examples. This shows that if something similar to ANN operates in the brain, a
rich innate structure is needed to support the learning of general functions.
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Can adaptive prompting improve the collaboration of small face-to-face groups in
math classrooms?
Kurt VanLehn
Arizona State University, Tempe, Arizona, United States
Abstract
When a small group of students collaborate, learning gains are often proportional to the amount of co-construction in their
dialogue. Co-construction (also called transactivity or co-explaining) is an observable behavior that meets two criteria:
students add task content to the dialogue (i.e., they construct) and their construction builds off their partners contributions.
Unfortunately, co-construction is uncommon. In our studies of students collaborating face-to-face in middle school math
classrooms, less than 5% of their spoken dialogue was classified as co-construction. In order to increase the frequency
of co-construction and raise learning gains, prior work has inserted prompts into text-based dialogue, but our FACT
system is alone in trying to use prompting to improve spoken dialogues in classrooms. Results on the accuracy of FACTs
collaboration detectors will be presented along with results from a pilot test of its prompting in 5 middle school classrooms.
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Going through the Motions: Investigating Strategies for Spatial Integration of a
Small-Scale Array
Mia Velazquez
Temple University, Philadelphia, Pennsylvania, United States

Corinne Holmes
Trinity College, Dublin, College Green, Dublin, Ireland

Nora Newcombe
Temple U, Philadelphia, Pennsylvania, United States
Abstract
The ability to integrate locations viewed sequentially into a unified representation spatial integration is important for
cultivating an accurate mental map. We investigate the cognitive strategies underlying this process by manipulating the
encoding experience. Participants viewed an array piecemeal and experienced the transition between viewpoints by rotating the array or moving around it. At test, participants reconstructed the layout by placing stamps of the spatial locations
on a blank map. Participants who rotated the array at encoding mainly reconstructed the array by rotating it at test. However, those who moved around it were equally likely to use a rotation or observer movement strategy during reconstruction,
and did so more accurately than those who learned the array via rotation, regardless of strategy choice. Importantly, all
participants used motion to reconstruct the array in a step-wise manner. These findings suggest that movement around a
spatial array is key to flexible spatial integration.
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Iambic Bias in Parsing Syllable Sequences by English Speakers
Ryan Budnick
Felix Wang
Abstract
A majority of English words have initial stress, either by type or by token (Cutler & Carter, 1987). However, the stress
pattern of a particular English word depends on its phonological structure; if the second syllable contain a diphthong or
tense vowel, the word is regularly iambic (Halle & Vergnaud, 1987; Guion, Clark, Harada, & Wayland, 2003). Here, we
provide experimental evidence demonstrating that this phonological pattern is used by adult English listeners processing a
sequence of nonce syllable sequences. In Experiment 1, we find that English speakers have an iambic preference parsing
a syllable sequence with all heavy syllables. In Experiment 2, we find that processing stress produces an entrainment
effect where the rhythm created by the stress pattern will carry on into linguistic material without such cues. Together,
these results suggest that English speakers make use of further abstract knowledge of English phonology in finding word
boundaries.
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Skilled readers activate the meanings of phonetic cues in Chinese
Tianlin Wang
University of Notre Dame, Notre Dame, Indiana, United States

Matthew Cooper Borkenhagen
University of Wisconsin-Madison, Madison, Wisconsin, United States

Mark Seidenberg
University of Wisconsin, Madison, Wisconsin, United States
Abstract
Many Chinese characters consist of probabilistic cues to meaning or pronunciation. We investigated whether readers
automatically activate the semantics associated with a familiar phonetic even when it is putatively irrelevant. In a lexical
decision task, primes were semantically related to the overall character, the sub-lexical component, or not related to either.
Latencies were significantly faster when primes were related to the meaning of the phonetic and related to the meaning
of the entire target as compared to unrelated prime-target pairs. The magnitudes of the priming effects were larger for
lower frequency targets. Results indicate that readers activate the semantics of a phonetic even when it is unrelated to the
meaning of the character. This suggests that the irrelevant semantics may influence the meaning of a character, and also
challenges standard analyses in which such characters are considered morphemes because phonetics can also contribute to
meaning.
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The impact of transcutaneous vagal nerve stimulation on central noradrenergic
activity as evidenced by salivary alpha amylase and the P3 event-related potential
Christopher Warren
Klodianna Daphne Tona
Leiden University, Leiden, Netherlands

Lineke Ouwerkerk
Vrije University, Amsterdam, Netherlands

Jos A. Bosch
University of Amsterdam, Amsterdcam, Netherlands

Sander Nieuwenhuis
Leiden University, Leiden, Netherlands
Abstract
We applied transcutaneous vagus nerve stimulation (TVNS) in concert with electroencephalogram (EEG) recordings and
saliva samples to test for an impact of TVNS on norepinephrine (NE) activity in the central nervous system. TVNS is a
new, non-invasive intervention for epilepsy and depression with a yet-to-be established efficacy for increasing central NE.
Both the electroencephalogram and saliva samples offer biomarkers of central NE activity. The P3 event-related potential
may reflect phasic changes in cortical NE levels, and salivary alpha amylase (SAA) is sensitive to changes in central NE
activity. We applied real and sham TVNS to a group of healthy subjects while they performed a standard set of oddball
tasks known to elicit a P3, and analyzed EEG data and SAA to determine the efficacy of a standard TVNS protocol for
manipulating central NE activity. TVNS did not affect P3 amplitude, but did increase SAA, casting doubt on the NE-P3
theory.
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Human generalization of an alternating category structure
Matt Wetzel
Binghamton University, Binghamton, New York, United States

Kenneth Kurtz
Binghamton University, Binghamton, New York, United States
Abstract
Leading models of human categorization posit that an observed stimulus is classified according to its similarity to stored
reference points. In the present study, we investigate a category structure that elicits human generalization behavior not
predicted by the reference point framework. In a supervised classification learning task, participants were presented with
simple continuous-valued stimuli (one- or two-dimensional) based on an underlying category structure with a strict pattern
of alternating regions assigned to each class (e.g., A A B B A A B B ? ?). The participants were then tested on new
stimuli with dimension values beyond the range seen in training. A large portion of participants classified new items by
extrapolating the alternation sequence they did not classify based on similarity to the nearby reference points. These
results pose a challenge to reference point models and raise important issues about concept formation and generalization.
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Partial awareness of strategies used in a complex decision making task
Aaron Wong
Mississippi State University, Mississippi State, Mississippi, United States

Kevin Barnes
Mississippi State University, Mississippi State, Mississippi, United States

Gary Bradshaw
Mississippi State University, Mississippi State, Mississippi, United States

Jarrod Moss
Mississippi State University, Mississippi State, Mississippi, United States
Abstract
There are individual differences in complex task performance that can be attributed to the strategies people use and how
they adapt their strategies to task demands (Schunn & Reder, 2001). It is unclear if people are aware of the strategy
they use and how this affects adaptation of their strategy. The present study assessed participants awareness of their own
strategy while performing a complex task. Part of the task required participants to select which objects to sort based on
different object features that affect their score. Using a participants selections, their selection strategy was inferred using
automated techniques and compared to their reported strategy. Participants reported using more of the object features
in their strategies than what was inferred based on their choices. The features in the inferred strategy only partially
overlapped with the features participants reported. In addition, greater awareness of ones strategy was associated with
better task performance.
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Navigating uncertainty through information search
Charley M. Wu
Max Planck Institute for Human Development, Berlin, Berlin, Germany

Bjoern Meder
Max Planck Institute for Human Development, Berlin, Berlin, Germany

Jonathan D. Nelson
University of Surrey, Guildford, United Kingdom
Abstract
Selecting informative queries is a crucial component of learning and decision-making, where models of information search
have been widely used to provide normative guidance. Yet a typical requirement of these models is complete information
about the underlying probabilistic structure of the environment, which is seldom met in real-world situations. Thus,
information search models are blind to the epistemic uncertainty that comes with learning through experience, and do not
distinguish between probabilities estimated from a sample of two and a sample of one million. We develop a learning
paradigm where a successful strategy needs to balance the exploration of queries with high epistemic uncertainty, with the
exploitation of queries already known to be useful. We show that a Bayesian sampling variant of traditional information
search models learns faster and performs better, but most surprisingly, that a simple take-the-difference heuristic (TTD)
performs competitively using only the absolute difference between observed frequencies.
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Behavioral and electrophysiological evidence of incidental learning, generalization
and retention of speech categories from continuous speech
Yunan Wu
Carnegie Mellon University, Pittsburgh, Pennsylvania, United States

Lori Holt
Carnegie Mellon University, Pittsburgh, Pennsylvania, United States

Ran Liu
MARi, Washing D.C., District of Columbia, United States

Sung-Joo Lim
Boston University, Boston, Massachusetts, United States
Abstract
Speech learning involves discovering linguistically-relevant categories embedded in continuous speech. But, learning
has been investigated mostly across isolated sound tokens. Here, we investigated incidental learning across continuous
multi-talker Mandarin speech in the context of a videogame in which participants behavior was directed at navigating a
virtual environment, not speech learning. Unbeknownst to the native-English participants, acoustically-variable Mandarin
keywords were embedded in the continuous sentences, and were associated with game actions and events. Participants
were not informed about the keywords, made no categorization decisions, and received no overt feedback. Post-training
results indicated robust keyword learning that persisted at least 10 days. Further, the electrophysiological N100 component
evoked by keywords during passive listening to continuous Mandarin was greater post-training than pre-training. This neural enhancement was not observed for equally-frequent control keywords unassociated with game behaviors. Participants
learned functionally-relevant non-native speech categories incidentally from continuous speech input across considerable
acoustic variability.

2987

Holistic vs. Decompositional Processing in Chinese Foreign Language Learners
Alice Xia
Carleton University, Ottawa, Ontario, Canada
Abstract
Over 80% of Chinese characters are compound characters with semantic and phonetic constituent parts (Hoosain, 1991).
These sub-character components provide crucial information for deciphering the character as a whole. Exploring how
they contribute to character processing may help improve us better understand Chinese character processing, especially in
Chinese-as-a-foreign-language (CFL) learners. How does the combination of character familiarity and character frequency
affect visual character processing? How do CFL learners and Chinese native speakers differ?
A character decision task is used, with masked priming of a semantic radical that is congruent or incongruent with the
radical in the target character. A significant difference in RTs between matched and unmatched conditions suggests
character decomposition, while no difference implies holistic processing.
Results show that character frequency determines whether or not CFL learners process compound characters holistically or
in a decomposed manner, even though classroom vocabulary instruction does not follow any type of frequency distribution.

2988

Commonality search between unrelated objects for retrieving original knowledge
Mayu Yamakawa
Nagoya University, Nagoya, Japan

Sachiko Kiyokawa
Nagoya University, Nagoya, Japan
Abstract
Memory retrieval is the basis of idea generation. We hypothesized that people retrieve more original knowledge by searching for a commonality between unrelated objects than by thinking about an object itself. Seventy-seven undergraduates
from Nagoya University were assigned to one of three conditions: a commonality search and either of two control conditions. In the first session, the participants in the commonality search condition listed a feature shared by a pair of words
presented; those in the control conditions listed a feature associated with a word presented. In the second session, all participants were asked to list the words associated with the features they identified in the previous session. Results showed
that the features and the words listed in the commonality search condition were more original than those in either control
condition. We concluded that the method we proposed is effective in retrieving original knowledge for idea generation.

2989

HBU: Human Behavior Understanding by Choice Reaching
Takashi Yamauchi
Texas A&M University, College Station, Texas, United States

Anton Leontyev
Texas A&M University, College Station, Texas, United States
Abstract
Existing psychophysiological measures (fMRI, EEG) are impractical for a large-scale behavioral study due to their exorbitant data acquisition cost. Psychological tests (Stroop task) are economical but are too coarse to inform dynamic interactions among perceptual, cognitive, and affective processes. By augmenting standard cognitive tests with choice-reaching
measures, the complex interaction of motivation, action and cognition can be examined by analyzing the movement of the
computer cursor pixel by pixel. Open source software and R library mousetrap help researchers to collect mouse-cursor
trajectory data easily. With continued interest and innovation, the mouse-cursor trajectory method is likely to become a
standard procedure for psychological tests, especially for the study investigating individual differences underlying cognitive, affective, and perceptual processing (Xiao & Yamauchi, 2014; Yamauchi et al., 2015; Yamauchi & Xiao 2017;
Leontyev, Sun, Wolfe, & Yamauchi, 2018).
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English speakers gesture laterally for time regardless of the input modality
De Fu Yap
University of Chicago, chicago, Illinois, United States

Daniel Casasanto
Cornell University, Ithaca, New York, United States
Abstract
Spontaneous gestures suggest that English speakers tend to conceptualize time on the lateral (left-right) axis, even though
they use sagittal (front-back) space-time metaphors in language. Here we tested a skeptical explanation for this counterintuitive finding: Perhaps participants in previous gesture studies were biased to spatialize time laterally because the stimuli
were presented in left-to-right text? We randomly assigned English speakers to read stories about the past and future,
or to listen to the same stories, and then to retell the stories to their partners. Regardless of the presentation modality,
participants made systematic use of the lateral axis but not the sagittal axis, contrary to predictions based on linguistic
metaphors. English speakers preferential use of the lateral axis for time cannot be explained by exposure to written text
in the experimental setting, but may result from long-term exposure to English orthography, among other cultural artifacts
and practices that spatialize time laterally.

2991

Source Retrieval Cues Facilitate Transfer in Fraction Learning
Shuyuan Yu
the Ohio State University, Columbus, Ohio, United States

John Opfer
The Ohio State University, Columbus, Ohio, United States
Abstract
Analogies to familiar numbers can help children project the magnitudes of numbers they rarely (if ever) encounter. Unfortunately, children may require source retrieval cues to revive their inert knowledge. Here we investigated effects of
these cues in the context of estimating the location of fractions on number lines. During training, thirty-nine 10-year-olds
learned to map the location of integers and fractions on equivalent number lines (e.g., 3:8::3/8:1), and at post-test were
given the same fraction number-line problems either with (Cue group) or without (No Cue group) a cue to remember the
location of integers. Accuracy of estimates increased from pretest to training for both groups. However, children who received source retrieval cues during post-test improved their accuracy more than children in the No Cue group. Our results
provide further evidence thateven when sources and targets have been successfully mappedfailures of source retrieval can
prevent analogical inference.

2992

Can violation of conversational behavior maintain a sense of unity in informal
situations? - A study on perception of conversational behavior using interactive
robots/agents Masahide Yuasa
Shonan Institute of Technology, Fujisawa, Japan
Abstract
It is thought that, in conversation, we generally act and judge whether participants’ conversational behaviors are appropriate at that time; that is, we avoid interruption of talk in formal situations. However, which behaviors are appropriate in
what kinds of situations has been not studied well. Therefore, in this study, we focus on the violation of turn-taking rules
(i.e., overlap or interruption) and investigate which behaviors are appropriate in each situation through an experiment using
interactive robots/agents that can regulate conversational behaviors. The results showed that violation in formal situations
significantly lowered the sense of unity, but, on the other hand, the sense of unity in informal situations showed no significant difference between contexts of violation and obeying of rules. Thus, the violation of conversational behaviors in an
informal situation may maintain a sense of unity and this may contribute to revealing the mechanism behind perception of
conversational behaviors.

2993

Automatic Extraction of Aggression Speech Patterns in the THREAT-corpus
Vera Zabotkina
Russian State University for the Humanities, Moscow, Russian Federation

Boris M. Velichkovsky
Kurchatov Institute, Moscow, Russian Federation

ELENA POZDNYAKOVA
Russian State Univercity for the Humanities, Moscow, Russian Federation

Dmitry Orlov
Russian State Univercity for the Humanities, Moscow, Russian Federation

Artemy Kotov
Kurchatov Institute, Moscow, Russian Federation
Abstract
Aggression speech patterns (ASP) strongly influence modern culture and ideology, they are regular source domain for
conceptual metaphors. The study was based on THREAT-corpus (Russian language, 5 mln words) which was constructed
to study ASP and contains fiction, non-fiction, news texts. The aim of the study is to investigate non-metaphoric and
metaphoric ASP in Russian. A semantic parser was designed to automatically process texts and construct conceptual
representations: They killed all the enemies (non-metaphoric)/He killed the time (metaphoric) [Ag-CAUSE HARMPat]. After extracting conceptual representations the parser evaluates them as aggressive or non-aggressive. An example
Mechanical toys pushed forward the imagination of scientists is evaluated as aggressive. Although this evaluation is falsepositive, it reveals the conceptual metaphor where mental causation is described as voluntary action. This set of methods
makes possible to collect, detect and describe ASP in diverse types of discourse and, consequently, to analyze the cognitive
nature of aggression.

2994

The Roles of Gesture and Statistical Cues on Infants’ Word Learning in Shared
Storybook Reading
Yayun Zhang
Indiana University, Bloomington, Indiana, United States

Chen Yu
Indiana University, Bloomington, Bloomington, Indiana, United States
Abstract
Children rapidly learn the word-object mappings even though they are facing the challenge of referential uncertainty
(Quine,1960). When parents read books to their infants, how do infants learn to associate the words with multiple objects
on the page. Using data from parent-child book reading interactions, we analyzed moment-by-moment eye movement data
to examine the role of gesture and statistical cues on word learning. Specifically, we investigated 1) whether parent’s and
child’s gestures could direct the child’s attention to the object named by the parent during naturalistic storybook reading; 2)
given that parents repeatedly name objects, how statistical information across multiple instances could provide converging
evidence of the correct word-object mapping? Using data jointly created by parents and children in everyday book reading
context, we demonstrated that both gesture cues and statistical information across multiple instances could dramatically
reduce referential ambiguity and provide converging evidence of the correct word-object mappings.
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